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ABSTRACT. Description logics (DLs) are a class of knowledge representation languages.
However, DLs cannot well model a great deal of real-world problems because of the restric-
tion of represented formalism. To address this problem, we further extend DLs such that
they can deal with uncertain, incomplete, inconsistent information and non monotonic
reasoning at the same time. We propose tightly coupled possibilistic description logic pro-
grams (or simply possibilistic dl-program) under the possibilistic answer set semantics,
which are a tight integration of disjunctive logic programs, possibilistic logics and possi-
bilistic description logics. To our knowledge, this is the first such approach. First of all,
we define the syntax and semantics of possibilistic dl-program. Then, we present some
possibilistic inferences. Moreover, we show some semantic properties of possibilistic dl-
program. Finally, we provide two algorithms to compute the consistency degree.
Keywords: Description logics, Possibilistic logics, Possibilistic description logics, An-
swer set semantic, Disjucntive logic programs

1. Introduction. Description logics are a class of knowledge representation languages,
and can model an application domain of interest by a structured and formally well-
understood way [1,2]. Unfortunately, a great deal of real-world problems cannot be mod-
elled by DLs, because crisp DLs cannot model uncertain, incomplete and inconsistent
information, and cannot deal with non monotonic reasoning. Possibilistic logic can rep-
resent and reason on uncertain, incomplete and inconsistent knowledge [3]. Moreover,
answer set programming is an efficient method to deal with non monotonic reasoning [4].

On the one hand, many researchers have focused their study on possibilistic description
logics in recent years [5]. Hollunder introduced uncertainty in terminological logics using
possibilistic logics, which is the first method for possibilistic description logics [6]. Subse-
quently, Dubois et al. proposed a new possibilistic description logic [7]. Moreover, Qi et
al. proposed possibilistic description logics, which are an extension of description logics
with possibilistic logics [8]. Moreover, Lesot et al. proposed a new algorithm to compute
the inconsistency degree of a possibilistic DL knowledge base [9].

On the other hand, the integration DLs and answer set programming has become
a central topic in recent years. Eiter et al. proposed description logic programs [10].
Subsequently, Shen et al. proposed well-justified FLP answer set for description logic
programs [11]. Motik and Rosati presented a hybrid formalism of MKNF knowledge bases
[12]. Moreover, Lukasiewicz proposed description logic program that combined fuzzy
description logics and fuzzy disjunctive logic programs [13]. Zou et al. proposed rough
description logic programs under the answer set semantics, which can model vagueness
information, and can deal with non monotonic reasoning at the same time [14].

However, the above possibilistic description logics and description logic programs can-
not deal with uncertain, incomplete, inconsistent information and non monotonic rea-
soning at the same time. Therefore, this paper aims to further extend description logic
programs such that they can model uncertain, incomplete and inconsistent information.

117



118 T. ZOU AND A. DENG

In this paper, we propose tightly coupled possibilistic description logic programs under
the possibilistic answer set semantics. To our knowledge, this is the first such approach.
In this paper, we firstly define the syntax, semantics and possibilistic inferences. Then,
we show some semantic properties. Finally, we give two algorithms to compute the con-
sistency degree.

2. Possibilistic Description Logic Programs. Let & be a function-free first-order
vocabulary with nonempty finite sets of constant symbols &+ and predicate symbols ®p,
®. C Ip UIp. Let X be a set of variables. A term is either a variable from X or a
constant symbol from ®+. An atom is an expression of the form h(ty,...,t,), where h is
a predicate symbol of arity n > 0 from ®p, and t¢4,...,t, are terms. We use M to denote
a set of atoms. A literal [ is an atom a or a negated atom not a, where a € M.

Definition 2.1. A possibilistic atom is p = (a,9), a € M, 6 € (0,1]. Moreover, we define
the classical projection * and the necessity degree of p as follows: p* = a, p* = 6.

Definition 2.2. A possibilistic disjunctive rule (or simply possibilistic rule) r is
r=(aV---Vag b A~ ANbAnot b1 A--- Anot by,J), (1)

where k > 0,1 >0, k+1>0, {ay, - ,ax,by,-- b, bii1, - b} S M, and § € (0,1].
Moreover, the classical projection * and the necessity degree of r is defined as follows:

F=a1V-o-Vag—b A AbyAnotbgi A---Anotb,, 1¢=04. (2)

Let PM be a set of possibilistic atoms in which every atom a occurs at most one time
in PM, that is to say, Va € M, |{(a,0) € PM}| <1, € (0,1]. In general, we can write
r as a form of (A «— B* Anot B™,0), where A=a;V---Vag, B =b A---Ab, and
BT =b 1 A+ Aby.

Definition 2.3. A possibilistic disjunctive logic program (possibilistic program) P is a
finite set of possibilistic rules. Let P* = {r*|r € P}, and then P is normal possibilistic
program iff k =1 for all rules in P*; P is a positive possibilistic program iff n =1 for all
rules in P*.

Definition 2.4. A possibilistic description logic program (for short, possibilistic dl-progr-
am) KB = (L, P) includes a possibilistic description logic knowledge base L and a possi-
bilistic program P. Moreover, KB is a normal possibilistic dl-program iff P is a normal
possibilistic program. KB is a positive possibilistic dl-program iff P is a positive possi-
bilistic program.

Now, we define the semantics of possibilistic dl-program under the possibilistic answer
set semantics. A term is ground iff it includes only constant symbols from ®s. An atom

h(ti, ..., t,) is ground iff all terms t4,...,t, are ground. We use PossG(P) to denote all
possibilistic ground programs of a possibilistic program P.

Definition 2.5. A possibilistic atom p = (a,d) is a possibilistic ground atom iff the atom
a 1s ground. r is possibilistic ground rule iff all atoms of v are possibilistic ground atoms.

Definition 2.6. A possibilistic ground instance of r is a possibilistic ground rule v’ =

(a4V---Vaj, — by A AW Anot b A+ Anot b, 0), where, af, -+ ,a}, by, ,b], b,
-+, bl are obtained by substituting constant symbol from ®¢ for every variable appearing
M ay, -, ag, by, by, by, -, by respectively. A possibilistic ground program of a

possibilistic program P is a set of all possibilistic ground instances of possibilistic rules in
P.

Definition 2.7. The possibilistic Herbrand base relative to ®, written as PHBg, is a
set of all possibilistic ground atom {pi,pa,...,pu}, for every possibilistic ground atom
pi = (hi(t1iy .- tni), ), i = 1,2,...,u, h; is a predicate symbol of arity n > 0 from ®p,
and ty;, . . ., tp; are constant symbols from ®¢, and § € (0,1].
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Definition 2.8. A possibilistic interpretation I = {p},ph,...,p.} relative to possibilistic
dl-program KB = (L, P) is a subset of PHBsg.

Definition 2.9. Let I be a possibilistic interpretation relative to KB = (L, P). Then
I is a possibilistic model of a possibilistic ground atom p = (a,d), denoted I|— (a,d),
if and only if (a,0) € I or there exists a possibilistic ground atom (a,0’) € I such that
§ < &. I is a possibilistic model of a possibilistic ground rule r, denoted by I |—r, if
and only if, I'|— (a, min{0, B1,...,5}) for some a € H(r*), if I |— (bi, 5;), bi € BT(r*),
Gi € (0,1], i=1,2,...,1, and I ¥ (b;,53;), b € B~(r*), 5; € (0,1],j =1+ 1,1+ 2,...,n.
I s a possibilistic model of a possibilistic program P, denoted by I E P, if and only if
I'|—r for all r € PossG(P).

Definition 2.10. Let I be a possibilistic interpretation relative to KB = (L, P). Then
I is a possibilistic model of L, denoted I E L, if and only if there exists a possibilistic
distribution m for knowledge base L U I such that 7= LU I.

Definition 2.11. Let I be a possibilistic interpretation relative to KB = (L, P). Then I
1s a possibilistic model of KB, denoted I £ KB, if and only if [ E L and I E P.

There may be many possibilistic models for KB = (L, P). Let I, I be two possibilistic
models of KB, then I} m Iy = {(a, min{0,9'})|(a,d) € I, (a,d') € I}, and I; € I, if and
only if IT C I3, or I{ = I; and for any a € I}, if (a,6) € I; and (a,0’) € I, then 6 < ¢'.

Definition 2.12. Let I be a possibilistic model of KB. Then I is a least possibilistic model
of KB, if and only if there does not exist a possibilistic model I' of KB, such that I' € I.

Definition 2.13. A possibilistic reduction for P is defined as follows:

Ppue = {(A— B*, §)|[r = (A — B* Anot B~, §) € P,B-NPM* =), B* C PM*}.

(3)
Moreover, a possibilistic reduction for KB = (L, P) is KBpy+ = (L, Ppp+).

Definition 2.14. Let I be a possibilistic interpretation relative to KB = (L, P). Then
I is a possibilistic answer set of KB if and only if I is a least possibilistic model of
KB = (L, Pp+).

Let KB* = (L*, P*) be the classical dl-program associated with KB = (L, P), where
L* ={¢|(¢,0) € L}, P* = {r*|r € P}. KB is consistent if and only if K'B* is consistent.

Definition 2.15. The strict a-cut of L is L~ = {(¢,3) € L|5 > a}, and the strict a-cut
of P is P>, = {r € Pln(r) > a}. The strict a-cut of KB is KBsq = (Lsa, P~a), o €
(0,1].

Definition 2.16. The consistency degree of a possibilistic dl-program KB is

0, if KB* is consistent

Consdegree( K B) = { min{a|K Bs,, is consistent}, otherwise

(4)
Definition 2.17. A possibilistic atom (a,0) is called credutions possibilistic consequence
of a possibilistic positive dl-program KB, denoted by KB E. (a,9), if and only if, there
exists a possibilistic answer set I of KB such that I |— (a,0).

Definition 2.18. A possibilistic atom (a,d) is called skeptical possibilistic consequence
of a possibilistic positive dl-program KB, denoted by KB F, (a,9), if and only if, for all
possibilistic answer set Iy, Is, ..., L, of KB such that L M Iosm ... @A L, |— (a,d).
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3. Semantic Properties. In this section, we present some semantic properties.

Theorem 3.1. Let KB = (L, P) be a possibilistic dl-program, and I be any possibilistic
answer set of KB. Then I is a least possibilistic model of KB.

Proof: I is a least possibilistic model of KB« = (L, P;+). So, I E L and [ E Py-.
Thus, [ £ L and I |— r for all r € PossG(Pr+). So I|— r for all r € PossG(P), I E L and
I = P. Thus, I is a possibilistic model of K'B. Suppose that there exists a possibilistic
model J of KB such that J € [ and J # I. Then J F L and I |— r for all r € PossG(P).
So J |— r for all r € PossG(Pp+). Thus, J is also a possibilistic model of K By«. However,
this is a contradiction that I is a least possibilistic model of K By+. As a result, I is a
least possibilistic model of K B.

Theorem 3.2. Let KB = (L, P) be a positive possibilistic dl-program. I is a possibilistic
answer set of KB if and only if I is a least possibilistic model of KB.

Theorem 3.3. Let KB = (L, P) be a possibilistic dl-program, and L = (). Then I is a
possibilistic answer set of KB if and only if I is a possibilistic answer set of P.

Proof: It is known that [ is a possibilistic answer set of K B iff I is a least possibilistic
model of KBy« = (L, P+). So, I is a possibilistic model of KBy, iff I E L, and I |—r
for r € PossG(Pr+). Because L = (), then I is a possibilistic model of K By, iff I |— r for
r € PossG(Py+) iff I is a possibilistic model of Pj«. Thus, I is a least possibilistic model
of KBy« iff I is a least possibilistic model of Py-.

Theorem 3.4. Let (a,0) be a possibilistic ground atom of PHBg. Then for all possi-
bilistic answer set I of a positive possibilistic dl-program KB = (L, P), I |— (a,d) if and
only if for all possibilistic distribution © such that m £ L U PossG(P), 7 E (a,0).

Proof: It is known that the set of all possibilistic answer set of K B is equivalent to the
set of all least possibilistic model of K B. Thus, for (a,d) € PH B, for all least possibilistic
model of KB, I'|— (a,d) iff for all possibilistic model of KB, J|— (a,d). (=) Suppose
that for all possibilistic model J of KB, J |— (a, ). Let m be any possibilistic distribution
such that 7 £ L U PossG(P). Now, we define a possibilistic interpretation I’ C PH Bg
such that I' |— (b, 8) iff 7 E (b,3). Let L' = LU I, then I’ is a possibilistic model of L.
Because 7 F PossG(P), then w F r for r € PossG(P). Thus, I'|— r for r € PossG(P).
So, I' is also a possibilistic model of P. Therefore, I’ is a possibilistic model of K B.
According to I' |- (a,d). So, 7 E (a,0). (<) Suppose that for all possibilistic distribution
7 such that m# F L U PossG(P), m E (a,d). Let I C PHBg be any possibilistic model
of KB. So, [ E L, and I |— r for all » € PossG(P). Thus, there exists a possibilistic 7’
such that 7’ E LUI. So, #' E L, #’ E I. Moreover, 7’ E r for all r € PossG(P), thus
7' E PossG(P). So, n' E LU PossG(P). According to " F (a,?), thus, (a,0) € I, or
there exists a possibilistic ground atom (a, ") € I, such that ¢’ < 4. So, I'|— (a,?).

Theorem 3.5. Let KB = (L, P) be a positive possibilistic dl-program, and (a,d) be a
possibilistic ground atom of PHBg, and P = 0. Then for all possibilistic answer set I of
KB, I|— (a,0) iff for all possibilistic distribution = such that T E L, 7 F (a,?).

4. Computing Consistency Degree. In this section, we first propose an algorithm
to compute the consistency degree of a possibilistic dl-program in Figure 1. Let KB =
(L, P) be a possibilistic dl-program, where L = {(¢;,5;)|3; € (0,1], i = 1,2,...,n},
P ={ry,re,....1m}, @« > Consdegree(KB). Then, L., is consistent, but it does not
ensure that P., is necessarily consistent. Therefore, we improve the Algorithm 1, and
present a new Algorithm 2 in Figure 2.

Theorem 4.1. Let KB = (L, P) be a possibilistic dl-program, Con is the result computed
by Algorithm 1. Then Con is the consistency degree of KB.
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Algorithm 1
Input: A possibilistic dl-program AB=7, B, where L={4,8)8 ©1,i=12,.,n} ,
P={r,r,...1,}.
Output: The consistency degree of KB.
Begin
If L is consistent and P is consistent, then return 0.0;
0= Ase(f o B un()en(r, )t u=li v=IQL:
While (u<v) do
Con=Q():
If L, isconsistent and P, is consistent, then return Con;
Else u=u+1;
Con= Q) return Con:

End

FiGUure 1. Algorithm 1

Algorithm 2
Input: A possibilistic dl-program KB=(I, P, where L={(¢,5)|5 €(0,1,i=12,. .1},

P={nn,..n}.
Output: The consistency degree of KB.
Begin

If L isconsistent and P is consistent, then return 0.0:
Q=A4se(B,...5,): u=L v=1Q|: Con=0;
While (x <v) do
I:((u—k—v)/fl; a=0(0;
If L isconsistent, then
Ifuv=1, then Con=Q(v), skip; Else v=t;
Else u=t:
If (Con==0), then Con= Q();
Q'=Adse(B,....[5,): u=l; v 0'|:
While (Q'(u) <Con), do  u=u+1;
While (« <v) do
Con=Q(u);

If P, is consistent, then return Con; Else u=u+1;

Con= Q(u); return Con;
End

F1GURE 2. Algorithm 2

Proof: According to Algorithm 1, C'on is returned at two cases, in the while loop and
outside of the while loop. With respect to the first case, L~coy, is consistent and Pscop
is consistent. It is easy to know that Con is just the consistency degree of KB, i.e.,
Con = Consdegree(K B). Considering the second case, u = v, Con = Q(u) = Q(v),
Locon =0, Pocon = 0. So, Lscon is consistent and Ps ¢y, is consistent, and thus Con is
the consistency degree of K B. In a word, Con is the consistency degree of K B.

Theorem 4.2. Let KB = (L, P) be a possibilistic dl-program, Con is the result computed
by Algorithm 2. Then Con is the consistency degree of KB.

Proof: The proof is similar to proof of Theorem 4.1.

5. Conclusions. We have proposed tightly coupled possibilistic description logic pro-
grams under the possibilistic answer set semantics. Firstly, we provide the syntax, se-
mantics and possibilistic inferences of possibilistic dl-program. Secondly, we show that
the possibilistic answer set of possibilistic dl-program has a close relation with the least
model, and the possibilistic dl-program faithfully extends both possibilistic disjunctive
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logic program and possibilistic description logic. Finally, we present two algorithms com-
puting the consistency degree of a possibilistic dl-program, and prove the correctness of
the algorithms. In a word, possibilistic dl-program can well represent and reason a great
deal of real-word problems. Two interesting topics of future research are implementation
of the presented approach and extension of possibilistic dl-programs by a new semantics.
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