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Abstract

This paper reports on the development of a novel is-
land model for evolutionary algorithms, which is intrinsi-
cally parallel and intended to better utilise resources and
outlier solutions encountered during search. Outliers serve
as seeds for new islands using a similar evolutionary algo-
rithm or a local search procedure. In this initial study, we
examine a definition of outliers and demonstrate the abil-
ity to obtain improvements using outliers and a simple local
search method.

1 Introduction

Parallel models are typically used in evolutionary algo-
rithms (EAs) to foster distributed computing. Sequential
EAs can be easily converted to work in parallel, and these
new parallel algorithms can be tuned to behave in a sim-
ilar manner to their sequential counter-parts. The origi-
nal island model in EAs [1] was motivated by a biological
theory suggesting that isolated subpopulations encouraged
speciation events [2]. The metaphor of speciation is often
touched upon in the EA literature, but the island model is
not the ubiquitous implementation of that metaphor. In-
stead, the meaning and motivation of the island model is
blurred with other forms of distributed computing, for ex-
ample grid topologies, multipopulation models and demes.
This paper develops a model, briefly introduced in [3], that
describes a niche for island models based on the metaphor
of speciation. Specifically, we aim to better utilise outlier
solutions, which potentially represent local optima, that are
lost due to population convergence to other solutions.

Populations in EAs contain dissimilar local optima at
different stages of the search process. Without a deeper
understanding of the representation, operators and fitness
function, we do not know how these local optima, being
in the same population, will affect search. As such, it is
not unrealistic to believe that in many instances, good local
optima are lost as the population converges to some other

optimum. We briefly describe evidence for such behaviour
from the genetic programming (GP) search process in the
following section. We survey several island model imple-
mentations from the EA literature, mainly using GP or a
genetic algorithm (GA). The proposed parallel island model
is then described in more detail, followed by an empirical
study aimed at assessing its feasibility.

2 Background

In [3], we denoted solutions in the population with rela-
tively good solution quality and high dissimilarity from the
population as outliers. We measured the ability of the op-
erator to produce good solutions using outliers. Using sev-
eral common problem domains, the results showed that out-
liers were typically very poor at producing good solutions.
However, infrequent events where outliers were far more
successful than the rest of the population suggested that, un-
der the right circumstances, the search process could be sig-
nificantly improved by leveraging outliers more effectively.
Thus, we were motivated to hypothesise in [3] that search
may be improved by isolating outliers from the current pop-
ulation. The model was to speciate outliers to new subpop-
ulations or islands where they would evolve in isolation.
That is, we would conduct a separate, possibly population-
based, search with these fit and dissimilar solutions in par-
allel to the main EA search. Parallelisation is necessary as
some islands will halt due to non-improvement, and then
be restarted by another concurrently executing island’s spe-
ciation event or restarted from previously archived outlier
solutions.

In this paper, we begin to validate this model. We use a
tunably difficult problem and a wide range of easy to hard
instances [4] for a canonical GP system. Initially, we aim to
validate two principles of the model:

1. Examine a definition of outliers, and

2. Verify that a simple hill-climbing or local search
method on outliers can improve the overall solution
quality of the EA run.



Next, we look at previous examples of island models.
Specifically, we focus on novel models that touch upon the
concept of species.

The island model is an example of a distributed popu-
lation model where subpopulations are isolated during se-
lection, breeding and evaluation. Islands typically focus the
evolutionary process within subpopulations before migrat-
ing individuals to other islands, or conceptual processors,
which also carry out an evolutionary process. At prede-
termined times during the search process, islands send and
receive migrants to other islands. There are many varia-
tions of distributed models, e.g. islands, demes, and nich-
ing methods, where each requires numerous parameters to
be defined and tuned.

Some early examples of island models follow. In [5], a
distributed model used the concept of a species represent-
ing several fypes that are capable of mating and producing
viable offspring. In [6], a parallel GA was implemented on
a hypercube structure. Random migrant selection and re-
placement was first introduced in [1]. The idea that islands
should consist of distinctly different environments was seen
in later work, often for coevolution. In [7], an architecture
was used to adaptively co-evolve components in a specia-
tion model. Subpopulations represented separate species,
which were required to contribute to the overall fitness to
survive. An injection island GA in [8] divided the search
space into hierarchical levels, where populations trained on
more general tasks are injected into populations with more
specific tasks. The cohort GA [9] was designed to com-
bat premature convergence, in the form of “hitchhiking” by
allowing higher fit individuals to reproduce first, where off-
spring are assigned to cohorts based on their fitness. In [10],
an island model was used for recurrent neural network train-
ing that varied control parameters in each sub population. In
[11], a multipopulation algorithm performed migration be-
tween subpopulations where individuals were redistributed
to new subpopulations based on a speciation tree method
that places genetically similar individuals together. A local
GA was then run on each island for a number of generations
to serve as an ‘intensification’ phase.

Much of the effort in distributed models in GP focus on
increasing efficiency or adding computational resources by
means of parallelisation. A typical example is found in [12],
where each processor is responsible for the fitness evalu-
ation and breeding of a subpopulation. Island models in
GP are often considered as another form of multipopulation
model, and in [13], various control parameters for multipop-
ulation models are systematically studied. Multiple popula-
tions were also examined for GP in [14].

Just as multipopulation, distributed and island models
often overlap with their goals and implementations, other
forms of selection can also implement concepts of species
and isolated subpopulations. For example, structure fit-

ness sharing [15] was applied to genetic programming to
encourage the parameter search (functions and terminals)
over similar structures (trees). Negative correlation [16]
was used for learning ensembles of neural networks, where
populations were divided into species and a representative
from each species was included in the ensemble. Negative
correlation was also investigated for GP as a way to im-
prove diversity and prevent premature convergence [17]. In
[18], a “species conserving” GA defined species in a pop-
ulation using distance metric, where species “seeds” were
individuals that were at least as fit or more fit than the rest
of the species. These individuals were then “conserved”, or
copied, into the next generation.

3 The Niche for Islands

Island models are used for a wide variety of purposes.
From simple distributed computing to more advanced con-
cepts of niches and hierarchical learning, island models are
a convenient metaphor for EAs. In some EAs, for example
GP, a niche may exist for island models to be cast into an
explicit role to provide substantial and consistent improve-
ments to the search process. The benefit of explicitly cast-
ing the island model for such a task is that is can allow for
a more unified study and advancement of the method. Oth-
erwise, the island model remains a general tool for diver-
sity management, premature convergence avoidance, and
efficient parallelisation — goals that are shared by diversity
methods, selection techniques, specialised recombination
operators and many distributed and multipopulation mod-
els, e.g. see [19].

The niche proposed in this paper is two-fold. Firstly,
it is based on detecting solutions that are sufficiently dif-
ferent from the current population to contribute effectively
to the search process, but that have good enough solution
quality to be considered in some alternative search environ-
ment. The island in this case is a metaphor for a search
process specifically designed for these solutions. For exam-
ple, a simple local search method may be capable of im-
proving solution quality. Or, a more complex population-
based method using outliers and specialised initialisation
techniques may be better able to improve overall solution
quality. Secondly, the proposed niche is based on a par-
allel algorithm capable of managing speciation events and
resources to achieve maximum efficiency and search perfor-
mance. The principles of the niche for island models are:

1. Solutions with good quality and an inability to con-
tribute to search are speciated.

2. Speciation consists of allocating computational re-
sources toward a new search process for these solu-
tions.



Island at G+1 G+2

generation G Search stopped due

il]'[ 1mprovemen
: : criterion
" -—— X
Initia] |
population

| Speciali[on 7
vents to : 7 Search on island
| earch on islan
Free islands .7 re=started based on
Searth with / speciation event
%
- ~ Outlier

Unused ( \
island

RN RN
Unused / \ / \
island ! I ! > X
\ 7/ \ /
N - e N - e

Figure 1. Proposed island model evolutionary
process with dynamic resource allocation.

3. Resources are used in parallel and managed dynami-
cally.

4. Search processes are awarded more resources based on
achieving improvements in overall solution quality.

At this stage in the study of this proposed niche, we are
mainly concerned with validating its components in a piece-
meal fashion. In this way, we can assess each basic com-
ponent independently to understand the model’s feasibility
and the overall design. Figure 1 illustrates the proposed
parallel island model where search on an island halts due to
consecutive non-improvement events. Search on that island
may be re-started due to another speciation event from an-
other island. In this way, it is hoped that islands can not only
leverage outlier solutions but also provide an efficient and
simple way to perform dynamic resource allocation during
the search process.

4 Experimental Verification

We begin to study the proposed parallel island model by
addressing the two points described in Section 2: Given a
simple and intuitive definition of outliers [3], how many
outliers are there in the population at different times, and
can they be used to improve the overall solution quality
than that which was achieved in the the run in which they
occurred? To address this question, we carry-out experi-
ments using the Tree-String problem, archive outliers found
during the EA run, and conduct several local search meth-
ods with the archived outliers afterwards. Initially, we will
simply look for improved solution quality, the number of
outliers occurring at three different times during the search
process and how successful they are at improving solution

quality using local search. Note that, at this stage, we are
not explicitly investigating the parallel aspects of the model.
However, without first validating the aforementioned prin-
ciples of the model, it is unlikely that the it will be suc-
cessfull once parallelism is added. Next, we describe the
Tree-String problem, the GP system and instances used in
the study, the outlier definition and the local search method.

4.1 The Tree-String Problem

The Tree-String problem is an artificial domain con-
structed to capture two important features of GP search:
solution structure and content. This problem was briefly
described in [3] and more thoroughly in [4]. The Tree-
String problem captures many elements of other artificial
domains and has many similarities to other benchmark do-
mains (as described along with some experimental evidence
in [3]). The goal of the Tree-String problem is to derive
specific structure and content elements simultaneously. In-
stances are defined using a target solution consisting of a
tree shape and content. Candidate solutions are measured
for their similarity to the target solution with respect to both
tree shape and content. The Tree-String problem is defined
as a tuple II:

]:[ = (\Ilﬂ E) t? a? PY’ 5)7

where an instance is represented by a target solution ¢, com-
posed of content elements from the set U and has a tree
shape defined by elements from the set =. In this study, and
in [4], we use the following:

e = = {n,l}, representing nodes and leaves in binary
syntax trees,

e U ={A,..., D}, representing node and leaf labels,

e at) — E*, a breadth-first tree traversal over solution
structure (tree shape) creating the structure string,

e ~(t) — W*, a depth-first, in-order tree traversal over
solution content creating the content string,

o S(a(t),aft.)) — i € R, and
b 5(7(%)77@0)) '_>] c N, Where

1 and j represent the heuristic solution quality of . com-
pared to instance t;, and ¢ is the longest common substring
function. A multiobjective Pareto criterion is used for fit-
ness evaluation with the structure and content objectives,
described in Section 4.6.

In the Tree-String problem, as defined above, the portion
of the solution that contributes to the structure objective is
likely to be different from the part that contributes toward
the content objective. This property is due to the use of
the breadth-first traversal for the structure objective and the
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Figure 2. The 500 tree shapes produced are
plotted according to their depth and size
(number of nodes).

depth-first traversal for the content objective. The fact that
the two objectives are interdependent is likely to make it
difficult for transformation operators to affect either content
or structure objectives alone.

4.2 Tree-String Instances

We create instances in the Tree-String problem with an
increasing size (number of nodes) at the same depth, in-
creasing size with increasing depths, and, over these shapes,
increasing content alphabet size. These two features, tree
size (across depths and within the same depth) and content
size, are expected to lead to increased difficulty for GP.

To create the set of tree shapes on which to place ran-
dom content, forming an instance, we generate a tree shape
using an iterative tree growth method. The method itera-
tively adds two child nodes to a probabilistically chosen leaf
node, starting with the root. To produce 500 random trees
with depths between 5 and 15, and with size between 15 and
272 nodes, we: (1) randomly pick a tree size from the latter
range, and (2) iteratively grow a tree shape to that size with
a limit of depth 15. The 500 random trees shapes created
are shown in Figure 2 according to their depth and size. We
select tree shapes from depths 7, 9, 11, and 13, labelled as
71478 in Figure 2, respectively. These shapes are are cho-
sen to be close to the mean size for that depth with the aim
that tree shape alone will not affect difficulty. We also select
tree shapes from depth 9 with increasing sizes, labelled as
723,56 in Figure 2, respectively. These trees are shown in
Figure 2 using a circular lattice visualisation. The root node
lies at the very center, and each two child nodes lie at the
intersection of subsequent lines. The inner-ring marks the

maximum depth of that tree.

The second step to define our instances is creating the
content that each instance’s tree shape will have. To cre-
ate instances that range in content difficulty, we create four
random strings for each tree shape instance, where each ran-
dom string uses an increasing number of symbols, starting
with one. We denote the selected tree shape for an instance
with 7Y, and the number of symbols used to generate the
random string with a subscript, i.e. T(y#\p). Thus, we have
instances defined in these ranges: 7i§. Note that the y in
7Y denotes the tree shape selected from Figure 2. Each ran-
dom string will be the same size as the tree shape under
consideration - producing 4 x 8 instances. The GP system
will use the same content set as used to create the current
instance under consideration.

4.3 The GP System

The GP algorithm is generational with a population size
of 50. Two-parent subtree crossover is used to transform
existing solutions into new ones. Two parent crossover se-
lects a subtree (where non-leaf nodes are selected 90% of
the time) from each parent and swaps them. All children are
valid provided they are within a depth limit of 17. To select
parents for crossover, tournament selection with a tourna-
ment size of 3 is used. The initial population is created by
producing random trees using the Full and Grow methods
equally between depths 2 and 4. A stopping criterion of
50 generations is used. Fitness is based on the two objec-
tives of matching solution content and solution structure to
a target instance content and structure, as described above.
A Pareto criterion is used for selection, described in detail
in Section 4.6. The GP method is run for 30 runs on each
instance, creating 960 runs. We report the improvement of
solution quality as the total size of the tree minus the longest
common substring for structure and the total size minus the
longest common substring for content. These values are
normalised by the size of the target instance.

4.4 Instance Difficulty

In Figure 3, some of the best quality solutions from each
run are plotted. The Left hand graph in Figure 3 shows that
as the content alphabet size increases, over all instances, im-
provements are made more in the structure objective. The
Right hand graph of Figure 3 shows how the instances be-
come harder for GP with increasing size, i.e. there is less
overall improvement in both objectives. Note that for 77,
GP is capable of meeting the optimal content objective, but
it improves the structure objective to an even lesser degree.
In summary, as expected, the tree shapes and content gen-
eration we selected created instances that range in difficulty
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for GP with regard to improvement and with respect to so-
lution content and structure.

4.5 Outliers and Survivability

In [3], we reported on the general inability of outliers to
contribute consistently to the search process using one in-
stance of the Tree-String problem and three common bench-
mark instances. We provide a brief analysis to support that
conclusion for our study here. Using the results from our 32
instances and 960 runs, we count the number solutions with
a pair-wise distance greater than the population’s mean pair-
wise distance and that have a better solution quality over
more than half the population. Figure 4 (Left hand graph)
shows a box and whiskers plot for the average number of
these solutions (Outliers) in generation 15. We also count
the average number of offspring these solutions produced
(Produced in Figure 4), and then the average number of
times those offspring were selected to produce an offspring
in the following generation (Survived in Figure 4). Off-
spring produced by outliers tend to produce fewer offspring
themselves, but with a surprisingly wide-range. These re-
sults can be expected when the population converges away
from outlier solutions. These results also support the search
behaviour of focusing less on dissimilar solutions with good
quality. However, the wide-range of Survived in Figure 4,
albeit heavily skewed toward 0, suggests that outliers are ca-
pable of providing significantly good solutions under some
circumstances. The average distribution of pair-wise dis-
tances from all runs at generation 15 is shown in the Right
hand graph of Figure 4. Note that in the above, outliers had
a pair-wise distance greater than the population’s mean av-
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Figure 4. In the Left hand graph, the Num-
ber of Outliers at generation 15, number of
offspring Produced by those outliers, and the
number of those offspring that Survived to pro-
duce offspring in the next generation. The
graph on the Right shows the distribution of
pair-wise distances at generation 15.

erage pair-wise distance. In the study below, outliers are
defined with a pair-wise distance greater than one standard
deviation from the population’s mean distance. Using that
definition, there are fewer outliers, as seen in Table 1, where
virtually none Survived.

4.6 Outlier Definition

We initially define outliers as genetically different from
the rest of the population according to an edit distance. The
edit distance is defined as follows: Two trees are overlapped
at the root, and the number of node transformations, inser-
tions and deletions that are required to make the two trees
structurally and syntactically equal are counted. The dis-



tance is normalised by tree size. An individual’s pair-wise
distance is the average of all the normalised distances to
the rest of the population. This value is compared to the
population’s mean pair-wise distance. A solution is an out-
lier if it is better than more than half of the population in
quality (using a Pareto criterion, described next) and has
a pair-wise distance greater than 1 standard deviation from
the mean of the population’s average pair-wise distance. We
initially archive outliers at generation 5, generation 15 and
generation 30.

Our definition of outliers is just one of many possible.
Other definitions may be more suitable or appropriate. The
Pareto criterion used for the outlier definition, and for se-
lection in the GP algorithm, defines a solution as better
than another if it is better in at least one objective and not
worse in the other. Two solutions are equal, according to the
Pareto criterion, if they are equal in both objectives or better
and worse in the same number of objectives. Note that the
solutions (Best of Run) shown in Figures 3 represent one
(of possibly several) nondominated solutions that define the
Pareto front for a run.

4.7 A Simple Local Searcher

The local search method generates 10 solutions using
subtree mutation from a given solution. Subtree mutation
randomly creates a subtree between depth 1 and 3, using
either the Full or Grow method, the same methods used to
create the initial population. Subtree mutation then selects,
with uniform probability, a node in the solution and replaces
it with the new subtree. New solutions with better solution
quality replace the current solution. We carry-out this pro-
cedure for 50 steps. We call a local search successful if it
is able to produce a solution that is better-than the nondom-
inated solution reported as the Best by the run from where
the outlier came. For each outlier, we iterate the local search
10 times.

4.8 Results

Table 1 shows the results for conducting the local search
on outliers. Results for each instance are shown for the dif-
ferent content alphabet sizes (7,;). All instances had some
runs which were improved by performing the local search
on outliers. When the instances contained only the A sym-
bol, local search was more effective. As instances became
more difficult, fewer runs where improved.

Table 1 also reports on the average number of outliers
found at generation 5, 15 and 30. A population con-
tained 50 solutions, and the definition of outliers resulted
in around 5% of those being classified as outliers. There
appeared to be slightly more, on average, outliers at genera-
tion 15. These numbers can change according to problems,

Table 1. The average number of outliers found
in the 30 runs for each of the 32 instances at
generation 5, 15 and 30. 10 local searches
were perfomend with each outlier, the hum-
ber of times (n) a better solution was found,
and the percent of local searches that found
a better solution, are also reported.

T g % Average #Outliers (Success %)

T runs gen. 5 gen. 15 gen. 30
T 25 0.77 (10.2%) 1.73 (6.7%) 2.10 (0.5%)
2 1 0.30 (0.0%) 1.53 (0.0%) 1.13 (0.0%)
3 7 0.13 (0.0%) 1.50 (0.0%) 1.27 (0.1%)
4 9 0.17 (0.0%) 1.27 (0.0%) 1.13 (0.0%)
T2 24 0.77 (5.8%) 2.53(10.0%) 2.17 (5.5%)
2 10 0.07 (0.1%) 1.60 (5.3%) 1.33 (0.0%)
3 14 0.07 (0.0%) 1.53 (0.0%) 1.47 (0.0%)
4 8 0.03 (0.0%) 1.43 (0.1%) 1.40 (0.0%)
T 21 0.90 (10.8%) 1.53 (10.7%) 1.37 (7.3%)
2 11 0.33 (1.0%) 1.40 (0.1%)  0.97 (10.0%)
3 14 0.07 (10.0%) 1.50 (0.2%) 1.60 (0.0%)
4 13 0.07 (0.1%) 1.63 3.0%) 1.23 (10.0%)
T 17 0.67 (10.0%) 1.43 (1.0%) 1.23 (10.5%)
2 5 0.60 (0.1%) 1.13 (10.6%)  0.93 (0.0%)
3 10 0.13 (0.0%) 1.63 (0.0%) 1.37 (6.8%)
4 9 0.07 (0.0%) 1.37 (0.0%) 1.07 (0.1%)
T 18 1.03 (13.8%) 1.63 (51.2%) 1.03 (0.0%)
2 6 0.40 (0.3%) 2.07 (0.0%) 0.60 (0.0%)
3 4 0.03 (0.0%) 1.67 (0.0%) 0.90 (0.0%)
4 6 0.03 (0.0%) 1.20 (0.0%) 0.87 (0.2%)
e 12 1.10 (0.0%)  0.97 (10.0%) 0.90 (0.3%)
2 9 0.40 (10.0%) 1.63 (0.0%) 1.20 (0.0%)
3 9 0.30 (0.1%) 1.57 (0.1%)  0.90 (10.8%)
4 9 0.17 (20.0%) 1.63 (0.0%) 1.10 (0.0%)
T 17 1.20 31.0%)  0.97 (0.5%) 0.53 (10.0%)
2 9 0.33 (0.0%) 1.07 (10.5%) 0.67 (0.0%)
3 8 0.13 (0.0%) 1.70 (0.0%) 0.80 (0.0%)
4 7 0.43 (0.0%) 1.30 (2.5%) 0.93 (0.1%)
PRy 3 0.83 (0.0%) 0.93 (0.0%) 0.23 (0.0%)
2 10 0.20 (0.0%) 1.87 (0.0%) 1.00 (0.0%)
3 6 0.17 (0.0%) 1.33 (0.3%) 0.93 (0.0%)
4 8 0.17 (0.0%) 1.67 (0.0%) 1.47 (0.0%)

instances and the method used for defining outliers. Note
that in Figure 4, where outliers had a less strict dissimilarity
requirement, the median number of outliers at generation 15
was around 15 out of the 50 solutions.

Table 1 also reports the success rate of the local searches
for improving the run’s solution quality. This is the per-
centage of the 10 local searches carried out for each out-
lier. Local searches for instances with Tf , the easiest in-
stances, were more successful at improving overall solution
quality. In summary, to increase the likelihood of success-
ful local searches, outliers should be taken from a variety
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of times (generations) during the evolutionary search pro-
cess to buffer against variations in instance difficulty. With
respect to which runs were improved by local search, we
show the results from a representative instance, Té, in Fig-
ure 5. The original runs that were improved by local search
were generally not the best runs overall in solution quality.
However, the new solutions produced by local search were
often better or competitive with the best solutions from all
runs. This simple local search on outliers provides a way to
increase poorer GP runs to the same level and better than the
best GP runs, possibly with better efficiency. We expect to
see even better results with a slightly more sophisticated lo-
cal search or outlier specific search method in future work.

5 Discussion

The study reported in this paper was aimed at address-
ing the concept of speciating solutions with good qual-
ity but that have an inability to normally contribute to the
search process. We consider such solutions, based on earlier
work[3] and some brief evidence reported here, to have a
high amount of dissimilarity from the rest of the population
and a relatively good fitness. Due to the typical amount of
convergence in an EA run, we expected dissimilar solutions
to be less able to consistently interact in a population-based
search using multiple parent operators. As the EA search
is concerned primarily with improving solution quality, we
focus on dissimilar solutions that are also highly fit, or that
represent potential local optima in the current population.

To validate the concept of speciating solutions, we first
archived outlier solutions and then carried out a simple local
search procedure on them. These local searches are capable

of improving the run’s overall solution quality. Note that
practically no algorithmic tuning was performed to achieve
these results. It is also significant to note that these results
were achieved using a wide range of instances ranging in
two kinds of difficult, size and content and structure objec-
tives.

As we have verified the first goal of the proposed parallel
island model (the possibility of speciating outliers), we will
now address the ability of the model to efficiently allocate
computational resources to speciation events, to manage re-
sources efficiently and to detect non-improving searches.
There are some other issues that we did not address in this
study. For example, we did not test if any solution would
lead to better solution quality using a local search method,
or if the local search resulted in a similar kind of solu-
tion as that found by the EA run. Also, the type of search
carried-out on an island was not investigated. We used a
local search method here, but it is likely that seeding a new
population using an outlier and conducting a standard EA
search process would be a very efficient way to implement
a multi-start EA algorithm.

Future work will assess how efficient the local search
method was and whether improved results can be achieved
more efficiently using local search and outliers and a stop-
ping criterion for the EA run. We will also look at using
other search methods on the islands seeded with outliers.
Our goal is to determine if a parallel island model using
speciation can lead to improved solution quality using less
computational resources than the standard EA run, and to
provide some insight into the type of search procedure more
suitable for outlier solutions. Regardless of the final verdict
on our proposed model, we have demonstrated here the abil-
ity to achieve improved solution quality using outliers and
local search.

6 Conclusions

This paper reported on the initial validation of a parallel
island model for EAs. The proposed model is intended to
fill a niche in EA search where good local optima (called
outliers in this paper) are explicitly leveraged by a paral-
lel search method. This parallel search method can be a
population-based search, local search or some other suit-
able method. The island model is intended to dynamically
manage resources by speciating the outliers to available re-
sources. In this paper, we reported on the ability to de-
tect outliers in GP and successfully conduct a simple local
search method on them to improve overall solution quality.
As the local search method was applied to solutions from
early generations, it is very likely that search efficiency can
also be improved. The experiments used a range of diffi-
cult instances on a problem designed to capture essential
features from many commonly used and other artificial do-
mains. The methodology and experimentation settings were



based on high level intuition and were not subjected to a
large amount of tuning, making the results more likely to be
generalisable.
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