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tOntologies have be
ome an important means forstru
turing information and information systems and,hen
e, important in knowledge as well as in softwareengineering. However, there remains the problem ofengineering large and adequate ontologies within shorttime frames in order to keep 
osts low. For this pur-pose, e�orts have been made to fa
ilitate the ontol-ogy engineering pro
ess, in parti
ular the a
quisitionof ontologies from domain texts. We present a generalar
hite
ture for dis
overing 
on
eptual stru
tures andengineering ontologies. Based on the ar
hite
ture wepropose a new approa
h to extend 
urrent approa
hes,who mostly fo
us on the semi-automati
 a
quisition oftaxonomies, by the dis
overy of non-taxonomi
 
on
ep-tual relations. We use a generalized asso
iation rulealgorithm that does not only dete
t relations between
on
epts, but also determines the appropriate level ofabstra
tion at whi
h to de�ne relations.1 Introdu
tionOntologies1 have shown their usefulness in appli-
ation areas su
h as intelligent information integra-tion or information brokering by providing a te
hni
almeans to share and ex
hange knowledge and/or infor-mation between humans and/or ma
hines [19, 1, 17℄.Hen
e, their importan
e for software and knowledgeengineering may hardly be overestimated. Neverthe-less, their wide-spread usage is still hindered by on-tology engineering being rather time-
onsuming and,hen
e, expensive. Therefore a number of propos-1We restri
t our attention in this paper to domain ontologiesthat des
ribe a parti
ular small model of of the world as relevantto appli
ations, in 
ontrast to top-level ontologies and represen-tational ontologies that aim at the des
ription of generally ap-pli
able 
on
eptual stru
tures and meta-stru
tures, respe
tively,and that are mostly based on philosophi
al and logi
al point ofviews rather than fo
used on appli
ations.

als have been made to fa
ilitate ontology engineer-ing through automati
 dis
overy from domain data,domain-spe
i�
 natural language texts in parti
ular(
f. [3, 4, 5, 11, 13, 20℄). However, we see two pit-falls o

ur in most of these seminal approa
hes. First,these investigations have mostly been 
on
eived in iso-lation from a
tual issues of ontology engineering sys-tems. A framework for 
lassi�
ation and evaluation ofapproa
hes is la
king. Thus, the overall pi
ture of whatresour
es may or should be used in ontology dis
overyapproa
hes remains rather vague and has not been un-der dis
ussion at all. Se
ond, most of these approa
heshave only looked at how to learn the taxonomi
 part ofontologies. In appli
ations like [19, 1, 17℄, an ontologyO often boils down to a an obje
t model representedby a set of 
on
epts C, whi
h are taxonomi
ally re-lated by the transitive ISA relation H � C � C andnon-taxonomi
ally related by named obje
t relationsR� � C�C�String. On the basis of the obje
t modela set of logi
al axioms, A, enfor
e semanti
 
onstraints.Common approa
hes mostly fo
us on the automati
 a
-quisition of C and H and often negle
t the importan
eof interlinkage between 
on
epts. Though taxonomi
knowledge is 
ertainly of utmost importan
e, major ef-forts in ontology engineering must be dedi
ated to thede�nition of non-taxonomi
 
on
eptual relationships,e.g. hasPart relations between 
on
epts. The deter-mination of non-taxonomi
 
on
eptual relationships isnot this well-resear
hed.2 In fa
t, it appears to be themore intri
ate task as, in general, it is less well knownhow many and what type of 
on
eptual relationshipsshould be modeled in a parti
ular ontology.This paper presents a framework for semi-automati
engineering of ontologies. Within our general ar
hi-te
ture (Se
tion 2), we embed a new approa
h fordis
overing non-taxonomi
 
on
eptual relations fromtext and, hen
e, for fa
ilitating the engineering of non-2An informal survey performed by Katja Markert found thata number of prominent and freely available ontologies, like Word-Net or Sensus, la
ked ri
h interlinking of 
on
epts through 
on-
eptual relations.



taxonomi
 relations. Building on the taxonomi
 partof the ontology, our approa
h analyzes domain-spe
i�
texts. It uses shallow text pro
essing methods to iden-tify linguisti
ally related pairs of words (
f. Se
tion 3).An algorithm for dis
overing generalized asso
iationrules analyzes statisti
al information about the linguis-ti
 output (
f. Se
tion 4). Thereby, it uses the ba
k-ground knowledge from the taxonomy in order to pro-pose relations at the appropriate level of abstra
tion.For instan
e, the linguisti
 pro
essing may �nd thatthe word \
osts" frequently 
o-o

urs with ea
h of thewords \hotel", \guest house", and \youth hostel" insenten
es su
h as (1).3(1) Costs at the youth hostel amount to $ 20 per night.From this statisti
al linguisti
 data our approa
h de-rives 
orrelations at the 
on
eptual level, viz. betweenthe 
on
ept Costs and the 
on
epts, Hotel, Guest House,and Youth Hostel. The dis
overy algorithm determinessupport and 
on�den
e measures for the relationshipsbetween these three pairs, as well as for relation-ships at higher levels of abstra
tion, su
h as betweenA

ommodation and Costs. In a �nal step, the algorithmdetermines the level of abstra
tion most suited to de-s
ribe the 
on
eptual relationships by pruning appear-ingly less adequate ones. Here, the relation betweenA

ommodation and Costs may be proposed for in
lusionin the ontology. A more 
omprehensive example willbe presented in Se
tion 5. We 
on
lude with a surveyof related work and a short remark on the a
quisitionof ontologi
al axioms, A.2 System Ar
hite
tureThe purpose of this se
tion is to give an overviewof the ar
hite
ture of our system Text-To-Onto (
f. theoverall s
hema in Figure 1 and the snapshot in Fig-ure 2). The pro
ess of semi-automati
 ontology a
-quisition is embedded in an appli
ation that 
omprisesseveral 
ore features des
ribed as a kind of pipelinein the following. Nevertheless, the reader may bearin mind that the overall development of ontologies re-mains a 
y
li
 pro
ess (
f. [9℄). In fa
t, we provide abroad set of intera
tions su
h that the engineer maystart with primitive methods �rst. These methodsrequire very little or even no ba
kground knowledge,but they may also be restri
ted to return only sim-ple hints, like term frequen
ies. While the knowledgemodel matures during the semi-automati
 engineering3For ease of presentation we mostly give English examples,however, our evaluation is based on our implementation thatpro
esses German texts.

pro
ess, the engineer may turn towards more advan
edand more knowledge-intensive algorithms, su
h as ourme
hanism for dis
overing generalized relations.
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Figure 1. Architecture of the Ontology Learn-
ing EnvironmentText & Pro
essing Management Component.The ontology engineer uses the Text & Pro
essingMan-agement Component to sele
t domain texts exploitedin the further dis
overy pro
ess. She 
hooses among aset of text (pre-)pro
essing methods available on theText Pro
essing Server and among a set of algorithmsavailable at the Learning & Dis
overing 
omponent.The former module returns text that is annotated byXML and this XML-tagged text is fed to the Learning& Dis
overing 
omponent.Text Pro
essing Server. The Text Pro
essingServer may 
omprise a broad set of di�erent methods.In our 
ase, it 
ontains a shallow text pro
essor basedon the 
ore system SMES (Saarbr�u
ken Message Ex-tra
tion System). SMES is a system that performssynta
ti
 analysis on natural language do
uments. Itsfun
tionality is des
ribed in detail in Se
tion 3. In gen-eral, the Text Pro
essing Server is organized in mod-ules, su
h as a tokenizer, morphologi
al and lexi
al pro-
essing, and 
hunk parsing that use lexi
al resour
es toprodu
e mixed synta
ti
/semanti
 information. Theresults of text pro
essing are stored in annotations us-ing XML-tagged text.Lexi
al DB & Domain Lexi
on. Synta
ti
 pro-
essing relies on lexi
al knowledge. In our system,SMES a

esses a lexi
al database with more than120.000 stem entries and more than 12,000 sub
ate-gorization frames that are used for lexi
al analysis and



Figure 2. The Text-To-Onto Ontology Learning Environment
hunk parsing. The domain-spe
i�
 part of the lexi-
on (abbreviated \domain lexi
on"; 
f. left lower partof Figure 2) asso
iates word stems with 
on
epts avail-able in the 
on
ept taxonomy. Hen
e, it links synta
ti
information with semanti
 knowledge that may be fur-ther re�ned in the ontology.Learning & Dis
overing 
omponent. The Learn-ing & Dis
overing 
omponent uses various dis
overingmethods on the annotated texts, e.g. term extra
tionmethods for 
on
ept a
quisition. Our s
enario for dis-
overing non-taxonomi
 relations uses the learning al-gorithm for dis
overing generalized asso
iation rulesdes
ribed in Se
tion 4. Con
eptual stru
tures that ex-ist at learning time (e.g. a 
on
ept taxonomy) maybe in
orporated into the learning algorithms as ba
k-ground knowledge. The evaluation of the applied al-gorithms su
h as des
ribed in [10℄ is performed in asubmodule based on the results of the learning algo-rithm.

Ontology Engineering Environment. The Ontol-ogy Engineering Environment (OntoEdit4) supportsthe ontology engineer in semi-automati
ally addingnewly dis
overed 
on
eptual stru
tures to the ontol-ogy.5 The s
reenshot depi
ted in Figure 2 shows onthe left side the obje
t-model ba
kbone of an ontology,i.e. the sets C;H , and R�. In addition to 
ore 
a-pabilities for stru
turing the ontology, the engineeringenvironment provides some additional features for thepurpose of do
umentation, maintenan
e, and ontologyex
hange. OntoEdit internally stores ontologies usingan XML serialization of the ontology model.
4OntoEdit is a submodule of the Ontology Learning Environ-ment \Text-To-Onto".5A 
omprehensive des
ription of the ontology engineering sys-tem OntoEdit and the underlying methodology is given in [16℄.



3 Shallow Text Pro
essingOur approa
h has been implemented on top ofSMES (Saarbr�u
ken Message Extra
tion System), ashallow text pro
essor for German (
f. [12℄) that hasbeen adapted to the tourism domain. This is a generi

omponent that adheres to several prin
iples that are
ru
ial for our obje
tives. (i), it is fast fast and robust,(ii), it yields dependen
y relations between terms, and,(iii), it returns pairs of 
on
epts the 
oupling of whi
his motivated through linguisti
 
onstraints on the 
or-responding textual terms. In addition, we made someminor 
hanges su
h that prin
iple (iv), linguisti
 pro-
essing delivers a high re
all on the number of depen-den
y relations o

uring in a text, is also guaranteed.We here give a short survey on SMES in order to pro-vide the reader with a 
omprehensive pi
ture of whatunderlies our system.The Ar
hite
ture of our Text Pro
essing Server,SMES, 
omprises a tokenizer based on regular expres-sions, a lexi
al analysis 
omponent, and a 
hunk parser.Tokenizer. Its main task is to s
an the text in order toidentify boundaries of words and 
omplex expressionslike \$20.00" or \Me
klenburg-Vorpommern"6, and toexpand abbreviations.Lexi
al Analysis uses lexi
al information to perform,(1), morphologi
al analysis, i.e., the identi�
ation ofthe 
anoni
al 
ommon stem of a set of related wordforms and the analysis of 
ompounds, (2), re
ognitionof name entities, (3), retrieval of domain-spe
i�
 infor-mation, and, (4), part-of-spee
h tagging:1. In German 
ompounds are extremely frequentand, hen
e, their analysis into their parts, e.g.\database" be
oming \data" and \base", is 
ru
ialand may yield interesting relationships between
on
epts. Furthermore, morphologi
al analysis re-turns possible readings for the words 
on
erned,e.g. the noun and the verb reading for a word like\man" in \The old man the boats."2. Pro
essing of named entities in
ludes the re
og-nition of proper and 
ompany names like \Ho-tel S
hwarzer Adler" as single, 
omplex entities,as well as the re
ognition and transformation of
omplex time and date expressions into a 
anon-i
al format, e.g. \January 1st, 2000" be
omes\1/1/2000".3. The next step asso
iates single words or 
omplexexpressions with a 
on
ept from the ontology if6Me
klenburg-Vorpommern is a region in the north east ofGermany.

a 
orresponding entry in the domain-spe
i�
 partof the lexi
on exists. E.g., the expression \HotelS
hwarzer Adler" is asso
iated with the 
on
eptHotel.4. Finally, part-of-spee
h tagging disambiguates thereading returned from morphologi
al analysis ofwords or 
omplex expressions using the lo
al 
on-text.Chunk Parser. SMES uses weighted �nite statetransdu
ers to eÆ
iently pro
ess phrasal and sententialpatterns. The parser works on the phrasal level, beforeit analyzes the overall senten
e. Grammati
al fun
-tions (su
h as subje
t, dire
t-obje
t) are determinedfor ea
h dependen
y-based sentential stru
ture on thebasis of sub
ategorization frames in the lexi
on.Dependen
y Relations. Our primary output de-rived from SMES 
onsists of dependen
y relations [7℄found through lexi
al analysis (
ompound pro
essing)and through parsing at the phrase and sentential level.It is important for our approa
h that on these levelssynta
ti
 dependen
y relations 
oin
ide rather 
loselywith semanti
 relations that are often found to hold be-tween the very same entities (
f. [6℄). Thus, we derivedour motivation to output those 
on
eptual pairs to thelearning algorithm the 
orresponding terms of whi
hare dependentially related. Thereby, the grammati-
al dependen
y relation need not even hold dire
tlybetween two 
on
eptually meaningful entities. For in-stan
e, in (2) \Hotel S
hwarzer Adler" and \Rosto
k",the 
on
epts of whi
h appear in the ontology as Hoteland City, respe
tively, are not dire
tly 
onne
ted bya dependen
y relation. However, the preposition \in"a
ts as a mediator that in
urs the 
on
eptual pairingof Hotel with City (
f. [14℄ for a 
omplete survey of me-diated 
on
eptual relationships).(2) The Hotel S
hwarzer Adler in Rosto
k 
elebratesChristmas.Heuristi
s. Chunk parsing su
h as performed bySMES still returns many phrasal entities that are notrelated within or a
ross senten
e boundaries. Thishowever means that our approa
h would be doomedto miss many relations that often o

ur in the 
orpus,but that may not be dete
ted due to the limited 
a-pabilities of SMES. For instan
e, it does not atta
hprepositional phrases in any way and it does not han-dle anaphora, to name but two desiderata. We havede
ided that we needed a high re
all of the linguisti
dependen
y relations involved, even if that would in-
ur a loss of linguisti
 pre
ision. The motivation isthat with a low re
all of dependen
y relations the sub-sequent algorithm may learn only very little, while with



less pre
ision the learning algorithm may still sort outpart of the noise. Therefore, the SMES output hasbeen extended to in
lude heuristi
 
orrelations besidelinguisti
s-based dependen
y relations:� The NP-PP-heuristi
 atta
hes all prepositionalphrases to adja
ent noun phrases.� The senten
e-heuristi
 relates all 
on
epts 
on-tained in one senten
e if other 
riteria fail. Thisis a 
rude heuristi
 that needs further re�nement.However, we found that it yielded many interest-ing relations, e.g. for enumerations, whi
h 
ouldnot be parsed su

essfully.� The title-heuristi
 is very spe
i�
 for our domain.It links the 
on
epts su
h as referred to in theHTML title tags with all the 
on
epts 
ontainedin the the overall do
ument. This strategy mightutterly fail in other domains, but it was su

essfulfor our hotel and sight des
riptions.To sum up, linguisti
 pro
essing outputs a set of
on
ept pairs, CP := f(ai;1; ai;2)jai;j 2 Cg. Their 
ou-pling is motivated through various dire
t and mediatedlinguisti
 
onstraints or by several general or domain-spe
i�
 heuristi
 strategies.4 Learning AlgorithmOur learning me
hanism is based on the algorithmfor dis
overing generalized asso
iation rules proposedby Srikant and Agrawal [15℄. Their algorithm �nds as-so
iations that o

ur between items, e.g. supermarketprodu
ts, in a set of transa
tions, e.g. 
ustomers' pur-
hases, and des
ribes them at the appropriate level ofabstra
tion, e.g. \sna
ks are pur
hased together withdrinks" rather than \
hips are pur
hased with beer"and \peanuts are pur
hased with soda".The basi
 asso
iation rule algorithm is provided witha set of transa
tions T := ftiji = 1 : : : ng, where ea
htransa
tion ti 
onsists of a set of items ti := fai;j jj =1 : : :mi; ai;j 2 Cg and ea
h item ai;j is from a set of
on
epts C. The algorithm 
omputes asso
iation rulesXk ) Yk (Xk; Yk � C;Xk \ Yk = fg) su
h that mea-sures for support and 
on�den
e ex
eed user-de�nedthresholds. Thereby, support of a rule Xk ) Yk is theper
entage of transa
tions that 
ontain Xk [ Yk as asubset, and 
on�den
e for Xk ) Yk is de�ned as theper
entage of transa
tions that Yk is seen when Xk ap-pears in a transa
tion, viz.(3) support(Xk ) Yk) = jftijXk [ Yk � tigjn(4) 
on�den
e(Xk ) Yk) = jftijXk [ Yk � tigjjftijXk � tigj

Srikant and Agrawal have extended this basi
 me
h-anism to determine asso
iations at the right level ofa taxonomy, formally given by a taxonomi
 relationH � C � C. For this purpose, they �rst extend ea
htransa
tion ti to also in
lude ea
h an
estor of a parti
-ular item ai;j , i.e. t0i := ti[fai;lj(ai;j ; ai;l) 2 Hg. Then,they 
ompute 
on�den
e and support for all possibleasso
iation rules Xk ) Yk where Yk does not 
ontainan an
estor of Xk as this would be a trivially validasso
iation. Finally, they prune all those asso
iationrules Xk ) Yk that are subsumed by an \an
estral"rule X̂k ) Ŷk, the itemsets X̂k; Ŷk of whi
h only 
on-tain an
estors or identi
al items of their 
orrespondingitemset in Xk ) Yk.For the dis
overy of 
on
eptual relations we maydire
tly build on their s
heme, as des
ribed in the fol-lowing four steps that summarize our learning module:1. Determine T := ffai;1; ai;2; : : : ; ai;m0igj(ai;1; ai;2)2 CP^l � 3! ((ai;1; ai;l) 2 H_(ai;2; ai;l) 2 H)g.2. Determine support for all asso
iation rules Xk )Yk, where jXkj = jYkj = 1.3. Determine 
on�den
e for all asso
iation rulesXk ) Yk that ex
eed user-de�ned support in step2.4. Output asso
iation rules that ex
eed user-de�ned
on�den
e in step 3 and that are not pruned byan
estral rules with higher or equal 
on�den
e andsupport.Thus, the output of asso
iation rules are pairs of
on
epts that are proposed to the engineer for in
lusionin the ontology as non-taxonomi
 relations D := fdig.The reader may note two important observations here.First, we abstra
t from the naming of relations inour approa
h. Though this may 
ertainly lead to un-wanted 
on
ations of relations, like (Person,Person,hit)with (Person,Person,love), we 
onsider this a se
ondary
on
ern for our intera
tive approa
h | though, of
ourse, this is a major issue for further resear
h.Se
ond, we here have 
hosen a baseline approa
h
onsidering the determination of the set of transa
-tions T . A
tually, one may 
on
eive of many strategiesthat 
luster multiple 
on
ept pairs into one transa
-tion. For instan
e, given a set of 100 texts ea
h de-s
ribing a parti
ular hotel in detail. Ea
h hotel might
ome with an address, but it might also have an elab-orate des
ription of the di�erent types of publi
 andprivate rooms and their furnishing resulting in 10,000
on
ept pairs returned from linguisti
 pro
essing. Ourbaseline 
hoi
e 
onsiders ea
h 
on
ept pair as a trans-a
tion. Then support for the rule fHotelg)fAddressgis equal or, mu
h more probably, (far) less than 1%,



while rules about rooms and their furnishing or theirstyle, like fRoomg)fBedg, might a
hieve ratings of sev-eral per
entage points. This means that an importantrelationship between fHotelg and fAddressg might getlost among other 
on
eptual relationships. In 
ontrast,if one 
onsiders 
omplete texts to 
onstitute transa
-tions, an ideal linguisti
 pro
essor might lead to morebalan
ed support measures for fHotelg)fAddressg andfRoomg)fBedg of up to 100% ea
h.Thus, dis
overy might bene�t when ba
kgroundknowledge about the domain texts is exploited for 
om-piling transa
tions. In the future, we will have to fur-ther investigate the e�e
ts of di�erent strategies.5 ExampleFor the purpose of illustration, this 
hapter givesa 
omprehensive example, whi
h is based on our a
-tual experiments. We have pro
essed a text 
orpusby a WWW provider for tourist information (URL:http://www.all-in-all.de). The 
orpus des
ribes a
tualobje
ts, like lo
ations, a

omodations, furnishings ofa

omodations, administrative information, or 
ulturalevents, su
h as given in the following example sen-ten
es.(5) a. Me
klenburg's s
h�onstes Hotel liegt in Ros-to
k. (Me
klenburg's most beautiful hotel islo
ated in Rosto
k.)b. Ein besonderer Servi
e f�ur unsere G�asteist der Fris�orsalon in unserem Hotel. (Ahairdresser in our hotel is a spe
ial servi
e forour guests.)
. Das Hotel Mer
ure hat Balkone mit direk-tem Strandzugang. (The hotel Mer
ure o�ersbal
onies with dire
t a

ess to the bea
h.)d. Alle Zimmer sind mit TV , Telefon, Modemund Minibar ausgestattet. (All rooms haveTV , telephone, modem and minibar.)Pro
essing the example senten
es (5a) and (5b),SMES (Se
tion 3) outputs dependen
y relations be-tween the terms, whi
h are indi
ated in slanted fonts(and some more). In senten
es (5
) and (5d) theheuristi
 for prepositional phrase-atta
hment and thesenten
e heuristi
 relate pairs of terms (marked byslanted fonts), respe
tively. Thus, four 
on
ept pairs {among many others { are derived with knowledge fromthe domain lexi
on (
f. Table 1).The algorithm for learning generalized asso
iationrules (
f. Se
tion 4) uses the domain taxonomy, an ex-
erpt of whi
h is depi
ted in Figure 3, and the 
on
eptpairs from above (among many other 
on
ept pairs).In our a
tual experiments, we have de�ned a set of 284

Table 1. Related pairs of conceptsTerm1 ai;1 Term2 ai;2Me
klenburgs area hotel hotelhairdresser hairdresser hotel hotelbal
onies bal
ony a

ess a

essroom room TV television
on
epts, C := faig, and the domain-spe
i�
 part ofthe lexi
on has 
ontained 486 entries referring to oneof these 
on
epts.
root

furnishing

accomodation
event

area
...

hotel youth hostel...

cityregion ...

Figure 3. An example scenarioThe learning algorithm dis
overed a large numberof interesting and important non-taxonomi
 
on
ep-tual relations. A few of them are listed in Table 2.Note that in this table we also list two 
on
eptualpairs, viz. (area, hotel) and (room, television), that arenot presented to the user, but that are pruned. Thereason is that there are an
estral asso
iation rules, viz.(area, a

omodation) and (room, furnishing), respe
tivelywith higher 
on�den
e and support measures.
Table 2. Examples of discovered relationsDis
overed relation Con�den
e Support(area, a

omodation) 0.38 0.04(area, hotel) 0.1 0.03(room, furnishing) 0.39 0.03(room, television) 0.29 0.02(a

omodation, address) 0.34 0.05(restaurant, a

omodation) 0.33 0.026 Related WorkAs mentioned before, most resear
hers in the areaof dis
overing 
on
eptual relations have \only" 
onsid-ered the learning of taxonomi
 relations. To mentionbut a few, we refer to some fairly re
ent work, e.g.,by Hahn & S
hnattinger [5℄ and Morin [11℄ who usedlexi
o-synta
ti
 patterns with and without ba
kground



knowledge, respe
tively, in order to a
quire taxonomi
knowledge.Other resear
hers also pursue a similar prin
iplegoal, viz. the semi-automati
 engineering of ontologiesfrom text. Our ar
hite
tural framework (
f. Se
tion2) provides a 
omprehensive pi
ture into whi
h theseother approa
hes may be subsumed [18, 2, 4℄. For ex-ample in [2℄ the system TERMINAE for building adomain ontology using a terminology- based approa
his des
ribed. The underlying te
hniques are restri
tedto statisti
al term o

urren
es, whi
h are also a partof our system Text-To-Onto. More advan
ed ma
hinelearning te
hniques are applied in the ASIUM systempresented by Faure and Nedelle
 [4℄. The system isable to a
quire taxonomi
 relations and sub
ategoriza-tion frames of verbs based on synta
ti
 input. TheASIUM system hierar
hi
ally 
lusters nouns based onthe verbs that they 
o-o

ur with and vi
e versa. How-ever, this approa
h and the algorithms developed mayeasily be integrated into our framework, so that thea
quired ontology may be re�ned further.Regarding the a
quisition of non-taxonomi
 
on
ep-tual relations we want to give a somewhat 
loser lookat related approa
hes. For purposes of natural lan-guage pro
essing, several resear
hers have looked intothe a
quisition of verb meaning, sub
ategorizations ofverb frames in parti
ular. Resnik [13℄ has done some ofthe earliest work in this 
ategory. His model is basedon the distribution of predi
ates and their argumentsin order to �nd sele
tional 
onstraints and, hen
e, toreje
t semanti
ally illegitimate propositions like \Thenumber 2 is blue." His approa
h 
ombines information-theoreti
 measures with ba
kground knowledge of a hi-erar
hy given by the WordNet taxonomy. He is ableto partially a

ount for the appropriate level of rela-tions within the taxonomy by trading o� a marginal
lass probability against a 
onditional 
lass probabil-ity, but he does not give any evaluation measures forhis approa
h. He 
onsiders the question of �nding ap-propriate levels of generalization within a taxonomy tobe very intriguing and 
on
edes that further resear
his required on this topi
 (
f. p. 123f in [13℄) .Wiemer-Hastings et al. [20℄ aim beyond the learn-ing of sele
tional 
onstraints, as they report about in-ferring the meanings of unknown verbs from 
ontext.Using WordNet as ba
kground knowledge, their sys-tem, Camille, generates hypotheses for verb meaningsfrom linguisti
 and 
on
eptual eviden
e. A statisti
alanalysis identi�es relevant synta
ti
 and semanti
 
uesthat 
hara
terize the semanti
 meaning of a verb, e.g.a terrorist a
tor and a human dire
t obje
t are bothdiagnosti
 for the word \kidnap".The proposal by Byrd and Ravin [3℄ 
omes 
losest

to our own work. They extra
t named relations whenthey �nd parti
ular synta
ti
 patterns, su
h as an ap-positive phrase. They derive unnamed relations from
on
epts that 
o-o

ur by 
al
ulating the measure formutual information between terms | rather similar aswe do. Eventually, however, it is hard to assess theirapproa
h, as their des
ription is rather high-level andla
ks 
on
ise de�nitions.To 
ontrast our approa
h with the resear
h just
ited, we want to mention that all the verb-
enteredapproa
hes may miss important 
on
eptual relationsnot mediated by verbs. All of the 
ited approa
hesex
ept [13℄ negle
t the importan
e of the appropriatelevel of abstra
tion. Regarding evaluation, they haveonly appealed to the intuition of the reader [3, 4℄, fo-
used at a distinguished level in the hierar
hy [20℄ orla
ked rigorous measures for evaluation [13℄. We haveevaluated our approa
h in blind experiments using twostandard and our original RLA measure (
f. [10℄ for amore detailed des
ription). The latter has been thor-oughly tested for plausibility and validated against theset of all possible relations.7 Con
lusionWe have presented an approa
h towards learningnon-taxonomi
 
on
eptual relations from text embed-ded in a general ar
hite
ture for semi-automati
 a
qui-sition of ontologies. We have evaluated the dis
overyapproa
h on a set of real world texts against 
on
ep-tual relations that had been modeled by hand. Forthis purpose, we used standard measures, viz. pre
isionand re
all, but we also developed an evaluation metri
sthat took into a

ount the s
ales of adequa
y preva-lent in our target stru
tures. The evaluation showedthat though our approa
h is too weak for fully auto-mati
 dis
overy of non-taxonomi
 
on
eptual relations,it is highly adequate to help the ontology engineer withmodeling the ontology through proposing 
on
eptualrelations.For the future mu
h work remains to be done. Wewant to highlight but two major issues. The namingand the 
ategorization of relations into a relation hi-erar
hy needs to be approa
hed. We want to 
ombinesome of the related work on the a
quisition of verbmeaning with our own proposal in order to approa
hthis obje
tive.Then, there remains the topi
 of engineering onto-logi
al axioms. Naturally, this is worth several paperson its own. We may just mention that we envision sev-eral positions from whi
h to start. We have 
on
eiveda prin
ipled approa
h to the engineering of ontologi-
al axioms [16℄. Our approa
h may be extended to-



wards an intera
tive mode that has been proposed in [8℄for the a
quisition of integrity 
onstraints (aka axioms)aiming at the modeling of relational databases. Otherthan that, we want to explore possibilities o�ered byindu
tive logi
 programming methods | whi
h, of
ourse, presume the availability of 
orresponding datain order to allow for indu
tion of logi
al rules.A
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