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Abstract

It is well-known that Description Logics (DLs) that admit efficient deaisprocedures are unable to rep-
resent structured objects, i.e., objects whose parts are inter-¢edrea@rbitrary instead of tree-like ways.
A common solution to this problem is to extend a DL with a rule-based formaligis either results
in undecidability or requires restrictions on the shape of the rules, whidtatipprevent the rules from
representing the required structures. In this paper, we considepaoaap for modeling graph-structured
objects using answer set programming. While in its full generality, réagomith this representation is
also undecidable, we consider a restriction which allows the representétioaph structured objects and
yet the reasoning is decidable. We illustrate how this representation hasigefel in exporting a biology
knowledge base developed as part of Project Halo.

1 Introduction

As part of Project Halo (Sebt t p: / / www. pr oj ect hal 0. com), our team at SRI has en-
coded a significant portion of an introductory college texth (Reece et al. 2011) into a know-
ledge base calleliB_Bi 0_101. The encoding work was done using a knowledge authoring sys-
tem called AURA (Gunning et al. 2010) which uses KnowledgeMae (KM) as a knowledge
representation and reasoning system (Clark and Porte) 28ihteKB_Bi 0101 can be a useful
resource for research on reasoning algorithms, we areestet in making it available in a way
that the knowledge representation and reasoning usedioléarly understood. In the process of
developing a translation, we discovered tHBtBi 0101 cannot be directly expressed in com-
monly available decidable description Logics (DL) becath®y disallow the representation of
graph-structured objects. Logic programming offers sidgfficexpressiveness to model the graph
structures but lacks direct support for conceptual modefirimitives used inrKB_Bi 0_101.
Motivated by this problem, we consider an object-orientatjlage called OOKB which is an
extension of answer set programming (ASP) that is capabtep&sentindKB_Bi 0101, and
provides direct support for DL-style conceptual modelimignitives as well as graph structures.
To give an insight into the reasoning challenges posed by BQ¥ analyze its computational
properties and note that reasoning with it in full geneyaitundecidable. We consider syntactic
restrictions under which reasoning with this represemtaliecomes decidable. The represent-
ation features of OOKB and the syntactic restrictions abergid by us are different from the
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closely related prior work oatalog® (Cali et al. 2009),FIDNC (Eiter and Simkus 2010)
programs and{SP/* (Alviano et al. 2010), and none of these prior languages éxjaate for
capturingKB_Bi 0_.101. More specifically, reasoning in OOKB requires rules thatate the
guardedness condition of iRatalog® (see (29) and (31)—(32) in Section 4.2); and the syn-
tactical restriction imposed IFIDNC programs and finitely groundSP/* programs disallows
the representation of graph-like structure that is need&IdKB (see the next section).

2 Motivating Example

Suppose we wish to represent the statemdatetycel | has a part achr onosone and a
ri bosone.” Given a clas&i vi ng- Entity, we can represent this knowledge in a DL by:

Cell C Living-Entity M (3has-part.Ribosome) 11 (Fhas-part.Chromosome) Q)

Next, let us consider the following statement:

“EveryEukaryotic Cel | isaCel | andhas partaucl eus and aEukar yoti ¢ Chr onmosomne
such that theeukar yot i ¢ Chr onosone is inside theNucl eus. .

We can capture this statement only partially using DL. Sfjmadly, we can state:

Eukaryotic-Cell C Cell M (3has-part.Nucleus)r
A(has-part.Eukaryotic-C hromosome 1M (Jis-inside ™. Nucleus))

@)

The above description fails to represent that the eukaryaitromosome is inside the same
Nucleus that is the part of the Eukaryotic Cell. Indeed, egping such knowledge would require
violating the desirable tree model property (in genera& tthe model property is a good indicator
of decidability (Vardi 1996)). FurthermorBukar yot i c- Cel | inherits aChr onosone from its
superclasg€el | which is then specialized tBukar yot i c- Chr onosone. The above represent-
ation does not make the relationship between the inhetitednmosone and the
Eukar yoti c- Chr omosone defined as part of (2) explicit. Representing graph strestuand
stating such relationships across a class hierarchy isattfioc giving precise answers to ques-
tions such as: What is the structure dfukar yoti ¢ Cel | ? What are the differences between a
Ri bosone and aChr onosone? What is the relationship betweegia onosonme and aNucl eus?
Such questions have been found extremely useful in the xtaftan education application called
I nqui r e (Overholtzer et al. 2012).

3 Logic Programming and Answer Sets
A logic programl1 is a set of rules of the form
C o Ay.nnyly, MOt Gy, ..., N0t Ay 3)

where 0<im<n, eachg; is a literal of a first order language amdt a;, m<j<n, is called a
negation as failure literal (or naf-literal). A rule (pr@gn) is non-ground if it contains some
variable; otherwise, it is a ground rule (program).

The Herbrand universe of a progrdrhis the set; of terms constructable from constants
and function symbols ithl. The Herbrand base &1, %y, is the set of ground atoms construct-
able using the predicate symbolslihand the terms i/. A substitutiond is given by a set
{Xy/t1,...,Xs/ts} whereX;'s are distinctive variables angs are termsé is a ground substitu-
tion if t; € %y for everyi. For a literall, I[d] is the literal obtained fronh by simultaneously
replacing every occurrence &f by t; for everyi.
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The semantics of a program is defined over ground programs §mund rule of the form
(3), letpos(r)={ay,...,a,} andneg(r)={am+1,-.-,a,}. A set of ground literals{ is consistent
if there exists no atom s.t. {a, ~a}=X. A ground ruler of the form (3) issatisfiedby X if (i)
neg(r)NX = 0; (i) pos(r\X=£0; or (i) c € X.

Let IT be a ground program. For a consistent set of ground litéraisereductof IT w.r.t. S,
denoted byl1%, is the program obtained from the set of all ruledbby deleting {) each rule
that has a naf-literahot a in its body witha € S, and (i) all naf-literals in the bodies of the
remaining rulesS is ananswer set (or a stable modedj I1 (Gelfond and Lifschitz 1990) if it
satisfies the following conditionsi)(If IT does not contain any naf-literal thénis a minimal
set of ground literals satisfying all rulesi; and {i) If I1 contains some naf-literal thehis an
answer set of15.

For a non-ground prograti, a set of literals i is an answer set dfl if it is an answer
set ofground(I1) that is the set of all possible ground rules obtained frortaimsating variables
with terms in%. I1 is consistenif SM(IT) # ¢ whereS M (I1) denotes the set of answer sets
of I1. IT entailsa ground atona (IT = a) if VS € SM(I1).[a € S].

For convenience in notation, we will make use of choice atdmas are allowed to occur in
a rule wherever a literal can. A choice atom is of the fdrfhu whereS is a set of literals and
[ < u are non-negative integerss u is true in a set of literalX if | < [SNX]| < u. Whenl =0
oru = oo, they will be omitted. The set in a choice atond S u can occur in various forms (see,
e.g., (Simons et al. 2002)); e.g., it can be explicitly lisgs{/,, ..., 1,} wherel;’s are literals; or
written in the form{p : q} wherep, ¢ are atoms. Given a set of ground litefa {p : ¢} N X is
the set of atom$p[d] | there exists a ground instantiatiérsuch thay[6] € X }. Answer sets of
logic programs can be computed using answer set solvers GegspP (Gebser et al. 2007)lv
(Citrigno et al. 1997)).

4 Object-Oriented Knowledge Basesin ASP

We now employ the basic framework of ASP to support repregiemt of an object-oriented
knowledge base (@OKB). As stated earlier, a driving motivation for this work wag heed to
exportKB_Bi 0_101 that was originally developed using Knowledge Machine (Kbark and
Porter 2011). The choice of terminology used in our work feienced by the Open Knowledge
Base Connectivity knowledge model (Chaudhri et al. 1998} aad incorporated the central
features of a large family of object-oriented frame-basealedge representation systems. We
will also relate the modeling primitives introduced herdhteir counterparts in the DL systems,
but we do not make any claims about supporting the equivakmiantics.

4.1 Object-Oriented Domain

In this section, we define the vocabulary and axiom schemasssary to define the knowledge
about a domain. We consider five broad classes of knowledgenbmic, descriptive rules,
cardinality constraints, sufficient conditions and egyaltatements.

4.1.1 Taxonomic Knowledge

Classes, relation declarations, and relationship betwkeses are specified using statements of
the types (4)—(14). (4), (5), and (9) declare a class, an iddal, and a relation, respectively,
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(e.g.,class(cell) says thatel | represents the class of cells). (6) states thata subclass af
(e.g.,subclass_of (e_cell, cell) states that the class of Eukaryotic Celiscle! | ) is a subclass of

the class of cells). (7) states that the two classe®lc’ are disjoint, e.gdis joint(x_chromosome, y_chromosome)
states that the clagschr onosone is disjoint from the clasg_chr onosone. (8) says thatis an

individual instance of the clags

relation(s) 9)

class(c) (4)
range(s,r) (20)

individual(o) (5)
, domain(s, d) (11)

subclass_of (¢, ') (6)
] subrelation_of (s, s5) (12)

disjoint(c, ') @
. . compose(s1, $2, 53) (13)

instance_of (i, ¢) (8) ]

inverse(sy, s) (14)

The domain and range of a relation are specified by (10) and bt example, a binary rela-
tion has_part whose domain and range arangi bl e_enti ty is represented by three atoms
relation(has_part), domain(has_part, tangible_entity), andrange(has_part, tangible_entity).
(12)-(14) define the relationships between the relationth@®fdomain. (12) states that is a
sub-relationof s,. (13) represents tansfer through relationi.e., the composition of; ands,,

sy o 87, is identical tos;. (14) indicates that; is the inverse relation of,. An example of a
sub-relation in the biology domain i&brelation_of (has_functional _part, has_part): whenever
has_functional _part(X'Y ') holds,has_part(X, Y ) also holdscompose(encloses, has_part, encloses)
is an example of (13): IX encloses andY hasZ as its part therX also encloseZ .

4.1.2 Descriptive Rules

To represent relations between individuals, we introdaoma of the formvalue(r, x, y) where

r is a relation andx and y are terms referring to individuals. We will require that ttlass
membership ofc and y be specified ifvalue(r, x, y) is specified, e.g., to represent motivating
example, we write:

2{instance_of (f1(X), chromosome), value(has_part, X, f1(X))}2 <« instance_of (X,cell). (15)

« subclass_of (e_cell, cell). (16)

«— subclass_of (e_chromo, chromosome). a7

2{value(has_part, X, f>(X)), instance_of (f2(X), nucleus)}2 «— instance_of (X,e_cell). (18)

2{value(has_part, X, f3(X)), instance_of (f3(X), e_chromo)}2 instance_of (X, e_cell). (19)

3{value(inside, f3(X), f2(X)), instance_of (f3(X), e_chromo), <« instance_of (X,e_cell). (20)
instance_of (f2(X), nucleus)}3

1

Rule (15) states that for each individuglin the classel | , there exists;(X) (an individual)

in the classchr onpsone that is a part ofX. The rule (20) states that for eaghin the class
e_cel |, there existg3(X) that is an instance of the classhr ono that is insidef,(X) that is

an instance of the clasaicl eus. With these rules, we are able to model the graph-structured
relationship betweea_chr ono, nucl eus andcel | .
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This leads us to defingescriptive statementd the form
3{value(s, f(X), g(X)), instance_of (f(X), cy), instance_of (g(X), ¢g)}3 « instance_of (X, c) (21)

wheref andg are unary functions, calleSkolem functionssuch thatf + g andc is a classf
andg can beid, the identity function. Iff (or g) is id, then we require that; = ¢ (or ¢, = ¢) and
we will remove the corresponding atamstance_of (f(X), cy) and replace 3 by 2 in the head of
the rule. We calbalue(s, f(X), g(X)) arelation value literalof ¢ andinstance_of (f(X), cy) (or
instance_of (g(X), ¢g)) aninstance-of literalbf c.

A descriptive statement of the form (21) describes relatialues of individuals belonging
to classc, represented by the atomalue(s, f(X), g(X)): for each individualX in ¢, f(X) (an
instance of classy) is related tog(X) (an instance of class) by the relatiors.

4.1.3 Cardinality Constraints on Relations
Cardinality constraints on relations are specified by statgs of the following form:
constraint(t, f(X), s, d,n) « instance_of (X, c) (22)

wheres is a relationy is a non-negative integef,andc are classes, andan either benin, max
or exact This constraint states that for each instakcef the clasg;, the set of values of relation
s restricted onf(X) has minimal (resp. maximal, exactly)values belonging to the clagsWe
require thatf(X) must occur in a relation value literadlue(s, f(X), g(X)) of ¢. For example, to
state that each human cell has exactlyci6onosones, we write

constraint(exact, X, has_part, chromosome, 46) « instance_of (X, human_cell). (23)

The head of (22) is called@onstraint-literalof classc.

Observe that by setting= exact, n = 1, d =Thi ng, whereThi ng is the root of the class
hierarchy, a constraint of the form (22) expresses thatdlaions is single-valued for all in-
stances in the KB. Wheth =Thi ng, the constraint represents a pure number constraint. \When
is some subclass ahi ng, it represents a qualified number constraint.

4.1.4 Sufficient Conditions

A sufficient conditiorof a class: defines sufficient conditions for membership of that claseta
on the relation values and constraints applicable to aarst

instance_of (X, c) «— Body(f() (24)

whereBody(f() is a conjunction of relation value literals, instance-¢édals, and constraint-
literals of ¢, andX is a variable occurring in the body of the rule; e.g., to emctfla cel | has
a partnucl eus, itis aeukaryotic cel |l ”, we use:

instance_of (X,e_cell) <« instance_of (X1, nucleus),

25
relation_value(has_part, X, X1), instance_of (X, cell). (25)

4.1.5 (In)Equality Between Individual Terms

A limitation of rules (19) and (20) is that they fail to captuthatf(X) introduced as part of
the definition ofcel | has been specialized tachrono as part of the rules aboetcel | .
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Since acel | has more than onehr onosone, this equality cannot be inferred by simply adding
cardinality constraints. To support such representatic@@KB allows a user to express equality
between terms using the following rule:

eq(f1(X), f3(X)) « instance_of (X, e_cell). (26)

which says that for each individualin the classsukaryoti c_cel |, the two termsf;(e) and
f3(e) refer to the same individual. Stating such equality retegfop provides a powerful mod-
eling tool in OOKBs especially in situations where a clasy imqerit Skolem functions from
multiple superclasses which need to refer to the same ohatii

Sometimes, it is convenient also to indicate that two terrghtmot be equivalent. In general,
an OOKB domain can contain statements for the specificafigim)@quality between terms of
the following form:

eq(ti,t2) <« instance_of(X,c) 27)
neq(ti,t;) <« instance_of(X,c) (28)

wherec is a class¢; andt, are terms constructable from Skolem functions and the maris.

4.1.6 Defining an OOKB Domain

Definition 1
An OO-domainD is a collection of rules of the form (4)—(14), (21)-(22), Y2®7), and (28).

Observe that rules of the form (7), (12), (13), (14), (212)(2nd (24) correspond to the follow-
ing features in DL systems: disjointness (denoted/pyrelation hierarchy ), relation com-
position (o)), inverse rolesl(), existential statementg§, qualified number restrictiong)], and
sufficient propertiesK), respectively. We refer to (10) and (11) as type constseamid denote
them byC. A rule of typeE is more general than an existential statement in a DL siraléoilvs
for the specification of non-tree structured objects.

OO-domains can be characterized by their type of rules/airta the conventional character-
ization of DLs in (Schmidt-Schaufd and Smolka 1991). For phigpose, we associate with each
domain a label of the fornTw wherew is a string over the alphabéH,I,E,Q,P,C,J,(o)}.
The basic part of an OO-domain is denoted wvilitand consists of rules of the form (4)—(6), (8)
and (9). If the domain’s label contains a letter{ii,I, E,Q, P, C,J, (o)} then it contains rules
of the corresponding form, e.g., the laB&l E P says that the domain contains rules for relation
hierarchy, inverses, descriptive statements and sufficemditions; etc. By @ 'w-domain, we
mean an OO-domain with lab&lw.

4.2 Domain Independent Axioms

In this section, we will give axioms that define the meaningarfious relationships that were
introduced in previous section. The rules considered hemebe viewed as background axioms
that a reasoner would use for deriving conclusions for an 8@&main.

4.2.1 Taxonomic Axioms

Rules (29)—(32) state transitivity of subclass relatigmsimheritance of class membership, com-
mutativity and meaning of disjointness, thus allowing feagsoning about membership of indi-
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viduals with respect to a class and reasoning about reldtipibetween classes.

subclass_of (C,B) <« subclass_of (C, A), subclass_of (A, B). (29)
instance_of (X,C) <« instance_of (X, D),subclass_of (D, C). (30)
disjoint(C,D) <« disjoint(D,C). (31)
—instance_of (X,C) <« instance_of (X, D), disjoint(D, C). (32)

4.2.2 Axioms for Reasoning with Relations

Rule (33) specifies the composition of two relationshipd) @d (35) specify the meaning of
subrelations and inverse relations.

value(U,X,Z) <« compose(S,T,U),value(S,X,Y),value(T,Y,Z). (33)
value(T,X,Y) <« subrelation_of (S, T),value(S,X,Y). (34)
value(T,Y,X) <« inverse(S, T),value(S,X,Y). (35)

4.2.3 Axioms for (In)Equality Reasoning

Rules (29)—(35) allow for inheritance reasoning aboutciasmbership and relation values of an
individual. In presence of rules of the form (27)-(28), atin value can occur in different forms
which represent the same relation value. For instancendhegeq(f1(x), fo(x)) holds and that
bothvalue(has_part, x, f1(x)) andvalue(has_part, x, f2(x)) hold, then the latter two atoms would
be considered as identical. This is for example relevantwdiecking cardinality constraints:
even though syntactically those valug$x) and f,(x) are different, a cardinality constraint in-
dicating thatx should have strictly less than 2 parts, should still be BatisThus, instead of
dealing directly withvalue atoms when checking cardinality constraints we define amngue,
atom which represents the getilue(s, x',y') | eq(x’, x) andeg(y’, y) hold}.

To support this computation, we define a predicatestitute(x, y) between terms occurring
in the descriptive rules of an OO-domain that indicates thady are identical ana could be
substituted by. The rules for propagating the equality relation anblstitute andvalue, are:

eq(X,Y) < eq(Y,X) (36)

eq(X,Z) <« eq(X,Y),e (Y, Z),X +£Z (37)

— eq(X,Y),neq(X,Y) (38)

{substitute(X,Y)} «— eq(X,Y). (39)
— eq(X,Y), {substitute(X,Z) : eq(X,Z)}0,

{substitute(Y ,Z) : eq(Y,Z)}O0. (40)

«— substitute(X, Y), substitute(X,Z),X # Y, X +#Z,Y + Z.(41)

«— substitute(X,Y),X # Y, neq(X,Y). (42)

substitute(Y,Z) <« substitute(X,Z),X + Z,eq(X,Y). (43)

is_substituted(X) <« substitute(X,Y),X #Y. (44)
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substitute(X, X) <« term(X),not is_substituted(X). (45)
term(X) <« wvalue(S,X,Y). (46)
term(Y) <« value(S,X,Y). 47

value,(S,X1,Y)) <« value(S,X,Y),substitute(X, X1), substitute(Y , Y1). (48)

The first three rules express the transitivity and reflexioftthe equality between terms and that
two terms cannot be specified as equal and not equal.

Rule (39) introduces a substitution f&r given aneq statement involving( (this can be seen
as a traditionagjuessstep). Rules (40) ensures that that for an equadjty’, Y ) there has to be at
least some substitution picked for bathandY . Rule (41) ensures that we always have at most
1 substitution and rule (43) ensures that a picked subistitdioes not violate anyeq statement.
We further guarantee that something is appropriately gutet by itself (rules (44)-(47)) in
order to guarantee that all terms have a substitution. R defines the predicatelue, that
encodes a set of relation values that are identical undeintfequality specification. Observe
that if the domain does not contain any specification of thenf(27) thervalue,(s, x, y) holds
iff value(s, x, y) holds.

4.2.4 Axioms for Enforcing Constraints
To enforce the constraints (10)—(11) and (42}, contains:

«— value(S, X, Y),domain(S, C), not instance_of (X, C). (49)
«— value(S,X,Y),range(S, C), not instance_of (Y, C). (50)
«— constraint(min, Y, S, D, M), {value,(S,Y,Z) : instance_of (Z,D)} M — 1. (51)

The first two rules make sure that domain and range of a relaie not violated. We note
that our use of the domain and range specification is differem their conventional use in a
DL (e.g., (Baader et al. 2008)) in that we do not use them fteriing the class membership
of individuals. For example, suppose the domain of the imaige is Li vi ng-Entity, and
thatvalue(age, table-25, antique) holds butinstance_of (table-25, Living-Entity) does not, the
constraint on the domain of the relatiage is violated. This behavior is different from some DL
systems which would concludebl e-25 to be an instance afi vi ng-Entity.

The rule (51) enforces the minimal cardinality constrainta set of values of a relation.
Similar rules to enforce other constraints are omitted t@ space. Notice that we uselue, in
this axiom instead ofalue because anyalue atoms that are related ey need to be counted
only once. Just like the domain and range constraints, ve¢ taadinality constraints ((22) and
(51)) different from number restrictions in DLs. For examphe following OOKB constraint

constraint (max, X, has _part, chromosome, 46) <« instance _of (X, human _cell) (52)

means that if there would more than 46r onbsones that are part of @uman cel |, there
would not be an answer set (or, the KB would be inconsisténta DL system, in the pres-
ence of an analogous constraint, if the system encounters tinan 46chr onosone parts of a
human cel |, it would infer that some subset of those must be equal Igadirexplosive case
analysis. A discussion of these two different approachég#bing with constraints can be found
in (de Bruijn et al. 2005).
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4.2.5 Defining a General OOKB

Definition 2(General OOKB
A generalOOKB over a finite OO-domaim is a logic progranK B(D,D,) = D U Ilg U D,
where {) Iy is the set of rules (29)—(35) and (36)—(51), any, is a set of ASP rules.

An OOKB K B(D, D,) is called ataxonomical knowledge bager TKB) if D, = (. We write
TK B(D) to denoteD UTIg. We further classify TKBs by the type of its OO-domain, eifgD) is

a THIEQ-domain, we say thal K B(D) is aTHI EQP knowledge base respectively. We say
thatD is consistentf TK B(D) is consistent

4.3 Decidability of Reasoning

We consider decidability of the following traditional cootptional tasks in the context of OOKB:

(Cy) Consistencygiven an OOKBK B(D, D.), determine whether or nd& B(D, D) has an
answer set.

(C;) Concept satisfiabilitygiven an OOKBK B(D, D,) and an instanceof a class;, determine
whether or noK B(D, D,) U {instance_of (i,c)} has an answer set.

(E) (Ground) Entailmentgiven an OOKBK B(D, D.) and a ground atora, determine whether

or notK B(D, D,) = a holds.

(QA) Query answeringgiven an OOKBK B(D, D,) and an atong, determine all ground sub-
stitutionsé = {X/ay,...,X,/a,}, where{X1,..., X,} is the set of distinct variables oc-
curring ing, s.t.KX B(D, D,) & q[d].

We start off with some background on logic programming dalgility results. It is well-known
that deciding whether a logic program has an answer 38t@mplete for the general first order
case (Marek et al. 1992; Schlipf 1995) and entailment is ciddble (Dantsin et al. 2001): we
have that(C;) and(C;) areX!-complete andE) is undecidable. In ASP, reasoning involves a
grounding step, followed by calculating the answer seterdtore, th§QA) task is not treated
explicitly in the existing ASP literature.

We next identify classes of OOKBs that yield better complegroperties for these tasks. As
the complexity of general LP has been discussed extensivéhg literature (e.g., (Dantsin et al.
2001; Marek et al. 1992; Schlipf 1995)), we focus on TKBs.sTisi because TKBs represent
precisely the representation neededK8cBi 0_101. The first result that we obtain in this dir-
ection is related to the consistency of TKBs. Let us obsdraethe inconsistency of 8K B(D)
can arise in the different situations) the specification of the class hierarchy is inconsisteat, i
D contains an individuad with the specificatiorinstance_of(a,cy) and the class relationships
disjoint(cy, c2) andsubclass_of (c1, ¢2); (i) the specification of (in)equality between terms is in-
consistent, i.e., botby(x, y) andneq(x, y) hold; or (ii) a domain, range, or cardinality constraint
is violated, i.e., a constraint of the form (49)—(51) is vield. Since an answer set 6K B(D)
is an answer set of' K B(D) \ I1¢ whereIl is the set of rules of the form (49)—(51), (39),
(40)—(42), we can show th&€C,) and(C;) are decidable fof HI EP(c)-TKBs, i.e.,(C;y) and
(C,) are decidable for TKBs without constraints.

Decidability of (QA) depends on whether the answer sets of TKB are finite or ndbrtin
nately, finiteness of the answer set is not guaranteed asrsd@nnext example.

Example 1
Consider al'E OO-domainD; with a classz, a relationr, and the descriptive statement

2{value(r, X, f(X)), instance_of (f(X),a)}2 <« instance-of (X,a) (53)
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«— instance_of (c,a) (54)

Itis easy to see that K B(D) has an infinite answer set that can be enumerated by thedancti
TrkB,)- The example illustrates that answer sets may be infinitenegal, and thus checking
ground entailment) or query answering@A) is non-trivial.

We can attain decidability for ground entailment if we imp@sguardedness condition. Intuit-
ively, the application of the immediate consequence opefBi pp) 1. results in larger terms
(in size) if the terms appearing in the head of rules are momgpdex than the terms in the body.
This is already the case for all rules in any TKB except pdgditr sufficient conditions (24)
where the head contains a variable but the body possibly cwrmplex terms. If we can guar-
antee that applyind@’rx pp).m. only results in terms of size equal or bigger than the sizéief t
term to be proven, we can prune the search space as soon asevatgea term of size greater
than the size of the term to be proven. Specifically, as eashingr atoma is built over terms
with a certain depth, onC€rk gy 1. Yields atoms over terms beyond that depth amides not
appear in its result, we can be sure thad not entailed.

Formally, for a termx in the language oK B(D, D,), |x|, called the size of, is defined as
the number of function symbols occurringinWe say that an OO-domai (and TK B(D)) is
guardedif for every sufficient condition of the form (24),> |Y | holds for termY occurring in
the body of the rule, i.e., only variables occur in rules & tbrm (24).

Proposition 1
(E) is decidable for TKBs with guarded and consist@éf{ I EP QCJ(c)-domains.

The above proposition shows that entailment in OOKBs forrde@ and consistent OO-
domains could be verified using some ASP solvers since thayide options for limiting the
maximum nesting level for complex terms (e.g., the optia®rnest i ng in dlv); e.g., given a
TK B(D) and a ground ator, by settingmaxnest i ng=|a|, dlv allows us to determine whether
TKB(D) = a holds.

However, guardedness still does not help with the {#3K) as the Herbrand universe is,
in most cases, infinite and we cannot red(@&) to (E). We next investigate an acyclicity
condition, that leads to finite answers sets and thus deititgladd (QA).

Definition 3

Let D be an OO-domain ang andc; are two classes iD. We say that a clags refers-toa class

¢, denoted by < ¢, if (i) D contains a rule whose head contains semeince_of (Y, c;) and

whose body containastance_of (X, c¢y); orif (ii) D contains the subclass statemerttclass_of(cy, ¢2).
Let <* be the transitive closure ef over the set of classes . D is acyclicif there exists no

classcin D s.t.c < c.

We sayTK B(D) is acyclic if D is. It is easy to check thd?; is cyclic sincea < a. We can
prove:

Proposition 2
For an acyclicTHI EQCJ(o)-domainD, every answer set af K B(D) is finite.

From earlier we know that every HI EQCJ(o)-TKB has at most one answer set; with Prop. 2
we then have that all the reasoning ta@kg), (C,), (E), and(QA) are decidable folr HIEQCJ(o)
acyclic TK Bs; and as a consequence, we have:



OOKBs in Logic Programming 11

Corollary 1
Value set computation is decidable for acydiélI EQCJ(o) TK Bs.

D (Example 1) shows that Prop. 2 does not hold for cyclic OO-@ios Observe that Prop. 2
is limited to domains without sufficient conditions. Thisbiscause the body of a sufficient con-
dition (24) often contains instance-of literal of the classurring in the head of the rule, TKBs
with sufficient conditions do not satisfy the acyclicity dition.

Observe that Prop. 2 is not a special case of Prop. 1 evenhtemagy acyclicT HI EQCJ(o)-
domain is guarded. Prop. 2 does not require consistencyalNdbmains require sufficient con-
ditions and sometimes, inconsistency is unavoidable.

We note that acyclicity of OOKBs is similar in spirit wefinitorial TBoxes in DLs (Baader
et al. 2008). A definitorial TBox only contains definitionsdaior each concept it contains only
one definition that cannot refer to itself either directlyiradirectly. The acyclicity conditions we
have considered here does not require the KB to consist gfd&finitions.

5 Summary and Conclusions

The primary contributions of work reported here are in thditah of a conceptual modeling
layer in the style of frame-based systems and DLs to ASP,iial ianalysis of its computational
properties, and its use in making available one of the lar§&#® knowledge base. Given the
undecidability of reasoning with this KB and its size, it pedoth theoretical and practical chal-
lenges. The theoretical challenge lies in continuing tariife the weakest syntactic restrictions
on the OOKB that will still allow tractable reasoning. Thegrital challenge lies in identifying
algorithms that support scalable reasoning with OOKBs s1s¢tB_Bi 0_101.
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