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Abstract 1. Introduction and motivations

A well-known problem in multiagent sys-
tems (MAS) involves finding an adequate for-
malization of an agent’s knowledge to perform
defeasible inferences in a computationally effec-
tive way. In the last years, argument-based ap-
proaches have proven to be a attractive setting to
achieve this goal [28, 22, 24]. Dealing with un-

A well-known problem in multiagent systems
(MAS) involves finding an adequate formaliza-
tion of an agent’s knowledge to perform defeasible in-
ferences in a computationally effective way. In the
last years, argument-based approaches have proven
to be an attractive setting to achieve this goal. Deal-

ing with uncertainty and fuzziness associated with certainty and fuzziness associated with the agent's

the available knowledge are also common require- .
) 9 q knowledge are also common requirements when for-
ments in MAS. Such features, however, are not embed-

ded in most arqument-based formalisms. Possibilisti malizing MAS. Such features, however, are usually
c most argume S€a Tormalisms. FOSSIDISHC | o hedded at object-level in argument-based for-
Defeasible Logic Programming (P-DelLP) has re- malisms
cently appeared as an alternative to solve the above :

; ; - Possibilistic Defeasible Logic Programming
problem. P-DeLP is a logic programming language
which combines features from argumentation the- (P-DeLP) [14] has recently appeared as an altema-

ory and logic programming, incorporating as well the tive to s_olve the above prgblem. P-l_)eLP Is a logic pro-
treatment of possibilistic uncertainty and fuzzy knowl- gramming I_anguage which cpmblnes feat_ures_ from
edge at object-language level. This paper describes argumentatlon theory and logic brogramming, incor-
how P-DeLP can be applied in the context of for- pqratmg as well the treatment of_p035|b|llst|c uncer-
malizing an agent’'s beliefs and perceptions, along tainty and fuzzy knowledge at (_)bject-language level.
with an argumentative inference procedure to de- These knowledge representation features are for-

termine which of the agent’s beliefs are ultimately ma]ized on the basis of PGL [_1’ 2], a possibilistic
accepted (omarranted! logic based on @del fuzzy logic. In PGL formu-

las are built over fuzzy propositional variables and the
certainty degree of formulas is expressed with a ne-
cessity measure. In a logic programming setting, the
proof method for PGL is based on a complete calcu-
lus for determining the maximum degree of possibilis-
tic entailment of a fuzzy goal. The top-down proof
. . . . - procedure of P-DeLP is based on the one usedkein

+ A slightly different version of this paper (not considering how . . . .

to model agent reasoning capabilities) was originally published feasible logic programmingl7], which has already

in the Proceedings of the Intl. Conference in Uncertainty in Ar- been integrated in a number of real-world applica-

tificial Intelligence (UAI 2004), pages 76-84. tions such as intelligent web search [11, 13], cluster-
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ing [18], and natural language processing [10], among a crisp interval of number of revolutions, the above
others. proposition is to be interpreted a3+ € low such

This paper describes how P-DeLP can be applied in that the engine speed is. In the caselow denotes
the context of formalizing an agent’s beliefs and per- a fuzzy interval with a membership functign,,, :
ceptions, along with an effective argumentative infer- [0,6000] — [0, 1], the above proposition is inter-
ence procedure to determine which of the agent's be-preted in possibilistic terms as “for each € [0, 1],
liefs are ultimately accepted (orarranted. Inourap- 37 € [mow]o SUCh that the engine speediisis cer-
proach, the agent’s knowledge will be represented in tain with a necessity of at least— o, where 1o, ]
terms of certainty-weighted formulas. We model the denotes thex-cut of 1., the set of values defined
distinction between strict and defeasible knowledge by as [tiowla = {u € [0,6000] | pow(u) > a}.
attaching different certainty weights (weight 1 corre- So, fuzzy propositions can be seen as (flexible) re-
sponds to strict knowledge, and weights in the inter- strictions on an existential quantifier [16]. It must be
val [0, 1) correspond to defeasible knowledge). Argu- noted that negation in P-DeLP is used to contradict
ments will be computed as proof trees supporting a statements represented by fuzzy propositions. For in-
given formula (goal) with a certainty weight. These stance, in the cast&w denotes a crisp interval of
weights will be used to solve conflicts among contra- revolutions,~ engine_speed(low) is interpreted as
dictory goals. “=[3x € low such that the engine speeda¥’, or

The rest of the paper is structured as follows. First equivalently Yz € low,  does not correspond with
in Section 2 we will discuss the knowledge representa- the engine speed”.

tion features_ provideq by P-DeLP, including its Syntax petinition 1 (P-DeLP formulas) The set Wii&C) of
and semantics at object-language level. Then in Sec'wffs inL arefactsandrulesbuilt over the literals of_.

E)OB 3L|‘:’>V€ preseilnt the central_ rlot(;on afglémerlmn h A certainty-weightedtlause inZ, or simplyweighted
-De as well as an assoclated procedural Mecha, sajs 5 pair of the form(y, ), whereyp is a wif in

nism for obtaining them. In Section 4 we formalize the  » 4 [0, 1] expresses a lower bound for the cer-
notions of attack among arguments and the top-down tainty of» in terms of a necessity measure.
proof procedure for computing ultimately undefeated
arguments (owarrantg in P-DeLP. In Section 5 we The P-DelLP language is based on Possibilis-
present a worked example, showing how P-DeLP cantic Godel Logic or PGL [1]. There are different rea-
be used to model beliefs and reasoning capabilities ofsons for choosing PGL as the underlying logic to
an intelligent agent. Finally, in Section 6 we discuss model both uncertainty and fuzzin€'s#\ key fea-
related work and the most important conclusions that ture of PGL is that it can be extended with a partial
have been obtained. matching mechanism between fuzzy propositional va-
riables based on a necessity-like measure which
2. The P-DelP programming language: Fr:ﬁlsair\[gs_ completeness for a particular class of for
fundamentals Since wffs in£ involve fuzzy propositional varia-
bles, the underlying semantics of P-DeLP is many-
The P-DeLP languagg is defined from a set of  valued instead of Boolean and possibilistic models
ground fuzzy atoms (fuzzy propositional variables) are defined as possibility distributions over all the pos-
{p,q,...} together with the connectives-, A, < }.  sible set of many-valued interpretations. A detailed de-
The symbol~ stands fomegation A literal L € Lis  scription about the many-valued and possibilistic se-
a ground (fuzzy) atong or a negated ground (fuzzy) mantics of P-DeLP can be found in [14].

atom~ g, whereq is a ground (fuzzy) propositional The proof method for P-DeLP formulas, written
variable. Arule in £ is a formula of the formy « is defined by derivation based on the following trivial-
Ly N ... A Ly, where@, Ly, ..., Ly, are literals in ity axiom and a particular instance of the generalized

L. Whenn = 0, the formula@) < is called afact modus ponens rule:
and simply written asg). In the following, capital and ]
lower case letters will denote literals and atomgijin ~ AXiom: (¢, 0)

respectively. Generalized modus ponens (GMP):
Fuzzy propositions provide us with a suitable rep-

resentation model in situations where our agent has (Lo« Ly A+ ALk, )

vague or imprecise information about the real world. (L1,51), - (Li, Br)

For instance, the fuzzy statement “the engine speed is (Lo, min(~, B1, ..., Bk))

low” can be nicely represented by the fuzzy propo-
sition engine_speed(low), wherelow is a fuzzy set 1 See[14] for discussion.

defined over the domairevs _per _minute , say an 2 Actually, it corresponds to the well known&@el infinitely-
interval [0, 6000]. In the caséow actually denotes valued calcul.



Due to the negation connective of P-DeLP the inthe argumentation literature [26, 7, 12]. Given a pro-
GMP rule allows us to define a complete calculus for gramP = (II, A), we define the following procedu-
determining the maximum degree of possibilistic en- ral rules (based on the P-DeLP calculus [14]) to con-
tailment of a goal from a set of clauses if we restrict struct arguments:
ourselves to sets of clauses satisfying the following 1) Building arguments from facts (INTF)

forward reasoningconstraint: The possibilistic entail-
ment degree of a go&) from a set of clauseB must
be univocally determined by those claused dfiav-

(@1
0,Q,1)

ing @ in their head or leading to one of these clauses for any weighted factQ, 1) € IT

by resolving them with other clauses by applying the

GMP rule.

A detailed description of soundness and complete-
ness for P-DeLP clauses satisfying the forward reason-

(Q,a), TU{(Q,a)} ¥ L, witha < 1,
{(Q )}, Q,a)

for any weighted fact@, o) € A

ing constraint can be found in [14]. In the sequel we 2) Building Arguments by GMP (MPA):

will restrict ourselves to weighed clausesdrsatisfy-
ing the forward reasoning constraint.

3. Argumentation in P-DelLP

In P-DeLP we distinguish betweeertainandun-
certainclauses. A clausgp, o) will be referred as cer-

(A1,L1,a1) (A2,La,a2) ... (Ag, Ly, o)
(Lo < Ly ALz A... N\ Li,v)withy < 1

k
Huk{(Lg —LiALg A AL, YUl AL
(Ui_, A u{(Lo — Li ALz A... A Lk, 7)}, Lo, B)

for any weighted rulé Ly < L; A Lz A... A Li,v) € A, with
the necessity degreg®=min(ax, ..., ak,7).

tainif & = 1 and uncertain, otherwise. Moreover, a set 3) Extending Arguments (EAR):

of claused” will be deemed asontradictory denoted
- 1L,ifTF (¢,a) andT F (~ ¢,8), witha > 0
andg > 0, for some atong in L.

A P-DeLP program is a set of weighted clauses in

L in which we distinguish certain from uncertain in-
formation. As additional requirement, certain knowl-
edge is required to be non-contradictory. Formally:

Definition 2 (P-DeLP program) A P-DeLP program
‘P (or just programP) is a pair (II, A), wherell is a
non-contradictory finite set of certain clauses, afxd
is a finite set of uncertain clauses.

Definition 3 (Argument. Subargument) Given a P-
DelLP programP = (II, A), a setA C A of uncertain
clauses is amrgumenfor a goal @ with necessity de-
greea > 0, denoted A4, Q, o), iff:

1L ITUAR(Q,a);
2. ITuU A is non contradictory; and

3. Thereis na4; c A suchthafllu A4, F (Q,3),
8> 0.

Let(A,Q,a) and(S, R, 3) be two arguments. We
will say that(S, R, 3) is asubargumentf (A, Q, «)
iff S C A. Notice that the goaR may be a subgoal
associated with the god) in the argumentA.

Note that from the definition of argument, it follows
that on the basis of a P-DeLP progré&hthere may ex-
ist different argumentsA;, Q, ay), (As, Q, as), ...,
(Ag, Q, ) supporting a given godal, with (possi-
bly) different necessity degrees, ao, . . ., ak.

(A, P,a) TTU{(P,a)} F (Q,)

(A,Q, )

for any argument(A, P, «), whenever (Q,«) follows from

U {(P,a)}.

The basic idea with the argument construction pro-
cedure is to keep a trace of the sétof all uncer-
tain information used to derive a given ga@lwith
necessity degree. Appropriate preconditions ensure
that the proof obtained always follows condition 2 in
Def. 3.

4. Computing Warrant in P-DeLP

Given a programP, it can be the case that
there exist conflicting arguments4,, @, ;) and
(As,~ Q,a2).2 Such conflict among arguments
will be formalized by the notions of counterargu-
ment and defeat presented next.

Definition 4 (Counterargument) Let P be a pro-
gram, and let(A4;, Q1, 1) and(As, @2, as) be two
arguments wrtP. We will say that.A;, Q1, 1) coun-
terargues (As, Q2, an)  iff there exists a subargu-
ment (calleddisagreement subargumgis, Q, 5) of
(A2, Qa,az) suchthallUu{(Q1,a1),(Q,5)}is con-
tradictory.

Defeat among arguments involveprference cri-
terion on conflicting arguments, defined on the basis
of necessity measures associated with arguments.

It must be remarked that the three conditions in the 3 For a given goal), we write~ Q as an abbreviation to denote

above definition are inherited from similar definitions

““@'if Q=qand ‘g’ if Q =~ q.



Definition 5 (Preference criterion=) Let P be a
P-DeLP program, and and letA;,Q,«;) and
(A2, Q2, a2) be conflicting arguments i®. We will
say that(A;, @1, ) is preferredover (As, Q2, as)
(denoted(Ah Q1, 041> >~ <A2, Q27 a2>) iff a1 > Qs.

If it is the case thaty; > a», then we will say that
(A1, Q1,aq) is strictly preferred over (As, Q2, as),
denoted (As, Q2, ar2) = (A1,Q1,a1). Other-
wise, if a; as we will say that both argu-
ments areequi-preferred denoted(As, Q2, as)
(A1, Q1,a1).

Definition 6 (Defeat) Let P be a P-DeLP program,
and let (4;,Q1,a1) and (A, Q2,a0) be two ar-
guments inP. We will say that(4,, @1, «1) defeats
(Az, Q2,a2) (or equivalently(A;,Q1,a;) is ade-
featerfor (Asq, Q2, as)) iff

1. (A1,Q1, 1) counterargues(As, Q2, az) Wwith
disagreement subargumefd, Q, ).

2. Either it holds that{(A;, Q1,a1) = (A, Q, ), in
which case(A;, Q1, ;1) will be called aproper
defeaterfor (As, Q2,a2), or (A;,Q1,a1) =~
(A, Q,a), in which case(A;,Q1,a;) will be
called ablocking defeatefor (A5, @2, as).

~
~

As in most argumentation systems [12, 23],

P-DeLP relies on an exhaustive dialectical analy-

sis which allows to determine if a given argument
is ultimately undefeated (omarranted wrt a pro-
gram P. An argumentation linestarting in an ar-
gument (Ay, Qo, ag) is a sequence(H, Qo, o),
(A1,Q1,01), ..y (An,Qn, ), ...] that can be

thought of as an exchange of arguments between

two parties, a proponent (evenly-indexed argu-
ments) and ampponent(oddly-indexed arguments).
In order to avoidfallacious reasoning, argumenta-

Nodes in a dialectical tred 4, ¢,,q,) Can be
marked asundefeatedand defeatednodes (U-nodes
and D-nodes, resp.). A dialectical tree will be marked
as anAND-OR tree: all leaves iV 4, q,, a,) Will be
marked U-nodes (as they have no defeaters), and ev-
ery inner node is to be marked &snodeiff it has
at least one U-node as a child, and @sode oth-
erwise. An argument(Ay, Qo, ) is ultimately
accepted as valid (owarranted wrt a DelLP pro-
gram P iff the root of 7, 4, q,, a0 IS labelled as
U-node

Definition 7 (Warrant) Given a programP, and a
goal @, we will say thatQ is warranted wrtP with
a necessity degree iff there exists a warranted argu-
ment(A, Q, «).

For a given prograr®, a P-DeLP interpreter will find
an answer for a goal) by determining whethef)

is supported by some warranted argumgAt @, o).
Different doxastic attitudes are distinguished when
providing an answer for the gog) according to the
associated status of warrant.

1. AnswerY ES (with a necessityy) whenevery is
supported by a warranted argumedt Q, «);

2. Answer NoO (with a necessitya) whenever
for ~ @ is supported by a warranted argu-
ment(A, ~ Q, a);

3. AnswerUNDECIDEDWhenever (1) and (2) do not
hold.
5. Modelling an in
P-DeLP

intelligent agent

Next we will present an example which illustrates

tion theory imposes additional constraints on such an how P-DeLP can be used to model the beliefs and rea-
argument exchange to be considered rationally ac-soning capabilities of an agent. Consider an intelligent

ceptable wrt a P-DeLP prograf, namely:

1. Non-contradiction: given an argumentation line

A, the set of arguments of the proponent (resp. op-

ponent) should baon-contradictorywrt P.

2. No circular argumentation: no argument
(Aj,Qj,a;) in Xis a sub-argument of an argu-
ment(A;, Q;,a;) iN A, i < j.

3. Progressive argumentation:every blocking de-
feater(A;, Q;,«;) in X is defeated by a proper
defeater A; 1, Qit1,air1) IN A

An argumentation line satisfying the above re-
strictions is calledacceptable and can be proven
to be finite. Given a progranP and an argument
(Ag, Qo, ap), the set of all acceptable argumentation
lines starting in(.A4g, Qo, «g) accounts for a whole di-
alectical analysis foK.Ag, Qo, o) (i.e. all possible
dialogues rooted iAo, Qo, ap), formalized as ali-
alectical treg denotedl | 4, g, ao))-

agent controlling an engine with three switchesl,
sw2 and sw3. These switches regulate different fea-
tures of the engine, such as pumping system, speed,
etc. This agent may have the following certain and un-
certain knowledge about how this engine works, e.g.:

e Ifthe pump is clogged, then the engine gets no fuel.

e Whenswl is on, normally fuel is pumped properly.

e When fuel is pumped properly, fuel seems to work ok.

e Whensw? is on, usually oil is pumped.

e When oil is pumped, usually it works ok.

e When there is oil and fuel, usually the engine works

ok.

e When there is heat, then the engine is usually not ok.

o When there is heat, normally there are oil problems.

e When fuel is pumped and speed is low, then there are
reasons to believe that the pump is clogged.

e Whensw?2 is on, usually speed is low.
e Whensw?2 andsw3 are on, usually speed is not low.
e Whensw3 is on, usually fuel is ok.



(~fuel-ok «— pump_clog, 1)
(swl,1)

(sw2,1)

(sw3,1)

(heat, 1)

(pump_fuel — swl1,0.6)
(fuel_ok «— pump_fuel,0.3)
(pump_oil — sw2,0.8)
(oil-ok «— pump_oil,0.8)

(10) (engine_ok — fuel_ok A oil_ok,0.3)
(11) (~engine_ok «— heat,0.95)
(12) (~oil_ok «— heat, 0.9)
(13) (pump-_clog — pump_fuel A low_speed,0.7)
(14) (low_speed «— sw2,0.8)
(15) (~low_speed — sw2, sw3,0.8)
(16) (fuel_ok — sw3,0.9)

Figure 1. P-DeLP program 7P,

Suppose also that the agent knows some particu-
lar facts:sw1, sw2 andsw3 are on, and there is heat.
The knowledge of such an agent can be modelled by
the progran®.,,, shown in Fig. 1, where the finite set
of certain clauses (i.€I) is from clause (1) to (5), and
the finite set of uncertain clauses (i8) is from clause
(6) to (16). Note that uncertainty is assessed in terms
of different necessity measures. From the P-DeLP pro-
gram in Fig. 1 differenrgumentscan be derived us-
ing the procedural rules defined in Section 3. Thus, for
example, the argumen3, fuel_ok,0.3) can be de-
rived fromP,,,, as follows:

i) (0, swi, 1) from (2) via INTF.
iy (B',pump_fuel,0.6) from (6) and i) via MPA.
i) (B, fuel_ok,0.3) from (7) and ii) via MPA.
where
B = {(pump_fuel — swi,0.6)} and
B = {(pump_fuel — swl,0.6);

(fuel_ok — pump_fuel,0.3)}.

Similarly, an argumen{C, oil ok, 0.8) can be derived
from P.,,, using the rules (3), (8) and (9) via INTC,
MPA, and MPA, resp., with

C {(pump_oil — sw2,0.8);

(0il_ok «+ pump_oil,0.8)}.4

Finally, an argumentA;, engine_ok,0.3) can be de-
rived from7P,,,, as follows:

i) (B, fuel_ok,0.3) as shown above.

i) (C,oil-ok,0.8) as shown above.

i) (A1, engine_ok,0.3) fromi), i), 10) via MPA.
where  A;={(engine_ok — fuel_ok A oil_ok,0.3)

}UB U C. Note that argument$C, oil_ok,0.8) and
(B, fuel_ok,0.3) are subarguments (see Def. 3) of
(Aq, engine_ok,0.3).

Let us assume that the agent is in charge of control-
ling the engine, answering queries from other agents

(e.g. a supervisor agent) about the status of the engine.

For instance, the query — (engine_ok,0.8) corre-
sponds with proving whether the engine works ok with
a certainty degree of at leasB. In order to answer this
query, the agent will apply the procedure described in
the previous sections: first will compute an argument
supportingengine_ok, and then will perform a recur-
sive analysis of defeaters for these arguments, comput-
ing its associated dialectical tree.

In this particular example, the agent will
find an argument supportingngine_ok, namely
(A;, engine_ok,0.3). A counteragument (see Def. 4)
for (A;,engine_ok,0.3) can be found, namely

(As, ~ fuel_ok,0.6), obtained from (2), (3), (6),

14) 3) and by applying INTF, INTF, MPA,
&/IPA $\/IP?A and%?ARyregg le%
Az = { (pump_fuel — swi,0.6),

(low_speed — sw2,0.8),
(pump_clog «— pump_fuel A low_speed,0.7)}.

The argument(As, ~ fuel_ok,0.6) is a counter-
argument for the argument.A;,engine_ok,0.3)
as there exists a subargumeiB, fuel_ok,0.3)
in (A, engine_ok,0.3) such that the set
II U {(fuel-ok,0.3),(~ fuel_0k,0.6)} is con-
tradictory. Note as well thatAds, ~ fuel_ok,0.6) is
a proper defeater (Def. 6) fatd,, engine_ok,0.3),
as (As,~ fuel_ok,0.6) counterargues the argu-
ment (A;, engine_ok,0.3) with disagreement subar-
gument(B, fuel_ok,0.3), and0.6 > 0.3.

As the defeater (A, ~ fuel ok,0.6) is also

an argument, a recursive analy5|s can be car-
ried out by the agent, computing amrgu-

mentation line rooted in (A, engine_ok,0.3).

In fact, note that (A, ~ fuel ok,0.6) has
the subargument (Ay',low_speed,0.8),  with
Ay {(low_speed — sw2,0.8)}. From the pro-
gramP.,, (Fig. 1) a blocking defeater for the argu-
ment (A,, ~ fuel_ok,0.6) can be derived, namely
(A3, ~ low_speed, 0.8), obtained from (3), (4) and

(15) via INTF, INTF and MPA, respectively. In this
case we have:

As {(~

Note that this third defeater can be thought of as
an answer of the proponent to the opponent, rein-

stating the first argument4;, engine_ok,0.3), as it
defeats the opponent’s defeatets, ~ fuel,ok, 0.6).
The above situation can be expressed in the following
argumentation liné:

[ (A1, engine_ok,0.3), (Az, ~ fuel_ok,0.6),
(A3, ~ low_speed, 0.8) ]

In order for the preceding analysis to be ex-
haustive, every possible argumentation line rooted

in (A, engine_ok,0.3) should be analysed.

low_speed — sw2, sw3,0.8) }

Note that the proponent’s last defeater in the above se-
guence could be on its turn defeated by a blocking defeater
(A2’ low_speed, 0.8), resulting in
[(A1, engine_ok,0.3), (A2, ~ fuel_ok,0.6),
(Asz, ~ low_speed, 0.8), (As’, low_speed, 0.8) ...]
However, such line isiot acceptableas it violates the condi-
tion of non-circular argumentation.
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. . . Figure 3. A P-DeLP-based agent in a MAS
Figure 2. Dialectical  tree  for

context
(A, engine_ok,0.3)

sake of simplicity, we will assume that such percep-
tions constitute new facts to be added to the agent’s
knowledge base. As already stated in the introduction,
fuzzy propositions provide us with a suitable represen-
ment (A, engine_ok,0.3) has also a second de- tation model as our agent will probably have vague or
feater (A5, ~ engine_ok,0.95), computed from (5), imprecise information about the real world, as its sen-
(11) via INTF and MPA, respectively. In this case we sors are not perfect devices.
have: Defining a generic procedure for updating the
Ag = agent's knowledge base is not easy, as completely
As = new incoming information (e.g. facts with new predi-
There are no more arguments to consider. As a con-cate hames) might result in the strict knowledfjbe-
sequence, there are three acceptable argumentagoming contradictory (see Def. 2). In some particular
tion lines rooted inA;, engine-ok, 0.3), namely: cases the agent will only perceive changes in the ne-
cessity measure of the already known facts (e.g.

In this particular case, note that the argument
(Aa, ~ fuel_ok,0.6) has a second (blocking) de-
feater (A, fuel ok,0.6), computed from (4),

(16) via INTF and MPA, respectively. The argu-

{ (fuel-ok «— sw3,0.9) }
{ (~ engine_ok «— heat,0.8) }

[

(A1, engine_ok,0.3),

(A2, ~ fuel_ok,0.6),

(A3, ~ low_speed, 0.8) |

the agent has a factheat,1) in the knowledge

base, but the sensed temperature has changed, mod-
elled by a new fact(heat,0.8)). In such cases, a
simple but effective strategy can be applied, sim-
ilar as the one suggested in [8]. We will make
the assumption that new perceptions always su-
persede old ones, so that a if a new perception
(p,value) is sensed at time, and the agent has al-
ready a fact(p, value’) in its strict knowledge base

I1, then the updated knowledge base will be com-
puted adI \ {(p, value')} U {(p,value)}.

o [ (A1, engine_ok,0.3),
(A4, fuel_ok,0.9) ]

(Az, ~ fuel_ok,0.6),
o [ (A1, engineok,0.3), (As, ~ engine_ok,0.95) ]

Fig. 2 shows the corresponding dialectical
tree 7i4,, engineok, 0.3y rooted in the argument
(A1, engine_ok,0.3). The marking procedure de-
fined in Section 4 results in the nodes of the tree
T A, , engine-ok, 0.3y Marked as/-nodes andD-nodes
as shown in the figure.

The argument{A;, engine_ok,0.3) is the only
possible argument the agent can compute supporting
the queryengine_ok. As this argument is ultimately In this paper we have described how to model
defeated, it is not warranted (Def. 7). On the con- an agent's beliefs and perceptions using P-DeLP. A
trary, the agent can compute there exists an argumentalient feature of P-DeLP is that it is based on two log-
(As, ~ engine_ok,0.95) supporting ~ engine_ok, ical frameworks that have already been implemented
and such argument has no defeaters, and therefore it ifnamely PGL [2] and DeLP [17]). Several features
warranted. The answer to goabgine_ok will there- leading to efficient implementations of the argumen-
fore beNo, with oo = 0.95. tative proof procedure described in this paper have

In a MAS context, intelligent agents will encode been also recently studied, particularly those related
their knowledge about the world using a P-DeLP pro- to comparing conflicting arguments by specificity [27]
gram. Figure 3 outlines the different elements asso- and defining transformation properties for DeLP pro-
ciated with a P-DeLP-based agent. Clearly, our agentgrams [9].
will be usually performing its activities in a dynamic In this context, P-DeLP keeps all the original fea-
environment, so that it should also be able to reason,tures of DeLP while incorporating more expressiv-
plan, and act according to new perceptions from the ity and representation capabilities by means of possi-
outside world. Such perceptions will be sensed by the bilistic uncertainty and fuzzy knowledge. One particu-
agent, integrating them into its current beliefs. For the larly interesting feature of P-DeLP is the possibility of
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