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Language Extensions: Overview

Two kinds of negation

Disjunctive logic programs

Propositional theories
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Two kinds of negation
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Two kinds of negation
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Two kinds of negation

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 ldea
B a3~ aceX
m~ax agX
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|a € A} such that
ANA=0

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

P"={a+ b-b|ac(AUA),bc 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,-b -b <+ «c¢,—c
c <« a,a c < b,—b c « c¢,cC
-Cc 4+ a,a -c <+ b,=b -c ¢+ 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~ =
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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 A U A, exactly one of the following two
cases applies:

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

(EE\? Potassco
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Two kinds of negation

m Py = {cross < ~train}
m P, = {cross < —train}
m P3 = {cross < —train,
m Py = {cross < —train,
m Ps = {cross < —train,
m Ps = {cross < —train,

M. Gebser and T. Schaub (KRR@UP)

Train spotting

—train <}
—train <—, —cross <}
—train < ~train}

—train < ~train, —cross <}

C Potassco
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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

Potassco
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Two kinds of negation

Train spotting

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

Train spotting

P1 = {cross < ~train}
m stable model: {cross}

P, = {cross < —train}
m stable model: ()

P3 = {cross « —train, —train <}
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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]aec A} such that
ANA={
Given a program P over A, consider the program
P = {r € P | head(r) # ~a}
U {« body(r)U{~a} | r € P and head(r) = ~a}
U {3+« ~a|re P and head(r) = ~a}

A set X of atoms is a stable model of a program P (with default
negation in rule heads) over A, N B
if X =Y N A for some stable model Y of P over AU A
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ANA=10

(38 Potassco

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



Two kinds of negation

Default negation in rule heads

m We consider logic programs with default negation in rule heads
m Given an alphabet A of atoms, let A={3|ae A} such that
ANA=0
m Given a program P over A, consider the program
P = {r € P | head(r) # ~a}
U {« body(r) U {~a} | r € P and head(r) = ~a}
U {3+« ~a|re P and head(r) = ~a}

(38 Potassco

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



Two kinds of negation

Default negation in rule heads

m Given an alphabet A of atoms, let A={3|ae A} such that
ANA=0
m Given a program P over A, consider the program
P = {r € P | head(r) # ~a}
U {« body(r) U {~a} | r € P and head(r) = ~a}
U {3+« ~a|re P and head(r) = ~a}

m A set X of atoms is a stable model of a 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

(38 Potassco

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



Disjunctive logic programs

Outline

Disjunctive logic programs
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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+ly---,~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

Disjunctive logic programs

m A disjunctive rule, r, is of the form

al ;... ;@m < @m+1,---538n,~aAnt+ly---,~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
head(r) =
body(r)
body(r)"
body(r)~
atom(P)
body(P) =

M. Gebser and T. Schaub (KRR@UP)

{a1,...,am}
{am+1,---s3n,~ant1,.-.,~a0}
{am+1,---,an}

{an+1,---, 30}

Urep (head(r) U body(r)" U body(r)")
{body(r) | r € P}
(3 Potassco
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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+ly---,~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
head(r) = {a1,...,am}
body(r) = {am+i1,---5an,~ant1,---,~a0}
body(r)™ = {ami1,...,an}
body(r)” = {apt1,-.-,30}

atom(P) = J,cp (head(r)U body(r)* U body(r)™)
body(P) = {body(r)|re€ P}
m A program is called positive if body(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, head(r) N X # () whenever body(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)

(38 Potassco
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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}}

(EE\?Potassco
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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(X,r) | color(X,b) | color(X,g) :- node(X).

:— edge(X,Y), color(X,C), color(Y,C).

(38 Potassco
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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).

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

:— edge(X,Y), color(X,C), color(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}

P3y={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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More Examples
Pi={a;b;c+}
stable models {a}, {b}, and {c}

mPr={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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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}

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

More Examples

mPi={a;b;c+}
m stable models {a}, {b}, and {c}
mP,={a;b;c+ , < a}
m stable models {b} and {c}
mP3={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

(38 Potassco
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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
body(r)* C X, body(r)” N X =, and head(r) N X = {A}
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Disjunctive logic programs

An example with variables

_ (1,2) =
Po= { bX)ie(Y) © a(X,Y).~c(Y) }
a(1,2) —
b(1);c(1) <« 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
a(1,2) € X and
{a(1,1),a(2,1),a(2,2)} N X =10
@Potassco
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Disjunctive logic programs

ground(P)

M. Gebser and T. Schaub (KRR@UP)

{ a(1,2
b(X) ;c(Y)
a(1,2)
b(1) ; c(1)
b(1) ; ¢(2)
b(2) ; c(1)
b(2) ; ¢(2)

Answer Set Solving in Practice

An example with variables

a(1,1),~c(1)
a(1,2), ~c(2)
a(2,1),~c(1)
a(2,2), ~c(2)

(38 Potassco
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Disjunctive logic programs

An example with variables

B a(1,2) —
Fo= {b(X);c(Y) - a(x,v),~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
m a(1,2) € X and
m {a(1,1),a(2,1),a(2,2)} N X =0
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M. Gebser and T. Schaub (KRR@UP) Answer Set Solving in Practice July 13, 2013 21 /32



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), 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)}

(38 Potassco

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



Disjunctive logic programs

An example with variables

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)}
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

Consider disjunctive rules of the form
al ;... :dm ;i ™~Am41 ;... ;™~Ap S Aptls .- -y doy, YAo+1, - - ap

where 0 < m < n<o<pandeach a;is an atomfor 0 </ <p
Given a program P over A, consider the program
P {head(r)" < body(r)U{~3| a € head(r)"} | r € P}
U{a< ~al|rePandac head(r)”}

A set X of atoms is a stable model of a disjunctive program P
(with default negation in rule heads) over A, B
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 ™~Am41 ;... ;™~Ap S Aptls .- -y doy, YAo+1, - - ap

where 0 < m<n<o<pandeach g;isanatomfor0 </ <p
m Given a program P over A, consider the program
P = {head(r)" « body(r)U{~3a | ac head(r)”}|rec P}
U{a< ~a|rePandac head(r) }
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Disjunctive logic programs

Default negation in rule heads

m Consider disjunctive rules of the form
al ;... :dm ;i ™~Am41 ;... ;™~Ap S Aptls .- -y doy, YAo+1, - - ap

where 0 < m<n<o<pandeach g;isanatomfor0 </ <p
m Given a program P over A, consider the program
P = {head(r)" « body(r)U{~3a | ac head(r)”}|rec P}
U{a< ~a|rePandac head(r) }

m 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

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
m |

using
m conjunction (A)
m disjunction (V)
m implication (—)

(3 Potassco

M. Gebser and T. Schaub (KRR@UP) Answer Set Solving in Practice July 13, 2013 27 / 32



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
~ = (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
~ = (6 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, ¢X, 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 =1 if 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:

X =1 if X £ ¢
X = if p € 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
=9
n X = (6% 0 HX)

M. Gebser and T. Schaub (KRR@UP)

if X b ¢
if p e X
IfX':(bandgf):(Q/}OH)forOE{/\av54>}
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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:
X =1 if X I o
m X =0 if p € X
B X =@XoHX) ifXEdand ¢ = (vpoH)foroc{AV,—}

mlfop=~p=(p— 1),
then ¢X = (L — 1) =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:
X =1 if X I o
m X =0 if p € X
B X =@XoHX) ifXEdand ¢ = (vpoH)foroc{AV,—}

mlfop=~p=(p— 1),
then ¢X = (L — 1) =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 | ¢ € d}
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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 = ¢ and
minc (¢X) = {X}
In general, this does not imply X € minc(®)!
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m The set of all C-minimal sets of atoms satisfying a propositional
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m A set X of atoms satisfies a propositional theory ®, written X = &,
if X = ¢ for each ¢ € ®
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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(®)

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 =® and
m minc(®X) = {X}
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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(®)

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 =® and
m minc(®X) = {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
o179} = {pV (p = (¢ A r))} and minc (o{777) = {0}
For X = (), we get
®f = {1 v (L — 1)} and minc(?) = {0}

= {pV(~p—(qAT))}
For X = (), we get
d)% = {1} and ming(q)g) =0
For X = {p}, we get
ofPY = {pv (L = 1)} and minc(o5P) = {0}
For X = {q, r}, we get
q)éq-f} ={LV(T = (gATr))} and ming((béq’r}) ={{q,r}}

(EE\E Potassco

M. Gebser and T. Schaub (KRR@UP) Answer Set Solving in Practice July 13, 2013 30/ 32



Propositional theories

Two examples

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

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

Two examples

m & ={pV(p—(qATr))}
m For X = {p,q,r}, we get
1 —{pV (p— (g A1)} and ming (¥177)) = {0}
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Propositional theories

Two examples

m b ={pV(p—(gAr))}
m For X ={p,q,r}, we get
1) —{pV (p— (g A1)} and ming (91777)) = {0}
m For X = (), we get
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Propositional theories

Two examples

m b ={pV(p—(qgAr))}
m For X ={p,q,r}, we get
o{P = {pV (p = (g Ar))} and minc(@{P97) = (0}
m For X = (), we get
& = {L V(L — 1)} and minc(®9) = {0} v
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Propositional theories

Two examples

m b ={pV(p—(qgAr))}
m For X ={p,q,r}, we get
o{P = {pV (p = (g Ar))} and minc(@{P97) = (0}
m For X = (), we get
& = {L V(L — 1)} and minc(®9) = {0} v

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

Two examples

m & ={pV(p—(qAr))}
m For X ={p,q,r}, we get
o179 = {pV (p— (g A1)} and minc(@{»7) = {0}
m For X = (), we get
% = {1 v (L— 1)} and minc(¢?) = {0} v

m b ={pV(~p—(qAr))}
m For X = (), we get
o) = {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 A1)} and minc(@{»7) = {0}
m For X = (), we get
% = {1 v (L— 1)} and minc(¢?) = {0} v

m b ={pV(~p—(qAr))}
m For X = (), we get
®f = {1} and minc () =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 A1)} and minc(@{»7) = {0}
m For X = (), we get
% = {1 v (L— 1)} and minc(¢?) = {0} v

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

Two examples

m & ={pV(p—(qAr))}
m For X ={p,q,r}, we get
o179 = {pV (p— (g A1)} and minc(@{»7) = {0}
m For X = (), we get
% = {1 v (L— 1)} and minc(¢?) = {0} v

m by ={pV(~p—(qgAr))}
m For X =0, we get
®?% = {1} and minc($%) =0
m For X = {p}, we get
¢§P} ={pVv(L— 1)}and ming(d);p}) = {0}
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Propositional theories

Two examples

m O ={pV(p—=(aAr))}
m For X ={p,q,r}, we get
o174 = {pv (p— (g A r))} and minc(®1P77) = {0}
m ForX 0, we get
% = {1 v (L— 1)} and minc(¢?) = {0} v

m &y ={pV(~p—=(qnr))}
m For X = (), we get
®f = {1} and minc () =0
m For X = {p}, we get
o{Pt = {pVv (L = L)} and minc (") = {0}
m For X ={q, r}, we get
o4 = {1V (T = (gAr)}
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Propositional theories

Two examples

m O ={pV(p—=(aAr))}
m For X ={p,q,r}, we get
o174 = {pv (p— (g A r))} and minc(®1P77) = {0}
m ForX 0, we get
% = {1 v (L— 1)} and minc(¢?) = {0} v

m &y ={pV(~p—=(qnr))}
m For X = (), we get
®f = {1} and minc () =0
m For X = {p}, we get
o{Pt = {pVv (L = L)} and minc (") = {0}
m For X ={q, r}, we get
oL = {L V(T = (gAr))} and minc(®4*) = {{q,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[¢] = 7[¢])

mT[l]=1

mT[T]=T

BT[] =0 if ¢ is an atom
m 7[~¢] = ~7[¢]

m 7[(¢,¥)] = (T[o] A T[])

m 7[(¢; )] = (l] V T[¥])
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Relationship to logic programs

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

(¢ < )] = (r[¥] — 7[4])
T[] =1

T[T]=T

T[] = & if ¢ is an atom
T[~g] = ~7[4]

(¢, ¥)] = (7[¢] A T[¢])
(¢ ¥)] = (7[o] v T[¥])

m The translation of a logic program P is 7[P] = {r[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:

(¢ < )] = (r[¥] — 7[4])
T[] =1

T[T]=T

T[] = & if ¢ is an atom
T[~g] = ~7[4]

(¢, ¥)] = (7[¢] A T[¢])
(¢ ¥)] = (7[o] v T[¥])

m The translation of a logic program P is 7[P] = {r[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;q +}
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;q +}
corresponds to 7[P] = {T — pV 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;q +}
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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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;q +}
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: 0 and {p}

(38 Potassco
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