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Abstract: Semantics of schema models is not explicit but always hidden in their structures and labels. To obtain semantic
interoperability we need to make their semantics explicit by taking into account both the interpretation of the
labels and the structures described by the arcs. We address in this paper the issue of semantic interoperability
between systems relying on semantically heterogeneous hierarchies, having been designed for the purpose
of independent specific goals and activities. Given a set of generalization hierarchies, our approach gives
much emphasis osemantics added-valugy "emerging” the intended informal meaning of concepts, we
rely on Wordnet lexical repository. In the first part of the paper, we provide a rigorous logical framework
for representing and automatically reasoning on generalization hierarchies except their formalism (UML, ER
diagram, etc). Then, we describe The SEM-INTEROP algorithm that consists on two main sezpantic
interpretationandsemantic comparaison.

1 INTRODUCTION any approach to interoperability of information sys-
tems is that of identifying concepts or a set of con-
cepts in different information systems that are seman-

Knowledge sharing between heterogeneous sourcesically related, and then resolving the schematic dif-

is a significant challenge, which has been the focus ferences among semantically related concepts (Sheth

of much research but remains an open problem. En-and Kashyap, 1993). By schematic differences, we
abling the cooperation of heterogeneous information may refer to different partial representations of a same

systems is not easy to achieve because related knowlconcept, different granularity-level description or a

edge is disparate and described in different terms andperspective representation when it encodes a spatio-

using different assumptions. Heterogeneity may arise temporal, logical, and cognitive point of view.

from syntactic, structural and semantic discrepancies

in information systems. Syntactic heterogeneitis Two main categories of frameworks have been

due to the use of diverse database models (object-proposed for the co-operative information systems :

oriented vs relationalktructural heterogeneitgirises federation of information systeniSheth and Larson,
from different conceptual choices during the concep- 1990) andmediation(Wiederhold, 1992; Chawathe
tualization phase (modelling as a class, as a relation-et al., 1994) which relies on the definition wfap-
ship, or as an attribute), argemantic heterogene- pers and mediators. Mediation-based architectures
ity comes from differences between the terms used facilitate evolution through the addition of new
to represent information and their intended meaning data sources. They support cooperation of large

(Kashyap and Sheth, 1996). information systems and thus are more suitable in

In this paper, we focus on semantic heterogeneity web environment. Federation-based architectures are

and interoperability solutions that address this as- best suited for small-scale cooperation.

pect of semantic heterogeneity. Of course, the pres-Irrespectively of the system architecture, a funda-

ence of a variety of conceptual models is unavoidable mental task in integration is the ability to recognize

both because humans think differently and becausean a-priori agreement on knowledge shared by com-
the applications of these models were designed for munities through describing mappings between them
different needs. Thus, the fundamental question in and supporting access to the existing data instances.
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A large number of papers have investigated various
facets of mapping, such as mapping discovery,
mapping definition or mappings usage (for a survey
see (Rahm and Bernstein, 2001)).

In such a distributed setting, we believe that an

a-priori agreement on knowledge and knowledge

exchange is very hard to achieve. Indeed, if we try
to achieve integration or interoperation of large and

disparate information systems, the current standard
approach of creating large-scale shared knowledge
will hardly scale up to the size of the (semantic) Web,

and is also conceptually problematic because in our
opinion knowledge is never context-fré&¥aacoubi

concept’s hierarchies,

e We propose amapping algebrathat can be in-
tressent to realize schema transformations.

The paper is structured as follows : Section 2 presents
logical constructs for generalization hierarchies. In
section 3, we present our semantic-based approach for
interoperability, we describe the first version of the
SEM-INTEROP algorithm. Finally, Section 4 con-
cludes the paper and identifies future works.

2 BASICS OF THE APPROACH

and BenAhmed, 2003; Stocemer and Stecher, 2005),

and can thus never be perfectly shared.

In this work, our objective is to propose a com-
plete approach for the semantic integration of Gen-
eralization Hierarchies. We adapt previous results
on schema and ontology integration (ontology fu-
sion, ontology mapping, ontology alignement for a
survey, see (Wache et al., 2001)) to tackle different
kinds of heterogeneities one might encounter during
the interoperation of information systems. Indeed, we
think that the semantics of schema models is not ex-
plicit but is hidden in their structures and label’s con-
cepts. Given a set of generalization hierarchies, our
approach gives much emphasis semantics added-
valueby "emerging” the intended informal meaning
of their concepts through mapping them to Wordnet
ontology, but also through interpreting their structural
position.

The aim of this paper is to describe an algorithm
to analyse the implicit knowledge in order to pro-
vide correct mappings between concepts. First, we
propose a logical formalization of class hierarchies.
Thus, we provide a rigorous logical framework for
representing and automatically reasoning on general-
ization hierarchies except their formalism (UML, ER
diagram, etc). The SEM-INTEROP algorithm per-
forms two main steps semantic interpretatiomnd
semantic comparaison

Compared to other related works, our proposal falls
within the scope of approaches that aim at defining a
formalism or methodology to specify and use inter-
schema correspondences. We can assume that an in
tial set of inter-schema correspondences given by the
designer, however we don't consider the subject of
qguery reformulation, which is out of the scope of this

paper. The proposal contributes to the area of research

on the following original topic :

e A semantic interpretation approach combining lin-
guistic, structural and contextual knowledge is pro-
posed in order to be able compare semantically

Wordnet is available at http://wordnet.princeton.edu.
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Let us first clarify our terminology. In the litterature,
we identify four levels of abstractions. At the bottom
level we have actuatlata (or instance} organized
according to a variety of (semi) structured formats
(relational tables, XML documents, HTML files, sci-
entific data, and so on). At the second level we have
schemeswhich describe the structure of instances (a
relational schema, a DTD, an XML schema or one of
its dialects, etc.). Then, we have different formalisms
for the description of schemes that we calbdels
(e.g. conceptual model like the ER model or UML
class diagram). Finally, we use the temetamodel

to mean a general formalism for the definition of
various models. Specifically, metamodeis made

of a set of metaprimitives Each metaprimitive
captures a class of constructs of different data
models that share a common characteristics or, more
precisely, that implement, possibly with different
names, the same basic abstraction principle (Torlone
and Atzeni, 2001). Examples of metaprimitives :
class, attribute, definition domain, relationship, gen-
eralization, disjoint union, key, foreign key, and so on.

Here, we introduce more specifically and formally
the terms of our problem. As conceptual model, we
opt for Generalization— its inversespecializatior
Hierarchies. We propose a logical formalism that al-
lows us to uniformly represent heterogeneous hierar-
chies.

Definition 1 (Generalization hierarchy) We define
' class hierarchyH as a triple(C, £,8):

e C is a finite set of classeg,={¢;}, each class;

is characterized by a name and a set of attributes,
¢i=(n¢,, A(c;)). Each attributea;, € A(c;), with
h=1,...,nis defined as a paig;, ={ np, dy ), where

ny, is a name andl;, is the domain associated with
ay, respectively.

£ is a set of arcs o, for instance£ is a set of

subsumption relationshipg § A relationships) be-
tween classes.
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e ® is a logical interpretation ofH which make ex-  Example 2 | SA (Plane, JetPlane)
plicit all the knowledge like attributes, values do- |SA (Plane, HelixPlane)
mains or constraints embeddedkhby means ofa  ISA (Plane, CivilPlane)
consistent logical formulation. We assign to each |SA (Plane, militaryPlane
parent class an AND/OR logical formulae express- | SA-ASSERT (Plane,{JetplaneXOR Helixplane; | J
ing constraints among instances of child classes. {Civilplane XOR militarplane})

Informally, one can use generalizatiorbetweentwo  Example 3 Referring to figure 2, we can define the
classes to specify that each instance of subclass is alsdollowing predicates considering; as a subclass
an instance of the superclass. Hence, instances of thexf C;, andC; (respectively ta’s,):

subclass inherit the properties of the superclass, but| SA(C,3, C)

typically they satisfy additional properties thatin gen- |SA(C,3, Cs)

eral do not hold for the superclass. Figure 1 shows | SA-ASSERT(C,3, C13 C C; A Cs)

a generalization hierarchy example represented with

the Unified Modelling Language (UML) construéts

{covering} |

{Disjoint} ‘ |
[ MilitarPlane | [ CwilPlane | [cr ] = |
————— 1 ! 1 I ] [ | [ | ¥ 1
[ ] [ 1 L | L | [awsr | 1
v
Figure 1. Example of an UML generalization hierarchy.

In our approach, a class generalizing a clas§,
can be captured by means of the following logical as-
sertion :

ISA(C1,0) = ¥ =, Ci(z) C C(a) Figure 2: Multiple level hierarchy.

With regard to generalization hierarchy, semantic
constraints related to the intersection of the sibling

Jet Plane

Disjointness and complete constraints are in prac-
classes— that is, classes having a common superclasice the mostly commonly used constraints in gener-
alization hierarchies. Finally, we may express addi-

—are often proposed, allowinggffie notiogs of dijoint tional constraints specifying for example restrictions
and completeness constraints to be introduced. In par- ) P 9 P
on domain values.

ticular, a generalization is disjoint or overlapping de-
pending on whether the intersection of the siblings _ _ o .
classes is empty or not, respectively. These con- The logical formulationof generalization hierar-

straints may be captured by means of the following chies allows us to go far beyond. However, this logi-
logical assertions: cal formulation must beonsistent

ISA-ASSERT(C,[Constraint]) Consistency of generalization hierarchieGener-
alization hierarchies isonsistentif its classes can be
populated without violating any of the constraints. By
exploiting this logical formalization, the consistency
of the hierarchy can be checked by checking the satis-
Vi=1,...,n,C; XOR C5..XOR C,, = V z, Ci(x) D fiability of the corresponding knowledge base (logical

Disjointnessconstraint amond’y, Cs,..., C,, can
be expressed by the following predicate and assigned
to the superclass':

Nicgi.npi ~ Ci(x) assertions).
Thecompleteconstraint expressing that each instance  Class subsumptionA classC, is subsumedy a
of C'is at least one ofy, ....C', is expressed by : classC, if, whenever the constraints imposed by the
generalization hierarchy are satisfied, the extension of
Va,C(x) D Vi_, Cj(x) (1 is a subset of the extension 6%. Such a sub-
1 ]:

_ _ — ) ) sumption allows one to deduce that propertiesor
Referring to figure 1, specific constraints hierarchy hold also forCs.

can be captured by means of logical expressions: ) ) )
Class equivalence.Two classes arequivalentif

2see the last specificaion of UML on they denote the same set of instances whenever the
http://www.uml.org constraints imposed by the generalization hierarchy
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are satisfied. Determining equivalence of two classes
allows for their merging.

In the next section, we describe our interoperaliza-
tion approach that is based on logical formalization
and also on linguistic and contextual knowledge.

3 INTEROPERALISATION

APPROACH

We have seen in the previous section how a logical
formulation can be associated to a given hierarthy

based on constraints expressed in conceptual models

Indeed, any model has no meaning in isolati@mly
through a semantic space (e.g. domain ontology) are
its elements are linked to context, language, situa-
tion, actor, role, etc® The semantic space represents
knowledge on a domain, while each model asserts a
single proposition related to a specific context.
Commonly with (Bouquet et al., 2004), we can iden-
tify at least three distinct levels of knowledge which
can used telicit a schema'’s semantics:

o Lexical knowledgeknowledge about the meaning

of words used to label classes and attributes. In-

deed, word senses can be automatically generated

from a Lexical Knowledge Base (LKB). Wordnet
(Fellbaum, 1998) has been adopted in the current
work because it is the largest repository of word
senses and semantic relations currently available.
However, Wordnet could be replaced by another
combination of a linguistic resource and a domain
knowledge resource.

Structural knowledge.Knowledge deriving from
the arrangement of classes in the generalization hi-
erarchy. Instead, our analysis considerithelicit
information deriving from the structural relations
with other concepts of the hierarchy.

Domain knowledge. Knowledge describing the
logical structure of a specific domain, its concepts
and the relations between them. For instance,
Wordnet assigns a domain label (etgurism zo-
ology, sport etc.) to most synsefs.

In the current version of the algorithm, SEM-
INTEROP takes two generalization hierachtésand
‘H2 as input and returns mappings between their struc-
tures. The algorithm performs the following main

3Adapted from Sowa,& conceptual graph has no mean-
ing in isolation. Only through the semantic network are its
concepts and relations linked to context, language, emotion,
and perceptioh

“Wordnet 2.0 also provides domain labels. However,
we preferred the lable data set described in (Magnini and
Cavaglia, 2000)
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steps:Semantic InterpretatioandSemantic Compar-
ison

3.1 Semantic Interpretation

In this phase, we make explicit the meaning of each
class based on a linguistic interpretation. Compared
with other approaches to schema matching such as
(Madhavan et al., 2001; Bergamaschi et al., 1999), we
do not limit ourselves to a linguistic analysis of labels.
Instead, we extend this analysis by considering the
implicit knowledgederiving from thecontextwhere

the class appears. Then, we interpret constraints like
Disjointness Covering negationin order to exhibit
new abstractions of classes.

Linguistic Interpretation. Let H be a generaliza-
tion hierarchy, and are classes occurring . Each
classc; € H are described by labels, which in turn are
composed by words and, possibly, separators between
them. We define the lexicon of a given hierarchy
asL={ly, ls,...1, } be a valid set of labels belonging
to an hierarchyH. The process of interpretation as-
sociates the appropriate WordNet synSgtto each
labell, in L. So, the sense & is defined as:

S(L)={ Si || Si € Synseiy), I € £ }

where Synsed;) is the set of senses provided by
WordNet for a labell,. For instance, $lang=
{{Airplanet#l}, {Shee#2}, {stagef3}, {planing ma-
chine#4}, {Carpenter’s plan#5} }.

Contextualization. Contexts appear in many dis-
ciplines as meta-informations to characterize the spe-
cific situation of an entity, to describe a group of con-
ceptual entities, and to partition a knowledge base into
manageable sets or as a set of logical constructs to fa-
cilitate reasoning services (Dey and Abowd, 1999). In
the current work, we make use of the following meta-
level properties (Guarino, 1998X.YPE, for synsets
representing rigid properties e.gparson ROLE, for
synsets representing anti-rigid properties stgdent
andATTRIBUTION , for synsets representing possible
values of attributes e.gemployege as an attribute-
value foractivity. These semantic constructs allow us
to expresgContextualized Concept®nsidering their
structural and contextual features in terms of logical
assertions.

Example 4 An employeds a person who has a role
of a worker and has necessary a salary.

Employee(x) := Person(X)1 (3 Role(x).worker)1
(3 Attribution(x).Salary)1 (- Employer(x))

A studentis a person who has a role of a learner
and is enrolled in one level.
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Student(x) := Person(X)1 (3 Role(x).learner)1 (3
Attribution(x).levely1 (3 Enrolledin(x).level)

An Adult Citizenis a person who take an active role
and he is an adult person.

Adult Citizen(x) := Person(x)1 (3 Role(x).Activity)

m (3 Attribution(x).Adult) m (= Attribut-
ion(x).Juvenile)
Implicit Constraints Interpretation. Implicit

structural constraints can lead to derive new classes.

We may distinguish two forms of mappingsclas-
sical mappingand rule-based mapping The first
form is widely used to express semantic relations be-
tween classes that aeguivalence mappinglisjoint-
ness mapping

Example 6 (Classical Mappings)

Voiture(x)=- Car(x)

Car(x) = Voiture(x)

Male(x)= — Female(x)

A rule-based mapping can be used to represent com-

For instance, covering constraint is interpreted as aPlex mappings such as generalization/specialization

meetoperation among classeg)(the resulting class

mappings.

represents the greatest common lower bound, possi-Example 7 (Rule-based Mapping)

bly equal to | — the least element in the hierarchy.
We may obtain a semi-lattice as illustrated in figure
3, considering:

e IS A relationship as a partial order relation that is a
reflexive, antisymmetric and transitive relation,

e Existence for each pair of classes a greatest com-

mon lower bound.

Person Vehicle
Emol \5-1:1.1dent / \
mpioyee Car Plane

Worker-student //
1

Figure 3: A semi-Lattice structure.

CarOwner(x)=- Person(x)r (Attribution(x).Car)m
(Role(x).Owner)

Mapping Algebra. Unfortunately, a few number
of research works propose mathematical foundations
for the mapping problem. Mapping classes belonging
to different hierarchies is important but not sufficient.
Depending on these mappings, how we can restruc-
ture internal organisation of given hierarchies to ob-
tain the 'Interoperation structuréthat represent their
greatest common lower bound. For example, Con-
sidering hierarchies as a partially ordered sets, they
can be considered to be equivalent, if there exists a
bijectivefunction between these sets which does also
preserve the order (i.e. whichiisonotonig. In this
case, being monotonic means that a function respects
the internal structure of partially ordered sets, while
bijectivity indicates the equivalence of two ordered
sets. Structure-preserving functions are a typical im-
plementation of what is calledraorphism

Two partially ordered setq andH  areequivalent
or isomorphwhenever there is a monotone function

f: H — M that has a monotone inverse, i.e. for
which there is a monotone functign H — H with

Conjunction between classes may be expressed ing o f =id,, andf o g =idy. We call a morphism an

a logical formulae, for instance \Worker-student :=
Employee Student

3.2 Semantic Comparison

Intuitively, the problem of semantic interoperabil-

ity arises when one needs to find relations between

classes belonging to distinct (and thus typically het-
erogeneous) hierarchies. Formally, we define the
problem of semantic interoperability as the problem
of discovering mappings between classes in two dis-
tinct hierarchies and* :

Definition 5 (Mapping) A mappingM fromH = (C,

E®)toH =(C, & @) isafunctionM: C x C' —
R, whereR is the set the possible relations.

isomorphism if it has a (necessarily unique) inverse
morphism.

For thus, We may develop a mapping algebra in-
cluding operators such a$=join (Semantic Join)s-
meet(Semantic meet)S-Project (Semantic Projec-
tion).

4 CONCLUSION AND FUTURE
WORK

In this paper, we have provided a formal semantics
for generalization hierarchies and then used that for-
mal framework to explore a number of linguistic and

semantic issues crucial for interpreting the knowledge
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