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Motivation

m Classical versus default negation

m Symbol — and ~
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Two kinds of negation

Motivation
m Classical versus default negation
m Symbol — and ~
m Idea
B a3~ aceX
mB~ax aéX
m Example
B Cross < —train
B Cross < ~train
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Two kinds of negation

Classical negation

m We consider logic programs in negation normal form
m That is, classical negation is applied to atoms only

Given an alphabet A of atoms, let A ={-a|ac A} such that
ANA=10

Given a program P over A, classical negation is encoded by adding

P ={a+ b,-b|lac(AUA),bec A}

A set X of atoms is a stable model of a program P over AU A,
if X is a stable model of PU P~
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Two kinds of negation

An example

m The program

P = {a< ~b, b« ~a}U{c+ b, -c <+ b}

induces
a < a,—a a < b,—b a < c¢,cC
—a < a,—a —a < b,=b —a < C,—C
p_ b «— a,—a b < b,—b b + c¢,—c
-b a,—a -b b,ﬂb -b <+ Cc,C
c «— a,a c < b,-b c «— c¢,—cC
-cC ¢+ a,a -c < b,—b -C 4+ C,C

The stable models of P are given by the ones of P U P, viz {a}
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Two kinds of negation

An example

m The program

P = {a<+ ~b, b+ ~a}U{c <« b, -c < b}

induces
(a2 + a,a a <« b,—b a « c¢,—c
—a <+« a,—a —a < b,=b —a + c¢,—C
- b « a,—a b < b,—b b <« c,—c
P =
-b ¢+ a,—a -b <+ b,—b -b <+ ¢,
c ¢+ a,a c < b,—b c « c¢,—cC
-Cc ¢+ a,a -c < b,-b -Cc + c,7C
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m The program

Two kinds of negation

An example

P = {a<+ ~b, b+ ~a}U{c <« b, -c < b}

induces

a
—a
b
—b
c
-c

P~ =

TTTTTT

a, a
a,a
a,1a
a,a
a,a
a,a

a
—a
b
—b
c
-c

TTTTTT

b, —b
b, b
b, —b
b, b
b, —b
b, b

a
—a
b
-b
c
-c

TTTTTT

Cc,C
C,C
c,—C
C,C
c,—C
C,C

m The stable models of P are given by the ones of P U P, viz {a}
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Two kinds of negation

Properties

m The only inconsistent stable “model” is X = AU A

Strictly speaking, an inconsistemt set like AU A is not a model

For a logic program P over AU A, exactly one of the following two
cases applies:

All stable models of P are consistent or

X = AU A is the only stable model of P
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cases applies:

All stable models of P are consistent or
X = AU A is the only stable model of P

[ 1 =}
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 130 / 537



Two kinds of negation

Train spotting

m Py = {cross < ~train}

m P, = {cross < —train}

m P3 = {cross < —train, —train <}

m Py = {cross < —train, —train <—, —cross <}

m Ps = {cross < —train, —train < ~train}

m Ps = {cross < —train, —train < ~train, —cross <}
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Two kinds of negation

Train spotting

m Py = {cross < ~train}
m stable model: {cross}

P, = {cross < —train}
stable model: )

P3 = {cross < —train, —train <}
stable model: {cross, —train}

Py = {cross < —train, —train <, —cross <}
stable model: {cross, —cross, train, —train}

Ps = {cross < —train, —train < ~train}
stable model: {cross, —train}

Pe¢ = {cross <— —train, —train < ~train, —cross <}
no stable model
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Py = {cross < ~train}
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m P, = {cross + —train}
m stable model: ()
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Two kinds of negation

Train spotting

m Py = {cross <— —train, —train <, —cross <}
m stable model: {cross, —cross, train, —train}
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Two kinds of negation

Train spotting

P1 = {cross < ~train}
m stable model: {cross}
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Two kinds of negation

Default negation in rule heads

m We consider logic programs with default negation in rule heads
Given an alphabet A of atoms, let A={3|ae A} such that
ANA=0
Given a program P over A, consider the program

P = {reP|n(r)#~a}
U {« B(r)U{~a} | r € P and h(r) = ~a}
U{a«+ ~al|rePand h(r)=~a}

A set X of atoms is a stable model of a program P (with default
negation in rule heads) over A, N N
if X =Y N A for some stable model Y of P over AU A
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Default negation in rule heads
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Disjunctive logic programs

Outline
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Disjunctive logic programs

Disjunctive logic programs
m A disjunctive rule, r, is of the form
al ;... ;@m < @m+1,---538n,~aAnt+1y---,~do

where 0 < m < n < o0 and each a; is an atom for 0 </ < o
m A disjunctive logic program is a finite set of disjunctive rules
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Disjunctive logic programs
m A disjunctive rule, r, is of the form
al ;... ;@m < @m+1,---538n,~aAnt+1y---,~do

where 0 < m < n < o0 and each a; is an atom for 0 </ < o
m A disjunctive logic program is a finite set of disjunctive rules

m Notation
H(r) = {a1,...,am}
B(r) = {am+1,--+s3n,~ant1,--.,~a0}
B(r)" = {ami1,...,an}
B(r)” = {ant1,---,30}
A(P) = Uep (H()UB(TUB(r)")

B(P) = {B(r)|reP}
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Disjunctive logic programs

Disjunctive logic programs
m A disjunctive rule, r, is of the form
al ;... ;@m < @m+1,---538n,~aAnt+1y---,~do

where 0 < m < n < o0 and each a; is an atom for 0 </ < o
m A disjunctive logic program is a finite set of disjunctive rules

m Notation
H(r) = {a1,...,am}
B(r) = {am+1,--+s3n,~ant1,--.,~a0}
B(r)" = {ami1,...,an}
B(r)” = {ant1,---,30}

A(P) = Uep (H()UB(TUB(r)")
B(P) = {B(r)|reP}
is called positive if B(r)~ = () for all its rul .
m A program is called positive if B(r) () for all its rules (@ Potassco
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Disjunctive logic programs

Stable models

m Positive programs
m A set X of atoms is closed under a positive program P iff
for any r € P, H(r) N X # () whenever B(r)* C X
m X corresponds to a model of P (seen as a formula)

m The set of all C-minimal sets of atoms being closed under a positive
program P is denoted by minc(P)

B minc(P) corresponds to the C-minimal models of P (ditto)

[ 1 =}
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 135 / 537



Disjunctive logic programs

Stable models

m Positive programs
m A set X of atoms is closed under a positive program P iff
for any r € P, H(r) N X # () whenever B(r)* C X
m X corresponds to a model of P (seen as a formula)

m The set of all C-minimal sets of atoms being closed under a positive
program P is denoted by minc(P)

B minc(P) corresponds to the C-minimal models of P (ditto)
m Disjunctive programs
m The reduct, PX, of a disjunctive program P relative to a set X of
atoms is defined by

PX = {H(r) < B(r)" | r€ P and B(r)" N X = 0}

[ 1 =}
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 135 / 537



Disjunctive logic programs

Stable models

m Positive programs
m A set X of atoms is closed under a positive program P iff
for any r € P, H(r) N X # () whenever B(r)* C X
m X corresponds to a model of P (seen as a formula)

m The set of all C-minimal sets of atoms being closed under a positive
program P is denoted by minc(P)

B minc(P) corresponds to the C-minimal models of P (ditto)
m Disjunctive programs
m The reduct, PX, of a disjunctive program P relative to a set X of
atoms is defined by

PX = {H(r) < B(r)" | r€ P and B(r)" N X = 0}

m A set X of atoms is a stable model of a disjunctive program P,
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Disjunctive logic programs

A “positive” example

a —
P_{b;c — a}

The sets {a, b}, {a,c}, and {a, b, c} are closed under P
We have minc(P) = {{a, b}, {a, c}}
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Disjunctive logic programs

Graph coloring (reloaded)
node(1..6).
edge(1,(2;3;4)). edge(2,(4;5;6)). edge(3,(1;4;5)).
edge(4,(1;2)). edge(5,(3;4;6)). edge(6,(2;3;5)).

assign(X,r) ; assign(X,b) ; assign(X,g) :- node(X).

:— edge(X,Y), assign(X,C), assign(Y,C).
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Disjunctive logic programs

Graph coloring (reloaded)
node(1..6).

edge(1,(2;3;4)). edge(2,(4;5;6)). edge(3,(1;4;5)).
edge (4, (1;2)). edge(5,(3;4;6)). edge(6,(2;3;5)).

color(r). color(b). color(g).
assign(X,C) : color(C) :- node(X).

:— edge(X,Y), assign(X,C), assign(Y,C).
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Disjunctive logic programs

More Examples

mPi={a;b;c+}
stable models {a}, {b}, and {c}

P,={a;b,c+ , < a}
stable models {b} and {c}

Py={a;b;c« , <+ a, b«<c, c« b}
stable model {b, c}

Py={a;b<c, b+ ~a,~c, a;c <+ ~b}
stable models {a} and {b}
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Disjunctive logic programs

More Examples

Pi={a;b;c<+}
stable models {a}, {b}, and {c}

P,={a;b;c+ , < a}
stable models {b} and {c}

mP3={a;b;c+,«a, b<c,c« b}
stable model {b, c}
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Disjunctive logic programs

More Examples

mP3s={a;b;c+,+a, b<c, c« b}
m stable model {b, c}
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Disjunctive logic programs
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Disjunctive logic programs

More Examples

mP,={a;b+c, b+ ~a,~c, a;c<+ ~b}
m stable models {a} and {b}
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Disjunctive logic programs

More Examples

mPr={a;b;c+}
m stable models {a}, {b}, and {c}
mP,={a;b;c+, < a}
m stable models {b} and {c}
mP3s={a;b;c+,+a, b<c, c« b}
m stable model {b, c}
mP,={a;b<c, b+ ~a,~c, a;c+ ~b}

m stable models {a} and {b}
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Disjunctive logic programs

Some properties

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

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

m If X and Y are stable models of a disjunctive logic program P,
then X Z Y
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Disjunctive logic programs

Some properties

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

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

m If X and Y are stable models of a disjunctive logic program P,
then X Z Y

m If a € X for some stable model X of a disjunctive logic program P,
then there is a rule r € P such that
B(r)* € X, B(r)" nX =0, and H(r) N X = {a}

amo r
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 139 / 537



Disjunctive logic programs

An example with variables

_ a(1,2) —
"o { b(X):e(Y) « a(X,Y),~c(Y) }
a(1,2) —
b(1);¢c(l) + a(1,1),~c(1)
ground(P) = b(1);c(2) <« a(1,2),~c(2)
b(2);c(l) <+ a(2,1),~c(1)
b(2) ;c(2) <« a(2,2),~c(2)

For every stable model X of P, we have
a(1,2) € X and
{a(1,1),a(2,1),a(2,2)} N X =0
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Disjunctive logic programs

An example with variables

a(l,2 —
F= { BN 2e(¥) s, YY) }
a(1,2) —
b(1);c(l) <« a(1,1),~c(1)
ground(P) = b(1);c(2) «+ a(1,2),~c(2)
b(2);c(l) + a(2,1),~c(1)
b(2);c(2) + a(2,2),~c(2)
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Disjunctive logic programs

An example with variables

a(l,2 —
F= { BN 2e(¥) s, YY) }
a(1,2) —
b(1);c(l) <« a(1,1),~c(1)
ground(P) = b(1);c(2) «+ a(1,2),~c(2)
b(2) ;c(1) <+ a(2,1),~c(1)
b(2);c(2) + a(2,2),~c(2)

For every stable model X of P, we have
m a(1,2) € X and
m {a(1,1),a(2,1),a(2,2)} N X =0
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Disjunctive logic programs

An example with variables
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a(1,1), ~c(1)
a(1,2), ~c(2)
a(2,1),~c(1)
a(2,2), ~c(2)

(&8 Potassco
December 14, 2018 141 / 537



Disjunctive logic programs

An example with variables

a(1,2) —

b(1);¢c(l) <« a(1,1),~c(1)
ground(P)" = b(1);c(2) <« a(1,2),~c(2)

b(2);c(l) <« a(2,1),~c(1)

b(2);c(2) + a(2,2),~c(2)

m Consider X = {a(1,2), b(1)}
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Disjunctive logic programs

An example with variables

a(1,2) —
b(1);c(l) <« a(1,1)
ground(P)* = b(1);c(2) « a(1,2)
b(2);c(l) « a(2,1)
b(2);c(2) + a(2,2)

m Consider X = {a(1,2), b(1)}
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Disjunctive logic programs

An example with variables

a(1,2) —
b(1);c(l) <« a(1,1)
ground(P)* = b(1);c(2) « a(1,2)
b(2);c(l) « a(2,1)
b(2);c(2) + a(2,2)

m Consider X = {a(1,2), b(1)}
m We get minc(ground(P)X) = { {a(1,2), b(1)}, {a(1,2),c(2)} }
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Disjunctive logic programs

An example with variables

a(1,2) —
b(1);c(l) <« a(1,1)
ground(P)* = b(1);c(2) « a(1,2)
b(2);c(l) « a(2,1)
b(2);c(2) + a(2,2)

m Consider X = {a(1,2), b(1)}

m We get minc(ground(P)X) = { {a(1,2), b(1)}, {a(1,2),c(2)} }
m X is a stable model of P because X € minc(ground(P)X)
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Disjunctive logic programs

An example with variables

a(1,2) —

b(1);c(l) <« a(1,1),~c(1)
ground(P)" = b(1);c(2) <+ a(1,2),~c(2)

b(2);c(l) <« a(2,1),~c(1)

b(2);c(2) <+ a(2,2),~c(2)
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Disjunctive logic programs

An example with variables

a(1,2) —

b(1);c(l) <« a(1,1),~c(1)
ground(P)" = b(1);c(2) <+ a(1,2),~c(2)

b(2);c(l) <« a(2,1),~c(1)

b(2);c(2) <+ a(2,2),~c(2)

m Consider X = {a(1,2),c(2)}
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Disjunctive logic programs

An example with variables

m Consider X = {a(1,2),c(2)}

[ 1 =}
(8§ Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 142 / 537



Disjunctive logic programs

An example with variables

m Consider X = {a(1,2),c(2)}

m We get minc(ground(P)X) = { {a(1,2)} }
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Disjunctive logic programs

An example with variables

m Consider X = {a(1,2),c(2)}
m We get minc(ground(P)X) = { {a(1,2)} }
m X is no stable model of P because X ¢ minc(ground(P)X)
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Disjunctive logic programs

Default negation in rule heads

m Consider disjunctive rules of the form
ar;...;d@mi~am4li--- 1~a@n < Angl, -5 A0, VAot - > ~ap

where 0 < m<n<o<pandeach g;isanatomfor0 </ <p
Given a program P over A, consider the program
P {H(r)t < B(r)U{~3|aec H(r)"}|re P}
U{a« ~alrePandacH(r) }
A set X of atoms is a stable model of a disjunctive program P

(with default negation in rule heads) over A, -
if X =Y N A for some stable model Y of P over AU A
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Disjunctive logic programs

Default negation in rule heads

m Consider disjunctive rules of the form
al ;... ;dm ;i ™~aAm41 ;... ;™~Ap S Aptls .- -y doy, YAo41, - - - ap

where 0 < m<n<o<pandeach g;isanatomfor0 </ <p
m Given a program P over A, consider the program
P = {H(r)" « B(r)u{~a|acH(r)"}|reP}
U{a<~a|rePandacH(r)}
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Disjunctive logic programs

Default negation in rule heads

m Consider disjunctive rules of the form
al ;... ;dm ;i ™~aAm41 ;... ;™~Ap S Aptls .- -y doy, YAo41, - - - ap

where 0 < m<n<o<pandeach g;isanatomfor0 </ <p
m Given a program P over A, consider the program
P = {H(r)" « B(r)u{~a|acH(r)"}|reP}
U{a<~a|rePandacH(r)}

m A set X of atoms is a stable model of a disjunctive program P
(with default negation in rule heads) over A, N
if X =Y N A for some stable model Y of P over AU A
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Disjunctive logic programs

An example

m The program
P={a;~a+}
yields
P={a+ ~a}U{3+ ~a}

P has two stable models, {a} and {3}
This induces the stable models {a} and ) of P
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Disjunctive logic programs

An example

m The program
P={a;~a+}
yields
P={a+ ~3} U{3+ ~a}

P has two stable models, {a} and {3}
This induces the stable models {a} and ) of P
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Disjunctive logic programs

An example
m The program
P={a;~a+}
yields
P={a+ ~3} U{3+ ~a}
m P has two stable models, {a} and {3}
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Disjunctive logic programs

An example

m The program
P={a;~a+}
yields
P={a+ ~3} U{3+ ~a}

m P has two stable models, {a} and {3}
m This induces the stable models {a} and () of P
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Propositional theories

Outline

Propositional theories
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Propositional theories

Propositional theories

m Formulas are formed from
m atoms in A
L
using
m conjunction (A)
m disjunction (V)
m implication (—)
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Propositional theories

Propositional theories

m Formulas are formed from

m atoms in A
m |

using
m conjunction (A)
m disjunction (V)
m implication (—)
m Notation
T = (L—>1

~p = (6 1)
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Propositional theories

Propositional theories

m Formulas are formed from
m atoms in A
L
using
m conjunction (A)
m disjunction (V)
m implication (—)

m Notation
T = (L—>1
~p = (¢—1)

m A propositional theory is a finite set of formulas
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Propositional theories

Reduct

m The satisfaction relation X |= ¢ between a set X of atoms and
a (set of) formula(s) ¢ is defined as in propositional logic
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Propositional theories

Reduct

m The satisfaction relation X |= ¢ between a set X of atoms and
a (set of) formula(s) ¢ is defined as in propositional logic

m The reduct, ¢, of a formula ¢ relative to a set X of atoms
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Propositional theories

Reduct

m The satisfaction relation X |= ¢ between a set X of atoms and
a (set of) formula(s) ¢ is defined as in propositional logic
m The reduct, ¢X, of a formula ¢ relative to a set X of atoms is defined
recursively as follows:
m X =1 if X b~ ¢

[ 1 =}
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 147 / 537



Propositional theories

Reduct

m The satisfaction relation X |= ¢ between a set X of atoms and
a (set of) formula(s) ¢ is defined as in propositional logic
m The reduct, ¢X, of a formula ¢ relative to a set X of atoms is defined
recursively as follows:
m X =1 if X }£ o
X =0 if g€ X
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Propositional theories

Reduct

m The satisfaction relation X |= ¢ between a set X of atoms and
a (set of) formula(s) ¢ is defined as in propositional logic
m The reduct, ¢X, of a formula ¢ relative to a set X of atoms is defined
recursively as follows:
m X =1 if X b~ ¢
X =0 if g€ X
m X =X opX) ifXE¢and p=(vop)foroec{AV,—}
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Propositional theories

Reduct

m The satisfaction relation X |= ¢ between a set X of atoms and
a (set of) formula(s) ¢ is defined as in propositional logic
m The reduct, ¢X, of a formula ¢ relative to a set X of atoms is defined
recursively as follows:
m X =1 if X b~ ¢
X =0 if g€ X
m X =X opX) ifXE¢and p=(vop)foroec{AV,—}

"= = L)
then ¢X = (L — L) =T, if X £ ¢, and ¢X = L, otherwise
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Propositional theories

Reduct

m The satisfaction relation X |= ¢ between a set X of atoms and
a (set of) formula(s) ¢ is defined as in propositional logic

m The reduct, ¢X, of a formula ¢ relative to a set X of atoms is defined
recursively as follows:

m X =1 if X b~ ¢
m X = if ¢ e X
m X = (1X0pX) ifXEgand = (o) foroe{AV,—}

"= = L)
then ¢X = (L — L) =T, if X £ ¢, and ¢X = L, otherwise

m The reduct, X, of a propositional theory ® relative to a set X of
atoms is defined as ®X = {¢X | ¢ € O}
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Propositional theories

Stable models

m A set X of atoms satisfies a propositional theory ®, written X = ¢,
if X |= ¢ for each ¢ € ®

The set of all C-minimal sets of atoms satisfying a propositional
theory @ is denoted by minc(®)

A set X of atoms is a stable model of a propositional theory ®,
if X € minc(®X)

If X is a stable model of ®, then
X E ¢ and
minc (&%) = {X}

In general, this does not imply X € minc(®)!
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Propositional theories

Stable models

m A set X of atoms satisfies a propositional theory ®, written X = &,
if X = ¢ for each ¢ € ®

m The set of all C-minimal sets of atoms satisfying a propositional
theory ® is denoted by minc(P)
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Propositional theories

Stable models

m A set X of atoms satisfies a propositional theory ®, written X = &,
if X = ¢ for each ¢ € ®

m The set of all C-minimal sets of atoms satisfying a propositional

theory ® is denoted by minc(P)

m A set X of atoms is a stable model of a propositional theory ¢,
if X € minc(®%)
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Propositional theories

Stable models

m A set X of atoms satisfies a propositional theory ®, written X = &,
if X = ¢ for each ¢ € ®

m The set of all C-minimal sets of atoms satisfying a propositional
theory ® is denoted by minc(P)

m A set X of atoms is a stable model of a propositional theory ¢,
if X € minc(®%)

m If X is a stable model of ®, then

m X E® and
n ming(CDX):{X}
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Propositional theories

Stable models

A set X of atoms satisfies a propositional theory ®, written X = &,
if X = ¢ for each ¢ € ®

m The set of all C-minimal sets of atoms satisfying a propositional
theory ® is denoted by minc(P)

m A set X of atoms is a stable model of a propositional theory ¢,
if X € minc(®%)

m If X is a stable model of ®, then

m X E® and
n ming(CDX):{X}

Note In general, this does not imply X € minc(®)!
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Propositional theories

Two examples

m & ={pV(p—(qAr))}
For X ={p, q, r}, we get
{74 = {pV (p— (¢ Ar))} and minc (&{7*")) = {0}
For X = (), we get
®? = {1 v (L — 1)} and minc(®?) = {0}

&y ={pV(~p—(qgAT))}
For X = (), we get
(Dg = {1} and ming(q)g) =0
For X = {p}, we get
ofPY = {pVv (L = 1)} and minc (1) = {0}
For X = {q, r}, we get
(Déq-f} ={LV(T = (gATr))} and ming(q)éq’r}) ={{q,r}}
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Propositional theories

Two examples

m o ={pV(p—(qAr))}
m For X = {p,q,r}, we get

o{Pe = (pv (p = (gAr)}
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Propositional theories

Two examples

m & ={pV(p—(qAr))}
m For X ={p,q,r}, we get
*{P4} — {pV (p— (g Ar))} and ming(#{7*7) = {0}
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Propositional theories

Two examples

= &= {pV(p— (qAN)}
m For X ={p,q,r}, we get
*{P4} — {pV (p = (g Ar))} and ming({7*7) = {0}
m For X =0, we get
O ={1Lv(L— 1)}
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Propositional theories

Two examples

= &1 ={pV(p— (A0}
m For X ={p,q,r}, we get
*{P4} — {pV (p = (g Ar))} and ming({7*7) = {0}
m For X =0, we get
®? = {1 v (L— 1)} and minc(¢?) = {0} v
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Propositional theories

Two examples

= &1 ={pV(p— (A0}
m For X ={p,q,r}, we get
*{P4} — {pV (p = (g Ar))} and ming({7*7) = {0}
m For X =0, we get
®? = {1 v (L— 1)} and minc(¢?) = {0} v

m Py ={pV(~p—(qAr))}
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Propositional theories

Two examples

= &1 ={pV(p— (A0}
m For X ={p,q,r}, we get
*{P4} — {pV (p = (g Ar))} and ming({7*7) = {0}
m For X =0, we get
®? = {1 v (L— 1)} and minc(¢?) = {0} v

m P ={pV(~p—(qAr))}
m For X = (), we get
®5 = {1}
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Propositional theories

Two examples

= &1 ={pV(p— (A0}
m For X ={p,q,r}, we get
*{P4} — {pV (p = (g Ar))} and ming({7*7) = {0}
m For X =0, we get
®? = {1 v (L— 1)} and minc(¢?) = {0} v

m P ={pV(~p—(qAr))}
m For X = (), we get
®f = {1} and minc () =0
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Propositional theories

Two examples

. 61 ={pV(p— (gAn)}
m For X ={p, q,r}, we get
*{P4} — {pV (p = (g Ar))} and ming({7*7) = {0}
m For X =0, we get
Y = {L V(L — 1)} and minc(®?) = {0} v

m O ={pV(~p—(qATr))}
m For X = (), we get
®f = {1} and minc () =0
m For X = {p}, we get
o = {pv (L — 1)}
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Propositional theories

Two examples

m & ={pV(p—(qAr))}
m For X ={p, q,r}, we get
o179 = {pV (p— (g Ar))} and minc(®PF) = {0}
m For X =0, we get
®? = {1 v (L— 1)} and minc(¢?) = {0} v

m by ={pV(~p—(qgAr))}
m For X =), we get
®f = {1} and minc () =0
m For X = {p}, we get
d)ép} ={pV(L— 1)} and ming(d);p}) = {0}
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Propositional theories

Two examples

m & ={pV(p—(qAr))}
m For X ={p, q,r}, we get
o179 = {pV (p— (g Ar))} and minc(®{777) = {0}
m For X =0, we get
®? = {1 v (L— 1)} and minc(¢?) = {0} v

m by ={pV(~p—(qgAr))}
m For X = (), we get
®f = {1} and minc () =0
m For X = {p}, we get
d)ép} ={pV(L— 1)} and ming(d);p}) = {0}
m For X = {q, r}, we get
ol = (L V(T = (qAr)}

[ 1 =}
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 149 / 537



Propositional theories

Two examples

m & ={pV(p—(qAr))}
m For X ={p, q,r}, we get
o179 = {pV (p— (g Ar))} and minc(®{777) = {0}
m For X =0, we get
®? = {1 v (L— 1)} and minc(¢?) = {0} v

m by ={pV(~p—(qgAr))}
m For X =0, we get
®f = {1} and minc () =0
m For X = {p}, we get
d)ép} ={pV(L— 1)} and ming(d);p}) = {0}
m For X ={q,r}, we get
oL = (1L V(T = (gAr))} and minc(®57) = {{g,r}} v
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Propositional theories

Relationship to logic programs

m The translation, 7[(¢ « v)], of a rule (¢ < v) is defined as follows:
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Propositional theories

Relationship to logic programs

m The translation, 7[(¢ « v)], of a rule (¢ < v) is defined as follows:
n 7[(¢  ¥)] = (r[¢] = 7l¢])

mT[l]=1

mT[T]=T

m 7[p] =& if ¢ is an atom
m 7[~g] = ~7[¢]

m 7[(¢, )] = (r[o] A T[¢])

m 7[(¢; )] = (r[o] V T[¢])
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Propositional theories

Relationship to logic programs

m The translation, 7[(¢ « v)], of a rule (¢ < v) is defined as follows:
n 7[(¢  ¥)] = (r[¢] = 7l¢])

mT[l]=1

mT[T]=T

m 7[p] =& if ¢ is an atom
m 7[~g] = ~7[¢]

m 7[(¢, )] = (r[o] A T[¢])

m 7[(¢; )] = (r[o] V T[¢])

m The translation of a logic program P is 7[P] = {7[r] | r € P}
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Propositional theories

Relationship to logic programs

m The translation, 7[(¢ « v)], of a rule (¢ < v) is defined as follows:

T[(¢ < ¥)] = ([¥] — 7[¢])
T[] =1

T[T]=T

T[] = ¢ if ¢ is an atom
T[~¢] = ~7[¢]

[(¢,¥)] = (78] A T[¥])
(¢ ¥)] = (vlo] v T[¥])

m The translation of a logic program P is 7[P] = {7[r] | r € P}

m Given a logic program P and a set X of atoms,
X is a stable model of P iff X is a stable model of 7[P]
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Propositional theories

Logic programs as propositional theories

m The normal logic program P = {p < ~q, q < ~p}
corresponds to 7[P] = {~q — p, ~p — q}
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Propositional theories

Logic programs as propositional theories

m The normal logic program P = {p < ~q, q < ~p}
corresponds to 7[P] = {~q — p, ~p — q}
m stable models: {p} and {q}
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Propositional theories

Logic programs as propositional theories

m The normal logic program P = {p < ~q, q < ~p}
corresponds to 7[P] = {~q — p, ~p — q}
m stable models: {p} and {q}

m The disjunctive logic program P = {p ;g <}
corresponds to 7[P] = {T — pV q}
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Propositional theories

Logic programs as propositional theories

m The normal logic program P = {p < ~q, q < ~p}
corresponds to 7[P] = {~q — p, ~p — q}
m stable models: {p} and {q}

m The disjunctive logic program P = {p ;g <}
corresponds to 7[P] = {T — pV q}
m stable models: {p} and {q}

[ 1 =}
(8§ Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 151 / 537



Propositional theories

Logic programs as propositional theories

m The normal logic program P = {p < ~q, q < ~p}
corresponds to 7[P] = {~q — p, ~p — q}
m stable models: {p} and {q}

m The disjunctive logic program P = {p ;g <}
corresponds to 7[P] = {T — pV q}
m stable models: {p} and {q}

m The nested logic program P = {p < ~~p}
corresponds to 7[P] = {~~p — p}
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(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 151 / 537



Propositional theories

Logic programs as propositional theories

m The normal logic program P = {p < ~q, q < ~p}
corresponds to 7[P] = {~q — p, ~p — q}
m stable models: {p} and {q}

m The disjunctive logic program P = {p ;g <}
corresponds to 7[P] = {T — pV q}
m stable models: {p} and {q}

m The nested logic program P = {p < ~~p}
corresponds to 7[P] = {~~p — p}
m stable models: ) and {p}
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Aggregates

Outline

Aggregates
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Aggregates

Motivation

m Aggregates provide a general way to obtain a single value from a
collection of input values

m Popular aggregate (functions)
m average

count

maximum

minimum

sum

m Cardinality and weight constraints rely on count and sum aggregates

o
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Aggregates

Syntax
m An aggregate has the form:

a{wi:al,...,Wn: am, Wmil : ~amtly---, Wn:~an} < k

where for 1 < i <n

m « stands for a function mapping multisets over Z to Z U {400, —oc0}
< stands for a relation between Z U {400, —o0} and Z

keZ

a; are atoms and

w; are integers

m Example sum {30 : hd(a),...,50: hd(m)} < 300

[ 1 =}
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Aggregates

Semantics

m A (positive) aggregate o {wi : a1,...,wp:an} < k
can be represented by the formula:

/\ /\ a; — \/ aj
IC{L,n} afwilicl} Ak \i€l i

where [ = {1,...,n}\ I and 4 is the complement of <

m Then, a {ws :a1,...,w,: ap} < kis true in X iff
the above formula is true in X

[ 1 =}
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Aggregates

Example

m Consider sum{1:p,1:q} #1
Thatis, a1 =p,ax=qgand vy =1, wp =1
m Calculemus!

| [{wlieh | Siwlich|Siwlich=1
0 {} 0 false

{1} {1} 1 true
{2} {1} 1 true
{1,2} {1,1} 2 false

(38 Potassco
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Aggregates

Example

m Consider sum{1:p,1:q} #1
Thatis, a1 =p,ax=qgand vy =1, wp =1
m Calculemus!

| [{wlieh | Siwlich|Siwlich=1
0 {} 0 false

{1} {1} 1 true
{2} {1} 1 true
{1,2} {1,1} 2 false

m We get (p— q) A (g9 — p)
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Aggregates

Example

m Consider sum{1:p,1:q} #1
Thatis, a1 =p,ax=qgand vy =1, wp =1
m Calculemus!

| [{wiliel | S{wlicl} | X{wlicl}=1

0 {} 0 false
{1} {1} 1 true
{2} {1} 1 true

{1,2} {1,1} 2 false

m We get (p— q) A (g9 — p)
m Analogously, we obtain (pV g) A—=(pAq) for sum{1:p,1:q} =1
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Aggregates

Monotonicity

m Monotone aggregates
m For instance,
m B(r)"
msum{l:p,1:q}>1
m We get a simpler characterization: A\;ci1 o1 aqwlicryzk Vier @

m Anti-monotone aggregates
m For instance,
m B(r)”
B sum{l:p,1:q} <1
m We get a simpler characterization: /\,g{l)wn}’a{w(,“e,}?{k = Nics i

m Non-monotone aggregates
m For instance, sum{1: p,1: g} # 1 is non-monotone.
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Aggregates

Monotonicity

m Monotone aggregates
m For instance,
m B(r)"
m sum{l:p,1:q}>1 amountsto pAgq
m We get a simpler characterization: A\;ci1 o1 aqwlicryzk Vier @

m Anti-monotone aggregates
m For instance,
m B(r)”
m sum{l:p,1:qg} <1 amounts to - p A g
m We get a simpler characterization: A\;cq1 o aqwilicryzk = Nies @i

m Non-monotone aggregates
m For instance, sum{1: p,1: g} # 1 is non-monotone.

[ 1 =}
(8§ Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 157 / 537



Gringo language

Outline

Gringo language
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Gringo language

Gringo language

Problem Solution
Modeling Interpreting
Solving
Logic Stable
Program Grounder Solver Models
gringo format aspif format

is a machine-oriented standard for ground programs

is a user-oriented language for (non-ground) programs

extending the ASP language standard ASP-Core-2 @ Pot
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Problem

Modeling

Logic
Program

Gringo language

Solving

Grounder

Gringo language

Solution

Interpreting

Solver

aspif format

Stable
Models

m aspif format is a machine-oriented standard for ground programs
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Gringo language

Problem Solution
Modeling Interpreting
Solving
Logic Stable
Program Grounder Solver Models
gringo format aspif format

m aspif format is a machine-oriented standard for ground programs

m gringo format is a user-oriented language for (non-ground) programs

extending the ASP language standard ASP-Core-2 @t
g2 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 159 / 537



Gringo language

Gringo language

Problem Solution
Modeling Interpreting
Solving
Logic Stable
Program Grounder Solver Models
gringo format aspif format

m aspif format is a machine-oriented standard for ground programs

m gringo format is a user-oriented language for (non-ground) programs

extending the ASP language standard ASP-Core-2 @t
g2 Potassco
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Gringo language

Terms and literals

a, ~a, ~~a
t; < b
l:L
s <1o{t;:Ly;...;th: Ly} <0 s

a, ~a, ~~a
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Gringo language

Terms and literals

m Terms t are formed from

constant symbols, eg ¢, d, ...

function symbols, eg f, g, ...

numeric symbols, eg 1, 2, ...

variable symbols, eg X, Y, ..., _

parentheses (, )

tuple delimiters (, ) (omitted whenever possible)
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Gringo language

Terms and literals

m Terms t are formed from
m constants, eg c, d, ...

functions, eg £, g, ...

numerics, eg 1, 2, ...

variables, eg X, Y, ..., _

parentheses (, )

tuple delimiters (, )
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Gringo language

Terms and literals

m Terms t are formed from
m constants, eg c, d, ...

functions, eg £, g, ...

numerics, eg 1, 2, ...

variables, eg X, Y, ..., _

parentheses (, )

tuple delimiters (, )

eg £(3,c,Z2), g(42,_,.), or £((3,c),X)
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Gringo language

Terms and literals

m Terms t

m Tuples t of terms

o
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Gringo language

Terms and literals

m Terms t

m Tuples t
m (Negated) Atoms a, —a are formed from

m predicate symbols, eg p, q, ...
m parentheses (, )
m tuples of terms

[ 1 =}
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Gringo language

Terms and literals

m Terms t

m Tuples t
m Atoms a, —a are formed from

m predicates, eg p, q, - ..
m parentheses (, )
m tuples of terms
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Gringo language

Terms and literals

m Terms t

m Tuples t

m Atoms a, —a are formed from
m predicates, eg p, q, ...

m parentheses (, )
m tuples of terms

eg -p(£(3,c,2),g(42,_,)) or q() written as q
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Gringo language

Terms and literals

m Terms t
m Tuples t
m Atoms a, —a, L, T

o
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Gringo language

Terms and literals

m Terms t
m Tuples t

m Atoms a, —a, L, T
viz #false and #true

o
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Gringo language

Terms and literals

Terms t
Tuples t
Atoms a, —a, L, T

Symbolic literals a, ~a, ~~a
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Gringo language

Terms and literals

Terms t

Tuples t

Atoms a, —a, L, T

Symbolic literals a, ~a, ~~a

eg p(a,X), not p(a,X)’, ‘not not p(a,X)’
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Gringo language

Terms and literals

m Terms t

m Tuples t

m Atoms a, —a, L, T

m Symbolic literals a, ~a, ~~a
[

Arithmetic literals t; < to where

m t; and t, are terms
m < is a comparison symbol
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Gringo language

Terms and literals

m Terms t

m Tuples t

m Atoms a, —a, L, T

m Symbolic literals a, ~a, ~~a
[

Arithmetic literals t; < to where

m t; and t, are terms
m < is a comparison symbol

eg 3<1 or £(42)=X
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Gringo language

Terms and literals

m Terms t

m Tuples t, L of literals

m Atoms a, —a, L, T

m Symbolic literals a, ~a, ~~a
m Arithmetic literals t; < t

n

Conditional literals [: L where

m [ is a symbolic or arithmetic literal
m L is a tuple of symbol or arithmetic literals

(38 Potassco

Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 160 / 537



Gringo language

Terms and literals

m Terms t

m Tuples t, L

m Atoms a, —a, L, T

m Symbolic literals a, ~a, ~~a
m Arithmetic literals t; < t

n

Conditional literals [: L where

m [ is a symbolic or arithmetic literal
m L is a tuple of symbol or arithmetic literals
m /: L is written as / whenever L is empty
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Gringo language

Terms and literals

m Terms t

m Tuples t, L

m Atoms a, —a, L, T

m Symbolic literals a, ~a, ~~a
m Arithmetic literals t; < t

n

Conditional literals [: L where

m [ is a symbolic or arithmetic literal
m L is a tuple of symbol or arithmetic literals

eg pX,Y):q(X),r(Y)' or p(42) or ‘#false:q’
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Gringo language

Terms and literals

m Terms t

m Tuples t, L

m Atoms a, —a, L, T

m Symbolic literals a, ~a, ~~a

m Arithmetic literals t1 < t

m Conditional literals /: L

m Aggregate atoms s <3 a{t;: Li;...;ty: Ly} <2 5o where
® o is an aggregate name
mt;:Ly,... t,: L, are conditional literals

m <; and <, are comparison symbols
m 51 and s, are terms
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Gringo language

Terms t

Tuples t, L

Atoms a, —a, 1, T
Symbolic literals a, ~a, ~~a
Arithmetic literals t; < to
Conditional literals /: L

m « is an aggregate name
mt;:Ly,... t,: L, are conditional |
m <3 and <; are comparison symbols
m s; and s, are terms

=

Aggregate atoms s; <3 a{t; : Lg;...

Terms and literals

tn: Lp} <2 sp where

iterals

one (or both) of ‘s; <3 and ‘<5 s’ can be omitted
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Gringo language

Terms and literals

Terms t

Tuples t, L

Atoms a, —a, L, T
Symbolic literals a, ~a, ~~a
Arithmetic literals t; < to
Conditional literals /: L

Aggregate atoms s; <3 a{t; : Li;...

m « is an aggregate name

vtn: Lp} <2 sp where

mt;:Ly,..., t,: L, are conditional literals

m <3 and <; are comparison symbols
m s; and s, are terms
m omitting <; or <, defaults to <
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Gringo language

Terms and literals

m Terms t

m Tuples t, L

m Atoms a, 7a, L, T

m Symbolic literals a, ~a, ~~a

m Arithmetic literals t; < t

m Conditional literals /: L

m Aggregate atoms s; <3 afty: Li;...;th: Ly} <2 sp where
m « is an aggregate name

mt;:Ly,... t,: L, are conditional literals
m <3 and <; are comparison symbols
m s; and s, are terms

eg 10 <= #sum {6,C:course(C); 3,S:seminar(S)} <= 20
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Gringo language

Terms and literals

m Terms t

m Tuples t, L

m Atoms a, 7a, L, T

m Symbolic literals a, ~a, ~~a

m Arithmetic literals t; < t

m Conditional literals /: L

m Aggregate atoms s; <3 afty: Li;...;th: Ly} <2 sp where
m « is an aggregate name

mt;:Ly,... t,: L, are conditional literals
m <3 and <; are comparison symbols
m s; and s, are terms

eg 10 #sum {6,C:course(C); 3,S:seminar(S)} 20
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Gringo language

Terms and literals

Terms t

Tuples t, L

Atoms a, —a, L, T

Symbolic literals a, ~a, ~~a

Arithmetic literals t; < t»

Conditional literals /: L

Aggregate atoms s; <3 a{t; : Li;...;th: Ly} <o
Aggregate literals a, ~a, ~~a where

B ais an aggregate atom
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Gringo language

Terms and literals

Terms t

Tuples t, L

Atoms a, —a, L, T

Symbolic literals a, ~a, ~~a

Arithmetic literals t; < t»

Conditional literals /: L

Aggregate atoms s; <3 a{t; : Li;...;th: Ly} <o
Aggregate literals a, ~a, ~~a where

m ais an aggregate atom
eg not 10 #sum {6,C:course(C); 3,S:seminar(S)} 20
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Gringo language

Terms and literals

Terms t

Tuples t, L

Atoms a, —a, L, T

Symbolic literals a, ~a, ~~a

Arithmetic literals t; < t»

Conditional literals /: L

Aggregate atoms s; <3 a{t; : Li;...;th: Ly} <o
Aggregate literals a, ~a, ~~a

Literals are conditional or aggregate literals
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Gringo language

Terms and literals

Terms t

Tuples t, L

Atoms a, —a, L, T

Symbolic literals a, ~a, ~~a

Arithmetic literals t; < t»

Conditional literals /: L

Aggregate atoms s; <3 a{t; : Li;...;th: Ly} <o

Aggregate literals a, ~a, ~~a

Literals are conditional or aggregate literals

For a detailed account please consult the user's guide!
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Gringo language

Rules
m Rules are of the form
Il;--';/m<_lm+17'--;/n (2)
where
m /; is a conditional literal for 1 < j < m and
m /iisaliteral form+1<i<n
(&8 Potassco
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Gringo language

ROIES

m Rules are of the form
Il;--';/m<_lm+17'--7/n (2)

where
m /; is a conditional literal for 1 < j < m and
m [isaliteral form+1<i<n

m Note Semicolons ‘;" must be used in (2) instead of commas ',
whenever some /; is a (genuine) conditional literal for 1 < <n
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Gringo language

ROIES

m Rules are of the form

Il;--';/m<_lm+17'--7/n (2)

WHEE

m /; is a conditional literal for 1 < j < m and
m [isaliteral form+1<i<n

m Note Semicolons ‘;" must be used in (2) instead of commas ',
whenever some /; is a (genuine) conditional literal for 1 < <n

m Example a(X) :- b(X) : cX), dX); e(x).
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Gringo language

Shortcuts

m A rule of the form
S1 -<1Oé{t12/1:Ll;...;th/kZLk} <28 ¢ Imy1,---y1n

where
m o, <}, S, t; are as given above for i =1,2 and 1 <j < k
m /;: L;is a conditional literal for 1 <j < k
m /;isaliteral for m+1<i<n (asin (2))
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Gringo language

Shortcuts

m A rule of the form
S1 -<10z{t1:/l:Ll;...;tkilk:l.k} <28 ¢ Imy1,---,1n

where

m o, <}, S, t; are as given above for i =1,2 and 1 <j < k
m /;: L;is a conditional literal for 1 <j < k
m /;isaliteral for m+1<i<n (asin (2))

is a shorthand for the following k + 1 rules

U} syl L Tar 1L < <
gty oos o~ st <vofty s Lyt g L <2 82
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Gringo language

Shortcuts

m A rule of the form
S1 -<10z{t1:/l:Ll;...;tkilk:l.k} <28 ¢ Imy1,---,1n

where

m o, <}, S, t; are as given above for i =1,2 and 1 <j < k
m /;: L;is a conditional literal for 1 <j < k
m /;isaliteral for m+1<i<n (asin (2))

is a shorthand for the following k + 1 rules

U} syl L Tar 1L < <
gty oos o~ st <vofty s Lyt g L <2 82

m Example 10 < #sum { C,X,Y : edge(X,Y) : cost(X,Y,C) }.

[ 1 =}
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 162 / 537



Gringo language

Shortcuts

m The expression
S1 {Il a Ll;'--;/k 8 Lk} So

is a shortcut for
ms <count{ty:h :Ly;...;tx:lx:Lg}<s
if it appears in the head of a rule and
m s < count{ty:h,Ly;...;tk: Ik, Ly} < s
if it appears in the body of a rule
where t; # tj whenever L; # L;j for i #jand 1 <i,j <k
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Gringo language

Shortcuts
m The expression
S1 {Il a Ll;'--;/k 8 Lk} So

is a shortcut for
ms <count{ty:h :Ly;...;tx:lx:Lg}<s
if it appears in the head of a rule and
m s < count{ty:h,Ly;...;tk: Ik, Ly} < s
if it appears in the body of a rule
where t; # tj whenever L; # L;j for i #jand 1 <i,j <k
m Note one (or both) of s; and s, can be omitted
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Gringo language
EIES

{a; b}
$ gringo --text <(echo "{a;b}.")
#count{1,0,a:a;1,0,b:b}.

gringo generates two distinct term tuples 1,0,a and 1,0,b

1=4{q&V: pX, p(Y), X <Y; qX,X): pX) }
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$ gringo --text <(echo "{a;b}.")
#count{1,0,a:a;1,0,b:b}.

gringo generates two distinct term tuples 1,0,a and 1,0,b

1={qX,Y: pX), p(Y), X <Y; 9X,X): p(X) }
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m {a; b}
$ gringo --text <(echo "{a;b}.")
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Gringo language

Examples

m {a; b}

$ gringo --text <(echo "{a;b}.")
#count{1,0,a:a;1,0,b:b}.

gringo generates two distinct term tuples 1,0,a and 1,0,b

[ 1 =}
(8§ Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 164 / 537



Gringo language

Examples

m {a; b}
$ gringo --text <(echo "{a;b}.")
#count{1,0,a:a;1,0,b:b}.

gringo generates two distinct term tuples 1,0,a and 1,0,b

ml={q&XY: pX), p(¥Y), X <Y; qX,X0: pX) }

[ 1 =}
(3 Potassco
Torsten Schaub (KRRQUP) Answer Set Solving in Practice December 14, 2018 164 / 537



Gringo language

Weak constraints

m Syntax A weak constraint is of the form
i~y . [W@p, t1,..., tm]

where

mh,...,I, are literals
m ty,...,tn, w, and p are terms
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Weak constraints

m Syntax A weak constraint is of the form
i~y . [W@p, t1,..., tm]

where
m [,..., [, are literals
m ty,...,tn, w, and p are terms

m w and p stand for a weight and priority level (p = 0 if ‘@p’ is omitted)
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Gringo language

Weak constraints

m Syntax A weak constraint is of the form

i~ /1,...,/n.[W©p,t1,...,tm]

where
m [,..., [, are literals
m ty,...,tn, w, and p are terms

m w and p stand for a weight and priority level (p = 0 if ‘@p’ is omitted)
m Example The weak constraint

~hd(I,P,C). [CE2,I]
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Gringo language

Weak constraints

m Syntax A weak constraint is of the form

R /1,...,/n.[W©p,t1,...,tm]

where
m [,..., [, are literals
m ty,...,tn, w, and p are terms

m w and p stand for a weight and priority level (p = 0 if ‘@p’ is omitted)
m Example The weak constraint

:~hd(I,P,C). [C@2,I]
amounts to the minimize statement

#minimize{ C@2,I : hd(I,P,C) }.
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Gringo language

Some more directives
m Output

#show. #show p/n. #show t : h,..., I
Projection

H#project p/n. #project a : h,..., e
Heuristics

#heuristica : f,..., In. [k@p, m]
Acyclicity

#edge (u,v) @ h,..., In.
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Gringo language

Some more directives
m Output
#show. #show p/n. #show t : h,..., I

m Projection

#project p/n. #project a : h,..., I,
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Gringo language

Some more directives

m Output

#show. #show p/n. #show t : h,..., I
m Projection

#project p/n. #project a : h,..., I,
m Heuristics

#heuristic a : h,..., I, [k@p, m]
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Gringo language

Some more directives

Output
#show. #show p/n. #show t : h,..., I
m Projection
#project p/n. #project a : h,..., I,
m Heuristics

#heuristic a : h,..., I, [k@p, m]

Acyclicity
#edge (u,v) : h,... 1.
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Gringo language

gringo 3 versus 4/5

m The input language of gringo series 4/5 comprises
m ASP-Core-2
m concepts from Iparse and gringo 3
The gringo 3 rule
r(X) : p(X) : not qX) :- r(X) : pX) : not q(X),
1 {rX : pX) : not qX) I.
can be written as follows in the language of gringo 4/5:

r(X) : p(X), not qX) :- r(X) : p(X), not q(X);
Directives #compute, #domain, and #hide are discontinued

The languages of gringo 3 and 4/5 are not fully compatible
Many example programs in the literature are written for gringo 3
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Gringo language

gringo 3 versus 4/5

m The input language of gringo series 4/5 comprises
m ASP-Core-2
m concepts from Iparse and gringo 3
m Example The gringo 3 rule
BEr(X) : p(X) : not qX) :- r(X) : p(X) : not qX),
1 {r@X : p& : not qX) }.
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Gringo language

gringo 3 versus 4/5

m The input language of gringo series 4/5 comprises
m ASP-Core-2
m concepts from Iparse and gringo 3
m Example The gringo 3 rule
BEr(X) : p(X) : not qX) :- r(X) : p(X) : not qX),
1 {rX : pX) : not qX) .
can be written as follows in the language of gringo 4/5:

Er(X) : p(X), not q(X) :- r(X) : p(X), not q(X);
1 <= #count { 1,r(X) : r(X), p(X), not qX) }.
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Gringo language

gringo 3 versus 4/5

m The input language of gringo series 4/5 comprises
m ASP-Core-2
m concepts from Iparse and gringo 3
m Example The gringo 3 rule
mBr(X) : p(X) : not q(X) :- r(X) : p(X) : mot q(X),
1 {r@X : p& : not qX) }.
can be written as follows in the language of gringo 4/5:
BEr(X) : p(X), not q(X) :- r(X) : p(X), not q(X);
1 {r@X : pX), not qX) }.
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Gringo language

gringo 3 versus 4/5

m The input language of gringo series 4/5 comprises
m ASP-Core-2
m concepts from Iparse and gringo 3
m Example The gringo 3 rule
mBr(X) : p(X) : not q(X) :- r(X) : p(X) : mot q(X),
1 {r@X : p& : not qX) }.
can be written as follows in the language of gringo 4/5:
BEr(X) : p(X), not q(X) :- r(X) : p(X), not q(X);
1 {r@X : pX), not qX) }.

m Note Directives #compute, #domain, and #hide are discontinued
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Gringo language

gringo 3 versus 4/5

m The input language of gringo series 4/5 comprises
m ASP-Core-2
m concepts from Iparse and gringo 3
m Example The gringo 3 rule
mBr(X) : p(X) : not q(X) :- r(X) : p(X) : mot q(X),
1 {r@X : p& : not qX) }.
can be written as follows in the language of gringo 4/5:
BEr(X) : p(X), not q(X) :- r(X) : p(X), not q(X);
1 {rX : pX), not qX) }.
m Note Directives #compute, #domain, and #hide are discontinued
m Attention

m The languages of gringo 3 and 4/5 are not fully compatible
m Many example programs in the literature are written for gringo 3
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