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Executive Summary

This deliverable describes the progress on the developafentule layer in the Won-
derWeb project. For the expression of rules, we build on Dgtavhich represents a
well-studied language with known formal properties. Ualither approaches we seek a
tight integration of the ontology language and the ruleglemge. This is achieved via a
translation of ontologies described in Description Logdius a set of rules described in
the Datalog language. We present a first implementation ealdiaion that shows the
suitability of our approach.
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1 Introduction

Description Logic has become one of the most prominent kadge representation for-
malisms, and with recent work on the Ontology Web Languadg¥/|(Dstandard [22], it
is likely to be the basic KR in the Semantic Web context.

On the other hand, logic programming is also an importanikedge representation
paradigm, with several implemented systems (e.g., XSB&®€@]variants of Prolog) and
a large user community. This community is advocating to rextide current Semantic
Web with means to specify and exchange Logic Programmiylg-stiles. However, up
until now, these two formalisms have been largely separate.

To achieve a sensible architecture of the Semantic Webs auld ontologies should
not be unrelated and separate from each other. Hence, gratite of both techniques to
data modelling is required. This deliverable is mainly cenned with bridging this gap.

Contribution  We develop the Description Logic Programs (DLP) paradig#) {& ad-
dress this issue and establish a degree of interoperatylidefining a meaning preserv-
ing translation between Description Logics ontologies bgic programs. Essentially
we allow a commonly used subset of OWL to be fully capturedomid programs. To
this extent, we study some of the more expressive featur@\if, such as nominals and
functional restrictions, and show how these can be tragdiato logic programs. Finally,
we present a prototypical implementation that shows intabtow a logic programming
system can reason with a DL ontology. The feasibility of doso is underlined in the
first evaluation that we conducted.

While our translation basically targets Datalog-styleesllwe show how to capture
more expressive DL primitives, such as existentials usinDatalog extended with func-
tion symbols. This enables the modelling of incompleterimfation, allowing a distinc-
tion to be made between stating that someone has a son (whose is not known),
that someone has a son named “John”, or that it is unknowreyf Have a son or not.
Similarly, nominals allow concepts to be defined by refeyria well-known instances.
Finally, functional properties allow uniqueness condisi®o be captured, which is partic-
ularly important for interfacing with relational database/here primary keys are used to
uniquely identify records.

Non-Contribution  This report is not concerned with a particular Web syntaxtifar
rule layer, we believe that the issue of designing an RDF/Xblsed syntax for Datalog
is straightforward and does not impose any research questitVherever we present
rules, we use the established LP-style syntax to improvestheability.

Related Work Our work conceptually follows from the relationship betweskescrip-
tion logic and first-order logic ([4]) and the multi-modadiic K ([27]). Hereby, we differ
from other approaches who try to provide rules on top of @muias.

Several approaches try to provide an axiomatisation of OWWsrecursor DAML+OIL,
for example [10] provide an axiomatisation in Knowledgeshehange Format (KIF). This
approach allows to specify further axioms (or rules) thatidstem from a rule syntax,
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but is - due to the features available in KIF - not directly@xable using standard logic
programming systems [31]. Two other systems try to impler@L using a rule-based
formalism: The Euler Proof Mechanism [25] by Jos De Roo ofaAghd Tim Berners-
Lee’s Closed World Machine (CWM) [3]. Both approaches axatise even elementary
logic constructs. Their axiomatisation is neither proveehe sound nor complete, e.g. the
substitutivity of equality is not correctly captured. Taeés no formal characterization of
the inference algorithms that these systems employ. Inganoach, however, we rely on
the well-known semantics and evaluation procedures of logic and extensively reuse
existing constructs for our purposes.

Finally, several systems, such as CARIN [20] or AL-log [8leanpted the integration
of description logic with Datalog-style rules. These sygstalo not provide a translation
of one formalism into another as we do it. Rather, they ingagt which primitives from
both formalisms can be successfully combined, resultirgdecidable system.

Structure of the paper The remainder of this report is structured as follows: Sec-
tion 2 gives an overview of our approach. Section 3 recagitgl the fundamentals of
Description Logics and Logic Programming. Section 4 dsthié translation of DL-based
ontologies into logic programs, which is central to our agwh. Section 5 presents our
prototypical implementation and further possibilitiesntegrate data. Section 6 reports
the results of a first evaluation of our approach. We conclndgection 7 summarizing
our findings and giving an outlook to future work.

2 Overview

This section gives an overview of our approach and sketdteestitline of the remainder
of the paper. Our approach is driven by the insight that ustdading the expressivater-
sectionof the two KRs will be crucial to understanding the expresstymbination/union
of the two KRs. Hence, we start with the goal of understanttiegelationship between
both logic based KR formalisms (so as to be able to combinevleuge taken from
both): Description Logics (decidable fragments of FOL elggelated to propositional
modal and dynamic logics [27]), and Logic Programs (see, EL.pfor review) which in
turn is closely related to the Horn fragment of FOL. Since @igsion Logics resemble
a subset of FOL without function symbols, we similarly foarsthe fragment of Horn
FOL, def-Horn, that contains no function symbols. Both DL and LP are thésted to
def-Horn.

The established correspondence is used to define a new et&t® KR calledDe-
scription Horn Logic(DHL), which is contained within the intersection, and thesely
relatedDescription Logic Program@LP), which can be viewed as DHL with a moderate
weakening as to the kinds of conclusion can be drawn.

Figure 1 illustrates the relationship between the variob¥s Kand their expressive
classes. DL and Horn are strict (decidable) subsets of F®Loh the other hand, inter-
sects with FOL but neither includes nor is fully included WLE For example FOL can
express (positive) disjunctions, which are inexpressibleP. On the other hand, several
expressive features of LP, which are frequently used intjmaaule-based applications,
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First-Order

Figure 1: Expressive overlap of DL with LP.

are inexpressible in FOL (and consequently also outsideebHdrn). One example is
negation-as-failure, a basic kind of logical non-monotdgi Another example is proce-
dural attachments, e.g., the association of action-paifay procedural invocations with
the drawing of conclusions about particular predicates.

Description Logic Programs, our newly defined intermedid®e is contained within
the intersection of DL and LP. “Full” LP, including non-mawoaicity and procedural
attachments, can thus be viewed as including an “ontologylamguage”, namely the
DLP subset of DL.

Rather than working from the intersection as we do in thisepapne may instead
directly address the expressive union of DL and LP by stugltie expressive union of
DL and LP within the overall framework of FOL. This is certiiran interesting thing
to do. However, to our knowledge, this has not yet been weltatterised theoretically,
e.g., itis unclear how, if at all, such a union differs fronfi f£OL.

Full FOL has some significant practical and expressive daakd as a KR in which
to combine DL and rules. First, full FOL has severe compaieti complexity: it is
undecidable in the general case, and intractable even tinelddatalog restriction (see
Section 3). Second, it is not understood even at a basicraskesel how to expressively
extend full FOL to provide non-monotonicity and procedwatitachments; yet these are
crucial expressive features in many (perhaps most) pedaigages of rules. Third, full
FOL and its inferencing techniques have severe practidahl&ations since it is unfa-
miliar to the great majority of mainstream software engisgehereas rules (e.g., in the
form of SQL-type queries, or Prolog) are familiar concepiyu@ many of them.

Via the DLP KR, we give a new technique to combine DL and LP. Wewshow
to performDLP-fusion the bidirectional mapping of premises and inferencedyaing
typical kinds of queries) from the DLP fragment of DL to LP,dainom the DLP frag-
ment of LP to DL. DLP-fusion allows us to fuse the two logicdR&so that information
from each can be used in the other. The DLP-fusion techniqumiges several benefits.
In particular, DLP-fusion enables one to “build rules on tifpontologies”: it enables
the rule KR to have access to DL ontological definitions focatulary primitives (e.g.,
predicates and individual constants) used by the rulesv&sealy, the technique enables
one to “build ontologies on top of rules”: it enables ontatag definitions to be supple-
mented by rules, or imported into DL from rules. It also eeal#fficient LP inferencing
algorithms/implementations, e.g., rule or relationabfiase engines, to be exploited for

4
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reasoning over large-scale DL ontologies.

3 Fundamentals

In this section be give a brief recapitulation of the forraals we deal with, in particular,
description logics and logic programming.

3.1 Description Logics

Among the multitude of available description logics, we sfido base our translation
on the variant taken as the basis for the Web Ontology Larg(@yVvL) [22]. OWL is
expected to be a central standard for ontologies on the Sem&rb and corresponds
to a very expressive description logic knowng®& OIA((D*) [18, 16]. However, our
results are not restricted to this description logic only.

DL FOL
; c g?:)' OWL Syntactic Shortcuts
S disjointWith:
(a,b):P |P(a,b) CLC -G,
CCD Vx.C(x) — D(X) : — o
differentindividualFrom:
PPCP ¥z (P(Y) AP(Y.2) = P(x2) 1)  —{iz)
CiM...MCH[Ci(X) A ... ACr(X) SymmetﬁcProperty'
P=Q" " YP(xy) < QX P—p- '
JPC 3y.(P(x,y) AC(y)) "
FunctionalProperty:

vPC vy.(P(x,y) — C(y)) TC<1p Pery
TESIP [vxy.2(P(Y) AP(X2) »y=2 Inverng:mctionalProperty:
{ag,...,an} [X=a1V...VX=ay T <1p-
CiU...UCH[Ca(X) V... VCn(X) domaiﬁ-\
—C ~C) FPTCC
>np Hyl”"7yn'/\l<i<n(P(X’yi) range: o

ANigicj<nV #Yi) T CVPC
<S(N=DP |Wy1,...,¥n-(A1<i<cn(P(X 1))

— Vicicj<ni =Vj)

Table 2. Syntac-

Table 1: Syntax and Semantics of Descriptioff Shortcuts
Logics

Syntactically, description logic concepts are defined bymseof simple concept ex-
pressions, were complex concept expressions can be lmmit§impler ones by combin-
ing them using various connectives, e.g. conjunction anolrurConcept expressions can
be used to state various types of axioms, e.g. subset oraegnoe relationships between
concepts. Although the semantics of a description logisiglly given denotationally, in
this paper we focus on the semantics established througéspamdence with first order
logic. In particular, the semantics of concept expressiggg/en by FOL formulas with
one free variable, whereas the semantics of axioms is giyetosed FOL formulas. The
syntax and semantics of description logics is given in Tald@ad is based on [4].
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OWL introduces several syntactic constructs that are quoenee abbreviations of
otherSH OIN (D) constructs. Without loss of generality we assume that ah sinort-
cuts have previously been eliminated according to the esipas in Table 2.

3.2 Logic Programming

Logic programming is a knowledge representation mechabissed on Horn clauses —
FOL implications with only one literal in the implication &e and conjunctions of literals
in the body, with all variables universally quantified. Harlauses are often extended
with a closed-world negation and arithmetic predicatess tiesulting in a classical logic
programming environment.

The elementary syntactic units of the langue are terms,wtan either be constant
symbols such as names (so-cal&dmic valuesand numbers (integer, float, etc.), vari-
able symbols (usually written in capital letters) or compadterms of the fornf (ty, ..., tn)
wheret; are terms, representing an invocation of the funcfiomith argumentd, ..., t,.
Terms are used to form literals of the forpfty,...,t,), wherep is a predicate symbol,
meaning thap holds forty, .. .,t,. Literals can be assembled in rules (also catliedises
or implications) of the formH :- By, ..., By, which intuitively mean that the head literal
H is true if all body literalsB; are all true. For example, the following rule expresses the
fact that uncles of a person are the brothers of a parent:

uncleOfX,Y) :- hasParertiX, Z), brotherOfZ,Y).

Rules with empty bodies are callédcts— they define things that are always true.
Rules in the program may brecursive meaning that some predicates occur in the head
of some and in the body of some other rules. Further, rulasailp must be safe, meaning
that every variable in the rule must appear in at least oniiypmbteral.

Queries are conjunctions of literals of the fo@y, . .., Qn. For example, uncle@X,2)
represents a query to retrieve all pairs where the first vigem uncle of the second one.
Evaluating a query in a logic program means determining aliable substitutions for
which the query conjuncts are all true.

Such declarative logic programs (LP) is the KR whose seroantiderlies in a large
part the four families of rule systems that are currently noosnmercially important—
SQL relational databases, OPS5-heritage production,riatesog, and Event-Condition-
Action rules—as well as the proposals for rules in contexhefSemantic Web.

As mentioned before, the commonly used expressivenest bFfincludes features,
notably negation-as-failure/priorities and procedutic@ments, that are not expressible
in FOL, much less in DL. We thus concentrate on only an expreg®rtion of LP, definite
LP.

A definiteLP is an ordinary LP in which negation-as-failure does nqiesp, i.e., a
set of rules each having the form:

H «— BiA...ABn
whereH, B;j are atoms, anch > 0.

Definite LP is closely related syntactically and semaniycal the Horn fragment of

FOL, a.k.a. Horn-clause logic. A clause in FOL has the form:
LiV...VLg
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where eacly; is a (classical) literal. A literdl has either the form (14 or (2) —A, where
Aiis an atom. The literal is said to Ip®sitivein case (1), or to beegativein case (2). A
clause is said to bdorn whenat most onef its literals is positive. A Horn clause is said
to bedefinitewhenexactly oneof its literals is positive. A definite Horn clause is also
known as @orn rule. A definite Horn clause, a.k.&lorn rule, can thus be written in the
form:

H «— BiA...ABn
whereH, B; are atoms, anth > 0. We say that this Horn ruleorrespondgo the definite
LP rule that has the same syntactic form, and vice versa.wise we say that a Horn
ruleset®R H and a definite LP ruleseR P correspond to each other when their rules
do (isomorphically). We then also say th&tP is the LP-correspondenbf R #, and
conversely tha® # is theHorn-correspondenof R P.

As mentioned above, it is implicit in this notation that algical variables are univer-

sally quantified at the outer level, i.e., over the scope efithole clause. E.g., the rule
manx) « humar{x) A malgXx)
can be written equivalently as:
Vx. man(x) < humar{x) A maleXx).
Note the similarity with the FOL equivalent of a DL inclusi@ubClassOf) axiom given
in Table 1.

An LP rule or Horn clause is said to leuality-freewhen the equality predicate
does not appear in it. Likewise, each is said toD@alog when no logical functions
(of arity greater than zero) appear in it. The Datalog restm is usually taken to mean,
additionally, no negation and only “safe” rules (all vati@boccuring in the head of a rule
also occur in the body of a rule).

The semantics of an ordinary LP is defined to m®aclusion setwhere each conclu-
sion is a ground atom, i.e., fact, entailed by the LP. Forynglle semantics of a definite
LP R is defined as follows. LaiB stand for the Herbrand base ®f. The conclusion set
C is the smallest (w.r.t. set inclusion) subgedf HB such that for any rule

H «— BiA...ABm,
if BiA...ABm€ SthenH € §S.

The relationship of LP semantics to FOL semantics is retftigimple to describe
for the case of definite equality-free Datalog LP, which wik daf-LP. The syntactically
corresponding fragment of FOL is definite equality-freeddag Horn FOL, which we call
def-Horn Let R P be a def-LP. LetR # stand for the corresponding def-Horn ruleset.
The conclusion set aR P then coincides with the smallest (w.r.t. set inclusion)ibtand
model of R .

Hence, the def-LP and the def-Horn ruleset entail exacdystime set of facts. Every
conclusion of the def-LP is also a conclusion of the def-Huotaset. Relative to the def-
Horn ruleset, the def-LP is thus sound; moreover, it is catedior fact-form conclusions,
i.e., for queries whose answers amount to conjunctionsots fdowever, the def-LP is a
mildly weakerversion of the def-Horn ruleset, in the following sense. ig\@nclusion
of the def-LP must have the form of a fact. By contrast, thaiéments, i.e., conclusions,
of the def-Horn ruleset are not restricted to be facts. BugpposeR # consists of the
two rules

kiteDayTueg <« sunnyTueg A windy(Tueg
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and
sunnyTues.
Then it entails
kiteDay(Tueg « windy(Tueg

(a non-unit derived clause) where®gP does not. In practical applications, however,
guite often only the fact-form conclusions are desired, eigapplication might be inter-
ested above only in whether or foteDay(Tues is entailed. The def-LP has the virtue of
conceptual and computational simplicity. Thinking in teraf expressive classes, we will
view def-LP as arexpressive subset def-Horn—we will call it the expressiviesubset
def-LP is a mild weakening of def-Horn along the dimensiorofailment power, per-
mitting only fact-form conclusions—we will call thisweakening

In return for this f-weakening, def-LP has some quite ativaccomputational char-
acteristics (as well as being expressively extensiblernactions that FOL is not, as dis-
cussed earlier). For the propositional case of def-LP, estige inferencing i©(n) where
n=|RP| —i.e., worst-case linear time [9]. For the general case loigical variables,
the entire conclusion set of a def-l%P can be computed in tim®(n*1), when there is
a constant boundon the number of logical variables per rule (this restrictihich we
will call VB, is typically met in practise). Inferencing in def-LP is thractable (worst-
case polynomial time) given VB. In contrast, DLs are gengnabt tractable (typically
ExpTime or even NExpTime complexity for key inference peshk), and full FOL is not
decidable.

4 Translation

In this section we will discuss how DL languages (e.g., OWan be translated to def-
Horn, and vice versa.

4.1 Expressive Restrictions

We will first discuss the expressive restrictions of DL anfitdern as these will constrain
the subset of DL and def-Horn for which a complete mappinglezadefined.

Tree model property DLs are decidable subsets of FOL where the decidability & du
in large part to their having (a form of) the tree model prop&80]. Expressive features
such as transitive properties and tiref constructor compromise the tree model prop-
erty to some extent, e.g., transitive properties can casisert-cuts” down branches of
the tree. This property says that a DL cl&kas a model (an interpretatidnin which

C! is non-empty) iffC has a tree-shaped model, i.e., one in which the interpoetati
properties defines a tree shaped directed graph. This esgeint severely restricts the
way variables and quantifiers can be used. In particulamtifiers must beelativised
via atomic formulae (as in the guarded fragment of FOL [1i18), the quantified variable
must occur in a property predicate along with the free véeifdecall that DL classes cor-
respond to formulae with one free variable). For examplke[3h classIP.C corresponds
to the FOL formulady.(P(x,y) AC(y)), where the property predicakacts as a guard.
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One obvious consequence of this restriction is that it isassble to describe classes
whose instances are related to another anonymous indiwidudifferent property paths.
For example, it is impossible to assert that individuals wte and work at the same
location are “HomeWorkers”. This is easy with a Horn rulg,.e.

HomeWorkeftx) < work(X,y) Alive(X,z) Aloc(y, W) Aloc(z,w)

Arity of predicates Another restriction in DLs is that only unary and binary poades
can usually be captured. This is not an inherent restricéiod n-ary DLs are known, e.g.,
DLR [7]. This is a less onerous restriction, however, as tearesdor reifying higher
arity predicates are well known [17].

Quantifiers Definite Horn FOL requires that all variables are univeysgllantified (at
the outer level of the rule), and restricts logical connadiin certain ways. One obvious
consequence of the restriction on quantifiers is that it {gassible to assert the existence
of individuals whose identity might not be known. For exaeypl is impossible to assert
that all persons have a father (known or unknown). This iy eaih a DL axiom, e.g.:

PersoriC 3fatherT.

Logic Programming systems typically deal with existengaéntification via a procedure
called skolemization. Skolemization is a syntactic troasifation routinely used in au-
tomatic inference systems in which existential variablesraplaced by 'new’ functions
applied to univerisal variables in front of the existengiaantifier of the variable. This
procedure is correct with respect to satifisfiability, tisaf the original formula is satisfi-
able, then so is the skolemized formula, for example a FOinéda

Vx3yp(x.y)
which is not directly expressible in Horn logic, would bertséated to

vxp(x, (X))

f has to be a previously unused function symbol, otherwisatantional equalities
could follow.

Negation The reason for this is that negation in description logiads lagic program-
ming has significantly different semantics. In descriptiogics negation has so-called
classical semantics, which is quite different from negatis-failure, typically employed
in logic programming. In a logic program something is falk& ican’t be proven to
be true. E.g., unless the database contains Comgoisann-sebastignone can entail
—Composefjohann-sebastignOn the other hand, in classical logic, the lack of informa-
tion that Johann Sebastian Bach is a composer doesn’t aloaluding that he is not a
composer. This is related to the closed-world assumptidagia program assumes that
it knows all relevant facts and everything else is assumdxe tialse. A description logic
ontology, on the other hand, assumes it doesn’t know allabesf so it must be explicitly
told which facts are false.



IST Project 2001-33052 WonderWeb:
Ontology Infrastructure for the Semantic Web

Hence, no negation may appear within the body of a rule, nthimthe head. Fol-
lowing the De Morgan laws, since has the direct consequeaheg¢seither existentials
nor disjunctions may appear within the head of rules. Thissithpossible to assert, e.g.,
that all men or woman are persons (and no one can be at the saebd a man and a
woman). This would also be easy using DL axioms, e.g.:

ManUWoman T Person
Man C —-Woman

4.2 Mapping Statements

In this section, we show how (some of) teatementgaxioms) of DL and DL based
languages (such as DAML+OIL and OWL) correspond to def-Haatements (rules).

4.2.1 RDFS Statements

RDFS provides a subset of the DL statements described iro8exl: subclass, subprop-
erty, range, and domain statements (which in a DL settingfea called Tbox axioms);
and asserted class-instance (type) and instance-prepstance relationships (which in
a DL setting are often called Abox axioms).

As we saw in Section 3.1, a DL inclusion axiom correspondsité@L implication.
This leads to a straightforward mapping from class and ptgpeclusion axioms to def-
Horn rules as follows:

CLCD, i.e., clas< is subclass of clad3, maps to:
D(x) <« C(x)

QLCP, i.e.,Qis a subproperty dP, maps to:
P(xy) — Q(xY)

As shown in Table 1, RDFS range and domain statements comddp DL axioms
of the formT C VP.C (range ofP isC) andT C VP~.C (domain ofP isC). From Table 1,
we can see that these are equivalent to the FOL senterceae — (Vy. P(x,y) — C(y))
andvx. true— (Vy. P(y,x) — C(y)), which can be simplified tox,y. P(x,y) — C(y) and
Vx,y. P(y,x) — C(y) respectively. These FOL sentences are already in def-Hom,f
which gives us the following mappings for range and domain:

T CVPC, i.e., the range of properfy is classC, maps to:
C(y) < P(xy)

T CVP™.C, i.e., the domain of property is classC, maps to:
Cly) < P(yx

Finally, asserted class-instance (type) and instanceeptyinstance relationships,
which correspond to DL axioms of the foren: C and (a,b) : P respectively (Abox ax-
ioms), are equivalent to FOL sentences of the f@fa) andP(a,b), wherea andb are
constants. These are already in def-Horn form: they arelgimjes with empty bodies
(which are normally omitted):

10
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a:C,i.e., the individuah is an instance of the cla€s maps to:
C(a)

(a,b) : P, i.e., the individuah is related to the individud via the property?, maps
to:
P(a,b)

Note that in these rulesandb are ground (constants).

4.2.2 OWL statements

OWL extends RDF with additional statements about classdspaoperties (Tbox ax-
ioms). In particular, it adds explicit statements abouss)@roperty and individual equal-
ity and inequality, as well as statements asserting prpprerses, transitivity, function-
ality (unique) and inverse functionality (unambiguous).

As discussed in Section 3.1, class and property equivalexioens can be replaced
with a symmetrical pair of inclusion axioms, so they can b@peal to a symmetrical pair
of def-Horn rules as follows:

C =D, i.e., the clas€ is equivalent to (has the same extension as) the &ass
maps to:

D(x) <« C(x)

C(x) « D(x)

P=Q,i.e., the property is equivalent to (has the same extension as) the property
Q, maps to:

Qxy) «— P(xy)

P(xy) — Q(xy)

As we saw in Section 3.1, the semantics of inverse axiomseofdmP = Q™ are
captured by FOL sentences of the fokr y.P(x,y) <= Q(x,y), and the semantics
of transitivity axioms of the forrP™ C P are captured by FOL sentences of the form
VX, Y, z.P(X,y) AP(y,z) — P(x,z). This leads to a direct mapping into def-Horn as follows:

P=Q7,i.e., the propert is the inverse of the properf, maps to:
Qy,x) — P(xy)
P(xy) < Q(y.x)

Pt C P, i.e., the property is transitive, maps to:
P(x,2) — P(xy)AP(y,2)

As we saw in Section 3.1, DL axioms asserting the functityali properties corre-
spond to FOL sentences with equality. E.g., a DL axion <1P (P is a functional
property) corresponds to the FOL sentefoey, zP(x,y) A P(X,z) — y = z.Note that,
technically, this is partial-functionality as for any giv& there is no requirement that
there exist ay such thatP(x,y). This kind of axiom cannot be dealt with in our current
framework (see Section 4.1) as it would require def-Horeswlith equality in the head,
i.e., rules of the formly =2) «— P(x,y) AP(X,2).

11
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4.3 Mapping Class Constructors

In the previous section we showed how DL axioms correspotid @af-Horn rules, and
how these can be used to make statements about classes pedipso In DLs, the
classes appearing in such axioms need not be atomic, butecaorbplex compound
expressions built up from atomic classes and propertiggyusivariety of constructors.
A great deal of the power of DLs derives from this feature, angarticular from the
set of constructors provided.Note that this feature is nppsrted in the RDFS subset
of DLs. In the following section we will show how these DL egpsions correspond to
expressions in the body of def-Horn rules.

In the following we will, as usual, use, D to denote classePB, Q to denote properties
andn to denote an integer.

Conjunction (DL M)

A DL class can be formed by conjoining existing classes, €9.D. From Table 1 it can
be seen that this corresponds to a conjunction of unary gatsti. Conjunction can be
directly expressed in the body of a def-Horn rule. E.g., waeonjunction occurs on the
I.h.s. of a subclass axiom, it simply becomes conjunctidhébody of the corresponding
rule

CiNCGCD = D(X) « Ci(X)ACa(x)

Similarly, when a conjunction occurs on the r.h.s. of a safglaxiom, it becomes
conjunction in the head of the corresponding rule:

CCDiMD; = Di(X)AD2(x) «— C(x),

This is then easily transformed (via the Lloyd-Topor tramsfations [21]) into a pair of
def-Horn rules:

Di(x) < C(x)

D2(x) «— C(x)

Disjunction (DL L)

A DL class can be formed from a disjunction of existing classeg.,CLID. From
Table 1 it can be seen that this corresponds to a disjunctianary predicates. When a
disjunction occurs on the l.h.s. of a subclass axiom it synpgicomes disjunction in the
body of the corresponding rule:

CiUCCED = D(x) «— Ci(x)VCy(X)
This is easily transformed (again by Lloyd-Topor) into ardidef-Horn rules:

D(x) < Ci(x)
D(x) «— Cx(x)

When a disjunction occurs on the r.h.s. of a subclass axidmadbmes a disjunction
in the head of the corresponding rule, and this cannot beldéddthin the def-Horn
framework.

12
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Universal Restriction (DL V)

In a DL, the universal quantifier can only be useddstrictions—expressions of the form
VP.C (see Section 4.1). This is equivalent to an FOL clause ofaha Yy.P(x,y) — C(y)
(see Table 1)P must be a single primitive property, lDimay be a compound expression.
Therefore, when a universal restriction occurs on the.rdf & subclass axiom it becomes
an implication in the head of the corresponding rule:

CCVPD = (D(y) < P(xy)) < C(x),
which is easily transformed into the standard def-Horn:rule
D(y) < C(X)AP(xY).

When a universal restriction occurs on the |.h.s. of a siscéxiom it becomes an
implication in the body of the corresponding rule. This aatnnn general, be mapped
into def-Horn as it would require negation in a rule body.

Existential Restriction (DL 3)

In a DL, the existential quantifier (like the universal quaet) can only be used in restric-
tions of the formdP.C. This is equivalent to an FOL clause of the foanP(x,y) AC(y)
(see Table 1)P must be a single primitive property, lDimay be a compound expression.

When an existential restriction occurs on the |.h.s. of ackads axiom, it becomes a
conjunction in the body of a standard def-Horn rule:

JPCCD = D(X) « P(xy)AC(Y).

When an existential restriction occurs on the r.h.s. of a&lags axiom, it becomes
a conjunction in the head of the corresponding rule, with réatas¢e that is existentially
guantified. This cannot be handled within the def-Horn framon.

Negation and Cardinality Restrictions (DL —, > and <)

These constructors cannot, in general, be mapped into def-H he case of negation is
obvious as negation is not allowed in either the head or bddydef-Horn rule. As can
be seen in Table 1, cardinality restrictions correspondssedions of variable equality
and inequality in FOL, and this is again outside of the defrHoamework.

In some cases, however, it would be possible to simplify theekpression using the
usual rewriting tautologies of FOL in order to eliminate tféending operator(s). For
example, negation can always be pushed inward by using ainatidn of De Morgan’s
laws and equivalences such-a&3P.C = VP.—C and—>nP= < (n— 1) P. Further simpli-
fications are also possible, e.g., using the equivaleGeesC = T, andVP.T = T. For
the sake of simplicity, however, we will assume that DL esgrens are in a canonical
form where all relevant simplifications have been carried ou
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4.4 Defining DHL via a Recursive Mapping from DL to def-Horn

As we saw in Section 4.2, some DL constructors (conjunctimhuniversal restriction)
can be mapped to the heads of rules whenever they occur orhteeaf an inclusion
axiom, while some DL constructors (conjunction, disjuactand existential restriction)
can be mapped to the bodies of rules whenever they occur drhteeof an inclusion
axiom. This naturally leads to the definition of two DL langes, classes from which
can be mapped into the head or body of LP rules; we will reféhése two languages as
L and Ly, respectively.

The syntax of the two languages is defined as follows. In barigliages an atomic
nameA is a class, and i€ andD are classes, thednD is also a class. Iy, if Cis a
class andR is a property, theiwR.C is also a class, while id, if D,C are classes and
is a property, the€ LD andJR.C are also classes.

Using the mappings from Section 4.2, we can now follow theraggh of [4] and
define a recursive mapping functidhwhich takes a DL axiom of the for@ C D, where
Cis anLy-class and is an L,-class, and maps it into an LP rule of the foAn— B.
The mapping is defined as follows:

(CUD),x) — Tb(C,x)V Th(D,x)
(3RC),x) — R(x,y) ATb(C,y)

T(CCD) — Th(D,y) < Tb(C,y)
Th(A X) —  AX)
Th((CmD),x) — Th(C,x) A Th(D,x)
((VRC) ) — Th(C,y) “— R(x,y)
TH(A, x) — A
((CI‘ID), X) — Tb(C,x) A Th(D,x)
Th(
Th(

whereA s an atomic class namg,andD are classe®iis a property and, y are variables,
with y being a “fresh” variable, i.e., one that has not previouglgrbused.

As we saw in Section 4.2, rules of the forfil AH’) < B are rewritten as two
ruesH «— BandH’ < B; rules of the form(H < H’) <« B are rewritten as
H «— (BAH’);andrulesoftheforr < (BVvB')arerewrittenastworulds «— B
andH — B.

For exampleZ would map the DL axiom

AMJRCC BMvrPD
into the LP rule
B(X) A (D(2)«—P(x,2)) «— A(X) AR(XY) A C(X)
which is rewritten as the pair of rules

B(x) «— A(X) AR(X,y) A C(x)
D(z) «— A(X) AR(X,y) AC(X) AP(x,2).

We call L the intersection of, and £y, i.e., the language where an atomic nafyie
a class, and i€ andD are classes, thed D is also a class. We then extefidto deal
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with axioms of the fornC = D, whereC andD are both.-classes:

_ T7(CCD)

As we saw in Section 4.2.1, range and domain axidms VP.D and T C VP~.D
are mapped into def-Horn rules of the foibly) «— P(x,y) andD(x) <« P(x,y) re-
spectively. Moreover, class-instance and instance-ptpjiestance axioms : D and
(a,b) : P are mapped into def-Horn facts (i.e., rules with empty bgpég the formD(a)
andP(a, b) respectively. We therefore extedto deal with these axioms in the case that
D is an£y-class:

T(TCVPD) — Th(D,y) « P(xy)
T(TCVP .D) — Th(D,x) «— P(xy)
T(a:D) — Th(D,a)
T((a,b):P) — P(a,b)

wherex,y are variables and, b are constants.
Finally, we extendI to deal with the property axioms discussed in Section 4.2:

T(PCQ) — Q(xy) < P(xy)

. Q(X7y) - P(X’y)
TP=Q — { P((X’w) — QEx,y)) (1)
o Qx,y) «— P(y,x
T(P=Q") — { P(y,x) «— Q(x,y)
T(PTCP) — P(x2) «— P(XY)AP(Y,2)

Definition 1 (Description Horn Logic) A Description Horn Logic (DHL)ontology is a
set of DHL axioms of the formC D, A=B, TCVPD, TCVP .D,PC Q, P=Q,
P=Q ,P"CP,a:Dand(ab):P, where Cis an,-class, D is anL,-class, AB are
L-classes, R are properties and @ are individuals.

Using the relationships of (full) DL to FOL discussed in Sewt3.1, especially Ta-
ble 1, it is straightforward to show the following.

Theorem 4.4.1 (Translation Semantics)The mapping preserves semantic equivalence.
Let K be a DHL ontology and{ be the def-Horn ruleset that results from applying the
mapping7 to all the axioms inK. Then# is logically equivalent tak w.r.t. the seman-
tics of FOL —# has the same set of models and entailed conclusiorf§.as

DHL can, therefore, be viewed alternatively and precisslyaia expressive fragment
of def-Horn— i.e., as theangeof 7 (DHL).

Definition 2 (Description Logic Programs) We say that a def-LR © is a Description
Logic Program (DLPWwhen it is the LP-correspondent of some DHL ruleget’ .

A DLP is directly defined as the LP-correspondent of a defrHuoiteset that results
from applying the mapping". Semantically, a DLP is thus the f-weakening of that DHL
ruleset (recall subsection 3.2). The DLP expressive ckafisus the expressive f-subset
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of DHL. By Theorem 4.4.1, DLP can, therefore, be viewed akively and precisely as
an expressive subset of DL, not just of def-Horn.

In summary, expressively DLP is contained in DHL which imtis contained in the
expressive intersection of DL and Horn.

4.5 Expressive Power of DHL

Although the asymmetry of DHL (w.r.t. classes on differeigies of axioms) makes it
rather unusual by DL standards, it is easy to see that it dedythe OWL subset of)
RDFS, as well as that part of OWL which corresponds to a sirinphlae language.

As far as RDFS is concerned, we saw in Section 4.2.1 that REf&sents are equiv-
alentto DL axioms of theforr@ C D, TCVPC, TC VP~ .C,PC Q,a:Dand(a,b) : P,
whereC, D are classes? Q are properties and, b are individuals. Given that all RDFS
classes aré&-classes (they are atomic class names), a set of DL axiomsspamnding to
RDFS statements would clearly satisfy the above definitian@HL ontology.

DHL also includes the subset of OWL corresponding to simm@ent language ax-
ioms, i.e., axioms defining a primitive hierarchy of class@sere each class is defined by
a frame. A frame specifies the set of subsuming classes aridbsdet constraints. This
corresponds very neatly to a set of DL axioms of the férm L.

Moreover, DHL supports the extension of this language tduohe equivalence of
conjunctions of atomic classes, and axioms correspon@dif@WL transitive property,
and inverse property statements.

4.6 Extending DHL

In this subsection we present the translationsTorl, existential quantifiers, equality,
nominals and functional properties which go beyond DHL,hes/tviolate the Datalog
restriction (where ever existential quantification is reeedtranslated rules are unsafe) or
the equality-free restriction (functional properties)e \ébnsider these translations sepa-
rately to keep DHL conceptually clean. However, the trainsts are practically relevant,
since they can be implemented in a wide range of availabtesss which implement the
necessary functionality.

Tand L . Concept expressions containimgand_L are translated into rules as follows:

M[T](X):-B = Delete the rule.

H:-pyT](X),B = H:-B
M[L](X):-B = -B
H:-pyL](X),B = Delete the rule.

If Bis empty, the second translation may result in an unsafe—+wariableX will
occur in the rule head without occurring in the rule body. htthappens, the result of
the operator is undefined. Further, the third translaticults in a rule with an empty
head. Such a rule is an integrity constraint — it specifieslitmms which must not occur.
Not all logic programming environments support integribnstraints, so in that case the
result ofpis undefined.
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Existential Quantifiers. Concept descriptions containing existential quantifieegi@ns-
lated as follows (the symbdlmust be a new, previously unused function symbol; variable
Y is a new variable previously unused in the rule):

MIRC](X):-B = R(

( )) -
H:-uERC](X),B = H: ( Y), [C(Y),B

The first translation is obtained by starting with the FOL @ing of the concept
description, skolemising the existential quantifier in tlead of the rule and splitting the
conjunction in the head using the Lloyd-Topor transforoa{21]:

vx< (R(X,Y)AC(Y)) < B) &

)
X ((RX, F(X)) AC(f(X))) = B) =
X (R(X;, f(X)) <=BAC(f(X)) <= B)

The second translation was already presented in [12] anttaned also by start-
ing with the FOL encoding of the concept description and $ympoving the existential
qguantifier from the body of the rule outside:

VX.(H < 3Y.(R(X,Y) AC(Y)) AB) <
VXVY.(H < R(X,Y) AC(Y) AB)

Instance Equivalence. Many translations of OWL descriptions require specifyihgtt
two instances are equivalent. However, this predicatepe@ly not available in logic
programming environments, so we must provide one. As pteden [14], the correct
semantics can be captured by five axioms of the equivaleneiex®ity, symmetry and
transitivity ensure that the predicate express the algepraperties of equivalence. The
substitutivity axioms ensure the correct semantics ofvadeince for function and predi-
cate symbols.

:(x

= (%y) - = ().
= (%2 - =Xy A=(¥2).
(f<X17 7Xn>7 (YL 7Yn)

\_/

X,
)= {=06W)1<i<n}
Q(X1, -, %n) - Q(Y1, -, Yn) U{= (i, ¥i) |1 < n}-

The reader may note that the axioms of substitutivity havieetanstantiated for all
predicate®) and functionsf used in the rule base. Also, one may note that the reflexivity
rule is unsafe, so one cannot execute it directly in a loggg@mming environment. We
can provide a partial solution by explicitly instantiatiadact of the form= (a,a) for all
individuals in the program. However, this is only a partialigion — we'd have to do this
for the set of all skolemised terms, but this set is unfortelyainfinite. Further, many
logic programming environments offer built-in predicatieat can handle the reflexivity
axiom efficiently.

17



IST Project 2001-33052 WonderWeb:
Ontology Infrastructure for the Semantic Web

Enumeration/Nominals. A naive translation of nominal§is, ...,in} would be to re-
place it with a new concept nan, along with membership assertioNgi;) for each
nominal element. Such translation, however, is not corr@oce the interpretation of
nominals consists only of specified instances. Using Glar&mpletion, this can be writ-
ten like this:

VX.(Ni(X) & X=i1V...VX=ip)

The naive translation axiomatises the Clark’s completightrto left. To specify
completeness of the set, however, one would have to intdtgreule left to right, which
would require disjunction in the rule head. However, norsrd only one element can
be handled, since only one disjunction in the head remains:

M{i}](X):-B = Ni(X) :-B
H:-p{i}](X),B = H:- Ni(X),B
N; is defined as:

N;i(i).

= (X, i) - Ni(X).

This translation can further be optimized for the speciakaaf the hasValue construct
of OWL, where we can avoid introducing new predicate by sympplacing a variable
with the individual:

PER{](X) - B
H - WER{i1(X),B

=
=

Cardinality Statements. As may be observed from the Table 1, translation of cardinal-
ity constraints into first-order logic uses either disjuoctin the head or the negation of
the equivalence predicate. Horn logic systems don’t petigse features, so cardinali-
ties can’t be handled directly.

However, the maximum cardinality restriction with the alof one in the head of
the rule can be handled, since only one disjunct in the hedldeofule remains. This is
especially important since the unique and unambiguousgprpgyntactic shortcuts (cf.
Table 2) are expanded into such cardinality restrictionse anslation can be done as
follows:

H<IR(X):-B = =(Y,Z) -RIX,Y),R(X,Z),B

4.7 Translation Example

Our theoretical excursion illustrating the mapping of indlal OWL language primitives

is practically illustrated through the ontology presentedable 3, describing some as-
pects about Johann-Sebastian Bach. The translation ohtbéogy into a logic program

is shown in Table 4. To save space we don’t repeat A-Box assenivhich are syntac-

tically identical to the assertions in the ontology. Alse show only the substitutivity

axioms for one function and one predicate symbol.
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(T1) WomanC Person (T7) ancestorOf C ancestorOf
(T2) ManC Person (T8)  marriedTo C marriedTo
(T3) Wife C Woman1dmarriedToHusband| (T9)  dlivesin{leipzig} C Leipziginhabitant
(T4) Husband= ManridmarriedToWife (T10) Genius1Composei—
(TS5) Father= Manr dhasChildPerson vYhasComposetasterpiece
(T6) hasChild= ancestorOf
(A1) dhasChildMan(johann-ambrosius (A7)  Man(johann-ambrosius
(A2) ComposeriMan(johann-sebastign | (A8) livesIn(johann-sebastiatepzig)
(A3) Persoifwilhelm-friedemani (A9)  Geniugjohann-sebastign
(A4) hasChildjohann-sebastian (A10) hasComposéfbhann-sebastian
wilhelm-friedemani matthaeus-passion
(A5) Womar{anna-magdalena (All) Womarimaria-barbara
(A6) marriedTgjohann-sebastian (A12) marriedTgjohann-ambrosius
anna-magdalena maria-barbarp
Table 3: Example OWL Ontology
(T1) Perso(X) :- Woman(X). hasChildX, f1(X)) :- Fathe(X).
(T2) Perso(X) :- Man(X). Persofifi(X)) :- FathefX).
(T3) Wife(X) :- Woman(X), (T6) ancestor@iX,Y) :- hasChildX,Y).
marriedTdX,Y),HusbandY). | (T7) ancestorQiX,Y) :- ancestorQfX,Y),
(T4) HusbandX) :- Man(X), ancestorQfy, Z).
marriedT@X,Y), Wife(Y). (T8)  marriedTqY, X) :- marriedT@X,Y).
(T5) Fathe(X) :- Man(X), (T9) LeipziglnhabitantX) :- livesIn(X, leipzig).
hasChildX,Y), PersoiY). (T10) Masterpiecg) :- GeniugX),
Man(X) :- FathefX). ComposefX),hasComposeX,Y).
(S1) = (f1(Xy), f1(X2)) - = (X1, X2). | (S2)  PersofX) :- PersofiY),= (X,Y).
(Al) I1(johann-ambrosius (A2) Iz(johann-sebastign
hasChildX, f2(X)) :- 11(X). ComposeiX) :- 12(X).
Man(f2(X)) :- 11(X). Man(X) :- 12(X).

Table 4: Translation of Example into LP
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5 Practical Aspects

As our discussion of expressive relationships has made, dlezre is a bi-directional
semantic equivalence of (1) the DHL fragment of DL and (2) il fragment of def-
Horn. Likewise, there is a bi-directional semantic equevake of the DLP fragment of
DL and the DLP fragment of def-Horn. For our prime immediabelgs to enable rules
(in LP / Horn) on top of ontologies (in DL) it is only required provide one direction of
syntactiomapping: from DL syntax to def-Horn syntax (and to the cqroesling def-LP),
rather than from def-Horn (or def-LP) to DL.

Besides enabling rules on top of DL-style ontologies it isidible to exploit the rela-
tively numerous, mature, efficient, scalable algorithntsiarplementations (i.e., engines)
already available for LP inferencing so as to perform soragrfrent of DL inferencing.
This immediately leads to the question which types of qeeaaie typically supported by
DL systems and how they can be supported by LP systems.

5.1 Inferencing

As discussed in the previous section, one of the prime gdalksi®work is to enable
some fragment of DL inferencing to be performed by LP engifheshis section we will
discuss the kinds of inference typically of interest in DLddrP, and how they can be
represented in each other, i.e., in LP and DL respectivelthoigh the emphasis is on
performing DL inferencing, via our mapping translationjngsan LP reasoning engine,
the reverse mapping can be used in order to perform LP infargmising a DL reasoning
engine. In particular, we will show how inferencing in (thélDfragment of) DL can be
reduced, via our translation, to inferencing in LP; and have wersa, inferencing in (the
DLP fragment of) LP can be reduced to inferencing in DL.

In a DL reasoning system, several different kinds of quesgytgpically supported
w.r.t. a knowledge bas® . These include queries about classes:

1. class-instance membership queries: given a €lass

() ground: determine whether a given individaa an instance ot;

(b) open: determine all the individuals i that are instances &;

(c) “all-classes™: given an individual, determine all the (named) classes4n
thatais an instance of;

2. class subsumption queries: i.e., given clagsandD, determine ifC is a subclass
of Dw.r.t. K;

3. class hierarchy queries: i.e., given a cl@seturn all/most-specific (named) super-
classes o€ in K and/or all/most-general (hamed) subclasses iof K;

4. class satisfiability queries, i.e., given a cl@ssletermine ifC is satisfiable (consis-
tent) w.r.t. K.
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In addition, there are similar queries about propertiesperty-instance membership,
property subsumption, property hierarchy, and propertigfezbility. We will call QDL
the language defined by the above kinds of DL queries.

In LP reasoning engines, there is one basic kind of queryatggw.r.t. a ruleser :
atom queries. These include:

1. ground: determine whether a ground atams entailed;

2. open (ground is actually a special case of this): detexmgiven an atonA (in
which variables may appear), all the tuples of variable inigsl (substitutions) for
which the atom is entailed.

We call Q L the language defined by the above kinds of LP queries.

Next, we discuss how to reducg? L querying in (the DHL fragment of) DL tQ LP
guerying in (the DLP fragment of) LP using the mappihgWe will assume thaR is a
ruleset derived from a DL knowledge baggvia 7, and that allQ DL queries are w.r.t.
X.

Q.LP (ground or open) atom queries can be used to angRr. (ground or open)
class-instance membership queries when the class ig-afass, i.e.a is an instance of
Ciff R entails7T (a:C). WhenC is an atomic class name, the mapping leads directly to
a Q LP atom query. WheR is a conjunction, the result is a conjunction@f P atom
queries, i.e.ais an instance a€MD iff R entails7 (a:C)andR entails7 (a: D). When
Cis a universal restriction, the mappifiga: YP.C) gives7 (C,y) «— P(a,y). Thiscan
be transformed into & LP atom query using a simple kind of skolemisation, iyeis
replaced with a constabt whereb is new in®, and we hava is an instance ofP.C iff
R U{P(a,b)} entails7(b:C).

The case of property-instance membership queries isltasiall properties are atomic:
(a,b) is an instance of iff R entailsP(a,b).

Complete information about class-instance relationshimnswer open or “all-classes”
class-instance queries, can then be obtained via classioesqueries about all possible
combinations of individuals and classes%nh More efficient algorithms would no doubt
be used in practise. For example, the set of named indivsdaral classes is known, and
its size is worst-case linear in the size of the knowleddefase.

For Ly-classes,Q DL class subsumption queries can be reduce@ foP using a
similar technique to class-instance membership queresCiis a subclass dD iff R U
{7 (a:C)} entails7 (a: D), foranew in®R. For QDL property subsumption querieg,
is a subproperty of) iff X UP(a,b) entailsQ(a,b), fora,bnewinZk.

Complete information about the class hierarchy can be wbthby computing the
partial ordering of classes iR based on the subsumption relationship.

In the DHL (and DLP) fragment, determining class/propedtissiability is a non-
issue as, with the expressive power at our disposal in defiHtds impossible to make a
class or a property unsatisfiable.

Now let us consider the reverse direction fra.? to QD L. In the DLP fragment
of LP, every predicate is either unary or binary. Every atamrg can thus be viewed
as about either a named class or a property. Also, generall?,iany open atom query
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is formally reducible to a set of ground atom queries—onestoh of its instantiations.
Thus Q L is reducible to class-instance and property-instance reeship queries in
DL.

To recap, we have shown the following.

Theorem 5.1.1 (Inferencing Inter-operability) For £,-classesQ DL querying in (the
DHL fragment of) DL is reducible t@ L? querying in (the DLP fragment of) LP, and
vice versa.

All of these queries can be reduced to one basic inferené&e tiaat of determining
knowledge base satisfiability. An individuiails an instance of a classiff addingi : —=C
to X makesX unsatisfiable, and complete information about classimgtaelationships
could be obtained by applying this test to all possible carations of individuals and
classes inx. Of course, more efficient algorithms would no doubt be usqutactise. A
classC is unsatisfiable iff adding: —C to X (for some individual not already occurring
in ) makesX unsatisfiable, an@ is a subclass dD iff D L —C is unsatisfiable. Finally,
complete information about the class hierarchy can be bdtby computing the partial
ordering of classes itk based on the subsumption relationship.

The above queries can also be applied to properties, buickiet to answer because
DLs do not typically support property negation. Therefdres not possible to determine
ifatuple(is,iz) is an instance of a properBby adding(i1,i2) : =P to K. The same effect
can be achieved, however, by checking if addingP.{]} to X makes it unsatisfiable.
Similarly, P is a subproperty of iff 3P.{k} M —3Q.{k} is unsatisfiable w.r.tx.

5.2 Inferencing with the DHL Extension

Here the translated logic programs may contain functiontmys) denoting individuals
whose existence is known, but whose name is not known.

Consider the ontology from Table 3. A query for instances @nMvill return only
johann-sebastian and johann-ambrosius. However, evadultan(X) in the program
from the Table 4 will additionally returfp (johann-ambrosiys This result set denotes the
fact that in each model @l O] there is some unique element dependent on johann-ambrosius
whose name is unknown. Note, however, that the presencabéligment is very impor-
tant for correctly inferring Fathgohann-ambrosiys To obtain the same answer to a
concept enumeration query as from a description logic reas@ne must filter skolem
constants out from the query result. In Prolog this can béampnted using the extralog-
ical built-in predicate compound, which succeeds if thauargnt is bound to a complex
term and not to a constant. Our query for the instances of Mantlzen be written as
Man(X), not(compoundX)). In rest of this paper we assume that this filtering is done
externally to the logic program.

5.2.1 Recursive Definitions

The ontology from Table 3 contains recursive definitionsc@icepts Husband and Wife).
Generally, for such ontologies there are several possitépretations. One typically
considers only fixpoint interpretations — the interpretasi where no new facts can be
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inferred by applying the ontology definitions. Still, thexee several different fixpoint
interpretations of Husband and Wife: (1) as empty sets, §3jahann-ambrosiysand
{maria-barbarh respectively, (3) agjohann-sebastignand {anna-magdalerjarespec-
tively or (4) as union of (2) and (3). Now (1) is the least fixpiofi.e. the fixpoint inter-
pretation containing the smallest amount of facts), whe(épis the greatest fixpoint (i.e.
the fixpoint interpretation containing the largest amouritiots) exist. In [23] properties
of fixpoint interpretations have been analysed and anosieecalled descriptive seman-
tics, has been proposed as well. This semantics is impasiaoeé for some expressive
description logics fixpoints may not exist.

Similar problems arise when the DL ontology is translated anlogic program. Cy-
cles in ontology definitions will manifest themselves asursive rules, which can also
be interpreted under least or greatest fixpoint semanticsveMer, most, if not all logic
programming environments evaluate queries only undetfie@sint. It is possible, how-
ever, to evaluate logic programs without function symbtkraatively under the greatest
fixpoint semantics. The authors of this paper are not awaaayknown way to compute
the descriptive semantics interpretation using logic paogning. On the other hand,
tableau procedures compute precisely this semantics [6]summarize, the approach
presented in this paper is most suitable if the least fixpaiterpretation is sufficient for
the requirements at hand.

5.3 Translation to relational databases

DLP programs can be implemented on top of relational datsbaso perform this im-
plementation all explicit facts of a predicd®eare stored in a dedicated relatiBay:. All
non-recursive rules are translated to relational viewde Radies are translated to appro-
priate SQL queries (usually operating on other views). Taioball explicit and implicit
information, a view is defined to represent each predipat&he query of the view in-
tegrates the explicit information, found my: with the queries that represent the bodies
of those rules wher@ is the head. The interested reader may refer to [29] for an in-
depth description, algorithm and proof. Intuitively, tiesult follows from the following
substitutions:

e each Datalog-rule can be simulated using the select-fréwgvconstruct of SQL;
e multiple rules defining the same predicate can be simulaadyunior; and
e negation in rule bodies can be simulated usiogin.

To compute the answer for user queries the translated vieywssed. This realises a
form of bottom up processing, since the queries involvedanndefinitions are performed
on the extensional data and intermediate results are patggp to a final query, which
is the user query. This results in many irrelevant factsgpeomputed in the intermediate
steps; more efficient procedures based on sideways infmmmpassing have, however,
been developed in the deductive database literature.

The above mentioned strategy is, however, not possiblestarrsively defined rules.
Here additional processing is required.
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5.4 Handling recursion

Modern relational database systems, which support the @&tandard, can process
some limited form of recursion, namely linear recursionhvatpath length one. Hence,
the predicate used as the rule head may occur only once infhéody. Cycles other
than such linear self-references can also not be implemente

Usually, binary recursive rules such as transitivity camdyeritten into a linear form.
E.g. the mapping for transitive properties (see 1) can beittew into

P(X7 y) — PEXt(X7 y)
P(X7 Z) — PEXt(X7 y) A P(y7 Z)'
The usual strategy to compute the remaining forms of reeeinsiles in relational

databases is in-memory processing using some iteratetegy, e.g. the magic template
procedure [24].

X

\y

v
\

Z
W - b
Y\>
X
Z F

Figure 2: Cyclic Reference Removal

m{g|0

Indirect Recursion The remaining cases of non-linear recursion that cannod\atr
ten into the SQL:99 constructs are mainly represented bygdhsibility of having cyclical
class and property hierarchies.

We can, however, translate this case into the database hyitexyp the observation
that this form of recursion decomposes into unions, sincimgprocessing of interme-
diate results (such as involved in computing the transgigsure of transitive properties)
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is necessary. This is immediately clear for classes, simegdre monadic predicates. A
closer look at all axioms where binary predicates (propsjtare in the head reveals the
same. Hence, these cyclic references can be implementesh\afgorithm that detects
equivalence classes (each constituted by a cycle) in grapthsncoming edges to an
equivalence class must be duplicated to all members of thevagnce class, as illus-
trated in Figure 2. This may done by using a new intermediegdipate to collect the
incoming edges and deriving the members of the equivaldass from this intermediate
predicate. Afterwards, all rules that constitute the @y@ierences within the equivalence
class may safely be removed. The reader may note that thiglsate performed (with
appropriate adaptions) on the cyclic references imposeaMeyse properties.

5.5 The KAON DLP prototype

We implemented a prototype system to demonstrate the fdigsabour approach. The
logic programming foundation is obtained by reusing thealzag engine of KAON [5]
— an ontology management infrastructure developed by F2IARB at the University
of Karlsruhe. The flow diagram showing how an OWL ontologylisgessed using the

system is shown in figure 3.
: XSB .ﬂ
OWLAP| -/ LP Translator —»—» A
/

| Serializer]

M
Magic Sets | _, _, Evaluation _,
;’ Rewriting Mag. Prog./_, Engine

Figure 3: Prototype Block Diagram

The input is given by the means of the OWL API which is curngfiiting devel-
oped within the WonderWeb project by the University of Magster and the Institute
AIFB. An ontologyO is then passed to the Logic Program Translator which impitgme
ing the translation presented in Section 4, resulting ing&clprogram represented using
the KAON datalog engine API.

This program can then be serialised in a number of formags, & a RuleML file.
Alternatively, one can supply a query and instance data e évaluate the program.

The implementation is intended to process larger quastitfielata stored in relational
databases, we have therefore opted for the bottom-up quelyation technique, which
matches well with the way how databases evaluate queriesev#w, bottom-up evalua-
tion has the drawback that the entire program is evaluatetijding the part not relevant
to the query. In order to improve this, we apply the magic satssformation [2]. Given
a query, this transformation rewrites the program in a neggm@m whose bottom-up
evaluation will produce the same results with respect tagtiery. However, additional
predicates introduced in the transformation ensure thigtioformation relevant to the
query is computed. In this respect the magic sets transtaoomaimulates Prolog-style
top-down computation through bottom-up computation.
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6 Evaluation

In order to show the benefits of our approach, we have condacteries of performance
tests, the results of which we show in this section. We exettite tests with Racer
version 1.7, XSB version 2.5 and our prototype describedhénprevious Section. We
didn't use the FaCT system [15] since it doesn’t support A-Bssertions.

About Tools. Racer [13] was chosen as the state-of-the-art descripigio feasoning
system employing the tableau decision procedure as theemde mechanism. The im-
plementation language of Racer is LISP. XSB [26] is a welhn logic programming
system using SLG-WAM resolution and tabling [28] as the iefee mechanism. The
implementation language of XSB is C. The implementatiogleage of KAON and of
our prototype is Java.

Test Assumptions. Many description logic systems use caching extensivelydeoto
speed up query processing. For example, once Racer contpetestension of some
concept, it caches the results, so the next time the samg uEsued, it is answered
almost immediately. We decided not to take this into accsurte we wanted to measure
the performance of query answering alone. It is quite olwib.at, if the answer to the
query is cached, query answering will be fast. Moreover,eRaoesn’t perform incre-
mental maintenance of query answers. We have observed teatewer the A-Box is
changed, even if the change doesn't affect the result ofuleegRacer forgets all cached
information and answering the query takes the same amotimefas the first time.
Answering queries using XSB also took much longer the fimetsince XSB had to
compile the logic program. However, we decided to ignore tinne. Compilation of the
program is not the same as caching the query result — eachhten@ogram is executed,
the query is evaluated from scratch. Further, in XSB it issae to assert or retract facts
programmatically and this doesn’t influence the speed ofygarswering.

Test Procedure. Each testis characterised by a certain ontology struchdeaoncept
whose extension is to be read. The ontology structure has dpeeerated for different
input parameters, resulting in ontologies of differenesizObtained ontologies have then
been loaded in each of the tools and the query has been edeclite average of five
such invocations has been taken as the performance measwach test. If executing
the query took more than 15 minutes, the test was interruptedults of such tests are
denoted with MAX in the Table 4.

Test Platform. We performed the tests on a standard PC with Pentium Il gsmoe
running at 1.1 GHz, 380 MB of RAM running Windows XP operatisigstem. Tests
were written in Java and run using Sun’s JDK version 10L1 Communication with
Racer was done using JRacer library, whereas communioaiibrXSB was performed
through standard input and output.

Finally, before presenting the test results, we want tessttieat we measured the per-
formance of concrete tools. Although the algorithms usedlbynentioned systems are
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certainly important, the overall performance of the systenmfluenced by many other
factors as well, such the quality of the implementation @ lgmnguage used to imple-
ment the system. It is virtually impossible to exclude thieetors from the performance
measurement.

6.1 Measurement Results

First we give an overview of the types of tests we conductedekcribing tests we uge

to denote the depth of the concept trikSto denote the number of subconcepts at each
level in the treeNI to denote the number of instances per conceptRta denote the
number of properties. The results of tests 1 to 6 are predémt€igure 4, whereas the
results of the test 7 are presented in Figure 5.

Test 1. The goal was to see how the very basic tasks of traversingtiheept hierarchy

are handled. The ontology structure was a symmetric treg@ttty classified concepts.
The test was performed fd = 3, 4, 5;NS= 5; NI = 10, 30;P = 0. The ontology

contained no properties and the query involved computiagitension of one of the first
level concepts.

Test 2. The goal of this test was to see how ontologies with largerlmemof properties
are handled. The ontology structure from Test 1 was extemd#tdone property per
concept, which was instantiated for every third instancéhefconcept pointing to the
next instance. However, the properties were not mentionembincept definitions (i.e.
they were not relevant to the query at all). The test was peed forD = 3, 4, 5;NS
= 5; NI = 10 and the query again was to compute the extension of orfeedirst level
concepts.

Test 3. In the previous test we observed that the performance ofrRéeended on
the number of property instances, even if these are not oreadiin concept definitions.
Hence, in this test we wanted to see whether smaller numbproglerties, but larger
number of property instances will make a difference. Thelogly structure from Test 1
was extended with a fixed number of properties. Each instaraseconnected with the
previously generated instance through one property. T$ievas performed fob = 3, 4,
5;NS=5;NI =10;P=211.

Test 4. The goal of this test was to test answering a simple conjuacjuery. The
ontology structure was identical to the one from Test 3, batquery was c 3p0.c12.
The test for performed fdD = 3, 4;NS=5; NI = 10;P = 3.

Test 5. The goal of this test was to see how simple concept defininoafiandled. The
ontology structure consisted of a fixed number of properi&eh concept in the concept
tree was defined using the following axiomtcp,.ci—1 C ¢ (where ¢denotes i-th child
of concept c).
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Test 6. The goal of this test was to show how larger quantities ofrimfation can be
efficiently managed by storing them in the database and aqpllie transformation pre-
sented in this paper. We repeated Test 106 6; NS= 5; NI = 10, but stored instances
in the database. We used the ODBC bridge of XSB to access tadrden the database
and we implemented a JDBC interface for KAON. The test wasw@eel only with XSB
and KAON, since Racer doesn’'t have a database interface.

Test No.| Set| Concepts| Instances| Properties| Racer (s)] XSB (s) | KAON (s)

1 1 155 1550 0 12.18 0.16 0.18
2 780 7800 0 95.17 0.47 0.83
3 3905 39050 0 MAX 2.11 3.65
4 155 4650 0 58.08 0.36 0.44
5 780 23400 0 MAX 1.04 0.98
6 3905| 117150 0 MAX MAX 5.62
2 1 155 1550 155 6.99 0.15 0.21
2 780 7800 780 98.56 0.43 0.72
3 3905 39050 3905 MAX 2.27 4.24
3 1 155 1550 211 5.39 0.21 0.39
2 780 7800 211 MAX 0.56 0.88
3 3905 39050 211 MAX 2.34 4.61
4 1 155 1550 3 34.30 0.11 0.82
2 780 7800 3 MAX 0.64 3.07
5 155 1550 10 MAX 0.49 5.10
6 19530| 195300 0 MAX 14.60 143.02

1000 ~

T1 T2 T3 T4 TI5 TI6 T21 T22 T23 T31 T32 T33 T41 T42 T5

i

@ Racer BXSB OKAON

1L

Figure 4. Results of Tests 1 to 6

|

T6

Test 7. During execution of Test 3 we noticed that, although notvaaié to the query
result, the presence of property instances in the ontolagydignificant performance
consequences in Racer. Hence, we repeated Test Dwatl8; NS= 4, while varying
the number of instances per concept. We executed the tdsifvit 211) and without
properties P = 0). We conducted the test with Racer only, since the goaltwahow
how presence of property instances significantly degrduegérformance of reasoning
in Racer. In XSB and KAON we observed no dependency of peidiaga related to the
number of property instances.

28



IST Project 2001-33052 WonderWeb:
Ontology Infrastructure for the Semantic Web

—— Without Properties - - - - With Properties

Test | Instances| No Prop. (s)| 211 Prep. (s)

1 1550 10,48 4
2 3100 36,41 _ 20,

3 3225 48,94 23024~
4 3410 45,47 "387;92-"
5 3875 71,06 624

6

4650 78,72 M

) ) Figure 5: Results of Test 7
6.2 Discussion

From the results one can observe that the performance of Realtests is significantly
worse than the performance of XSB or KAON. We anticipate thet is mainly due to
the fact that tableau reasoning procedure provides a praofefutation for one concept-
instance pair, whereas SLG-WAM resolution or magic setkwath sets of instances.
This is particularly true for answering conjunctive querieSLG-WAM and magic sets
evaluation take the full advantage of binding propagatidrich limit the amount of com-
putation to a minimum.

Further, one may observe that the performance of Racerialetirs with the pres-
ence of property instances. For logic programs this makseslately no difference —
the rules of the program don'’t reference predicates conithese property instances,
so the amount of information stored in them isn’t relevante ¥én’t have a plausible
explanation for such behaviour in Racer.

Finally, one may observe that, as the amount of informatiamug, the information
cannot be kept in main-memory, but must be stored in an exftelata storage. There
we may observe that KAON still isn’t as optimized as XSB. Wesume that this stems
from the fact that SLG-WAM resolution uses tabling, whicleyents it from computing
some answers twice. KAON, on the other hand, uses bottonmeopuetation of magic
programs. In our case most predicates are unary, so bindisgjmg can occur only in
a limited way. Therefore, the magic sets rewriting worsdmesgerformance, rather than
improving it. Obviously, this is the point where KAON needsarovement.

7 Conclusion

We expect to help the Semantic Web to gain momentum by inogé®th the size of
the potential user base and the range of systems and appigable to exploit Semantic
Web ontologies.

Besides the technical contribution, our translation witloahelp the logic program-
ming user community to understand description logic pplesd, by relating them to prin-
ciples familiar in logic programming. Moreover, the traatsld ontology can be a module
in a larger logic program, for example allowing combinatwith other rules and thereby
avoiding some of the limitations of reasoning in descripti@gics. In particular, this al-
lows the limitations imposed by the tree-like structure e$ctription logic definitions to
be overcome. The ability to interpret certain Descriptiayics-style ontologies through
rules has numerous other benefits, amongst them are:
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The Query language perspective Here, the capabilites of description logics with re-
spect to instances is rather low. It cannot even express#ésé-expressive query language
usually taken into account by database research - conyengtieries [4]. This area is a
strong hold of logic programming, which offers highly exgs&/e constructs for instance
reasoning. Hence, it is very promising to combine desanpibgics with this paradigm to
obtain the ability to state expressive instance queriegnihological knowledge bases.

The data integration perspective The majority of today’s data resides in relational
databases. This will not change when the Semantic Web grdwast likely people
will start exporting their data as RDF instances accordmgdme ontology they have
chosen. This essential leads to data that is replicatedaii@nntology-based processing
of that data. Today, the latter is done by reading some fikesarclassifier, such as FaCT
[19] or Racer [13]. However, logic programming systems sashXSB [26] allow to
access database data directly through built-in predic&ethermore, stratified Datalog
programs, a restricted variant of logic programs with lediexpressivity, can directly
be implemented on top of SQL99-compliant relational dadaba Hence, a LP-based
implementation of OWL allows a closer interaction with lidata.

The implementation perspective Currently, no full implementation of OWL is avail-
able. In order to become a success many implementations df @Wst be available.
Many free and commercial implementations of logic prograngsystems are available.
SQL99-compliant databases enjoy an even wider user contyniihis deliverable prac-
tically illustrates how these systems can be used as a lmagsasoning with OWL.

Motivated by these prospects, we presented an approachafsiating a subset of
OWL into logic programming. Based on this translation, welemented a prototype
system for handling OWL through logic programming. We catdd a series of tests
comparing the performance of Racer, XSB and our own pro®ogystem on ontolo-
gies of various sizes. From these tests we have observeldttaKSB and our system
perform on the order of magnitude better than Racer. Thgelaifference in perfor-
mance probably stems from the fact that description logiasoners build a proof for one
concept-instance pair at the time, whereas logic programgmystems manage informa-
tion in sets.

In future, we plan to investigate whether techniques otulisjive deductive databases
can be used to efficiently handle disjunction, negation atebrity constraints correctly.
In particular, hyper-resolution and magic sets rewritinghiniques seem promising in
reducing query answering complexity in many practical sase
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