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Abstract. We present an approximation theory for the extended answer set semantics, using the concept of an approximation constraint.
Intuitively, an approximation constraint, while satisfied by a “perfect” solution, may be left unsatisfied in an approximate extended
answer set. Approximations improve as the number of unsatisfied
constraints decreases. We show how the framework can also capture
the classical answer set semantics, thus providing an approximative
version of the latter.

1 Introduction
The idea behind the answer set semantics for logic programs is both
intuitive and elegant. Given a program P and a candidate answer set
M , one computes a reduct program PM of a simpler type for which
⋆
a semantics PM
is known. The reduct PM is obtained from P by
taking into account the consequences of accepting the proposed truth
values of the literals in M . The candidate set M is then an answer
⋆
= M , i.e. M is “self-producible”.
set just when PM
In [17], the same reduction technique is applied to define the extended answer set semantics for simple logic programs, i.e. programs
containing only classical negation. In contrast with the classical answer set semantics, extended answer sets are able to handle contradictory programs by allowing rules to be defeated, i.e. to leave certain
rules unsatisfied.
The answer set semantics has been implemented in state-of-the-art
solvers such as DLV[11] or SMODELS[14]. While these solvers perform well in many cases, they implement an “all or nothing” strategy, i.e. they do not provide the user with “partial” or “approximate”
answer sets if there are insufficient resources for computing an exact solution. Clearly, given the inherent complexity of the problems
tackled by such solvers, it would be desirable to have such an approximation facility, e.g. in cases where the available resources are limited. Furthermore, for many application areas obtaining such a “good
enough” solution within a certain time limit, may be attractive, e.g.
in diagnostic reasoning [18].
In this paper, we propose to provide an approximation theory for
the extended answer set semantics, based on so-called approximation
constraints. Intuitively, an approximation constraint is a constraint
that should be satisfied by a perfect solution to a problem, but which
may be left unsatisfied by an approximate solution. The more approximation constraints an approximate extended answer set satisfies, the
“better” it approximates an exact solution. We will show that the proposed framework can also be used to approximate classical answer
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sets4 , which may lead to the development of “anytime” approximate
answer set solvers.
The computation of extended answer sets for programs without
constraints is very efficient, i.e. it takes quadratic time in the size
of the program to compute an extended answer set for such programs, which implies that a first approximation can be computed
very quickly. Although grounding adds an exponential5 factor [6]
to the computation in the worst case, the extended answer set semantics should perform much better in the average case. Moreover,
the semantics allows for a “ground when needed” implementation,
in contrast to solvers such as DLV [11] or SMODELS [14] which first
completely ground the program, before computing a solution.
The above mentioned efficiency implies that the basic extended
answer set semantics is not able to handle problems located above
P. However, adding approximation constraints to the semantics lifts
the complexity up to include N P-complete problems, placing the
proposed semantics at the same level as the classical answer set semantics.
The remainder of the paper is organized as follows: Section 2 introduces the extended answer set semantics, while Section 3 presents
the framework of approximation constraints. In Section 4 the relationship with classical answer programming is explored, while we
briefly discuss some related work in Section 5. Finally, we conclude
and give some directions for future research in Section 6. Due to
space restrictions, all proofs are omitted, they can be found in the
technical report [16].

2 Extended Answer Set Semantics
In this section, we introduce the extended answer set semantics for
simple logic programs, i.e. logic programs with only classical negation, no disjunction in the head of rules and no constraints.
A term is a constant or a variable, where the former will be written lower-case and the latter upper-case. An atom is of the form
p(t1 , . . . , tn ), 0 ≤ n < ∞, where p is an n-ary6 predicate name
and ti , 1 ≤ i ≤ n, are terms. A literal is an atom a or a classically
negated atom ¬a.
Definition 1 A simple logic program (SLP) is a countable set P of
rules of the form a ← α where {a} ∪ α is a finite set of literals7 .
4

Conversely, Theorem 4 in [17] shows that classical answer set programming
can be used to compute extended answer set semantics.
5 If we restrict the arities of predicates to small numbers, e.g. binary or
ternary, it is shown in [8] that the additional complexity of grounding only
adds one level of the polynomial hierarchy in contrast to the exponential
factor in general.
6 We thus allow for 0-ary predicates, i.e., propositions.
7 Note that constraints, i.e. rules with empty heads, are not allowed for the
moment.

A ground atom, literal, rule, or SLP does not contain variables.
Substituting every variable in a SLP P with every possible constant
in P yields the ground SLP gr (P ).
Example 1 Grounding the SLP
¬p(c, a) ←

p(X ) ← ¬q(X , b)

q(X ) ← ¬p(X , a)

yields the SLP8 .
p(a) ← ¬q(a, b)
q(a) ← ¬p(a, a)
¬p(c, a) ←

p(b) ← ¬q(b, b)
q(b) ← ¬p(b, a)

p(c) ← ¬q(c, b)
q(c) ← ¬p(c, a)

In the rest of the paper we always assume ground SLPs and ground
literals; to obtain the definitions for ungrounded SLPs, replace every
occurrence of a SLP P by gr (P ), e.g., an extended answer set of an
ungrounded SLP P is an extended answer set of gr (P ).
For a set of literals X, we use ¬X to denote the set {¬p | p ∈ X}
where ¬¬a ≡ a. Further, X is said to be consistent if X ∩ ¬X = ∅,
i.e. X does not contain contradictory literals a and ¬a.
Definition 2 The Herbrand base BP of a SLP P is the set of all
ground atoms that can be formed using the language of P . The set of
all literals that can be formed with P , i.e. BP ∪ ¬BP , is denoted by
LP . An interpretation I of P is any consistent subset of LP .
A rule r = a ← α is satisfied by an interpretation I, denoted
I |= r, if a ∈ I whenever α ⊆ I, i.e., if r is applicable (α ⊆ I) then
it must be applied (α ∪ {a} ⊆ I). The rule r is defeated w.r.t. I iff
there exists an applied competing rule ¬a ← α′ in P , such a rule is
said to defeat r.
Intuitively, in an extended answer set (see below), a rule r : a ← α
may not be left unsatisfied, unless one accepts the opposite conclusion ¬a which must itself be motivated by a competing applied rule
¬a ← α′ that defeats r.
Example 2 Consider the SLP P1 containing the rules ¬a ← ,
¬b ← , a ← ¬b, and b ← ¬a. For the interpretation I = {¬a, b}
we have that I satisfies all rules in P1 but one: ¬a ← and b ← ¬a
are applied while a ← ¬b is not applicable. The unsatisfied rule
¬b ← is defeated by b ← ¬a.
For a set of rules P , we use P ⋆ to denote the unique minimal [15]
model of the positive logic program consisting of the rules in P ,
where negative literals ¬a are considered as fresh atoms. We can
compute P ⋆ using the immediate consequence operator TP (X) =
{l ∈ LP | l ← β ∈ P ∧ β ⊆ X}. Clearly, the operator TP is
monotonic, and TP∞ (∅) = P ⋆ .
For the program of Example 2, we have that P1⋆ = {a, b, ¬a, ¬b}
is inconsistent. The following definition allows us to not apply certain
rules when computing a consistent interpretation for programs such
as P1 .
Definition 3 The reduct PI ⊆ P of a SLP P w.r.t. a set of literals I
contains just the rules satisfied by I, i.e. PI = {r ∈ P | I |= r}.
An interpretation S is an extended answer set of P iff PS⋆ = S,
i.e., S is founded, and all rules in P \PS are defeated w.r.t. S.
We use ES(P ) to denote the set of all extended answer sets of P .
8

Note that a variable X in a rule should be grounded with the same constant
in that rule (either with a, b or c), while it may be grounded with other
constants in other rules, i.e., the variables in a rule are considered local to
the rule. One can, e.g., replace the above SLP by the equivalent program
¬p(c, a) ←
p(X ) ← ¬q(X , b)
q(Y ) ← ¬p(Y , a)

Thus, the extended answer set semantics deals with inconsistencies in a simple yet intuitive way: when faced with contradictory
applicable rules, just select one for application and ignore (defeat)
the other. In the absence of extra information (e.g., a preference relation for satisfying certain rules at the expense of others [17]; or
the approximation constraints introduced in this paper), this seems
a reasonable strategy for extracting a consistent semantics out of inconsistent programs.
Reconsidering Example 2, it is easy to verify that P1 has three
extended answer sets, i.e. M1 = {¬a, b}, M2 = {a, ¬b} and M3 =
{¬a, ¬b}. Note that e.g. P1M1 = P1 \ {¬b ← }, i.e. ¬b ← is
defeated w.r.t. M1 .
While Definition 3 allows PM , with M an extended answer set,
to be a strict subset of P , it still maximizes the set of satisfied rules
w.r.t. an extended answer set.
Theorem 1 Let P be a SLP and let M be an extended answer set
for P . Then PM is maximal w.r.t. set inclusion among the reducts of
founded interpretations of P .
The reverse of the above theorem does not hold in general, as witnessed by the following example.
Example 3 Consider the program P2 containing the following
rules.
¬a ←
b←
¬b ← ¬a
The interpretation N = {b} is founded with P2N = {b ← , ¬b ←
¬a} which is clearly maximal since P2⋆ is inconsistent. Still, N is
not an extended answer set because ¬a ← is not defeated.
The extended answer set semantics is universal.
Theorem 2 Every SLP has extended answer sets.
Moreover, the extended answer sets can be efficiently computed using an immediate consequence operator:
TPe (S) =



S ∪ {l}
S

if r : l ← α ∈ P and α ⊆ S and ¬l 6∈ S ,
otherwise .

Clearly, the above operator is non-deterministic as the result depends on the order in which rules are applied. However, it can be
shown that TPe ∞ (∅) always results in an extended answer set of P .
The non-deterministic behavior of TPe greatly influences the complexity of its implementation. In the worst case an algorithm for TPe
will run in time quadratic9 in the size of the program, but on average,
depending on the order in which rules get applied, the running time
will be much better10 .
Finally, note that the above implies that an implementation that
uses TPe does not need a fully grounded version of the input program
but may instead operate on a “ground (a rule) as needed” basis, as
illustrated by the following example.
9

Note that, by a well-known result [6], grounding of the program may add an
exponential (worst-case) factor to the total cost of computing an extended
answer set for an ungrounded program. However, if the arities of the predicates are bounded by a small number, [8] shows that this exponential factor
reduces to one level of the polynomial hierarchy.
10 Also in the non-grounded case the average complexity will be much better
than the exponential worst-case scenario as, depending on the sequence in
which rules get applied, certain parts of the program need not to be (fully)
grounded.

Example 4 Consider the following non-grounded program.
p(a) ←
p(b) ←
¬q(X ) ← p(X )

q(a) ←
q(b) ←
¬p(X ) ← q(X )

sets of (P, C) that violate less than n + 1 approximation constraints
in C, i.e. ESn (P, C) = {S ∈ ES(P ) | |SvC | ≤ n}. Clearly, we have
that ES0 (P, C) corresponds to the extended answer sets of (P, C);
and ES0 (P, C) ⊆ ES1 (P, C) ⊆ · · · ⊆ ES|C| (P, C) = ES(P ).
Example 5 Consider the following SALP (P, C) with P

A possible computation of TPe ∞ (∅) could result in the extended answer set {p(a), p(b), ¬q(a), ¬q(b)}, e.g. by starting
the computation with applying the fact rule p(a) ← , i.e.
TPe (∅) = {p(a)}. As a consequence, we can make a ground
instantiation ¬q(a) ← p(a) of the rule ¬q(X ) ← p(X ),
which an implementation can choose to apply in computing
TPe ({p(a)}) = {p(a), ¬q(a)}. If we now do a similar reasoning for the fact p(b) ← to obtain TPe ({p(a), ¬q(a)}) =
{p(a), ¬q(a), p(b)} and TPe ({p(a), ¬q(a), p(b)}) = TPe ∞ (∅) =
{p(a), p(b), ¬q(a), ¬q(b)}, it is easy to see that an implementation
does not need any grounded version of the rule ¬p(X ) ← q(X ),
while classical implementations that first ground everything will obtain two grounded versions ¬p(a) ← q(a) and ¬p(b) ← q(b).
Note that we do not conjecture that our approach is better in the
worst-case scenario. We only argue that by interleaving the grounding and computation process, one can get better results, both in time
and space, in the average case.

3 Approximation Constraints
Because of Theorem 2, checking whether a SLP has an extended
answer set can be done in constant time, and thus the semantics is not
very expressive when compared to e.g. classical answer set semantics
(for which the problem is N P-complete). In this section, we increase
the expressiveness by allowing for constraints to appear in programs.
Intuitively, an approximation constraint is like a traditional constraint, i.e. a condition that a solution of a program should satisfy.
However, approximation constraints may be left unsatisfied, e.g. due
to lack of computation time. This induces a partial order on such
“approximate” solutions, where better approximations satisfy more
constraints. Combined with the results from Section 2, it then becomes possible to devise an incremental extended answer set solver
that combines both the grounding process and the computation, i.e. a
“ground when needed” computation11 .
Definition 4 A simple approximation logic program (SALP) is a tuple (P, C), where P is a SLP and C is a set of approximation constraints, i.e. rules of the form ← α, with α a finite set of literals12 .
For an interpretation I of P , an approximation constraint c ∈ C
is said to be satisfied, denoted I |= c, if α 6⊆ I; otherwise it is
said to be violated, denoted I 6|= c. We use IvC to denote the set of
approximation constraints in C that are violated w.r.t. I, i.e. IvC =
{c ∈ C | I 6|= c}.
Extended answer sets of P are approximate extended answer sets
of (P, C). An approximate extended answer set S of (P, C) is an
extended answer set of (P, C) iff SvC = ∅, i.e. all approximation
constraints are satisfied w.r.t. S.
In the rest of this paper, we will use ESn (P, C), with 0 ≤ n ≤
|C|, to denote the set containing the approximate extended answer
11

Note that current answer set solvers lack this support for “ground when
needed” (see Section 4) and compute first the complete grounding, instead.
12 Note that we allow non-ground constraints. However, grounding a SALP
can be done by computing gr (P ∪ C) and splitting up the result in two
sets, i.e. the ground rules and the ground constraints. Again, we assume
grounded SALPs in the rest of the paper.

¬a ←
b ← ¬a

¬b ←
a ← ¬b

¬c ←
c←a

and the following approximation constraints C
← ¬a, ¬b

←a

←c

We have four extended answer sets for P , i.e. ES(P ) =
{S1 , S2 , S3 , S4 }, with S1 = {¬a, ¬b, ¬c}, S2 = {¬a, b, ¬c},
S3 = {a, ¬b, ¬c} and S4 = {a, ¬b, c}. One can verify that
ES2 (P, Q) = {S1 , S2 , S3 , S4 }, ES1 (P, C) = {S1 , S2 , S3 } and
ES0 (P, C) = {S2 }. Thus S2 is the only extended answer set of the
above SALP (P, C).
In general, we may consider a partial order  on extended answer set approximations which is such that better approximations are
smaller. i.e. S1 ≺ S2 13 iff S1 is a better approximation of an extended
answer set than is S2 . It seems reasonable to demand that any such
C
preference order satisfies S1  S2 ⇒ |S1 C
v | ≤ |S2 v |, i.e. better approximations satisfy more approximation constraints; and that “full”
extended answer sets correspond to ≺-minimal approximations.
Two obvious (others are possible) candidates that satisfy this requirement are:
C
• cardinality, i.e. S1  S2 iff |S1 C
v | ≤ |S2 v |; and
C
C
• subset, i.e. S1  S2 iff S1 v ⊆ S2 v

which are also used in other problem areas, such as diagnostic systems [13], that deal with preference on candidate solutions.
Note that, if ES0 (P, C) = ∅, i.e. there are no extended answer
sets, and depending on the preference relation used, a ≺-minimal
approximate extended answer set S may be useful, e.g. to provide
insight, via the set of violated constraints SvC , about possible problems with the program. In this way a semantical debugging scheme
for (extended) answer set programming can be defined, a concept
which has already been explored in the context of prolog [3, 7, 12],
but still needs better exploration in the former setting.
The following result sheds some light on the complexity of reasoning with approximation constraints. As ES|C| (P, C) = ES(P ),
we will only consider the cases ESn (P, C) with n < |C| (note that
this implies that |C| ≥ 1).
Theorem 3 Let (P, C) be a grounded SALP and take i such that
0 ≤ i < |C|. Deciding whether there exists an approximate extended
answer set S ∈ ESi (P, C) is N P-complete.
Again an exponential factor [6] or, in case of small bounded predicate arities, an additional level of the polynomial hierarchy [8] has to
be added in the case of non-ground SALPs, i.e. either NEXPTIMEcomplete or ΣP
2 -complete respectively.
The above theorem implies that the semantics already gets its full
computational complexity with a single constraint, which is not a
surprise as we can replace each constraint ← α ∈ C with a rule
inconsistent ← α in P and take C = { ← inconsistent }. However, the above complexity result is a worst-case scenario (just as
13

As usual, S1 ≺ S2 iff S1  S2 and not S2  S1 .

with grounding), i.e. in an implementation we may expect, in the average case, that more constraints require more computation time.
Finally, the framework developed above can be used to implement
an incremental extended answer set solver, i.e. a solver that produces
an approximate solution and then, as long as resources permit, produces successively better approximations. Given enough resources,
this approach will eventually result in an extended answer set, i.e. an
approximation that satisfies all constraints.
Intuitively, such an implementation will start by computing an extended answer set S along the lines of the immediate consequence
operator presented in Section 2. Afterwards, a backtracking algorithm will try to improve the approximation by selecting a constraint
to satisfy, while maintaining the partial ordering defined on approximations.

4 Classical Answer Set Approximation
Theorem 3 indicates that the semantics presented in Section 3 is computationally equivalent to the classical answer set semantics [9] for
non-disjunctive programs containing negation as failure in the body
of rules. Here we show how the classical answer set semantics can
be effectively translated to approximate extended answer sets, thus
making it possible to compute classical answer sets via successive
approximations.
We briefly introduce the answer set semantics for semi-negative
programs. Such programs are build using atoms and naf-atoms, i.e.
for an atom a, we use not a to denote its negation-as-failure (naf)
version, which intuitively means that not a is true when a is not true.
A semi-negative logic program P is a countable set of rules of the
form a ← β where a is an atom and β is a finite set of (naf-)atoms.
An interpretation I for a semi-negative program P is a subset I ⊆
BP . An atom a is satisfied w.r.t. I, denoted I |= a if a ∈ I; while a
naf-atom not a is satisfied w.r.t. I, i.e. I |= not a, when I 6|= a. The
answer set semantics for semi-negative programs is defined in two
steps.
First, consider programs without naf-atoms. For such a naf-free
program P , an interpretation I is an answer set iff P ⋆ = I. Next, for
semi-negative programs, we use the Gelfond-Lifschitz transformation [9]. The idea behind this transformation is, for a given program
P and a candidate solution S, to remove all naf constructs w.r.t. S
and then check if the candidate solution is supported by the reduct
program. Formally, for a semi-negative program P and a candidate
solution S, the GL-reduct of P w.r.t. S, denoted P S , is obtained from
P by (a) removing each rule a ← β with not b ∈ β and b ∈ S, and
(b) remove all naf-atoms from the remaining rules. Clearly, the program P S is free from negation as failure. An interpretation S is an
answer set of a semi-negative program P iff S is an answer set of
⋆
P S , i.e. P S = S. We use AS(P ) to denote the set containing all
answer sets of P .
Example 6 Consider the following semi-negative program.
a ← not b
c←a

b ← not a
d ←b

Intuitively, the above program represents an exclusive choice between a or b and depending on this choice, the program derives an
additional atom c or d resp. Indeed, one can verify that the above
program has two answer sets, i.e. S1 = {a, c} and S2 = {b, d}.
E.g., the reduct P S1 contains the rules {a ← c ← a d ← b},
⋆
for which P S1 = {a, c} = S1 .

We construct, for a semi-negative logic program P , a SALP
L(P ) = (Q, C) such that the extended answer sets of L(P ), i.e.
elements of ES0 (Q, C), are in one-to-one correspondence with the
answer sets of P .
In the following definition we use α′ to denote the set of literals
obtained from a set α where each naf-atom not a from α is replaced
by ¬a. The notation is further extended to rules and programs.
Definition 5 Let P be a semi-negative program. The SALP L(P ) =
(Q, C) is defined by Q = P ′ ∪ {¬a ← | a ∈ BP } and C =
{ ← β ′ , ¬a | a ← β ∈ P }.
Intuitively, we simulate negation as failure in two steps. First, we
introduce negation as failure explicitly in Q using classical negation
by introducing a fact ¬a for each atom a ∈ BP . Secondly, we assert
approximation constraints in C to enforce the satisfaction of the original rules in the program P : a rule a ← β ′ ∈ Q (i.e. a ← β ∈ P )
is only satisfied by an interpretation iff the approximation constraint
← β ′ , ¬a ∈ C is satisfied w.r.t. that interpretation.
Example 7 Reconsider the program from Example 6. Its SALP version L(P ) = (Q, C) is defined by the SLP Q
¬a ←
a ← ¬b

¬b ←
b ← ¬a

¬c ←
c←a

¬d ←
d ←b

and the set of constraints C
← ¬b, ¬a

← ¬a, ¬b

← a, ¬c

← b, ¬d

Consider the following extended answer sets of Q, i.e. S1′ =
{a, ¬b, c, ¬d}, S2′ = {¬a, b, ¬c, d} and S3′ = {a, ¬b, ¬c, ¬d}. One
can check that ES0 (Q, C) = {S1′ , S2′ } and clearly S1 = S1′ ∩ BP
and S2 = S2′ ∩ BP . On the other hand, S3′ ∈ ES1 (Q, C), as c ←
a ∈ C is violated. However, one can easily see that S3 = S3′ ∩ BP
is an answer set of the program P \{c ← a}.
The behavior outlined in the previous example is confirmed in general by the following theorem.
Theorem 4 Let P be a semi-negative logic program and consider
L(P ) = (Q, C) as defined in Definition 5. Then, for S ⊆ BP ,
S ∪ {¬l | l ∈ BP \S} ∈ ES0 (Q, C) ⇐⇒ S ∈ AS(P ) ,
i.e. the answer sets of P are in one-to-one correspondence with the
extended answer sets of L(P ).
Further, for i, with 0 < i ≤ |C|, we have, with
S∪{¬l | l ∈ BP\S} ∈ (ESi (Q, C)\ESi−1 (Q, C)) ⇔ S ∈ AS(P\SvC ) ,
where, abusing notation, P \SvC denotes the subset of rules in P for
which the corresponding approximation constraint in C is satisfied
w.r.t. S.
The above result shows that the approximation framework for extended answer sets is able to handle the classical answer set semantics in the sense that, each time a better approximation for L(P ) is
computed, it is also an answer set for a larger subset of the program
P . Interestingly, the algorithm does not rely on negation as failure,
but uses only classical negation and the ability to leave rules unsatisfied, i.e. defeated.
Finally, the above results may help to resolve another issue regarding current answer set solvers such as DLV [11] and SMODELS
[14]. Indeed, these solvers require that a program first be completely
grounded before the actual answer set computation starts. With approximations based on extended answer sets, this is probably not necessary, since the computation of an extended answer set may operate
on a “ground (a rule) as needed” basis (Section 2).

5 Related Work
The idea of an approximation theory in logic and logic programming
is not new. A good example of this is the “anytime” family of reasoners for propositional logic [4]. Intuitively, such a system consists of
a sequence ⊢0 , ⊢1 , . . . , ⊢c of inference relations such that each ⊢i is
at least as good14 as ⊢i−1 and there exists a complete inference relation ⊢c for the problem. Using such an anytime reasoner, one starts
the computation with the inference relation ⊢0 and as long as there is
computation time left, the inference relations ⊢1 , ⊢2 , . . . are applied
to obtain better approximations. When the complete reasoner ⊢c is
reached during the computation, one had enough resources available
to compute a completely correct solution.
This idea is e.g. applied in [5] to obtain an anytime reasoner for
Boolean Constraint Propagation, which is used in [18] to obtain an
approximation theory for diagnostic reasoning.
In [1] a first attempt is made to devise a framework for interactive
answer set programming. The idea is to find which part of a program
needs to be recomputed in order to find a new answer set in case a
single rule is added to the program. Using this framework, one can
obtain a similar approximative version of answer set programming
as the one presented in Section 4 by starting the computation with
a single rule and then subsequently adding new rules. However, the
framework presented in this paper is more suitable in the sense that
we can start the computation with the whole program, not just a single rule, and obtain a first approximation that in the average case will
satisfy more than one rule in the program under consideration.
Weak constraints were introduced in [2] as a relaxation of the concept of a constraint. Intuitively, a weak constraint is allowed to be violated, but only as a last resort, meaning that one tries to minimize the
set of violated constraints (e.g. using either subset minimality or cardinality minimality). The main difference of this approach with ours,
is that we use approximation constraints to find better approximations, as long as we have resources available, of a final solution that
satisfies all approximation constraints (and which will be reached if
we have enough time); while the weak constraints in [2] serve to
differentiate between the answer sets of the program without weak
constraints, by posing additional conditions on those answer sets that
do not necessarily have to be satisfied. Also note that the weak constraints from [2] have a much higher complexity than the framework
presented in this paper, i.e. ∆P
2 for non-disjunctive programs, or the
second level of the polynomial hierarchy.

6 Conclusions and Directions for Further Research
We presented a first attempt at an approximation theory, by means
of approximation constraints, for the extended answer set semantics
of programs containing only classical negation. Further, we showed
how classical answer sets can be approximated using the proposed
framework.
In future work, we will implement an approximate extended answer set solver that “grounds when needed”. In our implementation,
we will try to incorporate some of the ideas developed in the Platypus system [10], i.e. a system to compute answer sets in a distributed
environment, to obtain an implementation that can be used in a distributed setting. One topic for further research in this context is e.g.
how on the fly rule instantiations (which result from the “ground
when needed” process) have to be propagated to the other participants in the distributed computation process.
14

Note that each ⊢i has to be sound and tractable, but not necessarily complete.

Furthermore, we also plan to look into the related problems of profiling (finding out which parts of a program are hard to compute) and
debugging (finding out which parts of a program are wrong) for (extended) answer set programming. Finally, the present approach could
be generalized to support user-defined preference relations (“hints”)
on approximation constraints which could be used to influence the
approximation process.
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