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RESUMO

O problema de mapear tarefas de uma aplicacdo em tempo-real (RTA) em uma plataforma
com multiplos processadores no mesmo chip do tipo (MPSoC) que utiliza uma rede intra-chip
(NoC) como arquitetura de comunicac¢éo pode ser abordado como um problema de otimizagdo que
possui o intuito de melhorar caracteristicas do design do sistema utilizando uma analise estatica.
Exemplos de caracteristica que se deseja que sejam melhoradas sdo a conformidade do sistema com
as suas restrigdes temporais e 0 use dos seus recursos. Uma meta-heuristica bio-inspirada, como o
Algoritmo Genético (GA) pode obter mapeamento de tarefas no qual todas as tarefas da aplicagéo
sdo agendadas. Além disso, no contexto de meta-heuristicas, algoritmos que incorporam técnicas
adaptativas para os seus parametros e operadores sdo capazes de mudar os seus mecanismos de
busca baseando-se no problema que esta sendo otimizado com o intuito de simultaneamente buscar
por solugdes 6timas para o problema utilizado e por parametros melhores. Essas caracteristicas
permitem que meta-heuristicas que empregam esses mecanismos de mitigar a necessidade de um
estagio para configurar os seus parametros e melhorar os seus desempenhos.

Em luz dessas informacdes, esse trabalho visa efetuar um estudo para explorar maltiplos técni-
cas de adaptacgdo para meta-heuristicas bio-inspiradas e empregéa-las no desenvolvimento de novas
versdes adaptativas de meta-heuristicas como o GA, o algoritmo de otimizacdo por enxame de
particulas (PSO), e o algoritmo de evolucéo diferencial (DE). Essas novas meta-heuristicas séo
subsequentemente aplicadas em multiplas instancias do problema de mapeamento de tarefas de
uma RTA em uma plataforma do tipo MPSoC que usa NoC utilizando fun¢des com um Unico ou
multiplos objetivos.

Em adicdo a aplicagdo dessas meta-heuristicas, esse trabalho também apresenta uma compa-
racao estatistica para verificar os seus desempenhos. O experimento onde esse estudo estatistico e
aplicado foi conduzido para utilizar as meta-heuristicas desenvolvidas nesse trabalho e também as
suas versfes originais em multiplas configuracdes do problema de mapeamento utilizando plata-
formas MPSoC com diferentes tamanhos e uma RTA utilizada como benchmark com RTA geradas
de forma sintética. Os resultados obtidos indicam que, para o conjunto de problemas avaliados,
meta-heuristicas com técnicas adaptativas séo capazes de alcancar melhores resultados, na média,
do que as suas versdes sem esquemas de adaptacao.

Outra contribuicao desse trabalho é o desenvolvimento de um plataforma de software orientado
a objetos em C++ cuja aplicagdo nédo se restringe ao problema de mapeamento de tarefas e
pode ser utilizado em outros problemas de otimizacdo como a lista de funcbes de otimizacdo de
benchmark.

Palavras Chaves: Meta-heuristicas, Otimizagdo, Sistemas em Tempo-Real, Redes Intra-chip



ABSTRACT

The task mapping of a Real-Time Application (RTA) onto a Many-/Multi-Processor System-
on-a-Chip (MPSoC) with a Network-on-a-Chip (NoC) as on-chip communication architecture can
be tackled as an optimization problem to improve desired design features in a static analysis
setting. Examples of such features are the system compliance to its time requirements and its
resource usage. A search-based bio-inspired meta-heuristic such as the Genetic Algorithm (GA)
is capable of achieving task placement solutions in which all tasks are schedulable. Also, in the
context of meta-heuristics, algorithms that incorporate adaptive techniques for their parameter
values and operators are capable of changing their internal search mechanisms based on the pro-
blem at hand to simultaneously search for optimal solutions for the problem at hand and more
suitable parameters for the meta-heuristic. These characteristics allow meta-heuristics that em-
ploy these mechanisms to mitigate their necessity for a parameter tuning stage and an increase in
performance.

In light of this information, this work intends to perform a study to explore adaptive te-
chniques for bio-inspired meta-heuristics and employ them in the development of new adaptive
versions of bio-inspired meta-heuristics such as GA, Particle Swarm Optimization (PSO), and
Di Lerkntial Evolution (DE). These novel meta-heuristics are then applied on di Lerent instances of
task mapping of RTA onto MPSoC platforms with NoC using single-/multi-objective functions.

Additional to the application of these new meta-heuristics, this work also presents a statistical
comparison study to assess their performance. The experiments in which this statistical study
was conducted uses meta-heuristics developed in this work together with their original counter-
parts in multiple settings of the task mapping problem using platforms with di[erent sizes and
a benchmark RTA jointly with synthetic generated ones. The results obtained indicate that, for
the set of problems used, meta-heuristics with adaptive techniques are capable of achieving better
performance, on average, than their original counterparts.

Another contribution of this work is the development of an object-oriented software framework
in C++ with use not limited to the task mapping problem and can be used to other optimization
problems such as the list of benchmark optimization functions.

Keywords: Meta-heuristics, Optimization, Real-Time Systems, Network-on-a-Chip.
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1 INTRODUCTION

1.1 Contextualization

System-on-a-Chip (SoC) [8] is the paradigm to integrate a whole computing system with
multiple specialized modules, processor cores, FPGAs, memory caches, memory controllers, inside
of the same chip die. It results in a complex Integrated Circuit (IC) with hundreds of millions
of transistors that, thanks to the development in IC manufacturing techniques, is heavily relied
upon on modern commercial products. For example, a current modern smartphone such as the
Samsung's agship phone Galaxy S10 uses a Qualcomm SoC chip [9] that has components such
as processors, graphical processing units, and telephony related modules.

In the information age, SoC products, and their development and production represent the
economic source of hundreds of billions of dollars annually. For example, Apple the third most
valuable company (as of 2019), has a large part of their market value due to products using SoCs
such as smartphones and tablets.

It is common for current commercial SoC to contain multiple processors core inside of the
chip. Systems with this attribute are characterized as a Multi-/Many-Processors System-on-a-
Chip (MPSoC). In SoCs, and speci cally in MPSoCs, as the number of components inside of the
chip increases, so does the on-chip communication architecture, the subsystem responsible for data
transmission inside of the chip, importance for the system correct functionality and complexity
to properly handle the large data transmitted. This growth in complexity is so accentuated
in modern SoCs that the on-chip communication architecture has become one of the primary
sources of bottlenecks in terms of timing performance due to communication delays, and power
and area [10].

In light of these problems, there has been a push from the research community towards a
paradigm of an on-communication architecture inspired by computer networks. This new paradigm
should be capable of coping with the scalability necessary for the crescent number of elements
inside of current and future SoCs design. This on-chip communication paradigm is the Network-
on-a-Chip (NoC) [8] [11].

An NoC is an on-chip communication architecture that can be de ned by the following cha-
racteristics, as stated by [8]:

The on-chip communication architecture can be separated in multiple abstraction layers
similar to computer networks. For example, characteristics of the implementation, such
as wiring can be attached to the physical layer design, while abstracted during the data
layer design to deal with data transmission protocols. Figure 1.1 represents the mapping
on the standard Open System Interconnection (OSI) network protocol stack model of an
implementation of an NoC.



The communication control is distributed inside of the network designated to specialized
components calledrouters.

High customization capability with the possibility to use, for example, di erent topological
connection for its routers, and multiple types of specialized components connected.

NoC is scalable since the number of communication channels, and routers increases as the
number of components grow.

Better power e ciency due to reduced wiring length (depending on the topology chosen)
between routers and communication control for large systems with less complexity.

Independency between modules since each router connects its system module. It oers a
high re-usability between modules since their implementation is independent of the on-chip
communication architecture.

Figura 1.1 lllustration of the arbitration of a NoC in the OSI computer network protocol ex-
tracted from [1].

In the context of embedded devices, the eld advances with an ever-growing number of possi-
ble critical applications from the expected growth in the development of Internet-of-Things (IoT)
devices, the maturation of 5G telecommunication infrastructure, and the deployment of autono-
mous vehicles. Current and future embedded devices have a large number of processing elements,
power usage, and time constraints that are likely to be met by using NoC-based MPSoC designs.
Since some of the systems are employed in time-sensitive applications, they are categorized as
Real-Time Systems (RTS), and their performance is heavily dependent on the system complying
with the Real-Time Application (RTA) time constraints.

Due to the broad range of design possibilities in an NoC-based system allied with the time
constraints inherent from RTS, it is imperative for the design of an MPSoC deployed for such
systems to consider the time characteristics of its RTA since the early stages of the project. RTAs
can be subdivided into tasks that are a chunk of the application software that represents one of



the system tasks. Mapping RTAs onto MPSoCs is the process to de ne tasks placement onto
speci ¢ processor cores in the system [12]. This process for an NoC-based system is illustrated in
Figure 1.2.

Figura 1.2 lllustration of a RTA mapping onto a NoC-based MPSoC (adapted from [2]).

When performed during the design time, the RTA mapping onto MPSoCs can be faced by
de ning an analytic method to evaluate each task mapping solution as an optimization problem
quickly. The search for an optimal task placement using a speci ¢ quality metric for the system
is an NP-hard problem akin to the bin packaging problem [13]. Bio-inspired meta-heuristics such
as the Genetic Algorithm (GA) has been successfully used in previous related works to search for
task mappings that result in RTAs to comply with their time constraints ( [14]).

This work proposes alternative bio-inspired meta-heuristics that employ adaptive techniques
that could be used in the task mapping of RTAs onto NoC-based MPSoCs both for single-objective
optimization as well as multi-objective ones. These meta-heuristics are composed of recent algo-
rithms from literature as well as brand new ones developed during this work.

Additionally, this work also presents a comparative study to analyze which meta-heuristic is
more suitable, on average, for the task mapping optimization problem using di erent objectives
on multiple scenarios with synthetic RTA and MPSoCs. Including one objective developed during
this work that evaluates at the same time the number of tasks that do not comply with their
timing requirements, and, if all of them respect their time constraints, the minimum slack ratio
starts to be optimized.

1.2 Commercial Applications of MPSoC and NoCs

The leading manufacturers of desktop processors, Intel and AMD, use MPSoCs in their new
high-end line of products. It highlights the importance of the themes studied in this work and
their application in current and future commercial products.



In AMD case, their most recent processors that use their microarchitecture Zen [15] that is
aimed to be used in a broad range of products from low-end notebooks with Ryzen processors up to
high-performance server computers branded as EPYC. Their high-end EPYC Zen-based products
have completely integrated MPSoCs containing memory-controllers, caches and a proprietary on-
chip communication architecture called In nity Fabric that connect both components inside of
the same die as well as external modules such as graphical processors.

Intel high-end recent products aimed to servers is part of the Xeon family of processors [16].
These processors are MPSoC since they have up to 56 processor cores in the same die as well
as components such as caches, memory controllers, and I/O modules. To connect these internal
components, the new Xeon processors use a 2-dimensional mesh-grid NoC to connect them to
cope with the increased data tra c in the die.

1.3 Objectives

These work objectives are subdivided into two types: (a) primary: the main objectives for this
work; (b) secondary: objectives met during the process to achieve the main objectives;

1.3.1 Primary Objective

The general objective of this work is to apply bio-inspired meta-heuristics with adaptive me-
chanisms to search for optimal task mapping solutions of real-time applications onto NoC-based
MPSoC using current state-of-the-art analytical methods to evaluate the timing characteristics
for the systems.

1.3.2 Secondary Objectives

The speci ¢ objectives of this work are the following:
(a) Development of a high-performance framework containing the implementation of multiple bio-
inspired meta-heuristics and modules to analyze NoC models as optimization problems;
(b) Use of bio-inspired meta-heuristics from literature;
(c) Development and implementation of bio-inspired meta-heuristics that contain adaptive tech-
niques;
(d) Implementation of single-/multi-objective benchmark optimization problems to quickly evalu-
ate the developed meta-heuristics performances;
(e) Development and implementation of objective functions related to task placement of RTAs
onto MPSoCs;
(e) Perform a comparative study to assess which meta-heuristics are more suitable for the task
mapping problem of RTAs onto MPSoCs.



1.4 Methodology

This work objective uses the following methodological proceedings to meet its objectives:

Research and study about the fundamentals of the themes: (a) MPSoC, (b) NoCs, and (c)
Bio-inspired meta-heuristics.

Implementation of a framework to analyze multiple characteristics of an MPSoC with NoC
based on the mapping of a modeled application onto a modeled system. These characteristics
are. (a) real-time schedulability analysis, (b) resource use, and (c) dissipated energy on
communication architecture.

Implementation and development of objective functions that use modeled NoC based system
characteristics as metrics.

Development and implementation of bio-inspired meta-heuristics that uses adaptation tech-
niques.

Validation of explored methods though the use of experiments using the meta-heuristics in
a range of optimization problems, including benchmarks and problems related to NoCs.

Analysis of experimental results using non-parametric statistical tests that includes hy-
pothesis tests to assess the signi cance of the improvement obtained by the di erent meta-
heuristics used.

1.5 Contributions

This work has the following contributions:
(a) Development of a C++ framework for bio-inspired optimization meta-heuristics with modules
to analytically analyze NoC-based MPSoCs timing characteristics;
(b) Development of a pair of new bio-inspired meta-heuristics based on Di erential Evolution
(DE) that contain adaptation of parameter values as well as adaptation of operations named
Single-Objective Adaptive with Modi ed Selection Di erential Evolution (SOAMSDE) and Multi-
Objective Non-dominated Sorting Adaptive Di erential Evolution (MONSADE);
(c) Development of four adaptive versions of the GA named AGAv1, AGAv2, AGAv3, and AGAv4;
(d) Development of two adaptive versions of the Particle Swarm Optimization (PSO) name APSO,
and APSOv2;
(e) Development of a modi ed version of a hybrid discrete version of PSO that contains a local-
search method specialize for the task mapping problem of RTAs onto MPSoCs named Hybrid
Discrete PSO-Utilization-based (HDPSO-U);
(f) Development of a version of HDPSO-U that contains adaptive mechanisms for parameter con-
trol named Adaptive HDPSO-U (AHDPO-U);
This meta-heuristic was presented in the article An Adaptive Discrete Particle Swarm Optimi-
zation for Mapping Real-Time Applications onto Network-On-Chip based MPSoCs [17];



(g) Development of a single-objective metric to evaluate task mapping that contains both in-
formation of the number of tasks that do not comply with their timing constraints and slack
awareness.

1.6 Manuscript Organization

This work has seven other chapters divided as follows:

Chapter 2 introduces the mathematical framework for problem optimization, including the
reasoning for the modeling of a problem as a single- or multi-objective optimization problem.

Chapter 3 introduces concepts related to SoCs, NoCs, and RTS, including the modeling for
NoC-based MPSoCs and the de nition of task mapping as an optimization problem.

Chapter 4 introduces bio-inspired meta-heuristics, including concepts and taxonomy of bio-
inspired meta-heuristics that contain adaptive techniques to modify their characteristics
mid-execution.

Chapter 5 presents a brief survey of related works in the area of search-based bio-inspired
meta-heuristics and task mapping of RTAs onto MPSoCs.

Chapter 6 presents the C++ software developed in this work, including the design choices
for classes hierarchy, and tutorials for users.

Chapter 7 presents the experimental setup and the results for the multiple optimization
problems present in this work with emphasis for the task mapping optimization of RTAs
onto MPSoC with NoCs using bio-inspired meta-heuristics.

Chapter 8 concludes this work by presenting possible future works that one can continue
from this work.



2 OPTIMIZATION PROBLEMS

This chapter brie y introduces the concepts used
in problem optimization. It also presents a
mathematical framework to assist the intelligibi-
lity of other parts of this work. The chapter is
divided as follows: First, in Section 2.1, it bri-
ey introduces optimization problems, then, in
Section 2.2, it describes, in a high-level abstrac-
tion, the process to model and encodes a real-
world problem as an optimization problem with
single or multi-objectives. In Section 2.3, it des-
cribes examples of optimization problems used in
this work, including combinatorial/discrete and
continuous problems. Lastly, in Section2.4, con-
cludes the chapter and contextualizes it with other
parts of this work.

2.1 Introduction

Optimization problems is a multi-disciplinary eld that is a standard part of all areas of sciences
and engineering and, for this reason, it is a complex and vast eld with a myriad of approaches
to tackle it. This work intends to only brie y describe some mathematical framework of the eld
to assist intelligibility of the work as a whole. In general, optimization problem is a process to
minimize or maximize an objective function by searching for an input solution for said function
inside a domain of possible solutions that results in its optimal result. In this work, the focus of
the optimization problems will be minimization ones. Notice that even maximization problem can
be treated as a minimization one, it can be done simply by multiplying its numeric metric values
by 1

2.2 Problem Modeling and Codi cation

As present in [18], a real-world problemR,, that needs to have some of its characteristics
optimized with optimal or near-optimal parameters, given one or multiple speci ¢ goals, can be
described by a computational modelM . The modelM can have its numerical parameters encoded
as a problemP (M ) that de nes the parameters being manipulated as ann-dimensional vectorx,
namely its decision variable, that ranges inside of a set of possible paramete&called the search
space.

Vector x 2 Sis not limited to a single number type and its components can be real, integer,
binary, complex numbers, or even a combination of these setsR Z B Cg. The selection of
an approach to encode the modeP( ) de nes S and its size, and, therefore, this selection impacts



the complexity of the problem at hand and the capacity or performance of a possible optimization
method to solve the problemR,,. Figure 2.1 illustrates the abstraction of modeling and encoding
of a real-world problem R, into an optimization problem.

M

N

Rw M (Rw)

P(M)

Search Space

Figura 2.1 Representation of the process to de ne a modeM for a real-world problem R, and
then encoding this model as an optimization problemP (M ) with a search spaceS composed of
possible solutionsx 2 S.

The optimization of P(M ) is done with respect to one or multiple objectives by de ning an
objective function f () or a vector of objective functions F (). This objective function is then
used as a numeric metric to de ne the quality of a possible solution and be used for a comparison
between these solutions. In the same fashion that a real-world problem can be modeled in di erent
ways, it possible to select multiple objective functions for a single problem depending on the desired
metric. Similar to the decision variables, an objective function is not restricted to a single number
type. However, in this work, for simplicity, the used objective functions have their images always
de ned as real or integer numbers.

2.2.1 Single-Objective Optimization Problem

A Single-Objective Optimization Problem (SOOP) uses in its encoded modeP (M ) a single
evaluation metric for its solutions de ned as a single-objective functionf de ned as following:

f(x):S! O; (2.1)

where O is the objective space that for this work purposes is a subset dR, i.e., O 2 R.

Some problem models also have regions in its search spa@é¢hat contains unfeasible solutions.
It means that this type of problems have constraints equations that represent whether a possible



solution is feasible. These constraint equations can be divided intan equality constraints h;
(i 2 [1;m]) and p inequality constraints g (j 2 [1; p]).

With the previous concepts in mind, it is possible to provide a general de nition of an opti-
mization problem, a minimization, for a given model M as in Eg. 2.2. In this equation, x is a
solution that satisfy all restrictions and holds the optimal result for f ().

X =argmin f (x)
X

X2S
Subject to : (2.2)
g(x) 0,i2f1:;mg
hi(x)=0,i2f1;::;ng

Figure 2.2 illustrates an example SOOP with a single-objective functiorf that maps the search
spaceS 2 R? to the objective spaceO 2 R.

f

/_\

S2 R? O2R
X2 f

Figura 2.2 lllustration of a SOOP with an objective function mapping the search space to the
objective space.

2.2.2 Multi-Objective Optimization

A Multi-Objective Optimization Problem (MOOP) [19] uses in its encoded model P(M ) mul-
tiple numeric metrics as objectives. Generally, these metrics can not be combined as terms of
a single-objective functionf due to: (a) con icting objectives, when one objective improves the
others deteriorate; (b) di erent order of magnitude, when an objective scale is small while others
are large.



Multi-objective Optimization Problems is de ned as following:
X =argmin F (x)
X

x2S
Subject to ; (2.3)
g(xx) 0,i2f1:;mg
hi(x)=0,i2f1;::;ng
whereF (x) = (f1(x);:::; fo(X)) is a vector composed ob objective functions andx = (X1;:::;Xn)
satisfy all restriction while resulting the optimal solutions for all component f; of F. F maps the
decision variable from their search spacé to the objective spaceO dened asF : S! O. Figure

2.3 illustrates an example of MOOP with a multi-objective function F that maps the search space
S2 R? to the objective spaceO 2 R?.

F
S2 R? 02 R?
X2 f2
A [
o
X1 = fl

Figura 2.3 lllustration of a MOOP with a vector of objective functions mapping the search space
to the objective space.

The de nition of an optimal solution for MOOP is di erent from that of SOOP that consist of
picking the solution with the minimum(maximum) objective value on an ordered objective space,
see Fig. 2.2. Meanwhile, MOOP solutions have to meet di erent objectives that, as previously
mentioned, are generally contradictory. With that in mind, MOOP needs a di erent de nition of
comparison between solutions that treat all objective functions as equally important. The concept
of Pareto optimality and the Pareto dominance criterion covers this necessity, and for this reason,
it is used in this work as a ranking method between solutions in MOOP.

2.2.2.1 Pareto Dominance

A vector u dominates a second vectow, denoted asu v, if and only if u is at least partially
smaller than v. In other words, 8 2f1;::;ng, u; v; *9j 2f 1 ng:u; <vj.

If a vector u does not dominatev, u is considered as non-dominant, meaning that both vectors
are equal in the Pareto dominance criterion denoted as1 6 v.

10



In light of the concept of Pareto dominance, given a pair of solutionsx; and x, for a multi-
objective function F. x1 dominates x, if F(x1) F(X2). It means that F (x;) obtain less or
equal results in all objectives when compared withF (x2) and with at least one of its objectives
smaller than F (x>). If none of these cases are true ther1 6 X».

A concept that originates from the Pareto dominance criterion is the idea of non-dominant
fronts in the objective space. A set of solutionsX forms a front in the search space when its
components are non-dominant solutions between themselves. In other words forms a front
when X = ff xj;x;92 X :x; 6 xj " F(Xj) 6 F(Xj)" F(xj) 6 F(xj)o.

A set of solutions X is considered as Pareto Optimal (PO) when it is a set of non-dominant
solutions.

2.2.2.2 Pareto Optimality

A set of solutions X 2 S for a multi-objective function F is de ned as PO by following the
condition:
X =fx2S62%FxY F®X)a (2.4)

The set of non-dominant solutions in the objective space is called the Pareto Front (PF)P F
and follows:
PF =fu=F(X):x2X @ (2.5)

PF dominate all other fronts in the objective space.

Figure 2.4 illustrates a representation of the objective space with two objective functions
F =(fq;f2),i.e.,, 02 R? The worst solutions have their images in the objective space represented
in red. All other solutions colored in blue and magenta dominate the worst solutions.

The intermediate solutions have images represented in blue, and they are dominated by the
magenta solutions and dominates the red ones. The best solutions are PO, and they have their
images colored in magenta, forming the PF. PO solutions dominated all other solutions represent
in blue and red and by drawing a curve intercepting the images for the PO non-dominant solutions
a representation of the PF. Note that not only the PF can be drawn in this manner. The sets of
worst and intermediate solutions can also have curves connecting the images of solutions that are
not-dominant between themselves. It creates two other fronts, colored in red and blue, respectively,
for the worst and intermediate solutions.

These fronts can be ranked denoting a metric of quality between solutions in a multi-objective
context. For this example, PF has the smallest possible rank equal to one. The front in blue has a
rank greater than one, in this case, two. Lastly, the front formed by the worst solutions has a rank
greater than the rank of the blue front, in this case, three. By applying this ranking convention,
a MOOP can be tackled by searching for the solutions that form fronts with smaller ranks that
are in turn is a part or is as close as possible of PF.

11



Front rank = 3

Front rank = 2

Front rank = 1 fq

Figura 2.4 lllustration of a Pareto Front in the objective space of a MOOP as well as represen-
tation other non-dominated and dominated solutions that composes other fronts.

2.3 Examples of Optimization Problems

This section presents examples of optimization problems that are later in this work used as
benchmark functions.

2.3.1 Combinatorial/Discrete Problems

Combinatorial Optimization Problems (COPs) is a class of optimization problems in which
its search space is composed of a nite number of possible solutions, and each of these soluti-
ons is associated with single or multiple objectives. In this work, COPs are also called discrete
optimization problems.

There are classical algorithms to solve this class of problem optimally, for example, Branch
& Bound [20] and Dynamic Programming [21]. Both techniques are greedy divide-and-conquer
methods that divide the problem into smaller sub-problems and optimize them and then combine
these sub-problems solutions back to form the solution for the problem in hand. Even though these
algorithms are exact, in other words, always resulting in the optimal solution for the optimization
problem in hand. They can not be applied for all COP problems since there are problems in
which their solution components can not be subdivided and evaluated separately. These types of
exact algorithm can not tackle problems with objective functions that can not evaluate individual
components of the solution.

Another reason in which these algorithms can not be applied is that some problems can not
be approached in a reasonable computer time due to their complexity. For example, a problem
with so many components that the processing time for an optimal algorithm is prohibitive. In
these cases, heuristic techniques present themselves as a possibility to tackle these problems while
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being capable of obtaining near-optimal results.

2.3.1.1 N-Queens Placement Problem

The n-queens placement problem [22] is an expansion of the 8-queens placement problem that
aims to placen queen chess pieces ina n chessboard in a con guration in which no two queens
can attack each other. In other words, the search of a con guration where no placec points
inan n n grid has the same row, column, and diagonals. It is a well-known problem that is
commonly used as a benchmark problem in di erent machine learning-based methods, for example,
constructive backtracking algorithms [23] and evolutionary algorithm based meta-heuristics such
as GA [24] and PSO [25].

The search process for a solution for then-queen placement can be represented as an optimi-
zation problem

X = argxmin f attack (X); (2.6)

where each candidate placement solution is encoded asmdimensional integer vectorx and the
goal is to minimize a function f g4ack (X) : S!  Z* that maps the subsetS of n" possibilities, i.e. a
subset of the total % possible placements, and returns a positive integer with the number
of attacking movements for alln queen pieces. If there is no attacking movement, 5iack (X) returns
0 and x is a placement solutions that satis es then-queens placement problem.

Each of the j th component of a solution x represents the placement of a queen piece onto the
j th row of the chessboard, and the positive integer held by this componenk; 2 [1;n] depicts
the column of this placement. In this manner, each queen is placed at the positiofj; x ;) of the
chessboard. Figure 2.5a illustrates the placement of a queen at (4, 4) position on& 8 board
and Fig. 2.5b shows a queen placement with no queen attacking each other.

R N W b~ 01O N
o]

P N W b~ 01O N

q
1 2 3 45 6 7 8

1 2 3 456 7 8

(a) Example of movement of a queen chess piece. (b) Example of a placementx where fagac (x) =0

Figura 2.5 lllustration of queen chess pieces interaction on a8 8 board.

The function f gack Ccalculates the number of attack movements between queen pieces using an
algorithm expressed in pseudo-code form in Algorithm 1. It uses two setdgp and dgs to identify
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attacks on the principal and secondary diagonals, respectively. By using a sorting algorithm, such
as the QuickSort [26] on both sets, and then comparing these sets adjacent elements, it is possible
to identify queen pieces in the same diagonal. The same principle can be used directly onto a
placement vectorx to count the number of pieces sharing the same rows.

Algorithm 1 N-Queens Attack Counter (f aitack )

INPUT: Pieces Placement ) 12: for j =2 to jxj do
OUTPUT: Number of Attacks (attacks) 13: if dgp = dgp ; then

1: procedure N QueensAttacks(x) 14: attacks = attacks + 1
2 attacks =0 15: end if

3 dgp ; 16: if dgg = dgg ; then

4 dgs ; 17: attacks = attacks +1
5: for j =1 to jxj do 18: end if

6: dgp  Xj ] 19: if xj = x; 1then

7 dgs  (jxj+1) Xj ] 20: attacks = attacks +1
8: end for 21 end if

9 QuickSort (dgp) 22: end for

10: QuickSort (dgs) 23: return attacks

11: QuickSort (x) 24: end procedure

2.3.2 Continuous Problems

Continuous Problems are part of a subset of optimization problems with search-space formed
by in nitely many solutions composed of only real numbers. For example, an optimization problem
with solutions composed ofd-dimensional real vectorsx 2 RY.

In science and engineering, the majority of optimization problems is part of this class. Similarly
to COP, there are classical methods that can be applied for this type of problems. For example, if
the objective function is known analytically, di erentiable, and unimodal, the best approach is to
use a gradient descent based method. However, if that is not the case, the gradient descent may
be rendered unusable or with poor performance. Therefore, search-based heuristic methods can
be useful to solve this class of problems as well.

The majority of benchmark functions for heuristics used in numerical optimization competi-
tions (SOOP CEC2017 [27] and MOOP CEC2017 [28]) fall into this category. The benchmark
functions used in this work will be present in the next subsections for both single- and multi-
objective benchmark optimization functions.

2.3.2.1 Mobile Robot Probabilistic Scan Matching in SLAM Applications

In the context of autonomous mobile robots, Simultaneous Localization and Mapping (SLAM)
is a well-known problem de ned as a process to concurrently construct an environmental map
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(mapping ) and estimate the robot position inside this map (localization ), as described by [29].
SLAM problems have a high dependency on methods to correctly associate new observations with
previous known sensor readings. This process of matching old and new data from scan sensors is
known asscan matchingand it is a front-end algorithm used by both the localization and mapping
processes in SLAM.

The main focus of scan matching algorithms is to estimate the pose displacement of a robot
between two consecutive sensor readings.

Probabilistic scan match algorithms can be viewed as an optimization problem to maximize
the posterior distribution p(xjx; 1;u;m;z) given a robot pose in space; at time t. Each one of
these poses are expressed as3alimensional vector (Xi;VYt; ¢) where (X¢;Y;) represents the robot's
position in a 2D map and  represents its heading angleu represents a prior knowledge that can
be an odometer reading or a control input,m is the environmental knowledge as a map, and is a
set of the latest sensor measurements. This optimization problem is represented in Eq. (2.7). By
applying Bayes' rule, this distribution can be divided into two terms: (a) the observation model
p(zjxt; m) representing the likelihood of the robot to make a measuremeng, if its pose and map
is known; and (b) the motion model p(x¢;x¢ 1;u) that is the likelihood for the robot to be in a
speci ¢ pose given its previous pose; 1 and prior knowledgeu;

Xy :arg)r(nax p(Xtjxt 1;u;m;z)/ argxmaxp(zjxt;m) p(XtjXt 1;U) (2.7)

Assuming that a set of point readingsz obtained from a laser scan sensor formg, and each
of these points is uncorrelated to each other, the observation model can be reduced into the form
present in Eg. (2.8).

Y
pzix;M )= p(zjx;;m) (2.8)
22z
Given that the prior probability p(xtjX; 1;u;m;z) is known and a constant value, from now
on represented ap(x), and, since maximizing the posterior is the same as minimizing the negative
of the log-posterior, the optimization can be rewritten as shown in Eqg. (2.9).

X; =argmin log p(x) Y p(zjx¢;m) (2.9)
Xt 72z

Figure 2.6 shows a representation of the search-space and likelihood values for the robot to be
in a range of possible poses in the map relative to its current position. It is possible to visualize
the presence of multiple local optima when varying . This characteristic that makes this problem
di cult to tackle with simple gradient descent method. Not mentioning that, as previously stated,
since the SLAM process is executed continuously, the optimization method is processed every new
sensor reading. In cases with a large number of possible solutions, a brute-force method may take
too much computation time or resources.
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Figura 2.6 2D plots of likelihood values given robot positions in the map with xed heading
angles. In this example setting, the optimal point is found at heading angle = 0:0245

2.3.2.2 Single-Objective Benchmark Functions

The single-objective benchmark tness functions used are listed in Table 2.1 and they include
n-dimensional problems with di erent characteristics such as unimodal, at, and multimodal,
separable, and non-separable. A common characteristic of SOOP benchmark functions used in
this work is that their variable components are homogeneous, i.e., each component boundaries are
the same.

A function is considered to be unimodal when it has a single optimum point with no single
local optimum point in its search-space while multimodal functions have countable or uncountable
many local optima points with only a single optimum point. Figure 2.7 illustrates these characte-
ristics by plotting each SOOP benchmark functions in a 2-dimensional search space. An example
of a unimodal function is the Sphere and an example of a multimodal function is the Rastrigin or
Stepint. The use of multimodal function tests the search-based optimization algorithms capabili-
ties to avoid convergence in local optima points while exploring the search space. Flat functions,
such asStepint, has another characteristic that makes them di cult to solve: their at regions
does not present any gradient information for the algorithms to aim their search towards better
regions.
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A separable functionf : R4 ! R can be expressed as the sum af one variable functions.
Meanwhile, non-separable can not be expressed similarly, since its input vector components have an
interdependence relationship between them. Optimization of non-separable problems is generally
more complicated than separable ones.

Another important note is the multidimensional characteristics of these benchmarks. As the
number of dimensions of a problem increases, so does the volume of solutions inside of the search
space turning the search process for the optimal point more complex. This problem is called the

curse of dimensionality . In this context, an optimization algorithm that obtains excellent
results in a few dimensions setting may deteriorate its optimization performance as the number
of dimensions increase.

Tabela 2.1 Benchmark functions used. Features:U - Unimodal, M - Multimodal, S - Separable,
N - Non-Separable, andF - Flat

Name Range Features Equati%n
Steplnt [ 512512] | U-F-S f(x)=25+ [ e
Step [ 100100] | U-F-S f(x)= " T (bxj +0:50)?
Sphere [ 100 100] u-s f)=_ 7 x?
SumSquares [ 10;10] u-s f(x)S' Jd=;bjxiz
RotatedEllipsoid [ 64 64] u-s ooz o xR
Zakharov [ 510] U-N f(x)=" jd:l Xd2;+(l jd:1 0:5)x )2 +( qul 0:5jx 2)*
Trid [ n2;n?] U-N fx)z L 12 T, xx
Rosenbrock [ 30;30] U-N f()= 00 10001 xP)P+(x 1)
Rastrigin [ 5:12,5:12] M-S f(x)= ' =1 xj2 DlOcos(ij);lo
Schwefel [ 500 500] M-S f(x)=418:982a1 ., x sin( jxj])
Michalewicz 0 ] M -F-S F00= L, sin(xsing ) 2)
Griewank [ 600 600] M -N f(x)= ﬁ 'n ?:1 x? de:1 COS@]T) +1
. (o2 & od 1T csex )y
Ackley [ 32:32] M-N | f(x)= 20e j ev = P +20+ e
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(a) Stepint (b) Step (c) Step zoomed-in[ 5;5]

(d) Sphere (e) SumSquares (f) Rotated Ellipsoid
(g) Zakharov (h) Trid (i) Rosenbrok
() Rastrigin (k) Schwefel () Michalewicz

Gri k d-i
(m) Griewank En)lo 1O]r|ewan zoomea-n (o) Ackley

Figura 2.7 Plot of the used single-objective benchmark functions in a2-dimensional search space.
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2.3.2.3 Multi-Objective Benchmark Functions

The multi-objective functions used are listed in Table 2.2 and they include problems with
d-dimensional search spaces with homogeneous similarly to SOOP benchmark problems. Other
shared characteristics between these two types of benchmark problems concern their search space.
The multi-objective benchmark functions used are also unimodal, multimodal, separable, and
non-separable.

Apart from their search space characteristics, these MOOP also have characteristics related to
their PF formed by their PO solutions. In this work, these characteristics will be presented based
on the geometry formed by PF. All MOOP benchmark functions will be presented with two or
three objectives to facilitate the visualization of the geometry. However, some of these problems
can be used with an objective space withm-dimensions.

The used MOOP benchmark problems have the following geometric characteristics in their
PF: (a) linear: the PF forms a hyper-plane in the objective space; (b) concave: the PF forms a
concave curve in the objective space; (c) convex: the PF forms a convex curve in the objective
space; (d) mixed concave and convex: the PF forms a mixture of concave and convex regions; (e)
disconnected: the PF is composed of disconnected regions.

At last, MOOP benchmark functions also su er from the curse of dimensionality in many
cases, even more than SOOP benchmark functions. Since solutions in large dimensions are mapped
onto multidemensional images.

Figure 2.8 illustrates the geometry for the PF of the benchmark MOOP.

2.4 Conclusions of the Chapter

This chapter brie y introduces the mathematical framework used in optimization problems,
as well as the process to model and encode a real-world problem as an optimization problem. The
terminology presented in this chapter is essential to understand other aspects of this work, for
example, the modeling of an RTNoC task mapping process as an optimization problem in Chapter
3 and the use of search-based meta-heuristics to solve optimization problems in Chapter 4.

This chapter also contextualizes the optimization problems in science and engineering ap-
plication, including presenting examples and benchmark problems to evaluate meta-heuristics
algorithms that will be revisited and used in the experiments in Chapter 7.
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(a) DTLZ1 (b) DTLZ2 (c) DTLZ7

(d) Kursawe (e) ZDT1 (f) zDT2

(g) ZDT3

Figura 2.8 Plot of the used multi-objective benchmark functions pareto frontiers.
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Tabela 2.2 MOOP Benchmark functions used. Search Space FeaturesSS): U - Unimodal, M -
Multimodal, S - Separable,N - Non-Separable, andF - Flat. Objective Space Features ©S): L

- Linear, Ce - Concave,Cx - Convex, Mx - Mixed Concave/Convex, and D - Disconnected.

Name Range SS (O] Equation
g(x)=100((d 2)+ L _(xi 05?2 cos(20 (x; 0:5))
f1(x) =0:5x1x2(1 + g(x))
DTLZ1 [0; 1] M -N L fo(x)=0:5x1(1  x2)(A+ g(x))
fa(x)=0:5(1 x1)(1+ g(x))
F(x) = ff3(x);f2(x);fs(X)g
g0) = L, 05y
f1(x) = cos(3X1) cos(zx2)(1 + g(x))
DTLZ2 [0; 1] M -N Ce f2(x) = cos(zX1)sin(5x2)(1 + g(x))
f3(x) =sin( 3x1)(1 + g(x))
F(x) = ff1(x);f2(x);fa(x)g
g(x) =1+ %l id=mXi
h(x) = 3 T sy (L +sin@ x )
DTLZ7 | [0;1] | M-N | Cx f1(x) = x1
fa(x) = x2
fa(x) =(1+ g(x))h(x)
F(x) = ffi(x),f2(x);f3(x)g
f1(x) = lOexp(OZ)r idzll ) (x2 + fol) )
Kursawe | [ 5;5] | U-S | Mx -D fo(x) = in:1 injO:B +5sin(x?)
F(x)= ffi(x)f2(x)g
gx)=1+ % Lo
ZDT1 | [ 55] | UN | Cx f)=xg
fa(x) = g(x)(1 367)
F(x)= ffi(x)f2(x)g
gx)=1+ %' id:mxi
ZDT2 | [ 55] | U-N | Ce lbg=x
fa(x)=9(x) 1 g5
F(x)= ffi(x)f2(x)g
gx)=1+ g% Lo
) ) ) fi(x)= x1
ZDT3 [0; 1] M-N | Cx-D f2(x) = g(x)
F(x) = ffi(x);f2(x)g
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3 REAL-TIME NETWORK-ON-A-CHIP BASED
MPSOC

This chapter introduces SoCs, NoCs, and RTSs.
Information present here contextualizes the task
mapping of an RTA onto an MPSoC as an op-
timization problem. Section 3.1 presents SoCs.
Section 3.2 presents communication architectures
used in SoCs. Section 3.3 introduces NoCs and
their components and possible design choices to
then, Section 3.4 to de ne RTNoC as a special set
of NoCs used in this work. Section 3.7 presents
RTSs. Section 3.6 presents the framework used
to model multiprocessor RTS, including concepts
about scheduling algorithms. Section 3.7 models
an RTNoC as a particular case of multiprocessor
RTS and presents analytical methods to evaluate
such a system. Section 3.8 presents the task map-
ping as an optimization problem. Finally, Sec-
tion 3.9 concludes the chapter and contextualize
it with other parts of the work.

3.1 System-on-a-Chip (SoC)
The following classes can categorize SoCs, depending on their application:

General-purpose on-chip multiprocessorsthey are high-performance chips designed to sup-
port general-purpose software applications. Example, modern CPUs with multiple proces-
sors inside of the same silicon die generally fall into this category.

Application-speci ¢ SoCs: they are dedicated chips for a single very speci c application with
specialized architectures and components. They generally are programmable, but all details
of their software applications are knowna priori.

SoC platforms : they are application-speci ¢ chips for a family of applications in a parti-
cular domain. Their design is versatile to attend multiple applications and could be used in
di erent families of embedded devices and end up in a large volume of products.

This work is intended to be used in the latter class of SoCs, more speci cally, in Multi-/Many-
Processors SoC platforms.
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3.1.1 Multi-/Many- Processors System-on-a-Chip (MPSoC)

Multi-/Many-Processors System-on-a-Chip (MPSoC) [30] [31] is a type of SoC that is composed
of tens or even hundreds of processor cores inside of a single chip. Systems of this type are ideal for
high-processor computing applications, being capable of tackling considerable complex scienti c
and engineering problems using massive parallelism approaches. However, in the past decade,
MPSoC has been introduced into embedded applications by companies due to the increase of
transistor count in ICs and the rise of processing demanding applications for embedded platforms
such as, for example, image and video processing in security devices, addressed to automotive
and aviation critical applications, robotics, etc. This trending of high demanding applications
in embedded devices seems to be in the market to stay and keep increasing the importance of
MPSoCs. An example of application in which MPSoCs are essential for the near future is in the
eld of autonomous vehicles and driver assistance systems [32].

3.2 Communication Architectures

The on-chip communication architecture is the subsystem responsible for connecting all com-
ponents inside of the chip [10] [33]. As the number of on-chip Processing Element (PE) increases,
the importance of communication architecture grows along. Because in an SoC platform with do-
zens of components, such as MPSoCs, the complexity of the on-chip communication architecture
causes the increase of delays and power consumption.

Modern SoCs has in its disposal two main paradigms to deal with the design of their commu-
nication architectures: (a) buses and (b) network-on-a-chip.

3.2.1 Buses

A bus is an on-chip communication that consists of a shared channel in which components
inside of the SoC exchange their data. There are two main types for Buses:

Single Shared Bus it is the most straightforward approach, where a single bus channel
connects all components. Only one component (a master) may transmit data in a given
time, while all the other receives its data (slaves).

Hierarchical Bus: it has multiple shared buses connected hierarchically through bridges. This
approach permits the increase of bandwidth of the connection between high-performance
components that constantly transmit data between them and use smaller buses to connect
peripheral components.

The advantages of bus-based on SoCs are: (a) their simplicity, (b) substantial standardization
inside of the industry, and (c) the intrinsic broadcast nature for the data messages transmission.

While the main disadvantage is that since all components share the same communication
channel , the global arbitration system grows more complex and requiring more power with longer
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on-chip wires as the number of components increases inside of the SoC. It makes its communication
bandwidth not scale together with the number of components of the system because there is a
single channel where only one component may transmit data in a given time. Figure 3.1 illustrates
a system that uses the ARM Advanced Microcontroller Bus Architecture (AMBA). AMBA is an
example of hierarchical bus communication architecture widely used in the industry.

Figura 3.1 lllustration of an AMBA communication architecture extracted from [3], where AHB
stands for Advanced High-performance Bus for fast components, and APB stands for Advanced
Peripheral Bus for peripheral and low-power components.

3.2.2 Network-on-a-Chip

Network-on-a-Chip (NoC) [8] [11] is an on-chip communication paradigm inspired by compu-
ting networks where the internal SoC components connect each other using routers, which are in
turn connected in a myriad of topological approaches. Since routers connect all components, the
arbitration decisions are distributed inside of the NoC, allowing for parallelism between the com-
munication components and increasing the scalability of the system as the number of components
increase [34]. Section 3.3 will further provide concepts and information related to NoCs.

3.3 Network-on-a-Chip (NoC)

3.3.1 Components

An NoC communication architecture is structured as a series of interconnected tiles with each
tile containing a group of the following components: (a) links, (b) PEs, (c) Network Interfaces
(NIs), and (d) routers.

Figure 3.2 illustrates an example of a simple NoC with tiles in green containing unidirectional
links as black arrows, routers as blue rectangles, PEs as yellow squares, and Nlis attached to PEs
connecting routers as red rectangles.
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Figura 3.2 Representation of a mesh-grid2 2 NoC.

3.3.1.1 Links

Links are the physical wire connection between routers. It is possible to classify links properties
under two lenses: (a) low-level abstraction parameters such as the type of repeaters used to
amplify the signal, as well as (b) high-level abstraction such as the width of bits for the links when
transmitting data.

3.3.1.2 Processing Elements (PE)

Processing Elements (PEs) are the intellectual property components that are modules of the
system. Depending on the system, these elements can be processor cores, digital signal processors,
graphical processor units, and application-speci ¢ modules. For the NoC, PEs are components
that produce and consume messages regardless of the NoC design. Since an SoC based on an NoC
is modularized, a PE implementation is independent of the communication architecture increasing
the re-usability of PEs designs inside of di erent NoCs.

In MPSoC, PEs connected to the network is in its majority processor cores. In this work, a PE
is a processor core connected to a local memory that sends and receives data from other processor
cores that has the same properties. In other words, dierent PEs hold the same processing
capabilities and local memory sizes.

3.3.1.3 Network-Interface (NI)

Network Interfaces (NIs) are the components responsible for wrapping the data transmitted
independently of the type of PE used in a format suitable for NoC design choices, in terms of
communication protocols. One of the main attributions of a NI is to provide a layer of hardware
abstraction that separates the communication and processing aspects of the system. The goal for
NI use is that for a PE inside of an SoC, the NoC as a communication architecture is invisible.
NIs are responsible, for example, to packetize and un-packetize data, depending on the switching
policy used and implement end-to-end error correction of the messages.
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3.3.1.4 Routers

Routers are the components responsible for controlling the ux of data transiting inside of the
NoC. Routers implement communication protocols, such as the arbitration policy when messages
compete for shared resourceslifiks), routing strategies to decide the path in which a message
should transverse through the network, and switching strategy.

Figure 3.3 shows a representation of a router architecture for an NoC that have: (a) a packet
switching strategy such as the wormhole switching, (b) virtual channels in the bu ers of input
links, and (c) credit-based ow control.

Figura 3.3 lllustration of an example of a router architecture for a packet switching NoC with
virtual channels. (Image extracted from [4]).

3.3.2 Connection Topology

Its the topological organization in which the tiles are connected and organized inside of the
NoC. There are two classes of NoC topologies: (a) direct and (b) indirect networks. Indirect
networks each router is connected to a PE and then connected directly to other neighboring
routers. The advantage of this type topology is that, when implemented in a regular fashion,
such as a mesh-grid or a torus, it is capable of scalability of the system bandwidth because as the
number of PE grows the number of communication architecture components grows as wellndirect
networks have routers that do not have a single PE connected to it. Instead, it may connect a
set of PEs. Compared to direct networks, this type of topology sacri ces their scalability and
performance so as reducing the area used by on-chip communication components.

Figure 3.4 displays examples of NoC with components organized in di erent topologies where
routers are gray squares, and white squares represent PEs. Figure 3.4a shows a direct network
mesh-grid topology, Fig. 3.4c displays a direct network using a torus topology, Fig. 3.4b shows
a direct network with ring topology, and, last, Fig. 3.4d shows an indirect network with fat-tree

topology.
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(a) Mesh-grid topology (c) Torus topology
(b) Ring topology

(d) Fat-tree topology

Figura 3.4 lllustration of multiple NoC topological organizations, where gray squares represent
routers and white squares represent PEs. These images where adapted from [1].

This work focus on NoCs with 2D mesh-grid topology [35], as shown in Fig. 3.4a, due to the
following characteristics present in this type of topology: (a) it is a direct and regular network that
scales with the number of PEs connected in the NoC; (b) It has short links with the same length
that provide similar communication latencies for any link in the network resulting in predictability
for the system.

3.3.3 Routing Algorithm

The routing algorithm decides the route composed by links and routers in which a message
travels inside of the network from a source PE to a destination one. Routers are the NoC compo-
nents responsible for the implementation of the routing algorithm. There are two types of routing
algorithms: (a) deterministic and (b) adaptive.

3.3.3.1 Deterministic Routing

In deterministic routing algorithms, any message with the same source and destination PEs
always uses the same route for their transmission. The advantages of deterministic algorithms
are their predictability, that makes it ideal for real-time systems, and simplicity, that reduces the
logic necessary and the router size, and, nally, the guarantee of ordering of delivery for data in
a message.
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3.3.3.2 Adaptive Routing

In adaptive routing algorithms, the router uses information about the network conditions to
adapt the path in which messages use to tra c inside of the NoC in a way that any two messages
sharing the same source and destination PE may have di erent routes. Adaptive algorithms are
capable of distributing the use of NoC components better. However, the problems with this
approach for routing is their greater complexity causing large routers and lesser predictability
than its deterministic counterpart.

Figure 3.5 presents the transmission of a message being transmitted between PEs A and B in a
mesh-grid topology under two routing algorithms. Fig. 3.5a shows a deterministic XY-routing in
which a message is rst transmitted horizontally and then vertically. Meanwhile, Fig. 3.5b shows
an example of an adaptive routing algorithm in which a message can be re-routed due to possible
problems, for example, faulty components in a route or overuse of some links in the network.

(a) Deterministic XY-algorithm (b) Adaptive routing algorithm

Figura 3.5 lllustration of a message transmission using two types of routing algorithm.

3.3.4 Switching Strategies

The switching strategy [1] de nes how data is transmitted inside of the network by determining
the granularity of data transmission and resource sharing. Switching strategies can be sub-divided
into two types: (a) circuit and (b) packet switching.

In circuit switching, a route composed of links and routers have all of these components allo-
cated to transmit a single message per time. Once that message has nished being transmitted,
that route, and their links and routers, is de-allocated, and then another message can allocate that
path or a link or router that before formed the de-allocated path. The advantage of this type of
switching strategy is that it guarantees low latency communication by preventing other messages
to use the same resources. Nonetheless, circuit switching strategies do not scale with the number
of PE because there is a signi cant addition of time necessary to allocate a route as the number
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of messages contention inside of the system grows.

In packet switchingstrategies, messages are packetized by a NI and divided into smaller trans-
mission elements calledits , named as ow control units. These its are then transmitted through
the NoC, and, once the message has all its data arrived into its destination, it is de-packetized by
the destination's NI. Another characteristic of this type of switching strategy is that a message
is transmitted through the reservation of individual links to transmit a single it as the message
advances.

For this reason, multiple messages can be transmitted at the same time, even when they have
routes that share links. Contention resolution is only necessary when two or more messages try to
reserve the same link. In this case, a message waits for links contention to be resolved when other
messages that are blocking it nish their transmissions. During this waiting period, this message
is held in bu ers present in the routers in the path de ned by the routing algorithm. The size of a
it is typically the width in bits for the links, i.e., the number of bits transmitted per clock cycle.
Figure 3.6 illustrates the division of a data message into packets then its. For simplicity, in
this work, a message is considered to be formed by a single packet.

Figura 3.6 lllustration of the typical packetization of a data message inside of a NoC (adapted
from [1]).

There are three main types of packet switching strategies: (a) store-and-forward, (b) virtual
cut through, and (c) wormhole.

3.3.4.1 Store-and-Forward Switching

In Store-and-Forward switching strategy, a message has itdts transmitted from a router to
another only if the receiving router has enough bu er space to store the entire message. Beyond
that, a router only forwards a message when it has received all of its its. For this reason, bu er
sizes inside of routers in NoCs that implement store-and-forward switching has to be at least of
the size of a message packet. Therefore, this packet switching strategy needs routers with large
bu er sizes.

3.3.4.2 Virtual-Cut-Through Switching

Routers that implement virtual-cut-through switching strategies have less latency when trans-
ferring data than routers with store-and-forward. It is possible since a router can transmit its
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from a message as soon as it has received it. However, virtual-cut-through switching strategy also
requires that receiver routers have to have enough space to store the whole message. Otherwise,
no it is transmitted. This characteristic causes large bu er requirements.

3.3.4.3 Wormhole Switching

Wormhole switching strategy reduces the bu er requirement since a router can transmit a it
as soon as it has received the it even though the receiver router can only store a single it for
that message. For this reason, a message can have its its bu ered by multiple routers since they
are transmitted in a pipeline fashion.

Wormhole switching causes higher congestion than store-and-forward and virtual-cut-through
strategies that results in blocking of links such asdeadlocks and livelocks . A deadlock happens
when a message is interrupted and never reaches its destination due to a cyclic dependency, which
causes the message to be blocked for an inde nite amount of time waiting for an event that may
never happen. Similarly, livelock happens when a message may never reach its destination but
not for being blocked but instead for being transmitted around the same group of routers. This
type of blockage scenarios can be avoided using routing algorithms that do not allow cycles such
as, for example, the XY-algorithm.

Figure 3.7 shows examples representing bu ers being used across di erent routers when trans-
mitting a message formed by a set of its. In these representations, each bu er router is composed
of four it slots, and each message is formed of four its represented as purple squares. Each line
represents a stage of the message being transmitted. In the rst line, the message is stored in
the rst router highlighted in red. Black arrows represent a it transmission between two router
bu ers.

Figure 3.7a shows the transmission under store-and-forward switching, and in this case, a
message is only transmitted when the next bu er has enough space for the message and the
current router has the whole message stored. Figure 3.7b shows the transmission of a message
using virtual-cut-through switching, and in this case, the message is only transmitted when the
next bu er has enough space for the whole message. It is possible to see that the message cannot
be sent to the last router because its bu er does not have space for the whole message. Lastly,
Fig 3.7c shows the transmission of a message using a wormhole switching strategy where the
transmission of its is done regardless if the next bu er has enough space for the whole message.
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(a) Store-and-Forward Switching (b) Virtual-Cut-Through Switching

(c) Wormhole Switching

Figura 3.7 lllustration of a message transmission between routers bu ers with di erent packet
switching strategies.

3.3.5 Arbitration Policies

A router implements an arbitration policy to solve contention when multiple messages try to
use the same link at the same time, by deciding which message is sent and which has to wait to
be transmitted. In a router architecture such as the one present in Fig.3.3, an arbitration logic
decides which input link is connected to an output link by the central crossover. Two examples
of arbitration policies are the round-robin and priority-based arbitration policy.

3.3.5.1 Round-Robin Arbitration

The round-robin arbitration, in a contentious scenario, selects in a rotation fashion which
message bu ered in di erent input links should be transmitted. This arbitration gives equal op-
portunities for di erent messages mitigating starvation problems. However, it has no predictability
of which message should be sent.

3.3.5.2 Priority-based Arbitration

In a router that uses a priority-based arbitration, messages have information about their
level of importance (priority) and, in a case of contention, the input link storing a message with
higher priority is selected over a link that is storing a lower priority message. Priority preemptive
arbitration is suitable for NoC-based SoCs used in real-time applications due to its predictability
when solving contentious scenarios.
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3.3.6 Virtual Channels

In this work, the chosen ow control is the use of Virtual Channels (VCs) [5] [8]. Each input
link bu er is sub-divided in di erent communication channels, and for this reason, it is capable of
storing its from multiple messages. By using VCs, when there is a contention, blocked messages
are capable of keeping being transmitted.

The analogy used by Dally [5] is to compare each link buer as a road and VCs are the
equivalents of using lanes. A link without a VC is the equivalent of a single lane road, and, in
this case, if a message is blocked, all following messages are blocked. The same link with VCs is
analogous to multiple lanes in the road. If a message is blocked, other messages that are using
other "lanes"are capable of keeping moving.

The advantages of using VCs are: (a) it increases the throughput of data in the network by
mitigating link idle time; (b) it reduces deadlock scenarios; (c) it allows message preemption by
blocking its transmission and holding it in its virtual channel;

Figure 3.8 illustrates example cases of blockages due to contention between two messages using
input links without and with VCs, respectively. In these examples, NoCs have priority-based
arbitration policy, with message A having a higher priority-level than messageB . In Fig. 3.8a,
messageA is blocked down its route in router 4. Since messagB uses links busy with message
A, messageB will only continue its transmission when messageA nishes its transmission. In
Fig. 3.8b, the same messagA is blocked. However, since the input links have VCs, messad® is
capable of keep being transmitted during the interval in which messagé\ is blocked.

(&) Transmission of messages A and B in scenario
without VCs.

(b) Transmission of messages A and B in scenario with
VCs.

Figura 3.8 lllustration of messages with scenarios with and without VCs (adapted from [5]).
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3.4 Real-Time Network-on-a-Chip

Real-Time Networks-on-a-Chip (RTNoC) [4] are NoC-based SoC designs that o er architec-
tural support to guarantee Quality-of-Service (QoS) for message transmissions. QoS is essential
for messages to comply with time constraints imposed by real-time embedded devices application.
In other words, an RTNoC is an SoC-based real-time system that has an NoC as its on-chip
communication architecture.

This work focus is over the use of an RTNoC-based MPSoC platform in a real-time setting. The
goal is for this platform to be capable of meeting all of the time constraints imposed by possible
real-time application considering both their tasks processing as well as the messages transmitted
by these tasks.

An RTNoC considered in this work has the following characteristics, unless stated otherwise:
(a) it uses wormhole switching strategy; (b) it uses a 2D mesh-grid topology; (c) it uses an XY-
routing algorithm that is deterministic and predictable; (c) it uses priority-based arbitration; (d)
it uses virtual channels [5] that together with priority-based arbitration allows preemption of a
message transmission. An example of an NoC architecture design that ts these characteristics in
its design is present in [36].

3.5 Real-Time Systems

A Real-Time System (RTS) [6] [37] [38] is a computing system in which its correctness depends
upon both its operations returning logically correct results as well as them ful lling their time
restrictions. These time restrictions, namely deadlines, are generally inherited from the dynamic
of the desired application of an RTS. For example, in automotive applications, possible PEs have
short time restrictions to process periodic routines related to engine management and the time
constraints of these routines are directly dependent on the mechanical system. In this example,
if a routine result is logically wrong, it may have catastrophic results permanently damaging the
vehicle mechanically or even threatening the life of its occupants. The same outcome may happen
if a routine result does not comply with its timing restrictions.

RTS can be classi ed based on the consequences when tasks missing deadlines and their results
usability after the deadline miss. These three groups are the following:

Hard RTS : Itis composed of RTSs where a task missing its deadline produces catastrophic
failure. For this reason, no task nishing to execute after its deadline is allowed. An example
is the critical system detection in industrial applications. For instance, if a pressure sensor
malfunction in a boiler in a factory, the lives of people working in this factory may be in
danger.

Firm RTS : It is composed of RTSs where a task missing its deadline renders its result
useless, but it is not damaging for the system as a whole. For this reason, few tasks rarely
missing their deadlines are allowed. An example is the industrial automatic quality control
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of production line on a conveyor belt. If there is a deadline miss, a possible failed product has
passed to the next production stage, and the processing results are useless. The consequence
of a deadline miss is a failure of the quality control system. However, the system can keep
running.

Soft RTS : It is composed of RTSs where a task missing its deadline deteriorates the system
performance, but its result is still useful for the system. For this reason, frequent tasks
missing their deadlines are allowed. An example is a system-user interaction applications
such as graphical user interfaces. If there is a deadline miss, the user perceives the quality
degradation but waits for the process to nish.

Figure 3.9 has an illustration of the degradation of the usefulness of the results of an operation
in di erent types of systems as the lateness of the results increases. In this gure, the time unit
used is the task deadline D). The concepts of tasks and deadlines are further explored in Section
3.6.1

Figura 3.9 lllustration of the the degradation of a task result usefulness with time after its
deadline has passed.

Due to their critical applications, an RTS needs to support the following features:

Timeliness: An RTS results have to be correct in value as well as in delivery time.

E ciency: An RTS is normally part of an embedded system, and, for this reason, there
are other constraints in terms of power consumption, memory, and computational resources.
In these systems, the e cient usage of the available resources is essential for its correct
application.

Robustness: An RTS needs to be functional even under overloaded conditions. In this
manner, its design predicts and cover even the worst usage scenario to ensure maximum
robustness.

Fault Tolerance: An RTS should be tolerant of possible software or hardware failures and
should handle these possibilities in a way to prevent the system from being in a complete
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halt.

Maintainability: An RTS must be quick to repair and maintain to ensure that it is always
online and working. Generally, RTSs achieves this feature by having a modular architec-
ture in which a possible repair or substitution of a component of the system can be done
independently of other components.

Predictability: An RTS needs to be predictable in order to verify whether it is capable
of meeting its timing constraints under any scenario. If not, the RTS has to be capable to
notify its failure to be then handled by other modules/parts of the system.

3.6 Multiprocessor Real-Time System Modeling and Scheduling
Algorithms

In this section, the author presents a brief introduction of the process to model a real-time
application as a set of tasks for a general multiprocessors real-time system. It also includes
concepts, de nitions, and examples of scheduling algorithms. These topics are essential to aid the
reader to understand the modeling process of an RTNoC-based MPSoC as an RTS as well as the
theory involved for the analytic scheduling algorithm present in Section 3.7.

3.6.1 Real-Time Application Modeling

A Real-Time Application (RTA) can be de ned as a set of n concurrent system tasks repre-
sented as = f 1;::; n0. In [6], a task is de ned as follows: Task is a computation in which
the operations are executed by the processor one at a time. A task may consist of a sequence of
identical jobs, also called instances. The wordorocessis often used as a synonym .

In this work, a given task  from an RTA follows the same de nition by being considered as
an abstraction of a set of programming instructions that can be dispatched to be executed by a
processor core. Another important de nition is that of a job. A job is a single instance of a task,
i.e., a task emits a job to be executed by a processor.

In RTS, a task model can be divided into two types: (a) aperiodic tasks that emit jobs only
once or in irregular intervals; and (b) periodic tasks that emit jobs on regular well-de ned intervals.
In this work, all tasks are periodic , and the following timing characteristics can de ne eachith
task ; of an RTA

Cost : Represents the Worst-Case Execution Time (WCET) of a task, The maximum time
for a processor core to execute a job emitted from task;. It is represented asC;.

Period : Represents the inter-arrival period between emitted jobs of a task ;. It is repre-
sented asT;.

Deadline : Represents the relative deadline or the bound of the time interval in which a job
has to nish to process given its arrival time. It is represented asD;.
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Jitter : Represents the possible di erence between the expected arrival time and the real
starting time of a task.

Priority : Represents the priority level of the task that corresponds to its criticality. It is
represented asP;. In this work, the convention used is the smaller the value of P;,
the greater the priority level of a task.

Arrival Time : Represents the activation time in which a task arrives into the processing
queue to be executed. It is represented as;.

Finishing Time : Represents the time in which a job emitted by the task ; is completed
to be executed by a processor core. It is represented &s.

Response Time : Represents the total time interval between the arrival of a task into
the processor queue until its completion, including the WCET and possible interruptions
su ered by tasks with larger priorities. It is represented asR; = ¢ a;. During the worst-
case scenarioR; represents the Worst-Case Response Time (WCRT).

Lateness: Represents the time interval of the dierence between the deadline and the
nishing time of the task. It describes how late a task has nished executing. Itis represented
asli = R; D;.

Slack Time : Also known as laxation, it represents the time interval of the di erence between
the nishing time of the task and its deadline. It describes the remaining time that a task
has to nish to process and still respect its deadline. It is represented as; = D; R;.

Notice that in this work, the worst-case scenario represents thecritical instant  in time in
which all tasks emit jobs that concurrently compete for the RTS resources. From a designer
point-of-view, this moment represents the case in which the system su ers the most degradation
of their quality, and if it is capable of performing well under the worst-case scenario, it is capable
of achieving even better results under other scenarios.

Depending on the platform on use, processing cores may allow interruption of an executing task
returning them to the queue of processing tasks. This process is callggleemption. Preemption
is an essential feature for RTS since it allows critical tasks to be processed before less important
ones.

Figure 3.10 illustrates the execution process of multiple tasks in a processor core with available
mechanisms for preemption including the steps for (a) activation of a task, (b) scheduling repre-
senting decision of the order of tasks to be processed, (c¢) dispatching a task to be processed, (d)
preemption of a task from execution back to the queue, and (e) termination of a task execution.

Figure 3.11 displays an example of the processing timeline for three tasks processed by a single
processor. In this example, arupward arrow represents the arrival time of a task, and adownward
arrow represents a task deadline. The time interval that a task is executed is colored in gray. The
time interval that a task su ers preemption due to higher priority tasks interruption is represented
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Figura 3.10 Representation of a processing queue in a processing core that enable preemption.
Source [6].
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Figura 3.11 lllustration of a timeline for instances of three tasks in a processing core.

as a cross-hatching pattern. Lastly, if a task does not comply with its deadline, the lateness is
colored in red.

In this example, three tasks 1, », and 3 are activated an arrives into the processor scheduling
queue. These tasks indices dictate their priority levels, in this way,P; < P, < P3, so 1 is the
most critical task, and 3 is the least critical one. Since 1 has greater priority, 1 preempts task

2 and 3 interrupting them during its execution. As soon as i nishes to be executed, ; starts
its execution. Finally, when » ends its execution, task 3 starts to be processed, and, due to its
interruption by 1 and », its execution nishes after its deadline (represented as an downward
arrow). The period in which 3 is processing while late is represented in red.

3.6.2 Scheduling Problems and Algorithms

As present in the surveys [37] and [39], real-time scheduling problems can be divided into two
main types: (a) Allocation : The de nition for each processor in the system of a subset of tasks
in the RTA that it should execute; (b) Priority Assignment : The process to assign priority
levels for the tasks of an RTA.

A scheduling algorithm is a method to solve scheduling problems, and they can be subdivided
into the following classes:

Preemptive : For systems that allow tasks to be interrupted during their execution.

Non-Preemptive : For systems that once a task starts, it has to execute until the end.
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Static : For systems where the scheduling decisions are made with static parameters that
do not change during its use.

Dynamic : For systems where the scheduling decisions are made with information that
changes during its use.

Oine : For systems where the scheduling decisions are made and saved before the system
go online.

Online : For systems where the scheduling decisions are made during the system run-time.

No-Migration : For systems where tasks are only executed by the processor assigned to
them. Also known aspartitioned scheduling algorithms.

Migration : For a system that allows a task to have their jobs to be executed by di erent
processors than the one assigned for it. Another possibility is job migration, for systems
that allow a job to start its execution in a processor and then migrate to another one. Both
Migration classes are also known aglobal .

Fixed-Priority : For systems that do not allow for jobs to have a di erent priority than
their tasks.

Dynamic-Priority . For systems that allow for jobs to have a di erent priority than their
source tasks.

Other important de nitions related to scheduling algorithms are whether they or their results
are: (a) feasible, (b) schedulable , (c) sucient , (d) necessary, and (e) optimal .

An RTA is deemed feasible for an RTS if there is a scheduling algorithm that can schedule
all possible sequences of jobs emitted by its tasks are processed without violating their deadlines.
Namely, all tasks response times are bounded by their deadlines. Other possible restrictions that
increase the di culty of the existence of feasible solutions are: (a) tasks with a speci c order of
precedence; and (b) resource constraints such as the use of memory and I/O components;

An RTA is deemed schedulablegiven a scheduling algorithm result if all of its composing
tasks respect their deadlines under their WCRTs. A schedulability analysis test is used to check
if an RTA is schedulable. This test is de ned as the process to check whether a solution for a
scheduling has all its tasks attending their respective deadlines with a simple true/false answer. A
schedulability test is deemedsu cient  for a schedulability algorithm being applied on an RTS,
if all RTAs are deemed schedulable using a su cient test, they are de-facto schedulable. In the
same fashion, a test is deemediecessary, if all RTA that is deemed unschedulable are indeed
unschedulable. A schedulability test that is both su cient and necessary is exact .

Lastly, a schedulability algorithm is deemedoptimal , if it can schedule all RTA for a particular
model of tasks that are feasible on RTS.

In this work, the focus is overpreemptive, static, o ine, partitioned with xed-priority
scheduling algorithms . The advantages and disadvantages of such methods are:
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1. Static and O ine

Advantage : It allows the use of complex and computing intensive approaches to solve
the scheduling problem.

Disadvantage : It lacks exibility for possible changes in the system after the schedu-
ling decisions are made.

2. Preemptive

Advantage : As previously mentioned, It allows the use of an essential feature for RTS.

Disadvantage : It increases system complexity.
3. Partitioned

Advantage : It allows the use of real-time scheduling algorithms for single-processor
systems after an allocation process has been done. It also permits the use of local
processing queue per processor instead of a large global one for the whole system that
needs a more complex logic to control and manage all RTA tasks.

Disadvantage : Task allocation problem for partitioned approaches is similar to the
bin packing problem that is a well-known NP-hard problem [13].

3.6.3 Priority Assignment

As previously mentioned, the priority assignment problem is the process to de ne priority
levels for the tasks of an RTA. Since in this work, the tasks used are periodic, and the scheduling
algorithms used have xed-priority, it is crucial to present the well-established priority assignment
algorithm called Rate Monotonic Scheduling

3.6.3.1 Rate Monotonic Priority Assignment Policy

Rate Monotonic (RM) priority policy algorithm assign priority levels for the tasks in an RTA
given their inter-arrival periods. Tasks with higher activation rates, i.e., shorter periods, are
treated as more critical than those with lower activation rates. For example, three tasks 1, »,
and 3 with their respective periods following T; < T, < T 3. Under RM scheduling their assigned
priorities would be P; < P, < Pg3. It is worth to highlight that, in this work, the lower the
priority-level numeric value, the more critical is the task. So a taskj with P; = 1 is the most
critical task in the application.

The seminal work of Liu and Layland [40] proofs that RM scheduling is the optimal priority
assignment policy in the context of a single processor running an RTA, with periodic tasks with
periods smaller or equal than their deadlines. This proof is revisited in [41]. Note that since this
work focus on partitioned scheduling algorithm, it is possible to use RM priority assignment to
de ne the priority levels for the tasks, because after the allocation of tasks into processor cores
for individual tasks the system can be reduced as a single processor.
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Figure 3.12 presents a simple example illustrating a processor timeline for three tasks, »,
and 3 during the worst-case scenario. In this example all three tasks have their deadlines and
periods with equal value, i.e.,D; = T;, with i =1;:::; 3. For this reason, the arrows that represent
the arrival and deadline times merge, forming upward and downward arrows. In the rst case (Fig.
3.12a), an RM policy is used to de ne the tasks priorities, and all three tasks are schedulable.
In the second case (Fig. 3.12b), an arbitrary policy was used to set tasks priorities and, as a
consequence, it causes; rst instance to miss its deadline and then compete with its second
instance, therefore, becoming an unschedulable task under the worst-case scenario.
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(a) lllustration of timelines for instances of tasks with their priorities assigned with RM where P, <P, < P3.
|
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(b) HNlustration of timelines for instances of tasks with their priorities assigned whereP3 <P, <P,.

Figura 3.12 lllustration of timelines for instances of three tasks ( 1, 2 and 3) in a processing
core. Upward arrows represents the arrival time and the interval between them presents the period
T; for j, and downward arrows represents the deadline time since the last arrival

3.6.4 Task Assignment

As previously mentioned, the task assignment problem is the allocation of subsets of an RTA
to be executed exclusively in di erent processor cores of a multiprocessor system. In this work,
the schedulability tests used are de ned based on the task assignment problem in a way to assess
whether a scheduling algorithm result is schedulable or not.

The author believes that it is vital for the reader to understand two essential schedulability
analysis for multiprocessor systems that are extended for the problem of schedulability analysis
for RTNoC-based MPSoC. These two analyses are (a) processor utilization factor test, and (b)
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response-time analysis.

3.6.4.1 Schedulability Analysis - Processor Utilization Factor

The schedulability analysis, based on processor utilization factor, as established by [40], uses
the utilization factor of each task to de ne whether the processor cores are being used under its
maximum capacity. The utilization factor of a processor core is the fraction of total processing
time spent executing tasks. So for example, if a processor core has a utilization facttf = 0:8, it
means that this processor spend80% of its time executing tasks and20%idle. The same goes if a
processor core has a utilization factord = 1:5, it means that this processor is over its maximum
capacity of 100% of time executing tasks.

The utilization factor for a processor core is the sum of the utilization factors for the tasks
mapped into that processor. For example, given a semap( ) ! of tasks mapped into a processor
, the utilization factor for this processor U to be under its maximum capability has to follow:
X Ci
U = ?J 1; (3.1)
j2map( ) ! !

wheremap 1( ) represents the set of tasks mapped to a processor, C; and T; are, respectively,
the WCET and period for task .

This schedulability analysis is simple to perform. However, this test is necessary, but not
su cient. In other words, if a set of tasks into a processor has the sum of their utilization factor
greater than 1, it means that the processor core is over its maximum capacity and some tasks do
not respect their deadlines. However, if this sum of utilization factors is less thanl, it does not
guarantee that all tasks respect their deadlines.

Figure 3.13 illustrate examples of two tasks mapped into the same processor core. In the rst
case (Fig. 3.13a), task ; has WCET C; = 12, and equal periods and deadlined; = D; = 16,
and task , hasC, = 6 and period and deadlineT; = D; = 16. In this case, the sum of utilization
factorsU = % + 1% =1:125is over 1 resulting in one of them being unschedulable. In the second
case (Fig. 3.13b), task 1 has WCET C; = 6, and equal periods and deadlinesl; = D; = 16,
and task , hasC, =3 and period and deadlineT; = D; = 8. In this case, the sum of utilization
factors U = % + g = 0:75, and even though the sum of utilization factor is belowl, due to the
priority policy, task > is unschedulable.

41



' — |

0 2 4 6 8 10 12 14 16 18 20

(a) lllustration of a timeline for a set of tasks in a processor with utilization factor U = 32+ & =1:125> 1.
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(b) Nllustration of timeline for a set of tasks in a processor with utilization factor U = & + g =0:75< 1.

Figura 3.13 lllustration of timelines for instances of two tasks ( ; and ») in a processing core.
Upward arrows represents the arrival time and the interval between them presents the period;
for j, and downward arrows represents the deadline time since the last arrival

This schedulability test can be extended for all tasks in the RTA [42], to asses at least how
many m processor cores are necessary. Given that the sum of utilization factor of tasks in an RTA
is U , the number of processor cores in the used RTS has to be at least greater thdd as

expressed in:

U = - m; (3.2)

where is the set of tasks in an RTA, U are the utilization factor for the application representing
the number of required processorsin is the number of processor cores; is the WCET of the ith
task in RTA, and T; is the period of task ;.

The utilization factor () schedulability test for an RTA executing in a multiple processor sys-
tem is the test whether all processors are running under their maximum capacity. The complexity
of this method is polynomial with big-O notation O(nm), where n is the number of tasks that
composes the RTA used, andn is the number of processor cores in the multiple processors RTS.

3.6.4.2 Schedulability Analysis - Response Time Analysis

The schedulability analysis, based on response time, under the worst-case scenario, as esta-
blished by [43], uses the WCRT of each taskRr; to check whether it respects thesetasks time
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constraints Dj.
Ri=Ci+ Ii; (3.3)

where |; is the interference term due to higher priority tasks.

Ifatask j is mapped into the same processor that atask ; and has greater priority level, i.e.
P; <Pj, this task ; interferes ; inside of its response time interval[0; R;] and this interference
time |j; is expressed as: &

lij = f Ci; (3.4)

where R; is the WCRT for task i, Tj is the period for task j, and C;j is the WCET for task ;.

The interference time |; su ered by a task ; due to all higher priority tasks running in the
same processor preempting this task is calculated using equation:
X &
R.
i = — G; (3.5)
j2cont( ) !
where cont( ;) represents the set of contentious tasks with higher priority than task ; that shares
the same processor core, in other wordsont( ;)= f ; 2 : P; <Pjg.

Combining Equations 3.3 and 3.5, it is possible to express the Equation 3.6 to the response
time under worst-case as follows:
Py .
O]
X R;
Tj

R = ¢+ G (3.6)

j2cont( i)

No simple solution exists for Equation 3.6 sinceR; appears on both sides. The solution for
the WCRT of a task ; can be obtained through an iterative process illustrated by Algorithm 2.
Once the WCRT of a task has been calculated, if its value is greater than its deadline, it means
that that task is unschedulable.

Algorithm 2 Response Time for a Task WCRTf)

INPUT: task ( i) 4 do 5 "
OUTPUT:  WCRT R; for the task | 5: R = Ci+ " poonsy )0 4—€C;
1: procedure WCRTT ( ;) 6:  while R™" g R(

2 RO=¢ 7: return R

3: Ri(l) =0 8: end procedure

An example case is present here to aid the reader and illustrate the process to calculate
the WCRT values for three tasks (1, 2, and 3) allocated to a processor. Table 3.1 presents
information for these three tasks while Tab. 3.2 presents the calculation through the iterative
method to obtain the WCRT for these three tasks. Finally, Fig. 3.14 displays the timeline for
these three tasks during the worst-case scenario.
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Tabela 3.1 Characteristics of three tasks in an example case. Wher€ is the task WCET, D is
the deadline, T is the period, and P is the priority-level.

Task |[C | D | T |P
1 1/3|3]|1
2 218|812
3 210|103

Tabela 3.2 Example of iterations to calculate the WCRT ( R;j) mapped to a processor.

Task 1 Task 2 Task 3

lteration 0 : RY =1 RO =2 RY =2
lteration 1 : R{P =1 RP =2+ d2e1=3 R =2+ ddel+ d2e2=5
lteration 2 : Return R’ =RP =1 RY =2+ dle1=3 RYP =2+ dlel+ dle2=6
lteration 3 - Retun RY =R =3 RY =2+ dlel+ dde2=6
Iteration 4 : - - Return Rg3) = R(32) =6

b m |

B I

3 — |
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Figura 3.14 lllustration of timeline for the example of WCRT ( R;) calculation.

The response time schedulability test for an RTA is the use of Alg. 2 to identify if all tasks in an
application comply with their deadlines, i.e., Ri D;. The complexity of this method is pseudo-
polynomial with big-O notation O(nN) [6], wheren is the number of tasks in the application, and
N represents an unknown factor of relation between the periods of the tasks.

3.7 Modeling and Scheduling Algorithms for RTNoC-based MP-
SoCs

An MPSoC applied in a real-time environment that uses an RTNoC as its communication
needs a more sophisticated approach for possible schedulability tests. Such approaches need to
take into consideration both its multiple processor cores, as well as its communication architecture,
since, the communication latencies strongly in uences the system and may cause its tasks to miss
deadlines. For this reason, End-to-End Schedulability Analysis (EESA) take into consideration
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the required time necessary for a task processing from its arrival until the message (ow of its)
arrive at its destination, hence, the end-to-end in the name.

The schedulability analysis used in this work including the system and task models is based on
those present in the works of Indrusiak [44] [45] that are based on the works of Shi and Burns [46]
and Xiong [47] [48]. The system modeling also contains the memory model C presented by
Still [49]. In this work, the schedulability algorithm is preemptive, static, o ine, partitioned with
xed-priority that are intended to be used in a setting where the task mapping is performed o ine,
i.e., before the system deployment.

The following assumptions are made for the analysis and task and platform models:

RTNoC used has a wormhole switching strategy with 2D mesh-grid topology and virtual
channels as previously stated on Section 3.4.

Each NoC tile has a processor core with its local memory connected to a NI.
All processing cores are equal, i.e., the system is composed of homogeneous processor cores.

All processor cores have a processing queue ordered by tasks priority with mechanisms that
permit preemption, such as Fig. 3.10.

Tasks deadlines are equal to their period®; = T; (Implicity Deadlines).

Tasks transmit a single ow of its (namely, messages) at the end of their executions. Since
the schedulability of such systems also depends on communication characteristics of the
platform using an NoC.

Each message (ow of its) transmitted by a task has the same priority level as its source
task, i.e., messages inherit priority from their source tasks.

The analysis is done on the worst-case scenario. Therefore all tasks arrive at the processing
gueue of their processor cores at the same time; = 0 with J; = 0.

These assumptions limit the scope of MPSoC based on NoC platforms in which these analytical
model can be applied. However, this analytical framework can be easily expanded to treat cases
where the previous assumptions are not valid. For example, to cover cases where processor cores
are not homogeneous, one may alter the WCRT (Section 3.6.4.2) calculation using a scaling value
for processor cores with higher frequencies.

3.7.1 Platform Model

The platform model is formed by a set of homogeneous processor cores connected
to their respective NIs and private local memory = f 3; »;:; ng. Each processor core is
connected to a router in a set = f 1; 2;:; ng. Both routers and processor cores are then
connected by a set of unidirectional links =f ..; .., . .35 . . ,0. Eachlink connects
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a pair of components with a speci c direction, for example, ., only sends data from 1to i
and ., is another link that connects the same pair but with the opposite direction.

Figure 3.15 presents an example of a platform model of an MPSSoC with an NoC that has
3 3 processors connected in a mesh-grid topology.

@.e Q.
Q::

>
~
o 4i 1
1, 4
b4
® 5: 2
2; 5

Figura 3.15 3x3 Mesh-grid RTNoC platform. Blue circles represent the processors and their
network interfaces (NI), and gray squares represent routers.

3.7.2 Real-Time Application Model

The real-time application is represented as a set of tasks = f 1;:::; hg and a set of
messages = f 1;:; m0. These tasks are modeled as tuples = hC; T;D; P;R;M; i composed
by the following characteristics, respectively: (a)C is the WCET, (b) T is the inter-arrival period,
(c) D is the relative deadline time, (d) P is the task priority-level, (e) R is the task WCRT, (f)
M is the task required code memory in bytes, and (g) is a message sent to another task.

The messages are also represented as tuples= h 4;L;Z;K;S i with 4 is the destination
task, L is the basic latency time (latency without network contention), Z is the message size in
bytes, K is the maximum release jitter time, and S is the Worst-Case Latency Time (WCLT).

The tuple of a message is smaller because it inherits characteristics from its source task, namely,
its priority, inter-arrival period, and deadline. The jitter su ered by a ow i is due to how long
it takes for its source to emit it, and, since a task only emits its message when it has nished
processing. For this reason, the jitter time su ered by a message is equal to its source task WCRT
Ki - Ri.

The following functions are de ned to aid notation for real-time analysis and system models:

index : ! N returns the index of a processor core . For example,index( 1) =1
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map: ! returns the processor core that a task is mapped onto. For example, if
task 1 was mapped onto the processor coreg, then map( i) = o.

map 1: I returns a set of tasks mapped to a processor, i.e. map 1( )= f 2
map( )= g. For example, if only 1, », and 3 were mapped onto o, then map ( o) =

f 1, 2, 30

route : ! returns a set of ordered links that forms a path used by a ow moving
from its source task to its destination ordered. For example, if a message transverse links

and . thenroute( )="f . .5 ... .0

a, a’ a; b’
route : f ; g! returns a set of ordered links that forms a path between two proces-
sing cores. Given a message; transferred between tasks ; and j, then it is equivalent
route( ;) = route(map( i);map( j)). For example, route( 4; p) = f . .25 . ,9and
route( n, a)=f ., 4 .0, this order is de ned by the routing algorithm.
map 1 : ! returns a set of messages that passes through a link in other words
map {( )=f 2 : 2 route( )g. For example, if only ; and 5 uses a link , then

map 1()="f 1; 20

cd: f ; g! returns a set of ordered contented links shared by two messages;
and j in other words cd( i; j) = route( i)\ route( ). For example, if a message 1
transverse the linksroute( 1) = f _;.; ;i ,; ,0and amessage ; transverse the links

route( 2)=f cict ciar' aib' b bg’thenCd( 1 2)=f aipr b b9

vc: | N returns the number of VCs supported by a router . For example, if a system
has routers with three VCs in each input bu er of a router 1, then vc( ).

buffer : ! N returns the bu er size of each virtual channel in number of its. For
example, if a system has routers with bu ers with 3 VCs with each supporting 3 its, then
buffer ( )=3.

mreq : I N returns the private local memory required by a processor core to store
code and data in bytes. For example, if a processor should have 32KB of memory to
execute an application correctly, thenmreq( ) = 32768 bytes.

mcap: ! N returns the amount of private local memory available in each processor core
of a platform  in bytes.

order : f ; g ! N returns the position of a link given a path between two processor
cores 5 and . For example, if a message ; is transferred between tasks mapped onto
processors 4 and | that passes through links route( 1) = f b 0, then
order( ,..;route( a; n)=2.

a;a' a; b’

firstl ! returns the link with the smallest order given a route. For example, if
in a route route( a; ) Where order( ;route( a; p)) =1, then firstl (route( a; p) =

a; a’

a, a*
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lastl : ! returns the link with the greatest order given a route. For example, if in a route
route( a; p) whereorder( . ,;route( a; b)) = jroute( a; b)j, then lastl (route( a; 1)) =

b b*

cont : ! returns a set of contentious tasks with higher priority levels than a given
task that are mapped into the same processomap( ), in other words cont( ) = f j 2

:map( j) = map( i) P; <Pjg. For example, if tasks 1, », and 3 are mapped onto
processor core and P; <P, <Pg3, thencont( 3)=f 1; 20

contg : ! returns a set of contentious ows with higher priority that directly interfere
a given ow sharing at least one link in their path ; 2  :route( )\ route( ;) 6 ;.
The de nition and examples of conty will be presented further on Section 3.7.4.1.

cont ;. ! returns a set of all ows that indirectly interfere a given ow  that does not
share any link in their routes ( ; 2 :route( )\ route( ;)= ;) by direct interfering with

a third message that in turn directly interfere . The de nition and examples of cont; will
be presented further on Section 3.7.4.1.

cont! : ! returns a set of all ows that indirectly interfere a given ow upstream.
The de nition and examples of conty will be presented further on Section 3.7.4.1.

contd : | returns a set of all ows that indirectly interfere a given ow  downstream.
The de nition and examples of conty will be presented further on Section 3.7.4.1.

After the RTA has all its tasks allocated onto the platform processor cores, it is possible to
calculate each task ; WCRT R; as well as its message ; basic latency time L; and WCLT S;.

L; value depends on specic system parameters. In this worklL; is calculated using the
following equation:

8Z;
width

Li = jroute( i)j (L +(jroute( ;)j 1) L + L ; (3.7)

where L is the maximum time necessary for ait to be transmitted through a link, L is the
maximum time necessary for a headerit to be routed by a router, igh IS the width of the links
in bits, route( ;) is the set of links in the route that message ; use to transit, and Z; is the data
size of message ; in bytes.

The values for the tasks WCRTs are calculated as described in Section 3.6.4.2, where, once
again, a task response time during the worst-case scenario depends upon the tasks with higher
priority mapped into the same processor.

The values for the messages WCLT are calculated as explained in Section 3.7.4.

3.7.3 Processors and Links Utilization Factors Test

Similar to the schedulability analysis that uses processor utilization factors, as present in
Section 3.6.4.1, Indrusiak [45] presents a utilization factor test that can be applied to each of the
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platforms links to check whether none of them are over their maximum capacity for the messages
that passes through them. A link 2 is not over used if the following is valid:
X L;

U = = ?' 1; (3.8)
i2zmap ()
whereU is the utilization factor for alink , map *( ) is the set of messages that are transmitted
over the link , L; is the basic latency for message ;, and T; is the period for task ; that transmits

message ;.

Similar to the processor cores utilization test in Section (3.6.4.1), the utilization test for links
is hecessary but not su cient because a link being capable of sending all messages that use it in
their paths without starvation does not mean that these messages will meet their deadlines.

It is possible to combine both processor and link utilization factors tests into the same sche-
dulability test that evaluates the whole system after the task mapping by counting the number
of processor cores and links over their maximum capacity, if it is equal zero then the system is
schedulable considering both their tasks and messages. This test is expressed as follows:

f 2 U >1j+jf 2 U > 1gj=0; (3.9)

where U is the utilization factor for a link  in the set of links  in the platform, and U is the
utilization factor for a processor core in the set of processor cores in the platform.

This simple utilization test is useful, given its simplicity and can be combined as a condition
for a more complex schedulability test. The complexity of this method used to evaluate whether
a task assignment is schedulable in big-O notation iO(max(j jj j;j ii ) depending on the
number of tasks and messages in the RTA as well as the number of processor cores and links in
the platform.

3.7.4 Multi-point Progressive Blocking Worst-Case Latency Analysis

The Worst-Case Latency Time (WCLT) of a message is the time necessary for the header
it leave the NI until the moment that the last it of the message arrives into its destination. As
present in this work, the analysis process to calculate the Worst-Case Latency Time (WCLT) of a
message transiting inside of a wormhole-based RTNoC is based on the work of Indrusiak et al. [44]
that in turn improves the works of Shi and Burns [46] and Xiong [47] [48].

3.7.4.1 Message Interference Types in Wormhole-based NoCs

Before the presentation of the method, it is essential to explain the concept ofdirect and
indirect interferences. In [50], these are the two types of interference that a message su ers
through a wormhole-based NoC.

A message su ersdirect interference when sharing at least one link in its route with messages
that have higher priorities, equivalently as the contention su ered by tasks when sharing a pro-
cessor with higher priority tasks. For example, given a pair of messages; and j with P; <P
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and both of them sharing links in their route, as shown in Fig. 3.16a, it is possible to see that
message j preempts the message ; increasing the WCLT S; due to interference terms. The set
of messages that directly interfere a message; is expressed as follows:

conty( i)=f ;2 P <Pij*cd i; j)6,0: (3.10)

A message experiences indirect interference when one of the messages that preempts it also
su ers interference from a third message that in turn, does not share any link with its route. For
example, given three messages;, j, and n with Pn <Pj <P with  and ; sharing links
as well as ; and ;. In this situation, a message ; su ers indirect interference from message

m. This scenario is expressed in Fig. 3.16b. The set of messages that indirectly interfere with a
message ; is expressed as follows:

conti( j)="f 2 : y2conty( j)™ j2conty( i)™ « Zconty( i)g: (3.11)

(a) lllustration of an example of a direct interference.

Q Q@

(b) Nlustration of an example of an indirect interference.

Figura 3.16 Examples of two cases where a messagg su ers direct and indirect interference.

As present in [48], the concept of indirect interference is subdivided into two types: (a) ups-
tream, and (b) downstream. These di erentiation is due to the position of interference between
k and j in the contention domain setcd( i; ;).
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(a) lllustration of an example of an upstream indirect interference.

Q Q Q@ @

(b) lllustration of an example of a downstream indirect interference.

Figura 3.17 Examples of two cases where a messagg su ers upstream and downstream indirect
interference.

A message ; suers upstream indirect interference when a higher priority message ,, 2
contj( k) preempts a message ; before it can direct interfere ;. Hence the order of the links
of the shared route between these three messages is important. An example case is present in
Fig. 3.17a, where a messagen, interfere with ; in links before it can interfere ;. The set of
messages that upstream indirectly interfere with a message; is expressed as follows:

cont'( j; i)=f k2cont( i)\ conty( j):order(lastl(cd( j; «);route( ;j))) <

. (3.12)
order(firstl (cd( i; j);route( ;)9

A message ; su ers downstream indirect interference when rst it su ers direct interference

from a higher priority message ; and then down the route ; is interrupted by a third message

m that does not share any link with route( ;). It causes ; to be allowed to keep transmitting
during the interval that ; is being blocked. However, as soon , nishes to interfere with
and ; restarts to block ,  in turn restart to be blocked in multiple points of the route, as
a domino e ect, in the bu ers of the links of routers in the path of ;. This e ect shortly
presented here is further explained in the works [47] [51]. An example scenario is illustrated in
Fig. 3.17a, where a messagen, interfere with ; in links after it can interfere . The set of
messages that downstream indirectly interfere with a message; is expresses as follows:

contid( i i)="Ff «2conti( i)\ conty( j):order(firstl (cd( j; «);route( j))) <

(3.13)
order(lastl (cd( i; j);route( j)))g

In light of the multiple types of interference that a message ; can su er, the value of WCLT
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S; for a message ; is formulated as follows:
2 3

X st Dy K+ K!
Si(t) =L+ g i = J J %(LJ + |jc;iiown); (3.14)
i 2conta( i) J

where conty( ;) is the set of messages that interfere ; directly, L; is the basic latency time for
message ; transmission, K is the release jitter su ered by a message j that in turn interferes
directly with the message i, and Kj' is the indirect interference jitter suered by ; due to
messages preempting it and indirect interfering with message ; and its value is de ned asKj' =
S L.

The term Ij‘;’io‘”” is due to downstream indirect interference that the message ; su ers due to
other messages interfering with ; and it is calculated using the following equation:

X S +K o
|jc;iiown - S T Rk min(bi( i; |);Ly+ |jc;i|?wn); (3.15)

Tk
k2cont?( ;)

where contid( i, i) is the set of tasks that indirectly interfere task ; and directly interfere task
i, Sj isthe WCLT of message j, K is the jitter time for message , T is the period for task k,
L is the basic latency time for task , and bi( i; ;) is a function that represents the maximum
bu ered interference time that ; may aect ; in their shared links cd( i; ;). bi( i; j) is

formulated as:
bi( j; )= buffer ()L jed( i; ;)i (3.16)

where buffer ( ) is the size of bu ers in bytes for routers in the NoC, L is the maximum time
necessary for a router to route and transmit a it , and cd( i; ;) is the set of links in which both
messages ; and j shares when being transmitted.

Similar to the WCRT schedulability, as present in 3.6.4.2, the WCLT calculation of all WCLT
values of messages in an RTA permits the evaluation of whether all these message®  arrives
in their destinations complying with their respective deadlines, i.e.,S; D;. This schedulability
test based on WCLT is both necessary and su cient.

3.7.5 End-to-End Schedulability Test

End-to-End Schedulability Analysis (EEST) test, as present in [45], take into consideration
for the tasks in a RTA being mapped onto a MPSoC based on NoC, whether, each task, in the
worst-case scenario, has its WCRT plus the WCLT of its message, if there any, bounded by the
task deadline. This summed value is named End-to-End Response Time (EERT), and it covers
the time of the task from its arrival time until its message arrives in its destination. Hence, the
end-to-end in the name.

EERT foratask ;isexpressed aEER; = R;+ S;. This test is necessary and su cient to show
whether a task is schedulable. A task is schedulable when it follows the conditioBEER; Dj. A
RTA = f ; gis deemed schedulable, if all tasks with its messages follows the schedulability
condition ;2 EER; D;.
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Figure 3.18 displays a simple example timeline where a task execution time is colored gray,
and message transmission time is colored yellow similar to the convention used in timelines in
Section 3.6.1. In this example, there are two tasks 5 and ,, with P, < P, and with both tasks
mapped into the same processomap( 5) = map( p) = o emitting, respectively, messages ,
and . Both these messages are send to the same destination and share the pathute( ;) =
route( p) = cd( a; b).

While a third task . executes in a di erent processormap( ¢) 6 o has higher priority than
a and pwith P < Pp < P, and emits a message ¢ that has contentious links with messages
a and pwith route( )\ route( p)\ route( ¢) & ; and for this reason interrupt directly both
messages. As visualized, all three tasks are schedulable, since they do not miss their deadlines
with Rc=4,S.=1, EER.=5,Rpy=2,S,=4, EER,=6,R3=3,S; =5, and EER, =8.

el l

bH,ﬁEIEIEI - |
[ ]

0 2 4 6 8 10 12

Figura 3.18 lllustration of timeline for the example of EERT calculation using both WCRT and
WCLT.

3.7.6 Required Local Memory for Processor Cores Test

In this work, it is used the required local memory model C present in [49]. The assumption
is that each task ; 2 mapped onto a processor core 5 needs for its execution the following
requirements:

a local memory should be capable of storing the task code memory.

a local memory should be capable of storing data from messages in which is the desti-
nation task. It is considered that ; needs to access this data in local memory for its correct
execution.

a local memory should be capable of storing data that ; sends to other tasks.

Given these three requirements, the required local memory for a processor corg is the sum
of all code memory of tasks mapped to 5, the sum of data emitted by all messages sent by tasks
mapped to 4, and the sum of data received by tasks mapped onto,. The value of required local

memory mreq( a) for processor , is calculated as follows:

X X X
mreq( a) = Mg + Zs+ Z:: (3.17)

k2map 1( a) s2send( a) r 2received( a)

53



wheremap 1( ,) is the set of tasks mapped to processor core,, send( ) is the set of messages
s sent by tasks mapped onto processor, = map( a), received ;) is the set of messages that

has the processor core 5 as their destination, My is the memory code in bytes for task g, Zs is

the payload size transmitted by message s, and Z, is the payload size transmitted by message

r-

The setsend( ;) is expressed as follows:

send( J)=f s2 : s2map I a)g (3.18)

The set received| ;) has all messages ; received by tasks mapped onto processor, =
map( a) and it is expressed as follows:

received o)=f 2 : g 2map I a)g; (3.19)
where g is the destination task for a message , received by the processor ;.

In order to check whether a processor in MPSoC is capable to correctly execute an RTA
given a task allocation, all processor cores must have at least the required memory size. This test
is expressed as follows:

max(f 2 :mreq( )) cap ): (3.20)

3.7.7 Normalized Energy Dissipation Model

In this work, the energy dissipation used is based on the one present in [52]. Power charac-
teristics of RTNoCs depend upon multiple factors, such as, for example, chosen data encoding
process for the messages packetization and wire length for the links.

In other words, many of these factors are beyond the scope of this work. The idea is to
use a simple yet expressive model that assumes that the energy dissipated by the communication
architecture is closely related to the energy dissipated by the sum of energy of the wormhole-based
NoC components when routing and transmitting a message.

The resulting model considering the scenario in which the platform is spending the maximum
power to transmit a message with one it of size, namely 15t , then a NI connect to a processor
2 dissipatese joules when encoding and packetizing 15it , a router 2 dissipates e
joules when routing the header it and bu ering and sending the subsequent it of i , and a

link 2 dissipatese joules when transmitting  1fjit -

Assuming that the dissipate energy for each component scale linear with the increase of the
size of messages in its and normalizing for the dissipate energy of a link transmitting 1zt , then
the following formulation is obtained to calculate the normalized energy dissipated during the
transmission of a message ;:

87Z;
width

22—+(jroute( N l)§—+jroute( i (3.21)

where igth IS the it size of the platform in bits, Z; is the size of message ; in bytes, and
route( i) is the set of links in which ; is transmitted.
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3.8 Task Mapping onto a RTNoC-based MPSoC as an Optimi-
zation Problem

In light of the model of the system present in Section 3.7, it is possible to encode the task
mapping of a RTA onto the NoC-based MPSoC as an optimization problem and check during the
early stages of the design process of a RTNoC whether di erent characteristics attend restrictions
and speci cations of a possible application in a real-time embedded system application.

Since multiple characteristics of the system were presented in a fashion that depends upon the
task mapping, this section will present each one of them as a di erent objective function with the
same decision variable encoding.

3.8.1 Task Mapping Encoding

The problem of mapping an RTA  with a task set into an MPSoC platform with a set
of processing cores is an NP-hard COP similar to the Quadratic Assignment Problem [53]. A
mapping solution x pairs each task ; 2 to a processor core , 2  and it is encoded as an
j j-dimensional vector of positive integers, where eachth component of x represents the index of
the processor responsible for processing the task, namely index(map( )), and, for this reason,
eachx; ranges inside off0;j | 1].

Figure 3.19 illustrates visually the representation of a task mapping encoded as a vector of

integers, illustrating the decision variables into the search space.

By using this problem encoding, the search-space of possible task mapping solution is composed
of m" possible mappings, wheram is the number of processor cores in the MPSoC platformPiij
and n is the number of tasks in the task set of the mapped RTAj j.

index(map( o)) | index(map( 1)) BH index(map( j j 1))
0 jj1
Figura 3.19 Visual representation of a task mapping where eaclj th element is an integer value
representing the index of a processor where; is mapped onto.

3.8.2 Utilization Test as an Objective Function

As present in Section 3.7.3, the utilization schedulability test for both processors and links
depending on the task assignment of an RTA onto the MPSoC platform. Therefore, it is possible
to use this test as an optimization function to nd an optimal task placement where the tasks and
their messages are schedulable under this test. For this reason, we de ne the objective function
fuil as follows:

fug (fNC T 5 gl N; (3.22)
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where f i returns the number of processor cores and links in the platform are above their
capacity given a task mappingx for a RTA . The formulation for f,; is equal to equation 3.9
as follows:

fug (X; 3 )=Jf 2 U > 1gj+jf 2 :U > 1gj: (3.23)

The optimization problem formulation for the utilization test is:
x =argmin fuq (X; ;5 ); (3.24)
X

where the goal is to nd the optimal solution x representing a schedulable task mapping solution
with none processors and links over their maximum capacity. In other words,fy; (x ) = 0.
However, depending on both the platform and the application  a schedulable solution may
not exist, in this case, x represents the task mapping solution where fewer processors and links
are over their maximum capacity. A shortcoming of this method is that it uses a necessary but not
su cient method, so an optimal solution where f g (x) =0 is not guaranteed to be schedulable.

3.8.3 End-to-End Schedulability Test as an Objective Function

In the same fashion as the utilization test, it is possible to express the search for a schedulable
mapping solution using the EEST (Section 3.7.5) as an optimization process. To this end, an
objective function fynsc : TN/ 1: : g! Nis dened as:

funsc(X; 5 )=1Jf i2 . EER; >Dgj: (3.25)

This function returns the number of tasks that are unschedulable under the task mappingx .

At last, the formulation of the search for a task mapping where all tasks are schedulable using
the end-to-end schedulability test as an optimization problem is:

X :argxminfunsc(x; ;o) (3.26)

In Eq. 3.26, the goal is to nd an optimal mapping solution x in which all tasks are schedulable
funsc(X ) = 0. Since such solution may not exist, at least, the optimization off y,scn results in a
solution with fewer unschedulable tasks and, depending on the type of RTS at hand, for example,
soft RTS, this solution can still be useful. Another advantage is that the method used is necessary
and su cient guarantying that a solution where fnsc(X ) =0 is schedulable.

3.8.4 Normalized Energy Dissipation as an Objective Function

Since lower power consumed is an essential requirement of many embedded devices including
RTS, it is crucial to de ne as well the search of task mapping that reduces as much as possible the
energy dissipated by the system. For this reason, the functioffener : N/ J; ; g! R is de ned
to evaluate the energy dissipated of the platform given a task mappingx for an application
The formulation for this objective function is as follows: Using Eq. 3.21, it is possible to obtain
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the energy dissipated for a NoC transmitting data from a RTA mapped onto the system with the
following equation: X
fener(X; ; )= e: (3.27)

2
The formulation of the process to reduce the energy dissipated by the system's communication

component as an optimization problem is:
x =argmin fener(X; ; ); (3.28)
X

where x represents a task mapping solution with the minimum of energy dissipated by the
transmission of messages inside of the platform.

3.8.5 Maximum Required Local Memory as an Objective Function

In his work [49], present a model for private local memory as well a secondary objective function
in a MOOP that is based on the system maximum required the amount of private local memory
for all processors in a platform . This function f mreq : fNI J; ; g! Nreceives a task mapping
for a RTA to be mapped onto the platform and returns the maximum amount of required memory
in bytes. The formulation for this function is as follows:

frreq(X; 3 )=max(fmreq( ): 2 ) (3.29)

The formulation of fyg as an objective function to be optimized is:
X =argmin fymreq(X; 5 ); (3.30)
X

wherex represents a task mapping solution with the minimum required amount of local memory
for the processor cores.

3.8.6 Breakdown Frequency as an Objective Function

In [54], Sayuti presents a possible objective function for an MPSoC-based RTS that is based
on the concept of breakdown frequency to scale up or down the processor cores frequency clock
up to the point where all tasks are schedulable given a task mapping. BreakDown Frequency
(BDF) is the minimal operational frequency of a system where all tasks and messages respect
their deadlines.

The BDF scaling method uses the EEST to evaluate whether the use of speci ¢ scaling fre-
guencies values, in a range of possible ones, that is capable of turning all tasks running in the
system schedulable. The algorithm to search for the minimum closest suitable scaling value uses
a binary search, and every iteration checks whether the current scaling value is schedulable or
not. If the current scaling value in an iteration results in a schedulable system, the binary search
reduces the frequency scaling factor. Otherwise, it increases the scaling value.
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Since it uses a binary search, each iteration also reduces by half the number of scaling frequency
values to be searched. The search for the minimum BDF value is displayed in Algorithm 3, where
fog : TN J; ; g! Ris afunction that given a task mapping returns the closest minimum BDF
scaling in a list of frequency scaling values (attached as appendix | in this document).

Algorithm 3 BreakDown Frequency Search f{pq)

INPUT: Task Placement (x) 6: Scale frequency byfsq,,
Platform () 7 if funsc(X; ; ) =0 then
Application () 8: Reduce Frequencyf s, ey

OUTPUT: Frequency Scaling Value {s¢,) 9 else

1: procedure BDF Search(x) 10: Increase Frequencyf spey:

2: L¢ List of Frequency Scalings 11 end if

3 fscur = Fspext =1 12: end while

4: while fgne 2 Lt do 13: return  fggy,

5 fscur = Tsnext 14: end procedure

The formulation of fyg as an objective function to be optimized is:
X =argmin fpg(X; ; ); (3.31)
X

where X represents a task mapping solution with the minimum breakdown frequency scaling
value for an application mapped onto a platform . Since the energy dissipated by the system
is linearly proportional with its frequency [55], a reduction on the frequency also reduces the
power consumed by the platform. Another advantage off ,¢ is that once its optimization process
reaches a task mapping solutiorx with a scaling valuesfp¢(x) 1, it means that that solution
is equivalent to a solution with fnsch(X) = 0, therefore, a complete schedulable task mapping
solution.

Beyond that, the optimization f,g is even capable to improve further schedulable solution by
nding di erences in schedulable task mappings something that the optimization of the function
funsch is not capable to achieve. For example, given two schedulable task mapping solutions;
and x» with fynsch (X1) = funseh (X2) =0, using the breakdown frequency scaling optimizationx 1
would be chosen instead ok ,, becausef pg (X 1) <f pg (X2).

However, there are two main drawbacks with the optimization of f,¢. The rst is that the
objective function fh¢ calculation takes multiple evaluations of fynsch. Since fynsch by itself
already takes a considerable execution time due to its complex analysi$,g execution time in
some cases are prohibitive a characteristic pointed out by the author in [54].

The second point is that for task mapping solutions with resulting scaling values abovel,
the fpg relationship with fnsc is not one-to-one in the sense of a decrement in the number of
unschedulable tasks may actually have an increment in the breakdown scaling frequency. For
example, given two mappingsx, and xy,, for the mapping of a single application in the same
platform, where fynsch(Xa) = 3 and fynsch(Xp) = 6, now imagine that the lateness of the6
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unschedulable tasks inxy is very small when compared with the lateness of the8 unschedulable
tasks in X 4, it would cause the evaluation of these solutions using the BDF method to bé ¢ (Xa) >
1:bd‘ (X b) even thOUghfunsch (X a) <f unsch (X b)-

3.8.7 End-to-End Scheduling Test with Slack Awareness as an Objective Func-
tion: a new Proposed Approach

Inspired by breakdown frequency method [54], the author formulated an objective function that
could at the same time keep the information of the number of unschedulable tasks in a specic
task mapping being capable of di erentiating and further improving solutions where all tasks
are already schedulable. This two features using evaluating only oncéynsch that is a complex
objective function with a large computation time when evaluating the mapping of RTAs with large
task sets. This objective function called heref ymsr Where umsr stands for unschedulable tasks
and Minimum Slack Ratio, uses both the information of f jh,sch together with tasks slack values to
achieve just that.

fumsr (TN 1 : g! R receives a possible task mapping for a RTA  onto a platform
and assess whether all tasks are schedulable, if they are not, it returns the number of unschedulable
tasks exactly asf ynsch (X).

However, if f ynsch (X) = 0 (that is all task are schedulable), it then calculates the slack time
of all tasks, calculates the ratio between slack time and the deadline for all tasks and then selects
the task with the minimum slack time and returns the negative value for the minimum slack time
and deadline ratio. Reminding the reader that the slack time used is for the EERT of the tasks,
i.e., for a given schedulable task ; its slack iss; = D; EERj;.

The formulation for this objective function is as follows:
8
<funsch(X;  ); if funsch(X; ; )>0
fumsr (X, , ) — . uns<? ( | ) unsc. ( ) ’ (332)
© min(f S—'i © i2 (¢); otherwise
wheref nsch is the EEST as an objective function as presented in Section 3.8.3; and D; are the
slack time and deadline for a schedulable task;. The reason in which the negative of the minimum
slack ratio is used ( min ()) is to focus the evaluation on the task with the minimum slack. In this
manner asfynsr iS optimized the task with the minimum slack ratio has this metric increasing
through the optimization process since the minimization of a function returning a negative value
is equivalent to the maximization for that function absolute value.

The optimization process forf msr as an objective function is:
x =argmin fymsr (X; 5 ); (3.33)
X

wherex represents the task mapping solution with either the minimum number of unschedulable
tasks or the minimum slack time and deadline ratio.

The advantage of this approach are three: (a) it only uses a single call dfynsch; (b) it gives
information about both number of unschedulable tasks and slack and deadline ratio with a single
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real number; (c) advantage is that all tasks slack ratios are increased during the optimization
process, and it is possible to use this dimensionless value to calculate a reduction of frequency
scale for the system processors. Since even the task with the worst slack ratio will also attend its
time requirements;

For example, given a task mapping solutionx s that when used to assign tasks from a RTA
to a platform results in a schedulable applicationsf ynsch (Xs) = 0 and it also results in
fumsr (Xs) = 0:05. It is the same to say that all tasks have at least5% of their time as slack
time, so, if all tasks have their EER time increased bym they would still meet their deadlines.
It means that one can use the valug(l + fymsr (X)) as the scaling value to reduce the processor
cores frequency and all tasks would still be schedulable.

3.8.8 Multi-Objective Task Mapping Optimization

In light of the previously de ned objective functions, one could unify them in a multi-objectives
function to optimize multiple characteristics concurrently of an analyzed RTS.

The Fnoe : NI J; ; g!f R;N;R;Ng has the following formulation for its objectives:

Froc(X; 5 )= ffumsr (X5 5 )ifmreq(X; 5 )ifener(Xs 5 )ifua (X5 5 o (3.34)

This function is formed by the following objectives: (a) number of unschedulable tasks or nega-
tive minimum slack and deadline, (b) maximum required memory in bytes, (c) total normalized
dissipated energy, and (d) number of processors and links over utilized in the system.

The process of optimize functionF o in a Pareto sense is represented as:
X =argmin Fpoc(X; ; ); (3.35)
X

where X is the Pareto Optimal solutions with the set Foc(X ), that is the PF for this function.

3.9 Conclusions of the Chapter

This chapter introduces the concepts behind system-on-a-chip, network-on-a-chip, and real-
time systems. Information that is used to explain the context, modeling, and reasoning used
to de ne the task mapping of a real-time application onto an MPSoC based on an NoC as an
optimization problem. Since the search of a task mapping solution where all tasks are schedulable
is an NP-hard problem, the optimization problem de ned here is tackled using bio-inspired meta-
heuristics for single and multi-objective problems as present in Chapter 4.

Between the multiple possible objectives functions de ned for the optimization for task map-
ping of RTAs onto RTNoC-based MPSoC, two of them were developed in this work: (a)f ymsr
that mix the number of unschedulable tasks under the EERT analysis and the negative minimum
slack deadline times ratio; (b) Fnoc that is multi-objective and contains four objectives, including
fumsr » @and information about required maximum local memory, dissipated energy by the system,
and resource utilization in the form of utilization of processors and links tests.
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The task mapping problem is used as the main real-life optimization scenario in this work. It
is revisited in Chapter 7 when de ning an experimental setup to evaluate di erent meta-heuristics
when optimizing multiple aspects of the design of RTNoC-based MPSoC.
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4 SEARCH-BASED OPTIMIZATION
BIO-INSPIRED META-HEURISTICS

This chapter introduces bio-inspired meta-
heuristics to solve  single-/multi-objective
optimization problems with emphasis on adaptive
techniques to control these algorithms parame-
ters during execution. The chapter is divided
as follows: Section 4.1 presents and contextu-
alizes bio-inspired meta-heuristics including a
taxonomy for the ones used in this work; Section
4.2 de nes adaptive techniques for bio-inspired
meta-heuristics including their classi cation;
Section 4.3 presents the single-objective meta-
heuristics from other works in the literature;
Section 4.4 presents the single-objective meta-
heuristics developed in this work; Section 4.5
the multi-objective meta-heuristics from other
works in the literature; Section 4.6 presents the
multi-objective meta-heuristics developed in this
work; Section 4.7 concludes the chapter and
contextualizes it with other parts of this work.

4.1 Bio-inspired Meta-Heuristics

The algorithms responsible for solving optimization problems can be categorized into two main
groups [56]: (a) exact, and (b) approximated.

Exact methods guarantee that the output solution is the optimal one. However, exact methods
have their usability prohibitive in terms of necessary computing time in many problem stances.
Meanwhile, approximated methods, also calledsoft-computing, do not hold the guarantee of op-
timality for their results. Instead, these methods output are near-optimal solutions delivered in a
maximum amount of time.

Approximated methods can be further subdivided into two groups: (a) heuristics and (b)
meta-heuristics [56] [18] . Heuristic algorithms are search-based optimization methods that try
to obtain good solutions using experienced-based techniques to search intelligently, in promising
regions of the search space instead of a brute-force approach that enumerates and exhaustively
search for solutions. On the other hand, meta-heuristics approaches are composed of multiple
heuristics as sub-procedures that are used to search for near-optimal solutions interactively.

In this context, Bio-inspired meta-heuristic algorithms are a subset ofsoft-computing methods
that use biological phenomena present in natural systems as metaphors to their heuristic strategies
to search for solutions of optimization problems [56]. The e ciency of these algorithms is linked
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to their capabilities to explore a broad range of possible solutions by di erent search agents and
exploit the information gathered by them to avoid possible local optima.

Bio-inspired meta-heuristics display the following shared framework: (a) initialize search agents
with randomly generated possible solutions inside of the search space; (b) repeat iteratively search
operations that are used to explore and exploit solutions in the search space while converging in
a (near-)optimal mapping until a stop criterion is met;

The interest of the scienti c community in meta-heuristic methods, including the intense ge-
neration of new methods in the past decade, uses as theoretical base tho Free Lunch (NFL)
Theorem. The NFL theorem [57] [58] shows that all meta-heuristics algorithms have the same
performance on average when applied to all possible problems. In other words, if a meta-heuristic
Algorithm ; achieves better results than anotherAlgorithm , when applied to a set of problems,
Algorithm ; performs worse when applied on another set of problems, whewlgorithm , performs
better. For this reason, to decide what is the best bio-inspired meta-heuristic to optimize a com-
plicated family of optimization problems, it is essential to use and compare a signi cant number
of meta-heuristics on a range of combinations of problems.

In this work, bio-inspired meta-heuristics are categorized into two groups based on their me-
taphors: (a) evolutionary and (b) swarm intelligence algorithms.

Evolutionary  algorithms are inspired by Darwinian evolution theory that describes the
method in which a species population changes their individuals genetic material through generati-
ons as an adaptation to the environment. Algorithms in this category encode the possible solution
as the genetic material of an individual of the population and use the evaluation of the objective
function as the environmental pressure, forcing the population to adapt and consequently have
better individuals that correspond to possible improved solutions to an optimization problem.

Swarm intelligence algorithms use as inspiration for their metaphors the social behavior
displayed by some species of animals. Animals of these species have their members operate in a
dispersed fashion but, as a group, they are capable of accomplishing a common goal, for example,
search for food, mate or escape predators. Algorithms, in this category, generally encode a possible
solution as the position of an individual in the group and use the evaluation of the objective
function to force the movement of individuals towards improved solutions.

Figure 4.1 presents the taxonomy for bio-inspired algorithms for SOOP used in this work. They
are organized in a tree-like structure that points out the categories and relationships between the
di erent algorithms. The meta-heuristics displayed in Fig. 4.1 are identi ed by their acronyms
present as following: (a) Genetic Algorithm (GA) (Section 4.3.1), (b) Di erential Evolution (DE)
(Section 4.3.2), (c) Particle Swarm Optimization (PSO) (Section 4.3.3), (d) Salp Swarm Algorithm
(SSA) (Section 4.3.4), (e) Gray Wolf Optimization (GWO) (Section 4.3.5), (f) Elephant Herd Op-
timization (EHO) (Section 4.3.6), (g) Dragon y Algorithm (DA) (Section 4.3.7), (h) Moth-Flame
Optimization (MFO) (Section 4.3.8), (i) Whale Optimization Algorithm (WOA) (Section 4.3.9),

() Bat Algorithm (BA) (Section 4.3.10), (k) Adaptive DE (JADE) (Section 4.3.11), (I) Crossover
Strategy Adaptive - (Self)-Adaptive DE (CSASADE) (Section 4.3.12), (m) Discrete PSO (DPSO)
(Section 4.3.13), (n) Self-Adaptive PSO (SAPSO) (Section 4.3.14), (o) Hybrid Discrete PSO
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Makespan-based (HDPSO-M) (Section 4.3.15), (p) Single-Objective Adaptive DE (SOAMSDE)
(Section 4.4.1), () Adaptive GA (AGAvl) (Section 4.4.2), (r) Adaptive GA (AGAv2) (Section
4.4.3), (s) Adaptive GA (AGAV3) (Section 4.4.4), (t) Adaptive GA (AGAv4) (Section 4.4.5), (u)
Adaptive PSO (APSO) (Section 4.4.6), (v) Adaptive PSO (APSOv2) (Section 4.4.7), (w) Hy-
brid Discrete PSO Utilization-based (HDPSO-U) (Section 4.4.8), (x) Hybrid Discrete Adaptive
PSO Utilization-based (AHDPSO-U) (Section 4.4.9), and (y) Adaptive Gray Wolf Optimization
(AGWO) (Section 4.3.5).

Figure 4.2 presents a similar taxonomy but for bio-inspired meta-heuristics for MOOP used
in this work. The list of used meta-heuristic for multi-objective is shorter and are composed of
the following algorithms: (a) Non-dominant Sorting GA (NSGA-II) (Section 4.5.1), (b) Adaptive
Parameter with Mutation Tournament Multi-Objective DE (APMTMODE) (Section 4.5.2), (c)
Non-dominant Sorting Adaptive GA (NSAGA) (Section 4.6.1), and (d) Multi-Objective Non-
dominant Sorting Adaptive DE (MONSADE) (Section 4.6.2).

Bio-inspired
Algorithms

Evolutionary Swarm Intelligence
Algorithms Algorithms
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Figura 4.1 Classi cation structure of bio-inspired meta-heuristics for SOOP.
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4.2 Adaptive Techniques for Bio-Inspired Meta-Heuristics

Adaptive techniques for search-based optimization meta-heuristics can be categorized for their
goal: (a) parameter control strategies a subset of parameter setting strategies (Section
4.2.1) are responsible to adjust parameters during a meta-heuristic execution; and (badaptive
operation selection changes heuristic operators used by a meta-heuristic during their execution
(Section 4.2.2).
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Figura 4.2 Classi cation structure of bio-inspired meta-heuristics for MOOP.

4.2.1 Parameter Setting Strategies

Bio-inspired meta-heuristics relies upon parameters values to determine their behavior and ge-
nerally de nes whether their search operators that are responsible for exploration and exploitation
act aggressively in a local search or focus on a global search. The selection of these parameters va-
lues decides whether the algorithm is capable to correctly converge to an optimal value e ectively
or stop in a local minimum with premature convergence.

A taxonomy of the parameters: These parameters are eitheinternal or external ones.
Internal parameters are integrated into the meta-heuristic procedures with values decided
by the algorithm designer and not being capable of alteration by a user. Meanwhilegx-
ternal parameters are capable of being changed and tuned by a user. Both these types of
parameters values have to be con gured somehow by the algorithm designer or the algorithm
user using aparameter setting strategy . The di erence is that since the user does not
see internal parameters, it is entirely up to the algorithm designer to correctly set them.

A taxonomy of the parameter setting: Parameters values that are immutable during the
execution of a meta-heuristic are deemed astatic . In many cases, even static parameters
that have their values correctly set in a meta-heuristic are only suitable for a speci ¢ problem,
or family of problems, and does not achieve suitable results when applied to other groups
of optimization problems. For some pairs of meta-heuristic static parameters and specic
problems, this overspecialization of parameter values goes so far as being only satisfactory
for a stage of the problem optimization. This only further illustrates the importance of
parameter setting strategies in meta-heuristic algorithms.

As stated in [59] and then revisited in [60], there are two possible modes for parameters
values setting strategies in meta-heuristics: (a)parameter tuning , and (b) parameter
control . The search for (near-)optimal parameter values in a meta-heuristic by these para-
meter setting strategies by themselves are optimization problems that need to be optimized
on top of the search-based optimization performed by the bio-inspired meta-heuristic in
hand. For some optimization problems, the search space size of possible parameter values is
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even larger than the search space of the problem being optimized depending on how many
static parameters the meta-heuristic has.

Parameter tuning  : itis a strategy to search for (near-)optimal values forstatic para-
meters for all iterations of the heuristic algorithm. This search is generally an empirical
trial-and-error method where the whole optimization process is repeated multiple times
to nd parameters that bear good results when compared with others. If the objective
function evaluation is slow, the parameter tuning then becomes time-consuming or even
intractable. An example of parameter tuning in action is presented by [14], where there
was an intensive search to identify the best parameter values for a genetic algorithm
applied to a family of task mapping problems.

Parameter control : it is an alternative that adds techniques that are capable of

dynamically changing parameters values during a meta-heuristic execution while, con-
sequently, mitigating its dependence on a proper time-consuming initial parameter
tuning while improving the algorithm performance. Parameter control  mechanisms

are subdivided into three groups:

Deterministic ~ strategies: The parameter values are changed using rules that do
not take into consideration the algorithm performance. An example of this type
of strategy is present in iteration varying parameters such as the inertia weight
present on PSO-based algorithms [61].

Adaptive strategies: Adaptation mechanisms that receive feedback from the algo-
rithm performance and alter the values of the parameters based on this information.
These modi cations can also adjust the direction and speed in which the values of
the parameters change.

Self-Adaptive  strategies: Adaptation mechanisms that encode the parameter va-
lues into the algorithm decision variables and uses its optimization mechanisms to
search for the best set of parameters while optimizing the tness function.

Figure 4.3 illustrates the taxonomy of parameter setting strategies  for bio-inspired meta-
heuristics.

Parameter Setting

before executio during execution
Parameter Tunning Parameter Control
Strategy Strategy

Deterministic | | Adaptive | | Self-Adaptive
Strategy Strategy Strategy

Figura 4.3 Classi cation of bio-inspired algorithms parameter setting strategies.
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4.2.2 Adaptive Operator Selection

Adaptive Operator Selection mechanisms are part of another category of adaptive tech-
niques for bio-inspired meta-heuristics that, instead of changing parameter values, they change
heuristic operators. Generally, Adaptive Operator Selection chooses a search operator in a
pool of possible operators depending on the performance displayed by a meta-heuristic, a specic
operator or a search agent, and then combine or substitute them with other heuristic operators
already implemented in the meta-heuristic operator.

In this work, adaptive techniques (parameter control strategies and adaptive opera-
tor selection ) are also categorized depending on the following aspects of their functionality as
mentioned in [60]:

How changes are made : De nes the type of mechanism used, these mechanisms may be,
for example, static (with no change), deterministic, adaptive, and self-adaptive.

Parameter changed : Since a meta-heuristic can adopt multiple di erent parameter setting
strategies for their various parameters, it is important to de ne which parameter values are
changed by which parameter setting strategy.

Scope of change : De nes the range of in uence of an adaptive mechanism that could a ect
the population or just an individual search agent.

Evidence for changes : De nes the metric used to identify the need for change, for example,
an adaptation mechanism may rely upon the objective function as a metric, or diversity of
solutions in the population of search agents.

Regarding common parameters in bio-inspired algorithms, the number of search agents in a
meta-heuristic is a static external parameter shared by all bio-inspired algorithms. The size of the
population of search agents in uences whether an algorithm starts with enough information for
the problem components to exploit upon and consequently reducing the convergence time [62] and
if the algorithm does not have enough search agents to escape a local minima region [63] and [64].
Since it is astatic parameter, the correct approach is to use parameter tuning strategies to de ne
which population or swarm size should be used by a bio-inspired meta-heuristic when solving a
problem. However, in this work, the number of search agents is a parameter that was not focused
upon and not treated by parameter control strategies.

There are in the literature meta-heuristics that contains parameter control strategies to deal
with the size of the population, such as, for example, LSHADE [65]. Other common types of
parameters shared by multiple meta-heuristics in this work are those parameter values that con-
trol adaptive techniques, including parameter control and adaptive operation selection strategies.
These parameters are commonly treated as intern static ones with values controlled only by the
algorithm designer. However, these parameters can also be adjusted by other parameter control
strategies a ecting meta-heuristic behavior when searching for optimal parameters.
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By grouping the meta-heuristics based on the adaptive technique present in its methods, this
work has the following groups:

No adaptive methods : The following meta-heuristics does not contain any adaptive
methods: (a) GA, (b) DE, (c) EHO, (d) BA, (e) DPSO, (f) HDPO-M, (g) HDPSO-U,
and (h) NSGA-II.

Deterministic Parameter Control Strategies : The following meta-heuristics contains
this type of adaptation methods: (a) PSO, (b) SSA, (c) GWO, (d) DA, (e) MFO, (f) WOA,
(g) CSASADE, (h) SAPSO, (i) SOAMSDE, (j) AGAv2, (k) AGAV3, (I) AGAv4, (m) APSO,
(n) APMTMODE, (0) NSAGA, and (p) MONSADE.

Adaptive Parameter Control Strategies . The following meta-heuristics contains adap-
tation methods of this type: (a) JADE, (b) CSASADE, (c) SOAMSDE, (d) AGAvL, (e)
AGAv2, (f) AGAV3, (g) AGAv4, (h) APSO, (i) APSOV2, (j) AHDPSO-U, (k) AGWO, (1)
APMTMODE, (m) NSAGA, and (n) MONSADE.

Self-Adaptive Parameter Control Strategies . There are only one meta-heuristic that
uses this strategy: SAPSO.

Adaptive Operation Selection Techniques . The following meta-heuristics contains this
type of adaptation schemes: (a) CSASADE, (b) SOAMSDE, (c) AGAv3, (d) AGAVv4, (e)
APMTMODE, (f) NSAGA, and (g) MONSADE.

Figure 4.4 holds images that show an enumeration for the parameters, parameters strategies
settings and adaptive operation selection mechanisms to control them, for the meta-heuristics used
in this work. In this gure, the following acronyms are used (AOS ) Adaptive Operator Selection,
(DPCS ) Deterministic Parameter Control Strategy, (APCS ) Adaptive Parameter Control Stra-
tegy, (SAPCS ) Self-Adaptive Parameter Control Strategy, (ISP ) Internal Static Parameter, and
(ESP) External Static Parameter.
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(a) SOOP from literature, where the y-axis represents the number of parameters or adaptive techniques.

(b) SOOP developed in this work, where the y-axis represents the number of parameters or adaptive
techniques.

(c) MOOP.

Figura 4.4 Number of parameters and parameter setting strategies for each meta-heuristic in
this work.
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4.3 Single-Objective Optimization Bio-Inspired Meta-Heuristics
from Literature

4.3.1 Genetic Algorithm (GA)
4.3.1.1 Meta-Heuristic Description

Genetic Algorithm (GA) is an evolutionary meta-heuristic in which the solutions held by search
agents are interpreted to be genetic material in individuals in a populationP of sizen. Each ith
individual holds a possible solutionx; that is an integer vector formed by d components and each
component is called a chromosome. The GA implemented in this work is based on the ones present
in [14] and [45]. Algorithm 4 describes the implemented GA pseudo-code.

Algorithm 4 Genetic Algorithm (GA)

INPUT: Obijective Function (f ()) 6 Prew = ;
Iterations (1) 7 for i =1 to b5cdo
Number of individuals (n) 8: Binary Tournament Selection
Number of chromosomes ) 9 One-Point Crossover
Lower-bound vector (Ib) 10: Uniform Mutation
Upper-bound vector (ub) 11 Evaluate generated o springs
Mutation rate ( pm) 12: Phew  Xnew1
Crossover rate ) 13: Prew  Xnew2

OUTPUT: Best solution (X pest) 14: end for

1. procedure GA (f;1;n;d; Ib;ub;pm;pc) 15: P = Sort P[ Ppew

2 Initialize x;(i =1;::;n) 16: Remove individuals inP until jPj= n

3 Evaluate f (x;) 17: Update Xpest

4: Obtain best Individual X pest 18: end for

5 for k=1tol 1do 19: return  Xpest

20: end procedure

Solutions in the population are generated during an initialization step (lines 2 to 4 in Algorithm
4) using a uniform distribution that generates chromosomes randomly inside of the search space
given the integer vectorsub and Ib that are composed by the upper and lower bounds values for
the search space components.

Since the chromosomes are integer values, GA is expected to be used in single-objective COP
optimization problems with an objective function f where the search space is a subset bi°. After
the population generation, the solutions in P evolves through | iterations using three genetic
operators: (a) selection , (b) crossover , and (c) mutation

The selection operator chooses the ttest individuals of the population to transmit their chro-
mosomes to the next generation as parents to their o spring [66]. The selection strategy used is
a binary tournament selection where to every new o spring two pairs of di erent individuals
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are randomly selected from the populationP and the ttest individual of each select pairs is in
turn selected as one of the parents.

After selection, GA applies a crossover operator on a pair of parents simulating a reproduction
scheme by exchanging chromosomes between both parents. In this work, the crossover operator
used in GA is the single-point crossover operator where, if a pair of parents pass a random
check using acrossover rate pe, a random index rq 2 [1;d] called crossover point is used
to separate and swap chromosomes from both parents to generate two o springs that are new
individuals with new solutions formed with chromosomes from both parents. Figure 4.5 illustrates
a graphical representation of a single-point crossover operation functionality being applied on two
parents solutions p,, Xp,) to generate two o springs (Xo1, Xo2) given a crossover pointrq. If
the pair of parents does not pass the random check, their solutions are copied on to the next
generation as two new o springs.

ld
Xp1 1 0 2 2
Xpy: 1 1| 2 | o= o \
Xor 1l ol 2 =1 =1 o /
Xo1: S | | | I R |

Figura 4.5 Graphical representation of a one-point crossover operator.

At last, after the crossover operation, GA applies arandom gene ip mutation operator
that modi es the chromosomes of the o spring individuals stimulating the addition of diversity in
the solutions present in the population and helping the algorithm to avoid local minima. For every
jth chromosome in an o spring solution, the mutation operation performs a random check with
the mutation rate  pn, to substitute this chromosome's original value with a randomly uniform
generated value inside of the rangglb; ; uby ].

After the application of genetic operators, GA uni es both the initial population P and the
new population of o springs Pnew then sort their evaluation results in ascending order. The new
uni ed population has its size reduced by removing their last individuals since it was ordered these
represent the worst solutions until only the bestn individuals are left. This new solution is then
used as a parent population for the next GA iteration. This elitist process of leaving only the best
solution allows the algorithm to converge with the best solution for the single-objective function
f at hand.
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4.3.1.2 Parameters Description for GA

GA has two external static  parametersp,, and p; that controls, respectively, the rate in which
the solutions exchange components and the rate in which new solution components are added, or
re-added, to the population P . For a better GA performance, these parameters values should be
con gured using a parameter tuning  strategy depending on the problem being optimized.

4.3.2 Dierential Evolution (DE)
4.3.2.1 Meta-Heuristic Description

Di erential Evolution (DE) [67] is an evolutionary bio-inspired meta-heuristic algorithm that
uses two strategies to explore and exploit the solutions in a search space: (ajutation strategy
Add population diversity by creating new solution components; (b) crossover strategy : Transfer
information between new and old solutions to exploit known solution components. Even though
these strategies are similar to the genetic operators in GA, the approach in which DE generate
and keep new solutions is di erent from GA.

DE has a population P of n individuals and eachith individual is composed of ad-dimensional
real vector that, during the kth iteration of the algorithm, is represented asxik. Vector x}‘ is a
possible solution for a continuous SOOP with an objective functionf with a search space being a
subset of RY.

Since solutionsxi(k) are continuous, to use DE to optimize a COP problem with a search

space inNY, in this work, continuous solutions are rounded in an element-by-element basis before
evaluating the objective function. This same approach is repeated to any bio-inspired algorithm
that holds continuous solutions in their search agents.

During DE initialization, P has its individuals randomly generated inside of the continuous
search-space using uniform distributions for each component of each individual given the real
vectors ub and Ib that is composed by the upper and lower bounds values for the search space.

After the initialization, the population evolves through multiple iterations using mutation and
crossover strategies on each individual until a nal iteration | is reached. In this work, DE uses a
rand/1 mutant strategy  where anith individual xi(k) generates a mutant vectorv; according
to the following equation:

vi=x®+ F(x® x K (4.1)
whererq, ro, r3 2 [1;n] are dierent random indices, and F is an external static parameter

called scaling factor .

Following the mutation, DE uses a binary crossover strategy  that uses the mutant vector
v; to diversify the components ofxi(k) by combining both vector as a trial vector u; using Eq. 4.2
for everyj element of the solution. Note that this process truncates the mutant vector components
back to the search space boundaries.
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8
_ <min(uby;max(lbj;vij)) ifr CRorj=rj

(k) ’

Ui
i otherwise

= . (4.2)
"X

wherer is a random real number in[0; 1), rj is a random index in[1;d] kept for all j, and CR is a

external static parameter in [0; 1) called crossover rate . The parameter CR controls the rate

in which new solution components are added to the populationP.. A DE-based algorithm that

uses both the previously described mutation and crossover strategies is calldoE/rand/1/bin .

The trial vector u; is evaluated using the objective functionf , and its result is then compared
with the evaluation previously obtained by the individual xi(k). If f(uj) <f (xi(k)), then xi(k) is
replaced by u;. This replacement process in DE-based algorithms is calledelection strategy ,
and it is represented by the following equation:

8
wey _ Sup o iffu) <f (x|

| *x® otherwise

X (4.3)

The pseudo-code forDE/rand/1/bin  algorithm is present in Algorithm 5.

4.3.2.2 Parameters Description for DE

DE has two external static parametersF and CR, and their values control the exploration
and exploitative behavior of the meta-heuristic. These parameters control, respectively: (af
in uences the importance of the di erence between individuals when generating mutant vectors
a ecting the algorithm exploration; (b) CR in uences the rate in which components of generated
mutant vectors are added in possible new solutions; For these reasons, the use of a parameter
tuning strategy to adjust F and CR may improve DE performance.

Algorithm 5 Di erential Evolution (DE/rand/1/bin)

INPUT: Objective Function (f ()) 4 Obtain best Individual X pest
Iterations (1) 5 for k=1tol 1do
Number of individuals (n) 6: for i =1 tondo
7
8
9

Number of dimensions () (rand=1) Mutation . Eq. 4.1
Lower-bound vector (Ib) Binary Crossover . Eq. 4.2
Upper-bound vector (ub) Selection . Eq. 4.3
Scaling factor (F) 10: end for
Crossover rate CR) 11: Update X pest

OUTPUT: Best solution (X pest) 12: end for

1. procedure DE(f;1;n;d; Ib;ub;F;CR) 13: return  Xpest

2 Initialize xi(o)(i =1;:5n) 14: end procedure

3 Evaluate f (x i(o))

73



4.3.3 Particle Swarm Optimization (PSO)
4.3.3.1 Meta-Heuristic Description

Particle Swarm Optimization (PSO) [61] [68] is a swarm intelligence meta-heuristic inspired
by the social behavior of sh schools and ocks of birds. Search agents in PSO are called particles.
To simulate the swarm search for food, every particle in PSO has a memory about the best food
source it has found so far and also exchanges information with other particles to know where the
swarm has found the best food source. This pattern of information exchange exploits the swarm
knowledge to increase the algorithm convergence by nding better food sources when exploring.
The pseudo-code for PSO is present in Algorithm 6.

Algorithm 6  Particle Swarm Optimization (PSO)

INPUT: Objective Function (f ()) 5 WO = Wiital
Iterations (1) 6: Xi;pbest = xi(o)
Number of particles (n) 7. Obtain best solution X pest
Number of dimensions () 8: for k=1tol 1do
Lower-bound vector (Ib) 9: W= Wiing + <Winal_ Winial )
Upper-bound vector (ub) 10: for i=1tondo
Initial weight ( Winigal ) 11: Calculate v . Eq. 4.4
Final weight (Wina ) 12: Calculatexi(k) . Eq. 45
Maximum particle speed (Vmax) 13: Evaluate f (x i(o))
Social factor (c1) 14: Update X ppest
Cognitive factor (cp) 15: end for
OUTPUT: Best solution (X pest) 16: Update X pest
1. procedure PSO 17: end for
2: Initialize xi(o)(i =1;::n) 18: return  Xpest
3: Initialize vi(o) (i=1;:5n0) 19: end procedure

4: Evaluate f (x i(o))

PSO has a swarm ofP. particles and eachith particle has a d-dimensional real vectorxi(k)
that represents its position during iteration k as well as being a solution for a single-objective
function f . Besides its position, anith particle also holds a copy for the position of its personal
best evaluation X phest;, @ reference to the global best position found by the swarnxpest, and, to

model the swarm movement, a speed vectovi(k).

During the initialization, particles positions are initialized using a random uniform distribution
in the interval [lbj;uly] for eachjth component for each particle with ub and lb being vectors
that are composed by the upper and lower bounds values for the search-space. Speed vectors
also have their components initialized in a similar fashion as the positions, however, the random
uniform distribution used is inside [ Vmax;Vmax] Where vmax iS an external static parameter
called maximum speed . In other words, eachjth component of the speed vector for theith
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particle is constrained Vij 2 [ Vmax; Vmax]-

Equation 4.4 calculates the speed components for eaglth particle moving inside of the search
space.

(k+1) _

. k k k
Vi MIN( Vmax ; Max( Vmax ;WVi(;' Ly C1r'1(Xpest; Xi(;j )) + CZrZ(Xpbestj Xi(;j )))) ; (4.4)

)

wherer; and r, are random real values generated using uniform distribution in[0; 1], and w is an
internal parameter calledinertial weight . External static parametersc; and c, are called,
respectively, social and cognitive factors.

After calculating the speed for the particles, their position inside of the search space are
updated using the following equation:

(k+1)

5 = min( uly s max(iby; x(y + v *)): (4.5)

X i i

For every iteration, the inertial weight ~w() is adjusted using adeterministic parameter
control strategy that decreases linearly the values for weights throughout iterations between
two external static parameters Winitial  @nd Wging called initial inertial weight and nal
inertial weight

4.3.3.2 Parameters Description for PSO

PSO has ve external static parametersWinitial » Winal » Vmax . €1 and ¢. All of these para-
meter in uence the performance of PSO as following: (a)winitiay iN uences particles movement
during the rst iterations a ecting PSO exploration. It is suggested that Winiia 2 (0;1) to im-
prove convergence; (b)Wsina  in uences particles movement during last iterations a ecting PSO
exploitation of information gathered during execution. PSO expectsWiinal < Winital With sug-
gested valuewsing 2 (0;1) to improve convergence; (c)c; and ¢ in uences the PSO behaviour
towards global or local search, respectively, by a ecting the tendency of particles movement in
direction of the global optimal or their local optimal. When c; < c1, the PSO keeps an aggressive
approach prone to fast convergence but susceptible to be a premature one. In the other case, when
C, > C1, the algorithm acquire a more conservative instance with the particles focusing more on
their local than the global optima resulting in converge that takes more iterations. As analyzed
in [69], for PSO convergencec; + ¢; 2 [0;4]; (d) vimax inuences PSO exploration by controlling
the maximum absolute value that a particle is allowed to move in a single dimension in the search
space. If particles are allowed to move in long steps, they may escape local minima but are prone
to jump over possible good solutions. A suggested value forvpnax 2 [0; 1]jjub  Ibjj.

PSO has aninternal parameter adjusted by adeterministic parameter control strategy
the inertial weight ~ w. The parameterw in uences PSO to alternate between a more exploratory
stage with particles moving by large steps in the search space to a more exploitative stage with the
particles moving with small steps. This change in behavior is advantageous because, during the
last iterations, the algorithm is expected to be closer to the global optima, and only a re nement
of the solution is necessary.
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4.3.4 Salps Swarm Algorithm (SSA)
4.3.4.1 Meta-Heuristic Description

Salps Swarm Algorithm (SSA) [70] is a swarm intelligence bio-inspired meta-heuristic inspired
by the social behavior of small animals called salps. Salps are marine animals similar to jelly sh
that live in deep-sea waters and feed on plankton and moves through their environment as a
chain of group members following a leader and collaborate foraging for food. The pseudo-code in
Algorithm 7 represents SSA.

Algorithm 7 Salp Swarm Algorithm (SSA)

INPUT: Objective Function (f ()) 7 Update c; . Eq. 4.7
Iterations (1) 8: for i =1 to ndo
Number of salps ) 9: if i =1 then
Number of dimensions () 10: Update leaderx (1k) . Eq. 4.6
Lower-bound vector (Ib) 11: else
Upper-bound vector (ub) 12: Update followerxi(k) . Eqg. 4.8
OUTPUT:  Best solution (X pesi) 13: end if “
1. procedure SSA(f;1;n;d; Ib;ub) 14 Evaluate f (x;™)
L ©) i —anii. 15: end for
2: Initialize salps x;” (i = 1;:::;n) 16 Update X oo
3 Evaluate f (x i(o)) 17- end for
4: Sort P¢ 18: return  Xpest
5 Obtain Xgoq 19: end procedure
6 for k=1tol 1do

SSA model the salps as a swarn®P. of n salps and eachith salp has its position de ned as a
d-dimensional real vectorxi(k) that is also a possible solution for a objective functionf .

The swarm members can assume two types: (a) leader or (b) follower. The de nition for
a type of a salp takes place during the initialization stage. In this stage, the salps have their
positions randomly generated inside of the search space. These positions are then evaluated using
a single-objective functionf . After the evaluation of every position, SSA sorts the population
in ascending order of objective evaluation and using this ordered swarm SSA gives to each salp
its rank based on its index in the sorted swarm. The rst salp with index i = 1 is the leader.

Meanwhile, all other salps are followers.

The leader is the salp that moves around the food position, namely, the best solution, and
leads the other salps to do the same. The leader salp has its position updated using the following
equation: 8

(kel) _ Xfoodj * C1rauly Iy +1o  ,ifra 05
X1 = = . . ; (4.6)
' Xfood;j CL I Uh |bj + |bj , if rr < 0:5
(k)

where X3 is the leader position at dimensionj and kth iteration, xﬂ%d is the food position
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representing the best solution found so far. Vectoraib and Ib holds the upper and lower bounds
values for the search space. Random real numberg andr, are in [0; 1) and de nes which direction

the leader should move away or towards the food. Arinternal parameterc; has its value adjusted
every iteration by a deterministic parameter control strategy

Equation 4.7 represents thedeterministic control parameter strategy calculation of c;

during iterations.
4k

cg=2e ' ; 4.7
wherek is the current iteration and | is SSA maximum number of iterations.
The followers salps update their positions using the following equation:

k+1 k k
x( =05 x{ + xy (4.8)

where xi(;'j‘) with i > 1isjth component for the ith salp position. This update method forces the
salps to follow the salp with one rank above it. It has as a consequence that the swarm moves in a

chain-like pattern that sweeps across the search space seeking for the food position (best solution).

4.3.4.2 Parameters Description for SSA

SSA has noexternal static parameters and its singleinternal parameter ¢, is adjusted by a
deterministic control parameter strategy . The parameter c; in uences SSA by alternating
its behavior between exploration and exploitation by de ning whether the leader salp moves by
large or small steps inside of the search space.

4.3.5 Gray Wolf Optimization (GWO)
4.3.5.1 Meta-Heuristic Description

Gray Wolf Optimization (GWO) [71] is a swarm intelligence meta-heuristic that uses as a
metaphor for their heuristic search operators the social behavior observed in wild packs of wolves
when hunting. Their behavior presents a hierarchical assignment of di erent tasks between pack
members. Both in the wild as in GWO, wolf packs are divided into four hierarchical groups: a)
alpha ( ): They are the leading wolves, and the others follow them when hunting; b) beta ():
The second in command and give support to the alpha when hunting. Alpha wolves come from
this group when an alpha becomes old or dies; c) delta {: The third in command. In the wild,
this group has old alphas and betas, sentinels, scouts and caretakers of the pack pups; d) omega
('): All other wolves in the pack are part of this group, and they submit to wolves in the former
groups. In GWO, the omega wolves are responsible for exploring the hunting grounds following
the wolves from the upper hierarchical groups , and . Pseudo-code for GWO is present in
Algorithm 8.

The wolf pack P is formed by n omega wolves with eachith wolf position at iteration k
expressed asxi(k) in an d-dimensional hunting ground while following the alpha, beta and delta

wolves positions expressed as ,x andx , respectively, and representing the three best solutions.
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Algorithm 8  Gray Wolf Optimization (GWO)

INPUT: Objective Function (f ()) 7 for k=1tol 1do
Iterations (1) 8: a=2 2k
Number of wolves () 9: for i=1tondo
Number of dimensions ¢) 10: Update W0|in(k) . Eqg. 4.13
Lower-bound vector (Ib) 11: Evaluate f (xi(k))
Upper-bound vector (ub) 12: Update x Best Solution
OUTPUT: Best solution (X pest) 13: Update x 2nd best Solution
1. procedure GWO (f;1;n;d; Ib;ub) 14: Update x 3rd best solution
2: Initialize wolves xi(o)(i =1;::n) 15: end for
3 Evaluate f (x i(o)) 16: end for
4; Update x Best Solution 17: Xbest = X
5 Update x  2nd best Solution 18: return  Xpest
6 Update x 3rd best solution 19: end procedure

In GWO initialization, ! wolves positions are generated randomly inside of the search space
using a uniform distribution in [lb;;uly] for eachjth dimension for eachith omega wolf. Then
these positions are evaluated using the single-objective, and the three best solutions are de ned
as positions for the wolf leaders, respectively, alpha, beta, and delta.

During every iteration, omega wolves follows each of their superiors using Eq. 4.9, Eq. 4.10
and Eqg. 4.13, respectively, for , and wolves.

8
. K) .
< oxgo=de xg X 4.9)
TXp =X AL Xy
8
< — (k)
X H JC2 X ] Xl,] J (4 10)
TXf =Xy Az Xy
8
< — i (k)
X;j = ]G3 X;j Xi;j J . (4 11)
X=Xy Az X
in these equations, x; , x;,and x; are the dierences between positions of the leader
wolves and the omega wolfxi(k) in a component j. Vectors x(f ;j), x¢ ; and x; ; are the
positions for the ith omega wolf in dimensionj, if it would only follow a single leader , or ,
iti for the ith If in di ionj, if it Id only foll ingle lead

respectively. Parameterscy, ¢, and ¢z are randomly generated real values in0; 2] and A1, Ao,
and A3 are internal parameters calculated using Eq. 4.12.

An=2ar, a (4.12)

wherem 2 f 1;2; 3g and r, are di erent randomly generated real values inside[0; 1]. An internal
parameter a adjusted by a deterministic parameter control strategy that decreasesa linearly
throughout the iterations between 2 and 0.
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At last, the position of omega wolves for eachjth dimension is updated as the arithmetic
average betweerx: , X and x; . It is expressed in the following equation:

(k+#1) _ Xf 5t Xe ot X

Xij 3

(4.13)

4.3.5.2 Parameters Description for GWO

GWO does not have anyexternal static parameters. However, its exploratory and exploi-
tative behaviors relies on itsinternal parameters: (a) a, (b) A1, (¢) Az, and (d) Az. The value
for a is controlled every iteration by a deterministic parameter control strategy decreasing
linearly between 2 and 0. Parameter a controls the algorithm by a ecting the parameters A1, Ao,
As. Sincea decreases with iterations, the algorithm tends to an exploratory behavior during the
rst iterations and an exploitative one during the last iterations.

The variables A, with m 2 f 1; 2; 3g varies every iteration randomly in the interval [ a;a] and
they in uence whether the wolf should depart from a leaderjAnj> 1 or move towards a leader
jAmj< 1 for eachjth dimension.

4.3.6 Elephant Herd Optimization (EHO)
4.3.6.1 Meta-Heuristic Description

EHO algorithm [72] is a swarm intelligence based meta-heuristic that uses as inspiration the
behavior of elephant herds in nature. Elephants are social animals, and a group of them is
composed of multiple clans that live together following a matriarch leader. In these clans, males
when reaching reproductive age, they separate from these clans to live alone. EHO algorithm is
present in pseudo-code form in Algorithm 9.

EHO has a population P of n elephants with positionsxi(k) that are d-dimensional real vectors
as well as solutions for a single-?bjecti\@ functiorf . P is subdivided into Nans clans P, with
n = f1;::; Ngans g With same size —2— . Ngans iS a external static parameter in EHO.

N clans

In the initilialization, EHO generates randomly n solutionsxi(o) for f given that each compo-
nent is bounded by the elements in vectordb lower-bounds andub upper-boundaries, and use
this solutions as positions for each elephant. Then, EHO subdivides these solutions randomly
in its Ngans and evaluate each elephant position. For each generated clan, EHO patrtitions the
elephants into two types depending on their initial evaluation: (a) matriarch that represents the
best solution, and (b) followers elephants that represent other solutions.

Elephants positions are updated during the iterations by a representation of the social aspect of
the elephants inP. that is expressed by applying two operations over each clan: (a) clan updating
and (b) separating operators.

The clan updating operator updates elephants in each clan. Each follower elephant in a clan
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Algorithm 9  Elephant Herd Optimization (EHO)

INPUT: Obijective Function (f ()) 4: Evaluate f (xi(o))
Iterations (1) 5: De ne matriarchs for each clan X cmat
Number of elephants ) 6: De ne worst for each clan X c.worst
Number of dimensions () 7 for k=1tol 1do
Lower-bound vector (Ib) 8: SaveNyep: best elephants in each clan
Upper-bound vector (ub) 9: Update followers in clans . Eq. 4.14
Number of clans (Ngjans) 10: Update matriarchs in clans . Eqg. 4.15

Separate operators in clans . Eq. 4.17

11:
Number of kept elephants
P P WNicepr) 12: Evaluate f (xi(k))

Scaling factor ()

) 13: De ne matriarchs for each clan X ¢mat
Center scaling factor () 14: De ne worst for each clan X c.worst
OUTPUT: Best solution (X pest) 15: ReplaceNep: Worst in clans
1: procedure EHO 16: Update X pest
2: Initialize elephants xi(o)(i =1;::n) 17: end for
3 Separate elephants ifNgans clans 18: return - Xupest

19: end procedure

has its position updated using the following equation:

(k+1)

k
Xl = XE:;I) *r Xegmat  Xcl s (4.14)

wherexg‘,) is a position for the Ith elephant that is part of the cth clan at iteration k, and X c:mat
is the position for the matriarch in cth clan. The real number r is randomly generated in[0; 1],
and is anexternal static parameter.

The matriarch elephant position of clan ¢ is updated using the following equation:
Xcbest =  Xcicenter (4.15)

where is an external static parameter and X c.center 1S the center position of the cth clan and
it is calculated using the following equation for eachj th component of X ¢.center :

Xc;centerj = inj Xeilj s (4.16)
ni

where X is the jth component of the Ith elephant in clan c.

The separating operator updates the worst elephant in each clan by creating a completely new
random solution using the following equation:

whereris a random real number in[0; 1], Xc.worstj IS the j th element for the position of the elephant
with the worst evaluation in clan c, uly is the search space upper-boundary fofth dimension,
and Ib; is lower-boundary for search spac¢th dimension.
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After the application of clan update and separating operators, the elephants are evaluated,
and then, an elitist process keeps thé\yep: best solutions in each clan from previous iterations to
replace the elephants with the worst evaluations in the current solution after the evaluation. The
integer Nyept iS an external static  parameter.

4.3.6.2 Parameters Description for EHO

EHO has three external static parameters: (a) , (b) , (C) Ncans, and (d) Nyept. These
parameters need to be con gured before the algorithm execution through a parameter tuning
process for better performance for the algorithm.

The value for 2 [0;1) in uences the exploration of EHO by working as a scaling factor for
the di erence between a matriarch position and a follower elephant in each clan. If is large,
then the chances for elephants to quickly move towards their matriarch increases and EHO clans
su ers premature convergence. Otherwise, if is too small, the elephants move slower towards
their matriarch and EHO has lower convergence speed.

The parameter 2 [0; 1) in uences the exploration by controlling the movement of the matri-
arch in each clan towards the center of their clan. For this reason, controls the speed in which
all solutions drift towards the center of each clan. The parameterN¢ans controls how many clans
in the population of elephants, and it in uences EHO exploration by de ning Nans local optimal
in which elephants in each clan will move towards during the initial iterations. The parameter
Niept adjust the (re-)entrance of past good solutions in the clan, and it helps the exploitation of
the algorithm.

4.3.7 Dragony Algorithm (DA)
4.3.7.1 Meta-Heuristic Description

DA [73] is a swarm intelligence meta-heuristic that uses as a metaphor for its procedures the
collective behavior of adult dragon ies in nature. Dragon ies are predator insects and have a
range of smaller animals in their diet. When ying in a swarm, dragon ies behaves in three
types of movements: (a) static movement: when hunting, dragon ies in small groups y back
and forth searching for prey; (b) migration: when hunting, the whole swarm ies in the same
direction to migrate from one hunting ground to another; (c) escape: dragon ies are also predated
upon by birds and other animals. To survive, the swarm combines an escape movement from
predators ying away from identi ed threats while converging to the prey position. DA is shown
in pseudo-code form in Algorithm 10.

DA optimization has a swarm P of n dragon ies. Each ith dragon y holds a position xi(k) in

a d-dimensional continuous search space and a possible solution for the objective functidn The
ith dragon y also contain their speed information represented asvi(k) at iteration K.

During the initialization, DA generates n random solutions for single-objective function f
inside of the search space de ned by the upper and lower boundaries present as elements in the
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Algorithm 10  Dragony Algorithm (DA)

INPUT: Objective Function (f ()) 10: for i =1 to ndo
Iterations (1) 11 Obtain X inbrs
Number of dragon ies (n) 12: if Xinbrs 6 ; then
Number of dimensions €) 13: Calculate Xj.sep . Eqg. 4.18
Lower-bound vector (Ib) 14: Calculate X -aji . Eq. 4.20
Upper-bound vector (ub) 15: Calculate Xi-con . Eq. 4.21
OUTPUT: Best solution (X pest) 16: Calculate X j-att . Eq. 4.22
1: procedure DA (f;1;n;d; Ib;ub) 17: Calculate Xirep . Eq. 4.23
2 Initialize wolves xi(o)(i =1;:;5n) 18: Update vi(k+l) . Eq. 4.24
3 Initialize v©@ (i=1;:;N) 19: x D =y (K (D)
4 for k=1 to | do 20: else
5: Evaluate f (x ) 21: Update x & . Eq. 4.28
6: Update X pest 22: end if
7 Update X worst 23: end for
8 Update W; Wsep; Wali ; Weoh; Watt ; Wrep 24 end for
9 Update n, . Eq. 419 25 return  Xpest

26: end procedure

d-dimensional vectorslb and ub.

The position of a dragon y is updated analogous to particles in PSO (Section 4.3.3) using Eq.
4.5. DA emulates the di erent movements displayed by a dragony in nature by constructing a
speed with terms that depend on the following types of movements: (a) Separation (static), (b)
Alignment (migration), (c) Cohesion, (d) Food attraction, and (e) Enemy repulsion.

The separation term visep for a dragony i is calculated using the following equation:

X 0
Vi:sep = (XEnbrs — Xi0); (4.18)

Xinbrs 2 X iznbrs

Wherexi(k) is the ith dragon y position at iteration Kk, and X.nprs is the Ith neighbor dragony in

the set X inprs Of neighbors for theith dragon'y.

The neighborhood for the ith dragony Xinns is formed for the dragon ies with positions
inside of a hypersphere in the search space with the center ini(k) and a radius ofn,. Parameter
n, is the neighborhood radius , and it is an internal parameter that has its value increased th-
roughout the algorithm execution by a deterministic parameter control strategy as described
by equations:

n, = jjub Ibji o:1+|E ; (4.19)

whereub and Ib are the vectors holding the upper and lower boundaries values for the search-space.
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The alignment term vi.5; for the speed ofith dragon y is calculated by the following equation:
1 X

JX i:nbrs | inbrs ( )

Viali =

Vinbrs 2 X inbrs

where Vi IS the speed for thelth dragon y with position neighboring that of the ith dragony
by being part of X inprs -

The cohesion termv;.con for the ith dragony uses the following equation:

1 X K)

i - N, . N H y 4.
VI,COh JX i;nbrs_l Xl,an'S Xl ( )

Xinbrs 2 X inbrs
where X -nprs IS the Ith neighbor dragon y in the set X i.nprs in the set of neighborsX inprs -

The attraction towards food term vi: for a dragony i is calculated using the following

equation:

k
Viat = Xpest X\ (4.22)

where X pest IS the food source position and it is represented by the best solution found so far.
The repulsion enemy termvie, for a dragony i is calculated using equation:
e = + x (K. 4.23
Virep = Xworst T X 73 (4.23)

where X worst IS the predator position and it is represented by the worst solution found so far by
DA.

At last, the speed of theith dragony vi(k) in the swarm is updated using equation:
k+1 k
Vi( ) = WsepViisep T Wali Vizali + WeohViicoh ¥ Watt Viatt + WrepVirep + WVi( ); (4.24)

where W, Wsep, Waji, Weoh, Wat @and Wrep are internal  parameters. The values forwsep, Waji,
Weoh, and Wyt are updated using Eq. 4.25. Meanwhilew,ep is adjusted every iteration using a

deterministic parameter control strategy de ned by Eg. 4.26 and w is also controlled by
another deterministic parameter control strategy represented in Eq. 4.27.
Wtype = Ttype Wrep; (4.25)

where type = fsep; ali; coh; attg, and rype is a random real number in[O; 1].
k 1 .

I )
(kD).

T
In Equations 4.26 and 4.27,k is the current DA iteration, and | is the maximum number of
iterations. The real numbers winiiay and wsing are internal static  parameters.

Wrep =0:1 1.0 (4.26)

W = Winitial ~ (Winitial ~ Wrinal ) (4.27)

Whenever a dragony i has no neighbors around its position, i.e.X inprs = ;, DA enters in
an exploitation phase for the ith dragony by using a random Lévy y method to modify its
position instead of using its speed vectowi(k) This update process follows Eq. 4.28, and the Lévy
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y method uses Eq. 4.29 with =1:5 =0:6966 wherer; and r, being random real numbers
in [0; 1).

k k

r

Iy

(4.29)

4.3.7.2 Parameters Description for DA

DA is a meta-heuristic that does not hold any static external parameter to be adjusted using
a parameter tuning strategy . However, DA exploration and exploitation depends upon seven
internal parameters: (a) n, is the neighborhood radius for dragon ies in the swarm, (b) Wsep iS
the importance factor for the separation term, (c) wyj; is the importance factor for the alignment
term, (d) weon is the importance factor for the cohesion term, (e)wgy: is the importance factor
for the attraction term, (f) wep is the importance factor for the repulsion term, (9) Winitiar  initial
inertia weight, (h) wsing hal inertia weight, and (i) w is the inertia weight

Parameter n; is adjusted by a deterministic parameter control that increases its value
over iterations. As n; increases, DA alternates between a local search stage with multiple small
neighborhoods of dragon ies in uencing each other to global search stage with a single large
neighborhood with a radius as big as the search space.

Parameters Wsep, Wali , Weoh, @and War depends onwrep and has its values changing randomly.
While, wiep is adjusted by a deterministic parameter control that decreases its value over
iterations. Parameter wsep in uences the speed in which dragon ies are repelled from the worst
solution found so far, and by doing so, it a ects DA convergence. Also,wsep inuences other
internal parameters.

The values ofwiniiar and wiing are static internal  parameters, and, similar to its counter-
parts in PSO (Section 4.3.3), they control how large is the steps of dragon ies movement during
the initial and nal iterations. The values used are Winitiazy = 0:9 and Wsina = 0:4. A determi-
nistic parameter control adjusts parameterw, and it a ects the change between exploratory
to exploitative behavior for DA.

4.3.8 Moth-Flame Optimization (MFO)
4.3.8.1 Meta-Heuristic Description

MFO [74] is a swarm intelligence meta-heuristic inspired by the localization method used by
moths in nature that brings them towards light sources during night time making spiral move-
ments. Often these erratic pattern movement makes the moths converge to the position of the
light source, and MFO optimizes an objective function by simulating this convergence aspect of
moths movement. MFO is presented in pseudo-code in algorithm 11.
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Algorithm 11  Moth-Flame Optimization (MFO)

INPUT: Objective Function (f ()) 5: Sort P,
Iterations (1) 6: Calculate Nfjames . Eqg. 4.31
Number of moths (n) 7 Create ames based on bestNfames
Number of dimensions () moths
Lower-bound vector (Ib) 8: for i =1 to ndo
Upper-bound vector (ub) 9: Map moth i to closestj ame
Parameter (b) 10: Update x "% . Eq. 4.30

OUTPUT: Best solution (X pest) 11 end for

1. procedure MFO (f;1;n;d; Ib;ub, b) 12: Update X pest

2 Initialize moths xi(o)(i =1;:5n) 13: end for

3: for k=1tol do 14: return  Xpest

4: Evaluate f (xi(k)) 15: end procedure

MFO has a swarmP ¢ with n moths with positions represented asl-dimensional real vectorsx;
with i = f1;:::;;ng. Apart from the moths positions, MFO also has N¢ame ames (light sources)
with positions x¢, with | = f1;::;; Nriames g that represent the best found solutions for the objective
function f. The integer number N¢ame IS ainternal parameter controlled by a deterministic
parameter control

In MFO initialization, for each moth position is assigned a randomly generated solutionxi(k)
inside of the search space with boundariesib and Ib, where ub has in its elements the upper
boundaries, andlb is composed of the lower ones. Also, during the initialization, ames positions

are assigned as the best solutions for each moth position.

During MFO iterations,each ith moth in the swarm has its position attracted by its visible
ame emulated in the following equation:

k+1 . k).
xi(;j+ ) = jxg ’ xi(;j)Jebrcos(Z )+ Xy ; (4.30)
Vector Xx;j; is the position of the ith moth at jth dimension, X | is the position of the Ith ame
visible by moth i, bis an external static parameter, andr is a random value in[ 1;1].

The number of ames Nsames linearly over iterations, and as it happens, the mapping of
moths to ames stops to be one-to-one and starts to be many-to-one. The process to pair thigh
moth to the Ith ame is to choose the ame position closest to mothi position. The adaptive
control parameter strategy that updates Ny ms is represented as follows:

n 1
Nflames = N K

+0:5 ; (4.31)

wherek is the current iteration and | is the maximum number of iterations. During every iteration,
the ames are updated with the best N¢zmes found so far by MFO.
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4.3.8.2 Parameters Description for MFO

MFO has one external static parameter: b that controls the shape and size of the spiral
movements of moths in the search space. For an improved MFO performance, it is necessary to
tune b before MFO execution.

MFO also contains aninternal parameters: N¢iames that controls the number of ames and it
is adjusted by adeterministic parameter control that reduces it linearly during the iterations.
A consequence of the reduction of ames is that MFO alternates between a local search for multiple
local minima to global search behavior.

4.3.9 Whale Optimization Algorithm (WOA)
4.3.9.1 Meta-Heuristic Description

WOA [73] is a swarm intelligence meta-heuristic that uses as a metaphor for its search heuristics
the hunting behavior of humpback whales. Members of this species of whales are intelligent and
social animals that live in groups or alone. This algorithm takes into consideration the bubble
net hunting strategy observed in humpback whales in nature preying on krill or small sh. When
using this hunting strategy, whales dive down and start to create bubbles with spiral movements
around the school of shes. As a whale encircles the prey, this whale then starts to swim up
towards the surface while shrinking the circle of bubbles. Once the prey has been herd towards a
favorable position, the same whale, or another whale in the same hunting group, swims up and eat
the school of sh in a single gulp. The pseudo-code at Algorithm 12 describes the WOA algorithm.

Algorithm 12  Whale Optimization Algorithm (WOA)

INPUT: Objective Function (f) 7: for i =1 to ndo
Iterations (1) 8: Generate p
Number of whales ) 9: if p 0:5then
Number of dimensions () 10: Updatexi(k) . Eq. 4.32
Lower-bound vector (Ib) 11: else
Upper-bound vector (ub) 12: Updatexi(k) . Eq. 4.33
OUTPUT: Best solution (X pest) 13: end if
1: procedure WOA (f;1;n;d; Ib;ub) 14: Evaluatef(xi(k))
2 Initialize moths xi(0>(i =1;:5n) 15: end for
3 Evaluate f (x i(o)) 16: Update X pest
4: Update X pest 17: end for
5 for k=1tol 1do 18: return  Xpest
6 Update a 19: end procedure

WOA simulates the bubble net hunting strategy by having a group P of n whales with their
positionsxi(k) during kth iteration represented asd-dimensional vectors that are also solutions for
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an objective function f .

During WOA initialization, positions xi(o) are generated randomly inside of the search space.

During iterations, WOA simulates the movement of whales during hunting by dividing the process
into two stages: (a) prey search éxploring ), and (b) prey attack ( exploiting ).

During the prey search stage, eachth whale position has its j th dimensionsxi(;'j() updated as
following: 8
wy _ <xEaer pjrx® x) ifjaer 1) 1
N Xpestj A(2r  1)j2r X pest; xi(;'j‘)j otherwise ,

wherer; is a random index for whales ranging from[1;n] with r; 6 i, xp;) is the position for a

random rth whale in the swarm, andr is a random real value in[0; 1]. Parameter a is a internal
parameter that decreases linearly betweer2 and O over the iterations using a deterministic
parameter control

X (4.32)

During the prey attack phase, eachith whale moves using a spiral shape around the best
position described as follows:.

k . K). O
Xi(;j W = Xbest;j Xi(;,-)JeO'SrCOS(Zr )+ Xbestj; (4.33)

where X pest 1S the best solution found so far by WOA andr is a random real number in[0; 1].

Since both hunting stages are done simultaneously in nature, a random test decides whether
a whale uses prey search or attack movement types. This test haS0=50 chances to use these
movement types.

4.3.9.2 Parameters Description for WOA

WOA does not have anyexternal static parameter. However, it contains aninternal parame-
ters a that has its values decreased linearly by aleterministic control parameter . Parameter
a controls whether WOA updates its values using a di erence for another random whale or to the
best whale with the chances of using the best whale position increasing with the meta-heuristic
iterations. By changing this behavior, a in uences whether a focus in an exploratory behavior to
an exploitative one during the last iterations.

4.3.10 Bat Algorithm (BA)
4.3.10.1 Meta-Heuristic Description

BA [75] is a swarm intelligence meta-heuristic that uses as inspiration the approach in which
microbats use their echolocation ability to search for food in nature while ying. These bats
diet is composed of small fruits as well as insects, and they heavily depend on their ability to
y around the environment only using their hearing due to their incredibly poor eyesight. BA
simulates this localization process by mimicking the bats' pulse loudness and pulses emission rates
variation pattern during ying. As the bats y towards the food, their pulse loudness decrease
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while the rate in which they emit ultrasound sounds increases. Pseudo-code Algorithm 13 displays
BA optimization meta-heuristic.

Algorithm 13  Bat Algorithm (BA)

INPUT: Objective Function (f ()) 6 for k=2 to | do]
Iterations (1) 7 for i=1to N do
Number of bats (n) 8: Generate Fi in [FminF max |
Number of dimensions () 9 Update vi(k) . Eq. 4.34
Lower-bound vector (Ib) 10: Updatexi(k) = vi(k) + xi(k 1
Upper-bound vector (ub) 11: if r<p, then
Pulse loudness Q) 12: Update X . Eqg. 4.35
Pulse emission rate fr) 13: end if

OUTPUT: Best solution (X pest) 14: Evaluate f (xi(k))

1. procedure BA (f;l;n;d; Ib;ub, pr, A) 15: end for

2: Initialize bats xi(o)(i =1;::n) 16: Update X pest

3 Initialize speedsvi(o)(i =1;:5n) 17: end for

4: Evaluate f (x i(o); v 18: return  Xpest

5 Update X pest 19: end procedure

BA has a swarm ofn bats in a group P that is used as search agents and eadlh bat holds a
d-dimensional real vectorxi(k) at iteration k that represents a solution to the objective functionf .
Beyond that, bats in BA also contains a d-dimensional real vector that represents the bats speeds

vi(k) at iteration k.

During the initialization, BA generates random solutions for f inside of the search space de ned
by the vectors ub and Ib that represents, respectively, a vector containing the upper and lower
boundaries for the search space. In this process, solutions are assigned as positionxi(o) for bats
in the swarm and anothern solutions are assigned to the bats speedﬁ(o).

During the iterations, BA updates the position for each ith bat with component j 2 [1;d]
analogous as PSO (Section 4.3.10) updating their particles positions. BA updates the bats speed
using equation:

vi(;}”l) = vi(;}() + F (Xpest; xi(;'j()); (4.34)
where v;; is the jth dimension of the ith bat speed, X;; is the ith bat position at component
]+ Xpest;j Is the jth dimension of the best solution found so far, andF is a randomly generated
real number inside of the interval [Fin ; Fmax] With Fhax and Fnin  being two internal static

parameters.

BA also performs a random test to check whether it should another method to update a single
bat position based on aexternal static parameter p; called emitted pulse rate . If a bat pass
a random check where a random generated real number is r < p, then this bat position is
updated using the following equation:

(k+1) _

Xi; xi(;'f) + A, (4.35)
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wherer is a random real number in[ 1;1], and A is an external static parameter calledpulses
loudness .

4.3.10.2 Parameters Description for BA

BA contains two external static parameters: (a) pr emitted pulse rate, and (b) A pulses
loudness. The parameterp; in uences BA by altering its chances to change the motion of bats
from a more exploratory and global search based behavior of moving towards the best solution
to a more exploitative and local search behavior of moving around its current position. WhileA
in uences BA by de ning how possible large can the movement steps during the exploitative type
of movements.

4.3.11 Adaptive Di erential Evolution (JADE)
4.3.11.1 Meta-Heuristic Description

JADE [76] is a DE-based evolutionary meta-heuristic that addsadaptive parameter control
strategies for DE external static parameters, namely, thescaling factor and the crossover
rate . JADE also uses a di erent mutation strategy called current to pbests one, and an archive
of previous individuals in the population that can be used to improve the algorithm performance
by adding more diversity of solutions in the population. The pseudo-code for JADE is present in
Algorithm 14.

JADE has a population P containing n individuals holding d-dimensional real vectorsxi(k) at
iteration k. Each ith individual also contains information about their individual scaling factor F;
and crossover rateCR; with these parameters being treated by JADE asinternal ones.

During initialization stage (see lines 2 to 7 of Algorithm 14), JADE generatesn solutions for
an objective function f randomly inside of the search space given that each component is bounded
by the elements in vectorslb lower-bounds andub upper-boundaries. The parameters for each
ith individual are also initially tuned as Fi = £ = riiim @nd CRi = 25 = CGRrinitia  Where

E and ER are two internal parameters adjusted by anadaptive control strategy in JADE.

The real numbers giiia @Nd crinitial  @re internal static  parameters.

During every iteration, JADE updates generate the mutant vectors v; for eachith individual
using the mutation strategy current to pbest de nes as follows:

K K
Vi= xY B xppest XM+ x @ x®0 (4.36)

where X ppest iS a randomly chosen individual that is part of the best 1000% of individuals in the
population where p is an external static parameter calledmutation greediness , and F; is the
adapted scaling factor for the ith individual at the kth iteration. The real numbers r1 and r;
are di erent random indices (r1 6 r) with r1 2 [1;n] andr, 2 [1;jP.[ Aj] where A is an archive
set that contains previous solutions of individuals in the population. Wheneverr, > n , it becomes
an index for an individual present in the archive A instead of an individual in the population.
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Algorithm 14  Adaptive Di erential Evolution (JADE)

INPUT: Objective Function (f ()) 11: for i =1 to ndo
Iterations (1) 12: Generate CR; . Eqg. 4.39
Number of individuals (n) 13: Generate F; . Eq. 441
Number of dimensions ¢) 14: Randomly choosex ppest from 100p%
Lower-bound vector (Ib) best solutions
Upper-bound vector (ub) 15: (CUrrent-tO-pbeSt/l) Mutation
Parameter Adaptation Rate (c) Eq. 4.36 _
Mutation Greediness Value (p) 16: Bmary, Crossover - Bg. 4.38
) luti 17: Selection . Eq. 4.3
OUTPUT: Best solution (X pest) 18 Update S . Eq. 4.43
1: proce.o'lur.e JA(E))E (f;1;n;d; Ib;ub;c;p) 19: Update Scr . Eq. 4.44
2: Initialize x;~ (i =1;::;n) 20: Update A . Eq. 4.37
3 Evaluate f (x i(o)) 21 end for
4: Obtain best Individual X pest 22: Remove solutions inA until jAj n
5 F F initial 23: Update (< . Eq. 4.42
) (k+1)
_ 0 — 24: Update g . Eq. 4.40
6: CR = CRinitial
7. A= 25: Update X pest
' ' 26: end for
8: for k=1tol 1do 97- FetUM X peet
9 SF = ; 28: end procedure
10: Scr = ;

The archive set A starts empty and is then populated throughout the algorithm iterations
during the selection process. Whenever an individual has a worse evaluation than its trial vector,
JADE then saves this individual solution xi(k) in the archive set. Whenever the archive sizgA |
surpasses the population sizéd®., a randomly chosen archived solution is removed fromA until
jAj n. The process to populate the archive set is expressed by the following equation:

8
<x® it fup <f x®)

- otherwise

A (4.37)

JADE uses abinary crossover strategy analogous to the one employed by DE Section
4.3.2 in Eq. 4.2 to generate trial vectors. However, similar to the mutation strategy, eachith
individual contains its crossover rate represented a€R;. This updated binary crossover strategy
is as following: 8

_ <min(ub;max(lb;;vi;)) ifr CRjorj=r;

Ui;j (4.38)

L x{ otherwise ’
where r is a random real number in[0;1), r; is a random index in [1;d] kept for all j for the
generation of a trial-vector u;, and CR; is the crossover rate used by individuali.

The adaptive parameter control strategy to adjust the crossover rates for each individual
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work in an individual-scope using the following equation:
CR; =min(1 ;max(0;N ( &:0:1))); (4.39)

where CR; is new randomly generatedcrossover rate for the ith individual truncated in [0; 1],
and N ( g‘,)?;o:l) is a normal distribution centered at (ckF)z and standard deviation 0.1. Also, g‘%
is aninternal static parameter that is controlled by another adaptive control strategy that

vary as follows at every iteration k:

8
K (Scr) - .
oy _ S0 ro ST i jScais 0, 4.40
© CR , otherwise

where c is an external static parameter calledadaptation rate , and Scg is a set of successful
crossover rates from the previous iteration.

In a equivalent manner, there is anadaptive parameter control strategy that update for
every ith individual in the population the scaling factor F; as follows:
= {;01)
- gC( ©.01) ,if 2(0;1); (4.41)
1 , otherwise

whereF; is randomly generated scaling factor for individuali, C( (Fk); 0:1) is a Cauchy distribution

with mean (Fk) and standard deviation 0:1. Also, (Fk) is an internal parameter at iteration k
controlled by an adaptive parameter control strategy using the following equation:
8 P
|:2
21 o Wic PF2E_ jfiSEj6 0
AR oo : (4.42)
' (F) otherwise

where ¢ is the same adaptation rate , and Sg is a set of successful scaling factors from the
previous iteration.

Both the successful setScr and Sg start at every iteration empty and then they are populated
whenever a trial vector u; evaluation is better than its original individual xi(k) during the selection
operation as described in Eq. 4.43 and Eq. 4.44.

8
k : k
<FM it fui) <f x1)

Sk . . (4.43)
C , otherwise

8
. <cRM if f(up) <f (x) (4.44)
CR . ' '
g otherwise

4.3.11.2 Parameters Description for JADE

JADE contains two external static parameters: (a) p called mutation greediness , and (b)
c called adaptation rate . Parameter p 2 (0; 1] controls the size of the set ofL0Qp% best solutions
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are randomly selected. The value foip in uences the exploratory behavior of the algorithm since a
small value for p forces JADE individuals to move towards a small set of best individuals focusing
in few local minima solutions. Meanwhile, a large value forp allows JADE to move towards a
broad set of local optimum, increasing its exploratory behavior. The parameterc 2 (0;1]) with

suggested value 0f0:15 controls the rate in which the adaptation mechanisms for (Fk) and g}){

convert towards the averages of successful parameter values in theh iteration.

JADE contains six internal parameters: (a) Fj, (b) (Fk), (c) CR;, (d) ‘Ck; (©)  FEinitial >
and (f) crinitiar - FOur of them are parameters that con gure parameter control strategies
It illustrates that even though JADE is capable of adjusting its parameters during execution,
the algorithm designer still has to decide values for some internal parameters that in uence the
adaptive meta-heuristic performance. JADE has fourparameter control strategies with all of
them tting in the adaptive category present in Section 4.2.1.

The parameter F; is the scaling factor for an individual i and it is controlled in an individual-

scope by randomly re-sampling its values at every iteration using anotheiinternal parameter
(Fk). Meanwhile, (Fk) is adjusted in a population-scope using as evidence for its changes the

improvement in objective function f evaluation that is indicated by a set of successful values for
Sk. The adaptation mechanism for (Fk+1) guides its value in the next iteration towards another
region of the space of possible scaling factors by combining its current value(Fk) and the averages
of the best scaling factors in iteration k. The parameter CR; is con gured by an adaptive
parameter control  that works in a similar manner as the one forF; to update the values of
crossover rates in an individual scope together with theadaptive parameter control strategy

for g‘,)q

While g = 0:5 and  criniar = 0:5 are internal static parameters that de nes the
initial setting points for the scaling factors, and crossover rates respectively.

4.3.12 Crossover Strategy Adaptive Self-Adaptive DE (CSASADE)
4.3.12.1 Meta-Heuristic Description

CSASADE, as proposed by [77], is an adaptive version of the DE algorithm. CSASADE
adds to DE adaptive parameter control strategies similar to those of JADE (Section 4.3.11) as
well as adaptive operator selection mechanisms. The name CSASADE has the term Self-
Adaptive . However, CSASADE does not use any self-adaptive parameter control mechanisms,
since no parameter evolves encoded together with the decision variable. Instead, its parameter
control strategies t on the adaptive strategy category. Algorithm 15 presents CSASADE heuristic
in pseudo-code form.

Eachith individual in the population P holds a possible solutionx; for the objective function
f as well as their own parametersF; and CR; and a pair of indicesmut; and cro; that denotes,
respectively, which mutation and crossover strategy the individual is using to generate its mutant
vectors v; and trial vectors u;. CSASADE uses two set ofinternal parameters N,(nku)t and N&9

that holds, respectively, the number of individuals during a iteration k using a mutation strategy
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Algorithm 15  Adaptive Di erential Evolution (CSASADE)

INPUT: Objective Function (f ()) 17: (rand=1) Mutation . EQ. 4.45
Iterations (1) 18: Binary Crossover . Eq. 4.2
Number of individuals (n) 19: else
Number of dimensions €) 20: mut;th Mutation
Lower-bound vector (Ib) 21 crojth Crossover
Upper-bound vector (ub) 22: end if
OUTPUT: Best solution (X pest) 23: Selection . Eq. 4.3
1: procedure CSASADE (f;1;n;d; Ib;ub) 24: Calculate weightw; . Eq. 4.66
2 Initialize xi(o)(i =1;:5n) 25: end for
3: Evaluate f (xi(o)(i =1;::5n) 26: Update W(Fk) . Eq. 4.62
4:  Update X pest 27: Update cR® . Eq. 4.65
5: Update X worst 28: if kK Istart then
e NO = n 290: Adapt Mutation Numbers . Eq. 4.52
7 Né?()) — % 30: Adapt Crossover Numbers . Eq.
8: W) = WEiniial #56 ,
0 _ 31 for i=1tondo
o WCR ~  WCRinitial 32: Reassignmut
10: lstart =0:2l 33: Reassigncro*
11: for k=1tol 1do 34 end for
12: Update . Eq. 4.61 35 end if
13: for i =1 to n do 36: Update X pest
14: Generate CR; . Eq. 4.64 37 Update X worst
15: Generate F; . Eq. 460 3 end for
16: if k<l ga then 395 relum  Xpes

40: end procedure

or crossover strategy in the pool of possible ones.

The symbolic value mut = f rand/1, rand/2, current-to-best/1, current-to-best/2, best/2 ¢
represents one of the possible mutation strategies used by CSASADE and for eacth individual
mut; correspond to an index in the pool of mutation strategies that ranges in[1;5]. These
mutation strategies and their indices is represented as follows: (ajand/1 mutation (Eq. 4.45)
with index mut; = 1 for individual i and N;z,¢=1 iS the number of individuals that uses this
operator; (b) rand/2 mutation (Eq. 4.46) with index mut; = 2 for individual i and N;zng=2 IS
the number of individuals that uses this operator; (c) current-to-best/1 mutation (Eq. 4.47) with
index mut; = 3 for individual i and N¢yrent-to-besy1 1S the number of individuals that uses this
operator; (d) current-to-best/2 mutation (Eq. 4.48) with index mut; = 4 for individual i and
N current-to-besy2 1S the number of individuals that uses this operator; (e) best/2 mutation (Eg.
4.49) with index mut; = 5 for individual i and Npegy» is the number of individuals that uses
this operator. In Equations 4.45 to 4.49,rq, r», r3, r4, and rs are di erent random integers that
represent indices in[1;n]. Vector Xpegt iS the best solution found so far,v; is the mutant vector
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generated by theith individual, and F; is the scaling factor used by individuali.

vi=x®+ Fx® x®): (4.45)

vi=x®+ Fx® x® 4 x0 o x0y: (4.46)

Vi = xM+ Fi(xpest {9+ x® x Wy (4.47)

Vi = XM+ Filxpest xM+ x80 x®0 4 x0 x (9. (4.48)
vi= xR x® 4 x o xy: (4.49)

Similar to mutation strategies, CSASADE also has a smaller pool of crossover strategies where
cro = fbhin;expg. The integer value cro; for the ith individual contains the index for one of
these two crossover strategies where: (&in binary crossover (Eq. 4.38) with indexcro; = 1 for
individual i and Ny, is the number of individuals that uses this operator; (b) exp exponential
crossover (Algorithm 16) with index cro; = 2 for individual i and Neyp is the number of individuals
that uses this operator;

Algorithm 16  DE Exponential Crossover

INPUT: Decision variable (x ') 6 do
Mutant vector ( v;) 7 Uij = Vij
OUTPUT: Trial vector (u;) 8 j = mod(j+1;d)
1: procedure DEExpCrossover (x);v) 9 L=L+1
> d= jx-(k)j 10: r is a random real number in [0; 1)
|
3: u; = x (K) 11: while r<CR andL N
: |
4. Randomly select integerj in [1;N) 12 return U
5 L=1 13: end procedure

* mod( ) is a modulo operator that returns the remainder of a integer division..

During the initialization process, CSASADE assigns for eachith individual in population
P. a randomly generated solution forf in the search space de ned by the upper and lower
boundary vectors ub and Ib. The parameters for eachith individual is initialized as in JADE
with Fi = w2 = wria @A CRi = w2r = werinia Where £ and Ki are two internal
parameters adjusted by anadaptive control strategy . Both finiiar @Nd  crRinitiar  @reinternal
static parameters. The number of individuals using each operator for mutation and crossover

strategies are initialized as present in Eq, 4.50 and Eq. 4.51.

(0) - n© - n© —
Nrand:l - Nrand=2 - Ncurrent to best=1
N© NG . n: (4.50)
current to best=2 — '“rand to best=1 ~ g
N(Q):N(O): n-. 451
bin exp 2 ( . )
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Then, the mutation operator indices for the population are re-assigned by aradaptive ope-
rator selector that works in a process that divides the population P. in ve sets and for the
rst set of individuals in the population with indices 1; 2 [1; N © ,] receivesmut, = 1, then the

rand=
second set with indicesl, 2 [N r(gr)1d=1 +1; Nr(gr)1d=1 + Nr(;]%dz ,] receivesmut;, = 1, and so on, until
the last set with indicesIs 2 N égl)'rent o peste T LN ég)”em o best2 T Né?st:z] receives indices

mut;, = 5. Other adaptive operator selector  that works in the same fashion re-assigns for
each individual their crossover operators in the poolcro = f bin; expg.

Through the iterations, CSASADE generates for eachith individual their mutant vector u;
using the mutation strategy with index mut; and trial vectors v; using their crossover strategy
with index mut;.

The internal parameters that contain the number of individuals a mutation strategy N,(nku)t
at iteration k is adjusted using anadaptive control parameter strategy that behaves as
following:

ENSL + 150 N, > 0
Npo? = NS 1if yp <0 (4.52)
' Nr(nku)t; otherwise

where mut = f rand/1, rand/2, current-to-best/1, current-to-best/2, best/2 g, and ,, IS an
expected variation for N,(Tﬂ and it is calculated using the following equation:

- N L5 N (4.53)

N mut mut
Sall_mut

where syt is the sum of di erences between evaluations of for the solutions of individuals that
uses a mutation strategy mut and the worst solution evaluation f (Xworst), and sai_mut is the
sum of di erences for all individuals against the worst evaluationf (X werst ) IS calculated using Eq.
4,55, The valuesy: is calculated as follows:

X
. k k .
Smut = it M) ()i (4.54)
8xi(k)2fxi2Pc:muti=mutg
(k) — <K (k) (k) (k) (k) .
Sall_mut - Srandzl + Srand=2 + Scurrent to best=1 + Scurrent to best=2 + srand to best=1" (4'55)

In a similar fashion as the one used by mutation strategy, the set ofnternal parameters that
controls the number of individuals using each crossover strategy is updated as following by an
adaptive parameter control strategy

8
INGG+1; i Ngo > 0
NED = NS 10 N, <0 (4.56)

: Nél‘g; otherwise
wherecro = fbin; expg, and ., IS an expected variation forNr(nku)t and it is calculated as follows:

S
New = N—/2—+0:5 N; (4.57)

Sall_cro
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where syt 1S the sum of di erences between evaluations of for the solutions of individuals that
uses a mutation strategy mut and the worst solution evaluation f (Xworst), and sai_mut is the
sum of di erences for all individuals against the worst evaluationf (Xworst ) IS calculated using Eq.
4.59. The value ofsg, is obtained as follows:

X
. k k .
Sero = it ) (G (4.58)
8xi(k)2fxi2Pc:croi=crog
(k) = (k) (k) (k) (k) (k) :
SaII_mut - Srand:l + srand=2 + Scurrent to best=1 + Scurrent to best=2 + Srand to best=1" (4'59)
CSASADE uses anadaptive parameter control strategy to con gure the scaling factors
for eachith individual by re-sampling the value F; as follows:
=N(Cws )
8
st S 201 (4.60)
' 1 otherwise

whereF; is randomly generated scaling factor for individuali, N ( W(Fk); ) is a Normal distribution
with average W(Fk) and standard deviation . Both W(Fk) and areinternal parameters updated

using parameter control strategies

The standard deviation is adjusted using adeterministic parameter control strategy
in which its values decreases betweenmax and min throughout the iterations using equation:

k 2
= max ( max min) 1 T 1 ; (4.61)
where max and min are two internal static  parameters.
Every iteration, g is also adjusted using anadaptive parameter control strategy as
follows: 0
k k
W =" wE; (4.62)

i=1
where F; is the scaling factor for the ith individual, and w; is a weighting factor calculated for
individual i as follows: ® “

w® = o IFO) F (Xworst )

|d . !
| Lt (X)) (o)

where x; is the solution for individual i, and x\(,\‘fgrst is the worst solution found in the current

iteration k.

(4.63)

In CSASADE, crossover rate CR; for eachith individual in the population is adjusted using
a adaptive parameter control as follows:

CRi=min 1max O;N %, (4.64)

where is the same deviation used in Eq. 4.61, and ng; is ainternal parameter that holds the
weighted average crossover rates in the population.
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The average WE:"F)Q is adjusted every iteration by an adaptive parameter control strategy that

works as follows:
w -
WCR — w; CR;j; (465)
i=1
where w; is the weighting factors de ned by Eq. 4.66, andCR; is the crossover rate used by the
ith individual in the population.

Mmzaiﬂﬂw f (XSorst)]

p— _ (4.66)
| it ) f Kworst)i

In [77], CSASADE also contains aninternal static |gg¢ parameter that control in which
iteration the adaptive operation selection mechanisms start to take place. So, during the rst
lstart iterations, CSASADE uses onlyrand=1 mutation and bin crossover strategies as of the DE
(Section 4.3.2).

During the rst |y iterations, CSASADE uses only the strategies presented ilDE=rand=1=bin
and only starts to apply di erent crossover and mutation strategies after these initial iterations.

4.3.12.2 Parameters Description for CSASADE

CSASADE has noexternal static parameters that need to set by the user. However, CSA-
SADE has fourteeninternal parameters. This large number of parameters that are invisible ,
at least in the user point of view, indicates the complexity of CSASADE. CSASADE also has
two adaptive operation selection mechanisms (Section 4.2.2) and seveparameter control
strategies with six of them tting in the adaptive category and one of them tting the determi-
nistic category in Section 4.2.1. The list of internal parameters are: (a)Fi, (b) wg, (c) CRj, (d)

wer: @) () v wrintia » ) werinitial » () max, () mins () Nmut, (K) Nero, (I) muti, (m)
cro;, and (n) lggart -

Parameters F; and CR; are respectively thescaling factors and crossover rates for each
ith individual in the population. Their values are controlled by adaptive parameter controls
strategies that adjust them in an individual-scope using other internal parameters, namely,

wre, wcr and . Both g and R are two weighted averages controlled by their adaptive
parameter control strategies in a population-scope using as evidence for change the objective
function results. The weighted averages gz and cgr are in uenced more by individuals that
obtain evaluations with large di erences for the worst evaluation found in an iteration, and less
in uenced by evaluations close to the worst evaluation.

The value for is reduced through the iterations by a deterministic parameter control
strategy , and it in uences the exploratory behavior of CSASADE searching for possible suitable
values of F; and CR;. The reduction of forces CSASADE to have a broad spread of parameter
values during the initial iterations and a small spread during the last iterations.

The internal static ~ parameters wenial » wcRriniial CONtrols the initial value for internal
scaling factors and crossover rates therefore de ning the behaviour for CSASADE during
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the rst iteration. Their values are  wryiia = 0:5 and  weriniiar = 0:5. Both parameters
max = 0:8and min = 0:35 controls respectively the rate in which the spreading of scaling factors
and crossover rates are reduced during CSASADE execution.

The internal parameters Nyt and N, are adjusted by adaptive parameter control
strategies in a population-scope, and their evidence for change is similar to those used byyg
and g mechanisms using the di erences between solution evaluations and the worst evaluation.
Mutation strategies that regularly obtain solutions with evaluations closer to the worst evaluation,
i.e., deemed bad solutions, ends up withN,,: = 0 and no individuals using them. The same
applies to crossover strategies. In this way, the rst iterations, after | g5 , CSASADE explores
which strategies work and which do not, and during the last iterations, CSASADE uses only the
best strategies.

A pair of adaptive operation selection schemes directly useN ¢ and N¢ro to adjust the
mutation and crossover operations used by individuals. Thesexdaptive operation selection
changes the operators by changing indicemut; and cro; for eachith individual.

At last, the internal static  parameter controls how many iterations CSASADE should work
only using rand=1 mutation and bin crossover before start to useadaptive operator selection
It a ects how spread are the solutions in the search space when the process to explore and select
strategies start. The proposed value for gart is 20% of | (the maximum number of iterations).

4.3.13 Discrete Particle Swarm Optimization (DPSO)
4.3.13.1 Meta-Heuristic Description

DPSO [78] is a modi ed PSO-based meta-heuristic that uses a discrete representation for the
positions of particles to exclusively solve COP. DPSO has a swarr® of n particles and eachith
particle has a positionxi(k) at iteration k in a d-dimensional discrete search space, and, analogous
to PSO (Section 4.3.3), a copy of the best individual positionx ppes;; and reference for the best

position X pest found so far by the DPSO. Algorithm 17 illustrates DPSO in pseudo-code form.

During the initialization, n random solutions where each solution for the COP with objective
function f is generated inside of the search space given the integer vectarb and Ib that compose
the upper and lower bounds values for the search space components. Tirdernal parameterw,
called inertia weight , is initialized during this stage using the value held by anexternal static
parameter Wipjtial -

In the iterative stage, DPSO updates the position for eachith individual in the jth dimension
using the following equation:

(k+1) _

Xii 9(Xpest: Q(Xpbesti;j Vi) (4.67)

whereg:fZ;Zg! Z is a function that given two integer numbers returns a third integer number
randomly generated between them as expressed in Eq. 4.68, anl; is a d-dimensional vector
that represents the particle i speed.
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Algorithm 17  Discrete Particle Swarm Optimization (DPSO)

INPUT: Objective Function (f ()) 5: Update X ppest;
Iterations (1) 6: Update X pest
Number of individuals (n) 7 for k=1tol 1do
Number of components () 8: for i =1 to ndo
Lower-bound vector (Ib) 9 Calculatexi(k) . Eqg. 4.67
Upper-bound vector (ub) 10: Evaluate f (xi(k))
Initial inertial coe cient ( Winitiar )11: Update X ppest;

OUTPUT: Best solution (X pest) 12: end for

1. procedure DPSO (f;1;n;d; Ib;ub; Winitiar ) 13 Update X pest

2 Initialize xi(o) (i=1;:5N) 14: W= w

3 Evaluate f (x i(o)) 15: end for

4: W = Winjtial 16: return  Xpest

17: end procedure

8
<b+ bri(a b)y+0:5¢c if blea
(b= . .
“a+ bri(b a)+0:5c otherwise (4.68)

a;b2 z;

wherer are randomly generated using a uniform distribution in the interval [0; 1]. Di erent than
in the canonical PSO, the speed vector; for a particle i does not contain information about its
motion in the search space. Insteady; is a combination of a randomly generated vector with the
position of the ith particle. The value for v;; is a calculated using the following equation:

8
Sre  ifro<w®
Vij = :

*x{ otherwise ’

(4.69)

where r; is a random real number i n[0; 1], re; is a random generated integer inside of the
range[lb; ; uly], and w) is the inertia weight that has its value con gured by a deterministic
parameter control strategy using the following equation:

wk) = kD). (4.70)

where is an external static parameter in the range (0; 1).

4.3.13.2 Parameters Description for DPSO

DPSO has two external static parameters: (a) Winiias , and (b) . The value for wWinjsial
in uences DPSO by de ning the initial value for w that in turn is used generating speed vectors
for the particles, Parameter controls the rate in which the internal parameter w changes

99



through the course of the iterations. The suggested value for these parameters are= 0:9 and
Winitial = 0:8.

DPSO has only oneinternal parameter: w that is called inertia weight and it controls the
probability in which random solutions components are added into particle speed vectors. For this
reason, a large value ofw results in DPSO preferring a more exploratory behavior. Similar to
the inertia weight in PSO, w decreases through the iterations using a deterministiparameter
controls strategy

4.3.14 Self-Adaptive Particle Swarm Optimization (SAPSO)
4.3.14.1 Meta-Heuristic Description

SAPSO [79] is a swarm intelligence PSO-based meta-heuristic that adds self-adaptive para-
meter control mechanisms to PSO intending to improve its performance. Algorithm 18 displays
SAPSO using pseudo-code.

Algorithm 18  Self-Adaptive Particle Swarm Optimization (SAPSO)

INPUT: Objective Function (f ()) 14: Sp=;
lterations (1) 15: Update w(¥) . Eq. 4.74
Number of individuals (n) 16: for i =1 tondo
Number of components () 17: Calculate vi(k) . Eq. 4.72
Lower-bound vector (Ib) 18: Calculate zi(k) . Eq. 4.73
Upper-bound vector (ub) 19: end for

OUTPUT: Best solution (X pest) 20: for i =1 to ndo

1: procedure SAPSO (f;1;n;d; Ib;ub) 21: Evaluate f (xi(k))

2: Initialize solutions x; (i =1;::;n) 22: Update zppesy;

3: Initialize parameters c1; (i =1;:::;n) 23: Update Zpesg

4: Initialize parameters c¢y; (i =1;:::;n) 24: Update Sp

5: Initialize parameters Vpmax; (i = 1;::55n) 25 Update C,

6: Zi = (Xi;C1j;C2is Vamaxi) (i =1;:5n) 26: if Z,(:()x 25" z,(Jk)X 2 C, then

7 C =, 27: Regeneratezi(;}‘)x

8: Evaluate f (xi(o)) 28: Removei from C,

9: Update z, pest, 29: end if

10: Update zpes 30: end for

11: Update collision list C, 31: end for

12: Update successful particles se§, 32: return  Xpest

13: for k=1tol 1do 33: end procedure

SAPSO has a swarm ofP. with n particles and eachith particle keeps a position zi(k) repre-

sented by ad+3 dimensions real vector, a speed vectovi(k) with the same number of dimensions,

a copy of the individual best position zppesy, and a reference for the best position vectorzpes
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found so far. Eachith particle position has its rst d dimensions forming a solutionx; for an
single-objective functionf , similar to the position vector of the canonical PSO, and the last three
components are PSO parameters for that particle, respectivelycli( cz,(k) and v, max, Y that repre-
sents the social and cognitive factors, and its normalized maximum speed per dimension. In other
words, z(k) = (x(k) cll(k),c (k). Vnmax|k)) Since z( ) is composed of multiple parts, the search
space forzi % is composed of the search-space for the problem at hand as well as the search-space
for the parameters. The search space boundaries used by SAPSO are represented by two vectors
ub; = (ub;4;4;1) and lb; = (Ib;4;4;1) that are, respectively, the upper boundaries and lower

boundaries.

SAPSO initialization process randomly generates its particlez; using a random uniform distri-
bution for eachj th component in the interval [lb; ; ub,; ] with j = f1;::;;d+3g. In the initialization
stage, the particles speeds are also generated for the rst iteration using xed values, where the
rst d elements are set ay-(.?) = jj”b B \with j = f1;:::;dg. The other components are initialized

as follows: vl((c),)+1 = vl(%)+2 =2 and vl(%)+3 =0:5.

During the iterative process, SAPSO update the speed for eaclith component of eachith
particle using the following equation for a placeholder variable withj = f1;:::; dg:

g = WOV 00 (00 00y g0 (o 209; (4.71)

i;j g+1 \“gbest ij a+2 \“i_ pbest;j

where w(K) is an internal parameter called the inertia weight during iteration k. Parameter
w(K) is adjusted by a deterministic parameter control strategy , and jj is a placeholder
variable.

Since each multiple components of a particle speed have di erent boundaries, the use ofto
update di erently each part for a particle speed as described by the following equation:

8 k) jiub I k) jjub_Ibj
gmm4$J“ I max( zghs 200 0y) i j 2 [Ld]

Vij = m|n(4z,d+3,max( 4Z|(Ic(1)+3; i ) ifj2[d+1;d+2]; (4.72)
‘ m|n(zl('(§)+3,max( zi;d)+3, i ) otherwise

After the calculation of speed of a particlei its position for each jth component is updated as
follows:

zij =max ubyj;min uby;;z (k) v (4.73)
wherej = f1;:::;dg.
SAPSO update its inertial weight ~w() by a deterministic parameter control using the
following equation: L
wk) =05+ m: (4.74)

Since PSO is prone to have multiple particles to converge to a local minimum with a lower
diversity of solutions, SAPSO implements a strategy of regeneration-on-collision in which particles
that "collide"with the global best solution are reinitialized randomly to improve diversity. This
process uses a pair of set§, and C,, respectively, successful particles indices and collision list
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indices. SAPSO populates theS, set whenever a particlei obtains a tness evaluation that is

equal or better than the one obtained by the global best solutionzgpest as present in Eq. 4.75. The
same process is applied to populate the collision lis€; in Eq.4.76. The main di erence between
these two sets is that the successful se$; life-time is for only an iteration, because S, is reset
at the beginning of every iteration, while C, is kept for SAPSO execution and a particle index is
present in C, until it is removed by the regeneration process.

8
<i o if (X f (x

- . ( |) ( best): (4.75)
* otherwise

8

<i o if (X f (x N2 C

CI . ( |) ( best) I: (4.76)
©; otherwise

Whenever a particle index is present at the collision list set but not in the successful particles
set, it indicates that this particle has collided with the best solution, but it is not one of the best
particles anymore. In this case, SAPSO then regenerates this particle by reinitializing its solution
with random components in the same fashion as the initialization process.

4.3.14.2 Parameters Description for SAPSO

SAPSO is a meta-heuristic that has noexternal static parameters. It means that SAPSO
does not needs to be tuned before its execution. SAPSO contains a singlgernal parameter:
the inertia weight ~ w(K) that controls change between exploratory and exploitative behaviour for
SAPSO when searching for solutions and parameters.

SAPSO contains four parameter control strategies . It includes three self-adaptive pa-
rameter control strategies  that encode in the meta-heuristic decision variables the parameters
for social and cognitive factorsc; and ¢, as well as the maximum speed for each particl&/ma -
It results in the use of the operations in which PSO search for optimal solutions concurrently
being applied to search for optimal parameters as well. SAPSO also includes @eterministic
parameter control strategy that con gure the values for inertial weight during the algorithm
execution.

4.3.15 Hybrid Discrete Particle Swarm Optimization Makespan-based (HDPSO-
M)

4.3.15.1 Meta-Heuristic Description

HDPSO-M is a hybrid between a discrete PSO and a GA meta-heuristic that is adapted
to speci cally solve the makespan problem when mapping jobs to be executed [80] in parallel
machines. It is di cult to disassociate HDPSO-M with the problem that it was designed to solve
since HDPSO-M search operations are intertwined with the problem. For this reason, in this
work, the goal is to use HDPSO-M only in problems that involve the task mapping of real-time
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application onto multiple processor systems as present in Chapter 3 more precisely in Section
3.8. Consequently, HDPSO-M is expected to be used with a objective functio (M ; ; ) that
evaluates a mapping of a real-time application on a MPSoC platform  using the task placement
M.

Algorithm 19  Hybrid Discrete Particle Swarm Optimization - Makespan based (HDPSO-M)

INPUT: Objective Function (f ()) 5 Update X pest
Application () 6 for k=1tol 1do
Platform () 7 for i=1 tondo
Iterations (1) 8 Calculate v . Eq. 4.77
Number of individuals (n) 9 Calculate x ¥ . Eq. 4.78
Number of components €) 10: Evaluatef (M ; ; )
Lower-bound vector (Ib) 11: Update X ppesy;
Upper-bound vector (ub) 12: end for
Bernoulli Probability ( p) 13: Update X pest

OUTPUT: Best solution (X pest) 14: M best = Xpbest 1

1: procedure HDPSO-M 15: end for

2: Initialize x; (i =1;::;n) 16: return = M pest

3 Evaluatef (x; 1) 17: end procedure

4: Update X ppest;

HDPSO-M has a swarmP with n particles and the ith particle at every algorithm iteration
has its position xi(k), speedvi(k), best individual and global positions X ppesy; and Xpest that are
d-dimensional vectors with integer elements varying betweeri0; d]. The particles positions are not
directly a solution for the mapping problem, namely, M ;, instead, it is represented as a possible
mapping summed up element-by-element by one, i. ex; = M; + 1 with 1 a d-dimension vector

of ones.

The process to update a particle speed and position uses Eq. 4.77 and Eqg. 4.78, respectively.

v = v R BTM (Vippest) + LPTM (Vgpes) (4.77)
x (D = (0059 ), (4.78)

Cross o (o] . .- T . .
where + , and are special operators of addition, multiplication, and subtraction, to make

the interpretation of movement analogous to that of the original PSO. LPTM () is a greedy
algorithm that uses the tasks makespan values to nd mapping solution components and will be
explained with more details further. Vppes; and vgpest are terms that holds the in uence caused
by the individual best position found by the ith particle and the global best solution and they are
calculated by Eqg. 4.79 and 4.80.

_ 0 0 (K)y.
Vpbest= R1 (Xipbest X '): (4.79)

=Ry " ° x My, 4.80
Vgbest 2 (Xgbest Xi); (4.80)
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where R; and R, are d-dimensional random integer vectors that contains elements withO or 1.
Both these random vectors have their components generated using a Bernoulli distribution with
a probability of receiving a 1 equals top. p is an external static parameter.

. o, . . :

The subtraction operator ( ) is a function that takes two integer vectors A and B, as left and
right operands, and returns another vector of integersC. This operator compares element-wise
the vectors A and B calculating vector C formed by elementsC; as expressed by Eq. 4.81.

8
<0 if Aj = Bj
Cj=. : (4.81)
* Aj otherwise
This operator, as used in the algorithm, compares components of a particle's position and the best
individual or global positions and keeps the values for the best positions when they are di erent

or varies them if they are the same.

The multiplication operator ( 0) works as the Hadamard product () by multiplying element-
by-element the components of two vectorsA and B with xed sizes d and generating a vector
with the same sizeC as expressed by equation 4.82.

Ci = AjBj with j =1;::;d: (4.82)

This operator adds diversity to the heuristic by multiplying the results of the subtraction operators
with random vectors.

The addition operator (Crf-ss) is a two-point crossover genetic operator from GA-based al-
gorithms. This crossover genetic operator uses a pair of integer vectors representing solution
components and then exchange information between them as illustrated in Fig. 4.6. Since the
crossover operation results in two vectors, one of them are chosen randomly to be used as a result
for the addition operator, meanwhile the other one is dismissed.

Due to the encoding used by HDPSO-M, the termsvppest; and Vgpest are possible task mappings
o0 set by one in which some of their components are equal t® and correspond to tasks not mapped
yet. HDPSO-M applies over these termsvppest and Vgpest a local search methodLP TM that uses
the LPT algorithm [81] to map tasks not mapped while keeping the other tasks already mapped.
The LPT (Largest Processing Time rst) algorithm sorts the tasks in descend order of execution
cost and assign them successively to the minimally loaded processor, i. e. the processor with the
minimal sum of execution costs of the tasks mapped into it. The pseudo-code present in Algorithm
20 illustrates the functionality of the method LPTM.

4.3.15.2 Parameters Description for HDPSO-M

HDPSO-M contains an external static parameter p that represents the probability used in
a Bernouli distribution. The suggested value forp is 0:3. p in uences the rate in which new
solution components are added to the components generated byP TM . For better algorithm
performance,p value should be con gured using a parameter tuning strategy before the algorithm
execution.
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Algorithm 20 Largest Processing Time First based Mapping (LPTM)

INPUT: Application () 13: Snh = P m2map( n) Cm
Platform () 14: if sn <Smin then
O set Mapping ( x) 15: Smin = Sn
OUTPUT: Possible O set Mapping (Xout)  16: min = n
1. procedure LPTM (x; ; ) 17: end if
2: Tunmapped _tasks = ff j;x;g2f ;Ng:x; 2 18 end for
X x; =0g 19 fiixjg= Tunmapped_ tasks |
3 Sort Tunmapped _tasks COSt executions in des- 20: Map task j to core min
cend order 21: Xj = index( min)+1
4: Tmapped _tasks = ff kixkg 2 f ;Ng:xx 2 22 end for
X" xyx 60g 23 T= Tmapped_tasks [ Tunmapped_tasks
5 for i =1 t0 jTmapped_tasks] dO 24: Sort T based on tasks indices.
6 f ki Xk9= Tmapped_ tasks; 25: Xout
7: Map task g to core with index xx, 1 26: for i=11to|Tjdo
8 end for 27 f o;xg=T,;
9 for i =1 to jTunmapped_ tasks] dO 28: Xout X
10: Smin = MAX * 29: end for
11: min = 30: return  Xout
12: forn=1toj jdo 31: end procedure

* MAX represents an arbitrary very large value.

4.4 Single-Objective Optimization Bio-Inpired Meta-Heuristics
Developed in this Work

4.4.1 Single-Objective Adaptive with Modi ed Selection Di erential Evolution
(SOAMSDE)

4.4.1.1 Meta-Heuristic Description

SOAMSDE is a DE-based adaptive meta-heuristic that apart from the common framework
that uses crossover and mutation strategies  of a DE algorithm, SOAMSDE also contains
adaptive parameter control strategies that throughout the algorithm execution changes its
parameter values. It also hasadaptive operator selection =~ mechanisms to control the operators
used by the algorithm. Additionally, SOAMSDE has a modi ed selection that is di erent from
the one used by DE (Section 4.3.2). Instead, it uses an elitist process to select and keep the best
solutions similar to that present in GA (Section 4.3.1). SOAMSDE is a single-objective version of
the MONSADE (Section 4.6.2). Algorithm 21 presents the pseudo-code for SOAMSDE.
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Algorithm 21 Single-Objective Adaptive with Modi ed Selection DE (SOAMSDE)

INPUT: Objective Function (f ()) 17: Pcnew = ;
Iterations (1) 18: for i =1 tondo
Number of individuals (n) 19: Generate CR; . Eq. 4.64
Number of components ¢) 20: Generate F; . Eq. 4.60
Lower-bound vector (Ib) 21 muti(k)th Mutation
Upper-bound vector (ub) 22: croi(k)th Crossover
OUTPUT: Best solution (X pest) 23: Generate new individual tpew =
1: procedure SOAMSDE (f;1;n;d; Ib;ub) hJi;Fi(k);CRi(k);muti(k);croi(k)i
2: Initialize t; = hxi; F;; CR;; mut;j; croji 24: Penew  Thew
3 (i=1;:5n) 25: end for
4: Evaluate f (xi(o)) 26: P = Sort P[ Ppew
5: Update X pest 27: Remove last individuals in P until
6: Update X worst jPj=n
7: N,(T?L),t = 2 28: Adapt Mutation Numbers . Eq. 4.52
8: é?% = 3 29: Adapt Crossover Numbers . Eq. 4.56
o: W(Fo) = WFinitial 30: for i=1tondo
10: W(Co%{ = WCRinitial 3L Reassignmuti(k)
11: Assign mut; (i =1;:::;n) 32: Reassigncroi(k)
12: Assign croj(i = 1;:::;n) 33 end for
13: for k=1tol 1do 34 Update X pest
14: Calculate . Eq. 4.61 35 Update X worst
15: Calculate p . Eg. 4.60 3e6: end for
16: Calculate cRr . Eq. 4.64 37 return  Xpest

38: end procedure

SOAMSDE has a population P containing n individuals an eachith is a tuple
ti = Ix;; Fi; CRj; mut;; croji composed of ad-dimensional vectorx; that is a possible solution for
a single-objective functionf, scaling factor F;, crossover rateCR;, index muti(k) for one of the
possible mutation strategies, and indexcroi(k) for one of the possible crossover strategies.

SOAMSDE adaptive operator selection mechanisms adjust the mutation and crossover
strategies used by each individual in the same manner as CSASADE in Section 4.3.12 using
the indices mut; and cro; as well as a pair of sets of parameter indice® ,; and N inter-
nal parameters. However, the pool of mutation strategies are larger for SOAMSDEmut =
f rand=1; rand=2; current-to-best=1; current-to-best=2; best=l; best=2; tournment-based-1g represents
one of the mutation strategies used and eachith individual holds an index mut; 2 [1;7] for one
of these strategies: (a)rand/1 mutation (Eg. 4.45) with index mut; = 1 for the ith individual
and N,ang=1 IS the number of individuals that uses this operator; (b) rand/2 mutation (Eq. 4.46)
with index mut; = 2 for the ith individual and N,n4=2 IS the number of individuals that uses this
operator; (c) current-to-best=1 mutation (Eq. 4.47) with index mut; = 3 for the ith individual
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and Nyrrent-to-best =1 1S the number of individuals that uses this operator; (d) current-to-best=2
mutation (Eq. 4.48) with index mut; = 4 for the ith individual and N ¢yent-to-best =2 IS the number
of individuals that uses this operator; (e) best=1 mutation (Eq. 4.83) with index mut; =5 for the
ith individual and Npesim iS the number of individuals that uses this operator; (f) best=2 mutation
(Eq. 4.49) with index mut; = 6 for the ith individual and Nyes— IS the number of individuals
that uses this operator; (g) tournment-basedl mutation (Eq. 4.84) with index mut; = 7 for
the ith individual and Ngymment-based =1 1S the number of individuals that uses this operator; In
Equations 4.45, 4.46, 4.47, 4.48, 4.83, and 4.48,, ro, r3, r4, and rs are di erent random integers
in [1;n], Xpest iS the best solution found so far, andv; is the mutant vector generated by one
of these strategies generated for theth individual. F; and CR; are, respectively, the scaling
factor and crossover rate for each individual. The adaptive operator selection  scheme used
in SOAMSDE is analogous to the one present in CSASADE (Section 4.3.12).

K
Vi = XE)e)st+ Fix® x® + x & xKy: (4.83)

The last mutation strategy used in SOAMSDE is present in 4.5.2 works in a similar man-
ner as the bynary tournament selection present in GA (Section 4.3.1). In this tournament
process, a pair of di erent individuals are selected randomly from the population, and the indi-
vidual in this pair with the best objective evaluation has its solution selected asX winner . Then
tournment-basedl mutation strategy uses the following equation:

k
Vi = Xp;) + Fi  Xtwinner Xi( ) , (4.84)

whereri 2 [1;n] is a random index for an individual in the population, and F; is the scaling factor
for the ith individual.

During its initialization, SOAMSDE generates randomly uniform solutions inside of the search
space. In the rst iteration, the parameters N,%ku)t and Nél‘g represents the number of individuals
using each possible mutation and crossover strategies, these values are initialized a§ and
5 . For eachith individual their scaling factors and crossover rates are initially assignedrF; =
wl = weinta @A CRi = w2r = werina Where f and g are twointernal parameters

adjusted by adaptive control strategies similar to the ones present in CSASADE.

During the iterative stage, the adaptive operation selector  responsible to assign the muta-
tion and crossover strategies to the individuals in the population in a circular manner similarly to
how a dealer distributes a deck of cards to multiple players, instead of chopping the population
in multiple sets and giving strategies to these sets, as used in CSASADE and APMTMODE. By
assigning strategies in this manner, SOAMSDE prevents that speci ¢ operators are only assigned
to the best or worst individuals since the selection of individuals to be kept in the population
uses a sort method. An example of this assignment on work is present in the example where

given a population of 8 individuals and in an iteration that Nélkn) =3 and Néﬁ% =7, the assign-

ment of crossover strategies for each individuals as followscro(lk) = cro(3k) = cro(5k) =1 and
cro(zk) = cro&k) = crog‘) = cro(7k) = crog‘) =2.

SOAMSDE at every iteration and for each individual in the population generates a trial-vector
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u; using a mutation and a crossover strategy with indices held by thdth individual, respectively,
mut; and cro;. Instead of using the selection process as in Eq. 4.3, SOAMSDE uses the same
selection process of GA (Section 4.3.1) by actually using trial-vectors as new solutions for new
individuals that are then added to a population of new individuals Pcne, - Then at the end of an
iteration, SOAMSDE joins both populations P and P¢ne, Sort their individuals based on their
evaluation values in ascending order and then iteratively removes the last individuals until this
new population has sizen and substitute P for the next iteration. Each generated individual
have their parameter values copied from their originali-th individual, it includes Fpew = Fj,
CRpew = CRj, mutpew = mutj, and Cropeyw = Croj.

For eachith individual in the population its scaling factors F; is calculated as follows:

F = min(1 ; max(0; N ( W(Fk); N); (4.85)

where W(Fk) is aninternal parameter that represents the weighted averages for scaling factors and

its value is adjusted using an adaptive parameter control strategy shown in Eq. 4.62 in Section
4.3.12, and is aninternal parameter for the standard deviation controlled by a deterministic
parameter control strategy similar to the one that controls another in CSASADE (4.3.12).

In a similar approach, SOAMSDE updates the crossover rate€ R; using the following equation:
k
;= G wcri)
< if 2 (0;1); (4.86)
CRW = 0;1)

1 otherwise

where W(Ck% is another internal parameter representing weighted averages for crossover rates,

and it is adjusted by an adaptive parameter control strategy shown in Eg. 4.65 in Section
4.3.12.

The number of individuals using each mutation and crossover strategies, respectively\ ,(nkl}t

and NC(Q changes in the same manner as CSASADE using Eq. 4.52 and Eq. 4.56.

4.4.1.2 Parameters Description for SOAMSDE

SOAMSDE is a complex DE-based adaptive meta-heuristic with severparameter control
strategies used inspired by the CSASADE (Section 4.3.12). However, SOAMSDE has the fol-
lowing novelties when compared to CSASADE: (a) a larger pool of mutation strategies including
a tournament mutation strategy based on [82]; (b) SOAMSDE leaves the selection strategy to an
elitist process similar to the one present in GA that in turn alters the type of pressure imposed by
the algorithm to select good solutions in uencing the speed of convergence; (Adaptive opera-
tion selection schemes present in SOAMSDE circularly assign mutation and crossover strategies
to the population in a way that resembles distributing cards to di erent players in a card game.

SOAMSDE contains no external parameters and does not need to be ned tuned by a user.
However, SOAMSDE contains thirteen internal parameters analogous to CSASADE, listed as
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follows: (a) Fi, (b) wg, (€) CRi, (d) wcr, (€) » () wrinitar » (@) wcrinitiar » () max, ()
min » () Nmut, (K) Nero, (I) muti, and (m) cro;.

Similar to CSASADE, two adaptive parameter control strategies work in an individual-
scope to update the values for scaling factorg; and crossover ratesCR; for eachith individual
in the population based on theinternal parameters  representing weighted averages wr and

wcr that are in turn controlled by other two adaptive parameter control strategies . has
its value controlled by a deterministic parameter control that independently of the algorithm
performance reduces the variation of generated scaling factors and crossover rates.

Internal parametersN,: and N¢o update the number of individuals using speci ¢ mutation
and crossover strategies in a population-scope. The values assumed by these parameters are
controlled by a pair of adaptive parameter control strategies that use the dierence in
evaluation values of individuals using speci c operators. These di erences are then used to increase
the number of individuals using operators that shows to have improvements while reducing the
number of individuals using operators with poor performance. N and N, are used by two
adaptive operator selection that alters the values for indices mut; and cro; in a individual-
scope. These adaptive mechanisms use the own selection process to reduce the number of strategies
that obtain bad solutions and increase or maintain the number of strategies the obtain good
solutions.

Apart from the internal parameters in uenced by adaptive schemes, SOAMSDE usestatic
internal parameters  that controls some characteristics of the adaptive techniques. These static
parameters are: (a) the initial weighted averages wcriniia @Nd wcriniia  that sets the initial
points for the parameter search with both of them set0:5; (b) max and min represents the
maximum values of assumes during the rst iterations and then over the last iteration.

4.4.2 Adaptive Genetic Algorithm vl (AGAv1)
4.4.2.1 Meta-Heuristic Description

AGAv1 is a GA-based meta-heuristic that have adaptive parameter control strategies
inspired by the ones present in JADE. Algorithm 26 shows AGAv1 in pseudo-code form.

AGAv1 has a population P formed by n individuals. Each ith individual is represented as a
tuple t; = hXi;pci; Pmji composed of ad-dimensional integer vectorx; as well as thecrossover
and mutation rates  pc; and py; that were used by the genetic operators to generate the vector
Xi.

AGAV1 initialization process randomly generates solutions for a COP with objective function
f, analogous to GA. However, since AGAvl contain adaptive techniques, it also initialize its
internal parameters related to the adaptive mechanisms, namelyp;; = g? = and

Pmi= &)= for eachith individual.

Peinitial

Peinitial
During every iteration, AGAv1 generates a population of o springs Pnew, and before the selec-

tion operator application, the algorithm creates for the new o spring individuals their mutation
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Adaptive Genetic Algorithm vl (AGAv1)

INPUT: Objective Function (f ()) 11: One-Point Crossover Operator using
Iterations (1) Pecnew
Number of individuals (n) 12: Mutation Operator using Pm new
Number of components ¢) 13: Evaluate 0 springs Xnew 1 and X new »
Lower-bound vector (Ib) 14: thew1 = MXnew1; Pmnew: Penewl
Upper-bound vector (ub) 15: thew2 = Mnew2; Pmnew: Penewl

OUTPUT: Best solution (X pest) 16: Prew  thew1

1: procedure AGAV1 (f;1;n;d; Ib;ub) 17: Prew  tnew2

2: Initialize tj = WX, pmj, Pl 18: end for

3. Evaluatef (x;) 19: Sort P [ Prew

4: Update X pest 20: P is replaced by Bestn in sorted P [

5: for k=1tol 1do Prew

6: Prew = ; 21 Update S;) . Eq. 4.88

7 for i =1 to b5cdo 22: Update Sﬁ) . Eq. 4.90

8: Generate Pm pew . Eq. 4.87 23: Update X pest

o: Generate pPepey . Eq. 4.89 24 end for

10: Binary Tournament Selection 25: return X pest

Operator 26: end procedure

and crossover rates , respectively, Pmpew @Nd Pepew -

Pmnew IS generated using the following equation that de nes anadaptive parameter control
strategy :

— i : : k). :

Pmpew = MIN Pmmax s MaX Pm min ;N ( fgm), pm) ) (4-87)
where pmmax @nd Pmmin areinternal static  parameters that de nes the upper and lower bounda-
ries for the mutation and crossover probabilities. p, is another internal static  parameter that

m

controls the spread of values for mutation probabilities. g,? is an internal parameter con gured
by an adaptive parameter control as following:
P n
(D = min - promax; Max Pmmin (1 0 &+ ¢ %pm. : (4.88)

wherecis aninternal static parameter that, analogous to JADE, controls the adaptation speed.

Penew IS generated by a very similaradaptive parameter control as the one that generates
Penews @S eXxpressed in Eq. 4.89 that uses a secoimternal parameter SZ) controlled by another
adaptive mechanism as well as using otheinternal static  parameters, namely,pPcyax » Pemin  that
work similarly to their counterparts for mutation, and the adaptation speed parameter c as shown

in Eq. 4.88.

Pcnew = min Pemax » MaX: Pemin ;N ( gz); pc) ; (4-89)
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P
it1 Pei

(D =min pemax; Max Pemin s (1 ©) (0 + ¢ = ; (4.90)
After the generation of pmpeyw aNnd Penew these parameter are used to generate the new chro-
MOSOMESX new1 and Xpew2. These two chromosomes are then joined withpm e @Nd Pepey INTO
two new 0 springs tnewi = MXnew1; Pmnew; Penew! 8Nd thew2 = MXnew2; Pmnew: Penew! that are then
added to the new population Pnew. The same elitist process present in GA is used to keep the

population with the best solutions found so far.

4.4.2.2 Parameters Description for AGAv1

AGAv1 contains four adaptive parameter control strategies. Two of them work in an
individual-scope controlling the parameter values forpy, and p. for each ith individual of the
(k) (k)

population P. The other two work in a population-scope controlling parameters p, and p,
that in turn controls the adaptive mechanisms that generates byp,, and p; values. All of these
adaptive parameter control strategies use as evidence for change the improvement in the
performance of the algorithm through the acquisition of better solution with smaller evaluation
values for the objective functionf since the elitist process keeps better solutions and consequently
altering the average of parameter values.

AGAv1 contains thirteen internal parameters that in uence the exploratory and exploitation
behavior for the search of possible parameters and in turn, these parameter controls the meta-
heuristic as a whole. Thesdnternal parameters are: (a) crossover probabilitype; for each indivi-

dual, (b) mutation probability pm; for each individual, (c) average crossover rate QZ) at iteration

k, (d) average crossover rate SZ) at iteration Kk, (e) initial average crossover rate p iy = 0:7,
(f) crossover rate standard deviation p, = 0:25, (g) minimum crossover rate pey,, = 0:1, (h)
maximum crossover ratepenax = 0:95, (i) average mutation rate éﬁ) at iteration Kk, (j) mutation
rate standard deviation p, = 0:025 (k) minimum mutation rate pPmmi, = 0:01, (I) maximum
mutation rate pmmax = 0:1, and (m) adaptation rate ¢ = 0:15. The parameters that are set

representstatic ones.

4.4.3 Adaptive Genetic Algorithm v2 (AGAv2)
4.4.3.1 Meta-Heuristic Description

AGAV2 is the second GA-based adaptive meta-heuristic to optimize SOOP developed in this
work. AGAV2 contains some similarities with AGAvl. However, when compared with AGAv1,
the adaptive parameter control strategies developed for AGAv2 permit faster changes in
the averages of mutation and crossover rates during the algorithm execution. Therefore, faster
exploration for the mutation and crossover probabilities used by themutation and crossover
genetic operators.

Another additional feature in AGAvZ2 is an adaptive parameter control strategy that uses
as evidence for change a success metric to con gure standard deviation values for the generation of
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mutation and crossover rates . These adaptation schemes have a population-scope since these
standard deviations are used to generate parameter for every individual. Algorithm 22 shows
AGAV2 is pseudo-code form.

Algorithm 22  Adaptive GA v2 (AGAv2)

INPUT: Objective Function (f ()) 13: Mutation Operator using Pm new
Iterations (1) 14: Evaluate osprings M new; and
Number of individuals (n) M new 2
Number of components €) 15: thew1 = MXnew1; Pmnew: Penewl
Lower-bound vector (Ib) 16: tnew2 = Mnew2; Pmnew; Penewl
Upper-bound vector (ub) 17: Prew  thew1

OUTPUT: Best solution (X pest) 18: Prew  thew2

1: procedure AGAv2 (f;I;n;d; Ib;ub) 19: end for

2: Initialize tj = X, Pmi, Pl 20: Sort P [ Prew

3 Evaluatef(xi(o)) 21 P is replaced by Bestn in sorted

4: Update X pest P [ Phew

5: for k=1tol 1do 22: At oy = €valuations of P

6: A = evaluations of P 23 Count successs comparing As .,

7: Prew = ; and A

8: for i =1 to b5cdo 24: Update S,‘nﬂ) . Eq. 4.94

o: Generate Pm new . Eq. 491 25 Update & . Eq. 4.93

10: Generate Pepey . Eq. 4.92 26 Update &™) . Eq. 4.95

11: Binary Tournament Selection Opera- 27: Update Szﬂ) . Eq. 4.96

tor 28: Update X pest
12: One-Point Crossover Operator using 29: end for
Penew 30: return  Xpest

31: end procedure

AGAv2 is composed of a populationP with of n tuples and eachith tuple is represented as
ti = IX;;pci; Pm;i. These tuples represent the individuals in AGAv2.

The parameters pmpew @nd Pmpew are generated for the new o spring individuals using Eq.
4.91 and Eqg. 4.92. Note that even though the process is analogous to that present in AGAv1,
the internal parameters  that represent the standard deviations ,, and p. are controlled by
a pair of deterministic parameter control strategies

Pmnew = min Pm max » MaX  Pmmin ;N ( éﬁ)i é)lr(n)) : (4-91)

Penew = min Pemax s MaX  Pemin ;N ( Sz); Sé)) : (4-92)

During every iteration, the processes to update the standard deviation values ;(3'2) and S;) use
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sets containing copies of the objective evaluation results from the parent population at the begin-
ning of the iteration A; and the population after the elitist process has been applied by AGAv2
At hen- SetAg is populated and sorted from the best to worst evaluations at the beginning of an
iteration k. After the genetic operators are applied, including the elitist process, the evaluation
results for the new population composed of old and new individuals are copied and sorted as a set
At ew- Anew is then compared againstA¢ in an element-by-element basis generating a success
value s that is computed as the number of times in which there was an improvement in evaluation
obtained from an iteration to another between two individuals ranked in the sameith position in
the population.

AGAV2 then usess to indicate the improvement of the population solutions as a whole between
two iterations. This metric is used to decide whether the algorithm should explore more the search
space of parameters or exploit more the parameter values found so far. This change between
exploration and exploitation is done by increasing or decreasing the standard deviations values

k)

&) and k. using Eq. 4.93 and Eq. 4.94.

_<a ifs>10
c~— .
~al ;(3'2) otherwise: (4.93)
K+1) — o . .
F()c ) =min pcmax’maX Pcmin » €
_<a () ifs> 0
m = .
“at ¥ otherwise: (4.94)

K+1) — mi : :
I(3m+ ) = mm( Pm max ° maX( Pcmin » m))
The internal parameters an) and Qﬁ) are updated directly as the arithmetic averages for the
mutation and crossover rates in each individual that were kept by the elitist process, as it = 1
in AGAv1, as present in Eg. 4.95 and Eg. 4.96.

P, "

. = p i
él:nﬂ) =Mmin Pmmax: MaX  Pmmin % (4-95)

P, "

. i=1 Pcj
S((:ﬂ) = MmN Pemax ;s MaX Pemin % : (4-96)
4.4.3.2 Parameters Description for AGAv2
AGAV2 contains six parameter control strategies . The rst four are adaptive parameter

control strategies  that work in a similar fashion as the ones present in AGAv1 for the parameters

Pmi, Pei gﬁ? and SZ) However, AGAv2 also contains twodeterministic parameter control

strategies that adjust the values of the internal parameters . and . based on the rate of
success, i.e., improvement of individuals, during consecutive iterations.
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AGAV2 contains nineteen internal parameters listed as follows: (a) crossover probabilitype;
for each individual, (b) mutation probability pmy; for each individual, (c) average crossover rate gﬁ)
at iteration Kk, (d) initial average crossover rate ;. ..., = 0:8, () average mutation rate éﬁ) )]
initial average mutation rate p, ;wiar = 0:01, (g) crossover rate standard deviation 8, (h) initial
crossover rate standard deviation ;i = 0:1, (i) mutation rate standard deviation §9 (i) ini-
tial mutation rate standard deviation p i.iiqg = 0:005 (k) minimum crossover rate pepi, = 0:1,
(I) maximum crossover rate pemax = 0:95, (M) minimum mutation rate  pmmi, = 0:01, (n) maxi-
mum mutation raté pmmax = 0:1, (0) minimum crossover rate standard deviation p_ .. = 0:01,
(p) maximum crossover rate standard deviation ... =1, (q) minimum mutation rate standard
deviation p ., =0:001, (r) maximum mutation rate standard deviation . =0:5 and (s)
standard deviation adaptation rate a = 1:2. Since from these parameters, all thirteen of them are

static ones, the parameter tuning for AGAv2 internal parameters is its major disadvantage.

4.4.4 Adaptive Genetic Algorithm v3 (AGAv3)
4.44.1 Meta-Heuristic Description

AGAv3 is the third GA-based adaptive meta-heuristic developed in this work. It combines
adaptive mechanisms featured in AGAv2 and AGAv3 with schemes present in CSASADE (Section
4.3.12). For this reason, AGAv3 hasparameter control strategies and adaptive operator
selection techniques. Algorithm 23 illustrates AGAv3 in pseudo-code.
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Algorithm 23  Adaptive GA v3 (AGAv3)

INPUT: Objective Function (f ()) 22: Pc = Pep,

Iterations (1) 23: Pm = Pmp,

Number of individuals (n) 24: Cro = Crop,

Number of components ¢) 25: mut = mutp,

Lower-bound vector (Ib) 26: end if

Upper-bound vector (ub) 27 cro th Crossover Operator using
OUTPUT: Best solution (X pest) Pc
1: procedure AGAv3 (f;1;n;d; Ib;ub) 28: mut th Mutation Operator using
2: Initialize t; = X, Pmi, Pci; Croj; mut;i Pm
3: Evaluate f (x i(o)) 29: Evaluate o springs X pew 1 and X new 2
4: Update X pest 30: thew1 = MXnew1; Pm; Pc; Cro; muti
5. Update X worst 31 thew2 = MXnew2; Pm; Pc; Cro; muti
6: for k=1tol 1do 32: Prew  tnew1
7: Calculate p, . Eq. 4.109 33: Prew  Tnew2
8: Calculate p, . Eq. 4.110 34 end for
9: Calculate Wpm . Eqg. 4.106 35: Sort P [ Prew
10: Calculate p, . Eq. 4.106 36: P is replaced by Bestn in sorted
11: Calculate pm; . Eqg. 4.104 P [ Pnew
12: Calculate pg; . Eq. 4.105 37 Adapt Mutation Numbers . Eq. 4.52
13: Phew = ; 38: Adapt Crossover Numbers . Eqg. 4.56
14: for i =1 to bjcdo 39: for i =1 to n do
15: Binary Tournament Selection 40: Reassignmuti(k)

Operator 41 Reassigncroi(k)

16: if f(xp)<f (Xp,) then 42: end for
17: Pc = Pep, 43: Update X pest
18: Pm = Pmp, 44: Update X worst
19: Cro = Crop, 45: end for
20: mut = mutp, 46: return  Xpest
21: else 47: end procedure

AGAv3 has a population P composed ofn individuals that are represented as tuples. Eaclith
individual is a tuple t; = h;;p¢;; Pmj; Croi; mutii, wherex; is d-dimensional integer vector that is
a solution for a COP with objective f, pg; is the mutation rate used to generate this individual
solution, pm; is the crossover rate is used to generate;, cro; is the index for one of the operators
present in the pool of genetic crossover operators, andhut; is the index for one of the genetic
mutation operators.

AGAv3 has a pool of possible crossover operators represented as
cro = f one-point; shx;two-point; uniform g and a set ofinternal parameterch(l‘g that represents
the number of individuals using one of the crossovers. For eachth individual cro; can assume
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integer values in the range[1; 4] representing the following list of crossover strategies: (apne-point
crossover with indexcro; = 1 for individual i and None-point IS the number of individuals that uses
this operator; (b) sbx(simulated binary) crossover with index cro; = 2 for individual i and Ngpy
is the number of individuals that uses this operator; (c) two-point crossover with indexcro; = 3
for individual i and Nwo-point IS the number of individuals that uses this operator; (d) uniform
crossover with indexcro; = 4 for individual i and N yniform 1S the number of individuals that uses
this operator;

The one-point crossover genetic operator functionality is explained in the GA meta-heuristic
present in Section 4.3.1. The two-point crossover is similar to the one-point, however, it uses two
random crossover points, respectivelyrq, and rq,, in the parent solutions xp, and xp, and then
exchange genetic material between these crossover points as illustrated in Fig. 4.6. Meanwhile,
the uniform crossover operator does a random test for each chromosome and, if this test is passed,
that chromosome is swapped between both parents generating two o spring%,; and X 4. Figure
4.7 illustrates an application of a uniform crossover where; is a random value to be used by the
j th solution component.

A simulated binary crossover, as present in [83], uses Eq. 4.97, Eq. 4.98 and Eq. 4.99
to transfer genetic material between two parent solutionsxp, and xp, generating two o spring
solutions X1 and X o», wherer, and r, are random real numbers in[0; 1].

8 1
< (2r1)(ﬁ) ifry> 05 (4.97)
ea r)(E)  otherwise .
8 i k
< max Ibj;min ub; 0:5+0:5 (1+ )xp, +(1 Xpo: if ro<
Xot; = . i b ( ) P1j ( ) P2j 2 Pc . (4.98)
Xpyj otherwise
8 i k
< max Ibj;min ub; 0:5+0:5 (1+ )Xp, +(1 )Xpq: ifro<p
X02j = ) q pz] pl] . c : (499)
" Xpy; otherwise
rgl r?z
Xpy 0 1 3
Xpy 3 3 0
Xoq: 0 1 o B ::: i 3
Xo2! 3 3 o i ::: e 0

Figura 4.6 Graphical representation of a two-point crossover operator.
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ri > 0:5 ri > 0:5 ri > 05

Xp1 0 1 3
Xpo 3 3 0
Xo1 0 3 0
X 02t 3 1 o o o o 3

Figura 4.7 Graphical representation of a uniform crossover operator.

Similar to crossover operators, AGAv3 has a pool for mutation genetic operatoranut =
f bnormalr; cauchyr; normalr; poly; unifr g and a set of internal parameters N,%ku)t that repre-
sents the number of individuals using one of the mutation operators. Indicesnut; can assume
integer values[1; 5] representing of the possible following mutation strategies: (ajonormalr repre-
sents a biased random gene ip mutation that uses a normal distribution. Theith individual has
index mut; = 1, and Npnormarr iS the number of individuals that uses this operator; (b) cauchyr
represents a random gene ip mutation that uses a Cauchy distribution. Theith individual has
index mut; = 2, and Ncauchyr is the number of individuals that uses this operator; (c) normalr
is a random gene ip mutation that uses a normal distribution. The ith individual has index
mut; = 3, and Npomarr iS the number of individuals that uses this operator; (d) poly is a poly-
nomial mutation. The ith individual has index mut; = 4, and Npqy is the number of individuals
that uses this operator; (e) unifr is a random gene ip mutation the same used by GA in Section
4.3.1. Theith individual has index mut; = 5, and Ny is the number of individuals that uses
this operator;

The biased gene ip mutation operator generates new chromosomes values that use its old
value as the mean in a normal distribution with a standard deviation of 10% of the mean between
the boundaries of the search space whenever a random test passes wih for every component.
In other words, given a solution x, it generates a new value for thejth chromosome Xpewj as
follows:

. uby b
Xnewj = Min uby;max Ibj; N (X;; T) ; (4.100)

AGAv3 uses two new types of random gene ip mutation: (a) cauchyr generates new chromo-
somesxnewj Using a Cauchy distribution as follows:

. b Ib;
Xnewj = Min uby;max Ibj;C by + ub 5 b, ; ub 10 b +0:5 : (4.101)

(b) cauchyr generates new chromosomesey; Using a Cauchy distribution as follows:

Iy
10

) Ib;
Xnewj = Min ub;max Ibj;N b + uby 5 b,;uq +0:5 : (4.102)
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In mutations operators bnormalr, normalr , and cauchyr, the generated values need to be trun-
cated back to the search space, since both distribution may generate values outside of the search
space, and the results also need to be rounded to the closest integer number because solutions in
AGAv3 are d-dimensional integer vectors.

The polynomial mutation ( poly) generates a new chromosomg; . given the previous chro-
mosomex; . This process uses the following equation:
8 j L k
<max Ibj;min ub; x +@r)(#) 05 if r< 05
; (4.103)

Xj =
" max Ibj;min uby; x; +(2(1 r))(ﬁ) 0:5 otherwise

wherer is a random real numberr 2 [0; 1].

The adaptive operator selection scheme in AGAv4 assigns each individual its mutation
and crossover operator in the same fashion as SOAMSDE (Section 4.4.1), in other words, in a
circular, depending on the values oiNGJ and Nr%kgt.

During AGAv3 initialization, random solutions for f are generated inside of the search space
and assigned as chromosomes to each of the individuals in AGAv3. The parameters for each
individual are initialized as in CSASADE and SOAMSDE, but instead of scaling factors and
crossover rates, the parameters are related to crossover probabilities and mutation probabilities.
This process assigns to each individual py,; = ng = Wpminge @Nd Pei = Wgc =

where 'g and [‘§C are two internal parameters adjusted byadaptive control strategies

Wpcinitial

Another stage of the initialization is to assign to each genetic operator equal number of in-

dividuals in such a way that Nonepoint = Nsbx = Ntwo-point = Nuniform = % and Npnormarr =
Ncauchyr = Nnormarr = Npoly = Nunifr = % .
During | iterations, two adaptive parameter control strategies dynamically change the

values for crossover and mutation probabilities of the population in an individual-scope by gene-
rating new mutation and crossover rates using Eq. 4.104 and Eq. 4.105.

Pmi =M Prmax;MaX Pmin N wh; py (4.104)

Pei =M Pemax;MaX Pemin sN Wi pe (4.105)

These adaptive parameter control schemes use weighted averages to generate new parameter va-
lues, namely . and w, . Both averages are adjusted by othersadaptive parameter control
strategies calculated using Eq. 4.106 and Eq. 4.107 with the normalized weight for eachth in-
dividual calculated using Eq. 4.108.

(k) X

Wpm T~ WiPmi: (4.106)
i=1
X

Wi =" Wipm;: (4.107)

i=1
W= P if(xi)  f (Xworst)]
I jnzljf (Xj)  f (Xworst)] .

(4.108)
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The values for standard deviations for both mutation and crossover probabilities are expressed
asinternal parameters . and p .. Both of them are updated using their own deterministic

parameter control strategies that uses Eq. 4.109 and Eq. 4.110.
!
k 2
1 T (4.109)

Pm =  Pm min + Pm max Pm min

!
2

1 (4.110)

Pc =  Pemin + Pc max Pc min

- =

During AGAv3 reproductive stage, when generating o spring individuals, the parent individu-
als are selected using dinary tournament selection as GA (Section 4.3.1). In this manner,
given two parents selected from the population with indicesp; and p», the crossover and muta-
tion genetic operators and parameter values used to generate o springs between these parents are
obtained from the parent with the best evaluation of the objective function f . Both new o spring
solutions inherit their parameters from the parent with the best evaluation results.

4.4.4.2 Parameters Description for AGAv3

AGAv3 has no external static parameters. However, it containsnineeen internal parame-
ters listed as follows: (a) mutation probability for the ith individual pm;, (b) crossover probability
for the ith individual pg;, (C) average crossover probability ,(D‘é) at iteration k, (d) initial average
crossover probability p.;.ios = 0:7, (€) average mutation probability an) (f) initial average mu-
tation probability  p i = 0:05, (g) minimum crossover probability pep,, = 0:1, (h) maximum
crossover probability pepmax = 0:95, (i) minimum mutation probability pmmin = 0:01, (j) maxi-
mum mutation probability pmmax = 0:1, (I) minimum crossover probability standard deviation

pemin = 0:1, (M) maximum crossover probability standard deviation . = 0:4, (n) minimum
mutation probability standard deviation .. = 0:01, (0) maximum mutation probability stan-
dard deviation p, . =0:05. (p) number of individuals using a speci ¢ mutation operator Nmyt,
(9) number of individuals using a speci ¢ crossover operatoM ., (r) index for the mutation ope-
rator used by individual i mut;, and (s) index for the mutation operator used by individual i cro;.
All parameters in this list that are set are static ones. There are ten one of them in AGAv3.

Similar to SOAMSDE, AGAv3 has two adaptive operation selection mechanisms that
controls the use of operators by the individuals based on the values of theternal parameters
Nmut and N¢ro in a similar fashion as SOAMSDE.

AGAv3 contains eight parameter control strategies . Six of them areadaptive parameter
control strategies to control the internal parameters pm;, Pe;, gﬁ? ,(o‘;) Nmut and N¢ro. Finally,
two of these adaptive mechanisms aréeterministic parameter control strategies that adjust
the values of the internal parameters  and ..
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4.4.5 Adaptive Genetic Algorithm v4 (AGAv4)
4.45.1 Meta-Heuristic Description

AGAv4 is an adaptive meta-heuristic that is an expansion of AGAv3 that adds an adaptive
parameter control strategy to con gure the size of the tournament selection in a population-
scope as present in [84]. Algorithm 24 shows AGAv4 in pseudo-code.

Algorithm 24  Adaptive GA v4 (AGAv4)

INPUT: Objective Function (f ()) 23 else
Iterations (1) 24: Pc = Pep,
Number of individuals (n) 25: Pm = Pmp,
Number of components () 26: Cro = Crop,
Lower-bound vector (Ib) 27: mut = mutp,
Upper-bound vector (ub) 28: Pt = Ptp,
OUTPUT: Best solution (X pest) 29: end if
1: procedure AGAv4 (f;I;n;d; Ib;ub) 30: cro th Crossover Operator using
2: Initialize tj = Xi, Pm;, PcjCroi; mut;; py;i Pc
3 Evaluate f (xi(o)) 31 mut th Mutation Operator using
4: Update X pest Pm
5: Update X worst 32: Evaluate o springs X new 1 and X new 2
6: fork=1tol 1do 33: Calculate prpey 1 @nd Proew, - EQ.
7: Calculate p, . Eq. 4.109 4.114 '
8: Calculate . EQ. 4110 O° N K“ewljpmjp‘ﬁjz:gim Poew 1
9: Calculate v, . Eq. 4106 F?ewz . new 2 Pm; Pe; €103 MUL Ptnew 2
. new new 1
10: Calculate p, . Eq. 4106 4. Prew  tnew
11: Calculate pm; . Eq. 4.104 g3g: end for
12: Calculate pg; . Eg. 4.105 39: Sort P [ Phew
13: Calculate Tsjze . Eq. 4.111 40 P is replaced by Bestn in sorted P [
14; Prew = ; Prew _
15: for i =1 to blc do 41f Adapt Mutation Numbers . Eq. 4.52
16: Tyze Tournament Selection Ope- 42: Adapt Crossover Numbers . Eq. 4.56
43: for i=1tondo
rator 44: Reassignmuti(k)
1r: it f(xp,) <f (Xp,) then 45: Reassigncro(
18: Pc = Pep, 46: end for
19: Pm = Pmp, 47 Update X pest
20: Cro = crop, 48: Update X worst
21: mut = mutp, 49:  end for
29- B = P, 50: return  Xpest

51: end procedure

AGAv4 has a population P with n individuals and each ith individual is a tuple t;j =
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hXi; Peis Pmi; Croj; muti; py;i that is similar to the tuple of AGAv3 with the addition of p; that
represents the pressure for this individual when deciding the size of the tournament selection
Tsize. During the initialization, as the population are generated, each individual receives a ran-
dom pressure value inside of the rang@ptmin ; Ptmax J-

The pressure value for each individual contributes to the size for the tournament selectiofgize

using the following equation:
$X” %!!
Tsize = MiN Tmax; Max  Tmin ; pw(k) Pc; ; (4.111)
i=1

where Tmin and Tmax are internal static parameters that represent the minimum and maximum
tournament size, respectively. p,(¥) is a weighting factor that is con gured by a deterministic
parameter control that uses Eq. 4.112 and forces the tournament to be smaller during the last
iterations of the algorithm.

pw¥ =0:25 0:15max 0;2 IE 0:5 (4.112)

A tournament selection of sizeTgj;e SelectsTgize random individuals from the population and,
from these individuals, it returns the individual with the best objective function evaluation f to
be the rst parent. Then it obtains another Tg;e individuals from the population without the
rst parent and selects the best individual to be the second parent. Notice that the size of the
tournament selection decides the convergence speed of AGAv4. A big tournament size forces a
fast convergence but reduces the diversity of solutions in the population and a small tournament
size maintain population diversity but has slower convergence.

During the reproductive process, after the generation of a pair of o spring solutionsx new1 and
Xnew2, @ NEW pressure values are calculated to the o springs using Eq. 4.113 and Eq. 4.114 where
given that p is the pressure tournament from the parent with the best objective evaluationf (x)
and r is random real number generated using a normal distribution withr = N (0; 1).

pt = o ! : (4.113)
1+ o exp( r)

8

o = = MiN (Pmax s MaX (Pemin P+ P))  IF F (Xnew) <F (Xp) |
e MIiN (Pt max s Max (Pemin s Pt Pt)) otherwise

(4.114)

4.45.2 Parameters Description for AGAv4

Since AGAv4 is an extension of AGAV3 it has all of its internal parameters with the addition of
the following parameters: (a) pressure for individuali pt, (b) tournament size Tsjze, (C) Minimum
possible tournament sizeTyin = 2, (d) maximum possible tournament size Tnax = 5, (€)
minimum pressure value for individuals pt i, = 0:08, (f) maximum pressure value for individuals
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Ptmax = 1:0, and (g) learning rate for the pressure adaptation = 0:3. AGAv4 has a total of
twenty-six internal parameters.

AGAv4 contains ten parameter control strategies . Eight of them are the same used by
AGAv3. The added parameter control strategies related to the adaptation of tournament
size are: (a) anadaptive parameter control strategy con gures the pressures for tournament
in each iteration i, and (b) a deterministic parameter control strategy that con gures the
tournament size for the algorithm in a speci c iteration.

4.4.6 Adaptive Particle Swarm Optimization (APSO)
4.4.6.1 Meta-Heuristic Description

APSO is an adaptive PSO-based meta-heuristic developed in this work that has the following
additions to the PSO (Section 4.3.12): a)adaptive parameter control strategies that adjust
cognitive and social factors, and b) alteration in the deterministic parameter control stra-
tegy for the inertia weight . The pseudo-code for APSO meta-heuristic can be seen in Algorithm
25.

Algorithm 25  Adaptive Particle Swarm Optimization (APSO)

INPUT: Objective Function (f ()) 9: Se,
lterations (1) 10: Calculate w( . Eq. 4.117
Number of individuals (n) 11: for i =1 tondo
Number of components () 12: Calculate c;; and ¢y . Eqg. 4.115
Lower-bound vector (Ib) 13: Calculate vk . Eq. 4.4
Upper-bound vector (ub) 14: Calculate x K . Eq. 45
Initial weight ( Winiial ) 15: Evaluate f (x )
Final weight (Wsina ) 16: if f(xK)<f (xk 1) then

OUTPUT: Best solution (X pest) 17 Se, G

1. procedure APSO 18: end if

2: Initialize xi(o) (i=1;:5n) 19: Update X ppest;

3 Evaluate f (x i(o)) 20: end for

4: Calculate vimax . Eq. 4.118 21 Update X pest

5: Update particles X ppest, 22: Update ¢, . Eq. 4.116

6: Update X pest 23: end for

7: =2 24:  return  Xpest

8: for k=1tol 1do 25: end procedure

The proposed modi cation adds a pair of adaptive parameter control strategies to change

both social and cognitive factors in uenced by the adaptive mechanism from JADE. This modi-
cation gives each ith particle their own unique social and cognitive factors, respectively,c;; and
Coi, with values that can dynamically vary as the algorithm progress based on the swarm ex-
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ploration of the search space. This mechanism works in an individual-scope by re-sampling the
parameters using an average value for the cognitive factor ¢, that in turn uses as evidence for
change parameter that improves the algorithm performance. Bothc;; and cp; are tied together
restricted to ¢y;; ¢y 2 (0;4) and cy; + ¢ =4, so whenever a factor increases the other decreases.

At every Kk iteration, the cognitive and social factors are generated for every particle using a
normal distribution as presented in Eq. 4.115. The choice to use a normal in favor of the Cauchy
distribution is because Cauchy distribution has long at tails is more likely to generate a value
further from its mean than the normal distribution.

cof = N( §;0:1)

: (4.115)
Coff = Caf
where £ is the average of social factors and its value is calculated as follows:
g k 1 P
<08 +0:2 L if jS,j6 0
k — C €112S¢; jSc C1 )
R 1 e , (4.116)
o c.c.

where S, is a set of successful values of cognitive factorg; obtained from the previous iterations.
This successful set is populated in the same manner as the successful sets for mutation and
crossover rates present in JADE.

The inertial weight modi cation alters the importance given by APSO to explore or re ne
its information about the search space. In PSO [61], theinertial weight w changes linearly
through the iterations. It softly changes PSO behavior between an exploratory to an exploitative
one. This change in values ofw is done using a deterministic parameter control strategy. The
proposed change modi es this linear behavior to a non-linear sigmoid function, as shown in Fig.
4.8 with the reasoning to allow APSO to spend more iterations on the exploratory stage using
high weight values and, at the end of its execution, use more iterations in exploitative stages. The

deterministic parameter control strategy used forw is expressed by the following equation:
Wk = Winitial  + final i|<n|t|al ; (4.117)
12 — ¢

l+e '
wherel is the number of iterations allowed by the algorithm to run, k is the current iteration and
c is the real static internal  parameter inside (0; 1) that adjusts in which percentage 100c% of
iterations the algorithm changes its behavior from exploratory to exploitative, a suggested value
to cis 0:45. Lastly, the initial weight winiia 2 (0; 1) with a suggested value 0f0:85 and the nal
weight Wsingr 2 (0; 1) with a recommended value 0f0:05. Reminding that Winital > Winal -

Even though not added as an adaptive parameter, the maximum speedy.x it is xed as
an internal static parameter that depends on the search space size. Equation 4.118 is used to
obtain the Vmax -

Vmax = M (4.118)
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Figura 4.8 Graphical example of the inertia weight evolution during execution of APSO (red)
and PSO (blue) with both having | =100, Winitiar = 0:85 and Wsjng = 0:05.

4.4.6.2 Parameters Description for APSO

APSO has the following six internal parameters: (@) social factor for particle i ci;, (b)
cognitive factor for particle i co;, (c) initial average of social factors ¢, ;i = 2. (d) ratio of
iterations in which the weight changes from exploratory to exploitative ¢ = 0:45, (e) maximum
velocity Vmax, and (f) initial velocity Vinital = 0:25Vmax -

APSO has anadaptive parameter control strategy that controls simultaneously the social
and individual factors for each particle in a way that when one increases the other decreases. It
forces each individual to assume an exploratory or exploitative behavior. Similar to PSO, APSO
has adeterministic parameter control strategy for the inertia weight parameter.

APSO also contain two external static parameters: (@) initial weight value winitia and (b)
nal weight value Wsijpg -

4.4.7 Adaptive Particle Swarm Optimization v2 (APSOv2)
4.4.7.1 Meta-Heuristic Description

APSOV2 is the second implementation of an adaptive PSO-based that have similar features
from APSO. The additions of APSOv2 compared with APSO is the change of the parameter
control the inertial weight  for the algorithm from a deterministic approach that that work in
a population scope to anadaptive one that works in an individual-scope. Algorithm 26 presents
APSOV2 in pseudo-code format.

APSOvV2 has a swarmP; of n particles and each of them contains a particle position asd-
dimensional vector xj, speedv;, copy of the best individual position X ppest;, the particle inertia
weight w; and individual social and cognitive factorscs; and c;.

During the initialization, APSOv2 generates random solutions in the search space for function
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Algorithm 26  Adaptive Particle Swarm Optimization v2 (APSOv2)

INPUT: Objective Function (f ( )) 10: Updatew™ (i=1;:;n) . Eq. 4.119
Iterations (1) 11: Se,
Number of individuals (n) 12: for i=1 tondo
Number of components () 13: Calculate c;; and ¢y . Eqg. 4.115
Lower-bound vector (Ib) 14: Calculate v& . Eq. 4.4
Upper-bound vector (ub) 15: Calculate x ¥ . Eq. 45

OUTPUT: Best solution (X pest) 16: Evaluate f (xi(k))

1: procedure APSOV2 (f;1;n;d; Ib;ub) 17: if f(xk)<f (xk 1) then

2: Initialize xi(o) (i=1;:5n) 18: Se, Gy

3 Evaluatef (x?) 19: end if

4 Calculate Viax . Eq. 4.118 20: Update X ppest;

5: Update particles X ppest, 21 end for

6: Update X pest 22: Update X pest

7 s = 23: Update ¢, . Eq. 4.116

8 for k=1tol 1do 24: end for

9 Update xéke)st and x\(,'v‘grst 25: return - Xpest

26: end procedure

f to set as positions for the particles. APSOv2 similar to APSO initialize the particles speeds,
and social and cognitive factorscy; and ¢y;.

During the iterative process, for everyith particle, the social and cognitive parameters are
updated using the same scheme as APSO using Eq. 4.115.

APSOVv2 calculates each particle weight usingw; the following equation:

(Wmax ~ Wmin )

f(xi) f(x{)

best
@ (K)

worst ) f(Xbest

Wi = Wi + (4.119)

1+exp 14

where wmin and wnax are internal static  parameter that are, respectively, the minimum and
maximum inertial weight values allowed for the particles. xf)';)st and x&‘g,st are the best and
worst solutions found in iteration k, instead of the best and worst solution found for the whole
APSOv2 execution. This adaptive parameter control strategy results in individuals close to
the best solution having small weight values that consequently produce exploitative behavior and
individuals far to the best solution to behave in an exploratory manner. Since each particle has
its weight w;, APSOv2 has during every iteration particles concurrently in an exploitative stage
while others are in an explorative one. Di erent than PSO and APSO, in which all particles in

the swarm behave in an exploratory or exploitative manner.
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4.4.7.2 Parameters Description for APSOv2

APSOvV2 does not containexternal static parameters. APSOv2 has eightinternal parame-
ters. These parameters are listed as follows: (a) social factor for particlecy;, (b) cognitive factor
for particle i cy;, (c) initial average of social factors ¢, ;,iia = 2, (d) initial average of cognitive
factors 8) =2, (e) maximum velocity Vmax, (f) initial velocity Vinitar = 0:25%max, (g) maximum

weight value winax = 0:9, and (h) minimum weight value wsiny = 0:05.

APSOvV2 has two adaptive parameter control strategies that adjust the social and cog-
nitive factors for a particle i c1; and cy;, respectively, and the inertia weight for each particlei
W;j.

4.4.8 Hybrid Discrete Particle Swarm Optimization Utilization-based (HDPSO-
U)

4.48.1 Meta-Heuristic Description

HDPSO-U is a GA and PSO hybrid meta-heuristic specialized to optimize the task mapping
problem of RTA into RTNoC-based SoC platforms. The problem present in Chapter 3.8. HDPSO-
U is a version of HDPSO-M with a local search algorithm di erent than the LPT algorithm.
Instead, it uses a method that uses the utilization factors of both the not mapped tasks and
the processors in a platform in an approach to map tasks similar to the Mapping T oContainer
phase on the constructive task mapping algorithm present on [85]. Algorithm 27 shows HDPSO-U
in pseudo-code form.

Algorithm 27  Hybrid Discrete Particle Swarm Optimization - Utilization based (HDPSO-U)

INPUT: Objective Function (f ()) 4: Update X ppest;
Application () 5: Update X pest
Platform () 6: for k=1tol 1do
Iterations (1) 7 for i =1 to ndo
Number of individuals (n) 8: Calculate v . Eq. 4.120
Number of components () 9: Calculate x ¥ . Eq. 4.78
Lower-bound vector (Ib) 10: Evaluate f(x; 1)
Upper-bound vector (ub) 11: Update X ppesy;
Bernoulli Probability ( p) 12: end for

OUTPUT: Best solution (X pest) 13: Update X pest

1: procedure HDPSO-U 14: end for

2: Initialize x; (i =1;::;n) 15: return - Xpest 1

3 Evaluatef (x; 1) 16: end procedure

Similar to HDPSO-M, the algorithm has a swarm of n particles and each of one them at

iteration k has a positionxi(k), a speedvi(k), and copies for individual and global bestx ppes; and
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Xpest- The process to update positions and speed use the same operators for addition, subtraction
ross o

and multiplication, respectively, s , and 0, used by HDPSO-M as well as the Eg. 4.78 to
update particles positions.

HDPSO-U updates its particles speeds using the following equation:
v = VTR L UM (Vipbest) + - LUM (Vgbes) (4.120)

where LUM () is a deterministic algorithm that has as input and output variables equal to those
of LPTM in HDPSO-M (see Algorithm 20). In other words, it receives a vectorx containing

componentsx; =0 representing tasks not mapped yet and elementgy, 6 0 symbolizing mapped
tasks to processors with indicesxx 1. LUM takes this vector x and then sorts the unmapped
tasks in descending order of utilization factors to then sequentially allocate them to the least
used processors in , i.e., the processors with the least utilization factor. LUM algorithm is

represented in pseudo-code form in Algorithm 28.

Algorithm 28  Largest Utilization rst based Mapping (LUM)

P

INPUT: Application () 13: Sh = 2map( n) B
Platform () 14: if then s, < Smin
O set Mapping ( x) 15: Smin = Sn
OUTPUT: Possible O set Mapping (Xout)  16: min = n
1: procedure LUM ( ; ;X) 17: end if
2: Tunmapped _tasks = ff j;x;g2f ;Ng:x; 2 18 end for
X" x; =0g 19: f i Xjg= Tunmapped_tasksi
3: Sort Tunmapped _tasks  Utilization factors in  20: Map task j to core min
descend order 21: Xj = index( min)+1
4: Tmapped _tasks = ff k;xkg 2 f ;Ng:xx 2 22 end for
X" xx 609 23: T= Tmapped_tasks [ Tunmapped_tasks
5 for i =1 t0 jTmapped_tasks] dO 24: Sort T based on tasks indices.
6 f ki Xk9 = Tmapped_ tasks; 25: Xout
7: Map task i to core withindex xx, 1 26: fori=11to0|Tjdo
8 end for 27: f ;xg=T,;
9 for i =1 10 jTunmapped_tasks] dO 28: Xout X
10: Smin = MAX * 29: end for
11: min = | 30: return  Xout
12: for n=1toj jdo 31: end procedure

* MAX represents an arbitrary very large value.

Analogous to HDPSO-M, HDPSO-U has a singleexternal static parameter that controls its
diversity of possible solutions.
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4.4.8.2 Parameters Description for HDPSO-U

HDPSO-U do not have any parameter control strategy neither any internal parameters.
HDPSO-U only relies on a singleexternal static parameter p that represents the rate of addition
of random components into the task mapping obtained byLUM .

4.4.9 Adaptive Hybrid Discrete Particle Swarm Optimization Utilization-based
(AHDPSO-U)

4.49.1 Meta-Heuristic Description

AHDPSO-U is an adaptive version of HDPSO-U inspired by the adaptive parameter con-
trol strategies present in AGAv2. The added adaptive mechanism dynamically change the
Bernoulli probability used to generate the random vectorsR 1 and R, that are used to decide
which task should be mapped byLUM in Algorithm 28. AHDPSO-U is displayed in pseudo-code
form in Algorithm 29.

Algorithm 29  Adaptive Hybrid Discrete Particle Swarm Optimization - Utilization based
(AHDPSO-U)

INPUT: Objective Function (f ()) 8: Sp=;
Application () 9 for i =1 to ndo
Platform () 10: Generatep; (i =1;::;n) . Eq.
Iterations (1) 4121
Number of individuals (n) 11: Calculate vk . Eqg. 4.120
Number of components () 12: Calculate x ¥ . Eqg. 4.78
Lower-bound vector (Ib) 13: Evaluate f (x; 1)
Upper-bound vector (ub) 14: Update Sp . Eq. 4.124
OUTPUT: Best solution (X pest) 15: Update X ppesy;
1: procedure AHDPSO-U 16: end for
2. Initialize x; (i =1;::n) 17: Update & . Eq. 4.122
3 Initialize p =0:5 (i = 1;::;n) 18: Update & . Eq. 4.123
4: Evaluate f (x; 1) 19: Update X pest
5: Update X ppesy; 20: end for
6: Update X pest 21: return  Xpest 1
7 for k=1tol 1do 22: end procedure

Similar to HDPSO-U and HDPSO-M, AHDPSO-U has a swarm of n particles and eachith
particle position is a d-dimensional integer vectorxi(k) that represents an o set task mapping.
These particles also have individual probabilities valuegy; that is updated during every k iteration
using Eq. 4.121. The adaptive parameter control strategy con guresp; in an individual scope
using as evidence for change objective functioh evaluation by creating a set of successful values of
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parameters and then re-sampling them based on the average of these successful parameter values.
AHDPSO initializes p; probabilities with values equal to 0:5.

pi = Min( Pmax ; Max(Pmin ;N ( 595 §99); (4.121)

where pmax and pmin are the maximum and minimum probabilities allowed by the algorithm and
their suggested values are0D:95 and 0:05. f)k) and ék) are the mean value and the standard
deviation value for the Bernoulli probabilities generation during the kth iteration. Equation 4.122

and Eg. 4.123 adjust ng) and ,()k) values using information gathered during AHDPSO-U current

iteration k.

8P ®
2 p2Sp P f S 6 .
(c+) = >Tkj)sp‘i =p i (4.122)
D otherwise
8
3a §9if jSpi> die
_ (K e gN
=_a'!l if jSpj< di-e
2 P s (4.123)
" p otherwise

{1 = min(0 :5; max(0:05; ))
wherea is an adaptation rate for the standard deviation value, and its suggested value i&:2. Also,
Sp is a set that contains successful values of probabilities, and it is populated whenever there is
an improvement in the evaluation of a particle position between two iterations according to Eg.
4.124.

8
<p if junsch(x®™ 1. i< junsch(x® 1: : )
Sp .pl j (X )< | (xj )i (4.124)
*;  otherwise
4.4.9.2 Parameters Description
AHDPSO-U has an adaptive parameter control strategy to dynamically con gure the

Bernoulli probabilities used by each patrticle p;.

AHDPSO-U relies on the following seven internal static parameters: (a) Bernoulli probability
for the ith particle p;, (b) maximum Bernoulli probability allowed pmax = 0:95, (c) minimum
Bernoulli probability allowed pmin = 0:05, (d) standard deviation adaptation rate a = 1:2, (e)
initial average for Bernoulli probabilities = foo) = 0:5, (f) maximum standard deviation = 0:5,
and (g) minimum standard deviation = 0:05.
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4.4.10 Adaptive Gray Wolf Optimization (AGWO)
4.4,10.1 Meta-Heuristic Description

AGWO is an adaptive version for GWO that adds an adaptive parameter control strategy,
similar to the one present in JADE (Section 4.3.11), to modify the scheme in which wolves update
their positions. AGWO is illustrated in pseudo-code form in Algorithm 30.

Algorithm 30  Adaptive Gray Wolf Optimization (AGWO)

INPUT: Objective Function (f ()) 11: S =;
Iterations (1) 12: for i=1to N do
Number of individuals (n) 13: Update onfxi(k) . Eqg. 4.125
Number of components () 14: Evaluate f (xi(k))
Lower-bound vector (Ib) 15: Update x Best Solution
Upper-bound vector (ub) 16: Update x Second best Solution
Scaling factor (F) 17: Update x Third best solution
Crossover rate CR) 18: Update S . Eqg. 4.129
OUTPUT: Best solution (X pest) 19: Update S . Eq. 4.130
1: procedure AGWO (f;1;n;d; Ib;ub) 20: Update S . Eqg. 4.131
2: Initialize wolves xi(o) (i=1;:5n) 21 end for
3: Initialize coe cients a, A and C 22: Update coe cients a, A and C
4 Evaluatef (x?) 23: Update w*? . Eq. 4.126
5: Update x Best Solution 24: Update wkD) . Eq. 4.127
6: Updatex Second best Solution 25: Update w**Y) . Eq. 4.127
7. Update x Third best solution 26: end for
8: for k=1tol 1do 27: return X
9: S =; 28: end procedure
10: S =;

Similar as the canonical GWO, AGWO has a pack of omega wolve®. of sizeN with their
positions represented as vectors<i(k) for every ith wolf at iteration k of the algorithm. AGWO
also has three vectors holding the positions for the leaders , x and x that are used to update
the omega wolves positions.

Each ith wolf updates its position following the three leader wolves , and giving the same
level of importance to them. This behavior does not re ect the description of wolf hierarchical
social behavior in nature accurately since the wolf should be selected to be followed over and

. Even in particular occasions in which this hierarchy does not entirely apply, for example, when
a or wolfis closer in the hunting ground than an , a! wolf does not follow the three classes
of leaders equally. AGWO takes this di erence into consideration to apply a di erent update
mechanism for the! wolves positions using weight parameter values for each leader, respectively,
W(k), w® and w® as shown in Equation 4.125.
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wherexs , Xy and x; are the positions that the ith wolf would be if it would follow only one of
the wolf leaders as calculated by Eq. 4.10.

All omega wolves in the pack share the leaders weighting factors parameters. For this reason,
the parameter control mechanism for these parameters works in a population-scope. The adaptive

parametersw(k+1) , wkD , and w™ are updated at every iteration using Eq. 4.126, Eq. 4.127
and Eq. 4.128. 8
2 (k) was W) :
ey = @ QW re—tge— if S 6 (4.126)
Zw® otherwise
S (w)
2 (k) w 2s . .
WD = 1 ow™+ C—s 7 — ifS 6 ; : (4.127)
Z Wk ;
w otherwise
8 P W )
2 (k) w2s W : :
> (k) .
T w otherwise

where c is a internal static parameter that controls the adaptation speed, suggested value used
isc=0:15and S ,S and S are sets that hold successful values of weights that are updated
whenever a omega wolf improves one of the leaders evaluation result.

The setsS , S and S are updated process follows equations 4.129, 4.130, and 4.131, respec-

tively. 8

<w i f () <f(x )

S _ (4.129)
o otherwise
g (k)
<w if f(xi)<f(x )Mf(xi)>f (x
s (xi) <f (x )~ f(xi)>f( ): (4.130)
o otherwise
g (k)
<w if f(xi)<f(x)"f(xi)>f(x
s (xi) <f (x )" f(xi)>f( ): (4.131)
o otherwise
4.4,10.2 Parameters Description for AGWO
AGWO contains three adaptive parameter control mechanisms to con gure the values

for weights used by each wolf leaderX , x and x ). These schemes work in a population-
scope and use as evidence for changing the improvement of objective functidnevaluation using
successful sets of weight values as intermediate metrics. AGWO also contairigternal both
static and dynamic. These parameters are listed as follows: (a) weighting factor for alpha wolf
w , (b) weighting factor for beta wolf w , (c) weighting factor for delta wolf w , (d) adaptation
rate ¢ = 0:15, (e) initial weight for alpha wolf w® = % (f) initial weight for beta wolf w® = %
and (g) initial weight for delta wolf w® = 1.
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4.5 Multi-Objective Optimization Bio-Inpired Meta-Heuristics from
Literature

4.5.1 Non-dominated Sorting Genetic Algorithm Il (NSGA-II)
45.1.1 Meta-Heuristic Description

Non-dominated Sorting Genetic Algorithm (NSGA-II) [86] is a multi-objective GA-based bio-
inspired meta-heuristic that is used to solve COP by searching for Pareto Optimal (PO) solutions
inside of the search space that forms a Pareto Frontier (PF). NSGA-II is shown in pseudo-code
form in Algorithm 31.

Algorithm 31  Non-dominant Sorting Genetic Algorithm (NSGA-II)

INPUT: Obijective Function (F ()) 10: for i =1 to b3cdo
Iterations (1) 11: Binary Tournament Selection
Number of individuals (n) 12: One-Point Crossover
Number of chromosomes d) 13: Uniform Gene-Flip Mutation
Lower-bound vector (Ib) 14: Evaluate generated o springs
Upper-bound vector (ub) 15: Prew  tnew = Mnews;0;0i
Mutation rate ( pm) 16: Prew  thew = Mnews;0; 0
Crossover rate @) 17: end for

OUTPUT: Pareto Front (PF ) 18: P =P [ Prew

1. procedure NSGAIl (F;l;n;d; Ib;ub;pm;pc) 19: Obtain Dominance Ranksd;; . Alg. 32

2 Initialize tij = hx;;dy;;dgi 20: Obtain Crowding Distancesd;; . Alg.

3 Evaluate F (X;) 33 _ _

4 Obtain Dominance Ranksd; | . Alg. 32 21: ing Sort P using non-dominatant sor-

5. Obtain Crowding Distancesdc; . Alg. 33, Remove last individuals inP until jP j=

6: Sort P using non-dominatant sorting n

7: PF = Sk1 23: PF = Sg,

8: for k=1tol 1do 24: end for

9: Phew = ; 25: return PF

26: end procedure

NSGA-Il has a population P with n individuals and each ith individual is represented by
a tuple t; = hx;;dri;dci, where x; is a d-dimensional integer vector that is a possible solution
for the multi-objective function F with o objectives. The valued;; is the dominance rank for the
solution held by individual i and d¢; is the crowding distance between this solution and its farthest
neighbor that shares the same dominance rankl,;.

A dominance rank d;; for a solution Xx; represents the rank for a front in the objective space
generated by all solutions in the population that does not dominatex; including x;. In other
words, fxj :t; 2 P~ F(xij) 6 F(xj)" F(xj) 6 F(xj)g. If the front generated by x; dominates
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all other fronts, then x; is PO in the population and its front is the Pareto front with d;; = 1.

NSGA-II uses ndFronts de ned in Algorithm 32 to obtain the list of non-dominated front
solutions L g that is composed of sets that in turn contains solutions for fronts with di erent
ranks. In other words, L = fSgq;SEo;:; SEmg Where Sgq is composed of solutions with
evaluations that form the Pareto Front (PF) or front with rank 1 and Sg, is formed by solutions
that forms the front with dominance rank m. ndFronts() uses a setX that is composed of
solutions x; for all individuals t; 2 P.

Algorithm ndFronts rst identi es for each solution x; 2 X the set of solutions that are
dominated by it Sg; and the number of solutions that dominates it ng;. Meanwhile, ling the set
of solutions that results in the PF Sg 1. Knowing ng; and Sq;, ndFronts then iteratively populates
the other fronts dominated by PF until a last empty front is found and the iterative process ends.

Algorithm 32  Non-dominant Fronts Calculator (ndFronts)

INPUT: Objective Function (F ()) 17: SE1 X
Set of solutions (X ) 18: end if
Number of individuals (n) 19: end for
Number of components () 20: L Sg:
OUTPUT: List of Fronts (Lg) 21 k=1
1: procedure ndFronts(F ;X ;n;d) 22: while Sg, 6 ; do
2: L =; 23: A=
3 Sp1=; 24: for xij 2 Sgy do
4: for xj 2 X do 25: for xj 2 Sq; do
5: Sdi = ; 26: ngg = ng 1
6: Ng; =0 27: if ng; =0 then
7: for xj 2fx 2 X :x 6 xjgdo 28: A X
8: if F(xi) F(x;) then 29: end if
9 Sdai Xj 30: end for
10: else 31 end for
11: if F(xj) F(x;i)then 32: k=k+1
12: Ng; = Ng; +1 33 SFk=A
13: end if 34: Le Skk
14: end if 35: end while
15: end for 36: return  Lg
16: if ng; =0 then 37: end procedure

After acquiring L ¢ by using ndFronts, the process to assign dominance rank for eadh is to
designate the rank for the front in which the solution x; is situated. In the case thatx; 2 Sg,
then d;; = m.

NSGA-II uses crwdDist de ned in Algorithm 33 to calculate the crowding distance for each
solution x; in a front Sg,,. Algorithm crwdDist rst initialize all crowding distances as 0. Then
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for eachk objective of the possibleo objectives in F, crwdDist sots the solutions in an ascending
order based on their evaluations off ¢ and assigns for rst and last solutions in Sg,, namely x 1
and x|, the crowding distance with an in nity large value, i.,e. 1= | = 1. The reasoning for
this is that solutions with results in the boundaries of their fronts have their farthest neighbor
in nity far (since there are none). Figure 4.9 illustrates the crowding distance for solutions x;
with an evaluation F (x;) that is part of a front Sg,.

Algorithm 33  Crowding Distance Calculator (crwdDist)

INPUT: Objective Function (F ()) 7: for k=1 to odo
Number of Objectives inF (0)  &: Sort Sk, based onf
Solutions in Front m (Sg ) 9: 1= =1
OUTPUT: Vector of Crowding Distances( ) 10: forj=2to(l 1)do
1: procedure crwdDist 11: i = jr(fk(Xg+n) fe(Xg 1))
2 | = jSEm] 12: end for
3 Generate vector with sizel 13: end for
4: for xi 2 Sg, do 14: return
5 i=0 15: end procedure
6 end for

Figura 4.9 Graphical example of the crowding distance for a solutionx;.

As in other bio-inspired meta-heuristics, during the initialization stage, NSGA-Il generates
random solutions inside of the search space with upper and lower boundaries de ned by the
vectors ub and Ib. After this solution generation step, the population has their domination ranks
and crowding distances calculated. Then, NSGA-II sorts the population in an ascending order
using a comparison operator calledcrowded comparison operator by Deb [86]. The sorting
process executed by NSGA-II is callechon-dominant sorting

The crowded comparison operator compares an in individual based on two criterions: a)
the rank for a front generated by its solution, and b) the crowding distance for this individual.
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This operator is de ned as > ¢ follows the following equation for two individuals t; and t;:

Crowded comparison operator (> ¢) considers that solutions in fronts with lower dominance
ranks are considered better than those in fronts with higher ranks. If one or more solutions have
the same dominance rank, i.e., make part of the same front, then these solutions are compared
based on their crowding distance.

After the initialization stage, NSGA-II generates o spring individuals by using a binary tour-
nament selection, a one-point crossover, and a random ip mutation genetic operators in the same
manner in which GA (Section 4.3.1). However, the selection operation instead of only comparing
a single obijective, it compares individuals in the same way as theaon-dominant sorting by
using the crowded comparison operator >

The population of o spring individuals Ppew are then uni ed with their parent population P
asinP = P [ Prew. The combined population has its individuals reassigned with new dominance
ranks and crowding distances by using Algorithm 32 and Algorithm 33.

SincejP j>n, P is sorted using thenon-dominate sorting  approach and has their individuals
with higher dominance ranks and smaller crowding distances removed from the population until
jPj= n. This elitist process leaves solution that results in real vectors close to those of the PF for
the multi-objective function at hand at the same time spread across in their resulting fronts.

As stated, NSGA-II uses the same genetic operators used by GA. For this reason, NSGA-II
has the same two external static parameters as GA, namely, the crossover and the mutation rates

pc and pr.

4,5.1.2 Parameters Description for NSGA-II

NSGA-II relies on two external static  parameterspy, and pc similar to GA.

45.1.3 Continuous NSGA-II

NSGA-II can be modied to be applied to continuous problems as well. This adjusted ver-
sion, called CNSGA-II has the following di erences: a) the solutions held by individuals are
d-dimensional real vectors instead of integers in a populatiorP.. b) the crossover over operations
are changed to attend continuous solutions. NSGA-II is shown in pseudo-code form in Algorithm
34.

CNSGA-II uses a simulated binary crossover as presented in AGAv3 (Section 4.4.4) and it uses
the following equations to generate its o springs:

8
_ <(ary(En) if ry> 05

= N ; (4.133)
(21 rl))(ﬁ) otherwise
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Algorithm 34  Continuous Non-dominant Sorting Genetic Algorithm (CNSGA-II)

INPUT: Objective Function (F ()) 10: for i =1 to bcdo
Iterations (1) 11: Binary Tournament Selection
Number of individuals (n) 12: Simulated Binary Crossover
Number of chromosomes d) 13: Polynomial Mutation
Lower-bound vector (Ib) 14: Evaluate generated o springs
Upper-bound vector (ub) 15: Perew  tnew = Xnews; 0; Oi
Mutation rate ( pm) 16: Perew  thew = PXnewq; 0; 0i
Crossover rate () 17: end for
OUTPUT: Pareto Front (PF) 18: Pc.= Pcl Penew
1: procedure CNSGAII (F;I;n;d; Ib;ub;pm;pdde: Obtain Dominance Ranksd;; . Alg. 32
2 Initialize t; = hx;;dy;;dgii 20: Obtain Crowding Distancesd,; . Alg.
3 Evaluate F (X;) 33 ' _
4 Obtain Dominance Ranksd; . Alg. 32 2L tin Sort P using non-dominatant sor-
5 Obtain Crowding Distancesde; . Alg. 33 ), ’ Remove last individuals inP., until jPj=
6: Sort P using non-dominatant sorting n
7. PF =S5f; 23: PF = Sg,
8: for k=1tol 1ldo 24: end for
9 Perew = | 25: return PF
26: end procedure
8
Xoy; = < max lbj;min ub;0:5 (1+ )xpy +(1 )Xpy; if rp< PC ; (4.134)
" Xpy otherwise
8
Yoo = < max lbj;min ub;0:5 (1+ )xpy +(1 )Xpy if rp< F)c : (4.135)
" Xpy; otherwise

In the same manner, CNSGA-II uses a mutation operator suitable for continuous decision
variables. CNSGA-II uses the polynomial mutation as present in AGAv3 (Section 4.4.4). This
mutation operates in each component of an o spring solution using the following equation:

8 1
<max Ibj;min ub;x +@r)@) 05 if r< 05
— (4.136)

Xj .
" max I ;min uby;x; +(2(1 r))(d%l) 0.5 otherwise

CNSGA-II has the same two external static parameters as NSGA-Il, namely, the crossover
and the mutation rates p. and pm .
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4.5.2 Adaptive Parameter with Mutation Tournament Multi-Objective DE
(APMTMODE)

4.5.2.1 Meta-Heuristic Description

APMTMODE, as de ned by Santos [82] (in Portuguese), is a multi-objective DE-based algo-
rithm that has adaptive parameter control strategies for the scaling factors and crossover
rates. It also has adaptive operator selection mechanisms for dynamically select mutation
and crossover operators, and in the pool of mutation operators, it contains a tournament-based
mutation. APMTMODE is shown in pseudo-code form in Algorithm 35.

Algorithm 35  Adaptive Parameter Mutation Tournament Multi-Objective DE (APMTMODE)

INPUT: Objective Function (F ()) 21: Calculate . Eq. 461
Iterations (1) 22: Calculate ¢ . Eq. 4.141
Number of individuals (n) 23: Calculate wcr . Eqg. 4.142
Number of chromosomes d) 24: for i =1 to b5cdo
Lower-bound vector (Ib) 25: Generate CR;
Upper-bound vector (ub) 26: Generate Fj
OUTPUT: Pareto Front (PF) 27: mut;th Mutation
1. procedure APMTMODE (F;I;n;d; Ib;ub) 2s: crojth Crossover
2: Initialize tj = hxj;dri; dgi; Fi; 29: thew = huj;0;0; Fi; CRy; mut;; croji
3: CRy;mutj;crofi (i =1;::n) 30: Perew  thew
4 Evaluate F (X;) 3L end for
5 Obtain Dominance Ranksd,; . Alg. 32 32 Pe= Pc[ Penew
6:  Obtain Crowding Distancesd,; . Alg. 33 33: Obtain Dominance Ranksd;; . Alg. 32
7 NO =12 34: Obtain Crowding Distancesd;; . Alg.
& Ni= 3 33 | |
©) _ 35: Sort P. using non-dominatant sor-
o WE = WFinitial ,
10: ©) _ ting
: WCR ~  WCRinitial 36: Remove last individuals inP¢ until jP¢j=
11: Assign mut;(i = 1;:::;n) n
12: Assign croj(i = 1;:::;n) 37 Spr = Sgq
13: Sort P using non-dominatant sorting 38: Obtain Dominance Ranksd;; for Spg .
14: Spr = Sgq Alg. 32
15: for k=1tol 1do 39: Obtain Crowding Distancesd;; for Spg
16: if mod(k;1;)=0 then - Alg. 33 _ _
40: Sort Spg using hon-dominatant sor-
17: Randomly generatem fing
18: end if 41: Remove last individuals in Spg until
19: Update Xworst the worst solution for iSerj= n
fm 42:  end for
20: Pehew = ; 43: return Spr

44: end procedure
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APMTMODE has a population of P of n individuals and each individual i is represented
as a tuplet; = hxj;dri;dg; Fi; CRj; mut;;croji where x; is a d-dimensional real vector that is a
solution for a multi-objective function F, d;; is the dominance rank for the front formed by this
solution image in the objective spaced.; is the crowding distance for this solution image in the
objective space,F; is the scaling factor used by this individual, CR; is this individual crossover
rate, muti(k) and croi(k) are, respectively, the indices for a mutation and crossover strategies in the
pool of mutation and crossover strategies used by APMTMODE.

APMTMODE design was inspired by CSASADE (Section 4.3.12) and, for this reason, APMT-
MODE adaptive mechanisms for mutation and crossover strategy selection and adaptive parameter
control are identical for those present in CSASADE. However, it has modi cations in its selection
strategy to deal with multi-objective functions.

The pool of mutation strategies used in APMTMODE is de ned as

mut = frand=1;rand=2; current-to-best/2 ; tournment-based/1g with indices mut; varying in the
range [1;4]. These dierent mutation strategies are listed in the following order: (a) rand/l1
mutation (4.137) with index mut; = 1 for individual i and N,zhg=1 iS the number of individuals
using this operator; (b) rand/2 mutation (4.138) with index mut; = 2 for individual i and N,zng=2
is the number of individuals using this operator; (c) current-to-best/2 mutation (4.139) with index
mut; = 3 for individual i and N¢yrent-to-best2 1S the number of individuals using this operator; (d)
tournment-based/1 mutation (4.140) with index mut; = 4 for individual i and Noumment-based/1 1S
the number of individuals using this operator;

Vi = Xp:) + Fi(k)(xgl;) Xp;)); (4.137)

vi= x(®+ Fi(k)(Xp;) x4 x x 0y (4.138)
= xe EO Xl ke (4139
Vi = xp;) + Fi(k) X twinner Xi(k) : (4.140)

Similar to CSASADE and SOAMSDE (Section 4.4.1), APMTMODE pool of crossover strate-
gies arecro = fbin; expg and.the integerscroi(k) can assume the valud1l; 2] representing, respecti-
vely, the use of abinary crossover strategy  as in Eq. 4.2 when the value isl and exponential
crossover strategy as in Algorithm 16 when the value is2.

In the initialization, APMTMODE generates, using random uniform distribution, n solutions
Xi with components de ned by the boundary vectorsub and Ib and assign them to their respective
individual. Afterwards, APMTMODE evaluates these initial solutions using the objective function
F for then assign their dominance ranksd,; and crowding distanced; using ndFronts (de ned
in Algorithm 32) and crwdDist (de ned Algorithm 33) in the same fashion as NSGA-II (Section
4.5.1).

Still during the initialization, APMTMODE assign for each individual a crossover strategy
index inaway thatthe rst 5 individuals usebinary crossover strategy ~ with cro; = 1, and the

last 5 useexponential crossover strategy ~ with cro; = 2. The same approach is used to assign
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the mutation indices where the rst set of J individuals using rand=1 mutation with mut; =1
until the fourth, and last, set of % individuals using tournament-based/1mutation with mut; = 4.

At the end of the initialization stage, each ith individual is t; = I« ©;d;;: dg; 0:5; 0:5; mut;; croji.

The adaptative operation selection for mutation strategies in APMTMODE reassign du-
ring each iteration the indices muti(k) by updating the number of individuals using each strategy
in the same fashion as CSASADE by using Eq. 4.52. Another analogousdaptative operation
selection in APMTMODE is used for crossover strategies selection in APMTMODE and it used
in Eq. 4.56.

During the iterations, APMTMODE uses for each individual the mutation and crossover stra-
tegies assigned to them using the indicemut; and cro;. However, similar to SOAMSDE, instead
of using the DE selection strategy to substitute an individual solution x; with its trial-vector uj,
APMTMODE creates a new individual represented by the tuplet; = huj;d;;; dg; Fi; CRj; mut;; croji
and add this tuple to the population of 0 springs Pcnhew . After generate an o spring to each indivi-
dual, APMTMODE merge both populations P. = P¢[ P¢new, and calculate for the new population
their dominance ranks d; and crowded distancesd.. To at last, sort this new population using
the crowded comparison operator (>¢). After the non-dominant sorting , APMTMODE
removes the last individual of P iteratively until jP¢= n.

APMTMODE also contains a set Spg that holds the values for Pareto optimal solutions found
by the algorithm. At the end of every iteration, APMTMODE adds the solutions with rank 1
from the population to Spg calculates the non-dominant rank and crowded distances for solutions
in Spg. Then APMTMODE sorts Spe and remove the last individuals until Spg = n.

APMTMODE adaptive parameter control strategies to adjust the individuals parameters
Fi and CR; works in a similar fashion as CSASAMODE using Eg. 4.60 and Eq. 4.64 that in
turn is controlled by internal parameters \ and cgr. However, since the goal is to optimize
a multi-objective F composed ofo objectives F = (fq;:::;fo), APMTMODE uses one of the
objectives m 2 [1; 0] chosen randomly, where the indexm changes at everyl iterations that is
an internal static parameter.

The adaptive parameter control strategy to adjust g uses the following equation:
NG if Ky ¢ (K) i
W'(:k) — Fi @P : TTT(X| )(k) m(XWOI'(Sli))J A : (4141)
i=1 j:1]f m(xj ) fm(xworst )J

where F; is the scaling factor for theith individual, f,(X;) is the evaluation of objectivef, 2 F
for the individual i and fm(Xworst) is the evaluation for the same function but for the worst
evaluation for function m. A similar approach is used for g represented as follows:

. (k) (K) y:
K _ X CR, @P fm (X)) fm(Xworst )] A - (4.142)

WCR — . .
-1 L ifm (M) (o)
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4,5.2.2 Parameters Description for APMTMODE

APMTMODE has no external static parameters. APMTMODE contains the following four-
teen internal parameters: (a) mutation rate for each ith individual F;, (b) average weighting
mutation rate g, (C) initial average weighting mutation rate g iia - (d) crossover rate for
eachith individual CR;, (e) average weighting crossover rate wcr, (f) initial average weighting
crossover rateé wcrinitial + (9) standard deviation , (h) maximum standard deviation max = 0:5,
(i) minimum standard deviation i = 0:1, (j) number of individuals using a crossover strategy
Ncro, (K) number of individuals using a mutation strategy Nmut, () index for the ith individual
crossover strategycro;j, (m) index for the ith individual mutation strategy mut;, and (n) number
of iterations until the 1; =5. APMTMODE has seven adaptive parameter control strategies
that works analogous to those present in CSASADE.

4.6 Multi-Objective Optimization Bio-Inspired Meta-Heuristics
Developed in this Work

4.6.1 Non-dominant Sorting Adaptive Genetic Algorithm (NSAGA)
4.6.1.1 Meta-Heuristic Description

NSAGA is a multi-objective adaptive GA meta-heuristic that combine features present in
AGAv4 (Section 4.4.5) with components present in NSGA-Il (Section 4.5.1). The contributions
for NSAGA, when compared with NSGA-II, is that it does not need any form of parameter tuning
from a user since it containsparameter control strategies . NSAGA also contains adaptive
operation selection schemes to change the use of genetic operators during its execution dyna-
mically. NSAGA contains the two adaptive operator selection  from AGAv4 as well as all of its
ten parameter control strategies present in AGAv4. The pseudo-code for NSAGA is present
in Algorithm 36.
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Algorithm 36  Non-dominant Sorting Adaptive GA(NSAGA)
INPUT: Objective Function (f ()) 23: else
Iterations (1) 24: Pc = Pep,
Number of individuals (n) 25: Pm = Pmp,
Number of components ¢) 26: Cro = Crop,
Lower-bound vector (Ib) 27 mut = mutp,
Upper-bound vector (ub) 28: Pt = Prp,
OUTPUT: Best solution (X pest) 29: end if
1: procedure NSAGA (f;I;n;d; Ib;ub) 30: cro th Crossover Operator using
2: Initialize t; = M, drj, de, Pmis Pc
Pci Croj; mut;; py;i 3L mut th Mutation Operator using
3 Evaluatef (x?) P
4 Update X pest 32: Evaluate o springs X new 1 and X new 2
5: Update X worst 33: Calculate prpey ; aNd Prpew, - EC.
6: for k=1tol 1do 4.114 _
7 Calculate p, . Eq. 4109 ¥ e K“ewlgmgﬁggmﬁt Do
8: Calculate p, . Eq. 4110 ;::VWZ tn:;viz, Mo e T Hinew 2
9: Calculate Wprm . Eq. 4106 4. Prew  tnows
10: Calculate p, . Eq. 4106 g3g. end for
11: Calculate pm; . Eg. 4104 39: Sort P [ Prew
12: Calculate p; . Eqg. 4.105 40 P is replaced by Bestn in sorted P [
13; Calculate Tsize . Eq. 4.111 Prew
14- Prow = | 41: Adapt Mutation Numbers . Eq. 4.52
1s: for i =1 to bilc do 42: Adapt Crossover Numbers . Eq. 4.56
16: Tsize Tournament Selection Ope- :j; for Il?e_aisit;nr:nﬂfc)i(k)
rator 45; Reassigncro(
17: if f(xp,)<f (Xp,) then 46: end for
18: Pc = Pep, 47: Update X pest
19: Pm = Pmp, 48: Update X worst
20: Cro = crop, 49: end for
21 mut = mutp, 50: return X pest
- B = Pip, 51: end procedure

NSAGA has a population P that contains n individuals and eachith individual is represented

as a tuplet; = hxi; dyi; dci; Pei; Pmi; Croi; mut;; py;i, wherex; is a d-dimensional integer vector that
represents a solution for a COP multi-objective functionF , d;; is the dominance rank for the front
formed by this solution image in the objective spaced; is the crowding distance for this solution
image in the objective spacep; is the crossover rate used in this individual chromosomepy,; is
the mutation rate used in this individual chromosome, cro; is the index for one of the operators
present in the pool of genetic crossover operatorsnut; is the index for one of the genetic mutation
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operators, andpy; is the tournament pressure for this individual.

During the initialization stage, NSAGA generates n random solutions inside ofF search space
and assign them as chromosomes; for eachith individual t;j. For eacht; populates its compo-
nents intially as tj = Xi;0;0; peinitiar + Pminiial » C'0is MUti; p;i, where py; is randomly generated
during the initialization inside of the range [Ptmin i Ptmax]- The integer valuescro;, and mut; are
assigned as the indices of one of the crossover and mutation genetic operators present in NSAGA.
NSAGA assignment for indicescro; and mut; work in the same fashion as AGAv4 and so is
the method to initialize the parameters Nyt and N for the pool of genetic operatorscro =
f one-point; sbx;two-point; uniform g and mut = f bnormalr; cauchyr; normalr; poly; unifr g.

During the iterations, NSAGA updates the internal parameters that represent the mutation
and crossover standard deviation for the generation opy, and pc, respectively, . and p, using
deterministic parameter control strategies as expressed in Eq. 4.109 and Eq. 4.109.

The process to update bothp, and pc is expressed by Eq. 4.104 and Eqg. 4.105 that uses
respectively the internal parameters ., and ., . The adaptive parameter strategies that
calculate the values for , and ., every iteration and for the usage of all population is
expressed in Eq. 4.106 Eq. 4.107 that calculates a weighting factaw; for each individual in
the population. The rst di erence in the adaptive mechanisms of NSAGA and AGAv4 is in the
process to calculatew; that is calculated by NSAGAv4 as follows:

- p JF i) (Fa(Xworst_1); 25 Fo(Xworst_1))1]

! I In=1ij (x1)  (Fa(Xworst_1); 25 Fo(Xworst 1)) ’
where F (x;) is the vector of objective evaluationsF for x;, and f1(Xworst 1) t0 fo(Xworst o)
represents the worst evaluations for solutions of each one of the objectives that forms F. The
weighting factors take into consideration the values for all objectives to estimate the improvement
in the performance of di erent mutation and crossover probabilities.

(4.143)

Every iteration during the adjustment of Ny and N¢o, NSAGA uses Eq. 4.52 and Eq.
4.56. The expected variation y,,, and n., in both this equations usesy,: and s that are
both sums of the distances in the objective space of individuals that uses a class of operator and
the worst point possible composed by the worst evaluation for each one of the objectives used.
Both N, and n,, USe, respectively,Smyt an and S¢ro_an that represents the total sum of all
distances.

The values for sy is calculated as follows:

X
Smut = HFE i) (Fa(Xworst_1); 5 Fo(Xworst_1))]j (4.144)

8xi(k)2f Xi2P :mut;=mutg

Similarly, s¢ro is calculated using the following equation:

X
Scro = JF (X))  (Fi(Xworst_1); 5 Fo(Xworst_1))]j: (4.145)
8xi(k)2f Xi2P :croj=crog

After the calculation of each smyt and sy, it is possible to obtain the values forsy myt and
Sall_cro in the following equations:

Sall_mut = Sbnormalr * Scauchyr  Snormalr T Spoly + Sunifr - (4.146)
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Sall_cro = Sone-point T Stwo-point + Ssbx * Suniform T Sunifr - (4.147)

During the reproductive process, NSAGA uses a tournament with size ofl ;¢ t0 select a pair
of parents tp; and tpp. Then the parent that with a solution that dominates the other has its
parameters used to generate the o springs. In other words, ifF (xp1) F (Xp2), then the genetic
operators and probabilities held by the parentt; is used. Otherwise, parentt ; is the one selected.

4.6.1.2 Parameters Description for NSAGA

NSAGA has noexternal static parameters. However, it containstwenty-six internal parame-
ters listed as follows: (a) mutation probability for the ith individual pm;, (b) crossover probability
for the ith individual pgj, (C) average crossover probability SZ) at iteration k, (d) initial average
crossover probability p.;.iios = 0:7, (€) average mutation probability S,‘n) (f) initial average mu-
tation probability  p i = 0:05, (g) minimum crossover probability pep,, = 0:1, (h) maximum
crossover probability pepax = 0:95, (i) minimum mutation probability pmmin = 0:01, (j) maxi-
mum mutation probability Pmmax = 0:1, (I) minimum crossover probability standard deviation

pemin = 0:1, (M) maximum crossover probability standard deviation . .. = 0:4, (n) mini-
mum mutation probability standard deviation .. =0:01, (0) maximum mutation probability
standard deviation .. =0:05 (p) number of individuals using a speci c mutation operator
Nmut » (@) number of individuals using a speci ¢ crossover operatorN¢, (r) index for the muta-
tion operator used by individual i mut;, (s) index for the mutation operator used by individual i
cro;. (t) pressure for individual i p¢, (u) tournament size Tgize, (V) minimum possible tournament
size Tmin = 2, (W) maximum possible tournament size Tyax = 5 , (X) minimum pressure value
for individuals pti, = 0:08, (y) maximum pressure value for individuals ptna = 1:0, and (z)
learning rate for the pressure adaptation = 0:3. From this list of internal parameters fteen of
them are static .

NSAGA has two adaptive operation selection ~ mechanisms that controls the use of operators
by the individuals based on the values of theinternal parameters Ny and N¢ro. NSAGA uses
ten parameter control strategies . In the same fashion as AGAv4, NSAGA has seveadaptive
parameter control strategies to con gure the values for the internal parameters pm;, Pc;, éﬁ)

Sé), Nmut, Nero, @and p;. NSGA also has three deterministic parameter control strategies to

adjust the following parameters ., p. and Tsize.

4.6.2 Multi-Objective Non-dominant Sorting Adaptive DE (MONSADE)
4.6.2.1 Meta-Heuristic Description

MONSADE is a multi-objective version of SOAMSDE (Section 4.4.1) that contains modi ca-
tions to be able to optimize a multi-objective function F that contains o objectives. MONSADE
contains the same adaptive mechanisms present in SOAMSDE including sigarameter control
strategies to adjust the crossover rate and scaling factor for each individual, and twoadaptive
operator selection schemes to modify the crossover and mutation strategies used independen-
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tly by each individual. The di erence between MONSADE and SOAMSDE is the presence of a
non-dominant sorting process instead of the typical sorting using a single-objective function
evaluation as well as the adaptive mechanisms that alter the values for wg and wcg-

Algorithm 37  Multi-Objective Non-dominant Sorting DE (MONSADE)

INPUT: Objective Function (F ()) for fm
Iterations (1) 172 m=(1;::0)
Number of individuals (n) 18: Penew = ;
Number of chromosomes d) 19: Calculate . Eq. 461
Lower-bound vector (Ib) 20: Calculate p . Eqg. 4.62
Upper-bound vector (ub) 21: Calculate cgr . Eqg. 4.65
OUTPUT: Pareto Front (PF) 22: for i =1 to b5cdo
1. procedure MONSADE (F;I;n;d; lb;ub) 23 Generate CR;j
2: Initialize tj = hxj;dri;dg; Fi; CRi; 24: Generate F;
3: mut;croi (i =1;::5n) 25: mut;th Mutation
4 Evaluate F (X;) 26: crojth Crossover
5 Obtain Dominance Ranksd; . Alg. 32 27 thew = huj; 0;0; Fi; CRj; mutj; croji
6: Obtain Crowding Distancesd,; . Alg. 33 28: Penew  thew
7 NO = g 29: end for
8 Nc((r)c)a = % 30: Pc= Pcl Penew
9 W,(:o) = WFinitial 31: Obtain Dominance Ranksd,; . Alg. 32
10: W(COI)? = WCRinitial 32: Obtain Crowding Distancesd;; . Alg.
11: Assign mut; (i =1;:::;n) 33 _ .
12: Assign croi(i = 1::::n) 33: g Sort P, using non-dominatant sor-
13: Sort P using non-dominatant sorting 34: Remove individuals in P, until jPj= n
14:  PF =5, 35; PF =S¢,
15: for k=1tol 1do 36: end for
16: Update Xworst m the worst solution 37: return PF

38: end procedure

Similar to APMTMODE (Section 4.5.2), MONSADE has its individuals represented as tuples
and eachith tuple is expressed ad; = hx;; d;;; dgi; Fi; CRj; mut;; croji wherex; is ad-dimensional
real vector that is a solution for a multi-objective function F, d;; is the dominance rank for
the front formed by this solution image in the objective space,d.; is the crowding distance for
this solution image in the objective space,F; is the scaling factor used by this individual, CR;
is this individual crossover rate, muti(k) and croi(k) are, respectively, the indices for a mutation
and crossover strategies in the pool of mutation and crossover strategies used by MONSADE and
SOAMSDE.

The adaptive parameter control strategies to modify wg wcr a@s expressed in Eq. 4.60
and Eq. 4.64 uses a weighting factomw; for eachith individual t; calculated using the following
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equation:

- p JF i) (Fa(Xworst_1); 25 Fo(Xworst_1))1]

! I In=1ij (x1)  (Fa(Xworst_1); =25 Fo(Xworst_1))i] ’
where F (xj) is the vector of objective evaluationsF for x;j, and fi(Xworst 1) t0 fo(Xworst o)
represents the worst evaluations for solutions for allo objectives that composesF. So instead
of using only an objective, MONSADE considers all objectives being optimized to calculate the
weighting factors to update the crossover rates and scaling factors.

(4.148)

4.6.2.2 Parameters Description for MONSADE

Since MONSADE is just the multi-objective version of SOAMSDE, it contains the same thir-
teen internal parameters, ve parameter control strategies and two adaptive operator
selection schemes. MONSADE parameters are listed as follows: (affi, (b) wg, (¢) CR;, (d)

wer: @) () wrinitar » Q) weRinitial » ) maxs () mins () Nmut, (K) Nero, (I) muti, and
(m) cro;.

4.7 Conclusions of the Chapter

This chapter presents the reasoning for the use of bio-inspired meta-heuristics, including a
taxonomy about these methods. Beyond that, this work also presents the theory and nomenclature
used to de ne adaptive techniques used to control the exploratory and exploitative behavior of
di erent classes of meta-heuristics.

At last, as an essential part of this chapter, there is an intensive presentation for all bio-inspired
meta-heuristics used in this work, including the ones developed by the author.

In the list of meta-heuristics present in this chapter the following ones were implemented
directly from their descriptions present in related literature works: (a) GA (Section 4.3.1), (b) DE
(Section 4.3.2), (c) PSO (Section 4.3.3), (d) SSA (Section 4.3.4), (e) GWO (Section 4.3.5), (f) EHO
(Section 4.3.6), (g) DA (Section 4.3.7), (h) MFO (Section 4.3.8), (i) WOA (Section 4.3.9), (j) BA
(Section 4.3.10), (k) JADE (Section 4.3.11), (I) CSASADE (Section 4.3.12), (m) DPSO (Section
4.3.13), (n) SAPSO (Section 4.3.14), (0) HDPSO-M (Section 4.3.15), (p) NSGA-II (Section 4.5.1),
and (q) APMTMODE (Section 4.5.2).

The following meta-heuristics were developed and create in this work: (a) SOAMSDE (Section
4.4.1), (b) AGAv1 (Section 4.4.2), (c) AGAv2 (Section 4.4.3), (d) AGAv3 (Section 4.4.4), (e)
AGAv4 (Section 4.4.5), (f) APSO (Section 4.4.6), (g) APSOv2 (Section 4.4.7), (h) HDPSO-U
(Section 4.4.8), (i) AHDPSO-U (Section 4.4.9), (j) AGWO (Section 4.3.5), (k) NSAGA (Section
4.6.1), and (I) MONSADE (Section 4.6.2).

The meta-heuristics algorithms present in this chapter are used in Chapter 7 that includes the
experimental setup for the application of these multiple meta-heuristics and compare their per-
formance when optimizing benchmark problems present in Chapter 2 as well as the task mapping
of real-applications onto MPSoC platforms based on NoCs as present in Chapter 3.
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5 RELATED WORKS

This chapter introduces some of the related works
for this dissertation from the rich literature of
both NoC and bio-inspired meta-heuristics with
emphasis with the ones that uses meta-heuristics
algorithms to solve the task mapping problem
of real-time applications onto MPSoC baed on
NoCs. The chapter is divided as follows: Sec-
tion 5.1 introduces the chapter, Section 5.2 pre-
sents related works in the eld of meta-heuristics
highlighting some of the similar adaptive techni-
ques present in literature, Section 5.3 presents
related works for the task mapping problem of
RTA onto MPSoC platforms, Section 5.4 conclu-
des this chapter.

5.1 Introduction

Both elds of bio-inspired meta-heuristic algorithms and network-on-a-chip (NoC) are very
active with a regular stream of works that adds new methodologies for their advancement. This
chapter intends to present the reader with an overview of both elds without being an extensive
survey. It exhibits to the reader related works while pointing to an interested reader other sources
that could be used along with this work. Themes focus upon in related works are similar meta-
heuristics as the ones developed in this work, as well as similar alternative approaches for task
mapping problem in the context of RTNoC.

5.2 Search-Based Meta-Heuristics Algorithms

The eld of search-based meta-heuristic is current a popular one, and researches are continually
presenting new meta-heuristics or modi ed versions of others that already exist. The primary
theoretical basis for this intense interest by the research community is the NFL theorem [58],
since it states that algorithms there is no universal optimal performance meta-heuristic. Instead,
their good performance is limited to a family of problems. So new methods always have at least
its own niche of problems that it responds better than other algorithms.

Search-space optimization meta-heuristics are not limited to metaphors based on biological
phenomena. The survey [18] brie y presents meta-heuristic based on natural non-linear pheno-
mena such as vortex in uids or fractal formation. This survey also singles out di erent classes of
heuristic operators shared by many of these non-linear phenomena based meta-heuristics.

The survey in [7] has an intensive study to classify both the current trends as well as the possible
future ones for the eld of bio-inspired meta-heuristics. In the list of topics emphasized as open
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areas in the meta-heuristics eld, the use of adaptive techniques such as the one extensively studied
in this work is one of them. This survey also presents a call for standardization of benchmark
problems and methodologies used for comparison between new and old meta-heuristics. For this
reason, the survey also presents the necessity of statistical tests to overcome the random-nature of
these meta-heuristics. Figure 5.1 was extracted from the survey in [7], and it shows the timeline
history for the development of meta-heuristic in the past decade.

Figura 5.1 |lllustration of the timeline history for meta-heuristics developed in the past years
(extracted from [7]).

5.2.1 Adaptive Techniques

The concepts of adaptive techniques for parameter control in meta-heuristics started with a
focus on Evolution Strategies (ES), and in a way always existed in the eld of bio-inspired meta-
heuristics since the critical role that parameters values play in these algorithms performance. The
concepts of adaptive techniques start to take shape and be classi ed as presented in Section 4.2 in
the work [59], and more recently revisited in the [60]. In both these works, there is a classi cation
for adaptive techniques. It also presents the possible advantages that meta-heuristics that contain
adaptive mechanisms have that their counterparts do not include, for example, the fact these
meta-heuristics does not need parameter tuning and their improvement convergence in many
cases.

The following works contain bio-inspired meta-heuristics that incorporate adaptive techniques
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to control their parameter values and heuristic operations other than the ones present in Chapter
4.

The work in [87] presents a comparative experiment of di erent variations of DE against
multiple variants of a self-adaptive DE meta-heuristic called SADE that contains adaptive
parameter control strategies. The results obtained in this work show that SADE variants
are capable of obtaining better results than those present by DE with lower convergence
speeds, due to the exploration of possible parameters by SADE variants.

The work in [65] presents a version for the Success-History Adaptive DE (SHADE) that
apart for its adaptive parameter control mechanisms also contain a deterministic parameter
control strategy to reduce the size of the population as the algorithm executes.

The work in [88] presents an adaptive version of DE called SLADE that controls both
parameter values and mutation strategies in a similar fashion as CSASADE [77] (Section
4.3.12). However, this algorithm also contains a di erent technique to randomly initialize
the population of search agents in the search space.

The work in [89] presents an adaptive version of PSO that contains an adaptive parameter
control mechanism only for the inertial weight and works similarly as the one present in
APSOvV2 (Section 4.4.7). Another addition in this version of APSO is an adaptive operation
selection to decide the neighborhood topology used by PSO. For example, in this work, PSO
only uses the All topology in which all particles have access to all other particles information
for the best solution through the use ofx pegt SOlUtiON.

The work in [90] presents an adaptive version of PSO that uses a fuzzy logic as adaptive pa-
rameter control for the cognitive and social factors in PSO. The decision for these parameter
values uses as evidence for change the di erence of evaluation between di erent iterations.

Table 5.1 presents information about the quantity of external static parameters (ESP) and
adaptive techniques for the single-objective adaptive bio-inspired meta-heuristics present in these
related works compared to the meta-heuristics developed in this work. The acronyms for adaptive
techniques are: AOS ) Adaptive Operator Selection, (DPCS ) Deterministic Parameter Control
Strategy, (APCS ) Adaptive Parameter Control Strategy, and (SAPCS ) Self-Adaptive Parameter
Control Strategy.

5.3 Task Mapping Problem for RTNoC-based MPSoC

The survey in [4] presents a de nition for RTNoC as well as a classi cation for the di erent
design choices that such a system may contain. It also presents a section discussing techniques
of evaluation of RTNoC design, pointing out the di erences and advantages obtained in static
analytical such as the ones used in this work when compared with simulation-based ones. Since
these types of analyses allow quick evaluation of multiple designs in the same period in which a
simulation-based evaluation would only perform one.
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Tabela 5.1 Quantity of adaptation schemes in these related works.

Reference Meta-Heuristic | ESP | DPCS | APCS | SAPCS | AOS
[87] SADE 0 0 2 0 0
[65] LSHADE 0 0 5 0 0
[88] SLADE 0 0 5 0 1
[89] NTAPSO 3 0 1 0 1
[90] AFPSO 3 1 2 0 0
Section 4.4.1 SOAMSDE 0 1 6 0 2
Section 4.4.2 AGAv1 0 0 4 0 0
Section 4.4.3 AGAv2 0 2 4 0 0
Section 4.4.4 AGAv3 0 2 6 0 2
Section 4.4.5 AGAv3 0 2 8 0 2
Section 4.4.6 APSO 2 1 2 0 0
Section 4.4.7 APSOv2 0 0 3 0 0
Section 4.4.8 HDPSO-U 1 0 0 0 0
Section 4.4.9 | AHDPSO-U 0 0 2 0 0
Section 4.4.10 AGWO 0 0 3 0 0

The work in [12] presents a survey for the problem of placing tasks from an application onto
their respective PEs inside of an MPSoC platform. In this survey, the authors categorized di erent
approaches for e cient task mapping emphasizing the multiple goals expected to be met by these
task placement solutions including, for example, resources usage, timing performance, and power
consumption. The categories are two: (a) design-time approaches in which the task mapping is
performed during the system's design, and (b) run-time approaches in which the task placement
is performed during the system's usage. Another interesting point drawn in this work is that this
classi cation targets both homogeneous and heterogeneous systems.

The work in [91] presents another survey for the task mapping problem in NoC-based MPSoCs.
However, the type of task mapping problems is closer to the problem of de ning PEs placement
onto NoC tiles than the placement of tasks onto processors. The authors also present their
classi cation for possible approaches for this problem, including static and dynamic ones. However,
this work also highlights in static task mapping problems the possibility of using meta-heuristics
algorithms as an approach to tackle the task mapping, including GA, PSO, and Ant Colony
Optimization (ACO). This work also contains a comparison for the results of the di erent task
mapping approaches using a set of benchmark applications being mapped onto MPSoC systems.

The work in [92] present an approach that uses a multi-objective GA meta-heuristic to search
for solutions mapping of applications onto NoC-based MPSoCs. These solutions improve both
the system performance as well as the consumed power. The evaluation of di erent mappings is
performed using a simulation-based approach.

The work in [93] presents an approach that uses an NSGA-II meta-heuristic allied with a
simulation-based evaluation of task mapping of a real-time application into an RTNoC-based
MPSoC. The goal is to nd non-dominant solutions that are capable of optimizing both the
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timing restrictions, dissipated energy by system's modules, and router bu er sizes.

The work in [85] presents a heuristic to map real-time application onto MPSoCs based on NoC
that has operators that exploit knowledge about the problem to quickly nd solutions as good as
the ones obtained by the GA. This heuristic rst maps tasks into bins and then map these bins
to processor cores.

The work in [52] presents an NSGA-II based multi-objective bio-inspired meta-heuristic to
search for non-dominant solutions for task mappings that at the same time optimize the time
requirements for the system in the form of the schedulability of tasks as well the communication
architecture power dissipation.

5.4 Conclusions of the Chapter

This chapter brie y presents a list of related works that include at least one of the main two
topics in this work: (a) Bio-inspired meta-heuristic, and (b) Mapping of applications on RTNoCs.

In the works related to bio-inspired meta-heuristic, the focus is upon the ones that contain
information about adaptive techniques and meta-heuristics that use them.

In the context of mapping application on RTNoCs, the list of works present either alternative
for the evaluation of the system or present di erent approaches to tackle the problem such as the
use of specialized heuristics or search-based meta-heuristics as done in this work.
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6 SEARCH-BASED OPTIMIZATION
META-HEURISTIC FRAMEWORK

This chapter brie y introduced the software im-
plemented in this work. This chapter is divi-
ded as follows: Section 6.1 introduces this chap-
ter including a contextualization of other similar
works; Section 6.2 presents the designed object-
oriented for the framework; Section 6.3 presents
a short end-user tutorial for some of the modu-
les in the framework; Section 6.4 concludes this
chapter contextualizing it to other parts of this
work.

6.1 Introduction

At the beginning of this work development, as the author studied meta-heuristics and possible
experimental setup for their usage, the author noticed the necessity for a software framework for
algorithms of these type. A framework capable of reliably and quickly execute meta-heuristics
and perform static analysis for multiple RTNoCs task mappings. A characteristic that MATLAB
options at the time were not capable of having. For this reason, during this work development,
the author has implemented a software framework in C++11 that contains implementations for
the recent bio-inspired meta-heuristics as well as modules necessary to process RTNoC analysis.

It was also important to consider other alternatives to software frameworks in the literature
that works similarly. These other alternatives are:
(a) JMetal [94]: it is a meta-heuristic object-oriented framework in Java that contains the imple-
mentation of single-/multi-objective meta-heuristics including for example NSGA-II, GA, PSO,
and DE. However, it lacks many of the new swarm intelligence based meta-heuristics, and since the
goal is to use these meta-heuristics high-performance experimentation setting, a C++ framework
is more desired;
(b) Shark Machine Learning [95]: it is a machine-learning framework in C++ that contains im-
plementations of evolutionary strategy (ES) that is a type of bio-inspired evolutionary meta-
heuristics;
(c) GA Lib [96]: it is a framework in C++ that contains implementation for GA.

6.2 Developed Software Architecture and Design

This work focuses on employing bio-inspired meta-heuristics in identifying a task mapping
placement for real-time applications onto RTNoC-based MPSoC. This project software was imple-
mented in C++11 only using the Standard Template Library (STL) to easily employ the software
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in platforms based on Linux and Windows.

The software platform design uses an object-oriented architecture to facilitate the development
and addition of new meta-heuristics as well as new objective functions.

Figure 6.1 and Figure 6.2 displays a simplistic overview in UML diagrams depicting, res-
pectively, the architecture for the meta-heuristics and objective functions. ClassAlgorithm is
responsible to solve an objective functionCostCalculator. Both of these classes are abstract ones
and contain the structure in which possible meta-heuristics and objective function have to have
in the software framework architecture.

Class Algorithm has a virtual function to execute the meta-heuristic optimizing the objec-
tive function de ned by function setCostCalculator. In order to be called, executeneeds for its
Algorithm to be con gured via function con guration, and, once everything is ready for the
execution, function isReady returns true. Once executehas been called and the optimization has
been doneexecutereturns a Boolean value, and if true, Algorithm can save the results in a le via
function saveResultsInFile These saved results are related to the best solution found by the meta-
heuristic and its convergence history of optimization. In other words, it saves the best solution,
and evaluation found during each iteration.

Figura 6.1 lllustration of meta-heuristics object-oriented architecture.

Class Algorithm is inherited by two other abstract classes, namely,MonoObjectiveAlgorithm
and MultiObjectiveAlgorithm . These two classes specialize in the optimization of single- and multi-
objective problems, respectively. All of the classes representing meta-heuristics implements and
inherit from either one of these two classesMonoObjectiveAlgorithm and MultiObjectiveAlgorithm,
depending on if the meta-heuristic is single- or multi-objective focused. To facilitate and introduce
exibility for the framework and developers, most of classes implementation uses templates to
alternate between the types used for decision variables and objectives, respectivegecisionType
and ObijectiveType

ClassCostCalculator is responsible to implement a single-/multi-objective function to evaluate
a solution that is implemented as a vector of components of the typeDecisionType returning a
vector of objective functions results with the type ObjectiveType If the optimization problem is
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