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Abstract

Disjunctive Logic Progamming (DLP) is a vely

expressve formalism: it allows to express every
property of finite structuesthatis decidablein the
compleity classt¥ (NPNY). Despitethe high ex-
pressveressof DL P, therearesomesimpleproper

ties, oftenarisingin real-world applicatios, which
cannd beencode in asimpleandnaturd manrer.

Among these,propertiesrequring to apply some
arithmeticoperates (like sum, times, court) on a
set of elementssatisfying some condtions, can-
not be naturdly expressedin DLP. To overcome
this deficiercy, in this paperwe exterd DLP by
aggreate functiors. We formally definethe se-
manticsof the new langiage,namel DLP#. We
shav the usefulnesof the new constructson rel-
evantknowledge-tasedproblens. We analyzethe
compuationalcomgexity of DLP#, shawing that
the additionof aggrejatesdoesnot bring a higher
costin thatrespectWe provide animplementation
of the DLP# languag in DLV— the state-of-tle-
art DL P system-andrepot on expeiimentswhich
confirm the usefulressof the proposedextensin

alsofor theefficiency of thecompuation.

1 Intr oduction

Expressvenesof DLP. Disjunctive Logic Prograns (DL P)
arelogic programswhere(nonmorotonic) negaion may oc-
curin the bodes, anddisjunctionmay occurin the headsof
rules. This languae is very expressve in a precisemath-
ematicalsense: it allows to expressevery property of fi-
nite structure thatis deciddle in the compleity class-¥

(NPNP).  Therebre, under widely believed assumptias,
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DLP is strictly more expressve than normd (disjurction-
fre@ logic programmirg, whoseexpressvenesss limited to
propertiesdeciddle in NP. DL P canthusexpressprodems
which canrot be translatedto Satisfiability of CNF formu-
las in polynomial time. Importantly, besidesenlaging the
classof applicatiors which canbe encoed in the language,
disjunctionoften allows for representig prodems of lower
comgexity in a simplerandmorenatual fashion(see[Eiter
etal., 2000]).

The problem. Despitethis high expressvenessthereare
somesimple properties, often arisingin real-world apgica-
tions,which canrot beenco@din DLP in a simpleandnat-
ural manner Amongtheseare propeties requirirg to apgy
somearithmetic opeator (e.g, sum,times,court) on asetof
elementssatisfyingsomeconditiors. Suppae,for instance,
thatyou wantto know if the sumof the salariesof the em-
ployeesworking in ateamexceed agivenbudget(seeTeam
Building, in Section3). To this end,you shouldfirst order
theemployeesdefinirg asuccessorelation Youshouldthen
definea sumpredcate,in arecursve way, which computes
the sumof all salariesandcompae its resultwith the given
budget. This appoachhastwo dravbacks: (1) It is badfrom
theKR perspecitie, astheencalingis notnaturalatall; (2) it
is inefficient, asthe (instantiatiorof the) programis quadatic
(in thecardindity of theinputsetof emplo/ees).Thus,there
is aclearneedto enrichDL P with suitableconstrets for the
naturd represetation andto provide meansfor an efficient
evaluatian of suchproperties.

Contribution. We overcomethe above deficieny of DLP.

Insteadof inventingnew constructs from scratchwe exterd

thelangua@ with a sortof aggreatefunctions, first studied
in the context of dedictive databaes,andimplemen them
in DLV [Eiteretal., 2000] — the state-ofthe-artDisjunctive
Logic Progranming system. The main contritutions of this

paperarethefollowing.

e We extend Disjunctive Logic Progranming by aggegate
functions andformdly definethe semanticof the resulting



langiage,namedDL PA.

¢ We addessknowledge representationissues,shaving the
impactof thenew constrictsonrelevart probdems.

e We analye the compuational compleity of DLPA. Im-
portartly, it turns out that the addition of aggrejatesdoes
notincreasehecomputationalcompleity, whichremainghe
sameasfor reasonig on DLP progams.

¢ We provide animplemantationof DLP# in the DLV sys-
tem,deriving new algorithmsandoptimizationtechnigiesfor

the efficientevaludion.

¢ \We reporton expeimentation evaluatingtheimpactof the
proposedlanguag extensionon efficiency. The experiments
confirmthat, besidegroviding relevant advartagesfrom the
knowledgerepresentatiorpoirt of view, aggr@atefunctions
canbring significantcomputationalgans.

e We compareDL PA with relatedwork.

We presehthe mostrelevant aspect®f DL P4 andof its im-

plemenationhere refering theinterestedeader to atechni-
calrepat with all details[Dell’Armi etal., 2003.

2 The DLP4 Language

In this section,we provide a formal definition of the syntax
andsemantic®f the DL P4 languag — anextersionof DLP
by set-orieted functions (also called aggegate functions).
We assumeéhatthereadeiis familiar with standardDLP; we
referto atomsliterals, rules,andprogiamsof DL P, asstan-
dard atoms,standad literals, standad rules and standad
programs respectiely. For furtherbackgound see[Gelford
andLifschitz, 1991 Eiteretal., 2000].

2.1 Syntax

A (DLPA) setis eithera symbdic setor a grond set. A
symbolicsetis a pair { Vars : Conj}, where Vars is alist
of variales and C'onj is a conjurction of standarditerals.!
A groundsetis a setof pairsof theform (¢ : Conj), where
t is alist of constantsandConj is a ground (vaiiable free)
conjunction of standarditerals. An aggregate functionis of
the form f(S), whereS is a set,and f is a functionname
amory #count, #min, #max, #sum, #times. An aggre-
gateatomis Lg <, f(S) <2 Rg, wheref(S) isanaggegate
function, <1, <2€ {=, <, <,>,>},andLg andRg (called
left guard, andright guard, respectiely) areterms. One of
“Lg <1" and“<, Rg" canbeomitted. An atomis eithera
standard DL P) atomor anaggrejateatom. A literal L is an
atomA oranatomA precedd by thedefaultnegaion symiol
not if A is anaggegateatom, L is anaggregateliteral.

A (DLPA) rule r is aconstruct

a1 V --- V ap:—bi, - ,bg, not bgy1,---, not bm.

whereay, - - - , a,, arestandarcatoms by, - - - , b,,, areatoms,
andn > 0, m > k > 0. Thedisjunctiona; V
--- V a, is the head of r, while the conjunction
bi,...,bg, not bpy1,...,not by, isthebodyofr. A (DLP#)
programis asetof DL P4 rules.

Syntactic Restrictions and Notation

Hntuitively, a symbolic set {X : a(X,Y),p(Y)} stands
for the set of X-values making o(X,Y),p(Y) true, ie.,
{X:3Ys.t. a(X,Y),p(Y) is true}. Notethatalsonegative liter-
alsmayoccurin the conjurction Conj of asymbolicset.

For simplicity, andwithout loss of geneality, we assume
that the body of eachrule cortains at most one aggegate
atom. A globd variable of arule r is a variableappearing
in somestandad atomof r; alocal variable of r is avariabie
appeaing solelyin anaggegatefunctionin r.

Safety A ruler is safeif thefollowing conditionshold: (i)
eachglobalvariable of » apparsin apositive standarditeral
in the body of r; (ii) eachlocal varialde of » appeangin a
symbdic set{ Vars : Conj}, alsoappeasin apositiveliteral
in Cony; (iii) eachguardof anaggegateatomof r is either
aconstanbr a globalvariable.A programis safeif all of its
rulesaresafe.

Example1 Considetthefollowing rules:
p(X)—q(X,Y,V),Y < #max{Z : r(Z),not a(Z,V)}.
p(X)—q(X,Y,V),Y < #sum{Z : not a(Z, S)}.
p(X)—q(X,Y,V),T< #min{Z : r(Z),not a(Z,V)}.

Thefirst ruleis safe while theseconds not, sincebothlocal

varialles Z andS violate conditian (ii). Thethird ruleis not

safeeither sincetheguad T is notaglobalvariale, violating

condtion (iii).

Stratification. A DL P4 progamP is aggregate-statified
if thereexistsafunction|| ||, calledlevel mappng, from the
setof (standad) predicate®f P to ordnals,suchthatfor each
pair a andb of (standadl) predcatesof P, andfor eachrule
r € P: (i) if a appeas in the headof r, andb appearsin an
aggr@ateatomin the bodyof r, then||b|| < [|a]|, and(ii) if
a appearsin theheadof r, andb occusin astandad atomin
thebodyof r, then||b]| < ||a]l.

Example 2 Considetthe progamconsistingof a setof facts
for predcatesa andb, plusthefollowing two rules:

9(X):~p(X), ftcount {V : (¥, X),b(X)} < 2.

p(X):—q(X), b(X). o .
The progam Is aggrgate-stratified as the level mappirg
llal]l = 18]l =1 |lpll = ||lg|] = 2 satisfiesthe requirel

condtions. If we addthe rule b(X):—p(X), thenno legal
level-mapping exists and the program becomesaggreate-
unstratified.

Intuitively, aggreate-stratificatio forbids recursim
through aggrejates, which could cause an unclea se-
mantics in some cases. Consider for instance, the
(aggegateunstratified) progam consisting only of rule
p(a):—#count{X : p(X)} = 0. Neitherp(a) nor @ is
an intuitive mearing for the progam. We shoud probably
assertthat the above programdoesnot have ary answerset
(defining a notion of “stability” for aggrejates), but then
positve progamswould not always have an answerset if
thereis no integrity constraint.In the following we assume
thatDL P4 programsaresafeandaggrejate-stratified.

2.2 Semantics

GivenaDL P4 progamP, let Up dende thesetof constants
appeanginP,Us C Up thesetof thenatual nurbersoc-
curringin Up, andBp thesetof standarcdaitomsconstrutible
from the (standad) predcatesof P with constantsn Up.

Furthemore,given aset X, 2% dendesthe setof all multi-
setsover elementdrom X. Let usnow describeghedomains
andthe meanimgs of the aggegatefunctionswe consider

#count: definedover ?U”, thenumberof elementsn theset.



N
sum: definedover , thesumof thenumtlersin the set.
definedover 277, th f th tersin theset
N
times: over 2% theprodict of thenunbersin the set:
2% theproduct of the nurrbersin the set?

#min, #max: defined over 2”7 — {f}, the mini-
mum/maximum elemen in the set; if the setcontainsalso
strings,thelexicographicorderingis consigred?

If theargumentof anaggegatefunctiondoesnotbelorgto its
doman, the aggrgjateevaluatesto false,dendgedas | (and
ourimplement#ion issuesawarningin this case).

A substitutionis a mappng from a setof variabesto the
setUp of the constantappearig in theprogamP. A sub-
stitution from the setof globalvariables of arule r (to Up)
is a global substitutionfor r; a substitutionfrom the set of
local variables of a symbolicsetS (to Up) is alocal substi-
tution for S. Givena symbolicsetwithout global variables
S = {Vars : Conj}, theinstantidion of setS is thefollow-
ing grownd setof pairsinst(.S):

{{(v(Vars) : yv(Conj)) | v is alocal substitutiorfor S}.4

A groundinstanceof arule r is obtainedin two steps: (1)
a global substitutiono for r is first appliedover r; (2) ev-
ery symbdic setS in o(r) is replacedby its instantiation
inst(S). The instantiationGround(P) of a pragram?P is
thesetof all possibleinstance®f therulesof P.

Example 3 Considetthefollowing program®P; :
a(1) Vp(2,2). a(2) V p(2,1).
TheinstantiationGround(P:) is thefollowing:
q(1) vV p(2,2). a(2) Vp(2,1).
£(1):=q(1), #sum{(1 : p(1,1)),(2: p(1,2))} > 1.
t(2):_Q(2)’ #sum{<1 : p(2: 1))) (2 : p(2: 2)>} > 1
An interpretationfor a DL P4 program?P is a setof stan-
dardgrourd atoms/ C Bp. Thetruthvaluation I(A), where
A is astandad ground literal or a standagl ground corjunc-
tion, is definedin the usualway. Besidesassigningruth val-
uesto the standardyround literals, aninterpreation provides
themeanimg alsoto (ground)sets aggrayatefunctionsandag-
gregateliterals; the meanimg of a set,anaggrayate function,
andan aggegateatomunderaninterpietation,is a multiset,
avalue,andatruth-value,respectiely. Let f(S) beaanag-
gregatefunction. ThevaluationI(S) of setS w.rt. I is the
multisetof thefirst corstantof thefirst compmentsof theele-
mentsin S whoseconjunctionis truew.r.t. I. More precisely
let S; = {{t1,.-tn) | {t1,-.,tn:Conj) € SA Conjis true
wr.t. | }, thenI(S) isthemultiset [¢1 | (t1,...,tn) € S1].
ThevaluationI (f(S)) of anaggegatefunction f(S) w.r.t. I
is the resultof the applicationof the function f on I(.S). (If
themultiset(S) is notin thedomainof f, I(f(S)) = L.)
An aggegateatom A = Lg <; f(S) <2 Rg is true
wrt. I if: () I(f(S)) # L, and, (i) the relatiorships
Lg <1 I(f(S)), andI(f(S)) <2 Ug hold wheneer they
arepresentpthewvise, A is false.
Using the above notion of truth valuationfor aggegate
atoms,the truth valuatiors of aggrejateliteralsandrules,as

24 sum and #times appliedover an emptysetreturn0 and 1,
respectiely.

3Thelatteris notyet suppatedin our firstimplementation.

“Givena substitutions- anda DL P* objectObj (rule, conjunc-
tion, set,etc.),with alittle abuseof notation,we denoteby o (0bj)
the objectobtainedby replacingeachvariable X in Obj by o(X).

well asthe notion of mocdkl, minimd model,andanswerset
for DLPA areanimmedate extensionof the correspndirg
notiorsin DL P [GelfondandLifschitz, 1991].

Example4 Considerthe aggrejate atom A = #sum{(1 :
p(2,1)),(2 : p(2,2))} > 1 from Exampe 3. Let S be
the ground set appearig in A. For interpréation I =
{¢(2),p(2,2),t(2)}, I(S) = [2], the application of #sum
over [2] yields2, and A is therefae truew.r.t. I, since2 > 1.
I is ananswersetof the progamof Exampe 3.

3 KnowledgeRepresentationin DLPA

In this sectionwe shav how aggregatefunctiors canbeused
to encodeelevart prodems.

TeamBuilding. A projectteamhasto bebuilt from a setof
employeesaccordng to thefollowing specifications:
gplg Theteamconsistof a certainnumter of empoyees.
p2) At leasta given numter of different skills must be
presenin theteam.
(ps) Thesumof thesalarieof theemplgeesworking in the
teammustnot exceedthe givenbudget.
(p4) Thesalaryof eachindividual emplgeeis within aspec-
ified limit.
(ps) Thenumter of womenworking in theteamhasto reach
atleastagivennumter.
Suppaethatouremploeesareprovidedby anumterof facts
of theform emp(Enpld,®x,Skill, Salay); thesizeof theteam,
theminimumnumker of differentskills, thebudget, themax-
imum salary andthe minimumnumkler of womenarespeci-
fied by the factsnEmgN), nSkill(N), budgetB), maxSali),
andwomen(W)Wethenencoe eachproperty p; aboe by an
aggr@ateatom A;, andenfaceit by anintegrity corstraint
containngnot A;.
in(I) V out(I):—emp(I, Sz, Sk, Sa).
:—nEmp(N),not #count{Il : in(I)} = N.
:—nSkill(M), not #count{Sk : emp(I, Sz, Sk, Sa),in(I)} > M.
:—budget(B),not #sum{Sa, I : emp(I, Sz, Sk, Sa),in(I)} < B.
:—mazSal(M),not #max{Sa : emp(I, Sz, Sk, Sa),in(I)} < M.
:—women(W), not #count{I : emp(1, f, Sk, Sa),in(I)} > W.
Intuitively, the disjunctie rule “guesses’whetheran em-
ployeeis includedin the teamor not, while the five con-
straintscorrespondone-teone to the five requiementsp -
ps. Tharks to the aggregjatesthe translationof the specifi-
cationsis surprisindy straightfoward. The examplehigh
lights the usefuness of representig both setsand multi-
setsin our langua@ (a multiset can be obtaired by spec-
ifying more than one varieble in Vars of a symbdic set
{Vars : Conj}). For instance,the encodiy of p, re-
quiresa set aswe wantto count different skills; two em-
ployeesin the team having the sameskill, shoud count
oncew.r.t. p,. Onthe contray, ps requresto sumthe ele-
mentsof a multiset if two emplo/eeshave the samesalary
both salariesshould be summedup for ps. This is ob-
tained by addirg the variable I to Vars. The valuatin
of {Sa,I:emp(l,Sz,Sk,Sa),in(I)} yieldsthe setS =
{{(Sa,I) Sa is the salary of employee I in the team}.
Then,the sumfunction is appliedon the multisetof thefirst
compmnentsSa of thetuples(Sa, I) in S (seeSection2.2).

Seating  We have to generatea sitting arrargementfor
a numter of guests,with m tablesandn chairsper table.



Guestsvholike eachothershouldsit atthesametable;guests
who dislike eachothershouldnot sit at the sametable.
Suppae that the numter of chairsper table is specified

by nChairs(X) andthatperson(P) andtable(T') represent
theguestsaandtheavailabletables respectiely. Then wecan
geneatea seatingarrargemen by thefollowing program:

% GuessvhetherpersonP sitsattableT or not.

at(P,T) V not_at(P,T):—person(P),table(T).

% The persors sitting at atablecanna exceedthe chairs.

:—table(T),nChairs(C),not #count{P : at(P,T)} < C.

% A personis seatecht preciselyonetable;equivalent

%to :—person(P),at(P,T),at(P,U),T <> U.

:—person(P),not #count{T : at(P,T)} = 1.

% Peoplewho like eachothershouldsit atthe sametable...

:—like(P1, P2),at(P1,T),not at(P2,T).

% ...while peoge who dislike eachothershouldnot.

:—dislike(P1, P2),at(P1,T),at(P2,T).

4 Computational Complexity of DL P4

As for the classicalnonmanotoric formalisms [Marek and
Truszczyski, 1991], two important decisionprodems, cor-
respouling to two differentreasonii tasks arisein DL P:

(Brave Reasoning) Given a DLPA progam P and a
growndliteral L, is L truein someanswersetof P?

(Cautious Reasoning)Givena DLP# programP anda
growndliteral L, is L truein all answersetsof P?

The following theorens repat on the conplexity of the
abore reasoimg tasksfor propositional(i.e., variablefree)
DLPA pragramsthat respectthe syntacticrestrictionsim-
posedin Section2 (safetyandaggrejate-stratificatia). Im-
portarily, it turnsoutthatreasoing in DL P doesnot bring
anincreasdn compuationalcompleity, which remainsex-
actly the sameas for standardDLP. (See[Dell’Armi et al.,
2009 for theprods.)

Theorem5 BraveReasonig on grourd DLP# programsis
v¥-complete

Theorem6 CautiousReasonigongroundDL P4 programs
is IT¥-compete

5 Implementation Issues

The implementationof DL P4 requited changs to all mod-
ulesof DLV. Apartfrom apreliminary standaréationphase,
mostof the effort concenatratedon the Intelligert Grourding
andModel Generatomodules.

Standardization. After parsing eachaggrejate A is trans-
formed suchthat both guads are presentand both <; and
<9 aresetto <. The conjunction Conj of the symtolic
setof A is replacedby a single,new atom Aux anda rule
Auzx:—Conj is addedo the program(theargumentsof Auz
beingthedistinctvariadles of Conj).

Instantiation. The goal of the instantiatoris to geneate
a ground proglam which haspreciselythe sameanswersets
asthe theoreticalinstantiationGround(P), but is sensibly
smaller Theinstantiationproceed bottomup following the
depewnenciesnducal by therules,and,in particular respect-
ing the orderingimposedby the aggegatestratification.Let
“H:—B,aggr.” bearule, where H is the headof therule,
B is the conjurction of the standardbody literals, andaggr

is an aggegate literal over a symbdic set {Vars : Aux}.
First we compue an instantiationB for the literals in B;
this bindsthe global variades appeaing in Auz. The (par
tially bound) atom Auz is then matchedaganst its exten
sion(sincethe bottam-upinstantiatiorrespectshe stratifica-
tion, the extensionof Auz is alreadyavailable), all match-
ing facts are computed, and a set of pairs {(61(Vars) :
61 (Auz)),...{0n(Vars) : 0,(Auz))} is generted, where
9, is a substitutionfor the local variables in Auz such
that 0;(Auz) is an admissibleinstanceof Auz (recall that
DLV’s instantiatomproducesonly thoseinstanceof a pred-
catewhich canpoterially becone true [Faberet al., 199%,;
Leoneetal., 2001])°. Also, we only storethoseelemets of
the symbolicsetwhosetruth valuecanna be determired yet
andprocesgheothes dynanically, (patially) evaluatingthe
aggregatealreadyduting instantiation. The sameprocessis
thenrepeatedor all furtherinstantiationf theliteralsin B.

Example 7 Considerthefollowing rule r:
p(X):—q(X),1 < #count{Y : a(X,Y),not b(Y)}.
Thestandadizationrewritesr to:
p(X):—q(X),2 < #count{Y : auz(X,Y)} < oc.
auz(X,Y):—a(X,Y),not b(Y).

Suppae that the instantiationof the rule for auz gene-
ates3 potertially truefactsfor aux: aux(,a), aux(1b), and
aux(2c). If the potentiallytruefactsfor ¢ areq(1) andg(2),
thefollowing groundinstancesregeneated®
p(1):—q(1), 2<#count{{a:auz(1,a)), {b:auz(1,b))} <oco.
p(2):—q(2),2 < #count{{c: auzx(2,¢))} < co.

Duplicate SetsRecoqition. To optimizethe evaluation,
we have designedhashingechriquewhichrecogiizesmul-
tiple occurencesf the samesetin the progam,evenin dif-
ferentrules,andstoresthemonly once. This sssesmemoy
(setsmay be very large), andalsoimplies a significantper
formancegain,especiallyin themocel geneationwheresets
arefrequently manipuatedduringthe backtraking process.

Example 8 Considetthefollowing two constraints:
c1: — 10 < #max{V : d(V, X)}.
co: — #min{Y : d(Y, Z)} <5.
Our techniaie recoqizesthat the two setsare equal,and
geneatesonly oneinstancewhichis shareddy ¢; ande,.
Now assumethat both constraintsadditicnally containa
standarditeral p(X). In thiscase¢; ande, haven instances
each,wheren is the nunber of factsfor p(X). By means
of ourtechniqe, eachpair of instance®f ¢, ande, sharesa
comman set,redwcingthenumberof instantiatedsetsby half.

Model Generation. We have desigred an extersion of
the DeterministicConseqenceperaor of the DLV system
[Faberet al., 199%] for DLPA progams. The new opea-
tor makes both forward and backward infererceson agge-
gate atoms,resultingin an effective prunirg of the search
space. We have thenextenced the Dowling and Gallier al-
gorithm [Dowling andGallier, 1984] to compue afixpoint of

5A grourd atom A canpotentiallybecone true only if we have
generatec groundinstancewith A in thehead

5Notethatagrourd setcontainsonly thoseauz atomswhich are
potentiallytrue.



this operato in linear time usinga multi-linked datastruc-
ture of pointers. Given a ground setT, say {(t},...,t} :
Auzly, ..., 7, ..., ™ : Auz™), this structureallows us to
accessT in O(1) wheneer some Auz? changs its truth
value (supprting fast forward propagatior); on the other
hand it provides dired accessrom T to eachAux? atom
(supprting fastbackward propagation).

6 Experimentsand Benchmarks

To assesshe usefulnes®f the proposedDL P extensia and
evaluateits implementation,we comgare the following two
method for solvinga given problem
e DLVA. Encaletheprodemin DL P4 andsolweit by using
our extensionof DLV with aggegates.
e DLV. Encaletheproblemin standardL P andsolveit by
usingstandad DLV.

To geneate DL P encodngs from DLP# encodngs, suit-
ablelogic definitiors of theaggegatefunctionsareemployed
(whicharerecursvefor #count, #sum, and#times).

We compae thesemethod on two bendimarkprodems:

Time Tabling is a classicalplannirg problem. In partic-
ular, we considerthe probdem of plannirg the timetableof
lectureswhich somegrowps of studentshave to take. We
considera nunber of real-world instancesat our University,
whereinstancek dealswith k& groyps.

Seatingis the prodem describedn Section3. We con-
sider4 (for smallinstancespr 5 (for largerinstancesyeats
pertable,with increasinqiumkersof tablesandpersongwith
numPersons = numSeats x numTables). For eachprob
lemsize(i.e., seats/tablesonfiguratior), we consicr classes
with differentnumkbersof lik e resp.dislike constraintsywhere
the perentagesarerelative to the maximum numker of like
resp.dislike constraims suchthat the problem is not over-
constraied’. In particlar, we consigrthefollowing classes:
-) nolike/dislike corstraintsat all; -) 25% like constraints;
-) 25% like and 25% dislike constraits; -) 50% like con-
straints; -) 50% like and50% dislike corstraints. For each
prodem size, we have randonly generatd 10 instancedor
eachclassabove.

For Seatingwe usethe DLP4 encaling repatedin Sec-
tion 3; all encodilgs and bentmark data are also avail-
able on the web at http://  www.dlvsys tem.com/

examples/ ijcai03.zi p.
Numberof ExecutionTime | InstantiationSize
Groups DLV DLVA DLV DLVA
1 10.95 0.55 91217 6972
2 36.79 2.05| 17853 13986
3 79.84 468 | 26498 20888
4 14753 7.86 | 36704 29029
5 22446  12.30| 43654 36043
6 32185 17.18 | 51899 42767
7 43794  25.36| 60636 49993
8 61823 37.78| 76141 61916
9 - 57.00 - 74027

Figurel: ExperimentalResultsfor Timetabling

"Beyond thesemaximathereis trivially no solution.

Numberof ExecutionTime InstantiationSize
Persons DLV  DLVA DLV DLVA
8 0.010 0.010 320 101
12 0.034 0.010 996 248
16 26.872 0.011 2272 490
25 - 0.024 6643 1346
50 - 0.307 5000 7559
75 - 1.883| 16542 22084
100 - 7.082| 3878% 47946
125 - 64.293| 7527® 8878L
150 - 152.4%) | 129497 14756/

Figure2: ExperimentalResultsfor Seating

WeranthebenctimarksonAMD Athlon 1.2machireswith
512MB of memoy, usingFreeBSD4.7 andGCC 2.%. We
have allowed a maximum running time of 1800 second per
instanceand a maximun memoy usageof 256 MB. Cumu-
latedresultsareprovidedin Figures 1 and?2. In particulay for
Timetablirg we repot the execuion time andthe size of the
residualgrourd instantiation(the total numker of atomsoc-
curring in theinstantiationwheremultiple occurenceof the
sameatomarecownted)® For Seating the executiontime is
theaveragerumingtime over theinstance®f the samesize.
A “-" symbd in the tablesindicatesthat the correspnding
instancg(someof theinstance®f thatsize,for Seatingwas
not solvedwithin theallowedtime andmemay limits.

On both prodems, DLV clearly outpeforms DLV. On
Timetablirg, the exeaution time of DLV “ is one order of
magntude lower thanthatof DLV onall prodem instances,
andDLV couldnotsolvethelastinstancesvithin theallowed
memoy andtime limits. On Seatingthe differencebecanes
even moresignificant. DLV could solve only the instances
of small size (up to 16 persons- 4 tables,4 seats);while
DLV couldsolve significantlylarger instancesn areason
abletime. Theinformationabou the instantiationsizespro-
vides an explaration for sucha big differencebetweenthe
execttion timesof DLV andDLV . Tharks to the agge-
gates,the DLPA encodims of Timetablingand Seatingare
moresuccinctthanthe correspading encodngsin standad
DLP; this succinctessis alsoreflectedn the ground instan-
tiationsof the progams. Sincethe evaluation algoithmsare
thenexponential(in the worstcase)in the size of theinstan-
tiation, the execution times of DLV turn out to be much
shorterthantheexecuion timesof DLV.

7 RelatedWorks

Aggregate functions in logic progamming languaes ap-
pearedalreadyin the 80s, whentheir needemepged in de-
ductive datalasedike LDL [Chimentietal., 1990 andwere
studiedin detail, cf. [Rossand Sagi, 1997; KempandRa-
mamolanarag 1999. However, the first implementationin
Answer Set Progamming basedon the Smodelssystem,is
recent{Simonsetal., 20(2].

Comparilg DL P4 to thelangua@ of Smodls,we obsere
a strongsimilarity betweencardindity corstraintsthereand
#count. Also #sum andweight corstraintsin Smockls are

8Note thatalsoatomsoccurringin the setsof the aggrejatesare
countedfor theinstantiatiorsize.



similarin spirit. Indeed the DLP4 encalingsof both Team
BuildingandSeatingcanbeeasilytranslatedo Smodés’ lan-
guag. However, thereare somerelevant differences. For
instance,in DLPA aggegate atomscan be negated, while
cardirality andweight constraintiteralsin Smodelscanna.
Smodelspn the otherhand,allows for weight corstraintsin
the headsof rules, while DLP# aggrejatescanna occu in
heads(Thepresencef weightconstraintsn headds apow-
erful KR featue; however, it causeghelossof someseman-
tic property of normondonic languags [Marek and Rem-
mel,2007.) Obsene alsothatDL P aggrgjatedike #min,
#max, and #times do not have a countepartin Smodels.
Moreover, DLPA providesa gereral framework wherefur-
theraggegatescanbe easilyacconmodatede.g, #any and
#avg are alreadyunderdevelopment) Furthernore, note
that symbdic setsof DLPA directly representpure (math
ematical)sets,and can also represeh multisetsrather nat-
urally (seethe discussionon TeamBuilding in Section3).
Smodelsweight constraintsjnstead work on multisets,and
additioral rulesareneeedto encoe puresets;for instance,
Conditionp, of TeamBuilding canrot be encaled directly
in a constraintput needghe definition of anextra prediate.
A positive aspecbf Smodés is that, thanksto strictersafety
condtions (all variabes areto berestrictedoy doman pred-
icatey, it is ableto dealwith recursionthrough aggegates,
whichis forbiddenin DLPA. Finally, notethatDL P4 deals
with setsof terms,while Smodelsdealswith setsof atoms.
As far asthe implementationis concened, also Smodelsis
endaved with adwarced pruning opeatorsfor weigtt con-
straintswhich areefficiently implemered; we arenotaware,
thoudh, of techniqeesfor theautomaticrecogition of dugi-
catesetsin Smodels.

DL P4 alsoseemso beverysimilarto aspeciakaseof the
semantic$or aggregjatesdiscussedh [Gelford, 2004, which
we arecurrently investigaing.

Anothe interestingresearchine uses4-valuedlogicsand
apprximatingoperaorsto definethe semanticof aggegate
functions in logic-based languags [Denecler et al., 2001;
2002 Peloy, 20@]. Theseapprachesare foundedon very
solid theoeticalgrounds,andappearvery promising asthey
could provide a cleanformalizationof a very geneal frame-
work for arbitray aggreatesin logic programmirg andnon
mondonic reasoing, whereaggreate atomscanalso“pro-
duce”new values(currently, in both DL P4 andSmodés the
guard of the aggegatesneedto be bound to somevalue)
However, theseappoachessometimesamoun to a higher
computationalcomgexity [Pelov, 20@], andthereis noim-
plemenationavailablesofar.

8 Conclusion

We have proposedD L P4, anextersionof DL P by aggegate
functions,andhave implemerned DL P4 in the DLV system.
On the one hand we have demastratedthat the aggegate
functions increasethe knowledgemodelirg power of DLP,

suppeting a more natual and conciseknownledgerepresen
tation. On the other hand we have shovn that aggegate
functions do not increasethe comgexity of the main rea-
soningtasks.Moreover, theexpelimentshave confimedthat

the succinctessof the encalingsemploying aggegateshas
astrongpositive impacton theefficiengy of thecompuation.

Futurework will coneerntheintroductionof furtheragge-
gateoperatos, the relaxaion of the syntacticrestrictiors of
DL P4, andthedesignof furtheroptimization techniqesand
heuristicgo improve the efficiency of the compuation.

We thank the anorymaus reviewers for their thoudhtful
commatsandsuggstionsfor improvementof this paper
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