Encoding information fusion in possibilistic logic:
A general framework for rational syntactic merging
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Abstract. The problemof memging multiple sourcesnformation
is centralin mary information processingareassuchas databases
integrationproblemsmultiple criteriadecisionmaking,expertopin-
ion pooling,etc.Recently severalapproachebave beenproposedo
meigeclassicapropositionabasesor setsof (non-prioritized)goals.
Theseapproachearein generasemanticallydefined.Like in belief
revision, they usepriorities, generallybasedon Dalal’s distancefor
meimingtheclassicabasesndreturnanew classicabaseasaresult.
An immediateconsequencef thegeneratiorof aclassicabases the
impossibility of iteratingthe fusion processn a coherentway w.r.t.
priorities sincethe underlyingorderingis lost. This paperpresenta
generalapproactfor fusing prioritized basespoth semanticallyand
syntacticallywhenprioritiesarerepresenteth the possibilisticlogic
frameavork. We shav thatthe approachesvhich have beenrecently
proposedfor mewging classicalpropositionalbasescan be embed-
dedin this setting. The resultis thena prioritized base,and hence
the processanbe coherentlyiterated.Moreover, we alsoprovide a
syntacticcounterparfor thefusionof classicabases.

1 Introduction

It is well known that priorities are very importantin belief revision
or for fusingmultiple sourceinformation.Gardenforgd5] hasproved
thatary revision processawhich satisfiesthe so-calledAGM postu-
latesis basedn someimplicit ordering.Prioritiesarecrucialaswell
to dealwith conflictingsourcesEvenwhentheinformationprovided
by thesourcegake theform of classicabases(whichrepresenton-
stratified setsof piecesof knowledge or of goalswithout explicit
priorities), several authors,e.g. Lin [9], Konieczry and Pino Pérez
[6, 7], Lin andMendelzon[10, 11], Liberatoreand Schaerf{8] and
Revesz[12,13], extractimplicit orderingdrom theseclassicabases.
For instance considerthe following example[12] wherea teacher
asksstudentswvhich amongthe following languagesSQ L (denoted
by s), O2 (denotedy o) andDatalog (denoteddy d) they wouldlike
tolearn.If oneprovidestheclassicapropositionabase(s Vo) A —d,
then the teacherassumeghat the studentimplicitly givestwo in-
dependentsub-goals:”learning either SQL or O, or both” and
"not learning Datalog”. This meansthat the studentimplicitly
gives a setof prioritized goalswherethe situations(s A o A —d),
(ms Ao A —d) and(s A o A —d) arethe preferredones(since
they satisfythetwo sub-goal$’ s V o” and” —~d”), thatthe situations
~sAN-oA-d,s NoNd,s N—-oAd,-s A oA darelesspreferred
(sincethey only satisfy one sub-goal),and lastly that the situation
—s A —o A d is theleastpreferredonesincebothsub-goalsrefalsi-
fied. Theseprioritiescanbe obtainedusingDalal’s distancd3].
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In this paperwe proposea generalapproachfor fusing prioritized
propositionalbasesin the framework of possibilisticlogic. Priori-
tized propositionalbasesare setsof weightedformulasof the form
B = {(¢i,a:) : i = 1,n} whereg; is aclassicalformula,anda;
belongso [0, 1] encodinghelevel of priority of ¢;. Eachpossibilis-
tic baseB inducesa possibility distribution 75, which rank-orders
the differentinterpretationsWe shaw that this generalframewvork
allows us to recover classicalfusion methodsrecently proposedn
[6, 7,9, 10, 11]. This is obtainedby the syntacticassociatiorof a
setof weightedformulasto eachclassicabase andby providing the
possibilisticcounterparbf ary classicaimeiging operator We shav
thatthis processanbeiteratedin a coherentway, andalsoprovides
a syntacticway for computingclassicalfusion operatorswhich are
only semanticallydefinedgenerally
Technicallyspeakingour aim in this paperis, given a multi-set of
classicalpropositionabasesF, anda booleanmeiging operatorA,
to shav how to computethe setof modelsof the resultingbaseus-
ing possibilisticmeming operators.To reachthis aim, we first as-
sociateto each K; in E a prioritized baseBk;. Roughly speak-
ing, this baseshouldbe suchthat 7z, , the possibility distribution
associatedo Bg;, be a function of the Dalal distanceassociated
to K;. Let B = {Bxk,,-.., Bk, } bethe prioritized counterparof
E = {Ki,..., K, }. Thenfor eachA appliedto E andyielding the
propositionabaseA (E), we definea possibilisticaggreationoper
ator® appliedto B = {Bxk,, -.., Bk, } andyielding to a prioritized
baseBg. This baseshouldbe suchthatthe setof preferredmodels
in m54 is equalto [A(E)] thesetof modelsof A(E), aspicturedon
Figurel.

E = {Kl, cery Kn} — B = {BKlv vy BK,L}

1A 1@
dA(w: E) Bg S't'TrBea (w) = f(dA(wa E))
N v
[A(B)] = {w',maz.ecamsg(w) = m5g(w™)}

Figurel

Let us first recall the fusion of classical propositional bases
beforegiving a brief overview of memging operatorsn possibilistic
logic, andpresentingheresultsof the paper

2 Fusion of classical propositional bases
2.1 Basic stepsand local distances

We considera propositionallanguageC over afinite alphabetP of
atoms 2 denoteghesetof all interpretationsLogical equivalences
denotedby =. Classicaldisjunctionandconjunctionarerespectrely
representedy V, A. Let ¢ be a formulaof £, [¢] denotesthe set
of all modelsof +. A literal is an atom or a negation of an atom.



K denotesa classicalpropositionalbase.Let E = {Ki,..., K, }

(n > 1) be a multi-set of n consistentpropositionalbasesto

be memed. E is called an information set. We define a meiging
operatorA asafunctionwhich associateto eachinformationsetE

aclassicapropositionabasedenotedoy A(E).

The three basic stepsfollowed in [6, 7, 9, 10, 11] for memging

semanticallyaninformationsetE by anoperatorA are:

1- Rank-orderthe set of interpretationsQ2 with respectto each
propositional base K; by computing a local distance,denoted
d(w, K;), betweerw andeachkK;.

2- Rank-orderthe set of interpretations2 w.r.t. all the proposi-
tional basesThis leadsto the overall distancedenotedda (w, E).

The latter, computedfrom local distancesd(w, K;), definesan
ordering relation betweenthe interpretationsdefined as follows:

w <5 W' iff da(w, E) < da(w', E).

3- Computethe modelsof A(E), theresultof the meging process,
whosemodelsareminimal with respecto <4, namely

[A(E)] = min(Q, <§).
In the reviewed works [6, 9, 10, 11], thelocal distanced(w, K;) is
basedn Dalal'sdistancq3]. Thedistancebetweeraninterpretation
w and a propositionalbase K; is definedby the leastnumberof
atomson which this interpretationdiffers from somemodel of the
propositionabase More formally,

d(w, Ki) = ming ek, dist(w,w’),
wheredist(w,w’) is the numberof atomswhosevaluationsdiffer in
thetwo interpretationgHammingdistance).

Konieczry andPino Pérez[7] useary distancewhich is symmetric
andsuchthatdist(w,w’) = 0 iff w = '

Example Let us extend the example of the introduction with
three students.The first studentwantsto only learn SQL or O:
K, = (s V 0) A =d. Thesecondvantsto only learnDatalog or O
but notboth: Ky = (s Ad A —0) V (ms A =d A 0). Thethird wants
to learnthethreelanguagesKs = (s Ad A o).

Let wg = —s-d—0, w1 = —s-do, wa = —sd—o, w3 = -sdo,
wsq = s—d-0, ws = s—do, we = sd—o, wr = sdo.

Dalal's distancedetweereachinterpretatiorandthe basesare:

w | dw, K1) | dw,K2) | d(w, Ks3)

wo 1 1 3

wi | 0 0 2

w2 | 2 0 2

wz |1 1 1 Tablel
wg | 0 2 2

ws | 0 1 1

we | 1 1 1

w7 1 2 0

2.2 Aggregating local distances

Onced(w, K;) is definedfor eachK;, several methodshave been
proposedn orderto aggregjatethe local distancesl(w, K;) accord-
ing to whetherthe baseshave the sameimportanceor not. In partic-
ular thefollowing operatorhave beenproposed:

e Majority operatof10, 11,12): ds(w, E) = Xi-,d(w, K;)

e Weightedsumoperatof12]: dys(w, E) = L d(w, K;) * o,
whereq;’s areintegers.

e Max-basedgalitaristoperatof13]:
dmaz(w, E) = mazi=1,nd(w, K;)

e Lexmax-basedor generalizedmax) egalitarist operator[6, 7:
This aggr@ating operatorcomparesvectors of distances.Let

Belief Revision

di = d(w, K;). Denotedgma:(w, E) the resultof sortingthe
vector (df ...d;,) in a decreasingorder Then,w € [A(E)] if
thereis now’ suchthatdgmez (W', E) <iez dgmaz(w, E), where
<rLew IS definedasfollows:

LetS: = (s1...s») andSs = (s}...s;,) betwo sequencesf inte-
gersgivenin adecreasingrdet Then,S1 <re, Ss if andonly if
3k < msuchthatsy, < s, andVi < k : s; = s;.

Moreover, S1 =rex S2 if Vk < n, sg = s}

Example (continued)Let a1 = a3 =1, ap =3 for ws operator

w ¥ | ws | max | gmax

wo | B |7 3 (3,1,1)
wi | 2|2 2 (2,0,0)
wa |4 |4 |2 (2,2,0)
w3 | 3|5 1 (1,1,1)
we |4 |8 |2 (2,2,0)
ws | 2 | 4 1 (1,1,0)

we | 3 |5H 1 (1,1,1)
wr | 3|7 2 (2,1,0)

Table 2 (Bold elementsarethe preferredinterpretations)

Thenwe get:[As(E)] = {w1,ws}, [Aws(E)] = {w1},

[Amae(E)] = {ws,ws, we} and[Agmaz (E)] = {ws}.

As it canbe seenin this example,maz is the mostcautiousone,and
is refinedby gmax. Besidesws andX which correspondo other
pointsof view, mayselectotherinterpretations.

2.3 Non-iteration (loss of associativity) of the
process

The main drawback of A is the non-iterationof the processin a
coherentway w.r.t. Dalal’s distanceeven for associatie operators.
Indeed,in generald(w, A (K1, K2)) # f(d(w, K1),d(w, K2)),

where A is a memging operatorbasedon an associatie function

f. Thisis dueto the factthatwhencomputingd(w, A (K1, K3)),

we lostthe underlyingpriority betweenk; and K.

Let us now considerthe abore example and the majority operator
whichis associatie. Let K’ = Ax({K1, K2}). Wecaneasilycheck
thatd(w, As ({K1, K2})) # d(w, K1) + d(w, K»). Thereforejt is

not surprisingto find Az ({K’, K3}) # As({Ki, K>, K3}). In-

deedwe have Ax({K', K3}) = {w1,ws,ws,wr}.

3 Fusion of prioritized propositional bases

This sectionrecallsthe semanticandsyntacticfusionsof prioritized
propositionabasedevelopedin [2] in the frameavork of possibility
theory Let usfirst recalla minimal backgroundn possibilisticlogic

(for moredetailsse€[4]). At thesyntactidevel, apossibilisticpropo-
sitionalbaseis asetof weightedformulasB = {(¢;,a;) : ¢ = 1,n}

where ¢; is a classicalformula and a; belongsto [0,1]. (¢;,a;)

meansthat the certaintyor necessitydegreeof ¢; is at leastequal
to a;. We definethe a-cut of B, denotedby B>, the classicabase
B>a = {¢:i : (¢:,a;) € Band a; > a}.

Given B, we cangenerate uniquepossibility distribution, denoted
by 75 suchthatall theinterpretationsatisfyingall the propositions
in B will have thehighestpossibilitydegree,namelyl, andtheother
interpretationswill be ranked w.r.t. the highestnecessitydegree of

propositionghatthey falsify, namelywe get[4]: Vw € (,

B 1 ifV(¢i,ai) € B,w €[]
mp(w) = { 1—mazf{a; :w & [¢:]} otherwise.
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This possibility distribution is suchthat N(¢;) > a; whereN is a
necessitymeasuralefinedfrom = [4].

We defineby Inc(B) = max{a; : Bxq; s inconsistent} thein-
consisteng degreeof B. The usefulconsistenpartof B is madeof
the formulaswhoseweightsareabore theinconsisteng level. More
formally, p(B) = {¢: : (¢i,a:) € B and a; > Inc(B)}.

At the semanticlevel, the set of modelsof p(B) correspondgo
the interpretationshaving the highest possibility degree, namely
[p(B)] = {w : w is mazimal in w5 (w)}.

In [2], the authorssuggesgeneralsyntacticapproachesyhich are
semanticallymeaningfulfor fusing possibilistic bases.More pre-
cisely let B1, By betwo possibilistichasesandn; andws betheir
associategossibility distributions. Let & be a two placefunction
whosedomainis [0, 1] x [0, 1] to beusedfor aggrgatingm; (w) and
w2 (w). Theonly requirementsor & are:

i.191=1,

1. If a > ¢, b > dthena ® b > ¢ @ d (monotonicity).
Thefirst oneacknavledgesthe factthatif two sourcesagreethatw
is fully possiblethentheresultof thecombinationshouldconfirmit.
The secondoropertyexpresseshata degreeresultingfrom a combi-
nationcannotdecreas# thecombineddegreesincrease.

In [2], it hasbeenshavn thatthe syntacticcounterparof fusing
andm is thefollowing possibilistichase denotedby Bg andwhich
is composeaf:

- theinitial baseswith new weightsdefinedby:

{#i, 1-(1—a;)®1) : (¢, a;) € Bi}U{(%h;,1— 1@ (1-b;)): (5, b;) € Ba},

- andtheknowledg commorto B; and B, definedby:
{(¢iVepj, 1-(1—ai)®(1-b;5)): (i, ai) € B1 and (¢;,b;) € Ba}.

It hasbeenshavn thatmgg, (w) = 71 (w) @ m2(w) Wherengs,, is
the possibility distribution associatedio Bg .
Remarkablecasesof @ are the minimum (for short min), max-
imum (for short may and Product (for short Pro). The first
one is meaningful when the sourcesare consistentand may
be not independent,the second one is appropriate when the
sources are highly conflicting and the third one deals with
independentsources. It has been shavn, for these particu-
lar cases,that the fused possibilistic base is equvalent to:

Bmin = B1UB>
Bumae = {(¢: V 45, min(ai, b;)) : (¢i,a:) € Bu, (¢, b;) € Bz}
Bpro = B1 UBy U{(¢; Vpj,a; +b; —asbj):
(¢i,ai) € By and (¢;,b;) € Ba}.

In the caseof n sourcesthe syntacticcomputationof the resulting
basecanbeeasilyappliedwhen® is associatie. The syntacticgen-
eralisationfor non-associate operator(® is thena n-ary operator
definedon vectorof possibility distributions)is alsopossible.

4 Fusion of classical bases encoded in possibilistic
logic

In Sections2 and 3,we have presentednerging operatorsfor both
classicaland prioritized bases|In this section,we shaw that possi-
bilistic logic canrecorer the booleanmeging approacheseviewed
in the previous sectionsLet usfirst shav how to associate possi-
bilistic baseto a givenclassicabase.

4.1 From aclassical baseto a possibilistic base

The aim of this subsectioris given a classicalpropositionabaseK
to constructa possibilistichaseBx suchthat:

Yw, T, (W) = f(d(w, K)).
First, we considerabaseK whichis asetof literals K = {a; : 7 €

Belief Revision

I}, namely K containsone formula composedf a conjunctionof

literals. To illustratethe constructiorof the possibilistichaseassoci-
atedto K, we usethebaseKs = {s A d A o} of our example.Let
us shav how to constructBg, . Note that using Dalal distance the
worstinterpretationsrethe oneswhich falsify all literalsin Ks. At

the syntacticlevel, the possibilisticbaseshouldcontainthe formula
(s Vo vd) with the highestweight. Then,next preferredinterpreta-
tions arethosewhich only falsify oneliteral. This meansthat Bx,

containsthe threeformulas(s Vv o), (s V d), (o V d) with alower
weight (which correspondo the three possibleways of remaving

oneliteral from thedisjunctions V o V d). Next, the morepreferred
interpretationsarethosewhich falsify two literals. This leadsto add
in the possibilisticbasethe literals o, s, d with a smallerweight. To

summarize Bx, shouldbe of theform:

Br; = {(s Vo Vda)(s Vop)(sVdp)VdpB);

(s,6);(0,0);(d,8)}, witha > 8 > 4.

We caneasilycheckthat:

Yw, TBy, (W) > TBk, (W) iff d(w, K3) < d(w', K3).

Moreover, if weleta =1 —¢®, 8 =1—¢€2,§ =1 — ¢, wheree is

avery smallnumbeythen

e By, istheresultof combiningthethreeelementanbases
B ={(s,1-¢)}, Bo = {(0,1 — )} andXy = {(d,1 - &)}
with the productoperator

* Yw € Q 7y, (w) = gd(w.K3),

Theseremarkscanbe generalizedFirst, we needthe following:

Lemmal Let K = {a; : ¢ = 1,n} be a setof literals. Let

3 = {(as, 1 — &)} ben possibilistichaseswith oneformula. Then

combiningX;’ swith the productoperator leadsto thefollowing base
Bk = {(Dj(K)71 - EJ) 1y = 1an}’

whee D; (K) is a disjunctionof sizej fromK.

Example (continued)

LetusconsidetthebaseKs ={s, d, o}.

We have the combinationof X, and X4 with the productleadsto:

{(1-)}U{(d,1-e)}U{(sVd,1—e")},

combiningagainthis resultingbasewith X, leadsto:

{(ss1=e)}u{(d,1-e)}U{(o,1—e)}U{(sVd,1—e?);
(sVo,1 —&?);(dVo,1 —e>)}Ju{(sVdVo,1—e*}

The following proposition explicits the encoding of Dalal’s
distancdn possibilisticlogic.

Proposition 1 Let K be a setof literals. Let Bx be the baseob-
tainedusingLemmal. Then,

By (W) = e K0,

Now considerthe casewhereK is a generl knowledgebasewhich
is putunderadisjunctve normalformi.e., K = C1 V ... V C,.
Notefirstthat[9]: d(w, K) = min;=1,,d(w, C;) (1)
Moreover, from Propositiond, it is possibleto associatéo eachC; a
possibilisticbaseB¢,; where

Yw, 7B, (W) = gd(@:Ci) (2)
Thenfrom (1) and(2) it canbeeasilyguessedhat:
B (W) = MaTi—1,aTBy, (W) = MaTi—1,n€
mini=1,nd(w,C;) _ é:d(u.,v,K).

d(w,C;) _

g
Thereforethe possibilistichaseBx associatedo K is the resultof
combiningthe possibilistichasesB¢;’s associatedo eachconjunct
C; of K with the maximumoperator

Proposition 2 LetK = {C; V --- V C, } beaclassicalbase and
Bg;'s be the possibilistic basesassociatedo C;’s obtainedfrom
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Lemmal. Let Bk bethe combinationof Bc;’s with the maximum
opemtor. Then,

7By (w) = 4@ F),
Now, dueto the particularstructureof Bc,'s, thefollowing proposi-
tion givesanequialentrewriting of Bx , withoutcomputingexplic-
ity Be;’s:

Proposition3 Let K = {Ci: V .. Vv Cn,} be a clas-

sical base Let m = mini=1,,(|Ci|]). Then, Bg

is equivalent 2 to the following possibilistic base:
{(Djal _6]) 1= 1:m}'

whee D; is a clause(i.e., disjunctionof literals) containingexactly

j literalsfromead C; of K.

The number m in the previous proposition correspondsto the
numberof layersin the possibilisticbhaseassociateto K.

Example (continued)Let us put the basesK;, K> and K3 in

a disjunctve form: Ky = {Ci1 V C2}; Ko = {Cs V Ci}

and K3 = {Cs} suchthat C, = {s,—d}; Co = {o,—d};

Cs = {-s,d,~0}; Cs = {—s,~d, 0} andCs = {s,d, 0}.

For K1, wehavem = |C1|=|C2| =2. FromProposition3:

Br, ={(sV-dVo,1—¢?);(sV-d,1—¢);(sVo,1—¢);
(-d V 0,1 — €);(~d,1 — €)} which is equialent to

{(sV-dVo,1—¢?);(sVo,1—¢);(~d,1—¢)}.

Theformulas(s V —d,1 —¢) and(—d V o, 1 — €) areremovedfrom

the possibilistichasesincethey aresubsumed by (-d, 1 — ¢).

With a similar computationwe get:

Bg, = {(-sVdVo,1 —¢?);(-sV-dV-o,1—¢?);
(ms,1—¢€);(dVo,1 —¢€);(~dV —o,1—¢)}.

Bk, hasbeenpreviously computed.

4.2 Possibilistic encoding of the global distance
4.2.1 Semantiencodingof theglobal distance

In this subsectiongivenaninformationsetE = {Ki,---,K,}, a
booleanmeming operatorA, and B= {Bk,,- -, Bk, } the possi-
bilistic counterparbf E obtainedrom Proposition3, we shawv thatit
is possibleto definea possibilisticmerging operatord appliedon B
andyieldingto Bg suchthatmgg, , thepossibility distribution associ-
atedto Bg, is afunctionof da. Namely 754 (w) = f(da(w, E)).

Proposition 4 Let E = {K.,---,K,} beaninformationset,and
Asx(E) betheresultof combiningK;’s with the majority opeiator.
Let B= {Bxk,," -, Bk, } bethepossibilisticcounterpartof E us-
ing Proposition3, and s, 's bethe possibilitydistribution associ-
atedto B;'s.Letng,,, betheresultof combiningr s, 'swith the
productoperator Pro. Then,

T8y, () = ),

The proof can be easily checled. Recall that ds(w,E) =
Sic1,nd(w, K;). Then,mpp, (W) =By, * - * Ty, =
Ed(W,Kl) Koeex Ed(w,Kn) — &.Ei:l’nd(w,Ki) — Edg(w,E)'

In asimilarway we getthe possibilisticcounterpartso max andws
givenin Table3.

We now provide the encodingof gmax operator This is done by

2 The equialenceis understoodn the sensethatthe two possibilistichases
generatehe samepossibility distributions.

3 (¢,a) € B is saidto besubsumedy B if it canbe entailedfrom all the
formulas(differentfrom (¢, a)) having aweightat leastequalto a. It can
bechecledthat B andB — {(¢, a)} areequialent(see[4]).

Belief Revision

first giving a rewriting of the lexicographicalorderusingthe opera-
tion sum, afteratransformatiorof a scale More preciselyfor each
d(w K;) wedefineL; = N4« X:) whereN is avery largenumber®.
Letd; = d(w,Kq;) anddg = d(w', Kz)

Then,we have thefollowing lemma:

Lemma?2 Letd, = (di,---,d,) andd, = (dy,---,d;,) be
two sequence®f integers givenin a deceasingorder Let L =
(L1,---,Ly,)andL’ = (L4,---,L,) besud that L; = N% and
L, = N% Then,

dw <Lex dw’ = zL,”:lLi < E:l’:lL;

Giventhislemma,we cannow give theencodingof gmazx.
LetK = {C1,---,Cnr}.
1- By Proposition3, we have
Brx ={(D;j,1—¢’):j=1,m},

whereD; is aclause(i.e.,adisjunctionof literals)containingexactly
7 literalsfrom eachC; of K.
2- We proceedto transformethe scaleby definingfrom Bx a new
baseB/ suchthat

B ={(Dj,1—¢"i): (Dj,1—-¢€) € Bx}.
We cancheckthatthe possibility distribution associatedo B is as
follows:

1 if d(w,K) =0
N otherwise.

TR (w) = {

Then,we have thefollowing proposition:

Proposition5 LetE = {Kj,---, K,} beaninformationset,and
B = {Bxk,, -, Bk,} be the syntacticcounterpartto E from
Proposition3. Let By, 'sbethebasesrom B, 'susingStep2 above
Leth/K' bethe possibilitydistribution associatedo B .

Let mgpio be the result of combiningnB}(. 's with Pro operator.

Then,
W >gmas W' € TBp,, (W) > TBp,, (W)

The following table summarizeshe above propositions.It gives
whichpossibilisticoperators shouldbeusedfor recoreringboolean
meiging operatorA:

A D

max min

b)) Pro Table3
ws weightedPro

gmaz | Pro (with asuitablescale)

whereweightedPro is simply the productappliedrepeatedlySince
thea;’s areintegers,eachbaseis repeatech timesif a; = n.

4.2.2 Syntacticcounterpartof the semantieencoding

In thissubsectionve shav thatoncethepossibilistichase@ssociated
to K;'s arecomputedthe syntacticcomputationof A(E) is imme-
diate using the syntacticmeiging operatorsappliedto possibilistic
bases.

At thesemantidevel, we have alreadyshavn thatgivenaninforma-
tionsetE = {Ki,---, K, } andaboolearoperatorA, wecandefine
B = {Bk,," -, Bk, } suchthatcombiningr s, 's (the possibility
distributionsassociatedo Bk;’s) with some@, the counterparof
A accordingto Table3, leadsto the following relation(whenA €

4 N shouldbes.t.for eachk (k > 0), wehave N* > %/ o, N*',
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{3, maz,ws}): npg (w) = gda(w.B)

®3)
Let A(E) betheresultof combiningK;’swith A.
We know that the modelsof A(E) are the interpretationswhich
minimizeda (w, E). Then,from (3), theseinterpretationsnaximize
TBg Sincee < 1.
For gmaz, we have shavn thatw >gmes W' < 78, (W) >
TBp,,(w'). Here, we also have the preferredinterpretationsw.r.t.
> gmae arethosewhichmaximizens,,., .
Givena possibility distribution 7z associatedio a possibilisticbase
B, we alsoknow thattheinterpretationsvhichmaximizer g arethe
modelsof p(B), theconsistenpartof B (seeSection3).
Now, g, is theresultof combining B, 's with ©. Hence the pre-
ferredinterpretationsv.r.t. 75, arethemodelsof p(Bg ).

Proposition 6 Let E = {Ki,---,K,} be an information set,
and A(FE) be the result of combining K;’s with A. Let B =
{Bk,,- -, Bk, } bethepossibilisticcounterpartof E usingPropo-
sition 3. Let® bethesyntacticcounterpartof A obtainedfromTable
3, andBg betheresultof combiningBx; s with @. Then,

[A(E)] = [p(Bs)]-

Example (continued)Let us considerthe majority operatorX. Let
By, Bk, and Bk, bethe possibilisticcounterparof K, K> and
K3 computedn thelastexample.Thento computethe possibilistic
baseassociatedo thecombinationof Bk, , Bk, Bk, with thema-
jority operatoywe combineBg;’s with the productoperator Since
the productoperatoris associatie, let us first computeB’ the base
resultingfrom thecombiningBx, andBk.,,.

B ={(-sV-dV-0,1-¢®); (s Vd Vo,1—¢?);(ns V ~d, 1—€?);
(~d V =0,1 —€%); (s V-dVo,1 —¢?);(nsVdVo,1—¢?);
(sVo,1—¢);(~d,1—¢);(—s,1—¢);(dVo,1—¢)}.

Then combining B’ and Bk, after removing subsumedormulas,
leadsto: B ={(sVdVo,1—¢%);(sV-dVo,1—¢*);(msVdV
0,1 —€*);(nsV-dVo,1—¢®);(sV-dV-o,1—¢®);
(~sV=dV —o,1—€%);(L,1—-¢%)}.

Note thatwe obtaina contradictiorherewith aweight1 — % which
expressegonflictbetweersources.

Note that Inc(Bg) is aways of the form 1 — &/ wherej is the
minimal weight in the global distanceobtainedfrom memging E
by A. For instance,we can checkthat in this example we have
Inc(Bg) = 1 — €* andindeed? is the minimal distancein Table
2 (for X). Whenj = 0 namelyInc(Bg) = 0, this simply means
thatA\E = Ki A ... A K, is consistent.

Now, to recarer As({K1, K2, K3}) we simply computep(Bg),
namelyp(Bg) = {sVdVo,sV-dVo,~sVdVo,~sV-dV
0,8V dV —0,-sV dV -0} = {~d,o}.

Clearlywe cancheckthat[p(Bg)] = {w1,ws} which hasbeenob-
tainedin theexamplesabove.

Remark 1 Notethattheadvantae of giving a possibilistichasein-

steadof the classicalbasep(Bg) as a resultof the meging is the
capability of iteration for associativeopeiators, which is not possi-
ble with classicalmeging opeiators. Indeed,in the above example
wehave(Bk, @ Bk,) ® Bk, = Bk, ® Bk, ® Bg,, andthisis

geneal.

4.3

We considemow the memging of classicaknowvledgebaseswith in-
tegrity constraintsTheintegrity constraintarerequirementshatthe
memgedbasemustsatisfy Let E = { K1, ..., K, } betheinformation
setto memge,andy be a setof constraintsWe denoteby A(u, E)

Integrity constraints

Belief Revision

the resultof memging with respectto an operatorA. The operation
of fusion follows the samestepsas A. The only changeappearsn
selectingmodelsof A(u, E) which focuseson modelsof p which
areminimalin <4, namely

[A(E)] = min([u], <7)
It meanghatwe only consideiinterpretationsvhich satisfythe setof
integrity constraintsSincethe formulasof p mustbe satisfied they
areconsideredsfully reliablein possibilisticframenork. The possi-
bilistic propositionabaseassociatedo a setof integrity constraints
isthen:B, = {(é:,1) : ¢s € p}.
Proposition 7 Let E and p be respectivelyan informationsetand
a setof integrity constaints,and A bea booleanmeging opeator.
Let Bg bethe possibilisticcounterpartof E. Thenthe possibilistic
baseassociatedo E andy is simplyBg U B,,.

5 Conclusion

The paperhasshavn how booleanmeiging operatorscan be mod-
elledin the possibilisticlogic framewvork. This hasseveral benefits.
First,asalreadysaidwe caniteratethe meiging operatorin a coher

entway w.r.t. priorities. Second¢lassicaimeiging approachebear-

ily lie on the useof Dalal’s distance However, asin our example
wherea studentsaysthat he would like to learn SQL or Oa, it is

not necessariljthe casethat he wantsto give the samepriority to

both. He may prefer SQL to O; sucha disymmetrybetweenthe
literalscanbe easilyrepresentetly enteringfrom the beginning pri-

oritiesin thepossibilisticlogic framevork. Third, with theexception
of [9] which hasprovided a syntacticcomputationin the caseof a
weightedsum,classicaimethodsareonly semanticallydefined.Pos-
sibilistic logic offers a generalsyntacticcomputatiormachineryfor

thememging processSuchcomputationganbestill simplifiedif one
only looks for producingclassicalbaseswithout priorities, sincein

this casewe only have to generatehe consistenpart of the possi-
bilistic base.A postulate-basedtudy of fusion in the possibilistic
framework canbefoundin [1].
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