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.atAbstra
t. dlv is a knowledge representation system, based on disjun
-tive logi
 programming, whi
h o�ers front-ends to several advan
ed KRformalisms. This paper des
ribes new te
hniques for the 
omputation ofanswer sets of disjun
tive logi
 programs, that have been developed andimplemented in the dlv system. These te
hniques try to \push" the querygoals in the pro
ess of model generation (query goals are often presenteither expli
itly, like in planning and diagnosis, or impli
itly in the formof integrity 
onstraints). This way, a lot of useless models are dis
arded\a priori" and the 
omputation 
onverges rapidly toward the generationof the \right" answer set. A few preliminary ben
hmarks show dramati
eÆ
ien
y gains due to the new te
hniques.Keywords: Disjun
tive Logi
 Programming, Algorithms, Heuristi
s.1 Introdu
tiondlv is a knowledge representation system, based on disjun
tive logi
 program-ming (DLP) [13, 8℄, whi
h o�ers front-ends to several advan
ed KR formalisms[5, 4, 2℄. A strong point of dlv is its highly expressive language, whi
h allows torepresent very hard problems (even �P2 -hard problems) in an elegant and natu-ral fashion. An eÆ
ient support for su
h an expressive language requires the useof smart algorithms and optimization te
hniques, that are able to deal with hard
omputational tasks. This paper des
ribes new te
hniques for the 
omputationof Disjun
tive Logi
 Programs, that have been developed and implemented inthe dlv system.We start from the observation that the DLP en
oding of problems, and par-ti
ularly of AI problems, often 
ontains query goals. Frequently, these goals areexpli
it. In the DLP en
oding of planning problems [6, 11℄, for instan
e, we usu-ally look for a parti
ular answer set where a query goal, representing the desiredevolution of the system, is true. Similarly, in abdu
tive diagnosis we look foranswer sets where the observation (en
oded as a query goal) is true [2℄.Sometimes the query goals are impli
itly expressed by integrity 
onstraints[14, 12℄. Consider, for instan
e, the program Php in Figure 1, that we will use as? This work was supported by FWF (Austrian S
ien
e Funds) under the proje
tsP11580-MAT and Z29-INF.



(i) rea
hed(X) :- start(X).(ii) rea
hed(X) :- rea
hed(Y), inPath(Y,X).(iii) inPath(X,Y) _ outPath(X,Y) :- ar
(X,Y).(iv) :- inPath(X,Y), inPath(X,Y1), Y <> Y1.:- inPath(X,Y), inPath(X1,Y), X <> X1.(v) :- node(X), not rea
hed(X).Fig. 1. The Hamiltonian path program Phpas a running example throughout the paper. The program 
omputes the Hamil-tonian paths of a dire
ted graph starting at a given node. (Re
all that a Hamil-tonian path of a dire
ted graph is a path through that graph that rea
hes ea
hnode exa
tly on
e.) In our example, the graph is given by relations ar
(X;Y ) andnode(X) denoting its ar
s and nodes, respe
tively, plus a starting node start(X).Rule (iii) \guesses" a set S of ar
s of the graph. Constraints (iv) enfor
e apath property on S. Constraint (v) imposes that all nodes are rea
hed by S. Thelatter 
onstraint is like a query rea
hed(1); :::; rea
hed(n)?, where 1::n are thenodes of the input graph,1 asking to 
ompute an answer set in whi
h all theseatoms are true. 2The te
hniques proposed in this paper try to \push" query goals in the DLP
omputation driving it towards the generation of the desired answer sets. The
ontributions of the paper are the following:{ We de�ne a new truth value, 
alled must-be-true (mbt), for the partial inter-pretations we use during the 
omputation. Intuitively, the mbt truth valueis assigned to atoms that 
annot be derived from any program rule at the
urrent 
omputation step, but for sure must eventually be true in the answerset to be 
omputed (e.g., in the example above the atom rea
hed(k) is mbt,for ea
h node k of the graph). These atoms are not immediately taken astrue in order to guarantee the \supportedness" of the interpretation at hand(i.e., that every true atom is derivable from some program rule). Support-edness is an important pe
uliarity of the logi
 programming semanti
s, andensuring this property is a main di�eren
e between SAT 
he
kers and logi
programming systems.{ We provide a new fun
tion det 
ons(I) whi
h extends an interpretation Iat hand in a deterministi
 way, su
h that every answer set 
ontaining I also
ontains its extension 
omputed by det 
ons. This fun
tion \propagates"mbttruth values as mu
h as possible, performing also a sort of ba
kward 
hainingwhen it is possible in a deterministi
 way (e.g., unde�ned atoms a1; :::; anbe
ome mbt if b :- a1; :::; an is the only rule having the mbt b in the head).1 Queries are indeed translated into 
onstraints in dlv.2 Note that the starting node is not stri
tly required to be the end node of an ar
 ofthe Hamiltonian path in this en
oding.



{ Most importantly, we propose a new heuristi
 fun
tion, driving the 
ompu-tation a

ording with the 
riterion of \�nding support" for the mbt atoms(i.e., making them true through a program rule deriving them).{ We implement the above ideas in the dlv system, and report some resultsof experiments. Even if the results are preliminary, and further experimentshave to be done, these experimental results undoubtedly eviden
e the use-fulness of the proposed te
hniques, through a dramati
 performan
e gain onrelevant problems.It is worthwhile noting that the fun
tion det 
ons employs a disjun
tive ex-tension of Fitting's operator [7℄ and extends to the disjun
tive 
ase a numberof te
hniques already used in smodels [15℄ and XSB [1℄ for the 
omputation ofdisjun
tion-free logi
 programs. The main 
ontribution of the paper is the de�-nition and the experimentation of the heuristi
s based on the new notion of mbt;we are not aware of any similar heuristi
s for nonmonotoni
 systems.2 The Language of dlvAn atom is an expression of the form a(t1, : : : ,tf) where a is the predi
atename of the atom and ea
h ti (1 � i � f) is either a 
onstant or a variable. Aliteral is an expression of the form L or , not L, where , not is the negationas failure symbol, and L is an extended atom, i.e., either an atom A, or an atompre
eded by the strong negation symbol `�' (�A).A dlv program is a set of rules and 
onstraints. A rule r has the forma1 _ : : : _ am :- b1, : : : , bk, not bk+1, : : : , not bn where m � 1 and n � 0.The part to the left of :- is 
alled the head of the rule, the part to the rightis the body. We denote by H(r) resp. B(r) the set of literals o

urring in thehead resp. body of r; B+(r) (resp. B�(r)) denotes the subset of positive (resp.negative) literals in B(r) (for the rule above we have H(r) = fa1; : : : ; amg,B+(r) = fb1; : : : ; bkg, B�(r) = fnot bk+1; : : : ; not bng, and B(r) = B+(r) [B�(r)). A 
onstraint is a rule with an empty head (m = 0).Ground queries of the form b1, : : :, bk, not bk+1, : : : , not bn? areallowed and are translated to 
onstraints internally. For example, the query a,not b? will generate the two 
onstraints :- not a. and :- b.The semanti
s of a dlv program is given by its 
onsistent answer sets [8℄.It is worth noting that, in dlv 
omputations, integrity 
onstraints are simplytreated as rules always having a false head. Moreover, every strongly negatedatom �p(�t) is repla
ed by a new atom p0(�t), where p0 is a fresh predi
ate symbol.For any su
h new atom p0(�t), a 
onstraint :- p(�t); p0(�t) is added to the program.Thus, though the system takes as input programs written in extended disjun
tiveDLP, they are treated internally as \traditional" disjun
tive DLP programs.3 Deriving Deterministi
 Consequen
esIn this se
tion, we des
ribe the fun
tion det 
ons whi
h, given a ground programP and a (partial) interpretation I , derives 
ertain knowledge 
on
erning the



literals whi
h are not yet de
ided in I . In other words, det 
ons extends theinterpretation I in a deterministi
 way, su
h that every answer set 
ontaining Ialso 
ontains its extension 
omputed by det 
ons. This fun
tion is 
ru
ial forthe eÆ
ien
y of the system: the larger the interpretation it derives, the smallerthe remaining sear
h spa
e.During the 
omputation, we deal with four-valued interpretations, where we
onsider the following truth values: true (T), must-be-true (M or mbt), unde�ned(U), and false (F). Negation a
ts as follows on these truth values: not T = F ,not M = F , not U = U , and not F = T . We asso
iate the total orderingT > M > U > F to the truth values.An interpretation I for P is a total mapping from BP to fT;M;U; Fg. Wedenote by IT (resp. IM ; IU ; IF ) the set of atoms whose truth value a

ording toI is true (resp. must-be-true, unde�ned, false). Intuitively, the mbt truth value isassigned to atoms that 
annot be derived from any program rule at the 
urrent
omputation step, but must eventually be true in the answer set to be 
om-puted. These atoms are not immediately taken as true in order to guaranteethe \supportedness" of the interpretation at hand. This is a main pe
uliarityof answer sets w.r.t. ordinary models: Any atom p belonging to an answer setof P has a rule whi
h supports p. Formally, p is true w.r.t. a given answer setS if and only if there exists a rule r 2 P su
h that p 2 H(r), H(r) � fpg isfalse w.r.t. S, and B(r) is true w.r.t. S�fpg. Thus, enfor
ing supportedness isa prin
ipal di�eren
e between DLP systems and satis�ability solvers (like, e.g.,the Davis-Putnam pro
edure).Given an interpretation I for P , the fun
tion valI is de�ned as follows: Forany atom p 2 BP , valI(p) = I(p), and valI(not p) = not valI(p). A

ordingly,for a ground rule r 2 P , we de�ne valI(H(r)) (resp., valI(B(r))) as the maximum(minimum) value assigned by valI over the literals in H(r) (B(r)). If H(r) = ;,i.e., r is a 
onstraint, then valI(H(r)) = F . r is satis�ed w.r.t. I if the truthvalue of its head is not less than the truth value of its body, i.e. valI(H(r)) �valI(B(r)). Moreover, for every atom p, we de�ne support(p) as the set of rulesin ground(P) su
h that valI(H(r) � fpg) < M and valI(B(r)) > F , i.e., therules whi
h 
an be potentially used to derive the truth of p \starting" from theinterpretation I . jsupport(p)j denotes the 
ardinality of support(p).The pro
edure det 
ons is shown in Figure 2. Given an interpretation I forP , it extends I by what we 
all the deterministi
 
onsequen
es of I w.r.t. P .It 
an assign F , M or T to any unde�ned atom, but 
an only assign T to mbtatoms. det 
ons also dete
ts in
onsisten
ies, e.g. if some mbt atom should getthe value F .As long as det 
ons has modi�ed the interpretation I for the ground programP , the Boolean variable modified is true at the end of the repeat loop of Step2. If any in
onsisten
y is dete
ted, the pro
edure immediately aborts by meansof an exit instru
tion.Steps 4{12 fo
us on rules whi
h are not satis�ed (in the 4-valued sense de-s
ribed above). If the head of the rule is false and its body is either true or mbt,then the pro
edure exit returning 
ontradi
tion = true, be
ause there is no way



Pro
edure det 
ons(P: Program; var I: Interpretation; var 
ontradi
tion: Boolean)(* Computes the deterministi
 
onsequen
es for P w.r.t. I *)var modi�ed: Boolean;begin(1) 
ontradi
tion := false;(2) repeat(3) modified := false;(* Enfor
e satisfa
tion of all rules *)(4) for ea
h rule r 2 ground(P) not satis�ed w.r.t. I do(5) if valI(B(r)) �M and valI(H(r)) = F(6) 
ontradi
tion := true; exit pro
edure;(7) else if valI(B(r)) �Mand valI(H(r)� fpg) = F for a p 2 H(r) then(8) I(p) := valI(B(r)); modified := true;(9) if valI(H(r)) = F and valI(B(r)� fLg) �Mfor some unde�ned literal L 2 B(r) then(10) modified := true;(11) if L is a positive literal p then I(p) := F ;(12) else (* L is a negative literal not p *) I(p) :=M ;end for;(* Ensure supportedness *)(13) if jsupport(p)j = 0 and I(p) �M for some atom p then(14) 
ontradi
tion := true; exit pro
edure;(15) for ea
h atom p s.t. I(p) = U and jsupport(p)j = 0 do(16) I(p) := F ;(17) for ea
h atom p s.t. I(p) �M and jsupport(p)j = 1 doLet r be the (unique) rule in support(p);(18) for ea
h unde�ned atom q 2 (H(r)� fpg) do(19) I(q) := F ; modified := true;(20) for ea
h unde�ned positive literal q 2 B(r) do(21) I(q) :=M ; modified := true;(22) for ea
h unde�ned negative literal not q 2 B(r) do(23) I(q) := F ; modified := true;end for;(24) until not modi�edend pro
edureFig. 2. Fun
tion for 
omputing the deterministi
 
onsequen
esto satisfy r (re
all that true and false atoms 
annot be 
hanged and mbt 
anevolve only into true). Steps 7{12 enfor
e the satisfa
tion of a rule r 2 P if this
an be done deterministi
ally, i.e., by 
hanging the value of exa
tly one literalo

urring in r. Consider Steps 7{8: If the truth value of B(r) a

ording to I is X ,where X is at leastM , i.e., mbt or true, and every atom in the head of r is false,ex
ept for one atom p, we 
an draw a deterministi
 
onsequen
e. We enfor
e thesatisfa
tion of r by in
rementing the truth value of p up to the value of B(r).



For instan
e, if p is either unde�ned or mbt w.r.t. I and valI(B(r)) = T , then Iis modi�ed by assigning the value T to p, denoted by I(p) := T in the algorithm.Note that this is the only step whi
h 
an assign the value true to an atom, thatis, det 
ons assigns the value true to an atom p only if p is \supported".Now, 
onsider Steps 9{12: If the head of r is false, but its body is at leastmbt, ex
ept for one unde�ned literal L, then L should get the truth value falsein order to satisfy r. Note that, if L is a negative literal not p, this is a

om-plished by setting I(p) :=M . Indeed, de
laring p true would not guarantee the\supportedness" of this atom.Steps 13{23 draw deterministi
 
on
lusions following the \supportedness"prin
iple; they are a main novelty of our approa
h. In parti
ular, if a true ormbt atom has no supporting rule a

ording to the interpretation I , then we geta 
ontradi
tion (Step 14), while an unde�ned atom without any supporting rule
an be de
lared false (Steps 15{16).If a true or mbt atom p has only one supporting rule r, i.e., support(p) = frg,then r must be able to derive the truth of p. Thus, we enfor
e that p is derivablefrom r assigning suitable truth values to every unde�ned literal o

urring in r(see Steps 18{23). This is a sort of ba
kward propagation step: From the truthof the head we derive that all body literals must be true.Example 1. Consider the program from Figure 1 applied to (the en
oding of)the graph of Figure 3 starting with the \empty" interpretation I , where IT =IM = IF = ; and IU = BP .By rule (i), rea
hed(a) is immediately derived (by steps 4{8). The 
onstraint(v) essentially serves as a query that assures that all nodes are indeed rea
hed.As node(X) is true for all nodes, rea
hed(X) is derived as mbt by means of Steps9{12, for ea
h X 2 fa; b; 
; d; eg.The mbt atom rea
hed(b) is only derivable by a single ground instan
e3 ofrule (ii), namely rea
hed(b) :- rea
hed(a), inPath(a,b).At this point, theba
kward propagation step des
ribed above 
omes into play and sets inPath(a,b)to mbt (lines 17{21). Then, support(outPath(a,b)) be
omes empty, sin
e theonly rule with outPath(a,b) in the head 
ontains also the mbt inPath(a,b).Thus, outPath(a,b) is derived as false (lines 15{16). In turn, this 
auses Steps4{8 to derive inPath(a,b) as true. Now we easily derive rea
hed(b) as truefrom (ii).Also inPath(
,d) and outPath(
,d) are derived as true and false, respe
-tively, in analogy to inPath(a,b) and outPath(a,b).Ea
h node in a Hamiltonian path has exa
tly one outgoing ar
, and indeedSteps 9{12 derive inPath(a,
) and inPath(a,e) as false, whi
h then leads tooutPath(a,
) and outPath(a,e) to be set to true.Now we derive inPath(b,
) and inPath(d,e) as true in the same way wederived inPath(a,b) above, and eventually are able to obtain rea
hed(
),rea
hed(d), and rea
hed(e). That is, starting from an \empty" interpreta-3 Note that the instantiation pro
edure of dlv generates only ground rules that are
onstru
tible from the fa
ts in the input ([4℄).



tion, a single invo
ation of det 
ons has deterministi
ally and eÆ
iently foundthe Hamiltonian path for this graph.
a c e

b

dFig. 3. Example graph 1Re
all that a total model S for P is an interpretation satisfying the followingproperties: (i) every rule of P is satis�ed w.r.t. S, and (ii) SM [ SU = ;, i.e.,every atom is either true or false w.r.t. S.The partial order � on the four truth values is de�ned through the followingrelationships: U � F , U � M , U � T , and M � T ; moreover, X � X for anyX 2 fF;U;M; Tg. We say that an interpretation I 0 extends an interpretation I if,for ea
h atom p, I(p) � I 0(p). Intuitively, I 0 represents more 
on
rete knowledgethan I does.The 
orre
tness of our algorithm relies on the following property of det 
ons.Theorem 1. Let P and I be the program and the interpretation, resp., given asinputs to det 
ons, and denote by I 0 and 
ontradi
tion0 the value of the variablesI and 
ontradi
tion, resp., at the end of the pro
edure. Then,1. I 0 extends I;2. every answer set S for P whi
h extends I, extends I 0 as well;3. if 
ontradi
tion0 holds, then no answer set S0 for P extends I.It is worthwhile noting that det 
ons has been implemented very 
arefullyin our system. By using sophisti
ated data stru
tures for representing rules andinterpretations, it runs in linear time, i.e., in time O(k P k + k I k), where k � kdenotes the size of an obje
t.4 Overall Model Generation AlgorithmIn this se
tion we brie
y review the model generation algorithm (Model Gener-ator) of the dlv system, in order to show how the new notion of mbt and thenew fun
tion det 
ons are employed.The Model Generator (MG) produ
es a set of interpretations that are \
an-didates" for answer sets, whi
h are then submitted to the Model Che
ker forveri�
ation. The Model Generator essentially relies on a ba
ktra
king te
hniquewhi
h spans the sear
h spa
e for 
omputing all answer sets.Basi
ally, the MG works as follows: (1) Derive what is deterministi
ally deriv-able from the program, (2) make an \edu
ated" guess for one of those literals



whi
h have not been de
ided yet, and (3) propagate the 
onsequen
es of this
hoi
e. This pro
ess is re
ursively applied until either a 
ontradi
tion arises, orno further guess 
an be made. In the former 
ase, MG ba
ktra
ks and modi-�es the last 
hoi
e; in the latter 
ase, we have an answer set 
andidate and theModel Che
ker is 
alled. If the 
andidate is not an answer set, ba
ktra
king isperformed.To formalize what we have 
alled \edu
ated guess" before, we introdu
e the
on
ept of a possibly-true (PT) literal:De�nition 1. Let I be an interpretation for P .A positive PT literal of P w.r.t. I is a positive literal p su
h that U � I(p) �M and there exists a rule r 2 ground(P) for whi
h all of the following 
onditionshold:1. p 2 H(r);2. valI(H(r)) < T (i.e., the head is not true w.r.t. I);3. valI(B(r)) = T (i.e., the body is true w.r.t. I).A negative PT literal of P w.r.t. I is an unde�ned negative literal not q su
hthat there exists a rule r 2 ground(P) for whi
h all of the following 
onditionshold:1. not q 2 B�(r);2. valI(H(r)) < T (i.e., the head is not true w.r.t. I);3. valI(B+(r)) = T (i.e., the body is true w.r.t. I).4. valI(B�(r)) � U (i.e., no negative literal of the body is false w.r.t. I).The set of all (positive and negative) PT literals of P w.r.t. I is denoted byPTP(I).Example 2. Consider the program P = fa _ b :- 
; not d: e :- 
; not f:g andlet I = f
; not dg be an interpretation for P . Then, we have three PT literals ofP w.r.t. I : a, b and not f .The a
tual algorithm for 
omputing answer sets is shown in Figure 4. There,isAnswerSet is a fun
tion whi
h returns true i� IT is an answer set for P . It isworth noting that the essen
e of the MG, based on the notion of PT, has notsigni�
antly 
hanged w.r.t. previous versions; the reader is referred to [10, 3, 4℄for further details on the other features.5 Heuristi
sIn this se
tion we fo
us on the question how to sele
t PT literals in line (6) ofComputeAnswerSets in Figure 4, su
h that the likelihood of �nding an answerset is maximized.To this end we employ so-
alled \lookahead", that is, we temporarily assumethe truth of one PT literal at a time 4 and perform the deterministi
 derivations,4 For a negative literal this means assigning false to its atom.



Algorithm ComputeAnswerSetsInput: A ground DLP program P.Output: The answer sets of P (if any).Pro
edure ComputeAnswerSets(I: Interpretation)(* The pro
edure outputs all answer sets of P *)var Q: SetOfLiterals; L: Literal;(1) det 
ons(P; I,
ontradi
tion);(2) if 
ontradi
tion then exit pro
edure;(3) if (PTP(I) = ;) then (* IT [ IM is a model of P *)(4) if (IM = ;) and isAnswerSet(P, IT ) then(5) output IT ; (* IT is an answer set *)else(6) Take a literal L from PTP(I);(* Assume the truth of a PT literal *)(7) if L is a negative literal not p then(8) I(p) := F ;else (* L is a positive literal *)(9) I(L) := T ;(10) ComputeAnswerSets(I);(* At this point all answer sets 
ontaining I [ fLg have been generated *)(* L must be false in following 
omputations *)(11) if L is a negative literal not p then(12) I(p) :=M ;else(13) I(L) = F ;(14) ComputeAnswerSets(I);end pro
edurevar I: Interpretation;begin (* Main *)IT := ;; IF := ;; IM := ;; IU := BP ;ComputeAnswerSets(I);end. Fig. 4. Algorithm for the Computation of Answer Setsi.e. we apply the det 
ons fun
tion. On the basis of the 
hanges whi
h have beenderived during this lookahead, we then make the de
ision whi
h PT literal shouldbe taken. (Note that the smodels system [15, 16℄ also employs lookahead, but theyuse a 
ompletely di�erent heuristi
s.)De�nition 2. A mbt atom p is said to be of level n (w.r.t. an interpretation I),if jsupport(p)j = n (w.r.t. I).During the lookahead we re
ord the following 
ounters for ea
h PT literal p:mbt�(p) The overall number of eliminated mbt atoms (mbt whi
h be
ame true).



mbt+(p) The overall number of inserted mbt atoms (unde�ned whi
h be
amembt).mbt�2 (p) The number of eliminated mbt atoms of level 2.mbt+2 (p) The number of inserted mbt atoms of level 2.mbt�3 (p) The number of eliminated mbt atoms of level 3.mbt+3 (p) The number of inserted mbt atoms of level 3.The respe
tive level is w.r.t. the interpretation at the moment the mbt atomis assigned true.In addition, we de�ne some di�eren
e fun
tions:�mbt(p) = mbt�(p)�mbt+(p)�mbt2(p) = mbt�2 (p)�mbt+2 (p)�mbt3(p) = mbt�3 (p)�mbt+3 (p)Con
erning heuristi
s itself, we have de�ned a heuristi
 relation over the setof PT literals as follows:De�nition 3. Given two PT literals a and b, we de�ne an ordering relation >as follows:If (mbt�(a) = 0 ^mbt�(b) > 0) _ (mbt�(a) > 0 ^mbt�(b) = 0) thena > b, mbt�(a) > mbt�(b)otherwisea > b holds if one of the following 
onditions applies:1: �mbt(a) > �mbt(b)2: �mbt2(a) > �mbt2(b) ^�mbt(a) = �mbt(b)3: �mbt3(a) > �mbt3(b) ^�mbt(a) = �mbt(b) ^�mbt2(a) = �mbt2(b)Further, let a = b be true if a 6> b ^ b 6> a.In other words, if exa
tly one of mbt�(a) and mbt�(b) is zero, we preferthe PT literal for whi
h mbt� is non-zero. Otherwise (i.e., both mbt�(a) andmbt�(b) are zero or both are non-zero), we prefer the one for whi
h the overallnumber of mbt atoms be
omes smaller. If this number is equal, we prefer the onefor whi
h the overall number of mbt atoms of level 2 be
omes smaller. If alsothis number is equal, we use the number of mbt atoms of level 3. Otherwise, we
onsider them to be equal.The reasoning behind this relation is that the total number of mbt atoms 
anbe viewed as 
onstraints whi
h are not yet satis�ed but eventually have to befor any answer set. So the fewer mbt atoms there are, the smaller is the distan
eto an answer set. Additionally, mbt atoms of level 2 and 3 are the ones whi
h arethe \hardest" to be
ome satis�ed (observe that mbt atoms of level 1 are alwaysderived by det 
ons).The purpose of the test whether exa
tly one of mbt�(a) or mbt�(b) is zero isthat in this 
ase we want to avoid preferring a PT literal, whi
h only introdu
esnew mbt atoms but does not eliminate any, over one whi
h eliminates some butintrodu
es more (the former is like a \null a
tion").The guessing step in the Model Generator (line (6) in ComputeAnswerSetsin Figure 4) takes a PT literal whi
h is a maximum w.r.t. �.



Example 3. Consider again the program for 
omputing Hamiltonian paths shownin Figure 1, now together with the en
oding of the graph depi
ted in Figure 5plus start(a).
a c e

b

dFig. 5. Example graph 2By the �rst 
all to det 
ons, only rea
hed(a) is set to true, while rea
hed(b),rea
hed(
), rea
hed(d), and rea
hed(e) are assignedmbt be
ause of the sin-gle literal 
onstraints obtained by (v) (see Appendix A).The 
hoi
e rule (iii) is instantiated with the ar
s (see Appendix A); theserules supply the PT literals (all of whi
h are positive).Note that the rules whi
h de�ne the predi
ate rea
hed are instantiated in away su
h that rea
hed(n) o

urs in the head of exa
tly two rules for ea
h noden (apart from a). This is be
ause ea
h of these nodes has exa
tly two in
omingar
s.Ea
h of the rea
hed(n) (n = fb; : : : ; eg) needs support, but it is not yetknown whi
h of the two rules will supply it eventually.To evaluate the heuristi
 relation, we perform a lookahead: for ea
h PT L, weassume L true, 
ompute its deterministi
 
onsequen
es (by a 
all to det 
ons),and store the values of the respe
tive mbt 
ounters.Let us �rst 
onsider the PT literal inPath(a,b): Upon assuming it true, weimmediately derive rea
hed(b) as true, and thus eliminate a mbt atom of level 2(sin
e it o

urs in the head of two unsatis�ed rules). By statements (9) { (11) indet 
ons we derive falsity for inPath(a,
), inPath(a,d), inPath(a,e), andinPath(d,b), re
e
ting the fa
t that no two ar
s in the Hamiltonian path maybegin in the same node or end in the same node (
onstraints (iv) in Figure 1).
a c e

b

d a c e

b

d a c e

b

dFig. 6. Steps during lookahead for inPath(a,b)After that, for ea
h of rea
hed(
), rea
hed(d), rea
hed(e) only onesupporting rule is left, so we 
an infer that the yet unde�ned positive body literalsof these rules (inPath(b,
), inPath(
,d), inPath(d,e)) are mbt. Moreover,



sin
e ea
h of them o

urs in the head of exa
tly one rule and the body of thisrule is true, we infer them as true immediately afterwards and eventually we alsoinfer rea
hed(
), rea
hed(d), and rea
hed(e) as true. These steps are visu-alized in Figure 6, where bold ar
s are in the Hamiltonian path, while dashedar
s are not.In total, the deterministi
 derivation has generated 3 new mbt atoms (all ofwhi
h have subsequently been derived as true) and eliminated 7 mbt atoms, oneof whi
h was of level 2.All PT literals and their 
orresponding heuristi
-relevant fun
tion values,ordered by �, are shown in Table 1. Those whi
h are not listed (inPath(a,
),inPath(a,d), outPath(b,
), outPath(
,d)) generate an in
onsisten
y duringpropagation. PT literal mbt� mbt+ mbt�2 mbt+2 mbt�3 mbt+3inPath(a,b) 7 3 1 0 0 0outPath(a,e) 8 4 0 0 0 0outPath(d,b) 8 4 0 0 0 0inPath(d,e) 7 3 0 0 0 0inPath(a,e) 4 3 1 0 0 0outPath(a,b) 5 4 0 0 0 0inPath(d,b) 4 3 0 0 0 0outPath(a,b) 5 4 0 0 0 0outPath(a,
) 1 1 0 0 0 0outPath(a,d) 1 1 0 0 0 0inPath(b,
) 0 0 0 0 0 0inPath(
,d) 0 0 0 0 0 0Table 1. PT literals and their values, ordered by �Thus, following the heuristi
s, the PT inPath(a,b) is 
hosen by our 
ompu-tation. Then, the propagation of it, done by det 
ons, immediately leads to the
omputation of the Hamiltonian path. Thanks to the heuristi
s only one 
hoi
ewas suÆ
ient!Note that performing lookahead has an additional merit: If an in
onsisten
yis dete
ted during the propagation of the PT literal, we 
an then set it to falseand apply det 
ons, thus pruning the sear
h tree quite a bit.6 Some Experimental ResultsWe have 
ondu
ted a number of experiments, in order to show the usefulness ofthe various te
hniques introdu
ed in this paper. To this end we have 
omparedseveral versions of dlv:The �rst one is the release of February 10th, 1999. It 
ontains only a smallpart of det 
ons, notably without the notion of mbt atoms and also without thepart ensuring supportedness. Also heuristi
s are not in
luded.The se
ond one is the release of April 6th, 1999. This one 
ontains the fullyimplemented �rst part of det 
ons, i.e. statements (4) { (12). The part ensuring



supportedness is missing (as in the previous version), and also heuristi
s are notyet in
luded.The third version is the release of May 28th, 1999. It 
ontains the full imple-mentation of det 
ons, but heuristi
s are not in
luded.Finally, the fourth version is the previous one, enri
hed by heuristi
s. Thepubli
 release of this version is dated June 8th, 1999.We have ben
hmarked a set of blo
ksworld instan
es, most of whi
h are takenfrom [6℄ (ex
ept for P5). We use an en
oding of the problem domain whi
h isdi�erent from the one in [6℄, but whi
h is also derived from an en
oding inan a
tion language. You 
an �nd the domain en
oding and the instan
es inAppendix B.
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Sin
e we 
hose the Hamiltonian path problem as a running example, we havealso pi
ked a random graph with 25 nodes and 60 ar
s5 and run the program ofFigure 1 and an arbitrarily pi
ked starting node (node 0) with it.Version 1 
ould not �nd a Hamiltonian path within 1000 se
onds, while ver-sion 2 found one in 716 se
onds, and version 3 took 750 se
onds. With heuristi
senabled, dlv was able to �nd a path in 12.7 se
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).:- inPath(a,b), inPath(a,d).:- inPath(a,b), inPath(a,e).:- inPath(a,
), inPath(a,b).:- inPath(a,
), inPath(a,d).:- inPath(a,
), inPath(a,e).:- inPath(a,d), inPath(a,b).:- inPath(a,d), inPath(a,
).:- inPath(a,d), inPath(a,e).:- inPath(d,b), inPath(d,e).:- inPath(d,e), inPath(d,b).
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inPath(a,b) _ outPath(a,b).inPath(a,
) _ outPath(a,
).inPath(a,d) _ outPath(a,d).inPath(a,e) _ outPath(a,e).inPath(b,
) _ outPath(b,
).inPath(
,d) _ outPath(
,d).inPath(d,b) _ outPath(d,b).inPath(d,e) _ outPath(d,e).
rea
hed(b) :- rea
hed(a), inPath(a,b).rea
hed(b) :- rea
hed(d), inPath(d,b).rea
hed(
) :- rea
hed(a), inPath(a,
).rea
hed(
) :- rea
hed(b), inPath(b,
).rea
hed(d) :- rea
hed(
), inPath(
,d).rea
hed(d) :- rea
hed(a), inPath(a,d).rea
hed(e) :- rea
hed(d), inPath(d,e).rea
hed(e) :- rea
hed(a), inPath(a,e).B The Blo
ksworld Domain and Instan
es% spe
i�
ation of the move a
tionmove(B,L,T) v -move(B,L,T) :- blo
k(B), lo
ation(L), a
tiontime(T), B <> L.% the e�e
ts of moving a blo
kon(B,L,T1) :- move(B,L,T), #su

(T,T1).-on(B,L,T1) :- move(B, ,T), on(B,L,T), #su

(T,T1).% move pre
onditions% a blo
k 
an be moved only when it's 
lear:- move(B,L,T), on(B1,B,T).% if a blo
k is moved onto another blo
k, the latter must be 
lear:- move(B,B1,T), on(B2,B1,T), blo
k(B1).% 
on
urrent a
tions are not allowed:- move(B, ,T), move(B1, ,T), B <> B1.:- move( ,L,T), move( ,L1,T), L <> L1.% inertiaon(B,L,T1) :- on(B,L,T), not -on(B,L,T1), #su

(T,T1).% time at whi
h a
tions 
an be initiateda
tiontime(T) :- T < #maxint, #int(T).% lo
ation de�nition (blo
ks are de�ned in the problem instan
es)true.lo
ation(t) :- true.lo
ation(B) :- blo
k(B).
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