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Abstract. Non-Boolean variables are important primitives in logical modeling.
For instance, in Answer Set Programming (ASP), they are used as fpdéaers
for constants and more complex ground terms. This is essential fqyaxirand
uniform encodings used in ASP although variables are removed in adjray
phase preceding the search for answer sets. On the other hand, lieghiao
the Satisfiability Modulo Theories (SMT) framework, variables are redlas
constants that have a free interpretation over a specific domain sudkger&or
reals. The goal of this paper is to propose an approach to integratingithelges
employed in ASP and SMT so that non-Boolean variables of the kindsatzov
appear in the same program. The resulting formalism ASP(SMT) is adeeb
and extended by theory atoms from SMT dialects. We illustrate the use ofthe n
language and its advantages from the modeling perspective. More@/show
how existing off-the-shelf ASP and SMT technology can be used to impleme
grounding and search for answer sets for this class of programs.

1 Introduction

Non-Boolean variables are important primitives in logioaddeling and they are ex-
ploited in a number of paradigms such as answer set prognagnfASP) [9, 11], tradi-
tional constraint programming (CP) [15], and satisfiapiiitodulo theories (SMT) [14].
In ASP, variables are used as place holders for constantsnanel complex ground
terms which formalize the domain of interest. Hence, rukes loe written in a more
abstract way which is essential for compact and uniform dimgrs typically sought in
ASP. A typical ASP system implements answer set computatiomo steps: first vari-
ables are removed vigroundingand then the actuakarchfor answer sets is based on
the resulting ground program. In CP, problems are encodéuttmducing a set of vari-
ables over particular (non-Boolean) domains, and by astg the values of the vari-
ables using constraints available in the language. Suckgeptations can be very com-
pact which becomes apparent when translating constrdiafasaion problems (CSPs)
into pure Boolean representations [7]. Similar effectseqgected if translations into
ASP are of interest. Thus, in order to exploit the succiresngf domain variables in
ASP, an integration of rules and constraints is justifiablelp]. Then one can utilize
rules, which are not directly available in CP, for knowledgpresentation.

The SMT framework generalizes Boolean satisfiability climgkn terms of a back-
ground theory which is selected amongst a number of altgasain addition to propo-
sitional atoms, also theory atoms are allowed and they carsbe to express various



constraints such as linear constraints, difference caimés; and so on. Such constraints
can involve non-Boolean variablésThe relation of ASP and SMT has been studied
and it was recently shown [8, 12] that logic programs undemem set semantics can
be translated into a particular SMT fragment, nandifference logigDL) [13]. The
transformation is linear but quite sophisticated. Hertde riot reasonable to expect that
such theories are written by humans in order to express Agktpes in SMT. Trans-
lations in the other direction, i.e., from SMT to ASP, do neés feasible because of
the potentially infinite domains of variables involved ity atoms, and since current
ASP solvers expect a finite ground logic program as theirtinplous, in order to take
the best out of ASP and SMT in modeling, an integrated langiisgalled for.

The goal of this paper is to integrate the languages employ&$P and SMT so
that non-Boolean variables available in these formalisamshe used together. We aim
at a rule-based language ASP(SMT) which enriches rulesnmstef theory atoms from
a particular SMT dialect. To get a preliminary idea of theutesg language combin-
ing rules and theory atoms, consider the following rulesclvHormalize a part of the
famousn-queens problem, i.e., placingqueens in different rows:

queen(1l..n).
int(row(X)) < queen(X).
— row(X) — row(Y) =0, queen(X), queen(Y), X < Y.

Hererow(X) — row(Y) = 0 is a theory atom of difference logic involving term vari-

ablesX andY in the sense of ASP. The termw(X), once grounded, will be treated

as an integer variable on the SMT side. After grounding glnél be n factsqueen(1),
..,queen(n), as well as factmt(row(1)), ...,int(row(n)) formalizing type informa-

tion, and effectivelyn(n — 1)/2 difference constraints- row (1) — row(2) = 0; .. .;

— row(1l) — row(n) = 0; ..., etc. All this information can be expressed in DL and for

the purposes of this paper, we will mostly concentrate oraraing ASP with DL.

There are related approaches [1, 5, 10] that integrate reamissolving techniques
in ASP. In these approaches, answer sets are computed wsingmASP solver and a
constraint solver. The former deals with ASP rules whereastter handles constraints
only. In particular, the approach of [1] computes an answeirstwo steps: At first, a
partial answer set with a set of constraints is computedlznithe partial answer set is
completed by solving the constraints. In contrast, our gotl treat the entire program
in a uniform way, i.e., everything including difference stmaints and ASP rules are
translated into a difference logic formula and solved byspeetive solver.

The rest of this paper is organized as follows. The main difité and notions
of ASP and DL are briefly reviewed in the next section. Thettigkegration of the
ASP and SMT frameworks takes place in Section 3. The syntd»aaemantics based
on (extended) answer sets is laid out. The treatment of ramieBn variables in the
resulting language is of special interest. The modeling@etspare at glance in Section
4. A number of existing problem domains are used to illustthe positive effects of
theory atoms on traditional ASP encodings. On the other haaghow how recursive
definitions enabled by rules can be used to enhance repaisestin pure SMT. The

! However, variables in SMT are syntactically formalized as constants dnaviree interpreta-
tion over a specific domain such as integers or reals.



objective of Section 5 is to present our preliminary implatagon of ASP(DL) using
off-the-shelf ASP grounders and solvers for differencedof translaton.P2DIFF that
transforms groungMODELS programs into theories of ASP(DL) is a key component
in this implementation and we use delayed macro expansitimw to implement the
grounding of theory variables. The resulting teohNGo has been designed so that it is
easy to extend for SMT dialects supporting difference gairdls or equivalent. Then,
in Section 6, we report the results from our preliminary ekpents of usingpINGO.
Finally, Section 7 concludes the paper and presents sometidins for future research.

2 Preliminaries

In this section, we briefly review the syntax and semantiasfver set programs. The
class of normal logic programs is addressed first—followeddgxtension in terms of
choice rules, cardinality rules, and weight rules. Morepwe outline difference logic
which forms the target language for our preliminary impletagon.

Normal Logic Programs As usual, a normal logic prograif is a finite set of rules
a<+ by,...,by,notcy,...,Notc,. (1)

where eachu, b;, andc; is a propositional atom. Given a ruteof the form (1), we
introduce the following abbreviations. Thead and thebody of r, are defined by
hd(r) = a andbd(r) = {b1,...,bm,N0t ¢1,...,n0t ¢,}. Quite similarly, we let
bd*(r) = {b1,...,by} andbd=(r) = {c1,...,c,} to distinguish thepositiveand
the negativeparts ofbd(r), respectively. The intuition behind a rutds that the head
hd(r) can be inferred by if bd(r) is satisfied: all atoms ind™(r) can be inferred
whereas none frorid~ (r). A rule without head is amtegrity constraintenforcing the
body to be false. A rule without body isfact whose head is true unconditionally.
The Herbrand base of a (normal) progrdtmdenotedAt(P), is the set of atoms
that appear in its rules. We defiivgerpretationsfor P as subsets akt(P). An inter-
pretation) satisfies an atom if « € M and a negative literal natif « ¢ M, denoted
M = a andM = nota, respectively. The interpretation satisfies a set of literals,
denotedM = L, if it satisfies every literal i, and M satisfies a rule of the form (1)
if M | hd(r) holds wheneve |= bd(r) holds. The interpretatiof/ is a model of
P, denotedM = P, if M satisfies each rule dP. An answer sebf a program is in a
sense “justified” model of the program which is captured leyabncept of aeduct

Definition 1. Let P be a normal program and/ an interpretation. Theeductof P
with respect taVf is PM = {hd(r) « bd*(r) | r € P andbd=(r) " M = (}.

The reductP™ does not contain any negative literals and, hence, has aeifiig
minimal model. If this model coincides with/, thenM is an answer set af.

Definition 2. Let P be a normal program. An interpretatial/ C At(P) is ananswer
setof P iff M is the minimal model of the reduét™ .



Weight Constraint Programs In the context o6MODELS-compatible systems, certain
extended rule types [16] are available and based on expressf the following forms:

{b1,...,by,n0tcy, ... ,notey, bu (2)

by = wp,,...,bp =wyp,,N0tcy = we,,...,N0tc, = w,,, tu 3)

Here (2) is acardinality atomthat is satisfied if the number of satisfied literals is be-
tween the lower bounéland the upper bound. A weight atomof the form (3) gen-
eralizes this idea by assigning arbitrary positive weidgbtbterals (rather than 1s). If
these expressions appear in the head of a rule, they e#fgcxpress ahoice It is
possible to generalize answer sets for rules extended bynedity and weight atoms
but the reader is referred to [16] for details. The classveight constraint programs
(WCPs) based on this syntax is supportetsmoDELS-compatible systems. If appro-
priate, WCPs can be translated back to normal programs (ingsited by a tool called
LP2NORMAL?) or directly into DL. For this reason, we will freely use tleesxtensions.

Difference Logic Difference logic (DL) [13] extends the language of clasksprapo-
sitional logic in terms oflifference constraintsf the forn?®

r—y<k 4)

wherez andy are variables ranging over integers and &ni$ an integer constant.
The respective language of DL is basedatamic formulasi.e., either propositional
atoms or difference constraints, and is closed under rmegatnd conjunctiom. Other
Boolean connectiveg, —, and« can be defined in the standard way usingndA as
basis. Given these conventions, e.g., the expregsieny < 2) « (p — ~(y—x < 2))
is a well-formed formula in DL. It was established in [13] thiae variables in (4) can
also range over rationals or reals and the relational opecan be any ok, >, >, =,
and#. For the purposes of this paper, however, we focus on integebles but do not
restrict the relational operator. Moreover, whege- 0, we sometimes write op y for

x — y op 0 for the relational operatorsp listed above.

In DL, an interpretationis a pair(I, ) where! is a set of propositional atoms
assumed to be true ands a valuation function that maps each variable an element
inZ, i.e., the set of integers. A propositional atpns true in(I, 7), denoted I, 7) | p,
iff p € I. Difference constraints (4) are covered by setting

(L) a—y<k i 7(@)—r(y) <k

The truth value of any DL formula can be evaluated by applying the standard recursive
rules for Boolean connectives. For example, given a funetisuch that-(z) = 7(y) =
1, we havethatd, 7) E (z —y < 2) < (p — ~(y — x < 2)).

A DL formula ¢ is satisfiable if there is asatisfyinginterpretatior, 7) such that
(I,7) E ¢ and, in this setting(I, 7) is called amodelof ¢. Since DL has classical

Zhttp://ww. tcs. hut. fi/ Software/asptool s/
3 The original form of difference constraintsis< y + k as given in [13]. However, we use the
form (4) to emphasize the difference betwaeandy.



propositional logic as its special case, it is straightfamhto see that given a DL formula
¢, the problem of deciding the satisfiability ¢fis NP-complete. We refer the reader to
[2,13] for SMT based techniques for solving the satisfigbiproblem. Moreover, it is
shown in [8, 12] that normal logic programs can be faithfdipbedded into DL. This
transformation is implemented by another translator, MiZ2DIFF*. It is also worth
pointing out that more general rule types involving cartiipand weight atoms can be
translated into DL without substantial blow-up using neanas and integer variables.

3 The Integrated Language

This section presents the language ASP(DL) which enrict&R? wiles with DL formu-
las. Alogic program with difference constraintsr aprogram is a set of rules

a<+by,...,bp,N0tcy,...,N0tcy, t1,..., 4 (5)

wherea, b;, andc; are propositional atoms. Ea¢}j calledtheory atomis a difference
constraint. For a rule of the form (5), the set of theory atonfs,, .. ., ¢} is called the
theorypart of the body of- and denoted b¥d* (). Comparing (5) to (1), the integrated
language extends the pure ASP language in terms of theamysaised as additional
conditions. For a prograr® with difference constraints, anterpretation! is defined
as a paif M, T) whereM is a set of propositional atoms affitis a set of theory atoms
such thafUT is satisfiable in DL wher@ is the set of DL formulas-t for each theory
atomt¢ appearing inP but not inT'. For an interpretatiod = (M, T'), we denotel/ by
I? andT by I*. An interpretation/ satisfies an atom, a literal, or a rule if and only if
the setI? U I' satisfies them in the sense of Section 2, respectiveinoflel M of P,
denotedM = P, satisfies all rules oP. Definitions 1 and 2 generalize as follows.

Definition 3. A modelM of a programP is ananswer sebf P, if M? is the minimal
model ofPM = {hd(r) « bd*(r) | r € P, bd~(r) N MP = (), and M |= bd'(r)}.

Example 1.Let P be a program consisting of the five rules given below.
< nots. S x>z p—x=<y. p<q. q—py<z.

Heres, p, andq are propositional atoms whereas the symholg, andz appearing in
the theory atoms are treated as constants in the sense oCAB$ider the interpretation
My = ({s}, {x > z}). ltisan answer set @P, since the sef(z > z), ~(z < y), ~(y <
z)} is satisfiable in DLAM; | P, and the se{s} is the minimal model of the reduct
PMi = {5 «; p « ¢}. On the other hand, the interpretatiof, = ({s,p, ¢}, {z >
z,x < y,y < z})is not an answer set, sindéz > z),(z < y),(y < z)} is not
satisfiable. Finally, conside¥/s = ({s,p, q},{z > z,y < z}). Itis not an answer set
as{s, p, ¢} is not the minimal model of the reduft"s = {s «; p«¢q; ¢ < p}. O

It can be verified that the semantics given by Definition 3 cioies with the stable
model semantics proposed in [6] in case no theory atoms ajp@sprogram. In the

“http://ww.tcs. hut.fi/Software/lp2diff/



non-ground case, the idea is to treat ASP variables appeiarinles as usual via Her-
brand instantiation. As illustrated in Example 1, theomynas typically refer to integer
variables of DL. Such a variable, say can be viewed as a constant in the respective
ASP language. In certain applications, we would like to fiéxuse such variables and
index them with ASP variables. This leads to using a term efftim«(V1, ..., V,,)
wherez is now a function symbol of arityn and eachV; is a regular ASP variable
subject to Herbrand interpretation. Each ground instarfee, . . . ¢,,,) of this will be a
ground term in the resulting ground program and treated asteger variable in DL.
This is an important distinction to which we want to draw thader’s attention at this
point. By this arrangement, we can use both ASP variable®éaridteger variables. A
rule with non-ground variables is treated as a shorthanidsféterbrand instances. E.g.,
in the constraint— occurs(a, S1), occurs(b, Sz2), t(S2) — t(S1) > 7, the variablesS;
and S, are replaced by appropriate combinations of ground terrdstlaa respective
instances of(S;) and¢(S») are treated as integer variables in DL.

4 Problem Modeling in ASP(DL)

In this section, we present a number of examples to illustied use and advantages of
ASP(DL) for problem modeling. As we shall see, the langua@® L) can result in
much smaller ground programs than pure ASP language. Tkemeathat ASP(DL)
may avoid grounding the variables that have large domains.

4.1 Scheduling Problem

Scheduling problem is to find a schedule for a number of tasksiarantee them to be
finished before some time limit. In scheduling problems titme range is usually large
compared to the number of tasks. Using ASP(DL) can avoidrgtimg the variables in

the time domain in the encoding of these problems. Below,tudysa typical schedul-

ing problem, the newspaper problem. Note that similar gnoisl are encountered in
many real-life applications, e.g., resource allocatiariyersity timetabling, and com-
plex manufacturing with multiple lines of products.

Example 2.We are given a number of persons and newspapers. Each pgesotss
different amount of time when reading different newspapaue to his or her interests.
The goal of is to find a schedule for the persons to read thepagvess such that:

1. each person has enough time to read a newspaper and readitlly as possible;
2. no person can read more than one newspaper simultangously

3. no newspaper can be read simultaneously by more than es@npend

4. each person finishes all the newspapers before somermzadli a0

To model the problem in ASP(DL), we use the predicatel( P, N, D) to repre-
sent that the duration that perséhneeds to read newspap®ris D and the constant
deadline to denote the total allowed time. We introduce the integeiatdess(P, N)



ande(P, N) to denote the time when perséhstarts to read and finishes reading news-
paperN respectively. Then the above four constraints are expilesséollows:

—e(P,N) —s(P,N) # D,read(P, N, D). (6)

—s(P,N1) < s(P, Na),s(P,Ny) — s(P,Ny) < Dy, (7)
read(P, N1, D1),read(P, N3, D3), Ny # Na.

—s(P;,N) < s(P2,N),s(P2, N) —s(P1,N) < Dy, (8)
read(Py, N, D1),read(P2, N, D3), P| # Ps.

—e(P,N) > deadline, read(P, N, D). 9)

To encode the same constraints in pure ASP, we introducéptesstart(P, N, T')
andend(P, N, T) to denote that persoR starts to read and finishes reading newspaper
N at timeT’, respectively. Then the main constraints are encoded as

—start(P, N, T1),end(P, N, T»), Ty —T» # D. (10)

—Ty < Ty, Ty — Ty < Dq,start(P, N1,T1), start(P, Na, T5), (11)
read(P, N1, D1), read(P, Ng, D2), N1 # Ns.

T, < To,To — T} < Dy,start(P;, N, T}),start(Ps, N, T), (12)
read(Py, N, Dy), read(Py, N, Ds), P; # Ps.

—end(P,N,T) > deadline,start(P, N,T), read(P, N, D). (13)

Let us calculate the number of ground instances of the ridleand (11) to demon-
strate the advantage of ASP(DL). The number of ground iessof the rule (7) is
n1 = |P| x |N|? and that of the rule (11) is; = |P| x |N|? x |T'|?, where| P| and|N |
are the respective numbers of persons and newspape|¥ d@sdhe maximum allowed
time for the persons to finish reading, i.e., the size of tmetlomain. The factd’|? in
no comes from the inequalities in the rule (11). In schedulirapfems, the time range
|T'| is usually much larger than other domains, thus the encadiA@P(DL) results to
a much simpler ground program than that in pure ASP language.

4.2 Routing with Time Constraints

Besides scheduling problems, network routing problemslirevreasoning with time
domains. The language ASP(DL) is also suitable to model them

Example 3.In a routing problem, we are given a network consisting ofesazbnnected

by edges. Each edge is assigned a weight which indicatesittimom delay in trans-

mitting a network packet along the edge from one end to thero®ome nodes are
critical and each of critical nodes is associated a timecatthg the deadline that the
node can receive a packet (otherwise, the node rejectsewveeand relay the packet).
The goal of the problem is to find routes for packets subjeftiltowing constraints:

1. a packet can only be sent from and received by one noderata ti
2. the travel time of a packet over an edge is at least the raimielay; and
3. apacket has to reach each critical node within its deadlin ad



We use the predicaterde(X) to represent thaX' is a nodegdge(X, Y, W) to represent
that the delay on the edd&,Y') is W; critical (X, T') to represent thak is a critical
node and its associated deadlinelisroute(X,Y") to represent that edgeX,Y) is
selected to be in the route and the packet is transmitted fimate X to Y in the route;
reach(X) to represent that a packet reaches n&dé\Ve use the integer variabde(X)
to denote the time when a packet reaches ndde

The main constraints in the routing problem can be encod&®&m(DL) as:

{route(X,Y)} «—edge(X,Y,W). (14)
reach(Y’) «reach(X), route(X,Y). (15)
—2{route(X,Y) : edge(X,Y, W)}, node(X). (16)
—2{route(X,Y) : edge(X,Y, W)}, node(Y). 17

—route(X,Y), edge(X, Y, W),at(Y) — at(X) < W. (18)

missing_critical «—critical (X, T"), not route(X). (29
missing_critical «—critical(X, T'), reach(X), at(X) > T. (20)
«—missing_critical. (21)

The rule (14) says that any edge could be selected in a rotecike (15) states that
if one end of an edge is reached by a packet and the edge iseskiedhe route then
the other end of the edge is also reached by the packet; ta€l6) and (17) enforces
the first constraint; the rule (18) specifies the second cainstand the rules (19), (20),
and (21) together encode the third constraint.

The difference logic formulas in the rules (18) and (20) wihe size of the ground
programs. For example, an encoding of (18) in pure ASP laggyoauld be

—route(X,Y), edge(X,Y, W), reach_at(X, T}), (22)
reach_at(Y,T5), To — T1 < W.

where the predicateach_at(X, T') represents that a packet reach the n&dat time
T. It can be seen that the number of ground instances of th¢18)es |E| and that of
the rule (22) i§E| x |T'|?, where|E| is the number of edges and| is the maximum
allowed time for a packet to travel in the network.

4.3 Trip Planning

In [10], a trip planning problem that involves timing coraits is presented to demon-
strate the advantage of integrating constraint logic @wgning with ASP. We show
that encoding these timing constraints in ASP(DL) is simhiladvantageous.

Example 4.John, who is currently at work, needs to be in his doctor'seffn one
hour carrying the insurance card and money to pay for thé Vikie card is at home
and money can be obtained from the nearby ATM. John knows thémum time
(in minutes) needed to travel between the relevant locstiery., twenty minutes are
needed to go from his home to his office. Can he find a plan to riskigip on time?
The timing constraints relevant for this problem are:



1. time should be a monotonic function of st&ps
2. the whole trip does not take more than an hour; and
3. sufficient amount of time is reserved for trips betweentarylocations. ad

Following the notations in [10], we use the predicatet(S;, Sp) to represent that
stepS; is the next step ob, and introduce the integer variaklgs) to denote the time
when stepS happens. We use predicgieal(S) to represent thaf is the goal step, i.e.,
John arrives his doctor’s office in time at st8pThe fluentgo_to(P, L) represents that
personP goes to locatiorl andat_loc(P, L) represents that persdnis at locationL.
The predicateccurs(A, S) represents that actiad occurs at stefy andholds(F, .S)
represents that fluett holds at ste. Then the timing constraints can be encoded by:

—next(S1,S0),t(S1) — t(Sp) < 0. (23)
—goal(9),t(S) — t(0) > 60. (24)
«—next(S1, Sp), occurs(go_to(john, home), Sp) (25)

holds(at_loc(john, office), so), t(S1) — t(Sp) < 20. (26)

The advantage of the above encoding is similar to that dészug [10], i.e., the
size of the ground program of the encoding is smaller thanahtine encoding in pure
ASP by the factor ofT'|> where|T| is the size of the time domain.

4.4 Sorting Problem

Sorting is a frequently used operation in real applicatidriais, we are interested in
the capability of ASP(DL) to model sorting problems.

Example 5.We are given a sequence of distinct numbers. The goal is tdrenum-
bers in increasing order, i.e., the resulting sequence satisffy the constraints:

1. each number has one and only one place in the resultingseguand
2. anumber is greater than any number before it in the reguiquence. ad

We use the predicateumber(X) to represent thak is a number and the integer
variablep(X) to denote the position of in the ordered sequence. The two constraints
given above are encoded by the following rules:

—p(X1) = p(X2), X1 # Xo,number(X7), number(X5). (27)

—p(X1),p(X2), X1 > Xo,p(X1) < p(X3), number(X7), number(X5). (28)

To encode these constraints in pure ASP, we introduce agattegiosition(Y") to rep-
resent that” is a position in the ordered sequence atte( X, Y') to represent that the

position of X is Y in the ordered sequence. Then the following program results
1{place(X,Y) : position(Y)}1 «<—number(X). (29)
1{place(X,Y) : number(X)}1 «position(Y). (30)
—X1 > X27Y1 < YQ, p|aC€(X17Y1),
place(Xs, Ya), number(X7), number(Xs). (31)

5 The steps of the planning part of this problem can be found in [10].



The rules (29) and (30) together specify that each numbessiged to one and only
one position. The rule (31) guarantees the increasing afdbe sequence. We can see
that the number of ground instances of the rule (27) (als) (8N |? and that of the
rule (31) is|N|* where| N| is the length of the sequence.

5 Implementation

In this section, we present a preliminary implementatiotheflanguage ASP(DL) us-
ing existing off-the-shelf ASP and SMT tools, and other Uhirux tools. For simplic-
ity, we discuss the implementation in the case of differdngé, but any other SMT
fragment can be similarly dealt with by introducing suitlpredicates for the kinds
of theory atoms involved in that particular fragment. Therent implementation has
been designed to be flexible in this sense, i.e., it is easyotdifinthe representation of
theory atoms in order to meet the users’ needs. However,diol @n implementation
of a complex parser or a entirely new grounder for any suchuage extensions, we
decided to exploit macros in the treatment of theory atorhes€ requirements led us
to implement the following architecture for grounding, m@evaluation, and solving:

(i) We useGRINGO unmodifiedto ground a logic program in its input language
where theory atoms are represented by special predicatbsregerved names. For
instance, a ternary predicaté |t(X,Y, D) could be introduced for DL ane:. The
grounder is instructed to treat suchegernally definegredicates. In addition, some
arguments to such predicates must have their types dedalaied rules. Special do-
main predicates are reserved for this purpose sudhtég) in case of DL. (ii) We
translate the resulting ground program into a theory otdéiice logic usingP2DIFF.
The outcome consists of Clark’s completion of the programaexed with ranking
constraints—as explained in [8, 12]. Theory atoms can begrézed by their names
based on reserved predicate names. (iii) We extract theargléype information from
the symbol table of the ground program, i.e., the instant#segredicatént(-) for DL,
and incorporate the respective declarations to the prelafthe DL theory produced
in the previous step. (iv) We separate ground instancesofytatoms from the symbol
table, treat them as macro instances, and expand them gteative expressions of DL
usingM4 which is a standard macro processor available in Unix enaients. (v) We
invoke an SMT solver such &3 to compute a satisfying assignment (if any) that can
be mapped back to an answer set given symbolic informataedfter grounding. In
addition, the values of integer variables are also of irstere

The steps above have been integrated into one shell seKipto® that accepts a file
in the syntax ofGRINGO as its input and prints an answer set as its output.

Example 6.For the sake of illustration, consider the rule (18) and tbeuorence of
the theory atomut(X) — at(Y) < W in it. This can be expressed using a predicate
dl_lt(at(X), at(Y), W) in the respective logic program. In addition to this, we stsi
on the declaration of SMT theory constants using separés:ru

int(at(X)) « edge(X,Y, W).
int(at(Y)) «— edge(X,Y,W).
— route(X,Y), edge(X, Y, W),dl_It(at(Y), at(Y), W).



The first two rules state that term$(X) associated with nodeX¥ denote integer vari-
ables. This is not necessary for the third argumétitsf the edge predicate under the
assumption thall” will be literally substituted by a concrete integer valuetsasi15.
The third rule is a rewrite of (18) using the predicatdt(-, -, ).

Let us then justify the correctness of the implementation thie sake of simplic-
ity, in the case of propositional normal programs. As shownlanhunen et al. [8],
an interpretationM/ C At(P) is a stable model of a normal prograf iff there
is a model(M, 1) = Comp(P) U Rank(P) whereComp(P) is the standardom-
pletion of P and Rank(P) contains the (stronglanking constraintsof P (see [8]
for details). To address rules of the form (5), we first tratesithem into rules «—
bi,...,bm,dy,...,d;,noteq, ... ,Note,, accompanied by defining rulels « ¢1; ...;
d; < t; for the new atomd, . .. ,d;. These two forms of rules give rise to the respec-
tive parts for the translation, i.e., tm@rmal formNForm(P) of P and thetheory part
TPart(P) of P. Then(M,T) is an answer set of a programiff (M U D,T) is an
answer set dNForm(P)UTPart(P) whereD = {d | d < t € TPart(P) andt € T'}.

We use a translatioBomp (NForm(P))URank(NForm(P))UComp(TPart(P))
into DL in our implementation. The paftomp(TPart(P)) consists of an equivalence
d < t for eachd < t in TPart(P). Then, using the definition ab above,(M,T)
is an answer set P <= M U D is an answer set d{Form(P) and(D,T) is an
answer set ol Part(P) <= there are model&\/ U D, 1) = Comp(NForm(P))U
Rank(NForm(P)) and(D, 73) = Comp(TPart(P)) <= there is a combined model
(M UD,7) = Comp(NForm(P)) URank(NForm(P)) U Comp(TPart(P)). Thus,
given any mode(M U D, 1) for the translation, an answer setBfcan be extracted.

6 Preliminary Experiments

We compare the running time and the increasing of the sizeafrgl instances for
ASP(DL) and pure ASP programs. For benchmarks, we seldutatetvspaper problem
as a representative for problems involving a time domaintaadorting problem that
does not. We ramINGO for ASP(DL) encodings andLINGO (version 2.0.3) [4] for
pure ASP encodings. All experiments were run on Ubuntu 9.a&fkstation with two
2GHz CPUs and 4GB RAM. For each problem, we experimented ogr@0ps of
instances and each group contains 100 randomly generateshdes. The results are
shown in Table 1 and Table 2. The first column of Table 1 givesdiadline of each
group, i.e., the time in which all the persons have to finigtdireg all the newspapers
and the first column of Table 2 gives how many numbers are toittedsin the instances
of each group. The running times are reported in seconds.eivihe cut off time to
300 seconds and running times greater than that are indibgte-' in the tables. The
increasing sizes of ground instances are reported as witingsespect to the size of the
smallest instance, for which the ratio is 1.0 by definition.

As it is easy to inspect from Table 1 for the newspaper probiEmco is around 2
orders of magnitude faster thamINGoO for the instances solvable by both of them. In
addition,DINGO can solve the instances unsolvablectoNGo in a very small amount
of time. We think the reason lies in the sizes of the resuljraund instances: the size



Table 1.Newspaper Table 2. Sorting

. DINGO CLINGO DINGO CLINGO
Deadline- - - h - Numbers-- - 4 - -
time|size ratig time |size ratid time|size ratig time |[size ratig
100 0.09 1.0 |2.10| 1.0 60 059 1.0 |13.12| 1.0
200 0.11 1.1 |9.00f 3.1 70 0.77, 1.3 |25.50f 21
300 0.11 1.3 |21.32 6.3 80 1.01 1.8 |49.70| 2.7
400 0.10 1.4 |36.68 15 90 1.26 2.3 |76.14| 49
500 0.12 15 |61.15 23 100 154 2.8 |14543 7.8
600 0.12 1.7 (9351 34 110 184 34 - 12
700 0.11 1.8 - 44 120 225 4.1 - 17
800 0.11 1.9 - 60 130 271 438 - 28
900 0.12 2.1 - 74 140 3.17 5.6 - 34
1000 0.13 2.2 - 81 150 3.56 6.4 - 38

of the encodings in ASP(DL) increases significantly slowantthat in pure ASP, e.g.,
the maximum ratio of ASP(DL) encoding is 2.2 while that of &SP encoding is 81.
Similar observations can be found for the sorting problem.

We also tried out 516 benchmark instances from the cateddff?acomplete prob-
lems that were used in the Second ASP Competition [3]. Tha vdas to check the
performance obINGO for programs not involving difference constraints. It tednout
that a level of performance that is comparable to usii@pIFF with z3 as a back-end
solver [8] can be achieved. However, this presumes the usobELSsfor simplifying
ground programs before DL translation. Further work is negflito implement similar
simplification inDINGO becausesMODELSdoes not natively support external atoms.

7 Conclusion

In this paper, we present an approach to integrate the lgegussed in ASP and SMT.
At the syntactic level, the idea is to enrich rules with exdomditions which together
form an SMT theory pertaining to a particular SMT fragmerttisTieads to a straight-
forward generalization of the answer set semantics fornarag extended in this way.
The class of normal programs is formally handled in the eumpaper but a similar ap-
proach carries over to its extensions. Such possibilitiesalready illustrated in terms
of cardinality constraints and difference constraintstmrhodeling side. These syntac-
tic elements are also fully supported by our preliminary lenpentation, vizDINGO,
that exploits off-the-shelf ASP and SMT components for giing (GRINGO) and the
search for answer sets3). As regards grounding the theory part, it is realized st fir
grounding macros corresponding to theory atoms which gpareded after grounding
to full SMT syntax using a standard macro processot)( Following such a delayed
macro expansion strategy, we are able to apply standard ASRonplogy in the cre-
ation of SMT theories of interest. As illustrated in the paplee combined language
ASP(DL) enables more concise ways to encode problems froimugadomains. Some
of the encodings are clearly more verbose in plain ASP or SMIF.first experiments
using these encodings also suggest positive effects omgdime.



As regards future work and lines of research, we think thred ather SMT dialects
should be taken into consideration. The current implentiemids basically easy to ex-
tend for new fragments and back-end SMT solvers. The maontéff this respect is
to identify required SMT primitives, to introduce macros fhem, to provide defini-
tions for such macros. If the output ob2DIFF* cannot be exploited as part of the SMT
translation, it may be necessary to modif§2piFr for the SMT dialect in questiof.
There is also potential for combining SMT dialects as longhase is a suitable target
language and a back-end SMT solver available. It is alsddfleet® develop ASP(SMT)
encodings in a modular way. The intermediate ground progamoduced bY5RINGO
can be linked together usingeCcAT from the ASPTOOL3 collection. At least for the
moment, it is essential to do this before macro expansioth ST translation) because
we are not aware of any linkers for SMT theories themselves.
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