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1 Introduction

At first sight the two problem areas constraint satisfaction and machine learning
do not appear to be similar. The first has a clear definition of its problem domain
and a crisp definition of solutions. The second is a much broader defined problem
domain, which leads to many objectives to be solved.

Many research areas have focused there attention on constraint satisfaction,
operating research, ant colonies, evolutionary computation and, most notable,
constraint programming. Although the problems that are being studied share
the same goal, which is to satisfy a set of constraints, their precise definition
varies.

Among these problems we find numerous well known ones such as, k-graph
colouring, 3-sat and n-queens. For any of these problems we can transform them
to a binary constraint satisfaction problem without loss of generality. This holds
for any finite constraint satisfaction problem, and it means that we can solve
a problem by solving a corresponding binary representation [14], which means
that every constraint only restricts the assignment of values to two variables.
In practice, however, we need to be careful as different forms of transformation
are possible, each with its own impact on the performance of the applied solving
algorithm.

In contrast to the field of constraint satisfaction the field of machine learn-
ing tries to cope with many different aspects. There we find problems such as
clustering, classification, association rules and symbolic regression. Often these
are lifted out one at a time resulting in specific techniques to solve them. It
is uncommon to find a classifying technique this is capable of clustering too.
Techniques from Evolutionary Computation may change this practice.

Basically machine learning is one of the last steps in the process of data
mining. It is the moment where we transform raw data into knowledge, which
makes it an important step as this forms the main idea behind data mining.

Here we focus on those problems from the two areas that have been solved
with evolutionary computation. A short overview of these follows next. There-
after we give an overview of the empirical research we have performed over the
past five years. Then follows a short discussion about the results, after which we
conclude with the research currently in progress.



2 Empirical research

We live in a real world and an important aspect is that we need solutions to
problems. Sometimes this means we do not need or want to know exactly how a
solution is created, which justifies the use of empirical research to some extend.
Many companies are interested in new techniques solely on the basis of empirical
research. In the same light Evolutionary Computation is becoming more and
more popular while at the same time the interest in theory and analytic research
seems to decrease. Here we will give an overview of empirical research performed
on the problems we have discusses in the previous section.

Problems often exist before a solution is provided, but in some cases the
reverse happens. So it seems to be with evolutionary algorithms as in the past
decennia people have been searching for problems that we could solve with Evol-
utionary Computation. The problems with which people experimented have been
solved previously to some success with other techniques.

In constraint satisfaction these established techniques consist of methods
that have been derived from chronological backtracking [8] and methods that
are based on simple heuristics that are influenced by a stochastic process, such
as DSatur [2]. Here we will look at backtracking (bt) and forward checking with
conflict-directed back-jumping (fc-cbj) on solving binary constraint satisfaction
problems and we will look at DSatur on solving k-graph colouring.

Machine learning has many different techniques for every aspect, here we
restrict ourselves to some of the techniques that exist for solving classification
and symbolic regression problems. Results of these techniques have been reported
in Statlog [11] where it concerns classification. For symbolic regression we have
used cubic regression and splines under tension [4] in our comparisons.

In [7] we measured the performance of two evolutionary algorithms, Stepwise
Adaptation of Weights (saw) and the Grouping Genetic Algorithm and one
established technique called DSatur [2] when solving randomly created instances
of k-graph colouring problems with k = 3. The tests sets consisted of instances
created randomly in such a way that we look at a range of edge connectivities
that overlaps the phase transition as predicted by Cheeseman et al. [3]. We found
that the two evolutionary algorithms easily outperformed the established DSatur
technique.

We have performed the same testing procedure for solving random binary
constraint satisfaction problems [10]. The test set has been created using model B
[12] and again we created a test set that overlaps the transition phase as predicted
by Smith [13]. Here the roles are reversed, the two established techniques, bt and
fc-cbj, outperform the two evolutionary techniques, saw and the Microgenetic
Iterative Descent method on most of the test set except for the instances that
take the least effort to solve.

To further investigate these results we set up a scale-up experiment where
the number of variables in the constraint satisfaction problem is increased [10].
Again the two established techniques outperform the evolutionary algorithms.

In [9] the saw technique was first applied in genetic programming, after
further investigation we reported a comparison in [5] based on data in the Statlog



libraries where we noticed that adaptive genetic programming is only a fair player
on the list of techniques tested.

We then turned to symbolic regression using the same adaptive saw tech-
nique in genetic programming [6]. For this real valued domain we were confron-
ted once more with the fact that most problems were solved much faster and
much more accurate with simple techniques such as regression and splines. These
simple techniques, however, do not provide a symbolic model.

3 Discussion

When we look at the quick summing up of results in the previous section we
get a grim picture of the performance of evolutionary algorithms compared to
the other established techniques that were mentioned. Especially the harder
problems seem to form an obstacle for evolutionary algorithms. Even worse,
but less surprising, unsolvable problem instances form an even bigger problem
as most evolutionary algorithms have almost no way of determining that they
should give up.

This leads to the question of how to improve matters. Not only regarding
speed, but especially regarding the success rate, i.e. the percentage of problems
instances solved. We can easily speed up evolutionary algorithms using parallel
computing, but that would not increase the success rate. Thus the question
remains why the accuracy of evolutionary algorithms on these problems is low. To
answer this we are need to determine when and on what evolutionary algorithms
become less accurate. More specifically, which parts of an evolutionary algorithm
have a negative impact on the accuracy and for which problem instances does
this hold.

4 Research in progress

To better test the techniques that we develop we use a different model for ran-
domly generating binary constraint satisfaction problems. This model, called
model E, behaves much better when we scale-up problems [1]. We are applying
this new model in a large scale comparison of every evolutionary technique that
solves constraint satisfaction problems we have seen over the past ten years.

With the same model we are testing an extended version of the Stepwise Ad-
aptation of Weights technique that we have named Zoom-saw. The preliminary
results are promising and will be reported later when the whole experiment is
finished.

At this moment in time most of the evolutionary techniques still fall behind
established techniques. Besides attempts to change this situation by trying to
create new innovative algorithms and testing them, we want to gain knowledge
of what is going wrong in our techniques. We are, therefore, focusing on some
aspects of our techniques and problems where we thinks a loss of performance
might be present. Right now we are examining the 1/l mutation rate that is used
quite often as we think this mutation rate is far too low. From the perspective of



the problem we are investigating where exactly the phase transition in constraint
satisfaction is found in relation to different solving techniques.

In the long run we hope to get a model that incorporates constraint satisfac-
tion and machine learning in such a way that we can apply different techniques
transparently on many different problems from both areas. We hope that we
can create a model that is similar to the model of binary constraint satisfaction
problems as there is much information, both empirical and theoretical, available
on this model.
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