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Abstract—Genetic Algorithms (GAs) are powerful search techniques that are
used to solve difficult problems in many disciplines. Unfortunately, they can be very
demanding in terms of computation load and memory. Parallel Genetic Algorithms
(PGAs) are parallel implementations of GAs which can provide considerable gains
in terms of performance and scalability. PGAs can easily be implemented on networks of heterogeneous computers or on parallel mainframes.
In this paper we review the state of the art on PGAs and propose a new taxonomy also including a new form of PGA (the dynamic deme model) we have recently
developed.

I. I NTRODUCTION
Genetic Algorithms (GAs) are search algorithms inspired
by genetics and natural selection [1]. The most important
phases in GAs are reproduction, mutation, fitness evaluation
and selection (competition). Reproduction is the process by
which the genetic material in two or more parent individuals
is combined to obtain one or more offspring. Mutation is normally applied to one individual in order to produce a new version of it where some of the original genetic material has been
randomly changed. Fitness evaluation is the step in which the
quality of an individual is assessed. This is very often the most
CPU intensive part of a GA. Selection is an operation used to
decide which individuals to use for reproduction and mutation
in order to produce new search points.
Sequential GAs have been shown to be very successful in
many applications and in very different domains. However
there exist some problems in their utilisation which can all be
addressed with some form of Parallel GA (PGA):
For some kind of problems, the population needs to be
very large and the memory required to store each individual may be considerable (like for example in genetic programming [2]). In some cases this makes it impossible to run an application efficiently using a single
machine, so some parallel form of GA is necessary.
Fitness evaluation is usually very time-consuming. In
the literature computation times of more than 1 CPU
year have been reported for a single run in complex
domains (e.g. see [3]). It stands to reason that the only
practical way of provide this CPU power is to the use
of parallel processing.
Sequential GAs may get trapped in a sub-optimal region of the search space thus becoming unable to find
better quality solutions. PGAs can search in parallel
different subspaces of the search space, thus making
it less likely to become trapped by low-quality subspaces.
For the first two reasons PGAs are studied and used for ap-

plications on massively parallel machines [4], transputers [5],
and also on distributed systems [6]. However, the most important advantage of PGAs is that in many cases they provide better performance than single population-based algorithms, even
when the parallelism is simulated on conventional machines.
The reason is that multiple populations permit speciation, a
process by which different populations evolve in different directions (i.e. toward different optima) [7]. For this reason
Parallel GAs are not only an extension of the traditional GA
sequential model, but they represent a new class of algorithms
in that they search the space of solutions differently.
Interestingly, PGAs often allow theoretical analyses which
are not harder than those for sequential GAs [8], [9]. Owing to
the large number of model proposed in the literature, the only
problem that one has to face to use PGAs is how to determine
which parallel model to use.
There have been some attempts to develop a unified taxonomy of parallel GAs which would greatly help addressing this
issue. Some are general distributed-memory architecture taxonomies [10], others are taxonomies of coarse grained GAs
[11], or of fine-grained GAs [12]. (For other related efforts
are see [13], [14], [15].) The most recent general PGA taxonomy was compiled by Eric Cantú-Paz [16]. However, none of
these taxonomies is fully comprehensive and satisfactory. In
addition different taxonomies are incompatible.
In order to overcome these problems we decided to propose
a new, uniform taxonomy of Parallel Genetic Algorithms. This
will be described in the rest of the paper together with a review
of the research done on each class of PGAs.1
II. OVERVIEW

OF OUR

PGA TAXONOMY

The way in which GAs can be parallelised depends on the
following elements:
How fitness is evaluated and mutation is applied
If single or multiple subpopulations (demes) are used
If multiple populations are used, how individuals are
exchanged
How selection is applied (globally or locally)
Depending on how each of these elements is implemented,
more than ten different methods of parallelising GAs can be
obtained. These can be classified into eight (more or less general) classes:



1. Master-Slave parallelisation (distributed fitness evaluation)
For more information see [17].
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(a) Synchronous
(b) Asynchronous
2. Static subpopulations with migration
3. Static overlapping subpopulations (without migration)
4. Massively parallel genetic algorithms
5. Dynamic demes (dynamic overlapping subpopulations)
6. Parallel steady-state genetic algorithms
7. Parallel messy genetic algorithms
8. Hybrid methods (e.g. static subpopulations with migration, with distributed fitness evaluation within each
subpopulation)
The relations between these classes are shown in Figure 1.
To overcome misinterpretations our taxonomy includes more
classes than other taxonomies. In the following sections we
will briefly describe each of the classes in terms of the parallel
model they use and we will discuss how they relate to other
taxonomies.
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Fig. 1. Parallel Genetic Algorithms Taxonomy

III. M ASTER -S LAVE PARALLELISATION
This method, also known as distributed fitness evaluationwas, is one of the first successful applications of parallel GAs.
It is known as global parallelisation, master-slave model, or
distributed fitness evaluation.
The algorithm uses a single population and the evaluation
of the individuals and/or the application of genetic operators
are performed in parallel. The selection and mating is done
globally, hence each individual may compete and mate with
any other.
The operation that is most commonly parallelised is the evaluation of the fitness function, because normally it requires
only the knowledge of the individual being evaluated (not the
whole population), and so there is no need to communicate
during this phase. This is usually implemented using masterslave programs, where the master stores the population and
the slaves evaluate the fitness, apply mutation, and sometimes
exchange bits of the genome (as part of crossover).

Parallelisation of fitness evaluation is done by assigning
a fraction of the population to each of the processors available (in the ideal case one individual per processing element).
Communication occurs only as each slave receives the individual (or subset of individuals) to evaluate and when the slaves
return the fitness values, sometimes after mutation has been
applied with the given probability.
The algorithm is said to be synchronous, if the master stops
and waits to receive the fitness values for all the population
before proceeding with the next generation. A synchronous
master-slave GA has exactly the same properties as a simple
GA, except for its speed, i.e. this form of parallel GA carries
out exactly the same search as a simple GA.
An asynchronous version of the master-slave GA is also
possible. In this case the algorithm does not stop to wait for
any slow processors. For this reason the asynchronous masterslave PGA does not work exactly like a simple GA, but is more
similar to parallel steady-state GAs (see below). The difference lies only in the selection operator. In a asynchronous
master-slave algorithm selection waits until a fraction of the
population has been processed, while in a steady-state GAs selection does not wait, but operates on the existing population.
A synchronous master-slave PGA is relatively easy to implement and a significant speedup can be expected if the communications cost does not dominate the computation cost.
However, there is a classical bottle-neck effect. The whole
process has to wait for the slowest processor to finish its fitness evaluations. After that, the selection operator can be applied. The asynchronous master-slave PGA overcomes this,
but as stated before, the algorithm changes significantly the
GA dynamics, and as a result it is difficult to analyse. Perhaps the easiest way of implementing an asynchronous masterslave PGA is applying tournament selection only considering
the fraction of individuals in the population whose fitness has
been already evaluated.
IV. S TATIC S UBPOPULATIONS W ITH M IGRATION
The important characteristics of the class of static subpopulations with migration parallel GAs are the use of multiple
demes and the presence of a migration operator.
Multiple-deme GAs are the most popular parallelisation
method, and many papers have been written describing details of their implementation [16]. These algorithms are usually
referred to as subpopulations with migration, static subpopulations, multiple-deme GAs, coarse-grained GAs and even just
parallel GAs.
This parallelisation method requires the division of a population into some number of demes (subpopulations). Demes
are separated from one another (geographic isolation), and individuals compete only within a deme. An additional operator
called migration is introduced: from time to time, some individuals are moved (copied) from one deme to another. If
individuals can migrate to any other deme, the model is called
an island model. If individuals can migrate only to neighbouring demes, we have a stepping stone model. There are other
possible migration models.
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The migration of individuals from one deme to another is
controlled by several parameters like:
The topology that defines the connections between the
subpopulations. Commonly used topologies include:
hypercube, two-dimensional/three-dimensional mesh,
torus, etc.
A migration rate that controls how many individuals
migrate
A migration scheme, that controls which individuals
from the source deme (best, worst, random) migrate
to another deme, and which individuals are replaced
(worst, random, etc.)
A migration interval that determines the frequency of
migrations
Coarse grained algorithms is a general term for a subpopulation model with a relatively small number of demes with
many individuals. These models are characterised by the relatively long time they require for processing a generation within
each (“sequential”) deme, and by their occasional communication for exchanging individuals. Sometimes coarse grained
parallel GAs are known as distributed GAs because they are
usually implemented on distributed memory MIMD computers. This approach is also well suited for heterogeneous networks.
Fine grained algorithms are the opposite. They require a
large number of processors because the population is divided
into a large number of small demes. Inter-deme communication is realised either by using a migration operator, or by using overlapping demes. Recently, the term fine-grained GAs
was redefined and is now used also to indicate massively parallel GAs [16] (see below).
The multiple-deme model presents one problem: scalability. If one has only a few machines, it is efficient to use a
coarse grained model. However, if one has hundreds of machines available, it is difficult to scale up efficiently the size
and number of subpopulations, to use the hardware platform
efficiently.2
Despite this problem, the multiple-deme model is very popular. From the implementation point of view, multiple-deme
GAs are simple extensions of the serial GA. It’s enough to
take a few conventional (serial) GAs, run each of them on a
node of a parallel computer, and to apply migration at some
predetermined times.
V. S TATIC OVERLAPPING S UBPOPULATIONS W ITHOUT
M IGRATION
This model is similar to the previous one. The entire population consists of a number of demes. The main difference
is the lack of migration operator as such. Instead, propagation and exchange of traits is done by individuals which lie in
the so called overlapping areas. The demes are organised in a
kind of spatial structure that provides the interaction between
them. Some individuals belongs to more than one deme, and
Z

When hundreds of PEs in a MIMD architecture are available, the use of hybrid methods like static
subpopulations with migration and distributed fitness evaluation within each subpopulation can be quite
efficient.
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participate in more than single crossover and selection operations. This method can be easily applied to shared memory
systems, by placing the whole population in the shared area,
and by running the GAs in each deme concurrently. A small
amount of synchronisation is needed in overlapping areas for
the crossover, mutation and selection operators. A number of
different models of spatial distribution for the demes exist, e.g.
2D-mesh, 3D-mesh, etc.
VI. M ASSIVELY PARALLEL G ENETIC A LGORITHMS
If we increase the number of demes in the overlapping static
subpopulations model and decrease the number of individuals
in each deme we will obtain a (fine-grained) massively parallel
GA. Because the features of this kind of algorithms are quite
different than those of the overlapping (coarse-grained) subpopulation model, and because this algorithm is usually used
in massively parallel systems, we decided to add this category
to the general categories of parallel genetic algorithms [18],
[19]. Algorithms in this category are often called simply finegrained GAs.
In these algorithm there is only one population, but it is
has, like in overlapping demes, a spatial structure that limits
the interactions between individuals. An individual can only
compete and mate with its neighbours, but since the neighbourhoods overlap, good solutions may disseminate across the
entire population.
It is common to place the individuals in a two-dimensional
grid, because many massively parallel systems use interconnected networks of PEs with this topology. However, it is
also possible to use a hypercube
architecture or other
routing
[1\^]`_a]`_
]
]
]
]
schemes like: a ring, a torus, a
cube, a b b b b b
hypercube, and a 10–D binary hypercube. It is also possible
to use an island structure where only one individual of each
deme overlaps with other demes.
The ideal case is to have just one individual for every processing element (PE) available. This model is suited for massively parallel computers but it can be implemented on any
multiprocessor.
This model can be simulated on a cluster of workstations, but in this case it has the disadvantage of involving an extremely high communication cost.
VII. DYNAMIC D EMES
Dynamic Demes is a new parallelisation method for GAs
[17] which allows the combination of global parallelism (the
algorithm can work as a simple master-slave distributed GA)
with a coarse-grained GA (overlapping subpopulations model). In this model there is no migration operator as such, because the whole population is treated during evolution as a single collection of individuals, and information between individuals is exchanged via a dynamic reorganisation of the demes
during the processing cycles.
From the parallel processing point of view the dynamic
demes approach fits perfectly the MIMD category (Flyn classification) as an asynchronous multiple master-slave algorithm.
The main idea behind this approach is to cut down the
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waiting time for the last (slowest) individuals to arrive in the
master-slave model, by dynamically splitting the population
into demes, which can then be processed without delay. This
is efficient in terms of processing speed. In addition the algorithm is fully scalable. Starting from a global parallelism with
fitness-processing distribution, one can scale up the algorithm
up to a fine grained version, with a few individuals within each
deme and big numbers of demes.
The algorithm, can be run on shared- and distributedmemory parallel machines. Thanks to its scalability it can be
used in systems with a few Processing Elements as well as
in massively parallel systems with large number of PEs, and
everything in between.
Dynamic Demes is scalable and easy to implement method
of GA parallelisation. The method has been shown to be very
efficient and useful in number of application [17].
VIII. PARALLEL S TEADY- STATE A LGORITHMS
In steady-state GAs, it is really straightforward to parallelise
the genetic algorithms operators, since this kind of GAs use
continuous population-update schemes. If children are gradually introduced into a single, continuously-evolving population, the only thing to do is apply selection and replacement
schemes in the critical section.3 The other GA operators, including fitness evaluation, can be run in parallel.
IX. PARALLEL M ESSY G ENETIC A LGORITHMS
Messy GAs have three phases. In the initialisation and primordial phases the initial population is created using a partial
enumeration, and it is reduced using a kind of tournament selection. Then, in the juxtapositional phase, partial solutions
found in the primordial phase are mixed together. The initialisation phase can be done completely concurrently since no
communication is needed. Since the primordial phase usually
dominates the execution time, concurrent models of selection
and evaluation are normally used only in this phase. For example a variant of distributed fitness evaluation has been used,
but with some additional feature in the master process to decrease the size of population [20].
X. H YBRID M ETHODS
In order to parallelise GAs it is also possible to use some
combination of methods previously described. We call this
class of algorithms hybrid parallel GAs. Combining parallelisation techniques may result in algorithms that have the benefits of their components and show better performance than any
of the components alone.
XI. D IFFERENCES

WITH

OTHER TAXONOMIES

There are some relations between existing taxonomies and
the proposed one. Some of them were explored in appropriate
sections above. There are two major differences left, which
will be described briefly in following paragraphs.
c

Critical section routines (critical section) is an approach to the problem of two or more processors
(processes) competing for the same resource at the same time. In concurrent programming the critical
section bits of the program should be synchronised and run sequentially.

It is important to emphasise that while the synchronous
master-slave method does not affect the behaviour of the algorithm, coarse grained methods introduce fundamental changes
in the way the GA works. For example, in the synchronous
master-slave method the selection operator takes into account
the entire population, while in the other parallel GAs selection is local to each deme. Also in the methods that divide the
population into demes it is only possible to mate with a subset
of individuals whereas in the global synchronous master-slave
model it is possible to mate with any other individual. Some
taxonomies exclude from parallel models those, which do not
differ from sequential counterparts, and because of that, the
synchronous master-slave model is excluded from the class of
Parallel Genetic Algorithms in some taxonomies.
In some taxonomies, the category parallel steady-state GA
represents the model of subpopulations with migration, where
each subpopulation works as a steady-state GA. In our taxonomy this model represents the hybrid method: static subpopulations with migration where each subpopulation is a (sequential
or parallel) steady-state genetic algorithm.
XII. C ONCLUSIONS
In this paper we have reviewed the main results in the research on parallel genetic algorithms and proposed a new taxonomy which overcomes the problems present in earlier attempts to classify the huge literature on this subject.
We hope this effort will help others (particularly designers and engineers who want to use genetic algorithms for large
scale complex optimisation problems) choose the right parallelisation model for their applications.
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