Exploiting WordNet as Background Knowledge
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Abstract. A lot of alignmentsystemsproviding mappingsbetweerthe concepts
of two ontologiesrely on an additionalsource,called backgroundknowledge,
representedmost of the time by a third ontology. The objective is to
complemenbtherscurrentmatchingtechniquesin this paper,we presenthe
difficulties encounteredvhenusingWordNetasbackgroundknowledgeandwe
show how théraxoMapsystem we implemented can avoid those difficulties.

1 Introduction

In order to identify mappingsbetweenthe conceptsof an ontology, called the
sourceontology(Og,o, With conceptf anotherone, calledthe targetontology (Or.,,),
a lot of recentworks use additional descriptions,called backgroundknowledge,
representedy a third ontology Og [1,2,9,4,7,8,10].The commonobjectiveis to
complementurrentmatchingtechniquesvhich may fail in somecases Someworks
as[1,2,10] assumethat ontology alignmentcan rely on a unique and predefined
ontology that coversa priori all the conceptsof the ontologiesto be matched.
Conversely,other works [9] supposethat theredoesnot exist a priori any suitable
ontology.Hence theirideais to dynamicallyselectonline availableontologies.In this
paper,we presentthe difficulties encounteredvhen using WordNetas background
knowledge,in particularthe misinterpretationproblem coming from the different
sensesof a term, and how the TaxoMap systemwe implementedavoids these
difficulties. The solutionthat we proposeaimsat limiting the meaningsof the terms
involved in a match. Experimentalresultsare given and the increaseof precision
obtained with a limitation of the senses of the terms is shown.

2 Use of WordNet

WordNetis an online lexical resourcefor English languagethat groupssynonym
termsinto synsets.eachexpressinga distinct concept.The term associatedvith a
conceptis representedn a lexicalizedform without any mark of genderor plural.
Synsetsare relatedto eachother with terminologicalrelationssuch as hypernym
relations. WordNetcanbe usedfor ontologymatchingin severalways.A first way is
to extendthe label of a conceptwith the synonymsin WordNet belongingto the
synsetof eachterm containedin the label [3]. Anotherway is to exploit WordNet
restrictedto a concepthierarchyonly composedof hypernymrelations.Given two



nodesin this hierarchy,equivalenceelationcanbe inferredif their distanceis lower

thana giventhreshold4]. Otherworks computesimilarity measure$5,6,8]. This last

approacheadsto relevantresultswhenthe applicationdomainsof the ontologiesto

be mappedarevery closeandtargeted Converselyresultsare muchlesssatisfactory
when applicationdomainsare larger. Indeeda term can belongto severalsynsets.
This leads to misinterpretations and false positive mappings.

We illustrate this problemwith resultscoming from experimentgerformedwith
TaxoMap[8] on the taxonomiesRussia-A(Oq,) andRussia-B(Os,) loadedfrom the
Ontology Matching site [11]. Both taxonomiesdescribeRussiafrom different view
points but Russia-Bcontainsextra information on the meansof transport.Fig.1
representshe WordNet subgraphthatis exploitedin the searchof the termsof Oy,
(greycirclesin Fig.1)the mostsimilar to the termsin Og, (white circlesin Fig.1) that
denotevehicles.As notermin Oy, correspondo meansof transportall termsin Og,,
that refer to vehicleswill be relatedto OBerlin(y term belongingto three synsets
respectively corresponding to a city in Germany, a musician and a kind of car.
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Figure 1. WordNet sub-graph.

To avoid this problem,the TaxoMap systemrelieson a limitation of the sense®f
the termsin WordNet.It performsa two-stepprocess:a sub-treeis first extracted
from WordNet, which only correspondgo the sensesassumedo be relevantto the
domain of the involved ontologies. Second, mappings are identified in this sub-tree.

2.1 Extraction of a sub-tree relevant to the domain from WordNet

The extractionof a sub-treestartswith a manualphaself the applicationdomainsof
the ontologiesto be mappedare close and targeted,an experthasto identify the
concept,notedroot,, that is the most specializedconceptin WordNet which
generalizesll the conceptsof both ontologies.If the targetontologyis relativeto
severaldistinct applicationdomains the experthasto identify severalroot nodesin
orderto coverall the topics. Then, the extractionof the relevantsub-treeneedsthe
searchof relationsbetweenall the conceptsn O;, andin Og, not yet mappedand
root,. Hypernymsof eachconceptare looked for in the WordNet hierarchyuntil
root,, or oneof the WordNetroots,is reachedFor example a searchon cantaloupe will
result in these two following derivation paths:

Path 1: cantaloupe ! gourd !

Path 2: cantaloupe ! edible fruit !

sweet melon! melon ! organism !

food

plant !
green goods !

Living

sweet melon! melon !



The pathsfrom the invokedtermsto theroot, (foodin the example)will only be
selectedbecausehey representhe only accuratesensedor the application. That
way, a sub-graphdenotedT,,, is obtained.It is composedodf the union of all the
conceptsandrelationsof the selectedpaths(cf. Fig. 2). The T,,Osootis the concept
the mostgeneralin the application root,, leaf nodescorrespondo the conceptof the
ontologiesto be mapped(circlesin Fig.2), middle nodeshave beenextractedfrom
WordNet but possibly belong to one of the two ontologies too.

Xy : Cantaloupe — sweet melon — melon — edible fruit — green goods — food
Y, : Water melon — melon — edible fruit — green goods — food
__ food

green goods \

edible fruit >
melon —— vegetable @
sweet melon — / / \ Yoo Yo
Sre

Figure 2. An example of sub-graph,, where the root is food

'X'Sm: Asparagus — vegetable — green goods — food

In the Russiaexperimentthe chosenroots (Location, Living Thing, Structure andBody
of water) coveringall the topicsof Oy, arenot hypernymsof termsin Og, relativeto
vehiclesandno derivationpathcomputedirom thesetermsis retained Missing terms
arepreferredover misinterpretations Recall of matchingprocesswill be smallerbut
precision higher.

2.2 Mappings identification

Identification of relevantmappingsconsistsof discovering,for eachconceptin
O the closestconceptin Oy, thatis its ancestorandthat belongsto its derivation
pathrootedin root,. So, from the sub-graphin Fig.2, the mapping(asparagus iSA
vegetable) canbe derived.That procesgdoesnot allow the discoveryof mappingsfor
cantaloupe becausenoneof its ancestomodesis a conceptin Or,. All are middle
nodes coming from WordNet. However, it should be very interestingto map
cantaloupe t0 Watermelon becausehey are two specialization®f melon, so very close
semantically. Sucha mappingcan be derived using a similarity measurebetween
nodesof Ty,. Thereis evidencethat correspondencediscoveredthanksto such
measuresannotbe usedto derive Osemantic@appings(asisA or Eq relation)which
havea clearsemanticand which could thenbe automaticallyexploited[8]. But there
is alsoevidencethatit would be a greatpity notto exploit discoverednformation.So,
we proposeto retain suchrelationswhich will be labelled @sClos&as OpotentialO
mappings for which an expert evaluation will be necessary.

Consequentlythe choicein TaxoMap is to discover,for eachconceptXg,. in Og,
not yet mapped,the conceptYs,, in O+, thatis the most similar accordingto a
similarity score.From that correspondenceve derive the potential mapping (Xg;.
isCloseYs;,). Thenwe extract,aswe mentionedbefore,the setof semantionappings
in Ty If @ conceptYy,is linked to the sameconceptXg,. bothin a semanticandin a
potentialmapping,only the semanticmappingis retained.For example the concept



vegetable in Or,, beingthe conceptthe mostsimilar to the conceptasparagus in Og,,
we derivethe potentialmapping(asparagus iSClosevegetable). However, the semantic
mapping (asparagus iSA vegetable) can also be derived. We will then consider that this
semantic mapping will be the only retained one. On the opposite, as no semantic
mapping has been derived for the concept cantaloupe, the potential mapping
(cantaloupe isCloseWatermelon) will be retained.

3 Experiments

Different experiments have been performed in the micro-biology domainand on
taxonomies used for tests in the Ontology Matching community [11]. All these
experiments showed that if the application domain is too large, we can not use a
unique root. Indeed, in that case, the concept in WordNet which is an hypernym of all
the concepts to be mapped, is too general (entity)and T,y is too big. It is composed of
all the nodes in the WordNet hierarchy without any restriction. Several meanings are
mixed. This leads to the derivation of non relevant mappings.

We give results obtained with the Russia taxonomies. As we see in Tab. 1, with a
single root (Entity) our technique has derived 61 is4 and 15 isClose mappings among
162 terms in Russia-B not yet mapped by others techniques (370 terms were to be
mapped at the beginning). As no reference mappings were delivered, the results have
been evaluated manually. Only 29 out of 61 is4 mappings and 8 out of 15 isClose
mappings were correct. In particular, all mappings relative to vehicle are false (cf.
F1G.1). A significant increase of the precision of the found mappings has been
obtained when several roots have been specified. In that case, several distinct sub-
trees are built in the same time, one per sub-domain. Four roots have been identified:
Location, Living Thing, Structure andBody of Water. Then 35 is4 and 11 isClose mappings
have been derived. 29 out of 35 is4 mappings and 9 out of 11 isClose mappings were
correct. In particular, all geographic mappings relative to towns, countries, regions
and rivers were relevant. Even though the same number of correct is4 mappings (29)
appears as the results of the two experiments, these mappings are not all the same. For
example, the (alcohol is4 drink) mapping is not identified in the second experiment
because the concept drink of Or,, is not covered by the chosen roots. On the opposite,
the (pine is4 plant) mapping is identified whereas without senses limitation the
incorrect (pine isA material) mapping was found.

with (‘E:Q g/l)e root With severakoots
#isAmappinggound(relevant) 61(29) 35(29)
#isClosemappinggound (relevant) 15(8) 11(9)
Total Numberof mappinggrelevant) 76(37) 46(38)
Recall(Precision) 0,23(0,49) 0,23(0,83)

Table 1 Number of found mappings among 162 terms in Russia-B not yet mapped




A more precisechoice of the roots would very probablyincreaserecall. In our
applicationcontext,astheidentificationstepof the rootsin WordNetcanbe donejust
in referenceto Oy, this taskis only performedonceandthe identified rootswill be
exploited whateverthe taxonomiesof information sourcesto be alignedwith O,
might be. Henceit is worthwhile to pay attentionto this identificationstep.Our first
resultsare alreadypromising. Yet we think they could be evenbetterwith a more
precise choice of the roots.

4 Conclusion

So, in conclusionthe use of external backgroundknowledge can be very
interestingwhen the contextof interpretationof the involved conceptsis precisely
known. It allows the obtentionof semanticrelationsand so overcomesthe major
limitations of syntacticapproacheswWordNetis often usedas backgroundresource.
However,the drawbackis thatit is difficult to getrelevantinformationif the meaning
of the searchedermsis not known. The resultsof our experimentsusing WordNet
indicate that our approachbasedon the definition of multiple rootsis a promising
solution whenthe domainof the backgroundknowledgeis too large. Whateverthe
domain,the sub-treegroupingtermsrelevantto the applicationcanbe extractedfrom
WordNetwith our system We showedhow semanticnappingswhenthey exist, can
be found in this sub-treeand how, when they do not exist, meaningful proximity
relationships can be found instead.
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