DIP

Data, Information and Processintegrationwith SemanticWeb Services

FP6 { 507483

Deliverable

D1.3

Framework for hybrid, modularized ontology
representation and reasoning for semantics-based
services

Boris Motik

June 29, 2004
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Executive Summary

Basedon the deliverableD1.1, this deliverablepreserts a framework for hybrid reason-
ing in the Semarnic Web. In particular, this deliverable provides a technical platform

for integrating disparatelogicalformalismsinto a singleuni ed reasoningformalism. In

essencethis framework providesinteroperability betweenOWL-DL and function-free
Horn rules. This is very important, sincea great number of knowledgerepresetation

formalisms, sudh as F-Logic without function symbols and non-monotonic negation,
can be embeddedinto function-free Horn rules.

This deliverableis structured in two main parts. The rst onepresens the DL-safe
rules as the medanism for integration of various formalismsin a decidablemanner.
The secondone preserts the actual framework which operationalizeshybrid reasoning
supporting seeral di erent formalisms. Hence this deliverablesernesasa speci cation
for the implemertation to be realizedin D1.2 and D1.4.
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1 Intr oduction

OWL-DL [35 isaprominent menber of the family of languagesecommendedy W3C
for ontology represemation in the Semarnic Web. It is actually a syntactic variant of
the SHOI N (D) descriptionlogic, o ering a high level of expressivily, while still being
decidable. A related languageSH1 Q(D), distinguishedfrom SHOI N (D) mainly by
the absenceof nominals, has been successfullyimplemerted in practical reasoning
systems,sut as Racer[20 or FaCT [22]. Description logics have proven themsehes
useful in numerous applications, sud as information integration [17, 30], software
engineering[2, ch. 11]or conceptualmodeling [2, ch. 10].

Recerly, OWL hasbeentaken asthe basisfor OWL-S?, a languagefor modeling
Web services. An important aspect of any service modeling languageis modeling
service pre- and postconditions. A well-known solution is to represemn them using
rules [36]. Unfortunately, OWL cannot expressarbitrary axioms. We briey explain
the origins of this restriction. Namely, OWL allows using existertial quanti ers in the
axiom consequets. For example,onemay state that \each personhasaparert whoisa
person”. For any person,this axiomimplies existenceof anin nite sequencef parerts.
Intuitiv ely, reasoningabout an in nite set of objects can lead to undecidability. This
intuition is con rmed by a well-known fact that the logic of function-free Horn clauses
extendedwith existertial quarti ers is in deedundecidable.

Undecidability is generally consideredundesirablein practice. Applications with
non-terminating algorithms get stuck in anin nite loop for someinputs, which is typ-
ically broken by imposing a resource(usually time) limit. This makesthe algorithms
lose completenessso the quality of the results that sud applications compute is re-
duced. Furthermore, even if of high worst-casecomputational complexity, decidable
algorithms are usually more amenableto optimizations. For example, optimization
techniquesfor description logics have beendeweloped, achieving good performancein
practice [2, ch. 9].

There are seeral ways to make query answering in an ontology languagedecidable.
One possibility, taken by disjunctive datalog [14], is to prohibit existertial quarti ers.
Thusit is possibleto reasononly about objects explicitly presert in the ontology. For
nite ontologies, the number of sud objects is nite as well, so query answering is
decidable. Howe\er, this signi cantly reducesexpressivil, sinceexistertial quarti ers
allow for represeming incompleteinformation. For example,from axioms\P aul hasa
son" and \a father is someonewnho hasa son”, onemay infer that \P aul is a father",
even without knowing the son's exact idertity. Sud capabilities are quite usefulin
practical applications. For example,in a data integration scenario,onemight represem
missing piecesof information using existertial quarti ers. When using existertial
quarti ers, decidability canbe achievedonly by restricting the way in which quarti ers
are used.

The Web Service Modeling Ontology (WSMO) consortiun? has recerly been
formed to dewelop an ontology for modeling semanically-enriched services. An im-
portant goal of the consortiumis to de ne the underpinning Web Service Modeling
Language(WSML) 2. The languageis still under construction, but (various subsetsof)
OWL-DL and F-Logic are consideredthe main candidates. Howeer, it has already

Lhttp://www.daml.org/services/o wi-s/1.0/o0 wl-s.html
2http://lwww.wsmo.org/
3http://www.wsmo.org/wsml/
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beennoted by many that both of theseformalisms do have their bene ts and their
drawbadks. Hence,instead of choosinga particular formalism, it is more bene cial to
reap the bene ts of both formalisms.

Obviously, the requiremerns on ontology languagedor the Semariic Web are often
contradictory. In this deliverable, we proposea decidable conbination of OWL-DL
with rules, wheredecidability is dueto restricting the rulesto so-calledDL-safe ones.
Intuitiv ely, the componerts are not restricted, but only the interface betweenthem
is. Generalizingthe approad of other decidablecombinations of rules and description
logics[29, 13, in DL-saferules, conceptsand roles are allowed to occur in both rule
bodiesand headsasunary respectively binary predicatesin atoms, but ead variable of
arule is requiredto occurin somebody literal whosepredicateis neither a conceptnor
arole. We discussthe expressie power and the limitations of our approad by means
of an example,and shav that query answering in sud a combination is decidable.In
this deliverablewe are primarily concernedwith the semaric and decidability aspects
of hybrid reasoning,and not with the infrastructure aspects, sud asthe syntax or the
exchangeof rule de nitions on the Web. Concerningtheseissues,we refer the reader
to [23] sinceour approad is fully compatible with the one proposedthere.

DL-saferules provide a framework for interoperability betweendi erent logical for-
malismswithout jeopardizingdecidability. Furthermore, DL-saferules do not require
reducing the componert formalisms, but reducethe interface betweenthem. In this
sensethey ful ll the requiremens \5.2: Level of Interoperability” and \5.3: Decid-
ability" of D1.1[32). Becauseof their ability to integrate di erent logics,DL-saferules
might provide a logical badkbone for WSML.

Many knowledgerepresetation formalisms can be represered in the rule-based
framework. It is well-known that the LP fragmert of F-Logic [28] (without non-
monotonic features) can be embeddedinto the formalisms of Horn clauses[39]. For
F-Logic to be decidable,function symbols should not be used, in which caseF-Logic
can be represeted using DL-safe rules. Hence,DL-safe rules can be usedto enable
interoperability between OWL-DL and F-Logic knowledge bases. Thus our frame-
work supports the requiremert \5.2: Level of Interoperability” and \5.1: Supported
Formalisms" of D1.1 [32].

DL-safe rules do not imposeconstraints on the rule structure. Arbitrary axioms
can automatically be converted into DL-safe rules, without changing the semarics
for explicitly named individuals (for details seeChapter 3). Hence, our framework
supports the requiremert \5.6: Support for Arbitrary Axioms" of D1.1 [32].

To support practical reasoning,we outline a physical framework for hybrid rea-
soning. The goal of this framework is to provide methodology and algorithms for
integrating target formalisms, namely, OWL-DL and F-Logic, with DL-safe rules.
Oneimportant componert of our framework is the reduction of SHI1 Q(D) knowledge
basesto disjunctive datalog programs|[26]. Another componert is the translation of
the LP fragmert of F-Logic into Horn logic. Using thesealgorithms it is possibleto
operationalizethe logical framework outlined before.

Furthermore, we give a query answering algorithm for DL-safe rules which gen-
eralizesthe least xp oint operator, well-known from deductive databases.In sud a
way, we obtain a query answering algorithm which follows the principle of \graceful
degradation”: the user\pays" only for the featuresshe actually uses. Furthermore,

4In this deliverable we assumefunction symbols always to have arity greater than zero, and thus
distinguish them from constants.
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the algorithm is compatible with magic sets transformation [8] and its extensionto

disjunctive programs[19]. Hence,we beliewe that our framework can be e cien tly

realizedin practice, and thus ful Il the requiremerts \5.7: Acceptable Performance
Level" and \5.8: Follow the Principle of Graceful Degradation”.

Currently, the algorithms from [26] are not capable of supporting all constructs
from OWL-DL . In particular, they do not support nominals; a feature of description
logicsknown to be di cult to handle. Including support for full OWL-DL is the main
focus of our future work.

Similarly, our algorithms currently support only monotoniclogics. It is well-known
that non-monotonic features, sut as closed-vorld assumption or default rules, are
dicult to computationally handle in the presenceof existertial quarti ers. In fact,
there is currently no consensu®n the semartics of sud knowledgebases.Hence,our
framework currently does not support requiremerns \5.4: Open- and Closed-World
Assumption” and \5.5: Support for Non-monotonicNegation” of D1.1 [32). Ful lling
theserequiremerts is anothermain aspect of our future work. Sincedisjunctive datalog
has beenstudied extensiwely as a platform for non-monotonicreasoning,we are quite
con dent that theseextensionswill be feasible.

This deliverablefocusesprimarily onthe aspectsof hybrid reasoningand its modu-
larization, by integrating various knowledgerepresemation formalismsinto a unifying
framework. It doesnot addressmodularization of ontologies, which is the focus of
\D2.2: A framework for represeting ontologiesconsistingof seweral thousand concept
de nitions".
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2 Preliminaries

2.1 Disjunctive Datalog

In this sectionwe brie y presert the syntax and semarnics of disjunctive datalog. This
presemation is standard and may be found in [14, 19].

over U¥(R) | For a relation symbol R;, the correspnding relation r; from a database
D is often denotedas D (R;). D is sometimesalso called an instance of R.

A disjunctive datalay program P isatriple ( ;E;I), whereE is arelational shema
called extensionalschema | a relational schema called intensional schema E and |
are de ned over the samedomain U, and is a nite setof rules of the form

A Aq Bi;:::Bn

wheren 0, m 0, atoms A; and B; are of the form S(t;:::;t,) with t; beinga
variable or a constart from U. For atomsA;, S 2 | [ fg , whereasfor atoms B;,
S2E[I[ fg . Foraruler, the setof atomsheadr) = fA;g is calledthe rule head,
whereasthe set of atoms body(r) = fBjg is called the rule body. A ground rule with
an empty body is called a fact.

Datalog rules are required to be safe that is, ead variable occurring in a head
literal must occur in a body literal aswell. In this way the explicit referenceto the
universeof the program is not needed. Typical de nitions of disjunctive datalog pro-
gram, e.g. from [14, 19|, allow negatedatoms in the body. This negation, howeer,
is non-monotonic,and is di erent from negationin rst-order logic. As our approat
producesonly positive disjunctive datalog programs,we omit negationfrom our de -
nitions.

The semattics of disjunctive datalog programsis de ned as follows. Let P be a
disjunctive datalog program and let D be an instanceof the extensionalschemaof P.
Then Pp = P[ fS(t) jt 2 D(S)g denotesa datalog program obtained by adding
to P ead tuple from D as a fact. The set HUp, is called the Herbrand universe
of Pp and cortains all constarts from Pp. The ground instance of P over HUp, ,
written groundP;HUp, ), is the set of ground rules obtained by replacing variables
in ead rule of P with constarts from HU p, in all possibleways. The Herbrand base
HBp, of Pp is the setof all ground atoms de ned by relationsfrom E, | and . An
interpretation M of Py is a subsetof HBp, . We say that someground atom A is true
in an interpretation M if A 2 M. Similarly, A is falsein M if A 2 M. Interpretation
M is a model of Py if, for eat rule r 2 groundP;HUp, ), if body(r) M, then
headr)\ M 6 ; andif all atomsfrom M involving the predicateyield an equality
relation. An equality relation is a relation that is re exive, symmetric, transitive,
and, for any relation symbol R 2 E[ I, if R(:::;a;:::)) 2 M anda b2 M, then
R(G::;b;i::)2 M aswell.

A model M is minimal if no subsetof M is a model. The semarnics of Pp is
denotedby MM (P) and de ned to be the set of all minimal models of Pp. Finally,
we de ne the notion of query answering. A ground literal A is a cautious answer of
P (written P F. A) if all minimal models of the program cortain A; A is a brave
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answer of P (written P 4 A) if at least one minimal model of the program corntains
A. First-order ertailment is analogousto cautig,us ertailment.P
The sizeof aruler isdened asjrj= 1+, ; jAj+ ,; ,,]Bj], wherethe

are encaled with one synbol, and the leading 1 in the de nition of jrj accours for
the implication symbol separatingthe headfrom the body. The sizeof a program P,
written jPj, is the sum of the sizesof all its rules.

2.2 DescriptionLogics

OWL-DL is a syntactic variant of the SHOI N (D) description logic [23. Hence,
although seweral XML and RDF syntaxesfor OWL-DL exist, in this paper we usethe
traditional descriptionlogic notation, sinceit is morecompact. For the corresppndence
betweenthis notation and various OWL-DL syrtaxes, see[23].

SHOI N (D) supports reasoningwith concretedatatypes, suc as strings or inte-
gers. For example,it is possibleto de ne a minor asa personwhoseageis lessthan or
equalto 18in the following way: Minor  Personu9age 5. Insteadof axiomatizing
concretedatatypesin logic, SHOI N (D) employs an approad similar to [3], where
the properties of concretedatatypes are encapsulatedin so-calledconcrete domains
A concrete domain is a pair (4 p; p), where4 p is the interpretation domain, and

p IS a set of concretedomain predicatesthat comewith an arity n and a prede-
ned interpretation d® 4 1. An admissibleconcretedomain D is equipped with
a decisionprocedurefor the satis abilit y of nite conjunctions over concretedomain
predicates. Satis abilit y chedking of admissibleconcretedomains can successfullybe
combined with logical reasoningfor many description logics.

We usea setof conceptnamesNc, setsof abstract and concreteindividuals N, and
N,., respectively, and setsof abstract and concreteroles Ng, and Ng_, respectively.
An abstiact role is an abstract role nameor the inverseS of an abstract role name
S (concrete roles do not have inverseroles). In the following, we assumethat D
is an admissible concretedomain. Intuitiv ely, an abstract role relates two abstract
individuals (e.g. an abstract role parent relates a child with his parernt), whereasa
concreterole relatesabstract and concreteindividual (e.g. a concreterole agespeci es
the person'sage).

An RBox R consistsof a nite setof transitivit y axiomsTrangR) androle inclusion
axiomsof the form Rv Sand T v U, whereR and S are abstract roles,and T and
U are concreteroles. The re exiv e-transitive closureof the role inclusion relationship
is denotedwith v . A role not having transitiv e subroles(w.r.t. v , see[24)) is called
a simple role.

The setof SHOI N (D) conceptsis de ned by the following syntactic rules, where
A is an atomic concept, R is an abstract role, S is an abstract simple role, T, are
concreteroles, d is a concretedomain predicate, a; and ¢ are abstract and concrete
individuals, respectively, and n is a non-negatiwe integer:

C! Aj:CjCiuCjCit C,J9RCj8BR:Cj] nSj nSjfag::;ang]
j nTj) nTj9Ty;:::;Ty:Dj8Ty;:::;Ty:D

A TBox T consistsof a nite set of conceptinclusion axioms C v D, where
C and D are concepts. An ABox A consistsof a nite set of concept menbership

5
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Mapping Conceptsto FOL
y(>:X)=> y(?7,X)=7
y(A; X)=A(X) y( G X)=1 y(C;X)
y(CuD;X)= y(C;X)" y(D;X) y(Ct D;X)= y(C;X)_ y(D;X)
y(BRIC;X)=8y :R(X;y)! x(Ciy) y(9R:C;X)=9y:R(X;y)" x(C;y)
y(far::;ang X)= X ag_ iii_ an v W
y( NRCIX)= 8yiiiiniyney  ROGYD)G  x(Ciyi)y, Vi Y
y( NRC;X)= 9yiiiiniyn o yRIXGY) N x(Cyi) ™ Yi 6y
y(8Ta; i Tmidi X )= 8yfiiiiiym 1y TiCGyR) b d(YE it ym)
y(OTa; i Tmidi X )= OyTiiiiym + JilXsy) M d(yg:15Ym)
y( nTiX)= 8yfiiitiynay  TOGY)Y, ¥ Y
y( nT;X)= 9ygiiiniyn s TOXGY)N  ¥i6yf
Mapping Axioms to FOL
(C(a)= y(C;a) (R(a;b)=R(a;b)
(a b)=a b (a6 b)=ab6 b
(Cv D)= 8: y(C;x)!' y(D;x)
(Rv S)= 8 y:R(xy)! S(xy)
(TrandR))= 8x;y;Zz:R(Xy) " R(y;2) ! R(X; 2)
i Mapping KB to FOL \
(KB)= R2Ng, 8y R(Xy)$ R (y;x)" 2KB R [ KB 1[ KB A ()
where X is a meta variable and is substituted by the actual variable
and 4 isdened as y by substituting x and x; for all y and y;, respectively.

Table 2.1: Translation of SHOI N (D) into FOL

axioms C(a), role menbership axioms R(a;b) and T(a; ), and individual equalities
and inequalitiesa® B9 and a® 6 B9, whereC is a concept,R an abstract role,
T a concreterole, a and b abstract individuals, and a® and b concreteindividuals.
A SHOI N (D) knowledgebase (T ;R; A) consistsof a TBox T, an RBox R, and an
ABox A.

The SHI1 Q(D) descriptionlogicis obtainedfrom SHOI N (D) by disallonving nom-

inal conceptsof the form fay;:::;a,gandfc;:::;c,g, and by allowing quali ed num-
ber restrictions of the form nS:C and nS:.C, for C a SHI Q(D) conceptand S
a simplerole.

Since our algorithms are basedon resolution, instead of giving a direct model-
theoreticsemartics to SHOI N (D) [24], we give an equivalert semartics by translation
into multi-sorted rst order logic *. To separatethe interpretations of the abstract
and the concretedomain, we introducethe sorts a and ¢, and usethe notation x¢ and
f ¢ to denotethat x and f are of sort c. We translate eat atomic conceptinto a
unary predicate of sort a, ead n-ary concretedomain predicateinto a predicate with
argumerts of sort ¢, and ead abstract (concrete)role into a binary predicate of sort
a af(a c¢). The translation operator is presened in Table 2.1. Intuitiv ely, in

y(C; X), X represets the individual or the variable for which the menbershipin the
conceptexpressionC is stated, and y determinesthe namesof variablesto be usedfor
quarti cation.

YIn multi-sorted rst-order logic, variables, constarts and function symbols are divided into sorts
to separatetheir interpretation, see[25] for details.
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2.3 BasicSuperpositionCalculus

In somealgorithms we presen later we make use of the basic sugerposition calculus,
which we brie y overview here. This calculushasbeendewelopedto optimize theorem
proving with equality [7]. A similar calculuswasdeweloped by Nieuwenhuis and Rubio
[33.

We assumea standard notion of rst-order clauseswith equality: all existertial
quarti ers have beeneliminated using Skolemization; all remaining variablesare uni-
versally quarti ed; we only considerthe equality predicate (all non-equationalliterals
A areencaledasA > in a multi-sorted setting); and we treat  as having built-in
symmetry. Moreover, we assumethe readerto be familiar with standard rst-order
resolution [6].

Basic superposition is an optimized version of superposition (a calculusfor equa-
tional theories[5]) which prohibits superposition into terms introduced by previous
uni cation steps, thus reducing the number of clausesgenerated. Its inferencerules
areformalizedby distinguishing two parts of a clause: (i) the skeletonclauseC and (ii)
the substitution represeting the cumulative e ects of previous uni cations. Sud
a represemation of C is called a closure, and is written asC . A closurecan
conveniertly be represeted by marking the terms in C occurring at variable po-
sitions of C. Any position at or beneath a marked position is called a substitution
position. E.g., the clauseP (f (y)) _ g(b) b is logically equivalernt to the closure
(P(x) _z b fx 7" f(y);z 7! g(bg, which can corveniertly be represeted as
PIf (W) _ 9] b

The calculusrequirestwo parameters. The rst is an admissibleordering on terms

, I.e., areduction ordering total on ground terms. Sud an ordering is then extended
to literals [7]. The secondparameter of the calculusis a seletion function which
selectsan arbitrary set of negatiwe literals in a closure.

L ismaximalin C if thereisnoL®°2 CnfLgsucdhithat L° L .L is
strictly maximal in C  if thereisno L°2 CnfLgsud that L° L . A literal
L  is(strictly) eligiblefor sugerposition ((S)ES) in a closure(C _ L) if nothing is
selectedin (C_L) andL is(strictly) maximalin C . A literal L is eligible
for resolution (ER) in aclosure(C _ L) if it isselectedin (C _L) ornothingis
selectedn (C_L) andL ismaximalin C . With thesede nitions in mind, the
basic superposition calculus,BS for short, consistsof the inferencerules given below.

(C_s t) (D_w v
(C_D_w[t], V)

where(i) = MGU(s; w Jp), (i) = (i)t s andv w,(iv) (s t)
isSES,(v) (w V) isSES,(vi)s t w v, (vii) wj, is not a variable.

(C_s t) (D_wb6yv
(C_D_w[t], 6 v)

where(i) = MGU(s; w Jp), (i) =, (i)t s andv w,(iv) (s t)
is SES,(v) (w6 v) isER, (vi) wj, is not a variable.

P ositiv e superp osition:

Negativ e superp osition:
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(C_sb61)
Re exivit y resolution: c
where(i) = MGU(s;t ), (i) = ,(ii)(s6t) IsER.

(C_s t_s® t9
(C_t6t° s t9

where(i) = MGU(s;s%), (i) = ,(ii)t s andt® s°,(iv)(s t) is
ES.

Equalit y factoring:

(C_A) (D_:B)

Ordered resolution:

(C_D)
where(i) = MGU(A; B ), (1) = ,(ii)A isSES,(iv):B IisER.
A derivation from a closuresetN is a sequencef closuresetsNg; N1;:::; Ni, where

N; = N; 1 [ fCg, and C is derived by applying a BS inferencerule with premises
from N; ;. Roughly speaking, the set of closuresN; is saturated up to redundancy
if all inferencesfrom premisesin N; are redundart in N;. If this is the case,then
N; cortains the empty closureif and only if N is unsatis able, so BS is a sound
and completerefutation procedure[7]. Compatible redundancyelimination rules have
beenpreserted in [7, 25|.
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3 Integra ting Rules and Description Logics

OWL-DL is a standard for ontology modeling in the Semartic Web. Although it
o ers some frame-like syntactic sugar, OWL-DL is in its essenceghe SHOI N (D)
description logic. As pointed out in Chapter 1, description logics are a decidable
formalism. Howeer, decidability is achieved by reducingthe expressivily of the logic.
Theserestrictions make OWL-DL unsuitable for certain modeling tasks.

Apart from descriptionlogic, numerousother knowledgerepresemation formalisms
exist. F-Logic is onesud formalism, providing for a modeling style inspired by object-
oriented systems. A detailed comparisonbetween description logic and F-Logic has
beengivenin [32). As noted there, instead of selectingan existing formalism and then
living with its good and bad sides,in the context of modern applications it makes
senseo considerintegrating various formalisms. Proving a platform for integration is
the main focus of this deliverable.

As discussedn [32], Horn rules are the logical framework underlying most knowl-
edgerepresemation formalisms. Formalismssud asF-Logic canbe easilytransformed
and executedusing a rule-basedframework [39. Hence,it is intuitiv ely clearthat the
platform for integration should somehaev support Horn rules.

It is well-known that adding arbitrary Horn rules to description logic makes the
logic undecidable[29]. As outlined in [32], this is an undesirablesituation, sinceit is
well-known that decidablelogicsare more amenablefor implemertation and optimiza-
tion in practice. Hence,in this chapter we focuson providing a decidable conbination
of function-free Horn rulesand descriptionlogics. This combination sernesasthe basis
of our hybrid reasoningframework. In the following we rst discusswhy adding rules
to description logics does lead to undecidability. Basedon these considerations,we
de ne the classof DL-safe rules. We show that adding DL-safe rules to description
logicsdoesnot leadto undecidability. Hence,we view DL-saferules asthe foundation
for a framework for hybrid reasoning,integrating existing formalismssud asOWL-DL
and F-Logic.

3.1 Reason$or Undecidabily of OWL-DL with Rules

In [23], the following problemwasshown to be undecidable:givenan OWL-DL knowl-
edgebaseKB and a datalog program P, is there a commonmodel of KB and P, i.e.
is KB consisten with P? As a consequencesubsumptionand query answering w.r.t.
knowledgebasesand programsare also undecidable. Investigating this proof and the
onesin [29) more closely we note that the undecidability is causedby the interaction
betweensomevery basic featuresof description logics and rules. In this section, we
try to give an intuitiv e explanation of this result and its consequences.

Considerthe simple knowledgebaseKB from Table 3.1. It is not too di cult to
seethat this knowledgebaseimplies the existenceof an in nite chain of fathers: since
Peter must have a father, there is somex; who is a Person. In turn, x; must have
somefather x,, which must be a Person, and soon. An in nite model with sud a
chain is shawvn in Figure 3.1, upper part a). Obsene that Peter is a granddild, since
he has a father who is a father.

Let us now chedk whether KB F Grandchild(Jane); this is the caseif and only
if KB [ f. Grandchild(Jane)g is unsatis able, i.e. if it doesnot have a model. We
can do this by trying to build sud a model; if we fail, then we concludethat KB [

9
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Person(Peter) Peter is a person.

Personv 9father:Person Each personhas a father who is a person.
Ofather:(9father:Person) v Grandchild | Things having a father of a father who

is a personare granddildren.

Table 3.1: Example KnowledgeBase

f: Grandchild(Jane)g is unsatis able. Howewer, we have a problem: starting from
Peter, a nave approad to building a model will expandthe chain of Peter's fathers
inde nitely , and will thereforenot terminate.

This very simple exampleintuitiv ely showvs that we haveto be carefulif we want to
ensuretermination of a satis abilit y chedking algorithm. For many DLs, termination
can be ensuredwithout losing correctnessbecausewe can restrict our attention to
certain \nice" models! for numerousDLs, we canrestrict our attention to tree models
l.e. to modelswherethe underlying relational structure forms a tree [38]. This is so
becauseeery satis able knowledgebasehas sut a tree model. Even if sud a tree
modelisin nite, we canwind this in nite tree modelinto a nite one. In our example,
sinceKB doesnot require ead father in the chain to be distinct, the model in Figure
3.1, lower part b) is the result of this \winding" of a tree into a \nice" model. Due
to their regular structure, these\windings" of tree models are easily constructed in
an automated way. To understandwhy ewery satis able SHI1 Q(D) knowledgebase
has a tree model [24], considerthe mapping in Table 2.1 more closely (we abstract
sometechnicalities causedby the transitiv e roles): all formulae speak about variables
related to ead other only in sometree-like manner, as underlined by the following
example:

9S:(9R:Cu9R:D)v Q )

8x 1 f[Qy : S(X;y) ™ (9x 1 R(y;x) M C(x)) ™ (9 :R(y;x) " D(x))] ! Q(x)g)
8X; X1;X2; X3 1 FS(X; x1) N R(X1;%2) N C(X2) * R(X2;%3) * D(x3) ! Q(x)g

Let us compare these obsenations with the reasoningrequired for function-free
Horn rules. In theserules, all variables are quarti ed universally, i.e. there are no
existertially quarti ed variablesin rule consequets. Hencewe newer have to infer the
existenceof \new" objects. Thus, reasoningalgorithms must consideronly individuals
explicitly introducedin the knowledge baseand will newer run into the termination
problemsoutlined above. Hence,the rules are allowed to enforcearbitrary but nite,
non-tree relational models, and not only \nice" models.

1To be precise,for someDLs, we can only restrict our attention to \nice abstractions" of models.

peter X, X,
Legend: L >@ >@ » @)

® Person UGrandchild

—— father
equivalent nodes *—————& ) b)
peter X'

1

Figure 3.1: Two Similar Models

10
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Now let us seewhat happensif we combine both. If we extend, e.g. SHI Q(D)
with function-free Horn rules, then we combine a logic whosedecidability is due to
the fact that we can restrict our attention to \nice" models (but with individuals
whoseexistencemay be implied by a knowledgebase)with one whosedecidability is
due to the fact that we can restrict our attention to \known" individuals (but with
arbitrary relations betweenthem). Unsurprisingly, this and similar conbinations are
undecidable[29, 23).

3.2 DL-safeRules

As a reaction to the obsenations in Section 3.1, we de ne DL-safe rules. Then, we
discussthe bene ts and drawbads of DL-safe rules and prove that query answering
in SHOI N with DL-saferulesis decidable.

De nition 3.2.1 (DL-safe Rules). Let KB bea SHOI N (D) knowedgebase,and
let Np be a set of predicate symiols suchthat Nc [ Ng, [ Nr. Np. A DL-atom is
an atom of the form A(s), where A is a concept namein KB, or of the form R(s;t),
where R is arolein KB. A rule r de ned over predicatesfrom Np is called DL-safeif
eachvariablein r occursin a non-DL-atom in the rule body. A program P is DL-safe
if all its rules are DL-safe.

The semanticsof the combined knowledgebase(KB ; P) is givenbytranslationinto
rst-or der logic as (KB) [ P. The main inferene in (KB ;P) is query answering,
l.e. deciding whether (KB)[ P F for a ground atom

Someremarksare in order. Firstly, DL-safety is similar to the safey in datalog.
In a saferule, eat variable occursin a positive atom in the body, and may therefore
be bound only to constaris explicitly presen in the database. Similarly, DL-safety
makessurethat ead variable is bound only to individuals explicitly introducedin the
ABox. For example,if Person, livesAt, and worksAt are conceptsand rolesfrom KB,
the following rule is not DL-safe:

Homeworkel(x)  Person(x); livesAt(X; y); worksAt (x; y)

The reasonfor this is that both variablesx andy occurin DL-atoms, but do not occur
in an atom with a predicate outside of KB . This rule can be madeDL-safeby adding
literals O(x) and O(y) to the rule, and by adding a fact O(a) for ead individual a
occurring in the knowledgebase. In Subsection3.2.1we discussthe consequencethat
this transformation has on the semartics of the rule.

Secondly DL-safety only allows atomic conceptsto occur in a rule. This is not
really a restriction: for a complex conceptC, one may introduce an atomic concept
Ac, add the TBox axiom C v Ac and useAc in the rule [34].

3.2.1 Expressivit y of DL-safe Rules

In our approad, to achieve decidability, we do not restrict the componert languages.
Rather, we conmbine full SHOI N (D) with function-free Horn rules, and thus extend
both formalisms. The DL-safety requiremen only restricts the interchange of con-
sequencedbetweenthe componerts to only those consequencesvolving individuals
explicitly introducedin the ABox.

11
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father v parent Fatherhood is a kind of parenthood.

BadChild(x)  Grandchild(x); A bad child is a grandchild who hates
parent(x; y); parent (y;z); hateg(x; z) |one of his siblings.

BadChild{x)  Grandchild(x); DL-safe version of a bad child.
parent(x; y); parent (y;z); hates(x; z);
O(x); O(y); O(2)

Person(Cain) Cain is a person.

father(Cain; Adam) Cain's father is Adam.

father(Abel; Adam) Abel's father is Adam.

hates(Cain; Abel) Cain hates Abel.

Person(Romulus) Romulus is a person.

9father:9father :f Remusg(Romulus) Romulus' father is a father of Remus.

hates(Romulus; Remus) Romulus hates Remus.

Child(x)  GoodChild(x); O(x) Good children are children.

Child(x)  BadChildqx); O(x) Bad children are children.

(GoodChild t BadChild9(Oedipus) Oedipusis a good or a bad child.

Table 3.2: Example with DL-safe Rules

To illustrate the expressie power of DL-safe rules, we extend the example from
Table 3.1 with axiomsand rules from Table 3.2. We de ne a notion of a BadChild as
a granddild which hatessomeof its siblings (or itself). Notice that this rule involves
relations forming a triangle betweentwo siblings and a parert and thus cannot be
expressedin a description logic sudh as SHOI N (D). Moreover, it is not DL-safe
becauseall variablesin the rule do not occur in non-DL-atomsthe rule body.

Now considerthe rst groupof ABox facts. SinceCain is aPerson, asin Section3.1
onemay infer that Cain is a Grandchild. SinceCain and Abel are children of Adam,
and Cain hatesAbel, Cain is a BadChild.

Similarly, Romulus has a father who is a father of Remus and Romulus hates
Remus soRomulusis a BadChild aswell. We are ableto derive this without knowing
exactly who the father of Romulus is. Historically, the idertity of the father of Ro-
mulus and Rermus is unknown, but his existenceis certain, which is exactly what the
knowledgebaserepresets.

Considernow the DL-safe rule de ning BadChild® (assumingthat the ABox con-
tains O(a) for ead individual a in the ABox): sincethe father of Cain and Abel is
known by name(i.e. Adam is in the ABox), this rule impliesthat Cain is a BadChild®.
In cortrast, the father of Romulus and Remusis not known in the ABox. Hence,the
literal O(y) from the DL-saferule cannot be matchedto the father's name,sothe rule
doesnot derive that Romulus is a BadChild®

This may seemconfusing. Howewer, DL-saferules do have a "natural' reading: just
append the phrase wherethe identity of all objects is known' to the meaningof the
rule. For example,the rule de ning BadChild®canbe read as A BadChild®is a known
granddild for which we know a parert, and who hatesone of his known siblings'.

Please note that conbining description logics with DL-safe rules increasesthe
expressiviy of both componerts. Namely, a SHOI N (D) knowledge base cannot
imply that Cain is a BadChild® becausethe “triangle' rule cannot be expressedin
SHOI N (D). Similarly, a setof function-free Horn rules cannotimply this either: we

12
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know that Cain hasa grandfather becauseCain is a person,but we do not know who
he is. Hencewe needthe existertial quarti er to infer the existenceof ancestors,and
then infer that Cain is a Grandchild.

Finally, we would like to point out that it is incorrectto computeall consequences
of the description logic componert rst, and then to apply the rules to the conse-
quences. Considerthe KB part about Oedipus: he is a GoodChild or a BadChild®,
but we do not know exactly which. Either way, one of the rules derivesthat Oedipus
is a Child, so (KB;P) F Child(Odipus). This would not be derived by apply-
ing the rules to the consequence®f KB, since KB & GoodChild(Oedipus) and
KB 6j BadChild{Oedipus).

3.2.2 Decidabilit y of Query Answ ering

We now sketch a proof of the decidability of query answering for the conbination of
SHOI N knowledgebaseswith DL-saferules by a non-deterministic reduction of the
query answering problem to the satis abilit y problem for SHOI N knowledgebases
without rules.

Theorem 3.2.2. For aSHOI N knowledgebaseKB and a DL-safe program P, query
answeringin (KB ;P) is decidable.

Proof. Clearly (KB;P) F i (KB)[ PPis unsatis able, whereP°= P [ f: g.
Let P9 be the set of ground instancesof P° i.e. P9 cortains all possibleground
instantiations of rules in P°with individuals from KB . Sinceead variable occursin
ead rule body in anon-DL-atom, we havethat (KB)[ Plissatisablei (KB)[ P9
IS satis able.

Satis ability of (KB)[ P9 canbe decidedby caseanalysisasfollows: eath model
of P9 satis es at leastoneliteral perrule. Hence,we don't-know non-deterministically
chooseoneliteral per clausein P9 and, for the resulting set of literals L°, we test the
satis ability of (KB)[ L°®. Clearly, (KB)[ P¢issatis ablei thereexistsa coice'
of L sudhthat (KB)[ L€ is satis able.

Next, let LE, L€ be the set of (ground) literals in L€ involving DL predicates.
Clearly, (KB)[ L¢ is unsatisable i either L® cortains a complememary pair of
groundliteralsor (KB)[ Lg, isunsatis able. The rst casecanbechededeasily and
the secondcasecan be reducedto standard SHOI N reasoningasfollows: Lg, canbe
viewed asan ABox, apart from literals of the form : R(a;b). Howewer, ead sud literal
can be transformedinto an equivalert SHOI N ABox assertion(8R::f bg)(a). Thus
we have reducedquery answering to deciding satis abilit y of a SHOI N knowledge
base. This problemis decidablebecausgi) transitivit y axiomscanbe eliminated from
SHOI N knowledgebasesin the sameway asthis is donefor SHI Q in [25 and (ii )
the resulting logic is a syntactic variant of the two variable fragmert of rst orderlogic
with courting quarti ers, which is known to be decidable[18§]. O

We strongly believe that Theorem 3.2.2 also holds for SHOI N (D): (i) the de-
cidability proof of SHOI N should be easily adaptableto SHOI N (D), and (ii ) the
samenon-deterministic reduction of ground DL-safe rules to setsof ground literals is
applicableto SHOI N (D). To work out the details of this proof is our future work.

13
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4 Framew ork for Hybrid Reasoning

In Chapter 3 we have introduced the formalism of DL-safe rules. This formalism
providesthe foundation for interoperability betweendescriptionlogicsand Horn rules,
thus providing the foundation for a hybrid reasoningframework, enabling decidable
reasoningwith both description logicsand rules.

Sofar, we have just shown that this formalismis decidable,but have not discussed
how to operationalizeit. In this chapter we focus on operationalizing the formalism.

4.1 Frameveork Overview

The structure of the framework is sthematically represered in Figure 4.1. The com-
ponerts addressedn greaterdetail in this deliverableand our previouswork are shovn
in gray, whereasthe componerts for which more additional work is neededare shavn
in white. We next descrile ead componert in more detail.

Disjunctiv e Datalog. To operationalize hybrid reasoning,we choose disjunctive
datalog with equality asthe main formalism. Disjunctive datalog has numerousben-
e ts, making it suitable for this task:

It is a rule-basedformalism. Rule-basedsystems,sud as Prolog, have often
beenfound suitable for implemerting complexreasoningsystems. Many target
formalismscandirectly be embeddedinto disjunctive datalog. For example,DL-
saferules are themseles datalog rules, so integrating them is straightforward.
Similarly, F-Logic can be translated into a rule-basedformalism.

Disjunctive datalog provides so-called\reasoning by cases",i.e. it supports
disjunction in the head of the rule. This feature is crucial, since description
logicsthemselessupport reasoningby cases.

Se\eral optimization strategiesare available for disjunctive datalog. In particu-
lar, the magic setstransformation [8, 19 has beenshown to be very successful
In optimizing query answering.

Disjunctivedatalogis a relational formalism, matching closelywith the formalism
of relational databases. Therefore, integrating existing data sourcesinto the
reasoningprocessis goingto be relatively easy[10].

Disjunctive datalog is operationalized in the framework by a disjunctive datalay
reasoningengine Di erent knowledgerepresemation formalismsareincorporated into
the framework by a suitable adaptor componert. Certain adaptors are shown in the
upper part of Figure 4.1.

Query Answ ering. Cautious query answering in disjunctive datalog is of higher
data complexity than in ordinary datalog [11]: 5-completevs. P-complete. There-
fore, a query answering algorithm is neededwhich will not introduce unnecessary
performancepenalty. We deweloped sud an algorithm, and presert it in Section4.4.
It extendsthe standard least xp oint operator [1] in two ways: (i) it supports rules
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Figure 4.1: Hybrid ReasoningFramework

with disjunctionsin the headand (ii ) it usesan optimized calculusfor handling equal-
ity. If disjunction and equality are not used,the algorithm reducesto the least xp oint
operator. In this way, our framework supports the principle of \graceful degradation™:
the userpays a performancepenalty only if he actually usesan \exp ensiwe" primitiv e.

OWL-DL . The framework supports OWL-DL by translating it into disjunctive
datalog, as explained in Section 4.2. Actually, this translation currertly supports
SHI1 Q(D) description logic, which doesnot quite match OWL-DL : it doesnot sup-
port nominals, but doesallow quali ed number restrictions. It is worth mertioning
that current state-of-the-art DL reasonerssud asRacer[20] or FaCT [22] alsodo not
support nominals. Extending the translation to all of OWL-DL will be the main focus
of our future work.

DL-safe Rules. DL-saferulesare datalog rulesthemseles,sothey canbe incorpo-
rated into the framework in a straightforward manner. As shovn in Section3.2, both
transitiv e and intransitiv e roles are allowed to occur in DL-atoms. In our framework,
only simpleroles(i.e. roleswithout transitive subroles)are allowed to occur in rules.
The reasonfor this is the transformation we useto handle transitivit y axioms, as ex-
plained in Section4.2. Supporting arbitrary rolesin DL-saferules is the part of our
future work.

F-Logic . The LP variant of F-Logic can be translated into Horn logic, and, if func-
tion symbolsarenot usedin the F-Logic knowledgebase then evendatalogis su cien t.
Hence,our framework supports F-Logic without functional terms, and, onceit is ex-
tended with Horn rules with function symbols, it will support the Horn fragment of
F-Logic aswell.
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Rules with Function Symbols. Supporting Horn rules with function symbols is
not our currert focus. Howewer, it is well-known that, if Horn rules are not recursiwe,
queryanswering is decidable. Hence ,we conjecturethat extendingour query answering
algorithm to handle non-recursive Horn rules will be straightforward. This is one of
the aspects of our future work.

Non-monotonic Reasoning. Both OWL-DL and datalog are monotonicreasoning
formalisms. As sud, they do not provide useful non-monotonic constructs, sud as
default or closed-vorld reasoning. Howeer, disjunctive datalog has beenextensiwely
studied as a platform for non-monotonicreasoning,by allowing non-monotonicnega-
tion in rule bodies, interpreted under stable or perfect model sematics [14]. Hence,
although our framework does not support non-monotonic reasoningyet, we believe
that it can be extendedin this direction with moderate e ort. To do so, mainly the
guery answering algorithm will needto be adapted, asit currently supports positive
programsonly.

APl.  The applicationsinterfacewith the framework through an API providing access
to eadt of the componerts languages.lt might be possibleto split the API into seweral

subcomponerts, eat correspnding to one componert language. We decidedagainst

this practice, sincethe main challengefor this API is to provide an integrated access
to all consideredsubcomponerts.

Data Sources. The datalogenginewith equality providesreasoningservicesput it
doesnot itself host the data it reasonsover. The data reasonedwith is provided by
di erent data sourceswhich are pluggedinto the engineby meansof suitable wrappers.
Initially , our main focus will be on providing a wrapper for relational databases.In
sudh away it will be possibleto reasonover existing legacydata using our framework.
The integration with existing data sourcesis going to be coordinated with WP2,
particularly with D2.2 and D2.6.

In the following sectionswe focusin more detail on certain important componerts
of the framework.

4.2 ReducingOL to Disjunctive Datalog

In this sectionwe outline an algorithm for reducingdescriptionlogic knowledgebasego
disjunctive datalog. Unfortunately, handling all of OWL-DL is theoretically di cult.
The main problem are the nominals. Namely, the conmbination of nominals, inverse
roles,and number restriction is known to bedi cult to handle,which is con rmed by
the increasein complexity from ExpTime to NExpTime [37]. Hence,we focus on
SHI1 Q(D) description logic, which di ers from OWL-DL mainly by not supporting
nominals. All existing practical systemssupport currertly only this logical fragmert.

Furthermore, DL-saferules, whereDL-atoms are restricted to conceptsand simple
roles, can simply be appendedto the result of the transformation. Hence,the positive
disjunctive program obtained by our algorithms entails the sameset of ground facts as
the original knowledgebase. For unary coding of numbers and by assuminga bound
on the arity of predicatesin rules, our algorithm runs in deterministic exponertial
time, which makesit optimal sinceSHI Q is ExpTime -complete[37].
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The full presenation of the algorithm and a proof of its correctnessare technically
involved and lengthy. Here, we just provide an overview of the procedure, without
going into details. For a completepresenation of the procedureand for the proofs of
its correctnesswe direct the interestedreaderto [25, 26].

Let KB be a SHI Q(D) knowledgebase. The reduction of KB to a disjunctive
datalog program DD(KB ) can be computed by an algorithm sdematically preserted
in Figure 4.2. We next explain eat step of the algorithm.

Elimination of Transitivit y Axioms. Our corealgorithms cannot handle transi-
tivit y axioms, basicallybecausen their rst orderlogic formulation they involve three
variables, which are known to be di cult to handle [27]. Howewer, we can eliminate
transitivit y axioms by encaling KB into an equisatis able knowledge base ( KB).
Roughly speaking, for ead transitive role S, ead role S v R, and ead conceptC
occurring in KB, it is su cient to add an axiom 8R:C v 8S:(8S:C). Intuitiv ely, this
axiom propagatesall conceptconstraints through transitiv e roles. WhereaskKB and
( KB) entail the sameset of ground facts concerningsimple roles, they do not ertail
the sameset of ground facts concerningcomplexroles. This is the reasonfor allowing
only simplerolesto occur in DL-saferules (seeSection4.1).

Translation into Clauses. The next stepis to translate ( KB) into clausal rst-
order logic. We rst use asdened in Table 2.1 and then transform the result

(( KB)) into clausalform using structural transformation to avoid an exponertial
blow-up [34]. We call the result ( KB).

Saturation by Basic Superposition. We next saturate the RBox and TBox of
( KB) by basicsuperposition [7] { a clausal calculusoptimized for theorem proving
with equality. In this key step of the reduction, we compute all non-ground conse-
guencesof KB . We can prove that saturation terminates becauseapplication of eah
rule of basicsuperposition producesa clausewith at most onevariable and with func-
tional terms of depth at most two. Indeed, this yields an exponertial bound on the
number of clauseswe may compute, and thus an exponertial time complexity bound
for our algorithm sofar.

Elimination of Function Symbols. Saturation of RBox and TBox of ( KB) com-
putesall non-groundconsequencesf KB . If we add ABox assertionsto this saturated
clauseset, all inferencesuy basicsuperposition will produceonly ground clauses.More-
over, the resulting ground clausescortain only ground functional terms of depth one.
Hence,it is possibleto simulate eat functional term f (a) with a newconstart as. For
ead function synbol f , we introducea binary predicate S; , and for ead individual a,
we add an assertionS; (a;a¢ ). Finally, if a clausecontains the term f (x), we replace
it with a new variable x; and add the literal : S; (x; X;), asin the following example:

SHIOD Elimination of . Saturation Elimination of Conversion to Disjunctive
Q(D) . Translation . . eETST
kg P Transitivity > into Clauses —> byBasic —» Function —» Disjunctive > Program
Axioms Superposition Symbols Datalog DD(KB)

Figure 4.2: Algorithm for ReducingSHI Q(D) to Datalog Programs
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cC(X)_D(f(x))) :S(xxp)_: C(x)_D(xf)

We denote the resulting function-free set of clauseswith FHKB). In [25], we
show that ead inferencestep of basicsuperposition in ( KB) canbe simulated by an
inferencestepin FHKB ), and vice versa. Hence,KB and FHKB ) are equisatis able.

Conversion to Disjunctiv e Datalog. SinceFHKB) doesnot contain functional
terms and all its clausesare safe,we canrewrite ead clauseinto a positive disjunctive
rule. We useDD(KB) for the result of this rewriting.

The following theorem summarizesthe properties of our algorithm (we usef . for
cautionsentailment in disjunctive datalog, which coincideswith rst-order entailment
for positive datalog programs|[14)):

Theorem 4.2.1 ([25]). Let KB be an SHI Q(D) knowledge base, de ned over an
admissibleconcrete domain D, suchthat satis ability of nite conjunctions over p
can be decided in deterministic expnential time. Then the following claims hold:

1. KB is unsatis able if and only if DD(KB) is unsatis able.

2. KB  if andonlyif DD(KB) . , for of the form A(a) or S(a;b), A an
atomic conaept, and S a simplerole.

3. KB F C(a) for a non-atomic concept C if and only if, for Q a new atomic
coneept, DD(KB [ fC v Qg) F. Q(a).

4. Let [KB| be the size of the knowledge base KB enadeal in the standad way
[25], with numbers coded in unary. The numkber of rulesin DD(KB) is at most
exmnential in jKB j, the numkber of literals in eachrule is at most polynomial in
jKB j, and DD(KB) can be computel in time exmnential in jKB j.

The proof of this theoremcanbe found in [25]. It is very technical and if therefore
out of scope of this deliverable,whosemain focusis on hybrid reasoning.

Adding DL-safe Rules. The disjunctive program DD(KB) can be combined with

DL-saferules by simply appending the rules to the program. The following theorem
shaws that (KB ;P) and DD(KB) [ P enail the sameground facts about concepts
and simpleroles:

Theorem 4.2.2 ([25]). Let KB be a SHI Q(D) knowedge base and P a DL-safe
disjunctive datalay program. Then (KB;P) g if andonly if DD(KB)[ P F. ,
where is a DL-atom A(a) or S(a;b) for a simplerole S, or is a ground non-DL-
atom.

4.3 Reducing--Logicto Disjunctive Datalog

In this sectionwe shav how to embedthe other main formalism of our hybrid reasoning
framework { F-Logic{ into disjunctive datalog. The results preserted here follow the
generaltranslation algorithm presenied in [39]. For the full translation, we refer the
readerto [39); herewe just overview the algorithm at a high level.
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The major way for translating F-Logic into datalog is by attening, which intro-
ducesso-calledwrapper predicatesrepreseting certain relationshipsholding between
object identi ers (OIDs). For example,the F-Logic statemert

Person: John

represeting the fact that John is an instance of Person can be represeted by the
following statemert:

isa(Person; John)

In the above examplethe predicateisa encalesthe is-arelationship betweentwo OIDs.
Similarly, the subclassrelationship can be represeted using sulzlass predicate, asin
the following example:

Student:: Person sulzlasq Student Person)

Singlevalued properties are encaled using fd (functional data) predicate, and the
multi-v alued properties are encaled using mvd (multi-valued data) predicate, as in
the following examples:

mary[age! 30] fd(age mary; 30)
john[siblings  f bob; billg] mvd(siblings john; bob) » mvd(siblings john; bill)

Finally, F-Logic rules can be encaled easily as datalog rules in the following way:

X : BadChild  x : Grandchildlhates y;sibling V]
isa(BadChild;x) isa(Grandchild; x); mvd(hates x; y); mvd(sibling; x; y)

It is important to understandthat in the above translation we assumethat func-
tion symbols are not usedin the F-Logic knowledgebase. This restriction is necessary
to be able to handle F-Logic using disjunctive datalog. The original attening trans-
formation of F-Logic allows for functional terms; handling sud terms will be possible
onceour framework is extendedto handle rules with function synmbols.

In [39 an important drawbad of the above presened transformation schemehas
beendiscussed:by using wrapper predicates,the indexing capabilities of the under-
lying enginebecomeine ectiv e. Considerthe isa predicate, indexed by the rst and
the secondposition. By compiling a large number of is-a statemerts into the same
predicate, one obtains a large index consistingof many ertries. The seard in suc an
index is slov and ine ectiv e. Se\eral strategiesfor remedyingthe situation have been
presered in [39). For the sake of brevity, we do not repeat thesestrategieshere, but
simply note that our framework is compatible with them.
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4.4 QueryAnsweringin Disjunctive Datalog

An e cient query answering algorithm is essetial for practical applicability of our
framework. Many techniques have been deweloped for disjunctive datalog without
equality. Thesetechniquescanbe used,provided that the usualcongruenceproperties
of equality are axiomatizedcorrectly. This canbe doneby addingthe following axioms
to the program, where the last axiom is instantiated for ead predicate occurring in
the program [16]:

X X HU(X): (4.2)

X vy y X (4.2)

X zZ X Yy z (4.3)
PG:y;i)  PGiuoxi)x oy (4.4)

Currently, the state-of-the-art technique for reasoningin disjunctive datalog is so-
called intelligent grounding [15], and has beenimplemerted successfullyin the DLV
disjunctive datalog engine. The algorithm is basedon model building, which is per-
formed by generatingthe ground instantiation of the program rules, generatingcan-
didate models, and using model cheding algorithms to eliminate models which do
not satisfy the ground rules. In order to avoid generatingthe ertire grounding of the
program, carefully designedheuristicsis applied to generatethe subsetof the ground
rules which have exactly the sameset of the stable models as the original program.
Query answering is reducedto model building, sinceA is not a certain answer if and
only if there is a model not cortaining A.

It is important to understandthat in disjunctive datalog applications, computing
the modelsis usually of more interest than query answering. For example,disjunctive
datalog has beensuccessfullyapplied to planning problems,where ead plan is often
\decoded" from a model.

On the contrary, the modelsof DD(KB ) and other programsare of no interest. Fur-
thermore, our programsdo not cortain non-monotonic negation. Hence,we propose
query answering in disjunctive datalog by hyperresolution and basic superposition,
which may be viewed as an extensionof the xp oint computation of plain datalog. A
similar technique was preserted in [9]. Howewer, the algorithm presened there has
two drawbadks: it doesnot take equality into accourt, and it doesnot specify whether
application of redundancyelimination techniquesis allowed.

4.4.1 Overview

We now informally presen our query answering algorithm and later showv formally its
soundnessand completeness.Let P be a positive datalog program and let Q be a
guery predicatenot occurring in the body of a rule of P. To computeall answersof P
sud that P F. Q(a), we saturate P by hyperresolutionand perform paramaodulation
inferencesbetween ground clausesto deal with equality. It is well-known that this
calculus remains complete if ground literals are totally ordered under an arbitrary
ordering , and inferencesare performedon maximal literals only [6]. This ordering
hasthe usefulproperty that, in ead ground disjunction, exactly oneliteral is maximal.
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Hence,insteadof performing aninferenceon ead literal of a groundfact, it is su cien t
to do soon the maximal literal only, which dramatically improvesperformance.

It is possibleto shaw that, if all literals involving the predicate Q are minimal
w.r.t. , then all ground consequencesf P will be derived as unit ground clauses
in the saturation. In this way, to compute all answersto a query; it is sucient to
saturate P only onceusing an appropriate ordering . Thus our algorithm computes
all consequenceby a single saturation.

An exampleof a hyperresolutioninferenceis preserted in Figure 4.3. The maximal
literals in the premisesare underlined. Only theseliterals can participate in an infer-
ence. When performing hyperresolution, premisesare matched to a disjunctive rule
exactly asin the non-disjunctive case,the variablesin the rule head are instantiated,
and the remaining literals from the rule body are transferred to the rule head. Ob-
sene that, if premisesand the rule are not disjunctive, then hyperresolutionbecomes
exactly the least xp oint operator usedto evaluate non-disjunctive datalog programs.
The consequencesf the least xp oint operator can be computedin polynomial time,
SO we get tractable behavior. In this way our algorithm supports the principle of
\graceful degradation": the userpays a performancepenalty only for featuresactually
used.

4.4.2 Formalization

We now formally presert our query answering algorithm and shaw its correctness.In
our algorithm, we usethe well-known lexicographic path ordering (LPO) [12, 4], which
is a term ordering induced over a precedenceof function symbols >p. Each LPO has
the subterm property and, if >p is total, then LPO is total on ground terms. It is
de ned asfollows: s pot if

1. t is a variable occurring as a proper subterm of s or

(@ f >p gand,foralliwith1 i n,wehaves |pt;or

(b) f = gand, for somej, we have (si;:::;S; 1) = (t1;:::tj 1), S 1po tj, and
S potk forall k with j <k nor

(C) Sj ipotforsomej with 1 |j m.
We are now ready to state our algorithm.

De nition  4.4.1. For a predicate symtol Q, let BSB denotethe BSP calculus param-
eterizad in the following way:

Resolvent: R(a) US(b) UV(c) UW(d)
T

T
Rule: R(X) US(Y) - T(X,Y), U(Y)
Facts: T(a,b) UV(c)  U(b) UwW(d)

Figure 4.3: Hyperresolution Example
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All ground atoms of the form Q(a) are smalest in the term ordering  (for
example, may be any LPO induced by a precedene@ in whichP >p Q >p >
andc>p Q>p >, for any predicate symiol P and a constant symtol c).

All negative literals are seleted.

Furthermore, for any two closuess t_C wheres tis strictly maximalands t,
and Q(a)_ D where Q(a) is strictly maximal, BSB performs any possiblesuperposition
fromt into Q(a), evenif the correspnding position in Q(a) is marked.

Theorem 4.4.2. Let P be a positive satis able disjunctive datalay program and Q a
predicate not occurring in the body of any rule in P. Then P . Q(a) if and only if
Q(a) 2 N, where N is the set of closues obtainal by saturating P under BSB up to
redundancy.

Proof. P E. Q(a) if and only if the set of closuresN® obtained as the result of
saturating P[ f: Q(a)g by BSB up to redundancy cortains the empty closure. Notice
that, sinceall closuresin P are safe,all hyperresolhents are positive ground closures.

Consider rst the casewhen no superposition inferenceis applied to the literal
: Q(a) in the saturation of N° SinceP is satis able, N ° cortains the empty closureif
and only if a hyperresolutionwith : Q(a) is performedin saturation. Sincethe literals
containing Q are smallestin the ordering, a positive literal Q(a) can be maximal only
in aclosureC = Q(a) _ D, whereD cortains only literals with the Q predicate. Since
: Q(a) is the only closurewhereQ occursnegatively, if D is not empty, no literal from
D can be eliminated by a subsequeh hyperresolution inference. Hence, the empty
closurecan be derived from sud C if and only if D is empty, which is the caseif and
only if Q(a) 2 N.

Assumenow that, in the saturation deriving N° sewral negative superposition
inferencesfrom closuresa; h G, g b, are applied to : Q(a), resulting in a
closure: Q(b) _ C, which then is resohed with a closureQ(b) _ D, producingC _ D.
Sud a derivation can be transformedinto a derivation where superposition inferences
are performedon b into Q(b) _ D, yielding Q(a) _ C _ D, which canthen participate
in aresolutionwith : Q(a) to obtain C_ D. Thus, we may successigly eliminate eat
superposition into some: Q(a) and obtain a derivation in which no superposition into
: Q(a) has beenperformed. Sincein saturating N, all superposition inferencesfrom
the smaller side of the equality are performedinto all literals cortaining Q, and all
sud inferencesare sound,Q(a) 2 N, sothe claim of the lemma follows. O

Assumingthat Q is a single predicate, or that it doesnot occur in the body of any
rule in P, doesnot reducethe generality of the approad), asonecan always add a new
rule of the form Q(x)  A(x) to satisfy the conditions of Theorem4.4.2.
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5 Satisf action of Requirements

In this chapter we briey summarizehow our framework ful lls the requiremeris set
forth in D1.1.

5.1 Supported Formalisms. Our framework supports all consideredformalisms,
namely description logic, F-Logic, disjunctive datalog and relational databases.How-
ewver, someformalismsare not supported fully. In OWL-DL nominalsare currently not
supported; extendingthe translation is the main aspect of our future work. Currently,
a well-known approximation can be usedto provide sound, but incomplete reasoning
[2]]. In F-Logic the function symbols are currently not supported. Howeer, including
the support for function symbols is not di cult; the open problem is decidability of
reasoningin sud a case.

5.2 Level of Interop erabilit y. Our framework doesnot inherertly reduceany of
the componert formalismsto provide interoperability (apart from the points outlined
aboverelatedto the future work). Instead of reducingtarget formalisms,in our frame-
work the interface betweenthe formalismsis reduced.

5.3 Decidabilit y. Out framework supports decidablereasoning,soit fully satis es
the requiremen.

5.4 Open- and Closed-W orld Assumption.  Our framework does not yet sup-
port any non-monotonic features, so it currently supports only open world assump-
tion. Howewer, we anticipate that extendingour algorithmsto support non-monotonic
reasoningwill not be di cult, sincedisjunctive datalog has historically beenmainly
consideredas a platform for sud reasoning.

5.5 Support for Non-monotonic Negation. The sameconsiderationsas for the
previousrequiremert consideringnon-monotonicreasoningapply to this requiremert
aswell.

5.6 Support for Arbitrary Axioms. The usageof variablesin DL-safe rules is
not restricted. Hence,arbitrary axiomscan be expressedusing our framework, sothe
requiremert is ful lled completely

5.7 Acceptable Performance Level. The evaluation of this requiremen must be
postponeduntil the framework will have beenimplemerted and the performancecom-
parison will have beenconducted. Howewer, our initial measuremets from [31] are
very promising. We strongly beliewve that optimization techniquesfor disjunctive data-
log, such asthe magic setstransformation [19] will provide an acceptableperformance
level.

5.8 Follow the Principle of \Graceful Degradation" The query answering
algorithm presened in Section4.4 has beendesignedpreciselywith this requiremen
in mind. Hence,this requiremen hasbeensatis ed from a theoretical point of view.
it remainsto be seenwhether this requiremert is satis ed in practice aswell.
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6 Conclusion and Future Work

In this deliverablewe have presetted a framework for hybrid reasoningin the Semartic
Web. Our work is motivated by the needto integrate di erent formalisms currently
consideredfor ontology modeling. OWL-DL and F-Logic are a prominert examplesof
sud languages,which are currently consideredas the main formalisms for modeling
semattically-enriched web services.

To achieve interoperability betweendi erent formalisms,we intro ducethe notion of
DL-safe rules. Instead of reducingthe componert formalisms,we reducethe interface
betweenthem. As a consequenceules apply only to individuals explicitly introduced
in the ABox. We have discussedhe e ects of sudr ade nition onanon-trivial example,
which also shows that our approad increaseghe expressiviy of its two componerts.

Our framework operationalizeshybrid reasoningby reducingtarget formalismsto
disjunctive datalogwith equality. A disjunctive datalog engineactsasthe middleware,
mediating betweenother target formalisms. To compensatefor the increasedcompu-
tational complexity introduced by using disjunctive datalog, we deweloped a query
answering algorithm, which, in caseexpressie features, sud as disjunction, are not
used, reducesto the least xp oint operator. In this way our framework supports the
principle of \graceful degradation™: the userdoesnot pay a performancepenalty for
the featureshe doesnot use.

Descriptionlogicsare supported in the framework by reducingDL knowledgebases
to disjunctive datalog. Currently, SHI Q(D) description logic is supported, which
di ers from OWL-DL mainly by not supporting nominals.

Furthermore, function-free F-Logic knowledgebasescan also be encaled into dis-
junctive datalog, so our framework supports F-Logic as well. If F-Logic rules are
DL-safe,they can be seamlesslyintegrated with a description logic knowledgebase.

In our future work, we shall primarily focuson extendingthe framework to support
all of OWL-DL . Furthermore, we shall attempt to extend the framework with some
form of non-monotonicreasoning.We beliewe this is not goingto betoo di cult, since
disjunctive datalog hasbeendeweloped as a platform for non-monotonicreasoning,so
a large body of researt already exists.

Finally, in light of the discussionfrom D1.1, we shall considerapproatesfor in-
tegrating logic-basedapproadhiesto ontology managemeh with databaseconceptual
modeling, and thus provide a unifying framework for ontology represetation, man-
agemem and reasoning.
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