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Abstract. Possibilistic logic provides a convenient tool for dealing with
inconsistency and handling uncertainty. In this paper, we propose possibilistic description logics as an extension of description logics. We give
semantics and syntax of possibilistic description logics. We then deﬁne
two inference services in possibilistic description logics. Since possibilistic
inference suﬀers from the drowning problem, we consider a drowning-free
variant of possibilistic inference, called linear order inference. Finally, we
implement the algorithms for inference services in possibilistic description logics using KAON2 reasoner.

1

Introduction

Dealing with uncertainty in the Semantic Web has been recognized as an important problem in the recent decades. Two important classes of languages for
representing uncertainty are probabilistic logic and possibilistic logic. Arguably,
another important class of language for representing uncertainty is fuzzy set theory or fuzzy logic. Many approaches have been proposed to extend description
logics with probabilistic reasoning, such as approaches reported in [12,10]. The
work on fuzzy extension of ontology languages has also received a lot of attention
(e.g., [18,17]). By contrast, there is relatively few work on combining possibilistic
logic and description logic.
Possibilistic logic [5] or possibility theory oﬀers a convenient tool for handling
uncertain or prioritized formulas and coping with inconsistency. It is very powerful to represent partial or incomplete knowledge [4]. There are two diﬀerent
kinds of possibility theory: one is qualitative and the other is quantitative. Qualitative possibility theory is closely related to default theories and belief revision
[7,3] while quantitative possibility can be related to probability theory and can
be viewed as a special case of belief function [8].
The application of possibilistic logic to deal with uncertainty in the Semantic
Web is ﬁrst studied in [13] and is then discussed in [6]. When we obtain an
ontology using ontology learning techniques, the axioms of the ontology are often
attached with conﬁdence degrees and the learned ontology may be inconsistent
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Table 1. Semantics of ALC-concepts
Constructor

Syntax Semantics

top

bottom
⊥
concept name
CN
general negation (C)
¬C
conjunction
C D
disjunction (U)
C D
exists restriction (E ) ∃R.C
value restriction
∀R.C

ΔI
∅
CNI ⊆ ΔI
ΔI \ C I
C I ∩ DI
C I ∪ DI
{x ∈ ΔI | ∃y. x, y ∈ RI ∧ y ∈ C I }
{x ∈ ΔI | ∀y. x, y ∈ RI → y ∈ C I }

[11]. In this case, possibilistic logic provides a ﬂexible framework to interpret the
conﬁdence values and to reason with the inconsistent ontology under uncertainty.
However, there exist problems which need further discussion. First, there is no
formal deﬁnition of the semantics of possibilistic description logics. The semantic
extension of possibilistic description logic is not trivial because we need negation
of axioms to deﬁne the necessity measure from a possibility distribution. However,
negation of axioms are not allowed in description logics. Second, there is no
implementation of possibilistic inference in description logics.
In this paper, we present a possibilistic extension of description logics. We ﬁrst
give the syntax and semantics of possibilistic logics. We then deﬁne two inference services in possibilistic description logics. Since possibilistic inference suﬀers
from the drowning problem, we consider a drowning-free variant of possibilistic
inference, called linear order inference. Finally, we implement the algorithms for
inference services in possibilistic description logics using KAON2 reasoner.
The rest of this paper proceeds as follows. Preliminaries on possibilistic logic
and description logics are given in Section 2. Both syntax and semantics of
possibilistic description logics are provided in Section 3. The inference services
in possibilistic description logics are also given. After that, we provide algorithms
for implementing reasoning problems in Section 4. Finally, we report preliminary
results on implementation in Section 5.

2

Preliminaries

2.1

Description Logics

Due to the limitation of space, we do not provide a detailed introduction of
Description Logics (DLs), but rather point the reader to [1]. A DL knowledge
base Σ = (T , A) consists a set T (TBox) of concepts axioms1 and a set A (ABox)
of individual axioms. Concept axioms have the form C  D where C and D are
(possibly complex) concept descriptions. The ABox contains concept assertions
of the form a : C where C is a concept and a is an individual name, and role
1

TBox could contain some role axioms, for some expressive DLs such as SHOIQ [14].
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assertions of the form a, b : R, where R is a role, and a and b are individual
names. A concept description (or simply concept ) of the smallest propositionally
closed DL ALC is deﬁned by the following syntactic rules, where CN is a concept
name, R is a role, C, C1 and C2 are concept descriptions:
 |⊥ | CN |¬C1 |C1  C2 |C1  C2 |∃R.C |∀R.C.
An interpretation I = (ΔI , ·I ) consists of the domain of the interpretation ΔI
(a non-empty set) and the interpretation function ·I , which maps each concept
name CN to a set CNI ⊆ ΔI , each role name RN to a binary relation RNI ⊆
ΔI ×ΔI and each individual a to an object in the domain aI . The interpretation
function can be extended to give semantics to concept descriptions (see Table 1).
An interpretation I satisﬁes a concept axiom C  D (a concept assertion a : C
and a role assertion a, b : R, resp.) if C I ⊆ DI (aI ∈ C I and aI , bI  ∈ RI
resp.). An interpretation I satisﬁes a knowledge base Σ if it satisﬁes all axioms
in Σ; in this case, we say I is an interpretation of Σ. A knowledge base is
consistent if it has an interpretation. A concept is unsatisﬁable in Σ iﬀ it is
interpreted as an empty set by all the interpretation of Σ.
Most DLs are fragments of classical ﬁrst-order predicate logic (FOL). An ALC
knowledge bases can be translated to a L2 (the decidable fragment of FOL with
no function symbols and only 2 variables [16]) theory. For example, the concept
axiom C  D∃R.E can be translated into the following L2 axiom: ∀x(φC (x) →
φD (x) ∧ ∃y(φR (x, y) ∧ φE (y))), where φC , φD , φE are unary predicates and φR
is a binary predicate.
2.2

Possibilistic Logic

Possibilistic logic [5] is a weighted logic where each classical logic formula is
associated with a number in (0, 1]. Semantically, the most basic and important notion is possibility distribution π: Ω → [0, 1], where Ω is the set of all
classical interpretations. π(ω) represents the degree of compatibility of interpretation ω with available beliefs. From possibility distribution π, two measures can be determined, one is the possibility degree of formula φ, deﬁned
as Π(φ) = max{π(ω) : ω |= φ}, the other is the necessity or certainty degree of
formula φ, deﬁned as N (φ) = 1 − Π(¬φ).
At syntactical level, a possibilistic formula is a pair (φ, α) consisting of a
classical logic formula φ and a degree α expressing certainty or priority. A possibilistic knowledge base is the set of possibilistic formulas of the form B =
{(φi , αi ) : i = 1, ..., n}. The classical base associated with B, denoted B ∗ , is
deﬁned as B ∗ = {φi |(φi , αi ) ∈ B}. A possibilistic knowledge base is consistent
iﬀ its classical base is consistent.
Given a possibilistic knowledge base B and α∈(0, 1], the α-cut (strict α-cut)
of B is B≥α = {φ∈B ∗ |(φ, β)∈B and β≥α} (B>α = {φ∈B ∗ |(φ, β)∈B and β>α}).
The inconsistency degree of B, denoted Inc(B), is deﬁned as Inc(B) = max{αi :
B≥αi is inconsistent}.
There are two possible deﬁnitions of inference in possibilistic logic.
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Deﬁnition 1. Let B be a possibilistic knowledge base.
– A formula φ is said to be a plausible consequence of B, denoted by BP φ,
iﬀ B>Inc(B)  φ.
– A formula φ is said to be a possibilistic consequence of B to degree α, denoted
by Bπ (φ, α), iﬀ the following conditions hold: (1) B≥α is consistent, (2)
B≥α φ, (3) ∀β>α, B≥β  φ.
According to Deﬁnition 1, an inconsistent possibilistic knowledge base can nontrivially infer conclusion, so it is inconsistency tolerent. However, it suﬀers from
the “drowning problem” [2]. That is, given an inconsistent possibilistic knowledge
base B, formulas whose certainty degrees are not larger than Inc(B) are completely useless for nontrivial deductions. For instance, let B = {(p, 0.9), (¬p, 0.8),
(r, 0.6), (q, 0.7)}, it is clear that B is equivalent to B = {(p, 0.9), (¬p, 0.8)} because Inc(B) = 0.8. So (q, 0.7) and (r, 0.6) are not used in the possibilistic
inference.
Several variants of possibilistic inference have been proposed to avoid the
drowning eﬀect. One of them, called linear order inference, is deﬁned as follows.
Deﬁnition 2. Let B = {(φi , αi ) : i = 1, ..., n} be a possibilistic knowledge base.
Suppose βj (j = 1, ..., k) are all distinct weights appearing in B such that β1 >
β2 > ... > βk . Let ΣB = (S1 , ..., Sk ), where Si = {φl : (φl , αl )∈B, αl = βi }, and
k
i−1 



ΣLO,B = i=1 Si , where Si is deﬁned by Si = Si if Si ∪ j=1 Sj is consistent, ∅
otherwise. A formula φ is said to be a linear consequence of B, denoted B LO φ,
iﬀ ΣLO,B  φ.
The linear order approach does not stop at the inconsistency degree of possibilistic knowledge base B. It takes into account of formulas whose certainty degrees
are less than the inconsistency degree.

3
3.1

Possibilistic Description Logics
Syntax

The syntax of possibilistic DL is based on the syntax of classical DL. A possibilistic axiom is a pair (φ, α) consisting of an axiom φ and a weight α∈(0, 1]. A
possibilistic TBox (resp., ABox) is a ﬁnite set of possibilistic axioms (φ, α), where
φ is an TBox (resp., ABox) axoim. A possibilistic DL knowledge base B = (T , A)
consists of a possibilistic TBox T and a possibilistic ABox A. We use T ∗ to denote the classical DL axioms associated with T , i.e., T ∗ = {φi : (φi , αi )∈T } (A∗
can be deﬁned similarly). The classical base B ∗ of a possibilistic DL knowledge
base is B ∗ = (T ∗ , A∗ ). A possibilistic DL knowledge base B is inconsistent if and
only if B ∗ is inconsistent.
Given a possibilistic DL knowledge base B = (T , A) and α∈(0, 1], the α-cut
of T is T≥α = {φ∈B ∗ |(φ, β)∈T and β≥α} (the α-cut of A, denoted as A≥α , can
be deﬁned similarly). The strict α-cut of T (resp., A) can be deﬁned similarly
as the strict cut in possibilistic logic. The α-cut (resp., strict α-cut) of B is
B≥α = (T≥α , A≥α ) (resp., B>α = (T>α , A>α )). The inconsistency degree of B,
denoted Inc(B), is deﬁned as Inc(B) = max{αi : B≥αi is inconsistent}.
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We use the following example as a running example throughout this paper.
Example 1. Suppose we have a possibilistic DL knowledge base B = (T , A),
where T = {(Eatf ish Swim, 0.6), (BirdF ly, 0.8), (HasW ingBird, 0.95)}
and A = {(Bird (chirpy), 1), (HasW ing(tweety), 1), (¬F ly(tweety), 1)}. The
TBox T states that it is rather certain that birds can ﬂy and it is almost certain
that something with wing is a bird. The ABox A states that it is certain that
tweety has wing and it cannot ﬂy, and chirpy is a bird. Let α = 0.8. We then
have B≥0.8 = (T≥0.8 , A≥0.8 ), where T≥0.8 = {BirdF ly, HasW ingBird} and
A≥0.8 = {HasW ing(tweety), ¬F ly(tweety), Bird(chirpy)}. It is clear that B≥α
is inconsistent. Now let α = 0.95. Then B≥α = (T≥0.95 , A≥0.95 ), where T≥0.95 =
{HasW ingBird} and A≥0.95 = {HasW ing(tweety), ¬F ly(tweety), Bird
(chirpy)}. So B≥α is consistent. Therefore, Inc(B) = 0.8.
3.2

Semantics

The semantics of possibilistic DL is deﬁned by a possibility distribution π over
the set I of all classical description logic interpretations, i.e., π : I → [0, 1].
π(I) represents the degree of compatibility of interpretation I with available
information. For two interpretations I1 and I2 , π(I1 ) > π(I2 ) means that I1
is preferred to I2 according to the available information. Given a possibility
distribution π, we can deﬁne the possibility measure Π and necessity measure
N as follows: Π(φ) = max{π(I) : I ∈ I, I |= φ} and N (φ) = 1 − max{π(I) :
I|=φ}2 . Unlike possibilistic logic, the necessary measure cannot be not deﬁned
by the possibility measure because the negation of an axiom is not deﬁned in
traditional DLs. However, given a DL axiom φ, let us deﬁne the negation of φ as
¬φ = ∃(C¬D) if φ = CD and ¬φ = ¬C(a) if φ = C(a), where ∃(C¬D) is
an existence axiom (see the discussion of negation of a DL axiom in [9]), then it is
easy to check that N (φ) = 1 − Π(¬φ). Given two possibility distributions π and
π  , we say that π is more speciﬁc (or more informative) than π  iﬀ π(I) ≤ π  (I)
for all I ∈ Ω. A possibility distribution π satisﬁes a possibilistic axiom (φ, α),
denoted π |= (φ, α), iﬀ N (φ)≥α. It satisﬁes a possibilistic DL knowledge base B,
denoted π |= B, iﬀ it satisﬁes all the possibilistic axioms in B.
Given a possibilistic DL knowledge base B = T , A, we can deﬁne a possibility distribution from it as follows: for all I ∈ I,

1
if ∀φi ∈T ∗ ∪ A∗ , I |= φi ,
(1)
πB (I) =
1 − max{αi |I |= φi , (φi , αi ) ∈ T ∪ A}

otherwise.

As in possibilistic logic, we can also show that the possibility distribution deﬁned by Equation 1 is the least speciﬁc possibility distribution satisfying B. Let
us consider Example 1 again. I = ΔI , ·I  is an interpretation, where ΔI =
{tweety, chirpy} and BirdI ={tweety, chirpy}, F ly I = {chirpy}, and HasW ing I
= {tweety}. It is clear that I satisﬁes all the axioms except BirdF ly (whose
weight is 0.8), so πB (I) = 0.2.
2

The deﬁnition of necessity measure is pointed out by one of the reviewers.
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Let us give some properties of the possibility distribution deﬁned by
Equation (1).
Theorem 1. Let B be a possibilistic DL knowledge base and πB be the possibility
distribution obtained by Equation (1). Then B is consistent if and only if there
exists an interpretation I such that πB (I) = 1.
Proposition 1. Let B be a possibilistic DL knowledge base and πB be the possibility distribution obtained by Equation 1. Then Inc(B) = 1 − maxI∈I πB (I).
3.3

Possibilistic Inference in Possibilistic DLs

We consider the following inference services in possibilistic DLs.
– Instance checking: an individual a is a plausible instance of a concept C
with respect to a possibilistic DL knowledge base B, written B |=P C(a), if
B>Inc(B) |= C(a).
– Instance checking with necessity degree: an individual a is an instance of
a concept C to degree α with respect to B, written B |=π (C(a), α), if the
following conditions hold: (1) B≥α is consistent, (2) B≥α |= C(a), (3) for all
β>α, B≥β |=C(a).
– Instance checking with necessity degree: an individual a is an instance of
a concept C to degree α with respect to B, written B |=π (C(a), α), if the
following conditions hold: (1) B≥α is consistent, (2) B≥α |= C(a), (3) for all
β>α, B≥β |=C(a).
– Subsumption with necessity degree: a concept C is subsumed by a concept
D to a degree α with respect to a possibilistic DL knowledge base B, written
B |=π (CD, α), if the following conditions hold: (1) B≥α is consistent, (2)
B≥α |= CD, (3) for all β>α, B≥β |=CD.
We illustrate the inference services by reconsidering Example 1.
Example 2. (Example 1 continued) According to Example 1, we have Inc(B) =
0.8 and B>0.8 = (T>0.8 , A>0.8 ), where T>0.8 = {HasW ingBird} and A>0.8 =
{HasW ing(tweety), ¬F ly (tweety), Bird(chirpy)}. Since B>0.8 |= Bird(tweety),
we can infer that tweety is plausible to be a bird from B. Furthermore, since
B≥0.95 |= Bird(tweety) and B≥1 |=Bird(tweety), we have B |=π (Bird(tweety),
0.95). That is, we are almost certain that tweety is a bird.
3.4

Linear Order Inference in Possibilistic DLs

Possibilistic inference in possibilistic DL inherits the drowning eﬀect of possibilistic inference in possibilistic logic. We adapt and generalize the linear order
inference to deal with the drowning problem.
Deﬁnition 3. Let B = (T , A) be a possibilistic DL knowledge base. Suppose βj
(j = 1, ..., k) are all distinct weights appearing in B such that β1 > β2 > ... > βk .
Let B  = ∪T ∪ A. Let ΣB = (S1 , ..., Sk ), where Si = {(φl , αl ) : (φl , αl )∈B  , αl =
k
i−1 



βi }, and ΣLO,B = i=1 Si , where Si is deﬁned by Si = Si if Si ∪ j=1 Sj is
consistent, ∅ otherwise. Let φ be a query of the form C(a) or CD. Then
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Algorithm 1. Compute the inconsistency degree
Data: B = T , A , where T ∪ A = {(φi , αi ) : αi ∈ (0, 1], i = 1, ..., n}, where n is
the number of axioms in the testing ontology B;
Result: The inconsistency degree d
begin
b := 0
// b is the begin pointer of the binary search
m := 0
// m is the middle pointer of the binary search
d := 0.0
// The initial value of inconsistency degree d is set to be 0.0
W = Asc(α1 , ..., αn )
W (−1) = 0.0 // The special element −1 of W is set to be 0.0
e := |W | − 1 // e is the end pointer of the binary search
if B≥W (0) is consistent then
d:=0.0
else
while b ≤ e do
if b = e then
return b
m := (b + e)/2
if B≥W (m) is consistent then
e := m − 1
else
b := m + 1
d := W (b)
end

– φ is said to be a consequence of B w.r.t the linear order policy, denoted
B LO φ, iﬀ (ΣLO,B )∗  φ.
– φ is said to be a weighted consequence of B to a degree α w.r.t the linear
order policy, denoted B LO (φ, α), iﬀ ΣLO,B π (φ, α).
In Deﬁnition 3, we not only deﬁne the consequence of a possibilistic DL knowledge base w.r.t the linear order policy, but also the weighted consequence of it.
The weighted consequence of B is based on the possibilistic inference.
Example 3. (Example 1 continued) Let φ = Eatf ish Swim. According to Example 2, φ is not a consequence of B w.r.t. the possibilistic inference. Since
ΣB = (S1 , S2 , S3 , S4 ), where S1 = A, S2 = {(HasW ingBird, 0.95)}, S3 =
{(BirdF ly, 0.8)} and S4={(Eatf ish Swim, 0.6)}, we have ΣLO,B = S1 ∪S2 ∪S4 .
It is easy to check that B LO (Eatf ish Swim, 0.6).

4

Algorithms for Inference in Possibilistic DLs

We give algorithms for the inference in possibilistic DLs.
Algorithm 1 computes the inconsistency degree of a possibilistic DL knowledge
base using a binary search. The function Asc takes a ﬁnite set of numbers in
(0, 1] as input and returns a vector which contains those distinct numbers in the
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Algorithm 2. Possibilistic inference with certainty degrees
Data: B = T , A , where T ∪ A = {(φi , αi ) : αi ∈ (0, 1], i = 1, ..., n}; a DL axiom
φ.
Result: The certainty degree w associated with a query φ
begin
m := 0
w := 0.0 // The initial certainty degree of φ is set to be 0.0
W = Asc(α1 , ..., αn )
W (−1) = 0.0
e := |W | − 1
compute l such that W (l) = Inc(B) //Inc(B) is computed by Algorithm 1
b := l + 1
if B≥W (b) |= φ then
while b ≤ e do
if b = e then
return b
m := (b + e)/2
if B≥W (m) |=φ then
e := m − 1
else
b := m + 1
w := W (b)
end

set in an ascending order. For example, Asc(0.2, 0.3, 0.3, 0.1) = (0.1, 0.2, 0.3). Let
W = (β1 , ..., βn ) is a vector consisting of n distinct numbers, then W (i) denotes
βi . If the returned inconsistency degree is 0, that is W (−1) = 0, it shows the
ontology to be queried is consistent.
Since Algorithm 1 is based on binary search, to compute the inconsistency
degree, it is easy to check that the algorithm requires at most log2 n+1 satisﬁability check using a DL reasoner.
Algorithm 2 returns the necessity degree of an axiom inferred from a possibilistic DL knowledge base w.r.t the possibilistic inference. We compute the inconsistency degree of the input ontology. If the axiom is a plausible consequence
of a possibilistic DL knowledge base, then we compute its necessity degree using
a binary search (see the ﬁrst “if” condition). Otherwise, its necessity degree is
0, i.e., the default value given to w. Note that our algorithm is diﬀerent from
the algorithm given in [15] for computing the necessity of a formula in possibilistic logic (this algorithm needs to compute the negation of a formula, which is
computationally hard in DLs according to [9]). We consider only subsumption
checking here. However, the algorithm can be easily extended to reduce instance
checking as well.
In Algorithm 3, we call Algorithm 1 and Algorithm 2 to compute the certainty
degree of the query φ w.r.t the linear order inference. In the “while” loop, the
ﬁrst “if” condition checks if the inconsistency degree is greater than 0 and then
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Algorithm 3. Linear order inference with certainty degrees
Data: B = T , A , where T ∪ A = {(φi , αi ) : αi ∈ (0, 1], i = 1, ..., n}; a DL axiom
φ.
Result: The certainty degree w associated with a query φ
begin
d := 0.0 // The initial inconsistency degree is set to be 0.0
w := 0.0 // The initial certainty degree of φ is set to be 0.0
hasAnswer := f alse
W = Asc(α1 , ..., αn )
e := |W | − 1 // e is a global variable to pass values to the subroutines
while !hasAnswer do
if d > 0 then
e := d − 1
B := B \ B=d
W := W \ d
d := alg1(B), where alg1 is Algorithm 1
if B>d |= φ then
hasAnswer := true
if d ≤ 0 then
break
if hasAnswer then
w := alg2(B, φ), where alg2 is Algorithm 2
end

delete the axioms whose necessity degrees are equal to the inconsistency degree.
After that, we call Algorithm 1 to compute the inconsistency degree of the
initial knowledge base or knowledge base obtained from the ﬁrst “if” loop. Then
the second “if” condition checks if the axiom is a plausible consequence of the
possibilistic DL knowledge base and end the “while” loop if the answer is positive.
The ﬁnal “if” condition simply tests if the possibilistic DL knowledge base is
consistent or not and terminate the “while” loop if the answer is positive. Finally,
we compute the certainty degree of φ by calling Algorithm 2. This algorithm need
to call polynomial times of satisﬁability check using a DL reasoner.
Algorithms 2 and 3 compute inference with certainty degree because it is more
diﬃcult to obtain the certainty degree of an inferred axiom. They can be easily
revised to compute plausible consequence. Because of the page limit, we do not
provide the details here.
Proposition 2. Let B be a possibilistic DL knowledge base and φ be a DL axiom. Deciding whether B |=P φ requires log2 n+1 satisﬁability check using a
DL reasoner, where n is the number of distinct certainty degrees in B. Furthermore, deciding whether B |=π (φ, α) requires at most log2 n+log2n − l+1
satisﬁability check using a DL reasoner, where where n is the number of distinct
certainty degrees in B and l is the inconsistency degree of B.
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Implementation and Results

To test our algorithms, we have implemented them in Java using KAON23 . All
tests were performed on a laptop computer with a 1.7GHz Intel processor, 1 GB
of RAM, running Windows XP Service Pack 2. Sun’s Java 1.5.0 Update 6 is
used, and the virtual memory of the Java virtual machine was limited to 800M.
5.1

Results

We use ontologies miniTambis4 and proton 100 all5 as test data. The ﬁrst ontology contains more than 170 concepts, 35 properties, 172 axioms and 30 unsatisﬁable concepts. The second ontology has 175 concepts, 266 properties, 3 unsatisﬁable concepts and about 1100 axioms. Both ontologies are consistent but contain
some unsatisﬁable concepts. We added some instances to the unsatisﬁable concepts to make the ontology inconsistent. We get possibilistic DL knowledge bases
from miniTambis and proton 100 all by randomly attaching certainty degrees to
them and using a separate ontology to store the information on the certain degrees. Given a set of certainty degrees W = (w1 , w2 , ..., wn ), wi ∈ (0, 1], i =
1, ..., n, an automatic mechanism is applied to randomly choose a certainty degree wi for each axiom in the ontology to be queried.
In Table 2, some results based on the two ontologies above are given, where
|W | means the number of diﬀerent certainty degrees for testing. The rows corresponding to Algorithm 2 and Algorithm 3 describe the time spending on a
speciﬁc reasoning task which is instance checking, i.e., the third row shows the
time spent by executing Algorithm 2 and the last row is for Algorithm 3. For
each column in an ontology, we randomly attach the certainty degrees to axioms
in the ontology and give the time spending on a speciﬁc reasoning task. Therefore, diﬀerent columns gives results for diﬀerent possibilistic DL knowledge bases
which may generate from the same ontology.
According to the table, in some cases, the time spent on query by Algorithm
2 and Algorithm 3 is almost the same (see columns 1 and 2 for miniTambis).
For example, when the axiom φ to be queried can be inferred by BInc(B) . In
other cases, it takes much more time for Algorithm 3 to return the result than
Algorithm 2. For example, see columns 3 for miniTambis, it takes 2 seconds to
Table 2. The results from Algorithm 2 and Algorithm 3
Ontology
miniT ambis
|W |
10
30
Algorithm 2 (s) 6 8 2 10 16 9 13
Algorithm 3 (s) 6 9 12 23 16 8 33
3
4
5

proton 100 all
10
30
8 5 11 5
6 9 12 8
44 5 10 15 12 8 12 19

http://kaon2.semanticweb.org/
http://www.mindswap.org/2005/debugging/ontologies/
http://wasp.cs.vu.nl/knowledgeweb/d2163/learning.html

13
24
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get result from Algorithm 2 and 12 second from Algorithm 3. This is because
Algorithm 2 stops when B≥W (d) |= φ is not satisﬁed. But for Algorithm 3, it will
not stop until B≥W (d) |= φ is satisﬁed, or no more inconsistency degree can be
found.

6

Related Work

Our work diﬀers from existing work on extending description logics by possibilistic logic in following points: (1) we provided semantics of the possibilistic
description logic, (2) we considered two inference services and give algorithms
for computing the consequences of the inference, (3) we proposed a linear order
inference which is a drowning-free variant of possibilistic inference and provided
algorithm for it, (4) we implemented the proposed algorithm and provided for
evaluation results.
Other approaches that extend description logics with uncertainty reasoning
are probabilistic description logics [12,10] and fuzzy extension of description
logics (e.g., [18,17]). The main diﬀerence between possibilistic extension and
probabilistic extension lies in the fact that possibilistic logic is a qualitative
representation of uncertainty, whilst probabilistic extension is on quantitative
aspects of uncertainty. Furthermore, possibilistic DLs can be used to deal with
inconsistency and probabilistic DLs are not used for this purpose. Arguably,
fuzzy description logics can be used to deal with uncertainty. In possibilistic
DLs, the truth value of an axiom is still two-valued, whilst in fuzzy DLs, the
truth value of an axiom is multi-valued.

7

Conclusions and Future Work

We gave a possibilistic extension of description logics in this paper. We ﬁrst
deﬁned syntax and semantics of possibilistic description logics. Then we consider inference problems in our logics: possibilistic inference and linear order
inference. Algorithms were given to check the inference and we implemented the
algorithms. As far as we know, this is the ﬁrst work which discusses how to
implement possibilistic description logics. Finally, we report some preliminary
but encouraging experimental results.
The algorithms for possibilistic inference of our logics proposed in this paper
is independent of DL reasoner. In our future work, we plan to give more eﬃcient
reasoning approaches by generalizing the resolution-based reasoning approach for
KAON2. Another future work is that we may interpret the concept axioms by
possibilistic conditioning and explore the nonmonotonic feature of possibilistic
description logics.
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