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COMMUNICATIONS

DISTRIBUTED GENETIC ALGORITHMS:
A SCHEME FOR GENETIC DRIFT AVOIDANCE
Taisir Eldos

∗

Genetic Algorithms (GA’s) are of particular significance in applications with highly irregular search spaces, especially
when the computing power requirement for exhaustive search is prohibitively large. GA’s are capable of finding near optimal
solutions and highly amenable to parallelism and hence Distributed Genetic Algorithms (DGA’s) present an efficient solution
to the time requirement issue. However, both the serial and the parallel implementations are subject to the genetic drift
phenomenon, which drives the search into local optima if the exploration and exploitation are not well balanced. This work
proposes a mechanism to achieve this balance by mimicking the natural catastrophes of life on earth; demes are partially
destroyed in a randomized pattern and encouraged to reconstruct themselves towards better diversification and hence genetic
drift avoidance or reduction.
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1 INTRODUCTION

In this paradigm, the process of finding a solution
to an optimization problem starts with a set of initial
solutions, individuals or chromosomes, collectively called
population or deme. A set of operators with predefined
characteristics; frequencies, thresholds and rules are then
applied to the population to perform reproduction. This
process iterates producing better and better generations
towards the end. This paradigm has been used to deliver
efficient solutions to many complex problems in science,
engineering and business.
Genetic algorithms demonstrate probabilistic convergence, and do not necessarily converge to an optimal solution. The search for a solution is based on the concept
of schema, which was introduced by John Holland [1] to
characterize the informal notion of “building block”. Holland argued that the search for an optimal string combines exploitation (preservation of schemata) and exploration (creation of new schemata) in close to optimal proportion. However, there is only little theoretical support
for the convergence and great deal of critic, especially
when it comes to the schema theorem [2, 3] that is used
to explain the behavior of the genetic algorithms as methods for building solutions from basic building blocks; it
can only predict the next generation, and hence cannot
predict the long term behavior of the genetic algorithms.
While it is relatively easy to design a suitable mapping
and fitness measure, it is still hard to fine tune the parameters to achieve good results. This yields to the challenge
of progressive loss of diversity in the population due to
the consecutive application of genetic operators; as the
tops tend to attract individuals forming subpopulations.
The convergence on a peak or even small number of individuals without differential advantage is caused by a phe-

nomenon called genetic drift, which is a result of errors
in sampling that occur in small populations. To reduce
the chance of dominance of such populations, one would
want to provide for stable subpopulations to form around
each peak, or at least a good collection of peaks, which is
difficult to implement due to the lack of information. It
would be even better if the subpopulations are allocated
to peaks in proportion to their magnitudes [4]. An alternative approach is to consider the rate of decrease in the
population fitness [5]. Several methods have been devised
to deal with this problem by maintaining diversity; an
example for proportional selection is to tune the selective
pressure adaptively by a nonlinear scaling of the fitness
function [6], another is the Evolutionary Local Selection
Algorithm [7].
The proposed scheme targets the diversification aspect of the search through a new operator; the catastrophic effect. Although the idea itself is applicable to
the standard genetic algorithm, it is more intuitive to apply it to the distributed model. The catastrophic effect
operator mimics the effects of nature on the evolution
process; earthquakes, landslides, volcanic eruptions, hurricanes and other massive destruction phenomena that
are capable of destroying thousands of individuals in several cities or countries. The proposed addition to the basic evolutionary model will be evaluated by comparing it
with the standard model using two measures; likelihood
of optimality and population best fitness and standard
deviation, and ergodicity.
This paper is organized as follows: section 2 reviews
the various avenues of enhancing the performance of genetic algorithms, section 3 introduces the new operator
and its characteristics, section 4 details the implementation of embedding the new factor into a generic algorithm,
and section 5 discusses the results of the simulation.
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2 RELATED WORK

Traditionally, performance enhancement had few avenues; from domain specific adjustments to parameters
optimization. Considerable performance improvement
has been reported through the algorithm behavioral enhancements, although the optimal setting of the parameters depends on the application and the search stage [8].
Eric and Goldberg [9] provided guidelines to rationally
select the parallel genetic algorithm. Adamidis [10] allowed the populations to behave differently to enrich the
evolution process, and introduced a varying fitness function that increases penalty as the search progress towards
the end, to assist in avoiding infeasible solutions and locating the area of the global optimum. Back [11] used
self-adaptive cross-over and mutation rate and a variable
population size model. Cantu-Paz [12] reported that careful selection of the migration scheme improves the converge speed. Matsumura [13] discussed the effects of the
chromosome migration in distributed genetic algorithms;
Eldos [14] proposed a selective migration scheme with
conditions applied at both the source and the destination
demes. Domain specific improvements were reported by
some researchers; Chen [15] reported improved performance by using domain dependent settings like random
respectful recombination and greedy cross-over.
3 CATASTROPHIC EFFECTS

DGAs are either symmetrical, where nodes have their
own populations and perform similar tasks, and communicate periodically to exchange information and parts of
their populations, or asymmetrical, where a master node
assumes the administrative responsibility and the other
nodes (slaves) perform computations only, mainly fitness
evaluation. Normally, all nodes can exchange information.
However, the cellular model restricts exchange among
nodes within cells of certain structures, causing the quality of solutions achieved is topology dependent.
The proposed scheme introduces a randomized effect
that partially destroy some demes and an adaptive recombination mechanism that reconstruct the demes gradually. We simulate the proposed enhancement using a
symmetric DGA with cellular communication using a randomized effect characterized by five parameters:
1. Frequency, how often the effect will be imposed
2. Center, the deme that has the direct hit by the effect,
selected randomly
3. Diameter, the extension of the effect
4. Level or strength, percentage of the deme size to be
destroyed
5. Pattern, how victims are selected (partly at random
and partly on fitness bases)
Normally, every deme has a chance to be the center of
the effect and the diameter is chosen at random. Although
the fitness is a measure of the ability to survive even
natural disasters, all individuals are prone to destruction
save the elitist (best 2 or 4). We assume that the central

effect is superior to the peripheral, ie if a node happens to
be under central and peripheral effect at the same time,
then the central effect will prevail.

4 IMPLEMENTATION

We consider the binary knapsack problem as a case
study, although it can be solved more effectively using
other methods (dynamic programming), because its uniform structure makes it easy to study the schemata distribution as an ergodicity measure. The simulation is carried out on a hypercube with 32 nodes in a symmetric
mode, and first degree neighbor information exchange.
Each node runs the following procedure:
1. Create Initial Deme
2. Perform Selection (a percent of the population is
moved to the next generation)
3. Apply Genetic Operations (cross-over and mutation)
4. Recombine (place offspring into the next generation)
5. Perform Migration (exchange individuals, and place
entrants into the next generation)
6. Perform Probabilistic Destruction (based on a preset
frequency)
a. If this deme is a center
i. Define characteristic and broadcast to neighbors
ii. Carry out the destruction according to the characteristics defined
iii. Revive the deme over few generations
b. If this deme is a member but not a center
i. Receive characteristics from the center
ii. Carry out the destruction according to the characteristics received
iii. Revive the deme over few generations
7. Rank (evaluate the fitness for new individuals in the
next generation)
8. STOP if stopping criteria is satisfied, otherwise GOTO
step 2
An instance of the knapsack problem with weights in the
range 1 to 20 and values in the range 1 to 100 all drawn
at random for 36 objects and knapsack capacity of 200.
The optimal solution was unique with 23 objects, weight
198 and a value of 880. A manually modified instance is
created from this one to have two optimal solutions to
test the impact of the proposed scheme on instances with
multiple optimal solutions.
The algorithm is set to have the following parameters:
deme size of 20, selection rate is 25 % (with a probability proportional to the fitness, 5 individuals are moved
to the next generation), cross-over rate of 50 % (5 pairs
are mated in each generation, all at random), mutation
rate of 5 % (carried out on a copy of an individual picked
at random in each generation). In each generation, each
node sends copies of 4 individuals to its 4 neighbors, and
receive from each, thus 4 new individuals are added to
each deme. Catastrophic effect occurs at frequencies of
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Fig. 1. Likelihood of Optimality versus Frequency

Fig. 2. Likelihood of Optimality versus duration of effect

Fig. 3. Fitness Deviation versus Time

Fig. 4. Schema Spectrum

0.1 %, 0.2 %, up to 0.9 %, and degrees of destruction
that are: light, medium and high with 10 %, 20 % and
30 % destruction at the centers and half of that in the
peripheries. These settings keep the deme size fixed under normal condition, but when the size drops due to a
catastrophe, it gets back to normal over few generations,
typically 10, by inserting few randomly picked individuals and adjusting the migration rate to allow few more
entrants. All runs stop processing after 100,000 generations.

The effect application is intended to maintain diversity
even at the end, but it was empirically found that it is of
no use to continue more than half the way. Figure 2 shows
that up to 30 % increase in the likelihood of optimality
can be achieved if the elitist are immune to destruction.
Figure 3 records the standard deviation of the population fitness (average of all demes) over time; it is almost
similar with the standard model (no effect) at the beginning and reasonably higher towards the end.
Figure 4 shows the schema spectrum during a typical run with 0.5 % frequency and medium strength. In
an exhaustive search, the probability of appearance for
each object is 50 %, but in a guided search, smaller and
larger numbers are recorded corresponding to lightly unexplored and heavily explored subspaces. The min, max
and standard deviation of the probabilities of appearance
for all objects are 0.22, 0.70 and 0.13 for the proposed
scheme, while they are 0.04, 0.92 and 0.21 without this
effect. While this behavior is quite natural and healthy,
having very extremely small coverage is a sign of poor exploration and a chance to miss the optimal solution. The
proposed scheme reduces this difference, and avoids the
extreme case of no exploration recorded sometimes by the

5 DISCUSSION

The results show a decent improvement in the likelihood of optimality (percentage of runs that delivers optimal solution) at almost no extra cost. Figure 1 reports the
impact of three different levels versus frequency. A 25 %
increase associated with medium strength (20 % at the
center and 10 % in the peripheries) at 0.5 % frequency
(1 per 200 generations). Since no individual is immune to
destruction, high strength effects at high frequency may
even decrease the likelihood of optimality.
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Fig. 5. Relative Fitness versus Time

standard model, where some schema never shows up in
a candidate solution. Clearly, the effect makes the space
sampling more ergodic, and diminishes the probability of
improper convergence.
Figure 5 shows the relative fitness (fitness divided by
the optimal) of the best solution over time (as percent of
the total run time), and again the moderate effect shows
a continuous superiority, which means a better solution
is in hand no matter where in time the search process
stops. A slight 5 % percent increase in the quality can be
achieved.

6 CONCLUSION

The proposed work has shown that genetic algorithms
could deliver better solutions when they behave more naturally; catastrophic effect in the form of randomized massive deletion of individuals has a positive impact on the
solution quality. The exploration/exploitation balance reduced the genetic drift and hence increased the chance of
finding optimal solutions; the likelihood of optimality increased by 21 % to 26 % in instances with unique optimal
solution and by 22 % to 30 % in instances with multiple
optimal solutions. In addition to that, a slight increase in
the quality is recorded in most of the runs. Future work
may address the problem quantitatively through some
mathematical analysis.
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