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Abstract

In this paper a new operator for agent’s implicit be-
lief revision is presented. This operator is conceptually
based on the following requirement: an agent should
find first an explanation for the observations it makes
before it tries to revise its beliefs. As a consequence,
the proposed belief revision model does not agree with
the principle of minimal change, commonly accepted.
A translation of an agent’s knowledge base, expressed
by means of a conditional defaults set for an abduc-
tive extended logic program, is also presented. This
translation allows us to make explicit the specificity
that exists among defaults and also the logic program
allows us to determine the possible explanations for a
recently observed fact.

Introduction

The assimilation process of new information in an
agent’s knowledge base has been usually divided into
belief revision (Alchourrén, Girdenfors, & Makinson
1985), (Gardenfors 1988), (Boutilicr 1991) and belief
update (Katsuno & Mendelzon 1991). The first de-
scribes how a rational agent should change its beliefs
when it belicves that the world has not changed but its
internal state became inconsistent. The update process
is concerned with the description of the changing pro-
cess in an agent’s beliefs when it believes that the world
has changed. Recently, several rescarchers (Boutilier
1997), (Friedman 1997) have suggested that both pro-
cesses may be understood as being opposite extremes
of the broad spectrum of belief change strategics that
an agent can adopt.

In this paper a new approach to belief revision is in-
troduced. We may say that the slogan adopted by Li
and Pereira (Li & Pereira 1996) to describe their possi-
ble causes approach suits our proposal too: What is be-
lieved is what is explained. However Li and Pereira de-
fine a new belief change operator for dynamic domains,
where observed changes arc due exclusively to actions
that might have happened, i.e. they aim to model the
belief update process, while we are concerned with the
belief revision problem.
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Belief revision operators have been governed by the
AGM postulates (Gardenfors 1988), and have been rep-
resented by a syntax based approach (Ginsberg 1986)
and by semantic based approach (Winslett 1988). Min-
imality criterion has there a central role. By minimality
criterion it is meant that the agent’s belief set, after a
revision has been made in order to incorporate new in-
formation, should differ minimally from the belief set it
had before the revision.

In this paper we assume that minimality is a very
strong criterion. Evidential reasoning (reasoning trig-
gered by an observation), on the other hand, requires
far more flexible criteria where explanation for recently
observed facts has a central role.

According to our proposal, when an agent observes a
new fact ¢, it should look for an explanation for that
fact, before it ever tries to change its belief base. If
it is possible to find an explanation a for the recently
observed fact, the agent must change its belief base in
order to incorporate ¢ A a, computing the logic conse-
quences of this new fact and of its explanation. However
if the agent is not able to determine an explanation, its
beliefs remain unaltered; this means that the agent as-
sumes a skeptical attitude. This scenario is equivalent
to the situation where the agent prefers the information
in background to the newly observed fact.

This paper is structured in the following way: Next
section introduces a motivational example and the for-
malism used to describe our domain. Section 3 presents
how specificity rclations can be computed through the
syntactic processing of existing clauses in the agent’s
knowledge base. Section 4 introduces a translation of
specificy relations to a extended logic program with ex-
plicit negation. In section 5 we discuss how to incor-
porate new evidence within the agent’s knowledge base.
In the final section we draw the main conclusions as well
as some dircctions Lo be followed in future research.

Domain descriptions

Let. T be the specific knowledge an agent possesscs
about a certain context. T is a pair (Kp, E), where
K p represents the background knowledge about the do-
main the agent has, i.e. the generic knowledge that very
unlikely the agent will change and FE represents the con-
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tingential knowledge, i.c. the knowledge that it is likely
to vary from case to casc and along the time axis. The
pair T = (K p, E), is also known, as the agent’s knowl-
edge base.

The background knowledge K will be represented
by means of a set of default clauscs!; of the form:
a; ~ J;. Each default, o; ~ 8;, is interpreted as a
defeasible rule, i.e., “If a; then normally / typically
B:". B; is an objective literal (an atom or its explicit
negation), defined from a set £ of arbitrary grouud lit-
crals. «; is a propositional formula constructed from
L and the logic connectives V, A and —. ~ is a meta-
connective, meaning normally / typically. £ has also
symbol L, representing logic falsity. Symbol = repre-
sents the relation of logic consequence.

Example 1 Take agent A, having the following specific
knouwledge, regarding a certain domain:

dy : es(X) ~ —int(X,Ip)
d; : es(X) ~ —int(X, lin)
ds : int(X, ai) ~ int(X, lp)
Kp = dq:int(X,ai) ~ —int(X, lin) (1)
d; : int( X, ai) ~ cs(X)
ds : int( X, prcl) ~ int(X,lin)
dy s int(X, pr_cl) ~ int( X, ai)

Rules d; represent the following facts: (dy) A belicues
that computer science (¢s) students are normally nei-
ther interested in learning logic programming {Ip), (d=2)
nor linguistics (lin); (dy) students intervested in artifi-
cial intelligence (ai) are normally intercsted on learn-
ing logic programming, (dy) but typically are not inter-
ested in learning linguisties; (ds) students interested in
artificial intelligence are normally students from com-
puter science; (dg) students interested in doing their
final course project on computational linguistics (pr_cl)
are typically interested on learning linguistics; (d7 ) stu-
dents interested in doing its course project in compu-
tational linguistics are normally interested on artificial
intelligence.

Assume now that agent A is informed that b is a
computer science student, which can be represented by
the contingential knowledge: E = {es(D)}.

This said, we can expect that the deductive elosure of
K p, where the connective ~» is substituted by the clas-
sical material implication D*, generates the following
belief set:

BS, = { cs(b), —int(b, Ip), —int(h, lin), } @

- —int(b, ai), ~int(b, pr_cl)
If after a while A gets evidence in favor of the fact

that b is interested in studying logic programming,
which is represented by the following formula o,

'For simplicity and space reasons, in this paper, we will
only consider domains described exclusively by default rules.

2Temporarily we are abstracting ourselves from the un-
derlying details of the connective use ~» and of che normality
concept involved in the clauses in A'p.
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¢ = int(h, Ip) (3)

How should A's beliefs be modified in order to accom-

modate this new evidence? Both Winslett and Gins-

berg approaches lead, in this example, to the same re-
vision and therefore to the same belief set BS»:

_ | es(b),int(b,lp), ~int(b,lin),
BSQ—{ —int(b, at), —int(b, pr_cl) (4)

However we conjecture that agent A should alter its
belief set in order to incorporate both the recently ob-
served fact and its explanation. Therefore, the ap-
proach presented in this paper would lead to the belief
set BS3, as int(b, ai) would be an acceptable explana-
tion for being interested in logic programming:

_ | es(b),int(d, Ip), ~int(h, lin), -
BS;"—{ int(b, ai), ~int(b, pr_cl) (5)

We can easily observe that the belief sets (5) and (4)
can not be gencrated by interpreting the background
knowledge Kp as being a first-order logic theory. Thus,
the agent should not continue to use some of the present
clauses in its knowledge base, or otherwise it would be
led to an inconsistent belief set.

So, according to our perspective agent’s new belief
sct should incorporate both the logical consequences of
the new observation and the logical consequences of its
explanation. This being the case, if BSU¢ is consistent,
the new belief set will be defined as being Cn(7'Ug Ua),
where « is an explanation to ¢ and Cn. represents the
logic consequence operation.

Specificity Ranking Function

Along of this paper we assume that the least specific
defaults are the natural candidates to be blocked in any
context. So we need to determine which defaults are
more specific and for this we use Systein Z, proposed
by Pearl (Pearl 1990). Tolerance is the key concept
for partitioning set K p, into mutually exclusive subsets
Kpo,Kpr,y ..., K1y, Two rules belong to a subset K p;
arce equally specific. 1f they belong different subscts
they have different specificitios.

A rule is tolerated by a set of defaults A if the an-
tecedent and the consequent of this rule are not in direct
conflict with any inference sanctioned by A®, where A*
is a set obtained from set A by replacing the meta-
connective ~» by the classic material implication D.

Definition 1 (Tolerance) (Goldszmidt &  Pearl
1096) A rule o« ~ 3 s tolerated by a defaults set A
il {aAdia{eg D] o~ e A} 2 L.

Based on this concept of tolerance Goldszinide and
Pearl define an interactive procedure that allows the
generation of partition of the set default rules in the
knowledge base of the agent. This procedure can be
defined in the lollowing way:

1. Find the set of rules tolerated by Rpy, nawe this set
a8 Ifl)u.



2. Find all rules tolerated by (Kp — K pg) and name this
set K D1

3. Repeat step 2 until there is no rule in Kp that has
not yet been assigned to one of the sets Kp;.

This procedure converges and a partition of the rules
of Kp will be obtained. This partition has the following
property:

n
Every default belonging to Kp; is tolerated by |J
J=1
Kp;, where n is the number of the equivalence classes
defined by tolerance relation. Rule r; is less specific
than a rule r; iff r; € Kp and r; € Ky and k < 1.
From this partition a defaults ranking function can
be constructed. This function maps each default to a
non-negative integer, representing the specificity of the
default. This function is obtained by assigning every de-
fault the index corresponding to the partition to which
it belongs. So, Z(a ~ ) is equal to ¢ if the default
belongs to the partition Kp;, and Z is the name of the
ranking function. So that for whichever two defaults
d; and d; belonging to the set Kp, if d; is less specific
than d; then Z (d)< Z (d;).

Example 2 By determining which default is tolerated
by the other defaulis in the background knowledge Kp
of ezample (1) we obtain the following partition:

Kpo = {di, do}; Kp1 = {d3.ds,ds} (6)
Kps = {de,dv}

and so Z(dy) = Z(d2) = 0, Z(d3) = Z(dy) =
Z(ds)=1eZ(dg)=2Z(d7) =2

Translating in an extended logic
program

The basic idea of this section is to propose a trans-
lation ¢ of the knowledge base T = (Kp,E) to an
extended logic program, with two types of negation:
cxplicit negation and negation by default. This pro-
gram takes into account the specificity relations implicit
among existing defaults in the agent’s knowledge base,
which were determined by System Z. The semantics of
this program will be given by the Well Founded Seman-
tics with eXplicit negation (WFSX) (Alferes & Pereira
1996).

An extended logic program P is a set of rules of the
following kind:

Lo+ LiA...ALpAnot Lyyyy A...Anot L, (N

Where 0 < m < n. Each L; is an objective litcral.
An objective literal is an atom A or its explicit negation
—A4. The symbol not represents negation-as-failurc and
not L; is a default literal. Literals are objective literals
or default literals and -4 = A.

If we assumc that more specific information has
prevalence over least specific, we would be led to con-
clude that a certain default rule d should have priority
over any least specific default rule d’', thus inhibiting
the use of d'.

So cach conditional default (€ : & ~ ) belonging
to a partition Kp, (i > 0) of Kp, will give rise to two
rules (44 and 4) in extended logic programming:

de : B+ aAnot -3 Anot ab;. (8)
wa : abi_; + a. (9)

And for each default (d : @ ~ ) belonging to a
partition Ky a unique rule will be generated:

04 : 3« aAnot =8 Anot abg. (10)

The generated set of rules dg and g enables us to
capture the specificity pattern that is dictated by the
conditional interpretation of defaults and reflected in
the partition of the knowledge base of the agent.

Definition 2 ({-translation) The (-translation of

Ko will be equal to Pp = |) {6¢| d€ Kpi}u ()
i=o0 i=1

{wa| d € Kp;}, where n is the number of the equiv-

alence classes defined by the tolerance relation among
defaults.

Example 3 Consider the background knowledge K,
defined by (1). The (-translation of this knowledge is
equal to the following program Pp:

-int(X,lp) « cs(X)Anot int(X,Ip) A (11)
not ab0.
-int(X,lin) <« ex(X) Anot int(X,lin) A not ab0.
abd « int(X,ai).
int(X,lp) <« int(X,ai) Anot —int(X,Ip) A
not abl.
—int(X,lin) + nt(X,ai) Anot int(X,lin) A
not abl.
es(X) <+ int(X,ai) Anot —cs(X) Anot abl.
abl <« int(X,prcl).
int(X,lin) ¢ int(X,proel) A not —int(X,lin) A
not ab2.
int(X,ai) +« int(X,pr_el) Anot —int(X,ai) A
not ab2.

Example 4 Given (Kp, {cs(b),int(b,ai)}). The ob-
tained translation equals (Pp,{cs(b),int(b,ai)}), this
program has a single model, that preserves the speci-
ficity relations between defaults, in which the following
objective literals are true:

{es(b),int(b, ai), int(b, Ip), ~int(b, lin),ab0}  (12)

We can observe that (12) partially coincides with (5).
The differences are the objective literals —int(b, pr_cl),
which appears in (5) due to contrapositive reasoning;
and the literal ab0, that forces in (12) the specificity
relation between the defaults ds and d, .

It should be stressed the role played by the parti-
tion during the revision process. As it was said before,
when an agent A faces an inconsistency, motivated by
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the application of some default conditionals, it should
abdicate to use some of these defaults, so that it may
restore the consistency of his belief set. Usually, in
logic programming the onus of determining which de-
faults should be blocked is under the responsibility of
the programmer. However, when the knowledge basc
grows it may be difficult to stipulate how the various
default clauses interact. The use of System Z, and
therefore of the default ranking function, allows us to
bring to surface the preference relations that exist be-
tween the different conditional defaults include in the
agent’s knowledge base. Thus defining which defaults
should be used and which should be blocked during the
revision process.

Proposition 1 (Soundness wrt to Specificity)
The Well Founded Model (W FM ) of (Fp, E) is sound
with relation to specificity of K1y dictated by System Z,
i.e. whenever a literal 3 belongs to W F AL then either
3 € E or there is at leust one default d : o ~ 3 such
that « € WFAM and there is no default d' : o' ~ -3
more specific than d such that o' € TWWFAL.

The (-translation of the knowledge base T = (K'p, E)
to an extended logic program plays two roles in our
framework. In first place it provides a etficient method
for computing the logic consequences of the agent’s
known context. Furthermore, it also suggests a mech-
anism whereby abductive reasoning can be claborated
by agent; how will be shown in the next section.

Assimilation of new evidence

This section introduces our approach for the problem of
incorporating new cvidence in an agent’s beliefs base.
According to our proposal, the first step in the assimi-
lation process of new evidence ¢ by agent A, consists in
determining the predictive explanations to the newly
obscrved fact. We will say that a is a predictive ex-
planation to an observation ¢, when the belicf in « is
sufficiently strong for inducing the belief in ¢; in other
words by believing in « the agent makes a commitment
with ¢.

So, according to our proposal, a is a predictive ex-
planation to ¢ in a context T = (A, E) iff there is
least one default d : A ~ ¢ such that A € WFAM of
T = (Kp,EUo) and A ¢ WFM of T = (Kp, E);
in other words a is a predictive cxplanation to ¢ if
there is one active default d : A ~ ¢ in context
T = (Kp, E U o) and it is more specific than any other
active default &' : M ~ —p in 1" = (Kp,EUa).

Obviously this first step happens only if the new cvi-
dence does not. yet belong to the set of beliefs the agent
has. If the agent already belicves in the new evidence,
no action will be carried out, and the belief base of the
agent remains unaltered.

Therefore we need to determine the abductive expla-
nations for a newly observed fact ¢. For that purpose we
use an abductive logic framework (Eshghi & Kowalski
1989). In the extended logic programming context, an
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abductive framework P4 may be obtained, according to
Kowalski and Eshgi, in the following way:

Py = (Pg, Abd, IC) (13)

Where Pe = Pp U {0 + |Vo € E}, IC denotes
the integrity constraints set and is equal to IC =
{L¢ not &}, E represents agent’s contingential knowl-
edge, ¢ represents the new observation to be ex-
plained. Abd is the abductive literals set and it is
equal to the subset of the antecedents set in the do-
main description Kp (Abd C Ant(Kp)\¢). That is,
for ¢ = int(b,lp) and Kp of example (1), Abd =
{es(X),int(X, ai), int(X,prcl)}.

A is an abductive cxplanation to ¢ iff: Py, U
A Ewrsx ¢ and Py By sy A.

In this way the predictive explanations can be com-
puted by evaluating abductive queries to the extended
logic programs. It should be stressed that an observa-
tion ¢ may have more than one possible explanation in
program P4, and therefore in the helief base T'. So, we
will refer to the set of possible explanations in T for ¢
by IIT" A6l

We can now definc a new operator ¢ for the revision
of the belicf base T motivated by the new fact ¢. This
operator will generate a new belief base set, which will
assimilate the new evidence:

{T: | T: = (Kp U Ey)}
To — where E; = EUoUA;
® to each A; € ||T A ¢
T if T Adl =0

Example 5 Consider again the background knowledge
K defined in (1). Given that the contingential knowl-
edge the agent knows is E = {es(b)} suppose that the
new evidence ¢ = {int(h,lp)} is observed. The abduc-
tive framework P, obtained in this situation is equal

to:
. 2s(b), int(b, ai),
Ps=PpU < {("s(b) 4_} ’{ csi('n,t(g?’])'!'_(;)l' } : >

{14 not int(b.lp)}

(14)

In this cuse the abductive answer is {{int(b,ai)}}. In
agreement with our approach we would conclude that

5d ; ? .
T nttbay equal to:

{Ty = (Kp,cs(b) U int(b, ai) Uint(h,lp))} (15)
We can sce that the conguction of Pp (the (-translation
of Kp) with {cs(b) « ,int(b,ai) « ,int(h,Ip) « }
derives the follounng belief set:
BS = {cs(b), int(b,Ip), ~int(b, lin), int(d, ai), ab0}
(16)
which corresponds to advocated intuition.

Concluding Remarks

In this paper we present a new operator for the implicit
belief revision of an agent. This operator is based on
the concept that says that in many situations an agent



should find an explanation for a recently observed fact
before revising its beliefs. As a consequence, the pro-
posed belief revision model does not observe the prin-
ciple of minimal change. A tranmslation of an agent’s
knowledge base, expressed by means of a conditional
dcfaults set into an abductive extended logic program,
is also presented. This translation allows us to make ex-
plicit the specificity that exists among defaults and also
the logic program allows us to determine the possible
explanations for a recently observed fact.

Through this abductive framework we can model the
incorporating of new evidence into agent’s belief base.
It is done considering that the defaults exist as condi-
tional declarations, which can be blocked through the
abduction of more specific premisses that sustain new
evidence, and defeat all counterarguments that exist in
agent’s known context. Therefore we say that the ab-
ductible answers are predictive explanations that non-
monotonically entails the new observation.

However a number of questions remain to be ex-
plored. In particular we are currently investigating how
our model might be extended to incorporate plausibil-
ity degree to each possible explanation (Garcia & Lopes
1998). So that the most plausible explanation, in each
context, is preferred. The incorporation of plausibil-
ity measures enables agents to weight the convenience
of maintaining its beliefs instcad of taking into consid-
eration new evidence, thus cnable an agent to behave
pro-actively in order to clarify the situation.

All the examples that were presented in this paper
were experimented with the latest version of the pro-
gram REVISE (Damadsio, Pereira, & Schroeder 1996);
an extended logic programming system for revising
knowledge bases. This program is based in top-down
deerivation procedures for WFSX (Well Founded Se-
mantics with eXplicit negation) (Alferes & DPereira
1996).
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