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Abstract

RDF is rapidly being adopted around the world as
a paradigm for knowledgerepresentation. However, we
are not aware of any version of RDF that can express
prokabilistic knowledge. In this paper, we developa
framework called Probabilistic RDF (pRDF for short)
{ we provide a syntax as well as a model theoretic and
xp oint semanticsfor acyclic pRDF theories. We then
provide algorithms to e ciently answer queries posal
to pRDF ontologies. We have develogd a prototype
implementation that showsthat our algorithms work
very well in practice.

1 Intro duction

Over the last few years, the use of RDF as a
paradigm for represening knowledge has grown dra-
matically. RDF and OWL ontologies exist on a wide
variety of topics ranging from geneticsto visual sen-
sor data fusion. These are clearly domains that are
chock full of uncertainty - image processingprograms
based on Bayesian analysis often return probabilistic
identi cations of objects, while relationships between
a symptom or diseaseand the genetic markers a per-
son may also be probabilistic.

In order to expresssud information, we introduce
Promabilistic RDF (pRDPF for short. We de ne the
concept of a pRDF schema and a pRDF instance in
Section 2. A pRDF instance extends RDF triples by
allowing unconditioned probability distributions over
a set of possible values of an RDF triple. Section 3
provides a formal model theoretic semariics for pRDF
basedon the possibleworlds probabilistic logics of Fa-
gin et. al. [3]. Section 4 shows that we can assiate
a monotonic function with any pRDF theory | this
function hasa least xp oint that compactly represerts
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the set of all quadruples entailed by the pRDF theory.

Howevwer, using the xp oint to answer queriesis not
always desirablebecausethe sizeof the xp oint canbe
enormous. Section 5 provides algorithms to e cien tly

answer atomic querieswith at most one variable. Sec-
tion 6 describesour prototypeimplementation together
with experiments shawing that queriescanbe answered
in very small amourts of time (a few seconds)for pRDF
instancesas large as 100,000quadruples.

2 PpRDF syntax

We now dewelop a formal syntax for pRDF. We as-
sume the existenceof the following sets: U is the set
of URI referencesand L is the set of literals (primi-
tive data values). We also assumethe following are
arbitrary but xed:

() C U isthe setof classes.

(i) P U isthe setof properties. We introduce the
notion of transitive properties as a basic inference
capability for RDF instancedata. We assumethat
asetP! P of transitive properties is speci ed,
whereP![ P™ = P and P'\ P™ = ;.

@ii) 1 U is a setof instances(individuals).

We now de ne a pRDF schema.

De nition 1 (pRDF schema) A probabilistic RDF
schemais a nite set S of elementsin one of the fol-
lowing forms:

(S1) Probabilistic quadruples are of the form (s;rd s:
subClassOf ;O; ), wheres 2 CO Cand
O ! (0;1] a probability distribution over O. We
reguire that:

(S1.1) V) 1
v20

1For reasons of space, we do not address features such as
rei cation in this paper; blank nodes are therefore omitted from
the discussion.
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Figure 1. pRDFexample

(S1.2) 8 ((s;rd's : subClassOf ;O1; 1);(s;rds :
subClassOf ; Oy; 2) 2 S suchthat O; 6 Oy)

then O\ O, = ;.
(S2) Non-probabilistic triples are in one of the follow-
ing forms:
(S2.1) (py;rds subPropentyOf ; p;), wher
P1;p2 2 P.

(S2.2) (p;rds:range;c), wheep?2 P;c2 C
(52.2) (p;rd s:domain;c), wheep2 P;c2 C

Example 1 Figure 1 contains a graph representa-
tion? of a pRDF schema (ignore the rectangular
nodes for now). (FoodPoisoning, rdfs:subClassOf,
f Bacteriallnfection,Vir allnfection,g, f.85,.159) is a
pRDF schemaquadrupleil lustrating item (S1) in Def-
inition 1; the quadruple states that a F oodPoisoning
condition is a Bacterial | nf ection with 85% probabil-
ity and a Vir all nf ection with 15% prokability. (has-
Complication,rdfs:subPopertyOf, assaiatedWith) is a
non-prokabilistic triple? il lustrating item (S2.1) of the
samede nition.

The rest of the paper will primarily focus on the
semairiics and query processingat the pRDF instance
level; the problem of pRDF schema querieswill be ad-
dressedin an extended version of this paper.

De nition 2 (pRDF instance) A probabilistic RDF
instance R is a nite set of probabilistic quadruplesin
one of the following forms:

2The example was compiled using information avail-
able at www.wrongdiagnosis.com Probabilities were computed
from a small subset (1980-1985) of statistical data pub-
licly available from the National Health Interview Survey |
www.cdc.gov/nc hs/nhis.h tm.

SWhile conditions may be asswiated in terms of diagno-
sis methods, treatment or symptoms, hasComplication directly
speci es a cause-e ect relationship.

(11) (s;p;V; ), whers 2 1,
V! (0;1] suchthat:
P
(11.2) v) 1L
v2V
(11.2) 8 (s;p;Vi; 1);(s;p;Ve; 2) 2 R such that
V16 Vo, ViI\ Vo= ;.

(12) (s;rd :type;V; ), wheres2 I,
(12.1) P (v) 1.

v2V
(12.2) (s;rd : type;Vi; 1);(s;rd : type;Vs; 2) 2

R) (Mi=V)" (1= 2).

p2P,V I[L,

V  Csuchthat:

Example 2 The quadruple (Flu,
tion, f AcuteBronchitis,Pneumoniag,f .7, .15q)
in Figure 1 can be intuitively read as: when-
ever the Flu ocondition has complications from
f AcuteB ronchitis; Pneumoniag, there is a 70% prob-
ability that the complication is AcuteB ronchitis and a
15% prokability that the complication is Pneumonia.
Wheneverprohabilities are not speci e d in the example,
they are assumel to be 1.

hasComplia-

We will often abusenotation and talk about quadru-
ples in a pRDF instance having the form (s;p;V; )
where p is either a property or rd : type, with the re-
strictions imposed. This allows us to talk about both
kinds of quadruplesin a pRDFinstancein auni ed way.
We alsouserd s : subPropertyOf to denote the re-
exiv e, transitiv e closure of the rd s : subProperty Of
relation.

De nition 3 (pRDF theory) A pRDF theory is a
pair (S;R), wher S is a pRDF schemaand R is a
pRDF instance.

We note that there are a number of ways in which
pRDF theories can be represerted in practice. One
possible way is to use quadruples’; another possibil-
ity is the useof rei cation. Since pRDF semariics and
guery processingare the focus of this paper, we omit a
lengthy discussionon represenation issues.

We now de ne the important concept of a p-path.

De nition 4 (p-path) Let (S;R) be a pRDF theory
and let p 2 P!. Let P be a sequen® of quadruples
(si;pisvi; 1), fori=1;:::;n, wher:

M 8i2[Ln;9(si;pi;V; )2Rst:vi2VA (v) =

i
(i) 8i2[Ln];p rds:subPropertyOf p.

i) 8i2[Ln 1LVi= Si+1.
4A  quadruple-based approach is currently discussed
for represerting contexts/data provenance in RDF | see

http://www.w3.0rg/2001/12/attributions/.



In this case, P is a p-path of length n with origin s;
and destination v, : wedenoteP by hs;;pi;Vi; iii2pn)-
We useorg(P) and dest(P) to denotes; and v, respec-
tively.

Example 3 Consider the pRDF instance in Fig-

ure 1. There are two distinct associatedWith -
paths betwen Flu and Pneumonia | one re-
sulting from the hasComplication edge between

the two objects and the seond containing the
AcuteB ronchitis node (hasComplication is a subpiop-
erty of associatedWith ).

A pRDF instanceis acyclic i for all properties p 2
Pt, there are no cyclic p-paths in it.

Assumption. Throughout this paper, we assumethat
all pRDF theories are acyclic.

We recall the notion of a triangular norm (rst in-
troduced in the context of fuzzy logic)[3] that is often
used to compute the probability of a conjunction of
everts.

De nition
for short) is any binary function
to [0; 1] suchthat:

5 (t-norm ) A triangular norm (t-norm
from [0;1] [O; 1]

0] is assaiative and commutative;
(i) 8x;y;z;w2[0;1]st. x yandz w,Xx z

y w.
(i) 0 x=0;
(iv) 1 x=x.

We will also denote by min (p;p;) = min (fgp
g ptg). As a corvertion, if fgp g9 pg = ;,
then we write min = 1. If can be easily proved that

8p;8p e min (p;py).
3 pRDF semantics

We now introduce a declarative model theoretic se-
mantics for pRDF. Given a pRDF quadruple (s;p;V; ),
we know that ead RDF-triple of the form (s;p;v)
wherev 2 V has a probability (v) of being true. For
any set of sud triples (or \world") obtained in this
manner from a pRDFtheory, we would like to assaiate
a probability. We now de ne theseterms.

De nition 6 (World) A world W is a set of triples
(s;p;v), suchthat (s2 1 "p2P" v2I1 [ L) _(s2
| "p=rd :type® v 2 C). We denote the set of
possibleworlds by W.

5This is a reasonable assumption { the main argument is that
the expressivenessof RDF is lower than that of most description
logic frameworks (which can deal with cyclic ABoxes). Space
constraints prevent us from going through these details.

De nition 7 (pRDF interpretation)

tgspretation is a mapping | : W !
(W) = 1.

W 2w

A pRDF in-
[0; 1], such that

A pRDFinterpretation postulatesthat exactly onepos-
sible world is the \real" world | uncertainty arisesbe-
causewe don't know which of the possible worlds is
the real one. Our possibleworlds approad builds on
probabilistic logics due to Halpern[6].

Example 4 Any sulgraph of the graph in Fig-
ure 1 is a possible world. These are not all
the possible worlds. Intuitively, we would as-
sign a very low probability to a world such as

W= f (Midd leEarInfection,hasCompliation,Emphysemaly,

since there is no eviden& for the information in W.

De nition 8 (pRDF satisfaction) An interpre-

tation | satises a pRDF quadruple (s;p;V; ) i

8v2YV (v I (W). | satises a
fW2W j(s;p;v)2Wg

pRDF theory (S;R) w.r.t. t-norm i:

(i) | satis es every quadruplein R. N
(i) 8p paths hsi;pi;vi; ilizping in (SIR),
I (W).
fW2j(s1;p;vn)2Wg

We say that (S;R) is consistent i
interpr etation.

it has a satisfying

The secondcondition above uses to compute the
probability of a given p-path®. Entailment is de ned
in the usual way.

De nition 9 (Entailmen t) Let be an arbitrary
but xed t-norm. (S;R) entails (s;p;V; ), written
(S;R) F (s;p;V; ) i every satisfying interpreta-

tion of (S;R) also satises (s;p;V; ). Furthermore,
(S1;R1) F (S2;R2) i every satisfying interpretation
of (S1;R;) is a satisfying interpretation of (S;;R»).
(S1;R1) is equivalent to (S;; R2), written (S1; R1)
(S2;R2) i (S15R1) F o (S;R2) and (Sp;R2) F
(S1;Ry).

Example 5 The pRDF theory in Figure 1 entails
(Flu, assaiatedWith, fPneumoniag,f.65g) w.r.t. the
min (x; y) t-norm. It also trivial ly entails (Flu, assai-
atedWith, f AcuteBronchitis,Pneumoniag,f0.6,0.15g).

6We note that analogous concepts of interpretation and sat-
isfaction can be de ned for pRDF schemas (in the same way
as RDF model theory de nes RDF and RDFS interpretations).
However, due to space constraints, we primarily focus on pRDF
instances.



The fact that all pRDFtheoriesare consistert canbe
easily shavn by assigning! (Wmax ) = 1, where Wax
is the \largest" possibleworld.

Theorem 1 Every pRDF theory (S;R) is consistent
w.r.t. any t-norm

4 pRDF: Fixp oint Semantics

In this section, we build upon Theorem 1 and show
how to assaiate an operator with eady pRDF theory
that maps pRDF theories with pRDF theories. This
operator hasa least xp oint that compactly represens
all quadruplesentailed by the theory.

Suppose (S;R) is a pRDF theory and n is a non-
negative integer. Let T,(s;p;Vv) be the set of p-paths
betweens and v of length n or less.

Denition 10 ( Operator) Let (S;R) be a pRDF
theory. Let (S;R) = f(s;p%V; )j9(s;p;V; ) 2
R~ (p;rds subPropertyOf;p% 2 Sg and

(SIR) = (spifvg i(Tasipv)i 2~ (V) =

szpg?gp;v)( . 1)g9. We dene ( S;R) = (SR
(SSR)[ (S/R)).

Similarly to relational databaseswith a xed pRDF
schema, we shaw that  is monotonic w.r.t. the pRDF
instance.

Prop osition 1 is monotonic in its second argu-
ment, i.e. if Ry R,, then ( S;Rj) ( S;Ry).
Henee, for a given(S;R), hasa least xpoint (S;R9)
with R RY This least xp oint is denote Ifp(S,R) and
is also called the closure of (S; R).

Example 6 Consider the pRDF theory in Figure
1 and let x y = Xy. The closure of this
theory includes (AcuteBronchitis, hasCompliation,
f CorPulmonaleg,f 0.002y); the probability was com-
puted as the maximum on the two paths between
AcuteB ronchitis and CorPulmonale.

Clearly, (S;R) entails ( S;R) accordingto De nitions

8 and 9, thus (S;R) E  Ifp(S,R). Soundnessof the
inference system de ned by the closure is thus guar-
anteed. The following proposition establishesthe com-
pletenessof the closure, shaving that all quadruples
ertailed by (S;R) are either in Ifp(S,R) or trivially en-
tailed by a single quadruple in it.

Theorem 2 Let (S;R) be a pRDF theory and let
(S;Rfp) = lfp(S,R). Then for any (s;p;V; ) s.t
(SR)E (sspV; ), 9 (sip;VE 9 2 Ry such that
V. ovorgv2v; (v)  qv).

Justi cation Let us assumethat (S;R) F
(s;p;V; ) and the proposition does not hold. Then
there are two possiblecases.

(1) For eath (s;p;V% 9 2 Ryp, 9v2V VO It
is then straightforward that 69(s;p;V® % 2 R s.t.
v 2 V% Hence,from the justi cation of Proposition 1,
the worlds cortaining quadrupleswith s;p;v are not in
Wg, thus thgre exists a satisfying interpretation such
that (W) = 0. Since (v) > O, |

fW2W j(s;p;v)2W g
cannot satisfy (s;p;V; ), leading to contradiction.

(2) For ead (s;p;V% 9 2 Ryp such that V. VO,
9v2 Vst (v) > 9v9. By induction on the struc-
ture (S;R), the probability value assignedto ead p-
path is the same as the value used in the system of
equations in the justi cation of Proposition 1. Since
there are an in nite  number of satisfying interpreta-
tions that meet (stricter) equality conditions than the
inequalities in De nition 8, there exists a satisfying in-
terpretation that doesnot satisfy (s;p;V; ).

5 Atomic pRDF queries

An atomic pRDF query has the form (s;p;v; )
where at most one of the menbers of the quadruple
is allowed to be a variable. We pre x variableswith a
guestion mark. In this section, we showv how to answer
gueriesin the caseswhen the subject s, the property p
and the probability are variables (the casewhen the
value v is a variable is analogousto the casefor s and
henceis not repeated).

Theorem 2 provides a simple algorithm for answer-
ing atomic queries. The algorithm would: (1) compute
Ifp(S,R); (2) Compute A, the set of potential answers
by performing a linear seart for possiblesubstitutions
of g to quadruplesin Ifp(S,R); (3) Remove from A any
redundant quadruples (w.r.t. erntailment).

The simple method shavn above is ine cien t since
it computesthe entire Ifp(S,R). We will now presen
e cien t algorithms for answering atomic queriesthat
prune the seart spacesigni cantly.

De nition 11 (Answ er) Let (S;R) be a pRDF the-
ory and let g= (s;p;v; ) be a simple query. The an-
swerto g is Ansq(S;R) = f(s%p%v% 9j((S;R) E
(s%p%v% 9~ (9 substitution sit: (s =s)ON (p =
P)r v = v~ ( 9) ~ (69(s%p%Ve 9 2
Ansgy(S;R) sit: 99> O)g

Intuitiv ely, the answer to (s;p;v; ) consistsof all in-
stancesof this query that are entailed by (S; R) subject
to the restriction that if (S;R) entails (s%p%v®% 9 and
(s%p%v% 9§ and %< Othen (s®p®v® % js not



Algorithm pRDF_Sub ject( S;R; ;q= (?s;pq:Va;: q)) Algorithm pRDF_Prop ert y(S;R; ;0= (Sq;?P;Vq; q))
Input:  pRDF theory (S;R), t-norm , query q. Input:  pRDF theory (S;R), t-norm , query q.
Output:  Ans ¢(S; R). Output:  Ans ¢(S; R).
Notation: SP(p) = fp®2 Pj(p%rdf s : subP roperty Of ;p)g.
LQ  f(vipi v)i9(sqipiV; )2 Rsit (v2V)»
1. R®  f(s;p%V; )2 Rjp®2 SP(pq)g; (v= (v o~ ((2PYHg
2. if pq 2 P' then 2. Ans
3. Q f(s; §)j9(s;p;V; )2 ROsit: (Vg2 V)™ (s= (V) 3. while Q 6 ; do
)0 4. (v;p; v) remove from Q element with highest ;
4°Q° Q; 5 Q% f(vip% o WB(viphVi )2 R st (vO2 V)N
5. while Q°6 ; do ((p; rcf s : subP roperty Of ;p°) 2 S) ~
6. (s; s) remove from QO element with highest ; % o= (v min (. a)) 9;
7. QP (% 0 S)i9(sipVi )2ROsit (s2 V)N 6. Q% QY f(v%p o WE(viphV: )2 Rsit (V02 V)2
(s0= (s) min (s; q)a: ((p%rdf s : subP roperty Of ;p) 2 S) ~
8 Q% Q°[ 0% (vo= (V) min (i q)g
9 Q[ Q% 7. Ans  Ans [ f(sq;p;vq; )i9(Vaip )2 Q%;
10 Q: Q° replace (s; s);(si 2) 2 Q;Q° with 8 Q° remove elements containing vq from QY
(ssmax (s; Q) 9. Q Q[Q%
11. end 10. Q replace (v;p; v);(v:p; 3) 2 Q with
12. Ans  f(sipqivq: )i9(s: )2 Qg; (vipimax ( v; )
13. else 11. end
Ans f(sipq:vg: )i(O(sipV: )2 Rsitt (vq2 V)" 12. Ans Ans [ f(Sq;pivg: )9 (sipsV; )2 Rsitt (p2 pntya
((vq) = o)~ (B(sipg;ivg: 9 2 Ans st ©> )g; (Vg 2 V)™ ((v) = q)9
14. end 13. Ans Ans  fredundan t quadruples in Ans g;
15. return  Ans ; 14. return  Ans ;
Figure 2. Algorithms pRDF _Subject and pRDF _Property
/Atomic queries running time (Poisson) Atomic queries running time (zipf)
9000 10000
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Figure 3. Atomic query running time

included as it is clearly a redundant quadruple that
adds nothing.

Example 7 Consider the pRDF theory in Figure 1.
The following are simple queries and their answers
w.r.t. the min (x;y) t-norm:

What condition is assiated
Pneumonia with probability alove .67
g=(?s,assaiatedWith,Pneumonia,.6). The answer is
f (Flu, assaiatedWith, Pneumonia, .65),(A cuteBron-
chitis, assa@iatedWith, Pneumonia, .65)g.

What is the relation between Flu and Pneumonia
with probability atove .5? g=(Flu,?p,Pneumonia,.5).
The answer is f(Flu, assaiatedWith, Pneumonia,
.65)0.

with

Algorithm  pRDF _Subject showvn in Figure 2 com-
putes the answer to atomic querieswith an unknown
subject. The algorithm prunesthe seard spaceat ev-
ery inferencestep by excluding quadruplesthat are be-
low the query probability ¢ online 7; dueto the afore-
mertioned properties of min , the pruned quadruples
cannot be in Ansy(S;R). The probability assignedto

a triple (s;p;v) (in caseswhere there are seweral p-
paths betweens and v) in De nition 10is computed in
line 10. pRDF _Subject also performs an initial prun-
ing step on line 1, by limiting the seart to the por-
tion of the pRDF theory that is related to pq. Al-
gorithm pRDF _Property takes similar advantage of
the properties of min  to minimize the seard space.
For reasonsof space,we omit two (similar) algorithms
that compute the answers to simple queries with un-
known object (pRDF _Object) and unknown probabil-
ity (pRDF _Probability), which were implemened as
part of the experimental evaluation.

Theorem 3 Algorithms pRDF _Subject and
PRDF _Property return Ansq(S;R) for each query g
to a pRDF theory (S;R).

6 Exp erimen tal results

We have developed an experimertal prototype of the
pRDF system consisting of about 1700 lines of Java
code. Experimerts were conducted on a Pertium 4



3.2 GHz machine with 512MB or RAM running SuSE
Linux 9.1. The experiments were performed on syn-
thetically generateddatasets.

In the rst set of experimerts, jPj = 50 and jP!j =
15. The averagewidth of the pRDFtheory (the width of
atheory is maxsp.v: y(jVj)) was15. We varied jRj be-
tween5,000and 100,000quadruples and measuredthe
running time, including any disk I/O overhead. The
experiment was performed by using the Poisson and
Zipf distribution respectively for quadruple generation.
The results averaged over 30 runs are shawn in Fig-
ure 3(a) and (b). As expected, the pRDF _Probabilty
is the fastest algorithm; this is due to (i) knowing
Sq; Pg: Vg and (i) the reduction of the spaceneededto
store intermediate values of Ans. pRDF _Subject has
a linear trend, whereaspRDF _Property is the least
e cien t due to the large searth space. In a separate
experiment we have determined that by using he naive
method (computing Ifp(S,R) and performing a linear
seart), the running time increasesby a factor ranging
between6 and 15. Clearly, the probability distribution
usedfor the quadrupleshasvery little in uence on the
running time of the algorithms.

In a secondset of experiments, with jRj=100,000,
jPj= 50andjP'j = 15, we varied the averagewidth of
the pRDF theory from 5 to 35, with a standard devia-
tion of 1.5; the results were averagedover 30 indepen-
dent executions. We found that the number of itera-
tions for all three algorithms presered in Figure 3 was
linearly increasingup to a width of 20, after which the
probabilities in the quadruplesdecreasesnoughsothat
more and more paths are pruned, leading to a linear
decreasein the running time.

7 Related work and conclusion

Our work builds on a larger body of researt about
uncertainty in logic and Web languages. In terms of
represenation, Fukushige[4] providesa comprehensie
method for represeting probabilistic relations in RDF;
we focus mostly on pRDF semartics and query answer-
ing methods. In terms of probabilistic extensionsto
logic and ontology languages,Ding et al [2] proposea
Bayesiannetwork-basedextensionto the ontology lan-
guage OWL; Koller et. al [7] and Giugno et al. [5]
propose probabilistic extensions of description logics;
Costaet al. [1] extend OWL with uncertainty basedon
rst-order Bayesianlogic. Our work shows that RDF
is also good basisfor a comprehensie probabilistic ex-
tension with query processingcapabilities. The sim-
plicity of the pRDF language (as comparedto OWL)
allows for very e cien t query algorithms. Pan et al.
[9] and Mazzieri et. al [8] proposefuzzy extension to

causal networks and the OWL language respectively.
Our work makes use of somefuzzy concepts, such as
the useof t-norms; the methods shawn for pRDFquery-
ing avoid the spaceand running time requiremerts de-
scribed in [9].

In this paper, we have developed a Prokabilistic RDF
framework within which userscan expressprobabilistic
information about the relationships expressedn RDF.
We have deweloped results on the consistencyof pRDF
theories, together with a xp oint semartics and algo-
rithms to answer queriesto pRDF theories. Our pro-
totype implementation of pRDFis, to our knowledge,
the rst of its kind.

References

[1] P. C. G. da Costa, K. B. Laskey, and K. J. Laskey.
Pr-owl: A bayesian ontology language for the se-
mantic web. In ISWC-URSW, pages23{33, 2005.

[2] Z. Ding and Y. Peng. A probabilistic extensionto
ontology language owl. In Proceadings of HICCS
'04 { Track 4, page 10. IEEE Computer Scciety,
2004.

[3] R. Fagin. Combining fuzzy information from mul-
tiple systems. J. Computer and SystemsScienes
58:83{99, 1999.

[4] Y. Fukushige. Represeting probabilistic relations
in rdf. In ISWC-URSW, pages106{107, 2005.

[5] R. Giugno and T. Lukasiewicz. P-SHOQ(D): A
Probabilistic Extension of SHOQ(D) for Probabilis-
tic Ontologiesin the Semariic Web. In Proceedings
of JELIA '02, pages86{97. Springer-Verlag, 2002.

[6] J. Halpern. The relationship between knowledge,
belief, and certainty. In Proceedings of UAI-90,
pages 142{151. Elsevier SciencePublishing Com-
pany, Inc., 1990.

[7] D. Koller, A. Y. Levy, and A. Pfe er. P-classic:
A tractable probablistic description logic. In
AAAI/IAAI , pages390{397,1997.

[8] M. Mazzieri and A. F. Dragoni. A fuzzy seman-
tics for semaric web languages.In ISWC-URSW,
pages12{22, 2005.

[9] H. Pan and D. McMichael. Fuzzy causalprobabilis-
tic networks - a new ideal and practical inference
engine. In Proc. 1st International Conference on
Multisour ce-Multisensor Information Fusion, 1998.



