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t. One of the major reasons for the su

ess of answer set pro-gramming in re
ent years was the shift from a theorem proving to a
onstraint programming view: problems are represented su
h that sta-ble models, respe
tively answer sets, rather than theorems 
orrespondto solutions. This shift in perspe
tive proved extremely fruitful in manyareas. We believe that going one step further from a \hard" to a \soft"
onstraint programming paradigm, or, in other words, to a paradigm ofqualitative optimization, will prove equally fruitful. In this paper we tryto support this 
laim by showing that several generi
 problems in logi
based problem solving 
an be understood as qualitative optimizationproblems, and that these problems have simple and elegant formulationsgiven adequate optimization 
onstru
ts in the knowledge representationlanguage.1 Introdu
tionAnswer sets [17℄, originally invented to de�ne the semanti
s of (extended) logi
programs with default negation, have proven to be extremely useful for solvinga large variety of AI problems. Two important developments were essential forthis su

ess:1. the development of highly eÆ
ient answer-set provers, the most advan
edamong them being Smodels [21℄ and dlv [12℄;2. a shift from a theorem proving to a 
onstraint programming perspe
tive[20℄,[19℄.Let us fo
us on the latter here. It turned out that many problems, for instan
e inreasoning about a
tions, planning, diagnosis, belief revision and produ
t 
on�g-uration, have elegant formulations as logi
 programs so that models of programs,rather than proofs of queries, des
ribe problem solutions [18, 28, 1, 13℄. This viewof logi
 programs as 
onstraints on the sets of literals whi
h may 
ount as solu-tions has led to a new problem solving paradigm 
alled answer set programming(ASP).



The major goal of this paper is to push this shift in perspe
tive one stepfurther: from a 
onstraint programming paradigm to a paradigm of qualita-tive optimization. Many problems have natural formulations as optimizationproblems, and many problems whi
h 
an be represented in a \hard" 
onstraintprogramming paradigm have fruitful, more 
exible re�nements as optimizationproblems.Consider planning as a typi
al example. We know how to represent planningproblems as ASP problems. Moving from a 
onstraint programming to an op-timization perspe
tive allows us to spe
ify 
riteria by whi
h we 
an rank plansa

ording to their quality. This allows us to sele
t good plans (or to generatesuboptimal plans if there is no way to satisfy all requirements). An example forquantitative optimization is planning under a
tion 
osts [15℄.Our interest in optimization based on qualitative preferen
es stems from thefa
t that for a variety of appli
ations numeri
al information is hard to obtain(preferen
e eli
itation is rather diÆ
ult) - and often turns out to be unne
essary.This paper 
ontains several examples of this kind.Of 
ourse, the use of optimization te
hniques in answer set programing is notnew. There is a large body of work on preferred answer sets, see for instan
e [5,26℄ and the referen
es in these papers. Also some of the existing solvers have (nu-meri
al) optimization fa
ilities: Smodels with weight 
onstraints has maximizeand minimize statements operating on weights of atoms in answer sets [27℄. Aninteresting appli
ation of these 
onstru
ts to modeling au
tions 
an be found in[2℄. dlv has weak 
onstraints [8℄ of the form a1; : : : an;not b1; : : : ;not bm: [w : l℄where w is a numeri
al penalty and l is a priority level. For ea
h priority level,the sum of the penalties of all violated 
onstraints (i.e., 
onstraints whose bodiesare satis�ed) is 
omputed. The answer sets with minimal overall penalty in onelevel are 
ompared based on the overall penalties of the next level, et
. Su
h
onstaints were used, for instan
e, to implement planning under a
tion 
osts asdes
ribed in [15℄ and for knowledge based information-site sele
tion [14℄.However, a systemati
 treatment of answer set programming as qualitativeoptimization is still la
king. This paper is meant as a step into this dire
tion.The major goal is to substantiate - by means of several generi
 examples - the
laim that optimization te
hniques, and in parti
ular qualitative te
hniques, arehighly fruitful in a large number of appli
ations.This paper will not introdu
e any new formalism. Instead, it will use existingformalisms, 
o-developed by the author, to demonstrate how these formalisms
an be used fruitfully for a variety of problems. We will use logi
 programs withordered disjun
tion (LPODs) as des
ribed in [4℄ and [7℄, as well as the frameworkof optimization programs as des
ribed in [6℄. Both have their merits, the se
ondbeing more modular and general. However, in some 
ases the former admits more
on
ise representations, as we will see.The problems we des
ribe in this paper are generi
 in the sense that theymay arise in a number of di�erent appli
ations. We will �rst dis
uss the use of



optimization te
hniques for abdu
tion, that is, the generation of explanationsfor observed behaviour, and diagnosis. The major goal here is to give an exam-ple showing that it is indeed extremely helpful to have optimization te
hniquesavailable as part of the semanti
s of the underlying formalism. We will givestraightforward translations of abdu
tion and also of 
onsisten
y based diag-nosis te
hniques to LPODs. Our translations are in
uen
ed by [13℄. However,due to the availability of optimization 
onstru
ts in the representation languageour translations are 
onsiderably simpler than those used for the dlv diagnosisfrontend.We next dis
uss the problem of solution 
oheren
e. Consider a domain wheresolutions need to be 
omputed ahead of time, but later on new 
onstraints mayhave to be taken into a

ount. A typi
al example (whi
h was dis
ussed at theBan� Workshop on Constraint Programming, Belief Revision and Combinato-rial Optimization, May 03) is the s
heduling of meetings in an organization.Persons who need to attend a parti
ular meeting must be informed about thisfa
t early enough. On the other hand, it may always happen that, due to unfore-seen 
ir
umstan
es, new \hard" 
onstraints arise. Now assume an automateds
heduling system based on answer set programming were to re
ompute a newsolution based on the new set of 
onstraints from s
rat
h. This 
ould lead toa new solution of the s
heduling problem with 
ompletely di�erent time slotsfor a large number of meetings. This is 
ertainly unwanted: what we would liketo have is a new solution whi
h is as 
lose as possible to the original solution.This is obviously a qualitative optimization problem and we will show how thisproblem 
an be handled using optimization programs.Finally, we will show that in
onsisten
y handling 
an be viewed as an opti-mization problem. The basi
 idea is to re-represent the original information insu
h a way that rules 
an be arbitrarily disregarded. We then use preferen
esexpressing that rules should not be disregarded. We 
an go further and add metapreferen
es between these preferen
es to distinguish between rules whi
h shouldnot be disregarded with higher priority. We 
an also introdu
e 
ontradi
tionremoval rules [23℄ whi
h are applied only in 
ase an in
onsisten
y arises.From the dis
ussion of the examples we derive a number of requirements fora general spe
i�
ation language for qualitative optimization. Su
h a languageshould allow us to express preferen
es of a very general kind together with di�er-ent 
ombination strategies, and it should be possible to apply di�erent strategiesto di�erent parts of the preferen
e program. We strongly believe that extendinganswer set programming in this dire
tion will greatly in
rease its impa
t as anew de
larative programming paradigm.We assume the reader is familiar with the notion of answer sets [17℄. A shortintrodu
tion to LPODs and optimization programs is given in the next se
tion.2 LPODs and optimization programsIn this se
tion we brie
y re
all the basi
 notions underlying the formalisms to beused in this paper, namely LPODs [4, 7℄ and optimization programs [6℄. LPODs



use ordered disjun
tion � in the head of rules to express preferen
es amongliterals in the head: the rule r = A1 � : : :� An  body says: if body is satis�edthen some Ai must be in the answer set, most preferably A1, if this is impossiblethen A2, et
. Answer sets are de�ned through split programs [25℄ 
ontainingexa
tly one option for ea
h of the original LPOD rules, where, for k � n, optionrk of the rule above is Ak  body;not A1; : : : ;not Ak�1.An answer set S 
an satisfy rules like r to di�erent degrees, where smallerdegrees are better: if body is satis�ed, then the satisfa
tion degree is the smallestindex i su
h that Ai 2 S. Otherwise, the rule is irrelevant. Sin
e there is noreason to blame an answer set for not applying an inappli
able rule we alsode�ne the degree to be 1 in this 
ase. The degree of r in S is denoted degS(r).Based on the satisfa
tion degrees of single rules a global preferen
e orderingon answer sets is de�ned. This 
an be done through a number of di�erent 
om-bination strategies. Let Sk(P ) = fr 2 P j degS(r) = kg. For instan
e, we 
anuse one of the following 
onditions to de�ne that S1 is stri
tly preferred to S2:1. there is a rule satis�ed better in S1 than in S2, and no rule is satis�ed betterin S2 than in S1 (Pareto);2. at the smallest degree j su
h that Sj1(P ) 6= Sj2(P ) we have Sj1(P ) � Sj2(P )(in
lusion);3. at the smallest degree j su
h that jSj1(P )j 6= jSj2(P )j we have jSj1(P )j >jSj2(P )j (
ardinality);4. the sum of the satisfa
tion degrees of all rules is smaller in S1 than in S2(penalty sum).Note that S1 is in
lusion preferred to S2 whenever it is Pareto preferred to S2,and 
ardinality preferred to S2 whenever it is in
lusion preferred to S2. Thepenalty sum strategy 
an be used to model dlv's weak 
onstraints, provided allweights are integers: a weak 
onstraint body with weight n 
an be representedas ?� : : :�?�>  body, where the ordered disjun
tion has n disjun
ts.In the LPOD approa
h the 
onstru
tion of answer sets is amalgamated withthe expression of preferen
es. Optimization programs, on the other hand, sepa-rate the two 
onsequently to allow for greater modularity, 
exibility and gener-ality. An optimization program is a pair (Pgen; Ppref ) 
onsisting of an arbitraryprogram Pgen used to generate answer sets, that is, Pgen 
an be any type ofprogram as long as it produ
es sets of literals, and a preferen
e program Ppref .The latter 
onsists of rules of the form C1 > : : : > Cn  body where the Ci areboolean 
ombinations of literals built from ^;_;: and not . Again, if body issatis�ed in an answer set S and some boolean 
ombination Ci is satis�ed, thenthe degree of the rule is the smallest su
h index. Otherwise the rule is irrelevant.Again we do not want to blame S for irrelevant rules and 
onsider irrelevan
eas good a satisfa
tion degree as 1.Again, the 
ombination strategies des
ribed above - and many others - 
anbe used to generate the global preferen
e order. It is also possible to introdu
emeta preferen
es among the preferen
e rules themselves by grouping them intosubsets with di�erent ranks. Preferen
e rules with highest priority are 
onsidered



�rst. Intuitively, rules with lower priority are only used to distinguish betweenanswer sets whi
h are of the same quality a

ording to more preferred rules. Thereader is referred to the original papers for more details.In the rest of this paper the in
lusion-based 
ombination strategy, that is,strategy 2 in the list above, will be our default strategy. As we will see, subsetminimality is useful in many 
ases. Note that in
lusion and Pareto preferen
e
oin
ide whenever all preferen
e statements (ordered disjun
tions or heads ofpreferen
e rules) speak about no more than two options. Whenever we need
ardinality-based preferen
e we will mention this expli
itly.3 Abdu
tion and diagnosisAbdu
tion is the pro
ess of generating explanations for a set of observations.Most formal approa
hes to abdu
tion are based on a �xed set of formulas H ofpossible explanations, a set of formulas K representing ba
kground knowledge,and a set of formulas O des
ribing the observations to be explained [16, 24, 22,9℄. An explanation then is a minimal subset H 0 of H satisfying:1. H 0 [K is 
onsistent and,2. H 0 [K j= O.For the 
ontext of answer set programming let us assume that K is a logi
program, H and O are sets of literals, and j= is the 
redulous inferen
e relationunder answer set semanti
s, that is, for the program K and observations O wehave K j= O i� there is an answer set S of K su
h that O � S.1 An explanationfor O 
an be 
omputed via the following LPOD Pabd(K;H;O):K [ f not o j o 2 Og [ f:ass(h)� ass(h) j h 2 Hg [ fh ass(h) j h 2 Hg:Intuitively, ass(h) reads: h is assumed. The use of 
onstraints for eliminatinganswer sets where some observation is unexplained, and the use of a predi
ate likeass is taken from [13℄. However, the use of ordered disjun
tion is new and makesthe representation 
onsiderably simpler. We have the following proposition:Proposition 1. Let H and O be sets of literals and let K be a logi
 program.H 0 is an explanation for O given K and H i� there is a 
onsistent answer setS of Pabd(K;H;O) su
h that H 0 = fh 2 H j ass(h) 2 Sg.Abdu
tion has a dire
t appli
ation in diagnosis. Diagnosti
 systems are an impor-tant 
lass of knowledge based systems. Their main task is to determine reasonsfor observed malfun
tioning. In the literature 2 kinds of approa
hes are usuallydistinguished:{ abdu
tive diagnosis:a model M of the system to be diagnosed des
ribes the e�e
ts of possiblefailures (diseases in the medi
al domain). Given a set of potential failures F1 This view is basi
ally taken from [13℄



and a set of observations O, an abdu
tive diagnosis is an explanation of Ofrom F with ba
kground knowledge M . In other words, abdu
tive diagnosisis a spe
ial 
ase of abdu
tion where the hypotheses are potential failures andthe ba
kground knowledge is the des
ription of the system to be diagnosed.{ 
onsisten
y based diagnosis:here the model M des
ribes the normal behaviour of the system, using ab-normality predi
ates. A diagnosis is a minimal subset C 0 of the system 
om-ponents C su
h that assuming elements of C 0 to be abnormal and the othersto be normal explains the observations. More formally, we are looking for aminimal subset C 0 of the 
omponents su
h that:1. fab(
) j 
 2 C 0g [ f:ab(
) j 
 2 C n C 0g [M is 
onsistent and,2. fab(
) j 
 2 C 0g [ f:ab(
) j 
 2 C n C 0g [M j= O.Again we follow [13℄ in assuming thatM is given as an (extended) logi
 program,F as a set of atoms, O as a set of literals, and that j= is the 
redulous inferen
erelation under answer set semanti
s, i.e. P j= O says there is an answer set
ontaining all literals in O. It is straightforward to express the 
onditions forboth types of diagnosis using LPODs.Abdu
tive diagnosis is just a spe
ial 
ase of abdu
tion, and the programneeded to 
ompute diagnoses is just Pabd(M;F;O) as des
ribed above.For 
onsisten
y based diagnosis we obtain the following program P
d(M;C;O):M [ f not o j o 2 Og [ f:ab(
)� ab(
) j 
 2 Cg:Proposition 2. Let C be a set of 
omponents, O a set of literals des
ribingobservations, and M a logi
 program des
ribing the behavior of a system usingthe ab predi
ate. C 0 � C is a 
onsisten
y based diagnosis i� there is a 
onsistentanswer set S of P
d(M;C;O) su
h that C 0 = f
 j ab(
) 2 Sg.Here is a small example due to [11℄. Assume we have a battery 
onne
ted inparallel to three bulbs. The program M 
onsists of the fa
ts:battery(bat) bulb(b1) 
onne
ted(bat; b1)bulb(b2) 
onne
ted(bat; b2)bulb(b3) 
onne
ted(bat; b3)together with the behaviour des
ription:lit(X)  bulb(X);not ab(X),battery(Y );not ab(Y ); 
onne
ted(Y;X):ab(X)  bulb(X); lit(X):ab(Y )  bulb(X); lit(X); battery(Y ); 
onne
ted(Y;X)Assume the observations are O = f:lit(b1); lit(b3)g, that is, we have to add the
onstraints:  not :lit(b1) not lit(b3)



Adding ordered disjun
tions :ab(
) � ab(
) for 
 2 fbat; b1; b2; b3g we obtain asingle preferred answer set 
ontaining ab(b1) and :ab(
0) for 
0 2 fbat; b2; b3g.The se
ond answer set 
ontaining both ab(b1) and ab(b2) is non-preferred. Thesingle diagnosis thus is b1.Eiter and 
olleagues also dis
uss single fault diagnosis [13℄. Consisten
y baseddiagnosis 
an be restri
ted to the 
ase where at most one 
omponent is faultyby adding the 
onstraint  ab(X); ab(Y ); X 6= Y . However, in our 
ase we
an simply swit
h from an in
lusion-based to a 
ardinality-based 
ombinationstrategy if we want to minimize the number of 
omponents in a diagnosis. Thishas the advantage that we do not need to repeatedly repla
e the 
onstraint witha weaker 
onstraint allowing for more faults whenever a diagnosis with fewerfaults does not exist.It is illustrative to 
ompare our simple formalizations with those in [13℄.The la
k of optimization fa
ilities in the language used in that paper makes thetranslation of diagnosis problems to answer set programming 
onsiderably morediÆ
ult. There is a one page algorithm for the realization of subset minimality.We take this as support for our view that optimization fa
ilities should be partof answer set programming languages.4 Solution 
oheren
eIn answer set programming problems are spe
i�ed as programs and problemsolutions 
orrespond to answer sets of these programs. Assume we have 
omputeda solution S to a problem spe
i�ed through program P . Now 
onsider somemodi�
ation P 0 of P . At least in 
ertain 
ontexts it appears to be inappropriateto 
ompute a new solution from s
rat
h, that is, some arbitrary answer set S0 ofP 0. We often want the new solution S0 to be a minimal modi�
ation of S.An illustrative example is a meeting s
heduling system where P des
ribesmeetings, required parti
ipants, time restri
tions of parti
ipants et
. and whereS des
ribes the s
heduled meetings. If for one of the required parti
ipants of aparti
ular meeting a new time 
onstraint 
 arises, then S may no longer be avalid solution of P 0 = P [ f
g. It is obvious that in this example we are notlooking for some arbitrary solution of P 0, but for a solution of P 0 whi
h is as
lose as possible to S.Given a logi
 programming language with optimization fa
ilities it is straight-forward to represent this. What we need is a distan
e measure between answersets. Here is one su
h measure based on symmetri
 di�eren
es. Let L, L1 andL2 be sets of literals. We say L1 is 
loser to L than L2, denoted L1 �L L2, i�fa j a 2 L nL1 or a 2 L1 n Lg � fa j a 2 L n L2 or a 2 L2 n Lg:Expressing that solutions should be as 
lose as possible to the original solutionS, a

ording to this 
riterion, is a simple matter. Here is the 
orrespondingpreferen
e program:Ppref(S) = fa > not a j a 2 Sg [ fnot a > a j a 62 Sg:



Proposition 3. Let S be a set of literals, P a program. S1 is a preferred an-swer set of the optimization program (P; Ppref(S)) i� it is an answer set of Pmaximally 
lose to S.To be more spe
i�
, assume we have to s
hedule 3 meetings m1;m2;m3.Moreover, there are 4 available non-overlapping time slots s1; : : : ; s4 and 4 per-sons p1; : : : ; p4. We use slot(M;S) to express that the time slot for meeting Mis S, part(P;M) to express that person P needs to parti
ipate in meeting M ,and unav(P; S) to express that person P is unavailable at time slot S. Assumewe have part(p1;m1) part(p3;m2) unav(p1; s4)part(p2;m1) part(p3;m3) unav(p2; s4)part(p2;m2) part(p4;m3) unav(p4; s2)Using 
ardinality 
onstraints [27℄ we 
an express that ea
h meeting needs exa
tlyone time slot:1fslot(M;S) : slot(S)g1 meeting(M)Furthermore, we need the following 
onstraints expressing that parti
ipants haveto be available and that one 
annot attend di�erent meetings at the same time: part(P;M); slot(M;S); unav(P; S) part(P;M); part(P;M 0);M 6=M 0; slot(M;S); slot(M 0; S)One of the answer sets of this program 
ontains:slot(m1; s1); slot(m2; s2); slot(m3; s3)Now assume p4 be
omes unavailable at s3:unav(p4; s3)The former solution is no longer valid. Among the new solutions we have:S1 : slot(m1; s1); slot(m2; s2); slot(m3; s4)S2 : slot(m1; s2); slot(m2; s1); slot(m3; s4)S3 : slot(m1; s3); slot(m2; s2); slot(m3; s1)Clearly, S1 is 
loser to the original solution than S2. Indeed, our 
riterion issatis�ed and our optimality program will prefer S1 over S2.But what about S1 and S3? This time the symmetri
 di�eren
e between Sand S1 and that between S and S3 are not in subset relation: the former 
ontainsslot(m3; s4) whi
h is not in the latter, the latter 
ontains slot(m1; s3) whi
h isnot in the former. Intuitively, we may prefer S1 sin
e it 
hanges fewer meetingsin terms of 
ardinalities. This 
an simply be a
hieved by swit
hing from anin
lusion-based to a 
ardinality-based 
ombination rule for satisfa
tion degrees.S1 is better than S2 sin
e the number of preferen
e rules satis�ed to degree 2in S3 is higher than the number of preferen
e rules satis�ed to degree 2 in S1.



The spe
i�
ation of the 
orresponding distan
e measure is straightforward andtherefore omitted.Numerous further re�nements 
an be thought of: we may determine 
losenessbased on the set (or number) of people parti
ipating in meetings whose slotis 
hanged rather than on the set (or number) of meetings. We may also usemeta preferen
es and give higher preferen
e to rules minimizing 
hanges for, sayprofessors, followed by rules minimizing 
hanges for assistants, followed by rulesminimizing 
hanges for students. All these re�nements are simple exer
ises ifoptimization 
onstru
ts are part of the ASP formalism, and be
ome 
lumsy ifthey are not.5 In
onsisten
y handlingIn 
lassi
al logi
 there are two major ways of handling in
onsisten
y: (1) one 
anweaken the set of premises, that is, disregard some of the premises entirely orrepla
e them with weaker formulas su
h that the in
onsisten
y disappears, or (2)one 
an weaken the inferen
e relation to make sure that in
onsistent premiseswill not lead to the derivation of arbitrary formulas. The former approa
h isoften based on the notion of maximal 
onsistent subsets of the premises, thelatter uses para
onsistent logi
s whi
h are often based on multi-valued logi
.In nonmonotoni
 reasoning and logi
 programming there is a third alterna-tive: one 
an add information to the e�e
t that a rule giving rise to in
onsisten
yis blo
ked. A simple example is the program fp  not pg whi
h 
an be made
onsistent2 by adding the fa
t p.An ex
ellent overview of para
onsistent logi
 programming is [10℄. We willsti
k here to the other approa
hes and show how optimization te
hniques 
anbe used to make sure the e�e
t of weakening or of adding new information isminimized. Let us start with a weakening approa
h.Let P be a, possibly in
onsistent, logi
 program. Let n be a fun
tion assigningunique names taken from a set N of atoms not appearing in P to ea
h of therules in P . We �rst repla
e P by the weakened program weakn(P ):fhead body; r j head body 2 P; n(head body) = rg [fr  not :r j r 2 Ng [f:r  not r j r 2 NgThe new program indeed is very weak. Basi
ally, the new representation allowsus to swit
h rules on and o� arbitrarily. Let Lit(P ) denote the set of literalsbuilt from atoms in P . We have the following result:Proposition 4. If S is an answer set of weakn(P ) then S\Lit(P ) is an answerset of some subset of P . Vi
e versa, if S is an answer set of a subset of P , thenthere is an answer set S0 of weakn(P ) su
h that S0 \ Lit(P ) = S.2 We use the term in
onsistent both for programs having an in
onsistent answer setand for programs having no answer set at all. Some authors 
all the latter in
oherent,but the distin
tion will not matter here.



Existen
e of a 
onsistent answer set follows dire
tly from this proposition. Of
ourse, we do not want to 
onsider arbitrary subsets of the original program butmaximal ones. Using optimization programs, this 
an be a
hieved by using theset of preferen
e rules: fr > :r j r 2 Ng:Preferred answer sets now 
orrespond, up to literals built from atoms in N , toanswer sets of maximal 
onsistent subsets of the original program P .Obviously this is still a very simple strategy. Optimization programs o�erthe possibility to express preferen
es among the rules to be taken into a

ount.For instan
e, assume r1 is a domain 
onstraint and r2 an observation madeby a potentially unreliable observer. One would 
ertainly 
onsider r1 as moreentren
hed (the terminology is taken form the area of belief revision) than r2.We 
an model this simply by adding a statement of the form r1 > r2 to ourpreferen
e program. We 
an also express 
ontext dependent preferen
es amongrules. For instan
e, if we have meta information about the sour
es of rules,say sour
e(r1; P eter), sour
e(r2; John), together with information about thereliability of sour
es, say more�reliable(Peter; John), then we 
an use a rule ofthe formR1 > R2  sour
e(R1; S1); sour
e(R2; S2);more�reliable(S1; S2)to give preferen
e to rules with more reliable sour
es. Similarly, if we have tem-poral meta-information about when a rule was obtained, we may have rulesexpressing that information obtained earlier in time is less preferred than infor-mation obtained later. Preferen
es of this kind are 
ommon in the area of beliefrevision. In any 
ase, given adequate meta information, optimization fa
ilitiesallow us to represent de
laratively our strategy of handling in
onsisten
ies.As mentioned in the beginning of this se
tion 
onsisten
y in logi
 program-ming 
an sometimes be restored by adding rather than disregarding rules.3 As-sume a set of rules R to be used for this purpose is given together with theoriginal program P . Borrowing terminology from [23℄ we 
all them 
ontradi
-tion removal rules. Again we build the weakened program weakn(P [ R) usinga naming fun
tion n. We use NP to denote the names of rules in P and NR todenote the names of rules in R.The major di�eren
e now lies in the preferen
e program. Intuitively, we haveto minimize the set of rules from P whi
h are disregarded and to maximize theset of rules from R whi
h are disregarded. It is a simple matter to express thisusing the preferen
e program:fr > :r j r 2 NP g [ f:r > r j r 2 NRg:Sin
e it is the purpose of 
ontradi
tion removal rules to be used whenever in-
onsisten
ies arise we may want to add meta preferen
es. If we give rules in the3 This approa
h is also pursued in CR-Prolog [3℄. The method presented here di�ersfrom CR-Prolog in two respe
ts: we 
an add as well as disregard rules, and preferen
eprograms allow us to des
ribe 
exible in
onsisten
y handling strategies de
laratively.



�rst of the two sets above preferen
e over the rules in the se
ond set, then the
ontradi
tion is removed by removal rules alone whenever this is possible. Onlyif the removal rules are insuÆ
ient, information from the original program isdisregarded.The reader will have observed that we used preferen
e rules 
ontaining >rather than LPOD rules 
ontaining � in this and the pre
eding se
tion, whereasSe
t. 3 was based on LPODs. This is not in
idental. In Se
t. 3 all preferen
eswere about available options whi
h needed to be generated anyway. The useof � is highly 
onvenient in su
h 
ases. Here we need to be able to express,say, that a domain 
onstraint r1 is preferred over an observation r2 withoutassuming that ea
h answer set 
ontains one of these two rules. The ability toexpress preferen
es without generating answer sets 
ontaining one of the optionsappears 
ru
ial here.6 Requirements for a qualitative optimization languageThe examples in the last three se
tions have shown that qualitative optimizationis an important issue for a variety of problems. In further work we are planningto develop a language for stating problems of this kind. From the dis
ussion ofour examples we derive the following requirements for su
h a language:1. modularity: we want to be able to express optimization poli
ies independentlyof the type of program used for answer set generation. This is a featurealready realized in optimization programs and should remain a feature ofany future extension of the underlying language.2. generality: both ordered disjun
tion and preferen
e statements based on >as in optimization programs have their merits. The latter 
an express pref-eren
es based on formulas satis�ed in answer sets, even if 
orrespondinggenerating programs are not available. The former are highly 
onvenientwhenever preferen
es are expressed among options whi
h have to be gener-ated anyway, as it was the 
ase in abdu
tion and diagnosis. Therefore, bothshould be available in a general language.We also believe that a further generalization to partial orders will be use-ful. Although optimization programs allow us to rank 
lasses of answer setsdepending on the boolean 
ombinations they satisfy, these 
lasses are stilltotally ordered by ea
h preferen
e rule. There will be relevant 
ases where apartial order is all we have.3. multiple 
ombination strategies: already the few examples dis
ussed in thispaper show that di�erent strategies of 
ombining preferen
es based on singlerules to a global preferen
e order on answer sets are ne
essary. We dis
ussedin parti
ular in
lusion-based and 
ardinality-based 
ombinations, but othersmay turn out to be useful as well.Sin
e di�erent strategies are useful the user should also have the possibilityto 
ombine di�erent stategies in the same preferen
e program. What we havein mind are, possibly nested, blo
ks of preferen
e rules su
h that ea
h blo
khas its own user de�ned 
ombination strategy.



4. meta preferen
es: in the pre
eding se
tions we have already dis
ussed severaluseful appli
ations of meta-preferen
es among preferen
e rules. For optimiza-tion programs meta-preferen
es and their semanti
s were de�ned in [6℄ basedon a partition of the rules. If a general language for qualitative optimizationhas some kind of a blo
k stru
ture, as indi
ated in item 3. above, then theblo
ks are adequate stru
tures to de�ne meta preferen
es on. A partial pref-eren
e order on - possibly nested - blo
ks of preferen
e rules would be auseful generalization of the meta preferen
es we have right now.7 Con
lusionsIn this paper we have demonstrated that optimization 
onstru
ts beyond thoseavailable in 
urrent answer set solvers 
an be highly fruitful for numerous prob-lem solving tasks. To support our 
laim we dis
ussed several generi
 problems:abdu
tion and diagnosis, solution 
oheren
e and in
onsisten
y handling. Ea
hof these problems may arise in a large number of spe
i�
 appli
ations, and forea
h of them optimization fa
ilities lead to drasti
 simpli�
ations of problemspe
i�
ations. We therefore believe that 
ombining 
urrent logi
 programminglanguages with a general language for qualitative optimization, for whi
h we de-rived several requirements, will greatly in
rease the impa
t of ASP on AI and
omputer s
ien
e in general.A
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