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Abstract

Bio-inspired metaheuristics are powerful optimization tools that
often produce very good results for complex optimization problems.
However, metaheuristics usually require high computational costs to
obtain satisfactory solutions. An alternative to tackle this problem is
to implement them with the use of the so-called Island Model. This
model consists into partition the set of candidate solutions in sub-
populations (islands) that evolve in parallel. The main feature of the
island model is the migration of candidate solutions from one island to
another along the iterations of the search process. A strategy to im-
prove the convergence of an island-based metaheuristic is to increase
the number of islands. However, as the number of islands increases, the
increasing communication among them. In this paper we investigated
the impact of increasing the number of islands on the quality of the re-
sult by applying a specific algorithm using the Island Model compared
with the performance of isolated execution of the same algorithm. As
optimization tool we have used the Social Spider Algorithm, inspired
by the foraging behavior of social spiders that has produced competi-
tive results in the literature. The experiments were conducted in a set
of unconstrained optimization problems available in the literature and
statiscal metrics.
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1 Introduction

Several bio-inspired algorithms were recently proposed in the literature
to solve complex optimization problems from different areas. Many of these
algorithms are population-based and the search for the optimal solutions
occur iteratively throughout the evolution of a set of candidate solutions. In
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2015, inspired by the foraging strategy of social spiders was proposed in [11]
the population Social Spider Algorithm (SSA) to solve global optimization
problems. The SSA has shown competitive with other classical algorithms
of literature and for this reason, is the object of study in this work.

A feature of the population bio-inspired algorithms, including SSA, is the
high computational cost required for its execution. However, another feature
of most of these algorithms is that they can be implemented for parallel
execution relatively easily. With the increasing popularity of computers
equipped with multi-cores processors and also the use of computer networks
a parallelization strategy for iterative and population algorithms that has
been receiving more and more attention of researchers is the Island Model.

In the Island Model, the set of candidate solutions is partitioned into
sub-populations called islands that will be evolved by specific algorithms in
a parallel architecture. A fundamental operation in the Island Model is the
migration that is responsible for transferring candidate solutions between
the islands periodically considering a set of user-defined parameters. The
Island Model promotes speed up of the algorithms at the same time that
improves the quality of the solution of the algorithms.

In this paper, we propose a non-hybrid Island Model composed by is-
lands running an instance of SSA. Our aim is to investigate the impact that
the Island Model can cause to the performance of the SSA. In addition, we
have evaluated the influence of the number of islands in the performance
of the model in order to verify to what extent it is interesting to invest in
hardware for execution of non-hybrid Island Model with the aim to acceler-
ate the execution and maintain or improve the quality of the result of the
algorithms at the same time. For this study we used a set of unconstrained
optimization problems available in the literature and the analysis of the
results was directed by statistical metrics.

2 Island-based Social Spider Algorithm

2.1 Social Spider Algorithm

SSA [11] is a bio-inspired meta-heuristic based on the foraging behavior
of social spiders. In SSA the search space is a hyper-dimensional artificial
spider web and each position is a candidate solution. The quality of each
solution represents the possibility to find a prey at the position [11]. A
vibration produced in a position by an artificial spider will be received by
others spiders with different intensities ∈ (0,∞) depending on the distances
between each pair of spiders. In the SSA the vibration intensity generated



by the spider s at the source position Ps is given by

I(Ps,Ps, t) = log

(
1

f(Ps)− C
+ 1

)
(s = 1, 2, ...N), (1)

where f(Ps) is the objective function value at position Ps and C is a small
constant such that all possible values f(Ps) are larger than C and N is the
population size.

The vibration attenuation over distance between the spiders a and b is
defined by

I(Pa,Pb, t) = I(Pa,Pa, t)× exp

(
−D(Pa,Pb)

σ × ra

)
, (2)

where D(Pa,Pb) is the distance between the spiders a and b, calculated by
L1-norm, σ is the average of the standard deviation along each dimension
among all spider positions and ra ∈ (0,∞) represents the attenuation rate.

In the initialization phase of SSA, each artificial spider occupies a ran-
dom position in the web and its target vibration, namely vtars , is set as the
vibration in its current position. For a number of iterations max iter the
operations of SSA can be described by: (i) Fitness evaluation; (ii) Vibration
generation; (iii) Mask changing; (iv) Random walk; (v) Constraint handling
[11].

Each spider s receives N different vibrations among iterations of SSA
and select the strongest (vbests ). If vbests is larger than vtars , the spider will
store vbests as vtars . A random walk is performed towards vtars considering a
binary vector (mask) ms associated to each spider. At each iteration each
spider has a probability 1 − pc, pc ∈ (0, 1) to change its mask. If the mask
should be changed then each bit has a probability pm ∈ (0, 1) to be assigned
with 1 and 1− pm to be a 0.

Finally, each spider moves to a new position defined under moderated
influences by random values ∈ [0, 1], of the current position, of the previous
position, of the source position of vtars and also random positions which
produce less intense vibrations. The pseudo-code of the SSA is available in
in [11].

2.2 Island Model

Bio-inspired algorithms, including SSA, often require a high computa-
tional cost to solve an optimization problem. An alternative to tackle this
drawback is to implement them applying a strategy to a parallel execution.



A parallelization strategy for these algorithms that has been receiving in-
creasing attention of the researchers is the Island Model. An Island Model
consists in a distributed implementation of population-based algorithms that
enables speed up the execution and at the same time improves the quality
of the obtained solutions.

In the Island Model, the set of candidate solutions is partitioned into
several sub-populations called islands. Each island evolves its population
with a specific algorithm in a parallel architecture that can be a computer
equipped with a multi-core processor or several machines in a computer
network. All islands can evolve their sub-populations with different instances
of the same algorithm (non-hybrid model) or each island can run a distinct
algorithm of the others (hybrid model). There is a fundamental operator in
the Island Model called migration which transfers solutions from an island
to another. In the migration process, good solutions (migrants) can be
transferred to islands with solutions not so good, thus contributing to the
evolutionary process of the model. Basically, the implementation of the
Island Model involves decisions about the following parameters [2]:

• Number of islands: Number of instances of algorithms (or sub-populations);

• Migration topology: Defines how the islands are connected to others,
which defines the paths available for migration. There are several
possibilities reported in the literature [3, 4], however the most common
is known as topology ring where the available connections are only
between the two closest neighboring islands and the communication
can be uni- or bi-directional.

• Migration rate: Indicates how many individuals migrate from the
source island every occurrence of migration;

• Migration frequency: Defines how often the migration occurs.

Furthermore, the migration process can be synchronous (the exchange
of solutions occurs at the same time for all islands) or asynchronous (each
island promotes migration as soon as it is ready to do this). In addition, an
important parameter is the the distribution of migrants solutions (or migra-
tion policy). The distribution can be point to point (solutions of a source
island migrate to exactly one destination island) or broadcast (solutions of
a source island are sent to all its neighboring islands). Much of the research
of the Island Model aims at assessing the impact of the parameter values in
the performance of the model [5, 6, 7, 8, 9, 2, 10], however, there are few



papers in the literature evaluating the influence of the number of islands in
a scenario of a fixed budget of evaluations.

2.3 The proposed Island-based Social Spider Algorithm

To the best of our knowledge, there is not any study in the literature
implementing the SSA in an Island Model. We propose non-hybrid Island
Models composed of a different number of islands, all running an instance of
SSA. Our aim is to investigate the influence of the number of islands in the
performance of the SSA Island Model. More specifically, we evaluated the
influence on the result when the number of islands increases. The answers to
these questions indicate to what extent it is interesting to invest in hardware
for execution of non-hybrid Island Model with the aim to accelerate the
execution of the algorithm and at the same time maintain or improve the
quality of the result.

The experiments were carried out considering a set of 400 candidate
solutions, evolved by different models composed by 2, 4, 5, 8, 10, 20 or 40
islands, resulting in a total of 7 models. Each model ran independently
under the same set of candidate solutions for comparison purposes. In each
model, the number of islands was defined considering the execution on a
single computer equipped with 64 processors. Each island of the model has
an instance of the SSA identified by SSA-i (i = 1, 2...40). Table 1 displays
the partition scheme of the population applied in the experiments conducted
in this paper.

Table 1: Design of experiments conducted with the Island Model.

Islands Partition scheme and population size Individuals

1 400 1 × 400 = 400

2 200 200 2 × 200 = 400

4 100 100 100 100 4 × 100 = 400

5 80 80 80 80 80 5 × 80 = 400

8 50 50 50 50 50 50 50 50 8 × 50 = 400

10 40 40 40 40 40 40 40 40 40 40 10 × 40 = 400

20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 20 × 20 = 400

40 10 10 40 × 10 = 400

The SSA parameters were set based on References [11] and [1]. There



are 40 random combinations of the three parameters of SSA (ra ∈ [0.2, 3.0],
pc ∈ [0.4, 0.9] and pm ∈ [0.1, 0.3]). In each experiment, the algorithms
were chosen based on the number of islands. For example, the model with
10 islands employs the 10 first algorithms (SSA-1 to SSA-10). The total
number of iterations of each SSA was set to 1250 divided according to the
occurrences of the migration process. The parameters of the Island Model
were set as follows: (i) Migration topology: Ring Topology; (ii) Migration
rate: 10% of the individuals of an island; (iii) Migration frequency: 25 -
islands migrate solutions at each 50 (1250/25) iterations. A greedy strategy
was adopted for the selection of migrants solutions. The best solutions of
the source island were chosen to replace the worst ones on the destination
island.

The proposed model was submitted to the resolution of the first 10 prob-
lems of the 15 proposed in [12], identified in this paper as Fi (i = 1, 2, ..., 10).
We have set the number of dimensions equal to 50. For each problem, were
performed 30 independent runs for each Island Model and 10 independent
runs of each of the 40 instances of the sequential SSA. Thus, in both cases, it
was considered 500000 (1250× 400) evaluations as the maximum number of
function evaluations as defined in [12]. The experiments were performed on
computer equipped with CPU AMD OpteronTM Processor 6272 (64 cores
of 2.1GHz and cache memory of 2MB), RAM of 250GB and operational
system Linux Ubuntu 14.04.4 LTS.

3 Results and Discussion

Figure 1 presents the boxplots of the distribution of the best objective
function values found in the 30 independent runs by each model according
to the number of islands. In the figure the model composed by only one
island represents the best results obtained in the 10 runs by any sequential
implementantion of SSA (SSA-1, SSA-2, ... or SSA-40). The influence of
the number of islands is similar for all problems: increasing the number of
islands leads to an overall improvement in the final results. This is evident by
observing the reduction of the median in the boxes in the most of subfigures.
Migration has a positive impact on the algorithm performance.

Figures 1(b), 1(g) and 1(j) show that for problems F2, F7 and F10,
increasing number of islands can even worse results. Possibly this is due
to the reduction of the size of the local population of each island, which
reduces local diversity and may cause premature convergence. This result
may be related to the nature of the problem, in 75% of cases the increase the



number of islands caused a positive effect on the final result. Thus, based on
the values used in this work for the number of islands, it is interesting to use
a large number of islands to improve the quality of the solution produced
by the SSA.

Figure 2 shows that the speedup obtained is not linear. The super-linear
speedup obtained probably is due to the reduction of the set of candidate
solutions in the islands. The portion of the set stored in cache memory
increases and the use of this memory accelerates the process. Observing the
Figure 2 on can see that speedup rate is reduced as the number of islands
increases, suggesting the growth of the cost of communication (overhead)
for a larger number of islands. The results from this figure show that the
non-hybrid Island Model SSA reduces considerably the computational cost
and improves the final solutions. It is important to state that the hardware
resources used for the experiments were not dedicated and there were other
processes running simultaneously.

4 Conclusions

In the paper we have proposed a non-hybrid Island Model Social Spider
Algorithm. Our model was evaluated with different numbers of islands in
order to verify when is interesting to invest in hardware for a parallel exe-
cution of SSA, considering supercomputers with multi-cores processors up
to 64 cores. Based on the experiments conducted here, we conclude that
the proposed model have improved the performance of the SSA considering
the final solutions and runtime. The increasing number of islands affected
positively the model performance, showing that it is interesting invest in
resources for parallel execution of the algorithm in order to obtain better
results and higher speed compared with its sequential execution. As a future
work we intend to experiment new alternatives regarding the parameters of
the Island Model in order to evaluate the influnce on the convergence of the
SSA. We also intend to try a larger numbers of islands aiming executions in
architectures based on computer networks such as clusters and grids where
hundreds or thousands of processors can be used.
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(a) F1. (b) F2.

(c) F3. (d) F4.

(e) F5. (f) F6.

(g) F7. (h) F8.

(i) F9. (j) F10.

Figure 1: Boxplots of the distribution of best objective function values along
the 30 runs of the Island Model.



Figure 2: Speedup obtained for each problem.
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