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1. Introduction

The Internet has made it posgble to access huge amourts of information from
different places al over the world. This posshility has gimulated a growing demand
for understanding how to integrate multiple and heterogeneous knowledge sources.
This field of research aims to reagnise and combine relevant knowledge so as to
provide aricher understanding of a particular domain. The integration is particularly
valuable if it enables the communicaion between dfferent sources while dlowing
them to maintain their autonamy. The problem of integrating heterogeneous resources
has been addressd in the literature dthough relatively few research efforts have
focused on heterogeneity between resources other than databases (such as knowledge
bases and constraint solvers). Deding with knownledge sources of diverse nature
requires the development of specific techniques. Ontologies have been developed to
make knowledge sharing and reuse possble acrossdomains and tasks (Gomez Pérez
and Benjamins, 1999. Their role is to make (differences in) semantics explicit. An
ontology is "a logicd theory accourting for the intended meaning of a forma
vocabulary, i.e. its ontologicd commitment to a particular conceptualisation o the
world" (Guarino, 1998. Ontologies can provide a ommonly agreed urderstanding of
a domain that can be reused and shared across ®veral applications.
Among the various approaches for the integration d heterogeneous ources presented
in the literature we focus our attention onthe structure of multiple shared ortologies
as presented in (Visser and Tamma, 1999. This architecture aggregates multiple

shared ortologies into clusters, so as to oltain a structure that is able to reconcile



different types of heterogeneity and is also intended to be more @nwenient to
implement and give better prospeds for maintenance and scaling. Furthermore, such a
structure is thought to avoid information loss when performing translations between
diverse resources. This paper discusses the feasibility of semi-automatic ontology
clustering in order to oltain such a structure. More particularly, the paper investigates
the possbility of adapting some machine learning (ML) techniques that have been
developed for the unsupervised leaning problem, such as conceptua clustering
(Michalski and Stepp, 1983 in order to buld bah clusters of ontologies and the

intermediate ontol ogi es describing them in a semi-automatic fashion.

The paper is dructured as follows. sedion 2 hghlights different approades for
knowledge sharing in the literature and introduces our approach. Sedion 3 pesents
the ontology clustering architecture and sedion 4 describes the knowledge model
used to represent ontologies. Section 5 gesents an overview of the ML techniques
while sedion 6investigates the problems that arise when trying to cluster ontologies
In a semi-automatic fashion. Finally, in sedion we 7 draw conclusions and present

open problems and future work.

2. Multiple shared ontologies for knowledge sharing

All approaches for knowledge sharing are based on cetain mapping functions
performing the trandations between the ontologies (shared or not). Concepts can be
shared between dfferent resources if an appropriate mapping function can be found
that transates a mncept understood by one resource into a mncept that is understood
by ancther resource. This is the minimal requirement for two resources to share

knowledge.

The integration d heterogeneous urces can be acomplished withou an
intermediate ontology in a so-called *one-to-one’ approach. In such an approac each
ontology has an assciated set of trandating functions to allow the communicaion
with the other ontologies. This technique is used in the OBSERVER system (Mena et
al., 1996, where trandations of concepts from a source ontology into a destination
ontology are accomplished by defining appropriate mapping functions. The gproacd

seansfeasible only if there ae afew ontologies (resources) asit isnat easy scalable.



Many architectures to integrate resources comprise a single shared ontology, an
example is given by InfoSleuth, (Bayardo, et al., 1997) and by the first KRAFT
architecture (Gray et al., 1997). Whether such an approach is feasible depends on the
case a hand (Shave, 1997; Visser and Tamma, 1999; Visser and Cui, 1998).
In contrast to an approach in which all resources share one ontology we here propose
to locate shared concepts in multiple but smaller shared ontologies. This approach,
which is thought to be more flexible and scalable, is referred to as ontol ogy-based
resource clustering, or shortly, ontology clustering (Shave, 1997). Resources no
longer commit to one comprehensive ontology but they are clustered together on the
basis of their similarities in conceptualising their domains. This idea has been used in
a small experiment conducted with a telecommunications business process (Visser
and Cui, 1998). More generally, multiple-ontology architectures are currently being

investigated by our team.

3. Ontology Clusters

Ontology clustering is based on the similarities between the concepts known to the
different resources, where each resource represents different aspects of the domain
knowledge. Since our resources need to communicate in a sensible fashion they are all
supposed to be familiar with some high level concepts. We group these conceptsin an
ontology rooted at the top of the hierarchy of ontologies. As it describes concepts that
are gspecific to the domain and tasks at hand we refer to this ontology as the
application ontology (following Van Heljst et al., 1997). These concepts are reusable
within the application but not necessarily outside the application. The concept
definitions in the application ontology are chosen from an existing top-level ontology,
which in our caseis WordNet (Miller, 1990). The application ontology thus contains a
relevant subset of WordNet concepts. For each concept one or more senses are

selected, depending on the domain.

If some resources share concepts that are not shared by other resources then this leads
to the creation of two (or more) sibling ontologies. Each sibling is a consistent

extension of its parent ontology, but heterogeneous with respect to its peers.



A cluster is referred to as a group of consistent ontologies (possibly one) in our
structure and is described by an ontology which is shared by those composing the
cluster. Both ontology clusters and ontologies within each cluster are organised in a
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Figure 1 The structure of multiple shared ontologies

hierarchical fashion where each sibling cluster specialises the concepts that are in its
parent cluster. The lower level clusters have more precise concept definitions than the
higher levels, making the latter more abstract. Figure 1 illustrates this structure, where
Loca Ont. are the local ontologies, Shared;, is the ontology shared by the local
ontologies 1 and 2 and analogously Shareds, is the ontology shared by the loca

ontologies 3 and 4. Shared;, and Application is an example of acluster.

4. The knowledge model

The knowledge model used to represent the ontology plays a crucia role in the
approach as it provides the elements that are needed for (semi-)automatic clustering.
The knowledge model we propose is frame-based (Minsky, 1991) and it can be
considered as an extension of OKBC (Chaudhri, 1998). Our model is based on
classes, dots, and facets. Classes correspond to concepts and are collections of
objects sharing the same properties. Classes are hierarchically organised and linked by
is-a links. Members of the classes are described in terms of attributes, that is dlots,
which are attached to each class. Sots can either be sets or single values. A dlot is
described by a name, a domain, a value type and by a set of additional constraints,
here called facets. Facets can contain the documentation for a slot, constrain the value
type or the cardinality of a slot, and provide further information concerning the slot.
More particularly, our framework has additiona facets which facilitates the

characterisation of attributes by describing both the domain and the attribute



properties (for example whether there is an order relation ontheir domain) as well as

the dtribute’ sbehaviour (for example whether the dtribute danges its value regularly

begin-ontology Italian-coffee begin-ontology Dutch-coffee
description “concepts used in preparing coffeein Italy” description “concepts used in preparing coffeein The
Netherlands’
concept: drink
subtype_of: liquid concept: drink
slot: necessary-ingredient subtype of: liquid
value-type: substance cardinality: 1+ slot: ingredient
slot: preparation-method value-type: substancecardinality: 1+
value-type: preparation-method cardinality: 1 dlot: redpe
end-concept value-type: redpe cardinality: 1
concept: powdered-coffee end-concept
subtype_of: solid concept: groundcoffee
end-concept subtype of: substance
concept: espreso end-concept
subtype_of: drink concept: Dutch_coffee drink
slot: ingredient subtype_of: Coffee drink
value-type: powdered-coffeecar dinality: 1 slot: coffeeingredient
dlot: coffeemaker value-type: groundcoffee
value-type: espresso-maker car dinality: 1 cardinality: 1
end-concept dot: coffeemaker
concept: espreso-maker value-type: e ectric-coff eemaker
subtype_of: kitchen-tool cardinality: 1
slot: produces end-concept
value-type: espresso car dinality: 1+ concept: eledric-coffeemaker
slot: water-reservoir subtype_of: kitchen-appliance
value-type: water-reservoir car dinality: 1 slot: makes
dot: filter-and-coffeeholder value-type: Dutch_coffee _drink
value-type: filter-and-coffee-holder cardinality: 1 cardinality: +
slot: coffeereservoir value-type: coffeereservoir slot: water-reservoir
cardinality: 1 value-type: water-reservoir
end-concept cardinality: 1
slot: paper-filter-coffee-container
end-ontology value-type: filter-and-coffeeholder
cardinality: 1
slot: jug
value-type: jug cardinality: 1
end-concept
end-ontology

Figure2: An example of similar ontologies described using the proposed knowledge model

in time or depending on the occurring of some event). Both these descriptions are
used in the dustering. Two examples of ontologies described using this knowledge
model are presented in Figure 2. The ontologies describe afragment of the wmffee
making domain in two courtries, here Italy and The Netherlands (after Visser and
Tamma, 1999. The fragment ill ustrates the semantic mismatch between the mncept
coffee in bah cultures. Although in the example both concepts have been trandated

into English their semantic dissmil arity remains apparent.



5. Conceptual clusteringin ML

Assuming that a feasible approach to knowledge sharing is the structure of ontology
clusters described in section 3, here the question considered is whether some phases
of the creation of such a structure can be automated. We assume the availability of a
top-level ontology (WordNet) and individual resource ontologies and want to
investigate means to automatically generate the intermediate ontologies and their
clustering (cf. Fig 1). Our am in this section is to describe problems arising when
applying various machine learning techniques to create such structure (cf. fig 1).
Presently, is not realistic to believe that such a task could be performed completely
automatically. However, we try to analyse how other disciplines have dealt with the
problem of obtaining automatic classifications and borrow some ideas in order to
attempt the (partial) automation of the task. The motivation behind semi-automating
the process of generating the intermediate ontologies is scalability: Using a structure
of multiple shared ontologies to achieve knowledge sharing makes the architecture
easy scalable. Resources can join and leave the system at any time and when a new
resource joins the architecture it does so by referring to the shared ontology which is
closer to the resource’s way of conceptualising the world. This means that the shared
ontologies have to respond dynamically to the joining or the leaving of a resource.
This paper proposes to use a ML technique, more specifically conceptual clustering
(Michalski and Stepp, 1983), to partially automate the generation of the intermediate

ontologies.

In the Artificia Intelligence field, the classification problem has been widely studied
in inductive learning, Categorisation (better known in machine learning as clustering)
iIsaform of learning by observations that aims at grouping objects into classes (called
clusters). In order to decide how clusters should be built, a measure to evaluate the
similarity between objects has to be provided. Clusters are well formed if the intra-
class similarity (similarity between objects belonging to the same class) is high and
the inter-class similarity (similarity between objects belonging to different classes) is
low. However, having an aggregation criterion is not enough to have a good
categorisation or taxonomy. In fact classes should also have a simple conceptua

description (characterisation) which makes them easy to interpret. Thisis the am of



that area of machine learning called conceptual clustering (Michalski & Stepp, 1983).
Clusters have logically disoint descriptions and optimise a given quality criterion.
The process of building clusters of ontologies can benefit from the use techniques
developed for conceptual clustering in order to semi-automate the two phases of the
clustering, that is the aggregation phase when ontologies that are deemed similar are
grouped together and the characterisation phase which permits to generate a
description for the cluster that can become the intermediate ontol ogy.

Many conceptual clustering systems have been reported in the literature. Most of
them operate top-down (divisive approach), by recursively partitioning the initial set
of observations: CLUSTER/2 (Michalski & Stepp, 1983), UNIMEM (Lebowitz,
1986), COBWEB (Fisher, 1987) and its extension CLASSIT (Gennari et al., 1989),
LABIRYNTH (Thompson & Langley, 1991). Some bottom-up clustering algorithms
have also been designed (aggregative approach), such as those implemented in the
systems WITT (Hanson & Bauer, 1989), KBG (Bisson, 1992), and PY RAMID (Brito,
2000). All these systems work only for zero-order representations, that is vectors of
atribute-value pairs. The only two exceptions are CLUSTER/S (Stepp & Michalski,
1986) and KBG, which was developed in the frame of the ESPRIT project (2154)
Machine Learning Toolbox. In both cases observations are represented as
conjunctions of ground atoms. In particular, the KBG representation of observations
is based on entities, predicates, values and types. In KBG it is aso possible to express
some form of background knowledge, usualy represented as rules. The background
knowledge is used to saturate the initial observations: in this way information that was
implicit in the example, given the background knowledge, is made explicit
(Rouveirol, 1992).

Conceptua clustering agorithms working on first-order representations are important
in order to solve the problem of ontology clustering. Although aggregating similar
ontologies is an important aspect of the ontology clustering problem, it is not the only
one. Indeed, the hierarchical organisation of clusters suggests inheritance mechanisms
that enable the definition of common general concepts in the higher level clusters and
the specification of local conceptualisations of resources in the lower level clusters.
Therefore, it is equally important to characterise each cluster by associating a

description of the properties that are common to all ontologies in it. Our interest for



conceptual clustering methods is justified by their possibility of expressing such
cluster characterisation. Unfortunately, the knowledge representation in the ontology
case is more complex than the one considered in the classical conceptual clustering
approach, meaning that many conceptual clustering systems cannot be used to cluster
ontologies. First-order clustering systems seem to fit better the ontology clustering
problem, athough they still present some limitations, due to the fact that they have
been designed to aggregate the extensions of a concept, that is the set of its instances,
and not the intensional descriptions of concepts, as it is the case with ontology

clustering.

6. Some preliminary ideas on semi-automatic ontology clustering

The lessons learned about conceptua clustering provide useful insights on the
categorisation problem and can give hints on how to proceed in the attempt of
clustering ontologies. In the remainder we point out some of the difficulties that
emerge while trying to build ontology clusters and we try to highlight similarities with
problems already studied in clustering in order to see whether some conceptua
clustering technique can be adapted to solve those problems.
Ontology clustering might be considered as aform of conceptual clustering, where the
objects to classify are hierarchies of concepts. As for the classical conceptua
clustering, similarity between objects should not be context free (that is, it should
depend entirely on the properties of the objects whose similarity is being evaluated),
but it should be context sensitive. In ontology clustering context plays a crucia role.
Indeed, the main assumption behind clustering is that the ontologies to be clustered
are al representing knowledge about different aspects of the same domain, therefore,
there should be a way to permit communication between them, even if this
communication occurs a a high level of abstraction.
Ontologies are clustered on the basis of the similarity between concepts composing
them. As concepts are hierarchically organised, we can assume that if there is a
similarity between concepts higher in the hierarchy then the ontologies are similar.
However, evaluating the similarity between concepts is not a trivial task, because
concepts can be described by different attributes, therefore usual similarity measures,

which are based on comparison of the values taken by the same attribute in two



concept descriptions, cannot be used. Here we propose to evaluate the similarity
between concepts in different ontologies by evauating two aspects: the "semantic”
aspect and the "descriptive’ aspect. The semantic aspect evauates the semantic
similarity between concepts while the descriptive aspect bases the similarity

evaluation on the attributes used to describe the concepts.

Semantic similarity is a form of semantic relatedness using network representation, a
problem that received much attention in the artificial intelligence field (Quillian,
1968), (Collins and Loftus 1975). Rada et al. (Rada et al., 1989) suggest that
similarity in semantic networks can be assessed solely on the basis of the ISA
taxonomy, without considering other types of links. One of the easiest way to evaluate
semantic similarity in taxonomies is to measure the distance between the nodes
corresponding to the items being compared, that is the shorter the path between the
nodes, the more similar they are. This idea is inspired to some definitions of
dissimilarities defined for cluster analysis, namely ultrametrics, tree distances and
strong Robinsonian dissimilarities (Esposito et al., 2000). More precisely, an

ultrametric dissimilarity fulfils the ultrametric inequality:

d(ab) = max{ d(a.),d(c,b)}

where a,b and ¢ are nodes of the taxonomy in our case. It can be shown that an
ultrametric results from a hierarchical classification (dendrogram) of individuals, and
conversely by putting d(a,b)="the lowest level at which the objects a and b meet in
the dendrogram.” This bijection theorem provides a unique characterisation of
hierarchical classifications by ultrametrics. A tree distance, instead, characterises an
additive tree, i.e. atree T with n vertices and n-1 weighted edges. The dissimilarity
d(a,b) is then reproduced as the sum of the weights of all edges of the (unique) path
connecting two given vertices ab in T. Additive trees are widely used in the
reconstruction of phylogenetic evolutions, and might be useful in the context of
ontology clustering only if aweight is associated to each concept inheritance in order
to take into account the amount of inherited properties. Finally, Robinsonian
dissimilarities characterise pyramidal classification of individuas. The pyramidal

model generalises hierarchies by allowing non-digoint classes at each given level,



therefore Robinsonian dissimilarities should be considered only in the case of

overlapping concepts in ontologies.

The concepts in the top-level ontology provide the bases for evaluating semantic
similarity, indeed, the idea isto calculate the paths as those connecting the conceptsin
the resource ontologies to their nearest ancestor in the top-level ontology (Resnik,
1999). Unfortunately, we cannot completely rely on semantic similarity, as some
terms can have more than one meaning, given rise to problems of ontological
mismatches, as highlighted in (Visser et al., 1998). For this reason the semantic aspect
needs to be combined with the descriptive one. The evauation of the semantic
similarity provides a set of candidate similar concepts to which the descriptive aspect
Is evaluated. Once the candidate similar concepts have been determined, concept
descriptions are taken into account in the attempt to establish whether the attributes
can berelated either on the basis of the semantic similarity or the domain analogy. For
the semantic similarity evaluation concepts in the ontology are compared with
concepts in the top-level ontology (which is on top of the application ontology and
which provides the terminology to describe the concepts in the application ontology).
For the domain similarity, which evaluates the descriptive aspect, all the slots  facets
are compared. In summary, the similarity between concepts is a function of the
semantic similarity between the concept names and the similarity between the

attributes describing the concepts.

7. Conclusion and futurework

This paper describes the so-called ontology clustering approach to knowledge sharing.
In this approach ontologies are clustered together on the basis of the similarity they
show in the way they conceptualise their domain. More in particular, the paper
discusses preliminary ideas on how to obtain the ontology clusters in a semi-
automatic fashion. We deem our approach to be novel for two reasons. the idea of
using a set of heterogeneous and structured shared ontologies has not received much
attention in the literature on knowledge sharing, and we are not aware of any other
research effort which is trying to apply machine learning techniques to the knowledge
sharing. The approach presented in this paper is still being investigated, therefore
advantages and disadvantages of this approach can only be envisaged. The main



advantage is that this approach should permit not only to obtain in a semi-automatic
way the ontology clusters but aso the shared ontologies characterising the clusters.
One of the disadvantages is the heavy computational burden due to the evaluation of
both semantic semantic and descriptive aspect. As this approach is still a proposal
there are open problems to deal with, such as the evaluation of the similarity between
concepts in heterogeneous ontologies depending on the semantic and the descriptive
aspects. One of the main problems remains the discrepancy between ontology
research, which is predominantly first-order-logic based, and the core of the
conceptual clustering techniques, which are predominantly based on zero-order logic.
In future research we aim to clarify more in detail how the semantic aspect and the
descriptive aspects contribute to the evaluation of the similarity. To do so, a more

precise definition of the descriptive aspect is required.
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