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Abstract

Answer Set Programming (ASP) and Constraint Logic
Programming over finite domains (CLP(FD)) are two
declarative programming paradigms that have been ex-
tensively used to encode applications involving search,
optimization, and reasoning (e.g., commonsense rea-
soning and planning). This paper presents experimen-
tal comparisons between the declarative encodings of
various computationally hard problems in both frame-
works. The objective is to investigate how the solvers
in the two domains respond to different problems, high-
lighting strengths and weaknesses of their implementa-
tions, and suggesting criteria for choosing one approach
over the other. Ultimately, the work in this paper is ex-
pected to lay the foundations for transfer of technology
between the two domains, e.g., suggesting ways to use
CLP(FD) in the execution of ASP.'

Introduction

The objective of this work is to experimentally compare
the use of two distinct logic-based paradigms, tradition-
ally recognized as excellent tools to tackle computation-
ally hard problems and to encode Al applications (such as
planning, scheduling, and optimization problems). The two
paradigms considered are Answer Set Programming (ASP)
(Baral 2003) and Constraint Logic Programming over Finite
Domains (CLP(FD)) (Marriott & Stuckey 1998). The moti-
vation for this investigation, originally described in (Dovier,
Formisano, & Pontelli 2005), arises from the successful use
of both paradigms in dealing with various classes of com-
binatorial problems, and the need to better understand their
respective strengths and weaknesses. Ultimately, we hope
this work will indicate methods for integration and coopera-
tion between the two paradigms.

ASP is a paradigm deriving from logic programming
under answer set semantics, where problem components
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are encoded as atomic formulae and relationships as pro-
gram rules. It is well-known (Marek & Truszczynski 1991;
Baral 2003) that, given a propositional normal logic pro-
gram P, deciding whether P admits an answer set (Gel-
fond & Lifschitz 1988) is a NP-complete problem. As a
consequence, any NP-complete problem can be encoded
as a propositional normal logic program under answer set
semantics. Answer-set solvers are programs designed to
compute the answer sets of normal logic programs. Some
solvers provide also syntactic extensions to facilitate pro-
gram development—e.g., limited forms of aggregation (Si-
mons 2000)—and classes of optimization statements, used
to select answer sets that maximize or minimize an objec-
tive function dependent on the content of the answer set.

An alternative framework, frequently adopted to handle
NP-complete, combinatorial, and optimization problems, is
CLP(FD) (Jaffar & Maher 1994; Marriott & Stuckey 1998).
In this context, a finite domain of objects (typically integers)
is associated to each variable in the problem specification,
and the problem-derived relationships between such vari-
ables are encoded as constraints (e.g., s = t, s < t). This
type of framework supports the natural and declarative en-
coding of search strategies and NP-complete problems. In-
deed, a rich literature has been developed presenting appli-
cations of CLP(FD) to a variety of search and optimization
problems (Marriott & Stuckey 1998), and several efficient
implementations have been developed.

In this paper, we summarize the outcome of a study aimed
at comparing these two declarative approaches in solving
combinatorial problems. The study has been originally pre-
sented in (Dovier, Formisano, & Pontelli 2005). We ad-
dress a set of computationally hard problems—in particu-
lar, we mainly consider decision problems known to be NP-
complete. We formalize each problem, both in CLP(FD)
and in ASP, by taking advantage of the specific features
available in each logical framework, and attempting to en-
code the various problems in the most declarative way possi-
ble. In particular, we adopt a constraint-and-generate strat-
egy (Marriott & Stuckey 1998) for the construction of the
CLP(FD) programs, while in ASP we exploit the natural
generate-and-test approach (Baral 2003). Whenever possi-
ble, we make use of encodings of these problems that have
been presented and widely accepted in the literature.



Overview of the Computational Models

Constraint Logic Programming is a programming paradigm
that is particularly well suited for encoding combinatorial
optimization problems. CLP naturally merges two declar-
ative paradigms: constraint satisfaction and logic program-
ming. Let 3 be a logic language signature ¥ = (F,V, T U
II¢), where F is a finite set of function and constant sym-
bols, V is a denumerable collection of variables, and IIUII~
is a finite set of predicate symbols (with II and Ilo dis-
joint). A constraint is a first-order formula over (F, V, I1¢).
Typically, constraints are conjunctions of literals, e.g., 0 <
X, X <3,X +Y =# 4. Following the traditional logic pro-
gramming notation, a comma indicates a conjunction, capi-
tal letters denote variables, and the symbol :— denotes the
implication <. CLP lets a programmer use different classes
of constraints and domains to encode problems. For com-
binatorial problems, it is common to use finite domain con-
straints, namely arithmetic constraints between arithmetic
expressions, where each variable is associated to a finite do-
main of possible values. In this case the interpretation of
variables, expressions, and constraints is over Z.

A CLP program over X is a finite set of rules of the form

$p) = Cyqi(ty, ... th ), ... )

?"nq
where C' is a constraint, s; and t% are (F,))-terms, and
D,q1,---,qm are predicate symbofs of II. Observe that a
CLP program without constraints is a Prolog program.

CLP programs are commonly developed using a
constrain-and-generate technique, where an initial deter-
ministic phase imposes a number of constraints, and a non-
deterministic phase generates/explores the solution space. In
the constraint phase, in particular, a finite domain of val-
ues is assigned to each variable. For instance, the constraint
domain([A,B,C],1,5) assigns the set of admissible val-
ues {1,2,3,4,5} to the variables A, B, and C. The built-in
predicate 1abeling implements the non-deterministic gen-
erate phase through some form of search space exploration.
Each time a variable is assigned a value, a deterministic
propagation stage is executed, removing from the domains
of the other variables those values that are incompatible with
the assignments already performed. Various options, affect-
ing, for instance, the variable selection criteria, the ordering
of the attempted values, etc., can be used to guide the search.
The main structure of a program using this programming
style is the following:

m
’ t'ﬂm

p(sla"'7 ,qm(;n7

., Xn),
X1l,...,Xn).

solve_problem(X1l,...,Xn)
constraint (X1, ..
labeling([options],

A CLP(FD) system executes programs according to goals
(i.e., conjunctions of literals) provided by the user. Given
a program P and a goal ?-solve_problem(X1l,...,Xn),
the system will determine the solutions in terms of instanti-
ations of the variables X1, ..., Xn.

Answer Set Programming is a logic programming paradigm
that has its foundations in logic programming with nega-
tion as failure, under answer set semantics (Gelfond & Lif-
schitz 1988). ASP relies on a logic language signature
¥ = (F,V,II), where F is a finite set of constant symbols,
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V is a denumerable collection of variables, and II is a finite
set of predicate symbols. The set of terms is 7 UV, and an
atom is a formula of the type p(t1, ..., 1), where p € Il and
t1,...,t are terms. An ASP program is a finite collection
of rules, where rules are of the form
h:—ay,...,am,,notby,...,notby,

where h,aq,...,am,b1,...,b, are atoms. Each program is
viewed as a syntactic sugar representing the set of ground
instances of its rules (computed using the constants in F).
A special type of rules are the so called constraints—rules
with an empty head; in this case, the head of the rule is im-
plicitly assumed to be false.

Given a ground program P, the answer set semantics
characterizes the semantics of P in terms of a collection
of minimal models (called answer sets). A set of ground
atoms M is an answer set if M is the unique minimal model
of the program PM, containing the rules h:— ay, ..., as
such that h:—aq,...,ax,not by,...,not by is in P and
{b1,...,bp} N M = (. In ASP, each problem is mod-
eled as a collection of rules, in such a way that the solu-
tions to the problem correspond one-to-one to the answer
sets of the program. An ASP Solver is a program that com-
putes all the answer sets of a given ASP program. A solver
can be seen as a theorem prover, or model builder, enhanced
with several built-in heuristics to guide the exploration of
the search space. Most ASP solvers rely on variations of
the DPLL procedure (Davis, Logemann, & Loveland 1962).
Such solvers are often equipped with a front-end that trans-
forms a collection of non-propositional normal logic pro-
gramming clauses (with limited use of function symbols) to
a finite set of ground instances of such clauses.

The Experimental Framework

The experimental studies, originally reported in (Dovier,
Formisano, & Pontelli 2005), have been conducted us-
ing both CLP(FD) implementations and ASP solvers.
The CLP(FD) programs have been designed for SICStus
Prolog—and adapted to run also on GNU-Prolog, B-Prolog,
and ECLiPSe. The ASP programs have been designed to
be processed by Iparse, the grounding preprocessor used
by both the SMODELS and the CMODELS systems. The
CMODELS system makes use of a SAT solver to compute
answer sets—in our experiments we mainly used mChaff
(Moskewicz et al. 2001) and Simo (Giunchiglia, Lierler,
& Maratea 2006). SAT-based ASP solvers, such as CMOD-
ELS, take advantage of the tightness of the ASP programs
(Lee & Lifschitz 2003). In presence of non-tight programs,
CMODELS is forced to repeatedly call the SAT solver in or-
der to reach a solution. This is done to discard those models
of the program that are not answer sets, trying to avoid the
introduction of a potentially exponential number of loop for-
mulae (Lifschitz & Razborov 2006).

The study relied on a set of well-known computationally-
hard problems: graph k-coloring, Hamiltonian circuit, Schur
numbers, protein structure prediction in a 2D lattice, plan-
ning in a block world, generalized knapsack, and code de-
sign. Some of the proposed encodings have been drawn
from the best proposals appeared in the literature, while
others are novel solutions, developed for this project—e.g.,



the ASP implementation of the protein structure prediction
problem and the blocks world planning in CLP(FD).

Basic Encoding Schema

In most of the problems considered, we look for (the exis-
tence of) a function f, from a set of IV elements to a set of
K elements, fulfilling a collection of constraints that char-
acterize the solutions of the problem. To fix the ideas, let us
assume that the domain of f is the set {1, ..., N} while the
range is the set {1,..., K'}.

In CLP(FD), problems of this kind are typically encoded
by introducing a list vars of N variables whose domain
is {1,...,K}. Further constraints are imposed on Vars
depending on the specific problem at hand. The resolu-
tion of such constraint satisfaction problem is then delegated
to a labeling procedure, which explores the possible value-
assignments for vars.

The encoding style exploited in ASP is quite differ-
ent. The function f is represented by a (binary) predicate
pred_f, defined in such a way that pred_f (i, j) holds if
and only if f(i) = j. Thus, the general structure of this
ASP-encoding is:

range(l..k).
:— domain(X).

domain(l..n).
1{pred_£f(X,Y):range(Y)}1

Other rules must be added to properly define pred_£.

In our experiments we considered both the CPU usage
time and memory consumption to compute the first solu-
tion, if any. The encoding of the various benchmarks and
the complete results are reported in www.dimi.uniud.it/
dovier/CLPASP.

Summary of the Experimental Analysis

As first comparison between CLP(FD) and ASP, we investi-
gated the programming effort required to encode a problem.
From this perspective, we noticed that ASP provides more
compact and more declarative encodings. In particular, the
automatic grounding and the use of domain-restricted vari-
ables allow ASP programmers to avoid the explicit use of
recursion in most situations. In general, in designing the
CLP(FD) code, the programmer cannot easily ignore the
specific inference strategies adopted by the CLP(FD) en-
gine. The fact that CLP(FD) adopts a top-down, depth-first
strategy affects the programmer’s choices in encoding the
algorithms. As a result, the amount of effort required to
acquire good programming skills in the two paradigms is
very different, in favor of ASP. A deeper understanding of
specific “non-declarative” aspects of the CLP(FD) frame-
work allows the programmer to develop more efficient, al-
beit more complex, solutions.

As far as performance is concerned, in a few cases the
running times of SICStus and SMODELS are comparable,
but in most of the cases CLP(FD) performs significantly bet-
ter, especially whenever a solution exists (i.e., the “Yes” in-
stances in Fig. 1). Nevertheless, there are cases (e.g., the
code-generation problem) in which CLP(FD) fails in solv-
ing instances that are relatively easy for the ASP solvers.
CMODELS is, in general, faster than SMODELS, and it com-
petes better with CLP(FD) whenever the problem instance
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Figure 1: Relative performance of the solvers for each set
of instances (the radii of the circles are proportional to the
performance of the specific solver)

has no solutions. This can be justified by the fact that the
programs we are using are mostly tight, and by the raw speed
of the underlying SAT solver used by CMODELS.

We can draw some concrete indications that can be taken
into account when choosing a paradigm to tackle a problem.
We can summarize the main points as follows:

The behavior of the solvers often depends on the exis-
tence of a solution. SICStus and SMODELS perform better
on “Yes” instances, while CMODELS seems to be better
suited for “No” instances;

Graph-based problems have compact encodings in ASP,
and the ASP solutions have acceptable and scalable per-
formance, especially for the “No” instances (Fig. 1);
Problems requiring more intense use of arithmetic and/or
numbers (e.g., protein structure prediction and knapsack)
are declaratively and efficiently handled by CLP(FD);
For problems with no arithmetic, the exponential growth
w.r.t. the input size is less of an issue for ASP (e.g., Schur
numbers and planning).

Fig. 1 summarizes some of the results. For each problem in-
stance, we compare the execution times of the three solvers;
ascore of 1 (0, —1) is assigned to the fastest (second fastest,
slowest) solver. The scores of all instances of a problem are
added, and this provides the radius of the circles in the Fig-
ure. Instances have been separated between “Yes” instances
(they admit a solution) and “No” instances (no solutions).

As mentioned, our experiments suggest that the greater ef-



ficiency of CMODELS, w.r.t. SMODELS, originates from the
speed of the underlying SAT solvers. Thus, one could won-
der whether it is better to solve an instance of a hard combi-
natorial problem using a SAT-based ASP solver or directly
employing a stand-alone SAT solver. The two alternatives
require different approaches in modeling the problem, and
different amounts of effort in encoding the problem. A com-
parison between SAT and ASP solvers is important, but goes
beyond the current scope of our investigation. Nevertheless,
we made a first step in this direction comparing the behavior
of CMODELS and the behavior of the SAT solvers CMOD-
ELS uses, i.e., zChaff, Simo, and mChaff. The experiments
we performed make use of instances of graph k-coloring and
Hamiltonian circuit—these have been chosen as their encod-
ings lead, respectively, to tight and non-tight programs. The
instances to be processed by the SAT solvers have been gen-
erated by applying standard translations to SAT. The exper-
iments show that the tightness of programs significantly af-
fects the behavior of the solvers. Whenever a tight instance
is tackled, it is often the case that SAT solvers outperform
CMODELS. Non-tight programs are often efficiently solved
by the ASP solver while all SAT solvers fail because of the
growth in the size of the run-time image of the processes.
The better behavior of CMODELS in dealing with non-
tight programs could be intuitively explained by observing
that, while a SAT solver tries to solve the entire instance,
CMODELS exploits a SAT solver to drive the construction of
the answer sets through the discovery of loop formulae. This
use of a SAT solver usually involves smaller SAT instances.

Discussion

This work intends to develop a bridge between these
two logic-based frameworks, in order to emphasize the
strengths of each approach, and in favor of potential
cross-fertilizations. This study also complements system
benchmarking studies, recently proposed for both CLP(FD)
(e.g., (Fernandez & Hill 2000; Wallace ef al. 2004)) and
ASP solvers (e.g., (Anger, Schaub, & Truszczyriski 2004)).
Bridges between the worlds have already been suggested,
especially to target specific aspects of knowledge represen-
tation and reasoning. A system capable of integrating ASP
reasoning within a Prolog shell has been presented in (Pon-
telli, Son, & Elkhatib 2006) and applied to support deep rea-
soning in question-answer systems. A reverse integration
has also been explored, allowing an ASP solver to query
a CLP(FD) system, to help supporting execution of aggre-
gates in ASP (Elkabani, Pontelli, & Son 2004). Neverthe-
less, these are mostly ad-hoc integrations, where the line
between the two systems has been manually drawn. Fur-
thermore, the connection in these cases has been explored
without regard to the issue of efficiency and adequacy.

Conclusions

In this paper, we described an experimental study aimed at
comparing the effectiveness of two logic-based declarative
paradigms, i.e., CLP(FD) and ASP, on various classes of
combinatorial problems. The aim of the study is to provide
a better understanding of what makes one paradigm more
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suitable than the other in solving search and optimization
problems. We provided what we feel are the most natural
and declarative encodings of the various problems in the
different paradigms, and we analyzed the performance of
CLP(FD) and ASP solvers on these encodings.

In the future, we plan to extend our analysis to other prob-
lems and to other constraint (e.g., ILOG) and ASP solvers
(e.g., ASSAT, DLV). In particular, we are interested in an-
swering the following long term questions:

e Is it possible to formalize the domain and problem char-
acteristics and employ them to choose the best paradigm?
e [s it possible to introduce strategies to split problem com-
ponents and map them to cooperating solvers (using the
best solver for each part of the problem)?
In particular, we are interested in identifying those con-
texts where the ASP solvers perform significantly better than
CLP(FD). It seems reasonable to expect this behavior, for
instance, whenever incomplete information comes into play
(e.g., modeling conformant planning).
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