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Foundations of SOMA: the Relation of Stochastic 
Perturbation to Population Diversity 

 

Michal Pluhacek, Roman Senkerik, Adam Viktorin, Tomas Kadavy  
Faculty of Applied Informatics 
Tomas Bata University in Zlín 
T.G. Masaryka 5555, 760 05 

Zlín, Czech Republic 
{pluhacek,senkerik,aviktorin,kadavy}@utb.cz 

Abstract— This paper presents a detailed insight into the 
importance of the perturbation operator in the SOMA algorithm. 
We provide data, visualizations, and analysis of the effect of the 
perturbation on the population, its diversity and average 
movement patterns. We provide evidence that there is a direct 
relation between the PRT value and the rate of diversity loss. 
Further factors are the dimensionality of the problem and the 
fitness landscape. 

Index Terms—Self-organizing migrating algorithm, SOMA, 
diversity, perturbation 

I. INTRODUCTION 
HE original self-organizing migrating algorithm (SOMA) 
was introduced by Zelinka in 2004 [1]. It fits into the 

category of swarm intelligence [2] based metaheuristic 
algorithms alongside Particle swarm optimization [3] and Ant 
colony optimization [4], predeceasing the recent boom of swarm 
algorithms [5] that has attracted criticism from part of the 
scientific community [6]. 

SOMA and its modifications have been proven very 
effective in various applications [7], including complex 
problems in the areas of discrete [8] and multi-objective [9] 
optimization attracting the general attention. Recently a book 
has been published [10] that details various applications of 
SOMA including chaos and complex systems, financial 
modeling or large-scale optimization.  

Despite the popularity of the algorithm and the broad 
spectrum of successful applications, the inner dynamics of 
SOMA have rarely been studied in detail. This study aims to fill 
part of this blank area focusing on the perturbation operator and 
its relation to the population diversity, movement patterns, and 
overall fitness landscape coverage, providing useful insight for 
future researchers and users of SOMA. 

The rest of the paper is structured as follows: In the 
following section, the SOMA algorithm is introduced. Section 
three details the perturbation operator in SOMA. The 
methodology for population diversity calculation is described 
alongside used benchmark functions in section four. The main 
experimental results are presented in section five. The paper 
concludes with the discussion of the results. 

II. SELF-ORGANIZING MIGRATING ALGORITHM (SOMA) 
SOMA is a population-based metaheuristic method that 

utilizes the traditional crossover and mutation operations in a 
modified manner simulating a social group of individuals. 

In the original and most common SOMA variant (strategy) 
called All-to-One [1, 10] (that is the focus of this study) the 
algorithm follows these steps: At the start of each iteration 
(called migration loop; ML) a Leader is selected based on the 
fitness (fittest individual becomes the leader). Each remaining 
individual then moves in the direction towards the Leader in the 
search space. The movement consists of jumps determined by 
the Step parameter until the individual reaches the final position 
given by the PathLength parameter. 

Each step is evaluated using the objective function, and the 
best position (including the initial position of a given individual) 
is chosen as the new position of the individual in the next 
migration loop. The exact position of each step is calculated 
according to (1)  

𝑥",$,%&'() = 𝑥",$,+,-.,&' + (𝑥',$&' − 𝑥",$,+,-.,&' ) ∙ 𝑡 ∙ 𝑃𝑅𝑇𝑉𝑒𝑐𝑡𝑜𝑟$  (1) 

Where: 
𝑥",$,%&'()	-value of i-th individual’s j-th parameter, in step t in 
migration loop ML + 1, 
𝑥",$,+,-.,&' - value of i-th individual’s j-th parameter, Start 
position in current ML, 
𝑥',$&' - value of  Leader’s j-th parameter in migration loop ML, 
t - step Î <0, by step to, PathLength >, 
PRTVector (Perturbation Vector) - vector of ones and zeros 
dependent on PRT value. The PRT value is a predefined 
constant. For each dimension component in the perturbation 
vector, a random number r from interval <0, 1>  is generated. 

T 

This work was supported by the Ministry of Education, Youth and Sports of the 
Czech Republic within the National Sustainability Programme Project no. 
LO1303 (MSMT-7778/2014), further by the European Regional Development 
Fund under the Project CEBIA-Tech no. CZ.1.05/2.1.00/03.0089 and by 
Internal Grant Agency of Tomas Bata University under the Projects no. 
IGA/CebiaTech/2019/002. This work is also based upon support by COST 
(European Cooperation in Science & Technology) under Action CA15140, 
Improving Applicability of Nature-Inspired Optimisation by Joining Theory 
and Practice (ImAppNIO), and Action IC1406, High-Performance Modelling, 
and Simulation for Big Data Applications (cHiPSet). The work was further 
supported by resources of A.I.Lab at the Faculty of Applied Informatics, Tomas 
Bata University in Zlin (ailab.fai.utb.cz). 
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If r < PRT, then the value of one is saved to PRTVector. 
Otherwise, zero is saved into the PRTVector.  

III. THE PERTURBATION OPERATOR IN SOMA 
As has been described in the previous section a perturbation 

is a crucial operation in the SOMA equation (1). It represents the 
process of random mutation and is controlled by the predefined 
PRT parameter in the range <0,1>. The perturbation vector 
(PRTVector)  is constructed according to the rules described in 
the previous section. However, in the initial SOMA proposal [1] 
the PRTVector was constructed for each individual at the start 
of its movement, leading to a linear trajectory of the movement. 
Illustration of the initial PRTVector implementation (in 2D) is 
given in Fig. 1. 

 
 
Fig. 1. The original principle of perturbation in SOMA [10] 

Later, the implementation of PRTVector has been changed 
[10] in such way that a new PRTVector is constructed before 
each step of a given individual and further, as a rule, there has to 
be at least one zero in the vector. This change of implementation 
significantly altered the movement pattern of the individuals as 
is depicted in Fig. 2.  

 
Fig. 2. The modified principle of perturbation in SOMA, (individual red, 
leader green) [10] 

It is no longer possible for the Individual to follow a direct 
linear path towards the Leader, but it is forced to explore the 
search space in a series of steps in different directions while 
following the general direction vector towards the leader. The 
modified PRTVector implementation has led to significantly 
improved performance of SOMA [10]. The suggested default 
value for PRT is near 0.1. However, a higher value is suitable 
for certain problem types [10].  

In Fig. 3 we illustrate an experiment of the area possibly 
covered by 100 repeated individual movements (according to 
SOMA rules) from a fixed start point (blue dot, positioned at 
{1,1}) towards a leader (red dot, positioned at {5,5}) for PRT = 
0.1. Step = 0.11 and PathLength = 3 (as suggested by the authors 
of SOMA [1, 10]). 

 

Fig. 3. Area coverage simulation, PRT = 0.1; 100 runs 

Similar experiment for PRT = 0.8 is illustrated in In Fig. 4.  
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Fig. 4. Area coverage simulation, PRT = 0.8; 100 runs 

In this simulation, it is observable that the area the individual 
can (theoretically) cover with its movement is significantly 
larger for the higher value of PRT. The movement for PRT = 0.1 
is very limited. One of the reasons is that following the “at least 
one zero in PRTVector” condition it is extremely likely that the 
individual will not move at all in a given step (a zero-filled 
PRTVector is generated). With increasing dimensionality of the 
problem, this situation becomes less likely. Therefore, it might 
be advisable to avoid small PRT values for low-dimensional 
problems (regardless of the complexity of the search space).  

To illustrate this point, we present the same experiment in 
3D. Given in Fig. 3 is the situation for PRT = 0.1 and in Fig. 4 
for PRT = 0.8. 

 

Fig. 5. Area coverage simulation in 3D, PRT = 0.1; 100 runs 

 

 

Fig. 6. Area coverage simulation in 3D, PRT = 0.8; 100 runs 

Predictably, the situation id 3D seems very similar to the 2D 
case. With one extra dimension to use, the individuals seem to 
be missing fewer steps in the PRT = 0.1 scenario. The area 
covered for PRT = 0.8 nicely demonstrates the tendency of the 
individual to follow the general direction towards the leader. 

Following this initial experiment that served mainly to 
illustrate the movement patterns and area coverage of 
individuals under different significantly PRT values we continue 
with a more detailed experiment, focusing on the diversity of the 
population. 

IV. METHODOLOGY 
In order to proceed with further experiments, it is necessary 

to establish in this section the methodology used in this paper, 
notably the method of diversity quantification and benchmark 
functions used for the simulations. 

A. Diversity measure 
 

To quantify the population diversity, we use the measure 
introduced in [11]. The diversity value is based on the sum of 
deviations (2) of individual’s components from their 
corresponding means (3). For further clarity, in the experimental 
section, the value is presented as relative percentage (%) to a 
theoretical maximal value of the diversity (subject to 
dimensionality and bounds of the search space). 

 

𝑃𝐷 = ?
1
𝑁𝑃BB(𝑥$," − �̅�$)D

E

$F)

GH

"F)

 (2) 
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�̅�$ = 	
1
𝑁𝑃B𝑥$,"

GH

"F)

	 (3) 

 
Where 
i is the population member iterator 
J is the vector component iterator. 

B. Fitness landscapes (benchmark functions) 
A set of four very well established test functions [12] was 

used in the following experiments. The Sphere function 
represents a simple unimodal problem, while Rosenbrock 
function is a more challenging fitness landscape in a higher 
dimension and further Rastrigin and Schwefel functions 
represent more complex highly multi-modal landscapes. 

1) Sphere function.  

  (4) 

Search Range: [-100,100]D; Glob. Opt. Pos.: [0]D 
 

2) Rosenbrock´s function.  

  (5) 

Search Range: [-10,10]D; Glob. Opt. Pos.: [0]D 

 
3) Rastrigin´s function.  

  (6) 

Search Range: [-5.12,5.11]D;; Glob. Opt. Pos.: [0]D 
 

4) Schwefel´s function.  

  (7) 

Search Range: [-512,511]D; Glob. Opt. Pos.: [420.96]D 
 

V. THE EXPERIMENTS 
One of the key aspects of modern swarm algorithm designs 

is the ability to maintain the population diverse and therefore 
keep the ability to create new (different) solutions by the 
crossover or similar operations. Many of the swarm intelligence 
heuristic optimizers suffer from fast premature convergence into 
sub-optima. The speed of diversity loss is, therefore, an essential 
characteristic of such methods. One of the main purposes of 
perturbation operator in SOMA is to keep the population 
diverse, that is at least in the initial phases of the search. We elect 
to investigate the impact of different PRT values on the diversity 
of the population. 

A. Diversity 
In the following experiment, the diversity of the population 

while optimizing four above described benchmark function was 

observed for different PRT values, starting at 0.1 and ending at 
1 by step 0.1. For each setting, 50 independent runs with random 
population initialization were performed.  The experiments were 
performed for two different dimensionality settings to 
investigate if the dimensionality affects the population diversity 
development for different PRT values. 

With accordance to general recommendations [1, 10] and the 
focus of this study, the algorithm was set up as follows: 

Pop. Size: 30; Migration loops: 100; 

Step = 0.11; PathLength = 3;  

dim = 10, 50;  

The average (from 50 runs) relative population diversity 
values for different PRT settings are given in Figs. 7 - 14. Please 
note that after uniform random initialization the relative 
diversity of the population (according to the used measure) is 
between 55 and 60 %. 

 
Fig. 7. Average population diversity history - Sphere function - 50 runs in dim: 
10; 

 

 
Fig. 8. Average population diversity history - Sphere function - 50 runs in dim: 
50; 

For the Sphere function, the population diversity loss is very 
fast as it is simple unimodal surface ideal for fast local-
searching. The difference in diversity loss for PRT = 1 and 0.9 
is almost indistinguishable. With any other than PRT = 0.1 
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setting the diversity is well under 15% after just 20 iterations of 
the algorithm for both dimensional settings. This might not be 
an issue for a unimodal problem. However, it might prove very 
troublesome in higher dimensions. 

 
Fig. 9. Average population diversity history - Rosenbrock function - 50 runs 
in dim: 10; 

 
Fig. 10. Average population diversity history - Rosenbrock function - 50 runs 
in dim: 50; 

The results for Rosenbrock function depict very similar 
diversity loss. The diversity reaches near-zero values for the 
majority of the settings during the first third of the provided 
migration loops. With PRT < 0.5, it takes less than ten migration 
loops for the diversity to reach 10%. The dimensionality of the 
problem seems to have only a limited effect on the diversity loss 
rate. 

 
Fig. 11. Average population diversity history - Rastrigin function - 50 runs in 
dim: 10; 

 
Fig. 12. Average population diversity history - Rastrigin function - 50 runs in 
dim: 50; 

The Rastrigin function represents a periodical highly multi-
modal fitness landscape. The diversity loss is significantly 
slower than in previous cases. With the PRT value set to 0.1, the 
population maintains diversity over or around 10% through the 
whole optimization. There is a significant gap between the 
diversity loss rate for PRT set to 0.1 and 0.2.  

 
Fig. 13. Average population diversity history - Schwefel function – 50 runs in 
dim: 10; 
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Fig. 14. Average population diversity history - Schwefel function - 50 runs in 
dim: 50; 

The Schwefel function manages to produce the most 
significant difference in the speed of population diversity loss 
for different values of PRT. Again, setting the PRT to 0.1 helps 
the population to avoid complete loss of diversity in the given 
time-frame of 100 migration loops. For all other tested settings 
of PRT and dimensionality, the diversity eventually drops to 
near-zero values. 

B. Dimensional convergence and optima proximity 
 

Another important characteristic for a population-based 
method is to observe how the individuals avoid a notorious “two 
steps forward, one step back” problem. The problem represents 
a phenomenon when the individual moves towards a more 
feasible solution in some dimensions but moves another way in 
other dimensions. 

In this experiment, we illustrate the convergence pattern and 
optima proximity of the population in 10-dimensional space 
using the Box and Whiskers plot that depicts the statistical 
characteristics of the population parameter pool (median, 
maximum, minimum, 25% and 75% quantiles), the y-axis value 
s given by the corresponding parameter value (in individual 
position vector).  The aim is to observe the population dynamic 
in multi-dimensional space. 

The statistic is combined from 50 repeated runs with Pop. 
size 30 that equals 1500 data samples for each plot. Each data 
sample is a vector representing the ten parameters of the 
individual. We observe the population at the start, after 10, 20, 
50 and 100 migration loops. PRT is set to 0.1 and 0.8 similarly 
to the previous experiment. The Rastrigin function is used as the 
fitness landscape for this experiment; the global optima location 
is a vector of zeros. 

At the start (migration loop 1), the population is evenly 
spread over the search space as is depicted in Fig. 15 but 
converges rapidly after just ten iterations (See Fig. 16). The 
majority of population parameter pool is between -1 and 1. 

 

 

Fig. 15. Population parameter pool; migration loop:1; PRT: 0.1; 1500 samples  

 

 

Fig. 16. Population parameter pool; migration loop:10; PRT: 0.1; 1500 
samples  

 In an ideal case, the population parameters will converge 
evenly in all dimensions toward the zero (position of optima), 
however, given the stochasticity of the search process, 
irregularities start to develop in the parameter pool across 
dimensions, despite that the data are acquired from 50 
independent runs of the algorithm. As is depicted in Fig. 17, and 
more notably in Fig. 18, the convergence in some dimensions is 
faster than in others. More importantly, for the PRT value set to 
0.1, the convergence continues during the majority of the 
optimization process. In Fig. 19 the state at the last migration 
loop is visualized. A change in comparison with Fig. 18. is 
observable, e.g., for parameter p1 and p9.  

 In contrast, after ten migration loops, when PRT is set to 0.8 
the population diversity pool (initialized randomly (Fig. 20)) 
converges rapidly but less evenly (Fig. 21) than in the previous 
case. There is no further development in the parameter pool and 
therefore the Fig. 21 depicts the state after 10, 20, 50 and 100 
migration loops. It seems that in all 50 runs the algorithm had 
fast converged into local sub-optima before 20 migration loops 
were finished. 
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Fig. 17. Population parameter pool; migration loop:20; PRT: 0.1; 1500 
samples  

 

 

Fig. 18. Population parameter pool; migration loop:50; PRT: 0.1; 1500 
samples  

 

 

Fig. 19. Population parameter pool; migration loop:100; PRT: 0.1; 1500 
samples  

 

 

Fig. 20. Population parameter pool; migration loop:1; PRT: 0.8; 1500 samples  

 

 

Fig. 21. Population parameter pool; migration loop:10, 20, 50 and 100; PRT: 
0.8; 1500 samples  

VI. CONCLUSION 
We have presented a detailed study on how the perturbation 

operator works in SOMA and how the setting of PRT control 
parameter relates to population diversity, movement patterns, 
and convergence in multi-dimensional space. The perturbation 
operator simulates the random mutation, and it is the main 
stochastic element in SOMA. As was presented, the population 
dynamic of SOMA is significantly sensitive to the setting of its 
control parameter PRT. The lower PRT value slows the diversity 
loss, prolongs the convergence phase and limits the individuals' 
movement. The area explored by the individuals is also smaller 
when compared to higher PRT values in the same migration 
loops limit.  

As the inner dynamic of SOMA is completely self-adaptive, 
the behavior patterns associated with particular PRT value scale 
similarly regardless of the dimensionality or search space size of 
the problem. The modality of the fitness landscape presents a 
factor. However, general behavior characteristics are consistent 
(e.g., diversity loss ratios, not speed). 

Further, the convergence in higher-dimensional space is 
much more consistent for small PRT value (0.1). On the other 
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hand, as was presented, for low-dimensional problems a low 
PRT value presents a significant obstacle for the movement of 
the individuals, and such a setting should be well re-considered.  

Based on the above presented several points and 
recommendations for future research might be defined: 

a) Low values of PRT lead to better population dispersion 
on the fitness landscape in later phases of the optimization 
however it does limit the movement significantly for lower 
dimensional problems. For low dimensional problems, settings 
of PRT near 0.1 should be avoided in favor to higher values. 

b) The perturbation is an essential factor for maintaining 
the diversity of the population, yet static setting of PRT might 
not be favorable for general black-box problems. An adaptive 
or ensemble mechanism for PRT is a favorable possibility. 

c) In SOMA, maintaining higher diversity does not 
guarantee a convergence into global optima but merely helps 
the population avoid local sub-optima for a longer time and 
prolongs the active search time. Another modification is 
probably necessary to improve the final optima proximity of the 
population. 
 

This study aimed to provide an insight into the perturbation 
operator in SOMA and illustrate the main issues of various 
settings of the PRT control parameter. We believe that the 
provided evidence and visualization will prove useful for 
researchers working with the algorithm or with population-
based methods and swarm algorithms in general. 
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Abstract—The genetic algorithm is a well-known method of
evolutionary-based optimisation. It performs operations that
mimic evolving processes of biological organisms. However, there
is one aspect of those nature-based processes that is not followed.
In biological evolution, organisms continuously change over time
resulting in a population that contains individuals of different
generations at the same time. That situation is not reflected in
common genetic algorithms.

In this paper, we present a new approach to model operations
of genetic algorithms based on the idea of stream processing.
The new algorithm – called stream processing genetic algorithm
– allows for: continuous evaluation of individuals (chromo-
somes); variability in a population of individuals that eliminates
boundaries between generations; and an operational/working
structure that facilitates parallelization of the algorithm. This
work presents a description of the proposed algorithm and its
application to three different problems. The obtained results and
their comparison with the results obtained using the canonical
genetic algorithm are also included.

Index Terms—genetic algorithm, stream processing, conver-
gence, dynamic fitness landscape

I. INTRODUCTION

THE genetic algorithm (GA) is a well-known method for
solving optimisation and search problems using the prin-

ciples of natural selection. GAs belong to a set of techniques
called evolutionary algorithms, which are inspired by the pro-
cesses of biological evolution. It is a technique that returns an
optimal or sub-optimal solution by applying heuristic decisions
to guide a process of searching the best solution to a given
problem.

The canonical GA is composed of a population of candi-
date solutions, a fitness function to determine their quality,
and three operations performed on these solutions: selection,
crossover, and mutation. A GA starts with a randomly gener-
ated population of individuals, called chromosomes, that rep-
resent potential solution to the problem under consideration.
They are evolving during execution of the algorithm using the
three previously mentioned operations. The selection chooses
from the population best candidates based on the values ob-
tained as a result of executing the fitness function on each indi-
vidual. These selected individuals are crossed-over to produce
new individuals (offspring), and some of them are mutated.
Compared with the biological evolution, the fitness function
can be viewed as a measure of the individual’s adaptability to
the environment. Individuals more adapted have higher chance
to survive. The natural selection chooses the most adapted
individuals to pass their genes to the next generation. The new
generation is composed of crossed-over individuals that com-
bine the genetic materials of their parents. From time to time,

mutation of a gene produces alterations of individuals, and that
can make them more or less suitable to survive. In general,
GAs follow such a practice in cycles called generations.

However, some aspects of biological evolution are not
reflected in common GA. The most important missing fea-
tures are related to populations: the size of a population is
considered constant during the whole algorithm execution, and
members that belong to different generations do not exist at
the same time.

In nature, a population of organisms, for example animals,
changes over time in terms of its size and composition. Those
changes are caused by different factors: climate alternations,
food availability, number of predators, or occurrence of dis-
eases. Population ecology describes how changes in animals,
plants and organisms in general happening over time and
space are influenced by the interaction of organisms with the
environment they live in [1]. Some of the affected factors are
population size, population density, and population growth. As
shown in Fig. 1, the population size may change over time. In
this case, a number of lynxes is affected by a population of
hares: less food reduces the population size, while an increase
in food availability increases the predator’s population.

Fig. 1. Population fluctuation based on the relation between prey and predator,
hare and lynx [1]

This contribution proposes a new model of GA that uses
the stream processing ideas to process the chromosomes,
resulting in a variable population size and eliminating the
notion of generations, defined as a time interval when all



chromosomes are evaluated and modified. The proposed ap-
proach allows the processes of evaluation and modification to
occur asynchronously for all chromosomes. As a consequence,
population size becomes variable and GA gains more adapt-
ability to changes in the optimization task. Additionally, this
approach facilitates a new, more efficient implementation of
the proposed model of GA.

The following sections introduce the stream processing
genetic algorithm (SPGA) as a way to implement GA with
a variable population size and fast adaptability. A number of
examples are presented where the SPGA is used to solve a
variety of problems and the obtained results are compared with
the results using a basic (simple) GA.

II. BACKGROUND

This section provides a brief description of a basic GA,
as well as a concept of stream processing. This form of
processing constitutes a basis for SPGA proposed in this paper.

A. Basic Genetic Algorithm

The standard execution of GA can be presented as a set
of stages that are repeated (Fig. 2) until certain condition
is met. This sequential execution of the algorithm is viewed
as batch processing performed over the entire population.
From this perspective, a logical approach to improve the
performance of GA, i.e. to speed up its execution, is to
implement the algorithm as a concurrent process, where each
thread works over a portion of the total population, in a data-
based parallelism (Fig. 3).

Fig. 2. Sequential execution of a genetic algorithm (batch processing)

Fig. 3. Idea of parallel execution of a genetic algorithm.

However, this approach is not completely feasible since
there are stages, such as the selection, that implies a col-
lective operation on all individuals of a population. There
have been different approaches proposed to parallelize GAs.
One of the most straightforward options is to perform fitness
evaluation and/or mutation in parallel way using a master-
slave architecture. Computing the fitness function is usually
time consuming, and executing this stage in parallel fashion
can speed up the entire execution cycle. This approach is used
in [2] and [3], where GPUs are utilized to compute the fitness
function. On the other hand, the implementation presented
in [4] uses message passing interface (MPI) and a master-slave
approach. Another technique is to divide a population into
smaller subsets (isles) and evolve individuals of these subsets

independently. Additionally, at certain time points during the
execution, some individuals migrate between the isles. Such a
procedure is applied in [5], where the isles are interconnected
and constitute a hypercube.

Approaches for variable population size have been proposed
in the past. A review of genetic algorithms with adaptive pop-
ulation sizing schemes can be found in [6]. Most approaches
use specific population control techniques during applied the
GA execution cycle. In other approaches, the variability of
population size results from of chromosome processing [3].
However, in general, the notion of generation is present in
one way or another. In the proposed approach, generations
are eliminated and population size variability is attained using
stream processing of chromosomes based on a new model.

Other works explore the use of GA with stream processing
for different purposes. For example, GA has been used to
adjust a stream of data for classification [7]. However, the
GA has been implemented a standard way not using stream
programming. An evolutionary approach has also been applied
to solve optimization problems using multiple agents [8].
However, all agents have similar behaviour that evolves during
the execution time. In contrast, the proposed SPGA relies on
agents that execute individual, specific tasks over their lifetime.

B. Stream Processing

Stream processing is also referred to as pipeline processing
or data-flow processing. The idea behind stream processing is
to process and analyze a continuous flow of data. The data
is being processed when it passes through different stages,
and the output of one stage is the input of the next stage.
Fig. 4 shows how the stages are organized in order to process
the data. The use of pipelining does not reduce processing
time, but increases throughput of a system. In addition, it
enables implementation of systems with high availability and
high level of fault tolerance.

Fig. 4. Pipeline processing with 4 stages

Currently, stream processing is gaining more attention in
solving the big data problems [9]. Since a volume of infor-
mation is growing, storing the data for later processing is not
always possible. In such cases, processing data as soon as it
becomes available reduces the storage requirements. However,
a problem with stream processing is such that it processes
and analyzes partial information thus the obtained results and
conclusions are not necessarily complete.

III. STREAM PROCESSING GENETIC ALGORITHM

This section presents concepts of the proposed stream
processing genetic algorithm. It includes a description of its
architecture, selection process, and principles of its parallel
implementation.
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A. Algorithm Overview

Since a GA is implemented using a set of stages, we
can use these stages to define an execution model based
on the idea of stream processing. It results in an algorithm
presented in Fig. 5. In this algorithm, each stage is executed
by an independent agent: an agent receives data through a
channel/queue, processes it based on its own task definition,
and sends results to a different agent. The result of processing
an input data element could lead to more than one output data
element that can be sent to different agents.

Fig. 5. Stream Processing Genetic Algorithm model, defined with 5 agents.s

The model presented in Fig. 5 is composed of five agents
(Generation, Fitness, Selection, Crossover and Mutation). Ar-
rows indicate a data flow from one agent to another. Each
agent has only one input channel/queue to receive data.

Usually, the Generation agent does not have any input chan-
nel, it simply assembles individuals. They are generated one by
one and sent to the Fitness agent. The Fitness agent computes
fitness values representing suitability of individuals (received
via its input channel) to solve an optimization problem. The
obtained fitness values and the individual are sent to the
Selection agent that decides if an individual is accepted or
rejected, based on a provided criteria. The selection process
may result in sending an individual to the Crossover agent
or to the Mutation agent. These agents perform the cross-over
and mutation of individuals, respectively. The Crossover agent
differs from the other agents as it consumes two individuals
from its input channel before processing them, instead of one
as in the case for other agents.

As we can observe in Fig. 5, the output from the Crossover
and Mutation agents are sent to the Fitness agent. This con-
stitutes a loop in the processed data. This loop allows for
continuous processing of individuals coming from the cross-
over, mutation and generation agents.

In general, there is not a clear definition of what a pop-
ulation is. It is due to the fact that the processing is done
on a single individual not on a whole population. Therefore,
a population can be defined as a set of individuals that are
waiting to be processed. It means that a total population is
a sum of all individuals waiting in all channels/queues to be
processed by all agents. The implication of this definition of
population is that the population size is variable. The variations
in size depends on the rate of generating data elements and
their processing by agents. This variability allows to mimic the
similar behaviour observed in nature, as discussed in Section I.
There is another consequence of the described GA architecture

and definition of population – no clear distinction among
interleaved generations. Parents and offspring commonly co-
exist in the same population.

B. Selection Process

In nature, natural selection regulates the size of a popu-
lation. The Selection agent controls population in a similar
way: the number of individuals is determined by adjusting
which individuals are accepted and which ones are rejected.
If the Selection agent starts accepting more individuals than
rejecting, the population increases monotonically and this may
eventually lead to overpopulation. On the other hand, if the
Selection agent starts rejecting individuals more than accepting
them, the population could become extinct. To avoid both
situations, the Selection agent uses a dedicated variable called
threshold that ‘governs’ acceptance or rejection of individuals.
This value is continuously adjusted based on the amount
of accepted and rejected individuals. A pseudocode of the
selection process is shown in Algorithm 1.

The initialization of the algorithm (lines 1-2) sets the
first received chromosome as the current best chromosome,
and assigns an absolute value of the difference between the
best chromosome fitness value and the desired goal to the
threshold. The goal parameter is an approximation of the seek
value and determines, by its sign, if we want to perform a
minimization or a maximization.

The selection process controls the population size via
a set of parameters that modify the threshold. There
are two counters: n accepted and n rejected, used to
track how many individuals are accepted or rejected, re-
spectively. They are compared to two other parematers
max accepted and max rejected. If too many individuals
are accepted the threshold value is adjusted using the parame-
ter acceptance rate to increase ‘the pressure’ on the individu-
als’ fitness values. Conversely, if there are too many rejections,
the threshold is adjusted using the parameter rejected rate
to enable acceptance of more individuals. When a new best
individual is found, the threshold value is adjusted by the
parameter delta threshold to relax the pressure and enable
acceptance of chromosomes with fitness values close to the
current best fitness value. This process is represented in
lines 5-23 of Algorithm 1.

Code on lines 24-29 of Algorithm refalg:selection is used to
control the possible monotonic increase of population size, as
well as to prevent the population from going extinct. In the first
case, more pressure is added to the threshold via the parameter
acceptance rate. In the second case, a new individual – a
mutated version of the current best individual – is added to
the population.

C. Concurrent Implementation

An additional advantage of the presented Stream Processing
Genetic Algorithm model (SPGA), is that it can be easily
implemented to run in a parallel fashion. Each agent is
independently executed and the only communication between
agents is conducted through communication channels. This
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Algorithm 1 Selection Process Algorithm
parameters: goal: fitness value to reach

delta threshold: change due to new best individual
max accepted: max number of accepted individuals
acceptance rate: change due to too many accepted
max rejected: min number of rejected individuals
rejection rate: change due to too many rejected
max population: upper population limit
min population: lower population limit

var: c: individual
threshold: fitness value controlling accept/reject
c F itV alue: fitness values of c
best chromosome: individual with best fitness value
best chromosome FitV al: best ind. fitness value
n accepted: number of accepted individuals
n rejected: number of rejected individuals
no IndWait: total no of individuals waiting for processing

1: best chromosome← input channel.pop()
2: threshold← |best chromosome FitV al − goal|
3: while True do
4: c← input channel.pop()
5: if c F itV alue compared with threshold and accepted then
6: n accepted← n accepted+ 1
7: if n accepted > max accepted then
8: threshold← threshold× acceptance rate
9: n accepted← 0

10: end if
11: if c F itV alue > best chromosome FitV al then
12: best chromosome← c
13: best chromosome FitV alue← c F itV alue
14: threshold← |best chromosome FitV al − goal|
15: end if
16: crossover channel.push(c)
17: threshold← c F itV alue× delta threshold
18: else
19: n rejected← n rejected+ 1
20: if n rejected > max rejected then
21: threshold← threshold× rejected rate
22: n rejected← 0
23: end if
24: if no IndWait > max population then
25: threshold← threshold× acceptance rate
26: end if
27: if no IndWait < min population then
28: mutation channel.push(best individual)
29: end if
30: end if
31: end while

type of architecture allows to create and distribute more
agents of different stages based on the requirements of the
optimization task. For example, if a fitness function calculation
is very time-consuming, multiple Fitness agents can be created
and run in parallel to evaluate individuals. In general, if there
are sufficient resources available, multiple copies of agents can
be spawned to improve the performance of the algorithm.

IV. COMPARISON WITH SIMPLE GA

For experiments presented in this section, the proposed
SPGA has been implemented using Python (version 3.6) and
multiprocessing1 library. The experiments have been

1https://docs.python.org/3/library/multiprocessing.html

conducted on an Intel based machine with two cores and two
threads per core using a Python implementation of the SPGA.
Three different problems have been considered: the OneMax
problem, the Travelling Salesman Problem (TSP), and a more
complex problem of minimizing the energy consumption cost,
called hereafter the energy consumption problem.

Values delta threshold = 1.0005, acceptance rate =
0.99995, and rejection rate = 1.0005 have been determined
through experimentation and fixed during all experiments.

A. One Max Problem

The OneMax problem is an exemplary problem popular in
the evolutionary computational community to ‘test’ abilities
of newly developed modifications of evolutionary algorithms.
Population consists of randomly generated individuals – chro-
mosomes – that are bit-strings X = {x1, x2, ..., xM}, con-
taining ‘0’s and ‘1’s. The the goal is to obtain a bit-string
composed of ‘1’s only. The fitness function is of the form

Fitness(X) =

∑M
i=1 xi

M
,

where M = |X| is the length of chromosome. The following
three sections describe the results pbtained in different exper-
imenmts been conducted to solve the OneMax problem. The
following is a description and the results obtained during these
experiments.

1) Simple execution of SPGA: The first experiment is a
simple execution of the SPGA with initial population of 50
individuals, a chromosome size of 100,000 bits, with a muta-
tion rate of 10% of the number of bits in the chromosome. The
minimum population is set to 5 individuals and the maximum
to 150 individuals. Fig. 6 shows the population variability
and the best fitness value during the execution of the SPGA.
We can observe that the population demonstrates a controlled
variability between the minimum and maximum population
limits. However, there are cases where the population size
is over the established maximum value. This is due to the
fact that a pressure applied on fitness values of individuals
– applied via change in threshold parameter – takes time to
produce a noticeable change in the population size.

Additionally, as shown in Fig. 6(b), the time when im-
provements in fitness value are minimal is aligned with the
onset time of high variability of population size. This repre-
sents the time of ‘switching’ between process of exploration
and exploitation. Once the best fitness value ‘stabilizes’, an
extensive exploration process takes place until a new good
solution is found. Then the exploitation phase starts and
new individuals are created to explore the region. Once the
population ‘saturates’, the exploration is initiated again and
the cycle continues.

2) SPGA vs. SGA – speed of convergence: The second
experiment shows a comparison between SPGA and a simple
genetic algorithm (SGA). The parameters for the SPGA are the
same as in the previous experiment. For SGA, two different
population sizes are used: 50 and 200 individuals. The same
cross-over and mutation methods are applied for both SPGA
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(a) Population

(b) Fitness

Fig. 6. OneMax problem using the SPGA. Initial chromosomes = 50,
chromosome size = 10000. Subfigure (a) is the change in population during
the algorithm execution; (b) shows the best fitness value during the execution.

and SGA. For SPGA, the following values are recorded:
changes in fitness values; a total population size; and the
number of individuals processed by the Selection agent. In
order to compare performances of both SPGA and SGA, the
number of individuals processed by the SPGA algorithm is
divided by the initial population size. This produces a number
that can be compared to the number of generations reported by
the SGA. Fig. 7(a) shows the results of such comparison. We
can observe that the fitness values obtained with SPGA that
are close to the expected result, one in this case, are attained
faster in comparison to the fitness values obtained with SGA.

3) SPGA vs. SGA – accuracy and execution time: The
third experiment also compares the performance of the two
algorithms, but this time the chromosome size is increased
to show difference in their execution times. The chromosome
size is 1,000,000 genes (positions of the bit-string), he initial
population size is set to 100 individuals for both algorithms,
and the number of generations to run by the SGA is set to 100.

The SPGA was executed for 8 minutes, achieving fitness
value of 0.991. The time of running the SGA for 100 genera-
tion was 22 minutes and 14 seconds, reaching fitness value of
0.999 These results show that the SGA has reached a slightly
better solution than the SPGA. However, the time required
by the SGA to reach such a fitness value was almost three-
times the time required by the SPGA. Fig. 7(b) shows the
comparison of performance of both algorithm based on the
number of generations.

B. Travelling Salesman Problem

The Travelling Salesman Problem (TSP) is commonly used
to compare different versions of GAs. The goal is to find

(a) Fitness comparison

(b) Fitness comparison with different execution
time

Fig. 7. Comparison of the OneMax problem using SPGA and SGA. Subfigure
(a) shows a comparison of the fitness value between SPGA and SGA executing
the OneMax problem (b) Comparison between SPGA and SGA executing the
OneMax problem with a chromosome size = 1M of individuals

the shortest path to traverse a set of points (cities) without
passing through the same point more than once. A complete
explanation of the problem can be found in [10]. For this
experiment, a data set with 52 locations in Berlin2 has been
used to determine the points to be traversed. This experiment
compares the effect of the initial population size for both
SPGA and SGA algorithms. The initial population sizes were
set to 100, 200 and 300 individuals. The SPGA was executed
for 360 seconds for each population size, while the SGA was
executed for 1855, 2585 and 5223 generations to match the
number of equivalent generations as calculated for the SPGA
(cf. Section IV-A2).

Fig. 8 shows a comparison of executing SPGA and SGA
with different initial population sizes. We can observe that
SPGA produces better fitness values for all three population
sizes when compared to the performance of SGA. Addition-
ally, the SGA population size affects the speed of convergence.
A small population size requires more generations to reach the
level of fitness value when compared to the case when larger
population is used. For SPGA, the effect of the population size
is very small.

Fig. 9 shows the changes in population size during the
SPGA execution. It is obvious that the population variability is,
for some periods of time, similar among the three executions.
In this experiments, the maximum population limit has been
set to two times the initial population. We can observe that
the peeks of population size reach the maximum values during
each experiment.

2http://elib.zib.de/pub/mp-testdata/tsp/tsplib/tsp/index.html
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Fig. 8. Comparison of executing TSP with different initial population size

Fig. 9. Comparison of the population variability after executing the TSP with
the SPGA

C. Minimization of Energy Consumption

This problem of minimizing the energy consumption cost
is described in [11]. It presents a more real-life problem
when compared with the two previously considered synthetic
problems. The general idea is to minimize the overall con-
sumption of energy from a grid by a system composed of a
photovoltaic panel and a battery system. The fitness function
for the problem is

min

P∑
p

[CbuypPgrid−loadp −Csellp(Ppv−girdp +Pbatt−gridp)]

where Cbuyp
is the cost of buying power Pgrid−loadp

from
the grid at period p, while Csellp is the price of selling
power produced by the system, i.e., photo-voltaic plus battery,
Ppv−girdp + Pbatt−grisp to the grid. For this problem, a
single chromosome is composed of 7 profiles (pv-load,
pv-grid, pv-batt, surp, batt-load, batt-grid and
grid-load) that represent a valid solution based on the
problem constraints.

Fig. 10(a) illustrates the changes of SPGA population size
during the optimization problem solution, starting from the
initial population of 100 individuals. Fig. 10(b) shows a com-
parison between the execution performances of both SPGA
and SGA. Similarly to the previous experiments, the results
show that SPGA has a faster convergence than SGA.

V. DYNAMICALLY CHANGING FITNESS LANDSCAPE

For experiments presented in this section, the proposed
SPGA has been implemented in C++ (C++17) using threads,

(a) Population evolution

(b) Fitness

Fig. 10. Power consumption problem. Subfigure (a) shows the population
variability; (b) shows a execution comparison between SPGA and SGA

compiled with optimization parameter -O3. The goal of this
set of experiments, performed only using SPGA, is to illustrate
the ability of the new algorithm to adapt to changes in
fitness function. The experiments have been run on the same
hardware platform as in the previous section (an Intel based
machine with two cores and two threads per core). The results
show how quickly the SPGA reacts to modifications in the
optimization goal, and how well it is able to find a new optimal
solution.

The experiments are based on a modified version of the
OneMax problem described in Section IV-A. We have intro-
duced a coefficient vector as a part of the optimized function.
The vector defines weights associated with each gene of the
binary chromosome. The weights are such that when each gene
of the chromosome has a value of ‘1’ the dot product of the
chromosome and the coefficient vector results in one. In the
original problem, the fitness function is defined in a way that
its best (searched for) value is set to ‘1’. The introduction
of the coefficient weight vector allows to modify what is
considered to be the ‘optimal or desired’ value. Now, the value
can be set to any level between 0 and 1 via adjusting weights
of the coefficient vector.

A. Changes of Goal

In the first set of experiments, the goal (the desired value of
the optimized function) changes randomly in the range 〈0, 1〉
as soon as a single chromosome reaches the previously set
goal. During each execution, there are 21 goal changes.

Plots in Fig. 11 show the fitness values of the best chro-
mosome and the population size over all goal changes during
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the execution time. The experiments have been run with the
initial number of chromosomes set to 100. Each chromosome
is composed of 1000 genes, and a number of mutated genes
is set to 2, 4, and 16. The randomness in goal changes is
preserved over all three runs.
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Fig. 11. Changes in the optimization goal: initial population of 100 chromo-
somes, chromosome size of 1000 genes.

In all cases, SPGA is able to ‘adapt’ quickly to the
new goals. Times to complete the task, i.e. times to find a
chromosome satisfying the new goal, vary for all three runs
shown in Figures 11 (a), (c) and (e). As expected, the size of
chromosome and the mutation rate have impact on the speed
of convergence. When we compare the changes in population
sizes, the higher mutation rate leads to more variability in
the number of chromosomes. This is most evident when we
compare 11(b) with 11(f) that have comparable time scales.

The next set of plots shows the results of experiments con-
ducted with the same initial population of 100 chromosomes,
but with the size of chromosome increased to 5000 genes.
A number of mutated genes has been set up to 4 and 16,
Fig. 12. In this case, we can observe that the convergence
time increased when compared to the values obtained for the
smaller chromosome size. The run with higher number of
mutations appears to be faster, except the case when the goal

value ‘drops’ to 0.08 that required a long time to converge. We
also observe an increase in population variability compared to
the previously shown results.
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Fig. 12. Changes in the optimization goal: initial population of 100 chromo-
somes and chromosome size of 5000 genes.

B. Changes of Coefficient Vector

The following experiments are performed with a fixed goal,
but with changing coefficient vector. Its values are changed by
shuffling them every time the fitness reaches the desired goal.
We present the results of experiments when the goal was set
to the value of 0.1 (i.e. the dot product of the chromosome
and the coefficient vector should be equal to 0.1).

For the first set of plots in Fig. 13, the initial population
was set to 100 chromosomes, each with 1000 genes, and the
number of mutated genes was 2 and 16.

The result shows that the execution time is affected con-
siderably by the number of mutated genes. A higher number
requires more time to reach the goal after the coefficient vector
changes. Overall, the run took 0.15 seconds for 2 mutated
genes and 2.50 seconds for 16 mutated genes. Additionally,
we can observe that a higher mutation rate results in a more
diverse (values-wise) population, evidenced by more spikes in
the fitness values in Fig 13(c).

The last set of experiments has been conducted with the
initial population set to 100, the chromosome size increased
to 10000 genes, and the number of mutated genes was set to
8 and 16. The results are shown in Fig. 14.

The increase in the chromosome size led to longer execution
times. For the case of 16 gene mutations the run took 150
seconds compared to only 2.5 seconds for the same mutation
rate in the previous experiment. As before, the higher number
of mutated genes affects the time to reach the desired goals.
This is also visible in the population variability where we can
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Fig. 13. Changes of the coefficient vector: initial population of 100 chromo-
somes; chromosome size of 1,000 genes.
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Fig. 14. Changes in the coefficient vector: initial population of 100 chromo-
somes, and chromosome size of 10,000 genes.

observe an increase in the rejection on chromosomes leading
to reduction of the population size.

VI. CONCLUSIONS

The presented stream processing genetic algorithm (SPGA)
demonstrates a novel evolutionary computing approach based
on stream processing. The proposed algorithm features vari-
able population size and enhanced ability to follow varia-
tions in the optimization task. To support such variations,
the algorithm uses a modified selection process that allows

for adjusting the selection criteria during execution of the
algorithm. With these modifications, the algorithm mimics the
population variability observed in the nature.

The use of stream processing methods to implement a GA
facilitates parallelization of the algorithm. It also allows for
scalability via increasing the number of agents required to
process the incoming data. Although the stream processing
works only over fragments of data, the experimental results
show that it is possible to obtain optimization results com-
parable to (and in most cases better than) the results using a
simple canonical GA.

The presented results are preliminary. More experiments
performed on a better parallel architecture are required to
understand the benefits of a multiple agent GA architecture
and evaluate it thoroughly. Additionally, we are exploring the
possibility of using big data platforms, such as Apache Spark3

and Apache Flink4 as a stream processing engine. We intend
to test the performance of SPGA over continuous optimization
problems and explore modifications to the SPGA architecture
to deal with multi-objective optimization problems.
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