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Kurzfassung

In der natiirlichen Sprache (NL) werden Quantoren oft benutzt um Sachverhalte, wie
zum Beispiel “Viele Leute moégen Fussball” und “Ungefahr die Hélfte der Menschheit
ist weiblich”, darzustellen. Die Ausdriicke viele und wenige bedeuten, dass eine gewisse
Menge relativ gesehen grof3, beziehungsweise klein ist. Die Semantik dieser zwei Quantoren
ist nicht endgiiltig festgelegt, sondern hingt insbesondere von Kontextinformationen
ab. In dhnlicher Weise verhalten sich Quantoren wie ungefihr die Hdlfte und fast alle,
insofern als dass die Toleranzen die, beziiglich entsprechender Statements, akzeptabel
sind, von Situation zu Situation verschieden sein kénnen.

Fuzzy Logik wird oft herangezogen um solche NL Ausdriicke zu modellieren, insbesondere
zeitgenossische t-norm basierte Mathematische Fuzzy Logik (MFL). Hintikka hat die
klassische Logik (CL), und Giles hat die Lukasiewicz Logik, eine MFL, spiel semantisch
ausgedriickt. Die Gemeinsamkeit ist dabei ein Zweispieler-Nullsummenspiel mit perfekter
Information, wobei die zwei Spieler strategisch vorgehen. Fermiiller und Roschger haben
Giles’s Spiel um einen dritten nicht-strategischen Spieler erweitert und damit eingefiihrt
was wir das Zufallszeugenauswahlprinzip nennen.

Dieses eben genannte Prinzip erlaubt es uns zwei weiter MFLen, G6del und Produkt
Logik, spiel semantisch auszudriicken. Das erreichen wir mittels propositionaler Quantoren,
welche es uns ermoglichen den Delta-Operator zu modellieren, welcher im Wesentlichen ein
Projektionsoperator ist, der unstetige Wahrheitsfunktionen hervorruft. Diesen benétigen
wir um die Gédel Implikation in Giles’s System auszudriicken. Dariiber hinaus modellieren
wir die Multiplikation und Division von Wahrheitsfunktionen mittels dem propositionalen
Quantor der auf dem Zufallszeugenauswahlprinzip basiert, dem Delta-Operator und dem
propositionalen Existenzquantor. Das ermoglicht es uns die Konnektive der Produkt
Logik zu definieren. Auf diesen Resultaten aufbauend, zeigen wir wie man alle MFLen
die auf endlichen Darstellungen basieren in unserem System definieren kann.
Aufbauend auf der erweiterten Ausdrucksstéirke, modellieren wir zusétzlich eine Vielzahl
von NL Quantoren in unserem System. Dieses Unterfangen betreiben wir schrittweise, so
dass die ordentliche Interpretierbarkeit von entsprechenden Aussagen garantiert bleibt.
Zunachst modellieren wir semi-fuzzy Quantoren, das sind diejenigen die nur klassische
Argumente annehmen, das heifit Pradikate die entweder (vollstiandig) wahr oder falsch
sind. Diese werden dann in systematischer Art und Weise mittels Quantifier Fuzzification
Mechanisms (QFMs) zu fully-fuzzy Quantoren erweitert.

Als abschliefenden Beitrag dieser Arbeit definieren und testen (mittels Implementierung)

X1



wir eine Abfragesprache die Quantoren basierend auf dem Zufallszeugenauswahlprinzip
beinhaltet. Die Resultate zeigen, dass probabilistische Auswertungen nicht nur geeignet
sind fir Modelle vager NL Quantoren, sondern auch die Auswertungsdauer von groflen
Datenmengen verringern kénnen.



Abstract

In natural language (NL), quantifiers are often used to make statements about states
of affairs, like “Many people like football”, and “About half the people are female”. In
particular, many and few express that some set of objects is relatively big, or small
respectively. The semantics of those two quantifiers is not fixed once and for all, but
rather depends on contextual information. Likewise, quantifiers like about half and
almost all show a comparable behavior, as the tolerance margins that make corresponding
statements acceptable can change from one situation to another.

Fuzzy logic is often used to model such NL constructs, in particular contemporary t-norm
based mathematical fuzzy logics (MFLs). Hintikka expressed Classical Logic (CL) game
semantically, and Giles expressed Lukasiewicz logic (L), a MFL, game semantically. The
shared underpinning is a two player zero sum game of perfect information, where the
two players act strategically. Fermiiller and Roschger have augmented Giles’s game by a
third non-strategic player, thereby introducing what we call the random witness selection
principle into the framework.

The latter principle allows us to also express two other MFLs, Goédel logic and Product
logic, game semantically. We achieve this by allowing for propositional quantification,
which enables us to model the Delta operator, which is basically a projection operator,
evoking discontinuous truth functions. This is needed to express Goédel implication in
Giles’s framework. Moreover, the propositional quantifier based on the random witness
selection principle, together with the Delta operator and the existential propositional
quantifier, allows us to model multiplication and division of truth functions, which we
need to define the connectives of Product logic. Building on this result, we show how to
define all MFLs that are finitely representable in our framework.

Furthermore, the gained expressibility is used to model a variety of NL quantifiers within
the framework. This pursuit is conducted in a step-by-step manner, that guarantees neat
interpretability of statements. First, we model semi-fuzzy quantifiers, i.e. quantifiers
that can only take classical arguments, i.e. predicates that evaluate to either (definitely)
true or false. Then we lift those to fully-fuzzy quantifiers in a systematic and principle
guided way, by means of quantifier fuzzification mechanisms (QFMs).

As a final contribution of this thesis, we define and test, by means of an implementation,
a full-fledged query language, featuring quantifiers based on the random witness selection
principle. The results show that probabilistic evaluations not only are suitable to model
vagueness in NL, but also increase efficiency in presence of large amounts of data.
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“Bildung ist die Fahigkeit, die verborgenen Zusammenhange
zwischen den Phidnomenen wahrzunehmen.”

Vaclav Havel
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CHAPTER

Introduction

Games for logics can help to motivate the semantics of connectives and quantifiers.
Hintikka characterized Classical Logic (CL) as a two player zero-sum game with perfect
information [Hin73], which is perhaps the best known example, of a game based interpre-
tation of logics. He achieved this by only adhering to two strategic players and a notion
of role switch. However, it is well known, that in CL one cannot express relative (or
proportional) quantifiers, like e.g. “at least half”, which nevertheless appear frequently in
Natural Language (NL). Another feature not present in CL is intermediate truth values,
which are standard in contemporary t-norm based Mathematical Fuzzy Logic (MFL)
[CHNTI]. Giles’s game for Lukasiewicz logic [Gil74, [Gil77], which also is a two player
zero-sum game with perfect information, gives a game semantic representation of the only
MFL that features continuous truth functions for all connectives and quantifiers, and can
hence be considered singular. While Giles’s game does not feature role switches anymore,
it can still be understood as strictly more expressive than the Hintikka game. However,
although FLukasiewicz logic can handle intermediate truth values, and comparisons thereof
by virtue of the implication rule, it does not encompass relative quantifiers, neither does
it allow for expressing intensional, i.e. context dependent, quantifiers, like “many” and
“few”, which are also used a lot in NL. Expressing such quantifiers formally, as well
as finding adequate semantics, remains an open challenge, to which we contribute by
building on a randomized version of Giles’s game, introduced by Fermiiller and Roschger
[FR12, [FR14]. Such a game adds a third non-strategic player to the setting, referred to
as Nature. We will call this feature random witness selection principle. The framework
resulting from this principle will be used to derive the main contributions of this thesis,
namely:

(C1) definability!| of (continuous) t-norm based MFLs that are finitely representable,

1One may also speak of term-definability, see Remark (8
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(C2) modeling of a great number of NL quantifiers, and

(C3) a probabilistic query language for practical application.

1.1 Logic, NL quantifiers, and vagueness

The aim of this thesis is to model certain NL expressions, using formal languages, within
a coherent logical framework. While establishing the setting amounts to a technical
challenge, finding adequate semantics for such expressions is of more conceptual nature,
especially when the expressions are inherently vague.

We are predominately concerned with quantification in NL, rather than with other NL
expressions, like adjectives, adverbs and nouns, expressing properties?. Nevertheless,
we will point out connections and similarities where suitable, e.g. in Section [1.3| below.
The binding aspect of our investigations is vagueness, or uncertainty, i.e. quantifiers (or
predicates) that do not have a clear and indisputable semantics. To clarify that, let
us look at some explanatory NL sentences. Consider first the utterance “All men are
mortal”. We assume there is no issue in accepting it as a true statement. Dismantled, we
have a quantifier “for all” (V), and two predicates, “being human” and “being mortal”.
Also, here we assume there is a (finite) domain of discourse (D), which at least contains
all humans. Moreover, we assume the meaning of “for all” needs no explanation, while
it seems important to elaborate on the fact, that we furthermore assume that for any
object in D?, there is a clear, or crisp, answer as to the question whether it is a human or
not, meaning that there are no borderline cases. The same should hold for the property
“being mortal”, one either (fully) is or (fully) is not mortal. We will sometimes call this
characteristic bivalency. More formally one speaks about classical predicates, those that,
upon evaluation with respect to some object from the domain, have exactly one of two
different truth values, which are 0 for false and 1 for true. The same applies to the level
of quantification, as long as we consider quantifiers that are as simple to conceptualize
as “for all” (applied to classical predicates). But, there are other quantifiers in NL,
like e.g. “almost all”, for which it can make sense to consider truth functions that are
not bivalent. One aspect of this is that, one finds that not everybody agrees upon the
meaning of a statement like “Almost all US citizens speak English”. Also, even the same
person that, on one side, agrees with the utterance, can still claim that, on the other side,
there are “Many US citizens who do not speak English”. If one, like Peterson [Pet00)],
proclaims a semantics of “many” that is equivalent with “majority”, this would not even
be possible, as long as one agrees that “almost all” implies “majority”. This entails that
there are different readings of quantifying expression, each of which corresponds to a
certain truth function. The overlapping of more than one (crisp) truth function can be
modeled by truth functions that take on values within the real unit interval. In Chapter

2The simple reason for this is that, the project that funded the research of this thesis - MOVAQ,
Modeling Vague Quantifiers in Mathematical Fuzzy Logic — did not encompass predicates.

3Throughout this thesis, we will always identify constants from a domain D, and the respective
objects that the constants refer to. The set of objects is also called D.
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4, we introduce quantifier models [M3], which are based on the this idea, which is inspired
by Lawry’s voting semantics [Law98|, supervaluationistic models [Fin75|, [FKO0G, [Smi0g],
and Vetterlein’s work on granularity levels [Vet11].

In our NL oriented account of fuzziness, intermediate truth values are not meant to reflect
any sort of inherent fuzziness in the world, but rather serve to increase the robustness of
evaluations of statements. One particularly persuasive example is the following. Think
of a library with exactly 1.000.103 books in stock. Let us further assume that exactly
500.000 of them are written in English, while the others are all written in Czech. Now, on
a guided tour through the library someone asks “How many of the books you have here
are actually written in Czech?”, to which the guide replies “Half of them”. Is he wrong?
Yes, logically speaking 500.103 is the half of 1.000.103 as much as +5 is the square root
—1, namely simply not at all. But do we want his statement to be rendered wrong? Not
really, as it is very close to being right. Which leaves us with two options. We could
allow the guide to amend his answer to “About half of them”, assuming the deviation of
less than 0.1% is acceptable for the people who take the tour, which would make the
guide’s statement fully true, or, we assume there is a truth function for the quantifier
“Half”, that continuously goes down from 1 to 0, as the proportion of witnesses recedes
from the value %, which would, depending on the particular model taken, most likely still
lead to a truth value very close to 1. Similarly, having a set of objects in the background,
all but one of which have a certain crisp property A, we would like a statement of the
form “Almost all objects have the property A” to be true, while the truth value should
approach 0 monotonically and continuously, as the number of objects fulfilling property
A decreases. The idea to relate vagueness and closeness has been discussed at length by
Smith [Smi08].

1.2 Witness selection principles

Let us take a look at the game semantic selection principles. The existential quantifier
“there is” (3) is modeled as counting quantifier, i.e. existentially quantified formulas are
true in a given model if there is at least one witness in the model that makes the formula
true. As an example, we consider the statement “There is a country that has more than
one capital”. The meaning of “country” and “having more than one capital” is supposed to
be crisp again, as the one of the quantifier “there is”. To verify the statement, it suffices if
the proponent finds a single witnessing country that has more than one capital, and if she
can name one, e.g. Chile, she succeeded. Similarly, the universal quantifier “for all” can
be explained as based on a game involving witness selection as well. Assume someone, let
us call him Bob, asserts “All countries have more than one capital”. Then, an opponent,
let us call her Mary, can disprove the claim by simply pointing to any country that does
not have this property, e.g. France. This persuasive connection of proving statements and
(strategic) witness selection can be applied to model many different logics, in particular
Classical Logic [Hin73|, but also the more expressive Lukasiewicz logic [Gil74]. While the
latter is a fuzzy logic, hence statements can have intermediate truth values within the
real unit interval, we can not directly refer to the proportion of witnesses for a certain
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property. This remaining lack of expressibility can be countered by introducing what we
call random witness selection principle. This will come along as a new, non-strategic,
actor, or player, in the game of proving statements. Non-strategic, here, means without
reason (or without vested interest), hence any witness is selected with equal probability,
which in turn means we introduce a uniform probability distribution into our logical
framework. Consider “You can come by at any time”, uttered by someone, let us say Bob,
to someone else, let us say Mary. This can be read as “Pick a random time to come by,
and I'll be there”. In the model we describe, this statement is only fully true if all time
instances to visit Bob can completely (uniformly) randomly be chosen and all of them
will work, i.e. Bob will be there. One the other hand, if Bob actually only is available
half of the time, there is still a certain probability, namely %, that the randomly chosen
time instance works, which we will model in a way that allows us to say, that the overall
truth value of Bob’s statement has decreased to % Consequently, Bob’s statement will
not be entirely wrong as long as there is at least one time instance that would work for
Mary to come visit him, although almost, as the probability for Mary to catch it is then
conceivably small. Hence, at least in a certain way, the new quantifier (II), based on the
random witness selection principle, represents the natural language expression “any”.

1.3 Vagueness and properties

The constituting feature of fuzzy logics is that statements can have intermediate truth
values, different from 0 and 1. This is often considered to be controversial in itself.
However, there are convincing examples that may serve to justify this characteristic. Let
us think for example of a pair of socks, which is gray. We assume two predicate symbols
to be present in our language, “black” and “white”. If they are crisp, or classical, i.e.
each sock must be either fully black or fully white to fulfill the respective property, the
pair leads to a negative evaluation regarding both of these predicates. Alternatively, we
can interpret the predicates as fuzzy, i.e. they can take on intermediate truth values. In
that case, dependent on the actual shade of gray the socks have, both predicates can be
partly true or even have the same truth value. The latter is the case when both truth
values are %, which means the socks are neither fully white nor black, but they are white
as much as they are black.

Another way to think about vague properties, such as “tall” or “rich”, is the following.
People have reasons for stating vague propositions, although not everybody is always
aware of their own. That is to say that there are always crisp background evaluation
criteria attached to vague propositions, such as “Donald is rich”, or “John is tall”. It can
be as easy as just one other crisp predicate that justifies a statement, like the former,
involving the property rich. For example, people may accept Donald as a rich person,
because he has more than one million dollars, or because he is richer than everybody
they know. Also, for judging someone to be tall, the reason may be that he or she who
utters the statement predominantly socializes with shorter people than John, or lives
in a society with mostly shorter people. While these are very simple accounts, crisp
background criteria can also be arranged more complicatedly. A statement like “John is
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a football fan” could be acceptable for someone because John fulfills a number of criteria
from a fixed list of such, not even necessarily a determined number. It can also be a
vague statement again, like “At least about half of the criteria from the fixed list of
(crisp) criteria are (fully) fulfilled”. In particular, the truth value of such a statement
can be modeled in a way that allows for intermediate truth values, which then is in
full accordance with the idea of vague predicates. Also, different truth functions, that
correspond to a certain predicate, can be overlapped again, in the sense that the global
truth function is obtained by overlapping several local ones, each of which corresponds
to a certain reading or interpretation by some agent. This perspective will be fully
expressible in what we will describe and develop in this thesis, it simply needs to be
formalized and we are done.

1.4 Thesis structure

This thesis is structured in the following way. In Chapter 2, we will introduce all the
necessary terminology and background material, like the Hintikka game for CL [Hin73],
Giles’s game for Lukasiewicz logic [Gil74], and extensions thereof that already feature
the random witness selection principle [FR14, [Fer14]. In Chapter 3, we prove the main
technical result of the thesis, namely the definability of Gédel logic and Product logic
[CHN11] within an extension of Giles’s game with the random witness selection principle.
We will call the corresponding logic, which particularly features also propositional
quantifiers, L, (IT). We show that, as a consequence of the definability results, also all
fuzzy logics, that are based on a finite ordinal sum of the three basic t-norm based fuzzy
logics (Godel, Product and Lukasiewicz), are definable within L, (II). Chapter 4 develops
a large number of quantifier models in a principled manner, starting from the easiest
cases of counting quantifiers, and ending with a full account of the intensional quantifiers
“many” and “few”, while predicates, i.e. arguments to quantifiers, are always assumed
to be crisp. Such quantifiers are called semi-fuzzy. Chapter 5 deals with the lifting of
semi-fuzzy quantifiers to fully-fuzzy ones, i.e. those that can take also fuzzy arguments.
This is accomplished by means of so called quantifier fuzzification mechanisms (QFMs),
which comply with certain criteria, that we introduce, discuss and evaluate regarding
their adequateness. Eventually, in Chapter 6, we introduce a full blown query language
that can deal with probabilistic quantifier models based on the random witness selection
principle, and test it on real life data. Chapter 7 provides the reader with a summary of
the presented material and an outlook to future work.

1.4.1 Publications related to this thesis

Much of the original material of this thesis builds upon the author’s conference and
journal contributions, and roughly relates to the chapter structure as follows:

e Chapter 3: [Hof1§]
e Chapter 4: [Hof15, [Hof16bl Hof16al, [FH17]
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e Chapter 5: [BFH1S]
e Chapter 6: [FHO17]

However, some of the chapters, especially Chapter 4, contain also material that has not
been published beforehand.



CHAPTER

From Hintikka’s game to the
RG-game

In this and the following two chapters we are going to introduce a variety of logics. Some
are well established already, e.g. Classical Logic, of which we assume the reader to
be familiar with. Other logics will most likely be completely new to the reader, as for
example the logic which will be denoted by L., (II). However, all of those follow the same
pattern. Firstly, all have an underpinning language. By introducing the language, we
will also give the syntactic formation rules for each logic. Then, a truth truth functional
semantics will be specified for each logic, based on which we will define what it means
for a formula to be valid within the formalism. The results of this thesis are concerned
with characterizing our logics with a different semantics than the truth functional one,
namely via game semantics, and hence we spare the notion of derivability.

We start by revisiting Hintikka’s game for classical logic and continue to extend it step by
step to the RG-game, which, as an extension of Giles’s game, corresponds to a randomized
extension of Yukasiewicz logic. The complementary presentation of game semantics and
truth functional semantics is supposed to help in understanding and motivating the
nature of the logics itself. Game rules justify truth functions of respective connectives
and quantifiers in a tangible manner, instead of just stating them in an ad hoc fashion,
where the correspondence of both is the key feature of the presented perspective.

2.1 Hintikka game

Maybe the most fundamental, but certainly the best known game is Hintikka’s charac-
terization of truth in a model for classical first order sentences' [Hin73]. The setting is

LA sentence is a formula without free variables.
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a zero sum game of perfect information with two strategic players, I and You?, one in
the role of the proponent P and the respective other in the role of the opponent O, who
stepwise reduce a given formula to one of its immediate subformulas, until an atomic
formula is reached. If the outermost connective (or quantifier) is A (or V), O may decide
which conjunct (or instance of the quantified formula) the game continues with. Likewise,
if the outermost connective (or quantifier) is V (or 3), P may decide which disjunct (or
instance of the quantified formula) the game continues with.

If a player has asserted a negated formula —F, the game continues with her giving up
responsibility for the claim, while the other player has to assert the formula F' in return.
One can think of it as a role switch of players, while removing the negation in front of a
formula. When an atomic formula is reached, the player in the role of P wins, if it is
true in the given model, otherwise she loses. This procedure we call H-game. We will
now give a more formal characterization of this game.

The two players, called I (Myself) and You, can both act either as proponent P or as
opponent O with respect to a formula F' built up from atoms, using the binary connectives
A, V, as well as the unary connective — and the quantifiers V, 3. Initially, I act as P and
You act as O. My initial aim — or, more generally, P’s aim at any state of the game —
is to show that the present formula is true in a given (classical) interpretation M, which
consists of a finite domain D, a variable assignment & that assigns elements of the
domain to all free object variables, and a signature interpretation ® that assigns relations
R:D" — {0,1} to n-ary predicate symbols R?. The values represent payoffs, where
payoff 0 is associated to falsehood and payoff 1 to truth. Also, ® assigns domain elements
to constant symbols. For simplicity, we will assume that there is a unique constant*
for every element of the domain D of M. The following rules refer to the outermost
connective or quantifier of the current formula.

R: If the current formula is F A G, then O chooses whether the game continues with
either F' or G.

RI If the current formula is F'V G, then P chooses whether the game continues with
either F' or G.

RM: If the current formula is —=F, the game continues with F', and the roles of the players
are switched: the player who is currently acting as P, acts as O at the next state,
and vice versa for the current O.

RI: If the current formula is VaF(x), then O chooses a constant ¢ € D and the game
continues with F'(c).

2Hintikka uses Nature and Myself as names for the players and Verifier and Falsifier for the two
roles, while our terminology follows the handbook article in [CENI5].

3Note that we often call such predicates crisp.

4The set of constants, representing objects from the domain D, will be called D again.
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RE: If the current formula is 3z F(z), then P chooses a constant ¢ € D and the game
continues with F'(c).

Except® for R*, the players’ roles remain unchanged. The game ends when the current
formula is atomic. The player who is acting as P at the final state wins and the other
player (acting as O) loses, if this atomic formula is true in M. We associate payoff 1
with winning and payoff 0 with losing. We also include the falsity constant 1 among the
atomic formulas, signifying definite payoff 0. The game starting with formula F' is called
the H-game for F under M.

The truth functional semantics of classical logic extends any given assignment of truth
values in {0, 1} to atomic formulas as follows:

o U (FAG)=min(vpm(F),vm(G))
o v (FVG)=max(vpm(F),vm(Q))
e op(~F) = 1= vy (F)

o upm(Ll) =

At the first order level, we may define the semantics of the universal and the existential
quantifier as follows, where we identify the elements of the domain D with constants:

o v (Vo F (z)) = mineep(vm(F(c)))

e v(3F (7)) = maxeep(vm(F(c)))

The following definition presents the notion of logical consequence and in particular the
set of tautologies in classical logic, i.e. its valid formulas.

Definition 1 In classical logic, a formula F' is called a logical consequence of a set of
formulas T, written T' = F, if for every evaluation vy we have:

If um(G) =1 for all G € T, then also vapm(F) = 1.

In particular, a formula F is called valid if for all evaluations vy we have vy (F) = 1.
We denote that circumstance by =g F'.

The following theorem explains the fundamental relation between Hintikka’s game
semantics and the truth functional semantics of classical logic.

®Note the decoration of the upper index of the R preceding the rules, which indicates the setting
they relate to.
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Theorem 1 [Hin73] A formula F is true in a (classical) interpretation M (also written
as v (F) =1) iff T have a winning strategy in the H-game for F under M.

Note that there is no explicit implication rule. However, one can define the implication
F — G of two formulas F' and G as —=F V G, which corresponds to the implication of
classical logic.

2.2 Game for Kleene-Zadeh logic

As explained in [FR14], we can go from classical to fuzzy interpretations, or Kleene-
Zadeh interpretations, by letting the signature interpretation assign fuzzy relations
R: D" — [0,1] to n-ary predicate symbols R, generalizing payoffs from {0, 1} to [0, 1].
At the propositional level, Hintikka’s result then directly generalizes to Kleene-Zadeh
logic, which extends any given assignment of values in [0, 1] to atomic formulas, as before,
as:

e v(FAG) =min(opm(F), vm(G))
e vm(FVG) = max(vm(F), vm(G))
o uAi(~F) = 1 — vag(F)

e upm(L)=0

At the first order level, we may define the semantics of the universal and the existential
quantifier as follows, where we again identify the elements of the domain D with constants:

o v (VoF (z)) = infeep(vm(F(c)))

o up(FxF(x)) = supeep(vm(F(c)))

The game rules remain unchanged. As we restrict our attention to finite domains we may
assume that there are witnessing constants for all suprema and infima.

Definition 2 w is called the value of the game for player X, if X has a strategy that
guarantees a payoff of at least w for X, while the opponent player has a strategy that
ensures that X’s payoff is at most w.

The upcoming definition determines the notion of logical consequence and in particular
the set of tautologies in Kleene-Zadeh logic, i.e. its valid formulas.
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Definition 3 In Kleene-Zadeh logic, a formula F is called a logical consequence of a set
of formulas T, written T =17 F, if for every evaluation vaq we have:

If vm(G) =1 for all G € T, then also v (F) = 1.

In particular, a formula F is called valid if for all evaluations vy we have vy (F) = 1.
We denote that circumstance by Exiz F.

Interestingly, the notion of validity for Kleene-Zadeh logic only leads to a (non-empty)
set of tautologies if we, as we do, allow for having | explicitly, for otherwise there are no
valid formulas at all [CFN15].

Theorem 2 [FR1j] A formula F evaluates to va(F') = w in a Kleene-Zadeh-interpretation

M iff the H-game for F with payoffs matching M has value w for Myself.

Remark 1 As it will often make sense to distinguish bivalent formulas from fuzzy
formulas, i.e. such that can take only one of two definite truth values, 0 or 1, and those
that can take arbitrary truth values within the real unit interval, we will use the notation
F for the first, and F for the latter. The hat on a formula hence tells us that the formula
is supposed to be strictly crisp or classical.

Remark 2 In the introduction, we already used a terminology that referred to the game
semantic selection principles as witness selection. In the remainder of this thesis, we
will sometimes use the terms positive witness and negative witness, with respect to a
quantified crisp formula F. Then, the term witness means a constant referring to an
object from the domain that is substituted into F for the variable in the scope of the
quantifier. If it makes F true, we call it a positive witness and if it makes F false, we
call it a negative witness.

2.3 Giles game

Giles’s game for Lukasiewicz logic [FR14| [Gil74], also is, like Hintikka’s game, a zero
sum game of perfect information, which describes the stepwise reduction of complex
logical assertions into atomic ones in a rule guided dialogue between two players. The
players’ payoff at a final state of the game is specified in terms of the total expected loss
of money if each player bets on the success of dispersive experiments corresponding to
atomic formulas [Gil82]. ‘Dispersive’ means that the (yes/no) results may differ upon
repetition; but a fixed failure probability is associated with each experiment, which is
conceptualized as the risk of the atomic assertion. In this manner Giles succeeded in
deriving the truth functions of the logical connectives of Lukasiewicz logic, or simply
., from first principles about reasoning, rather than just imposing them in an ad hoc
fashion |Gil74]. The formal structure of the game is the following.

11
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Giles’s game (G-game) shares some central ideas with the H-game, but features not only
a more complex evaluation of final game states, but also a considerably more complex
notion of game states in principal. Whereas a state of an H-game is fully determined
by a single formula and the current distribution of roles (O/P) between the two players
(You, I), a state of the G-game is always of the following form:

[Fyy oo By | Gy ooy G (2.1)

where the F's are the asserted formulas of the player You and the G's are the asserted
formulas of the player I. Independently, [F1, ..., F},] is the tenet of the player You, and
[G1,...,Gp] is the tenet of the player I. Both of the tenets contain multisets of formulas,
i.e. formulas can occur more than once in each tenet. Role switches never take place,
i.e. I always is the proponent of the formulas of her tenet and the opponent of those in
the tenet of You, and vice versa for You. By applying the rules of the game a state gets
decomposed into a final state where only atomic formulas remain. This means that any
of the compound formulas, upon decomposition, is removed from its tenet and the rules
determine what they are replaced with. Final states of the game are of the following
form:

[Aly"wATL/ | Bl,"'aB’m’] (22)

where the A’s are atoms that are asserted by the player You, and the B’s are those atoms
that are asserted by the player I

Formally, one needs a notion of a regulation [FM09] to make the procedure a game.
Following [FM09], such regulations are functions that map any non-final game state into
one of the two labels Y and I. The first one signifies that the player You is the next one
to initiate a state transition and the latter signifies that the player I is up to do so. A
regulation is called consistent if any state labeled with a Y features a compound formula
that the player You can choose as a next one to be decomposed, i.e. there is a compound
formula in the tenet of the player I. Vice versa, any state labeled with an I features a
compound formula that the player I can choose as a next one to be decomposed, i.e. there
is a compound formula in the tenet of the player You. In that sense, one may speak of
an intermediary state which connects two states. When transitioning from a state S into
a state S’, the intermediary state is the state S with one particular non-atomic formula
being singled out as the next one to be decomposed. Then, a game form G([I'|Q], p),
where I'" and ) are multisets of formulas and p is a consistent regulation, is a tree with
[['|?] being the root and all possible final states constitute the set of leafs. An actual
game is a game form together with a risk value assignment for atomic formulas, which
will be introduced now.

To each atomic formula A of the signature of the language, we associate a dispersive
binary experiment E4. Here, binary means that the result always is either 0, i.e. the
experiment failed, or 1, i.e. the experiment succeeded, indicating whether A is false or
true in this run of the game. The players have to pay 1€ to the respective other player
for each atom in their tenet for which the experiment fails.
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To each experiment we associate a failure probability 7(E 4). For example, for the falsum
symbol® | we assume there is an experiment that always fails, i.e. 7(E,) = 1. These
failure probabilities are what we also call risks of atomic assertions. In symbols, the
risk of an atom A is (A), hence (A) = m(EF4). In this sense we talk about expected
losses (or risks) and expected gains (or payoffs) of assertions, and in particular of a
game with randomized payoff. The relation between risk an payoff is that the risk of
player [ is the payoff of player You, and the payoff of player I is the risk of player
You. We thereby guarantee that the game actually is a zero-sum game. A risk value
assignment (-) assigns values in [0, 1] to all atoms of the signature of the language. We
say a risk value assignment matches an interpretation M is for all atoms A we have that
vpm(A) =1— (A).

When the final state of a G-game has been reached, the expected risk, from the perspective
of the player I, of a game is computed as:

(A1, ..., Ay | Bi,y ooy Bpy) = Z (B;) — Z (Ai) (2.3)

1<i<m/ 1<i<n/

A branch of the game tree is sometimes referred to as individual run of the game. To
clarify the structure of the game, let us look at the following example.

Example 1 Let A, B be two atoms. We consider the state [A, A|B]. This game state
already is final, where the player You has asserted two copies of the atom A and the player
I has asserted the atom B once. Let us assume (1) that m(E4) = 0.1 and 7(Ep) = 0.4,
i.e. the failure probability of the experiments associated to the atoms A, B is 0.1 and 0.4
respectively. This then entails that the expected loss of money from the perspective of
the player 1 is 0.2€, because (A, A | B) = 0.2. If on the other hand (2) the risks of both
atoms are equally 0.4, i.e. (A) = (B) = 0.4, we get (A, A| B) = —0.4, which means the
player 1 may except an average gain of 0.4€, which is associated to a payoff of 0.4.

Definition 4 A game with randomized payoff is r-valued for player X, if for every e > 0,
X has a strategy that guarantees that her expected loss is at most (r + €)€, while her
opponent has a strategy that ensures that her expected loss is at least (r — €)€. We call r
the risk for X in that game.

The reference to € > 0 can be spared (that means we can safely read the same definition
while just deleting “for every € > 0,”, as well as the two subsequent appearances of ¢),
unless one considers infinite domains. For infinite domains the problem arises, that, in
case of V and 1, there might be no witnesses for the suprema and infima, i.e. O potentially
gets into the situation where, whatever she chooses for ¢ € D, there always is a better
d € D with (F(c)) > (F(c)) (or for P with “<"). Later, from Section 3.2 on, when we

5The falsum symbol L is now part of the language.

13
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introduce the N'RG-game, we will employ Definition 2 as it stands, for reasons to be
explained then.

The G-game rules for (weak) conjunction (A), disjunction (V), and for the universal and
existential quantifiers (V and 3) directly correspond to the rules R%, R¥, R} and RY.
However, since the terminology slightly changed regarding the H-game, we restate them
here to avoid ambiguities:

R%: If P asserts F' A G, then, if O attacks, O chooses whether P has to assert either F
or G.

Rg : If P asserts F'V G, then, if O attacks, P chooses whether P has to assert either F’
or G.

Rg: If P asserts Vo F'(z), then, if O attacks, O chooses a constant ¢ € D and P has to
assert F'(c).

Rg: If P asserts JzF'(z), then, if O attacks, P chooses a constant ¢ € D and P has to
assert F'(c).

The new game rules of the G-game are the following [Fer09, [FMO09]:
R%: If P asserts F' — G, then, if O attacks, O has to assert F', and P has to assert G.
Rg: If P asserts F&G, then, if O attacks, P must assert F' and G, or L instead.

By attacking a complex formula, O triggers a defense by P, according to the rules. By
this mechanism, complex formulas are decomposed into subformulas. The hedge “if O
attacks” refers to the so called principle of limited liability:

e On one side, this principle means it is not necessary that O attack every formula
asserted by P. Instead of attacking a formula, O can just grant it, in case it does
not carry any risk for P. This then entails that the formula just is removed from
P’s tenet. From the implication rule, we can see how this principle plays out.
Assume we have the state [| A — B], with A, B being atoms with risks (4) = 0.8
and (B) = 0.5. If O attacked the formula, the subsequent state would be [A | B],
which is a final state with risk (B) — (A4) = —0.3, i.e. P could expect a net payment
by O. To avoid this, O can just grant P this formula, to hedge her own loss. In
this case the formula simply is removed from P’s tenet, i.e. the subsequent state is
[|], with risk 0 for P, i.e. payoff 1, which in turn means the formula is true.
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e The other side of this principle states that P can hedge her loss with regard to
subsequently making assertions that have a risk greater than 1. Here, with the
strong conjunction rule, it is stated explicitly that P can assert | instead of both
F and G, in case their risks sum up to a number greater than 1. This principle
always remains in place throughout this thesis, although sometimes only implicitly
[CEN15].

Remark 3 The negation —=F of a formula F is defined as F' — 1.

Remark 4 As Definition /| insinuates, playing rationally means the following. Players
always try to minimize their risk that results from further assertions related to the
decomposition of formulas, and complementarily, they try to maximize their payoffs
throughout the game. Hence, a strategy for the player 1 of a game form G([T'|Q], p) is
a part of the corresponding tree of the game form, where for any state labeled with I
there is only one immediate successor node. A strategy is called winning for the player
I for a risk value assignment (-) if we have (Ay,...A,) > (B1,...,Bp) for any of the
leaf nodes [A1,...Ap|B1, ..., By]. Strategies (winning strategies) for the player You are
characterized by analogy.

The truth functional semantics of Fukasiewicz logic is given as follows:
om(L) =0

vMm(F A G) = min(vm (F), vm(G))

vMm(FV G) = max(vm(F), vm(G))

vm(VaF(z)) = infee pum (F(c))

vm(FzF(2)) = sup.ec pvam(F(c))

oam(F = G) = min(1, 1 — uag(F) + mg(G))

v (F&G) = max(0, upm (F) + vm (G) — 1)

The upcoming definition determines the notion of logical consequence and in particular
the set of tautologies in Y.ukasiewicz logic, i.e. its valid formulas.

Definition 5 In fukasiewicz logic, a formula F is called a logical consequence of a set
of formulas T, written T |=y, F, if for every evaluation vaq we have:

If um(G) =1 for all G € T, then also vy (F) = 1.

In particular, a formula F is called valid if for all evaluations vag we have vy (F) = 1.
We denote that circumstance by =y, F'.

15
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For this described G-game, one can give the following characterization of Lukasiewicz
logic:

Theorem 3 [Gil7}/,[FM0J] A L formula F is evaluated to vy (F) = w in a L-
interpretation M iff every G-game for F, i.e. a game starting in the state [|F], is
(1 —w)-valued for the player 1 under risk value assignment (-) matching M.

Although the proof has been presented already [FMO09], we show it here again to demon-
strate the mechanisms. In particular, we repeat the proof to prepare for related proofs
later in this thesis, which build upon this one. Hence, to remain self-contained, it seems
necessary to have the important terminology introduced.

Proof:

According to Definition 4, to determine the value of a game for the proponent player [
of a formula F', we have to compute the minimal final risk she can enforce, while her
opponent player You tries to maximize it. This corresponds to a game that is starting in
state [|F].

For every final state, i.e. states [A1,..., An|B1,..., By] where all A’s and B’s are atoms,
the player I wins if her expected loss (associated risk) (A1,...,An|B1,...,By) =
Yo (Bi) — > (A;) is smaller or equal zero, i.e. non-positive. The minimal final
risk that the player I can enforce in any state S by playing optimally can be calculated
by taking into consideration (1) the maximum over all risks associated with the successor
states of S that the player You can enforce by a move at S, and (2) the fact that I can
enforce the minimum over the risks of successor states that correspond to her possible
moves. Therefore, we will show that the notion of minimal risks for player I can be
extended from final states to arbitrary states [Q]Q] (€2, multisets of formulas), such
that the following conditions hold (I',I multisets of formulas). The left-hand side of
the equality symbols always shows the current state of the game, while the respective
formula not in I and I" is the one currently being singled out according to the consistent
regulation.

la: (T'|T/,G A HY = max((T | IV, G, (T | I, H))

(
%a: (0| IV,GV H) = min(("| IV, G), (T | I, H))
3a: (0| T',G — H) = max((T'| '), (I, G | I, H))
da: (0| T,G&H) = min((T | I, L), (D | ', G, H))
ba: (I'[T,V2G(2)) = supeep(I' | I, G(c))
6a: (| T7,32G(z)) = infep (T | I, G(c))

1b: (I,GAH |T') =min((T', G | T'), (T, H | T"))
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ob: (I,GV H | T') = max((T, G | I'), (T, H | T"))

3b: (1,G — H | T') = min((T' | T}, (T, H | I, GY)

5b:

{
{
4b: (0,G&H | T') = max((T, L | I'),(I,G, H | T"))
(0,V2G(z) | I") = infeep(T, G(c) | T)

{

6b: (I, 32G(x) | I') = sup,e p(T', Gle) | T)

It is now to be checked that (|) is well-defined and unique. Moreover, risk values and risk
assignments have to be connected with truth values and valuations.

Let us extend the semantics of L. formulas to multisets 2 of formulas as follows:

om(Q2) = >_Gen om(G)

Risk value assignments are placed in one to one correspondence with truth value assign-
ments via the mapping (A) = 1 — vaq(A), which then extends to:

(A1,..., An|B1,....,Bp) =n—m+opm([A1, ..., An]) —om([Bi, ..., By)).
Accordingly, we define the following function for arbitrary states:

(QQ) =[] — 9] + var(2) — var ().

Note that vp(F) = v ([F]) = 1 iff (|F) < 0.

We can now check all the conditions 1a, 10, ..., 6a, 6b, i.e. perform the induction step
regarding the induction over the complexity of states, i.e. the number of appearing
connectives and quantifiers, given the players play rationally:

Cases la, 1b (cases 2a, 2b work by analogy):

(C|T,GAH) ="+ 1 [T+ opm(D) — vp(I) —om(G A H) =
=TI +1-vm(GAH) =

= (I + 1 = min(o(G), om(H)) =

= (I[I") + max(l —om(G), 1 —vm(H)) =

= (TI)

= max((I" | I, ><F|F’ H))

(I,GANH |T) =" =T =14+ om(T) + o (GAH) — o (TV) =
=TI —-1+uvm(GAH) =
= (TI") — (1 = max(vm(G),vm(H))) =

17
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= ([|I") = min(1 — v (G), 1 — vm(H)) =
= (I'I") —min((G), (H)) =
= min((I, G | "), (I, H | I))

Cases 3a, 3b:

T 1,G—=H)=I"+1-'+om((T) —om(I) —om(G — H) =
=M +1-—uvm(G— H) =
=(I'T") +1—min(1,1 —opm(G) + v\ (H)) =
= (T'I") + max(0, 01 (G) — vm(H)) =
— ([T} + max(0, (G| H)) =
— max((T' | T, (T, G | T, H))

(0,G = H [ T) = 1" = |0] = 1+ vpg(I) + 0 (G — H) — vpg(I”) =

=" -1+om(G— H) =

— (PT) — 1+ min(L, 1 — vp(G) + v (H)) =
— (T|T) — 1+ min(1, 1 + (H|G)) =

= (I'|I) + min(0, (H|G)) =

=min((l' | T), (T, H | T",G))

Cases 4a, 4b:

(T | T, G&H) = '] + 1~ |T| + oa(T) — oag(I) — opg(G&H) =
=TI +1—-vm(G&H) =
= (I'I") + 1 — max(0,vm(G) + v(m(H) — 1) =
= ([[I") + min(1, (1 = om(@)) + (1 = vm(H))) =
= (D) + min(1, (|G, H)) =
— win((T [T, 1), (0| T, G, H))

(IG&H | T =T = T = 1+ om(T) + om(G&H) — o (T) =
= (T — 1 + max(0,om(G) + v (H) — 1) =
=max((I', L | I),(I',G,H | T"))

Cases ba, bb (cases 6a,6b work by analogy):
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(T | I',V2G(2)) = [T'| + 1 — |T| + v () — om(T7) — vpq(VaG(z)) =
= (TI") + 1 — infee poa(G(e)) =

= (T + supcep(l — vm(G(e))) =

= (DY) + supeep(G(e)) =

= supeep (I | I, G(¢))

(LV2G(z) [ ') = [I'] = [T = L+ om(T) + om(VoG(x)) — vm(I’) =
= (I|I") — 1 + infee popq (G(c)) =

(D) — (1= infuep (1 — (G(O)))) =

= (D|IY) = sup e p(G(c)) =

= inf.ep(T, G(c) | TV)

These conditions hold independently of the order in which compound formulas are
decomposed. Therefore, if vp(F) = 1, there is a winning strategy for the player I with
risk assignment (-), for any regulation. Also, recall that F' is valid if and only if (|F) <0
for every valuation va. Since this covers all possible risk value assignments (-), the
theorem follows. O

Note that we can define a strong disjunction connective F' & G = —(—~F&—G), which
then has the truth function vy(F @ G) = min(1, vp(F) + vpm(G)). One can also define
the strong disjunction and the strong conjunction connectives directly via the implication
connective, as we will do later, in Section 3.2, when we introduce the logic ¥., (IT).

Remark 5 Starting from a given logic L, we use the notation L(Q) for the logic that
results from augmenting the language of L with the symbol Q, standing for a (unary)
quantifier. The semantics of QQ will be defined truth functionally as well as characterized
by suitable rules of a corresponding semantic game. This notation will help achieving a
concise notation.

Remark 6 For two formulas F, G and a fized interpretation M, we will sometimes write
F = G to abbreviate that vm((FF — G) AN (G — F)) = 1.

2.4 Games with random choices - RG-game

In [FR14], the authors proposed a further randomization of the G-game, going beyond
randomized payoffs for atomic formulas, by introducing a new non-strategic player N,
called Nature. The player and its role are identical. It comes about as a new selection
principle. Unlike the rational players, Nature never asserts any formula, and, upon call,
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decides without reason (or without vested interest) how the game continues. The overall
structure of this augmented version of the G-game remains unchanged, we only add two
new rules to the framework, one for the object quantifier (IT) and one for the propositional
connective () [Ferld], associated to the new principle, which we call random witness
selection principle:

RR9: 1f P asserts [z F(x) then, if O attacks, N (uniformly) randomly chooses a constant
c € D, and P has to assert F'(c).

RRY: If P asserts FrG, then, if O attacks, N chooses (uniformly) randomly whether P
has to assert F' or G.

Syntactically, we are considering the language of first-order Y.ukasiewicz logic enriched
with the quantifier symbol II and a symbol for the binary connective 7. Then, we formally
define L(II, 7) by specifying the syntactic rules and the semantics of II and 7:

Definition 6 For a finite domain D we define:

op(TTzF(z)) = 2€D ‘”g’(F ©) (2.4)
o (FrG) = )+ om(G) (2.5)

2

Furthermore, for future reference, we also define”: Propa(F) = W.

The upcoming definition determines the notion of logical consequence and in particular
the set of tautologies of L(II, 7), i.e. its valid formulas.

Definition 7 In L(II,7), a formula F is called a logical consequence of a set of formulas
L, written ' =g,y F, if for every evaluation va we have:

If vm(G) =1 for all G € T, then also v (F) = 1.

In particular, a formula F is called valid if for all evaluations vy we have vy (F) = 1.
We denote that circumstance by ’:L(H,w) F.

"Note that, for crisp formulas F, Propm (F ) represents the proportion of elements from the domain
that fulfill formula F'.



2.4. Games with random choices - RG-game

The focus on finite domains has two important reasons. One is the intention to model
natural language quantifiers. In linguistics and natural language modeling, one usually
restricts attention to finite domains [KH98], as explained in the introduction. The other,
more technical, reason is the principle of quantifier logicality®. It demands that quantifier
evaluations be independent of the identity of the constants [PWQG], i.e. the evaluation
only depends on the quantity of positive witnesses of a scope predicate, but not on which
constants have the respective property. As an example consider the quantifier “about half”
and a set of constants referring to all humans on the planet. Evaluating the statement
“About half of all humans are female” should only depend on quantitative considerations
but never on the assignment of constants to individual humans. This principle reduces
the possible probability distributions, that N can represent, to the uniform one. This
in turn forbids to consider arbitrary domains, as we will discuss later in more detail in
Section 13.5.1L

To fully grasp the meaning of the following theorem, it is important to note that the
quantifier IT and the connective m neatly fit with the realm of games with randomized
payoff. Every single run of a game for a formula F' involving these expressions can lead
to different results, even if all atomic formulas in F' are classical (i.e. assume only 0 or 1
as truth values). Nevertheless, we can talk about an expected payoff associated to such
formulas, just as before.

Theorem 4 [FR1J] A LI, 7) formula F is evaluated to vp(F) = w in a fuzzy
interpretation M iff every G-game, augmented by the two rules Rﬁg and RRY, for F,
i.e. a game starting in the state [|F], is (1 — w)-valued for the player 1 under risk value
assignment (-) matching M.

Similarly to Theorem 3, the arguments as to the adequacy of the two rules have already
been presented in their respective papers. However, to remain self-contained, we repeat
them here.

Proof:
In addition to the proof of Theorem 3, we need to show the following four properties:

la: (I I, I2G() = by Seep (T | T, G(0))

2a: (0| IV,GrH) =% ((L'|TV,G) + (T | I, H))

Ib: (T, T2G() | T') = b Seep(T.G(0) | T)

2b: (I,GrH [Ty =1 (TG |T") + (I, H | I'))

Recall that these conditions result from the interpretation of the game rule. For case la,
since N chooses a constant ¢ € D uniformly randomly, the risk on the left-hand side of

8Later, in Definition [41| this property will be introduced formally for arbitrary quantifiers
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the equality, for the proponent player I, must be the average over the individual risks.
Similarly for case 1b. Analogous arguments apply to cases 2a, 20.

Hence, for case la, we compute (case 1b works by analogy):

(0 T, 2G()) = |I"] + 1 = [T] + oa(T) — oaa(I") — vas (M G(a)) =
— (I) +1 — o (TeG()) =

= (T +1- Leep Um(G() EDUQIA ¢ _
— / cep1=(G(9))) o
Ty +1— —ZeD||
/ Ec < (C)>
<| ‘||‘ > + E‘Dil

= B Seen(T | T.G(0))

Case 2a (case 2b works by analogy):

(C|TY,GrH) = |I'| + 1 — T + vp(T) — v (') — om(GrH) =
(P +1 = 3(0m(G) + vm(H)) =

= (1) + 1= 3((1 = (G) + (1 = (H))) =

=3 ((0|1,G)+(U|T, H)) O

In [ER14], the authors predominately focus on quantifiers applied to crisp scope formulas,
a practice supported by Glockner [GI606] and others (e.g. [DHBB03|, [DRSV14]), in order
to avoid unclarity regarding the interpretation of statements. Recall that quantifiers
that, upon evaluation, can take intermediate truth values, even if restricted to crisp (or
classical) arguments, are called semi-fuzzy quantifiers.

In [Ball6], Baldi introduced a hypersequent calculus for Kleene-Zadeh logic enriched
with 7. In the following, we will refer to this randomized version of Giles’s game as
RG-game. One can see that propositions representing arbitrary truth values within the
real unit interval can only be approximated. That means that for any € > 0 we can
give a formula based m with a truth value that has a difference of the value, which we
intend to approximate, of at most €. As an example, let us consider the rational value %
We cannot express it using only the binary 7 as well as L, T (for T we use L — L, i.e.
vm(T) =1). However, we can define formulas that evaluate to 2% with i € {0,...,27}
where j is any positive integer, i.e. all dyadic rationals. It is well known that those are
dense in the set of real numbers.

In [FMI5], the authors show how rational truth values can propositionally be obtained
as equilibrium values in a setting that augments both Lukasiewicz logic and IF logic
[MSSTI].



CHAPTER

The N'RG-game and t-norm based
fuzzy logics

3.1 Fuzzy logics based on t-norms

In the Handbook of Mathematical Fuzzy Logic [CHN11], t-norm based fuzzy logics play
a prominent role. T-norms are functions that are used as truth functions of conjunction
connectives. To that end, one wants such functions to be commutative, as the truth of “A
and B” should be the same as the one of “B and A”, for two properties A, B. Also, “A
and (B and C')” should always be as true as “(A4 and B) and C”, for all properties A, B, C,
hence one wants associativity. Furthermore, the conjunction with a true statement should
not change the original truth value, and if A has a higher truth value than B, then “A
and C” should have a higher truth value than “B and C”, for all properties C'. According
to these principles, the definition of a t-norm is the following:

Definition 8 A binary function * : [0,1]*> — [0,1] s a t-norm if it is commutative,
associative, monotone, and 1 is its unit element. More formally, in the respective order,
we require:

e axb="bxa

e ax(bxc)=(axb)x*c

e axb<dxb ifa<da andb<?
e axl=a
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If * is furthermore continuous on [0, 1]2 we call it a continuous t-norm. The following three
are the Godel, Product and Lukasiewicz t-norms respectively', which are all continuous:

e 1 %gy =min(z,y)
e rxpy=1-y

o zxpy=max(0,z+y—1)

Theorem 5 [CHNI11] For any continuous t-norm x there is a unique function =
[0,1]2 — [0, 1] such that for all x,y,z € [0,1],

zxx <y iff z<z=y. (3.1)

The function = is called the residuum of *. As t-norms are used to model the conjunction
connective, = can arguably be understood as respective implication connective [CHNT11].
From this we can straightforwardly derive the residua of Gédel t-norm, Product t-norm
and Fukasiewicz t-norm respectively?. For 2 < y they all evaluate to 1, while for 2 > y
we have:

*T=ayY=Y
e x=py=y/z

er=py=1—-a+y

Note that the residuum of the fukasiewicz t-norm is the only of theses three that is
continuous. However, it is enough to have a continuous t-norm * to define min and max
in terms of * and and its residuum = [CHNI1]. Therefor, the three fuzzy logics can be
understood as based on those two functions, t-norm and residuum, for (strong) conjunction
and implication, while entailing also connectives for weak conjunction (modeled by min)
and weak disjunction (modeled by maz). Furthermore, the following relation between a
t-norm and its residuum can be derived:

r=y=max{z:zxx <y} (3.2)

Fuzzy logics that are based on continuous t-norms and their residuum are among the so
called Mathematical Fuzzy Logic® (MFL). We will use the following notation for the rest

!The subscripts of the t-norms have the following meaning: G stands for Gédel, P for Product and E
for Lukasiewicz

2The subscripts of the residua have the following meaning: G stands for Gédel, P for Product and E
for Lukasiewicz

3The family of all MFLs is captured in a somewhat looser way, where one merely demands that the
real unit interval forms the set of admissible truth values, and truth values of formulas can be determined
by truth values of their subformulas via application of truth functions. See [H4j98| [CHNTI|]. However, the
most important conditions on truth functions are the ones described here, namely those that constitute
t-norms.
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of the thesis? to express the connectives with truth functions min, max, =, and *, (if
different from min), where o € {G, P,L}:

e for Godel logic: AV, —C

e for Product logic: A,V, =, &F

e for Lukasiewicz logic: A, V, =%, &

The negation of a formula F is always defined as F' —° 1°, while the universal and
existential quantifier, V and 4, are uniformly expressed as before, in Section (2.2, for
the case of the Kleene-Zadeh logic, i.e. their truth functions correspond to inf and sup
respectively.

In the general case, this setting admits infinite domains, which are difficult when II is to
be given a meaningful semantics, as it is not always clear what a uniform distribution
on an arbitrary set should be. Actually, on N and R, it is not possible to define a
uniform distribution in a meaningful way. As the remainder of this section is devoted to
characterizing a wide class of fuzzy logics game semantically, where a key feature of the
game is this random operator, we have to keep the restriction to finite domains. Hence,
when we, in the following, talk about Gddel, Product and Yukasiewicz logic, we always
mean these logics restricted to finite domains.

Employing Mostert-Shields’ Theorem |[CHNTIl, [EGMO04], there exists a representation
for an arbitrary continuous t-norm as an ordinal sum of the three basic t-norms just
introduced. We will show how we can define connectives with truth functions that
evaluate in the same way as those given by a continuous t-norm which is representable as
a finite ordinal sums, as well as their respective residua, in our setting which will formally
be introduced in the following section. Furthermore, we will discuss means to extend our
result to the case that admits even infinite ordinal sums.

3.2 NRG-game, or: the logic L, (II)

While L (II) features the connectives of Lukasiewicz logic, the ones for the other two basic
t-norm based fuzzy logics are not all immediately at hand. From the game perspective,
one can obtain an expressibility that is great enough to define also the truth functions of
both Goédel and Product logic, by augmenting the set of game rules. First, we add an
object quantifier generalizing strong Lukasiewicz conjunction, and then, for every object
quantifier, we introduce a propositional version of it, i.e. the quantified formula may
depend on a propositional variable [BCPV01]. We formally specify the syntax, of what

4If — or & appear without decoration, they are meant to be the Lukasiewicz ones.
5In [CHNTI] this negation is called residual negation, as opposed to involutive negation.
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we call® L, (II), and give a truth functional semantics for all connectives and quantifiers.
Then, we characterize that logic game semantically with what we call the N’RG-game
[Hof1§].

Formulas are built by composition from the following expressions:

vyi=Alw | PE) [y = [vAv vV ymy | Yoy | vy | Toy | &uy |
Vwy | Jwy | Hwy | &wy

We have a meta variable A for constant symbols that stand for truth constants p, with
truth values’ o« € [0, 1], and P is our meta variable for predicate symbols. Then, tis a
sequence of terms (either constant symbols or object variables), matching the arity of
the preceding predicate symbol. Also, v is our meta variable for object variables, which
we usually name x,y, ..., and w is our meta variable for propositional variables, which
we usually name p, q,.... We only assume countably many variables, while the language
is uncountable due to the uncountably many constants that are represented by A. In the
same way that object variables are placeholders for constants that refer to elements from
the domain, propositional variables are placeholders for truth constants that refer to
truth values from the real unit interval. We refer to the corresponding logic, for which we
are subsequently going to introduce its truth functional semantics and its game semantics
(as well as its notion of validity), of this language as L, (II). For any fixed interpretation
M, we always demand that its domain D be finite. The variable assignment &4 has to
be extended in a way that it now assigns truth constants to free propositional variables,
too. Truth functionally, atomic formulas are treated as in Yukasiewicz logic, i.e. for any
atom A we have vy((A) € [0,1]. Also, for all p, € A we have va(pa) = o € [0, 1], and
the rest of the truth functional semantics is defined as follows:

vm(F — G) =min(1,1 — vpm(F) + vm(G))
vMm(F A G) = min(vm(F), om(G))

v (FVG) =max(vm(F), vm(G))

o (FrG) = UM(F);‘UM(G)

uvm (Ve F(z)) = infee pup (F(€))

vm(FzF () = supeepum(F(c))

SNote that the chosen notation constitutes a technical term, i.e. it represents exactly one logic and
not a family. The « in the subscript indicates the dependency of some quantifiers on propositional
variables rather than on object variables, which evaluate to numbers within the real unit interval, which
we regularly denote by a.

"We use the common notation 1 and T to express those truth value constants po and p1, with truth
values 0 and 1.
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vm(aF (2)) = g Yee p vm(F()) = Propam(F)
vm(EzF(2)) = max(0,1 =3 e p(1 —vm(F(c))))
vm(VpE(p)) = infaepo,1jom(F(pa))

um(3pF(p)) = subPacjoa]vm(F (Pa))

om(IIpE (p) = [y va(F (pa))da

um(&pF(p)) = max(0,1 — sup{>_,c;(1 —vm(F(pa))) : J C [0,1],J finite})

The last four quantifiers we refer to as propositional quantifiers. They are defined
in the style of the other four quantifiers, to which we refer as object quantifiers, as

they range over the set of constants that in turn refer to objects from the domain.

Complementarily, the propositional quantifiers range over the set of truth constants
that represents the truth values from the real unit interval. While & generalizes strong
Fukasiewicz conjunction to the object quantifier level, & does generalize & to the level
of propositional quantifiers. Similarly, ¥, 3 and IT generalize their respective object
quantifiers to the level of propositional quantifiers. This may still seem arbitrary, but the
motivation can be seen in two different and complementary ways. For one, it is the goal
of the present chapter to provide with a logic that increases the expressive power of the
previously introduced logics, which will be achieved by these propositional quantifiers, as
we will see shortly. On the other side, the particular choice of the semantics is based
on the selection principles that correspond to the players of the RG-game. Once we
introduced the alternative (game) semantics, this will become rather obvious.

For the truth function of IT we chose the Lebesgue integral. We thereby guarantee
existence, as vaq(F (pa)) < 1 for all formulas F', which do not yet involve the propositional
quantifier IT, and « € [0, 1]. Hence fol UM (F(pa))da < fol do =1 < 0o. Again, this truth
function generalizes the truth function of II. The motivation of both is best understood
from their game semantic characterization, which will be given further down.

For the truth function of &, note that, although the supremum may be infinite, the
mazximum still always takes values within the real unit interval.

Equivalence F' <+ G, of two formulas F' and G, is defined as (F' — G) A (G — F), i.e.

oM (F <> G) = 1— | min(vpm(F), vm(G)) — max(vpm (F), vam(G)) |, and the negation —F
of a formula F as F' — L, i.e. upm(—F) =1 —vp(F). Then we may define:

o &G = —(F — —@G), leading to: vy (F&G) = max(0, vp(F) + vpm(G) — 1)

o F& G =-F — G, leading to: vpm(F & G) = min(L, opm(F) + om(G))
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e FO G =~(F — G), leading to: v (F © G) = max(0,vpm(F) — opm(G))

Also, we can define k-ary versions of the connectives, associated to strategic players, as
the simple iterations of the binary versions. For strong Lukasiewicz conjunction, this
works as we have associativity, and hence the way brackets are placed does not affect the
final truth value [H4j9§].

o &F | F;, leading to: vaq(&F_ | F;) = max(0,1 — X8 (1 — vm(F)))
o [F]i"=", leading to: v ([Fi]i"=") = min(1, X5, v (Fy))
o AF_ | F;, leading to: va(AF_ F}) = min{upm(F) : 1 <4 < k}

e VE_ F; leading to: va(VE_| F;) = max{vp(F;) : 1 <i <k}

Defining a k-ary m with a truth function that takes the average of k formulas cannot
be done straightforwardly, as e.g., for three formulas F,G, H, we have (FrG)rH #
UM(FHUMB(GHUM(H). One would need to define such a k-ary (k > 2) 7 from the start.
However, formulas with truth values that are arbitrarily close to any number in [0, 1] can
be defined via the binary 7 already, as we have seen at the end of Chapter 2. Syntactically,
we just added uncountably many truth constants to the language of L, (II), while the
expressive power of ¥, (II) already gives us all of them up to an infinitesimal error at
most, i.e. an error that can be made arbitrarily small. A similar situation arises from
Giles’s game, where the risk of asserting an atomic formula is determined by an associated
dispersive experiment [Gil82], which, by the very idea of tangible meaning, can only be
executed finitely many times. Hence, rational and also irrational truth values appear
only as an idealization.

It should further be noted that (1), we can not replace the implication connective — with
one for strong conjunction & and define the implication via it, as that would need another
rule for negation as well, and (2), for & is not idempotent®, also & and & behave unlike
usual quantifiers, as, e.g., if the quantified formula F' is independent of the quantifier
variable, the truth value of F' might still be changed from the quantifier application.
Object quantifiers based on t-norms are also discussed in [Got13].

We now characterize L, (IT) game semantically, by giving game rules for the basic
connectives and quantifiers, with payoffs for P matching the truth functional semantics.
In that way, we show that a justification, regarding the choice of the truth functions,
that is based on the selection principles the players adhere to, exists. As these selection
principles are formulated with an appeal more intuitive than technical, one may even
call them philosophically motivated. Furthermore we show that these three selection

8 A binary operation % on a set A is called idempotent if ax a = a for all a € A [CHNTI].
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principles together are strong enough to express the discontinuous Goédel implication as
well as Product implication and conjunction. The underlying language provides us with
propositions p, for all a € [0, 1] such that vaq(ps) = . As usual, the proponent player
optimizes her payoff, while the opponent tries to minimize it. In a way dual to that, the
third player acts neutrally and selects uniformly randomly. We state the twelve rules of
the N'RG-game, while the evaluation of states and atoms is as in the RG-game (like the
first seven rules). The A/ in N'RG stands for number. For a fixed interpretation M with
finite domain D, we then define:

le)ng: If P asserts ' — G, then O attacks by asserting F', obliging P to assert G.
Rf\\[ RY: If P asserts F A G, O chooses whether P must assert F or G.

R{)f RY: If P asserts FV G, P chooses whether P must assert F or G.

RNRI: If P asserts FrG, N chooses whether P must assert F or G.

R{,\[Rg: If P asserts Vo F'(x), O chooses ¢ € D, and P must assert F'(c).

RJHVRQ: If P asserts 3z F(x), P chooses ¢ € D, and P must assert F'(c).

Rﬁmg: If P asserts IlzF'(x), N chooses ¢ € D, and P must assert F(c).

R/éng: If P asserts &z F(x), then, if O attacks, P must assert all F'(c), c € D, or L.
R@f RY: 1If P asserts VpF (p), O chooses p, € A, and P must assert F(py).

R/Hv RY. 1If P asserts IpF (p), P chooses p, € A, and P must assert F(py).

R/ﬂ[Rg: If P asserts IIpF(p), N chooses p, € A, and P must assert F(py).

Rgng: If P asserts &pF'(p), then O attacks by choosing a finite J C A and

P must assert F'(py) for all p, € J, or L.

Remark 7 The motivation for defining such games is the tangibility of these rules. They
are more tangible than truth functions, and often people understand the intended semantics
better when it is explained in the realm of dialogue games between players. The implication
rule is a particularly good example for that, but the instances of the random witness
selection principle (w,11,II) are also much easier to justify when explained as augmenting
games with only strategic reasoning, as for example the G-game. This is because in that
way we can argue that the random witness selection complements the strategic witness
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selection, which should make intuitive sense. On the other hand, introducing truth
functions that compute the average of values, hence leading to intermediate truth values in
the real unit interval, may seem ad hoc, if no further background principle, that justifies
this choice, is provided.

The upcoming definition determines the notion of logical consequence and in particular
the set of tautologies of L., (II), i.e. its valid formulas.

Definition 9 In L, (I1), a formula F is called a logical consequence of a set of formulas
L, written U =y, (ny F', if for every evaluation vapq we have:

If vm(G) =1 for all G € T, then also v (F) = 1.

In particular, a formula F is called valid if for all evaluations vy we have vy (F) = 1.
We denote that circumstance by ’:La(n) F.

The following theorem explains the correspondence of the truth functional semantics and
the evaluation of these game rules, while the notion of risk is the one of Definition 4] as it
stands.

Theorem 6 [Hof18] A L,(I1) formula F is evaluated to vy (F) = w in a fuzzy
interpretation M iff every NRG-game for F, i.e. a game starting in the state [|F], is
(1 — w)-valued for the player 1 under risk value assignment (-) matching M.

Proof:

As we have Theorem 3/ and Theorem 4, we only have to consider the cases where the N'RG-
game, and hence the language of L, (IT), differs from the RG-game, and the language
of L(II, 7) respectively. This is the case for &,V,3,II, and &. Truth value constants
need no special treatment, as they behave like atoms. If the game for F starts, it is in
the state [| F|. Leaving out the shared basics with the RG-game (see Theorem 3/ and
Theorem 4), we have to treat the following ten cases (G, H are a L (II) formulas, I, T’
multisets of L, (II) formulas, and a = va(pa))-

la: (I'[ IV, &2G) = min((' [ IV, L), 3 e p(I' | I, G(c)))
2a: (I' | I, VpG) = supyeio)(I" [ I, G(pa))

3a: (I'| I, 3pG) = infaepp1)(I' | I, G(pa))

4a: (T | T, TpG) = [ (T | TV, G(pa))da

Ha: <F ‘ F/a &pG> = mln(<r ‘ F/? J—>7 Sup{JC[o’l},J ﬁnite} ZaGJ(F ’ F/7 G(pa)>>
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1b: (I, &G | ') = max((T', L [T"), 3" e p(I', G(c) | )
2b: (I, VpG | 1Y) = infoe(o,1 (T, G(pa) | TY)

3b: (I, 3pG [ T") = supaepo (L, G(pa) | I)

4b: (D, TIpG | T') = [1(T,G(pa) | T")da

5b: (T, &pG | T7) = max((T, L | F/>7SUP{JC[0,1},J finite} > acs (L, G(pa) | T7))

Recall that the conditions result from the interpretation of the respective game rules.
For case la, the game rule prescribes to either assert L or all instances G(c¢) (¢ € D) if
éxG(x) has been asserted previously, and as P can choose herself, she is able to enforce
the minimum over these risks. Regarding case 2a, in the game, the opponent player
You can enforce the maximum over all risks (T'|TY, G(pa)) (o € [0,1]). Similarly for case
3a, the proponent player I can enforce the minimum over the same risks as in case 2a.
For case 4a, we have to consider that N samples uniformly randomly from the real unit
interval, hence the average risk is computed as the integral over all results. Eventually for
case Ha, the opponent player You chooses a set J corresponding to finitely many values
from the real unit interval, and the proponent player I can choose whether to assert
1 or G(pq) for all @ € J. The conditions for cases 1b — 5b are obtained by analogous
arguments.

Case la (case 1b works by analogy):

(T T, 62G) = |U'| 4+ 1 — 1] + vaa(T) — wpa(I") — vaq(82G) =
— (D1) 4+ 1 = max(0, 1 = ¥,ep(l — 0me(G(0))) =

— (I[1") + min(1, ¥,e p(G(e)) =

— min({T | I, 1), X p (T | T, G()))

Case 2a (case 2b works by analogy):

(I'[ 17, VpG) = [I'] + 1= [T + vm(I) —om(I") — o (VpG) =
= (T'I") + 1 — infoep yom(G(pa)) =

= (CI) + sup,epo1)(G(pa)) =

= SUPae(o0,1] (T T, G(pa))

Case 3a (case 3b works by analogy):

(I'[ 17, 3pG) = [I'] + 1 = [T + vm(I) —om(I”) — o (IpG) =
= (O|I) + 1 — supqefo,)vm (G (pa)) =
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= (DII) + infaepo,1) (G (Pa)) =
= infae[OJ] <P ‘ F/, G(pa)>

Case 4a (case 4b works by analogy):

(T[T, TpG) = [T’ + 1 = |T| + om(T) — vm(T) — v (TIpG) =
= (T + 1 = fo vm(G(pa))da =

= (TT") + (G (pa))da =

= [y (T[T, G(pa))dar

Case 5a (case 5b works by analogy):

(O |17, &pG) = [T’ +1 = [T + vpm(T) = om(T") — vpma(&pG) =

(D) 1= max(0, 1 — supyc 01 finite) Sacs (L — vat(G(pa)))) =
= (1) + 1 = max(0, 1 = supy ;1915 finite} 2acs (G (Pa))) =

= (TIT) + min(L,sup ;191 7 finitey 2acs (G(Pa))) =

{

= min((T" | I, J—>’Sup{Jc[071]7J finite} Za€J<F | I, G(pa)))

Note that the notion of Definition |4/ with € > 0 is needed here, for the cases 5a, 5b. It is
buried inside the sup, as here an approximation with infinitesimal error takes place. O

Remark 8 In the remainder of this chapter, we will show how one can define the truth
functions of certain MFLs by the truth functions of Lo (II). In that sense, we may also
speak about term-definability of a logic in another.

3.3 Definability of Gaédel logic in 1., (I1)

Godel implication can be defined in FLukasiewicz logic enriched with the Delta operator
[CEN15, [CHN11]. This operator allows for expressing discontinuities, and can be defined
as follows:

Definition 10 For L, (IT) formulas F we define:

1 ifopm(F)=1
0 otherwise

uMm(AF) :{



3.3. Definability of Godel logic in L (IT)

Theorem 7 [Hof18] For Lo (IT) formulas F, in which the propositional variable p does
not occur, we have:
UM(AF) = v (&pF). (3.4)

To prove this we need the following lemma®:

Lemma 1 [Fol99] Let I be an uncountable index-set, and f: I — [0,1]. If we have:

Zf(z) < 00, then for all but countably many i € I we also have f(i) =0.  (3.5)
el

We now prove Theorem |7:

Proof:
We prove this by case distinction:

Case (1): If upq(F') = 1, the sum in the truth function of &pF' disappears, and we get
vm (&pF) = 1.

Case (2): If upm(F') < 1, then, in the limit, the sum of the truth function of &pF' contains
uncountably many positive terms, which by Lemma |1/ means it is infinite, and hence
v (&pF)=0. O

Remark 9 If we consider a game for &pF' an interesting situation arises. If vp(F) =1,
the opponent player triggers her part of the principle of limited liability and will hence
not attack. On the other hand, if vapm(F) < 1, the proponent player triggers her part of
the principle of limited liability and assert L instead of a lot of F’s with each having a
positive risk. It is clear that, if F' carries a positive risk, the opponent player can find a
natural number m such that m times the risk of F is at least 1.

Godel conjunction is of course already part of L(IT), and Gédel implication can be defined
as follows:

Definition 11 For two Ly (IT) formulas F, G, in which the propositional variable p does
not occur, we define:
F—-G=&p(F—G)VG. (3.6)

Remark 10 As the definition shows, we technically do not need the restriction to finite
domains at all to define —. The overall restriction to finite domains results from the
presence of the object quantifier 11, as explained in the second half of Section |2.4], and in
Section |3.5.1.

“Note that the maybe unfamiliar sum over an uncountable index-set is defined as follows (using the
terminology of the subsequent definition): >, f(i) = sup{}_,_, f(i) : J € I with J C I finite}.
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Remark 11 Abusing notation, we will sometimes also write AF instead of &pF', when
it is clear from the context that we want to stay in L, (I1), to ease the readability of
formulas. In that case, we agree that inside the formula, inside the scope of that A (or
better &p), the propositional variable p does not occur.

Theorem 8 [Hof18] For two L (I1) formulas F, G, in which the propositional variable p
does not occur, we have:

’UM(F—»G):’UM(F) =G UM(G). (3.7)

Proof:
To prove the theorem, we make the obvious case distinction:

(i): UM(G) > UM(F)
In that case, vy (&p(F — G)) = 1.
(ii): vm(G) < vm(F)

In that case, vy (&p(F — G)) = 0, hence the claim follows. O

Theorem 9 [Hof18] Considering only interpretations with finite domains, we can define
the truth functions of Gadel logic via the truth functions of Lo (IT).

Proof:

As we have Godel conjunction in L, (IT), and since we can define a connective which
evaluates like Godel implication, the claim follows for Godel logic restricted to finite
domains through [EGMO04], which gives us a finite axiomatization for any continuous
t-norm and its residuum. O

3.3.1 Definability of Product logic in L, (II)

As for Product logic, we have to be able to express multiplication and division, of real
numbers in [0, 1], on the truth functional level. For this, we can use the propositional
quantifiers, especially II. We can directly define:

Definition 12 For two L, (I1) formulas F' and G, in which the propositional variables p

and q do not occur'®|, we define:
F -G =TIpIlg(A(p — F) N A(g — G)), and (3.8)
Fr—G=3ppANAlp- - F —G)). (3.9)

10Recall that we, abusing notation, write A instead of &p. This convention implicitly demands that
the formula in the scope of A (or &p) be independent of the variable bound by &.
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From this construction we can see, that it were not enough to restrict A to countably
many constants representing [0, 1] N Q, as the Lebesgue measure of that set is zero. Also,
recall Remark [10.

Theorem 10 [Hof18] For two Lo (I) formulas F' and G, as in Definition 12, we have:
vm(F - G) = vm(F) xpom(G), (3.10)

UM(FHG):’UM(F) =p UM(G) (3.11)

Proof:
For the conjunction connective -, we assume, without loss of generality, that vy (F) <
um(G). Also, v (pa) = a, v (par) = o/, with «, o’ € [0,1]. Then we have:

om(F - G) = [3 J3 min(om(Apa = F)), vpa(Alpor — G)))dada’ =

= Jy (o™ min(1, va(A(par — G)))da)da’ =

= [y ™ opm(Apr = G)da)da’ = [ vpn(A(per = G))da - [0 1da =
= [P D140’ - i1 1da = o (G) - om(F) = v (F) #p om(G).

For the implication connective — it is clear that vy (F — G) = 1 if o (F) < om(G).
We can hence pay attention to the case where vy (F) > v (G):

VM(F — G) = supgejo,ymin(vm (Pa), va(A(pa - F = G))).

From that line we see that the supremum is attained if va((pqo - F') = vm(G), which is
exactly when va((pa) - v (F) = v (G). Hence together,

UM(F — G) = UM(F) =p UM(G). O

Theorem 11 [Hof18] Considering only interpretations with finite domains, we can define
the truth functions of Product logic via the truth functions of ¥ (I1).

Proof:

As we have defined connectives in L, (II) that model the implication and conjunction
connective of Product logic, the claim follows for Product logic restricted to finite domains
through [EGMO04], which gives us a finite axiomatization for any continuous t-norm and
its residuum. O
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3.4 Definability of MFLs in L, (II)

Continuous t-norms can be expressed as ordinal sums of the three basic t-norms, namely
Godel, Product and Fukasiewicz. This is what Mostert-Shields’” Theorem gives us
[CHNT1I]. We are going to represent t-norms that correspond to finite sums, as well as
their residua, in L, (IT). Then, we use [EGMO04], to infer that, since we have a continuous
t-norm and its residuum, a finite axiomatization for the corresponding fuzzy logic is
effectively obtainable. Again, we only treat cases with finite domains.

Theorem 12 [CHNI11|] Every continuous t-norm is isomorphic to an ordinal sum of the
three basic t-norms (Godel, Product and Lukasiewicz).

Theorem 13 [Hof18] Considering only interpretations with finite domains, we can
define the truth functions of all fuzzy logics that are based on a continuous t-norm that is
representable as a finite ordinal sum of the three basic ones, i.e. those corresponding to
Goadel logic, Product logic and Lukasiewicz logic, via the truth functions of ¥, (I1).

Before we prove the theorem, let us recall Remark [10. The restriction to finite domains
comes from the fact that we are dealing with L, (IT), which has the object quantifier II
as an essential feature. Technically, one can also remove this object quantifier from the
language, and only use the propositional version of it. Although in that way we can
generalize the result to arbitrary domains, we thereby would lose an important component
of our framework, which is particularly necessary when we want to model NL quantifiers.

Proof:

From Theorem 12 (Mostert-Shields” Theorem) [CHN11], we get, for any fixed continuous
t-norm 7', an ordinal sum decomposition (x,, ([ai, bi]))i>1, i € {b, P},i > 1, such that we
have:

a; + (bi — ai) (=55 *x, L= if (3,y) € [aq,bi)* and ;; =L

a i Q5
a.

rxry =< a;+ (b — ai)(b; i oxp y%‘yl) if (x,9) € [a;,b;]* and 1; = P (3.12)

—a; b;

T*q Y otherwise

We have to provide with a definition representing those continuous t-norms *7 as ¥, (II)
formulas for which there is a positive integer 7 such that the ordinal sum consists of 7
parts. The case 7 = 1 is trivial, so from now on we assume 7 = k > 2 fixed. For the
appropriate truth constants, representing the interval bounds a and b, called!'!| @ and b,
we define for two L4 (II) formulas F' and G:

1Note that here, to ease readability, we employ a slightly different notation to refer to truth constants
than usually.
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=ad((bea) (boa) — (Foa)&((boa) — (Goa)))).
The connective & representing the full t-norm *7 can now be defined as:

F&T'G =

= VIiL (A((@ = F) A (@i — G) A (F = bi) NG = b)) A (F&, G))V

V(A (RA(F — b)) vV =A(G — b)) V=A@ — F)V-A@ — G)) A (F&EQ)).

It remains to verify that the F&T G really possesses the truth function matching the
definition of xp. So, (1) assume there is an 1 < i < k such that vy(F),vom(G) € [ai, bil,
which must be unique. That means:

om(VE_ A((@ — F)A (@ — G) AN (F — b)) A(G — b)) =1, and

UM(AE_ (FA(F = b;) V =A(G — b)) V=A@ — F)V -A®@ — G)) = 0.

Hence, v (F&TG) = vm(F&y . G) = vm(@) +

+ombi 0@) - om(((bi 0 @) — (F om))&y (b ©a) — (G ©@))).

The truth values of the two conjuncts of &'gi p; are:

om(((b; 0@) — (Fom))) = v (FOm@m) _ vm(F)—v

F )—vMm
om(:6a)  vm(bi)—um (@)’

T am) s (G o a)) = MEET) _ va(G) v (@)
om0 0 @) = (GOT)) =[0G = um—om(@)”

That gives us, that:

UM(F&TG) = a; + (b — a;) - (240 (@

On the other hand (2), if there is no 1 < i < k such that vy (F), vm(G) € [as, bs], then:
MV A((@ = F) A (@ — G) A(F = bi) A (G — b)) =0, and

o (N (RA(F = b)) V -A(G — b)) V -A(a; — F) V=A@ — Q) = 1.

This in turn means, that:

M(F&TG) = v (F&C Q).

This shows that we can express &’ in Lo (II). It now remains to show that also the

residuum of &7 is expressible in L (IT), which works as follows. For two formulas F' and
G we define:
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F =T G =3p(A((p&TF) — G) Ap).

Using v (p&T F) = vaq(p) *7 vaq(F) the truth function of =7 becomes (o = vrq(pa)):
Mm(F =T G) = sup,epo {e s vm(pa) ¥ v (F) < om(G)}

Therefore, by Equation 3.2, we have vy (F =7 G) = vpm(F) =1 vm(G).

Furthermore, as is demonstrated in [EGMO04], we can directly infer the axiomatization of
a fuzzy logic, which is based on a continuous t-norm, from its t-norm and its residuum.
O

3.5 Infinity and selecting subsequent states

In this last part of the section, we investigate some alternative approaches that may
lead to similar results by other means, or just show how one can can use the selection
principles associated to the three players to define certain constructs. Also, we argue why
infinite domains are to be treated cautiously in the presence of 1I, but most importantly,
we look at a way of making the result about continuous t-norms more general, i.e. a way
to express infinite ordinal sums. Note that the game rules R presented in this section do
not carry any upper index. This is due to them not being part of any setting discussed
so far. They only serve the purpose of illustrating alternative approaches.

3.5.1 Infinite domains

The object quantifier IT makes it difficult to consider infinite domains in the general case.
Although there are many examples where one can define probability distributions over
infinite sets, the uniform distribution on, e.g., N and R does not exist. Hence, we can not
simply take the integral over an arbitrary domain D, and assume it were automatically
defined. Actually, one needs to bring in the notion of measurability and hence o-algebras,
which goes beyond the scope of the present thesis, where we lay particular interest in a
certain detachment from too much mathematics.

3.5.2 Infinitary game rules

Game rules that allow the players to choose from infinitely many options are nothing
particularly special in principle. Having infinite domains, every choice of constants
performed by O or P, i.e. those related to universal or existential quantifiers, corresponds
to a selection from infinitely many possibilities. Therefore the following game rules appear
natural.

Ryee: If P asserts V72, F;, P chooses ¢ > 1 and P asserts Fj.



3.5. Infinity and selecting subsequent states

Rae: If P asserts A72 1 F;, O chooses i > 1 and P asserts Fj.

The truth functions matching those game rules are the expected ones, except that, with
respect to the k-ary versions, mazr and min become sup and inf, as no witnesses for the
maximal or minimal truth value may exist. This is similar to the case where one has
infinite domains. For that kind of scenario the notion of risk as introduced in Definition
4] as it stands, is again the appropriate one. Still, syntactically such infinitary constructs
are to be justified, as for example via a schematic condition that all F; are the same
up to shuffling constants or changing the arity of the formula. In [Got13], the author

considers infinitely long expressions as an alternative to generalizations of the kind here.

Infinite ordinal sums

In particular, although not executed entirely here, one can use infinitary rules for
conjunction and disjunction to extend the result of Theorem (13| in a way that all
MFLs based on continuous t-norms are covered. To that end, one merely has to
replace /\le, \/le, in the proof of Theorem 13, with A$2,, V72, in case the ordinal
sum corresponds to infinitely many different intervals. However, although the formulas

in its scope follow a schematic pattern, a full characterization and an adequacy proof (i.e.

a proof that the rules payoff-wise, for P, match their defined truth functions based on
inf and sup) for A$2,, V2, are not part of the present thesis.

A game rule for the Delta

Another application of A{2; is a different characterization of the Delta operator. The
following game rule would do the job:

Ra: If P asserts AF, O chooses k > 1 and P must assert k instances of F', or L.

Syntactically, this corresponds to an expression of the form /\20:1(&?:11? ). Again, since
we always assume the same formula F' as base and then only adjust the number of times
it appears within the scope of strong t. conjunction, a schematic pattern is given.

Informally, if the risk of asserting F' is exactly 0, no matter which k£ > 1 O chooses, also
k instances of F' do not entail any risk. On the other hand, if the risk of F' is greater
than zero, O only needs to go high enough and will always find a natural number which
makes asserting that many instances of F, for P, at least as expensive as asserting L.

3.5.3 Truth constants and the k-ary =

For k > 2 and formulas F;, 1 < ¢ < k, one can consider the following game rule:

R,x: If P asserts szlFi, N chooses 1 < i < k and P must assert Fj.
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The payoff for P matches the following truth function:

k

w1 om (F5
Ry = 2z o), (3.13)
k
This construct can be used, e.g., to define arbitrary rational truth value constants, as
one can set any combination of L’s and T’s for the F;.

Note that here, as for the object quantifier II, infinitely many options to choose from

become really problematic, as the denominator of the defined truth function would
become infinite.



CHAPTER

Quantifier Models

Models for vague natural language quantifiers can hardly be unique. One uses expressions
like “almost all”, “about half”, “at least about a third” and “many” frequently and
naturally in spoken and written language. Formal models for those are a tool of meta-
level precisifications, that can be used to explain the discrepancy in speakers using them
with different background meanings. For example, let us consider the two statements
“Almost all free tigers are endangered”, and “Almost all children like chocolate”. The
tolerance margin, i.e. the number of negative witnesses (or their percentage) that is
still tolerable for a speaker to accept the respective statements to be true, neither is an
absolute number, nor is it a fixed percentage of the underlying base set, here, the set of
free-living tigers and the set of children respectively. We are going to conceptualize this
freedom of defining quantifier semantics by allowing for different readings for each natural
language quantifier. To do so in a systematic manner, we recall [FR14] the hierarchy of
quantification, was introduced by Liu and Kerre [LK98] fo fuzzy quantifiers. Since the
models of vague quantifier expressions might - in principle - not be based on fuzzy logic,
we prefer to use “vague”, where Liu and Kerre have “fuzzy”. However we retain “crisp”
for “precise”.

Type I: The quantifier and its scope are crisp.

Type II: The quantifier is crisp, but its scope may be vague.

Type III: The quantifier is vague, but its scope is crisp.

Type IV: The quantifier and its scope may be vague.

Although vagueness (and crispness) on the level of natural language and intermediate

truth values of formulas are not necessarily related, we use the mentioned classification
to concisely refer to the structure of the following definition. Subsequently, we are
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going to explain in greater detail how we intend to relate vagueness and intermediate
truth values, namely by embedding the former classification into the latter, by means
of defining appropriate versions of respective natural language quantifier expressions
formally, respecting the potential differences that speakers may attribute to them.

Definition 13 Let a fuzzy interpretation M and some language comprising symbols
F,F.Q,... be given. Then we say:

o A quantifier Q is of Type I if it is defined only for classical formulas F, and for all
these we have v (QrF(z)) € {0,1}.

o A quantifier Q is of Type II if it is defined for all formulas F', and for all these we
have vy (QuF(x)) € {0,1}.

e A quantifier Q is of TypeAIH if it is defined only for classical formulas F, and for
all these we have vap(QrF(x)) € [0,1].

o A quantifier Q is of Type IV if it is defined for all formulas F', and for all these we
have v (QrF(x)) € [0,1].

Quantifiers of Type III are also called semi-fuzzy and quantifiers of Type IV are also
called fully-fuzzy.

Note that the foregoing definition does not assume any particular logic yet. It is more
thought to be a generic classification that may be used for different frameworks.

Remark 12 Throughout this chapter, we will always have an interpretation M fized
in the background. This in particular means that D always denotes the corresponding
(finite) domain, or set of constants referring to objects from the domain (which is also
called D), respectively. Moreover, for any definition, theorem and corollary, we will make
explicit which logical framework we refer to. In case this is not made explicit, we refer to
a generic situation, i.e. definitions or statements refer to any framework, as for example
just above in Definition |15.

Another line alongside which we can distinguish quantifier expressions is extensionality
and intensionality [FK96]. By the former we mean absolute quantifiers (or counting
quantifiers) and relative quantifiers (or proportional quantifiers), i.e. those that relate
only to absolute numbers, or proportions respectively, of witnessing constants for the
quantifier’s scope within the domain of some interpretation M. By the latter, the
intensional quantifiers, we mean such quantifiers that are not of the extensional sort,
e.g. “many” and “few”. For these, as we will discuss shortly in greater detail, we will
require a more refined analysis of the distribution of witnesses for a quantifier’s scope
with respect to M. However, extensional quantifiers can be seen as a special case of



intensional quantifiers, in the following sense. We model intensional quantifiers in a way
that allows us to incorporate contextual information. Models of quantifiers where this
information is empty, i.e. it does not contribute to the evaluation, can be considered to
be extensional. On one side that means, absolute and relative quantifiers can be seen as
trivial cases of intensional ones, and intensional quantifiers without extra information
from context can be seen as extensional models of intensional quantifiers. Consequently,
the notion of absolute and relative quantifiers also applies to intensional quantifiers, while,
instead of singling out particular names for them, we rather only speak of absolute and
relative models of intensional quantifiers.

One more important feature is the arity of a quantifier Q. Arity refers to the number
of arguments! a quantifier can take. In [PWO06], in its most general form, a quanti-
fied sentence Qz1,...x,(FY,. .., Fy,) features a quantifier Q, which is binding variables
T1,...,Tyn, that may occur in several argument formulas F7, ..., F,,. Such quantifiers are
then said to be of Type (a1, ..., an), where a; is the arity of the formula F; (1 <i < m).
In natural language, binary quantification? (Type (1,1) quantification), where only one
variable is bound, is the most common form, as e.g. in “All humans are mortal”. In the
example, the predicate “human” is the range (restricting) predicate (let us called it H),
whereas “mortal” takes the place of what is usually called the scope predicate (let us
called it M). Then, a possible way to write the statement as a formula is Va(H (z), M(z)).
For unary quantification, i.e. Type (1) quantification, there only is a scope predicate, and
the quantification ranges over the whole domain, as e.g. in the statement “All [objects
from the domain| are blue”.

We will mostly focus on unary and binary quantifiers, while the general case of n-ary
quantifiers, with n > 3, only receives slight attention, as NL examples in that direction
hardly exist in frequently used language. However, we will show how certain expressions
of that kind, that are not expressible in Classical Logic, can neatly be expressed within
our framework L, (II). Summarizing the different angles to quantifier classification, we
give the following list:

e Quantifiers of Type I — IV (w.r.t. Definition 13).
e Extensional and intensional quantifiers.

e The arity of a quantifier.

For extensional quantifiers, i.e. the relative and absolute ones, we will first treat the
unary cases and only then work out how to deal with binary quantification, while for the

'Note that we sometimes refer to a quantifier’s scope as the quantifier’s argument(s). The reason for
that is that in [?] quantifiers are regarded as functions, as no distinction between syntax and semantics is
performed there.

2In [Zad85] Zadeh speaks of a classification of quantifiers into the first kind, second kind, third kind,
etc., rather than of unary, binary, ternary, etc., quantification. However, this is in conflict with Zadeh’s
own earlier terminology in [Zad83)].
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intensional quantifiers “many” and “few”, we will start with the binary case, which then
subsumes the unary case as well. This choice is conceptually motivated by the fact that for
extensional quantifiers an additional range to the scope reduces to simply restricting the
domain of discourse, which is fairly straightforward, while for our intensional quantifiers
the situation is more complex, as we will see when we introduce respective readings.
Quantifiers with an arity higher than 2 are considered in Section [4.5.3.

We consider the following basic natural language quantifiers (k > 0,q € [0,1]), where
the abbreviations Abs,Rel and Int indicate that they encompass absolute, relative and
intensional quantifier expressions respectively:

Absl: “exactly k7, “at least/ at most k7, “more than/ less than k”.
Abs2: “about k7, “at least/ at most about k”, “more than/ less than about k”.
Rell: “exactly (¢-100)%", “at least/ at most (¢-100)%”, “more than/ less than (g-100)%”".

Rel2: “about (g -100)%”, “at least/ at most about (g - 100)%”, “more than/ less than
about (q - 100)%”.

Intl: “many”, “few”.

Additionally to those, we can now fix some more quantifier expressions that are common
in natural language (k1, ke > 0 with k1 < ko2, and ¢1,¢2 € [0, 1] with ¢1 < g2):

M«

Abs3: “more than k1 and less than k9”, “more than k1 and at most ko”, “at least k1 and

less than ks”, “at least ki and at most ky”.

Rel3: “more than (g1 - 100)% and less than (g2 - 100)%”, “more than (g1 - 100)% and
at most (g2 - 100)%”, “at least (q1 - 100)% and less than (g2 - 100)%”, “at least
(q1 - 100)% and at most (g2 - 100)%”".

o«

Int2: “several”, “various”, “multiple”, “heaps of”, “loads of”.

We are now taking up the discussion again on the relation of vagueness in natural
language and intermediate truth values in fuzzy logic. Type I-IV quantification has
been used twice. The first and more informal hierarchy relates more to vagueness in
natural language, while the second and more formal one rather relates to formulas with
either classical or intermediate truth values, which is closer to the originally intended
distinctions of Liu and Kerre, i.e. the one of Definition [13. In the informal hierarchy of
quantification, the term vague is referring to an inherent vagueness of NL statements,
which often is expressed with the hedge “about” and also implicit when we use quantifiers



like “many” and "few”. Crispness, on the other hand, refers to formulas that only assume
one of two definite truth values, namely 0 for false, and 1 for true. On the quantifier
level, “for all” and “exactly 10” are good examples, while on the propositional level
it seems safe to say that “being mortal” or “being more than 20 years old” are crisp?
in the sense that these properties are either completely fulfilled or unfulfilled by any
conceivable witness. Definition 13| does not directly reflect these concepts. There, “vague”
is changed to “can attain intermediate truth values” while crisp still expresses “bivalency”.
Since the expressions [Absl], [Abs2], [Abs3|, [Rell], [Rel2], [Rel3], [Intl] and [Int2] are NL
quantifiers ([Abs2] and [Rel2] relate to vague ones, the others to crisp ones) which we
intend to model in terms of fuzzy logic, we have to consider the following. There are four
different cases for the quantifier level, while we always assume quantifier arguments to be
crisp:

e vague NL quantifiers can be of Type I (w.r.t. Definition 13), i.e. bivalent:

This is the way linguists usually treat vagueness, namely by not allowing for
intermediate truth values, even if the quantifier under consideration is clearly vague,
like “many”. Evaluations are based on (crisp) truth conditions., i.e. vagueness is
taken care of by considering context as an independent parameter of a bivalent
model.

e vague NL quantifiers can be of Type III (w.r.t. Definition 13), i.e. semi-fuzzy:

This is how fuzzy logicians often proceed, namely by giving truth functions for
vague quantifiers in the following way. The truth function of the relative quantifier
“about half” is 1 within a smallish area (for the acceptable tolerance) around the
value %, and then continuously approaches 0 on both sides. See e.g. Figure 4.4.

e crisp NL quantifiers can be of Type I (w.r.t. Definition 13), i.e. bivalent:

This is fairly intuitive and done by linguists and fuzzy logicians. The reasons seem
clear.

e crisp NL quantifiers can be of Type III (w.r.t. Definition 13)), i.e. semi-fuzzy:

This, again, is something that linguists do not commonly do, while fuzzy logicians
find this very normal. Perhaps the best reason is to achieve a certain level of
robustness of evaluations. Recall the introduction’s example involving a library
and 1.000.103 books.

A comprehensive study of the literature, see e.g. [vGO8, [Ali81] [dCO5], all lexica in the
world, e.g. [Ada79], and extensive talk with several specimens, reveals that people’s use
of quantifier expressions is not limited to the ones introduced above. However, it often

3Note that we fequently use the same term to refer to classical, i.e. bivalent, formulas, too.
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happens that certain expressions have assigned certain meanings that are already covered
by our chosen quantifiers, like for example the quantifier expression “most”, which has at
least two different interpretations or readings. For one, it is often understood as simple
majority [Pet00], i.e. for a set of 100 balls, we can say “Most of the balls are green”
as soon as “at least 51”7, or “more than half” of the balls have the property of being
green. Secondly, “most” often is read in the sense of “many”. For example, consider the
statement “Most people that have voted for Hillary Clinton in 2016 are unhappy that
Donald Trump won the presidential election.” Here, “most” expresses not the fact that
a simple majority of Clinton voters are unhappy with the election’s outcome, rather it
insinuates that a vast majority or even “almost all” voters are unhappy. Taking this
interpretation as one of the possible readings of “many” entails a respective semantics
that depends on a certain threshold value [FK96], which in turn can be seen as [Rell] or
[Rel2] expressions. On the other hand, “many” can be interpreted intensionally, based
on a notion of comparison, as we will handle it further down in this chapter’s Section
4.6. Unless stated otherwise, for us, “most” will always refer to the “(simple) majority”
reading.

4.1 Extensional absolute crisp quantifiers

For absolute (unary) Type I quantifiers, we consider the following base quantifiers, called
[Absl] above:

e “exactly k7, “at most k”, “less than k”, “at least k”, “more than k”.

Using those, we can also define various other quantifiers, by means of conjunction, called
[Abs3] above:

YW 7”@

e “more than kq and less than ks”, “more than k; and at most ks”, “at least k; and

"W

less than ks”, “at least k1 and at most ky”.

Based on the game rule for £2 in [FH17], we can give a quantifier game rule Rg\g,fg,

for absolute (unary) Type I quantifiers, as follows? (recall that the superscript of an R
preceding a rule indicates the associated game, here the N'RG-game):

R’H\gfg: If P asserts 32kzF (z), then, if O attacks, P chooses k different constants
c1,...,ck, and then O chooses one of these constants, say c¢;, and P has to assert
F (Cz)

“Note that we do not give a theorem on the correspondence of this game rule with its associated truth
function. This is because we do not wish to add this rule formally to ¥.o (II), as the formula leading to the
intended truth function is already expressible in Y., (IT). However, it is quite immediate that the payoff
for the proponent player matches the truth function of the defined expression introduced just below.
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We introduce the following terminology for notational convenience.

Definition 14 For a crisp formula F, we define®: ||F|| = X .cp vm(F(c)).

Also, for a condition A, we use I 4y as the indicator function for A:

1 if A holds
I { (4.1)

0 otherwise

Note that this latter function merely serves as a convenient notation, while a condition A
can be expressed in any way that admits assessing whether it holds or not.

We now define the following well known scheme [GI606], assuming equality = in the
language:

Definition 15 For a crisp Lo (1) formula F, and 1 < k <|D|, we define:

S

FZFeF(x) = Jwy .. Jag(
i=1

E(xi) AN (@i # 25)). (4.2)
i#]

Also, we define 320 = T,

It is relatively easy to see that the following theorem holds:

Theorem 14 [GIG06] For a crisp formula F, and 0 < k <|D|, we have:

om (IR E(x)) = Lyzsn- (4.3)

Game semantically, for a crisp formula F, it is clear that P has a winning strategy for
the game for 32*2['(x), if and only if there are at least k positive witnesses for I’ in D.
Hence, the payoff for P matches the truth value of the truth function just above.

Then, we define the following:
Definition 16 For a crisp Lo (1) formula F, and 0 < k <|D| —1, we define:

o kg F(z) = 32K 12 F(2)

o FhyF(x) = I2F gl (2)

5Note that this represents the cardinality of the extension of the £
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o Ik () = Iz F(x)

o Ful(z) =3Ikl (x) A Ik F(2)

The remaining special cases, 3=, 3>=1 I<IH1 gre constantly true, while 37, 3<0 are
constantly false. The quantifier AP is the same as V. Then, for 0 < ky, ko <|D| with
k1 < ko, we define:

o Jkvkelp () = IZRg () A IR ()

o Jknkalyf(g) = 3>k F(x) A3k ()
o kR gf(z) = 2R (2) A IR0 F(2)
o k) g f(z) = IR () A IR (2)

Theorem 15 For a crisp Lo (I1) formula F, and 0 < k, ky, ko <|D| with k1 < ko, we
have:

o om(FF2F(2) =Ty <)

o v (FFeE (@) = Ly o)

o vu(FFeE (@) = Ly gy

o v e () =T gy

o v (FRle () = T oy o)

o v (BFFIEE@) =1 2o ko)

o vm(BFF2E (@) = 1 oy )

® U (3(k1’k2)$p(x)) = H(HﬁHe(kl,k2))

Proof:
This is an immediate consequence of Theorem [14. O

Remark 13 The quantifier expressions that were introduced as [Abs2] above, can also be
understood as absolute (unary) Type I quantifiers, while the choices one can take, e.g. for
“about 107, are rather limited. The most obvious way consists in defining fixed tolerance
margins and simply express them by means of [Abs3] expressions.
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Theorem 16 For a crisp Lo (I1) formula ', and 0 < k, k' <|D| with k + ¥ =|D|, we
have®:

o I5hgF(x) = 3K - F(x)
o IZkpP(z) = - FF p-F(2)

Proof:
For k., k' and F given according to the setting of the theorem, we start by noting:

—I ke (x) = 35k F(x), and 3k F(z) = 3K 2—F ().
Together they prove the first item of the theorem. Then we see that:
Pk (z) = 32K o F(x).

Applying outer-negation and replacing F with the formula —F, yields the desired remai-
ning second item. O

4.2 Extensional relative crisp quantifiers

For relative quantifiers, we consider the following base expressions, introduced above as

[Rell]:

e “exactly (¢-100)%”, “at most (¢g-100)%", “less than (¢-100)%”, “at least (¢-100)%”,
“more than (q-100)%”.

Again, from those we can define various other quantifiers, introduced above as [Rel3], by
means of conjunction:

e “more than (¢; - 100)% and less than (g2 - 100)%”, “more than (g1 - 100)% and
at most (g2 - 100)%”, “at least (g1 - 100)% and less than (g2 - 100)%”, “at least
(g1 -100)% and at most (go - 100)%”.

For relative (unary) Type I quantifiers, we define the following quantifier models, based
on the II quantifier:

Definition 17 For a crisp Lo (II) formula Fandge ANAT, L}, with vpm(g) = q, we
define:

SRecall that = means the equivalence of two formulas, i.e. their truth values coincide.
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o FF(z) = A(g — Mk (x))
o 359 F(z) = A(lzF(z) — Q)
o FPUE(z) = ~A(llzF(z) — q)
o I<UzF(z) = ~A(7 — HxF(z))

A

o JgF(z) = A(zF(z) < 7)

For the remaining boundary cases we have: 3=, 320 are constantly true. 3<°,3>1 are

constantly false. 32,3 can be associated to V. 3=0,30 can be associated to —3. 30
can be associated to 3, and I<' can be associated to —. Then, for qi,Ga € A with
om(@1) = q1,vm(@) = 2, and q1 < ga, we define:

o du@lyfr(z) = 205 F(2) A ISLgF ()
o J@@lyf(y) = gL (2) AISCLE(2)
o @)y f(z) = 20y F (x) A I<CF(x)

o @) gF(z) = PUgF (x) A I<C2E(2)

Theorem 17 For a crisp Lo(IT) formula F and 4,71, @ € A, with vm(7) = ¢, vm(@1) =
q1,9Mm (@) = g2, and q1 < q2, we have:

4 UM(ElquF(‘T)) = ]I(PTOPM(F)G[qal])

o oM(F2F(2) =L iprop (7o)

b UM(EquF(‘r)) = ]I(PropM(ﬁ')G(qJ])

o V(BT (2) =T prop ()ci0.)

o v (FaF(z)) = L Propa(£)=q)

o UM(H[qhqz]xﬁ‘(x)) = H(PropM(F)E[QLQQ])

® U (3(q1,qz]xﬁ‘(x)) - ]I(PropM(F)G(QMIzD

° UM(H[ql’(p)xF(m)) = H(Propm(F)E[QLQQ))

o LB (2) = Lprp (Yelara)
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Proof:
The results are obtained by basic computations, however, to demonstrate the procedure,
we prove the fourth statement:

First, we have to note that we have to consider a crisp, i.e. bivalent, statement. Conse-
quently, the truth value must be either 0 or 1. It is 1 if and only if va(A(g — HxF(z))) =

A

0. This is the case if Propp(F) <gq. O

Remark 14 Quantifiers from [Rel2] can also be conceived as relative (unary) Type
I quantifiers. The relative (unary) Type III quantifier models ([Models 3]), based on
granular hierarchies, to be introduced below in Section |{.4.53, can serve as convenient
models for such expressions, when the granular hierarchy only contains one element.

Theorem 18 For a crisp Ly (IT) formula F,and q,q € [0,1] with ¢+ ¢ = 1, we have:
. Elgqxﬁ’(x) = ﬁ3<q/xﬁﬁ’(x)
o UL () = =F 1 F ()

Proof:
For ¢,q and F given according to the setting of the theorem, we start by noting:

—F 9 F(x) = 35 F (), and 3792 F (2) = 30— F(z).
Together they prove the first item of the theorem. Then we see that:
e f () = =327 2 F(x).

Applying outer-negation and replacing F with the formula —F, yields the desired remai-
ning second item. O

4.3 Extensional absolute semi-fuzzy quantifiers

The base quantifier expressions for this section are the following, introduced above as
[Abs2]:

e “about k7, “at least/ at most about k", “more than/ less than about k”.
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Of course, these can also be understood as absolute (unary) Type I quantifiers, as, e.g.
“about 5” could clearly be defined as “at least 4 and at most 6.” (tolerance 1), while our
focus in this section goes beyond this interpretation of solely adding fixed tolerances.
The main idea of Type III quantification is the one of having intermediate truth values
for statements like “About 5 students passed the exam”, as for example 0.9, if actually 3
students passed the exam, where only a tolerance of 1 is fully acceptable. Formally, we
can model these quantifiers employing a similar game rule as before for absolute (unary)
Type I quantifiers’:

RVRG, If P asserts 32kxF (z), then, if O attacks, P chooses k different constants

J>k
c1,-..,ck, and then N chooses one of these constants, say c¢;, and P has to assert

F(Cz)

This rule is based on the rule of Section 4.1. While there the opponent player O chooses
among the constants selected by P, it is now nature N who does so. This is meant to
relax the evaluation criteria and hence to increase robustness. The same principle applies
to the definitions of quantifiers further down in this section, where the junction of two
statements is modeled by 7 rather than A.

As before, we can express the quantifiers captured by this rule schema syntactically,
assuming again = in the language:

Definition 18 For a crisp Lo (I1) formula F, and 1 < k <|D|, we define:

ZreF(x) = 3oy .. Jap(nl F(x /\ Ty # x5)) (4.4)
i#j

Also, we define 320 =T
It is then relatively easy to see that the following theorem holds:

Theorem 19 For a crisp Lo(I1) formula ', and 1 < k <|D/|, we have:

om (3R F(x)) = sup{ Z vm(F(c)) : Dy C D such that | Dy |= k}. (4.5)
ceDy,

Also, it holds va (3202 F () = 1.

"Note that we do not give a theorem on the correspondence of this game rule with its associated
truth function. This is because we do not wish to add this rule formally to the setting, as the formula
leading to the intended truth function is already expressible in L., (IT). However, it is quite immediate
that the payoff for the proponent player matches the truth function of the defined expression introduced
just below.
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Proof:

Since 1 <k <[ D|, it is of course possible to fulfill the right conjunct, A, .;(x; # z;), of
the formula. Also, it has to be fulfilled in order not to render the whole statement wrong
entirely. This means there are sets Dy C D of cardinality & of constants that make for &
instances of F, and due to the existence quantifiers, a set that maximizes the truth value
of 7% | F(x;), which is T > ceDy vpm(F(c)), determines the eventual truth value. 0

By closely looking at both constructs, the game rule and the syntactic representation,
one can see that the (expected) payoff for P matches the defined truth function. Then,
as before, we can define the corresponding quantifiers as follows:

Definition 19 For a crisp Lo (1) formula F, and 0 < k <|D| —1 we define:

The remaining special cases 3> 3<0 gre constantly false. 3= gre constantly true, and
I can be associated to 11. Then, for 0 < ki, ko <|D/|, with k1 < ko, we define:
o Jkvkelp () = IZhg P () m Ik p ()
o Abrkelyf(z) = PFg () m IR0 (x)
)

) )
[ ;l[klka):EF‘(x) = gzklxﬁ'(x) T §|<k2$F($
) )

Theorem 20 For a crisp Lo (II) formula F, and 0 < k,ky, ky <|D| —1, with ki < ks,
we have:

o up(3FaF(2)) =
O - SW{ ey vM(~F(€)) : Dy g € D such that | Dy |=| D| —k}

o o3P () =
k-1+1 sup{Ycepy., vm(F(¢)) : Dpyy C D such that | Dyyq|= k +1}
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o v (THFHIgE () =

= o S Xcenyy  vM(SF(€) : Dy C© D such that | Dy |=| D| =k}

o vy (FaF(x)) = ”M(g'zkmp(x));”M@S’“wF(r))

The truth functions of 3> 3<0 gre always 0. The one of 3= is always 1, and the one
of I is Propy. Then, for 0 < ki, ky <|D|, with ky < kg, we have:

e U (é[kl,kz]xﬁ(x)) _ vM(QZklxﬁ(m))gvM(ggkzzp(x))

o vy (ke () = UM(§|>kll‘ﬁ(90));UM(§I§k2xﬁ‘(x))

° UM(gl[k1,k2)xﬁ(x)) _ v/\/t(éZklxF(:C));UM(§<k2xF(x))

o up (AR () = ”M(§>k1xﬁ(x));ﬁUMG“?xF(z))

Proof:
This is an immediate consequence of Theorem [19. O

Corollary 1 For a crisp Lo (IT) formula Foand 0 < k, kq, ko <|D|, with k1 < k2, we

have:
o up(FZFaF(z)) =1iff ||| >k
o up(3FaF(2)) = 1iff |F|| <k
o v (FPFzF(z)) = 1iff |F|| > k
o v (3FzF(2)) = 1iff |F|| <k

o v(FFaF(x)=1iff |F|| =k

o v(AFElL P (2)) = 1iff ||[F)| € [k, ko)
o vp(AFrRz P(z)) = Tiff |[F|| € (ki ko]
o vp(AFEIeE(2)) = Liff ([P € [k, k)
o up(FER) B (2)) = 1 iff ||| € (K, ko)
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Proof:
The results are obtained by basic computations, however, to demonstrate the procedure,
we prove the first statement:

A

That means there is a set Dy C D such that | Dy [= k with 3" .cp vm(F(c)) =
Since Y .cpr vm(E(c)) < k for all D' C D with | D' |= k, we have vy (32FzF(z)) =
% -k = 1. On the other hand, if there are less than k positive witnesses of F', we have
> ceD, vm(F(c)) = 2 < k. Hence, vy (F2kaF(z)) = 1rz<l O

We prove by case distinction. Assume there are at least k positive witnesses of F.
k

Remark 15 Additional quantifiers, like e.q. “more than about k1 and at most about ki 7,
can freely be define by means of conjunction.

4.4 Extensional relative semi-fuzzy quantifiers

This section’s prototypical quantifiers are the following relative (unary) Type III quanti-
fiers, introduced as [Rel2] above:

e “about (q-100)%”, “at least/ at most about (g -100)%”, “more than/ less than
about (¢ -100)%”.

Those can be modeled in various ways and then freely be combined to arrive at models
for, e.g. “at least about a third and at most about half”. Perhaps the simplest way of
getting adequate models is to take the models for the relative (unary) Type I quantifiers
and just remove all the Deltas from the definitions (note that in this case we will not
anymore distinguish between “more than/ less than about” and “at least/ at most about”).
Other methods comprise the models of blind choice and deliberate choice quantifiers
[FR12, [FR14], a method based on the idea of granular hierarchies [Yao0ll Kee09, XYJ13],
and methods based on an augmented version of the II quantifier, which corresponds to
random samples without replacement, called II/*. We summarize our classes of relative
(unary) Type III quantifiers as follows:

M 1: Quantifiers based extensional relative crisp quantifiers and dropping the Deltas.
M 2: Blind Choice and Deliberate Choice quantifiers.

M 3: Quantifiers based on granularity levels.

M 4: Quantifiers based on random sampling without replacement and strong conjunction.
M 5: Quantifiers based on random sampling without replacement and strong disjunction.

M 6: Quantifiers for querying databases.

55



4.

QUANTIFIER MODELS

56

4.4.1 Quantifiers based extensional relative crisp quantifiers and
dropping the Deltas

This section’s models are based on those of Section |4.2. The main difference is that
we removed the Delta operator that made the expressions crisp. As a consequence, the
distinction between “more than/ less than about” and “at least/ at most about” becomes
rather insignificant and is hence omitted.

Definition 20 For a crisp Lo (IT) formula F andq,q1,qz € A, with vpg @) = ¢, om(q) =
1,9 (@) = q2, and q1 < q2, we define:

o I29xF () =g — IaL(x)

o 3SUpf () =zF(z) —

o JzF(z) =zF(2) & 7

o Jaralyf(z) = 3202 (2) A IS22F ()

Theorem 21 For a crisp Lo (I1) formula F and q,q1,q € A, with vy @) = ¢, om(q) =
q1,9m (@) = q2, and q1 < g2, we have:

3292 F(z)) = min(1,1 — ¢ 4+ Propp(F))

(

° ’UM<§§q5L‘F($)) =min(1,1+ g — Propm(F))
(
(

92 F(z)) = 1 — max(Propy(F), q) + min(Propy(F), q)

Proof:
The results are obtained by basic computations. O

Corollary 2 For a crisp Lo (I1) formula F and 4, @, € A\, with v @) =q,om(@) =
q1,9m (@) = q2, and q1 < q2, we have:

A

o up(F292F () = 1 iff Propap(F) € [g,1]

(

° UMGS%F(:U)) =1iff PropM(ﬁ') € [0, 4]
(gquﬁ’(:z:)) =1 iff PropM(F) =gq
(

Jaelyf(x)) = 1 iff Propu(E) € [q1, q2]
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Proof:
The results are obtained by basic computations. O

Remark 16 As the Corollary shows, these models need a tolerance margin to be added
manually if one wants to have one. This can be achieved straightforwardly. Also note that,
since we assume an about-hedge for the basic NL quantifiers, we spare strict comaprisons,
as they seem not to contribute anything significant to the intended meaning.

4.4.2 Blind Choice and Deliberate Choice quantifiers

This section’s models are based on [FRI14]. While blind choice quantifiers are merely
restated for the sake of a self-contained and sufficiently complete presentation, we consider
deliberate choice quantifiers in two different settings. The first account models them
in what we will call the randomized Hintikka game, i.e. Hintikka’s game with the II
quantifier over fuzzy interpretations. The second account will model deliberate choice
quantifiers directly in L (II).

Blind Choice Quantifiers

One class of semi-fuzzy quantifiers is blind choice quantifiers. In [FR14] the authors
introduce two blind choice quantifier rule schemata and show how all other possible ones
can be reduced to them. Those two are GX, and Lk, for k,m € N%:

ngg If P asserts Gﬁlﬂfﬁ (x), then, if O attacks, N chooses a list of m + k occurrences

of (not necessarily different) constants ¢y, ..., cmyxs. Then, O must assert —F(c;)
for all i € {1,...,m}, and P must assert F(¢;) foralli € {m +1,...,m+ k}.

RRG

m

: If P asserts L’fnasﬁ’(x), then, if O attacks, IN chooses a list of k£ + m occurrences

of (not necessarily different) constants c1, ..., ¢jpm. Then, O must assert F'(c;) for
all i € {1,...,k}, and P must assert =F(¢;) foralli € {k+1,...,k+m}.

The idea behind blind choice quantifiers is that the players place their bets unaware of
the identity of the sampled constants. Hence, the defined truth functions, that, for P,
payoff-wise match these game rules, are:

o up((GE 2B (2)) = min(1, max(0,1 — k + (m + k) - Proppm(F)))

o up(LE 2F(2)) = min(1, max(0,1 4 k — (m + k) - Propp(F)))

8Note that the following rules adhere to the principle of limited liability, i.e. P can always hedge her
loss by asserting .
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Their aim then is to derive a representation theorem, in terms of the connectives and
quantifiers from the randomized Giles game from [FR14], for each of them. While the ones
in [FR14] are incorrect, corrected versions in Fermiiller’s handbook article in [CEN15]
make use of truth constants.

Theorem 22 [CENIS] The blind choice quantifiers LE, and G%, for all m,k > 1 can
be expressed in L(II) enriched by certain truth constants via the following reductions (a
denotes the truth constant for a € [0,1]):

A

o um(GhaF(2)) = vm([-~(MzF () = (k= 1)/(m + k))]Z*")

o um(LhzF(2) = vpu([((L+ k) /(m + k) = Lz F(2))]3)

Remark 17 In the theorem, it is clearly enough to restrict to truth constants referring
to the rationals within the real unit interval. Also, for G* if k =0 and for LF, if m =0,
the truth functions become constantly 1. On the other hand, (1) for G% if m = 0 the
truth function becomes min(1, max(0,1 — k + k - Propp(F))), and (2) for LE, if k =0

A

the truth function becomes min(1, max(0,1 —m - Propam(F))),

Deliberate Choice Quantifiers: Representation in K[Z(II)

Deliberate choice quantifiers are another important class of semi-fuzzy quantifiers that
are based on the random selection principle [FR14, [CEN15|. They have been introduced
extending Giles’s game enriched with the II quantifier, which we call RG-game’. Players
place rational bets on numbers of random instances, i.e. unlike with blind choice quantifiers,
players now know about the identity of constants a prior to betting on them. Thereby
they provide payoff schemes!®| that are supposed to model natural language quantifiers,
like “about half” or “about a third”.

Rﬁg : If P asserts ana:F (z), then, if O attacks, N (uniformly) randomly chooses k& + m

(not necessarily different) constants. Then, P picks k of those constants, say
1, .. ¢, and asserts F'(c1),..., F(ck), while also asserting ~F(c}),...,~F(c,),
/

where ¢}, ..., ), are the remaining constants.

In [FR14], the authors show that the associated payoff for P matches the following truth
function:

om(Ih e () = (’“ *,;m) (Propm(P)F - (1= Propu(F)™. (4.6)

?Note that there the underlying language is the one of L.(IT).
10Note that the following rule adheres to the principle of limited liability, i.e. P can always hedge her
loss by asserting .
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Taking II as semi-fuzzy quantifier, i.e. the scope of II must be crisp, there is no
representation of deliberate choice quantifiers in L(IT), while when taking IT as fully-fuzzy
quantifier, i.e. fuzzy scopes are permitted, we can express them in L(II). However,
as we have shown in [FHI17], to that end we do not make use of strong Lukasiewicz
conjunction or Yukasiewicz implication, which means we can represent deliberate choice
quantifiers in what we call the RH-game. This game is Hintikka’s game, enriched with a
rule for the quantifier II, over fuzzy interpretations. Therefore, the corresponding logic
is Kleene-Zadeh logic enriched with the II quantifier, with the defined truth function
Propa. We call this logic K1Z(IT), while logical consequence and validity are captured
by strict analogy with the logic KI1Z.

Let us consider the following two rule schemata'':

REM: If the current formula is I}z F (), then N (uniformly) randomly chooses k (not
k

necessarily different) constants, and then the player acting as O can decide for
which constant the game continues with F'(c).

RQ\Z,{ If the current formula is Iz F'(x), then N (uniformly) randomly chooses k (not

necessarily different) constants, and then the player acting as P can decide for
which constant the game continues with F'(c).

One can take these two rule schemata as augmenting the RH-game, given that we also
augment the underlying language with the respective symbols. However, we will see
shortly, in the proof of Theorem [23, how these quantifiers can syntactically be expressed
as K1Z(IT) formulas, without augmenting the language. Theorem 24 states the explicit
correspondence between rules adhering to the general Rule Scheme, defined below just
before Theorem 24, and its syntactic representations.

Then, the following theorem holds:

Theorem 23 For crisp KIZ(I1) formulas F, and k > 0, we have:
o vp(IpzF (x)) = Propp(F)*
o v(IYzF(z)) =1 — (1 — Propp(F))*

Proof:
It is relatively straightforward to see that the payoff for the proponent, associated to the
rules Rgﬂ, Rﬁ@*, matches the truth functions of the following nested formulas:

k k

1Tp the upcoming two rule schemata, note that N chooses the constants with replacement, i.e. the
chosen constants are not necessarily different. This corresponds to independent choices.
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A

o Ilzy.. ka(ﬁ(fm) NN F(ay))
o Mxy... Map(E(x1) V-V Fay))

This is due to the fact that, in the rules, N first chooses k constants independently, and
then O (or P respectively) can minimize (or maximize respectively) P’s payoff.

Hence:
viMpzF (@) = 2 Seep  Derepmin(uam(F(c})), ..., um(F(ch))), and
M zF(2)) = B - Cerep - Lerepmax(va(F(e])), .., um(F(cF))).

For the first equation, we observe that (1), since Fisa crisp formula, i.e. true or false
for each constant, the minimum is zero if one or more constants lead to a negative
evaluation of F'. Let us fix the number of constants leading to positive evaluations as
z€{0,...,| D |} (note that Prop(F) = \%I) For the second equation, we observe

that (2) v (I 2F () = va(IlzF(z)), and that the following reduction equation holds
for all £ > 1:

om (I 2E(x)) = Propm(F) + (1 — Proppm(F)) - v (T 2 F ().
We may hence conclude, that (Propay(EF) =p=1—q):

opm (M E(z)) =W = Propp(F)*, and

Sk
|D[*

Mz (2)) =@ (1-q) - Xh b = (1—¢q) 24 = 1- (1 - Propu(F)*. O

Corollary 3 For crisp KIZ(II) formulas E, and k > 0, we have:

om(IY 2P (@) = vag(~ITpa—E (x)) (4.7)

The corollary follows directly from Theorem [23. The winning conditions for the player I
are, that, in case of II}, all independently and (uniformly) randomly chosen constants
lead to a positive evaluation of 2 , or, for I, that there is at least one such constant.
In the following, we show how we can produce more involved game rules that allow
for expressing binomially distributed success probabilities for the player I of winning
the game. The general rule schema, provided in [FHIT], captures all possible formulas
built from variants'? of a formula F by using only A, V,—,V,3, as well as 7 and II. It

12 A variant of F(z) results from uniformly renaming all free occurrences of the exhibited variable  in
F. In particular F'(z) and F(y) denote variants of each other.
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should be noted, that the Rule Scheme admits rules corresponding to game rules for the
propositional connectives A, V, 7, of arity k in [FH17], and hence here in this section.
The general Rule Scheme can be expressed in the following form:

Rule Scheme for QzF(z):

Each move of the rule refers to some X € {O,P,N}, where the player (in role) X may
do just one of two things:
(A) choose a constant, or else

(B) choose among a finite number of given options for continuation; i.e. X chooses either

a subsequent move or a particular instance F'(c¢) (plus potential role switch between I
and You) with which the rule ends, where ¢ is from a specified number of previously
chosen constants.

The following theorem is then quite natural:

Theorem 24 [FH17] Let G be a formula built up from variants of a given formula F(x)
using the connectives /\le, \/le, szl, (k > 2), = and the quantifiers ¥, 3, and II, such
that all exhibited variable occurrences are bound. Then G translates into a game rule
instantiating the scheme for the quantifier Q¢ specified by va(QarF(x)) = vpm(G).

Proof:

By analogy with the arguments in [FR14] and [FH17|, we can interpret RH-games as
restricted versions of N'RG-games in the following way. We disregard the rules for
implication, the object quantifier corresponding to strong Y.ukasiewicz conjunction, and
all propositional quantifiers. Then, any state is either of the form [|H], indicating a
role distribution I : P/You : O, or of the form [H|], indicating a role distribution
You:P/I: O, for a formula H. To capture negation, we let states alternate from [|—F]
to [F|] and from [—F|] to [|F], i.e. we perform a role switch. When we arrive at the
atomic level, after having decomposed the initial formula G to an atomic formula A, if the
state is [|A], the player I wins if (A) =1 —wvam(A) =0, and loses if (4) =1 —vp(A) = 1.
Accordingly, if the state is [A|], the player You wins if (A) =1 —vp(A) =0, and loses if
(A)=1—vm(A) = 1.

In the proof of Theorem |4, the argument for m extends straightforwardly to the k-ary
case. Then we need to note that we can push negations in G to the atomic level, as we
have the following equivalences.

o (N F) = Vi -F,
o ~(ViL|F}) = Al —F;
o ~(m, F) = mi,~F;
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o VrF(z)=3Jx—F(x)
o ~JxF(z) =Va-F(x)
o IxF(z)=Mz—F(x)

Consider G’ resulting from G by pushing all occurrences of — to the inside as far as
possible. Then, we arrive at G” by replacing all consecutive occurrences of negation
symbols, in front of atoms, that correspond to an uneven number, with one negation
symbol. Also, we entirely remove all consecutive occurrences of negation symbols, in
front of atoms, that are multiples of two. Then, we use the following correspondence
to build a rule for G”, which is equivalent to G, adhering to the Rule Scheme. The
quantifiers V,3,II correspond to moves of type (A) with a player in role O, P or N
respectively. Analogously, the connectives /\le, \/’f:17 775-“:1 correspond to moves of type
(B) with a player in role O, P or N respectively. When all connectives and quantifiers
are eliminated, we check whether there is a role switch to be performed, and eventually,
the game ends with the evaluation of the remaining atomic formula, as described above.
O

The rules Rﬁﬂ, RE@* can now be identified with the instantiation of the Rule Scheme

k k
with respect to the formulas presented at the beginning of the proof of Theorem [23. Let
us consider another example.

Example 2 Let G = llz(—=F (z)r3y(F (y) VVz—F\(2))). The corresponding rule that can
be extracted with respect to the Rule Scheme is this one:

Rgz[ If the current formula is QgzF(z), then

1 [type (A) move for N]: N chooses a constant c.
[type (B) move for NJ: N chooses between 3 and 4.
[end]: The game continues with F'(c) after role switch.
[type (A) move for P]: P chooses a constant d.
[type (B) move for P]: P chooses between 6 and 7.
[end]: The game continues with F'(d) (no role switch).
[type (A) move for O]: O chooses a constant e.

[end]: The game continues with F'(e) after role switch.

In [FHI7], we showed how the following recursive definition of quantifiers leads to a
truth function matching the one of the deliberate choice quantifiers (recall I}z F(z) =
Yz F(x) = HaF(z)):
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Definition 21 For a crisp KIZ(I1) formula F, and k,m > 0, the quantifiers an are
given by:

Mz F(x) = M F(z), 10,z F(x) = ) z—F(x), and

ek (o) = Ha((F(2) AL, y=F(y) v (2F () ALy F(y).

Note that we again use the symbol Hfﬁz in this setting of Hintikka’s game enriched with
the II quantifier, as we did for the deliberate choice quantifiers, which are objects of L(II).
This seems uncontroversial as the distinction of settings is made explicit throughout the
presentation.

Theorem 25 [FHI17] Applied to crisp KIZ(I1) formulas F, and k,m > 0, the truth
functions for TIE are as follows:

om(IF 2F(2)) = (’“ ;m> - Propap(E)F - (1 — Propa(E))™. (4.8)

Proof:
The two base cases, where either k or m are 0, follow from Theorem [23. For the case
k =1 we argue as follows. Writing v¥, for va((II¥, 2 F(z)),0F, for vy (I1E,2—F(z)) and p

A

for Propa(F') we obtain:

Urln—i-l :p'ﬁgr)n—ﬁ-l—i_(l_p)'v}n

and hence by Theorem 23| and induction on m, we have:

vhp=p-A=p)"H+(1—p) (" p-(1—p)m =
=m+1+1)-p-(1—-pmtl = (mf2)~p-(1—p)m+1.

The case for fixed m = 1 works by analogy. Generally, for m > 1,

ot =p T+ (L= p) vy
and therefore, by induction and Footnote |14,

k+1 _
Uy = =

=p- (") pb (1= p)m + (1 —p) - BT R (1)t =

(M A (1= p)m,

The case for increasing k while fixing m works analogously. O
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We now provide the explicit game rule schema, adhering to the Rule Scheme, with a
payoff for the player I that matches the afore-mentioned truth functions of Hf%. The
following rules are supposed to be understood as applied to a crisp scope formula F. Let
k,m be natural numbers greater than zero', i € {1,...,k +m}, and j € {0,...,m},
then we define the following game rule schema (starting with move af):

Rﬁgj If the current formula is II¥ 2 F'(x), then, for all j € {0,...,m — 1} with i €
{1+4,....k+j}:

J

(2

a; : N chooses a constant c;.

ﬂg : P decides between ’yij and ’yg L,

° %j : O decides whether to end the game with F(¢;), or to continue the game
with move o7 ;.

° %jJrl: O decides whether to end the game with F'(¢;)4role switch, or to

: . 1
continue the game with move ozgj_rl.

Ifj=m(ori—j=k+1):
o)

7+ N chooses k+m + 1 —1i (or m — j) constants.

ﬁf : O decides for which of these constants the game continues with F(c) (or F(c) +
role switch).

We capture the behaviour of this game rule in the following theorem. Note that, since we
are dealing with randomized payoff, we are employing Definition 4] rather than Definition
2. Although Definition 4 can be applied as it stands, we can here also spare the reference
to € > 0 (recall that this just means we read the same definition while deleting the
references to € in it).

Theorem 26 Let a crisp KIZ(II) formula F be given. Then, vy(I1F 2 F(x)) = w in a
fuzzy interpretation M iff the RH-game for TIE xF'(x) is (1 — w )-valued for the player T
under risk value assignment (-) matching M..

Proof:

To terminate the game for II¥ it is necessary that either the subscript or the superscript
of Tk, becomes zero first, while Figure 4.2 shows how the decrementing of the scripts of
IT* corresponds to the incrementing of the scripts of . Hence, we distinguish these two

A

cases (Propm(F) = p):

1, The superscript of II¥, is zero first:

13Note that rules for either one of these numbers being zero, or even both, are trivial.
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Figure 4.1: Flow of the game rule R%7, for fixed i.

Hk’

Scripts get decremented by 1, hence to get a superscript equal to 0, i.e. being in one
of the situations I19,,...,TI9, we have to come from one of the situations II},, ..., II}
with probability p. To those the player I comes with probabilities (k 1+0) pk*1 (11—

R 1221 1)) -pF=1.(1—p)™~1. And from those, the player I departs with success
probabilities (1 — p)™,..., (1 — p)!. Hence together, the success probabilities for the
player I are:

—1 (k—1+i
o ) P -
2, The subscript of IT¥, is zero first:

As scripts get decremented by 1, one gets to a subscript equal to 0, i.e. to one of the
situations ng, ..., I}, by coming from one of the situations H’f, ..., T} with probability 1—
p. To those, the player I comes with probabilities (m—01+0) PV (1—p)m1 ., (mfllj_(ffl))-
pF~1.(1—p)™~1. And from those, the player I departs with success probabilities p¥, ..., p'.
Hence together, the success probabilities for the player I are:

k— —141
it (M) M- (L =-p)m
It now remains to show, that:

(1) =i () + 2 ().
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Figure 4.2: Flow of the game rule R{%Z" as 1 increases.

The cases where m = 1, or kK = 1 are checked easily. For bigger numbers we prove the
statement by induction, and (1) assume that k& > 1 is fixed first. We now fix also m and
assume (induction hypothesis IH) the equation holds. We now have to show that:

k+m-+1 k—1+i k—1 (m+i
TR =2 (1) + 250 ()
The following computation holds'*:

(45 = G (57 =0 () + ! () + X ()

We compute:

Sie (M) =iy (MY =Sy = () =

(2

14 As we have (’;Ll) = (:”) + (T_T‘L_l)7 forn>0and 0 <7 <n.
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=SS = () = =X ().

The last equality follows directly from the equation of Footnote |14. Hence it remains to
show:

k+my _ (k=14 1+4
G = (0™ + i ().
After a simple rearrangement, it remains to show that:
k=2 (m+iy _ (k+m—1
Xizo (M7 = (00,
which follows from a side-induction on k > 1:

For the side-induction start, we note that for k& = 2 we have:

(0 =1=("" ="

S ()
The side-induction hypothesis (sI.H.) is that, for an arbitrary but fixed k > 2, we have:

i (")

(3.

As to the side-induction step, we compute:

k+1)—2 /m+i —2 rm+i m—+k— sI.H. m— m—+k—
SRR () = SR () (k) s T (R (ke =
= (k) = (BEEm

—1 k+1)—2

The second last rewriting step is due to Footnote |14.

Part (2) of the induction, when m > 1 is fixed first, proceeds by analogy. O

Deliberate Choice Quantifiers: Representation in t.,(II)
The following theorem gives a representation theorem for deliberate choice quantifiers,

in the L, (II) setting, that employs the defined - connective, rather than nesting of
quantifiers.

Definition 22 For a L, (II) formula F and a positive integer k we define:

F¥=F... . F, with k occurrences of F. (4.9)

It is clear that, vp(FF) = v (F)".
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Theorem 27 [Hof18]For crisp Lo (1) formulas F', we have:

1is()y.

(I 2B (@) = o (e F (@) - (MamF ()™ (4.10)

Proof: ke
op (B (2))* - (TamF ()] =) =

= min(1, (*}7) - oa(MaF(2)F) - op([a=F(2)™)) =

= min(1, (*/7) - o (e F (2))* - v ([Ta-F(z))™)
= min(1, (kjnm) - Proppm(F)* - (1 — Propp(F))™) =

= (**™) . Propp(F)F - (1 — Propp(F))™. O

m

4.4.3 Quantifiers based on granularity levels

An idea going back to Zadeh [Zad79], being carried out much in recent years, is granular
computing [PSKO08|]. The idea is to attach a level of granularity to certain scenarios,
hence making objects indistinguishable with respect to some (equivalence) relation, which
corresponds to having tolerance margins, or intervals, around some crisp value. We
extend this idea, which is applied to vague concepts in [Yao0l], to model relative (unary)
quantifiers of Type III [Hof16b], but also show how the same idea can be used to model
relative (unary) Type I quantifiers [Hof16b].

Example 3 The quantifier expression“about half” can be associated with several accep-
tance intervals, e.g. [37.5%,62.5%], [456%,55%], [49.5%,50.5%)], or others. We can
partition the unit interval in arbitrarily many different ways, where each partitioning then
corresponds to some level of granularity. Having several such levels, we can talk about a
granular hierarchy [Kee09, [ XY.J13, [Yao0l]. However, following everyday experience, we
propose the following systematic refinement procedure:

e 3-partitioning, e.g. “small numbers”, “about half”, and “large numbers”.
partitioning intervals: [0,3),(3,2),[3,1]

»ow@

e S-partitioning, e.g. “nearly none”, “several”, “about half”, “most”, “almost all”.

partitioning intervals: |0, %), oo lE:, 1]
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e 7T-partitioning, e.g. “nearly none”, “small numbers”, “several”, “about half”, “most”,
“large numbers”, “almost all”.
partitioning intervals: |0, %), e [g, 1]
e tenner-partitioning: (About) 0%,10%,20%, . ..,90%, 100%.
partitioning intervals: |0, %), [%, 23—0), A [%—g, %), [%, 1]
e fiver-partitioning: (About) 0%, 5%, 10%, 15%, . ..,90%, 95%, 100%.

partitioning intervals: [0, 45), 45, 55), - - -» [35, 59), [32, 1]

’ 40

407 40

e oner-partitioning: (About) 0%, 1%, 2%, 3%, ... ,98%,99%, 100%.

partitioning intervals: [0, 555), (555 i [%, %), [

199
2007 200 1]

40

decimal place-partitioning: (About) 0%,0.1%,0.2%,0.3%, . ..,99.8%, 99.9%, 100%.

1 1 3 1997 1999 1999
» 3000 )> [ 7600 30600)> - - - » 2000 2000|2000 1

partitioning intervals: [0
These classifications are, of course, somehow freely defined, and may hence be changed
accordingly. However, taking for example the 3-partitioning, an arbitrary set of objects
and an arbitrary crisp property, e.g. 100 people and the property of being a student, one
probably could agree that there might be someone who would consider a number of 29
students among the 100 people to be a relatively small number. Similarly for all other
partitionings.

To describe the semantics of some relative (unary) Type III quantifier Q, we need to fix a
finite number of such levels of granularity, say GLy,...,GLpng, mq > 1, with respect to
which we can evaluate respective statements. In the present case, for statements of the
kind “about half (of the domain elements) fulfill property F'”, we then have acceptance
intervals'®| as follows:

e [}, 2) (S-partitioning)
e [2,2) (5-partitioning)
° [%,%) (7-partitioning)

51.¢. the statement is true if Propu (F) is an element of this acceptance interval.
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0.9 0.9

0.8 0.8

0.7 0.7

0.6 0.6

0.5 0.5

0.4 1 0.4

0.3 0.3

0.2 0.2

0.1 0.1

Figure 4.3: left: truth function of “about half” modeled by a granular hierarchy with
only one element, i.e. only one granular level, namely [0.49,0.51]; right: truth function of
“about half” modeled by a granular hierarchy with seven distinct granular levels, namely
the 3—,5—, 7—,tenner- fiver-,oner- and deciaml place-partitioning of Example |3.

[45,55) (tenner-partitioning)

[47.5,52.5) (fiver-partitioning)

[49.5,50.5) (oner-partitioning)

[49.95,50.05) (decimal place-partitioning)

Remark 18 [t seems important to remark that different levels of granularity are not
merely a tool to model that different agents may tolerate smaller or larger deviations
regarding the same scenario. Different levels of granularity should also be seen as referring
to entirely different situations, where once a smaller and another time a larger tolerance
margin is what is needed to model vague quantifier expressions adequately. For the latter
use, Vetterlein [Vetll] has contributed convincing arguments.

Formally, we define a granularity level and granular hierarchies as follwos:

Definition 23 A granularity level GL corresponds to a partitioning of the real unit
interval [0, 1] into finitely many disjoint intervals Ay, ..., Ame,, mar > 1, such that
Ui2G" A; = [0,1]. A granular hierarchy g consists of a set of granularity levels.

Definition 24 Any relative (unary) Type III quantifier Qq, based on a granular hierarchy
g, comes with a set {GL1,...,GLyo}, mq > 1, of granularity levels, corresponding to
g, such that each such level has a unique acceptance interval I, for Qg. That means
if Qqcr; denotes the quantifier Qg restricted to the granularity level GL;, and I, =
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_ + . — + — o _
QG gLl with 2612961, € A such that vmlaqer,) = Zqgcr, and
UM(ZSQ GLi) = zgg cr,» we define for a crisp formula from Lo (IT) enriched with a k-ary
w fork > 2:

o QorzF(x) = A((MeF(x) = 28 . 01) N (2qg.arn, — TzF(2)))
o QurF(z) =7 §QqaraF

Theorem 28 For a crisp formula F from Lo (I1) enriched with a k-ary m for k > 2, and
relative (unary) Type III quantifier, based on a granular hierarchy, we have:

* om(QqeraF (@) = min(lp, o, (5225, oy MPropm(B)=ag, 61

S V(A2 F (@) 28 | o) INzg 4 op, ~T2F (@)
mQ

o um(QuuF(x)) =

Proof:

For the first claim, we note that, since there is a Delta in front of the conjunction, both
conjuncts have to be fully true, in order to make the whole statement true. This is the
case if both, Propay (13’) > 2qar, and Propum (13’) < ZEQF,GLN are true. This is exactly
what the stated truth function expresses. The second claim follows directly from the first.
O

Remark 19 When one restricts attention to granular hierarchies with only one element,
one immediately gets models for relative (unary) Type I quantifiers.

The models Q  can of course be weakened or strengthened by replacing 7,3 by Vi$ or
/\?ic’1 respectively, according to intended usages. The merit of this approach to modeling
vague natural language quantifiers is the flexibility that comes from allowing for different
ways to make vagueness crisp. This reflects different opinions of distinct speakers, while
the overlapping operation, modeled by a k-ary m connective, gives us the average of of
individual crisp values as the final truth value of a statement.

4.4.4 Quantifiers based on random sampling without replacement
and strong conjunction/ strong disjunction

Nature selects witnessing constants uniformly randomly. In a formula, each II quantifier
stands for choosing one constant from D. When more than one constant is chosen, due
to the appearance of more than one Il quantifier, then, each time, Nature will choose
again from the whole set of constants D, hence the picks are meant to be stochastically
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independent and performed with replacement (w.r.). New quantifier models arise when
we allow for uniform random selection of constants, where Nature can choose more than
one constant at once, hence without replacement (wo.r.), which then need to be different.
Above, when we treated the case of relative (unary) Type I quantifiers, we have seen
game rules, where P chooses several different constants. There, we already saw how it
can make an important difference to demand that the witnesses not be identical, and
the same applies when Nature acts, as the probabilities for certain events, that we are
interested in, increase. For large domains it might seem neglectable, however for finite
domains interesting consequences pop up. Unlike deliberate choice quantifiers, which in
[FR14] undergo an artificial modification procedure to cope with the defect that the truth
functions are always bound by certain numbers smaller than 1, the augmented (uniform)
random selection principle allows for defining convincing models for relative semi-fuzzy
quantifiers representing NL quantifiers like “about (¢ - 100)%”, and “at least/ at most
about (g -100)%”. Looking at it from the perspective of probability theory, the truth
functions of the deliberate choice quantifiers are the probability distributions of binomially
distributed random variables. The new approach of this chapter then corresponds to
the so called hypergeometric distributions, which, for domains that grow toward an
infinite cardinality, converge to the binomial distribution [Geol3|]. This intuitively makes
immediate sense, as for infinite domains the probability of choosing exactly one particular
object is zero (when choosing uniformly randomly). We will investigate two classes of
models. Both can be used for applications, while the first seems most appropriate when
the domain of discourse is rather small but precision matters, hence the quantifier models
of that kind have a focus on a clear semantics of vague quantifiers, while the latter uses
a stochastic trick, that makes it usable even when the domain of discourse becomes very
large, at the price that the semantics is much more bound to probabilistic expectations
than to hard facts. The game rule, for what we call the II’"F quantifier, is the following
[Hof16a]:

Rﬁgﬁg: If P asserts 1%z F(x), then, if O attacks, N chooses 1 < k <| D | different

constants ¢, and then P has to assert F(c) for j different of the ¢’s, or L instead.

The upcoming theorem states, that the payoff for P associated to that game rule matches
the following truth function:

' R ]:;;7 (U)I.PTOPM(F)) (ﬂ-(l—PropM(F')))
UM(H]’kxF(a:)) _ &=y
k

| : ki . 4.11
o) (4.11)

Theorem 29 Let 1 < j < k <|D| be given. A sentence IWFzE(x), for a crisp Lo (1)
formula F, is evaluated to vy (IPFxF(x)) = w in a fuzzy interpretation M iff every
NRG-game augmented by rule (jogk) for TPk F(2) is (1 — w)-valued for the player
under risk value assignment () matching M.
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Proof:
The proof builds upon the proof of Theorem |3, Theorem |4/ and Theorem |6l As we have
seen there, risks behave additively, which means that:

A (T |, T 2B (2)) = (0| TY) + (| TE* 2 F(x))
B: (0, I0FxE(z) | T7) = (D | TY) + (I0F2F(z) |)

Case A: When N (uniformly) randomly samples k different constants, we first of all
have to distinguish two different cases. There are either at least j positive witnesses
for the formula F, or strictly less than j. In the latter case, the player I loses and
since F'is a crisp formula, we can assume that she triggers her part of the principle of
limited liability, i.e. she asserts L. In total, there are (ll]j) ways for N to perform the
sampling, i.e. there are as many branches of the game tree. For each 1 <1 <k, there
are (M'P’"OZPM(F)) . (m'(l_i’ffM(F))) branches with exactly ¢ positive and k — ¢ negative
witnesses of E'. Since we assume that (F(c)) = 1 — vr(F(¢)) for all ¢ € D (induction
hypothesis), the value for the player I is computed as follows:

(IP-Propp(F). (1D (0= Prop p (#))

=t

o -
(| kR (2)) = 335,

We now compute w:

) . . (IDI-Proppq(F)) (IDI:(1=Prop g (F))
w=1— (| WrzeF(z)) =1-577) e )((D) b ) _
k

(|D\-ProipM(F))‘(\DL(lf};TfM(F)))

=X G

The last equation is an instance of the distribution function of hypergeometric random
variables. It follows from Vandermonde’s identity, which states that for three natural
numbers m,r, k € N we have [CKM92|:

<m+k> -5 <m> : ( g ) (4.12)
r =\ r—i
Case B works by analogy. O

Note that we have IlzF(z) = II"'2F (). Also, it is important to note that the IT7*
quantifier can only be applied to crisp scopes, as the II quantifier in its original intention
[FR14]. This makes it a bit less general again, but our overall strategy, to treat semi-fuzzy
quantifiers, and only later lift them to fully-fuzzy ones, by means of quantifier fuzzification
mechanisms (QFMs), works well in accordance with that fact. We are only going to use
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the quantifier II7 in this chapter, but for reasons of symmetry and completeness, we
also introduce the propositional connective that works along the same lines. For a finite
set of m closed formulas Fj;, let us call it A,,, the game rule becomes:

R/\g,fg: If P asserts wﬁfn ﬁ’i, then, if O attacks, N uniformly randomly chooses 1 < k < m

TAm
different F;’s from a set of m such, i.e. from A,,, and then P has to assert F; for j
different of those, or L instead.

P’s payoff associated to that game rule matches the following truth function, as the

following theorem states (¢ = = - 321, o (Fy)):
A ko (meqym-(1-q)
'UM('/TA’];Fz) _ =] ( 7 )( k—i ) (413)

(%)

Theorem 30 Let 1 < j < k < m and A,,, as introduced just above, be given. A
formula Wﬁilfliﬁ‘i, for crisp and closed Y., (IT) formulas Fy, 1 <i<m, is evaluated to
UM (ﬂﬁiﬁi) = w in a fuzzy interpretation M iff every NRG-game augmented by rule
(Rfjgk ) for Wﬁ’fnﬁ’l is (1 — w)-valued for the player 1 under risk value assignment (-)
matgﬁing M.

Proof:
This works by analogy with the proof of Theorem 29. O

Remark 20 The propositional connective Tr%il is a good candidate to model vague NL
properties, as we can use it to encode the necessity to fulfill a certain number of distinct
crisp properties from a given list. In that way, we model borderline cases of predicates,
i.e. such that are neither fully true nor fully false, but have intermediate truth values. A

longer treatment of such borderline cases can e.g. be found in [KS97] or [Smi08).

Quantifiers based on random sampling without replacement and strong
conjunction

The quantifier expressions that we model in this section relate to those that we introduced
as [Rel2] above, comprising'® “almost all” (Q#), “nearly none” (QP¢™°), “at least/ at
most about (¢ -100)%” (QZ7/Q=7), and “about (g - 100)%” (QY), all dependent on a
tolerance value ¢ [Hof16a].

Definition 25 For a crisp Lo(IT) formula F', q € [0,1], and j,t > 1 such that j+t <| D],
we define:

16WWe interpret quantifiers “about 0%” as “nearly none” and “about 100%” as “almost all”.
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o QuayF(z) = I+t F(x)
o Qrenogf(z) = It p—[F ()

If for n =| D| we have |n(1 —q)] +j+t <mn, or |ng| + j +t < n respectively, we also
define:

o Q7% (z) = I ln(-0)l+itty f(g)
o QCIzF(x) = I lnaltitty—F ()
Eventually we set: QlzF(x) = Q%E(z) A QFzF(x).

The truth functions can be determined as follows:

Theorem 31 For a crisp Lo (I1) formula ', q € [0,1], n =|D|, and j,t > 1 such that
jHt<n (or|n(l—q)| +j+t<n, |ng|+j+t<n respectively), we have:

. It (np)(n-(1-p)
b UM(Q?ZQZ.TF(JL‘)) = Zz:] ((L n)()Jthz )

Jjt+t

. I (n(=p)y( ep
° UM( ?enomF(x)) — Zz:]( (jzit))(ﬁ-t—z)

[n(1—q)|+5+t (n- n-(1—p)
° 'U./\/l( tquﬁ’(x)) _ Zi:j o (ip)(tn(lfq)J+z;+t7i)

(Ln(lfq)JHth

) (g )

Y
o 0@ (2) e
nqlryj

o vm(QfzF(x)) =

S ) (i) 2T ) (it )
)

(L i+e (ln(i—a)4s4t)

)

= min(

Proof:
The results follow from basic computations. O

This semantic modeling of relative semi-fuzzy quantifiers is accurate in the sense that,
the quantifiers evaluate to 1 if and only if the intended meaning is true. For example, for
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the quantifier “almost all” with tolerance t = 1 and a domain size of 100, the intended
meaning is that a corresponding statement is (fully) true if and only if 99 or 100 objects
from the domain fulfill the property from the quantified predicate. This means at most
one negative witness is permitted. If that is true, this means that any sample of size
greater or equal than two must have at least one positive witness. The tolerance value
is absolute in the sense that this deviation leaves the truth value unchanged, while
increasing j corresponds to stronger readings, i.e. it becomes harder (more unlikely) to
win the game. A similar reasoning applies to the quantifiers “at least about (g - 100)%”
and “at most about (¢-100)%”. This explains in particular the range dependence of these
quantifier models. To check whether there are “at least (about) half” objects fulfilling
a certain property, we have to look at more than half of the objects. To illustrate this,
assume that ¢ = 0 and j = 1, this means we consider at I1'59+1 If there are at least
50% positive instances of F, for our example that means 50 or more, any sample of of
size 51 has to contain at least one positive instance, since there are only 49 remaining
ones. Similarly, if we sample 52 instances (without replacement), there would have to be
at least 2 positive ones, and so on. Having a positive tolerance value ¢ means sampling
more instances, thus making it easier for P to win. If the statements are not completely
true, the quantifiers behave monotonically, in the sense that truth values monotonically
go down as the proportion more and more clears away from the acceptance intervals, as
can be seen in Figure 4.4.

Corollary 4 For a crisp bo(I1) formula F, q € [0,1], n =|D|, and j,t > 1 such that
j+t<n (or|n(1—q)|+j+t<n, |ng|+j+t<n respectively), we have:

o v QP F(z)) = 1 iff upg(I=tz—F(z)) = 1
o up(Qreox B (x)) = 1 iff vp(IStzF(x)) = 1
o v tzqmﬁ'(x)) =1 iff Propp(F) > %
o om(QE2F () = 1 iff Propp(F) < lnal+t

o u(QlzF(x)) =1 iff Propp(F) e [%7 M]

n

Proof:

Let 2z = n - p, where p = PropM(F), and n =| D|. Recall that for ¢ € [0,1] we have
n=|n-q|+[n-(1—q)]. Also, recall that for three natural numbers m,r, k € N we have
Vandermonde’s identity [CKM92|:

<m:k> B ZO (T) ' (rﬁz> (4.14)
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Figure 4.4: Left: truth function of “almost all” modeled by IT'0%101 " = 10000; Middle:
truth function of “about a third” modeled by Q'&{456:{6.7.89} " — 1000; Right: truth
function of “about half” modeled by Q4 {5:6:7{789} 1 — 1000.

e For the first case, “almost all”, we note that v M QA F(x)) = 1, for two numbers
j,t > 1 with j +¢ < n, if and only if Y72 () - (f22) = 0. As () = 1, this
leads to the condition z > n — j — t, for otherwise the product of the binomial
coefficients is not equal to zero, which it must be, because all summands of the
sum are non-negative. This in turn gives z > 1, since j +t < n. Consequently, as
() > 1, the next condition is z > n — j — t + 1, which gives z > 2. Continuing
this argument leads to the condition z >n —j —t+(j —1) =n —t — 1, which is
equivalent to ¢ > n — z, which precisely says that Prop M(—f’) -n <t

e This follows from the case “almost all”, by replacing F' with —F.

e Similarly to before, we note that we have the necessary and sufficient condition for
vm(QF9zF () = 1 equivalently as Zg;& () (Ln'(le)jinfi) = 0. Again, since all
summands of the sum are non-negative, and with the same reasoning as in the first
case, we have the condition n—z < [n-(1—q)]+j+t—iforall 0 <i < j—1, hence
in particular the strongest of these, namely n —z < [n-(1—¢)|+j+t—(j —1),

which is equivalent to z >n —[n- (1 —¢q)| —t=[n-q] —t.

e Analogously we get the condition z < [n-¢q] +j 4+t — (j — 1), which is equivalent
toz<|n-q]+t

e This is obvious from the semantics of the ordinary conjunction connective A.

Quantifiers based on random sampling without replacement and strong
disjunction

This section’s models, for relative semi-fuzzy quantifiers, are based on the idea of
evaluating quantified statements, like “About half of all humans are women”, on a small
set of randomly chosen witnesses (in this case humans). In particular, for reasons to be
explained shortly, we choose to read “About H%”, for appropriate choices of k, m as
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“almost cher (including the proportion cher) OR slightly more than cher (also including
the proportion HLm )”, where the OR is interpreted as strong FL.ukasiewicz disjunction.
The reason for this design choice is the following. Assuming we are in a situation in
which the example statement is intuitively true, e.g. if there were indeed exactly have of
the humans male and the others female, choosing a small random sample of size s, will
never tell us with certainty, i.e. with probability 1, that this is actually the case, as we
only look at a fraction of all humans. One means to trick ourselves out of this dilemma is
to add up more than one probability value with respect to overlapping events, which can
be accomplished by employing strong Lukasiewicz disjunction. We now have to consider
the following fact about the density function of the binomial distribution underpinning
deliberate choice quantifiers:

Let k,m > 1 be given, and f(z) = (™). 2¥ . (1 — 2)™. Then its derivative is:

m

f(z) = (k —i—m) N R § ) <k +m> b om (1 - )™ L (4.15)

m m

To determine the maximum of f(z) we set f’(z) = 0, which is equivalent to x = k:Jer

Versions of deliberate choice quantifiers that are supposed to model “about half”, always
have k =m (Him = %), which means that their truth functions are bound by %, which in
turn means that, even if we sum up to identical copies of such truth values, the result will
still be bound by 1, i.e. can become 1 at most, and nothing higher. This is problematic,
as the chosen approach is particularly supposed to model the vagueness component of
the natural language quantifier “about half”, which is completely ignored when the truth
function does not model a tolerance area around one half. To put it in other words,
only if the proportion of objects fulfilling the scope predicate is exactly %, the direct
sum (modeled by strong Lukasiewicz disjunction) of two copies of deliberate choice
quantifiers modeling “about half” would yield a truth value of 1 and no tolerance region
were modeled by this method. The issue that can be identified is that deliberate choice
quantifiers sample random witnesses with replacement. Choosing a different sampling
mechanism, namely without replacement, directly eliminates this issue in the minimally
invasive manner. The corresponding distribution is called hypergeometric distribution,
which converges to the binomial distribution, when the size of the domain approaches
infinity [Geol3|]. The only difference lies in the underlying sampling mechanism. Imagine
a bowl with 100 balls in it, 50 of which are green and the other 50 are beige. With the
deliberate choice quantifier IT} we have a probability of % to get one green and one beige
ball, while when we sample two constants at once, the probability increases to %. This is
because, when the two witnesses are selected, it can not happen that both are identical,
as in the case before, when the two witnesses were selected with replacement. One can
also see it as if the first draw doesn’t matter, as only the second need be different from
the first, but when one ball already misses, then one is left with 99, 50 of which are

different from the first. Let us look at the following example:
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Example 4 Let us consider the quantifier “about a third”, and a domain of size 1000
representing certain people. The statement we look at is “About a third of all people own
a bike”. The truth of this statement should be 1 if the proportion of all people that own a
bike is exactly % But it should also be 1 if the proportion deviates only a bit. One may
also argue, that the tolerance toward deviations to smaller values of proportion is a bit
smaller than the one to bigger such values. Concretely, on a scale 1,2,3,4,...,16,17,18,
which means s = 18, the area for almost a third (including exactly a third) can be taken
as My = {4,5,6} and the region corresponding to slightly more than a third (including
exactly a third) as My = {6,7,8,9}. For a model for the quantifier about half, one
can, for example, take the values s' = 14 and M| = {5,6,7}, M5 = {7,8,9}. Both truth
functions get depicted in Figure |4.4.

Formally, we define the quantifier models as follows [Hofl6al:

Definition 26 For a crisp Lo (IT) formula F, s <n =|D| and'" My, My € P({1,...,s})\
0, we define:

QMM (1) =

= @ienr, (T2 F (2) © W0 F (7)) © @jep, (W 2P (2) © T2 P (2)).

Theorem 32 For a crisp Lo (IT) formula F', s <n =|D| and My, My € P({1,...,sH\0,
we have:

Siean (P UP) Sican (00 (70
® " @

o (Q¥MM2 g () = min(1,

). (4.16)

Proof:
The result follows from the observation, that, for | D |= n, we have:

-p\(n(1—p) n-p\(n-(1—p)

vM(Hi7S$F(x) o HH—I’S.TF(LB)) — maX(O, Z;:z (nln)( s—1 ) o Z;:i+1( il)( s—1 )) _

) )
_ e
= O

S

By instantiating Q™12 in a clever way, we can get models for “about half” with truth
functions that actually have a tolerance region around the value of proportion % More
formally, we define the conditions for “clever instantiation” as follows:

7P refers to the power set.
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Definition 27 Let k,m > 1 be given. For s <n =|D| and My, My € P({1,...,s})\0,
Qs MMz s called a clever instance for the quantifier “about kfm 7 if, for 5 =1,2 and
1 <mq <ms <n, we have:

Sien, (") (0 m)
J

1
e = > —, and (4.17)
(5) 2
s5-k s5-k
My, = {ml,ml + 1,...,Lmj}, and My = {Lk+mJ,...,m2 - 1,7712}. (418)

This condition can clearly be fulfilled as we can always adjust My and Ms rich enough,
for any value s <|D|.

Regarding the case of “about half” of Example 4, this relates as follows. | D |= 1000, s =
14, My = {5,6,7}, My = {7,8,9}, k = m. Hence, the conditions are:

) (5%

7 (500Y( 500 9
2—5((1000))(14) > 1 and Z—7(10.%)) > 1. Since,
14 14
7 500\ / 500 9 500\ / 500
21—5((1(;20))(140 _ Zi—?((ldigo))(ui) = 0.517,
1 1

Q4A5.6.71:{7:8.9} makes for a reasonable model for the vague natural language quantifier
“about half”, as it is a clever instance of the schema.

Similarly, regarding the case “about a third” from the previous example, we have the
following setting. | D|= 1000,s = 18, My = {4,5,6}, M> = {6,7,8,9},2 - kK = m. Hence,
the conditions are:

Z?:él (5‘30) (1580—01) Z?:G (5(1')0) (1580—01'

1 ) 1 .
1000) > 5 and TO) > 5- Sll’.lce7
18 18

6 500 500 9 500 500
Zi:4( i )(1872') — 051’ and Zi:ﬁ( 7 )(1872‘) — 055’

() ()

Q18:{4:5:6}.{6,7.8.9} makes for a reasonable model for the vague natural language quantifier
“about a third”, as it is a clever instance of the schema.

Although these models work, they are still dependent on the size of the actual domain,
which one usually wants to avoid, in favor of a semantics that uniformly works for any size
of the domain. To that end, in particular taking into consideration practical applications,
we give similar but domain size independent quantifier models as a next step.

4.4.5 Quantifiers for querying

We discuss the quantifier models of this section in Chapter 6 on queries, as we there
introduce the corresponding query language that they are designed for [FHO17).
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4.5 Beyond unary quantifiers: V, 4, II

In natural language, binary quantifiers are more common than unary ones. For example
consider the statement “All humans are mortal”. Uttering this assumes a domain of
discourse that, besides all humans, contains also other objects. Otherwise one could
spare the range restriction and simply say “Everything is mortal”. For the universal and
the existential quantifier we can, for two formulas F and G, where Fis crisp, define'®
Jz(F(z), G(x)) = Jz(F(x) A G(z)) and Va(F(z), G(z)) = Va(F(x) = G(x)).

4.5.1 Binary II

We show how one can express the binary semi-fuzzy quantifier I from [FR14], a quantifier
with a range not necessarily equal to the whole domain of discourse, in L, (IT). Such
quantifiers are very commonly motivated by examples from natural language, as e.g.
“Almost all elephants are from Africa”, or “About half of all humans are female”.

The game rule for FIT from [FR14] is the following:

Ryt If P asserts HIzG (x), then P has to assert G(c) for a randomly picked element ¢
from those that make F'(¢) true.

The defined truth function of FII is the following:

o (FTaG(a)) = 22e<D om(F(e) A G(9) (4.19)

2cen VM (F(0))

This truth function matches P’s payoff regarding a game for 7 [MzG(x).

Definition 28 For two L, (IT) formulas F,G, where F' is crisp, we define?:

A

"x(F(z),G(z)) = Nz F(z) — Hz(F(x) A G(x)). (4.20)
The relation of v (FHJJG(.T)) and vy (PTz(F(z), G(z))) is the following:

Theorem 33 [Hof18] For two Lo(IT) formulas ', G, where F is crisp, we have:

o Clz(E(z), G(2))) = v (FIzG(z)). (4.21)

8Note that this means that v (3z(F(z), G(z))) = supceD(F(c) A G(c)) and v (Y (F(z), G(z))) =

inf.e pmin(1,1 — v (F(c)) + vam(G(c))).
9Recall that — is equivalent to —F
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Proof: R R
Since vy (TzF(x)) > vz (F(z) A G(x))):

om(Tz B (z) — Ta(B(z) A G(x))) = MIEE@ACE) _

vp (M (2))
v (E(e)AG(e) .
_ Proppm(FAG) _ 2cc M‘D‘ _ Deep "MF(ING(0)) .
Propm(F) 2icep MUE©) Y cen Um(F(0)

D]

4.5.2 Remaining binary versions of quantifier models of this chapter

For the first case, absolute (unary) Type I quantifiers, and two formulas F., G, where F
is crisp, the binary version of the base quantifier can be defined as follows:

k
Fre(F(x),G(x)) = oy ... Jop( N\ (F(xi) A G(zi) A N (@ # 7)) (4.22)
i=1 i#j

For the case of absolute (unary) Type III quantifiers, and two formulas 3 , G, where Fis
crisp, the binary version of the base quantifier can be defined as follows:

F(l‘z) A szlG(.%'i) A /\(l‘z #* xj)) (4.23)
i=1 itj

>

Fre(F (), G(x)) = Jay ... Fap(

For relative (unary) Type I quantifiers and the relative (unary) Type III models
[Models 1]—[Models 3], we only need to replace occurrences IzG (z) with Iz (F(z), G(x))
to arrive at the binary versions, featuring F as scope. For the remaining cases of re-
lative (unary) Type III models, [Models 4] — [Models 6], there are sadly no known
representations in L (IT).

4.5.3 k-ary quantifiers, with £ > 3

Although it is not the main topic of this thesis to investigate quantifiers of higher arities,
we remark a few things on such expressions, particularly those that are discussed in
Glockner’s monograph [GI606] on fuzzy quantifiers. Further literature on higher arity
quantifiers comprises for example Westerstahl [PW06]. It is not our aim to express all
expressions that are sometimes considered in the literature within our framework, that
would need much more work and might not even be possible. However, one example of a
case that is called a resumption quantifier in [PWO06] is the statement “Men are usually
taller than women”. One might want to argue about the actual meaning of this natural
language sentence, but one possible reading certainly is this one: “On average men are
taller than women”, which can concisely be expressed as:

o [Iz(woman(x),tall(x)) — lz(man(x), tall(x)).
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The two main examples from [GI606] are (1) “more A’s than B’s are C’s”, and (2) “most
A’s and B’s are C’s or D’s”. Reductions that only need binary quantifiers, which in turn
can be reduced to unary ones in L (II), are the following:

o IIz(C(x),B(z)) — Hx(C(x), A(z))

o Qmosty(A(z), C(z) V D(z)) A Qmostz(B(xz), C(z) V D(z))

Yet another more involved example from [PWO06] is this one: “At most three boys gave
more dahlias than roses to Mary”, which can be expressed as:

o 353z A(Ily(rose(y) A gaveToMary(x,y)) — Mz(dahlia(z) A gaveToMary(x, 2))).

This is of course no comprehensive analysis of quantifiers with arity greater than two,
but shows how expressions not expressible in standard frameworks, like Classical Logic,
fit neatly in the very expressive setting of L (II).

4.6 Intensional quantifiers: Many and Few

A quantifier pair, which is notoriously difficult to treat, is “many” and “few”([Int1]).
Most people can agree that these two are vague quantifiers, but what exactly constitutes
the vagueness and how it should be understood is disputed. Like before, we leave
out the discussion of what vague means on the propositional level, and focus on the
quantifiers themselves. As it is common practice in linguistics [KH98, [KS86, [Crulll,
we only consider crisp arguments F' to the quantifiers “many” and “few”, which may
yet evaluate to intermediate truth values, if conceptualized as Type III quantifiers, i.e.
when they are semi-fuzzy. Restricting to this scenario does not reduce expressibility, it
rather guarantees the neat interpretability of statements, and the lifting to fully-fuzzy
quantifiers will be subject to general quantifier fuzzification mechanisms (QFMs). Also,
as we have the modeling of natural language as our objective, and since it is needed to
make sense of the comparison based semantics we will give shortly, we will have binary,
or 2-place, quantifier expressions as our main type of statement. For example, consider
“Many quantum physicists have visited The Eagle and Child”?Y. In our interpretation
of the world, we don’t want to restrict to one domain with only quantum physicists
and to another one as soon as the subject changes. Rather we assume a (finite) domain
with all objects under consideration, like all humans, animals, plants, and other sorts of
items, and, whenever we make a quantified utterance, we tell the range restriction. There
still is a lot of room to discuss what the semantics of “many” and “few” should then
be. In [BC81], Barwise and Cooper gave a strong account of the theory of generalized

20For the interested reader, the Eagle and Child is an English Pub in Oxford were academics like to
have their glass of ale.
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quantifiers, but did not, whatsoever, contribute to the semantics of the vague quantifier
pair “many” and “few”.

Keenan and Stavi, in [KS86], explain that, as the meaning of the quantifiers “many”

and “few” is context dependent, i.e. their evaluation must be based on some notion of
comparison, statements involving them cannot be interpreted and do not assume any
determinate truth value at all. They come to this conclusion, as “in simple uses at
least, the standard of comparison is usually not given”. Since we have a very expressive
framework at our disposal and for people usually have no problem interpreting respective
statements in real life [GI606], we will not follow their dismissal but only keep in mind
that a notion of comparison has to be established.

In [Pet00], Peterson, for example, considers the quantifiers “most”, “many” and “few”.
His account is based on the relations of those quantifiers, which he depicts in something
reminiscent of the Aristotelian square. Although he recognizes that “most” can be read
as sheer “majority”, he predominately considers it equivalently with “almost all”, which
then entails “many”. To be more concrete, “Most A’s are B’s” implies “Many A’s are
B’s”. Furthermore, when the entity of interest is a mass noun rather than a count noun,
he states that “much” and “little” replace “many” and “few”.

Westerstahl [PW06] explains “many” as symmetric to “few”, which, for him, means that,
in case of an absolute account, there must be absolute thresholds, and for the relative
account, that there must be relative thresholds. That means, for example, based on a
domain of discourse with one hundred elements having a certain property A, that “Many
A’s are B’s” were true if, say, 70 elements, or 70% of the elements have property B. And
the same for “few”, just that there the threshold were to be chosen smaller, let us say
as 30 elements, or 30% of elements, while the parametrization, of course, allows for any
threshold values to be used.

Fernando and Kamp [FK96] model “many” differently. Although they also see Wester-
stahl’s simple interpretation, they go beyond it by introducing a notion of expectation,
which is to give a means to determine threshold values instead of only claiming their
existence and “that context spits out n”. These expectations come about as comparisons.
For example, consider the statement “Many lawyers are doctors, as compared to criminals”
[FK96], which is supposed to be true if and only if, within a fixed set of lawyers, there
are more doctors than criminals.

Lappin’s [Lap00] intensional parametrization is broadly similar to the approach of
Fernando and Kamp, as the intensionality comes about via contextual comparisons. Still,
we chose to follow his account rather than any of the others, for, either the others are
subsumed within his (or rather our refinement of it [Hof15]), or since it simply makes
more sense here, as his the notion of comparisons fits in most neatly with ¥, (II), and
can be developed to a mature state. In the remainder of this section, we will introduce
Lappin’s method in detail and augment it to our own contribution to the matter.

To have all this a bit more down-to-earth, let us discuss some of the influentials that
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can go into the evaluation of a “many-quantified” statement. In the example above,
the range is the set of quantum physicists (QP), and “has visited the Eagle and Child”
(hvEC) is the scope predicate. Now, assuming (1) that from the set QP more than
50% have visited the Eagle and Child, the interpretation of “many”, that assumes the
semantics of it to be equivalent with simple majority, is fulfilled. This is of course usually
too simple as a semantics for “many”, but even Westerstahl’s idea of always having
a threshold value that just needs to be determined by context is unsatisfying, as no
means at all to determine such a value is a priori at our disposal. It is just assumed to
exist. Going beyond that, hence assuming that contextual information has to be taken
into account formally, one arrives yet at a multitude of ways to model the semantics
of “many”. Fernando and Kamp argue that the expectation of someone who utters a
statement must go into the evaluation. That means, for example, if Bob talks about that
“Many quantum physicists have visited The Eagle and Child”, he must have some implicit
set of properties in mind to which we can compare, as for example “Many quantum
physicists have visited The Eagle and Child, as compared to Mathematicians.” Or “Many
quantum physicists have visited The Eagle and Child, as compared to Psychologists or
Sociologists”. This is already quite similar the Lappin’s approach, who extends that idea
to not only comparison properties but also whole comparison situations. An example
for that can be the following: “Many quantum physicists eat at Mc Donald’s”, while
the statement is once evaluated over the situation “USA” and another time over the
situation “France”. Not knowing what the actual (absolute or relative) difference would
be, it is clear that such situation dependent evaluations yield different results in general.

In fuzzy logic, generalized quantifiers are usually defined for fuzzy scopes, which we ignore,
until we employ QFMs. Concerning versions of the quantifier “many” in fuzzy logic,
most notably, Hajek’s modal characterization of it [H&j98] has to be mentioned. Without
giving all the technical details, it uses the average of evaluations of scope formulas over
finitely many different worlds as a semantics for the quantified statement. We will capture
the main intuition behind this approach by interpreting the different worlds as different
situations, and the taking of an average will be, although in a much refined way, be
expressed by means of the II quantifier. This, as we will show shortly, will bring us
especially much closer to linguistic interpretations of the quantifier “many”, particularly
the one of Lappin.

Also, we can express any non-context dependent truth function for “many” using Zadeh’s
S function |Gl606], see |4.6.7. That is, in particular, what Glockner does, when defining
a relative version of “many” [GI606] (page 72). The absolute version of “many” defined
on the same page also employs the S function, which is actually a mistake of Glockner’s,
as S is not defined for values greater than 1 in its first argument position.
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4.6.1 Lappin’s parametrization of “many”

In [Lap00], Lappin defines a bivalent and binary intensional parametric interpretation of

|many||, namely this one?!:

| B]** € [[many|| (]| A[|**) iff
S#0, and for all sn € S, | [|A]* N |[B]*® |=| |A|™ 0 | B | (4.24)

Informally, this reads as follows. In an actual situation sa, there are many A’s that are
B’s if and only if for all normative situations sn;, of which there must be at least one,
we have that the amount of A’s that are B’s in sn; is smaller or equal than the amount
of A’'s that are B's in sa (the actual situation). Hence, the (linguists) notation can, in
our framework, be captured as follows:

a situation s is a non-maximal possible world, hence we have s C M.??

e sa is the actual situation (for one fixed statement).

S is the set of all normative situations sn; (for one fixed statement).

e for a crisp properties A and a situation s we define®: ||A||* = {a:sF A(a)}.

In the remainder of this section, a set S = {snq, ..., sn,} of normative situations (n > 1),
is always supposed to be such that for 1 <4, j < n with ¢ # j we have D, N Dgp; = 0.
In particular, we require that Dg,, N Dsq =0, for 1 < i < n.

4.6.2 Extensional readings of “many”: binary, Type I

In this setting we can distinguish two different types of statements. Those that refer to
only one situation, namely sa, and those that take into consideration normative situations,
sn. Although Lappin’s parametrization is intensional as it stands, the restriction to only
one situation of interest can be regarded as extensional special case within the intensional
framework, where the set S contains only sa. The nine extensional readings of “many”
in [Lap00] are the following®*(N* = N\ {0}):

Definition 29 For three crisp Lo (I1) formulas F,G, H, q,q1,q2 € [0,1],7 > 1 and
f:NT — NT, we define:

21Here, the letters A and B stand for crisp properties, which we usually, and also in the remainder of
this section, denote with Ford.

22 D, will denote the domain D restricted to the situation s.

Z3Note that this is related but not the same as the notation of Definition 14. However, upon taking
absolute values | - |, for crisp formulas F' and a situation s, we have: | ||F||* |= ZceDs om(E(c)).

?4The first is due to Barwise and Cooper [BC81], while the second to fifth are taken and reformulated
from Westerstahl (1985). The last four are Lappin’s contribution.
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mei: S = {sn: sn=sa & [|F"* N[ G2 (¢-100)% || E|I**| & [|F|*™ 0 |Gl = 5}

Mez: S = {sn: sn=sa & ||F|** N ||G|*"|> i- | | F||*"|, with i € (0,1) fixed}

mes: S = {sn: sn=sa & || Pl 0 |Gl = BELL fj 2]}

mea: S = {sn: sn=sa & || F[|*" 0 |G||*"|> f(| Dsul), f(| Dsn]) € NT}

Mes: S = {sn: sn=sa & || F|** N [|G||*"|> i- | ||G||*" |, with i € (0,1) fixed}
mes: S = {sn: sn=sa & || F||*" 0 |G|l*" 2| [|F]|* || H|* [}

mer: S = {sn: sn=sa & || FII*" 0 |G|l 2] |G| n || H[1* [}

meg: S = {sn: sn=sa & || F[|*" 0 |G|l*" =] || H|*" [}

Mmeg: S = {sn:sn=sa & 4"|F”|ﬁ;rﬁ!gnsﬂ > (q1-100)% &4"@“&;‘[5“8”' = (q2-100)% & ¢1 >
a2}

Note that, although reading mey relies on a function f with values in N*, we can safely
assume that f takes on values in {1,...,| Dsq|}. This is because we have | ||F||**N||G||** |<]
Dgo|. Hence, we can also assume that f acts simply as multiplication with a number

€ {pp--s o} on | Dsal.

Definition 30 Let sa be an actual situation. A set of crisp Lo (I1) formulas H;, for
1 <i <k withk>1, is defined to be a set of crisp comparison sets, or crisp comparison
predicates, if the following holds: for all 1 < i,j < k with i # j we have | ||H;||** N
1A 12 |= 0.

Then, for two crisp formulas F and G, as well as H;, for1 <i <k withk >1, a set of
comparison predicates with respect to an actual situation sa, we define:

Lo={ici e (L. kL IEP a Il (> [E* 0 |Gl 1} and a = | L.

L= {izi e (L. kL IEP 0 Il (=] E1* 0 |Gl 1}, and b= |I-].

Lo = {izi € {1, kL IEI 0 Il (< IE1* 0 |Gl 1}, and e = |L].

|HF| = max{|| H;|[** N | F||**] : 1 < i < k}

The following readings are taken from [Hof15):

87



4.

QUANTIFIER MODELS

88

Definition 31 For k > 1, and crisp Lo (I1) formulas F,G as well as H;, 1 <i < k
comparison predicates with respect to an actual situation sa, we define:

Me1o0: S = {sn:sn=sa& ||F|**n|G|**|>|H"|}
Me11: S = {sn:sn=sa & ||F|**n|G|**|>|H"|}
Mer2: S = {sn:sn=sa & || F|** N ||G)**|>| | F|** 0 || H;||**|, for most 1<i<k}

meiz: S ={sn:sn=sa & Tiep |I1FI O NHill* (< Yer. [IEN* I Hell** 1}

Example 5 Let us consider a situation of some small children playing LEGO. A child
could consider the number of red LEGO-bricks to be “many”, if there are more of the
red sort than of all other colors. That would be Lappin’s interpretation of Equation
4.24, if he had introduced more than one comparison set (here it corresponds to meig;
note that me11 s simply a strengthening thereof). Still, it makes sense to talk about
“many red LEGO-bricks”, even if there is a color of which there are more LEGQO-bricks.
Reading mc12 weakens the condition by demanding that only a majority of all comparison
sets features the respective property. Then, meis formalizes a deeper comparison of these
numbers. Considering the actual situation of LEGO playing children, there would be
many red LEGO bricks, if the heap of heaps of all LEGO bricks of which there are less
than of the red sort, is bigger than the heap of heaps of all LEGO bricks of which there
are more than of the red sort.

4.6.3 Intensional readings of “many”: binary, Type I

Definition 32 For S = {sn; : i € {1,...,n}} a set of normative situations, n > 1, and
two crisp Lo (I) formulas F' and G, we define:

L. Flsmin||G|5mi Flsen||GlsY
[} I;el = {’L S {17 NN 7n}7 I ””u;Hs“nlI” 1 > I ”‘”F”!a‘ H ‘}7 and o = ’ILel‘.
o I = fiie {1, ny LEEOIGIm _ WPOICIy g g prel).
= NE = IEN= =
L (., ILEIinlGl] o IE1*NIE] — |grel
o I ={i:ie{l,...,n}, < },oand vy = |17,

I =] 12|54

o I ={izie {1 on}, [JEI O G > E 0 |Gl 1}, and of = |12
o I ={izie (L. on}, [JEP O Gl =l IE 0 G}, and B/ = [1209).
o I ={izie {1,...on} [JEI N Gl < IEI**n G}, and o = [19].
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The intensional readings then are [Hof15]:%

Definition 33 For two crisp Lo (I1) formulas Fand G, and S = {sn;:ie{1,...

a set of normative situations, n > 1, we define:

ms1-

zye

mse -

mgr:

To see that we are really going beyond Lappin’s characterization, we prove the following

IGI1* € [[many||(| £]|*) iff

el AT N o T te
IEls =

S # (0, and for 1 < i < n, we have:

20 [Gl** € [manyl|(| £]**) iff

S #£0, and for most 1 <4 <n: ||E|5* |G| |>]|F||5™ N |G| |

57 |Gl € [many||(I£]*) iff

e O T Tt

S # (), and for most 1 <i < n:
7 - ([PalI - ([Pl

1G> € [[many||(| £]|*) iff
S #0, and: [||F]]** 0 |G]** [> max{| [ £ A |G)* | 1 < i < n}

50 [Gl** € [many||(I£]**) iff

allE || sqf allEL A||sng .
S £0, and: LELOICKT o (UFITOIGI™ ) < < )

1G1** € llmanyl[([[F]|**) iff
S#0, and: icpans [[[FIT OG> Eiepars [IF[1P OVIGI|* |

IGI|** € [many]| (| F]|**) iff

Bl=min| &= L= |Gl
and: N . . .
S#0, D TR 1 e £

theorem:

Theorem 34 [Hof15] Let S = {snq,...,sn,} be a set of normative situations. Furt-
hermore, assume we want to employ the relative reading of “many” captured by the
intensional reading mgy. It is not possible to rewrite S into S" = {snf,..
that S" is a set of normative situations, and we can employ m;1 equivalently to Lappin’s

original characterization of “many”, using this S’ instead of S.

%5To not run into trouble, we employ the following common practice: For two sets M and N, we have:
[MAN| _

IN]

=0, if |[N|=0.

Y n}}

., snh} such
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Proof:
Let £ and G be fixed crisp formulas, we assume an actual situation sa and normative
situations sn € S # () with:

o [|[F||5* #£ 0, and ||F||*™ # 0 for all sn € S.

11 e S 1 4 el
oforadlsnES.‘H - > - . X
[l Fl5= - [[[F][=™| ()

We are looking for some S’ such that:
o for all sn’ € 8 : || A Gl = (1B A |G ).

Also, we can fix some sn from S for which we have equality in (K), and try to rewrite it
|| £]Jse
. . . . . e
is a non-negative rational number, depending particularly on the actual situation sa.
Hence, it can be, that ¢ = %, as a special case, as well as it may be the case, that

LE 1™ N | G)*™| = 26. Since [||[F]|** N ||G]|*™| € N, we can not have, that:

into an sn/, while sa is fixed from the very beginning. Thus, by assumption, q =

LE 1™ N HCA}’HS"I% = || E)I*™ N ||G]*™|, since that would mean, that % €N, which

is clearly wrong. This completes the argument. O

This shows, that there is more to achieve than Equation [4.24| suggests. However, some of
our stated readings actually can be encoded in Lappin’s original one, namely m;o and
m;4. We decided not to hide them anyway, for the spectrum becomes more transparent
when we have them listed altogether.

4.6.4 New readings of “many”: binary, Type I

We now introduce one more extensional and two more intensional readings. The idea
is that, for the extensional case, the proportion of G’s (within the F’s in sa) should be
higher than the average of the proportions of the comparison sets H;’s (within the F’sin
sa, 1 <i<k).

mea: S = {sn:sn=sa & [|F|** NG > §- Sy [IEI1 0 [1H|* [}

Intensionally, we have the option to either look at absolute or relative numbers, but in
both cases we compare the proportion of G’s (within the F’s):

mis: |G** € [manyl|(||£]*) iff
S #0, and: [[|F|** 0 [1Gl* |> & iy [IE) 0G|
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City residents | German students % all students | rel. count

Vienna | 1.8-10° 20000 ~ % 60000 ~ 0.33

NY 107 20010 ~ o 150000 ~0.13

London | 107 12000 ~ oo | 100000 ~0.12

Paris | 2.2-10° 10010 ~ Tog 80000 ~ 0.125
Table 4.1: ‘German students’ corresponds to ]HéH N ||13'H |, ‘students’ corresponds to |||13'H\,
and ‘relative count’ corresponds to %

mig: [|GI|** € [lmanyl|(|| £

‘sa) lﬁ‘

Elsen)Gl* o 1 IEE )Gl
S # (), and: ILE > sy Q)G
70, (Pallkst n ci=l NE|="4]

Example 6 Let us consider the natural language statement “Many students are German”,
and evaluate it with regard to an actual situation sa = Vienna and the following set of
normative situations S = {sni, sng, sns}, with sn; = New York, sny = London, and
sng = Paris. So, what we intend to evaluate is the following statement:

“Many students are German (in Vienna, compared to NY, London and Paris)”.

Let us consider the fictive numbers of Table |4.1. Using Equation 4.24, we are bound
to evaluate the statement to false, unlike with, say m;1, since, even though there is a
normative situation in which we have (absolutely) more German students than in the
actual one, it is still true, that Vienna has (relatively) the most German students within
all normative situations. This is still a plausible reading of “many”. Since my is just the
relative version of Equation |.24, it it obvious how the interpret the two (absolute and
relative) weakenings m;o and m;s, as well as the two (absolute and relative) strengthenings
miq and m;s. mie and mi7 are the new intensional readings of “many” from [Hof15].
Note that, unlike before in the extensional case, here it makes a difference whether we
introduce a relative version of m;g, namely m;z, for the normative situations are distinct.
These respectively evaluate to:

W.r.t. m;g: “Many Fs are Gs” is true , since 10010 + 12000 > 20010.
W.r.t. my7: “Many Fs are Gs” is true , since 0.12 4+ 0.125+ 0.13 > 0.

The intensional readings which were not already introduced in [Hof15], i.e. mjg, myg,
evaluate as follows:

W.r.t. myg: “Many F's are Gs” is true , since 20000 > 10010“2300*20010.

W.r.t. msg: “Many F's are Gs” is true , since 20000 > w.

91



4.

QUANTIFIER MODELS

92

The extensional reading that was not already introduced in [Hof15)], i.e. me14, needs
comparison sets to be evaluated. Assuming those are the nationalities of other non
Austrian students, we might expect that this would lead to 1 as a truth value of the
statement as well.

Example 7 To explain these readings once more in detail, we look at two different
statements, namely (st1) “Many people are French”, and (st2) “Many people are Catholics’.
Of course, one way to understand those is as applying to the whole world, but we restrict
our attention to Europe, to make things more meaningful. Now, let us say (1) the actual
situation sa is fized as the European Union (EU), while “people” and “French” are crisp
properties. Then we might fix the comparison sets C; as the crisp predicates expressing
“from country j”, where each j € {1,...,27} represents one other EU country*®|. (st1)
together with the implicit information now reads as “Many people in the EU are French,
as compared to other nationalities from the EU.”. Within the term “compared to”, there
still is room to choose from one of the extensional readings that employ several comparison
sets, like me1q, ..., Me14. The first two of those simply demand that there must be (not
strictly or strictly) more French people in the EU, than of any other EU nationality, which
is probably wrong, as there are supposedly more Germans. This again reflects Lappin’s
very strong condition. meio Telazes it to only requiring that 14, hence the majority
of other EU nations have less citizens in the EU than France, which is probably true.
The meaning of me13 s somewhat more complicated. It compares those nations with
less citizens with those that have more. If the sum of people from countries with fewer
citizens is bigger than the sum of people from countries with higher population, then it
renders (st1) true. The last reading, me14, takes the average of population sizes from all
comparison countries and compares it to the French one. As the average population in
the EU countries is about 18 million with a French population of about 67 million, this
reading also evaluates (st1) to true.

We now change the actual situation sa from the EU to Spain. The comparison sets
stay the same, but are now taken within sa, hence we look at the French population in
Spain, compared to other EU nationalities within Spain, including the Spanish. According
to Wikipedia®”, Romania leads the list of EU immigrants in Spain, so meio and mei1
evaluate to false, but only six EU countries have more people in Spain than France, so
me12 evaluates to true. On the other side, those sixz have together about 1.6 million people
living in Spain, while the remaining 21 altogether have only about a tenth of that, so
me13 evaluates to false. me14 evaluates to true, as the average of EU citizens in Spain is
clearly less than 100000, which is approzimately the French population in Spain.

We now keep the actual situation Spain, but look at the other 27 EU nations as normative
situations sn;, and evaluate (st2). Again, according to Wikipedia®, there are about
32 million Catholics in Spain, and only France, Italy and Poland have more (about 40

26In case you read this past 2019 and the UK has left the EU, then j ranges only until 26.
*Thttps:/ /en.wikipedia.org/wiki/Immigration_to_ Spain
Zhttps://en.wikipedia.org/wiki/Catholic_ Church_ by country#Europe
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million, 50 million and 33 million). The rest of the about 232 million Catholics in total
in the EU distributes over the remaining 24 nations, and the average is about 8 million.
Hence, Equation 4.2 evaluates to false, as does mj1, as Italy has (relatively) clearly
more Catholics than Spain. Similarly also m;y and m;s evaluate to false, since the only
difference is the strictness in the inequalities. m;o evaluates to true, as there are only
three nation that have (absolutely) more Catholics than Spain. Also relatively, there are
only seven nations that have more Catholics than Spain, therefore m;3 evaluates to true.
Going through the numbers yields that both m;s and m;7 evaluate to false, as the EU
countries with (absolutely or relatively) more Catholics than Spain account for about 123
million (or an average of about 76%), while those with less Catholics only account for
about 76 million (or an average of about 25%), while Spain’s average is about 70%. The
overall average though, is only about 8 million, or /5%, so both m;s and m;g evaluate to
true.

4.6.5 Extensional readings of “few”: binary, Type I

The respective definition for ||few||, with respect to Equation 4.24] can be obtained by
replacing > with <*;

IG5 € ||few]| (|| £]*®) iff
Z #0, and for all sn.€ Z, | ||F|** 0 ||G|I** |<| | F|*" 0 ||G|I*™ | (4.25)

Definition 34 For crisp L, (I1) formulas F,G H H;, 1<i<k, withk>1, such that
the H; are comparison sets with respect to sa, and j > 1 q,q1,q2 € [0,1], as well as
f:NT = NT, we define:

fer: Z = {sn: sn=sa & [[|F|*" N [|G|™|< (¢-100)% [[|E][*"| & [ Fll*" N |Gl |< 5}
fer: Z = {sn:sn=sa & || F|** N ||G|*"|< I- | | F||*" |, with [ € (0,1) fixed}

fes: Z = {sn: sn=sa & || F|I"" n[|G|* < LELL [ F )y

fea: Z={sn: sn=sa & ||F[|*" N ||G|*™|< f(| Dsn ), f(| Dsn]) € Nt}
fos: Z = {sn:sn=sa & ||E|** N |G |< - ||G]|* |, with I € (0, 1) fixed}

feo: Z = {sn: sn=sa & || F[ |Gl [</IF]*" 0| H[™ [}

29Before, regarding Equation 4.24, we kept Lappin’s original notation for (crisp) predicates, namely A
and B, while now we use our common notation for (crisp) formulas, namely F and G. Also, we use Z,
instead of S, in the definitions of the readings for “few”, to make visible the difference from the definitions
of the readings for “many”.
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fer: Z = {sn: sn=sa & || F| 0 ||l (<G | H™ 1}
fes: Z = {sn: sn=sa & [|F|™" 0 |Gl [<||H|*" |}

feo: Z ={sn:sn=sa & %<(q1-100)% &% = (g2-100)% & q1 < @2}

fero: Z={sn:sn=sa & |[F|*n|G]*|< |HT}

foar: Z={sn:sn=sa & |[F|*n|G]*|< |HT}

fero: Z = {sn:sn=sa & ||| F]** 0 ||G||**|<]| || F||** O || H; ||**], for most 1 <i<k}
fas: Z={sn:sn=sa & Yier [IEI O IH** = Sier. IEI 0| Hill* [}

faa: Z={snzsn=sa & |[FI*NGI*|< § - Sy [IFI** 0 Hall* |}

Note that, although reading fe4 relies on a function f with values in NT, we can safely
assume that f takes on values in {1,... | Dsq|}. This is because we have ||| F||**N||G||** |<|
Ds, |. Hence, we can also assume that f acts simply as multiplication with a number

@€ {pp--s 5} on | Dyal.

4.6.6 Intensional readings of “few”: binary, Type I

Definition 35 For two crisp Lo (1) formulas F and G, and Z = {sn; : i € {1,...,n}}
as set of mormative situations, n > 1, we define:

fu: IGII** € |l fewl| (1 £]*) iff

IEN=NIG]*]
IE =

[ aal el
IEN ="l

Z #(, and for 1 < i < n, we have: <

fior |G € || fewl|(|| F]*e) iff
Z # 0, and for most 1 <i<n: |HFH“‘ N HGAHS“ |<] HFHS”Z N HCA}HS”Z\
fizr |Gl*e € || fewl|(||F]|*2) iff

. allEr || sqf allEu Al|sny
Z # ), and for most 1 <i <n: IHFHW]ISISTII | « HIFH”‘;FSII%II il

fuaz |G € || fewl| (1 £]1*) iff
Z# 0, and: ||[F** 0| G|1* < max{] [|E[I* 0 |G 1< i < n}
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fis: IGII** € || fewl| (| £]*) iff

|| sa Al sa || s Allsmy
240, and: LELBIGI < o (MELBICE™ g < <

fis: 1GII** € || fewl| (|| £][*) iff
Z#0, and: Ticra [IFI™ QNGNS Xiegars [IFI*™ NGl |

far: G € | fewll(I£1**) iff

Elsmin|| Gllsmil WE (=i ]G5
Z #+ and: ) 1 I - <> 1 ~
9, ZZEI?& [1E][2™4] - ZZEIE Il£'[°74|

fis: |Gl € | fewll(I£]**) iff
Z#0, and: [[|F* N (|G < 5 iy [IE]™ A&

fig: IGII** € || fewl| (|l £][**) iff

e e A R I e
Z# 0, and: TpElrs < 2 Xim  Epey

4.6.7 Representation of the readings of “many” and “few”

The above analysis of Lappin’s account of “many” [Lap00], and the refinement of it
[Hof15], show how one can define plausible readings for the two quantifiers “many” and
“few”. From a linguists perspective this might already be it, while our aim here is to
translate the given characterizations into a formal logic framework, namely L, (II). As
we will see, since some of the readings are relatively involvedly defined, we have to use
Lo (1) to cover the full spectrum of all 20 readings.

Type I, binary, “many” and “few”

Definition 36 For crisp Lo (I1) formulas F,G H, H;, withic {1,...,k}, k> 1, such
that the H; are comparison predicates with respect to sa, and a set S = {sny,...,sn,},
n > 1, of normative situations, we first define the following expressions:

For any situation s and two crisp formulas ﬁa,ﬁb, we define:

o vy (Ps(c) = H(CEDS)
o ¢° =Tx(Ps(x))
o gy = a(Ps(z) A H,(x))

A A

° q%mﬁb = Iz (Ps(x) A Ho(x) A Hp(x))
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For two values a,b € [0,1] and d € (0,1), we use @, qy and qq for truth value constants

that evaluate to a,b and d respectively. Similarly, for a value ¢ € {IDI PERRRE llgm}} we
use G for the truth constant that evaluates to c¢. Also, we may assume that there is a

situation s; such that | D, |= j, for all1 < j <[ D|. ThenV:

Base (binary) Type I reading of “many”:

o Q§a(F(x),G@) = N A = a3f)

o Qiz(F(2),G(x) = MA@ = (@ — af o) A (@ = g )

o Q(F(2).G(x) = A" — ¢20) = (¢ — 1)

o Qa(F(x).C(x) = AT — (¢ — 42 ) A @ ¢ (@2 — ¢2) A @ = 7))

39Recall that — is equivalent with —F .
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A

o Qise(F(2),G(2) =

o QUu(F(x), G(x)) = N A — a3%) = (a3 — )

o QEa(F(2),G(x)) = ~Alm Algl, = af ) = (Tr 1))

o Qr(F(@), G(x) = AL AR — ¢2%) = (@2 — 1) (TrL))

o Qifr(F(2),G(2)) = ~Agy s = ViL1G7e)
o QRr(F(x),G(x)) = ~A((gy — qife) = Vit gi" — a7'e)

= ~A(gs A A = G Feien — 1005 A A — 0 o)) Fein)

SN SN

= Al - (g = g2)) A=A — a3fe) = (@2 — a2

M4 SN SN D

= [(@"M - (5" = ape) A -AgR" = ap'e) = (@ — g e))i<icn)
o QR(F(x),G(x)) = ~Algyy = T1df's)
o QUa(B(2).0@) =~ — 4i2s) — T (@ — a)
Base (binary) Type I reading of “few”:
o Qfu(F(x),G(x) = N~y = 6

Extensional (binary) Type I readings of “few”:

o Qx(F(2),G(x)) = ~A(Ga — (¢ — GE ) N A = g )
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o QL a(F(x),G(x) = ~Agg — (g5 — ap'e))

o Qlsz(F(x),G(x)) = ~A((¢* — ¢) = (¢ — a¥)
o Qluz(F(x),G(x)) = ~A((@ - ¢*) = (42 5))

o Qlsa(F(2),G(x) = =A@ — (¢ — ¢))

o Qlr(F(x),G(x) = ~Algyy — a3

o Qla(F(z),Gl2) = ~Alg¥, — 4

o Qfga(F(2),G(x) = ~Algy — 432

= 7A@ = (g7 = afe)) NA@ © (g — g 5) A ~AB — Ta)
o Qlpr(F(2),G(2)) = =AVE @8, — a)
o Qlya(F(2),Glx) = Algfy = Vi@ ,)

o Qlpa(F(),G(2)) = ~Alrly~Agl; — ¢if) = (Trl))

o Qy2(F(x),G(x)) =
i)

= A([QSFCLHZ A ﬁA(q}ff@ — q;:ffﬁi)]?gz‘gk - [CI;GHZ A _‘A(CI%GHZ, - qspcf@)hgigk
o Qlia(F(2),G(x)) = Algr s = mya )
Intensional (binary) Type I readings of “few”:

o Qfa(F(x),G()) = Ny =Al(gp" — q7'%) = (¢ — a))

-
o

o Qhr(F(z),

() = ~A(TI ~A(GT, — g) = (TaL))

o

o Qlr(F(x),C(x)) = ~Alr, ~Al(gl = a2%) = (@2 — a2s)) = (TrL))
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o Qfir(F(2),G(0) = Mg = Vimiape)

sa
goXel

o QLz(F(x),G(x)) = A(g — ag' ) = Vim(gg" = 7))

o Qfgz(F(z),G(x))
= A([Q;n& A _‘A(ng@ — 4z G)]

)

o QLa(F(z),G(x)) =

_ SNy SNy

= [(@"M - (5" = ape) A -A(gR" — ap'g)
o Qla(F(2),G(2) = Algg s = T1ai)

o Qhr(F(z),G) = Allgg — aity) = Ty (g

Theorem 35 The quantifiers QE” and Qg, for ¢ €

i<n 7 [Q;HZG A ﬁA(Q}% — q;aG)]

Al (g7 = ') A=A — afe) = (@7 = a3 icicn
)

= (g = i)

?ﬁign)

Sn; SNy

_>

®
1<i<n

SN

)

o g

{0,el,...,el4,il,...,i9}, formalize

the corresponding readings m¢, f¢ for “many” and for “few”.

Proof:

We first note that:

um(e®) = 15

oldly) = 2cep, PMHa(©) I\\Hﬁllsl

ol ) = Yocep, WMHa(NHL(E) EATAEAR
- ARV A G = T A e P A

M (q%u — q;jayﬁb>

I[Hall4/1DX Il Hall*

We now prove case by case:

o vm(QFa(F(2), G(x))) = vam(N DG, — o))

F.G

This evaluates to 1 if and only if for all 1 < i < n it is true that:

|Hﬁ|\salg|||é||sa| > |HﬁHS"zBHG||S"z‘|’ which holds if and only if

HE A G 2 [ F]lm n |G, for all 1 < i < n.
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o Qa(F(2), G(2))) = o (AT = (2 — g2)) A (g — ¢2,)
This evaluates to 1 if and only if, for a fixed a € [0,1] and 1 < j <|D|:

sen||GY|*/1D)
a< LE >0
I1F=a/ 10t

This holds if and only if:

syl 5 NG|
and = =5 <

o < LEL0IGI g 1 p

< F sa Allsa '
< LG 7 <l A @]

131 1=
om(Qz(F(x),G(2)) = vm(A(Ba = (@ — a¥s))
This evaluates to 1 if and only if, for a fixed d € (0,1):

UEL*OIGI* YD This holds if v if g < IEInlG]*
d < E/ID0 is holds if and only if d < TR

oM (Qz(F(x), G(x))) = v (A((¢* — ¢&) = (g3 — 95'e))

This evaluates to 1 if and only if:

LIGLe/ID < IIIFIIS“WIGIIS”\/H e IG5 < IHFHS“FWIIGIIS“I
Do/ < TR . This holds if and only if Do = TR

m(Qe(F(2), G(2))) = va(A((@ - ¢**) = (4 ))

This evaluates to 1 if and only if, for a value ¢ € {ﬁ, el %}

e < WP AIGI  This holds if and only if ¢- | Daa |= £( Dsa ) <||F*N[| Gl
oam(QEE(F (), G()) = opa(A(B7 — (@ = a2 ))
This evaluates to 1 if and only if, for a fixed d € (0, 1):

IHFHS“OIIGIIWI/M This holds if Ivifd< HIFH“‘“OIIGHS“I
d< TGN is holds if and only if d < e

om(QEEz(F(x), G(2)) = vm(A(gE ;= 4 )
This evaluates to 1 if and only if:

£l Gll= /1D . . N
< LEPenIG) /i '
1 >~ |HF||SGO||H”SG|/M Thls hOldS lf and Only lf

L A [<HIE NGl
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o om(Qa(F(2),G(2) = vm(A(gY ; = 4s)

)

This evaluates to 1 if and only if:

IE )Gl /1 . . "
< NEPE=nlG /10 ‘
I< Gl &[>/ 1D This holds if and only if

Gl A=< E] A G-

o um(QRz(F(2),G(2)) = vm(Algy = )
This evaluates to 1 if and only if:

1< WTh'hl if ly if:
< A is holds if and only i

A [<HIEl* G .

o oMm(QRr(F(2), () =
vMm(A((Pa = (4 — ai ) AN B8 < (g7 — a8l y)) A (Po = Pa)))
This evaluates to 1 if and only if, for fixed a,b € [0,1]:

[TaTaaael N _ JGpeny gy
o < S iEpeap o b= gap o and b<a

This holds if and only if:

o < DEEnlGIe g g — DG nl |

< a.
= TR iae o andb<a

o om(Qor(F(x). G(2)) = op(A(VE g8 — a2)

This evaluates to 1 if and only if for all 1 <4 < k we have:

|\\F|\Safﬂ|ﬁi||sa\ < |||F||Salg|||é||sa\‘ This holds if and only if
HIEe A= < IE 0 |G, for all 1 < i < k.

o om(Q (P (@), G(2) = va(~Algy = VELa2,)

This evaluates to 1 if and only if for all 1 <+ < k we have:

mﬁuwwﬁﬂlﬂ‘ < IF ””la”@””‘. This holds if and only if

HIEN O IE | < IF** |G, for all 1 < < k.
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o um(Qpz(F(2),G(2))) = v (CA(TE Al — a3t ) = (Tml)))

This evaluates to 1 if and only if:

$<1- Sk L um (A(q;“Hl — q;“G)) This is true if and only if there are at least
[FPen |l Hall*?  JIF] )Gl

[ comparison predicates with “ , for [ such that % > %
Hence, there must be a majority of comparison predicates, which is exactly the
semantics of “most”.

A

om(Qetzz(F ( ) G(z )))

Hence, v (Q7 5z (F (), G(x))) evaluates to 1 if and only if v > w, which
is exactly when Yier [P O 1Hil* (> Cier, [IEFI1% 0 | Hil|** .
om(Qutgz(F(x), G(2)) = v (~AgE ;= ma ;)
This evaluates to 1 if and only if:
7"|F”SQLB|”GHM| > %Zle 7‘”FHMHH1'”M|. This is true if and only if,

LI NG > § Sy TP 0 Hll*)-

um(Qfiz(F(2), G(2)) = v (V= AUgR" = a3'%) = (a3 — 4)
This evaluates to 1 if and only if for all 1 < i < n:

UEI= Gl o IEI NG
= - lEE

om(QBz(F(2), G(2))) = v (CAML AGy = a3 e) = (Trl))

This evaluates to 1 if and only if:

1 sng

s< oy, UM(A(qFG — qF )) This is true if and only if there are at least
h IIIFIIS"Z'HIIGIIS"Z'\ < LEenlG)*|

[ normative situations, wit , for [ such that % > %
Hence, there must be a majority of normative situations, which is exactly the
semantics of “most”.
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N

o om(Qpz(F(z), G(x))) =
= om(CAMLAGR" = dp'e) = (g5 = afy)) = (Tr L))

This evaluates to 1 if and only if:

s<i.oyn, om(A((g" — qsnl ) = (gf! — qs;a .))). This is true if and only if

IFIIS"ZFWIIGIIS”# IHFIIS“AHIIC?IIS“I for 1
I1E]|=] - NE1l>

such that L = > 2 Hence, there must be a majority of normative situations, which

is exactly the semantics of “most”.

there are at least | normative situations, with "

o um(Qfr(F(2),G(2)) = vm(=A(g s, = VieaE'e)

This evaluates to 1 if and only if for all 1 < i < n we have:

|HFHS”EHGHsn,-| < |\|FHS“1B‘I|G||SG|' This holds if and only if:
HIE)5 0 | GIEe > maxy<i<n{] | E]5% 0 |G |}

o v QBE(F (), G@)) = tm (A = aif) = VI (gF — a78))

This evaluates to 1 if and only if for all 1 <7 < n we have:

IEPaolGl ] JEIOICI™ g holds if and only if:

NET"] IZ]1°7]
Naaa ek Maltale
UL | 1 L T S _
&) maxi<i<n{ ™ Epn
o v (QRx(F(z),G(2))) =
= UM(ﬁA([qSAmA ~AlgE Q;n&)}?gzgn =

[qsnz N-A(gR'y — Qfaa’@)]%ign ) =1 = I min,1-vtw)y> With v, w:
i ; F sn; M éf sn;
v=uvmllage N AGE = 03 e <icn) = ieas %, and
i i . EFlsmin||G|smi
w = UM([qsn A ﬁA(qsn — g5 )]?ﬁzgn) — Eie[gbs %

Hence, v (QRz(F(x), G(x))) evaluates to 1 if and only if v > w, which
i exactly when S o |97 (1[G > Siegens (157 0 [Gon .
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o om(Qpa(F(z),G(x))) =
= om (A - (g5" = qe) A A — agte) = (457 = a7 e))Ticn —
S (@ (@ — ) A A — g = (@ — 2 Eien)) =

=1 —I—min(1,1-vtw)}, With v, w:

S|

v = (@ (@ = @) A A — ae) = (@ = g Pein) =

[l e el S
— S . and
Lierret prEpey = b

w = vp([(¢°1 - (q;m — q;é)) ﬁA(( o q;rj&) - (Q%a — Q‘;:ﬁaG))]iegzgn) =

_ WAL nIGIm < 4
= Liere ppEpey . S -

Hence, vr(QR22(F(x), G(x))) evaluates to 1 if and only if v > w, which

- L1 AIGl*" LY Y| Gl
is exactly when 3 prei R Lierrel EE

o o QEr(F (@), (@) = vm (AL g — Ty a)
This evaluates to 1 if and only if:

IEAIG lgIHGHK | > %Z?:l IEPEAIG]™ iIBI”G”‘ i‘. This is true if and only if,

HIE* NG > 5 iy I |G

o v (QRz(F(z),G(x))) = UM(ﬁA((q%a — qujé) = ma(gE — aFe)

This evaluates to 1 if and only i TG o)1 TE

The cases for “few” work analogously. O

2

Type III, binary, “many” and “few”

Although not common in linguistic accounts, “many” and “few” can be understood as
Type III quantifiers, too.

Zadeh [Zad65] initiated the studies in fuzzy logic, which have since been developed
incredibly far until today’s state of a formal Mathematical Fuzzy Logic (MFL) [CHNT1].
To that end, major contributions have been made by Hajek [H4j98], Cintula and Noguera
[CHNTI], especially when developing a systematic t-norm based account to fuzzy logic,
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which is today at the heart of any MFL. Albeit, although fuzzy logic was (and still is)
intended to model natural reasoning more flexibly, no case closing contributions have
been made in regard of the semantics of “many” and “few”. This is not to say none have
been made at all. In fact, several readings we discussed beforehand, have been formalized
already, e.g. by means of Zadeh’s S function[GI606], which is basically a parametrized
function from the real unit interval to itself, with function values starting in the origin
and ending up in the point (1,1). More formally, dependent on two parameters a, b, it is
defined as follows:

S :10,1]3 — [0,1], with:

0 rz<a
. (Z=a)2 atb
S(z,a,b) = 2 (=) b a<bx§ ?
1-2-(F2)? “P<az<bd
1 x>b

This is to be read as follows. Regarding a statement of the form “Many A’s are B’s”,

the value z represents the proportion of A’s that are B’s, hence Hﬁgﬁ”, while the value

S(z,a,b) models the respective truth value of the statement for any x. Since S is clearly
a monotonically increasing function, starting in the origin and ending up in (1,1), it
is possible to model all sorts of readings for “many” with it. Still, again, we are left
with the determination of the parameters a and b, which is unsatisfying as there is no
described way as to how to get to them.

Then, there is Hajek’s way [H&j98|, which basically consists in shifting the problem away,
similarly to most of the other strategies discussed so far. He introduces a set of possible
worlds, each of which evaluates respective “many”-quantified statements classically, i.e.
the evaluation yields either 0 or 1. Eventually, one takes the average of these values,
interpreting it as the probability that a respective statement is true in a randomly picked
world. Although this makes a lot of sense in principle, we still don’t know how the get
to the individual truth values in each world. Looks like we go round in circles, as also
Glockner [GI606] and, more recently, Delgado et al. [DRSV14] do not exceed these
limits.

Following our own account, based on Lappin’s, going from Type I to Type III can simply
be done by making the evaluation criteria non-crisp, i.e. removing some Deltas from the
Type I definitions. We can not just say all Deltas, since some of the encoded conditions
have to remain crisp. As a consequence we list all Type III quantifier definitions for
“many” and “few”.

Definition 37 Let crisp Lo (I1) formulas F,G H, H;, withie {1,...,k}, k> 1, such
that the H; are comparison predicates with respect to sa, and a set S = {sny,...,sn,},
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n > 1, of normative situations, be given. For two values a,b € [0,1] and d € (0,1), we
use Gq, qp and qg for truth constants that evaluate to a,b and d respectively. Similarly, for
a value ¢ € {ﬁ, R LBZI}, we use G. for the truth constant that evaluates to c. Also,

we may assume that there is a situation s|j such that | Dy |= j, for all1 < j <| D |.
Then3':

Base (binary) Type III reading of “many”:
o Qfa(F(a), Gla) = Ny (0 — 430)

Extensional (binary) Type III readings of “many”:

[ ]
o
£
:g>
S

(B

(2)) = (@a = (g — aig)) A g™ = g )
o QYa(F(2),G(x) =7 — (@ — a}2s)

o QUu(F(x),G(x) = (@ — ¢2) = (@ — 4

31Recall that — is equivalent with —F .
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o QMya(F(2),G(2))

= [y g N =AgE = g IE

1<i<k [q;aH A =A(gF o — 9 g,
o QM a(F(x),G(x)) = T8 1¢% . — ¢
eld ’ ZZqu,Hi qF,G’
Intensional (binary) Type III readings of “many”:
o Qa(B(2). Ola)) = Ny (@ — a2) = (@ — a:25)

o QYu(F(x),G(x) = (Trl) — T AT = 4

o QYa(F(r),Gla)) = (Trl) = T A2 — 4 = (@ — 1)

Qi (R, Ga) = Vil =

o QYa(F(x),Gl@)) = Vi (@2 — a) = (@ — 1)

o QYa(F(x),G(z)) =

=g (7" — i) A=A — a7) = (g — g )T

1<i<n 7
= M@ (0" = g A=A = i) = (05— a7 iisn

" Qlfo(F(e), Gla) = miadfy = i

» QP 6) = malaf — ) = i~ aite)

Base (binary) Type III reading of “few”:

o Qfa(F(x),G() = Ny (@ o = 4p)

Extensional (binary) Type III readings of “few”:

o Qfa(F(x),CG(2)) = (¢ — q3e) = Da) N (@ — ¢°)
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o Qhu(F(2),G(x)) = (g — aife) = T
o Qfa(F(x),CG(2)) = (¢ — ) = (@ — )

o Qfr(F(2),G(x)) = (q5s) = (@ ¢*)

b Qe7$(

ﬁj>
(N
&
I
QCIJ
?—1)@
Q>
Q%
o8
m)

* QP >@<w>>=q%‘qu2?

= ((Qp — Q}g:ff@) = Ga) N (@ < (Q‘;}l — qgaﬁ)) A — Ta)

Intensional (binary) Type III readings of “few”:
o Qfr(F(2),G(x) = N (a0 = a32g) = (@ — %)

o Qhu(F(z),G(x)) = (Tml) — T A e = 6 )

o Qr(F(x), Gx)) = (Trl) = mli =AU — ¢) = (@ — 4i0s))
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°
s
R
B
>
&
o
&
Il
Q
e
o
<
e
y, @
5

[}
o
&
=

3>
S
2
2

i

[ ]
o
&
=

-
=
s Q
2

|

=g (g7 = ape)) A=A — g e) = (@ = ) icicn —

S @ (g ) A=A a%) > (= 0 eicn

°
D
5
i
o
<
>3
o
A
I 3
l=)
=
[}

Qfgr(F (), G(2)) = (¢3¢ — ¢ ) = iy (45— 3%

(Non)-Monotonicity of the readings for “many” and “few”

Monotonicity of a quantifier is a very basic and core property that can be fulfilled or even
should or must be fulfilled in certain cases where adequacy of the quantifier model is an
objective. An non-decreasing quantifier has a truth function with non-negative slope,
while a quantifier is non-increasing if it has a non-positive slope. In the next chapter, we
will analyze properties of quantifiers in more detail. However, since here we are interested
in particular (binary) quantifiers, namely “many” and “few”, we introduce and use the
notion of monotonicity (in proportion) of a quantifier in advance.?.

Definition 38 A binary semi- fuzzy quantifier Q is called non- decreasmg in proportion,
if for three crisp formulas F G H, with PropM(H A F) < PropM(H A G), we have:

vm(Qa(H (2), F(x))) < vm(Qu(H (), G(x))). (4.26)

Also, a semi-fuzzy quantifier Q is called non-increasing in proportion, if for three formulas
F,G, H, with Propp(H N F) < Propp(H AN G), we have:

om(Qe(H(x), F(x))) = vm(Qe(H(z), G(x))). (4.27)

32Tn the next chapter we will define monotonicity in proportion for unary quantifiers. This will then
technically be redundant, but for the presentation still be useful.
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In [PW06], Westerstahl argues that “many” and “few” are particularly good examples
for quantifiers that should have the monotonicity property, i.e. models for “many” should
be non-decreasing and models for “few” should be non-increasing. This seems to make
sense, as, for example, if one accepts that “Many people are destitute”, then we would
most likely also accept that “Many people are destitute or just poor”. To rate the one or
the other statement, we can perhaps safely use the same reading of “many”, meaning the
same comparison sets or normative situations. On the other side, when the quantified
predicates relate to different contexts, this comparability most certainly will be lost. The
following theorem captures the non-monotonic nature of this section’s models, which
is due to the very flexible way in which we can instantiate situations and comparison
predicates.

Theorem 36 None of the quantifier models of this section generally complies with their
respective monotonicity properties.

Proof:

For extensional readings of “many”, it is relatively easy to see that the conditions for
monotonicity (in proportion) can be violated by setting the actual situation accordingly.
The issue arises from the fact that Propy, always evaluates the whole domain D. This
means that any statement of the form PropM(F/\ G) < Propm (]3‘ AG'), for a semi-fuzzy
quantifier Q and crisp L (IT) formulas F , G , G’ , can be rendered irrelevant with respect to
evaluations of situation dependent quantifier models. This happens if we simultaneously
have an actual situation sa such that Dy, = {¢ € D : vap(F(c) AG(c)) = 1}, and
{ce D:upm(F(e) AH(c)) =1} N Dyy = 0. When normative situations enter the stage,
the argument becomes even more obvious. The argument for readings of “few” works by
analogy. O

Y

The result of this theorem should not be taken as a defect of the quantifier models, but
rather as a hint that most basic criteria, like monotonicity, should not be demanded from
natural language expressions that are so very flexible by their very nature.

Remark 21 In the beginning of this chapter, we outlined which quantifiers we are going
to treat and analyze. It now remains to mention how those labeled as [Int2], namely
several, various, multiple, heaps of, and loads of, are supposed to be understood. Again,
there are many different interpretations that can be witnessed in real life. Some are fairly
straightforward, e.g. several, various and multiple can be read as more than one. The
other two are somewhat similar to “many”, and, as there are already plenty of readings
to choose from, we claim that some of them may also apply to those. The use of plenty
in the forgoing sentence also falls under this regime. Taking the present thesis as actual
situation, just think of the comparison sets referring to the amount of readings we defined
for other quantifiers, and verify that there are less.



CHAPTER

Quantifier Fuzzification
Mechanisms: QFMs

5.1 Desiderata for Quantifier Fuzzification Mechanisms

Lifting semi-fuzzy quantifiers to fully-fuzzy quantifiers should be performed in a systematic
manner, following certain principles or axioms. This approach has been pursued most
notably by Glockner, who wrote a whole monograph on the topic [GI606]. More recently,
Delgado et al. [DRSV14] provided the community with a survey article, that summarizes
the most important techniques in that regard concisely and in great detail. Also, Diaz-
Hermida et al. [DHBCB04] dedicated themselves to this method. This chapter is based
on [BFHIS|. The framework we build upon throughout this chapter will be L, (II),
unless clearly stated otherwise. Hence, we will keep that fact implicit, to shorten the
presentation. The main notion, the Quantifier Fuzzification Mechanism (QFM), is defined
as follows:

Definition 39 A quantifier fuzzification mechanism (QFM) F assigns to each semi-fuzzy
quantifier Q a corresponding fully-fuzzy quantifier F(Q).

Focusing on the semantics that underpins the different QFMs that we will discuss and
analyze in this chapter, we will only treat unary quantifiers, as done in [BEFHI§|. The
lifting principles will be introduced as desiderata rather than axioms. Unlike Glockner,
we do not aim at a set of axioms that are minimal in the sense that none of them is
derivable by the others. The reason is that we intend to have them listed transparently
and systematically, one by one. Two of Glockner’s principles, or axioms in his terminology,
called ‘internal joins’ and ‘functional application’, respectively, apply to quantifiers with
arity greater than 1, and are hence omitted here. We further note that Gléckner does

111




d.

QUANTIFIER FUZZIFICATION MECHANISMS: QFMs

112

not distinguish properly between syntax and semantics, achieving a shorter presentation
of matters, while we translate that terminology into one corresponding to our logical
framework, following the practice of [BFHI8]. According to Glockner, “perhaps the most
important axiom” is this one:

A A

Correct Generalization: For all crisp formulas F: vy (F(Q)zF(z)) = v (QuF (x)).

This desideratum expresses that the evaluation of the fuzzified quantifier F(Q) must
coincide with the evaluation of the semi-fuzzy quantifier Q on crisp arguments.

For the following definition, remember that we identify domain elements with constants.

Definition 40 For all crisp formulas F and allc € D, we define the (Type I) projection
quantifier A, by vy (AczF(x)) = vpm(F(c)).

Note that A.zF(x) is classical (bivalent). Gléckner postulates the following desideratum
for lifting A, to fuzzy predicates.

Projection Quantifiers: For all formulas F: v (F(Ac)zF (z)) = vam(F(c)).

Projection quantifiers are introduced to model quantifiers that refer to named objects,
such as “John”, not as a name for arbitrary people, but a particular John that one wants
to single out. Linguistically, that is standard, while logically, as we will see from the
following definition, such quantifiers play a special role, as they cannot be considered
quantitative or logical. This property expresses that the truth value of a quantified
statement should not depend on the order of domain elements, but only on quantitative
aspects of the argument predicate. This can be expressed in various ways. Following
[PW06], we will take the following property as the hallmark of logicality.

Definition 41 A quantifier Q is called quantitative if for all bijections’ € : D — D
and all formulas F2, vy (QuEF (7)) = vy (QuF(z)), where the interpretation MS results
from the interpretation M by mapping every ¢ € D into &(c).

Remark 22 The foregoing definition, and many of the following ones, do not distinguish
clearly between semi-fuzzy quantifiers and fully-fuzzy quantifiers, to safe some space and
make the text more readable. However, if one considers the definitions for semi-fuzzy
quantifiers, one has to restrict the phrase “for all formulas F'” to “for all crisp formulas
F7, for otherwise some appearing terms are actually undefined.

Note that this corresponds to a permutation of the domain, and that we do not shuffle the set of
constants, which is also called D.
2In case of semi-fuzzy quantifiers, we have to consider only crisp formulas. Note the following remark.
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The respective desideratum for QFMs is given as:

Preservation of Quantitativity: If a semi-fuzzy quantifier Q is quantitative, then so

is F(Q).

The following definitions capture properties that are related to extending or restricting
the domain of discourse D, while not changing the interpretation of predicates over the
original D.

Definition 42 We call the interpretation M’ a conservative extension of M and say
that M’ conservatively extends M, if M’ results from M by (possibly) adding further
elements to the domain D without changing the interpretation of predicates over D itself
(i.e. var() and vaq() agree on D).

Definition 43 A gquantifier Q is called non-decreasing under extension if for all for-
mulas F, vp(QrF (z)) < vap(QuF(z)), whenever M’ conservatively extends M. It
is called non-increasing under extension if, under the same condition, vy (QxF(x)) >

or(QeF (2)).

Note that neither relative nor absolute quantifiers are monotonic under extension, in ge-
neral. However, the classical existential quantifier and, more generally, Type I quantifiers
expressing “at least k” (k > 0), and “at least (¢ - 100)%” (¢ € [0, 1]), are non-decreasing
under extension, while the classical universal and, more generally, Type I quantifiers
expressing “at most k7 (k > 0), and “at most (¢ - 100)%” (¢ € [0, 1]), are non-increasing
under extension. Although not considered by Glockner [GI606] or by Delgado et al.
[DRSV14], it is not unreasonable to ask for the preservation of this property under
fuzzification.

Preservation of monotonicty under conservative extension: If a semi-fuzzy quan-
tifier Q is non-decreasing (non-increasing) under extension, then so is F(Q).

Expressing dualities of syllogistic reasoning, as in Aristotle’s square (see, e.g., [GI606] ),
requires not only the presence of a connective for negation (=), but also of antonymic
quantifiers. Since we are only interested in unary quantifiers, the corresponding definition
is straightforward.

Definition 44 For any quantifier Q, its antonym Q7 is given by vy (Q xF(x)) =
vm(Qz—F(x)). The negated quantifier "Q is given by v (" QzF(z)) = vpm(—QzF(z)).
Moreover, the dual quantifier Q% is defined by v (Q%zF (2)) = v (~Qz—F(z)). In
other words, the dual quantifier is the negated antonym of the given quantifier.
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Corresponding desiderata arise for a QFM F and semi-fuzzy quantifier Q:

Internal Negation: For all formulas F: vy (F(Q7)zF (z)) = vpm(F(Q)z—F (z)).

External Negation: For all formulas F: vy (F(TQ)xF(z)) = vpm (= F(Q)zF(x)).
Combined, these become:
Dualization: For all formulas F: vy(F(QY)zF(z)) = v (F(Q) zF(z)).

As already indicated, dualization presupposes the existence of a unique negation ope-
rator. Glockner tackles this problem by introducing a mechanism for deriving truth
functions for propositional connectives from QFMs. While he speaks of ‘canonical con-
struction’; one should emphasize that the set of truth functions preferred by Glockner
for negation, disjunction, conjunction and implication are incompatible with those of
Lukasiewicz, Godel, and Product logic®. More generally, Gléckner’s approach to pro-
positional connectives is incompatible with a more recent approach to deductive fuzzy
logics [H&j98), [CHN11, [CEN15], where one starts with a (left-)continuous t-norm for
conjunction, uses its residuum for implication and derives all other connectives from
these in a canonical fashion.

The next definition singles out an important subclass of quantifiers.

Definition 45 A quantifier Q is called non-increasing if, for all formulas F', vy (F(c)) >
vm(F'(¢)), for every ¢ € D, implies vy (QuF(x)) < vy (QzE' ().

Note that in the case of crisp formulas F' and E”, the condition v (F( )) > v (E'(c))
expresses that the extension of £’ is a subset of the extension of F. In this form,
monotonicity of quantifiers is often discussed in linguistic literature (see, e.g., [PW06]).
For example, for any constant k, the quantifier “at most k” is non-increasing, but also
the vague quantifiers "nearly none” and “less than about half” are non-increasing. As to
the desiderata for QFMs, we have the following;:

Preservation of Monotonicity (>): If a semi-fuzzy quantifier Q is non-increasing,
then so is F(Q).

The dual property is this one:

3Gl16ckner himself points out the incompatibility with FLukasiewicz logic in a footnote ([GI606], p. 156).
Clearly, the non-involutive truth function for negation, of Gédel and Product logic, is also in tension
with Gléckner’s axioms.
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Definition 46 A quantifier Q is called non-decreasing if, for all formulas F', vp(F(c)) <
vm (F'(¢)), for every ¢ € D, implies vp(QuF(x)) < v (QrF' (2)).

Accordingly, one also has the following version of Preservation of Monotonicity.

Preservation of Monotonicity (<): If a semi-fuzzy quantifier Q is non-decreasing,
then so is F(Q).

The following definition reformulates monotonicity properties almost equivalently, but
certainly more naturally. This is because Prop,(F) exists for all formulas F', while the
former definitions rely on particular formulas F' that can be ordered with respect to the
truth values they assume, when applied to elements of the domain.

Definition 47 A quantifier Q is called non-decreasing in proportion, if for all formulas
F,G, we have vy (QzF(z)) < vm(QxG(z)), whenever ProppF < ProppG. Analo-
gously, we call Q non-increasing in proportion, if vA(QxF (x)) > v (QzG(z)), under
the same condition.

The following lemma follows from the fact that the condition for monotonicity in propor-
tion is weaker than the one for ordinary monotonicity.

Lemma 2 [BFHI1§] If a semi-fuzzy quantifier Q is non-increasing (non-decreasing) in
proportion, then it is also non-increasing (non-decreasing).

The converse direction holds for logical semi-fuzzy quantifiers; i.e. for quantitative semi-
fuzzy quantifiers in the sense of Definition 41.

Lemma 3 [BFHI18] If a quantitative semi-fuzzy quantifier Q is non-increasing (non-
decreasing), then it is also non-increasing (non-decreasing) in proportion.

Proof:

Let G4 and G4 be two crisp formulas that fulfill Prop ., G1 < Prop MG2 We define two
crisp formulas H1 and H2 such that PropMH1 PmpMGl and PropMHQ = PmpMGQ
and moreover vy (Hi(c)) < va(Ha(c)) for all ¢ € D. Note this is always possible by
introducing new monadic (crisp) predicate symbols for H, and H,.

Since Q is quantitative and non-decreasing, it follows that v (QzHi () < v (QuHa(x)).
It therefore remains to observe, that v (QzH; (z)) = va(QeG1(z)) and v (QuHo(z)) =
v M(Q:BGQ( )), which is clear since Q is a quantitative semi-fuzzy quantifier and we have
ProppHy = PropyGa, as well as PropyHy = PropyGo.
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The case for non-increasing quantifiers works by analogy. O

Glockner singles out QFMs that fulfill the six above mentioned desiderata (‘axioms’ in his
terminology): Correct Generalization, Projection Quantifiers, Dualization, Preservation
of Monotonicity, as well as Internal Joins and Functional Application, where the latter
two are only relevant for quantifiers with more than one argument position. A QFM that
satisfies these six conditions is called a determiner fuzzification scheme (DFS) in [Gl606].
Glockner claims that DFSs ‘capture all important aspects of systematic and coherent
interpretations’. As we will see, this claim is problematic, since it neglects some features
that might well be considered highly desirable, in particular from the point of view of
linguistic adequateness.

Another form of preserving monotonicity is called ‘Monotonicity in Quantifiers’ [DHBCB04].
It is not concerned with the truth degrees of the respective argument formulas, but
rather with the relative degrees of truth, resulting from different quantifiers applied to
the same argument. We suggest an alternative name for the relevant property and the
corresponding principle.

Definition 48 A quantifier Qq is called at least as strong as a quantifier Qo, in signs:
Q1 > Qq, if for all formulas F', we have vy (QiaxF(z)) > v (QexF (x)).

Preservation of Quantifier Strength: If for two semi-fuzzy quantifiers Q1, Qs2, we
have Q1 > Q2, then F(Q1) > F(Q2).

A further, rather natural, principle calls for a certain ‘robustness’ in evaluating quantified
fuzzy statements. It seeks to capture the intuition that small variations, in the truth
values of the (instantiated) argument formula, should only lead to small changes of the
truth value of the quantified formula.

Continuity in the Argument: For any semi-fuzzy quantifier Q, the truth function of
the corresponding fuzzy version F(Q) is continuous. More precisely, the following
holds for all formulas F' and F’: for every ¢ > 0 there exists 6 > 0 such that

supeep [Um(F(¢) —om(F'(c))| < 6 gives [om(F(Q)zF(x)) —om(F(Q)F (x))| < e

Although Gléckner writes that this condition on F (called arg-continuity in [GI606]) “is
crucial to the utility” and “must be possessed by every practical model”, he nevertheless
does not include it in his list of axioms for determiner fuzzification schemes (DFSs),
proving that he aims for a level of generality that encompasses discontinuous cases.

A further desideratum, that is called ‘Coherence with Logic’ in [DHBCBO04], is specific to
universal and existential quantification. For unary quantification, it just states that the
truth functions for V, and for 3, are given by the infimum and the supremum of the truth
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values of the argument formula. Note that, while this is obvious for crisp arguments (i.e.
in ordinary classical logic), it amounts to an explicit desideratum for fuzzy (Type IV)
versions of V and 3. The name ‘Coherence with Logic’ for this simple principle becomes
understandable only if one considers binary quantifiers and additionally requires that
binary universal and existential quantification be reduced to the unary case by strict
analogy to classical logic, using implication and conjunction, respectively. In our context,
it is better to talk of ‘Supremum/Infimum Principle’

Supremum /Infimum Principle: For all formulas F', we have:
UM(F(V)zF(z)) = infeep v (F(c)) and vpg(F(I)zF(x)) = sup.cp vm(F(c)).

We emphasize that the above list of desiderata for fuzzification mechanisms is not
exhaustive. Here, we restrict attention to unary quantification. This renders desiderata
for Glockner’s axioms for “internal joins”, “functional application”, and “argument
insertion” [GI606] irrelevant to our context. But even for unary quantifiers, further
principles might be relevant, at least for particular application scenarios. In fact, certain
more general methodological principles for the design of fuzzy quantifier models should be
respected as well. Most importantly, such models should be embeddable into deductive,
t-norm based fuzzy logics, as intensively studied in contemporary Mathematical Fuzzy
Logic [CHN11]. In particular, the models should be compatible with Lukasiewicz logic
£,, which is distinguished among all the t-norm based fuzzy logic as the only one, where
all truth functions of connectives and quantifiers are continuous.? That (a properly
extended) FLukasiewicz logic should indeed be considered as a distinguished basis for
modeling reasoning with vague notions, including quantifier expressions, has been argued,
e.g., by Novak [Nov06]. Here, we aim at (fully-fuzzy) quantifiers that can actually be
defined within the logic ¥ (IT)°. The QFMs for lifting semi-fuzzy quantifiers to fully-fuzzy
ones, which we introduce in the next section, do not directly depend on the N'RG-game,
or L, (IT) respectively. However, they are partly inspired by this semantic framework.

5.2 Fuzzification mechanisms in the limelight

Quantifier fuzzification mechanisms (QFMs) are a powerful tool to arrive at fully-fuzzy
quantification. One starts with a semi-fuzzy quantifier Q, that takes only crisp arguments,
but, upon evaluation, may yield intermediate truth values, and associates to Q a fully-fuzzy
quantifier F(Q), to be evaluated over arbitrary fuzzy argument. For our considerations
of this section, we always assume the full expressive power of L., (II).

In this section, we will introduce some concrete QFMs and discuss their properties. To
make a semi-fuzzy quantifier Q fit for fuzzy arguments F', we need to systematically

4n [MN12, IMN14l [Nov0§| the authors introduce an alternative generalization based on fuzzy type
theory, which extends Lukasiewicz logic to a higher order setting.

5In the remainder of this chapter, we will in particular sometimes point out if representations of
quantifiers work even in less expressive settings than E (II).
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modify the way F' is interpreted. One well known way to do so, is considering a-cuts.
Here, the a-cut of a formula F is another (crisp) formula F’. If the truth value of F' is
at least o, then F” is equivalent to T, and if the truth value of F' is less than o, F” is

equivalent to L. This method has been used for the evaluation of fuzzy quantifiers, e.g.
in [BF17, DHBCBO04]. It can be defined as follows:

Definition 49 Let a formula F and o € [0,1] be given. Furthermore, let p, € A be
given such that vaq(pa) = a. Then the a-cut of F is defined as FZP> = A(py — F).

One can also define an alternative way to project F' to an either fully true or fully false
formula, namely by applying a-cuts to all atoms that F' is built from.

Definition 50 Let a formula F and o € [0,1] be given. Furthermore, let po, € A be
given such that vyp(po) = . Then the at-a-cut of F is defined as the formula Fftpo‘
which is obtained from F by replacing each atom A in it with A(p, — A).

More generally, we introduce the following notation for later use:

Definition 51 Let F(x) and G be formulas. We denote by FZC(x) the formula A(G —
F(z)) and by F5%(x) the formula obtained replacing any atomic formula A in F(z)
by A(G — A). To simplify the notation, we will denote the formulas FZFW (z) and
FZFE) () by F2¥(x) and F2°(z), respectively.

Remark 23 Note that we do not explain the lifting from Type I quantifiers to Type 11
quantifiers independently, as Type I quantifiers technically are also Type III quantifiers
and Type II quantifiers technically are also Type IV quantifiers.

5.2.1 Fuzzification mechanisms based on random a-cuts: Ff Ff2

Our first QFM, based on a random choice of at-a-cuts, therefore denoted as FF1, is
defined as follows:

Definition 52 For a formula F, p, € A such that vap(pa) = «, and a semi-fuzzy
quantifier Q, we define F® as follows:

1
oM (FR(Q)zF () = /0 om(QeF2P (2))da. (5.1)

In other words, vap (FR (Q)zF(z)) is the expected value of v (QuESP* (x)) with respect
to a uniform random choice of some a € [0, 1].
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FI might look tempting as a mechanism, but, as the following example shows, it fails
to comply with the desideratum of “correct generalization", which demands that F71(Q),
applied to crisp arguments, yield the same result as the semi-fuzzy quantifier Q applied
to the same crisp argument:

Example 8 Assume D = {c1,ca} with vam(A(c1)) = 0.2 and vy (A(c2)) = 1 and let
F(z) = AA(z). Now,

v (VzE(x)) = 0. And, for some small value € > 0, we also have:

U (FR (V)2 F (2)) = 0.2 uaq (Ve E 7% () + 0.8 - upg (Vo Fg?2 (2)) =
=0.2-1+08-0=0.2#0.

A different fuzzification mechanism, in particular related to the so called Choquet integral
[DRSV14], is obtained by directly (uniformly randomly) picking a-cuts of the entire
argument F. We define this second QFM, based on randomly choosing a-cuts, F72, as
follows:

Definition 53 For a formula F, p, € A such that vap(pa) = «, and a semi-fuzzy
quantifier Q, we define F?2 as follows:

1
v (FR2(Q)zF(z)) :/0 v (QrF=Pe (1)) do. (5.2)

The same evaluation function and corresponding lifting mechanism for fuzzy quantifiers
is also obtained in [DHBCBO04], although motivated by a different semantics, based on
voting models. The sampling of threshold values from the real unit interval, which is
needed for the definition of Ff1 and F?2  can be expressed by way of our propositional
quantifier I, based on the object quantifier II.

Theorem 37 [BEHI18] For a semi-fuzzy quantifier Q, and a formula F, we have:
FRU(Q)zF(z) = IpQzF;* (x), (5.3)
FR2(Q)zF(x) = IpQuF="(x). (5.4)

Proof:
Straightforward computation. O

Hence, both fuzzification mechanisms F¥1 and FF2 are expressible in ¥, (I1). As we
assume Q to be a unary semi-fuzzy quantifier, the QFM F%2 coincides with both, the
maximum dependence model, and the independence model from [DHBCBO04].

We can now examine to which extend the fuzzification mechanism F?2 complies with
the desiderata in Section |5.1.
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Theorem 38 [BFHIS8] The QFM FR2 complies with correct generalization, projection
quantifiers, preservation of quantitativity, preservation of monotonicity under conser-
vative extension, internal negation, external negation, dualization, preservation of mo-
notonicity, preservation of quantifier strength, continuity in the argument, and the
supremum /infimum principle.

Proof:

As we only consider unary quantifiers, in our models the distinction between maximum
dependence and independence regarding [DHBCBO04| collapses. Hence, we can use
their results, which show correct generalization, internal negation, external negation,
dualization, preservation of monotonicity, preservation of quantifier strength, continuity in
the argument, and the supremum/infimum principle. Let p, € A such that va(pa) = a.

e Projection Quantifiers: We show that for an arbitrary formula F', and all ¢ € D,
we have:

UM (F(Ac)2F (2)) = om(TIpAF=P(2)) = vm(TIpF=P(c)) = v (F(c)).
e Preservation of quantitativity: This is apparent.

e Preservation of monotonicity under conservative extension (non-decreasing):

Let Q be a semi-fuzzy quantifier and assume M’ conservatively extends M, and
that for all crisp formulas F' we have that v (QzF () < vag (QeE(x)). We then
have that vo(QzF=P(z)) < vpp (QuFZPa(x)), for all a € [0,1]. As a consequence,
o (TpQEFP(2)) < vap(TTpQEFP ().

e Preservation of monotonicity under conservative extension (non-increasing):

Let Q be a semi-fuzzy quantifier and assume M conservatively extends M’, and that
for all crisp formulas £ we have that v (QzE(z)) < vay (QzF(x)). We then have
that vy (QrFZPe(z)) < vpy(p)QaFZPa(x), for all a € [0,1]. As a consequence,
oM (TIpQEF2(z)) < v (TpQEF2()).

This already tells us that F® and Ff2 cannot coincide, as 1 does not comply with
the desideratum of correct generalization. We provide an explicit counterexample that
shows that they are different, thus correcting what has been claimed in [BF17].

Corollary 5 [BFHI8] Ff and FR2 do not coincide.
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Proof:

For simplicity, we assume the domain has only one element D = {c}, and Q is either V,3
or II. A(z) and B(x) are fuzzy atoms, with a = vap(A(c)) < vpm(B(c)) = b. Then, for
Pa € A such that va((pa) = o, we look at F(x) defined as A(z) @ B(x), and plug it into
the QFMs:

um(F(Q)zF (z)) = vm(TIp(A(e)?? © B(c)7F)) =
= Jo vm(A(e)ZP> @ B(c)ZP)da = [ 1da + [P 1da + [} 0da = b.

vm(F2(Q)aF (z)) = v (TIp(A(c) @ B(c))7P) =
= [ vm((A(e) ® B(c))ZP*)da = [ 1da + [}, 0de =min(1,a + b).

Since b and min(1,a + b) are not generally equal, the claim follows. O

Example 9 We assume a domain D such that | D |= 4, and consider the Type III
quantifier II. We further assume that the four objects from the domain represent balls
and that there are two fully black ones, i.e., for a fuzzy predicate B, standing for the
property of being black, we have vap(B(c1)) = vm(B(c2)) = 1. The other two are gray,
or putting it differently, black to a certain degree. We label those two gray balls c3 and c4,
with va(B(es)) = 0.9 and va(B(ey)) = 0.7.

Game semantically, the evaluation of FT2(I1)xB(x), based on a randomly sampled thres-
hold value, can be interpreted as follows. Nature samples a constant p. for the proposi-
tional variable p, and the proponent P, has to accept the payoff associated to asserting
xB2P(x). This payoff corresponds to the (possibly) intermediate truth value, as II is
a semi-fuzzy quantifier. Then, the overall truth value is the average of the individual
results. The result can be obtained straightforwardly and amounts to the truth value 0.9.

It is worth noting that one can also immediately apply the quantifier 11 to fuzzy arguments,
i.e. regard it as Type IV quantifier. In this case we also get vp(IlxB(x)) = 0.9. It
is straightforward to check that for all formulas F we have that vy (FR2 (I F(x)) =
vm(HxF(x)) (telescopic sum).

5.2.2 Fuzzification mechanisms based on optimized a-cuts: F 6 F?

We now discuss another QFM, which we call 1. Again, one thinks of the fuzzy argument
F, of some semi-fuzzy quantifier Q, as being cut off at some level a € [0,1]. Formulas
with truth values of at least « are rendered true while all others are projected to false.
The final truth value of the fully-fuzzy quantified statement is obtained by choosing an
optimal threshold o which maximizes the truth value of the semi-fuzzy quantifier over
the corresponding precisification, in conjunction with the threshold value « itself. In
principle any combination of t-norm and t-conorm can be employed for the conjunction
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and the optimization: if we use the t-norm min and the t-conorm maz we get a method
based on the Sugeno integral, also called the “possibilistic method” in [DRSV14], which
is why we call the QFM F'1. Formally we define:

Definition 54 Let F' be a formula, po, € A such that vap(pa) = o, and Q a semi-fuzzy
quantifier. We define:

PP Q) = aup min(o, o (QeE () (5:5)

Example 10 Let us get back to the setting of FExample |9. From a game semantic
perspective, we can understand the functioning of F' as follows. If we evaluate
FPL(IxB(x), the proponent P, has to decide how many of the gray balls are accepted as
black balls. If the threshold value is chosen as 0.9, 3 of the 4 balls are accepted as black.
If P also accepts the last ball, cq, as black, she would have all 4 balls to qualify as black,
but the conjunction in F with the threshold value 0.7 would make that a non-rational
move. Hence, v (FP (I)xB(x)) = 0.75.

We will now introduce a useful lemma, that will turn out to be helpful to express F
within b (IT).

Lemma 4 Let QuF(x) be a semi-fuzzy quantified formula, on < aa...,< a, the n (not
necessarily different) truth values taken by va(F(c;)), ¢; € D ={c1,...,cn} constants
(domain elements), such that a; = v (F(c;)). For simplicity, slightly abusing notation,
we also let F(cp) stand for L and F(cp41) for T. Furthermore, po, € A such that
UM (pa) = . Then we have:

(a) UM(fpl(Q):vF(x)): max min(’uM(F(Ci)),vM(QxFZCi(:U))). (5.6)

i=1,...,n+1

Moreover, if Q is non-decreasing, we have:

(b) v (FP(Q)zF(z)) = min  max(vp(F(cio1), om(QeEF=%(x))), and  (5.7)

i=1,...,n+1

(¢) vm(FP(Q)zF(x)) = wier[lof,l} max (o, v (QrFZPe (z))). (5.8)

Proof:
By the definition of the «; and a-cuts, it follows that, for any « in (a;_1,a;], we get
M (QrFZPa (1)) = vpg (QuFZPei ().

(a): Hence, letting ag = 0, a1 = 1, we obtain:

SUPae (avi—1,ai] min(av UM(QxFZPQ (x))) =
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= min(SuPae(a, a0, & o (QEFZPei(z)) ) =

= min(ay, vm(Qszpai (z))) -
From this we get:

M(FP(Q)zF (x)) = supaeo, 1) min(a, va (QuE=Pe(x))) =

= maxXi=1,..,n+1 SUPuoe(a;_1,a] min<a7 UM (QxFZPQ (l’)))

= max;—1,..p+1 Min(oy, UM(QJTFZP% (z))) =

= maxi=1, _n+1 min(vp(F(c)), om(QeF=%(z))) .

(b): For the second claim, it suffices to show that:

n+1 n+1
/\ (F(cii1) V QuF=%(z)) = \/ (F(c;) A QeF=%(z)).
i=1 i=1

AL F (i) V QuF2%(z)) =
= QuFz () A (F(e1) V QrF=c (z)) A /\TL+1( (cii1) V QuF=ci (2)).

We now note, since Q is non-decreasing, that:

QzF=(x) A (F(er) VQzFz%(x)) = (F(c1) A QuE=¢(x)) V QrF=(x).
Since:

(Fle1) AQuEF= (2)) A NS (F(eim1) V QuF=4 (2)) = F(e1) A QuF= (),
we get:

(QzF= () A (F(e1) V QuE=2(x))) AN (F(eim1) V QuE= (z)) =
= ((F(c1) A QaF=(2)) V QeFZe (x)) A NI (F(cim1) V QuEFZ% (z

)=
= (F(c1) AQzFZ(z)) vV (QeFZ(x) A /\"H( (ci1) V QeFZ%(x)))

)
).
Repeating this transformation yields the desired result.

(c): For the last claim, by analogy with (a), we have:

inf e (a0, max(e, vpm(QuF=Pe(z))) =
= max(infoze(ai_l,ai} «, UM(Qszpai (17)) =

= max(oy_1, v (QuFZPei (2))).
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Hence, using (b):

UM(]:Pl (Q)xF(z)) = minj—1, _p+1 max(vp(F(ci-1), UM(QxFZCi (z)) =
= minj—y,_p11 max(a;_1, v (QrEF=Pe (7)) =
= MiNj=1,.. n+t1 infaé(ai—hai] max(a,vM(QmF>Pa( ))) =

= inf 0,1 max(a, vy (QrFZPe(z))). O

The QFM Ft can be expressed in more than one way. Firstly, within L (II), employing
the propositional quantifier 3. As an alternative, and more basic way to represent F©,
one can even use only L. (Lukasiewicz logic enriched with the Delta operator) at the
price of a somewhat more complex representation.

Theorem 39 [BFHI18] Let Q be a semi-fuzzy quantifier and F' a formula. Then we have:

o FP(Q)xF(x) = Ip(p A QuEFZP(x))
o FP(Q)xF(x) = Iy(F(y) AQeF2¥(x)) vV QrAF(z)

Proof:
The first claim follows from Definition 54, while the second is a direct consequence of
Lemma 4. O

Theorem 40 [BFHIS8] The QFM FP' complies with the desiderata of correct generali-
zation, projection quantifiers, preservation of quantitativity, preservation of monotonicity
under conservative extension, preservation of monotonicity, preservation of quantifier
strength, and the supremum/infimum principle.

Proof:

e Correct generalization works, as crisp formulas have truth values that are either
always greater or equal than any threshold value, namely when they are true, or
smaller or equal than any, when they are false, hence:

A

wm(Ep(p A QeA(p = F(2)))) = vm(QeA(T = F(z)) = vm(QzE(x)).

e Projection Quantifiers: We show that for an arbitrary formula F, and all ¢ € D,
we have:

vm(FP (A F(2))) = vm(3plp A Alp — F(€)))) = vm(F(c)).
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Preservation of quantitativity: This is apparent.

Preservation of monotonicity under conservative extension (non-decreasing):

Let Q be a semi-fuzzy quantifier and assume M’ conservatively extends M, as
well as for all crisp formulas F' we have that vu(QzF(z)) < var(QzF(z)). We
then have that vo((QuFZP(z)) < vy (QuEZP(z)), for all o € [0,1]. Hence, we
also have v (pa A QuEZPe(2)) < vpg (pa A QuFZPa(x)), for all a € [0,1]. As a
consequence, vp(Ip(p A QrF=P(x))) < vpyr (Ip(p A QuF=P(2))).

Preservation of monotonicity under conservative extension (non-increasing):

Let Q be a semi-fuzzy quantifier and assume M conservatively extends M’; as
well as for all crisp formulas F' we have that v (QzF () < vae(QuF(x)). We
then have that vo((QuFZP(z)) < vy (QuEZP(z)), for all a € [0,1]. Hence, we
also have v (pa A QuEZPe(2)) < vpg(pa A QuFZPa(x)), for all a € [0,1]. As a
consequence, v (Ip(p A QzF=P(x))) < vpyr (Ip(p A QuF=P(2))).

Preservation of monotonicity:

Let Q be a non-decreasing semi-fuzzy quantifier. Furthermore, let F' and G be
two arbitrary formulas such that for all ¢ € D we have that vy (F(c)) < vam(G(c)).
Then we have:

um(F(Q)zF () = vum(3plp A QuF=P(2))) <
< om(3p(p A QzG=P(2))) = vm(F(Q)zG(x)).

The case where Q is non-increasing works analogously.

Preservation of quantifier strength:

If, for two semi-fuzzy quantifiers Qi,Q2, and any crisp formula F, we have
om(QueF (x)) < vp(QezF(x)), then, for any fuzzy formula F' we also have:

vm(FP(Qu)F (2)) = vm(Tp(p A QueF=P (@) < v (Ip(p A Qe F=P(x))) =
= um(F(Qe)2F ().

The case where v (QuzE' () > var(QezF(z)) works analogously.

Supremum /Infimum principle:
oM (F(V)2F(z)) = 3p(p AVoFZP(x)) = inf.cp opm (F(c)),
om(F@eF(2) = Fp(p A 30F>P(2)) = sup,e p uaa(F(c)).
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Example 11 Let us fix the domain D such that | D | = 2. Regarding Q, we use the

quantifier “at least 50% ", modeled as Type III quantifier, which is non-decreasing in

proportion and denoted by QP;], with UM(QP;]xF(x)) = min(1,2- Prop\ F), for a crisp
=3 =3

formula F. Also, we assume that there are two fuzzy predicates A and B, with the following
truth value distribution: vy(A(c1)) = 0.7 and vap(A(e2)) = 0.1, and vy (B(c1)) =
vm(B(c2)) = 0.5. Hence, ProppA = 0.4 < 0.5 = ProppmB. This means the proportion
of objects fulfilling A is lower than the one of B. Still, UM(}—Pl(Q[Z%])SL'A(I‘)), which
is 0.7, is greater than UM(}"Pl(Q[Z%])xB(m)), which is 0.5. That means that Lemma |3

can not be extended to fully-fuzzy quantifiers and that the property of monotonicity in
proportion is not preserved by F.

A statement about the QFM F71, but only valid for Type I quantifiers which are non-
decreasing in proportion, is that it coincides with the QFM FF2. This is expressed by
the following theorem. Hence, the compliance with many of the desiderata that were
discussed in the beginning of the chapter follows also for F'. This is captured by
Corollary 6l

Theorem 41 [BFHI18] For a formula F, and Type I quantifier Q which is non-decreasing
in proportion we have:

FR(QF(x) = F(Q)uF(2) (5.9)

Proof:
For D = {cy,...,c,}, we assume the following truth value distribution of F:

0=ty <om(F(c1)) =t1 Som(Flez)) =t2 <  Sopm(F(en)) =th < 1=tpi1.

The assumption of the theorem tells us that there is a value ig € {0,1,...,n} such that
for any crisp formula F' we have, if Prop(F) > %0 then we also have v (QzF(z)) = 1
(as long as Q is not constantly equivalent to L. However, that case is trivial.). We
therefore define the set Iq = {49, ...,n}. Also, recall the indicator function Iy,c 43, which
is 1, if z € A and 0 otherwise.

(1): om(F2(Q)zF () = YXjo(tjr1 — t5) - Lin_jerq), and

(2): vm(FPH Q)2 (7)) = maxjmy, _ nr1(min(t, I j-1)erg))):

For (1), the indicator function is 1, if n — j > ip, which is equivalent to j < n — iy, and
for (2) the indicator function is 1, if n — (j — 1) > 4p, which is equivalent to j < n —ip+ 1.
Hence:
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(1) oam(FR(QF () = S50 (41 — £5) = tuigs1, and

(2): o FPHQF (@) = tuoigsr. O

Corollary 6 [BFHI18] The QFM Ft complies with all desiderata mentioned in Theorem
38, for Type I quantifiers that are non-decreasing.

Proof:
As FB2 and FP' coincide for Type I quantifiers which are non-decreasing in proportion,
the claim follows from Theorem 138 and Theorem |41/ and Lemma 2. O

The corollary cannot be extended to the general class of Type I quantifiers, as we show
in the following example. Also, it shows that F©' does not comply with the desideratum
of continuity in the argument.

Example 12 Let us consider the Type I quantifier “none”, Y™, which has the following
truth function: v (V" xF (x)) = 1, if for all constants ¢ we have that vy (F(c)) =0, and
om (Y zF (x)) = 0 otherwise. Let us further assume we have D = {c}, with vy (F(c)) =
0.9. We then have:

om(FPL (V)2 F(z) =1, and opm(FR2(V7)aF(2)) =0.1-14+0.9-0=0.1.

On the one side, FI' recognizes that there are no fully true witnesses for the argument
F', which is fairly rational, especially when crisp values play a predominant role. On the
other side, the truth function determined by FT' is not continuous in general. Indeed,
even witnesses with truth value (with respect to the respective formula F') arbitrarily close
to 1 are excluded. On the other hand, F72, as we have seen, preserves continuity in the
argument instead.

We now turn to the desideratum of dualization, which is fulfilled by the QFM F©' for the
subclass of quantifiers, which are non-decreasing. Before that, we prove a useful property
of dual quantifiers.

Lemma 5 [BFHIS8] If Q is a semi-fuzzy quantifier which is non-decreasing, then so is
its dual Q2.

Proof:
We assume that 9 is non-decreasing, i.e. for any two crisp formulas 1%1,131 with
vm(Fi(c)) < vam(Fa(e)) for all ¢ € D, we have that vy (QrFi(z)) < v (QuFa(z)).
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Now, let Gy, G be two arbitrary crisp formulas with v (G1(c)) < v (Ga(c)) for all
c € D. Then the following lines are all equivalent:

om(QGi()) < vm(QPGa(x))
om(=Qe=G1(2)) < vm(~Qu-Ga(z))
om(Qe=Gi () = v (Qe-Ga())

Since we also have that v (~G1(c)) > v (=Go(c)) for all ¢ € D, the claim follows. O

Theorem 42 [BFHIS] The QFM F' complies with the desideratum of dualization for
semi-fuzzy quantifiers Q which are non-decreasing.

Proof:
Recall that by Theorem 39 and the definition of dual quantifiers we have:

FPUQ)zF(z) = -3p(p A Qu(—F)ZP(z)) = =Ip(p A QeA(p — —F(x))) =1 %

We then go on with a chain of equivalences and explain afterwards in detail why everyone
of them is justified:

* = =3p(p A QrA(F(x) — —p)) =@

= Vp(=p V ~QzA(F(z) = —p)) =)

Vp(pV -QzA(F(x) — p))

Vp(p V Q' A(F(z) — p)) =)
Vp(pV QU A(p — F(x))
Ip(p A QlzA(p — F(x))

1) results from the fact that for two formulas G, H we have that G — H = -H — —-G.

2) is De Morgan’s law.

4

(1)

(2)

(3) is only a variable renaming.

(4) adds two negations after the quantifier.
(5)

5) follows from the fact that va((—=A(F(z) — p)) = 1 if o (F(z)) > vam(p), and is 0
otherwise, while, on the other hand, vy (A(p — F(z))) = 1, if opm(F(x)) > vam(p),
and is 0 otherwise. Since the truth values of constants to be substituted for p range
continuously in [0, 1], the equivalence holds.
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(6) follows from Theorem 39 and Lemma /4| point (c), as Q, and hence by Lemma 5
also Qd, is non-deceasing.

(7) follows from Theorem [39.

That this result cannot be extended to quantifiers that are non-increasing, becomes clear
by looking at the following example.

Example 13 For semi-fuzzy quantifiers that are non-increasing, the desideratum of
dualization fails to hold in general. As an example, we again, as in Example |12, look at
the Type I quantifier “none’, V™. Let us assume D = {c}, and vp(F(c)) = 5. Then:

o (Vp(p VY 2F2P(2))) = %, and v (3p(p ANV 2 FZ2P(2))) = 1.

By the proof of Theorem |42, this means the desideratum of dualization cannot be fulfilled,
as the equivalence rewriting step (6) does not work.

Interestingly, although 1 complies with the desideratum of dualization (for quantifiers
that are non-decreasing), it generally does not do so for any of the two independent
properties of internal and external negation. For the internal negation condition, we note
that:

Ip(p A Qe—(F=P(2)))=3p(p AQrA(—p — =F(2))) #3Ip(p AQzA(p — —F(z))). (5.10)
For the external negation condition, we note that for non-increasing Q, by Lemma 4 (c):

=Ip(pAQrFP(z)) = Vp(—pV-QuF=P(x)) # Vp(pV-QuF=P(z)) = Ip(pA-QuF 2z’(:v)))-
5.11

Taking inspiration from this defect, we propose the following variant of F7:

Definition 55 Let F' be a formula, p, € A such that va(pa) = «, and Q be a semi-fuzzy
quantifier.

For quantifiers Q that are non-decreasing we define:

(FHQuF () = sip min(as o @eF= (1) (5.12)

For quantifiers Q that are non-increasing we define:

o (FP2(Q)zF(x)) = Sel[lopl} min(1 — a, v (QrFZP> (2))). (5.13)
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Theorem 43 [BFHI18] Let Q be a semi-fuzzy quantifier that is non-increasing, and F a
formula. Then we have:

o FPQ)eF(x) = 3p(-p A QuFZP(x)
o FP2(Q)xF(x) = Iy(-F(y) A QzFZY(z)) V QuFZ+(z)

Proof:
The proof proceeds by analogy with the one of Theorem (39, i.e. actually with the one of
Lemma 4 point (a). O

We then obtain the following theorem:

Theorem 44 [BFHIS] F'2 complies with the desiderata of preservation of internal and
external negation for semi-fuzzy quantifiers Q that are non-decreasing.

Proof:

Assume Q is a semi-fuzzy quantifier that is non-decreasing. Then, as a consequence,
Q™ is a semi-fuzzy quantifier that is non-increasing, and Q¢ a semi-fuzzy quantifier
that is non-decreasing. Hence, using Lemma 4 and Theorem |42, for p, € A such that
vMm(pa) = @, we obtain:

uMm(FP(Q7)aF (2)) = supaeio ) min(l — o, upm(Q e F=Pe (2))) =

=1 —inf,epoq) max(a, 1 — v (Q zF =P (x))) =

=1 — infae(,1 max(ar, um (Q e F=Pe (z))) =

=1 — sup,e(o 1 min(a, v (Q'z F=Pe(z))) =

=1-vpm(F2Q)zF(z) =1 — om(F2(Q) 2 F (2)) =

= um(F(Q) zF () .

Preservation of external negation is a consequence of preservation of internal negation
and dualization. O

While this extension of the QFM F1, to quantifiers that are non-increasing, might
seem ad hoc, [BFH18] shows how it fits a more general framework, based on the idea of
closeness measures.



CHAPTER

Queries and Summarizations

6.1 Querying with probabilistic quantifiers

The quantifier models [M5] of Chapter 4 were dependent on the size of the domain. In
this section we take up the basic idea of sampling small sets of witnesses and evaluating
the quantified statements on them first, before we extrapolate truth on the full scale,
based on these small scale estimations. The main difference to the former models, besides
the fact that their semantics is domain size independent, is that we now interpret the
vagueness of the about-hedge as follows. Let us again consider the statement “About half
of all humans are male”. Instead of splitting it in two disjunctive independent statements,
we consider the proportion of the scope predicate on the random sample as indicator of
its real proportion with respect to the full domain of discourse. In order to do so, one has
to fix a value for the desired precision of the estimate as well as a level of confidence that
the estimate is true. While the precision can be understood as an acceptable tolerance
margin, the confidence can be interpreted as the inherent vagueness of the statement.
This chapter is based on [FHO1T7]. Let us briefly review the basic principles of sampling
as they are taught in every good introduction course to stochastics.

6.1.1 Sampling principles

Let Y1,...,Ys be independent and identically distributed Bernoulli random variables, i.e.
. o S Y :
for each i € {1,...,s} we have Y; € {0,1}. Then, it is easy to see that Z’% = % isa

random variable with (scaled) binomial distribution. To evaluate binary relative Type
IIT quantifiers, we need to estimate the proportion of range elements that also fulfill the
scope formula. To this end, we need to relate three parameters, namely the sample size
s, the confidence 1 — a € (0,1), and the precision of the estimate ¢ € [0,1]. This can
be expressed as follows [GW14], where P, , denotes the probability distribution for a
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binomial distributed random variable with parameters s € N* and p € [0, 1]:

X
Popl| S —pl2 ) <a. (6.1)

The most accurate way to proceed would be to construct confidence regions, using
binomial and beta quantiles, which should certainly be performed for real life applications
where accuracy matters the most. Another well known and widely used approach, due
to its more efficient nature, makes use of the central limit theorem [GW14], for which
we have to assume that the sample size is sufficiently large, i.e. at least a few dozens.
Following this way, we may calculate:

P&p(‘%‘P|Z€):1_P8,p(‘%‘PKG):l_Ps,p(‘\/fpi| €/ % ))%

~ 1= (@[t — Ble i) = 1= (2% [aty) 1) =2 (1 @W%»'

Note that ® is bijective! and that p(1 — p) < i Hence, to make Equation 6.1 true, we
P—1(2=2
need that s > (¥)

This last inequality tells us which minimum sample size s we have to use to achieve
a certain precision € with confidence 1 — . To refer to this functional relation of the
parameters later, we define f : [0, 1] x (0,1) — N as follows:

o (35°)

2oy, (62)

flea) = [(

6.1.2 Some prose on probabilistic quantifier models

The core issue is that, unlike for small models with, say, a few hundred or thousand
objects, huge models sometimes might be too big to be evaluated in total. One may think
about the whole internet as a database, which ordinary computers can not completely
take into account when they have a certain question, especially if the question is complex.
Therefore, one often uses sampling to make (approximate) statements about states of
affairs, see e.g. [CLS™10, MWA™03]. We may also think, for example, of the recent press
release of the so called Panama Papers. After weeks and months of research, the media
headlines often read something like “Many people from country A have done B”, or
“Most people who did B come from country A”, hence the complex information from
all these documents was processed, by humans, to result in condensed natural language
summarizations. For our purpose, as we are dealing with vague relative quantifiers,
estimations of proportions are conceptually near. This means that we can associate the
player Nature, who samples witnessing constants for properties (uniformly) randomly,
with a random-number generator, that is used when actually taking random samples
from a dataset. We will define our new models for (binary) relative Type III quantifiers,

! As it is the distribution function of standard normally distributed random variables.
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directly tied to the language from database theory. It is important to note that we
restrict our attention to crisp arguments to quantifiers. The general case works via the
already discussed QFMs of Chapter 5. Other approaches to querying in the presence of
fuzziness directly assume fuzzy data, which practically never appears in real life though,
like Pivert and Bosc [PB12], or [KZT15], who also use different quantifier models.

6.1.3 Data summarizations

It is also interesting to consider the following fact. When one answers queries by linking
estimates of proportions to the semantics of (binary) relative Type III quantifiers, one
actually starts with the estimate of the proportion and then checks whether it fits the
semantics of the quantifier of the respective statement. That means that one can actually
use the same estimate to produce natural language summarizations as well, as there is no
conceptual difference at all. Hence, all theoretical considerations trivially carry over to
natural language summarization, in the sense that one only needs to fix a set of quantifiers,
and check whether a certain estimate of a proportion, with respect to a predicate, fits
the semantics of one or more of the quantifiers from the set, to produce a number of
summarizations. Of course, one can then apply certain techniques to find something
like an ideal summarization, in case one produced several ones, but this, although very
interesting in itself, see e.g. [DHB10], is not the topic of the present chapter.

6.2 Defining a query language

In this section, we present our concrete proposal for querying datasets, using a standard
query language extended with (binary) relative Type III quantifiers.

For ease of exposition, we take a declarative logic based view of relational databases
and queries over them [AHV95|]. Databases are defined as finite relational structures
over a given signature or schema. As basic query language, we consider first-order logic
(FO) formulas, i.e. CL including the basic quantifiers V, 3, over the same signature. As
data values, we use constants and integer numbers, and we allow (in)equalities (#, =)

of values (both constants and integers), and comparisons (<, >, >, #) between integers.

This basic setting captures expressions of relational algebra (and thus, basic SQL) over
relational databases. Moreover, significant fragments of other datamodels, and their
corresponding query languages, can be viewed as special case of FO-queries over relational
data as considered here. This applies in particular to the fragment of the SPARQL query
language for RDF data [PAG09] which we use in Section 6.4 to illustrate our account.

6.2.1 Relational databases and FO-queries

As usual, we denote the integer numbers by Z, and the positive integers by N*. We
define a (relational) schema as comprising a set R of relation names, together with an
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arity function ar : R — N*, and a function npos that maps each R € R to a (possibly
empty) subset of {1,...,ar(R)} of numeric positions of R.

Let a relational schema (R, ar, npos) be given. Let U be a set of constants or data values,
and V be a countably infinite set of variables. A term is an object in UUZ U V. Atoms
take the following forms:

it R(t1,...,tenr)) With R € R. The t; are terms such that ¢; € ZUV if i € npos(R),
and t; € UUV if i & npos(R);

ii: ¢ =t and t # ' with ¢,¢ terms; and

ifi: t<t/,t>t, t<tort>"t,fort,t termsin ZUV.

An atom is called relational if it is of the form (i), and ground if all its terms are from
UUZ. A database instance (or simply a database) is a finite set D of ground relational
atoms. The active domain of a database D, denoted ADom(D), is the set of constants
and numbers from U UZ that occur in the atoms of D.

Remark 24 Note that, as already mentioned in the last paragraph, in this chapter, D
no longer refers to the domain of an interpretation M, but to a database with domain

ADom(D).

Example 14 Consider a schema containing, among others, the following relations:

e unary country and city, with no numeric positions, that is:
npos(city) = npos(country) = {};

e a binary city_of that relates cities and the countries they are located in, also with
npos(city_of) = {};

e a binary cap_ of that relates each capital city with the country it is capital of; again,
npos(cap_of) = {};

e a binary has_pop with npos(has_pop) = {2}, which relates countries and cities,
with an integer number denoting its total population;

e a binary hasGDP_agr with npos(hasGDP_agr) = {2}, which relates countries
with an integer number (between 0 and 100) denoting the percentage of its GDP
that comes from agriculture.

A database D1 over this schema may contain, for example, ground atoms:
country(USA), country(India), ... city(Chicago), city(Beijing), . ..

cap__of (Beijing, China), cap__of (NewDelhi, India), . ..

has__pop(China, 1385 - 10%), has__pop(Beijing, 21.6 - 10°), has_pop(Shanghai,24.3 - 105) ...

2The definition we use here is somewhat simplified compared to other more complex ones, which are
compatible nevertheless. Such more involved ones can, e.g., also assign names and domains to properties.
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A FO-query is a first-order formula (&) with free variables #, built from atoms in the
usual way, using the connectives -, A, V, and the quantifiers 3 and V. We refer to these
variables as the answer variables of . The arity of the query is the number of variables
in Z. We call a query Boolean if it is 0-ary, that is, it has no free variables.

We note that a database D can be seen as a Herbrand interpretation over the predicates
in the schema, with domain ADom(D). An n-ary FO-query over D defines an n-ary
relation over ADom(D), which contains precisely the tuples for which the corresponding
formula is satisfied, under the usual semantics.

Let D be a database. A substitution is a mapping o from variables in V to values in
ADom(D). We write o(t) for the tuple that results from # by substituting each variable
with o(z), and we write o(¢) to denote the formula that results from ¢ by applying the
substitution o to all its atoms. For x € V, ¢ € ADom, and a substitution o, we denote
by o{x — ¢} the substitution ¢’ that has ¢’(z) = ¢, and ¢/(y) = o(y) for all remaining
variables in the domain of o. Abusing notation, we may disregard the order in tuples
and treat them as sets.

The satisfaction in D of a formula 1) with respect to o, in symbols D =, 9, is defined
inductively in the natural way:

e For relational atoms, D =, R(f) if R(a(t)) € D.

For the other atoms, D =, t ©® t’' if o(t) ® o(t’), where each binary predicate
©® € {=,#,>....} is interpreted as usual.

D ’:U Y1 AN g if D ’:U 1 and D ):0 .

D ':0 Y1 Vg if D ':0 Yy or D |:0' .

D >:U - it D l?'éa .

D |z Jz 9 if for some ¢ € ADom(D), we have D =g (pyey -

D =, Y 1 if for each ¢ € ADom(D), we have D =g (5} -

Let ¢ (&) be a query with answer variables & = (z1,--- ,x,), and let €= ¢y, -+ , ¢, be a
tuple of values from U U Z of the same arity. Then we say that ¢ is an answer to ¥ over
D if D =, 9 for the substitution o that sends z; to ¢; for each 1 <i < n. In this case,
we write D = ¢(C).

Note that for a Boolean query 1, there are two possibilities: The empty tuple is an
answer to 1, i.e. D = 1. In that case, we may say that v is true in D, or that its answer
in D is yes. The other case is when the empty tuple is not an answer to ¢, i.e. D [~ 1.
Then we say that v is false, or that its answer is no.

Example 15 The following are simple examples of FO-queries over our example schema;
11 @5 a Boolean, 12 a unary, and s a binary query.

1. Is there a country with a population of more than one billion people?

wo: Which countries have a city with higher population than its capital?

3. Which are the countries, and their capitals, such that no other city in the country
has more inhabitants?
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Y1 = Fz,y(country(z) A has_pop(x,y) A (y > 1000%10°))

Yo(x) = Jy1,y2, 21, 22(country(z) A cap_of (y1,x) A city_of (ya2, x)A
A has_pop(y1, z1) A has_pop(y2, z2) A (21 < 22))
Y3(x,y) = Fz(country(z) A cap_of (y,x) A has_pop(y, z)A
Vyi, z1((city_of (y1,z) A has_pop(y1,21)) = (21 < 2)))

We note that Dy |= 11, that is, its answer is yes, since the substitution o(x) = China,
o(y) = 1385 - 10% makes the formula true. We can also observe that the answers to ¥s
contain China, and that (Beijing, China) is not an answer to 1s.

6.3 Extending FO-queries with relative quantifiers: [M6]

Assume m € Nt and let n,k € {0,...,m} with n # 0. We consider the following
(binary) relative Type 111 quantifiers:

about ﬁ : Q[zg] at least about E : Q[ig] at most about ﬁ : Q[ég}
n n n

>k

If kK = n, then we may read both Q[zﬁ} and Q=% as almost all, and write Q1.
If £ =0, then we may read both Q[zf] and Q[ég] as nearly none and write Q.

Note that each value of m determines a family of proportional quantifiers, while very
large values of m usually do not occur in natural language. Now we define our query
language, which extends FO-queries with the quantifiers syntactically just introduced
above:

Definition 56 A query is an expression q(y) of the form:
Qx(R(x,y'), ¥(x,§)) (6.3)

where y_7 C ¢, and:

o () is any of the relative quantifiers defined above, or V,3;

o R(z,y) is a relational atom using the variables in {z} U y', and whose additional
terms are from UUZ, and

e Y(x,9) is a FO-query with answer variables {x} U .

The answer variables of q are §. The arity of q is the number of variables in .

Example 16 7o illustrate our language, we consider the following queries:

q1: Do at least about two thirds of all countries make at most 20% of their GDP in
agriculture?



6.3. Extending FO-queries with relative quantifiers: [M6]

q2: Do about half of all cities have more than 200000 inhabitants?

q3: Which countries have a capital which has more inhabitants than about half of all
other capitals in the world?

qs: Which countries have a capital that has more inhabitants than almost all other
cities of that country?

The first two queries are Boolean. The other two queries are unary. Queries q3 and g4
are very similar, but they differ on the range predicate: it is unary in g3 and binary in
q4. In our syntaz, they look as follows:

Q= Q[Zg]x(country(:r), Jy(hasGDP_agr(z,y) A (y < 20)))
@ = QP (city(x), Iy(has_pop(z,y) A (y > 200000)))
q3(y) = Q[z%]w(capital(x), 3z, 2, w(cap_of (y,w) A has_pop(w, z)A

A has_pop(z,z') — (z > 2')))
auly) = QWx(city_of (x,y), 32,2, w(cap_of (y, w) A has_pop(w, z)A
A has_pop(z,2') — (z > 2')))

Figure 6.1 shows the estimated and actual results to the queries qi,q2 and q3. Figure 6.2
highlights three particular answers to query q4, namely China, USA, and India.

We now define the semantics of our query language. As anticipated, it is based on
sampling, according to the principles discussed in Section 6.1.1. We assume that values
for the confidence 1 — « € (0,1) and values for the precision € € [0, 1] are given. These
values then determine a minimal sample size s = f(¢, a), cf. Equation 6.2. Then, for
testing whether a given tuple of variables ¢ = c¢1, -+ , ¢, of values from U U Z is among
the desired answers to a query Qz(R(x, gj’ ), ¥ (z,7)), we take a random sample of size at
least s of objects x that satisfy R(z, J ) (where c is the restriction of & to the positions
from ¢ that occur in y_7 ), and verify whether the proportion of those for which ¥ (z, ¢)
holds (with respect to s) is within the desired range. Note that, since the sample is
taken (uniformly) randomly, we may get different proportions, and hence different values,
if we repeat the query evaluation. This is natural, since our semantics of the relative
quantifiers defines a probability function over the possible answer tuples. As we will
illustrate in the next section, the answers retrieved in this way are reliable, even for
modest sample sizes.

Definition 57 Let D be a database. Furthermore, let R(x,c_;) be a relational atom, and
Y(x, ) a FO-query, such that x is the only free variable in both. Let S C ADom(D) with
S # 0, then we define:

PropD(S’¢(x’a) _ |{C es | D )T;THC} ¢($’a}|

(6.4)
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We now let o be a substitution from V to ADom(D), and let Dp = {c € ADom(D) |
R(c,0(y’)) € D}. We define the semantics of queries as follows:

o Dy QFNz(R(x,9), 42, 7)) if S € Dr and Propp(S,o((x, 7)) € [E—e, Ete]
* Dose Q z% x(R z, 7 2,%) if S € Dg and Propp(S,o(¢(z, 7)) € [£ —¢,1]
e Dysc@Q = JC( _' z,9)) if S C Dg and Propp(S,o(¥(z,7))) € [0 k + €]

Let € € [0,1] and a € (0, 1) be given. A tuple ¢ = c1,--- ,cp of values from UUZ of the
same arity as i is called a sampled answer to 1) over D (with precision € and confidence
1—a) if D =556 Qr(R(z, y_7), Y(x,y)), where o is the substitution that sends y; to ¢; for
each 1 <i<mn, and S C ADom(D) is a uniform random sample (with replacement) of
size |S| > f(e, @) as described in Section 6.1.1. In this case, we may write D [=¢ o ().

6.4 MONDIAL

To illustrate the proposed approach on real life data, we chose the MONDIAL database’.
It is a dataset containing geographical data, that relies on open web data, such as the
CIA factbook, Wikipedia, and atlases. The last major revision took place in 2015. Like
most open web data, the database is not complete, and data may be somewhat imprecise.
However, this is not of major concern here.

We evaluated the queries of Example [16. (In fact, the schema and queries of our running
example are based on MONDIAL). We used the RDF version of MONDIAL locally and
posed standard SPARQL queries, using the Java extension Apache Jena. This, together
with random sampling on the list of query results, suffices to simulate the evaluation of
queries in our language. In contrast to other fuzzy querying approaches, like e.g. the
ones of Bosc and Pivert [PB12], we here rely on strictly classical data, and focus on their
probabilistic evaluation.

Practical runs

Our goal was to test how sampling based evaluation performs for particular sample
queries.

Obviously, if the amount of data in the database increases, the difference between the
evaluation times for full and partial answers respectively, increases as well. However, for
the present example, the MONDIAL database (16.4MB), they are still in a similar range.
Some of our observations are captured in Figures 6.1/ and 6.2, which show how the sample
size correlates with the calculated proportions, using only a single iteration per size.

Example 17 Figure 6.1 shows the results for the queries q1—q3, and Figure 6.2 for
particular instances of the answer variable y in query q4. From those results one can

SMONDIAL database. (Last accessed January 30th, 2017). Retrieved from:
https://www.dbis.informatik.uni-goettingen.de/Mondial /
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straightforwardly evaluate the answers to the natural language queries. Taking the first
one, which asks whether the proportion in question is at least about two thirds, the results
show that, for almost all samples sizes, this is the case with high confidence. Similar
results hold for the other queries. (Note that in Figure 0.2 just a small range of proportions
is displayed). Finally, we emphasize that the graphs show the proportions obtained for
one random sample of each size. But the blue line (sampled results) converges quickly to
the red line (correct proportion) if we increase the number of iterations.

Figure 6.1: Left: query ¢i; middle: query ¢o; right: query q3. The x-axis always
represents possible sample sizes, i.e. the number of domain elements that fulfill the
respective range predicate. For the left and the middle picture, the y-axis stands for the
proportion of those range objects that also fulfill the scope predicate, while for the right
picture it displays the sizes of answer sets. The blue graph shows the achieved results for
samples of the sizes given by the values on the x-axis. The red graph displays the correct
proportions, or answer set size respectively.
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Figure 6.2: Query qq, for: left: y = China; middle: y = USA; right: y = India. The
x-axis always represents possible sample sizes, i.e. the number of domain elements that
fulfill the respective range predicate. The y-axis stands for the proportion of these range
objects that also fulfill the scope predicate. The blue graph shows the achieved results
for samples of the sizes given by the values on the x-axis. The red graph displays the
correct proportions.

Example 18 The problem we consider now deals with a slightly different but very similar
setting. The MONDIAL database stores 5716 cities with an average population of 553157
inhabitants. The question is again, how well can we approximate this average, when we
only evaluate a small sample of cities.

We employ three different sampling mechanisms* [ORS86). The first one performs sampling

4Note that sampling is always supposed to be performed uniformly randomly.
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of witnesses with replacement, i.e. the sample can contain the same city more than only
once. The other two mechanisms perform sampling without replacement, i.e. samples
contain each witness at most once. For the former, we employ simple random sampling
[Sin03] and for the latter we use the algorithm proposed by Knuth [Knu97] and the one
proposed by Fisher-Yates [Knu97).

Sitmple random sampling works like the name suggests. Fix the size of the domain, say
n = 5716, and apply a random number generator with range {1,...,n} as many times as
you want. The sample size is usually chosen smaller or equal than n, but not necessarily.

The algorithm proposed by Knuth works as follows. Assume we have a list of all objects
we want to select a random sample from, without replacement. In the first step, we choose
any of these objects randomly and switch its position with the first element of the list. In
the next step, we randomly choose one of the objects from the sublist that starts in the
second position and again switch its position with the first object from the sublist. The
number of steps equals the sample size. We provide the pseudo code for this procedure:

Generating a sample without replacement of size s < n from a list {a1,...,an}:
Step 0: Set i = 1.

Step 1: Select a random number ¢ < r < n.

Step 2: Swap a; and a, in the actual list.

Step 3: Cut out the first element, i.e a;, from the actual list.

Step 4: Store the cut out element in another list, say S, and increase i by 1.
Step 5: Perform Step 1 - Step 4 another s — 1 times.

Eventually, one ends with a list S of s different elements.

The last algorithm we test is the one tracing back to Fisher and Yates and is very similar
in nature to the one from Knuth, but works in a reversed manner. It essentially is a
shuffling mechanism of an entire list, which a priori explains the increased performance
time. Several versions are known, however, the one we implemented executes the following
pseudo code:

Generating a sample of size s < n from a list {a1,...,an}:
Step 0: Seti=n.
Step 1: Select a random number 1 < r <i.

Step 2: Swap a; and a, in the list.
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Figure 6.3: left picture: Simple Random Sampling; middle picture: Knuth’s sampling
algorithm; right picture: Fisher-Yates algorithm. The x-axis denotes the sample size in
%, and the y-axis shows the deviation from the average in each random sample with
respect to the actual average, again in %. The number of iterations is 1.
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Figure 6.4: left picture: Simple Random Sampling; middle picture: Knuth’s sampling
algorithm; right picture: Fisher-Yates algorithm. The x-axis denotes the sample size in
%, and the y-axis shows the deviation from the average in each random sample with
respect to the actual average, again in %. The number of iterations is 500.

Step 3: decrease 1 by 1.
Step 4: Perform Step 1 - Step 3 another n — 2 times.

Eventually, one ends with a shuffled version of the original list.

In the following, we give the results of our experiments. For each method, we produced
a plot that shows the deviation (in %) from the true average population size (which is
553157) dependent on the sample size. Also, again for each method, we produced a plot
that displays the evaluation time that is needed, as well dependent on the sample size. To
make clear how this procedures scales up, we do both for three different numbers of total
iterations, first 1, then 500 and eventually 10000.
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Figure 6.5: left picture: Simple Random Sampling; middle picture: Knuth’s sampling
algorithm; right picture: Fisher-Yates algorithm. The x-axis denotes the sample size in
%, and the y-axis shows the deviation from the average in each random sample with
respect to the actual average, again in %. The number of iterations is 10000.
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Figure 6.6: left picture: Simple Random Sampling; middle picture: Knuth’s sampling
algorithm; right picture: Fisher-Yates algorithm. The x-axis denotes the sample size in
%, and the y-axis shows the evaluation time, needed for producing an average population
size, in microseconds. The number of iterations is 1.
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Figure 6.7: left picture: Simple Random Sampling; middle picture: Knuth’s sampling
algorithm; right picture: Fisher-Yates algorithm. The x-axis denotes the sample size in
%, and the y-axis shows the evaluation time, needed for producing an average population
size, in milliseconds. The number of iterations is 500.
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Figure 6.8: left picture: Simple Random Sampling; middle picture: Knuth’s sampling
algorithm; right picture: Fisher-Yates algorithm. The x-axis denotes the sample size in
%, and the y-axis shows the evaluation time, needed for producing an average population
size, in milliseconds. The number of iterations is 10000.
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CHAPTER

Conclusion and Future Work

7.1 Summary

The modeling of vagueness in natural language, on the quantifier level, is subtle because
it requires the adequate handling of various features and corresponding expressions.
We chose to employ game semantic representations for different logics, like Hintikka’s
game for Classical Logic and Giles’s game for F.ukasiewicz logic, in order to conceptually
motivate new constructs, like the II quantifier, on firm and tangible grounds, namely
by the random witness selection principle. This principle complements the principle of
strategic witness selection, which is fairly standard in game theory [vB14]. This realm is
what we described in Chapter 2, which follows the introduction.

The II quantifier, based on the random witness election principle, introduced in [FR12),
FR14|] as an extension of Lukasiewicz logic, brings about intermediate truth values, even
if applied to crisp arguments. In fact, Lukasiewicz logic is one of the three prominent
t-norm based Mathematical Fuzzy Logics [CHN11], particularly the only one that has
continuous truth functions for all its connectives and quantifiers. As a main contribution
of this thesis, we show that the other two, Go6del logic and Product logic restricted to
finite domains, can be defined within an extension of Lukasiewicz logic, again restricted
to finite domains and enriched with constructs based on the already mentioned game
semantic selection principles, particularly propositional quantifiers. We call this logic
L, (II). As a consequence of the first definitions, all fuzzy logics that are based on finite
representations of continuous t-norms, are also definable within L., (IT). These results are
developed in Chapter 3 [Hof18], and refer to the introduction’s (C1).

The next part of the thesis, Chapters 4 and 5, referring to the introduction’s (C2), is
about giving an account of all the aspects that make the world of quantifiers so sparkling.
Is the quantifier evaluation context dependent or independent? Do we count witnesses
absolutely or relatively? Does a quantified statement refer to all objects from the domain
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or only to a restricted set of such? Finally, do witnesses actually crisply possess their
properties or can we also admit borderline cases? The answer to any of these questions
is ‘both may happen’

As to the last question, the most direct way of dealing with vague properties certainly
is using fuzzy propositions. This feature is already present in fuzzy logics and is ready
for use. However, in Chapter 4, quantifiers are defined for crisp arguments only. By
developing our models in that way, we follow the well recognized approach of Liu and
Kerre [LK98], Glockner [Gl606], and others [DRSV14]. In Section 7.3, we will elaborate
on different ways of handling vague properties.

Regarding absolute and relative quantifiers, both refer to extensional quantifiers, i.e. such
that are context independent, in contrast to intensional quantifiers, that may depend
on contextual information'. We treat a great variety of extensional quantifiers, indeed,
all standard cases and combinations thereof, while the class of intensional quantifiers is
basically represented by two generic quantifiers, namely “many” and “few”. Nevertheless,
we argue that the same readings, defined for those two, apply to other NL expressions
as well. Also, we capture these readings, or models, within our framework ¥, (IT), and
enrich it by a refinement of the previously given structure [Lap00, Hof15]. When reading
the material, it becomes clear that there is a lot of freedom in the interpretation of
context dependent statements. As the reference situations can be chosen freely, we get
non-monotonic versions of the quantifiers “many” and “few”.

Although we always assume fixed domains, statements sometimes are supposed to refer
to only a fraction of the objects within it. Take for example a domain of all humans and
a statement like “Most boys like girls”. For the evaluation of this statement, we do not
need to know the whole domain, as evaluating the boys will suffice. Such quantifiers,
with an additional range to the scope, are called binary, or 2-place, quantifiers. We show
how quantifiers, not only based on binary V and 3, but also those based on binary II,
can be expressed in L (IT).

In Chapter 4, as already mentioned, we restrict attention to semi-fuzzy quantifiers, i.e.
those that are only defined for crisp formulas, or arguments. Consequently, it remains to
show how we apply systematic lifting mechanisms to semi-fuzzy quantifiers to arrive at
fully-fuzzy ones. This is done in Chapter 5. We show how to express the most important
versions of such mechanisms (QFMs) into L, (II), and analyze them regarding their
compliance with certain new and known lifting principles [BFH1S].

In Chapter 6, which refers to the introduction’s (C3), we introduce yet another schema for
relative semi-fuzzy quantifiers, directly tied to a query language [FHO17] that evaluates
vaguely quantified statements based on a probabilistic evaluation technique. We specify
the syntax and semantics of this query language and analyze its implemented routines,

Note that the distinction between absolute and relative quantifiers also applies to intensional
quantifiers, since extensional quantifiers can be viewed as a special case of intensional ones, namely when
the contextual information is empty.
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to see how well probabilistic evaluation predicts states of affairs on the full scale. Also,
we explain how the same techniques can be used to produce data summarizations.

7.2 Range of the framework

The principle of random witness selection, built into a logic system on firm conceptual
grounds, is one of the strengths of the perspective advocated in this thesis. Game
semantically speaking, in addition to the principle of strategic reasoning, as represented
by the two strategic players, we have a principle of non-strategic reasoning, represented
by a third non-strategic player. By that means, we achieve an encoding of probability
into the logic, and show how expressibility increases vastly. On the technical side, this
allows for the definition of wide classes of t-norm based fuzzy logics. On the application
side, we acquire a wide range of models for vague natural language quantifiers.

7.3 Future work

Future work certainly can go into several directions. On the logical level, one is interested
in full calculi, encompassing certain properties, like standard completeness. Also, the
relations of the random witness selection principle with games of imperfect information
[MSS11] would be worth exploring.

On the practical side, we envision a computer software that can help managing deeper
layers of processing NL texts, than the current keyword search based world provides us
with. To that end, two things are attractive to consider. It would be an interesting next
step to (1) investigate which particular data models, like RDF or other graph models, can
store information from natural language appropriately, and apply the developed theory
to data analysis, as described in Chapter 6. This, in particular, requires (2) a proper
handling of vague properties, as already explained in the introduction, as well. Hence,
allowing for such extensions, in a nicely parametrized fashion, also makes for a potential
branch of further research.

147






=,19
NT, 86

active domain, 134

binary, 43
bivalent, 2

clever instantiation, |79
comparison set, 87
crisp, 2, 8, 11

database, 134
Delta, [32
desideratum
continuity in the argument, 116
correct generalization, |112
dualization, |114
external negation, |114
internal negation, |114
preservation of monotonicity >, 114
preservation of monotonicity <, 115
preservation of monotonicity under
conservative extension, 113
preservation of quantifier strength,
116
preservation of quantitativity, 113
projection quantifiers, 112
supremum/infimum principle, 117
dispersive experiments, |11
domain, |8

failure probability, |13

game

Index

NRG, 25

RG, 19

g, 12

H, 8

form, [12

Giles, 11

Hintikka, |7

Kleene-Zadeh, |10

rule, 8

state, |8, 11

value, 10

zero sum, (8} |11
game semantics, (8}, |26
granularity, 55

hierarchy, 70

level, |70

idempotent, |28
interpretation
classical, |8
conservative extension, 113
fuzzy, |10
Kleene-Zadeh, |10

limited liability, |14

logic
KlZ(1I), 59
b, (10), 125
Lukasiewicz, 25
Lukasiewicz logic, |11
Lo (I0), 5, 17
classical logic, |7
FO, 133
Godel, 25

149



INDEX

Kleene-Zadeh logic, 10 antonym, (113
Mathematical Fuzzy Logic, |24 at least as strong as, 116
MFL, 24 blind choice, |57
Product, [25 deliberate choice, 58, 67
dual, [113
MONDIAL, [138 extensional, 42
monotonicity in proportion for binary few, 93
quantifiers, |109 fully-fuzzy, 42
Mostert-Shields Theorem, 25, 36 intensional, 42
many, 36

Natural Language, 1
negation
involutive, 25
residual, |25
NL, 1
numeric position, 134

most, |46

negated, 113

non-decreasing, [115

non-decreasing in proportion, 115
non-decreasing under extension, 113
non-increasing, |114

non-increasing in proportion, [115
non-increasing under extension, |113

ordinal sum, 25, 36

payoft, |10 projection, 112

randomized, 13 propositional, 25
player quantitativity, 112

I, Myself, 8 relative, 42

Nature, 1, 19 semi-fuzzy, |42

You, 8 Type I, 41

non-strategic, [19 Type 11, 41

strategic, [8 Type III, 41
predicate symbols, |8 Type IV, 41
proportion, 20 quantifier fuzzification mechanism, 111
QFM. (11 query, |136

Fh 118 random witness selection principle, |1}, 20

Fh2 1119 RDF, [133

Fh 122 regulation, 12

FP2 129 consistent, [12
quantifier, |41 relation

[Abs1] expressions, 44, |46 classical, |8

[Abs2] expressions, 44, 51 fuzzy, [10

[Abs3] expressions, 44, |46 relational schema, 133

[Intl] expressions, 44, 83 residuum, 24

[Int2] expressions, 44, 110 risk value assignment, [13

[Rell] expressions, 44, 49 role, |8

[Rel2] expressions, 44, 55 Nature N, [19

[Rel3] expressions, 44, 49 Opponent O, 8

absolute, 42 Proponent P, 8

150



Index

Rule Scheme, [61

sampling, (131
simple random, |140
without replacement, 140
shuffling, [140
signature interpretation, |8
situation, |86
actual, 86
normative, 86
SPARQL, [133
SQL, 133
strategy, [15
winning, [15
summarization, 133

t-norm, 23
tenet, 12
term-definable, |32
tolerance, 41
truth function
Gk 57
Lk 57
[Fi)s=", 28
&, (15127
&F_1, 128
A, 32
A, 112
11, 27
7k 72
1Y, 59
I, 59
Ik, 58
II, 27
Q79,75
Q75
?lal’ 75
Q%’Leno’ 75
QY, 75
QS,Ml,MQ’ 79
Qq, 71
Qar;, |71
1,19, 110
-, 135

a(,-), 81
3,19, [10, |26
J(k1:k2) 148
J(k1:ka] 148
Jlav.a2) 50
E|(f11,!12]7 50
3<k, 48
3<9, 50
3>k 48
379,50
Jlk1k2) 148
Jlkrka] 148
Jlara2) |50
Jlav.a2] 5
37k (-, ), 82
32k 47
329,50
3=k 48
3=4, 50

3+ 48
37,50
3,27
§|(/€1J€2)7 54
J(k1:k2] |54

151



INDEX

>, 27

=, 9], [10], 27

O, 28

@, 19, [27

ﬂﬁfn, 74

m, 20, 26

7k, 140

—, 119} 260

—, 13D

k67

T,122

—, [34

&, 27

&, 27

Vv, 9, 10, 26

vE_ 128

A, 9, 10, 26

AR, 128

211(-,+), 181

FII(., -, 81
truth functional semantics, |7, 9, 15

unary, 43

Vandermonde identity, |73
variable, 26
object, |26
propositional, 26
variable assignment, |8

w.r., 72

witness
negative, 11
positive, [11

wo.r., (2

152



[Ada79]
[AHV95]

[AliS1]

[Ball6]

[BCS]

[BCPVO01]

[BF17]

[BFH18]

[CFN15]

[CHN11]

[CKM92]

[CLS*10]

Bibliography

D. Adams. The Hitchhiker’s Guide to the Galary. Pan Books, 1979.

S. Abiteboul, R. Hull, and V. Vianu. Foundations of Databases: The Logical
Level. Addison-Wesley Publishing Company, Inc., 1995.

D. Alighieri. Divina Commedia. Sandro Botticelli, 1481.

P. Baldi. A Calculus for Rational fLukasiewicz Logic and Related Systems.
In International Conference on Information Processing and Management of
Uncertainty in Knowledge-Based Systems, pages 136—147. Springer, 2016.

J. Barwise and R. Cooper. Generalized Quantifiers and Natural Language.
Linguistics and philosophy, 4(2):159-219, 1981.

M. Baaz, A. Ciabattoni, N. Preining, and H. Veith. A Guide to Quantified
Propositional Gédel Logic. In IJCAR workshop QBF, 2001.

P. Baldi and C.G. Fermiiller. From Semi-Fuzzy to Fuzzy Quantifiers via
FLukasiewicz Logic and Games. In Advances in Fuzzy Logic and Technology
2017, pages 112-124. Springer, 2017.

P. Baldi, C.G. Fermiiller, and M.F.J. Hofer. On Fuzzification Mechanisms
for Unary Quantification. 2018. submitted.

P. Cintula, C.G. Fermiiller, and C. Noguera, editors. Handbook of Mathe-
matical Fuzzy Logic - Volume 3. College Publications, 2015.

P. Cintula, P. Hajek, and C. Noguera, editors. Handbook of Mathematical
Fuzzy Logic. College Publications, 2011.

C.C. Chong and K. Khee-Meng. Principles and Techniques in Combinatorics.
World Scientific, 1992.

M. De Choudhury, Y. Lin, H. Sundaram, K. Candan, L. Xie, and A. Kelliher.
How does the data sampling strategy impact the discovery of information
diffusion in social media? In Proceedings of the Fouth International AAAI
Confeence on Weblogs and Social Media, pages 34—41, 2010.

153



BIBLIOGRAPHY

154

[Crull]

[dCO5)

[DHB10]

[DHBBO3]

[DHBCB04]

[DRSV14]

[EGMO04]

[Fer09]

[Fer14]

[FH17]

[FHO17]

[Fin75]
[FK96]

[FKO6]

A. Cruse. Meaning in Language: An Introduction to Semantics and Prag-
matics. Oxford University Press, 2011.

M. de Cervantes. El Ingenioso Hidalgo Don Quijote de la Mancha. Francisco
de Robles, 1605.

F. Diaz-Hermida and A. Bugarin. Linguistic summarization of data with
probabilistic fuzzy quantifiers. In Actas del XV Congreso Espanol Sobre
Tecnologras y Logica Fuzzy (ESTYLF 2010), pages 255-260. Research Gate,
2010.

F. Diaz-Hermida, A. Bugarin, and S. Barro. Definition and classification
of semi-fuzzy quantifiers for the evaluation of fuzzy quantified sentences.
International Journal of Approzimate Reasoning, 34(1):49-88, 2003.

F. Diaz-Hermida, A. Bugarin, P. Carifiena, and S. Barro. Voting-model
based evaluation of fuzzy quantified sentences: a general framework. Fuzzy
Sets and Systems, 146(1):97-120, 2004.

M. Delgado, M.D. Ruiz, D. Sanchez, and M.A. Vila. Fuzzy quantification:
a state of the art. Fuzzy Sets and Systems, 242:1-30, 2014.

F. Esteva, L. Godo, and F. Montagna. Equational Characterization of
the Subvarieties of BL Generated by T-Norm Algebras. Studia logica: An
International Journal fo Symbolic Logic, 76(2):161-200, 2004.

C.G. Fermiiller. Revisiting Giles’s Game. In O. Majer, AV. Pietarinen, and
T. Tulenheimo, editors, Games: Unifying Logic, Language, and Philosophy,
pages 209-227. Springer, 2009.

C.G. Fermiiller. Hintikka-Style Semantic Games for Fuzzy Logics. In FoIKS,
pages 193-210. Springer, 2014.

C.G. Fermiiller and M.F.J. Hofer. Hintikka Style Game Rules for Semi-Fuzzy
Quantifiers. In 2017 IEEE JTth International Symposium on Multiple- Valued
Logic (ISMVL), pages 306-311. IEEE, 2017.

C.G. Fermiiller, M.F.J. Hofer, and M. Ortiz. Querying with Vague Quanti-
fiers Using Probabilistic Semantics. In International Conference on Flexible
Query Answering Systems, pages 15—27. Springer, 2017.

K. Fine. Vagueness, Truth and Logic. Synthese, 30(3/4):265-300, 1975.

T. Fernando and H. Kamp. Expecting Many. In Semantics and Linguistic
Theory, pages 53-68, 1996.

C.G. Fermiiller and R. Kosik. Combining Supervaluation and Degree
Based Reasoning Under Vagueness. In Logic for Programming, Artificial
Intelligence, and Reasoning, pages 212-226. Springer, 2006.



Bibliography

[FMO9]

[FM15]

[Fol99)]

[FR12]

[FR14]

[Geol3]

[Gil74]

[Gil77]

[Gil82]

[G1506]

[Got13]

[GW14]

[H4j98]

[Hin73]

C.G. Fermiiller and G. Metcalfe. Giles’s Game and the Proof Theory of
Lukasiewicz Logic. Studia Logica, 92(1):27-61, 2009.

C.G. Fermiiller and O. Majer. Equilibrium Semantics for IF Logic and
Many-Valued Connectives. In H.H. Hansen, S.E. Murray, M. Sadrzadeh, and
H. Zeevat, editors, Logic, Language, and Computation - 11th International
Tbilisi Symposium on Logic, Language, and Computation, ToiLLC 2015,
Tbilisi, Georgia, September 21-26, 2015, Revised Selected Papers, volume
10148 of Lecture Notes in Computer Science, pages 290-312. Springer, 2015.

G.B. Folland. Real Analysis: Modern Techniques and Their Aplications, 2nd
Edition. Pure and Applied Mathematics. John Wiley & Sons, Inc., 1999.

C.G. Fermiiller and C. Roschger. Randomized Game Semantics for Semi-
Fuzzy Quantifiers. In S. et.al. Greco, editor, Advances in Computational
Intelligence, volume 300, pages 632—-641. Springer, 2012.

C.G. Fermiiller and C. Roschger. Randomized Game Semantics for Semi-
Fuzzy Quantifiers. Logic Journal of the IGPL, 223(3):413-439, 2014.

H.O. Georgii. Stochastics: Introduction to Probability and Statistics. Walter
de Gruyter, 2013.

R. Giles. A Non-Classical Logic for Physics. Studia Logica, 33(4):397-415,
1974.

R. Giles. A Non-Classical Logic for Physics. In R. Wojcicki and G. Malin-
kowski, editors, Selected Papers on fukasiewicz Sentential Calculi, pages
13-51. Polish Academy of Sciences, 1977.

R. Giles. Semantics for fuzzy reasoning. International Journal of Man-
Machine Studies, 17(4):401-415, 1982.

I. Glockner. Fuzzy Quantifiers: A Computational Theory, volume 193 of
Studies in Fuzziness and Soft Computing. Springer Verlag, 2006.

S. Gottwald. Fuzzy sets and Fuzzy Logic: The Foundations of Applica-
tion—From a Mathematical Point of View. Springer, 2013.

G. Grimmett and D. Welsh. Probability: An Introduction. Oxford University
Press, 2014.

P. Hajek. Metamathematics of Fuzzy Logic, volume 4 of Trends in Logic.
Springer Science & Business Media, 1998.

J. Hintikka. Logic, Language-Games and Information: Kantian Themes in
the Philosophy of Logic. Clarendon Press Oxford, 1973.

155



BIBLIOGRAPHY

156

[Hof15]

[Hof16a)]

[Hof16b)]

[Hof18]

[Kee09]

[KHOS]

[Knu97]

[KS86]

[KS97]

[KZT15]

[Lap00]

[Law98]

[LKO98]

[MN12]

[MN14]

M.F.J. Hofer. On the Context Dependence of Many. In Modeling and Using
Context; 9th International and Interdisciplinary Conference, CONTEXT
2015 Larnaca, Cyprus, November 2-6, 2015 Proceedings, pages 346358,
2015.

M.F.J. Hofer. Game Semantical Rules for Vague Proportional Semi-Fuzzy
Quantifiers. In Proceedings of the 8th International Conference Non Classical
Logics - Theory and Applications, pages 43-47, 2016.

M.F.J. Hofer. Game semantics and vagueness in natural language. In
Proceedings of the 13th edition of the Workshop Logic and Engineering of
Natural Language Semantics, pages 200-211, 2016.

M.F.J. Hofer. Randomized semantic games for fuzzy logics. 2018. submitted.

C.M Keet. From granulation hierarchy to granular perspective. In 2009
IEEE Intenational Confeence on Granular Computing, pages 306-311. IEEE,
20009.

A. Kratzer and I. Heim. Semantics in Generative Grammar. Blackwell
Oxford, 1998.

D.E. Knuth. The Art of Computer Programming, Volume 2: Seminumerical
Algorithms. Addison-Wesley, 1997.

E. L. Keenan and J. Stavi. A Semantic Characterization of Natural Language
Determiners. Linguistics and Philosophy, 9(3):253-326, 1986.

R. Keefe and P. Smith. Vagueness: A Reader. MIT Press, 1997.

J. Kacprzyk, S. Zadrozny, and G. De Tré. Fuzziness in database management
systems: Half a century of developments and future prospects. Fuzzy Sets
and Systems, 281:300-307, 2015.

S. Lappin. An intensional Parametric Semantics for Vague Quantifiers.
Linguistics and Philosophy, 23:599-620, 2000.

J. Lawry. A voting mechanism for fuzzy logic. International Journal of
Approzimate Reasoning, 19(3-4):315-333, 1998.

Y. Liu and E.E. Kerre. An overview of fuzzy quantifiers. (I). Interpretations.
Fuzzy Sets and Systems, 95(1):1-21, 1998.

P. Murinova and V. Novak. A formal theory of generalized intermediate
syllogisms. Fuzzy Sets and Systems, 186(1):47-80, 2012.

P. Murinovéa and V. Novék. Analysis of generalized square of opposition
with intermediate quantifiers. Fuzzy Sets and Systems, 242:89-113, 2014.



Bibliography

[MSS11]

[MWA+03]

[Nov06]

[Nov08s]

[ORS6]

[PAGOY]

[PB12]

[Pet00]

[PSKO8]

[PWO6]

[Sin03)

[Smi08g]

[vB14]

[Vetll]

A.L. Mann, G. Sandu, and M. Sevenster. Independence-Friendly Logic:
A Game-Theoretic Approach, volume 386 of London Mathematical Society
Lecture Notes Series. Cambridge University Press, 2011.

R. Motwani, J. Widom, A. Arasu, B. Babcock, S. Babu, M. Datar, G. Manku,
C. Olston, J. Rosenstein, and R. Varma. Query Processing, Approximation,
and Resource Management in a Data Stream Management System. In
CIDR 2003, Proceedings of the First Biennial Conference on Innovative
Data System Research, pages 245256, 2003.

V. Novak. Which logic is the real fuzzy logic? Fuzzy Sets and Systems,
157(5):635-641, 2006.

V. Novak. A formal theory of intermediate quantifiers. Fuzzy Sets and
Systems, 159(10):1229-1246, 2008.

F. Olken and D. Rotem. Simple Random Sampling from Relational Data-
bases. In VLDB ’86 Proceedings of the Twelfth International Conference on
Very Large Data Bases, pages 160-169, 1986.

J. Pérez, M. Arenas, and C. Gutierrez. Semantics and Complexity of
SPARQL. ACM Transactions on Database Systems (TODS), 34(3):30—43,
2009.

O. Pivert and P. Bosc. Fuzzy Preference Queries to Relational Databases.
World Scientific, 2012.

P.L. Peterson. Intermediate Quantities: Logic, Linguistics, and Aristotelian
Semantics. Ashgate, 2000.

W. Pedrycz, A. Skowron, and V. Kreinovich. Handbook of Granular Com-
puting. John Wiley & Sons, Ltd, 2008.

S. Peters and D. Westerstahl. Quantifiers in Language and Logic. Oxford
University Press, USA, 2006.

S. Singh. Advanced Sampling Theory With Applications: How Michael
“Selected” Amy, volume 2. Springer Science & Business Media, 2003.

N.J.J. Smith. Vagueness and Degrees of Truth. Oxford University Press,
2008.

J. van Benthem. Logic in Games. MIT Press, 2014.

T. Vetterlein. Vagueness: A Mathematician’s Perspective. In P. Cintula,
C.G. Fermiiller, L. Godo, and P. Hajek, editors, Understanding Vagueness -
Logical, Philosophical and Linguistic Perspectives, volume 36 of Studies in
Logic, pages 67-86. College Publications, 2011.

157



BIBLIOGRAPHY

158

[vGOg|

[XYJ13]

[Yao01]

[Zad65]

[ZadT79]

[Zad83]

[Zad85]

J.W. von Goethe. Faust. Fine Tragddie. Cotta, 1808.

Y. Xibei, Q. Yuhua, and Y. Jingyu. On Characterizing Hierarchies of
Granulation Structures via Distances. Fundamenta Informaticae, 123(3):365—
380, 2013.

YY Yao. Information Granulation and Rough Set Approximation. Interna-
tional Journal of Intelligent Systems, 16(1):87-104, 2001.

L.A. Zadeh. Fuzzy sets. Information and Control, 8(3):338-353, 1965.

L.A. Zadeh. Fuzzy Sets and Information Granularity. In N Gupta, R Ragade,
and R Yager, editors, Advances in Fuzzy Set Theory and Applications, pages
3-18. North-Holland Publishing Company, 1979.

L. Zadeh. A computational approach to fuzzy quantifiers in natural langua-
ges. Computers & Mathematics with applications, 9(1):149-184, 1983.

L. Zadeh. Syllogistic reasoning in fuzzy logic and its application to usuality
and reasoning with dispositions. IEEE Transactions on Systems, Man, and
Cybernetics, SMC-15(6):754-763, 1985.



	Kurzfassung
	Abstract
	Contents
	Introduction
	Logic, NL quantifiers, and vagueness
	Witness selection principles
	Vagueness and properties
	Thesis structure

	From Hintikka's game to the RG-game
	Hintikka game
	Game for Kleene-Zadeh logic
	Giles game
	Games with random choices - RG-game

	The NRG-game and t-norm based fuzzy logics
	Fuzzy logics based on t-norms
	NRG-game, or: the logic Ł()
	Definability of Gödel logic in Ł()
	Definability of MFLs in Ł()
	Infinity and selecting subsequent states

	Quantifier Models
	Extensional absolute crisp quantifiers
	Extensional relative crisp quantifiers
	Extensional absolute semi-fuzzy quantifiers
	Extensional relative semi-fuzzy quantifiers
	Beyond unary quantifiers: , , 
	Intensional quantifiers: Many and Few

	Quantifier Fuzzification Mechanisms: QFMs
	Desiderata for Quantifier Fuzzification Mechanisms
	Fuzzification mechanisms in the limelight

	Queries and Summarizations
	Querying with probabilistic quantifiers
	Defining a query language
	Extending FO-queries with relative quantifiers: [M6]
	MONDIAL

	Conclusion and Future Work
	Summary
	Range of the framework
	Future work

	Index
	Bibliography

