


Knowledge Sharing Between a Probabilistic Logic
and Bayesian Belief Networks *

Flavio S. Corréa da Silvat
1, rese de M L43, A e p + {atbl oy
Universidade de Sao Paulo, Sao Paulo, Brazil
fcsQime.usp.br

Jaume Agusti
Institut d’Investigaci6 en Intel ligencia Artificial

Campus UAB 08193 Bellaterra, Barcelona, Espafia

agustigiiia.csic.es

Abstract

Knowledge sharing and reuse has been considered an impor-
tant issue for cost-effective use of knowledge-based systems,
especially after the development and popularisation of object-
based technologies and Internet-based decentralised comput-
ing. Up until now, the majority of research tadkling this
issue has been founded on the ion that there can be
a common domain description ~ a shared ontology - which
suits everyone with an interest in the knowledge. Unfortu-
nately, getting an agreed ontology for a collection of systems
can be a difficult problem and, even when this problem can be
solved, it may not be enough for effective knowledge sharing,
since the way we represent knowledge is intimately linked to
the inferences we expect to perform with it. A nice example
of this situation can be found in systems for reasoning un-
der uncertainty, where even if we do have a shared ontology
for the problem being solved we must still establish semantic

links between the inferences performed within each system to

actually have knowledge being shared and reused.

In the present paper we study a significant instance of this
problem. We introduce a simple yet effective logical system
for mterval-based probabilistic reasoning, then discuss the
difficulties to have this system being able to consult bayesian
belief networks to complete its own inferences, and how these
difficulties can be remedied. Finally, some simple motivating
examples are introduced to suggest “practical” applications
for this knowledge sharing scenario.

1 Introduction

Mainstream research in knowledge sharing among
knowledge-based systems concentrates on mapping dif-
ferent notations to describe problems and their solving
procedures, while making the assumption that the infer-
ence mechanisms employed in these systems are compat-
ible [Sub, NG, Gra, PHG*99, Sha97, UGS8].

There is good reason for making this assumption be-
cause it is difficult without it to guarantee that the
meaning of knowledge expressed in one system is pre-
served when used by another systemn. However, this is a
rather strong assumption to be made when one considers
the (re)use of previously existing systems for knowledge
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sharing.

Alternatively, we have considered within the research
project DECaF{f-KB - Distributed Environment for
Cooperation Among Formalisms for Knowledge-based
Systems — the situation in which the relationships be-
tween inferences performed in different systems are
not evident (or even do not exist at all) [CASVRS,
CdSVA*99]. Consider for example two systems for
uncertain reasoning: the first one prepared to com-
pute probability intervals for first-order sentences via a
resolution-based inference procedure, and the second one
a bayesian belief network that can compute the probabil-
ity of a statement given an arbitrary set of assumptions.
Both systems share a lot of semantic information, how-

ever the differences between the internal procedures to
construct answers to queries create difficulties to estab-
lish the connections between answers from each system.

We suggest that in order to establish proper connec-
tion between kmowledge and information conveyed by
such systems an analysis must be carried through, based
on three levels of understanding of the connection:

1. conceptual level: in which the semantic links be-
tween information and knowledge taken into ac-
count within each system are established;

2. architectural level: in which the actual proce-
dures to implement these links are designed — e.g.
via a knowledge broker; and

3. implementation level: in which specific strate-
gies to implement the procedures designed above
are developed.

To make this article self-contained, in section 2 we re-
call some basic definitions of probability theory that will
be needed in the following sections. In order to make
this discussion more direct and effective, we specialise it
to particular systems: in section 3 we introduce a simple
logical system to calculate probability bounds for first-
order statements based on a resolution-style inference
procedure, and in section 4 we present a simplified model
for bayesian belief networks, that are expected neverthe-
less to contain the main features and properties of those
formalisms. In section 5 we detail the three-level-based



analysis proposed above, and illustrate how the first two
levels characterise a solution for knowledge sharing be-
tween the logical system and the bayesian belief network.
In sections 6 and 7 we present two illustrative examples,
to give a flavour of how this specific knowledge sharing
setting can be used for practical applications. Finally,in
section 8 we present some final remarks and suggestions
for future work.

2 Preliminary Definitions

Given a finite set D, an algebra xp on D is a set of
subsets of D such that (i) D € xp; (i) A€ xp >-A€
xp; (iii) A,B € xp = AU B € xp.

A subeet of D is called an event on D. Events be-
longing to xp are called measurable events.

A probability measure on xp is a function P : xp =
[0, 1] such that (i) P(D) = 1 (total probability); (i) AN
B = {} = P(AUB) = P(A) + P(B) (finite additivity).

Given two measurable events A, B € xp, the condi-
tional probability P(A|B) is defined as:

P(ANB
P(A|B) ={ O‘vL’ml FE

P(B)=0

Two measurable events A, B are called independent iff
P(A|B) = P(A) which, as a corollary, gives that P(AN

=P(4) x P(B).

The set D can be partitioned into m subsets
Dy, ..., D such that (i) D;nD; = {},4,i=1,....,m,i #
7 and (i) D=7 D;.

We can have independent probability measures P; for
algebras xp: (probability measures for two algebras x;
and x3 are independent iff each event X; € x1 is inde-
pendent of every event Y; € xa and vice-versa) for each
set D;. If we assume that all events in each xp; are pair-
wise independent, we can extend measures to cartesian
products of the sets D; of a partition of D: the cartesian
product of a collection of bases of algebras of elements
Dy, ..., Dy, of a partition of D is the basis 3* of an alge-
bra of the cartesian product of the sets D, ..., D, and
the measure P on the corresponding algebra ¥ is defined
as:

o P [0,1].

o P(A) =TT Pi(A2).

where E = [Ah---lAﬂI]lAi € thPi is the proba-
bility measure defined on xp;.

Probability measures can be extended to non-
measurable events, i.e. sets A; € 20\ xp. Given D, XD
and P, we define the inner and ouler extensions to P

(P. and P*, respectively) as [Dud89):
e P, P*:22 4 0,1]

x P.(A) = sup P(X) XCAXExp}
= P( gA) EXI.D)

. P = AP0 ACX X
Z POk G5

Inner and ocuter no can be extended to carte-
sian products of a partition of D. Given a collection
Dy, ..., Dy of elements of a partition of D, and given
also the algebras xp: and probability measures P; of
each D;,i=1,...,m, we have:

® Praay Py 2 201%%Da 4 [0,1]
me (A Pm(X): X C 4, X
o Pme(4) wpb ( ) ACXE;)X'}
Po(4) = me ACX,Xe
(4 5 ;;lf ( ) A;&{}xg}f)

The measures P, and P, can be regarded as ap-
proximations from below and from above to the prob-
abilities of non-measurable events: if we could evalu-
ate the probability Ppn(4), then we would have that
Pre(4) € Pm(A) £ Pr.(A). Indeed, for measurable
events we have that Pr. (4) = Pn(A) = P (A).

3 A Simple System for Probabilistic Reasoning

In this section we introduce a simple logical system for
probabilistic reasoning, that employs a resolution-style
SLDNF deductive system for clausal theories and can
be implemented as a pure PROLOG meta-interpreter
[Apt94, SS86). This system is a simplified version of
what was presented in [CdSRH$4] and implemented in
[Cds92].

The system we present here allows the deduction of
degrees of belief apportioned by a rational agent to state-
ments represented as normal clanses and queries. These
degrees of belief are represented as probabilities on poesi-
ble workls, that can be loosely understood as hypotheti-
cal scenarios capable of accommodating the problem be-
ing solved, following the foundations for well-known for-
malisms like Incidence Calculus [Bun85, CdSB91], Prob-
abilistic Logic [Nil36] and the Dempster-Shafer Theory
of Evidence [Sha76, FH89).

Following [Kun89, Tur89, CdS92], let us consider
the special class of clausal theories called function-free
normal programs under restrictions of call consistency,
strictness with respect to queries, and allowedness, hav-
ing as inference procedure the SLDNF Resolution Rule,
that is known to be sound and complete with respect to
the model of the Clark’s completion of programs in the
language.

This defines a rich subset of first-order logic with a
computationally efficient inference procedure and a for-
mally specified declarative semantics. A program P is
a theory consisting of a collection of normal clauses H
:= Q1, ..., Qu and unit clauses H;, and proofs will be
triggered by a query §1°, ..., Gn’, where H, H; are
atomic predicates and §;, Qx’ are atomic predicates or
negations of atomic predicates.

A set of possible worlds is a collection of worlds (or
states, or interpretations), each of them assigning differ-
ent truth-values to the formulae in our language. Intu-
itively, a possible world should be viewed aa a conceivable
hypothetical scenario upon which we can construct our
reasoning.

Given a program P and a set of possible worlds O =
{wi,...}, & rigid formula is & formula which is always
assigned the same truth-value in all possible worlds.



We assume in our language that, given a program
P, each poasible world w; can assign a different truth-
value to the set of unit clauses in P. We aasume that the
normal clauses occurring in P are rigid.

The degree of belief attached to a query is the prob-
ability of selecting a possible world at random and the
query being true in that world. One possible way of eval-
uating the degree of belief in a query could then be to
trigger repeatedly a program for each w; € Q, to identify
the subset of  in which the query is true, and then,
based on a probability measure defined for an algebra
on 2, to evaluate the probability of the query being true
(or at least the inner and outer approximations of it).

This procedure becomes computationally intractable
as the size of {2 grows. Alternatively, following [NS92),
approximate solutions can be obtained for the inner and
outer approximations for the probability of a query ¢ =
G1’s +-+s O’ (henceforth queries will be denoted with

greek letters), denoted as P, () and P*(¢) respectively:

H:-q@ = ’;.(H) = ?-(Q)
T Pw=PE)
H:~ 9y = ?;t(n) = max{?;¢.(¢l+ ﬁt(‘P) -1}
P*(H) = min{P*(¥), P"(¢)}
H:i-¢ = 7:’.(1'1) = max{’i’.!d)),ﬁ.(@}
H:-¢p P*(H) = min{1, P*(¢¥) + P*(p)}
H:-\+0 = 7P@=1-7(Q)

PrH) =1-7P.(Q)

In a program P, the proof of a query @ =
Q1,...,Q, is expressed by the construction of an inter-
val [P.(Q), P*(Q)] where P.(Q) and P*(Q) are calculated
from the intervals associated to Q,....Q0. If @} is a unit
clause, the values P, (Q}) and P*(Q}) are explicitly given
(if they’re not given, they’re assumed to be 0.0). If Q!
is a normal clause, its interval is recursively calculated
using the clauses included in the program.

Example 3.1 For ezample, considering the following
program:

p(Xx) = q(x), \+ x(X)
a® =~ 8@, un

And the following intervals

r(b)
r(e)
s(a)
a(b)
s(c)
u(a)
u(b)
u(e)

The proof of p(X) is d by the bination of
the proofs of p(a), p(b) and p(c) (the values to which X
unifies). The interval associated to p(c) is the interval
associated to the guery s(c),u(c),\+r(c). Using the
rules above, this interval is bound to [maz{0, (0.6+0.4—

iated to unit cl
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1)+0.1-1},min{0.7,0.7,0.2}] = [0,0.2]. The proofs of
p(a) and p(b) are obtained in the same way, with corre-
sponding intervals set to [0,0.3) and [0,0.4). Notice that
the interval associated to r(a) is [0,0), since there’s no
unit clause defining it. To complete the proof of p(X), the
resulting intervals, {0,0.3], [0,0.4] and [0,0.2], are com-
bined and the interval for the belief on p(X) is [0,0.9}.
The proof tree and corresponding interval for the query
p(X) are as presented in figure 1.
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Figure 1: Proof Tree and Interval for p(X)

4 Bayesian Belief Networks

A Bayesian belief ‘network is a directed acyclic graph
in which nodes stand for propositional variables and an
edge from node V; to node V; means that the beliefs
about truth values assigned to the variable represented
by the node V; influences the ones of the variable repre-
sented by the node Vj.

For abbreviation, we will use v; to denote the propo-
sition V; = #rue, and —wv; to denote the proposition
V; = false. Given a set V of variables, a conjunction
cy of assignments to these variables is called a configu-
ration of V. More formally, following [vd(G96], a bayesian
belief network is a tuple B = (G, P) where:

e G = (VG,AG) s an acyclic digraph with nodes
VG ={W,...,Va}, n > 1, and edges AG;

e P = {pv,|[V; € VG} is a set of real-valued non-
negative functions

pv; {Cvi} x {Cfa(vn)] — {01 1]

called (conditional) probability assessment func-
tions, such that for each configuration c,q(v,) of
the set pg(V;) of (immediate) predecessors of node
V; in G, we bave that py,(~wile,ovyy) = 1 —
pvi(vilepoviy)-

The main application of belief networks is in repre-
sentation and manipulation of knowledge via the calcu-
lation of how evidences support hypotheses, i.e., what is
the probability of a hypothesis being true considering a



specified collection of evidences. This is done via prob-
ability propagation along the network via the definition
of conditional probability (cf. section 2) and specific val-
ues for probabilities given in the nodes and edges of the
network.

Example 4.1 The belief network shown in figure £, that
will be called PoorBN, represents a simple way to diag-
nose whether a person is poor based on their salary and
household status.

There are four variables represented in the network:

Vi : person is poor;
Va2 : person rents a house;
Va : person owns a house;
Vi : person has low salary.
0 plv) =04
p(wajv1) =03
»wa|~v1) =08
(W) ?, y=08
p(val-wz) = 0.5
Puglv2) = 0.1
O, O, Ew!-.v,)=o.e

Considering the topology and the probabilities of the net-
work, and obeerving that two disconnected variables are
{conditionally) independent, it is possible to calculate ev-
ery conditional probability involving these four variables.
For example:

» p(vz} = p(valva)p(v1) + p(v2|-v1)p(-v1) = 0.6
o p(—ws) = p(=vs|va)p(va) + p—vaf~va)p(-w2) = 0.7

¢ p(wnlvg) = im’ o =
- 0.4x % = - =0.64

o plui,~wafvs) = HoLreaed o

= Bl ’:: 2l = 0.56

Figure 2: The belief network PoorBN

Many interesting algorithms for efficient propagation
of probabilities along belief networks have been devel-
oped. The interested reader is addressed e.g. to [Pea88)
for a compilation of the major results in this field of re-
search.

5 An Architecture for Knowledge Sharing

If we compare the formalisms for uncertain reasoning
presented in the previous sections we observe they con-
tain structural similarities, as presented in table 1.

Both systems were created to propagate their
(probability-based) representations of degrees of belief
along pieces of knowledge, 80 it is not surprising that
they contain operators to perform conceptually equiv-
alent tasks, as indicated by their structural similarities.
However, the procedures employed within each system to
effectively propagate degrees of belief is very dissimilar,
as presented in table 2.

Logical Belief’
System Network
atomic predicates and boolean vaniables
information | ground terms
relations normal clauses | directed graph edges
degrees probability | probability
of belief intervals values
a priorl ntervals for probabilities
information | unit clauses on the network
output intervals Tor probabmgwen
__queries evidential assumptions

Table 1: Structural Similarities Between Logical System
and Belief Network for Uncertain Reasoning

Logical i
System Network
basls for Togical probabilistic |
ro] tion implicati conditioning
lnlierenca resolution | conditioning
system
representation of inferval single
degrees of beliel based valued

Table 2: Operational Differences Between Logical Sys-
tem and Belief Network for Uncertain Reasoning

For both systems to share knowledge, we must estab-
lish the correspondencen between their capabllmu at the
evel, 1y by g their
tics.

A broker is a2 module in this framework corresponding
to the architectural level, containing the descriptions
of the systems capabilities and their correspondences.
The task of the broker is to accept queries, to format
them accordingly and to provide the means to obtain
answers based on capabilities correspondences.

In the present article we concentrate on these first
two levels of analysis — especially the conceptual level
— to construct correspondences between capabilities of
knowledge based systems.

For instance, if we look again at example 3.1, we
obeerve that r(a) and r(b) are indistinguishable, even
though we have explicit information about the evaluated
degree of belief for r(b) whereas the corresponding eval-
uation for xr(a) is obtained by default given the lack of
information about that unit clause,

Let us say we have a bayesian belief network, which
can provide information about the probability interval
related to x(a). In this section we are going to present
how and under what conditions the connection between
queries from the logical system and answers from the
belief network can be established.

The connection must be established as a functional
transformation from atomic queries from the logical sys-
tem to specified conditional probabilities in the belief
network, and then back from the (single valued) prob-
ability estimations from the belief network to the (in-
terval based) probability values in the lognca.l system.
The interpretation of queries and answers in each system
must be compatible with each other, hence the connec-
tion must be established at the semantic level. We call
this semantic view of the connection the comceptual
level of the knowledge sharing problem (figure 3).
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Figure 3: Connection Between Two KBSs: Conceptual
Level

Once we have this connection established, we must
provide the systems with an operational counterpart to
their query and answer passing procedures. This must
be designed at the syntactical level, in order to be li-
able to be implemented (figure 4), e.g. by means of a
brokering system. A broker is a module in this archi-
tecture that contains the description of the systems that
share knowledge. The task of the broker is to accept
queries, format them accordingly and convey them to
appropriate auxiliary systems based on the descriptions
of the systems. For a detailed presentation of a bro-
kering system, the reader is referred to [RACCASV00].
This syntactical view of the connection gives rise to the
architectural level of the knowledge sharing problem.

Finally, the actual implementation of the communica-
tion procedures must be designed and made, giving rise
to the implementation level of the knowledge sharing
problem (figure 5). A more detailed presentation of this
level of the knowledge sharing problem will be left for
future articles.

Figure 4: Connechon Between Two KBSe Ardntectnru.l
Level

Figure 5: Connection Between Two KBSs: Implementa-
tion Level

The desired probability interval to be associated to
r(a) - that is missing in the original program - charac-
terises the inner and cuter approximations for the prob-
ability of selecting at random a possible world and r(a)
being true in that world, i.e. two nested events belong-
ing to the algebra xp, ,,, where D,(,) is an appropriate
subset, of possible worlds “relevant” to r(a), for which
a probability measure is known. Since r{a) does not
occur in the original program, it is assumed not to be
true in any possible world initially employed to interpret
the program. As a consequence, if auxiliary mformutlon
is obtained from a bayesian belief net k to
the probability of r(a) it must be associated to a com-
pletely fresh subset of possible worlds, rot used before
to interpret the program.

We must (manually) link r(a) to a pair of

events from the belief network (v, ...,vmles, ..., e-) and
(Y1, -3 Um, Um41y - Unle1, ..., r).  The set of possible
worlds selected by the evidences e, ..., ¢, must be dis-

joint with the set of possible worlds initially used to in-
terpret the program, and the algebra and probability
measure based on this set of possible worlds must be in-
dependent from the other algebras and measures used in
the initial interpretation of the program, otherwise the
semantics of the probability intervals generated by the
belief network will be corrupted, because of duplicated
information generated by the two systems.

Once we link r(a) and the pair of events from the
belief network, we extend the set of possible worlds, al-
gebras and probability measures considered initially for
the logic program with the set of possible worlds rele-
vant to ey, ...,e, and evaluations provenient from the
bayesian belief network can be employed within proofs
in the logical system as if they belonged to the original
program.

In order to clarify how we can use this semantic ex-
tension of a logical system with knowledge shared by a
belief network, in the following sections we present two
illustrative examples. In the first one, we use a belief net-
work to complete a proof generated by a logical program.
In the second one, we build a simple logical program that



constructs its proofs based solely on information gener-
ated by three separate belief networks.

6 Consulting One Bayesian Belief Network

Suppose that a university wants to create a knowledge
based system to decide whether a student shall receive
free lodging in the university student accommodation
facilities. The criteria upon which the decision is based
considers the following information about the student:

financial sitnation : whether the student has means
to pay for external accommodation;

academic performance : whether the student has

good academic records;

medical condition : whether the student medical sta-
tus can be considered potentially harmful to other
students in the lodging. The diagnostic of the med-
ical situation of a student is based on the student’s
vaccination records and on contagious diseases from
which they are diagnosed to suffer.

A simple logical theory to decide whether a student is
a good candidate to receive free lodging by the university
can be given by:

deservelodging(X) :- poor(X),
goodStudent (X)),
healthy(X).
healthy(X) :=  vaccinated(X),
\+disease(X).
poor (John) = {0.7,0.
poor(Paul) = [0.6,0.9
disease(John) = [0.5,0.
vaccinated(John) = [0.5,0.5
vaccinated(Paul) = [0.7,0.9

There are no explicit means to calculate the belief
on goodStudent (X), which will therefore assumed to be
improbable by default. Alternatively, we could “build”
the belief interval based on information available in the
university students records, using knowledge shared by
the belief network given below:

Example 6.1 The belief network in figure 6, called
GoodStudentBN, can be used to decide whether a student
s a “good” student based on their academ:c information:
exam resulls and lecture attend, informati

Since we do not have specific information about
the d perfor of John or Paul, we
will replace both queries goodStudent(John) and
goodStudent (Paul) by a corresponding concept from the
belief network, e.g. we can associate to both unit clauses
the interval [p(a, bic), p(alc)].

The  link goodStudent(John)  and
goodStudent (Paul) to the mterual [p(a,blc) p(aje)] is
based on our interpretati Yy {conceptual
level) and it is mcluded in the broker description of the

(architectural level).

TTle pmof tree for donrvoLodging(John), in this
case, ing a repr tation of the knowledge shared
by the belief network is given in figure 7.

Description of the variables (nodes) of the network:

A : student is good
B : student goes to every lecture
C : student has good exam results
D : student has good university admission exam results
E : student has good exam results in university courses
0 p(a) =05
p(bls) = 0.8
p(b]-a) = 0.4
r(cla) = 0.9
(B) o p§c|ﬂa) =01
p(dlc) = 0.9
picﬂ-\c) =05

sfc) = 0.9
Examples of queriea to this belief neé:u:g 3
¢ p(c) = plc|a)p(a) + p(c|-a)p(-a) = 0.5
s p(ajc) = g2l — 0.9

* p(a,ble) = B = Halblollpicloll - g7

]
Figure 6: Belief network to model the “quality” of a
student

Figure 7: Proof tree for deserveLodging(John) with
knowledge sharing

The role of the broker in this computation is to ac-
cept a query from the logical system and di. another
system that can ‘prove” it. Since we have linked the for-
mula goodStudent(John) and a pair of gueries to a be-
lief network, the broker asks the belicf network for the
two values, builds an interval, and returns the interval
to the logical system.

7 Consulting Multiple Bayesian Belief Net-
works

Let us consider now a situation in which that several
individual belief networks are available and we want to
build a system that uses the capabilities of these net-
works to solve a complex problem. In example 7.1, three
belief networks are used by a simple logical theory to de-
cide whether a student shall receive free lodging by the
university.

Example 7.1 Let us assume we have access to the belief
networks shown in ezamples 4.1 and 6.1 and, addition-



ally, to the network, called HealthBN, presented in figure
8:

Description of the variables (nodes) of the network:
H : person is healthy;
'V : person is vaccinated against contagious diseases;
D : person is infected with contagious disease.

0 p(h) =08
;m:)l;:o o
pld|h) = 0.1

9 ©® pld]-h) = 0.6
Examples of queries to this belief network:
¢ p(d) = p{dlh)p(h) + p(d|-~h)p(-h) =
o plhj~d) = BERCHE = 0.9
o plh,v~d) = el = p(ipogNE®) - g8y

Figure 8: Belief network to model the health of a person

Based on these individual networks we can build a

very simple logical theory to decide whether a student
should receive free lodging by the university:
deservelodging(X) :- poor(X),
goodStudent(X),
healthy(X).
Let us say we have ed the relations between

the needed knowledge and what can be conveyed by the

deservel.odging{Paul)
[0.09,

poor(Paul), nt(Paul), healthy(Paul)
[0.08, 0.64]

poor(Paul) goodStudent(Paul) (Paul)
[0.58, C.64) 72,08 10.81,0.9)

LPoorBN } [GoodStudsmBN] [ HeatmyeN]

Figure 9: Proof tree for deurvd.o;ging(l’ml) with
knowledge sharing

information about how inferences are performed within
participating systems is essential for proper knowledge
sharing to occur. Namely, we have considered how
bayesian belief networks can offer the result of their in-
ferences to a resolution-based logical system to assign
probability intervals to clausal queries.

The results presented here take info account only a
simple situation, in which information provided by the
networks is completely missing in the logical system.
Also, it is not considered how the connection between
systems would have to be made so that logical theories
could also provide useful information to belief networks.
These two scenarios are being taken into account at the
moment under the auspices of the project DECaF{-KB
— Distributed Environment for Cooperation Among For-
malisms for Knowledge-based Systems — and shall be
presented in future papers.

Nevertheless, some interesting points should be high-
lighted:

o the approach described here can be regarded as a
useful problem solving strategy when the problern

does not belong to a single domain, and a good so-

belief networks. This ia pr ted in table 3.

Togic formula  network asgociated interval
peor(Jobn) PoorBN v1, —v2|va), p{v1]ve
peor(Paal) PoorBN vy, Walva), p(v1|va
goodStudent (Joha) GoodStudentBN |p(a, b|c), p{alc
geodStudent (Pau)) GoodStudentBN p a,b|c), plalc
bealthytiebn)  HealthBN _‘3, E l:ﬂl
bealthy(Peut)  HealthBN plh

lution for it is achieved by the combination of the
results obtained in its multiple domains;

o this approach can also be seen as an effective soft-
ware (re)use strategy, where a brokering system can
link information available in existing systems to spe-

Table 3: Links between formulas md probabxhty intet-
vals

The broker in this example contains the mfonnatmn

cific queries of new ones;

o the possibility of use a logical system as an intelli-
gent “interface” to combine information generated
by a collection of belief networks;

Ref

shown in table 3 and, for each query of the I {

asks the appropriate belief network for the com!apondmg
pair of values, builds an interval, and returns the interval
to the logical system.

Using these links, the proof tree for the formula
deserveLodging(Paul) is presented in the figure 9. No-
tice that, although in this simple ezample the links asso-
ciate the same intervals to Paul and John, this will not
necessarily be the case in all problems.

8 Conclusion

In the present article we have discussed a specific non-
trivial knowledge sharing scenario, in which semantic
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