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Abstract. In this paper, an algorithm is presented for learning concept
classification rules. It is a hybrid between evolutionary computing and
inductive logic programming (ILP). Given input of positive and nega-
tive examples, the algorithm constructs a logic program to classify these
examples. The algorithm has several attractive features including the
ability to explicitly use background (user-supplied) knowledge and to
produce comprehensible output. We present results of using the algo-
rithm to tackle the chess-endgame problem (KRK). The results show
that using fitness proportionate selection to bias the population of ILP
learners does not significantly increase classification accuracy. However,
when rules are exchanged at intermediate stages in learning, in a manner
similar to crossover in Genetic Programming, the predictive accuracy is
frequently improved.

1 Introduction

This work addresses the classification problem in machine learning. That is, given
training examples of the form {(x1,¥1),---, (Xm,ym)} for some unknown func-
tion y = f(x), where the x; values are vectors of the form (z;1,Zi2,...,%Zin),
and y values are drawn from a discrete set of classes {1, ..., K}; find a definition
of function f such that the y value for any x; from the same distribution is
accurately predicted, [4].

Evolutionary algorithms (EA) have in the past successfully been used for
the classification problem. GABIL [3], and REGAL, [5], for example, create
a mapping between logic expressions and fixed-length binary strings. A genetic
algorithm then searches the space of strings. To evaluate strings they are mapped
to the corresponding logical expression which may then be interpreted. Other
work has been done on suitably modifying the operators in genetic algorithms
to manipulate logical expressions directly, e.g. SAMUEL, [12], GLPS, [13].

However, as the hypothesis language becomes increasingly expressive, the
space of logical expressions that needs to be searched grows combinatorially.
There is accumulating evidence that indicates that the performance of evolu-
tionary algorithms can be improved through the introduction of a local search
method, [1, 7]. A local method progresses by refining an existing solution. Instead



of considering the entire search space, a small subset — the solution’s neighbour-
hood - is examined. This can result in the rapid location of good solutions.
However, if all the points in the neighbourhood are inferior, then the algorithm
becomes trapped. Unless the local method is perturbed in some way, no fur-
ther improvements can be made. Evolutionary algorithms are relatively robust
against such local maxima, but are poor at local refinement.

Furthermore, evolutionary algorithms do not easily lend themselves to using
domain knowledge explicitly. Typically, they begin tabula rasa. The only real
alternative is to seed, or bias the initial population of candidate solutions towards
likely answers. However, this only makes certain classes of solution less likely, it
does not allow solutions to be declared invalid. For example, Wong and Leung’s
GLPS [13] induces logic programs by evolving a suitably chosen representation
such that the syntactic correctness will be guaranteed. However, the algorithm
does not easily allow background knowledge to be used to constrain the space
of solutions. The semantics of expressions are ignored.

The aim of this work is to combine the local search properties of an in-
ductive logic programming algorithm with the global search properties of an
evolutionary algorithm. The algorithm presented in this paper uses a common
language to express input and output, namely function-free Horn clauses. As a
result knowledge can be supplied a priori in the form of rules and facts; this
knowledge constrains the space of candidate solutions and thus eliminates from
consideration solutions known to be inappropriate.

The remaining sections of this paper introduce inductive logic programming;
describe EVIL_1, a hybrid ILP-EA algorithm; and finally present an empirical
study of learning performance on a chess-endgame problem.

2 Evolutionary Inductive Logic Programming

2.1 Inductive Logic Programming: a Brief Introduction

Inductive logic programming (ILP), [9], is an approach to inducing concept de-
scriptions that draws on the foundations of logic programming. The task tackled
by ILP is that of developing predicate descriptions given training examples and
background knowledge. More specifically, given sets of positive £ and negative
&£~ examples and relevant background knowledge B, construct an hypothesis H
that is consistent and complete with respect to the training data and background
knowledge.

The search through the space of logic programs is structured. A partial order-
ing is imposed on the space of hypothesis clauses and this orders hypotheses by
generality and allows large parts of the search space to be pruned. For example, if
a clause C does not cover a positive example, then none of the specialisations of
C need be considered. In practice, however, this strict condition must be relaxed
in order to tolerate noise in training data.

Inductive logic programming is an appealing local search method as it allows
the easy incorporation of domain specific knowledge. Furthermore, it produces



comprehensible solutions. However, as ILP algorithms are typically based on the
set covering algorithm, a greedy search algorithm, they are susceptible to local
maxima.

2.2 Evolutionary Algorithms

Evolutionary algorithms are domain independent search algorithms inspired by
principles of population genetics. Using very simple mechanisms, evolutionary
algorithms exhibit complex behaviour that has been harnessed to solve some dif-
ficult problems, e.g. [2,6]. However, evolutionary algorithms have certain draw-
backs. Domain knowledge cannot be used easily. Furthermore, while such al-
gorithms are good at establishing peaks in discontinuous multimodal objective
functions, they have poor local search properties.

2.3 Integrating the EA with ILP

Inductive logic programming and evolutionary algorithms have appealing prop-
erties which appear to be complementary. Evolutionary algorithms have good
global search properties, whereas inductive logic programming algorithms have
good local refinement characteristics. This provokes the question can a concept
learning algorithm be constructed that captures both of these properties?

Furthermore, when only a subset of the training set is seen by an ILP al-
gorithm the theories induced are likely to be less accurate than if all the data
had been used. However, in most real world applications, data will necessarily
only become available gradually, or will be too great to use in one batch for the
learner. It is therefore interesting to observe how algorithms perform when only
samples of the data are used.

2.4 The EVIL_1 Algorithm

In the approach adopted, an evolutionary algorithm is used to direct the com-
putational effort spent by multiple parallel instances of the ILP algorithm. The
evolutionary algorithm maintains a population of agents each comprising of a
logical theory (a logic program). The traditional mutation and crossover opera-
tors are replaced with the crossover operator used in [11] which in some respects
is similar to crossover in Genetic Programming,.

Each agent is able to induce logic programs using an ILP algorithm. An
agent takes as input a random sample of the training data and induces a theory.
This theory is evaluated on a validation set. Those theories with poor predictive
accuracy risk extinction, while those with high predictive accuracy are likely to
occupy a larger proportion of the population in the next generation. As new rules
are discovered they are added to the theory. This augmented theory together
with the background knowledge is then used in subsequent trials. The fitness of
a theory is measured by determining its predictive accuracy on the validation
set! comprising of the entire training set. The algorithm is shown below.

! It should be noted that this is not to be confused with the test set which is used
only for evaluation independently of any learning.



procedure EVIL_1 is
begin
initialise(Population);
fitness = accuracy(Population,validation_set);

while not termination_criterion loop
for each member of population loop
theory = select_parent(Population);
subset = sample(training_set,sample_size);
new_theory = induce(background knowledge, theory, subset);
end loop
fitness = accuracy(Population, validation set);
new_population = select(population);
population = new_population;
end loop
return fittest(Population);
end EVIL_1;

The induce procedure refers to a call of the inductive logic programming
algorithm. The algorithm chosen was Progol, [10].

3 An Empirical Study

The aim of this empirical investigation is to examine the effect on predictive
accuracy of (1) applying fitness proportionate selection on a population of ILP
algorithms that only use a sample of the training set; and (2) of exchanging rules
between ILP algorithms at intermediate stages.

The task domain is the Chess Endgame (KRK) problem, proposed by [8].
This problem is a widely used test problem for ILP systems. The problem may
be characterised as follows. There are three pieces left on a chess board: the
white king, white rook, and the black king. The objective of the learning al-
gorithm is to discover rules to describe illegal positions when it is white’s turn
to move, given a set of positive and negative training instances. For example,
an illegal position occurs when the black king is in check with white to move.
The predicate illegal/6 is the target to be learned, and the attributes of the
target predicate are file and rank for white king, white rook and black king
respectively. Examples, therefore, take the form illegal(e,3,a,1,e,1) and
:- illegal(d,4,g,3,b,5) (where :- denotes negation). These examples cor-
respond to board positions as illustrated in Figure 1. The data comprises of
20000 examples which are split into 10000 training and validation instances and
10000 test instances.

The following background knowledge is also supplied. The adj/2 predicate
defines cases where the rank or file represented by the left argument is adjacent
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illegal(e,3,a,1,e1). not(illegal(d,4,9,3,b,5)).

Fig. 1. Examples of legal and illegal positions.

to that represented by the right argument. The 1t/2 predicate defines pairs of
ranks or files, where the left argument is less than the right. Consequently, rules
may take the form

illegal(A,B,C,D,C,C).
illegal(A,B,C,D,E,F) :- adj(A,E).

A population of 10 learning agents are supplied with subsets of the train-
ing set and are allowed to induce a hypothesis using the Progol inductive logic
programming algorithm. In each generation, each agent is supplied with a 0.2%
random sample of the training set?. Two experiments were conducted.

The first experiment considers the effect of fitness proportionate selection.
Two cases are considered: (1) multiple instances of ILP are run batch incremen-
tally; and (2) also with fitness proportionate selection. The predictive accuracy
on the test set was examined for both approaches. Figure 2 shows a scatter
plot for the test set accuracy of the fitness-proportionate selection case (y-axis)
against the no fitness proportionate selection case (z-axis). Points above the
line y = z reflect an improvement in predictive accuracy for the introduction of
fitness-proportionate selection. However, the distribution of points indicates that
while the introduction of fitness-proportionate selection is not advantageous, it
is also not disadvantageous.

The second experiment examined the effect of rule exchange between learn-
ers. At certain intervals denoted by the communication period w. agents are
selected to exchange parts of their clausal theory. In the control case w, = oo,
no rule exchange occurs. In the treatment cases, w, = 3,5 or 10 generations.
The following types of rule-exchange were considered. (1) Union: new theories

2 The choice of sample size was based on a trade-off between providing enough data
for rules to be found while avoiding excessive run-times.
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Fig. 2. Fitness-proportionate selection versus no fitness-proportionate selection.

are constructed by taking the union of two parent rule sets; (2) Crossover: new
theories are constructed by exchanging rules using the crossover operator de-
scribed in [11].

Figure 3 shows scatter plots for the test set accuracy of rule exchange us-
ing union, and Figure 4 the performance distributions for crossover. The graphs
indicate that in the cases where the ILP algorithm performs badly, the introduc-
tion of either union or crossover increases predictive accuracy. However, in the
cases where the ILP algorithm already performs well, union and crossover have
a detrimental effect. The statistical significance of these results were examined
using the paired t-test. For union periods 3, 5 and 10, the introduction of union
does not result in a statistically significant increase in predictive accuracy, and
therefore it may not be reasonably asserted that union improves performance in
the chess endgame problem. However, the exchange of rules through crossover
with high crossover frequency does result in a statistically significant increase.
we =3 (P <0.0005); w.=5(P <0.05); w,=10 (P <0.1).

4 Conclusions

A new hybrid evolutionary learning algorithm has been presented that induces
first order logic clauses from examples. The algorithm has a number of attractive
features. In particular, it allows the use of explicit background knowledge to
constrain the space of solutions. In addition, the algorithm is inherently parallel
and its output is sufficiently expressive to learn relational concepts.

The algorithm’s learning properties were examined on the chess endgame
(KRK) problem. It was shown that learning with a population of ILP learners,
where fitness proportionate selection is used to bias trials towards good theories
does not yield an increase in predictive accuracy. When rules are exchanged using
a union operation a statistically significant increase is not observed. However,
when crossover is used to exchange rules between learners, then a significantly
superior predictive accuracy is attained (P < 0.0005).
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One possible explanation for these results is that the ILP algorithm is based
on the greedy algorithm which is susceptible to local minima. Crossover, to-
gether with fitness-proportionate selection, serves as a global strategy, which
can redirect the ILP algorithm to other areas of the search space.

Areas currently being pursued include a more detailed analysis of rule ex-
change between inductive learners and the application of evolutionary inductive
logic programming to more complex problem domains.
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