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Resources

Course material

http://www.cs.uni-potsdam.de/wv/lehre

http://moodle.cs.uni-potsdam.de

http://potassco.sourceforge.net/teaching.html

Systems

clasp http://potassco.sourceforge.net

dlv http://www.dlvsystem.com

smodels http://www.tcs.hut.fi/Software/smodels

gringo http://potassco.sourceforge.net

lparse http://www.tcs.hut.fi/Software/smodels

clingo http://potassco.sourceforge.net

iclingo http://potassco.sourceforge.net

oclingo http://potassco.sourceforge.net

asparagus http://asparagus.cs.uni-potsdam.de
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Syntax

Problem solving in ASP: Syntax
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Logic Program

Solution

Stable Models
?

-

6
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Solving
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Syntax

Normal logic programs

A logic program, P, over a set A of atoms is a finite set of rules

A (normal) rule, r , is of the form

a0 ← a1, . . . , am,∼am+1, . . . ,∼an

where 0 ≤ m ≤ n and each ai ∈ A is an atom for 0 ≤ i ≤ n

Notation

head(r) = a0

body(r) = {a1, . . . , am,∼am+1, . . . ,∼an}
body(r)+ = {a1, . . . , am}
body(r)− = {am+1, . . . , an}
atom(P) =

⋃
r∈P

(
{head(r)} ∪ body(r)+ ∪ body(r)−

)
body(P) = {body(r) | r ∈ P}

A program P is positive if body(r)− = ∅ for all r ∈ P
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Syntax

Rough notational convention

We sometimes use the following notation interchangeably
in order to stress the respective view:

default classical
true, false if and or iff negation negation

source code :- , | not -

logic program ← , ; ∼ ¬
formula ⊥,> → ∧ ∨ ↔ ∼ ¬
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Semantics

Problem solving in ASP: Semantics

Problem

Logic Program

Solution

Stable Models
?

-

6

Modeling Interpreting

Solving
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Semantics

Formal Definition
Stable models of positive programs

A set of atoms X is closed under a positive program P iff
for any r ∈ P, head(r) ∈ X whenever body(r)+ ⊆ X

X corresponds to a model of P (seen as a formula)

The smallest set of atoms which is closed under a positive program P
is denoted by Cn(P)

Cn(P) corresponds to the ⊆-smallest model of P (ditto)

The set Cn(P) of atoms is the stable model of a positive program P
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Semantics

Some “logical” remarks

Positive rules are also referred to as definite clauses

Definite clauses are disjunctions with exactly one positive atom:

a0 ∨ ¬a1 ∨ · · · ∨ ¬am

A set of definite clauses has a (unique) smallest model

Horn clauses are clauses with at most one positive atom

Every definite clause is a Horn clause but not vice versa
Non-definite Horn clauses can be regarded as integrity constraints

A set of Horn clauses has a smallest model or none

This smallest model is the intended semantics of such sets of clauses

Given a positive program P, Cn(P) corresponds to the smallest model
of the set of definite clauses corresponding to P
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Semantics

Basic idea

Consider the logical formula Φ and its three
(classical) models:

H
HHH

HHHjp 7→ 1
q 7→ 1
r 7→ 0

{p, q}, {q, r}, and {p, q, r}

Φ q ∧ (q ∧ ¬r → p)

Formula Φ has one stable model,
often called answer set:

{p, q}

PΦ q ←
p ← q, ∼r

Informally, a set X of atoms is a stable model of a logic program P

if X is a (classical) model of P and

if all atoms in X are justified by some rule in P

(rooted in intuitionistic logics HT (Heyting, 1930) and G3 (Gödel, 1932))
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Semantics

Formal Definition
Stable model of normal programs

The reduct, PX , of a program P relative to a set X of atoms is
defined by

PX = {head(r)← body(r)+ | r ∈ P and body(r)− ∩ X = ∅}

A set X of atoms is a stable model of a program P, if Cn(PX ) = X

Note Cn(PX ) is the ⊆–smallest (classical) model of PX

Note Every atom in X is justified by an “applying rule from P”
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Semantics

A closer look at PX

In other words, given a set X of atoms from P,

PX is obtained from P by deleting

1 each rule having ∼a in its body with a ∈ X
and then

2 all negative atoms of the form ∼a
in the bodies of the remaining rules

Note Only negative body literals are evaluated wrt X
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Examples

A first example

P = {p ← p, q ← ∼p}

X PX Cn(PX )

{ } p ← p
q ←

{q} 8

{p } p ← p ∅

{ q} p ← p
q ←

{q} 4

{p, q} p ← p ∅ 8
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A first example
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Examples

A second example

P = {p ← ∼q, q ← ∼p}

X PX Cn(PX )

{ } p ←
q ←

{p, q} 8

{p } p ← {p} 4

{ q}
q ←

{q} 4

{p, q} ∅
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Examples

A second example

P = {p ← ¬q, q ← ¬p}

X PX Cn(PX )

{ } p ←
q ←

{p, q} 8

{p } p ← {p} 4

{ q}
q ←

{q} 4

{p, q} ∅ 4
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A third example
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Examples

Some properties

A logic program may have zero, one, or multiple stable models!

If X is a stable model of a logic program P,
then X is a model of P (seen as a formula)

If X and Y are stable models of a normal program P,
then X 6⊂ Y
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Variables

Programs with Variables

Let P be a logic program

Let T be a set of (variable-free) terms

(also called Herbrand universe)

Let A be a set of (variable-free) atoms constructable from T

(also called alphabet or Herbrand base)

Ground Instances of r ∈ P: Set of variable-free rules obtained by
replacing all variables in r by elements from T :

ground(r) = {rθ | θ : var(r)→ T and var(rθ) = ∅}

where var(r) stands for the set of all variables occurring in r ;
θ is a (ground) substitution

Ground Instantiation of P: ground(P) =
⋃

r∈P ground(r)
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Variables

An example

P = { r(a, b)←, r(b, c)←, t(X ,Y )← r(X ,Y ) }
T = {a, b, c}

A=

{
r(a, a), r(a, b), r(a, c), r(b, a), r(b, b), r(b, c), r(c , a), r(c , b), r(c , c),
t(a, a), t(a, b), t(a, c), t(b, a), t(b, b), t(b, c), t(c , a), t(c , b), t(c , c)

}

ground(P) =


r(a, b) ← ,
r(b, c) ← ,
t(a, a) ← r(a, a), t(b, a) ← r(b, a), t(c , a) ← r(c , a),
t(a, b) ← r(a, b), t(b, b) ← r(b, b), t(c , b) ← r(c , b),
t(a, c) ← r(a, c), t(b, c) ← r(b, c), t(c , c) ← r(c , c)


Intelligent Grounding aims at reducing the ground instantiation
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Variables

Stable models of programs with Variables

Let P be a normal logic program with variables

A set X of (ground) atoms is a stable model of P,

if Cn(ground(P)X ) = X
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Language constructs

Problem solving in ASP: Extended Syntax

Problem

Logic Program

Solution

Stable Models
?

-

6

Modeling Interpreting

Solving
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Language constructs

Language Constructs

Variables (over the Herbrand Universe)

p(X) :- q(X) over constants {a, b, c} stands for
p(a) :- q(a), p(b) :- q(b), p(c) :- q(c)

Conditional Literals

p :- q(X) : r(X) given r(a), r(b), r(c) stands for
p :- q(a), q(b), q(c)

Disjunction

p(X) | q(X) :- r(X)

Integrity Constraints

:- q(X), p(X)

Choice

2 { p(X,Y) : q(X) } 7 :- r(Y)

Aggregates

s(Y) :- r(Y), 2 #count { p(X,Y) : q(X) } 7

also: #sum, #avg, #min, #max, #even, #odd
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Reasoning modes

Problem solving in ASP: Reasoning Modes

Problem

Logic Program

Solution

Stable Models
?

-

6

Modeling Interpreting

Solving
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Reasoning modes

Reasoning Modes

Satisfiability

Enumeration†

Projection†

Intersection‡

Union‡

Optimization

and combinations of them

† without solution recording
‡ without solution enumeration
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In H. Kleine Büning and X. Zhao, editors, Proceedings of the
Eleventh International Conference on Theory and Applications of
Satisfiability Testing (SAT’08), volume 4996 of Lecture Notes in
Computer Science, pages 28–33. Springer-Verlag, 2008.

[9] A. Biere.
PicoSAT essentials.
Journal on Satisfiability, Boolean Modeling and Computation,
4:75–97, 2008.

[10] A. Biere, M. Heule, H. van Maaren, and T. Walsh, editors.
Handbook of Satisfiability, volume 185 of Frontiers in Artificial
Intelligence and Applications.
IOS Press, 2009.

[11] G. Brewka, T. Eiter, and M. Truszczyński.
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Handbook of Tableau Methods.
Kluwer Academic Publishers, 1999.

[14] E. Dantsin, T. Eiter, G. Gottlob, and A. Voronkov.
Complexity and expressive power of logic programming.
In Proceedings of the Twelfth Annual IEEE Conference on
Computational Complexity (CCC’97), pages 82–101. IEEE Computer
Society Press, 1997.

[15] M. Davis, G. Logemann, and D. Loveland.
A machine program for theorem-proving.
Communications of the ACM, 5:394–397, 1962.

[16] M. Davis and H. Putnam.
A computing procedure for quantification theory.
Journal of the ACM, 7:201–215, 1960.

M. Gebser and T. Schaub (KRR@UP) Answer Set Solving in Practice July 13, 2013 32 / 32



[17] C. Drescher, M. Gebser, T. Grote, B. Kaufmann, A. König,
M. Ostrowski, and T. Schaub.
Conflict-driven disjunctive answer set solving.
In G. Brewka and J. Lang, editors, Proceedings of the Eleventh
International Conference on Principles of Knowledge Representation
and Reasoning (KR’08), pages 422–432. AAAI Press, 2008.

[18] C. Drescher, M. Gebser, B. Kaufmann, and T. Schaub.
Heuristics in conflict resolution.
In M. Pagnucco and M. Thielscher, editors, Proceedings of the
Twelfth International Workshop on Nonmonotonic Reasoning
(NMR’08), number UNSW-CSE-TR-0819 in School of Computer
Science and Engineering, The University of New South Wales,
Technical Report Series, pages 141–149, 2008.

[19] N. Eén and N. Sörensson.
An extensible SAT-solver.
In E. Giunchiglia and A. Tacchella, editors, Proceedings of the Sixth
International Conference on Theory and Applications of Satisfiability

M. Gebser and T. Schaub (KRR@UP) Answer Set Solving in Practice July 13, 2013 32 / 32



Testing (SAT’03), volume 2919 of Lecture Notes in Computer
Science, pages 502–518. Springer-Verlag, 2004.

[20] T. Eiter and G. Gottlob.
On the computational cost of disjunctive logic programming:
Propositional case.
Annals of Mathematics and Artificial Intelligence, 15(3-4):289–323,
1995.

[21] T. Eiter, G. Ianni, and T. Krennwallner.
Answer Set Programming: A Primer.
In S. Tessaris, E. Franconi, T. Eiter, C. Gutierrez, S. Handschuh,
M. Rousset, and R. Schmidt, editors, Fifth International Reasoning
Web Summer School (RW’09), volume 5689 of Lecture Notes in
Computer Science, pages 40–110. Springer-Verlag, 2009.

[22] F. Fages.
Consistency of Clark’s completion and the existence of stable models.
Journal of Methods of Logic in Computer Science, 1:51–60, 1994.

[23] P. Ferraris.
M. Gebser and T. Schaub (KRR@UP) Answer Set Solving in Practice July 13, 2013 32 / 32



Answer sets for propositional theories.
In C. Baral, G. Greco, N. Leone, and G. Terracina, editors,
Proceedings of the Eighth International Conference on Logic
Programming and Nonmonotonic Reasoning (LPNMR’05), volume
3662 of Lecture Notes in Artificial Intelligence, pages 119–131.
Springer-Verlag, 2005.

[24] P. Ferraris and V. Lifschitz.
Mathematical foundations of answer set programming.
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