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Preface

This volume contains papers presented at the 3rd International Conference on
Modeling Decisions for Artificial Intelligence (MDAI 2006), held in Tarragona,
Catalonia, Spain, April 3-5, 2006. This conference followed MDAI 2004 (held
in Barcelona, Catalonia) and MDAI 2005 (held in Tsukuba, Japan) both with
proceedings also published in the LNAIT series (Vols. 3131 and 3558).

The aim of this conference was to provide a forum for researchers to discuss
theory and tools for modeling decisions, as well as applications that encompass
decision-making processes and information fusion techniques.

The organizers received 97 papers from 21 different countries, 31 of which are
published in this volume. Each submission received at least two reviews from the
Program Committee and a few external reviewers. We would like to express our
gratitude to them for their work. The plenary talks presented at the conference
are also included in this volume.

The conference was supported by the Universitat Rovira i Virgili (School of
Engineering and the Department of Computer Engineering and Mathematics),
the CSIC, the Department of Risk Engineering (U. Tsukuba), the Catalan Asso-
ciation for Artificial Intelligence (ACIA), the European Society for Fuzzy Logic
and Technology (EUSFLAT), the Japan Society for Fuzzy Theory and Intelligent
Informatics (SOFT), the Generalitat de Catalunya (AGAUR 2004XT 0004), the
Ajuntament de Tarragona, the Diputacié de Tarragona and the Spanish Ministry
of Science and Education.

December, 2005 Viceng Torra
Yasuo Narukawa

Aida Valls

Josep Domingo-Ferrer
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Asymmetric and Compound Preference Aggregators

Jozo J. Dujmovié

Department of Computer Science, San Francisco State University,
1600 Holloway Ave, San Francisco, CA 94132, USA
jozo@sfsu.edu

Extended Abstract. Choosing among options and selecting the best alternative is a
fundamental component of human decision-making. The best alternative is the result
of a mental process called system evaluation. The evaluated system can be any collec-
tion of interrelated components. The system as a whole and its components are ex-
pected to have some desired features and satisfy specific requirements. Consequently,
system evaluation is a process of determining the extent to which a system satisfies a
given set of requirements.

The process of intuitive system evaluation has all characteristics of fuzzy reasoning
and computing with words in the sense of Zadeh:

e The process occurs in an environment of imprecision, uncertainty and partial
truth.

e The process is based on manipulating perceptions of value, which we call
preferences. Preferences reflect degrees of satisfaction of requirements (O=no
satisfaction, 1=complete satisfaction, and values between O and 1 reflect a
partial satisfaction). The global satisfaction of a set of requirements (the
value of a complex system) is also a matter of degree.

e Intuitive evaluation is based on manipulating perceptions of value without
any measurements and any computation. It is imprecise, granular (based on
fuzzy information granulation), and reflects the limited human ability to dis-
tinguish detail and store information.

The mental process of system evaluation has observable properties. These proper-
ties can be used to develop mathematical models of the intuitive system evaluation.
Our framework for mathematical modeling of system evaluation is called the Con-
tinuous Preference Logic (CPL). The goals of CPL are to explain, organize, refine,
enhance, and extrapolate the intuitive evaluation process through mathematical mod-
eling and building of software tools.

CPL models must be developed in concordance with needs and limitations of hu-
man decision process, avoiding both oversimplifications and exaggerated complexity.
We differentiate two almost independent components present in all CPL models:

e  Formal logic components
e Semantic components

Formal logic components specify and manipulate simultaneity (andness), replace-
ability (orness) and negation to build and to structure compound evaluation criteria.
Semantic components manipulate perceptions of human goals, by differentiating
and adjusting the levels of relative importance of satisfying individual system

V. Torra et al. (Eds.): MDAI 2006, LNAI 3885, pp. 1-[4] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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requirements. The overlap of formal logic and semantic components is visible when
we define and compare the compensatory power of individual inputs in system
evaluation models. The compensatory power is affected both by selecting the level of
andness/orness and by specifying relative importance (weights). The level of overlap
of formal logic and semantic components can be identified and exemplified, but its
deeper understanding requires more research.

CPL models quantify the process of system evaluation performed by human brain.
In this case the brain manipulates perceptions of degrees of satisfaction of require-
ments. The manipulation is aggregative and its goal is to determine a perception of the
global quality of the system by aggregating degrees of satisfaction of component
requirements. Consequently, the fundamental goal of CPL is to develop mathematical
models of the process of aggregation of preferences. The fundamental component of
these models is the generalized conjunction/disjunction (GCD) function that is used to
model simultaneity and replaceability of evaluation criteria. The main parameter of
GCD is andness/orness that can be adjusted to generate a spectrum of aggregators in
the range from AND to OR. Andlike operators are called the partial conjunction, and
orlike operators are called the partial disjunction. The properties of basic operators of
full conjunction, partial conjunction, conjunctive/disjunctive neutrality, partial dis-
junction, full disjunction, and negation are summarized in Table 1.

The concepts of andness, orness, continuous transition from conjunction to disjunc-
tion and models of partial conjunction and partial disjunction were introduced in
1973. For more than 30 years many research efforts were devoted to modeling simul-
taneity and replaceability using a spectrum of partial conjunction and partial disjunc-
tion models, as well as t-norms and t-conorms. The area that is beyond partial
conjunction and partial disjunction attracted much less attention.

In the area of building complex system evaluation criteria we are interested in
compound aggregators based on superposition of basic functions ANDOR, ORAND,
AM, AND, OR, and NOT. The basic functions shown in Table 1 are symmetric,
where all inputs have equal role, both semantically and in the formal logic sense.

The first step in increasing the flexibility of aggregators is to introduce weights that
reflect different relative importance of inputs and create asymmetric aggregators. The
corresponding asymmetric weighted aggregators have a semantic component, but
their logical structure can still be as simple as the partial conjunction or the partial
disjunction. The next step is to develop fundamental aggregators whose logic struc-
ture is asymmetric and more complex.

Two most frequently used fundamental compound aggregators are the conjunctive
partial absorption (CPA) and the disjunctive partial absorption (DPA). They are also
summarized in Table 1. CPA is an asymmetric aggregator that combines a mandatory
input and a desired input. This aggregator is asymmetric at the formal logic level: if
the requirement expressed as the mandatory input is not satisfied, then the whole
criterion is not satisfied. This is not the case with the desired input. If the requirement
of the desired input is not satisfied, the compound criterion can still be partially satis-
fied. DPA is an aggregator that is dual to CPA: it combines a sufficient input and a
desired input. The aggregator reflects the asymmetric situation where the criterion can
be fully (or substantially) satisfied by satisfying only the sufficient requirement. The
same effect cannot be achieved by satisfying the desired input.
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Table 1. Fundamental operators in Continuous Preference Logic

Name Description Symbol isnig:[e):zentation
NOT Negation x I-x
AND Full conjunction, the maximum X| A Xp | min(xy,xy)
level of simultaneity.
ANDOR Partial conjunction, a spectrum r rd/r
(PC) of simultaneity levels. All input x1Axy (O'SXI +O'SXZ)
preferences must be to some —o<r<l
extent simultaneously satisfied.
Arithmetic mean, or conjunc-
AM tive/ disjunctive neutrality. AM x1Exy | 0.5x +0.5x
(CDN) models a perfect balance of
simultaneity and replaceability.
All inputs are desired, but no
one is mandatory or sufficient.
Partial disjunction, a spectrum r rd/r
O(l;gi\l P of replaceability levels. Each | xVx, (0.5x1 +0.5x1)
input can be used to partially 1<r< 4o
compensate the lack of remain-
ing inputs.
OR Full disjunction, the maximum | x v x5 | max(xy,xy)
level of replaceability.
Conjunctive Partial Absorp-
tion. A combination of manda- | ;> d | mA(mVd)
tory and desired inputs. The - Extreme examples:
CPA mandatory input (m) must be (at m A (0.5m+0.5d)
least partially) satisfied. Assum-
ing m>0, the desired input (d) m(0.5m+0.5d)
can partially compensate an
insufficient level of m.
Disjunctive Partial Absorp- sV(sAd)
tion. A combination of suffi- | §>d |Extreme examples:
DPA 01en.t .and. desired inputs. The sv (0.55+0.5d)
sufficient input (s) can fully (or
substantially) compensate the \/ §2 +(0.5s +0.5d)2
lack of desired input (d). The
desired input can partially com- 2
pensate the lack of sufficient
input.

Asymmetric operators of CPA and DPA can be compound by nesting. This process
yields aggregators that have three distinct logical levels: mandatory, desired and op-
tional (by nesting CPA), and sufficient, desired, and optional (by nesting DPA). This
process could be continued to any number of logical levels, but it has no sense and
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applicability because the resulting granularity would be beyond the granularity that is
reachable by human brain. Nesting of partial absorption aggregators is a typical ex-
ample that illustrates natural limits of complexity of preference aggregators.

Fundamental preference aggregators can be used to create complex evaluation
criteria using a process of stepwise aggregation of preferences. This process is a
systematic way to linearly increase the complexity of compound aggregators by
always aggregating a small number (e.g. up to 5) of intermediate preferences. Each
aggregation creates a granule of similar requirements. The stepwise aggregation of
preferences systematically increases the size of granules, enabling justifiable deci-
sion-making with compound requirements of increasing complexity.

Asymmetric and compound preference aggregators are one of ways towards com-
puter-enhanced decision making (CEDM). CEDM can be interpreted as an advanced
proactive form of decision support, that extends natural human abilities using proc-
esses and tools that explain, organize, refine, enhance, and extrapolate human reason-
ing in the area of (mostly professional) system evaluation.

Basic preference aggregators reflect observable properties of human decision mak-
ing through abstraction and quantification. This explains the components of human
decision process and provides a way to understand and justify the selection of prefer-
ence aggregators.

The process of stepwise aggregation of preferences provides a systematic way to
organize and structure the decision process. Without a clear organizational structure
the decision process can become chaotic and unreliable.

At the root of the aggregation tree we can aggregate only several global granules.
For example, in the case of computer evaluation models the global granules are the
subsystems of hardware, software, performance, and vendor support. Each of these
granules can be further independently decomposed (e.g., hardware = processor +
memory + external memory + I/O + communication units). By continuing this process
we provide a stepwise refinement of decision models.

Previous steps provide infrastructure that can be used to build tools and techniques
that enhance human decision models beyond the level of intuitive human reasoning.
For example, the complex quantitative criteria can be verified using the sensitivity
analysis, tradeoff analysis, and reliability analysis. The sensitivity analysis investi-
gates the effects of changes of inputs or parameters on the value of selected prefer-
ences. The tradeoff analysis investigates compensatory features of evaluation criteria,
i.e. the possibility to compensate deficiencies in some inputs by improving selected
other inputs. The goal of reliability analysis is to compute the confidence levels for
ranking of each pair of competitive systems. It enables evaluators to select the best
system knowing the level of confidence that corresponds to the proposed decision.

All fundamental preference aggregators are fully specified using a small number of
adjustable parameters (e.g. 3 parameters specify CPA and DPA). However, the aggre-
gators give valid aggregation results in all points of the input preference space
extrapolating human abilities beyond natural limitations. Another example of ex-
trapolation is the process of system optimization, where a quantitative criterion is
used to find optimum systems that maximize preference for constrained cost.

The presented techniques show the role of asymmetric and compound aggregators
in the area of system evaluation, as well as a promising example of CEDM.



Computational Models of Language Toward
Brain-Style Computing

Michio Sugeno

Faculty of Culture and Information Science,
Doshisha University,
1-3 Miyakodani Tatara, Kyotanabe,
Kyoto 610-0394, Japan
msugeno@mail.doshisha.ac. jp

Abstract. The human brain consists of a neural system as hardware
and a language system as software. It is, therefore, possible to take two
approaches to create the human brain. While the hardware-centered ap-
proach is based on computational neuroscience, it is possible to base the
software-centered approach on linguistics.

Brain-style computing is considered as one of the main research areas
in creating the brain. We take a language-based approach to brain-style
computing. To this aim, we have adopted as the basic theory Systemic
Functional Linguistics (SFL) initiated by Halliday.

Following Halliday’s four principles in the design of human language,
we have implemented the computational model of language in context,
called the Semiotic Base, and we have developed a set of algorithms of
text understanding and generation using this model. The language used
in this study is Japanese.

As an application of the models, we are developing Brain-Style Com-
puting System under which we can manage and execute all kinds of
computing through meanings. The idea is to verbalize computers by
constructing linguistic models of software and hardware applications.
Brain-Style Computing System consists of Everyday Language Interface
with a Secretary Agent, Semiotic Base, Language Applications, Language
Communication Protocol and Language Operating System.

In this talk, I shall discuss some linguistic issues in creating the brain.
There are three higher-order functions of the brain concerned with lan-
guage: processing, utilizing, and learning language. Processing language
such as understanding and generation is a basic function with the inter-
nal models of language itself and its processing. SFL could reveal what
the internal models must be like. SFL could also play an essential role
in elucidating the brain functions of language such as thinking with lan-
guage and learning language.

I shall also show some clinical evidence obtained from studies on
aphasia which support the SFL perspective on the system of language.
I shall also refer to the brain internal models for motor control and some
learning mechanisms in the brain which might be related with language
functions.

V. Torra et al. (Eds.): MDAI 2006, LNAI 3885, pp. 5-[6] 2006.
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Dominance-Based Rough Set Approach to
Case-Based Reasoning

Salvatore Greco!, Benedetto Matarazzo!, and Roman Slowinski?

! Faculty of Economics, University of Catania,
Corso Italia, 55, 95129 — Catania, Italy
2 Institute of Computing Science, Poznan University of Technology,
60-965 Poznan, and Institute for Systems Research,
Polish Academy of Sciences, 01-447 Warsaw, Poland

Abstract. Case-based reasoning is a paradigm in machine learning whose
idea is that a new problem can be solved by noticing its similarity to a set
of problems previously solved. We propose a new approach to case-based
reasoning. It is based on rough set theory that is a mathematical theory for
reasoning about data. More precisely, we adopt Dominance-based Rough
Set Approach (DRSA) that is particularly appropriate in this context for
its ability of handling monotonicity relationship between ordinal proper-
ties of data related to monotonic relationships between attribute values in
the considered data set. In general terms, monotonicity concerns relation-
ship between different aspects of a phenomenon described by data: for ex-
ample, “the larger the house, the higher its price” or “the closer the house
to the city centre, the higher its price”. In the perspective of case-based rea-
soning, we propose to consider monotonicity of the type “the more similar
is y to x, the more credible is that y belongs to the same set as 7. We show
that rough approximations and decision rules induced from these approx-
imations can be redefined in this context and that they satisfy the same
fundamental properties of classical rough set theory.

1 Introduction

Case-based reasoning (for a general introduction to case-based reasoning see
e.g. [10]; for a fuzzy set approach to case-based reasoning see [3]) regards the
inference of some proper conclusions related to a new situation by the analysis of
similar cases from a memory of previous cases. It is based on two principles [I1]:

a) similar problems have similar solutions;
b) types of encountered problems tend to recur.

Gilboa and Schmeidler [4] observed that the basic idea of case-based reasoning
can be found in the following sentence of Hume [9]: “From causes which appear
similar we expect similar effects. This is the sum of all our experimental con-
clusions.” Rephrasing Hume, one can say that “the more similar are the causes,
the more similar one expects the effects.” Therefore, measuring similarity is the

V. Torra et al. (Eds.): MDAI 2006, LNAI 3885, pp. 7-{I8] 2006.
© Springer-Verlag Berlin Heidelberg 2006



8 S. Greco, B. Matarazzo, and R. Slowinski

essential point of all case-based reasoning and, particularly, of fuzzy set approach
to case-based reasoning [3]. This explains the many research problems that mea-
suring similarity generates within case-based reasoning. Problems of modelling
similarity are relative to two levels:

— at level of similarity with respect to single features: how to define a mean-
ingful similarity measure with respect to a single feature?

— at level of similarity with respect to all features: how to properly aggregate
the similarity measure with respect to single features in order to obtain a
comprehensive similarity measure?

Taking this into account we propose an approach to case-based reasoning
which tries to be possibly “neutral” and “objective” with respect to similarity
relation, in the sense that at level of similarity concerning single features, we
consider only ordinal properties of similarity, and at level of aggregation, we do
not impose any specific functional aggregation based on very specific axioms (see
for example []), but we consider a set of decision rules based on the very general
monotonicity property of comprehensive similarity with respect to similarity of
single features. Therefore our approach to case-based reasoning is very little
“invasive”, comparing to the many other existing approaches.

Our approach to case-based reasoning is based on rough set theory ([12,13]).
Rough set theory relies on the idea that some knowledge (data, information) is
available about elements of a set. For example, knowledge about patients suf-
fering from a certain disease may contain information about body temperature,
blood pressure, etc. All patients described by the same information are indis-
cernible in view of the available knowledge and form groups of similar cases.
These groups are called elementary sets and can be considered as elementary
building blocks of the available knowledge about patients. Elementary sets can be
combined into compound concepts. Any union of elementary sets is called crisp
set, while other sets are referred to as rough set. Each rough set has boundary
line cases, i.e. objects which, in view of the available knowledge, cannot be classi-
fied with certainty as members of the set or of its complement. Therefore, in the
rough set approach, any set is associated with a pair of crisp sets called the lower
and the upper approximation. Intuitively, the lower approximation consists of all
objects which certainly belong to the set and the upper approximation contains
all objects which possibly belong to the set. The difference between the upper
and the lower approximation constitutes the boundary region of the rough set.

In our approach to case-based reasoning we do not consider classical rough set
theory but its extension called Dominance-based Rough Set Approach (DRSA)
[BL6] that has been proposed to handle ordinal properties of data related to
preferences in decision problems. The monotonicity, which is crucial for DRSA,
is also meaningful for problems where preferences are not considered. Gener-
ally, monotonicity concerns relationship between different aspects of a phenom-
enon described by data. More specifically, it concerns mutual trends between
different variables like distance and gravity in physics or inflation rate and in-
terest rate in economics. Whenever we discover a relationship between different
aspects of a phenomenon, this relationship can be represented by a monotonicity
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with respect to some specific measures of the considered aspects. So, in general,
the monotonicity is a property translating in a formal language a primitive in-
tuition of interaction between different concepts in our knowledge domain. As
discovering is an inductive process, it is illuminating to remember the following
Proposition 6.363 of Wittgenstein [I7]: “The process of induction is the process
of assuming the simplest law that can be made to harmonize with our experi-
ence”. We claim that this simplest law is just monotonicity and, therefore, each
data analysis method can be seen as a specific way of dealing with monotonicity.

Let us observe that monotonicity is also present in classical rough set theory.
In fact, rough set philosophy employs approximation for describing relationships
between concepts. For example, coming back to above example of medical diag-
nosis, the concept of “disease Y” can be represented in terms of such concepts
as “low blood pressure and high temperature” or “muscle pain and headache”.
The approximation is based on a very coarse representation in the sense that,
for each aspect characterizing concepts (“low blood pressure”, “high tempera-
ture”, “muscle pain”, etc.), only its presence or its absence is considered relevant.
Therefore, rough approximation within classical rough set theory involves a very
primitive idea of monotonicity related to a scale with only two values: “presence”
and “absence”.

Monotonicity gains importance when a finer representation of the concepts
is considered. A representation is finer when for each aspect characterizing con-
cepts, not only its presence or its absence is taken into account, but also the
graduality of its presence or absence is considered relevant. Due to graduality,
the idea of monotonicity can be exploited in the whole range of its potential.
Graduality is typical for fuzzy set philosophy [I8] and, therefore, a joint consid-
eration of rough sets and fuzzy sets is worthwhile. In fact, rough set and fuzzy set
capture the two basic complementary features of the idea of monotonicity: rough
set deals with relationships between different aspects and fuzzy sets deal with
expression of different dimensions representing the considered concepts. For this
reason, many approaches have been proposed to combine fuzzy sets with rough
sets (see for example [2[T6]).

Greco, Matarazzo and Slowinski [7] showed how the framework of DRSA can
be very naturally extended to represent any relationship of monotonicity in rea-
soning about data. In this context one can envisage a knowledge representation
model composed of a set of decision rules with the following syntax:

“if object y presents feature f;; in degree at least h;1, and feature f;5 in degree
at least hjo ..., and feature f;,, in degree at least h;,,, then object y belongs to
set X in degree at least o”.

Greco, Matarazzo and Slowinski [7] proved also that the classical rough set
approach [I2}[13] can be seen as specific case of the general DRSA model. This
is important for several reasons; in particular, this interpretation of DRSA gives
an insight into fundamental properties of the classical rough set approach and
permits to further generalize the rough set approach.
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In this paper, we show that in the framework of DRSA a rough set approach
to case-based reasoning can be developed very naturally. Here, the monotonic-
ity concerns the relationships between similarity to some reference objects and
membership to some specific sets. In this context we envisage a knowledge rep-
resentation model composed of a set of decision rules with the following syntax:

“if object y is similar to object x w.r.t. feature f;; in degree at least h;1, and
w.r.t. feature f;o in degree at least h;o, and ..., and w.r.t. feature f;,, in degree
at least h;m,, then object y belongs to set X in degree at least a”,
where w.r.t. means “with respect to”.

These decision rules are similar to the gradual decision rules [I] being state-
ments of the form “the more object z is X, the more it is Y or, equivalently,
but more technically,

px(z) 2 a=py(2) 2 a

where X and Y are fuzzy sets whose membership functions are py and px, and
a € [0,1].

Within the context of case-based reasoning gradual decision rules assume the
following syntax [3]:

“the more object z is similar to a referent object x w.r.t. condition attribute
s, the more z is similar to a referent object x w.r.t. decision attribute t”

or, equivalently, but more technically,
s(z,x) > a=t(z,2) >«

where s and ¢ measure the credibility of similarity with respect to condition
attribute and decision attribute, respectively.

When there is a plurality of condition attributes and decision attributes, func-
tions s and t aggregate similarity with respect to these attributes.

Let us observe that the decision rules we propose do not need the aggregation
of the similarity with respect to different features in one comprehensive similar-
ity. This is important because it permits to avoid using aggregation operators
(weighted average, min, etc.) which are always arbitrary to some extend. More-
over, the decision rules we propose permit to consider different thresholds for
degrees of credibility in the premise and in the conclusion. This is not considered
in the gradual decision rules, where the threshold is the same, «, in the premise
and in the conclusion.

This article is organized as follows. Section 2 introduces DRSA approach to
case-based similarity. Section 3 contains conclusions.

2 Rough Approximation for Case Based Reasoning

In this section, we consider rough approximation of a fuzzy set using a similarity
relation in the context of case-based reasoning. The introduced rough approxi-
mation is inspired by the rough approximation of a pairwise comparison table
within the Dominance-based Rough Set Approach (DRSA).
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Let us consider a pairwise fuzzy information base being the 3-tuple
B =<U,F,0>,

where U is a finite set of objects (universe), F={f1,f2,....fm} is a finite set
of features, and o:U x U x F —[0,1] is a function such that o(x,y,fn) €[0,1]
expresses the credibility that object x is similar to object y w.r.t. to feature f.
The minimal requirement function ¢ must satisfy is that, for all x € U and for all
fn € F, o(x,x,fr)=1. Therefore, each pair of objects (z,y) € U x U is described
by a vector

Desp(x,y)=[o(x,y,f1), -, 0(2,Y,fm)]

called description of (x,y) in terms of the evaluations of the attributes from
F'; it represents the available information about similarity between = and y.
Obviously, similarity between x and y, x,y € U, can be described in terms of
any non-empty subset £ C F' and in this case we have

Desg(x,y)=[o(z,y,fn), frn € E.

With respect to any £ C F we can define the dominance relation Dg on
U x U as follows: for any z,y,w,z € U, (z,y) dominates (w,z) with respect to E
(denotation (z,y)Dg(w,z)) if for any f € E

U(xayvfh) > U(wazafh)'

Given £ C F and z,y € U, let

DE(Z/JC) = {w eU: (w,x)DE(y,x)},
Dg(y.) = {w € U - (3, 0)Diow, ).

In the pair (y,x), = is considered as reference object, while y can be called
limit object because it is conditioning the membership of w in Dg(y,x) and in
Dy (y, ).

Let us also consider a fuzzy set X in U, characterized by the membership
function px : U — [0, 1]. For each cutting level a € [0, 1], the following sets can
be defined:

XZo={yeU:pux(y)>a}, X>={yeU:pux(y)>al,
X=o={yeU:pux(y) <a}, X*={yeU:pux(y) <a}.

For each a€0,1] and x € {>,>}, we can define the E-lower approximation
of X** E_(X*%), and the F-upper approximation of X** FE,(X*%), based on
similarity ¢ with respect to £ C F, respectively, as:

E,(X) ={(y,x) €U x U : Dj(y,z) € X*},

E,(X*) ={(y,z) € U x U : Dg(y,x) N X" % (0}.
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For the sake of simplicity, in the following we shall consider E_(X=%) and
E,(X2%). Of course, analogous considerations hold for E_(X>%) and E,(X>%).
Let us remark that the lower approximation of X =% contains all the pairs (y, z) €
U x U such that any object w being similar to x at least as much as y is similar
to  w.r.t. all the considered features E C F also belongs to X=¢. Thus, on the
basis of the data from the fuzzy pairwise information base B, if the similarity
of an object w to z is not smaller than the similarity of y to x w.r.t. all the
considered features E C F, then w belongs to X =¢. In other words, in each pair
(y,x) € E,(X2%), z is a reference object and y is a limit object which belongs
“certainly” to set X with credibility at least a; the limit is understood such that
all objects w that are similar to x w.r.t. considered features at least as much as
y is similar to x, also belong to X with credibility at least .

Analogously, the upper approximation of X =% contains all the pairs (y,z) €
U x U such that there is at least one object w being similar to x at least as much
as y is similar to x w.r.t. all the considered features £ C F which belongs to
X2, Thus, on the basis of the data from the fuzzy pairwise information base
B, if the similarity of an object w to = is not smaller than the similarity of y
to x w.r.t. all the considered features £ C F, then it is possible that w belongs
to X2, In other words, in each pair (y,z) € E,(XZ%), x is a reference object
and y is a limit object which belongs “possibly” to set X with credibility at
least «; the limit is understood such that there is at least one object w that is
similar to z w.r.t. considered features at least as much as y is similar to = and
has membership in set X with credibility at least a.

For each a€0,1] and * € {<, <}, we can define the E-lower approximation
of X** E_(X**), and the E-upper approximation of X*®, E,(X*%), based on
similarity ¢ with respect to £ C F, respectively, as:

E, (X)) ={(y,x) €U xU: Dg(y,z) € X*},

E,(X*) = {(y,2) € U x U : DE(y,x) N X* # 0}.

For the sake of simplicity, in the following we shall consider E_(X<%) and
E,(X=%). Of course, analogous considerations hold for E_(X <%) and F, (X <%).
Let us remark that the lower approximation of X <% contains all the pairs (y, z) €
U x U such that any object w being similar to « at most as much as y is similar
to z w.r.t. all the considered features £ C F also belongs to X< Thus, on the
basis of the data from the fuzzy pairwise information base B, if the similarity
of an object w to x is not greater than the similarity of y to x with respect to
all the considered features E C F, then w belongs to X<%. In other words, in
each pair (y,z) € E_(X=%), x is a reference object and y is a limit object which
belongs “certainly” to set X with credibility at most «; the limit is understood
such that all objects w that are similar to = w.r.t. considered features at most
as much as y is similar to z, also belong to X with credibility at most «.

Analogously, the upper approximation of X <% contains all the pairs (y,z) €
U x U such that there is at least one object w being similar to x at most as
much as y is similar to z with respect to all the considered features £ C F
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which belongs to X=%. Thus, on the basis of the data from the fuzzy pairwise
information base B, if the similarity of an object w to x is not greater than the
similarity of y to = w.r.t. all the considered features £ C F', then it is possible
that that w belongs to X =%. In other words, in each pair (y,z) € E_ (X=%), =
is a reference object and y is a limit object which belongs “possibly” to set X
with credibility at most «; the limit is understood such that there is at least one
object w that is similar to z w.r.t. considered features at most as much as y is
similar to x and has membership in set X with credibility at most a.
Let us remark that we can rewrite the rough approximations E_(X=%),

E,(XZ2%), E_(X=%) and E,(X=%) as follows:

E,(X=*)={(y,z) e U x U: Yw € U, (w,z)Dp(y,x) = w € X=},
E,(X2%) ={(y,z) € U x U: 3w € U such that (w,r)Dg(y,z) and w € X=},
E (X=)={(y,z) €U x U: Yw € U, (y,x)Dp(w,x) = w € X<},
E,(X<%) ={(y,z) € U x U : 3w € U such that (y,z)Dg(w,z) and w € X=}.

This formulation of the rough approximation is concordant with the syntax
of the decision rules induced by means of DRSA in a pairwise fuzzy information
base. More precisely:

— E_(X2%) is concordant with decision rules of the type:
“if object w is similar to object x w.r.t. feature f;; in degree at least h;;
and w.r.t. feature f;5 in degree at least h;o and ...and w.r.t. feature f;,, in
degree at least h;,,, then object w belongs to set X in degree at least o”,
— E,(XZ2%) is concordant with decision rules of the type:
“if object w is similar to object x w.r.t. feature f;; in degree at least h;;
and w.r.t. feature f;o in degree at least h;o and ...and w.r.t. feature f;,
in degree at least h;m,, then object w could belong to set X in degree at
least «”,
— E_(X=%) is concordant with decision rules of the type:
“if object w is similar to object x w.r.t. feature f;; in degree at most h;;
and w.r.t. feature f;o in degree at most h;2 and ...and w.r.t. feature f;,, in
degree at most h;,,, then object w belongs to set X in degree at most o”,
— E,(X=?) is concordant with decision rules of the type:
“if object w is similar to object x w.r.t. feature f;; in degree at most h;;
and w.r.t. feature f;2 in degree at most h;s and ...and w.r.t. feature f;,,
in degree at least h;,, then object w could belong to set X in degree at
most a”,

where {i1,...,im} = E and hs1, ..., him € [0,1].

The above definitions of rough approximations and the syntax of decision rules
are based on ordinal properties of similarity relations only. In fact, no algebraic
operations, such as sum or product, involving cardinal properties of function o
measuring credibility of similarity relations is considered. This is an important
characteristic of our approach in comparison with alternative approaches to case-
based reasoning.
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Let us remark that in the above approximations, even if for two fuzzy sets
X and Y we have X2%= Y =@ their approximations are different due to the
different directions of cutting the membership function of sets X and Y. Of
course, a similar remark holds also for X <% and Y~>¢.

The following theorem states some properties of the rough approximations in
a pairwise fuzzy information base.

Theorem. Given a fuzzy pairwise information base B=< U, F,o > and a fuzzy
set X in U with membership function ux(-), the following properties hold for
any B C F

1. Forany o, 0 < <1,
E_(XS%) C XSox x=<e
EU(X<O¢) C X <ay x<a

2. For any o, 0 < o<1, -
E (XS =UxU—-Ey(X>%), E.(X2%) =U x U — E,(X<9).

3. For any a, §, 0<a<g<1,

E,(XS%) C E,(XSF), E,(X<%) CE,(X<F)
E,(XZ%) DE,(XZP), E,(X>%) DE,(X>9)
B, (X5%) C Bo(X59), E,(X<%) CE,(X<P),
E,(X2%) 2B (X2%), E.(X>) 2 E,(X>P)

4. For any x,y,w,z € U and for any «, 0<a<1,

¥

[(y,7)Dg(w,x) and (w,r) EE,(XZ%)]

[(y,2) Dg(w,x) and (w,z) EE,(X~*)]

I
fonp —~ —~
=
2
m
|
9
—
»
Vv
Q
ol

4

[(y,2)Dp(w,z) and (w,r) € Ey(XZ%))

[(y,2) D (w,z) and (w,z) € E; (X7%)]= (y.2) € Bo (X7°),
[(w,2)Dp(y,z) and (w,r) €EE,(X=%)]= (y,2) €L, (X =),
[(w,2)Dp(y,z) and (w,2) EE,(X<)]= (y.2) €L, (X=%),

[(w,2) D (y,7) and (w,z) € B, (X=%)]= (y.2) € Eo (X=%),

[(w2)Dp(y.@) and (w,z) € Bs (X<%)|= (y.2) € B, (X<%)

5. For any E; C F5 C F and for any «, 0<a<1,

EIU(XSQ) Q_EQU(XSQ)’ Elo’(X<a) QEQU(X<OC)7
EIU(XZQ) QEQU(XZOC)’ Elo’(X>a) g E2U(X>a)7
E14(X5%) 2 B2, (X=9), B, (X<%) 2 Ea, (X <9,
By (XZ%) 2 B2, (X2), E1o(X7%) 2 E2q(X7°).



Dominance-Based Rough Set Approach to Case-Based Reasoning 15

Proof. 1. For all z,y € U,
T € Dg(y,m). (1)

Thus, D (y,x) € X=% implies z € X2 and y € X=%. For the definition of
E_(X=), we have that (y,z) € E_(X=%) if D(y,2) C X2, thus we conclude
that, V(y,z) e U x U,

(y,2) € E,(X7%) = (y,7) € X% x X=*
i.e.
E_(X2%) C X2% x X2,

Moreover, from (i) we get that for all (y,z) € X=% x X2% y € Dy (y, ). For
the definition of E, (X =%) we have that (y,z) € E,(X=%) if D (y, 2)NX =% # 0,
thus we conclude that, V(y,z) € U x U,

(y,2) € X7 x XZ* = (y,2) € B, (X=%)
ie. .
X2 x X2 C B (X=9).

Consequently, we proved that

E_(X2%) C X2% x X229 C E (XZ%).

o

Other cases can be proved analogously.
2. Remembering that X <® = U — X2 and observing that

Dg(y,m) QXZO‘@DE(y,x)ﬂ(U—XZO‘) Z(Z)@Dg(y,m)ﬂX<a =0

we get
E,(X>%) ={(y,2) €U x U : D;(y,z) C X~} =
=UxU~—{(y,2) €U x U : Di(y,z) N X< £} =
=UxU—E,(X<%).

Analogous proof holds for E_(XZ2%) = U x U — E,(X<%).

3. Let us observe that for any «, 3, 0<a<p<1

Xz ={zecU:px)>a}D{zclU:pulx)>p} =X
Taking this into account, we get

{(y,2) €U x U : Df(y,2) € X2} C {(y,x) €U x U : Dj(y,x) C X=F}

i.e.
E

a

(X=9) C E,(X=7).

Moreover, we also obtain

{(y.2) € UxU : Dp(y,2)NX=*#0} C {(y,x) € Ux U : Df(y,x)NX=" # 0}
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ie.
E,(X=%) C E,(X=P).

Other cases can be proved analogously.
4. Let us observe that for the transitivity of Dg, for any z,y,w,z € U and for
any F C F

[(z,2)Dg(y,z) and (y,2)Dp(w,z) = (z,2)Dg(w, x)]
<~
[(z,2) € Dg(y,m) and (y,z)Dg(w,z) = (z,x) € Dg(w,x)}
<~
[(y,x)DE(w,x) = DJEr(y’x) C Dg(w’ .73)]

From this we get that if (y,z)Dg(w, z), then
Di(w,z) C X=% = D} (y,x) C X=“
ie.
[(y,2)Dp(w, ) and (w,z) € E,(X=%)] = (y,2) € E,(X=%).

Other cases can be proved analogously.
5. For any E; C Fs C F and for any x,y,w,z € U

(#,9) D, (w,2) = (z,y) D, (w, 2)
and thus
Dy, (w,y) 2 D, (2,y) and Dy, (2,y) 2 D, (w,9).
From this we get that for all a, 0 < a < 1,
D, (y,7) € X=* = D, (y,z) € X=°

and

v

Dg,(y,2) N X2 #0 = Dg (y,2) € X=* # 10,
which give, respectively,
By, (X2) C By, (X2%) and Brp (X2%) 2 Ty (X29).

Other cases can be proved analogously. o

3 Conclusions

We presented a model of case-based reasoning using Dominance-based Rough Set
Approach (DRSA). This model is based only on ordinal properties of similarity
relations and membership functions of fuzzy sets. Moreover, we did not impose
any specific aggregation functional based on specific axioms (see for example [4]),
but we considered a set of decision rules based on the very general monotonicity
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property of comprehensive similarity with respect to similarity of single features.
From this viewpoint our approach to case-based reasoning is as much “neutral”
and “objective” as possible and it is very little “invasive” comparing to many
other existing approaches. Future research on rough set approach to case-based
reasoning can be focused on

— comparison of our approach with other case-based reasoning methodologies
and

— the use of our approach for extension of other concepts, results and method-
ologies of rough set theory.

With respect to comparison of our approach with other case-based reasoning
methodologies, an important future research concerns axiomatic considerations.
As observed by Gilboa and Schmeidler [4] the interest of axiomatic consideration
can be summarized in the following points:

1) meta-scientific reasons: axiomatization provides a link between theoretical
terms and observable terms in order to rend the latter meaningful;

2) descriptive reasons: it supplies the basis for testing the empirical validity of
the theory because axioms permit to conceive experiments able to falsify the
theory rendering the theory falsifiable as requested by Popper [15];

3) normative reasons: a simple set of axioms is often more understandable than
the mathematical formulation of the theory and from this viewpoint can be
the basis for a discussion with a decision maker about acceptance or rejection
of the theory.

With respect to our approach to case-based reasoning, the axiomatic consid-
erations have the further merits of permitting a comparison with the axiom-
atization of Gilboa and Schmeidler [4] and of pointing out the fact that only
monotonic properties of similarity measures are considered.

The research field seems very promising also with respect to rough set theory
and we envisage interesting developments with respect to three following issues:

1) generalizations of other rough set fundamental concepts such as reducts and
core [13];

2) algebraic properties of the proposed rough approximations (for a general
introduction of algebraic properties of classical rough set approach see [14]);

3) application of the absolute and relative rough membership concept (see [g])
in a generalized variable precision model based on the proposed rough ap-
proximations in order to admit decision rules with a limited number of coun-
terexamples, which is particularly useful when dealing with large data sets.
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The scientific research in the area of computational trust and reputation mecha-
nisms for virtual societies is a recent discipline oriented to increase the reliability
and performance of electronic communities by introducing in such communities
these well known human social control mechanisms.

Computer science has moved from the paradigm of an isolated machine to
the paradigm of a network of systems and of distributed computing. Likewise,
artificial intelligence is quickly moving from the paradigm of an isolated and
non-situated intelligence to the paradigm of a situated, social and collective
intelligence. This new “social” dimension is the main responsible of the increasing
interest on computational trust and reputation mechanisms applied to electronic
societies.

Computational trust and reputation systems have been recognized as key fac-
tors for successful electronic commerce adoption. These systems are used by in-
telligent software agents both as a mechanism of search for trustworthy exchange
partners and as an incentive in decision-making about whether or not to honour
contracts. Reputation is also used in electronic markets as a trust-enforcing, de-
terrent, and incentive mechanism to avoid cheaters and frauds. Another area of
application in agent technology is teamwork and cooperation.

However, in spite of the obvious utility of using a trust and reputation system,
they are still not a usual element you can find in an agent architecture like
it is the case for example of planners or communication modules. Trust and
reputation systems still belong to the set of “not so important” elements of an
agent architecture. This is something it has to change if we really want artificial
socially intelligent entities.

If we analyze which computational trust and reputation models are used
nowadays, we will notice that only the simplest models are really used (see for
example e-Bay[I]). Till now, the use of complex trust and reputation models
has been somehow questioned and reduced to academic environments. Why an
artificial agent has to use one of these complex models if it is evolving in a
simple community with 10 or 15 agents that have limited interaction capabilities?
In other words, the applications and environments are too simple to justify a
complex trust and reputation model that only has sense in a socially complex
environment.

However this situation is changing very quickly. The increase of the global
connectivity (everything is inter-connected anytime and everywhere) is bringing
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us a new concept of environment where virtual entities need to interact among
them and with humans in a complex way. It is clear then, that in a few years we
will start to see the virtual societies we have been theorizing about (and waiting)
for a long time in the agents community. In this kind of environment, it will be
a must for virtual entities to use complex trust and reputation models if they
want to be successful.

Now the question is, are the current trust and reputation models ready to
fulfill the requirements of these new virtual societies? We think the answer is no.
And this negative answer is because of two reasons: the internals of the model
and how the model is being integrated with the rest of the elements of the agent
architecture.

Up to now, almost all the efforts have been directed to build trust and rep-
utation models based on a pure numerical approach. There are plenty of these
models[2[3] and the mechanisms they use to calculate the trust and reputation
values go from simple aggregation of values[4] to the use of probability theory[5],
fuzzy logic[6] or the use of entropy[[7] just to put some examples. At the end,
each model manipulates the input data in a different way trying to obtain the
most accurate trust and reputation values for a given subject. However, if we
want to undertake the problems found in socially complex virtual societies, we
need theoretically more sophisticated trust and reputation systems. The internal
process the trust and reputation system is following to arrive to a final trust and
reputation value is as important as the result itself. By ignoring this, we are
losing a lot of information that is crucial in order to be successful in the complex
world of social relations. We think the solution for that is to use a cognitive
approach supported by a solid cognitive theory behind.

The second problem is the integration of the model with the rest of the
elements that compound the agent architecture. At this moment, current models
are purely reactive black boxes. They receive different inputs (that vary from
model to model: direct experiences, witness information, social information...)
and, when queried, return the current trust and/or reputation value that has
been calculated using the inputs that the model can deal with.

If we really want useful trust and reputation systems, we have to transform
them in a proactive element of the agent. The immediate consequence of this
proactiveness is that the trust and reputation system could participate in the
decision making process by suggesting actions, strategies or complete plans that
could help to improve the reliability of the trust and reputation values. But
perhaps more important, this new approach opens the possibility of something
that till now has been completely ignored, the possibility for the agent to manage
its own credibility and reputation in front of the rest of the community. This
can only be achieved if the trust and reputation system is at the same level
that the other elements that compound the agent architecture and can influence
the decision making process by proposing actions and plans to influence the
perception others have towards it.

Our current work is going in these two directions: improve the internals of
the trust and reputation systems by using a cognitive approach and at the same
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time analyze how the trust and reputation system can be integrated in the
agent architecture to provide the functionality required by a socially intelligent
virtual entity. We think these are the two keystones for the next generation of
computational trust and reputation models. Our first step on this direction is
RepAge[8], a computational reputation model based on a cognitive theory of
reputation|d] and a previous trust and reputation model called ReGreT[10].
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Abstract. Many realistic decision aid problems are fraught with facets
of ambiguity, uncertainty and conflict, which hamper the effectiveness of
conventional and fuzzy preference modeling approaches, and command
the use of more expressive representations. In the past, some authors
have already identified Ginsberg’s/Fitting’s theory of bilattices as a nat-
urally attractive candidate framework for representing uncertain and
potentially conflicting preferences, yet none of the existing approaches
addresses the real expressive power of bilattices, which lies hidden in
their associated truth and knowledge orders. As a consequence, these
approaches have to incorporate additional conventions and ‘tricks’ into
their modus operandi, making the results unintuitive and/or tedious. By
contrast, the aim of this paper is to demonstrate the potential of (rec-
tangular) bilattices in encoding not just the problem statement, but also
its generic solution strategy.

1 Introduction

The notion of preference is common in various contexts involving decision or
choice. Preference modeling provides declarative means for choosing among al-
ternatives, including different solutions to problems, answers to database queries,
decisions of a computational agent, etc. This topic is gaining increasing atten-
tion in diverse areas of artificial intelligence such as nonmonotonic reasoning,
qualitative decision theory, configuration, and Al planning. More recently, pref-
erence modeling has also been used in constraint satisfaction and constraint
programming, for treating soft constraints, for describing search heuristics, and
for reducing search effort (see, e.g. [9] and [I3] for recent collections of papers
on these topics).

Conventional preference modeling (see e.g. [25]) is centered on the notion of
classical preference structures (P, I, R), consisting of three fundamental binary
relations (strict preference P, indifference I, and incomparability R) that may
hold among the alternatives; usually the evidence in favour of these relations
is captured by a so-called outranking relation S that describes, for each couple
(u,v) of alternatives, whether u is (known to be) at least as good as v. In
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practice, it is common to encounter situations where these relationships hold up
to a certain degree, which gives rise to the study of fuzzy preference structures
(see e.g. [20,31L132]).

Fuzziness, however, cannot adequately cover all the imperfections inherent to
real-life data, since the ‘one-dimensional’ measurements induced by the ordering
of membership degrees in fuzzy sets have difficulties coping with information-
deficient data. As Tsoukias and Vincke noted in [29], fuzzy sets and logic per
se do not provide “a clear distinction between situations where the information
18 massing, not satisfactory and situations in which the information is too rich,
contradictory, conflictual, ambiguous”. Indeed, stating that P(u,v) = 0 may
either mean that w (definitely) is not preferred to v, or simply that there is no
information to establish a preference of u over v, and there is no unambiguous
way for a decision maker to distinguish between the two situations. For this
reason, several researchers have considered more elaborate means of eliciting
and representing preferences. In particular, Belnap’s logic FOUR [7,1], and
some of its extensions, built around the truth values ‘true’, ‘false’, ‘unknown’
and ‘contradiction’, had immediate and intuitive appeal, and were taken as the
basis for the approaches in [21],24,27,28 29]. However, we found that many
of these approaches lack a proper way of representing the preferences, and as a
consequence no solid analysis tools nor clear strategies for decision making under
incomplete and/or conflicting information are available to the reasoner in such
cases.

The goal of this paper is to overcome this shortcoming. For this, we consider
a certain family of algebraic structures, called bilattices [I8,22] that encapsulate
and refine Belnap’s FOUR, and that serve here as a representation platform. We
demonstrate the real expressive power of these structures, and in particular of
the ‘two-dimensional’ measurements induced by their dual orderings, in describ-
ing and modeling imprecise preferences. As such, the material presented in this
paper is not a ‘new’ approach to preference modeling, but rather a clarification,
simplification and streamlining of existing ones.

The remainder of this paper is organized as follows: in Section 2, we re-
call important preliminary notions about bilattices and their role in uncertainty
modeling. Section 3 contains our novel analysis of preference modeling by rectan-
gular bilattices; it exhibits the drawbacks of existing approaches, and describes
how they can be mended. In Section 4 we conclude.

2 Preliminaries

2.1 Bilattices

Definition 1. A bilattice [22] is a triple B = (B, <4, <), where B is a nonempt
set containing at least two elements, and (B, <;), (B, <j) are complete lattices

1 Structures that meet this definition are sometimes called pre-bilattices. In such cases
the notion ‘bilattices’ is reserved for some particular type of pre-bilattices which is
determined according to the way the two partial orders are related; see Definition
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The two partial orders <; and <j of bilattices intuitively represent differ-
ences in the degree of truth and in the amount of knowledge/information (respec-
tively), conveyed by the assertions. In the sequel, following the usual notations
for the basic bilattice operations, we shall denote by A (respectively, by V) the
<;-meet (the <;-join) and by ® (respectively, by @) the <j-meet (the <j-join)
of B. While the meaning of A and V corresponds to the standard logical role
of these operators, the intuition behind ® and @ is somewhat less transparent.
Fitting [19] calls them consensus and gullibility operations, respectively, to in-
dicate that x ® y is the most information ‘agreed’ upon by z and y, while x @y
includes everything accepted by at least one of x and y.

We denote by f and ¢ the <;-extreme elements, and 1, T denote the <j-
extreme elements of B. Intuitively, these elements can be perceived as ‘false’,
‘true’, ‘unknown’ (i.e., neither true nor false) and ‘contradictory’ (both true and
false), respectively. Thus, for instance, f <; L since the ‘degree of truth’ of a
statement which is known to be false is smaller than that of a statement about
which there is no information whatsoever. On the other hand, L <; f, since
knowing that a statement is false is more informative than knowing nothing at
all about it.

Clearly, the more interesting forms of bilattices are those in which the two
partial orders are related in one way or another. Below are some common types
of such relations:

Definition 2. Let B = (B, <;, <) be a bilattice.

— B is called distributive [22] if all the (twelve) possible distributive laws con-
cerning A, V, ®, and @ hold (for instance, a A (b@® ¢) = (a Ab) ® (a A ¢)).

— B is called interlaced [17] if each one of A, V, ®, and @, is monotonic with
respect to both <; and <y (for instance, if a < b then a A ¢ < bAc).

— B is a bilattice with a negation [22] if there exists a unary operation —
satisfying, for every z,y in B, (1) -—ax = z, (2) if x <; y then -z >; -y,
and (3) if x <p y then -~z <j —y.

Originally, Ginsberg considered bilattices with negations. In this case a negation
is an involution with respect to the lattice (B,<;) and an order preserving
operation of the lattice (B, <j). In such cases it is easy to see that —f = t,
-t = f, oL = 1, and =T = T. Following Ginsberg, Fitting introduced the
family of interlaced bilattices and showed their usefulness in the context of logic
programming (see e.g. [I7L[I8[19]). It is easy to verify that distributive bilattices
are also interlaced. In the context of fuzzy sets, interlaced bilattices have been
considered, e.g., in [11].

Ezample 1. Figure [1 in Section depicts double-Hasse diagrams of a four-
valued bilattice and a nine-valued bilattice. It is easy to verify that both these
bilattices are distributive, interlaced, and each one has a negation operator ob-
tained by switching the components of the truth values, that is: ~(z,y) = (y, z).
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2.2 Rectangular Bilattices

Definition 3. Let £ = (L,<p) and R = (R, <gr) be two complete lattices. A
rectangular bilattice, shortly rectangle, is a structure LOR = (L x R, <4, <p),
where, for every x1,y1 € L and x2,y2 € R,

(1) (z1,22) <¢ (y1,92) © 21 < y1 and T2 >R Y2,

(2) (21,72) <k (y1,92) & 1 < y1 and T2 <R Y2.
We say that a structure is rectangular if it is isomorphic to a rectangular bilat-
tice. An element (x1,x2) of a rectangle LOR may intuitively be understood such
that x1 represents the amount of belief for some assertion, and x5 is the amount
of belief against it. In the context of fuzzy sets, this corresponds to Atanassov’s
theory of intuitionistic fuzzy sets [5], which extends standard fuzzy set theory
so that any element u in a universe U is assigned not only a membership de-
gree, pa(u), but also a non-membership degree v4(u), where both degrees are
drawn from the unit interval [0, 1] and satisfy the condition pa(u) + va(u) <1.
Rectangular bilattices generalize this idea by not imposing the latter condition,
by considering arbitrary lattices (not only the unit interval), and by defining the
membership function and the non-membership function over potentially different
ranges.

Denote the join and meet operations of a complete lattice £ = (L,<pr) by
Ar and Vi, respectively. Then, for every x1,y; in L and 2, y2 in R, we have

(z1,22) A (y1,92) = (21 AL Y1, 22 VR Y2),
(1,22) V (y1,y2) = (1 VL Y1, T2 AR Y2),
(21, 22) ® (y1,92) = (T1 AL Y1, T2 AR Y2),
(w1, 22) © (y1,¥2) = (1 VL Y1, T2 VR Y2),
Moreover, denoting 0, = inf L and 1, = sup L, it holds that

Leor =(02,0r), Tror = (lz,1r), teor = (1£,0r), fror = (0z,1R).
It is easy to verify that a rectangular bilattice is indeed a bilattice (in the

sense of Definition [I). The next proposition summarizes some basic properties
of rectangular bilattices and shows their central role in the theory of bilattices:

Proposition 1.

a) [17] Every rectangular bilattice is interlaced.

b) [6] Every interlaced bilattice is rectangular.

c) 22) If £ and R are distributive lattices then LOR is a distributive bilattice.
)

d) [[722] Every distributive bilattice is isomorphic to L ® R for some distrib-
utive lattices L and R.

In the context of item (b) of the proposition above, it is interesting to
note that every interlaced bilattice B = (B, <;, <) is isomorphic to £ ® R,
where £ = ({x |2 >¢ L}, <g) and R = ({z | x <¢ L}, <g). These lattices are
unique up to an isomorphism (see [6]). The same lattices may be used for item
(d) of the proposition, together with the observation that if B is a distributive
bilattice, then £ and R are necessarily distributive lattices.
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2.3 Squares

An important family of rectangular bilattices are those in which £ and R co-
incide. These bilattices are called squares [3|4L[12,[T5] and £ ® L is abbreviated
by £2. The squares that are obtained by the two-valued and the three-valued
chains are shown in Figure[Il In the literature, these structures are commonly
referred to as FOUR (after Belnap’s [7[8] original four-valued logic) and NZNE
(see e.g. [1L[2]), respectively. An example of a square with an infinite amount of
elements is ([0, 1], <)2. In the context of fuzzy set theory, the <;—ordering of this
square is studied in [T2,[15] and its <—ordering is considered in [T4].

<k (1,1) +<i (1,1)

0,1) (1,0) (0,1)

(0,0) (0,0)

Fig. 1. The squares {0,1}* and {0, 1,1}*

Again, it is easy to verify that every square £? is interlaced, and that it is
distributive when L is distributive. The following proposition shows that the
converse is also true.

Proposition 2. [6] Every interlaced bilattice with a negation is isomorphic to
a square, equipped with a negation — defined, for every x,y in L, by —(x,y) =
(v, z).

A detailed investigation of squares and the graded versions of the logical con-
nectives that can be defined on them appears in [4[10]. As shown in [3/4], the
evaluation structure of intuitionistic fuzzy sets is equal to the substructure of the
consistent elements of the square ([0, 1], <)?, i.e., the elements (z,y) that satisfy
the condition z+y < 1. In [3L[4] it is also shown that squares are a generalization
to arbitrary complete lattices (not only the unit interval) of interval-valued fuzzy
sets [16,123,126,[30], an alternative method of extending fuzzy set theory, moti-
vated by the need to replace crisp, [0, 1]-valued membership degrees by intervals
in [0, 1] that approximate the (unknown) membership degrees.

2 Note that by the fact that every distributive lattices is also interlaced, this proposi-
tion holds in particular for distributive bilattices with a negation.
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3 Modeling Imprecise Preference Information

In a number of recent papers (e.g. [21IL24127,28,29]), the use of a four-valued
logic called DDT (derived from Belnap’s original proposal) and some of its graded
extensions has been advocated as a means of dealing with the task of prefer-
ence modeling under incomplete and/or conflicting information. In all of the
mentioned papers, bilattice theory per se plays only a subservient role as the
convenient ‘language’ for modeling positive and negative preference arguments
separately, and for representing the associated epistemic states of truth, falsity,
ignorance and contradiction. By contrast, the aim of this section is to demon-
strate and exploit the full expressive power of rectangular bilattices, and of
squares in particular, for preference modeling.

3.1 Encoding the Evidence

The problem at hand is that of ranking a (finite) set U of alternatives from
the best to the worst, with respect to a number of given criteria. In order to
do this, we assume that partial information is available regarding the pairwise
comparison of alternatives. In binary preference modeling, it is common to ex-
press such information by means of a two-valued outranking relation S in U (see
e.g. [25]), where S(u,v) = 1 is read as “(there is evidence that) w is at least
as good as v”. Such an approach can be criticized for lack of expressivity, since
explicit evidence that u is not at least as good as v could only be captured by
imposing S(v,u) = 18 Yet, as Fortemps and Slowinski argue in [21], arguments
in disfavour of a sentence are not necessarily identical to arguments in favour of
the opposite sentence!

For this reason, in [29] Tsoukias and Vincke propose to distinguish between
positive and negative arguments regarding the claim ‘u is at least as good as v’
(u > v, for short). Essentially, this amounts to defining the outranking relation
S as a mapping from U? to {0,1}?, where the value of the first (respectively,
the second) component of S(u,v) reveals the presence of arguments in favour
(respectively, in disfavour) of w > v. Clearly, this intuition fits our framework,
and Belnap’s square FOUR can be used to endow {0,1}? with an attractive
epistemic structure in terms of truth-hood (the <;-ordering: from only evidence
against, to only evidence for the claim) and of available information (the <g-
ordering: from ignorance to conflict).

Definition 4. For ease of notation, in what follows we shall abbreviate T for
(1,0), F for (0,1), U for (0,0), and K for (1, 1), to be read as true, false, unknown
and contradiction, respectively.

Of course, nothing stands in the way of generalizing this framework by allowing
for graded evidence. For instance, in [2I] and [24] the square induced by the
unit interval £ = ([0, 1], <) was investigated. In general, S can be a mapping

3 Note that S(u,v) = 0 means that there is no evidence that u is at least as good as
v, which is obviously different than claiming that u is not at least as good as v.
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from U? to some rectangular bilattice LOR, reflecting that positive and negative
arguments may be evaluated according to two different scales.

3.2 Representing the Preferences

Once the various outranking arguments have been provided, the objective then is
to present the decision maker with as close to reality and transparent as possible
a rendering of the actual state of affairs. In conventional preference modeling
(i.e., when S(u,v) € {0,1}), a ‘decision’ concerning two alternatives « and v can
take four forms:

1. w is (strictly) preferred over v if S(u,v) =1 and S(v,u) =0,

2. v is (strictly) preferred over w if S(u,v) =0 and S(v,u) =1,

3. w and v are indifferent if S(u,v) =1 and S(v,u) = 1,

4. w and v are incomparable if S(u,v) =0 and S(v,u) = 0.

Evidently, all possible situations are covered in this way. Accordingly, one can
build three binary relations P (strict preference, corresponding to case 1 and 2),
I (indifference, corresponding to case 3) and R (incomparability, corresponding
to case 4), such that U? = PU P~*UT U R. It is also said that (P,I,R) is a
classical preference structure; it is easy to see that it determines S unequivocally,
and vice versa; weakened versions emerge when S becomes a fuzzy relation, a
theme explored in e.g. [20,31,[32]. In what follows, we study the bilattice-valued
generalizations of this framework.

A crisp four-valued approach. Let first S be a mapping from U? to {0, 1}2.
Each couple of alternatives (u,v) corresponds to a couple (S(u,v),S(v,u)) in
({0,1}?)2. For notational ease, and in order to enhance the clarity of the ex-
position, we shall abbreviate these couples by simply juxtaposing the two let-
ters corresponding to their evaluations. For instance, FK represents the element
((0,1), (1,1)) that exhibits a situation in which there are only negative arguments
for © > v and conflicting (both positive and negative) arguments for v > w.

Note 1. In [27,28,29], essentially the same representation, albeit in a more com-
plicated form, is obtained by defining, for every u,v in U,
AS(u,v) =1 & S(u,v) = (1,z) for some z in {0,1}

read as, “there is presence of truth in saying that w is at least as good as v”, and

consequently introducing the so-called true, false, contradictory and unknown

extensiondd of the formula S (u,v) by, respectively,
TS(u,v) =1 AS(u,v) =1 and AS(v,u
FS(u,v) =14 AS(u,v) =0 and AS(v,u
US(u,v) =1« AS(u,v) =0 and AS(v,u

\V)

=~
= I = —

—~ o~~~

In our notations FK denotes the case where FS(u,v) =1 and KS(v,u) = 1.

4 These are actually two-valued predicates; in 2I] T, F, U and K are called strong
unary operators.
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Thus, a decision maker is confronted with any of sixteen (instead of four)
possible situations involving the alternatives v and v. As the prime determina-
tion is to try to rank the alternatives, it is worthwhile to endow those various
situations with some meaningful structure, and it turns out that bilattices can
go a long way in doing just that.

Indeed, starting from the <;-ordering on FOUR, we can construct a bilattice-
based square on top of ({0,1}2)? with the following two orderings:

— (21,72) <¢ (y1,92) & 21 <4 y1 and 22 >4 Yo
Intuitively, if (z1,22) = (S(u,v), S(v,u)) and (y1,y2) = (S(v',v"), S(v',v')),
then (x1,x2) <; (y1,y2) expresses that the extent to which u is preferred
over v is less than the extent to which u’ is preferred over v’. The smallest
element is FT (it is not true that u > v, while it is true that v < v) and the
biggest one is TF (u > v and not v > u).

= (z1,22) <g (y1,%2) © 21 <t y1 and w2 <4 Yo.
This ordering ranges between a state of incomparability (FF) and one of
indifference (TT).

Starting from the <g-ordering on FOUR we can define two other orderings
on ({0,1}%)? as follows:

— (z1,22) <} (y1,92) © 21 <g y1 and x2 > Yo.
Intuitively, if (z1,22) = (S(u,v),S(v,u)) and (y1,y2) = (S, v"), SV, u)),
then z7 <, y; means that we know less about v > v than about v’ > v/,
and x9 >}, Y2 means that we know more about u < v than about v’ < v'.
So, the bigger (1, 2z2) according to this ordering, the more we know about
u > v and the less we know about u < v.

— (z1,22) <}, (y1,92) & 1 <g y1 and x2 <i Yo.
This ordering marks the amount of information at our disposition: from a
shortage of information (UU) to an excess (KK).

Note 2. In [28,29], the authors present a dictionary-style solution to discriminate
among the sixteen states, giving concrete names and explanations to each one
of them. For instance, TF is called ‘strict preference of u over v’, KF in their
terms is ‘weak preference of u over v’, etc. This approach, apart from being
tedious, is also misleading. As an example, in their approach (as in ours) FF
means that u and v are incomparable, whereas UU is read as “u and v are semi
incomparable”, and FU as “u and v are weakly incomparable”. Such terminology
implies an inaccurate description of the state of affairs, since

a) the element UU bears no mark of incomparability whatsoever, and

b) referring to <j, the elements UF, FK and KF could claim the status of rep-
resenting ‘weak incomparability’ with just as much justification as FU.

By contrast, the four order relations considered above serve to discriminate much
more naturally, and without bias, among the sixteen states, positioning each
state along four scales of measurement.
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Extensions to arbitrary (possibly continuous) rectangular bilattices.
Another important advantage of our approach is that it can be straightforwardly
generalized to graded evidence without the need for additional parameters. In-
deed, the four orderings <;, <j, <}, and <} can equally be defined on £L® R
for any complete lattices £ = (L, <p) and R = (R, <gr). The orderings present
the decision maker with a rather complete picture of the situation; depending
on the underlying goals and attitudes, he or she may exploit the information in
various ways.

Consider, for instance, the bilattice ([0, 1]?)? together with, e.g., the normal-
ized Euclidean distance function. For any value (S(u, v), S(v, u)) one can measure
its distance to the external elements of each order. Such distances give graded in-
formation which is often more helpful for the decision maker than just the order-
ings themselves. For example, when (S(u,v),S(v,u)) = ((0.1,0.77), (0.25,0.41)),
the distance to FT is 0.44 and the distance to TF is 0.67, which indicates a prefer-
ence of v over u. Likewise, the distances 0.62 and 0.52 to UK and KU respectively
may indicate that the amount of available information is greater for “v > u” than
for “u >v".

Note also that, as shown in Figure [ (see the diagram on the bottom-left
side), the distance to FT (respectively, to TF) of each one of KT, UT, FU, FK| is
1/2 (respectively, v/3/2), while the distance to FT (to TF) of TK, TU, UF, KF,
is v/3/2 (respectively, 1/2). This can be interpreted as follows: the elements on
the middle layer do not give any evidence that u > v or u < v, the elements on
the second layer from below give more evidence that u < v, and the elements on
the fourth layer provide more evidence that u > v. As Figure 2] shows, similar
layered structures and distance values are also induced by the other orders (see
the bottom-right side of this figure for <, the top-left side for <}, and the
top-right side for <}).

KU 10 KK
KF KT FU TU s TK KT KF FK
TT TF KK UU FT FF | ¥2 2| TT TF KU UK FT FF
TK FK UF UT 1 B TU UT UF FU
UK 0o 1 uu
TF 1 0 TT
TK TU UF KF s TK TU UT KT
TT KK KU UK UU FF | ¥2 2| TF KK KU UK UU FT
KT UT FU FK 1 B FK FU UF KF
FT 0o 1 FF

Fig. 2. Euclidean distances to the extreme elements of <; (bottom left), <, (bottom
right), <; (top left), and <} (top right)
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Figure [ reveals a nice symmetry among the four diagrams: there are eight
external elements each corresponding to a ‘definite’ state of affairs (TF and
FT: strict preference; TT: indifference; FF: incomparability; KK, UU, UK, KU:
information defect) and the eight remaining ones which float somewhat between
the extremes (they are always in second or the fourth layer). Note also that the
middle layer of each diagram always contains the six other external elements.

As the next proposition shows, the four order relations considered above pre-
serve these distance considerations for every element of the underlying bilattice:

Proposition 3. Let < be any one of the above four orders (<, <p, <}, <} ) on
([0,1]%)2, and let d be the Euclidean distance function on it. Denote by 0 and 1
the <-minimal element and the =<-maximal element, respectively. For every u,v
in ([0,1]%)2, if u < v then d(0,u) < d(0,v) and d(u,1) > d(v,1).

Proof. We shall show the claim for <; and its minimal element FT; the other
cases are similar.

Let u = (z1,22) and v = (y1,y2). If u <; v then 1 <; y1 and z2 > Yo, which
means that d(F,z1) < d(F,y1) and d(T,z2) < d(T,y2). Thus, d(FT, (z1,22)) =
3VA(F,21)? +d(T,22)2 < §/d(F,y1)? +d(T,y2)? = d(FT, (y1,92))-

The above representation stands in sharp contrast to existing work relying on the
conventions described in Note [Il Indeed, devising graded versions of the predi-
cates T, F, U and K requires an explicit choice of how to model the conjunction
in the right-hand sides of their defining equalities (I)—~@). In [2I] and [24], two
different choices involving different t-norms on the unit interval are put forward,
each elaborately justified in its own terms. As our exposition reveals, however,
this effort is altogether superfluous since it can be avoided by working with the
original outranking information. As we have shown, rectangular bilattices offer
a simple and natural way of encoding this information, even in cases that the
argument in favour of a certain preference and the argument in disfavour of that
preference are specified in terms of different ranges.

4 Conclusion

In this paper we introduced a simple and generic solution strategy for model-
ing imprecise preference information, taking advantage of the new opportunities
offered by bilattice-based structures. The ‘traditional’ approach of evaluating
membership functions by values that are arranged in one (and usually total)
order, is replaced here by more expressive ‘two-dimensional’ measurements that
reflect different interpretations of the underlying orderings, which may be ap-
plied simultaneously. Our approach exploits the order-theoretical ingredients of
bilattice theory, and puts existing approaches of preference modeling into a sim-
ple and unified perspective. This work therefore demonstrates the applicative
aspects of our study on bilattice-based fuzzy sets [34}[10] and vindicates our
claim that these structures provide a natural and attractive framework for the
representation of uncertain and potentially conflicting information.
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Abstract. Multiperson decision making problems involve using the pref-
erences of some experts about a set of alternatives in order to find the
best of those alternatives. However, sometimes experts cannot give all the
information that they are required. Particularly, when dealing with fuzzy
preference relations they can avoid giving some of the preference values
of the relation. In the literature these incomplete information situations
have been faced giving procedures which are able to compute missing
information from the preference relations. However, these approaches
usually need at least a piece of information about every alternative in
the problem. In this paper, several strategies to manage total ignorance
situations, that is, situations where an expert does not provide any in-
formation on at least one alternative are presented, and their advantages
and disadvantages analised.

Keywords: Ignorance, Incomplete Information, Consistency, Multiper-
son Decision Making, Fuzzy Preference Relations.

1 Introduction

Multiperson decision-making (MPDM) consists of multiple individuals (usually
experts) E = {ey, ..., e, } interacting to reach a decision. Each expert may have
unique motivations or goals and may approach the decision process from a dif-
ferent angle, but have a common interest in reaching eventual agreement on se-
lecting the best solution(s) to the problem to be solved [4,[12]. Fuzzy preference
relations are commonly used to represent decision makers’ preferences over the
set of possible alternative solutions X = {x1,...,z,}, (n > 2) [2,BEL6]7,[T6L17].
In many cases, some experts may not have a “perfect” knowledge of the
problem to be solved [3},0,[10}TT][I8]. For example, an expert might not possess
a precise or sufficient level of knowledge of part of the problem or might be
unable to discriminate the degree to which some options are better than others.
In such cases, an expert would not be able to efficiently express any kind of
preference degree between two or more of the available options, an therefore the
fuzzy preference relation provided is incomplete [3,[18]. Therefore, it would be

V. Torra et al. (Eds.): MDAI 2006, LNAI 3885, pp. 34-H5] 2006.
© Springer-Verlag Berlin Heidelberg 2006
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of great importance to provide these experts with appropriate tools that allow
them to overcome this lack of knowledge in their opinions.
Two different kinds of incomplete information in a MPDM can be identified:

— Partial incomplete information. In this case at least one expert does not
provide all possible preference degrees over the set of alternatives, but pro-
vides information on his/her preferences in which every alternative is at least
compared once against one of the rest of alternatives.

— Total incomplete information. In this case at least one expert does not pro-
vide all possible preference degrees over the set of alternatives, and provides
information on his/her preferences in which at least one alternative is not
compared against any one of the rest of alternatives. We call this an igno-
rance situation.

Some attention has been paid to the case of partial incomplete information
[1L18L18]. However, as far as we know, no study has been yet published on MPDM
problem with total incomplete information. This paper presents several possible
strategies to manage ignorance situations in MPDM problems: ad-hoc strategies
and consistency guided strategies. We analyse both their advantages and disad-
vantages and illustrate their application by examples. To model the consistency
property we use the additive transitivity property proposed by Tanino in [16].

The rest of the paper is set out as follows. Section [2] presents notation and
concepts needed throughout the papers. In section [Blwe present a general consis-
tency based procedure to estimate unknown preferences values in an incomplete
fuzzy preference relation. Section M presents several strategies to manage igno-
rance situations in MPDM problems. Advantages and disadvantages associated
to each one of these strategies are discussed in section il Finally, our concluding
remarks will be pointed out in Section [Gl

2 Preliminaries

Fuzzy preference relations are commonly used to represent decision makers’ pref-
erences over the set of possible alternative solutions X = {z1,...,zn}, (n > 2)
215116, 17118, 13, 116, [17]..

Definition 1. A Fuzzy Preference Relation (FPR) P on a set of alternatives X
is a fuzzy set on the product set X x X, i.e., it is characterized by a membership
function pp: X x X — [0,1].

When cardinality of X is small, the preference relation may be conveniently
represented by the n x n matrix P = (pix), being pi = pp(x;,zr) (Vi,k €
{1,...,n}) interpreted as the preference degree or intensity of the alternative z;
over xy: pir = 1/2 indicates indifference between z; and xy (x; ~ zi), pi = 1
indicates that x; is absolutely preferred to xy, and p; > 1/2 indicates that x;
is preferred to zy (x; = xp). Based on this interpretation we have that p; =
1/2 Yie{l,...,n} (z; ~ x;).

Since each expert is characterized by his/her own personal background and
experience of the problem to be solved, experts’ opinions may differ substantially
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(there are plenty of educational and cultural factors that influence an expert’s
preferences). This diversity of experts could lead to situations where some of
them would not be able to efficiently express any kind of preference degree
between two or more of the available options. Indeed, this may be due to an
expert not possessing a precise or sufficient level of knowledge of part of the
problem, or because that expert is unable to discriminate the degree to which
some options are better than others. We must note that an expert which is not
able to provide a particular preference value p;; does not necessarily imply that
he/she is indifferent between both z; and zj alternatives, that is, we cannot
directly suppose that p;x = 0.5.

2.1 Incomplete Fuzzy Preference Relations

Usually, we assume that experts are always able to provide all the preferences
required, that is, to provide all p;; values. However, this may not always be
the case, and experts end providing an incomplete fuzzy preference relations
[1L,[Ig]. In the following definitions we express the concept of an incomplete fuzzy
preference relation:

Definition 2. A function f: X — Y is partial when not every element in the
set X necessarily maps onto an element in the set Y. When every element from
the set X maps onto one element of the set Y then we have a total function.

Definition 3. [I] An Incomplete Fuzzy Preference Relation P on a set of alter-
natives X is a fuzzy set on the product set X x X that is characterized by a
partial membership function.

When a particular preference value p;i is not given by an expert we will note
pir = x and we will call it a missing value.

From a particular incomplete fuzzy preference relation P, we define the fol-
lowing sets [1]:

A={0,7) |i,j€{l,....,n} Ni #j}
MVh:{(i,j)€A|p£‘j:x}
EV, = A\ MV,
EV;f ={(a,b) | (a,b) € EV}\, A (a=1iVb=1)}

where MV}, is the set of pairs of alternatives for which the preference degree of
the first alternative over the second one is not given by expert e, that is, the
set of missing values of the expert ey, EV}, is the set of pairs of alternatives for
which the expert e, provides preference values (we call it the expert values for
er) and EV}f is the set of preferences about pairs of alternatives given by an
expert ep involving alternative x;.

2.2 Consistency Property

The definition of a preference relation does not imply any kind of consistency
property. In fact, the values of a preference relation may be contradictory. Con-
sistency is usually characterised by transitivity, which represents the idea that
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the preference value obtained by directly comparing two alternatives should be
equal to or greater than the preference value between these two alternatives
obtained using an indirect chain of alternatives.

One of the properties suggested to model the concept of transitivity in the
case of fuzzy preference relations is the additive transitivity property [16]:

(pij —0.5) + (pjx — 0.5) = (pix — 0.5) Vi, j, ke {1,...,n}
or equivalently:
Pik = Dij +p7k_05 Viajvke{lv'”an} (1)

As shown in [6], additive transitivity for fuzzy preference relations can be seen as
the parallel concept of Saaty’s consistency property for multiplicative preference
relations [14].

This kind of transitivity has the following interpretation: suppose we want to
establish a ranking between three alternatives x;, x; and x, and that the infor-
mation available about these alternatives suggests that we are in an indifference
situation, i.e. x; ~ x; ~ xr. When giving preferences this situation would be
represented by p;; = pjx = pi = 0.5. Suppose now that we have a piece of
information that says z; < z;, i.e. p;; < 0.5. This means that p;i or p;; have
to change, otherwise there would be a contradiction, because we would have
x; = xj ~ x ~ x;. If we suppose that p;; = 0.5 then we have the situation:
x; is preferred to x; and there is no difference in preferring x; to x,. We must
then conclude that x, has to be preferred to x;. Furthermore, as x; ~ xj then
Dij = Pik, and so (p;; — 0.5) + (pjr — 0.5) = (pi; — 0.5) = (pirx — 0.5). We have
the same conclusion if p;; = 0.5. In the case of p;r < 0.5, then we have that x,
is preferred to x; and this to x;, so x; should be preferred to x;. On the other
hand, the value p;; has to be equal to or lower than p;;, being equal only in the
case of pjr = 0.5 as we have already shown. Interpreting the value p;; — 0.5 as
the intensity of preference of alternative x; over z;, then it seems reasonable to
suppose that the intensity of preference of x; over xj should be equal to the sum
of the intensities of preferences when using an intermediate alternative x;, that
is, pik — 0.5 = (pij — 0.5) + (pjr — 0.5). The same reasoning can be applied in
the case of pjr > 0.5.

3 Consistency Based Procedure to Estimate Missing
Values in Incomplete Fuzzy Preference Relations

Given a complete fuzzy preference relation, expression[Il can be used to calculate
an estimated value cp;y, for every p;i as follows:
0 o s
D itk CPIe €Y, +Cpyy

CPik = 3(n —2) (2)

where cpﬁ, cpf,f , cpfg are directly obtained from expression[I] and the fact that
additive transitivity implies reciprocity (pix = 1 — pri Vi, k):

cpll = pij + pjx — 0.5, (3)
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Cpg;f = pjr — pji + 0.5, (4)

eply = pij — prj + 0.5 (5)

When working with an incomplete fuzzy preference relation, the previous ex-
pressions cannot be directly applied, as some of the preference values used in
the expressions may be unknown. However, an iterative procedure to estimate
these unknown or missing values can be derived from the above expressions. The
following two different tasks have to be carried out:

A) Establish the elements that can be estimated in each step of the procedure,
and

B) produce the particular expression that will be used to estimate a particular
missing value.

A) Elements to be estimated in step h. The subset of missing values MV
that can be estimated in step h of our procedure is denoted by EMV}, (estimated
missing values) and defined as follows:

h—1
EMV, = {(Lk) €MV \ U EMV, |i#k A 3j € {H} qukUka}}
=0

with

h—1

=0

h—1

=0

h—1

=0

and EMVy = 0 (by definition). When EM Vyax1ter = 0 with maxIter > 0 the

procedure will stop as there will not be any more missing values to be estimated.
maxlter

Moreover, if U EMV;, = MV then all missing values are estimated, and
1=0

consequently, the procedure is said to be successful in the completion of the

incomplete fuzzy preference relation.

B) Expression to estimate a particular value p;; in step h. In order to
estimate a particular value p;, with (i, k) € EMV}, we propose the application
of the following function:
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function estimate_p(i,k)

L cpy, =0, epj, =0, cpf =0, K=0

> el

. JjEH),
2. if #H} #0 = cph = #"le s K+ +.
o
D P
. jeEH?
3. if #HZ #0 = cph = #kak s K+ +.
33
> vk
JEHY,

4. if #H3 #0 = cP?kzi#ka ; K4+ +.
5. Calculate cpix = & (cply + cp?, + cpdy)

end function

The function estimate_p(i, k) computes the final estimated value of the miss-
ing value, cp;i, as the average of all estimated values that can be calculated using
all the possible intermediate alternatives x; and using the three possible expres-
sions (BHH).

Then, the iterative estimation procedure pseudo-code is as follows:

ITERATIVE ESTIMATION PROCEDURE
EMVy =10
h=1
while EMV}, # 0 {
for every (i,k) € EMV}, {
estimate_p(i,k)

h++

N ol wheE o

This procedure is able to estimate all the missing values for a given incomplete
fuzzy preference relation if a set of n — 1 non-leading diagonal preference values
where each one of the alternatives is compared at least once is known [I]. That
means that partial incomplete MPDM problems can be successfully solved using
this procedure. However, the only application of this procedure does not solve
MPDM problem with total incomplete information. The rest of the paper is
devoted to the study of some possible strategies to tackle these situations.

4 Strategies to Manage Ignorance Situations in Decision
Making Problems

As per the notation introduced in section [2, an ignorance situation in MPDM
problems is defined as follows:
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Definition 4. In a MPDM problem with a set of alternatives X = {z1,...,z,}
and a group of experts F = {ey, ..., &, } which provide a set of incomplete fuzzy
preference relations { P, ..., P, }, we have a ignorance situation if

3 (h,i) | EV} =0,

that is, at least one of the experts (e;) does not provide any preference value
involving a particular alternative (x;). We will call z; the “unknown alternative”
for the expert ey,.

4.1 Ad-Hoc Strategies to Manage Ignorance Situations

These strategies estimate missing values in ignorance situations by ad-hoc proce-
dures which are not based in any particular basic principle or property associated
to the set of alternatives, experts or relations. Two simple examples of this kind
of strategies are the following:

Strategy 1: Assume Indifference Values in the Missing Values

In this case, because an expert does not provide information on an alternative
relating it to the rest of alternatives, we may model this situation as a total
indifference one and therefore each missing values for the ignored alternative
can be replace with a value of 0.5. In this case, the estimation procedure of
missing values is as follows:

Estimation Procedure 1: If an incomplete fuzzy preference relation P, has an
ignored alternative x;, this strategy will compute all its associated missing value
as:

pho=05; pl, =05 VEke {1,...n},k #i.
Example 1: We have to solve a decision making problem to find the best of 4

different alternatives: X = {x1,xo, x3,24}. An expert gives the following incom-
plete fuzzy preference relation

— 07 =z 068
p— 04 — x 0.7 ’

T r -

06 0.7 = —

that is, he gives no information about alternative x3, and thus, we are in a
ignorance situation. The first estimation procedure assumes that the expert is
indifferent with respect to x3, and the reconstructed fuzzy preference relation is:

- 0.7 05 0.68
04 - 05 0.7
P= 05 05 — 05

0.6 07 05 -
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Strategy 2: Assume Random Values in the Missing Values

This strategy estimates the missing values for an ignored alternative as random
values within the range of preference values provided by that particular experts,
i.e, an unknown preference value will be computed randomly between the maxi-
mum and minimum preference degrees of its corresponding column and row. In
this case, the estimation procedure of missing values is as follows:

Estimation Procedure 2: If an incomplete fuzzy preference relation P, has an
ignored alternative x;, this strategy will compute every missing value as:

pii = rand(min({p}y}), maz({pfi})) ; pi; = rand(min({p};}), maz({pj;}))
Vike{l,..n},j#k+#i

where rand(a,b) means a random value between a and b and maz(...) and
min(...) are the usual maximum and minimum operators.

Example 2: We part from the previously presented problem (in example 1). In
this case, the estimation procedure reconstructs the missing values with random
values between the maximum and minimum preference degrees provided by the
expert. For example, p13 € [0.68,0.7] and p3z € [0.7,0.75]. An example of a
possible reconstructed preference relation is:

- 0.7 0.69 0.68

p_ 04 — 047 0.7
053 071 — 07

0.6 0.75 0.72 —

4.2 Consistency Based Strategies

These strategies are guided by a basic principle, the consistency property of the
incomplete fuzzy preference relations represented by the additive transitivity
property. To do so, these strategies use the estimation procedure presented in
section [3

As aforementioned, that procedure needs at least a preference value involving
the ignored alternative to be able to estimate the rest of missing preference
values of the ignored alternative. Therefore, we need a ‘seed’ value to initiate
the estimation procedure. Depending on the computation of that seed value we
can define the following two consistency based strategies:

Strategy 3: Consistency Based Strategies with Indifference Seed
Values

Similarly, as in the first strategy, we can start by assuming indifference on the
preference values for the ignored alternative, followed by the application of the
estimation procedure to complete the rest of missing values of the alternative.
Thus, in this case the estimation procedure of missing values is as follows:

Estimation Procedure 3: Suppose an incomplete fuzzy preference relation P with
an ignored alternative z;, and assume p;; = 0.5 for a particular j € {1,...,n}
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(initial indifference). The preference degrees {p;r},Vk # i # j can be estimated
via the alternative x; by means of two of the three possible estimation equations
BHE): cpg,i = pij +pjk — 0.5 and p;; = cpg,i’ + pr; — 0.5, which result in cpf,i =
pjr and cpg,‘;" = 1 — pg;, respectively. Because the indifference of a preference
value can be assumed for any of the possible values of j € {1,...,n} with
j # i # k, then the final estimated values for the i-th row of the incomplete
fuzzy preference relation are:

n i1 n i3
L vtk Pl | jvijrigk Pk
CPik = 3 +
2 n—2 n—2
1 Z;‘l:l ; itk Pik Z;‘l:l ; j;ﬁi;ﬁk(l — Dkj)
=5 +
2 n—2 n—2
SCr — SR
= 0.5+ %

with SCY% and SRy representing the average of the k-th column and k-th row of
the complete (n — 1) x (n — 1) fuzzy preference relation that is obtained without
taking into account the alternative x;. The parallel application of the above
assumption for the preference values py; provides the following estimation of the
values of the i-th column:

SRy — SCy

- (6)

cpr; = 0.5 +

Example 3: If we apply this strategy to the previously mentioned problem

(examples 1 and 2), we obtain the following values for p;3 and pso:

(0.74+0.68)/2— (0.4 +0.6)/2
5 =

0.6

p13 = 0.5 +

and 0.7+0.75)/2 — (0.4 +0.7)/2
(0.7 +0. )/2_(.+.)/ oo

In this case, the complete reconstructed preference relation is:

p32 = 0.5+

- 0.7 06 0.68
p— 04 — 041 0.7

04 059 — 051

0.6 075 049 -

Strategy 4: Consistency Based Strategies with Random Seed Values

This strategy, similarly as in the second strategy, is based on obtaining just one
‘seed” random value followed by the application of the procedure to estimate
the rest of missing values for the ignored alternative. Thus, in this case the
estimation procedure of missing values is as follows:

Estimation procedure 4: Suppose an incomplete fuzzy preference relation Py, with
an ignored alternative x;. The estimation procedure is drawn in the following
scheme:



Strategies to Manage Ignorance Situations in Multiperson Decision 43

do {
k =irand(1,n) // Choose random k
} while(k # i)
if (rand(0,1) < 0.5) { // Place it in missing row
Pl = rand(min({p,}), maz({pl}))
Vie{l,..,n},j#k#1i
} else { // Place it in missing column
7.l = rand(min({pl, }), maz({pl;}))
Vie{l,...,n},j#k#1i
8.}

9. Apply the estimation procedure

AN

e

where irand(a,b) means an integer random value between a and b.

Example 4: From the problem presented in the previous examples, we are going
to apply this strategy to reconstruct the missing values. First of all, we obtain
a random k # i. For example k = 2. We obtain a random value between [0, 1] to
determine if we are going to calculate a seed value for psgs or pos. Suppose that
the random value is 0.34, so we are going to obtain a random value for pss €
[0.7,0.75], for example, p32 = 0.74. Then, we apply the estimation procedure:

- 07 =z 0.68 — 0.7 046 0.68 — 0.7 0.46 0.68
04 — =z 07 R 04 — =z 07 . 04 — 042 07
z 074 - =z 0.59 0.74 — 0.61 0.59 0.74 — 0.61
0.6 0.7 =z - 0.6 0.75 0.51 - 0.6 0.75 0.51 -

5 Analysis of the Advantages and Disadvantages of Each
Strategy

In this section we analyze some advantages and disadvantages of the proposed
strategies, identifying situations where some of the strategies may be more ade-
quate than the others.

— Strategy 1 is a very simple approach to solve ignorance situations. Although
it is not always adequate to assume that not giving preference values for one
alternative implies indifference between the unknown alternative and the rest
of them, in some situations could be an acceptable option. In fact, its easiness
application can be a very appealing factor for its use, specially in problems
where there are no other sources of information (neither information about
the alternatives or other experts). Particularly, decision making problems
with only one expert or criterion are good candidates to apply this strategy.

— Strategy 2 is also a simple approach, but it can produce a higher level of
diversity in the opinions given by the experts. However, it is important to
remark that this strategy can produce a decrease in the consistency of the
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fuzzy preference relations, because the random values will not usually comply
with any kind of transitivity property. This strategy can be a good one to
apply in decision problems with a high number of experts or criteria which do
not differ too much between them (because it can introduce some diversity
in the problem).

— Strategy 3: This strategy improves strategy 1, as it adjusts the estimated
preference values to make the preference relation more consistent with the
previously existing information. Moreover, the initial indifference supposed
for every preference value for the unknown alternative is softened accord-
ing to the existing information in the preference relation. This approach is
interesting when there are no external sources of information about the prob-
lem and when a high consistency level is required in the experts’ preference
relations.

— Strategy 4 tries to unify the advantages of strategies 2 and 3: it tries to
maintain a high consistency degree in the fuzzy preference relations (with
the application of the estimation procedure) whilst it gives a slightly higher
level of diversity than strategy 3 (with the generation of the random seed
for the estimation procedure).

6 Conclusions

In this paper we have presented several different strategies to solve ignorance
situations in Decision Making problems. We have presented some ad-hoc strate-
gies and some consistency guided strategies and have analysed their advantages
and disadvantages.

In the future, we will study other possibilities to deal with ignorance sit-
uations using different criteria to the consistency one as it could be the use
of consensus and/or proximity measures to provide a management system of
ignorance situations.
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Abstract. Negotiation engines are major components of autonomous agents,
because negotiation is one of the most important types of agent interaction.
Thus far, most negotiation engines rely on analytic techniques to maximize the
social welfare of agent communities. Such engines are developed with total dis-
regard of the possibility of enabling agents to analyze offers made by their ne-
gotiation opponents. The analysis of the offers leads to making tradeoffs that
result into agreeing on (selecting) solution options that maximize the social wel-
fare of the negotiation agents. Therefore, this paper presents an agent negotia-
tion engine that supports the following: evaluation of solution options, analysis
of tradeoffs, analysis of offers, and management of negotiation deadlocks.
Moreover, the paper presents a simulation experiment that illustrates the capa-
bilities of the negotiation engine.

1 Introduction

Negotiation is one of the most important forms of agent interactions in multi-agent
systems, because it provides the basis for managing the expectations of the individual
negotiating agents, and it enables selecting solutions that satisfy all the agents as
much as possible. Consequently, a variety of agent negotiation models have been
proposed [2, 3]. Most of these models can be classified into two categories, namely:
analytic models and knowledge based models. The analytic models are based on ana-
lytic techniques such as, Game Theory, to determine the solution that maximizes the
social welfare of the negotiating agents. These models minimize communication
among the negotiating agents; however, they have the following drawbacks:

e The agents have no control over the tradeoffs made during the negotiation
process. That is, the models consider only the quantity of the tradeoffs, dis-
regarding their quality. In other words, analytic based negotiation models are
used with an implicit assumption that the negotiating agents accept any
tradeoffs so long as they are the smallest in quantity. However, this is not
always true, since agents may sometimes be more willing to give larger con-
cessions on some decision variables, than to give small concessions on other
variables.

e  The analytic based models do not follow the natural process of negotiation,
where, in between offers and counter offers, multiple negotiation decision

V. Torra et al. (Eds.): MDAI 2006, LNAI 3885, pp. 46—@ 2006.
© Springer-Verlag Berlin Heidelberg 2006
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variables are traded-off against one another in order to identify the solution
that maximizes the social welfare.

On the other hand, knowledge based models such as the strategic negotiation
model for multi-agent systems proposed in Kraus [7]; implicitly depend on tradeoffs
made by negotiating agents to determine agreement solutions. Knowledge based agent
negotiation models have the following major shortfalls:

e They normally do not give any guarantees that the agreement solution maxi-
mizes the social welfare of the negotiating agents.

e  They normally do not support learning from the offers made by the agent ne-
gotiation opponents in order to enable the agents to make offers that are
more socially acceptable, as the negotiation progresses.

e  The agents have no way of knowing whether the negotiation is converging or
not.

To circumvent the shortfalls of the analytic models, as well as the shortfalls of the
knowledge based models, Faratin et al [4] have proposed an agent negotiation model
which depends on utility, similar to the analytic models. Moreover, the model enables
the agents to tradeoff during negotiation, like the knowledge based models. Given two
negotiating agents, Agent a and Agent b, the model works as follows:

1. Agent a identifies the solutions it prefers using utility.

2. Agent a identifies the solution that Agent-b prefers perhaps through previous
offers made by Agent b.

3. Agent a determines the similarity between each of the solutions it prefers and
the solution that Agent b prefers.

4. Agent a selects the solution that is most similar to the solution Agent b pre-
fers as the offer.

The negotiating agents can utilize the model proposed by Faratin et al even if they
have partial information about the solution, thus the model has the potential of ena-
bling the agents to search a larger solution space. However, in the context of Group-
Choice Decision Making (GCDM) problems, the model has the following shortfall: It
is viable for only two negotiating agents such as in buyer-seller negotiation problems.
Since GCDM problems are normally characterized by a multiplicity of (more than
two) agents, the approach of Faratin et al may not be applicable to GCDM problems
in its current form.

This paper presents a negotiation engine that is based on a Qualitative Reasoning
(QR) model as well as a Game Theory (GT) model. We call this engine the Agent
Negotiation Engine for Collaborative Decision Making (ANE-CODEM). The QR
model is used in the Reasoning Component of the negotiation engine to estimate the
preference models of the negotiation opponents of agents. On the other hand, the
Game Theory model is used in the Social Welfare Component of the engine to inte-
grate the solution rankings according to the individual negotiating agents, in order to
generate the social (combined) ranking of the solutions. Moreover, our automatic
negotiation engine allows the users to influence the negotiation behavior of their
agents through the strategic settings, and it has capabilities for managing negotiation
deadlocks. Although ANE-CODEM has many capabilities, the focus of this paper is
how it assists agents while making and responding to negotiation offers.
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The rest of this paper is arranged as follows, Section 2 presents the context in which
ANE-CODEM operates, and the ANE-CODEM model is presented in Section 3.
Section 4 deals with a simulation experiment that illustrates the capabilities of
ANE-CODEM. Finally, conclusions are given in Section 5.

2 Context in Which ANE-CODEM Operates

We developed ANE-CODEM to use it in the negotiation component of an integrated
design system which we designed. The system integrates decisions of the various
domains (e.g. marketing, design, manufacturing, and sales) of Product Configuration
Manufacturing, into the design process. This way, design flaws would be identified
and fixed early in the manufacturing process. By the nature of this target problem,
ANE-CODEM turned out to be an appropriate negotiation engine for most Group-
Choice Decision Making (GCDM) problems, where a number of agents are involved
in choosing a single solution from a set of available solution options. Therefore, we
extended the use of ANE-CODEM to the Decision Support System (DSS) for the
selection of Commercial-Off-The-Shelf (COTS) software products, which we have
developed into a fully functional GCDM system for COTS selection. In Group-
Choice problems, it is common for the agents to have different preference models.
This is caused by the differing preferences, experience, background and constraints of
the clients of the agents. Consequently, ANE-CODEM enables each agent to evaluate
the solution options independently, and to carryout tradeoff analysis in order to de-
termine what the agent loses or gains if a solution other than its optimum solution is
selected. Finally, ANE-CODEM enables the agents to identify the mutually accept-
able solution (i.e. to reach agreement on a single solution).

2.1 Evaluation of Solution Options

Selection of a solution from a set of options is facilitated by evaluating each solution
option on a set of decision variables, using a Multi-Criteria Decision Making MCDM
technique. The simplest MCDM model for estimating the performance of solution
option k against the set of decision variables is given by Equation (1). We used this
model as a starting point for developing and testing our automatic negotiation engine,
as well as its constituent components; in the future we shall replace this model with
more flexible models such as Ordered weighted Averaging [5, 10] and the Logic
Scoring Preference model [1]. This shall require modification of algorithms in the
various components of our negotiation engine, since different MCDM techniques are
based on different concepts and assumptions.

Score, =Zakiwi' (1)
i=1

Where, q, is the strength of solution option K in decision variable (criterion) i.
w;, is the preference value (weight) of decision variable .

n is the total number of decision variables.
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2.2 Tradeoff

Generally, a tradeoff is where at least one of the negotiating agents lowers the prefer-
ence values of some of the decision variables, and at the same time increases the val-
ues of other variables [4]. Tradeoff is carried out after comparing and contrasting the
solution options on each of the decision variables, which leads to identifying solution
options that have the same value, in spite of the differences in their characteristics.
This increases the prospects of identifying a mutually acceptable solution. For exam-
ple, a customer of a COTS-based software development project may find a high-
priced COTS product which has all the required security features to have the same
value with a low-priced COTS product which necessitates implementing some of 