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a Lamar kian operator, and following the literature,
the genes in these hromosomes that are modi ed by
the Lamar kian operator are best dubbed \memes",
sin e they ode the memory of the experien es of an
individual along its lifetime, besides being transmitted to its progeny.
We believe our method to be important for situations where lassi al belief revision methods hardly
apply: those where environments are non-uniform
and time hanging. These an be explored by distributed agents that evolve geneti ally to a omplish
ooperative belief revision, if they use our approa h.

Abstra t

The revision of beliefs is an important general purpose fun tionality that an agent must exhibit. The
agent usually needs to perform this task in ooperation with other agents, be ause a ess to knowledge
and the knowledge itself are distributed in nature.
In this work, we propose a new approa h for performing belief revision in a so iety of logi -based
agents, by means of a (distributed) geneti algorithm, where the revisable assumptions of ea h agent
are oded into hromosomes as bit-strings. Ea h
agent by itself lo ally performs a geneti sear h in
the spa e of possible revisions of its knowledge, and
ex hanges geneti information by rossing its revisable hromosomes with those of other agents.
We have performed experiments omparing the
evolution in beliefs of a single agent informed of the
whole of knowledge, to that of a so iety of agents,
ea h agent a essing only part of the knowledge. In
spite that the distribution of knowledge in reases the
diÆ ulty of the problem, experimental results show
that the solutions found in the multi-agent ase are
omparable in terms of a ura y to those obtained
in the single agent ase.
The geneti algorithm we propose, besides en ompassing the Darwinian operators of sele tion, mutation and rossover, also omprises a Lamar kian operator that mutates the genes in a hromosome as
a onsequen e of the hromosome phenotype's individual experien e obtained while solving a belief revision problem. These hromosomi mutations are
dire ted by a logi -based belief revision pro edure
that relies on tra ing the logi al derivations leading to in onsisten y of belief, so as to remove these
derivations' support on the gene oded assumptions,
e e tively by mutating the latter. Be ause of the use
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Introdu tion

Belief revision is indeed an important fun tionality
that agents must exhibit: agents should be able to
modify their beliefs in order to model the outside
world. Moreover, they need to perform this task
in ooperation with other agents, be ause a ess to
knowledge and the knowledge itself are distributed in
nature, i.e., ea h agent has only a partial knowledge
of the world.
We onsider a de nition of the belief revision problem that onsists in removing a ontradi tion from
an extended logi program [15, 2, 3℄ by modifying
the truth value of a sele ted set of literals alled revisables. The program ontains as well lauses with
false (?) in the head, representing integrity onstraints. Any model of the program must ensure
that the body of integrity onstraints be false for
the program to be non- ontradi tory. Contradi tion
may also arise in an extended logi program when
both a literal L and its opposite :L are obtainable
in the model of the program. Su h a problem has
been widely studied in the literature, and various solutions have been proposed [4, 9℄ that are based on
1

abdu tive logi proof pro edures.
In this work, we propose a new approa h for performing belief revision in a so iety of logi -based
agents, by means of a (distributed) geneti algorithm. The problem an be modeled by means of
a geneti algorithm, by assigning to ea h revisable
of a logi program a gene in a hromosome. In the
ase of a two-valued revision, the gene will have the
value 1 if the orresponding revisable is true and the
value 0 if the revisable is false. The tness fun tion
that is used in this ase is represented in part by the
per entage of integrity onstraints that are satis ed
by a hromosome.
Ea h agent keeps a population of hromosomes
and nds a solution to the revision problem by means
of a geneti algorithm. We onsider a formulation
of the revision problem where ea h agent has the
same set of revisables and the same program, but
is subje ted to possibly di erent observations and
onstraints. Observations and onstraints may vary
over time, and an di er from agent to agent be ause
agents may explore di erent regions of the world.
Ea h agent by itself lo ally performs a geneti sear h
in the spa e of possible revisions of its knowledge,
and ex hanges geneti information by rossing its
revisable hromosomes with those of other agents.
In this way, we a hieve distribution in belief revision sin e hromosomes oming from di erent agents,
through rossover, ontribute to solve the problem.
In the geneti algorithm we also exploit omputational logi te hniques: the algorithm, omprises
a Lamar kian operator that di ers from a Darwinian mutation operator be ause, instead of randomly modifying the genes, it modi es them in order
to improve the tness of the hromosome. Genes that
are modi ed by this operator are also alled \memes"
[5℄. The Lamar kian operator modi es the memes by
means of a (logi -based) pro edure inspired by [16℄:
the logi al derivations leading to the in onsisten y
of belief are tra ed so as to remove these derivations'
support on the meme oded assumptions, e e tively
by mutating the latter. In our algorithm, therefore,
omputational logi is used in order to nd good revisions that are then distributed by means of the
rossover geneti operator.
We have performed experiments omparing the
evolution in beliefs of a single agent informed of the
whole of knowledge, to that of a so iety of agents,
ea h agent a essing only part of the knowledge. The
experiments have been performed on problems of
model based diagnosis, a natural domain in whi h belief revision te hniques apply [9℄, and on the n-queen
problem. In spite that the distribution of knowledge
in reases the diÆ ulty of the problem, experimental
results show that the solutions found in the multiagent ase are omparable in terms of a ura y to
those obtained in the single agent ase.
Moreover, we have seen that the adoption of

omputational logi methods in a geneti algorithm
provides an improvement over purely geneti approa hes.
2

Logi

Programming Basis

In this se tion we rst provide some logi programming fundamentals, and then we give a de nition of
the belief revision problem adapted from [16℄.
2.1

Language

Given a rst order language Lang , an extended logi
program [15, 2, 3℄ is a set of rules and integrity onstraints of the form
H

1

1

B ; : : : ; Bn ; not C ; : : : ; not Cm

(m  0; n  0)

where H; B1 ; : : : ; Bn ; C1 ; : : : ; Cm are obje tive literals, and in integrity onstraints H is ? (false). An
obje tive literal is either an atom A or its expli it
negation :A, where ::A = A. not L is alled a default or negative literal. Literals are either obje tive
or default ones. The default omplement of obje tive literal L is not L, and of default literal not L is
L. A rule stands for all its ground instan es with
respe t to Lang . The notation H
B is also used
to represent a rule, where the set B ontains the literals in its body. For every pair of obje tive literals
fL; :Lg in Lang, we impli itly assume the onstraint
? L; :L.
The set of all obje tive literals of a program P is
alled its extended Herbrand base and is represented
as H E (P ).
We onsider the Extended Well Founded Semanti s (WFSX ) that extends the well founded semanti s (WFS ) [17℄ for normal logi programs to programs extended with expli it negation, besides the
impli it or default negation of normal programs.
WFSX is obtained from WFS by adding the oheren e prin iple (CP) relating the two forms of negation: \if L is an obje tive literal and :L belongs to

the model of a program, then also not L belongs to
the model ", i.e., :L ! not L. See [2, 11℄ or the
Appendix for a de nition of WFSX.
We say that a set of literals S is ontradi tory i
? 2 S . The para onsistent version of WFSX, that
allows models to ontain the atom ?, is alled WFSXp [7, 8℄.
2.2

Revising Contradi tory Extended
Logi

Programs

Extended logi programs are liable to be ontradi tory be ause of integrity onstraints, either those
that are user-de ned or those of the form ? L; :L
that are impli itely assumed. Let us see an example
of a ontradi tory program.

1
= fa; ?
a; not bg .
Sin e we have no rules for b, by the Closed World
Assumption CWA, it is natural to a ept not b as
true. However, be ause of the integrity onstraint,
we an on lude ? and thus have ontradi tion.

Example 2.1 Consider

It is arguable that the (CWA) may not be held
of atom b sin e it leads to ontradi tion. Revising
su h CWAs is the basis of the ontradi tion removal
method of [16℄. In order to sele t a parti ular ontradi tion removal pro ess, three questions must be
answered:
1. For whi h literals is revision of their truth-value
allowed ?
2. To what truth values do we hange the revisable
literals ?
3. How to hoose among possible revisions ?
The options taken here are lari ed in the dis ussion in se tion 2.4, giving two di erent answers to
these questions. Both use the same riteria to answer 1 and 3, but di er on the se ond one. For
example 2.1 the rst way of removing ontradi tion gives fa; not :a; not :bg as the intended meaning of P , where b is revised to unde ned, a hievable by adding b not b to P . The se ond gives
fa; b; not :a; not :bg, by revising b to true, a hievable by adding b to P .
2.3

Contradi tory

Well

Founded

Model

To revise ontradi tions, we need to identify the ontradi tory sets of onsequen es implied by the appliations of CWA. The main idea is to ompute all
onsequen es of the program, even those leading to
ontradi tions, as well as those arising from ontradi tions. Furthermore, the oheren e prin iple is enfor ed at ea h step.

Example 2.2 Consider program P:
a

1.

not b.

:a

(i)

e

not

. (ii)

:a. (iv)

d

a.

(iii)

not b

and not :a hold from 2 and inferen e rule
(C P ).
5. d and e hold from 2 and rules (iii) and (iv).
6. not d and not e hold from 4 and rules (iii) and
(iv), as they are the only rules for d and e.
1

not a

?

a;

:

a and

?

b;

:

not

:

d

(C P ).

and not :e hold from 5 and inferen e rule

The whole set of onsequen es is the WFSXp
model:

f? :
;

a; a; not a; not

d; not d; not

2.4

:

:

a; not b; not

d; e; not e; not

:g

;

e

Contradi tion Removal Sets

To abolish ontradi tion, the rst issue to onsider
is whi h default literals true by CWA are allowed to
hange their truth values. We adopt the approa h of
[16℄ where the andidates for revision are all the obje tive literals that have no rules in the program. By
CWA, their default negation is true. These literals
are alled revisables.

De nition 2.1 Revisables The revisables of a program P are the elements of a hosen subset Rev(P ),
of the set of all obje tive literals L having no rules
for them in P .

The revisables thus are obje tive literals that do not
appear in rule heads but only in rule bodies, either
in a positive or default form. By the CWA, every
revisable R is false, i.e., not R is true. Now we identify the revisables that have to be revised to true
or unde ned in order to restore onsisten y. These
are the ones that support ontradi tion. Intuitively,
a support of a literal onsists of the revisable literals in the leaves of a derivation for it in the WFSXp
model.

De nition 2.2 Set of assumptions supporting
a literal A support set (of assumptions) of a literal
of the WFSXp model M of a program P , denoted
by S S (L), with respe t to the set of revisable Rev(P )
is obtained as follows:
1. If L is an obje tive literal in M then for ea h
rule L
B in P , su h that B  M there is
one S S (L) formed by the union of a SS for ea h
B 2 B . If B is empty then S S (L) = fg.
L

P

P

P

and not hold sin e there are no rules for
either b or .
2. :a and a hold from 1 and rules (i) and (ii).
3. ? holds from 2 and impli it onstraint a; :a.
4.

7.

P

b are impli itly assumed.

i

2. If L is a default literal

not A

2

MP

:

(a) if no rules for A exist in P then a support
set of L is fnot Ag.
(b) if rules for A exist in P that have a nonempty body, then hoose from ea h su h
rule a single literal su h that its default
omplement belongs to M . There exists
one S S for not A whi h is the union of one
S S for the default omplement of the
hosen literal in ea h rule.
( ) if :A belongs to M then there exist, additionally, support sets S S for not A equal
to ea h S S (:A).
P

P

The de nitions of revisable literals and of support
sets di er from those given in [16℄ be ause there the
revisables are the default omplement of the literals without de nition and support sets there ontain
all the literals in the nodes of a derivation for L.
We have provided these modi ed de nitions be ause
they simplify the introdu tion of the Lamar kian operator in the next se tion.

Example 2.3 The WFSXp model M of:
P

:p

not

:b

not e.

.

t.
a,not b.

p
p
a.

is fa; not :a; not b; :b; not
not e; not

:

e; not t; not

:

Here the revisables are
support sets for not b:
SS

; not

t; p;

f

:

b
b

:

; d; e

f

not

:
: ?g.

; not d; not

p; not p; not

g.

d;

p;

There are two

1 (not b)= S S (not ) [ S S (not d)
1 (not b)= fnot g [ fnot dg =

SS

, a.
d.

g

; not d

by rule

2b

by rule

2a

Noti e that the other possibility of hoosing literals for S S (not b); i.e. S S1 (not b) = S S (not a) [
S S (not d); an't be onsidered be ause not a doesn't
belong to MP . The other support set for not b is
obtained using rule 2 :
2 (not b) = S S (:b)
2 (not b) = S S (not e)
S S2 (not b) = fnot eg

by rule
by rule
by

Now the support sets for the obje tive literal p are
easily omputed:
( )= S S (a) [ S S (not b)
( )= fg[ S S (not b)
(the only rule f or a is f a

SS p

by rule

SS p

by rule

)

We an revise ontradi tory programs by hanging the truth value of the literals of some removal
set of ?. The truth value an be hanged either to
unde ned or false. It an be hanged to unde ned
by adding, for ea h literal not L in the removal set,
the inhibition rule L
not L to P (making L effe tively unde ned), while it an be hanged to false
by adding L to P . In ase the literals are revised to
unde ned, then the ontradi tion is removed and no
new ontradi tion an arise. In ase they are revised
to false, a new ontradi tion may arise and therefore
this ( onvergent) ontradi tion removal pro ess must
be iterated. This de nes the possible revisions of a
ontradi tory program.
We answer the se ond question above by onsidering only a two-valued revisions, i.e. where the truth
value of a revisable an only be hanged to true or
false. We answer the third question by prefering to
revise minimal sets of revisables:

De nition 2.5 Contradi tion removal set A
ontradi tion removal set (C RS ) of P is a minimal
removal set of ?.

1
1

t a

So S S1 (p) = S S 1(not b) = fnot ; not dg and
S S2 (p) = S S2 (not b) = fnot eg. :p has the unique
support set fnot g. Consequently, be ause ontradi tion is obtained only via ?
p; :p, S S1 (?) =
fnot ; not dg and S S2 (?)= fnot e; not g.

Proposition 2.1 Existen e of support sets Every literal L belonging to the WFSXp model of a program P has at least one support set S S (L).
We de ne a spe trum of possible revisions using
the notion of hitting set:

De nition 2.3 Hitting set A hitting set of a olle tion C of sets is formed by the union of one nonempty subset from ea h S 2 C . A hitting set is minimal i no proper subset is a hitting set. If fg 2 C ,
then C has no hitting sets.

? are
g. Its removal sets are

Example 2.3 ( ont.) The support sets of

f

not

2
1
rule 2a

SS

SS

De nition 2.4 Removal set A removal set of a
literal L of a program P is a hitting set of all support
sets S S (L).

g and f

; not d

not

; not e

(RS1 and RS4 being minimal):
RS1 (?; R) = fnot g
RS2 (?; R) = fnot ; not eg
RS3 (?; R) = fnot ; not dg
RS4 (?; R) = fnot d; not eg
RS5 (?; R) = fnot ; not d; not eg

De nition 2.6 Revisable program A program is
revisable i it has a ontradi tion removal set.
The C RS s are minimal hitting sets of the olle tion of support sets of ?. In [16℄ an algorithm for
omputing the C RS s is presented.
3

A

geneti

algorithm

for

multi-agent belief revision

The algorithm here proposed for belief revision extends the standard geneti algorithm (des ribed for
example in [14℄) in two ways:



rossover is performed among hromosomes belonging to di erent agents,



a Lamar kian operator alled Learn is added in
order to bring a hromosome loser to a orre t
revision by hanging the value of the revisables.

Ea h agent exe utes the following algorithm:

GA(F itness; max gen; p; r; m; l)
F itness : a fun tion that assigns an evaluation
s ore to a hypothesis oded as a hromosome
max gen : the maximum number of generations
before termination
p: the number of individuals in the population
r : the fra tion of the population to be
repla ed by Crossover at ea h step
m: the fra tion of the population to be
mutated
l : the fra tion of the population that should
evolve Lamar kianly
Initialize population: P
generate p
hypotheses at random
Evaluate: for ea h h in P , ompute
F itness(h)
gen
0
While gen  max gen
Create a new population Ps :
S ele t: Probabilisti ally sele t (1
r )p
members of P to be added to Ps .
The probability P r(hi ) of sele ting
hypothesis hi from P is given by
F itness(hi )
P r (hi ) =
pj=1 F itness(hj )
C rossover :
For i=1 to rp
Probabilisti ally sele t a hypothesis
h1 from P , a
ording to P r(h1 )
given above
Obtain an hypothesis h2 from another
agent hosen at random
Crossover h1 with h2 obtaining h01
Add h01 to Ps
M utate: Choose m per ent of the members
of Ps with uniform probability.
For ea h, invert one randomly sele ted
bit in its representation
Learn: Choose lp hypotheses from Ps with
uniform probability and substitute ea h
of them with the modi ed hypotheses
returned by the pro edure Learn
Update: P Ps
Return the hypothesis from P with the highest
tness

In belief revision, ea h individual hypothesis is des ribed by the truth value of all the revisables. Sin e
we onsider a two-valued revision, ea h hypothesis
gives the truth value true or false to every revisable
and therefore it an be onsidered as a set ontaining
one literal, either positive or default, for every revisable. A hromosome is obtained by asso iating a bit
to ea h revisable that has value 1 if the revisable is
true and 0 if it is false.

Various tness fun tions an be used in belief revision. The simplest tness fun tion is the following
( )=

F itness hi

ni
n

where ni is the number of integrity onstraints satis ed by hypothesis hi and n is the total number of
integrity onstraints. We will all it an a ura y tness fun tion. Another possible tness fun tion is
the following
( )=

F itness hi

ni
n



n

n

+ jhi j

+

j j
j j  +j j
fi

hi

hi

n

hi

where fi is the number of revisables in hi that are
false, and jhi j is the total number of revisables. We
will all it a hybrid tness fun tion. This fun tion is
a weighted average of the a ura y and the fra tion
of false literals in the solution. In this way, the tness
fun tion prefers hypotheses with a lower number of
true revisable, whi h is desirable in some ases.
The rst extension to the standard geneti algorithm onsists in a rossover operator that allows
the ex hange of genes among agents. The standard
uniform rossover operator produ es a new o spring
from two parent strings by opying sele ted bits from
ea h parent. The bit at position i in the o spring is
opied from the bit in position i in one of the two
parents. The hoi e of whi h parent provides the bit
for position i is determined by an additional string
alled rossover mask. This string is a sequen e of
bits ea h of whi h has the following meaning: if bit
in position i is 0, then the bit in position i in the o spring is opied from the rst parent, otherwise it is
opied from the se ond parent. In uniform rossover,
the mask is generated as a bit string where ea h bit
is hosen at random and independently of the others.
The rossover operator we onsider di ers from the
standard uniform operator be ause one of the parents used in rossover omes from the population of
another agent.
The other extension to the standard geneti algorithm onsists in the addition of the Lamar kian
operator Learn. This operator hanges the values
of the revisables in a hromosome C so that a bigger number of onstraints is satis ed, thus bringing
C
loser to a solution. Learn di ers from a normal
belief revision operator be ause it does not assume
that all the revisables are false by CWA before the
revision but it starts from the truth values that are
given by the hromosome C . Therefore, it has to
revise some revisables from true to false and others
from false to true. As a onsequen e, the support set
does not ontain only default literals but also revisable obje tive literals.
Learn works in the following way: given a hromosome C , it nds all the support sets for ? su h
that they ontain literals in C . Therefore, it does

not nd all support sets for ? but only those that
are subsets of C .
The de nition of support set that is used by the
Lamar kian operator is therefore di erent from definition 2.2 and is given as follows:

De nition 3.1 Lamar kian support set of a
literal A support set of a literal L of the WFSXp
model M of a program P a ording to a given set
of literals H is denoted by S S (L; H ) and is obtained
as follows:
P

1. If L is an obje tive literal in M then for ea h
rule L B in P , su h that B  M there is
one S S (L; H ) for ea h B 2 B. If B is empty
then S S (L; H ) = fg.
P

P

i

2. If L is a revisable literal in M , then
P

(a) if L belongs to H , then a support set of L
is fLg.
(b) if the default omplement of L belongs to
H , then there is no support set for L.
3. If L is a default literal

not A

2

MP

:

(a) if A is a revisable then:
i. if L belongs to H , then a support set
of L is fnot Ag.
ii. if A belongs to H , then there is no support set for L.
(b) if rules for A exist in P that have a nonempty body, then hoose from ea h su h
rule a single literal su h that its default
omplement belongs to M . There exists
one S S for not A for every S S of ea h default omplement of the hosen literals.
( ) if :A belongs to M then there exist, additionally, support sets S S of not A equal to
ea h S S (:A).
P

P

Sin e the Lamar kian support sets for ? represent
only a subset of all the support sets for ?, a hitting
set generated from them is not ne essarily a ontradi tion removal set and therefore it does not represent a solution to the belief revision problem. However, it eliminates some of the derivation paths to ?
and, therefore, may in rease the number of satis ed
onstraints, thus improving the tness, as required
by the notion of Lamar kian operator.
To nd the support sets we need to know whi h
literals belong to the model of a program. This information is obtainable through some sound and orre t
pro edure for WFSXp su h as the one des ribed in
[1℄, or the one in [4℄.
In the ase of the ir uit diagnosis problems in se tion 4, the support sets pro edure be omes simpli ed
in that the o urren es of default negated literals in
the program pertain only to revisables.

The algorithm implementing the
is given below.

Learn

operator

pro edure Learn(C; C 0 )
inputs : A hromosome C translated into a set
of revisables

outputs : A revised hromosome C 0
Find the support sets for ?:
S upport sets([?℄; C; fg; fg; S S )
Find a hitting set HS: H itting set(S S; H S )
Change the value of the literals in the
hromosome C that appear as well in H S

pro edure S upport sets(GL; C; S; S S in; S S out):
inputs :
a list of goals
A hromosome H translated into a set of
revisables
The urrent support set S
The urrent set of support sets S S in
GL

outputs :

A set S S out ontaining the support sets
for the rst goal in the list

If GL is empty, then return S S out = S S in
Consider the rst literal L of the rst goal
G of GL (GL = [GjRGL℄ using Prolog
notation for lists)
(1) if G is empty then add the urrent
support set to S S in and all re ursively
the algorithm on the rest of GL
S upport sets(RGL; H; fg; S S in [ fS g;
S S out)
(2) if G is not empty (G = [LjRG℄) then:
(2a) if L is a revisable and is in H ,
then add it to S , and all the algorithm
re ursively on the rest of G
S upport sets([RGjRGL℄; H; S [ fLg;
S S in; S S out)
(2b) if L is a revisable and it is not in H ,
or its opposite is in H , dis ard S
and all the algorithm re ursively on the
rest of GL S upport sets(RGL;
H; S [ fLg; S S in; S S out)
(2 ) if it is not a revisable then redu e it with
all the rules, obtaining the new goals
G1 ; :::; Gn , one for ea h mat hing rule,
add the goals to GL and all
the algorihtm re ursively S upport sets([[G1
jRG℄; :::; [Gn jRG℄jRGL℄; H; S; S S in; S S out)
(2d) if it is not a revisable and there are no
rules, then return without adding S to S S
(S S out = S S in)

pro edure hitting set(S S; H S ):

Pi k a literal from every support set in S S
Add it to H S if it does not lead to ontradi tion

(i.e. the literal must not be already present
in its omplemented form).
If it leads to ontradi tion pi k another literal.
Simpli ed versions of this algorithm have also been
onsidered in order to separately test the e e tiveness of ea h of the features added to the standard geneti algorithm. In parti ular, four algorithms have
been onsidered named in the sequel algorithms 1, 2,
3 and 4. Algorithm 1 is a standard single agent geneti algorithm: rossover is performed only among
hromosomes of the same agent and the Lamar kian
operator is not used. Algorithm 2 adds to algorithm
1 the use of the Lamar kian operator, with a parameter l (per entage of the population to be mutated
Lamar kianly) equal to 0.6. Algorithm 3 is a multiagent algorithm without the Lamar kian operator,
i.e., rossover is performed between hromosomes of
di erent agents but the operator Learn is not applied
to them. Algorithm 4 extends algorithm 3 by adding
the Lamar kian operator, with a parameter l equal
to 0.6. For all the algorithms, the mutation rate
(parameter m) and the rossover rate (parameter r)
have been set to 0.2.
In algorithms 3 and 4 the agents share the same
set of observations and program lauses but have different sets of onstraints. At the end of the omputation, in order to nd a single solution for the revision problem, the best hromosome in ea h agent is
onsidered and is s ored with a tness fun tion that
onsiders all the onstraints (global tness fun tion).
Then the hromosome with the highest global tness
is returned as the solution. In this way the multiagent system nds a solution for the global belief
revision problem.
These algorithms have been used in order to experimentally prove the following theses:
1. the distributed algorithm (with or without the
Lamar kian operator) has a performan e that is
omparable (and, in parti ular, not signi antly
inferior) to that of the non-distributed one, in
the same number of generations and the same
overall number of individuals, despite the distrbution of knowledge;
2. Lamar kism is never worse than Darwinism and
may outperform it both in the single and in the
multi agent ase;
In order to test thesis 1, the results obtained by
algorithm 1 is ompared to the one obtained by algorithm 3 and the same is done for algorithms 2 and
4. In order to test thesis 2, the results obtained by
algorithm 1 is ompared to the one obtained by algorithm 2 and the same is done for algorithms 3 and
4.

4

Experiments

The algorithms have been tested on a number of belief revision problems in order to prove the above
theses. In parti ular, we have onsidered problems
of digital ir uit diagnosis, as per [9℄, and the n-queen
problem.
4.1

Experiment Methodology

In order to evaluate if the a ura y di eren es between algorithms are signi ant, we have omputed
a 10-fold ross-validated paired t test for every pair of
algorithms (see [10℄ for an overview of statisti al tests
for the omparison of ma hine learning algorithms).
This test is omputed as follows. Given two algorithms A and B , let pA (i) (respe tively pB (i)) be
the maximum tness a hieved by algorithm A (respe tively B ) in trial i. If we assume that the 10
di eren es p(i) = pA (i) pB (i) are drawn independently from a normal distribution, then we an apply
the Student t-test by omputing the statisti
t
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In the null hypothesis, i.e. that A and B obtain
the same tness, this statisti has a t distribution
with n 1 (9) degrees of freedom. If we onsider a
probability of 90%, then the null hypothesis an be
reje ted if
jtj > t9;0:90 = 1:383
4.2

Digital Cir uit Diagnosis

In problems of digital ir uit diagnosis there is a differen e between the observed and the predi ted outputs. Figure 1 shows a sample ir uit together with
the observed inputs and outputs of the ir uit and
the predi ted outputs of ea h gate. The aim of the
diagnosis is to nd whi h omponents are faulty. A
problem of digital ir uit diagnosis an be modelled
as a belief revision problem by des ribing it with a
logi program onsisting of four groups of lauses:
one that allows to ompute the predi ted output of
ea h omponent, one that des ribes the topology of
the ir uit, one that des ribes the observed inputs
and outputs, and one that onsists of integrity onstraints stating that the predi ted value for an output of the system annot be di erent from the observed value. The representation formalism we use is
the one of [9℄. As regards the integrity onstraints,
we have two onstraints for ea h output of the ir uit,

Algorithm
1
2
3
4

Fitness
0.9537
0.9582
0.9776
0.9805

Standard Deviation
0.035494
0.015414
0.007866
0.007209

Table 1: Voter experiments with algorithms 1, 2, 3
and 4
Figure 1: 17 ir uit from ISCAS85's set of ben hmark ir uits.
one stating that the output an not be 0 if it was observed to be 1 and the other stating that the output
an not be 1 if it was observed to be 0. For example, the onstraint i ([obs(out(nand2, g22), 0),
val(out(nand2, g22), 1)℄). states that the value
of the output of g22 annot be 1 if it was observed
to be 0.
The revisable in this ase are of the form ab(Name)
and their meaning is that omponent Name is abnormal.
The system has been tested on some real world
problems taken from the ISCAS85 ben hmark iruits [6℄ that have been used as well for testing the
belief revision system REVISE [9℄.2
We have onsidered the voter ir uit that has 59
gates and 4 outputs, orresponding respe tively to
59 revisables and 8 onstraints.
Algorithms 1, 2, 3 and 4 have been tested on the
voter ir uit. Ea h algorithm was run 10 times. The
parameters that have been used for the runs are: 10
maximum generations, 40 individuals for algorithms
1 and 2 (single agent), 10 individuals per agent and 4
agents for algorithms 3 and 4. In algorithms 3 and 4
ea h agent has the same set of observations and program lauses, while the integrity onstraints are distributed among the agents so that ea h agent knows
only the onstraints that are related to one same output. The hybrid tness fun tion was adopted.
In table 1 we show, for ea h algorithm, the value of
the tness fun tion and of its standard deviation for
the best hypothesis after ten generations averaged
over the 10 runs, while table 2 shows the value of the
t statisti s for the various ouples of algorithms.
4.3

n-queen

Problem

The n-queen problem onsists in positioning n
queens on a n  n he kboard so that no queen atta ks ea h other. This problem an be seen as Constraint Satisfa tion Problem (CSP) where the onstraints are: the total number of queens must be n;
2 These

examples

an

be

http://www.soi. ity.a .uk/ms h/revise/.

found

at

Comparison
1-2
3-4
1-3
2-4

j j value
t

0.394
0.775

1.749
2.647

Table 2: Result of the t-test for di erent ouples of
algorithms on the voter dataset.
for ea h row, the total number of queens must not be
bigger than one; for ea h olumn, the total number
of queens must not be bigger than one and, for ea h
diagonal, the total number of queens must not be bigger than one. This problem an be seen as a belief
revision problem by assigning a revisable of the form
queen(Row,Column) to ea h position (Row,Column)
in the he kboard. Then, ea h onstraint of the CSP
an be written as an integrity onstraint.
Algorithms 1, 2, 3 and 4 have been tested also
on the n-queen problem with the same parameter as
for the voter experiment: ea h algorithm was run
10 times, ea h run had 10 maximum generations, 40
individuals for algorithms 1 and 2 (single agent), 10
individuals per agent and 4 agents for algorithms 3
and 4. The a ura y tness fun tion was adopted.
We have onsidered a problem with n = 8. In this
ase there is a total of 43 onstraints: 1 onstraint
for the total number of queens, 8 onstraints for the
rows, 8 for the olumns and 26 for the diagonals. For
multi-agent experiments ea h agent has the same set
of observations and program lauses, while the onstraints were divided amongst them: 2 onstraints on
the rows and 2 on the olumns have been assigned to
ea h agent, while the onstraints on diagonals have
been divided in groups of 6, 6, 7 and 7 and orrespondingly assigned to the agents. The onstraint
on the total number of queens has been assigned to
one of the agents with only 6 onstraints on the diagonals. Therefore, three agents have 9 onstraints
and one agent has only 8.
Table 3 shows, for ea h algorithm, the value of
the tness fun tion for the best hypothesis averaged
over the 10 runs while table 4 shows the value of the
t statisti s for the various ouples of algorithms.

Algorithm
1
2
3
4

Fitness
0.7581
0.8232
0.7930
0.8069

Standard Deviation
0.06686
0.01200
0.02992
0.03110

Table 3: n-queen experiments with algorithms 1, 2,
3 and 4
Comparison
1-2
3-4
1-3
2-4

j j value
t

2.590
0.949
1.158
1.328

Table 4: Result of the t-test for di erent ouples of
algorithms on the n-queen dataset.
4.4

Dis ussion of Experimental Results

As an be seen from tables 2 and 4, in the voter ase
algorithm 3 performs signi antly better than algorithm 1 as well as algorithm 4 with regards to algorithm 2. In the n-queen ase, instead, the di eren e
for the pairs of algorithms (1,3) and (2,4) is not statisti ally signi ant for the voter problem but not for
the n-queen problem. These two ases prove thesis
1, i.e., adopting a distributed algorithm does not penalize and may a tually improve the tness. So our
algorithm allows to bene t from parallel exe ution.
The di eren e in results between the two ases may
o ur be ause in the n-queen problem the problem is
more onstrained and the onstraints are more interdependent and therefore distributedly nding lo al
solutions and then ex hanging them is less e e tive.
As regards thesis 2, the di eren e for the pairs of
algorithms (1,2) and (3,4) is statisti ally signi ant
only for the ouple (1,2) in the n-queen ase. Therefore, thesis 2 is on rmed by the data. Moreover, in
another follow-up work [12℄ we have shown that, by
allowing memes to be rossed over only if they have
been a essed by the Lamar kian algorithm, we obtain a statisti ally signi ant di eren e for the ouple
(3,4) in both ases.
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Related Work

In [13℄ the authors propose an approa h for performing belief revision in a multi agent ontext. In their
approa h, ea h agent exploits an Assumptions Based
Truth Maintenan e (ATMS) system in order to perform the revision of beliefs. As in our approa h,
ea h agent has a di erent repository for knowledge
and its beliefs may not be onsistent with those of
other agents, onsisten y is enfor ed only lo ally in-

side ea h agent. Di erently from us, in [13℄ the authors onsider an ex hange of beliefs by means of
a number of ommuni ations primitives. Communiation happens in three ases. The rst is when an
agent an not establish by itself the truth value of an
assumption or a goal: in this ase, it asks it to its a quaintan es. The se ond ase is when an agent nds
a on lusion or an assumption that it knows being of
interest for another agent: in this ase it ommuniates the results. The third ase is when an agent has
revised the truth value of a belief that it had previously ommuni ated to other agents: in this ase the
agent ommuni ates the other agents the new truth
value for the belief. Therefore, in [13℄ the ooperation among agents is expli it, while in our work the
ooperation emerges as the result of the ontinuous
ex hange of hromosomes among agents.
In [13℄ the system is able to answer uniquely to
queries posed to the system by means of a meta-level
algorithm that works in the following way: a fa t is
false if it is onsidered false by at least one agent, a
fa t is true if no agent onsiders it false and there is
at least one agent that onsiders it true. In our system, instead, the global result of the belief revision
pro ess is given by the hromosome with the best
global a ura y, also omputed by means of a metalevel algorithm that onsiders all the onstraints.
6

Con lusions

and

Future

Work

We have presented a geneti algorithm for performing belief revision in a multi-agent environment. In
this setting, individuals belonging to di erent agents
are exposed to di erent experien es. This happens
be ause the agents explore di erent parts of the
world or be ause the world surrounding an agent
hanges over time. The algorithm permits the exhange of hromosomes from di erent agents and this
allows a distributed belief revision pro ess to be performed.
The algorithm ombines two di erent evolution
strategies, one based on Darwin's and the other
on Lamar k's evolutionary theory. The algorithm
therefore in ludes also a Lamar kian operator that
hanges the memes of an agent in order to improve
its tness. The operator is implemented by means of
a logi -based belief revision pro edure that, by tra ing logi al derivations, identi es the memes leading
to ontradi tion.
Experiments on problems of digital ir uit design
and on the n-queen problem show that, in spite of
the fa t that ea h agent has only a partial knowledge
of the world, the multi-agent system nds revisions
that are omparable in terms of a ura y with those
obtained by a single-agent possessing all the knowledge.

In the future, we plan to explore also the ase in
whi h the hromosomes do not have all the relevant
revisables to start with (three-valued revision). In
this ase, when a hromosome a quires new revisables from another hromosome, it is obtaining speialized knowledge. This is for example the ase of
the diagnosis of a ar fault performed by di erent
experts: the expert me hani , the expert ele tri ian,
the expert ar designer, et . Ea h of them makes
a diagnosis about the part of the ar that on erns
their spe iality. Next they all have to ome to a joint
diagnosis by ex hanging information about ea h others' revisables.
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