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In Artificial Intelligence, Default Logic is recognized as a powerful framework for knowl-
edge representation when one has to deal with incomplete information. Its expressive
power is suitable for non monotonic reasoning, but the counterpart is its very high level
of theoretical complexity. Today, some operational systems are able to deal with real
world applications. However, finding a default logic extension in a practical way is not
yet possible in whole generality. This paper which is an extended version of'® shows
how heuristics such as Genetic Algorithms and Local Search techniques can be used and
combined to build an automated default reasoning system. We give a general description
of the required basic components and we exhibit experimental results.
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1. Introduction

Default Logic has been introduced by Reiter?? in order to formalize common
sense reasoning from incomplete information and then it allows non monotonic
reasoning. The non monotonicity of this logic relies on the fact that adding a new
axiom may invalidate previous deductions contrary to classical logic. Since they
rely on present and absent informations, deductions are thus only plausible and
their set is called an extension. But, due to the level of theoretical complexity of
default logic (X5 — complete?), the computation of an extension is a great challenge.
Previous works*20:24 have already investigated this computational aspect of default
logic and even if some systems have good performances on certain classes of default
theories, there is no efficient system for general extension calculus.

In this paper, we show that heuristics issued from combinatorial optimization®:!7
can be successfully used and combined to build an efficient default reasoning sys-
tem with the ability to deal with any propositional finite default theory without
restriction on formulas.
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Based on the principle of natural selection, genetic algorithms!®'2 have been
quite successfully applied to combinatorial problems such as scheduling or trans-
portation problems. The principle of genetic algorithms is to consider populations
of individuals represented by their chromosomes. If individuals are considered as
potential solutions to a given problem, applying a genetic algorithm consists in gen-
erating better and better individuals w.r.t. the problem by selecting, crossing and
mutating them. This approach seems very useful for problems with huge search
spaces and for which no tractable algorithm is available, such as our problem of
default theory’s extension search.

Local Search is a class of powerful methods to tackle difficult optimization prob-
lems such as Traveling Salesman Problem!®. The development of modern meta-
heuristics such as Tabu Search & or Simulated Annealing '* has greatly increase
their use and their efficiency. The main principle of local search consists in, starting
from an initial state, to incrementally improve a potential solution to a given prob-
lem. Specific control mechanisms can be introduced to escape local optima (e.g.
temperature in Simulated Annealing or Tabu list in Tabu Search).

In a previous work!'® we have described a first system G ADeL (Genetic Algo-
rithm for Default Logic), based only on genetic algorithms, that has provided very
promising results. In this work, we introduce local search techniques into genetic
algorithms, as it has already be done for other combinatorial problems'!, to im-
prove the performances of our system the new architecture of which is schematized
in figure 1. The basic principle of this new system is that genetic algorithms allow
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Fig. 1. System GADeL

us to reach quickly promising regions of our search space. Then, local search per-
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forms an acute exploration of these regions. Both algorithms need an evaluation
function to check the fitness of the potential solution. Since we are working on a
logical problem, we need a theorem prover to achieve this evaluation. Moreover,
new specific genetic operators are added to control selection and initialization and
we have built a theorem prover based on a boolean constraint solver to get better
results.

The paper is organized as follows : section 2 is a preliminary section where basic
definitions and concepts related to default logic are presented. Section 3 provides
the formal description of our system and explains how the key principles of genetic
algorithms and local search are used. The section 4 provides the validation of our
work by giving some experiments that show the benefits of our new approach.

2. Default Logic

In Default Logic?? knowledge is represented by means of a default theory (W, D)
where W contains the “sure” knowledge (in this work it is a set of propositional
formulas) and D is a set of default rules (or defaults). A default § = 2B1=bn

¥
is an inference rule (@, v and all §; are propositional formulas) whose meaning
is “if the prerequisite o is proved, and if for all i = 1,...,n the justification (;

is individually consistent (in other words if nothing proves its negation) then one
concludes the consequent . By sequel, we shall use the following notations. If § is
a default rule, pre(d), jus(d) and cons(d) respectively denotes the prerequisite, the
set of justifications and the consequent of §. These definitions will be also extended
for sets of defaults.

Given a default theory it is possible to infer a set of its plausible conclusions
called an eztension and defined by Reiter as the fix-point of a special operator. But,
we prefer to recall here the equivalent following pseudoiterative characterization
because it is closer to our approach of the extension computation.

Theorem 1 22 Let (W, D) be a default theory and E a formula set. We define
Ey = Wand for oll k > 0,

Eri1 = Th(Ey) U {ﬂ% € D,Ey+ a, and E tf —B;,¥i = ln}

Then, E is an extension of (W, D) iff E = sy Ek-

For a set of formulas E, Th(E) denotes as usual the set of logical consequences of
E, and E I ¢ has its common sense of deduction in classical logic. It is important
to note that a default theory may have one or multiple extensions and sometimes
no extension at all as we can see below.

Example 1

o (Wi,Dy) = ({a,bvc}, {2572, <€, d;ff}) has a unique extension Th(Wy U {d, g}).

o (Wy,Ds) = ({a,bV c}, {7t 2:2¢Y) has two extensions E = Th(Ws U {-b})

S R

and E' = Th(Wy U {~c})

o (W3, Ds) = ({a}, {GT:}) has no extension.
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The non monotonicity of default logic can be illustrated as follows. Let us
consider the default theory (W,D)= ({a},{%=}), it has only one extension E =
Th({a,c}). We say that “Tﬁb has been applied. It is easy to check that by adding b in
W we “loose” the conclusion c. The new default theory (W', D) = ({a,b}, {%t})
has only one extension E' = Th({a,b}) because the default rule is now blocked.
So adding a new axiom does not necessarily increase the set of deductions as it is
always the case in classical logic.

This non monotonicity specificity is also a source of great complexity of exten-
sion calculus. In fact, in order to build an extension we could think to use the
following naive greedy algorithm based on a forward chaining starting from W. At
each step we apply a default §; whose prerequisite is satisfied and justification not
contradicted by a current set Sy containing W and consequents of defaults already
applied. When a fix-point S is reached we could believe that S is an extension.
But, in general, this is not the case, because a default é; can now be invalidated
by S, 38 € jus(dx),S F —8. So, from the first step to the last one we have to
check a global consistency condition w.r.t. the set we try to build. This feature is
clearly mentioned in the theorem 1 where E, the whole extension to build, is used
in its own definition. This non constructive characterization is also an argument to
choose a “guess and check” method as we have done in this work.

Furthermore, given a default theory (W, D), to compute its extension E is equiv-
alent to find its Generating Default Set A since E = Th(W U cons(A))?3.

Definition 1 Let E be an extension of a default theory (W, D)

GD(W,D,E) = {0"317—5" € D,EVF o and E Vf —B;,Vi = ln}

is called the Generating Default Set of E.
All defaults in GD(W,D,E) are named the applied defaults.

Since computing an extension is equivalent to find its Generating Default Set,
it is obvious that the search space is 2P. Furthermore, checking if a set A C D is a
true Generating Default Set can be done by computing Ea = Th(W U cons(A)) and
verifying if Ea satisfies the theorem 1. This verification is obviously N P — complete
and then the complexity of the whole problem that we address in this paper is
Y5 — complete as it has been established in®.

To end this technical part, we recall the notion of grounded default set and the
new one of incrementally non-conflicting default set.
Definition 2 25 Given a default theory (W, D), a set of defaults A C D is grounded
if A can be ordered as a sequence (81, -..,0,) satisfying the property:
Vi=1,...,n,WUcons({d1,...,0i—1}) F pre(d;).
Lemma 1 25 Every generating default set is grounded.
Definition 3 Given a default theory (W, D), a set of defaults A C D is incremen-

tally non-conflicting if A can be ordered as a sequence (01,...,0,) satisfying the
property: ¥i=1,...,n,Y8 € jus(d;), W U cons({d1,...,0;}) I/ =p.
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This last definition is strongly related to the non constructive characterization
of an extension as mentioned above and will be helpful for our work.

3. Description of the Method

As schematized in the introducing figure 1, the main engine of our system relies
on genetic algorithms.

Genetic Algorithms are based on the principle of natural selection. We first
consider a population of individuals which are represented by their chromosomes.
Each chromosome represents a potential solution to the given problem. An evalua-
tion process and genetic operators determine the evolution of the population in order
to get better and better individuals. Considering our extension search problem, po-
tential solutions will be called candidate extensions represented by chromosomes
and the purpose of our algorithm is to generate a candidate which is indeed an
extension (i.e. satisfying theorem 1).

We now introduce the different components of a genetic algorithm:

16,12

1. a representation of the potential solutions : in most cases, chromosomes will
be strings of bits representing its genes,

2. a way to generate an initial population,
3. an evaluation function: it rates each potential solution,

4. genetic operators that define the evolution of the population : two different
operators will be considered : Crossover allows to generate two new chromo-
somes (the offsprings) by crossing two chromosomes of the current population
(the parents), Mutation arbitrarily alters one or more genes of a selected chro-
mosome,

5. parameters : maximum population size ps;.. and probabilities of crossover p.
and mutation p,,. We choose psize | AN, Psize = w

3.1. Representation

A representation scheme consists of the two following elements : a chromosome
language G defined by a chosen size and an interpretation to translate chromosomes
in term of possibly applied defaults, which provides the semantics of the chromo-
somes (also called its phenotype). In our context, for each default 2:81==bfn we
encode in the chromosome the fact that the default is applied or not. Therefore,
given a set of defaults D = {d,---,d,} the size of the chromosome will be n and
the chromosome language G is the regular language (04 1) (i.e. strings of n bits).
Given a chromosome G € G, G|; denotes the value of G at occurrence i € {1..n}.

Our chromosomes are introduced to encode candidate extensions (i.e. potential
solutions to our problem). In fact, building an extension consists in finding its Gen-
erating Default Set (see definition 1). Thus, the candidate extension CE(W,D,G)
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associated to each chromosome can also be characterized by its candidate generating
default set CGD(D,G). These two sets are easily defined w.r.t. the interpretation
mapping.

Definition 4 Given a default set D, a chromosome G € G, the candidate generat-
ing default set associated to G is :

Definition 5 Given a default theory (W, D), a chromosome G € G, the candidate
extension associated to G is :

CE(W,D,G) = Th(W U {cons(5) | § € CGD(D,G)})

CE(W,D,G) and CGD(D,G) will be simply denoted CE(G) and CGD(G)
when it is clear from the context. Remark that since we have to compute the set of
logical consequences of W and of the consequents of the supposed applied defaults,
a theorem prover will be needed in our system.

Example 2 Let (W,D) = ({a},{%2, “;;C,%}) be o default theory. We get :
CGD(100) = {22} and CE(100) = Th({a, c}) which is really an extension but also

CGD(110) = {aib aizey gnd CE(110) = Th({a,c, —b}) which is not an extension.

c? b
We have to mention that this representation differ from the one adopted in'®
which was more sophisticated (two positions were used for each default). Even if
this first encoding was more flexible and richer, it appears, after acute experiments,
that the present simpler representation provides the best performances because it
drastically reduces the search space (2" possible configurations instead of 22V).

3.2. Generation of the Initial Population

Generation of the initial population is crucial to the efficiency of genetic algo-
rithms. The most simple way is a random generation but this does not take into
account the considered default theory. A more efficient way consists in generating
chromosomes with already grounded phenotype. For a default theory (W, D), the
useful subset of D is always grounded but usually D is not a generating default
set. So, the interesting phenotypes are the grounded (consistent) subsets of D. We
introduce p; a probability of insertion of a default in the candidate generating de-
fault set to randomly create a candidate and we randomly associate to each default
d of D a number ps € [0,1]. The induction definition below gives by fix-point the
candidate generating default set A.

° AOZQ;DOZDa

e Vj>0,Yoe€ D 1,WUcons(Aj_1)F pre(d),
Aj= A1 U{d}if WUcons(Aj_1 U{0})) t/ L and ps < p;
Aj_ otherwise
Dj= Dj1\{d}
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Then a chromosome G, can be chosen randomly from {G|CGD(D,G) = Ax}.
We also guarantee that all the chromosomes of the initial population are different.

The process is similar to generate an initial population with incrementally non-
conflicting grounded phenotypes. The following condition is added to the inductive
part of the construction :

Vi=1,...,n,Vp8 € jus(d), W U cons(A;_1 U{d}) ¥ -8

However, we never completely check if all defaults are not conflicting together be-
cause our goal is not to build a generating default set. All our thesis is that this
task is too difficult for a classical algorithm so we just try to give good starting
points of our searching method.

3.3. Ewvaluation

Definition 6 Given a chromosome language G, an evaluation function is a map-
ping eval: G — A, where A is any set such that there exists an ordering < on it (to
achieve the selection process).

Here, the evaluation function is mainly based on two criteria : the notion of gen-
erating default set (definition 1) and the notion of grounded default set (definition
2). These two aspects are rated by four intermediate functions fy, fi, fo and fs.
Obviously, the evaluation process is not only based on one chromosome but also on
the underlying default theory (W, D) .

A first function fy rates if the candidate extension is consistent or not:

0 if CE(G) is consistent
1 otherwise

(&) = {

This check is done because an extension can never be inconsistent (except if W is
inconsistent but this is out the scope of our work) and it will be a way to discard
bad potential solutions.

For a default §; = M, we defined a function 7 described in table 1.
Given the position G|; associated to the default d; in the chromosome, the first
point is to determine w.r.t. this value if this default is supposed to be involved in
the construction of the candidate extension (i.e. its conclusion has to be added to
the candidate extension or not). Then, we check if this application is relevant.

A yes in the penalty column 7 means that a positive value is assigned to (G, i).
Note that only cases 1 to 4 correspond to default considered to be applied (i.e. such
that G|;). The conditions CE(G) + «; and 35, CE(G) F —ﬂf use the classical
notion of logical consequence F and will be checked by a theorem prover. The
global evaluation function f; is then defined by

f1(G) =27 7(G, i) where n = card(D)
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Case | G|; | CE(@Q)Fa; | Fj,CE(G)F-8] | «
1 1 true false no
2 1 true true yes
3 1 false false yes
4 1 false truee yes
5 0 true false yes
6 0 true true no
7 0 false false no
8 0 false true no

Table 1. Evaluation

Justifications of the penalties:

e Case 1 : the default has been applied (because G|; = 1) and it is correct with
respect the candidate extension

e Cases 2,3,4 : the default should not have been applied because either its pre-
requisite is not satisfied (CE(G) I/ a;) or one of its justification is contradicted
(3, CE(@) + ~B).

e Case 5 : the default has not been applied (because G|; = 0) while it should
since its prerequisite is in the candidate extension and no negation of its
justifications is deducible from it.

e Other cases : the default has not been applied and it is correct since either
its prerequisite is not satisfied, either one of its justifications is not coherent
with the candidate extension.

Another part of the evaluation is based on the fact that every generating default
set is grounded. From the definition 2, we introduce a function f, to evaluate the
“groundedness” of a candidate generating default set CGD(G) as :

f2(G) = card(T') where I is the biggest grounded set I' C CGD(G)

and a function f3 to definitely check this property

0 if CE(G) is grounded
f5(G) = { 1 otherw(isg
Then, we can give the definition of our global evaluation function.
Definition 7 eval is an evaluation function of chromosomes s.t.
eval:G - NU{T}
if fo(G)=1 theneval(G)=T
else if f1(G) =0 and f35(G) =0 then eval(G) =0
else eval(G) = f1(G) + f2(G)
We can see that a chromosome G such that eval(G) = 0 corresponds to a default
set satisfying all properties to be the generating default set of an extension.
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3.4. Theoretical validation

We give the following theoretical result that ensures the completeness and cor-
rectness of the evaluation function and then the correctness of our computation
methodology.

Theorem 2 Let (W, D) be a default theory, G a chromosome and a candidate
generating default set A = CGD(D, Q).

(W, D) has an extension E = Th(W U cons(CGD(Q))) if and only if eval(G) = 0.
By this way, our original problem of computing an extension of a default theory is
now mapped into the search of a chromosome G such that eval(G) = 0.

Proof. —: Let E = Th(W U cons(A)) be an extension of (W, D). Since E
is an extension, it is consistent??, and since A is its generating default set?3, it is
obviously grounded. Thus, fo(G) = f3(G) = 0.

Let us suppose that fi(G) > 0. Then, according to the definition of our evalua-
tion function f; (see table 1), it means that there exists a default § = o‘ﬂlfﬁ" €D
for which a penalty has been assigned. Let us examine the two possible cases:

e § € A: penalty can arise from cases 2, 3 or 4, but no one of them is possible
since E+ a and E V/ 3;,Vi =1,...,n by definition of a generating default set

e § ¢ A: penalty can arise from case 5 but it is impossible since it would indicate
that § should be a generating default of E.

Thus f1(G) = 0 and then eval(G) = 0.

+—: Let A = CGD(D, G) such that eval(G) = 0 (that is fo(G) = f1(G) = f3(G) =
0) and E = Th(W U cons(A)). Since f3(G) = 0, it means that A is grounded. So,
we can order it like A = (41,...,dp) and we have
Vi=1,...,p, WU cons({d1,...,8;_1) I pre(d;)
that is equivalent to
Vi=1,...,p,pre(d;) € Th(W U cons({d1,...,0;—1))

from which we can build the sequence

EO = W
Ei+1 = Th(Ez')U{COTLS((si)},VZ.:0,...,p—1

Because of the groundedness of A, we obtain

EO = W
Eir1 = Th(E;)U{cons(d;)|E; b pre(6;)},¥i=0,...,p—1
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Since f1(G) = 0, we can deduce : V3 € jus(d;), E I/ =3 and then the sequence
becomes

EO = W
Eir1 = Th(E;)U{cons(6;)|E; & pre(6;), E W —B,VB € jus(d;)} (%)
Vi=0,...,p—1

From f;(G) = 0, we can also deduce that for all other defaults M € D\ A, we
have either E I/ a, either 3j, E I =;. So, in () we can delete the explicit reference
to 7 in the defaults and we can extend the sequence for all positive integers. So we
have

Eo = W
Ery1 = Th(ER)U{cons(d)|Ex F pre(d), 8 € jus(d), E tf =8}, Vk > 0 (%%)

Finally, let us remark that by construction E is exactly the set | J—, Ex. Thus we
have obtain in (xx) the pseudoiterative characterization of an extension given in
Reiter’s theorem 1, and we can conclude that E is an extension of (W, D). 0O.

3.5. Selection

The purpose of the selection stage is, starting from an initial population P, to
generate a selected population Pp,rents- According to Darwin’s principle the basic
idea is to choose the best chromosomes (according with the evaluation function)
as parents of the next generation of chromosomes. This is achieved by the process
illustrated in figure 2.

P
(ol a[ o[ a[a] [ATo[o[1]0]

[of a[ o[ 1[ 1] [G] o[ o] o]0]
[alef2l2To] [o[ 1[0l ol1]
[2[ o[ o[ o[1] [ao[o]1]0]
[of o[ o[ o[o] [ o[ o] o][z] —
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Fig. 2. Generation of the parents
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First, the selection process is based on an ordering < of the individuals, natural
extension of the usual ordering of N extended with: Vn € N, n < T. Given the
population P of size pg;.e, we built an ordered population

Ay Vi, j, i < j = eval(G;) =< eval(Gy)
P, = (G;)i>1 such that{ Vi j.i#j= Gi#G,
The first condition implies that the chromosomes are ordered w.r.t. to their eval-
uation and the second condition implies that two identical chromosomes are repre-
sented only once in P,. Note that if two chromosomes have the same evaluation
value, they are ordered arbitrarily.

To keep a large diversity of selected chromosomes as parents, we introduce a
Hamming distance Hd that parents must respect. Hamming distance'® is the num-
ber of differing bits between two binary chromosomes. We define by induction the
family of sets of chromosomes (P;);>1 as follows:

[ ] P0:®,

e VG € P;_;, G; the i" chromosome of P,
if Hamming_distance(G,G;) > Hd then P, = P,_1 U{G;} else P, = P,_;.

The selected population Py is defined as P; with card(P;) = N. In the figure 2,
we have chosen Hd = 2 that is why the third chromosome in P. has not been kept
in Py since it is not sufficiently different of the second one.

At last, we use the ranking selection to generate the parent population that is
defined as a multiset of chromosomes such that each G;, 1 <i < N, in Py occurs
N — i+ 1 times in Ppyrents- By this way the best chromosome is duplicated N
times, the second one N — 1 times, and so on ... This construction is required to
preserve the maximum size of the population py;.. such that AN, pgi.e = w,
i.e. Pgize = Eszlk.

3.6. Crossover and Mutation

Fig. 3. Crossover

As mentioned before, genetic operators are now applied on the selected popu-
lation Ppgrents- As illustrated in figure 3, crossover is performed in the following
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way:
e select randomly two chromosomes in Ppgrents

e generate randomly a number r € [0, 1]

if r < p. then the crossover is possible;

— select a random position p € {1,...,n —1}

— the two chromosomes (a1, ..., ap, Gpt1, ..., @n) and (b1, ..., bp, bpt1, ..., bp)
produce the two new chromosomes (a1, ..., @p, bpt1, ..., by) and (b1, ..., bp, Gpt1, ..., Gp)
that are put in P_children

if the crossover does not occur then the two chromosomes are simply put in

Pchildren-
Mutation is defined as :

e For each chromosome G € Pepjgren and for each bit G|; in G, generate a
random number r € [0, 1],

e if 7 < p,,, then mutate the bit G|; (i.e. flip the bit).

The population obtained after these evolution operations becomes the current
population and will be the new input of the whole process described in subsections
3.2, 3.3 and 3.5. This full process is repeated to generate successive populations and
one has to define the number of populations to be explored. The best chromosome of
each population w.r.t. the evaluation function represents the current best solution
to the problem.

To resume, the whole process of Genetic Algorithms is illustrated in figure 4
Obviously, if a chromosome G such that eval(G) = 0 appears in a population
the search stops since, according to theorem 2, a solution CE(W, D, G) has been
reached.

— P — P—< — Psel — Pparents — Pchildren
J

Fig. 4. Main steps of the Genetic Algorithms

3.7. Local Search

This section now describes the basic concepts related to local search and we refer
the reader to!7 for more details. A general local search procedure can be defined
as:



Heuristics for a Default Logic Reasoning System

Procedure local search
choose an initial starting point z in S
While not termination condition do
Z +improve(z)
Endwhile
return(z)

where S is the search space and the sub-procedure improve(z) returns a new point
y in the neighborhood of z which is better than z if such a point exists. Designing
a local search algorithm consists in choosing the well suited notion of neighborhood
together with an appropriate termination condition and the evaluation process.
There are many extensions of this basic principle : descent method, descent with
random walk, simulated annealing, tabu search ...

The evaluation of possible moves from a point to one of its neighbors will be
based on the previous evaluation function. We just focus here on the basic struc-
tures: the definition of a search space S and of a neighborhood. The search space
S is defined as the sets of all possible chromosomes of given size.

Concerning the moves in this search space, according to the definition of can-
didate extensions associated to individuals, they will be defined w.r.t. the notion
of applied default. We impose that two neighbor candidate extensions differ only
by one of their generating defaults. As previously explained, the it* default of the
theory is encoded in an individual G by its position G|;, therefore the neighbors of
G are the chromosomes that differ from G by the fact that only one default changes
of status (i.e. if it was supposed to be applied in the candidate extension related to
G then it is not in the neighbor and vice versa). The neighborhood can be defined
as a function :

N:S —2°

such that :

NG ={HeG|Fe{l.n},H;=1-G|; andVj € {1.n},j #1i, H|; = G|;}

3.8. Choice of Local Search Heuristics

Our idea is not to use local search as a single search heuristic but as a way to
speed up our previous evolutionary based search. Therefore, it will be only applied
on the best individuals of a given generation. Such good candidates can be very
close to a solution and the idea is to use a local improvements more as a repair tech-
nique than as a pure search method. We have also to consider carefully the search
landscape induced by our neighborhood relation. Due to the non-monotonic aspect
of Default Logic, two neighbors can have a very different evaluation. For instance, a
default changing from 0 to 1 may have a consequent which is in contradiction with
a lot of justifications of others defaults and therefore can turn the evaluation from
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good to very bad. Due to this chaotic landscape, a pure local search strategy does
not appear as a good method. This has been experimentally confirmed.

For these reasons, we decided to use a Descent with Random Walk algorithm.
The purpose of the descent is to quickly improve the good candidates in few steps
by slight changes in order to get the nearest local optimum. The random walk
principle is added to escape this local optimum and to perform a short exploration
of the neighborhood in the case of a solution could be reached only in a few search
steps.

We recall the algorithm in our context :

Input :
Initial individual G
Probability of random walk prw
Number of iterations Depth-LS

Best + G
Current + G
iter < 0
While iter < Depth-LS do
proba < random
if proba > Pry then
choose the best G’ € N(Current) U {Current}
w.r.t. eval function
else
choose randomly G' € N (Current)
Current + G'
if eval(Current) < eval(Best) then
Best + Current
iter « iter + 1
Endwhile
return Best

Note that the random walk principle is added to avoid local minima.

The tuning of the random walk parameter pry will be experimentally deter-
mined in the next section. Due to the specific and limited use of local search, we
have observed that its average best value is not closely related to a particular prob-
lem and is valid for a large class of tests. The important parameter is the depth
of the local search which will be also determined on different problems. But as
mentionned above, only a few steps of local search will be performed to repair a
configuration.

3.9. The System

We are now able to formulate the general algorithm of our whole system by
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connecting the previously defined components.

Input :
Population size pg;.e
Chromosome size Gz
Number of generations to be explored Max-generation
Hamming distance parameter Hd
Probability of mutation p,,
Probability of crossover p,
Probability for random walk in local search prw
Number of iterations in local search Depth-LS
Number of individuals to improve by local search Nb-Candidate-LS

Pop « Create-initial-population(ps;ze, Gsize,Hd)

generation + 1

While generation < Max-generation and not(3G € Pop|eval(G) = 0) do
Parents < Evaluation-Selection(Pop,Hd)
Children «+ Crossover-mutation(Parents,p,,,p.)
Pop-LS <+ Descent-RW(Children,Nb-Candidate-LS,Depth-LS,pryw )
Pop + Children U Pop-LS
generation < generation +1

Endwhile

4. Experimental Results

Our system GADeL is implemented in Sicstus Prolog 3.8.6. and we have eval-
uated its performance on a family of examples from graph theory. The source code
of this implementation is available at :
http://www.info.univ-angers.fr/pub/stephan/Research/Download.html
In order to have scalable and understable examples we have used the three kinds of
graphs presented in figure 5.

ladder graph : lad_4 board graph : board_4 simplex graph: sm_4

Fig. 5. Graphs for experimental studies
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We have studied two kinds of problem on these graphs: the Hamilton cycle
problem and the 3-coloring problem. Both of them have been generated and encoded
in a default theory by means of system tbase as it is described in*. We refer to the
different problems by the following conventions:

e ham lad N is an hamiltonian cycle problem on a ladder graph with 2N vertices

e ham sim_N is an hamiltonian cycle problem on a simplex graph with N ver-
tices on each side

e col_board_N is a 3-coloring problem on a board graph with N? vertices

4.1. Efficiency of the Genetic Algorithm

Table 2 refers to the influence of the Hamming distance for the Hamilton problem
on a ladder graph with 14 vertices ham_lad_7 (30 runs per Hamming distance with
parameters pg;,. = 465, p. = 0.8, p,, = 0.1, p; = 0.9, an initial incrementally non-
conflicting grounded population, a one point crossover and a maximum number of
populations equal to 500).

Hamming distance Hd

1 [2 |3 [4 |5 6 |7 |8 |9 10
Number of successful runs

22 [27 [21 [30 [30 [30 [30 [26 |25 |18
Average CPU time (s/run)

1784 | 1311 [ 2086 | 1420 | 1281 | 1426 | 1431 | 2239 [ 2158 | 2710
Average number of populations (/run)

193 [ 143 [241 | 154 [137 | 153 | 154 [225 [ 226 | 288
Average CPU time (s/iteration)

92 [91 [92 [92 [93 [93 [93 [100 [95 [94
Average CPU time (s/successful run)

859 [ 900 | 1403 [ 1420 | 1281 | 1426 | 1431 | 1787 | 1684 | 1380
Average number of populations (/successful run)

91 |98 |[132 [154 [137 | 153 | 154 [ 179 [180 | 147

Table 2. Influence of Hamming distance for ham_lad_7

It shows the importance of population diversity to increase the stability of the
method (in number of iterations) and to speed up each iteration by decreasing
the size of the population. It demonstrates also that a too high selective pressure
strongly reduces the chances to have a successful run by decreasing too much the
size of the selected population (and then the offsprings).

Figure 6 details the results of ham_lad_7 on 500 runs with Hamming distance
equal to 5 and a maximum number of populations equal to 500 (psi;e = 465,
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Number of tests
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Number of populations

Fig. 6. ham_lad_7 for Hd =5

pe = 0.8, pp, = 0.1, p; = 0.9, an initial incrementally non-conflicting grounded pop-
ulation). This figure suggests to stop computation after 300 populations (= 1700s)
in case of failure and to restart with a brand new one since 90% of tests end after
300 populations at most.

4.2. Efficiency of Local Search

This study is based on the benchmark color_board_5 with the parameters: pg;.. =
210, p, = 0.1, p. = 0.8, Hd = 5, pgw = 0.05.

The next figure 7 shows the influence of the number of chromosomes that are
improved by the local search on the number of generations to be explored and on
the computation time.

800 < 1000 <
1]
600 | 5 100
© 5
IS 53
£ 400| 3 10|
= 5
e}
200 z 1l
0 I I I I 0 I I I I
0 2 4 6 8 10 0 2 4 6 8 10
Nb of Candidates for LS Nb of Candidates for LS

Fig. 7. Computation times and Number of generations w.r.t. Number of improved candidates

The figure 8 shows the improvement due to the local search procedure w.r.t.
the number of generations to be explored to get a solution. The local search is
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performed on 5 chromosomes (which is the best value w. r. t. previous results)
at each generation. Of course, increasing the number of local search iterations
increases the computation time. Based on our experiments, it seems that a local
search of depth 10 provides the best results w.r.t. the ratio number of generations

time.

1000<

Nb of Generations

Fig. 8. Number of generations w.r.t Depth of LS

After this tuning, experiments in table 3 (nd is number of defaults for this
theory, nad is number of applied defaults for an extension of this theory) confirm
that the introduction of the local search algorithm in the genetic algorithms process

improves its performances.

100

101

6 8
Depthof LS

0 12 14

GA GA+LS
Problem nd | nad np cpu np cpu
color_board_3 63 9 0.1 85 0.1 9.6
color_board_4 | 120 16 12.8 136.0 1.0 44.9
color_board_5 | 195 25 > 3600 14 229.1
ham_lad_4 29 8 2.2 14.4 | 2.0 15.6
ham_lad_5 37 10 | 16.0 107.6 | 13.0 125.9
ham_lad_6 45 12 | 46.9 367.3 | 22.6 359.7
ham_ad_7 53 14 | 137.2 | 1281.1 | 85.4 | 1220.2
ham_sim_3 47 10 | 49.8 461.8 | 25.6 425.7
ham_sim_4 76 15 > 3600 > 3600

Table 3. Comparison between GA and GA+LS

One has to remark that the number of populations explored (np) clearly de-
creased with local search. This improvement is very important for the color_board
benchmarks. Concerning computation time, the efficiency of local search is lim-
ited by the cost of the neighborhood evaluation, which is partly due to our Prolog

implementation.
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4.3. Comparison

GADelL DeRes
Problem nd | nad np cpu cpu
color_board.3 | 63 9| 0.1 8.5 0.02
color_board_4 | 120 16 1.0 44.9 0.05
color_board.5 | 219 25 14 229.1 0.15

ham_lad_4 29 8| 2.2 14.4 18
ham_lad_5 37 10 | 16.0 107.6 530
ham_lad_6 45 12 | 22.6 359.7 | > 3600
ham_lad_7 53 14 | 85.4 | 1220.2 | > 3600
ham_sim_3 47 10 | 25.6 425.7 | > 3600
ham_sim_4 76 15 > 3600 | > 3600

Table 4. Comparison between GADeL and DeRes

We compare GADeL and its local search improvement with DeRes® because
both systems accept any kind of propositional closed default theories. In table 4 the
first column gives the used default theories. The second and third columns show
respectively number of defaults for this theory (nd) and number of applied defaults
for an extension of this theory (nad). The fourth and fifth columns give respectively
average number of populations (np) and CPU time in seconds (cpu) for GADeL
and the sixth column gives the CPU time in seconds (cpu) for DeRes to compute
one extension.

We have to mention that problems color_board_N are stratified®. Stratification
is a syntactic property of a default theory that is exploited by DeRes in order to
speed up its search. This point explains why DeRes has very efficient performances
on these problems. But, the stratification property is rarely satisfied in whole gen-
erality. For instance it is not satisfied any more as soon as 36 € D/conseq(d) € W
and it is the case for ham_lad_N and ham_sim_N. For these two difficult problems,
our experiments show the validity of our system. Even if the CPU times are high,
the numbers of generated populations remains rather weak w.r.t. to the size of the
search space that is 277 (253 = 9 x 10" for ham _lad_7).

5. Conclusion

Previous works have studied the automation of non monotonic reasoning, but
except system Deres®*, all are concerned by subcases of Default Logic. %2 deal
with non monotonic inheritance networks. 2° is about full Default Logic but without
implementation. However, it has been the basis for the development of a very
efficient system named Smodels?! that is able to compute the stable models of a
logic program that, again, is a subcase of Default Logic that has a lower complexity
(NP-complete). Today, system DLV7 which deals with disjunctive logic programs
is certainly the most efficient system for non monotonic reasoning. So, in our
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knowledge, Deres®* and our system GADeL are the only ones that are able to
deal with full Default Logic with a reasonable amount of time. The experiments
that we have described in subsection 4.3 show that our approach is the better one
on the general class of non stratified default theories. A future study on how to
integrate the stratification property in our heuristics would be helpful to improve
the performance of GADeL.

During past years, many variants of Default Logic have been proposed (see
and all of them could be put in the scope of GADeL only by redefining the function
eval (see definition 7). But, we think that it is not a good idea for all variants that
are semi-monotonic since in these cases a greedy algorithm is sufficient.

In this work we have extended our system GADeL (first described in %) by
adding local search heuristics and new operators to our global genetic algorithm
system. By this way we have significantly improved its performances. We think
that it is because genetic algorithms provides a good way to explore the whole
search space while local search adds efficiency in the last steps of the search. Some
new specific processes have also been added to the genetic algorithms part : a non-
conflicting generation of an initial population and diversification of the individuals
thanks to Hamming distance. Moreover, this system can be finely tuned to any
given problem by adjusting the relative amount of genetic algorithms and local
search. Even if programmed in Prolog, it provides good computation time.

24)

As future work, efficiency could also be increased by considering a parallel treat-
ment of genetic algorithms and local search 6.
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