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Abstract

Answer Set Programming(ASP) is a novel pro-
grammingparadigm,which allows to solve prob-
lemsin a simpleandhighly declaratve way. The
languageof ASP (function-free disjunctive logic
programmingjs veryexpressve,andallowstorep-
resenteven problemsof high compleity (every
problemin thecompleity class:) = NPNY),

As for SAT solvers,the heuristicfor the selection
of thebranchinditeral (i.e., thecriteriondetermin-
ing the literal to be assumedrue at a given stage
of thecomputationdramaticallyaffectsthe perfor
manceof anASP system . While heuristicfor SAT
have receveda fair dealof researchin Al, only lit-
tle work in heuristicsfor ASP hasbeendonesofar.

In this paper we extend to the ASP framework

a numberof heuristicswhich have beensuccess-
fully employedin existing systems,andwe com-

parethem experimentally To this end,we imple-

mentsuchheuristicsin the ASP systemDLV, and

we evaluatetheir respectie efficiency on a num-

berof benchmarlkproblemstakenfrom variousdo-

mains. The experimentsshaw interestingresults,
andevidencea coupleof promisingheuristiccrite-

ria for ASR, which sensiblyoutperformthe heuris-

tic of DLV.

1 Introduction

Answersetprogramming(ASP)is a declaratve approacho
programmingwhich hasbeenrecentlyproposedn the area
of nonmonotonicreasoningand logic programming. The
knowledgerepresentatiotanguageof ASP is very expres-
sive: function-freelogic programswith classicalnegation
wheredisjunctionis allowedin thehead®f therulesandnon-
monotonicnegationmayoccurin thebodiesof therules. The
intendednodelsof anASPprogramy(i.e.,thesemantic®f the

*Thiswork wassupportedy FWF (AustrianScienceFunds)un-
derthe projectZ29-INF andP14781
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program)are subset-minimamodelswhich are “grounded”
in a precisesensethey arecalledanswersets[Gelfondand
Lifschitz, 1991]. Theideaof answersetprogrammingis to
represena givencomputationaproblemby an ASP program
whoseanswersetscorrespondo solutions,andthenusean
answersetsolverto find sucha solution[Lifschitz, 1999.

As an example, considerthe well-known problem of 3-
colorability, which is the assignmenbf threecolorsto the
nodesof a graphin suchaway thatadjacennodeshave dif-
ferent colors. This problemis known to be NP-complete.
Supposehatthe nodesandtheedgesarerepresentety a set
F of factswith predicatesiode (unary)andedge (binary),
respectiely. Then,thefollowing ASP programallows usto
determinghe admissiblevaysof coloringthe givengraph.

r1: color(X,r) V color(X,y) V color(X, g) : — node(X)
ro: :—edge(X,Y),color(X,C),color(Y, C)

Rule r; above statesthat every node of the graphis col-
oredredor yellow or green,while r, forbidsthe assignment
of the samecolor to ary adjacentnodes. The minimality
of answersetsguaranteeshat every nodeis assignedonly
onecolor. Thus,thereis a one-to-onecorrespondencee-
tweenthe solutionsof the 3-coloringproblemandtheanswer
setsof F'U {ry,r2}. Thegraphis 3-colorableif andonly if
F U {r1,r2} hassomeanswerset.

An advantageof answersetprogrammingover SAT-based
programmings thatproblemscanbe encodednoreeasilyin
theASPIlanguagehanin propositionalCNFformulas thanks
to thenonmonotonicharacteof disjunctionandnegationas
failure [Lifschitz, 1999. Importantly dueto the supportfor
variables every problemin the complexity class¥ (i.e.,in
NPYP) can be directly encodedn an ASP programwhich
canthenbe usedto solwe all probleminstancesn a uniform
way [Eiteretal., 1997.

Thehighexpressienes®f answelsetprogrammingcomes
at the price of a high computationakostin the worst case,
which makesthe implementatiorof efficient ASP systemsa
difficult task. Neverthelesssomeefforts have beendonein
this direction,and a numberof ASP systemsarenow avail-
able. Thetwo bestknown ASPsystemsareDLV [Eiteretal.,
200d, andSmodeldNiemek, 1999;Simons,200d, but also
othersystemsupportASPto someextent,includingCCALC
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[McCain and Turner, 1999, DCS [Eastand Truszczyski,
200d, QUIP [Egly etal., 2004, andXSB [Raoetal., 1997.

The coreof an ASP systemis modelgenerationwherea
modelof the programis producedwhichis thensubjectedo
ananswersetcheck.For the generatiorof models ASP sys-
temsemploy proceduresvhich aresimilar to Davis-Putnam
proceduresusedin SAT solvers. As for SAT solwers, the
heuristic(branchingrule) for the selectionof the branching
literal (i.e.,thecriteriondeterminingtheliteral to beassumed
trueatagivenstageof the computationjs fundamentallym-
portantfor the efficiency of a model generationprocedure,
and dramaticallyaffectsthe overall performanceof an ASP
system.While alot of work hasbeendonein Al developing
new heuristicsand comparingalternative heuristicsfor SAT
(seege.g.,[HookerandVinay, 1995;Li andAnbulagan,1997;
Freeman,1999), only little work hasbeendoneso far for
ASP systemsin particulay we arenot awareof ary previous
comparisorbetweerheuristicsfor ASP

In this paper we evaluatedifferentheuristicsfor ASP sys-
tems. To this end, we first considera couple of heuristics
which have beenvery successfuln SAT solversor in non-
disjunctive ASP systemsandwe extendthemto the frame-
work of (disjunctive) ASP. We then perform an experimen-
tation actiity to comparethe differentheuristics. In partic-
ular, we implementthe heuristicsin the ASP systemDLYV,
and we comparetheir respectie efficiency on a numberof
benchmarkproblemstaken from variousdomains. The ex-
perimentsshaw interestingresults,andevidencea coupleof
promisingheuristiccriteria for ASP, which sensiblyoutper
form the heuristicof DLV. Neverthelessthis paperis not at
all aconclusvework onheuristicfor ASP;rather it is afirst
stepin this field thatwill hopefully stimulatefurther works
onthedesignandevaluationof heuristicsfor ASP, which are
stronglyneededo build efficient ASP solvers.

2 Answer Set Programming L anguage

In this section,we provide a formal definition of the syn-

tax and semanticof the answerset programminglanguage
supportecby DLV: disjunctive datalogextendedwith strong
negation.For furtherbackgroundsed GelfondandLifschitz,

1991;Eiteretal., 2004.

ASP Programs
A (disjunctive)rule r is aformula

a V- Va, :— by, ---,bg, not bgy1,---, not by,.

whereay, - - -, an, by, - -, by, areclassicaliterals(atomspos-
sibly precededy thesymbol=) andn > 0,m > k > 0. The
disjunctiona; V- - -Va,, istheheadof r, while theconjunction
b1,---,bg, not bgy1,---,not by, isthebody, by, - - -, by, the
positivebody, andnot by1,---,not b,, theneggativebody
of ». Comparisoroperatorylike =, <, >, <>) arebuilt-in
predicatesn ASP systemsandmay appearin the bodiesof
rules.

A disjunctivedatalag program (also called ASP program
in this paper)P is afinite setof rules.

As usual,an object(atom,rule, etc.) is called groundor
propositional if it containsno variables.
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Answer Sets

We describethe semanticf consistentanswersets,which
hasoriginally beendefinedin [GelfondandLifschitz, 1991].

Givena programP, let the Herbrand UniverseUp bethe
setof all constantsppearingn P andtheHerbrandBaseBp
be the setof all possiblecombinationsof predicatesymbols
appearindgn P with constant®f Up, possiblyprecededby —.

A setL of literalsis saidto beconsistentf, for everyliteral
¢ € L, its complementaryiteral is not containedn L.

Givenaruler, Ground(r) denoteshesetof rulesobtained
by applyingall possiblesubstitutions from thevariablesn
to elementf Up. Similarly, givena programP, theground
instantiationGround(P) of P is thesetlJ, ., Ground(r).

For every programP, we defineits answersetsusingits
groundinstantiationGround(P) in two stepsfollowing[Lif-
schitz,1994: Firstwe definethe answersetsof positive pro-
gramsthenwe give areductionof generalprogramgo posi-
tive onesandusethis reductionto defineanswersetsof gen-
eralprograms.

An interpretation! is a setof groundliterals. A consis-
tent interpretation] C Byp is closedunderP (where?P is
a positive program),if, for everyr € Ground(P), atleast
oneliteral in the headis truewheneerall literalsin thebody
aretrue. X is ananswersetfor P if it is minimal w.r.t. set
inclusionandclosedunderp.

The reduct or Gelfond-Lifsthitz transform of a general
groundprogramP w.r.t.asetX C Bp isthepositive ground
programP~X , obtainedirom P by (i) deletingall rulesr € P
whosenegative bodyis falsew.r.t. X and(ii) deletingthe neg-
ative bodyfrom theremainingrules.

An answersetof a generalprogram?P is asetX C Bp
suchthat X is ananswersetof Ground(P)X.

3 Answer Sets Computation

In this section,we describethe main stepsof the compu-
tational processperformedby ASP systems. We will refer
particularlyto the computationakngineof the DLV system,
which will be usedfor the experiments pbut also other ASP
systemslike Smodelsemploy avery similar procedure.

An answerset program® in generalcontainsvariables.
Thefirst stepof a computationof an ASP systemeliminates
thesevariablesgeneratingagroundinstantiationground(P)
of P.! Thehardpartof thecomputatioris thenperformedon
this groundASP programgeneratedby theinstantiator

The heartof the computationis performedby the Model
Generatamwhichis sketchedn Figurel. Roughly theModel
Generatoproducessome“candidate’answersets. The sta-
bility of eachof themis subsequentlyerifiedby thefunction
IsAnswerSet(|)which verifieswhetherthe given“candidate”
I is aminimal modelof the programGround(P)’ obtained
by applying the GL-transformatiorw.r.t. I and outputsthe
model,if so. IsAnswerSet(IjeturnsTrueif the computation

shouldbe stoppedandFalseotherwise.

'Notethatground(P) is notthefull setof all syntacticallycon-
structibleinstancesf the rules of P; rather it is a subset(often
much smaller) of it having preciselythe sameanswersetsas P
[Faberetal., 19993.
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Function ModelGenerator(ltnterpretation)Boolean;

var inconsisteng. Boolean;

begin
| := DetCons(l);
if | = £ then return False;(* inconsisteng *)
if noatomis undefinedn | then return IsAnswerSet(l);
Selectanundefinedyroundatom A accordingto a heuristic;
if ModelGeneratof{ U { A}) then return True;
elsereturn ModelGeneratof{ U {not A});

end;

Figurel: Computatiorof AnswerSets

TheModelGeneratofunctionis first calledwith parameter
I setto theemptyinterpretatior?. If theprogram® hasanan-
swerset,thenthe functionreturnsTrue setting! to the com-
putedanswerset;otherwiset returnsFalse. TheModel Gen-
eratoris similarto the Davis-Putnanprocedureemployedby
SAT solwers.lt first callsafunctionDetCons() whichreturns
the extensionof I with the literals that can be deterministi-
cally inferred(or the setof all literals £ uponinconsistenyg).
This functionis similar to a unit propagatiorprocedureeam-
ployedby SAT solvers,but exploits the peculiaritiesof ASP
for makingfurtherinferenceqe.g.,it exploits the knowledge
that every answersetis a minimal model). If DetConsdoes
not detectary inconsisteng, anatom A is selectedaccord-
ing to a heuristiccriterion and ModelGenerators calledon
Tu{A} andonIU {not A}. TheatomA playstherole of a
branchingvariableof a SAT solver. And indeed like for SAT
solvers, the selectionof a “good” atom A is crucial for the
performanceof an ASP system. In the next section,we de-
scribea numberof heuristiccriteriafor the selectionof such
branchingatoms.

4 Heuristics

Throughoutthis section,we assumehata groundASP pro-

gramP andaninterpretation/ have beenfixed. Here,we de-
scribetheheuristiccriteriathatwill becomparedn Section?.

We consider‘dynamicheuristics”(the ASP equivalentof UP

heuristicsfor SAT), thatis, branchingruleswherethe heuris-
tic valueof aliteral Q depend®n theresultof taking @) true
and computingits consequencesGivena literal Q, ext(Q)

will denotetheintepretatiorresultingfrom the applicationof

DetCons(seeprevioussection)on I U {Q}; w.l.0.g.,we as-
sumethatezt(Q) is consistentptherwise() is automatically
setto falseandthe heuristicis not evaluatedon () atall.

Heuristic hy.  This is an extensionof the branchingrule
adoptedn thesystemSATZ [Li andAnbulagan, 1997 —one
of themostefficient SAT solvers— to the framework of ASP

The length of a rule r (w.r.t. aninterpretationJ), is the
numberof undefinediterals occurringin r. Let Unsaty(Q)
denotethe numberof unsatisfiedrules of length & w.r.t.
ext(Q), which have agreatedengthw.r.t. I. In otherwords,
Unsaty(Q) is the numberof unsatisfieduleswhoselength

2Obsere thattheinterpretationsuilt duringthecomputatiorare
3-valued thatis aliteral canbeTrue, Falseor Undefined(if its value
hasnot beensetyet) w.r.t. to aninterpretation/.

®Recallthatarule r is satisfiedw.r.t. J if the bodyof r is false
w.r.t. J or theheadof r istruew.r.t. J.
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shrinksto & if thetruth of () is assumedndpropagatedh the
interpretation/. Theweightw, (Q) is

w1(Q) = g1 Unsat(Q) x5*

Thus, the weight function w, prefersliterals introducinga
highernumberof shortunsatisfiedrules. Intuitively, the in-
troductionof a high numberof shortunsatisfiedulesis pre-
ferredbecausé createsnoreandstrongerconstraintonthe
intepretationso thata contradictioncanbe found earlier[Li

andAnbulagan,1997. We combinetheweightof anatom(

with the weight of its complementot ) to favour ¢ such
thatw; (Q) andw; (not @) areroughly equal,to avoid that
a possiblefailure leadsto a very bad state. To this end, as
in SATZ, we definethe combinedweightcombaw; (Q) of an
atom( asfollows:

combaw; (Q) = w1 (Q)*w; (not Q)*1024+w1 (Q)+w; (not Q).

Given two atoms A and B, heuristic h; prefers B over
A (A <p1 B) iff combw;(4) < combw,;(B). Oncea
<p1-maximumatom @ is selectedheuristich, takes( if
w1 (Q) > wi(not Q), not Q else.

Heuristic hy. Thesecondheuristicwe consideris inspired
to the branchingrule of Smodels— a well known ASP sys-
tem [Simons,200d. Let |J| denotethe numberof atoms
which areeithertrue or falsein a (three-walued)intepretation

J. Then,define
w2(Q) = lext(Q)]-

Sincews maximizesthe size of the resultingintepretation,
it minimizesthe atomswhich areleft undefined.Intuitively,

this minimizesthe size of theremainingsearchspacgwhich

is 2%, whereu is the numberof undefinedatomsin ezt(Q))

[Simons,200d. Similar to Smodels,the heuristich, cau-
tiously maximizesthe minimum of w,(Q) andws (not Q).

More precisely the preferencerelationship <2 of hy is

definedas follows. Given two atoms A and B, 4 <j»

B if min(h2(A), ha(not A)) < min(hz(B), ha(not B));

otherwise, A <p2 B if min(ha(A4),ha(not 4)) =

min(hy(B), ha(not B)) and maz(ha(A), ha(not 4)) <

maz(ha(B), ha(not B)). Oncea <pz-maximumatoma@ is

selectedheuristich, takeseither@ or not @, dependingn

thesameselectiorprinciple.

Remark. It is worthwhile noting thatthe heuristicof Smod-
els, while following the above intuition, is more advanced
and sophisticatedhan he. Unfortunately it is definedfor

non-disjunctve programsandcenteredaroundpropertiesof

unstratifiednegation.whichis notsoimportantin our frame-
work. We do not seeary immediateextensionof Smodels’
heuristicto the framework of disjunctve ASPprograms. |

Heuristic hg. Let us considernow the heuristicusedin
theDLV system.Evenif thisis more“naive” thanthe previ-
ousheuristics,we will benchmarkt in orderto evaluatethe
impactof changinghebranchingrule onthetestsystem.

A peculiarpropertyof answersetsis supportednessFor
eachtrue atom A of ananswerset/, thereexistsarule r of
the programsuchthatthe body of r is truew.r.t. I and 4 is
the only true atomin the headof . Sincean ASP system
musteventuallycorvergeto a supportednterpretation ASP

637



systemstry to keepthe interpretations‘as much supported
as possible” during the intermediatestepsof the computa-
tion. To thisend,the DLV systemcountsthe numberof Un-

supportediue (UT) atoms,i.e., atomswhich aretrue in the
currentinterpretatiorbut still missa supportingrule (further
detailson UTs canbe foundin [Faberet al., 1999 where
they arecalledMBTSs). For instancetherule : — not x im-

pliesthatz mustbetruein every answersetof the program;
but it doesnot give a “support”for z. Thus,in the DLV sys-
temz is takentrue to satisfytherule, andit is addedto the
setof Unsupportediue;it will beremovedfrom this setonce
a supportingrule for z will be found (e.g.,z Vb:—cisa

supportingrule for z in theinterpretation/ = {z,not b, c}).

Given a literal @, let UT(Q) be the numberof UT atoms
in ext(Q). Moreover, let UT,(Q) andUT5(R) bethe num-
berof UT atomsoccurring,respectiely, in the headsof ex-

actly 2 and 3 unsatisfiedrulesw.r.t. ext(Q?). The heuristic
hs of DLV considersUT(Q), UT>(Q) and UT3(Q) in a
prioritized way, to favor atomsyielding interpretationswith

fewer UT /UT,/UT; atoms(which shouldmorelikely lead
to a supportednodel). If all UT countersareequal,thenthe
heuristicconsidersthe total numberSat(Q) of ruleswhich

aresatisfiedw.r.t. ext(Q). More precisely giventwo atoms
AandB:

1. A <p3 Bif UT(A) > UT(B);

2. otherwise, A <p3 B if UT(4A) =

3. otherwise, A <3 B if UTy(A) = UT»(B) and
UTs3(A) > UTs(B);

4. otherwise, A <3 B if UT3(A)
Sat(A) < Sat(B).

A <pz-maximumatomis selectedby the heuristichz of
DLV. Unlike thepreviousheuristics i3 considernly atoms
(insteadof literals), andit doesnot take into accountwhat
happenswvhen the selectedatom ) leadsto a failure (i.e.,
ext(not Q) is notconsideredn the heuristic).

UT(B) and

= UT3(B) and

Heuristic hy.  Finally, we have considereda simple “bal-

ancedversion” hy of theheuristichs of DLV, wherealsothe
complemenbf anatomis evaluatedfor the heuristic. Given
anatomA, letUT'(A) = UT(A) + UT (not A), UT45(A) =

UT2(A)+UT2(not A), UTé(A) = UT3(A)+UT3(DO1: A),

and Sat'(A) = Sat(A) + Sat(not A). The heuristic h4

works preciselyas hg, but considersthe primed counters.
Oncethe bestatomhasbeenselectedit is taken positive or

negative, dependingon hs.

5 Benchmark Programs

To evaluatethe differentheuristicspresentedn the previous
section,we chosea coupleof benchmarkproblems: 3SAT,
Blocksworld Planning Hamiltonianpath,andStrateyic Com-
panies.

3SAT is oneof thebestresearchegroblemsin Al andgen-
erally usedfor solving mary other problemsby translating
themto 3SAT, solving the 3SAT problemand transforming
the solutionbackto the original domain:
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Let & bea propositionaformulain conjunctve normal
form (CNF)® = A (di1 V ...V d;3) wherethed; ;
areliteralsoverthe propositionalariablest , . . . , 2, .
d is satisfiablejff thereexists a consistentonjunction
I of literals suchthat I = & (seee.g.[Papadimitriou,
1994 for a completedefinition).

3SAT isaclassicaNP-completgroblemandcanbeeasily
representeth ourformalismasfollows:

For every propositionalvariablez; (1 < ¢ < m), we add
the following rule which ensureghat we eitherassumethat
variablez; or its complementz; true:

x; Vn;.
Andfor everyclaused; V...V ds in ® weaddtheconstraint

:—not d_1,...,no1:d_3.

whered; (1 < i < 3) is z; if d; is apositive literal z;, and
nx; if d; is anegatveliteralnot ;.

Hamiltonian Path (HAMPATH) is anotherclassicalNP-
completeproblemfrom the areaof graphtheory:

GivenanundirectedgraphG = (V, E), whereV is the
setof verticesof G andE is thesetof edgesandanode
a € V of thisgraph,doesthereexist a pathof G starting
ata andpassinghrougheachnodein V' exactly once?

Supposéhatthe graphG is specifiedby usingtwo predi-
catesnode(X) andarc(X,Y)?, andthestartingnodeis spec-
ified by the predicatestart (unary) which containsonly a
singletuple. Then,thefollowing programsolvesthe problem
HAMPATH.

% Eachnodehasto bereached.

:— node(X),not reached(X).

reached(X) : — start(X). reached(X):— inPath(Y,X).
% Guesswhetherto take a pathor not.

inPath(X,Y) VoutPath(X,Y) : — reached(X), arc(X,Y).
% At mostoneincoming/outgoingarc!
:—inPath(X,Y),inPath(X,Y1),Y<>Y1.
:—inPath(X,Y),inPath(X1,Y), X<>X1.

Blocksworld (BW) is a classicproblemfrom the planning
domain,andoneof theoldestproblemsn Al:

Givenatableandanumberof blocksin a(known)initial

stateanda desiredgoal state try to reachthatgoal state
by moving one block at a time suchthat eachblock is
eitheron top of anotherblock or the tableat any given
time step.

Figure2 shavsasimpleexamplethatcanbesolvedin three
time steps:First we move block c to the table,thenblock b
ontop of a,andfinally c ontop of b.

initial: goal:
B
DD B
Figure2: SimpleBW Example

“Predicatearc is symmetric,sinceundirectedarcsare bidirec-
tional.
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Due to spacerestrictionswe referto [Erdem,1999; Faber
etal., 19994 for acompleteencoding.

Strategic Companies (STRATCOMP) finally, is a ©£-
completeproblem,which hasbeenfirst describedn [Cadoli
etal., 1997:

A holding owns ¢ companiesgachof which produces
somegoods.Someof thesecompaniesnayjointly con-

trol others. This is modelledby meansof predicates
prod(P,C1,C2) (P is producedby C1 and C2) and

cont(C,C1,C2,C3) (compary C is jointly controlled

by C1, C2 andC3).

Now, somecompaniesshouldbe sold, underthe con-

straintthat all goodscanbe still produced andthatno

compaury is sold which would still be controlledby the

holdingafterwards.A compaly is strateic, if it belongs
to a strategic set which is a minimal setof companies
satisfyingtheseconstraints.

The answersetsof the following natural programcorre-
spondoneto oneto the stratgic sets.Checkingwhetherary
givencompaiy C is stratgic is doneby brave reasoning:ls
thereanyanswersetcontainingC'?”

5-¢(C1) V s¢(C2) : — prod(P,C1,C2).

s¢(C) : — cont(C, C1,C2,C3), s_c(C1), sc(C2), s_c(C3).

As in [Cadoliet al., 1997 we assumethat eachproduct
is producedby at mosttwo companiesandeachcompaty is
jointly controlledby at mostthreecompaniego allow for an
easierrepresentation.

6 Benchmark Data

For 3SAT, we have randomlygenerate@CNFformulasover
n variablesusing a tool by Selmanand Kautz [Selmanand
Kautz, 1997. For eachsizewe generated suchinstances,
wherewe keptthe ratio betweenthe numberof clausesand
the numberof variablesat 4.3, which is nearthe cross-wer
pointfor random3SAT [Crawford andAuton, 1994 .

Theinstancesor HAMPATH weregeneratedisinga tool
by Patrik Simonswhich hasbeenusedto compareSmod-
els againstSAT solvers(cf. [Simons,2004), andis avail-
ableathttp://tcs. hut.fi/Software/snodel s/ m sc/
hani | ton. tar. gz. For eachproblemsizen we generated
8 instancesalwaysassumingiodel asthestartingnode.

Theblocksworld problemsP3andP4have beenemployed
in [Erdem,1999 to compareASP systemsandcanbesolved
in 8 and9 stepsrespectiely. We augmentedheseby prob-
lemsP5andP6 which requirel1 and 12 steps respectiely.
For eachof theseproblemswe generate® randompermuta-
tionsof theinput.

For STRATCOMR finally, we randomlygenerated in-
stancedor eachproblemsize n, with n companiesandn
products.Eachcompary O is controlledby oneto five com-
panieswheretheactualnumberof companiess uniformran-
domly chosen. On averagethereare 1.5 cont relationsper
compaly.

Thebenchmarldataareavailableatht t p: / / www. dbai .
tuwi en. ac. at/proj/dlv/. All experimentswere per
formedonanAthlon/750FreeBSD4.2 machinewith 256 MB
of main memory The binarieswere producedwith GCC
2.95.2.
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7 Experimental Resultsand Conclusion

Theresultsof our experimentsaredisplayedn the graphsof
Figures3-6. In eachgraph,the horizontalaxis reportsa pa-
rameterrepresentinghe sizeof theinstance.On the vertical
axis, we reportthe averagerunningtime (expressedn sec-
onds)over the 8 instance®f the samesizewe have run (see
previoussection).

Remark. All heuristicshave beenimplementedn astraight-
forwardway, without optimizations,sotherunningtimesre-
portedin the graphare meaningfulonly for comparingthe
relative efficienciesof the heuristics.

We have allowed a runningtime of 600 secondgor each
probleminstance. In the graphs,the line of an heuristic
stopswhenerer someprobleminstancevasnot solvedin the
maximum allowed time. The following table displays, for
eachheuristic,the maximuminstance-sizevherethe heuris-
tic couldsolveall probleminstancesn themaximumallowed
time.

h1 ho hs ha
3SAT 270 270 250 260
HAMPATH 80 40 70 > 100
BW > P6 > P6 P5 > P6
STRATCOMP | > 1200 | > 1200 | <700 | > 1200

As expectedheuristichs, the“native” heuristicof theDLV
systemwhich doesnot combinethe heuristicvaluesof com-
plementaryatoms,is theworstin mostcaseslt doesnotter
minateontheinstanceP6of BW, it couldnotsolve ary of the
benchmarknstanceof STRATCOMP (it doesnot appearat
all in Figureb), andstoppecearlierthanthe otherson 3SAT.

Heuristichy, the extensionof SATZ heuristicto ASP, be-
haves very well on average. On 3SAT, BW, and STRAT-
COMP h; couldsolve all benchmarknstancesve have run.
It is the fasteston BW andone of the two fasteston 3SAT.
It shawvs a negative behaviour only on HAMPATH. In this
problem, consideringUnsupportedilue literals seemsto be
crucialfor theefficiency.

Heuristic h4 is surprisinglygoodcomparedo hs. It is a
simple“balancedversion” of heuristichs (the heuristicval-
uesof the positive andof the negative literal arecombinedby
sum). This simpleextensionto hz dramaticallyimprovesthe
performancelndeed heuristichs solvesnearlyall instances
weran(only on3SAT it stoppecdhbit earlierthanotherheuris-
tics). It is the bestheuristicon STRATCOMP and, impor-
tantly, on HAMPATH, whereit beatsall otherheuristicsof a
relevantfactor

The behaviour of heuristichy, basedon the minimization
of the undefinedatoms, is rathercontroversial. It behaes
verywell on 3SAT andBW, but it is extremelybadon HAM-
PATH, whereit stopsat 40 nodesalreadyandis beatenreven
by the “naive” heuristichs. This confirmsthat further stud-
ies are neededo find a properextensionof the heuristicof
Smodelgo the framework of disjunctve ASP.

Concludingwe obsenethatbothheuristich; andheuristic
hy, significantlyimprovetheefficiency of the native heuristic
hz of the DLV system.The dramaticimprovementobtained
by the simplechangerom A3 to by, confirmsevenmorethe
importanceof a carefulstudyof branchingrulesin ASP sys-
tems.This paperis only afirst stepin this field, we hopethat
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further works will follow, for proposingnew heuristicsfor
ASP andfor betterunderstandinghe existing ones,in order
to improve the efficiency of ASP systems.
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