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generalized ontology repair problem, in which the entailment respectively non-entailment
of queries to the ontology, subject to possible updates, must be achieved by a data
change. While this problem is intractable in general, we identify several tractable classes of
preferred repairs that are useful in practice. For the class of deletion repairs among them,
we optimize the algorithm by reducing query evaluation to constraint matching, based
on the novel concept of support set, which roughly speaking is a portion of the data from
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(1) Child € 3hasParent (4) Male(pat)
O = { (2) Adopted C Child (5) Male(john)
(3) Female © —Male  (6) hasParent(john, pat)

(7) ischildof (john, alex); (8) boy(john);

(9) hasfather(X,Y) < DL[Male & boy; Male](Y), DL[; hasParent](X,Y);

(10) L <« not DL[; Adopted](X), Y1 # Y2, hasfather(X, Y1),
ischildof (X, Y3), not DL[Child & boy; —Male](Y>);
(11) contact(X,Y) < DL[; hasParent](X, Y), not omit(X,Y);

(12) omit(X,Y) < DL[; Adopted](X), Y # Z, hasfather(X, Y), contact(X, Z)

Fig. 1. DL-program IT over a family ontology.

and Reasoning (KRR). As such, DLs are geared towards describing domains in terms of concepts that map to sets of domain
objects and their relations, as well as roles that capture relationships among domain objects. This makes DLs well-suited
for representing ontologies formally and to reason about them, which has a central role in the Semantic Web vision [9];
indeed, DLs provide the formal underpinning of the Web Ontology Language (OWL), a recommended standard for expressing
ontological knowledge on the web. Fueled by the success in this area, DLs have been successfully deployed to many other
contexts and applications, among them reasoning about actions [6], data integration and ontology based data access [20,19],
spatial reasoning [69], runtime verification and program analysis [2,53], and many others.

Most DL ontologies are fragments of classical first-order logic, and as such lack sufficient expressiveness for the require-
ments of certain problems; for instance, they cannot model closed-world reasoning, nor can they express nonmonotonicity;
these features are often essential in practical application scenarios. Furthermore, DLs do not offer rules, which are popular
in practical knowledge representation and serve a complementary aspect: while DLs are focused on specifying and rea-
soning about conceptual knowledge, logic rules serve well for reasoning about individuals; furthermore they target issues
associated with nonmonotonic inference as well as non-determinism. To overcome these shortcomings, several extensions of
DLs have been developed, e.g. [80,5,26,27,65,15,23,52,47,14] and various notions of hybrid knowledge bases (KBs) have been
proposed to get the best out of the DL and rules worlds by combining them (see [66] and references therein). Among them,
Nonmonotonic Description Logic (DL-)programs [37] are the most prominent approach for a loose coupling between the rules
and the ontology via so-called DL-atoms, which serve as query interfaces to the ontology that support information hiding
and the use of legacy software (i.e., ontology reasoners). The possibility to add information from the rules part prior to
query evaluation allows for adaptive combinations.

Example 1. Consider the DL-program IT in Fig. 1, which captures information about children of a primary school and
their parents in simplistic form. It is given as a pair IT = (O, P) of an ontology O and a set of rules P. The ontology
O contains a taxonomy 7 of concepts (i.e., classes) in (1)-(3) and factual data (i.e., assertions) A about some individuals
in (4)-(6). Intuitively, 7 states that every child has a parent, adopted child is a child, and male and female are disjoint.
The rules P contain some further facts (7), (8) and proper rules: (9) determines fathers from the ontology, upon feeding
information to it; (10) checks, informally, against them for local parent information (ischildof) the constraint that a child
has for sure at most one father, unless it is adopted (where L stands for falsity); finally (11)-(12) single out contact
persons for children, which by default are the parents; for adopted children, fathers from the ontology are omitted if some
other contact exists. The rules and the ontology interact via DL-atoms, which are the expressions starting with “DL”"; e.g.,
DL[Male W boy; Male](X) informally selects all individuals c, such that Male(c) is provable from O after temporarily adding
for boys the assertions that they are male in the ontology.

The semantics of DL-programs was given in the seminal paper [37] in terms of answer sets, as a generalization of
the answer set semantics of nonmonotonic logic programs [46]. In this way, DL-programs are an extension of answer
set programming (ASP) [18] in which the user can evaluate in the rules queries over an ontology via DL-atoms. Notably,
DL-atoms enable a bidirectional information flow between the rules and the ontology, which may even be cyclic; this makes
DL-programs quite expressive, and allows one to formulate advanced reasoning applications on ontologies, such as extended
closed-world or terminological default reasoning [37].

On the other hand, the information flow can lead to inconsistency, i.e., that no answer set of the DL-program exists, even
if the ontology and rules are perfectly consistent when considered separately; this happens in the example above, where the
DL-program has no answer set. An inconsistent DL-program yields no information and is of no use for constructive problem
solving; it may be viewed as broken and in need of an appropriate management of this situation. Systems for evaluating
DL-programs, among them dlvhex' and DReW,? however can not resolve inconsistencies easily; this is clearly a drawback
for their deployment to applications.
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Adequate treatment of inconsistent information is a ubiquitous challenge faced by many KR formalisms in various set-
tings. The issue has been extensively studied in various fields, e.g. diagnosis [73], nonmonotonic reasoning [17,76], belief
revision [1,42], knowledge base updates [28], databases (see [10] for an overview) and many others (e.g., [11,67,62,25]).
Although a large number of “inconsistency-tolerant” approaches exist (see Section 7 for a discussion), most of them are ap-
plicable only to formalisms that are based on a single underlying logic. DL-programs in turn constitute a hybrid formalism,
and existing approaches can not be readily applied for such a setting; thus, suitable methods for inconsistency handling in
DL-programs are needed.

In this work, we address this need and develop techniques for repairing inconsistent DL-programs. Our main contribu-
tions can be summarized as follows.

(1) We formalize repairing DL-programs and introduce the notions of repair and repair answer set. They are based on
changes of the assertions in the ontology that enable answer sets. As it turns out, repair answer sets do not have
higher complexity than ordinary answer sets (more precisely, weak and flp answer sets) if queries in DL-atoms are
evaluable in polynomial time; to ensure this, we concentrate on the prominent Description Logic DL-Lite 4 from the
DL-Lite family [21]. Furthermore, we model repair preference by functions o that select preferred repairs from a set of
candidate repairs. As selecting most preferred repairs in a repair ordering may be a source of complexity, [54], we focus
on selections o that allow to filter preferred repairs independent of other repairs (which is relevant in practice).

(2) The task of repair computation involves a generalized ontology repair problem (ORP), which arises from a candidate an-
swer set and the DL-atoms of the program. It consists of two sets D1 and D, containing entailment and non-entailment
queries to the ontology, respectively, under temporary assertions induced by the answer set candidate, and asks for an
ABox satisfying these sets. Importantly, if a selection function o is independent, the o -selected ABoxes also yield, mod-
ulo a conditional check on the rules part, the o-selected repairs of the program. Unsurprisingly, the ORP problem is
intractable (NP-complete) for DL-Lite 4 in general, and NP-hard even in elementary ontology settings, due to the tempo-
rary assertions. However, we identify several tractable cases of o -selections that are useful in practice. The ORP problem
is of independent interest, as it can arise in a general context where multiple ontologies are integrated which share the
taxonomy and some defeasible data, where queries serve as constraints.

(3) To optimize repair answer set computation, we introduce support sets as means to shortcut the ontology access for
query evaluation. Informally, a support set of a DL-atom is a portion of the data in the ontology and the answer set
from which the entailment of the query in the DL-atom follows; by a simple ontology enhancement, this data can be
described entirely in terms of data in the ontology. Furthermore, support sets lift faithfully to the nonground level,
i.e., can be schematically described, and the latter can for DL-Lite 4 ontologies not only be efficiently computed, but
are also small; this provides the basis for scalability in exploitation. Using support sets likewise proved to be effective
for evaluating DL-programs, as was shown in [32]; they can be seen as non-ground justifications why a query to the
ontology evaluates to true and informally generalize explanations of positive query answers [16] to a setting with
further ad-hoc input data.
Utilizing support sets, we devise an algorithm for the effective computation of deletion repairs of DL-programs under
weak and flp-answer set semantics, and we discuss potential generalizations. The algorithm is implemented within the
dlvhex answer set solving framework, using a declarative approach for support set evaluation. Furthermore, we report
results of an extensive experimental evaluation of the implementation on a suite of benchmarks that gather scenarios
of different characteristics. The results provide evidence for the effectiveness of the method and scalability with respect
to intuitively increasing inconsistency in the data.

(4

~

Organization. The remainder of this article is organized as follows. Section 2 provides necessary preliminaries on DL-
programs. In Section 3, the notions of repair and repair answer sets are introduced and a detailed analysis of their
computational complexity is presented. Section 4 elaborates on support sets as optimization means and algorithms for
deletion repair computation of DL-programs over DL-Lite 4 ontologies based on them. In Section 5 the structure of the
prototype and the implementation details are given, and in Section 6 the evaluation results are presented and analyzed.
A comprehensive discussion of further and related work is given in Section 7, followed by concluding remarks and an
outlook in Section 8. In order not to distract from the flow of reading, longer proofs have been moved to the Appendix.
This article significantly extends the preliminary work in [33,35].

2. Preliminaries

In this section, we recall basic notions of Description Logics, where we focus on DL-Lite 4 [21,70], and DL-programs [37];
for more background on Description Logics, see [4].

2.1. Description logic knowledge bases

We consider Description Logic (DL) knowledge bases (KBs) over a signature X = (I, C,R) with a set I of individuals
(constants), a set C of concept names (unary predicates), and a set R of role names (binary predicates) as usual.
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A DL knowledge base (or ontology) is a pair O = (T, .A) of a TBox T and an ABox A, which are finite sets of formulas
capturing taxonomic resp. factual knowledge, whose form depends on the underlying DL. In abuse of notation, we also write
O =T U A viewing O as a set of formulas.

Syntax. In DL-Lite 4, concepts C, denoting sets of objects, and roles R, denoting binary relations between objects, obey the
following syntax, where A € C is an atomic concept and P € R an atomic role:

C— A|3R, D— C|—C, R—P|P, S— R|—-R.
DL-Lite 4 TBox axioms are then of the form:
CCD, RCS, (funct R)

Axioms where D = C resp. S = R are positive inclusion axioms and where D = —C resp. S = —R are disjointness axioms;
(funct R) is a functionality axiom. As a further constraint, roughly speaking in DL-Lite 4 (inverse) functional roles can not
be specialized, i.e., they can not appear on the right-hand side of positive inclusion axioms; for formal details, see [70]
An assertion is a formula A(c) or P(c,d), where A€ C, P €R, and c,d €1 (called positive) or its negation, i.e., —=A(c) resp.
—P(c, d) (negative).> An example of a DL-Lite 4 ontology is given in Fig. 1.

Semantics. The semantics of DL ontologies O is based on first-order interpretations [21].

Definition 2 (Interpretation). An interpretation is a pair Z = (AT, Z) of a non-empty domain AZ and an interpretation
function -Z that assigns to each individual ¢ €I an object ¢Z € AZ, to each concept name C a subset CZ of AZ, and to each
role name R a binary relation RZ over AZ.

An interpretation I extends inductively to non-atomic concepts C and roles R according to the concept resp. role
constructors; as for DL-Lite 4, (AR)T = {o1 | (01,02) € RT} and (=C)Z = AT\CZ, and R~ = ({01, 02) | (02,01) € RZ} and
(-RT=AT x AT \ RZ. Based on this satisfaction of formulas in Z = w is defined as follows.

Definition 3 (Satisfaction). Satisfaction of an axiom respectively assertion w.r.t. an interpretation Z is as follows:
e ZT=CC D, if ¢ c DT;
e ZE=RLCS,if RT c sT;
o 7 = funct(R), if (01,07) € RT and (01, 03) € R implies 0, =03 for all 01, 05,03 € AL;
e ZE=C(a), if aZ e T and T =—C(a), if a € AT\CZ;
e 7 = P(a,b), if (@Z,bT) e PT and T =—P(a,b), if (aZ,bT) e AZxAT\PL,
Furthermore, Z satisfies a set of formulas I', denoted Z =T, if Z =« for each o €T.

A TBox T, ABox A respectively ontology O is satisfiable (or consistent), if some interpretation Z satisfies it. We call A
consistent with T, if T U A is consistent.

Example 4 (cont’d). The ontology © in Fig. 1 is consistent, since there exists a satisfying interpretation Z = (AZ, ), defined
by setting AL = {john, pat}, Male” = {john, pat}, hasParent” = {(john, pat)} and Child? = Female” = . The ontology O’ =
O U {Female(pat)} does not have any model, and thus is inconsistent.

It has been shown that in DL-Lite 4 inconsistency arises by few assertions [21].

Proposition 5 (c¢f. [21]). In DL-Lite 4, for a given TBox T every C-minimal ABox A such that T U A is inconsistent fulfills | A| < 2.

Throughout the paper, we consider ontologies in DL-Lite 4 under the unique names assumption, i.e., 01Z # 0,7 whenever
01 # 03 holds in any interpretation.

2.2. DL-programs
A DL-program IT = (O, P) is given as a pair of a DL ontology O and a set P of DL-rules, which extend rules in non-

monotonic logic programs with special DL-atoms. They are formed over a signature ¥ = (C, P, I, C,R), where Xp = (C, P)
is a signature of the rule part P with C being a finite set of constant symbols, and P a finite set of predicate symbols (called

3 Negative assertions —F (f) are easily compiled to positive ones using a fresh concept resp. role name F- and F-(f), F— C —F.
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Ip predicates) of arities > 0, and X» = (I, C,R) is a DL signature. The set P is disjoint with C, R. For simplicity, we assume
here C =1

Syntax. A (disjunctive) DL-program I1 = (O, P) consists of a DL ontology O and a finite set P of DL-rules r of the form
a1 V...vay <bq,...,bg,not byyq,...,not by (1)

where not is negation as failure (NAF)* and each a;, 0 <i <n, is a first-order atom p(f) with predicate p € P (called ordinary

or Ip-atom) and each b;, 1 <i <m, is either an Ip-atom or a DL-atom. If n =0, the rule is a constraint, and if n <1, it is

normal. The notions of a head and a body of a rule are naturally inherited from normal logic programs, i.e. for a DL-rule r of

the form (1), H(r) ={ax, ..., ay} is called the head of r, and B(r) = {b1, ..., by, not bx41, ..., not by} is called the body of r.
A DL-atom a(f) is of the form

DL[%; Q1(D), (2)

where

(@) A=S10p1P1s---, SmOPy Pm, M > 0 is the input list and for each i, 1 <i <m, S; € CUR, op; € {¥,U, A} is an update
operator, and p; € P is an input predicate of the same arity as S;; intuitively, op; = W (resp., op; = U) increases S; (resp.,
—S;) by the extension of p;, while op; = A constrains S; to p;;

(b) Q) is a DL-query, which has one of the forms (i) C(t), where C is a concept and ¢ is a term; (ii) R(t1,t2), where R is a
role and t1, t, are terms; (iii) Q is an inclusion axiom and = €; (iv) Q is a disjointness axiom and t = €; or (v) =Q’(f)
where Q’(f) is from (i)-(iv). We omit (t) for f = €.

Example 6 (cont’d). Consider a ground version DL[Male W boy; Male](pat) of the DL-atom in the rule (9) of IT in Fig. 1. It has
a DL-query Male(pat); its list A = Male W boy contains an input predicate boy which extends the ontology predicate Male via
an update operator .

Semantics. The semantics of a DL-program IT = (O, P) is in terms of its grounding gr(IT) = (O, gr(P)) over C, i.e., gr(P)
contains all ground instances of rules r in PP over C. In the remainder, by default we assume that IT is ground.

A (Herbrand) interpretation of I1 is a set I C HBy of ground atoms, where HByy is the Herbrand base w.r.t. C and P (i.e.
all ground atoms over C and P); I satisfies an Ip- or DL-atom q, if

(i) ael, ifais an lp:atom, and
(ii) (O UAl(@)) = Q (f) where O = (T, A), if a is a DL-atom of form (2), where

m
M@= JAi 3)
i=1
and
- Ai(D={Si© | pi(©) 1}, for op; =¥;
- Ai(D) ={=5;{©) | pi(©) € I}, for op; =;
- Ai() ={=5i(©) | pi(©) € HB \ I}, for op; =A.

Satisfaction of a DL-rule r resp. set P of rules by I is then as usual, where I satisfies not bj, if I does not satisfy bj;
I satisfies T, if it satisfies each r € P. We denote that [ satisfies (is a model of) an object w (atom, rule, etc.) with I =€ w.
A model I of w is minimal, if no model I’ of w exists such that I’ C I.

Example 7 (cont'd). The interpretation I = {ischildof (john, alex), boy(john)} satisfies the DL-atom o = DL[Child & boy;
Male](john), as ©@ U A!(0) = Male(john). Furthermore, I j=°DL[; Adopted](john), since the input list of DL[; Adopted](john)
is empty and O [~ Adopted(john).

Answer sets. Various semantics for DL-programs extend the answer sets semantics of (disjunctive) logic programs [46] to
DL-programs, e.g. [37,59,82,77]. We concentrate here on weak answer sets [37], in which DL-atoms are treated like atoms
under NAF, and flp answer sets [38], which obey a stronger foundedness condition. Both are like answers sets of ordinary
logic programs defined as interpretations that are minimal models of a program reduct, which intuitively captures that
assumption-based application of the rules on an interpretation can reconstruct the latter.

Definition 8 (Weak answer sets). Let I1 = (O, P) be a DL-program. The weak reduct of P relative to O and to an interpretation
I € HBpy, denoted by Pé&ﬁk is the ordinary positive program obtained from gr(PP) by deleting

4 Strong negation —a can be added resp. emulated as usual [37].
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e all DL-rules r such that either I j£© a for some DL-atom a € B (r), or I =€ I for some [ € B~ (r); and
e from every remaining DL-rule r all the DL-atoms in B*(r) and all the literals in B~ (r).

1,0
weak*

A weak answer set of T1 is any interpretation I C HBy that is a minimal model of P By ASyeqr(IT) we denote the set

of all weak answer sets of II.

Note that P‘kgk is an ordinary ground positive program without DL-atoms and default-negated literals, which has the
least (unique minimal) model if each rule in P is definite (i.e, n=1 in (1)).

Example 9. Let O be as in Fig. 1 and let the rule set P be as follows:
(7) ischildof (john, alex); (8) boy(john);
(9) hasfather(john, pat) <— DL[Male & boy; Male](pat), DL[; hasParent](john, pat);
(10) contact(john, pat) < DL[; hasParent](john, pat), not omit(john, pat);
(11) omit(john, pat) < DL[; Adopted](john), hasfather(john, pat), contact(john, alex)

P=

Consider I = {ischild(john, alex), boy(john), contact(john, pat), hasfather(john, pat)}. The weak-reduct ’Pc‘;gk contains the fol-
lowing rules:

(7) ischildof (john, alex); (8) boy(john);
Pé‘;gk ={ (9') hasfather(john, pat);
(10’) contact(john, pat)

The interpretation I is a weak-answer set of I, since I is a minimal model of P‘f&gk. In fact, ASyeqr(IT) = {I} holds.

The flp-answer set semantics is defined as follows.

Definition 10 (flp answer sets). Let I1 = (O, P) be a DL-program. The fIp-reduct of P relative to O and an interpretation
I C HByy is the set of rules P;II’JO = {rfI,‘pO | r € P} where rfll’pO =r, if the body of r is satisfied, i.e., I E=© bj, for all b;, 1 <i <k

and I =€ bj, for all k < j <m; otherwise, r;l’po

An flp-answer set of IT is any interpretation | € HBpy that is a minimal model of Pfllbq By ASg,(IT) we denote the set of
all flp answer sets of II.

is empty.

Example 11. Reconsider IT = (O, P) and I from Example 9. The reduct Pf’,ijo contains all rules of P apart from (11). It is
not difficult to verify that I is a minimal model of PfI,I’JO, and hence an flp-answer set of IT; in fact ASg,(IT) ={I}. O

In general, the set of all flp answer sets of a DL-program is contained in the set of its strong answer sets [37], which in
turn is contained in the set of weak answer sets. Strong answer sets coincide with flp ones in some cases, in particular, if
the constraint operator A does not occur in I1. For more information, see [37,82].

When dealing with evaluation of DL-atoms w.r.t. a given interpretation I, it is often convenient to consider input asser-
tions defined as follows.

Definition 12 (Input assertion). Given a DL-atom d = DL[A; Q](f) and P o p € A, o € {, U}, we call Pp(¢) an input assertion
ford, where P, is a fresh ontology predicate and ¢ C C. By Aq we denote the set of all such assertions.
For a TBox 7 and a DL-atom d, we let
Ta=TU{PpEP|PWpeir}U{P,E—P|PUpeil,
and for an interpretation I, we let
Ol =TaUAU{P,(©) € Ag| p(©) €I}
We then have:

Lemma 13. For every O = (T, A), DL-atom d = DL[x; Q(f) and interpretation I, it holds that I =© d iff I I:Ocli DL[e; Q1() iff
Oy = Q.
d

Unlike (3), in (’)(’1 there is a clear distinction between native assertions and input assertions of d w.r.t. I (via facts P, and
axioms Pp C (—)P), mirroring the Ip-input of d.
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Table 1
Complexity of deciding weak and flpanswer set existence for ground DL-
programs over DL-Lite 4 (completeness results).

ASx(IT) | RASx(IT) #@? Normal IT Disjunctive IT
x = weak NP |NP =P =p
x=flp =7 =p =P zh

3. Repair semantics

The powerful formalism of DL-programs permits a bidirectional information flow between the rule part and the ontology,
which makes it attractive for various application scenarios. This information flow, however, can have unforeseen effects and
cause that a DL-program has no answer set; we call such DL-programs inconsistent.

Example 14 (cont’'d). The DL-program IT from Fig. 1 does not have any weak nor flp answer set, and thus is inconsistent.
The inconsistency arises in this program as john, who is not provably adopted, has pat as father by the ontology, and by the
local information possibly also alex; this causes the constraint (10) to be violated. O

Absence of answer sets makes a DL-program unusable, which calls for a remedy to this problem. As mentioned ear-
lier, there are two principled approaches: to tolerate inconsistency, in the sense that reasoning does not trivialize, or to
repair the program, i.e., change formulas in it to obtain consistency. As regards DL-programs (and likewise similar hybrid
formalisms), previous works [72,40] focused on inconsistency tolerance, by suppressing or weakening information that leads
to inconsistency in model building.

In this section, we consider DL-program repair from a theoretical perspective by introducing a repair semantics and
analyzing its computational complexity. In our setting, we assume that the rule part P, which is on top of the ontology
O = (T, A), is reliable and that the cause for inconsistency is in the latter. Thus when searching for a repair, modifications
should only be applied to O. In principle, the TBox 7 and the ABox A of the ontology could be subject to change; however,
as usually the TBox is well-developed and a suitable TBox change is less clear in general (the more by an external user),
we confine to change only the ABox. For example, in the DL-program IT in Example 14 it would be sufficient to delete the
assertion hasParent(john, pat) from the ABox to obtain a (weak respectively fIp) answer set.

From a general perspective, our goal is, given a possibly inconsistent DL-program, to find an ABox A’ such that replacing
the ABox A by A’ makes the DL-program consistent. The answer sets of such a “repaired” DL-program are then referred to
as repair answer sets of the program.

Formally, they are defined as follows.

Definition 15 (x-repairs and x-repair answer sets). Given a DL-program IT = (O, P), O = (T, A), an ABox A’ is an x-repair of
I1, where x € {flp, weak}, if

(i) O =(T,A’) is consistent, and
(ii) TI' = (O, P) has some x-answer set.

By repx(IT) we denote the set of all x-repairs of I1. An interpretation I is an x-repair answer set of IT, if I € ASx(IT"), where
=0, P), O =(T,A), and A’ erepx(IT). By RASx(IT) we denote the set of all x-repair answer sets of I1.

Furthermore, by repl(IT) = {A’ € repx(I1) | I € ASx(IT"), ' = (O, P), O’ = (T, A')} we denote the set of all ABoxes A’
under which I becomes an x-answer set of IT.

Example 16 (cont'd). Reconsider IT in Example 1. The interpretation I; = {boy(john), ischildof (john, alex)} is an flp-repair
answer set with flp-repair A} = {Male(john), Male(pat)}. Another flp-repair for I is A}, = {hasParent(john, pat), Female(pat),
Male(john)}. The interpretation I is also a weak-repair answer set with the weak-repairs A7 and A.
3.1. Complexity of RAS existence for DL-programs over DL-Lite 4 DL

We now look at the problem of deciding whether a given DL-program IT = (O, P) has an x-(repair) answer set for
x € {flp, weak}. Table 1 compactly summarizes our complexity results for this problem for O in DL-Lite 4.

Before formally addressing the complexity of repair answer sets, we first state the following proposition:

Proposition 17. Given any I € HByy, O in DL-Lite 4, and a DL-atom a = DL[x; Q ](t), deciding I =© a is feasible in polynomial time.

Proof. Deciding whether I =© a is equivalent to checking ©@UX! (a) = Q (f). As instance checking is known to be polynomial
[21] in DL-Lite 4, the result immediately follows. O
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We are now ready to formally prove basic complexity results for checking the existence of repair answer sets for a
DL-program.

Theorem 18. Given a ground DL-program IT = (O, P) with O in DL-Lite 4 deciding whether RASx(IT) # @ is

(i) NP-complete for normal IT and x = weak;
(ii) Ef -complete for arbitrary T1 and x € {weak, flp};
(iii) Ef -complete for normal IT and x = flp.

We remark that the problem in (i) remains NP-hard even if IT consists of a stratified DL-program in the sense of [37]
that has additional constraints, cf. [79]. In (ii), the Zf—hardness is inherited from the complexity of answer sets of ordinary
disjunctive logic programs. In (iii), the complexity drops to NP-completeness if the update operator A is excluded, as then
the flp- and the strong answer sets of such DL-programs are guaranteed to coincide and deciding strong answer set existence
is co-NP-complete [36]. Furthermore, all results extend to the setting where independent selection functions for determining
preferred solutions, which are introduced in the next section, of polynomial time complexity are available.

3.2. Selection functions

Clearly, not all repairs are equally useful or interesting for a certain scenario. For instance, repairs that have no common
assertions with the original ABox might be unwanted; repairs that introduce assertions that are not in the initial ABox;
repairs that would cause non-minimal change etc. Formally, we model preferred repairs using a selection function:

Definition 19 (Selection function). A selection function is a mapping o : 2AB « AB — 248 where AB is the set of all ABoxes,
that assigns every pair (S, .A) of a set S of ABoxes and an ABox A a set (S, .A) C S of preferred (or selected) ABoxes.

This notion captures a variety of selection principles, including minimal repairs according to some preference relation, or
some global selection property. We then define:

Definition 20 ((o, x)-repairs and (o, X)-repair answer sets). Given IT = (O, P), O = (T, A), and a selection o, we call
rep.x (IT) = o (repx(I1), A) the (o, x)-repairs of Il. An interpretation I € HBp is a (o,X)-repair answer set of II, if
repfdyx)(l'[) # (), where repzayx)(l'[) =repexnI) N rep,’((l'l); by RAS(» x (IT) we denote the set of all such repair answer
sets.

Example 21. Consider a DL-program IT = (O, P), where O = (@, A) = {Child(john)} and P is as follows:
(1) male(john);
(2) pupil(john) < DL[; studiesAt](john, sch80);
(3) boy(john) < DL[Child W& boy; Child](john), male(john);
(4) L < boy(john), not pupil(john)
The interpretation I = {male(john), pupil(john), boy(john)} is a (o, weak)-repair answer set of IT with a possible (o, weak)-

repair A" = {studiesAt(john, sch80)}, i.e. I € RAS( weak)(IT) and A’ € repfmweak)(l'l), where o chooses repairs A/, such that

L,O'

the set difference between A and A’ contains at most 2 assertions. Indeed, we have that P eak

boy(john)}, and clearly I is its minimal model.
Moreover, I € RAS (s gp) (IT), and A" = {studiesAt(john, sch80), Child(john)} € rept'y,ﬂp(l"[) is an (o, flp)-repair of IT. To verify

this, observe that the reduct Pf’]boﬁ contains the rules (1)-(3), and I is a minimal model of (A”,P;I;JO”L where Q" =

= {male(john); pupil(john);

(@, A”). Note that while A" € rep{dyweak)(l'l), we have that A’ ¢ repzayﬂp)(l'l). More specifically, I is not a minimal model
of (O, Pfl,bo/), where Pf'lbo/ = Pf'lbo// and O = (¢, A’), since there is a smaller model I’ = I\ {boy(john)}, which satisfies all
rules of P;,bo/.

The repair A} = {Male(john), Male(pat)} from Example 16 is in repf}]’X(H) for Iy = {ischildof (john, alex), boy(john)},
where x € {weak, fp} and o selects deletion repairs, i.e. subsets of .A. Furthermore, the ABox A, = {hasParent(john, pat),

Male(john), Female(pat)} is in repf,]zyx(l'[). where x € {weak, flp}, and o3 selects repairs A’, which differ from .4 only on
assertions over gender predicates Male, Female, and |.A| = | A’|. Consequently, Iy € RAS(s; x)(IT) and I, € RAS(s, x (IT) for
x € {weak, flp}. O

In general, even polynomially computable selections ¢ may incur intractability, e.g., selecting ABoxes A’ with set-
minimal change to A, or with smallest Dalal (Hamming) distance (see e.g. [54]). Naturally, we aim at selections that are
useful in practice and have benign computational properties, which are pragmatic specifically for our problem.
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Definition 22 (Independent selection). A selection o : 248 x AB — 2AB is independent, if (S, A) = (S, A)Uc(S\ S, A)
whenever S’ C S.

Example 23. All selection functions considered in Example 21 are independent. The selection function o, which seeks repairs
A’ that contain a minimal number of changes in assertions over predicate Adopted w.r.t. A in Example 1 is not independent,
since to find the preferred o -repair one needs to compute all repair candidates first, and then choose the best one among
them. O

Independence allows us to decide whether a given repair A’ € S is selected by o without looking at other repairs,
and composition works here easily. This makes the introduced property valuable, since independent selection functions of
different kind can be conveniently combined without a major increase in the complexity. Formally,

Proposition 24. If selection functions o1 and o9 are independent, then their composition o1 o o is also independent.

Proof. We show that whenever S’ C S it holds that o1(02(S, A), A) = 01(02(5', A), A) Uaq(02(S\ S’, A), A). By indepen-
dence of o, we have 03(S, A) = 02(S’, A) Ua(S\ S, A). Hence, 02(S’, A) C 02(S, A), and thus by independence of oy
we get 01(02(S, A), A) = 01(02(5', A), A) Ua1(02(S, A) \ 02(5, A), A). As 02(S, A) \ 02(5', A) = 02(5\ §', A), the result
follows. O

Clearly, set-minimal change and smallest Dalal distance are not independent, as to decide whether A’ € o (S, . A) one
has to compare A’ with all other ABoxes from S. On the other hand, selecting all ABoxes such that A’ C A, is obviously
independent. The latter, and several other independent selections that are useful in practice, will be considered in the next
section.

Independence leads to the following beneficial property.

Proposition 25. For every I1 and selection o, if o is independent, then repég oD < rep(s,x (IT), for every I C HBpy.

Proof. By definition rep s x (IT) = o (repx(IT), A) and repég’x)(l'[) = o (repl(IT), A). Now as repk(IT) C repx(IT) and o is
independent, we obtain o (repx(I1), A) = o (repk(I1), A) U o (repx(IT)\repL(IT), A), from which the result is obtained. O

Proposition 25 implies that if we can turn an interpretation I into an answer set of I1 by a o-selected repair from the
repairs which achieve this for I, then I is a o -repair answer set of IT; that is, local selection is enough for a global o -repair
answer set. This will be exploited later in this section.

3.3. Ontology repair problem

In this section we introduce the Ontology Repair Problem (ORP), which is an important subtask of repair answer set
computation. Intuitively, an ORP is the problem of identifying an ABox under which a simultaneous entailment and non-
entailment of sets of queries, where further individual additions for each query are possible, is guaranteed. In our setting
updates and queries are obtained from a candidate interpretation and values of DL-atoms, under which this interpretation
is an answer set of a DL-program at hand (see Section 4 for details).

Let us now provide a formal definition for this repair problem.

Definition 26 (Ontology repair problem (ORP)). An ontology repair problem (ORP) is a triple R = (O, D1, D2) where O = (T, A)
is an ontology and D; = {(U’j, Q}) |1<j<m;}, i=1,2, are sets of pairs where each U‘]. is an ABox and each Q]’. is a
DL-query. A repair (solution) for R is any ABox A’ such that

(i) the ontology O’ = (T, A') is consistent;
(i) (T, A'UUj) = Q] holds for 1 < j<my;
(iii) (7, .A’UU?%) B Q7 holds for 1< j <m,.

For an illustration of ORPs, we resort to the ontology from Fig. 1.
Example 27. Consider R = (O, D1, D) with O as in Fig. 1, and the following sets Dy and D»:
e D1 ={{(U].Q]). (U}, Q). (U]. Qd)}, where

- Ul = {Male(john)}, Q| = Male(pat);
- U} =0, Q] = hasParent(john, pat);
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- U3 = {Child(john)}, Q) = Male(alex);
e D, ={(U%,Q2)}, where
- U2 =0, Q? = Adopted(john).

One of the possible solutions to the described ORP is the ABox A’ = {Male(alex), hasParent(john, pat), Male(pat)}. Indeed,
it is easy to verify that

o (T, A’ UMale(john)) = Male(pat), (T, A’) = hasParent(john, pat), (T, A’ U Child(john)) = Male(alex);
(T, A’) b= Adopted(john). O

We now analyze the complexity of the ORP problem in the general setting.
3.4. Complexity results for ORP

Unsurprisingly, the Ontology Repair Problem is intractable in general. However, this holds already for very simple on-
tologies, which we show in the next proposition.

Proposition 28. Deciding whether an ORP R = ((T, A), D1, D3) has some repair A’ is NP-complete, and NP-hard even if T contains
only positive concept inclusions and A = (.

In fact, even if both TBox and ABox are empty, the problem stays intractable, which is formally stated in the following
proposition.

Theorem 29. Deciding whether an ORP R=((T , A), D1, D) has some repair is NP-hard even if O = .

We note that ORP has two sources of NP-hardness, viz. the data part (as in the proof above) and the taxonomy, which
under o -repairs may derive further assertions. Furthermore, each ORP can be encountered in some DL-program setting; we
show this on an example.

Example 30. Consider the ORP R = (O, D1, D), where D1 = {81}, D2 = {82}, such that §; = ({C(c), —=D(c)}, —=E(c)), and
8 = ({D{d), —=5(d)}, C(d)). We introduce predicates p‘é‘,p‘fj for 81 and p%, p? for 8 and construct I1 = (O, P; U Ppy),
where

Pr = {p¢ (©): Py (©): PR (d): pZ (@)},

L «<not DL[CW pX, DUpl; —=Elc) (1) L < DLDWp®, Sup®; Cld)} ()

PoL =

ay az

Then IT has a single repair answer set candidate, in which a; must evaluate to true and a, to false. This gives rise to R;
the rule (1) effects the pair §; in D and the rule (2) the pair §; in D;. O

Generalizing the above example, for each R = (O, D1, D) one can construct a DL-program IT = ((’),P), such that the
solutions of R correspond to the repairs of IT as follows. A DL-atom a’ is created for every pair (U’ Q ) € Dj, such that
the DL-query of a is Q and the input signature Aj encodes the update U] for every C(é) e Uj (resp. —=C(€)) the signature
A contains C & pCJ (resp. C Upcj) Furthermore, for each such update the fact pC] () is added to P. The rules of P ensure
that all DL-atoms ai are true for j =1 and false for j =2. That is, the logic program part P of IT contains

e a constraint L < not a1 for every aill, and
e a constraint L «a? for every a?,

As there are no predicates in P apart from those occurrmg in facts, the only possible repair answer set I of IT contains

all facts of P. Therefore, the update 1! (a ) of every a corresponds exactly to U’ , and the constraints of P guarantee the
simultaneous entailment and non- entallment of sets of queries under possible temporary updates encoded by the given R.

3.5. Tractable ORP cases

As Theorem 29 demonstrates, we obtain intractability results for ORP even if the ontology is empty. In what follows we
aim at finding tractable cases for the ORP problem given that O is in DL DL-Lite 4.
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If there are few DL-atoms in the ground DL-program IT, then the ORP becomes tractable. However, in application settings
IT is obtained by grounding a DL-program that has variables, which will lead to many DL-atoms in I1. Therefore, the pairs
Dy and D are hard to control in practice, and to gain tractability for ORP, we consider restrictions on repairs and the
ontology. We present four tractable cases of o -repairs with independent selection function o, which are arguably useful in
practice. In what follows, let R = (O, D1, D,), where O = (T, A).

3.5.1. Bounded §*-change
A natural restriction that one could exploit is to bound the distance from the original ABox, i.e.

05+ 1 (S, A) = {A"| JAAA| <k}, k=0, (4)

where A'AA = (A\A) U (A\A) is the symmetric difference of sets. Our tractability result for this setting is as follows.
Proposition 31. Deciding whether an ORP R = (O, D1, D) has a 8=, k-change repair, is feasible in polynomial time for fixed k.

Proof. As the number m of possible ABox assertions is polynomial in the size of 7 and A, traversing all O((’,’g)) possible
A’ and checking the repair condition can be done in polynomial time. O

We illustrate this repair type by the following example.

Example 32. For the DL-program from Fig. 1 the ABox A’ = (A\{Male(pat)}) U {Female(pat)} is a possible §*, k-change repair
for k = 2. Another repair candidate is A’ = (A\{Male(pat)}) U {Male(mat)} provided that mat is a constant from the ontology
signature. 0O

The §*-change repairs are arguably useful in practice. The repairs that restore consistency by getting rid of such deficien-
cies as typos and syntactical inaccuracies fall into this repair category. For instance, in Example 32 the fact Male(pat) was
in the ontology instead of Male(mat), as the letters p and m were confused during the data engineering process. In such
scenarios one can search for repairs by applying selective changes to certain ontology assertions. These selective changes
include modifications of the predicate or constants occurring in the assertion, i.e. P(t) could be changed to P(t’) or P’(f).

To ensure tractability, the number of constants or predicates with which the initial facts can be modified is bounded by n.
Under this restriction, an ABox .A with at most k assertions allowed for modification has O (k¥") repair candidates; thus if
both n and k are bounded by a constant, deciding whether a §*-solution for ORP exists is polynomial. The alternatives
(i.e. constants and predicates) used for fixing initial facts can be created by partitioning the elements of the ontology
signature into subsets based on their syntactical similarity (measured by some string distance, cf. [24], such as Hamming or
Levenshtein distance [57]). For example, the constants mat and pat differ just by a single letter and thus will be put to the
same partition. This way one naturally limits the number of possibilities for changing a certain fact.

Swapping constants in role assertions is another special setting with obvious practical applications.

Example 33. A" = A\{hasParent(john, pat)} U {hasParent(pat, john)} would be a plausible repair for the DL-program IT from
Fig. 1. O

3.5.2. Deletion repair
Another important restriction is to allow only to delete assertions from the original ABox i.e., use

0gel(S, A) = (A | A" C A}. (5)
Example 34. For IT in Fig. 1, each A’ C A except for {Male(pat), hasParent(john, pat)} is a deletion repair. O
Before formally stating the complexity results for this repair we establish the following lemma.
Lemma 35. If (T, A) is consistent, then (T, AU U}) = Q} iff (T, Ao U U;) = Q]". for some Ag € A with | Ag| < 1.

To achieve tractability, we exclude non-containment (Z) DL-queries, i.e., of the form —Q where Q is an inclusion or a
disjointness axiom, from P; let us call any ORP Z-free, if no DL-query of this form occurs in it. Under the reasonable (and
necessary) assumption that the original ontology is consistent, we then obtain.

Theorem 36. Deciding whether a Z-free ORP R = (O, D1, D) with consistent O has a o4ej-repair is feasible in polynomial time.

If non-containment queries are allowed in DL-atoms, computing deletion repairs remains NP-hard.
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Theorem 37. Deciding whether an ORP R = (D1, D2, O) with a consistent O has some o repair is NP-complete, and NP-hardness
holds even if each (U12~, Q]Z) € D, has Uf = and either (i) each (U], Q) € Dy has U} = @ (thus, R has only empty updates), or
(ii) T =4.

3.5.3. Deletion §*2 repair

This selection combines deletion and small change in a prioritized way. First one deletes assertions from A (assumed to
be consistent) according to some polynomial method w (using domain knowledge etc.) until some Ay = w(O) € A results
that satisfies Definition 26 (iii). If Ag is a repair, it is the result; otherwise, one looks for a close repair with bounded §*
change. That is

{n(O)}, if u(©)es
O (S A =1 e (6)
03+ (S, J(O)), if 1(O) ¢ S.

Example 38. If w(O) drops unreliable information about the gender of certain persons in Example 1 (e.g. pat),
Ao={Male(john), hasParent(john, pat)} is a deletion repair. If the constraint

1 <« DL[; hasParent](X,Y), not DL[; Male](Y), not DL[; Female](Y)

(the gender of parents must be known) would be in P, then one would have to add Female(pat) to Ay to obtain a
deletion-§" repair. O

Then one can try all possible combinations of k assertions that can be added to the ABox A’ such that along with
condition (iii), also (ii) and (i) of the repair definition hold. Observe that w(O) is selected by an independent selection
function oge, which chooses subsets of A. Furthermore, o5, is applied to w(Q), the selection o5, chooses an ABox A’ D
w(0), such that A"\ (O) contains not more then k assertions. The selection o3, is independent by Proposition 24, as it is
a composition of o4, and o4 both of which are independent. As both oy and o5, are realizable in polynomial time, the
overall problem is tractable.

3.5.4. Addition under bounded opposite polarity

Repairs by unbounded additions become tractable, if few of them are positive resp. negative, i.e., the number of assertions
with opposite polarity is bounded (which by Theorem 29 is necessary). That is, if A% (resp., A~) is the positive (negative)
part of an ABox A, then

Obop k(S, A) ={A' D A| A T\Al <kor | A \A| <k}, k=>0. (7)

The following result is instrumental.

Theorem 39. For a Z-free ORP R = (O, D1, D3), where O = (T, A) and T has no disjointness axioms® deciding whether some
Opop-Tepair exists is polynomial.

3.5.5. Applicability of independent selections

Like for relational databases, our tractable cases fit real applications, e.g. in case of deletion repairs (observing that
non-subsumption queries are insignificant for practical DL-programs) and scenarios akin to key-constraint violations in
databases. Restoring consistency by removing conflicting pieces of data is a common approach in data management.

Composability of independent selections adds to their applicability. Moreover, they may be combined with DB-style
factorization and localization techniques (see [10] and references therein) and with local search to compute closest repairs.

Bounding the number of changes, especially additions, is also compliant with practice, where too many potential repairs
suggest human intervention (cf. [10]). Finally, one may increase the bound in iterative deepening (assuming that not many
changes are needed).

3.6. Domain-based restrictions on repairs

In previous sections we have proposed several technical means for treating inconsistencies in DL-programs. We have pre-
sented some repair forms that are practically usable and computationally effective, but until now no domain knowledge has
been incorporated into the DL-program repair process. It is natural, however, to believe that the end users of DL-programs
will wish to contribute to the repair by sharing their subject expertise.

Qualitative and domain-dependent aspects of repairs are of crucial importance for their practicability. These qualitative
aspects formulated in terms of additional local restrictions put on repairs help to effectively filter out the irrelevant repair

5 Disregarding axioms F— = —F to compile negative assertions.
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candidates. For example, availability of meta information about the trustfulness of certain ontology pieces may allow to
adjust the repair process.

Example 40. Being aware of the unreliability of ontology facts about the individual john in Example 1 motivates one to
consider the repair A" = A\{hasParent(john, pat)} for the DL-program IT in the first instance.

Knowing additionally that the set of Adopted children is very likely to be incomplete naturally adds A" = AU
{Adopted(john)} to the set of repair possibilities. O

Similarly the user might be willing to keep some information bits in the ontology unchanged.

Example 41. If in Example 40 one wants to avoid dropping the data about individuals belonging to the concept Child but
not known to be Adopted; then the repair A’ is no longer among the preferred options. O

The guidelines on the operations that are allowed to be applied to the ontology could clearly influence the repair process
further.

Example 42. If in Example 40 additions to the ontology are strongly prohibited, then the repair A" is automatically dropped
from the set of leading candidates. O

In some scenarios various dependencies among the data parts stored in the ontology might influence the repair process.
Deletion (resp. addition) of a certain fact might force further ontology changes to be incorporated.

Example 43. Consider a variant of Example 1, in which each Adopted child stored in the ontology is desired to have a
certain identification number (ID) assigned to it through the predicate hasID. This additional constraint could be expressed
by the TBox axiom Adopted C JhasID. However, this restriction might not be a formal requirement, but rather a wish of
the user, for whom it is more convenient to track adopted children by their IDs. Thus the TBox axiom might not be in the
ontology explicitly. In such a setting the repair .A” from Example 40 in which information about john’s adoption is added,
is not among the best repair candidates any longer, as together with this new information, the additional knowledge about
the ID of john should be available.

Similarly, if not only adopted children, but all persons are required to have an ID, and the latter is indeed given in the
original ontology, the repair A" = A\{Male(pat)} U {Male(mat)} from Example 32 forces one to delete the ID of pat and add
the ID of mat; in case the latter is not known, the repair A’ becomes undesired. O

Integration of domain restrictions into the repair computation process. The wide spectrum of potential restrictions that
could be applied to the repair candidates motivates one to consider various possible ways of integrating additional domain
knowledge into the repair computation process. Three global modes of repairing inconsistent DL-programs seem reasonable
in this context:

1) The first mode suggests the computation of repair candidates with some o -selection function, followed by a post-
filtering of the candidates taking into account the domain knowledge. If some of the protected ontology elements are
no longer present in the repair candidate, and their reintroduction violates the repair conditions, then one proceeds
with the analysis of a next repair candidate. Otherwise, the desired repair is computed, and the computation process
terminates.

2) The second mode assumes that the domain knowledge is encoded in the selection function and consequently all iden-
tified repairs a priori satisfy the introduced domain-based requirements.

Example 44. Suppose we want to compute the §* repairs with the desired property expressed in Example 43, i.e. in
the repairs for all Adopted children their ID should be known. Then our problem amounts to the problem of com-
puting 8* repairs of the original DL-program extended by the following rules that conveniently encode the additional
requirement:

(1) assigned(X) < DL[; Adopted](X), DL[; ID](Y), DL[; hasID](X, Y);
(2) 1 <« DL[; Adopted](X), not assigned(X).
The repairs of the extended program correspond to the repairs of the original program post-filtered by the respective

domain-specific condition. O

3) The third mode is the combination of the first two, where some domain conditions are incorporated into the repair
search process, but further post-filtering conditions can be checked.
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4) The mode (2) can be extended to support prioritized repair computation. That is, first one aims at finding the best
repairs that fully satisfy the domain specific requirements, and then if such search does not bring any results, the
requirements are weakened accordingly or even dropped altogether.

Example 45. Recall the setting from Example 44. We first aim at repairs such that IDs of all adopted children are
known. Once some repair answer set of IT with rules (1) and (2) is found, the computation terminates and the result
is output. If no such I was identified, then one might be willing to relax the repair condition by allowing at most k
adopted children to lack IDs. For that the constraint (2) can be changed to a rule (2) having not_assigned(X) in the
head. Repair answer sets I of the resulting program with at most k ground predicates over not_assigned will satisfy the
above requirement, and consequently any repair A’ € repf,_x(l'l) is guaranteed to be preferred, where ¢ is a §*-change
selection function. 0O

All of the discussed domain-specific repair preferences can be combined and ordered in various ways. The techniques
for their computation heavily depend on the application scenario, and in different concrete settings could be adapted and
extended.

4. Computation

In this section, we first recall the essentials of the evaluation algorithm for DL-programs as a special class of so-called
HEX-programs as in [30], and we then provide a naive and an optimized extension of that algorithm for computing repairs.

4.1. DL-program evaluation

The evaluation of a DL-program IT builds on a program rewriting I1, where DL-atoms a are replaced by ordinary atoms
(called replacement atoms) ey, and a guess on the truth value of the latter by ‘choice’ rules e, Vv neq is added.

Example 46. Consider the following grounding of some rules from Fig. 1:

(7) ischildof (john, alex); (8) boy(john);
(9) hasfather(john, pat) <— DL[Male & boy; Male](pat), DL[; hasParent](john, pat);
(10) L < not DL[; Adopted](john), hasfather(john, pat),

ischildof (john, alex), not DL[Child W boy; —Male](alex)

P =

The replacement program IT’ for IT" = (O, P’} comprises the following rules:

7) ischildof (john, alex); (
8) boy(john) (
(
(

( €a; (pat) V N€a; (pat);
(

11" = { (9) hasfather(john, pat) < €a, (pat), €ay(john,pat)>
(

11)
12) eq, (john, pat) V M€ay (john, pat)
13) eas(john) V Ne€as(john)s

10) L < not e, (john), hasfather(john, pat), 14) eq, (alex) V N€ay(alex)

ischildof (john, alex), not eq, (alex);
where

a1 = DL[Male @ boy; Male](pat), ap = DL[; hasParent](john, pat),
as = DL[; Adopted](john), a4 = DL[Child @ boy; —Male](alex).

Given an interpretation T of the replacement program I, we use I |1 to denote its restriction to the original language
of TT. A crucial notion is that of compatible set.

Definition 47 (Compatible set). A compatible set of a (ground) DL-program I1= (O, P) is an interpretation 1, such that (i) Tis
an answer set of 1, and (ii) eq € I iff I|; =9 a, for every a =DL[; Q](c) occurring in II.

Example 48. Consider an interpretation 1= {ischildof (john, alex), boy(john), hasfather(john, pat), eq, , €q,, €qs,neq,} of ni
from Example 46. This interpretation is not compatible for IT" = (O, P’), since eg,(onn) € I, but it holds that I b&O

DL[; Adopted](john), and thus (ii) of Definition 47 is not satisfied. However, the interpretation Tisa compatible set
for T1” = (O', P’y where O’ = O U {Adopted(john)}. Furthermore, the restriction of I to the language of I1” is I|g =
{ischildof (john, alex), hasfather(john, pat), boy(john)}.
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Conversely, given an interpretation I of I1, we denote by I. the interpretation of IT such that I, coincides with I on
normal atoms, and each replacement atom e is in I (i.e. true) iff I =© a for the respective DL-atom a.
Wlth these concepts in place, we are ready to describe the basic algorithm (cf. Algorithm 1) for evaluating a DL-program
= (0, P) adopted from [30]. First, IT is evaluated by an ordinary ASP solver; for every answer set T of IT in (b), the
functlon CMP checks for compatibility, while xFND tests foundedness, i.e., whether 1|1‘1 is a C-minimal model of the reduct
,ﬂ'”’o. In case of x = weak, xFND just returns true, otherwise (x = flp) it checks for disjointness with unfounded sets as
defined in [30]. If both tests succeed, then I|r is output as an answer set.

Algorithm 1: AnsSet: Compute AS,(IT).
Input: A DL-program I1, x € {weak, flp}
Output ASX(I'[)

(a) for 1 eAS(l‘I) do
(b) if cMP(, 1) AxFND(I, TT) then
| output 7|1—|
end
end

Example 49. Suppose we are interested in computing flp-answer sets of I1” from Example 48. In (a) among AS(11") the
interpretation I = {ischild(john, alex), boy(john), hasfather(john, pat), €ay (pat) > €as john) > M€ay(alex)> €ay(john, par)} is identified. Both

the compatibility and the foundedness check in (b) for I succeed, and thus I|r» is output as an flp-answer set of I1”.
An important link between the answer sets of IT and I1 is the following property.
Proposition 50. I[f [ € ASx(IT) then I, € ASX(ﬁ).

While AnsSet is clearly sound, from this result its completeness follows, i.e. restricting the search to AS,(f1) does not
yield any loss of answer sets.

4.2. Naive algorithm for repair computation

We next present a naive algorithm for computing deletion repair answer sets which extends the above DL-program
evaluation algorithm. First we aim at a procedure for computing (o, x)-repairs given an independent selection function o.
Then, we describe how its main subroutine can be used for an extension of AnsSet that computes answer sets if they exist,
and (o, x)-repair answer sets otherwise.

A first key observation is that Proposition 50 generalizes to repair answer sets. More precisely:

Proposition 51. If I € RASx(IT) then I, € AS(ﬁ).

Proof. By definition of RAS,(IT), we get that I € AS(IT'), where IT" = (O',P), O' = (T, A’) and A’ € repy(I1). Since by
Proposition 50 I. € AS(IT") and IT = IT/, the result immediately follows. O

Thus, our approach is to traverse AS(IT) and check for each T € AS(fT) whether 1| is a (¢, x)-repair answer set of II.
The latter proceeds in two steps, where the first step is to search for potential o -repairs of the ontology such that Defini-
tion 47 (ii) holds for I, that is to find solutions of the corresponding ontology repair problem.

Algorithm 2: RepAns: Compute (o, x)-repairs rep(g X)(l'[) of IT for x e{weak, flp}.

Input: 1= (O, P), O=(T.A),leAsd]), o
Output: repL‘T”YX)(l'l)
(a) for A’ € ORP(I,T1,0) do
(b) | if CMP(I, (T, A", P)) AxEND(, (T, A, P)) then
| output A’
end
end

The procedure RepAns (cf. Algorithm 2) calls the subroutine ORP(I, I1, o) in (a) to compute o-repairs A’ of the corre-
sponding ORP, constructed from the DL-atoms with their guessed values and the ontology. Further on, RepAns re-uses the
functions CMP and xFND in (b) to check whether Tisa compatible set of IT" and that it is founded w.rt. IT' = (O’, P),

= (7, A). It thus computes the set of all ABoxes under which T becomes a (0, x)-repair answer set. We demonstrate
RepAns on an example.
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Algorithm 3: RepAnsSet: Compute a set RAS( x) (IT) of (o, x)-repair AS of IT for x e{weak, flp}.

Input: M= (O, P), O=(T,A), o
Output: | € RAS5 x) (IT)
for 1 eAS(f[) do

if RepAns(I1, O, 1,0) # () then

| output i|1—[

end

end

Example 52. Suppose that RepAns gets as input IT/, 1 from Examples 46 and 48, and o5+ 1 selection function com-
puting é+ repairs. The corresponding ORP R is given by R = (O, D1, D), where D = {{{Male(john)}, Male(pat)),
(@, hasParent(john, pat)), (#, Adopted)} and D, = {(#, —=Male(alex))}. The ABox A’ = {Male(john), Male(pat),
hasParent (john, pat), Adopted(john)} is computed in (a) as the os+-repair for R. The checks in (b) succeed for the ABox A/,
and it is output to the user.

Example 53. Let IT = (O, P) be a DL-program, where

B { p(©); (©); q(¢) < DLICUr; DI(c);

AE —=C; A(0); —E(0);
1L« DL[D W p, EUr; —=C](c)

ACED; D(o; C(

We denote by a; and a, the DL-atoms DL[CUr; D](c) and DL[D W p, EUJr; —=C](c) respectively. Consider the interpretation
1= {p(c),r(c), q(c), eq,,neq,}, in which a; is guessed true and a, guessed false. The corresponding ORP is given by R =
(O, D1, D3), where D1 = {{{—C(c)}; D(c))} and Dy = {{{D(c), —E(c)}; =C(c))}. Let o select the deletion repairs, than we
get A’ = {D(c), C(c)} as a possible output of the procedure ORP(I, T1, o), for which the compatibility check verified by the
call CMP(I, (T, A', P)) is passed. If we are interested in (o', weak) repairs then A’ is output by the algorithm RepAns. Yet
another foundedness test is needed to check whether A’ is a (o, flp) repair. This test is done in flp-END(I, (T, A', P)),

which checks whether I is a minimal model of the flp-reduct Pﬁbo/ ={p(c); q(c); q(c) « DL[CUr; D](c)}. As the latter
test succeeds, the ABox A’ is an flprepair and thus it is in the output of RepAns(IT, 1, Ogel)- O

Let now RepAnsSet (Algorithm 3) be the algorithm that iteratively calls RepAns for every 1 e As(f1), and outputs any 1,
where the result of RepAns is nonempty, i.e. some repair A" was computed. We then have:

Theorem 54. RepAns and RepAnsSet are both sound and complete for rep ; ,, (T1) and RAS (5 x) (I1), respectively, for every independent
selection function o.

A natural question is whether computing repair answer sets via compatible sets T of TT makes repair answer set checking
for I|fp easier than for arbitrary interpretations I. Unfortunately, this is not the case; we thus obtain a strengthening of the
results of Theorem 18.

Theorem 55. For ground Il = (O, P) and I C HByy, deciding whether I € RAS,(I1) is (i) NP-complete for x =weak and (ii) Ezp-com—
plete for x = flp; hardness holds even if | = i|n for an answer set T e AS(IT) (and, moreover, I is unique).

Intuitively, even if we know 1, we still need to guess a repair A’ that witnesses i|1‘1- The verification of the guess involves
a foundedness test, which is co-NP-hard in case of x = flp; this results in Eg-completeness.

Note that, for illustration, we kept the algorithms simple; several optimizations apply, some of which we discuss below.
For instance, to compute just some (o, x)-repair answer set, we can modify RepAns to a version that merely computes a
first witnessing ABox A’. Moreover, caching ABoxes A’ and/or all answer sets of the respective IT" (which can be straight
output as (o, x)-repair answer sets of IT) further reduces the search space.

4.3. Support sets

The algorithms RepAns and RepAnsSet represent natural realizations of repair computation. However, they turn out as too
naive and do not scale for practical applications; each ORP derived from an answer set T of the replacement program I1 is
solved from scratch, as no information about past ORPs is exploited.

We thus develop an alternative approach for computing repair answer sets based on the notion of support set. Intuitively,
a support set for a DL-atom d = DL[A; Q](f) is a portion of its input that, together with ABox assertions, is sufficient to
conclude that the query Q (f) evaluates to true; i.e., given a subset I’ C I of an interpretation I and a set A’ C A of ABox
assertions from the ontology, we can conclude that I =€ Q (f). Basically, our method precomputes support sets for each
DL-atom at a nonground level. During DL-program evaluation, for each candidate interpretation the ground instantiations of
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the support sets are effectively obtained. The latter help to prune the answer set search space and also allow one to solve
ORPs by constraint matching.
Exploiting Lemma 13 we define support sets using only ontology predicates as follows:

Definition 56 (Ground support sets). Given a ground DL-atom d = DL[4; Q](b), a set S of assertions from AU Ay is a support
set for d w.r.t. an ontology O = (T, A), if T4U S |= Q (t). By Suppo (d) we denote the set of all support sets S for d w.r.t. O.

Support sets can be grouped into families of support sets or simply support families. More formally,

Definition 57 (Support family). Any collection S € Supp (d) of support sets for a DL-atom d w.r.t. an ontology O is a support
family of d w.r.t. O.

Clearly, support sets as defined above may be subsumed by other support sets (e.g., {A(c), R(c,d)} by {A(c)}) and re-
moved. We concentrate on C-minimal support sets S for a DL-atom d, i.e. for every S’ C S it holds that S’ ¢ Suppy(d).
In general even C-minimal support sets can be arbitrarily large and there can be infinitely many (exponentially many for
acyclic 7) support sets. However, fortunately it turns out that for DL-Lite 4 support sets are of a particular structure. In view
of the property that in DL-Lite 4 a single assertion is sufficient to derive a query [21] from a consistent ontology, we obtain
that for DL-Lite 4 support sets are at most of size 2. More formally,

Proposition 58. Every C-minimal support set §for aDL-atom d = DL[}; Q1(f) w.rt. an ontology O = (T, A) in DL-Lite 4 has either
the form (i) S = {P(©)}, such that T4 U S = Q (t), or (ii) S = {P(¢), P'(d)} such that T3 U S is inconsistent.

Support sets are linked to interpretations by the following notion.

Definition 59 (Coherence). A support set S of a DL-atom d is coherent with an interpretation I, if for each P,(¢) € S it holds
that p(c) e I.

We illustrate the notion of coherence by the following example.

Example 60. The set {hasParent(john, pat)} is a support set for the DL-atom DL[; hasParent](john, pat) w.r.t. O, and so is
{Male(pat)} for the DL-atom a = DL[Male W boy; Male](pat). Moreover, {Maley,y(pat)} is in Suppp(a) but incoherent with
minimal models of II.

The evaluation of d w.r.t. I then reduces to the search for coherent support sets.

Proposition 61. Let d be a ground DL-atom, let © = (T, A) be an ontology, and let I be an interpretation. Then, I =© d iff some
S € Supp (d) exists s.t. S is coherent with I.

As a simple consequence, we get:
Corollary 62. Given a ground DL-atom d and an ontology O, some interpretation I exists such that I =© d iff Suppo(d) # 9.

Apart from the maximal number of assertions that participate in support sets for DL-atoms accessing DL-Lite 4 ontologies,
there is also a limit on the number of constants that can occur in such support sets. In fact, in Definition 58 ¢ Ud can involve
at most 3 constants, which is formally stated in the following proposition.

Proposition 63. Let S be a C-minimal support set of a ground DL-atom d w.r.t. a DL-Lite s ontology O = (T, A). Then S involves at
most 3 constants.

When working with support sets for DL-atoms that access an DL-Lite 4 ontology, we can exploit the above proposition
and limit ourselves only to support sets of size 2 involving at most 3 constants.

4.4. Nonground support sets

Using support sets, we can completely eliminate the ontology access for the evaluation of DL-atoms. In a naive approach,
one precomputes all support sets for all ground DL-atoms with respect to relevant ABoxes, and then uses them during the
repair answer set computation. This does not scale in practice, since support sets may be computed that are incoherent
with all candidate repair answer sets.
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An alternative is to fully interleave the support set computation with the search for repair answer sets. Here we con-
struct coherent ground support sets for each DL-atom and interpretation on the fly. As the input to a DL-atom may change
in different interpretations, its support sets must be recomputed, however, since reuse may not be possible; effective opti-
mizations are not immediate.

A better solution is to precompute support sets at a nonground level, that is, schematic support sets, prior to repair
computation. Furthermore, in that we may leave the concrete ABox open; the support sets for a DL-atom instance are then
easily obtained by syntactic matching. This leads to the following definition.

Definition 64 (Nonground support sets). Let T be a TBox, and let d(s() =DL[A; Q]()?) be a nonground DL-atom. Suppose that
V is a set of distinct variables such that X C V, and that C is a set of constants. A nonground support set for d w.r.t. 7 is a
set S={P1(Y1),..., Pr(Yy)} such that

(i) Y1,.... Y¢SV and ) . )
(ii) for each substitution 6 : V — C, the instance SO = {P1(Y10),..., Px(Yi0)} is a support set for d(X6) wrt. O¢ =
(T, Ac), where A¢ is the set of all possible ABox assertions over C.

By Suppy (d) we denote the set of all nonground support sets for d.

Here A¢ takes care of any possible ABox, by considering the maximal ABox (since O C (O’ implies that Supps(d) C
Suppo(d)). Now generalizing Propositions 58 and 63 we obtain the following characterization for nonground support sets
accessing DL-Lite 4 ontologies:

Proposition 65. Every C-minimal nonground support set S for a DL-atom d w.r.t. an ontology O in DL-Lite 4 has either the form
(i)S = {P(Y) or(ii) S = {P(Y) P’ (Y/)} where Y U Y’ contains at most 3 distinct variables.

Example 66 (cont'd). Certainly {hasParent(X,Y)} is a nonground support set for DL[; hasParent](X, Y), and so are {Male(X)}
and {Malep,,(X)} for the DL-atom d(X) = DL[Male W boy; Male](X), but d(X) has also {Malep,,(Y), Female(Y)} as a non-
ground support set.

Nonground support sets S for DL-Lite 4 are sound in the sense that each instance SO matching with AU A4 is a support
set of the ground DL-atom df w.r.t. O = (7, A). They are also complete, i.e., every support set S of a ground DL-atom d
w.r.t. O = (T, A) results as such an instance, and thus can be determined by syntactic matching.

If a sufficient portion of support sets is precomputed, then the ontology access can be fully avoided. We call such a
portion a complete support family.

Definition 67 (Completeness). A family S € Supp((d) of nonground support sets for a (non-ground) DL-atom d(X) Ww.I.t. a
DL-Lite 4 ontology O is complete, if for every 6: X — C and S € Suppo(d(Xe)) some_ S’ €S exists such that S = §'¢’, for
some extension 8’ : V — C of 0 to V, where V is a set of distinct variables, such that X € V.

Example 68. Consider the DL-atom d = DL[Male W boy; Male](X) from Fig. 1. For computing a complete family S of non-
ground support sets for d w.r.t.O, we may refer to 73 = 7 U{Malep,y = Male}. The support family S = {S1, S2, S3, S4} is
complete for d, where Sy = {Male(X)}, Sz = {Malep,y(X)}, S3 = {Maleyoy (Y), =Male(Y)}, S4 = {Malepoy (Y), Female(Y)}. O

4.5. Determining nonground support sets

Our technique for computing the nonground support sets for DL-atoms over DL-Lite 4 ontologies is based on TBox classifi-
cation, which is an important problem in Description Logics [4]: given a TBox 7 over a signature X,, the TBox classification
CIf(T) determines all subsumption relations P C (—)P’ between concepts and roles P, P’ in X, that are entailed by 7.
This can be exploited for our goal to compute nonground support sets, more precisely a complete family S of such sets.
For example, [56] studies it for the OWL 2 QL profile and [51] discusses it for £L£. Respective algorithms are thus suitable
and also easily adapted for the computation of (a complete family of) nonground support sets for a DL-atom d(X) w.r.t. an
ontology O in DL-Lite 4.

In principle, one can exploit Proposition 13 and resort to 7y, i.e., compute the classification CIf(74), and determine
nonground support sets of d()?) minimal conflict sets [74]. To determine inconsistent support sets, perfect rewriting [21]
can be done over Pos(7), i.e., the TBox obtained from 7 by substituting all negated concepts (roles) —=C (—R, —=3R, —=3R™)
with positive replacements C (R, 3R, 3R-).

In practice (and as in our implementation), it can nonetheless be worthwhile to compute CIf (7)) first, as it is reusable for
all DL-atoms. The additional axioms in 7y, i.e., those of form P, C (—)P (induced by update operators), are handled when
determining the nonground support sets for a particular DL-atom from CIf (7).
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Example 69. Consider the DL-atom d = DL[Male W boy; Male](X) from Example 1. For computing a complete family S
of nonground support sets for d wrt. O, we may refer to 73 = 7 U{Maley,, EMale} and its classification CIf (7).
Here, S1 = {Male(X)} and S; = {Malep,y(X)} are the only unary nonground support sets of d. Further nonground sup-
port sets are obtained by computing minimal conflict sets, yielding {P(?),—-P(f/)} for each P € CUR, as well as
S3 = {Malep,y(Y), =Male(Y)}, S4 = {Malep,y(Y), Female(Y)}, and Ss = {Male(Y), Female(Y)}. However, since we are inter-
ested in completeness w.r.t. O and O is consistent, pairs not involving input assertions can be dropped (as they will not
have a match in A). Hence, S ={S1, S2, S3, S4} is a complete support family for d w.r.t. O. O

Algorithm 4: SupRAnsSet: all deletion repair answer sets.
Input: IT=(7", A, P)
Output: fIpRAS(IT)
(a) compute a complete set S of nongr. supp. sets for the DL-atoms in IT
(b) for I € AS(1) do

Dp «{d|ege 1} Dy ef{d|neqel}; Sigr < Grs, 1, A);
(c) if S?gr(d) #{ forde Dy andevery S € Sg,,(d) ford e Dy, fulfills SN A # ¢ then
(d) for alld € D, do
(e) if some S € S‘igr (d) exists s.t. SN A = then pick next d

else remove each S from S;,(d) st. SNAN Ud,gD” S;r d)y+£9
® if S}, (d) = # then pick next |
end

(® A’ A\ Uyep, Sgr(@;
(h) if fIpFND(I, (T, A’, P)) then output I|n

end

end

4.6. Optimized algorithm for repair computation

We are now ready to describe our optimized algorithm SupRAnsSet (see Algorithm 4), which avoids multiple interface
calls and merely needs to access the ontology once. Given a (ground) DL-program IT for input, SupRAnsSet proceeds as
follows.

We start (a) by computing a complete family S of nonground support sets for each DL-atom. Afterwards the replacement
program I1 is created and its answer sets are computed one by one. Once an answer set 1 of 1 is found (b), we first
determine the sets of DL-atoms D, (resp. Dy) that are guessed true (resp. false) in 1. Next, for all ground DL-atoms in
Dp U Dy, the function Gr(S, 1, A) instantiates S to relevant ground support sets, i.e., that are coherent with T and match
with AU Ag. We then check in (c) for atoms in D, (resp. D) without support (resp. input only support). If either is the
case, we skip to (b), the next model candidate, since no repair exists for the current one. Otherwise, in a loop (d) over
atoms in Dp-except for those supported input only (e)-we remove support sets S that are conflicting w.r.t. Dy. Intuitively,
this is the case if S hinges on an assertion o € A that also supports some atom d’ € D, (hence o needs to be deleted;
note that due to consistency of 4, even inconsistent support of d’ leaves no choice). If this operation leaves the atom from
Dp under consideration without support (check at (f)), then no repair exists and the next model candidate is considered.
Otherwise (exiting the loop at (g)), a potential deletion repair A’ is obtained from .4 by removing assertions that occur in
any support set for some atom d’ € D,,. An eventual check (h) for foundedness (minimality) w.r.t. A" determines whether a
deletion repair answer set has been found.

Example 70. Consider the DL-atoms a :ADL[; hasParent](john, pat) and b = DL[Male W& boy; Male](pat) from Example 1, and
assume that {eq, nep} C 1. Then, we get S’gr(a)z {{hasParent(john, pat)}}, and we reach the else part of Step (e) where nothing

is removed from Sigr(a), since Sigr(b) = {{Male(pat)}} and Sigr(a) ﬂs?gr(b) = (). Hence, at Step (g) we must drop Male(pat) from
A to make I a deletion repair answer set. O

As we show, Algorithm SupRAnsSet correctly computes the deletion repair answer sets of the input DL-program. For the
completeness part, i.e., that all deletion repair answer sets are indeed produced, the following proposition is crucial.

Proposition 71. Given a DL-program TI1, let 1 be an answer set of I1 such that I = f|n is an answer set of I1 = (T, A, P). Ifi isa
compatible set for 11" = (T, A’, P) where A’ D A, then I is an answer set for I1' = (T, A’, P).

Armed with this result, we establish the correctness result.
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Fig. 2. System architecture of the dlliteplugin for Repair Answer Set Computation.

Theorem 72. SupRAnsSet is sound and complete w.r.t. computing deletion repair answer sets, i.e., given a DL-program I1 = (O, P)
with DL-Lite 4 ontology O, SupRAnsSet(IT) correctly outputs all deletion repair answer sets of T1.

In the next section, we turn to an implementation of Algorithm SupRAnsSet, where we discuss the key implementation
issues and present a declarative realization of support set handling in the steps (c)-(g).

5. Implementation

We have implemented the repair answer set computation algorithms as a part of the dlliteplugin plugin of the dlvhex
framework, thus providing a means to effectively compute deletion repair answer sets for DL-programs over DL-Lite 4 on-
tologies.

The dlvhex framework is a system for evaluating Answer Set Programs with external computations. The system is written
in c++ and open source available.® Implementations of external source functions can be conveniently provided as plugins,
which distinguishes the dlvhex system from other ASP solvers. A wide range of such plugins are already available, ranging
from string manipulation functions to complex plugins implementing Equilibrium-semantics of Multi-Context Systems.

The source code of the new plugin is available at https://github.com/hexhex/dlliteplugin. The dliliteplugin uses the owlcpp’
[58] library for ontology parsing and invokes the fact++% system as a back-end for ontology reasoning tasks. In the sequel,
we present an overview of the dlliteplugin architecture and give some implementation details.

5.1. Architecture overview

The architecture of the dlliteplugin is shown in Fig. 2, where arcs model both control and data flow of the system. The
DL-program at hand is described by the user in the files, storing the ontology part © and the DL-rules part P of the
DL-program IT respectively. After creating the replacement program I, complete nonground support families for DL-atoms
in IT are determined within the dlliteplugin. The support sets in these families are processed declaratively using rules ITg,),
(explained in detail below). These rules are then extended with the facts encoding ontology ABox and the program II. The
models of the obtained program encode the repair answer sets and repairs of the original DL-program IT. For evaluating the
declarative program, the backend grounder and the solver of the dlvhex system are invoked. Finally, the repair answer set
candidates I of IT and their respective repairs A" are extracted from the computed models. Each such I is already a weak
repair answer set of IT. For flp-repair answer sets, an additional flp-minimality check is made.

6 https://github.com/hexhex.
7 http://owl-cpp.sourceforge.net.
8 https://code.google.com/p/factplusplus.
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(1) sub(X,Z) <—sub(X,Y),sub(Y,Z);

(2) sub(Y',X') < sub(X,Y),op(X,X"),op(Y,Y);

(3) sub(X',Y') < sub(X,Y), inv(X,X'), inv(Y,Y');
Progr, =1 (4) conf(X, Y') < sub(X,Y), op(Y,Y');

(5) inv(X', X) < inv(X,X');

(6) op(X.Y) < op(Y,X);

(7) confref(X) < conf(X,Y),op(Y, Z),inv(X, Z);

Fig. 3. Program Progr,  for computing classification of 7.

(1) L < eq(X), not Supa(X); (3) Supa(X) < r(Sa(¥)), not SA(Y);
(2) L < neq(X), Supa(X); (4) SAY) < neq(X),r(Sa(¥))

Fig. 4. Rules of the program ITgypp.

5.2. Implementation details

In order to take advantage of existing dlvhex data structures (e.g. for parsing) and optimization methods (such as no-
good learning, etc.), a declarative ASP approach was pursued to realize both construction of complete support families and
computation of repair answer sets and repairs over DL-Lite 4 ontologies.

First we describe our approach to computing the support families. The routine for computing support families gets a
DL-Lite 4 ontology and a nonground DL-atom as input. After parsing the ontology O using the owlcpp library, its TBox
classification is computed. The latter is done declaratively using the program Progy, — shown in Fig. 3, which exploits a
construction for computing unary and binary conflict sets expressed in [74].

The program Progr,,  reifies concepts (roles, existential restrictions on roles), as well as positive replacements of their
negations. Facts express subsumptions in Pos(7") using predicate sub, role inverses using inv, role functionalities with funct,
and the duality of concepts (roles, etc.) and their opposites with op. The rule (1) of Progr, — transitively closes the sub-
sumption relation, while (2) expresses contraposition for subsumption and (3) derives subsumption relations for roles whose
inverses are subsumed. The rules (4)-(7) mimic the construction of binary and unary conflict sets (based on the theoretical
results from [74]) that are then stored in the predicates conf and confref respectively. Since the program Progr,  is positive,
it has a single answer set M, from which the support family S for a DL-atom d = DL[A; Q](X) is conveniently extracted
in the following way:

o for every sub(P, Q) € Mr,,,, where P is a positive ontology predicate, we add S = {P()?)} to S;

o for every sub(P, Q) € M., where P is a replacement for an existential restriction 3R, we add S ={R(X,Y)} to S;

o for every conf(P,P") € Mr, , we add S = {Pp(?), P/(V)} to S, if Pp(¢) € Aq for some c € C, and there is no S’ C S
such that S’ € S; _ _ . -

e for every conf(P,P’) € M., we add S = (Pp(Y), P;,(Y)} to S, if P,(0), P;,(d) € Ay for some ¢,d e C, and there is no
S$’ c S such that S’ € S;

o for every confref(P) e M7, we add S ={P,(Y,Y)} to S, if P,(c,d) € Ay for some ¢,d € C;

o for every funct(P) e M7, ., we add S ={P,(Y,Z),P,(Y,Z),Z#Z'} to S, if Py(c,d), Py(c,e) € Ay for some c,d,e C;

o for every funct(P) e M, , we add S={P,(Y,Z),P(Y,Z"),Z+# 7'} to S, if Py(c,d) € Aq and P(c,e) € A for some
c,d,eeC.

From Proposition 58, the definition of complete support families and the results in [74], we obtain:
Proposition 73. The support family constructed from the model My, . of Progy,,  is complete.

We now turn to determining the repair answer sets, for which we use also a declarative approach. More specifically, for
every nonground DL-atom a(X) and its nonground support set Sq(Y) with Y = XX’, the rules from Fig. 4 are constructed.
These form a program Iy, which is added to the replacement program 11 to filter candidate deletion repair answer sets
as done by the algorlthm SupRAnsSet. Here r(Sa(Y)) is a su1table representatlon of a support set Sa(Y) for a DL-atom a(X)
using predicates p(X) for input assertions Pp(X) resp. pp(X) (npp(X)) for ABox assertions P(X) (—-P(X)) SA states that
the ABox part of S, is marked for deletion if Sq N A # @, otherwise it is void. Furthermore, Sup, is a fresh predlcate not
occurring in P, that says a has an applicable support set, i.e. its ABox part is either empty or not marked for deletion.
The resulting program intuitively prunes candidates i (resp. encodes deletion repair answer sets) according to the algorithm
SupRAnsSet.
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(1) man(X) < eq, (X); (3) eq, (X) Vv neq, (X);

(2) L «eq, (X); (4) eq, (X) Vv neq, (X);

(5) L < eq, (X),not Supg, (X); (8) Supg, (X) <= 1(S14, (X)), not 5’15‘1‘(X):
(6) L < neq, (X), Supg, (X); (9) 5_1,',?()()eﬂeal(X),r(Slal(X));

(7) Supa, (X) < 1(S2q, (X)), 0t S50 (X); (10) Sop(X) < neg, (X). 1(S2q, (X));

(11) L < eq, (X), not Supq, (X); (13) Supg, (X) < 1(S14,(X)), no0t 5_1:1‘()()
(12) L < neq, (X), Supq, (X); (14) 5_1[2()() < neg, (X),1(S14,(X));

Fig. 5. Rules of the program ITgypp.

Example 74. Consider a simple program IT = (O, P), where

O = {Student(pat)},
(1) man(X) < DL[Male ¥ man; Male](X); }

(2) L < DL[; Student](X)

The DL-atom a;(X) = DL[Male & man; Male](X) has S14,(X) = {Male(X)} and Sz4, (X) = {Malemqn(X)} as its support sets,
while the DL-atom a3 (X) = DL[; Student](X) has the support set S, (X) = {Student(X)}. The declarative program fnu Msupp U
facts(A) contains the data part facts(A) = {Pswudent(Pat)} encoding the ABox assertion Student(pat) using a fresh predicate
Dstudent» and the rules ITU Isupp shown in Fig. 5, where

o 1(514, (X)) = Pmale (X); 5_1:1‘()() = PMate(X); 1(S2q, (X)) = man(X);
o Sop (X) =1; 1(S14,(X)) = Poudent (X); St (X) = Pstudene (X)-

The rules (1)-(4) correspond to I1, the other rules form the program ITsupp encoding the support information for the
DL-atoms aq(X) in (5)-(10) and a(X) in (11)—(14) respectively. O

The correctness of the described declarative implementation is now formally stated.

Proposition 75. Let IT = (O, P) be a ground DL-program, where O is a DL-Lite 4 ontology, and let ay, ..., a, be the DL-atoms of TI.
Let, moreover, S, . .., Sy be complete nonground support families for ay, ..., a, w.r.t. O, and let Tl be the set of rules of the forms
(r1)-(r4) constructed for every support set from S; covering a;, 1 <i <n. Then

AS(ITU Mgypp U facts(A))Im = RASwear(I1),

where facts(A) = {pp(¢)| P(C) € .A}AU {npp () | =P (C) € A} is the set of facts corresponding to the assertions from A and AS(ﬁ U
Msupp U facts(A)|n = {IIn |1 € ASTTU Igypp U facts(A))}.

Observe that our declarative implementation computes exactly the weak repair answer sets. Thus, in some cases rarely
met in practice [30] an additional minimality check is needed to ensure that the identified weak repair answer set is also
an flp-repair answer set. This happens in case of cyclic support, i.e. recursion through a DL-atom that makes an atom true
[37]. We illustrate this by the following example:

Example 76. Reconsider IT = (O, P) from Example 74. For the interpretation | = {man(pat), eq,, neq,, SuPq, Pstudent(pat),
Dstudent(par)} We have that (ﬁUl‘[supp)fg, contains the rules (1)-(5), (7), (9), (10’), (11) and (12), where (10’) is the rule
L < eg,. It holds that | is a minimal model of this reduct, thus an answer set of IT U Ilsypp. AS Pstudent(pat) € I the repair
A’ = A\ {Student(pat)} is extracted from I. Let us now look at I|;; = {man(pat)}. Certainly, I|;; is a minimal model of the
weak reduct

N, 0" _

Pt = (man(pat)},

where O’ =, and therefore I| is a weak repair answer set of I1. However, I|j is not an flp-repair answer set of IT, since
I’ C I|pg exists, namely I’ = @, which is a smaller model of the flp reduct

PfIhI’n,O’ = {man(pat) <— DL[Male ¥ man; Male](pat)}. ]
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6. Evaluation

For evaluating the developed deletion repair answer set computation algorithms based on complete support families,
we have built a benchmark suite, consisting of DL-programs over ontologies in DL-Lite 4. The assessment of our algorithms
concerned the following aspects:

e Performance. We evaluated the performance of deletion repair answer set computation in comparison to the standard
answer set computation on various benchmarks including Family, Network, Taxi and LUBM. For the Family benchmark
we additionally varied the following parameters:

- size of the DL-program data part;
- size of the ontology TBox;
- number of rules in the DL-program.

e Exploiting DL-programs expressive power. We analyzed how various advanced expressive features allowed in DL-programs
like defaults, guesses and recursiveness, influence the repair answer set computation running time (Network, LUBM
benchmarks).

e Repair quality. The o -selection functions that we introduced allow one to restrict the repair search space to application-
relevant repair candidates, thus ensuring a certain level of quality of the results. We evaluated how the independent
o -selection functions, like bound on the number/type of assertions eligible for deletion influence the overall algorithm
runtime.

e Real world data. To demonstrate the applicability of the developed algorithms to the real world scenarios, we conducted
experiments on the DL-programs from the taxi-driver assignment problem over the MyITS ontology® designed for per-
sonalized route planning.

6.1. Platform description

We have evaluated the repair answer set computation approach on a Linux server with two 12-core AMD 6176 SE CPUs
with 128 GB RAM running the HTCondor load distribution system,'® which is a specialized workload management system
for compute-intensive tasks. We used the version 2.3.0 of the dlvhex system. For each run the system usage was limited
to two cores and 8 GB RAM. The timeout was set to 300 seconds for each instance. The experimental data are online
available.!!

Since to the best of our knowledge no other algorithms for repairing DL-programs are available, we had to proceed with
comparison of our approach to the standard answer set computation.

The list of systems for DL-programs evaluation includes the following:

e The DReW system'? [83] is designed for evaluating DL-programs by means of a rewriting to datalog. A straightforward
implementation of the repair computation was realized within the DReW system with the naive guess of the repair
ABox candidate, followed by a check of its suitability. However, this implementation turned out to be ineffective even
on small instances, since in general the search space of the repairs is too big for its full exploitation, and guided search
is vital to ensure scalability. We have not performed a full comparison of our implementation with the DReW system,
since in its current version negative queries and the negative updates (operator U) are not supported.

e The diplugin of dlvhex,'> which uses the RacerPro reasoner as a back-end for evaluation of the calls to the ontol-
ogy, is another candidate for comparison. However, since the dlliteplugin used for standard answer set computation for
DL-programs over lightweight ontologies scales better than the former [32], we use the latter for comparison in our
experiments.

6.2. Evaluation workflow

We now describe the general workflow of the experimental evaluation.

In the first step of the evaluation process we constructed benchmarks. This was nontrivial, since first very few bench-
marks already exist [83] and second it is difficult to synthesize random test instances whose conflict space would effectively
reflect realistic scenarios. We exploited the existing ontologies and aimed at building rules and constraints on top of them
in such a way that for some data parts the constructed programs become inconsistent.

http://www.kr.tuwien.ac.at/research/projects/myits/.
http://research.cs.wisc.edu/htcondor.
http://www.kr.tuwien.ac.at/staff/dasha/thesis/experimental_data.zip.
http://www.kr.tuwien.ac.at/research/systems/drew/.
https://github.com/hexhex/dIplugin.


http://www.kr.tuwien.ac.at/research/projects/myits/
http://research.cs.wisc.edu/htcondor
http://www.kr.tuwien.ac.at/staff/dasha/thesis/experimental_data.zip
http://www.kr.tuwien.ac.at/research/systems/drew/
https://github.com/hexhex/dlplugin
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Table 2
Family benchmark: data size variations, fixed P and 7.
p Aso Aio00
AS RAS AS RAS
no_restr lim=10 no_restr lim =20
10 (20) 0.14 (0)[0] 0.22 (0)[20] 1.73 (0)[20] 63.12 (0)[0] 37.03 (0)[20] 60.21 (0)[20]
20 (20) 0.14 (0)[0] 0.23 (0)[20] 2.10 (0)[19] 62.56 (0)[0] 38.56 (0)[20] 62.19 (0)[20]
30 (20) 0.14 (0)[0] 0.24 (0)[20] 2.33 (0)[18] 62.83 (0)[0] 40.03 (0)[20] 64.27 (0)[20]
40 (20) 0.14 (0)[0] 0.25 (0)[20] 2.88 (0)[11] 63.23 (0)[0] 41.81 (0)[20] 66.81 (0)[20]
50 (20) 0.14 (0)[0] 0.25 (0)[20] 3.93 (0) [1] 63.42 (0)[0] 43.86 (0)[20] 68.87 (0)[20]
60 (20) 0.15 (0)[0] 0.26 (0)[20] 3.93 (0) [2] 63.42 (0)[0] 45.87 (0)[20] 71.63 (0)[20]
70 (20) 0.14 (0)[0] 0.27 (0)[20] 4.00 (0) [0] 63.18 (0)[0] 47.83 (0)[20] 74.14 (0)[20]
80 (20) 0.15 (0)[0] 0.28 (0)[20] 4.08 (0) [0] 63.38 (0)[0] 49.71 (0)[20] 76.35 (0)[20]
90 (20) 0.15 (0)[0] 0.29 (0)[20] 4.48 (0) [0] 63.59 (0)[0] 52.18 (0)[20] 79.14 (0)[20]
100 (20) 0.14 (0)[0] 0.30 (0)[20] 4.42 (0) [0] 63.08 (0)[0] 54.14 (0)[20] 81.81 (0)[20]

When the scenario was defined, we created shell scripts for instance generation with certain varying parameters (e.g.
data size, rules size, TBox size), specific for each benchmark.'* We then ran the benchmarks using the HTCondor system
and finally extracted the results from the log files of the runs.

For each benchmark we present our experimental results in tables. The first column, p, in the tables specifies the size of
the instance (varied according to certain parameters specific for each benchmark), and the number of generated instances
in round brackets. For example, the value 10(20) in the first column states that 20 instances with the size of the parameter
equal to 10 were evaluated. The rest of the columns vary from benchmark to benchmark. They represent configurations, in
which the system was tested: AS (RAS) stands for normal (repair) answer set computation. Restrictions on repairs are applied
in some cases the meaning of which is separately clarified where tables are presented. The cells contain combinations of
numbers of the form t(m)[n], where t is the total average running time in seconds, m is the number of timeouts and n is
the number of (repair) answer sets computed.

6.3. Benchmarks
For the evaluation of the algorithms, we considered the following benchmarks.

(1.1) The Family benchmark describes a scenario that is built from a version of Example 1 with ABoxes Asg and Ajgpo
containing 50 and 1000 children and information about their families;

(1.2) The Network benchmark comprises rules with recursion and guessing features over an ontology containing data about
availability of nodes and edges of a network. We considered a fragment of the Vienna transport system with 161
nodes, and its part with 67 nodes, covering central area;

(1.3) The Taxi benchmark represents a driver-customer assignment problem over an ontology with ABoxes A5y and Asqg
containing information about 50 and 500 customers respectively. Based on certain conditions about the drivers, cus-
tomers, their positions and intentions, the customers are assigned to drivers for serving needs of customers;

(1.4) The LUBM benchmark is a set of rules with various expressiveness features built over the famous LUBM ontology'” in
its DL-Lite 4 form containing information about one university. The original version of LUBM is in ALEHZ(D) form.
For creating the DL-Lite 4 version of LUBM we rewrote if possible and removed otherwise the TBox axioms that do not
fall into the DL DL-Lite 4. For ABox generation we used the dedicated Combo tool.'®

6.3.1. Family benchmark
The first benchmark is derived from Example 1. For our evaluation we have constructed different scenarios, varying the
size of the TBox, the data part as well as the rule part of the DL-program.

1. Size of the data part. In the first setting, we fixed two ABoxes As9 and Ajgoo, Where Asg contains 50 children
(7 adopted), 20 female and 32 male adults; and for Ajppp twenty times as many. Every child has at most two parents
of different sex and the number of children per parent varies from 1 to 3. Rules (11) and (12), not involved in conflicts,
have been dropped from P. Instances are varied in terms of facts over I included in P. The parameter reflecting the instance
size is p, which ranges from 10 to 100. A benchmark instance has size p if for every child ¢, additional facts boy(c) and
isChildOf (c, d) appear in P with a probability p/100, where d is a random male adult non-parent. As the number of facts
in P varies, the size of the actual conflict part in the program can be controlled.

14 The scripts are available at https://github.com/hexhex/dIplugin/benchmarks.
15 http://swat.cse.lehigh.edu/projects/lubm/.
16 http://code.google.com/p/combo-obda/.


https://github.com/hexhex/dlplugin/benchmarks
http://swat.cse.lehigh.edu/projects/lubm/
http://code.google.com/p/combo-obda/
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Table 3

Family benchmark: TBox size variations, fixed P and Asg.
p Ts00 T5000

AS RAS AS RAS
no_restr lim=10 no_restr lim=10

10 (20) 0.15 (0)[0] 0.32 (0)[20] 1.95 (0)[20] 0.28 (0)[0] 3.58 (0)[20] 6.03 (0)[20]
20 (20) 0.16 (0)[0] 0.47 (0)[20] 2.17 (0)[20] 0.48 (0)[0] 12.89 (0)[20] 15.96 (0)[20]
30 (20) 0.17 (0)[0] 0.68 (0)[20] 2.47 (0)[20] 0.75 (0)[0] 27.76 (0)[20] 31.42 (0)[20]
40 (20) 0.19 (0)[0] 0.93 (0)[20] 2.78 (0)[20] 1.10 (0)[0] 48.46 (0)[20] 53.24 (0)[20]
50 (20) 0.20 (0)[0] 1.25 (0)[20] 3.19 (0)[20] 1.51 (0)[0] 76.39 (0)[20] 81.54 (0)[20]
60 (20) 0.21 (0)[0] 1.58 (0)[20] 3.56 (0)[20] 1.99 (0)[0] 108.33 (0)[20] 114.71 (0)[20]
70 (20) 0.23 (0)[0] 2.09 (0)[20] 418 (0)[20] 2.56 (0)[0] 146.62 (0)[20] 152.91 (0)[20]
80 (20) 0.24 (0)[0] 2.54 (0)[20] 4.68 (0)[20] 317 (0)[0] 191.37 (0)[20] 198.72 (0)[20]
90 (20) 0.26 (0)[0] 3.06 (0)[20] 5.28 (0)[20] 3.91 (0)[0] 24151 (0)[20] 248.19 (0)[20]

Table 4

Family benchmark: rule size variations, fixed 7" and .Asp.
p Rulessop Rulessoo Rulessooo

RAS RASlim=10 RAS RASiim=10 RAS RASlim=20

10 (20) 0.55 (0)[20] 2.09 (0)[20] 2.56 (0)[20] 23.23 (0)[0] 64.65 (0)[20] 110.92 (0)[20]
20 (20) 0.69 (0)[20] 2.35 ( )20] 5.22 (0)[20] 77.30 (0)[0] 257.35 (11)[9] 300.00 (20)[0]
30 (20) 0.90 (0)[20] 2.67 (0)[20] 8.50 (0)[20] 158.23 (0)[0] 300.00 (20)[0] 300.00 (20)[0]
40 (20) 0.97 (0)[20] 2.86 (0)[20] 11.86 (0)[20] 128.87 (1)[0] 300.00 (20)[0] 300.00 (20)[0]
50 (20) 1.18 (0)[20] 3.11 (0)[20] 14.91 (0)[20] 144.71 (0)[0] 300.00 (20)[0] 300.00 (20)[0]
60 (20) 1.29 (0)[20] 3.28 (0)[20] 17.68 (0)[20] 164.70 (0)[0] 300.00 (20)[0] 300.00 (20)[0]
70 (20) 1.42 (0)[20] 3.19 (0)[20] 20.11 (0)[20] 186.38 (3)[0] 300.00 (20)[0] 300.00 (20)[0]

The results for this benchmark are provided in Table 2. For each probability p we generated 20 random instances with
the fixed Asp and Ajpp0 ABoxes, and evaluated the running time for the standard answer set (column AS) and the repair
answer set computation (column RAS) with no restrictions on the repairs (column no_restr) as well as limiting the number
of allowed assertions for deletion to 10 for As¢ and 20 for A1ggp (columns lim =10 and lim = 20 resp.).

The numbers in the second column reveal that all considered instances are inconsistent, which is recognized by the AS
solver within 2 milliseconds. In most cases all the repairs are found for both Asq and A1ggo except for lim = 10 of Asg,
where the repairs are computed only for some of the instances up to p = 60.

2. Ontology TBox size. In the second setting, we built instances based on the size of the TBox, leaving the ontology ABox
fixed to Asp and the rule part same as in the previous benchmark setting. The TBox axioms from Example 1 are extended
by the inclusions P C Person for all concepts P, informally stating that every individual known to be either child, adopted,
male or female is a person. Moreover, for each concept P from the ontology signature and 1 <i < Ty, We added the
following inclusions with probability p/100 (p ranges from 10, 20 to 90).

(1) PMemberOfSocGroup; T P (2) 3hasIDOfSocGroup; T Person.

Intuitively, (1) reflects that a P-member of a social group i is in the class P, while (2) states that each individual having ID
of a certain social group i is a person.

The evaluation results for this setting are presented in Table 3. One can see that the repair computation is slower then
the standard answer set computation, which is more obvious for 750g0; This is due to the construction of support sets and
their exploitation in the declarative approach for repair answer set computation. In the standard setting, we do not exploit
the TBox extensively, and therefore its growing size does not affect the running time. As expected, bounding a number of
eliminated facts to k slows down the repair computation process.

3. Size of the rule part. The third setting evaluates the influence of the rule part size. Apart from the rules (11) and
(12) from Example 1 that were excluded in the previous settings, we also added for 1 <i < Ry and for 1 < j <i with
probability p/100 (10 < p < 70) the following rules:

(1) contact;j(X, Y) < contact(X, Y), not omit(X, Y) (2) omitj(X,Y) < omit(X, Y)
(3) contactj(X, Y) < contact;(X, Y), not omitj(X, Y) (4) omitj(X,Y) < omit;(X,Y).

The fresh predicates contacti(c,d) informally mean that d is a contact representative for a child ¢ within a social group i.
The rules (1)-(4) state that if a contact for a child was identified, then this contact can be propagated to randomly chosen
social groups i and j.
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Table 5
Network-connectivity benchmark results: Ag7.
p AS RAS
no_restr lim=3 lim=20 Broken, forbid
2 (20) 0.10 (0)[12] 0.46 (0)[20] 0.84 (0)[20] 0.66 (0)[20] 0.46 (0)[20]
6 (20) 0.10 (0) [5] 0.45 ( )[16] 0.79 (0)[16] 0.61 (0)[16] 0.44 ( )[16]
10 (20) 0.09 (0) [3] 0.43 (0)[14] 0.76 (0)[14] 0.59 (0)[14] 0.43 (0)[14]
14 (20) 0.09 (0) [2] 0.41 (0)[10] 0.71 (0)[10] 0.54 (0)[10] 0.41 (0)[10]
18 (20) 0.09 (0) [0] 0.40 (0) [7] 0.67 (0) [7] 0.51 (0) [7] 0.40 (0) [7]
22 (20) 0.09 (0) [0] 0.41 (0) [9] 0.70 (0) [9] 0.54 (0) [9] 0.41 (0) [9]
26 (20) 0.09 (0) [0] 0.38 (0) [3] 0.63 (0) [3] 0.47 (0) [3] 0.38 (0) [3]
30 (20) 0.09 (0) [0] 0.37 (0) [2] 0.62 (0) [2] 0.46 (0) [2] 0.37 (0) [2]

The results are presented in Table 4. Standard answer set computation times out even for smaller instances. Intuitively,
this is due to the large number of rules in the programs. For a fair comparison, standard answer set optimization techniques
that evaluate independent components of a DL-program separately were not considered. We used a monolithic evaluation
heuristics instead. The repair model generator does not support module-based heuristics at the moment and the extensions
are nontrivial.

The maximal number of rules that were added is specified in the column “names”. Each such rule is present in the
test instance with probability p/100. We can see that the growing number of rules makes an impact on the running
time of the algorithm, which is not surprising, as the added rules introduce conflicts due to a cycle through negation.
Restricting the elimination to 10 facts slows down the computation for Rulesqg compared to the unrestricted scenario. For
larger instance size, i.e. Rulessgo, this restriction turns out to be too strict, thus no repairs are actually found. Weakening
the restriction for larger instance size (Rulessggg) produces again some repair answer sets, though only for smaller p. For
larger p timeouts result, which is natural as even for a standard ASP solver and consistent DL-programs with thousands of
rules, their evaluation is time-consuming.

6.3.2. Network benchmark

In the next scenario, the properties of the nodes and edges in a network are described by a fixed ontology O using
predicates Blocked, Broken, Avail for nodes and forbid for edges. The TBox encodes that if an edge is forbidden, then its
starting point must be blocked, and if a node is known to be broken, then it is automatically blocked, moreover blocked
nodes are not available:

= { Iforbid C Block, Broken C Block, Block T —Avail }.

We considered two networks, N1 and N, that are fragments of the Vienna public transportation net. Network Ny cor-
responds to the central area of the metro lines and has 67 nodes and 117 edges; N, covers all metro lines and part of the
urban railways, and has 161 nodes and 335 edges. In each network we randomly made 30% of the nodes broken and 20%
of the edges forbidden; network N; has in addition 47 blocked nodes. This information is stored in the data part of O.

The experiments were run on two DL-programs Pconn and Pgyess over O. Both programs contain as facts edges and nodes
of the graph, as well as randomly generated facts determining the portion of the nodes on which a condition expressed by
the rules of the program is checked. For creating the data part of the P, program, we partitioned the set of nodes
randomly into two sets, i.e. the set of in nodes and the set of out nodes. For each node n from the in set, the fact in(n)
is added with probability p/100. For each node n’ from the set of out nodes, the fact out(n’) is added with probability p’
computed in the following way: if 0 < p < 20, then p’ = p x4/100, if 20 < p < 30, then p’ = p * 3/100. Pconn contains,
moreover, the following rules:

(1) go(X,Y) < open(X), open(Y), edge(X,Y);

(2) route(X, Z) < route(X,Y), route(Y, Z);

(3) route(X,Y) < go(X,Y), not DL[; forbid](X,Y);

Peonn = 1 (4) open(X) < node(X), not DL[; —Avail](X);

(5) ok(X) < in(X), out(Y), route(X, Y);

(6) fail < in(X), not ok(X);

(7) L <« fail.
)

Intuitively, (1)-(4) recursively determine routes over non-blocked (open) nodes, where (3) expresses that by default a route
is recommended unless it is known to be forbidden. Rules (5)-(7) encode the requirement that each node from the in
set must be connected to at least one node from the out set via a route, which amounts to a variation of a generalized
connectivity problem.

The running times and repair results for the benchmark with N are given in Table 5. The same number of repairs is
computed for all of the RAS settings, but the running times for these settings slightly vary as expected. The last column,
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Table 6
Network-connectivity benchmark results: A1g;.
p RAS
no_restr lim=3 lim=20 lim =100 Broken, forbid
2 (20) 179.49 (1)[19] 280.73 (16)[0] 288.64 (17)[3] 176.06 (1)[19] 125.47 (0)[0]
4 (20) 218.80 (8)[12] 291.80 (18)[0] 295.48 (19)[1] 226.25 (8)[12] 127.68 (0)[0]
8 (20) 230.79 (9)[11] 298.39 (19)[0] 300.00 (20)[0] 232.65 (9)[11] 126.97 (0)[0]
10 (20) 258.08 (14)[5] 300.00 (20)[0] 300.00 (17)[0] 259.69 (14)[6] 125.63 (0)[0]
Table 7
Network-guessing benchmark results: Ag7.
p AS RAS
no_restr lim=3 lim=10 limc =10 Broken
2 (20) 180.06 (12)[0] 0.51 (0)[20] 0.91 (0)[19] 0.90 (0)[20] 0.69 (0)[20] 0.50 (0)[20]
10 (20) 15.17 (1) [0] 1.33 (0)[16] 0.89 (0) [2] 1.61 (0)[16] 0.85 (0)[16] 1.31 (0)[16]
18 (20) 0.18 (0) [0] 1.68 (0) [8] 0.90 (0) [0] 1.40 (0) [8] 0.81 (0) [8] 1.68 (0) [8]
26 (20) 0.19 (0) [0] 0.62 (0) [1] 0.97 (0) [0] 0.95 (0) [1] 0.60 (0) [1] 0.62 (0) [1]
34 (20) 0.20 (0) [0] 0.79 (0) [1] 1.04 (0) [0] 1.02 (0) [1] 0.62 (0) [1] 0.78 (0) [1]
Table 8
Network-guessing benchmark results: Ajg;.
p RAS
no_restr lim=10 limc =100 Broken
2 (20) 178.52 (3)[15] 187.65 ( )[16] 175.64 (2)[16] 179.57 (3)[15]
4 (20) 201.89 (6)[10] 21110 (7) [9] 213.66 (9) [7] 178.55 (3)[13]
8 (20) 21218 (10) [2] 215.44 (10) [2] 205.77 (9) [3] 191.97 (7) [5]
10 (20) 190.58 (9) [0] 184.80 (8) [1] 191.54 (9) [0] 191.06 (9) [0]

where only broken nodes and forbidden edges are allowed for removal, has similar running times as the unrestricted setting.
This is also the case for network N (Table 6), where this restriction does not yield repairs. Here one also needs to remove
blocked/unavailable nodes from the ontology in order to obtain repairs.

Another setting that we considered is a benchmark over the program Pgyess, which has the same rules (1) and (2) as
Peonn,» While the rest of the rules are as follows:

(3*) route(X,Y) < go(X,Y), not DL[Block & block; forbid](X,Y);
4*) open(X) Vv block(X) <— domain(X), not DL[; —Avail](X);

*) open(X) < node(X), not DL[; Broken](X), not block(X);
6%) negis(X) < domain(X), route(X,Y), X #Y;

(
(5
(
(7*) L < domain(X), not negis(X)

The rule (3*) has an update in the DL-atom; the rule (4*) amounts to guessing for all selected nodes (predicate domain)
not known to be unavailable, whether they are blocked or not, i.e. it contains nondeterminism, which makes rule processing
challenging. Other nodes are open by default, unless they are known to be broken, which is encoded in the rule (5*). Rules
(6%) and (7*) check whether none of the domain nodes is isolated, i.e. does not have a connection to any other node via a
route.

The results for Pgyess with the two networks are in Tables 7 and 8, respectively. The facts domain(n) are added for each
node n with probability p/100. For the smaller network N1 one can observe a strict increase in the running time for p =2
and p =10 in the standard answer set computation mode. As many of the instances for smaller p are consistent, due to the
guessing rules the standard answer set solver can not compute the answer sets within the time frame of 300 seconds. For
bigger p the instances are inconsistent and the conflict is quickly determined by the solver. The results for network N in
Table 8 show that the guided search (last column) increases the number of found repairs quite a bit, and less timeouts are
hit for p=4 and p =8.

6.3.3. Taxi benchmark

The third experimental setting represents a taxi-driver assignment problem. Imagine a system that assigns potential
customers to taxi drivers under constraints, using (in a simplistic form) the DL-program IT = (O, P) presented in Fig. 6. The
(external) ontology O has a taxonomy 7 in (1)-(3). The logic program P has the following rules: (5) and (6) single out
customers resp. taxi drivers; (7) assigns taxi drivers to customers in the same region; and (8) forbids drivers of electro-cars
to serve needs going outside their working region. Finally, the rules (9), (10) and a constraint (11) make sure that each
customer is assigned to at least one driver.
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Table 9
Taxi-basic benchmark results: Asg.
p AS RAS
no_restr lim=3 lim=10 limp =2 limc =10 EDriver
10 (20) 0.69 (0)[0] 0.14 (0)[13] 0.75 (0)[11] 0.75 (0)[13] 0.31 (0)[13] 0.26 (0)[13] 0.14 (0)[13]
20 (20) 0.37 (0)[0] 0.15 (0) [8] 0.89 (0) [4] 0.87 (0) [8] 0.32 (0) [8] 0.25 (0) [8] 0.15 (0) [8]
30 (20) 0.22 (0)[0] 0.16 (0) [7] 0.92 (0) [2] 0.89 (0) [7] 0.32 (0) [7] 0.26 (0) [7] 0.16 (0) [7]
40 (20) 0.58 (0)[0] 0.18 (0) [8] 1.06 (0) [1] 1.04 (0) [8] 0.36 (0) [8] 0.28 (0) [8] 0.18 (0) [8]
50 (20) 0.46 (0)[0] 0.18 (0) [7] 1.01 (0) [2] 0.98 (0) [7] 0.36 (0) [7] 0.29 (0) [7] 0.18 (0) [7]
60 (20) 0.22 (0)[0] 0.19 (0)[11] 1.02 (0) [1] 0.99 (0)[11] 0.38 (0)[11] 0.31 (0)[11] 0.19 (0)[11]
70 (20) 0.22 (0)[0] 021 (0) [4] 1.00 (0) [0] 0.99 (0) [4] 0.37 (0) [4] 0.29 (0) [4] 0.20 (0) [4]
80 (20) 1.02 (0)[0] 0.22 (0) [9] 110 (0) [1] 1.10 (0) [9] 0.40 (0) [9] 0.33 (0) [9] 0.22 (0) [9]
90 (20) 1.30 (0)[0] 0.23 (0)[12] 1.26 (0) [0] 1.20 (0)[12] 0.44 (0)[12] 0.36 (0)[12] 0.24 (0)[12]
100 (20) 147 (0)[0] 0.24 (0)[13] 1.20 (0) [0] 115 (0)[13] 0.45 (0)[13] 0.37 (0)[13] 0.26 (0)[13]
o= (1) Driver € —Cust (3) 3worksIn T Driver

(2) EDriver C Driver (4)worksIn C —notworksin

(5) cust(X) < isIn(X,Y), not DL[; =Cust](X);

(6) driver(X) < not cust(X), isin(X, Y);

(7) drives(X,Y) < cust(Y), isIn(Y,2), isin(X,Z2),

driver(X), not omit(X,Y);

P =1 (8) omit(X,Y) < needsTo(Y, Z), DL[; notworksIn](X, Z),
DL[Driver & driver; EDriver](X);

(9) ok(Y) < customer(Y), drives(X, Y);

(10) fail < customer(Y), not ok(Y);

(11) L « fail.

Fig. 6. DL-program from Taxi-basic benchmark.

1. Guided repair search. One might argue that in case of inconsistency there are not many possibilities for repairing the
given system. Indeed, for instance, removing information about the drivers seems absurd at first glance, as some individuals
are no longer known to be drivers, and thus assumed to be customers by default (5). Observe that a complete removal
of driver information will not make the system consistent, but on the contrary will create even more customers, who will
then possibly need to be assigned to the drivers. Therefore, it is obvious that the guided repair search is often crucial and it
should not only improve the repair quality but also reduce the computation runtime.

In this setting we considered the evaluation time of the repair computation under various independent selection func-
tions. The latter include restrictions to a certain set of predicates for deletion (in our case EDriver assertions) and limiting
the number of removed facts, predicates and constants. While the latter is natural and can be easily justified, one might
wonder when removal of e-car driver is of practical use. We can imagine that e-cars are hybrid and can run on petrol,
which for environmental reasons is undesired, and the government wants to reduce petrol usage. However, in case it is vital
and some customers are left without drivers, they still can switch back to the petrol energy supply.

For the DL-program IT the ABox .As¢ contains 50 customers, 20 drivers (among them 19 driving electro-cars), and
5 regions; every driver works in 2-4 regions. In the program P from above, facts isin(c, ), needsTo(c,r), goTo(d,r) for
appropriate constants c,d, r from 4 are randomly added with probability p/100 under the following constraints: persons
are in at most one region; customers need to go to at most one region, and their position is known in that case. Furthermore,
driver positions are added as facts isin(d,r) with fixed probabilities of 0.3, 0.7 and 1 growing discretely in accordance
with p.

The results for Asq are given in Table 9, where the first column shows in parentheses the number of instances generated
per value p. The second and third column state results for standard and repair answer set computation, respectively, while
the rest of the columns present the running times for repair computation under various selection functions, i.e. in the fourth
and fifth column we restricted repairs by allowing removal of only a limited number of assertions (3 and 10) and in the
sixth and seventh column we computed repairs where only facts containing 2 predicates and 10 constants are eliminated.
Finally in the last column the results for removing only EDriver facts are shown.

One can see that bounding the number of removed assertions makes the computation slower. For repdel = EDriver, the
guided repair computation effectively reduces the search space, and it helps the solver to find repairs quicker. In fact, the
analysis of the program reveals that most of the valid repairs exclude certain EDriver concept memberships, since they
often cause the omission of driver-customer assignments and thus violate constraint (11).
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Table 10
Taxi-districts benchmark results: Asg.
p AS RAS
no_restr lim=3 lim=10 limp =2 limc =10 EDriver
2 (20) 0.25 (0) [5] 412 (0) [5] 5.27 (0) [5] 5.32 (0) [5] 5.01 (0) [5] 498 (0) [5] 410 (0) [5]
10 (20) 0.25 (0) [0] 4.18 (0)[11] 6.19 (0) [7] 6.18 (0)[11] 5.22 (0)[11] 515 (0)[11] 413 ( ) [3]
18 (20) 0.25 (0) [1] 4.24 (0)[14] 6.71 (0)[10] 6.74 (0)[14] 5.34 (0)[14] 5.19 (0)[14] 4.15 (0) [3]
26 (20) 0.25 (0) [1] 4.28 (0)[14] 7.26 (0) [9] 742 (0)[14] 5.50 (0)[14] 5.24 (0)[14] 4.22 (0) [5]
34 (20) 0.26 (0) [3] 4.39 (0)[19] 8.54 (0)[16] 8.52 (0)[19] 5.74 (0)[19] 5.40 (0)[19] 435 (0) [9]
42 (20) 0.27 (0) [5] 4.42 (0)[18] 9.35 (0)[18] 9.31 (0)[18] 5.86 (0)[18] 5.49 (0)[18] 4.51 (0)[16]
50 (20) 0.29 (0)[10] 4,49 (0)[19] 10.42 (0)[19] 10.29 (0)[19] 6.05 (0)[19] 5.54 (0)[19] 4.63 (0)[19]
58 (20) 0.32 (0)[14] 4.62 (0)[20] 11.48 (0)[20] 11.50 (0)[20] 6.33 (0)[20] 5.63 (0)[20] 4.76 (0)[20]
66 (20) 0.31 (0)[11] 4.61 (0)[20] 11.59 (0)[20] 13.42 (0)[20] 6.27 (0)[20] 5.71 (0)[20] 4.76 (0)[18]
Table 11
Taxi-districts benchmark results: Asqp.
p AS RAS
no_restr lim=3 lim=10 limp =2 limc =10 EDriver
2 (20) 2.11 (0) [0] 9.22 (0) [7] 25.05 (0) [6] 2491 (0) [7] 12.32 (0) [7] 10.24 (0) [6] 7.56 (0) [0]
10 (20) 2.23 (0) [0] 14.17 (0)[20] 46.37 (0)[20] 46.52 (0)[20] 20.54 (0)[20] 15.75 (0)[15] 12.16 (0) [4]
8 (20) 5.58 (0) [5] 15.96 (0)[20] 51.89 (0)[20] 52.44 (0)[20] 23.11 (0)[20] 17.93 (0)[20] 28.00 (0)[20]
6 (20) 17.95 (0)[12] 18.28 (0)[20] 55.30 (0)[20] 55.84 (0)[20] 25.57 (0)[20] 20.27 (0)[20] 31.76 (0)[20]
4 (20) 37.87 (0)[17] 20.81 (0)[20] 58.71 (0)[20] 58.51 (0)[20] 28.35 (0)[20] 22.93 (0)[20] 36.00 (0)[20]

2. Real world data. For another benchmark, we considered rules on top of the ontology developed in the MyITS project,
which enhanced personalized route planning with semantic information [39].'7 That ontology is augmented with axioms
(1)-(4) in Fig. 6 and the axiom (5’) adjoint C —disjoint, stating that adjoint regions are not disjoint; the resulting ontology
has 389 TBox axioms on 339 concepts and 41 roles. This scenario is modeled to demonstrate the applicability of the repair
answer set computation approach for TBoxes from a real world domain. We considered DL-programs over two ABoxes Asg
and Asgo (containing 10 times as many customers, drivers and e-car drivers as Asg). Along with customer and driver
information from above, the ABoxes also contain data about mutual spatial relations among the districts of Vienna. These
relations are stored using the predicates adjoint and disjoint. The rule part of the DL-program has the same rules (5)-(6)
and (9)-(11) as in Fig. 6, while the rules (7) and (8) are as follows:

(7*) drives(X,Y) < driver(X), cust(Y), needsTo(X, Z1),
goTo(X, Z2), DL[; adjoint](Z1, Z2), not omit(X,Y)
(8*) omit(X,Y) < DL[; EDriver](X), needsTo(Y, Z), DL[; notworksin](X, Z)

Intuitively, the rule (7*) states that a driver can be assigned to a customer only if the driver is going to a region adjoint
to the destination region of the customer. Similar as in the previous scenario, some of the assignments are dropped if they
involve drivers of e-cars aiming at the regions they are not assigned to. The rule (8*) is the same as the rule (8), with the
only difference that the DL-atom involved in it does not have any updates.

The benchmark results for this setting and .45p are presented in Table 10. Unsurprisingly, the restriction on the number
of assertions allowed for deletion slows down the repair computation again. With the increase of this limit the running
time slightly improves. As in the previous setting the restriction of the set of predicates allowed for deletion to EDriver
does not yield much of the computation overhead; however, in contrast to the previous setting the number of repairs found
decreases. Since the number of districts increased compared to the previous setting, apart from the information about
drivers of e-cars, one needs to expand the working area of the drivers too; thus removal of notworksin facts should again
increase the number of obtained repairs.

Table 11 presents the results for the ABox .Asgp. Despite a natural increase in running times compared to the smaller
ABox, repairs are found in many cases for this setting. While the number of regions stays the same as for .Asg, proportionally
there are more available drivers per district, and more customers can be served.

6.3.4. LUBM benchmark
We have evaluated also DL-programs over the famous LUBM ontology'® in its DL-Lite 4 form. For ABox generation we
used the dedicated Combo tool.'® We considered an extended assignment problem in combination with multiple mutually

17" http://www.kr.tuwien.ac.at/research/projects/myits/.
18 http://swat.cse.lehigh.edu/projects/lubm/.
19 http://code.google.com/p/combo-obda/.
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(1) Student = —NonStudent (4) VisitPostDoc T PostDoc
O =1 (2) VisitPostDoc C ResearchAssistant (5) Student T OrgHelp
(3) VisitPostDoc E NonStudent
) resas(X) < DL[; ResearchAssistant](X);
7) student(X) < resas(X), not negStudent(X);
) negStudent(X) < resas(X), DL[Student & student; —Student](X);
) helps(Y, X) < resas(X), DL[; PostDoc](Y), not omit(Y, X);
) omit(Y, X) < helps(Y, X), DL[; PostDoc](X);
) visitPostDoc(Z) < DL[; VisitPostDoc)(Z);
) orghelp(Z1) < DL[; OrgHelp](Z1);
13) supports(Z1, Z) < orghelp(Z1), visitPostDoc(Z), not drop(Z1, Z);
) negStudent(Z1) < orghelp(Z1), not student(Z1);
) student(Z1) < orghelp(Z1), DL[NonStudent & negStudent; —NonStudent](Z1);
) drop(Z1, Z) < supports(Z1, Z), DL[; InternationalStudent](Z1).

Fig. 7. DL-program from LUBM benchmark.

Table 12
LUBM benchmark results.
p AS RAS
RAS lim =20 limp =2 limc =20 IS
2 (20) 3.97 (0)[0] 13.98 (0)[20] 38.90 (0)[20] 16.01 (0)[20] 15.24 (0)[20] 15.20 (0)[6]
6 (20) 4.25 (0)[0] 16.16 (0)[20] 115.62 (0)[19] 18.08 (0)[20] 18.63 (0)[19] 11.16 (0)[2]
10 (20) 4.64 (0)[0] 18.95 (0)[20] 245.40 (0)[7] 20.85 (0)[20] 20.79 (0)[4] 9.12 (0)[0]
14 (20) 4.86 (0)[0] 21.50 (0)[20] 236.40 (1)[3] 23.73 (0)[20] 23.50 (0)[1] 9.53 (0)[0]
18 (20) 5.33 (0)[0] 24.86 (0)[20] 230.21 (0)[1] 27.11 (0)[20] 26.86 (0)[0] 10.15 (0)[0]
22 (20) 5.54 (0)[0] 28.21 (0)[20] 228.12 (0)[0] 30.19 (0)[20] 29.93 (0)[0] 10.36 (0)[0]
26 (20) 5.71 (0)[0] 31.50 (0)[20] 222.78 (0)[0] 33.84 (0)[20] 33.26 (0)[0] 10.75 (0)[0]
30 (20) 6.07 (0)[0] 36.88 (0)[20] 225.18 (0)[0] 38.82 (0)[20] 38.47 (0)[0] 11.45 (0)[0]
34 (20) 6.36 (0)[0] 42.18 (0)[20] 241.30 (0)[0] 44.29 (0)[20] 44.01 (0)[0] 12.22 (0)[0]
38 (20) 6.55 (0)[0] 46.07 (0)[20] 245.77 (0)[0] 47.87 (0)[20] 47.64 (0)[0] 12.41 (0)[0]
42 (20) 6.93 (0)[0] 52.50 (0)[20] 255.74 (0)[0] 54.17 (0)[20] 56.91 (0)[0] 12.94 (0)[0]
46 (20) 715 (0)[0] 56.98 (0)[20] 276.52 (5)[0] 58.96 (0)[20] 58.47 (0)[0] 13.35 (0)[0]
50 (20) 7.53 (0)[0] 63.96 (0)[20] 276.07 (5)[0] 65.79 (0)[20] 65.50 (0)[0] 14.18 (0)[0]

related defaults (see Fig. 7). Informally, the goal of this program is to construct candidate assignments by identifying post-
docs helping students with their research work and organizational staff supporting visiting postdocs with language related
issues. From every model of the program a set of candidate assignments satisfying additional side constraints expressed by
the rules of the program is extracted.

e The rules (6)-(8) encode the default that research assistants are students unless the contrary is derived.

e The rule (9) assigns postdocs to every research assistant (who is a student by default). In case the “supposed” student
has problems, there is always a person to contact, viz. some assigned postdoc; the possible assignments are collected
in the helps. However, a research assistant may happen to be a visiting postdoc and thus a postdoc (axiom (4) in O);
then, no help from another postdoc is needed (rule (10)).

e Visiting postdocs do not need help with their work-related problems, but they need language support, as (being foreign-
ers) they will not know the local language. Hence, a person who can provide organizational help ought to be found for
each postdoc. Rule (11) collects all visiting postdocs into a respective predicate, and rule (12) similarly persons capable
of providing organizational help. Rule (13) assigns any such person to a visiting postdoc using the supports predicate.

e However, not all people who can provide organizational help are equally good in rule (13), and some may be exempted;
in particular, rule (16) exempts international students from organizational help.

o As for organizational help, persons are assumed not to be students by default (rules (14)-(15)).

The absence of answer sets for the program is caused by the cyclic dependencies of a literal from its default negation,
which manifests in the rules (9)-(10) and (13)-(16). The results of the experiments are given in Table 12. Standard answer
set computation outperforms repair answer set computation; thus in this benchmark inconsistency is found faster than the
first repair. There are many DL-atoms without input predicates, so called outer DL-atoms. In the standard answer set mode,
for these atoms all relevant constants are retrieved at an early stage, which speeds up the computation. The restricted
repairs are found in this benchmark too, and the results are as expected: the stricter the limit, the less repairs are found
and the more time is needed. The last column of Table 12 shows the results for removal restricted to InternationalStudents.
As one can see, this guided search speeds up the computation but significantly decreases the number of found repairs. Note
that allowing deletion of at most 20 facts leads to higher running time than the other restrictions; this is explained by the
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structure of repairs, which do not involve many different predicates, but the number of facts in each repair is very likely to
exceed 20.

7. Discussion

In this section, we discuss extensions of our work for DL-programs on ontologies beyond DL-Lite 4 and consider related
work on inconsistency management in more detail.

7.1. Further work

Our notions of repair and repair answer set naturally generalize to DL-programs over ontologies in other DLs, and similar
techniques as above can be employed to compute repair answer sets. Algorithms 2 and 3 are general and work for arbi-
trary DLs, and similarly Algorithm 4 works for DLs that admit complete (non-ground) support families. In particular, the
approach was extended in [34,79] to DL-programs over £L ontologies; the ££ family [3] includes like the DL-Lite family
prominent DLs that are tractable and despite limited expressiveness still useful for many application domains. The general
complexity results in Sections 3.1 and 3.3 carry over to the core DL ££, assuming that negative concepts assertions are
admissible (which do not affect tractability of standard reasoning tasks). In absence of such assertions, and thus of the up-
date operators U and A, deciding existence of flp-repair answer sets for normal DL-programs drops to NP. However, like for
DL-Lite ydeciding weak- or flp-repair answer set existence is NP-hard for DL-programs with simple structure and input-free
DL-atoms where deciding answer set existence is tractable [79]. Furthermore, deletion repairs for ORPs over £L ontologies
are intractable, even in absence of negative assertions, and so are the other repair notions in Section 3.5 except bounded
8*-change repairs. Intuitively, support sets for DL-atoms over ££ ontologies can involve arbitrarily many assertions, and dis-
abling a support set leads to choosing one of them; thus, hypergraph 2-colorability, which is well-known to be NP-complete
[44], can be easily expressed. Complete support families for DL-atoms over ££ can get very large (exponential size) or even
infinite in case of cyclic TBoxes (which are though less frequent in practice [43]).

To address these issues, a version of the algorithm for repair answer set computation was given in [34] that operates on
incomplete (partial) support families; this algorithm and the underlying framework can be applied to repair DL-programs
over ontologies in other DLs as well. It uses hitting sets to disable known support sets of negative DL-atoms and performs
evaluation postchecks-if needed-to compensate incompleteness of support families. Moreover, it trades answer complete-
ness for scalability by using minimal hitting sets. A declarative implementation for ontologies in ££ is available on top of
dlvhex, where partial support families for DL-atoms are computed by unfolding datalog rewritings of queries over an ££
ontology; for more details, see [34,79]. Finally, we remark that the notion of support set has been fruitfully generalized to
HEX programs [38], in which instead of an ontology arbitrary external information sources of computation can be accessed
from an answer set program [32] (see also Appendix A).

7.2. Related work

Handling inconsistencies in DL-programs is a rather recent issue, which has been targeted in few works, including [72,
40], and these works focused on inconsistency tolerance. Piihrer et al. [72] aimed to avoid answer sets that are non-intuitive
due to inconsistency in DL-atoms, by dynamically disabling rules that possibly involve spoiled information. Here the under-
lying assumption is that the ontology can or should not be changed; for the case where changes are possible, ontology
repair was posed as an important open issue. Fink [40] addressed inconsistency of DL-programs due to the lack of stabil-
ity in models by resorting to semi-stable models based on [31], and combined the resulting paracoherent semantics with
paraconsistency techniques for handling classical conflicts (i.e., truth of a formula and its negation) similar as in Description
Logics [60]. Semi-stable models repair in a sense the DL-program by changing the data part, but are quite different from
repair answer sets: indeed, only addition of data is possible, but no deletion; additions are not restricted to ontology as-
sertions; and noticeably, the additions are treated as unjustified beliefs rather than as facts that are true. Finally, additions
must be smallest possible (w.r.t. set inclusion), which leads to a complexity increase that makes reasoning from semi-stable
models harder than from repair answer sets.

Like for DL-programs, for other hybrid formalisms inconsistency management has so far concentrated on inconsistency
tolerance rather than repair. For instance, Huang et al. [49] presented a four-valued paraconsistent semantics, based on
Belnap’s logic [8], for hybrid MKNF knowledge bases [66], which are the most prominent tightly coupled combination
of rules and ontologies. Inspired by the paracoherent stable semantics from [75], the work [49] was extended in [48]
to handle also incoherent MKNF KBs, i.e. programs in which inconsistency arises as a result of dependency of an atom
on its default negation in analogy to [40]. Another direction of inconsistency handling for hybrid MKNF KBs is using the
three-valued (well-founded) semantics of Knorr et al. [52], which avoids incoherence for disjunction-free stratified programs.
Most recently, this has been extended in [50] with additional truth values to evaluate contradictory pieces of knowledge,
such that inconsistency can be modeled with a new truth value and non-contradictory knowledge that is only derivable from
the inconsistent part of a KB is still considered to be true in the classical sense, or in another view truth which depends
on the inconsistent part of a KB is distinguished from truth derivable without involving any contradictory knowledge (also
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known as suspicious reasoning). However, these works aim at inconsistency tolerance rather than repair, and are geared in
spirit to query answering that is inherent to well-founded semantics.

In the context of Description Logics, repairing ontologies has been studied intensively, foremost to handle inconsistency.
In particular, Lembo et al. [54] and Bienvenu [12] studied consistent query answering over DL-Lite ontologies based on the
repair technique from databases (see [10]). A framework for explaining (negative) query answers under the inconsistency
tolerant semantics. In the spirit of minimal change, an inconsistent ontology (with a consistent TBox) is repaired by iden-
tifying and eliminating minimal conflict sets causing (i.e., explaining) the inconsistency; this results in maximal deletion
repairs. Note that our algorithm SupRAnsSet constructs in its search all maximal deletion repairs; in that it is similar to
ABox cleaning [64,74] (though in general non-maximal repairs are also computed by our method). However, our setting dif-
fers also in other respects fundamentally from those in [54,12]: (i) the ontology is consistent and inconsistency arises only
through the interface of a DL-atom,; (ii) several DL-atom queries, where each is either an entailment or a non-entailment
query, have to be considered en bloc; and (iii) in addition, individual ABox updates are possible.

Calvanese et al. [22] considered explaining negative answers to instance queries and unions of conjunctive queries
in DL-Lite 4, i.e., to give reasons for tuples missing from the output, complementing [16] which considered explanations
for positive query answers in DL-Lite. They proposed abductive explanations that correspond to repairs by increasing the
ABox, and they characterized the computational complexity of deciding explanation existence and other reasoning problems
around explanations, for arbitrary and preferred explanations that amount to non-independent o -selections. In absence of
preferences and with empty ABox, this problem can be seen as a special ORP with a single query and empty update sets,
and thus contributes a tractable case. On the other hand, the issues (ii) and (iii) in the previous paragraph apply also here
and turn ORPs into multi-abduction problems of positive and negative queries with individual ABox additions; it remains
unclear how one could readily exploit the existing abduction algorithms to solve such ORPs efficiently.

Repairing inconsistent non-monotonic logic programs is less developed. Sakama and Inoue [76] used extended abduction
to delete minimal sets of rules; however, notably also adding rules can remove inconsistency from such a program. This
was exploited by Balduccini and Gelfond [7], who proposed consistency-restoring rules that may be added, under Occam’s
razor, in order to remove inconsistency. Syranen [81] aimed at finding reasons for the absence of answer sets and addressed
debugging logic programs based on model-based diagnosis [73], which in a generalized setting was considered by Gebser
et al. [45], who provided explanations why interpretations are not answer sets of a program. Repairing rules in a DL-program
subsumes repair of ordinary nonmonotonic logic programs, and thus represents a challenge as such, especially if repair
goes beyond merely dropping rules. Inconsistent DL-programs can be seen as programs with bugs that need appropriate
debugging techniques for fixing. These were studied in [68], where an approach building on [81,45,71] was developed. The
idea is to proceed in a user-interactive way by stepping through the rules of the DL-program, and to distinguish at each
step a set of active rules along with an intermediate interpretation. Faulty rules are identified if a conflict is reached in the
stepping process. It would be interesting to see if stepwise debugging and data repair can be fruitfully combined, which
remains for future work.

Our ideas on domain-dependent restrictions on repairs are related to the inconsistency policy for databases discussed
e.g. in [78,63], where the authors presented preference-based techniques for repairing databases. In the context of DL-
programs, this has not been considered before. The complexity of consistent query answering based on preferred repairs
over lightweight ontologies (in particular, in DL-Litez ) has been recently studied in [13], where for a number of preferences
that amount to non-independent o -selections intractability was shown, which in most cases is beyond NP.

8. Conclusion

We have considered the issue of repairing DL-programs, which are a well-known loose-coupling combination of non-
monotonic logic rules and Description Logic ontologies, in case of inconsistency, i.e., when no answer set (model) of a
DL-program exists. To this end, we have introduced repair answer sets based on repairs, which change the data part (ABox) of
the ontology to gain consistency. We have characterized the computational complexity of repair answer sets, showing that
they do not add to the complexity of answer sets (more specifically, to weak and flp answer sets) for ontologies in DL-Lite 4,
which is a prominent Description Logic featuring tractable reasoning. This similarly holds for other tractable Description
Logics. Indeed, while we concentrated on DL-Lite 4, our general methodology for restoring consistency can be applied to
DL-programs over ontologies in a range of Description Logics; we refer the reader to [79] for further discussion. We have
provided selection functions to single out preferred repairs from a candidate set, and we have discussed the benign property
of independence which allows for local preferred repair selection (filtering).

We have then extended an in-use algorithm for DL-program evaluation for computing repair answer sets. At the heart
of this extension is a generalized Ontology Repair Problem (ORP), which asks for a modified ABox that simultaneously en-
tails respectively non-entails sets of queries, possibly under individual ABox updates. While intractable in general, we have
presented several non-trivial tractable cases, among them deletion repairs, which are often applied in practice.

As a naive extension lacks scalability, we developed a new evaluation approach that is based on the novel notion of
support set for DL-atoms, and we showed that for DL-programs over DL-Lite 4 ontologies, a complete support family of
such supports sets that allows to completely avoid ontology reasoning during the repair computation can be efficiently
constructed. For the experimental evaluation of the approach, we have built a set of benchmarks in different scenarios that
involve different ontologies. The experimental results are promising. In particular, for inconsistent DL-programs the repair
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answer set computation is often faster than standard answer set computation. Furthermore, use-case guided restrictions on
repairs often did not introduce much overhead. Overall, the empirical evaluation has revealed a great potential of the novel
repair methodology.

8.1. Outlook

We can see several directions for future work. One is to consider repair semantics and computation for DL-programs
over Description Logics other than DL-Lite 4. As mentioned above, for ££ this was done in [34,79], but more expressive
DLs can be considered, e.g. the DLs SHZQ, SHOIN, and SROZQ that are important in the Semantic Web context.
Orthogonal to other DLs, additional repair possibilities may be considered besides ABox changes. For repairing DL-rules
the works on ASP debugging [41,45,81] may serve as starting point, but the problem is challenging as the search space
of possible changes is large. The latter applies to changes of DL-atoms as well, and in both cases restrictions and/or user
interaction will be necessary. Another direction would be to consider other formalisms for hybrid knowledge bases, or more
general formalisms than DL-programs for combining knowledge bases such as HEX programs [38]. Heterogeneity of external
sources in HEX-programs makes both repair and inconsistency-tolerant reasoning very challenging.

Regarding optimizations, learning techniques may be exploited for repair computation, e.g. caching of intermediate re-
pairs/repair answer sets, considering correlation patters between them, and identifying mutual dependence of DL-atoms
might be worthwhile. Furthermore, program and repair decomposition can be considered, where a DL-program is split into
modular components that can be handled separately, and local repairs for them are combined into a global repair. It re-
mains to be seen, however, to what extent and for which program classes the repair methods can be adapted for a modular
setting. As regards ABox change, localization and decomposition methods from databases may be exploited [29].

Another direction are alternative evaluation approaches. Instead of turning answer sets of the replacement program into
repair answer sets by suitable changes of the ontology ABox, one could aim at finding repair answer sets incrementally,
e.g., by exploiting debugging based on stepping techniques [68]. In a user-interactive mode, one traverses the rules of a
DL-program until a conflict is identified. If the latter occurred due to a DL-atom, the ontology ABox is repaired and then the
stepping process is continued. While this strategy may not work in general, it can be of interest in restricted settings, e.g.
for stratified DL-programs.

On the practical side, providing other independent selection functions apart from deletions (see Section 3) is an im-
portant issue, along with means to incorporate domain specific information in the repair process (e.g., protected ontology
parts). This calls for convenient representation and effective exploitation of such information with the dlliteplugin.

Appendix A. Supplement to Section 2

This section introduces HEX-programs [38] and explains their correspondence with DL-programs (which are a proper
instance of HEX programs). The material is included for the convenience of the reader, as a supplement to ease deeper
understanding of the evaluation algorithm for DL-programs, which is in terms of the more general class of HEX programs
[30]. However, this appendix is not strictly needed and can be omitted.

A.l. HEX-programs

Apart from the interaction with the DL ontology through a logic program there are other ways of accessing information
from different external sources. An important generalization of DL-programs are HEX-programs [38], which accommodate a
universal bidirectional interface for arbitrary sources of external computation. This is achieved by means of the notion of
an external atom. Using such external atoms, whose semantics is abstractly modeled by an input-output relationship, one
can access different kinds of information and reasoning in a single program. HEX-programs have been successfully used
in various kinds of applications. Some examples include multi-agent systems, rule-based policy specification, distributed
SPARQL processing, to mention a few.

We assume that for a given HEX-program the vocabulary consists of mutually disjoint sets C of constants, V of variables,
P of predicates, X of external predicates. Next we recall syntax and semantics of HEX-programs.

Syntax. HEX-programs generalize (disjunctive) extended logic programs under the answer set semantics described earlier
with external atoms, allowed in the bodies of the rules. External atoms have a list of input parameters (constants or predicate
names) and a list of output parameters.

Definition 77 (External atom). An external atom a(Z) is of the form
&g[Y1(X), (A1)
where &geX, 17=Y1,...,Y4, and f(:Xl,...,Xm, such that Y;,XjePUCUV, for 1<i<¢ and 1< j<m, and 7 is the

restriction of ¥ and X to elements from V.

An external atom is ground if Yie CUP for all 1<i<land XjeC forall 1< j<m.
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Example 78. Consider the external atom a(f() = &diff[p, q]()?), where p and q are predicates. The atom a()?) computes the
set of all elements X, which are in the extension of p but not in the extension of q. O

HEX-programs are defined as follows:

Definition 79 (HEX-program). A HEX-program consists of rules r of form
aiV---vag <bq,...,bg,not bgyq,...,not by, (A.2)

where each g; is an (ordinary) atom, each bj is either an ordinary atom or an external atom, and n +m > 0.

Like for ordinary logic programs, we refer to H(r) = {a1, ..., a,} as the head of r, and to B(r) = {b1, ..., bg, not byy1, ...,
not by} as the body of r.

Example 80. Consider the program IT
d(c) < q(c) < d(c), &diff(d, pl(c);
p(c) < d(c), &diff(d, q](c)
Informally, this program implements a choice from p(c) and q(c) O

A program is ground, no variables occur in it. For non-ground HEX-programs, a suitable safety conditions allows to use a
grounding procedure that transforms the program to a ground program with the same answer sets.

Semantics. The semantics of a HEX-program is defined via interpretations I over the Herbrand base, which is naturally
generalized from ordinary logic programs as follows:

Definition 81 (Herbrand base). The Herbrand Base of a HEX-program I1, denoted HB(IT) is the set of all atoms constructable
from the predicates occurring in IT and the constants from C.

Given a HEX-program I, satisfaction of (sets of) literals, rules, etc. O w.r.t. an interpretation I over HB(IT), denoted
I = 0, extends naturally from ordinary [46] to HEX-programs, and the satisfaction of a ground external atom &g[y](X) is
more involved. It is given by the value of a 1+|¥|+|x|-ary Boolean function fgg. Formally,

Definition 82 (Satisfaction). Let IT be a HEX-program and I € HB(IT) an interpretation. The satisfaction relation is defined
as follows:

e for an ordinary atom b, [ =b, if bel,and I jb, if b ¢ I;

for a ground external atom &g[y]1(%), I = &g[V1X), if fag(l,¥,X) =1, and I & &g[Y1(X), if fag(,y,%) =0;

I satisfies an (ordinary or external) literal not b, if I j~b;

I satisfies a rule of form (A.2), if [ =a; for some 1 <i <k or I j~b; for some 1 <i<m or [ =b; for some m <i <n;
I satisfies a ground HEX-program IT (I is a model of IT), if I =r for all rules r of IT.

The answer sets of HEX-programs are defined in terms of the flp-reduct.

Definition 83 (flp reduct). Let I1 be a HEX-program and let I be an assignment. An fIp-reduct of IT w.r.t. I is a program
l'[f',p:{re | I = B(r))}.

Definition 84 (flp-answer set). Given a HEX-program I, an assignment I is an flp-answer set of I, if I is a C-minimal model
of H;lp. ASgp (IT) denotes the set of all flp-answer sets of a HEX-program IT.

Example 85. Recall the HEX-program from Example 80 and consider an assignment [ = {d(c)}. The reduct H}IL of TI relative
to I is as follows:

H,'fp = {d(c); p(c) < &diff[d, q](c)}.

Observe, that I is a minimal model of H;,L, therefore Iy € ASg, (IT).
The assignment I, = {d(c), q(c)} is another flp-answer set of I1. Indeed, the flp-reduct comprises

l—[flé ={d(c); q(c) < &diff[d, pl(c)}.

As I, is the minimal model of l'[%, we get that I € ASg,(IT). O
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A.2. From HEX-programs to DL-programs

We now provide a correlation between DL-programs and HEX-programs.

Let IT = (O, P) be a DL-program, where O is a consistent ontology fixed as an external source and P is a set of
DL-rules. DL-atoms are encoded as external atoms of the form &DL[c*,c,rT,r~, Q](X), where ¢,c~ (r*,r~) are binary
(resp. ternary) predicates and Q is a string which encodes an ontology query. The query Q is a possibly negated ontology
concept or a role name, concept or role subsumption or its negation.

The oracle function of &DL is defined by

faor(,ct e rt X)) =1 < ouU!(ct,c,rh ) EQ®),

where U(ct,c™,r,r™) is an update to O, specified by the (extension of the) predicates ct,c~,rT,r~. More specifically,
it contains for each ¢*(C,a) eI (resp. ¢~ (C,a) € I), a concept assertion C(a) (resp. —C(a)). Updates of roles, generated by
the predicates r* and r~ are analogous.

Example 86. DL[Male W boy; Male](X) from Fig. 1 is translated to &DL[ct, c™,r",r~, Male](X), s.t. P is extended by the rule
ct(Male, X) < boy(X), and the predicate ¢t does not occur elsewhere P.
The rule (9) of P in Fig. 1 corresponds to the following rules in the HEX-program:

(9) hasfather(X,Y) < &DL[c'*, ¢’ =, r' T, 1’ ~, hasParent](X, Y),
P = &DL[cT,c,rT,r~, Male](Y); O
(9") ¢t (Male, X) < boy(X)

Appendix B. Proofs of Section 3

Proof of Theorem 18. (i) NP-completeness result for normal IT and x = weak.

(Membership) Let IT = (O, P) be a normal DL-program, where O = (T, A). The algorithm of deciding whether RAS(IT) # @
proceeds as follows: we guess an interpretation I, the values of the DL-atoms and the repair ABox A’. We then check
whether [ is a repair answer set of IT as follows:

(1) evaluate all DL-atoms over O" = (T, A’) and compare their values with the guessed values;

(2) check whether I is a minimal model of the reduct P‘Iﬂ,gk

The check (1) is feasible in polynomial time, which follows from the Proposition 17. As for the check (2), observe that

the reduct ’Pcvgk is constructable in polynomial time, and it is a normal positive ASP program, which has a single model.
Therefore, the check (2) is also polynomial. The above algorithm solves the target problem, which proves its membership
in NP.

(Hardness) The NP-hardness is inherited from ordinary normal logic programs, whose repair answer sets coincide with their
answer sets; as deciding answer set existence for normal logic programs is NP-hard [61], the result follows.

(ii) E;—completeness result for arbitrary IT and x = weak.
(Membership) The overall algorithm of deciding the existence of a weak repair answer set proceeds as follows: we guess an
interpretation I, values of DL-atoms and an ABox A’ and then check whether:

(1) the real values of DL-atoms over I and O’ = (T, A’) coincide with the guessed values;
(2) I is a minimal model of P\f‘;gk.

Like in (i) the check (1) is polynomial. P",;eoak is a propositional disjunctive program. Deciding whether [ is its minimal

model can be verified with a call to an NP oracle, from which the membership in ):5 follows.

(Hardness) Similar like in (i), the hardness results for arbitrary DL-programs and weakRAS-existence are inherited from the
answer set existence for ordinary disjunctive logic programs.

(iii) Ef—completeness result for normal IT and x = flp.
(Membership) We can guess a repair A’ together with an interpretation I and then check whether I is an flp-repair answer

set of 1" = (O’, P), where O" = (T, A’). Constructing the reduct Pf’]ijo/ is polynomial, as we only need to pick those rules

of IT whose body is satisfied by I, and all DL-atoms can be evaluated in polynomial time. With the reduct ’Pfllbol at hand
we then need to check whether
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(1) all values of DL-atoms over O’ coincide with the guessed ones;
(2) I is a minimal model of Pf',f .

The check (1) can be done in polynomial time. For (2) we have that the interpretation I is not a minimal model of Pf',f,
iff there exists an interpretation I’ C I such that I’ = Pflliy(y' A guess for I’ is verifiable in polynomial time, thus deciding

whether [ is not an answer set of P-©" is in NP. From this we get that deciding whether I is an answer set of Pfllbol is in
co-NP. Hence for the check (ii) we need to make a call to a co-NP oracle. Since having an oracle for co-NP is equivalent to
having an oracle for NP, we get that the overall problem can be solved in NPNP = 25.

(Hardness) We prove the Ef—hardness result by a reduction from deciding validity of a QBF formula

¢=31...xVy1...ymE, n,m>1, (B.1)
where E = x1 V...V xr is a DNF formula, and each xyx =, Al Al, is a conjunction of literals over atoms
X155 X, Y15 0005 Yme

For each atom x; we introduce a fresh concept X;, and for each atom y; we introduce a fresh concept Y; and a fresh
logic program predicate y ;. Furthermore, we introduce an additional fresh predicate w. Given ¢, we construct IT = (4, A, P)
with A= {X1(b),..., Xp(b)} and P as follows:

(1) L <« not DL[; X;1(b), not DL[; —=X;](b);
(2) L < DLI; Y;l(b);

(3) L <« DLI; —Y;l(h);

(4) w(b) <« not w(b);

(5) yjb) < w(b);

(6) wb) < flliy)s fliy)s fliy)

where  f(x;) =DL[X; W w; X;](b), f(yj) =DL[Yj W yj, Y]' W w; Yj](b),
f(=x;) =DLIX;Yw; =Xil(b), f(—yj) =DLIYjAy; Y;Ow;=Y;]b).

Intuitively, the rules of the form (1) of 7P ensure that for each x; at least one of Xj(b) and —X;(b) is present in the repair
ABox A’, while the rules (2) and (3) forbid that Y;(b) resp. =Y(b) is in A’. The rule (4) forces each consistent flp-repair
answer set of IT to contain w(b). The rule (5) ensures that the ground atoms of the form y;(b) are also contained in each
repair answer set. Finally, the rules of the form (6) are present in P for each clause x; of ¢. For each literal I, in xi these
rules have a DL-atom f (ly,) in the body, which poses to the ontology under some updates an instance query corresponding
to the literal I, .

We now formally show that ¢ is valid iff RASg, (IT) # #.

(=) Let ¢ be valid and let v(¢) be a satisfying assignment, i.e. for all extensions of v to variables y1, ..., yn it holds that
v(¢) is true. From this we construct a repair ABox A’ as follows. If v(x;) = true, then X;(b) € A’, otherwise —X;(b) € A’. By
construction the repair A’ represents a maximal consistent subset of {X;(b), —=X;(b) | 1 <i<n}. Therefore, the constraints
(1)-(3) are not violated under A’.

We now show that for any interpretation I the body of at least one rule of the form (6) of " = (4, A’, P) must be
satisfied by I. Let us consider various possibilities for an interpretation I of IT'.

e IN{y1(b),...,ym(b)} = 0. Let us look at an extension v’ of v, under which all variables y; of ¢ are false. Since
V' (¢) = true, there must exist a clause i, such that v’(x) = true. Consider the rule ry, of the form (6) that corresponds
to xk. The clause xi is a conjunction of literals, thus all of its conjuncts over y; must be negative. We have that each
—yj occurring in xj corresponds to a DL-atom of the form f(—y;) =DL[Y;jAy;, Y;Jw; =Y;](b). As y;(b) ¢ I, it holds
that )J(f(yj)) = {—Y;(b)}, leading to I =9 f(=yj). All DL-atoms of the forms f(x;) and f(—x;) are satisfied by the
construction of A’.

o IN{y1(b),...ym(b)} #@. Let us look at an extension v’ of v such that

oo true, ifyj(b)yel
Vi(yj) = {false, if yj(b) ¢ 1.

Since v(¢) is a satisfying assignment of ¢, there must exist a clause yj in ¢ such that v'()y) = true. Let us look at
the rule r, of the form (6) corresponding to xi. For all literals I, we have that I = f(ly,). Indeed, if I, is a literal
over x;, then the corresponding DL-atom is true by construction of A’. If I, = y; then as V/(y;) = true we have that
yj(b) eI and thus A’(f(yj)) = {Y;(b)}. Similarly, if [y, =—y;, then A’(f(ﬂy]-)) = {=Y;(b)}. Therefore, I = f(,) for all
Iy, occurring in .
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So we have that for any I the body of at least one rule r; of the form (6) must be satisfied, and hence the rule r, must
be present in the reduct Pf'ﬁ)o. Moreover, if IT' has some flp-answer set I, then it must contain w(b) (this follows from

w(b) < not w(b)), and thus the rule of the form (4) is not in Pfl,bo/. Finally, according to the rules (5) the answer set |
should also contain all y;(b) for 1 <j<m.

As there are no other atoms which could be in the answer set, we now show that I = {w(b), y1(b),..., ym(b)} is a
minimal model of P;ZI’JO. First, obviously I satisfies all rules of the reduct; we only need to show its minimality. Towards a

contradiction, assume that there is an interpretation I’ C I, such that I’ = Pf'lbor. There are two possibilities: either w(b) € I’
or w(b) ¢ I'. The former can not be true, as then there is some y;(b), such that y;(b) ¢ I’, and hence for some rule r of
the form (5) we have that r is not satisfied by I’. If the latter holds, then we know that there are no rules of the form (6),
whose body is satisfied by I’. Consider an extension v” of the assignment v to the atoms yj, such that v”(y;) = true, if
yj(b) eI, and v”(y;j) = false otherwise. We know that v”(¢) = true, i.e. there is a disjunct xj in ¢, such that v”()y) = true.
Let us look at the rule r, corresponding to the disjunct xj. All DL-atoms f(x;) are satisfied by I, due to the construction of
the ABox .A’. The DL-atoms of the forms f(y;) are satisfied by I’, because y;(b) € I’, and thus A’(f(yj)) = Y(b). Similarly,
the DL-atoms of the form f(—y;) are satisfied, as for them we have that y;(b) ¢ I, and thus A’(f(ﬂyj)) = —Y;(b). Hence
I’ must satisfy B(ry); but since w(b) ¢ I, we have that I’ j~ r, leading to a contradiction. Therefore, I is indeed an flp-repair
answer set of IT.

(<) Let I € RASq,(IT) be some flp-repair answer set of IT with a repair ABox A’, i.e. I € ASg,((T, A, P)). Since I is a
repair answer set, the repair ABox .A’" must contain a nonempty consistent subset of {X;j(b), —=X;(b)}, 1 <i <n because of
constraints of the form (1). We construct an assignment v of ¢ from A’ as follows:

true, if Xj(b) e A’
V(X)) = )
false, if —=Xj(b) e A'.

We now show that v is a satisfying assignment of ¢, i.e. for any extension v’ of v to the values of y;, we have that
V'(¢) = true. Towards a contradiction, assume that this is not the case, i.e. there exists an extension v’ of v to the values of
¥j, such that v'(¢) = false, that is v'(xx) = false for all clauses yj of ¢.

Let us now look at the interpretation I" of IT’, such that y;(b) € I', if Vv/(y;) =true and y;(b) ¢ I, if v'(y;) = false. We

know that I D I’ is a minimal model of Pf'h;o/. Therefore, it must hold that I’ j~r for some rule r of P;,bol, ie. I' =B(),

but I’ = H(r). Observe that the reduct Pf'liyol contains only the rules (5) and (6). Since w(b) ¢ I’ by construction, the rule
r that I’ does not satisfy can not be of the form (5), hence it must be of the form (6). Let us look at the corresponding
clause xi in ¢. By our assumption v'(xy) = false, i.e. there is a conjunct I, in yy, such that v'(ly,) = false. We distinguish
the following cases:

e Iy, is a literal over x;. We know that )\"(f(lkh)) =, because w(b) ¢ I. Thus it must be true that A’ = f(l,). Since A’ is
a repair, by Definition 26 it must be consistent. Thus the query of f(ly,) must be explicitly present in A’, i.e. X;(b) € A’,
if Iy, = xi; —Xi(b) € A', if Iy, = —x;. However, then by construction of v’ we have that v(ly,) = true, which leads to a
contradiction.

e Iy, is a literal over y;. There are two possibilities: either Iy, = y; or Iy, =—yj.

- First suppose that I, = y;. The corresponding DL-atom f(y;) =DL[Y; W y;,Y; & w; Y;](b) is true under I’ by our
assumption. Since the repair ABox A’ is consistent and does not contain any concepts of the form Y (b), it must hold
that )L’/(f(yj)) k= Y;(b). Observe that w(b) ¢ I, thus it must be true that y;(b) € I'; however, then v'(ly,) = true,
leading to a contradiction.

- Now assume that [, =—y;. We have that I = f(=y;), where f(=y;)=DL[Y;Ay;, Y;Jw; =Y;](b). It must hold
that )J/(f(—-yj)) = —Y;(b), and hence y;(b) ¢ I’ since w(b) ¢ I'. Therefore, V'(y;) = false, i.e. V'(Iy,) = true, contra-
dicting our assumption.

We have shown that V' is a satisfying assignment for ¢ for each extension of v to variables y;, from which the validity of
¢ follows. O

Proof of Proposition 28. A guess for A’ is verifiable in polynomial time, as deciding all (7, A4’ U U;) = Q; is polynomial
in DL-Lite 4 [21]. NP-hardness is shown by a reduction from SAT instances ¢ = x1 A --- A Xm OVer atoms X, ..., Xn. We
construct the ORP R = ((T, ¥), D1, D2), using concepts X;, X; for the x;, C; for the x;, and a fresh concept v as follows:

° TZ{XjECi,)_(erCi [1<i<m,xj € xi,~Xj € Xi}

e D1 ={(.Ci(b)). (Ui, =Ci(b)). (Vj, A(b)) | 1 <i<m, 1< j<n}, where U; = {X(b). X (b) | X € xi, =X € xi}, 1 <i<m,
and V; = {=X;(b),—Xj(b)}, 1 < j <n; and

o Dy ={({,=Ci(b)) |1 <i<m}U{{(#, A(b))}.
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Intuitively, by D, a repair A’ must not contain —C;(b) nor A(b), and must be consistent. By D the repair must entail
C;i(b). Therefore, for each i, the ABox A’ must contain some Xj (resp. Xy), such that X; C C; (resp. X C C;). Moreover,
adding either U; or V; to A’ causes inconsistency. The former implies that .4’ contains some =Xy (b) (resp. =Xy(b)) such
that x; € xx (=X € xx), and the latter implies that at least one of =Xy (b) and —Xy(b) must be in A’ for all 1 <k <n. Since
in addition the ABox is consistent as argued above, it can not contain both —Xj and —X; thus A’ represents a consistent
choice of literals that satisfies ¢.

We formally show that ¢ is satisfiable iff R has a repair.

(=) Let v be a satisfying assignment for ¢. We construct a repair ABox A’ for R as follows: if a variable x is set to
true in the satisfying assignment of ¢, then we add Xy(b) and —Xy(b) to the ABox A, otherwise, i.e. if x; is set to false
in v, we add Xy (b) and =Xy (b) to A’. We now verify whether the constructed ABox is indeed a repair for R by checking
whether it satisfies the conditions (i) to (iii) of Definition 26.

(i) T U A is consistent, since v is a consistent set of literals (not both Xi(b) and —X;(b) (resp. X (b), =X (b)) can be
present in A’).

(ii) We check whether for all (U], Q) € Dy it holds that 7 U A" U U! = Q/. Let us first consider (#,C;), 1 <i<m.
Observe that v is a satisfying assignment of ¢, therefore each clause of ¢ is satisfied under v. Thus, for each clause
either there exists a variable x; occurring as a disjunct in the clause C; positively and being set to true in the satisfying
assignment v or occurring negatively as a disjunct in C; and being set to false in v. By construction of .4’, we have
that 77U A" = C;(b) for all 1 <i <m due to the inclusion X; C C; (resp. )_(j C C;). Similarly, we have that for all Uj,
A’ U U; is inconsistent and, therefore trivially entails —C;(b). Finally, since the assignment v is full, each x; has a truth
value. Hence, due to the form of updates V;, we have that A’ U V; is inconsistent for all j, and thus the queries A(b)
are also entailed.

(iii) It is left to show that for all (UZ, Q?) € D, we have that 7U.A’UU? }~ Q2. The latter holds since the ontology (7", A’)
is consistent, and there is no way to derive either —C(b) or A(b) by means of the TBox axioms and the facts in A’.

The above shows that the ABox A’ is indeed a solution to the R.

(<) Now assume that there exists an ABox A’ that is a solution to R. We show that then the formula ¢ is satisfiable.
First since TUA'UV; = A(b), TUA' = A(b) and T UV k= A(b), we have that T U.A"UV; must be inconsistent. Moreover,
as TUA —Ci(b), we know that the inconsistency must occur due to the facts Xj(b), X;(b). Therefore, for each j either
—Xj(b) or —=X;(b) must be in A". Observe now, that due to (@, Ci(b)), (U;, =C;(b)) € D1, the ABox A’ must contain such
Xj(b) (resp. Xj(b)), that x; (resp. —x;) is a disjunct in the clause x;. Moreover, due to (U;, —C;i(b)) for some k such that
X € xi (or —xy € x;), it must hold that =X (b) (resp. =Xy (b)) is in .A’. The above argument shows that the ABox A’ encodes
a satisfying assignment v for ¢: if X;(b) € A/, then v(x;) = true; if X;(b) € A, then v(x;) = false. O

Proof of Theorem 29. NP-hardness of an ORP holds by a reduction from SAT. Given ¢ = 1A --- A Xm ON atoms X1, ..., Xn,
we construct R = ({4, ¥), D1, D3), with concepts X;, X; for the x; and a fresh concept A, such that

e D1 ={(U;, Ab)), (Vj,A(b)) |1 <i<m,1<j<n}, where U; = {)_(j(b), Xjy)|xje xi,—~xy ey}, 1<i<mand Vj=
{=X;j(b),—=X;j(b)}, 1 < j <n, and
o Dy ={{#, A(b))}.

Intuitively, by D a repair A" must not contain A(b), and by Dy adding either (i) U; or (ii) V; to A’ causes inconsistency. By
(i) A" must contain at least one —X(b) (resp. =X;(b)) such that Xj € xi (—xj € xi), and by (ii) at least one of X;(b), X;(b)
must be in A’. Furthermore, D, forbids both X;(b), =X;(b) (resp. X;(b), =X (b)) to be in A". Thus A" encodes a consistent
choice of literals that satisfies ¢. O

Proof of Theorem 37. The guess of the repair A’ C A out of 2" candidates, where n = |A|, is verifiable in polynomial time.
The NP-hardness for the cases (i) and (ii) is proved separately.

(i) NP-hardness for (i) is shown by a reduction from SAT instances ¢ = 1 A --- A Xm Over atoms X1, ..., X;. We construct
the ORP R = ({7, ¥), D1, D3), where all Uf are empty for k € {1, 2}. We use concepts X;, )_(]-, X} for the x;j, C; for the
Xi as follows:

- T={X;ECG, )_(j/ECi,| Xj € Xi» =Xj € Xi, 1 Sifm}U{)_(kE—'Xl/( |1<k<nj}

- A={X;b), Xjb) 11 <j<n}

- D1 ={{8,C)|1<i<m},

- Dy={(0.=~(X; EX)) | 1=j=n}.

Intuitively, the queries in Dq ensure that at least one X;(b) (resp. X j(b)) is present in the ontology ABox, such that x;
(resp. —xj) is a disjunct in x;. The queries in D, forbid both X;(b) and X;(b) to be in the ABox, which is expressed by
the non-containment query —(X; E X}) and TBox axioms of the form X; C —|X}. Therefore, the solution to R encodes
a satisfying assignment of ¢.

We now formally prove that ¢ is satisfied iff oge solution for R exists.
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(=) Let ¢ be satisfiable, and let v be a satisfying assignment of ¢. From this we construct a solution A’ to R as follows:
if v(xj) = true, then X(b) € A’, otherwise, Xj(b) € A’. The ontology O’ = (T, A’) is clearly consistent. Assume towards
a contradiction that A’ is not a solution to R. That is, either (1) D1 contains a tuple (@, Qil), such that O’ |~ Qil or
(2) some (@, Q]?) exists in Dy, such that O’ = Q]?. If (1) holds then C;(b) is not entailed for some i from (’. That means
that there is a conjunct x; € ¢, such that for none of its disjuncts x; (resp. —x;) we have the corresponding assertion
Xj(b) (resp. Xj(b)) in A’. Hence by construction none of the literals in x; is true under v, meaning that v(x;) = false
and thus v(¢) = false, i.e. contradiction. If (2) holds then for some j we have that X;(b) and —|X} (b) are entailed by O'.

As by construction of A’ it holds that A’ € A, both X;(b) and —-X}(b) are entailed only if X;(b), )_(]-(b) € A'. This can

not happen, as A’ is built from a satisfying assignment v of ¢, and thus it represents a consistent set of values for x;.
Hence we arrived at a contradiction.

(<) Let A’ be a oy solution to R. From this we construct a satisfying assignment v for ¢ as follows:

( true, if Xj(b) € A’ or Xj(b), Xj(b) ¢ A’
V(Xj) = _
77 \fatse, i X;(b) € A

We show that v(¢) = true. Observe that for every C; there must exist X; (resp. )_(j), such that X; E C; (resp. )_(j C ()
due to the tuples (%, C;(b)) in D1 and the fact that A’ C A. Thus by construction of v in each clause x; some disjunct
is true. It is left to show that v is well defined, i.e. it is not the case that (i) either v(x;) = true or v(x;) = true is defined
for every j, and (ii) it is not the case that v(x;) = true and v(x;) = false for some j. In other words we need to show
that v(xj) # v(—x;). Towards a contradiction suppose that this is not the case. Then for some i it holds that v(x;) and
v(—x;) have the same value. Then X;(b) and X;(b) are entailed from O for some j, and therefore X}(b) is also entailed
from O due to )_(j C X} € T. However, this means that O' = —(X; E X;.), which is forbidden by the respective tuple
(,—=(X;E X;.)) in D,. The latter means that A’ is not a solution to R, leading to a contradiction. Thus v is a satisfying
assignment of ¢.

(ii) NP-hardness for (ii) is shown by a reduction from monotone not-all-equal SAT (NAE-SAT) instances ¢ = X1 A -+ A Xm
over atoms Xi,...,Xp [44]. In monotone NAE-SAT, all occurrences of literals in clauses are positive, but a formula is
“satisfied” only if there is an assignment under which both a literal assigned to true and a literal assigned to false occur
in each clause. We construct ORP R = ({4, #), D1, D2), using concepts Xj, )_(j for the xj, C; for the yx; as follows:

- A={X;b), X;jb) |1 <j<n}, B

- D1 ={{=Xjb) | xj € xi}, Ci(D)), ({=Xy () | xj € xi}, Ci(b)) | 1 <i <m},

- Dy ={{0,~(X; C=X))), (4, Ci(b)) | 1 <j<n,1<i<m]}.

Intuitively, the queries Ql] can only be satisfied if the repair ABox A’ is inconsistent with the updates Ul.], as 7 =¢ and
explicit presence of Cj(b) in A’ is forbidden by tuples (@, Ci(b)) € D». Therefore, for every y; some X;(b) € A" must
exist such that x; is a conjunct in x;, which is ensured by ({X; | x; € xi}, C;) € D1. However, also some X (b) must be
in A, such that xj € x;, which is ensured by ({X; | xj € x;}, C;) € D1. By (8, =(X; E )_(j)). the indices j and j/ must
be different, thus the repair ABox encodes a consistent choice of truth values for variables in ¢, corresponding to a
satisfying assignment of ¢.

We now formally show that ¢ is a positive instance of monotone NAE-SAT iff the R has some solution.

(=) Let ¢ be a positive instance of monotone NAE-SAT, and let v be the witnessing assignment. From this we construct
the solution A’ to R as follows. X;(b) € A', if v(xj) = true, and )_(j(b) e A, if v(xj) = false. Since for every clause yx;
some X;j € x; must be set to true, we have that some X;(b) € .A’, and hence the query of ({—=X;(b) | xj € xi}, Ci(b)) € D1
is satisfied by inconsistency. Similarly, queries of tuples ({—-)_(j(b) | xj € xi}, Ci(b)) € D1 are satisfied, as at least one X;
in x; is set to false, and by construction the respective X(b) is in .A’. The queries in D, are satisfied, since v represents
a consistent choice of values for x;, and thus both X;(b) and 5(j (b) can not be present in A’.

(<) Let A’ be a solution to the R. From this we construct the assignment of ¢ as follows.

true, if Xj(b) e A,
V(xj) = -
false, if Xj(b) e A

Since C; can not be in A’ by (@, C;) € D, and T =@, we have that all queries in D; are entailed by inconsistency
introduced by the updates, and hence in every clause at least one of x; must be true and at least one xj; must be false.
Furthermore, the assignment v represents a consistent set of values for x; by construction, since for all j not both X;(b)
and Xj(b) can be in A’ due to (4, =(X; E Xj)) € D. O

Proof of Lemma 35. By Proposition 5 inconsistency is introduced in a DL-Lite 4 ontology with at most 2 ABox assertions, i.e.
for every inconsistent AU 7, an ABox A’ C A exists, such that |A'| <2, A/UT ko and A'UT = —a for some assertion
o. We have, either | A’| =1, in which case the result is obtained, or there are consistent ABoxes A” C A and A" C A, such
that A”UT =« and A” UT = —a. Again we have |A"|=|A"|=1. O
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Proof of Theorem 36. The proof exploits the property of Z DL-queries established in Lemma 35, which states that at most
one assertion « from A is sufficient to derive the query.

Now if 7 U U’j = Q!, we can drop (U;, Q}) from R if i=1, and stop if i =2 as no repair exists. Otherwise, we let the
set Suppﬂ. of Qj contain all assertions « such that 7 U {o} U UZ. = Q; Then, any repair A’ must fulfill A’ ﬂSupp} # () for
each j (i.e., be a hitting set), and must be disjoint with each Supp?,. Let then S; := (Supp} NA) N\ Uj/ Supp?/. A oger-repair A’
exists iff each S is nonempty; the hitting sets of the S; are all the oy -repairs. The construction of the S; and the check
can be done in polynomial time, thus the overall problem is tractable. Note that, furthermore, the (possibly exponentially
many) oge -repairs can be output in total polynomial time. O

Proof of Theorem 39. We prove the statement for the case when few negative assertions are added to the ABox, i.e. | A"~ \
A| <k. The case when few positive assertion are added to the ABox, i.e. |[A'T \ A| <k is completely symmetric, and our
proof can be easily adapted to treat is it as well.

We provide an extension of the method for deletion repairs. Assuming that (7", .A) is consistent (otherwise no op,-repair
exists), we proceed as follows:

1. Like for deletion repairs, we compute the sets Suppg. We simplify OTlgppP, resp. quit if no repair can exist, checking
also whether Suppz- N.A#@ (as then Q;'. is entailed). More specifically, whenever U; UAUT E Qj: or Supp; NA#0,
e we drop (Ui, Qj) from D;, if i=1, and
e we quit, if i =2.

2. We then let S; =Supp} \ (AU Uj, Supp?,). Similar as in the proof of Theorem 36, the op0p-repairs are then of the form
A= AUH where H is a hitting set of the Sj, but we must ensure that (7, .A’) is consistent as 7 consists of new
assertions.

3. We choose a set H~ C Uj S;j of at most k negative assertions, which is a partial hitting set, and check that (7, AUH™)
is consistent. If yes, we remove S; if it intersects with ™ and remove otherwise from S; each positive assertion o
such that —« is entailed by (7, .AUH ™), and all negative assertions.

4. Then, for every hitting set H' of S}, the ABox A' = AUH-UHT is a Opop-Tepair. On the other hand, some ojp-repair
with few negative additions exists only if some choice for H~ succeeds.

The crucial point for the correctness of this method is that, if 7 has no disjointness axioms, by adding to .A U H~ positive
assertions H* we can not infer new negative assertions, unless inconsistency emerges; this is exploited in Step 3, which
limits the candidate space for positive hitting sets a priori.
We now show the correctness of the proposed algorithm formally. Suppose that given the Ontology Repair Problem
= (0, D1, D;) as an input to the algorithm from above, the ABox .4’ was produced as the output after execution of the
Steps 1-3. We prove that the ABox A’ is indeed a opop-repair for R, i.e. we prove that the conditions that a op,p-repair
needs to satisfy are indeed satisfied by A’.

(i) TUA U U} = Q} for all (U}, Q}) € Dy. Towards a contradiction, suppose that there is some (U1 Q ) € D1, such
that AU T U U}i 2 Q}i. We know that by construction, it either holds that (1) U}i U7 = Q}i, (2) .A n Suppji, ie.
AUT E Q}i; (3) H™ € A’ hits S, or (4) HT € A’ hits Sj,. For (1) and (2) we immediately get a contradiction. For
(3) it holds that H~ ﬂSuppl # (. Therefore, there is o € A’, such that {a} U U1 uUT E Q1

(i) TUA U U2 b Q/2 for all (Uz,, Q ) € Dy. To the contrary, assume that there ex1sts some j;, such that 7U A" U UJZ.; =

sz, There are several possibilities: (1) U2 uT = Q ; (2) there is « € A, such that {o} U U2 uT = Q ; (3) there
is & € %, such that {a¢} UT U U2 = Q (4) there is o € HT, such that {¢} UT U U2 = Q2 Observe that if (1)

or (2) were the case, then the algorlthm would terminate at Step 1, and no repair A’ would be in the output. For
the case (3) we have that H~ N Suppj_ # (). However, according to the Step 3 of our algorithm, it holds that H~ C

Uj(Supp}\(AU Uy Supp?,)), meaning that 2~ N Supp?{ = ¢4, which leads to a contradiction.

(iii) A’ 2 A || A7\ A|<k, i.e. there are at most k negative assertions in the ABox .A'.
Finally, we show that the number of negative assertions in A"\ A is indeed bounded by k. Towards a contradiction,
suppose that there are more then k negative assertions in A'\\A =H* UH ™. According to the Step 3 of our algorithm,
it holds that H~ contains at most k negative assertions. Therefore, the rest of the negative assertions must be in H*.
The set H* is constructed at Step 4 as a hitting set of sets S, which due to the Step 3 contain only positive assertions.
Therefore, there are no negative assertions in the set H*, moreover 7 U H™ U X~ infers only at most k negative
assertions, since 7 contains only positive inclusions and AU H™ U~ U T is guaranteed to be consistent at Step 3.

This shows that the output A’ is indeed a opep-repair for the R with at most k negative assertions. The case when few
positive assertions are allowed for addition is symmetric.
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Finally, we show that if a given R has oy, repairs, then after executing the Steps 1-3 some o}, repair is found, i.e.
A = AUHT UH™, such that |H~| <k. Assume towards a contradiction that this is not the case. We distinguish the cases
based on stages of the algorithm at which the computation could have terminated.

e Suppose that the computation terminated at (1). Then there is some (U2, Q]Z) € D5, such that either (i) U12~ uT Qf
or (ii) AN Supp? # @. If (i) holds then by monotonicity we have that for any A’ the condition (iii) of Definition 26 is
not satisfied, i.e. R does not have any solutions, which contradicts our assumption. If (ii) is the case, then there is some
o€ A, suchthat aUT = Qf. Again due to monotonicity, for any ABox A’ D A it is true that A" = Q]?. Thus all repairs
A’ for R are such that A’ 2 A. Therefore, no oy, repair exists for R, contradicting our assumption.

e Assume that we have reached (2), and constructed the sets S;. Suppose that the computation stopped at (2), i.e. no
hitting set H of S was found. This means that some j; exists, such that S;, = #. Therefore, by construction of S;, it
holds that Suppj, \ (AU U]-, Supp?/) ={. Since all (U}, Q}), such that Supp} N.A # ¢ were removed from D1 at (1), we
have that for all o € Supp}l, it holds that o € Suppf for some k. Hence, for all ABoxes A’ = AU« some (U? i Qk) €D

exists, such that (7, A') &= Q,f, meaning that R does not have any solutions, which leads to a contradiction.

e Suppose that the state (3) has been reached, i.e. some repair candidate A’ = AU H was identified at (2), where H
is a hitting set of Sj. At (3) we picked some set H~ and updated every S; by removing appropriate assertions from
§;. Computation could not have stopped at (3), therefore, we are guaranteed to reach (4). Assume that the algorithm
terminated at (4). Then it must be the case that no hitting set #* of updated S; has been found at (4); that is for
all choices of H~ at (3) some j; exists, such that S;; =¥ at (4). Consider some particular H~ C Uj S;j of at most k
assertions computed at (3), such that (7, AUH™) is consistent. We have that S;, N'H™ =¥ at (3), since otherwise Sj,
would have been removed and would have not been considered in the computation of a hitting set H* at (4). We have
that for all positive « € Sj;, the ontology (7, AU#H™ U {«a}) is inconsistent. As (U}l, Q}l) was not dropped at (1), we
have that (7, U}l U A) b Q}l. Therefore, it follows by Lemma 35 that no ope,-repair exists, such that |4~ \ A| <k,
leading to a contradiction.

We have shown that if R has solutions with at most k negative assertions, then some such solution will be found by our
algorithm. The argument can be accordingly adjusted to prove the statement for few positive assertions are allowed for
addition. O

Appendix C. Proofs for Section 4

Proof of Lemma 13. We prove each “if” direction of the statement separately.

o We first show that if I |=O d then I |=OEII DL[e; Q](F). Let I |=O d. That means that O U A (d) & Q (). By definition,
we have that A/(d) = {(P@)|p®) € landP W p € A} U {—-P(t)|p(t) € landPYp € 1}. Therefore, T U{Pp TP |PWpe
AU{P,E—=P|PUperAUAU{P, () € Ag| p() € I} EAI(d), ie. O} = 1!(d), and hence O} |= Q (£). Therefore, we get
that I =% DL[¢; Q](F).

° We now prove the opposite direction, i.e. if I I:Oclf DL[¢; Q](f) then I |:O d, where d = DL[A; Q](f). Let I I:ofi

€; Q](f). Then we have that 73 U AU {Pp(?) e Ay | p(?) e I} = Q(f). By construction of O}, A must be as fol-
lows Pyperiff P,EPe 7{1, PJp e A iff P, © =P € 74. Therefore, for all P’ € sig(AN (Ag\A)), we have that if
TaUAU(Py(®) | pt) €1} = P'(f') then T UAU Ad) = P'(F). As Q ¢ sig(Ag\A), we obtain that © U A/ (d) & Q (),
and hence I =9 d.

e The last implications, i.e. |:Or'1 DL[e; Q](f) iff I |:Or'1 Q (f) are immediate from the definition of a DL-atom’s satisfaction
by an interpretation. O

Propf of Theorem 54. (Soundness of RepAns) Let A’ be an output of RepAns. Towards a contradiction, suppose A’ ¢
rep!™ (IT). Then 1| ¢ AS(IT'), where IT' = (T, A’, P) and A’ is o-selected. Clearly, A’ is o-selected, since otherwise

(0,%)
A’ ¢ ORP(I, T1,0) and A’ is not in the output. As it holds that [ € AS(I1), it must hold that either I is not a compatible set
of IT" or it is not x-founded. If either of these cases is true, then the corresponding procedure CMP or XxFND returns false
and A’ is not in the output, which leads to contradiction.

(Completeness of RepAns) Let rep(g X)(l'l) be the set of all a-selected repairs for IT that turn Tl into an X-repair answer set.

Towards a contradiction, assume that there exists some A’ € rep(a x)(l'l) which is not an output of the algorithm RepAns.
Then either (1) A’ ¢ ORP(I, 1, 0); (2) CMP(1, (T, A’, P)) = false or (3) xFND(, (T, A, P)) = false. If (1) holds, then A is
not a solution of the ORP instance. Thus either (7, .4’) is unsatisfiable (contradiction to A’ € repzlﬁx)(ﬂ) by the definition
of repair) or the actual values of the DL-atoms do not coincide with the replacement atoms in IT (contradiction due to the
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failure of the compatibility check). Finally, if either (2) or (3) holds then we obtain a contradiction, since A’ € rep{l,“’x)(l'[)

implies 1| should be compatible and x-founded.
Soundness and Completeness of RepAnsSet follow immediately from the soundness and completeness of RepAns, respec-
tively, and Proposition 51. O

Proof of Theorem 55. (i) NP-completeness result for x = weak.

(Membership) Given a candidate interpretation [ = f|n for some 1 € AS(IT), we guess a repair A’ and then check whether I

satisfies all rules of the reduct P‘f‘;gk. Both the construction of the reduct P‘a;gk and the check whether I satisfies all rules

of Péﬁk is polynomial, from which the membership in NP is obtained.

(Hardness) To prove NP-hardness, we reduce 3SAT to deciding whether a given interpretation I obtained from answer set
Te AS(I1) is a weak repair answer set of IT as follows.

Let ¢ =Cq A --- A Cy be 3SAT instance, where each C;, 1 < j <m, is a disjunction of three atoms over the variables
X1, ..., Xn. From this we construct a DL-program IT= (7, A, P).

e As for the TBox T, we introduce concept names X; and X;, for each variable x; occurring in ¢. Moreover, we introduce
a concept name C; for each clause C; in ¢. Then 7 contains the following axioms:
- X;E C; iff x; is a disjunct in Cj;
- X C Cj iff —x; is a disjunct in Cj; )
- X;j E—=X; and X; C —X; for all pairs Xj, Xj;

e the ABox is .A ={D(b)}, where D and b are a fresh concept and a fresh constant respectively.

e As for P, we introduce fresh ground atoms p;(b) (resp. pij(b)) for each x; occurring positively (resp. negatively) in ¢.
The rules of P are as follows:

(1) L « DL[; DI(b);

(2) L <= notDL[; C;1(b), 1=<j=<m;
P=1(3) L<«<notDL[rj; =C;lI(b), 1=<j<m

(4) pi(b). | pioccursinAj,1<i<n,1<j<m;

(5) pi(b), | pioccursinij,1<i<n,1<j<m

where for each x;, we have that X; W p; (resp. X; W p;) occurs in Aj if —x; (resp. x;) is a disjunct in C; of ¢. In addition,
P contains the facts p;(b) (resp. p;(b)) iff x; (resp. X;) occurs in some A ;.
o | consists of the atoms that occur as facts in P.

For illustration, let ¢ =x1 V =Xz V x3 with n =3 and m = 1. Then the DL-program IT = (7 U A, P) is such that 7 =
{X1EC1; X2EC1; X3ECq}, A={D(b)} and

1 <« DL[; D](b);

1 < not DL[; C1](b);

L < not DL[X1 W p1, X2 W p2, X3 W p3; =C1](b);
p1(b); p2(b); p3(b)

The interpretation I contains the facts of P, i.e.  ={p1(b), p2(b), p3(b)}. Note that | = ?ln for some answer set | of IT. The
assignment v(¢) such that v(x;) = v(x2) = true, and v(x3) = false satisfies of ¢; according to our construction, from v(¢)
the repair A’ = {X1(b), X2(b), X3(b)} of I is obtained.

Note that for every Il constructed, all answer sets of I1 coincide on the predicates of II, i.e., Tln = ]In for every
1,7 e AS(TD).

We claim that ¢ is satisfiable iff I € RAS,eq(I1), i.e. there exists an ABox A’ such that I is a weak answer set of
' =(T,A,P).

(=) Suppose that ¢ is satisfiable and v(¢) is a satisfying assignment. From this we construct a repair ABox .A’, such
that X;(b) € A’ (resp. X;(b) € A’), if x; is true (resp. false) under the assignment v(¢).

Now we show that I is a weak answer set of IT" = (7, A’, P), and thus a weak repair answer set of IT. Observe that the
body of the rule (1) is not satisfied, as D(b) ¢ A’. Furthermore, the DL-atoms DL[; C1](b), ..., DL[; C1(b) evaluate to true
under O" = (T, A'), since O = Cj(b) for all 1 < j <m by construction. Moreover, each dj = DL[Aj; —=C;](b) evaluates to
true under I, because the ontology O U )J(dj) is unsatisfiable (by construction X;(b) € A’ or X;(b) € A’ for some X; C Cj
resp. X; = C j), and thus each —Cj(b) is trivially entailed. Therefore, none of the constraints of P is present in the program

re;duct P‘{;gk. The reduct Piv’eoak contains only facts of the program, from which we get that I is a weak repair answer set
of II.
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(<) Let I be a weak repair answer set of IT and let A’ be its respective repair. Then all DL-atoms of [T apart from
DL[; D](b) are true. This means that for all C; it holds that O’ = Cj(b). The ontology O’ = (T, A') is satisfiable, therefore
Xj(b) and X;(b) simultaneously can not be in A’. Therefore, either

(i) Cj(b) e A or
(ii) X(b) € A’, such that XE C; isin T.

If (i) was true, then the bodies of the constraints (4) would be satisfied, which contradicts I being a repair answer set. Thus,
it holds that some X(b) € A’ such that X C Cj € 7. Hence, from the repair ABox A’ a satisfying assignment v(¢) can be
constructed as follows: v(¢) such that v(x;) = true (resp. v(a;) = false) if X;(b) € A’ (resp. X;(b) € A’). The assignment v(¢)
witnesses satisfiability of ¢.

(ii) 25-completeness result for x = flp.

(Membership) We can guess a repair A’ and then check whether I is an flp-repair answer set of I1' = (O’, P), where
= (T, A’). Constructing the reduct ’Pflh’g(9 is polynomial, as we only need to pick those rules of IT whose body is satisfied

by I, and all DL-atoms can be evaluated in polynomial time. As shown in the proof of Theorem 18 the check (i) is polynomial
and the check (ii) is in co-NP, from which membership in 25 follows.

(Hardness) The hardness is shown by the construction in the proof of Theorem 18 (iii). We set I = {w(a), y1(a), ..., ym(@)}
and consider deciding whether I € RAS(IT), i.e. whether some ABox A’ exists such that I eAS(l‘I ), where l'I/ ('T A'P).
Note that every answer set of iyl resp. repair answer set of IT must contain w(a), and that [ = I|1-[ for some ] € AS(l'I) and
nﬂp ={(5), (6)} for every @' =T U A’. Furthermore, 1| = ]| for every answer sets I, ] € AS(IT).

Due to (1)-(3), a repair A’ must be a maximal consistent subset of {Xj(a), —=X;j(a) | 1<i<n} and thus encode a truth

assignment v to xq,...,X,. Now I € RASf,(IT) implies that some A’ exists s.t. by minimality of I, for each I’ C I\{w(a)}
some index k exists such that all f(,), f(k,), f(;) are true, hence y; is true; therefore, ¢ is true. Conversely, every
assignment v to X1, ..., X, witnessing that ¢ is true induces some maximal consistent subset A’ C {Xj(a), —=X;(a) | 1<i<n)}.

By a slight adaptation of the argument in the proof of Theorem 18, it can be shown that A’ € repj(,p(l'l); this proves
25 -hardness under the asserted restriction. O

Proof of Proposition 61. (=) Suppose d = DL[A; Q1) evaluates w.r.t. O and I to true, ie., Al(d)UO E Q(f). Towards a
contradiction, assume no S € Supp» (d) is coherent with I. There are two cases:

(1) Al(d) U © is consistent. Proposition 5 implies that an assertion o € A!(d) U .4 must exist such that 7 U {a} = Q (t).
If @ € A then Suppn(d) contains {a} by (i) of Proposition 58, which trivially is coherent with I and thus contradicts the
assumption. If & € A!(d), then « is an input assertion for d. For cg € Ay, we then obtain that {ag} € Supp(d) according to
(i) of Proposition 58, again a contradiction due to coherence with I.

(2) M (d) U O is inconsistent. From Proposition 5 and consistency of ©, it follows that some § € A!(d) exists such that
either (a) 7 U {8} is inconsistent, or (b) some ¥ € AU A/(d) exists such that 7 U {8, ¥} is inconsistent. In case a), we obtain
{84} € Suppn (d), for the corresponding input assertion §g € Ag4. by (i) of Proposition 58; this is a contradiction, as {54}
is coherent with I. In case b), we similarly conclude that either {34, ¥} € Supp»(d) or {84, va} € Supp»(d), depending on
whether y e A!(d), according to (ii) of Proposition 58. Again this is a support set coherent with I, contradiction.

(<) Suppose some S € Supp(d) is coherent with I. Assume towards a contradiction that [ b&O d. Again we consider
two cases:

(n 771 U S is consistent. Then, 73 U S = Q (¢) by item (i) of Proposition 58. Since S is coherent with I, we conclude that
O’ = Q (f) which implies | =9d by Proposition 13. Contradiction.

(2) 74 U S is inconsistent. Then, due to coherence with I, so is (’)(’j. and trivially (’)"j = Q(f); again we arrive at a

contradiction by concluding that I =9 d from Proposition 13. O

Proof of Proposition 63. By Proposition 58 there are two possibilities: either (i) S is unary or (ii) it is binary. In case of (i)
we have that S is either a concept or a role assertion, and therefore, it involves at most two constants. For the case (ii) it
holds that S U 7; is inconsistent. Hence S represents a binary conflict set. It has been shown in [55] that S can be a binary
conflict set only due to one of the following reasons:

e T ECC—D, and S ={C(a), D(a)}, in which case S involves only 1 constant;

e T =RC =R/, and S ={R(a,b), R'(a, b)}, thus S involves at most 2 constants;

e TECC—3R or CCE—3R™, and S ={C(a), R(a, b)} resp. S={C(a), R(b,a)}, i.e. S involves at most 2 constants;

e TEIRC —=C or 3R~ C —C, and S = {R(a, b), C(a)} resp. S = {R(b,a), C(a)}, in which case S involves 2 constants
maximum;

e 7 =3IRC —3R’, and S = {R(a, b), R'(a, ¢)}, thus there are 3 constants occurring in S (similarly for the cases 7 =3R~ C
—=3R’",T=3IRC—-3IR"™, T =3R- C—3IR"");
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e funct(R) e T, and S ={R(a,b), R(a, c)} with b # ¢, in which case again at most 3 constants appear in S (the case when
funct(R™) € T is analogous).

As we have considered all possibilities for binary conflict sets, the statement is proved. O

Proof of Proposition 71. Assume that [ is an answer set of IT = (O, P), where @ = (T, A) and that | is a compatible
set for IT"' = (O’, P) where O’ = (T, A’) and A’ O A. Towards contradiction, suppose I is not an answer set of I1. Hence,
I =1/ is not a minimal model of H/;l’po =(T, A, Pf',bo). That is, some I’ C I exists such that I’ =€’ 73;,“30. We then obtain
that also I’ =9 Pfllijo; this contradicts I € AS(IT). Indeed, suppose that I’ p=© P;,I’JO. Then some rule r € Pfl,l’)o of form (1)
is violated wrt. I’ and O, i, (i) I' =© b; for each 1 <i <k, (ii) I’ © b; for each k < j <m, and (iii) I =© ay for each
1 < h < n. By monotonicity of I = a w.r.t. I and O, we conclude I’ |:O/ bi, I b&O/ bj (as Tisa compatible set for both IT
and f[’), and I p£© bj, and I’ V:O/ ap. But then I’ b&o/ Pflzi,o- which is a contradiction. Hence, I’ does not exist and I is an
answer set of IT". O

Proof of Theorem 72. A R R
(Soundness) Suppose SupRAnsSet outputs I = I|;;. We can get to (h) only if I is an answer set of IT; furthermore, by setting

S’g, to Gr(S, 1, A) in (b) and by the further modifications, it is ensured at (h) that each DL-atom a € Dp has some coherent

support set that matches with A’ (ie., Gr(S, 1, A)(a) # %), while no DL-atom a’ € D, has such a support set. Thus from
Proposition 61, it follows that I is a compatible set for IT" = (7 U A’, P); hence I = IT'. Furthermore, as fIpFND(I, 7 U A’, P)

succeeds, I is a minimal model of H/}l’po. Hence I is an answer set of I/, and thus a deletion repair answer set of IT.

(Completeness) Suppose I is a deletion repair answer set. That is, for some A’ C A, we have that I is an answer set of
I = (7T U A, P). This implies Proposition 50 that I is an answer set of IT and thus will be considered in (b), with D, and

Dy, reflecting the (correct) guess for [ |:O’ a for each DL-atom a, where O’ =T U A’. From Proposition 61 and con}pleteness
of S, we obtain that each a € D, has Gr(S, i,A’)(a) # () and each a € D, has Gr(S, f,A/)(a) = {). The initial Sér is such

that Gr(S, 1, AN (a) C Sigr =Gr(S, 1, A)(a) holds for each DL-atom a; in further steps, the algorithm removes all support sets
SeGr, 1, Aa) forae D, from Sigr(a) such that such that SNS' N A ¢ for some support set S’ € Gr(S, I, A)(a’) and

a’ € Dy, and removes all assertions in S’ N A from A. Importantly no removed S is in Gr(S, 1, A’)(a), since by the assertion
that 7 U A is consistent, |S"N.A| =1 must hold. Thus step (g) will be reached, and the variable A’ is assigned an ABox A"
such that A’ € A” C A. Since I is a compatible set for 1" = (7 U A", P) and I is an answer set of IT’, by Proposition 71 I

is also an answer set of I1”, and thus I is a minimal model of H//;,'po =(TUA", Pfllbo). Hence, the test ﬂpFND(i, TUA,P)

in step (h) (where A’ has value .A") succeeds, and Iy, i.e, I is output. O
Appendix D. Proofs for Section 5

Proof (sketch) of Proposition 73. For DL-Lite 4 ontologies classification can be modeled declaratively as a reachability prob-
lem, what is exactly reflected in the rules (1), (2) and (3). The conflict sets in turn are found by means of the rules (4)-(7)
and analysis of functional roles. As a result the program Progy, — computes all concept and role inclusions that follow from
the TBox as well as all unary and binary conflict sets (whose construction is sound and complete based on the results in
[74]). All support sets of type (i) of Proposition 58 are extracted from subsumptions and unary conflict sets, while the sup-
port sets of type (ii) correspond to binary conflict sets. As according to Proposition 58 there are no other types of support
sets from the model M, of Progr, ., a complete support family for a given DL-atom can be extracted. O

lass lass

Proof of Proposition 75. We separately prove AS(fTU Msupp U facts(A))Im S RASyeqr(IT) and AS(fTU Msupp U facts(A))In 2
RAS yeqi (T1), i.e., correctness and completeness of the provided implementation.

(C) Assume towards a contradiction that AS(ITU Hupp U facts(A))|Im € RASweak(I1). Then there exists an element I €
AS(fTU Msypp U facts(A)), such that I|i; & RASyeqk(IT). This means that for all A’ C A4, it holds that I| ¢ ASyeqr(IT) with
" =(T, A’, P). Consider the ABox A" = {P(C) | pp(C) € I|factsa). Pr(€) ¢ 1},’° which is a particular subset of .A. We have
that I|rp ¢ ASwear(T1”) with T1” = (7, A”, P). Thus one of the following must be true: (i) no extension of I|;; with guessed
values of replacement atoms is a model of I1”, (i) no model of I1” is a compatible set for T1” or (iii) there exists I’ C I|f,

which is a model of P!Im©"
weak

The case (i) is irrelevant, as I|; satisfies all rules of IT due to I € AS(ITU Igypp U facts(A)) and I1” = I1. We next show

that (ii) can not hold by deriving a contradiction. Indeed, assume that (ii) holds, then as I|4 is a model of f1, it is not a
compatible set for I1. Therefore there exists a DL-atom @; in I1”, such that its real value is different from the guessed value

20 pp corresponds to the respective S.
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in I|p. Suppose first that I|n = a;, but neg, € I|g. By Proposition 61 there must exist a support set S € S;, such that S is
coherent with I|y and its ABox part S is in A”. If SA is nonempty, then due to the rule of the form (r4) of Mgypp we
get that S must be in I, but then S 4 is not present in A”. Therefore, SA must be empty, i.e. S must contain only input
assertions. However, then the body of the constraint (rp) of Iy is satisfied, contradicting I e AS(ITU Msypp U facts(A)).

In conclusion, this shows that (ii) does not hold, and in particular that I|y is a compatible set for IT.

Finally, the last possibility is that (iii) holds, meaning that there is an interpretation I’ C I|;; which is a model of PQEH’,?N

The interpretations I|;; and I’ differ on the set M = I|;\I’, containing only ground atoms from the language of II. Let us
now look at the interpretation I” = I\M. We know that I is an answer set of ITU Iy, U facts(A), ie. it is a minimal
model of f["gl U l'[supp’g, U facts(A). Therefore, there must exist some rule ré, either in (1) f[’g, or in (2) Hsupp'gl, which 1”7
does not satisfy, i.e. I” = B(r!'gl) and I” [~ H(ri,l).

Assume that (1) holds. Then the rule rfg, must involve some replacement atoms e, occurring positively. Otherwise I’ [~ rZ’g,,
”l‘[,o” ”1‘[,0”
weak weak
we know that I|y is a compatible set. Therefore, r is the rule rél without replacement atoms in its body; but then
I' = rf,v?ak and hence I’ is not a model of ’Paﬂa‘ko

Now assume that (2) holds, i.e. there is a rule r’gl € l'lsupp"glv such that I” = B(r‘;,), but I” j~ H(rél). The rule ré, can not be

, we have that I’ is not a model of P,

1O
weak

and since this rule is also in P, , leading to a contradiction. Furthermore,

a constraint of the forms rq, r, since then I > I” is not an answer set of fu Msupp U facts(A), leading to a contradiction.
Therefore, r must be of the form r3 or r4. However, the latter is not possible either, since the set of atoms M on which
I and [” differ contains only atoms from the signature of I1, and H (rfgI) does not fall into this set, meaning that I } r;,.
which contradicts to I € AS(TT U facts(A) U Msupp).

(2) Suppose that I € RASyeq(IT), but there is no I’ 2 I, such that I’ € AS(T U Msupp U facts(A)). By definition of repair
answer sets, some A’ C A exists, such that I € ASeq(I1"), where IT" = (T, A’, P). We construct the interpretation I’ by
extending I with

{eq | 1 |=o/ a}Uf{neq | 1 #O’ a}, i.e. facts stating the values of the replacement atoms under I and A’;
facts(A);

{Pp(©) | P(©) € A\A'Y;

Supg, (¢) encoding information about support sets of a;(¢) coherent with I.

We now show that I’ is an answer set of ITU [Msypp U facts(A), ie. it is a minimal model of (MU facts(A) U l'[supp)gl.
Assume towards a contradiction that this is not the case. Then either (i) I’ does not satisfy some rules of the reduct, or
(ii) some smaller model of the reduct exist.

First consider (i). I’ immediately satisfies all facts as well as all rules in ﬁgl. This means that there must be some rule
rg, in Hsuppg, that is not satisfied, i.e. I’ = B(rg,), but I’ j= H(rgl). By construction of I’ and Proposition 61, if e, € I’ (resp.
neq € I') then Supg € I’ (resp. Sup, ¢ I'), therefore r can not be of the form (r1) or (r2). Suppose that r is of the form (r3).
We have that some DL-atom a has a support set whose ABox part is in A’ or empty. Then by construction of I’ the head
of the rule rgl has to be satisfied. Therefore, the rule r must be of the form (r4). Then I b&o/ a for some DL-atom a, such
that there is a support set for a which is coherent with I and its ABox part is either empty or present in .A. In both cases
by Proposition 61 we get that I |:O/ a, which leads to a contradiction.

Let us now look at (ii), i.e. some interpretation I” C I’ exists such that I” = (ITU Msypp U facts(A))gI. Note that I” and
I’ can not differ only on replacement atoms, since for each DL-atom g, either e, or ne, must be in I”. As I’ already contains
the corresponding replacement atoms, removal of any such atom will violate the satisfaction of some guessing rule e, v ne,
in I:[gl. Suppose that I”\I’ contains some atoms from IT. Consider I”|r, which is a subset of I. Observe that I”|; can not

U / ’
be a model of P\ﬂ;gk, because I D I”| is its minimal model. Therefore, some rule ri;f?ak must exist in the reduct Péﬁk

which is not satisfied by I”|f, i.e. I”|n &= B(rIV;SJL) but I”|q & H(ri;ﬁ;). By construction of the weak reduct this rule does

not contain any DL-atoms. Let us look at the corresponding rule in the reduct fl’g/;. The rule rg,/ either does not contain
any replacement atoms or contains only positive atoms e, such that e; € I” (by construction of the GL-reduct). Therefore
"= B(rg,), but I” j& H(ri,’,), contradicting 1’ = ﬁ’g’l.

Suppose that the interpretations I’ and I” differ only on the facts over predicates in ITspp. We know that the rule rfg/l,
where r is of the form (r;) is not present in Hsuppgl, moreover, " = r/fg’l for r’ of the form (r). If the difference I’\I” contains
Supg, then it must contain some atoms from r(Sy) too. Moreover, these atoms must be related to the ABox facts, which are

present in I’. This, however, means that some fact in facts(A) is not satisfied, contradicting I” = (1 U Msyupp U facts(A))gl.
Finally, I” \ I’ can not contain elements 554, as then the rule rgl for r of the form (r4) is not satisfied by I”. O
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