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Abstract. One of the major reasons for the success of answer set pro-
gramming in recent years was the shift from a theorem proving to a
constraint programming view: problems are represented such that sta-
ble models, respectively answer sets, rather than theorems correspond
to solutions. This shift in perspective proved extremely fruitful in many
areas. We believe that going one step further from a “hard” to a “soft”
constraint programming paradigm, or, in other words, to a paradigm of
qualitative optimization, will prove equally fruitful. In this paper we try
to support this claim by showing that several generic problems in logic
based problem solving can be understood as qualitative optimization
problems, and that these problems have simple and elegant formulations
given adequate optimization constructs in the knowledge representation
language.

1 Introduction

Answer sets [17], originally invented to define the semantics of (extended) logic
programs with default negation, have proven to be extremely useful for solving
a large variety of Al problems. Two important developments were essential for

this success:

1. the development of highly efficient answer-set provers, the most advanced
among them being Smodels [21] and dlv [12];

2. a shift from a theorem proving to a constraint programming perspective
[20],[19].

Let us focus on the latter here. It turned out that many problems, for instance in
reasoning about actions, planning, diagnosis, belief revision and product config-
uration, have elegant formulations as logic programs so that models of programs,
rather than proofs of queries, describe problem solutions [18, 28,1, 13]. This view
of logic programs as constraints on the sets of literals which may count as solu-
tions has led to a new problem solving paradigm called answer set programming

(ASP).



The major goal of this paper is to push this shift in perspective one step
further: from a constraint programming paradigm to a paradigm of qualita-
tive optimization. Many problems have natural formulations as optimization
problems, and many problems which can be represented in a “hard” constraint
programming paradigm have fruitful, more flexible refinements as optimization
problems.

Consider planning as a typical example. We know how to represent planning
problems as ASP problems. Moving from a constraint programming to an op-
timization perspective allows us to specify criteria by which we can rank plans
according to their quality. This allows us to select good plans (or to generate
suboptimal plans if there is no way to satisfy all requirements). An example for
quantitative optimization is planning under action costs [15].

Our interest in optimization based on qualitative preferences stems from the
fact that for a variety of applications numerical information is hard to obtain
(preference elicitation is rather difficult) - and often turns out to be unnecessary.
This paper contains several examples of this kind.

Of course, the use of optimization techniques in answer set, programing is not
new. There is a large body of work on preferred answer sets, see for instance [5,
26] and the references in these papers. Also some of the existing solvers have (nu-
merical) optimization facilities: Smodels with weight constraints has mazimize
and minimize statements operating on weights of atoms in answer sets [27]. An
interesting application of these constructs to modeling auctions can be found in
[2]. dlv has weak constraints [8] of the form

—ay,...an,not by, ... not by,. [w:l]

where w is a numerical penalty and [ is a priority level. For each priority level,
the sum of the penalties of all violated constraints (i.e., constraints whose bodies
are satisfied) is computed. The answer sets with minimal overall penalty in one
level are compared based on the overall penalties of the next level, etc. Such
constaints were used, for instance, to implement planning under action costs as
described in [15] and for knowledge based information-site selection [14].

However, a systematic treatment of answer set programming as qualitative
optimization is still lacking. This paper is meant as a step into this direction.
The major goal is to substantiate - by means of several generic examples - the
claim that optimization techniques, and in particular qualitative techniques, are
highly fruitful in a large number of applications.

This paper will not introduce any new formalism. Instead, it will use existing
formalisms, co-developed by the author, to demonstrate how these formalisms
can be used fruitfully for a variety of problems. We will use logic programs with
ordered disjunction (LPODs) as described in [4] and [7], as well as the framework
of optimization programs as described in [6]. Both have their merits, the second
being more modular and general. However, in some cases the former admits more
concise representations, as we will see.

The problems we describe in this paper are generic in the sense that they
may arise in a number of different applications. We will first discuss the use of



optimization techniques for abduction, that is, the generation of explanations
for observed behaviour, and diagnosis. The major goal here is to give an exam-
ple showing that it is indeed extremely helpful to have optimization techniques
available as part of the semantics of the underlying formalism. We will give
straightforward translations of abduction and also of consistency based diag-
nosis techniques to LPODs. Our translations are influenced by [13]. However,
due to the availability of optimization constructs in the representation language
our translations are considerably simpler than those used for the dlv diagnosis
frontend.

We next discuss the problem of solution coherence. Consider a domain where
solutions need to be computed ahead of time, but later on new constraints may
have to be taken into account. A typical example (which was discussed at the
Banff Workshop on Constraint Programming, Belief Revision and Combinato-
rial Optimization, May 03) is the scheduling of meetings in an organization.
Persons who need to attend a particular meeting must be informed about this
fact early enough. On the other hand, it may always happen that, due to unfore-
seen circumstances, new “hard” constraints arise. Now assume an automated
scheduling system based on answer set programming were to recompute a new
solution based on the new set of constraints from scratch. This could lead to
a new solution of the scheduling problem with completely different time slots
for a large number of meetings. This is certainly unwanted: what we would like
to have is a new solution which is as close as possible to the original solution.
This is obviously a qualitative optimization problem and we will show how this
problem can be handled using optimization programs.

Finally, we will show that inconsistency handling can be viewed as an opti-
mization problem. The basic idea is to re-represent the original information in
such a way that rules can be arbitrarily disregarded. We then use preferences
expressing that rules should not be disregarded. We can go further and add meta
preferences between these preferences to distinguish between rules which should
not be disregarded with higher priority. We can also introduce contradiction
removal rules [23] which are applied only in case an inconsistency arises.

From the discussion of the examples we derive a number of requirements for
a general specification language for qualitative optimization. Such a language
should allow us to express preferences of a very general kind together with differ-
ent combination strategies, and it should be possible to apply different strategies
to different parts of the preference program. We strongly believe that extending
answer set programming in this direction will greatly increase its impact as a
new declarative programming paradigm.

We assume the reader is familiar with the notion of answer sets [17]. A short
introduction to LPODs and optimization programs is given in the next section.

2 LPODs and optimization programs

In this section we briefly recall the basic notions underlying the formalisms to be
used in this paper, namely LPODs [4, 7] and optimization programs [6]. LPODs



use ordered disjunction x in the head of rules to express preferences among
literals in the head: the rule r = A; x ... x A,, < body says: if body is satisfied
then some A; must be in the answer set, most preferably Ay, if this is impossible
then A,, etc. Answer sets are defined through split programs [25] containing
exactly one option for each of the original LPOD rules, where, for k£ < n, option
r* of the rule above is Ay < body, not A1, ..., not Ap_;.

An answer set S can satisfy rules like r to different degrees, where smaller
degrees are better: if body is satisfied, then the satisfaction degree is the smallest
index i such that A; € S. Otherwise, the rule is irrelevant. Since there is no
reason to blame an answer set for not applying an inapplicable rule we also
define the degree to be 1 in this case. The degree of r in S is denoted degs(r).

Based on the satisfaction degrees of single rules a global preference ordering
on answer sets is defined. This can be done through a number of different com-
bination strategies. Let S¥(P) = {r € P | degs(r) = k}. For instance, we can
use one of the following conditions to define that S; is strictly preferred to Ss:

1. there is a rule satisfied better in S; than in Sy, and no rule is satisfied better
in Sy than in S; (Pareto);

2. at the smallest degree j such that S?(P) # SJ(P) we have S?(P) > SJ(P)
(inclusion);

3. at the smallest degree j such that |S7(P)| # |SJ(P)| we have |S?(P)| >
1S3 (P)| (cardinality);

4. the sum of the satisfaction degrees of all rules is smaller in S; than in S>3
(penalty sum).

Note that S; is inclusion preferred to Ss whenever it is Pareto preferred to Ss,
and cardinality preferred to S» whenever it is inclusion preferred to S». The
penalty sum strategy can be used to model dlv’s weak constraints, provided all
weights are integers: a weak constraint < body with weight n can be represented
as L x...x L x T <« body, where the ordered disjunction has n disjuncts.

In the LPOD approach the construction of answer sets is amalgamated with
the expression of preferences. Optimization programs, on the other hand, sepa-
rate the two consequently to allow for greater modularity, flexibility and gener-
ality. An optimization program is a pair (Pyep, Ppres) consisting of an arbitrary
program P,., used to generate answer sets, that is, P, can be any type of
program as long as it produces sets of literals, and a preference program P, .
The latter consists of rules of the form Cy; > ... > C,, + body where the C; are
boolean combinations of literals built from A,V,— and not . Again, if body is
satisfied in an answer set S and some boolean combination C; is satisfied, then
the degree of the rule is the smallest such index. Otherwise the rule is irrelevant.
Again we do not want to blame S for irrelevant rules and consider irrelevance
as good a satisfaction degree as 1.

Again, the combination strategies described above - and many others - can
be used to generate the global preference order. It is also possible to introduce
meta preferences among the preference rules themselves by grouping them into
subsets with different ranks. Preference rules with highest priority are considered



first. Intuitively, rules with lower priority are only used to distinguish between
answer sets which are of the same quality according to more preferred rules. The
reader is referred to the original papers for more details.

In the rest of this paper the inclusion-based combination strategy, that is,
strategy 2 in the list above, will be our default strategy. As we will see, subset
minimality is useful in many cases. Note that inclusion and Pareto preference
coincide whenever all preference statements (ordered disjunctions or heads of
preference rules) speak about no more than two options. Whenever we need
cardinality-based preference we will mention this explicitly.

3 Abduction and diagnosis

Abduction is the process of generating explanations for a set of observations.
Most formal approaches to abduction are based on a fixed set of formulas H of
possible explanations, a set of formulas K representing background knowledge,
and a set of formulas O describing the observations to be explained [16, 24,22,
9]. An explanation then is a minimal subset H' of H satisfying:

1. H' UK is consistent and,
2. HUK [ O.

For the context of answer set programming let us assume that K is a logic
program, H and O are sets of literals, and = is the credulous inference relation
under answer set semantics, that is, for the program K and observations O we
have K |= O iff there is an answer set S of K such that O C S.' An explanation
for O can be computed via the following LPOD P, (K, H,O):

KU{+ noto|o€ O}yU{—ass(h) x ass(h) | h € HYU {h + ass(h) | h € H}.

Intuitively, ass(h) reads: h is assumed. The use of constraints for eliminating
answer sets where some observation is unexplained, and the use of a predicate like
ass is taken from [13]. However, the use of ordered disjunction is new and makes
the representation considerably simpler. We have the following proposition:

Proposition 1. Let H and O be sets of literals and let K be a logic program.
H' is an explanation for O given K and H iff there is a consistent answer set
S of Pupa(K, H,O) such that H' = {h € H | ass(h) € S}.

Abduction has a direct application in diagnosis. Diagnostic systems are an impor-
tant class of knowledge based systems. Their main task is to determine reasons
for observed malfunctioning. In the literature 2 kinds of approaches are usually
distinguished:

— abductive diagnosis:
a model M of the system to be diagnosed describes the effects of possible
failures (diseases in the medical domain). Given a set of potential failures F'

! This view is basically taken from [13]



and a set of observations O, an abductive diagnosis is an explanation of O
from F with background knowledge M. In other words, abductive diagnosis
is a special case of abduction where the hypotheses are potential failures and
the background knowledge is the description of the system to be diagnosed.
— consistency based diagnosis:

here the model M describes the normal behaviour of the system, using ab-
normality predicates. A diagnosis is a minimal subset C of the system com-
ponents C such that assuming elements of C’ to be abnormal and the others
to be normal explains the observations. More formally, we are looking for a
minimal subset C' of the components such that:

1. {ab(e) | c€ C'}U{=ab(c) | c € C\ C'} UM is consistent and,

2. {abe) | ce C'YU{=ab(c) | ce C\C'}UM = O.

Again we follow [13] in assuming that M is given as an (extended) logic program,
F' as a set of atoms, O as a set of literals, and that |= is the credulous inference
relation under answer set semantics, i.e. P = O says there is an answer set
containing all literals in O. It is straightforward to express the conditions for
both types of diagnosis using LPODs.

Abductive diagnosis is just a special case of abduction, and the program
needed to compute diagnoses is just P.pq(M, F, O) as described above.

For consistency based diagnosis we obtain the following program P.,(M, C, O):

MU {+ noto|oe€ O}U{-ab(c) x ab(c) | c € C}.

Proposition 2. Let C' be a set of components, O a set of literals describing
observations, and M a logic program describing the behavior of a system using
the ab predicate. C' C C' is a consistency based diagnosis iff there is a consistent
answer set S of P.a(M,C,0) such that C' = {c | ab(c) € S}.

Here is a small example due to [11]. Assume we have a battery connected in
parallel to three bulbs. The program M consists of the facts:

battery(bat) bulb(by) connected(bat, by)
bulb(bs) connected(bat, bo)
bulb(bs) connected(bat, bg)

together with the behaviour description:

lit(X) <+ bulb(X)

battery(
—ab(X) « bulb(
—ab(Y) « bulb(

, not ab(X),
Y), not ab(Y'), connected(Y, X)

X),lit(X)

X)), lit(X), battery(Y), connected(Y, X)

Assume the observations are O = {=lit(by),lit(b3)}, that is, we have to add the

constraints:

+ not —lit(b)
+ mnot lit(bs)



Adding ordered disjunctions —ab(c) x ab(c) for ¢ € {bat, by, bs, b3} we obtain a
single preferred answer set containing ab(by) and —ab(¢') for ¢ € {bat, ba, bs}.
The second answer set containing both ab(by) and ab(bs) is non-preferred. The
single diagnosis thus is b;.

Eiter and colleagues also discuss single fault diagnosis [13]. Consistency based
diagnosis can be restricted to the case where at most one component is faulty
by adding the constraint « ab(X),ab(Y),X # Y. However, in our case we
can simply switch from an inclusion-based to a cardinality-based combination
strategy if we want to minimize the number of components in a diagnosis. This
has the advantage that we do not need to repeatedly replace the constraint with
a weaker constraint allowing for more faults whenever a diagnosis with fewer
faults does not exist.

It is illustrative to compare our simple formalizations with those in [13].
The lack of optimization facilities in the language used in that paper makes the
translation of diagnosis problems to answer set programming considerably more
difficult. There is a one page algorithm for the realization of subset minimality.
We take this as support for our view that optimization facilities should be part
of answer set programming languages.

4 Solution coherence

In answer set programming problems are specified as programs and problem
solutions correspond to answer sets of these programs. Assume we have computed
a solution S to a problem specified through program P. Now consider some
modification P’ of P. At least in certain contexts it appears to be inappropriate
to compute a new solution from scratch, that is, some arbitrary answer set S’ of
P'. We often want the new solution S’ to be a minimal modification of S.

An illustrative example is a meeting scheduling system where P describes
meetings, required participants, time restrictions of participants etc. and where
S describes the scheduled meetings. If for one of the required participants of a
particular meeting a new time constraint ¢ arises, then S may no longer be a
valid solution of P’ = P U {c}. It is obvious that in this example we are not
looking for some arbitrary solution of P’, but for a solution of P’ which is as
close as possible to S.

Given a logic programming language with optimization facilities it is straight-
forward to represent this. What we need is a distance measure between answer
sets. Here is one such measure based on symmetric differences. Let L, L; and
Ls be sets of literals. We say L is closer to L than Lo, denoted L; < Lo, iff

{alae L\Liorae Il \L}C{ala€e L\ Lyoraé€Ly\ L}

Expressing that solutions should be as close as possible to the original solution
S, according to this criterion, is a simple matter. Here is the corresponding
preference program:

Ppressy =1a>notala€ SyuU{nota>ala¢ S}



Proposition 3. Let S be a set of literals, P a program. Sy is a preferred an-
swer set of the optimization program (P, Pp,..r(s)) iff it is an answer set of P
mazimally close to S.

To be more specific, assume we have to schedule 3 meetings mq, ms, ms.
Moreover, there are 4 available non-overlapping time slots s1,... ,ss and 4 per-
sons pi,...,ps. We use slot(M, S) to express that the time slot for meeting M
is S, part(P, M) to express that person P needs to participate in meeting M,
and unav(P, S) to express that person P is unavailable at time slot S. Assume
we have

part(pr,mi) part(pz,mo) unav(p1, s4)
part(pa, mi) part(pz, ms3) unav(pa, s4)
part(p2, ms) part(ps, ms) unav(pa, s2)

Using cardinality constraints [27] we can express that each meeting needs exactly
one time slot:

1{slot(M,S) : slot(S)}1 « meeting(M)

Furthermore, we need the following constraints expressing that participants have
to be available and that one cannot attend different meetings at the same time:

« part(P, M), slot(M,S), unav(P, S)
« part(P, M), part(P,M"), M # M',slot(M,S), slot(M',S)

One of the answer sets of this program contains:
slot(my, s1), slot(ma, s2), slot(ms, s3)
Now assume p, becomes unavailable at s3:

unav(ps, s3)
The former solution is no longer valid. Among the new solutions we have:

Sy @ slot(my, s1), slot(ma, s2), slot(ms, s4)
Sy @ slot(my, sa), slot(ma, s1), slot(ms, s4)
S3 : slot(ma, s3), slot(ma, s2), slot(ms, s1)

Clearly, S; is closer to the original solution than S,. Indeed, our criterion is
satisfied and our optimality program will prefer S; over S,.

But what about S; and S37 This time the symmetric difference between S
and S; and that between S and S3 are not in subset relation: the former contains
slot(ms, s4) which is not in the latter, the latter contains slot(m1, s3) which is
not in the former. Intuitively, we may prefer S; since it changes fewer meetings
in terms of cardinalities. This can simply be achieved by switching from an
inclusion-based to a cardinality-based combination rule for satisfaction degrees.
S1 is better than S, since the number of preference rules satisfied to degree 2
in S3 is higher than the number of preference rules satisfied to degree 2 in S;.



The specification of the corresponding distance measure is straightforward and
therefore omitted.

Numerous further refinements can be thought of: we may determine closeness
based on the set (or number) of people participating in meetings whose slot
is changed rather than on the set (or number) of meetings. We may also use
meta preferences and give higher preference to rules minimizing changes for, say
professors, followed by rules minimizing changes for assistants, followed by rules
minimizing changes for students. All these refinements are simple exercises if
optimization constructs are part of the ASP formalism, and become clumsy if
they are not.

5 Inconsistency handling

In classical logic there are two major ways of handling inconsistency: (1) one can
weaken the set of premises, that is, disregard some of the premises entirely or
replace them with weaker formulas such that the inconsistency disappears, or (2)
one can weaken the inference relation to make sure that inconsistent premises
will not lead to the derivation of arbitrary formulas. The former approach is
often based on the notion of maximal consistent subsets of the premises, the
latter uses paraconsistent logics which are often based on multi-valued logic.

In nonmonotonic reasoning and logic programming there is a third alterna-
tive: one can add information to the effect that a rule giving rise to inconsistency
is blocked. A simple example is the program {p < not p} which can be made
consistent? by adding the fact p.

An excellent overview of paraconsistent logic programming is [10]. We will
stick here to the other approaches and show how optimization techniques can
be used to make sure the effect of weakening or of adding new information is
minimized. Let us start with a weakening approach.

Let P be a, possibly inconsistent, logic program. Let n be a function assigning
unique names taken from a set NV of atoms not appearing in P to each of the
rules in P. We first replace P by the weakened program weak,, (P):

{head < body,r | head < body € P,n(head < body) =r} U
{r < not—-r|renN}U
{-r <« notr|reN}

The new program indeed is very weak. Basically, the new representation allows
us to switch rules on and off arbitrarily. Let Lit(P) denote the set of literals
built from atoms in P. We have the following result:

Proposition 4. If S is an answer set of weak, (P) then SNLit(P) is an answer
set of some subset of P. Vice versa, if S is an answer set of a subset of P, then
there is an answer set S’ of weak,(P) such that S' N Lit(P) = S.

2 We use the term inconsistent both for programs having an inconsistent answer set
and for programs having no answer set at all. Some authors call the latter incoherent,
but the distinction will not matter here.



Existence of a consistent answer set follows directly from this proposition. Of
course, we do not want to consider arbitrary subsets of the original program but
maximal ones. Using optimization programs, this can be achieved by using the
set of preference rules:

{r>-r|reN}

Preferred answer sets now correspond, up to literals built from atoms in N, to
answer sets of maximal consistent subsets of the original program P.

Obviously this is still a very simple strategy. Optimization programs offer
the possibility to express preferences among the rules to be taken into account.
For instance, assume r; is a domain constraint and r, an observation made
by a potentially unreliable observer. One would certainly consider r; as more
entrenched (the terminology is taken form the area of belief revision) than rs.
We can model this simply by adding a statement of the form r; > 75 to our
preference program. We can also express context dependent preferences among
rules. For instance, if we have meta information about the sources of rules,
say source(ry, Peter), source(ra, John), together with information about the
reliability of sources, say more—reliable( Peter, John), then we can use a rule of
the form

Ry > Ry « source(Ry, S1), source(Rsy, Sa), more—reliable(Sy, S2)

to give preference to rules with more reliable sources. Similarly, if we have tem-
poral meta-information about when a rule was obtained, we may have rules
expressing that information obtained earlier in time is less preferred than infor-
mation obtained later. Preferences of this kind are common in the area of belief
revision. In any case, given adequate meta information, optimization facilities
allow us to represent declaratively our strategy of handling inconsistencies.

As mentioned in the beginning of this section consistency in logic program-
ming can sometimes be restored by adding rather than disregarding rules.? As-
sume a set of rules R to be used for this purpose is given together with the
original program P. Borrowing terminology from [23] we call them contradic-
tion removal rules. Again we build the weakened program weak, (P U R) using
a naming function n. We use Np to denote the names of rules in P and Ng to
denote the names of rules in R.

The major difference now lies in the preference program. Intuitively, we have
to minimize the set of rules from P which are disregarded and to maximize the
set of rules from R which are disregarded. It is a simple matter to express this
using the preference program:

{r>-r|reNptU{-r>r|re Ng}
Since it is the purpose of contradiction removal rules to be used whenever in-
consistencies arise we may want to add meta preferences. If we give rules in the

# This approach is also pursued in CR-Prolog [3]. The method presented here differs
from C'R-Prolog in two respects: we can add as well as disregard rules, and preference
programs allow us to describe flexible inconsistency handling strategies declaratively.



first of the two sets above preference over the rules in the second set, then the
contradiction is removed by removal rules alone whenever this is possible. Only
if the removal rules are insufficient, information from the original program is
disregarded.

The reader will have observed that we used preference rules containing >
rather than LPOD rules containing x in this and the preceding section, whereas
Sect. 3 was based on LPODs. This is not incidental. In Sect. 3 all preferences
were about available options which needed to be generated anyway. The use
of x is highly convenient in such cases. Here we need to be able to express,
say, that a domain constraint 7y is preferred over an observation ro without
assuming that each answer set contains one of these two rules. The ability to
express preferences without generating answer sets containing one of the options
appears crucial here.

6 Requirements for a qualitative optimization language

The examples in the last three sections have shown that qualitative optimization
is an important issue for a variety of problems. In further work we are planning
to develop a language for stating problems of this kind. From the discussion of
our examples we derive the following requirements for such a language:

1. modularity: we want to be able to express optimization policies independently
of the type of program used for answer set generation. This is a feature
already realized in optimization programs and should remain a feature of
any future extension of the underlying language.

2. generality: both ordered disjunction and preference statements based on >

as in optimization programs have their merits. The latter can express pref-
erences based on formulas satisfied in answer sets, even if corresponding
generating programs are not available. The former are highly convenient
whenever preferences are expressed among options which have to be gener-
ated anyway, as it was the case in abduction and diagnosis. Therefore, both
should 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 classes of answer sets
depending on the boolean combinations they satisfy, these classes are still
totally ordered by each preference rule. There will be relevant cases where a
partial order is all we have.

3. multiple combination strategies: already the few examples discussed in this

paper show that different strategies of combining preferences based on single
rules to a global preference order on answer sets are necessary. We discussed
in particular inclusion-based and cardinality-based combinations, but others
may turn out to be useful as well.
Since different strategies are useful the user should also have the possibility
to combine different stategies in the same preference program. What we have
in mind are, possibly nested, blocks of preference rules such that each block
has its own user defined combination strategy.



4. meta preferences: in the preceding sections we have already discussed several
useful applications of meta-preferences among preference rules. For optimiza-
tion programs meta-preferences and their semantics were defined in [6] based
on a partition of the rules. If a general language for qualitative optimization
has some kind of a block structure, as indicated in item 3. above, then the
blocks are adequate structures to define meta preferences on. A partial pref-
erence order on - possibly nested - blocks of preference rules would be a
useful generalization of the meta preferences we have right now.

7 Conclusions

In this paper we have demonstrated that optimization constructs beyond those
available in current answer set solvers can be highly fruitful for numerous prob-
lem solving tasks. To support our claim we discussed several generic problems:
abduction and diagnosis, solution coherence and inconsistency handling. Each
of these problems may arise in a large number of specific applications, and for
each of them optimization facilities lead to drastic simplifications of problem
specifications. We therefore believe that combining current logic programming
languages with a general language for qualitative optimization, for which we de-
rived several requirements, will greatly increase the impact of ASP on AI and
computer science in general.
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