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Preface

These notes result from a certain conception of knowledge transmission and from
the experience gained after several years of teaching at the Grenoble Institute of
Technology (Ensimag).

If the table of contents is interpreted too literally, the task at hand is infeasible:
each of the themes developed in the different chapters has been the topic of thousands
of pages (books, monographs, articles, popularization books, etc.) published by
numerous authors, and some of these pages are of the highest scientific quality. On
top of this, we must consider all the information available on the Internet.

The aim of these notes, which is probably ambitious but hopefully not
disproportionate, is to attempt to provide a unified overview of the concepts and
techniques that are useful in many well-identified domains of modern computer
science and artificial intelligence. It is difficult to find all these topics in the same
document, and they should also be a good starting point for a reader wishing to explore
further topics.

Conceptual rigor will always be preferred to formal rigor. This approach is
essential for the transmission of knowledge in the modern world, especially for
those domains in which the readers will have to keep acquiring additional knowledge
throughout their professional life.

The presentation method of all the topics will always be the same: informal
description of the topic under consideration (motivation) ~» historical background ~»
examples ~» possible conceptualizations ~» comparative analysis ~» formalization ~»
technical aspects.

Of course, the algorithmic point of view is privileged and for almost every
considered problem, the goal is to design an algorithm capable of solving it. Examples
play a crucial role in these notes: they have been chosen so as to guide in the
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conceptualization of pertinent abstractions for classes of problems. Digressions and
remarks allow for an in-depth view of some of the topics and for the discovery of
their relationship with other topics and other domains. Exercises are an essential
complement to the topics treated, which cannot be understood and assimilated without
solving them (solutions to the exercises are included in the final chapter). It is clear
that the material treated here has already been discussed in other books. However,
some of these topics are approached in an original manner in this book.

In addition to carrying out their original goal within a university syllabus, these
pages will hopefully be agreeable to the reader and will also be an incentive to those
wanting to know more and ask further questions.



Chapter 1

Introduction

We briefly analyze the relationship between logic and computer science, by
focusing successively on two points of views, in a somewhat natural order. We first
underline the importance of logic in the foundations of computer science and how it
is used in many computer science domains. Then we explain why logic is useful for
computer engineers.

1.1. Logic, foundations of computer science, and applications of logic to
computer science

Trying to underline the importance of logic for computer science in the 21st
Century is the same as trying to reinvent the wheel. Indeed, in 1969, C.A.R. Hoare
wrote:

Computer programming is an exact science, in that all the properties of
a program and all the consequences of executing it can, in principle,
be found out from the text of the program itself by means of purely
deductive reasoning.

More recently, in 1986, Hoare stated that “computers are mathematical machines
and computer programs are mathematical expressions”.

Of course, in our defence of logic, we will not make use of arguments relying
on Hoare’s renowned expertise, as these arguments may turn out to be fallacious;
however, we attempt to shed some light on this kind of sentence and to convince the
reader that the importance of logic for computer science is a fact and not a matter of
opinion.
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Logical concepts have been of prime importance in computer science, and this is
still the case nowadays.

Instead of making a potentially tedious enumeration, we shall simply mention
two typical concepts of computer science, production rules and formal languages,
the origins of which are seldom mentioned and which were, respectively, invented by
logicians in 1921 (Post) and 1879 (Frege).

‘We cannot overstate the importance of studying the foundations and the history of
a discipline, as proved by the following quote.

In 1936, A. Turing introduced his notion of an abstract computer, as part of his
solution to one of the problems posed by D. Hilbert. Yet, H. Aiken (one of the pioneers
of computer science) wrote in 1956 (as quoted by M. Davis):

If it should turn out that the basic logics of a machine designed for the
numerical solution of differential equations coincide with the logics of
a machine intended to make bills for a department store, I would regard
this as the most amazing coincidence that I have ever encountered.

Such a statement would make any undergraduate-level computer scientist smile
today.

Another point of view, which does not have such a good press currently, is the
philosophical point of view. To convince oneself of its importance, it suffices to recall
the role of intuitionisms in computer science (constructive program synthesis, etc.).
Several philosophical questions arise naturally in elementary logic (paradox, truth
value, possible worlds, intention, extension, etc.).

The importance of temporal logic in modern computer science is undeniable,
and is due (including for philosophical motivations) to philosophers—logicians such
as A. N. Prior (see section 10.4).

The philosophical point of view is essential to understand a topic, and of course,
understanding is crucial from a practical point of view.

An example is the popular term ontology. J. McCarthy borrowed it in the 1970s
for philosophy. Currently, in computer science and artificial intelligence (Al) the
meaning of this term has connections (even though they may not be that obvious)
with its original philosophical meaning, i.e. “Theory of being as such — the branch
of metaphysics that deals with the nature of being, as opposed to the study of their
memberships or attributes”.

We conclude this section by mentioning three so-called theoretical topics, of the
utmost practical importance:



Introduction 3

— The NP-completeness of the consistency problem (satisfiability and validity)
of classical propositional calculus (SAT), which was proved by Cook in 1971. The
wide array of applications of propositional calculus (verification of critical systems,
intelligent systems, robotics, constraints, etc.) provides an idea of the importance of
this result.

— The study of finite structures, which is closely related to computer science and
has numerous applications in databases, multi-agent systems, etc.

— Non-classical logics (modal, temporal and multi-valued logics) are extremely
useful in, e.g. program analysis and knowledge representation (in particular in
distributed knowledge representation).

1.2. On the utility of logic for computer engineers

Although no one could say for sure which concepts and techniques will be useful to
a computer scientist in, say, 10, 20, 30, or 40 years, or even if computer scientists will
still be around by then, human beings will probably not have changed that much and
will have to cope with an increasingly complex world (at least in developed countries).
Abstract concepts will turn out to be more and more useful from the point of view
of understanding and efficiency (e.g. it suffices to keep in mind all the advantages —
conception, encoding, and updating — that offer very high-level languages).

It is also important to remember that one of the most efficient and rewarding
recipes to success from an economical point of view, especially in the modern world, is
originality. History shows that the original ideas that have led to important progress in
science and techniques are mostly a consequence of an in-depth analysis (and possibly
a revision) of principles.

Some of the fundamental notions of logic are used by computer engineers
(sometimes with different names and presentations). For example, proposition,
definition, semantics, inference, language/meta-language, intention, intension,
extension, subclass of formulas, and model.

The notion of proposition from an intuitionistic point of view, for example,
represents an intention, a task or a problem. The notion of definition, which has been
studied for centuries by logicians, is closely related to that of specification and is used
in the process of program construction (folding and unfolding rules).

The role of logic as a language for software specification/verification/development
is unchallenged. The notion of semantics leads directly to that of compilation (the
assignment of a semantics can be viewed as a translation). Inference is a way of
expliciting information and is therefore strongly related to algorithms design. The
notion of intention is related not only to that of specification but also to that of system
modeling (and not only program modeling), in which it is also necessary to model the
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environment (including users). The notions of intension and extension are used, for
example, in languages such as Datalog (studied in logic and databases). The notion
of decidable subclasses of formulas is an example of a problem whose nature changes
when one of its subproblems is considered. The notion of models in the context of
abduction (which is used for example in diagnostics, or in the understanding of natural
languages) is similar to that of empirical sciences.

These are, of course, very general concepts, but let us mention some concrete
examples that have extremely important practical applications. The Davis—Putnam
method is used, for example, in system validation. The notion (algorithm) of
subsumption is used, among other things, in knowledge representation languages.

This notion is essential in so-called ontologies (considered as sets of concepts,
relationships between these concepts and means to reason on these concepts), which
are widely used in taxonomies and sometimes defined as the explicit specification of
a simplified and abstract view of a world we wish to represent.

The notion (algorithm) of unification has been at the intersection of logic and
computer science for many years. This algorithm is specified in a very natural way
as a set of inference or rewriting rules (see section 4.2). Databases are one of the
traditional areas of application of computer science. We can view a relational database
as a first-order structure, and first-order logic as a query language (see remark 6.1).
The search for increasingly powerful query languages shows the practical need for
logics with a greater expressive power.

These examples should be enough to convince the reader of the importance of
logic for computer engineers.

To answer those for whom the incentive to learn logic can only come from its
recent applications or its relationship to recent applications, we enumerate some
applications that have been receiving increasing attention.

The first application is multi-agent systems, which are used in important domains
such as robotics, the Internet, etc. These systems can possess extremely complex
configurations, and it is becoming necessary to have (formal) techniques to reason
in (and on) these systems. The notions and tools that are used include temporal
logic, knowledge representation logics, deduction, abduction (i.e. the discovery of
hypotheses that are capable of explaining an observation or permit us to reach a
conclusion), and the notion of proof that can be used to convince an agent (in
particular a human agent) of the pertinence of a piece of information, etc.

Modal logics (temporal logic, dynamic logic, etc.) are used in the industry, for
example, to capture reactive behaviors, or in concurrent systems, etc.
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An increasing number of computer engineers now work in the economic and
financial industry. In these disciplines, the modeling of the actors and their knowledge
(beliefs) of the other actors (on the market, in the society) is indispensable for
comprehension and decision. Assertions such as “X knows (believes) that Y knows
(believes) that Z knows (believes) that...” can be treated formally by knowledge
(belief) logics.

In a science popularization article that was published in a well-known journal in
May 2001, we could read:

The semantic web is. .. an extension of the current one.

[...]

For the semantic web to function, computers must have access to
structured collections of information and sets of inference rules that they
use to conduct automated reasoning.

Logic is very important for natural language processing, which has many
applications (e.g. on the Internet, for information retrieval, in question answering
systems, etc).

Interdisciplinarity has reached the most recent computer science applications, such
as multimedia indexing (i.e. the way of finding multimedia documents in digital
libraries), where the roles of semantics and inference are essential.

We conclude this section with some considerations that are more directly related
to the technical problems that arise in computer system programming.

— It is possible to prove that a program is not correct, but it is generally impossible
to prove that a program is correct using examples. The importance of detecting
potential errors in programs (or in integrated circuit designs) is evidenced by two
dramatic examples that took place 30 years apart.

The spacecraft Mariner 1 (July 1962) was meant to land on Venus but failed
because of an error in the on-board program (a syntactically correct instruction, very
close to the intended one, had an entirely different meaning).

Logical techniques have been developed to prove program correctness, to detect
programming errors and to construct programs that satisfy a given specification. Most
of these techniques can be performed automatically. To reason automatically on a
program, it is necessary to have a formal semantics, a formal logical theory, and an
automated theorem prover for this theory.

In general, we are interested in verifying specifications, i.e. in proving properties
satisfied by the specifications rather than in proving properties satisfied by the
programs themselves.
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Nowadays, people use more and more certified software. The practical importance
of this notion cannot be overstated (it suffices to reflect on the importance of having
certified software in a plane or a hospital). More recently (mid-1990’s), errors were
discovered in a digital circuit that had already been commercialized. It had been sold
by the biggest manufacturer of digital circuits. This error occurred when rare data
were provided to the circuit.

This error served as an argument to those who advocated for the necessity of
replacing simulation with exhaustive tests by formal verification, so as to prove the
correctness of a design before the construction phase.

Theorem proving and model checking are two techniques that enable us to certify
the correctness of the aforementioned digital circuits. Logic (both classical and non-
classical) plays a key role in these two approaches.

Some resounding successes in software and hardware engineering have proved that
these approaches can indeed be applied to real-world problems.

Formal verification had typically been a neglected domain because it was
considered too theoretical, but now, it can have a huge financial impact.

— Logic programming consists of using logic as a programming language. The
programming language Prolog, as well as others that followed, in particular, constraint
logic programming languages, arose naturally from the notions and methods that are
studied in logic.

— Some logical paradoxes, in particular, the one named Russell’s paradox, are
closely related to the halting problem, i.e. the existence of an algorithm that can
decide whether any program provided as an input will halt or not. The impossibility
of creating such an algorithm is well known.

— Over the past few years, there has been a boom of computer systems that exhibit
an intelligent behavior (such systems are mostly studied in the discipline known
as Al).

The principles that are used to design these systems are closely related to classical
and non-classical logic. The role of logic in social sciences must not be discarded.
Logic is considered as a preferred tool in, e.g. the study of intelligent interactions.



Chapter 2

A Few Thoughts Before the Formalization

2.1. What is logic?

We cannot give a formal answer to this question right away (we will get back to it
though). In order to be understood, the answer would require some hindsight on the
topic about to be studied.!

Try to understand what mathematics is about by only relying on its definition:
mathematics, the science of quantity and space.

To choose an answer would not be very helpful right now, because a lack of criteria
and references to concrete cases make it difficult to judge the pertinence of the answer.

A problem that is closely related to the one under consideration inspired the
following thought to a famous philosopher (D. Hume):

The fact that ideas should logically entail one another is nothing but a
fact, no more understandable by itself than any fact of the material world.

And this one from another less famous philosopher:

A logical formula is the expression of a natural phenomenon, as is
gravitation or the growth of a tree.

1 This remark is valid for any topic about to be studied.
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2.1.1. Logic and paradoxes

Let us return to the history of logic and try to analyze some of the well-known
concepts that are involved.

Logical difficulties arose very early in philosophy, religious “treaties”, and
literature. Here are two examples:

— the liar’s paradox, due to Eubulides of Miletus (see digression 2.2): | am lying;
— the sentence: this sentence is false;

— the version of the liar’s paradox due to Epimenides of Knossos (6th Century
BC): All Cretans are liars.

Are these really paradoxes?
What is a paradox?

Etymologically (15th Century AD): paradox: contrary to common opinion
(doxa: opinion, from which originated heterodox and paradox).

Other definitions characterize paradoxes as argumentations (or assertions) that lead
to a contradiction (logical paradoxes).

Paradoxes are sometimes associated with results (obtained by using correct
reasoning) that are contrary to intuition and common sense, thus provoking surprise
and perplexity.

One may also call a paradox a proposition that seems true (false) and is actually
false (true).

Consider the following story (an excerpt from a masterpiece of universal
literature):

A soldier is given the order to ask every person about to cross a bridge the
following question:

(*) “What have you come here for?”
— If the person tells the truth, he is allowed to cross the bridge.
— If the person is lying, he must be hanged next to the bridge.

Someone arrives, and when asked question (x), shows the gallows next to the
bridge and replies: “l| have come to be hanged in these gallows”.

Imagine how embarrassed the soldier must feel, as he must either allow someone
who lied to cross the bridge, or hang someone who was telling the truth!
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There also exist paradoxes that occur in board games.

The rule Every rule has exceptions gives rise to problems. As it is a rule, it
must admit some exceptions. Which means that there exist rules that do not admit any
exception.

Here is another one:
i) The sentence below is false.
ii) The sentence above is true.
If (i) is T then (ii) is F hence (i) is F'.
If (i) is F then (ii) is T hence (i) is T.
If (ii) is F' then (i) is T hence (ii) is T.
If (i1) is T then (i) is F hence (ii) is F'.

2.1.2. Paradoxes and set theory

Perhaps those paradoxes that had the most impact are those that involve set theory:
probably because of the importance of set theory in mathematics, and particularly in
the foundations of mathematics.

Bolzano introduced (in 1847) the notion of a “set” for the first time:

A set is a collection of elements the order of which is not pertinent, and nothing
essential is changed by only changing this order.

But it is Cantor who developed set theory.
In naive set theory, according to Cantor, a set is:

Any collection of objects from our intuition or our thoughts, that are both defined
and different.

... But allowing the use of any property to define a set can be dangerous:
There exist sets that do not contain themselves. For example:

The set of prime numbers < 150

There are others that contain themselves. For example:

The set of all ideas.
The catalog of all catalogs.
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From a more abstract point of view:
The set of all sets.

It is simple to show that accepting as a set all the sets in the universe (U) leads to
a problem.

If this is a set, it must contain itself. But the set of its subsets P (U) is also a set,
and card(P(U)) > card(U). Thus, there would exist a set containing more sets than
the universe itself!

The set of all the sets that can be described in English by fewer than twenty
words.

Bertrand Russell came up in 1902 with a “set” that leads to a paradox, which is
known as “Russell’s paradox”:

Let B denote the set of all sets A such that A is not an element of A (i.e.
the set of all sets that do not contain themselves).

The existence of B leads to a contradiction:

—If B € B, then B contains a set that contains itself (B), and B must not contain
B (as B only contains those sets that do not contain themselves), hence B ¢ B.

—If B ¢ B, then as B does not contain itself, B must contain B (as B contains all
the sets that do not contain themselves), hence B € B.

Russell’s paradox was popularized as the “barber’s paradox”. A barber must shave
every man who does not shave himself. How about him? Must he shave himself? If
he does, then he is shaving someone who is shaving himself. Thus, he must not shave
himself. If he does not shave himself, then he will not be shaving every man who does
not shave himself. Hence, he must shave himself.

The origin of this problem is the axiom of abstraction (also called the axiom of
naive comprehension): Given a property, there exists a set whose members are exactly
the entities satisfying this property. In other words, for every predicate P, there exists
a set whose elements are all the objects (and no other) that satisfy P:

JaVy(y € z & P(y))

2.1.2.1. The answer

The paradoxes on set theory were believed to be caused by the definition of
incomplete objects as sets. Such objects should not be considered as sets.

When a set S and an object ob are defined in such a way that:
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i) ob is an element of .S

ii) the definition of ob depends on S,

the definition is said to be impredicative (Poincaré). This is the same as what is
commonly called a vicious circle.

To avoid paradoxes, impredicative definitions must be considered as illegitimate.
In set theory, this leads to the distinction between a class and a proper class.
A class: {x | P(z)} (P predicate symbol).

Sets are classes, but not all classes are sets:
{z |z €z} (or{z |z ¢ x})isnotasetbutitis aproper class.
Sets are complete entities.

Classes are incomplete entities.

In set theory, a constructive definition of a hierarchy of sets is provided (as usual,
P(X) represents the set of all the subsets of a set X):

Fo=0
fn+1 = P(fn)
Fo=UFi

It is worth mentioning that impredicative but still important definitions are used
in mathematics, such as the definition of the least upper bound (it is among all the
bounds under consideration), maximum of a function on an interval (the maximum is
among all the considered values), etc.

These kinds of definitions have also proved their value in computer science
(communicating systems and streams).

A set belongs to a family of sets.

The axiom of choice (AC) and the continuum hypothesis (CH) are of great
importance in set theory and in the foundations of mathematics.

We present three versions of the AC:

Version 1:

For every set X of non-empty sets y, there exists a function f with domain X,
such that f(y) € y forall y € X. (It is necessary to use this version only when X is
infinite).
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Version 2:

Let S denote a set of paired disjointed, non-empty sets. There exists a set C'
containing exactly one element in each member of S.

Version 3 (formalization of version 1):

VX3f[f afunction with domain X AVz( z€ X AJu.uez = f(z)€ 2)]

X:set of mon-empty sets

The CH states that between N (the cardinality of N) and X; (the cardinality of R,
also denoted by 2%0)there is no other transfinite cardinal.

The generalized CH states that the sequence of transfinite cardinals is:
No, Ny = 2N0,N2 = 2N1, . ..Nn+1 = 2N", .

The method used to construct this sequence is to consider a set and the set of its
subsets. For Xy (cardN), the method is the one shown in exercise 3.1.

For the others, assume that there exists a bijection f between E and P(E). By
diagonalization (as in exercise 3.1), we can prove that f cannot be onto.

Godel proved (in 1940) that if the ZF (Zermelo—Fraenkel) axiomatization is
consistent (i.e. does not permit us to deduce a formula and its negation), then ZF + AC
and ZF 4+ AC + HC are also consistent. This means that AC and HC cannot be refuted.

Paul Cohen proved (in 1963) that AC and HC are independent from the other
axioms in ZF, which means that AC and HC cannot be proved if ZF is consistent. HC
cannot be proved in ZF 4 AC.

ZF and AC are undecidable in ZF. O

DIGRESSION 2.1.— (sets and the AC in constructivism). For intuitionists or
constructivists, or at least for most of them, a set E is well defined if and only if:

1) we are told how to construct an element of F;
ii) we are told how to prove that two elements in E are equal;

iii) we are given a proof that the equality defined in (ii) is an equivalence relation.

If only item (i) is satisfied, E is called a pre-set (it is possible to define sets, using
pre-sets as a starting point).

A set F is completely presented iff for any of its elements, one can “read” evidence
that it belongs to E (for example, Q is completely presented, as for every 7, it is
possible to verify that m and n have no common factor).
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Constructivists consider the AC as essentially non-constructive; however, they
accept some (constructive) versions that are provable in constructive mathematics
(the name “axiom” was kept out of respect for tradition in classical mathematics).
We provide the version named denumerable choice:

ACy: E C N2 AVm3n(< m,n >€ E) = 3f: N — N | Vm(< m, f(m) >€ E)
(I

2.1.3. Paradoxes in arithmetic and set theory

EXAMPLE 2.1.— (Berry’s paradox). Consider the formalization of arithmetic based
on Peano’s axioms (see example 3.8). O

Let A denote the set of all natural numbers that can be defined in English by a
sentence containing at most a thousand characters (letters or separation symbols). A
is therefore finite, and there must exist natural numbers that do not belong to A. The
sentence:

n is the smallest integer that cannot be defined by an English sentence
containing at most a thousand characters

contains fewer than a thousand characters and defines a natural number n. Hence, n
is a member of 4. However, by definition, n does not belong to .A.

We shall soon return to the notions of theory and meta-theory.

2.1.3.1. The halting problem

The idea underlying Russell’s paradox can be used to prove the undecidability
(insolubility) of the halting problem. This idea can be characterized as the possibility
for an expression designating an object to refer to a whole that the object belongs to.

The problem can be stated as follows:

Halting problem: given a program in a language (with the same expressive
power as the Turing machine)? and some input data3 (or an initial state of its
input tape), decide whether this program (or Turing machine) halts or not.

To prove that this problem can be solved for a certain language, it suffices to
provide a program that solves it.

2 Of course, leaving this language unspecified does not entail any loss of generality in the
statement.

3 This can be any input data.
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program D;
begin
while A(D)
do
X < x %, i.e. do not do anything
end while
return T
end

Figure 2.1. The halting problem is unsolvable

However, to prove that it cannot be solved, it is necessary to use an indirect method
(for example reductio ad absurdum).

It is possible to encode a program as a set of input data (see, e.g. section 5.9).

We therefore assume that we can write a program A, which decides for any
program P whether P halts or not, i.e. A(P) returns true if and only if P halts.

We define the program D of Figure 2.1.
— Program D halts if D does not halt;
— Program D does not halt if D halts.

Contradiction. Hence A cannot exist. O

DIGRESSION 2.2.— (on the importance of paradoxes). Paradoxes can be viewed as
questions about the foundations of our reasonings, of our definitions, of our levels
of language, etc. They have greatly influenced traditional logic, and also modern
logic, set theory, etc. The principles of paradoxes can be used to obtain fundamental
results in mathematical logic (for example Berry’s paradox and the proof of Godel’s
incompleteness theorem, see section 5.9) or in computability (the halting problem).

A typical historical figure that came up with several paradoxes is Eubulides of
Miletus (circa 384-322 BC), who was contemporary with Aristotle, with whom he
was at odds and against whom he produced several writings.

He is believed to be the father of eristic arguments (i.e. related to controversies,
specious reasoning sophisticated quibbling).

It seems like the refutation of these arguments played a central role in the design
of Aristotelian logic.
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He is the one who came up with the liar’s paradox4, and that of the heap of
sand (see example 8.1). The latter poses the problem of the relationship between the
continuum and the discrete.

There also exist paradoxes (that are not necessarily logical paradoxes but do
illustrate the etymology of the word “paradox”) in other scientific domains.

For example:

The paradox known as the Tocqueville effect: revolutions always start when a
totalitarian regime becomes more liberal.

The Einstein—Podolsky—Rosen paradox involving quantum physics.

Bertrand’s paradox: one has to determine the probability that a randomly chosen
chord in a circle is longer than the side of the equilateral triangle that admits the
same circle as a circumcircle. Using the definition of Laplace (probability = number
of favorable cases =+ total number of cases) leads to two different values depending
on the way one chooses to define the favorable cases. And both choices are equally
reasonable. (]

2.1.4. On formalisms and well-known notions
G. Frege (19th to 20th Century) was one of the greatest logicians in history. He
introduced the notions of formal systems, quantifiers, and proofs that are still used

today.

The formalism he proposed was too cumbersome, as evidenced by the following
examples.

4 Legend has it that the poet and philosopher Philitas of Cos was subject to a deteriorating
health as he tried to analyze this paradox.
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Frege’s notation Modern notation
P(x) P(x)
—l_ P(x) = Px)
PX) Q= PX)
QW)
—l—[ P(x) -(Q(y) =-Px)) :Q(y) A P(x)
Q)
— Q(y) =Px) Qy) = P(x)
—\):/— P(x) VxP(x)
T\XJT P(x) AV x=aPx : IxPK)
ITET T & T A
—23 OR L——B AXORB

. i
L "
This formalism was not used very much afterwards (which is not surprising!)?.

We shall often ask ourselves questions about notions that seem natural. To
convince ourselves that important problems are often hidden by our habits, it is
enlightening to ponder, for example, on a word that can often be found in mathematical
statements:

Does there exist|...such that...?

1) According to formalists, existence means consistency, non-contradiction.

2) According to intuitionists®, existence means construction, meaning.

5 One cannot overstate the importance of formalism. For example, McColl proposed P : Q) as
a notation for the implication P implies (). But the symmetry in this notation suggests that P
and @ have the same role. .. it is thus a bad formalism.

6 Some authors prefer to use the term constructivists (and constructivism), which they believe
better mirrors the underlying philosophy. Brouwer, one of the founders of constructivism,
viewed mathematics as the activity of carrying out constructions (a primitive and somewhat
vague concept) in the mind of an ideal mathematician.
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In mathematics that almost everyone uses, it is the first point of view that is more
or less consciously adopted, although this notion may not be as natural as it may seem:

The following example, proposed by Frege, should make us think.

Consider the three following propositions:
— G is an intelligent being;
— G is ubiquitous;

— G is all-knowing,

and suppose that these three propositions as well as all their consequences are non-
contradictory.

Can we conclude that G exists?

EXAMPLE 2.2.— Do there exist irrational numbers a,b such that a® are rational?
Classical response: yes. Classical proof:

Take a = v/2 and b = /2, then:

v2 | rational result proved
V2 V32
irrational take a = /2"~ and b = /2

(in the second case, a® = (\/5\/5)\/5 = (V2)2 =2).

This is not a constructive proof because no one can say which of the two
possibilities proves the conjecture.

Here is a constructive proof

constructive (¢ =+/2 b=21log,5
proof b — \/5210&5 _ glog,5 defilog o

Note that, from a standard intuitionistic point of view, it is permitted to state in a
proof that, for example, 101" 4 Tisa prime number or is not a prime number. This
is because there exists an effective method that allows us to decide which of the two
hypotheses is correct: it suffices to try all potential divisors. O

A (primitive) key concept of intuitionism is that of constructions. This concept
can sometimes shake our beliefs about our understanding of mathematics.
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The notion of construction appears to be inherent to every domain of study, and it
may not be obvious to tell whether a proof is constructive. For example, consider the
way Euclid proved that there exists an infinite number of prime numbers:

Assume that there only exists a finite number of prime numbers, and put these
numbers in increasing order

P1,P25-- -5 Pn

Pr 1s thus the greatest prime number. But in this case, p; X p2 X -+ X p, + lis also a
prime number that is greater than p,,. This is a contradiction, hence there are infinitely
many prime numbers.

This proof method uses the law of excluded middle, but it also provides a way of
constructing an infinity of prime numbers. ..

The following example, which was proposed by Brouwer, one of the founders of
intuitionism, clearly shows the importance this school of thought attaches to what is
known and not just to what is.

EXAMPLE 2.3.— Let o denote the position in the development of m, where the
sequence 0123456789 occurs for the first time, and let n denote the integer defined
as follows:

1+ (—1)%/10% if « exists
n = .
1 otherwise

If « € N and « is even, then:
n=100---01=1+1/10
N—_——
If @« € N and «v is odd, then
n=0.99---99=1-1/10
——

However, we (still) do not know whether « exists or not; we therefore have
construction rules that we do not know how to apply. This definition only produces an
approximation of n. U

To quote the mathematician H. Weyl (another important figure of intuitionism):

To provide an existence proof that is not constructive is like announcing
that there is a treasure hidden somewhere, without saying where it is
exactly.
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For intuitionists, the sentence A V —A is not valid for all assertions A. This does
not mean that A V —A is false, as that would mean that a contradiction could be
deduced from the sentence. Let A denote some mathematical conjecture. As long as
A remains a conjecture, no one can state A, but as one cannot deduce a contradiction
from A either, no one can state = A.

2.1.4.1. Some “well-known” notions that could turn out to be difficult to analyze
a) Definitions and principle of the law of excluded middle

We are used to employing the law of excluded middle when carrying out a proof,
especially for proofs involving reductio ad absurdum.

Yet there are some cases in which this use is problematic, especially from the point
of view of a computer scientist or simply someone who is not content knowing that
an object can be defined (this information by itself may not be that helpful), but also
wants to know how this object can be constructed.

The following example should ring a bell to computer scientists, as it is related to
the halting problem (or the impossibility of enumerating recursive functions).

EXAMPLE 2.4.— Consider a sequence of integers a,,,, where m,n € Z.
Let f denote the following function:

_JO0iuf Vn amn, =0
f(m){lifﬂn/amn;é() -
For a classical mathematician, this function is well defined, as for any given m
(using the law of excluded middle), either a,,,, = 0 for all n, in which case f(m) = 0,
or there exists an n such that a,,,, # 0, in which case f(m) = 1.

But what if we want to actually compute the values of f(m)? Then it is necessary
to examine an infinite number of terms: @yup,, Gmny s Gmng - - -» Which is of course
impossible.

b) The notion of a proof

In classical logic, the meaning of the connectives A, V and = is given by a
combination of the truth values of the sub-formulas that are combined by these
connectives.

In intuitionistic logic, their meaning is a result of what should be considered
as a proof of the formula containing these connectives. Here, a “proof” should be
understood as a proof using correct means, and not necessarily a proof in a given
formal system (see section 3.3 and remark 5.29 ).
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— pproves A A Biff pisapair <r,s >,
r proves A and s proves B.

—pproves AV Biff pis apair < n,r >:
if n = 0 then r proves A; if n = 1 then r proves B, which means that we are given
a proof of A or of B, but we cannot tell which one it is7;

— p proves —A iff p proves A = L
% _L: contradiction (this symbol is sometimes used to denote something undefined
or false);

— p proves _L: impossible;

— p proves A = B iff p is a rule ¢ that transforms every proof s of A into a proof
q(s) of B (together with any additional information that serves to convince that this is
the case)8.

First-order logic is introduced in Chapter 5, but for the sake of homogeneity, we
introduce the rules corresponding to 3 and V.

— A set X is completely presented if for all z € X, one can examine evidence that
z is indeed in X (see digression 2.1).

— pproves 3z € X p(z) iff p is a pair < z, ¢ >, where z is a completely presented
member of X and ¢ is a proof of ¢(x) (in other words, we explain how to obtain x).

— p proves Vz € X o(x) iff p is a rule ¢ such that, for all z € X that is completely
presented, g(x) is a proof of ¢(z) (together with any additional information that
serves to convince that this is the case). ¢(x) denotes a predicate on X, i.e. a rule
that assigns to every element x € X that is completely presented, a well-formed
formula (wff) p(x).

REMARK 2.1.— (on intuitionistic logic). Intuitionistic logic is weaker (it admits less
principles), but its theorems are more general (it requires less conditions). O

c) Implication

Some of the choices that were made in classical logic sometimes lead to seemingly
surprising results.

One such choice is material implication (as usual, T represents true and F
represents false):

7 Strictly speaking, this condition is not necessary if the standard notion of a proof is used, as
the problem “p is a proof of A (respectively a proof of B)” is decidable.

8 Some authors point out that this notion of a proof prevents the use of modus ponens (see
section 3.3.2), when A = B is one of the premises. Indeed, we would otherwise have an
effective method for transforming a proof of A into a proof of B: it would suffice to apply
modus ponens.
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=

T

F  where by definition, p= ¢ : —(p A —q)
T

T

By randomly selecting two propositions p and ¢, the formula:
P=aVie=rp)

is a tautology (i.e. a formula that is always T).

Similarly, p = (¢ = p) is also a tautology.

It becomes obvious that the definition of = is too large.

Another example that may throw a beginner off is that:

(r=aNP=—9)

is not a contradictory formula (it suffices to choose p: F and ¢: F). The reason one
may think it is contradictory is that, in mathematics, when considering a theorem, one
is only interested in the case in which premises are T.

The implication connective = has sometimes been criticized by logic philosophers
as not being the adequate translation of if ..., then ...in natural language.

In natural language, if ..., then...is used to express, €.g.

— causality: if we put a kettle with water in it on top of a fire, then the water within
will be heated;

— implication: if John is smaller than Peter and Peter is smaller than Mark, then
John is smaller than Mark;

— (possible) explanation: if the flowers are on the floor, then someone must have
dropped them.

On the topic of causality, it is important to note that material implication does not
translate this notion adequately, at least for the three following reasons:

1) p = pis a tautology, whereas causal connection is essentially irreflexive (this
means no phenomenon is a cause of itself).

2) A causal relation is essentially asymmetric (non-reversibility), which is not

necessarily the case of =
p = q and ¢ = p could both be true.
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3)p = qis Tif pis F and ¢ is T. If p is the cause and ¢ the effect, material
implication would translate into the absence of a cause implies any effect.

d) Translations in the language of logic
The word “and” is commutative, but is it always used in a commutative way?

EXAMPLE 2.5.—

I'was hungry and I went to the restaurant.
I'was ill and I went to see a doctor. t

DEFINITION 2.1.— A unary predicate represents a property (small, mortal, etc). This
property is the intension of the predicate.

The intension of an n-ary predicate (n > 1) is the relation represented by the
predicate.

DEFINITION 2.2.— The extension of a unary predicate is the class of individuals that
satisfy the property represented by the predicate. The extension of an n-ary predicate
(n > 1) is the set of n-tuples that satisfy the predicate.

REMARK 2.2.—

Usual mathematics puts the emphasis on extensionality.
Predicates with different intensions may admit the same extension. O

We refer the reader to section 10.3 for an application of the concepts of intension
and extension to computer science. The reader may also see examples 3.8 and 9.28.

DEFINITION 2.3.— A language is extensional iff any sentence in this language has the
same truth value when one of its components is replaced by another component with
the same truth value.

A connective is extensional if the truth value of composed propositions only
depends on the truth value of their components.

Only using an extensional approach leads to a loss in the expressive power of the
language.

EXAMPLE 2.6.— (a non-extensional language (R. Carnap)).
1) It is raining F % it is not raining right now

2) It is raining and it is not raining F
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3) It is impossible for there to be rain and no rain. T
—_—
F

According to (2), the proposition in (3) (above the brace) has the truth value F.

Now, if we proceed as we are used to, and replace this proposition with another
that has the same truth value (1), we obtain:

3) It is impossible for there to be rain
This proposition obviously has truth value F.

Thus, the truth value of a composed sentence was changed by a replacement that
does not pose any problem from the extensional point of view. O

2.1.5. Back to the definition of logic

We return to the problem that we mentioned at the beginning of this section
and enumerate some definitions of logic, knowing fully well that, as a great
logician/computer scientist (D. Scott) once said:

(x) You have to know some logic to do some logic.

This is almost the same phenomenon as takes place when learning a natural
language: there seems to be an innate underlying structure that limits the syntactic
possibilities. The relationship between logic and biology was recently expressed by
researchers in cognitive psychology in an article:

(If) logic is indeed the optimal form of biological adaptation. ..

Requirement (x) stated above may seem to be circular, but is a means of getting
rid of an old paradox that has been tackled by philosophers (in particular by Plato)
and that involves knowledge in general: we can neither search for what we know nor
for what we do not know, because there is no need to search for what we already
know, and what we do not know cannot be searched for, as we do not know what to
search for.

This is what a contemporary philosopher calls the “that on which” as a region of
pre-comprehension (prior discussion), as opposed to “what”, which is unknown.

In layman’s terms, one could say that principles cannot be postponed indefinitely,
or that we cannot try to explain everything about a studied topic before studying it
without risking an intellectual paralysis.
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2.1.5.1. Some definitions of logic for all

Actual way of reasoning, in accordance or not with formal logic.

Abstract and schematic reasoning, often opposed to the complexity of the real
world.

Consistent sequence of ideas, way of reasoning correctly, focus.

Reasoning: sequence of propositions related to one another according to
determined principles and leading to a conclusion.

Etymologically:

— logic (13th Century): from the Greek word for “the art of reasoning”;

— reasoning: reason —» to count — computation — ability to compute or
reason.

2.1.5.2. A few more technical definitions

Logic studies what ensues from what.

Logic studies consistent sets of opinions (or hypotheses).
Logic is a science of truths.

Logic is a science of deductions.

Logic is a means to evaluate an argument.

Logic studies the methods and principles that are used to distinguish between
correct and incorrect reasoning.

At this point, an important question (which is mainly investigated by logic
philosophers and psychologists) comes up naturally: why do we reason incorrectly?
or why do we make mistakes when reasoning? This question is closely related to
such epistemic questions as: what does it mean to reason correctly?, is the process
of reasoning related to constraints from the physical world or to innate human
characteristics (or to both)?, are the laws of logic revisable?, etc.

It has been noticed that most of the time, the mistakes humans make while
reasoning are not logical mistakes, but those that result from a failure to use some

9 An argument can be defined as a set of propositions, one of which is the conclusion while the
others are premises.
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of the premises, or their usage with a different meaning from the one they have in the
problem statement, where the immediate perception overshadows the actual relation
(i.e. the one that is of interest) between the objects under consideration.

A conceptual and technical remark. The notion of consequence has been widely
studied from a formal point of view, contrary to that of non-consequence, which is as
important!0 (see section 8.3.1).

This notion is essential, e.g. for the identification of fallacious reasonings (some
authors call these reasonings fallacies).

The area of study of formal logic is the analysis of sentences and proofs (the
meaning of these words shall be made more precise later on, but their intuitive
meaning is sufficient for the time being) by considering their form and by abstracting
away their content.

We say formal logic (or mathematics) in contrast with philosophical logic (see
section 2.2).

— Logic deals with all possibilities and views all possibilities as facts.

— The logic of certainty defines the domain of what is possible.

— A logic shall be designed to capture all patterns of reasoning that are meant to
be characterized (this approach is necessarily an informal one).

A logic is a collection of mathematical structures, a collection of formal
expressions and a satisfactory relation between these two collections.

Something particularly interesting to a computer scientist is the fact that in the past
few years, a point of view on logic has steadily been imposing itself:

— modern logic is the foundational discipline for information science and it must
be studied from the point of views of information, information processing, and
information communication. It includes the study of inference, of computability, etc.
Its different aspects are of a particular interest to mathematics, computer science and
philosophy, and it is inherent to most of the subjects studied in Al

This school of thought considers:

— inference as an activity that tries to use facts from the physical world to extract
implicit information.

10 As Sherlock Holmes would say: “When you have eliminated what is impossible, what
remains must be the truth, no matter how improbable”.
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In the tree-like classification of the Mathematical Review, “logic and foundations”
is at the same level as “set theory” and “number theory”.

Set theory is precisely one of the fundamental themes, and it is what one could call
an “empirical” fact that all known mathematics can be based on it (for example with
the so-called ZFC formalization, i.e. Zermelo-Fraenkel 4+ axiom of choice).

Formal logic is necessary (at least) to rigorously state the axioms and to define the
notion of proof.

On the topic of deductive reasoning, it is a common remark that one of the
characteristics of practical or human reasoning is that the agent freely uses all available
knowledge, whereas formal reasoning studies the (reliable) methods that verify that
the conclusions are consequences of the premises (“logic is the study of what ensues
from what”). Most logicians (as well as philosophers and cognitive psychologists)
took an interest in the relationships between both ways of reasoning. It suffices to
recall that Gentzen designed his natural deduction system so as “to set up a formal
system that came as close as possible to actual reasoning”.

The fact that classical logic came short of modeling many characteristics of
human reasoning, such as deficiencies of material implication, non-monotony, limited
resources, failure to take time into account, etc., led from a theoretical and practical
point of view to many very important developments, among which is non-classical
logics.

One should finally notice that logic, as is the case for all other topics in science,
changes with time in its fundamental principles, which can be interpreted differently
as time passes by, in its methods, notations, topics of interest, etc.

DIGRESSION 2.3.— (formal definition of logic). We have given a few informal
definitions of logic. They were enough to introduce the topic, but the reader who
requires rigorous definitions may already be wondering: “but what is the formal
definition of logic (abstract, i.e. independent from the way deductions are carried
out)?”, and once more is known on the matter, the same reader will probably wonder
“why are there so many logics?” O

There is no formal answer to the second question, but a hopefully satisfactory
answer might be that a given logic can be chosen because it is better adapted than
another one, for example because it has more expressive power (it allows us to express
more things), or because it allows us to say things more naturally, or because it is
decidable, or easier to automate, etc.

We have answered the first question. The unifying notions are those of
consequence relation or satisfaction (or satisfiability).
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Here we introduce the notion of consequence relation. Returning to this definition
after having worked on different logics will probably make it easier to grasp.

Algebraic methods play an important role in the definition of logic from an abstract
point of view (they had already played an important role in the pioneering work of
G. Boole).

DEFINITION 2.4.— (consequence relation (Tarski)). Let L denote a formal language.
Cn CP(L) x P(L) is a consequence relation or operation iff it satisfies the following
conditions for all X C L:

(T1) X CC,(X)
T2) thCYthenC (X) CC,(Y)

(
(T3) Ca(Ca(X)) € Ca(X)
(PF) Co(X) = U{Cu(Y) | Y C X; Yfinite}

REMARK 2.3.—

— Intuitively, C,, maps a set of words from language L to the set (i.e. the union) of
their consequences.

— (T'2) must be discarded to capture so-called non-monotonic logics. O

The notion of a consequence relation is the same as what is called closure
operation in algebra.

DEFINITION 2.5.— (closure operation). Given a set E, an operation C: P(E) —
P(E) is a closure operation iff for all X, Y C E:

Co: C2(X) = C(X)
Cs:if X CY then C(X) C C(Y)

X C Fisclosed iff C(X) = X.

G. Gentzen (1909-1945) introduced a notion similar to that of Tarski with the
following notation (see definition 3.11):

P, Ps...,PypFC,Co,...,Cy

with the following informal meaning: the conjunction of the P;’s (1 < i < m) admits
the disjunction of the C;’s (1 < j < n) as a consequence.

More generally, we may write:

At B, where A, B are sets of words on a formal language.
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DEFINITION 2.6.— (consequence relation (Scott)). Given a formal language L, a
relation =C P (L) x P(L) is a consequence relation in L1 iff it satisfies the following
conditions:

A BelL.

A B A, B, CCL

A B: AUB

A, B: AU{B}

(R) AF Aif A+ 0 (reflexivity)

(M) if A+ Bthen A, A" + B, B’ (monotonicity)

(T ifAF B,Cand A, B \- C then At C (transitivity)

Thanks to properties (R), (M) and (T'), - can be viewed as a generalization of a
partial order (see definition 3.23).

It is fairly simple to show that a consequence relation a la Scott is a consequence
relation a la Tarski, and conversely.

It is also fairly simple to prove that these relations coincide with the semantical
notion of a logical consequence in definition 3.8.

We may now return to the question at the beginning of this digression and provide
an answer.

What is an abstract logic?
Answer: a couple LA = (L,Fr),
where

L is a formal language

Fr is a consequence relation.

The calculi that we shall study (semantic tableaux, resolution, etc.) are different
implementations of a consequence relation.

REMARK 2.4.— Two oddities are worth mentioning: the existence of a journal named
Informal logic, which deals with the study of fallacies and argumentations, and the
fact that an author introduced (in 1957) the concept of infra-logic (which is closely
related to fuzzy logic). d

11 Scott actually named the relation an entailment relation.
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Logic allows us to analyze the relationships between objects, events, etc. without
carrying out any experiment.

EXAMPLE 2.7.— (What is of interest is the form)
1) All humans have a spinal cord.

2) All living beings that have a spinal cord are capable of acquiring conditioned
reflexes.

3) Therefore, all humans are capable of acquiring conditioned reflexes.

has the same form as:
1) All pigs have four legs.
2) All living beings with four legs have wings.
3) Therefore, all pigs have wings.

Both reasonings are correct, although in the second one, one of the premises and
the conclusion are unrealistic.

(1) and (2) are the premises of the reasoning and (3) is the conclusion. O
EXAMPLE 2.8.— (...but one should be cautious)

1) I saw the portrait of Alexander Fleming.

2) Alexander Fleming discovered penicillin.

3) Therefore, I saw the portrait of the discoverer of penicillin.

has the same form as:
1) I saw someone’s portrait.
2) Someone discovered the wheel.

3) Therefore, I saw the portrait of the discoverer of the wheel.

The first is a correct reasoning, whereas the second is not. O
EXAMPLE 2.9.— (All the premises must be specified!2).

1) I did not pay my estate tax in time.

2) Therefore, I will have to pay a fine.

From a logical point of view, the conclusion is erroneous, as there is no premise
stating that those who do not pay their estate tax in time have to pay a fine (for

12 Some logics, especially some used in Al and called default logics do not have this
requirement.
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example, maybe if this is the first time I am late, I will only receive a warning from
the tax collector, etc.). U

REMARK 2.5.— The usage of premises that are not explicit, which is due to bias or
habits, and do not hold in the context of the discourse are a frequent (and unconscious)
cause of fallacious argumentations. O

We now consider a fundamental distinction.

2.1.5.3. Theory and meta-theory (language and meta-language)

We shall prove a precise definition of a formal theory in section 3.3, but we
have already stated the basic idea here: a formal (or formalized) theory is a set of
sequences of symbols (unless stated otherwise, we shall only consider finite sequences
of symbols), called well-formed formulas (wffs) and some simple operations that can
be applied to these sequences.

It is important to make the distinction between:
— what belongs to the formal theory;

— what concerns the formal theory, considered as a closed deductive system.

In other words, it is important to distinguish between:
— the object language (logic): theory;

— the observer’s language (logic): meta-theory.

EXAMPLE 2.10.— In set theory
AJANB)=Aand
ANAUB=A

are theorems in the theory, whereas the
duality principle: “replacing every | J (respectively () by a [ (respectively | J)

in a theorem of set theory yields another theorem in set theory” is a theorem in the
meta-theory, or a meta-theorem. O

Confusing a theory and a meta-theory can have unfortunate consequences.

2.1.6. A few thoughts about logic and computer science

Before proceeding with the study of logic, using an approach that suggests the
importance of logic by itself, and with the goal of showing that historically logic did
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not always have proponents!3, we mention two thoughts about logic and refute one of
them (in our opinion, the other one is simply a witticism made by a genius).

At a time when paradoxes were becoming increasingly popular, the great
mathematician Henri Poincaré€ said:

Logic is no longer sterile, it generates contradiction!14
(It suffices to mention Godel’s incompleteness theorem to fend off such attacks).

More recently, in a book written by two internationally renowned mathematicians
(P. Halmos and S. Givant), we can read:

...the study of logic does not help anyone to think, neither in the sense
that it provides a source of new thoughts nor in the sense that it enables
one to avoid errors in combining old thoughts. Among the reasons for
studying logic are these: (i) it is interesting in its own right, (ii) it
clarifies and catalogues the methodology of mathematics, (iii) it has
mathematical applications (for instance, in algebra, analysis, geometry,
and set theory), and (iv) it is itself a rich application of some of the ideas
of abstract algebra.

Of course, we agree with the four reasons given to study logic.

As far as the first sentence is concerned, we could also say (for example):
linguistics never taught anyone how to speak.

From a more technical point of view, we can say that this vision is too restricted,
in particular, it forgets that logic is a foundation for machines that help in thought
operations (and therefore, that help to think). As a great French mathematician
(A. Connes, recipient of the Fields medal) once said:

The verification process is extremely painful, because we are afraid we
may have made a mistake. It is actually the most nerve-racking phase,
because we cannot tell whether our intuition is correct... just as for
dreams, intuition is easily mistaken. I remember having spent an entire
month verifying a result: I would obsessively review every single detail
of the proof, although this task could actually be entrusted to a computer
which would verify the logic of the reasoning.

13 During the 4th Century, the Chinese thought that discursive reasoning was not a reliable way
of grasping reality. In support of this statement, they cited the fallacious reasonings made by
sophists, which led to conclusions that were obviously false.

14 Actually, he used the term “logicism” (which is one of the schools of thought in the
philosophy of mathematics, to which is opposed, e.g. intuitionism).
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A convincing example of the utility of logic (especially when it is handled by
computer programs) is the proof of an old conjecture by Kepler (on sphere packing).
The proof of this conjecture was produced in 1998, thanks to human and computer
means, it was 250 pages long.

Those specialists who analyzed this proof concluded that it was correct. .. with a
degree of certainty of 99%! A project (expected to last several years) meant to produce
(using a computer) a formal proof of Kepler’s conjecture was initiated in 2003.

Of course, logic does not claim (at least in principle) to capture all the operations
of the mind (using images, discovery of regularities, causality, different kinds of
analogies!3, etc.).

2.2. Some historic landmarks

We cite some authors, among the most important, who contributed to the
construction of Western logic (and thus of mathematical logic): Aristotle, Euclid,
Leibniz, Boole, De Morgan, Frege, Whitehead, Russell, Tarski, and Godel.

There is no written evidence of a theoretical presentation of logic before Aristotle.
Before him (e.g. in Plato’s dialogs), there were argumentations, but we are not
concerned with the way to carry out a debate.

The works of Aristotle on logic reached us within a collection of texts called
Organon, which means “instrument” (Aristotle considered logic as a preparatory
discipline).

He introduced syllogisms.

This term, which has been used in everyday language for a long time, globally
identifies every rigorous reasoning that does not use any implicit proposition.

He proposed categorical syllogisms, which are forms of reasoning that exclusively
rely on categorical propositions (see section 2.2).

Aristotle considered four kinds of propositions (that were named categorical):
universal affirmative propositions, universal negative propositions, particular
affirmative propositions and particular negative propositions. The scholastics named
them A, E, I and O, respectively (from Latin: Afflrmo et nEgO):

15 It is worth mentioning that dogmatics (a school of medicine during the 2nd Century) used
analogical inference, and that a theory of analogy was explored by scholastic logic (between
the 12th and 15th Centuries).
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A:EveryPisaQ
E:NoPisaQ

I: Some P are Q

O: Some P are not Q

DEFINITION 2.7.— Two propositions are:

— contradictories iff they cannot be both true or both false;

— contraries iff they can both be false, but they cannot both be true;

— subcontraries iff they can both be true, but they cannot both be false;

— subalterns: a proposition Q is subaltern of a proposition P iff Q is necessarily
true every time P is true and P is necessarily false every time Q) is false.

We assume that there exist objects that satisfy property P.

For categorical propositions, this leads to the diagram known as the square of
opposition, which establishes relations between any two categorical propositions:

A:everyPisaQ contraries

subaltern contradictories

I: some P are Q subcontraries

E:noPisaQ

subaltern

O:some P are not Q

The theory of syllogisms (syllogistic theory) is (generally considered as) Aristotle’s
most important contribution to logic. Aristotle’s syllogistic theory was one of the

pillars of logic for twenty centuries.

DEFINITION 2.8.— (syllogism) A categorical syllogism is an argumentation
containing only propositions A, E, I, and O, with two premises and one conclusion,

and containing three terms that each appear once (and only once) in exactly two

propositions!.

16 It is common to use enthymemes, which are abbreviated syllogisms with only one premise
(the other one being implicit) and a conclusion. For example (when speaking about someone),

“he is moving, therefore he is alive”.
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EXAMPLE 2.11.—
If all birds are animals
and all sparrows are birds,

then all sparrows are animals.

Animals is the major term, birds is the middle term, and sparrows is the minor
term. O

REMARK 2.6.— The main problem in syllogistic theory was to distinguish between
correct syllogisms (reasonings) and incorrect ones.

Aristotle classified reasonings into 256 possible syllogisms, 24 of which were
correct. O

The number 256 is simply obtained by enumerating all possibilities (Maj, Mid,
Min, respectively, denote the major, middle and minor terms in a syllogism):

Premise 1 Premise 2

(Maj-Mid) (Min-Mid)
(Mid-Maj) (Min-Mid)
(Maj-Mid) (Mid-Min)
(Mid-Maj) (Mid-Min)

i.e. four possibilities.

For each of these possibilities, there are 16 possible combinations of the two
premises: AA, AE, Al, AO, EA, EE, EI EO, IA, IE, II, 10, OA, OE, OI, and OO.

There are also four possible conclusions (that correspond with the four categorical
propositions). There are therefore 4 x 16 x 4 = 256 possible syllogisms.

REMARK 2.7.— During the 18th Century, the philosophies of Descartes, Locke,
Hobbes, etc. led to the development of conceptions that were contrary to Aristotle’s
philosophy, and to a loss of interest in syllogisms.

Leibniz rehabilitated Aristotelian syllogisms.

Syllogistic theory is still used nowadays (with a mathematical formalism). We
have the following translations (see Chapter 5 and remark 5.27):

(A) Every Pisa Q:Vx(P(x) = Q(x))

(E)No Pisa Q:Vr(P(z) = -Q(x))

(I) Some P are Q: Jx(P(x) A Q(z))

(0) Some P are not Q: x(P(x) A —Q(x)) O
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Below are some classical examples:

EXAMPLE 2.12.—
All mammals are animals
All men are mammals
All men are animals

this corresponds to what is known as Barbara’s syllogism:

EveryBisaC
Every AisaB
Every AisaC

another syllogism:

Every AisaB
Some A are C O
Some C are B

Some reasonings, although considered as correct, cannot be identified so using
Aristotle’s syllogistic. For example:

AVB
- A
B

or:

EverypisQorR
Every p thatis not Q is R

A clue of the influence of Aristotelian syllogisms through time is the fact that in
the 19th Century, machines that could automate these syllogisms were constructed.

Along with the notion of a syllogism, Aristotle!7 defined the notion of a variable
(see digression 3.3), and he formulated two laws:

— contradiction law: two contradictory statements cannot both be (simultaneously)
true. This contradiction principle is the fundamental principle of thought according
to Aristotle. He considers it the most unquestionable principle. It is the principle of
being itself (Nobody could ever think that one same thing could be and not be), the
most certain principle, and it is of course impossible to prove;

17 Some authors credit the law of excluded middle to Zeno of Elea.
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— law of excluded middle: if two statements are contradictory, then one of them
must be true (there cannot be a third possibility)18.

The contradiction principle does not answer the question whether it is possible to
know if a middle term between the assertion and the negation is possible. The law of
excluded middle rejects this possibility!9.

One may wonder what is the relationship between these two principles. According
to Aristotle, the negation of the contradiction principle entails the negation of the law
of excluded middle. But this does not mean that the law of excluded middle can be
deduced from the contradiction principle. These are independent principles.

In logic, as in other domains in science, seemingly obvious principles become
much less so when they are analyzed in detail. Consider the following proposition:

The Greek Aristarchus of Samos hypothesized in 250 BC that the Earth
revolved around the Sun.

Intrinsically, (from an ontological point of view), this proposition admits either the
value T or F, and can take no other value.

But what if we consider it from the point of view of what we know (epistemic
point of view)? Most people would probably say they do not know whether it is T
or F, and would rather assign it a third value: indeterminate (often denoted by L).
The method used to try to assign a truth value to such a proposition is fundamentally
different from the one used to assign a truth value to propositions such as:

230402457 _ 1 js @ prime number.
or

7427466391 is the first prime number made of ten consecutive digits from
the decimals of e.

Around 453-222 BC, a sect of Chinese preacher—monks, called Mobhists (disciples
of Mozi) came up with parts of a logic that was quickly forgotten.

As we have already mentioned, logic was influenced by Aristotle for a very long
time. In the 17th Century, Kant stated that logic had not made a single step forward,

18 We have already seen that for constructivists, this law cannot be applied to just any assertion.
19 We shall return to these two laws when we shall present logics other than classical logic
(multi-valued logic, fuzzy logic).
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and that it was finished and perfect. He also attacked formalization attempts, as he
believed it was impossible to replace speculation by symbol manipulation.

Something similar took place for Euclidean geometry. Euclid was the first to
propose what we now call, after a few modifications, an axiomatization. It was
an axiomatization for elementary geometry. Until the discovery of non-Euclidean
geometries (19th Century), this axiomatization was considered to be a completed
model of the real world, and the only axiomatization to be coherent (or consistent).

Leibniz (17th to 18th Century) believed that logic could be transformed into a
calculus (with all the advantages of working with symbols) that could be applied to all
human activities.

Leibniz worked before Frege on the notion of a formal system.

Leibniz’s project was (at least partially) fulfilled by G. Boole (19th Century). One
of his publications was a cornerstone of the separation of logic and philosophy. Boole
discovered fallacies in philosophy books by using algebra.

De Morgan (19th Century) showed that it was impossible for all argumentations to
be reduced to argumentations that exclusively relied on categorical statements.

Frege (19th to 20th Century) was inspired by Leibniz’s ideas, as the latter had
developed a language for “pure thought”. He introduced formal systems (in their
current form) and the theory of quantification. The symbolism he used was too
cumbersome and was discarded later (we saw an example of his formalism in
section 2.1).

Whitehead and Russell (19th to 20th Century) are the authors of the monumental
Principia Mathematica and Russell is the author of the famous paradox that bears his
name and that evidenced how dangerous it could be to allow a set to be defined by just
any property (existence of contradictions in naive set theory, see section 2.1.2).






Chapter 3

Propositional Logic

The first logic we shall study is propositional logic (PL or PC), and although this
logic has a limited expressive power, its wide variety of applications along with its
role in the foundations of automation of first-order logic makes it an essential topic
to study.

DEFINITION 3.1.— (proposition 1). A statement or an expression (i.e. a syntactically
correct sequence of characters) that expresses a relation between several objects
(terms) is a proposition.

For most of the material in this course, the following definition will be sufficient.

DEFINITION 3.2.— (proposition 2). A proposition is a Statement or expression to
which one (and only one) true value can be assigned.

REMARK 3.1.— Later on (see section 10.1), we shall see other possible values that
can be assigned to a proposition. U
EXAMPLE 3.1.— (declarative and imperative sentences).

“The factorial of 0 is 17 is a proposition.

“The factorial of 1 is 1” is a proposition.

“The factorial of n(n > 1) is n — 1 times the factorial of n — 2” is a proposition.

“Go to label LAB” is not a proposition.

“Store value 3 at the index labelled by 2” is not a proposition. (]

We shall use two approaches to study PL (one semantical and the other syntactic).
In both cases, we need a language.
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3.1. Syntax and semantics

The key notion in the semantical approach is that of interpretation. In the
syntactical approach (see section 3.3), it will be that of symbolic manipulation (which
implies: independent of all meaning).

The language is the one defined by the syntax of PC (PL).

DEFINITION 3.3.— The only accepted formulas are the ones with a syntax compliant
with the rules given below. They are called well-formed formulas, or simply wifs.

Let 11 denote a denumerably infinite set of basic formulas (or atomic formulas,
or elementary formulas, or propositional symbols) that shall be noted, for example,
P, Py,...,orP1, P2,...,0rP, Q, R,....

The set of propositional formulas (denoted by L) is the smallest set containing
the elements in 11, which is closed for the rule:

If A and B are propositional formulas, then:
A, ANB, AV B, A= B, and A < B are also propositional formulas.

=, A, V, =, and < are called logical connectives or simply connectives.

The hierarchy (or priority) of connectives is, in decreasing order (which means
that negation is the first to be applied):

- negation

A conjunction
V  disjunction
= implication
& equivalence

For one same operator: from left to right.
For example:
AV -B < Cisthesameas (A V (-B)) < (C)

REMARK 3.2.— (the set of wffs of PL is denumerably infinite). The set of wffs of PL
is denumerably infinite: there are many basic symbols denumerably infinite and it is
possible to come up with a procedure that enumerates wifs.

Every infinite set of wffs of PL will be a subset of a denumerably infinite set, and
will therefore also be denumerably infinite. U
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DEFINITION 3.4.— (semantics of PL (of PC)). An n-ary truth function is a function:

{T,F}" — {T,F} n>1

Among the 2(2%) possible binary truth functions, the following set of connectives is
usually used: {—, A, V, =, <}. Itissufficient to express all possible binary functions
(see exercise 3.2).

DEFINITION 3.5.— Let 1I denote the set of basic formulas in the language. An
interpretation 1 is a function:

I: 11— {T,F}

Practically speaking, we shall generally be interested in finite sets of formulas, and
it will suffice to consider 11 restricted to the basic formulas occurring in the formulas
under consideration (see definition 3.8).

EXERCISE 3.1.— How many interpretations are there for PL:
1) A finite number?
2) A denumerably infinite number?

3) An uncountably infinite number? (]

DEFINITION 3.6.— (interpretation of non-elementary wffs: truth tables). We define I,
the extension of I to the set of propositional formulas, as follows:

1) 1= I(A) if A is an atomic formula
Fif [ (A)=T
Tif [ (A)=F

3)}(14/\3):{ Tif [ (A)=1(B)=T
F otherwise

2)1(-A) =

4)}(AvB):{Tlff(A)=T or 1 (B)=T or both

F otherwise

)T (A=B) =TI T(A)=F or [(B)=T
F otherwise

6)1(A<:>B){Tif}(f4)=f(3)

F otherwise
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I (A), which shall also be noted as £(A, I), is similar to the well-known truth
tables

PQ-PPANQPVQP=QP&Q

TTF T T T T
TF F F T F F
FT|T F T T F
FF T F F T T

REMARK 3.3.— Compare these with the inference rules of semantic tableaux (see
section 3.2). O

REMARK 3.4.— (history of truth tables). The introduction of truth tables in modern
logic is attributed to C.S. Peirce, who borrowed them from Stoicians (4th Century
BC), and they have also been attributed to L. Wittgenstein.

We know that they were also known by the Megarians (school of philosophy
founded by Euclid of Megara, 5th to 4th Century BC), and, in particular, we know that
Philo of Megara proposed truth functions. This school, to which Eubulides belonged
(see example 8.1), was interested in “everyday” argument and in paradoxes.

Truth tables were a means to decide the truth value of any wif. (]

The translation of sentences from everyday language to the language of PC comes
with its share of problems, and we must be cautious and take into account, for
example, the habits of a given language.

EXAMPLE 3.2.—
a) If it rains, then I will go to the movies.

b) This afternoon, at 2 pm, I will go to the movies or to play soccer.

If we wished to translate the (most probable) semantics of (a), we would use a <
(but not a =) because according to habits, what we mean is “if it rains, then I will go
to the movies, and if it does not rain, then I will not go to the movies”.

(b) Should of course be translated using and exclusive or.
If A then B can be translated by (A = B) A (A = —B).
When we say “some P are (Q” we also mean “some P are not .

In logic (as in mathematics), we assume that premises are interpreted in a minimal
way, that is, if P then @ is translated by P = (@); there exists = such that, we assume
there exists such an z, etc. (]
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Just as in the case of a function, we can define the extension and the restriction of
an interpretation.
3.1.1. Language and meta-language

E A : Ais valid, that is, every interpretation of .4 is a model of A (one such
example is A: AV —A).

A | B: every model of A is also a model of B
(one such exampleis A: Aand B: A V awitha: \/! | B)).

REMARK 3.5.— Note the difference between = and |=. = is a symbol of the
language, whereas |= is a symbol of the meta-language. O

The notation =7 F' means “interpretation Z is a model of F™".

The notation F' =7 G, or equivalently (see exercise 3.14) Ez F = G, means
“interpretation Z is a model of F' and G”

Although it is trivial, the following meta-theorem is very important.
META-THEOREM 3.1.— Hy A Ha A ... AN Hy, = Ciff

Hy ANHs A ... N H, N =C is unsatisfiable (or contradictory, i.e. impossible to
evaluate to 'T).

Since the origin of logic, the interest of considering sets of truth values other than
{T, F} has been widely acknowledged.

Among others, linguists propose examples of propositions such as:
The current king of France is bald.

The current king of France is not bald.

Michael (who has always been a vegan) stopped eating meat.

Michael (who has always been a vegan) did not stop eating meat.

that are neither T nor F'.

Although we shall not mention logics with more than two truth values before
Chapter 10, we show an example of a truth table for a logic with three truth values,
the value | denoting an indeterminate value.
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EXAMPLE 3.3.— (truth tables with partial information (Kleene)).

PQ-PPAQPVQP=QP&Q

TT F T T T v
T F F T F F
T L L T L L
FT T F T T F
F F F F T \Y%
F L F 1 T 1
1T L L T T L
1 F F 1 1 1
N L L L L

O

DEFINITION 3.7.— A set of connective is adequate iff it permits to express all truth
functions.

EXERCISE 3.2.— Prove that the sets of connectives below are adequate. More
precisely, design an algorithm that takes an arbitrary truth table as an input (graph
of a truth function), and as an output produces the same function, defined using a wff
constructed with (exactly) the same propositional variables and (exclusively) the given
set of connectives.

a) {—, A, V}

b) {—=, A}

c) {—, V}

d (-, =)

e) { | } % see the definition below
f) { | } % see the definition below

PQIPIQP | Q
TT| F F
FT| T F
TF| T F
FF T T

O

EXERCISE 3.3.— A wff of PL is positive if it contains only propositional symbols and
the connectives A and V.

Consider an n-ary truth function f: { T ,F}" - {T,F }
such that:

f(F,F,....,F)=F %, that is if all its arguments are F then its value is F;
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f(T,T,...,T)=T %, that is if all its arguments are T then its value is T.
f is the truth table of a positive wif of PL.

Do you believe:
a) the assertion above is true?

b) the assertion above is false? O

EXERCISE 3.4.— Give the truth tables of the following wffs:

a) PAN(P=Q)=Q

b) (P = Q)N (-Q = —P)
¢)"AAN(AVB)=B
d)A= AVBEB

e) (P=Q)N—-Q = —-P

O

EXERCISE 3.5.— Answer questions (a) and (b) given below without entirely
constructing the truth tables and without applying any transformation to the formula.
This exercise is an introduction to a method that will be studied in section 3.2.

a) Is the following wff always T? Always F?
(P=QA(P=-R)ANR=P)ANP=Q))=(S=(RVT))
b) Can the following wff be evaluated to F'?

(A=B)=(C=-D)=C)=E)=(E=A4) = D=A4) QO

The following definitions (that were regrouped for the sake of simplicity) introduce
some fundamental notions:

DEFINITION 3.8.— (important concepts and terminology). (The definitions of
interpretations and evaluations have already been presented, but they are repeated
here so that they can be regrouped with other definitions).

— A wff F is in negative normal form (nnf) iff the negation symbols that occur in F'
are exclusively applied to atomic formulas.

— A wff is in conjunctive normal form (cnf) or in clausal form iff it is of the form:

n
CiyNCyN...NCy, (1<i<mn), wenote/\Ci
i=1
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where each C; is called a conjunct (or a clause)! and is of the form:

mg
A1 VA V... VA, we note \/Aj

Jj=1

where A; # A; fori # j (clauses are also defined as sets of literals).
The length of a clause is the number of literals it contains.
A clause of length 1 (i.e. m; = 1) is called a unit clause.
The cnf is associated with the set of clauses {C1,Ca,...,Cp}.

— The wiff is in disjunctive normal form (dnf) iff it is of the shape:

D{VDyV...VD, (1 <i<n), wenote\/Di

i=1
where each D;, is called a disjunct and is of the form:
mi
A1 NAs N ..o N Ay, disjunctive normal form  we note /\ Aj.
j=1

For homogeneity reasons, we shall allow conjunctions (disjunctions) of empty
sets. In this case, the conjunction (disjunction) will not add any symbol to the syntax
of the wif it occurs in.

— In both cases, A; is a propositional atom (i.e. a basic propositional symbol) or
the negation of a propositional atom, and will be called a literal.

—If L (respectively, —L) is a literal, then —L (respectively, L) is called the
complementary literal of L (respectively, —L). It is denoted by L°.

L is a positive literal and —L a negative literal.

We will also talk of the sign of a literal (respectively, positive and negative).

— If all literals in a clause are positive (respectively, negative), then the clause is
positive (respectively, negative).

— A wff G is the cnf (respectively, dnf) of a wif F iff G and F' are equivalent (i.e.
F < G is a tautology, see below), and G is in cnf (respectively, dnf).

— An interpretation I of a language (a wff A) is an application:
I:1T— {T,F}

where 11 is the set of propositional symbols (basic formulas, atomic formulas, and
elementary formulas) of the language (of A). If the domain of the interpretation is
restricted to a proper subset of 11, then I is a partial interpretation

In particular,

1 The term clause is also used in the simplification of truth functions and test of their validity,
to designate the disjuncts of a dnf, that is, the conjunction of literals (see remark 3.36).
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— The interpretation of a formula F (respectively, of a set of formulas S) is the
restriction of the language that F (respectively, S) belongs to the set of propositional
symbols of F (respectively, S). This set will generally be denoted by Propset(F)
(respectively, Propset(S)).

— A partial interpretation of a formula F is the restriction of the interpretation of
the language that F belongs to a set D in which D ¢ Propset(F).

— An evaluation € of a wif A for an interpretation I is the truth value of A forl It
is denoted by E( A, I) and sometimes by I(A).

— A model of a wif A (a set of wffs S) is an interpretation I of A (of S) such that
E(A D) =T (E(A I) =T forall A € S). We say that I satisfies A (S).

— A counter model (counter example) of a wff A is an interpretation I of A (of S)
such that E(A, I) = F (E(A, I) = F for at least one A € S). We say that I falsifies
A(S).

— A wff is satisfiable or consistent or coherent iff it admits (at least) one model.

— A wif A is unsatisfiable or contradictory iff it admits no models, that is, for all I:
E(A D =F.

— A wff A is valid or tautological iff for all I: £(A, I) = T.
We note = A.

— A wff B is a logical consequence of a wff A, denoted by A |= B, iff every model
of A'is a model of B.

These definitions naturally extend to sets of wffs.
We can therefore write { Py, Py, ..., P,} = C or, as is more common,
P, P,...,P, EC.
EXERCISE 3.6.— For F, GG in Ly, we define the binary relation <: F' < Giff F = G.

Is < an order relation? (Also see definition 3.26) O

How can interpretations be specified? The following example shows three
common ways to do so.

EXAMPLE 3.4.— Consider the following formula:
A [((AANB)VC)= (CAN-D)| < E
(1), (2), and (3) given below are three different notations that specify the same

interpretation?,

2 Strictly speaking, we should make the value of 7 on II\{ A, B, C, D, E, F'} explicit or clarify
that it is an interpretation of the formula A.
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DI={<AF><BF><CT><DF><ET>}
2)I ={-A,-B,C,~D,FE}
3) I = {C, E} (here, only those propositions that evaluate to T are mentioned)

I(A) =EA D) =T

For notations (1) and (2):

1) If < P, T > (respectively, < PF >) € [ then < P,F > (respectively,
<P T>¢&I

2) If P (respectively, =P) € I then —P (respectively, P) & I

(Iis an application). Of course, this remark is not necessary for notation 3. (I

EXERCISE 3.7.— Verify that the following formulas (paradoxes of material
implication) are tautologies:

a)P= (Q=P)
b) =P = (P=Q)

Do they have a translation in everyday language? (]

REMARK 3.6.— The following tautologies are often used in mathematics, in the
statement of theorems:

A= (B=C)< (ANB=C)
A= (B=(C=D))< (ANBANC=D) O

EXERCISE 3.8.—
— Is the following reasoning (or argument) correct?

— How can a correct reasoning be characterized? In other words, what relationship
must hold between the premises and the conclusion for the reasoning to be correct?

— Using your definition of a correct reasoning, can you verify that the syllogisms
of example 2.12 are correct reasonings?

If life has a meaning, but necessarily ends by death, then life is sad.
If life goes on after death, but does not have a meaning, then life is a cosmic joke.
If life had a meaning and went on after death, then angst would not exist.

If life is not a cosmic joke, then it is not sad.
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Angst exists.
If life is sad or if it is a cosmic joke, then it is not beautiful.

Therefore life is ugly. (]

REMARK 3.7.— Perhaps here is the best place to recall the following quote from
Wittgenstein: “Logic is a vast tautology that does not state anything about the world,
it simply expresses the equivalence between propositions”. O

A reasoning is a set of premises and a conclusion. Reasonings are usually
represented by a column of premises that are separated from the conclusion by a
horizontal line.

EXERCISE 3.9.— Are the following reasonings correct?
a)

A= B
A=C
-(BVC)

b P

A=1B
B=C
C=D
-D
AV E
E

The notion of the normal form of a formula is very important for at least two
reasons: the first one is that it permits us an economy of thought, as we can always
assume (once we have proved the existence of this normal form) that the formula
under consideration is already under normal form. The second reason is that when
this normal form is unique, we can prove the equivalence (equality) of syntactically
different formulas by a reduction to this normal form.

In definition 3.8, we introduced two normal forms for formulas in propositional
logic: the cnf and the dnf. The following rules allow us to obtain these normal forms.

3.1.2. Transformation rules for cnf and dnf

— Step 1: elimination of < and =
HNAeB— (A= B)A(B=A)
2)(A=B) — -AVB
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— Step 2: put — next to the atoms
1) ﬁ(ﬁA) — A
2)ﬁ<A\/B) — 2AAN-B
3)ﬁ(A/\B) — 2AV B

— Step 3: distributivity of VV and A
DAV (BAC) — (AVB)A(AVCO)
2)AAN(BVC)— (ANB)V(ANC)

The following rules are often used:

(A= B)— AAN-B

AVA— A

ANA— A

(AV-A)AB— B

(AN-A)VB— B

AvB—BVA

ANB— BAA
REMARK 3.8.— (3-cnf). We can prove (by adding propositional variables that are used
to introduce definitions) that every cnf formula F' can be transformed into another cnf
F<3 with at most three literals in every clause, such that F<3 is satisfiable if and only
if F'is satisfiable. O
EXERCISE 3.10.—

a) Construct the cnf of (P A (Q = R) = S)

b) Construct the dnf of (P V =Q) = R

¢) If CN'F denotes the set of cnf formulas and DN F denotes the set of dnf
formulas, do we have DN'F N DN F = ()?

d) Given a cnf, are all the transformation rules required to obtain a dnf? Construct
the dnf of:

(AV-BVC)AN(-DV E)N(FV -GV H)
e) Is the cnf (respectively, dnf) of a wff unique? O

REMARK 3.9.— Sometimes the transformation rules generate redundancies that can
potentially (and artificially) increase the search space of a method using a normal
form, as shown in the following example:

(P Q) — -l(P=QAQ= P —-[(PVQANEQVP)] —
(PA=Q)V(QA=P)] — [(PVQ)AN PV -P)A(QV Q) A (=QV =P

The conjuncts that are underlined are tautologies that could be eliminated from the
start by introducing a new rule:
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(P Q) — (PVQ)A(=PV-Q) 0

Note that in the analysis of deductive argument performed below, two different
strategies (or any combination of the strategies) can be considered. The word
strategy means ordering and decrease (if possible) of the number of choices in non-
deterministic problems (see section 3.8.1):

— forward chaining (bottom up): starting from the premises and by application
of the inference rules (or by using the meaning of connectives), try to reach the
conclusion. We have not yet defined what inference rules are (see definition 3.9), but
for the time being it is sufficient to consider them as elementary reasoning steps (which
corresponds to the formal definition). The important thing is to declare the elementary
reasoning steps that is allowed to use.

We move from the premises to the conclusion.

— backward chaining (fop down): starting from the conclusion (denoted by C)
reason by saying: if we want to have C, it suffices to have A, if we want to have
A, it suffices to have B, etc., and if possible, move to the premises.

We move from the conclusion to the premises.

EXERCISE 3.11.— Is the following reasoning correct?

If there is a unique norm to judge greatness in art, then both M and G cannot be
great artists. If P or D are considered as great artists, then W is certainly not one.
However, if W is not a great artist, then K or S are not great artists either. After all,
G is not a great artist, but D and K are.

Therefore, there is no unique norm to judge greatness in art. O

EXERCISE 3.12.— Imagine a reasoning that is presented as usual by a set of premises
and a conclusion. The premises and the conclusion are wffs of propositional logic.

Propset(set — wf f) is the set of propositional symbols in the set of wffs
set —wff.

a) Assume that Propset(premises) N Propset(conclusion) = (). Can the
reasoning be correct?

If this is not the case in general, are there particular cases in which this property
holds?

b) Now imagine that the premises and the conclusion are in clausal form (see
definition 3.8). This assumption does not incur any loss of generality (why?).

Given a set of clauses, a literal (see definition 3.8) whose negation does not occur
in the other clauses is called a pure literal.
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If a premise contains a pure literal, can the analysis of the reasoning be simplified?
How? ]

EXERCISE 3.13.— A crime occurred in a luxurious home and the police inspector in
charge of the investigation reasons as follows:

If on the day of the crime, someone had asked the house servant the question “Why
were you not at dinner the day before yesterday?”, she would have answered.

If she had answered, someone would have heard her.
The house servant was not heard.

If the house servant was neither seen nor heard, that is because she was polishing
cutlery, and if she was polishing cutlery, then she was here on the day of the crime.

I, therefore, conclude that the house servant was in the house when the crime
occurred.

a) What premise(s) should the police inspector have added for the reasoning to be
correct?

b) Is there a unique possibility?

c¢) Can a correct reasoning be made incorrect by adding premises? O

The proof of the following meta-theorem is trivial.
META-THEOREM 3.2.— A is valid iff = A is unsatisfiable (contradictory).

EXERCISE 3.14.— Prove the following meta-theorem (deduction theorem — semantical
version):

AEBiff e A= B O
We will be interested in expressions of the form:
HiANHsAN...NH, EC

where the H;’s (1 < i < n) and C are wffs.

These kinds of expressions correspond to the informal notion of a correct
reasoning.

EXERCISE 3.15.— Prove the following meta-theorems:
a) Hy NHsAN...NH, =ECiffE HHANHyAN...NH, = C
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Note that in mathematics, we usually write:
HiNHyAN...NH,=C
with the implicit meaning:

':Hl/\HQA/\HnéC
b) HH ANHy A...ANH, =Ciff HH A Hy A...A H, A —=C is unsatisfiable.

We will sometimes use the set-theoretical version of this statement: C'is a logical
consequence of { Hy, Ho, ..., H,}iff {Hy, Hs, ..., H,, ~C} is unsatisfiable.

(This last meta-theorem is the well-known reductio ad absurdum proof technique:

reaching a contradiction by negating the conclusion.) O

We have seen (see exercise 3.12) that what is of interest in a non-trivial reasoning
are the propositional symbols that occur on the left-hand side and the right-hand side
of [=: their interpretation on the left-hand side (respectively, right-hand side) fixes
their interpretation on the right-hand side (respectively, left-hand side).

EXERCISE 3.16.— By assuming that:

A¥EC %, that is, not all models of .4 are models of C,

and

ANBEC.

Which of the following assertions is correct?
a) A E B;
b) AE B. O

EXERCISE 3.17.— Let S denote a finite set of wffs S = {f1, fa2,... fu}.

Assume that S is minimally unsatisfiable (i.e. S is unsatisfiable, and every proper
subset of S is satisfiable, see also definition 3.18).

Is the following assertion true or false?

We can identify n correct reasonings with premises and conclusions that are
formulas in S or negations of formulas in S. O
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META-THEOREM 3.3.— (interpolation theorem). A,5, and C denote wffs of
propositional logic.

Propset (X ): set of propositional symbols in wff X.

A= Band
Propset (A) N Propset (B) # ()
then:
there exists C such that:
Propset (C) = Propset (A) N Propset (B) and
AECandC EB.
C is called the interpolant of A and B.
EXAMPLE3.5.—- QAREPVQ
QAREQandQEPVQ
here A: QAR B: PVQ C:Q O

EXERCISE 3.18.—

a) Give the idea of an algorithm that constructs the interpolant and allows us to
prove meta-theorem 3.3.

b) Compute the interpolant(s) of:
A& (BVCO)E=(AN-B) = C.

Compute the interpolant(s) of:

(FAA=B)A (A& C) = (C = B)A (=D V-C). O

3.2. The method of semantic tableaux

We have characterized a correct reasoning (from a semantical point of view) as a
reasoning in which there is no interpretation that evaluates the premises to true and
the conclusion to false (simultaneously). As a consequence, if we try to construct all
possible models of the set of premises and of the negation of the conclusion, then we
are “killing two birds with one stone”. Indeed, if we do not succeed, then we were
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unable to refute the reasoning, because we were unable to evaluate the premises to
true and the conclusion to false (as we tried to evaluate the negation of the conclusion
to true). Hence, the reasoning is correct. However, if we succeed, then we will have
produced a counter example that proves the reasoning is not correct.

We also noticed that it is not always necessary to construct an entire truth table to
evaluate a formula to true (see exercise 3.5).

These ideas form the basis of a method that is used not only in a propositional
logic but that also extends to first-order logic, to modal logics, etc.

The method of semantic tableaux, of which many variants are available, is
a formalization of these ideas. It is based on the following technique: for every
connective (formula constructor) that can occur in a wff A, we provide all the ways of
constructing models of A. Of course, these possibilities are encoded in the simplest
possible way.

The set of connectives that are used is {—, A, V, =, <}, and the method uses the
following rules (A and B denote wffs):

Type « rules (wffs with only one descendant)

A AAB ~(AVB) (A= B)

1 1 1 1
A A -A A
B -B -B

Type f rules (wffs with two descendants)

AV B A= B A B
v ¢ v ¢ v ¢
A B —-A B A -A
B -B
-(AAB) -(A & B)
v e v hV
-A -B -A A
B -B

Intuition behind the method: given a set S of wifs and using the rules above, we try
to construct all the models of S by combining the models of each formula.
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It is clear that the rules replace wffs by wifs containing (strictly) less symbols;
thus, we necessarily reach literals (this property is used to prove the termination of the
method).

The combination of models translates into a tree (which is not unique and depends
on the order in which the models of S are analyzed).

Some combinations may not be possible (because we are trying to evaluate an
atomic formula to true to construct the model of one wff, while evaluating it to false
to construct the model of another one). As soon as a branch contains literals A and
—A, it is closed (to close a branch, we will use the symbol x). We shall say that the
branch is closed. If a branch is not closed, then it is open.

A tableau is closed iff all its branches are closed. It is open otherwise.

Before providing the corresponding algorithm, we apply the rules on a few simple
examples.

In agreement with what we said at the start of the section, we consider the set
(which means that there is no imposed ordering to analyze the formulas) of formulas:

1) A= -B
2)-C=A
3) ~(B=C)

We will try to construct a (several) model(s) for the set of formulas (1), (2), and
(3). The order selected for the analysis is (3), (1), and (2). The procedure is:

completely mechanical: for each wff, we identify the rule to apply
(there is one for each connective).
We do not try any simplifying transformation.

B
~C
N
-A -B
<N X
c A
X X

Conclusion: All the branches in the tree are closed. This means that we have
failed to construct any model of (1), (2), and (3). This set of wffs is therefore
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contradictory (or unsatisfiable, or incoherent). The original reasoning was correct (see
exercise 3.15).

Consider the following reasoning:

(A= B)=C
-C= A

We analyze the set:

1)(A=B)=C
2) —=(=C = A)

We choose to apply the rules in the order (2), (1).

-C
-A
VAN
-(A = B) C
A X
-B
X

We have analyzed two examples of correct reasonings. What happens when a
reasoning is not correct? Is the method also useful? Consider the following reasoning:

P= (-QVR)
Q:>(P/\ﬂR)
R=0Q

We therefore consider the following set of wffs:
1) P= (-QV R)
2) Q = (P A—R)
3) ~(R= Q)

and we choose to analyze it in the order (3), (2), and (1).

R
-Q
v hY
VRN +
-P -QVR P
v hY R
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As we are trying to enumerate all the potential models of the set of wffs under
consideration, in principle, we should have grafted the subtree with root —() instead
of X, but of course, this is not necessary because all the branches starting at this node
will contain the contradiction (R, = R).

What do open branches mean? By reading the atomic wffs and the negations
of atomic wffs, we obtain the models of the premises and of the negation of the
conclusion; hence the models of the premises are counter models of the conclusion,
i.e. counter examples showing that the reasoning is not correct.

The counter examples that we can read on the open branches are:

{R,-Q,~P}
{_‘Q’ R}
REMARK 3.10.— It should be clear that the method of semantic tableaux for PL (PC)

is a method for enumerating the models of a set of formulas, and thus permits us to
decide the (un)satisfiability ((in)coherence) of a set of wffs. O

EXERCISE 3.19.— Use the method of semantic tableaux to prove that the set of
formulas below is unsatisfiable (contradictory or incoherent). Use two different
analysis orderings to show that the size of the tree depends on the ordering.

D=((PAQ=(RVS))=(PVQ))

2)PA(Q=(RVDS))

3)~(PVQ)

4) P

Q= (RVS) O

3.2.1. A slightly different formalism: signed tableaux

This formalism will be useful for logics other than classical logic, which we are
currently studying. It speaks sufficiently for itself to require any explanation.

We want to prove the validity of the following wff (i.e. prove that it is a tautology:
it is evaluated to true in every interpretation):

(AVB)A(AVC)= AV (BAC)
we therefore consider the wif:
(x) =[(AVB)A(AVC)= AV (BAC)

which leads to the following tableaux:
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(1) T(AVB)A(AVC) *)
(2) FAV (BAC) (*)
(3) T(AV B)(1)
(4) T(AVC)(1)
(5) FA(2)
(6) F(BAC)(2)
/\
(7) FB(6) (8) FC(6)
/\ /\
TA(3) TB(3) TA(3) TB(3)

TA(4) TC(4)
X X

REMARK 3.11.— This formalism may seem redundant in bi-valued logic, its utility
will become obvious in multi-valued logics (see section 10.1). O

Normally, several questions arise at this point of the presentation of the method
of semantic tableaux, to which answers must be provided in a systematic study of the
topic. The order of the questions is not related to their importance.

1) Must the conclusion (or the formula if there is only one) be negated to test its
validity?

2) Are the constructed trees always finite?
3) What is the termination criterion?

4) When the method states that a reasoning is correct, is this really the case? (If so,
the method is correct).

5) Can all correct reasonings be detected with this method? (If so, the method is
complete).

6) Is the order in which the formulas (or sub-formulas) are analyzed important?

We begin by answering YES to question 1.

The method of semantic tableaux was created to enumerate all models of a set of
formulas (and in particular, of sets containing only one formula).

By definition, if S is a set of wffs:
— set of models of S C set of interpretations of .S;
— set of (all the) valid wffs C set of (all the) non-contradictory wffs.
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If no negation is performed, then all models are enumerated, but we do not know
anything (without some additional reasoning) about the potential counter examples.
Consider the following wff.

EXAMPLE 3.6.—
F: [(A=>C)Vv(B=>C)=[(AVB)=> (]

™

=[] [1]
/\
~(4>0C) ~(AVB) C
~(B= C) |
-A
A -B
~C
B
=C

We have proved that F is not contradictory, but we do not know whether it
is valid. O

If we negate, we try to construct all models of —F, i.e. all counter models (counter
examples) of F.

EXAMPLE 3.7.—
-([(A=>C)v(B=>C0)=>[(AVvB)=C])

[ ]

-[ ]
A= C B=C
A
-A C -B C
AVB AV B AVB AVB
/\ X /\ X
A B A B
X CFE1 CE?2 X
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algorithm SEMANTIC TABLEAUX (PL)

% constructs the tree

input: a finite set of PL formulas F = {f1,..., fn}
output: a set of models of F or F contradictory

start

end

root of the tree <— F
while 7 # () and (there remain open branches)
do
if a branch B contains 2 complementary literals, close B (put symbol x)
% the corresponding model is not viable
choose f; € F and apply the corresponding rule that produces (say)
fa<j<?)
Graft f/ (1 < j < 2) to all open
branches passing through the node labelled by f;
if f/ (1 <j <2)isnotaliteral
then 7  (F\ {£}) U {//}
else F  (F\ {f})
endif

if the tree is closed
then return F contradictory
else return the sets of literals of the open branches

Figure 3.1. The semantic tableaux (PL) algorithm
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We have constructed two models of —F (CE1 and CE2). CE1 ({—A,—-C, B})

a)

-H=M
W = -H

-H = (-W = M)

and CE2 ({-B,—~C, A}) Are counter models (counter examples) of F, which is
therefore not valid, as we might have believed after a hasty interpretation of the
tableaux in which F was not negated.

REMARK 3.12.— We have indirectly answered questions 1, 2, 3, and 6 given earlier.
The proposed algorithm is non-deterministic (instruction choose) and can therefore be
implemented with different strategies.

O

EXERCISE 3.20.— Use the method of semantic tableaux to verify the (in)correctness
of reasonings (a) to (f), and the (in)validity of formula (g) below.
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How should the method be used?

—To test the correctness of a reasoning Hi,...,H, E’ C, take F +
{Hy,..., H,,~C}. If the algorithm answers F contradictory, then the reasoning
is correct, otherwise the algorithm provides all the counter examples (open
branches) that prove that the reasoning is incorrect.

— To prove that a formula G is valid, take F < {—G}. If the algorithm answers
JF contradictory, then the formula is valid, otherwise the algorithm provides all
the counter examples that prove the formula is not valid.

— To construct all the models of a formula G, take F + {G}.

— To prove that a set of wffs S is contradictory (unsatisfiable), take F + S. If
the tree is closed then S is unsatisfiable, otherwise we obtain all the models of S.
— To test whether a set of wffs S = {f1... f,} is valid, take F < {=f1 V
..V fn}. If the tree is closed then S is valid, otherwise we obtain all the counter
examples of S.

b)
(R=G)AN(-R=19)
GvS
9)
(HVW)= M
MV H
d)
A= (-BVC)
B= (Av-C)
C=20B
e)
P= (RAT)
(TVvS)=-Q
~(PV@Q)
f)
(S=R)AP
Q

—R A (S AP)
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2)
(PANQAR)=S]<[P=(Q=(R=29))] O

EXERCISE 3.21.— Are the sets of wffs S; and S, below satisfiable? Unsatisfiable?

Use the method of semantic tableaux to find the answer.
a8 ={P=Q,R=S,~(-PA-R),~(PAS),R=-Q}

S, = {-P-R = W,Q vV (T = —~(P v U)),-P = (UA
‘\R)’ﬁQ"\U7‘|T,‘|R:>S} D

DIGRESSION 3.1.— (some refreshers on trees).

— A directed graph is a structure (see definition 5.4) G =< G; RY >, where RY C
G? is an irreflexive relation3.
G: set of nodes; RY: set of edges.

— A tree is a directed graph with a (unique) distinguished node r, called its root,
such that:
i) no edge reaches r (i.e. Vz(x,r) ¢ RY);
ii) for all nodes n in the tree, there exists a unique path (branch) from r to n.

— If there is a path from a node x to a node y, then y is a descendant of x and z is
an ancestor of y.

— The degree of a node is the number of outgoing edges of the node.
— A node of degree 0 is called a terminal node, or a leaf.

— The length of a branch is the size of the set of its nodes.

— A tree is infinite iff it has infinitely many nodes.

— A tree is finitely generated iff all its nodes have a finite degree.

REMARK 3.13.— (other definitions of a tree). A tree is a partially ordered set (with

order relation <, see definition 3.24) satisfying the additional axiom:
VaVyVz(y < Az <z =y <zVz=<y)

(this means that the set of minorants of each element is totally ordered). [l

THEOREM 3.1.— (Konig’s lemma). If A is an infinite tree that is finitely generated,
then A contains (at least) an infinite branch.

3 Irreflexivity (Vo —RY(x,x)) # non-reflexive 3z —~RY (x, z)).



64  Logic for Computer Science and Artificial Intelligence

or
If A is a tree with only finite branches then A contains a branch of maximal length.
or If for all n € N there exists a node of depth n, then A contains an infinite

branch.

Konig’s lemma does not apply to trees that are not finitely generated, as shown in
the example below:

NN
a1 as as Qp
o 1
azy  as :

+

a33
1
aTLTL

3.3. Formal systems

The notion of a formal system is closely related to the notion of proof.

3.3.1. A capital notion: the notion of proof

The notion of a proof is extremely important and subtle. It is thus very hard (and
perhaps impossible) to grasp its meaning by simply relying on a formal definition. It
occurs in many domains, in exact science (mathematics, physics, biology, chemistry,
etc.), in social science (history, paleontology, sociology, etc.), and in many order
activities that are proper to organized societies (justice, police, sales, insurance, etc.).

Etymologically:

proof — to prove — from probus: of a good quality, honest, loyal

The requirements to identify an object as a proof and the methods to carry
out proofs are of course generally very different and depend on the period under

consideration (including for mathematics).

For example, it is currently acknowledged in the so-called civilized societies that
every individual is innocent until proven guilty.
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This was not the case in the code of Hammurabi (King of Babylon, ~1750 BC).
The defendant would be thrown into the “holy river”: if he could escape unhurt, that
was a proof that he was innocent; if he sank, that was a proof that he was guilty. This
proof method, along with other torture methods, were used by the Inquisition during
the Middle Ages.

Myths used to be considered as true, and anyone who would doubt them had to
prove the contrary.

In mathematics, the acceptance of what a proof is can also be analyzed from a
historical point of view. For example, pre-Euclidean proofs were much less rigorous
than post-Euclidean ones. A similar remark holds for mathematical analysis before
and after Weierstrass. It seems like all societies, including those considered as
primitive, invented argument criteria, often as questions/answers, in particular in
the domains of law and justice. Notions such as coherence are often used (but not
necessarily in a conscious way) in the evaluation of arguments. An argument that
tends to establish a fact (or situation) that has not been observed or to reduce the
uncertainties about this situation can already be considered as proof. Once again,
those who pushed the study of argument the farthest were the Greeks, in particular,
between the 6th and 4th Century BC, with major works such as Aristotle’s Organon
and Rhetoric, and Euclid’s Elements. The accomplishment that we are particularly
interested in is the development of axiomatizations and proofs.

There were abstract arguments, before Aristotle, with, for example, Thales,
Anaximander, Xenophanes, Heraclitus, and Parmenides. People already used reductio
ad absurdum, analogies, dilemmas (if p = qandr = sand p V r, then ¢ V s is a
dilemma. If p = ¢ and r = s and —q V —s, then —p V —r is another one).

There seems to be a consensus on the fact that Parmenides was the first to
propose proofs with deductive reasoning, with an irrefutable initial statement and a
rigorous chain of deductions. He also proposed to divide proofs into parts, using the
conclusions of previous parts as premises of the current ones (today these would be
called lemma-structured proofs).

The influence of these thinkers on the development of philosophy and science was
huge. To better understand the social context in which the notion of a proof evolved
toward its current definition, it is worth mentioning that argument blossoms much
better and has a greater importance in a society in which the opinion of the citizens
(who are perfectly equal) is taken into account (as was the case in Greece at the time#)
than in an autocratic society.

4 The Greeks invented democracy at the same time.
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Argument always takes place between two people (this is not always the case for
reasoning).

Sophists, and in particular Gorgias, used the reasonings that were introduced by
Parmenides and his students, not to find the truth but with a purely rhetorical goal.
They believed persuasion was much more important than a proof, although the latter
aims at truth and knowledge. Still, it is now acknowledged that rhetoric indirectly
contributed to the progress in the concept of a proof.

Sophists also played an important role in the organization of education and in the
development of a critical mind, by admitting several points of view on a same topic>.
Socrates, who used to search for general definitions through dialog, could profit from
the habits of Athenians for his teachings.

Socrates defined the art of rhetoric as the art of having influence on souls. Aristotle
considered rhetoric as the technique of plausibility, but not of truth (of which proofs
are the technique).

Plato must not be forgotten among those who contributed to the elaboration of the
concept of proof.

Another discipline that is close to rhetoric is dialectic® (instrument of probable
knowledge according to Aristotle), which, according to Aristotle, is due to Zeno of
Elea, was also important at the time.

It is interesting to notice that the clear separation between proving and persuading
(convincing) disappears a little in philosophy and modern mathematics (see below).

Mathematics are of course the principle domain in which proofs are carried out.
In a reference book (by Rasiowa and Sokorski), it is written:

The process of deducing some sentences from others is the most
important part of the mathematical work.

The more common belief is that:

The first proof in the history of mathematics was produced by Thales of
Miletus (600 BC): “A diameter separates a circle into two equal parts”.

As suggested by the brief historical recollection below, this notion evolved with
time and it is legitimate to assume that Thales used simple and intuitive techniques.

5 Rhetoric was part of the French official education program until the 19th Century. There was
a renewed interest in rhetoric during the 20th Century.
6 Dialectic comes from a verb meaning to discuss.
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The priority given to Thales does not seem well deserved. Indeed, one of the
greatest historians of mathematics (E.T. Bell) wrote the following about Babylonian
mathematics:

...More important than the technical algebra of these ancient
Babylonians is their recognition — as shown by their work — of the
necessity of proof in mathematics.

Until recently, it has been supposed that the Greeks were the first to
recognise that proof is demanded for mathematical propositions. This
was one of the most important steps ever taken by human beings.
Unfortunately, it was taken so long ago that it led to nowhere in particular
so far as our own civilisation is concerned, unless the Greeks followed
consciously, which they may well have done. They were not particularly
generous to their predecessors.

The first rigorous mathematical proofs were produced during the 5th Century BC.
The concept of a rigorous mathematical proof is certainly the main difference between
Greek mathematics and Babylonian mathematics.

It is worth mentioning that the ancient Greeks made a distinction between finding
a theorem and finding its proof. We know that many of Euclid’s propositions were
already known and accepted before his time.

The main development, of which Euclid’s monumental work is the paradigm, is
that of an axiomatization.

After Euclid, mathematical reasonings used definitions, common notions, and
postulates.

— Common notions are the obvious principles that apply everywhere in
mathematics. They are now called logical axioms. Common notions seem to contain
the laws of logic (with the current meaning of inference rules).

— Postulates are the basic hypotheses on geometry (or another theory). They are
now called proper axioms or non-logical axioms.

Some authors have suggested that instead of axiomatization, we should use
postulation.

DIGRESSION 3.2.— The way Euclid proceeded in his work has become a standard in
mathematics and other domains, among which is medicine, which was one of the first
domains to incorporate it.

Galen (physician, surgeon, and philosopher of the 2nd Century) believed that
mastering proofs was a prerequisite to study medicine, and he thought that everything
that is proved by medical science should be reduced to prime propositions that are
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unprovable but held as true by everyone. This boils down to importing Euclid’s
axiomatization method to medicine.

Recent research by science historians has highlighted an approach to proofs that is
particularly interesting to computer scientists. Chinese mathematicians (1st Century
BC) had proposed (sometimes sophisticated) algorithms to solve problems. These
algorithms would provide solutions to many particular cases of the problems under
consideration. Those commenting them tried to prove the veracity of the propositions,
which boiled down to proving the correction of the algorithms.

At the origins of modern science (16th to 17th Century), knowledge was associated
to sensitive experiments (that, just as for theories, had to be transmissible and
reproducible?).

This is different from revelation, illumination, initiation, and hermetism as a means
of discovering and transmitting knowledge.

In one of his books, Galileo mentions the imperfections of matter and the very pure
mathematical proofs.

Kepler was convinced that mathematical proofs were the way to reach the truth.

Newton (following Euclid) uses the axiomatic method: he starts from the
definition of mass, force, and movement. Then, he adds the presuppositions, laws,
axioms. He obtains theorems, proofs, and corollaries. To get from abstract entities to
a description of the world, Newton states philosophical rules. (|

Some mathematicians have put an emphasis on the fact that from a practical
point of view, the acceptance of the proof of a theorem is a social process. There
are interactions between those who propose a proof and those who verify it, detect
possible errors, simplify it, make it readable, etc. The process stops when the
community of mathematicians accepts (or refutes) the (alleged) proof.

Much later, the appearance of computers led to hopes and new problems about
the notion of a proof. Indeed, what is more tempting than trying to prove theorems
using a computer? All we have to do is to program a notion that seems completely
formalized, and this led to what is considered as the first Al program: Logic Theorist
(see section 7.5).

The first theorem prover that produced a mathematical proof was written
by M. Davis in 1954. It was a decision procedure for Presburger arithmetic (see

7 See below the characteristics of a proof when answering the question “What is a proof?”.
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example 5.6). It is significant that the first problem to be tackled was a decidable
one (of a high complexity): computers were used as large calculators.

However, it is only with the proof of the four-color theorem that mathematicians
and the general public started talking about automated deduction.

The four-color theorem was proved using a computer program in 1976. This result
is interesting for several reasons: it had been an open problem for over a century in
mathematics, it had allegedly been proved by some excellent mathematicians who
had produced (false) proofs (in the traditional way, i.e. without a computer), and
it permitted some interesting thoughts on the notion of a proof in mathematics.
This result, as well as others that followed, essentially uses the computing speed
of a computer to test a huge amount of possible cases. Although the result is very
important, the proof only made a very partial use of the capacities of automated
theorem provers, as they are designed nowadays (in particular, no use was made
of the possibilities of manipulating proofs, planning, interacting with the user to
guide parts of the proofs, logical computations, etc., that are offered by modern
theorem provers). It is interesting to note here the important consequences that these
results had on mathematical philosophers, as an inspiration for their thoughts on
mathematical practices.

The proofs that are obtained by a computer make an argument that the acceptance
of a proof is a social process. The main reasons are the large number of computations
that are performed (without any creativity), the lack of a perspective in the proofs (that
do not distinguish those steps that are conceptually important from the other ones), and
also the natural mistrust of humans toward a proof that was produced by a non-human.
Let us not forget that in most cases, we “trust” competent mathematicians when they
say that some assertions have been proved. It suffices, for example, to recall Fermat’s
last theorem.

In a reference article (by T. Tymoczko) about the implications of this work on
the philosophy of mathematics, the author proposes the following thesis (that seems
daring at first):

I will argue that computer-assisted proofs introduce experimental
methods into pure mathematics.

To the question “What is a proof?”, the author answers by identifying three main

characteristics:

— Proofs are convincing8

8 Here, the author’s requirements coincide with those that form the basis of proof theory.
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— Proofs are surveyable:10.

— Proofs can be formalized!!.

Surveyability is an important subjective feature of mathematical proofs
which relates the proofs to the mathematicians, the subjects of
mathematical investigations. It is in the context of surveyability that the
idea of “lemma” fits. Mathematicians organize a proof into lemmas to
make it more perspicuous.

Other authors have almost pushed this analysis to its limit: they maintain that
mathematical studies have an important empirical component (and therefore inherit
its methods: reproducibility of the experiments, etc.!2).

It is interesting to compare the theses given above with the thoughts that inspired
a mathematician (C.W.H. Lam) in his own work, as he obtained new results (in 1977)
using a computer. He begins his article by explaining his work, using the title of an
article that had appeared in a general magazine:

Is a math proof a proof if no one can check it?

The proof involved the projective plans of order 10 and required 3000 CPU
hours to a CRAY-1A, for which scientists used to believe that there were undetected
(material) errors every 1000 hours approximately. .. !

He tries to use the expression computed result instead of “proof” and states that
in the case of the proofs obtained by a computer, the assertion of correctness is
not absolute, but only almost certain, which is a characteristic of a computer-based
result.13

This kind of problem is in a close relationship to others that are clearly related to
practical computer science.

9 Of course, this requirement also holds for other human activities: a writer noticed that since
1922 and until the correct edition, more than 5,000 printing errors had been made in Joyce’s
Ulysses. Because the book was believed to be incomprehensible, no one had noticed the
mistakes.

10 There should be a special mention to probabilistic proofs and zero-knowledge proofs. In
the former, random verifications with negligible possible errors can be carried out. In the latter,
someone who does not know of a proof produced elsewhere can be convinced of the correctness
of a result without knowing how it was obtained.

11 This is clearly related to the idea behind proof assistants and logical frameworks.

12 There exists a mathematical journal named Experimental Mathematics.

13 The author forgot that there were many wrong “proofs” (obtained by excellent
mathematicians), like those mentioned in the four-color theorem, well before computers ever
existed.
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For example, when we carry out a proof or a verification (e.g. for a critical
system), we prove that a program is correct, which means that it will do what is
expected from it on a model of a computer, but have we proved that it will do it
on a real computer (that has a physical reality, with electronic components, etc.)?

On this topic, the great logician P. Martin-L6f (who influenced computer science
a lot) wrote:

Now, there can be no proof, no conclusive proof, that a proof really
proves its conclusion, because, if such a miraculous means were
available to us, we would of course always use it and be guaranteed
against mistakes. It would be a wonderful situation, but we are human
beings and we are not in that position

[...]

So, clearly, there can be no proof in the proper sense of the word
that a proof really proves its conclusion: the most there can be is a
discussion as to whether a proof is correct or not, and such discussion
arises precisely when we make mistakes, or when we have insufficient
grounds or evidence for what we are doing.

The importance of the presentation (readability) of a proof (“proofs are
surveyable”) cannot be overestimated:

Every result that is obtained by a means that is not surveyable by a human
is not a proof.

This sentence was written by a great French mathematician (J.-P. Serre, recipient
of the Fields and Abel medals).

Actually, a response to this requirement, which is not in contradiction with the
acceptance of proofs obtained using a computer, is to make the following distinction
along with the logician quoted above: there are proofs and there are derivations.
A proof contains the computational information that a computer would need to verify
a proposition. A derivation is what convinces us that a proposition is true. Derivations
are what we find in mathematics textbooks. These considerations are closely related
to what the same logician wrote in a brilliant article:

... Thus proof and evidence are the same. And what is it that makes a
judgement evident to you? Before you have understood or grasped the
judgement, it is not evident to you, and, when you have grasped it, it
is obvious or evident to you. This is simply your act of understanding
or grasping it which confers evidence on the judgement, that is, which
makes it evident to you....
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What is of a particular interest to us here is the word grasped. We cannot grasp
(with our mind) extremely long sequences of symbols without any structure.

As a great logician (Y. Manin) nicely put it: “A good proof is a proof that makes
us wiser”.

To conclude, recall that natural science relies (and depends on) many instruments
(it suffices to consider astronomy or biology). The history of instruments, in which
computers play an important part, is part of the history of science.

It is a commonplace to say that computers are indispensable for complicated
numerical computations. They will probably be as indispensable as reasoning
auxiliaries, to obtain (some) proofs.

3.3.2. What do we learn from the way we do mathematics?

After this brief historical perspective, we can try to rely on our direct experience
of mathematics (although it is very modest) to better comprehend the topic and ask
ourselves, for example:

Can we abstract common characteristics of the proofs we have
discovered, read, studied, etc.?

Proofs are presented as a finite sequence of formulas, sometimes with figures
(that correspond to particular cases: examples (models), counter examples (counter
models)), and with sentences in natural language (generally a very restricted subset of
the everyday language) that justify the introduction of new formulas, and. .. that’s it!

— What formulas do we begin with?: by the “unquestionable” formulas, which are
admitted.

— How do we get from some formulas to others?: by some rules, generally not
many of them (in general we do not bother to specify that they are the only ones we
allow ourselves to use), that are implicitly correct and assumed to be natural.

We have just given the basic ideas of what we shall define as a formal system.
— The unquestionable formulas are the axioms.

— The transition rules are the inference rules.

To avoid any artificial problem (such as ambiguity), we fix a formal language.

The characterization of inference rules is more delicate than the characterization
of axioms. Here are some of the most fundamental characterizations:

1) The hypothetical syllogism (modus ponendo ponens) or simply modus ponens:
from A and if A then B deduce B;
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2) Induction: the great mathematician Henri Poincaré (1854-1912) who was
also a philosopher of science, considers induction as the fundamental mathematical
reasoning tool and states that its essential character is that it contains infinitely many
hypothetical syllogisms:

The theorem is true for 1
() But if it is true for 1 then it is also true for 2.
Therefore, it is true for 2.
(x) But if it is true for 2 then it is also true for 3.

Therefore, it is true for 3.

Furthermore, there is a unique formula that expresses all the formulas (x):
(%) If the theorem is true for n — 1, then it is also true for n.

The principle of mathematical induction seems to have been used in its current
form by B. Pascal in 1654 in the Traité du triangle arithmétique.

From the history of science point of view, it is interesting to note that al-Karaji
((Persian) mathematician and engineer, 953 to ~1029) used a rudimentary form of
mathematical induction, by proving an argument for n = 1, then using this result
to prove the result for n = 2,..., and noticing that we could go on indefinitely. He
discovered what is known as “Pascal’s triangle”, using this method.

It seems like Pascal was not aware of al-Karaji’s work.

3) Sometimes, we use modus tollendo tollens (or simply modus tollens):

from if A then B and —~B deduce — A, which can be considered as a particular case of
reductio ad absurdum (see below).

Three widely used fechniques to carry out proofs are as follows:
t1) Reductio ad absurdum.

This is one of the oldest techniques. There are two cases to consider.

a) When it is used to prove that an object exists, it is closely related to the law
of excluded middle. To prove P, we prove that =P leads to a contradiction. By the
law of excluded middle, PV —P is always true; hence, we may conclude that P holds.
Intuitionists do not always accept these proofs because the law of excluded middle
is used;
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b) When it is used to prove that a mathematical object does not exist, it is
accepted by all schools of thought. If P leads to a contradiction, then the object having
property P cannot exist (without any other consideration).

t2) Case analysis, particularly important for proofs performed by computers, such
as the proof of the four-color theorem and the projective plane of order 10.

t3) Diagonalization. This procedure was invented by Cantor and is used to perform
proofs by reductio ad absurdum; we assume that we can enumerate all the objects of
a class and the diagonalization procedure constructs an element of the class that is
not among the enumerated objects. Assuming that there exists such an enumeration
therefore leads to a contradiction (see exercise 3.1).

REMARK 3.14.— It might be useful to recall that three different theories must be
distinguished:

— the informal theory, that the formal system is meant to formalize;

— the formal system or object theory;

— the meta-theory, in which the formal system is studied. The meta-theory
generally corresponds to common and informal mathematics (see, for example, meta-
theorem 3.4). O

REMARK 3.15.— (mathematical theories). Mathematical theories can be considered
from the semantic or the syntactic point of view. In the former case, the axioms have
an intended interpretation (or wanted interpretation), and this model is in principle
unique (see remark 5.19); for example, arithmetic, Euclidean geometry, set theory.

When the syntactic point of view is chosen, we search for those interpretations
that satisfy some formulas. In this case, the number of models may be important.
Examples: group theory, non-Euclidean geometry.

With the first point of view, the search for an axiomatization is similar to modeling
in natural science (see Chapter 5.2).

Of course, both point of views can coexist.

In experimental science, researchers have also defined what can be considered as
a proof of a scientific theory, which must include (globally) the observation of some
facts, the proposal of hypotheses, and a verification (or falsification). See also sections
8.3 and 8.4.

The problems that arise with the notion of a proof in experimental science are
extremely difficult (in particular, from an epistemological point of view). O

DEFINITION 3.9.— (formal system). A formal system or formal theory or axiomatico-
deductive system S is a triplet:
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S=<LR,A>

where:
— L is a set of wff.

L is a formal language on a given vocabulary (assumed to be finite), and it can
always be decided in a mechanical way whether a sequence of symbols is a word in
the language (i.e. a wff) or not.

-R = {RI; | k > 1} is a finite set of inference rules, i.e. relations in
L (n> 2).

They are generally denoted as follows:

-/41’""“471—1

RI;:
k An

— 1) are called the premises, A,, the conclusion or direct

The A;’s (1 <i<n-—1)
1<i<n-1).

consequence of A; (

It is possible to mechanically decide whether a wif is a direct consequence of
other wifs.

We may accept inference rules without premises, i.e. relations in L (n > 1). In
this case, the axioms are also inference rules.

The axioms and inference rules are also called transformation rules.
— A C L are the axioms;
— the pair § =< L, R > is a deductive system or proof system or calculus;

—the pair § =< L, A > is an axiomatic system or axiomatic structure or
axiomatization.

The latter is the most frequently used in mathematics, and L is usually not
formally specified (a human is supposed to be able to recognize the wffs). There is no
restriction on the inference rules that we are allowed to use. These are called informal
axiomatic theories and they enable us to obtain informal proofs. In fact, it is possible
to prove theorems in group theory or set theory, etc. without having ever studied first-
order logic. These proofs can be considered as correct but informal (considering that
these kinds of proofs are particularly important in constructive mathematics, see, for
example, remark 5.29).

Nevertheless, the importance of formal (and unquestionable) proofs cannot be
overstated, as they can be verified by a computer program: a proof assistant (logical
frameworks).
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REMARK 3.16.— A formal system is only concerned with syntax. With this syntax
several meanings or interpretations can be associated. This is evidence of the
importance of form in logic. D

REMARK 3.17.— The principle of non-contradiction and the law of excluded middle
(see section 2.2) are not inference rules. They are not properties that hold good for all
considered wff. O

EXAMPLE 3.8.— (arithmetic, Peano’s axioms). The set of natural numbers (N) has
the following properties:

1)0eN
2)if n € Nthen s(n) € N, % for all n
3) 0 # s(n), % for all n

4) if s(n) = s(m) then n = m, % for all n, m

induction axiom (see example 9.28):

5) let P denote a property on numbers.

if P(0) and (if P(n) then P(s(n))) then P(x) for z € N, % for all P

Sometimes the induction axiom is stated as follows:
5)if S CNand0 € S and (if n € S then s(n) € S),then S =N, % forall S

(see example 9.28). O

REMARK 3.18.— (on the two statements of the induction axiom). Version 5 is weaker
than version 5’: as a property can be specified as a finite sequence of words in a
language (defined by a grammar), only a denumerably infinite number of properties
and natural numbers can be specified, but the set of all subsets of N is uncountably
infinite (see, e.g. exercise 3.1).

There, therefore, exist theorems on natural numbers that cannot be proved using
form 5 of the induction axiom. U

EXERCISE 3.22.— Can you give any reason why inference rules are defined as
relations rather than as functions? (]

DEFINITION 3.10.— (provable formula). The set of provable formulas in a formal
system is the smallest set such that:

— if A is an axiom, then A is provable;

— if A is provable and B is a direct consequence of A, then B is provable;
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—if A and B are provable and C is a direct consequence of A and B, then C' is
provable.

The following definition formalizes the same notion, through those well-known
proofs and theorems.
Etymology:

theorem (16th Century) — theatre — thedrema: object of contemplation,
of study (what we see, in a show)

A curiosity: empirists (school of medicine, 2nd Century) used to define theorems
as the knowledge of a thing that has been witnessed a number of times, together with
the faculty of distinguishing the opposite event.

In the following definition, if the lines beginning with (f) are included
(respectively, excluded) and those beginning with (b) are excluded (respectively,
included), we obtain the definition of a proof (respectively, deduction).

DEFINITION 3.11.— (proof, deduction). Consider:

S : a formal system;

Aiy C:wffs (of S ).

() T : set of wifs (of S );
A (8) proof of C
(b) deduction of C from T’

in S, is a finite sequence

Ay, As, ... Ay of Wifs such that:

1)C=A,

2)forl1 <i<n

either:

a) A; is an axiom

(yord; € T
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or:
b) A, is a direct consequence by an inference rule from A;, , ..., A;,
ij <i(1<j<k)
(8) C is called a theorem and it is denoted by
(#) Fs C or, if there is no ambiguity, by - C
(b) T : set of hypotheses or of premises of the deduction
O TksC

(b) C'is a consequence of T.

The deduction meta-theorem shall relate these two notions.

REMARK 3.19.— (formal system as an algorithm). Note that a formal system S can
be considered as an algorithm whose output is the set of theorems of S. O

3.4. A formal system for PL (PC)
We will define a formal system that will be denoted by S;.
DL

We shall restrict ourselves to wiffs that only contain the connectives = and —.
There is no loss of generality, as the other connectives can be replaced using the three
following definitions (A, B, and C denote wffs):

D1) AABY (4= -B)
def
D2) AVB -A=B

D3) AeBY (A= B)A(B= A)
2)R

The only inference rule is modus ponens or law of detachment (denoted by MP by
what follows):

A A=21DB
MP.T
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(As A and B are (meta)variables that denote arbitrary wffs, MP should be called
a schema of inference rules.)

3)A

The set made of the three following axiom schemas. A, B, and C' denote wffs,
so that each of the axiom schemas below actually denotes (denumerably) infinitely
many wifs.

Al) A= (B=A)
A2) (A= (B=0C))=(A=B)=(A=0))
A3) (-B=-A)=((-B=A)=B) O

Given the definition of a theorem, it is clear that the set of theorems of S is
denumerably infinite.

REMARK 3.20.— (substitution rule). Some authors explicitly add a substitution rule
that allows to replace the metavariables by wffs. U

DIGRESSION 3.3.— (variables).14 The notion of a variable used here is different from
the one used in mathematics and in physics, where a variable simply denotes a quantity
(like space, time, etc.) that varies.

Here, variables are symbols that can be replaced by expressions from different
syntactical categories.

Logic historians agree on the fact that variables were introduced by Aristotle.
Since then they have been used by logicians and mathematicians.

Aristotle would use letters as signs that denote “holes”, that can be filled by
arbitrary terms, with the constraint that “holes” denoted by the same letter must be
replaced by the same term. This technique was of course a major breakthrough in
logic, and it is indispensable for the specification of rules such as syllogisms. (|

REMARK 3.21.— In the following pages (respectively, in the solutions to the
exercises), Ai, Az, Az (respectively, Aj, A, As) denote the axiom schemas
OfSl. [l

EXAMPLE 3.9.— We show that:

FSIAéA

14 See also digressions 5.2 and 9.1.
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Here is a proof:

1) (A= (A= 4) = 4) = (A= (A= 4)) = (A= A))
iN(A2) B+ A=A C+ A

2) A= (A= A) = A)
in(Al) B+ A=A

3) (A= (A= 4)) = (4= A)

1,2, MP

1) A= (A= A)

in (A1) B+« A

5) A= A

3,4, MP

Here is another one:

1) (A= (B=A4)= (A= B)= (A= 4))
in(A2) C+« A

2) (A= B)= (A= A)

(A1), 1 and MP

3) (A= (B=A) = (4= A)

in(2) B« B=A

HA= A
(A1), 3 and MP O
REMARK 3.22.— (A3) was not used in any of these proofs. O

DIGRESSION 3.4.— The linear representation of proofs, which is the one we shall
adopt, is not fundamental. The proofs of example 3.9 could have been represented in
a tree-like manner (for the first one).
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For the sake of readability, we only give the numbers that identify the formulas.

1) 2)
in(A2): B— A= A;C— A

3) 4)
5)
or equivalently:
H  Dvp
3 YDvp
5) O

A few thoughts: does it seem possible to write an algorithm that verifies that a
given sequence of wffs is a proof in a formal system?

In the case of a positive answer, what are the main problems that arise?
What information should be available in the proof trace to be able to test it?

If instead of an algorithm that verifies proofs, we are interested in an algorithm
that finds them, is the problem fundamentally different? Why is that?

Recall the theorems that you have proved. Most of the time, we first “find” the
theorem, and “prove” it afterward. This intuition, which allows us not to carry out
any enumeration (and to go beyond an enumeration) can be qualified as the “soul” of
mathematics.

META-LEMMA 3.1.— Let I" denote a set of wifs of S1.

If FSI Athen T FSI A.

PROOF.— trivial, by application of the definition of a deduction. (]
META-THEOREM 3.4 (deduction theorem).— Consider:

T': set of wifs.
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A, B: wffof Si.
(T, AmeansT U {A})

I, AFs, BiffTFs, A= B
in particular (if T = ()

Al—nglff‘l—SlAiB

PROOF.— (only if):
Let By, Ba, ..., B, be a deduction starting from I' U { A} (B,, = B)
Proof by inductiononi thatT' s, A= B; (1 <i<mn)
Di=1
by definition of a deduction:
iyBy el
ii) By axiom of Sy
i) Byis A(B1 € (TU{A}) and B; ¢ T (casei))
The three cases are proved as follows:
(A)A= (B=A)
A<+ By
B+ A
By = (A= By)
(ii) and MP: -5, A = By, hence (meta-lemma above) I' Fs, A = By
(H)andMP: T ks, A= B
(iii) - A = A (example 3.9), thus s, A = B, and (meta-lemma above):

T'ts, A= B
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2) Induction

Suppose I' s, A= B k <i
by definition of a deduction,

i) B; is an axiom of Sy

ii) B; eI

iii) B; is A

(ii) and (iii): B; € (TU{A})

iv) B; can be deduced from Bj, By, (1 < j < i) by MP, hence By, is of the form
i = Bz

(i), (ii), (iii) as in case (1)

by the induction hypothesis:

iv)

(*) T'ks, A= B;

(x¢¥) T'ks, A= (B, = B))

(A2) (A= (B=0C)=(A=B)=(4=20))

B+ B;;C+ B

by applying MP:

I'ks, (A= Bj) = (A= B;) (xx)

Tks, (A= B;) (%)

with ¢ = n we obtain the desired proof.

(if): see exercise 3.23. O
REMARK 3.23.— This meta-theorem does not hold for all logics. O

EXERCISE 3.23.— Prove the if part of the deduction theorem. O
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EXAMPLE 3.10.— We want to prove that (A = B), (B = C) kg, (A= C)
(A= B), (B=C), Als, C (exercise 3.25)
by applying the deduction theorem

(A= B),(B=C)Fs, (A=0) O

REMARK 3.24.—

1) Only axiom schemas (Al) and (A2) were needed to prove the deduction
theorem.

2) The proof technique that was used (and which is a general technique) to prove
that a formal system satisfies a property goes as follows:
- prove the property for the axiom schemas;
- prove that the property is preserved by the inference rules;
- use induction on the length of the proof (deduction).

The usage of the deduction theorem in a proof is called the method of the additional
hypothesis.

This method is extremely powerful, to convince oneself, it suffices to show that
Fs, A= A using this method, and compare the proof with the one given in example
3.9: A s, A by definition of a deduction. We immediately obtain s, A = A by
the deduction theorem. O

3.4.1. Some properties of formal systems

The syntactic notions corresponding to formal systems provide too much liberty
in their conception. It is therefore necessary to separate those notions that are useful
from those that are not. This is the role of the following definition.

DEFINITION 3.12.— Consider a formal system S =< L, R, A >.

— An inference rule is sound iff the conclusion is a logical consequence of the
premises.

— & is sound iff every theorem is a valid wif.
— & is complete (or adequate) iff every valid wif is a theorem.

— § is consistent (or coherent) or more precisely consistent for negation iff there
isnowff A € L such thatt-s A and s —A.

— &S is absolutely consistent iff the set T C L of the theorems of S is such that
7 # L (i.e. L contains at least one wif that is not a theorem).

— &S is decidable iff there exists a mechanical procedure (algorithm) that can

answer for all wffs A € L whether s A. Such an algorithm is called a decision
procedure.
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REMARK 3.25.— (w-consistency). Another notion of consistency should be
mentioned here.

S is w-consistent iff for all variables x and for all formulas F', it is not the case that:
FS F(O), FS F(l), FS F(Z), ...and
Fs “VzF(x) O

REMARK 3.26.— The notions of soundness and completeness have a natural
application in computer science. Given the specification of a problem to be solved,
a program meant to provide the solution(s) to the problem is sound if it computes
correct solutions (i.e. if it computes what is specified). It is complete if it computes
all solutions (i.e. if it computes all that is specified). (|
EXERCISE 3.24.— Prove that Sy is:

a) sound;

b) consistent;

c) decidable (we may assume that the completeness of S; has already been
proved). U
EXERCISE 3.25.— Construct the proofs (or deductions) of the following formulas:

aAkF(-A=A4)=A4

b)A=B=0),BFA=C

¢)A=B,B=CAFC

d-B=-AAFB

e)A=B,B=CFHA=C

HF-—A=A

g A= -4

k(A= B)= (B=0)=(A=10))

DF(A=(B=0)=(B=A=0)) O
REMARK 3.27.— Note that the hypotheses of (b), (c), (d), and (e) have been
distinguished typographically and correspond to names that are given to particular

formulas (and not to meta-variables that denote arbitrary formulas). A, B, C each
denote a formula.

The reason for this is that, for example, in (b), if instead of B we had B as a
hypothesis, then we could directly prove the formula using B <— A = C.

Nevertheless, the same deductions can also be carried out assuming that these
are meta-variables, and thus the additional hypotheses and conclusions written
in italics. U
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EXERCISE 3.26.— Prove that in &1, consistency with respect to (w.r.t.) negation and
absolute consistency coincide, i.e. Sy is consistent for negation iff Sy is absolutely
consistent. O

3.4.2. Another formal system for PL (PC)
We shall name this system Sa.
L: the language of PL using the set of connectives {—, A, V, =, <}
R: MP

A: the four axiom schemas below:

Al) (PVP)=P

A2) Q= (PVQ)

A3) (PV Q)= (QVP)
A)(Q=R)=((PVQ)=(PVR))

The following definitions can be used:

D P=Q " -PvQ

D2)PAQ " ~(=PV-Q)
D) P=Q X (P=Q)AQ=P)

EXERCISE 3.27.— Give the proofs in S of:
b Q= (P=Q)
by (P=-P)=-P
ok (P=-Q)=(Q=-P)
dF (@=R)=(P=Q)=(P=R))
ek P=(PVP)

H+ P=P
g9k PV-P
hy P=-=P O

3.4.3. Another formal system

Another formal system for PL, which we shall name Ss is different from Sy only
because of the axiom schemas.

The set of axiom schemas of S3 (which replaces the set A1, A2, A3) is:
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= B)= ((wA= B) = B)
=B=0)=(A=B)=(A=0)

with A, B, C denoting wffs (as in S7).

EXERCISE 3.28.—
a) Can the deduction (meta)theorem be used in S3?
b) Give a proof of:
Fs, A= —-—A. O

EXERCISE 3.29.— The following questions correspond to notions that have already
been manipulated. The goal is to find formal definitions of these notions, and to study
what they are related to.

a) How would you define the equivalence between two formal systems?
b) How would you define the independence of a set of axiom schemas?

c¢) Using the definition given in (b), give a set of axiom schemas that is not
independent for PL.

d) How would you define the independence of a set of inference rules?

e) What would be the intuition behind the proof of the equivalence of two formal
systems, and the independence of two sets of axioms?

Do these techniques seem to be always applicable? (]

DIGRESSION 3.5.— (natural deduction systems). Formal systems, as they have been
described, are known as Hilbert systems (or Hilbertian) or Frege systems (or Fregian).

There are some among the axioms and the inference rules that can be applied in
all domains of mathematics, they are called logical axioms and inference rules, and
others that depend on the domain under consideration, which are called proper axioms
and inference rules.

Example of a logical axiom: the law of excluded middle (classical logic).
Example of a logical inference rule: modus ponens.

Example of a proper axiom: commutativity, associativity.

Example of a proper inference rule:

P(0) if P(n)then P(n+1)
VnP(n)
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Another large family of formal systems is the family of natural deduction systems.

A natural deduction system can be viewed as a set of rules (corresponding to
“natural” rules such as those that are used in informal proofs in mathematics) that
determine the concept of deduction for a language or a set of languages. The language
and the system make up a calculus.

Although there are different natural deduction systems, this name is considered to
be a synonym of Gentzen system or sequent calculus. Sequent calculus can be viewed
as a meta-calculus for the deduction relation, in the corresponding natural deduction
systems.

In these systems, to prove that B follows from A, or that A implies B, or that
A — B, we assume A and obtain B (direct proof), or we assume A and =B, deduce
= A, and from this contradiction, conclude B (classical mathematics).

Natural deduction systems (or natural deduction calculi, we could also say
deductive systems of natural deduction, see definition 3.9) do not contain any logical
axiom, and arbitrary formulas can be introduced as premises.

The idea of getting rid of axioms and using conditional deductions instead
originated with Gentzen and Jaskowski. Some authors believe the idea actually
originated with Lukasiewicz. These systems are meant to mirror the form of intuitive
reasoning and to keep the structure of these proofs.

It can be shown that natural deduction systems are equivalent from a deductive
point of view to axiomatic formulations, i.e. if from hypotheses A, As,..., A,
we can derive C' in a natural deduction system, then A;, As,..., A, Fg C in an
axiomatic system 5, and conversely, if Fs C' in the axiomatic system S, then C' can
be derived (without any hypothesis) in a natural deduction system.

In these systems, only inference rules are given, and to prove that I' - A — B,
we prove that I'; A - B (see meta-theorem 3.4), which is frequently written in a
tree-like way:

T, [A]
B [J: cancellation of A
A— B
The action of putting [ | around A after having written A — B is called

cancellation and is allowed by the introduction rule:
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[A]
B

A— B

of which modus ponens is the opposite rule, which corresponds to (—)-elimination:

A A— B
B

We have given a foretaste of these rules in the solution to exercise 3.13.

Proofs in these systems are represented as trees, with the root at the bottom (as
it is the case for real-life trees ——). The formula that labels the root is the logical
consequence of the formulas that are not cancelled (or open premises), that label the
leaves of the tree above the root.

The interesting thing with proofs in these systems is that the logical part (i.e. the
axioms and inference rules), that can be cumbersome and uninteresting, is no longer
considered. In this sense, they are closer to the usual practice of mathematics.

The following very simple example shows a reduction to eliminate indirections:

Consider the tree representing the proof of B:

I (4]
A 11,
B [J: cancellation of A
A—-B
B

1I; and II5 denote derivations.
In the right branch, A was introduced and was eliminated afterward ( “detour”).

Thus, the proof above can be reduced to (replaced by) the following.
IT,
A
I,
B

replace every introduction of A in Il



90 Logic for Computer Science and Artificial Intelligence

This digression gives a simple idea of the topics that are treated in a very important
domain of logic: proof theory, in which proofs are the object of mathematical study.
Researchers consider the normal forms of proofs, their identities, their generalizations,
their complexity, etc.

This discipline was introduced by D. Hilbert, who at the beginning of the 20th
Century proposed a project, the aim of which was to prove the consistency of
arithmetic. For this purpose, Hilbert believed that it was necessary to study in detail
formal proofs in this theory, hence the name proof theory.

EXAMPLE 3.11.— (sequent calculus: Gentzen’s LK system). These calculi use the
notion of sequent!> (which has already been mentioned). The notion of sequents was
reused in logic programming (see section 6.2).

Capital Greek letters I', A ... denote finite sequences (that may be empty) of wffs,
and A, B, C,... will denote wffs.

I" — A is a sequent.

Ay, Ag, ..., Ay — By, Ba, ..., B, (m, n > 0) means
if Ay AN Ao A ... N A then By V By V ...V B,
Ay, Ag, . A —means ~(A; A As A o A Ap)
— By, By, ..., B,means By V By V ... V B,
Inference rules

1) Structural rules

— Weakening
. I'sA . . _I'»A
left. m rlght. TSA.D
— Contraction
. D,D,T=A . 5. I=A,D,D
left: =5 1=A right: 5K 5
— Exchange
. ,C,DII—-A . . I'=A,C,DA
left: 5 ET=A right: +=X 5G4
— Cut
I'5A,D  D,I5A . ..
T TTSAA % corresponds to the resolution rule (see definition 3.15)

15 From the Latin word meaning “thing that follows”.
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2) Logical rules
. T—=A,D . . DI'—A
= left: el - right: TSA-D
. CT—A DI—A c 14 '=AC T—A,D
Nleft: o555 and oip o N Tight: —F5Kexp
. CI'=-A DTI'—=A s e I—=AC
\Y left T COVDT=A \Y rlght. TSA.CVD and
I'—A,D
I'—-A,CvD

A sequent of the form A — A is called an initial sequent or axiom.

A proof P in LK is a tree (root at the bottom) of sequents such that:
— the sequents labeling the leaves are initial sequences;

— every sequent in P, except for the one at the root, is a sequent that is a premise
of an inference whose conclusion is also in P.

Proof of the law of excluded middle in LK:

A=A
- right
— A, -A
V right
— A, Av-A
exchange right
—AV-A A

V right
— AV A, AV -A

contraction right

— AV -A
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REMARK 3.28.— (limits: Godel’s incompleteness theorems). Together with their
elegance, formal systems are quite reassuring. As they are independent from any
particular interpretation, we can imagine, thinking of their formulas and theorems,
that “nothing gets past them”. This characteristic is mirrored in the formalist school
of thought, which insisted on the purely formal side of mathematics (i.e. an activity
entirely controlled by the rules of the game), and of which the great mathematician
D. Hilbert was one of the principal advocates.

In what is called “Hilbert’s program”, Hilbert, who wanted to obtain sound
foundations for mathematics, stated the problem of finding a formal system (including
arithmetic and mathematical analysis) capable of discovering all mathematical truths
and only those, and not containing any contradiction (i.e. a consistent formal system).
Hilbert wanted to prove the consistency of mathematics using mathematical finitaryl6
methods. Such a result would talk about proofs, it would be a result of meta-
mathematics (sometimes we talk about proof theory or meta-mathematics).

The hopes of Hilbert’s program were crushed by both of Gédel’s incompleteness
theorems. K. Godel (1906—1978), who is considered as one of the greatest logicians
of all times, showed the distinction between what is frue and what is provable.

In his first incompleteness theorem (see section 5.9), he showed that given a theory
T containing arithmetic and assumed to be consistent, in which there are either
finitely many axioms and inference rules or they can be specified recursively, one
can construct formulas G (in the language of 7)) that are undecidable, i.e. ¥ G and
Fr =G (sometimes this theorem is stated by saying that there exist in 7 true formulas
that are unprovable).

The formula G is, for example, “I am not provable”. If Fr G and 7 is consistent
then G would be true, but GG precisely states that it is unprovable. Contradiction.
Hence, G is unprovable.

Arithmetic enables us to encode formulas and proofs as numbers and to state their
properties as properties of integers.

In the system 7, it is possible to encode a formula Cony whose interpretation
is “T is consistent”. Godel’s second incompleteness theorem states that ¥ Cong,
which means that it is impossible to prove the consistency of 7 in 7. O

3.5. The method of Davis and Putnam

The importance of this method and that of the SAT problem are closely related.

16 Although Hilbert did not specify what he meant by “finitist”, all finitary methods can
probably be formulated in the ZFC formalization (ZF + AC) in set theory.
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This method is applied to sets of clauses S, or, equivalently, to cnf formulas (see
definition 3.8 for the terminology).

It permits us to decide whether S is satisfiable or not, and if it is satisfiable, to
produce models of S.

The underlying idea is very simple. If we want to detect whether a set of clauses
admits models, then we consider the literals one by one. A literal L can be evaluated
either to T or to F. If L is evaluated to T, then any clause containing L can be
ignored, and if L is evaluated to F, then L can be erased from any clause it occurs in.
Of course, the same rules apply to L.

The method uses the following rules:

R-0 Remove all clauses that contain tautologies (i.e. clauses of the form L V
LV a).

R-1 a) If S contains two complementary unit clauses, then .S is unsatisfiable.

b) (unit clause rule) If (a) does not apply and if S contains a unit clause L,
then remove all clauses containing L and all occurrences of L¢ from the other clauses.

R-2 (pure literal rule) If L occurs in S, but L¢ does not, all clauses containing L
can be removed.

R-3 (splitting rule) If S contains non-unit clauses in which L and L€ occur, then
replace S by S7 and Ss.

S is the set of clauses in which all occurrences of L have been removed, as well
as all the clauses containing L°.

S5 is the set of clauses in which all occurrences of L¢ have been removed, as well
as all the clauses containing L.

R-4 (subsumption rule) If S contains a clause of the form LV «, remove all clauses
of the form L V o V  (« and 3 are disjunctions of literals).

REMARK 3.29.— We shall also apply R-2 and R-4 when considering the resolution
rule (see section 3.7). t

The algorithm DP applies rules R-1 to R-4 and enables us to detect the satisfiability
(or unsatisfiability) of a set of clauses of PL. It is simple to verify that rule R-0 can be
applied at a preprocessing phase, as the other rules cannot generate tautologies (they
divide or eliminate clauses).

EXAMPLE 3.12.— Consider the set of clauses

S={PvQ,-QVvVS,~SVP-PVR,-RV-PVT,-TV-R}
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end

algorithm DP (S)

input: a finite set of clauses of PL: .S
output: unsat or sat

begin

case
e if S = () return sat

e if R-1 (a) applies (i.e. L € S and L¢ € S) return unsat
o if R-2 applies and yields S; then

if DP (S7) = sat then return sat else return unsat

e if R-1 (b) applies and yields .S; then

if DP (S7) = sat then return sat else return unsat

o if R-3 applies and yields S and S5 then

if DP (S1) = sat or DP (.55) = sat then return sat else
return unsat

end-case

Figure 3.2. Davis and Putnam algorithm (DP)

that corresponds to the following cnf wff:

(PVQ)AN(=QVS)A(=SVP)AN(=PVR)A(-RV-PVT)A(-TV-R)

that shall be represented as a matrix. The deduction proving that S is contradictory is

as follows:

-QVS
-S

-TV-R

!

-QV S
-5
1

-5
X

PvQ@
—QVS
-SVvP
-PVR
“RV-PVT
=TV -R
v N (R-3)
-QVS
R
-RVT
=TV -R
(R-2) L R-2)
R
-RvVT
=TV -R
(R—1b) 1 (R—1d)
T
=T
(R—1a) X (R—=1a)
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EXERCISE 3.30.— We consider the following deductive system (i.e. with no logical
axioms: A = (), see definition 3.9):

Spp =< L,R >

where:

L: sets of clauses.

R={R-0,R-1,R-2,R-3,R4 }

Prove that the Davis—Putnam method is sound and complete (see definition 3.12).

Here we can translate:

sound: if S Fs,, (S unsat ) then S unsat;

% which means “the method can be trusted”

complete: if S unsat then S s, . (S unsat)

% which means “we can detect all unsatisfiable sets of clauses with this
method”. U
3.5.1. The Davis—Putnam method and the SAT problem

In the literature, this method is often presented as a means to solve the SAT
problem.

Inspiring from the soundness and completeness proofs (see solution to exercise
3.30), it is simple to obtain the algorithm that constructs the models of satisfiable sets
of clauses.

Example 3.13 clearly shows the stages of the algorithm for model construction.

The two following properties, whose justification is trivial, are very useful to
design the algorithm (the first one is not used in the example).

Let S denote the set of clauses under consideration, M is a set specifying the
potential model that is currently being built.
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—If C € S and C is a unit clause (i.e. C contains only one literal L), then
necessarily L € M.

—L € C € Sand Lis pure then M < M U {L} (at the start M < {L})is a
model of S.

REMARK 3.30.— If a clause becomes a unit clause and/or a literal becomes pure by
application of the rules and L¢ € M, then the model is not viable. U

EXAMPLE 3.13.— Determine whether the set of clauses £ below is satisfiable or not.
If it is, give models of this set.

Rv -PV Q
-Rv Pv S
-RV =PV -Q
—\R\/ -PVv Q
Pv Qv =S
M (=P} M (P}
-Rv S RV Q
Qv =S -RV -Q
M — MU{Q,~R} "RV Q
M= {-P,Q,-R}
M= MU {-R} M — MU{R}
M:{P‘_!R} M={P.R}
Q -Q
M= MuU{Q} Q
M={P!Q7_‘R} X

We have therefore constructed four models for £:
{ﬁP7 Q’ ﬁR? S}? {“P7 Q? ﬁR? “5}7 {P7 Q’ ﬁR’ S}? {P7 Q’ ﬁR’ ﬁ“SV}‘

Of course, we could have stopped searching after obtaining the first model (for
example {—P,Q, R, S}). O

EXERCISE 3.31.— For the set of clauses S of example 3.13, is it possible to find other
models by applying the method of Davis and Putnam with another strategy? O

3.6. Semantic trees in PL

We start by noticing that semantic trees method # semantic tableaux methods.
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— The method of semantic tableaux is used to enumerate models (partial models in
first-order logic) of a set of wifs.

— The method of semantic trees is used to enumerate the interpretations (partial
interpretations in first-order logic) of a set of clauses.

DEFINITION 3.13.— Let S be a set of clauses, the base of S, denoted by B(S) is
defined as follows:

B(S)={L| L positive and [(LeCe€S) or (L°€C €S|}
Given an enumeration of the elements in B(S):
B(S) ={L1,La,...,L,}

(or B(S) ={L1,Lo,...,Ly,...} if S is infinite).

— A semantic tree for S is a binary tree with branches that are labelled as follows:

fin]) = Liga fr(nl) = ~Lia

(L, € B(S); 0<i<n-—1)

fi: left son fr: right son

(i > 0): depth of the node; (1 < j < 20Y): position from the left-hand

side to the right-hand side.

It is clear from the definition that:
- a branch cannot contain L € C € Sand L € D € S;
- the set of branches corresponds to the set of interpretations of S.

— The node n; (for the least value of i) whose branch (interpretation) going
through n; is a counter model of a clause in S is called a failure node (denoted
by x). A branch containing a failure node is a closed branch. A branch that is not
closed is open and corresponds to a model of S (when S is infinite, an open branch is
necessarily infinite). U

— A semantic tree is closed iff all its branches are closed (i.e. all its leaves are
failure nodes). Otherwise, it is open.

— A node is an inference node iff its immediate descendants are failure nodes.

THEOREM 3.2.— S: finite set of clauses.

S is unsatisfied iff there exists a closed semantic tree T for S.

PROOF.— If,

Every closed branch is a counter model of a clause in .S, and therefore, of S.
As the semantic tree enumerates all the interpretations and 7' is closed, S must be
unsatisfiable.
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Only if,

S is unsatisfiable, hence no interpretation can be a model of S; thus, there cannot
be any open branch By in T'. Otherwise, By would not falsify any clause in S and
would therefore be a model of S: contradiction. 7" is necessarily closed. ]

EXAMPLE 3.14.— Consider the set of clauses:
S = {017 027 C3a 04}
where:

Ci:PVQV-R
Cy: =PV Q

C3: PV-QVR
Cy: ~QV R
B(S) = {P,Q. R}

XX X X
36, ¢ G

We have, therefore, found two models among the eight possible interpretations:
{Q, R, P} and {-Q,—~R,—P}
and six counter models:

{Q,R, P},{Q,R,~P},{Q,~R,~P},{-Q, R, P},
{ﬁQ’R’ ﬁP}’ and {“Qa“RaP}'
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EXERCISE 3.32.—

a) Give a semantic tree (there are many of them, depending of the order chosen on
B(S)) for the set of clauses:

S =

with:

Ch:
Co:
Cs:
Cy:
Cs:
Cs:

{017 027 037 C47 057 06}

PVQ
-QV S

PV S
~PVR
~PV-RVT
~RV T

b) Mark out all the inference nodes. What meaning do these nodes have?

¢) Give a semantic fableaux for S. O

EXERCISE 3.33.— Give a semantic tree for the set of clauses below:

Ci:
Co:
Cs:
Cy:

-PV-QVR
PVR
QVR

-R
t

REMARK 3.31.— In the proof of the following theorem, we shall extend the definition
of semantic trees to arbitrary wifs of PL without loss of generality.

The definition of a tree is the same. The only difference is that there is no uniform
way to close a branch, as it was the case for sets of clauses, but we must take into
account the connectives that occur in the formula that is evaluated in the partial
interpretation under consideration.

Another possibility is to consider an equivalent set of clauses for each wif. O

THEOREM 3.3 (compactness of PL).— S a set of wffs of PL.

If every finite subset of S is satisfiable then S is satisfiable.
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PROOF.—

—If S is finite then the proof is trivial: .S is a finite subset of S and is satisfiable
by hypothesis.

— If S is infinite,

i) B(S) < oo, necessarily, there are infinitely many formulas that contain the
same propositional symbols, they only differ by the number of occurrences of these
symbols and, of course, by the number of connectives.

The corresponding semantic tree is therefore necessarily finite, and it is either
closed (same reasoning as in (a) below), or it is open, and any open branch is a model
of S.

ii) B(S) ={P1, P2, ... P, ...}

A semantic tree for this case is:

Warning: this figure does not entail that the set of interpretations for a
denumerably infinite number of base symbols is denumerably infinite (see
exercise 3.1).

There are two cases to consider.

a) All the branches are closed (at a finite depth); in this case (same reasoning as for
finite semantic trees) S is unsatisfiable.

If n € N is the maximal depth of the failure nodes, then the finite subset of S

S"A{F; | U, Propset(F;) = {P1, Ps,...,P,}} with card(S") < 2™ (i.e. S’ is
finite) is unsatisfiable.

Propset(F;) denotes (as usual) the set of base symbols in F;.

We have proved that if S is unsatisfiable, then there exists a finite subset of S that
is also unsatisfiable, i.e. the contrapositive.

b) There exists at least an open branch. It is necessarily infinite (there are infinitely
many formulas) and it represents a model of S (as it does not falsify any formula
in S). U
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REMARK 3.32.— This theorem is essential for the definition of a semi-decision
procedure for first-order logic (see theorem 5.7).

To get an idea, consider the following expression:
)forallz e N, x >0

and the infinite set of propositions:
2){0>0,1>0,2>0, ...}

(1) and (2) have the same meaning.

The compactness theorem does not apply for all logics. To convince, it suffices,
for example, to consider the following set:

S:{reNzx#£l,x#2,0+#3,..}

Every finite subset of S is satisfiable, but S is unsatisfiable. O

3.7. The resolution method in PL

This method is one of the most widely used in practice (especially its version for
first-order logic). It uses a unique inference rule, which makes it particularly easy to
implement, but it needs a normal form: the clausal form (or cnf) (see definition 3.8)17.
We begin by a remark.

REMARK 3.33.—

— The method requires a set of clauses (cnf) as an input. This is not a limitation
since any wff in PL can be transformed into an equivalent formula in cnf.

— A clause (or a set containing a clause) is, by definition, satisfiable.

— PA—P isnota clause, although this contradiction is represented by the so-called
empty clause (denoted by O). P is a unit clause and =P is another one.

— We indifferently consider a wff in clausal form as a wff in cnf or as a ser of

clauses, and clauses as sets of literals. O
DEFINITION 3.14.— Let S = {C4,...,Cy} denote a set of clauses. A set of literals
M is a model of S iff:

if L € M then L¢ ¢ M and:
Cv (1M # 0(1<k<n)

17 There also exists a non-clausal resolution.
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(This definition can be expressed in English by saying: to evaluate a set of
clauses to T, all its clauses must be evaluated to 'T. A literal cannot be evaluated
to T and F simultaneously. To evaluate a clause to 'T, at least one of its literals must

be evaluated to 'T).

As a consequence, if all the literals in a clause are evaluated to ¥, then the clause

will be evaluated to F.

DEFINITION 3.15.— Given two clauses containing complementary literals:
Ci: LV a(«a: disjunction of literals, i.e. a clause (see definition 3.8);
Cy: LeV B (B: disjunction of literals, i.e. a clause (see definition 3.8).
The inference rule, named the resolution rule is defined as follows:

Lva L°vp
' aVpi
we will also note it (see remark 3.33):

R(Cy,Cy) = C o, if in order to underline the complementary literals,
R(C1,Co, L, L) =C
where:
C =G\ {LH U2\ {L})
The clause C: «V (3 is called the resolvent of C and Cs.

C1 and C5 are the parent clauses

C' is a logical consequence of {C1,Ca} (of C1 A Ca), but C' is not equivalent
to C1 N\ Cy (every model of o (respectively, ) is a model of the resolvent, but not
necessarily of both parent clauses).

In the case in which « and 3 do not contain any literal:

L =L
O

where O, which denotes a contradiction, is called the empty clause.
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We shall use the rule:
a VL VBV LVBV y

Abs :
y a VL VBV y

(where a, B, and ~y are disjunctions of literals). This rule boils down to considering
clauses as sets of literals (see definition 3.8 or equivalently) to using the associativity,
commutativity, and absorbing properties of V (i.e. (a« V B) V v a V (8 V7),
LV a<& oV LandL V L & L, respectively).

REMARK 3.34.— (empty clause # empty set of clauses). It is very important not to
confuse the empty clause with an empty set of clauses. The former is unsatisfiable
and the latter is satisfiable (the set does not contain anything, it cannot contain a
contradiction).

We can provide a more formal proof. By reductio ad absurdum: if ) is
unsatisfiable, then (for example) {A V B} = () U {A vV B} would be unsatisfiable,
as it contains an unsatisfiable subset. However, {A V B} is satisfiable (models { A},
{B}, and {A, B}). A contradiction, so () is satisfiable. O

For non-deterministic rules such as resolution, it is useful to define an operator that
permits us to capture all resolvents that can be obtained by applying the resolution rule
in every possible way.

DEFINITION 3.16.— (R operator). Let S denote a (finite) set of clauses:
R(S)=SU{R(C1,Cs) | C1,C2 € S}
RY(S) =S
R™L(S) = R(R™(S)) pourn >0

R*(S) = UnZO R™M(S)

REMARK 3.35.— Tt is clear that for a finite set of clauses S that is satisfiable, there
exists an n such that:

R*(S) =R"(S)
(see exercise 3.36). O

REMARK 3.36.— (dual of resolution). The duall8 of the resolution rule, the consensus
rule, existed before and applies to the test of the validity of dnf formulas, and to their
simplification. The disjuncts are also called clauses.

18 The dual of the expression \/(z,y,...,z2) is defined as =(A(—z,y,...,z)), where
z,vy,. ..,z are literals.
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The consensus rule applies to (conjunctive) clauses assumed to be non-
contradictory, non-tautological, and is defined as follows:

LAha LCAB

Cons oA B

«, f(: conjunctive clauses.

The conjunctive clause o A (3 is called the consensus of LA« V L° A B.

It is simple to check that every model of a A 8 is amodel of L A o \/ L€ A 5.
Here, the dual of the empty clause denotes L \/ L€, and is therefore a tautology. As
the disjunction of two clauses is a logical consequence of their consensus and as the
logical consequence of a tautology can only be a tautology, obtaining the dual of the
empty clause proves the validity of the initial formula. O
DEFINITION 3.17.— (a deductive system for resolution).

Sp=<L,R,A>

L: clauses and sets of clauses

R ={R, Abs} % R, Abs from definition 3.15

A=10

Clause C' is deduced by resolution from the set of clauses S, denoted by:
S ks, C(orS Fr C)

iff:

there exists a finite sequence C', . .., Cj,

and:
Cp=0C
Cit1 = R(Cpn.Co) (0< i <k —1)
O, Cn € S J{C1,-... Ci}

the sequence Ch, . ..,Cy is called a deduction starting from S, and if C = O, it is
called a refutation of S.
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For the resolution method, soundness and completeness (for refutation; see also
definition 3.12) are stated as follows:
soundness: S Fx O then S is unsatisfiable (contradictory);

completeness (for refutation, or refutational completeness): if S is unsatisfiable
(contradictory) then S Fr O

REMARK 3.37.— The expression completeness for refutation applied to the resolution
method can easily be explained by noticing, for example, that:

A JféSR AV B
Although A Vv B is obviously a logical consequence of A.

However, by negating A VV B, we obtain a set of clauses {A, ~A, B} from which
the clause O is immediately obtained using the resolution rule between A and —=A. O

THEOREM 3.4.— Let S denote a satisfiable set of clauses and M a model of S,

IfS ts, CithenM [ C#0

PROOF.—
Ci€SCyeSLeC LfeCy
R(Cy,Cs, L, L%) = C = (C: \ {L}) | J(C2 \ {L})

As M is a model of S, M is a model of all the clauses in S, hence:
M(\Cy # 0 and M) Ca # 0.

There are three cases to consider:

i) if L € M and as M is a model of Cjand Cs, there exists K € Co \ {L¢} and
K e M;
hence, by definition of rule R: K € C, thus:

MﬂC’#@;

ii) if L¢ € M, then thereexists N € C; \ {L} and N € M
N € C (by definition of rule R) thus:

MﬂC’#@;
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iii) If L ¢ M and L¢ ¢ M, then M does not depend on the values assigned to L
and L€, hence:

M(\C #0.

The proof is completed by applying the definition of a deduction and by induction
on the length of the deduction. O

REMARK 3.38.— This theorem can be stated with another notation:
If =7 S, then =7 C %(C € R(S))
We have used the contrapositive, i.e.
if ¥z C then 1 S

to close branches in the semantic tree, and it is also used in very efficient SAT solvers
(programs that solve the SAT problem) to prune the search space. Indeed, when we
verify that the proposed interpretation (partial in general, but that can be sufficient to
evaluate some clauses) falsifies a clause (original or deduced by resolution), there is
no need to keep going in the same direction. U

COROLLARY 3.1.— (soundness of resolution). The resolution method is sound.

PROOF.— Trivial, using the previous theorem.

IfS ks, O

and S is satisfiable, then O would be satisfiable, which is impossible

Hence:

S is unsatisfiable. O
EXERCISE 3.34.— Prove the refutational completeness of the resolution method. [

EXERCISE 3.35.— Prove that tautologies can be eliminated from a refutation by
resolution, without losing refutational completeness. O

EXAMPLE 3.15.— This example exhibits many features. We want to use the resolution
method to prove that the set of clauses:

S={-PV-QVR,PVR,QVR,~R}

is unsatisfiable, in order to design a program later on that will do the same thing.
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The main problem is how to handle non-determinism (i.e. the choices when the
resolution rule is applied). Before analyzing the good choices for the application of
the rule and to be sure that the method will work in all cases, we decide to apply the
“brute force method”, i.e. we apply all choices for a given enumeration and we check
whether we obtain (in the original set of clauses along with those that are deduced)
two complementary unit clauses (the only contradiction that can always be detected
mechanically).

The notation on the right-hand side of the formulas:
(1,7) = (k) (1<i<4; 1<5<3; 2<k<12; 1<1<2)

means that we apply the resolution rule by choosing the literal at position j (from left
to right) of clause number ¢, and its complement at position [ in clause number k.

This notation will show its utility for resolution in first-order logic.

1) -PV-QVR

9) PVR

3) QVR

4) -R

5 -QVR (1,1) - (2,1)
6) -PVR (1,2) — (3,1)
7) APV-Q  (1,3)—(4,1)
8) P (2,2) - (4,1)
9) Q (3a 2) - (4a 1)
10) -Q VR (1,1) — (8,1)
11) -PVR (1,2) — (9,1)
12) R (2,1) = (6,1)
13) O (4,1) — (12,1)

Note that a same clause can be deduced more than once (for example, 5 and 10; 6
and 11).

Compare this to the closed tree (that corresponds to the same set of clauses)
of exercise 3.33, in which we “stumbled upon” the correct construction order for
the tree.

After an analysis of the refutation once it is obtained, it turns out that only 6 and
12 were necessary to detect a contradiction. Does it seem possible to know this before
the refutation? (|

EXERCISE 3.36.— How can we detect that a set of clauses is satisfiable using the
resolution rule? Give an example. O
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EXERCISE 3.37.— Use the resolution method to prove the following results:

a) Prove that S is unsatisfiable:
S={P,-PVQ,~QV R,-QV -R}

b) Prove that S is unsatisfiable:
S={R,QV-R,SV-R,PV-QV~-S-PV-QV-S}

¢) Is S satisfiable or unsatisfiable?
S={PVvQ,PV-Q,RVQ,RV-Q}

d) Prove that S is unsatisfiable:

S ={-P,-R = W,QV(-T = -PA-S),-P = (SA-R),-Q,—S,-T,-R =Y}

e) Prove, first by using any method you would have chosen when you did not know
the resolution rule, then by resolution, that the following reasoning is correct:

ANB=CAD
ENF =G
GAND=H

A
B
F
E
H

f) Prove, using the resolution rule, that the reasoning of exercise 3.8 is not correct
(using the formalization that is given with its solution). O

REMARK 3.39.— The following remarks are direct consequences of the definitions:

— every subset of a satisfiable set of clauses (and more generally of a set of wiffs)
is satisfiable;

— every superset of an unsatisfiable set of clauses (and more generally of a set of
wifs) is unsatisfiable. O

DEFINITION 3.18.— An unsatisfiable set of clauses S is minimally unsatisfiable iff for
all R C S (i.e. forall R C S, R # S), R is satisfiable.

EXERCISE 3.38.— A minimally unsatisfiable set of clauses does not contain any pure
literal (see exercise 3.30).

Is an unsatisfiable set of clauses that does not contain any pure literal necessarily
minimally unsatisfiable? O
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THEOREM 3.5.— If S is unsatisfiable then there does not exist any interpretation that
falsifies all the clauses in S.

PROOF.— If S contains clauses with pure literals, then they can be eliminated (see
exercise 3.30).

Assume that there exists an interpretation Z that falsifies all the clauses in .S. By
definition of a clause, Z evaluates all the literals in C to F'.

As all clauses with pure literals have been removed from S, if L € C € S, then
there exists L¢ € D € S. L€ is evaluated to T, so that (by definition of a clause) D is
also evaluated to T. A contradiction. Therefore, Z cannot exist. O

COROLLARY 3.2.— If S'is an unsatisfiable set of clauses and Z is an interpretation for
S, then there exists S; C S, S5 € 5,51 # 0, Sy # (0, S; NSy = P such that Z is a
model of 57 and a counter model of S5. O

REMARK 3.40.— We have seen different proof procedures also called calculi (formal
systems or “a la Hilbert”, tableaux, resolution, etc.). We may then wonder “does there
exist a proof procedure that is uniformly (i.e. for all problems) better (for example, in
the number of steps) than the others?”. The answer (as we might expect) is no. O

A notion that is naturally associated to the non-determinism problem is the notion
of strategy. This word has a technical meaning that is very similar to the one of
everyday language.

A strategy is a rule that is used to select the application choices of an (several)
inference rule(s) to reach a certain goal, in general, by reducing the number of choices,
hence the search space (i.e. the set of all possible applications before finding the
desired result or stopping). Sometimes, the goal is to reduce the number of steps
before reaching a solution.

3.8. Problems, strategies, and statements

A very large class of problems can be defined in an abstract way as a triplet
(E,I,G), where E is an environment, I an initial state, and G a goal to reach. The
search of the proof of a theorem is a particular instance of this triplet (with E: a
theory, I: the hypotheses, and G: the formula to prove). We shall come back to this
topic later.

The resolution of problems generally requires non-determinism to be handled.
Finding a “good way” of handling non-determinism is of the utmost importance.
The study of how non-determinism can be handled concerns planning and strategies,
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and is part of Al (in particular automated deduction and proof assistants), of operations
research, of complexity theory, of robotics, etc.

These topics have been widely studied, but another problem that is as important,
although it is less studied, is the statement of the problem. Here, it is necessary to
distinguish between the statement of a problem in different languages or logics! from
modifications of the statement in the same logic (see Chapter 9).

3.8.1. Strategies

From the start, people realized that it would be impossible to deal with interesting
problems of mechanical proofs without associating strategies to the calculi (calculi are
sets of non-deterministic inference rules).

Of course, people wondered what the best way of handling non-determinism would
be, via a perfect procedure (strategy), i.e. that never generates any redundant formula,
no matter the problem to be solved.

The non-existence of such a procedure is intuitively obvious (knowing exactly
what information is required to prove a theorem boils down to knowing how to prove
this theorem).

It can be shown (using well-known results from computability theory) that there
are no complete procedures for refutation (for example, resolution) that are perfect, i.e.
that never generate formulas (clauses) that are not necessary for the proof (refutation).

We can define a proof procedure in an abstract way, as a couple (7', 3), where T
is a formal system (see definition 3.9) and ¥ is a strategy for 7.

It is interesting to note that, in general, books on logic only mention proof systems
by identifying them with 7" without any mention to the strategy.

To define the abstract notion of an automated proof, we define the notion of a proof
graph, which naturally follows the definition of operator R (see definition 3.16). The
formulas have a level that is not unique (hence the usage of graphs instead of trees),
and is defined in a standard way as being one level greater than the formulas of which
they are a direct consequence. In other words, if we use resolution, the level of the
resolvent is one level greater than that of its parents (input clauses have level 0).

19 Important works have been carried out on this topic, in particular, by Godel on second-order
logic compared with first-order logic.
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The theorem prover problem for a triplet:
(So, T, F)

is defined as the problem of using a strategy X to generate a set of formulas F', with:
Sp: input set;
I': set of inference rules;
I(S;) = Uizj INCHE
F': set of formulas that are subsets of the consequences of Sy (i.e. F' C I'*(Sp))

and:
% : 2 — 29 where G is the proof graph.

By unfolding the graph to obtain a tree, we associate to each node a derivation, which
permits us to associate a measure of the derivation with strategy 3 to each leaf.

We can slightly modify the definition to also characterize proof assistants, and in
particular proof verifiers.

An abstract proof verifier is a 5-tuple:
(So,T', F, P, %)

where P is the set of formulas of the alleged proof (if P = (), then we have a
completely automated theorem prover, if P contains all the steps of a proof, we have
a verifier, if we feed some lemmas to it, we have a proof assistant or an interactive
theorem prover). Here, we have included the strategy that is not necessarily uniform:
we may think of X as a set of strategies. Of course, the theory in which the proof is
carried out is contained in Sy.

DEFINITION 3.19.— A strategy st for resolution is complete iff for all sets of clauses S':
I‘fS FR \:‘, then S FR+St 0O.

EXAMPLE 3.16.— An example of a strategy for resolution is the input strategy: given
a set of clauses .S, the resolution rule is always applied with at least one clause in .S
(the set of input clauses). U

EXERCISE 3.39.— a) Give a refutation of the set of clauses S below:
S={R,~RVQ,~RVS,-PV-QV-S,PV-QV-S}

using the input strategy.
b) Is the input strategy complete? Justify. (]



112 Logic for Computer Science and Artificial Intelligence

EXERCISE 3.40.— As the goal of the resolution method is to detect an elementary
contradiction (i.e. between two unit clauses), an interesting strategy would be to
always apply the resolution rule with at least one parent clause that is a unit clause
(if both clauses are unit clauses and the resolution rule can be applied, then we can
stop, as we generate ).

This strategy is called the unit strategy.
Is this strategy complete? Justify. U

DEFINITION 3.20.— (complexity of a proof, complexity of a method). The complexity
of a proof (refutation) by resolution of a set of clauses S, denoted by Compy (S), is
the number of distinct clauses in the proof (refutation) of S.

The complexity of the resolution method on sets of clauses of cardinality n, denoted
by Compy, (n), is defined as follows:

CompR(n) = MaXcqrd(S)=n minComer(S)
The complexity problem of proofs in PL has been studied in detail since the end
of the 1960s.

EXERCISE 3.41.— Prove that every set .S containing all 2™ (distinct) clauses of length
n that can be formed using n propositional symbols is unsatisfiable. U

EXERCISE 3.42.—

a) Consider a set of n propositional symbols and let p = "3, i.e. the smallest
integer such that p > 3.

Prove that the set S of all positive and negative clauses of length p that can be
formed using n propositional symbols is unsatisfiable.

b) Does this property still hold if we simply letp >, 5 (i.e. the smallest integer
that is greater than 5)? O

EXERCISE 3.43.— The pigeonhole principle can be stated as follows:

“If we store n objects (n € N — {0,1}) in n — 1 boxes, then there is (at least) one
box that holds (at least) two objects”, or

“There is no injective application ¢ : {1,2,...,n} — {1,2,...,n — 1}".
We want to prove (for fixed values of n) this principle, using the resolution rule.

Points (a) and (b) below can be swapped.
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a) Consider a fixed, arbitrary value of n, and specify by a schema?0 of sets of
clauses of PL the set of injective functions from {1,2,...,n} to {1,2,...,n — 1}.
Let S,, denote this set of clauses.

b) Fix n = 3 and give Ss.
c¢) Can you give a refutation of Ss in six resolution steps? In ten? O

EXERCISE 3.44.— Can a set of clauses containing neither any positive clause nor any
negative clause be unsatisfiable?

As a corollary to this answer, prove that an unsatisfiable set of clauses contains (at
least) one positive clause and one negative clause. O

EXERCISE 3.45.— (three-colorability). Use propositional logic to specify that with
three different colours, it is possible to color a map with N countries, such that each
country is colored with a unique color and two neighboring countries are never colored
with the same color (there will be maps for which no such coloring is possible). As
N € Nis not specified, provide a schema of the specification.

This is clearly a reduction to the SAT problem. The three-colorability problem is
therefore also in NP.

What is the size of this specification? (See also example 9.36.) U

3.9. Horn clauses

These clauses are particularly important in computer science.
DEFINITION 3.21.— (Horn clauses). If L, P, L; (1 < i < n) are positive literals, a
Horn clause or conditional formula is of one of the following forms:
H L

2) Vie, —L;
3y PVVi_ L, or\_(Li=P) or (N, Li)=P

EXERCISE 3.46.—
a) Prove the following theorem.

If H is a satisfiable set of Horn clauses then the intersection of any nonempty
set of models of H is also a model of H.

Horn clauses admit the model intersection property.
Note that this theorem also holds for Horn clauses in first-order logic.

b) If we replace “Horn clauses” by “clauses”, does the theorem still hold?
Justify. O

20 Necessarily, as n is fixed but unknown.
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3.10. Algebraic point of view of propositional logic

G. Boole introduced the idea that it was possible to treat propositional logic
as algebraic expressions in his books Mathematical Analysis of Logic and An
Investigation of the Laws of Thought on Which are Founded the Mathematical
Theories of Logic and Probabilities. The goals of his research is very well synthesized
in the titles (for Boole, mathematical theories means “calculus”; in the case of logic
“calculus” would now translate into “algebra”).

REMARK 3.41.— In particular, the method proposed by Boole permits us a
mathematical treatment of Aristotle’s syllogistic.

It also permits us to compute the probabilities of propositions expressed using
non-elementary wiffs, and to introduce probabilistic inferences, i.e. inferences that,
starting from the probabilities of the premises (events with given probabilities) permit
to compute the probability of the conclusions (event whose probability we would like
to know). U

REMARK 3.42 (Euler circles, Venn diagrams).— Diagrams are not considered as a part
of formal logic, but it has always been acknowledged that they have a great heuristic
value and are very useful for informal reasonings.

It suffices to recall how simple it can be to explain the set-theoretic operations of
union, intersection, etc., to young children.

Recently, there has been a renewed interest for diagrams in computer science
(systems engineering, visual programing, etc.) and in Al (knowledge representation,
cognitive and philosophical aspects, etc.).

The most famous names associated to different kinds of diagrams are Euler, Venn,
L. Carroll, and C.S. Peirce.

John Venn, who admired G. Boole, used diagrams in his book Symbolic Logic that
have become very popular.

We give examples of Euler circles (left-hand side) and Venn diagrams (right-hand
side), together with two syllogisms whose soundness is verified using these diagrams.
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Notice that in set theory, contrary to Venn diagrams, the shaded parts represent
classes of elements that have a given property.
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We first recall the definitions that permit us to characterize PL using algebra.

Usually, lattices are defined in two separate ways: one as an algebraic structure
and the other based on orderings.

DEFINITION 3.22.— (Boolean algebra). A Boolean algebra is an algebra (see
definition 5.4), that is a lattice (1'1-T'4), which is distributive (T'5), bounded (T6),
and with complements (T'7):

(the operations \/ and N\ are, respectively, called join and meet.

B=<T;{V,A,~,1,0} >

and for all x, y, z in T (T non-empty, see definition 5.4)

T1)
a)xNy=yVazx
b)xNy=yAx

T2)
a)xV(yVz)=(xVy)Vz
b)xANyAz)=(xAy)Az

T3)
a)rVr==x
b)xANx==x

T4)
a)xA(xzVy) =x
b)xV(zhy) ==z

T5)
a)xAN(yVz)=(@Ay)V(xAz)
b)xV (yAy)=(zVy)A(zVz)

T6)
a)xV0==x
b)xNl==x

T7)
a)xNVNT =1
b)xANx=0.

EXAMPLE 3.17.— (set theory, Boolean algebra and PL). Let U denote a set (universe).
The algebra:

<PU);{u,n,”,U,0} >
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where:
P(U) : set of subsets of U

is a Boolean algebra.

The well-known relationship between (operators of) set theory and connectives in
PL is given in the following table:

U=V
A=A
-
U~ 1(T)
0 — O(F)

More generally, every Boolean algebra is isomorphic to a non-empty family
(of subsets of a set) that is closed for the union, intersection, and complement
operations?21, O

Before giving the definition of a lattice based on the notion of orderings, we recall
the definitions of a partial order, sup, and inf.
DEFINITION 3.23.— (order).

— A partially ordered set or poset < A, <> is a set A # () and a binary relation
= that satisfies, for all x,y, z in A:

OPl)x 2 x % (reflexivity)
OP2) ifx Ryandy =< x, thenx =y % (antisymmetry)
OP3) ifx Ryandy =< z, thenx < z % (transitivity)

if furthermore:

OP4) x < yory < x
then < is a total order and < A, <> is a totally ordered set or chain.

(OP1), (OP2), and (OP3) define an order relation and (OP1), (OP2), (OP3),
and (OP4) a total order relation .

— Let < A, 2> denote a poset and H C A, a € A is an upper bound of H iff for
allh € H h X a. If for all upper bounds b, a < b, then a is called the supremum (or
least upper bound), denoted by sup. The supremum is unique.

21 When U is finite, this notion corresponds to that of finite probability spaces.
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Similarly, we define the infinum (greatest lower bound), which is unique and
denoted by inf.

We define z < y iff x < y and z # y.

Similarly, we define v < yiff xt < yora =y.

An equivalent definition of partially ordered sets follows.

DEFINITION 3.24.— (order-bis).

— A partially ordered set or poset < A, <> is a set A # () together with a binary
relation < satisfying, for all x,y, z in A:

OPl)z £«x % (irreflexivity)
OP2)ifx < ytheny £ x % (asymmetry)
OP3)ifx <yandy < z, thenx < z % (transitivity)

Note that (OP1’) and (OP3') are sufficient to axiomatize an order (see
exercise 5.3 d)).

A total order is often defined as follows:

DEFINITION 3.25.— (total order-bis).

— A totally ordered set, < A, <> is a set A # () together with a binary relation <
satisfying, for all x, vy, z in A:

OTl) x4z % (irreflexivity)
OT2) ifr <yandy < z, thenx < z % (transitivity)
OT3) (z<y)V(r=y)V(y=<x) % (trichotomy)

THEOREM 3.6.— A poset < A, => is a lattice if sup {a,b} and inf {a,b} exist for all
a,be A

(We define a N b :%F sup {a,b}; a Ab 2T inf{a,b})
EXAMPLE 3.18.— The algebra:
<{0,1},{Vv,A,—,1,0} >

with V, A, — defined in definition 3.6 (with 0: F, 1: T and, asin N: 0 < 1)is a
Boolean algebra (the simplest one). O
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DEFINITION 3.26.— (congruence, quotient algebra). An equivalence relation (i.e.
a reflexive, symmetric, and transitive relation) ~ in an algebra < A;F > is
a congruence relation iff for all the operations denoted by the function symbols
fm e F:

if ax ~ by, ag ~ bo ..., an ~ by; a;,b; € Al < i < n), then
far, a9, an) ~ f0) (b1, b, ..., bn).

The equivalence classes are denoted by | a; |.

We can define the operations f™ on the partition induced by ~ (denoted by
Al ~):

fP arl,laz || an ) =] f™(ar, a2, an) | -

The algebra:

<A/ ~ ALY somer >

is called the quotient algebra.

If we consider the language £, and we define the binary relation ~:
foral G e Lo F~GiffEF < G
~ is an equivalence relation.

The equivalence classes thus defined represent the formal definition of a
proposition (see also exercise 3.6).

By defining:

ﬁ|F|:def\ﬁF\
| V]G FVvG
|F NG| FAG|
0:%f | FA=F |
1:4f| Fv-F |

the algebra:
LA=< EO/ ~, {\/, /AVE T S 0} >

is a Boolean algebra, called the Lindenbaum algebra of PL.






Chapter 4

First-order Terms

4.1. Matching and unification
4.1.1. A motivation for searching for a matching algorithm

Imagine that in example 3.9, you are given the first step of an alleged proof:
1) A= (A=A)=A)=(A=A=4)=(A=A))

without any justification, and that you (legitimately) wonder: “how can I be sure that
this wff is a possible first step of a proof?”.

If formulas (structured strings) are represented as trees, answering this question
reduces to finding what replacements should be carried out in the axiom schemas so
as to find the desired wiff (in a proof, this is the only possibility for the first step). We
therefore try the axiom schemas one by one.

(1) =
e p

=N
e
N
e

=N
VAN
SN
SV
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We will use X, Y, and Z for the meta-variables that appear in the axiom schemas
to better emphasize that they are to be replaced.

(A1) =
YRR
X =

N
Y X

It is simple to see that there is no way to replace the variables in (A1) to identify
(A1) with (1): we would need to replace X with A (rightmost leaf) and X with A =
((A = A) = A) (leftmost leaf).

Let us try with (A2):
(A2) =
Ve N\
= =
vd N\ Ve N\
X
= = =

v\ v N\ v\
Y Z X Y X Z

We realize that the trees (1) and (A2) can be identified by replacing:
X+ AY+— A=A Z+ A

As a conclusion, (1) can indeed be the first step of a proofin S.

In this example, we assumed that only one of the trees contained variables. Let us
see what we would do if both the two terms to be made identical contained variables.
In what follows, z, y, z, . . . denote variables (they are objects that can be replaced by
other objects) and a, b, c, ..., f,g,... denote constants (they are objects that cannot
be replaced by other objects).

Since we want to design a general algorithm, if f, g, ... denote function symbols,
then we assume they do not have any particular property (associativity, commutativity,
etc.).

f f

N\ N\
a Ty b

These trees can be made identical as follows:

{z < by + a}
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These trees can be made identical by assigning:
{y < g(h(a,b),c),x < h(a,b)}.

Trying to unify the following trees:

N N

T a f a

poses a problem. Which one?

4.1.2. A classification of trees
Finite trees

EXAMPLE 4.1.—
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Rational infinite trees (i.e. with a finite number of subtrees)

EXAMPLE 4.2.—

ie.:

f
v O

a

with a linear notation: f(a, f(a, f(a,... O

Non-rational infinite trees

EXAMPLE 4.3.—

Q< <~

QR —Q 9 <

with a linear notation: f(a, f(g(a), f(g(g(a))), f(... d

In the next section, we will formalize the concepts that have been introduced in an
intuitive way.
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4.2. First-order terms, substitutions, unification
Let:
V denote a set of variable symbols;
V={x1,22,...};

F denote a set of function symbols, containing constants in particular, which are
denoted by C, C C F.

An arity (n; > 0; ¢ > 1) is associated with every function symbol (representing
the number of its arguments). Constants are of arity 0.

F={fm) glna)

VNF=0

DEFINITION 4.1.— (terms). The set of terms constructed on {V,F}, denoted by
X(V,F), is the smallest set such that:

1)ifex eV, thenx € XV, F);
2)ifaeC, thenae X(V,F);
3)iffM € Fandty, ... t, € S(V,F), then (" (t1, ... ,t,) € SV, F).

(Note that rule (2) is included in rule (3). It was added here for the sake of clarity).

Terms without any variable (i.e. ¥(F)) are called closed terms.

REMARK 4.1.— Infinite trees are not terms.
Unless stated otherwise, we shall note variables w,v,z... and constants
a,b,c,... O

DEFINITION 4.2.— (variables, constants, depth of a term).
— The set of variables in a term t, denoted by Var(t) or V (t):

teV {t}
Var(t) (or V(t)) = teC 0
t= "t ) U, Var(t)
— The set of constants in a term t, denoted by Const(t):
tey 0
Const(t) = teC {t}
t= fkn) (t17 e 7tn) U?:l COnSt(tl)
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— The depth of a term t, denoted by Dpth(t):

tey 1
Dpth(t) = t€C 1
t=f"(t, ... tn) 1+ max{Dpth(tr), ..., Dpth(t,)}

It was also possible to choose Dpth(t) = 0 in the first two cases.

DEFINITION 4.3.— (substitution).

— A substitution is an application:
o:V—XWV,F)

which is the identity on all but a finite number of variables.

The domain of a substitution o is the set:
dom(0) = {x | o(x) # x}
and the codomain (or range) of a substitution o is the set:
codom(o) = {y | Jz.o(x) =y}
Substitutions are represented by the values of the variables in their domain:
{m1 + t1,m0 + to, ..., &y <ty }
or:
{1 = t1, 20— ta,. .., Tn — Ty}
A substitution
o:V — X(F)

is closed.

Given a substitution
o:V—XV,F)
o is extended:

o NV, F) — SV, F)



First-order Terms 127

as follows:

tey o
ot)=qtecC ot)y=t
t=f"t,. . tn) o

(It is standard to also denote the extension of o by o).

Equality is generally used in the sense of the identity, this is the case, for
example, in:

(a + b)? = a? + 2ab + b? (the identity holds for any value of a and b),
or it is used conditionally, this is the case for example in:

4 x & = 16 x y, where only some values (possibly none at all) satisfy the equality.

Furthermore, when there are many solutions, some are more interesting than the
others. For example, if we are interested in the solutions of the equation above that
are positive integers, then {z = 4,y = 1}, {z =8,y = 2}, {x = 12,y = 3},... are
solutions.

The most general solution is {z = 4 X y; y € N}.

Notation: to emphasize that this is a conditional equality, we shall write 4 x x =
16 X y, and if terms are involved, we shall write 1 = 5.

These comments are a motivation for the following definitions.

DEFINITION 4.4.— (ordering on substitutions). A substitution o is more general than
a substitution ~y iff there exists a substitution \ such that v = \ o o, where o denotes
the composition of substitutions (i.e. of functions).

DEFINITION 4.5.— (unification). Given the equationt, = to, wherety,to € X(V, F),
the unification problem consists of finding the most general unifier (mgu) such that:

o(t1) = o(t2) (syntactic identity).

If only one term contains variables, (say t1), the problem that consists of finding
o such that

O’(tl) = tz

is the matching problem.
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algorithm UNIFICATION
input: S = {t; =s1,...,tn = S, }
output: either a substitution o (the mgu) solution of S
or L (no solution)
halting test: clash or cycle or no rule applies
%1 denotes a finite set of equations, at the start ' = S
begin
%V (t) and V (T') respectively denote the sets of variables in ¢ and T’
%I'{x < t} means: replace all occurrences of z in I" by ¢
% Exprl — Expr2 means: replace Exprl by Expr2
Foreacht; = s; (1 <14 < n)inT apply the following rules:
1 e{t=t}yr—r
2 e if ¢ is not a variable:
{t=2}yUr — {z=t}yr
3 eifxisavariable: {x =t} | J{z = s} Ul — {a =t} U{t =s}UT
4 e {f(tl, . .,tn) = f(Sl, .. .,Sn)}UF — {tl = 51}U7- .. ,U{f,n = 8,,,,}UF
5 eifx ¢ V(t)andx € V(I'):
{z=t}Ur — {e =t} UT{z + t}
% for example if x = h(y), y = f(u) then we must have = = h(f(u)), y = f(u)
6 o {f(tr,...,tn) =g(s1,...,8m)} U — L (clash or conflict)
% i.e. function symbols are constants
7 eif x € V(t) and ¢ is not a variable, i.e. if ¢ # x:
% occurs check
{z=t}Ur — L (cycle)
% which means infinite terms are not allowed in o
end

Figure 4.1. The algorithm UNIFICATION

Notation: we often denote by mgu(t1,t2) the mgu of ¢; and ¢, and we write ot
instead of o (t).

The unification algorithm either constructs the mgu of a set of term equations or
detects that there is no solution.

EXERCISE 4.1.—

a) Find the solution (if it exists) of equation:

flx, g(x,y) = flgly, 2),  g(g(h(u),y), h(u)))

b) Find the solution (if it exists) of equation:

[, flu,2) = f(fy,a), [z, [f(b2)))
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¢) Given the substitutions

0={x—a,y— f(2),z— x}and
oc={x—bz—curd}

Construct the substitution o o 6.

d) Consider the equation t1 = to where Var(ty) (| Var(tz) =0

Is the cycle rule of UNIFICATION still necessary? Could you give a sufficient

condition guaranteeing the cycle rule is not needed? O

EXERCISE 4.2.— In a calculus called the equivalential calculus, the wffs of the
language are of the form e(X,Y’), where e is a constant symbol (that stands for
equivalent), and X,Y (meta)variables that denote wffs of the language (such as
A, B,C'in Sy; see section 3.4).

The only inference rule is:

CD : %Witha : mgu(A, C)

Question:
Given two wffs
e(X, e(X, (YY) and

e(Z, 7)

1) Can C'D be applied?

2) If so, what are the possibilities?

3) If C'D can be applied, what is(are) the direct consequence(s)? O

EXERCISE 4.3.— The algorithm UNIFICATION does not assume any property on the
functions under consideration, and produce a unique result (substitution), up to a
renaming of the variables.

If we assume that (some of) the binary functions under consideration are

commutative, for example:

Vo Voo f(o1, 22) = f(r2,21)

Can you modify the algorithm UNIFICATION to take this property into account?
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For example, for equation:

fg(a,b),z) = f(h(c), g(y,2))

UNIFICATION would return L, but once modified, when f and g are commutative,
it should produce two solutions:

o1 ={x + h(c),y + a,z < b}
o9 ={x + h(c),y < b,z « a}. O

REMARK 4.2.— Considering function symbols that denote functions with certain
properties can turn out to be very complex. For example, if f denotes an operation
(function) that is associative-commutative, i.c.

Vavy.f(z,y) = f(y,x)
VavVyvz.f(z, f(y,2)) = f(f(2,y), 2)

then the equation

fla, f(b,2)) = f(z, y)

has the following solutions:

{z + a,y + f(b,2)}, {z + by « f(a,2)}, {z + z,y + f(a,b)},... and
others.

It is simple to verify that we cannot transform one of these unifiers into another by
applying a substitution (as previously). We will keep in mind that the solutions are no
longer unique (and there can be many of them). ]

The following exercise is an example of how the unification algorithm can be
adapted to treat data other than terms, by expressing this data as terms and using
some ad hoc conventions.

EXERCISE 4.4.— Use the algorithm UNIFICATION (that was modified in exercise 4.3)
to show that, if the unconditional premises (i.e. those that do not contain =) are
literals, then the rules M P (modus ponens) and M'T (modus tollens):

MP:A A= B
B

-B A= B

MT: ———M—
-A

are particular cases of the resolution rule:
R XVX -XV)Y
' XvYy O




Chapter 5

First-Order Logic (FOL) or Predicate Logic
(PL1, PC1)

In Aristotle’s syllogistic, every statement consists of the attribution of a property
to an object, which means that they are expressed using unary predicates and therefore
formalized using PL. This is no longer sufficient when we need to consider relations
(binary, ternary, etc.) between objects. These relations cannot be reduced to unary
relations (properties)!.

Handling properties and relations is of course essential in programming (logic
programming, multi-agent programming, etc.)2.

If we believe we can manage using formalizations, such as those after definition
2.8, how can we talk about objects that have properties P, (), . . . or that are related to
other objects?

For example, how can we use PL to verify that the following reasoning is correct:
All horses are animals.

Some horses are white.

1 It is interesting to note that in mathematics, a large majority of relations, denoted using
predicates, are binary.

2 The expressive power of a logic depends on the objects that it permits us to consider (along
with the possibility or not of quantifying these objects). The expressive power is obviously
related to the properties of the logic itself ((un)decidability, etc.). See also section 9.3.
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Therefore, some white horses are animals.

Similarly, how can the following reasoning, which should obviously be correct, be
translated into PL?

For all x, xRa, therefore there exists an x such that aRx
If we denote by P: For all x, xRa
and:

Q: there exists x such that aRx

this reasoning would be classified as incorrect (P can be evaluated to true and @ to
false).

This reasoning can be formalized as follows: (as you already know, see also
definition 5.1).
VazR(x,a)
JyR(a,y)

and now “we can see” that it is correct.

The soundness of these reasonings is based on the relation between “for all”
(or “all”’) and “there exists” (or “some”).

Another very familiar example is that of transitivity: for any objects named z,
y, and z, if z is related to y and y is related to z then « is related to z. Obviously,
these sentences cannot be expressed in PL in order to be used in a reasoning. They
could be denoted by P (or Q,...), but that would not be very useful.

One last example: how can the following sentence be translated in PL?

The object named 0 satisfies property P, and if an object x satisfies P, then
the successor of x also satisfies P. ..

It is worth mentioning that in finite universes, it is possible to stay within PL.
For example, the argumentation if all men are mortal and a given object satisfies the
property of being a man, then this object is mortal (see also example 5.9) could be
specified with the following propositional schema in a universe with n men:

AL Hi

A (Hi = M;)
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H, %(1<k<n)

M, %(1<k<n)

where the propositional symbols H; and M;, respectively, denote ¢ is a man and % is
mortal.

This way of proceeding is not very natural, it is theoretically limited to finite
universes and practically limited by the size of these universes; more importantly,
it prevents the usage of variables (because all cases have to be enumerated).

We are currently talking about the limits of the expressive power of a language (and
how they can be overcome). As can be expected, once more things can be expressed,
there is a risk of not being able to answer all questions on wffs of this language with
more expressive power.

In computer science, it is well-known that if we use a language that forbids some
control structures, then the halting problem becomes decidable for programs written
in this language.

From the point of view of decidability: the fragment of FOL called monadic logic
is decidable (see section 5.8). As soon as predicates with an arity greater than or equal
to 2 are allowed, we obtain undecidable fragments.

REMARK 5.1.— The language of FOL was introduced by G. Frege in 1879, but
the notations that are currently used are similar to those introduced by Peano in

1889. Formal systems were introduced by Hilbert and Ackermann in 1928 (see also
remark 5.21). U

5.1. Syntax

DEFINITION 5.1.— (FOL language). Consider a signature Q) = {V, F, P}, where:
V = {x1,x2,...} is a set of variables;
F ={f", 32, ...} is a set of function symbols, n;: arity (n; > 0).

Function symbols of arity 0 are constants, and the set of constants is denoted by C

(CCF);
P = {=2, P P2 ..} set of predicate symbols, k;: arity (k; > 1);
VAF=VNP=FNP=0.

The language (i.e. the set of wffs) of FOL, denoted by L, is the smallest set
such that:
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—ift1,... tk, € X(V,F) (see definition 4.1), then: Pk»(t1,... ty) € L1
Phn(ty, ... ty,) is an atomic formula;

— a literal is an atomic formula or its negation;

—ifPand Q € L1 and x € V, then:

-PeLly, PANQelLy,, PvQelLly,, P=0Qel,, P& QelLl,
V.T.PE,Cl, dr.Q € L4

(we will also write VP, Vz(P), 329, Jx(Q));

—V, 3 are called the universal quantifier and existential quantifier, respectively,
and x is the quantified variable. A variable will not be quantified more than once (that
would make no sense);

—inVx(P), Jx(P), P is the scope of the quantifiers.;

—the set {V,—,\,V,=, <, =V, 3} is the set of logical symbols or logical
constants;

—the set {F,C,P} is the set of non-logical symbols corresponding to the
considered theory;

— if the signature does not contain any functional symbol of arity n (n > 0) or the
predicate symbol =, then we have pure FOL;

— a wff can be viewed as a string (or word) on vocabulary S (i.e. a finite sequence
of symbols in Q). A subformula of a wif F is a substring3 of F (considered as a string),
which is also a wif;

—a wff is in nnf if it is constructed with literals, the connectives \ and V, and the
quantifiers ¥ and 3%. Every wff can be transformed into another one that is equivalent
and in nnf.

REMARK 5.2.— (the set of wffs of FOL is denumerably infinite). As the set of
variables is denumerably infinite, the set of logical symbols finite and the set of
non-logical symbols denumerably infinite, it is simple to design an algorithm that
enumerates all the wffs using the rules of definition 5.1.

Every infinite set of wffs of FOL will therefore be denumerably infinite (as it will
be the subset of a denumerably infinite set). O

DIGRESSION 5.1.— In discrete mathematics, researchers use the terminology Boolean
predicates or constraints on Boolean variables.

The arity is the number of variables that occur in the constraints. O

3 w is a substring of v iff there exist strings x, y (possibly empty) such that v = xwy.
4 Thus, if it contains occurrences of —, they are “next” to the atoms.
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DIGRESSION 5.2.— (variables 2)°. It is interesting to have a historical recollection
here on mathematical notations and, in particular, on the notion of a variable.

Letters were used in Antiquity to denote points, lines, etc. in a generic way,
meaning that letters were used as names.

In arithmetic, symbolic abbreviations are very ancient, they were already used by
Egyptians.

Diophantus (circa 3rd Century) introduced a particular symbol for the unknowns
in algebra, and this seems to be the very first appearance of what would become a
numerical variable in mathematics.

It is acknowledged that the first symbolic algebraic language is due to Francois
Viete (1540-1603). Viete used letters to represent unknowns, powers of the unknowns

and undetermined coefficients (generic names).

Descartes, Newton, Leibniz, Euler, etc. changed and modified the language
introduced by Viete.

In mathematical logic, the concept of a variable was explicitly used by
G. Frege. U

DEFINITION 5.2.— (free and bound variables). The occurrence of a variable x in a wff
of L1 is bound iff © appears immediately after a quantifier, or if x is in the scope of a
quantifier (and has the same name as the quantified variable). Every other occurrence
is free.

Below, P and Q denote wffs of L;.

Set of free variables in a formula:

Free_vars(PFn(t1,...,t,)) = Uf;l Var(t;) (see definition 4.2)

Free_vars(—P) = Free_vars(P)

Free_vars(P A Q) = Free_vars(P V Q) = Free_vars(P = Q) =
Free_vars(P < Q) = Free_vars(P)|J Free_vars(Q)

Free_vars(Vx P) = Free_vars(3x P) = Free_vars(P) \ {z}

5 See also digressions 3.3 and 9.1.
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Set of bound variables in a formula:
Bound_vars(Pk(ty, ... tx,)) =0
Bound_vars(—P) = Bound_vars(P)

Bound_vars(P A Q) = Bound_vars(P V Q) = Bound_vars(P = Q) =
Bound_vars(P < Q) = Bound_vars(P)|J Bound_vars(Q)

Bound_vars(Vx P) = Bound_vars(3x P) = Bound_vars(P)J{z}

REMARK 5.3.— The same variable may have free and bound occurrences in a formula,
for example, in formula

(P(z) v IyQ(y)) AV (P(z) V Qy))
The first occurrence of x is free, the second and third are bound.
The first and second occurrences of y are bound, the third is free. (I

DEFINITION 5.3.— (closed and open formulas). A wff is closed, written closed wiff
(ewff) iff it does not contain any free variable. Otherwise, it is open and written open

wif (owff).

REMARK 5.4.— A bound variable is a variable such that the wff it appears in has a
meaning that is independent of this variable. For example, in:

Y
/ zydx
0

x is bound and y is free.
In programming languages, local variables are bound, global variables are free.
See remark 5.9 on the conceptual difference between a cwff and an owff. O
EXAMPLE 5.1.— (translation into FOL). Consider the statement:
Someone who loves all animals loves all men

that we restate as a reasoning, by formulating all the implicit knowledge. There
are two “natural” translations, depending on whether “someone” is translated into:

i) animal (not necessarily human) or
i1) human
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i.e. respectively:

Given that every human is also an animal, and that there exists an animal that
loves all animals, there exists an animal that loves all men.

Given that every human is also an animal and that there exists a human who loves
all animals, there exists a human who loves all men.

We translate both versions by introducing the following predicates:
A(x): x is an animal;

H(z): xis a human;

C(z): that must be replaced by A(x) (case i)), or by H (z) (case ii)).
The reasoning is represented as follows in FOL:

Va[H(xz) = A(z))

FW[Cly) A (A(v) = L(v,y))]

FuVz[C(u) A (H(z) = L(z,u))] O

5.2. Semantics

The concepts of interpretation, model, and semantics that we will define are,
similar to the concept of meaning in natural language, extremely subtle and deserve
some thoughts before providing a formal definition (in FOL).

The notion of a model is essential in logic, computer science, and science generally
speaking. It is generally used for many different notions, which is why it is said to be
polysemous.

On the general notion of a model

Etymologically:
model — muid — “‘to prescribe something with authority”.

The word “model” appeared during the 16th Century, meaning measure, musical
measure, melody, or way of behaving.

The term is used in different ways in everyday language and in scientific papers.
One of the few that can be found in the literature is:
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X is a model of Y only if X and Y have the same structure or similar
structures.

(This could translate into the existence of a morphism between X and Y)

We can distinguish two meanings that cover many usages:

— representation meant to account for a part of reality that was observed. In
general, simplifying hypotheses are allowed, such as idealizations, etc.

A problem that arises involves the limits of the validity of the model, i.e. how can
we be sure that all inferences (see Chapter 8) made on the model reflect reality?

A key problem is that of distinguishing between pertinent properties and those that
can be discarded. This is of the utmost importance when modeling complex systems,
where all the parameters are not well known. Recall the caution of scientists about
global warming (models are still not satisfactory).

An example in computer science is that of models of computation, such as,
computable functions, Turing machines, lambda calculus, Markov algorithms, DNA
computing, and quantum computing;

— the one made in mathematical logic. To provide a model of a logical formula
means to give an interpretation of the non-logical symbols (i.e. the constant symbols,
functions, and predicates) that permits us to make the formula true.

Note that this notion of a model can also be applied to the axioms of an empirical
theory: we can test “real” configurations of the axiomatization of the theory.

This point of view can be useful (as it is in mathematics) to verify that the axioms
of the theory are not contradictory: a model from the logical point of view is a possible
realization.

A standard method to better grasp a notion for which there is no formal definition
(or a definition that is unanimously accepted) is to enumerate the different ways it is
used. This is what we do now.

Some differences in the ways the term is used are clear. There is a clear difference
between a scale model or blueprint (bridge, etc.) and a mathematical model of the
economy, atom, DNA, and kinetic theory.

Two remarks:

— the design of a model is the basis of any scientific activity in natural science.
The goal is to select all (and only) those properties, factors, parameters, etc., that are
supposed to be pertinent for the studied phenomena;

— the distinction between a theory and a model is not always clear. In general, a
model is considered as a step toward a theory.

The notion of a morphism that we mentioned above can be better understood
by considering phenomena that are (essentially) described by the same formulas:
oscillation of a circuit or a pendulum, flow of a liquid or flow of an electric charge, etc.
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Models can have different functions.

For example, in biology, models can have a normative function (see the etymology
of the word model at the beginning of this section) to organize data. The capital role
here is to classify valid inferences (meaning putting information in a usable form (see
Chapter 8 for the definition of this term).

It can also be explanatory (in physics, medicine, etc.) or educational (such as
in science popularization TV shows), prospective (social sciences, ecology, etc.),
heuristic (computer science, biology, etc.), descriptive (simulation), etc.

On the importance of the notion of a model in science, we quote an opinion of one
of the greatest mathematicians of the 20th Century (S. Mac Lane):

...the sciences do not try to explain, they hardly try to interpret, they
mainly make models...The justification (of a model) is solely and
precisely that it is expected to work ...Furthermore, it must satisfy
certain aesthetic criteria — that is, in relation to how much it describes, it
must be simple.

5.2.1. The notions of truth and satisfaction
What is truth?
Pilate (Gospel according to John, 18:38)

What I say three times is true
L. Carrol (The Hunting of the Snark)

The notion of semantics (with the meaning of study of a language, i.e. its words
and statements from the point of view of their meaning) is very difficult to specify,
and our intuition seems to associate it with the notion of translation.

The notions of true and false are closely related to that of meaning.

To give a characterization of the notion of truth is an old problem of philosophy
and logic®.

As Tarski noticed, the word truth and those derived from it are used in everyday

language in different domains: psychology (for example, “Does Ann really love
Bernard?”), aesthetism (for example, “Is this book really a masterpiece?”), moral (for

6 In the Western world, since Parmenides and Aristotle.
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example, “Why isn’t this politician telling the truth?”), religion (for example, “Did
this miracle really happen?”), etc.

For some, statements are the vehicles of veracity or falsity, for others,
meanings are.

Once we agree on this, there remains to decide how to assign them with a truth
value (or what their truth value is).

There is, however, a large consensus on the following: what is true or false’ are
the propositions (see definition 3.1).

A great philosopher (and logician) said it this way: “The eternal statements (i.e.
independent from time8) are what I consider essentially as vehicles of truth”.

But what does the truth of these statements consist in? They qualify as true
(according to Tarski) depending on reality.

“Snow is white” iff snow is white (in other words, truth is disquotation).

The truth predicate is an in-between, between words and statements and the real
world. What is true is the statement, but its truth holds because the world is as it states.

By analyzing paradoxes, we can conclude that the truth predicate is incoherent,
unless it is somehow restricted (there exists a theorem by Tarski on the undefinability
of truth).

Basically, the problem is solved by putting a hierarchy in place, (similar to what
was done in set theory): trueg disquotes all statements without any truth predicate;

true; disquotes all statements without any truth predicate above trueyp... and so on.

Here, we restrict ourselves to the notion of truth in axiomatic systems
(mathematical logic) about (well-formed) formulas of a formal language.

Before proceeding with the formalization, a question arises naturally: “What
criteria should be satisfied by a suitable definition of truth?”

A. Tarski gave the following three criteria:

7 The notion of truth is closely related to that of negation by the equation false = not true.
8 This is not the case, for example, with the statement “my head hurts”.
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1) Meta-language: if L is the object language (working language), then the
definition of truth must be given in a meta-language M with L C M, M must globally
be capable of expressing “more things” than L. If L is capable of expressing facts
about its own semantics, then we easily obtain paradoxes such as the liar’s paradox.

M contains a unary predicate True whose intended meaning is: True(prop):
proposition prop is true;

2) Formal correction: predicate True must be of the form (or in a form provably
equivalent to):

(%) True(x) & Vz|'z ¢ Var(¥[x])

If an equivalent form is used, the equivalence must be proved using the axioms
of M, but it must not use the predicate True;

3) Material adequation: the objects that satisfy definition (x) in (2) must be
exactly those that are intuitively true propositions in L, and this must be proved using
the axioms of M.

To avoid problems related to the definition of truth, Tarski introduced the
satisfaction relation (see definition 5.6). The key to avoiding problems is that the
definition of satisfaction is inductive (it is said to be compositional): we begin with
the satisfaction of atomic statements, then the satisfaction of statements of a higher
complexity is defined in terms of that of their components (the idea of a hierarchy
can be found here too). Truth only deals with closed statements (which do not contain
free variables). The analog to fruth for open statements is satisfaction. An assignment
of objects satisfies a statement if the latter is true for the values given to the free
variables®. The notion of satisfaction does not permit us to translate, for example,
“not (x satisfies x)” (“x” denotes a variable).

To get a better grasp of the idea behind the formal definition, we first give a few
informal definitions.
EXAMPLE 5.2.— We consider a “formal system” (see definition 3.9)10 S =
<LR,A>
where:

L: English language;

R: the “usual” rules of mathematics;

9 A closed statement is satisfied either by all assignments or by none, depending on whether it
is true or false.

10 According to our definition, this is actually not a formal system: a formal language and
formal inference rules are missing, but the context is clear enough and there is no ambiguity.
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A:

let K and L be two sets
Al): every element of L contains exactly two elements of K.
A2): no element of K is contained in more than two elements of L.
A3): no element of L contains all the elements of K.

A4): the intersection of any two (distinct) elements of L contains exactly one
element of K.

A possible model, interpretation, and meaning of these axioms (that also shows
that these axioms are not contradictory) is:

K ={A,B,C}
L = {{A7 B}7 {B7 C}? {C’ A}}
(this model can be viewed as a triangle with the (non-collinear) vertices A, B, C). [

EXAMPLE 5.3.— (Z. Manna and R. Waldinger). When learning algorithm, it turns out
that program schemas frequently occur in different problems.

Consider the following schema, for which we will produce different
interpretations.

program X;
begin
read () ; % x is a variable
Y1 < T
Y2 <— a ; % a is a constant
while —=P(y)
do
y2 < 9(y1,92) ;
y1 < f(y1)s
enddo
z < y2 % z contains the result
end

— Interpretation 1
D (considered universe): N
a: 1
fly): =1
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9y, y2): y1 X Y2
P(y1): y1 =0

The program represents factorial (x)
— Interpretation 2
D (considered universe): lists
a: nil
f(y1): edr(y1) %, i.e. list y; without its first element

9(y1,y2): cons(car(y1),yz2) %, i.e. the list obtained by putting the first element
of y; instead of that of y5

P(y1): null(y1) % null(y): yis an empty list

The program represents reverse (X)
— Interpretation 3

D (considered universe): N

a: 0

fy):p—1

91, y2): y1 + 42

P(y1): y1 =0

The program represents the sum of the first x natural numbers. O

EXAMPLE 5.4.— Consider the following wifs:
a) Va(=P(z, x) A (YyVz((P(z,y) A Ply, 2)) = P(z, 2))) A JwP(z, w))
This could express (for example): no natural number is less than itself, the

relation “less than” is transitive and there always exists a natural number that
is greater than a given natural number.

b) VydzP(z,y)
This could express (for example): every integer is greater than some other
integer.
¢) Vy3zP(z,y)
We could say this is false if we consider natural numbers and P
represents the relation “less than”.
d) Vz—-D(a, x)
This could express (for example): 0 does not divide any integer.
&) VoP(f(x))
This could express (for example): the square of any integer is positive.
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f) Vavy(P(z,y) = P(z,y))
This could express (for example): for any relation we could imagine that is
represented by P, this wff is true.

g) JzIy~(P(z,y) = P(z,y))
This could express: for any relation we could imagine that is represented
by P, this wff is false.

Consider the following wff:
h) Vz3yP(z,y)
is it true or false? The (correct) answer that seems the most natural is, it

depends. Indeed, if the formula is interpreted on N and P(x, y) represents the relation
x <y, thenitis true. If P(x,y) represents x > y, then it is false.

D) Va3y(P(z, y) AVw(P(y, w) =y = w))

This could represent: if the values of variables =,y and w are instants and
P(z,y) denotes the relation 2 < y between these instants, the formula
expresses that there will be an end of time. O

DEFINITION 5.4.— Given a first-order language L1 (see definition 5.1), a first-order
structure or structure M is a triplet:

M=<D;F,R>
where:
D is a non-empty set called the domain or universe of discourse
F={f", )
set of functions:
f;”): D% — D
R = {r%kl), . ,rﬁ,’“"), .
set of relations:
Tj(-kj ) C Dk

where the f ;l]) s (in particular, the constants) and the r§- 2 s, respectively, correspond

to the functional symbols and the predicates in L.

Two particular cases:
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M =< D; F >: (abstract) algebra

M =< D;R >: relational system
EXAMPLE 5.5.—

My =< Z;{+},{<} >: structure
Mo =< Z;{<} >: relational system
Mz =< R;{+,—, x} >: algebra O

DIGRESSION 5.3.— When searching for interpretations of wffs or sets of wffs, it is
often the case that different interpretations are “globally” the same.

More precisely, to each element of one domain corresponds an element of the other
domain with the same properties and conversely.

This feature is formalized in the following definition. O
DEFINITION 5.5.— (structure isomorphism). Given two structures My and Ma:

My =< Dy Fi, Ry >
My =< DQ;FQ,RQ >

a bijectionZ: D1 — Doy
is a structure isomorphism iff

(the exponents M and M identify the structure the objects belong to)
— for every constant c in the signature of L1:
T (M) = M
— for every n-tuple (dy,ds, . . .,d,) € DY and every n-ary functional symbol f
in the signature of Ly:
Z(fMM(dy,do, ... dy)) = FMM(T(dr), Z(d2),...,Z(dn))
— for every n-tuple (dy,ds, . .. ,dy,) € D} and every n-ary predicate symbol P("")
in the signature of Ly:

PMWMi(dy dy, ... d,) = PM2(T(dy),Z(d2),...,Z(dy))
M and My are said to be isomorphic.

REMARK 5.5.— The idea behind the following definition is the same as the one that
we used informally and intuitively in the examples, i.e. given a first-order language
(or wff), we fix a universe D, to each constant in the wif we associate an element
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of D, to each functional symbol of arity n, a fotal function (meaning that it is defined
everywhere on D) of arity n on D, and to each predicate symbol of arity k, a relation
of arity k£ on D. Variables “go through” D, and V and 3 are interpreted as usual, i.e.
“for all” and “there exists (at least one),” respectively. The semantics (meaning) of
the wff is given by that of the functions and relations on the chosen universe, which
are assumed to be known. O

A cwff is T or F in an interpretation. The evaluation of the cwff is carried out
in the structure and the variables get their values in the universe of discourse. It is,
therefore, not necessary to add to the language expressions of the form “for every x
in D”. The language is independent of the formalization of set theory.

DEFINITION 5.6.— (interpretation, satisfaction). Let L1 denote a first-order language
and M =< D; F, R > a structure.

An fp-assignment (f stands for “function” and p stands for “predicate”) is a
Sfunction ay, satisfying the following:
i) for every predicate symbol P,Ek"), afp(Plgk"’)) is a relation P,gw C DFn of R;
ii) for every function symbol f;j") :

afp(f;j")) is a (total) function f]M :Din — D of F

for constants :
afp(a) =awitha € D
a v-assignment is a function:
ay: VY — D
where V denotes the set of variables of L.

For terms (see definition 4.1) we define the t-assignment a; as follows:
iii) if t € V then a,(t) = a,(t);

iv) ift € C then a;(t) = agp(t);

v) otherwise, ay(f7) (t1,... 1)) = fM(an(tr), .. an(t;,)).

— An interpretation of the language L1 (or of a wff of L1) is an fp, v, and
t-assignment.

— A satisfaction relation:
M 1 @ (which reads as “Formula ¢ is satisfied in structure M with
interpretation Z”)
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is defined as follows:
DMz Py, ) iff (B, b, ) € PM
2) M =z —¢ iff not M =1 ¢ %, i.e. logic with two truth values
IMEL o NYffM iz pand M =1 ¢
Mz eV iff MEz por M=z ¢
5) Mz o = Yiff (not M f=1 @) or M =1 1)
O)MEr e Yif MiEr o= Ypand M =11 = ¢
7) M =1ty = to iff t1! = t)1 % see section 9.1
8) M |=1 3wy iff there exists a € D such that M [=x1z)a) ¢
9) M [=z Y iff foralla € D M =xiyq) ¢

T[x | a] coincides with T except for a,(x)

REMARK 5.6.— Warning: not ( ¢ |= ¢ ) is not equivalent to ¢ = —.

See section 3.1.1 and remark 3.5. The negation of “for all” is not “for all not”. [

REMARK 5.7.— (on the domain of discourse). In the definition of the semantics for
FOL, the only constraint on the domain of discourse is that it is non-empty. We can
therefore choose the domain of discourse to be a set of closed terms. This remark will
be useful in the proof of theorem 5.4. U

EXAMPLE 5.6.— The wff
Vedy3z(z + 2z = y A Jw(w +w =y))

denotes in what is called Presburger arithmetic, i.e. the theory of the structure:
Ny = ( N;0, suce, +,=,< )
“There are infinitely many even numbers”.

This theory is decidable, but the decision procedure has a superexponential
complexity (22"). O

DEFINITION 5.7.— A wff ¢ is valid iff it is satisfied in every interpretation on every
structure. This is denoted by |= .

A structure M is a model of a set of wffs S iff there exists T such that M =1 ¢
forall p € S.

REMARK 5.8.— (models: another theory). A model of an axiomatic theory is a set of
objects chosen from another theory: the one in which the objects assigned to those
of the former are supposed to have a meaning “by themselves” (for example, sets,
functions, and relations) and satisfying the axioms. U
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REMARK 5.9.— (open and closed formulas).

— A cwff denotes a fruth value. For example, Y23y P(z,y) denotes true in N, if
P represents <.

— An owff denotes a set, i.e. the set of values that make it true. For example,
Prime(x) denotes all prime numbers.

— Owffs are used to define classes (sets) (see digression 2.2), for example, the set
{z | Prime(x)}.

— Free variables, and therefore owffs, occur very frequently in informal
mathematics, in expressions such as:

1) Let x denote a natural number
or:
ii) Let x denote a natural number such that . . .
In (i) they are given a universal interpretation (i.e. for all x).
In (ii) they are given a conditional interpretation (i.e. for some particular x’s).

When these expressions (or rather their formalizations) are involved in reasonings,
they will be treated, as is customary, as universally quantified variables. Indeed,
when no particular conditions are imposed on x, this is equivalent to saying for any x,
or for all x.

EXAMPLE 5.7.— (set of prime numbers). The set of prime numbers in N can be
defined as follows:

Prime(x)={z Z1AVyVz((x =y x2)= (y=1Vz=1))} O

When a condition is imposed on z, this is equivalent to saying for all x satisfying
this condition (condition that will be translated in the formula)!l.

— For the owffs that occur in reasonings, we shall use their closure, which is
defined by:

cowff(F) 4 if F:cwff then F else Ve Vs .. Vo, F
(where Free_vars(F) = {x1,22,...,Tn}). O

EXERCISE 5.1.— (A model is finite (respectively, infinite) if the cardinality of its
universe of discourse is finite (respectively, infinite).

11 For example, the expression Ler x denote a prime number translates into Vz(z € N A
Prime(x)).
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a) Give a model of:
Ve P(g(z, f(z)),a)
b) Give a model and a counter model of:
Vavy(P(f(2,y),a) = P(z,y))
¢) Give a model of:
Vavyvz(P(z,y) = P(f(z,2), f(y,2)))
d) Give a model of:
VaIyP(z, f(f(z,y),y))
e) Give a model of:
Vavy(P(f(z,a),y) = P(f(y,a),2))
f) Give a counter model of:
VaIyP(x,y) = JyVaP(z,y)
g) Give a model and a counter model of:
VaVy[(P(z, y) A\=Q(x,y)) = (Fz(P(z, 2) A =Q(z,2) AP(z,y) A\—Q(z,v)))]
h) Is the wif:
Va(P(z) V Q(x)) = VaP(x) VVzQ(x)

valid?
i) Give a model of the following formula that is independent of the selected
domain of discourse.
In other words, give an interpretation of the predicate P such that for any
domain, it corresponds to a model of the given formula:
VaVyVz.P(xz,y) A P(x, z) & P(x,y) A P(y, 2)
j) Given the wft:
VavyVz(P(z,y) vV P(y,z) vV P(z, 2))
J1) give a model of this formula with domain D = R (i.e. an infinite model);

Jjo2) give a model of this formula with domain D = {1, 2} (i.e. afinite domain);
J3) give a counter model of this formula with domain D = N.

k) Can you construct:
k1) a finite model for the following formula?
Vo =P (x,z) A VaIy P(x,y) A VaVyVz (P(z,y) A Py,z) = P(z,2))
k) an uncountably infinite model?
ks) a denumerably infinite model?
1) Give a model and a counter model of:
VaIyIzVu[-E(y, z) N Az, y) N Az, 2) A A(z,u)] = (E(u,y) V E(u, 2))
m) Can you construct:
m+1) an infinite model for the formula:

Vedy3z( f(y) =z N f(z)=z N y#2)?
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mo) a finite model?
n) Can you construct a finite model for the formula:
Vavy((f(z) = f(y)) = (x = y)) A FaVyfy) # =
i.e. afunction f : D — D that is one-to-one but not onto.

0) Given the formulas (1), (2), and (3) below, show that (3) is not a logical
consequence of (1) and (2) (in other words, the commutativity of + cannot be deduced
from (1) and (2))

DVz0+x==x
2) VaVy.s(x) +y = s(x + y)
HVe.x+0==x

0 denotes a constant, x and y variables and s a functional symbol.
p) Can you construct a model for the set of formulas below?

<
B
~
)
S
—
8
:—/
N
|

p(f(z,y))

a denotes a constant, x and y variables, and f, s, and p functional symbols. O

5.2.2. A variant: multi-sorted structures

In section 5.2.1, it was mentionned that it was not necessary to specify what
domain a variable can get its values from in a formula.

However, it is common in practice to want to identify these domains (sets that are
named sorts), in particular, when different variables can get their values from domains
of different types (for example, scalars and vectors in vector spaces).

5.2.2.1. Expressive power, sort reduction

We may wonder whether using sorts increases the expressive power of FOL, i.e.
if more things can be expressed with sorts than without or if this is simply syntactic
sugar. The answer is that the expressive power of FOL with sorts is the same as that
of FOL, and this result is proved using the so-called sort reduction technique.

M=<D, E;F,R>

— The signature is extended with predicates Pp and Pg.
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— We consider the structure
M =<D|JE;F,R| J{Rp, RE} >

where Rp = D, R = E (Rp and R, are unary relations, i.e. subsets of D and F,
respectively) and:

afp(Pp) = Rp and ay,(Pr) = RE (see definition 5.6).
— Hence, if sorts were used to write formulas, it suffices to replace (as usual, F'[z]
means that variable x occurs in wif F’):
Vo € D.F[z] by Vx.Pp(z) = Flx]
Vo € E.F[x] by Vz.Pg(z) = F[z]
Jx € D.Fx] by 3x.Pp(x) A Flx]
Jx € E.F[z] by Jz.Pr(z) A Flx]

REMARK 5.10.— (theory, closed theory, and complete theory). In definition 3.9, we
defined the notion of a formal theory. Here, we introduce the notion of a theory, along
with essential definitions and properties of theories, that deal with semantics.

— Once the notion of consequence has been introduced (see definitions 2.4 and 2.6,
it can be syntactic or semantic), a theory is closed iff it is closed by the consequence
relation (according to Godel’s completeness theorem, see remark 5.21, we can use +
or ).

— A theory T is complete (in £;) iff the set of its consequences is maximal
consistent (i.e. if it is consistent and none of its supersets is consistent).

— A set of axioms of a theory 7' is a set of cwff with the same set of consequences
as T. T is a set of axioms of T" and 0} is a set of axioms of T iff T is the set of valid
cwffs of £; (from a semantical point of view). T is finitely axiomatizable iff it is
axiomatizable by a finite set of axioms.

— (See remark 3.15) The standard way of specifying a theory is to provide a set of
axioms that define it.

Here is another way of proceeding: given a structure M and an interpretation Z
of L1, the theory M is the set of all cwffs F' of £; such that M =7 F. Theory M is
complete.

— A theory T is complete iff for all cwffs F, either T |= F or T' |= —~F. % This is
to be compared with the notion of completeness for a formal system (definition 3.12).

Given a theory 7', statements 1 to 4 below are equivalent:

1) the set of consequences of 7 is maximal consistent;

2) T is complete (i.e. for all cwffs F', either T' = F or T = —F);

3) T has exactly one model;

4) there exists a model M such that for all cwifs F, T |= F iff M = F. O
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5.2.3. Theories and their models
Two isomorphic structures (see definition 5.5) do not differ on anything essential.

The following theorem confirms this intuition and shows that FOL does not permit
us to distinguish between two isomorphic structures.

THEOREM 5.1.— (structure discrimination). Let M1 and M denote two isomorphic
structures. Then, for all wffs F' of FOL,

My | Fiff Mz |= F.

PROOF.— (intuition). By structural induction (i.e. for all objects introduced by the
inductive definition of wffs, see definition 5.1). O

It is legitimate to wonder whether the converse is also a theorem.
The negative answer to this question is given by the following theorem:

THEOREM 5.2.— (non-standard model). There exists a set of formulas S of FOL that
admits the structures My = < N {<N} > and My = < D,{<®} > as models
(see the definition below), where My and Mg are not isomorphic (example given by
Crossley et al.).

PROOF.— Consider the following set of formulas (we indicate as a comment, i.e. a line
preceded by %, the desired interpretation of predicate P):

1) Ve=P(z, ) % irreflexive

2) VaVy. P(x,y) = —P(y,x) % asymmetric

3) VaVyVz. P(xz,y) A P(y,z) = P(z,z2) % transitive

4)Vavy. P(z,y) V Ply,z) Vo = y % total relation. For the

axiomatization of =, see section 9.1.4.
5) JaVy.—~P(y, x) % there is an initial element

6) VaIy[P(xz,y) N Vz(=(P(z,z) A P(z,y)))] % every element has a
unique immediate successor

7)Vz[Fy(P(y,x) = Vz(P(z,2) = P(z,y)))] % every element, except for
the first, has a unique predecessor
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It is simple to check that:

M = < N, {<N} > (where <" denotes the usual order relation in N) is a model
of S.

Now consider the following sets:

Di={0}u{l—21|neN, n+#0} % [0, 1]
Dy={1+1|neN, n>1} %11, 3]
D3={3-1|neN, n+#0} % [2, 3[
D= D,JD2JDs

and the structure My = < D,{<%} > (where <9 denotes the usual order
relation in Q).

It is simple to verify that this is also a model of .S.

But M, and M are not isomorphic structures, as can be verified by taking an
element of D, for example, % (or 2 or %, etc.), which has an infinity of predecessors,
which is not the case for any element of N (see digression 5.3 and definition 5.5).

M3 is called a non-standard model because it is not isomorphic to the intended
model M, which is called the standard model.!2 Note that Peano’s axioms are
categorical in second-order logic (SOL). O

5.2.3.1. How can we reason in FOL?

Similar to what was done in PL, we can provide a syntactical approach (with a
formal system) or a semantical approach (based on interpretations). We shall give
priority to the latter.

Actually, the methods will be obtained thanks to semantic notions, but similar to
what was done, for example, for resolution in PL, the goal is to obtain a deductive
system.

For the syntactical approach, see remark 5.21.

12 If any two models of a theory are isomorphic, then the theory is categorical.
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5.3. Semantic tableaux in FOL
It is obtained by reduction to the method of semantic tableaux in PL.

There are two fundamental differences compared to the method studied for PL
(these differences are inherent to FOL):

— the quantifiers V and 3 may occur;
— the method may not halt (FOL is undecidable).

The way we proceed is basically intuitive and is based on the same ideas as the
corresponding formal system.

The Lowenheim—Skolem theorem (theorem 5.4) ensures that it is possible to
restrict the search for models of FOL formulas to denumerable domains.

From now on, we therefore restrict ourselves to denumerable universes
(interpretations and models), which are the only ones that can be handled in computer
science.

This enables us to solve the problem of handling quantifiers. On a denumerable
universe

D ={aj,az,...,an,...}
V and 3 correspond to:
VaP(x): P(a1) A P(a2) A Pag) A ...
JxP(z): P(ai)V P(az) V Plag) V ...
(these are not wffs of FOL, but an informal way of stating things).

There are two important questions that need to be asked:

— when variables are replaced by elements of the domain D, what we obtain is
generally not a wff of FOL (see definition 5.1). However, intuition, together with
the habits of mathematical practice, suggest that “this does not matter”. Indeed, in
mathematical practice, it is not necessary to declare signatures, and symbols are
introduced when they are needed. Furthermore, in general, the domain of discourse
(semantical point of view) shall be described using a set of symbols that is disjoint
from the one used to write formulas (syntactic point of view). We can therefore
assume that, each time we are searching for models of FOL formulas (or proving
that they do not have any), we have at our disposal a denumerably infinite set of
parameters, denoted by Par (where ParNC = (J, see definition 5.1), that will replace
the variables occurring in formulas and will also denote the values of closed terms;
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— the second key point is that, in the proof of the Lowenheim—Skolem theorem
(theorem 5.4), we assume that the considered formula F' is in Skolem normal form
(written sk(F")), i.e. in a form that is not necessary to treat the formula with the method
of semantic tableaux.

A capital operation to obtain sk(F') is the elimination of existential quantifiers
by Skolemization. When replacing Vz3yP(z,y) by YaP(z, f(x)), Skolemization
introduces a function f (which is not defined, but whose existence is guaranteed by
the AC). This function can be replaced by its graph with domain and codomain Par,
meaning that Vz3y P(x, y) will be replaced by P(aq, as), P(as,a4), . ..

Using an argument similar to the one that occurs in the proof of the Lowenheim—
Skolem theorem, we could think: if the formula V2:3y P(z,y) has a model M with
uncountably infinite domain D, this means (see definition 5.6) that for all x € D,
there exists y € D such that P (z, y) (where PM is the relation assigned to P in the
model). But if this is true for all x € D, it must also hold for a denumerable subset
of D, and, in particular, up to a renaming, on the domain Par; see also section 5.4.

A similar reasoning applies to formulas that are exclusively quantified with V’s.

We shall use the following equivalent formulas (not doing so can lead to errors;
see exercise 5.3):

VeP(x) K VzQ(x)isequivalenttoVeP(z) K VyQ(y)
JxP(z) K 3FxQ(z)isequivalentto JxP(z) K JyQ(y)
where £ € {A,V, =, &},
as well as:
—Vz P isequivalentto Jx —P
-3z P is equivalentto Vo —P
—Vz —P isequivalentto 3z P
—3Jxz —P is equivalent to Vx P
where P denotes a wif.

REMARK 5.11.— The last four rules are frequently used. For example, to express that
function f is not injective:

f injective: VaVy(z # y = f(x) # f(v))



156  Logic for Computer Science and Artificial Intelligence

f notinjective: —=[VaVy(z # y = f(x) # f(y))]

is equivalent to:

which is equivalent to: % (~(A = B) equiv AN -B)

JaJy(x # y A~(f(z) # f(y)))

which is equivalent to:

Jzy(z £y A f(x) = f(y)) =

The rules to use for the method of semantic tableaux in FOL are those of section
3.2, together with the equivalent formulas above and the rules of Figure 5.1.

Y (1) 0 o(t)
Vo F Flx 1] I F Flz + ]
—JzF| —F[z <+t -V F —F |z + ]
t: closed term t: new constant symbol

Figure 5.1. Rules for semantic tableaux (FOL)

REMARK 5.12.— It should be clear that, although they are syntactically different from
propositions (base formulas), atomic formulas such as P(a;) where a; is a constant,
correspond to the definition of propositions and it is correct to consider them as such.
Atomic formulas such as P(z) are often called propositional functions.

To illustrate the ideas, recall H () (z is a man). It cannot be evaluated as long as
the value of x is not known. This is not the case for H (a) (Socrates is a man) or H (b)
(The mother of Socrates is a man).

As for PL, a branch will be closed once an elementary contradiction has been
detected (for example, of the form P(a), =P(a)), and those are the only ones that can
be detected syntactically (i.e. mechanically). ]

REMARK 5.13.— The procedure semantic tableaux (FOL) is non-deterministic, in
other words, choices are free. But when we fail to close a tree, we may wonder if
this is due to the fact that it is indeed impossible to close the tree or if we simply chose
a bad strategy that indefinitely delayed some choices that would have permitted us to
close the tree. Such a strategy is unfair.
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procedure SEMANTIC TABLEAUX (FOL)

% constructs the tree

input: a finite set of cwffs of FOL F = {f1,..., fn}
output: (if the procedure halts) models of F or F contradictory
% it may not halt (FOL is undecidable)

begin

root of the tree <— F

while 7 # () and (there remain open branches)

do

if a branch B contains two complementary literals, close 3
(i.e. puta x)

% the corresponding model is not viable

choose f; € F

if f; of the form [-] (F' [< connective > GJ] )

% [ ...]: may not exist

then apply rules « and 3: we obtain fij (1<j<2)
Graft f/ (1<j <2)inall

open branches going through the node labelled by f;

F = F\{fi}

else if f; of the form JxG

then apply rule § and do F < (F\ {f;}) UGz + 1]

% we use existential formulas only once

else if f; of the form VzG then apply rule v and do F + F U G[z + ]
% f; is kept indefinitely

enddo

if closed tree

then return F contradictory

else return the sets of literals in the open branches
end

Figure 5.2. Procedure semantic tableaux (FOL)

The following example is convincing.

VadyP(z,y)
JyP(a,y)

157

Of course, this does not mean that using a fair strategy (i.e. a strategy that never
delays a choice indefinitely) can transform an undecidable problem into a decidable
one, but it permits us to eliminate some artificial non-terminating cases.

O

EXAMPLE 5.8.— Assume that we want to show the soundness of the following
reasoning (a denotes a constant):
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If we apply a fair strategy, we easily prove that this is a correct reasoning:

1) Va3yP(x,y)
2) ~(FyP(a,y))

3) Vyﬁli(a,y) (2)

4) EyP%a, y) (1) z+a

5) P(cit7 b) (4) y+b

6) ﬂP(ia, b) (38) y«b
X (5) and (6)

However, if some choices are delayed indefinitely:

1) VaTyP(x,y)
2) ~(yP(a,y))
i
3) JyPla,y) (1) z+a

1) P(i b (3) yeb
5) EIyP%b,y) (1) 2 b
6) P(ivc) (5) y+c
7) EyP%c,y) (1) = c

-

O

EXAMPLE 5.9.— Consider the famous syllogism “Every man is mortal. Socrates is a
man. Therefore, Socrates is mortal”. Its translation in FOL is:

2) H(a)
3) M(a)

where:
H(z): xis a man.

M (z): x is mortal.
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a: Socrates.

To prove that the reasoning is correct, we consider the set
{Va(H(x) = M(x)), H(a),~M(a)}

4) H(a) = M(a) inl) z+—a

—1Hl(a) 1) Ml(a) 1)
H(a) 2) H(a) 2)
X

|
-M(a) -3)

EXAMPLE 5.10.— Consider the reasoning:
Va(P(z,b) = P(a,b))

_‘P(aﬂ b)
—JxP(x,b)

We try to construct models for the set of wffs 1, 2, 3 below (2 is the negation of
the conclusion).

1) -P(a,b) v
2) Jz P(z,b) Vv
3)  Vz(P(z,b) = P(a,b))
|
4) P(c,b) in 2) rec
5) P(c,b) = P(a,b) in 3) x—c
6) —P(c,b) 5) 7) P(a,b) 5)
X 4) —5) X 1)-17)

Note that, in this example, we used some general principles in the method
(indicated in the algorithm) that correspond to normal practices in mathematics:

— we replaced Jz by ¢, a fresh constant (that did not occur in the considered wffs);
— once we have introduced a constant in place of 3z, we are no longer allowed to
use (2) (which is why we mark (2) as used (1/));

—in (3), variable x can potentially be replaced infinitely many times, which is why
it cannot be marked as used. We see that Vx can cause trees to be infinite;
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— similar to the case of PL, in which each wff that we used was (implicitly) marked,
we mark (1) with /. O

EXAMPLE 5.11.— A problem arises: what happens if the reasoning that we are
verifying is not correct, in other words, if the associated set of wffs is not
contradictory? The answer is the same as in PL: there will be open branches. But
the difference is that there may be infinite branches in FOL. We examine a case in
which the method halts and others in which it does not.

JxP(x)

VaP(x)
We thus consider the set of wffs 1,2 below

1) JzP(z) Vi

2) ﬂ(fo(x))

3) Jy-P(y) v
ﬂPi(a) in 3) y«a
P%b) in (1) z b

We halt without being able to close the tree. We have a model of the set of wffs,
i.e. a counter example of the initial reasoning. The meaning of the open branch is
simple: it is a unary relation (i.e. a property) corresponding to P that is true for b (i.e.
b belongs to the relation) and false for a (i.e. a does not belong to the relation). This
interpretation makes the premises true and the conclusion false.

More formally, an interpretation Z can be extracted from the open branch of the
tableaux (see definition 5.6), which is a counter example of the proposed reasoning:

M =< D;{R} >

with:
D = {a,b}
R ={b}

inI,CprZPHR

In other cases, it is not possible (for the method, a human would easily realize that
it will not halt).
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If we want to test the validity of the wft:
JzVy—P(x,y)

we test the unsatisfiability of:

ﬁ(ExVylP(:c, y))
Va3yP(z,y)
!
P(al, bl)
1
P(CLQ, bz)

1
P(a37 b3)

“we can see” that the method is trying to construct an infinite model (think of D: N
and P(z,y): x < y). O

EXAMPLE 5.12.— We want to test whether the following reasoning is correct using
the method of semantic tableaux.

All engineers have a university diploma
Some people who have a university diploma are poor
Some engineers are poor.

This is formalized in FOL using the following predicates:
I(x) : x is an engineer;
D(z) : « has a university diploma;
P(x) : z is poor.
Va(I(z

=
Jz(D(x) A
Jx(I(z) A

~

D(z))
P(z))
P(z))

We thus try to construct models of the premises and of the negation of the
conclusion.
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1) Vx(I(x) = D(x))
2) 3x(D(x) A P(x)) V
3) Vx~(I(x) A P(x))

D@ in 2) x<a
P@ in 2) x<a

/\

-l(@ in 1) x<a D@) in 1) x<a
-l(@a) in 3) x<a -P@ in 38) x<a -l@ in 3) x<a -P@ in 3) x<a
X X

The leftmost branch cannot be closed (the method does not detect this property, see
also theorem 5.11) and provides a counter example of the initial reasoning: someone
who has a university diploma (D(a)), who is poor (P(a)), and who is not an engineer
(—I(a)). We could imagine a universe containing only a poor lawyer, or a universe in
which none of those who are poor and have a university diploma are engineers.

Of course, there can be poor engineers, but the proposed reasoning does not
prove this. (|

EXAMPLE 5.13.— A seldom explored characteristic of semantic tableaux is the
possibility to detect in some cases the n-validity of a formula (which means that a
formula is valid in every universe D such that card(D) < n, n € N) but can be falsified
in any universe of a greater cardinality. We use the method of semantic tableaux to
show that the wff

A = VaP(x)
where:
A [Fx3y3z( (P(x) A P(y) A P(z))
ANQ(z) & =Q(y))
A(R(z) < —R(z))
ANS(y) & =5(2)) ]

is three-valid.

A states (see Leibniz’s law, section 9.1.4) that there exist three distinct objects
T,Y, 2.

The last three conjuncts express the fact that each of the tree objects is different
from the other two, as a given object cannot have and not have a property.
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—[A = VuP(u))
l
1) A
2) “VuP(u)
!
-P(d) 2)ued
|
P(a) l)z—a
P(b) Ny«b
P(c) 1)ze—c¢
Q(a) ~Q(a)
-Q(b) Q(b)
‘/\b
R(a) -R(a) R(a) -R(a)
-R(c) R(c) -R(c) R(e)

S(b) -S(b) S(b) ~S(b)S(b) -SO®) Sb) -S(b)
-S(c) S(c) ~S(c) S(c) =S(c) S(e) =S(c) S(c)

We analyze what happens in universes of cardinality 1, 2, 3 (branches are identified
with the standard notation on trees):

card(D) =1

a = b = ¢ = d contradiction in branch 1.

card(D) =2

a = b = c contradiction in branches 1.1 and 1.2.
a = b = d contradiction in branch 1.

a = ¢ = d contradiction in branch 1.

b = ¢ = d contradiction in branch 1.

a = b and ¢ = d contradiction in branch 1.

a = cand b = d contradiction in branch 1.

a = d and b = ¢ contradiction in branch 1.
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card(D) = 3

a = b contradiction in branches 1.1 and 1.2.

a = c contradiction in branches 1.1.1; 1.1.2; 1.2.1; and 1.2.2.
a = d contradiction in branch 1.

b = c contradiction in branches 1.1.1.1; 1.1.1.2; 1.1.2.1; 1.1.2.2; 1.2.1.1; 1.2.1.2;
1.2.2.1;and 1.2.2.2.

b = d contradiction in branch 1.

¢ = d contradiction in branch 1.

For universes D with card(D) > 4, no branch can be closed (the open branches
provide counter models of the initial formula). O

REMARK 5.14.— In this example, we implicitly violated the requirements of rule §
(i.e. that every constant introduced by an existential quantifier must be a fresh constant
that is not introduced by any other existential quantifier).

This violation allows us to enumerate the models of all cardinalities for which a
non-valid formula can be satisfied.

It is not difficult to show that we have extended the method without losing its
soundness and completeness properties. (|

We may wonder whether this example can be generalized to any arbitrary n. This
is the topic of the following exercise.

EXERCISE 5.2.— Can we give a wff in FOL that specifies the n-validity forn € N
(i.e. for an arbitrary and fixed value of n)? (See also example 9.31.) U

EXERCISE 5.3.— Can you prove that following reasonings (respectively, wifs) (a) to
(1) given below are correct using the method of semantic tableaux?

a) Vz(P(z) A Q(z)) < Ve P(z) AVzQ(x)
b) Jz(P(x) V Q(x)) < JzP(x) vV IzQ(x)
9]

VaIyP(y, x)

VaVy(P(z,y) = Q(x,y))
Vr3yQ(y, x)
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d) Prove that: every irreflexivel3 and transitive relation is asymmetrical.

VP (z,x)
VavyVz(P(z,y) A P(y, z) = P(x, z))
Vavy(P(z,y) = ~P(y, x))

e) Va(P(z) V Q(z)) = VaP(z) VVzQ(x)
f)

Vr(P(z) = Q(z))
Vo (Jy(P(y) A R(z,y)) = Jy(Q(y) A R(z,y)))

g)

Va(F(z) = JyG(z,y))
JxF(x)
JzIyG(z,y)
VaIyG(z,y)

h)

( VaIy(P(z) vV Q(y)) ) < ( VaP(z) VIyQ(y) )
i)

( Va(P(x) vV Q(f(z)) ) = ( (Vady(P(z) vV Q(y)) )

j) Add a premise to the reasoning of example 5.12 so as to make it correct.

Give the corresponding closed tableaux.

k) Use the method of semantic tableaux to determine if the following formula:
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k1) is not valid, and if this is the case, extract a counter example from the

tableaux;

k2) is valid, and in this case give a model obtained using the method of semantic

tableaux.

Bz(P(z) = Q(z))] = [VeP(z) = 32Q(z)]

D a, b, ¢, d, e denote constants.

13 Irreflexive (V& —P(x,x)) # non-reflexive (3z —P(zx, x)).
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5) VaVyVz.P(x,y) A P(y,z) = P(z,z2)

6) 6. P(a,e) O

EXERCISE 5.4.— Use the method of semantic tableaux to tell whether the following
reasoning is correct or not.

If it is incorrect, extract a counter example of minimal cardinality from the
tableaux.

1) J(P(x) A Q(x))
2) Jx(R(x) A S(x))
3) Jz(—=P(x) A —R(x))

4) Jz(S(z) A Q(x)) O

5.4. Unification in the method of semantic tableaux

In the method of semantic tableaux for FOL, there are two main problems, the first
with rule v, which corresponds to the instantiation of universally quantified variables,
and the other with rule §, which corresponds to the introduction of fresh and unique
constants as instantiations of existentially quantified variables.

— The problem with rule v, which may generate infinite branches, is to find
adequate instances so as to close the branches (that can be closed) at the least possible
depth.

A solution that is frequently adopted in implementations is to replace a universally
quantified variable, say z, by a (free) variable X.

This renaming shall be written as x — X.

Of course, the “disappearance” of the universal quantifiers must not hide the fact
that the free variables that were introduced can be replaced by any number of terms.
To keep this property, we introduce renamings of the free variables that we shall note:
Tr — Xl,Xl — XQ,XQ — X3,...

— The problem with rule § is that, when there will be, say, n free variables
X1, Xo,..., X, that have been introduced in the branch corresponding to formula
F', where Jy appears in the scope of X1, ..., X, as usual, dy will be erased, and y
will be replaced by f (X1, Xo,...,X,), where f is a new functional symbol called a
Skolem function. This guarantees the introduction of a new name (constant) each time
there is an instantiation of an existentially quantified variable, which is in the scope of
universally quantified variables (syntactically different terms correspond to different
names), i.e. the most general case.

(This is what we have done systematically, for example, in example 5.11)

— The unification algorithm is used to find the instantiation that allows us to close
branches or to detect whether they (still) cannot be closed, therefore, suggesting
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renamings of the free variables (and implicitly of the existentially quantified variables

that are in the scope of the free variables).

EXAMPLE 5.14.— (unification in semantic tableaux, 1). Prove the validity of the

formula:
1.Vz(P(z) V Q(x)) = (FzP(x) V VzQ(z))
1. =Vz(P(z) VQ(z)) = (JzP(z) VVzQ(x))] % negation of 1.
2.Vz(P(z) V Q(z)) 1.
3. =(FyP(y) VVzQ(2)) 1’. and renaming of the variables
4. P(X)VQ(X) 2,2—X
5. =3y P(y) 3.
6. "VzQ(z) 3.
7.Yy—P(y) 5.
Vv 8. 327Q(2) 6.
9. ~P(Y) Ty—Y
10. =Q(a) 8,24+ a
11. P(X) 4. 12. Q(X) 4.

x (9.—11.), {X < a,Y < a}

Note that in formulas 11 and 12, we have the same X.

x (10.—12.), {X <« a}
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EXAMPLE 5.15.— (unification in semantic tableaux, 2). Prove the validity (or non-
validity) of the formula:

1. Vz3yP(z,y) = JyVaP(z,y)

1. =[Vz3yP(x,y) = IyvzP(z,y)] % negation of 1.
2.VzIyP(z,y) 1.
3. =[FuVuP (v, u)) 1’. and renaming of the variables
4. 3yP(X,y) 2, — X
5. P(X, f(X)) 4., Skolemization
6. YuJv—P(v,u) 3.
7. Jv=P(v,U) 6.,u—U
8.~ P(g(U),U) 7., Skolemization

are arguments (5.-8. ) unifiable?

Unification
fails (cycle)

% By renaming X — X, U — U; the unification algorithm will always fail
(cycle)

therefore, the formula is not valid. O
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EXERCISE 5.5.— Show that the following reasoning is correct using the method of
semantic tableaux with free variables (i.e. using unification).

VaIy(P(z) = Qy))

va(P(z) = Qy)) O

5.5. Toward a semi-decision procedure for FOL

It is impossible to design a decision procedure for FOL. Indeed, FOL formulas can
be used to describe any Turing machine, and deciding the validity of an arbitrary wff
is equivalent to solving the halting problem (which is undecidable).

But there is nothing stopping us from searching for a semi-decision procedure for
this logic (only hope for the automation of such a procedure)!4, i.e. a procedure that,
if it stops, gives a correct answer, but for which we cannot say anything if it has not
stopped at a given moment.

To test if a formula is satisfiable or valid, we (potentially) have to test infinitely
many universes, which is impossible. We will see that it will suffice to restrict
ourselves to a priviledged universe that will have “good properties”. The first step
in this direction is to transform the formulas into a normal form.

5.5.1. Prenex normal form

When we consider a set of objects that can have many different forms, it is
desirable to have a transformation into a normal form. It permits us, for example, to
study the properties of these objects in a uniform manner and to state these properties
more easily.

DEFINITION 5.8.— A wff of FOL F' is in prenex normal form, (denoted by pr(F)) iff
it is of the form:

Qi1 ... Qpry, M (n > 0) (n = 0 means that the formula contains no quantifier)
where Q;: ¥ or 3

Q121 ... Qnxy, is called the prefix.

14 Another possibility of automation is the use of heuristics, but in this case, we cannot
guarantee that the procedure will halt with a correct answer in all the cases in which the formula
has the expected property.
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M: does not contain any quantifier and is called the matrix.

We implicitely assume that (see definition 5.1) if QQ; # Q;, then x; # x; (meaning
that a same variable is not quantified by different quantifiers).

THEOREM 5.3.— (existence of the prenex normal form). If F' is a wff of FOL, then
there exists an equivalent pr(F).

PROOF.— (outline). Apply the equivalent transformations below and reason by
induction on the number of connectives.
The rules assume that « ¢ Var(G) (rename if necessary)
1) =V F if and only if 32— F
2) =3z F if and only if Va—F
3)VaF A G if and only if Vo (F A G)
3") G AV F if and only if Va(G A F)
4)3zF A Gifand only if 3z(F A G)
4"y G A JzF if and only if 32(G A F)
5)VoF = Gifand only if 3z(F = G
5)G = VzF ifand only if V& (G = F
6) 3zF = Gifand only if Vz(F = G
6') G = JxF ifand only if 3z(G = F
T)VzF VvV G if and only if Vz(F V G)
7) G v VzF if and only if Va(G V F)
8) JxF Vv G if and only if 3z(F V G)
8) GV 3z F if and only if 32(G V F)

)
)
)
)

1, 2, 3, 4 are sufficient (the other rules can be applied using the equivalent formulas
of exercise 3.2). O

EXAMPLE 5.16.— We can use (this is what we will do in exercise 5.7) the method
of semantic tableaux to prove the validity or non-validity via a counter example of
expressions denoting wifs that we will call “generic formulas” i.e. sets of formulas
with a given structure, that can be characterized by naming their subformulas.

We prove below the validity of rule 5, which is used in the proof of theorem 5.3.
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1. {(VzF[z] = G ) & Jz(F[z] = G)}

/\

2.VzFx] = G 1. 4. -[VuF[u] = G] 1 and renaming.
3. =[Fy(Fly] = G)] 1andrenaming. VvV b F(Fp] = G)
1 and renaming.

6. Vy—(Fly] = G) 3. 15. F[b] = G5, v+ b

16. VuF[u] 4.
17. -G 4.

/\

7. -VaF[z] 2. 8.G2. 18. F[b] 16, u < b

13. Fla] 6, y < a
14. -G 6
x 8 — 14,
\/9. HxﬁF[x] 7.

10. =F[a] 9, x < a

11. Fla] 6, y < a
12. -G 6
x 10. —11.

|
/\

19. ~F[b] 15 20. G 15
x 18 — 10. x 17— 20
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We will also use the information provided by the method of semantic tableaux
to construct a counter example of an incorrect transformation rule that we might be
tempted to use: as subformula G does not contain the quantified variable x, we can
include G in the scope of V.

1. {(VzFz] = G) = Vz(F[z] = G)}

2. VoFlz] = G 1.
3. =[Vy(F[y] = G)] 1. and renaming.

Vv 4. Fy-(Fly] = G) 3.

8. ~(VzFlz]) 2. 9.G.2.

x (7.-9.)
v/ 10. Jx—F[z] 8.

11.| =F[b] [10.x < b

We can extract a model from the negation of the formula (i.e. a counter example
of the considered formula) in the open branch (there are no longer any universally
quantified formulas: 2 was replaced by 8 and 9), by taking, for example:
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G+ Q(y)
(This replacement respects the initial hypotheses.)

and the structure M =< D; R >

with:

D ={a,b}
and:

R ={{a},{b}}

The counter example constructed by the tree corresponds to:

P —{a} %,i.e. P(a): T; P(b): F

Q—{b} %, ie. QO): T;Q(a): F

This is indeed a counter example, the verification is immediate:

(%) (VaP(z) = Qy)) = Va(P(z) = Qy))

VzP(x): F %, as P(b): F

thus, Va2 P(z) = Q(y): T

Va(P(x) = Q(y)) F %, as P(a) = Q(a): F

(*) is therefore evaluated to F in the proposed interpretation. (]

Is the prenex normal form unique? The following example shows that this is not
the case.
EXAMPLE 5.17.— (non-uniqueness of the prenex normal form). The order of
application of the rules can lead to different prenex normal forms for the same formula.

Consider the formula:

VedyF = 3G (x, y ¢ Var(G), z ¢ Var(F))

CVeyF = 3.6 - B(ayF = Q) - (Fx(FyF = G)) -5
FzFaVy(F = Q)
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_VeyF = 36 - J(FyF = 326) -5 Te(wF = 36) -5
JaVy3z(F = Q)

CVeyF = 36 -5 3(yF = 36) D J(3:3yF = Q)
Jz3Vy(F = G)

Dl‘”

The prefix of the prenex normal form contains existential quantifiers. To establish
fundamental theorems for the automation of FOL, we must introduce an operation
permitting to eliminate them.

5.5.1.1. Skolemization

Skolemization (from the Norwegian logician T. Skolem) enables us to eliminate
existential quantifiers while retaining the satisfiability of a formula.

The idea is that:

(*) Va3yP(x,y) admits a model, and f is a function symbol that does not appear
in the considered formula

iff:
(%) Vo P(x, f(x)) admits a model.

but () and (*x) are not equivalent, i.e. are not evaluated to the same truth value
for the same interpretations.

More generally:
the formula:

Vr1Vae .. V2 Y VEmt1 - VEmapP (@1, T2, - o, T, ¥ Tt 1y - - s Tintp)
yields by Skolemization:

VoiVeo .. Ve, Vemyt - VEmgp
P(x1,22, ..., Ty £(X1,X2, -+, Xm)s Tt 1s -« Tintp)

and if m = 0:

VZmt1 - VEmap P T, - - o s Tintp)

We will show, using the method of semantic tableaux, that:
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(% % %) VaIyP(z,y) ¥ Ve P(z, f(z))

meaning that there exist models of Va3yP(x,y) that are counter models of

VaP(x, f(x)).
We will therefore try to construct models of:
S = {Va3yP(x,y), ~[VeP(z, f(x))]}

and if we succeed, we will have proved (x * x).

1) Va3yP(z,y)
2) 3z=P(z f(2))

1}
=P(a, f(a)) 2), z+a
1

P(a,b) 1), y«<b, z+a

Using this tableaux, it is simple to construct the desired counter example (by letting

f(a) # by:
M =< D; {fM},{PM} >
with:
D = {a,b}
P+ PM = {(a,b), (b,a)}
= fM={(a,a),(b,b)} % total function

Note that the tableaux guarantees that we can always (if (a,b) € P™) transform
a model of Vz3y P(z,y) into a model of VaP(x, f(x)) (by letting f(a) = b).

This non-equivalence (sometimes called weak equivalence) is not really a problem
when we try to prove that a wif does not have any model (i.e. thatits negation is valid).

If we wanted equivalence to be preserved, we would have to replace:
VaIyP(z,y)
by:

Ve P(x, f(x)), but this formula is not a wff of FOL (see the syntax of FOL in
definition 5.1 and exercise 9.5).
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REMARK 5.15.— Another way to prove that Skolemization does not preserve
equivalence (but only satisfiability) is to consider the following counter example.

The formula:
(%) =VzP(x) V P(a)

is valid (as can easily be checked using the method of semantic tableaux or by noticing
that this formula is equivalent to Vo P(x) = P(a)).

If we transform (x), we first obtain:

Jz—P(x) V P(a)
and using Skolemization:

—P(b) V P(a)
which is a satisfiable but not valid formula (as P(a) can be evaluated to F and
P(b) toT). O
5.5.2. Skolem normal form

Starting with a FOL formula F', after transformation into prenex normal form and
Skolemization, we obtain the Skolem normal form of F' (denoted by sk(F")):

sk(F): Vaq ...Va, F’, where F’ does not contain any quantifier and Var(F') =
{LUl e {L‘n}

Therefore, by theorem 5.3 and the Skolemization property:
() F wif of FOL is satisfiable iff sk(F’) is satisfiable

DEFINITION 5.9.— (universe, base, Herbrand interpretation). Given a finite set S of
formulas in Skolem normal form constructed on the set of predicate symbols 7 and
function symbols F, the Herbrand universe on F (or Herbrand universe of S) is
defined as follows:

~-Ho={a|a€eF}
if F does not contain any constant, then Hy = {a};

~Hpy = {1 ta) | Y € Fr e HYUH, 1<k <m; i>
0; n>1);
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—H(S):Hoo: 1EN-
(With the notation of definition 4.1, we should note X(F) instead of H(S).)

The terms in H(S) are obviously closed (see definition 4.1) and are called
Herbrand terms.

The Herbrand base of S is the set of positive literals (i.e. of atomic formulas):

- B(S) ={L[z | tys)] | L(x) e C € S or L) € C € Sty €
H(S)} U {AF:}

where L[ | ty(s)] means all variables in L are replaced by Herbrand terms.

Lz |t H(s)] is a Herbrand instance or simply constant instance or closed instance of
L(z). We shall also talk of (see definition 5.10) closed clauses.

AF,: closed atomic formulas in S.

Notation: here, as is customary, T denotes an n-tuple of variables and fH(S)
denotes an n-tuple of Herbrand terms.

— A Herbrand interpretation of a set of universally quantified formulas S
constructed on (m, F) is an interpretation Ly gy such that:

D = H(S)
ifa € F:agpa) =a
i1 € Frag(hyV) = 10"
with:
SIS () e ST @t
(and of course t; € H(S);1 <i<mn)
JE < agy(P) P
with PLHS) ¢ g (g)ym
— A Herbrand interpretation can be represented by Ly sy € B(S).

The obvious intuitive meaning is that the literals L"(t) € Ly gy are evaluated to
T on the n-tuplest € H(S)" or thatt € LMHS)(¢),

The set of Herbrand interpretations of S is thus the set of subsets of B(S).
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REMARK 5.16.— The Herbrand universe corresponds to what is called the term
algebra in universal algebras., i.e. (see definition 5.4):

< X(F),T > (with X(F) # 0) (condition that is satisfied if 7 # () and

FOOSE) s (b, ) = FO) ()

B ¢ 3

fWeFit; eS(F)(1<i<n) O
EXAMPLE 5.18.— S = {Cy, C3, Cs}

Cy : Vz P(x)

Ca: Va.oP(x) vV Q(f(x))

Cs: =Q(f(a))

H(S) ={a, f(a),..., ["(a),...}

B(S) ={P(a), Q(f(a)), P(f(a)), Q(f(f(a))),...}
a Herbrand interpretation:

Tues) = {Pla), Q(f(a))}
meaning that P(a) is evaluated to T and that P is evaluated to F on all other elements
of H(S). Q(f(a)) is evaluated to T and @ is evaluated to F on all other elements
of H(S).

Another Herbrand interpretation:

Tu(s) = {P(a), P(f(a)), P(f(f(a))), -}

meaning that P is evaluated to T on all elements of H(.S), and @ to F on all elements
of H(S). O

EXERCISE 5.6.— Let S denote the following set of wifs:

S ={P(a), Vo.P(f(z)) v -Q(f(x)), Qa)}

Can you give three Herbrand models of $? Which ones? O
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REMARK 5.17.— By construction, the Herbrand universe (and the Herbrand base) of
a set of formulas S is either finite (if no function symbol occurs in S) or denumerably
infinite.

As a consequence, the number of Herbrand interpretations for a set of formulas S
is either finite or uncountably infinite (see exercise 3.1). U

For example, we can give an uncountably infinite model of the formula
Va3yP(x,y), for example, < R, < >, and we can also give a denumerably infinite
one, for example, < N, < >. This example is a particular instance of the following
theorem.

THEOREM 5.4.— (Lowenheim—Skolem). If a FOL wff F' has a model, then it also has
a denumerable model.

PROOF.—
— It suffices to consider sk(F), see (x) in section 5.5.2.
— We assume that D is the domain of discourse of the model of sk([").

— If a universally quantified wff (such as sk(F")) is satisfied on a domain D, then it
is also satisfied on a domain D’ C D (see definition 5.6 and remark 3.39).

— We consider H(sk(F")) from which we will construct a denumerable set D’.

— We begin by the (necessarily finite) set of constants in F' or by the additional
constant, which will denote, in the model, elements of D. These will also be elements
of D'.

— The terms f(") Hk(F)) (¢, t,) denote elements of D in the model (see

definition 5.6) that are added to D’ (D’ is closed by this operation, by definition of a
Herbrand universe).

— By construction D’ is either finite or denumerably infinite (see remark 5.17).
This proves the theorem. O

EXAMPLE 5.19.— Consider the wit:

F :Va3yP(x,y)
with the intended interpretation: for all reals there exists a greater real,
we obtain by Skolemization:

sk(F) :VaP(z, f(x))

A model can be constructed on the structure:
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M=<R {ff}{<F} >
where fE:R —» R; fB(z) =2 +05
f s fRand P <k
H(sk(F)) ={a, f"(a) [n =1} = {f"(a) | n =0}

if, for example, we fix a — —5, we obtain

f(a) — —4.5
fa) = —4
f3(a) — —3.5
fia) = =3

D' ={-5,-4.5,—4,-3.5,-3,...}
A Herbrand model:

M = B(sk(F)) = {P(z, f(z)) | # € H(sk(F))}. U

We have the following immediate corollary:
COROLLARY 5.1.— (Lowenheim—Skolem for finite sets of formulas). If S is a finite
set of FOL wffs that admits a model, then S admits a denumerable model.
PROOF.— Let S = {f1, fa,.- -, fn}-

By definition (see definition 3.8) S has a model iff there exists a model that satisfies
all the formulas in S, i.e. iff:

F : A\, fi has a model.
The corollary is proved by applying theorem 5.4 to F'. (]

REMARK 5.18.— The Lowenheim—Skolem theorem also applies to denumerably
infinite wffs of FOL: if S is a denumerably infinite set of wiffs of FOL that has a
model, then S has a denumerable model. O
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REMARK 5.19.— (an important consequence of the Lowenheim—Skolem theorem).
An immediate consequence of the Lowenheim—Skolem theorem is that the intended
interpretation of a wff of FOL is not unique: there can also be unintended
interpretations.

As a consequence, FOL formulas cannot characterize uncountably infinite sets!S,
because we know that along with such a set, they will also admit a denumerable model
(i.e. they will also characterize a denumerable set). O

The Lowenheim—Skolem theorem permits us to imagine a mechanical validity test
(as it will be performed on denumerable domains).

There remain two questions that, if answered positively, make the existence of
such a test impossible:

— would we have to test all interpretations on a given denumerable domain?

— would we have to test a/l denumerable domains?

The answer to both questions is (fortunately) negative.

REMARK 5.20.— (on interpretation domains). Before we formalize these answers,
note that the only requirement on the domain of an interpretation is that it should
not be empty. It can, in particular, consist of terms without variables (closed terms)
constructed on the same signature as (the Skolem normal form) of the initial
formula. O

The negative answer to the first question is a result of the following theorem.

THEOREM 5.5.— We can test the validity of a wff of FOL on a denumerable domain
without taking interpretations into account.

PROOF.—-
— Let F' denote the wff whose validity we want to test.
— —F is satisfiable iff sk(—F') is sat (see section 5.5.2).
— Fis valid iff = I is unsatisfiable.
— = F is unsatisfiable iff sk(—F') is unsatisfiable.
— To test the validity of F', we therefore test whether sk(—F’) is unsatisfiable.

15 L.e. specify uncountably infinite sets and none other.
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— Let D denote the domain on which we want to test the unsatisfiability of sk(—F);
D ={ay,a2,...,an,...}.

— We assume that card(Var(sk(—F))) = k > 0 (Var is the set of variables and
all variables are universally quantified by definition of the Skolem normal form).

— We want to enumerate the k-tuples of elements of D, that will be denoted by
a;, 1€ N.

% A bijection N* — N can be defined by:

(a17a2,~-~,ak)'—>2a1 4 oatas+l | gaitastas+2 L 4 gaitaz..tagtk—l _q

— Testing the universally quantified formula sk(—F') reduces to testing sk(—F') on
all the elements of D*.

— We therefore consider | J;cy sk(—F)[T | @;] % Z: k-tuples of variables of
sk(—F).
-If U,ey sk(-F)[T | @) is unsatisfiable then 35 € N such that
J

', sk(=F)[z | @] is unsatisfiable (propositional test; contrapositive of the
compactness theorem for PL, theorem 3.3).

— This test is independent of the interpretation of the function symbols (and, in
particular, of the constants) and of the predicates. O

The negative answer to the second question is given by the following theorem.

THEOREM 5.6.— A wff for FOL F' is satisfiable iff it is satisfiable on the domain

PROOF.— If:
— We consider sk(F).
— F is satisfiable iff sk(F) is satisfiable (see section 5.5.2).
— By hypothesis, sk(F') is satisfiable on H(sk(F')) % (see remark 5.20).
— Therefore, I is satisfiable.

Only

— If F is satisfiable, then F' is satisfiable on denumerable domain D (Léwenheim—
Skolem theorem, theorem 5.4).

— We repeat the reasoning of theorem 5.4, but instead of taking elements in D, we
take the Herbrand terms that denote them to construct another denumerable set D’.

~ D' = H(sk(F)). O

The following theorem, which simply merges theorems 5.5 and 5.6, is essential for
the automation of FOL.
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THEOREM 5.7.— (Herbrand). A wff of FOL F' is valid iff there exists a finite set of
instances of sk(—F) that is unsatisfiable (contradictory).

PROOF.—
— F'is valid iff = F is unsatisfiable.
— —F is satisfiable iff sk(—F") is satisfiable (see section 5.5.2).
— sk(—F") is unsatisfiable iff HI(sk(—F")) is unsatisfiable % HI: Herbrand Instances.

(semantic definition of universally quantified formulas, see definition 5.6)

— If HI(sk(—F")) is unsatisfiable then there exists a finite subset of HI(sk(—F")) that
is unsatisfiable, (up to a syntactic modification, HI are propositional, and we may
apply the (contrapositive of) the compactness theorem for PL (theorem 3.3)). (]

It is clear that Herbrand’s theorem enables us to design a semi-decision procedure
for FOL:

procedure SEMI_DEC_PROC_FOL

input: sk(—F) Var(sk(—F)) = {z1,...,zn}

output: F' valid or F' not valid or L

halting test: detection of a contradiction or test of all HI (if the universe is finite)
begin

e Generate H(sk(—F")) % Herbrand universe

e Enumerate the n-tuples of H(sk(—F)): #; (1 <i; i € N)

e Obtain sk(—F)[Z | ;] % HI: Herbrand instances

e Test (propositionally) | J; { sk(—F)[T [ ;] } (1 <4; i € N)

o If contradiction detected then return ‘F' valid’

e Else if tests exhausted (H (sk(—F)) finite) then return F' not valid
e Else continue

end

Figure 5.3. Semi-decision procedure for FOL

REMARK 5.21.— (completeness of FOL). Godel’s completeness theorem!6 for FOL
can be stated as follows: there exists a formal system in which every valid FOL
formula has a proof.

The following is a formal system for FOL.

16 Should not be confused with Godel’s incompleteness theorem, which is much more popular
(see remark 3.28 and section 5.9).
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Sror =< L1,Rq1, Ay > with:
L1: see definition 5.1

Ri: the inference rule schema M P from S; together with the inference rule
schemas G and P below:

- F=G(x)
¢ F = VaG(x)

- Gx)=F
" J2G(x) = F

x ¢ Var(F)

Aj: the axiom schemas (A1), (A2), and (A3) of S; together with (A4) and (A5)
below:

(A4)VzF(z) = F(¢) t: aterm
(A5) F(t) = JxF(x) t: aterm

From a conceptual point of view, a formal system can be characterized as a
“machine that produces (and tests) theorems in a given logic”, we can therefore view
SEMI_DEC_PROC_FOL as a formal system for FOL and theorem 5.7 as a completeness
theorem for FOL.

This theorem enables us to replace a test of validity on all interpretations
(semantical notion) by a test of the existence of a proof (syntactical notion of a

proof). O

REMARK 5.22.— (very, very long proofs). To illustrate the idea, consider Spor, from
remark 5.21, but the property below holds for all systems & for which ks T 7 is
undecidable (immediate by analyzing the proof).

Property:

The length of a theorem T', denoted by length(T), is the number of symbols (from
the vocabulary of the corresponding formal system) in its statement. Similarly, the
length of a proof is the number of symbols in the proof (other definitions can be given
such as number of steps, etc.).

For any recursive function (i.e. computable by an algorithm) f, there exist a wff T’
of FOL such that F-s,..,, T, with length(T) = n (n € N) such that the shortest proof
of T has at least length f(n).
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PROOF.—
— Assume that this property does not hold.

— There therefore exists a recursive function F' for which every theorem 7' of
length n has a proof of length at most F'(n).

— It thus suffices to enumerate the finite set of all sequences of length, at most
F(n) constructed on a finite vocabulary to identify a proof of 7.

— This would be a decision procedure enabling us to decide whether a wff is a
theorem of Sy10. Such a procedure cannot exist and we obtain a contradiction.

— Note that there exist theorems in Sz1¢0 of length, say, N, such that their shortest
proofs are of length 101°9%~  for example. O

It is natural to wonder whether there is a compactness theorem for FOL.

The answer is the topic of the next theorem.

THEOREM 5.8.— (compactness of FOL).
S: set of wffs of FOL.

If every finite subset of S is satisfiable, then S is satisfiable.

PROOF.—
—If S is finite, the proof is trivial, as S is satisfiable by hypothesis.
-S={F,F,...,F,,...} ={F;|i€ N} (see remark 5.2).
— If a set of formulas is satisfiable, then so are all its formulas (Warning! The

converse is not true, as all the formulas in a set have to be true in the same
interpretation for a set of formulas to be satisfiable).

— Instead of S, we can consider S’ = {sk(F;) | i € N} (see section 5.5.2).

— It is sufficient to consider H(sk(F;)) as a domain to test satisfiability (see
theorem 5.6).

— We enumerate the (increasing) finite sets of closed instances (i.e. propositional)
of:

Sl = {Sk‘(Fl)}, SQ = {Sk(Fl),Sk<F2)}, ey Sn =
{sk(Fy), sk(F2),...,sk(Fn)}, ...

— As each formula involves a finite number of symbols, the sets of propositional
formulas S; ;i € N are finite; thus, by hypothesis (and theorem 5.6), S; ;i € N is
satisfiable.

— By applying the compactness theorem for PL, we conclude that |, S; is
satisfiable.

i€N

— By applying theorem 5.6, we conclude that S is satisfiable. O
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5.6. Semantic trees in FOL

A “natural” way of implementing procedure SEMI_DEC_PROC_FOL is to use
semantic trees.

REMARK 5.23.— We do not have to restrict ourselves to formulas in clausal form, but

the method can be applied to formulas in Skolem normal form, i.e. that are universally
quantified (see definition 5.10 and remark 3.31). O

The method of semantic trees for FOL is the same as that for PL, by considering
literals on the Herbrand base B(S).

Indeed, by considering, for example, the set of formulas from example 5.18 and
the universe H (.5):

Cy: VaP(z) equiv. P(a) A P(f(a)) A P(f(f(f(a))A...

Ca: Vy(=P(y) v Q(f(y))) equiv. (=P(a) V Q(f(a))) N (=P(f(a)) V
QU (fla)) A ...

Cs3: ~Q(f(a))
To produce a counter model of S, it is sufficient to give a Herbrand interpretation
that is a counter model of a closed instance of a formula (i.e. of a conjunct on the

right-hand side of “equiv.”).

The following example uses the method of semantic trees to show that the set of
formulas S of example 5.18 is unsatisfiable.

EXAMPLE 5.20.—

where C; (1 < i < 3) under x means: this interpretation falsifies a closed instance of
formula Cj.
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The leftmost branch in the tree corresponds to the first Herbrand interpretation of
S given in example 5.18.

Of course, the tree that is constructed depends on the enumeration order
of B(S). O
Just as for resolution in PL, the resolution rule in FOL applies to sets of clauses.
It is therefore necessary to define clauses in FOL.
DEFINITION 5.10.— (FOL clause, clausal form).
A clause is a wif of the form:
Voi...Va, P
where:
Var(P) ={z1,...,2n}
(i.e. all the variables in P are universally quantified)
PV Li
Clauses are usually denoted:
\/;11 L
(variables are implicitly quantified universally)
L;: literal, i.e. of the form:
LE(t1,...,tp) or =LY (t1, ..., tp)
A formula is in clausal form iff it is of the form /\?:1 C;, where the C;’s are clauses.

More frequently, as it was the case in PL (see remark 3.33), we will mention sets
of clauses (or the set of clauses corresponding to a formula) S = {C4,...,C,}, and
we will say that clauses are sets of literals.

I
=

If C and D are different clauses, then we always have Var(C) N Var(D)
(possibly after a renaming of the variables).

The clausal form of a wff F' can be obtained from sk(F' ) and the rules on
logical connectives.
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5.6.1. Skolemization and clausal form

Skolemization can make things complicated. Some preprocessing can sometimes
be useful.

1) Va3y(P(y) vV Q(w))

yields by Skolemization:

1) va(P(f(x)) vV Q(x))
(1”) generates an infinite Herbrand universe
but (1) is equivalent to:
FyP(y) v VzQ(x)
(see exercise 5.3 h)) and rename P < Q; Q < P)
and after Skolemization we obtain the clause:
P(a) vV V2Q(x)
which generates a finite Herbrand universe;

and sometimes preprocessing makes matters worse.

2) 3z(P(z) vV Q())
yields by Skolemization:

P(a) Vv Qa)

This clause generates a Herbrand universe containing one constant;
but (2) is equivalent to:

JxP(z) V FzQ(x)

which, by Skolemization, yields:
2') P(a) Vv Q(b)

(2) generates a Herbrand universe containing two constants.

Sometimes it can “hide” information:
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the formula:
VaP(x) V -V P(x)

is obviously a tautology. Skolemizing this formula yields:
VaP(x) V Jz—P(x)

and we obtain Yz P(x) V = P(a),

which is equivalent to:
3) Vo (P(z) V —P(a))
clause (3) will needlessly increase the size of the search space.

It can also increase the size of the problem specification. For the following
formula:

[F2Vy(P(z) & P(y)) & (F2Q(x) & VyP(y))] & [B2Vy(Q(z) & Q)
(3zP(z) < VyP(y))]

the standard clausal form transformation yields 1,600 clauses!
REMARK 5.24.— The notion of Skolemization is related to the one used in the proof-
as-programs approach, in which an algorithm is extracted from a constructive proof
of a program specification.

The intuitionistic version of Church’s thesis!7 goes as follows: if Ar is a first-

order predicate of arithmetic, z,y € N and Vz3yAr(x,y), then there exists an
algorithm f such that Vo Ar(x, f(x)). O

Herbrand’s theorem and the procedure SEMI_DEC_PROC_FOL enable us to obtain
the following theorems as immediate corollaries.

THEOREM 5.9.— A set of clauses S is unsatisfiable iff for any semantic tree associated
to S there exists a semantic tree that is closed and finite.

THEOREM 5.10.— (Herbrand’s theorem (for clauses)). A set of clauses S is
unsatisfiable iff there exists a finite set of Herbrand instances of S that is unsatisfiable.

17 Its classical version: a function is computable iff it is intuitively computable.
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5.7. The resolution method in FOL

One may wonder whether the resolution rule also applies in FOL. The answer
is yes.

In a famous paper from 1965, J.A. Robinson combined the resolution rule for PL
with the unification algorithm, which led to a calculus with a unique rule permitting
us to automate FOL.

This rule is defined as follows.

DEFINITION 5.11.— (resolution rule for FOL).

P(ti,.. ,t5)V..VP{? ... 2)Va —P(si,...,sh)V..V-P(s!, ..., s8) V3
ola V pB)

Ifoisthemguof {t! =t/ | j e [l.pl,ie [l.n]}U{sl =5/ |je[l.gic
[L.n]}U{tl =s!|iel.n]}

This means that the resolvent clause is obtained by unifying all literals

P(ti,.. i) (1 <i<p)and P(s],... s}) (1< j < q) then applying the rule as
in the propositional case.

In practical implementations, the rule above is replaced by binary resolution
(i.e. p = q = 1, we select two complementary literals, one in each clause) and a
factorization rule that aims at unifying two literals with the same predicate symbols
and the same sign that occur in a same clause.

DEFINITION 5.12.— (binary resolution rule for FOL). Given two clauses:

Cy: L(tl, .. .,tn) V «a

Cy: Le(ty,...,t)V P
where:

«, B: disjunctions of literals.

If the system of equations:

(=t ta=t)

has mgu o as a solution.
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The binary resolution rule between Cy and Cy is defined by:

L(ty,...,ty) Va Le(t),...,t,)V
olaVvp)

Applying a substitution o to an n-tuple of terms is defined as follows:

Ro—for

ot =o(ty,ta,...,tn) = (ot1,0ta,...,0ly,)
Applying a substitution o to a clause is defined as follows:

o( L1(t1) V La(t2) V...V Lyp(t,) ) = Li(oty) V La(ote) V... V Ly (0ty,)

We will note Ry—s,1(C1,C2) or simply C = R(Ci,Cs) (when there is no
ambiguity). C'is called the resolvent. C1 and C5 the parent clauses

DEFINITION 5.13.— (factorization). The restriction to two complementary literals
causes the loss of completeness. To recover completeness, we need to add the so-
called factorization rule which, starting with clause:

C: P(t;)VP(t2)Va

with «: disjunction of literals (that may contain other literals of the form P(35)) and
t1 and t5 unifiable, generates:

D: o[P(t1) V q]
where o is the mgu of t, and to

D is called factor of C.

A clause can have several factors.
EXAMPLE 5.21.— (the need for factorization to retain completeness). The set of
clauses {P(z) V P(y), —P(z) V =P(u)} is unsatisfiable, but binary resolution
generates infinitely many clauses of the form

P(x) vV =P(y)
without generating O.

However, the factorization rule generates P(z) and —P(z), and the binary
resolution rule generates O. (]
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DEFINITION 5.14.—

— Given a clause C, a copy or variant of C'is a clause in which all variables of C
have been renamed by fresh variables.

— A clause C' is self-resolving iff the resolution rule can be applied on C and a
copy of C. One such example is clause 2 of example 5.22.

EXERCISE 5.7.— (soundness of binary resolution). Use the method of semantic
tableaux to prove that the binary resolution rule for FOL is correct (i.e. that every
model of the parent clauses is a model of the resolvent). U

REMARK 5.25.— (unsatisfiability and satisfiability by resolution). Each branch in a
semantic tree (see section 5.6) denotes a partial interpretation of the set of clauses .S
if S is unsatisfiable, then all the branches will falsify an instance of at least one clause
in S (closed tree). By “unfolding” the closed tree (see the correction of exercise 3.34),
we can obtain a refutation by resolution of a set of Herbrand instances of S. The proof
is completed by using the so-called “lifting lemma” that enables us to relate closed
instantiated clauses (i.e. propositional clauses) and those that are not instantiated. In
other words, the following diagram commutes:

C1,0; —— 001,00,

I Lo

oC1,00C, — R . Resolvent

where o, 6, p, and « denote substitutions (o and -y are closed substitutions) and R the
operation that yields the resolvent of two clauses.

Soundness and (a consequence of) refutational completeness are often presented
using operator R (see also definition 3.16):

Let S denote a (finite) set of FOL clauses.
-R(S)=SU{R(C1,Cs) | C1,Cy € S}
-RYS)=S

S) =R(R™(S)) pourn >0

= Unzo Rn(S)

R*(S) denotes the search space, of which all strategies try to explore the smallest
subset.

Thus,
—if 3In > 0,0 € R™(S), then S unsatisfiable.
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—if 3n > 0,R"1(S) = R"(S) and O ¢ R™(S), then S satisfiable.
— else (FOL undecidable) ? (This alternative is impossible in PL). O

EXAMPLE 5.22.— Consider the clauses 1, 2, and 3 below. We indicate an application
of the resolution rule by specifying, as for PL, the selected clauses and literals,
together with the unifier.

(1,1) = (2,1) {z+ a}
O

EXAMPLE 5.23.— (what should not be done). We may wonder why it is necessary to
apply the method strictly if “we can see” the replacements that can be done to apply
the resolution rule for PL, in other words, whether we can get rid of unification:

1) P(a)

2) =P(z) vV P(f(z))

3) =P(f(f(f(a)))

4) =P(a)V P(f(a)) in 2: {x+ a}
5) P(f(a)) (L1) = (4,1)

This way of proceeding is correct from a logical point of view (variables in clauses
are universally quantified and can be replaced by any constant), but it is incorrect if
you are asked to apply the resolution rule in FOL.

Furthermore, it neglects the most original and powerful characteristic of the
resolution rule: the presence of the unification algorithm.

Perhaps, you can convince yourselves by trying to “see” what replacements should
be performed to apply resolution between clauses 2 and 3 below:

EXAMPLE 5.24.— (grandparents).

Every human has a parent:
i) VaJy Py, z)
The parent of a parent is a grandparent:
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i) VovVuVw[P(u,v) A P(v,w) = G(u,w)]

Every human has a grandparent:

iii) Vz3sG(s, 2)

We want to use the resolution rule to show that (zi7) is a logical consequence of ()

and (i7). We therefore negate and Skolemize (ii7): =Vz3sG(s, z) ~ IzVs~G(s, z)
~> Vs=G(s, a). Ttis also necessary to Skolemize ().

We consider the set of clauses 1, 2, 3 below.
1) P(f(x), )
2) = P(u,v) V -P(v,w) V G(u, w)
3) =G(s,a)
and we provide a refutation for this set:
4) =P(v,w) V G(f(v), w) (L) =(21) {ue flv)}

% formally speaking, the unifier is {u < f(v), 2 < v}, but as the couple = + v
is not useful in what follows, it is not included.

5) G(f(f(w)),w) (L) = (41) {v+ flw)}
6) 0 (5,1)—(3,1) {3<—f(f(a)),w<—a|]ﬁ

EXAMPLE 5.25.— (natural numbers). The following set of clauses translates the
statement O is a natural number and if = is a natural number, then so is the
successor of x:

N(a)
“N(z) V N(s(z))

‘We want to use the resolution rule to show that 3 is a natural number. We therefore
add the following clause to the two previous ones:

~N(s(s(s(a))))

and we try to derive O.

a) Backward chaining:

—N(s(s(s(a))))
~N(s(s(a)))
~N(s(a))
~N(a)

O
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b) Forward chaining:

O

EXAMPLE 5.26.— (first negate and then Skolemize). Consider the following
reasoning, formalized in FOL:

1) Va3yQ(z,y)
2) Vavy.Q(x,y) = P(x,y)

3) VaJyP(z,y)

Can you prove that this reasoning is correct (or incorrect)?
To prove that the reasoning is correct (or incorrect)

using the resolution method

Mr (or Mrs) A proposes:

Skolemize the conclusion, then negate the result, which leads, say, to formula (3'),
and then try to prove the unsatisfiability of the set of clauses obtained from (1), (2),
and (3')

and
Mr (or Mrs) B proposes:

Negate the conclusion, then Skolemize the result, which leads, say, to formula
(3"), and then try to prove the unsatisfiability of the set of clauses obtained from (1),
(2), and (3").

Who is right?

a) Mr (or Mrs) A
b) Mr (or Mrs) B
¢) Both of them
d) None of them
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i) We use the method proposed by Mr (or Mrs) A

Vz3yP(z,y) B V2P (2, £(2)) "% 32-P(z, f(2)) 2% —P(a, f(a))

The set of clauses to refute is thus 1. to 3.:

D Q(z, 9(x))

2) =Q(u,v) V P(u,v)

3) ~P(a, f(a))

4 Px,g(x))  (1,1)=(2,1) {u+ 20 < g(2)}

5 ~Q(a, f(a))  (3,1) = (2,2) {ur <= a;v1 <= g(a)}

The resolution rule can no longer be applied; hence {1.,2.,3.} is sat and as a
consequence, the reasoning is incorrect (according to Mr. (or Mrs) A)

ii) We use the method proposed by Mr (or Mrs) B
Vz3yP(z,y) neg I2Vy—-P(z,y) skol Yy—P(a,y)

The set of clauses to refute is thus 1. to 3.:

D Q(z, 9(x))

2) ﬁQ(’U/,U) \ P(ua U)

3) =P(a,y)

4) P(z,g(z))  (1,1) = (2,1) {u+ 230 < g(2)}
50 3,1)— (4, ) {z + a;y + gla)}

We have proved that the set of clauses {1.,2., 3.} is unsat, and as a consequence,
the reasoning is correct (according to Mr (or Mrs) B)

Mr (or Mrs) B is right.
Why is that?
Proof in natural language

@ denotes a total relation (1.), i.e. for any object x, there exists an object y that
is related to = in (). Two objects that are in the relation denoted by () are also in the

relation denoted by P (2.). Hence, for any object x, there exists an object y that is
related to = in P.

Formal proof (semantic tableaux)
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We consider the set of formulas {Vz3yQ(z,y), VaVy.Q(x,y) = P(z,y),
JxVy—P(z,y)}

3'. Yy—P(a,y) neg. concl. T4 a
1
Q(a,b) l.z<+a, y< b
v N\
-Q(a,b) 2.z a, y+ b P(a,b) 2.x4a, y+b
—P(a,b) 3.y<+b
X

Explanation

If formula @ is a logical consequence of formula P, then the relationship between
their models is:

But as Skolemization can lead to the “loss of models”, after it is performed, we
may get the following relationship between the models of the premises (F) and the
conclusion (Q)).

Q

The shadowed zone in P corresponds to the counter examples. 0

EXERCISE 5.8.— Use the resolution method to prove that the following reasoning is
correct.

1) 3z[P(x) AVy(R(y) = S(x,y))]

2) Vx[P(z) = vy(Q(y) = ~S(z,y))]

3) Vz[R(z) = =Q(x)] O
EXAMPLE 5.27.— Consider the set of clauses 1 to 7 below.

We show that this set is unsatisfiable by using a unit strategy (at least one of the
parents is a unit clause). The underlying idea is that the obtained resolvent contains
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strictly less literals than the non-unit parent clause, and the rule thus generates clauses
that are potential candidates for the generation of 0.

1) S(x1, f(x1)) VV(x1)V—E(x)

2) C(f(x2)) VV(x2) V~E(x2)

3) Pla)

4) E(a)

5) P(xs)V -S(a,x5)

6) —P(xg) V-V (zg

7) —P(x7)V —~C(x7

8) —V(a) (3,1) = (6,1) {we < a}

9) C(f(a))VvVia) (2,3) = (4,1) {z2 ¢ a}

10) C(f(a)) (8,1) —(9,2)

11) S(a, f(a)) v V(a) (1,3) = (4,1) {21 < a}

12) S(a, f(a)) (8,1) — (11,2)

13) P(f(a)) (5,2) = (12,1) {as < f(a)}
14) =C(f(a)) (7,1) = (13,1) {ar « f(a)}
15) O (10,1) — (14,1)

EXAMPLE 5.28.— (a theorem in group theory). We use the resolution rule to show
that every element of a group has a right inverse.

Clauses 1 to 6 below are the clausal form of the set of axioms that define a group
and of the negation of the conclusion.

We apply a backward chaining strategy, meaning that we begin by applying the
resolution rule with the negation of the conclusion as one of the parent clauses, and
we proceed with a linear strategy, meaning that one of the parent clauses is always
the last clause obtained.

This is very close to what a human would do: conclusions (lemmas) do not need
to be memorized for future usage.

Similar to what a program would do, we have systematically renamed variables to
avoid any confusion.
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A linear strategy is often represented graphically as follows:

C Co
N
Cs Cy
N
Cs Cs

N
Cr

1) P(xy,y1, f(21,91))
2) —P(z2,y2,u2) V ~P(y2, 22,v2) V =P (ug, 22, w2) V P(z2,v2, w2)
3) —P(w3,y3,u3) V 2P (ys, 23,v3) V 2P (23,03, w3) V P(us, 23, w3)
4) P(a,ya, ys)
5) P(g(us),us,a)
6) —P(xe, h(zs), h(we)) V P (k(z6), 26, T6)
7) —P(k(a),z7,a) (4,1) = (6,1) {z¢ + a,ys < h(a)}
8) —P(xs,ys, k(a)) vV —P(ys, zs,vs) V " P(xs,vs,a) (3,4) — (7,1)
{us + k(a),ws < a}
9) —P(g(ve),ye, k(a)) V=P (yo, z9,v9) (8,3) —(5,1) {xs ¢ glug)}
10) =P(g(vi0), a, k(a)) (9,2) — (4,1) {yo ¢ a}
11) =P(g(v11), Y11, ur1) V =P (y11, 211, @)= P(u11, 211, k(a))
(10,1) = (2,4) {x2 + g(vi0),v2 < a,ws + k(a)}
12) =P(g(v12), 412, 0) V = P(y12, k(a),a) (11,3) = (4,1) {unr < a,24(k(a))}
14) 0 (13,1) = (5,1) {us = g(k(a)),viz < g(k(a))} 0

EXAMPLE 5.29.— (the monkey and the banana). A monkey wants to eat a banana that
is hanging from the ceiling of a room. The monkey is too small to reach the banana.
However, the monkey can walk in the room, carry a chair that is in the room, climb on
the chair and take the banana to eat it.

We want to describe this situation with a set of clauses. Functional terms can be
used to denote actions.

The question will be: does there exist a state that is reachable from a given
initial state, where the monkey can catch the banana?

In order to solve this problem using resolution, we choose the following
particularly simple formalization (set of Horn clauses, see section 3.9).
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P(z,y,z,s): in state s, the monkey is at position x, the banana at position y, and
the chair at position z.

R(s): in state s, the monkey can reach the banana.
f(x,y,s): the state that is reached from state s, if the monkey walks from x to y.
h(s): the state reached if the monkey is in state s and climbs on the chair.

P(a,b,c,d): the initial state.

The corresponding set of clauses is:
1) =P(z,y,2,8)V P(z,y, z, f(z, 2,5))
2) ~P(z,y,x,5)V P(y,4,9,9(x,y, s))
3) =P(b,b,b,s) V R(h(s))
4) P(a,b,c,d)

The question is JuR(u), which will be negated to try to derive O, thus yielding
the clause —R(u).

Sometimes, the question is ~R(u) V Answer(u) to explicitly retrieve the answer
(see solution to exercise 5.9). O

EXERCISE 5.9.— Find the solution to the problem of the monkey and the banana by
applying the resolution rule and a linear strategy. U

EXERCISE 5.10.—
a) Prove by resolution that the set of clauses below is unsatisfiable:
—P(z) vV Q(z) Vv R(z, f(x))
—P(u) vV Q(u) v S(f(u))
T(a)
P(a)
—R(a,y) VT(y)
—T(z) vV -Q(2)
=T(w) VS (w)
b) Consider the set of clauses below:
1) P(zx)Vv P(a)V R(x)
2) —P(y) vV Q(y)
3) —R(z)VQ(z)V M(z)
9 —Qw)V-R(w)
5) =M (v)V—=R(v)V -R(a)

Is it possible to prove by resolution:
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1) that it is unsatisfiable?
ii) that it is satisfiable?
iii) we cannot say anything? U

5.7.1. Variables must be renamed

The clause (P(z) vV =Q(y)) is equivalent on the Herbrand universe
(see definition 5.9) on ¥ = {a, b, f(M} to

{P(a) v =Q(b), P(f(a)) vV -Q(f(f(0))),-}.

But if we want to discover the instances of interest by unification, it is better to
write:

{o1(P(x1) V =Q(y1)), o2(P (22 V ~Q(y2)), - - -}
with:
o1 ={x1 < a,y1 < b} oa = {x2 + f(a),y2 < f(f(D)}....
(the o; correspond to substitutions that would be computed by the resolution rule)

EXAMPLE 5.30.— We prove by resolution that the set of clauses 1,2,3 below is
unsatisfiable:

1) =P(z) v P(f(z))

2) P(a)

3) =P(f(f(a)))

4) P(f(a)) (L) = (21) {z+a}

5) P(f(f(a))) L1) = (41) {z« fla)}
6) O 3,1) — (5,1

If variables are not renamed in 1, the contradiction cannot be proved (we would
have assimilated V with 3, i.e. usable only once). |

EXERCISE 5.11.— Is the wff J2VyP(z,y) a logical consequence of VzIyP(z,y)?
With symbols:

VadyP(z,y) = 3avyP(z,y)?
As usual, z and y denote variables and P a predicate symbol.

Answer using the resolution method. (I
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EXERCISE 5.12.— (S and resolution). We have already appreciated the general
difficulty of finding a proof in a formal system (for example, S1). Hence, the idea
of trying to do this work automatically by using, for example, the resolution rule.

You are asked:

i) To encode as clauses A1, A2, A3, and M P (see section 3.4) and to prove, using
the resolution rule, that:
FSI A=A

ii) To rephrase (as you would, for example, to explain it to someone who does not
know the resolution rule) this proof.

Hint: encode = y by i(z,y) and use predicate symbol P with the meaning

P(x): x is provable in S;. O

5.8. A decidable class: the monadic class

FOL is undecidable (but semi-decidable). Finding classes or fragments (i.e. sets
of cwffs that are proper subsets of £; and that are decidable is one of the most
important problems of logic, which is known as the “classical decision problem (for
FOL)”. It can be presented in different ways.

Given F' € L4, the problem of:

— satisfiability (coherence, consistency): decide if F' is satisfiable;

— validity: decide if F' is valid;

— provability: given a formal system S that is correct and complete, decide
whether g F'.

The interest of being able to characterize such classes (or fragments) is clear:
trying to have a “good” expressive power, while retaining “very good” decidability
properties.

In this section, we shall prove the decidability of some fragments of FOL. We
begin by some definitions.

DEFINITION 5.15.— (finitely controllable class, finite model property). A class C is
finitely controllable or has the finite model property iff for all F' € C, if F is satisfiable,
then I admits a finite model.

REMARK 5.26.— Every finitely controllable class is decidable. The converse is not
true: there are decidable classes that do not have the finite model property. O

Among the finitely controllable class, we shall study monadic logic.
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DEFINITION 5.16.— (monadic class of FOL). The set of cwffs of L1 containing
exclusively unary predicates (and possibly =), but not containing any functional
symbols (in particular, constants) is called the monadic class of FOL (or monadic
FOL), denoted by MFOL™.

If the cwffs do not contain the equality symbol =, then we have the pure monadic
class, denoted by MFOL.

MFOL was used to formalize Aristotle’s syllogistic. See also digression 8.1.

The proof of the decidability of MFOL™ is based on the following remarks:

1) To test the satisfiability of a wif of FOL (see definition 5.6), what matters is
the cardinality of the domain of discourse D of the potential model (the definition of
satisfiability does not take the names of the elements of D into account);

2) On a finite domain, say {az, ..., a,}, Vo P(z) is equivalent to

A, P(a;) and 3z P(x) is equivalent to \/;_, P(a;).

3) Key point: (theorem 5.11): proving that MFOL™ is finitely controllable by
providing an upper bound on the cardinality of the domains on which it suffices to
test the satisfiability of the formulas in the class.

4) On a finite domain, we can consider all possible evaluations of unary predicates
(and equality between variables) and use property 2 above. There are therefore only a
finite number of interpretations to test.

The following theorem proves to be the key property of the decision procedure for
MFOL™.

THEOREM 5.11.— (MFOL™ has the finite model property). A cwff F' of MFOL™
containing k predicate symbols and v variables is satisfiable (on a structure M =<
D;'R >) iff F' is satisfiable on a structure

M’ =< D,au; R > with:

Doz <28 xv (>0, v>1)

PROOF.— (detailed outline).

Trivial: if a wiff is satisfiable on a domain of a given cardinality, then it is
satisfiable.

only if:
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Define relation R on D:
forai, as € D
a1 R as iff:
PM(ay) = PM(az2) and PM(a1) = P$*(az) and ...and P (a1) = PM(as)

where the P;’s (1 < ¢ < k) denote the k predicates in F' and, as usual, Pl-M (aj)
(j = 1,2) T or F depending on whether F; is evaluated to T or F on a;.

If we were to rigorously stick to definition 5.6, we would have to say that a;, as
are in relation R if and only if they belong (or do not belong) to the relation assigned
by the interpretation (model) to P; (1 < ¢ < k), i.e.

PM(ay) iff PM(a2) 1<i<k)

% The idea is that the elements of D on which the predicates are evaluated to the
same truth value are regrouped.

R is an equivalence relation (see definition 3.26).

The proof is trivial and is a result of the properties of equality (see also section
9.1.4):

—reflexive a; R ay, as PM(a1) = PM(a1) 1 <i <k);

— symmetric: if a; R ap then as R ay, as if PM(a;) = PM(az2), then
PM(ag) = PM(ar) (1 < < k);

— transitive: if a; R ag and as R a3, then a; R as, as if PM(a1) = P/ (az) and
Pl-M (CLQ) = PZM(CL;;;), then PZ-M(al) = PZM(CL;?,) (1 S 7 S k)

As there are two possibilities for each P; (for any a;), there are 2% equivalence
classes.

If we now consider the equalities, that can only relate the v variables (see definition
5.16), it is sufficient, for each equivalence class, to consider at most ay, ag, ..., Gy
elements (a; € D ;1 < ¢ < wv). If the equivalence class contains p (p < v) elements,
we consider a1, as, ..., ap.

We thus consider:

M’ =< Dypae: R >; with:

2" pse
Dinaz = Uiy Uj:l a;
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i.e. card(Dmaz) < 2F x 0.
We define the relations in R':

PM([a]) iff P (a), where [a] is (a representative of) the equivalence class of a
(a € D).

% Recall that equivalence classes of D form a partition of D.

By structural induction (see section 5.2.3) and using properties 1 to 4 of section
5.8, we prove:

= Fiff Eag F 0

REMARK 5.27.— (syllogistic and decidability). Aristotelian syllogisms can be
formalized in MFOL (see remark 2.7). As this is a decidable fragment of FOL and
as the latter is undecidable, syllogistic is not sufficient to reason in FOL. U

EXAMPLE 5.31.— (see also example 5.11). F: 3zP(x) = VzP(x)
Here, k = 1; v = 1; hence, it suffices to test D,,,q. = {a, b}.

Indeed, we consider —F, and on D,, .., we can obtain the models of —F' (i.e.
counter examples of F): {=P(a), P(b)} and {P(a), —P(b)}. Hence, F is not
valid. [l

EXAMPLE 5.32.— (some cwffs in the monadic class). We have treated some of those
by the method of semantic tableaux in example 5.13, exercise 5.3 (a)-(b)-(h)-(k2), and
exercise 5.4.

Note that, in general, we can detect (non)-validity on universes of a lesser
cardinality than the upper bound of theorem 5.11. O

5.8.1. Some decidable classes

There exist techniques other than the one we used to solve the classical decision
problem for MFOL™. These techniques are beyond the scope of this work.

The decidable fragments of FOL are characterized by the prefixes of the
prenex normal form that is equivalent to the cwff that is provided as an input (see
theorem 5.3).

— Bernays—Schonfinkel: Jx1 .. .3z, Yy ... Vx,,.M (also denoted by 3*V*; M in
MFOL);

— Ackermann: 3z, ... 3dx,,Yy3z ... 3z,. M (also denoted by F*V3* );
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— Herbrand: arbitrary prefix and matrix M : /\?:1 L; with L; (1 < i < n):
literals;

— Godel-Kalmar-Schiitte: 3z . .. 3z, Vy1Vys321 ... 32,.M (also denoted by
—Va3yVz-Horn: Va3yVz.My with My : A_,L; and L; 1 < i < n):
disjunction of literals with at most one positive literal.

5.9. Limits: Godel’s (first) incompleteness theorem

A particularly simple proof of this capital theorem (given by G. Boolos) uses the
following notions: paradox, arithmetic, truth, proof, algorithm and encoding.

Paradox

Here it will be the Berry’s paradox, see example 2.1.
Arithmetic

See example 3.8.

Truth

See section 5.2.1.

Proof

See section 3.3.

Algorithm

Informally, an algorithm is any well-defined computation procedure that admits a
(set of) value(s) as an input and produces a (set of) value(s) as an output. Examples
are a program (in a programming language), a Turing machine, Markov algorithms,
formal systems for arithmetic, etc.

Encoding (in arithmetic)

Encoding a text consists in replacing a word or sentence by another word, a number
or a symbol. In cryptography, a code uses the substitution at the word level, whereas
a cipher uses the substitution at the level of letters. The goal is to hide information.

We shall use a translation that associates to every wiff of a given language an
integer (i.e. a word in arithmetic). The goal is not to hide information but to change
its representation.
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Arithmetic enables us to uniquely encode into a natural number any sequence of
symbols (i.e. a string on a vocabulary), for example, a wff in £;, instructions of a
Turing machine (or of a program), a computation of a Turing machine (as it can be
described as a sequence of instantaneous descriptions of the Turing machine), proofs
in a formal system, etc.

The first to propose an encoding was K. Godel (in 1931), the natural number
encoding an expression M has since been known as the Godel number of M, denoted
by gn(M).

DEFINITION 5.17.— Let M denote an expression (a word) on a vocabulary V.
We assign to each symbol in V' an odd number (> 1):
f: V—N\{0,1,2}
Given the expression M : ~vy17v2...7n,
fw)=ai;ai even (1<i<n)

the Godel number of M is the natural number:

ng(M) = ﬁ[ Prime(k)*

k=1
where Prime(k) is the k™ prime number.

If M = € (i.e. the empty string), then ng(e) = 1.

For example, forastring M : y1y2v37V47Y5, ng(M) = 21 x 392 x 53 x 794 x 119

Why this encoding? The justification is immediate if we recall the fundamental
theorem of arithmetic (see below).

THEOREM 5.12.— (fundamental theorem of arithmetic). Every x € N (x > 1) can be
represented as

Pt X py't X Lptt
with p; (1 <1 < k) : prime and p; # p; (for all i # j).

This representation is unique (up to the commutativity of x ).

An immediate corollary is:
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COROLLARY 5.2.— (uniqueness of the encoding of words). If ng(M) = ng(N),
then M = N. O

DEFINITION 5.18.— (Godel number of sequences of words). Let I' : M Ms...M,
denote a finite sequence of expressions (i.e. words on a vocabulary), the Godel number
of ' is defined as:

gn(T) = ] Prime(k)"9M),
k=1

An immediate corollary is the following:

COROLLARY 5.3.— (uniqueness of the encoding of sequences of words). If ng(I'1) =
ng(Ts), then Ty = Ta. O

REMARK 5.28.— (other encodings). A word or a sequence of words has a unique
gn, but a set of n words (expressions) has n! possible gn. We will always consider
sequences of words, as they each have a unique gn.

Other encodings are possible (and used), for example, the encoding of n-tuples,
which is used in the proof of theorem 5.5. They are also called Godel numbers. [

We give a version of Godel’s famous theorem that is particularly interesting in
computer science.

THEOREM 5.13.— (Godel’s first incompleteness theorem). There is no algorithm that

can produce all true cwffs of arithmetic (i.e. without there being any false cwff in the
list).

PROOF.— A sensible observation about this theorem is that if such an algorithm
were to exist, in order to know whether a conjecture Conj holds or not in
arithmetic, it would suffice to “sit and wait” for Conj or =Conj to be added to
the list.

Proof technique: we assume that such an algorithm m exists and we construct a
cwff that is true in arithmetic but is not in the output of M.

If n € N, we will write [n] for ss...s0
——

n

where s denotes the successor function and 0 denotes itself. % For example,
4 : 55550.
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— We will say that a formula F'(z) designates n € N if the formula Vo (F(z) <
x = [n]) occurs in the output of M.

For example, if in the output of M we find
Va(r + z = ssss0 < x = ss0),

then formula = 4+ = = ssss0 designates the integer 2.

— Names are unique: imagine that this is not the case, for example, if the
following cwffs occur in the output of M:
1) Va(F(z) & x = [n])
2) Va(F(x) & = [p])

then, after replacing F'(x) in (2) by the name it designates in (1) we obtain:

Va(x = [n] < x = [p]) hence [n] = [p], i.e. n = p.

—1If the number of symbols in our formalization of arithmetic is A (f
there are infinitely many variables, they can be generated, e.g. by x and
{0,1,2,3,4,5,6,7,8,9}, 20, 21, T2, T3, ...) there are at most A’ formulas containing
1 symbols.

For any m € N, there are therefore finitely many numbers that are designated by
formulas with at most m symbols. Thus, there are integers that are not designated
by formulas of at most m symbols. Hence, there exists a least one integer that is not
designated by such a formula (we order finitely many designated numbers and take
the successor of the greatest designated number).

— We construct a formula C'(z, y) meaning “z is a number that is designated by a
formula containing z symbols:
C(z,2): Ve(F(z) & x = [n]) Alength(F) =z

length being, for ex]e;—mple, the program from example 6.17 feeding it as an input:
v, x, (F, ((x ), <, x,=[n])

We could of course have used any other program that computes the length of a
list!8.

— Let B(x,y) denote the formula with the intended meaning: “z is designated by
a formula containing less than y symbols™:

B(z,y): 3z(z <y AC(x, 2))

< is definable in arithmetic: = <y :9¢/ Jz(s(2) + 2 =y).

18 A program can be viewed as a sequence of instructions, each instruction can have a unique
code, and the encoding of theorem 5.5 enables us to assign a unique natural number to a
program.
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—Let A(x,y) denote the formula with the intended meaning: “z is the smallest
number that is not designated by a formula containing less than y symbols™:
A(z,y) : =B(z,y) ANVu(u < z = B(u,y))

— Let k denote the number of symbols in A’(z, y). Of course (by inspection), k >
3 and let F'(x) denote the formula with the intended meaning “x is the smallest number
that cannot be named by a formula containing less than 10 X k symbols”:

F(x) : Jy(y = [10] x [K]) A A(z,y))
Let us see how many symbols F'(z) contains:

10] : ss...s 0~ 11 symbols
—— y
10

[k] : s5...580~> k + 1 symbols
k

A(z,y) : ~ k symbols
F(z) also contains the symbols 3, vy, (, y, x, =, ), A, )~ 10 symbols
F(z) thus contains a total of k& + 22 symbols and as k > 3, k + 22 < 10 x k,

thus F'(x) contains less than 10 x k symbols.

— As mentioned above, there exists a smallest number among those that are not
designated by a formula containing less than m symbols.

Let n be this number for m = 10 x k.
n is not designated by F'(x), i.e.
(%) Va(F(x) < = = [n]) is not among the outputs of M.

But (%) is a cwff that is true, as n is the smallest number that is not designated by
a formula containing less than 10 x & symbols.

We have found a true cwff (i.e. (x)) that is not in the output of M. O

REMARK 5.29.— (incompleteness theorem and constructive mathematics). The
notion of a proof is essential in constructive mathematics, as it is used to explain
the meaning of existence.

From a constructivist point of view, to say that a proposition ® is true is equivalent
to saying that we can find a proof of ®. Some authors call this identity the “To assert
is to prove” principle:
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A-P: ® < dp (pis a proof of ®)

The following problem arises naturally: how can Tarski and Godel’s results be
reconciled with the principles on which constructivism is founded? In other words:
what are these truths that cannot be proved (as according to A-P, truth coincides with
proof)? The answer is that constructivists do not limit themselves to proofs in formal
systems, but principle A-P refers to proofs that are correct from a constructivist point
of view, knowing that provable means provable by any sound means and not provable
in a given formal system.

There are therefore arithmetic truths that cannot be proved in a formal system, but
that can be proved by correct means from a constructivist point of view. U






Chapter 6

Foundations of Logic Programming

6.1. Specifications and programming

The most important task of a programmer (at least till now) can be characterized
as filling the gap g below:

Specification of a problem (Cannot be run) «+— ¢g — Program (Can be run)

Logic programming (LP) tends to reduce this gap (and possibly obtain g = 0)
when the specification is given in a logical language (or a language close to a logical
one).

It envisions calculus as a controlled deduction. This is related to the paradigm:

algorithm = logic+ control

what how

In LP, the emphasis is put on what the program computes and paying as little
attention as possible to how it computes. It is a declarative form of programming (as
opposed to imperative programming).

We give a first glimpse of such a type of programming.
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EXAMPLE 6.1.— Imagine that in the following graph, we want to know whether there
are paths from A to I, and if so, which ones.

D
B NG
o, e
A ° N T
° E °
e e
C\y H
F

a) We describe the graph using a unary predicate (which corresponds to a property).

Att(x): X is attainable
Premises

Att(A); % Must not be forgotten!
Att(A) = At(B);
Att(B) = Att(D);
Att(B) = At(L);
Att(D) = Att(G);
Att(E) = At(G);
At(G) = At(]);
Att(H) = Att(1);
Att(A) = Att(C);
At(C) = At(F);

The conclusion:

Att(]);
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Two essential questions:
i) which inference rule(s) should we use for deduction?

ii) with what strategy(ies) (forward chaining, backward chaining, others)?

In all cases, it is simple to deduce that in this graph, there are two paths from A to
I paths that cannot be found if Att(A) is forgotten.

b) We describe the graph using a binary predicate (that corresponds to a relation):

Path(zx, y): there is a path from z to y

As far as questions (i) and (ii) given above are concerned, we decide! to use:

i) the resolution rule (the conclusion is also called a question). As usual, the
conclusion is negated and we try to derive O (contradiction);

ii) backward chaining with the following rules on the stack for the resolvents: we
always resolve the first clause in the order 1,2,3. .., with the last resolvent obtained (at
the beginning, the question) and on the last literal that was pushed (at the beginning,
the first literal of the question).

1) Path(A, B)

2) Path(A,C)

3) Path(B, D)

4) Path(B, E)

5) Path(C, F)

6) Path(D,G)

7) Path(E,G)

8) Path(G.I)

9) Path(H,I)
10) Path(z,y) V —Path(z,z) V = Path(z,y) % non-elementary path
11) —Path(A,I) % (neg) question
12) —Path(A, z) V —~Path(z,1) (11,1) — (10,1) {z + A, y <« I}

1 This decision corresponds to the choice that was made in the most famous of all LP languages:
Prolog.
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13) —Path(B,I) (12,1) — (1,1) {2+ B}
memorize(12,1) — (2,1)

14) =Path(B,z) V ~Path(z,I) (13,1) — (10,1) {21 + B, y1 + I}
15) —Path(D,I) (14,1) = (3,1) {z + D}
memorize(14,1) — (4,1)
16) =Path(D, z) V =Path(z,I) (15,1) — (10,1) {z2 < D,ys < I}
17) —Path(G,I) (16,1) — (6,1) {z + G}
18) O (17,1) — (8,1)
Note that, as was mentioned in section 5.7.1, each time clause 10 was used, its

variables were renamed.

If we want to find all solutions, we need to return to the memorized choices. [

REMARK 6.1.— (FOL and databases). In a travel agency, the flights that connect cities
are represented as a graph, with vertices representing cities and edges representing
direct flights between the cities (labelled by, say, Flight (city-i, city-j).

We will say that a connection between two cities is acceptable if we can go from
one to the other with at most two stops (i.e. three direct flights).

We want to answer questions of the form:
Acceptable-flight(city-a, city-b);
We specify the notion of acceptability in FOL:

[Fz3u(Flight(z,z) A Flight(z,u) A Flight(u,y))] = VaVYyAcceptable-
flight(z,y)

by applying the rules used in the proof of theorem 5.3 to transform a formula into a
clausal form, we obtain:

S[3z3u(Flight(z,z) A Flight(z,u) A Flight(u,y))] V YaVyAcceptable-
flight(z,y) ~

VeVu[-Flight(x,z) V —Flight(z,u) V —Flight(u,y)]V YaVyAcceptable-
flight(z,y) ~

VaVuVaYy[-Flight(z,z) vV —Flight(z,u) V —Flight(u,y) V Acceptable-
flight(z, y)]

which is a Horn clause. By adding this clause to the program describing the graph of
flights, we could answer any question on acceptable flights. U
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EXAMPLE 6.2.— We proceed with a well-known example for computer scientists:
appending two lists.

We will use the fact that every list is a tree, for example, the list [a,b,c] is
represented by the tree:

where o denotes the list constructor cons; for example, cons(ab, ¢, d]) = [a, b, ¢, d]
and of course, nil denotes the empty list.

Predicates (and logical formulas in general) do not deliver values (as functions do).
When we want to mention an object (such as the list obtained by appending the
list called = and the list called ¥), we need to name it:

z Y
———
X X X X X X X X

z

XXX X X X XX

The program also needs to know that if we add an element to the head of list z,
then it will be at the head of list z:
x y
———
— X X XX X X X X

z

— XXX X X X XX

The logic program for append is the following (with o replaced by f for the sake
of notational coherence, see definition 4.1).

1) Vx.append(nil, z, )
2) Va¥yVau.~append(z, y, =) V append(f (u, ), f(u, 2))

2 reads: if appending list « to list y yields list z, then appending cons(u, )
to y yields the list cons(u, z).

Similar to resolution, we do not write the prefixes:

and
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that are always implicit.

We now ask the question
[a,b] [c] [a,b,c]
append(f(a, f(b,nil))), f(c, nil), f(a, f(b, f(c,nil)))) ?

We prove that the answer is yes for the given specification of append by deducing
it by resolution (after having negated the conclusion, i.e. the question):

3) —uppend(f(a, f(b7 ’I'I,Zl)), f(C, ’I'LZZ), f(av f(ba f(C, nZl>>>>
4) —append(f(b,nil), f(e,nil), f(b, f(c,nil)))
(3,1) — (2,2) {u<+ a,x+ f(bynil),y + f(c,nil),z + f(b, f(c,nil))}
5) —append(nil, f(c,nil), f(c,nil))
| (4,1) — (2,2) {uy « b,x1 + nil,y1 + f(e,nil), z1 < f(e,nil)}
6 O

(5,1) = (1, 1) {z2 « f(e,nil)}
t

Logic as a programming language is not limited to answering yes or no, it also has
the usual capabilities of languages.

The question we will ask will be:

‘ Does there exist a list that is in relation via append with lists [a, b] and [c] ?

EXAMPLE 6.3.— Instead of the resulting list, we write a variable in which we will
recover (if it exists) the list mentioned in the question above.

3) —append(f(a, f(b,nil)), f(c,nil),w)
4) —append(f (b, nil), f(c,nil), z)
(3,1) = (2,2) {u<a,z+ f(bnil),y < f(c,nil),w + f(a,2)}
5) —append(nil, f(c,nil), z1)
) (4,1) — (2,2) {uy + b,x1 + nil,y1 < f(c,nil),z + f(b,21)}
6 O

(5,1) — (1,1) {a2 « f(e,nil),z1 + f(c,nil)}
O

REMARK 6.2.— As a side effect of deduction, that answers yes, such an object exists,
the unification algorithm used in the resolution rule allows us to construct the list we
were looking for:

w = f(a,z) = f(a,f(b, Zl)) = f(aaf(bvf<0’ nd))) = [a>b’ C] O
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REMARK 6.3.— Since we are specifying relations, the distinction between input and
output parameters (as for functions) is of no interest. It is thus natural to ask questions
such as:

‘ Do there exist lists « and y that are in relation via append with the list [a, b, c]?

We obtain as an answer:

x=nil y=]a,b,c|

z=[a] y=Ibd]
x=la,b]  y=]|
x=la,b,c] y=nil O

6.2. Toward a logic programming language

We also introduce a syntax that is commonly used in practice (others exist):

Logic syntax Logic programming syntax

A A —; or A;
A\/"Bl\/...\/_\Bn A*)BlB,“
-BiVv...Vv-B, — By...By;

The intuitive meaning being:
A —; means A is given or, to prove A there is nothing to do.

A — Bj...B,; means to prove (solve the problem) A it suffices to prove
(solve) the goals By ... B,,.

— Bj ... DB;,; means we must prove the goals B; ... B,,.

Proving a conclusion (answering a question) boils down to finding O, or,
equivalently, deleting all the goals of the question.

In a clause (also called a rule):

C:A— B,...B,

A is the head of C or left-hand side of C,

Bj ... B, the tail or body of C' or right-hand side of C.

Procedure LP can be considered as an abstract interpreter of the Prolog language.

From now on, we will assume that all logic programs are run with LP.
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EXERCISE 6.1.— The strategy that is used by LP may provoke surprises. These
“traps” are easy to correct when we are aware of them. This is the object of the
following exercise.

a) In what is called the cube world, we define the relations on top(x,y) and
above(x, y).

We assume the following state of the world:

The following specification is proposed for this world:

on top(a,b) —; % i.e. aisontopof b

on top(b, ¢) —; % i.e. bison top of ¢

above(x,y) — on top(x,y); % if x is on top of y, then x is above y.

But this specification is incomplete, as a cube can be above another without being
on top of it (for example, a is above c).

Which one of () or (%) below must complete the program?

(%) above(u,v) — above(u,z) on top(z,v);

(#x) above(u, v) — on top(u, z) above(z,v);

To answer, consider the question:

above(c, a);

and analyze the answers given by LP in each case.

b) Give, as a tree, the trace of the execution of LP with the program:

1) P(a,b) —;
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procedure LP;

input:

Alist < (4, ..., C, > of non-negative Horn clause (the program):

Ci:Ai— Bj,...,B, (n>0;1<i<r)

A negative clause (the question):

Pl,...,Ps (82 1)

output: (if the procedure halts)

Oor ‘no’

begin

Res <+ < Py,...,Ps>;

X + P 15
while Res # O and Res # ‘no’
do
if there exists j (take the smallest in the order of untreated clauses)
such that A; = X has a solution solution ¢
[We memorize all other possible choices to return to them
in case of failure AND also of success]
then Res <+ o <B{,...,B$'Lj >o0< Res — <X >>
% o denotes list concatenation
% Application of the resolution rule with a given strategy
% We have a stack: last in first out
X < first literal of Res
else Res = no
enddo

end

Figure 6.1. Abstract interpreter of language LP
1) P(e,a) —

1) P(z,y) = P(z,2) P(z,y); % transitivity

and the question:

P(u,b);

The syntax of the question has been adapted to existing software.

The question in (b) (and similarly for (a)) can be interpreted as:

— The problem is to know whether there exist objects in relation via P with b;

or, as we used to

do in the analysis of reasonings:



222 Logic for Computer Science and Artificial Intelligence

— We negate the conclusion, i.e. =3uP(u,b) ~ Yu—P(u,b), and if the reasoning
is correct, we must produce O. O

REMARK 6.4.— We can imagine (and this has indeed been studied and experimented)
an interpreter that uses parallelism to handle non-determinism.

With the program:
P(z,y) = P(y, z);
and the question:
P(a,b) Q(c);
a sequential interpreter does not find any solution and does not halt.

Whereas an interpreter using an AND parallelism (i.e. searching simultaneously
for the solution to all the goals of the question) halts without finding a solution, which
is normal because it is impossible to solve Q(c).

With the program:
P(z,y) = Py, z);
P(a,b) —;

and the question:
P(a,b);

a sequential interpreter does not find any solution and does not halt.

Whereas an interpreter using an OR parallelism (i.e. searching simultaneously for
all the solutions to one goal of the question) finds a solution. (I

6.3. Logic programming: examples

EXERCISE 6.2.— Assuming that N and elementary arithmetic operations are not
incorporated into the interpreter, give the logic programs corresponding to:

a)add (z,y,2): x +y ==z
by mult (z,y,2): e Xy ==z
c)less (z,y): z <y

d) divides (z,y): = divides y, with mathematical notations, x | y (examples:
divides (3, 15), divides (2, 8) — divides (3, 10))

e) prime(z): « is a prime number. O



Foundations of Logic Programming 223

EXERCISE 6.3.— Assuming that N and elementary arithmetic operations are not
incorporated into the interpreter, give a logic program that permits us to define the
relation:

fibonacci(n, z): the value fibonacci(n) is . O

DIGRESSION 6.1.— (regular expressions). Let X denote an alphabet (i.e. a finite set
of symbols).

The set of regular expressions (r.e.) on X is defined as the smallest set such that:
i)Pisare.;

ii) the set {e} is ar.e. % e denotes the empty string;

iii) ifa € X then {a} is ar.e.

iv)if R and S arere.,then RU S, (R + S), RS, and R* are r.e. (R* is called the
Kleene closure)

where:

RS ={zy |z € R,yc S}

RO = {¢}

R = RR7!

R =UZ R

RY = Uf; R

By convention, for singletons, we identify {a} with a. O

EXERCISE 6.4.— Given the following logic program:
1) fact(0,1) —;
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2) fact(in+1,(n+ 1) x y) = fact(n,y);

3) fact(u,v)

where «, 3,7, d below denote the following substitutions (obtained by application of
the resolution rule):

(L) =B, ))a={u<+0,v+ 1}
(1,1)—(2,2) B={n+ 0,y + 1}

(2,1)=(2,2)y={n' < n+1,y < (n+1)xy} % n' and y’ take the renaming
into account

2,)-3B,)d={u+n+Lv+ (n+1)xy}

Characterize all possible runs of the program using a r.e. that expresses the
sequence of substitutions that are applied. O

EXERCISE 6.5.— In a commonly used LP language, lists are represented as:

[a,b,c,...,d]
[a1,az2,...,a, | X]: a; (1 < i < n)is the ith element in the list, and X is what
remains.

Define the following predicates (relations) in this language:

a) append (x, y, z): List z is the concatenation of lists 2 and y;

b) reverse (z,y): List y is list « reversed,;

¢) palindrome (z): List x is a palindrome;

d) member (z,y): x is a member of list y;

e) subset (z,y): x is a subset of y (where sets are represented by lists);

f) consec (u,v, z): elements v and v are consecutive in list z. O

Can we do classical algorithmic in LP?

‘ The answer is yes, the key to doing so: go back to the specification.
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EXAMPLE 6.4.— (syntactic analysis). Give a logic program that recognizes the words
of the grammar whose production rules are:

S—c

S — aSh

% This rule does not specify how to associate symbols in the string

We write f(a,b) : a ® b % string concatenation

Word(c);

(%) Word (f(a,f(x,b))) — Word(x);

If we want to know whether the word aacbb, which is written as:
ae((ae(ceb))ebd)

belongs to the language generated by the grammar, we ask the question
Word (f (a,f (f(a,f(c,b)),b)));

that the interpreter will transform into:

Word(f(a,f(c,b)));

Word(c);

and answer:

yes

Note that if we ask the following question:

Word (f (f(a,c),b)), i.e. for the word acb written: (aec)eb

the answer will be

no!

This answer may seem surprising at first, but is “normal” as no particular property

has been assumed on the functions denoted by functional symbols, in this case
associativity (which is known to hold for e, see unification algorithm, section 4.2).
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If we wanted a correct answer to this second question, we would have had to write
clause (*) as follows:
Word(£f(f(a,x),b)) — Word(x);
but in this case, the first question would have resulted in a surprising answer!
Another logic recognition program that avoids these problems would be:
Word(c);
Word(z) — append([a|x], [bl, z) Word(x);

In example 9.22, we give another version that is very similar, but uses string
constraints, for which there is no problem to be handled by the user. O

REMARK 6.5.— If we had had a unification algorithm capable of handling associative
functions, i.e. functions f with the property:

(Vavyvz) f(x(f(y, 2)) = f(f(z,y),2)

We would not have obtained two different answers, depending on the way the
symbols in the word were associated. (|

EXAMPLE 6.5.— (sorting).
sort(x,y) — perm(x,y) ord(y);
% sort(x,y): listy is the sorted list obtained from list x.
% perm(x,y): list y is a permutation of list x.
% ord(y): listy is an ordered list.
pern([1,[1) —;
perm(z, [x|y]) — delete(x,z,u) perm(u,y);
% delete(x,z,u): u is the list obtained after deleting element x from list z.
delete(x, [x|y],y) —;
delete(x, [y|z], [y|jul) — delete(x,z,u);
ord([1) —;
ord([x]) —;

ord([x,y|lz]) — x <= y ord([y|z]); 0
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Other versions:
EXAMPLE 6.6.—
sort(x,y) — perm(x,y) ord(y);
pern([1,[1) —;
perm([e|x],z) — insert(e,y,z) perm(x,y);
% insert(e,y,z): list z is obtained by inserting element e in list y
insert(e,x,[e|x]) —;

insert (e, [ulx], [uly]) — insert(e,x,y); O

Another one:
EXAMPLE 6.7.—
sort([1,[1) —;
sort([ulx],y) — insert(u,z,y) sort(x,z);
insert(x,[1,[x]) —;
insert(x, [uly], [u|z]) — u<x insert(x,y,z);
insert (x, [u|y], [x,uly]l) — x<=u;
% [x,uly] is equivalent to [x|u|y] O

REMARK 6.6.— This last logic program corresponds to the insertion sort: we remove
an element from the list (here the first one), sort the rest of the list and reinsert the
element that was removed, while respecting the order. O

EXERCISE 6.6.— Give the logic program corresponding to the quick-sort algorithm:
we select an element e in a list and divide the list into two sublists, the elements that
are smaller than e and those that are greater than e, then e is prefixed by the sorted list
of elements that are smaller than e and suffixed by those that are greater thane. I

EXERCISE 6.7.— Give the logic program corresponding to the bubble sort algorithm:
we test if two adjacent elements are not in the correct order. If so, they are swapped.
We repeat the operation until no additional swap is necessary. O
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EXAMPLE 6.8.— (automaton). We want to define a program that recognizes the words
that are accepted by an automaton.

An automaton is defined by a 5-tuple:

<Q,%,0,q0, F >
where:

Q: set of states;

>2: vocabulary;

0: QXX — Q;

qo: initial state;

F': set of final states.

For the following automaton (that accepts (ab)*), with initial state ¢o and final

state qo
o

N

where strings are represented as lists, the program is (q, x, y, z, u denote
variables):

1) initial(q0) — ;

2) £inal(q0) — ;

3) delta(q0,a,ql) — ;

4) delta(ql,b,q0) — ;

5) accepted-string(x) — initial(q) accept(q,x);

6) accept(q, []1) — £final(q);

7) accept (q, [x|y]) — delta(q,x,ql) accept-next(ql,y);

8) accept-next(ql, [z[ul) — delta(ql,z,q0) accept(ql,u);

a question could be, for example:

accepted-string([a,b,a,b,a,bl); O
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6.3.1. Acting on the execution control: cut ““/”

In principle, it is not necessary in logic programing to know how a program is
executed. However, in reality, it is necessary to control executions, which is why
imperative characteristics have been introduced into this declarative framework. The
cut rule is not very elegant, but is extremely useful, although it must be used very

carefully.
The definition given in the use manual is the following:

The “/” is a parasite that can only occur among the terms that make up the right-
hand side of a rule (in particular, in the question). The choices that remain to be
examined and that the deletion (it is always deleted) of “/” removes are as follows:

— the other rules that have the same head as that of the rule where “/” occurs.
— the other rules that could have been used to erase the terms occurring between

the beginning of the tail and “/”.

If we represent the execution tree:

head() = qq - Givk v g .

’ wraas

ERASED ,’
CHOICES |
I
]

SUCCESS I
SUCCESS |

head()

head()

/ : goal that always succeeds... but with...

a side-effect, after the success of /'
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EXAMPLE 6.9.— (from the manual). The program:
colour(red) —;
colour (blue) —;
size(big) —;
size(small) —;
choicel([x,y]) — colour(x) size(y);
choicel(«that’s alls) —;
choice2([x,y]) — / colour(x) size(y);
choice2(«that’s ally) —;
choice3([x,y]) — colour(x) / size(y);
choice3(«that’s alls) —;
choice4([x,y]) — colour(x) size(y) /;
choiced4(«that’s ally) —;

gives the following answers to the asked questions:
choicel(u);
{u= [red,bigl}
{u= [red,smalll}
{u= [blue,bigl}
{u= [blue,smalll}
{u= «that’s alls}
choice2(u);
{u= [red,bigl}
{u= [red,smalll}
{u= [blue,bigl}
{u= [blue,smalll}
choice3(u);
{u= [red,bigl}
{u= [red,smalll}
choiced4 (u);
{u= [red,bigl}
choicel(u) /;
{u= [red,bigl}

It is not hard to show how useful the cut is; some examples are given below:
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6.3.1.1. Translation of imperative structures

For several reasons (for example, because they are more natural, such as in the
case of inputs/outputs), we can translate well-known control structures:

if P then Q else R:
if-P-then-Q-else-R — P/Q;
if-P-then-Q-else-R — R;

If P succeeds (is erased), the cut erases the choice of the second rule and problem
Q is considered. If P cannot be erased, problem R will be considered.

while = R do Q:
P(X) - R(X) /;
P(X) — Q(X,Y) P(Y);

EXERCISE 6.8.— Give the execution trace of the program:
)R(4) —;
2)2. Q(1,2) —;
3) 3. Q(2,3) —;
4)4. Q(3,4) —;
5)5. P(X) — R(X) /3
6)6. P(X) — QX,Y) P(Y);

with the question:
P(1); t
Combination with the predefined predicate repeat.

Here is a predicate that may seem strange if we only think of using it by itself:
repeat —;

repeat — repeat;

... but here is an example that makes it less strange:
read-spaces (¢ ¢, ¢) — repeat in-char(c) dif(c,‘ ¢) /;

read-spaces (c,c) —;

In this program, in-char (t): read a character from the input stream.
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EXAMPLE 6.10.— (set operations). We represent sets as lists.
member (x,y) — append(u, [x|z],y);

other program
member (x, [x|y]) —;
member (x, [z|y]) — member(x,y);
non-member (x, []) —;
non-member (t, [u|x]) — dif(t,u) non-member(t,x);
subset ([1,x) —;
subset ([z|x],y) — member(z,y) subset(x,y);
inter([1,x,[1) —;
inter([x[ul, y, [x|z]) — member(x,y) / inter(u,y,z);
inter([x[ul,y,z) — inter(u,y,z);
union([],x,x) —;
union([x|ul,y,z) — member(x,y) / union(u,y,z);

union([x[ul,y,[x|z]) — union(u,y,z); O

6.3.2. Negation as failure (NAF)

The negation problem is a very delicate problem (including from a philosophical
point of view). For example, what can we say about a goal (predicate, problem) that
we know we will not be able to prove with the data at our disposal? A solution would
be to say “we do not know”.

Another solution is to use the closed world assumption: if we are sure that we
cannot prove P (which prevents infinite searches), we conclude — P.

This second possibility is the possibility that was chosen. It corresponds to the
addition of the rule:

nok P
F-P

NAF :

(Here, “no = P” means: after an exhaustive search and halting).

Usual implementation of negation in Prolog:
not(Z) — Z / fail;
not(Z) —;
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where Z is a predicate variable, meaning that it is mapped to predicates and
fail: predicate (goal) that always fails (that cannot be erased).
Using not, we can give another definition of if. .. then.. .else:
if-P-then-Q-else-R — P Q; if-P-then-Q-else-R — not(P) R;

The choice that was made to treat negation may seem natural, but it leads to several
problems, as illustrated in the following examples and exercises.

EXAMPLE 6.11.— The program:
p — not(q) % equivalentto p V q (if not is identified with —)
with the question
P
succeeds, but this means that from p V q, we can deduce p! t

EXAMPLE 6.12.—
1) correctalg(algol) —;
2) correctalg(algo2) —;
3) correctalg(algo3) —;
4) correctalg(algod) —;
5) costlyalg(algol) —;
6) costlyalg(algod) —;
7) reasonablealg(X) — not(costlyalg(X));

with the question:
correctalg(X) reasonablealg(X);
the answer is:

{X

algo2 }

{X

algo3 }
... but with question:

reasonablealg(X) correctalg(X);
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the answer is no, as shown by the execution tree:
reasonablealg(X) correctalg(X)

/|

costlyalg(X) correctalg(X)

0 {algol} 0 {algod}

not not

fail fail O

EXERCISE 6.9.— Give the answers to the following questions:
a)
1) man(adam) —;
2) woman(x) — not(man(x));
ql) woman (adam); % question 1
q2) woman (eve); % question 2
q3) woman(x) eq(x,eve); % question 3
% see definition of eq in exercise 6.10 (b).
b)
1) even(0) —;
2) even(s(s(x))) — even(x);
3) 0dd(s(0)) —;
4) odd(s(s(x))) — not(even(x));
ql) even(y) ; % question 1
q2) odd (y) ; % question 2 O

EXAMPLE 6.13.— (beware of non-termination!). We want to write a program that
detects whether there is a path from one vertex to another in the graph below (compare
with example 6.1).
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O f

o J4—— O€¢—0°

The program that describes the graph and gives the definition of a path is the
following:

edge(a,b) — ;

edge(b,c) — ;

edge(c,d) — ;

edge(b,e) — ;

edge(d,e) — ;

edge(e,f) — ;

edge(f,c) — ;

path(x,x) — ;

path(x,y) — edge(x,z) path(z,y);

It seems obvious that this program is correct, meaning that it describes the world
and the desired relations between objects in this world. It is correct, but...let us see
what the interpreter LP does (which, as long as there are potential solutions, keeps
trying to find them).

We ask the question:

path(a,f);



236  Logic for Computer Science and Artificial Intelligence

path(a, f);
1
edge(a, z) path(z, f);
1
path(b, f);
1
edge(b, z) path(z, f)
v hS
path(c, f); mem. edge(b, e)
1
edge(c, z) path(z, f);
1
path(d, f);
1
edge(d, z) path(z, f);
!
path(e, f);
1
edge(e, z) path(z, f);
1
path(f, f);
v N\
O (success) edge(f, z) path(z, f);
d
path(c, f);

A solution is to replace the last two clauses by the clauses:
path(x,x,t) — ; % t: list of visited nodes
path(x,y,t) — edge(x,z) not(member(z,t)) path(z,y,[z|t]);
and the question would then be:
path(a,f,[1); O

EXERCISE 6.10.— Simulate the interpreter to show that the answers are indeed those
given below.

a) Consider the program:

1) r(aa) —;
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2) q(X) — not(r(X));
3) p(X) — not(q(X));
the question:

p(aa);

succeeds

the question:

pX)

succeeds and gives as a result the empty substitution (when a goal fails,
substitutions are not memorized, which is a reasonable choice).

b) There exists in Prolog a predicate eq(T1,T2), that can be evaluated, and has
the following effect when T1 and T2 are variables, say X and Y

eq(X,Y):if X and Y have been linked to the same term, true else if Y (respectively,
X) is not yet linked, then it is linked to the same term as X (respectively, Y) else false.

(This does not correspond to usual equality, see section 9.1).
Consider the program:

1) eq(X,X) —;

2) p — not(eq(X,1)) eq(X,2);

the question:

o

fails.

It should succeed (with X=2)

the question:

not(p);

succeeds. O

EXERCISE 6.11.— Give a logic program for the relation merge(X,Y,Z): Z is a sorted
list of integers obtained by merging the two sorted lists of integers X and Y. O
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6.3.2.1. Some remarks about the strategy used by LP and negation as failure

A program containing clauses such as (x) below causes problem at the execution
of the program, because it artificially introduces a possibility of non-termination.

The recommended solution is quite natural.
EXAMPLE 6.14.— a) If a program contains the clauses:
() ce(X,Y) = cc(¥,X);
cc(sg,t) — clause-queue;
with s,t: terms
replace (x) by:
cc(t,s) — clause-queue;
b) If a program contains the clauses:
() cire(Y,Z,X) — circ(X,Y,Z)
circ(s,t,u) — clause-queue;
with s,t,u: terms
replace (x) by:
circ(u,s,t) — clause-queue;
circ(t,u,s) — clause-queue; O

EXAMPLE 6.15.— (evaluation of formulas). We can sometimes use NAF to evaluate
a logical formula in a database that defines the predicates occurring in the formula.

The (very simple) idea is that if we identify not with — and the question
A Ay ... A, not (B)

— fails then the formula A1 A As A ... AN A,, = B is evaluated to T;

— succeeds then the formula A1 A As A ... A A, = B isevaluated to F.

For example, if in the database:
Dp) —; 4)q(1,2) —;

2)p(2) — 5)q(2,1) —
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3)p(3) — 6) q(2,2) —
we want to evaluate the formulas:
a) VaVy.P(z) A Q(z,y) = P(y)
and:
b) VaVyVz.Q(z,y) A Qy, 2) = Q(x, z)

p(X) ¢(X.Y) not(p(Y))

1 = 3
q(L,Y) not(p(Y))  q(2,Y) mnot(p(Y)) 9(3,Y) not(p(Y))
4] 5/ 6\
not(p(2)) not(p(1)) not(p(2)) X
2| 1] 2|
X X X

Hence, (a) is a valid formula in this world.

q(X, Y) q(Y, Z) nOt(Q(X7 Z))

3 41 5\
q(2,2) not(q(1,2)) -
5 6 N\ '
not(q(1,1))
not(x)

Formula (b) is therefore not valid. We could retrieve the substitution:
{X=1, Y=2 Z=1}
that corresponds to the counterexample:

Q(1,2) AQ(2,1) = Q(1,1). 0

6.3.2.2. Can we simply deduce instead of using NAF?
EXAMPLE 6.16.— (completion (Clark)). The program:

math-class(E106) — ;
math-class(E108) — ;

will answer no to the question
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math-class(E201);
Using the N AF rule.

To deduce (without any other rule than resolution) this conclusion, we must
explicit what is assumed by N AF":

Va.math — class(x) = (x = E106) V (z = E108)

and:
E106 # E108
E106 # E201
E108 # E201
E108 # E106
E201 # E106
E201 # E108

The program in clausal form (non-Horn) would then be:
1) math — class(E106)

2) math — class(E108)

3) =math — class(z) V (x = E106) V (z = E108)

% Clause 3 is not a Horn clause
4) =(E106 = FE108)

5) —(E106 = £201)
6) =(E108 = £201)
7) —~(E108 = E106)
8) ~(E201 = E106)
9) ~(E201 = E£108)

And we would ask the question
—math — class(E201);

we negate the conclusion to obtain:
10) math — class(E201)

and by resolution:
11) E201 = F106 v E201 = E108 (3,1) —(10,1)
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12) E201 = E108 (11,1) — (8,1)
13) 0 (12,1) — (9, 1). O

REMARK 6.7.— (on the utility of studying logic programming). Together with the
fact that there are many direct applications that are easy to imagine, starting with
examples that have already been seen, the study of the principles of LP is very useful
as a first step toward the study of ontology languages (see section 1.2 and digression
8.1), in particular, the so-called description logics in which knowledge bases are made
of assertions (i.e. properties of individuals) and terminological axioms (i.e. complex
descriptions). The descriptions are specified with unary and binary predicates.

The analogy to LP is obvious.

In the domain of databases, there exists a family of languages (Datalog) based on
rules that are clauses (with some restrictions) of FOL. They represent a very important
domain of study and can be considered as a “natural” extension of LP.

Datalog perfectly illustrates the deep relationship that exists between logic and
computer science. O

6.4. Computability and Horn clauses

At this point, the reader who has already written programs in so-called functional
languages (Lisp, Scheme, etc.) has probably noticed the similarities between
programs in these languages (or simply between the definitions of functions with
equations, such as factorial, fibonacci, etc.) and logic programs.

Furthermore, when presented with a new language, say, £, it is natural to wonder
what its expressive (and computational) power is, in other words, if it enables us to
define (and compute) all computable functions.

One way of answering this question is to show that £ can be used to encode a
Turing machine or Markov algorithms, etc. or that it can be used to encode operations
that permit us to capture all computable functions (minimization, etc.).

We will choose this way of proceeding, as it will enable us to show
the computational power of Horn clauses, and at the same time relate
functional programming and LP (also called predicative programming or relational
programming).

We first briefly recall the definition of a function that is finitely definable by
equations.

We will add to F (see signatures in definition 5.1) the constant O and the unary
function s (for successor), and we shall use the notion of terms (see definition 4.1) on
the modified signature, which will be sufficient to suit our needs.
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Natural numbers (which are necessary to define functions NfF — N) will be
denoted by s(™)(0).

The variable domain will be the terms of the form s(™)(0) (0 < n).

The equations that will occur in the definitions will be term equations, defined on
the new signature, with all their variables universally quantified. We shall impose that
the subterms ¢; (1 < ¢ < n;) of one of the terms in the equations, say fZ” (t1y e ytn,)s
only contain the functional symbols O and s. The (unique) function conventionally
denoted by f; is the function defined by the equational system.

An equational system is a finite set of equations.

We denote the equational systems (and the equations) by £(f1,..., fn ; T) (for
the sake of readability, we omit the exponent representing the arity; this does not incur
any confusion).

fi,-.., fn and T, respectively, represent the set of function symbols and the set of
variables that occur in the equations.

DEFINITION 6.1.— (functions definable by equations). A function f; is finitely
definable by an equational system iff there exists an equational system E such that:

-3f1...3fn VT E(f1,..., fn ; T) (meaning that fi,...,f, satisfy all the
equations in the system);

— for any set of variables 7, there exists a finite set z1, . . ., Zx, such that:
E(fryeesfn s ZDN . NE(f1,y ..., fn ; Zk) and this set uniquely determines
fi().

The following theorem (the proof of which can be found in textbooks on
computability) characterizes the set of computable functions by functions defined by
equational systems.

THEOREM 6.1.— Every recursive function is finitely definable by an equational
system.

EXAMPLE 6.17.— (length of a list). We add to the signature (i.e. to F) the function
symbols nil, length, cons, add.

length(nil) =0

length(cons(u,v)) = add(length(v),1) % we write 1 instead of s(0). OJ
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The relationship between equational definitions and computability is established
by theorem 6.1, but what is the relationship between these definitions and Horn clauses
and their expressive power?

The first key remark is that an equation can be expressed as an implication, in the
form of a Horn clause:

Rule I:
with A; (1 < i < n) and B equational literals (i.e. literals for which the predicate
symbol is =), with arguments that are terms of depth 1 or 2 (or 0 or 1 depending on

the conventions, see definition 4.2). These terms are called flat terms, meaning that
they are of the form:

fi(n)(xl, cey ) =Y
where
x;, y: variables (universally quantified) or constants.
The second key remark is that, to obtain flat terms it suffices to name them.
‘We show how rule I can be used on example 6.17.
1) length(nil) =0 % as nil is a constant, the equation has the desired form

2) length(cons(u,v)) = add(length(v), 1)
——— ——
@ y
| —

z

Hence, 2. can be rewritten as:
2") length(v) =y A add(y, 1) = z A cons(u,v) = x = length(z) = z
To get to a logic without equality, we use (the only if part of)

Rule Il:

f(x) =yiff F(z,y)

For the example on the length of a list, this yields:
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EXAMPLE 6.18.— (length of a list, Horn clauses without =). (We use the syntax from
section 6.2)

Length(nil,0) —;

Length(u | v, z) — Length(v,y) Add(y, 1, z); % where u | v is another way of
writing cons(u, v)

In a constraint LP language (see section 9.2), the second clause could be written:
Length(u | v, 2) — Length(v,y) {z =y + 1}; O
Conclusion: rules I and II provide a mechanical way of getting from equational

definitions to Horn clauses without equality, which proves that the latter permit us to
compute all computable functions.

REMARK 6.8.— The first proof of computability with Horn clauses was produced in
1975-1976. The proof technique consisted of showing that a Turing machine could
be encoded with Horn clauses.

More precisely, it was proved that if a function is computable by a Turing machine,
then it is computable with Horn clauses containing at most one negative literal (and at

most one functional symbol).

An immediate corollary is that the class of Horn clauses is undecidable. O



Chapter 7

Artificial Intelligence

Intelligence is by essence unintelligible.
David Hume (1711-1776)

Although we often believe that the philosopher is right, we cannot deny that
scientific progress, in particular in biology, has permitted us to cast a light on the
following problems: studying intelligence, its partial simulation on machines, what
can be formalized (with the current state of formal tools), appreciating its limits, better
identify where the problems are important, and so on.

Furthermore, note that from a practical point of view, we need more and more
intelligent tools (whatever the reasonable and perhaps informal characterization of
“intelligence” we adopt).

7.1. Intelligent systems: Al
To begin to grasp the topic, we recall the etymology of (natural) intelligence!:

in French:

Intelligence: 12th Century ‘“understanding”, 15th Century ‘“communication
between people who understand each other”.

1 The term “intelligent” is currently used, often in a glamorous way, on anything that has more
or less surprising properties (for example, in nanotechnology, there are “intelligent materials™).
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in English:

Intelligent: 16th Century, from the Latin words intellegere, ligere lit. choose
among, formed on INTER + legere gather, choose.

In other words, choose among (which implicitly seems to admit the importance of
handling non-determinism).

As far as its study and modeling is concerned, for a long time, mathematics has
been used to study problems that arise in natural science, in particular on the behavior
of the brain and the nervous system. Conversely, important developments in different
topics of mathematics have been motivated by these problems. All this happened
before there was even a research domain called AL

DIGRESSION 7.1.— Ramén Llull (¢. 1235-1315) and G. Leibniz (1646-1716) are
often cited as pioneers of the “Al project”, i.e. of the belief that every thought
(the essential human characteristic) can be formalized. This project became more
concrete, at least partially, with the development of computers, and its huge influence
on science and society in general.

Ramoén Llull designed a reasoning machine (more precisely a deduction machine)
with which he wanted to encode (in a combinatorial way) knowledge of creation in a
universal language combining base symbols.

G. Leibniz believed that if we could produce a list of basic human thoughts (i.e.
words denoting simple ideas), it would be possible to produce mechanically (by
combination) all complex ideas. (This should be compared with the concept of a
formal system.)

This reductionism seems to have a very long history. Some religions (in their
esoteric approach) postulated on the existence of absolute ideas and of a mathematic
(algebra) of ideas. O

The models that were used were constructed based on neural models. Some
chemical, electrical, and mechanical aspects were taken into account and differential
equations were used as tools of modeling and analysis.

This tradition continues in a part of current Al, another larger part inherited from
the discrete modeling approach (two states, 0 and 1), which originated with the work
of McCulloch and Pitts, Turing, and others.

Of course, the study of other models, thanks to other tools, is possible (and likely)
in the future.



Artificial Intelligence 247

Recently, some research has focussed on the cerebral bases of mathematical
activity, for example, on the cerebral activity that corresponds to the understanding
of numbers and calculus.

The importance of these studies is reflected in the creation at the College de France
of a chair of “experimental cognitive psychology”.

How can AI be defined? For example, consider the following definition by
Minsky, one of the pioneers of the domain.

Artificial Intelligence is the science of making machines do things that
would require intelligence if done by men.

Is this definition really satisfactory? Consider motion for example, as well as
the laws that characterize it. Motion can be defined independently from the objects
that move. . . but intelligence has probably never been defined independently from the
beings that we consider as intelligent.

If in Minsky’s definition we replace “intelligence” by “kinematics”:

Kinematics is the science of making machines do things that would
require motion [if done by cars].

[1: redundant here but not in the previous definition.

If we say that intelligence (or that intelligent behavior) is an exclusive property of
living beings (or of the animal kingdom), the problem is somehow solved: a computer
system cannot exhibit an intelligent behavior, except if we believe a computer can be
alive. We have then replaced the problem of defining intelligence by the problem of
defining living beings.

At least since cybernetics (see section 7.5.2), connections have been made with life
(in particular, with the way the brain works): self-reproducing automata (artificial),
neural networks, etc.

REMARK 7.1.— The following definition is sometimes given to artificial life (a domain
related to Al):

Artificial life denotes the study of artificial systems that exhibit a
behavior that is characteristic to natural living systems.

This definition is similar to Minsky’s on (which would be a particular instance of
artificial life), and in our opinion, is not satisfactory either.

To be an interesting definition, it presupposes that there is a decidable way of
qualifying all the characteristics related to a living system, or at least all those that are
inherent to the specific distinction between living and non-living systems.
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The two following definitions go in the same direction.

The definition of life:

Life is a self-maintained chemical system that is subject to Darwinian
evolution.

and the definition of living organism

A living organism is a chemical system that is capable of regenerating its
own constituents, and exchanges matter and energy with its environment;
this system is capable of reproducing itself in an imperfect manner,
generating slightly different replications of itself, possibly better adapted
to the environment.

What do we do with suffering, pleasure, emotions, anguish, feelings, etc. that
seem to interact with intelligence?

There seems to be a consensus between researchers on how difficult it is to
characterize intelligence, one of the consequences of the evolution of life. O

A key concept here is another concept that we shall study: the concept of
explanation. Is a black box that to some inputs associates outputs that resemble what
happens in an organism an explanation of the behavior of the organism? We should
be very careful, because, for example, in a domain we know better, the way programs
play chess, prove theorems, suggest clauses that explain data. . .is probably not the
same as the way a human would proceed.

In any case, it is worth mentioning that it is generally not wise to identify the
dreams of some researches (no matter how brilliant they may be) with reality. For
example, two important names in Al predicted in 1958 that as soon as 1970, computers
would be capable of composing classical music, writing masterpieces, discovering
theorems, playing chess, understanding and translating languages, etc.

Of all these predictions, we can say that that until now, and although considerable
progress has been made, the only one that was completely realized (in 20006) is the
one on the game of chess (the program Deep Fritz defeated the world champion in six
games, with two victories and four draws).

REMARK 7.2.— In the analysis of the different ways intelligence can be characterized,
we frequently forget to mention a meaningful fact. Radio-astronomers who are
searching for proofs of artificial life in the universe try to detect non-random signals
coming from outer space. Producing signals that respect laws should therefore be a
(sufficient) condition to characterize intelligence. O
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REMARK 7.3.— In another important activity of human beings: art, researchers (most
of them in neurobiology) are trying to “extract” general laws on beauty (i.e. what
leads us to qualifying objects, ideas, etc. as “beautiful”).

This domain of study could be named “artificial art” and in our opinion, its
importance must not be underestimated. After all, three centuries after his death,
Mozart is still considered a genius, whereas generations of scientists have disappeared
without a trace. U

7.2. What approaches to study AI?

We provide three possible approaches (others can of course be imagined).

1) Try to define intelligence independently from humans (animals).

2) Replace Al by an expression such as “design of assistant for intelligent tasks
[or requiring manual skills. .. ]”

3) Try to design systems that mimic capabilities that psychology, history, etc.
consider as intelligent in a human being.

7.3. Toward an operational definition of intelligence

In physics, when a concept is defined by specifying what operations are necessary
to measure the terms that occur in the definition, we say that the concept has an
operational definition.

In 1950, Alan Turing proposed in his paper “Computing Machinery and
Intelligence” an imitation game now known as the Turing test2. Itis presented in many
different ways in the literature, and these presentations do not always correspond to
what is explicitly said in the aforementioned paper, and probably not to what Turing
thought on the topic. The most popular version seems to be: A system (machine) that
makes you believe you have communicated (or interacted) with a human being can be
considered as intelligent.

Turing remained very cautious in his paper about the notions of thought,
conscience, intelligence, etc.

Turing’s paper begins as follows:

I propose to consider the question “Can machines think?”

Turing replaces this question by another question that is closely related, and that
he describes as an imitation game.

2 A lot of information, discussions, etc. on this test can be found on the Internet.
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7.3.1. The imitation game proposed by Turing

— Three players: a man (A), a woman (B), and a questioner (C') who can be a
man or a woman.

— Rules of the game
1) A and B are in the same room.

2) C'is in another room, and cannot see or hear A or B. He can only communicate
through (typed) written messages.

3) C gives names to the people in the other room. For example, he says: X is the
one on the left-hand side and Y is the one on the right-hand side.

4) C can ask questions to A and B.

— Goal for the players
- A: force C to make a mistake.
- B: help C give the correct answer.
- C: determine who among A and B is the man and who is the woman (by
saying, for example, X is A and Y is B).
— Example of questions and answers
- C: Will X please tell me the length of his or her hair?
- X: My hair is shingled, and the longest strands are about nine inches long.

Turing suggests to replace the question “Can machines think?” with “What will
happen when a machine takes the part of A in this game?”. Will the questioner make
a mistake with the same frequency as when the game is played by a man and a woman?
(Turing test)

Given what Turing wrote, we can deduce that a program (system, etc.) that could
replace A and fool the questioner with the same frequency as a human should be

qualified as intelligent or capable of thought.

Some authors attribute a key position to the Turing test in the definition of Al:

Artificial Intelligence is the enterprise of constructing a physical symbol
system that can reliably pass the Turing test.

Turing believed (at least, this is what he wrote) that such programs would exist by
the end of the 20th Century.

How far are we from Turing’s prediction?

In January 2000, there was a congress on the Turing test and a competition was
organized: six programs were enrolled.
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Results:

The questioners gave 91% correct answers after five minutes, 93% after fifteen
minutes. No program was able to fool a human.

REMARK 7.4.— Some authors have proposed extensions of the Turing test to take
sensorimotor functionalities into account.

These extensions are far from arbitrary and correspond to human evolution.
Speech, which is essential for intelligent activity, lies within Broca’s area. The
development of these zones is related to the standing posture and to manual activity.

The difficulty in designing a test, such as the Turing test, is clearly illustrated
by autism. Art seems to be one of the most high-level manifestations of the human
spirit (the word the most frequently used to describe Mozart, for example, is
genius). There are autistic children who have exceptional qualities for painting and
music, or who have mnemonic, or shape recognition capacities that are well beyond
those of “normal” people, even those considered to be intelligent. In the domain of
mathematics, there also exist autistic people who are prodigies in calculus.

These exceptional capabilities restricted to a unique domain3 have led researchers
to postulate on the existence of a multiplicity of intelligences, controlled by rules that
are hard-wired in different neural areas. O

Recently, a logician who was interested in the relationship of logic with other
domains (S. Buss) wrote:

I wish to avoid philosophical issues about consciousness, self-awareness
and what it means to have a soul, etc. and instead seek a purely
operational approach to artificial intelligence. Thus I define artificial
intelligence as being constructed systems which can reason and interact
both syntactically and semantically. To stress the last word in the last
sentence, I mean that a true artificial intelligence system should be able
to take the meaning of statements into account, or at least act as if it takes
the meaning into account.

7.4. Can we identify human intelligence with mechanical intelligence?

The aim of this argument is to show that trying to identify intelligence (and
understanding) with a sequence of states leads to consequences that cannot reasonably
be accepted.

3 There are some rare cases in which several of these capabilities have been known to coexist
within the same individual.
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The philosophical argument that is attacked is the argument that states that
computers running programs can possess mental states and that when we possess the
same states, similar programs are executed in our brains.

7.4.1. Chinese room argument

This argument (proposed by Searle in 1980) describes a situation showing that an
entity can pass the Turing test without us being able to say that it actually thinks or
understands in the traditional sense.

A person P1 who does not understand written (and spoken) Chinese at all is
isolated in a room and can only communicate with the outside world through signs
written on pieces of paper. The person has paper, a pencil, and an instruction manual
(program) written in his mother tongue.

— He is given pieces of paper on which signs are “scrawled”.

— Using these signs and the instruction manual, P1 writes other signs on pieces
of paper.

After some time, the experiment stops. A person P2 (the presence of which is
ignored by P1) is outside and is the person giving the pieces of paper to P1 and
receiving those passed out by P1. P2 understands Chinese perfectly. The papers that
were given to P1 contained a story written in Chinese together with questions on this
story. The papers that were received contained answers in Chinese.

For P2, entity P1 passed the Turing test and should be identified as intelligent (see
section 7.3)...but of course, P1 does not understand Chinese. Which means that the
Turing test can be passed for a spoken language without even understanding it!

Furthermore, everyone has laughed when reading automatic translations or has
already been incapable of understanding (in their own mother tongue) the translations
produced by translation software that is available on the Internet.

Other formulation

1) Algorithms are independent of the hardware on which they are programmed: in
particular, the machine can be a human (here, of course, execution time is not taken
into account).

2) We assume that there is a program P in a room that can produce speeches
like someone whose mother tongue is Chinese. The program is supposed to produce
speeches that a native Chinese speaker could not distinguish from those produced by
a human being: the person listening believes someone Chinese is speaking.

3) By assuming the philosophical thesis mentioned above is correct, any system
on which program P is executed understands Chinese.
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4) There remains to imagine that the program was executed by a human being
who does not know Chinese at all: the conclusion is that the person still does not
know Chinese in the usual sense, and neither does the computer.

This is an argument that shows the limits of the Turing test: someone can give the
impression of “understanding” without “understanding” anything at all.

REMARK 7.5.— This argument may seem far-fetched and artificially created to defend
a thesis.

Yet, it partially corresponds to what happens for the Etruscan language#. The
following quote is from a book on the history of the Etruscan language (L.J. Calvet)
published in 1996:

Etruscan writing does not pose any difficulty: it is an alphabet inspired
from Greek,...But if we are fully capable of reading this alphabet, we
do not really know what language it was transcribing: we can read aloud
texts that we do not understand.

This is the same for the Iberian language (the first people of the Iberian peninsula).

Neuropathology also (more sadly) illustrates that some tasks that may seem
intelligent to an observer are far from being intelligent.

Among some of the “autistic geniuses”, there are children who from the age of two
are able to read books and newspapers very easily, but without understanding a single
word (because they are only able to decode texts from a phonological point of view
and this expertise does not encompass meaning). O

It is worth recalling that our intellectual faculties can be affected by emotions and
feelings (stress diminishes our capacities in general, a taste for certain topics can make
them easier to understand, to discover, to solve related problems, etc.).

When the chess master Garry Kasparov lost against a computer in 1997, observers
believed that he had been emotionally disturbed and thus, had played poorly3.

4 Not much is known about the Etruscan civilization: it originated in Italy around 700 BC and
disappeared around 350 BC.
5 As a neurobiologist wrote: “Thus, the functioning of the limbic system, which supports
emotions, memory, and therefore the cognitive system, depends on a perfect and delicate tuning
of different neuromodulators. Too much or not enough chemical activity prevents these systems
from functioning normally.”
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More recently (2006), the world champion Vladimir Kramnik made an
unexplainable mistake and lost a game against the software Deep Fritz, a mistake
that “normally” even a beginner should not make. . . but errare humanum est.

This relation seems to have been appreciated in the language of a great civilization
(the Chinese civilization): the ideogram for think is obtained by merging the one for
head with the one for heart.

7.5. Some history

Humans have tried for a long time to reproduce or mimic life, and in particular
creatures that resemble them.

For example, the mythical Golem, man-robot created by magical or artificial
means.

Furthermore, in mythical stories, labor has always been a punishment and a yoke
that man has always tried to get rid of.

We classify the works in two large categories, that we can imagine as increasingly
merging and that we will call Prehistory and History.

7.5.1. Prehistory

Emphasis is put on the reproduction of external properties of living beings:
movements, gestures, sounds, etc.

The following facts are part of tradition (hard to verify).

— 5th—4th Century BC: carrier pigeon that could fly (Archytas).

— 4th-3rd Century BC: snail that could crawl (Demetrius).

— 4th Century BC: automatic signal to call Plato’s students to class.
— 3rd Century BC: android (Ptolemy II Philadelphus).

— Ist Century AD: theater shows with automata on the return home of the heroes
of the Trojan war (Hero of Alexandria).

The name of this Greek engineer and mathematician is often cited as one of the
pioneers of “programmable” automata, of cybernetics, and of robotics.

— Galen (2nd Century AD) showed the purpose of human organs by analogy to
machines built by man. In some way, he is also a pioneer of cybernetics.

— 12th Century AD: android that opened the door and greeted when a bell
was rung.
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— 16th Century AD: mechanical lion (L. da Vinci) whose stomach would open and
free lily flowers.

7.5.2. History

Emphasis is put on the reproduction of intellectual faculties or abilities that require
different forms of learning.

— During the 17th Century, mechanical philosophy (or mechanistic materialism)
tried to explain the world without ever referring to vital forces or vital causes. It
believed that the method used to study the stars could be applied to physiology and
human psychology.

— The circulatory system was discovered around 1628 (Harvey®), and this
dented the vitalist theory (according to which vital phenomena are irreducible to
physicochemical phenomena).

— 1641-1642: automatic adder (Pascal).

— 1673-1674: multiplication machine (Leibniz).

— During the 17th Century, Descartes viewed man as a machine.

— Thomas Hobbes (16th—17th Century) suggested that it could be considered that
automata (meaning machines that move by themselves) have an artificial life.

— Leibniz had an eclectic mind and made connections between domains that
seemed disconnected. He came up with the idea of a language for thought (lingua
philosophica or characteristica universalis) in which everything that can be thought of
could be transcribed, thus permitting reasoning to be (quasi)automated: the calculus
raciocinator’.

— 17th Century: probability calculus (probabilities are essential in many intelligent
tasks: decision making on rational databases, etc.).

— 18th Century: the flute player, Vaucanson’s duck (an engineer from Grenoble,
France).

— 19th Century: Jacquard’s weaving loom, punch cards.
— Ampere (1834) included cybernetics (science of direction) in “politics”.

— 19th Century: development of probability calculus (Laplace, Poisson, etc.).

6 And maybe even before M. Servet.
7 Leibniz prophesied that once the calculus had been perfected, men of good faith who wanted
to settle a question would take a pencil and paper and say: Calculemus!
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— End of the 19th Century: Ramén Cajal discovered the nature of neurons and
their interconnections.

—1924: the word robot, from the Czech word robota meaning “forced labour”
appears in a play by Karel Capek to denote artificial workers.

— 1927: Hilbert wrote: “The key idea of my proof theory is nothing more than
the depiction of the activity of our intelligence, of listing and analyzing the rules that
guide the way our thoughts really function”.

— Some physiologists (Belle, Young, Helmholtz, and others) convert to physics
(H. Helmholtz believed that “no other forces than those of physics and chemistry are
active within an organism”).

— &2 1936: Turing.

— =2 1936: Wiener et al. cybernetics (science of direction and communication in
living organisms and machines).

— & 1940: neural networks (MacCulloch, Pitts).

— Shortly after World War II, interdisciplinary exchanges (mathematicians,
neurophysiologists, psychologists and sociologists) took place among other things on
the possibility of imitating human intelligence.

— =2 1950: electronic turtles capable of recharging themselves.
— =2 1950: electronic mouse that could learn a path.
— ... Al (the “official birth” of Al is supposed to have taken place in 1956).

— What is considered as the first Al program Logic Theory Machine (A. Newell,
H. Simon), a program for theorem proving, is presented in 1956.

REMARK 7.6.— In the near future, recent advances in biology and in particular the
study of the brain via medical imaging will probably influence the models that are
used in Al as well as its foundations and techniques. If that were to happen, it would
be an item to add in the list above. O

7.6. Some undisputed themes in Al

— design of expert systems

— different kinds reasoning (inferences): deductive, inductive, abductive,
probabilistic, non-monotonic, under uncertainty, etc.

— games (chess, go, etc.)

— knowledge representation

— learning

— robotics, vision, image analysis
— speech, writing recognition

— human—computer interaction
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— natural language processing
— multi-agent systems

— planning

— constraint satisfaction

— computational linguistics

— neural networks

We have seen (section 7.2) that one of the approaches to studying Al was to try to
mimic the way humans do things.

When we analyze (in particular by introspection) the way a human solves a
problem, the most striking characteristics are the diversity of approaches that are used
and the capability of humans to distinguish the “right” context and to use the “right”
properties and relations for the problem under consideration.

This is particularly striking in so-called clever or elegant solutions.

In contrast, mechanical solutions would be qualified as “uniform”.

Furthermore, the etymology of the word “find” is worth mentioning here:

Find — twist, in Greek evolution, change, related to change,

which seems to suggest that to find a solution, it is necessary to consider a problem by
“twisting” it, i.e. by analyzing it from different angles.






Chapter 8

Inference

Inference is one of the most important intelligent activities of a human being.
We will study different forms of inference and several aspects of its formalization.
According to the dictionary:

Inference: every operation leading to the acceptance of a proposition whose truth
is not directly known, thanks to its relationship to other propositions known to be true.
This relationship can be such that the inferred proposition is judged to be necessary,
or only plausible.

Inference is therefore the most general term of which reasoning, deduction,
induction, etc. are instances.

Etymologically: to offer — to infer: to carry into - to put forward

Inference is an underlying activity of almost all our other activities. Something as
common as vision, for example, uses it (probably without the knowledge of doing so).
When we see someone we know, but who has let his beard grow, is wearing glasses
(and did not use to before), has put on some weight or lost some weight, etc. we still
recognize him, although from the point of view of appearance, this is someone we
have never seen.

There are many different forms of inference, among which are inductive (i.e.
general conclusion from particular facts), by analogy, from testimonials, from
memories, probable inference, statistical inference, non-monotonic, etc.

We begin with the study of one of the most common forms of inference (often
carried out unconsciously), which is often mentioned in this book.
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8.1. Deductive inference
As usual, a first approach can rely on the definition in the dictionary.

Deduction: operation by which, starting from one or several propositions taken as
premises, we rigorously conclude a proposition that is a necessary consequence, in
accordance with logicalules.

Etymologically: to conduct — to lower — to deduce

We shall give several classical types of deductions, focusing on the key problems
that arise in the process of their automation, through examples that shed light on these
problems.

The typical example of a deduction is the syllogism, which we have mentioned in
section 2.2.

The following example is a less known deduction type that leads to interesting
problems.

The sorites

Argument consisting of a mass of premises. Polysyllogism, where each conclusion
is used as a premise of the following syllogism. In more modern terms, we would say
that this is a reasoning with a linear strategy (see example 5.28).

EXAMPLE 8.1.— Ais B, BisC, Cis D, D is E; therefore A is E. O

The name sorites is especially used in the following very old reasoning (see also
section 10.2) given by due to Eubulides (see digression 2.2).

Does a heap of grains remain a heap when one grain is removed?

Consider a heap of grains: if we remove one grain, it remains a heap, if we remove
another grain, it remains a heap. ..

Conclusion: a unique grain is a heap. .. but [everyone agrees that] it actually is not!
It is sometimes presented as follows:

A grain is not a heap, neither are two grains, ... After how many grains do we
get a heap?

An aspect that is often neglected is that of partial conclusions. It should be clear
that a given strategy, when applied to a problem, can lead to the same conclusion going
through different partial conclusions, depending on the order in which the premises are
considered. The following example given by L. Carroll illustrates this.
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EXAMPLE 8.2.— (partial conclusions). Deduce the conclusion with a linear strategy
(see example 5.28), considering different orders on the premises (partial conclusions
are written in bold).

No A is not B.
Every B is C.
Every C'is D.

No not E is not A.
Every H is not E.
Therefore:

Every H is D.

We translate into PL (sometimes the categorical propositions of syllogisms are
formalized in this logic) and into clausal form. For deductions, we use the resolution
rule with a linear strategy and two different orders.

A= B 1 -AVB
B=C 2 =BVvVC
C=D 3 -CVvD
-EF=A 4 EVA
H=-F 5-HV-FE
H=D 6 ~HVD

Note that the conclusion (6) is not negated, we do not try to derive O but (6)!.

With the order 1,2,3,4,5:

-AV B -BvC

pN e
—~AVC ~C'V D

N\ e
-AVD EVA
DVE -HV-F

DvVv-H

1 The resolution method is correct (see corollary 3.1), but we have only proved its refutational
completeness (see exercise 3.34).
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With the order 4,1,5,2,3:

EvA -AV B

N\ e
EVvB -HV-FE

p v
BV -H -~BVC

-HVC -CV D

Dv-H

Sometimes, as L. Carroll wondered, it is interesting to obtain all the logical
consequences of the premises. The following example shows that this can be really
useful2.

EXAMPLE 8.3.— (beware of hidden consequences!). From the following premises:

1) Every individual suitable to be a member of Parliament who does not spend all
his time making speeches is a benefactor of the people.

2) People with a clear mind and who express themselves well have received a
decent education.

3) A woman worthy of appraisal is a woman who knows how to keep a secret.

4) Those who do favors for the people but do not use their influence for
praiseworthy purposes are not suitable to be members of Parliament.

5) Those who are worth their weight of gold and are not worthy of appraisal are
always unpretentious.

6) Benefactors of the people who use their influence for praiseworthy purposes are
worthy of appraisal.

7) Those who are unpopular and are not worth their weight in gold do not know
how to keep a secret.

8) Those who know how to talk for hours and hours and are not suitable to be
members of Parliament are worthy of appraisal.

9) Every individual who knows how to keep a secret and is unpretentious is a
benefactor of the people whose memory will last forever.

10) A woman who does favors for the people is always popular.

2 We can also imagine that we want to obtain all the consequences of a set of laws.
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11) Those who are worth their weight of gold, who do not stop making speeches
and whose memory lasts forever are precisely those whose photography can be seen
in all shop windows.

12) A woman who does not have a clear mind and has not received a proper
education is unsuitable to become a member of Parliament.

13) Every individual who knows how to keep a secret and does not know how to
always make speeches can be sure to be unpopular.

14) An individual with a clear mind, who has influence and uses it for praiseworthy
purposes is a benefactor of the people.

15) A benefactor of the people who is unpretentious is not the kind of person whose
photography is shown in all shop windows.

16) Those who know how to keep a secret and use their influence for praiseworthy
purposes are worth their weight in gold.

17) Someone who does not know how to express himself and is incapable of
influencing others cannot be a woman.

18) Those who are popular and worthy of appraisal are either benefactors of the
people or unpretentious.

We can deduce, among other things:
A woman is not suitable to be a member of Parliament! O

REMARK 8.1.— In PL, starting with a finite set of premises, we always obtain by
resolution a finite set of conclusions. This is not the case in FOL.: it suffices to consider
the set of conclusions of the premises in the following example. (]

EXAMPLE 8.4.— (complexity of proofs). Consider the following reasoning:
P(a)
Va(P(x) > P(f(x)
P(f* (a))

We analyze the complexity of two proofs by resolutions that are obtained with
different strategies for k = 3:

keN

1) P(a)

2) ~P(x) V P(f(z))

3) ~P(f%(a))

4) P(f(a)) (1,1) = (2,1) {z2 + a}

5) P(f*(a)) (4,1) = (2,1) {z3 + f(a)}
6) P(f3(a)) (5,1) = (2,1) {24 + f*(a)}
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7) P(f*(a)) (6,1) — (2,1) {zs < f*(a)}

8) P(f°(a)) (7,1) = (2,1) {zs < f*(a)}

9) P(f%(a)) (8,1) = (2,1) {a7 « f*(a)}

10) P(f"(a)) (9.1) = (2,1) {ws « f%(a)}

1) P(f%(a)) (10,1) = (2,1) {zg ¢ f(a)}
12)0 (11,1) — (3,1)

The number of steps in the proof (independently of the choice between forward

and backward chaining) is:

2k 11

A less costly proof:

1) P(a)

2) =P (x) vV P(f(x))

3) ~P(f%(a))

4 =P(x)V P(f*(z))  (2,2) = (2,1) {22 + f(x3)
5)—P(x)V P(f*(z))  (4,2) = (4,1) {24 + (5
6) ~P(z) vV P(f3(x))  (5,2) = (5,1) {wg  fH(ar
7) P(f%(a)) (6,1) — (1,1) {as + a}

8) O (7, 1) — (3, 1)

The number of steps in the proof is:

... the difference is essential

EXAMPLE 8.5.— (appearances are deceptive). Consider the following reasoning:

VavyVz(P(z,y) A P(y, z) = P(x, 2))
VavVyvz(Q(z,y) A Qy, 2) = Q(z, 2))
Vavy(Q(z,y) = Qy, x))
Vavy(P(z,y) vV Q(z,y))
VaVyP(x,y) V VaVyQ(x, y)

In other words, given a transitive relation P and a symmetric and transitive relation
@, and given that any two elements are related either by P or by @, prove that P is

total or () is total.
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We decide to prove that this reasoning (or theorem) is correct using the
resolution rule. We thus translate into clausal form (after negating the conclusion and
Skolemization, we obtain clauses 5 and 6).

1) ‘!P(Lt,y) \ ﬁP<ya Z) \ P(,CC,Z)

2) ~Q(z,y) V -Q(y, z) vV Q(, 2)

3) ﬁCz(ma y) N Q(y7 .1')

4) P(z,y) vV Q(z,y)

5) =P(a,b)

6) _'Q(C7 d)

We must find a refutation by resolution of the set of clauses above.

Note that this set of clauses belongs to a decidable fragment of FOL (finite
Herbrand universe), so we are sure that the search halts and that the set is either

unsatisfiable or satisfiable.

The proposed solution involves a typically human “trick™:

— we know that unit clauses are useful (the resolvent contains less literals than the
non-unit parent clause);

— we therefore try to generate unit clauses (we will also use hyperresolution to
obtain clauses 10,11, 12, 16,12/, 14);

— for any closed term 7 in the Herbrand universe of a set of clauses .S and for any
predicate P occurring in .S, we have either P(t) or ~P(t).

7) Q(a,b) (4,1) — (5,1) {x4 < a,ys < b}

8) Q(b,a) (3,1) — (7,1) {x3 + a,y3 < b}

9) Q(c, a) ASSUMED

10) Q(c, b) (2,1) = (9,1) = (7,1) {z2 < ¢,y2 < a,2z2 < b}

11) =Q(a, d) (2,1) = (6,1) — (9,1) {ws < c,ys < a,zs < d}
12) =Q(b,d) (2,1) = (6,1) — (10,1) {14 < ¢, Y14 ¢ b, 214 « d}
13) ~Q(d, b) (3,2) — (12,1) {wy ¢ d,yo + b}

14) P(d, b) (4,2) — (13,1) {24 « d,ys « b}

15) P(a,d) (4,2) — (11,1) {z10 ¢ a,y10 < b}

16) P(a,b) (1,1) — (15,1) — (1,2) — (14,1) {x1 + a,y1 < d,z1 < b}
17) O (5,1) — (16,1)

9) =Q(c, a) ASSUMED
10") =Q(a, ¢) (3,2) — (9,1) {x3 < a,ys < ¢}
11") P(a,c) (4,2) — (10",1) {x4 « a,ys < ¢}

12"y =P(c,b) (1,3) = (5,1) — (1,1) = (11,1) {21 < a,y1 ¢ ¢,z1 < b}
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13/) Q(C, b) (4, ].) — (12/, ].) {1710 — C, Y10 b}
14/) Q(C7 CL) (27 1) - (13/7 1) - (27 2) - (87 1) {IQ G Y2 b, 29 CL}
15) O (9',1) — (14, 1). O

REMARK 8.2.— The trick that was used corresponds to the law of excluded middle in
some so-called natural deduction systems:

(Al [~4]

B B
B

The formulas between [ | are discharged or cancelled: they are no longer useful
(see digression 3.5).

The rule reads: if from A we can deduce B and from —A we can deduce B
then B. O

8.2. An important concept: clause subsumption

In informal reasonings, to derive a conclusion (or verify that a reasoning is correct),
we frequently use the fact that a property or relation satisfied by all the objects of a
universe is also satisfied by particular objects of this universe (see, e.g. example 5.1).
We also use the fact that when we have a disjunction, whatever makes a subset of the
disjuncts true also makes the entire disjunction true.

These two very simple remarks are used in definition 8.1. According to the
dictionary:

To subsume: fact of considering a thing as being a member of a whole.
Considering an individual as being a member of a species, or a species
as being a member of a genus; considering a fact as the application
of a law.

Classification,3 which deals with the domain of systematics (or taxonomy) and is
used especially in botany and zoology, beginning with the work of the great Swedish
botanist Carl von Linné (18th Century), structures the objects considered in these
sciences with a partial order relation (corresponding to inclusion): race, species,
genus, family, order, class, type and reign.

3 Which was considered from the beginning of modern science (for example, by Francis Bacon
(1561-1626)) as being a part of the scientific method.
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There exist many knowledge representation languages (among which the classical
languages are KL-ONE, KRYPTON, LILOG, etc.). Languages such as KL-ONE,
which was frequently used in natural language-processing systems, enable us to
describe concepts using unary predicates.

Knowledge is separated into:
— a terminological part (concept definition): the T-box;

— an assertional part (database): the A-box.

The language that is used by the T-box corresponds to a fragment of FOL.

Subsumption determines the order relation (with C as an order relation) between
concepts.

Concept C' is subsumed by concept D if all the instances of C' are necessarily
instances of D, meaning that the extension of C is interpreted as a subset of the
extension of D (see digression 8.1).

This very short motivation is meant to show that to dispose of a method (if possible
a decision procedure) to decide whether relations hold between certain formulas can

be very useful in knowledge manipulation.

DEFINITION 8.1.— (clause subsumption). A clause C (6)-subsumes or simply
subsumes a clause D iff:

i) there exists a substitution 0 such that:

0C' is a sub-clause of D (if clauses are considered as disjunctions of literals).
or:

0C C D (if clauses are considered as sets of literals).

We will write C' <, D.

In general, we impose that:
ii) number-of-literals(C) < number-of-literals(D)

(or card(C') < card(D))

We say that C' is more general than D. This terminology is easy to understand if
we take into account the fact that C contains more (universally quantified) variables
than D (see also exercise 8.1 a)).
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REMARK 8.3.— This definition applies to PL with 6 = () (see rule R-4 of the Davis—
Putnam method, section 3.5).

Condition (ii) is sometimes justified by the fact that:

P(xz,a) VvV P(b,y) subsumes P(b, a)

O ={x+by<+a})

This definition can be considered as somewhat “unnatural”, because we may keep
a more complex object in the inference process. O

EXAMPLE 8.6.— P(x) V Q(y) subsumes P(a) V Q(b) V R(u, )
0 ={x <+ a,y + b}. O

EXERCISE 8.1.—
a) Prove that if C' subsumes D, then C' = D.
b) Is the problem does C' subsume D decidable? (]

8.2.1. An important problem
Can we say: if C' |= D, then C' subsumes D?
Consider:
C:=P(xz,y)V-P(y,z)V P(x, z)
D: =P(a,b) vV =P(b,¢) V =P(c,d) V P(a,d)

We prove that C' = D using the resolution method; we must thus show that C' U
{-D}Fr O

—D: P(a,b) A P(b,c) A P(c,d) A —P(a,d)

(i.e. there are four clauses, see also exercise 5.3 (1))

1) =P(x,y) V-P(y,z)V P(x, 2)
2) P(a,b)

3) P(b, )

4) P(c, d)

5) ~P(a, d)
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6) -P(a,y) vV —P(y,d) G.D-(1,3){z + a,z + d}
7) =P(a,c) (6,2)-(4,1) {y < ¢}

8) ~P(a,y1) V —P(y1,c) (7,1)-(1,3) {z1 + a, 21 + ¢}
9) —P(a,b) (8.2)-3,1) {y1 < b}

10) O (9,1)-(2,1)

...but C does not (0—) subsume D:

indeed, the desired substitution § must contain {x < a, z < d}, which requires
either y <— b; 6C will then contain —=P(b, d), and the subsumption is impossible;
or y + ¢; 0C will then contain —P(a, c¢), and the subsumption is impossible.

We give another example showing that if C' subsumes D, then D is a logical
consequence of C, but that the converse does not hold.

C: =P(f(x)) vV P(x)
D:=P(f(f(a))) vV P(a)

We use the resolution method to show that C' = D

{C, =D} is the set of clauses 1, 2, 3 below:

D) =P(f(x)) v P(x)

2) P(f(f(a)))

3) ~P(a)

4) ~P(f(a)) (1,2)-3, D) {z < a}
5)=P(f(f(a))) (1.2 {z1 + f(a)}
6) O 2,1)-(5,1)

REMARK 8.4.— Given two clauses C and D, the problem C' |=° D is undecidable.

This answer, together with the answer to exercise 8.1 (a), also allow us to
show that clause subsumption and logical consequences between clauses are not
equivalent. O

The following theorem, which is admitted without a proof, indirectly gives the
key (auto-resolvent clauses) to the non-equivalence between subsumption and logical
consequences between clauses.
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THEOREM 8.1.— IfC'is a clause that is not auto-resolvent and D is a non-tautological
clause, then C' \= D iff C' subsumes D.
DEFINITION 8.2.— Let C be a clause. We denote by:

CT the set of positive literals in C;

C™ the set of negative literals in C.

C' is ambivalent iff there exists a predicate symbol in C that occurs in CT
and in C~4.

An immediate consequence of this definition is that a positive (respectively,
negative) clause cannot be ambivalent.
THEOREM 8.2.— Let C' and D denote two clauses. If D is non-tautological and

C & D, then Ct subsumes D" and C~ subsumes D~

PROOF.— As C is a sub-clause of C, every model of CT is a model of C' (because

clauses are disjunctions of literals). The same reasoning shows that every model of
C~ isamodel of C.

O+ (respectively, C~) is not auto-resolvent, as it only contains positive
(respectively, negative) literals.

By application of theorem 8.1:
C* E Diff C* subsumes D
C~ E Diff C~ subsumes D.

But CT (respectively, C™) can only be a sub-clause of DV (respectively, D™);
hence,

C* subsumes DT and
C'~ subsumes D~ O

THEOREM 8.3.— Consider two clauses C and D. If D is not ambivalent, then C' = D
iff C subsumes D.

4 Note that an auto-resolvent clause is necessarily ambivalent, but that an ambivalent clause is
not necessarily auto-resolvent, for example, P(a) V —P(b).
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PROOF.— We assume that C' = D.

If D is not ambivalent, then it cannot be a tautology (because all its literals can be
evaluated to F). Thus (theorem 8.2):

(*) C* subsumes D* and C~ subsumes D~

C cannot be auto-resolvent: that would require a predicate symbol, say P, to occur
in C* and C—, but then (definition of subsumption and (%)), P should occur in DT
and D, which is impossible as D is not ambivalent.

Therefore, by applying theorem 8.1, we obtain:
C |= D iff C subsumes D. O

REMARK 8.5.— For the same Prolog program, if we have two questions C' and D, as
they are both negative, theorem 8.3 applies; hence, we have a decidable test to know
whether C' |= D, meaning that it suffices to have answered to C to answer to D. [

Theorems 8.1, 8.2, and 8.3 enable us to obtain the procedure D LOG-CONS C? to
test whether a clause D is the logical consequence of a clause C'. As we mentioned
in remark 8.4, this is an undecidable problem, so the procedure may not terminate
(because to procedure “Consequence’ that is used in procedure “D log-cons C?”).

procedure D LOG-CONS C ?
input: two clauses
output: (in case of termination) true or false
begin
if tautology (D) V subsumes (C, D)
then return true
else % (theorem 8.1 + theorem 8.3)
if — (ambivalent(D) A auto-resolvent (C))
then return false
else % theorem 8.2
if = (subsumes (CT, DF) A subsumes (C—, D7))
then return false
else return Consequence (C',D)

end

Figure 8.1. Procedure for testing logical consequence between clauses

EXAMPLE 8.7.— As mentioned previously, we will say that clause C' subsumes clause
D instead of: clause C' § subsumes clause D.
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HDC1<sC  and Co<,C: 1V <IC

2)C~<,C;y and CT<,Cf: <y

3) is relation <, a quasi-order, i.e. a reflexive and transitive relation?
1) No,take C; : P(z); Cy: P(f(x))and C: P(a)V P(f(f(a))).
2) No, take C': —P(x)V P(f(x)) and Cy : —P(a) vV P(f(f(a))).
3) Yes.

reflexive: take o: the identity: cC' C C

transitive:

C1 <sCrand Cy <, Cs

there exist o1, o9 such that 01C7 C Cs and 02Cy C Cjy

therefore:

02(01C1) € Cs

hence, there exists § = 03 0 01 = 0109

such that 6C7 C Cs;i.e.:

C) <s Cs. O
DIGRESSION 8.1.— (ontologies and DL). Description logics are languages for
ontologies. As we mentioned in section 1.2, an ontology can be defined as an explicit
specification of a conceptualization. In other words, an ontology is a(n abstract)
model of a part of reality (the world) that we are interested in. This part of reality
is represented by pertinent concepts (properties) and by relations between these
concepts. This in a formalizable language>.

Ontologies have naturally taken a very important place in computer science for
different kinds of information-processing systems, and a privileged field of application
is the semantic web.

In order for them to be useful, ontology languages must have some inference

capabilities, in particular, to detect non-contradiction between concepts or their
relations.

5 Note the similarity with, e.g. computer modeling, databases, object-oriented programing, etc.
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Why the name DL? The concepts that are relevant to the domain under
consideration are specified by descriptions of atomic concepts using properties (unary
predicates) and relations (atomic roles) (binary predicates). Logics because their
semantic is defined in a similar way to that used in logic.

Constructors are the logical constants (see definition 5.1) and some types of
quantifiers.

DLs generally offer the possibility to name (complex) descriptions, constraints
about the inclusion of concepts, and assertions of properties and relations between
particular objects (note the analogy with logic programming).

The subsumption algorithm permits us to detect the inclusion between concepts.
The definition of subsumption corresponds to the one in definition 8.1: concept D is
subsumed by concept C'iff every instance (i.e. particular case) of D is an instance of
C (for example, the man concept is subsumed by the animal concept).

DLs can also detect the (in)consistency (i.e. the contradiction (or non-
contradiction)) of the set of assertions and definitions. The consistency (or
inconsistency) of a set of assertions can be proved by exhibiting a model (or the
impossibility of constructing one), the method of semantic tableaux is a tool that is
naturally used to automate such a process.

DLs are closely related to modal logics (see section 10.3).

The syntax and semantics of DLs are defined using methods similar to those used
for FOL, which is normal as most DLs correspond to decidable fragments of FOL.

As for any automated inference problem, the trade-off between expressive power
and decidability (AND complexity of the decision algorithm) must be appropriately
resolved for DLs. U

8.3. Abduction

Aristotle viewed abduction as a specific kind of reasoning®. Much more recently,
C.S. Peirce (19th Century, beginning of the 20th Century) identified abduction as a
specific form of reasoning based on principles different from the standard principles
such as deduction and induction (see section 8.4). He used hypothesis, hypothesis
inference, abduction, and retroduction as synonyms.

6 Aristotle named abduction a syllogism in which the major was certain and the minor was only
plausible.



274  Logic for Computer Science and Artificial Intelligence

He acknowledged the utility of abduction, but also the difficulty of its theoretical
justification:

Now nothing justifies a retroductive inference excepts its affording an
explanation of the facts.

Sometimes it is formalized with the following rule (which is incorrect from the
point of view of deductive logic):

Abd - B a=p
a

« is an explanation of 3.

The intuitive reason why this rule is incorrect is clear. For example, we know that
flu causes fever, but when we have a fever, it can be due to another illness.

Peirce clearly showed the importance of abduction in scientific reasoning (giving
as a paradigm the discovery of Kepler’s laws).

We find fish fossils on dry land. We then suppose that, in the past, the sea used to
cover the land. This explanation (obviously not certain and not unique) is generally
added to a corpus of knowledge that attributes some weight to the explanation.

Abduction is analogous to what are called, in particular in mathematics, inverse
problems; these are ill-posed problems: theorems are formalized and we wonder what
axioms are necessary to prove these theorems (or we look for the parameters that make
a law true).

8.3.1. Discovery of explanatory theories

The context: we have a theory or a repository of knowledge at our disposal (set of
non-contradictory formulas, in particular, an empty theory).

We observe: particular events. Some objects have some properties or are related
to other objects, these are the positive examples; other objects do not have some
properties or they are not related to some other objects, these are the negative
examples.

The problem: generate hypotheses that enable us to explain the observations, i.e.
formulas from which the observations can be deduced.

This description corresponds exactly to the scientific work in natural sciences.
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The justification of the method for the discovery of explanations raises very
profound philosophical problems. There are considerable differences of opinion on
the essential characteristics of scientific explanation.

Notation:

C (also noted K): theory or knowledge on the domain of the observed facts.
E*: set of positive examples (e;r);
E™: set of negative examples (e; );

H: set of generated hypotheses.

8.3.1.1. Required conditions

We give the three following formulations A, B, and C, which represent the
conditions that are required of explanatory theories (as for the resolution method, O
means contradiction).

A:

HDKUE EO

% Satisfiability a priori

D KEET

% Necessity a priori

3) KUH E E*

% Completeness with respect to £+

HKUHUE EO

% Consistency with respectto £~

B (withE = E*):

HKUHEE

% The hypothesis explains the examples

2D)KUEF¥F-H

% The hypothesis is not in contradiction with the theory
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3)K¥FH

% The hypothesis is not redundant

HKEE

% The theory does not explain E (necessity of H)

C:

1) K HET, ie. C Hel for (atleast one) e € B+

% The observed facts cannot be explained by the theory alone
2) K HH

% H is not redundant

3) K UH Hre; foralle; € E~

% The negative examples (counter examples) cannot be explained by the
addition of H

4 KUH [=ef foralle] € BT

% The addition of H enables us to explain the observed facts

Condition (4), which is sometimes formalized by:

KUHUE*T¥ED
corresponds to what is known in philosophy of science as the coherence theory of
truth, of which one of the versions is: the truth of a (true) proposition consists in its
consistency with a given set of propositions.
REMARK 8.6.— The relation of non-logical consequence (¥) is used. Its treatment is

not simple in FOL, where the set of non-logical consequences of a set of formulas is
not recursively enumerable (if it were, FOL would be decidable). O

The following example shows some peculiarities of abduction (meaning that the
proposed explanations generally depend on the deduction strategy that is used).
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EXAMPLE 8.8.— (abduction and strategies). We wonder whether clause 6 given below
is a logical consequence of clauses 1-5. If this is not the case, what premises can be
added so that 6 becomes a logical consequence of the new set of premises?

It is trivial to verify that 6 is not a logical consequence of 1-5 (counter example:
{S,Q}, i.e. S and @ are interpreted to T and all other propositional symbols are
interpreted to F).

To discover the desired premises, we apply resolution with two different strategies,
which will lead to two different explanations.

7) =RV =SV P (1,1) - (2,2)
8§ RV P (7,2)—(51)

Explanation-1: R.

(We cannot deduce R because that would require to eliminate either ~U or =V
and -V, and all three of them are pure literals).

7y UV R (3,1) = (5,1)
8)-QvV UV P (7,2)—(1,2)
9)=Sv UV P (8,1)—(2,2)
10 -Uv P (9,1)—(51)
Explanation-2: U. O

EXAMPLE 8.9.— (conditional answers). In logic programming, abduction could be
used to give conditional answers when the program does not provide an answer.

Consider a program (often used as an example) that describes the characteristics
of some animals.

1) moves (x,flying) — bird(x) normal-bird(x);
2) moves (x,walking) — ostrich(x);

3) bird(x) — ostrich(x);

4) ostrich(john) —;

and we ask the question
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moves (john,y) ;

We give the execution tree:

moves(john,y);

1{y (—fw_ walking}

bird(john) normal-bird(john); ostrich(john);
. ‘|
ostrich(john) normal-bird(john); O

‘|

normal-bird(john);
The unconditional answer (i.e. the standard answer) is thus:
moves (john,walking)
The conditional answer would be:

if normal-bird (john) then moves(john,flying). (]

8.4. Inductive inference

It seems like no one found a trace of an induction problem before the second half
of the 17th Century. Induction seems to have been a problem forgotten in philosophy.

Now, the induction problem is unanimously recognized as an essential problem in
knowledge theory.

There is currently a wide consensus to the fact that the induction problem was
posed by the philosopher David Hume”.

Hume realizes that the information we have (that we receive, that impresses us) of
the world is made of little fragments about the present or the past, and this is the only
foundation that supports our general knowledge.

In other words, our data are made of particular facts.

Induction is a conjectural inference.

7 It should be noted that induction is already mentioned in the treatise “Logic: or, The Art of
Thinking”, published in 1662 during the emerging of probability theory: “We name induction,
when the search for many particular things leads us to the knowledge of a general truth”.
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Etymologically: to lead — inducere — to let in — to bring

The first questions that come to mind:

— how can we, starting from particular experiences, establish laws that go beyond
experience?

— can inductive inference be justified rationally?

These questions are very deep and habits often prevent us from analyzing them. If
we are asked whether the sun will rise tomorrow, we will probably answer: “of course,
as it has always been that way”.

But it is well known that it is delicate to make such generalizations, which
are sometimes correct and sometimes incorrect. The following example (given by
L. Euler (1707-1783)) shows what an incorrect inductive inference can be.

EXAMPLE 8.10.— (incorrect inference). We want to verify that, for 0 < n < 39, the
polynomial n?+n+41 yields the sequence of prime numbers 41, 43,47, 53,61, ... We
may believe that we have found a formula allowing us to generate all prime numbers
greater than 41. But this is only true for 0 < n < 39. For n = 40 we get: 402 +40 +
41 = 412, which is obviously not a prime number. t

Nevertheless, induction has an undeniable heuristic value, in mathematics, for
example L. Euler stated that most properties on numbers had been discovered starting
from the observation of examples and induction.

As the great mathematician Henri Poincaré said:

As in other sciences, mathematics can therefore proceed from the
particular to the general.

By noticing the analogies between recursion and induction, Poincaré said:

Induction applied to physics is always uncertain, because it relies on the
belief in a general order of the Universe, order that is outside of us. On
the contrary, mathematical induction, i.e. proofs by recursion, imposes
itself necessarily, because it is only the assertion of a property of the
mind itself.

It is necessary to point out an essential difference with deductive inference.
8.4.1. Deductive inference
Every A is a B

a is an A
a is a B
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The conclusion is a logical consequence of the premises, we make explicit an
information that was already in the premises.

8.4.2. Inductive inference

P(ay)

P(a,)

VaP(x)

The conclusion is not a logical consequence of the premises. We add information
to the conclusion that was contained in the premises:

— The justification of inductive inference is realized by an accumulation of
particular cases, thus, the conclusion is only likely.

— Some authors say: “an argumentation is inductively strong if the truth of the
premises makes the truth of the conclusion likely”.

There are also paradoxes.

8.4.3. Hempel’s paradox (1945)

A plausible principle is that logically equivalent hypotheses are confirmed with the
same degree by the same experimental data.

All ravens are black

Valraven(x) = black(z)]

is logically equivalent to:

All objects that are not black are not ravens
Yy[-black(y) = —raven(y)]

By the plausible principle mentioned above, the observation of a white horse
confirms the fact that all ravens are black! O

DIGRESSION 8.2.— (on inductive inference). The presentation of inductive inference
that has been made in section 8.4 is very concise and leads to the technique of inductive
hypotheses generation proposed in section 8.5. In fact, it corresponds to the opinion
of Aristotle who viewed induction as the act of getting from the particular to the
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general. This point of view is a bit restrictive and somewhat dated. Since the 17th
Century, and even more so since the axiomatization of probabilities by Kolmogorov
(1933), inductive and probabilistic methods have been closely relateds.

We may wonder what the differences are between induction and abduction
(see section 8.3). The boundaries between these two great classes of non-deductive
reasoning are not very precise. However, it should be noted that induction corresponds
to inferences in the context of uncertainty (the uncertainty of an event denoted by a
proposition P is defined as the probability of —P), whereas abduction corresponds
to a theorization (C.S. Peirce), i.e. to the imagination of a theory that is explanatory
for the phenomena that are observed and, if possible, predictive of new discoveries.
Probabilities provide clear foundations for induction but do not seem to be applicable
to abduction.

Leibniz was the first philosopher of probability and the first to note that this
theory could be used in an area of logic comparable to the theory of deduction. He
incorporated probabilities into his theory of knowledge and anticipated what is known
as inductive logic. He believed that the science of probability would become a new
sort of logic, an idea that was taken up by J.M. Keynes®, H. Jeffrey, and R. Carnap in
the 1920s. In this approach, it is accepted that there can be processes of non-deductive
illustration, meaning that there can be good reasons to believe that a proposition P
holds, without P being a logical consequence of other propositions. Carnap wanted
to define an objective (and syntactic, i.e. exclusively related to the language that was
used) measure of the degree up to which R is a reason for P.

By analogy with the notion of the proof of propositions that are logically necessary
(deductive inferences are necessary)!0, Leibniz proposed that the proof of a contingent
proposition!! P be an infinite sequence that asymptotically converges to P.

Inductive inference is ampliative (recall all the scientific discoveries that increase
the field of what is known). Deductive induction is explanatory. From a classical
point of view,12 it is considered as not bringing any new knowledge: all the knowledge
was already contained in the initial theory on which the inferences were carried out;
the inference makes them explicit.

8 It is worth mentioning, for example, that, in his work, R. Carnap aimed at clarifying the
concepts of degree of confirmation, inductive logic, and probability.
9 The economist who wrote a treatise on probability.

10 Mathematical induction (see section 3.3.2) is to be classified among the methods of deductive
inference.

11 Contingent: likely to be or not to be, to occur or not to occur.
12 Which is criticized by some logic philosophers.
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In other words, the information that is transmitted by deductive inference is void.
A possible explanation for this choice is that Py, Py, ... P, | Ciff PL A Py, ... A
P, = C'is a tautology, and that it is admitted that the information transmitted by a
wif (in a given language) is inversely proportional to the probability that the state of
the world that it describes corresponds to reality!3.

A more in-depth analysis of the concept of induction and the justification of
inductive inference poses extremely difficult problems to philosophers of science.
Several inductive logics (on which there is no consensus) have been proposed. J.M.
Keynes characterized an inductive logic as a logic that studies “logical relations
between two sets of propositions in cases where it is not possible to argue
demonstratively from one to another”.

We have mentioned in section 8.4 what is called induction by enumeration,
which must be distinguished from induction by elimination. Induction by enumeration
permits us, starting from a sufficient number of facts, to obtain an inductive
consequence (for example, all emeralds observed so far are green, therefore, all
emeralds, including those not observed yet are green). Induction by elimination
permits us, when enough alternate conclusions have been ruled out, to obtain an
inductive consequence. This second form can be viewed as related to the advice by S.
Holmes (see section 2.1.5.2) and to the usage of constraints (see section 9.2).

Some philosophers of science (in particular, K. Popper) defend the thesis that
induction does not have its place in science, which they view as a deductive process
based on hypotheses (theories) that scientists test using observable consequences.
They can be falsified or rejected or temporarily accepted. These criticisms are mainly
aimed at the forms of induction that have just been mentioned.

A form of induction that is frequently used is:

— the observed objects (i.e. the available evidence) that had property P also have
property ;

— by assuming that object a (that has not been observed yet) has property P;

— it is likely that a has property Q.

It is related to causal knowledge (laws of nature) and among the required
conditions we can note: C is a cause of E if Prob(E | C') > Prob(—E | C).

There exist different interpretations of the notion of probability!4, among which
the interpretation is known as logical or inductive (of which Carnap was the most

13 This choice is consistent with information theory and with the property: if A &= B then
P(B|A) =1
14 Although the axiomatization by Kolmogorov has become canonical.
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important defender), according to which every set of facts £/ uniquely determines the
probability of a hypothesis H and in which the conditional probability Prob(X | Y)
is considered as a quantitative generalization of the logical consequence between
propositions Y and X. The key notion in inductive logic uses the notion of
confirmation and provides a framework for induction: a piece of evidence E' confirms
a hypothesis H at the degree ¢(H, E) = %, where m is a probability measure
on the state of the world. The values ¢(H,FE) = 1 and ¢(H,E) = 0 correspond
to logical consequence and to incompatibility, respectively. ¢(H, E) > Prob(H),
(where Prob(H) is the a priori probability of H) is a confirmation permitting us to
learn from experience.

Proofs in such theories consist of the computation of the confirmation degree of
pairs premises—conclusion.

Research on inductive logic is still carried out by researchers in philosophy of
science, logic, and Al

Of course, principles that relate (or differentiate!5) the notions of deductive
inference and of confirmation or verification have been searched for. One such
example is the equivalence principle that was brought up in section 8.4.3 or the
implication principle: if A confirms B then A confirms all logical consequences of B.
But caution: if A is a logical consequence of C, then C' does not necessarily confirm
everything that is confirmed by A.

Imagine that the symptom denoted by proposition A is a confirmation that a patient
has illness (denoted by proposition) M, but that the absence of the symptoms denoted
by B and C allows us to reject the possibility that the patient has illness M. In other
words, A A =B A —=C does not confirm M, although A A =B A -C' | A. The
notion of confirmation is therefore non-monotonic (see definition 2.6). For this reason,
inductive inference and confirmation must respect the principle of total evidence that
imposes that all relevant evidence should be taken into account in each induction.

In the same way that we require deductive inference rules be correct (see definition
3.12), we may wonder how to distinguish good inductions from bad instructions,
or those that are reliable from those that are not. According to Hume, a formal
justification cannot be expected, as a deductive justification is impossible and an
inductive justification would lead to a circular argumentation. However, if it cannot

15 Jacques Bernoulli (18th Century) was one of the first to notice the difference between
deductive logic that is used in situations of certain knowledge and inductive logic, which is
necessary in the situations of uncertainty that are encountered in everyday life. He seems to be
the first one to have actually related probability to logic: he provided a numerical measure of
arguments and spoke of the “strength of a proof” or “degree of certainty”.
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be justified, how can inductive inference be trusted? The answer that seems better
adapted is that it is a probable inference. The law of large numbers that relates
frequencies to probabilities can be viewed as setting the foundations of inductive
inference (these laws are logical consequences of the axioms of probability theory and,
although in empirical situations, additional hypotheses may be used, the inductive part
of the reasoning depends on these laws that were established deductively). O

8.5. Generalization: the generation of inductive hypotheses

This is a fundamental problem. Generalization is one of the efficient ways of
obtaining knowledge of the world: to build a taxonomy, in learning, in causal
connections, etc.

DEFINITION 8.3.— (generalization). A formula G is a generalization of a set of
SJormulas F; (1 <i <n)iff G = F; for alli.

For example, the discovery of a clause that subsumes another clause is a
generalization. Subsumption is a weak form of logical consequence.

DIGRESSION 8.3.— Recent research in neurobiology and cognitive science has shown
the importance for intelligent behaviors (in particular, logical reasoning) of inhibition
mechanisms (of certain capabilities) that are used by the brain.

To make an analogy between the techniques presented above and the mechanisms
that are used by human intelligence, the inhibited capability in generalization would
be that of being able to distinguish details in the composition of sub-expressions. [l

Unification is useful in deductive inference:

P(a, f(y)) P(z, f(g(u)))
Ny v/ o mgu
P(a, f(g(u)))

the mgu o is the less instantiated unifier and is thus the greatest instance (i.e. the most
general, starting from the mgu, all other unifiers can be obtained).

Generalization is useful in inductive inference:

P(z, f(y))
/ N
P(a, f(c)) P(b, f())

Here, the useful generalization is the most instantiated generalization, and it is
therefore the smallest one, i.e. the least general; every other one can be reduced to it
by substitution.
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We may say that P(z, f(y)) explains P(a, f(c)) and P(b, f(b)).

Why are we searching for the least general generalization (Igg)? Because,
in principle, we can always generalize by replacing complex expressions by
variables. .. but this way of proceeding is too general and useless: the specificities
of the studied phenomenon are lost, together with the possibility of discovering an
interesting law relating its different particular cases.

DEFINITION 8.4.— (generalization of terms, literals, and clauses). (Note that this
definition respects definitions 8.3 and 8.1, because in the case of literals, it is
equivalent to requiring that G subsume F;, and we know subsumption entails logical
consequence (see exercise 8.1 (b)).

The lgg of a set of expressions is a generalization G4q such that for every other
generalization G, G is more general than G4, meaning that there exists a substitution
v such that G144 = 7G.

This concept can be applied to clauses. A clause C' generalizes a clause D iff C
subsumes D.

EXAMPLE 8.11.— The lgg of:

Fi: P(f(g(.-.) k() =, k(y))
and:
Fy: P(h(g(...), k(x)), z, k(z))
is:
F: P(y,z,k(z))
z & [Var(F1) U Var(F)]
o F =Fo0={z<yy< flg(..),k(y))}
ooF = Fy; 00 = {2z x,y + h(g(...), k(z))}

F': P(y,z,u) is also a generalization, but it is not 1gg, as F' = vF’ with v =
{u + k(2)} O

EXAMPLE 8.12.— Cy: {Q(z) vV P(g(h(...)),h(...))}
Co: {R(x) vV P(g(k(...), k(...)}

the 1gg of Cy and C} is:
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P(g(y),y)

y & [Var(Cy) U Var(Cy)). g

algorithm lgg;
input: two terms, two literals, or two clauses w; and wso
output: w = lgg(wy, w2)
begin
terms:
ewp: f(S1,...58n)wa: f(t1,...,tn)
w= f(lgg(s1,t1),..-,199(sn,tn))
® wy f(sla"'vsn) wa : g(tla"-atp)
if f #gand f(...),g(...) have not appeared before
% in particular f and g constants
then w = X (X: new variable)
else w = Y (Y variable that has already been generalized f(---) or g(---))
literals:
® Wy P(sl,...,sn) w2 _|P(t17...,tn)
w=_1
® Wi P(sl,...,sn)wg: P(tl,...7tn)
w= P(lgg(s1,t1),..-,199(sn,tn))
clauses:
® Wy {Ll,...,Ln}wg : {Ml,...,Mp}
w: {lgg(Li,Mj) | dL; € w, HM] € wa, lgg(Li,Mj) 75 L}
end

Figure 8.2. Generalization algorithm

EXAMPLE 8.13.— (explanation of concepts). An intelligent system has a knowledge
base K, represented by logical formulas (clauses), about a graph. This knowledge
was obtained from different agents (these agents may have used different names for
the same concept).

K:
1) edge(a,b)
2) edge(b, c)
3) edge(b,d)
4) VaVyVz. —edge(x,z) V —elempath(z,y) V path(z,y)
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The system interrogates its environment to try to find an explanation of the concept
of an elempath whose meaning it does not know, and obtains the following positive
and negative examples:

E+:
5) path(a, c)
6) path(a,d)

E~:
7) = path(c,a)

8) — path(d,c)
— We verify that KU E~ j=0.

All the consequences of K U E™ are:

9) = edge(c,z) V = elempath(z,a) (7,1) — (4,3)
10) = edge(d,z) V - elempath(z,c) (8,1) — (4,2

I
—
=

— The set of all consequences of K :

11) = elempath(b,y) V path(a,y) (1,1) — (4,1)
12) = elempath(c,y) VvV path(b,y) (2,1) — (4,1)
13) = elempath(d,y) V path(b,y) (3,1) — (4,1)

— The sets of consequences obtained are generally not finite. This example is a
particular case in which the formulas do not contain any functional symbol.

— We search for the additional hypotheses that permit us to obtain E* as a set of
logical consequences of the new knowledge base.

HIZ
14) elempath(b, c)
15) elempath(b, d)

(14) and (15) permit us (resolution with (11)) to obtain (5) and (6)

Even better (from the point of view of the explanation):
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H22

We try to produce clauses that relate known concepts to the concept we are trying
to explain (here, elempath) and from which the possible explanation that was already
obtained (H) can be deduced.

Candidates are:

- edge(a,b) V elempath(b,c) (resolution with (1) permits to obtain (14))
- edge(b,c) V elempath(b, c) (resolution with (2) permits to obtain (14))
- edge(b,d) V elempath(b,c) (resolution with (3) permits to obtain (14))
- edge(a,b) V elempath(b,d) (resolution with (1) permits to obtain (15))
- edge(b,c) V elempath(b,d) (resolution with (2) permits to obtain (15))
- edge(b,d) V elempath(b,d) (resolution with (3) permits to obtain (15))

The “best choice” seems to be:
= edge(b,c) V elempath(b,c)
- edge(b,d) Vv elempath(b,d)

Because it enables us, by generalization (see definition 8.4), to propose the
explanation:

- edge(x,y) V elempath(z,y)

which in English reads as: for all z and all y, if there is an edge from « to y, then there
is an elempath from z to y, or, simply put, every edge is an elempath.
8.5.1. Generalization from examples and counter examples

In the generalization of terms, counter examples could also be used.

EXAMPLE 8.14.— (taking examples and counter examples into account). We assume
given a signature (essential hypothesis) and examples: f (b, a), f(a,b), and f(a,c)

and counter examples: f(a,a) and f(c,c)
A generalization would be:

[, y) \{f (u,u)}

meaning: set of constant instances of f(x,y) such that  # y (note that a constraint
has been introduced). (]
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REMARK 8.7.— The given representation is an implicit representation of the set of
denoted terms, but does not give the form (structure) of these terms.

At least two questions arise:
— does there exist a finite explicit representation of denoted terms?

— is this representation computable?

EXAMPLE 8.15.— (of an explicit representation). If we consider the set of terms:

fla, )\ {f(a,u) v f(u,a)}

and we want to give an explicit representation for them, it is necessary to fix the
signature of the corresponding Herbrand signature.

S = {a,b, f*}

The set of terms

{a, b, f(a,a), f(a,b), f(b,a), f(b,0), [(a,f(a;a)),...}
has the following finite explicit representation:

{F,0) Vv f(f(2,y),0) vV £ (b, f2,9) V F(f2,y), f(2'9))}- U

EXAMPLE 8.16.— (where there is no explicit representation). The set of terms:
fl, ) \ S (w,u)}

does not have any finite representation on (for example) the signature:
Y= {a” g (1)}

The set of denoted terms is a proper subset (meaning that it does not contain the
framed terms in (x)) of the set of terms on signature 3:

{a,g(a),g*(a),...,g"(a),...} n €N

() { f@a) | f(a, g(a)), f(g(a), a).| (e(a).g@) | f(g*(a),a), ..} O

EXAMPLE 8.17.— (where the set of terms is empty). f(x,y) \ {f(u,u) V
J(f (u,v),w) V fw, fu,0)) V f(a, f(f(u,v),w))}

on signature ¥ = {a, f?}

denotes 0. O
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In the case in which an explicit representation can be provided, this information
can be used for a more precise treatment of negation as failure.

EXAMPLE 8.18.— (of a “more detailed” treatment of NAF). The program
pp(f(a)) — ;
qq(£ (X)) — not (pp(X)) 3
together with the question
qq(2);
will answer no.
Actually, we should obtain:
Z = f(a) VE(E(E(Y)))

(the complement of pp(f(a)) on the implicit signature ¥ = {a, fM} is pp(a) V
pp(f(fW))).ie. z=a V= [f(f(y))) O



Chapter 9

Problem Specification in Logical Languages

9.1. Equality

Equality is an extremely important! predicate (relation), in particular, in
mathematics, that has a meaning in every universe of discourse, which is not the case
for other predicates (for example, if P(z,y) has the intended meaning “x loves y”, it
would have no meaning if the universe of discourse was, say, N).

It seems natural to want to treat it using logics that we have already studied.
Imagine we have to prove the validity (or non-validity) of the equivalence:

(*x) z=yAg=zrx=yAy=2=2
—— —— —~—~
P Q P R

If propositional logic (PL) is used, using the names mentioned, we get P A () <
P A R, which is obviously a non-valid formula, but our experience with = tells us that
formula (x) is valid, and we want to classify it as such.

FOL would also fail (without any additional axioms) to capture the characteristics
of equality.

Equality has particular properties that we must make explicit.

There are formulas such as:

1 A philosopher of logic (W.V.O. Quine) wrote “There is still no entity, no set, nothing without
an identity”.
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Fy(R(y) A P(y)) = FyR(y)

that are valid when R is replaced by « = y or by any other predicate Q(z, y).
But the validity of the formula
P(z) A (z =y) = P(y)

depends on the semantics of =.

9.1.1. When is it used?
EXAMPLE 9.1.— There exists a unique element with property P:
i) 3z(P(x) AVy(P(y) = (z =y)))
or:
ii) xP(x) AVaVy(P(x) A P(y) = (x = y))
(1) and (i1) are often abbreviated
Nz P(x)
There are at least two objects with property P:
iii) Jz3y(P(x) A P(y) A (z #y))
There are at most two objects with property P:
iv) VavyVz(P(z) AP(y) AP(z2) = (z=y)V(y=2) V(x = 2))
There are exactly two objects with property P:
v) 323y (P(x) A Py) A (x # 4) AV2(P(2) = (@ = 2) V (y = 2)))
It is clear that:

(iii) A (iv) & (v)

9.1.2. Some questions about equality

1) Why is equality needed?
2) What is equality?

3) How can we reason with equality?
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9.1.3. Why is equality needed?

Since:
— everything is identical to itself and to nothing else.

— identifying a thing to itself is trivial and identifying it to something else is false.

Where does the need for and usefulness of equality come from?
From the fact that we allow different names for the same object.

(It is not the names that are identical, but the named objects).

9.1.4. What is equality?
Equality is an equivalence relation with the replacement or substitution property.
To formalize the equality between two objects, Leibniz expressed (Leibniz’s law)?2
Vavy((z =y) & VP(P(z) < P(y)))

Leibniz’s law is sometimes presented as the conjunction of the two following laws
(the first is the common law in mathematics):

VaVy((z = y) = VP(P(z) < P(y)))

Substitution principle (indistinguishability of identity)
VaVy(VP(P(x) < P(y)) = (z =y))

Indiscernibility principle (identity of indiscernibles)
(Leibniz’s law is not a wff of FOL).

Axiomatization of equality:
1) Va(x = x)

2)VaVy(z =y) = (y = z)
3) Vavyva((@ = y) A ly = 2)) = (@ = 2)
H VEVaVy(x = y) = (f(a,z,2) = f(a
5) VPVaVy((x = y) A P(

u,

2 Some authors have noted that it can be simplified: = =y < VP(P(z) = P(y)).
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where @ and Z, respectively, denote u1, . . ., U, and 21, . . ., z,, (0 < m, n) (Of course,
here we assume that f and P are of arity m + n + 1).

Note that (4) and (5) are not wffs of FOL (which does not allow for the
quantification of function or predicate symbols). Therefore, equality cannot be
defined in FOL, and of course, it cannot be defined in PL either.

However equality can be treated in FOL.

When treating formulas that contain equalities in FOL, the latter can be
axiomatized in this particular setting simply by noticing that in every wff of FOL,
there are finitely many predicate and function symbols. Formulas (4) and (5) can be
written for each of these symbols.

This means that we need to add:

WL arg, + 3257 arp, formulas,
where:
ny: number of functional symbols in the formula;
n,: number of predicate symbols in the formula;
ary,: arity of function f;; and
ary,: arity of predicate p;.

REMARK 9.1.— Equality can be axiomatized with (1), (4), and (5) (see exercises 9.1
and 9.2). U

EXAMPLE 9.2.— We want to reason on the set of clauses S below:
D) P(f(a),g(e))
2) 2P(f(x), 9(x))
3) fa) = f(b)
Hb=c
S)e=c

We add the clauses:

(recall that: PA@Q = R< PV -QV R)
6)r==x
No(x=y)Vy=ux)
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8 ~(z=y)Valy=2)V(z=2)
9) ~(x =2') V-P(x,y) vV P(a',y)
10) ~(y =y) vV ~P(z,y) vV P(z,y'
1) ~(z=2") v f(z) = f(2')
12) =(z = 2') v g(x) = g(2")

Of course, we could have written equality as an ordinary predicate with the prefix
notation: E(...,...), but we prefer the standard mathematical notation. O

REMARK 9.2.— Substitution seems natural, in fact it is natural for extensional
languages. This is not the case for non-extensional languages.

Consider the following sentence:

i) Michael knows that the sum of the first n odd numbersis 14+3+5+...4 (2 x
n+1).

The sentence:

ii) If Michael knows that the sum of the first n odd numbers is 1 + 3 + 5 +
...+ (2 x n + 1), then Michael knows that the sum of the first n numbers is
1+345+...+(2xn+1)

is trivially true (it is actually a tautology).
Furthermore,
i)l +34+5+...+(2xn+1)=n2

Using (iii) and substituting 1 +3 + 5+ ... + (2 x n + 1) by n? in (ii) leads to:

iv) If Michael knows that the sum of the first n odd numbersis 1 +3+5+ ...+
(2 x n + 1), then Michael knows that the sum of the first n odd numbers is n2.

...and what used to be a tautology does not remain so, because Michael may not
be aware of property (iii). O
9.1.5. How to reason with equality?

It is possible to handle equality by resolution, by axiomatizing it (see the following
section) or using the paramodulation rule (see definition 9.1).
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The following example shows that it is sometimes possible not to bother about
equality in the statement of some problems (here, a theorem). The way of proceeding
is the way used in logic programming (see Chapter 6), where a key technique is the
naming technique.

9.1.6. Specification without equality

EXAMPLE 9.3.— (a theorem in group theory, without =). We prove the following
theorem (see also example 9.13) by resolution:

If in a group G we have: Vx.2? = x, then G is commutative.

The associativity of an operation o is expressed by:

—_— —_—
VaVyVz. (zoy)oz =z o0 (yo 2)
———

By naming as indicated by the braces, we can express the associativity of o using
the predicate:

P(z,y, z): the composition of 2 and y yields z.
We thus express with clauses: zov =wiffuoz =w
VaVyVzVuVovw. Pz, y,u) A Py, z,v) A P(u, z,w) = P(z,v,w) (if)
VavVyVzVuVovw. P(x, y, u) A P(y, z,v) A P(x,v,w) = P(u,z,w) (only if)
Identity will be denoted by the constant e and the inverse of an element x by i(z).
The conclusion of the theorem (i.e. commutativity):
VaVyVz.P(z,y,z) = P(y,z, 2)

and its negation:
—(VaVyVz.P(z,y, 2) = P(y,x,2))
JrIy3Iz—(P(z,y, 2) = P(y,x, 2))

after Skolemization, we obtain two clauses:

P(a,b,c) AN=P(b,a,c)
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Proving the theorem therefore boils down to deducing 2 from clauses (1) to (9)
below:

1) =P(x,y,u) V -P(y, z,v) V =P(u, z,w) V P(z,v,w)
2) =P(x,y,u) V Py, z,v) V = P(z,v,w
3) Pe,z,x)
4) P(x,e,x)
5) P(i(x),x,e)
6) P(xz,i(x),e)
7) P(x,x,e)
8) P(a,b,c)

9) =P(b,a,c)

<
)
S
£

g

x
x

We shall use the hyperresolution rule without having defined it formally; it
corresponds to applying several resolution steps in one single step.

10) P(c,b,a)  (2,1) —(8,1);(2,2) — (7,1);(2,3) — (4,1)
{x +a,y«b,z+ bu+ c,v+ e,w+ a}

11) P(c,a,b) (1,1) = (7,1);(1,2) — (10,1);(1,3) — (3,1)
{x +cy+c,z+ bu+ e v+ aw<+ b}

12) P(b,a,c) (2,1)—(11,1);(2,2) — (7,1);(2,3) — (4,1)
{x +cy+a,z+ a,u+bv+ e, w+ c}

13)0 (12,1) — (9,1). O

9.1.7. Axiomatization of equality

Once it has been axiomatized, equality is a predicate like any other predicate,
and its definition can be incorporated by adding formulas to the problems that use
it, and then using the method of semantic tableaux or of resolution. The goal is to
extend these methods. Of course, here, extension means incorporating rules that take
the properties of = into account into these methods.

9.1.8. Adding the definition of = and using the resolution method

EXAMPLE 9.4.— We give a linear refutation by resolution, for the set of clauses S of
example 9.2:
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13)~(f(a) = ) V P(e’, g(e)) (11092 { ¢ f(a),y ¢ 9(c)}
14) P(f(b), g(e)) (13,D)-3 D {2’ + f(b)}

15) P(f(b),y") V =(g(e) = ¢') (14,1)-(10.2) {z + f(b),y + g(e)}
16) =(g(e) = g(b) (15,D)-2, D) {z < b,y < g(b)}

17) ~(e = b) (16,1)-(12,2) {z e, + b}

18) ~(e=y)V-(y=10) (17,1)-(8,3) {z < e,z + b}

19) =(c = b) (18,1)-3.1) {y + ¢}

20) ~(b = ¢) (19,1)-(7,2) {y + ¢,z + b}

21) O (20,1)-(4,1)

O

REMARK 9.3.— Equality is not handled by Prolog, in which it is possible to use the
predicate eq that can be evaluated (see exercise 6.10).

To convince oneself that the predicate does not correspond to equality, it suffices
to use the program (aa, bb, and cc denote constants):

eq(aa, bb) ->;

eq(bb, cc) ->;
and to ask the question:

eq(aa, cc);

The answer will be “false”, which does not correspond to the answer we would get
with the usual notion of equality (that was formally defined in section 9.1.4). O

REMARK 9.4.— Reasoning automatically with equality can be very difficult. If one is
interested in reasoning only on finite domains, problems can often be formulated in
such a way to avoid its occurrence, as shown in the following example. O

EXAMPLE 9.5.— We assume that there is a set of candidates to a set of available jobs,
and we want to express that there cannot be two candidates who get the same job.

The wff of FOL with equality (FOLE or FOL™) correctly formalizes the statement
of the problem.

() VaVyVaVw(R(z,y) A R(z,w) Ax # z = y # w)
where R(x,y) means: job y is given to candidate .

Once the number of candidates has been fixed, say Alice (a), Bob (b), Carrie (c),
and Daniel (d), we can express the statement (x) (with the objective of not having to
handle equality) with the six (i.e. C3) following clauses:
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Va-(R(a,z) A R(b, z))
Va-(R(a,z) A R(c,z))
Va-(R(a,z) A R(d, z))
Va-(R(b,z) A R(c,z))
Va-(R(b, z) A R(d, z))
Vz(R(c,z) A R(d, z)) 0

9.1.9. By adding specialized rules to the method of semantic tableaux

The following assertions are implicitly accepted in general, but deserve to be
restated:

— names (constants or terms without variables) denote an object that exists. This
assumption is necessary to be able to adopt the (quite natural!) point of view admitting
that a # a (i.e. =(a = a)) is contradictory;

— function symbols denote toral functions, i.e. if f is an arbitrary function symbol
and a is a constant, then f(a) = b, where b is a constant denoting an object that exists,
as recalled above.

RT:

If a branch B contains —(a = a) or =(f™(t) = f"(t)), where ¢ is an n-tuple of
closed terms: puta x in B.

R3:

For every constant (or term denoting a constant) and every closed formula, use
substitution (axioms 4 and 5 in the axiomatization of equality).

REMARK 9.5.— To avoid strategies that would artificially introduce non-termination,
we will require that the closed formulas produced by substitution do not already occur
in the branch (the same remark as for universal quantifiers). O

Do we need to add rules that handle symmetry and transitivity?

If it is possible to prove the validity of these axioms using R]” and R, then we
will have answered “no” to the question and we will be done with the extension of the
method of semantic tableaux incorporating equality3.

3 Of course, once the properties of symmetry and transitivity have been proved, they can be
used as if they were axioms.
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EXERCISE 9.1.— (symmetry of =). Prove, using the method of semantic tableaux
extended with RT and R3, the validity of:

VaVyle =y = y = x). O

EXERCISE 9.2.— (transitivity of =). Use the method of semantic tableaux extended
with RT and R to prove the validity of:

VavVyVz[(z = y) A (y = 2) = (z = 2)]. O

We can therefore extend the method of semantic tableaux with R and RY, and it
can be applied to FOLE (FOL™).

We easily obtain the procedure to do so (the added lines are preceded by =).
EXERCISE 9.3.— Use the method of semantic tableaux with equality to prove the
assertion of example 9.1, i.e. (iii) A (iv) < (V). O
9.1.10. By adding specialized rules to resolution

9.1.10.1. Paramodulation and demodulation

These rules were introduced to handle reasoning on clauses that contain literals
involving equality.

We first study the paramodulation rule. It permits us in one step to combine the
following operations:

— instantiation: replacement of variables by terms;

— replacement of equals by equals.

For example, if we have the two clauses (1) and (2) below:

1) f(z) =g(a) % recall: for all ©

from (1) we may deduce:

3) f(b) = g(a)

and, using (3) and replacing equals by equals in (2), we obtain:

2) g(a) =c

‘ Such deductions are performed in one step with the paramodulation rule.
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procedure SEMANTIC TABLEAUX WITH EQUALITY (FOL™)
% constructs the tree
input: a finite set of wffs of FOL= F = {f1,..., fn}
output: (if the procedure halts) models of F or F contradictory
% it may not halt (FOL~ undecidable)
begin
root of the tree <— F
while F # () and (there are open branches)
do
if a branch B contains 2 compl. c-literals close B
(i.e. puta x)
% the corresponding model is not viable
(=) apply RT
choose f; € F
if f; of the form [—] (F' [< connective > G )
% [ ...] : possibly non-existent
then apply rules o and 5: we obtain fZJ (1<5<2)
Graft f/ (1 < j < 2)in all the
open branches going through the node labelled by f;
F o F\{fi}
else if f; of the form 32G
then apply rule § and do F < (F \ {f;}) UGz « ]
% we use existential formulas only once
else if f; of the form VG then apply rule v and do
F — FUG[z <]
% we keep f; indefinitely
(=) apply Ry
enddo

if closed tree
then return F contradictory
else return the sets of literals of the open branches

end

Figure 9.1. Procedure (FOL™)
DEFINITION 9.1.— (paramodulation rule). We note:
L[t)y: term t occurs at position w in literal (or term) L.
L[t]: term t occurs at an unspecified position in literal (or term) L.

L[u <« t]: the literal (or term) obtained by replacing the term occurring at
position u by t.
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Consider two clauses C and D:

C: s=tv(,
D: LV D;
where:

L: a literal (in particular, an equality or the negation of an equality).
C4, Dq: clauses.

If L[r]y, and r = s admit a solution o, then the clause

o(Cy V Llu + t]V Dy)

is a paramodulant of C'in D.

EXAMPLE 9.6.— C: f(z,g9(z)) = eV Q(x)
D: P(y, f(9(y),2),2) V R(z)

o={z < g(y),z < g(g(v)}

A paramodulant of C'in D is the clause:

P(y,e,9(9(y))) v Q(g(y)) vV R(g(g(v)))- i

EXAMPLE 9.7.— Prove, using the paramodulation and resolution rules, that the set
containing the three clauses below is E-unsatisfiable (i.e. if the predicate =, denoted
here in infix mode as usual, represents equality).

) P(x,z, f(a), f(D))

2) =P(f(a), f(b),z, )

3a=b

4) P(z,x, f(a), f(a)) paramodulation of (3) in (1)

5) =P(f(a), f(a),z,x) paramodulation of (3) in (2)

6) O  resolution (4,1)-(5,1) {z4 + f(a),x5 + f(a)}. O

REMARK 9.6.— (reflexivity must not be forgotten). Although it is not necessary in
this example, when reasoning with equality, it is necessary to add the clause:

r=2x % recall: for all x

in order not to lose refutational completeness.
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Otherwise, it is impossible to prove by resolution and paramodulation that the set
of clauses {a # a} is contradictory.

If we add « = x, then, by resolution, we obtain O with {x + a}. O

EXAMPLE 9.8.— Prove, using the paramodulation and resolution rules, that the set
consisting of the four clauses below is E-unsatisfiable (i.e. S is unsatisfiable when =
is interpreted as the usual equality, see section 9.1.4).

1) PlayVa=1>
2) P(b)

3) Pla) V Q(0)

4 ~P(a) v ~Q(c)

5) P(a) paramodulation of (1) in (2)

6) Q(c) resolution (5,1)-(3,1)

7) —P(a) resolution (6,1)-(4,2)

8) O resolution (7,1)-(5,1). (I

Demodulation or rewriting or reduction uses equalities to replace terms by
“simpler” terms, we thus need complexity measures, and if, for example, we consider
brackets on the right as simpler, we orient the equality (x + y) + 2z = x + (y + z) as
(x+y)+z—=2+ (y+ 2).

The goal is to keep information in its simplest form, if possible a canonical form.
For example, a+0 — a. This, thus, corresponds to algebraic simplification (symbolic
computation).

EXAMPLE 9.9.— a) When considering the unit clause:

f(f (@) = g(z)
oriented into:

f(f (@) = g(x)
the clause:

P(f(f(a)),b)

is demodulated into

P(g(a),b) and removed.
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b) When considering the unit clause:
z+0==x
oriented into:
z+0—=2x
the clause:
P((a+0)+b,¢c)
is demodulated into
P(a+ b, c) and removed. O
DEFINITION 9.2.— (demodulation rule). We write:
L[t],: term t occurs at position w in literal (or term) L.

Llu « t]: is the literal (or term) obtained by replacing the term at position
u by t.

Consider the two clauses C' (unit, with equality as a predicate) and D:
C: s =t the demodulator
D: LV D,

where:
L: literal (in particular, an equality or the negation of an equality).
Dq: a clause.

If L|r]., and there exists a substitution o such that cs = r (matching instead of
unification),

then the clause
o(Lu « t] V Dy) that replaces D

was obtained by demodulating D with C.
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EXAMPLE 9.10.— (is demodulation complete?). The answer is no, as shown in the
following example:

S = {P(a)’ﬁp(b%a = f(c)vb = f(c)}

S is E-unsatisfiable, but a natural complexity measure would orient the equalities
f(e) = a; f(c) — band it would be impossible to derive a contradiction. O

EXAMPLE 9.11.— (what if = occurs in non-unit clauses?). The E-unsatisfiable set of
clauses (1) to (4) below shows that restricting the usage of = to its occurrences in unit
clauses is too strong a requirement (meaning that unsatisfiable sets of clauses are not
detected as so, and completeness is lost).

D) (c=d) Vv -Q(c)

2) g(c) # g(d) vV =Q(c)
3) (a=10)VQc)

4) g(a) # g(b) vV Q(c)

S is E-unsatisfiable, a result that is easily proved by resolution, by axiomatizing
equality with the technique that was already presented. We add:

5) =(a=1b)V (g(a) = g(b))
6) ~(c=d)V (g(c) = g(d))

and we obtain:
7)g(a) =g(b) vV Q(c) (3,1)—(5,1)
8) g(c) = g(d) v -Q(c) (1,1)—(6,1)
9N Q) (4,1)—(7.1)
10) =Q(c) (2,1)—(8,1)
IHo (9,1)—(10,1). O

EXAMPLE 9.12.— (demodulation: a canonical procedure?). The answer is no.
Consider the clause:

() Q(f(f(a,b),c))

and the set of demodulators:
D) f(a,b) = d
2) f(b,e) — e
3) f(f(,y), 2) = [z, [y, 2))

By using (1), (x) can be demodulated into:
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Demodulation Paramodulation
Uses substitution = idem
matching unification
= in unit clause not necessarily

demodulated clause removed

no removal

Figure 9.2. Paramodulation versus demodulation

i) Q(f(d,c))

By using (3), (x) can be demodulated into:

Q(f(a, f(b,c)))

and (2) into:

i) Q(f(a,e))

(i) and (#4) are two equivalent clauses, but one cannot be reduced to the other by

demodulation.

Figure 9.2 summarizes the differences between demodulation and paramodulation.

EXAMPLE 9.13.— (a theorem in group theory). If in a group G, Vx.2? = ¢, then G is

commutative.

A human would probably give a proof similar to the following (of course, o denotes

the operation in G):

yoyo(zoyoz)=yoe
—~— ~
e y
ZOyOZ:y
ZOozoyoz =120
Z0yoz Y
€

yoz=zo0y

Another human proof (using another strategy) could be:
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l)z=xzo0y
zoy=(roy)oy==xzo(yoy)=xoce=u=x
zo(zoy)=(zo0z)oy=eoy=zox
y==z0x

2)yox = (zox)ox=zo(xox)=z0e=2
hence ((1) and (2))

roy=youx

To give a proof by paramodulation, demodulation, and resolution, the group
axioms (which are implicit in the proof above) need to be written in clausal form,
and the conclusion must be negated:

Dflea)=z  %fay): zoy

2) f(z,e) ==

3) flgla),x) =e  %glx) 7

4) [z, g(z)) =e

5) f(f(z,y),2) = f(z, f(y, 2)) % o is associative

6) f(z,x)=e

7) f(a,b) # f(b,a) % neg. of conclusion and Skolemization

(~Vavy.fl,y) = (o) equiv. Tadyf(zy) = fly.a)] skol:
ﬁ(f(avb) = f(ba a)))

r==2 % not used in this example

Paramodulation of (5) into (6):
5) [(f(x5,5),25) = f(ws, f(ys,25))
6) f (w6, 25) = €
o ={we < f(xs,y5), 25 < fl@s,95)}

We obtain (after renaming the variables):

9) f(xo, f(yo, f(xo,y9))) =€
Paramodulation of (6) into (5):

6) f(xg,xg) =€
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5) f(f(@s,ys5), 25) = f(@s, f(ys, 25))
o ={z6 ¢ w5,y5 < 75}
we obtain:

fle z5) = f(as, f(xs, 25)),
Demodulation with (1):
1) fle.n) = o
o={x «+ z5}
We obtain (after renaming the variables):
10) f(z10, f(210,210)) = 210
Paramodulation of (9) into (10):

9) f(@o, f(yo, f(x9,40))) =€

10) f(x10, f(x10, 210)) = 210

o ={z10 = 9,210 < [(y9, f(29,90))}
The paramodulant is:

f(@g,e) = f(yo, f(zo,y0))
Demodulation with (2):

2) f(z2,€) = w2

o= {xs 29}

We obtain (after renaming the variables):

1) f(yi1, f(z11,911)) = 211
Paramodulation of (11) into (10):
11) f(y11, f(@11,911)) = 211

10) f(z10, f(%10, 210)) = 210

o = {z10 < Y11, 210 < f(T11,911)}
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The paramodulant is:

f(yn,xn) = f($11,y11)

We obtain (after renaming the variables):
12) f(y12, 212) = f(x12,912)

Resolution (12,1)-(8,1) o ={x12 < b,y12 + a}
13) 0. O

9.2. Constraints
The notion of constraint is very natural and appears in many different situations.

Compared with the other notions that have been studied, it is best related to
those of logical consequence and subsumption. For example, a theorem that holds
for groups is more general (i.e. is valid for more objects) than a theorem that holds
for Abelian groups that have the additional property of being commutative. If a
theorem holds with less constraints on its hypotheses, then obviously (monotony, see
exercise 3.13 ¢), it also holds with more of them (subsumption)#.

The premises of the theorem can be viewed as constraints and the conclusion as the
solution of the constraints (the conclusion holds under the constraints of the premises).
Every model of the premises (and maybe more) is specified by the formula in the
conclusion (equivalent to the logical consequence).

You have already been confronted many times with this notion in a concrete way,
for example, in the problem of coloring a graph with the constraint that this must be
done with three colors and that two nodes connected by an edge must not have the
same color (see example 9.19).

A constraint is a condition to satisfy. The domains (i.e. the sets of possible values
for the variables) give their names to the types of constraints. The most studied ones
are arithmetic constraints, Boolean constraints, constraints on strings, constraints on
trees ((dis-) equations on terms), and constraints on finite domains.

The main problems that arise are:
— satisfiability (does there exist a solution?);

— equivalence/implication between constraints;

4 Kolmogorov’s probability theory is also monotonic, in the sense that if B is a consequence of
A, then prob(A) < prob(B).
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— simplification;
— optimization.
DEFINITION 9.3.— A wff F of FOL of the form:
F: Nicicn R (i, ... xq,)
(oraset {R™(xiy,...,x;,) | 1 <i<n})
with Rz" in-ary predicate symbol
F is called a constraint.
Var(F) =V
Given a domain (set) D, the problem of finding a substitution:
c:V—D
enabling us to evaluate F to true is called the problem of constraint solving.

The projection of a constraint C on a set of variables V C Var(C) is a constraint
Cp withVar(Cp) =V, such that:

—if o is a solution of C, then o is a solution of Cp;

—ifdom(og) =V and o g solution of Cp, then there exists an extension of o to
Var(C) that is a solution of C.

The definition of a projection simply means: “we only deal with the subset of
constraints containing some given variables of the problem”.

The procedure PLC specifies the abstract interpreter that permits us to handle
clauses with constraints. We give a few examples on using constraints in a logic
programming language (Prolog 3).

EXAMPLE 9.14.— (logical connectives). Assuming that we do not have Boolean
constraints (although we do), we want to define the usual logical connectives (see
section 3.1) as arithmetic operations, using arithmetic constraints, and encoding T by
1 and F by 0:

not(X,Y) - {Y=1-X, 0<=X<=1, 0<=Y <=1 };

and(X,Y,Z) — {Z=X X Y , 0 <=X <=1, 0 <= Y <=1 };



or(X,Y,Z) - { Z=(X+Y)—X X Y , 0 <=X <=1, 0 <=Y <=1 };

implies(X,Y,Z2) — { Z=1—-(X x (1-Y)) , 0 <=X <=1, 0 <=

17}

equiv (X,Y,Z) — { Z=(1—X x (1-Y))) x (1—(¥ x (1-X))) ,

Problem Specification in Logical Languages

procedure PLC;

input:

A Prolog list: < C1,...,C, > of non-negative Horn clauses
(with or without contraints):

% Possibly Prog: <>

Ci:A;—Bij,...,B. | {Ri}(n>0;1<i<r)

A negative clause (with or without constraints) (the question):
Ques: Pp,..., P || {Q} (s >1)

% Possibly Ques: { Q }

output: (if the program halts)

O or no

begin

Res <+ < Pyp,...,Ps>;

X «— Pl;

while Res # O and Res # no

do

if exists j (take the smallest one among the untreated clauses)
such that (4; = X)UR; U Q has a solution ¢

[We memorize the other possible choices that we will return to
in case of failure AND of success]

then Res < 0 < B,... B} >o0< Res— <X >>

% o denotes list concatenation

% Application of resolution with some strategy

% We handle a stack: last in first out

X <« first literal in Res

else Res = no

enddo

end

Figure 9.3. Abstract interpreter for PL language with constraints

0<=X<=1, 0<=Y <=1 };

Of course, implies could have been written:

311
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implies(X,Y,Z2) - { Z=1 — X +X X Y, 0<=X<=1,0<=Y
<= 1 }; by either transforming the constraint or directly using the equivalence
(X=Y)e (X VY). O

EXAMPLE 9.15.— (pigeons and rabbits). An example that is frequently given to
illustrate constraints is the following.

Determine the X number of pigeons and the Y number of rabbits such that
together, they consist of 12 heads and 34 legs.

There is no need for a program, we ask the question:
{X+Y =12, 2xX+4xY =34},
the answer is:

(X=7 Y=5} O

EXAMPLE 9.16.— (at the restaurant). This program is probably the most famous
program that can be found among the examples of Prolog programs in the literature.

A person who must not eat more than a given number of calories during meals
wants to come up with the different menus that consist of, say, less than 10 calories.
A program that enables us to get all the menus is the following:

light-meal(e,p,d) — starter(e,i) main-course(p,j)
desert(d,k) {0<=i, 0<=j, 0<=k, i+j+k <= 10 };

main-course(p,i) — meat(p,i);
main-course(p,i) — fish(p,i);
starter (radish,1) —;

starter (pasta,6) —;
meat(veal,b) —;

meat (pork,7) —;
fish(sea-bass,2) —;
fish(tuna,4) —;

desert (fruit,2) —;

desert(ice-cream,6) —;

By asking the question:
light-meal(e,p,d);

The person will know what menus are possible with 10 or less calories per
meal. =
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EXAMPLE 9.17.— (magic squares). We want to arrange the numbers 1 to 9 in a square
in such a way that each row, column, and the two diagonals, all sum to the same
constant.

We note:

X1|X2/X3
X41X5/X6
XT7X8/X9

The program is empty and we ask the question:
enum (X)

(enum(X) enables us to enumerate the integer values of X that satisfy the
constraint):

enum(X1) enum(X2) enum(X3) enum(X4) enum(X5) enum(X6) enum(X7)
enum(X8) enum(X9)

{ X1#X2, X1#X3, X1#X4, X1#X5, X1#X6, X1#X7, X1#X8, X1#X9,
X2#X3, X2#X4, X2#X5, X2#X6, X2#X7, X2#X8, X2#X9,

X3#X4, X3#X5, X3#X6, X3#X7, X3#X8, X3#X9,

X4#X5, X4#X6, X4#X7, X4#X8, X4#X9,

X5#X6, Xb#X7, X5#X8, X5#X9,

X6#X7, X6#X8, X6#X9,

X7#X8, X7#X9,

X8#X9,

1<=X1<=9, 1<=X2<=9, 1<=X3<=9, 1<=X4<=9, 1<=Xb5<=9, 1<=X6<=9, 1<=X7<=9,
1<=X8<=9, 1<=X9<=9, X1+X2+X3=X4+X5+X6, X1+X2+X3=X7+X8+X9,
X1+X2+X3=X1+X4+X7,

X1+X4+X7=X2+X5+X8, X1+X4+X7=X3+X6+X9, X1+X5+X9=X1+X2+X3,
X3+X5+X7=X1+X2+X3};

{X1 =8, X2=3, X3=4,X4=1, X =5, X6 =9, X7 =6, ¥8 = 7,
X9 = 2}
{X1 =8,%x2=1,%X3=6, X4 =3,X =5,3X6 =17, XT =4, X8 = 9,
X9 = 2}

{X1 =6, X2=7, X3=2,X4 =1, X6 =5, X6 =9, X7 = 8, X8 = 3,
X9 = 4}
{X1=6,%x2=1,%X3=8,%4=7,%% =5, X6 =3, XT =2, X8 = 9,
X9 = 4}
{X1 =4, X2=9, X3=2,X4=3,X =5, X6=7, X7 =8, ¥8 =1,
X9 = 6}
{X1 =4, %X2=3,%X3=8,%4=9,%%=5,3X=1, X7 =2, X8 =17,
X9 = 6}
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{X1 =2,%X2=9,X3=4,%4=7,%%=5,3% =3, XT =6, X8=1,
X9 = 8}
{Xx1 =2, %X2=7,X3=6,X4=9, X6 =5, X6 =1, X7 = 4, X8 = 3,
X9 = 8}

EXAMPLE 9.18.— (the n-queens problem). The well-known n-queens problem
consists in placing n queens on an n X n chessboard in such a way that no two queens
attack each other. This problem is trivial to program. See also exercise 9.4.

We choose n=4.

The program contains no clause.

In the question, L; and C; denote the line and column in which queen 7 is placed
(1 <4 < n). For example, the first solution corresponds to:

R2

R4

R3

R1

% enumerate the solutiomns

enum(L1) enum(C1) enum(L2) enum(C2) enum(L3) enum(C3) enum(L4)
enum(C4)

% CONSTRAINTS: we begin by the size of the chessboard:

{1<= L1 <=4, 1<= L2 <=4, 1<= L3 <=4, 1<= L4 <=4, 1<= C1 <=4,
1<= C2 <=4, 1<= C3 <=4, 1<= C4 <=4,

% not on the same line or the same column:

Li#L2, Li#L3, L1i#L4, L2#L3, L2#L4, L3#L4,
Ci#C2, C1#C3, C1l#C4, C2#C3, C2#C4, C3#C4,

% not on the same \ diagonals:

L1$-$C1#1.28-$C2, 1.1$-$C1#1.3$-3$C3,
L1$-$C1#L4$-$C4, L2$-$C2#1.3$-$C3, L2$-$C2#L4$-$C4, L3$-$C3#L4$-$C4,

% not on the same / diagonals:
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L1+C1#L2+C2,

L1+C1#1.3+C3, L1+C1l#1.4+C4, 1.2+C2#1.3+C3, L2+C2#1.4+C4, 1.3+C3#1.4+C4};

% THE SOLUTIONS:

{11=4,C1=3,12=1,C2=2,13=3,C3=1,14 =2, C4 = 4}

{11 =4,C1=3,12=1,C2=2,13=2,C3=4,14-=3, C4

{11 =4, C1

1}

2,12=3,C2=4,13=2,C3=1,14=1, C4 = 3}

1t

2,l2=2,02=1,13=3,C3=4,14=1, C4 =3}

C4

2, L2=3,C2=4,13=1, C3 =3, 14

{L1 = 4, C1

{L1 = 4, C1

{Lli1=4,C1=2,12=2,C2=1,13=1,C3 =3, L4 =3, C4 =4}

{11 =4,C1=2,12=1,C2=3,13=3,C3=4,14

{11 =4, C1

1}

2,12=1,C€2=3,13=2,C3=1, 14 =23, C4 = 4}

Cc4

3t

2, C4 = 1}

4,12 =4,C2=2,13=2,C3=1,14=1, C4
4, 12 =4, C2=2,13=1, C3 =3, L4

{L1 =3, C1

{L1 =3, C1

{L1 =3,C1l=4,12=2,C2=1,13=4,C3=2,14=1, C4 =3}

{11=3,C1=4,12=2,C2=1,13=1,C3=23,14 =4, C4

{11 =3, C1

2}

4,12=1,C2=3,13=4,C3=2,14=2, C4 = 1}

2}
2}

{11=3,C1=4,12=1,C2=3,13=2,C3=1,14 =4, C4

{L1 =3, C1

1, 12 =4, C2=3,1L3=2,C3=4,14=1, C4

{Lt1=3,C1l=1,1L2=4,C2=3,1L3=1,C3=2,14=2, C4 =4}

{11=3,C1=1,12=2,C2=4,13=4,C3=3,14=1, C4

{11 =3, C1

2}

1, 12=2,C2=4,13=1, C3=2,14 =24, C4 = 3}

2, C4 = 4}

{11=3,C1t=1,12=1,C2=2,13=4,C3=23,14

{L1 =3, C1

3t

1, L2=1,C2=2,1L3 =2, C3=4,14=14, C4

{Ll1=2,C1l=4,12=4,C2=3,13=3,C3=1,14=1, C4 =2}

{L1 =2, C1

1t

4,12=3,C2=1,13=4,C3=3,14=1, C4 = 2}

C4

4, 12 =4, C2=3,1L3=1, C3 =2, L4

{11 =2, Ct

{11=2,C1=4,12=3,C2=1,13=1,C3=2,14 =4, C4 = 3}

{L1 =2, C1

1t

C4

4, 12 =1, C2 =2, L3 =4, C3 =3, L4

{Ll1=2,C1l=4,12=1,C2=2,13=3,C3=1, 14 =4, C4 =3}

{L1 =2, C1

3t

1, 12=4,C2=2,13=1, C3 =3, 14 =3, C4 = 4}

1, 12 =4, C2=2,13=3,C3=4,14=1, C4

{11 =2, Ct

{11=2,C1=1,12=3,C2=4,13=4,C3=2,14=1, C4 =3}

{11=2,C1=1,12=3,C2=4,13=1,C3=3,14 =4, C4

2}

{Lt1=2,C1=1,12=1,C2=3,L3=4,C3=2,14=3, C4 =4}

{L1 =2, C1

2}

3, 12 =4,C2=2,13=3,C3=4,14=2, C4 =1}

1, L2 =1, C2 =3, L3 =3, C3=4,14=4, C4

{11 =1, C1

{11=1,C1=3,12=4,C2=2,13=2,C3=1,14 =3, C4 = 4}

{11 =1,C1 =3,12=3,C2=4,13=4,C3=2,14

1}

Cc4

{Lt1=1,C1=3,L2=3,C2=4,13=2,C3=1,14 =4, C4 =2}

{L1 =1, C1

3, C4 = 4}

3, L2=2,C2=1, 13 =4, C3 =2, 14
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{Lt1=1,C1=3,L2=2,C2=1,13=3,C3=4,14=4, C4=2}
{11=1,C1=2,12=4,C2=3,13=3,C3=1,14 =2, C4 =4}
{11=1,C1=2,12=4,C2=3,13=2,C3=4,14-=3, C4 =1}
{11=1,C1=2,12=3,C2=1,13=4,C3=23,14 =2, C4 =4}
{Lti1=1,C1=2,12=3,C2=1,13=2,C3=4,14 =4, C4 =3}
{Lt1=1,C1=2,12=2,C2=4,13=4,C3=3,14=23, C4=1}
{11=1,C1=2,12=2,C2=4,13=3,C3=1,14 =4, C4 = 3}
O

EXERCISE 9.4.— Express the n-queens problem in PL, without using . Compare with
example 9.18. U

EXAMPLE 9.19.— (map coloring). The problem consists in coloring all the regions
of the map below with three distinct colors, in such a way that no two regions with a
common border are colored with the same color.

R2 R4

R1

R3 R5

R6

enum(R1) enum(R2) enum(R3) enum(R4) enum(R5) enum(R6)
{1<=R1<=3, 1<=R2<=3, 1<=R3<=3, 1<=R4<=3, 1<=Rb<=3, 1<=R6<=3,
R1#R2,R1#R3, R2#R3, R2#R4, R3#R4, R3#R5, R3#R6, R4#R5, R5#R6};

{R1 =3, R2=2, R3=1, R4 = 3, R6 = 2, R6 = 3}
{R1 =3, R2=1, R3=2, R4 = 3, R6 = 1, R6 = 3}
{R1 =2, R2=3, R3=1, R4 = 2, R6 = 3, R6 = 2}
{R1 =2, R2=1, R3=3, R4 = 2, R6 = 1, R6 = 2}
{R1 =1, R2 =3, R3 =2, R4 =1, R6E = 3, R6 = 1}
{R1 =1, R2=2, R3 =23, R4 =1, RE = 2, R6 = 1}

O
EXAMPLE 9.20.— We want to compute the minimum M of an expression E in a
fragment of the plane.

minimum(E,M) {1<=X , X<=3 , 0<=Y , 2Y$-$X<=3 , E=X$-$Y};

> enum(X) enum(Y) enum(E) minimum(E,M) outl(M) {1<=X , X<=3 , 0<=Y ,
2Y$-$X<=3 , E=X$-$Y};
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O

EXAMPLE 9.21.— (non-linear constraints?). Sometimes, they can be handled. The
Pythagorean theorem is one such example.

enum(Z)

{z
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0}
9}
0}
10}
8} (%)
6} (%)

, X =0}

enum(Y) enum(X) {Z*Z=X*X + Y*Y, 0<=X<=10, 0<=Y¥<=10, 0<=Z<=200}

In the constraints, we allowed triangles with collinear sides. To eliminate them, it
would suffice to add 1<= X, 1<=Y in the constraint to obtain the non-degenerate
triangles (those marked with (¥)) as solutions. O
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EXAMPLE 9.22.— (syntactic analysis). Grammar rules:
S—c
S — aSh
S — eSd
The program:
Word(u) — {u="c"} ;
Word(u) — Word(v) {u="a".v."b"} ;

Word(u) — Word(v) {u="e".v."d"} ; (]

EXAMPLE 9.23.— (scalar product).

scalprod(<>,<>,0) ->;
scalprod(<a>.X, <b>.Y, utaxb) -> scalprod(X,Y,u);

scalprod(<2,2>,X,14) scalprod(X,<1,5>,23);
{X = <3,4>}

where <> denotes a tuple, i.e. a tree whose root is labelled by <>.

<TG, Ty > < >
e p
Zo ... In
(]
EXAMPLE 9.24.— (palindrome on strings). pal(<>) —;
pal(v) — pal(u) {v=<a>.u.<a>}; O

EXAMPLE 9.25.— (reverse on strings). List y is the reverse of list x if their
concatenation is a palindrome:

(uses the following property: the length of the list resulting from the concatenation
of a list and its reverse is always an even number)

reverse(x,y) — pal(u) {u=x.y, x::m, y::n, m=n };

x::mmeans: “the length of string = is m”. (]
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EXAMPLE 9.26.— (in a database). (Example given by K. Marriott and J. Stuckey)

A firm wants to reward the faithful employees (defined as those who have stayed
at least 10 years in the firm). The part of the database involved with this problem is
the following:

works (T,empl3,workl,deptl)
works (T, empl3,work2,deptl)
works (T, empl3,work3,dept3)
works (T,empl4,workl,deptl)
works (T,empl2,workl,deptl)
works (T,empl2,work?2,dept3) {1992 <=T <= 1995};
works(T,empl2,work4,dept4) {T =1996};

works (T,empll,workd,deptd) — {1980 <=T <= 1996};
faithful-employee(X) — works(T1,X,Z,U) works(T2,X,V,W)
{10<=T2-T1};

{1985 <= T <= 1987};
(T = 1988};

{1989 <= T <= 1996}
{1994 <= T <= 1995}
{1988 <= T <= 1991};

A

Nb: in general, when there are variables we are not interested in (such as Z, U, V,
W in the question), we have the possibility of replacing them by _ so as not to choose
names for them.

Question: faithful-employee(X);
Answer: {X = empl3} {X = empll}. O

REMARK 9.7.— The substitution { N=0, M=ss(K), K=ss(K) } in the answer to
question 2 in the table, corresponds to the generation of an infinite, rational tree (no
test for cycles in the unification algorithm, see exercise 4.1). U

9.3. Second Order Logic (SOL): a few notions

During the 19th Century and up to the 1910s, in the formal systems used by
logicians—mathematicians (Frege, Zermelo, etc.), the usage of higher-order quantifiers
(for example, on sets) was common. Formulas and proofs of infinite lengths were also
permitted.

It is only during the 1920s (in particular, thanks to Skolem and Hilbert) that FOL
started being particularly important.

Using higher-order seems natural because we may wonder “why should we limit
the expressive power of the logic we are using?”, i.e. the nature of the objects that can
be quantified.
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The answer is clear when we take into account the properties of the logic under
consideration, other than its expressive power, e.g. existence of denumerable models,
semi-decidability, compactness, and completeness, which are useful, in particular, for
its automation.

FOL enables us to express many things, in particular, in mathematics, and it has
“nice” properties, but some common concepts such as infinite sets, finite sets, well-
ordered sets, continuous functions, etc. cannot be expressed in FOL.

SOL (and more generally so-called higher-order logics) enables us to express these
concepts and has (have) another characteristic which is that it (they) can greatly reduce
the length of proofs of a lower order (for infinitely many formulas).

The notion of expressivity or expressive power corresponds to the models that
the formulas of the logic under consideration a to characterize in an exclusive way
(meaning some models and they alone).

Characteristic: explicit quantification on predicates and functions.
Advantage: greater expressive power.

Disadvantage: we lose some of the interesting properties of FOL: Lowenheim—
Skolem, compactness, and completeness.

We give a few examples that show its usefulness.
EXAMPLE 9.27.— Leibniz’s law (see section 9.1). O
EXAMPLE 9.28.— (see also example 9.28).

The induction axiom, intensional version:

VP((P(0) AVxz(P(z) = P(succ(z))) = VyP(y))

The induction axiom, extensional version:

VS.if[S CNand0 € S and (if n € S then s(n) € S) ] then S = N. O

EXAMPLE 9.29.— §'is a well-ordered set (meaning that every non-empty subset has
a least element):

VSdx(x € S = Fy(ly € SAVz(z € S =y <2z))

This property is expressed in weak SOL with successor, which is decidable with
a non-elementary complexity, meaning that for any decision algorithm and integer k,
there exist formulas of length n such that the decision requires
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2’7l
2 } k units of time. O

EXAMPLE 9.30.— (torsion group). This example is often used to show the limits of
the expressive power of FOL.

An Abelian group G is a torsion group iff every a € G has a finite order, i.e.
In > 1.a™ = e (¢ denotes the identity in G).

It can also be defined as follows:

VX e P(G)x e X AVy € X.(zoy) € X] = e € X (P(G) denotes the set
of subsets of G.)

Or, using an infinitary logic (i.e. that allows formulas of infinite length):

Vzr =efVval=eCvad=ef V... O

EXAMPLE 9.31.— (finite set). We first show that the property of being finite
(finiteness) cannot be expressed by a set of wffs of FOL whose models would
exclusively be finite sets (obviously of any arbitrary cardinality).

To prove this impossibility, we prove that if such a set of wffs of FOL existed, then
it would also admit infinite models.

Assume that 3, a set of wffs of FOL, has finite models of arbitrary cardinalities.

Consider the formulas of FOL that specify that there exist at least n (distinct)
elements (see also theorem 9.1):

On: Ay, Fxn () F o ATy A 23N ATy F Tp)
where the conjunction contains n(n — 1)/2 disequations.
We define the set ¢ = X J{¢, | n € N}.

It is clear that the set ¢, = X |J{en | n < p, p € N} is a subset of ¢ and is
satisfiable (as 3 admits models of all cardinalities and ¢,, has a model of cardinality
at least p).

This property holds for all p, hence, as every finite subset of ¢ is satisfiable, by
the compactness theorem for FOL (see theorem 5.8), the infinite set ¢ also admits a
model. This model is infinite (See also the proof of theorem 9.1.).

However, a model of a set of formulas is a model of all its formulas; hence,
the infinite model of ¢ is an infinite model of 3. Therefore, ¥ cannot exclusively
characterize finite sets. (]
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However, it is possible to express finiteness in SOL. According to Dedekind’s
definition, a set is finite iff there is no bijection from this set onto one of its proper
subsets. In other words, F is finite iff every injective function £ — F is onto (this
is not the case, e.g. for N, with f/:N — Nand f(z) — 2 x x).

We propose three translations.
The first translation:

VI(Vavy((f(z) = f(y) = (x = y)) = YazIy(z = f(y)))

The second translation (there are only quantifications on predicate variables):

VF( (Vz3lyF(z,y) A VaVyVz((F(x,2) AN F(y,z) = (x =y)) =
—_———
F is a function F injective

VryF(y, r))
N————

F  onto
with:

ValyF (z,y): VaIy(F(x,y) A BzF(z,2) = (y = x))

The third translation, “the set whose members have property P is finite” (see also
exercise (5.1 n)):

—3f [VaVy(f(z) = f(y) =z =y) A Va(P(x) = P(f(v))) A

[ injective domain = codomain

Fy(P(y) AVa(P(z) = f(z) #y))] o

f not onto

EXAMPLE 9.32.— (infinite set). Dedekind’s definition is sometimes presented for
infinite sets.

A set E is infinite iff there exists an injective function with domain F, whose
codomain is a proper subset of £

AL FVuz# f(u) A Vavy((z #y) = fz) # f(y)]- U

codomain f C domain f f injective

EXAMPLE 9.33.— (infinite set-2). A set is infinite iff it is the domain of a total,
transitive, and irreflexive relation:

Yoo AX[NVuVOVw(X (u,v) A X(v,w) = X(u,w)) A Vu-X(u,u) A
VudvX (u,v))) O
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EXAMPLE 9.34.— Sometimes, the pigeonhole principle is formalized by the formula:
VEVIN =P 3A€ [P(N)]o Ji<k Vje Af(j) =i
where [P(N)]s denotes the infinite subsets of N
and Py, the following subset of N: {0,1,...,k — 1}

Graphically, this principle can be represented by:

-N»—-Ox:u

______________ classical pigeonhole

O

EXAMPLE 9.35.— In natural language, Victor Hugo had all the qualities of a great
writer:

VX (Vy(G(y) = X(y)) = X (hugo))
X (y): y has quality X.

G(y): y is a great writer. O

9.3.1. Syntax and semantics
For the sake of readability, we only present what needs to be added to FOL.

9.3.1.1. Vocabulary
— Predicate variables { X", X732, X5, .. .}

— Function variables { F|"*, F5'2, F3'%, .. .}.

(in FOL, we only have variables denoting individuals)
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DIGRESSION 9.1.— (variables 3)3. In this context too, variables can be replaced
by other symbols (syntactic objects) and do not denote quantities that vary (as in
mathematics and physics). D

9.3.1.2. Syntax

— Atomic formulas can be constructed using predicate and function variables.
—If pis a wif, then VX" ¢, 3X" ¢, VF"" ¢, AF" ¢ are also wifs.

9.3.1.3. Semantics

Consider a structure M =< D, F,’R > and an interpretation Z:

— the interpretation assigns to F;** a function D" — D in F;

— the interpretation assigns to X" a relation R™ C D™ in R;

- M =1 VF" @ iff for all n;-ary functions f in F, M }=1 @[F;"" | fl;

- M =z JF" ¢ iff there exists an n;-ary function f in F such that M |=1
e[F7 | f;

- M =7 VX" iff for all n;-ary relations R in F, M =1 ¢[ X" | R];

- M =z 3X [ iff there exists an n;-ary relation R in F such that M =1
e[ X7 | R]. O

The compactness theorem (see theorem 5.8) no longer holds in SOL:

THEOREM 9.1.— (non-compactness of SOL). There exists an unsatisfiable set of wffs
in SOL only containing finite subsets that are satisfiable.

PROOF.— Givenn € N (n > 2), consider the formula corresponding to the proposition
there exists at least n objects:

On: 1, e (1 A2 AT A XT3N Ty F Ty)
where the conjunction contains n(n — 1)/2 inequalities.

It is clear from the intended interpretation that each ¢, is satisfiable in models
with universes D of cardinalities at least n (in particular, ,, is satisfiable in infinite
universes) and unsatisfiable in universes D with card(D) < n.

Consider the set:

St {9027@37"'}

5 See also digressions 3.3 and 5.2.
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S is not finitely satisfiable. Indeed, assume S is finitely satisfiable. Consider a
universe D such that card(D ) = n, in which S is satisfied, i.e. that all the formulas
in S are satisfied. But there are infinitely many formulas in S that are falsified in D:
all the formulas ¢, ; for j > 1. Contradiction.

We now consider the set Sy, = {—¢u0, P2, 3, ...}

where ¢ is defined in example 9.33, S,,. is clearly unsatisfiable.

Every finite subset of .S, is satisfiable, because every {—¢uo, 02,3, .., ©n}

(n € N)and {¢;,...¢;} (i,j € N) admit finite models (it is not contradictory to
admit finite models and not to admit any infinite model).

The set S, therefore proves the theorem. O

EXAMPLE 9.36.— Specify that a graph is three-colorable, i.e. that we can color all the
nodes of the graph with three colors in such a way that two nodes connected by an
edge are not colored the same way.

3C13C3CVz[(Cr (z) V Co(z) V Cs(x)) AVy(A(z,y) = —(Ci(x) ACi(y)) A
=(Ca(x) A Ca(y)) A =(Cs(x) A Cs(y)))]

Ci(z) (1 <4< 3): node x has color i

A(x,y): there is an edge between nodes 2 and y. 0
EXERCISE 9.5.— (Skolemization and equivalence) (see section 5.5.1.1.).

Prove the equivalence:

VadyFz, y] < IHVeF|x, f(x)]

where F'[z,y| denotes a wff of FOL only containing variables in {z, y} and f a
function symbol that does not occur in F'[z, y]. O

EXERCISE 9.6.— Give models of the following formulas:
a) VP(3xP(z) = 3z(P(2) AVy(P(y) = =R(y, 2))))
b) VC((FxC(z) A VuVy((C(u) A A(u,y)) = C(y))) = VzC(z))
¢) ACTx3y(C(z) A ~C(y) AVuvo(C(u) A A(u,v) = C(v)) O



Chapter 10

Non-classical Logics

In the following sections, we shall present some of these logics. The study can be
partially based on the notions that were introduced in the previous chapters.

As usual, the presentation will contain motivations, historic landmarks,
applications, similarities, and differences with what is already known, and finally
indications on how to reason with these logics.

A common feature of these logics is their philosophical origin, which can be
explained as a return to the roots: analysis of discourse in natural language, of what
is true, what is false, what is neither true nor false, what is necessary, what is
contingent, etc.

10.1. Many-valued logics

One of the first conventions that we adopted in the study of logic was to state
(in accordance with mathematics) that a reasoning is correct if and only if it is
impossible for the premises to be true and the conclusion to be false. But common
sense shows that things are not that simple, when we want to begin the analysis before
any simplification choice has been made.

Indeed, among the syntactically correct sentences, those we are interested in are
declarative sentences and more precisely propositions (i.e. the sets of declarative
sentences that are synonyms).
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There are declarative sentences that are never assigned truth values, for example,
Honesty is beautiful

whose meaning can only be metaphorical. Others such as
The robot is in the room

can sometimes be true and sometimes be false. ..

The study of many-valued logics, which we shall also refer to as p-valued logics
or n-valued logics (implicitly stating that p, n > 3), originated, similar to many other
subjects, with the work of Aristotle, who considered the future contingents (see section
10.3), i.e. what may or may not occur. The example considered by Aristotle was the
proposition:

There will be a sea battle tomorrow.

which is neither true nor false (today) and suggests a third truth value. Lukasiewicz
(following Aristotle) believed that if we do not accept that declarative sentences about
the future are neither true nor false, then we have to accept fatalism (philosophical
doctrine according to which all events are predetermined by fate).

Some historic landmarks:

— during the Middle Ages, little research on the topic;

— end of the 19th Century and beginning of the 20th Century: they are definitively
accepted;

— some important names: MacColl, C.S. Peirce (around 1909), N.A. Vasil’ev,
Fukasiewicz (starting in 1920), and Post (starting in 1921);

— three-valued logics have been particularly studied;

— there exist co-valued logics (infinitely-valued logics), in particular, the Ly, logic
(see section 10.2).

The introduction by FLukasiewicz of p-valued logics was preceded by some
profound philosophical considerations.

According to historians and philosophers of logic, two principal origins of
p-valued logics seem to have been:
1) the theory of contradictory objects, that states the existence of objects having

contradictory properties. It seems like Lukasiewicz believed that non-contradictory
objects did not exist;

2) (for three-valued logic) the notions of (non)determinism, causality, free
will, etc.
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Lukasiewicz studied the problems of induction and probabilities seriously. In
his first papers, the logical values depended on the finite number of considered
individuals, for example:

To 22 = 1, we assign value 2/3 in the universe {—1,0,1}

To 2% = 1, we assign value 2/5 in the universe {—2,—1,0,1,2}

We reduce the algebraic formalizm to a minimum for the treatment of p-valued
logics. The adopted formalization is sufficient for our needs and can easily be
generalized.

Using logics with three truth values can cause the loss of powerful techniques such
as the law of excluded middle. For example, the following reasoning:

P=qQ
-P=R
QVR

is not a correct reasoning in three-valued logic.

EXAMPLE 10.1.— A finer analysis of programs can be performed with a three-valued
logic than with a two-valued one.

For example, if p and ¢ are Boolean conditions and f and g are functions ((p —
f+q — g, h) means: if p then f else (if ¢ then g else h)):

P q |(p — f,q — g, h) computes
TT [
TF ¥
FT g
F F h

It seems obvious that the programs (p — f, f) (meaning if p then f else f) and
f are equivalent; however, whereas f always computes f, we can imagine that, for
example, p : (1/x) < 3, and as variable x is real, it can take the value 0, which yields:

p|(p— f,f) computes

T f

F /

1 1 O

DEFINITION 10.1.— (truth functional (extensional) connective). A binary connective
© is truth functional iff the truth value of A ® B only depends on the truth values
of A and B (i.e. a truth table can be provided for ®). A logic is truth functional iff
all its connectives are truth functional. Truth functional connectives are also called
extensional connectives (see definition 2.3).
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DEFINITION 10.2.— (n-valued logic). If £ is a formal language generated by
propositional variables and connectives, N C N, N = 0,1,...,n— 1 is a finite
set of truth values and D C N is a set of distinguished values, then L =< L, N, D >
is an n-valued logic.

We can take an infinite set for N (see definition 10.3).

REMARK 10.1.— One fundamental characteristic that is shared by classical and many-
valued logics is truth functionality. (]

We shall present the most commonly used three-valued logics, that is, those of
Lukasiewicz, Kleene, and Bochvar.

Lukasiewicz’s L3 logic (1920)

Basic principle: being able to handle contingent futures. To do so, he introduced
the intermediate value 1/2.

The connectives are defined with the following tables:

P |-P
01
1/2[1/2
110
=10 [1/2]1]
0111
1/201/2] 1 1
110 (1/201

the other usual connectives are defined as follows:

aVi:(a=p)=p
aAB:—=(-aV-p)
asfi(la=P0)ANB=a)

which yields:
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Afo[1/2] 1 |
0ofofo]o
1/2[01/2(1/2
1{oj1/2| 1

S0 1/2) 1|
0|1 1/2[0
1/2| 1 [1/2
1]01/2/1

—_
~
DO

DEFINITION 10.3.— (interpretation, valuation).

— An interpretation (valuation) is an application:
set of wffs — {0,1/2, 1} that respects the truth tables above.

— A tautology or valid wif is a wff that takes the value denoted by 1 (or a value
in D) for every interpretation.

For general p-valued logics, we must consider N instead of {0,1/2,1} and
D instead of 1.

What changes and what does not:

| P |=P|PV =P|P\—P|=(PA=P)P < =P|P = P|
01| 1 0 1 0 1
1212 1/2 | 1/2 1/2 1 1
1o 1 0 1 0 1

P Vv —P: tautology in CPC (Classical Propositional Calculus), non-tautological
in L3

—(P A —P): tautology in CPC, non-tautological in L3
P < —P: contradiction in CPC, satisfiable in L3

P = P: tautology in CPC, tautology in L3

A formal system for this logic:

Sr, = {L3, R, A}, with:

L3 =Ly % i.e. it is the same as for S

R ={MP}

A
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3L1) A= (B=A)

3L3) (-B=-A)= (A= B)

)
3L2) (A= B)=((B=0C)=(A=0))
)
3L4)

(A=-A)=A4)=A

REMARK 10.2.— In L3, the deduction theorem (see remark 3.14) does not hold. [

The truth tables could have been established the following way:
v(=A) =1—-v(A)
v(AV B) = max{v(A),v(B)}
v(A A B) = min{v(A),v(B)}

1 if v(A) < v(B)
v(A=B) = { 1— o(A) + o(B) if v(A) > v(B)
or:
1 ifu(A) <vu(B)
v(A=B) = {U(B) it v(A) > v(B)
Sometimes, the latter is expressed as:
v(A = B)=min{l,1—v(A) +v(B)}
v A B)=v(A=B)A(B=A)=1-|v(A) —v(B)|
1 ifu(A) =v(B)
v(A e B) = { < 1ifo(A) # o(B)
These last definitions naturally lead to considering n-valued logics with n > 4, in
particular co-valued logics. ]

Kleene’s three-valued logics (1938 and 1952)

Basic principle: give a value that means undecidable (and not an intermediate
value) to the mathematical assertions that are true or false, but cannot be proved or
refuted.

REMARK 10.3.— This principle is not respected by the laws of excluded middle
and of non-contradiction. Doing otherwise would lead to the non-respect of truth
functionality. For example, we would assign true to p V —p. Assume the value of
p is 1/2 and that —p is replaced by —¢ with the same truth value, then the value
of pV ¢ is...1/2, because =1/2 = 1/2 (table for =) and 1/2 vV 1/2 = 1/2
(table for V). U
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In so-called strong logic (1938) we assign the value ¢ when the values O (false) and
1 (true) are not sufficient to conclude (same principle as in Lukasiewicz’s L3).

=0i]1]
0111111
7 il
11(0/7/1

1|0
[t

0
1
7
0
oli]1]
1
7
0lz(1

»—ls.o@

The other truth tables are the same as in L3.

In so-called weak logic (1952), the occurrence of value ¢ in a sub-formula forces
the formula to also have value 7.

Bochvar’s three-valued logic (1938)

Basic principle: try to eliminate paradoxes, such as
This sentence is wrong.
(It is true if it is false, false if it is true)

Similarly to Kleene’s weak logic, if a sub-formula has value ¢, then the formula
also has value <.

For Bochvar, a proposition can be significant (it is true or false) or without
signification (a paradox). He proposed two types of connectives: the internal
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connectives and the external connectives. The connectives we are interested in here
are the former, whose truth tables coincide with Kleene’s weak connectives.

Paradoxes are not eliminated:
This sentence is false or undetermined.

(It is true if it is false or undetermined, it is false or undetermined if it is true.)

10.1.1. How to reason with p-valued logics?

We show in the following example how to extend the method of semantic tableaux
for classical logic (see section 3.2), to handle p-valued logics (p: finite). The method
is general of course, as will be evidenced by the example.

In classical logic (two-valued), the method of semantic tableaux enumerates all the
models (partial models in FOL) of a finite set of formulas S. When it is not possible
to construct any model, we conclude that S is unsatisfiable (see section 3.2).

10.1.1.1. Semantic tableaux for p-valued logics

We consider L =< L£,N,D > and a set of symbols that do not belong to the
vocabulary of £ : ag,a1,a9,...a,—1. These a;,0 < i < n — 1 will be used to
indicate the n truth values of the (sub-)formulas in the tableau.

We discover the new method by analogy with the analogy for two-valued logic.

two-valued logic:

1) We are interested in the interpretations v such that v(X) = 1 (i.e. true).
2) Branch B is closed iff P € B and =P € B for P (in X): atomic.

3) X is valid iff tableau closed for =X

p-valued logics (p > 3):

1) We are interested in the interpretations v such that v(X) € D.

2) Branch B is closed iff either a;(P) € B, a;(P) € B fori # j and P atomic or
B contains a formula on which no rule can be applied.

3) X valid iff the tableau is closed for all a;(X) with j € (N — D), meaning that
X cannot be evaluated to a value that is not distinguished.

EXAMPLE 10.2.— (N. da Costa). In this example, we show how to adapt the method
of semantic tableaux to p-valued logics. Although this is only an example, it is clear
that the method can be applied for any finitely valued logic.
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Given the following truth tables for connectives -, = A, and V in a three-valued
logic, with distinguished values D = {0, 1}.

P|—P

o~ O >
N O OO
N O Ol
NN BO| b

In each truth table, the leftmost column corresponds to all possible values of the
argument on the left-hand side of the connective (named X below). The first line
corresponds to all possible values for the argument on the right-hand side of the
connective (named Y below).

We want to show that the following formula is valid:
(P=Q)=(-PVQ)
We translate the truth tables (and try to compress their representation).

vi(form) (0<i<2);forme{X,-X, X=Y,XVY,XAY} means form
has value 7.

(Although we do not need the connective A in this example, we also provide the
corresponding rules).



336  Logic for Computer Science and Artificial Intelligence

vo(=X)
7 N
v1(X) vo(X)
vo(-X)
!
vo(X)
w(X =Y)
/ ! N
va(X) w(Y) v (Y)
n(X =Y)
4 N
vo(X) v1(X)
va(Y) ve(Y)
w(X VY)
vo(X) vl(X) ‘vo(Y) UI(Y)
w(X VYY)
i
vo(X)
v(Y)
‘vo(X A Y)
vo(X) wo(X) v1(X) v(X)
v(Y) wi(Y) vw(Y) vi(Y)
vw(XAY)
v 4 N
v2(X) v2(Y)

Method: show that it is impossible to evaluate the considered formula to a value that
is not distinguished (in this example, value 2).
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(D v((P= Q)= (-PVQ))

Il

(2) w(P = Q) @) u(P=Q)
(4) w(-PVQ) (5) vo(-PVQ)
/R 3) x
(6) 2P (7) voQ (8) n@Q
(9) vo(=P) (11) v(=P)  (13) v(-P)
(10) »Q (12) v2Q (14) »2Q
(15) v P (7-12) x (8—14) x
(6 —15) x O

10.2. Inaccurate concepts: fuzzy logic

No man has ever or will ever know anything certain.

Xenophanes (6th Century BC)

Similar to the word “model” (see section 5.2), the word “concept” is very
frequently used, for example, in Al (and sometimes, it is badly used). It is a notion
that has been studied extensively in philosophy.

Among the technical definitions that can be found in the literature, we choose the
following one:

Concept: an idea (of a mammal, a triangle, etc.) that is abstract, general, or can be
subject to a generalization.

Concept is the rational way of knowing reality.

A distinction must be made between the concept and the object. The concept is
the intensional counterpart! of the object2.

There are a priori concepts, i.e. concepts that are not a result of experience, unity,
plurality, etc. and a posteriori concepts, i.e. general notions that define classes of
objects that are either given or constructed (concept of a mammal, a function, etc).
Different philosophical schools claim that only one or the other of these concepts is
really a concept.

1 The intension is the set of characters that are (considered as) essential to a class.
2 What possesses an existence of its own, independently of the knowledge or the idea that
cognitive beings can have about it.
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Every concept possesses an extension, possibly empty. The objects are defined by
the concepts that indicate the set of characters that belong (or are supposed to belong)
to the objects of the class, and to no other object, for example, man: rational animal.

When creating concepts, similarity (analogy) plays a crucial role. We can also say
that the notion of similarity (of which we could say that equality is a particular case3)
also plays a major role in FL.

We can relate this notion to that of a model. In a model, we choose some
characteristics that we wish to be representative and whose goal could be to define
the class under consideration.

REMARK 10.4.— The activities of definition (specification) and modeling are at the
core of a computer scientist’s activities. They can be viewed from the point of
view of the philosophical classification of constructive definitions (specification) and
explanatory definitions (modeling). Example of the former: append (see example
6.2) and of the latter small: someone of a size less than (say) 1.70 m. O

Inaccurate concepts

A simple way of illustrating the ideas is to oppose mathematical concepts to
empirical concepts. The former are exact because they do not accept limit or neutral
cases (example: prime number, right triangle,. .. ). The latter accept neutral cases and
are inaccurate (example: big, old, etc.).

More generally, in natural languages, there are terms that are vague, i.e. terms
(corresponding to concepts) such that if the extension of the concept is the class
denoted by C, and if we consider an arbitrary object denoted by O, then there is no
defined answer to the question: “is O an object in class C?”. For example, very tall,
small, bald, almost old, very beautiful, etc.

The vagueness is different from ambiguity (the same term can denote different
objects in different contexts).

Mathematics and logic gave little consideration to vague concepts, more precisely,
they use formal languages to avoid these difficulties.

The theory of fuzzy sets and FL (introduced by L. Zadeh in 1965) are an attempt
to formalize vague or inaccurate concepts. Fuzzy sets and FL have given rise to many
controversies.

3 For example, in practice, saying that two objects have the same color means that the potential
differences are not detectable by the sense (or device) that detects colors.
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Nowadays, the literature on these topics is huge and we may say that the domain
is rather (an example of a vague term!) accepted and respected.

An important distinction: fuzzy # probable

Fuzziness is inaccuracy and imprecision. The truth of a fuzzy proposition is a
matter of degree. It must be distinguished from the probable (i.e. uncertainty as a
degree of belief).

The following example clarifies the differences.

EXAMPLE 10.3.— Consider the following propositions:
a) John is young.

b) John will be alive next week.

a) is a vague or imprecise proposition (because of the occurrence of the word
éﬁyoung9’) .

b) is a precise proposition that is true or false, but we do not know that it is. It can
be assigned a probability of being true or false, but the probability is not a degree of
truth.

From an observational point of view, the vague concept “young” is in principle
concerned with only one observation; however, the probability of a young person
being alive next week is concerned with several observations of young people.

Most FL are truth functional (see section 10.1), which is not the case for
probabilities:

we know that:
1) prob(p A —p) =0
2) prob(—p) = 1 — prob(p)
3) prob(p V q) = prob(p) + prob(q) — prob(p A q)
4) prob(p vV —p) =1

if for example:
(%) prob(p) = 1/2, hence prob(—p) = 1/2

then using (3) with ¢ : —p and replacing —p by p, which has, according to (x), the
same probability, we obtain:

5)prob(pVp)=1/2+1/2-1/2=1/2
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As a conclusion: in the left-hand side of (4), we replaced an event (—p) by another
event with the same probability (p) (see (*)) and we obtain two different values.

Another example (that also shows the difference with accurate propositions, in
particular, the non-validity of the law of non-contradiction). From an intuitive point
of view, the sentence:

I am old and I am not old.

does not have the value false. This can be formalized, because the basic logic for FL
is Ly, (i.e. with values in R), which gives v(A A =A4) = min{v(A4),1 — v(A)}, and
which will in general will be # 0.

Of course, prob(A A —A) = 0. O

The notion of FL has two meanings: a narrow sense and a wide sense.

For the narrow sense, FL is a logical system whose goal is to formalize
approximate reasoning (see below the characterization proposed by L. Zadeh). In this
sense, it is an extension of p-valued logics.

For the wide sense, FL ~ theory of fuzzy sets.

A very old paradox seen from a new perspective. A good example of the kinds
of problems that are treated by FL is the analysis (of an equivalent version) of the
paradox of the heap (see example 8.1).

X denotes the set of all men

S C X the set of all small men.

We consider a real interval P = [0.5, 3] that contains all possible sizes.
The function size h : X — P.

We assume:
1) S # (0 (meaning that there exist men who are small).

2) No man has a size less than 0.5 m or greater than 3 m (which yields interval P
above).

3) There are men of all intermediate sizes — w.r.t. the minimal difference that can
be detected by measuring instruments (this will entail no loss of generality in the
reasoning).

HIfz e S,y e X,and 0 < h(y) — h(z) < 1073, then y € S (we could have
chosen a smaller difference in size, e.g. 1096,
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A man that is 1 mm taller than a small man is also small.

5 Ifx € SAR(y) < h(z), theny € S. A man that is smaller than a small
man is also small.

We want to prove that:
All men are small.

The proof is simple. Given any man ¥, we select a man, say x, who is without a
doubt small. We choose x; such that h(z;) — h(z) <1073, By 4,2, € S.

By iterating (at most 103(h(y) — h(z)) times), we reach the conclusion that y is
small. (If y¥ had been smaller than x, by (5) we would immediately have reached the
conclusion).

By applying (4), we prove that all men who are taller than a small man are small.

Where is the problem?

In the fact that we did not define (from a mathematical point of view)
the set S, i.e. that we did not give the characteristic
function enabling us to tell for any man whether
he belongs to the set of small men or not.

The idea to resolve this paradox is to represent the set S (i.e. the extension of
the concept “small man” as a fuzzy set (see definition 10.4), i.e. a class of objects
for which the transition from membership to non-membership is gradual rather than
abrupt.

FL and fuzzy sets were introduced to take what is called practical reasoning into
account, essentially to model those aspects that are hard to handle with classical logic.
An example of practical reasoning is the frequent mix of precise and approximative
reasoning that is performed when solving problems.

FL deals with fuzzy propositions such as: Patricia is extremely intelligent. Most
dogs are nice. Michael is much taller than John, and so on.

One particular characteristic is that not only is the meaning of terms subjective,
but it is also local, i.e. restricted to the considered domain of discourse (it is not really
the same to be considered as tall by Pygmies or by Scandinavians). Thus, FL can be
viewed as a logic whose propositions, connectives, truth values, etc. do not have a
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universal value. This implies that inference processes in FL are of a semantic nature
rather than a syntactic one.

The creator of FL (L. Zadeh) described it as follows:

Perhaps the simplest way of characterising fuzzy logic is to say that it is
a logic of approximate reasoning.

The term fuzzy logic is used to describe an imprecise logical system,
F'L, in which the truth-values are fuzzy subsets of the unit interval with
linguistic labels such as true, false, not true, very true, quite true, not
very true and not very false, etc.

Some examples are:

EXAMPLE 10.4.—

Most men are superficial
Socrates is a man
Socrates is probably superficial

Michael is small
Michael and John have approximately the same height O
John is more or less small

The basic idea of fuzzy logic is that predicates
(corresponding to properties, relations) denote
fuzzy subsets of some universe and the truth values
denote fuzzy subsets of the set of values of
basic logic, i.e. [0, 1].

Fuzzy sets: definition and fundamental properties
DEFINITION 10.4.— Let U denote the universe of discourse.

A fuzzy set A is defined by the generalized characteristic function:
pa:U —[0,1]

(the range of a standard characteristic function is {0,1}, hence ordinary sets are
considered as particular cases in the theory of fuzzy sets).

Interpretation: the values of pa(x) are interpreted as degrees of membership of
x to A (0 denotes non-membership, 1 denotes membership, and 1/2 could represent
semi-membership).
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EXAMPLE 10.5.— Consider the property “to be much greater than 1”, defined on R+,
It can be assigned to a fuzzy set A with 14 : R* — [0, 1], where p1 4 is an arbitrary
function that is continuous and non-decreasing such that, for example:

=

h S

&
I
e
o
=

O

EXAMPLE 10.6.— The characteristic function of the set of people who can be
professional football players could be:

ua

15 18 35 40

The usual operations are (in general) defined as follows.

DEFINITION 10.5.— (set operations on fuzzy sets).

— A fuzzy set A is empty iff Vx € U pa(z) =0.

— Two fuzzy sets A and B are equal (denoted by A = B) iff Vo € U pa(x) =
().

~ACBIiff Ve eU pa(z) < pp(x)

(if an element is somehow an element of A, then it must be an element of B in at
least the same degree).

- u;l(x) =1 — pa(z) (for all x, we shall thus write pe = 1—pa)

—paup(x) = max{pa(x), pp(x)} (for all x, we shall thus write pa,p =
maz{pa, pp})
—panp(x) = min{pa(z), ps(x)} (for all x, we shall thus write psnp =

min{pa, (i })-
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EXAMPLE 10.7.—

Ha~B: ——
A

uAUB —

1IN U

»
>
X

O
EXERCISE 10.1.— (properties). Prove that if A, B, and C' are fuzzy sets:
a) AU B is the smallest set containing A and B.
b) AN B is the biggest set contained in A and B.
) AU(BUC)=(AuB)UC
dAN(BNC)=(AnB)NnC
O AUB) = AnB
DANB) = AUT
g CUANB)=(CUA)N(CUB)
hCN(AUB)=(CNA)U(CNB) O

DEFINITION 10.6.— A fuzzy n-ary relation in E is a fuzzy set in E™.

EXERCISE 10.2.— Give the generalized characteristic function for the fuzzy relation
inN (i.e. (z,y) € N?): xis much smaller than y. O

EXERCISE 10.3.— (relations). The composition of two binary relations R and S5,
denoted by R o S, is defined as follows.

2(R o S)y iff 3z such that x Rz and zSy.

a) How would you define the composition of two fuzzy binary relations, i.e. what
would the generalized characteristic function pros be (as a function of i and pg)?

How would you define the generalised characteristic function of a fuzzy relation R
that is:

b) reflexive?

¢) symmetric?
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d) antisymmetric?

e) transitive? [l

The most commonly used basic logic for FL is Lukasiewicz’s Ly, (i.e. the set of
truth values is the real interval [0, 1]). To the qualifiers true, very true, more or less
true, neither true nor false, etc. fuzzy sets of the interval [0, 1] will be assigned. This
choice is necessary to be able to manipulate the logic practically. In general, we are
interested in a finite (small) number of truth values.

These ideas were formalized by L. Zadeh, with the concept of linguistic variables.

More precisely, a linguistic variable is a 5-tuple:
<X, 7(X),U,G,M >

where:

— X is the name of the variable (i.e. age, size, etc. from a qualitative point of view,
by opposition to a quantitative point of view, with values 32 years, 1.75 m, etc.).

— 7(X) is the set of linguistic variables (young, not young, very young, not very
young, etc.).

— U is the universe of discourse (i.e. the set of values that the variable may take).
— G is the set of production rules that generate 7(X).
— M is the semantic rule.

M : T(X) — Pfuzzy(U)
where Pjy..y (U) : set of parts of U, i.e. the set of all fuzzy subsets of U.

The idea behind the concept of linguistic variables is to obtain the fuzzy value of
different terms as a function of those terms that were chosen as basic terms.

EXAMPLE 10.8.— (L. Zadeh). Linguistic variable: size
Basic term: small

7(X) = {small, not small, very small, very (not small), not very small, very very
small, etc. }

is generated by the grammar (with axiom .S):

S — A
S —not A
A— B
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Number|Grammar rules| Semantics
1. S—A Sy = Aq
2. S—SorA Sg:SdUAd
3. A—B Ay = By
4. A — AandB Ag:AdﬂBd
5. B—C By =Cy
6. B — not C B, = Cy
7. C—(S) Cy =S4
8. C—D Cy = Dy
9. C—E Cy=Eq
10. D —veryD | Dy = (Dg)*
11. E—veryE | E,=(E)?
12. D — true D; = true
13. E — false E;, = false

B —very B
B —(5)
B — small

If we assume that the generalized characteristic function (see definition 10.4) of
the extension A of a concept is 14, then in general, we take (other similar choices are
of course possible):

,uvery—A(:E) = (/’LA (LL'))Z
graphical meaning:
A
1 ——————————————————

tall :

very tall :

pnot—a(x) =1 — pa(z)
If the grammar had authorized it, we could have let, for example:

,umore—or—less—A(x) = HA (:E)
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EXAMPLE 10.9.— (syntax and semantics). The symbols occurring in the rules on the
right-hand side correspond to the fuzzy subsets of [0, 1]. Of course, indices [ and
correspond to left and right (of a rule). U

EXERCISE 10.4.— Does the grammar of example 10.9 permit us to generate the
linguistic variable not very true and not very false? If so, compute its truth value. [

Fuzzy sets permit us to obtain an elegant solution to the paradox4.

All men are small.

The only remark to be made is that not all generalized characteristic functions
correspond to the common notion of “small”. We define:

for some function f : X — P, which, to represent the extension of the concept
“small man” must be5:

1) continuous (our appreciation changes progressively);

2) monotonically decreasing;

3) f(h(z)) =1 (or f(h(x)) = 1), for those men that are certainly small;
4) f(h(z)) =0 (or f(h(z)) ~ 0) for those men that are certainly not small.

For example:

Sy

4 The solution is given by J. Goguen.
5 The required properties on generalized characteristic functions are a key point in the
formalization of FLs.
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We define the fuzzy relation “smallness of y with respect to x”

F(hw)
Hx(e) = ") = 7o)

px(y) = Hx(x,y) x px(z), for h(y) > h(x)

_ px (y)

we assume there exists an € X such that ux (z) = 1 (there is a man who is certainly
small), for example, h(x) ~ 0 (i.e. his height is almost zero).

Consider y € X such that h(y) > h(z), we may construct a finite sequence
T =x9,%1,%2,...TN—1, TN = ¥y and:

px(y) =[] Hx (i1, z:)

r=1

This formula translates the intuition that, as the process is iterated, the conviction
that y is small disappears. Indeed, the product of the values in ]0, 1 gets closer and
closer to 0. The mathematical details are simple and are left to the reader.

REMARK 10.5.— We may see the origin of the paradox of small men (of the heap
of grains, etc.) in the fact that each time a new man is considered, the memory that
in general there were many men taller than someone small was lost. The treatment
proposed above restores this memory. O

10.2.1. Inferencein FL

L. Zadeh proposed to treat the gradual membership of element z to a fuzzy set A
by fixing values «, #; 0 < o < 8 < 1 and to use as a convention:

if ua(z) < a, then x does not belong to A;
if 8 < pa(x), then 2 belongs to A;
if « < pa(z) < B, then the membership of x to A is undetermined.

From the point of view of the corresponding logic, this would lead to a logic with
three truth values: T, F, i (see section 10.1).

The method proposed above can be viewed as a generalization of this simple idea.

It is natural to try to apply inference rules from classical logic to non-classical
logics. For example, the resolution method was extended (by C. Chang) more than
30 years ago from FOL to first-order FL. But first we must formally define the
semantics of FL.
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10.2.1.1. Syntax

The same as for classical logic.

10.2.1.2. Semantics

The only difference with FOL (that corresponds to intuition) is that every predicate
P™ is not interpreted as an n-ary relation (i.e. the set of n-tuples of the relation)
in the universe of discourse, but as a fuzzy set, or more precisely the corresponding
generalized characteristic set (in other words, to every n-tuple (x1,...,x,), we do
not assign true or false to P("™) (1, ..., x,), but a value in [0, 1], which is given by
the characteristic function).

It is thus possible to view classical logic as a particular case of FL.

The semantics (i.e. the value given to) composed wffs is given by the function v
defined below.

DEFINITION 10.7.—
—v(=F)=1—v(F)
—u(F1 A Fa) = min[v(Fr), v(Fz))
—u(F1 V Fa) = mazx|v(Fr), v(F2)]
—v(F1 = F2) = min[l,1 —v(F;

- U(fl = .7:2) =

Lifv(Fr) < o(Fo)

U(.FQ) ifv(]-'l) > U(]:Q)

—v(VaF(x)) =inflv(F(z)) | x € D]
—v(FxF(x)) = sup[v(F(x)) | x € D]

An interpretation T satisfies (respectively, falsifies) a formula F iff v(F) > 0.5
(respectively < 0.5).

REMARK 10.6.— In general,

V(AN -A) £ 0
U(A vV ﬁA) # 1. O
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EXAMPLE 10.10.— Consider the wff Va3y P(x, y)
on domain D = {ay,as}

v(3yP(z,y)) = maz([v(P(z,a1)),v(P(z, a2))])
v(VeIyP(z,y)) = min[maz[v(P(a1,a1)),v(P(a1,a2))],
maz[v(P(az, a1)),v(P(az, a2))]] O

The next step is to find a universe on which it is sufficient to focus to test whether
a wff is contradictory.

10.2.2. Herbrand’s method in FL

The key property (see theorem 5.7) is that given a set of clauses .S, we can associate
to any interpretation Z of S a Herbrand interpretation Zy such that if Z = S then

I E S.
We show this on an example.
EXAMPLE 10.11.— Consider the clause:
VaP(a, f())

and the interpretation Z:

D ={1,2}
a1

)y =2
f@2)=1
v(P(1,1) = 0.6
v(P(1,2) =0.7
v(P(2,1) =0.2
v(P(2,2)=0.3

This interpretation is a model of VzP(a, f(z)). Indeed, v(VzP(a, f(z))) =
min[P(1,2), P(1,1)] = min[0.7, 0.6] = 0.6
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The corresponding interpretation Zyy is:

v(P(a, f(a))) = v(P(1, f(1))) = v(P(1,2)) = 0.7
v(P(a, f*(a))) = v(P(1, f*(1))) = v(P(1,1)) = 0.6
a))) = v(P(1, f*(1))) = v(P(1,2)) = 0.7

(
v(P(a, f*(

t
Semantic trees are defined in the same way as for FOL, by replacing L with v(L) >
0.5 and =L by v(L) < 0.5.

10.2.2.1. Resolution and FL

In PL, the resolvent is a logical consequence of the parent clauses (i.e. every model
of the parent clauses is a model of the resolvent).

We first analyze an example the way the resolution rule for PL transmits truth
values when it is applied to FL.

EXAMPLE 10.12.— Consider the two following clauses:
Cli -PV Q
Cy: P

(whose resolvent is Q)

with:

v(C1) ANv(C2) = v((-P Vv Q) A P) = min[maz[v(—=P),v(Q)],v(P)] =
min[0.7, 0.3] = 0.3

hence, there is a difference with classical PL:

U(Q) =02< ’U(Cl A 02) [l

This example is a particular case of the following theorem.
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THEOREM 10.1.— Let Cy and Cy denote two clauses and R(Cy,C2) denote a
resolvent.

Ifmaz[v(C1),v(C2)] = b and minlv(C1),v(C2)] = a > 0.5
then:

a<v(R(C1,Cq)) <b

PROOF.— Cy: PV a, Co: =PV (v and B: disjunctions of literals)
R(C1,C): aVp
Without loss of generality, we assume:
* a < band:
v(C1) = maz[v(P),v(a)] = a (1)
v(Cq) = max[v(—=P),v(B)] =b (2)
from (1) and (2) and by definition of max:
v(a) <a
v(B) <b
there are two cases to consider:
Hou(a)=a
v(R(C1,Co)) =v(aV B) = max[v(a),v(B)] = maz|a, v(5)]
a < R(C1,05) < b(seex*)

i) v(a) < a,from(1)v(P)=a
By hypothesis a > 0.5, hence v(—=P) =1 —v(P) < 0.5 < a
from (2) and x v(8) = b > a

v(R(C1,Co)) =v(aV B) = max[v(a),v(8)] =b
a S R(Cl,CQ) S b
This theorem can easily be generalized. O
THEOREM 10.2.— Consider the set of clauses S = {C1,...,Cy} (k > 2)
If maz[v(C),...,v(Ck)] = b min[v(Ch),...,v(Ck)] =aand C € R (n > 0)

then

a<v(C)<b.
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10.3. Modal logics

In a dictionary on language sciences (O. Ducrot and T. Todorov), it is written:

Logicians and linguists have often deemed it necessary to distinguish,
in an enunciation act, a representative content, sometimes called dictum
(relating a predicate to a subject), and an attitude expressed by the subject
speaking of the content, that is the modus or modality.

The four following sentences have the same dictum, but different modalities:
— Peter will come.

— Let Peter come!

— It is possible that Peter will come.

— Peter must come.

Modal logic studies modalities, i.e. the logical operations that gqualify the
assertions (or more precisely that qualify their truth modes). We will say, for example,
that a proposition is necessarily true, or possibly true, or that it has always been true,
or that it will be true one day, or that we know that it is true, or that it should be
true, etc.

Originally, modal logic was designed to characterize the possible and necessary
truths. It was progressively extended to the study of statements on knowledge, beliefs,
time, ethics, properties of programs, etc.

They are particularly relevant in A, for example, in the so-called description logics
for ontologies and in multi-agent systems.

The concepts of necessity and of possibility have been studied by philosophers,
ever since Aristotle, at least.

It is generally acknowledged that C.I. Lewis (in the 1930s) first studied these
modalities. His analysis was mainly concerned with strict implication, thus called
to be distinguished from material implication and its paradoxes (see exercise 3.7).

A strictly implies B (written A — B) iff A A =B is impossible, or, with modern

notations,
—O(A A —B) or, equivalently, J(A = B)
where < is interpreted as possible and O is interpreted as necessary.

Little by little, the study of the connectives < and O themselves became a field
by itself.
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For example, in computer science, when referring to a non-deterministic program,
OA means “in every execution that halts, A is T”, whereas ¢ A means “there exists
an execution that halts with A T”.

Godel was interested in modalities from the point of view of provability.

For historical purposes, i.e. Aristotle’s philosophy and its huge influence on
Western culture, those that were the most studied are:

— ontic modalities: it is necessary (possible, impossible, ... ) that...
— epistemic modalities: Peter knows that . ..
— temporal modalities: since, starting from, until, he always thinks that. ..

— deontic modalities: it is forbidden, it is permitted, it is illegal . ..

Other modalities:
— doxastic modalities: we believe that,. ..

— metalogic modalities: it is provable that, this is satisfiable,. ..

There exist propositional, first-order and higher-order modal logics. We restrict
ourselves to propositional modal logics (we will see they have a great expressive
power).

One essential characteristic of these logics is the fact that their connectives are not
truth functional.

EXAMPLE 10.13.— (See example 2.6.)
Consider the conjecture (we could have chosen any other one)
P =NP
It could be T or (exclusive or) F, but the propositions:
<& (P =NP): ltis possible that P = NP
& (= (P =NP)): Itis possible that P £ NP

could both be considered as true propositions. We thus have (no matter the value given
to P = NP):

OT=T

(x) OF =T
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On the other hand:

141 = 3is F and it is normal to consider &(14 1 = 3) as F. In other words, we
do not imagine that it is possible for 1 + 1 = 3 to be T.

By replacing F in (%) by 1 + 1 = 3 (i.e. by F), we obtain:

(*) (x) OF=F

By considering propositions () and () (x), we verify that < (connective meaning
possibly) is not truth functional. O
10.3.1. Toward a semantics

There exist relational (possible worlds), algebraic, and topological semantics.

We will study the semantics that is best known: the semantics of possible worlds.

The notion of possible worlds seems to have been around at least since Leibniz.
Wittgenstein used to talk of the possible state of things.

In a book that is considered as a reference in logic (and that ignores modal logic)®,
it is written:

“...Therefore, a ‘possible world’, or model of [a language] £ ...”

This seems to show that the transition from one to the other (i.e. from classical
logic to non-classical ones) can be made naturally via the notion of possible worlds.

To better see the relationship between the notion of a model in classical logic
and that of a possible world, we consider the formula: [(A V B) = C] &
(A= C)V (B=(0)]

and the interpretations:

Il = {C},IQ = @,Ig = {A,B} andI4 = {B,C}

We can imagine that each I;(1 < i < 4) corresponds to a situation, a moment, a
state, a state of knowledge, a world, etc.

6 Chang and Keisler: Model Theory.
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These interpretations can be represented as worlds (we only provide the
elementary propositions that are evaluated to true).

w3
14 I
C) B’ C
Wo Wy
I la

We can also add a relation between these worlds (which leads to the so-called
Kripke semantics or the possible worlds semantics).

And instead of saying:

(CL) Formula ¢ is satisfied (or not satisfied) by interpretation I

we will say:

(NCL) Formula ¢ is satisfied (or not satisfied) in the
world w; (which implicitly contains an interpretation I)
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It will also be possible to construct formulas mentioning different worlds.

REMARK 10.7.— The notion of possible worlds is familiar (not necessarily with the
same name) in the study of probability theory. For example, when analyzing the
logical possibilities of the results of an arbitrary experiment (for example, throwing
a die). O

More formally.

10.3.1.1. Syntax (language of modal logic)

< formula >:=< atomic formula >| - < formula >|< formula > N <
formula >|< formula > V < formula >|< formula >=< formula >|<
formula >=< formula >| O < formula >| & < formula >

< atomic formula >:= P; (i > 0)7
or more concisely:

@ = Pi|nplo1 A w2|p1 V o2|er = paler & @] Op|Op
<>SO :def ﬁ\]ﬁgo

One of the characteristics of modal logics is their “parametrized flexibility”. This
sentence, whose meaning will be made accurate in what follows, is metaphorical and
expresses the fact that the new connectives that are introduced by these logics can be
used to express very different characteristics in very different domains. For example,
consider the different meanings of formula Oep:

Op: necessarily ¢

O: in the future always ¢

O: it must be the case that ¢

O¢p: we know that ¢

Oyp: we believe that ¢

O¢: after any execution of the program has halted, we have ¢

O¢: in Peano’s arithmetic we can prove ¢

7 It is worth mentioning that Aristotle was the first to use propositional variables, i.e. letters
that can be replaced by propositional symbols and not by terms (of a syllogism, see definition
2.8) in modal logic.
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10.3.1.2. Semantics

DEFINITION 10.8.— (Kripke semantics, Kripke models).
— A modal frame or K-modal frame is a pair F = (W, R)
where W is a non-empty set and R is a binary relation on W.

— A Kripke model® is a triple:
M= (W,R,v)

with:
- W: non-empty set (of worlds);
- R: binary relation on W (accessibility relation);
-v: W—2FPorv: P—2W
(P: set of all atomic propositions (formulas). 27 and 2"V, respectively,
denote the sets of parts of P and W);
- v is called the interpretation function or valuation
(v indistinctly provides the set of worlds in which a proposition is evaluated
to T or the set of propositions that are evaluated to T in each world)
- we shall indistinctly say w € W orw € M;
- the frame F is called the base of the model.

— The domain of v is extended to the set of formulas (y is an arbitrary formula)

v(p) ={w | M,w E »}.

DIGRESSION 10.1.— Kripke defined propositions as functions from the set of worlds
to the truth values and an n-ary predicate as a function from the set of worlds to the
set of n-ary relations. O

DEFINITION 10.9.— (satisfiability, validity). In what follows, @ is a wff and M od is a
set of Kripke models M = (W, R,v).

M, w = ¢ means: the formula ¢ is satisfied in the world w of the model M. The
relation |= is defined as follows (Mod denotes a set of models):

- M, w = P (sometimes we write M |= P(w)) iff P € v(w) for P € P;
Myw = iff ot (M, w = 9);

- M, w = 1 A iff M,w = 1 and M w = a5

- Mw o1 Ve iff Mw = @1 or Myw = )

- Mw E @1 = @ iff not(M,w = ¢1) or M, w = @a;

- MwEpr & e iff Myw = p1 = @3 and M, w |= 02 = ¢1;

8 Note that, in accordance with usage, we talk about Kripke models and not Kripke
interpretations. Thus, a formula may be evaluated to F in a Kripke model. We may also talk of
the Kanger—Kripke semantics.
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- M, w |= Oy ifffor all w’ such that R(w,w'): M, w' = ¢;
O: necessarily o, or @ is necessarily T 9;
- M, w | Oy iff there exists w’ such that R(w,w'): M,w' = ¢;
Ow: o is possible or @ is T in a possible (accessible) world;
— @ is Mod — satisfiable iff there exists M € Mod and w € M such that M,
w = @
— @ is valid in model M (M € Mod), written M = ¢ iff v(e) = W (i.e. iff for
alw e W M,w E ¢);
— @ Mod — valid iff ¢ is valid in all models in M od;
— w is valid in modal frame (W, R) iff ¢ is valid in all models admitting (W, R) as
a base;

— A model is finite iff the set of worlds of the modal frame is finite; it is infinite
otherwiselO,

REMARK 10.8.— The underlying notion of necessity in the definition is not always
related to a necessity in the real world, as we see it. There could be, for example,
several parallel worlds (or flows of time) that coexist (that flow at different speeds)
and we only have access to one of them. O

We obtain different logics by imposing conditions (in particular none) on the
accessibility relation. The best-known logics are K, S5, S4 etc.

These logics can also be characterized by formal systems.

EXAMPLE 10.14.— Consider the Kripke model represented by the graph below. We
indicate the corresponding interpretation in each world. The edges of the graph define
the accessibility relation.

9 A necessary truth is a truth that is verified in all possible (and accessible) worlds.
10 As in the case of FOL, the property of admitting finite models (see definition 5.15) is
important for the design of decision procedures for modal logics.
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In this model M, we have:

-M,w; EQO(PVQ)

-not (M,ws =0O(PVQ))

—not (M,ws =<(=PAQ))

- M,ws | O(=P A-Q) O

10.3.2. How to reason with modal logics?

Similar to classical logic, there are different approaches. We shall study the
following ones:

— syntactic approach (formal systems);
— direct approach;
— translation approach.

In the first approach, we provide a formal system (see section 3.3) for the logic
under consideration. In the direct approach, we give inference rules for the modal
connectives, and in the translation approach, we translate formulas into FOL and
reason in FOL!L

We present here the syntactic approach and the translation approach for some
propositional modal logics. The direct approach is treated for temporal logics, which
can be considered as particular cases of modal logics.

10.3.2.1. Formal systems approach

We specify those that are best known. The language is still the one of section
10.3.1.1.

DEFINITION 10.10.—
— The minimal logic K (K as Kripke)
A (axioms):
All tautologies of PL'2 | J O(P = Q) = (OP = 0Q).
‘R (inference rules):

MP: % necessitation : % substitution % see remark 3.20

11 Previously, the founder of temporal logic, appears to be a pioneer of the translation method.
12 Note that we could have chosen any complete formal system, for example, S1 (see section
3.4) for PL. The choice that was made permits us not to have to (re)prove all theorems
(tautologies) of PL.
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Other logics
— Inference rules: the same
— Axioms:
-T=KU{OP= P}
-D=KU{OP = <oP}
-S4=KuU{OP= P,0P = 00P}
-S5=54U{¢0OP = P}
-G=KU{O([@OP = P)= 0P}

EXERCISE 10.5.— Give the proofs (deductions) that correspond to the following
theorems:

a)Fp P= OP
b)A= Bt OA= 0B

¢) Fg5 OOP = OP

d) Fss O(PV Q) = (OPV Q)

e)Fx O(AAB) = (DAAOB)

f)Fxk OAANOB = 0O(AAB)

g) ¢ OP = OOP

h) g4 OAV OB = 0O(0AV OB) O

10.3.2.2. Translation approach

The connectives that are difficult to translate are O and <. The translation function
(Andréka, Németi, and Van Benthem) tr (see definition 10.9) is defined as follows:

tr(P) : P(X)

tr(—p) : —tr(e)
tr(p V) o tr(p) Vir(y)
tr(p Ap) o tr(p) Atr(e)

tr(p =) : tr(p) = tr(y)
tr(Op) : Vy(R(X,y) = tr(e(y)))
tr(Op)  Fy(R(X,y) Atr(e(y)))

P: propositional symbol.
X: free variable, denoting the world in which we are.
y: fresh variable not occurring in the formulas to be translated.

R: accessibility relation.
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The idea behind this translation is of course the capture of the semantics imposed
by the definition: P(y) (respectively, ¢(y) should be interpreted as P (respectively,
) is T in world y.

EXAMPLE 10.15.— The formula whose validity is to be proven is:
O(p = ) = (Bp = OY)
This is the “specifically modal” axiom of logic K (see definition 10.10). Note that

no particular property is imposed on the accessibility relation (this should be compared
with exercise 10.7).

1. -[0(p = ¢)l=> (Op = OY)]

2. O(p=¥) (1)
3-%u¢?u¢)u)

4. Oy (3)
5. -0 (3)
6. Vy(R(X,y) = Ev(y) = ¥(y) (2)

7 Vu(R(X,uf = p(u)) (4)
8. (R 2) > $(0) 9
9. Fv-(R(X, li) = ¥(v)) (8)

10. R(X,a) (9) v<a
11. ﬁd)l(a) 9) vea

12. R(X,a) = ¢(a) (4)

13. ~R(X,a) (12) 14. p(a) (12)

x (10 —13) A

15. "R(X,a) (6) 16. @(a) = ¥(a) (6)

x (10 — 15) /\

17. =p(a) (16) 18. ¥(a) (16)
X (14—-17) x (11 —18)
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EXAMPLE 10.16.— Using the translation method and the method of semantic
tableaux:

a) give a Kripke model M such that in a world wy: M, w; | O(P = @) and
M,w B P = 0Q;

b) give a Kripke model M such that in a world wy: M,w; | P = OQ and
M,U.)l # D(P = Q)

a) We consider the set {O(P = Q),~(P = 0Q)}

Translation:

P(y)

rm——
O(P = Q) :Vy(R(X,y) = (P(y) = Q(v)))
-(P=0Q) :-(P(X)=Vu(R(X,u) = Q(u)))

L Vy(R(X,y) = (P(y) = Qv)))
2. ~(P(X) =>Vu(Rl(X,u) = Q(uw)) Vv

3. P(X) 2.
4. “Yu(R(X,u) = Q(u)) 2.
5. Euﬂ(R(X,u)l:' Qu)) 4.

6. ~(R(X,a) = Q(a)) 5. u+—a
!
7. R(X,a) 6.

8. -Q(a) 6.
9. R(X,a)= (P(a) > Qa)) 1. y+—a

e

10. -R(X,a) 9. 11. P(a)= Q(a) 9.
x (7-10)
12. -P(a) 11. 13. Q(a) 11.
x (8—13)

REMARK 10.9.— The constants that are introduced by variable instantiations (here a)
correspond to accessible worlds. U

The branch going through leaf 12 cannot be closed by instantiating the only
formulas that can still be instantiated.

‘We have constructed the desired model:
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Wi Wo

b) We consider the set { P = 0Q, ~0(P = Q)}

Translation:

P=0Q :P(X)=VYR(X,y) = Q))

S0P = Q) :0(P=Q) :Ju(R(X,u) A=(P(u) = Q(u)))

1. P(X)= Vy(R(X,y) = Qv))
2. Ju(R(X,u) A-'Ep(u) = Qu))) v

3. R(X,a) A —(P(a) ? Qa)) 2. u+—a /

4. R(X,a) 3.
5. P(a) 3.
6. ~Q(a) 3.
l
7. PX)= (R(X,a)= Qa)) 1. y+—a

./\.

8. -P(X) 7. 9. R(X,a) = Qa) 7.

T T

10. -R(X,a) 9. 11. Q(a) 9.
x (4-10) x (6—11)

‘We have constructed the desired model:

‘ -P } > P-Q

W4 Wo
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EXERCISE 10.6.— (sea battle argument). Express the following argument (given by
Aristotle) in modal logic and verify its correctness using the translation approach.

(Similar to classical logic, given an argument expressed in a natural language, the
classification of this argument as correct or incorrect will generally depend on the way
it is translated.)

If T give the order to attack then necessarily there will be a sea battle
tomorrow. Otherwise, necessarily, there will be none. I either give the
order or I do not give it. Hence, necessarily, there will be a sea battle
tomorrow, or necessarily there will be none.

Two classical translations of the sea battle argument are given below:
P: “I give the order to attack”™;

(: “There will be a sea battle tomorrow”.

P=0q
—|P = D—|Q
PV -P
\:‘Q\/DﬁQ
0P = Q)
D(‘\P = ‘\Q)
PV -P
oQ v oO-Q
O

EXAMPLE 10.17.— (accessibility relation for 7,54, 55). We can use the translation
method and the method of semantic tableaux to try to discover the sufficient properties
that are required of the accessibility relation so that the following axioms are valid.
Hp =
COp = ¢

Op = O0p
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-'(le=> ) v
1. O v
2. -'lcp v
3. ~(X) 2.
4. Vy(R(X,y) = ¢(y)) 1.
-R(X,a) 4. y—a ¢(a)

If R is reflexive, i.e. VzR(xz,x), then we can graft to each branch of the tree:

5. R(X,X)
6. RX,X)= o(X) dy—X

/\

7. ~R(X,X) 6. 8. ¢(X) 6.
x (5.-17) x (3.-8)

and the two branches can be closed.

ﬂ(ODT =)
1. OOy
2. -
1
3. [R(X,y) AVe(R(y,v) = ¢(v)] 1.
4. ﬂ<p£X)
5. R(X,a) A (R(a,v) = ¢(v)) 3. y—a
1
6. R(X,a) 5.
7 R(a,v) = ¢(v) 5.
8. -R(a,b) 6.vb 9. ¢(b)

If R is symmetric, i.e. VaVyR(z,y) = R(y,x), then we can graft to each branch
of the tree:
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10. R(X,a)= R(a,X)
11. R(a,X)= ¢(X) T.v— X

12. ~R(X,a) 10.

x (12.—6.) ‘)RQ
14. -R(a,X) 11. 15. ¢(X) 11.
x (14.—13)) x (15.—4.)

and the two branches can be closed.

-(D¢=l> 00yp) v
1. Oy
=00¢
!
3 Yy(R(X,v) = ¢(v)) L
4 “(Yy[R(X,y) = Yu(R(y,u) = ¢(u)]) 2 v
!
5 Jy-[R(X,y) = Vti(R(y, u) = ¢(u))] 4. Vv
6. -[R(X,a) = Vu(lR(a.u) = ¢(u)))
7. R(X,a) 6.
8. Ju-(R(a,u) = ¢(u)) 6. Vv
!
9. R(a,b) 8 u«b
10. ~(b)
11. ~R(X,b) 3. y—b »(b)
X

If R is transitive, then the branch on the left-hand side can also be closed, by
grafting to node 11 the tree below:

12. R(X, a) A R(a, b) = R(X, b)

14.- (R(X, a) A R (a, b)) 13. R(X, b)
X (11-13)

15. - R(X, a) 16.- R(a, b)
X (7-15) X (9-16)
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As an example, we give here a proof of this property that is representative of the
properties that appear in textbooks on this topic.

O¢ = OO is valid in a modal frame iff the accessibility relation R is transitive.
if
We show that if R is transitive and we have
M, w1 ': O
then we also have:
./\/l, w1 ': O0¢p
R is transitive, i.e.:
R(wy,w2) A R(wa, ws) = R(wy,ws)

hence, if formula O is satisfied in world wy, then it is satisfied (see definitions 10.8
and 10.9) in all worlds that are accessible from (related to) w1 ; hence, it is satisfied in
ws, so that O(Og) is also satisfied in w;.

only if

We prove the contrapositive, we assume that R is not transitive and we need to
prove that:

M, w; | Op
and that:
M, wy ¥ OOp
to do so, we propose, for example, v(w2) = p; v(ws) = —.

This valuation is possible as R is not transitive; hence, we may assume that we
have —¢ in ws. This would not be possible if R had been transitive, as we assumed:

M, w; = Op

and if R had been transitive, ws would have been accessible from wj, and by definition
of the semantics, Oy is T in a world iff ¢ is T in all worlds accessible from the world
we are starting from (see definition 10.9).

With our approach, we could also have proved the only if part of the theorem (the
if part has already been proved):



Non-classical Logics 369

If R is not transitive, we graft to node 11. the tree:

11.

12.'=(R(X,a) 3.y« a 18."¢p(a) 3.y« a

By considering the branch going through nodes 7, 9, 10, 11, 13, and by applying
the same method as in example 10.16, we obtain the Kripke model (interpretation):

wy (X) w; (&) ws (b)

which verifies:
M, w1 ': \:‘@
and:

/\/l,wl # DD(p.
(]

EXERCISE 10.7.— Use the translation method and the method of semantic tableaux
to discover (sufficient) properties of the accessibility relations of the modal frames in
which the following formulas are valid:

a) Do = $p

b) Cp = 00w

c) Op = Oy

d) O(Dp = ¢)

e) OOp = OOy (called Geach’s axioms) O

A question that naturally arises is whether other axioms (formulas) correspond to
other simple relations, or if we can always express these relations by FOL formulas.
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REMARK 10.10.— The problem of knowing whether an arbitrary wff of modal logic is
satisfied by Kripke frames that are characterized by FOL formulas is undecidable. But
Sahlqvist’s theorem guarantees that a (syntactically characterized) class of formulas
of modal logic corresponds to Kripke frames that are definable by FOL formulas.
Sahlqvist’s class is decidable.

The two following formulas do not belong to Sahlqvist’s class.

McKinsey’s axiom:
(MK) OCp = >0
(S41=KU{MK})
and Lob’s axiom:
D(0¢ = ¢) = bp
cannot be defined by a set of wffs of FOL.

Furthermore, there exist formulas of modal logic that are valid in frames that are
characterizable by FOL formulas, but are not equivalent to formulas in Sahlqvist’s
class, for example:

(OCp = OLp) A (OCCp = Op)

As a consequence, we can consider the expressive power of the PLs.

Propositional modal logic corresponds to a fragment of SOL. O

As can be seen, for example, in exercise 10.6, Aristotle was interested in other
arguments than those of his syllogistic (see section 2.2). A well-known argument that
he proposed on the need to philosophize is part of deontic logic:

We must philosophise or we must not philosophise. If we must
philosophise then we must do so. Otherwise, we must still philosophise
(to justify this point of view). Therefore, in all cases, we must
philosophise.

EXERCISE 10.8.— How would you define the semantics of the following operators
from deontic logic, using the semantics of possible worlds?

O¢: ¢ is compulsory
Fo: ¢ is forbidden
Py: ¢ is allowed

E¢: pis optional O
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10.4. Some elements of temporal logic

When I am not asked, I know what time is; when I am asked, I no
longer do.
Saint Augustin

The notion of time is essential in philosophy, in physics, in biology, and
also in computer science (sequential and parallel algorithms, time complexity of
algorithms, etc.).

In philosophy, it leads to different positions, it suffices to consider Parmenides
for whom “nothing changes” and Heraclitus for whom “everything changes”. See
also exercise 10.6. This notion is closely related to notions of space, matter, energy,
evolution, etc. Its conceptualization poses huge problems and it is difficult to try
avoiding them, as time is implicitly or explicitly present in all human activities (and
all around us).

We often use metaphors to mention time (the flow of time, time’s arrow, etc.).

Similar to other topics, a logical study of time only aims at capturing some aspects
that are relevant for the class of problems that are studied.

The notion of organization of instants:

past — present — future

seems to be the most fundamental one.

In mathematics (in the statement of definitions, theorems, etc.), we are not
interested in time. This is not the case in natural languages. Linguists have studied
the way time can be taken into account in logical structures.

For example (as is also common in physics): vy, V41, Vs2, ... (1.e. the speed of
an object at times 0, t1, ¢2,...) or by explicitly introducing time as a parameter:
interests(Xx, t), alive(x, t), etc.

We can also (and this possibility is of a particular interest to us) treat instants as
possible worlds (now corresponds to the world we are currently in). The accessibility
relation will be a total order (linear time) or a partial one (branching time!3).

Reference to the past and to the future depends on languages and is not always that
obvious. For example, in English, we say:

13 In branching time, we can have 1 Rt2 A t1Rts A ta # t3 A =(t2 Rtz V t3Rta).
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— the plane is scheduled to land at 6:30 pm (and it is currently 3:10 pm, we use the
present tense to talk of the future);

— I now understand the rules of rugby (we are using the present tense to talk of an
event that belongs in a large part to the past: the understanding of the rules).

Problems about the nature of time and temporal concepts have been a concern for
philosophers at least since there has been a written philosophy.

Time is part of our sensory experience (at least indirectly), and our discourse relies
heavily on time (in the sentences above, for example).

Classical mathematical logic abstracts time away. The propositions that are
obtained from sentences from everyday life are sometimes very artificial.

The goal of temporal logic (also called tense or change logic) is to systematize
reasoning with propositions involving temporal aspects.

The Megarian and Stoic Greeks studied theories for these logics.

Modern temporal logic was initiated by the work of logician and philosopher
Arthur N. Prior in the 1950s. Prior systematically studied the links between temporal
and modal logics.

The representation (picture) of time as dots that denote instants without duration
as basic entities is frequently used. Examples are graphs representing functions of
time (speed, distance travelled, GDP, unemployment rate, etc.) that are used to teach
physics, economy, etc. where in each instant (point) on the abscissa is assigned an
ordinate point.

We must distinguish between the graphs of functions that correspond to continuous
phenomena and those that correspond to discrete phenomena.

Although common, the concept of time as a set of instants without duration is a
very abstract model, compared to our perception in everyday life, and it is similar
to the notion of a point in space (what exactly is a region of space, say, a sphere of
radius 07?).

Another basic entity that is widely used is the period or interval.

Depending on the problem under consideration, one or the other notion will be
better adapted.

In particular, there are problems that cannot be solved with one of these notions,
but can be with the other (or not even be problems at all for the other). Here is an
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example dating at least from the Middle Ages: at the precise moment a man dies, is
he alive or dead?, or at the precise moment a fire is put out, is it burning or extinct?

This problem cannot be solved with the notion of instants, but with the notion of
time interval, there is no problem at all: the man died between 2 and 3 am, if he was
alive at 2 am and dead at 3 am.

If we use a discrete model for time, then there is no problem either.

Under some circumstances, it is more interesting to consider both notions at the
same time. For example, if we say Alice and Bob took the 6:42 train and chatted
throughout the entire trip, we are likely to be considering the departure time as an
instant and the duration of the trip as an interval.

When the basic entities are instants, the relations before and after are used.

For periods or intervals, the following relations (among others) are used: overlap,
non-overlap, meet, start and finish

We provide a graphical representation and logical translation of each relation,
using as primitive relations the precedence relation (<) and the interval inclusion
relation (C). Given two intervals A and B, they can be related the following ways
(among others):

.Overlap:

A

Jx(zC ANz C B)
(Note that x denotes an interval.)

.Non-overlap:

A B

Va(z £ AVa L B)
.Meet

A | B

(A< B)A—-3Jz(A <z < B)
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Start

A

B

—-Jz((x TAANz<B)V(zC BAz < A))
Finish

A

B

—~Jz((x TAANB<2)V(zCBAA<T))

10.4.1. Temporal operators and semantics

As was mentioned in section 10.4, Prior introduced modern temporal logic
essentially for philosophical purposes and he naturally focussed on linguistic
constructions.

Natural languages and the inferences that are performed on their sentences provide
examples of the peculiarities that come up when time is taken into account.

For example, from The weather is nice and The weather is cold, we can (correctly)
deduce that The weather is nice and cold. From The weather will be nice or The
weather will be cold we can deduce The weather will be nice or cold. But starting
with The weather will be nice and The weather will be cold, we cannot (correctly)
deduce that The weather will be nice and cold.

We introduce the following operators:

Fp: at some point in time, it will be the case that ¢ (it will be the case at least
once);

Py: it was the case at some point in time that (it was the case at least once);
G :%f —F—p: it will always be the case that ;

Hy :%f —=P—y: ¢ was always the case in the past.

For the Megarians (philosophers of the school of philosophy founded by Euclid of

Megara)!4:

14 The author of the famous Elements was Euclid of Alexandria.



Non-classical Logics 375

— the real is what is realized (i.e. true) now;
— the possible is what is realized (i.e. true) at some arbitrary time;

— the necessary is what is true all the time.

With modern notations, we have the following respective translations for
“possible” and “necessary”:

op %f pVFpV Py
Op :9¢f o AGp AHp

For Stoicians:
— the real is what is realized (i.e. true) now;

— the possible is what is realized (i.e. true) now or at a future time;

in other words:

a proposition is possible if it is true or will be true;
— the necessary is what is realized (i.e. true) or will be realized at all future times.

With modern notations, we have the following respective translations for
“possible” and “necessary””:

op 4ef oV Fyp
Op ¢ oA Gy

Note that with one or the other definition, “possible” and “necessary” keep their
usual relationship.

10.4.1.1. A famous argument

Some Greek philosophers credit the Greek philosopher of the Megarian school
Diodorus Cronus (— 4th) with a famous argument (that was analyzed by Prior) called
the Master argument, that seems to be the following:

D1) Every true proposition about the past is necessary;
D2) An impossible proposition cannot be a consequence of a possible proposition;
D3) There exists a proposition that is possible, but is not and will not be true.

Diodorus concludes (the reasoning to reach the conclusion is unknown) that the
set {D1, D2, D3} is unsatisfiable, which allowed him to characterize:
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— the possible as what is or will be true;
— the impossible as what, being already false, will not be true;

— the necessary as what, being true, will not be false;
(Some authors translate: the necessary as what is and will be always the case
(true).);

— the unnecessary as what is already false, or will be false.

Logicians and modern philosophers tried to reconstruct and formalize Diodorus’s
reasoning to conclude that { D1, D2, D3} is unsatisfiable.

One of the formalizations translates Diodorus’s assertions as follows:
D1’) Pq = OPq

D2') (O(p = q) A Op) = Oq

D3') 3r(Or A —r A —Fr)

and adds the following two assertions that were (according to historians) accepted by
the Greeks.

D4) (p A Gp) = PGp
D5)0O(p = HFp)

The proof of the unsatisfiability of {D1’, D2', D3’, D4, D5}:
1) Or A—r A=Fr (D3)
2) Or (1)

3)0(r= HFr) (D5)

4) OHFr (D2, (2), (3)
5)-r AG-r (1)

6) PG—r (5), (D4)
7)OPG-r (6), (D1’)

8) ~O-PG—r

9) ~CHFTr
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1000 (4),(9)

The logic that corresponds to Diodorean logic is:

S54.2 =S4 J{oO0P — OOP}
meaning that we add Geach’s axiom to S4 (see exercise 10.7), which is valid in
directed frames (directed relations correspond to the so-called (strongly) confluent
in A-calculus):

VwVoVz(wRv A wRx = Ju(vRu A xRu))

For temporal frames (7', <), it is often expressed as:

VeVy(r e TAyeT = FveT(x<vAy<w))

10.4.2. A temporal logic

Given the language of PL enriched with operators F, P, G, H and formally defined
by the following syntactic rules:

@ == Pi|mp|o1 A @alp1 V pa|o1r = @a|p1 & @2 Cp| FolPo|GelHe

:defﬁoﬁ(p

O
a model for this language is a triple M = (T, <, v)
where:

T is a set of instants.

We restrict ourselves as follows:

< is a total order relation (see definition 3.25) % Other hypotheses (density,
etc.) lead to other temporal logics

v (valuation) v : P — 2T
(where P is the set of basic symbols and 27 is the set of subsets of T')

We will say that o is true at instant t in model M, which will be denoted by
M.t |E ¢ and by M = l[t], where relation = is defined inductively as follows:

M = Plt]ifft € v(P) % P : propositional symbol
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M | —plt] (also written M ¥ o[t]) iff not(M = ¢lt])

M = olt] v P[t] iff M = o[t] or M = 9[t]

M = olt] AP[t]iff M = o[t] and M |= 1]

M E o[t] = ¢[t]iff not(M |= @lt]) or M |= ¢[t]

M = plt] & YT M = pft] = ¢[t] and M |= [t] = o]
M = Folt] iff there exists ¢/ > t M = o[t']

M = Polt] iff there exists ¢ < t M = [t']

M = Golt] iff forall t' > t M |= ¢[t']

M = Hop[t] iff forall ¢ < t M |= p[t']

A wif p[t] is T iff (T, <,v) = @[t] for every valuation v; ¢ is T , noted = ¢, iff
plt]is T forallt € T. O

10.4.3. How to reason with temporal logics?

Similar to modal logics, we can envisage formal systems or translation methods.
For the temporal logic defined in section 10.4.2, we will propose a direct method:
the method of semantic tableaux. We apply the same process as for classical and
many-valued logics. We shall start by the rules that define the semantics to define the
syntactic rules (that respect this semantics) that will allow us to construct the tableau.

As in its previous versions, the method of semantic tableaux enumerates the
sets of (partial) models of a set of temporal formulas, in which time occurs. The
considerations of section 3.2 about the usage of the method apply.

The following remarks are important:

— there is a new parameter: time. As mentioned, we restrict ourselves to totally
ordered instants: ..., t_p,t_(n_1),---,t—1,t0,t1,%2, .- sty

— the contradictions that permit us to close a branch (and thus to conclude that it is
impossible to construct the potential model that is represented by the branch) between
a formula ¢ and its negation —p must correspond to the same instant (which is rather
obvious: there is no contradiction in the fact of being alive at instant ¢; and not alive
at instant ¢;, where ¢ # j!);

— when applied to a formula ¢ at instant ¢;, the rules that are concerned with
connectives -, A\, V, =, and < will permit us to replace ¢ by the formulas denoting all
models of ¢ at the same instant ¢;. As usual, we shall tick ¢ as already analyzed (v/);
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—rules F', P, -G, and —H below apply only once and will therefore be ticked
after being used (/). Rules —F, =P, G, and H below can be applied at any desired
instant. We will not be interested in the problem of decidable subclasses.

The rules are therefore the following:

10.4.3.1. The method of semantic tableaux

F: Folt] -F : =Fot]
1 1
plt'] forat (t<t) —p[t'] forallt (t<1t')
P : Py[t] —P : =Pylt]
1 1
[t'] forat (t' <t) —p[t'] forallt (t' <t)
G : Gylt] -G : ~Golt]
1 \
o[t'] forallt' (t<t) —@[t'] forat (t=<t)
H: Holt] —-H : —~Hyt]
1 1
elt'] forallt' (t' <t) —[t'] forat (t' <t)

EXAMPLE 10.18.— Prove the validity (or non-validity) of the formula below, using
the method of semantic tableaux:

Fo=F Fy
~(Fo=FFyp)\/to
1
Fo V to
ﬁ(FFQD) to
1
® ty
_\F(p tl
1
P ta
1

" t3
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Of course, every ¢; is different from the other ¢;’s (¢ # j).

The considered formula is not valid. Counter example (i.e. model of its negation):
{lta], ~olta]}. O

EXERCISE 10.9.— Use the method of semantic tableaux to prove the validity (or non-
validity) of the formulas below:

a) F(eV) < FoV Fy

b) Fo NFip = F(o Ay) O
EXERCISE 10.10.— Prove the validity of formula:

Gllp=4q) =p)=Gp

using the method of semantic tableaux. (]

The two following operators are particularly important in computer science and
confer a great expressive power to temporal logic. These are: since and until:

Si: it was the case that ¢ and since then and up till now (ty) it was the case
that 1.

Up: it will be the case that ¢ and from now (to) until then it will be the case
that 1.

@ P to

since

to P ®

until

Their translation in FOL is:
Sy <ty () AV >t (t' <to=¢(t')))
Upyp = >ty (et) AVE <t (t' >to = ¢(t')))

In computer science, temporal logics are used in program verification, Al,
databases, etc. They are used for the analysis and proofs of properties verified by
many systems, including those that are concurrent, non-deterministic, real time, that
do not end, etc.



Non-classical Logics 381

The following relations are often studied in temporal logic:
irreflexivity: Vz(x £ x)

asymmetry: VaVy(x <y =y £ )

transitivity: VaVyVz(z <y Ay < z =2 < 2)

there exists a beginning: 3dvVz(z # d = d < x)

there exists an end: 3fVa(z # f =z < f)

linearity: VaVy(x =yVa <yVy<x)

discrete: VaVy(x < y = Fz(z < 2 A ~FJu(z < u < 2))) AVaVy(z < y =
Jz(z <y A—-TJu(z < u<vy)))

(To be compared with the notion of density below.)

density: VaVy(x <y = Jz(z < 2 < y))

Warning: density # continuity
DIGRESSION 10.2.— (on continuity). A total ordering (S, R) is continuous if it does
not contain any gap.

A cut is a partition (X,Y") (i,e. SC X UY and X NY = () such that:

Vavy(x € X Ay €Y = xRy)

A gapisacut (X,Y) such that X has no last element and Y has no first element.

((Q, <) has gaps: takethe cut X = {x | 2% < 2},Y = {z | 22 > 2}) O
REMARK 10.11.— The formula O(Gp = PGp) = (Gp = Hp) is valid in all
continuous frames. 0
10.4.4. An example of a PL for linear and discrete time: PTL (or PLTL)

10.4.4.1. Syntax
¢ 1= Pi|=plo1 A 2|1 V g2l = p2|p1 & 2| 0 0| Oplp1Upa

.def
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o: next

<& @ eventually
O : always

U : until

10.4.4.2. Semantics
M =(T,S,v)

T afinite or denumerable set of states (instants)
S total function (successor function): 7" — T
Sg: first element

(as usual, we shall note S*(t):

Mt = Piff P € v(t)

Mt |E —piff not (M, t | ¢)

Mt o1 Ao iff Mt = o1 and Mt = ¢

M t= o1V iff Mt = @1 or M.t = o

Mt = @1 = @ iff non (M, t = p1) or M, t = @2

Mt =1 & poift Mt | o1 = w2 and Mt | 2 = o1
Mt Eopiff M, S(t) E ¢

Mt Opiff3i >0 (M, S(t) E @)

Mt = oUps iff 3i > 0 (M, S(t) F @2 AV(0 < j < i =
M, SI(t) = p1))

An interpretation (model) satisfies a formula ¢ iff M, so = ¢
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10.4.4.3. Method of semantic tableaux for PLTL (direct method)

It is based on the same principle as the method used for PL and FOL, i.e. we
enumerate all the models of a set of formulas. To do so, we propose the following
rules that translate the semantics of the connectives that appear in the syntax (section
10.4.4.1). The rules that correspond to the classical connectives are the same as those
for PL.

Rules:

of of fUyg

I v N\ v ¢

I r 0oOf g f

~~
o(fUy)
——
—of =Of =(fUg)
l
onf 4 v AN
-f —g g
—oOf  af —o(fUyg)

—: decomposition of the wifs (independent of time). % see below;
= corresponds to moving forward one unit of time. % see below.

Once the principle mentioned above has been accepted, two new problems related
to time arise:

1) the rules on < and U
2) how to close a branch.

1) These rules can generate a potentially infinite tree, if we systematically choose
the rightmost branches (they replace a formula by another formula containing the same
connective).

To solve this problem, each time a formula is replaced, it is marked as already
developed but still kept (we memorize that it has been developed). If at a given time
(see below (x)), say tx, we obtain the same set of formulas as one occurring at a
previous instant, say ¢;, we add an edge: ¢, — t;. This will lead to a directed graph
instead of an infinite tree (see digression 3.1).

2) If at a given instant we have two contradictory literals P; and —P;, then the
model we are trying to construct is not viable and we say the branch is unsatisfiable.
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If there is a cycle in a branch, this means that an event (Cf, f U g) will
never occur. We will therefore never be able to construct a model on the branch
containing the cycle. The node from which the branch originates will be classified
as unsatisfiable.

Of course, if all descendants of a node n are unsatisfiable, then n will be classified
as unsatisfiable.

() ...But we still have not mentioned time!

Here is how we proceed: we first decompose (i.e. we apply the rules on) the
formulas that do not begin with o. When they have all been decomposed, we
decompose those beginning with o (we move forward one unit of time).

EXERCISE 10.11.— Use the direct method for PLTL to prove the unsatisfiability of
the following formula:

OP A O—P

You will need to propose a rule for OP (use the definition from section
10.4.4.1). O

EXAMPLE 10.19.—
1) O(P = 0Q)
2) O(P = o(—~QUR))
3) OoP

1) is satisfied by every interpretation such that every state in which P is true is
followed by a state in which (@ is true.

2) is satisfied by every interpretation such that if P is true in a state then starting
from the next state, () is always false until the first state in which R is true.

3) is satisfied by every interpretation in which P is true infinitely many times. [

EXERCISE 10.12.— Can you justify the assertions (1), (2), and (3) of example 10.19,
using the translation method and the direct method of semantic tableaux? O



Chapter 11

Knowledge and Logic: Some Notions

In computer science and Al, people often talk of “knowledge”, “knowledge

9 <

representation”, “efficient usage of knowledge”, etc.

We may wonder whether logic, which allowed us, for example, to verify whether
a reasoning is correct, to obtain conclusions from premises, to reason with fuzzy
concepts, to qualify formulas as necessary or possible and to deduce consequences,
to take time into account in formulas, and to reason on these formulas. .. will also
allow us to talk of (and define) knowledge and to reason while taking into account
the knowledge of an agent in a world where there are other agents, possibly with a
different knowledge.

The goal of this chapter is to try to answer this question.

Up to now, we have assumed (implicitly or explicitly) that “knowledge” was more
or less a synonym of “premise” and that the initial premises did not evolve when they
interacted with the environment.

But while handling problems in which the state of knowledge may change, new
difficulties will arise.

In game theory (an entire discipline by itself that we only mention here), it is also
necessary to take an environment that is not passive into account, meaning that the
actions of the other agents in the environment are relevant in the design of strategies
to reach a goal.

Recall that the ideas on probabilities play a very important role in knowledge
theory (for the time being we admit the intuitive meaning of knowledge): it suffices
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to think of natural science. We may define probability as a numerical encoding of a
state of knowledge (a probability 1 would mean a certain event and a probability 0 an
impossible event)!.

The notion of “information” is closely related to that of knowledge, and therefore
to that of probability. Information can be defined as anything that leads to a change in
the assignment of probabilities?.

From a historical point of view, it is interesting to note that until 1660, probabilities
were in opposition with knowledge, and in Galileo’s times, for example, sets of
experiments did not replace proofs3.

We may now move on to the next stage: specify the abstractions that will allow us
to formalize things.

11.1. What is knowledge?

A few questions and remarks naturally arise.

— What interest is there (for computer science and Al among others) to study this
concept and possibly those that are related?

— A little of introspection is sufficient to imagine that those problems related to
knowledge must have been studied by philosophers for a very long time: this is indeed
the case.

— The Greeks and medieval philosophers were interested in this problem but
experts seem to agree on the fact that the topic was studied systematically starting
with Descartes, Leibniz, Hume and others (17th Century). A theory of knowledge
was only envisaged starting with Kant (18th Century).

— The notion of knowledge seems inseparable from that of environment, and
implicitly from our senses that allow us to interact with it.

— Philosophers propose: “to know is the action during which a subject (in
computer science or Al we would say an agent) comprehends an object”, thanks to a
representation (today we would say thanks to a model). It is interesting to note that
Stoicians already used the notion of representation.

— Of course, problems arise, such as: “is it possible to know the entire environment
(all of reality), or will we only be able to comprehend part of it?”” (Note the similarity

1 See definition 11.1.

2 This definition uses “knowledge” as a primitive concept. We shall give a formal definition of
this concept in definition 11.1.
3 See section 8.4.
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with the difficulties experienced during the act of modeling.) These problems have to
be tackled by all those who study natural science, especially physicists.

— The notion of “reality” itself leads to some problems.
— Philosophers talk of “sensitive reality” and “intelligible reality”.

— Sensitive reality can often be misleading (think, for example, of optical illusions,
the principle of inertia, the free fall of bodies of different weights, quantum
mechanics, etc.).

— This characteristic is the reason why intelligible reality is often considered as
superior to sensitive reality.

— Some schools of philosophy that considered the notion of “experience” as
a key notion studied it from a broad point of view, i.e. not only as an account
of phenomena but also taking into account an elaboration that can be intellectual,
historical, introspective, etc.

At this stage, we can already try to identify the characteristics that we want to keep
in our formalization.

— The social factor (several knowing agents) in knowledge and interaction between
agents (agent X knows that agent Y does not know that agent Z ...). Furthermore, it
is clear that science, for example, is a social production.

— Introspection (X knows that he knows, .. .).
— Related to inner experience: what difference between knowledge and belief?

— About the differences between knowledge and belief, they are opposed by the
current discourse, but we can say that there is some sort of belief in knowledge, for
example, that the laws of the universe do not change (with time) and that it is possible
to know them.

— Belief could be defined as an adherence to an idea, an opinion, that we
acknowledge as true and, partly at least, as subjective.

— It is related to the notion of probability, of which one definition is the degree
of belief.
— Etymology does not seem capable of helping us, this time.

— In the search for a logical formalization, we shall make use of the following
definitions, among others, that are proposed by philosophers (even if they are difficult
to grasp).

— Knowledge: act of thought that penetrates and defines the object of its
knowledge.

— The perfect knowledge of a thing, in this sense, is that which, when considered
subjectively, does not leave anything obscure or unclear in the known thing, or that
which, when considered objectively, does not leave anything that exists in the reality
in which it applies outside.



388 Logic for Computer Science and Artificial Intelligence

— Belief: in a weak and large sense, it is the equivalent of an opinion, and denotes
an imperfect consent that, similarly to an opinion, can have any degree of probability.

—...and we call probability (absolutely speaking) the character of the event it is
the most reasonable to expect.

— To synthesize, we shall retain an environment of which the knowing agent(s) is
(are) a particular case.

Among the logics that we have studied, modal logics (see section 10.3) are those
that seem most naturally suited to be logics of knowledge because of the concepts they
handle; the following definition is therefore oriented toward using these logics.

DEFINITION 11.1.— (knowledge).

— An agent knows a fact @ if  is true in all world it considers as possible given its
current knowledge.

— An agent considers as possible the worlds that are not in contradiction with the
facts it holds as indubitable.

— An agent considers a fact @ as possible if it does not know —.

REMARK 11.1.— (on the definition of knowledge).

— “Given its current knowledge” naturally leads to thinking that knowledge can
change with time, which in turn naturally leads to think of the notion of learning.

— In general (always?) we have partial information about the environment.

— We could say that the more information in the possession of an agent, the less
possible worlds it will consider. In other words, the number of worlds it considers
as possible is directly related to its uncertainty (think of the scientific process or of a
game of cards, etc.). For example, if an agent rolls a die, there are six possible worlds.
If it makes an object fall, there is only one possible world. U

DIGRESSION 11.1.— The knowledge modeling that is used in game theory or in
mathematical economics uses concepts that are close to probabilities, in which a key
notion is that of an event, i.e. the set of possible worlds.

We could say that instead of working with logical formulas, those working in these
disciplines work directly on their denotation: for example, “n is an odd number” will
be replaced by the set of worlds in which n is odd. “n is odd and greater than 2007”
will be replaced by the intersection of the set of all worlds (states) in which n is odd,
and the set of worlds (states) in which n > 20074, O

4 In the initial developments of probability theory, people talked of “propositions” with the
meaning of events. It is after Kolmogorov’s axiomatization that elementary events were treated
as sets. Stochastic situations can be modeled indifferently using sets or propositions.
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11.2. Knowledge and modal logic
11.2.1. Toward a formalization

The description language must be able to express the retained notions:
— We assume n agents (n € N).

— Propositions on the states of the world (or on the worlds) (for example, the
weather is nice, I have an ace, etc.). P: the set of all atomic propositions (formulas).

— K;: agent i knows ¢.

11.2.2. Syntax

— @ == Pi|mlp1 A pa|p1 V 02|01 = p2|o1 & @] Kip

T:df pv-p
F:def T

11.2.2.1. What expressive power? An example

— We will be able to write formulas such as (proposition P meaning: agent 1 has
an ace)
K KoP N ~KyK3P

— meaning: agent I knows that agent 2 knows that he (agent 1) has an ace and
agent 2 does not know that agent 3 knows that agent 1 has an ace.

11.2.2.2. Semantics

An e-frame (e stands for epistemic):

-M=W, K1, Ka, ... ,Ky,v)

— W # 0 : set of possible worlds

— K; C W?: accessibility relations of the agents

—v: P — 2" or W — 27 where, as usual, 2"V and 27 denote sets of subsets
of W and P, respectively. (v is called a valuation and indistinctly gives the set of
worlds in which a proposition is evaluated to T or the set of propositions that are
evaluated to T in each world).

- M,w | K; piff forall w’ such that (w,w') € K;: M,w' E¢

We can see that, with the semantics of the accepted definition of knowledge, the
latter is relative to the possible worlds (i.e. to the world we belong to) and to the agents
(i.e. to the worlds that are accessible to them).
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EXAMPLE 11.1.— (Fagin et al.).
-M= (W, K, K3, v)
-W = {wy, wy, ws}
-v(P) = {w:, ws}
- Ky = {(w1, w1), (w1, w2), (w2, w1), (w2, w2), (w3, ws)}

- Ko = {(w1,w1), (w1, ws), (w2, w2), (w3, w1), (w3, ws)}

The accessibility relations and the valuation are, similarly to the other modal
logics, represented in a compact way as a graph:

W3

k1:

kpim = =

In world w3, agent 1 knows that P, but in world wy, he does not. Agent 2 knows
that P in both worlds, but does not in world ws. O

To summarize, operator K; permits descriptions in which:

— A world (state) is not completely characterized by v. Each agent has its
“particular view” of reality. For example, if P is an arbitrary proposition (T in world
wy), it is possible for agent 1 not to know P, and for agent 2 to know P but not to
know that agent 1 does not know P, ...:

/\/l,w1 |:PA_‘KlpAKQP/\_|K2_|K1PAK1(K2P\/K2_|P) O

We will say that a formula ¢ is valid in an e-frame
M=(W, Ky, Ka, ... ,K,,v),noted M £ piffforallw € W : M,w [ ¢.

¢ is satisfiable in M iff there exists w € W such that M, w | ¢.
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Finally, ¢ is valid iff ¢ is valid in all e-frames, and ¢ is satisfiable iff it is satisfiable
in an e-frame.

11.2.3. New modal operators

To formalize the abstractions that were retained for knowledge, three modal
operators are introduced (G # (): subset of agents).

— Eg: allin G know.

— Cg: itis a common knowledge of all the agents in G (i.e. all know, all know that
all know, ...).

— Dg: it is a distributed knowledge among the agents in G (i.e. the agents in
G know in the worlds they have access to, in other words, ¢ is a distributed
knowledge among the agents in G iff ¢ is T in all worlds that are accessible by all the
agents in G).

If G is the set of all agents, we shall write E, C' and D.

We extend the syntax to take these new operators into account:

11.2.3.1. Syntax (extension)

—If ¢ is a formula, then Eqp, Cap, Day, Ep, Cp, Dy are also formulas.
Thus, we must add to the grammar of section 11.2:

-y u=Ecp | Cop| Doy | E¢| Co| Dy
...and we must also formally define the semantics of these operators:

11.2.3.2. Semantics (extension)
-M,w = Egyiffforalli € G:  M,w = K;p
— We note:
- Egpp
- ELyp :Egyp % i.e. all those in G know ¢
- E%p :EgEgy % i.e. all those in G know that all those in G know ¢
~ B0 :EgELy
- M,w | Capiff Myw = ELpfori=1,2,...
- M, w = D¢ iff for all w’ such that (w,w’) € (¢ K, we have M, w' |= ¢
— For example we can write:

- K1ﬁ0{2’3}P AN-CQ N DQ
meaning: Agent I knows that P is not a common knowledge of agents 2 and 3 and
Q is not a common knowledge, but a distributed knowledge in the system.
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11.2.4. Application examples

11.2.4.1. Modeling the muddy children puzzle

The problem:

— n children (brothers) are playing in a muddy courtyard. Their mother told them
that those who got mud on themselves would be punished.

— During the game, k children get mud stains on their foreheads.

— Of course, each child can see the mud stains on the others’ foreheads, but not on
their own.

— Each child hides what he sees.

— Their father, who always tells the truth, comes home and says: at least one of

you have a mud stain on your forehead (a fact which, if £ > 1 was known by all. If
k = 1, then the one with the stain on the forehead did not know that).

— The father repeats again and again the question: “does one of you know that he
has a mud stain on the forehead?”

— We assume that the children reason perfectly and that they never lie.

— Thus (this is what needs to be proved) during the first £ — 1 times the question
is repeated, the children will answer “no”, but when the father asks the question for
the k*" time, the children with mud stains on their forehead will answer “yes”.

The modeling:

— Similarly to all modeling phases, the notions of “good” models and information
are implicit. There is common knowledge that is implicit (for example, no child is
blind).

— P;: child ¢ has a mud stain on his forehead.

— Each world will be characterized (named) by an n-tuple (z1, 2, ...zp);
x; € {O, 1}

(with the meaning: “child i has a mud stain (has no mud stain) on the forehead iff
i =1(x; =0)")

—ThllS, M, (Il, To, .. In) ': Pz lffIZ =1.

— We, therefore, define v, taking this into account.

— For the sake of simplicity we can define:
pdel p v P, v ...VP,

11.2.4.2. Corresponding Kripke worlds

We assume there are three children. The graph below represents all possible
configurations of mud stains on the children’s foreheads (2% possibilities). The triples
(i,4,k) 2,7,k € {0,1}) correspond to the valuations (here, we also use them as
names of worlds or states). The (double) arrows denote the world (or state) that each
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child considers as possible (i.e. w.r.t. the accessibility relation) in the world in which
he is (i.e. where he sees what he sees).

For the sake of readability, we did not draw for each child and each world the
arrows with the same origin and destination.

(1,1,1)

4?

Child 1: —
Child 2; e== =
Child3: ====---

— We can write, for example:
-M,(1,1,0) E K3P
-M,(1,0,1) E Ki—P;
-M,(1,0,1) E K1P;
-M,(1,0,1) E K 1P
-M ECP,= K1 P)
-M EC(P= Ki—P)
-M,(1,0,1) £ EP

The father speaks ~ the graph changes.

— For example, in (1, 0, 1), child 1 considers (0, 0, 1) as possible, and in this world,
3 considers (0, 0, 0) as possible.

— Hence, 1 considers as possible that 3 considers as possible that no child has a
mud stain on the forehead.

— When the father says P, things change:

— No child considers state (0, 0, 0) is possible anymore.
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11.2.4.3. Properties of the (formalization chosen for the) knowledge

Similarly to all modeling phases, the abstraction adopted for knowledge must be
subject to analysis to evaluate its pertinence. The researchers who proposed it note
that the properties and consequences of the definition of knowledge that was accepted
correspond to what we informally expect of this concept.

For example, we can prove:
-E (KipAKi(p=1)) = Ky % Distribution axiom,
—Forall M if M = p then M = K;p % Knowledge generalization rule

This property states that an agent knows every valid formula (...but not
necessarily those that are true).

-E Kp=¢ % Knowledge axiom
knowledge # belief (see example 10.17)
This property states that an agent does not know something false.
-E Kip= K, K;p % Positive introspection axiom
(see example 10.17)
-E -Kip= K-K;p % Negative introspection axiom
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Solutions to the Exercises

EXERCISE 3.1.— We can represent an interpretation as a subset of II, with the
elements of this subset being the propositional symbols that are evaluated to T in
the interpretation.

There are 280 subsets of II; hence, there is an uncountably infinite number of
interpretations for PL.

A more detailed proof.

Every interpretation I can be represented by the graph of the function defining it:
I={(Pj,*)|j€eN, x: T (exclusive) or *: F}

There are infinitely many interpretations, take for example (I € N):
Iy = {(P,T), (P, F) | m € N; 14 m)

Now if we assume that the set of all interpretations in PL is denumerable, then
they can be enumerated (i € N):

L ={(Pj,*)|jeN, x: T (exclusive) or x: F}
Consider the interpretation Z defined as follows:
IT={(Px,x) | keN, «:T if (P,,F)ely; «x:F if (P, T)e€Il}

This interpretation is different from every /; in the list we assumed we were able
to construct, at least for the couple (P;, ).
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Therefore, assuming that the set of interpretations for PL is denumerable leads
to a contradiction. The set of all interpretations of PL is therefore uncountably
infinite. O

REMARK 12.1.— To avoid the (implicit) use of the axiom of choice, we can encode
F :0T: 1 and define:

I:{(Pk?(*+1)mod2) ‘ kEN, (Pk,*)elk s x=0 or *:1} 0

REMARK 12.2.— The argument used here is the same as the argument used to prove
that there are uncountably many real numbers in the interval [0, 1] (which entails that
R is uncountably infinite):

We assume that we can enumerate all real numbers between 0 and 1:

0,z zs...xh ... ahe[0,1,2,...,9(i,j =1,2,...)

1
n
2,2 2
0,z7z5...2;, ...

0,228 .. ab ...

But the real number:
y=0,1%2...y1...,wherey; #xi=1,2,...

is not in this list (it is different from the first number at least at 21, from the second at
least at x%, ...from the n'™® at least at Tn,...)

A contradiction; hence, the set of real numbers on [0, 1] is not denumerable.  [J

EXERCISE 3.2.—

a) A truth function can always be represented by its graph, a its domain and range
are finite.

The following example clearly shows how to proceed (it is trivial to transform this
method into an algorithm).

P QR [JPQR[PQR)
TTT
TTF
TFT
TFF
FTT
FTF
FFT
FFF

Sl e !
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The dnf of f(P,Q, R) is:
(PANQAR)V(PAQA-R)V (-PA—-QA-R).

The justification is very simple (properties of A and V): every other combination
of literals that appears in the dnf is equivalent to F' (by inspection of the truth table).

The cnf of f(P, @, R) is:
(=PVQV-R)A(=PVQVR)AN(PV-QV-R)AN(PV-QVR)AN(PVQV-R).

It is obtained because of the following equivalences:

- \/ /\ P; equiv. /\ \/ -P;

and:

~=f(P,Q, R) equiv. f(P,Q, R)

i.e. we take the conjunction of disjunctions for those f(P,Q, R) = F.
b) Use the equivalence P V @ equiv =(—P A =Q) and (a).
¢) Use the equivalence P A @ equiv (=P V —Q) and (a).
d) Use the equivalences P A Q) equiv ~(P = —=Q) PV Q equiv =P = @ and (a).

e) Use the equivalences =P equiv P | P; PV Qequiv (P | P) | (Q | Q))
and (c).

f) Use the equivalences =P equiv P | P; PAQequiv((P | P) | (Q | Q))
and (b). O

EXERCISE 3.3.— We provide a sufficient condition.

It is true if the only line with value F is the given one (see cnf, solution of
exercise 3.2) or if the only line with value T is the one given (see dnf, solution
of exercise 3.2). O

EXERCISE 3.4.—

a)

(P=0Q)
TTT
TFF
FTT
FTF

EEEE
EEEEE
BlE[EH[v
EEEEE
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b)

P=Q)
TTT
TFF
FTT
FTF

(-Q==-P)

= = =
I

e
S = |

)

S

- (AV B)
TTT
TTF
FTT

FFF

e
EEEEE
o e
EEEEE

d)

AV B
TTT
TTF
FTT
FFF

EEEIEES
=l le=k

J
i

P=Q)
TTT
TFF
FTT
FTF

Hujeujjo
EEEEL

M| | | | >
M| 3| = =

EXERCISE 3.5.—
a)

To know whether it is always F, we try to evaluate it to T':
to evaluate to T an implication, it suffices (this is not the only possibility) to fix its

consequent to T.

F

T ~=
(.)o=(S = (RVT))
~—_— —
T
It thus suffices to assign F to .S and not bother with the truth values of the other
propositional symbols to evaluate the given formula to T. It is not always F.
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To know whether it is always T, we try to evaluate it to F':

to evaluate an implication to F, the only possibility is to have its first term evaluate
to T and its second term evaluate to F.

((...:»&)A(...:»QT/@))A(\F@J¢...)A(...:»&))¢(\?¢(\1}v\?)

We can evaluate it to F' with the given assignments . It is not always T.

Conclusion: the given formula is neither contradictory nor a tautology.
b)

As mentioned above, to evaluate an implication to F, the only possibility is to
evaluate its first term to T and its second term to F.

To evaluate the second term to F, the only possibility is:

(E:>A)£>(D:>A)
——— ———
T F

and the only possible assignments are:

A: F
D: T

hence:
E:F

With these assignments, we try to evaluate the first term to T, the only
possibility is:

(A= B)= (-C' = -D)) = C) =

F

E
~—
F

With the only possible assignments for A, D, and E, we must assign C' to T and
F, which is impossible.

Conclusion: the given formula cannot be evaluated to F. (]
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EXERCISE 3.6.— No, < is not anti-symmetric (see definition 3.23):
Of course, for example:
FEFVFand FVFEF
But formula F' is (syntactically) different from formula 'V F. (]

EXERCISE 3.7.—

a)

@=P)
TTT
TFF
FTT
FTF

EEEEE
=

If we have P, any proposition implies P.
b)

J
Y

=

P=qQ
TTT
TFF
FTT
FTF

H| 1| = =

If P is false, then P implies any proposition.

(a) and (b) are called paradoxes of material implication. O

EXERCISE 3.8.— As is customary (in particular in mathematics), we convene that a
reasoning is correct if and only if

We cannot evaluate the premises to T and the conclusion to F. | (]

REMARK 12.3.— This convention (definition) enables us to immediately propose two
classes of reasonings that are trivially correct:

contradictory premises (inclusive) or tautological conclusion. O

Before any translation, it is necessary to identify the synonyms and propositions
that are negations of other propositions.
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We propose:

S: Life has a meaning.

M: Life necessarily ends by death.
T: Life is sad.

C': Life is a cosmic joke.

A: Angst exists.

B: Life is beautiful.

—B: Life is ugly (life is not beautiful).
—M: Life goes on after death.

Most of the time we must make translation choices, but we will assume (this is not
important, the important fact is to be aware of the difficulty of translation) that we all
agree with the translation.

Once the translation has been made, we try (without forgetting to test the other
possibilities if there is a failure) to find an interpretation that permits us to evaluate the
conclusion to F' and the premises to T.

If we succeed, the reasoning is incorrect and we have produced a counter
example.

If we fail, the reasoning is correct.

S NM = T

~— =~ ~—~
F T F
T
-M AN S = C
~— =~ ~—
F T F
T
S N-M= —-A
~— ~—~
F F F
T
-C = =T
~— ~—
T T
A
~—~
T
T
T v C = -B
~— ~—~
F F F
-B
~—~
F

Therefore, with this formalization, the reasoning is incorrect. O
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EXERCISE 3.9.—

a)

IR

&t

TARICIE

— o
+{=

e

Incorrect reasoning. Which is “natural”: in general, when the conclusion is
independent from the premises, the reasoning is incorrect, except in the case of
reasonings that are trivially correct (i.e. contradictory premises and/or tautological
conclusion).

b)
A X B
<~ =~
T T
B X ¢
~—  ~~
T T
c X p
~— =~
T T
-D % impossible to evaluate to T
AV FE
—~ =~
T F
E
~~
F

As there is no other possible way of evaluating the conclusion to F and the
premises to T, we conclude that the reasoning is correct.

If we had wanted to go from the premises to the conclusion (forward chaining),
we would have done:
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—D — T (only possibility), hence (contrapositive) ~C' — T (only possibility),
hence (contrapositive) =B +— T, hence (contrapositive) = A — T ,i.e. A — F; thus,
necessarily, for all the premises to be T: E — T . We conclude that the reasoning is
correct. U

EXERCISE 3.10.—-

a)

PANQ@=R) =S — —=(PANQ@=R)VS — (-PV-(Q =
R)vVvS — (-PVa(-QVR)VS) — (PVQA-R)VS —
(FPVQ)A(-PV=R)VS — (-PVQVS)A(3-PV-RVS)

b)

(PV-Q)=R — —~(PV-Q)VR — (-PAQ)VR]

c)

No, for example:

(PV —=Q V R): cnf (a conjunct with three literals)

(P) V (=Q) V (R): dnf (three disjuncts, each with one literal)

d) No, it suffices to apply the distributivity of A w.r.t. V

% Note the analogy with Cartesian product:

(AV=BVC)A(~DVE)A(FV-GVH) — (AA=DAF)V(AA-DA-G)
V(AN-DANH)V(ANEANF)V(ANEAN-G)V(ANENH)V (-BA-DAF)
V(-BA-DA-G)V...V(CAEANF)V(CNEAN-G)V(CANENH)

(i.e. 3 x 2 x 3 = 18 disjuncts)

e)

No.

Consider the wif:

F: (PN Qe RANREP)

The wifs G and H below:

G: (-PVQ)AN(-QV R)A(-RV P)
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H:(-QVP)A(=PVR)A(-RVQ)
Are two cnfs of F' and they are different. (|

EXERCISE 3.11.—
N': There is a unique norm to judge greatness in art.
M: M is a great artist.
G: G is a great artist.
P: P is considered as a great artist.
D: D is considered as a great artist.
W: W is a great artist.
K: K is a great artist.

S: Sis a great artist.

The following formalization seems “natural”:
)N =-(MAG)

2PV D=-W

3) W = (K VS)

4) -G

SYDNK

6) N

Forward chaining: we try to evaluate the set of premises to T (in every possible
way) and verify that all models of this set are also models of the conclusion.

(— shows the evaluation sequence)
in (4) G — F (only possibility) — in (5) D — T (only possibility); in (5) K
T (only possibility), hence in (3) W +— T; hence, in (2) P V D must be evaluated to

F: impossible.

As there is no other choice to evaluate the premises to T, we conclude that the
premises are contradictory, and hence the reasoning is trivially correct.

Backward chaining: if we can evaluate the conclusion to F and the set of premises
to T, then we refute the reasoning.

(— indicates the evaluation sequence)
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in6)N—-T-—in(1)§—-ForM—-F-—in(5)D+— Tand K — T
(only possibility) — W — T (only possibility) — PV D must be evaluated to F':
impossible. Hence (of course!) the same conclusion, meaning that we cannot refute
the reasoning which is correct. U
EXERCISE 3.12.—

a) As we can evaluate the conclusion independently from the premises, we will be
able to evaluate the conclusion to F' and the premises to T. In general, the reasoning
will therefore be incorrect.

Farticular case: trivially correct reasonings (see exercise 3.9).

b) See proof of the following assertion exercise 3.30:

S: set of clauses, L € C' € S, L pure

(%) S is contradictory iff S '\ {C'} is contradictory

We shall prove that a reasoning is correct by proving that the set of premises
together with the negation of the conclusion is contradictory. We can use property
() for this verification.

Example:

S ={Cy,Cy,C5,Cy}
Ci: PVQVR

Cy: -PV-—Q
C3: ~RVU
Cy: mUVT

Step 1: we erase Cy (T pure)
Step 2: we erase C'3 (U pure)
Step 3: we erase C (R pure)
Step 4: we erase C'y (—P and —() pure)

S is thus equivalent to §); hence, non-contradictory (satisfiable). The reasoning
from which S was generated was therefore incorrect. U
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EXERCISE 3.13.— We use the following propositional symbols:

C': Someone asked the house servant the question “...”.
The house servant answered.

Someone heard the house servant (the house servant was heard).

R:

b

Q: Someone saw the house servant.

T': The house servant was busy polishing cutlery.
U:

The house servant was here on the day of the crime.

The reasoning can be formalized as follows:
HC =R

2)R=F

3) -FE

4H-QAN-E=T

S5YT=U

6) U

The reasoning is incorrect: the interpretation {Q}, i.e. Q evaluated to T and all
other propositional symbols evaluated to F (see example 3.4) is a counter example.

Instead of verifying the correctness of the reasoning by using the same method
as previously, we will do so in a way that is closer to the syntactic point of view of
inference, similar to the inference rules used in mathematics, which will be treated in
detail in section 3.3.

A major difference with the standard practice of mathematics is that we declare
all the inference rules (elementary reasonings) that will be the only rules we will be
allowed to use.

Inference rules:

. P P=Q

MP: —

and (intro): £-%

and (lelim): —5=

and (relim): —5=
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or (intro): 75
contrap: —5=%;
disj. syl.: ~2-5~<

abd: @ % Warning: abd is not a correct rule (see definition 3.12). It is
used to discover premises in abduction (see section 8.3).

a) A trivial possibility: add U to the premises.
Other possibilities (closer to the intuitive notion of an explanation)
Forward chaining:

al) We add —Q and we deduce:

HnT (3), (al), (4), and MP
U (5), (7), MP

Other possibility:

7)-R (3), (2), contrap
8 -C (7), (1), contrap

a2) We add -C' = —Q (or Q = C) and (al), we obtain U.
Backward chaining:

7T (6), (5), abd

8" -Q N-E (7), (4), abd

a3) We add =@ and we obtain U as above.

b) There are infinitely many solutions (redundant intermediate chains that can be

removed).

c¢) No: either the added premises are in contradiction with the existing premises,
in which case the reasoning is trivially correct, or we carry out the same proof, as we
did before the addition of the premises.

The key remark here is that a model of a set of formulas is a model of all the
formulas in the set.
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Assume Py, Py, ..., P, = C and:

(%) P, Pay ..., Pp,Q ¥ C % Q can be any formula, in particular, the “strange”
case where @ : —C' (because it is impossible to evaluate the premises to T and
CtoF).

(*) means that there exists an interpretation Z that is a model of { Py, P», ..., Py,
@} and a counter-model of C'.

But a model of {P,P»,...,P,,Q}s also (by definition) a model of
{Py, Ps,...,P,}, and every model of { P, P, ..., P,} is a model of C; hence, (*)
is impossible.

REMARK 12.4.— In the formal system (see definition 3.9) whose inference rules
are those above, it is possible to prove the ex falso quodlibet principle: “from a
contradiction we can deduce any conclusion” (see also exercise 3.26).

1) PAN—=P premise

2P (1), and (relim)

3)PVvQ (2), or (intro)

4) =P (1), and (lelim)

5Q (3), (4) disj. syl. O

EXERCISE 3.14.— only if)
Trivial. By definition:

A = B means: every model of A is a model of B. This means that A = B cannot
be evaluated to F', i.e.:

EA=B
if

= A = B means that it is impossible to have interpretations that evaluate A to T
and B to F, in other words:

AEB O

EXERCISE 3.15.—

a) Particular case of exercise 3.14.

by HH AHa A...A Hy, = Ciff HH AN Ha A ...\ H, A —C is unsatisfiable.
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only if)

All models of Hy A Hy A ...\ H,, are models of C' (definition of |=), hence, are
counter-models of =C'. If H; A Hy A ... A H,, is evaluated to F', then so is H; A Ho
AN...NH, N=C.If HH N Hy A ...\ H, is evaluated to T, then —C' is evaluated to

F,andsois Hy A Hy A ...\ H, N =C. Conclusion: Hy A Hy A ...\N H, AN =C'is
unsatisfiable.

i)

It suffices to restrict ourselves to the interpretations of H; A Ha A ... A H, A =C
that are models of Hy A Ho A ...\ H,,.

If M is a model of H; A Hy A ...\ Hy, then by definition of unsatisfiability,
E(-C, M) = F, hence £(C, M) = T, therefore, H; A Ho A ...AN H, EC. O

EXERCISE 3.16.—
Answer: (b)
We prove so by reductio ad absurdum.
Assume A |= B, hence:
A E A A B (definition of )
but A A B |= C (hypothesis)
thus (transitivity of =)
A = C contradiction, therefore:
A¥F B O
EXERCISE 3.17.—
True.
The reasonings will be of the following form.
Premises: S1 = {fiy» fkar- s Jln_1}
Conclusion: —f;

where k; #lforl1 <j<m—1land1 <[ <n.
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Indeed, a S is minimally unsatisfiable, S; C S is satisfiable and every model of

=

S1 must be a counter-model of f; (a S is unsatisfiable), i.e.:

S1Efi O

REMARK 12.5.— This property can be viewed as a generalization of the proof
technique that consists in proving the contrapositive.

If we have proved Py A P»... AP, EC
by proving:
{Py, Ps,...P,~C} unsat,
then we have also proved that
“-CE-(PLANPy...\NP,)
(if ~C'is T, then (P; AP, ... A P,) must be F, otherwise the set would be satisfiable):
ie.
-CE-PV-P...V-P,
or, in other words:

~CAP APy...APo_y =P, O

EXERCISE 3.18.—

a) The ideas and remarks that will enable us to construct the interpolant are the
following:

1) Each line! of the truth table of a formula F is an interpretation of F (the truth
table enumerates all the interpretations of F). We shall mention interpretation with
the same meaning as line in the truth table.

2) The interpretations of interpolant C to be constructed will, in general, be partial
interpretations of {.A, B} (except in the case in which Propset(A) = Propset(B)).

3) Key remark. Given an interpretation 7 of C, does there exist an interpretation
T of {A, B}, that is an extension of 7 and such that:

1 We exclude the truth value assigned to the corresponding formula from the line.
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?
A¥LB

As, by hypothesis, A = B, i.e. every interpretation satisfying A also satisfies 1,
such an interpretation I does not exist.

4) We want A |= C; hence, if line 1 of the truth table of .4 evaluates .A to T and [
contains line /¢ of the truth table of C, then we will evaluate line [ of C to T.

5) We want C = B; hence, if line [ of the truth table of B evaluates B to F and
contains line [ of the truth table of C, then we will evaluate line [ of C to F'.

6) There cannot be any conflict between steps (4) and (5) (see remark 3).

7) For the cases in which line [ evaluates A to F (respectively, B to T), we can
arbitrarily choose to assign values T or F to line [ of C, which means that, in general,
there are several possible interpolants (2", where n is the number of lines from which
we can choose).

8) Points (1)—(7) above are about the truth table of C. The method described in
exercise 3.2 enables us to construct the dnf (or cnf) of C.

(1)—(8) above give the algorithm to construct C and prove its correctness at the
same time.

b) Propset(A) = Propset(B) = Propset(C) = {A, B,C}

A B

A B C|As (BVC)|(AN-B)=C C
TTT T T

TTF T T

TFT T T

TFF F F F

FTT F T T or F (arbitrarily)
FTF F T T or F (arbitrarily)
FFT F T T or F (arbitrarily)
FFF T T

By applying the method of exercise 3.2, we obtain the 8(=23) possible
interpolants:
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C1:(AANBAC)V(AABA-C)V(AAN-BAC)V (-AA-BA-C)
Cy:
Cs:
Cy —~AABAC)V (-AA-BACQ)

CiV(mAANBAC)V (mANBA-C)V (=AN-BAC)
ChV (
ChV (
Cs5:C1V(mANBACQ)
Cy v (
Cy v (
Cy v (

—~AABAC)V (-AABA-C)

Cs : “AABA-C)V(mAAN-BAC)
Cy:
Cys:

ﬁA/\B/\ﬁC)
ﬁA/\ﬁB/\C)

c) Propset(A) = {A, B,C}; Propset(B) = {B,C, D}; Propset(C) = {B,C}

A B

ABCD-D|(mAAN-B)A (A< C)|(C = B)A(—-DV-0C)
TTTTF
TTTFT
TTFTF
TTFFT
TFTTF
TFTFT
TFFTF
TFFFT
FTTTF
FTTFT
FTFTF
FTFFT
FFTTF
FFTFT
FFFTF
FFFFT

R ||| 1| S| R B R s S| S|

== =) | | | | | | |

B C|C C
TT| FF
TF|TF
FT| FF
FF|TT

Ci : (BA-C)V (=B A-C)equiv-C

Cy :—-BA=C O



EXERCISE 3.19.—

Tree 1
D-((PA(Q= (RVS)))=(PVQ))
2)PA(Q=(RVNS))

3)~(PVQ)

4 P

Q= (RVS)

|

6) =P (3)

7) -Q (3)

8) x (6), (4)
Tree 2

D=((PA Q= (RVYS))=(PVQ))
2)PA(Q= (RVS))

3) ~(PVQ)
4) P
Q= (RVS)
(6) = Q (5) (7)RVS(5)
(10) = P (3) (B8R (7)
(11)-Q@®)
X
(12) =P (@) (14) =
(13)-Q @)
X

© s

(15) = Q (3)
X

Solutions to the Exercises

413
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EXERCISE 3.20.—

a)
M~H=M V

@) W=-H
B)- (< H=(~W=M)V

@)-H ) }
B) = (~W=M) @3)V.

®)5-H ()Y © M ()
| X (9)7)
(10)H (8)
X (10)-(4)

Correct reasoning
The }’s, the 1/’s, and the arrows correspond to the operations:
Fe (FN{F) U} and
F = (F\{fi})

of the algorithm SEMANTIC TABLEAUX (PL).



Solutions to the Exercises

b)

(1) (R=G) A (-R=8)V
(2)-GvS)V

() -G (2
(4)-5(2)

BYR=G(1)V
6)-R=5 1)V

(7) =R (5) (8)G (5
X (8)-(3)

(9) R (6)V (10)S (6)
X (10)-(4)

Correct reasoning

9

) (HvW) =MV
@) -~ MvH) V

@) =M (2)
(4)-~H (2)

TN

B)~(HvW) (1) &M (1)
‘ X (6)-(3)

(7)~H (5)
8)-W (5

Incorrect reasoning, counter example: {—H,-M,-W}

415
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d)

1)A==BvCO)Y
2)B=Av-0C)V
3) - (C=B)V

4) c@
B (3)

VAv-C (2) Vv

10) = A ( -BvC VY 8)A (7) -C (7)
X (9)-(4)

14) = 15)C (11) 12)=A (1) 13)=BvC (1) v
X (8)-(12)

16) = 17) C (13)

Incorrect reasoning, counter examples: {—A,-~B,C}, {-B,C}, and {A,-B,C}
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€)
NP =RAT)V
2)(TvS)=-QV
3)-(PvQ)V
HPvQ YV
5) P (4) 6) Q(4)
/\ 100-Q 2)
DaTeE) @Y 8) -Q((2) 9 ~(TvS)(2V x
17) =P (1) 18)RAT(1) 13)-T (9)
1)-T (7) X (17)-(5) 14)- S (9)
12)=S (7)
R (18
7.((18)) 19) =P (1) 20RAT (1)V
18)~F (1) 16)RAT (1)V
X (15)-(5)
21)R 2R
22)T 4T
X (22)-(11) X (24)-(13)

Incorrect reasoning, counter examples: {P,—Q, R, T} and {—-P, Q, —S, -T'}
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f)
1) (S=R) APV
2)Q
3) (=R A(=SAP) V
4) R V 5)~(-SAP) (3) V
AR 7)-"S (3) V 8)~P (3)
10)S=R (1) V 9 S ‘
M) P (1) )5 @) 14)S=R (1) V
15) P (1)
16) =S (10) 17) R (10) X (15-()
12)S=R (1) V
13) P (1)
18) -5 (12) 19) R (12)
X (18)-(9)

Incorrect reasoning, counter examples: {P,Q, R,—~S}, {P,Q,R}, and
{P,Q,R,S}
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2)
([PrQAR=S]=[P=Q=R=5)1)V
(v -1V
v Il ‘]] v
S ~ v
“(PAQAR)V AP (@ =R =S) Y (O_‘;R)
- P "(Q A R ) \/ ‘
=(P=(Q=R=S))V P
-(Q =(R =9))V P
-Q -R Q
“(P=@=R=5)V ~pP=@Q=R \:5))) v =
X ‘ ~(R=8)V B
p SQ=R=NV g _.),: ;#Ri& v
~(Q=(R=9)V -5
‘ X -Q R =S
Q .7 sy XN
- (R =9) - S
X ‘ X
R
-S
X

Thus, the initial formula is valid.
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EXERCISE 3.21.—

a)

—P (3) —R@) —P@3) R (3)
/ I |
P R P

1
Ry]
S
[9))
1
]
©
[9))
~

e /\ /\

"R -QEO)
X x x x

The set of formulas is satisfiable, with models {-P, R,S,—-Q} and
{Q7P7_‘R7_‘S}

b)

Although this is not necessary at all, sometimes, a preprocessing can enable us
to simplify the problem under consideration. We illustrate this by applying the purity
principle, i.e. the removal, in a set of clauses, of those clauses containing pure literals,

since such an operation preserves the (un)satisfiability of the set (see exercise 3.30).

We must thus transform S into an equivalent set of clauses.

1) -P
2)-R=W — -RV-W Step 2: clause deleted, W pure
3YQVTV-P
QV (T =-(PVU)) —(
3NQVTV-U

4YPVU
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4) =P = (U A =R) —

4"y PVv—=R Step 3: clause deleted, ~R pure

5) =Q

6) U

7)) -T

8)-R=S — -RV-S Step 1: clause deleted, S pure

PvU 4
9P 10)U
X (9)-(1) X (10)-(6)
The set of formulas is unsatisfiable. O

EXERCISE 3.22.— We give two reasons.
1) If they were defined as functions:

— they would either be partial functions, for example:

.A B=C
Mp: A B=C

— or we use a trick:

A B=C
A

2) We would like to have, for example:

PAQ .
=5, but also:

PAQ
Q

This inference rule is clearly not a function, as it gives two distinct values for the
same argument.

In general, it is impossible to consider inference rules as functions without any
problem arising. 0
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EXERCISE 3.23.— We want to prove:
IfI'tg, A= B,then'; Atgs, B
PROOF.— By definition, there exists a deduction of A = B starting from I':

r

A= B

if we add A to the hypotheses, we obtain B by MP on A and A = B, i.e.

I'Akg, B. O
EXERCISE 3.24.—

a) MP is correct: every model of A and A = B is necessarily a model of B
(otherwise B would be F, by definition of =>).

We can easily verify that all the axiom schemas are tautologies (valid wffs).
Hence, by definition of a valid wff and by induction on the number of steps in the
proof, we conclude that every theorem of Sy is a valid wff.

b) Assume that there exists A € £ such thatt-g, A and g, = A.

As shown in (a) above, every theorem of 57 is a valid wff. The negation of a valid
wif is not a valid wff, hence it is not a theorem (contrapositive).

Therefore, such a wff A cannot exist.

c¢) Truth tables (semantic tableaux, the Davis and Putnam method, etc.) permit us
to decide whether a wif is valid or not. As we admitted that .S, is adequate, we have a
decision procedure for S.

REMARK 12.6.— The soundness proved in (a) is not sufficient to prove (c). Indeed,
the former says: if not valid then not a theorem. But if adequacy (completeness) is
not guaranteed and the wff under consideration is valid, then we cannot be sure that
it is a theorem of S; (it could be a valid wff that is not captured as a theorem by the
formal system). O
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EXERCISE 3.25.—

a)
(A= -A)= (A= A) = A) (A3) B+ A
2) A=A Example 3.9, page 79, A+ —-A

We can always use a theorem that was already proved. The justification is simple:
we copy its proof at the beginning of the proof that uses it. The proof thus obtained
respects the definition of a proof.

3) (A= A)= A (1),(2), and MP

b) We give two deductions, one of which uses the deduction (meta-) theorem
(abbreviated as DT).

i) Without using the DT

HA= (B=C) hyp.

2) B hyp.
3)(A=B)=(A=C) (1), (A2), MP

4) B = (A=B) (Al) A«~ B, B+ A
5 A= B (2),(4),MP
6)A=C (3),(5),MP

i) Using the DT

HA=(B=C) hyp.

2) B hyp.

3HA add hyp.
4)B=C (1),(3), MP
5C (2),(4),MP
6)A=C (3),(5),DT
9)

HVA=1B hyp.

2)B=C hyp.

3)A hyp.

4) B (1),(3), MP

5C (2), (4), MP
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d)
1)-B=-A hyp.
2)A hyp.

Warning: though tempting, the contrapositive cannot be used (it has not yet been
proved that it is a theorem of S7).

3)(-B = -4)= ((-B= A) = B) (A3)
4)(~B=A)=B (1),(3), MP
5A= (-B=A) (A1), B + —B
6) B = A (2),(5), MP

7 B (4),(6), MP

e) We give two deductions, one of which uses the deduction (meta-)theorem
(abbreviated as DT).

1) Without using the DT

H)B=C hyp.

2)(B=C)= (A= (B=0)) (Al), A« B=C,B+ A
3)A=(B=C) (1),(2), MP
H(A=(B=0C)=(A=DB)=A=0C)) (A2

5 (A= B)= (A=C) (3),(4), MP

6)A=B hyp.

HA=C (5), (6), MP

ii) Using the DT

HA add. hyp.
2)A=1B hyp.
3)B=C hyp.

4) B 1),(2), MP

(1)
5C (3),(4), MP
6) A= C (1)



f)

(A= -4)= (nA=-4)=A)
2) A=A

(A=A = A

4) —A = (A= A

5)-—A

6) A = -—A

7) A

) —A= A

Other proof:

1) ——A

2) —A = (mA = ——A)

3) " A=A

4) (mA=--A)= (FA= -A) = A)
5 (-A=-4)=A

6) A= -A

7) A

8 —A=A

Another one:

D (A= —A) = (-A=-A)= A)
2) A=A

3 (~A=——A)= A

4) =—A = (-A = ——A)

5) (——A = A)

g)

]) (ﬁﬁﬁA = ﬁA) = ((ﬁﬁﬁA = A) = ﬁﬁA)

2) ——A = A

3) (A= A)=> A
HA= (——-A= A

5) (A= ——A)
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(A3), B+ A, A+ -A

Example 3.9, page 79, A+ —-A

(1), (2), (b) above, B+ =A,C + —A
(Al), A+ —-—A, B+ -A

add. hyp.

(4),(5), MP

(3),(6), MP

(5),(7), DT

add.hyp.

(Al), A+ ——A, B+ —-A
(1),(2), MP

(A3), (B) <= (A), (A) <+ —(A)
(3),(4), MP

Example 3.9, A + A

(5),(6), MP

(1),(7), DT

(A3), B+ A, A+ -A
Example 3.9, A + —A
(1),(2),(b) above

(Al), A« —-—A, B+ -A

(4),(3); (e)

(A3), B+ ——A
f), A+ -A

(1), (2),mP

(A1), B+ ———A
(

4),(3) (e)
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h)

)VA=DB, B=C, A-C (c)
2’A=B, B=C FA=C (1), DT
(2)
3)

3) A= BF(B=C)=(A=C) 2),DT

HF(A=B)= (B=0C)=(A=0C) 3), DT

Other deduction:

A= B add.hyp.

2)B=C add.hyp.

3)(B=C)= (A= (B=(0)) (Al), A«~B=C, B+ A

H A= (B=C) (2),(3), MP

5 (A= (B=0)=(A=B)=(A=0)) (A2

6) (A= B)=(A=C) (4),(5), MP

TA=C (1),(6), MP

8§§A=DB, B=CFA=C (1),(2),(7)

NA=BFB=0=(A=C0) (8), DT

IO0F(A=B)=((B=0C)=(A=0) (9), DT

)

DA=(B=C), BFA=C (b) above

QA= (B=C)FB=(A=0C) (1), DT

HFA=(B=C)=(B=A=0)) (2), DT O
EXERCISE 3.26.—

‘We must prove:

S1 is consistent w.r.t. negation if S; is absolutely consistent.

only if

We prove the contrapositive. We assume that 7 = £, i.e. that very wif is a

theorem. In particular:
Fsl A and Fsl A

hence, S is not consistent w.r.t. negation.
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if
We prove the contrapositive. We thus assume that there exists A € £ such that:
|_S1 A and |_S1 - A

We first prove:

A, - Alg B

1A theorem assumed to be proved
2)— A theorem assumed to be proved
3)A= (-B=A) (Al), B+ B, A+ A
4)-A = (-B = -A) (Al), B+~ B, A+ -A
5)-B= A (1),(3), MP

6) B = —A (2),(4), MP

7 (-B=-A)=((—-B=A)=B) (A3)

8) (-B=A) =B (6),(7), MP

9B (5),(8), MP

Hence, as B can be replaced by any wff, we conclude that every wiff is a
theorem. O

EXERCISE 3.27.—

a)

HQ = (~PVQ) (A2)
2)Q=(P=Q) (1), (D1)

b)

1) (=P V —P) = —P (A1)

2) (P = —P) = -P (1), (D1)

c)

1) (=P V=Q) = (-QV -P) (A3)

2)(P=-Q)=(Q@=~-P) (1),(D1)
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d)

D(Q@=R)= ((-PVQ)= (~PVR)) (A4)
2)(@Q=R)=((P=Q)=(P=R)) (1), (D1)

e)

)P = (PVP) (A2)

f)

H(PVP)=P)=(P=(PVP)=(P=P) (d), above :
Q+PVP, R« P

2)(PVP)=P (A1)
3)(P= (PVP)= (P=P) (1), (2),M
4)P = (PVP) (e
5\P=P (

P
), above
3),(4),MP

g)

HP=P (f)
2)-PVP (1), (D1)
3)(-PV P)= (PV-P) (
4) PV =P (

h)
1) =PV =P (g),above: P < =P
2) P = ~—P (1),(D1)
EXERCISE 3.28.—
a) Yes, by verifying that:
(B2) is the same axiom schema as (A1) (in S1);
(B4) is the same axiom schema as (A2) (in S1);

and by taking remark 3.24 into account.
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b)

(A= (A= -4)= (A= (A= —A) = (A= --A4))

B3, A+ A B+ A=A

2) A= (A= —--4)

Bl1,B+ ——A

) (A= (A= --A) = (A= —-—A)

(1),(2),MP

4) —A= (A= ——A)

B2, B+ ——A

5 A= ——A

(3), (4), MP. O
EXERCISE 3.29.—

a) We will say that two formal systems with the same language (or with languages
that can be formally translated from one to the other) are equivalent iff they have the

same set of theorems.

b) Consider:
— the formal system S; :< L, R, A >;
— a subset of axioms X (X C A);
— the formal system S; :< L, R, A\ X >.

X is independent iff}‘gj x, forall x € X.

For example, the formal system S} :< £, R, A’ > (see (c) below), which differs
from Sy only in the set of axioms, is not independent.

A" = {(41),(42),(A3),A = A}
(asFg, A= A;see example 3.9)

d) (analogous to (b))
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Consider:
— the formal system S; :< L, R, A >;
— a subset of inference rules ) () C R);
— the formal system S; :< L, R\ Y, A >.

Y is independent iff there exists A € £ and -5, A, such that g, A.

e) Find (it is not guaranteed that this will succeed) a property P such that:
1) the elements of A \ X" have property P;
2) the rules of R preserve property P;
3) the elements of X" do not have property P.

REMARK 12.7.— This technique was used to prove the independence of the famous
“parallel postulate”, which led to non-Euclidean geometry.

Interpretations that are models of the other axioms of Euclidean geometry and
counter-models of the parallel postulate have been found. O

EXERCISE 3.30.—
(R-0)

Without loss of generality, we assume that S contains a unique tautological
clause T'.

Let S; =S\ {T}

S is unsatisfiable iff S is satisfiable.

if

We prove the contrapositive:

S satisfiable.

By definition, every subset of a satisfiable set is satisfiable; hence, 57 is satisfiable.
only if

We prove the contrapositive:

S is sat, with model, say, M.

As T is satisfied by every interpretation, it must be satisfied by M ; hence, S is sat.
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(R-1a) Trivial. No interpretation can make both L and L¢ T.

(R-1b) (To simplify the notation, we assume there is only one unit clause {L} and
only one clause of the form {L¢} U a.. Of course, the reasoning can be repeated.

St=((S\{LH\ ({L}Ua))U{a}

S unsat iff S7 unsat.

only if

We prove the contrapositive.

Assume S is sat, let M7 be a model of S;. Without loss of generality, we can
assume L¢ ¢ M, (otherwise, it can be removed from M; without any consequence).
There exists K € « such that K € M (all the clauses in S must be evaluated to T).

M = {L} U M is amodel of S. Therefore, S is sat.

if

We prove the contrapositive:

Assume S is sat, let M be a model of S. Necessarily, L € M (and therefore
Lc ¢ M). There exists K € « such that K € M; thus, Sy is sat.

(R2)

We assume without loss of generality that there is a unique pure literal:
Le(C e SandL: pure

S1=5\{C}

S is unsat iff S; is unsat.

only if

We prove the contrapositive.

Assume S is sat, let M, be amodel of Sy, L¢ ¢ My (as L is pure).

My U{L} is a model of .S, which is therefore sat.

if
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We prove the contrapositive.

S'sat and S; € S. S; cannot be unsat because every model of S is a model of all
the clauses in S. Thus, S is sat.

This rule is known as the purity principle.
(R3)

S1={C\{L}|Ce€S and L° ¢ C}
Sy ={C\{L}|Ce€S and L ¢ C}
S unsat iff (S7 unsat and S5 unsat)

only if

We prove the contrapositive.

S1 sat or S5 sat.

Without loss of generality, we assume that S; is sat (we do not consider the case
in which S5 is sat, as the proof is similar).

Let M7 be a model of S;. L ¢ M, and there exists K € My, K € C\ {L}.
M = M; U{L¢} is amodel of S. Hence S is sat.
if

We assume without loss of generality that there is only one clause containing L
(say, the clause L V «) and only one clause containing L¢ (say L° V f3).

We prove the contrapositive.

S is satisfiable, let M be a model of S. Assume L € M; hence, L ¢ M. As M
is a model of all the clauses in .S, there exists a K € 3 such that K € M hence, S
is sat, and S is sat or Sy is sat. Same reasoning if L¢ € M.

If L ¢ M and L¢ ¢ M, there exists K1 € M, Ko € M such that K; € «,
K5 € 5. Hence S sat and S5 sat.

(R4)

LVvaels Lvavpes
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S1=S\{LVvaVpg}

S unsat iff .S unsat

if

We prove the contrapositive.
S'sat. As S1 € S, 57 is sat.
only if

We prove the contrapositive.

S1 sat, let M7 be a model of S;. Of course, M; is a model of L V «; hence
(definition of a clause), M is also a model of L V « V 3. Therefore, S is sat. O

EXERCISE 3.31.— The answer is yes, as shown by the application of the algorithm
with the strategy below.

In example 3.13, we implicitly applied the strategy “find a model as soon as
possible”.

We now apply the strategy “try to find as many models as possible” (actually, in
this particular case, we find all of them).

Rv-PvQ
-RvPvS
-Rv-aPv-Q
-Rv-aPvQ
PvQv-S

-RvS RvQ@
Qv-§ -Rv-Q
-Rv@Q
M= {-P~S} M= {-P, S}
M ={P, -Q} M={P,Q}
-R Q
M = {~-P~R,~S} M ={-P,Q,-S} R -R
"R M= {P, Q,AR}
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We thus found the following six models:

My ={-P,Q,—R,-5}

My = {-P,-Q,-R,~S}

Ms={-P,Q,R,S}

My ={-P,Q,-R,S}

M5 ={P,Q,-R,S}

Me ={P,Q,~R,~S}. O

EXERCISE 3.32.—

a) We take the following (arbitrary) order for the basic formulas:

P<Q<R<S<T

QO : inference nodes
b)
The interpretation that we can give of the inference nodes is as follows:

The interpretations denoted by the two branches going through an inference node
falsify the clauses C; : oV L and C; : BV L® (a and B: disjunctions of literals).
By definition of a clause, the interpretation denoted by the branch that finishes by an
inference node falsifies all the literals of « and all the literals of 5. It therefore falsifies
the resolvent of C; and C'; (see definition 3.15).
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Solutions to the Exercises

1
2
3
4
5
6
P(1)
(2
3 P
R (4)-P (
X
ﬁm
X
R
X
(6) -R (6)

¢)

EXERCISE 3.33.—
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EXERCISE 3.34.— We must prove:
If S is unsat, then S - O (see section 3.7)
We give two proofs of this result.
PROOF 1.— We prove the result by induction on the number of positive literals in S.
HDn=1 % if n = 0, then S is satisfiable.
Since S is unsatisfiable, S is necessarily of the form:
S = {L, L°} hence, by applying the resolution rule once we obtain:
Skr0O
iyn>1

The idea is to apply a transformation that preserves the unsatisfiability, and strictly
decreases the number of literals (to apply the induction hypothesis).

Assume S contains n + 1 literals.

Choose a literal L € C' € S that is not pure.

Consider the sets of clauses:

S1={C\{L}|C€S and L° ¢ C}

So={C\{L}|C €S and L ¢ C}

It was proved (see exercise 3.30) that:

S is unsat 1 iff S7 is unsat and S5 is unsat.

By the induction hypothesis, S7 - O % S; contains at most n literals.
There are two cases to consider (the second case itself leads to two cases):
a) the clauses C'\ {L} do not occur in the refutation of .S;.

The clauses that occur in the refutation are also in S, hence:

SkrO
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b1) the clauses C'\ {L} occur in the refutation of Sj.

In this case, S - L, as can be proved by generalizing the following example.
1)AV B

2)-AV B

3) AV -B

4) AV -B

5)B (1,1) — (2,1)
6) -B (3,1) — (4,1)
7O (5,1) — (6,1)

If we add a pure literal to the first clause:
1) AV BV

2)-AV B

3)AvV-B

4)-AvV-B

5) Bv (L] (1,1) — (2,1)
6) B (3,1) — (4,1)
7 [L] (5,1) —(6,1)

b2) by repeating exactly the same reasoning for Se with L¢ instead of L, we
conclude that:

StrL-
Now for S (containing n + 1 literals) we have:
StrL and Skgr L°
hence, by applying once the resolution rule, we obtain: S - O.

PROOF 2.— We give another proof by using theorem 3.2, and the results of exercise
3.32 (b).

By theorem 3.2, if S is unsat then there exists a closed semantic tree 7" for .S.

First note that in a closed semantic tree, there are always inference nodes,
otherwise all clauses would be positive (respectively, negative), and by applying the
purity principle (see exercise 3.30), we would obtain an empty set equivalent to .S,
which would thus be satisfiable.
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By eliminating all failure nodes from 7', we obtain a closed tree T” (with strictly
less nodes than T'), corresponding to the set of clauses:

St= ARG, G Uk S\ {Citu{C}) ;o k

not descendant of inference node

number of inference nodes

We repeat the reasoning, but this time on S”.

As we are starting with a finite closed tree and at each step we obtain strictly
smaller closed trees, we necessarily obtain a finite tree with =L and L (of course
L denotes an arbitrary literal) as left and right branches, respectively, and the
corresponding inference node is 0. U
EXERCISE 3.35.— We must show:

if S FR O then S FRthe O

te: tautological clauses elimination.

We first prove that if S is unsat then R™(.S) (n > 1) (see the definition of operator
‘R (definition 3.16)) is unsat.

The proof is trivial: every superset of an unsat set is unsat.

As we have proved the completeness of resolution for refutation, it suffices to apply
rule R-0 of the Davis and Putnam method to R™(.S) (unsatisfiable set of clauses) for
everyn > 1. O

EXERCISE 3.36.— As resolution is complete for refutation, if S is unsat then O will be
derived after a finite number of steps.

Given a set of clauses .S, the problem is to decide whether S is sat or unsat. As
S contains a finite number of literals and the application of R, does not add any new
literal, after a finite number of steps, we either generate O or we do not generate any
new clause. In the latter case, we say we have saturated the set of clauses.

When the set of consequences of S has been saturated, the refutational
completeness of S enables us to conclude that S is satisfiable.

An application example of this decision procedure is the detection of the
satisfiability of the set of clauses (1), (2), (3) below:
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AV B
2)-AV B
3)~AV -B
4) B
S)BV-B
6) AV —A
7) -A

e N
N = ==
w W w N
N N = =
— N N N

EXERCISE 3.37.—
a)

)P
2)-PVQ
3)-QV R
4)-QV -R
5Q
6) R
7 -R
8) 0

~ o~~~
R
~N AW N
R e
T — —

b)

R

2)QV-R
3)SV-R
4HPV-QV-S
5)-PV-QV-S
60 (11
7S (1,1
8) PV S (6,1
9) P (7,1
10) =PV =S (6,1
11) =P (7,1
12) O (9,1
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)

HPVQ
2) PV -Q
3)RVQ
4RV -Q
5P (1,2) — (2,2)
6)PVR (1,2) — (4,2)
TR (3,2) — (4,2)

There is no way of obtaining different clauses; hence, S is satisfiable.
d)

We give the clausal translation of each formula:
1) -P

2)-R=W RvVW
HQV(-T=-PA-S)<

QV(TV(-PA=S)=QV({(TV-P)AN(TVAS)) <
(QVTV-P)AN(QVTV-S)

4) =P = (S A —=R)
PV (SA-R)< (PVS)AN(PV-R)

5) -Q
6) =S
7 =T
8) “R=Y RVY

We prove that the set of clauses is unsatisfiable:
1) -P

2QYRVW

3)QVIV-P

4HQVTV-S

S )PvS

6) PV -R
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7) —Q

8) 9

9) =T

10) RVY

1) P (5,2) — (8,1)
12) O (11,1) — (1,1)

e)

i) If we did not know the resolution rule, we would probably give a proof similar
to the following:

A B
\/
AArB ArB=CnArD
\/
CaD E F
D >\F/ EAF=G
\/
G
DaG DAaG=H
\/

H
ii) By applying the resolution rule. We first translate into clausal form:
—-(AAB)V(CAD) — (mAV-B)V(CAD) — (mAV-BVC)A(=AV-BVD)
ENF=G—~(EANF)VG — -EV-FVG
GAND=H—~(GAND)VH — (-GV-D)VH — -GV-DVH

By negating the conclusion, we obtain the set of clauses 1-9 below and a
refutation using resolution.
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)-=AvV-BVC
2) AV =BV D
3)-EV-FVG
4 -GV -DVH
5)A
6) B
HF
8)E
9) —-H
10) D
G
12) H
13) 0

O

REMARK 12.8.— In (10), (11), and (12) we used the hyperresolution rule (we

“compress” several resolution steps into only one).

O

f) We must consider the set of clauses 1—8 below, obtain all possible resolvents

and reach saturation without generating O.

-SV-MVT
HMVSVC
3) =SV MV -A
4)CV T

5)A
6)-TV —~B

7y -C'V -B
8) B

EXERCISE 3.38.— Not necessarily, the set of clauses:

{A7 _|A7 B? _|B}

does not contain any pure literal, but contains proper subsets that are

unsatisfiable.

O
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EXERCISE 3.39.—

a)

DR

2) =RV Q

3) =RV S

4) =PV -QV ~S

)PV -QV S
6)-QV-S (4,1)—(5,1)
T -~RV-S  (6,1)—(2,2)
8) -5 (7,1) — (1,1)
9)-R (8,1) — (3,2)
10) O (9,1) — (1,1)

b) No. Take for example the unsatisfiable set of clauses:

S={AVB,-AVB,AV-B,—-AV B}

We cannot deduce O using an input strategy, because the set does not contain any
unit clause. Indeed, O can only be generated by two complementary unit clauses, one
of which must belong to S (this is required by the input strategy). O
EXERCISE 3.40.— No. Take the same unsatisfiable set as in exercise 3.39:

S={AvVB,-AVB,AV-B,-AV B}

We cannot apply the resolution rule with a unit strategy. O

EXERCISE 3.41.— Every interpretation I of .S can be represented (see example 3.4,
point 2.) by:

I={Ly,Ls,...,L5, },where LT = Lyor LY = LS ; (1 <i<n)and L; €
Propset(S) (see definition 3.8).

As S contains all the clauses of length n that can be formed with n propositional
symbols, S contains a clause:

Cj : le V ng V... Ljn where:

Ljp = (L7)* (1 <k <n)
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In other words, if L; is in I then —=L; is in C}; and if =L; is in I then L; is in Cj.
Cj is falsified by I; hence, S is falsified by 1.

This reasoning holds for all interpretations of S, which is therefore
unsatisfiable. ]

EXERCISE 3.42.—

a) Every interpretation I of S contains (at least) p literals Ly, Lo, ... L, with the
same sign.

By construction, S contains a clause C: L§, L§, ... Lg, which will of course be
evaluated to F in [.

Therefore, S is unsatisfiable.

b) No.

Take as a counter example n = 2 (say { A, B}); hence, p = 2

S ={AV B, AV B}, which is satisfiable (models { A, =B}, {-A, B})

(We could have chosenn = 4,n =6, ...)

The explanation of the counter examples is that there could be, with the
new hypothesis on p, interpretations containing only ¢ literals of the same
sign, with ¢ < p. g
EXERCISE 3.43.—

a)

We consider the propositions P;; (1 <i <mn,1 <j <n— 1) meaning ¢(i) = j.

We give the set of clauses specifying that such an injective function exists. This
set must therefore be unsatisfiable.

The clauses specifying all possible images of the elements of the domain of
cardinality n (S,,):

Py \/PiQ\/---VPi(nfl) (1 <1 Sn) (*)
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The clauses specifying that the function is injective will be of the form:
=(Pir A Pji), ie.

P V 1 Pjy (I<i<j<n, 1<k<n-—1)( %)
We will thus have:

n X (n — 1) propositional symbols

n clauses of length n — 1 (x)

n x (n —1)? = 2 clauses of length 2 (* *)

The general case:

Nzt V21 P A N2tz (5P V =Pie)

b) S5 (clauses 1—9):

1) P11V Pia
2) Po1 V Paa
3) P31V Pso
4) = P11 VP
5) P VP
6) =PV —P5
T) = P12V —Pa
8) 7P V = P3
9) P12V~ P32

10) Py V =Py (1,1) — (4,1)

11) =Py V-Ps,  (10,1) — (9,1)
12) Pyy V —Psy (11,1) — (2,1)
13) —Psy (12,1) — (8,1)
14) Py (13,1) — (3,2)

REMARK 12.9.— It is possible to prove that the minimal number of clauses necessary
to refute the set of clauses specifying the pigeonhole Sm is:

(n—1)x (n+2) x 2n=3)
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For S5, the shortest refutation then contains 2 x 5 x 1 = 10 clauses.

The pigeonhole was used to prove that the resolution method is exponential, i.e.
that there exists at least a set of clauses for which the shortest refutation is exponential
in the number of clauses. O

REMARK 12.10.— We sometimes specify the pigeonhole problem by translating: “If
we define a function from n + 1 objects onto n objects then there exists (at least) two
objects of the domain with the same image”, which translates into the fautological
schema:

+1 H1y 1
Nzt V=1 Pij = Vi1 ViZi VjZip (Pie A Pie) 0

EXERCISE 3.44.—
No. We give two proofs of this result.
a)
As all clauses are of the form:
ViBVV N, (1<i1<))
with:

P;: positive literal;

Nj: negative literal;

the interpretations I = {P;} and J = {N;} are models of the set of clauses that can
therefore not be unsatisfiable.

b)

As the resolution is complete for refutation, we can assume without loss of
generality that we are trying to detect the unsatisfiability of the set of clauses using the
resolution rule.

The set does not contain any unit clause. Indeed, as a unit clause contains only one
literal and as a literal is either positive or negative, if the set contained a unit clause,
the hypotheses would be violated.

Thus, all clauses are of the form:

-AiV...V-A,, VB V...VB, (lenZl)
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Without loss of generality, we reason on clauses of length 2. The application of
the resolution rule to

-LVvVP (if L and P are the same literal, then the clause can be eliminated)
LV -Q

produces a clause of the form:

PV -Q

Therefore, we can never obtain the complementary unit clauses that are necessary
to obtain O.

The required corollary is trivial to obtain. The question is whether a set of clauses
containing a positive clause (respectively, negative clause) but no negative clause
(respectively, positive clause) can be unsatisfiable. The answer is no. In the first case,
the interpretation

I'={P}
is a model. In the second case, the interpretation

J = {Nj}

is a model.

Hence the conclusion. O
EXERCISE 3.45.— We use the propositional symbol:

Pij : country ¢ is colored with color j.

Each country is colored with exactly one color:

for1 <i < N: (P} A-P?AN=P?)V (P} \N-P'AN=P3) Vv (P} AN-P} AN=P?)

By transformation into clausal form (simplifying the clauses containing tautologies
and applying the subsumption rule), we obtain the equivalent specification:

(Schi) for 1 < i < N: (PLv P2V P3) A (=P} V =P?) A (=P Vv =P3) A
(—P?V =P})

(Sch1) could also have been obtained by translating: “country ¢ must be colored
with a color (first conjunct) and we cannot color it with more than one color (three
other conjuncts)”.



448  Logic for Computer Science and Artificial Intelligence

The complexity of the specification of these clauses is less than 3 x NV, or in other
words, O(N).

Two neighboring countries cannot be colored the same way:
: : i A 1 1 2 A P2 3 A P3
(Sch2) for all neighboring countries i, j: ~((P; A P})V (PF A PPV (PP A P))

Every country has at most N — 1 neighbors, hence there are less than N2 clauses
similar to the clause above. Hence, the complexity of the specification of this second
partis O(N?).

The global complexity is thus O(N?). O

REMARK 12.11.— In the coloring problem of example 9.19, the solution was obtained
using a specification with constraints.

We could apply the formula schemata (Sch1) and (Sch2) above to specify the
same map and the method of semantic tableaux (see section 3.6) to find all the models
(i.e. the solutions to the problem). Of course, the solutions must be the same. It could
be interesting to compare both approaches (one numerical, the other logical). U

EXERCISE 3.46.—

a)

We assume that the models are represented by the set of propositional symbols that
are evaluated to T in the models (form 3 in example 3.4).

Of course, the theorem does not depend on the adopted representation of models.
We note:
H={C,Cq,...,Cp}
Mod(H): the set of models of H
N C Mod(H) (N # ()
Mn = NMg, M, € N
PROOF.— To derive a contradiction, we assume:
¥ H, hence, for at least one clause C; € H :
Eu, C

n
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There are two cases to consider (depending on the different forms of Horn clauses,
see definition 3.21).

i)Cj: AV-B1V-ByV...V~-By;m > 0(m = 0 corresponds to a unit positive
clause)

To evaluate a clause to F, it is necessary to evaluate all of its literals to F' (see
definition 3.14), i.e.:

A ¢ Mnand By, Bs,...,B, € Mn
hence, by definition of an intersection, there exists M}, € N such that:
A ¢ My, and By, Bs, ..., B, € My
but then Mj, is not a model of H (as it falsifies one of its clauses: C;). Contradiction.
ii) Cj: =By V—-BaV...V2By,;m>0
To evaluate C; to F:
By,Bs,...,By € Mn
hence, by definition of an intersection, for all My € N:
By,Bs,...,By, € My

but then the M}’s are not models of H (as they falsify one of its clauses: C).
Contradiction.

b) No. Take H = {AV B}

Mod(H) = {{A}, {B}, {AV B}}

and N = {{4}, {B}}

then Mp, = (), which is not a model of H. O
EXERCISE 4.1.—

a)

Lo={f(z, g(z,y)) = fl9(y.2), g(g(h(u),y),h(u)))}
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R-4 on T, = yields:

Iy ={z=9(y,2) , g(z,y) = g(g(h(w),y), h(u))}
R-4 on T, = yields:

Iy ={x=9g(y.2) , a=g(h(u),y) , y=h(u)}

R-3 on I'y = yields:

s ={z =gy 2) , 9(y,2) =g(h(uw),y) , y=h(u)}
R-4 on '3 = yields:

Py={z=g(y.2) , y=hlv) , 2=y}

R-5on Ty = yields:

There are no rules that can be applied, we halt.

Solution: ¢ = {x + g(h(u),h(u)), y < h(u), z<+ h(u)}

b)

[z, f(u,2)) = f(f(y,a), f(z f(b,2)))
Dz = f(y,a) R—14

Du=z R —4 two times
3z = f(b,z) R—4 two times
4) f(yva):f(bvz) (1)7(3)a R-3
SYy=0b (4), R—4
6)z=a (4), R—4
Nu=a (2),(6), R—5

Solution: o = {x «+ f(b,a), y+ b, u+a, z+ a}
9)

0 o gof(fo)
T a T+ b T a

y— f(z) yeuy y— f(c)
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Z T ZrHc zb
U u u—d u—d
Vv Vv Vv
w > w w > w w > w

cgof={x+a, y« f(c), z+ b, u+d}
d)

Yes, it is always necessary. Consider the equation:
[z, 9(x)) = f(h(y),y)

Clearly, Var(f(z,g(x))) N Var(f(h(y),y)) =0

If we do not apply the cycle rule, we have:

x = h(y)

y=g(x)
ie.:

x = h(g(x))

which is an infinite term.
A sufficient condition to be able to deal without the cycle rule is:

Var(t1)NVar(tz) = 0 and (¢ or t2) linear (a term ¢ is linear iff all of its variables
occurs at most once in t). O

EXERCISE 4.2.— The possibilities of identification of the (sub)formulas corresponding
to A, B, Cin CD are:

1y
e

o
Is
2
=
=

X
~N ————

2
Q N S
S
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e(X, e(X, e(Y)Y)))

c

e )

A/
7~
B A

There remains to compute three mgus and three direct consequences in the case in
which the mgus exist, cases (3) and (4) are of course identical.

o = {X «e(2,2)}

0B = e(e(Z,2), e(Y,Y))

o = {X +eY,Y)}

0B = e(Y,Y)

o = {ZeX, e(X, e(Y,Y)))}
oB = e(X, e(X, e(Y,Y)))

We note that the only useful direct consequence is the first consequence (the others
are wffs that coincide with the premises). (]
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EXERCISE 4.4.—

— To be able to compare the rules and verify what is asked, we need to choose a
same language to represent the three rules. We choose the language of clauses.

—To be able to apply the UNIFICATION algorithm (as well as the modified
UNIFICATION), we consider connectives as functional symbols.

— Terms are formed from functional symbols of fixed arities v(®2) and ﬁ(l), which
explains why we use €, which ordinarily denotes the empty string of symbols (i.e. the
disjunction without any disjunct) in the terms representing the inference rules.

— this is a matching problem; hence, we use for R symbols that ordinarily denote
variables.

— A, B, X denote literals; €, A, B, X, ) denote clauses.

M P: concl (and (V(4,¢), V(—A4, B)), B)

MT: concl (and (V(—B,¢), V(—A, B)), ~.A)

R: concl (and (V(X, X), V(=X, V), V(X, D))

The solution of equation:

concl (and (V(A, €), V(—A, B)), B) = concl (and (V(X, X), V(=X, V)), V(X,)))
found by UNIFICATION is:

op-mp= {X+ A X ¢ YV B}

The solution of equation:

concl (and (V(-B,e¢), V(-A, B)), A) = concl (and (V(X,X), V(=X,))).
V(X))

found by modified UNIFICATION is:
OR—MT = {X(*B,X(*A,y(*tf} O

EXERCISE 5.1.—

a)
D =N
a—0

f(z) — suce(z) % succ(z): the successor of x (i.e. © + 1)



454 Logic for Computer Science and Artificial Intelligence

9(z,y) =z +y
Plz,y)— x>y
b)

Model:

D=7

a—0
flx,y)—z—y
Pz,y)— x>y
Counter-model:
Only change
ar —5

9

D=N
fla,y) = x+y
Plz,y)— x>y
d)

D=N

flz,y) =z xy

Plz,y) »z>y %y =0
e)

D=N

fle,y) 2ty
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2)
Model:
D=Q

Plz,y)—ax <y
Qlr,y)—r=y
Counter-model:
Change D = N

h) No.

Take, for example:
D=N

P(z) — zis even
Q(z) — x is odd.

)

Plz,y) =z =y O
REMARK 12.12.— One characteristic of the equality relation is that it can be applied
to (and have a meaning in) any domain of discourse. O

i)

ji)

D=R
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P(z,y) — z and y have the same sign
j2)

D ={1,2}

P(e,y) o=y

J3)

Counter-model with:

D =N

Pla,y) > =y

(take, for example, r = 3,y = 4 and z = 5)
k)

k1)

This formula does not have any finite model. It is a total, transitive and irreflexive
relation. See also example 9.33.

We prove this by reductio ad absurdum. Assume it admits a finite model of
domain:

D:{al,ag,...,an}neN

P—p

As P is total, forany a; € D :

PB(ai, a;) and a; # a; (P is irreflexive)
also,

PB(aj,ar) and a; # ax and P(a,, ar) (P is transitive)
also,

PB(ax, a;) and ay, # a; and PB(a;, a;) and Pa,, a;)
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but as D is finite (and of cardinality n), after at most n — 1 steps, we must produce
(by transitivity) B(aq, a,) with ¢ = r (because a, is related to one of the a;s in D,
which will be reached sooner or later).

This is contradictory because 3 is irreflexive.

Therefore, this formula has no finite model.

We can give infinitely many models for this formula by choosing:
D#0

E(z,y)—z=y

A(x,y) — x and y are in relation A.

For relation A, we choose any relation such that each element is in relation with
exactly two other elements.

For example:
D ={a,b,c,d}

AM = {(a’ b)v (a’ C), (b’ C), (b’ d)’ (Cv b)’ (Ca d)a (da b)v (d7 C)}
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Which can be represented by the following graph:

We obtain a counter-model by adding at least a couple (an edge) to the relation (to
the graph representing the relation), for example:

AM = {(a’ b)v (a’ C)v (a’ d)v (b’ C)v (b’ d)’ (07 b)’ (07 d)v (da b)7 (d7 C)}

a
O\
bO 4%’ Oec

O
d

m)

ml)

D=N

f=7

with
f2xxz)=x

f2xz+1)==z



Solutions to the Exercises 459

meaning that for each z, the correspondingy and zarey =2 x zand z =2 x x + 1
The values of y and z can of course be interchanged.
mz)

This formula has no finite model. We assume a finite domain exists, with domain
of discourse:

D ={aj,as,...,a,} n €N

and derive a contradiction. By definition of a model, for all £ € D there exists
i,7, 1 % j such that:

f(a;) = k and f(a;) = k

Since § is not injective and D is finite:

range (f) € domain ()

To satisfy the formula (see definition 5.6), all elements of:

domain (f) \ range (f) must have antecedents in D = domain (f), but these
potential antecedents already have values in the range (f).

It is impossible (definition of a function) to assign other values to them. The finite
model hypothesis leads to a contradiction.

Therefore, this formula does not have any finite model.

A way of visualizing this reasoning is to draw the graph of function f. The
elements marked with < correspond to those that cannot be reached in a finite domain
of discourse.

40— 0 &
a20/70612
BO—» 0 &

a4 0 <>y
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n) No.

Vavy((f(z) = f(y) = (z =y)) AJoVy f(y) #x

f injective f mnot onto

See example 9.31, the definition of a finite set:

The set E is finite iff all injective functions E — E are also onto.
See also example 9.32.

0)

Consider the interpretation Z:

D ={0,a}

S5

+ = X

YuVo.u v =w

= = % = has the same meaning as in mathematics.

We verify that Z is a model of (1) and (2) and a counter-model of (3):
1)

0M0=0TO0Xa=aa=aT
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s(a)Ta = s(a¥a)
wHa = s(aka)

a = s(a)

a=a'T

3)

aX0=a

s +— succ
p — pred
f=+ O

EXERCISE 5.2.— We use the same idea as in example 5.13, i.e. we consider a formula
of the form A = VzP(x) and we focus on the case in which n > 2. The problem is
thus to find an adequate wff A.

There exist sets of arbitrary finite cardinalities (think for example of the finite
subsets of N). To specify this, we must say that:

1) there exist n objects;
2) these objects are all different (so that the set is indeed of cardinality n).
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1) translates into: 3x13ws...32,. P(x1) A P(a2) A ... A P(xy,)

Meaning that there are n objects with some property P; this is the usual method
of defining sets.

2) To specify that they are different, it suffices to state that if an object x; has a
property, then another object x; (¢ # j) does not have it. Thus, it cannot be the same
object.

The only remaining problem is how to choose (name) these properties. If we
choose P (the same as the one used to define the set), the wff A would be contradictory
and the implication A = VzP(x) would be trivially T; similarly, if we choose only
one property distinct from P (simple to verify with n = 2 and n = 3).

The solution is simple: it suffices to choose distinct properties, i.e.:

A JxyTwg..Fzn P(x1) A P(xe) Ao A Pla,) A\

Q1(71) & ~Q1(w2) A

Q2(z1) & =Q2(x3) A

Qn(xl) = _'Qn(xn) A\

Qn+1(z2) © Qi1 (z3) A

QN (Infl) g _‘QN(xn)
with N = % (i.e. all possible combinations of two objects among n).

There remains to prove (by induction) that the proposed formula is n-valid for all
neNmn>2).

—n = 2. It is very simple to verify (for example, using the method of semantic
tableaux) that the formula [ Jz13z2.P(x1) A P(z2) A Q1) & Qz2) | =
[ VxP(z) ] is n-valid (i.e. 2-valid).

-n=N+1

(n+1)xn
2

We must add 3P (z,,+1) together with the n (i.e. — "X(;’_l)) formulas:
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Qnyi(z1) © "Qnyi(zng1)

Qny2(r2) & " QNi2(Tny1)

QN-&-n(:L‘n) = jC)N—‘,—n(l‘n—s-l)
In branch (1) of the tree, there would be ~P(x¢) (i.e. -VaP(x) — Jxz—P(x)

— —P(zo)(x « xp)) together with P(x1), P(x2), ..., P(xp41), i.e. n + 2
potential constants. To work in universes of cardinality n + 1 and using the induction
hypothesis, we shall let ; = x,4+1 (1 < ¢ < n). The branches of depth N + 4
(1 < i < n) will all contain either Qn+i(2;) and ~Qn4i(2;) or “Qn4i(z;) and
QnN+i(z;) (of course, this is done under the assumption, which does not incur any loss
of generality, that the tree was developed in increasing order of the variable indices)
and whatever the chosen instantiation, will all be closed.

The formulas for (unbounded) arbitrary cardinalities can be obtained using the
following schema:

n>2 n—1 An
NiZi Plai) /\j:l /\k:2;k>j (Qu(a;) < —Qi(ax))
thus using:
_ nx(n—1)
N===5—
unary predicates Q;
with:

I=G—i)+nx(E—-1)—(ix(i—1)) =2 O
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EXERCISE 5.3.—

a)
[ VX(P(X) A QX)) < YXP(x) AVXQ(x) ] V
1) Vx(P(x) A Q(x)) 6) ~ [VX(P(x) A QL)) V
2) ~[VyP(y) AVZQ@)] V 7) YyP(y) AVzQ(2)
3) = VyP(y) v -¥zQ(2) (2) V 8) Ix ~(P(x) A QX)) (6) V
4) Iy -P(y) v3Iz ~Q)] () vV 9) ~(P@) A Q@) B) x<aV
5) =P@) v =QMb) (4)y<a,z<b /\
/\ ~P() (9) Q@ (9)
14) P(a) Q@ V (7) x < a15) P@) A Q@ V (7)x < a
10) —P(a) (5) 11) =Q(b) (5) z<a z—a

11) P@ A Q@) (1) x<—av 12) P@ rQ@ (1) x<a

‘ P(a) (14) P(a) (15)
13) P(b) A QM) () x < b Vv Q) (14) Q(a) (15)
Pl@ (11) | X X
Qa (11)
X Pb) (13)
Q) (13)
X
b)
=[Ax(P(x) v QX)) < AxP(x) v IxQ(x)] V
1) Ix(P(x) v Qx)) vV 5) =~[Ax(P(x) v Q)]
2) =[3yP(y) v 32Q(2)] 6) IyP(y) v 32Q2) v
3)Pa vQ@ (1) x<a Vv 7)P(b) vQ() (6) y<—b,z<c V
4) Yy =P(y) AVZ -Q(2) (2) 8) Vx —=(P(x) v Q(x)) (5)
P@) (3) Q@) (3)
| | 9) ~P(b) (8) x<b
10) ~Qb) (8) x<b
-P@) (4) y<a,z<a -P@) (4) y<a,z<a
-Qa) (4) y<a, z<a -~Q(a) (4) y<a, z<a
X X 11) =P(c) (8) x<c

12) =Q(c) (8) x<—c

P(b) (7) Q) (7)
X X
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)

1) Vx Ay P(y,x)
2) Vx Vy (P(x,y) = Q(x,))
3)-[Vx3Iy QX1 v

4 -y Qy, 0 3 V

5 -3y Qa) 4) x<a v

6) Yy =Q(y,a) (5)

7)3yPy,a) (1) x<a Vv

8) Pb,a) (7) y<b

9 -Qb,a) 6) y<b

10) Vy (Pb,y) = Qb,y) (2) x < b

11) Pb,a) = Qb,a) (10) y<a

12) -P(b,a) (11) 13) Q®,a) (11)
X (12)-(8) X (13)-(9)

d)

1) Vx—P(x,x)
2) Vx Yy Vz (P(x,y) A Ply,2) = P(x,2))
3) =Vx Vy (P(x,y) = —P(y,x)) V

4) I Iy (Pl ,y) = ~Py,x) 3) v

5) —(P@a,b) = -Pb,a) @) x<—a,y<b V

6) Pa,b) (5)
7) ==Pb,a) (5)

8) Pb,a) (7)

9) P(a,b) A P(b,a) = Pa,a) (2) x<—a,y<b,z<—a Vv

|
10) —P@a,a) (1) x<a

11) =(P(a,b)  P(b,a)) (9) 12) P@a,a) (9)
X (12)-(10)

13) =P(a,b) (11) 14) -P(b,a) (11)
X (13)-(6) X (14)-(8)

465
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€)
=[Vx (PKx) v QX)) = Yx P(x) v ¥x Q(X)]

1) vx (P(x) v Q(x))
2) ~(VyPy) vVZz Q) V

3) Ay ~P) A3z ~QE) (2) V

4) -P@ QW) (3) y<a,z<b Vv

5) P@vQ@ (1) x<a Vv

6) —-P@ (4
7) —Qb) (4)

8) P@ (5 9) Q@ (5)
X 10) PbyvQb) (1) x<b V

11) Pb) 12) Q(b)

The method continues with P(c) A Q(c), P(d) A Q(d), ...the tree will not be
closed (this will not be detected by the method). [l

REMARK 12.13.— If we had not renamed the variables, i.e. if instead of (3) we had
written 3y—P(y) A Jy—Q(y) then we could have “proved the validity” of the given
formula. .
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1) ¥x (P(x) = Q(x))
2) = [Vx (Fy (POY) AR(X,Y) = Ty QW) AR T V

3) 3Ax = [(y (PO A RGY) = Ty QW) ARG T (2) V
4) = [y (P AR@y) =Ty QY rR@YN] B)x<—a V

5) 3y (P(Y) AR@,y) (4) V
6) = 3z (Q(2) AR(a,2)) (4) V

I
7) Pb) AR@b) )y <—b V
8) vz - (Q@) rR(@2) (6)

9 Pb) (7)
10) R(a,b) (7)

I
11) - QW) AR@b) 8) z<b

T

12) ~ QW) (11) 13) - R(a,b) (11)
14) P(b) = Q) (1) x<b X (13)-(10)

PN

15) =P(b) (14) 16) Q(b) (14)
X (15)-(9) X (16)-(12)

g)

1) Vx (FO) = 3y G(x,y)
2) Ix F(x)
3) Ix Iy Gx,y)
4) =¥x Ay Gx,y) vV

5)Ix Vy - Glx,y) (4) V

6) Yy =G,y (5) x<a

7) Glb,e) 3) x<b,y<c

8) Fd) 2)x<d

9) Fd)=3yCGWd,y) 1) x<d

/\

10) —F(d) (9) (11) 3y G(d,y) (9)
X (10)-(8) |
(12) Gd,e) (11) y<e

467
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h)
1) = [Vx 3y (PX) v Q(Y) < ¥x P(x) v Iy Q)]
2) Vx 3y (Px) v Q) (1) 8) Vx P(x) vIy Qy) (1)
3)3z -P(2) (1) V 9) Ju Vv (P vAw) (1) V
4) Yu =Qu) (1)
5) -P@ (B) z< a 10) =P(c) (9) u< ¢
1) -Q) 9 v< d
6)Pa) 2) x<a 7)Qb) 2) y<b
X Qb)) 4 u<b
X
12) P(c) (8) x < ¢ 13) Q) (8) y<d

X X

REMARK 12.14.— The replacement y < d that was used to obtain formula 13
is correct as constant d was not used to replace any other existentially quantified
variable. (]

)
1) ~[¥x (PO v QX)) = Vx Ty (P(x) v Q)]

2) Vx (P(x) v Q(fx)) (1)
3) -¥x 3y (Px) v Q) (1) V

4) Ju Vv = (Pw)vQWw) 3) V
5)-(P@vQfia) 4 u<a,v< fla v

6) -P@) (5)
7) -Q(f@) (5)

T

8) Pla) @) x<a 9)Q(fa) 2)x<a
X X

REMARK 12.15.— Here we used the fact that the semantics of FOL requires that the
functions assigned to the functional symbols be total functions. Indeed, otherwise, we
would not be able to replace variables by (for example) f(a). Furthermore, if (for
example) f(a) is not defined then Q(f(a)) and =Q(f(a)) would not be contradictory
(L and =L is not contradictory). (I
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j) (See also section 8.3.)

By examining the tree, we notice that we could close the tree by adding the formula
Val(z).

1) Vx(/(x) = D(x))
2) Ix(D(x) A P(x)) V
3) Vx-(/(x) A P(x))
4) Vxl 1(x)
D@ in 2) x<a
P@ in 2) x<a

/\

-l@ in 1) x<a D@) in 1) x<a
-l@) in 3) x<a =P@) in 38 x«<—a -l@a in 3) x<«<a -P@ in 3) x<a
la) (4) x<a X @) 4) x<a X
X X

or Vaz(D(z) = I(x))

1) ¥x(/(x) = D(x))
2) 3x(D(x) A P(x)) V
3) Vx~(/(x) A P(x))

4) Vx (Dl(x) = /(x))

D@ in 2) x<a
Pl@ in 2) x<a

/\

-l@) in 1) x<a D(@) in 1) x<a
=/@) in 3) x<a -P(@) in 3) x<a -lla in 3) x«<—a -P@ in 3) x<a

[~

-D(@) (4) x < a @) (4) x <—a -D@@) (4) x < a @) (4) x <—a
X X X X
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k1) To verify the validity of the formula, we negate it.

=[ 3x (PX) = QU] = [ Vx Px) = Ix Q)] ] v

1) 3x (Px) = Qx)) V
2) = [Vy Py) =3y QY]

3) P@A=0Q@ (1) x<—a Vv

4) =P@a) (3) 5) Q@ (3)
6) VyP(y) (2) 8) VyPly) (2)
7) =3y Qy) (2) 9) -3y Q) @ v
I I
12) P@) (6) y<a 11) Vy -Q(y) (9) v

X (12)-(4) |

13) -Q@ (11) y<a
X (13)-(5)

k2) To try to construct a model of the formula, we do not negate it.

[Bx (P(x) = Q)] = [ Vx Px) = 3x Q)] V

/\

1) =3x (Px) = QX)) V 3) VyP(y) =3y Qy) vV
|
2) Vx - (P0) = Q) (1)
| 4) ~Vy Py 3) v 5) yQy (3) v

8)Pa) () x<a |
9) ~Q) (2) x<a 6) Iy ~P(y) (4) V 7) Q) (5) y<c
I |

-P(b) (6)y< b

% instantiations of 2)
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We can extract the following models from the finite open branches:
{Qot~1 1= =TI

{-PO)}~1 1=[F= ]

We can extract the following model from the infinite branch:
{P(a),~Q(a)} ~»[T=Fl=[ |

D

1. P(a, b)
2.P(b, )
3.P(c, d)
4.P(d, e)
5. VxVYyVz.P(x, y) A Py, 2) = P(x, 2)
6. ~P(a, e) (negation of the conclusion)

7.-P(a,b) 8.-P(b,c) 9.P(a,c) 5){x< ay< bz «<c}
X7 -(1) X@®-()

10.=P(@,c) 11.-P(c,d) 12.P(ad) 5){x< a,y< ¢,z < d}
X(10)-(9) X(11)-(3)

13.-P(a,d) 14.-P(d,e) 15.P(a,e) 5){x < a, y< d,z < ¢}
X(13)-(12) X (14)-(4) X (15)-(6)

471
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EXERCISE 5.4.— The tableau corresponding to the given reasoning:

L 3z(P(z) A Q(z)) v
2. Jy(R(y) A S(v)) v
3. 32(=P(z) A =R(z)) v
4 ~(Ju(S(u) A Q(u))) v

|
4" Vu—r(S(ul) A Q(u))
P(a) l.z+—a
Q(a) l.z—a
R(b) 2. y—b
S(b) 2. y—b
-P(c) d z—c
-R(c) 3. z+c¢
-S(a) 4". u—a -Qa) 4. u—a
X

It is clear that if:

— the cardinality of the domain of discourse is 1, i.e. a = b = ¢, then we obtain a
closed tree (P(a), ~P(c));

— similarly if the cardinality of the domain of discourse is 2, i.e.a = b
(S(b),mS(a))ora = ¢ (P(a), ~P(c)) or b = ¢ (R(b),~R(c));

However, if the cardinality of the domain of discourse is 3, i.e. a # b and
a # cand b # ¢, we obtain the following model from the set of formulas

1), (), 3), 4"

M ={P(a),Q(a), R(b),S(b), =P(c), ~R(c), ~S(a)}

(P(b),Q(b),Q(c), R(a) can belong to M or not)

It is very simple to verify that this is a counter example of the reasoning on a
domain of discourse of cardinality 3. By construction, M is a model of the premises.

About the conclusion:

- if x = a, then in M we have S(a): F and Q(a): T ;
- if x = b, then we have M S(b): T and Q(b): F ;

hence, in all cases, the conclusion is evaluated to F'. O
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EXERCISE 5.5.—

1) Vz3y(P(z) = Q(y)) premise
2) = [FoVu(P(u) = Q(v))] neg. conclusion and var. ren.
3) Yodu~(P(u) = Q(v)) 2)
4) Ju—~(P(u) = Q(V)) 3),v—V
5) =(P(f(V)) = Q(V)) (4), Skolemization
6) P(f(V)) (5)
7) -Q(V) (%)
8) Fy(P(X) = Q(y)) 1),z — X
9) P(X) = Q(9(X)) (7), Skolemization
10) =P(X) 9. 11) Q(9(X)) 9.
X (6.-10.) {X « f(V)} (7-11) : {V = g(f(V))}

Unification
fails (cycle)

6) P(f(V1)) B,V —Wi
7 =Q(V1) 6V —W
X (11-7") {Vi + g(f(V))} U
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EXERCISE 5.6.—

P(f%a)) = P(a): Q(f°(a)) = Q(a)

MH1={Q(a), P(f"(a))} n€eN%n=0,1,2,...

P(a) = T, Q(a) = T, P(f(a)) = T, Q(f(a)) — F, P(f*(a)) — T,
Q(f*(a)) = F, P(f(a)) = T, Q(f*(a)) = F,.

MH2={P(f"(a)), Q(f"(a)} n=2xi; icN%n=0,24,...

Pla) = T, Q(a) — T, P(f(a)) = F, Q(f(a)) — F, P(f*(a) — T,
Q(f*(a)) = T, P(f*(a)) = F, Q(f*(a)) = F, ...

MH3 = {P(a), Q(a), P(f"(a)), Q(f"(a))}; n=2xi+1 ieN%

1.€.:
Pla) = T, Q(a) = T, P(f(a)) — T, Q(f(a)) — T, P(f*(a)) — F,
Q(f*(a)) = F, P(f(a)) = T, Q(f3(a)) = T, ..

Note that M = MHINMH2N MH3 = {P(a), Q(a)} is also a model of S,
as S is a set of Horn clauses (see exercise 3.40). ]

EXERCISE 5.7.— We are here in the case of example 5.16, wherein we had to apply the
method of semantic tableaux to what we called “generic formulae”.

Without loss of generality and for the sake of clarity of the proof, we write the
binary resolution rule under the form:

L(ty,...,t))VQ1(..)V...VQu(...) L(ty,...,t0)VRi(...)V...VR,(...)

olQi( )V oV Q. )V RV .V Ry(..)]

To prove that the resolvent is a logical consequence of the parent clauses, we
construct the tableau below.



Solutions to the Exercises 475

Va1 .. VapLlts, .. ) VQi(.) VeV Q..
Vyr . Lt )V Ry (. )V .V Ry(..)
ﬂﬂQﬂ”iv.”vaQ”)VRNH)V.”VRA”)] Vi

-y o O'Ql(. . )
o oQm(.. )
-y © CTRl(. . )
-y o CTRP(.. )

yoo Ff2(...)
X
r00Q, 4(...) y00Q(...)
X X
Yoo Ft'p,1(...) Yoo Rp(...)
X X

It should be clear that we transformed the disjunctions of literals into binary trees
(which is required by our formalization of semantic tableaux) and that:

Var(L(ty,...,tn) VQ1(-. ) V...V Qu(..) ={z1,..., 2k}

Var(Le(ty,...,t}) VRi(...)V...VRy(...)) ={y1,...,ui}

The use of substitution v o ¢ (instead of simply o) can be explained by the fact
that possibly, x; < y; € o fori € [1,k], j € [L,1] (or y; ;). In this case

Ti <= Yj; €.

Similarly for the x;, y; ¢ dom(co) (z;,y; are variables of the parent clauses) x; <
a € v, yj < a € vy (instead of a, any other closed term could be used). v, which
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can also take into account the possible renamings of the variables of the resolvent,
is thus used exclusively to close branches because of contradictions between closed
literals (i.e. containing only closed terms), thus ensuring that the rules of the method
of semantic tableaux are applied to formulas that are propositional (up to the syntax).

vyooR;(...) (1 <i<p)and:

yooQ;(...) A1 <j<m)

These are constant instances corresponding to the literals of the parent clauses
whose variables are quantified universally (and as usual we chose the instances to be
able to close the branches). [l

EXERCISE 5.8.— First we must transform the premises and the negation of the
conclusion into clausal form (the labels on — refer to the rules used in the proof
of theorem 5.3).

J2[P(x) AVY(R(y) = S(z,y))] - Jalvy(P(z) A (R(y) = S(z,y)))] 2%

7y(P(a) A (R(y) = S(a,)) > Pla) AVy(R(y) = S(a,y)) — Pla) A
Yy(—R(y) V S(a,y)) % i.e. two clauses

ValP(z) = Vy(Q(y) = ~S(z. )] < Valvy(P(@) = (Q) = ~S(a.y))]
— VaVy(=P(z) V -Q(y) V —=S(z,y)) % one clause.

We rename the variables to avoid any confusion:

P(2) vV =Q(u) V =Sz, u)
Negation of the conclusion:

Skol

—[Vz(R(z) = —Q(x))] — Jz-[R(z) = -Q(2)] — =(R(b) = —Q(b)) —
R(b) AQ(D)

% i.e. two clauses

To prove that the reasoning is correct, we must refute clauses 1. to 5. below:

1) P(a)
2) ~R(y) vV S(a,y)
) = P(2) V=Q(u) V —~S(z,u)
4) R(b)
5) Q(b)
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6) S(a,b) (2.1) — (4,1) {y < b}
7)~P(a)V-Q(b)  (3,3) — (6,1) {z + a,u « b}
8) ~Q(b) (1,1) - (7.1)

9) 0 (5,1) — (8,1)

EXERCISE 5.9.—

1y ﬁP(gﬂ/y,Z,S) VP(Z,y,Z,f(LL',Z,S))
2) ﬁP(J;ayvxv‘g) \/P(yayayag(x7y58))
3) =P(b,b,b,5) V R(h(s))

4) P(a,b,c,d)

5) ~R(u)

6) =P (b,b,b, s3) (5,1) — (3,2) {u + h(s3)}

7) = P(x2,b, z2, s2) (6,1) — (2,2) {s3 < g(x2,b,s2),y < b}
8) ~P(x1,b,21,51) (7,1) — (1,2) {s2 « f(x1,21,51),...}
9)0 (8,1)—(4,1) {X1<—a,21<—C,Sl<—d}
by replacing:

S2 < f(a7 ¢, d)

s3 < g(c,b, f(a,c,d))
u <+ h(g(e,b, f(a,c,d)))
if we had asked the question
—R(u)V Answer (u)
instead of O we would have generated (see exercise 3.34):
Answer (h(g(c,b, f(a,c,d))))
which translates, in accordance with the interpretation that we gave to the function

symbols (in particular to the constants) into: the monkey climbs on the chair after
having walked from a to c starting from d, and carried the chair from c to b. U
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EXERCISE 5.10.—
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REMARK 12.16.— We systematically rename the variables of the resolvents.

These are sets of clauses that belong to a decidable fragment of FOL (the clauses
do not contain any functional symbol). After a while, no new clause is generated (up
to a renaming of the variables) and since O is not generated, we conclude that the set
of clauses (1) to (5) is satisfiable. O
EXERCISE 5.11.—

To apply the resolution rule, we must transform into clausal form:

from Vz3y P(z,y), after Skolemization we obtain Vo P(x, f(x)).

For the conclusion, 3zVuP(z,u):

negation — Skolemization: —[3zVuP(z,u)] — VzIu-P(z,u) — Vz=P(z, g(z))

The set of clauses to consider: {P(z, f(x)),~P(z,9(2))}

The resolution rule cannot be applied (the unification algorithm fails with clash),
O cannot be obtained: the answer is therefore no. O

EXERCISE 5.12.—

i) This exercise shows how to encode the axioms and the inference rule of S; in
clausal form and prove theorems using the resolution rule.

We write (A1), (A2), and (A3) in clausal form. The connectives = and — are
written:

i(z,y): z=y

n(x): -x

D) P(i(z,i(y, x)))

2) P(i(i(x,i(y, 2)), i(i(x,y),i(z, 2))))
3) P(i(i(n(y), n(z)), i(i(n(y), x),y)))
The axioms are provable.

To translate MP, we say: If « is provable and x = y (i.e. i(x,y)) is provable, then
y is provable:

4) ~P(i(z,y)) vV ~P(z) V P(y)
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We ask the question 7 A = A (see example 3.9). To better recall that A is
a (meta) variable that denotes an arbitrary wff, we write -° v = v (v denotes a
variable).

To show that v = v is provable in S; (encoded P(i(v,v))), we must generate O,
applying the resolution rule on 1—4 and:

5) _‘P(i(v7 v))

As usual, we identify the variables in each clause with the corresponding index
and rename the variables of the resolvents. We use a linear strategy.

6) ~P(i(zg,%(ve, v6))) V ~P(26) (5.1) - (4,3)

{ya ¢ i(vs,vs)}

7) ~P(i(i(27,i(y7, 27)), i(v7,v7))) (6,2) - (1,1)

{x6 < i(x1,iy1,x1))}

8) 0 (7,1) - (2,1)

{x7 < 22,y7 < 22,%0 ¢ 22,2 < 22,v7 < i(22,22)}

ii)

We proceed by reductio ad absurdum. We assume that

A = A s not provable (5)

This implies that A is not provable, or that A = (B = B) is not provable (6);
and that, in turn, (A = (B = A)) = (C = () is not provable (7)

As A, B,C are meta-variables (i.e. variables that can be replaced by arbitrary
wfifs), to avoid any confusion, we shall name them X, Y, Z respectively, so that

(X = (Y = X)) = (Z= Z) is not provable.
One instanceis (with X <+~ C, Y + C, Z + C = C):
xC=C=0)=((C=0C)=(C=0)

() is also an instance of (A2)
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But this is a contradiction, as all the instances of an axiom are (by definition of a
proof) provable. U

EXERCISE 6.1.—
a)

1) top(a,b) —;
2) top(b, c) —;
3) ab(x,y) — top(x,y);

4) ab(u,v) — ab(u,z) top(z,v);

ab(c, a); % the question

ab(c,a);
3 4
//’—\\‘
— top(c,a); /” — ab(c,z) top(z,a) ;
X --7 3 i 4
I, e \
— top(c,2) top(z,a) ;=" —ab(c,z;) top(,) top(,a) ;
X >

X: problem impossible to solve
The execution does not halt.
If we consider the clause (xx) instead of (x) :

1) top(a,b) —;
2) top(b, c) —;
3) ab(x,y) — top(x,y);

4) ab(u,v) — top(u,z) ab(z,v);
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ab(c, a); % the question

ab(c,a);

—top(c,a);, — top(c,z) ab(z,a) ;
X L X

X: problem impossible to solve
The program halts and answers No.
b)

1) P(a,b) —;
2)P(c,a) =

3)P(x,y) = P(x,2) P(z,y);

P(u,b); % the question

P(u,b);
1 3
[1{u=a} — P(x,2) P(z,b);
1 2 3
— P(b,b) ;

)
g P(b,Zl) P(Zl,b);

3

— P(b,zz) P(z2 , zl) P(zl,b);

Of course this problem has two solutions © = a and u = ¢, ... but only the first one
is found. To try finding all the solutions, we can swap the orders of clauses 1 and 2, or
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swap literals P(x, z) and P(z,y) in clause 3. In both cases, after having found both
solutions, the program does not halt.

It is suggested to use the following technique:

1)P(a,b) —;

2)P(c,a) —;

3)Q(x,y) = P(x,y);

4 Q(x,y) = P(x,2) Qz,y);

Q(u, b) % the question O

DIGRESSION 12.1.— When transforming programs, it is natural to wonder whether
they are equivalent, and in the case of logic programing, this boils down to ask whether
one program is a logical consequence of another one.

We seize this opportunity to show the usefulness of automated theorem provers (or
proof assistants) for programing. We have used one of the best-known provers based
on the resolution method (Prover9), which contains a tool capable of constructing
finite models (Mace4).

If we let P1 stand for the initial program and P2 stand for the suggested program,
we show that P1 is not a logical consequence of P2 (by exhibiting a counter-model
constructed by Mace4). However, if the implication of clause 3. of the modified
program is replaced by an equivalence, which yields, say, P2’, then we give a proof
that P1 is a logical consequence of P2’.

INPUT
assign(report_stderr,2).
set(ignore_option_dependencies).
if(Proverg).

\#% Conditional input included.
assign(max_seconds,€C).
end_if.

if (Maced).

\% Conditional input omitted.
end_if.

formulas(assumptions).
P(a,b) & P(c,a) & (all x all y (P(x,y) -> Q(x,¥))) & (2ll x all y all z (P(x,z) & Q(z,y) -> Q(x,y))).
end_of _list.

formulas(goals).
P(a,b) & P(c,a) & (all x all y all z (P(x,z) & P(z,y) -> P(x,y))).
end_of _list.

end of input
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\#% Enabling option dependencies (ignore applies only on input).

PROCESS NOW-CLAUSAL FORMULAS ===

\#% Formulas that are not ordinary clauses:

1 P(a,b) & P(c,a) & (all x all y (P(x,y) -> Q(x,y))) & (all x all y all z (P(x,z) & Q(=z,y) -> Q(x,y)))
# label(non_clanse). [assumption].

2 Pla,b) & P(c,a) & (all x all y all z (P(x,z) & P(z,y) -> P(x,y)))

# label(non_clause) # label(goal). [goall.

end of process non-clansal formulas =

PROCESS INITIAL CLAUSE:

\#% Clauses before input processing:

formulas(usable).
end_of_list.

formulas(sos) .
P(a,b). [clausify(1)]1.
P(c,a). [clausify(1)].

-P(x,y) | Qlx,y). [clausify(1)].

-P(x,y) | -Q(y,z) | Q(x,2z). [clansify(i)].
-P(a,b) | -P(c,a) | P(cl,c8). [deny(2)].
-P(a,b) | -P(c,a) | P(c3,c2). [deny(2)].
-P(a,b) | -P(c,a) | -P(cil,c2). [deny(2)].

end_of_list.

formulas(demodulators).
end_of_list.

Counterexample:

interpretation( 2, [number = 1,seconds = ¢, [
function(a, [C]),
function(b, [C1),
function(c, [C1),
function(cl, [11),
function(e2, [11),
function(cd, [C1),
relation(P(_,_), [

1,1,
1,¢1),
relation(Q(_,_), [
1,1,
1,1D1).
PROQF
\f - Comments from original proof --------

\% Proof 1 at C.CC (+ C.CC) seconds.
\% Length of proof is 1€.

\% Level of proof is 4.

\¥% Maximum clause weight is §.

\% Given clauses 1C.

1 P(a,b) & P(c,a) & (all x all y (P(x,y) <-> Q{x,y))) & (all x all y all z (P(x,z) & Q(z,y) -> Q(x,yI))



Solutions to the Exercises 485

label(non_clause). [assumption].

P(a,b) & P(c,a) & (all x all y all z (P(x,z) & P(z,y) -> P(x,y¥)))
label(non_clause) # label(goal). [goall.

P(a,b). [claunsify(1)].

P(c,a). [clausify(1)].

-Plx,y) | Qx,y). [clansify(1)].

Plx,y) | -Qlx,y). [clausify(1)].

-P(x,y) | -Q(y,2) | Q(x,2). [clausify(1)].

-P(a,b) | -P(c,a) | P(c1l,c3). [deny(2)].

Plci,c3). [copy(8),unit_del(a,3),unit_del(b,4)].

@ @ N MmO W RN

1G -P(a,b) | -P(c,a) | P(c3,c2). [deny(2)].

11 P(c3,c2). [copy(1C),unit_del(a,3),unit_del(b,4)].
12 -P(a,b) | -P(c,a) | -P(c1,c2). [deny(2)].

13 -P(c1,c2). [copy(12),unit_del(a,3),unit_del(b,4)].
17 Q(c3,c2). [ur(5,a,11,a)].

18 -Q(cl,c2). [resolve(13,a,€,a)].

o¢ ¢F. [ur(7,a,9,a,c,18,a),unit_del(a,17)].

end of proof |:|

EXERCISE 6.2.— The intended meaning of the terms:
a: 0
s(x): successor of x (in N)
a)
add(a, x,x) —;
add(s(x),y,s(z)) — add(x,y,z);
b)
mult(a,x,a) —;
mult(s(x),y,u) = mult(x,y,z) add(z,y,u);
<)
less(a,s(x)) —;
less(s(x),s(y)) — less(x,y);
d)
divides(x,y) — not(eq(x,0)) division(y,x,z);

division(y,x,z) — mult(z,x,y);
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% not: see section 6.3.2

e)

prime(x) — not(eq(x,0)) not(eq(y,1)) less(y,x) not(divides(y,x))

% eq: see exercise 6.10

% not(eq(y, 0)) not necessary because in divides O
EXERCISE 6.3.— The intended meanings of the terms:

a: 0

s(x): successor of x (in N)

fib(a,a) —;

fib(s(a),s(a)) —;

fib(s(s(x)),u) — fib(x,y) fib(s(x),z) add(y,z,u); O

EXERCISE 6.4.—

fact (0,1) — ;
S——

B

a fact (n+1,(n+1) xy) — fact(ny) ;
/5 \___“
fact (u,v) ;
14

The regular expression that characterizes the sequence of applications of the
resolution rule with the strategy used by the interpreter PL (each application is
represented by the used mgu):

ady* B

The application of « gives the first solution, the rest of the regular expression gives
the other solutions. O

EXERCISE 6.5.—
a)

append(][ ], x,x) —;
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append([u | x],y, [u| z]) — append(x,y, 2);

b)

reverse([ |,[ ]) —;

reverse([t | x],z) — reverse(x,y) append(y, [t],z);
9)

palindrome(x) — reverse(x, x);

d)

member(x, [x | y]) —;

member(x, [z | y]) — member(x,y);

Other definition (program):

member(x,y) — append(u, [x | z],7);

e)

subset([ |,y) —;

subset([z | x],y) — member(z,y) subset(x,y);
f)

We give three definitions (programs).

)

consec(x,y, [x,y | u]) —;

consec(x,y,[v|u]) = consec(x,y,u);

i)

position(x,n,y): element x is at position n in list y
position(u,1,[u]x]) —;

position(u,i—+1,[v|x]|) = position(u,1i,x);

487
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consec(u,v,x) — position(u,i,x) position(v,i+ 1,x);
iii)
consec(u, v, x) — append(y, [v | 2], x) append(w, [u],y);

Idea:

EXERCISE 6.6.— We first define the predicate partition
partition(list_ I, element_ of_ L (x), list_ of_ smaller_
elements_ than_ x_ in_ L, list_ of_ greater_ elements_ than_ x_
in_ L)
partition([ 1,x,[ 1,[ 1) —;
partition([x|X], y, [x|P], G) —» x < = y partition(X, y, P, G) ;
partition([x|X], y, P, [x|G]) — x > y partition(X, y, P, Q) ;
quicksort([ 1, [ 1) —

quicksort([x|X], Y) — partition(X, x, LT, GT)

quicksort(LT,P) quicksort(GT,G) append(P,
[x|G], Y);

append([ 1,X,X) —;

append([UX], Y, [U|Z 1) — append(X, Y, Z) ; O
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bubblesort (X,X) — ;
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bubblesort (X,Y) — append (U, [a,b|Z], X)

% We identify adjacent elements:

append (U, [b,alZ], T)

bubblesort(T,Y) {a => b} ;

% {a => b} is a constraint whose meaning is obvious. It could be replaced by a

predicate similar to that of exercise 6.2 (c).

append ([ 1,X,X) —;

append([UX], Y, [U|Z 1) — append(X, Y, Z) ; O

EXERCISE 6.9.—

a)
woman(adam)
| 2
not(man(adam))
|1
not(success)

failure

woman(x) eq(x,eve)
| 2

not(man(u)) eq(u,eve)
1

not(man(adam)) eq(adam,eve)
1
not(success) eq(adam,eve)

| 1

failure

woman(eve)
| 2

not(man(eve))
| 1

not(failure)

success
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b)

even(y)

1 2 {y=s(s(x{)}

success even(x 1)
{y=0}
1 2 {x=s(s(x,;)}

success even(xz)
{xq =0; y=s(s(0))}
1 2

success
{x5 =0; y=s(s(s(s(0))}

We obtain: {y=0, y=s(s(0)), y=s(s(s(s(0)))), ...}
odd(y)

3 4 {y=s(s(x))

success not(even(x,))
{y=s(0)}
1 2 {xg=s(s(x,))}

not(success) not(even(x,))

/\

failure not(success)

failure

We obtain: {y=s(0)}
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EXERCISE 6.11.—
merge(X, [ 1, X) =/ ;
merge([ 1, X, X) =/ ;
merge([x|X, [y|Y], [x]Z]) = x <y / merge(X,[y|Y], Z) ;
merge ([x|X, [y|Y], [x|y|Z]) = x = ¥ / merge(X, Y, Z) ;
merge ([x[X, [y|¥], [y|Z]) > x >y / merge([x[X], Y, Z) ; O

EXERCISE 8.1.— We prove properties that will permit us to simplify the answers to
points (a) and (b).

We choose to represent clauses as sets of literals and recall that the sets of variables
of distinct clauses are disjoint (see definition 5.10).

Property 1: let o denote a substitution:

ifC <;DthenC <, 0D % for an arbitrary o
PROOF.— By definition of a subsumption, there exists a substitution  such that:

6C C D.

The application of a substitution to a clause cannot change the number of its literals
(see definition 5.12); hence, by applying an arbitrary substitution o to #C' and to
D, the set inclusion cannot change: o will act in the same way on 6C and on the
corresponding subset of literals in D (as it is the same!). We can thus write:

oc0C C oD
there therefore exists a substitution (i.e. o o #) such that:

(c00)C CoD
hence (definition of a subsumption):

C<,0D (for an arbitrary o).

We have the following immediate consequence.
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Property 2: let C' and D denote two clauses such that Var(D) = {y1,y2,...,Yn}
and let v be the substitution:

'Y:{yl <_a17y2<_a2a---ayn<_an}

where the a;’s (1 < i < n) are constants distinct from those in C' and D (intuition:
the constants occurring in C' and D already have an intended meaning, and to reuse
them could change this meaning),

it C <;0D,then C' <;vD
PROOF.— Trivial, by applying property 1 with + instead of o.

The following property is a property that will be very useful to answer points (a)
and (b).

Property 3: let v be the substitution of property 2.
C<;Dift C <;~D
PROOF.— only if property 2
if
C <svD
there therefore exists a substitution € such that:
0C C~vD
Assume Var(C) = {z1,22,...,2m}

and 0 = {x1 < t1,20 < to, ..., Ty < b} (x; € dom() and ¢; is a closed term
for 1 <4 < m because 7D is a closed clause)

Of course, all the names of the literals (i.e. the predicate symbols) in C' are in D
(as C <5 vD and y do not act on the predicate symbols).

To prove C' <, D, we must get back to D, or in other words, undo what was
done by 7.
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We thus define the operation:

si=tiler |y, e2 | y2- - cn | ynl

meaning: “s; is the term obtained by replacing in ¢; constant ¢; by variable y; (1 <
i <n)”.

Consider the substitution:

0 ={x1 ¢ 51,22 ¢ S2,...,Tm < Sm}
andlet Q = [c1 | y1,¢2 | Y2- .., ¢n | yn] (Q is not a substitution; hence, the different
notation)

By construction: Q(yD) = D

and also by construction 6C C D.

As a small example of these constructions, let (as usual x, y denote variables and
a, b denote constants):

C: P(z) VQ(f(x)), hence, Var(C) = {z}

D: P(f(y)) v Q(f(f(y))) vV R(a), hence Var(D) = {y}
v={y < b}

hence yD = P(f(b)) v Q(f(f(b))) V R(a)

(t1 =t2 = f(b))

Q=1[|y]

(s1=s2=f(y))

0 ={z < f(y)}

oC = P(f(y)) v Q(f(f())) (S D)

hence C < D.
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Property 3 allows us to replace the study of C' <, D by the study of C' <, Dy,
where Dy is a closed clause.

We use this property to answer the question.

a)

The clauses are disjunctions of literals with all variables quantified universally.

If C <, D, then there exists a closed substitution that transforms C' into a sub-
clause of the closed clause D.

Every model of C' evaluates C to T on all elements of the domain, in particular, on
the elements denoted by the closed terms that replaced the variables of C' (functional
symbols are associated to fotal functions, see definition 5.6).

Hence, every model of C is a model of D and
if C <¢ D, then C' = D.
b)

To answer question (b) it suffices to recall the definition of a subsumption and note
that there exists an algorithm (UNIFICATION) that permits us to solve sets of equations
on terms.

An (inefficient!) decision procedure could be that of Figure 12.12;
We consider the input clauses, say C' and D, as sets of literals:

C ={Ki(51), K2(52), - - ., Km(5m) }

D =A{Ly(t1), La(E2), - -, L (Fn) }

D: closed clause, meaning that the occurrence test (rule 7 of algorithm
UNIFICATION is not necessary (see exercise 4.1 d)).

We note P, (D), the set of literals of D whose names (predicate symbols) are the
same as the name of K; (of course, every literal name in C' is a literal name in D,
otherwise, the negative answer to the subsumption test is immediate). O

2 This is a specification destined simply to show that a decision procedure exists, and is in no
case intended to be implemented.
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algorithm C suBs D ?
input: C = {K;(57), K2(52), ..., Kin(Sm) } and
D = {L1(t1), La(t2), - .., Ln(Ls)} (D: closed)
output: either YES and a substitution o
or NO
begin
1+ 1;
fail + F
o+ 0 % o : substitution to construct
while 7 < m and — failure
do
e if {5; = ,} U o has a solution for a choice in P, (D
% i.e. for the K; € C there exists L; € D s.t. (K;(5;) = Lj(t;))
e Memorize the other possible choices in Py, (D)
% (for backtracking)
then
o+ oU{s =1}
14 1+1
else
if backtrack possible
then o <+ o \ “incorrect choices”
else failure «+— T
enddo
if failure then return NO
else return YES and o

end

Figure 12.1. Subsumption algorithm for clauses

EXERCISE 9.1.— As we have to prove validity, we negate the corresponding formula

1) ~[VaVy(z =y =y = z)] v
!
2) Jady~(z=y=y=u1x) 1, v
1
3) —(a=b=b=a) (2),z4a y<by
1
4) a=1b (3)
5) ﬁ(bf a) 3)
x (6), Ry
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EXERCISE 9.2.—

As we have to prove validity, we negate the corresponding formula:

1) svavyvz((z =y) Ay = 2) = (& = 2))]

+
2) fﬁyEZﬁ((I =y Ay=2)=(x=2)) (1), V
3);((a:b)/\(b:c)é(a:c)) (2), z+a,y«b, zc,
4d)a=0> (3)
5)b=c (3)
6) =(a = c) (3)
d
Na=c (4), (5), Ry
X (6)7 (7)
O
EXERCISE 9.4.—
% The closed world:
{ 1<= 1.1 <=4, 1<= 1.2 <=4, 1<= L3 <=4, 1<= 14 <=4, 1<= C1 <=4,

1<= C2 <=4, 1<= C3 <=4, 1<= C4 <=4,
% The possible positions:
(1 =12+ 1and C1 =C2+ 2) or (.1 =12 + 2 and C1 = C2 + 1)

or (.1 =12 -1 and C1 = C2 -2) or (L1 =12 - 2 and C1 =
c2 - 1);

L3 + 2 and C1 = C3 + 1)

(L1 = L3+ 1 and C1 = C3 + 2) or (L1

L3 - 2 and C1 =

or (L1 = L3 -1 and C1 =C3 -2) or (L1
C3 - 1)

}

We also give a schema of propositional formulas that permits us to get the
specification in PL of the n-queens problem for all n € N.
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The proposition schemas F; ; mean: a queen is at the intersection of line © and
column j.

/\Zj:l _'[Pi»j A ( \/Z:l; k#j Pi,k Vv \/7:1; 1#i IDIJ Vv vZ,r:l; i—j#q—r P‘Iﬂ" v
\/s,t:1; i+j#s+t Ps,t )}

or the equivalent schema:

NijeilPii = =0 Vicr iy Pk V Vizi 120 P V Voot icjzger Par vV
n
Vii=1; itjrstt Pot )]

where the disjuncts of the schema have the following meaning:

n . . .
szl; oy P; i queen on a square of the same line;

n .
VI:1; 1£; P1.51 queen on a square of the same column;

\/Zrzl, i—j#q—r Part queen on a square of the same diagonal NE-SW going
through i, j;

\VA i+j#s+t Ps,t queen on a square of the diagonal NW-SE going through
1,]. g

EXERCISE 9.6.— R is a well-founded relation, meaning that there are no infinite
sequences {a; }ien such that R(ay, ap), R(az, a1), ..., R(ant1,an), ...

This is explained by taking:

P — set of elements (C D)

Px)—»xzeP

The formula is interpreted as follows.

Every non-empty subset of the domain [VP(3zP(z)... ] contains an element
[ 3zP(z)... 1, such that there is no other element in the subset that is in relation
withit[...Vy(P(y) = -R(y,2)... 1.

b)

Connected graph

This is explained by taking

C — set of nodes (C D)
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Clx)—zel

A(z,y) + there is an edge from z to y

The formula is then interpreted as follows:

For every non-empty subset of nodes [ VC((3zC(x)... 1, if = is in the
subset [ ...C(z)... ] and if when there is an edge from x to y, then y is also in

this subset [ ... A A(z,y) = C(y)... ] and all the nodes in the graph are in this
subset[...VzC(z)...1.

9

Non-connected graph with connected components

This is explained by taking:

C'+ set of nodes (C D)

Cx)—»zel

A(u,v) — there is an edge from u to v

The formula is then interpreted as follows.

There exists a non-empty subset of nodes of the graph [ VC'((32C(x)... 1,
which does not contain all the nodes in the graph [ ...3y...—~C(y) ... (disconnected
part) 1, and such that if a node belongs to this subset [ ...C(u) ... ] and there is an
edge from this node to another one [ ... A(u,v)... ], then the latter is also in the
subset[ ...C(v) ... (connected part) ]. O
EXERCISE 10.1.—-

a)

C = A U B, by definition:

pe = mazx {pa, pp}

pe > paand po > pp

by definition:

HDACCand BCC
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Let D such that:

2Y)ACDand BC D
then:

Up = praand pp > pp
ie.

pp = mazx {pa, up} = pc
by definition:

3)yD=C

From (1), (2) and (3) we conclude that C' is the smallest set containing A and B.

b)

C = AN B, by definition:

pe = min {pia, pp}

o < paand pe < pp
by definition:

HCOCCAandC CB

Let D such that:

5) DCAand D C B
then:

pup < paand pup < pp
ie.

pp = min {pa, ppt = pc
by definition:

6)D=C
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From (4), (5), and (6), we conclude that C is the greatest set contained in A and B.
)

(For every x) we arrange in decreasing order 4, up, pic

By transitivity of order relations:

maz {u,maz {p;, i)} = maz {maz {ui, s}, i}

where i, j,k € {A, B,C}

d)

similar (with min)

e)

There are two possible cases

el) pa < pup

We verify easily that:

teaogy = 1—maz{pa,pp} = 1—pp = min{l—pa,1—pp} = pz-p
e2)up < pa

Similar.

f)

Analogous to (e), by verifying:

1 —min {pga, up} = max {1 —pa,1—pup}

g)

The property to verify here is:

max {pc,min {pa, pptt = min{maz{pc, pa}t, max {pc, st}
which must be verified for the 6 (= 3!) possible cases:

g pa <pp < pc
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82) pa < pie < KB

g3) up < pa < pic

g up < po < pia

g5) po < pa < pB

g6) o < pp < pia

We verify for (g1)

maz {pc,min {pa, ppl} = pc

maz {fic, A} = pio

max {uc, p} = pc

min {puc, pcy = pe

h) Analogous to (g) by verifying:

min {pc,max {pa, ppt} = max {min {pc,pa}, min {pc, pp}}- O
EXERCISE 10.2.— For example:

Hoay(0,2) = 0.1

Hay(D5,150) = 0.8

[tz (0,1000) = 0.99

EXERCISE 10.3.—-
a)
Let RCAxBandSC B xC
If BN B’ = () then purogs = 0 for every pair (z,y)

If BN B’ # (), then we must keep the pairs containing the z’s that are in B and in
B ie.:



502  Logic for Computer Science and Artificial Intelligence

min{pr(z, ), ps (2, )}
and regroup all these values:
HRros = maz. {min{ur(z, 2), ps(z,y)}}
b)
ur(x,z) ~1
9)
if pr(x,y) = 1then pg(y,x) ~ 1
d)
In classical logic: if xRy and yRx, thenx =y
‘We can propose:
if up(z,y) ~ 1, then pup(y,z) =0
or:
if up(z,y) > 0, then pup(y,z) =0
e)
In classical logic: if xRy and yRz, then zRz
pr(e,2) > min{ur(e,y), prly. 2)}

The idea is that = will be related to z at at least the same degree as z and y are
related (which corresponds to min). O

EXERCISE 10.4.— Yes:

S—1>Ai>AanflzBchmngnotCandBinotDandBB
not very D and B = not very true and B 5 not very true and not C' N
not wvery true and not FE g not wvery true and not very FE E
not very true and not very false

The semantics:

SHABANBAIBNBACNB3D N BID N B3
true2 N B3 true2 N C 2 true2 N E S true® N B2 2 true? N false? O
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EXERCISE 10.5.—

a)

1) O0-P = =P T — axiom P < =P

2) =P = -0-P (1) and contrapositive

3) P = —0O-P in (2) propositional equiv
4 P=OP OP : df oO-p

b)

A= 1B hyp.

2)0(A = B) (1), Necessitation
3)0(A= B)= (DA=0OB) axiom K

4)0A = 0B (2),(3),MP

c)

1) O=P = O0-P

2) -00-P = —O-P

3) O=0-P = OP

4) OOP = OP

d)

D O(=Q = P) = (0-Q = OP)

2)0(QV P)= (-O0-Q vOP)
3)0(PVQ)= (OPVOQ)
e)
HDAANB=A
2Y)AANB=0B
3)0(AANB=A)
4)0(AA B = B)
5)0(AAB=A)

= (O(AAB) = 0A)
6) 0(AA B = B)

= (O0(AAB) = 0OB)
7)O(AAB)=0OA
8) J(AAB) = OB
90(AANB)=D0AANDOB

S4 — axiom P« =P
(1) contrapositive
OP ; def O-p

(3) ,OP: df O-P

axiom K (hence in S5)
P+—-Q, Q<P

Q = Pequiv-QVP
OQ .def -0-Q

tautology PL
tautology PL
(1), Necessitation

(2), Necessitation
axiom K

axiom K

(3), (5) MP

(4), (6) MP

PL, if A = B taut. and A = C taut.
then A = B A C taut.



f)

HO(B= (AAB)) =
2) A= (B = (AAB))
3)0(A= (B=(AAB))
4 0(A= (B= (AAB)))

= (0A=0(B = (AAB))
5)0A = 0O(B= (AAB))
6) 0A = (OB = O(AA B))
7)OAADB = O(AAB)

g)

)A= (BANC = AAB)

2) P= (OPAOOP = P AOP)
3)0(P AOP)
4) P = (O(PAOP) = PAOP)
5)0(P = (O(PAOP)= PAOP))

& (OP AOOP)
————

7)0(0(P AOP) =

= O(P AOP)
8) OP = O(P AOP)
9)0P = OPAOOP
10) OP = OOP

(P AOP))

h)

1)0OA = 0AVOB

2)0B = 0OAV OB

3) 0(0A = OAV OB)
4)0(0B = OAVOB)
5)0A = OOA

6) OB = 0OOB

(OB = 0O(A A B))
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axiom K
tautology PL

(2), Necessitation

Axiom K
(3), (4), MP
(5), (1) transitivity PL
LP:if A= (B= Q)
taut. : AAB = C taut.

tautology PL
)A<+ P, B« OP, C+ OOP

(1

(e), ()

(3)in (2)

(4) , Necessitation
(5)

5) ,axiom K (hence of G), MP

axiomG: P+ PAOP

(6), (7) transitivity PL

(e), (8) transitivity PL

(9), LP: if A= B AC taut.
then A = C taut.

P = PV Q PL tautology, P + OA,

Q+«+ OB

idem

(1), Necessitation
(2), Necessitation
Axiom S4

Axiom S4
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7)0(0A = 0OA Vv OB)

= (0D0A = 0O(0A vV OB)) Axiom K hence of 54
8)0(0B = 0OAV OB)
= (0DOB = O(0A Vv OB)) Axiom K hence of 54
9)00A = O(0A v OB) (3), (7), MP
10) 0OB = O(0A VvV OB) (4), (8), MP
11)0A = 0O(0A vV OB) (5),(9), nPLA=B, B=C
EA=C
12) 0B = O(0A Vv OB) (6),(10), nPLA=B, B=C
EA=C
13)0Av OB = 0O(0AVOB) (11), (12)inPLA=C, B=C
E AvB=C

O

EXERCISE 10.6.— For the first of the translations in modal logic, it is possible to
verify the soundness without translating the formula into FOL. Indeed, consider the
set of the three premises and the negation of the conclusion (clauses (1) to (4) at the
root of the tree).

HDP=0Q
2) =P = 0-Q v
3) PV -P % not used

4 -0QA-0-Q

5) -0Q 4.
6) -0-Q 4.

4/\;

npP 2 8 0-Q 2
x (2. —6.)

4/\;

9P 1 1000Q 1.
x (7.-9.) x (5. —10.)

We show that the other translation does not correspond to a correct reasoning,
by constructing a counter example using the translation method and the method of
semantic tableaux. As usual, we consider the set of premises and the negation of the
conclusion.
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hoPr=qQ) Vv
2)0(=P = —Q)

3) PV —P

v

% not used

4 -0QA-0-Q

5)-0Q 4. \/
6) ~0-Q 4. v
7 (VY (R(X,y) = Qy)) v
8)  ~(Vz(R(X,z) = -Q(2)) 6.
9 IW(RX,y)=QW) 7
10)  3z=(R(X,2) = -Q(2)) v
11) R(X,a) 9., y<+a
12) -Q(a) 9., y<+a
13)  R(X,b) 10., 24 b
14)  Q(b) 10., z <+ b
15)  Vy(R(X,y) = (P(y) = Q(y)) 1.
16) R(X,a) = (P(a) = Q(a)) 15, y<a
17) —-R(X,a) 16. 18) P(a) = Q(a) 16.

. (11. B 17.) A

19) —-P(a) 18. 20) Q(a) 18.
¢ x (12, —20.)
2D Vy(R(X,y) = (-P(y) = ~Q(v))) 2.
22) —R(X,b)21., y+ b 23) =P(b) = -Q(b)

X

13. — 22.

21, y<+b

4/\;

24) P(b) 23. -Q(b) 23.
x 14. — 23

In bold ({—Q(a),Q(b), ~P(a), P(b)}), we can read a counter example of this
formalization of the argument (reasoning) of the sea battle.

O
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EXERCISE 10.7.—

a)

1. =[0p = Oy)
!

2. O¢ 1.
|

4. Vy(R(X,y) = ¢(y)) 2.

5. ~Ju(R(X,u) Ap(u)) 3.
|

6. Vu-(R(X,u) Ap(u)) 5.

If R is total, i.e. Va3yR(z,y), we have R(X,a) (by assigning x < X, y + a)
and we can graft the following tree:

7 R(X,a)

— T~

8. -R(X,a) 6. u—a 9. —w(a) u—a

x (8.=-7) /\

10. -R(X,a) 4. y—a 11.¢(a) 4. y—a
x (10.—17.) x (11.—-9.)
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b)

l

2. Op 1. Vv

3. ﬂDO(p 1. \/
!

4. OO-yp 3. Vv
1

5. F(R(X, zl/) Ae(y)) 2. v

6. Ju(R(X,u) AVu(R(u,v) = —p(v))) 3. Vv
l

T R(X,a) A ¢(a) 5. y«—a v

8.  R(X,b) AVu(R(b,v) = —p(v)) 6. u—b Vv
l

9. R(X,a) 7

10. p(a) 7.

11. R(X,b) 8.

12. Yo(R(b,v) = —p(v)) 8.

/\.

13. =R(b,a) 12. v«—a 14. ~p(a) 12. v—a
x (14.-10.)

If R is Euclidean, i.e. VaVyVz.R(z,y) A R(x,z) = R(y,z), then we have
R(X,b) AN R(X,a) = R(b,a) and we can also close the left-hand branch.

¢)

1) —[Cp ? O]

2) Oy 1.

3) ﬁD(‘D 1. \/
1

4) O 3./
1

5 WRX,y)Ne(y) 2.V

6) Jz(R(X, zi) AN=p(z)) 4./

7) R(X,a) 5. y<+a

8) goia) 5. y<+a

9) R(X,b) 6. 2 b

10) —p(b) 6. z< b
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If R is functional (“unique”), i.e. VaVyVz.R(z,y) A R(z,z) =y = z,

then we have a = b (7 — 9) and the tree can be closed (8 — 10)

d)

1. S[Cp = O00y]
!

2. Oy 1. Vv

3. ﬂDO(p 1. \/
1

4. O0O—p 3. Vv
!

5. Fy(R(X, zl/) Ap(y)) 2. Vv

6. Ju(R(X,u) AVv(R(u,v) = —p(v))) 3. Vv
l

7. R(X,a) A ¢(a) 5.y—a v

8.  R(X,b) AVu(R(b,v) = —p(v)) 6. u—>b Vv
l

9. R(X,a) 7

10. p(a) 7.

11. R(X,b) 8.

12. Yo(R(b,v) = —p(v)) 8.

/\.

13. =R(b,a) 12. v—a 14. ~p(a) 12. v+—a
x (14.-10.)

If R is shift-reflexive, i.e. VaVy.R(z,y) = R(y,y), then we have R(X,a) =
R(a,a).
We can thus close the tree by grafting to the open branch the tree:

11. R(X,a) = R(a,a)

/\

12. =R(X,a) 13. R(a,a)
x (12.-5.) x (13.-9.)
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e)

1 -(¢0OP = OOP)
|
2. OooP 1.
3. -00P 1. \/
|
4. oO-P 3.
|
5. Jy(R(X,y) AY(R(y,u) = P(u)) 2. Vv
6. Jv(R(X,v) AVz(R(v,z) = -P(z)) 4.
|
7. R(X,a) AVu(R(a,u) = P(u)) 5. y—a Vv
8. R(X,b) AVz(R(b,z) = -P(2)) 6. ve=b Vv
|
9. R(X,a) 7.
10. R(X,b) 8.
11. Yu(R(a,u) = P(u)) 7.
12. Vz(R(b,z) = -P(z)) 8
I:”- -------- gi:t-[-];(-u“u) AR, w)) 9. 10.and R : directed Vv
|
12 R(a,c) 12/ we e
121 R(b, ¢) 12/ wec
13. -R(a,c) 1l.ue—c 14. P(c) 11. u+c

X

=R(b,e) 12. ze—¢c -P(c) 12. z —c¢
X X

Line 12" corresponds to R confluent (or convergent), i.e. VaVyVz.R(z,y) A
R(z, z) = Fu(R(y,u) A R(z,u)) O

EXERCISE 10.8.— If we keep the semantics of O in definition 10.9:

Oy: ¢ is compulsory Oy :4¢f Ogp
Fy: s forbidden F :%¢f O-¢

.def

Py: ¢isallowed Py :*¢7 =O-p

.def

Ep: pisoptional Ep :*¢/ =0p. 0



EXERCISE 10.9.—

a)

Solutions to the Exercises 511

The underlined formulas at time ¢; are those produced by the application of a rule

attime t; (j < 1%).
~{F(pV¥Y) & FoV Fy} / to

/\

F(p V) S[Flevell,
S[FeVFy |t FoV FyyV
-Fo
-F
v Fo /t Fy |/ to
' | |
VY ¢ ty Y ta
e h T n
=1 | |
A/\ —(pVY) (pVY) ty
Pt Y iy - ta
X X ﬂw _|( 0 Vv 'l’) ‘/
X e t3
'
X

The tree is closed, hence the formula is valid.

b)
~{FeAFY= F(pA¥)} V to

FoAFy /
~F(p AY) &
Fo

Fy

l

¥t

Yty

|

(e AY) 4y
et Yt
X

P tg Y g
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The formula is not valid. Counter example:

{(p[tl]’ ¢[t2], jw[tl]’ ﬁ5‘7[t2]’ - }

which could translate into: “if it will rain and the weather will be cold, that does not
mean it will rain and the weather will be cold at the same time!”. O

EXERCISE 10.10.— We can find representations in the literature similar to the
representation below. It is explicit enough. The reader can name the instants for each

group of formulas.

~(G((p=q) = p) = Gp)
G((p=4q) =p)

Ve

~(G((p=q) = p) = Gp)
1
~(G((p = q) = p) = Gp)
G((p=4q) =p)
-Gp
!
-p
!
~(G((p=q) = p) = Gp)
G((p=4q) =p)
-Gp
!
-p
(=9 =0p

N
-(G((p=q) = p) = Gp)

G(lp=q) =0p)

{ i

-p -p
(p=q)=p (p=q)=p

-(p=q) p

1 X

~(G((p = q) = p) = Gp)
G((p=q) = p)
-Gp
1
-p
p=q =p
=(p=q)
p
-p
X



EXERCISE 10.11.— The rule corresponding to O f:

af
1
oadf
[1P A Q=P
P aQ=pP v
[1p
0P
[1P A Q=P V
e v
0P
P
o[]lP
[1PAO-P V [1P AQ=P V
[1P Vv [1P v
Q=P v Q=P v
P P
o[lP o[lP
P o)-P
X ]
[1PAQ=P V
[1P v
0P v
P
o[lpPV
00=PV
[1pP
Q-P

Solutions to the Exercises

513
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pd

[1PAQ-P V
[1P v
O-P v

o[]lPV
o0)-PV
e v
O -P

o[ 1P

[1PAQ-P V
[1p v
O-P v

P
o[lPV
o)-PV
[1P V
QP vV
P

o[ 1P
-P

X

The underlined formulas are those that were developed in the parent node

(rectangle).

~

[1PAQ-P V
[1p v
O-P v

P
o[lPV
o)-PV
[1p v
QP
p

ol1P
o\)-P

O
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Symbols

Ca, 391

Dg¢, 391

FEg, 391

K, 389

K; operator, 389
L[z | Fas)). 177
L[t], 301

L[t]w, 301

L{u «+ t], 301
L¢, 46

0, 101

Propset of a wif (or a set of wifs), 47
&, 41

=, 20, 41

1,20

‘R operator in FOL, 192
R in FOL, 192
=, 127

1,44

3,134

v, 134

<s,267

E, 47

E(AI), 42

L1, 133

R, 103
‘R-operator, 103
S1,78

Sri0, 184

, 44

Index

=, 43

=z,43

-, 41

w-consistency, 85

=<, 118

Fr, 104

Fsg, 104

-, 78

Vv, 41

A, 41

(abstract) algebra, 145
(strongly) confluent relation, 377
modus ponens (MP), 72, 79, 89
shift-reflexive relation, 509
3-colourability, 113

A

abduction, 273
absolutely consistent, 84
abstract interpreter of LP, 221
accessibility relation, 358
adequate (connective set), 44
formal system, 84
algorithm for semantic tableaux (PL), 61
ancestor (of a node), 63
antisymmetry, 117
argumentation, 48
arity, 125, 133, 294
artificial intelligence, 245
associativity without =, 296
asymmetry, 118
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axiom, 75

(for constructivists), 13

(of a theory), 151

of choice, 11

(sequent calculus), 91
axiomatic

structure, 75

system, 75
axiomatico-deductive system, 74
axiomatisation, 75

of equality, 293

B

backward chaining, 51

Berry paradox, 13

binary resolution, 191

body of a rule, 219

Boolean algebra, 116

bound
occurrence of a variable, 135
variable, 135

branch, 63

C

calculus, 75, 109, 110
case analysis, 74
chain (totally ordered set), 117
choice (axiom of), 11
clausal
form (FOL), 45, 187
transformation, 49
clause, 46, 219
(FOL), 187
(PL), 46
clauses parents, 191
closed
branch, 56, 97
clause, 177
instance, 177
semantic tree, 97
substitution, 126
tableau, 56
terms, 125, 177
theory, 151
wif, 136

closure

of an owff, 148

operation, 27
cnf, 45

transformation, 49
coherent, 47, 84
common knowledge, 391
commutativity without =, 296
compactness

of FOL, 185

(of PL), 99

theorem (PL), 99
complementary literal, 46
complete, 84
complete theory, 151
completeness

of FOL, 183

(for refutation), 105
completion (Clark), 239
complexity

of a proof by resolution, 112

of the resolution method, 112
computability and Horn clauses, 241
conclusion, 75
conditional formula, 113
confluent relation, 377

confluent (convergent) relation, 510
congruence relation, 119
conjunct, 46
conjunctive

clauses, 103

normal form, 45
consensus, 103
consequence operation, Tarski, 27
consequence relation

(entailment relation), 28

(Tarski), 27
consistent, 47, 84

(absolutely), 84

for negation, 84
constant instance, 177
constraint, 309

projection, 310
constructive proof, 17
constructivist proof, 19
continuity, 381
contradictory, 47



copy, 192

counter-model (counterexample), 47

counterexample (counter-model), 47
of a set of formulas, 47

cwif: closed wif, 136

D

Davis and Putnam, 92

algorithm, 94
decidable, 84

class (some), 205
decision procedure, 84
deduction, 77

theorem, 81, 332
deductive

inference, 260

system, 75
demodulation, 303, 304
density, 381
depth of a term, 126
descendant (of a node), 63
description logic, 272
diagonalization, 74
direct consequence, 75
directed graph, 63, 383
discovery of explanatory theories, 274
disjunct, 46
disjunctive normal form, 46
distributed knowledge, 391
dnf, 46

transformation, 49
domain of discourse, 144

E

e-frame, 389
E-unsatisfiable, 303
empty clause, 101
eq (Prolog), 237
equality, 291
axiomatization, 293
equivalence
of formal systems, 87
relation, 119
Euler circles, 114
evaluation, 47
execution control (/), 229

Index 519

existential quantifier, 134
expressive power, 321
expressivity, 321
extension, 22
extensional
connective, 22, 329
language, 22

F

factor (of a clause), 191
factorization, 191
failure node, 97
finite
model (modal logics), 359
model property, 202
set, 322
trees, 123
finitely
controllable class, 202
satisfiable, 326
first-order
logic, 131, 133
structure, 144
flat terms, 243
FOL, 131
(first-order logic), 133
semantics, 146
formal
system, 74
system for FOL, 183
systems approach for modal logics, 360
theory, 74
forward chaining, 51
free occurrence of a variable, 135
free variables, 135, 148
Frege system, 87
fundamental theorem of arithmetic, 207
fuzzy logic, 337
fuzzy set, 342

G

Godel’s
completeness theorem, 183
incompleteness theorem, 92, 206
(proof), 208

generalization, 284, 285
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generalized characteristic function, 342
Gentzen

(LK system), 90

system, 88
greatest lower bound, 118

H

halting problem, 13

head of a rule, 219

Herbrand
base, 176, 177
instance, 177, 183
interpretation, 176, 177
terms, 177
theorem, 183
theorem (for clauses), 189
universe, 176

hierarchy (priority) of connectives, 40

Hilbert
(proof procedure), 109
system, 87

Horn clause, 113
(computability), 241

I

implication, 20
incompleteness theorem, 206
(Godel), 92
independence, 87
induction axiom, 76
(extensional version), 321
(intensional version), 321
induction
(proof by), 73
principle, 73
inductive inference, 278, 280
inference, 259
node, 97
rule, 75
infimum, 118
infinite
set, 323
tree, 63
initial sequent, 91
intension, 22
interpolant, 54

interpretation, 41, 46

of a formula, 47

of a set of formulas, 47

(in FOL), 146
intuitionistic proof, 19
irreflexive relation, 63, 165
irreflexivity, 118

K

K (minimal logic), 360
K-modal frame, 358
Konig’s lemma, 63
knowledge, 385
(definition), 388
modal logic, 389
Kripke, 356
model, 358
semantics, 356, 358

L

Lowenheim—Skolem theorem, 179
language, 30
lattice, 116
least upper bound, 117
left-hand side of a rule, 219
Leibniz’s law, 293
length of a clause, 46
liar’s paradox, 8
Lindenbaum algebra, 119
linear
strategy, 198
term, 451
literal, 46
LK (Gentzen’s system), 90
logic
(formal definition), 26
(informal definitions), 24
(multi-valued), 327
programming, 213, 219
logical
axiom, 87
connective, 40
consequence, 47
constant, 134, 273



inference rule, 87
symbols, 134
LP abstract interpreter, 221

M

matching, 127
meta-language, 30
MFOL (pure monadic class), 203
MFOL™ (monadic first-order logic), 203
mgu: most general unifier, 127
minimal logic (K), 360
minimally unsatisfiable, 53, 108
modal

frame, 358

logics, 353
model, 47

(general notion), 137

intersection property, 113

of a set of formulas (FOL), 147

of a set of formulas (PL), 47
monadic

class, 202, 203

class of FOL, 203

first-order logic, 203
monotonicity, 28
monotony, 309
more general clause, 267
MP (modus ponens), 79, 89
multi-sorted structure, 150
multi-valued logic, 327

N

n-valid formula, 162
n-validity, 162
NAF (negation as failure), 232
natural deduction system, 87, 88
negation as failure (NAF), 232
negative

clause, 46

FOL, 134

literal, 46

normal form, 45
nnf, 45
non-compactness of SOL, 325
non-logical symbols, 134
non-rational infinite trees, 124

Index

non-reflexive relation, 63
non-standard model, 153
non-standard model, 152
nondeterminism, 107, 109
normal form (Skolem), 176
not (Prolog), 232

o

ontologies, 4
ontology, 272
open
branch, 56, 97
semantic tree, 97
tableau, 56
wif, 136
order relation, 117
owff: open wff, 136

P

p-valued logic, 327
paradox, 8
paramodulant, 302
paramodulation, 300
parent clause, 102
partial interpretation, 46

of a formula, 47
partially ordered set, 117, 118

alternate definition, 118
PC (propositional logic), 39
Peano’s axioms, 76
PFOL (pure first-order logic), 134
pigeonhole principle, 112, 324
PL (propositional logic), 39
PL syntax, 40
positive

clause, 46

literal, 46
possible worlds semantics, 356
predicate logic, 131
predicative programming, 241
premise, 29, 75
prenex normal form, 169
Presburger arithmetic, 69, 147
principle of mathematical induction, 73
proof, 64, 77

by cases, 74
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by diagonalisation, 74

by induction, 73

(in LK), 91

procedure, 110

system, 75
proper

axiom, 87

inference rule, 87
properties of the knowledge, 394
proposition, 39

(formal definition), 119
propositional logic (PL), 39
provable formula, 76

in a formal system, 76
pure

first-order logic, 134

literal, 51, 93, 405, 420
purity principle, 420, 432

Q

quantified variable, 134
quotient algebra, 119

R

rational infinite trees, 124
reasoning, 48
reductio ad absurdum, 73
reduction, 303
reflexivity, 117
refutation, 104
refutational completeness, 105, 106
(FOL resolution), 192
relational
programming, 241
system, 145
resolution
(in FOL), 190
(in PL), 101
method (in FOL), 190

(refutational completeness for FOL),

192
rule, 102
resolvent, 102
rewriting, 303
right-hand side of a rule, 219

rule, 219
Russell’s paradox, 6, 10

S

SAT problem, 92
satisfaction, 139
relation (in FOL), 146
satisfiability
by resolution, 192, 438
validity (in modal logic), 358
satisfiable, 47
formula in an e-frame, 390
saturation, 438
scope of quantifiers, 134
sea battle argument, 365
second-order logic, 319
self-resolving, 192
semantic tableaux (for p-valued
logics), 334
(in FOL), 154
(PL), 54
(PL), algorithm, 61
(uses), 61
(with unification), 166
semantic
trees (in FOL), 186
trees (in PL), 96
semantics of PL (of PC), 41
semi-decision procedure, 101, 169
for FOL, 183
sequent, 90
calculus, 88
set (constructivist definition), 12
set operations fuzzy sets, 343
set theory, 10
sign of a literal, 46
skolem function, 166
normal form, 176
skolemisation, 174, 188, 326
sort reduction, 150
sound, 84
soundness of the resolution method,
105, 106
soundness of binary resolution, 192
standard model, 153
strategy, 51, 110
structural induction, 152, 205



structure isomorphism, 145
sub-formula, 134
substitution, 126
codomain, 126
domain, 126
notation, 126
subsumption, 266, 267
(rule), 93
supremum, 117
syllogism, 32

T

tableau
(closed), 56
(open), 56
tail of a rule, 219
tautological, 47
tautology, 21
temporal logic, 371
term, 125
algebra, 178
equation, 127
replacement, 301
theorem, 77
(Godel’s incompleteness), 92
torsion group, 322
total order, 117, 118
relation, 117, 507
totally ordered set, 118
(chain), 117
transitivity, 117
translation approach, 361
trees, 63

Index

truth, 139
and satisfaction, 139
functional connective, 329
table, 42

U

unfair strategy, 156
unification, 127, 166
algorithm, 128
unit
clause, 46
strategy, 112
universal quantifier, 134
universe of discourse, 144
unsatisfiable, 47
upper bound, 117
uses of semantic tableaux, 61

v

valid, 47

formula in an e-frame, 390
valuation, 358
variables, 79, 135, 325
variant, 192
Venn diagrams, 114
very, very long proofs, 184

w

weak equivalence, 175
well-founded relation, 497
wff: well-founded formula, 40
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