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Abstract

There are two readings of a possibility distribution,

a representation format which is useful for encoding
uncertain knowledge or preferences. The negative
information reading, based on possibility and necessity
measures, emphasizes the fact that some interpretations
are impossible, or at least have an upper-bounded
possibility level. The positive information reading
points out that possibility degrees are lower bounded,
and thus that some interpretations have non-zero
(guaranteed) possibility degrees. This paper provides
technical results for the positive view, showing how sets
of absolute, or relative, constraints expressed in terms
of guaranteed possibility measures can be represented
in terms of a possibility distribution. Using previously
obtained results for the “negative interpretation side”,
it enables us to jointly handle upper and lower logical
specifications of a possibility distribution on partitions
of the set of interpretations, as pointed out in the
conclusion.
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Introduction

Bipolar information is based on the idea of distinguishing
between positive information and negative information.
Information may express knowledge about the real world or
preferences of an agent. In fact, when information stands
for knowledge, we may express two kinds of knowledge
(Dubois, Prade, & Smets 2001). On the one hand, we
express which states of the world are impossible. This
is negative knowledge. On the other hand, we may also

express what states are guaranteed to be possible, since the

have been observed for instance. This is positive knowl-

edge. When information stands for an agent's preferences,
negative preferences express what is not acceptable, while

positive preferences single out what is really satisfactory
(Benferhatet al. 2002b). Positive information does not
always correspond to the complement of negative informa-

of what is not impossible (i.e. acceptable).

Possibility theory offers an adequate representation
framework for bipolar information, using the possibility
measurell for representing negative information and the
guaranteed possibility measufefor representing positive
information. Indeed, on the one hand constraints, encoded
by necessity measure-based possibilistic logic formulas,
of the form N(¢) > « (or equivalentlyll(—¢) < 1 — «)
describe impossibility statements, and thus negative in-
formation. On the other hand, constraints of the form
A(g) = min,em(w) > o express a lower bound on the
possibility degrees of a set of interpretations, which thus
corresponds to positive information.

In practice, it is generally difficult to provide a complete
possibility distribution on a discrete set of interpretations of
exponential size. However, the possibility theory framework
offers three compact representation formats of a possibility
distribution, namely dogical representatiorby means of
a set of prioritized formulas, aonditional representation
by means of a set of rules andgeaphical representation
by means of a directed acyclic graph, based on condition-
ing. These three formats apply to both negative and pos-
itive information. The representation of negative informa-
tion has been widely investigated (Benferlgatal. 2001)
in the three representation formats. Recently, possibilistic
logic has been extended to positive information (Benferhat
et al. 2002b), while in (Benferhadt al. 2002a) a preliminary
study of the two other formats can be found. In this paper,
we will only focus on the conditional and logical represen-
tations of positive information and their semantic counter-

arts in terms of possibility distributions. More precisely,

e investigate the conditional representation in greater de-
tails in this paper, and also provide translations between the
two representation formats.

Background
We consider a propositional languageover afinite alpha-

tion: some worlds (resp. solutions) may not be impossible betP of atoms.Q) denotes the set of all classical interpreta-
(resp. not acceptable), although they are not guaranteedtions (called also solutions). Logical equivalence is denoted
to be possible (resp. satisfactory). Negative and positive by =. Classical disjunction and conjunction are respectively
information are however related by a coherence condition represented by, A. [¢'] denotes the set of all models of the
which says that what is positively assessed should be a part propositiony) (namely, interpretations satisfying). 1 and



T denote respectively contradiction and tautology.

Guaranteed possibility and qualitative possibility
distributions

From a possibility distribution (Zadeh 1978)which maps
each elementy of a set of interpretation§ into the unit
interval [0, 1], or any linearly ordered scale, one can define

— thepossibilitydegree of a formula, denoted bylI(¢):
II(¢) = maz{r(w) : w € Q andw = ¢}.

— thenecessitydegree of a formula, denoted byN (¢),
using an order-reversing map of the scale:

N(¢) =1—T(=9).
N(¢) > a means that any solution violatingis rejected
with strengthl — a.

— theguaranteed possibilitdegree of a formula, denoted
by A(¢):
A(@) = min{r(w) : w € N andw = ¢}.

A(¢) > a means that any solution to desipehas satis-
faction level at least:.

Note that A is a non-increasing set function and that
A(p V) = min(A(¢), A(y)). Thus if a formulag is
written in a disjunctive normal formp = Vv;¢; whereg; are
conjunctions of literals, a constraint of the forlx(¢) > «
can be equivalently writte¥ti, A(¢;) > a.

In the following, it is assumed thét is finite and thus that
only a finite set of possibility levels is useful. Then, in this
paper, a possibility distribution is represented by its well-
ordered partitionr = (Ey,---, E,)st.EyU---UE, =Q
andE;NE; = O fori # j, with the following understanding:

e Ifwe E;,w e Ejandi < jthenn(w) < m(w')
o Ifwe FE;,w € E; thenn(w) = 7(w').

Note that the smallet, the smaller the possibility level of
the interpretations irk;. This choice will be justified later
in the paper since we will only focus ah measure.

Moreover, this qualitative view of possibility distribu-

tions assumes that when considering two distributions, the proposition 1 Let T = (34, -
interpretations having the same rank should be understood pgge.

as having the same possibility degree. Namely,
VYw € E;, W' € ELiff n(w) = 7'(w'),
wherer = (Ey,---, E,) andr’ = (E},---, E).

The following definition gives a way to compare possi-
bility distributions based on the specificity principle (Yager
1993):

Definiton1 Let = = (Ey,---,F,) and «/ =
(E1,---,E!) be two possibility distributions. = is
said to be more specific thar if:

Vw, ifw € E; andw € Ej’ theni < j.
w is said to be the most specific possibility distribution
among a set of possibility distribution®! if there is nor’
in M s.t. " is more specific than.

A-based possibilistic bases

The logical representation of a possibility distribution
by means aA measure is given under the form of/s
based possibilistic basgr A-possibilistic basdor short)
which is a finite set of prioritized formulas of the form
¥ = (¥4,--+,%,), where formulas of2; have priority
over formulas inZ; for i > j, andA(¢) = «; for any

¢ € ¥; anda; > «; if ¢ > j. Thus aA-possibilistic base
can be viewed as a set of absolute constraints of the form
A(¢s) > a.

Given aA-possibilistic bas&, we can generate a unique
possibility distributionry;, where interpretations are ranked
w.r.t. the highest formula that they satisfy, namely (Dubois,
Prade, & Smets 2001):

Definition 2 LetY = (X4,---,%,) be a A-possibilistic
base. The possibility distribution associated withdenoted
byrs,ists = (E1,-+-, Ept1), S.t.Vw € Q:

eweb ifwlEV,_, sex @
cwekEiiffwlE Vs, , ¢andw = vj:i,”ﬂbezj ¥

Example 1 LetX = (X1, Xo) withX; = {—sAt, sAt, hA
-t} andXy = {h A s}, whereh, s andt are propositional
symbols.
The set of possible worlds is
Q = {wp : “h—s—t,wy : —hst, we : hs—t,
wsg : —hst,wy @ h—s—t, ws @ h—st,wg @ hs—t,
wr : hst}.
ThenﬂTZ = (E17E2, Eg) WhereE1 = {wo,w;),},
Ey = {w1, w2, wy,ws} and B3 = {wg, w7}

Let us now give a brief background dx-possibilistic bases.
For more details, we refer the reader to (Dubois, Prade, &
Smets 2001; Benferhat & Kaci 2003).

Definition 3 Let X and X’ be two A-possibilistic bases.
Then,X andY’ are said to be semantically equivalent iff they
generate the same possibility distribution izs, = 7s.

The following proposition shows that two formulas having
the same rank i&i can be replaced by their disjunction with
also the same rank:

-+, 3,) be aA-possibilistic
Let¢p and ¢ be two formulas in%;, and ¥/ =
(Zla'"azi—hzfpzi-ﬁ—h'"azn)r where Z{L = (27, -
{6,9'})U{opV¢'}. ThenX and’ are semantically equiv-
alent.

With A-possibilistic bases, subsumed formulas are those
thatentail higher ranked formulas. This comes from the fact
that A(¢) < A(y) if ¥ F ¢, and thuse < A(¢) < A(y)
subsumes\(y)) > S for 8 < «. For instance, declaring
that any solution satisfying is nice (with satisfaction de-
greep) is superseded by a statement that solutions to some
less restricted are actually very nicéa > 3).

Definition 4 Let¥ = (¥4,--+,%,) and¢ be a formula in
3;. Then,¢ is said to be strictly subsumed by if ¢ -
V{owk : ¢, € ;andj > i}.

Indeed, we have the following lemma:



Lemma 1 Let¢ be a strictly subsumed formula By Then,
¥ andX — {¢} are semantically equivalent.

The following lemma shows that contradictions are not use-
ful in X since they do not alter the computationsf, and
can be removed without changing.

Lemma 2 Let L be a contradictory formula irt. Then,2
andY’ =X — { L} are semantically equivalent.

As can be seen\-based possibilistic logic bases behave in

a dual manner (exchanging disjunction and conjunction and
reversing the direction of entailment) w.r.t. N-based possi-
bilistic logic bases, as explained in (Dubois, Hajek, & Prade
2000).

A-based conditional bases

In the standard representation of conditional information
that is based on possibility measuiie a conditional piece
of information of the form "ifp thenq”, denoted byp ~ ¢,
means that in the context (i.e. whenp is satisfied), it

is preferred to satisfy rather than to falsify it. This rule
expresses a relative constraint basedIbrof the form
II(p A q) > T(p A —q), which compares the best models
and the best counter-modelsqin the contexip.

The “rule” p — ¢ based on a\ measure, corresponding
to the constrainf\ (p A ¢) > A(p A ~g) compares thevorst
models and thavorst counter-models of;, in the context
p. It means: in the contexi the agent likeg;. It implies
that if p is true, any model of; is more desired than the
worst counter-models of. From a preference modeling
point of view, A(p A ¢) > A(p A —q) corresponds to a
pessimistic view since it focuses on worst cases, while
II(p A q) > II(p A —q) corresponds to an optimistic view
by considering only best cases. Af(p A ¢) > A(p A —q)
it means that choosing a solution where ¢ is true, one is
sure to be better off than going with a solutiorpte. —q. It
is one form of conditional preference fgrather than-q in
the contexp.

In order to select a possibility distribution among a
set of constraints of the\ (resp. II)-type, a maximal
(resp. minimal) specificity principle is used. The maximal
specificity principle amounts to saying that anything that is
not explicitly desired is considered indifferent. The minimal
specificity principle says that anything that is not rejected is
acceptable.

Let us now compare the two rules w.r.t. their associated
possibility distributions. It has been shown (Benferhat,
Dubois, & Prade 1992) that following th@inimal speci-
ficity principle, there is a unique possibility distribution,
associated withp ~» ¢ which satisfies the constraint
II(p A q) > TI(p A —q). This possibility distribution
is of the formmy = (E4, E2), where E5 is composed
of solutions falsifyingp A —¢, i.e. the set of models
of -pVygq and By = Q — E5. It means that the best
models are interpretations which satisfy when p is
satisfied, and are also interpretations which falgifyThis
confirms the fact thafll is used to represemntegative

information, since the best models are interpretations which
are not rejected, those which do not falsjfin the contexp.

Now it is easy to check that applying th@aximal
specificity principle, the most specific possibility distri-
bution associated with the rule — ¢ is of the form
ma = (E1, F}), where E} contains models op A ¢ and
E{ = Q — Ej5. Then, the preferred solutions are those
which only satisfyq in the contextp. This confirms the
fact thatA represents positive information, sinég only
contains interpretations that are regarded as more desired
in the context where a preference has been expressed.
Nothing is known about other contexts, so in the con-
text —p, preference is neutral by default. Note also that
E!, C F, which confirms the fact that positive information
is included in what is not rejected. The complementar-
ity between theA and thell conditionals can be also
seen by noticing that th&l conditional is equivalent to
ITI(p A —q) > ITI(p A q) with ITT = 1 — II, which expresses
that the models of) A —¢ are more impossible than those
of p A g, while the A conditional means that the models of
pAq are guaranteed to be more possible than thoge efy.

Besides, note that any inequality of the forx(r) >
A(s) can be always put under the forfx(p A ¢) > A(p A
—q). IndeedA(r) > A(s) is equivalentto the rulevs — r,
sinceA((rvs)Ar) > A((rvs)A-r) < A(r) > A(-r A
s) < min(A(r As), A(r A=s)) > min(A(r As), A(=r A
s)) (indeedmin(z,y) > t < min(x,y) > min(z,t) since
x < tisimpossible}s A(r) > A(s).

Definition 5 LetP be a finite set ofA-based rules. Then, a
possibility distributionr is said to be compatible witf iff
it holds that for each rule; — ¢; in P,

A(pi A i) > A(pi A —q;).
Let A(P) be the set of possibility distributions satisfying all
the rules ofP in the sense of Definition 5. In the next sec-
tion, we will characterize the most specific possibility distri-
bution inA(P).

Characterizing the most specific possibility
distribution in A(P)
Our aim in this section is to characterize the most specific
possibility distribution associated with a set of rufesThe
rationale behind maximal specificity here is as follows: if a
solution is not pointed out as a desired one, assume the agent
is indifferent about it. It leads to minimize degrees of guar-
anteed possibility. We first show that this most specific pos-
sibility distribution can be computed using an appropriate
conjunctive aggregation operator, and then that this possibil-
ity distribution is unique. Lastly, this possibility distribution
is proved to be the one computed by means of an algorithm
already given in (Benferhait al. 2002b).
Let us first define the\IZA operator to aggregate two pos-
sibility distributions:
Definition 6 Letwr = (Ey, -, E,)andr = (E,---, El)
be two possibility distributions s.tn. > m and £, = ()
form < j < n. Then MIN (x,7') = (E{,---,E/)is
defined as follows:



o« B/ =FUE],

o fori=2,--mE/=(E,UE]) — (U,_,..,.. E}).

e remove E!’ which are empty by renumbering the non-
empty ones from bottom to top.

Example 2 Leta andb two propositional symbols and =
(El,Eg,Eg) and ' = (Ei,Eé,Eé) st. By = {Cl_‘b},
Ey, = {—a-b}, B35 = {ab,—ab} and E; = {-a—b},
E} = {a—b}, Ef = {ab, —ab}. Thenn” = (E{,EY, EY)
whereE! = {a—b, ma—b}, EY = Q) and EY = {ab, ~ab}.

Now we remover) and renumber theZ!, we get: 7"/ =
(EY, EY) whereE! = {a—b, ~a—b} and EY = {ab, —ab}.

The following proposition first shows that(P) is closed
under MZN operation i.e., combining two possibility dis-
tributions inA(P) provides a possibility distribution which
also belongs taA(P). Then, we show that this operator
computes the most specific possibility distribution(P).

Proposition 2 Letr andn’ be two elements &£ (P). Then,
1. MIN (7, 7") € A(P).
2. MZIN (m, ') is more specific tham and«’.

Proof

Let 7+ = (Ey,---,F,) and«’ = (Ei{,---,E! ) be
two elements ofA(P). Let #” = MIN(r,7') =
(EYs Bl i nmy)- INafirst step, we consider” with-

out removing the empty strata i.e., only applying the two
first points of Definition 6.

1. Letp — g € P. Let[p A ¢]~ (resp.[p A —¢]-) be the set
of models ofp A g (resp.p A —¢q) having the least priority
in .
7 satisfies all the constraints induced Bymeans that if
[pAqlr C E;then[p A —ql. C Ej s.t.i > j.
Also, 7’ satisfies all the constraints induced Bymeans
that if [p A q]~ C E}, then[p A =q]~ C E], s.t.k > m.
Following the two first points of Definition 6, we have
[pAdlrr C E:q/@in(i,k) and[p A —q]~ < Exzin(j,mr
Now sincei > j and k > m then min(i, k) >
min(j, m). Thent” satisfiep — q.
Now observe that applying the last point in Definition 6,
i.e. diminishing some possibility levels in case of empty
stratum, leads to an even more specific distribution while
preserving the strict ordering on the interpretations. In-
deedMZN (r, ') satisfiep — q.

2. To show thatr” = MZN (7, #') is a more specific than
m, let us show thatw € Q, if w € E; thenw € E;/ with
J<i.

Letw € E;. Following the two first points of Definition
6, we havev € E;;Lm(i k)"

Also min(i, k) < i thenw’ is more specific than.

Now since applying the last point of Definition 6 leads to

a more specific distribution theMZAN (7, ') is a more

specific thanr.

|

Let us now show that tha1ZN operator leads to com-
pute the most specific possibility distributionA(P) which
is unique.

Proposition 3 Let P be a A-based conditional base and

A(P) be the set of possibility distributions satisfying all the
constraints induced bf. Then there exists a unique pos-
sibility distribution in A(P) which is the most specific one,

denoted byra 1, spec, @nd computed in the following way:

TA m.spec = MIN{m:m e A(P)}.

Proof

Indeed, following the first point of Proposition 24 ;. spec

belongs taA(P).

Suppose now that there exists a possibility distributidn
iN A(P) S.t. TA m.spec 1S NOt More specific than*. This
contradicts the second point of Proposition 2.

[ |

In (Benferhatet al. 2002b), an algorithm has been given
for computing a possibility distribution associated with a set
of A-based constraints.

Let P = {pp — q : k = 1,---,K} be a set

of A-based rules. Let us denote iy = {Cy :
(L(rg), R(rg)),m + pe — aqr € P} the set ofA-
based comparative constraints induced #®y where
L(ry) = {w:w E px A gz andry : p. — qr € P} and
R(ry) ={w:w = px A ~qr andry : pp — qi € P}
Algorithm 1 provides a possibility distribution satisfying
P, denoted byrp. The idea of the algorithm consists in
assigning to each interpretation the lowest possibility de-
gree. At each stepy we put inE; the interpretations which
are not in the left-hand part of any remaining-based
comparative constrainfL(ry), R(rx)) (otherwise such a
constraint will be falsified). For instance, the least preferred
(or plausible) interpretations are those which do not verify
any rule (namely, are not in arfy(ry.)).

Algorithm 1:

Data:P = {ry : pxr — qr}
Result:mp = (Ey,- -+, Ey)
begin
LetC = {Cr = (L(rx), R(rx)) : 7. € P};
1+ 0;
while 2 # () do
t—1+1;
E;={w:3C,eCstwe Lry)};
if £; = () then
L P isinconsistent
- Remove front) elements ofF;;
- Remove fronT constraints”y, s.t. E;NR(ry) #
L 0.
return (Ey,---, E;).
end

Example 3 LetP = {r; : =s — t,r2 : sV h — —t,r3 :

h — s} ands, h andt are three propositional symbols which
stand respectively fofun, holidays andtown.

Thusr; means that when there is no sun, the best thing is to
remain in town.r, means that if there is sun or if one is on



holidays, it is good to be out of town. In holidays, it is better
to have sun.
LetQ = {wop : ~h-s—t,wy : —h-st, we @ —hsot,ws
—hst,wy : hms—t, ws : h—st, we : hs—t,wy : hst}.
Let us now apply Algorithm 1. We have:
C=A{C1r: (L(r1), R(r1)), Ca : (L(r2), R(r2)),
Cs : (L(rs), R(r3))}

={C1: ({w1,ws}, {wo, wa}),

Cy: ({WQ,W4,WG},{W3,W5,W7}),

Cs : ({ws, wr}, {wa, ws})}
We put inE; interpretations which do not belong to any left-
hand part of the desires i@, namelyE; = {wo,ws}.
Then, we remove fro the constraints”; and Cy since
R(Cl) N E; 7é 0 andR(Cg) N E; 75 0. We ge'C = {03 :
(L(7:3)a R(r3))}-
Similarly, we getFE, {w1,ws,wq,ws} and Es
{we,wr}. Thengmp = (B4, Ea, E3).
This reveals that what is preferred is to be in holidays with
sun(hs), while the least preferred is to be at wofkh) with
either sun in town or no sun out of town.

Note that the possibility distribution computed in the above
algorithm is the most specific possibility distribution asso-
ciated withP. To show this, it is sufficient to show that it
belongs to the set of most specific possibility distributions in
A(P).

The maximal specificity criterion can be checked by con-
struction. Indeed let = (E4,-- -, Ey,).

Following Algorithm 1, we put inFE; all interpretations
which don't satisfy any desire induced by the actual set of
rulesP; i.e., ifw € E; thenVp — g € P;,w = p A q. This
means thatifv ¢ F; thendp — ¢ € P;,w EpAg.

Let us now try to put some interpretatianc E; with j < ¢

in E;. However this is not possible sinecec E; means that

w ¢ E;i.e., there existy — ¢ in P; s.t.w = p A ¢, which

is a contradiction.

Bridging ordinal and absolute representations

of positive information
In the previous sections, two representation frameworks
have been given for representing positive information in pos-
sibility theory, namely the logical and conditional represen-
tations. In this section, we give a method to translate a set
of A-based rules into &-possibilistic base and conversely.
This is interesting for taking advantage of the benefits of
each representation format.

From a A-based conditional base to a

A-possibilistic base

The translation of a set ah conditional desires into &-
possibilistic base can be achieved by Algorithm 2. This is
particularily interesting from an information fusion point of
view, when information to be merged may be expressed in
heterogeneous formats. The fusionf®fpossibilistic bases
has been developed in (Benferhat & Kaci 2003).

Proposition 4 LetP be a set of rules. Letp andrs, be the
possibility distributions associated ffollowing Algorithm
1 and 2 respectively. Then,

TP =Ty,

Algorithm 2:

Data:P = {ry : pr — qr}

Result:® = (X4,---,%,,)

begin

m «— 0;

while P # ) do
m<«—m + 1;
A={-prVq:px — q €P};
S = {pk ANk : Pk — @ € PandA U
{pi} is consistent;
If 3, = 0 thenP is inconsistent;
P=P—{px =@ : P Nk € Em};

return ¥ = (21, -, %n).

end

Example 4 Let us consider again thA-based conditional
base given in Example 3 and apply Algorithm 2.

First we haved = {s vV —it, (s A =h) V t,—=h V —s}.

Note that each ofl U {—s} and AU {s Vv h} is consistent,
howeverA U {h} is inconsistent.

Then,Xy = {-sAt,(sVh)A-t}.

We now remove the ruless — t ands vV h — —t from P
since-s At € Xy and(sV h) At € X, we getP =
{h — s}. Then we hav&l; = {h A s}. Hence we get
3= (3, ).

We can check thaty, is indeed the possibility distribution
computed in Example 3.

From a A-possibilistic base to aA-based
conditional base

This section provides the converse translation namely from
a A-possibilistic base to @&-based conditional base. This
is interesting since\-based conditional desires are easily
understood: they express preferences given some context.
Then the agent may for example revise its desires by chang-
ing the rules.
Let ¥ = (X4,---,%,) be aA-possibilistic base without
subsumed formulas, where eah (i = 1,---,n) is com-
posed of one formuld. We construct from a A-based
conditional basé as follows:
PE = {_> Ela

21\/22*>22,"‘7

Y1 VE, = X0
TheruleX; VY, ; — X; means that when eith&; or X, 4
is satisfied, we prefer to satis#;, ; which reflects the pri-
ority between strata afl. Then, the following proposition
can be established:

Proposition 5 Let ¥ = (¥4,---,%,,) be aA-possibilistic
base without subsumed formulas afdbe the A-based
conditional base constructed frol as shown above. Let
7wy and mp be the possibility distribution associated b
and Py, following Definition 2 and Algorithm 1 respectively.

This hypothesis is not a limitation since following Proposition
1, a set of formulas having the same rank can be replaced by their
disjunction with also the same rank.



Then,
Ty = TPy .
The proof is omitted for the sake of brevity.

Example 5 Let Y = (X1,3,) whereX; = {-sAt,s A
—t, h A—t} which is equivalent t§ (—s At) V ((sVh) A—t) }
andX, = {h A s}.

Following the construction dPs;, we get:

Py ={—= (msAt)V(sA-t)V (hA-t),

(msAt)V (sA=t)V (hA-t)V (hAs) — hAst

It can be checked that andPs, generate the same possibil-
ity distributions.

Conclusion

This paper has shown how a possibility distribution express-
ing more or less desirable states of the worlds can be in-

duced from a set of desires expressed by means of weighted

formulas or “rules” stated in terms of a guaranteed possibil-

ity measure. The paper has discussed ordinal and absolute
representations in terms of this measure. Ordinal representa-

tions of the formA (pAq) > A(pA—q) are simpler and more
natural for expressing pieces of preference. Moreover, this
is a suitable format in case of preference revision. However,
absolute representation of the fork{p) > « are less natu-
ral for direct elicitation but turn out to be simpler to handle
in the possibilistic logic calculus.

The framework proposed in this paper applies to the rep-
resentation of preferences. However it may also be used
for uncertainty representation purposes. In this cas®; a

based possibilistic logic base represents a set of observations

which are more or less strongly supported by evidence.

Taking into account the result of this paper together with
the one of N-based possibilistic logic, we are now in a posi-
tion for a joint handling of positive and negative preferences
respectively expressed in termsléfand A measures, thus
inducing upper and lower bounds on the possibility distribu-
tion encoding the preference. Then adding new information
of this form leads to an iteratively constructed approxima-
tion (from below and above) of a possibility distribution that
is defined on finer and finer partitions of the set of inter-
pretations. This comes very close to C-calculus (Caianiello
& Ventre 1985), where pieces of information about upper
bounds and lower bounds of function over a partitioned do-
main are combined with similar information pertaining to
another partition of the same domain. This is also similar to
the idea of rough sets (Pawlak 1991), where set characteris-
tic functions are approximated from above and below on a
domain quotiented by an equivalence relation.

The handling of preferences in logical, conditional or
graphical settings has raised the interest of several Al re-
searchers in the last past years, e.g., (Boutilier, Deans, &
Hanks 1999; Benferhat, Dubois, & Prade 2001; Brafman &
Domshlak 2002). Graphical representations of preferences
are widely studied in literature such as for example CP-Nets
(Brafman & Domshlak 2002), which are graphical models
for representing conditional preferences. Indeed they are
close to rule-based representation of preferences given in
this paper however they do not distinguish between positive

different types of preference representations is left to a fu-
ture work.
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