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Abstract. Cluster configurations are a cost effective scenarios which
are becoming common options to enhance several classes of applications
in many organizations. In this article, we present a research work to
enhance the load balancing, on dedicated and non-dedicated cluster con-
figurations, based on a genetic machine learning algorithm. Classifier
systems are learning machine algorithms, based on high adaptable ge-
netic algorithms. We developed a software package which was designed to
test the proposed scheme in a master-slave Cow and Now environment.
Experimental results, from two different operating systems, indicate the
enhanced capability of our load balancing approach to adapt in cluster
configurations.

1 Introduction

Dedicated and non-dedicated cluster configurations offer a cost/effective high-
performance computing if idle resources from these clusters can be successful
harnessed. Several package environments (such as OSCAR (Open Source Clus-
ter Application Resource)[1] and Linux Virtual Server [2]) were developed to
provide functions of a single system image. These environments improve the use
of cluster architectures, providing many important mechanisms to help appli-
cation programmers to achieve a high performance. The load balancing issues
in distributed systems (such as cluster environments) have been studied by a
number of researches and many points have already been addressed [3, 4, 5].

However, a well known problem in implementing software environments for
single system image is the use of an effective technique to distribute processes
to processors in a fair based policy [6]. As many research works have already
demonstrated (e.g. [5, 6]), in a cluster of computers it is high the possibility of a
specific node become heavily loaded and others lightweight loaded.

The load balancing problem is recognized as a NP-complete problem [7].
Therefore, application developers commonly use heuristic or stochastic methods
because those two paradigms can obtain sub-optional results in a reasonable
period of time. In the literature we can observe an expressive utilization of
genetic algorithm.
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In this article, we present an approach to schedule processes using a classifier
system. This method has an interesting feature of machine learning [8] based on a
genetic algorithm. The results were obtained considering two configurations. The
first configuration was a cluster of tightly machines (Cow) using Linux with the
OSCAR single system image. The other environment was an ordinary network
of workstations (Now) with loosely coupled machines executing the Windows
operating system. The proposed system was implemented in Java.

The paper is organized as follows. Section 2 presents some concepts of schedul-
ing and load balancing approaches. Concepts of genetic algorithms and classifier
systems are shown in section 3. Our proposal is described in section 4. Exper-
imental results of a parallel application are presented in section 5. Finally, in
section 6 we draw some conclusions about the present research and our contri-
bution, indicating some future directions for this research work.

2 Scheduling and Load Balancing in Parallel and
Distributed Systems

The taxonomy presented in [4], considers the global scheduling as static and
dynamic. The static approach requires previous knowledge of processes behavior
and its dependence. Therefore, the static technique is more suitable for homo-
geneous environments, because this method knows processes behavior at the
compilation time. On the other hand, the dynamic scheduling is used when we
do not know any previous requirements of processes and environments. Thus, in
this paradigm we should implement queries which interact frequently with the
configuration to gather information of the load of the processors. In addition,
a strict dynamic method considers the migration of processes when a processor
became overload for some reason. However, this technique is a complex task and
has a high computational cost (e.g. [9]). Therefore, it is also possible to imple-
ment a more relaxed approach of dynamic scheduling migration called on time
assignment scheduling (OTS).

3 Genetic Algorithms and Classifier Systems

Genetic algorithms are designed to perform a search, based on mechanisms of
natural selection. In nature the most adapted individuals have more chances
to survive. In addition, they provide their genetic code to their descendants.
An individual in a genetic algorithm is represented by its chromosome, which is
usually a string. In a new generation, new artificial creatures (strings) are created
using fragments of the most adapted individuals from the old generation.

A classifier system is a genetic based machine learning algorithm, that can
learn syntactically simple rules (called classifiers) to guide its performance in
an arbitrary environment [8]. A classifier system has 3 main modules: rule and
message system, a special class of production system; apportionment of credit al-
gorithm; genetic algorithm. A production system is a computational scheme that
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employs rules as the main algorithmic goal. Rules usually present the following
form:

If <condition> then <action>

If the classifier system receives the message ”101011” the first classifier will
be activated and the action ”100” will be executed. During the creation of a
classifier system, all classifiers have the same fitness. When a classifier is chosen,
it has to pay a certain amount of its fitness to the apportionment of credit
algorithm. The amount of fitness is determined by a pre-defined tax. The paid
amount is the product between the pre-defined tax and the classifier fitness. This
amount will be paid in the next classifier system consultation, if the previous
classifier sent an action that improves the system performance. Otherwise, the
amount will be accumulated until a classifier gives a positive action. After a
pre-defined number of consults, genetic algorithm is activated. The population
of classifiers is replaced.

4 Proposed Environment

A large number of process scheduling researches that using genetic algorithm are
based on the simulation of the environment. In contrast, we decided to design
and implement a solution using real cluster configurations.

The first step in developing a global solution to schedule process, based on
classifier systems, is to choose a distributed paradigm. In our case we decided to
implement a master-slave approach. Our classifier system proposal is to develop
a modified threshold method. This algorithm provides a process threshold indi-
cating the number of processes which each can execute. We consider the average
response time variation of processes as entry condition to the classifier. The con-
figuration of classifiers will be: <if a grow occurs or a decrement> + <variation
rate of average response time>:<if the threshold should be incremented or decre-
mented>+<threshold rate variation>

5 Experimental Results

The performance of the classifier system was compared to random and threshold
methods. In the random method a destination node is randomly chosen to receive
processes. On the other hand, the threshold method pre-defines a maximum
number of processes.

Fig. 1. Second experimental results
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The first experiment was executed in the non-dedicated environment. In the
last experiment we consider an OSCAR cluster configuration. The processes
submitted to system in frits experiment was a for loop to calculate a sum. On
the other hand, the processes submitted to OSCAR configuration calculated
the prime numbers by Eratostenes ciev. We consider the average response time
metric, therefore a small average response time mean a better performance.
The second experiment was idealized for test the robustness of our proposal.
Therefore, we execute in the dedicated cluster for 20 hours, with interval of 20
minutes. As figure 1 shows the system had an interesting behavior. The proposed
classifier system shows a high adaptability that was our primarily goal.

6 Conclusion and Future Work

The experimental results present in this article show the high adaptive charac-
teristic of our proposed classifier system implementation. In addition, it demon-
strates the capability of learning about cluster configurations (non-dedicated and
dedicated environments). These facts are confirmed by intervals where we had
low performance compared to the following enhanced performance. As future
work we are planning a scheme to store classifiers, therefore when the system
begins the execution classifiers would be adapted to the reality which they will
execute.
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