Proceedings of the

2004 International Workshop on

Description Logics
(DL2004)

Whistler, BC, Canada
June 6-8, 2004

Edited by:

Volker Haarslev
Ralf Moller

Also electronically available as CEUR Publication at
http://CEUR-WS.org







Preface

The 2004 International Workshop on Description Logics (DL’04) was held in Whistler, British
Columbia, Canada, from June 6 to 8, 2004. It continued the tradition of international workshops
devoted to discussing developments and applications of knowledge representation formalisms
based on Description Logics. The list of International Workshops on Description Logics can be
found at http://dl.kr.org.

Each paper submitted to DL’04 was reviewed by at least two members of the program commit-
tee, or by additional reviewers recruited by the PC members. Due to the success of the poster
session from the previous DL workshop, it was decided to schedule a poster session together with
a set of system demonstrations that were often motivated by the advent of the semantic web.

In addition to the presentation of accepted papers, posters, and demonstrations, two invited talks
were presented at DL’04:

¢ Sheila Mcllraith, University of Toronto, Toronto, Canada, gave a talk on OWL-S and web
agent/web service composition;

* Frank Wolter, University of Liverpool, Liverpool, UK, gave a talk on Combining
Description Logics.

We would like to thank the Concordia University and the Technical University Hamburg-
Harburg for their support.

Volker Haarslev
Ralf Moller
(The DL’04 PC chairs)
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Reasoning on Temporal Conceptual Schemas with
Dynamic Constraints

Alessandro Artale
Faculty of Computer Science — Free University of Bozen-Botz
artale@nf.unibz.it

1 Introduction

Temporally enhanced conceptual models have been devetopleelp designing temporal
databases [12]. In this paper we deal with Extended Entitiafionship (EER) diagrams
used to model temporal databases. The temporal conceptds! &R has been intro-
duced both tdormally clarify the meaning of the various temporal constructs apge in
the literature [2, 4], and to check the possibility to penforasoningon top of temporal
schemas [5]ERy 1 supports valid time for entities, attributes, and relagttps in the line of
TIMEER [10] and ERT [15], while supporting dynamic constrainis éntities as presented
in MADS [14]. ERy is able to distinguish betweesmapshotonstructs—i.e. each of their
instances has a global lifespan—aethporaryconstructs—i.e. each of their instances have
a limited lifespan. Dynamic constructs capture thsgect migrationfrom a source entity to a
target entity.

The contribution of this paper is twofold. Moving from therfizal characterization of
ERyr given in [4] we clarify the relevant reasoning problems famporal EER diagrams. In
particular, we distinguish between six different reasgrservices, introducing two new ser-
vices for both entities and relationshipgizeness satisfiability-i.e. whether an entity or rela-
tionship admits a non-empty extension infinitely often ia titure—andjlobal satisfiability—
i.e. whether an entity or relationship admits a non-emptgresion at all points in time. After
a systematic definition of the various reasoning problemsh&a show that all the satisfia-
bility problems (i.e. schema, entity and relationshipsfability problems) together with the
subsumption problem (i.e. checking whether two entitieetationships denote one a subset
of the other so that there is an implicgA link between them) can be mutually reduced to
each other. On the other hand, checking whether a schagitally impliesanother schema
is shown to be the more general reasoning service.

The second contribution is to prove that reasoning on teadjgonceptual models is unde-
cidable provided the diagrams are able to: (a) Distinguettvben temporal and non-temporal
constructs; (b) Represedynamic constraintbetween entities, i.e. entities whose instances

*The author has been partially supported by the EU projests§ie, KnowledgeWeb, and Interop. This paper
is a shorter version of [1].

'EER is the standard entity-relationship data model, eadchith IsA links, generalized hierarchies with
disjoint and covering constraints, and full cardinalitynstraints.



C,D — A (atomic concept) ATO AT

T (top) TIO = AT

1| (bottom) 170 = ¢

-C'| (complement) (-C)TO = AT\ CT®

CnD| (conjunction) (CcnD?W = ¢ nprH

CuD/| (disjunction) (CuD)*® = Ty p*®

JR.C| (exist. quantifier) (VR.C)T® = {a € AT | Vb.RTW (a,b) = CTM (b)}
VR.C'|  (univ. quantifier) (AR.C)IY = {a e AT | I.RT® (a,b) A CT® (b)}
OtC|  (Sometime) (OTC)*® = {a e AT | T > t.CT"(a)}

ofCc|  (Everytime) (O*FC)TO = {a € AT | Vo > t.07W) (a)}

Figure 1: Syntax and Semantics for td&€C¢ Description Logic

migrate to other entities. To the best of our knowledge, ighife first time such a result is
proved. Indeed, the result presented in [5] showed&hat diagrams can be embedded into
the temporal description logic (DL Ry s—whereld, S extendDLR with the until and
sincetemporal modalities—and that reasoningtR;,s was undecidable. Instead, here we
prove that even reasoning just 8R - schemas is undecidable. The undecidability result is
proved via a reduction of the Halting Problem with a techeigimilar to [9]. In particular,
we proceed by first showing that the halting problem can bedstt as a Knowledge Base
(KB) in ALCr—whereF extendsALC with thefuturetemporal modality—and then proving
that such a KB indLCg can be captured by &Ry diagram.

The paper is organized as follows. The temporal BLCF and the conceptual model
ERyr are formally presented in Sections 2 and 3, respectivelye VEtious reasoning ser-
vices for temporal conceptual modeling are defined in Secfiand their equivalence is
proved. That reasoning in presence of dynamic constrasntsdecidable is proved in Sec-
tion 5.

2 The Temporal Description Logic

In this Section we introduce thd £LCr DL [16, 3, 9] as a the tense-logical extension of
ALC. Basic types ofALCr areconceptsaandroles According to the syntax rules of Figure 1,
ALCE conceptsare built out ofatomic conceptandatomic roles Tense operators are added
for concepts: >+ (sometime in the future) and™ (always in the future). Furthermore, while
tense operators are allowed only at the level of concepts—mno temporal operators are
allowed on roles—we will distinguish between so calleda—R £—and global—RG—
roles.

Let us now consider the formal semantics4£Cr. A temporal structurd” = (7,, <) is
assumed, wherg, is a set of time points ang is a strict linear order ofl,—7 is assumed
to be isomorphic to eithefZ, <) or (N, <). An ALCr temporal interpretatiorover 7 is
a triple of the formZ = (7, A%, .Z()) whereAZ is non-empty set of objects anf®) an
interpretation functiorsuch that, for every € 7, every concepf’, and every role?, we have
cI® c AT and RZ®) C AT x AZ. Furthermore, ifR € RG, then,Vt,,t, € T.RE(t) —
RZ(2) The semantics oflLCr concepts is defined in Figure 1.



A knowledge baséKB) in this context is a finite set of terminological axiom®f the
form C C D. An interpretationZ satisfiesC' C D iff the interpretation ofC is included in
the interpretation oD at all time, i.e.C*®") C DZ® forallt € 7. A knowledge bas& is
satisfiableif there is a temporal interpretatidh that satisfies every axiom . X logically
impliesan axiomC' C D (written X |= C C D) if C C D is satisfied by every model af.
A conceptC' is satisfiable, given a knowledge basgif there exists a modd of X such that
CT(®) £ () for somet € 7,i.e.X = C C L.

3 Temporal Conceptual Modeling

In this Section, the temporal EER mod&R .y is briefly introduced.£ERy 1 supports valid
time for entities, attributes, and relationships in thes liof TIMEER [10] and ERT [15],
while supporting dynamic constraints for entities as pnesetin MADS [14].ERyr is able
to distinguish betweesnapshot(see the consensus glossary [11] for the terminology used)
constructs—i.e. each of their instances has a global hiespemporaryconstructs—i.e.
each of their instances have a limited lifespan—oplicitly temporalconstructs—i.e. their
instances can have either a global or a temporary existdmaetemporal markss (snapshot)
andvT (valid time), are introduced iRy to capture such temporal behavior.

Dynamic constructs capture thbject migrationfrom a source entity to a target entity. If
there is adynamic extensiobetween a source and a target entity (representé®in; by a
dotted link labeled witlbEx) models the case where instances of the source evigtually
become instances of the target entity. On the other hadgnamic persistencfrepresented
in ERyr by a dotted link labeled witlPER) models the dual case of instangeersistently
migrating to a target entity (for a complete introduction&Ry 1 with a worked out example
see [4]).

ERy is equipped with both a linear and a graphical syntax aloriy vmodel-theoretic
semantics as a temporal extension of the EER semantics féseRting the€ Ry 1 linear
syntax, we adopt the following notation: given two saisY’, an X-labeledtuple overY is
a function fromX to Y’; the labeled tupld” that maps the sdftzy,...,z,} C X to the set
{y1,...,yn} C Yisdenoted byz1 : y1,..., 2, : yn), @andT[z;] = y;. AN ERy SChema is
a tuple:

Y = (£,REL,ATT,CARD, ISA, DISJ, COVER, S, T, KEY, DEX, PER), such that:

L is a finite alphabet partitioned into the sets:(entity symbols), A (attribute symbols),
R (relationship symbols),/ (role symbols), andD (domainsymbols). £ is further parti-
tioned into: a se€® of snapshot entitiegthe s-markedentities in Figure 2), a sef! of
Implicitly temporal entitiegthe unmarkedentities in Figure 2), and a séf’ of temporary
entities (the vT-markedentities in Figure 2). A similar partition applies to the g&t ATT
is a function that maps an entity symbol éhto an .A-labeled tuple oveD, ATT(E) =
(A1 : D1,..., Ay : Dy). REL is a function that maps a relationship symbol7ihto an
U-labeled tuple ove€, REL(R) = (U; : Eu,..., Uy : Ey), andk is thearity of R. CARD
is a function€ x R x U — N x (N U {co}) denoting cardinality constraints. We denote
with cMIN(E, R,U) andCMAX (E, R, U) the first and second component@RrD. In Fig-
ure 2, CARD(TopManager, Manages,man) = (1,1). ISA is a binary relationshipsa C
(€ x E)U(R x R). IsA between relationships is restricted to relationships withsame
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Figure 2: AnERy diagram

arity. ISA is visualized with a directed arrow, e.Manager ISA Employee in Figure 2.
DISJ, COVERare binary relations ovef x &, describing disjointness and covering partitions,
respectively.DisJis visualized with a circled “d” and¢ovER with a double directed arrow,
e.g.Department, InterestGroup are both disjoint and they covetganizationalUnit.
S, T are binary relations ovef x A containing, respectively, the snapshot and temporary
attributes of an entity (seg, T marked attributes in Figure 2XEY is a function that maps
entity symbols in€ to their key attributesKey (E) = A. Keys are visualized as underlined
attributes. BotlDEX andPERare binary relations ovef x £ describing the dynamic evolution
of entities. DEX andPER are visualized with dotted directed lines labeled withx or PER,
respectively (e.gAreaManager DEX TopManager).

The model-theoretic semantics associated withetRg- modeling language adopts the
snapshat representation of abstract temporal databases and telepa@ptual models [8].
Following this paradigm, the flow of tim& = (7,, <), where7, is a set of time points (or
chronons) and is a binary precedence relation @) is assumed to be isomorphic to either
(Z,<) or (N, <). Thus, a temporal database can be regarded as a mappingrfrerpdints
in 7 to standard relational databases, with the same intetjpretaf constants and the same
domain.

Definition 3.1 (ERyr Semantics). Let X be anERyr schema. Aemporal database state
for the schema is a tuple B = (7,AB U AB .B®), such that: A® is a nonempty set
disjoint fromAB; AB = Up,ep A%i is the set of basic domain values used in the schema
»; -B® is a function such that for eache 7, every domain symbdD; € D, every entity

E € &, every relationshipR € R, and every attributed € A, we have:Df(t) = Algi,
EB® C AB, RBU) s a set ofi/-labeled tuples oveB, and AB®) C AB x AB. Bis a
legal temporal database stifté satisfies all integrity constraints expressed in theeama. In
particular, the interpretation ofSA, ATT, REL, CARD, DISJ.COVERIs similar to the atemporal
case (see [7, 4]). For the temporal constructs we have:

2The snapshot model represents the same class of tempathadas as thénestampnodel [12, 13] defined
by adding temporal attributes to a relation [8].



For each snapshot entitif € £, if, e EB®) | thenVt' € T.ec EB).

For each temporary entitf € £7, if, ec EP® | then,3¢' £t.eg EB1),

For each snapshot relationshii € RS, if, € RE(®) | then,Vt' € T .r € RB().
For each temporary relationshig e RT, if, r € RE®)  then,3t' £t.r ¢ RE®).
For each entityE' € £ with a snapshot attributel;, i.e. (E, A;) € s, if,

(e € EBO A (e,a;) € APD), thenVt' € T (e, a;) € AB®),

For each entityE' € £ with a temporary attributed;, i.e. (E, A;) € T, if,

(e € EBO A (e, a;) € APD), then3t' # t.(e,a;) ¢ A",

ForeachE € £, A € A such thalkkey (E) = A, then,(E, A;) € s—i.e. a key is a snapshot
attribute—andva € AB #{e € EB® | (¢,a) € ABW} < 1.

For eachEy, B € &, if By DEX s, if, e € EPY then,3t, > t.e € E5™);

For eachE,, By € &, if By PEREy, if, e € EP", thenvt' > t.e € E5").

4 Reasoning on Temporal Models

Reasoning tasks over a temporal conceptual model includfying whether an entity, re-
lationship, or schema am&tisfiable whether asubsumptionrelation exists between entities
or relationships, or checking whether a new schema projehbgically impliedby a given
schema. The model-theoretic semantics associated8Mi, allows us to formally define
these reasoning tasks.

Definition 4.1 (Reasoning infRy ). LetY be anERyr schema,E € £ an entity, and
R € R arelationship. The following are the reasoning tasks over

1. FE (R) is satisfiableif there exists a legal temporal database st&tdor > such that
EB®) £ ¢ (RB® £ (), for somet € T

2. FE (R) is liveness satisfiabld there exists a legal temporal database st&téor > such
thatVte 7.3t' > t. EBW) £ (RB(®) £(), i.e. E (R) is satisfiable infinitely often;

3. E (R) is globally satisfiabldf there exists a legal temporal database st&téor > such
that EB(®) =£ ¢ (RB®) £ (), forall t € T;

4. Y is satisfiabldf there exists a legal temporal database stBtéor X that satisfies at least
one entity inX (B is said amodelfor X);

5. E1 (Ry) is subsumedby F» (R2) in X if every legal temporal database state #0iis also
a legal temporal database state fék 1ISA E5 (R1 ISA Ry);

6. A schema’ is logically implied by a schema& over the same signature if every legal
temporal database state far is also a legal temporal database state o

Based on this formal characterization the following Praipms proves that reasoning ser-
vices (1-5) relative to entities are mutually reducible aote other. As far as relationships are
concerned, the reasoning services (1-3) can be reducedatogans problems for entities.
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Figure 3: Reductions: (a) From Entity Sat to Schema Sat; (binFSchema Sat to Entity
Liveness Sat; (c) From Entity Liveness Sat to Entity Globat; $d) From Entity Global Sat
to Entity Sat.

Indeed, we can verify whether a relationshipis satisfiable inx by adding a new entity,
say Ar such that: (aAr ISA E, with E an arbitrary entity participating in the relationship,
and (b) A, totally participates in the relationship. TheR,is satisfiable (liveness or globally
satisfiable) if and only ifA is satisfiable (liveness or globally satisfiable). As faredation-
ships subsumption is concerned, it can be reduced to netiios satisfiability by extending
ERyr to express disjoint hierarchies between relationshipstlasid applying the reduction
proposed by [6] for entities.

Proposition 4.2. There is a mutual reducibility between the reasoning ses/{d-5) iRy 1.
Proof. (Sket ch.)

1. Proving the mutual reducibility between satisfiabilitydasubsumption i€Ry can
be done similarly to [6].

2. Entity satisfiability reduces to schema satisfiability.
An arbitrary entity,Fy, is satisfiable w.r.tY iff a new schema’’ is satisfiable.Y’ is
obtained by adding t& the schema in Figure 3(a), whefe E, E5 are new entities
such thatVF € £.F 1SA T, andR is a new binary relationship.

3. Schema satisfiability reduces to entity liveness sabidifia
An arbitrary schema is satisfiable iff an entity is liveness satisfiable w.r.t. eawn
schema&’. Y’ is obtained by adding tB the schema in Figure 3(b), whefe, To, E, Es
are new entities anf® is a new binary relationship. Furthermofgy | E € £} COVER
To. In particular,X. is satisfiable iffT; is liveness satisfiable w.r.E’.

4. Entity liveness satisfiability reduces to entity globatisfiability.
An arbitrary entity,F, is liveness satisfiable w.rX iff an entity is globally satisfiable
w.r.t. a new schema’. Y’ is obtained by adding t& the new entity~; as shown in
Figure 3(c). In particularEy is liveness satisfiable w.r.X iff E; is globally satisfiable
w.r.t. X',



5. Entity global satisfiability reduces to entity satisfldpi
An arbitrary entity,Ey, is globally satisfiable w.r.&2 iff the new entityE; is satisfiable
w.r.t. the new schema’. Y’ is obtained by adding t& the schema in Figure 3(d),
whereF is new snapshot entity anféd is a new binary relationship. O

Finally, we show that all the reasoning problems can be reditie a logical implication
problem. Indeed, checking whether an entityis satisfiable can be reduced to logical im-
plication by choosing~’ = {E 1SA A, E 1sA B,{A, B} pisaC}, with A, B, C arbitrary
entities. ThenF is satisfiable iffS (= X', Given the result of Proposition 4.2, then the rea-
soning services (1-5) for entities are reducible to logicadlication. Furthermore, given two
relationshipsR;, R2, checking for sub-relationship can be reduced to logicallitation by
choosingy’ = {R; ISA Ry}.

5 Reasoning or€ Ry is Undecidable

We now show that reasoning on fdliR 1 is undecidable. The proof is based on a reduction
from the undecidable halting problem for a Turing machinthtoentity satisfiability problem
w.r.t. anERy schemat. We apply ideas similar to [9] (Sect. 7.5) to show undecilitsbi

of certain products of modal logics. The proof can be dividethe following two stepsi.
Reduction of the halting problem to concept satisfiability.twan ALC¢ KB; 2. Reduction

of concept satisfiability w.r.t. arlLCr KB to entity satisfiability w.r.t. al€ Ry schema.

Reasoning onALCk is undecidable

Using a reduction from the halting problem we now prove tkeaspning involving atdLCg
knowledge base is undecidable. In [9] the undecidabilityddiCr is proved using: (a) com-
plex axioms—i.e. axioms can be combined using Boolean andahmperators—(b) both
global andlocal axioms—i.e. axioms can be either true at all time or true atestime, re-
spectively. Sinc&€Ryr is able to encode just simple global axioms, we modify theopro
presented in [9].

Proposition 5.1. Concept satisfiability w.r.t. asl LC¢ KB is undecidable.

Proof. (Sket ch. ) A single-tape right-infinite deterministic Turing machiM, is a triple
(A, S, p), where: A is thetape alphabe(b € A stands for blank)S is a finite set ofstates
with initial state, sg, andfinal state s;; p is thetransition functionp : (S — {s1}) x A —

S x (AU{L,R}). We construct atdLCr KB, sayKB,, with a concept that is satisfiable
w.r.t. KB, iff the machineM does not halt. We introduce some shortcuts. The implication
C — D, is equivalent to~C' U D. We definenext(C, D) as: C C OTD M =0T+ D,
Finally, discover(C,{Dy,...,D,}) is the disjoint covering betweefi andD; ... D,,. Let
A'=AU{£}U(S x A),where£ ¢ Ais a symbol marking the left end of the tape. With
eachr € A’ we introduce a concedt,. We also use concepts, C;, C,. to denote the active
cell, its left and right cells, respectively. The concéfitdenotes the final state. The halting
problem reduces to satisfiability 6fy. Extra concept€’, D1, Do, D3, will be also usedR is

a global role KB, contains the following axioms:



CoC CeMOTCryppy (1) C,CCuotg (10)

TC3IRT (2 Ci C Cq — VR.Cy (11)
next(Ce,D1)  (3) Cs £ Cs — YR.Cy (12)
next(D1,D2)  (4) C-CCy—VYRC, (13)

Clso.py E D1 (5 Co C (=C; M =Cs T =Cr) = VR.Cqy, Yae AU{L} (14)
Clsgpy TOTCy (6) discover(S1,{C, ) |a € AU{L}}) (15)
next(Cy, Cy) (7) discover(C,{Cs |z € A'}) (16)
next(Cs, Cy) (8) discover(Cs, {Cs,a) | (5,a) € S x A}) 17)
next(Chr, D3) 9 Cs C=S1 (18)

with axioms (11-13) for each instructiod\, 3,v) = (¢, 3’,~'), defined as

Q

E?iv <5 ;CLJ> aki if pésvaj; = E ) /§>

_ s a;),a5,a), if p(s,a;) = (s',L) anda; # £

Oais (5,030 =4 o8 ), z(s,aj) = (s/,L) anda; = £
(@i, aj,(s';ar)), i p(s,a;) = (s',R)

We can prove thafy is satisfiable w.r.t KB, iff M has an infinite computation starting
from the empty tape. O

Reducing ALCg concept sat toE Ry entity sat

We now show how to capture théLCr knowledge bas& B, with anERy schemaX ;.
The mapping is based on a similar reduction presented irof&dpturingALC axioms. For
each atomic concept and roleKB ;; we introduce an entity and a relationship, respectively.
To simulate the universal concept, we introduce a snapshot entiop, that generalizes
all the entities inx,,. Additionally, the various axioms ilKB,,; are encoded i€Ry as
follows:

1. Axioms involvingdiscover are mapped using disjoint and covering hierarchies.

2. Axioms of the formC' C D, with C, D atomic concepts are encoded@ssA D.

3. For axioms of the fornC' C —D we construct the hierarchy in Figure 4(a).

4. For axioms of the fornrC C D, LI... U D,, we construct the hierarchy in Figure 4(b).

5. Axioms of the formC C VR.D are mapped together with the axiom C 3R.T by
introducing a new sub-relationshif, and considering? as a functional rofé Figure 4(c)
shows the mapping wherR is a snapshot relationship to capture the fact fhas a global
role inKB,.

6. For each axiom of the forld’ C O™ D (C C ¢+ D) we use a persistency (respectively,
dynamic extension) constraint: PER D (respectively(C DEX D).

7. Axioms of the formmext(C, D) are mapped by using the dynamic extension constraint to
capture thaC' C T D. To capture thaC' C =070+ D we rewrite it asC' C OTOT =D,
which, in turn, is encoded by the following axiomé&: C OtC;; C, C OtCy; Oy T —D.
Figure 4(d) shows the diagram that mapst axioms.

3ConsideringR as a functional role does not change #h&Cr undecidability proof.



Figure 4: Encoding axioms: (&) C -D; (b)) C C Dy U ... U Dy; (¢) C C VR.D and
T C 3R.T; (d)next(C, D).

The above reductions are enough to capture all axio®SBn,. Indeed, axioms (11-13) have
the form:C C —-C7 UV R.Cs, while axioms (16) have the forn@Z, C C; UC; LU C,. UVR.C,.
We are now able to prove the main result of this paper.

Theorem 5.2. Reasoning i€ Ry using persistency and dynamic constructs is undecidable.

Proof. Proving that the above reduction frokB,; to X, is true can be easily done by
checking the semantic equivalence between eb€8r axiom and its encoding (for a similar
proof see [6]). Then, the conceft, is satisfiable w.r.t KB, iff the entity Cy is satisfiable
w.r.t. X,,. Thus, because of Proposition 5.1, the halting problem eare@iuced to reasoning
inERyr. O
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Abstract

Methods for computing the least common subsumer (lcs) are usually restricted
to rather inexpressive DLs whereas existing knowledge bases are written in very
expressive DLs. In order to allow the user to re-use concepts defined in such
terminologies and still support the definition of new concepts by computing the
lcs, we extend the notion of the lcs of concept descriptions to the notion of the
les w.r.t. a background terminology.

1 Introduction and problem definition

Non-standard inferences such as computing the least common subsumer can be used
to support the bottom-up construction of DL knowledge bases, as introduced in [4, 5]:
instead of directly defining a new concept, the knowledge engineer introduces several
typical examples as objects, which are then automatically generalized into a concept
description by the system. This description is offered to the knowledge engineer as a
possible candidate for a definition of the concept. The task of computing such a con-
cept description can be split into two subtasks: computing the most specific concepts
of the given objects, and then computing the least common subsumer of these con-
cepts. The most specific concept (msc) of an object o (the least common subsumer (lcs)
of concept descriptions C1, ..., C,) is the most specific concept description C' express-
ible in the given DL language that has o as an instance (that subsumes C1,...,C)).
The problem of computing the lcs and (to a more limited extent) the msc has already
been investigated in the literature [11, 12, 4, 5, 21, 20, 19, 3, 9].

The methods for computing the least common subsumer are restricted to rather
inexpressive descriptions logics not allowing for disjunction (and thus not allowing
for full negation). In fact, for languages with disjunction, the lcs of a collection of
concepts is just their disjunction, and nothing new can be learned from building it. In
contrast, for languages without disjunction, the lcs extracts the “commonalities” of
the given collection of concepts. Modern DL systems like FaCT [18] and RACER [17]
are based on very expressive DLs, and there exist large knowledge bases that use this

*This work has been supported by the German Research Foundation (DFG) under grants GRK
334/3 and BA 1122/4-3 and National ICT Australia Limited, Canberra Research Lab.
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expressive power and can be processed by these systems [22, 23, 16]. In order to allow
the user to re-use concepts defined in such existing knowledge bases and still support
the user during the definition of new concepts with the bottom-up approach sketched
above, we propose the following extended bottom-up approach.

Consider a background terminology 7 defined in an expressive DL Ls. When
defining new concepts, the user employs only a sublanguage £; of Ls, for which
computing the lcs makes sense. However, in addition to primitive concepts and roles,
the concept descriptions written in the DL £; may also contain names of concepts
defined in 7. Let us call such concept descriptions £1(7)-concept descriptions.

Definition 1 Given an Lo-TBox T and a collection Cy,...,Cy, of L1(T)-concept
descriptions, the least common subsumer (lcs) of C1,...,C, w.a.t. T is the most
specific L1(T)-concept description C' that subsumes C1,...,Cy w.r.t. T, i.e., it is an
L1(7T)-concept description D such that

1. C;Cr D fori=1,...,n; D is a common subsumer.

2. if E is an L1(T)-concept description satisfying
Ci;Cr E fori=1,...,n, then D Cr F. D is least.

Depending on the DLs £; and L9, least common subsumers of £(7)-concept
descriptions w.r.t. an Lo-TBox 7 may exist or not.

Note that the lcs only uses concept constructors from £, but may also contain
concept names defined in the Lo-TBox. This is the main distinguishing feature of
this new notion of a least common subsumer w.r.t. a background terminology. Let us
illustrate this by a small example.

Example 2 Assume that £ is the DL ££ (allowing for conjunction, existential re-
strictions, and the top concept) and L9 is ALC (extending £L by negation, disjunction,
and value restrictions). Consider the ALC-TBox

T ={A=PUQ},

and assume that we want to compute the lcs of the ££(7)-concept descriptions P and
Q. Obviously, A is the lcs of P and @ w.r.t. 7. If we were not allowed to use the
name A defined in 7, then the only common subsumer of P and @ in ££ would be
the top concept T.

In the following we always assume that DLs £; and £5 and an £3-TBox are given,
and if we talk about (least) common subsumers we mean the ones in £1(7), and not
in £1 or L£o. In the next section, we consider the case where £ is ££ and Lo is ALC
in more detail. We show the following two results:

e If 7 is an acyclic ALC-TBox, then the lcs w.r.t. 7 of £L£(7)-concept descriptions
always exists;

e If 7 is a general ALC-TBox allowing for general concept inclusion axioms
(GCIs), then the lcs w.r.t. 7 of EL(T)-concept descriptions need not exist.
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At first sight, one might assume that the first result can be shown using results on
approximation of DLs [10]. In fact, given an acyclic ALC-TBox 7 and £L(7 )-concept
descriptions C1, ..., Cy, one can first unfold C1, ..., C, into ALC-concept descriptions
C1,...,C, then build the ALC-concept description C' := C] U ... U CJ, and finally
approximate C' from above by an £L-concept description E. However, F then does
not contain concept names defined in 7', and thus it is not necessarily the least E£(7)-
concept description subsuming C1,...,C, w.r.t. 7 (see Example 2 above). One might
now assume that this can be overcome by applying known results on rewriting concept
descriptions w.r.t. a terminology [6]. However, in Example 2, the concept description
FE obtained using the approach based on approximation sketched above is T, and this
concept cannot be rewritten using the TBox 7 := {A = P U Q}.

The result on the existence and computability of the lcs w.r.t. a background ter-
minology shown in the next section is theoretical in the sense that it does not yield a
practical algorithm. In Section 3 we follow a more practical approach. Assume that
Ly is a DL for which least common subsumers (without background TBox) always
exist. Given £1(7)-concept descriptions C1, ..., C), one can compute a common sub-
sumer w.r.t. 7 by just ignoring 7, i.e., by treating the defined names in C4,...,C), as
primitive and computing the Ics of C4,...,C, in £q. In Section 3 we sketch practical
methods for computing “good” common subsumers w.r.t. background TBoxes, which
may not be the least common subsumers, but which are better than the common
subsumers computed by just ignoring the TBox.

2 Two exact theoretical results

In this section, we assume that £y is ££ and Ls is ALC. In addition, we assume
that the sets of concept and role names available for building concept descriptions are
finite. First, we consider the case of acyclic TBoxes.

Theorem 3 Let T be an acyclic ALC-TBox. The lcs of EL(T)-concept descriptions
w.r.t. T always exists and can effectively be computed.

The theorem is an easy consequence of the following facts:

1. If D is an £L£(7T)-concept description of role depth k, then there are (not neces-
sarily distinct) roles ri,...,rg such that D C Jry.Jro. ... Irg. T

2. Let C be an EL(T)-concept description, and assume that the ALC-concept
description C’ obtained by unfolding C' w.r.t. 7 is satisfiable and has the role
depth ¢ < k. Then C' £ 3r1.3re....3r,. T, and thus C Z7 Iry.Iro. ... Irp. T.
In fact, the standard tableau-based algorithm for ALC applied to C’ constructs
a tree-shaped interpretation of depth at most £ whose root individual belongs
to C’, but not to Iry.Iro.... Irp. T.

3. For a given bound & on the role depth, there is only a finite number of inequiv-
alent £L-concept descriptions of role depth at most k. This is a consequence of
the fact that we have assumed that the sets of concept and role names are finite,
and can be shown by induction on k.
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To show that these facts imply Theorem 3 consider the £L£(7)-concept descriptions
C1,...,Cy. If all of them are unsatisfiable w.r.t. 7, then one of them (e.g., C7) can
be taken as their lcs w.r.t. 7. Otherwise, assume that C; is satisfiable w.r.t. 7. Let
C! be the ALC-concept description obtained by unfolding C; w.r.t. 7, and assume
that its role depth is £. Now, take an arbitrary £L£(7 )-concept description E that is
a common subsumer of C1,...,C, w.r.t. 7. Then, the role depth of F is at most .
Otherwise, C; C7 F would be in contradiction to the above facts 1. and 2. Thus, fact
3. implies that, up to equivalence, there are only finitely many common subsumers of
Cy,...,Cpin EL(T). The least common subsumer is simply the conjunction of these
finitely many £L(7)-concept descriptions.

It is not hard to see that the above proof is effective in the sense that one can effec-
tively compute (representatives of the equivalence classes of) all common subsumers
of C4,...,C,, and then build their conjunction. However, this brute-force algorithm
is probably not useful in practice.

Second, we consider the case of TBoxes allowing for GCls.

Theorem 4 Let 7 := {A T Ir.A, B C 3Ir.B}. Then, the lcs of the EL(T)-concept
descriptions A, B w.r.t. T does not exist.

Proof. Let E, denote the £L-concept description Jr.3r....3r. T of role depth n. For
all n > 0, E, is a common subsumer of A and B w.r.t. 7. Assume that D is a least
common subsumer of A and B, and let £ be the role depth of D. If D contains neither
A nor B, then D [Z7 E, for all n > £, which is a contradiction. However, if D contains
A, then it is easy to see that D cannot be a subsumer of B, and if D contains B,
then it cannot be a subsumer of A. Consequently, such a least common subsumer D
cannot exist. O

Note that this example is very similar to the one showing non-existence of the lcs
in £L with cyclic terminologies interpreted with descriptive semantics [2]. However,
the proof of the result in [2] is more complicated since there one is allowed to extend
the terminology in order to build the lcs.

3 A practical approximative approach

We have seen above that the lcs w.r.t. general background TBoxes need not exist. In
addition, even in the case of acyclic TBoxes, where the lcs always exists, we do not
have a practical algorithm for computing the lcs. In the bottom-up construction of
DL knowledge bases, it is not really necessary to use the least common subsumer,!
a common subsumer that is not too general can also be used. In this section, we
introduce an approach for computing such “good” common subsumers w.r.t. a back-
ground TBox. In order to explain this approach, we must first recall how the lcs of
EL-concept descriptions can be computed.

1Using it may even result in over-fitting.
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The Ics of ££-concept descriptions

Since the lcs of n concept descriptions can be obtained by iterating the application
of the binary lcs, we describe how to compute the lcs lesgs(C, D) of two €L-concept
descriptions C, D.

In order to describe this algorithm, we need to introduce some notation. Let
C be an EL-concept description. Then names(C') denotes the set of concept names
occurring in the top-level conjunction of C, roles(C') the set of role names occurring
in an existential restriction on the top-level of C, and restrict,(C) denotes the set of
all concept descriptions occurring in an existential restriction on the role r on the
top-level of C.

Now, let C, D be £L-concept descriptions. Then we have

leser(C, D) = [ ] AT
CSSL( ) A€names(C)Nnames(D)

|_| |_| Jrilcsgc(E, F)

reroles(C)Nroles(D)  Ecrestrict, (C),F €restrict, (D)

Here, the empty conjunction stands for the top concept T. The recursive call of
lcse is well-founded since the role depth of the concept descriptions in restrict,(C')
(restrict, (D)) is strictly smaller than the role depth of C' (D).

A good common subsumer in ££ w.r.t. a background TBox

Let 7 be a background TBox (acyclic or general) in some DL £y extending £L£ such
that subsumption in Lo w.r.t. this class of TBoxes is decidable. Let C, D be EL£(T)-
concept descriptions. If we ignore the TBox, then we can simply apply the above
algorithm for £L-concept descriptions to compute a common subsumer. However, in
this context taking |_|

A

Aé€names(C)Nnames(D)

is not the best we can do. In fact, some of these concept names may be constrained
by the TBox, and thus there may be relationships between them that we ignore by
simply using the intersection.

Instead, we propose to take the smallest (w.r.t. subsumption w.r.t. 7') conjunction
of concept names that subsumes (w.r.t. 7) both

l—| A and l—| B.

Aée&names(C) Benames(D)

We modify the above lcs algorithm in this way, not only on the top level of the input
concepts, but also in the recursive steps. It is easy to show that the £L£(7)-concept
description computed by this modified algorithm still is a common subsumer of A, B
w.r.t. 7. In general, this common subsumer will be more specific than the one obtained
by ignoring 7, though it need not be the least common subsumer.
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As a simple example, consider the ALC-TBox 7:

NoSon = Vhas-child.Female,
NoDaughter = Vhas-child.—Female,
SonRichDoctor = Vhas-child.(Female U (Doctor M Rich))
DaughterHappyDoctor = Vhas-child.(—=Female LI (Doctor M Happy))

ChildrenDoctor Vhas-child.Doctor

and the £L-concept descriptions

C := dhas-child.(NoSon M DaughterHappyDoctor),
D := dhas-child.(NoDaughter M SonRichDoctor).

If we ignore the TBox, then we obtain the £L-concept description Jhas-child. T as
common subsumer of C,D. However, if we take into account that both NoSon M
DaughterHappyDoctor and NoDaughter M SonRichDoctor are subsumed by the concept
ChildrenDoctor, then we obtain the more specific common subsumer

Jhas-child.ChildrenDoctor.

Computing the subsumption lattice of conjunctions of concept names

In order to obtain a practical lcs algorithm realizing the approach described above,
we must be able to compute in an efficient way the smallest conjunction of concept
names that subsumes two such conjunctions w.r.t. 7. We propose to precompute this
information using methods from formal concept analysis (FCA) [15]. In FCA, the
knowledge about an application domain is given by means of a formal context.

Definition 5 A formal context is a triple K = (O, P,S), where O is a set of objects,
P is a set of attributes (or properties), and S C O X P is a relation that connects each
object o with the attributes satisfied by o.

Let £ = (O, P,S) be a formal context. For a set of objects A C O, A’ is the set of
attributes that are satisfied by all objects in A, i.e.,

A :={peP|Vaec A: (a,p) € S}.

Similarly, for a set of attributes B C P, B’ is the set of objects that satisfy all
attributes in B, i.e.,
B':={0o€ O |Vbe B: (0,b) € S}.

A formal concept is a pair (A, B) consisting of an extent A C O and an intent
B C P such that A’ = B and B’ = A. Such formal concepts can be hierarchically
ordered by inclusion of their extents, and this order (denoted by < in the following)
induces a complete lattice, called the concept lattice of the context. Given a formal
context, the first step for analyzing this context is usually to compute the concept
lattice.
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In many applications, one has a large (or even infinite) set of objects, but only a
relatively small set of attributes. Also, the context is not necessarily given explicitly
as a cross table; it is rather “known” to a domain “expert”. In such a situation,
Ganter’s attribute exploration algorithm [13, 15] has turned out to be an efficient
approach for computing an appropriate representation of the concept lattice. This
algorithm is interactive in the sense that at certain stages it asks the “expert” certain
questions about the context, and then continues using the answers provided by the
expert. Once the representation of the concept lattice is computed, certain questions
about the lattice (e.g. “What is the supremum of two given concepts?”) can efficiently
be answered using this representation.

Recall that we are interested in the subsumption lattice? of conjunctions of concept
names (some of which may occur in GCIs or concept definitions of an Lo-TBox 7).
In order to apply attribute exploration to this task, we define a formal context whose
concept lattice is isomorphic to the subsumption lattice we are interested in. This
problem was first addressed in [1], where the objects of the context were basically all
possible counterexamples to subsumption relationships, i.e., interpretations together
with an element of the interpretation domain. The resulting “semantic context” has
the disadvantage that an “expert” for this context must be able to deliver such coun-
terexample, i.e., it is not sufficient to have a simple subsumption algorithm for the
DL in question. One needs one that, given a subsumption problem “C C D?” is able
to compute a counterexample if the subsumption relationship does not hold, i.e., an
interpretation Z and an element d of its domain such that d € C* \ D*.

To overcome this problem, a new “syntactic context” was recently defined in [8]:

Definition 6 The context K7 = (O, P,S) is defined as follows:

O = {E|E is an Ly concept description};
P = {A1,...,A,} is the set of concept names occurring in T,
S = {(E,A) | ECt A}

The following is shown in [8]:

Theorem 7 (1) The concept lattice of the context Kt is isomorphic to the subsump-
tion hierarchy of all conjunctions of subsets of P w.r.t. T.

(2) Any decision procedure for subsumption w.r.t. TBozes in Lo functions as an expert
for the context K.

It should be noted that formal concept analysis and attribute exploration has
already been applied in a different context to the problem of computing the least
common subsumer. In [7], the following problem is addressed: given a finite collection
C of concept descriptions, compute the subsumption hierarchy of all least common sub-
sumers of subsets of C. Again, this extended subsumption hierarchy can be computed
by defining a formal context whose concept lattice is isomorphic to the subsumption

2In general, the subsumption relation induces a partial order, and not a lattice structure on con-
cepts. However, in the case of conjunctions of concept names, all infima exist, and thus also all
suprema.
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lattice we are interested in, and then applying attribute exploration (see [7] for de-
tails). In [8], it is shown that this approach and the one sketched above can be seen
as two instances of a more abstract approach.

Extension to DLs more expressive than ££

For the DL ALE (which extends £L£ by value restrictions and atomic negation), an
lcs algorithm similar to the one described for €L exists [5]. The main differences
are that (i) the concept descriptions must first be normalized (which may lead to
an exponential blow-up); (ii) the recursive calls also deal with value restrictions, and
not just existential restrictions; and (iii) on the top level, one has to deal with a
conjunction of concept names and negated concept names. In the lcs algorithm, the
conjunctions mentioned in (iii) are treated similarly to the case of ££ (unless they are
contradictory): one separately computes the intersections of the positive and of the
negative concept names.

When adapting this algorithm to one that computes “good” common subsumers in
ALE w.r.t. a background TBox, all we have to change is to compute a conjunction of
concept names and negated concept names that is the most specific such conjunction
subsuming the given conjunctions w.r.t. the TBox, rather than building the intersec-
tions. It is easy to see that attribute exploration can again be used to precompute
the necessary information. Basically, the only change is that now both concept names
and negated concept names are attributes in the formal context.

4 Future work

The attributes of the formal contexts introduced in our approach (concept names and
possibly negated concept names) are not independent of each other. For example, the
name A and its negation —A are disjoint, i.e., it is not possible for an object (other
than 1) of the context to satisfy both A and —A. In addition, the TBox induces
subsumption relationships between the attributes (and this information may already
be precomputed for the given TBox during classification). Thus, one can try to apply
a modified version of attribute exploration that can use such background knowledge
[14] to speed up the exploration process.
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On Subsumption and Instance Problem in ELH
w.r.t. General TBoxes
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Abstract

Recently, it was shown for the DL L that subsumption and instance problem
w.r.t. cyclic terminologies can be decided in polynomial time. In this paper, we
show that both problems remain tractable even when admitting general concept
inclusion axioms and simple role inclusion axioms.

1 Motivation

In the area of DL based knowledge representation, the utility of general TBoxes,
i.e., TBoxes that allow for general concept inclusion (GCI) axioms, is well known.
For instance, in the context of the medical terminology GALEN [18], GCIs are used
especially for two purposes [16]:

e indicate the status of objects: instead of introducing several concepts for the
same concept in different states, e.g., normal insulin secretion, abnormal but harmless
insulin secretion, and pathological insulin secretion, only insulin secretion is defined while
the status, i.e., normal, abnormal but harmless, and pathological, is implied by GCIs
of the form ... C Jhas_status.pathological.

e to bridge levels of granularity and add implied meaning to concepts. A classical
example [11] is to use a GCI like

ulcer M Jhas_loc.stomach
C ulcer M 3has_loc.(lining M Jis_part_of.stomach)

to render the description of ‘ulcer of stomach’ more precisely to ‘ulcer of lining
of stomach’ if it is known that ‘ulcer of stomach’ is specific of the lining of the
stomach.

It has been argued that the use of GClIs facilitates the re-use of data in applications of
different levels of detail while retaining all inferences obtained from the full descrip-
tion [18]. Hence, to examine reasoning w.r.t. general TBoxes has a strong practical
motivation.

*Supported by the DFG under Grant BA 1122/4-3
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Research on reasoning w.r.t. general TBoxes has mainly focused on very expres-
sive DLs, reaching as far as, e.g., ALCNR [5] and SHZQ [12], in which deciding
subsumption of concepts w.r.t. general TBoxes is EXPTIME hard. Fewer results exist
on subsumption w.r.t. general terminologies in DLs below ALC. In [9] the problem
is shown to remain EXPTIME complete for a DL providing only conjunction, value
restriction and existential restriction. The same holds for the small DL AL which al-
lows for conjunction, value and unqualified existential restriction, and primitive nega-
tion [7]. Even for the simple DL FL,, which only allows for conjunction and value
restriction, subsumption w.r.t. cyclic TBoxes with descriptive semantics is PSPACE
hard [14], implying hardness for general TBoxes.

Recently, however, it was shown for the DL &L that subsumption and instance
problem w.r.t. cyclic terminologies can be decided in polynomial time [3, 2]. In the
present paper we show that even w.r.t. general ELH-TBoxes, including GCIs and
simple role inclusion axioms, subsumption and instance problem remain tractable. A
surprising result given that DL systems usually employed for reasoning over general
terminologies implement—highly optimized—EXPTIME algorithms [13, 10]. Similarly,
RACER [10], the only practicable reasoner for ABox reasoning w.r.t. general TBoxes,
uses an EXPTIME algorithm for the very expressive DL ALCNH p+.

The paper is organized as follows. Basic definitions related to general ELH TBoxes
are introduced in Section 2. In Sections 3 and 4 we show how to decide subsumption
and instance problem, respectively, w.r.t. general ELH-TBoxes in polynomial time.
All details and full proofs of our results can be found in our technical report [4].

2 General TBoxes in ECH

Concept descriptions are inductively defined with the help of a set of concept construc-
tors, starting with a set N.o, of concept names and a set Nyl of T0le names. In this
paper, we consider the DL &LH which provides the concept constructors top-concept
(T), conjunction (C' M D), and existential restrictions (3r.C'). As usual, ELH concept
descriptions are interpreted w.r.t. a model-theoretic semantics, see [4] for details.

An EL-terminology (called EL-TBox) is a finite set 7 of axioms of the form C' T D
(called GCI) or C' = D (called definition iff C € Ngon) or r C s (called simple role
inclusion aziom (SRI)), where C' and D are concept descriptions defined in £ and
7,8 € Nyole- A concept name A € N, is called defined in 7 iff 7 contains one or
more axioms of the form A T D or A = D. The size of T is defined as the sum of the
sizes of all axioms in 7. Denote by NZ  the set of all concept names occurring in 7°
and by Ngle the set of all role names occurring in 7. A TBox that may contain GCIs
is called general. Denote by ELH the extension of EL by SRIs in TBoxes.

An interpretation Z is a model of T iff for every GCI C © D € T it holds that
cZ c pt , for every definition C' = D it holds that ct =p* , and for every SRIr C s
it holds that v C sZ. A concept description C' subsumes a concept description D
w.r.t. 7 (C C7 D) iff 07 C D? in every model Z of 7. C and D are equivalent w.r.t.
7 (C =7 D) iff they subsume each other w.r.t. 7.

An ELH-ABox is a finite set of assertions of the form A(a) (called concept assertion)
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or r(a,b) (called role assertion), where A € Neon, 7 € Nyole, and a,b are individual
names from a set Njnq. Z is a model of a TBox 7 together with an ABox A iff 7 is a
model of 7 and o € AT such that all assertions in A are satisfied, i.e., a € AT for
all A(a) € A and (a?,b?) € r* for all r(a,b) € A. An individual name a is an instance
of C wrt. T (A=7 C(a)) iff a? € A? for all models Z of 7 together with A. Denote
by Nﬁi‘d the set of all individual names occurring in an ABox A.

The above semantics for TBoxes and ABoxes is usually called descriptive seman-
tics [15]. In case of an empty TBox, we write C T D instead of C Ty D and
analogously C' = D instead of C' =y D.

Example 1 As an example of what can be expressed by an ECH-TBox, consider
the following TBox showing in an extremely simplified fashion a part of a medical
terminology.

Pericardium C Tissue M dcont_in.Heart
Pericarditis C Inflammation
M dhas_loc.Pericardium
Inflammation C Disease N Jacts_on.Tissue
Disease I dhas_loc.dcomp_of.Heart C Heartdisease
M dis_state.Needs Treatment

cont_in C comp_of

The TBox contains four GCIs and one SRI, stating, e.g., that Pericardium is tissue
contained in the heart and that a diesease located in a component of the heart is
a heart disease and requires treatment. Without going into detail, one can check
that Pericarditis would be classified as a heart disease requiring treatment because,
as stated in the TBox, Pericarditis is a disease located in the Pericardium contained
in the heart, and everything contained in something is a component of it.!

3 Subsumption in ELH w.r.t. general TBoxes

We aim to show that subsumption of E&LH concepts w.r.t. general TBoxes can be de-
cided in polynomial time. A natural question is whether we may not simply utilize an
existing decision procedure for a more expressive DL which might exhibit polynomial
time complexity when applied to ELH-TBoxes. Using the standard tableaux algorithm
deciding consistency of general ALC-TBoxes [1] as an example, one can show that this
approach in general does not bear fruit, even for the sublanguage EC, see [4].

Hence, new techniques are required exploiting the simpler structure of general
ELH-TBoxes better. The first step in our approach is to transform TBoxes into a
normal form which limits the use of complex concept descriptions to the most basic
cases.

!The example is only supposed to show the features of ££H and in no way claims to be adequate
from a Medical KR point of view.
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Definition 2 (Normalized ECH-TBox) Let T be an ELH-TBox over Neon and Nyole.
T is normalized iff (i) T contains only GCIs and SRIs, and, (ii) all of the GCIs have
one of the following forms:

ACB

AiMAC B
AC Ir.B

Jr.AC B,

where A, A1, Ao, B represent concept names from Neon or the top concept T.

Such a normal form can be computed by exhaustively applying the following trans-
formation rules.

Definition 3 (Normalization rules) Let T be an ELH-TBox over Neop and Nyge.
For every ECH-concept description C, D, E over Nyoe U{T} and for every r € Nige,
the ECH-normalization rules are defined modulo commutativity of conjunction (M) as
follows:

NF1 c=D — {CCD,DLCC}

N2 CMDCE — {CCA ANDC E}
N3 ICCED — {CCA 3IrAC D}
Nea CC3IrD — {CC3rA AC D}

nNes CCDNE — {CCD,CLCE}

where C’,D denote non-atomic concept descriptions and A denotes a new concept
name from Neon. Applying a rule G — S to T changes T to (T \ {G})US. The
normalized TBox norm(T) is defined by exhaustively applying Rules NF1 to NF4 and,
after that, exhaustively applying Rule NF5.

The size of 7 is increased only linearly by exhaustive application of Rule NF1.
Since this rule never becomes applicable as a consequence of Rules NF2 to NF5, we may
restrict our attention to Rules NF2 to NF5. A single application of one of the Rules NF2
to NF4 increases the size of 7 only by a constant, introducing a new concept name and
splitting one GCI into two. Exhaustive application therefore produces an ontology of
linear size in the size of 7.

After exhaustive application of Rules NF1 to NF4, the left-hand side of every GCI
is of constant size. Hence, applying Rule NF5 exhaustively similarly yields an ontology
of linear size in 7. Conseqently, the following lemma holds.

Lemma 4 The normalized TBox norm(7T) can be computed in linear time in the size
of T. The resulting ontology is of linear size in the size of T .
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ISR If s € S;(r) and sCt €7 and t & Si11(r)
then Si+1(7") = i+1(7") U {t}
1Is1 If A; € SZ(Oé) and Ay C Be7 and B ¢ SZ'_:,_l(Oé)
then Siyi(a) = Siy1(a) U{B}
1s2 If A1, Ay € SZ(Oé) and A;MAC BeT
and B € S;11(«) then Si11(a) := Sit1(a) U{B}
1s3 If Ay € Si(a) and Ay CIr.BeT
and By € S;(B) and s € Si(r) and 3s.B1 T C € T
and C & Si_:,_l(Oé) then Si+1(A) = Z’+1(O&) U {C}

Figure 1: Rules for implication sets

Note that applying Rule NFs before exhaustive application of the other rules may
produce a terminology of quadratic size in the size of 7.

Our strategy is, for every concept name A € NZ and T, to compute a set of
concept names Sy(A) with the following property: whenever in some point z in a
model of 7 the concept A holds then every concept in S, (A) necessarily also holds in
x. Similarly, for every role  we want to represent by S.(r) the set of all roles included
in r. The simple structure of GCIs in normalized TBoxes allows us to define such sets

as follows. To simplify notation, let Ny := NI U{T}.

Definition 5 (Implication set) Let T denote a normalized ECH-TBox T over Neon
and Nyoe. For every A € Ny (r € NI ) and every i € IN, the set Si(A) (Si(r))
is defined inductively, starting by So(A) := {A, T} (So(r) := {r}). For every i > 0,
Si+1(A) (Six1(r)) is obtained by extending S;(A) (S;(r)) by erhaustive application
of the extension rules shown in Figure 1, where a € NCTO’HT. The implication set
S«(A) of A is defined as the infinite union Sy(A) = J,5¢ Si(A). Analogously, define
Su(r) == UiZO Si(r).

Note that the successor S;+1(A) of some S;(A) is generally not the result of only a
single rule application. S;;+1(A) is complete only if no more rules are applicable to any
S;(B) or S;(r). Implication sets induce a reflexive and transitive but not symmetric
relation on NCTO;IT and Ngle, since B € S,(A) does not imply A € S,(B). We have to
show that the idea underlying implication sets is indeed correct. Hence, the occurrence
of a concept name B in S,(A) implies that A C7 B and vice versa.

Lemma 6 For every normalized ECH-TBox over Neon and Nyole, (i) for every r,s €
Ngle, s € Su(r) iff r C7 s, and (ii) for every A, B € NZ.T it holds that B € S«(A) iff

ACT B.

We give a proof sketch, the full proof is shown in [4]. For Claim (i), obviously
r C7 s iff (r,s) is in the transitive closure induced by all ' C ¢’ € 7. Exactly this
closure is computed breadth-first by means of Rule ISR.

For the direction (=) of Claim (ii), assume z € A for some model Z of 7 and
B € S.(A). Proof by induction over the minimal n with B € S,,(A). For n =0, B €
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{A, T}, implying = € BZ. For n > 0, we distinguish the rule which caused the inclusion
of B in the ith step. In each case the induction hypothesis for the precondition of
Rule 151 to 153 implies the semantical consequence € BZ. For instance, if B has been
included in S,,(A) as a result of Rule 153 then there exist concept names Aj, Ag, A3 €
Ng;lT such that, on the one hand, A; € S,_1(A) and G := A; C Ir. A2 € 7, and
on the other hand, A3 € S,_1(A2) and H := 35.A3 C B € 7 with s € S,_1(r). By
induction hypothesis, r C s, implying by G that z € (3r.45)%. Since A3 € S,,_1(As3)
the induction hypothesis implies € AT and z € (3s.43)?, yielding by H that » € BL.
The reverse direction (<) is more involved. We show that if B ¢ S.(A) then there
is a model Z of 7 with a witness x4 € A%\ BZ. We construct a canonical model
T for A starting from a single vertex x4 € AZ, iteratively applying generation rules
which extend Z so as to satisfy all GCIs in 7. As 7 is normalized, one rule for each
type of GCI suffices. For instance, a GCI A C 3r.B induces for z € A the creation
of an r-successor labeled B. After showing that the (possibly infinite) model thus
constructed is in fact a model of A, we show by induction over the construction of 7
that the following property holds for every vertex z. If A is the first concept name
to whose interpretation = was added and if also z € BZ then B € S,(A). Note that
this holds in general only if A is the ‘oldest’ concept with 2 € AZ. The induction step
exploits the fact that if a generation rule for Z forces = into the extension of B then
one of the Rules Is1 to 153 includes B into some S,,(A). For instance, in the most
simple case, if € BT because of a GCI C' C B then at some point previous, z € C7,
implying C' € S,(A) by induction hypothesis, yielding B € S,(A) by Rule is1.

To show decidability in polynomial time it suffices to show that, (i) 7 can be
normalized in polynomial time (see above), and, (ii) for all A € NE and r € NI
the sets S,(A) and Si(r) can be computed in polynomial time in the size of 7. Every
Si+1(A) and S;11(r) depends only on sets with index i. Hence, once S;11(A) = Si(A4)
and S;+1(r) = Si(r) holds for all A and r the complete implication sets are obtained.
This happens after a polynomial number of steps, since S;(4) € NZ and S;(r) C
NZ,.. To compute S;11(A) and S;11(r) from the S;(B) and S;(s) costs only polynomial
time in the size of 7.

Theorem 7 Subsumption in ELH w.r.t. general TBoxes can be decided in polynomial
time.

4 The instance problem in ELH w.r.t. general TBoxes

We show that the instance problem in ELH w.r.t. general TBoxes can be decided
in polynomial time. To this end, the approach to decide subsumption by means of
implication sets for concept names presented in the previous section is extended to
ABox individuals. For every individual name a € Ni“éd, we want to compute a set
S.(a) of concept names with the following property: if A € S,(a) then in every model
T of T together with A the individual a? is a witness of A (and vice versa). To extend
the definition of implication sets in this way we generalize Rules 151 to 153 to individual
names and introduce a new Rule 154 specifically for individual names.
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1s4 If r(a,b) € A and B € S;(b) and s € S;(r)
and 3s.BC C €T and C & S;11(a)
then S;y1(a) := Sit1(a) U{C}

Figure 2: Additional rule for implication sets (instance problem)

Definition 8 (Implication set) Let T denote a normalized ECH—TBox T over Neon
and Nyoe and A an ABox over Ninq, NI and Nere For everyr € N, role’ Ae NCTOHT,
and a € N7\, and for every i € N, the sets Si(r), Si(A), and Si(a) are defined

inductively, starting by

So(r) :=={r}
So(A) :={A, T}
So(a) :=={A | A(a) € A} U{T}.

For everyi >0, Siy1(r), Siy1(A), and S;+1(a) are obtained by extending S;(r), S;(A),
and Si(a), respectively, by exhaustive application of Rules 1SR to 1S4 shown in Figures 1
and 2, where « € Ng;;;r U Ni“r‘}d. The implication set Si(r) of r is defined as the
infinite union Si(r) = U;>o5i(r). Analogously, define Si(A) := ;5o 5i(A) and
Si(a) = UiZO Si(a).

Since the above definition extends Definition 5 without adding new rules for
concept-implication sets S,(A), Lemma 6 still holds. The following lemma shows that
the idea underlying individual-implication sets S (a) is also correct in the sense that
A € S.(a) iff A =7 A(a). W.lo.g. we assume that every individual name a € N7,
has at most one concept assertion A(a) € A. For every a with {A;(a), A2(a)} C A
this can be satisfied by (i) introducing new TBox definitions of the form A4, T A; Ay
and Ay M Ay C A,, where A, is a new concept name, and, (ii) modifying A to
(A\{Ai(a), A2(a)}) U{As(a)}. Iterating this modification yields a normalized TBox
T’ of linear size in 7 with the required property.

Lemma 9 Let 7 be a normalized ELCH-TBox over Ngon and Nrole and A an ABozx
over Ning, NI, and NI, . For every Ag € NI and every ag € N, md, Ao € Si(ao) iff

con role*

.A lz']' Ao(ao).

Similar to Lemma 6, proof direction (=) is shown by induction over the least n
for which Ay € Sy, (ap). For the more interesting reverse direction (<), we assume
Ag ¢ Ss(ag) and construct a canonical model Z of 7 together with A where a” ¢ AL,
See [4] for the full proof.

1

The proof of decidability in polynomial time is analogous to the case of subsump-
tion: regarding computational complexity, the individual-implication sets Si(a) have
the same properties as concept-implication sets. The new Rule 1s4 also does not in-
crease the complexity of computing the sets S, (a) significantly.

Theorem 10 The instance problem in ECH w.r.t. general TBoxes can be decided in
polynomial time.
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5 Conclusion

We have seen how subsumption and instance problem in ELH w.r.t. general TBoxes can
be decided in polynomial time. Moreover, the implication sets computed for one TBox
7T can be used to decide all subsumptions between defined (or primitive) concepts in
T. Hence, classifying 7 requires only a single computation of the implication sets
for 7. The same holds for the instance problem, where a single computation of the
relevant implication sets suffices to classify 7 and decide all instance problems w.r.t.
defined (or primitive) concepts occurring in 7.

Since subsumption and instance problem remain tractable under the transition
from cyclic to general EL-TBoxes, the second natural question is how far the DL can
be extended further preserving tractability. Obviously, adding value restrictions makes
subsumption NP hard even for the empty TBox [8]. Moreover, it can be shown that
adding one of the constructors number restriction, disjunction, or allsome [6] makes
subsumption co-NP hard even without GCls.

It is open, however, whether subsumption and instance problem w.r.t. general
TBoxes remain tractable when extending ELH by inverse roles. Extending our sub-
sumption algorithm by more expressive role constructors might lead the way to a
more efficient reasoning algorithm for the representation language underlying the
GALEN [17] terminology, where inverse roles and complex role inclusion axioms can
be expressed. While the polynomial upper bound would undoubtedly be exceeded,
still a complexity better than EXPTIME might be feasible.
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Abstract

We present an application — the Instance Store — aimed at solving some of the scala-
bility problems that arise when reasoning with the large numbers of individuals envisaged
in the semantic web. The approach uses well-known techniques for reducing description
logic reasoning with individuals to reasoning with concepts. Crucial to the implementa-
tion is the combination of a description logic terminological reasoner with a traditional
relational database. The resulting form of inference, although specialised, is sound and
complete and sufficient for several interesting applications. Most importantly, the appli-
cation scales to sizes (over 100,000s individuals) where all other existing applications
fail. This claim is substantiated by a detailed empirical evaluation of the Instance Store
in contrast with existing alternative approaches.

Introduction

The Semantic Web [6] aims at making Web resources more accessible to automated processes
by adding “semantic annotations”—metadata that describes their content. It is envisaged that
the semantics in semantic annotations will be given by ontologies, which will provide a source
of precisely defined terms (vocabularies) that are amenable to automated reasoning.

A standard for expressing ontologies in the Semantic Web has already emerged: the on-
tology language OWL [9], which recently became a W3C recommendation. One of the main
features of OWL is that there is a direct correspondence between (two of the three “species”
of) OWL and Description Logics (DLs) [19]. This means that DL reasoners can be used to
reason about OWL ontologies and about annotations that are instances of concept descriptions
formed using terms from an ontology.

Unfortunately, while existing techniques for 7Box reasoning (i.e., reasoning about the
concepts in an ontology) seem able to cope with real world ontologies [18, 14], it is not
clear if existing techniques for ABox reasoning (i.e., reasoning about the individuals in an
ontology) will be able to cope with realistic sets of instance data. This difficulty arises not
so much from the computational complexity of ABox reasoning, but from the fact that the
number of individuals (e.g., annotations) might be extremely large.

In this paper we describe the instance Store (iS), an approach to a restricted form of
ABox reasoning that combines a DL reasoner with a database. The result is a system that can
deal with very large ABoxes, and is able to provide sound and complete answers to instance
retrieval queries (i.e., computing all the instances of a given query concept) over such ABoxes.
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While iS can be highly effective, it does have limitations when compared to a fully fledged
DL ABox. In particular, iS can only deal with a role-free ABox, i.e., an ABox that does not
contain any axioms asserting role relationships between pairs of individuals. Although this
may seem a rather severe restriction, the functionality provided by iS is precisely what is
required by many applications, and in particular by applications where ontology based terms
are used to describe/annotate and retrieve large numbers of objects. Examples include the use
of ontology based vocabulary to describe documents in “publish and subscribe” applications
[10], to annotate data in bioinformatics applications [12] and to annotate web resources such
as web pages [11] or web service descriptions [20] in Semantic Web applications. Indeed, we
have successfully applied iS to perform web service discovery [8], to search over the gene
ontology [12] and its associated instances (see below), and in an application to guide gene
annotation [4].

Using a database in order to support ABox reasoning is certainly not new (see below),
but to the best of our knowledge iS is the first such system that is general purpose (i.e., can
deal with any TBox and role-free ABox without customising the database schema), provides
sound and complete reasoning, and places no a-priori restriction on the size of the ABox.

In order to evaluate the design of iS, and in particular its ability to provide scalable perfor-
mance for instance retrieval queries, we have performed a number of experiments using iS to
search over a large (50,000 concept) gene ontology and its associated very large number (up
to 650,000) of individuals — instances of concept descriptions formed using terms from the
ontology. In the absence of other specialised ABox reasoners we have compared the perfor-
mance of iS with that of RACER [15] (the only publicly available DL system that supports full
ABox reasoning for an expressive DL) and of FaCT [18] (using TBox reasoning to simulate
reasoning with a role-free ABox).

Related Work As already mentioned, the idea of supporting DL style reasoning using
databases is not new. One example is [7], which can handle DL inference problems by
converting them into a collection of SQL queries. This approach is not limited to role-free
ABoxes, but the DL language supported is much less expressive, and the database schema
must be customised according to the given TBox. Another example is the Parka system [2].
Parka is not limited to role-free ABoxes and can deal with very large ABoxes. However, Parka
also supports a much less expressive language, and is not based on standard DL semantics, so
it is not really comparable to iS. Finally, [21] describes a “semantic indexing” technique that
is very similar to the approach used in iS except that files and hash tables are used instead of
database tables, and optimisations such as the use of equivalence sets are not considered.

1 Instance Store

Description Logics are a family of knowledge representation formalisms evolved from early
frame systems and semantic networks. We assume the reader to be familiar with DLs—see
[3] for a detailed discussion of DLs.

An ABox A is role-free if it contains only axioms of the form x : C. We can assume,
without loss of generality, that there is exactly one such axiom for each individual as = :
C'U—C holds in all interpretations, and two axioms x : C' and x : D are equivalent to a single
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axiom z : (C' M D). It is well known that, for a role-free ABox, instantiation can be reduced
to TBox subsumption [16, 22]; i.e., if K = (7, A), and A is role-free, then K = z : D iff
x:C € Aand T = C C D. Similarly, if £ = (7, A) and A is a role-free ABox, then the
instances of a concept D could be retrieved simply by testing for each individual z in A if
K = x : D. However, this would clearly be very inefficient if .A contained a large number of
individuals.

An alternative approach is to add a new axiom C, C D to 7 for each axiom = : D in A,
where C; is a new atomic concept; we will call such concepts pseudo-individuals. Classifying
the resulting TBox is equivalent to performing a complete realisation of the ABox: the most
specific atomic concepts that an individual x is an instance of are the most specific atomic
concepts that subsume C, and that are not themselves pseudo-individuals. Moreover, the
instances of a concept D can be retrieved by computing the set of pseudo-individuals that
are subsumed by D. The problem with this latter approach is that the number of pseudo-
individuals added to the TBox is equal to the number of individuals in the ABox, and if
this number is very large, then TBox reasoning may become inefficient or even break down
completely (e.g., due to resource limits).

The basic idea behind iS is to overcome this problem by using a DL reasoner to classify
the TBox and a database to store the ABox, with the database also being used to store a
complete realisation of the ABox, i.e., for each individual z, the concepts that = realises
(the most specific atomic concepts that x instantiates). The realisation of each individual is
computed using the DL (TBox) reasoner when an axiom of the form z : C is added to the iS
ABox.

A retrieval query @ to iS (i.e., computing the set of individuals that instantiate a concept
() can be answered using a combination of database queries and TBox reasoning. Given an
iS containing a KB (7, .A) and a query concept (), retrieval involves the computation of sets
of concepts and individuals which we denote as follows:

e () |7 denotes the set of atomic concepts in 7 subsumed by @); these are the equivalents
and descendants of Q in 7.

e [Q]7 denotes the set of most specific atomic concepts in 7 subsuming Q; if @ is itself
an atomic concept in 7 then clearly [Q]7 = {Q}.

e [ denotes the set of individuals in A that realise some concept in Q | T;

e I denotes the set of individuals in A that realise every concept in [Q] 7.
The iS algorithm to retrieve the instances of () can be then described as follows:

1. use the DL reasoner to compute @ | 7;

2. use the database to find the set of individuals I5;

3. use the reasoner to check whether () is equivalent to any atomic concept in 7 ; if that is
the case then simply return I; and terminate;

4. otherwise, use the reasoner to compute [Q]7;

5. use the database to compute [5;
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6. use the reasoner and the database to compute I3, the set of individuals x € I such that
x : C'is an axiom in .4 and C' is subsumed by Q;

7. return I U I3 and terminate.

Proposition. The above procedure is sound and complete for retrieval, i.e., given a concept
@, it returns all and only individuals in .4 that are instances of ).

The above is easily proved using the fact that we assume, without loss of generality, that for
each individual there is only one axiom associated to it.

An Optimised Instance Store

In practice, several refinements to the above procedure are used to improve the performance
of iS. In the first place, as it is potentially costly, we should try to minimise the DL reasoning
required in order to compute realisations (when instance axioms are added to the ABox) and
to check if individuals in I; are instances of the query concept (when answering a query).

One way to (possibly) reduce the need for DL reasoning is to avoid repeating computa-
tions for “equivalent” individuals, e.g., individuals x1,xo where x1 : Cq and zo : C5 are
ABox axioms, and (' is equivalent to Cs. Since checking for semantic equivalence between
two concepts would require DL reasoning (which we are trying to avoid), the optimised iS
only checks for syntactic equality using a database lookup. (The chances of detecting equiva-
lence via syntactic checks could be increased by transforming concepts into a syntactic normal
form, as is done by optimised DL reasoners [17], but this additional refinement has not yet
been implemented in iS.) Individuals are grouped into equivalence sets, where each individ-
ual in the set is asserted to be an instance of a syntactically identical concept, and only one
representative of the set is added to the iS ABox as an instance of the relevant concept. When
answering queries, each individual in the answer is replaced by its equivalence set. Similarly,
we can avoid repeated computations of sub and super-concepts for the same concept (e.g.,
when repeating a query) by caching the results of such computations in the database.

Finally, the number and complexity of database queries also has a significant impact on
the performance of iS. In particular, the computation of I; can be costly as () |7 may be
very large. One way to reduce this complexity is to store not only the most specific concepts
instantiated by each individual, but to store every concept instantiated by each individual. As
most concept hierarchies are relatively shallow, this does not increase the storage requirement
too much, and it greatly simplifies the computation of I;: it is only necessary to compute
the (normally) much smaller set of most general concepts subsumed by () and to query the
database for individuals that instantiate some member of such set. On the other hand, the
computation of I5 is slightly more complicated, because I; must be subtracted from the set of
individuals that instantiate every concept in [@)]7. Empirically, however, the savings when
computing I; seems to far outweigh the extra cost of computing /5.

2 Implementation

We have implemented iS using a component based architecture that is able to exploit existing
DL reasoners and databases. The core component is a Java application [1] talking to a DL
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reasoner via the DIG interface [5] and to a relational database via JDBC. We have tested it
with FaCT [18] and RACER reasoners and MySQL, Hypersonic, and Oracle databases.

initialise (Reasoner reasoner, Database db, TBox t)
addAssertion(Individual i, Concept C)

retract (Individual 1)

retrieve (Concept Q): Set(Individual)

Figure 1: Basic functionality of iS

The basic functionality of iS is illustrated by Figure 1. The four basic operations are
initialise, which loads a TBox into the DL reasoner, classifies the TBox and establishes
a connection to the database; addAssertion, which adds an axiom ¢ : D to iS; retract,
which removes any axiom of the form ¢ : C' (for some concept C) from iS; and retrieve,
which returns the set of individuals that instantiate a query concept (). Since an iS ABox can
only contain one axiom for each individual, asserting 7 : D when ¢ : C' is already in the ABox
is equivalent to first removing ¢ and then asserting ¢ : (C'M D).

In the current implementation, we make the simplifying assumption that the TBox itself
does not change. Extending the implementation to deal with monotonic extensions of the
TBox would be relatively straightforward, but deleting information from the TBox might
require (in the worst case) all realisations to be recomputed.

Database. For the basic iS, the database schema is straightforward: a table with all the
assertions stored as pairs individual/concept (with individual as primary key), and a table of
pairs individual/atomic concept. The latter table holds the asserted individuals together with
the most specific atomic concepts instantiated by them.

For the optimised iS, the database schema is illustrated in Figure 2. There is a main

Concepts (id, concept)

Assertions (individual, conceptId)
Types (conceptId, atomicConcept)
Equivalents (conceptId, atomicConcept)
Parents (conceptId, atomicConcept)
Children (conceptId, atomicConcept)

Figure 2: Database Schema for the Optimised iS

Concept s table assigning a unique id to every asserted or retrieved concept; the concept Id
in the other tables is a foreign key referencing id. Apart from the evident Assertions ta-
ble, the remaining tables hold TBox information inferred using the reasoner: the Types table
holds all ancestors and equivalents of the asserted/retrieved concepts, while the position of the
concepts in the taxonomy is recorded by either storing their equivalents if they exist or both
their children and parents in the corresponding tables.

3 Empirical Evaluation

To illustrate the scalability and performance of iS we describe the tests we have performed
using the gene ontology and its associated instance data. We also illustrate how this compares

35



with existing non-specialised ABox reasoning techniques by describing the same tests per-
formed using RACER and FaCT (the latter using the pseudo-individual approach discussed in
Section 1).

The gene ontology (GO) itself, an ontology describing terms used in gene products and
developed by the Gene Ontology Consortium [23], is little more than three taxonomies of
gene terms, with a single role being used to add “part-of” relationships. However, the on-
tology is large (47,012 atomic concepts) and the instance data, obtained by mining the GO
database [13] of gene products, consists of 653,762 individual axioms involving 48,581 dis-
tinct complex DL expressions using three more roles.

The retrieval performance tests use two sets of queries. The first set (Q1-Q5) was for-
mulated with the help of domain experts and consists of five realistic queries that might be
posed by a biologist. The second set (Q6-Q11) consists of six artificial queries designed to
test the effect on query answering performance of factors such as the number of individuals
in the answer, whether the query concept is equivalent to an atomic concept (if so, then the
answer can be returned without computing /3), and the number of candidate individuals in I
for which DL reasoning is required in order to determine if they form part of the answer. The
characteristics of the various queries with respect to these factors is shown in Table 1.

Table 1: Query characteristics

Query Equivalentto | No. of Instances | No. of “candidates”
Atomic Concept in Answer in Iy
Q1 Yes 2,641 n/a
Q2 No 0 284
Q3 No 3 284
Q4 Yes 7,728 n/a
Q5 Yes 25 n/a
Q6 No 13,449 551
Q7 No 11,820 116
Q8 No 12 603
Q9 No 19 19
Q10 Yes 4,543 n/a
Q11 Yes 1 n/a

3.1 Loading and Querying Tests

In these tests, we compared the performance of iS with that of RACER using the GO TBox
and different sized subsets of the GO ABox. The iS was first initialised with the GO TBox,
then for each ABox, we measured the time (in CPU seconds) taken to load the ABox into it.
A comparison with RACER is shown in Table 2.

The time taken by the iS to load the ABoxes increases more slowly than their size: for
ABox size 200, iS takes about 1s to add each individual axiom; by the time the ABox size has
reached 400,000 this has fallen to approximately 0.25s per axiom. In view of the equivalent
individuals optimisation employed by iS, however, it may be more relevant to consider the
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Table 2: iS and RACER load and realise times (CPU seconds)

Number of Distinct Load & Realise (s)
Individuals | Descriptions iS \ RACER
200 155 189 180

500 330 405 3,420

1,000 591 804 | 22,320
2,000 1,017 1,395 fault
5,000 2,024 2,906 fault
10,000 3,299 5,988 fault
20,000 5,364 11,057 fault
50,000 9,760 || 21,579 fault
100,000 15,147 33,456 fault
200,000 23,387 || 56,613 fault
400,000 35,800 || 96,503 fault
653,762 48,581 || 140,623 fault

time taken per distinct description: this increases from about 1s per description for the size
200 ABox (which contains 155 distinct descriptions) to approximately 3s per description for
the size 653,762 ABox (which contains 48,581 distinct descriptions).

The time taken by RACER to realise the smallest ABox is roughly the same as that taken
by iS. As the ABox size grows, however, the time taken by RACER increases rapidly, and
at ABox size 1,000 it is already taking approximately 22s per axiom. For larger ABoxes,
RACER broke down due to a resource allocation error in the underlying Lisp system.

Next, we measured retrieval times. For RACER, we carried out the same tests in two
different ways. In both cases we first initialised RACER with the GO TBox, then loaded the
ABox. In the first test, we used the realize-abox function to force RACER to compute a com-
plete realisation of the ABox before answering any queries; if the realisation was successfully
completed, we then timed how long it took to answer each of the queries. In the second test,
we simply timed how long it took RACER to answer each of the queries without first forcing
it to realise the ABox.

The results for iS when answering each of the five realistic queries and six artificial
queries are plotted against the size of the ABox in Figure 3; note the logarithmic scales on
both axes. The figure shows that the time taken to answer queries like Q6 and Q8 becomes
quite large. This is due to the fact that I is large, thus demanding repeated invocations of
the expensive check (roughly 0.2s per individual) in step 6 of iS retriecal algorithm. The
number of “distinct” individuals in the answer also has a significant impact on performance:
when there are many such individuals, the database query required in order to compute the
complete answer set can be quite time consuming.

We tested also RACER with the above queries, both in the case where the ABox has
been realised and where it has not. Once the ABox has been realised, queries are answered
almost instantly, but results are only available for the relatively small ABoxes that RACER
was able to realise (up to 1,000 individuals). When the ABox was not realised, answers
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Figure 3: iS realistic (left) and artificial (right) query times -v- ABox size

were again returned almost instantly for smaller ABoxes, but when the ABox size exceeded
1,000 individuals the answer times increased dramatically, and for ABoxes larger than 10,000
individuals (larger than 5,000 in the case of Q9) RACER again broke down due to a resource
allocation error in the underlying Lisp system.

It should be mentioned that the results for iS include significant communication overheads
(both with the database and DL reasoner), which was not the case for RACER since queries
were posed directly via its command line interface.

3.2 Pseudo-individual Tests

As discussed in §1, one way to deal with role-free ABoxes is to treat individuals as atomic
concepts in the TBox (pseudo-individuals). To test the feasibility of this approach, we again
used the GO TBox and ABox, and the set of queries described above. To make the comparison
fair, only distinct instantiated concept are used. The FaCT system was used in these tests
as RACER broke down when trying to classify the GO TBox augmented with the pseudo-
individuals, again due to a resource allocation error in the underlying Lisp system.

In order to investigate how the pseudo-individual approach would scale with increasing
ABox (and hence TBox) size, we tried computing the concepts subsumed by each query with
the GO TBox alone (which contains 47,012 concept names) and with the TBox augmented
with the pseudo-individuals derived from the GO ABox (a total of 95,593 concept names).
The results of these tests are given in Table 3. It is important to note that they do not include
the time required to expand answers to include sets of equivalent individuals—as discussed
above, this can be quite time consuming for some queries (e.g., 19.5s in the case of Q9 with
the largest ABox).

As one can see, the time taken to compute the answers to the queries is heavily dependent
on the size of the answers, and in the case of Q4 with the pseudo-individual augmented TBox,
the time was over 600s. This is in contrast to iS, where the size of answer had comparatively
little effect on the time taken to answer queries. For queries with relatively small answers,
however, the pseudo-individual approach was highly effective, even for queries that were time
consuming to answer using iS.
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Table 3: Pseudo-individual query time (CPU seconds) and answer size

Query GO TBox GO TBox + ABox

Time [ Answer Size | Time [ Answer Size
Ql 8.1 220 | 233.3 2,861
Q2 1.3 1 1.2 1
Q3 0.2 1 1.4 4
Q4 26.0 881 | 631.8 8,609
Q5 0.5 2 5.2 27
Q6 4.3 86 | 176.6 2,450
Q7 1.4 1 10.0 147
Q8 1.3 1 1.5 7
Q9 1.4 1 3.5 22
Q10 4.2 109 | 1144 1,407
Ql1 0.5 1 2.0 2

4 Discussion and Future Work

Our experiments show that iS provides stable and effective reasoning for role-free ABoxes,
even those containing very large numbers of individuals. In contrast, full ABox reasoning us-
ing the RACER system exhibited accelerating performance degradation with increasing ABox
size, and at least the current RACER release (1.7.7) was not able to deal with the larger ABoxes
used in our evaluation. The pseudo-individual approach to role-free ABox reasoning was
more promising, and may be worth further investigation.

The acceptability of the performance of iS would obviously depend on the nature of
the application and the characteristics of the KB and of typical queries. It is likely that the
performance of iS can be substantially improved simply by dealing with constant factors such
as communication overheads.

Future work includes the investigation of additional optimisations and enhancements,
such as providing a more sophisticated query interface. We are also investigating ways to
extend iS to ABoxes that are not completely role-free. This may be possible in restricted
cases by applying some form of precompletion [16] to the ABox.
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Abstract

We show how a tableaux algorithm for SHZ Q can be extended to support role boxes
that include range and domain axioms, prove that the extended algorithm is still a de-
cision procedure for the satisfiability and subsumption of SHZ Q concepts w.r.t. such a
role box, and show how support for range and domian axioms can be exploited in order
to add a new form of absorption optimisation called role absorption. We illustrate the
effectiveness of the optimised algorithm by analysing the perfomance of our FaCT++
implementation when classifying terminologies derived from realistic ontologies.

1 Introduction

Many modern ontology languages (e.g., OIL [3], DAML+OIL [8] and OWL [2]) are based on
expressive description logics, and in particular on the SHZ Q family of description logics [9].
These ontology languages typically support domain and range constraints on roles, i.e., ax-
ioms asserting that if an individual z is related to an individual y by a role R, then 2 must be
an instance of the concept that is the domain of R and y must be an instance of the concept
that is the range of R.Such axioms are not directly supported by SHZQ, but can trivially
be transformed into general inclusion axioms (GCIs), i.e., an axiom asserting a subsumption
relationship between two arbitrary concept terms. In particular, restricting the domain of a
role R to be concept C' is equivalent to adding an axiom 9dR.T C C, and restricting the range
of arole R to be concept D is equivalent to adding an axiom T C VR.D.

The problem with this transformation is that such GCls are not amenable to absorption,
an optimisation technique that tries to rewrite GCls so that they can be efficiently dealt with
using the lazy unfolding optimisation [6]. Absorption is one of the crucial optimisations that
enable state of the art DL reasoners such as FaCT [7], Racer [5] and Pellet [12] to deal ef-
fectively with large knowledge bases (KBs), and these reasoners perform much less well with
KBs containing significant numbers of unabsorbable GCls. Unfortunately, many ontologies
contain large numbers of different roles, each with a range and domain constraint, and the
resulting KBs therefore contain many unabsorbable GCls.

It has already been shown that, in order for the Racer system to be able to classify large
KBs containing many range and domain constraints, it is necessary to give a special treatment
to the GCls introduced by range and domain axioms [4]. The approach used by Racer is
to extend the lazy unfolding optimisation so that concepts equivalent to those that would be
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introduced by the GCls are introduced only as necessary. In the approach presented here,
we extend the tableaux satisfiability testing algorithm so that range and domain axioms are
directly supported. The advantage with this approach is that we are able to extend the formal
correctness proof to demonstrate that the extended algorithm is still a decision procedure for
SHZQ satisfiability (i.e., it returns satisfiable iff the input concept is satisfiable).

As well as allowing range and domain to be dealt with very efficiently, this algorithm also
allows us to implement an extended version of the absorption optimisation, called role absorp-
tion, that transforms GCls into domain constraints. Role absorption can provide alternative
and perhaps more effective ways to absorb certain forms of GCI, and can also be applied to
some otherwise unabsorbable forms of GCI. This can lead to dramatic performance improve-
ments for KBs that contain significant numbers of such GCls. We demonstrate this (as well
as the performance improvements resulting from support for range and domain axioms) with
an empirical analysis of the performance of the extended algorithm when classifying several
KBs derived from realistic ontologies.

2 Preliminaries

We first introduce the syntax and semantics of the SHZ Q logic, including the semantics of
role boxes extended with range and domain axioms. Most details of the logic and the tableaux
algorithm are little changed from those presented in [9]. We will, therefore, focus mainly on
the parts that have been added in order to deal with range and domain axioms, and refer the
reader to [9] for complete information on the remainder.

The absolutely most part of formal definitions here is taken from [9]. We have introduced
new constructions into the existing definitions, so all algorithms were slightly changed.

Definition 1 Let C and R be disjoint sets of concept names and role names respectively.
The set of SHZ Q-rolesis R U {R™ | R € R}. To avoid considering roles such as R~—, we
define a function Inv on roles such that Inv(R) = R~ if R is a role name, and Inv(R) = S if
R = S". For Rand S SHZQ-roles and C a SHZ Q-concept, a role axiom is either a role
inclusion of the form R C S, a transitivity axiom of the form Trans(R), or a constraint axiom
of the form Domain(R, C') or Range(R, C). A role box R is a finite set of role axioms.

Arole R is called simple if, for = the transitive reflexive closure of C on R and for each
role S, S & R implies Trans(S) ¢ R and Trans(Inv(S5)) ¢ R.

The set of concepts is the smallest set such that every concept name is a concept, and,
for C and D concepts, R a role, S a simple role and n a non-negative integer, then C 1 D,
CuD,-C,dR.C,VYR.C, 2nS.C and <nS.C are also concepts.

The semantics is given by means of an interpretation Z = (AZ, -Z) consisting of a non-
empty set AZ, called the domain of Z, and a valuation -Z which maps every concept to a subset
of AT and every role to a subset of AZ x AZ such that, for all concepts C, D, roles R, S,
and non-negative integers n, the properties in Figure 1 are satisfied, where §A/ denotes the
cardinality of a set M.

An interpretation satisfies a role axiom if it satisfies the semantic conditions given in
Figure 1. An interpretation satisfies a role box R if it satisfies each role axiom in R.

A terminology or TBox 7 is a finite set of general concept inclusion axioms, 7 = {C; C
Dy,...,C, C D,}, where C;, D; are arbitrary SHZ Q-concepts. An interpretation Z satis-
fies 7 iff CZ C DZ holds for all C; C D; € 7.
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Concepts & Roles Syntax Semantics

atomic concept C A AT C AT

atomic role R R RT C AT x AT

inverse role R~ {{z,y) | {y,z) € RT}

conjunction CnbD (cnD)Y =ctnD?

disjunction CuD (CuD)t =ctuD?

negation -C (-C)t = AT\ 7

exists restriction JR.C (3R.C)? = {z | y.(z,y) € R and y € C*}
value restriction VR.C (VR.C)t = {z | Vy.(x,y) € RT impliesy € C*}
atleast restriction >nS.C | (=nS.0) = {z | t({y.(z,y) € ST} N CT) > n}
atmost restriction <nS.C | (<nS.0) = {z | t({y.(z,y) € ST} N CT) < n}
Role Axioms Syntax Semantics

role inclusion RLCS RI C ST

transitive role Trans(R) RT = (RM)?

role domain Domain(R, O) (z,y) € RT implies z € C*

role range Range(R, C) (z,y) € RT impliesy € C7

Figure 1: Syntax and semantics of SHZ Q

A SHZIQ-concept C' is satisfiable w.r.t. a role box R and a terminology 7 iff there is an
interpretation Z with CT # () that satisfies both R and 7. Such an interpretation is called
a model of C' w.rt. R and 7. A concept C' is subsumed by a concept D w.r.t. R and 7 iff
C* C D? for each interpretation Z satisfying R and 7.

Theorem 1 Satisfiability and subsumption of SHZ Q-concepts w.r.t. terminologies and role
boxes is polynomially reducible to (un)satisfiability of SHZ Q-concepts w.r.t. role boxes [9].

3 Tableaux Reasoning with Range and Domain

Here we present an algorithm for deciding the satisfiability of a SHZ Q-concept C w.r.t. a
role box R; it is an extension of the SHZ Q tableaux algorithm from [9].

For ease of Tableaux construction, we assume C' and all concepts in (range and domain
axioms in) R to be in negation normal form (NNF), that is, negation occurs only in front
of concept names. Any SHZ Q-concept can easily be transformed into an equivalent one in
NNF by pushing negations inwards; with ~C we denote the NNF of =C'. We define RD(R)
as the set of concepts s.t. C € RD(R) iff Domain(R, C) € R or Range(R, C) € R for some
role R. We define c1(C,R) as the smallest set of concepts that is a superset of C' U RD(R)
and is closed under subconcepts and ~.

Definition 2 Let D be a SHZQ-concept in NNF, R a role box, and R the set of roles
occurring in D and R together with their inverses. Then 7' = (S, £, €) is a tableau for D
w.rt. R iff S is a set of individuals, £ : S — 2°1PR) maps each individual to a set of
concepts, & : Rp — 255 maps each role to a set of pairs of individuals, and there is some
individual s € S such that D € L(s). Furthermore, for all s,t € S, C,Cy,Cy € c1(D,R),
and R, S € Rp, it holds that:
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if C € L(s), then =C ¢ L(s)

if C1MCy e L(s), then C1 € L(s) and Cy € L(s),

if C1 U Cy € L(s),then C1 € L(s) or Cy € L(s),

if vS.C € L(s) and (s, t) € E(S), then C € L(¢),

if 35.C € L(s), then there is some ¢ € S such that (s, ¢) € £(5) and C € L(¢),

if vS.C € L(s) and (s, t) € E(R) for some R & .S with Trans(R), then VR.C' € L(t),

(s,t) € E(R)Iiff (t,s) € E(Inv(R)),

if (s,t) € E(R)and R £ S, then (s, t) €
if (<nSC)eL(s)thentST(s,0C) <
if (>n S C)eL(s),thentST(s,C) >

if (

if {

if (

\_//\/-\/‘\

£(S),

© © N o bk wDdPE

n
n,

e =
= o

1 nSC)el(s)and (s, t) € E(S) then C € L(t) or ~C € L(1),
s,t) € £(S) and Domain(S,C) € R, then C € L(s),
s,t) € E(S) and Range(S,C) € R, then C € L(t),

-
o

13. i

where we use < as a placeholder for both < and > and we define
ST(s,C):={t eS| (s,t) € &S)and C € L(t)}.

Lemmal A SHZQ-concept D is satisfiable w.r.t. a role box R iff D has a tableau w.r.t. R.

3.1 An Extended Tableaux Algorithm

In order to make the following description easier, we will abuse notation by using Domain(R)
and Range(R) to mean the sets of concepts corresponding to the domain and range axioms in
R that apply to a role R, i.e., Domain(R) = {C | Domain(R,C) € R}, and Range(R) =
{C | Range(R,C) € R}.

Definition 3 A completion tree for a concept D is a tree where each node = of the tree is
labelled with a set L(z) C c1(D,R) and each edge (z,y) is labelled with a set L((x,y))
of (possibly inverse) roles occurring in c1(D,R); explicit inequalities between nodes of the
tree are recorded in a binary relation # that is implicitly assumed to be symmetric.

Given a completion tree, a node y is called an R-successor of a node = iff y is a successor
ofzand S € L((z,y)) for some S with S & R. A node y is called an R-neighbour of z iff y
is an R-successor of z, or if x is an Inv(R)-successor of y. Predecessors and ancestors are
defined as usual.

A node is blocked iff it is directly or indirectly blocked. A node = is directly blocked iff
none of its ancestors are blocked, and it has ancestors z’, y and v/ such that

1. z is a successor of =’ and y is a successor of 3y’ and
2. L(xz) =L(y)and L(2') = L(y') and
3. L({#',x)) = L({y' . m))-
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A node y is indirectly blocked iff one of its ancestors is blocked, or it is a successor of a
node z and L ({(z,y)) = 0.

For a node x, L(x) is said to contain a clash iff {A, =A} C L(x) or if, for some concept
C, some role S, and some n € N: (< n S C) € L(z) and there are n + 1 S-neighbours
Y0, --,Yn Of z such that C' € L(y;) and y; # y; forall 0 < i < j < n. A completion tree
is called clash-free iff none of its nodes contains a clash; it is called complete iff none of the
expansion rules is applicable.

For a SHZ Q-concept D, the algorithm starts with a completion tree consisting of a single
node z with £(x) = {D} and # = (. It applies the expansion rules in Fig. 2, stopping when
a clash occurs, and answers *“D is satisfiable™ iff the completion rules can be applied in such
a way that they yield a complete and clash-free completion tree.

Note that the only change w.r.t. [9] is addition of the domain and range-rules that add
concepts to node labels as required by domain and range axioms.

Lemma 2 Let D be an SHZQ-concept.
1. The tableaux algorithm terminates when started with D.

2. Ifthe expansion rules can be applied to D such that they yield a complete and clash-free
completion tree, then D has a tableau.

3. If D has a tableau, then the expansion rules can be applied to D such that they yield a
complete and clash-free completion tree.

The following theorem is an immediate consequence of Lemmas 1, 2 and Theorem 1.

Theorem 2 The tableaux algorithm is a decision procedure for the satisfiability and sub-
sumption of SHZ Q-concepts with respect to role boxes.

4 Role Absorption

Given that the new algorithm is able to deal directly with range and domain axioms, it makes
sense to transform GCls into range and domain axioms. We call this new form of absorp-
tion role absorption in contrast to the usual form of absorption we will refer to as concept
absorption (see [10]).

Role absorption is important because in ontology derived KBs range and domain con-
straints will often have been transformed into GCIs. This is because tools such as OilEd
[1] and Protégé [11] are designed to work with range of DL reasoners, some of which (e.g.,
FaCT) do not support range and domain axioms. Moreover, these forms of GCI are not, in
general, amenable to standard concept absorption techniques.

We introduce two kinds of role absorption: basic and extended role absorptions.

Basic role absorption.

The simple form of role absorption, which we will refer to as basic role absorption, deals
with the axiom of the form 3R.T C C and T C VR.C and is formalised in the following
theorem:
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M-rule:

LI-rule:

J-rule:

V-rule:

V-rule:

if 1. C1 1 Cy € L(x), x is not indirectly blocked, and
X

2.{C1,Ca} € L(x)
then L(x) — L(.T) U {01, CQ}

if 1. Cy U Cy € L(x), x is not indirectly blocked, and
2.{C1,Co} N L(z) = 0
then L(x) — L(z) U{C} for some C € {Cy,Ca}

if 1. 35.C € L(x), x is not blocked, and
2. x has no S-neighbour y with C' € L(y),
then create a new node y with £((x,y)) = {S} and L(y) = {C}

if 1. VS.C € L(x), = is not indirectly blocked, and
2. there is an S-neighbour y of z with C' ¢ L(y)
then L(y) — L(y) U{C}

if 1. vS.C € L(x), x is not indirectly blocked, and

2. there is some R with Trans(R) and R & S,

3. there is an R-neighbour y of = with VR.C' ¢ L(y)
then L(y) — L(y) U{VR.C}

choose-rule: if 1. (@ n S C) € L(x), x is not indirectly blocked, and

>-rule:

<-rule:

2. there is an S-neighbour y of 2 with {C, ~C} N L(y) =0
then L(y) — L(y) U{E} forsome E € {C,~C'}

if 1. (=n S C) e L(z), zis not blocked, and
2. there are not n S-neighbours y1, . .., y, of x with
Cel(yp)andy; #yjforl <i<j<n
then create n new nodes y1, . .., y, With L((z,v;)) = {S},
L(y) ={C}andy; #y;for1 <i<j<n.

if 1. (<n S C)e L(x), zisnot indirectly blocked, and
2. 45T (z,C) > n and there are two S-neighbours y, 2 of = with
C € L(y),C € L(z), y is not an ancestor of x, and not y # =
then 1. £(z) — L(z) U L(y) and
2. if zis an ancestor of x
then L((z,z)) — L((z,2))UInv(L((z,y)))
else  L((z,2)) — L((z,2))UL((z,y)
3. L((z,y) — 0
4. Setu # z forall u withu # y

domain-rule if 1. C' € Domain(S), x is not indirectly blocked, and

2. there is an S-neighbour y of z and C' ¢ L(xz)
then L(z) — L(z) U{C}

range-rule if 1. C' € Range(S),  is not indirectly blocked, and

2. there is an S-neighbour y of x with C' & L(y)
then L(y) — L(y) U {C}

Figure 2: The complete tableaux expansion rules for SHZ Q

Theorem 3 Let R be a SHZ Q role box.
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1. An interpretation Z satisfies R and 3R.T C C iff Z satisfies R U {Domain(R, C)}.
2. An interpretation Z satisfies R and T C VR.C iff Z satisfies R U {Range(R, C)}.

Extended Role Absorption

Rewriting techniques similar to those used in concept absorption can be used to extend the
basic role absorption technique to deal with a wider range of axioms. An axiom of the form
JR.C C D can be absorbed into a domain constraint Domain(R, D LI =3 R.C') by rewriting
itasdR.T C D U —-dR.C. Similarly, an axiom of the form D C VR.C can be absorbed into
a domain constraint Domain(R, ~D LI =3R.=C).

5 Implementation and Empirical Evaluation

We have implemented the extended tableaux algorithm and role absorption optimisation in
the FaCT++ DL reasoner. FaCT++ is a next generation of the well-known FaCT reasoner [7],
being developed as part of the EU WonderWeb project (see http://wonder web.
semant i cweb. or g/ ); it is based on the same tableaux algorithms as the original FaCT,
but has a different architecture and is written in C++ instead of Lisp.

Absorption

Absorption in FaCT++ uses the same basic approach as FaCT [10, 6]. Given a TBox 7, the
absorption algorithm constructs a triple of TBoxes (Zqef, Zsub, Zg) such that:

o Tg.r IS aset of axioms of the form A = C (equivalent to a pair of axioms {A C C,C' C
A} C T),where A € C (i.e., A isa concept name) and there is most one such axiom
for each A € C. Such an axiom is often called a definition (of A).

e T, consists of a set of axioms of the form A T D, where A € C and there is no
axiom A = C'in Tyes.

e 7, contains all the remaining axioms from 7.

The lazy unfolding optimisation allows the axioms in 7g4.r and 7g,y, to be dealt with more
efficiently than those in 7,. Therefore, during the absorption process, FaCT++ processes
the axioms in 7, one at a time, trying to absorb them into Z,,. Those axioms that are not
absorbed remain in 7.

To simplify the formulation of the absorption algorithm, each axiom C' C D is viewed as
a clause G = {D,—~C'}, corresponding to the axiom T C C' — D, which is equivalent to
C C D. The concepts in G are also assumed to be in negation normal form. For each such
axiom, FaCT++ applies the absorption steps described in Fig. 3, with U({C", ..., C},,}) being
used to denote C; LI ... LU C,,.

In contrast to the FaCT approach, FaCT++ applies all possible simplifications (except
recursive absorption) in a single step. This usually leads to several possible concept and
role absorption options, with the intention that heuristics will be used to select the “best”
absorption. The development of suitable heuristics is, however, still part of future work.
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B Beginning of the absorption cycle.

C Concept absorption. If there is a concept = A € G such that A € C and there is ho
axiom of the form A = C'in T4, thenadd A T LU(G \ {—A4}) to 75y, and exit.

R Role absorption. If there is a concept ~3R.C' € G, then add Domain(R, LU(G))
to R and exit.

S Simplification.
1. For every C' € G such that C' is of the form (C; U... U C,,), change G as
follows: G = GU{C4,...,C,} \ {C}}.

2. Forevery A € G (resp. ~A € G), if there is an axiom A = C' in T, then
substitute A € G (resp. =A € G) with C (resp. ~C).

3. If any simplification rule was applied, then return to step B.
E If there is some C' € G such that C is of the form (C; ... M C,,), then for each

C; try to absorb (recursively) G U {C;} \ {C'}, and exit. Otherwise, absorption of
G has failed; leave G in 7, and exit.

Figure 3: FaCT++ absorption algorithm

Experiments

We have tested FaCT++’s performance when classifying several TBoxes derived from realis-
tic ontologies. In each case range and domain constraints from the ontology had already been
transformed into GCls of the form 3R. T T C and T C VR.C as described above. All tests
used FaCT++ version 0.90 beta running under Linux on an Athlon 2000+ machine with 1Gb
of memory.

All our experiments shows that classification time and number of operations reduced by
approximately 1 order of magnitude after applying basic role absorption, and by a further
60-80% (approximately) after applying extended role absorption (if avaliable). Due to lack of
space we only present here results for a single example.

The RTIMS ontology is taken from a publish and subscribe application where it is used by
document publishers to annotate documents so that they can be routed to the appropriate sub-
scribers [13]. The ontology contains about 250 concepts (with medium-complex structure),
76 range and domain constraints and 14 GCls that are not absorbable by concept absorption.

This ontology is too small to show significant gains in performance. In order to give an
indication of the effects of extended role absorption on larger Thoxes containing proportion-
ately more GCls, we duplicating the RTIMS TBox, systematically renaming concepts and
roles, and generated larger TBoxes by unioning together several (from 1 to 100) copies of the
the original TBox.

The results of our experiments with these Thoxes are shown in Figure 4, with the prob-
lem size (number of copies of the original TBox) on the x-axis and classification time in
CPU seconds and number of Li-rule applications on the y-axis (using a logarithmic scale). It
can be seen that without role absorption the classification time (and other y-axis parameters)
increases rapidly with problem size, and without extended (basic) role absorption a TBox con-
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Figure 4: Classification time (left) and LI-rule applications (right) for multi-RTIMS TBoxes

sisting of 28 (8) copies of the original already takes several thousand CPU seconds to classify.
Further tests failed due to memory limits. In contrast, when using extended role absorption,
a TBox consisting of 100 copies of the original could be classified in a little over 100 CPU
seconds and requires about 34Mb of memory.

6 Discussion

We have shown how a tableaux algorithm for SHZ Q can be extended to support role boxes
that include range and domain axioms, and proved that the extended algorithm is still a de-
cision procedure for the satisfiability and subsumption of SHZ Q concepts w.r.t. such a role
box. It should be straightforward to similarly extend tableau algorithms for related DLs such
as SHOQ. We have also shown how support for range and domian axioms can be exploited
in order to add a new form of absorption optimisation called role absorption.

We have implemented the extended algorithm and the role absorption optimisation in the
FaCT++ reasoner, and we have illustrated their effectiveness by analysing the behaviour of
FaCT++ when classifying several KBs derived from realistic ontologies. The analysis shows
that, not only are the new techniques highly effective, but also that the ordering of different
absorption steps can have a significant effect on performance. Future work will include a
more detailed study of this effect with a view to devising heuristics that can select the most
effective absorption for each GCI.
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Abstract

We show how the Mona tool for reasoning in the monadic second order theories
WS1S and WS2S can be used to obtain decision procedures for description logics.
The performance of this approach is evaluated and compared to the dedicated
DL reasoners FaCT and RACER.

1 Motivation

The weak monadic second order theories of one and two successors, commonly called
WS1S and WS2S, are among the most powerful decidable logics known today [10].
This is witnessed by the fact that a large number of description logics, modal logics,
and dynamic logics can be translated into them (see, e.g., [3]), and also by their
impressive non-elementary complexity: there exists no positive integer n such that
satisfiability of WS1S or WS2S formulas can be decided in n-EXPTIME [9]. Despite
their powerful expressivity and immense computational complexity, with the Mona
tool there exists an efficient implementation of both WS1S and WS2S [4]. As the
Mona manual puts it, “efficient here means that the tool is fast enough to have been
used in a variety of non-trivial settings”. Indeed, an impressive list of successful
applications can be found on the Mona homepage [1].

Since it is common knowledge that many DLs can be translated into WS2S, it
is a natural idea to use Mona for DL reasoning. Thus, the purpose of the current
paper is to translate the basic description logic ALC into formulas digestible by Mona,
and to evaluate Mona’s performance for DL reasoning. More precisely, we use a well-
known translation of ALC into WS2S using a Rabin-style encoding of non-binary trees
into binary trees, and exhibit a novel reduction of ALC into WSIS that is inspired
by Pratt’s “type elimination” technique for deciding the satisfiability of modal logic
formulas. We then compare the performance of Mona with that of the dedicated
DL reasoners FaCT and RACER [8, 5|. There are at least two reasons why such a
comparison is interesting: first, it contrasts the performance of DL reasoners with
the performance of more general reasoners, thus being in the line of [12] where the
performance of the FaCT system is compared to that of the first order theorem prover
Vampire. Second, Mona implements an automata-based decision procedure, while the
two DL reasoners are tableau-based and thus a comparison may contribute to the
understanding of the advantages and disadvantages of the two approaches.

The outcome of our investigation is as follows: if no TBoxes are involved, then
Mona’s performance is reasonable, though it cannot reach the performance of FaCT
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and RACER. In the presence of TBoxes, Mona’s performance is extremely poor, ren-
dering the Mona approach to DL reasoning virtually useless. However, we believe
that using Mona for DL reasoning without TBoxes can be useful at least for prototyp-
ing purposes: WS1S and WS2S are powerful enough to accomodate many expressive
description logics such as SHZ Q or DLs involving transitive closure of roles, and im-
plementing a translator is considerably less difficult than implementing an optimized,
dedicated reasoner. Developing translations for more complex DLs, however, is outside
the scope of this paper.

2 Translations to WS1S and WS2S

We assume familarity with the description logic ALC, see, e.g., [2] for details. In
TBoxes, we admit concept equations C = D with both C' and D possibly complex.
These TBoxes are interpreted according to the usual descriptive semantics. Due to
space limitations, we cannot give a full description of the monadic weak second-order
theories WS1S and WS2S. Intuitively, the syntax of our monadic second-order (MSO)
language is obtained from the familiar first-order (FO) language without function
symbols and constants (but with equality) by

1. restricting predicates to be unary;

2. adding second-order quantifiers “¥” and “3” that can be used to quantify over
unary predicates, which are in this context called second-order variables;

3. in the case of WSI1S, adding an ordering predicate “<” and a successor func-
tion s(-);

4. in the case of WS2S, adding an ordering predicate “<” and two successor func-
tions s/(-) and s,(-).

As for the semantics, formulas of WS1S are interpreted in the structure of one successor
function, i.e. in one-side infinite words. The built-in ordering predicate “<” has the
obvious interpretation on positions in such w-words, and the successor function can
be used for going to the successive position. In the case of WS2S, formulas are
interpreted in the structure of two successor functions, i.e. in infinite binary trees. The
ordering predicate “<” describes the “offspring” relation in such trees, and the two
successor functions sy(-) and s, () can be used for going to the left and right successor,
respectively. For both WS1S and WS2S, the “W” stands for “weak” indicating that
quantification is on finite sets rather than on arbitrary ones as in the closely related
theories S1S and S2S.

To WS1S and the Monadic Theory of Infinite Sets

We first present a translation of ALC concepts and TBoxes to WS1S, or rather to the
MSO theory of infinite sets since we will not use WS1S’s built-in ordering predicates
and successor functions. The translation is inspired by the Pratt-style “type elimi-
nation” procedure for deciding the satisfiability of modal formuas [11]. Intuitively,
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type elimination is based on the following simple observation: if a domain element
in an ALC interpretation satisfies a set of concepts I containing an existential value
restriction IR.C, then there must exist another domain element satisfying C' and all
D with VR.D € I'. This observation also constitutes the core of the WS1S reduction.

Let C be an ALC-concept and T a TBox. We use sub(C') to denote the set of
subconcepts of C' and set

sub(C,T) :=sub(C)U | J sub(D)Usub(E).
D=FEeT

Moreover, we use cnam(C,7T) and rnam(C,7T) to denote the sets of concept names
and role names occurring in C' and T, respectively. To translate C and 7 into a
corresponding second order formula, we introduce a unary FO-predicate P, for each
A € cnam(C,T), and a unary FO-predicate Qp for each D € sub(C,T) of the form
JR.E or VR.E. Then, for each concept D € sub(C, 7T ) and each first-order variable z,
we define a formula D*(z) by replacing

1. concept names A with Py (x);
2. M with A and U with V;
3. dR.D with QgR.D(x) and VR.D with QVR.D(IL‘).

Concerning the last item, we only replace existential and universal value restrictions
that are not contained inside another value restriction. For example, taking

C =AMN-VYR.(VS.(AN —=B))
and the FO variable x, we obtain

CH(z) = Pa(x) A ~Qur.(vs.(An-p))(T)-

Next, for each role name R € rnam(C,T) we define a formula

dp = vx.HW.[ A (sz.c(x)—>(Vy-W(y)—>cﬂ(y)))
VR.Cesub(X,T)

A /\ (QaR.C(fE) — (Fy.W(y) A Cu(y)))}

3R.Cesub(X,T)

where z is a first order variable and W is a second order variable (the same variables
may be used for every R € rnam(C,7)). Finally, we can define the WS1S formula
(,010,7-, which is the translation of C and T

oo =w.Cla) AV [\ (DHz) < B')]A N\ Or
D=EcT Rernam(C,T)

Some remarks on this translation, which is called T1 in the remainder of this paper,
are in order. First, it is linear and may even result in an exponential compression of
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the input concept and TBox. Second, the formula ‘Pé‘,T does not refer to any successor
functions and ordering predicates, and can hence be interpreted both in WS1S and in
the MSO theory of infinite sets. And third, it is interesting to note that description
logic roles are not explicitly represented on the second-order side. This is so because we
have only a single relation available in WS1S: the successor function, which does not
seem suitable for representing the in general non-functional role relationships. Thus
we resort to a type elimination perspective as initially sketched: the existentially
quantified variable W in 9 comprises those domain elements that are needed to
satisfy all the existential value restrictions of z.

Theorem 1. A concept C is satisfiable w.r.t. o TBox T iff (plcﬂ- is satisfiable in the
MSO-theory of infinite sets iff (plcﬂ- is WS1S-satisfiable.

It is interesting to note that we can even eliminate the second-order quantifier in the
previous translation by defining the formula 9 in a different way. Here, the relation
to type elimination is even more visible:

Ri=Vo. \ [QHR.C(fE) — (39'(Cﬂ(y) AN\ @l — Dﬁ(y)))ﬂ

VR.Céesub(X,T) VR.Desub(X,T)

With this modification, we could use our translation together with a first-order theo-
rem prover rather than together with Mona—a path that we are not going to explore
in the current paper. Note that the modified translation is quadratic rather than
linear.

To WS2S

The translation to WS2S is much more standard than our WS1S translation. Since we
have two successor functions available in WS2S, we can now explicitly represent the
relational structure on the second-order side: ALC is known to have the tree-model
property, and an old trick of Rabin [10] can be used to transform ALC’s tree models,
which are not necessarily binary trees, into the binary tree structure of WS2S.

Let C' be an ALC concept and 7 a TBox. For the new translation, we fix an
enumeration of the roles in C and T, and use #R to denote the position of a role R in
this enumeration. We introduce a unary FO-predicate P4 for each A € cnam(C,T),
and another unary FO-predicate M. Then, we inductively define two translation
functions -* and Y, where z and y are first-order variables. Here is the -* translation:

AT = A(x)
(=C)* = =C*
(cnD)y* = C*AD*
(CUD) = C*VD*
(FR.C)* = Fy.(y <esi(x) NCY AN M(y)) where n := #R
(VR.C)* = Vy.((y <¢sp(z) ANM(y)) = CY) where n:=#R

In this translation, s,(-) is the “right” successor function, and sP(-) stands for going
to the right successor n times. Moreover, <, is the ordering over left successors only.
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Since this is not available in Mona, we simulate y <, x by writing

EIQ.[wEQ/\‘V’z.(zEQ—)(z:stz(z) EQ))}

Note that this formula only works since, in WS2S, quantification is over finite sets.
The Y translation is defined symmetrically to -*, details are omitted. Given a concept
C and a TBox 7T, we now define their translation to WS2S as follows:

oo =3w.(M@)AC)A N\ Vz.(D" <+ E).
D=FEcT

The intuition behind this translation, which is called T2, is as follows: there is a one-
to-one correspondence between domain elements of ALC interpretations and nodes in
the WS2S tree structure that are in the extension of the predicate M. Let z be a
node in the WS2S tree that is in M. To find the R-successors of x for a role name
R € rnam(C,T) with §R = n, we start at z and follow the right successor function
exactly n times to the node y. Then the R-successors of x are y, its left successor,
its left successor’s left successor, and so forth. This also explains the use of the M
predicate: since we do not want to have infinitely many successors for each domain
element and each role name, we mark the “existing ones” with M.

Theorem 2. A concept C' is satisfiable w.r.t. a TBox T iff 9020,7- 1s WS2S5-satisfiable.

There are some interesting variations of this translation. For example, we can modify
the translation -* as follows (and -¥ analogously):

(R.C)* = M(s}(z)) AJy.(y < se(s](z)) ANCY) where n 1= #R
(VR.C)* = M(s}(z)) = Yy.(y <¢ se(s}(z)) — CY) where n:= #R

Here, the intuition of the M predicate is a different one since M is only used to state
whether a node x has successors for a role name R at all: this is the case if and only
if sI'(x) is in M, with n = §R. This second variant of the S2S translation is denoted
with T2b.

3 Evaluation

To evaluate the performance of Mona when used for deciding the satisfiability of ALC
concepts without reference to TBoxes, we employed two different classes of concepts.
Firstly, we tested our approach on the Tableaux’98 (henceforth T98) benchmark suite
that is frequently used to evaluate DL reasoners, see, e.g., [8, 12]. The T98 suite
consists of 18 sequences of concepts, each sequence comprised of 21 concepts with
increasing difficulty. Since the T98 concepts are artificial in the sense that they have
been designed with the only purpose of making reasoning difficult [6], we secondly
used concepts that were extracted from the real world knowledge bases Galen and
Platt—see [7] for more information on both of them.

All tests were perfomed five times: once for each of the three translations T1, T2,
and T2b, and once using the well-known DL reasoners FaCT and RACER [8, 5]. The
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T1 T2 T2b RACER | FaCT
k_branch_n 0 2 1 14 6
k_branch_p 0 2 1 20 8
k_d4_n 0 2 4 21 21
k_d4_p 0 3 6 21 21
k_dum_n 0 2 3 21 21
k_-dum_p 0 6 7 21 21
k_grz_n 0 3 ) 21 21
k_grz_p 0 4 5 21 21
k_lin_n 1 1 21 21 21
k_lin_p 1 7 10 21 21
k_path_n 0 3 16 21 8
k_path_p 0 4 17 21 10
k_ph_n 2 4 11 21 9
k_ph_p 2 4 11 9 8
k_poly_n 0 1 2 21 21
k_poly_p 0 1 1 21 21
k_t4p_n 0 0 6 21 21
k_tdp_p 0 1 10 21 21
Total: 6 50 137 358 301
Galen-kris-1,% | 97.34 | 93.13 | 91.07 | 100.00 | 100.00
Galen-kris-2,% | 99.54 | 98.66 | 97.83 | 100.00 | 100.00
Platt,% 100.00 | 100.00 | 100.00 | 100.00 | 100.00

Figure 1: Experimental Results

results are summarized in Figure 1. In the table, the names k_x_x denote the concept
sequences of T98. The entries are to be read as follows: the reasoners had 100 seconds
to decide the satisfiability of each concept in a sequence. The number given in the
table is then the number of the last concept that a reasoner was able to solve within
this time. Thus, the entry “21” means that all concepts in a given sequence have
been solved. For the “real world” concepts, for which the results can be found in the
last three lines, we use a different scheme: there are again 100 seconds available for
reasoning on each concept, but since these concepts are not ordered w.r.t. increasing
difficulty, we simply give the percentage of concept that the reasoner was able to solve
within the given time. Note that, in total, there were 1165 concepts for Galen-kris-1,
1936 concepts for Galen-kris-2, and 262 concepts for Platt

There are several interesting observations to be made in Figure 1. First, it is ob-
vious that the dedicated DL reasoners RACER and FaCT outperform Mona in most
cases, except for the translation T2b used on the sequences k_lin_n, k_path_p, k_path_n,
k_ph_n, and k_ph_p—in the last case, Mona even beats FaCT and RACER. Second, on
the T98 concepts the translation T2b performs much better than the other two trans-
lations, and T1 is worst solving only 6 concepts out of 378. Surprisingly, the situation
is reversed for the real world concepts: here T1 outperforms both other translations
and T2b is worst. And third, there is a surprising difference in the performance of the
almost identical T2 and T2b translations (at least on the T98 concepts). Thus, Mona
is apparently quite sensitive to small changes in the translation.
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How should these results be judged? Let us start with saying that the better
performance of FaCT and RACER is perhaps not too surprising: both Mona and the
involved DL reasoners are highly optimized, but Mona is capable of dealing with
a much more powerful logic. This is witnessed by the fact that the complexity of
WS1S and WS2S is non-elementary [9], while FaCT and RACER implement EXPTIME-
complete logics. Still, we believe that the performance of our translations is reasonable.
In particular, it should be taken into account that, compared to the implementation
of a full-fledged DL reasoner, the implementation of our translations is a piece of
cake. Since many different description logics can be translated to WS1S and WS2S,
we believe that such translations can be useful at least for prototyping purposes.

To analyze why the three translations exhibit a different performance, we need
to introduce some of Mona’s implementation details. To decide the satisfiability of a
formula, Mona constructs a finite automaton that accepts the empty language if and
only if the input formula is unsatisfiable, and then performs an emptyness test on this
automaton. The construction of the automaton, which works on w-words in the case of
WSI1S and on infinite trees in the WS2S case, involves a number of automata-theoretic
operations: complementation for dealing with logical negation, union for disjunction,
product for conjunction, and projection for quantifiers. Since Mona always works with
determinstic automata, the most “dangerous” operation in this list is projection as
it involves the determinization of a non-deterministic automaton. As is well-known,
this may produce an exponential blowup in automaton size, in contrast to constant
blowup produced by complementation and union, and quadratic blowup produced
by the product. This is closely related to the fact that WS1S and WS2S are non-
elementary: a separate projection cannot be avoided for each alternation of logical
quantifiers, thus resulting in repeated exponential blowups.

Surprisingly, however, quantifier alternation is almost never the culprit of per-
formance problems in our translation-based appoach to DL reasoning: the reason
for non-termination is usually the more harmless looking product operation, i.e. the
treatment of logical conjunction. To understand this, we must know some more details
about Mona internals: the alphabet of the automaton constructed for a (sub)formula
¢ is comprised of 0/1-strings whose length is identical to the number of free vari-
ables in ¢—the intuition is that the domain element described by such a string is
contained in the extension of exactly those free variables for which we find a “1” value
in the string. Thus, the size of the alphabet is exponential in the length of the input
formula. To cope with this, Mona stores the transition table of automata in a com-
pressed way using binary decision diagrams (BDDs). Unfortunately, this compression
only works well if the underlying formula enforces many interdependencies among the
free variables.

Now consider our translation T1: each subformula Jp is a huge conjunction inside
a “Y3”7 quantifier pattern. Moreover, each conjunct involves a large number of free
variables: since first-order predicates are treated by Mona as free variables (which are
implicitly existentially quantified on the outermost level), this includes the predicates
P, introduced for concept names and the predicates Q¢ introduced for subconcepts C
of the form dR.D and VR.D. Unfortunately, the interaction between these free vari-
ables turns out to be rather weak in general. Thus, the repeated product operations
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performed when processing the huge conjunction in ¥ produce an automaton whose
BDD has an excessive number of nodes. The subsequent projection and determiniza-
tion that is performed to treat the second operator in the “V3” pattern is not able to
process this large automaton.

In contrast, the formulas produced by T2 and T2b reflect the structure of the
original concept, and are thus not just a big conjunction. This explains why T2b is
better on the T98 benchmark. But why, then, is T1 better on real world concepts?
There seem to be two reasons: first, the concepts extracted from real world knowledge
bases are much smaller than the T98 ones, which can be several megabytes in size.
Thus, conjunctions produced by T1 are less gigantic in the real world case. Second,
Mona can handle automata on w-words more efficiently than tree-automata, thus
giving T1 an advantage over T2 and T2b.

We have also used our translation for deciding the satisfiability of concepts w.r.t.
TBoxes, e.g. on the Platt knowledge base and on the two ALC versions of Galen.
Unfortunately, the results were discouraging: Mona terminated only for very small
TBoxes (< 10 concept equations) and was not able to classify any of the real world
KBs. The reason for this is again due to the generation of BDDs with a massive number
of nodes: in all our translations, TBoxes are translated into a huge conjunction inside
a “vV” quantifier. Hence, we can observe the same blowup pattern as with T1 on the
T98 concepts. Even a preceeding “absorption” of concept equations as known from
[7], and an elimination of “non-relevant” concept equations as proposed in [12] did
not allow us to classify real world KBs.

4 Discussion

We have shown how the Mona tool can be exploited for reasoning about description
logics. The outcome of our experiments suggests that, although Mona is outperformed
by dedicated DL reasoners, her performance is sufficient at least for prototyping pur-
poses. In this context, it should be noted that translations can be implemented rather
quickly, and that Mona is expressive enough to capture a large class of description
logics. For example, it should not be hard to come up with translations for more
powerful DLs such as SHZQ, and even to treat features that are very difficult for
tableau reasoners, such as the transitive closure of roles.

It would be very interesting to determine a class of concepts on which Mona
performs good, but the DL reasoners do not, and vice versa. A first idea is provided by
the discussion in Section 3: Mona is good on disjunction (the corresponding operation
“automata union” only yields a constant blowup in size), and bad on conjunction; for
tableau algorithms, this is the other way round. Still, we found it difficult to come
up with the desired class of concepts due to the intricate optimization techniques of
FaCT and RACER. The two reasoners even behave quite differently: we have found
two classes of formulas on which Mona performs good, but one of FaCT and RACER
performs bad. A class of such formulas on which both FaCT and RACER perform bad,
however, remains yet to be seen.

The translator and concepts used in the experiments can be downloaded from the
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internet, c.f. http://lat.inf.tu-dresden.de/~clu/atom.tar.gz.
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Abstract

This paper describes the OWL ontology explorer ONTOXPL. It is available
as a web server based on the tomcat architecture. Standard HTML browsers
can be used to interact with ONTOXPL. At least three potential user groups are
targeted by ONTOXPL’s design: (i) users with a limited background of ontologies
and OWL; (ii) ontology developers that are OWL experts; (iii) users interested
in understanding and reusing existing ontologies. ONTOXPL is intended to com-
plement existing ontology editors and does not offer any editing support. The
current implementation of ONTOXPL is based on the OWL DL reasoner RACER
and uses RACER’s extensive query interface in order to support the exploration
of OWL ontologies.

1 Introduction

Practical description logic systems play an ever-growing role for knowledge represen-
tation and reasoning research. In particular, the semantic web initiative [3] is based
on description logics (DLs) and defines important challenges for current system im-
plementations. Recently, one of the main standards for the semantic web has been
proposed: the Web Ontology Language (OWL) [17]. OWL is based on two other stan-
dards: Resource Description Format (RDF [10]) and its corresponding “vocabulary
language” RDF Schema (RDFS) [4]. In recent research efforts, these languages are
mainly considered as ontology representation languages (see e.g. [1] for an overview).
The languages are used for defining classes of so-called abstract objects. Now, many
applications start to use the RDF part of OWL for representing information about
specific abstract objects of a certain domain. Graphical editors such as OILED [2] or
PROTEGE [14] support this way of using OWL quite well.

State-of-the-art description logic (DL) inference systems such as RACER allow for
interpreting OWL ontology documents as T-boxes and A-boxes [8]. Racer accepts
the OWL DL subset [17] (with the additional restriction of approximated reasoning

*OntoXpl’s download page: http://www.cs.concordia.ca/ying lu/
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for so-called nominals and no full number restrictions for datatype properties). De-
scriptions of individuals are represented as A-boxes by the RACER System (for details
see the RACER User’s Guide [7]). Viewing the RDF part of OWL DL documents as
A-boxes provides for query languages supported by DL systems. Furthermore, graph-
ical interfaces for description logic inference systems can be used to inspect OWL
ontologies.

User interfaces are very important for practical work with description logic infer-
ence systems. An increasing number of graphical interfaces are available for existing
DL systems. One class of interfaces consists of ontology editors such as OILED [2]
and PROTEGE [14]. With these editors ontologies can be interactively built and they
can be stored, for example, as OWL documents. In addition, the editors can be used
to develop RDF documents for describing information about individuals with respect
to OWL ontologies. Applications using these OWL documents require an inference
engine that supports reasoning about individuals. Indeed, OILED and PROTEGE can
be configured to use RACER [6] as an inference engine for classifying ontologies and
for answering simple queries about individuals.

The second class of interfaces offers browsing and visualization capabilities. RICE
[13] supports the input of textual queries and displays the concept/class hierarchy of T-
boxes as outline views as well as the relational structure of A-boxes as directed graphs.
The outline view of classes is usually also supported by ontology editors but RICE
additionally supports the visualization of A-boxes. Other OWL/RDF visualization
tools or editors with visualization capabilities are, e.g., KAON [15], OntoEdit [16],
and OntoTrack [11].

The OWL ontology explorer ONTOXPL presented in this paper is intended to
complement existing ontology editors and visualization tools. It is completely based
on OWL and offers a large variety of information queries. Three potential user groups
are targeted by ONTOXPL’s design: (i) users with a limited background of ontologies
and OWL; (ii) ontology developers that are OWL experts; (iii) users interested in
understanding and reusing existing ontologies. ONTOXPL is available as a web server
based on the tomcat architecture. Standard HTML browsers can be used to interact
with ONTOXPL. Its interface makes heavy use of RACER’s extensive query interface
in order to support users when exploring OWL ontologies. The following sections give
a brief tour on using ONTOXPL and explain its rationale in more detail. Afterwards
ONTOXPL is compared with related work. This paper concludes with an outlook to
possible future work.

2  OntoXpl’s main user interface

ONTOXPL’s design is influenced by OWL (and its foundation on DLs).! Therefore, it
focuses on the three main language elements of OWL, classes/concepts, roles/properties,
and nominals/individuals.

The main command pane of ONTOXPL is shown in Figure 1. The filename of
the OWL ontology currently loaded into ONTOXPL and RACER is shown with a sum-
mary of the number of contained concept and role names (see also Section 3 for an

!The DL and OWL vocabulary is used interchangeably in this paper.
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Figure 1: ONTOXPL’s main command pane.

explanation of the example knowledge base). ONTOXPL’s interface offers eight princi-
pal browsing categories (from left to right and top to bottom): file selector, “natural
language” description, structural information, exploration of concept/property ax-
ioms, inspection of concept and role hierarchies, view of statistical information (not
yet implemented), inspection of A-box graph structures, and the interactive use of
RACER’s query language nRQL. In the following the seven implemented categories
are described.

Figure 2 shows a zoom of the first (horizontal) command pane. The left group
of commands is used to load an OWL file and generate a DIG representation of the
loaded OWL file. The middle group of commands applies to concepts, roles, and
individuals. These commands result in displaying the OWL source code (e.g., see
Figure 8) together with a “natural language” description (e.g., see Figure 7). The
“natural language” (NL) description is based on the DL notation and tries to describe
the selected item w.r.t. this notation. These NL descriptions are intended for users
with a limited background on DL and OWL. The information views of concepts (e.g.,
see the window at the left-hand side of Figure 9), roles (e.g., see Figure 10), and
individuals (e.g., see the two windows at the right-hand side of Figure 9) use RACER’s
query interface to display their (inferred) characteristics. Concepts are described by
(i) their relative position in the classification hierarchy (e.g., parent, children), (ii) the
roles occurring in the concept declarations, and (iii) the individuals that are instances
of this concept. By analogy, a role is similarly described but in addition to its position
in the role hierarchy, the concepts are listed that use this role. An individual is
described by (i) its most specific concept names (so-called types) of which it is an
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Choose ontology file View Information

. OWL . Concept . Concepts
[->Generate DIG syntax) - Role . Role
{->download DIG . Individual . Individual

Figure 2: Zoom of the upper three command menus (from left to right): file selection,
OWL / natural language views, information page views.

Concept/Role Axioms Explore Hierarchy
. Equivalent-c Qe
Disjoint-¢ [By Pairs] [By ConceptName] e
- . Generate space tree hierarchy file
. Symmetric-p Ic
. Inverse . [downloa ) save this file to your local system
. Transitive . (mn it)

Figure 3: Zoom of the middle two command menus (from left to right): explore
concept/property characteristics, show concept/role hierarchies.

ABox

. Role [templatel] [template2] [template 3]
. Search Individual

. Browse Individual
. |[download) save this file to your local system Racer Query Lang‘lage - RQL

- [run it - ABox Query

Figure 4: Zoom of the bottom two command menus (from left to right): A-box
command menu, nRQL Racer Query Language.

instance, (ii) other individuals that are instances of concepts (parents, children, etc)
related to its types.

The two implemented command groups from the middle pane are shown in Fig-
ure 3. The command group displayed on the left allows one to query about equivalent
or disjoint concept names and symmetric, inverse, and transitive roles. The other
group is concerned with concept and role hierarchies. There exist two principal ser-
vices: (i) one can browse the concept or roles hierarchies in an outline view; (ii) a data
file for the SpaceTree tool [5] is generated such that the taxonomies can be graphically
inspected.?

The last two command groups from the bottom pane are shown in Figure 4. They
are dedicated to explore A-boxes. The first command group has several search forms
to retrieve individuals and their known relationships with other individuals, to browse
relationships in an outline view or inspect the A-box structure with SpaceTree. The
second command group allows users to query A-boxes with Racer’s query language

nRQL [9].

2The hierarchy is shown as a pure tree, i.e., edges to more than one superclass are ignored.
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TOP

FEMALE HUMAN MALE

PERSON
MAN  PARENT  WOMAN b
BROTHER FATHER FATHER MOTHER MOTHER SISTER HAS—DESC'EN-D'ANT HAS—SIBLING- HAS-GENDER
UNCLE GRANDMOTHER AUNT HAS-CHILD HAS-BROTHER HAS-SISTER

Figure 5: Class (left) and property hierarchy (right) of the “family” KB.

HAS-SIBLING —EVE
HAS-SIBLING—DORIS

EVE- HAS-SISTER—EVE
HAS-CHILD poRis ~HAS-SISTER— DORIS
BETTY
DORIS
HAS-CHILB HAS-DESCENDANT [, =
CHARLES ——HAS-SIBLING BETTY
ALICE
CHARLES
DORIS
HAS-DESCENDANT
BETTY

Figure 6: Graph of the A-box relationships.

It is the anonymous subclass of
A concept HUMAN
and
it has a filler in the role HAS-GENDER
at least one (or more than one) of its instances is(are):
A concept FEMALE
or
A concept MALE

Figure 7: “Natural Language” description of class PERSON.

3 Example scenario

The capabilities of ONTOXPL are best explored interactively. However, in this section
we try to briefly illustrate some of its main features. Let us assume that ONTOXPL is
used to explore an ontology file called “family.ow]l” describing knowledge about family
members (e.g., mother, aunt) and their relationships (e.g., has-child, has-sibling). The
structure of the corresponding class and role hierarchies is shown in Figure 5 and the
structure of the A-box in Figure 6. From the T-box graph a user might be interested
in the class PERSON and selects this class for further inspection. Figure 7 shows a
“natural language” (NL) description of this class (the underlined names link to the
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(rdfs:subClass0f)
(owl:Class)
{owl:intersection0Of rdf:parseType="Collection”)
(owl:Class rdf:about="HUMAN")
(/owl:Class)
(owl:Restriction)
(owl:onProperty rdf:resource="HAS-GENDER")
(fowl:onProperty)
(owl:someValuesFrom)
fowl:Class)
(owl:unionOf rdf:parseType="Collection")
fowl:Class rdf:about="FEMALE")
[/fowl:Class)
(owl:Class rdf:about="MALE")
(/fowl:Class)
(fowliunionOf)
(fowl:iClass)
(/owl:zsomeValuesFrom)
(/owl:Restriction)
(/owl:intersectionOf)
(fowl:Class)
(/rdfs:subClass0f)

Figure 8: OWL specification of class PERSON.

Current Concept is: PERSON [sL £x1 Paze] Current Individual is: ALICE piz £01 page)

. “.[\I \\ Hame space for this individual is:
Ancestor (2) : . T

= Toype: the most-specific atomic eoneepts of which an individual is an instance

IParents (1) : . IIUN-‘?;\N Type (1) % GRANDMOTIER

. & i ISibling level instances () : * No sibling level instances
Children (3) : + PARENT Ancestor level instances (1): = perry type: [MOTHER] [SISTER]

s WOMAN [Parents level instances (1) : ® BETTY type: [MOTHER] [SITER]

« AUNT Children level instances (0):  » BOTTOM(no instance)

. SEET)IIE)I\EIR IDescendant level instances () :» BOTTOM(no instance)

. 7

» FATHER - .

+ GRANDMOTHER Current Individual is: BETTY [nL Exp1 Page]
IDescendant (11) : * MAN IS0 SR (P (s E e e

* MOTHER

o P-’\RE\IT Type: the mogt-specific atomic concepts of which an individual is an instance

s SISTER Type (2) : ¢ MolHER

» UNCLE - ® FINTER

« WOMAN . . ® EETTY type: SITER
Roles used by this concept (1) :»» HAS-GENDER [Sibling level instances (3) : * DORE type: SIETER

» ALICE & EVE type: SINTER

+« BETTY Ancestor level instances (1) :  « TOP(no instance)
[Instances of this concept (5): « CHARLES [Parents level instances (0) : s TOP(no instance)

« DORIS Children level instances (1) ® ALISE  1ype: [SRANDMOTHER]

« EVE Descendant level instances (1) :e slice type: [SRAMDMOTHER]

Figure 9: Taxonomic information about the class PERSON (left) and the individuals
ALICE (top-right) and BETTY (bottom-right).

Current Role is: HAS-CHILD [ HL Exp1 Page]

Hame space for this role is:

Ancestor (1) : « HAS-DESCENDANT
Parents (1) : « HAS-DESCENDANT
Children i0) : + NIL

Descendant (1) :

. . . * GRANDMOTHER
Concepts use this role (2) : PARENT

Figure 10: Taxonomic information about the role HAS-CHILD.
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® FEMALE [open NL page] [ open Info page]
¥ & HUMAN  [open NL page] [ open Info page]
¥ & PERSON  [gpen NL page] [_open Info page]
v & MAN  [open NL page] [ open Info page]
v 3 BROTHER [open NL page] [ open Info page]
® UNCLE [open NL page] [ open Info page]
® FATHER [open ML page] [ open Info page]
v & PARENT  [open NL page] [ open Info page]
® FATHER [open NL page] [ open Info page]
¥ & MOTHER  [open NL page] [_open Info page]
® GRANDMOTHER [open ML page] [ open Info page]
¥ 3 WOMAN [epen ML page] [_open Info page]
¥ & MOTHER  [open NL page] [_open Info page]
GRANDMOTHER [apen NL page] [ open Info page]

AUNT  [open ML page] [ open Info page]

® MALE [open NL page] [ open Info page]

Figure 11: Outline view of class hierarchy (left) and all pairs of disjoint concept names
(right).

corresponding NL views) while Figure 8 displays its OWL specification (using the XML
syntax). The NL and OWL views are directly linked with the corresponding taxonomic
views. Figure 9 displays the taxonomic information about the class PERSON retrieved
from RACER. It lists ancestors, parents, children, and descendants of PERSON. It
also shows the role names used in this class specification and the individuals which
are instances of PERSON.

A user might be interested in the individual ALICE. Its taxonomic information is
shown in Figure 9, e.g., ALICE is an instance of GRANDMOTHER. This view also
lists instances of concepts that are ancestors, parents, siblings, descendants, or children
of ALICE’s most-specific subsumers (GRANDMOTHER). For instance, BETTY is
an instance of these parent classes. The corresponding information about BETTY is
shown in Figure 9. Figure 10 shows the taxonomic information about the role HAS-
CHILD. The display of inferred information in these windows is intended to help users
better understand the structure of the T-boxes and A-boxes.

In contrast to the hierarchical views displayed by using the SpaceTree tool, ON-
TOXPL also offers its own outline views for concept and role hierarchies as well as
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[main]

Please input Individual Name: | Submi t
Current Individual: ALICE[ nl ] has relatlonship with the following Instances:

Order by Individual Order by Role

HAS-CHILD--->BETTY HAS-CHILD---=BETTY
HAS-DESCENDANT---=BETTY HAS-CHILD--->CHARLES
HAS-CHILD--->CHARLES HAS-DESCENDAMNT---=BETTY
HAS-DESCENDANT---=CHARELES HAS-DESCENDANT--->CHARLES
HAS-DESCENDANT---=0D0RIS HAS-DESCENDANT--->DORIS
HAS-DESCENDANT--->EVE HAS-DESCEMDAMT--->EWVE

Figure 12: Asserted and inferred role fillers of ALICE.

[main]

Please input The Racer Query Language here: [manual]

Query you just input is: (retrieve (?mather 7childl ?child2) (and (?childl human) (?child2 human) (?mother 7childl has-child) {?mother ?child2 has-child)})

(retrieve (?mother ?childl ?child2)
(and (?childl human)
| (?child2 human)
(?mother ?childl has-child)
(?mother ?child2 has-child)))

| Submit Query H reset Query |

Query Result is:

(((?MOTHER ALICE) (?CHILD1 BETTY) (?CHILD2 CHARLES)) ((?MOTHER BETTY) (?CHILD1 EVE) (?CHILD2
DORIS)) ((?MOTHER BETTY) (?CHILD1 DORIS) (?CHILD2 EVE)) ((?MOTHER ALICE) (?CHILD1 CHARLES)
(?CHILD2 BETTY)))

Figure 13: Example nRQL query and its result.

A-box structures. The left-hand side of Figure 11 shows the complete unfolded hier-
archy using an outline view. The disadvantage of this type of view is the repeated
occurrence of classes (or subtrees) that have more than one parent (e.g., FATHER,
MOTHER). The right-hand side of Figure 11 displays all pairs of disjoint concept
names.

Figure 12 displays information about the asserted and inferred role fillers of ALICE
(ordered by individual or role name). Figure 13 shows a complex nRQL [9] query
which searches for children having a common mother. The dialog box displays the
input query and its returned result in a Lisp-like notation.
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4 Discussion

Currently there do not exist many stable and usable ontology visualization or explo-
ration tools (and even editors). The lack of suitable tools and their shortcomings were
one of the major motivations to design and implement ONTOXPL. The motivation for
ONTOXPL’s web server based architecture was the ease of use with standard HTML
browsers and the simple adaptation to multi-user environments. To the best of our
knowledge ONTOXPL is currently the only ontology exploration tool that is fully tar-
geted to OWL and relies on RACER’s deductive capabilities for offering users better
exploration capabilities. A detailed description of ONTOXPL and its architecture as
well as a comparison with related work can be found in [12].

Various features of ONTOXPL are also (partly) supported by ontology editors
such as PROTEGE [14] and OILED [2] or OWL/RDF visualization tools or editors
with visualization capabilities such as KAON [15], OntoEdit [16], and OntoTrack
[11]. For instance, PROTEGE also offers users a high-level (DL-like) description of the
definition of concept names if the mouse pointer is moved over these names. However,
this does not seem to be very suitable for longer concept definitions and does not
support the inspection of the occurring OWL elements via hyperlinks. ONTOXPL’s
“NL description” seems to be more readable and carefully supports the inspection of
mentioned entities via hyperlinks. RICE [13] offers visualization facilities for A-boxes
where the complete graph structure of A-boxes is displayed. ONTOXPL is restricted
to a tree-like approximation due to the underlying SpaceTree tool [5] but it works
better for larger A-boxes.

In our experience, ONTOXPL’s cross-referencing capabilities for hyperlinked con-
cept, role, and individual names help users comprehend unknown ontologies faster
than with the support offered by traditional editors.

5 Conclusion

In this paper we briefly introduced ONTOXPL, a first step toward an OWL ontology
exploration tool. ONTOXPL is intended to complement ontology editors or other on-
tology visualization tools. A recently conducted informal experiment, where about
40 students had to design and implement 15 different OWL ontologies with a size of
several hundred concept names, demonstrated that ONTOXPL provides helpful infor-
mation about ontologies that is otherwise not as easily available in ontology editors
such as PROTEGE or OILED. The implementation of the statistics command group is
underway. It is also planned to integrate query results from nRQL such that individu-
als names are recognized as hyperlinks. Another important issue is the optimization of
ONTOXPL performance for larger ontologies containing thousands of concept names.
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Abstract

The growing interest in the Semantic Web and the Web Ontology Lan-
guage (OWL) will reveal the potential of Description Logics in industrial
projects. The rich semantics of OWL provide powerful reasoning capabil-
ities that help build, maintain and query domain models for many pur-
poses. However, before OWL can unfold its full potential, user-friendly
tools with a scalable architecture are required. We present the OWL
Plugin, an extension of the Protégé ontology development environment,
which can be used to define classes and properties, to edit logical class
expressions, to invoke reasoners, and to link ontologies into the Semantic
Web. We analyze some of the challenges for developers of Description
Logic editors, and discuss some of our user interface design decisions.

1 Introduction

The formal underpinnings of Description Logics (DL) [1] are a cornerstone of
Semantic Web technology such as the Web Ontology Language (OWL) [8]. DL
reasoners can help build and maintain sharable ontologies by revealing inconsis-
tencies, hidden dependencies, redundancies, and misclassifications [7].

While the formal terrain of DLs is now well mapped out and covered by
efficient algorithms, a new generation of end-user tools is necessary to put this
technology into the spotlight of industrial routine. In contrast to DLs, other
modeling paradigms such as Object-Orientation and frames are supported by
many professional editing tools that have evolved over many years of industrial
use and, as a result, reflect best practices and common design patterns. A good
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example of such a tool is Protégé [3], a knowledge modeling platform developed
at Stanford Medical Informatics with support from a community of thousands
of users over almost two decades.

Some of the technologies explored and refined by these tools can be applied
to DL. For example, UML diagrams and Protégé’s class explorer may serve as a
good starting point for DL editors as well. However, there are crucial differences
between DLs on the one hand and object-oriented or frame-based systems on
the other that require custom-tailored solutions. In this paper, we will focus on
four key issues in DL editing tools:

1. Logical Ezpressions. DL languages rely on (potentially deeply nested)
logical expressions which can be hard to read, understand, and edit.

2. Class Descriptions. Classes in DL ontologies are either primitive or de-
fined. A consistent approach for editing these two modes is needed.

3. Reasoning. DL ontologies can be classified (i.e., some relationships between
concepts are inferred from the asserted class descriptions). A tool should
provide both views, and allow users to compare the differences.

4. Scalability. DL ontologies are potentially very complex and large. An
ontology editor should simplify navigation and help users to maintain large
ontologies through mechanisms such as annotation metadata.

Some solutions for these issues have been explored by existing tools, most
notably OilEd [2], developed at the University of Manchester. While OilEd
succeeded in making DL technology available to a broader user community, its
authors never intended it as a full ontology development environment but rather
as a platform for experiments. As a result, OilEd’s architecture is neither scal-
able to really large ontologies nor sufficiently flexible to allow its user interface
to be customized.

The developers of Protégé and the OilEd team have recently joined forces in
a transatlantic project called CO-ODE !. Our goal is to develop a new generation
of OWL ontology editing tools, based on Protégé and the experiences collected
with OilEd. Our collaboration has lead to the development of the Protégé OWL
Plugin, which can be used to define classes and properties, to edit logical class
expressions, to invoke reasoners, and to link ontologies into the Semantic Web.

The following sections provide details and design decisions of our current
system. Due to space constraints we cannot provide a comprehensive description
of the full system, but we focus on the key issues mentioned above. Before we go
into these issues, we will start with some background on the Protégé architecture
and its general principles.

http://www.co-ode.org
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2 Protégé and the OWL Plugin

Protégé [3] is an open-source ontology development environment with function-
ality for editing classes, slots (properties), and instances. The current version
of Protégé (2.0) is highly extensible and customizable. At its core is a frame-
based knowledge model [5] with support for metaclasses. Other languages such
as OWL can be defined on top of this core frame model [6]. The mechanism we
have used to represent the OWL metamodel in terms of Protégé frames will be
described in a separate paper.

Protégé makes it not only possible to extend the metamodel but also to
customize the user interface freely. As illustrated in Figure 1, Protégé’s user
interface consists of several screens, called tabs, each of which displays a differ-
ent aspect of the ontology in a specialized view. Each of the tabs can include
arbitrary Java components. Most of the existing tabs provide an explorer-style
view of the model, with a tree on the left hand side and details of the selected
node on the right hand side. The details of the selected object are typically dis-
played by means of forms. The forms consist of configurable components, called
widgets. Typically, each widget displays one property of the selected object.
There are standard widgets for the most common property types, but ontology
developers are free to replace the default widgets with specialized components.
Widgets, tabs, and back-ends are called plugins. Protégé’s architecture makes
it possible to add and activate plugins dynamically, so that the default system’s
appearance and behavior can be completely adapted to a project’s needs.

The OWL Plugin? is a large Protégé plugin with support for OWL. It can be
used to load and save OWL files in various formats, to edit OWL ontologies with
custom-tailored graphical widgets, and to perform intelligent reasoning based on
DLs. As shown in Figure 1, the OWL Plugin’s user interface provides various
default tabs. The OWLClasses tab displays the ontology’s class hierarchy, allows
developers to create and edit classes, and displays the result of the classification.
The Properties tab can be used to create and edit the properties in the ontology.
The Individuals tab can be used to create and edit individuals, and to acquire
Semantic Web contents. The Forms tab allows to customize the forms used for
editing classes, properties and individuals. The Metadata tab displays ontology
metadata such as namespace prefixes. Ontology builders will typically focus on
the OWLClasses tab, which is described in the following sections.

3 Editing Logical OWL Expressions

One of the first and most important decisions in the design of an OWL editor is
how to display class expressions in a user-friendly but efficient way. The RDF

’http://protege.stanford.edu/plugins/owl
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Figure 1: The class editor of the Protégé OWL Plugin.

syntax proposed in the OWL specification [8] is clearly too verbose to be of any
use here. The OWL Abstract Syntax [9] is much more user-friendly, but still
quite verbose. For the OWL Plugin, we chose to use an expression syntax based
on standard DL symbols [1], such as V and L. These symbols (Figure 2) allow
to the system display even complex nested expressions in a single row.

A trade-off from this syntax is that some characters are not found on stan-
dard keyboards. The OWL Plugin provides a comfortable expression editor
which allows users to quickly assemble expressions with either the mouse or the
keyboard (Figure 2). The special characters are mapped onto keys known from
languages such as Java (e.g., owl:intersectionOf is entered with the & key).
To simplify editing, keyboard users can exploit a syntax completion mechanism
known from programming environments, which semi-automatically completes
partial names after the uses has pressed tab. The expression editor is invoked
by a double-click on a class expression, and then pops up directly below the
expression. For really complex expressions, users can open a multi-line editor in
an extra window, which formats the expression using indentation.

The OWL Plugin helps new users to get acquainted with the expression
syntax. An English prose text is shown as a “tool tip” when the mouse is moved
over the expression. For example, “d hasPet Cat” is displayed as “Any object
which has a cat as its pet”.
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Figure 2: Protégé provides a comfortable editor for arbitrary OWL expressions.

4 Editing Class Descriptions

Another major design decision for a DL class editor is how to edit the logical
class definitions. Protégé users are accustomed to an object-centered view to
the interface which has required some effort to adapt to OWL. The distinc-
tion between defined and primitive classes simply is not found in frame-style
or object-oriented modeling paradigms, and this can compound users’ confusion
when learning the DL paradigm. In the OWL specification, there is a lack of uni-
formity between defined classes (classes with necessary & sufficient conditions)
and primitive classes (only necessary conditions). Multiple necessary conditions
are represented by multiple rdfs:subClass0f statements whose intersection is
implied, whereas sets of multiple necessary & sufficient conditions are repre-
sented by an owl:equivalentClass block containing an explicit intersection
class. Although logically consistent, experience has shown that many users find
the difference confusing. As a result, it was decided that the user interface
should not simply reflect the structure suggested by the OWL specification but
attempt to provide a clearer more uniform presentation to users.

During the evolution of the OWL Plugin we experimented with several in-
terface designs, partly based on existing tools such as the Protégé core system
and OilEd, partly on suggestions from our colleagues and users. OilEd has two
modes: one to “partially” define a class with only necessary conditions, the other
to “completely” define a class with necessary & sufficient conditions. There is a
button to switch between these two modes. While this feature allowed the OilEd
developers to provide customized widgets for various kinds of class descriptions
(e.g. a widget for only restrictions), it has the disadvantage that users have to
maintain separate class axioms in a separate pane for the necessary restrictions
of classes that also are “completely” defined by a set of necessary & sufficient
conditions. There is no one pane in OilEd in which one can see both the sets of
necessary and sufficient conditions and any additional necessary conditions (i.e.
axioms taking the defined class as their antecedent.)

As shown in the center of Figure 1, the OWL Plugin solves this problem
by means of a list of conditions, organized into blocks of necessary & sufficient,
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necessary, and inherited (i.e., inferred) conditions. Each of the necessary &
sufficient blocks represents a single equivalent intersection class, and only those
inherited conditions are listed that have not been further restricted higher up in
the hierarchy (e.g., allValuesFrom Animal would not be shown if allValuesFrom
Dog were also inferable).

The editor supports drag-and-drop between blocks in the conditions list,
and copy-and-paste of expressions. It also supports changing superclasses by
dragging a class from one parent to another in the class tree on the left hand
side of the window.

In addition to the list of conditions, there is also a custom-tailored widget for
entering disjoint classes, which has special support for typical design patterns
such as making all siblings disjoint. This rather object-centered design of the
OWLClasses tab makes it possible to maintain the whole class definition on a
single screen.

5 Working with Classification

The OWL Plugin provides direct access to reasoners such as Racer [4]. The
current user interface supports two types of DL reasoning: Consistency checking
and classification (subsumption). Other types of reasoning, such as instance
checking, are work in progress.

Consistency checking (i.e., the test whether a class could have instances) can
be invoked either for all classes with a single mouse click, or for selected classes
only. Inconsistent classes are marked with a red bordered icon.

Classification (i.e., inferring a new subsumption tree from the asserted def-
initions) can be invoked with the classify button on a one-shot basis. When
the classify button is pressed, the system determines the OWL species, because
some reasoners are unable to handle OWL Full ontologies. This is done using
the validation service from the Jena? library. If the ontology is in OWL Full
(e.g., because metaclasses are used) the system attempts to convert the ontol-
ogy temporarily into OWL DL. The OWL Plugin supports editing some features
of OWL Full (e.g., to assign ranges to annotation properties, and to create meta-
classes). These are easily detected and can be removed before the data are sent
to the classifier. Once the ontology has been converted into OWL DL, a full
consistency check is performed, because inconsistent classes cannot be classified
correctly. Finally, the classification results are stored until the next invocation
of the classifier, and can be browsed separately. Classification can be invoked
either for the whole ontology, or for selected subtrees only. In the latter case,
the transitive closure of all accessible classes is sent to the classifier.

3http://www.hpl.hp.com/semweb/jena2.htm
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Figure 3: Protégé allows users to compare asserted and inferred class relation-
ships. The system displays two hierarchies for asserted and inferred subsumption
relationships, and provides a clickable list of the differences between them.

OWL files only store the subsumptions that have been asserted by the user.
However, experience has shown that, in order to edit and correct their ontologies,
users need to distinguish between what they have asserted and what the classifier
has inferred. Many users may find it more natural to navigate the inferred
hierarchy, because it displays the semantically correct position of the classes.

The OWL Plugin addresses this need by displaying both hierarchies and
making available extensive information on the inferences made during classifi-
cation. As illustrated in Figure 3, after classification the OWL Plugin displays
an inferred classification hierarchy beside the original asserted hierarchy. The
classes that have changed their superclasses are highlighted in blue, and moving
the mouse over them explains the changes. Furthermore, a complete list of all
changes suggested by the classifier is shown in the upper right area. A click
on an entry navigates to the affected class. Also, the conditions widget can be
switched between asserted and inferred conditions. All this allows the users to
quickly analyze the changes.

6 Scalability

DL ontologies may become complex and large. The support for arbitrary class
expressions means that DL ontologies typically contain many cross-links among
classes, properties, individuals, and even among ontologies. This situation is
complicated by the emerging Semantic Web, in which ontology development
is distributed between groups around the world. As a result, scalability and
support for ontology maintenance are crucial issues in ontology tools.

Protégé supports database storage that is scalable to several million concepts,
and provides multi-user support for synchronous knowledge entry. The OWL
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Plugin has already been used to edit ontologies with tens of thousands of classes.
In support of handling such large ontologies, the OWL Plugin also provides a
variety of navigation aids, such as lexical search functions and “find usage”
buttons which allow to directly access all classes and properties that somehow
reference a given object.

Documentation is essential for large ontologies. Most modeling or program-
ming languages allow the attachment of comments or annotations to document
the model’s contents and to track provenance and changes. OWL supports this
through annotation properties. The OWL Plugin allows to attach annotations
to ontologies, properties, individuals, and classes, including anonymous classes.
Annotation properties can be edited by means of a specific table widget (in the
upper right area of Figure 1). The OWL Plugin allows the user to put arbitrary
values into annotations, including complex objects. We are currently optimizing
the tool for Dublin Core metadata so that, for example, annotation properties
with change dates and authors will be filled in automatically.

7 Discussion

We have provided a brief overview of the OWL Plugin for Protégé. The Plugin
explores several innovative approaches for displaying and editing logical expres-
sions, editing class definitions, displaying classification results, and maintaining
ontologies. Although we have not performed a formal evaluation of our user
interface yet, the feedback from the user community is very encouraging. Many
users suggest that the plugin’s simple editors and comfortable reasoning inter-
face supports rapid but sustainable ontology evolution. The constructive dialogs
on forums such as those of the CO-ODE project and the Protégé discussion list
will accelerate the evolution of the user interface with support for additional
design patterns and best practices.

Many other groups from around the world are also developing Protégé plug-
ins, including alternative wizard-style editors, and tools to query ontologies, to
visualize ontologies graphically, and to manage ontology versions and changes.
Furthermore, Protégé provides immediate access to all services for the Jena API,
because it internally synchronizes the ontology with a Jena model.

Protégé has a large and rapidly growing community of thousands of users.
Providing the community with a widely available, easy-to-use, open-source plat-
form for OWL ontology design has the potential to use the leverage of that user
base to bring DL technology into a wider audience. However, to do so effectively,
requires thinking carefully about how to provide user interface metaphors with
which that community is comfortable. The OWL Plugin aims to retain Protégé’s
object-centered interface without compromising OWL’s DL semantics.
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1 Background

OWL has been designed to be a formal language for representing ontologies in the
Semantic Web. In short, OWL is the result of combining an expressive Description
Logic (DL) with techniques and standards of the Web. DLs have been well studied in
the field of knowledge representation over the last decades. As one result, some highly
optimized DL reasoners have been implemented, which provide an excellent starting
point for building a sound and complete OWL DL/Lite reasoner. However, having a
traditional DL system with standard functionality is not enough in the current context.
So far, DL systems have been used by KR experts mainly in isolated application
domains. Now, in order to make the Semantic Web happen far more flexible and
interactive DL-based tools are needed for building, maintaining, linking, and applying
ontologies even for non-experienced users. The importance of so-called non-standard
inference services that support building and maintaining knowledge bases has been
pointed out recently [1, 2]. We argue that the availability of those inference services is a
fundamental premise for upcoming real-world Semantic Web systems and applications.
Our experience in the course of developing the graphical ontology editor ONTOTRACK
is a prime example here.

2 OnTOoTrACK: a Novel Ontology Editor

ONTOTRACK [7] is a new browsing and editing ”in-one-view” ontology authoring tool
for OWL Lite that combines a sophisticated graphical layout with mouse-enabled
editing features and instant reasoning feedback using an external DL reasoner. More
precisely, all user changes after each editing step are send to the RACER [6] rea-
soner via a TCP-based client interface. The reasoner will then make all modeling
consequences explicitly available. ONTOTRACK will hand over relevant consequences
(e.g. new subsumption relationships, equivalent or unsatisfiable classes) to the user
by providing appropriate graphical feedback. However, implementing this feedback
functionality turned out to become difficult and even impossible for some language
statements (e.g. the deletion of global domain and range restrictions of properties
couldn’t be implemented due to a missing retraction functionality).
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Currently, DL reasoners only provide some kind of batch-oriented enter and query
interface. Because of lack of algorithms for appropriately handling incremental addi-
tions to a knowledge base [9] complete reclassification after each user interaction is
necessary. Furthermore, in order to become aware of a new subsumption relationship
due to a just added property restriction for example, ONTOTRACK needs to query the
reasoner about direct super classes for almost all classes of the ontology in turn. One
could of course narrow this set to those classes that also have an explicit or inherited
restriction on that particular property or a sub-property thereof. But this requires
to have explicit knowledge about inherited restrictions or sub-properties, which in
turn may result in additional queries. Deletion of, or changes within, classes and
properties or even fractions thereof is an analogous problem. However, using an opti-
mized tableaux-style reasoner for a language with an expressivity comparable to that
of OWL, retraction and changing of definitions (e. g. GCIs) may be of high complexity
because of optimization techniques like absorption.

3 Desirable Reasoning Services

Based on our experiences in the course of developing ONTOTRACK, we briefly summa-
rize our application requirements with respect to DL reasoners for supporting ontology
editing.

Instead of querying for all possible changes with respect to a specific consequence
(most notably the direct subsumption relationship) after each editing step we would
like to have an event-triggered notification model on the reasoner side. This mech-
anism should only publish the set of differences in conclusions with respect to the
previous state. This would correspond to a likewise TBox technique of RACERs
ABox publish-subscribe mechanism.

Another desirable feature is incremental reasoning and retraction of definitions.
As long as partial class definitions are concerned, additive incremental reasoning can
be done with help of additional GCIs and reclassification. However, adding a global
domain or range restriction will then result in GCIs which are not absorbable. In-
cremental reasoning with complete class definitions requires to retract the original
definition before adding a new restriction in combination with the original one. As
mentioned before, retraction of definitions or statements may be of high cost but is
a prerequisite for interactive ontology tools. A solution could consist of a reasoner
heuristic that analyzes the retraction statement and decides about on-the-fly dele-
tion or reclassification. A related problem is how to detect and deal with statements
explicitly or implicitly affected by a retraction process e.g. due to references.

A serious issue of each ontology authoring tool is concerned with debugging of
ontologies. Here standard inference services provide no help to resolve inconsistencies
in logical incoherent ontologies. In [12] a new reasoning service for pinpointing logical
contradictions of ALC ontologies has been developed.

Methods for explaining unsatisfiability of classes and class subsumption have also
been developed for ALC [11, 5]. Sophisticated debugging or explanation services
in combination with an appropriate graphical user interface would obviously make
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ontology authoring much more efficient. An on-demand generation of an ABox model
for a selected class may also be helpful for explanation.

Other novel inference services intended to support building an ontology have been
developed (see sec. 6.3 in [3] for a summary). One interesting service consists of
matching of class patterns against class descriptions in order to find already defined
classes with a similar structure. Another approach tries to create class definitions by
generalizing one or more user given ABox assertions. Other non-standard inference
services like least common subsumer or most specific concept are also relevant during
authoring of ontologies.

Unfortunately, only some of these non-standard reasoning services have been im-
plemented! and only a few are found in state of the art reasoning systems today. First
this is due to the fact that some of them only make sense if used for DLs less expressive
than OWL. Second, approaches for solving these services are usually based on struc-
tural subsumption algorithms known to be not appropriate for languages like OWL.
However, only some ontologies use all available language constructs. A large fraction
is within restricted clusters of less expressive sublanguages [13]. We therefore hope to
see some of these reasoning features (even for sublanguages of OWL) integrated into
reasoners in the future.

Technical requirements with respect to interfaces and communication are also an
important issue for building a successful application. A state of the art architecture
should support multiple clients via standard protocols. Notably, some of the most
recent reasoner developments are either not network-aware or without any interface
documentation. Support of standard formats (e.g. KRSS [10], DIG [4]) and native
OWL import either from file or via HTTP is also a desired quality.

4 Conclusion

The development of sophisticated and adequate Semantic Web tools for end users
strongly depends on sufficiently broad reasoning services and appropriate interfaces of
its core technology, namely DL reasoners. It is worth mentioning that our experiences
are not specific to our choice for RACER as external DL reasoner. An internal evalu-
ation of some DL based reasoning systems potentially capable of handling portions of
OWL (FaCT, FaCT++, RACER, Pellet, BOR) identified general deficits with respect
to our requirements mentioned above. We therefore argue that not only correctness,
efficiency, and language conformity are important, service diversity and interactive
capabilites should become an issue for research and criteria of future reasoner evalu-
ations.
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Abstract

We describe our ongoing work that aims at understanding how one can develop
a system that performs finite model reasoning in Description Logics. In particular
we report on the preliminary results that we have obtained by encoding reasoning
services in DLs as specifications for constraint programming solvers. We have used
such an approach to reason with respect to finite models on UML class diagrams.

1 Introduction

Expressive Description Logics (DLs) do not enjoy the finite model property. This
means that a knowledge base expressed in such a DL may be satisfiable, though it ad-
mits only models with an infinite domain [9, 1]. The loss of the finite model property
is due to the interaction between cardinality constraints, the use of direct and inverse
roles, and general (possibly cyclic) inclusion assertions in the knowledge base. Hence,
for such DLs, techniques have been investigated to address reasoning with respect to
finite models only [10, 6, 8, 13]. Notably, the presence of cardinality constraints, to-
gether with the requirement of models to be finite, gives rise to combinatorial aspects
in the reasoning problems, and such aspects are taken into account by the proposed
techniques by resorting to the encoding of satisfiability into solving numerical depen-
dencies.

The recent interest in DLs as a means to formalize and reason on class based
formalisms for conceptual modeling, software engineering, and ontologies, has revived
the interest in finite model reasoning, since such formalisms are often used to represent
structures that are intrinsically finite (e.g., a databases, object repositories, etc.).

In this paper we focus on UML class diagrams.! Finite model reasoning in UML

"ttp://www.omg. org/uml/
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Figure 1: A finitely inconsistent class diagram

class diagrams is of crucial importance for assessing quality of the analysis phase in
software development. Finite unsatisfiability of a class diagram means that there
are some classes or associations which cannot have a finite number of instances. This
concept must be contrasted with unrestricted unsatisfiability, which means that classes
or associations cannot have any, i.e., both finite and infinite, number of instances.
Indeed, for the purpose of software engineering, finite model reasoning in UML class
diagrams is often considered more important than unrestricted reasoning.

Example 1 As an example, consider Figure 1, which states reasonable constraints
for a university scenario; e.g., there is a binary association enrolled between classes
student and curriculum, and the multiplicities on the association express that each
student is enrolled in exactly one curriculum, while each curriculum must enroll at least
20 students (‘*’ denotes that there is no constraints on the maximum multiplicity).
Such a diagram is satisfiable in the unrestricted sense. Indeed, suppose there is an
instance c¢; of curriculum; then there must be at least 20 students enrolled in ¢,
and since each such student must work with exactly one teaching assistant and each
teaching assistant can work with at most 3 students, there must be at least 7 teaching
assistants; since at most 6 teaching assistants can be assigned to c1, there must be a
second instance co of curriculum; considering that each student can be enrolled in at
most one curriculum, by applying the same line of reasoning, we can see that there
must be an infinite sequence of instances c3, ¢4, . . . of curriculum. However, this shows
also that the diagram in Figure 1 is not finitely satisfiable. "

In this paper we address the implementation of finite model reasoning in DLs, a
task that has not been attempted so far. As a matter of fact, state-of-the-art DL
reasoning systems, such as FACT or RACER, perform unrestricted reasoning, and do
not address finite model reasoning. Interestingly, finite model reasoning on UML class
diagrams itself has, to the best of our knowledge, never been implemented in any kind
of system.

The main result of this paper is that it is possible to use off-the-shelf tools for
constraint modeling and programming for obtaining a finite model reasoner. In par-
ticular, exploiting the finite model reasoning technique presented in [10, 8], we propose
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an encoding as Constraint Satisfaction Problem (CSPs) of knowledge base satisfiabil-
ity. Moreover, we show also how CSP can be used to actually return a finite model of
the knowledge base (a task needed for particular applications, as [4]).

In fact, in this paper, we focus on UML class diagrams without ISA relations
between associations, seen as a means of describing DL knowledge bases (see, e.g., [3]).
More precisely, such UML class diagrams correspond essentially to primitive ACUNT
knowledge bases, which consist of (possibly cyclic) inclusion assertions of the form
B C C, where B is boolean combination of atomic concepts and C' is a concept of the
DL ALUNT [10]. Experimentation so far is in a preliminary stage, but the results we
have obtained are quite encouraging.

2 Finite Model Reasoning in DLs

The technique for finite model reasoning in DLs with number restrictions, inverse roles
and inclusion assertions was first presented in [10, 6], and is based on translating the
knowledge base in a set of linear inequalities. Intuitively, consider a simple knowledge
base K formed by inclusion assertions

T C VR .ANVR.B
A C (>mR)N(<niR)

B C (Z meo Rf) M (S no Rf)

for each role R. Such assertions express that R is typed on A for the first component
and B for the second, and additionally expresses minimum and maximum cardinality
constraints on the participation to R. It is easy to see that such a knowledge base
K is always satisfiable (assuming m; < n;) if we admit infinite models. Hence, only
finite model reasoning is of interest. We observe that, if C is finitely satisfiable, then
it admits a finite model in which all atomic concepts are pairwise disjoint. Exploiting
this property, we can encode finite satisfiability of K in a constraint system as follows.
We introduce one variable for each role and atomic concept, representing the number
of instances of the role (resp., concept) in a possible model of K. Then, for each R we
introduce the constraints

N
RS
A\VAV/AN/AN
=< 30
NN
S 3
[ NI
> 2

where a, b, and r are the variables corresponding to A, B, and R, respectively.

It is possible to show that, from a solution of such a constraint system, we can
construct a finite model of K in which the cardinality of the extension of each concept
and role is equal to the value assigned to the corresponding variable?.

The approach above can be extended to deal also with inclusion assertions ex-
pressing ISA | disjointness, and covering between concepts. Intuitively, one needs to
introduce one variable for each combination of atomic concepts; similarly, for roles

2In fact, if one is interested just in the existence of a finite model, one could drop the nonlinear
constraints of the form a-b > r.
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Figure 2: The “restaurant” UML class diagram

speciality

one needs to distinguish how, among the possible combinations of atomic concepts,
the role is typed in its first and its second component. This leads, in general, to the
introduction of an exponential number of variables and constraints [10]. We illustrate
this, in the context of UML, in the next section.

3 Finite Model Reasoning via CSP

We address the problem of finite satisfiability of UML class diagrams, and show how it
is possible to encode two problems as constraint satisfaction problems (CSPs), namely:

1. deciding whether all classes in the diagram are simultaneously finitely satisfiable,
and

2. finding —if possible— a finite model with non-empty classes and associations.

We use the “restaurant” class diagram, shown in Figure 2, as our running example.
First we address the problem of deciding finite satisfiability. As mentioned, we use

the technique proposed in [6], which is based on the idea of translating the multiplicity

constraints of the UML class diagram into a set of inequalities among integer variables.
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The variables and the inequalities of the CSP are modularly described considering
in turn each association of the class diagram. Let A be an association between classes
C1 and C5 such that the following multiplicity constraints are stated:

e there are at least min; and at most maz; links of type A (instances of the
association A) for each object of the class C1;

e there are at least mino and at most mazs links of type A for each object of the
class Cs.

Referring to Figure 2, if A stands for served_in, C stands for banquet, and C5 stands
for menu, then miny is 1, mazq is 1, ming is 1, and maxo is oo.

For the sake of simplicity, we start from the special case in which neither Cy nor
C5 participates in a ISA hierarchy, e.g., the related and the served_in associations of
Figure 2.

The CSP is defined as follows:

e there are three non-negative variables c1, ¢2, and a, which stand for the number
of objects of the classes C; and Cy and the number of links of A, respectively;

e there are the following constraints (we use the syntax of the constraint program-
ming language OPL [14]):

1. min_1 * cl <= a;
2. max_1 * cl1 >= a;
3. min_2 * c2 <= a;
4. max_2 * c2 >= a;
5. a <= cl * c2;
6. a >=1;

7. cl >=1;

8. ¢c2 >=1;

Constraints 1-4 account for the multiplicity of the association; they can be omitted
if either min_¢ = 0, or max_7 = oo (symbol ‘*’ in the class diagram). Constraint 5
sets an upper bound for the number of links of type A with respect to the number
of objects. Constraints 6-8 define the satisfiability problem we are interested in: we
want at least one object for each class and at least one link for each association. The
latter constraints can be omitted by declaring the variables as strictly positive.

When either C7 or Cs are involved in ISA hierarchies, the constraints are more
complicated, because the meaning of the multiplicity constraints changes. As an
example, the multiplicity 1. .* of the order association in Figure 2 states that a client
orders at least one banquet, but the client can be a person, a firm, both, or neither
(assuming the generalization is neither disjoint nor complete). In general, for an
ISA hierarchy involving n classes, O(2") non-negative variables corresponding to all
possible combinations must be considered. For the same reason, we must consider four
distinct specializations of the order association, i.e., one for each possible combination.
Summing up, we have the following non-negative variables:
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person, order_p, for clients who are persons and not firms;

firm, order_f, for clients who are firms and not persons;
person_firm, order pf, for clients who are both firms and persons;
client, order_c, for clients who are neither firms nor persons;

plus the positive banquet variable.
The constraints (in the OPL syntax) which account for the order association are
as follows:

/¥ 1 x/ client <= order_c;

/* 2 %/ firm <= order_f;

/* 3 x/ person <= order_p;

/* 4 */ person_firm <= order_pf;

/* 5 %/ banquet = order_c + order_f + order_p + order_pf;
/* 6 */ order_c <= client * banquet;

/* T */ order_f <= firm * banquet;

/* 8 x/ order_p <= person * banquet;

/* 9 x/ order_pf <= person_firm * banquet;

/* 10 */ client + firm + person + person_firm >= 1;
/* 11 */ order_c + order_f + order_p + order_pf >= 1;

Constraints 1-4 account for the ‘1’ in the 1..* multiplicity; Constraint 5 translates
the 1..1 multiplicity; Constraints 6-9 set an upper bound for the number of links
of type order with respect to the number of objects; Constraints 10-11 define the
satisfiability problem (banquet is already strictly positive).

We refer the reader to [8, 6] for formal details of the translation, and in particular
for the proof of its correctness. As for the implementation, the “restaurant” example
has been encoded in OPL as a CSP with 24 variables and 40 constraints. The solu-
tion has been found by the underlying constraint programming solver, i.e., ILOG’s
SOLVER [12, 11], in less than 0.01 seconds.

4 Constructing a Finite Model

We now turn to the second problem, i.e., finding —if possible— a finite model with non-
empty classes and associations. The basic idea is to encode in the constraint modeling
language of OPL the semantics of the UML class diagram (see [3, 2]). In particular we
use arrays of boolean variables representing the extensions of predicates, where the
size of the arrays is determined by the output of the first problem. Since in the first
problem we have enforced the multiplicity constraints, and obtained an admissible
number of objects for each class (actually for each combination of classes), we know
that a finite model of the class diagram exists. We also know the size of the universe
of such a finite model, which is equal to the sum, over all combinations of classes, of
the number of objects in each combination of classes (recall that each combination of

classes is disjoint from all other combinations of classes).
Referring to our “restaurant” example, we have the following declarations describ-
ing the size of our universe and two sorts:

int size = client + person + firm + person_firm + restaurant + menu +
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characteristic_restaurant + dish + specialty + banquet + celebration;
range Bool 0..1;
range Universe 1..size;

The arrays corresponding, e.g., to the client and banquet classes, and to the order_c
association are declared as follows:

var Bool Client[Universe];
var Bool Banquet[Universe];
var Bool Order_C[Universe,Universe];

Now, we have to enforce some constraints to reflect the semantics of the UML
class diagram [3, 2], namely that:

1. each object belongs to exactly one class;

2. the number of objects (resp., links) in each class (resp., association) is coherent
with the solution of the first problem:;

3. the associations are typed, e.g., that a link of type order_c insists on an object
which is a banquet and on another object which is a client;

4. the multiplicity constraints are satisfied.

Such constraints can be encoded as follows (for brevity, we show only some of the
constraints).

// AN OBJECT BELONGS TO ONE CLASS

forall(x in Universe)
Client[x] + Person[x] + Firm[x] + Person_Firm[x] + Restaurant[x] +
Characteristic_Restaurant[x] + Dish[x] + Specialty[x] + Banquet[x] +
Celebration[x] + Menulx] = 1;

// ENFORCING SIZES OF CLASSES AND ASSOCIATIONS

sum(x in Universe) Client[x] = client;

sum(x in Universe) Banquet[x] = banquet;

sum(x in Universe, y in Universe) Order_C[x,y] = order_c;

// TYPES FOR ASSOCIATIONS

forall(x, y in Universe)
Order_C[x,y] => Client[x] & Banquetl[y];

// MULTIPLICITY CONSTRAINTS ARE SATISFIED

forall(x in Universe)
Client[x] => sum(y in Universe) Order_Cl[x,y] >= 1;

Summing up, the “restaurant” example has been encoded in OPL with about 40
lines of code. After instantiation, this resulted in a CSP with 498 variables and 461
constraints. The solution has been found by ILOG’s SOLVER in less than 0.01 seconds,
and no backtracking.

5 Notes on Complexity

Few notes about the computational complexity are in order. It is known that solv-
ing both problems of deciding finite satisfiability and finite model finding for primi-
tive ALUNT knowledge bases (and hence for UML class diagrams) are EXPTIME-
complete [10, 7, 8]. Our encoding of the first problem in a CSP may result in a
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number of variables which is exponential in the size of the diagram. Anyway, since
the exponentiality depends on the maximum number of classes involved in the same
ISA hierarchy, the actual size for real UML diagrams will not be very large.

As for the second problem, our encoding is polynomial in the size of the class
diagram. Note that this does not contradict the EXPTIME lower bound, due to the
program complexity of modeling languages such as OPL. Indeed, in [5] it is shown that
the program complexity of boolean linear programming is NEXPTIME-hard.

6 Conclusions

In this paper we have reported on our ongoing investigation on implementing finite
model reasoning in DLs. We have shown how current state-of-the-art constraint solvers
can be used to perform such a kind of reasoning. The performance of such systems
in the experiments done so far is quite good, though these results still need to be
confirmed on larger cases, such as the CIM? diagrams. This is ongoing work. We are
also building a prototype system for finite model reasoning that uses OPL as reasoning
engine.

Our implementation can so far not deal with UML class diagrams containing as-
sociations between roles. The translation of such diagrams in a DL knowledge base
requires to introduce inclusion assertions between roles, or, alternatively, to reify roles
and thus introduce qualified number restrictions to encode multiplicities [2]. In [8, 6],
an extension of the technique for finite model reasoning illustrated here is proposed,
that can deal also with qualified number restrictions. However, such a method re-
quires to introduce a number of variables and constraints that is double exponential
in the size of the knowledge base. In [13] a more involved technique is presented, for
which the size of the constraint system stays simply exponential. However, numbers
appearing in number restrictions cannot be dealt with directly in the constraints and
need to be encoded using counters. Thus, the possibility of actually implementing
one or the other of these methods by making use of constraint solvers requires further
investigation.
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Abstract

In this paper we study a DL rich enough to express UML class diagrams
including ISA and disjointness between classes (but not covering constraints),
typing of associations, and participation and functional cardinality constraints.
For such a DL, which we call DL-Lite, we propose novel reasoning techniques for
a variety of tasks, notably including query containment and query answering for
conjunctive queries over concepts and roles. The techniques are based on query
containment under constraints typical of databases. A prototype implementation
of DL-Lite has been developed and experimented with.

1 Introduction

One of the most important lines of research in Description Logics (DLs) is concerned
with the trade-off between expressive power and computational complexity of sound
and complete reasoning. Research on this topic has shown that DLs with efficient,
i.e., worst-case polynomial time, reasoning algorithms lack modeling power required
in capturing conceptual models and basic ontology languages, while DLs with suffi-
cient modeling power suffers from inherently worst-case exponential time behavior of
reasoning [8, 9, 2].

In this paper we propose a new DL specifically tailored to capture conceptual data
models (e.g., Entity-Relationship) [1], Object-oriented formalisms (e.g., basic UML
class diagrams)®, and basic ontology languages. Notably, we show that advanced forms
of sound and complete reasoning, taking into account a knowledge base constituted
by a TBox and an ABox, and queries, can be done in polynomial time in the size of
the knowledge base. More precisely, our contributions are the following:

1. We define DL-Lite, a DL rich enough to capture a significant ontology language.
In particular, DL-Lite is able to express UML class diagrams including ISA

"ttp://www.omg. org/uml/
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and disjointness between classes (but not covering constraints), typing of asso-
ciations, and cardinality constraints imposing mandatory participation to roles
and functionality of roles.

2. For such a DL we propose novel reasoning techniques for a variety of tasks,
including conjunctive query answering and containment between conjunctive
queries over concepts and roles. Our presentation is focused on the problem of
answering conjunctive queries over a knowledge base. We observe that this is one
of the few results on answering complex queries (i.e., not corresponding simply to
a concept or a role) over a knowledge base [6, 7]. Indeed, answering conjunctive
queries over a knowledge base is a challenging problem, even in the case of
DL-lite, where the combination of constructs expressible in the knowledge base
does not pose particular difficulties in computing subsumption. Our solution bu
builds upon and extends a series of techniques developed in databases for query
containment and query answering under constraints [10, 3, 4].

3. We show that the above mentioned reasoning tasks can be carried out in poly-
nomial time in the size of the knowledge base.

A prototype implementation of DL-Lite has been developed and tested within the
SMO (System Management Ontology) project carried out jointly by the University of
Rome “La Sapienza” and the IBM Tivoli Laboratory.

The next section defines DL-Lite and the associated reasoning services. Section 3
shows that DL-Lite is indeed an interesting logic for capturing the basic modeling
constructs of conceptual models and ontology languages. Section 4 briefly describes
the fundamental reasoning technique associated to DL-Lite. Section 5 concludes the

paper.

2 DL-Late

The DL DL-Lite that we present in this paper is quite simple from the language
point of view. Namely, starting from atomic concepts, denoted by A, possibly with
subscripts, and atomic roles, denoted by R, possibly with subscripts, we define basic
concepts, denoted by B, as follows:

B = A | 3R | 3R~

where A is an atomic concept, IR is the usual unqualified existentiality on atomic
roles R, and 3R~ is the same on inverse roles. General concepts in DL-lite are then
defined as follows:

C == B | -B | CinNCy

Note that we have negation on basic concept only and that we have conjunction but
not disjunction.

Using this simple language we allow to make assertions of specific forms. Specifi-
cally, in a DL-Lite TBox, we allow for inclusion assertions of the form:

BCC
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where on the left-hand-side we must have a basic concept (B), while on the right-
hand-side we may have a general DL-Lite concept.

Observe that we do allow for cyclic assertions. Indeed, we can enforce the cyclic
propagation of the existence of an R-successor using the two DL-Lite inclusion asser-
tions A C dR, dR~ C A. The constraint imposed on a model is similar to the one
imposed by the ALC cyclic assertion A C dR.T MVR.A, though stronger, since it
additionally enforces the second component of R to be typed by A.

Also, in addition to inclusion assertions, in DL-Lite we have functionality asser-
tions of the form

(funct R), (funct R™)

expressing, respectively, the functionality of atomic roles and of inverses of atomic
roles.

As for the ABox, we allow for membership assertions on atomic concept and on
atomic roles:

A(a), R(a,b)

stating respectively that the object (denoted by the constant) a is and instance of
A and that the pair (a,b) of objects (denoted by the two constants a and b) is an
instance of the atomic role R.

In fact, to denote objects, DL-Lite includes two kinds of constants: the usual con-
stants for which the unique name assumption holds, and the so called soft constants,
which are constants for which the unique name assumption does not hold.

Notice that, using soft constants, we can express in the ABox also membership
assertions involving existentials. For example, to express the membership assertion
(3R)(a), where a is a non-soft constant, we can include in the ABox the membership
assertion R(a,u) where u is a fresh (i.e., not used elsewhere in the ABox) soft constant.

Given a DL-Lite KB K = (7,A), where 7 is a TBox and A is an ABox, we
can query the knowledge base using conjunctive queries. A conjunctive query ¢ is an
expression of the form

{& | conj(Z, 7))}
where Z are the so called distinguished variables that will be bound with object in the
KB, ¥ are the non-distinguished variables, which are existentially qualified variables,
and conj(Z,y) is a conjunction of atoms of the form A(z) or R(z1, z2) where A and R
are respectively atomic concept and roles and z, z1, z9 are either constants in the KB
or variables in & or /.

The reasoning services that are of interest in DL-Lite are:

e query-answering: given a query (&) with distinguished variables ¥ and a knowl-
edge base K, return all tuples ¢ of objects that substituted to & are such that
K E q(f) Observe that as a special case of query answering we have concept
satisfiability and logical implication of ABox assertions.

e query-containment: given two queries ¢; and ¢o and a knowledge base IC, verify
whether I = ¢1 C ¢g, i.e., whether in every model Z of K the tuples of objects
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that form the extension of ¢; in Z are also in the extension of g5 in Z. Ob-
serve that as a special case of query containment we have logical implication of
inclusion assertions involving atomic concepts on both sides.

In fact, it can be shown that query containment can be reformulated as query
answering, in particular with the help of soft constants. Hence, when we discuss
reasoning (see Section 4) we will focus on query answering only.

3 Why DL-Lite is a “rich” DL

Although equipped with advanced reasoning services, at first sight DL-Lite seems to
be rather weak in modeling intensional knowledge, and hence of limited use in practice.
In fact this is not the case. Despite the simplicity of its language and the specific form
of inclusion assertions allowed, DL-Lite is able to capture the main notions (though
not all, obviously) of conceptual modeling formalism used in databases and software
engineering such as ER and UML class diagrams.

In particular, DL-Lite assertions allow us to specify (below A, A; and Ay are
atomic concepts, and R is an atomic role):

e [SA, using assertions of the form A; T As, stating that the class A; is a subclass
of the class As;

e class disjointness, using assertions of the form A; T —As, stating disjointness
between the two classes A; and Asg;

e role-typing, using assertions of the form IR C A; (resp., IR~ C Ay), stating
that the first (resp., second) component of the relation R is of type A; (resp.,
Ar);

e participation constraints, using assertions of the form A C 3R (resp., AC 3R™),
stating that instances of class A participate to the relation R as the first (resp.,
second) component;

e non-participation constraints, using assertions of the form A C —3R (resp., A C
—3JR™), stating that instances of class A do not participate to the relation R as
the first (resp., second) component;

o functionality restrictions, using assertions of the form (funct R) (resp., (funct R7)),
stating that an object can be the first (resp., second) component of the relation
R at most once.

Notably two important modeling features are missing in DL-Lite:

e the ability of stating covering constraints, i.e., stating that each instance of a
class must be an instance of (at least) one of its subclasses;

e the ability of stating subset constraints between relations.
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These features are missing exactly to get the nice computational characteristics that
we are after.

Instead, observe that the limitation to binary roles only is not crucial. Indeed, it
is possible to extend the reasoning techniques reported here to n-ary relations without
losing most nice computational properties.

Finally, let us comment on the ability of DL-Lite of asserting extensional knowledge
using soft constants. These can be considered as an advanced form of null values
stating that the object with the desired property exists, though its identifier is not
known. In other words, soft constants act as existentially quantified variables whose
scope is the entire knowledge base.

4 Query answering in DL-Lite

We now present an algorithm that computes the answers to a conjunctive query over
a DL-Lite KB. In the following, for ease of exposition we assume that the input
query is a boolean query: the extension of the algorithm to non-boolean queries is
straightforward.

Due to space limitations, we are only able to provide an informal description of
the algorithm; moreover, we assume that no soft constants are present in the ABox.

4.1 Algorithm

The algorithm takes as input a DL-Lite KB K = (7,.A) and a boolean conjunctive
query ¢, and returns a boolean value. The algorithm consists of five steps:

1. TBox normalization: inclusion assertions of 7 in which conjunctive concepts
occur in the right-hand side are rewritten by iterative application of the rule: if
B C C1MNC5 occurs in 7, then replace this assertion in 7" with the two assertions
B C C;, B C (5. The normalized TBox resulting from such a transformation
contains the following types of assertions:

e [SA assertions of the form A; C As, where A1 and Ay are atomic concepts;

e disjointness assertions of the form By C —Bs where By is a basic concept
(i.e., either an atomic or an existential concept) and —Bj is a negated basic
concept;

e role-typing assertions of the form 3R C B or dR~ C B, where B is a basic
concept;

e participation assertions of the form A C 3R or A C dR~, where A is an
atomic concept;

o functionality assertions of the form (funct R) or (funct R™).

2. KB consistency check: this step checks whether the ABox A satisfies the func-
tionality and disjointness assertions occurring in the TBox 7. Specifically:
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(a) First, in order to check satisfiability w.r.t. disjointness assertions, the TBox
is expanded by computing all the disjointness assertions implied by the
inclusion assertions in 7. More precisely, the TBox 7 is closed with respect
to the following inference rule: if the assertions C; © C9 and Cy C Cjy
occur in 7 (where C1, Co, Cs are arbitrary concepts), then add the assertion
CiCCs3toT.

(b) Then, the algorithm checks satisfiability w.r.t. disjointness assertions in 7:
e.g., the assertion By C =By in 7 is satisfied in A iff there is no a such
that both a : B; and a : By are in A (if By is the existential concept IR
(resp., 3R™), then also assertions of the form R(a,b) (resp., R(b,a)) are
taken into account).

(c) Finally, also satisfiability of A w.r.t. functionality assertions is checked:
e.g., the assertion (funct R) in 7 is satisfied in A iff there is no pair of
assertions in A of the form R(a,b), R(a,c).

If there is a disjointness assertion or a functionality assertion in 7 that the ABox
A does not satisfy, then the algorithm returns true (there is no model for the
KB K, therefore every query is trivially true), otherwise the algorithm executes
the next step.

3. Query expansion: the conjunctive query is rewritten based on the ISA, role-
typing, and participation assertions in 7. More specifically, starting from the
initial conjunctive query, a union of conjunctive queries is computed, by es-
sentially applying the ISA, role-typing, and participation assertions as concept
rewriting rules, applied from right to left. For instance, in the presence of the
ISA assertion A C C, the query C(a) can be rewritten as A(a), while in the
presence of the role-typing assertion 3R T C, the same query can be rewritten
as R(a, ), where z is a new variable symbol. Intuitively, in expanding the query
we essentially embed all the relevant knowledge of the TBox represented by ISA,
role-typing, and participation assertions.

4. Query evaluation: Finally, the expanded query is evaluated over the ABox A.
More precisely, the algorithm returns true if and only if there exists a conjunct
of the expanded query that has an image in the ABox. Basically, a conjunct
has an image in the ABox A if there exists a substitution ¢ from the variables
occurring in the conjunct to the constants occurring in A such that for each
atom ¢ occurring in the conjunct, o(¢) € A (actually, if an existential concept
occurs in the atom, then also role memberhip assertions can provide an image
for the atom). In other words, the algorithm evaluates the union of conjunctive
queries considering the ABox as a database.

4.2 Correctness

Informally, the correctness of the above reasoning technique is essentially due to the
fact that the assertions in the TBox can be divided into two classes:
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e disjointness and functionality assertions, taken into account by Step 2 of the
algorithm;

e ISA, role-typing, and participation assertions, considered in Step 3.

Indeed, it can be shown that the interaction between these two classes of assertions
is limited to the derivation of new disjointness assertions in the TBox closure com-
puted during Step 2. After these steps, the TBox can be discarded in the final query
evaluation step.

4.3 Complexity

As for the complexity of the algorithm, it is easy to prove that the algorithm runs in
polynomial time with respect to the size of the knowledge base K, while the computa-
tion time is exponential with respect to the size of the query. The latter is due to the
fact that the union of conjunctive queries computed in Step 3 may consist of a number
of disjuncts (each of polynomial size) that is exponential in the number of atoms in
the body of the initial query. Moreover, the evaluation of each disjunct in Step 4 may
take nondeterministic polynomial (i.e., for practical purposes, exponential) time in
the number of atoms of the disjunct, and hence in the number of atoms in the body
of the initial query.

The algorithm can be extended to the presence of soft constants in the ABox,
by adding a unification step that takes into account the presence of functionality
assertions on the soft constants. Such an extension does not affect the computational
properties of the algorithm.

Finally, it can be shown that, in the presence of soft constants, containment be-
tween conjunctive queries can be immediately reduced to query answering by the
well-known “query freezing” technique (see, e.g., [11]), in which soft constants are
used to deal with possible equalities implied by functionality assertions.

Summarizing, the following property holds.

Theorem 1 Subsumption, query answering, and query containment in DL-Lite are
polynomial in the size of the knowledge base.

5 Conclusions

We have described DL-Lite, a new DL specifically tailored to capture conceptual data
models and basic ontology languages, while keeping the worst-case complexity of sound
and complete reasoning tractable.

In this paper we focused on binary roles only, but this is not a crucial limitation.
Indeed, it is possible to extend the reasoning techniques reported here to n-ary re-
lations without loosing their nice computational properties. On the other hand, the
results reported in [5] imply that the introduction of subset constraints on roles (i.e.,
role inclusion assertions) makes our technique inapplicable.

98



Acknowledgments This research was partly supported by MIUR under FIRB
(Fondo per gli Investimenti della Ricerca di Base) project “MAIS: Multichannel Adap-
tive Information Systems” in the context of the Workpackage 2 activities, and by the
EU funded projects INFOMIX (IST-2001-33570) and SEWASIE (IST-2001-34825).

References

1]

2]

C. Batini, S. Ceri, and S. B. Navathe. Conceptual Database Design, an Entity-
Relationship Approach. Benjamin and Cummings Publ. Co., Menlo Park, Cali-
fornia, 1992.

A. Borgida and R. J. Brachman. Conceptual modeling with description logics. In
F. Baader, D. Calvanese, D. McGuinness, D. Nardi, and P. F. Patel-Schneider,
editors, The Description Logic Handbook: Theory, Implementation and Applica-
tions, chapter 10, pages 349-372. Cambridge University Press, 2003.

A. Cali, D. Lembo, and R. Rosati. On the decidability and complexity of query
answering over inconsistent and incomplete databases. In Proc. of the 22nd
ACM SIGACT SIGMOD SIGART Symp. on Principles of Database Systems
(PODS 2003), pages 260-271, 2003.

A. Cali, D. Lembo, and R. Rosati. Query rewriting and answering under con-
straints in data integration systems. In Proc. of the 18th Int. Joint Conf. on
Artificial Intelligence (IJCAI 2003), pages 1621, 2003.

D. Calvanese, G. De Giacomo, D. Lembo, M. Lenzerini, and R. Rosati. What to
ask to a peer: Ontology-based query reformulation. In Proc. of the 9th Int. Conf.
on Principles of Knowledge Representation and Reasoning (KR 2004 ), 2004.

D. Calvanese, G. De Giacomo, and M. Lenzerini. On the decidability of query
containment under constraints. In Proc. of the 17th ACM SIGACT SIGMOD
SIGART Symp. on Principles of Database Systems (PODS’98), pages 149-158,
1998.

D. Calvanese, G. De Giacomo, and M. Lenzerini. Answering queries using views
over description logics knowledge bases. In Proc. of the 17th Nat. Conf. on
Artificial Intelligence (AAAI 2000), pages 386-391, 2000.

D. Calvanese, M. Lenzerini, and D. Nardi. Description logics for conceptual
data modeling. In J. Chomicki and G. Saake, editors, Logics for Databases and
Information Systems, pages 229-264. Kluwer Academic Publisher, 1998.

D. Calvanese, M. Lenzerini, and D. Nardi. Unifying class-based representation
formalisms. J. of Artificial Intelligence Research, 11:199-240, 1999.

D. S. Johnson and A. C. Klug. Testing containment of conjunctive queries under
functional and inclusion dependencies. J. of Computer and System Sciences,
28(1):167-189, 1984.

J. D. Ullman. Information integration using logical views. In Proc. of the 6th Int.
Conf. on Database Theory (ICDT’97), volume 1186 of Lecture Notes in Computer
Science, pages 19—40. Springer, 1997.

99



Local tableaux for reasoning in

distributed description logics *

Luciano Serafini
ITC-IRST, 38050 Povo, Trento, Italy
luciano.serafini@itc.it

Andrei Tamilin
DIT - University of Trento, 38050 Povo, Trento, Italy
andrei.tamilin@dit.unitn.it

Abstract

The last decade of basic research in the area of Description Logics (DL) has
created a stable theory, efficient inference procedures, and has demonstrated a
wide applicability of DL to knowledge representation and reasoning. The success
of DL in the semantic web and the distributed nature of the last one inspired
recently a proposal of Distributed DL framework (DDL). DDL is composed of
a set of stand alone DLs pairwise interrelated with each other via collection of
bridge rules. In this paper, we investigate the reasoning mechanisms in DDL
and introduce a tableau-based reasoning algorithm for DDL, built on the top of
the state of the art tableaux reasoners for DL. We also describe a first prototype
implementation of the proposed algorithm.

1 Introduction

Ontologies have been advocated as the basic tools to support interoperability be-
tween distributed applications and web services. The basic idea is that different au-
tonomously developed applications can meaningfully communicate by using a common
repository of meaning, i.e. a shared ontology. The optimal solution obviously lies in
having a unique worldwide shared ontology describing all possible domains. Unfortu-
nately, this is unachievable in practice. The actual situation in the web is characterized
by a proliferation of different ontologies. Each ontology describes a specific domain
from different perspectives and at different level of granularity. The initial interop-
erability problem, therefore, passes from the application level to the ontology level.
Though the semantic standardization is far to be reached, the syntactic standardiza-
tion is almost there, as it is widely accepted that ontologies should be expressed in a
language, which is a variation of a descriptive language [6, 8].

Given this situation, one of the challenges in the semantic web is of being able to
deal with a large number of overlapping and heterogeneous local ontologies. We use
the term “local” to stress the fact that each ontology describes a domain of interest
from a local and subjective perspective. In this paper, we focus on the problem of

*We thank Chiara Ghidini and Floris Roelofsen for their feedback on this paper.
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Figure 1: P2P architecture for managing multiple ontologies. In each peer, circles
stand for ontologies, and arrows for semantic relations between ontologies.

reasoning within such web of local ontologies. We start form a long tradition of
logics for distributes systems, based on propositional Multi-Context Systems [5, 4]
and its Local Models Semantics [2], the extension of First Order Logics which leads
to Distributed First Order Logics [3], and the extension of Description Logics which
leads to Distributed Description Logics (DDL) [1]. Starting from these logical studies,
our goal is to propose a theoretically grounded and scalable solution to the problem of
reasoning with a set of distributed, heterogeneous, and overlapping local ontologies.
Most of state of the art formalizations of that problem are based on a global ontology
that allows to uniformly represent a set of local ontologies and semantic relations
between them. In these approaches, reasoning in a set of local ontologies is rephrased
into a problem of reasoning in the global ontology.

The approaches based on the global ontology, however, present two main draw-
backs. First, from a computational complexity point of view it is more convenient
to keep the reasoning as much local as possible, exploiting the structure provided by
semantic relations for the propagation of reasoning through the local ontologies. Some
intuition in this direction can be found in the computational complexity results for
satisfiability in Multi-Context Systems described in [11]. Second, the reasoning proce-
dure that has to be implemented in the global ontology should be capable of dealing
with the most general local language, whereas having a more distributed approach
would allow to apply to every local ontology the specific reasoner, optimized for the
local language.

From the architectural point of view, our idea is inspired by peer-to-peer (P2P)
distributed knowledge management architectures, proposed in the SWAP [13] and
Edamok [12] projects, and by the C-OWL language [14]. We have implemented a
P2P architecture, shown in Figure 1, consisting of peer ontology managers, providing
reasoning services on a set of local ontologies, and capable of requesting reasoning
services to other peers. The ontology manager of a pear p is capable of providing local
and global reasoning services. Local services involve only ontologies local to p, while
global services involve both ontologies in p and in other semantically related peers.
Among the provided reasoning services, the fundamental ones are checking a local and
a global subsumptions.

The paper contributes to the realization of the architecture described above with
the following four points: (i) we describe a logical framework (DDL) capable of cap-
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turing the behavior of the overall system, i.e. how subsumptions propagate through
peers; (ii) give a general reference (and naive) global algorithm for computing global
subsumption, which is sound and complete w.r.t. any topology of the P2P ontol-
ogy network; (iii) propose a distributed tableau algorithm for computing global sub-
sumption, built as a composition of standard tableaux algorithms for computing local
subsumption, which is sound and complete w.r.t. acyclic topology; and finally, (iv)
describe a java-based prototype implementing the distributed tableau algorithm.

2 Distributed Description Logics

Distributed description logics (DDL), defined by Borgida and Serafini in [1], is a knowl-
edge representation and reasoning formalism for describing distributed environments
composed of a set of distinct description logics interrelated between each other through
a set of pairwise inference connectives. In this section we briefly recall the definition
of DDL as given in [1].

Before giving the formal definitions of DDL framework let us make several pre-
liminary remarks. Given a non empty set I of indexes, let {DL;};er be a collection
of description logics. Each DL; can be one of the logics which is weaker or equivalent
to SHZQ [9] (e.g. ALC, ALCN, SH)!. For each i € I let us denote a T-box of DL;
as 7;. To distinguish descriptions in each DL;, we will prefix them with the index of
corresponding description logics. E.g. to reflect that any concept C is stated locally
in a terminology of DL; we will write ¢ : C’; similarly, to reflect the fact that particular
axiom, say C' C D, holds locally in a terminology of DL; we will write ¢ : C C D.

Bridge rules are used to express semantic relations between different T-boxes.

Definition 2.1 (Bridge rules). A bridge rule, from i to j is an expression of the
following two forms:

l.i:x £>j : y, an into-bridge rule;
. 3 . .
2. i:x — j:y, an onto-bridge rule;
where x and y are either two concepts, or two roles, or two individuals of DL; and
DL; respectively.

In spite of this general definition, in this paper we concentrate on bridge rules
between concepts. Intuitively, the into-bridge rule i : ¢ -5 j: D states that, from the
j-th point of view the concept C in DL; is less general than its local concept D.
Similarly, the onto-bridge rule i: ¢ = j : D expresses the fact that, according to j, C
in DL; is more general than D in DL;. Therefore, bridge rules from 7 to j represent
the possibility of DL; to translate (under some approximation) the foreign concepts
of DL; into its internal model. Note, that bridge rules are directional and reflect the
subjective point of view of particular DL on other DLs surrounding it. Therefore,
rules from j to ¢ are not necessarily the inverse of rules from ¢ to j.

Example 2.1. The International Standard Classification of Occupations (ISCO-88)?
is an ontology that organizes occupations in a hierarchical framework. At the lowest

!We assume familiarity with DLs and related tableaux-based systems described in [9].
*http://www.ilo.org/public/english/bureau/stat/class/isco.htm
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ISC0-88 WordNet
2 Professionals adEntity
21 Physical, mathematical and engineering science professionals Causal_agency
211 Physicists, chemists and related professionals Cause
2111 Physicists and astronomers Causal_agent
2114 Geologists and geophysicists Entity
212 Mathematicians, statisticians and related professionals Physical_object
2121 Mathematicians and related professionals Object

2122 Statisticians
213 Computing professionals

Animate_thing
Living_thing

2131 Computer systems designers, analysts and programmers Being

2139 Computing professionals not elsewhere classified Organism

214 Architects, engineers and related professionals Person

2141 Architects, town and traffic planners Self

2146 Chemical engineers Grownup
3 Technicians and associate professionals Nurser
31 Physical and engineering science associate professionals Engineer

311 Physical and engineering science technicians Worker

Figure 2: An extract from ISCO-88 and WordNet.

level is the unit of classification - a job - which is defined as a set of tasks or duties
designed to be executed by one person. An extract of ISCO-88 is shown on the left
side of Figure 2. A similar, though less detailed, ontology can be extracted from the
People sub-hierarchy of WordNet3. Notice, that in WordNet there is no hierarchical
classification of jobs, as the term “worker” is at the same level than “engineer”. If,
for whatever reason, one wants to import the ISCO-88 classification into WordNet,
an example of bridge rules would be the following:

ISCO : Professionals —> WNP : Worker (1)

ISCO : Technicians.And_Associate_Professionals — WNP : Worker (2)

ISCO PhysicaC\/ﬁgf;t;_nir;%ii:;(_agsc_i:::e__ie;:;i_t:igte;fsei::izlnsaE = WNP : Engineer (3)
ISCO: T —=» WNP:-Child (4)

ISCO : Doorkeepers_watchpersons_and. . . =, WNP: Gatekeeper (5)

Definition 2.2 (Distributed T-box). A distributed T-box (DTB) T = ({7; }ier,B)
consists of a collection of T-boxes {7;}icr, and a collection of bridge rules B =
{Bi;}ixjer between them.

In order to deal with ontologies which are locally unsatisfiable (this can happen
when a set of local axioms are not satisfiable or when bridge rules with other ontologies
are not satisfiable) we will introduce two special types of local interpretations, called
holes.

Definition 2.3 (Holes). A full hole in a T-box T is an interpretation T2 = (AZ, Z%),
where A7 is the original nonempty domain in 7, and % is a function that maps every
concept expression in 7 in the whole AZ. An empty hole in 7 as an interpretation
70 = (AT, -I®>, where A is the original nonempty domain 7', and I’ is a function
that maps every concept expression in 7 in the empty set.

*http://xmlns.com/wordnet/1.6/Person
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According to the above definition, holes interpret every concept, both atomic and
complex ones, either in the empty set or in the universe. The recursive definition
of the interpretation of a concept does not apply for holes. One should notice that
the interpretation of the concepts (=C), denoted as (=C)%?, is not AZo \ C%o = ATo,
but is 0. The consequence of this fact is that Zy = C C D and Za = C C D for
any pair of concepts C' and D. Obviously, since both Z2 and Z% satisfy all (even
contradictory) concepts in 7, they are models of 7, i.e. 72 £ T and 7% E 7. Holes
represent interpretations of locally inconsistent T-boxes.

Definition 2.4 (Domain relation). A domain relation r;j from AL to A%i is a
subset of A7t x A%i. We use 7;;(d) to denote {d’ € A%i | (d,d') € r;;}; for any subset
D of A%, we use r;;(D) to denote | J e 7i5(d); for any R C A%i x ATi we use ry;(R)
to denote U(d,d/>€R le(d) X sz(d/)

A domain relation r;; represents the capability of 7; to map the elements of AT
into its domain AZi. For instance if John € ATl is a person and J12 € A% is an
individual that represents the student John in a specific school, the pair (John, J12)
will be contained in r15. Notice that ris is not necessarily a function. Indeed, John
could attend two schools, and therefore, correspond to two individuals in AZ2.

Definition 2.5 (Distributed interpretation). A distributed interpretation I =
({Zi}ier, {rij }izjer) of distributed T-box ¥ consists of local interpretations Z; on lo-
cal domains A% for all 7;, and a family of domain relations ri; between these local
domains.

Definition 2.6. A distributed interpretation J satisfies (written J ;) the elements
of a DTB ¥ according to the following clauses: for every ¢,j € I

JEqi:ACB,ifZ; F AC B;

JEq T, it JEgi: AC B forall AC B in 7j;

JEqi:x £>j:y, ifrij(xzi) C oyl

JEqitz =y, if ry(e) 2y,

J Fq By, if J satisfies all bridge rules in 9B;;;

Tk T, if for every i,5 € I, TF4 7T; and T Fg B3
TEgi:CLCED if for every J, JF4 T implies T F4 4 : C C D.

NSOtk W=

Let us see now how bridge rules affect concept subsumption. Hereafter, %;?to and
‘B%mo will denote the set of into- and onto-bridge rules of 9B;; respectively.

Monotonicity Bridge rules do not delete local subsumptions. Formally:

T,EACB =— Tk,i:ACB (6)

Directionality T-box without incoming bridge rules is not affected by other T-boxes.
Formally, if By, = 0 for any k # i € I, then:

Thkqi:ACB = T,FACB (7)
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Strong directionality Sole into- or onto-bridge rules incoming to local terminology
do not affect it. Formally, if for all k # i either B = () or B = (), then:

Thkqi:ACB = T,FACB (8)

Local inconsistency The fact that ®8;; contains into- and onto-bridge rules does
not imply that inconsistency propagates. Formally:

TEgi:TCL #= TEqj:TCL 9)

Simple subsumption propagation Combination of onto- and into-bridge
rules allows to propagate subsumptions across ontologies. Formally, if B;; con-

tainsi:Aij:Gandi:BAj:H,then:

‘Z}ZdZAEB - ‘Z):d]GEH (10)

Generalized subsumption propagation If B;; contains 7 : A = j: G and
i:Bkij:kaorlgkgn,then:

‘Z):dZAgl_lBk - ‘Z):deEUHk (11)
k=1 k=1

Among the given properties, property (9) and property (11) play special roles. The
first one is important as it allows us to explain how full and empty holes constitute
“locally inconsistent interpretations”. The second one is important as it constitutes
the main reasoning step of the tableau algorithm proposed in the next section. The
proofs of the above properties can be found in [1, 10].

Example 2.2. In the hierarchy WNP of the previous example there is no subsumption
relation between Engineer and Worker. From bridge rules (1-3) and from the fact that
in the ISCO-88 ontology the concept Architects_Engineers_And_Related_Professionals
is a subclass of Professionals, it is impossible to infer that Engineers is a subclass
of Worker, i.e. that in WNP Engineers T Worker. Similarly, the bridge rules (4)
and (5) allow to infer that WNP classes Gatekeeper and Child are disjoint, i.e. that
WNP : Gatekeeper M Child C 1.

3 Distributed reasoning in DDL
The reasoning services one would like to have in the web of ontologies are the following:

Local reasoning services are all kind of reasoning services one wants to have for
a local ontology. The adjective “local” indicates that these reasoning services
consider a local ontology as a stand alone object (no bridge rules are taken into
account). The fundamental local reasoning service is local subsumption, i.e. the

fact that 7; = C C D.
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Global reasoning services are services which take into account local ontologies in
the context of the whole ontology space. These services should allow to infer
subsumption between concepts on the basis of bridge rules, as well as new bridge
rules on the basis of the existing ones. In this paper, we will focus on the basic
global reasoning service that computes global subsumption, i.e. the fact that
TEqi:CLCD.

A first proposal for implementing global reasoning services in DDL is based on
reduction of a DTB ¥ to an equivalent global T-box 74, such that subsumption in ¥
can be computed via subsumption in 7 (see [1] for the transformation details). In
this approach, however, a DTB can not be trivially reduced to a single global T-box
simply by indexing the concepts and roles with the T-box they occur in. Furthermore,
the reformulation done, works in the limited case when all local T-boxes are consistent.
We therefore, would like to investigate a more general decision procedure.

Our proposal consist in building a distributed tableau for DDL on top of state of
the art DL tableaux, implemented in FaCT and DLP[7], RACER|[15], Pellet, and other
DL systems. Given a concept C, they generate a tableau of C, Tab(C'). Subsumption
between concepts C' and D is performed by checking the presence of clashes in all the
branches of Tab(C M —-D).

To understand how local tableaux are combined in order to check global subsump-
tion we first consider a limited case of DDL that is composed of only two T-boxes 7y
and 75, and bridge rules of only one direction from 1 to 2. Though this is unrealistic
limitation, it constitutes a mandatory step, from which one can generalize and build a
procedure capable of dealing with complex DDL topologies. For the sake of simplicity,
we assume the second premise that requires the atomicity of concepts involved into
bridge rules. This restriction can be later relaxed, since any bridge rule involving a
complex concept i : C, can be replaced with a bridge with a new atomic concept i : A
and by the addition of the definition A = C to 7;.

Example 3.1. For a distributed T-box %19 = (71,72, B12), suppose that 7; contains
axioms A; C By and As C By, 75 does not contain any axiom, and that 915 contains
the following bridge rules:

1:B 521, 1:By =2 Hy (12)
1:A1i2:G1 1:A2i2:G2 (13)

Let us show that 19 =4 2 : G1 M Gy T Hy M Hy, i.e. that for any distributed
interpretation J = (Z1,Za,7r12), (G1 M GQ)IQ C (H N HQ)IQ.

1. Suppose that by contradiction there is an € As such that = € (G1MG2)*? and
x ¢ (H1 M HQ)IQ.

2. Then z € G2, x € G52, and either 2 ¢ H?? or = ¢ HE2.

3. Let us consider the case where x ¢ leQ. From the fact that z € G{Q, by the
bridge rule (13), there is y € Ay with (y,z) € 712, such that y € A{l.
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Tabg((G1 [l Gg) M (—\H1 L —\HQ)) Tabl(—\Bl [l Al)
2:z (G1 M Gg) M (~Hy U—Hsy) 1:y (=B1 M A1), (mAUB)

Aq,-B -A; UB
2:2 @ (GiMGa),(~Hy U-Hs) 1, =By, (A1 U By)

Ay,-B1, By
G1,G2, (mHy U—Hg)

CLASH CLASH
Tab (—\Bg [l Ag)

(=B2 M A3), (mA2 U Ba)

1:y

Determine the CLASH by || Determine the CLASH by
applying bridge rules (12) || applying bridge rules (12)
and (13) and computing || and (13) and computing
the tableau the tableau

Tabl(—\Bl [l Al) Tabl(_\BQ M Ag)

Az, —Ba, (~Az U Bz)

Ag, =Bg, Ba

CLASH CLASH

Figure 3: An example of distributed tableau.

4. From the fact that x & Hf, by bridge rule (12), we can infer that for all y € Ay
if (y,z) € rip then y & By'.

5. But, since AC B € 7p, then y € Blzl7 and this is a contradiction.
6. The case where = ¢ HQI 2 is similar.

The above combination of a tableau in 75 with a tableau in 77 gives a distributed
tableau in ¥, depicted in Figure 3.

The intuitions given in Example 3.1 can be generalized for the case of multiple
T-boxes, when there are no cyclical references between them. Formally, distributed
T-box T = ({Ti}ier, {Bij tizjer) is acyclical if B;; # () requires i < j for all 4,5 € I.

Algorithm 1 implements a distributed reasoning procedure intuitively introduced
above. Here we define a distributed procedure dTab, which takes as an input a
complex concept ® to be verified and returns the result of its (un)satisfiability test.
The algorithm first builds a local completion tree T by running local tableau algorithm
Tab, and further attempts to close open branches of T by checking the bridge rules,
which are capable of producing the clash in nodes of T. According to the local tableau
algorithm, each node x introduced during creation of the completion tree, is labeled
with a function L(z) containing concepts that x must satisfy.

4 Prototype implementation

To evaluate the proposed distributed reasoning procedure we built a prototype mod-
eling the P2P architecture given in Figure 1. Each peer ontology manager maintains
ontologies in OWL and mappings in C-OWL, and provides local/global reasoning
services, such as performing classification and checking entailment.

The key role in the ontology manager is played by a distributed reasoning engine,
implementing developed distributed tableau algorithm. The kernel of the engine is
formed by Pellet OWL DL reasoner®. Opennes of the source code and implementation

‘http://www.mindswap.org/2003/pellet.
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Algorithm 1 Distributed reasoning procedure
dTab, (®)
1: BEGIN

2: T=Tab,;(®); {perform local reasoning and create completion tree}
3: if (T is not clashed) then

4 for each open branch 8 in T do

5 repeat

6: select node € B and an ¢ # j;

7 Conto(z) = {C |i:C = j: D, D€ L(x)};
8 Cinto(z) = {C'|i:C = j: D,~D € L(x)};
9: if ((Co™°(z) # 0) and (Ci™*°(x) # 0)) then
10: for each C € C°"*° do

11: if (dTab;(C M —|] Ci"*°) is not satisfiable) then
12: close 8; {clash in z}

13: break; {verify next branch}

14: end if

15: end for

16: end if

17: until ((8 is open) and (there exist not verified nodes in 3))
18:  end for{all branches are verified}

19: end if

20: if (T is clashed) then

21:  return unsatisfiable;
22: else
23:  return satisfiable;
24: end if
25: END

in java made Pellet a good candidate for our prototype. Extension of the core reasoning
functionality of Pellet transforms it to the distributed successor called D-Pellet.

To depicture the life cycle of D-Pellet, consider the case where a peer ontology
manager is asked to perform one of the supported reasoning services in a local on-
tology it maintains. The ontology manager submits this query to D-Pellet, which in
turn invokes the relative core Pellet functionality and checks for available mappings.
Mapping processing can generate subqueries which are dispatched by the ontology
manager to the corresponding foreign ontology manager. In turn, this starts another
reasoning cycle. The reasoning stops when the initial D-Pellet receives the answers
to the subproblems it sent out. Analysis of the subproblem answers defines the final
reasoning result.

5 Conclusions

In this paper we have presented a tableau-based distributed reasoning procedure for
DDL. We made several assumptions to study the reasoning in DDL, such as acyclicity
of bridge rules and atomicity of concepts involved into bridge rules. The future work
is to relax these assumptions in order to receive a practically usable framework.

References

[1] A.Borgida and L.Serafini. Distributed description logics: Assimilating informa-
tion from peer sources. Journal of Data Semantics, pages 153-184, 2003.

108



[2]

[12]

[13]

[14]

C.Ghidini and F.Giunchiglia. Local model semantics, or contextual reasoning =
locality + compatibility. Artificial Intelligence, 127(2):221-259, 2001.

C.Ghidini and L.Serafini. Distributed first order logics. In Proc. of the Frontiers
of Combining Systems, pages 121-139, 2000.

F.Giunchiglia. Contextual reasoning. Epistemologia, special issue on I Linguaggi
e le Macchine, XV1:345-364, 1993.

F.Giunchiglia and L.Serafini. Multilanguage hierarchical logics (or: How we can
do without modal logics). Artificial Intelligence, 65(1):29-70, 1994.

G.Antoniou and F. van Harmelen. Web ontology language: Owl. In Handbook
on Ontologies in Information Systems, pages 67-92, 2003.

[.LHorrocks and P.F.Patel-Schneider. FaCT and DLP. In Proc. of the Automated
Reasoning with Analytic Tableaux and Related Methods (TABLEAUX 98), pages
27-30, 1998.

I.Horrocks, P.F.Patel-Schneider, and F. van Harmelen. From SHIQ and RDF
to OWL: The making of a web ontology language. Journal of Web Semantics,
1(1):7-26, 2003.

I.Horrocks, U.Sattler, and S.Tobies. Practical reasoning for very expressive de-
scription logics. Logic Journal of IGPL, 8(3):239-263, 2000.

L.Serafini and A.Tamilin. Distributed reasoning services for multiple ontologies.
Technical Report DIT-04-029, University of Trento, 2004.

L.Serafini and F.Roelofsen. Satisfiability for propositional contexts. In Proc.
of the Principles of Knowledge Representation and Reasoning (KR2004), 2004.
Accepted for publication.

M.Bonifacio, P.Bouquet, and P.Traverso. Enabling distributed knowledge
management. Managerial and technological implications. Nowvatica and Infor-
matik/Informatique, I11(1), 2002.

M.Ehrig, Ch.Tempich, J.Broekstra, F. van Harmelen, M.Sabou, R.Siebes,
S.Staab, and H.Stuckenschmidt. A metadata model for semantics-based p2p sys-
tems. In Proc. of the 2nd Konferenz Professionelles Wissensmanagement, 2003.

P.Bouquet, F.Giunchiglia, F. van Harmelen, L.Serafini, and H.Stuckenschmidt.
C-owl: Contextualizing ontologies. In Proc. of the 2d International Semantic
Web Conference (ISWC2003), pages 164-179, 2003.

V.Haarslev and R.Moller. Racer system description. In Proc. of the International
Joint Conference on Automated Reasoning (IJCAR2001), pages 701-706, 2001.

109



A Description Logic Based Approach for
Matching User Profiles

Andrea Cali'?, Diego Calvanese?, Simona Colucci?,

Tommaso Di Noia® Francesco M. Donini*
'Dip. di Informatica e Sistemistica 2Faculty of Computer Science
Universita di Roma “La Sapienza” Free University of Bolzano/Bozen
Via Salaria 113 Piazza Domenicani, 3
1-00198 Roma, Italy 1-39100 Bolzano, Italy
ac@andreacali.com calvanese@inf.unibz.it
3Dip. di Elettrotecnica ed Elettronica 4Universita della Tuscia
Politecnico di Bari Facolta di Scienze Politiche
Via Re David 200 Via San Carlo 32,
1-70125 Bari, Italy 1-01100 Viterbo, Italy
{s.colucci,t.dinoia}@poliba.it donini@unitus.it
Abstract

Several applications require the matching of user profiles, e.g., job recruitment
or dating systems. In this paper we present a logical framework for specifying
user profiles that allows profile description to be incomplete in the parts that are
unavailable or are considered irrelevant by the user. We present an algorithm
for matching demands and supplies of profiles, taking into account incomplete-
ness of profiles and incompatibility between demand and supply. We specialize
our framework to dating services; however, the same techniques can be directly
applied to several other contexts.

1 Introduction

The problem of matching demands and supplies of personal profiles arises in the
business of recruitment agencies, in firms’ internal job assignments, and in the recently
emerging dating services. In all scenarios, a list of descriptions of persons is to be
matched with a list of descriptions of required persons. In electronic commerce, the
general problem is known as matchmaking, although here we do not consider any
exchange of goods or services.

We stress the fact that in matchmaking, finding an exact match of profiles is not
the objective; in fact, such a match is very unlikely to be found, and in all cases
where an exact match does not exist, a solution to matchmaking must provide one or
more best possible matches to be explored. Non-exact matches should consider both
missing information — details that could be positively assessed in a second phase —
and conflicting information — details that should be negotiated if the proposed match
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is worth enough pursuing. Moreover, when several matches are possible, a matchmaker
should list them in a most-promising order, so as to maximize the probability of a
successful match within the first trials. However, such an order should be based on
transparent criteria — possibly, logic — in order for the user to trust the system.

Profiles matchmaking can be addressed by a variety of techniques, ranging from
simple bipartite graph matching (with or without cost minimization) [9], to vector-
based techniques taken from classical Information Retrieval [11, 13, 12], to record
matching in databases, among others. We now discuss some drawbacks of these tech-
niques when transferred to solve matchmaking.

Algorithms for bipartite graph matching find optimal solutions when tying to
maximize the number of matches [8, 10]. However, such algorithms rely on some way
of assigning costs to every match between profiles. When costs are assigned manually,
knowledge about them is completely implicit (and subjective), and difficult to revise.
Moreover, in maximizing the number of matches a system may provide a bad service
to single end users: for example, person P; could have a best match with job profile
J1, but she might be suggested to take job Jy just because J; is the only available job
for person P,. Hence, from end user’s viewpoint, maximizing the number of matches
is not the feature that a matchmaker should have.

Both Database techniques for record matching (even with null values), and in-
formation retrieval techniques using similarity between weighted vectors of stemmed
terms, are not suited for dealing with incomplete information usually present in match-
making scenarios. In fact, information about profiles is almost always incomplete, not
only because some information is unavailable, but also because some details are simply
considered irrelevant by either the supplier or the demander — and should be left as
such. Imposing a system interface for entering profiles with long and tedious forms
to be filled in, is the most often adopted “solution” to this incompleteness problem
— but we consider this more an escape for constraining real data into an available
technique, than a real solution. For example, in a job posting/finding system, the
nationality could be considered irrelevant for some profiles (and relevant for others);
or in a dating service, some people may find disturbing (or simply inappropriate) the
request to specify the kind of preferred music, etc. In such situations, missing infor-
mation can be assumed as an “any-would-fit” assertion, and the system should cope
with this incompleteness as is.

To sum up, we believe that there is a representation problem that undermines
present solutions to matchmaking: considering how profiles information is represented
is a fundamental step to reach an effective solution, and representations that are either
too implicit, or overspecified, lead to unsatisfactory solutions.

Therefore, our research starts with proposing a language, borrowed from Artificial
Intelligence, that allows for incomplete descriptions of profiles, and both positive and
negative information about profiles. In particular, we propose a Description Logic [1]
specifically tailored for describing profiles. Then, we model the matching process as
a special reasoning service about profiles, along the lines of [5, 6]. Specifically, we
consider separately conflicting details and missing details, and evaluate how likely
is the match to succeed, given both missing and conflicting details. Our approach
makes transparent the way matches are evaluated — allowing end users to request
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justifications for suggested matches. We devise some special-purpose algorithms to
solve the problem for the language we propose, and evaluate the possible application
scenarios of a dating service.

The paper is organized as follows. In Section 2 we present the Description Logic we
use for describing profiles. In Section 3 we describe how to represent user profiles, and
in Section 4 we present the algorithm for matching user profiles. Section 5 concludes
the paper.

2 A Description Logic for Representing Profiles

We use a restriction of the ALC(D) Description Logic, that, besides concepts and roles
to represent properties of (abstract) objects, also allows one to express quantitative
properties of objects, such as weight, length, etc., by means of concrete domains [2].
Each concrete domain D, e.g., the real numbers R, has a set of associated predicate
names, where each predicate name p denotes a predicate p? over D. For our purpose,
it is sufficient to restrict the attention to unary predicates, and we assume that among
such unary predicates we always have a predicate T denoting the entire domain, and
predicates >(-) and <y(-), for arbitrary values ¢ of D. We also assume that the
concrete domains we deal with are admissible, which is a quite natural assumption,
satisfied e.g., by R (see [2] for the details). Besides roles, the logic makes use of fea-
tures. Each feature has an associated concrete domain D and represents a (functional)
relation between objects and values of D.

Starting from a set of concept names (denoted by the letter A), a set of role names
(denoted by R), a set of unary predicate names (denoted by p), and a set of features
(denoted by f), we inductively define the set of concepts (denoted by C) as follows.
Every concept name A is a concept (atomic concept), and for C; and Cy concepts, R
a role name, f a feature with associated domain D, and p a unary predicate of D, the
following are concepts:

e (1 MNCy (conjunction), Cy U Cy (disjunction), and —C' (negation);
e JR.C (existential restriction) and VR.C' (universal restriction);
e p(f) (predicate restriction).

To express intentional knowledge about concepts, we make use of a concept hi-
erarchy, which is a set of assertions of the form A; C A, and A; T —As, with Ay
and Ao concept names. The former assertion expresses an inclusion, while the latter
expresses a disjointness. For example, football = sport and male C —female could be
assertions that are part of a concept hierarchy.

Formally, the semantics of concepts is defined by an interpretation T = (AT,-T),
consisting of an abstract domain AT and an interpretation function L that assigns
to each concept name A a subset AT of AZ; to each role name R a binary relation
RT over AT, and to each feature name f, associated with the concrete domain D,
a partial function fZ : AT — D. The interpretation function can be extended to
arbitrary concepts as follows:

(cincy)t = cInct
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(CLucy)t = ctuct
(-C)F = -C*
(3R.C)Y = {ce AT | there exists d € AT s.t. (¢,d) € RT and d € C7}
(VR.C)Y = {ce AT | forall d € A s.t. (c,d) € RT we have d € C7}
(N = {ceA? | fF(e)ep®}

An assertion A C As is satisfied by an interpretation Z if AT C AZ. An assertion
Ay C - A, is satisfied by an interpretation Z if A7 N AZ = (). We call an interpretation
that satisfies all assertions in a hierarchy H a model of H. A concept C is satisfiable
in H if H admits a model Z such that CZ # (. A hierarchy H logically implies an
assertion C7 C C9 between arbitrary concepts C7 and Co if C’lz - 021 , for each model
7T of H.

NN

3 Representing User Profiles

We describe how to represent user profiles using the Description Logic presented in
Section 2. The user profiles are tailored for dating services, though the same framework
can be used, with small modifications, for different applications. We do not use the
full expressive power of the Description Logic. In particular, we use a single role
hasInterest, to express interest in topics!, and we make a limited use of the constructs.
We assume the set of features to represent physical characteristics such as age, height,
etc. Additionally, we use a special feature level that expresses the level of interest in a
certain field. The concrete domain associated to level is the interval {£ € R | 0 < ¢ <
1}.

A user profile P consists of the conjunction of the following parts:

e A conjunction of atomic concepts, to represent atomic properties associated to
the user. We denote the set of such concepts as Names(P).

e A conjunction of concepts of the form p(f), to represent physical characteristics.
The (unary) predicate p can be one of the predicates >(+), <¢(:), =¢(:), where
¢ is a value of the concrete domain associated to f, or any logical conjunction
of them. We denote the set of such concepts as Features(P). Since (p1 A p2)(f)
is equivalent to pi(f) M p2(f), in the following, we can assume w.l.o.g. that
Features(P) contains at most one concept of the form p(f) for each feature f.

e A conjunction of concepts of the form Thaslnterest.(C' 1 >, (level)), where C is a
conjunction of concept names, and 0 < z < 1. Each such concept represents an
interest in a concept C with level at least . We denote the set of such concepts
as Interests(P).

e A conjunction of concepts of the form Vhaslnterest.(—=C'LI<;(level)), where C'is a
conjunction of concept names, and 0 < z < 1. Each such concept represents the

!For modeling profiles in different contexts, additional roles could be added to this language. For
example, hasSkill for expressing skills in certain fields.
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fact that the interest in a concept C has level at most . Note that, to represent
the complete lack of interest in C| it is sufficient to put x = 0. We denote the
set of such concepts as Nolnterests(P).

Example 1 A supplied profile describing, say, a 35-years-old male, 1.82 cm tall, with
strong interests in fantasy novels and japanese comics, fair interest in politics and no
interest in football, could be expressed as follows:

male M =s5(age) M =1.g2(height) M
Jhaslnterest. (fantasyNovels M > g(level)) M
Jhaslnterest. (japaneseComics 1 > g (level)) M
Jhaslnterest. (politics M >0 4(level)) M
VhaslInterest.(—football LI <¢(level))

where we suppose that interests are organized in a hierarchy including fantasyNovels C
novels, japaneseComics C comics, and male C —female

Observe that, when a profile is demanded, usually features like age and height will
be used with range predicates (e.g., (=30 A <70)(age)), instead of equality predicates
as in the above example.

The following property follows immediately from the semantics of existential re-
striction. For every pair of concepts C and Cy, role R, feature f with associated
concrete domain D, and p a predicate of D:

if H ’: CiC(Cy then H ): HR(Cl M ZZ(f)) C ElR(CQ M Eg(f))

For example, if football C sport, then someone with a level of interest ¢ in football has
at least the same level of interest in sport. This property is exploited in the matching
algorithm provided in Section 4.

4 The Matching Algorithm

We present the algorithm for matching user profiles. The matching is performed over
two profiles: the demand profile P; and the supply profile Ps. The algorithm is not
symmetric, i.e., it evaluates how P; is suited for Py, which is different from how Py
is suited for Ps [7]; of course, in order to determine how P, is suited for Ps, we can
simply exchange the arguments of the algorithm.

From a logical point of view, we extend the non-standard inferences contraction
and abduction defined in [4]. In particular, our contraction either removes or weakens
conjuncts from P; so as to make P, M P, satisfiable in H; abduction, instead, either
adds or strengthens conjuncts in Ps so as to make H | P; T P;. The algorithm
is based on structural algorithms for satisfiability and subsumption [3]. Since it is
reasonable to assume that users do not enter contradicting information, we assume
that the profiles P; and P; are consistent.

The result of the match is a penalty in R: the larger the penalty, the less P; is
suited for Py. In particular, partial penalties are added to the overall penalty by
matching corresponding conjuncts of the two profiles; this is done in two ways.
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Contraction. When a conjunct Cy in Py is in contrast with some conjunct Cy in P,
then Cj is removed and a penalty is added. Intuitively, since the supplier has some-
thing the demander does not like, in order to make the profiles match the demander
gives up one of her requests. For example, let Cy = VhaslInterest.(—sport LI <g 2(level))
and Cs = Jhaslnterest.(football I > 4(level)), where we have football C sport in H.
In this case the demander looks for someone who does not like sports very much,
while the supplier likes football and therefore he likes sports. In this case, pursuing
the match would require the demander to give up his/her request about sports, so
the algorithm adds a penalty I1.4(0.4,0.2) that depends on the gap between the lower
bound (0.4) of the supply and the upper bound (0.2) of the demand. Similarly, for a
feature f with contrasting predicates pq and p,, a penalty I .r(pqa(f),ps(f)) is added
to take into account the removal of py(f) from P;. In case a concept Ay representing
an atomic property has to be removed, the algorithm makes use of another penalty
function II.(-), whose argument is the concept Ay.

Abduction. When a conjunct ¢4 in Py has no corresponding conjunct in Ps, we add
a suitable conjunct cs; in Py that makes the profiles match, and add a correspond-
ing penalty. Intuitively, the demander wants something which the supplier does not
provide explicitly; in this case we assume that the supplier may or may not satisfy
the demander’s request, and as a consequence of this possibility of conflict we add
a penalty. This is done by means of a penalty function Il,(-), whose argument is a
concept C, that takes into account the addition of C' to Ps. When the level of inter-
est must be strengthened, we use a function II,(-), that takes into account the gap
between bounds. Similarly, a penalty function I,z (-) takes into account the addition
of features.

Algorithm CalculatePenalty
Input demand profile Py, supply profile Ps, concept hierarchy H
Output real value penalty > 0
penalty := 0;
// Contraction

foreach A; € Names(Py) do
if there exists A; € Names(Ps)
such that H = Ag C —Aq
then remove A, from Py
penalty := penalty + II.(Ag)
foreach py(f) € Features(P;) do
if there exists p;s(f) € Features(Ps)
such that 3z.pi(z) A ps(z) is unsatisfiable in the domain associated to f
then remove py(f) from Py
penalty := penalty + Iler(pa(f),ps(f))
foreach Shasinterest.(Cy M >, (level)) € Interests(Pq) do
foreach Vhasinterest.(—Cy U <, (level)) € Nolnterests(P;) do
ifHECyCCs and zg > x4
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then replace Jhaslinterest.(Cy M >, (level)) in Py
with JhasInterest.(Cy M >, (level))
penalty := penalty + (xg, x5)
foreach Vhasinterest.(—Cy U <, (level)) € Nolnterests(P;) do
foreach Jhasinterest.(Cs M >, (level)) € Interests(Ps) do
if Hl=Cs C Cy and x4 < x4
then replace Vhaslnterest.(—=Cy U <5, (level)) in P,
with VhaslInterest.(—Cy U <, (level))
penalty := penalty + (x5, x4)
// Abduction

foreach A; € Names(Py) do
if there does not exist A; € Names(Ps) such that H = As T Ay
then add A, to Ps
penalty := penalty + II,(Ay)
foreach py(f) € Features(P;) do
if there exist ps(f) € Features(Ps)
then if Vz.ps(x) = p4(x) is false in the domain associated to f
then add py(f) to Ps
penalty := penalty + I,z (pa(f), ps(f))
else add p4(f) to Ps
penalty := penalty + Il (pa(f), T(f))
foreach Shasinterest.(Cy M >, (level)) € Interests(Pq) do
if there does not exist Jhasinterest.(Cs M >, (level)) € Interests(Ps)
such that H = Cs C Cy and x4 > x4
then if there exists JhasInterest.(Cs M >4, (level)) € Interests(Ps)
such that H = Cs C Cy
then let JhasInterest.(Cs M >, (level)) be the concept in Interests(Py)
with maximum x4 among those for which H = Cs C Cy holds
penalty := penalty + I /(xq, zs)
else penalty := penalty + II,(3haslnterest.(Cy 1 >, (level)))
add Jhaslnterest.(Cy M >, (level)) to Pg

foreach Vhasinterest.(—Cy U <, (level)) € Nolnterests(Pg)
if there does not exist Vhaslnterest.(—~C;s U <, (level)) € Nolnterests(Ps)
such that H = Cy C Cs and 24 > z,
then if there exists VhasInterest.(=Cs L <5, (level)) € Nolnterests(Ps)
such that H = Cy C Cs
then let Vhaslnterest.(—Cs Ll <, (level)) be the concept in Interests(Ps)
with minimum z, among those for which H = Cy C C5 holds
penalty := penalty + I /(x5 zq)

else penalty := penalty + II,(Vhasinterest.(—=Cy U <, (level)))
add Vhaslnterest.(—Cy U <, (level)) to Py

return penalty
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The penalty functions used in the algorithm are defined as follows.

e For an atomic concept Ag, I1.(A4) and I1,(Ag) depend solely from domain knowl-
edge; for example, if the demander searches for a female while the supplier is
a male, we are expected to associate a very high penalty to II.(female) while
removing female from P, in the contraction phase.

e Given a feature f and the predicates py(f), and ps(f), let I; and I be the
intervals associated to pg and ps respectively, and G the gap between them; we

define
G|

- ‘Id ul,u G‘
In other words, the penalty is calculated by dividing the gap between I; and I
by the sum of the sizes of I, I, and G.

Hcf(pd<f)7ps<f))

For abduction we define (notice that, since P§ M Py is consistent, there is no gap
G, and since Vx.ps(x) = pq(z) is false in the domain associated to f, we have

that |I5| > 0):
|1 \ 1|
Wag(pa(f), ps(f)) = Tl
o Given xq,z; € [0, 1], Ilu(z4, 75) = x4 — x5 and ge(za, 75) = F7

e For Cq =17, A;, we define

n

I1,(3hasInterest.(Cq M =, (level))) = z4 - Z I, (A)
i=1

1—x4
1
i1 A

Note that only the penalty functions II,(-) and II.(-), when calculated on atomic
concepts, rely on domain knowledge; all other penalty functions are defined based on
the previous ones, and independently of other domain knowledge.

It is easy to check that all subsumption tests H = C; C Cs in the algorithm
can be done in polynomial time in the size of H, C1, and Cs. Hence, it can be
straightforwardly proved that the complexity of the algorithm is polynomial w.r.t. the
size of the input.

I1,(VhasInterest.(—Cyq U <, (level))) =

P;=male M >3p(age) M >j1g0(height) Ps = male M =s5(age) M =1.70(height)

M JhaslInterest. (literature M > 5(level)) M JhaslInterest. (fantasyNovels M > g(level))

M Jhaslnterest. (politics M >0 4(level)) M JhaslInterest. (japaneseComics M > g (level))
M Vhaslnterest. (—football LI <¢(level))

Figure 1: Formalization of profiles of Example 2
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Example 2 Let P; be the demand for a ”man over thirty, taller than 180 cm, with
fair interest in literature and politics” and P the supplied profile describing a ” 35
year-old male, 1.70 cm tall, with strong interest in fantasy novels and japanese comics
and no interest in football”. Such profiles are formalized in Figure 1 w.r.t. a hierarchy
‘H including fantasyNovels T novels, japaneseComics T comics, comics C literature
and novels C literature. The evaluation of the matching algorithm on Ps and Py
w.r.t. H returns a penalty value equal to II.¢(1.80,1.70) + II,(3haslnterest.(politics I
>p.4(level))). The first term represents the need of giving up the height requirement in
P, during the contraction phase, while the second one takes into account the addition
of politics among Interests(P) during the abduction phase.

The following theorem establishes the correctness of the above algorithm w.r.t. the
computation of contraction and abduction. We denote with P§ the profile Py after
contraction, and with P the profile Ps after abduction.

Theorem 3 Given a concept hierarchy H, a demand profile Py, and a supply profile
Py, the following properties hold: (i) P§ M Py is satisfiable in H; (ii) P is satisfiable

s

in 'H; (iii) H = P C PY. (i) there does not exist a profile P, more general than PZ

S

(i.e., H |= P¢ © P} and H (= P, C Ps) such that H |= P, C P, and H |= P, C Pj.

Proof (sketch). (i) The proof is by construction of a model Z of H such that (Pg I
Po)T # 0. (ii) Follows directly from (i), since in the abduction step we add to P
conjuncts that are already in PJ. (i) and (iv) Follow by construction of P¢, since
exactly those conjuncts of Pj§ that are not subsumed by P; in H have been included in
P¢. By the fact that H consists only of inclusions and disjointness assertions between
pairs of atomic concepts, it is indeed sufficient to consider pairs of concepts to check

subsumption. O

5 Conclusions

In this paper we have addressed the problem of matching user profiles, when the
demander’s and supplier’s profiles can have missing or conflicting information. In such
a case, we have to take into account that the demander may need to give up some of
her requests, and/or she may need to make assumptions on unspecified properties of
the supplier’s profile. We have proposed a DL-based framework for expressing user
profiles in this setting, and a language suited for dating services. We have proposed
an ad-hoc structural algorithm for matching profiles that, given a demander’s and a
supplier’s profile, returns a penalty: the higher the penalty, the less the two profiles
are compatible. As a future work, we want to test the algorithm in real cases with a
prototype that is currently under development: we believe that promising applications
of our techniques can be dating, recruitment, and service discovery systems.
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Abstract

In this paper we describe the principles of the design andldpment of an intelli-
gent query interface, done in the context of the SEWASIE (&fta Webs and AgentSin
Integrated Economies) European IST project. The SEWASHiept aims at enabling a
uniform access to heterogeneous data sources througtegnated ontology. The query
interface is meant to support a user in formulating a pregpisey — which best captures
her/his information needs — even in the case of completeége of the vocabulary of
the underlying information system holding the data. Thelligience of the interface is
driven by an ontology describing the domain of the data innf@mation system. The
final purpose of the tool is to generate a conjunctive queaglydo be executed by some
evaluation engine associated to the information system.

1 Introduction

In this paper we describe the principles of the design and developmemirmidligent query
interface, done in the context of the SEWASIE (SEmantic Webs and Agent&egrated
Economies) European IST project. The SEWASIE project aims at enablimiform access
to heterogeneous data sources through an integrated ontology. Theénjedace is meant to
support a user in formulating a precise query — which best capturdgshieformation needs
— even in the case of complete ignorance of the vocabulary of the undgrhfiormation
system holding the data. The final purpose of the tool is to generate anctimguquery (or
a non nested Select-Project-Join SQL query) ready to be executedieyesaluation engine
associated to the information system.

The intelligence of the interface is driven by an ontology describing the otoofahe
data in the information system. The ontology defines a vocabulary which irilchn the
logical schema of the underlying data, and it is meant to be closer to the tisbiwocabulary.
The user can exploit the ontology’s vocabulary to formulate the quedysha/he is guided
by such a richer vocabulary in order to understand how to exprefighaformation needs
more precisely, given the knowledge of the system. This latter task — ¢alégtsional navi-
gation— is the most innovative functional aspect of our proposal. Intensitaagation can
help a less skilled user during the initial step of query formulation, thus owdrg problems
related with the lack of schema comprehension and so enabling her/him to easilyldte
meaningful queries. Queries can be specified through an iterativemedint process sup-
ported by the ontology through intensional navigation. The user may ggemifhis request

This work has been partially supported by the EU projects Sewasie, Kdgeleeb, and Interop.
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using generic terms, refine some terms of the query or introduce new tarthgeeate the
process. Moreover, users may explore and discover generamiafion about the domain
without querying the information system, giving instead an explicit meaning teeaycand

to its subparts through classification.

In the literature there are several approaches at providing intelligardhgsiery systems
for relational or object oriented databases (EE@# for an extensive survey). However, to
our knowledge, the work presented in this paper is among the first welld&mlintelligent
systems for query formulation support in the context of ontology-basedygprocessing.
The strength of our approach derives from the fact that the grapmchnatural language
representation of the queries is underpinned by a formal semantics gadwydan ontology
language. The use of an appropriate ontology language enables tihm rgjineers to pre-
cisely describe the data sources, and their implicit data constraints, by mearsystem
global ontology (se49]). The same ontology is leveraged by the query interface to sup-
port the user in the composition of the query, rather than relying on a lpssssive logical
schema. The underlying technology used by the query interface is bagéé recent work
on query containment under constraints (s2el]).

The paper is organised as follows. Firstly we present the system w.rtviesgoint,
with the functionalities of the interface, then we describe the semantics andabkening
services supporting the query interface. These include the querydgagxpressiveness,
the ontology support to the query formulation, and the natural languabaligation issues.
Finally, we discuss related work and we draw some conclusions.

2 Quey interface: the user perspective

Initially the user is presented with a choice of different query scenaritishaprovide a
meaningful starting point for the query construction. The interface guikde user in the
construction of a query by means of a diagrammatic interface, which erthkelgeneration
of precise and unambiguous query expressions.

Query expressions are compositional, and their logical structure is hbtflaee shaped;
i.e. a node with an arbitrary number of branches connecting to other .ndtés structure
corresponds to the natural linguistic concepts of noun phrases withronere propositional
phrases. The latter can contain nested noun phrases themselves.

A query is composed by a list of terms coming from the ontology (classes)Supplier”
and “Multinational”. Branches are constituted by a property (attributesswaations) with
its value restriction, which is a query expression itself; e.g. “selling on Itafiarket”, where
“selling on” is an association, and “Italian market” is an ontology term.

The focus paradigm is central to the interface user experience: maiopuséthe query
is always restricted to a well defined, and visually delimited, subpart of triderquery (the
focug. The compositional nature of the query language induces a natuiigbtian mecha-
nism for moving the focus across the query expression (nodes of tresponding tree). A
constant feedback of the focus is provided on the interface by medins kihd of operations
which are allowed. The system suggests only the operations which anpétible” with the
current query expression; in the sense that do not cause the gumrywtwsatisfiable. This is
verified against the formal model describing the data sources.

One of the main requirements for the interface is that it must be accesseg biTaIL
browser, even in presence of restrictive firewalls. This constrainitstdesign, which overall
appearance is shown in Figure 1. The interface is composed by thmhal elements. The
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first one (top part) shows a natural language representation of ting logieg composed, and
the current focus. The second one is the query manipulation pane (bmdtbcontaining a
diagram representing the focus and its terminological context, together withtéospecialise
the query. Finally, a query result pane containing a table representingsiiéstructure. The
first two components are used to compose the query, while the third onedidaispecify
the data which should be retrieved from the data sources. Becauseékafflgpace, in this
paper we concentrate on the query building part. Therefore we wanisdighe query result
pane, which allows the user to define the columns of a table which is going daisegthe
data from the query result.

Query textual representation The first component consists of a text box representing the
guery expression in a natural language fashion. The user selegarsubf the query for
further refinement. The selection defines the current focus, which silepresented in the
diagrams described in the following sections. The selected subexpressidre modified
(refined or extended) by means of the query manipulation pane.

Although the query verbalisation does not provide accounts of the mirrgture, the
system is aware of the nesting (and so is the user). The system provwdésetiback on
the nesting by means of navigation in the query expression when the ustégrissiad in
selecting a subpart of the query. When a node is selected, then the systematically
selects the whole subtree rooted at the node selected by the user.

It is important to stress that, although natural language is used as féadb@present
the query, this is used in generation mode only. Since the user does nagueiies directly,
there is no need to parse any natural language sentence or to resol&itiregubiguities.

Query manipulation pane The elements in the pane represent the current selection, and the
operations allowed in its context. It is organised as a diagram showing thecamc context
of the selection (the central part), and tools enabling the user to build ting exression.

The central part of the interface is occupied by the diagram allowing waatall substi-
tution by navigationi.e. the possibility of substituting the selected portion of the query with
a more specific or more general terms.

The central part in the diagram shows the main term of the focus. While thausding
terms are either more specific or more general w.r.t. the query expressiorthe focus
viewpoint For example, w.r.t. the query showed in Figure 1 with the focus on the firat te
(“Supplier”), the terms “Merchant” and “Agent” are more general terrthimontology, while
“Retailer” and “Wholesaler” are more specific. By selecting one of thasesiethe user can
substitute the whole focus with the selected term. The purpose of the substgtaigm is
twofold: it enables the replacement of the focus and it shows the positidmeddelection
w.r.t. the terms in the ontology.

It can be the case that in the ontology there are terms which are equittataetselected
part. In this case the user is offered to replace the selection with the Emiiterm by the
activation of theRepl ace Equi val ent button.

A different refinement enabled by the interface isdmynpatible termsThese are terms
in the ontology whose overlap with the focus can be non-empty. These gntlions can be
added to the head of the selection by usingAlld Concept pop-up menu. For example,
“Student” is among the compatible terms for the focus “Employee”, but “Texsl@bt. The
compatible terms are automatically suggested to the user by means of appnaasateing
task on the ontology describing the data sources.

122



Analogously, the user can add properties to the foassociationge.g. “Industry with
sector”), and/oattributes(e.g. “Employee whose name is”). This can be performed by means
of a Add Property pop-up menu, which presents the possible alternatives. Name and
value restrictions for each property are verbalised using meta informaigmtiated to the
terms in the ontology. For example, the association “with sector” with the restritiextile”
is shown as “belonging to the textile sector”.

Note that the terms and the progees oo SEWASEE Query Tool —
erties proposed by the system de=* -/ &l=(* Alle[* @ I &
pend on the overall query expres- S
sion, not only on the focus. This
means that subparts of the query  ~—~~ T
expression, taken in isolation, would

Compose Results

generate different suggestions w.r.t, e b ) (addropeny ) sused archouse &) (Replce Bl ) shlesair [£)
those in their actual context in the e rarant
query. . /

Sub-queries can be associated N

to new names by means obef i ne
button. This process corresponds

to the definition of a new named ‘o
view. These newly introduced names
can be used to shorten the query
expression, or as a simple mech- Figure 1: Query building interface.
anism to extend the ontology to build

a customised user’s viewpoint.

5

3 Query interface: inside the box

In this section we describe the underpinning technologies and technigabbng the user
interface described in the previous sections. We will start by describingsmaumptions on
the query language, followed by system perspective over the desgqpileey building process.
The whole system is supported by formally defined reasoning servideh atte described in
Section 3.2. Finally, we introduce the verbalisation mechanism which enakleystem to
show the queries in a natural language fashion.

3.1 Conjunctive queries

Since the interface is build around the concept of classes and theirrfiesp&ve consider
conjunctive queries composed by unary (classes) and binary (attaibd#ssociations) terms.
The body of a query can be considered as a graph in which varialnlés¢astants) are
nodes, and binary terms are edges. A query is connected (or acytle) fer the corre-
sponding graph the same property holds. Given the form of quengssions composed by
the interface introduced in Section 2, we restrict ourselves to acycliceoteh queries. This
restriction is dictated by the requirement that the casual user must be tanhdowith the
language itself. Note that the query language restrictions do not affect the ontology lan-

1Our technique can deal with disjunction of conjunctive queries, even ithi®d form of negation applied
to single terms. Sek8; 16 for the technical details.
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guage, where the terms are defined by a different (in our case maessike) language. The
complexity of the ontology language is left completely hidden to the user, wesndmeed
to know anything about it.

To transform any query expression in a conjunctive query we pdoiceg recursive fash-
ion starting from the top level, and transforming each branch. A new \ariglssociated to
each node: the list of ontology terms corresponds to the list of unary t&wngach branch,
it is then added the binary query term corresponding to the propertyitamestriction is
recursively expanded in the same way.

Let us consider for example the query “Supplier and Multinational catpmr selling on
Italian market located in Europe”, with the meaning that the supplier is locatedriopE.
Firstly, a new variablexf;) is associated to the top level “Supplier and Multinational corpo-
ration”. Assuming that the top level variable is by default part of the diststwpd variables,
the conjunctive query becomes

{z1|Supplz), Mult_corp(zy), ...},
where the dots mean that there is still part of the query to be expanded. Wieheonsider
the property “selling on”, with its value restriction “Italian market”: this introda@a new
variablez; ;. The second branch is expanded in the same way generating the caguncti
query
{z1 | Supplz1), Mult_corp(x;), selLon(z, x1,1), It_marketx; 1), loc_in(z1, z12), Eur(z1 2)}.

This transformation is bidirectional, so that a connected acyclic conjungtieey can
be represented as a query expression (in the sense of Section 2)gpindy the variable
names. As a matter of fact, the system is using this inverse transformatiorttsniceernal
representation of queries is conjunctive queries.

Since a query is a tree, the focus corresponds to a selected suliis@asl to realise that
each sub-tree is univocally identified by the variable corresponding tae. mTherefore, the
focus is always on variable, and moving the focus corresponds tdisgladifferent variable.
Modifying a query sub-part means operating on the correspondingreebmodifying the
corresponding query tree.

Substitution by navigationorresponds to substitute the whole sub-tree with the chosen
ontology term. The result would be a tree composed by a single node, wihguiranch,
whose unary term is the given ontology term. In teénement by compatible termihe
selected terms are simply added to the root node as unary query terms. efoopkerty
extension adding an attribute or associations corresponds to the creation of arapehb
This operation introduces a new variable (i.e. node) with the corresporesiriction. When
an attribute is selected, and a constant (or an expression) is speciéiedhib is added as
restriction for the value of the variable.

3.2 Reasoning servicesand query interface

Reasoning services w.r.t. the ontology are used by the system to drivagheigterface. In
particular, they are used to discover the terms and properties (with thigictieas) which
are proposed to the user to manipulate the query.

Our aim is to be as less restrictive as possible on the requirements for thegyritm-
guage. In this way, the same technology can be adopted for diffeeenefvorks, while the
user is never exposed to the complexity (and peculiarities) of a particulaliogg language.

In our context, an ontology is composed bget of predicategunary, binary), together
with a set of constraintgestricting the set of valid interpretations (i.e. databases) for the
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predicates. The kind of constraints which can be expressed definesghessiveness of the
ontology language. Note that these assumptions are general enough actakint of widely
used modelling formalisms, like UML for example.

We do not impose general restrictions on the expressiveness of tHegyntanguage;
however, we require the availability of twadecidablereasoning services: satisfiability of
a conjunctive queryand containment test of two conjunctive queries, both w.r.t. the con-
straints. If the query language includes tmptyquery (i.e. a query whose extension is
always empty), then query containment is enough (a query is satisfiatlis iffot contained
in the empty query). As described in Section 2, the query building interigmesents the
available operations on the query w.r.t. the current focus; i.e. the varidtitd is currently
selected. Therefore, we need a way of describing a conjunctive fjeen the point of view
of a single variable. The expression describing such a viewpoint is stlhgcctive query;
which we callfocused This new query is equal to the original one, with the exception of the
distinguished (i.e. free) variables: the only distinguished variable of thest query is the
variable representing the focus. In the following we represent dbe queryg focused on
the variabler. For example, the query
q = {z1, 12| Mult_corp(z), selLon(xy, z1 1), It_marketz; 1), loc.in(z1, z1 2), Eun(z1 2)},
focused in the variable; ; would simply be
¢“t* = {x11 |Mult_corp(z1), selLon(z, z1 1), lt_marketz 1), loc_in(z1, z1 2), Eur(z; 2) }.

The operations on the query expression require two different type¥aymation: hi-
erarchical (e.g. substitution by navigation), and eompatibility (e.g. refinement and new
properties).

Let us consider the substitution by navigation with the more specific terms (H&s ca
with more general and equivalent terms are analogous). Given thedocuery®, we are
interested to the unary atomic terffis.t. the query{y | T'(y) } is contained iy” and itis most
general (i.e. there is no other query of that form contained jrand containindy | 7'(v) }).

Refinement by compatible terms and the addition of a new property to the qeprye
the list of terms “compatible” with the given query. In terms of conjunctiverigse this
corresponds to add a new term to the query. The term to be added slmnldwith the
query by means of the focused variable, and must be compatible in thetsahide resulting
query should be satisfiable. This leads to the use of satisfiability reasomingest check
which predicates in the ontology are compatible with the current focus. Wétydarms this
check corresponds simply to the addition of the t&fe) to the focused query”, and verify
that the resulting query is satisfiable.

The addition of a property requires the discovery of both a binary tedhitamestriction:
the terms to be added are of the fofm| R(x, y), T'(y)} if the focused variable is. As for
the refinement by compatible terms, the system should check all the diftdremy pred-
icates from the ontology for their compatibility. This is practically performed bsifying
the satisfiability of the query® < {z | R(z,y)}, for all atomic binary predicateR in the
signature and wherg is a variable not appearing in> Once a binary predicatg is found
to be compatible with the focused query, the restriction is selected as the mesalgenary
predicatel’ such that the query” > {x | R(z,y), T(y)} is satisfiable.

2Herenq represents a natural join.
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3.3 Using a Description L ogics Reasoner

Although our approach is not tight to any ontology language, in the test implamen of
our system we are using Description Logics (DLs). The reasons fochbise lie in the facts
that DLs can capture a wide range of widespread modelling framewaréigha availability
of efficient and complete DL reasoners.

We adopted the Description LogiHZQ (see[15]); which is expressive enough for
our purposes, and for which there are state of the art reasonets. tiha the adoption of
SHZQ allow us to use ontologies written in standard Web Ontology languages like OWL—
DL (see[14)]).

For space limitations we are not going to describe in detail the underlyiigQ DL;
the reader is referred to the above mentioned bibliographic referéeRloesntology contains
unary (concepts) and binary (roles) predicates, and the constreergég@ressed by means of
inclusion axioms between concept or role expressions. One of the &eyde ofSHZQ is
the possibility of expressing the inverse of a role; which is extremely u$afidonverting
tree—shaped queries into DL concept expressions.

Given the restriction to tree—shaped conjunctive query expressiogsthar with the
availability of inverse roles, a focused query (see Section 3.2) camespo a concept ex-
pression (se€l7]). Therefore, all the reasoning tasks described in Section 3.2 conésp
standard DL reasoning services. Again, this is not a restriction imposégebynderlying
technology, since general conjunctive queries can be dealt with tessidpscribed if8;
16).

The idea behind the transformation of a query expression into a single@ohescription
is very simple, and it is based on the fact that a concept expressiorecseeh as a query
with a single distinguished variable. To focus the query on a variable, wefsian the
variable itself, then we traverse the query graph by encoding binary tetomBL existential
restrictions and dropping the variable names. The fact that queriesarestaped ensures
that variable names can be safely ignored. Let us consider for exareei¢ny expression

{Mult_corp(z), Italian(x1), selLon(z1, 1.1), It-marketz; 1) }.
The DL expression corresponding to the query focused;anis
(It_market1 3sellLon™ (Mult_corpr Italian));
where sellon™ corresponds to the inverse of sek role.

As explained in Section 3.2, we need two kinds of information: hierarchivélcam-
patibility. These, in the DL framework, are provided by the standard reagaservices of
satisfiability and taxonomy position of a concept expression respectiVédlg. first service
verifies the satisfiability w.r.t. a knowledge base; while the second classd@msapt expres-
sion (i.e., provides it w.r.t. the ISA taxonomy of concept nanieRpasoning tasks described
in Section 3.2 can be straightforwardly mapped into satisfiability and classificatio

For example, checking the compatibility of the term Italian with the query

{Mult_corp(z;), selLon(xy, z1 1), lt_marketz; 1)},
is performed by checking the satisfiability of the concept
Italian™ Mult_corpr dsellLonlt. market
Compatibility of binary terms is performed analogously by using an existens#icton;
e.g.,3sellonT.* To discover the restriction of a property we use classification instead of

3DL systems usually provide an efficient way of obtaining the taxonomiitipnsf a given concept expres-
sion.
“Note the use of th& concept representing the whole domain (any possible concept).
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repeated satisfiability. The idea is to classify the query focused on thdadroduced by

the property. For example, to discover the restriction of gelapplied to the query expression
{z1 | Mult_corp(z,), Italian(z1)},

we classify the expressiatselLon™ (Mult_corpitalian)). The DL reasoner returns the list of

concept names more general and equivalent to the range of the reidtion svhen restricted

to the domainMult_corp Italian). This is exactly the information we need to discover the

least general predicate(s) which can be applied to the property in thie gbntext.

Our implementation uses the DL reasoner Racer [$€B; which fully supports the
SHZQ DL. The interaction with the DL reasoner is based on the DIG 1.0 interfade AP
(see[1]), a standard to communicate with DL reasoners developed among diff2iresyts-
tems implementors. This choice makes our system independent from a paficuéasoner,
which can be substituted with any DIG based one.

3.4 Query verbalisation

The system always presents the user with a natural language translitefatie conjunctive
query. This is performed in an automatic way by using meta information assbaeigtte

the ontology terms, both classes and properties. The verbalisation of thiegynterms
must be provided in advance by the ontology engineers. For the vetlmlisee use an
approach similar to the one adopted by the Object Role Modelling framewdtki(Gee[13;

19)).

Each class name in the ontology has associated a short noun phraaéy (oise or two
words), which represents the term in a natural language fashion. xaorpte, to the class
PStudents associated “Postgraduate student” The user will see only the assssatedce,
while PStudents just used in the internal ontology representation.

For (binary) associations the ontology engineer has to provide twodlifgerbalisations
for the two directions. For example, let assume that the ontology states thedgbeiation
occroom links the two classe®Studentand Room Then the engineer associates to the
association the verbalisation “occupies” for the direction frB8tudento Room and the
verbalisation “is occupied by” for the other direction.

Attributes need one direction only, since they are never used from thegiaiiew of the
basic data type. In this case, the engineer is only required to provide theatattrerbalisation
from the point of view of the class.

4 Discussion

The work proposed in this paper deals with a relatively new problem, nameWdmng the
user with a visual interface to query heterogeneous data sourceghhainintegrated ontol-
ogy (that is, a set of constraints), and a specific literature does natyetisBy looking at
the extensive survey on Visual Query System (VQS) presentgdrit easy to see that only
little work has been done in the specific context we are dealing with. Some pratymwirork
was done by one research grodp 11; 6; §. Similar work from the point of view of the
visual interface paradigm, but without the well founded support of &lbgsed semantics
was carried out in the context of the Tambis projd&; 2. Also[3] contains some interesting
approach from the point of view of the visual interface, but again tistesy has a different
background semantics.
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In fact, only recently research has started to have a serious interestringrocessing and
information access supported by ontologies. Recent work has come uprajibr seman-
tics and with advanced reasoning techniques for query evaluation amiting using views
under the constraints given by the ontology — also called view-baseg pueressing 20;
7]. This means that the notion of accessing information through the navigatéonasftology
modelling the information domain has its formal foundations.

This paper has presented the first well-founded intelligent user ingeféacquery for-
mulation support in the context of ontology-based query processing pEper hopefully
proved that our work has been done in a rigorous way both at the levgedace design and
at the level of ontology-based support with latest generation logiodbas®logy languages
such as description logics, DAML+OIL and OWL. However, there arernoproblems and
refinements which have still to be considered in our future work.

The system uses the verbalisations described in Section 3.4 to transfoconjbactive
guery into a natural language expression closer to the user undéngtama the course of
the SEWASIE project some effort will be dedicated to explore semi-automatinigues to
rephrase the expressions in more succinct ways without loosing theinersiaucture.

Another important aspect to be worked out is the understanding of thetigdf method-
ologies for query formulation in the framework of this tool, a task that neextsoag coop-
eration of the users in its validation. This will go in parallel with the interface esalua-
tion, which is just starting at the time of writing this pageThe other crucial aspect is the
efficiency and the scalability of the ontology reasoning for queries. Wearently experi-
menting the tool with various ontologies in order to identify possible bottlenecks.

We would like to thank Tiziana Catarci, Tania Di Mascio, and Giuseppe Seinfactheir
valuable suggestions and discussions on the user interface. Mqrémvesupport of Ralf
Moller and Volker Haarslev with the Racer reasoner has been essentiéfdevelopment
of our system prototype.
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Abstract

In this paper, we propose a tableau-based technique for reasoning with various
distributed DL knowledge bases. This technique can be applied both to DDLs
and to new and relevant sublanguages of basic £-connections. Its main advantage
is that it is straightforward to implement by extending the existing tableau-based
algorithms, as witnessed by our implementation in the Pellet OWL reasoner.

1 Introduction

Combining DL ontologies in a controlled and scalable way is crucial for the success of
the Semantic Web. Recently, several proposals, like the Distributed Description Logics
(DDL) [1] approach and the £-connections framework [3] [4], have been presented as
possible solutions for these and other related problems. In this paper, we define a new
sub-formalism of basic £-connections which is strictly more expressive than DDLs and
that seems very straightforward to implement on existing tableau-based reasoners.

2 Perspectival £-connections

Perspectival £-connections (PECs) is an expressive sub-formalism of basic £-connections
which constraints the use of link properties in the component logics. For the simple
case of two component logics, the set of links is partitioned into two disjoint sets
€ = €1 Uey, where e = {Ej|j € J},ea = {Fi|k € K}. The component logics are
then enriched with the operators < E; > < F, >2. PECs are strictly less expressive
than basic £-connections because the use of the operators < E; >2 and < Fj, >' is
explicitly disallowed in the syntax and hence the links cannot be “navigated” in both
directions. PECs are still strictly more expressive than DDLs
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3 Reasoning technique

We have developed a tableaux-based reasoning technique for determining the satisfi-
ability of concept terms in a certain PEC, whose component languages are DLs. The
algorithm uses an instance of each tableaux-based decision procedure for the compo-
nent DLs. In order to deal correctly with the new operators in the enriched language
we need to define two new rules to each of the component decision procedures. These
rules are basically analogous to the — 3 and — V rules in an ordinary tableau-based
algorithm. For ensuring termination, a new blocking condition has to be defined

One important feature of this technique is that the decision procedures for the
component logics are treated as black boxes in quite a similar way in which a DL
reasoner considers a type checker as a black box when a DL is coupled to a conforming
type system [2]. This shows that a slight modification of existing DL reasoners suffices
for implementing the algorithm, as witnessed by our implementation in the Pellet
OWL reasoner.

However, this technique cannot be straightforwardly extended to basic £-connections.
Intuitively, dealing with a link and its inverse breaks the black box condition and makes
the algorithm unsound. Nominals also cause unsoundness if the algorithm is naively
extended to PECs whose component logics contain nominals.

Finally, we have shown that this technique yields to a sound and complete algo-
rithm for checking the satisfiability of concepts in a PEC, whose component languages
are the SHIF DL or any of its sub-languages. Hence, we show that this technique can
be used for combining OWL-Lite ontologies in the Semantic Web using the PEC
formalism.

Future work includes the development of reasoning techniques for handling nomi-
nals in the combination (and hence OWL-DL ontologies), ABoxes, and also to explore
the transition from PECs to full £-connections. We are also looking into integrating
support for multiple ontologies in the SWOOPed ontology editor in order to make
these formalisms as usable and intuitive as possible for modelers, which is crucial for
successfully bringing them to the Semantic Web.
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Abstract
This paper proposes constructs that can be used to declaratively specify the
disjoint nature of object properties or roles. These constructs may be a useful
extension to the Description Logic system that is the basis of OWL.

1 Introduction

The ability to specify disjoint relations has several applications in database and knowledge
based systems. This paper introduces a set of syntactic constructs that can be used to specify
the disjoint nature of roles in Description Logic (DL) [1] systems. Wessel [2] presents another
study upon DL systems that specify the disjointness of roles; however, it did not specifically
investigate the disjoint nature of roles. Instead, role disjointness was used as a starting premise
to investigate the composition of roles in ALCg4 DL, which was determined to be undecidable.

2 Specifying the disjoint nature of roles

The semantics of DL constructors is defined in terms of an interpretation 7 = (A, /) that consists
of a non-empty domain A’ and an interpretation function /. The interpretation maps individual
names (e.g., x, y and z) into objects or individuals of the domain; and the role names (e.g., R/
and R2) into subsets of the Cartesian product of the domain (A’ X A)) as shown in (1) ~ (5).

x' e 1)
y e A 2)
Z e (3)
R1'cA'x A! (4)
R2'cA'x A! (5)

Four types of role disjointness can now be distinguished as follows: 1) if an object appears as a
range element in role R/ then it cannot appear as a range element in R2; 2) if an object appears
as a domain element in role R/ then it cannot appear as a domain element in R2; 3) the
conjunction of the conditions in 1 and 2; and 4) two roles can have no instances in common.

For the scenario in which two disjoint roles cannot have instances that have a common range
object, the required semantics are shown in (6). A new construct (|;) is proposed to capture the
semantics of (6). The disjoint nature of R/ and R2 can now be specified as in (7). This
constraint would not allow the same object to appear as the range in instances of both roles.

vxvyvz (x,y') e R1'= (2, y') ¢ R2' (6)
R1 | R2 (7)

For the scenario in which two disjoint roles cannot have instances that have a common domain

object, the required semantics are shown in (8). A new construct (|q) is proposed to capture the
semantics of (8). The disjoint nature of R/ and R2 can now be specified as in (9). This
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constraint does not permit the same object to appear as the domain in instances of both the roles
RI and R2.

vxvyvz (X, y') e R1' = (X!, Z') ¢ R2' (8)
R1 |4 R2 9)

The semantics of two disjoint roles such that no domain element in R/ can appear as a domain
element in R2 and no range element in R/ can appear as a range element of R2 is shown in (10).
A new construct (]) is defined to capture the semantics of (10). The disjoint nature of R/ and R2
can now be specified as in (11).

vxvyvzvw (X, y) e R1'= (X, 2) ¢ R2' A (W, y) ¢ R2' (10)
R1|R2 (11)

Finally, each new construct (|r, |4, and |) expresses different semantics than rule (12), which
states that two roles can have no instances in common as captured in (13). Applying the
substitution {z/x} to (6) yields (12) as does applying the substitution {z/y} to (8). Rule (12) is a
factor of (10) when applying the substitution {z/y, w/x} to (10). However, it is not possible with
the semantics expressed in (12) alone to determine whether the two roles can share domain
objects, range objects, or neither as captured by the new constructs.

vxvy (x,y') e R1'= (X, y)) ¢ R2' (12)
R1'AR2'=1 (13)

3 Conclusions

A premise of this paper is that Semantic Web knowledge representation formalisms should
support the declarative representation of property disjointness. Four types of property
disjointness have been described in this paper. It should be noted that if a knowledge
engineering application required capturing the semantics provided by the constructs |, |4, and |,
a workaround could be declaratively achieved, albeit requiring minor re-conceptualization, to
enforce the semantics. For example, to achieve |4, the domain of roles R/ and R2 would be
partitioned into two disjoint concepts and the disjoint nature of roles R/ and R2 would then be
implied if they were re-defined to use these disjoint concepts as their respective, restricted
domains. However, no such workaround appears to exist for expressing R/ N R2= L for roles
defined on the same domain and range, which suggests that a DisjointProperties(R1 ... Ry)
construct may be useful in Description Logics based ontology languages such as OWL. Role
intersection constructs are provided by the ALB DL [3], which has been proved to be decidable.
The analysis of the computational properties of the constructs proposed herein is the subject of
ongoing investigation. The investigation will include decidability strategies discussed in [3] and
its relevance to the proposed constructs.
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Abstract

Interoperability among systems using different term vocabularies requires map-
pings between them. Matching applications generate these mappings. When the
matching process utilizes term meaning (instead of simply relying on syntax),
we refer to the process as semantic matching. If users are to use the results of
matching applications, they need information about the mappings. They need
access to the sources that were used to determine relations between terms and
potentially they need to understand how deductions are performed. In this paper,
we discuss our approach to explaining semantic matching. Our initial work uses
a satisfiability-based approach to determine subsumption and semantic matches
and uses the Inference Web and its OWL encoding of the proof markup language
to explain the mappings.

1 Semantic Matching

In this paper, we discuss semantic matching as introduced in [3], and implemented
within the S-Match system [4]. We view information sources to be graph-like struc-
tures containing terms and their inter-relationships. The semantic matching distin-
guishes the following relations between terms: equality (=, mutual subsumption);
more general (J, subsumer); less general (C, subsumee); mismatch (L, disjoint);
overlapping (M, there may exist an instance of both classes). The semantic relations
are calculated by mapping meaning which is codified in the element descriptions and
the graphs in two steps: obtaining a representation of the node meaning and by de-
termining the meaning of the node position in the graph. In order to obtain some
information about the node labels, our initial implementation accesses WordNet. Ex-
tensions to the work would also take other DL representations of the classes as input
such as full OWL ontologies. Semantic matching translates the matching problem into
a validity check of the appropriate propositional formula. The algorithm then checks
for sentence validity by proving that its negation is unsatisfiable. Our implementation
uses the JSAT SAT reasoner.

2 Explaining Matching using Inference Web

Inference Web (IW) [6] enables applications to generate portable and distributed ex-
planations for answers. In order to explain semantic matching and thereby increase
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the trust level of its users, we need to provide information about background theories
(initially Wordnet), the JSAT manipulations of sentences, and the semantic matching
translations of graphs into propositional sentences. The IW proof and explanation
documents are represented in PML [1] and are composed of PML node sets. This rep-
resentation could be viewed as the web-ized distributed OWL version of one author’s
previous work on explaining description logics [7].

Users may need different types of explanations. For example, if negotiating agents
trust each other’s information sources, explanations should focus on the S-Match ma-
nipulations. If on the other hand, the sources may be suspect, explanations should
focus on meta information about sources. If a user wants an explanation of the in-
ference engine(s) embedded in a matching system, a more complex explanations may
be required, see [9] for details. Our current version of S-Match uses JSAT, and in
particular the Davis-Putnam-Longemann-Loveland (DPLL) procedure [2].

3 Discussion

While there are a number of other efforts in semi-automated schema/ontology match-
ing [8], we are not aware that any provide explanations. By extending S-Match to
use the IW infrastructure, we demonstrate our approach for explaining matching sys-
tems that use background ontological information and reasoning engines!. The DPLL
procedure explained in our approach, while unoptimized, includes the essence of the
state of the art SAT engines. Thus, one could consider using another optimized SAT
reasoner that may be chosen for particular matching problems and use the approach
discussed for generating explanations. Future work includes using more expressive
background ontologies and other SAT engines as well as other non-SAT DPLL-based
inference engines, e.g., DLP, FaCT [5].
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The OWL [2] datatype formalism (or simply OWL datatyping) presents some new
requirements for DL reasoning services, in terms of semantics (to allow the use of so-
called ‘un-supported’ datatypes), expressive power (to support enumerated datatypes)
and datatype construction mechanism (both datatypes and datatype expressions). On
the other hand, OWL datatyping is expected to be extended to include more expressive
power. E.g.., OWL datatyping does not provide a general framework for user-defined
datatypes, such as XML Schema derived datatypes, nor does it support n-ary datatype
predicates (such as the binary predicate > for integers), not to mention user-defined
datatype predicates (such as the binary predicate > for non-negative integers). In this
poster, we explain why it is necessary to extend the existing datatype approaches to
the datatype group approach, in order to meet the above new requirements.

It was Baader and Hanschke [1] who first presented a rigorous treatment of datatype
predicates (or simply predicates). In their approach, a concrete domain [1, 4] is com-
posed of a set of datatype values (such as integers) and a set of n-ary predicates
(such as ‘<’) defined over these values with obvious (fixed) extensions. Horrocks
and Sattler [3] proposed the so called ‘type system approach’, which can be seen as a
simplified version of the concrete domain approach, where the datatype domain (of a
datatype interpretation) is regarded as a universal concrete domain and datatypes are
treated as unary predicates in the universal concrete domain. In short, in the above
two approaches, datatypes are nothing but unary predicates.

In OWL datatyping, however, people take another view. A Datatype d distin-
guishes from a predicate in that it is characterised not only by the value spaces V(d),
but also a lexical space, L(d), which is a set of Unicode strings, and a total mapping
L2V (d) from the lexical space to the value space. E.g., boolean is a datatype with value
space {true, false}, lexical space {T,F,1,0} and lexical-to-value mapping {T+— true,
Fi— false, 1— true, O— false}. Data values can be represented by typed literals or
plain literals, where typed literals are combinations of string and datatype URIs, while
plain literals are simply strings, with optional language tag. E.g., “1”" "xsd:boolean is
a typed literal, while “1” is a plain literal. Therefore, when we extend OWL datatyp-
ing to support predicates, we should not simply replace datatypes with predicates,
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but let them co-exist in a proper framework.

Secondly, an OWL datatype interpretation is relativised to a datatype map, which
is a partial mapping from datatype URIs to datatypes; e.g., Mg, = {(xsd:string, string),
(xsd:integer, integer)}. Unsupported datatypes, which are not included in a given
datatype map, are interpreted as any subsets of the datatype domain. Therefore, the
datatype domain (of a datatype interpretation) is expected to be unfixed, which is
different from the (datatype) domain in existing approaches.

Thirdly, OWL advocates a more user-friendly style of datatyping than what the
existing approaches provide. OWL provides a kind of datatype expressions, called
enumerated datatypes, of the form oneOf(ly,...,1l,), where [1,..., 1, are literals, which
is interpreted as the union of all the interpretation of [; (1 <1 < n). It is expected that
it supports more expressive datatype expressions, to represent user-defined datatypes
and user-defined predicates. Furthermore, it is desirable that the interpretation of
negated predicate is relativised to the value space of the related datatypes; e.g., > 5
is interpreted as V (integer)\ >P but not Ap\ >P. Therefore, the interpretation of
> 5 will not be affected by the existence of other datatypes in a datatype map.

We extend OWL datatyping with datatype predicates by a revised definition of
datatype groups, which was first presented in [5] and was meant to be an exten-
sion of DAML+OIL datatyping. Unlike the original definition, the revised definition
of datatype groups is completely compatible with OWL datatyping. We show that
the predicate conjunctions over datatype groups can be easily reduced to those over
concrete domains. We then propose OWL-E, a language extending OWL DL with
datatype expression axioms, as well as the datatype group-based class constructors
to allow the use of datatype expressions in class restrictions. The novelty of OWL-E
is that it enhances OWL DL with much more datatype expressiveness and it is still
decidable. Of course, we will need a full paper to present details of the above.
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Abstract

Medical Terminological Knowledge Bases contain a large number of primi-
tive concept definitions. This is due to the large number of natural kinds that
are represented, and due to the limits of expressiveness of the Description Logic
used. The utility of classification is reduced by these primitive definitions, hinder-
ing the knowledge modeling process. To better exploit the classification utility,
we devise a method in which definitions are assumed to be non-primitive in the
modeling process. This method aims at the detection of: duplicate concept defi-
nitions, underspecification, and actual limits of a DL-based representation. This
provides the following advantages: duplicate definitions can be found, the limits
of expressiveness of the logic can be made more clearly, and tacit knowledge is
identified which can be expressed by defining additional concept properties. Two
case studies demonstrate the feasibility of this approach.

1 Introduction

Medical terminological knowledge bases (TKBs) represent knowledge about concepts,
relationships and terms, in the domain of medicine. For example, a concept may be
defined as “inflammation of the membranes of the brain or spinal cord”, and described
by the synonymous terms “cerebrospinal meningitis” and “meningitis”. TKBs provide
an invaluable source of structured medical knowledge, serving a range of purposes.
Advantages of representing this knowledge using Description Logics (DL) include
the explicit semantics of the represented knowledge and the possibility to perform
automatic reasoning based on this knowledge. The prominent reasoning tasks are
satisfiability and subsumption. To infer subsumption, concept definitions with nec-
essary and sufficient conditions are required. We will refer to such definitions as
non-primitive definitions (sometimes referred to by others as “equalities”), whereas a
primitive concept definition (sometimes referred to by others as “inclusion”) specifies
only necessary conditions. It is however in general not possible to define all concepts
in a non-primitive manner. This is well described in [5]: “There are a large number
of concepts that are unclassifiable by virtue of being natural kinds. The problem
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is exacerbated by a large number of “fake” primitives, concepts which are primitive
only because their definitions cannot be expressed in the restricted language. Since
these reduce the utility of classification, using classification’s efficiency as the design
criterion misplaces emphasis.”

Hence, there are various impediments to fully exploit the reasoning strengths that
Description Logics offer. This means that in practice, classification may be overlooked
that could have been inferred if concept definitions would have been non-primitive.
This paper describes the possibilities of using non-primitive concept definitions in the
process of knowledge modeling. We describe a method, developed to increase the util-
ity of classification, especially during the knowledge modeling process. This method
aims at utilizing DL inference services for the detection of: duplicate concept defini-
tions, underspecification, and actual limits of a DL-based representation. Duplicate
definitions should generally not occur in a knowledge base, and underspecification
may point at tacit (i.e. not represented by a concept definition) knowledge. Mini-
mizing tacit knowledge will increase the possibilities for distinguishing concepts based
on their definitions, and may improve the model by reducing the number of primitive
definitions.

We describe the knowledge modeling process in Section 2| and then explain our
method in detail in Section [3. Results of the application of the methods in a case
study are presented in Section 4] and discussed in section 5. Section 6/ concludes this

paper.

2 The Knowledge Modeling Process

Medical TKBs have grown in size and complexity. This growth has been stimulated
by the availability of computers and the potential of using medical TKBs for a wide
range of purposes. The complexity has increased due to the possibility of using repre-
sentation formalisms that allow for more elaborate specification of concept definitions.
Medical TKBs evolved from simple taxonomies to semantic networks with (informal
and formal) concept definitions. An example of such a system is SNOMED CTY, a
terminological system consisting of approximately 350,000 concepts. Maintenance of
systems this large needs to be supported as much as possible in order to reduce mod-
eling errors. To this end we have started a project aiming at assessing and improving
the quality of Medical TKBs. Previously, we have discussed the possibilities of detect-
ing inconsistencies in concept definitions [3], and others have focused on this issue as
well (e.g. [7]). However, (logical) inconsistencies are not the only modeling error that
can occur. Generally, a good terminological system should fulfill a number of desider-
ata [1]. A formal, concept-oriented approach to modeling terminological knowledge
can largely contribute to fulfill a number of these desiderata, for example providing
formal definitions and multiple consistent views. However, representation alone is not
sufficient. To fully exploit the advantages of formally represented knowledge, services,
such as inference services, are indispensible. Standard Description Logic inference
services (satisfiability and subsumption testing) provide a solid basis for supporting

"http://www.snomed.org/
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InfectiousDisease = Disease M 3 involves Infection

LiverDisease = Disease ' 3 location Liver

ViralHepatitis = InfectiousDisease M 3 location Liver M 3 cause Virus
DuplicateViralHepatitis = LiverDisease M 3 involves Infection M 3 cause Virus
PrimViralHepatitis C InfectiousDisease M 3 location Liver
PrimDuplicateViralHepatitis C LiverDisease M 3 involves Infection
ViralHepatitisTypeA = InfectiousDisease ' 3 cause HepatitisAVirus M 3 location
Liver

NSOt W

Figure 1: Examples of primitive and non-primitive concept definitions

knowledge modeling, but do not support all of the modeling process. For example,
these services do not by default contribute to ensuring definition of non-redundant, un-
ambiguous definitions that explicitly and maximally capture the semantics. However,
although this is not supported directly, it is possible to utilize DL inference services
for tasks such as ensuring definition of non-redundant, unambiguous definitions.

In the next section we focus on methods that utilize DL inference services for
detection of concepts that are inadvertently defined more than once, and concepts
that may not be exhaustively defined. With exhaustive definitions we mean definitions
that maximally capture the semantics of the defined concept. Duplicate definitions
should be prevented, as they introduce redundancy into the knowledge base. The
motivation for focusing on detection (and reduction) of non-exhaustive definitions,
is that non-exhaustively defined concepts may point at tacit (i.e. not represented
by a concept definition) knowledge. Minimizing tacit knowledge will increase the
possibilities for distinguishing concepts based on their definitions, and may improve
the model by reducing the number of primitive definitions, supporting among others
more elaborate classification.

3 Use of non-primitive Definitions

An essential feature of Description Logics is the distinction between definitions that
state only necessary conditions (which we refer to as primitive definitions) and defini-
tions that state necessary and sufficient conditions (non-primitive definitions). Non-
primitive definitions facilitate the inference of classification (subsumption) of concepts.
These definitions also make it possible to detect equivalent concepts (which actually
boils down to mutual subsumption). For example, given the definitions 1 and 2 from
Figure [1, equivalence of the concepts ViralHepatitis and DuplicateViralHepatitis, de-
fined in 3 and 4, can be inferred. However, if these concept definitions would have
been primitive, as in definitions 5 and 6, equivalence would not have been detected,
and duplicate concepts would remain undetected. Furthermore, the concepts defined
in 5 and 6 contain tacit knowledge, as these definitions do not state the viral cause of
the disease.

As the domain of medicine consists of many natural kinds, for which no necessary
and sufficient conditions exist, many disease concepts in Medical TKBs can only be
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defined in a primitive manner. As a result of this, much of the inferential potential is
lost, as the example above demonstrates. Another example would be missed classifica-
tion. For example, given definition 7, ViralHepatitisTypeA would be rightly classified
as a ViralHepatitis, but not as a PrimViralHepatitis, although it should be.

Although it is inevitable to have many primitive definitions in a Medical TKB, it
makes sense to use the inferential powers of DL reasoners in the modeling process by
stating, as an assumption, non-primitivity of all relevant concept definitions.

The first step is to determine which concepts in a knowledge base might have
duplicate definitions or contain tacit knowledge that needs to be made explicit. Gen-
erally, medical TKBs consist of various “modules” that are used to define the concepts
in the primary category of interest. Such TKBs can be regarded as a collection of
subtrees, where the roots of these subtrees can be for example Diseases, Anatomical
Components and Micro-Organisms. The Micro-Organisms subtree is used in the defini-
tions of etiology of diseases, as is also shown in definition 7 in Figure 1. As a TKB
is generally focused on one subtree, in this case diseases, it may be expected that
the other modules are far from exhaustively defined. This will result in many equiva-
lent concepts, not only in the respective subtrees, but also in the Diseases subtree, as
concepts in this subtree are defined using concepts that were considered equivalent.
There are two options in such a situation. The first option is to initially focus on the
respective subtrees (such as Micro-Organisms), in order to find duplicates and make
tacit knowledge explicit. The second option is to leave these subtrees out of account
(i.e. treat the concepts as base symbols), and focus on the subtree of primary interest,
which contains disease concepts in this example.

The next step is to find all concepts that have a definition of the form: B C
A, where A is a concept name. There is no use in changing these definitions to non-
primitive definitions, as this will provide a trivial equivalence (B = A). These concepts
may be expected not to represent duplicate definitions (as they have been explicitly
defined), but B either represents a natural kind or is underspecified. As concepts of
this form are easily recognizable, they can be studied separately. The last step is to
redefine all relevant concepts (e.g. disease concepts) that are not of the form B C A
as non-primitive.

When the TKB has been altered according to the steps mentioned above, it can
be classified with a DL reasoner. This classification will result in clusters of equivalent
concepts. These clusters then have to be analyzed by hand. This analysis will provide
two types of outcomes. First, a set of concepts that form duplicate definitions, which
were previously undetected due to their primitive definitions. Second, a set of concepts
for which the differences among them do exist, but are not represented. In the latter
case, which we will refer to as underspecification, the knowledge base can potentially
be improved by making explicit the implicit knowledge that distinguishes one concept
from another. If this distinction can not be made explicit, this can either be caused
by the lack of characteristic features of the concept (i.e. it is a natural kind), or by
limitations of the used DL. We have previously performed a study on the use of terms
indicating the need for certain constructors [2]. The above-mentioned method will
contribute to gaining insight into the need for specific constructors by making the
needs more precise and related to a specific TKB.
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Cachexia = Medical _Diagnosis ' 3 involved_system Metabolic_system
Starvation = Medical_Diagnosis M 3 involved_system Metabolic_system
Hypermagnesaemia = Metabolic_Disorder M 3 involved_component Body_fluids
Hypomagnesaemia = Metabolic_Disorder M 3 involved _component Body_fluids
Hypercalcaemia = Metabolic_Disorder M 3 involved_component Body_fluids
Hypocalcaemia = Metabolic_Disorder M 3 involved_component Body _fluids

Figure 2: Examples of equivalent concept definitions. Six concepts are defined, but
classification results in two different concepts: Cachexia and Starvation as one concept,
and Hypermagnesaemia, Hypomagnesaemia, Hypercalcaemia, and Hypocalcaemia as
another concept

4 Results of two Case Studies

The approach is applied to a medical TKB on Reasons for Admission in Intensive care
(DICE) [4] and on the Foundational Model of Anatomy (FMA)?. The DICE knowl-
edge base, which is under development at the institution of the authors, contains about
2500 concepts, of which 1456 Reasons for Admission. Reasons for Admission comprise
both diseases and procedures that require intensive care and monitoring of patients.
We have applied the above-mentioned methods to detect duplicate definitions in the
system, and to determine possibilities to improve modeling by reducing underspeci-
fications. As we are aware of underspecification in domains other than Reasons for
Admission (such as anatomy, and etiology), we have limited our evaluation to the
Reasons for Admission taxonomy.

The case study on FMA has been performed mainly to determine to what extent
the findings in DICE were knowledge-base-specific. FMA, developed by the Univer-
sity of Washington, provides about 69000 concept definitions, describing anatomical
structures, shapes, and other entities, such as coordinates (left, right, etc.).

4.1 Results of the Case Study on DICE

The DICE knowledge base, which was implemented as a simple TBox with an empty
ABox, was represented using Knowledge Representation System Specification (KRSS)
syntax [6]. This made it straightforward to discern primitive definitions from non-
primitive ones, simply by performing a text-based search in the KRSS file. Replace-
ment of primitive definitions by non-primitive definitions for appropriate concepts out
of 1456 Reasons for Admission, resulted in 108 (7%) concept definitions that were
primitive, and 1348 (93%) concept definitions that were non-primitive. As was ex-
plained in Section (3 all primitive definitions were of the form B C A, for example:
Eclampsia C Hypertension_induced_by_Pregnancy.

RACER? was used to classify the resulting TBox. This resulted in 24 unsatisfiable
concepts, which we will discuss further in Section 5. Of the remaining 1432 satisfiable
concept names (in the Reason for Admission module), 1160 (81%) had a unique defini-

®http://sig.biostr.washington.edu/projects/fm/
3http://www.sts.tu-harburg.de/"r.f.moeller/racer/
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Table 1: Results of detection of equivalently defined concepts in the Reason of Admis-
sion module of DICE. The first column shows the size of clusters, the second column
the number of clusters with the specified size, the last column shows the total number
of concepts in the clusters of the specified size (i.e. the product of cluster size and
number of clusters).

# equivalent definitions # clusters # concepts in clusters

2 60 120
3 23 69
4 8 32
6 2 12
7 28
11 1 11

98 272

tion, and 272 concepts (19%) were equivalent to one or more other concepts. As shown
in Figure 2, classification will render multiple concepts with equivalent definitions as
one concept. The 272 concepts could be traced back to 98 definitions that were used
twice or more, as is shown in Table [I. There were 60 tuples of equivalent definitions
(such as Cachexia and Starvation), and 1 cluster with 11 concepts. This last cluster
contained concepts as diverse as Water_Depletion and Familial Periodic_Paralysis.

4.2 Result of the Case Study on FMA

The FMA knowledge base, which is implemented as a frame-based model in Protege?*,
has been migrated to DL, where specified slot-fillers in the frame-based representation
were interpreted as existentially quantified roles. This simple TBox, with an empty
ABox, was represented using KRSS syntax. Replacement of primitive definitions by
non-primitive definitions for appropriate concepts, resulted in a DL-based represen-
tation of all of FMA that contained about 50% primitive and 50% non-primitive
concept definitions. We were not able to classify the full TBox with RACER, prob-
ably because of the use of roles and their inverses (e.g. part_of and part), leading
to cyclic definitions. Because of this, we limited the case study to “Organs”. Of
the 3826 concept definitions, 2659 (69%) were non-primitive, and 1167 (31%) were
primitive. Classification with RACER resulted in 3323 concepts (87%) that had a
unique definition, and 503 concepts (13%) that were equivalent to one or more other
concepts. These 503 concepts could be traced back to 160 definitions that were used
twice or more, as is shown in Table 2. There were 106 tuples of equivalent defini-
tions, and 1 cluster with 54 equivalent concepts. This cluster contained a variety of
ligaments of joints, such as Interosseous_ligament_of_carpometacarpal_joint and Pal-
mar _ligament_of_left_fifth_carpometacarpal_joint.

“http://protege.stanford.edu/
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Table 2: Results of detection of equivalently defined concepts in the Organ module of
FMA. The first column shows the size of clusters, the second column the number of
clusters with the specified size, the last column shows the total number of concepts
in the clusters of the specified size (i.e. the product of cluster size and number of
clusters).

# equivalent definitions # clusters # concepts in clusters
2 106 212
3 33 99
4 10 40
5 4 20
6 3 18
7 1 7
>8 3 107
160 503

4.3 Explanation of equivalence

As described in Section [3, there can be various explanations for concept equivalence.
Concepts can be actually duplicately defined, but can also be underspecified. This
underspecification is inevitable when concepts are natural kinds, or when concept
properties can not be expressed due to limits of the used DL. Avoidable underspeci-
fication indicates tacit knowledge, that could be made explicit by making definitions
more exhaustive. Although a full evaluation of equivalent definitions has to be per-
formed, a first study provides markable results.

In DICE, only 4 tuples of concept definitions were found that are potential dupli-
cates, but this needs to be discussed with domain experts. Examples of such concepts
are “reconstruction of artery” versus “arterial angioplasty” and “biliary drainage”
versus “drainage of biliary duct”.

Apart from these potentially true duplicates, all equivalent concepts differ in mean-
ing in a way that is not represented in the knowledge base. In DICE, a small number
of natural kinds was found, which were to a large extent syndromes and/or eponyms.
Examples of these are “Adult Respiratory Distress Syndrome”, “Wilms’ tumour”, and
“Wolff-Parkinson-White syndrome”.

Both DICE and FMA originally have a frame-based representation, and both have
been migrated to DL in order to be able to perform the experiments described. In
DICE, a small number of concepts was found that explicitly mentioned negation,
which can not be represented using frames. Examples of these are “bleeding” versus
“non-bleeding” and “obstructive” versus “non-obstructive”. This difference could be
explicitly represented using a DL that allows for negation.

The vast majority of concepts that were defined as primitive or that were non-
uniquely defined, demonstrated underspecification that seemed to be relatively easy
to avoid. This means that it is possible and appropriate to make definitions more
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exhaustive by adding conditions.

Possible improvements to DICE can be determined by studying equivalent con-
cepts. For example, equivalence of hypocalcaemia and hypercalcaemia can be resolved
by making explicit the level involved: “below normal” resp “above normal”. Equiv-
alence of hypercalcaemia and hypermagnesaemia is explained by the lack of specifi-
cation of the involved chemical elements (calcium resp magnesium). These examples
demonstrate required extensions to the knowledge base, as chemical elements and lev-
els are currently not defined in the knowledge base. There were however also many
concepts that can be refined using concept and roles that are already available in
the knowledge base. For example “Meningococcal meningitis” was defined as a “Bac-
terial meningitis”, without mention of a relation with a concept “Meningococcus”
through an “etiology” role. Hence, making such a definition more exhaustive is not
only straightforward, it is even required, if one wants to classify meningococcal menin-
gitis as a disease that is caused by meningococcus. Making concept definitions more
exhaustive using readily available concepts and roles, also seemed possible in FMA.
For example, “Synovial tendon sheath of flexor hallucis longus” and “Synovial tendon
sheath of tibialis anterior”, can be distinguished by explicitly relating them to “flexor
hallucis longus”, and “tibialis anterior”, respectively.

5 Discussions

The two case studies demonstrate the feasibility and usability of our approach. In
order to assess the overall applicability of the approach, it is useful to look further
into the peculiarities of the knowledge bases used in the case studies. We will discuss
these below. Thereafter, we will shortly discuss an alternative approach that could be
used instead of our method, namely structural subsumption.

5.1 Modeling Issues

The knowledge bases that have been studied exhibit a number of properties that
render them suitable for the method described in this paper. Both DICE and FMA
are represented as simple TBoxes. This implies that no atomic concept occurs more
than once as left-hand side, and the left-hand side of all axioms are atomic concepts
(so no arbitrary concept expressions are allowed on the left-hand side). Moreover,
the DICE TBox is acyclic, meaning that no concept name is defined with reference
to itself (such as for example: Human = Animal M V hasParent Human). The FMA
TBox contains cycles, caused by the use of roles and their inverses (e.g. part_of and
part). The similarity and simplicity of both knowledge bases can be explained by the
fact that the DL-based representations are the result of a migration process from a
frame-based representation, as described in [3].

The FMA TBox was coherent, and the DICE TBox contained only a small num-
ber of unsatisfiable concepts (due to the migration process). Having a minimum of
unsatisfiable concepts is important as unsatifiability “propagates” over existentially
quantified roles. Assume that B is an unsatisfiable concept, then C, defined as C C
A M 3 R B, will also be unsatisfiable.
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In order to minimize the number of unsatisfiable concepts, no disjointness between
concepts was explicitly stated. This can be explained by the following example. Sup-
pose the original knowledge base contains two primitive definitions: C; E A M3 R
B, and Co C A M d R B, and C; and Cy are stated to be disjoint. Applying our
method would change these definitions to non-primitive definitions, which would ren-
der C; and Cy equivalent. But as they are also disjoint, each would be inferred to be
unsatisfiable.

The DICE TBox is defined using the language ALCQ, the FMA TBox can be
expressed with ALCI. This means that for example role hierarchies and transitive
roles are not used in these TKBs. Actually, DICE was modeled using Structure-
Entity-Part (SEP) triplets, described in [§], in order to prevent the use of transitive
roles and role hierarchies.

It needs to be determined whether the method is also useful for more complex
knowledge bases. Issues that increase the complexity of knowledge bases are the
use of a more expressive language, cyclic definitions, use of concept inclusion axioms
with concept expressions on the left-hand side (instead of only atomic concepts), and
allowing multiple definitions of a concept.

5.2 Alternative Approach: Structural Subsumption

There are two reasons for discussing structural subsumption as an alternative ap-
proach. The first reason is the fact that the case studies involved relatively simple
knowledge bases. The second reason was that a superficial inspection of equivalent
definitions of concepts indicated that most of them were not only logically equivalent
(as definitions 3 and 4 from Figure [1), but even structurally equivalent, as shown in
Figure 2. Structural subsumption could prove useful for knowledge bases for which
the computational cost of classification is too high, such as for example the complete
FMA. The advantage of using a structural subsumption algorithm is that it is gener-
ally cheaper in terms of computational costs, but it has the drawback that it is not
complete.

6 Conclusions

We have applied the inferential powers of DL reasoners to detect concepts that are
equivalently defined within a knowledge base. In order to be able to find such con-
cepts, we have considered relevant concept definitions as non-primitive. This results
in clusters of concepts which have equivalent definitions.

Two case studies show that the size of such clusters varied mainly from 2 to 7. For
the vast majority of concept definitions that turned out to be equivalent it is possible
to make them more exhaustive by adding conditions that distinguish between them.
For a minority of the equivalent concepts there seemed to be no possibilities of making
the definition more exhaustive, as these concepts represented natural kinds, or could
not be defined due to limits of the underlying representation. The case study on DICE
revealed only a few duplicate definitions in the knowledge base.
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Overall, it can be concluded that applying the methods described in this paper,
contributes to gaining insight in tacit knowledge, which is unrepresented in a knowl-
edge base. Making this knowledge explicit by means of refining concept definitions
improves the knowledge base, and results in more exhaustive concept definitions. How-
ever, it can not be guaranteed that these more exhaustive definitions will now provide
both necessary and sufficient conditions. Therefore, it needs to be determined whether
this method can result in an actual decrease in the number of primitive concept defi-
nitions in knowledge bases, which would increase the powers of inference based on the
knowledge base. The successful application of our method to two knowledge bases in
the field of medicine, makes it likely to be applicable to other domains as well.
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Abstract

This paper reports on a pragmatic query language for Racer. The abstract syntax
and semantics of this query language is defined. Next, the practical relevance of
this query language is shown, applying the query answering algorithms to the
problem of consistency maintenance between object-oriented design models.

1 Motivation

Practical description logic (DL) systems such as Racer [3] offer a functional API
for querying a knowledge base (i.e., a tuple of T-box and A-box). For instance,
Racer provides a query function for retrieving all individuals mentioned in an A-
box that are instances of a given query concept. Let us consider the following A-
box: {has_child(alice, betty), has_child(alice,charles)}. If we are interested in finding
individuals for which it can be proven that a child exists, in the Racer system, the
function concept_instances can be used. However, if we would like to find all tuples
of individuals = and y such that a common parent exists, currently, it is not possible
to express this in sound and complete DL systems such as, for instance, Racer. Other
logic-based representation systems, such as, e.g., LOOM [6], however, have offered
query languages suitable for expressing the second query right from the beginning.
In this paper we define syntax and semantics of a query language similar to that
of LOOM. Users of description logic systems such as Racer already demonstrated
the demand of such a query language for sound and complete DL systems [9], and
this paper evaluates the practical relevance of the current implementation for query
answering algorithms in Racer-1-7-19 using an application to software engineering
problems.
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2 The New Racer Query Language - nRQL

In the following we describe the new Racer Query Language, also called nRQL (pro-
nounce: Nercle). We start with some auxiliary definitions:

Definition 1 (Individuals, Variables, Objects) Let Z and V be two disjoint sets
of individual names and variable names, respectively. The set O =4,y VUT is the set
of object names. We denote variable names (or simply variables) with letters z,v, .. .;
individuals are named 4, j,...; and object names a,b, .. .. |

Query atoms are the basic syntax expressions of nRQL:

Definition 2 (Query Atoms) Let a,b € O; C be an ALCOHZ R+ (D) [4] concept
expression, R a role expression, P one of the concrete domain predicates offered by
Racer; f = fio---o f, and g = gy 0- -0 g, be feature chains such that f, and g, are
attributes (whose range is defined to be one of the available concrete domains offered
by Racer, or f, g are individuals from one of the offered concrete domains which means
that m,n =1 and f1, g1 are O-ary attributes). Then, the list of nRQL atoms is given
as follows:

e Unary concept query atoms: C(a)

e Binary role query atoms: R(a,b)

e Binary constraint query atoms: P(f(a),g(b))

e Unary bind-individual atoms: bind_individual (i)

e Unary has-known-successor atoms: has_known_successor(a, R)

e Negated atoms: If rga is a nRQL atom, then so is \(rqa), a so-called negation

as failure atom or simply negated atom. |

We give some examples of the various atoms and assume throughout the paper that
betty € Z. Note that (woman M (—mother))(betty) and woman(x) are unary con-
cept query atoms; has_child(z,y) and has_child(betty,y) are binary role query atoms;
string=(has_father o has_name(x), has_name(y)) as well as >(has_age(x),19) are
examples of binary constraint query atoms. Finally, \(woman(z)) is an example of a
negated atom. The rationale for introducing unary bind-individual and has-known-
successor atoms will become clear later. Both are related to effects caused by negated
atoms. We can now define nRQL queries:

Definition 3 (nRQL Query Bodies, Queries & Answer Sets) A nRQL Query
has a head and a body. Query bodies are defined inductively as follows:

e Each nRQL atom rga is a body; and
e If by ...b, are bodies, then the following are also bodies:
= D1 A A, bV V by, \(Bi)
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We use the syntax body(ai,...,a,) to indicate that ai,...,a, are all the objects
(a; € O) mentioned in body. A nRQL Query is then an expression of the form

ans(aiy, ..., a;,) < body(ay,..., ay),
ans(a;,, ..., a;,) is also called the head, and (i1,...,%,) is an index vector with i; €
1...n. A conjunctive nRQL query is a query which does not contain any V and \
operators. |

Before we consider atoms with variables, we define truth of ground query atoms. A
ground query atom does not reference any variables. To define truth of ground query
atoms, we will need the standard notion of logical implication or logical entailment.
We first start with positive atoms — atoms which are not negated:

Definition 4 (Entailment of Positive Ground Query Atoms) Let K be an
ALCOHZR+ (D) knowledge base. A knowledge base, KB for short, is simply a T-
box/A-box tuple: K = (7,.A).

A positive ground query atom rqa (i.e., rqa doesn’t reference variables and is not
negated) is logically entailed (or implied) by K iff every model Z of K is also a model
of rqa. In this case we write IC |= rqga. Moreover, if 7 is a model of K (rga) we write
ITE=K (ZErqa).

We therefore have to specify when Z = rqa holds. In the following, if rqa references
individuals i, j, it will always be the case that i, € inds(.A). From this it follows that
il € AT and j* € AT, for any 7 = (A%, ) with T |= K:

If rqa = C(i), then T |= rqa iff £ € CT.
If rqa = R(i,7), then T |= rqa iff (i%, ;%) € RZ.

o If rqa = P(f(i),9(j)), then Z = rqa iff
— G = fI(iI)a
—¢j =g (j%),

— (¢;,¢j) € PT; moreover,

—if f = fyo---0 f,, then we require that for all m € 1...n — 1 with
k= (fio- o fm)*(i*) there is some j € inds(A) such that jZ = k; and
analogously for g.

o If rqa = (i = j), then T |= (i = j) iff % = jZ.
o If rqa = has_known_successor(i, R), then Z |= rqa iff for some j € inds(A):
T E R(i, 7). [ |

It is important to note that the properties of roles and concepts referenced in the query
atoms are defined in the knowledge base K. For example, if the role has_descendant
has been declared as transitive in IC, then has_descendant will be transitive in the
queries as well, since in models of K has_descendant? = (has_descendant®)* must
hold. If has_father is declared as a feature, then it will behave as a feature in
the queries as well. Also note that, according to Definition 2, atoms of the form
rga = (i = j) are not really query atoms. However, these atoms are used to replace
bind_individual atoms, see below.

The complex semantic condition enforced on the binary constraint query atoms
such as rqa = P(f(i),g(j)) with f = fio0---0f, and g = g1 0- - - 0 g, makes it possible
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to substitute such an atoms with the conjunction fq(é,41) A -+ A frn—1(in—2,in—1) A
gl(jyjl) AREERA gm—l(jm—%jm—l) A P(fn(in—l)agm(jm—1)>'

Now that we have defined truth of of positive ground query atoms, we can define
truth of arbitrary ground query atoms:

Definition 5 (Truth of Ground Query Atoms) Let rqa be a ground query atom.
Let K = (7,A) be a knowledge base (T-box/A-box tuple). A ground atom rga
is either TRUE in K (we write £ =np 7ga) or FALSE in K (we write K FEnr).
The relationship =xnF resp. trueness of ground query atoms is inductively defined as
follows:

e If rqa is positive (does not contain “\”): K Enr rqa iff K = rqa
e Otherwise: K Enr \(rqa) iff K fnrF rga [

It is important to note that for each query body or atom ¢, ¢ is TRUE iff \ (¢) is FALSE,
and vice versa. Note that this does not hold for the usual entailment relationship. For
example, consider the A-box {woman(betty)}. Given K =ge¢ (0,.A), woman(betty)
is TRUE, and mother(betty) is FALSE, since we cannot prove that betty is a mother.
Thus, \(mother(betty)) is TRUE. In contrast, —mother(betty) is obviously FALSE.
Moreover, (motherL—mother)(betty) = T (betty) is not the same as (mother(betty))V
(=mother(betty)).

In order to check whether K |=xF 7qa, we can use the basic consistency checking
and A-box retrieval methods offered by Racer. The symbol “=pnp” shall remind the
reader of the employed “Negation as Failure” semantics (i.e., suppose rqa is positive,
then K =nr \(rqa) iff K & rqa, which means \(rga) is TRUE in K, see below for
examples).

The truth definition of ground atoms can be extended to complex ground query
bodies in the obvious way (i.e., K Enp biA---Aby, iff Vb; : K [EnF b, and analogously
for V and \).

Having defined truth of ground query atoms and bodies, we can specify the se-
mantics of queries which are not ground, but first we need one more piece of notation.
The rationale behind the next definition is best understood with an example: con-
sider the query ans(betty) <« woman(betty). The answer to this query should either
be () (in case K = woman(betty)), or {(betty)} (in case K = woman(betty)). A rea-
sonable statement is that ans(betty) < \(woman(betty)) should be the complement
query of ans(betty) < woman(betty). The latter one should therefore return the set
{(i)| i €inds(A)}, probably without {(betty)} (note that inds(.A) returns the set
of all individuals mentioned in the A-box .A). Thus, within \(woman(betty)), betty
behaves in fact like a variable. To capture this behavior, we replace the individuals in
the atoms with representative variables and use (in)equality statements as follows:

Definition 6 (a-Substitution) Let rqa be an atom that contains at most one “\”
(note that rqa = \(\(rqga))). Denote the set of mentioned individuals in rqa as
inds(rga). Then, a(rqa) is defined as follows:

e If inds(rga) = 0, then a(rqa) =45 rqa.
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o If rqa = bind_individual(i), then a(rqa) =gef x; =i
o If rga = \(bind_individual (7)), then a(rqa) =gy x; # i
e If rga is not a bind-individual atom, then
— If rqa is positive and inds(rqa) = {i,j} (possibly i = j), then a(rqa) =ger
TqQfig; jeoy N (T = 0) A (25 = j).
— If rqa = \(rqad’) is negative and inds(rqa) = {i,j} (possibly i = j), then
0(r4a) =aey \(ra_,, ., )V (@i #0) V (@) £ J). .

Note that rqap g, j— o, means “substitute ¢ with z;, and j with z;”. For example,
a(R(i,j)) = R(wisz;) A (@i = i) A (25 = j), but a(\(R(i, ) = \(R(i,2;)) V (2; #
i) V (x; # j). We extend the definition of o to query bodies in the obvious way.
However, we need to bring the bodies into negation normal form (NNF) first, such
that “\” appears only in front of atoms. This is simply done by applying DeMorgan’s
Law to the query body (from the given semantics it follows that \(AAB) = \(A)V\(B),
\(AV B) =\(A) A\(B), \(\(A4)) = A). The semantics of a nRQL query can now be
paraphrased as follows:

Definition 7 (Semantics of a Query) Let ans(a;,,...,a;, ) < body(ai,...,a,) be
a nRQL query ¢ such that body is in NNF. Let 8(a;) =def 2o, if a; € Z, and a; oth-
erwise; i.e., if a; is an individual we replace it with its representative unique variable
which we denote by z,,. Let K be the knowledge base to be queried, and A be its
A-box. The answer set of the query ¢ is then the following set of tuples:

{ (.jilv HRE 7.jim) ’ El.jla cee 7jn € inds(A),Vm,n,m 7£ n: ]m 7é jny
K Enr albody)say)—ji,...00an)—jn] |

Finally, we state that {()} =4y TRUE and {} =4.; FALSE. [ |

Note that we assume the unique name assumption (UNA) for the variables here.
However, the implemented query processing engine also offers non-UNA variables
(originally meant for breaking up feature chains). For reasons of brevity we decided
not to include them in the formal definition here.

Let us briefly discuss some “pathological examples” which explain why we included
bind-individual and has-known-successor atoms into nRQL.

Suppose we want to know for which individuals we have explicitly modeled children
in the A-box. For this purpose, the query ans(z) < has_know_successor(has child, x)
can be used, but also the query ans(x) <« has_child(x,y). However, now
suppose we want to retrieve the A-box individuals which do not have a child. The
query ans(z) <« \(has_child(z,y)) cannot be used, since first the complement of
has_child(x,y) is computed, and then the projection to x is carried out. Thus,
ans(x) « \(has_known_successor(xz, has_child)) must be used. Please note that this
query is not equivalent to ans(x) < \(Jhas_child. T (x)). To see why, suppose we want
to query for mothers not having any explicitly modeled children in the A-box. Ob-
viously, these mothers cannot be retrieved with ans(x) <« \(Jhas_child. T (x)), since
motherhood implies having a child. But this child need not be explicitly modeled in the
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A-box. Thus, the query ans(z) < mother(z)A\(has _known _successor(x, has_child))
must be used. The syntax ans(x) < mother(x) A has_child(x,NIL), which we bor-
rowed from the query language of the LOOM system, is also understood by Racer.

We already mentioned that individuals appearing within negated query atoms
turn into variables. Suppose ans(eve) < mother(eve) returns (). Thus, the query
ans(eve) < \(mother(eve)) will return the complement set w.r.t. all mentioned A-box
individuals, e.g. {(eve)(doris)(charles)(betty)(alice)}. But sometimes, this behavior
is unwanted: in this case we can add the additional conjunct bind_individual(eve).
We then get {(eve)} for ans(eve) «— bind_individual(eve) A \(mother(eve)).

3 An Example from Software Engineering

In [9], we plead for state-of-the-art DL tools having an extensive query language to
be able to maintain consistency between object-oriented design models.

The de facto modeling language for the analysis and design of object-oriented soft-
ware applications is UML [7]. The visual representation of this language consists of
several diagram types. Those diagrams represent different views on the system under
study. We deliberately confine ourselves to three kinds of UML diagrams: class dia-
grams representing the static structure of the software application, sequence diagrams
representing the behavior of the software application in terms of the collaboration
between different objects, and state diagrams modeling the behavior of one single
object.

State-of-the-art CASE tools have little support for maintaining the consistency be-
tween those different diagrams within the same version of a model or between different
versions of a model.

Based on a detailed analysis of all the UML concepts appearing in class, sequence
and state diagrams, several consistency conflicts are identified and classified. For an
overview of this classification, we refer to [8].

In our approach the relevant subset of the UML metamodel, defining class, state
and sequence diagrams, is translated into T-box axioms. As such the different user-
defined UML diagrams are translated into A-box assertions. Based on two illustrative
consistency conflicts, we argued in [9] that checking for inconsistencies demands an
extensive query language. This would allow us to specify UML models and consistency
rules in a straightforward and generic way.

The classless instance conflict, described in [9] is repeated here and the infinite
containment conflict is introduced.

3.1 Classless instances

The first conflict appears if there are instances in a sequence diagram which do not
have any associated class. An example of this conflict is shown in Figure 1, where
the object anATM is an instance of ATM in the sequence diagram on the right side
of Figure 1 but this class does not appear in the class diagram on the left side of the
same figure.

Classes in a class diagram are represented by the concept class in our T-box and an
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Session Transaction anATM : ATM | aSession : Session

11 . | checkifCashAvailable

ejectCard

dispenseCard

Figure 1: Classless instances conflict

instance by the concept object. instance_of specifies that an object is an instance of
a certain class. has_classmodel is a role that contains the associated class diagram of
a class. The query language of Racer can now be used to find all the classes that have
no related class diagram:

ans(x)
— class(x) A object(y) A instance_of (y,z) A

\ (has_known_successor(x, has_classmodel))

This yields the correct result, i.e. the individual ATM bound to the variable x:
{(ATM)}

3.2 Infinite containment

This conflict arises when the composition and inheritance relationships between classes
in class diagrams form a cycle and combined with a composition relation, define a class
whose instances will, directly or indirectly, be forced to contain at least one instance
of the same class, causing an infinite chain of instances.

An example of this conflict is shown in Figure 2, where the class ASCIIPrintingATM
is transitively a subclass of ATM and there exists a composition relation controls be-
tween those two classes. This composition indicates that every instance of ATM con-
trols at least one instance of ASCIIPrintingATM. However, an instance of
ASCIIPrintingATM is also an instance of ATM and as such must again control a
different instance of ASCIIPrintingATM due to the antisymmetric property of a com-
position relation. (The composition relation is indicated by a black diamond.)

The direct subclass relationship is represented by the direct _subclass role which is a
sub role of a transitive subclass role. A class involved in an association, is linked to this
association by the role has_association through an association end. An association end
has an aggregation kind which can be empty or an aggregation or a composite. This
knowledge is represented by the role has_aggregation and by the concepts aggregation
and composition. An association has two or more association ends, the role ends links
the association to its ends. Each association end has a multiplicity, this is expressed by
the has_multiplicity role. A multiplicity has a range (has_range) and this range has a
lower and upper bound. These bounds are represented by concrete domain attributes
lower and upper which have type integer.

The following query, expressed in nRQL, returns classes which are related by
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controls

-atmend T = -asciiend
| ATM (] PrintingATM  K————{ ASCIIPrintingAT™

Figure 2: Infinite containment conflict

inheritance and by a composition relation introducing an infinite containment conflict:

ans(x,y)
— subclass(x,y) A has_association(y,endl) A
has_aggregation(endl, aggreg) A composition(aggreg) A
ends(assoc,endl) A ends(assoc,end2) A has_association(x,end2) A
has_multiplicity (end2, m2) A has_range(m2,72) A (I(lower).>1)(r2)

The result of this query asked to the A-box containing the example of Figure 2 is the
answerset {(ASCIIPRINTINGATM ,ATM)}.

With the current nRQL implementation, the answer sets of the queries are correct
and delivered within reasonable time limits. Remark however, that this is not a mass
data application, which makes this query facility suitable for our purposes.

4 Related Work, Discussion & Conclusion

For querying OWL semantic web repositories, the query language OWL-QL [2] has
been proposed, which is the successor of the DAML+OIL query language DQL. Since
OWL is basically a very expressive description logic, the proposed query language is
relevant in our context as well.

An OWL-QL query is basically a full OWL KB together with a specification which
of the referenced URIs in the query “body” (called query pattern in OWL terminol-
ogy) are to be interpreted as variables. Variables come in three forms: must-bind,
may-bind, and do-not bind variables. OWL-QL uses the standard notion of logical en-
tailment: query answers can be seen as logically entailed sentences of the queried KB.
Unlike in nRQL, variables cannot only be bound to constants resp. explicitly modeled
A-box individuals, but also to complex OWL terms which are meant to denote the log-
ically implied domain individual(s) from AZ. Thus, if variables in the query patterns
are substituted with answer bindings, the resulting sentences are logically entailed by
the queried KB. For must-bind variables, bindings have to be provided. May-bind
variables may provide bindings or not, and do-not-bind variables are purely existen-
tially quantified (“existential blanks in the query”). Moreover, OWL-QL queries are
full OWL KBs, and this implies that not only extensional queries like in nRQL must
be answered, but also “structural queries” are possible, such as “retrieve the subsum-
ing concept names of the concept name father”. Similar functions are also offered by
Racer’s API, but are not available in nRQL.

However, nRQL is not really a subset of OWL-QL. In OWL-QL, neither negation
as failure nor disjunctive A-boxes can be expressed. Moreover, binary constraint query
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atoms of nRQL as well as negated has-known-successor query atoms “are missing” in
OWL-QL. The latter ones have in fact been requested by the first users of the nRQL
implementation. This clearly indicates that a limited kind of autoepistemic or closed-
world query facilities should be present in a DL query language. Negation as failure
atoms are useful to measure the completeness of the current modeling in an A-box,
and this is demanded by users. Thus, it might be more convincing to use a different
semantics for “logical implication of queries” in the first place. Such a notion has
been given in terms of the so-called K-operator [1], which has been used for the query
language ALCK. Roughly speaking, one could state that already concept_instances
uses the K-operator in front of the concept whose instances are to be retrieved. A
more detailed analysis of these relationships is left for future work.

Horrocks and Tessaris [5] also consider conjunctive queries for DL systems. They
use two kinds of variables. Must-bind variables are called distinguished variables;
they are bound to explicitly mentioned A-box individuals, like in nRQL. Similarly
to the don’t-bind variables in OWL-QL, the non-distinguished variables are treated
as “existential blanks”. Only bindings of distinguished variables are listed in the
answerset of a query. Considering DLs of less expressivity than OWL, they observe
that the non-distinguished variables of a query can in fact be removed by using a
rolling-up technique without affecting logical entailment. For example, the query
ans(x) «— R(z,y) A C(y) (were only z is distinguished) would be rolled-up into the
query ans(x) « 3R.C(x). They also observe that for a DL which has the tree-model
property and which does not offer inverse roles, a variable participating in a join must
in fact be a distinguished variable; e.g. the variable y in ans(z) «— R(z,y) A R(z,y).

In nRQL, the variables are always distinguished. The query ans(x,y) «— R(z,y) A
C(y) yields 0 over the A-box {3R.C'(k)}. However, ans(z) < (IR.C)(z) could be
used instead. Obviously, a rolling-up procedure could be implemented as an addi-
tional front-end processor for nRQL as well. However, another side-effect caused
by the distinction of two kinds of variables is that the generation of answer tu-
ples can no longer be understood as a simple projection. For example, the query
ans(x) «— R(xz,y) ANC(y) returns {(k)} if = is distinguished and y is non-distinguished,
but its result is, un-intuitively, not the projection of ans(z,y) «— R(z,y) A C(y) to
x, since this yields () (note that z,y must be both distinguished, since they appear
in ans). Even ans(z) < C(z) returns () (like concept_instances(C')), and this holds
for the query language in [5] as well. For OWL-QL, however, a possible binding for
x might be the concept C MIR~L.{k}. It should be noted that the nRQL query pro-
cessing engine as well as the whole pragmatic approach for querying DL A-boxes is
not dependent on any specific DL system. The same query processing engine would
in fact also run with any other DL system offering A-boxes, probably without binary
constraint query atoms in case the DL system does not provide concrete domains.
The nRQL engine is implemented using the documented APT of Racer only, and it is
therefore a true “add on” whose implementation does not require any reference to the
internal data structures or reasoning algorithms of Racer.

Since the beginning of the Racer endeavor, users were asking for more expressive
querying facilities. The presented nRQL is a first step towards satisfying these needs.
We substantiated this thesis by presenting an application from the realm of model-
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based software engineering, for which it is crucial that expressive query languages are
available. The new query language is an integral part since Racer-1-7-16.
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Abstract

We present algorithms based on truth-prefixed tableaux to solve both Concept Ab-
duction and Contraction il LN DL. We also analyze the computational complexity of
the problems, showing that the upper bound of our approach meets the complexity lower
bound. The work is motivated by the need to offer a uniform approach to reasoning
services useful in semantic-based matchmaking scenarios.

1 Motivation

In recent papers [16, 15], Description Logics (DLs) have been proposed to model knowledge
domains in Semantic Web scenarios. A challenging issue in such scenarios is the matchmak-
ing problem which is finding an offered resource described by a formalism with an unam-
biguous semantics [21, 8, 17]. Using DLs to describe resources, it is possible to infer which
of them satisfies the request either completety, (subsumes the request) or potentiailg.(

the conjunction of the requested resource and the offered one is satisfiable) or piaetjally(

the conjunction of the requested resource and the offered one is not satisfiable).

In[9, 7] Concept Abduction and Concept Contraction have been proposed as non-standard
inference services in DL, to capture in a logical way the reasons why a resgust@uld be
preferred to another resourSe for a given requesb, and vice versa. Although efficient rea-
soning methods based on tableaux have been successfully implemented for standard inference
services in DL —satisfiability, subsumption, instance check, etc. [1, Ch.8-9] — non-standard
reasoning services have been usually solved by different methods, such as automata[1, Ch.6],
making a complete system built on heterogeneous technologies. Such an approach leads to
incomparable optimization techniques and partial duplication of servicesgs—a module
computingleast common subsumeomputes also subsumption. This motivates our research
in tableaux-based methods for Concept Abduction and Concept Contraction.

Related work on abduction using tableaux is in [6], where tableaux are used for the multi-
modal logicK, corresponding to the DIALC. However, in that work the purpose was not
to find efficient methods, and contraction was not considered. Here we devise more efficient
methods, for &4 LN logic, which would correspond to a syntactically-restricted modal logic
with graded modalities.
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2 Abduction and Contraction in ALN

We start with a few definitions of the problem and then move on to discuss its computational
complexity. We assume the reader is familiar with DLs, and refer to [1] for a thourough
introduction to ALN, TBoxes, satisfiability, subsumption (denotedzgsand subsumption
w.r.t. a TBox7 (denoed a& 7).

Here we deal only with a simple form of axioms in the TBox, where in the left hand
side of inclusions only concept names can appear and with each concept name as at most one
left-hand side of an axiom. Moreover, we admit oalyyclic TBoxes, in the following sense.

Definition 1 (Dependency Graph of a TBox)Let 7 be a TBox. The dependency graph of

7T is a graphGr = (N, V) whose nodes are concept names, and whose arcs are defined as
follows: if A C C' € T, and concept namB appears irC, then there is an arc from node

to nodeB.

A TBox 7 is said to beacyclicif G contains no cycles. Even for this simple form of acyclic
TBox, it is known that subsumption is coNP-hard [18] and also satisfiability is coNP-hard
[5, 4]. However, all hardness reductions rely on “deep” TBoxes — TBoxes in which the
length of the longest path @7 is allowed to grow as large &3(|7|). ForALN TBoxes that,

in Nebel's words [18], are “bushy but not deep”, satisfiability and subsumption can be solved
in polynomial time [3].

Definition 2 (Bushy TBox) A sequence of acyclic TBox€sg,. .., 7,,... are bushyif the
size of the longest path i6i7; is bounded by)(log |7;|).

In the rest of the paper, we limit our attention to bushy TBoxed V.

2.1 Concept Abduction inALN

We follow the notation in [9, 7], excluding the choice of the DL which in our case is always
ALN.

Definition 3 Let C, D, be two concepts iMdLN, and7 be a set of axioms indLN,
where bothC' and D are satisfiable i7”. A Concept Abduction Probleg¢CAP), denoted as
(C,D,T),isfinding a conceptl € ALN suchthaZ |- CMH = 1,and7 = CMNH C D.

We useP as a symbol for a CAP, and we denote w9 LC' AP(P) the set of all solutions
to a CAPP. ForSOLC AP(P) the three following minimality criteria have been proposed.

Definition 4 LetP =(C, D, T) be a CAP. The s« OLC AP_(P) is the subset c§OLC AP(P)
whose concepts are maximal under. The setSOLC AP<(P) is the subset oafOLC AP(P)
whose concepts have minimum length. Theset.C' AP (P) is the subset of§OLC AP(P)
whose concepts are minimal conjunctiois, if C' € SOLC APr(P) then no sub-conjunction
of C'isin SOLC AP(P). We call such solutionsreducible abductions

The three forms of minimality are related by: bW LC AP-(P) andSOLC AP<(P) are
included inSOLC APA(P) [9, Prop.2].
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2.2 Concept Contraction in ALN

As defined by @rdenfors’ [12], who formalized the revision of a knowledge biseith a
new piece of knowledgd, is made up ofi) a contractionoperation, which results in a new
knowledge basf&’, such thatC, [~ —A, (ii) the conjunction ofd to IC,.

Definition 5 Let C, D, be two concepts i£LN, and7 be a set of axioms il LN, where
both C and D are satisfiable ir7. A Concept Contraction ProblertCCP), denoted as
(C,D,T), is finding a pair of concept&7, K) (both in ACLN) suchthatl =C =GN K,
and K M D is satisfiable ir/. We call K a contractionof C' according taD and7 .

Also for Concept Contraction, one is interested in a minimal contraction, according to some
form of minimality.

Definition 6 Let Q =(C, D, 7T) be a CCP. The s¢OLCC P-(Q) is the subset of solutions
(G,K) in SOLCCP(Q) such thatG is maximal undefC7. The setSOLCCP<(Q) is
the subset o6OLCCP(Q) such thatG has minimum length. The s&tfOLCCP+(Q) is
the subset oSOLCCP(Q) whose concepts are minimal conjunctions,, if (G, K) €
SOLCC Pr(Q) then no sub-conjunctio@’ of G is such thatG’, K') € SOLCCP(Q) for
any K’. We call such solutionsreducible contractions

We now analyze the complexity of computing a minimum-length concept abductidg.id.
Proposition 3 in [9] yields a trivial polynomial-time lower bound for Concept Abduction in
ALN with a bushy TBox. Using a simple reduction, we show a tighter lower bound, using
an elementary form of Tbox: the problem is NP-hard. It is sufficient to have a constant-depth
concept hierarchy —ke,, a set of inclusions between concept names where the longest path
in G7 has length 1 — to model the set-covering model for abduction [19].

Definition 7 (Set Covering) LetU = {ay,...,a,,} be a set, lety, ..., s, be a collection
of subsets ot/ such thaty;s; = U and letk < n be an integer. Th&et coveringroblem is
deciding whether there exists a subcollection of subsets. . , s;, whose union cover§’.

Theorem 1 Minimal-length Concept Abduction il LN is NP-hard, even wheh is a bushy
concept hierarchy.

Given an instance of Set Covering, we construct a CAR(C, D,7) as follows. Let

Ayq,..., Ay, By,..., B, be2n concept names, where eadhandB; is one-one withu;, and
let S1, ..., Sm, be also concept names, one-one with subsets dfet the ThoxZ be defined
asfollows:{S; C A;,S; C Bjla; € s;}. Now we prove tha; , ..., s;, isaminimal set cov-

ering iff S;, M- - -MS;, € SOLCAP<(P),whereC = T andD = A1 - -MA,NB .. .MB,,.
First of all, we prove a property of this construction.

Property 1 Every minimal-length abductiof/ of P contains neither; nor B;, for every
1=1,...,n.

Proof. Let H € SOLCAP(P) and supposels — say — is a conjunct off. If there is a
conceptS in H, such thatS T A3 € 7, then H without A3 is a shorter abduction. Oth-
erwise, sinc€ M H = H C D, alsoBs must be a conjunct off. In this case, lefS be a

160



concept such thaf C A3, S C Bs € 7. Then the concept without A3, Bs and withS is a
solution one conjunct shorter. The same line of reasoning could be repeated if a cBrisept
a conjunct ofH. Therefore, every minimal-length abduction contains neithenor B;, for
everyi =1,...,n. O

(If) Supposes;, , .. ., s;, is aset covering. Thed] = S;, M---MS;, issuchthaCmH is
satisfiable (in fact, every conjunction is satisfiable in this CAP),@nd# C D. Moreover, if
H is not a minimal-length abduction, then Igt € SOLC AP<(P). For the above property,
H' does not contaim’s and B’s. Then it is straightforward to define a shorter set covering
from H’,contradicting the fact that,, ..., s; was a minimal set covering. (Only-if) On the
other hand, supposE € SOLCAP<(P). ThenH does not contaitl’s and B’s, so it can
be written asS;, M- --11.5;, , which identifies a collection of subsefg; = s;,, ..., s;,. Since
H T D, alsoSy coversU; moreover, if Sy was not minimal, it would define a shorter
solution forP, contradicting the hypothesis. O

We observe that a (more realistic) CAP allows one to put weights and probabilities at-
tached to concepts in order to measure the importance that a user gives to a specified charac-
teristic. Obviously, also this weighted version of CAP is NP-hard.

3 Calculus and Algorithms

In the following we assume the reader be familiar with tableaug,([14]). In this section

two algorithms working on tableaux fod LA concepts are presented. They both use the
same set of rules: the first oneofitrac) computes a solutiofz, K') for a CCP, the second
one @bducé solves a CAP computingy.

Tableaux for DLs use a labeling functighto map an individuak to a set of concepts(z)

such that for every conceft, C' € L(z) stands for the formul&'(x), and similarly for roles

R € L(z,y). Here we distinguish between formulas labeled “true” and formulas labeled
“false” in the tableaux[20], hence we use two labeling functibfisandF(), both going from
individuals to sets of concepts, and from pairs of individuals to sets of roles. A (usual) tableau
branch is now represented by two functidr($ and-(). Moreover, we write in the name of an
individual z its history,i.e., the string identifyinge is made up of integers and role symbols,
such ast = 1R3Q7, which means that individual is used for concepts in a quantification
involving role R, and inside, a quantification involving rot@. Integers in between roles
make sure that such strings are unigue, there can be two individuals with the same role
sequence, but not with the same integer sequence[11].

Given an individualz in a tableau, an interpretatiqal?, -%) satisfies two tableau labels
T(z) andF(z) if, for every conceptC € T(z) and every concepb € F(x), itis 27 € C*
andz? ¢ D? respectively. Similarly(AZ, -7) satisfies two tableau lab€lgz, y) andF(z, y)
if for every role R € T(x,y) and for every roleQ € F(z,y) it holds (z%,y*) € R? and
(z%,y%) ¢ QF. We note that fordACN DL, every roleQ appearing in a labé#(x, ) is of the
form =R, henceQ € F(z,y) means, in fact(z?,4?) € R’ too. An interpretation satisfies
a tableau branch if it satisfi@§x), F(x), T(z,y) andF(z, y) for every individualx, and for
every pair of individuals:, y in the branch.

We assume that concepts are always simplified in Negation Normal Form (NNF, see [1,
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ch.2]), so that negations come only in front of concept names. Observe th@tdard LN,

C may not belong te4£N since it is not closed under negation. In what follows, given a
conceptC, we denote withC' the NNF of ~C. Rules come in pairs, first the (usual) version
with a construct in th& -constraints, then the dual construct in theonstraints. However,
groups 2 and 3 have onBrconstraints because the correspondent formulae do not appear in
our tableaux fotALN.

1. conjunctions:

TM) if CND e T(x), then add botk andD to T (z).
Fu) if CU D € F(z), then add botl€ andD to F(x).

2. disjunctions (branching rules):
Fr) if C N D e F(z), then add eithe€ or D to F(x).
3. existential quantifications:

FY) if VR.C € F(xz), then pick up a new individua} = x o R o m (wherem is an
integer such thag is unique), add-R to F(z, y), and letF(y) := {C'}.

4. universal quantifications:
TV) if VR.C € T(z) and there exists an individualsuch that eitheR € T(z,y), or
—R € F(z,y), then add” to T(y).
F3) if 3R.C € F(z), and there exists an individuglsuch that eitheR € T(x,y), or
-R € F(z,y), then add” to F(y).
5. at-least number restrictions:

T>) if >nR € T(x), withn > 0, and for every individual neitherR € T(x,y)
nor—R € F(z,y), then pick up a new individual = x o R o m (wherem is an
integer such thaj is unique), add? to T(x, y), and letT (y) := 0.

FL) if <nR € F(x) and for every individualy neitherR € T(x,y) nor =R €
F(z,y), then pick up a new individual = x o R o m (wherem is an integer such
thaty is unique), adé-R to F(z, y), and letF(y) := 0.

6. at-most number restrictions:

TS) if <1R € T(x), and there ar€ individualsy;, y» such that fori € 1,2 it is
eltherR € T(z,y;) or =R € F(z,y;), then letT(y1) := T(y1) U T(y2), let

F(y1) := F(y1) U F(y2), and eliminatey, in the branch.

F>) if >2R € F(z) and there are individualsy;, y2 such that fori € 1,2 it is
eitherR € T(z,y;) or =R € F(z,y;), then letT(y;) := T(y1) U T(yg), let
F(y1) := F(y1) U F(y2), and eliminatey, in the branch.

7. axioms in7:
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FO) if « is an individual such that eithet € T(x) or -A € F(z) in the branch, and
ALC CeT,thenaddd nC toF(z).

F=1) if z is an individual such that eithet € T(x) or —A € F(z) in the branch, and
A=CeT,thenadddnC.

F=») if z is an individual such that eitherA € T(z) or A € F(z) in the branch, and
A=Ce7,thenaddC Nn-AtoF(z).

When more than one rule can be applied, we always lpuwestprecedence to RuleB>)
and F<), while other rules can be applied in any order. In group 7 (axioms)ira lazy
unfoldingof the TBox is taken into account [2, 13]. Following this strategy, axioms #re
dealt in a deterministic manner avoiding the exponential increase in the search space due to
the non-deterministic choices in a pure-tableau approach.

We now split the definition of clash (an explicit inconsistency) between clashes involving
the same truth prefix (homogeneous clashes) and those involving both prefixes (heterogeneous
clashes).

Definition 8 (Clash) A branch contains diomogeneous clashit contains one of the follow-
ing:

1. eitherL € T(z) or T € F(x), for some individuak;

2. eitherA,—A € T(z) or A,—A € F(z) for some individualz and some concept name
4

3. either=n R, <mR € T(z)withm <n,or<nR,>mR € F(x)withm—1 < n+1,
for some individualr, and some role nama.

A branch contains &eterogeneous claghit contains one of the following:
1. T(z) NF(x) contains eitherd or —A for some individuak: and some concept namg

2. either>nR € T(x) and>mR € F(z) withm —1 < n, or <nR € T(x) and
<m R € F(x) withn < m + 1, for some individuak, and some role?

A branch iscompleteaf no new rule application is possible to labels in the branch. A complete
branch isopenif it contains no clash, otherwise it dosed A complete tableau is open if it
contains at least one open branch, otherwise itis closed. We call a branch with a homogeneous
clashas good as completeSoundness and completeness of the calculus follow from the
version without prefixes [10].

Theorem 2 Let C, D be two concepts itdLA/, and7 an acyclic TBox inALN. Then
C C Din T iff the tableau starting from' € T(z), D € F(x) is closed.

Moreover, with prefixed tableaux we can distinguish between “real’subsumption, and sub-
sumption stemming from inner contradiction in concepts.

Theorem 3 Let C, D be two concepts itdALAN, and7 an acyclic TBox inALN. If every
branch of the tableau starting frofhe T(1), D € F(1) contains a homogeneous clash, then
eitherC=1lorD=Tin7.
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We now present the two algorithms for Concept Contraction and Concept Abduction, that
need some preliminary definitions.

Both algorithms use a functiomles(x), that given an individuat (as a sequence of inte-
gers and roles) returns the sequence of rolegwithout integers). For examplegles(1R3Q7) =
RQ. We letroles(k) = ¢, i.e, whenz is just one integeryoles(z) returns the empty se-
quence. For a given concept and a sequence of roleswe definevo.C asvR,.(- - -(VR,,.C) - - -)
if o = Ry --- Ry, andVo.C = C'in the special case in which= ¢.

Moreover, we assume that atomic concepts (names and number restrictions) can be given
a unique index, as ! MVR.((<1Q)% 1 A3). Hence the substitution of arccurenceof
a concept can be defined: we B{C' — T| denote the substitution of an occurrence of an
indexed atomic concepf’ with the concepfT, inside a concepD. For example, ifD is
the concept above, theR[A! — T] = T NVR.((L1Q)% 1 A3), while D[A3 — T] =
A'MVR.((£1Q)?> N T). Multiple substitutions are denoted by a set of concepig, if
G = {A,B} thenD[C — T]ceg means(D[A — T|)[B — T]. Observe that since we
substitute only atomic concepts, the order of substitutions is ininfluent. For both algorithms,
we assume that concepts are indexed, so that substitutions are unambiguous.

Algorithm contract
input: ALN concept<”, D, acyclic TBox7
output: conceptsK (keep),G (giveup)
begin
compute a complete tableaifor 7, D € T(x),C € F(x)
if 7 is openthen
/* no contraction needed */
return G :=T,K :=D
else ifevery branch in- contains a homogeneous clabien
[* either C or D is unsatisfiable iry” */
return fail
else
choose(*) a brancl¥ containing only heterogeneous clashes;
let G := {(C;, ;)|C; € T(x;),C; € F(z;) is a clash in3}
let G := Mg, 2,)egVroles(z;).C;
let K .= D[Cz — T](Ci,meg
return G, K
end

Observe that the algorithigontractcontains a choice in step (*). This choice is heeded
to select the contraction according to some minimality criterion. Only branches without ho-
mogeneous clashes need to be completely expanded, even after the first clash has been found.
Observe also that substituting an occurrence of a conCepith T corresponds, iALN,
to eliminating the occurrence. We preferred this notation instead of eliminating occurrences,
since it appears more concise.

Theorem 4 The conceptss, K returned by the Algorithnzontract are a Contraction ob
w.r.t. C and7.
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Proof. First, note that M C' is satisfiable by definition of; in fact, the tableau foK M C

is the same as the tableau fOrr1 C, but it has now at least one open brarithn which all
clashes have been removed. SeconBly= G M K by construction. O

Note that Algorithmcontract proves that Concept Contraction N with bushy TBoxes

is solvable in polynomial time.

We now present the algorithm for Concept Abduction, which also uses the tableaux rules
previously defined.

Algorithm abduce
input: ALN concept<”, D, acyclic TBox7T
output: concept H (hypotheses)
begin
compute a complete tableadfor 7, C € T(x), D € F(x)
if 7 is closedthen
/* no abduction needed */
return H :=T
else
choose(*) a set of pair& := {(C;, z;) } and
let H := Mc, 2,yenVroles(z;).C;
such that (1) every open branchrrcontains at least
one constrain€; € F(x;) from H
(2) C'1 H is satisfiable ir”
return H
end

Theorem 5 The conceptH returned by the Algorithmubduce is a solution of the CAP
(C,D,T).

Proof. Let T be the tableau built bgbduce The tableau starting fro@ M H € T(1),D €

F(1) is 7, plus the constraints signddfrom H. Hence, itis closed. Henc&, = CMH C D.
Regarding the conditio& M H satisfiable in7, it is enforced by Condition (2) in the choice

of H. O
Condition (2) is necessary imbduce, since heterogeneous clashes could be formed also by
contradicting an axiom ir¥. In that case, although it still holdS M 4 C D in 7, the
subsumption trivially holds sinc€ M H = 1. We conclude the section by showing that our
Algorithm abduce puts an upper bound to Concept Abduction that meets the lower bound
proved in the previous section.

Theorem 6 Let P = (C, D, 7) a Concept Abduction Problem, whete D are concepts
in ACN, T is a bushy TBox inALA and k is an integer. Deciding whether there exists a
solution of lengthk in SOLC AP<(P) is NP-complete.

Proof. Hardness was shown in Thm. 1. Membership in NP is proved by the correctness of
Algorithm abduce, since it is sufficient to run the algorithm, and guessing in the nondeter-
ministic step (*) a set that defines a concept of lengthk. O
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4 Conclusion

We have shown how Concept Abduction and Concept Contraction fadDI\ can be per-
formed using prefixed-tableaux. For such DL, we proved optimality of the methods by show-
ing that they meet lower bounds obtained by a complexity analysis. Although devised for a
simple DL, we believe that the proposed approach could be easily extended to more expressive
DLs.
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Tableau Systems for SHZO and SHZQ

Jan Hladik} Jorg Model
Chair for Automata Theory, TU Dresden
{hladik,model}@tcs.inf.tu-dresden.de

1 Introduction

Two prominent families of algorithms for the satisfiability test of DLs are automata-
based algorithms (see e.g. [6]), which translate a concept C' into an automaton Ac
accepting all (abstractions of) models for C, and tableau algorithms (TAs) [2], which
incrementally create a tree-shaped (pre-) model for C' using a set of completion rules.
In short, the advantages of automata algorithms are on the theoretical side, because in
many cases the proofs are very elegant and provide tight complexity bounds (in partic-
ular for ExpTIME-complete logics), whereas the advantages of tableau algorithms are
on the practical side, since they are well suited for implementation and optimisation.

Thus, an approach combining both advantages is highly desirable. In [1], we in-
troduced tableau systems (TSs), a framework for tableau algorithms. From a TS for
a DL L, we can derive an automata algorithm deciding satisfiability of £ inputs in
exponential time, and a tableau algorithm for £, including an appropriate blocking
condition which ensures termination. As an application of this framework, we present
in this paper tableau systems for two expressive DLs, the new DL SHZO and the well-
known SHZQ [5]. Our main results are the following: firstly, we obtain that SHZO
satisfiability is EXpTIME-complete and can be decided by a tableau algorithm. Sec-
ondly, we will see that although these two logics share most of their constructs, they
lead to quite different T'Ss, which demonstrates how the capabilities of our framework
can be used to capture different language properties. Thirdly, the succinctness of the
proofs demonstrates how our framework simplifies the design of TAs.

2 The Tableau Framework for EXPTIME Logics

Although the term “DL tableau algorithm” is not formally defined, the following fea-
tures can be considered as the common ground for existing algorithms: a TA operates
on a completion tree which represents a model for the input (e.g. a concept term, pos-
sibly together with an RBox or TBox) under consideration. To generate this model,
the TA starts with an initial tree, which is subsequently modified according to a set
of completion rules, which may or may not be applicable to a certain node. These
rules essentially describe subtrees of the completion tree before and after rule appli-
cation, i.e. pre- and post-conditions. In many cases, they only operate on a node and
its direct neighbours, but sometimes they also consider nodes which are arbitrarily

*The first author of this paper is supported by the DFG, Project No. GR 1324/3-4.
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far apart (e.g. for nominals as in [4]) or global information which is relevant for all
nodes (e.g. for concept or role inclusion axioms). In general, it is possible that several
rules are applicable to a node at the same time, but the sequence of rule applica-
tions is don’t-care-nondeterministic, i.e. every sequence will lead to the same result.
In contrast, some rules, e.g. for disjunction, are don’t-know-nondeterministic, i.e. it is
possible that one disjunct may lead to a model, while another one may not.

An inconsistency in the generated completion tree is detected through clash trig-
gers, subtrees containing an obvious contradiction, which means that a completion
tree containing a clash trigger cannot be transformed into a model. Thus, a model is
represented by a completion tree which is saturated®, i.e. to which no rule is applicable,
and clash-free, i.e. not containing a clash trigger.

In our framework, we formalise a completion tree as an S-tree ((V,E,n,?l),u),
where (V, E) is a bounded width tree, n and ¢ are node and edge labelling functions,
and p is a global memory which is used to store information relevant for all nodes.
Rules are are represented by S-Patterns, which are essentially S-trees of bounded
depth. For every S-pattern P, we describe the possible modifications by all rules as
follows: P is mapped to a set of sets of patterns {S1,So, ..., Sy}, where the choice of
the set S; represents the don’t-care choice of the rule that is applied, and the choice
of the pattern within the set S; represents the don’t-know choice of the alternative (a
deterministic rule corresponds to a singleton set S;). In particular, if P is saturated,
then it is mapped to the empty set. As an example, consider a pattern P in which
the node n is labelled with {C' 1 D, E'LU F'}. Here, one can define the rules as follows:
P— {{P1},{P2, P3s}}, and in P;, C and D are added to the label of n, whereas FE is
added in P, and F' in Ps.

S-patterns are also used to describe clash triggers: within our framework, a clash
trigger is simply a pattern which contains a contradiction (in the context of the logic
under consideration). Note that S-patterns also contain a y component, thus rules and
clash triggers can read the global memory, and rules can also modify it.

Since our intention was to define one tableau system for one logic rather than a
particular one for every possible input, we have to include patterns for all possible node
labels in these rules and clash triggers. For a particular input I', these sets are mapped
to the appropriate subsets, which is necessary to ensure decidability in EXPTIME.

Formally, a tableau system S is a tuple (NLE, GME, EL,-*, k, R,C), where NLE is
the set of all possible node label elements, GME is the set of global memory elements,
EL is the set of edge labels, k is the maximum pattern depth, i.e. the number of edges
on a longest path, and R and C are the sets of rules and clash triggers as defined
above. The function -° maps an input I" to the tuple I'> = (nle, gme, el, ini), where nle,
gme and el are finite subsets of the corresponding sets in S, and ini C p(nle) x p(gme)
describes the possible initial states for I' (p denotes power set).

In order to obtain the results of our framework (EXPTIME automata algorithm
and a terminating TA) from a tableau system S, it has to satisfy three conditions:
ExXpPTIME-admissibility, soundness and p-completeness, which will be explained in the
following paragraphs. Since the formal definitions require a rather complex notation,
we will only explain the intuition behind these conditions here and refer the reader
to [1] for the details of the definitions.

1Usually, this property is called “completeness”; we use the word “saturated” to avoid confusion
with the notion of completeness of the decision procedure.

169



ExpTiME-admissibility. In order to be admissible, tableau systems have to satisfy
four conditions:

1. Rules may never remove anything from a pattern, and they must add information
(nodes, labels or global memory elements).

2. If P, = (Vi, Es,ns,ls) is a saturated pattern and P = (V, E,n,{) is a non-
saturated sub-pattern of P (i.e. V' C V; and, for all v € V, n(v) C ns(v)),
then every applicable rule can be applied to P in such a way that the resulting
pattern P’ is a sub-pattern of P;.

3. Rules may only add elements (to nodes, edges or the global memory) which
appear in the subset nle, el or gme for the corresponding input I'.

4. If P is a clash-trigger, then all super-patterns of P are also clash-triggers.

Conditions 1 and 2 are required to prove termination. However, not all existing TAs
satisfy these conditions, e.g. sometimes there are rules which merge two nodes, e.g. the
<-rule for SHZQ in [5], or create more nodes than necessary for a saturated pattern,
e.g. the usual definition of the 3-rule. However, for the logics we considered it was
possible to reformulate these rules in an admissible way. For example, we can define
the rules for 3- and >-formulas non-deterministically (see below).

For ExpTIME-admissibility, we require in addition to admissibility that the sets
nleg, elg, gmeg and inig and the size of their elements are polynomial in the size of I'
and can be computed in time exponential in the size of I', and that it can be decided
in exponential time whether a rule or a clash trigger is applicable to a pattern.

Soundness and p-completeness. For a tableau system .S, it must be shown that
if there exists a clash-free and saturated completion tree, then there exists a model
(soundness), and conversely, that there exists a polynomial p such that for every
satisfiable input I', there exists a clash-free and saturated completion-tree whose out-
degree is bounded by p(|T'|) (p-completeness). Here, we distinguish between an S-tree
compatible with T, a tree which is labelled in accordance with I'®, from an S-tree
for T', a tree which can be constructed from an initial tree by rule application. If
a saturated and complete S-tree compatible with I' exists, then the existence of a
saturated and complete S-tree for I' follows from the framework (essentially from the
admissibility condition). Thus in the proofs, we will only show the existence of an
S-tree ((V, E,n,f), u) compatible with T', which is defined as follows:

< p(gmeg(l')) and n(x) C p(nleg(I")) for each x € V;

U(z,y) € elg(T) for each (z,y) € E;

there exists (A, v) € inig(I") such that v C p and A C n(vg) for the root node vy;
the out-degree of T" is bounded by p(|I'|) for a polynomial p.

3 The Description Logics SHZO and SHZIQV

Both SHZO and SHZQ are extensions of SHZ (called ALCHZ p+ in [3]), which
provides for transitive and inverse roles and role hierarchies. In addition to the SHZ
constructs, SHZO allows for nominals, i.e. concepts which have to be interpreted by
singleton sets. This makes it possible to express that some concept can only have
one instance (e.g. God), or to give names to individuals (e.g. Rome or John) and
use these names in concept definitions (Roman or Friend_of_John). The logic SHZQ
allows for qualifying number restrictions (QNR) as described in [5]. For this paper,
we introduce the syntactic variant SHZ QV, which does not include universal and
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existential quantification and thus requires fewer rules. For both logics, the presence
of transitive roles together with role hierarchies makes it possible to internalise general
concept inclusion axioms [5], thus we do not include them in our syntax.

Definition 1 (SHZO and SHZQV syntax.) Let CON be a set of concept names,
ROL be a set of role names, the set of nominal names NOM C CON, and the set of
transitive role names TRA C ROL. If r is a role name, then both r and r~, the inverse of
r, are roles. To avoid multiple inverse operators as in 7~ —, we use the notation 7, with
the meaning r—, if  is a role name, and s, if r is an inverse role s~. If  and s are roles,
then r C s is a role inclusion aziom. An RBoz is a finite set of role inclusion axioms.
For an RBox B, we define the role hierarchy B* as Bt = BU{FTCs|r C s € B},
and by Ep we denote the reflexive-transitive closure of C on BT. A role r is called
simple w.r.t. an RBox R if there exists no role s € TRA with sEgrorsEgr.

The set of SHZO concepts is inductively defined as follows: every concept name
is a concept; and if C and D are concepts and r is a role, then -C, C 11 D, C U D,
Vr.C', and Jdr.C' are also concepts.

The set of SHZQV concepts is inductively defined as for SHZO, with the re-
striction that the set NOM is empty and the quantifiers 3 and V are not allowed. In
addition, SHZQ" provides the following constructors: if C' is a concept, m is a non-
negative integer and r is a simple role, then (< m r C) and (= m r C) are SHIQV
roles. If 7 is an arbitrary role, then (< 07 C) and (> 1 r C) are also SHZQ" concepts.

The concepts Vr.C' and 3r.C can be expressed in SHZQY by (< 0 r ~C) and
(= 1r (), respectively. Thus, our syntax allows for non-simple roles in QNRs, if they
are equivalent to an V or 3 formula, but not in the general case.

Definition 2 (SHZO and SHZQV semantics.) An interpretation of a concept C
w.r.t. an RBox B is a pair 7 = (AZ,-7), where AZ is a non-empty set of individuals
and T maps every concept name C to a set CT C AT and every role name 7 to a
set 1 C AT x AT, For all O € NOM, it holds that #0O% = 1, where #S denotes the
cardinality of a set S. For all t+ € TRA, it holds that ¥ = (%), where -* denotes
the transitive closure of a relation t. Complex roles and concepts are interpreted as
follows:

) = {(a,y) | (y.2) € 7,

-C)Yf =AT\c*, (cnDY=c*tnD* (CuD)=cCc?uD?,

Ir.C)t = {d € AT | there is an e € AT with (d,e) € r? and e € CT},

vr.C)E = {d € AT | for all e € AT, if (d,e) € %, then e € CT},

<mrCY = {z|#{(z,y) €r’ and y € CT} <m},

(zmrC)Y = {z|#{(z,y) €l and y € CT} > m}.

An interpretation Z is a model for an RBox B if, for all » C s € B, it holds that

r? C sT. A model for C w.r.t. B is a model for B where C? is a nonempty set. If such
a model exists, we say that C' is satisfiable w.r.t. B.

4 The Tableau Systems Sp and Sg

Before defining the tableau systems, we fix some notation. Firstly, in an S-pattern
P =((V,E,n,{),u) with {m,n} CV, we call m an r-neighbour of n if {(n,m) =r or
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¢(m,n) = 7. Secondly, to capture roles which are implicitly declared to be transitive
(e.g. 7 if r € TRA), we use, for an RBox B, the predicate Transp, and define that
for a role r, Transg(r) is true iff there exists a role s such that s € TRA, s’ E gr and
r E g s” for some s',s" € {s,s™}.

For the sake of simplicity, we only deal with concepts in negation normal form
(NNF), i.e. where negation appears only directly before concept names. Every concept
can be transformed into an equivalent one in NNF in linear time using the duality
of A to VvV, dtoV, and > to <. By ~C we denote the NNF of =C. The closure
clos(C, B) of a concept term C' and an RBox B is defined as follows: C' € clos(C, B); if
—D € clos(C, B), then D € clos(C, B); it DI E or DUE € clos(C, B), then {D, E} C
clos(C, B); if 3r.D € clos(C, B), then D € clos(C, B); and if Vr.D € clos(C, B) and
the role s appears in C or B, then {D,Vs.D,V3.D} C clos(C, B).? For QNR, we need
the following addition: if (< m r D) or (= m r D) € clos(C, B), then {D, ~D } C
clos(C, B), and if (< 0 r D) € clos(C, B) and the role s appears in C or B, then
{(£0sD),(£05D)} Cclos(C, B).

We can now define a TS for SHZO, Spo = (NLEp, GMEp, ELp, 1,9, Rp,Co).
Here, we use the global memory for three purposes: for transitive roles, role inclusion
axioms, and for information about concepts appearing in a node label together with

a nominal.
e NLEp is the set of all SHZO concepts,
e GMEo = {(0,C) | O € NOM and C € NLEp} U
{Trans(r) | r is arole} U{r Es | r and s are roles},
e ELp is the set of all SHZO roles, and
e for an input I' = (C, B), where C' is a concept and B is an RBox, the function
50 maps T to a tuple I'¢ = (nler, gmer, elr, inip) with
e nler = clos(C, B),
e elp = {r | r or ¥ appears in C or B},
e gmer = {(O,D) | O € NOMnNclos(C, B) and D € clos(C, B)} U
{Trans(r) | r € elp} U{r Es| {r,s} Celp}, and
e inip = {({C},{Trans(r) | Transp(r) holds} U {r Es | r & g s holds})}.

The set of rules Ry is defined in Figure 1. For each pattern P = (¢, u), where
t = (V,E,n,l) has vy as root and depth at most 1, R(P) contains the described
sets. Most of these rules correspond directly to the “standard” rules known from DL
tableaus, with the exception of R3, which in our framework is non-deterministic. The
reason for this is that with a deterministic rule which simply adds a new son node,
this T'S would violate condition 2 of admissibility (see Section 2). In an implementa-
tion, a deterministic rule would be preferable due to efficiency considerations, since
the creation of duplicate nodes does not compromise completeness of the decision pro-
cedure. Finally, the set Co of clash patterns contains all patterns ((V, E,n,¥), u) of
depth 0 with node vy such that {D,-~D} C n(vg) for some concept D € clos(C, R).
This completes Sp, and we can obtain our first result:

Lemma 3 The TS S is admissible, sound and ¢g-complete for SHZO satisfiability,
where ¢ = (x — z2).

Proof. Since admissibility of the tableau systems is easy to see, we prove only sound-
ness and p-completeness.

2The slightly unusual definition for the V quantifier is motivated by the ¥ -rule (see below), which
in turn is necessary to capture transitive sub-roles of non-transitive roles.
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RO If CND € n() for a node v € V and {C,D} ¢ n(v), then R(P) contains
{((V,E,n,£), )}, where n’(z) = n(x) for all x # v and n'(v) = n(v) U {C, D}.

RUIf CUD € n(v) and {C,D} N n(v) = 0, then R(P) contains {((V,E,n’, ), ),
(V,E,n",0),n)}, where n'(z) = n’(z) = n(x) for all z # v, n'(v) = n(v) U {C}
and n”(v) = n(v) U{D}.

R3 If 3r.C € n(vy), v1,...,vn are all the sons of vy with ¢(vg,v;) = r, and C ¢ n(v;) for all
i,1 < i <'m, then R(P) contains the set {Py, P, ..., Pp} with

e Py = ((Vo, Eg,no,%), 1), where v’ ¢ V, Vo =V U {v'}, By = EU {(vo,v") },no =
nU{v' — {C}},4y = LU {(vg, V") — 7}

o foralli,1 <i<m,P;,=(V,E,n;t),un), where n;(x) = n(z) for all z # v; and
n;(v;) = n(v;) U{C}.

RV IfVr.C € n(v) for some v € V, v’ is an s-neighbour of v with C' ¢ n(v') and s Er € pu, then
R(P) contains {((V, E,n’,£), u)} with n/(z) = n(z) for z # v" and n’(v') = n(v')U{C}.

RV, If Vr.C € n(v), {Trans(s),s Er,q Es} C p and v’ is an ¢g-neighbour of v with Vs.C' ¢
n(v') , then R(P) contains {((V, E,n’,£), u)} with n’(z) = n(x) for x #v" and n/(v') =
n(v") U{Vs.C}.

RT If {O,C} C n(v) for some O € NOM and (O,C) ¢ pu, then R(P) contains
{((V.E,n,0), ")}, where p/ = U {(0,C)}.

R| If O € n(v) for an O € NOM,(0,C) € pu and C ¢ n(v), then R(P) contains
{((V,E,n,£), )}, where n’(z) = n(x) for x # v and n'(v) = n(v) U {C}.

Figure 1: Tableau rules for SHZO.

Soundness. From a saturated and clash-free S-tree (¢, ) with t = (V, E,n,{), we
generate a model Z = (AZ,-Z) as follows: AT = {dp | O € NOM N clos(C, B)} U {d, |
v € V and n(v) N NOM = (}}, i.e. we have one individual for each nominal name and
one individual for every tree node that is not labelled with a nominal. A concept name
C is interpreted as follows: for every O € NOM N clos(C, B), do € C7 iff there is a
node v € V with {O,C} C n(v). Since R] and R| are not applicable, all nodes whose
labels contain the same nominal symbol have exactly the same label, and thus -Z is
well-defined. For all other individuals, d, € C? iff C € n(v). For a role r, % is the
smallest set satisfying the following conditions: if ¢(v,w) = r or {(w,v) = T, then
(dy,dy) € 715 if sEr € p, then s C rZ; if Trans(r) € u, then 77 is closed under
transitivity.

We will now show by induction that complex concepts are interpreted correctly.
By definition, all individuals belong to the interpretation of the concept names in
their labels, and the interpretation of a nominal contains exactly one element. From
our construction, it follows directly that the role hierarchy is respected and transitive
roles are interpreted correctly. For a conjunct C'M D (disjunct C'LU D) in a node label
n(v), since RM (RU) is not applicable, it follows that C' and D (C or D) are contained
in n(v), and by induction, d, is contained in CZ N D (CT U DT).

If 3r.C € n(v), we assume w.l.o.g. that r is a role name (if it is an inverse role,
the argument is analogous). Since R3 is not applicable, there exists an r-son w of
v with C' € n(w). By construction, (dy,d,) € ¥ and d,, € CL. If ¥r.C' € n(v), we
again assume that r is a role name. There are two possible reasons why (d,, d,,) can
be contained in 7Z: firstly, if w is an s-neighbour of v for some s with s Er € p. In
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this case, it follows that C' € n(w) because RV is not applicable, and thus d,, € c?.
Secondly, if there exist roles s,s1,...,s; such that {Trans(s),s Er,s; Es} C pu for
all i € {1,...,k} and there is an s;-chain from v to w, i.e. a sequence of nodes
v1,V2,. ..,y such that, for all edges e € {(v,v1), (v1,v2),..., (vn,w)}, it holds that
e € E and {(e) = s; for some i. In this case, since RV is not applicable, all nodes
v1,..., v are labelled with Vs.C' and, since RV is not applicable to vk, n(w) contains
C. By induction, it follows that d, € (Vr.C)%.

Completeness. We have to show that if there exists a model Z = (AZ, %) for an
input I' = (C, B), then there also exists a clash-free and saturated S-tree (¢, u) with
t = (V,E,n,t) for T, whose width is at most quadratic in |T'|. We will create (¢, u) by
unravelling Z: firstly, we add the appropriate transitivity axioms (Trans(r) if Transg(r)
holds) and role inclusion axioms (r E s if r £ g s holds) to pu. The tree ¢ is inductively
defined as follows: since Z |= T, there is an individual dy in A% which satisfies C. We
start with V' = {vg} and define n(vp) as the set of all concepts in clos(C, B) which dy
satisfies. We define a function 7 : V' — AZ and set 7(vg) = do.

Then we iterate, for every node v, the following procedure: for every existen-
tial formula 3r.D € n(v) we choose a witness individual d € A% with d € D? and
(m(v),d) € r (such a witness exists by definition of n(v)). We create a new node w
with m(w) = d, (v,w) € E and ¢(v,w) = r. Again, we label w with the appropriate
concepts in clos(C, B) and then continue the iteration. For every nominal concept O,
we add to p the pair (O, D) for every concept D € clos(C') which the unique element
do of OF satisfies.

It is easy to see that (¢, ) is compatible with I" and clash-free. We will now show
that it is also saturated: from the definition of clos, it follows that RIM and RU are
not applicable. If a node label n(v) contains a concept Jr.D, then by construction
of t, there is an r-successor of v which is labelled with D. Likewise, if Vr.D € n(v),
all r-neighbours of v are labelled with D. If ¥r.D € n(v), p contains s Er, ¢ Es and
Trans(s), and there is an g-neighbour w of v, then, since Z is a model, (7(v), 7(w)) € s*
and, since s? is transitive, for every node u with (m(w),n(u)) € sZ, it also holds that
(m(v),m(u)) € s, and therefore 7(u) € DZ. Thus, n(w) = Vr.D and, since s E g,
v(w) contains Vs.D, which means that RV is not applicable. Finally, since every node
n with m(n) = dop for a nominal O is labelled with exactly those concepts for which
contains (O, C), RT and R| are not applicable.

The width of the S-tree is quadratic in the length of I'; because we create for every
node at most one successor for every existential formula in clos(I') and the number of
such formulas is bounded by the product of the number of roles appearing in C' or B
and the number of existential subformulas of C. n

From this, we can derive that SHZO satisfiability is decidable through a tableau
algorithm, and we know that for the blocking condition, equality blocking suffices, i.e.
we do not need pair-wise blocking as e.g. for SHZQ [5], since we use only patterns of
depth at most 1. We can also derive a complexity result:

Theorem 4 Satisfiability for SHZO concepts w.r.t. RBoxes is EXPTIME-complete.

Proof. 1t is easy to see that S is ExpTIME-admissible: e.g. the size of nleg(I") and
gmeg(T") is quadratic in the size of the input. Soundness and completeness have been
shown above. EXPTIME-hardness follows from the fact that SHZO is an extension of
ALC with TBoxes, for which satisfiability is known to be EXpT1ME-hard [7]. n
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RM/RU See Ro.

RC If (2 m r C) € n(v) (where Z is a placeholder for > or <) for some m and a node
v eV and {C, ~C}Nn(w) =0 for an r-neighbour w of v, then R contains the set
{(V, B, 0), ), (V. E,n".0), u)} with /() = n"(z) = n(z) for all z € V' \ {w} and
n/(w) = n(w) U {C} and n"(w) = n(w) U {~C'}

RV, If (07 C) € n(v) for anode v € V and there is a role s with {Trans(s), ¢ &Fs, s Er}
w and an g-neighbour w of v with (< 0 s C) & n(w), then R contains {((V, E,n’,¢), u)}
with n/(z) = n(x) for  # w and n/(w) = n(w) U{(L0s C)}.

R> If P is a pattern of depth 2 and (= m r C) € n(w) for one successor w of vy and there are
less than m s-neighbours of w with s Er € p and C € n(u;), then R contains the set
{Py, P ...P,}, where uj ...u, are the s-neighbours of w with s Er € p and C ¢& n(u;)
and

o Py = ((Vo, Eo.no,bo), ) with ug & V .Vo = V U {uo}, Eo = E U {(w,uo)},
no(z) = n(x) for all x € V and ng(up) = {C} and £g = LU {(w, ug) — s}.

e For 1 <i<n, P, = ((V,E,n;,0),pn) with n;(z) = n(z) for all x € V' \ {u;} and
ni(u;) = n(u;) U {C}.

R>groot If {(= m r C),ROOT} € n(vy) of the root node vy and there are less than m s-
successors of vy with s Er € y and C € n(u;), then R contains the set {FPo, P ... P,},
where uq ... u, are the s-successors of vy with s Er € p and C & n(u;) and P, ..., P,
are defined as for R>.

Figure 2: Tableau Rules for SHZ oV

For SHZQV', we need a TS with quite different properties: to handle QNR in the
presence of inverse roles correctly, we need patterns of size 2. However, this makes a
special treatment for the root node necessary, since it does not have a predecessor.
Thus, we need an additional concept name ROOT and a special >-rule for the root
node. Moreover, in contrast to the algorithm in [5], we do not have a <-rule, but a
nondeterministic >-rule, which recycles neighbour nodes if necessary.

The TS Sg = (NLEg, GMEg,ELg,2,-52,Rg,Co) is defined as Sp, with the ex-
ception that NLEg contains the additional element ROOT, GMEg and gmer do
not contain any “nominal elements” (O,C) and inir = {({C,ROOT},{Trans(r) |
Transp(r) holds} U {r Es | r E g s holds})}. The rules Rg are given in Figure 2.
Note that no rule modifies i and that R> applies only to patterns whose depth is
exactly 2, whereas the other rules apply to patterns of depth at most 2. Here, we
obtain an explanation why double-blocking [5] is needed for SHZQ: the maximum
required pattern depth is 2.

We do not need an extra rule for concepts of the form (< 0 s D) to propagate ~D
to all the appropriate neighbours (analogous to RY), since this is performed by the
rule RC. We also do not have a <-rule, but only a corresponding clash trigger: the set
Co contains all patterns in Cpo and additionally all patterns of depth at most 2 such
that (< m s C) € n(v) with v € V and there are at least m+ 1 r-neighbours of v with
rEs € u. For the proof of p-completeness, we require that the numbers in number
restrictions are coded unary, since otherwise the width of a model can be exponential
in the size of the input. We can then obtain alternative proofs for the known results
of SHZ QO decidability and complexity:
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Lemma 5 If unary coding is used in number restrictions, the TS Sg is EXPTIME-
admissible, sound and g-complete for SHZQ" satisfiability, where ¢ = (z — z2).

Proof. The soundness proof is easier than for Sp, since a completion tree corresponds
directly to a model, and we do not have to “merge” nodes labelled with nominals.

Soundness. From a saturated and clash-free S-tree (¢, ) with t = (V, E,n,{), we
generate a model Z = (A%, .2) as follows: AZ = {d, | v € V}. For any concept name
D and any role r we have the same interpretation as in the proof of soundness for
SHIO. Thus, for M and U concepts, the proof is analogous to the one for Lemma 3.

We will now show that the QNR (< m r D) and (= m r D) are also interpreted
correctly. Let (= m r C) be a concept in n(v) of a node v. Then, since the S-tree
is saturated, there exist at least m r-neighbours uy ... u,, of v with C' € n(u;) and
hence d,, € C*. From our construction, it follows that (d,,d,,) € r* and thus #{d |
(dp,d) € rT and d € CT} > m. If (< m r C) € n(v) for a node v and a simple role
r, then, since the S-tree is clash-free, there exist at most m r-neighbours u; ... u,, of
v with C' € n(u;) and hence d,, € CT. All other r-neighbours w contain the concept
~D because the rule RC is not applicable. Since r is simple, our construction of r?
does not introduce any further rZ-neighbours. Thus, it follows that #{d | (d,,d) €
r? and d € CT} < m.

For a concept (< 0 r C) € n(v) and a non-simple role r, the proof is similar to
the one for V-concepts in SHZO: for roles s, s1,...,5, with s € TRA and s; Es Er, it
follows from saturatedness of the S-tree that (< 0r C) € n(w) for every node w that
is reachable from v via an s;-chain, and thus all r-neighbours of w are labelled with
~(C' since the tree is clash-free and the rule RC is not applicable.

Completeness. We have to show that if there exists a model Z = (AZ,.T) for an
input I' = (C, B), then there also exists a clash-free and saturated S-tree (¢, u) with
t = (V,E,n,l) for I'. We will create (¢, ) by unravelling Z: the global memory g is
created as in the case of SHZO by adding all appropriate transitivity and role inclusion
axioms. The tree is inductively defined as follows: we start with an individual dy € C7,
create a node vy, and a function 7 with 7(vg) = dy. Moreover, we define, for this and
all further nodes v, n(v) as the set of all concepts D € clos(C, B) which the individual
m(v) satisfies. For the root node, we add the marker concept ROOT to n(vp).

New nodes are added to the tree if there is a node v and a formula
(= m r D) € n(v): if there exist only k r-neighbours of v and k < m, we choose
appropriate individuals dgy1 . ..d,,, i.e. individuals which are not yet in the range of
7, with d; € DT and (7(v), d;) € rZ. For these nodes, we create r-neighbours u; . . . ty,
of v and set m(u;) = d;. Since Z is a model, it always is possible to find appropriate
individuals. From this construction, it follows that R> and R>rooT are not applica-
ble. The rule RC is not applicable by definition, since every node satisfies either C' or
~(C' for any concept C, and for RN, RU and RV, saturatedness follows analogous to
the proof for Sp. Note that the out-degree of the S-tree is bounded by the number of
concepts of the form (= m r D) € clos(C, B) and the highest number m occurring in
such a concept.

The resulting S-tree can neither contain a clash trigger with {C, ~C} C n(v)
for a node v and a concept C| since Z is a model, nor a clash trigger with a number
restriction of the form D = (< m r C) € n(v) of anode v € V with n(v) = d, because
d € DT and we create at most one r-neighbour of v for every rZ-neighbour of d.
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It is easy to see that (t,u) is compatible with I' and the width is at
most quadratic in length of I' since we create only m successors for a formula
(= m r C) € clos(C,B), the number m is coded unary and the number of such
formulas is quadratic in the length of I'. [ |

Theorem 6 Satisfiability for SHZQ" concepts w.r.t. RBoxes is EXPTIME-complete.

Proof. The tableau system Sg is ExpTIME-admissible: the size of nleg(I') and of
gmeg(I") is quadratic in the size of the input. Soundness and p-completeness have
been shown above. EXPTIME-hardness follows as for Se. |

5 Conclusion and Outlook

We have described the main features of the tableau framework for EXPTIME logics and
defined tableau systems for the new DL SHZO and the known DL SHZO. It turned
out that these two logics make use of different features of the tableau framework: to
capture nominals, we need the global memory, whereas large patterns are needed to
handle QNR properly. From the tableau systems, we can derive automata algorithms
deciding satisfiability of SHZO/SHZQ concepts w.r.t. RBoxes in EXPTIME and ter-
minating tableau algorithms, which are well suited for implementation and include
appropriate blocking conditions. We believe that the simplicity of the proofs justifies
the additional overhead resulting from the formalisation of the algorithm within the
tableau framework.

We aim at extending our framework to cover NEXPTIME logics, e.g. ALCQZO [8].
One way of achieving this could consist in replacing looping automata (for which the
emptiness problem is in P) with an automata model with an NP-complete emptiness
problem, e.g. Rabin automata. However, we do not yet see a way of capturing the
ALC QT O-specific problems with a Rabin acceptance condition.
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Abstract

We present a coherence condition for a boolean complete description
logic with feature inversions and a very general form of uniqueness con-
straint that enables, among other things, the capture of unary functional
dependencies. The condition is sufficiently weak to allow the transfer of
relational and emerging object-oriented normalization techniques while
still ensuring that the associated logical implication problem remains
DEXPTIME-complete.

1 Introduction

For many applications, there is considerable incentive to enhance the modelling
utility of a description logic (DL) with an ability to capture richer varieties of
uniqueness constraints such as keys and functional dependencies [6, 9, 13, 15].
Unfortunately, in combination with role or attribute inversions, the associated
logical implication problem quickly becomes undecidable [5]. We present a coher-
ence condition for a boolean complete DL with feature inversions which allows
unrestricted use of path functional dependencies [17]. The condition ensures
that the associated logical implication problem remains DEXPTIME-complete,
but is sufficiently weak to allow the formal specification of arbitrary relational or
object-oriented schema, including those that fail to satisfy normalization con-
ditions. This latter observation is important since it enables an incremental
development of terminologies that encode schema. One can begin, for example,
with a “relational” terminology that fails to satisfy the conditions of Boyce-
Codd Normal Form. (Note that the approach used in [5] is not generally capa-
ble of handling such anomalous cases.) Standard normalization algorithms and
methodology can then employ reasoning services based on our results. Thus,
our DL is better equipped to enable the transfer of results in normalization and
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emerging object design theory for relational and object-oriented data models
[2, 3]. We also show that relaxing this coherence condition leads to undecidabil-

1ty.

1.1 Related Work

Our coherence condition derives from a similar condition proposed in [4] to
enable the development of a sound and complete axiomatization for an object-
oriented data model, which essentially adds inclusion dependencies to an earlier
data model [17]. The DL we consider in this paper is a further generalization;
thus, our DEXPTIME-completeness result settles an open problem on the de-
cidability of the implication problem for their model.

In [5], the authors consider a DL with (relational) functional dependencies
together with a general form of keys called identification constraints. They show
that this dialect is undecidable in the general case, but becomes decidable when
unary functional dependencies are disallowed. Our coherency condition serves
as an alternative method for regaining decidability.

A form of key dependency with left-hand-side feature paths is considered for
a DL coupled with various concrete domains [12]. The authors explore how the
complexity of satisfaction is influenced by the selection of a concrete domain
together with various syntactic restrictions on the key dependencies themselves.
We consider a DL that admits more general kinds of key constraints (and func-
tional dependencies) for which identifying values can be defined on arbitrary
domains.

The remainder of the paper is organized as follows. Definitions of the DL dialect
DLFAD and the above-mentioned coherency condition are given next in Sec-
tion 2. In Section 3, we show that failure to satisfy the coherency condition leads
to undecidability of the implication problem for DLFAD. For cases satisfying
this condition, we show in Section 4 that the problem is DEXPTIME-complete.
To do this, we first consider the problem for DLF A, a fragment of DLF AD that
excludes uniqueness constraints. Although DLF A is less expressive than, e.g.,
DLR, we gain the opportunity of presenting encoding schemes for reductions in
a more incremental fashion. Our summary comments follow in Section 5.

2 Preliminaries

Definition 1 (Description Logic DLFAD) Let F and C be sets of attribute
names and primitive concept names, respectively. A path expression is defined by
the grammar “Pf .= f.Pf|Id” for f € F. We define derived concept descrip-
tions by the grammar on the left-hand-side of Figure 1. A concept description
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SYNTAX SEMANTICS: DEFN OF “(-)1”
D :=C )y ca
| DN D,y (D)t N (Dy)*
| -D A\ (D)
| Vf.D {z: (f)*(x) € (D)}
| Daf {(H)F(2) 12 € (D)}
E =D

| D:Pfy,...Pfy = Pf {z:Vye (D?Z.
N (P (2) = (PRYE (y) = (PH(2) = (P ()}

Figure 1: SYNTAX AND SEMANTICS OF DLFAD.

obtained by using the final production of this grammar is called a path functional
dependency (PFD).

An inclusion dependency C is an expression of the form D T E. A termi-
nology T consists of a finite set of inclusion dependencies.

The semantics of expressions is defined with respect to a structure (A, 1),
where A is a domain of “objects” and (.)* an interpretation function that fizes
the interpretations of primitive concepts C to be subsets of A and primitive
attributes f to be total functions (f)* : A — A. The interpretation is extended
to path expressions, (Id)T = \z.x, (f.PH)T = (PH)YT o (f)* and derived concept
descriptions D and E as defined on the right-hand-side of Figure 1.

An interpretation satisfies an inclusion dependency D C E if (D) C (E).
The logical implication problem asks if T |= D E E holds; that is, if (D)t C
(E)Y for all interpretations that satisfy all constraints in T .

The coherency condition on which our decidability results depend is defined as
follows. (Recall that a similar condition is introduced in [4] to ensure that an
axiomatization for their data model is complete.)

Definition 2 (Coherent Terminology) A terminology T is coherent if
T E(Dafyn(Eaf)C(DNE)af

holds for all descriptions D, E and attributes f.

Note that we can syntactically guarantee that T is coherent by adding the
(Dafyn (EQf) C (DM E)af assertions to T (for all descriptions D, E that
appear in 7).
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3 Undecidability for General
DLFAD Terminologies

We show a reduction of the unrestricted tiling problem to the DLFAD im-
plication problem using a construction similar to that presented in [5]. An
unrestricted tiling problem U is a triple (T, H, V') where T is a finite set of tile
types and H.V C T x T two binary relations. A solution to T is a mapping
t: N XN — T such that (¢(i,7),t(i +1,5)) € H and (¢(¢,7),t(¢e,7+ 1)) € V for
all i € N. This problem is II3-complete [1, 16]. The first step in the reduction
is to establish an integer grid. This can be achieved, for example, as follows.

1. Introduce four disjoint concepts, A, B, C and D, denoting cell edges.
ANBC L, ANCC 1, ..., CNDC L

2. Grid cells are mapped to concepts X and Y that have four incoming f and
g attributes, respectively.

XL (Aaf)n(Baf)m(caf)n(baf),
Y C (AQg) M (B@g) n (Cag) n(Dag)

3. To ensure that squares are formed, add the following.
ACB:f—h, BEC:f—¢, CED:f—h, DCA:f—q,
ACB:h—f BCC:i—f, CCD:h—f, DCA:¢—f,
ACB:g—i, BCC:g—h, CED:g—1, DEA:g—h,
ACB:1—g9, BCC:h—g9, CCD:1—g9, DCA:h—yg

4. And to force squares to extend to the right and up, include the following.
ACVyY, BLVeY, CLCVfX, DLCVfX

The adjacency rules from the instance U of the tiling problem are defined as
follows:

A |_| Vle E Vg I_l(ti,tj)EV T]7 C |_| Vng E Vf I_l(ti,tj)EV T]
BOVITLEVg. Upnen T, DNVeTiEVF U, aen Tis

where T; corresponds to a tile t; € T'; we assume T; 11T; £ L for all 7 < j. The
above constraints form a terminology T associated with an unrestricted tiling
problem U.

Theorem 3 A tiling problem U admits a solution iff Ty = X1 (Us.er Ti) C L.

Thus, the DLFAD implication problem is undecidable for unrestricted termi-
nologies.
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4 Coherency implies Decidability

By restricting logical implication problems for DLF AD to cases in which ter-
minologies are coherent, it becomes possible to apply reductions to satisfiability
problems for Ackerman formulae. After we introduce the latter, we begin by
defining reductions for the fragment DLFA. An essentially incremental elab-
oration of these reductions is presented in the final subsection in which we es-
tablish our main result: decidability with coherency of the logical implication

problem for DLF AD.

Definition 4 (Monadic Ackerman Formulae) Let P; be monadic predicate
symbols and x,y;, z; variables. A monadic first-order formula in the Ackermann
class s a formula of the form zy...3zVaedy, ... Jy.p where ¢ is a quantifier-
free formula over the symbols P;.

Every formula with the Ackermann prefix can be converted to Skolem normal
form: by replacing variables z; by Skolem constants and y; by unary Skolem
functions not appearing in the original formula. This, together with standard
boolean equivalences, yields a finite set of universally-quantified clauses con-
taining at most one variable (). It is known that an Ackerman sentence has
a model if and only if it has a Herbrand model; this allows us to use syntactic
techniques for model construction. To establish the complexity bounds we use
the following result for the satisfiability of Ackermann formulae:

Proposition 5 ([7]) The complexity of the satisfiability problem for Ackerman
formulae is DEXPTIME-complete.

4.1 Decidability for Coherent DLF A Terminologies

We construct an Ackerman-class sentence whose satisfiability is equivalent to
a given DLF A implication problem. In the simulation, DLF A’s concept de-
scriptions D are modeled by monadic predicates Pp(x). The function symbols
f and f are used in sentences to stand for the attribute f; the symbol f stands
for the reverse of the attribute f in cases where an object is in the range of
multiple attributes (this situation can be introduced, e.g., by the description
(D1@f;) M (Dy@fy)). This arrangement, in the case of coherent terminologies,
allows us to represent DLF A interpretations as Herbrand interpretations (in
the extended language). The construction proceeds in two steps. First, the
structural properties of DLF A are encoded using the following assertions.

e Node existence assertions:

Va.N(z) < N(fi(x)) for «# fily), VYa.N(fi(z)) & N(z)
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e Functionality of attributes and Coherence:
Vao(N(2) AN(f(F(2)), Yoo (N(z)AN(F(f(z))
e Concept formation assertions for boolean constructors:

Va.N(z) = (Pp(2) V Pop(z)), Va.=(Pp(x) A Pop(z)),
Va.N(x) = (Pp,np,(x) < (Pp,(x) A Pp,(z)))

e Concept formation assertions for attribute constructors:

Ve N(z) — (Pysp(z) < Pp(fi(x))) for @ # fi(y)
Ve N(fi(x)) — (Resn(fi(z)) & Pp(z))

Va.N(z) — (Ppays(z) = N(fi(x))) for = # fi(y)

Vae.N(z) — (Ppag(z) < Pp(fi(x))) for = # fi(y)
Ve N(fi(x)) — (Ppas(fi(x)) < Pp(x))

The collection of the assertions above is denoted Ilpsr4. This set captures the
structural relationships between DLF A concepts. Although this set is infinite
in general, the set of concepts appearing in a particular implication problem,
T E C, is finite. Hence, one can restrict the set of assertions Ipgsra to a
finite subset HgffA that contains only the predicates that define concepts in
T U{C}. (In the rest of the paper we omit the superscript whenever clear from
the context.) To complete the translation of a DLFA implication problem,
what remains is the translation of the inclusion constraints.

Definition 6 Let 7 and C = D T E be a DLF A terminology and an inclusion
constraint, respectively. We define

o Il ={N(x) = (Va.Pp(x) = Pg(z)) : DC E €T} and

o Ile = {N(0), Pp(0), P~5(0)},
The three clauses II¢ represent the skolemized version of =Va.Pp(x) — Pg(x);
0 is the Skolem constant for x. As usual, a model “containing” Il¢ is a coun-

terexample for C. To show the correspondence formally we need the following
definition and lemma:

Definition 7 An interpretation (A, (.)%) is coherent if (f;)%(x) = (f)*(y) —
x =y forall x,y € A and f; an attribute name.

Lemma 8 Let T be a coherent terminology, C a subsumption constraint, and
Z an interpretation such that T |= T and T = C. Then there is a coherent
interpretation I' such that ' =T and I' £ C.
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Proof: (sketch) Consider distinct x,y € Az such that (i) « € (Dy)f, (ii)
y € (Dy)f, and (iii) (f;)* (=) = (fi)*(y). Then, since T is coherent, x € (D; I
Dy)E. For, x € (D M =Dy)* leads to (fi) () € ((Dy M —=Dy)Qf; M Dy@fi)t,
a contradiction. Thus, as models of DLFA have the tree model property, we
can remove the farther of x or y and all its descendants, where the distance
1s measured from the node falsifying C in Z. The resulting interpretation still

satisfies 7 and falsifies C. Repeating this process yields a coherent interpretation.
O

Theorem 9 Let T and C be a terminology and inclusion dependency in DLF A,
respectively. Then T EC <= Ilpera UIly Ulle is not satisfiable.

Proof: (sketch) Consider a Herbrand model M such that M = Ipera Ul U
[lc. We construct an interpretation Zyy = (A, (.)F) where:

e A=fo: ME N(o)},
o (DY = {x: M E Ppe)}, and (£} = {(2,y) 1y = fle) or Fly) = <}.

It is easy to verify (by cases analysis) that Zy =T but Za = C.

For the other direction we take any coherent interpretation Z, such that Z =T
and Z £ C. This interpretation must exist by Lemma 8 whenever 7 }= C. Let
0 € A be an object that falsifies C in Z. We construct a Herbrand universe as
the set of all terms that correspond to undirected paths of attributes originating
in 0; we use f; for every attribute f traversed “backward” along this path.
Each of these terms, t,, due to the coherence condition, corresponds to exactly
one element of * € A. On top of this universe we define a Herbrand model
Mz = {Pp(t,) : z € (D)*} U{N(t,)} The remainder is verification of Mz =
Mpera UIly U Ile by cases analysis. O

The translation therefore provides a DEXPTIME decision procedure by appeal-
ing to Proposition 5. Completeness follows from DEXPTIME-hardness of the
implication problem for the {D; M Dy, Vf.D} fragment [14, 15].

Corollary 10 The implication problem for DLFA is DEXPTIME-complete.

4.2 Decidability for Coherent DLF AD Terminologies

For each implication problem T |= C, we define a satisfiability problem Ilpzr4pU
II7 UIle. There are two cases to consider depending on C.

Case 1: Cis a DLFA inclusion dependency.
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Lemma 11 Let T |= C be a DLFAD implication problem in which T is co-
herent and for which C is a DLF A inclusion dependency. Let T' be the largest
subset of T that is also a DLFA terminology. Then T' | C if and only if
TEC.

Proof: Assume 7' [~ C. Then by Lemma 8 there must be a coherent inter-
pretation Z such that Z = 7' but Z }£ C. However, since Z is coherent, it also
satisfies 7. The other direction is immediate as 7' C 7. O

Thus, in this case, we can use Theorem 9 to decide the implication problem.

Case 2: C=D;C D,:Pfy,...,Pfp — Pf. To falsify such an inclusion depen-
dency, two objects (one in Dy and another in Dy) that satisfy the preconditions
of the dependency but fail to satisfy the conclusion are needed. We therefore
construct two copies of the interpretation for the DLF A constraints in 7 in
a fashion analogous to [8, 18]. However, as Herbrand terms are essentially the
same in the two copies, it is sufficient to distinguish them by renaming the pred-
icate symbols [10]. In addition, we need to model the “rules” of equality and
their interaction with concept descriptions. The structural rules for DLFAD
are thus defined as follows:

Mperap = Wppra Ul e U Ve (N(Fi(2) A E(F(2)) = E(z) a
Va.(N(z)A E(z)) = (Ph(z) « PR(x))

where II” is the set of assertions II in which every predicate Pp is renamed to
Pk (similarly for TI%). In addition, we use the following notation: we say that
Pf is a reverse prefiz of Pf iff Pf is a prefix of Pf in which each f; was replaced
by f; and the order of the attributes was reversed. We also define

LPfJ o { LPfl o szJ for Pf = Pfl 071, o fl o sz

Pf otherwise

We construct a set of assertions for a given terminology 7. Let 7' denote the
subsumption constraints in 7 without PFDs, and 7" =T — 7. Then we define

Iy = T4 uls
NE(Pf(z)) A NEB(Pf(2)) A
((Pp, (Pf(x)) A P, (PF(x))) V (P, (Pf(x)) A P, (PF(x)))) A
U A, E(|PfoPf;|(x) — E(|PfoPfo](x)
where Dy C D, : Pfy,... ,Pf, — Pfo e 7"
and Pf a reverse prefix of Pf;

and, for C =Dy C D, : Pfy,..., Pf, — Pfy we define
e = {N(0), P, (0), P, (0), E(Pf1(0)),..., B(Pf(0)), ~E(Pfo(0))}
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Theorem 12 Let T | C be a DLFAD implication problem in which C is a
PFD. Then T |E C if and only if perap Uy UIle is not satisfiable.

Proof: (sketch) The proof proceeds analogously to the proof of Theorem 9 by
explicitly constructing a counterexample interpretation from a Herbrand model,
and vice versa. The crux lies in observing that, in addition to proper simulation
of DLF A descriptions, a path agreement (i.e., a precondition or a consequent
of a PFD) holds in a DLFAD interpretation if and only if a corresponding
E(t(0)) atom appears in the Herbrand model—this fact hinges on introducing

the f, function symbols and on representing a single PFD by multiple formulae.
O

5 Summary and Future Work

We have defined a coherence condition for a boolean complete description logic
with feature inversions and arbitrary path functional dependencies that ensures
the associated logical implication problem is DEXPTIME-complete; the problem
is undecidable otherwise. This resolves an open issue on decidability of an
analogous implication problem in [4].

A natural extension of the description logic presented here allows regular
languages (L) to replace path expressions, yielding the VL.D, 3L.D, DQL,
and D : L — L' constructors, and developing a decision procedure using the
approach in [15]. One of the main applications of such an extension we envision
is describing data structures for purposes of query optimization, extending [11]
to inductive data types.

Another direction of research considers weaker restrictions on DLFAD ter-
minologies that still guarantee decidability, e.g., relaxing our coherence condition
with respect to the unary PFDs actually present in a terminology.
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Abstract

Sonic! is the first prototype implementation of non-standard inferences for
Description Logics that can be used via a graphical user interface. In addition to
that our implementation extends an earlier implementation of the least common
subsumer and of the approximation inference service to more expressive Descrip-
tion Logics, more precisely to Description Logics with number restrictions. SONIC
offers these reasoning services via an extension of the graphical ontology editor
O1LED [4].

1 Introduction and Motivation

Inference problems for Descriptions Logics (DLs) are divided into so-called standard
and non-standard ones. Well-known standard inference problems are satisfiability and
subsumption of concept descriptions. For a great range of DLs, sound and complete
decision procedures for these problems could be devised and some of them are put
into practice for very expressive DLs in state of the art DL reasoners as FACT [15]
and RACER [13].

Prominent non-standard inferences are the least common subsumer (lcs), and ap-
proximation. Non-standard inferences resulted from the experience with real-world DL
ontologies, where standard inference algorithms sometimes did not suffice for building
and maintaining purposes. For example, the problem of how to structure the appli-
cation domain by means of concept definitions may not be clear at the beginning of
the modeling task. Moreover, the expressive power of the DL under consideration can
make it difficult to come up with a faithful formal definition of the concept originally
intended. This kind of difficulties can be alleviated by the use of non-standard in-
ferences in the bottom-up construction of DL knowledge bases, as described in [1, 8].
Here instead of directly defining a new concept, the knowledge engineer introduces
several typical examples as objects, which are then automatically generalized into a
concept description by the DL system. This description is offered to the knowledge
engineer as a possible candidate for a definition of the concept. The task of computing

* This work has been supported by the Deutsche Forschungsgemeinschaft, DFG Project
BA 1122/4-3.
!Sonic stands for “Simple OILED Non-standard Inference Component”.

]
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such a concept description can be split into two subtasks: computing the most spe-
cific concepts of the given objects, and then computing the least common subsumer
of these concepts.

The lcs was first mentioned as an inference problem for DLs in [12]. Given two
concept descriptions A and B in a description logic £, the lcs of A and B is defined as
the least (w.r.t. subsumption) concept description in £ subsuming A and B. The idea
behind the Ics inference is to extract the commonalities of the input concepts. It has
been argued in [1, 8] that the lcs facilitates the “bottom-up”-approach to the modeling
task: a domain expert can select a number of intuitively related concept descriptions
already existing in an ontology and use the lcs operation to automatically construct
a new concept description representing the closest generalization of these concepts.
For a variety of DLs there have been algorithms devised for computing the lcs, see
[1, 16, 10] for details.

Approximation was first mentioned as a new inference problem in [1]. The ap-
prozimation of a concept description C from a DL £ is defined as the least concept
description (w.r.t. subsumption) in a DL Ly that subsumes C;. The idea underlying
approximation is to translate a concept description into a typically less expressive
DL. Approximation can be used to make non-standard inferences accessible to more
expressive DLs so that at least an approximate solution can be computed. In case the
DL L provides concept disjunction, the lcs of Cy and C5 is just the concept disjunction
(C1 U C9). Thus, a user inspecting this concept description does not learn anything
about the commonalities between C and Cs. Using approximation, however, one can
make the commonalities explicit to some extent by first approximating C; and C5 in
a sublanguage of £ which does not provide disjunction, and then compute the lcs of
the obtained approximations in £. Approximation has so far been investigated for a
few DLs, see [7, 6].

Another application of approximation lies in user-friendly DL systems, such as the
editor OILED [4], that offer a simplified frame-based view on ontologies defined in an
expressive background DL. Here approximation can be used to compute simple frame-
based representations of otherwise very complicated concept descriptions. OILED is
a widely accepted ontology editor and it can be linked to both state of the art DL
reasoners, RACER [13] and FACT [15]. Hence this editor is a good starting point
to provide users from practical applications with non-standard inference reasoning
services. The prototype system SONIC is the first system that provides some of the
non-standard inference reasoning services via a graphical user interface and thus makes
them accessible to a wider user group. SONIC was first introduced in [17] and it can
be downloaded from http://lat.inf.tu-dresden.de/systems/sonic.html.

In the next section we give an application example which underlines that—although
the supported DLs are much less expressive compared to the DLs supported by the
current DL reasoners—the inferences implemented in SONIC can be useful in practice.
In Section3 we turn to the implementation of SONIC and describe how the inferences
are realized and and how SONIC is coupled to OILED and the underlying DL reasoner
RACER. Then we give an impression how users can work with SONIC and in the end
we sketch how the SONIC prototype system can be extended in future versions.
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2 An Application Example

Let us briefly recall the DLs covered by SONIC. Starting with a set Ng of concept
names and a set Ng of role names concept descriptions are inductively defined with
the help of a set of concept constructors. The DL ALE offers the top- (T) and bottom-
concept (L), concept conjunction (C' M D), existential restrictions (Ir.C), value re-
strictions (Vr.C'), and primitive negation (—P, P € N¢ ). The DL AL extends ALE by
concept disjunction (C'L D) and full negation (=C'). Extending each of these DLs by
number restrictions, i.e., at most restrictions (< nr) and at least restrictions (> n r)
one obtains ALEN and ALCN, respectively.

The semantics of these concept descriptions is defined in the usual model-theoretic
way in terms of an interpretation T = (Az, 7). The domain Az of Z is a non-empty
set of individuals and the interpretation function -Z maps each concept name P € N¢
to a set PZ C Az and each role name r € Np to a binary relation rZ C Az x Az.
The semantics are extended to complex concept descriptions in the usual way, see for
example [1, 6].

A TBoz is a finite set of concept definitions of the form A = C, where A is a
concept name and C' is a concept description. SONIC can only process TBoxes that
are unfoldable, i.e., they are acyclic and do not contain multiple definitions. Concept
names occurring on the left-hand side of a definition are called defined concepts. All
other concept names are called primitive concepts.

Let us illustrate by an with an application example the procedure of computing
the les for ALEN -concept descriptions and the approximation of ALCN-concept de-
scriptions by ALEN -concept descriptions. Consider the TBox 7 with ALCN -concept
descriptions modeling Airbuses and their configurations. 7 contains the following con-
cept definitions:

Cargo-Config = —Passenger-Config
Airbus-300

Plane
M Jhas-configuration.Cargo-Config
M Shas-configuration.(Passenger-Config M (< 2 has-classes))

Airbus-340 = Plane
M (> 2 has-configuration)
M V has-configuration.(Passenger-Config M (> 261 has-seats))
M (3has-configuration.((< 419 has-seats) M (< 2 has-classes)) LI
Jhas-configuration.((< 380 has-seats) (< 3 has-classes)))

If we want to find the commonalities between the concepts Airbus-300 and Airbus-340
by using the lcs in ALEN, we first have to compute the approximation of Airbus-340
since its concept definition contains a disjunction. After that can we compute the lcs
of Airbus-300 and approz 4ens(Airbus-340).

In order to compute the approximation of the concept definition of Airbus-340 we
first make implicit information explicit. In our example this is done by propagating the
value restriction onto the two existential restrictions which yields the new disjunction:
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Jhas-configuration.

(Passenger-Config M (> 261 has-seats) M (< 419 has-seats) 1 (< 2 has-classes)) U
Jhas-configuration.

(Passenger-Config M (> 261 has-seats) M (< 380 has-seats) M (< 3 has-classes)).

After the propagation of the value restriction, we can obtain the approximation of our
example concept description by simply computing the lcs of these two disjuncts. They
differ only w.r.t. the number occurring in the at-most restrictions. Consequently we
have to pick the at-most restriction with the greater number from the two disjuncts
and conjoin them with (Passenger-Config M (> 261 has-seats) to obtain their lcs. We
get the following approximation of Airbus-340:

approx ren (Airbus-340) =
Plane M (> 2 has-configuration)
M V has-configuration.(Passenger-Config M (> 261 has-seats))
M Jhas-configuration.
(Passenger-Config M (> 261 has-seats) M (< 419 has-seats) 1 (< 3 has-classes))

To compute the lcs of approz 4eps(Airbus-340) and the concept definition of Airbus-300,
we need to unfold the concept Airbus-300 w.r.t. 7 by replacing Cargo-Config with its
concept definition —Passenger-Config. It obvious now that the concept description
implies two distinct configurations, since one of the existential restriction requires
Passenger-Config and the other one —Passenger-Config. Thus the concept definition of
Airbus-300 induces (> 2 has-configuration) which occurs in approz 4een(Airbus-340) di-
rectly. The primitive concept Plane appears in both concept descriptions and thus also
in their lcs. Since the concept definition of Airbus-300 does not imply a value restriction
the lcs does not contain any. Furthermore, we have to compute the lcs of each of the
two existential restrictions from Airbus-300 and the one from approz 4een(Airbus-340).
We obtain for the overall lcs:

les(approx grens (Airbus-340), Airbus-300) =
Plane M (> 2 has-configuration) M Shas-configuration. T
M Jhas-configuration.(Passenger-Config M (< 3 has-classes)).

The first existential restriction is redundant and therefore can be omitted—it would
not be returned by our implementation. We have now extracted the commonalities of
the Airbus-340 and the Airbus-300: they are both planes with at least two configura-
tions where one configuration is a passenger configuration with up to 3 classes.

Although the DLs under consideration are not very expressible compared to the
DLs handled by the state of the art DL reasoners this application example shows that
an implementation of lcs and approximation for these DLs can be very useful to help
users to extend their ontologies.

3 The Sonic Implementation

The SONIC system implements the algorithms for computing the lcs for ACEN -concept
descriptions and the approximation of ALCN- by ALEN-concept descriptions. Fur-
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thermore, SONIC implements a graphical user interface to offer these non-standard
inferences and an interface to a DL reasoner needed for subsumption queries.

3.1 Implementing the Inferences

We briefly sketch the main idea of the inference algorithms here. The algorithm for
computing the lcs in ACEN was devised and proven correct in [16], thus our imple-
mentation is well-founded. The algorithm for computing the lcs of ALEN -concept
descriptions consists of three main steps:

1. Unfold the input concept descriptions by recursively replacing defined concepts
by their definitions from the TBox.

2. Normalize the unfolded concept descriptions to make implicit information (e.g.
inconsistencies, induced existential restrictions, induced value restrictions or in-
duced number restrictions) explicit.

3. Represent the normalized concepts as concept trees, build the cross-product of
the trees and read out a concept description from it.

For the DL ALEN the normalization and the structural comparison are much more
involved than in ALE. Firstly, the number restrictions for roles, more precisely the at
most restrictions, necessitates merging of role-successors mentioned in the existential
restrictions. To obtain all valid mergings is a combinatorial problem. Second, the
commonalities of all mergings for existential restrictions of a concept description have
to be determined by computing their lcs. These in turn are then used to compute the
cross-product. In our implementation we use lists as data structures to represent the
concept descriptions and implement the algorithms without advanced optimizations
in order to keep this first implementation of the les for ACEN -concept descriptions
simple and easy to test.

The lcs algorithm for ALEN can return concept descriptions double exponential
in the size of the input concepts in the worst case. Nevertheless, so far the lcs in
ALEN realized in SONIC is a plain implementation of this algorithm. Surprisingly, a
first evaluation of our implementation shows that for concepts of an application TBox
with only integers from 0 to 5 used in number restrictions the run-times remained
under a second (with Allegro Common Lisp on a Pentium IV System, 2 GHz). Our
implementation of the lcs for ALE-concept descriptions as described in [3] uses lazy
unfolding. Due to this technique shorter and thus more comprehensible concept de-
scriptions can be obtained more quickly, see [3]. To implement lazy unfolding for the
les for ALEN -concept descriptions in SONIC is yet future work.

The algorithm for computing the approximation of ALCN -concept descriptions by
ALEN -concept descriptions was introduced and proven correct in [6]. The idea under-
lying this algorithm is similar to the lcs algorithm. For approximation the normaliza-
tion process additionally has to build a disjunctive normal form on each role-level by
“pushing” the disjunctions outward. With concept descriptions in this normal form
the commonalities of the disjuncts are computed by applying the lcs on each role-level.
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The approximation of ALCN- by ALEN -concept descriptions is also implemented
in Lisp and uses the above mentioned implementation of the les for ACEN -concept
descriptions as a subfunction. A first implementation of the approximation of ALC-
by ALE-concept descriptions is described in [7]. This implementation is now extended
to number restrictions and provided by SONIC.

In the worst case the approximation in both pairs of DLs can yield concept de-
scriptions that are double exponential in the size of the input concepts descriptions.
Nevertheless, this is not a tight bound. A first evaluation of approximating randomly
generated concept descriptions shows that, unfortunately, both implementations run
out of memory already for concepts that contain several disjunctions with about 6 dis-
juncts. It is unknown whether this kind of concept descriptions appears in application
TBoxes from practical applications. Nevertheless, effective optimization techniques
are needed for computing approximation, before this service can be applied to large
ontologies. Similar to the lcs one can apply lazy unfolding to avoid “unnecessary”
unfolding and thereby obtain smaller concept descriptions even faster. Besides lazy
unfolding there is also the approach of so called nice concepts described in [9] known
as an optimization technique for approximation. Currently these techniques are im-
plemented and evaluated for approximation of ALC- by ALE-concept descriptions in a
student’s project in our group.

The implementation of the algorithms for both inferences are realized in a straight-
forward way without sophisticated data structures or advanced optimizations as, for
example the caching of results. This facilitated the testing and debugging of the SONIC
prototype.

3.2 Linking the System Components

In order to provide the inferences Ics and approximation to users of the ontology editor
OILED, we need not only to connect to the editor OILED, but also to a DL reasoner
since both inferences, lcs and approximation, use subsumption tests heavily during
their computation. The connection from SONIC to the editor OILED, is realized as
a plug-in. Like OILED itself, this plug-in is implemented in Java. SONIC’s plug-in
is implemented for OILED version 3.5.3 (or higher) and realizes mainly the graphical
user interface of SONIC. A screen-shot of the lcs tab in SONIC is shown in Figure 3.2.
SONIC’s Java plug-in connects via a Telnet connection to the Lisp implementation
of the non-standard inferences to pass concept descriptions or messages between the
components.

The OILED user can classify an ontology in the OILED editor, by either connect-
ing OILED to the FACT reasoner via a CORBA interface or to any DL reasoner
supporting the DIG (“Description Logic Implementation Group”) protocol. The DIG
protocol is an XML-based interface for DL systems with a tell/ask syntax, see [5]. DL
developers of most DL systems have committed to implement this standard in their
system making it a standard for DL related software.

SONIC must have access to the same instance of the reasoner that OILED is con-
nected to in order to have access to the information from the ontology, more precisely,
to make use of stored concept definitions and of cached subsumption relations obtained
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Figure 1: SONIC’s lcs Tab in OILED.

during classification by the DL reasoner. If OILED and the DL reasoner do not have
consistent versions of the ontology, the computed results for lcs and approximation
might simply be incorrect due to this inconsistency.

SONIC needs the functionality of retrieving the concept definition of a concept
defined in the TBox in order to perform unfolding. Since such a function is not
included in the DIG protocol, we cannot use the DIG interface to connect to the DL
reasoner. Since the CORBA interface to FACT is slow, we use RACER as underlying
DL reasoner. SONIC connects to RACER version 1.7.7 (or higher) via the TCP socket
interface described in [14]. Note, that in this setting the RACER reasoner need not
run locally, but may even be accessed via the web by OILED and SONIC.

3.3 SoNIc at Work

After the user has started the OILED editor with SONIC, the lcs and approximation
inference are available on two extra tabs in OILED— as shown in Figure 3.2. After
the OILED user has defined some concepts in the OILED ontology, has connected to
the DIG reasoner RACER and classified the ontology, she can use, for example, the lcs
reasoning service. In order to do so she can select some of the concept names from the
ontology on the lcs tab. When the button ‘compute lcs’ is clicked, the selected concept
names are transmitted to SONIC’s Lisp component and the lcs is computed based on
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the current concept definitions stored in RACER.? The concept description obtained
from the lcs implementation is send to the plug-in via Telnet and displayed on the lcs
tab. The approximation inference is offered on a similar SONIC tab in OILED.

Since the concept descriptions returned by the lcs and the approximation inference
can be very large, it is not feasible to display them in a plain fashion. SONIC displays
the returned concept descriptions in a tree representation, where uninteresting sub-
concepts can be folded away by the user and inspected later. In Figure 3.2 we see
how the concept description for the lcs obtained from the application example in Sec-
tion 2 is displayed on SONIC’s tab in OILED. Based on this representation SONIC also
provides limited functionality on both of its tabs to edit concept descriptions. OILED
users can ’cut’ subdescriptions from the displayed concept description and thereby
reduce the displayed concept description to interesting aspects. OILED users can also
‘cut and store’ (a part of) the obtained concept description under a new concept name
in their ontology.

4 Conclusions and Future Work

The SONIC prototype is a graphical tool for supporting main steps of the bottom-
up approach for augmenting ontologies. These steps are realized by implementations
of the least common subsumer in ACEN and the approximation of ALCN- by ALEN-
concept descriptions. These reasoning services can be used from within the OILED
ontology editor. Since SONIC is the first system that implements a graphical user
interface for non-standard inferences, it is now possible to evaluate how useful these
inference services are to users from practical applications.

Currently there is a big language gap between the DLs implemented in the state of
the art DL reasoners and the DLs for which non-standard inferences are investigated
or even implemented. To overcome this language gap to some extend we are currently
studying a new approach to compute approximate solutions for the lcs and thus obtain
a “good” common subsumer (instead of a least one) for input concept descriptions
referring to concepts defined in a more expressive DL, see [2].

Developing SONIC is ongoing work. Our next step is to optimize the current
implementation of approximation—on the one hand to speed-up the computation and
on the other hand to obtain smaller concepts. This can be achieved by using lazy
unfolding as our les implementation for ALE has shown, see [3]. Another step is to
implement minimal rewriting w.r.t. TBoxes to obtain more concise and thus better
comprehensible result concept descriptions from both reasoning services. In the longer
run we want to comprise the implementations of the difference operator (see [7]) and of
matching for ALE (see [11]) in SONIC and provide these inference services to users from
practical applications. The SONIC system can be down loaded for research purposes
from http://lat.inf.tu-dresden.de/systems/sonic.html.

Finally we would like to thank Ralf Moller, Volker Haarslev and Sean Bechhofer
for their help on how to implement SONIC’s linking to RACER and OILED.

2This is why the TBox should be classified first.
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Understanding Ontologies in Scholarly Disciplines
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Abstract

Description logics are valuable for modeling the conceptual structures of scientific and
engineering research because the underlying ontologies generally have a taxonomic core.
Such structures have natural representations through semantic networks that mirror the
underlying description logic graph-theoretic structures and are more comprehensible than
logical notations to those developing and studying the models. This article reports experience
in the development of visual language tools for description logics with the objective of
making research issues, past and present, more understandable.

1 Introduction

Scholarship may be conceptualized as the rational reconstruction of intuitive notions within
the conventions of a discipline. When scholarly disciplines examine their foundations the
outcome is generally a taxonomy based on logical definitions intended to capture the concepts
of the primary researchers and to clarify the differences underlying disagreements. The
development and analysis of such taxonomies can be helpful to active research communities
attempting to clarify their activities, and it is also significant in retrospect to historians
reconstructing the conceptual structures of those recognized as major contributors to the
growth of human knowledge. Description logics managed through visual languages
isomorphic to the underlying graph-theoretic structures, and visually transformable through
well-defined deductive processes, offer an attractive technology to support both historic
studies and active research communities.

The work reported in this paper is a continuation of that on the use of knowledge acquisition
and representation tools to model the knowledge structures of scholarly communities [1].
These studies involved the use of the visual language [2] that allowed knowledge structures to
be expressed as semantic networks with well-defined semantics that were automatically
translated into data structures in KRS [3], an implementation of a CLASSIC-like [4]
description logic. Inferences in KRS were graphed automatically as additions to the semantic
network so that users could visualize both the inputs and outputs without translation into
logical formulae [5].

In recent years there have been major advances in description logic research that make it
realistic to use richer representations incorporating negation, disjunction and some aspects of
recursion [6]. This enables one to overcome of the artificiality of the knowledge structures
noted above that attempted to avoid such constructions, resulting in unnatural representations,
of lesser use as models meaningful to the relevant community.

This paper reports on recent developments that: extend the visual language to support richer
description logics with disjunction, negation and existential quantification; exemplifies the
process of transforming semantic networks in coming to understand them; discusses factoring
deduction into its intensional and extensional operations to support paraconsistent reasoning
[7]; and raises a number of issues for future research.
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2 Understanding an Ontology

I have used the term “understanding an ontology” in order to capture the notion that users
should be able to see the effects of variations in the ontology, some of which do not change its
meaning, others of which change it significantly in ways that can be readily understood, and
others of which are logical consequences that may require some degree of explanation if they
are to be understood.

A visual language representation of ontologies is useful to support those without great fluency
in symbolic logic in its textual representation. Shin [8] has demonstrated that diagrammatic
reasoning can provide a rigorous foundation for logical inference, and psychological
experiments show that non-technical users of a knowledge-based system find inference in a
visual language easier to understand [9].

2.1 Designing a visual language for description logics
The design criteria for the visual language have been:

1 The visual language should provide an alternative syntax to linear textual languages
but have standard logical semantics and be intertranslatable with textual languages.

2 The visual language should be simple to explain to users, both those with deep
understanding of symbolic logic and those with little understanding.

3 The visual language should correspond to the natural graph-theoretic representation of
description logics that is commonly used in describing operations on them and in
implementing computational inference [10].

4 As many as possible of the syntactic and inferential transformations of expressions in
the visual language should be formally specifiable as graph-theoretic operations.

5 The visual language should be usable both for the input of logical definitions and
assertions, and for the output of logical inferences.

6 The visual language should support modularity in the specification of ontologies such
that definitions/assertions may be specified in one document and used in others [11].

7 Subject to these requirements, the visual language should be similar to existing
languages for semantic networks.

2.2 Overview of the KNet visual language

KNet, the visual language used in this paper is implemented in a generic visual language
shell, RepNet [12], that supports a user-specified syntax for node types and connecting lines
and a user scriptable interface for translation to and from semantic networks in the visual
language enabling integration with web services such as KRS and RACER [13]. It is simple to
change the language to conform to existing practices, user preferences, or changing notions of
what is required. The examples given follow the conventions described in [2] and are similar
to those of other graphical interfaces for description logics such as RICE [14].

Concepts are represented by the concept name in an oval. Concepts are defined through the
property they encode [15] in the graph derived by tracing outgoing arrows from the concept,
terminating at concept nodes or terminal nodes. Concepts are used through incoming arrows,
and may be both defined and used in the same graph.

Base, or primitive, concepts are indicated by short horizontal markers in the concept oval that
indicate that there is some unspecified outgoing graph unique to the concept. This is a
sufficient explication (in Carnap/Quine terms [16]) for the logical properties of a primitive
concept. From a logical perspective, is does not matter in reasoning with the concept how the
unspecified graph is represented provided it is unique to the concept. However, in modeling
scientific reasoning, one has to take into account that each school of thought may have
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adopted a differing, more specific representation of a particular primitive concept, making a
distinction without a difference that can be a source of confusion in the literature.

Roles, or relations, are represented by the role name without any surrounding shape.

Individuals, or singletons, are represented by the individual name in a rectangle. An
individual exhibits [15] a property derived from its outgoing arrows as for concepts, which
may be conceptualized as the concept encoding its current state.

A collective individual or set is represented by an extensional constraint, and possibly an
identifying name, in a rectangle with inset vertical lines at each end. The constraint is
specified through upper and lower cardinality and inclusion bounds on the collection as
detailed in [3] where it was shown that such bounds may be conceptualized as defining
generalized sets or mereological collections having well defined unions, intersections and
complements, and forming a subsumption lattice under inclusion ordering (I have not yet
found an elegant graphical representation of the bounds, and hence have left these defined in
textual form within the node). Sets are important in representing role fillers, co-reference and
inclusion constraints, and, when defined by comprehension, material implications or rules.
The notation for an individual may be regarded as a shorthand for a set with cardinality 1
(consistent with the Quine/Scott [17/18] extensional simplification of set theory that a={a}).
Thus there are basically only three types of nodes: concepts, roles and mereological sets. The
node type “3” is provided as a shorthand for the cardinality constraint “=1".

Arrows between nodes derive their semantics from the types of the nodes they connect.

An arrow from concept A to concept B means that concept A is defined to be subsumed by
concept B. The equivalent graph-theoretic interpretation is that the arrow may be replaced by
copying the graph of outgoing arrows from concept B to concept A (including the unspecified
graph of a primitive concept).

An arrow from individual A to concept B means that A is asserted to be an instance of B and
again may be given a graph-theoretic interpretation as a copy operation.

An arrow from an individual A or a set A to a set B means that A is contained in B. This can
be used to specify co-reference and inclusion constraints. An arrow from a concept A to a set
B means that any individual comprehended by A is contained in B. This has the corollary that
a rule, or material implication, may be represented as a set with a incoming arrow from a
premise concept and an outgoing arrow to a conclusion concept.

Multiple arrows from a node are taken as specifying a conjunction of properties. This
convention necessitates the introduction of a special node, “v”, specifying a disjunction, with
the convention that outgoing arrows from this specify a disjunction of properties. The graph-
theoretic interpretation is one of multiple alternative graphs each having one of the branches
of the disjunction, and disjunction nodes can always be eliminated by such expansion
resulting in multiple, alternative definitions of a disjunctive concept.

Gy, 0

The conjunctive node type “A” is also available to use after a “v” to disambiguate multi-
branch outgoing graphs that are to be treated as a single term in the disjunction.

Negation is represented through an arrow with a cross bar having the graph-theoretic
interpretation that the graph at the end of the arrow must not occur. This gives rise to the
standard semantics for negation, including De Morgan’s laws linking conjunction, disjunction
and negation. A negation arrow from a concept to a set may be used to represent a rule with
exceptions [19].

An existential constraint is specified through a set with an arrow to a concept applying to the
individuals included in it.

If a graph contains a conjunction/disjunction of two identical graphs then one of the
conjuncts/disjuncts may deleted.
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2.3 Models, satisfaction and subsumption

A concept definition is coherent, or consistent, if all the set bounds specified in it are
consistent and there is no conjunction in it of an arrow and a negation arrow pointing to the
same graph.

A model satisfying an ontology defined in the visual language is a collection of individuals
satisfying all the existential constraints such that their resulting states are coherent.

One ontology is extensionally subsumed by another if any model satisfying it also satisfies
the other. This definition gives rise to the standard denotational, extensional, model-theoretic
semantics for description logics, and may be used to show that the graph-theoretic operations
of the visual language conform with the standard extensional semantics of description logics.

We may also introduce the notion of intensional or structural subsumption as a sub-graph
relation, that one ontology is intensionally subsumed by another if that other ontology is a
sub-graph of it. It follows immediately that intensional subsumption implies extensional
subsumption, but not necessarily vice versa.

However, the definition of intensional subsumption needs strengthening. First, a semantic
network may be conceptualized as a meta-graph that specifies a set of equivalent graphs
derivable from it by expansion, contraction and other logical operations. One ontology
intensionally subsumes another if its graph at any stage of expansion or contraction is a sub-
graph of the other at any stage of expansion or contraction. One could state this in terms of
full expansions to a canonical form but for computational purposes the definition given is
more useful, particularly since recursive definitions give rise to infinite graphs.

Second, the labels given to non-primitive concepts are arbitrary from a logical perspective, so
that any remapping of labels that preserves non-identity may be used in computing structural
subsumption. This corresponds to the notion that different terms are being used for the same
concept, and is important in the analysis of scientific definitions since it often happens that
different terminology has been used for essentially the same concept. Mapping primitives to
one another is a deeper operation since it would imply that their tacit definitions are the same,
and is also important to the process of finding explications of the primitives. A good example
is the way in which the application of biological evolutionary theory to processes in other
disciplines has led to the abstraction of the principles of variety generation and selective
filtering underlying a general process of ‘evolution.’

Third, the semantics of set constraints have not been specified in graphical form, but their
subsumption lattice is well-defined so that one needs to extend the notion of sub-graph to be
one in which a set matches another if it subsumes it.

3 Some Examples

In order to illustrate some of the issues, this section takes the following simple ontology from
The Description Logic Handbook [6, p.52] and shows how it may be manipulated in KNet.

Woman =  Person I'l Female (D

Man =  Person M =Woman 2)

Mother =  Woman M 3 has_Child.Person 3)

Father =  Man M 3 has_Child.Person 4)

Parent =  Father LI Mother 5

Grandmother =  Mother M 3 has_Child.Parent (6)
Mother_With_Many_Children =  Mother 'l =3 has_Child @)
Mother_Without_Daughter =  Mother MV has_Child.~Woman )]
Wife =  Woman N 3 has_Husband.Man 9

Figure 1 Simple ontology of family relationships [6, p.52]
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Fig.2 shows the ontology of Fig.1 represented as a semantic network in KNet.
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Figure 2 Ontology of Figure 1 in KNet

Figure 3 is equivalent to Figure 2, and derived from it by expanding all defined constructs,
pushing negation to terminal nodes, and excising contradictory branches from disjunctions.
These are all transformations that a representation system will probably make in transforming
the definitions into an internal normal form, and they are also of help to the user in

understanding the ontology.

Mother
With mamy
Children

Daughter

=
CGranamatner > 12 (Person)

Figure 3 Expanded ontology of Figure 2
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Some problems with the ontology defined in Figure 2 are apparent in Figure 3. “Mother
Without Daughter” and “Mother With Many Children” are not defined as expected because
they encompass situations in which a child is not a person. The problem may be viewed as
arising from the definition of “Mother” that has “Person” after an existential quantifier, and it
could be avoided by moving “Person” back to be a universal quantifier of the “has Child”
role. However, this would have the consequence in recognizing a “Mother” that all her
children would have to be checked to be people when it is intended that only the existence of
one need be checked.

These problems are arising because the ontology of Figure 2 avoids the use of the natural
recursive definition that the “has Child” role of a person must be filled by a person. However,
this is an innocuous use of recursion since the concept “Person” is a primitive that can only be
asserted of an individual, not recognized as applying to it, and hence the recursive definition
acts only as a constraint that needs propagating through a graph up to its existing terminal
nodes, not expanded indefinitely beyond them.

Fig. 4 shows an alternative ontology with the recursive definition, and Fig. 5 shows that it
leads to the expected definitions after expansion.

S R has T
€ Female 3 S ":'_";nn-:l _hiz_":'_"l--"
e o
|. ‘Without .I
Daughter iy nas
\“'—-"AL __.-'";-' Child
l"d:;:-t'e'
'\.\_\_\_ s
f__.———.
/ Mother —

[ with Many |3

\ Cildr=n_/ Lt

Figure 4 Alternative ontology to Figure 1
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:f};—___ 1 pdl v
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@ i Femsie) Caren)—> oy ED>Ceron
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Figure 5 Expanded ontology of Figure 4
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Fig. 5 looks somewhat cluttered with “Person” terminals, and the user might wish to limit the
expansion by specifying that those implicit in the recursive definition are not shown, in effect
that the “has Child” role of a person is implicitly filled by a person. Nine uses of “Person” can
be dropped in Fig. 5 while preserving its equivalence to Fig. 4.

The point of this discussion to illustrate how various transformations of a ontology may affect
the understanding of it, and need to be supported through decision logic inference and
graphical interaction. Users need to be able to move back and forth between readily
understood equivalent representations, much as does the inference engine. It is interesting to
see how the defined subsumptions in Fig.4 are clearly visible to users as inferable
subsumptions in Fig. 5 through subgraph relationships. Users also need to be able to compare
the effects of changes that do affect meaning such as those between Fig.2 and Fig.4.

The situation becomes more complex as inferences are made that go beyond the restructuring
discussed so far, for example, if it is the A-Box that is being graphed and extensional case-by-
case reasoning has been applied or rules have fired. KRS graphs the results of such reasoning
as additions as to the original graph after “infer” nodes, but makes no attempt to “explain”
them. CLASSIC provides a form of explanation of terminological reasoning [20] and this
together with more recent developments [21,22] suggest approaches which it would be
interesting to implement as modules providing graphical output through semantic networks.

In its applications to presenting output from clustering algorithms, KNet provides an
interactive interface whereby users can adjust what parts of a graph are shown by moving a
slider to change a threshold. It would be interesting to take output from an inference engine in
a proof markup language [23] and have a slider that moved through a linear representation of
the proof steps while showing the resulting inferences being graphed in the semantic network.

Figure 6 provides a simple example of the distinctions made in Aristotle’s mechanics that led
to problems that medieval scientists attempted to resolve with little progress until their
reconstruction by Galileo facilitated their explication by Newton [24]. The state of an object
was seen to be either one of rest or one of motion, and several states of motion were
distinguished. One that was well-grounded in experience but problematic in the development
of a unified science of motion, was the distinction between heavenly and local bodies. The
problems generated by this distinction without a difference were greatly exacerbated by
making circular, constant motion part of the definitional essence of heavenly motion, thus
requiring no explanation in terms of material conditionals or ‘laws of motion.’

© Constant 3% Accelerating ¥

CFroe fall €+ Vikent
Figure 6 Distinctions in medieval mechanics

Medieval scientists accepted the heavenly —local distinction and the lack of need to explain
the ‘perfection’ of heavenly motion, and focused on problems with the behavior of bodies in
free-fall motion, that they accelerated, and ones in ‘violent’ motion, such as projectiles, that
they continued in the direction in which they were projected even though they had lost contact
with the projector. This led to explanations in terms of notions such as impressed ‘impetus’
[24].
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Galileo dropped the distinction between heavenly and local bodies and between free fall and
violent motion, but introduced new problems through the notion that the earth itself was
moving and yet this had no apparent effect on objects in free fall. One can track the changing
ontologies and laws from Aristotle through Buridan and Oresme to Copernicus and Galileo
and hence to Descartes, Huygens, Hooke, Newton et al, as the gradual reduction of primitives
in the ontologies of motion and their replacement by the material implications which we now
know as Newton’s ‘laws of motion’ [24].

4 The Transition from Logical Opposition to Numeric Scales

One important phenomenon in the development of scientific reasoning is the way in which
qualitative distinctions become refined to be graded distinctions, eventually becoming
numeric scales of observable measured with ever-increasing precision [25]. We can model
this process in a description logic by introducing the natural symmetry of an opposition, that it
is generally conceived as based on two opposing concepts of equal status rather than one and
its negation as in Figs. 2, 4 and 6. The resultant structure turns out to have the properties of a
multi-point scale.

-

i \ ! " / ] H"
| Absolute | [ Low-speed | | High-speed |
‘. Rest Y. Motion b Mation J
I\‘-\-\. ..-frll . - \H /

Figure 7 From an opposition to a five-point scale

Fig. 7 exemplifies this process. The opposition between the primitives, rest and motion, is
modeled by the extremes of absolute rest and high-speed motion which inherit from one
concept and the negation of the other. This leads to a natural five-point scale as three other
concepts are interpolated between them, the two primitives and their disjunction. Seven and
nine-point scales may be developed from this by adding another concept such as ‘extreme
value.” Once the logical possibility of grading the opposition has been realized it is natural to
look for quantities to measure that correlate with the scale and provide further gradations.

5 Supporting Paraconsistent Reasoning

In the literature on modeling scientific reasoning it has been argued that inconsistencies are
often present but do not cause “explosive” growth of conclusions through the ex falso
quodlibet derivations of classical logic [7]. Hence it has been proposed that paraconsistent
logics are needed to account for scientific reasoning [26]. However, uniform paraconsistency
is not desirable since many major achievements in the scientific literature, such as Arrow’s
impossibility theorem, result from proofs of definitional inconsistency, and Rips’
psychological studies show that people readily generate reductio ad absurdum arguments to
solve logic problems [27].

Batens has proposed and developed adaptive logics that default to classical behavior in the
absence of inconsistency, but behave paraconsistently in its presence [28]. Description logics
are well-suited to be foundations for such logics if the reasoning is factored appropriately. The
major example of ex falso quodlibet in description logics is that any incoherent definition is
subsumed by any other. However, structural subsumption based on graph-matching does not
lead to this conclusion. It has to be imposed separately. KRS [3] would happily report that a
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Meinongian green, round, square entity, where round and square were declared disjoint
primitives, was subsumed by green, round or square but not by red, provided that the
additional inference step of noting that the definition was incoherent and mapping it to bottom
was not taken.

Tableaux proofs by refutation obviously rely on such mapping but extensions to tableaux
methods have been described which support inconsistency-adaptive logics [29] and it would
be interesting to investigate how these might be incorporated in description logics.

A reasonable target architecture might be an inference engine with a user-interface through
semantic networks and control over the proof methods such that one can see the impact of
various methods in terms of the proofs generated and the inferences made. Normalization and
structural subsumption might provide a model of the inference patterns that have led to
incoherent definitions being accepted by scholarly communities for long periods of time, with
inferences being made despite the contradictions. Stronger proof methods might provide a
model of the anomaly detection that leads to a change in the conceptual framework marking a
minor or major “scientific revolution.”

6 Conclusions

Description logic technology, with visual language interfaces and control of proof techniques,
provides very valuable tools for understanding the knowledge processes of current and past
scholarly communities. Much of the current research on the support of the semantic web is
directly applicable since the sub-disciplines of science are known to form a “semantic web” of
inter-dependencies and provenances. It may be that some additional constructions will be
needed, but the advances of recent years in description logic research make it reasonable to
expect that it will be feasible to add them.
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e-Services represent a new model in the utilization of the network, in which
self-contained, modular applications can be described, published, located and
dynamically invoked, in a programming language independent way.

Research on e-Services spans over many interesting issues, including descrip-
tion, discovery, composition. Our research focuses on automatic composition
synthesis.! More specifically, we have devised techniques that, given (i) a client
specification (target e-Service) expressed as a transition system and (7i) a set of
available e-Services, also described as transition systems, synthesizes a compos-
ite e-Service that (i) uses only the available e-Services and (7i) interacts with the
client “in accordance” with the input specification. First, we have considered the
situation where the target e-Service is completely specified, and then we have
extended the framework to deal with a target e-Service which is underspecified
and presents non-determinism, in the form of don’t care condition on the next
transitions.

Our techniques are based on reducing the problem of checking the existence
of a composition into concept satisfiability in a knowledge base expressed in a
Description Logic (DL) —or equivalently satisfiability of a formula in a theory
expressed in a variant of Propositional Dynamic Logic. With this reduction, rea-
soning tools for DLs can be directly used for composition synthesis, in particular
by extracting a composite e-Service from a model of the DL knowledge base.
We have developed (and currently continue to extend) an open source prototype
system?, that realizes our techniques, which is, at the best of our knowledge, the
first effective tool for automatic composition synthesis of e-Services that export
their behavior.

!Relevant publications can be found at: http://www.dis.uniromal.it/ berardi/
publications.

Zcfr. the PARIDE (Process-based frAmewoRk for composItion and orchestration of Dinamyc
E-Services) Open Source Project: http://sourceforge.net/projects/paride/
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Description Logic and Order-sorted Logic
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I have been studying the following work on description logic, which is closely
related to my main work on extensions of order-sorted logic and logic program-
ming [4, 3, 2|.

Title: Negation in Description Logics: Contraries, Contradictories and Sub-
contraries (under submission)

Abstract: We propose an alternative description logic ALC.. with classical
negation and strong negation. In particular, we adhere to the notions of con-
traries, contradictories and subcontraries [1], generated from possible statement
types using predicate denial and predicate term negation. To capture these no-
tions, our formalization provides an improved semantics that suitably interprets
various combinations of classical negation and strong negation (but not Heyt-
ing negation and strong negation). We develop a tableau-based satisfiability
algorithm for ALC., and show the correctness: soundness, completeness and
termination and the complexity.
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The increasing reliance on automated reasoning needs not just the avail-
ability of fast reasoners, but also mechanisms to explain their, often surprising,
results to human users, so that they can understand the consequences in their
application domain. As one of the significant applications of machine reasoning
is the Semantic Web, where reasoning on Description Logic(DL) plays a critical
role, it is worth looking into explanation of DL reasoning.

There are three aspects in explanation that we are interested in:

Understandability and conciseness of explanation

Explanation means to bring understanding to the human being. Therefore gen-
erated explanation has to be easy to understand and reader friendly. It must
not be clumsy and lengthened; otherwise it would be very difficult to consume
it. Unfortunately, the tableaux algorithm and its optimizations implemented
by DL reasoners are complicated in nature, difficult to be understood. Special
explanation methodology is needed to generate understandable explanations for
DL reasoning.

Extension of explanation for expressive DLs
Today tableau-based reasoners like FaCT and RACER are capable of reasoning
with the very expressive DL (SHZ Q). However, explanation methodologies pro-
posed so far can only handle basic DLs like ALC. Growth of explanation power
is far behind that of the reasoning capability. Extending explanation power is
therefore one of the goals of our research.

Integration of explanation facility to DL reasoners
An explanation engine can not work alone, it must work closely with a DL
reasoner. However, current DL reasoners do not support explanation. Modifying
an existing DL reasoner to incorporate explanation capability is difficult and
costly. A Dual-Reasoner architecture is being investigated to bring reasoning
and explanation together.
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The Unified Modelling Language (UML, cf. www.uml.org) is probably the most used modelling
language in the context of software development, and has been proven to be very effective for the
analysis and design phases of the software life cycle.

UML offers a number of diagrams for representing various aspects of the requirements for a
software application. Probably the most important diagram is the class diagram, which represents
all main structural aspects of an application: classes, associations, ISA hierarchies between classes,
multiplicity constraints on associations. Actually, a UML class diagram represents also other as-
pects, e.g., the attributes and the operations of a class, the attributes of an association, and the
specialization of an association. Such aspects, for the sake of simplicity, will not be considered.

A class diagram induces restrictions on the number of objects, because of its multiplicity con-
straints. In some cases the number of objects of a class is forced to be zero. When a class is forced
to have either zero or infinitely many instances, it is said to be finitely inconsistent or finitely
unsatisfiable.

Unsatisfiability, either finite or unrestricted, of a class is a symptom of a bug in the analysis phase,
since such a class is clearly superfluous. In particular, finite unsatisfiability is especially relevant in
the context of applications, e.g., databases, in which the number of instances is intrinsically finite.

Finite inconsistency may arise in complex situations, and discovering finite inconsistency may be
not doable by hand, since it requires global reasoning on the whole class diagram. Thus, automated
finite model reasoning in UML class diagrams (including checking finite satisfiability of classes) is of
crucial importance for assessing quality of the analysis phase in software development. Indeed, for the
purpose of software engineering, finite model reasoning in UML class diagrams is often considered
more important than unrestricted reasoning.

In our research we address the implementation of finite model reasoning on UML class diagrams,
a task that has not been attempted so far. This is done by exploiting an encoding of UML class
diagrams in terms of Description Logics (DLs).

Reasoning in such logics has been studied extensively, both from a theoretical point of view,
establishing EXPTIME-completeness of various DL variants, and from a practical point of view,
developing practical reasoning systems. The correspondence between UML class diagrams and DLs
allows one to use the current state-of-the-art DL reasoning systems to reason on UML class diagrams.
However, the kind of reasoning that such systems support is unrestricted (as in first-order logic),
and not finite model reasoning. That is, the fact that models (i.e., instantiations of the UML class
diagram) must be finite is not taken into account.

Interestingly, in DLs, finite model reasoning has been studied from a theoretical perspective, and
its computational complexity has been characterized for various cases. However, no implementations
of such techniques have been attempted till now. In our research we reconsider such work, and on
the basis of it we present, to the best of our knowledge, the first implementation of finite model
reasoning in UML class diagrams.

The main result of our current reseach is that it is possible to use off-the-shelf tools for constraint
modelling and programming for obtaining a finite model reasoner. In particular, we propose an
encoding of UML class diagram satisfiability as a Constraint Satisfaction Problem (CSP). Moreover,
we show also how constraint programming can be used to actually return a finite model of the UML
class diagram.

We built a system that accepts as input a class diagram written in the MOF syntax, and translates
it into a file suitable for ILOG’s OPLStudio, which checks satisfiability and returns a finite model,
if there is one. The system allowed us to test the technique on the industrial knowledge base CIM,
obtaining encouraging results.
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1 Introduction

In order to gain experience with description logic reasoner, and to coterib the OWL Can-
didate Recommendation process, a small team at MINDSWAP set out to implartiadaeau
reasoner for the Lite and DL dialects of OWL (corresponding roughlydal#scription logics
SHIF(D) and SHION(D)). Our group found existing, available DL eers lacking for our
purposes, because we needed an open-source tool that proBdeseasoning, that does not
make Unique Name assumption, supports entailment checks and works withS¢ktma
datatypes. Pellet has been developed to addresses these issues lagcbhae both our test
bed for experiments with DL and Semantic Web reasoning, as well as odastareasoning
component. While not (yet) in the performance range of Racer or Faets itfany usability
features that makes it a good choice for various lighter weight situations.

Technically, Pellet is a sound and complete tableau reasoners for SHARCSHON(D)
(with ABoxes), and a sound but incomplete tableau reasoner for SHIDM({th ABoxes).
Pellet has the usual suite of optimizations including lazy unfolding, absormtependency
directed backjumping, and semantic branching. It incorporates dataggsening for the
built-in primitive XML Schema datatypes. Pellet is implemented in pure Java arildiaea
as open source software.

2 Special features

Pellet has a number of features either driven by OWL requirements orrilieriiéeb issues.

Ontology analysisand repair OWL has two major dialects, OWL DL and OWL Full, with
OWL DL being a subset of OWL Full. All OWL knowledge bases are endaeRDF/ XML
graphs. OWL DL imposes a humber of restrictions on RDF graphs, som&iohwre sub-
stantial (e.g., that the set of class names and individual names be disjainspare less
so (that every item have a “type” triple). Ensuring that an RDF/XML docuimmeeets all
the restrictions is a relatively difficult task for authors, and many existing-@atuments
are nominally OWL Full, even though their authors intend for them to be OWL Fllet
incorporates a number of heuristics to detect “DLizable” OWL Full documé&epair” them.
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Datatypereasoning XML Schema has a rich set of basic datatypes including various numeric
types (integers and floats), strings, and date/type types. It also herslseechanism, both
standard and unusual for creating new types out of the base typesxaraple, it's possible

to define a datatype by restricting the integers to the set of integers whus@@a represen-
tation has only 10 digits, or whose string representation matches a certalarrepression.
Currently, XML Schema systems tend toward validation of documents andagiemeof PSVI
instead of type checking (though, with the advent of XQuery, this mightghg Pellet can
test the satisfiability of conjunctions of thus constructed datatypes.

Entailment In Semantic Web, entailment is the key inference whereas the Description Log
community have focused on satisfiability and subsumption. While entailment gadbesd

to satisfiability, most DL systems do not support it. In part to pass a larg@paf the OWL
test suite, we implemented entailment support in Pellet.

Conjunctive ABox query Query answering is yet another important feature for Semantic
Web. We have implemented an ABox query answering module in Pellet usiliggrap”
technique. We have devised algorithms to optimize the query answering hgiogehow
likely candidates for variables are found and tried. Exploiting the depenige between dif-
ferent variable bindings helps us to reduce the total number of satisfiabdlistteis speeding

up the answer significantly.

3 Applicationsand Future Work

We expose most of Pellet's capabilities equally from a Java API, a commanuthiéréace,
and a Web form. The Web form has been used by a number of peopledties validation,
consistency checking, and experimenting with OWL DL classification andlrmetat.

Pellet is the default reasoner in SwoopEd, a lightweight ontology broaséreditor.
Pellet is used for classification, class satisfiability testing, query, andespealidation and
repair.

We also use Pellet for web service discovery and composition. Pelleteleasifcorpo-
rated as the knowledge base for a version of the SHOP2 HTN plannitensysd Fujitsu
Lab of America’s Task Computing Environment (TCE).

We have begun experimenting with various multi-ontology/logic formalism, sudisas
tributed description logic and E-Connections implementation techniques. leisialts have
been both instructive and promising. We also aim to integrate the reasonerugghto
support Semantic Web Rule Language (SWRL). Other future work psojeclude generat-
ing explanations for concept satisfiability, querying usihgperator and experimenting with
non-monotonic reasoning using annotated logics.

213
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The need for semantically precise domain descriptions has given raise to an increasing num-
ber of so-called bio-ontologies covering different fields of biology and medicine. Examples
are the Foundational Model of Anatomy (FMA)[5], the Gene Ontology [3] and the Open
Biological Ontologies [6]. There are several examples of the conversion of biomedical on-
tologies into T-Boxes[2, 7, 1, 8] in order to enable terminological reasoning. The biomedical
domain, however, exhibits certain peculiarities. Besides the generally large size of biomedi-
cal terminology systems (10,000 - 100,000 concepts) the physical composition of organisms
(anatomy, biological structure) plays an pivota role which which may impact the performance
of description logics implementations:

e Part-Whole hierarchies constitute an important ordering principle.

Definitory cycles are common, e.g. C'ell = Jhaspart.Cytoplasm and
Cytoplasm T dpartof.Cell.

Pairwise digunction in taxonomies, e.g. Organ = —T'issue

Pairwise digunction in partonomies, e.g. Ipartof.Trunk C —Ipartof.Head

Roleinclusion, e.g. r o s C r [4]
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