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Resumo

Este trabalho consiste em uma investigacao sobre a aplicacao de técnicas de com-
putacao paralela a modelos bio-inspirados baseados em automato celular e algoritmo
genético no contexto de aplicagoes para criptografia e para escalonemanto de tarefas, re-
spectivamente. O modelo Hybrid Cellular Automata (HCA) possui dois algoritmos para
evolugao, em que os estados de uma grade de células sao atualizados iterativamente de
acordo com regras de transicao. Este modelo é aplicado a criptografia, que visa comuni-
cagao segura por meio da codificacao de mensagens. O multipopulation genetic algorithm
(MPGA) é uma variagao do algoritmo genético projetado para a aplicagdo de computacao
paralela. Este modelo consiste na evolugao de multiplos conjuntos de solu¢ées por meio
de operadores estocasticos para aplicacoes de busca e otimizagao. Neste trabalho, este
algoritmo ¢é aplicado para escalonamento de tarefas, um problema computacionalmente
intratavel que consiste na minimizacao do tempo de execucao de tarefas interdependentes
atribuidas a um conjunto de processadores. Implementagoes sequenciais e paralelas destes
modelos foram desenvolvidas com a linguagem Python, sendo destinadas para proces-
sadores multicore (CPU) e processadores graficos (GPU) no caso do HCA, e abordagens
baseadas em memoria distribuida e memaria compartilhada para CPU no caso do MPGA.
Com estes programas, experimentos foram conduzidos para quantificar os ganhos de de-
sempenho de cada abordagem paralela em comparacao com as implementagoes sequen-
ciais. O desempenho dos algoritmos de evolucao do HCA foi beneficiado pela execucao
paralela em GPU, enquanto as implementagoes paralelas em CPU resultaram em perda
de desempenho devido a overhead. Os experimentos que envolvem a parametrizacao do
MPGA demonstraram um conflito entre a qualidade das solugoes e o tempo de execugao.
Neste caso, uma analise multiobjetivo foi empregada, que demonstrou configuragoes alta-

mente eficientes considerando ambas as métricas de desempenho.

Palavras-chave: automato celular, algoritmo genético, criptografia, escalonamento de

tarefas, computacao paralela.
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Abstract

This work consists of an investigation about the application of parallel computing tech-
niques to bio-inspired models based on cellular automata (CA) and genetic algorithms
(GA) in the context of their application to cryptography and the task scheduling prob-
lem, respectively. The Hybrid Cellular Automata (HCA) model features two algorithms
that perform forward and backward evolution, where the states of a grid of cells are it-
eratively updated according to transition rules and nearby cells. This model is applied
to cryptography, which aims for secure communication by encoding messages to prevent
unintended access to the information. The Multipopulation Genetic Algorithm (MPGA)
is a variation of GA intended for the application of parallel computing. This model con-
sists of the evolution of multiple sets of solutions by means of stochastic operators for
search and optimization applications. This algorithm is applied to the task scheduling
problem, a computationally intractable problem that consists of minimizing the execu-
tion time of interdependent tasks assigned to a set of processors. Sequential and parallel
implementations of these models were developed with the Python language, with imple-
mentations aimed to multicore processors (CPU) and graphics processing units (GPU) in
the case of the HCA, and distributed memory and shared memory approaches for multi-
core processors in the case of the MPGA. With these implementations, experiments were
conducted to quantify the performance gains of each parallel approach in comparison to
the sequential implementations. The performance of the HCA algorithms was benefited
by the parallel execution on GPU, while the parallel CPU implementations resulted in
the loss of performance due to overhead. The experiments involving the parameteriza-
tion of MPGA demonstrated a trade-off between the quality of solutions and execution
time. In this case, a multiobjective analysis was employed, elucidating highly efficient

configurations considering both of these performance metrics.

Keywords: cellular automata, genetic algorithms, cryptography, task scheduling, parallel

computing.
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CHAPTER

Introduction

The increasing application of multiprocessor systems has led to increasing demand
for parallel implementations of algorithms that are capable of exploiting this increased
computing power (MITCHUM, 2013). For instance, multicore processors have been com-
ponents to most personal computers, as well as graphics processing units (GPU) that can
be applied to general purpose programming. The availability of these parallel computing
architectures makes the modern consumer-oriented computers effective for the implemen-
tation of parallel programs that employ multiple processes or threads in a variety of

degrees of interdependence.

Nevertheless, to be able to harness the performance benefits of parallel execution on
these architectures, programs must be composed of a number of subtasks that display a
considerable degree of independence between them, such that their simultaneous execution
is semantically appropriate as well as efficient (Bernstein, 1966). The bio-inspired models
cellular automaton (CA) (SARKAR, 2000) and genetic algorithm (GA) (GOLDBERG,
1989) are examples of programs that might have significant potential for performance gains
with the use of parallel computing, as some of the basic concepts from their definitions
are intrinsically parallel (MITCHELL, 2009).

Cellular automaton is a discrete dynamical system that represents a model of decen-
tralized computation (MITCHELL et al., 1996). It is composed by a regular grid of cells,
each featuring a state, and a transition rule that updates a cell according to the states
present on its locality. The evolution of CA consists of updating each of its cells with
the transition rule for a number of iterations. During a step of the evolution of CA, each
cell can be updated independently, which indicates a potential for benefiting from the
application of parallel computing.

Genetic algorithm (GA) is a metaheuristic technique inspired by the evolution of the
species for the application to search and optimization problems (GOLDBERG, 1989).
This is performed by generating and evolving a population of solutions for a number of
iterations. On each iteration, a number of stochastic operators are applied to the popu-

lation, leading to the generation of new solutions via selection and combinations. Each
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solution is evaluated according to a given quality metric, denoting its fitness. The inde-
pendence found in the processes of generation and evaluation of each individual solution

also indicates a potential for benefiting from the application of parallel computing.

1.1 Motivation

The hybrid cellular automata (HCA) model (OLIVEIRA; MACEDO, 2019) is a CA
model developed to enable the application of a deterministic inverse operation of the
conventional CA evolution. This is achieved with the utilization of pairs of transition rules
with certain properties. The HCA model is applied to cryptography, which aims to achieve
secure communication in the context of possible interference by third-party subjects. This
is done through the encryption process, where the messages are transformed into a form
that is not readily intelligible to be decoded only by the intended destination. Thus, it
is important to employ a cryptographic system that is effective in protecting information
and efficient to make communication possible (STALLINGS, 2013).

The multipopulation genetic algorithm (MPGA) is a variation of the standard GA
intended for the application of parallel computing (CANTU—PAZ, 1998). It extends the
genetic algorithm concept by employing multiple populations of solutions instead of one,
such that the evolution of each population is mostly independent of the others, with com-
munications between populations occurring with some frequency. The MPGA is applied
to the task scheduling problem in this work, a variation of the classic computationally
intractable scheduling problem that is also related to the concepts of parallel computing
(HOU; ANSARI; REN, 1994). The task scheduling problem is a combinatorial optimiza-
tion problem that consists in the assignment of a set of interdependent tasks to a set
of processors with the aim of reaching the lowest possible total execution time. In this
work, parallel implementations of the MPGA are investigated in its application to the
task scheduling problem with the aim to improve the execution time of the algorithm and
the reliability (proximity between the achieved result and the optimum result) of the task

scheduling at the same time.

1.2 Research objectives

The general objective of this work is to contribute to the understanding of the appli-
cation of parallel computing for the HCA and MPGA bio-inspired models by considering
two study cases: the hybrid cellular automata model applied to cryptography and the
multipopulation genetic algorithm applied to task scheduling.

In the case of the HCA model, this work aims at the evaluation of new empirical
results concerning the performance gain in terms of the execution time of parallel imple-

mentations of its evolution algorithms in comparison to the sequential implementations,
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thus extending a previous work (MACEDO, 2007), which lacks parallel computing exper-
iments. To this end, experiments with each HCA evolution algorithm were conducted for
the Python implementations of the corresponding sequential programs, as well as parallel
implementations for multicore processors and parallel implementations for execution on
GPU.

In the MPGA model, this work aims to investigate two parallel implementations, which
apply concepts of distributed memory and shared memory development. The parallel
implementations of this algorithm require additional parameterization for the number of
populations and the frequency of their communication. With the experiments performed,
these parameters are shown to influence the performance of the algorithm in terms of
the quality of the solutions produced as well as the execution time. From these results,
a trade-off between these performance metrics is observed. A multi-objective analysis is

then employed to elucidate the effect of the parameters on these metrics.

1.3 Hypothesis

The main hypothesis of this work is that the parallel implementations of the bio-
inspired algorithms provide a significant performance gain when compared to the serial

implementations.

1.4 Contributions

In this work, the development of the bio-inspired models was done with the use of
high-level tools of the Python language (MAROWKA, 2018). Both the sequential and
parallel versions of these algorithms were developed, and their performance was evaluated
and compared.

The contributions of this work are empirical results concerning the performance of
the HCA and MPGA models via their implementation with high-level programming tools
and their execution with resources of parallel computing.

Concerning the HCA model, the forward evolution and backward evolution algorithms
were investigated with sequential and parallel implementations applied to CPU and par-
allel implementations applied to GPU.

In the case of the MPGA model, multiple variations of its operators were investigated
in the context of the literature of its application to task scheduling, leading to the refine-
ment of the algorithm and the publication of the research paper (MORAIS; OLIVEIRA;
CARVALHO, 2019). The investigation of relevant task scheduling problem instances for
the purpose of benchmark also contributed to the publication of (CARVALHO; MORAIS;
OLIVEIRA, 2018). This work further presents the investigation of two parallel implemen-
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tations of the MPGA with the parallel computing approaches of distributed memory and

shared memory and their performance in relation to the parameters of the algorithm.

1.5 Organization of the dissertation

The following chapters are organized as follows.

 The relevant concepts and definitions to this work are described in Chapter 2, re-

garding cryptography, the task scheduling problem, parallel computing, cellular
automata, the HCA model, genetic algorithms, and the multipopulation genetic

algorithm.

A review of the related literature is presented in Chapter 3, concerning the applica-
tion of cellular automata to cryptography, the application of genetic algorithms to

task scheduling, and parallel approaches for the multipopulation genetic algorithm.

The detailed development of this work is described in Chapter 4, concerning pre-
liminary experiments with parallel computing in Python, the development of each
version of the HCA evolution algorithms, and the development of the MPGA ap-

proaches.

In Chapter 5, the details of the experiments conducted and the analysis of their
results are described for the HCA evolution algorithms and the parameterization of
both MPGA implementations.

The conclusions of this work is presented in Chapter 6, along with suggestions of

future investigations correlated to the present work.
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Concepts and Definitions

This chapter describes the concepts and definitions concerning the applications of this
work to cryptography and task scheduling, the corresponding bio-inspired approaches
based on cellular automata and genetic algorithms, and the relevant approaches of parallel

computing and multiobjective optimization.

2.1 Application problems

This dissertation is focused on the investigation of the application of parallel com-
puting approaches to the bio-inspired models cellular automaton and genetic algorithm.
Before presenting these models in detail, this section presents the main concepts related
to the two application problems for which these models are applied in the present work:
cryptography, which is approached with a cryptographic system based on cellular au-
tomata, and task scheduling, which is adopted as the application domain for the genetic

algorithm.

2.1.1 Cryptography

Cryptography is the study of techniques related to secure communication in the pres-
ence of third-party subjects that may interfere in the information exchange. Generally,
such secure communication is achieved through the encryption process, which involves the
encoding of messages into unintelligible symbols such that its decoding can be performed
only by its intended destination (STALLINGS, 2013).

In modern cryptography, encryption is performed through a cryptographic system,
which includes a set of algorithms devised for such purpose (MENEZES; VANSTONE;
OORSCHOT, 1996). A cryptographic system is mathematically defined as the tuple
(A, M,C, K, E, D) detailed as follows.

( A is the set of symbols which are present in messages, e.g., latin alphabet, binary

codes.
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d M is the space of messages (plaintext), a set that represents every possible message
that the system is capable of handling for encryption, e.g., text in English language,

digital images.

[ C is the space of ciphertext, a set of every string of symbols resulting from the

encryption of the elements of M.

1 K is the space of cryptographic keys such that each element represents a bijection
M+ C.

1 £ is a set of encryption functions defined over M — C. Each element of £ has a
key k € K.

1 D is a set of decryption functions defined over C' — M. Each element of D has a
key k € K.

[ For each key k1 € K, there exists a unique key k2 € K such that Dys(Eg1(m)) = m

for every message m € M.

The earliest methods of cryptography were the substitution ciphers, which employ a
direct substitution of symbols as encryption and decryption algorithm. In this case, the
cryptographic key is defined as a specific bijection between the set of symbols used for
plaintexts and the set of symbols used for ciphertext. A special case of substitution cipher
is the shift cipher, where the bijection of symbols is based on a simple shift of the alphabet,
e.g., a three-letter shift [A, B,C, D, FE,....X,Y, Z] «— |[D,E,F,G,H, ... X,Y, Z, A, B, C]
which maps A to D, B to E etc. With this mapping, the plaintext EXAMPLE would
be encrypted into the ciphertext HADPSOH, which then could be decrypted by applying
the opposite mapping.

Notably, the space of cryptographic keys in shift ciphers is considerably small, being
limited to 25 possible crytographic keys representing effective shifts of the alphabet. This
makes this model highly vulnerable to cryptanalysis, which is the act of investigating
vulnerabilities in cryptographic system in order to determine the cryptographic key in
use and/or the plaintext being communicated. The more general substitution ciphers
provide a considerably greater key space, but their use for communication in natural
language is vulnerable to cryptanalysis concerning the skewed frequency of occurrences
of each letter that is found in natural language. For example, the letter e is the most
frequent letter in the English language, and thus, the corresponding ciphertext symbol in
a substitution cipher must also be most frequent symbol (STALLINGS, 2013).

The aforementioned vulnerabilities demonstrate some of the following desirable fea-
tures of cryptographic systems. The inference of plaintext given a ciphertext and no
cryptographic key should be a considerably difficult task, which is represented by the

cardinality of the key space. The resulting mapping between plaintexts and ciphertexts
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should be distributed as uniformly as possible. The encryption and decryption algo-
rithms must also be efficient to make efficient secure communication possible. These

features represent the objectives aimed by the development of other cryptographic sys-
tems (MENEZES; VANSTONE; OORSCHOT, 1996).

Systems that perform both encryption and decryption using the same key are called
symmetric, exemplified by the substitution cipher and the DES (Data Encryption Stan-
dard) (STALLINGS, 2013). The DES is a cryptographic system for binary plaintext/ci-
phertext and it processes messages by subdividing them in 64-bit blocks and processing
each block independently. Thus, the DES is further categorized as a block cipher, in
contrast to stream ciphers, which process each symbol in sequence, like the substitution
cipher. The DES performs encryption through an iterative process which, on each it-
eration, generates sub-keys from its 56-bit key, performs XOR operations between the
sub-key and half of the text, and applies a substitution function. The DES has been

withdrawn as a standard encryption model due to its relatively short key size.

Another example of symmetric cipher is the AES (Advanced Encryption Standard),
which subdivides plaintext into 128-bit blocks and applies an iterative process including
bit shifts and substitutions (DAEMEN; RIJMEN, 2013). The AES makes use of cryp-
tographic keys with size 128, 192 or 256 bits. Its greater key space results in higher
security of its encryption when compared to the DES. This, in addition to its higher per-
formance, led to the adoption of the AES as the standard encryption model by multiple
organizations and governments (STALLINGS, 2013).

The RSA (RIVEST; SHAMIR; ADLEMAN, 1978) is an example of asymmetric cryp-
tographic system. In this model, instead of employing a secret key known to both commu-
nicating subjects, a subject holds a public key that enables anyone to encrypt messages.
There is also a corresponding private key that allows the subject to decrypt messages.
This cryptographic system makes use of Number Theory concepts in order to ensure the
secure generation of corresponding public and private keys. Asymmetric systems are usu-
ally less time-efficient than symmetric systems, leading to hybrid applications by secure
protocols such as the TLS (RESCORLA; MODADUGU, 2006), where asymmetric sys-
tems are used to share a key for a symmetric system. The usage of hybrid systems also
provide a secure solution to the problem of the key exchange that is present in symmetric

systems.

The HCA cryptographic system (OLIVEIRA; MACEDO, 2019), which is one of the
bio-inspired models investigated in this work, is a symmetric cipher that employs blocks
of 128 bits and 256-bit keys. Its cipher algorithms are based on the evolution of cellular
automata, which is a process that can be executed by multiple processing units simulta-
neously, thus enabling its execution in parallel computers that can achieve potential gains

in performance. This model is further detailed in the following sections.
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2.1.2 Task Scheduling

The multiprocessor task scheduling problem is a computationally intractable combi-
natorial optimization problem consisting in the assignment of a set of tasks to a multi-
processor device in order to satisfy a given evaluation criterion (HOU; ANSARI; REN,
1994). Due to its intractability, heuristics, approximations, and metaheuristics have been
applied to this problem (KWOK; AHMAD, 1999). The variation of the problem studied

in this work assumes the following properties.

d In addition to computation costs associated to the tasks, the execution of inter-
dependent tasks by distinct processors is subject to a communication cost associated

to the dependency of the tasks.

(d The scheduling is static and deterministic such that all computation and communi-

cation costs and task dependencies are fixed and fully known.
(A Processors are non-preemptive, executing tasks to completion without interruptions.

(1 The set of processors is homogeneous, having the same relative performance and

operating in parallel.
( All processors can communicate directly with each other.

Q Every task is executed once by exactly one processor.

An instance of the task scheduling problem is defined as the tuple (G, P) where G is
a directed acyclic graph corresponding the the tasks and their dependencies, and P is the
set of processors. Since every processor of P is equivalent in this variation of the problem,
it is sufficient for an instance of the problem to determine the number of processors to be
considered for scheduling.

Every task (vertex) of G has an associated computation cost, and every dependency
(edge) has an associated communication cost. Figure 1A exemplifies a task graph with
tasks 70,71, T2, ..., T8 having computation costs 80,90, 90, ..., 80 and dependencies hav-
ing communication costs set to 40, which are omitted in the figure.

In a scheduling, communication costs are only applied when the two associated tasks
are executed by distinct processors, implying in a necessary time interval between the
conclusion of the precedent task and the start of the dependent task. Otherwise, the
dependent task can be executed immediately if the assigned processor is the same. A
task can only be executed by a processor after the conclusion of every precedent task,
plus the associated communication time when required.

A solution to a problem instance with p processors can be represented by p sequences
of tasks, which are associated to each processor. Each sequence determines the processor

assigned to each task as well as the order of execution of each task by the processor. In
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Figure 1 — (A): example scheduling graph with computation costs indicated for each task
and communication costs set as 40. (B): Gantt diagram visualizing a schedul-
ing solution and its makespan of 540 time units. Adapted from Morais, Oliveira
e Carvalho (2019).

this representation, each sequence must follow the precedence constraints set by the task
dependencies of the graph. For example, a solution to the problem instance composed of

the graph from Figure 1A and 4 processors labeled PO, P1, P2, P3 is shown as follows.
PO : [T7,T8],P1:[T5],P2:[T2,T4,T6|, P3:[T0,T1,T3|

Given a scheduling solution with tasks assigned to processors and their ordering, its
execution timeline can be represented by a Gantt diagram, which visualizes the starting
and conclusion points of each task. Figure 1B ilustrates this diagram representing the
aforementioned solution over 4 processors, which results in a total execution time of
540 time units. The total execution time of a scheduling solution is called makespan,
representing the total time duration taken to conclude all tasks. The makespan is usually
adopted as an evaluation metric of a solution. Thus, an optimal scheduling features the

lowest possible makespan for a given problem instance.

The communication costs of a scheduling instance can also be defined as a function
of the computation costs by the computation-communication ratio (CCR). With this
parameter, the communication costs y associated with edges with origin on a given vertex
with computation cost z are determined as y = z/CCR. For example, CCR=0.5 defines
communication costs as being 2 times higher than computation costs. Considering the
graph from Figure 1A, the communication costs for CCR=0.5 would be 160 for each
edge that originates from task TO0, 180 for edges originating from task T1, 200 for edges

originating from task T4 etc.
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2.2 Bio-inspired models

This section presents the key concepts of the bio-inspired models investigated in this
work, the cellular automaton and the genetic algorithm. The basic concepts of these
models are defined, each followed by the description of the particular variations that
are investigated in this work, being the hybrid cellular automata model (HCA) and the
multipopulation genetic algorithm (MPGA).

2.2.1 Cellular Automaton

Cellular Automaton (CA) is a discrete dynamical model studied in different areas
like Computer Science, Physics and Biology. It was introduced by John von Neumann
and Stanislaw Ulam in the context of phenomena like crystal growth, self-replication and
fluid dynamics (SARKAR, 2000). Applications of CA include simulations of epidemics
(WHITE; REY; SANCHEZ, 2007), urban development (XIA et al., 2018), crowd dynam-
ics (GIITSIDIS; DOURVAS; SIRAKOULIS, 2017), propagation of forest fires (NTINAS
et al., 2016), image processing (LOPEZ-FANDINO et al., 2016), and robotics (LIMA;
OLIVEIRA, 2016; TINOCO; OLIVEIRA, 2019).

Despite their conceptual simplicity, CA are capable of producing a variety of dynamical
behaviors. Even the simplest CA models feature behaviour patterns that are comparable
to complex biological systems and can be applied to the modelling of a variety of natural
phenomena (GREEN;, 1990). For example, the CA model presented in this section is able
to model natural processes such as the pigment patterns found in seashells in the genera
Conus and Cymbiola, exemplified by Figure 2 (COOMBES, 2009). Figure 3 presents the
evolution of a CA called rule 30, which demonstrates a similar dynamical process to the
pigmentation pattern of Figure 2.

CA consist of a regular grid of cells that feature a state, and each one is iteratively
updated according to their neighbor cells and a transition rule. CA are generally composed

by the following attributes.

[ Regular n-dimensional grid of cells (the CA lattice/grid).

Q Cellular neighborhood, usually defined in terms of spatial distance, or radius.
[ Set of states that can be assumed by each cell.

(A Initial configuration, i.e., initial states of each cell.

(A Transition rule, which updates a cell by mapping the states of its neighborhood to

a new state.

( Number of steps or iterations where each cell will be updated.
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Figure 2 — Pigment pattern generated by a process similar to cellular automata on the
seashell of Conus textile (LING, 2005).

Figure 3 — Graphical representation of the evolution of the rule 30 CA. Adapted from
(Wikipedia contributors, 2020).

CA grids are usually defined as a n-dimensional matrix of cells, with the one-dimensional
grid being the simplest example. The set of states determines each state that each in-
dividual cell can assume, e.g., binary cells with states represented as 0 and 1. The
neighborhood defines which cells are considered neighbors to each cell. In the simplest
case, called radius-1 neighborhood, the neighbors of a cell are the cells adjacent to it. In
the case of cells on the extremities of the grid, their missing neighbors must be accounted
for. One approach for this is the definition of periodic neighborhood, where the cells at

the extremities are considered adjacent as in a torus.

The initial configuration determines the states of each cell preceding the process of
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evolution of the CA. The evolution of the CA consists of updating each cell through the
transition rule, according to its neighborhood. Evolution occurs for a number of steps,
where each cell is updated once.

The CA considered in this work assume one-dimensional grid of cells, radius-1 periodic
neighborhood and two possible cell states. An example of transition rule for these CA is
rule 30, which defines the following transitions of every possible neighborhood states into
another state for the central cell.

111 — 0,110 +— 0,101 ~ 0,100 — 1,011 — 1,010 + 1,001 + 1,000 — 0

Figure 4 exemplifies the evolution of the aforementioned CA with unidimensional grid
of 16 cells, radius-1 periodic neighborhood and two states. With initial configuration
indicated as 0000000010000000, the CA is evolved for 8 steps, where each cell is updated
according to its neighborhood. For instance, from the initial configuration to the resulting
configuration of the first step, the cell with state 1 is updating according to the rule which
maps its neighborhood as 010 + 1. In that same step, cells to the left and right are
updated according to the respective mappings 001 +— 1 and 100 — 1. The remaining cells
in this step are also updated accordingly, with 000 +— 0. After updating every cell, this
process is repeated for each subsequent evolution step, finally reaching the configuration
0100100011100000 after step 8 in the example.

By means of their iterative mechanism, CA are capable of computation. CA are
considered parallel decentralized computers, since the application of the transition rule
on each cell is independent of the others. Therefore, CA applications in general have
potential to benefit from parallel computing.

Usual CA models are constituted by the homogeneity and local connectivity between
cells, deterministic transition rules, synchronous evolution steps and small neighborhood
radius. Binary unidimensional CA with radius 1 are the simplest variation of CA, and

can be extended with the following features.
(Q Higher grid dimensionality, such as 2D or 3D.
(O Greater set of states, with three or more states.

(1 Higher neighborhood radius, considering farther neighbors for each cell besides its

adjacent cells.
( Alternative definitions for the neighborhood of cells on the extremities of the grid.
(1 Non-deterministic transition rules.

(d Non-homogeneous application of transition rules, where cells can be assigned distinct

transition rules.

( Asynchronous evolution steps, making the evolution process non-deterministic by

not performing synchronization between steps.
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initial o 0 6o 0o 60 0O OO1T O O O O O o0 o
step17 0O O O O O O O 1 1 1 0 O O O O O
step2 O O O O O O 1 1 0 O 1 O O O O O
step2 0O O O O O 1 1 0 1 1 1 1 O O O O
step3 0 O O 0 1 1 0 0 1 O O O 1 O O O
step4 O O O 1 1 0 1 1 12 1 O 1 1 1 O O
step5 0 0 1 12 0 0 1 0 O O O 1 O O 1 O
step6 0 1 1 0 1 1 1 1 O O 1 1 1 1 1 1
step7 0 1 0 0 1 0 O O 1 1 1 O O O O O
step8 1 1 1 1 1 1 O 1 1 O O 1 O O O O

Figure 4 — An example of the evolution of the rule 30 CA over 8 time steps on a 16-cell
grid. The first row contains its initial configuration, and each subsequent row
contains the states resulting from the application of the transition rule to each
cell of the previous row.

A CA is called homogeneous if it applies a single transition rule in its evolution.
Differently, hybrid CA apply two or more transition rules in their evolution. The hybrid
cellular automata model (HCA) investigated in this work is a unidimensional binary
CA with radius 1 and non-homogeneous application of transition rules, employing two
transition rules for different portions of the grid. This model is described in the detail in

the next section.

Some transition rules of 1D CA exhibit a specific property that is important for the
HCA model discussed in the next section. This feature, called toggle property, defines
rules which outcome is completely dependent to the cell in the extremity of the neighbor-
hood. Such transition rules are called toggle rules, denoting that they are sensitive to the

leftmost cell or to the rightmost cell.

A transition rule is left-toggle if, considering every possible input neighborhood, the
resulting state of the rule is dependent on the state of the leftmost cell of the neighborhood,
i.e., changing the state of the leftmost cell in the neighborhood always changes the outcome
of the rule. For example, the aforementioned rule 30 applied in the evolution of Figure

4 is a left-toggle rule since any pair of similar neighborhoods with changes only on the
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leftmost cell results in a change in the resulting state, as shown in the following pairs of

mappings.
Q 111 — 0 and 011 — 1
1 110 — 0 and 010 — 1
J 101 — 0 and 001 — 1
(1 100 — 1 and 000 — 0

The right-toggle property is analogous: a transition rule is right-toggle if, considering
every possible input neighborhood, the resulting state of the rule is dependent on the

state of the rightmost cell of the neighborhood.

2.2.2 Hybrid Cellular Automata model

Concerning the temporal evolution of CA previously discussed, some applications of
CA also benefit from the inverse operation of the usual CA evolution. In this context,
updating cells with the rule transition over a number of evolution steps is then referred
as forward evolution, while the inverse operation is referred as backward evolution. The
backward evolution of CA is defined such that: given a grid G in an initial configuration
and the grid G’ that is the result of the forward evolution of G for n steps, then the back-
ward evolution of G’ for n steps results in G. For example, an 8-step backward evolution
of the lattice with states 0100100011100000, would result in the lattice 0000000010000000,
which is the initial configuration in this figure. A backward evolution step is also called
a pre-image computation.

The application of backward evolution is restricted to a class of CA called reversible
CA. A CA isreversible if, according to its transition rule, every possible grid configuration
has a single pre-image. Irreversible CA, on the other hand, might have zero or multiple
pre-images for some configurations.

The HCA (Hybrid Cellular Automata) model developed by Oliveira e Macedo (2019)
is composed of reversible CA as an application to cryptography such that encryption is
performed via backward evolution and decryption is performed via forward evolution.
This model applies two transition rules instead of one, called main rule and border rule.
The rules must be both left-toggle or both right-toggle in order to ensure the existence
of a unique pre-image for each possible grid configuration. Since it applies two transition
rules, the HCA model is considered a non-homogeneous (or hybrid) CA model.

During steps of forward or backward evolution with the HCA model, each transition
rule is applied to a region of the grid. First, the border transition rule is applied to a
region called border, which is defined as the first and last cells of the grid in the first

evolution step. The main rule is then applied to each of the remaining cells of the grid.
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(A) (B)
N1 N2 N3 N1 N2

R N3 R
(C) (D)
N1 N2 N3 N1 N2 N3

R R

Figure 5 — Neighborhood definitions of the HCA evolution algorithms for right-toggle
rules with neighbors denoted as N1, N2, N3, with main cell in bold text The
cell to which a new state is assigned by the transition rule is denoted as R.
(A): neighborhood of the forward evolution with the main rule. (B): neighbor-
hood of the backward evolution with the main rule. (C): neighborhood of the
forward evolution with the border rule. (D): neighborhood of the backward
evolution with the border rule.

After updating the entire lattice, the border cells are shifted by one position (to the
left or to the right depending on the rule sensitivity). This shift is applied after each
forward /backward evolution step to enable a parallel implementation of the backward
evolution algorithm.

The application of the border rule utilizes a distinct neighborhood definition when
compared to the application of the main rule, as represented on Figure 5. For the ap-
plication of the border rule in forward evolution, the neighbors of a cell with index i are
the two cells to the left (i-1 and i-2) in the case of right-toggle rules, illustrated by Figure
5C), or to the right (i+1 and i+2) in the case of left-toggle rules, and the new state is
assigned to the center cell.

When performing backward evolution with the border rule, the same neighborhood is
applied, but the cell to which a state is assigned is shifted, such that the transition for the
neighborhood (i-2,i-1,i) updates the cell i41 in the case of right-toggle rules, illustrated
by Figure 5D, or neighborhood (i,i+1,i+2) and updated cell i-1 for left-toggle rules. After
each step, a shift is applied to the border region in order to make the application of

parallel computing possible in the backward evolution across steps.

After applying the border transition rule to the border cells in an evolution step, the
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main transition rule is applied to the remaining cells. Likewise, in forward evolution, the
main rule expresses a transition state for a cell according to the states of its neighbor-
hood, where the central cell of the neighborhood is updated with the resulting state, as
illustrated by Figure HA.

For backward evolution, transitions with the main rule are done sequentially due to
the application of a distinct definition of neighborhood illustrated by 5B. It is composed,
in the case of right-toggle rules, of the left and center cells of the previous step and the
center cell of the current step, resulting in the assignment of a state to the the cell on
the right. Or in the case of left-toggle rules, the neighborhood is flipped, being composed
op the right and center cells of the previous step and the center cell of the current step,
resulting in an update of the cell on the left. Notably, this neighborhood definition for
backward evolution is the only case where information from the current step is needed to
apply the transition rule, which results in the backward evolution step being a sequential
procedure.

Figure 6 exemplifies the HCA forward evolution of a 8-cell grid with the right-toggle
rules 101 and 170, defined in the following.

O Main rule (rule 101): 111 ~ 0,110 — 1,101 ~ 1,100 — 0,011 — 0,010
1,001 — 0,000 — 1

0 Border rule (rule 170): 111 ~ 1,110 ~ 0,101 — 1,100 —~ 0,011 — 1,010
0,001 — 1,000 — 0O

The forward evolution example from Figure 6 is detailed as follows. The border cells
are highlighted with bold text on each step on Figure 6. The states of border cells are
copied and shifted on each step by applying the border rule. For instance, the border
cells in the initial configuration are defined as the first cell, having state 0, and the last
cell, with state 1. For the first cell, the neighborhood defined for the border rule (Figure
5C) is 010, corresponding respectively to the states of the seventh, eighth, and first cells,
considering the periodic grid. According to this neighborhood and the corresponding
border rule mapping 010 +— 0, the eighth cell is updated with the state 0. Likewise,
applying the border rule to the eighth cell with state 1 and neighborhood 001 results in
the assignment of the seventh cell to state 1. The border region for the next step is then
defined as the seventh and eighth cells.

For the remaining cells with indexes 1,2,3,4,5,6, which were not yet updated, the
main rule is applied according to the its neighborhood definition (Figure 5A). For instance,
the first cell, with neighborhood 101 is updated according to the corresponding main rule
mapping 101 — 1, and the second cell, with neighborhood 010 is updated according to
the corresponding main rule mapping 010 +— 1. This process continues until every cell

has been updated.
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The aforementioned forward evolution step procedure is then repeated for the subse-

quent steps of Figure 6.

Figure 7 exemplifies the HCA backward evolution of a 8-cell grid with the aforemen-
tioned right-toggle rules 101 and 170. The example is detailed in the following.

The border cells are highlighted with bold text on each step on Figure 7. Similarly
to forward evolution, the states of border cells are copied and shifted on each step by
applying the border rule, but the shift direction is reversed. The border cells in the initial
configuration are likewise defined as the first cell, having state 0 in the example, and the
last cell, with state 1. For the first cell, the neighborhood defined for the border rule
(Figure 5D) is 110, corresponding respectively to the states of the seventh, eighth, and
first cells. According to this neighborhood and the corresponding border rule mapping
110 + 0, the second cell grid is updated with the state 0. Likewise, applying the border
rule to the eighth cell with state 1 and neighborhood 011 results in the assignment of the
first cell to state 1. The border region for the next step is then defined as the first and

second cells.

For the remaining cells with indexes 3,4,5,6,7,8, which were not updated yet, the
main rule is applied according to the its neighborhood definition ((Figure 5B)). For in-
stance, considering the state assignment for the third cell, with neighborhood states 010,
from the respective states of the first and second cells of the initial configuration and
the second cell of step 1, the main rule mapping 010 + 1 is then applied to the third
cell. Likewise, the forth cell, having neighborhood 101, is updated according to the cor-
responding main rule mapping 101 — 1. This process continues until every cell has been

updated.

The aforementioned backward evolution step procedure is then repeated for the sub-

sequent steps of Figure 7.

As previously mentioned, the shift of the border region in both evolution algorithms
enables the parallel execution of backward evolution. While a backward evolution step
was shown to be a sequential process due to the dependency of its main rule neighborhood
(corresponding to cell N3 on Figure 5B), the simultaneous processing of distinct steps is
enabled by the shifting border region. Referring to the Figure 7 example, during step 1 of
evolution, the processing of the border cells, which results on the updating the first cells,
enables step 2 to start processing its border cells and assign the states of cells 2 and 3.
In the same way, step 3 can start its processing of cells 3 and 4 after the border cells of

step 2 have been assigned etc.

For the remaining cells, the processing of each cell also enables the processing of a
cell on the next step. For instance, the processing of cell 3 on the first step enables the
processing of cell 4 on step 2, which enables the processing of cell 5 on step 3. In this
manner, multiple steps can be executed simultaneously, where periodic synchronizations

are needed to ensure that the necessary data from one is step is available for the processing
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inldl 0 1 O 1 1 O O 1
step1 1 1 1 O 1 O 1 O
step2 0 O 1 1 1 1 0 1
step3 0 O O O 1 0 1 1

step4 O 1 1 1 0 1 O 1

Figure 6 — An example of forward evolution of the HCA model using rule 101 as the main
rule and rule 170 as the border rule. The two border cells in every step are in
bold text, and their position shifts left on every step.

inital 0 1 0 1 1 0 1 1
stepl 1 0 1 1 O 1 1 O
step2 1 1 0 1 O O O O
step3 1 0 1 0 1 1 1 1

step,d O 1 1 1 0 1 O 1

Figure 7 — An example of backward evolution of the HCA model using rule 101 as the
main rule and rule 170 as the border rule. The two border cells in every step
are in bold text, and their position shifts left on every step.
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of the next step.

2.2.3 Genetic Algorithm

The genetic algorithm (GA) is a search method proposed by John Holland, which
is inspired by the evolution of the species and has been applied to problems related to
search and optimization, including the scheduling problem (GOLDBERG, 1989). Being
an optimization technique, the GA aims to generate a globally optimal solution according
to the application and a given metric that quantifies the quality of a solution.

The GA performs its search by iteratively applying a series of stochastic operators
to a set of solutions (population) and thus generating new solutions by combining and
modifying them. Thus, the application of GA requires the formulation of a domain-specific
data representation and genetic operators, described as follows.

The genetic representation is a data structure that is representative of the complete
solution domain of the problem, i.e. it is capable of effectively codifying every single
solution that belongs to the search space of the problem. An instance of this data structure
is called an individual or chromosome, which compose the population of the GA. The
classic genetic representation is a binary vector (GOLDBERG, 1989).

A procedure for generating valid individuals must be defined in order to compose the
population during the initialization stage of the GA. Individual generation is usually done
with random assignments, resulting in a random string of bits in the case of binary vector
representation.

The chosen metric of the quality of an individual is called fitness, which is the value
to be optimized by the GA. The fitness of an individual is calculated by an evaluation
function.

The crossover operator is the procedure which generates new individuals from a given
pair of parent individuals such that the children individuals are assigned features from
both parents. A common method for crossover is the single-point crossover, which di-
vides each parent’s chromosome into two parts and recombines them together. Other
approaches include the two-point crossover, which divides chromosomes into three parts,
and PMX, an algorithm designed to handle permutation-based genetic representations.

The mutation operator is a procedure that modifies some of the children generated
by crossover with a probability given as a parameter of the GA. A common method for
mutation consists in toggling a random bit of the individual, in the case of binary genetic
representations.

Besides the domain-specific genetic operators described, the GA also holds the follow-
ing population operators, which are applied to the population iteratively.

The selection operator is used to define which individuals will reproduce with the
crossover operator on each iteration of the algorithm. The likelihood of an individual to

be selected for crossover is usually based on its fitness, such that better individuals have
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higher probability of reproduction. A common method for selection in GA applications is
the roulette, where the probability of each individual being selected is directly proportional
to its fitness in comparison to the rest of the population. Another method is the binary
tournament, where two randomly chosen individuals are compared and the fittest one is
selected.

The reinsertion operator determines the individuals who will compose the population
for the next iteration by combining the current population and the list of children. Meth-
ods for reinsertion include substitution, where the current population is fully replaced by
the children generated, and elitism, where a portion of the best individuals of the current
population is preserved while the remainder of the population is composed of the children.

Additionally, the operation of the GA is controlled by the following parameters.

(Q Population size: an integer number that defines the quantity of individuals to com-

pose the population.

(1 Number of generations: an integer number that defines the number of iterations

(generations) to be performed.

(1 Crossover rate: a percentage that indicates the number of child individuals to be

generated in a generation, in relation to the size of the population.

(1 Mutation rate: a percentage that defines the probability of a child individual to be

modified with the mutation operator.

With the described operators and parameters, the general GA procedure is defined on
Listing 2.1, with number of generations represented by g and mutation rate represented
by m_rate. As its execution ends, the fittest individual of the population is returned,

representing the best solution found with the given parameters.

Listing 2.1 — The genetic algorithm with parameters population size n, number of gener-

ations g, crossover rate c, mutation rate m.

procedure genetic_algorithm:
initialize population P with n individuals
evaluate each individual from P
for g generations:
select ¢ parent individuals
generate ¢ children via crossover
for each child generated:
mutate child with probability m
evaluate child
perform reinsertion between P and children

return fittest individual
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The total individual evaluations performed by the GA represents the number of so-
lutions explored in the search space of the corresponding problem instance. Evaluations
occur during the initialization stage and after generating each child with crossover/mu-
tation. The total number of evaluations is then given by n + g * n % ¢ where n is the
population size, g is the number of generations and ¢ is the crossover rate.

Since the GA operates with stochastic processes, its efficiency must be measured sta-
tistically with multiple executions for a given problem instance and set of parameters.

The lack of dependencies between the genetic operators, which are independently
performed on multiple individuals, reveal a significant potential for the application of

parallel computing to GA.

2.2.4 Multipopulation Genetic Algorithm

Considering the applicability of parallel computing, multiple approaches have been
developed with the goal of obtaining high performance of its execution on parallel com-
puters. These approaches can be categorized as follows (CANTU—PAZ, 1998).

1 Global parallelism approaches employ worker processing units to perform genetic

operations while the main algorithm is controlled by the main processing unit.

1 Fine-grained approaches define limited neighborhoods for each individual, with
whom they compete and/or reproduce instead of interacting with the entire popula-
tion. These approaches are intended for execution on massively parallel computers

with high numbers of processing units.

(d Multipopulation approaches employ a number of semi-independent populations in-
stead of one, with communications between populations occurring with some fre-

quency.

In particular, the fine-grained and multipopulation approaches can be considered dis-
tinct algorithms from the GA, as they feature local interactions between subsets of the
population, which can affect the quality of the solutions. For this reason, some authors
suggest that the use of these approaches is beneficial even if their parallel execution is
unavailable (ALBA; TROYA, 1999).

The multipopulation genetic algorithm (MPGA) is a popular variation of the GA
model intended to achieve higher performance through the application of parallel com-
puting. It extends the GA model by employing a number of independent populations that
communicate through a procedure called migration, where individuals are exchanged be-
tween populations.

The definition of the MPGA makes it highly suitable for distributed memory im-

plementations, since each population is evolved independently and the communication
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mechanism between them is defined as the migration operator. In the distributed mem-
ory case, each process is comparable to a GA that evolves its single population and also

communicates with other processes through migration.

The MPGA is also referred to as distributed GA, for being suitable for distributed
memory implementations; coarse-grained GA, for having relatively infrequent commu-
nications compared to the fine-grained approach; and island-based GA, for its similarity
with the island model from the field of population genetics. Each population of the MPGA

is also referred to as a subpopulation or island.

Besides the aforementioned genetic operators and parameters, the MPGA is also com-

posed of the following definitions.

The migration operator is defined as a population sending a portion of its current
individuals to another population, such that the arriving individuals replace the departing

ones in the destined population, resulting in unchanged population sizes.

The selection of individuals to depart for migration is defined as a portion of the
fittest individuals of the population. The number of migrating individuals is expressed as

a percentage of the population size by the parameter migration rate.

The number of migrations that occur during an execution of the MPGA is defined by
the migration frequency parameter. This parameter defines which generations will feature

migration. For example, it can denote that migration will occur on every 10 generations.

The populations that will serve as destination for each migration must be defined in
a communication topology, which establishes every connection between populations. An
usual approach is the circular/ring topology, where each population has a single destina-

tion for sending migrations as well as a single source to receive migrations.

The population quantity parameter denotes the number of populations that will com-
pose the MPGA. The population size parameter is then divided between populations, e.g.,
4-population MPGA with population size 100 has populations of 25 individuals each. This
is done in order to maintain the same quantity of individual evaluations in comparison to

the GA, thus enabling an appropriate performance comparison.

The particular case where the population quantity of the MPGA is 1 is equivalent to
the execution of the corresponding sequential GA, without migration nor parallel com-
puting.

The MPGA parameters can also be set to not perform migration. For instance, in
the case of MPGA set to run for 100 generations, a migration frequency value of 100
or higher (migration occurring on every 100 generations) implies that migration will not
be performed. This case, where populations are evolved independently, is equivalent to
performing multiple runs of the corresponding GA with reduced population size. This

approach is discouraged, since it degrades the quality of the solutions when compared to
the other approaches (CANTU-PAZ; GOLDBERG, 2003).
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2.3 Parallel Computing

Parallel computing refers to the simultaneous execution of computing tasks by a set
of processor units, in contrast to the traditional paradigm of sequential execution of algo-
rithms (QUINN; QUINN, 1994). The application of parallel computing aims at achieving
higher efficiency of programs in terms of execution time, and is dependent on a series of
resources and paradigms detailed in the following.

The primary resource for parallel computing is the hardware capable of simultaneous
execution of tasks, generally called a parallel computer architecture. Modern parallel
computing approaches are made possible by classes of architecture including the following
(SCHMIDT et al., 2017).

1 Multicore processors (CPU) are general-purpose processors that include multiple
processing units (cores) on the same chip, such that each core has its own memory
registers and cache as well as independence in the execution of instructions, i.e., each
core performs as a complete independent processor. Currently, multicore processors

are usually available in personal computers.

0 Graphics processing units (GPU) are specialized processors developed for high per-
formance of computer graphics processing, which are based on linear algebra and
matrix operations. For this, GPUs are composed of numerous cores, but each
one has less resources if compared to multicore processors. The usage of GPU for
general purpose computing, besides graphics processing, is made possible by pro-
gramming frameworks such as Nvidia CUDA (NVIDIA; VINGELMANN; FITZEK,

2020). GPUs are usually available in personal computers.

0 Field-programmable gate arrays (FPGA) are specialized integrated circuits com-
posed of numerous logic gates and memory blocks, which can be configured for
highly efficient computing using hardware description languages such as VHDL. Al-
gorithms can be implemented for execution in FPGA by expressing the algorithm in
sequences of logic gate operations, thus presenting considerable difficulty to utilize.
FPGA are not available in consumer-oriented computers, being used for specialized

applications.

(d Cluster computing is the association of multiple independent computers connected
by a network and configured to function as a single parallel computer, e.g., multiple
personal computers connected via a local area network. As such, the application of
clusters can be relatively accessible according to the monetary resources available

to projects.

Moreover, memory management in parallel computing can be achieved in two ways:
distributed memory or shared memory (SCHMIDT et al., 2017).
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In distributed memory applications, each processing unit operates mainly by using a
reserved memory space, which is logic and/or physically distributed, and generally inac-
cessible to other processing units. A mechanism for communication between processing
units is usually applied to enable information sharing when needed. This approach then
provides an encapsulation of each parallel task, which is useful for applications where
tasks are highly independent, requiring infrequent communications and/or synchroniza-
tions. Computer architectures based on highly independent processing units generally
benefit the most from distributed memory approaches, including multicore processors

and clusters.

Shared memory applications mainly employ a unified memory space to each processing
unit, which can be accessed freely by each one. This approach facilitates the communi-
cation between processing units, while the lack of encapsulation may require additional
memory management effort in programming. The shared memory is then more appropri-
ate for applications with frequent communications and/or synchronizations. Computer
architectures which provide shared memory modules to their processing units are the most

benefited by this approach, including multicore processors and modern GPUs.

Software resources to achieve parallel computing implementations in multicore pro-
cessors include the use processes and threads that are made available by the operating
system (SCHMIDT et al., 2017).

Processes are independent execution instances of a program, and their use for par-
allel computing usually represent the application of the distributed memory paradigm.
Communication between processes is achieved with specific operating system directives
such as the ones specified by the MPI (message passing interface) standard. MPI defines
directives such as process creation, sending/receiving data structures, and broadcasting

information between processes.

Threads are simplified instances of execution that compose a process. Multiple threads
in a process share its memory resources while being able to be executed simultaneously.
Thus, the use of threads for parallel computing represents the application of the shared
memory paradigm. Communication between threads is relatively trivial, as their memory

resources are accessible to each thread.

In the case of graphics processing units following the CUDA framework, the concept
of threads is employed with some differences. As GPUs are specialized on operations over
matrix data structures, the CUDA framework provides the parameterization of a thread
hierarchy based on the locality of the data according to the data structure to be processed.
To this end, functions for execution on a CUDA GPU can be configured to employ either
a 1D, 2D or 3D thread hierarchy such that this dimensionality corresponds to the input
data structure and enables the mapping of each element of the data structure to a thread.
CUDA threads can access the global memory of the GPU device as well as the device

shared memory, which enables efficient communication. Each CUDA thread also holds a
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limited space of local memory. Considering that each thread has limited resources, GPU
applications usually reflect the shared memory paradigm (SCHMIDT et al., 2017).

The efficiency gain obtained by the application of parallel computing to a given pro-
gram is constrained by the dependency of its subtasks. An application is said to exhibit
fine-grained parallelism if its subtasks require frequent communication, or coarse-grained
if communication is infrequent (Bernstein, 1966). Generally, coarse-grained applications
benefit more from parallel computing, since inter-process communication represents added
overhead when compared to serial implementations which do not require communication.

A third category of parallel programs is called embarrassingly parallel tasks, which
have either zero or negligible amounts of subtask dependencies, thus barely requiring any
communication (SCHMIDT et al., 2017). This is the case for algorithms like matrix multi-
plication, where the computation of each resulting matrix element is entirely independent
of the others.

The speedup is a metric used to express the efficiency gain when comparing the ex-
ecution times of a serial program and its parallel version. For example, the case of a
serial program and a parallel program with respective execution times of 10 minutes and
5 minutes exhibit 2X speedup, as the complete execution occurred twice as fast in the
second case. Speedup is limited to the number of processing units applied, e.g., an ap-
plication that makes use of a 4-core processor would ideally exhibit 4X speedup when
compared to a serial implementation. Speedup values are usually below the ideal value,
since parallel implementations have the added overhead of communication, which is not
present in serial implementations.

Throughput is a metric that expresses the number of operations per unit of time
performed by different programs, thus providing a measure of performance according to
input size. For example, a program that takes 10 seconds to process 2000 bytes of data
has throughput of 200 bytes per second.

In this work, approaches with shared memory over threads with CPU and GPU were
applied to the implementations of the HCA evolution algorithms, while approaches based
on distributed memory with processes and shared memory with threads were applied to
the implementations of the MPGA.

2.4 Multiobjective optimization

Multiobjective optimization is the area of study of optimization problems with multiple
objective functions (MIETTINEN, 1999). In this context, the optimality of solutions to
a problem is measured considering every given objective simultaneously, which might
result in trade-offs between conflicting objectives. Solutions in the context multiobjective
optimization usually are not optimal for every objective. Thus, the concept of Pareto

dominance (MIETTINEN, 1999) is employed for the comparison of two solutions, defined
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as follows.

Given a multiobjective problem with n objective functions fi,..., f, to be minimized
and two solutions 1, x9, r1 dominates x5 if f(x1) < f(z2) for every function and f(z1) <
f(x2) for at least one function, i.e., z; dominates z5 if x; is better than x5 in at least one
metric and equivalent or better in the others. The same concept applies for maximization
functions, which are equivalent to minimizing its negative.

Given the definition of Pareto dominance, a solution is defined as Pareto optimal (or

non-dominated) if it is not dominated by any other solution. The set of non-dominated
solutions is called Pareto frontier (MIETTINEN, 1999).

Solutions for multiobjective problems can be visualized with scatter plots as exempli-
fied by Figure 8. Each axis of the chart represents an objective function, with functions f1
and f2 represented respectively by the axes y and x in the example. Solution C is shown
to be dominated by both A and B for both functions. Solutions A and B are shown to
be non-dominated, despite A being better at minimizing function f2 and B being being
better at minimizing f1. Considering all the solutions presented in the example of Figure

8, the Pareto frontier is outlined, being composed by 9 solutions and including A and B.

f2(A) < f2(B) 2

Figure 8 — Example of multiobjective chart with objective functions f1 and f2 represented
respectively by the axes y and x. The Pareto frontier is outlined in red, and
solution C is shown to be dominated by A and B. Source: (DREO, 2006).

In this work, the concept of multiobjective optimization is applied as a methodology to
analyze the results of the experiments with MPGA applied to task scheduling, where the

variation of parameters are shown to influence in two performance metrics: execution time
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of the algorithm and makespan of the solutions produced. However, the search performed

with MPGA is applied for the optimization of a single objective, being the makespan.
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CHAPTER

Review of the Literature

This chapter presents a review of related works that involve applications of CA to
cryptography, parallel CA implementations, applications of GA to task scheduling and
approaches to the implementation of MPGA.

3.1 Cellular Automata applied to Cryptography

The application of CA to cryptography started with Wolfram (1986). This model
consists of a stream cipher that makes use of a 1D binary CA and a chaotic transition
rule. With this CA, it is possible to generate an effectively random bit sequence, which is
then used for encryption using the XOR operator. In this model, the cryptographic key is
the initial configuration of the CA, which is evolved for a number of steps by the chaotic
transition rule, resulting in an effectively random bit string. Notably, the utilization of
CA evolution in this model is exclusively applied to the generation of the random bit
string, while the encryption process is done with the XOR operator.

Later models explore the algebraic properties of additive CA, which involve multiple
transition rules composed by XOR and XNOR operations (NANDI; KAR; CHAUDHURI,
1994), (SEN et al., 2002). However this kind of approach was show to be vulnerable to
cryptanalysis via chosen-plaintext attack (BLACKBURN et al., 1997).

The method developed by Gutowitz (1993) is based on dynamical systems and per-
forms block cipher in 384-bit blocks via the evolution of the CA itself. Its cryptographic
key defines a transition rule with the toggle property, and the encryption algorithm is
given by the backward evolution of the CA over the bits of the plaintext, while the de-
cryption is done by the forward evolution of the CA. The encryption process is done with
the use of toggle rules and the insertion of extra cells in each evolution step when doing
the backward evolution. These extra bits are used to define a neighborhood for the cells
in the lattice border. They are employed in the backward evolution to ensure that the

pre-image computation is always possible for any lattice configuration. In the forward
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evolution, the extra cells are removed on every evolution step. Thus, this method results
in ciphertext that is significantly longer than the original plaintext.

Later CA-based methods were developed to address two problems that are present in
the Gutowitz (1993) model, being the increased length of ciphertext and the unidirec-
tional spread of plaintext disturbances. The work (OLIVEIRA; COELHO; MONTEIRO,
2004) solved the second flaw by using CA rules that have both right-toggle and left-toggle
properties. A general method for pre-image computation was investigated by (WUEN-
SCHE, 2008; OLIVEIRA et al., 2008), which were limited by the challenge of assuring
the existence of a unique pre-image for every possible CA lattice. Further investigation
included the application of wrap procedures that ensured the application of the encryp-
tion procedure to any given plaintext (OLIVEIRA et al., 2010; OLIVEIRA et al., 2010;
OLIVEIRA; MARTINS; ALT, 2011). However, these approaches still resulted in cipher-
text with increased length.

The HCA model (MACEDO, 2007; OLIVEIRA; MACEDO, 2019) is based on the
method by Gutowitz (1993). It applies a periodic neighborhood and two transition rules
instead of one, the main rule and border rule, which are both left-toggle or both right-
toggle in order to ensure the existence of a unique pre-image for each possible grid con-
figuration. With these features, the HCA model achieves an encryption method through
forward and backward evolution without an increase in the length of the ciphertext.

Recently, a model inspired by HCA was proposed, replacing the CA structure by
complex networks (MACEDO; OLIVEIRA; RIBEIRO, 2014). Although some advantages
were observed in the fast propagation of information promoted by non-local connections,

the intrinsic parallelism of CA models is not presented in this model.

3.2 Parallel Computing approaches to Cellular Au-

tomaton evolution

As previously discussed, the general definition of CA specifies an evolution algorithm
where, on each evolution step, the next state of each cell can be computed independently
via the application of the transition rule to its neighborhood. Some approaches to the
parallel execution of CA evolution are presented in the following.

Execution of CA on GPU has been applied to domains such as the simulation of urban
development (XIA et al., 2018), image segmentation (LOPEZ-FANDINO et al., 2016),
modeling of aircraft disembarking and emergency evacuation (GIITSIDIS; DOURVAS;
SIRAKOULIS, 2017), simulation of wildfire spreading (NTINAS et al., 2016). The high
number of processing threads that is present on GPU is shown to be pertinent to the
parallel execution of CA, such that every thread is responsible for one cell of its grid.

Execution of CA on FPGA has been applied to domains such as random number gener-
ation (DEVI; CHITHRA; SETHUMADHAVAN; 2019), modeling of aircraft disembarking
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and emergency evacuation (GIITSIDIS; DOURVAS; SIRAKOULIS, 2017), simulation of
wildfire spreading (NTINAS et al., 2016). In this approach, the CA evolution process
is programmed in hardware description languages such as VHDL as a parallel array of
logic gates. Being dedicated hardware, FPGA is regarded as the highest performing ap-
proach for CA evolution, while also being the least accessible due to its financial cost and
difficulty to program.

Another special-purpose parallel hardware is described by (TOFFOLI, 1984), which
performs the simultaneous processing of every cell with the use of a parallel processor

optimized to the execution of cellular automata and similar discrete systems.

3.3 Genetic Algorithm applied to Task Scheduling

A number of works were developed regarding the application of GA to task scheduling,
while the works by (KWOK; AHMAD, 1997) and (MORADY; DAL, 2016) performed
applications of MPGA to task scheduling. This section presents approaches adopted by
these related works for the implementation of genetic operators in the domain of task
scheduling.

The genetic representation employed by earlier works involves lists of tasks, where each
list represents the tasks assigned to a corresponding processor (HOU; ANSARI; REN,
1994; CORREA; FERREIRA; REBREYEND, 1999; KAUR et al., 1999). More recent
works utilize a simplified representation using two vectors that represent an ordering of
tasks and their processor assignments (WANG et al., 1997; OMARA; ARAFA, 2010;
CHITRA; RAJARAM; VENKATESH, 2011; MORADY; DAL, 2016).

The minimization of makespan is usually considered as the fitness metric in schedul-
ing applications (HOU; ANSARI; REN, 1994; WANG et al., 1997; CORREA; FER-
REIRA; REBREYEND, 1999; HWANG; GEN; KATAYAMA, 2008; OMARA; ARAFA,
2010; KWOK; AHMAD, 1997; MORADY; DAL, 2016). Other metrics include flowtime
(KAUR et al., 1999), the sum of conclusion times for each task, and reliability (CHITRA;
RAJARAM; VENKATESH, 2011), which quantifies possible processor failure scenarios.

The generation of the initial population in these works is usually done with ran-
domly generated solutions (HOU; ANSARI; REN, 1994; CORREA; FERREIRA; RE-
BREYEND, 1999; HWANG; GEN; KATAYAMA, 2008; CHITRA; RAJARAM; VEN-
KATESH, 2011; MORADY; DAL, 2016). Some works also apply heuristics to generate
part of the initial population (WANG et al., 1997; KWOK; AHMAD, 1997; KAUR et al.,
1999; OMARA; ARAFA, 2010).

A common method for crossover is the single-point crossover, which divides each par-
ent’s chromosome into two parts and recombines them together (WANG et al., 1997;
KWOK; AHMAD, 1997; CHITRA; RAJARAM; VENKATESH, 2011; KAUR et al.,,
1999; OMARA; ARAFA, 2010; XU et al., 2014). Other approaches include the two-point
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crossover, which divides chromosomes into three parts, and PMX, an algorithm designed
to handle permutation-based genetic representations (HWANG; GEN; KATAYAMA, 2008;
MORADY; DAL, 2016).

A common method for mutation in scheduling applications is swap, which performs
an exchange in the execution sequence of two tasks, possibly implying in a switch of their
processor assignments as well (HOU; ANSARI; REN, 1994; WANG et al., 1997; KWOK;
AHMAD, 1999; HWANG; GEN; KATAYAMA, 2008; CHITRA; RAJARAM; VENKA-
TESH, 2011; XU et al., 2014). Another approach is the switch of the processor assignment
of a task (OMARA; ARAFA, 2010; MORADY; DAL, 2016).

A common method for the selection of parents for crossover is the roulette, where
the probability of each individual being selected is directly proportional to its fitness in
comparison to the rest of the population (HOU; ANSARI; REN, 1994; WANG et al.,
1997, HWANG; GEN; KATAYAMA, 2008; KAUR et al., 1999; CHITRA; RAJARAM;
VENKATESH, 2011; XU et al., 2014). Another method is the binary tournament, where
two randomly chosen individuals are compared and the fittest one is selected (OMARA;
ARAFA, 2010; MORADY; DAL, 2016).

Reinsertion is usually performed with the elitism method, where a portion of the
best individuals of the current population is preserved while the remainder of the pop-
ulation is composed of the children (HOU; ANSARI; REN, 1994; WANG et al., 1997;
KWOK; AHMAD, 1997; CORREA; FERREIRA; REBREYEND, 1999; HWANG; GEN;
KATAYAMA, 2008; KAUR et al., 1999; CHITRA; RAJARAM; VENKATESH, 2011; XU
et al., 2014; MORADY; DAL, 2016).

3.4 Approaches with the Multipopulation Genetic Al-
gorithm

Related works employing the MPGA referenced in this section are applications to
task scheduling (KWOK; AHMAD, 1997; MORADY; DAL, 2016), job-shop scheduling
(QL; BURNS; HARRISON, 2000), data mining (SRINIVASA; VENUGOPAL; PATNAIK,
2007), container loading (GEHRING; BORTFELDT, 2002), function optimization (MiH-
LENBEIN; SCHOMISCH; BORN, 1991; YAO; KHARMA; GROGONO, 2010) and com-
binatorial optimization (HAN et al., 2001).

The communication topology defines the destinations considered for the migration
operator for each population. Approaches for communication topology are described as
follows. Fully connected populations denote that migrations can occur between any pair
of populations (KWOK; AHMAD, 1997; QI; BURNS; HARRISON, 2000; SRINIVASA;
VENUGOPAL; PATNAIK, 2007). Circular topologies define one set destination for each
population (GEHRING; BORTFELDT, 2002; MORADY; DAL, 2016). Other approaches

include a variation of the circular topology with multiple connections between populations
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(MiHLENBEIN; SCHOMISCH; BORN, 1991), and a dynamical topology with merging
and divisions of populations during execution (YAO; KHARMA; GROGONO, 2010).

The occurrences of migration are usually defined as the fixed migration frequency
parameter of the algorithm, which determines the generations where migration will occurs
(MGHLENBEIN; SCHOMISCH; BORN, 1991; QI; BURNS; HARRISON, 2000; HAN
et al., 2001; GEHRING; BORTFELDT, 2002; SRINIVASA; VENUGOPAL; PATNAIK,
2007; MORADY; DAL, 2016). Alternatively, KWOK; AHMAD apply a varying migration
frequency that increases exponentially during execution.

The selection of individuals for migration is usually defined as a portion of the fittest
individuals of the population (MiHLENBEIN; SCHOMISCH; BORN, 1991; KWOK; AH-
MAD, 1997; QI;, BURNS; HARRISON, 2000; HAN et al., 2001; GEHRING; BORT-
FELDT, 2002; SRINIVASA; VENUGOPAL; PATNAIK, 2007; MORADY; DAL, 2016).

The parallel computing approaches for the execution of MPGA usually define the as-
signment of each population to a processing unit and make use of distributed memory, in-
cluding the following applications: massively parallel supercomputer (KWOK; AHMAD,
1997), clusters of personal computers (MORADY; DAL, 2016), multiple computers over
a local network that communicate via a central database (GEHRING; BORTFELDT,
2002). For the other related works (MiHLENBEIN; SCHOMISCH; BORN, 1991; HAN
et al., 2001; QI; BURNS; HARRISON, 2000; SRINIVASA; VENUGOPAL; PATNAIK,
2007; YAO; KHARMA; GROGONO, 2010), it was not possible to identify which parallel
computing approach was used in the implementation of their respective MPGAs. Notwith-
standing, it is assumed that they were implemented with some kind of parallelism, as it

is one of the basic motivations for the adoption of MPGA models.
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CHAPTER

Development

This chapter presents the major development activities of this work. The following
sections describe the preliminary experiments with parallel computing in Python, which
use the matrix multiplication algorithm as an example, the development of the sequential
and parallel versions of the forward and backward evolution algorithms of the HCA model,
and the development of the MPGA with the distributed memory and shared memory

approaches.

4.1 Preliminary experiments with parallel comput-
ing in Python

Python has been one of the most popular languages in academia and in scientific
computing in the recent years for its ease of use and great availability of libraries. This
popularity occurs despite its weak performance, which motivated the efforts devoted by
the Python community to improve it, with various solutions been developed. Each of these
solutions adopt different approaches and various optimization techniques. Among them,
Numba (LAM; PITROU; SEIBERT, 2015) is a library for optimization that provides
high-performance and performance portability for Python applications. Python code
acceleration tools, such as Numba, allow access to high-performance programming with a
significantly lower technical barrier when compared to languages like C and FORTRAN
(MAROWKA, 2018).

The majority of the experiments in this work were implemented in Python using
Numba. Numba is a Python compiler that uses the LLVM platform to provide high
performance serial execution as well as parallel execution for multi-core CPUs and also
GPUs over the Nvidia CUDA platform (LAM; PITROU; SEIBERT, 2015).

The matrix multiplication algorithm is used in this section as a benchmark example for
Numba’s features and performance, demonstrating the ease of use of these tools and the

speedup that can be achieved in a highly parallel application. The Python code provided
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by (MAROWKA, 2018; Anaconda, Inc., 2012) is then employed to provide an overview of
the methods employed for both serial parallel execution in this work. Each implementation

is described as follows, and the corresponding code is found on the appendix A.

The pure Python implementation of matrix multiplication employs three nested for-
loops, as shown on listing A.1 (MAROWKA, 2018).

The serial implementation using Numba consists of adding the decorator @njit to the
previous Python implementation, as shown on listing A.2. This indicates the function is
set be optimized by Numba’s Just-in-Time compiler in nopython mode, which generates
high-performance code while ensuring its execution does not fall back to the slower Python

interpreter.

The CPU parallel implementation using Numba consists of using the decorator @njit
(parallel=True) to set it up for optimization over multiple CPU cores. Then, loops can
be set up for parallel execution by using Numba’s prange function instead of the standard
Python range function. For the matrix multiplication, every one of its three for-loops can
be marked for parallel execution with prange, since every element of the resulting matrix

can be calculated independently of the rest. The resulting code in shown on Listing A.3.

The GPU parallel implementation using Numba consists of the decorator @cuda. jit,
which sets a function up for compilation for the Nvidia CUDA execution model. The
function also needs to be adapted into a kernel, which is a function to be executed by
each single CUDA thread. This kernel is presented on Listing A.4. Note that each thread
computes the result for a single element of the output matrix C, and its 2D coordinates
are given by the CUDA API itself via the function cuda.grid. This function handles
spacial abstraction in CUDA programming, with support for 1, 2 or 3 dimensions. A
user-defined thread hierarchy is also set by the parameters threads per block and blocks per
grid, which defines the parallel computing model and can be fine-tuned ad hoc (NVIDIA
Corporation, 2007). CUDA implementations can also be optimized by making use of
its shared memory capabilities, and a second implementation using this feature is also
included in the following benchmark, with code provided as an example in the Numba

official documentation (Anaconda, Inc., 2012).

Preliminary experiments were conducted for each program implemented for matrix
multiplication by computing the product of two random 320x320 matrices aiming to in-
vestigate the performance of each approach. The hardware employed was a Ubuntu 20.04
laptop with CPU Core i5-7300HQ @ 2.50GHz x 4 and GPU GeForce GTX 1050. Figure 9
shows the resulting mean execution times of these experiments, while omitting the result
with the pure Python program for clarity in the scaling of the graph. The pure Python
implementation had 22.4 seconds of execution time. The Numba serial implementation
ran in 41.51 ms, a 542X speedup compared to the pure Python implementation. The
parallel implementation on CPU ran for 19.39 ms, a further 2.1X speedup compared to
the serial Numba, while the initial GPU implementation had 2.9X speedup (14.4 ms).
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The shared memory CUDA implementation had a much more significant improvement at
15.2X speedup (2.72 ms) over the serial Numba. With this in mind, each of the following

CUDA implementations in this work will make use of the shared memory feature.

execution time (ms)

serial parallel GPU GPU shared

Figure 9 — Execution time in milliseconds of the matrix multiplication experiments with
320x320 matrices. The pure Python implementation was omitted, being
22490ms.

The experiments in this section demonstrate the effectiveness of the Python language
for the application of parallel computing aimed at CPU and GPU platforms through
the Numba library, besides the optimization that is provided to sequential programs
by the Numba compiler. The accessibility of this technology is demonstrated by the
simplicity of the code provided on Appendix A and the devices to which it can be applied,
being consumer-focused CPU and GPU hardware. Therefore, the Python language is also
employed is this for the development of the HCA and MPGA models, and the Numba
library is employed for the implementations of the HCA evolution algorithms and the

shared memory MPGA variation.

4.2 HCA evolution algorithms

The development and experiments regarding the HCA model in this work concern the
investigation of empirical results related to the application of parallel computing to its two
main algorithms: the forward evolution, which has relevance to most CA applications,
and backward evolution, which has relevance to Cryptography and other fields that may
benefit from reversible CA. In the following, the corresponding development is explained

in detail, which employ the tools of the Numba library described in the previous section.

4.2.1 Forward evolution

The forward evolution is the main algorithm associated with CA in general, defined
as the iterative application of the transition rules to every cell for n steps.
A Python implementation of the forward evolution takes the following arguments.

Grid: an integer array representing the grid of cells to be evolved; main transition rule
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and border transition rule: integer arrays representing the output values of a CA rule for
inputs 000, 001,010, ..., 111 taken as the integer indexes 0, 1, 2, ..., 7; steps: the number of
steps to be evolved. The border region is defined as the first and last cells of the grid,
and is shifted after each step. Each step starts by computing the border cells, and each
of the remaining cells is computed by applying the main rule over the neighborhood. A
second array is used in the program to store the new values of each cell and the two grids
are swapped after each step. Listing 4.1 presents the forward evolution algorithm for

right-toggle rules.

Listing 4.1 — The forward evolution algorithm for right-toggle rules, given an input grid,

number of steps, the border transition rule and the main transition rule.

procedure forward__evolution:

initialize output grid

initialize the border as the first and last cells

for s steps:
apply the border rule to the border cells
apply the main rule to each remaining cell
swap input grid and output grid
shift the border to the left

return output grid

From the Python implementation, an optimized serial implementation of the forward
evolution algorithm (FCA) is achieved by adding the @njit decorator to the declaration
of the function, as explained in the previous section.

The parallel implementation is achieved by using Numba’s prange function. However,
unlike the matrix multiplication example, each step of the forward evolution depends on
the previous step. Therefore, the computation of each evolution step cannot be executed
in parallel. On the other hand, the inner for-loop of the this program can be set up with
prange, since each cell can be computed independently in the same step.

The CUDA implementation of the algorithm is described on Listing 4.2, consisted of
adapting the function such that each CUDA thread corresponds to one cell in the CA grid.
A single array in shared memory is enough to store the grid state in every step, as each
thread can store the rule output in its local memory until every thread is ready to update
the grid. In order to update the shared grid effectively and avoid racing conditions, every
thread must be synchronized using the CUDA syncthreads function. This resulted in two
limitations for the thread hierarchy in this implementation: the only possible number for
the blocks per grid parameter is 1, since the syncthreads function can only synchronize
threads in the same block; the maximum number of cells in this implementation is 1024,
which is the maximum number of threads per block on the current versions of the CUDA
API. These limitations of thread hierarchy imply that the function can only utilize one

of the GPU’s multiprocessors, limiting its performance significantly when compared to
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programs without loop dependencies, like the matrix multiplication example.

Listing 4.2 — The forward evolution algorithm for right-toggle rules applied to GPU, given
an input grid, number of steps, the border transition rule and the main

transition rule.

procedure fca_gpu:
get the thread position in the grid with cuda.grid (1)
initialize the border as the first and last cells
initialize grid in shared memory
synchronize threads
for s steps:
read the neighborhood states from the grid
compute next state with the transition rule
synchronize threads
update state in the grid
shift the border to the left
synchronize threads

return grid

A second CUDA implementation, described on Listing 4.3 was also developed in order
to compute multiple CA cells per thread, making it possible to evolve CA with more than
1024 cells. It differs from the previous program by having an additional grid on shared
memory for writing, while the first grid is exclusive for reading during the computation
of a step. An additional nested loop is employed to compute n cells at each step instead
of one, while another loop at the end of each step is needed to copy the new values into
the first grid. Thus, by making each thread update more than one cell, it’s possible to
evolve grids with more than 1024 cells with this program, unlike the previous program.
However, the other limitations in thread hierarchy previously discussed still apply to this

program.

Listing 4.3 — The second variation of the forward evolution algorithm for right-toggle rules
applied to GPU, given an input grid, number of steps, the border transition

rule and the main transition rule.

procedure fca_ gpu2:
get the thread position in the grid with cuda.grid (1)
initialize the border as the first and last cells
initialize input grid and output grid in shared memory
synchronize threads
for s steps:
for n consecutive cells:
read the neighborhood states from the grid

compute next state with the transition rule
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update state in the output grid
synchronize threads
swap grids
shift the border to the left
synchronize threads

return output grid

Experiments and the analysis of the results involving each implementation of the

forward evolution algorithm are presented on Section 5.1.1.

4.2.2 Backward evolution

As defined by the HCA model, the backward evolution with right-toggle rules of the
radius-1 CA can be computed by, on each step, applying the border transition rule to
the border cells and computing the new state for each subsequent cell with the main
transition rule over the neighborhood defined for the backward evolution.

The Python implementation for the backward evolution algorithm is similar to the
aforementioned forward evolution. The border is defined as the first and the last cells,
and is shifted after each evolution step. Each step starts by computing the border, and
each following cell is computed by applying the main rule over the backward neighborhood.
Thus, this algorithm differs from Listing 4.1 by the neighborhood definitions shown on
Figure 5 that imply in sequential evolution steps and by shifting the border to the right,
considering right-toggle rules.

The high performance serial implementation is achieved by applying the @njit deco-
rator to the Python implementation.

The previous parallel implementation approaches cannot be applied for the backward
evolution, since the cells must be computed in a sequential manner. However, after
each cell is computed on a given evolution step (pre-image), it becomes available for the
computation of the next evolution step. Thus, the parallel algorithm was implemented
with parallelism over evolution steps, such that multiple evolution steps are processed
simultaneously. To achieve this, the program allocates multiple grids corresponding to
the maximum number of steps to be computed in parallel, which is equal to the number
of cells at most. A batch of n cells, defined by the parameter update rate, is computed
across every active evolution step on a prange loop. Afterwards, the algorithm keeps
track of which new step can be started, while the resources of finished steps can be reused
by the new ones by the means of a circular buffer. This process repeats until every step
has been computed. It is important to note that the additional complexity to manage
this circular buffer implies significantly more processing and memory usage that is not
present in the serial implementations nor in any of the aforementioned versions of the

FCA and matrix multiplication. The resulting parallel algorithm is shown on Listing 4.4.
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Listing 4.4 — The parallel backward evolution algorithm for right-toggle rules, given an
input grid, number of steps, the border transition rule, the main transition

rule, the number of threads and the update rate n.

procedure parallel_bca:
initialize a grid for each thread
flag the first evolution step as active
for each active evolution step (in parallel):
compute n cells
if any thread is idle:
flag the next evolution step as active
if the current evolution step is finished:
flag the current evolution step as inactive
free the current thread and grid resources to be reused

return last computed grid

The CUDA implementation described on Listing 4.5 is also based on parallelism over
steps. To this end, each thread manages one grid in shared memory to compute a CA
step, and another shared array is used as flags to control which threads are active. The
threads are recycled in a similar circular manner: a thread flags the next step as active
after computing its first few cells; a thread flags itself as inactive after completing a step,
and is activated again by another thread in order to compute a later step. Again, on an
iteration, each thread computes n cells given by the update rate parameter. In turn, the
update rate is directly associated with the maximum concurrent number of threads, since
it determines the rate of activation of threads. Then, the maximum number of concurrent
threads is equal to the ratio: grid size +— update rate. In addition to the extra overhead of
managing the circular thread recycling, the same limitations to thread hierarchy from the
previous section also apply to this implementation, as the threads must be synchronized

on every iteration.

Listing 4.5 — The parallel backward evolution algorithm for right-toggle rules applied to
GPU, given an input grid, number of steps, the border transition rule, the

main transition rule, the number of threads and the update rate n.

procedure bca_gpu:
initialize a grid in shared memory for each thread
flag the first evolution step as active
for each active evolution step:
if the current thread is active:
compute n cells
if any thread is idle:
flag the next evolution step as active
if the current evolution step is finished:

flag the current evolution step as inactive
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free the current thread and grid resources to be reused
synchronize threads

return last computed grid

Experiments and the analysis of the results involving each implementation of the

backward evolution algorithm are presented on Section 5.1.2.

4.3 MPGA applied to task scheduling

This section describes the MPGA developed for the task scheduling problem. The
first development stage of this MPGA model was performed at (MORAIS, 2017), where
multiple variations of genetic operators from the literature were investigated, including
methods for selection, crossover and mutation, and the performance of the MPGA was
analyzed empirically in comparison to the sequential GA. This investigation allowed for
the refinement of the MPGA and the publication of the research paper (MORAIS; OLI-
VEIRA; CARVALHO, 2019). A copy of this paper is presented in Appendix D. For
simplification, this section presents the final MPGA specification that was employed in
the present work, followed by the description of the parallel computing approaches applied
to the MPGA, and the scheduling graph instances employed for performance evaluation
in the experiments with MPGA.

4.3.1 MPGA specification

The genetic representation adopted for the task scheduling problem consists of two
arrays S, P, where S is a sequence of tasks that represent a valid topological ordering of
the given graph, and P is an indexed vector which maps tasks and processors such that
Pltask] = processor. Figure 10B exemplifies a valid individual for the scheduling of the
graph ilustrated by Figure 10A and 4 processors, and the corresponding scheduling is
shown on Figure 10C.

From the aforementioned arrays, the corresponding scheduling is evaluated by iterating
the S array and allocating it to the processor defined by the P array. The execution of
each task starts in the moment that its assigned processor is available and all of its
predecessor tasks have been executed, with additional accounting for the corresponding
communication costs in the case of distinct processors. At the end of this procedure,
the makespan of the scheduling is given by the total time taken to complete the last
task, being 540 in the example of Figure 10C. The procedure described is performed by
the evaluation function of the MPGA, and the makespan is the fitness value which the
algorithm will attempt to minimize.

The population size parameter is divided between populations, e.g., the MPGA with

4 populations and population size 400 results in 4 populations with size 100 each.
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Figure 10 — (A): example graph with computation costs indicated for each task and com-
munication costs set as 40. (B): example of an individual’s arrays which rep-
resent a scheduling solution for this graph. (C): Gantt diagram visualizing
the corresponding scheduling and its makespan of 540 time units. Adapted
from Morais, Oliveira e Carvalho (2019).

The initial populations of the MPGA are randomly generated with valid individuals,
where the S array is a random topological ordering of the given graph, and the P array
is an assignment of each task to a random processor.

The selection of parents for crossover is performed via binary tournament, while rein-
sertion after each generation is performed with elitism.

For crossover, a single point crossover operator is applied to both arrays of the parents,
which is trivial for the P array, but demands adjustments for the S array to be repre-
sentative of a topological ordering, and thus, a valid solution. The resulting algorithm
for the S array, exemplified by Figure 11, consists of copying the first portion of the first
parent’s array and completing the child array with tasks following the ordering found in
the second parent’s array, without repetition (OMARA; ARAFA, 2010). The operator

results in two children.

01324576 8 0/1/3/2 546,78

Parents Children

Figure 11 — Example of the single point crossover adapted to the vector S of task ordering.
Adapted from Carvalho, Morais e Oliveira (2018).

Mutation is performed by making a small change in one of the arrays. In the case of

the S array, two adjacent tasks without inter-dependency are swapped. In the case of the
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P array, one the processor assignments is set to a random different processor.

The communication topology developed for the MPGA is the unidirectional ring,
which has been shown to achieve high quality solutions (CANTU-PAZ, 1998). With this
topology, every subpopulation has one single fixed destination for its migrant individuals
and also receives migrant individuals from one single fixed subpopulation. For example,
with 4 populations, each one is given an unique identifier between 0, 1, 2, 3, where
population 0 will receive migrations from population 3 and send migrations to population
1 etc.

The migration frequency parameter defines the interval of generations where migration
will occur. For example, migration frequency of 5 determines that migration will occur on
generations 5, 10, 15, 20, 25 etc. In the occurrence of migration, the 10% best individuals
of each subpopulation migrate to the next subpopulation. Migrations are not performed
if the number of populations is set to 1 or if the migration frequency value is equal or

greater than the number of generations.

4.3.2 Parallel approaches to MPGA

Using the final specification for the MPGA applied to task scheduling described in
the previous section, the implementation of the MPGA was developed in two variations
described in this section: the distributed memory MPGA (DM-MPGA) and the shared
memory MPGA (SM-MPGA).

In the DM-MPGA, each subpopulation functions as a distinct process of the opera-
tional system, having their distinct resources and interacting in the event of migration.
This implementation represents the usual application of MPGA as a relatively simple
extension of the serial GA via the introduction of the migration operator. In this work,
the DM-MPGA was implemented in Python using the Message Passing Interface (MPI)
standard via the mpidpy library (DALCIN et al., 2011). The MPI standard defines a
set of routines that enable the communication between processes in distributed memory
applications, such as routines for sending or receiving instances of data structures. The
MPI routines are utilized in the DM-MPGA to create a subprocess for each population,
broadcast the parameters to all subprocesses, perform the migration operator, and re-
trieve the best solution found by each population. With this definition, a main program
associated with the main process of the DM-MPGA and a subprogram associated with

each population were developed. The main program is detailed as follows.

1 During initialization, the main process of the DM-MPGA is given its numerical
parameters and the scheduling problem instance, which is composed by the number

of processors and a text file that describes the scheduling graph.

(d The main process creates a subprocess for each population, as defined by the "num-

ber of populations" parameter. This is done via the MPI Spawn routine, which
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creates a list of processes from the population program and a communication chan-

nel between the main process and its subprocesses.

(1 The main process broadcasts the parameters and the problem instance to each

subprocess via the MPI Bcast routine.

(1 The main process waits for every subprocess to finish execution, then receiving the

best solution found by each subprocess via the MPI Gather routine.

(1 The MPI execution environment is finished with the Finalize MPI routine, and the

best solution is returned.

The subprogram of the DM-MPGA corresponding to each population is an extension

of the genetic algorithm shown on Listing 2.1, detailed as follows.

( The population process retrieves the communication channel with the main MPGA

process via the Get_ parent MPI routine.

(1 The population process receives the parameters and the problem instance from the

main process via the MPI Bcast routine.

(d The population process retrieves its identifier considering the spawned processes

using the MPI Get_ rank routine.

(A The population process reads the file containing the scheduling graph description

and creates an adjacency list representation.
(1 The process initializes its population.

1 For g generations, the process performs the operators for selection, crossover, muta-
tion, reinsertion. Then, if migration is set to occur in a generation, each population
sends individuals via the MPI Send routine and receives individuals via the MPI

Recv routine.

1 After g generations, the process sends the best solution from its population to the
main MPGA process via the MPI Gather routine.

A second version of the MPGA was also implemented in order to exploit the op-
timization provided by the Numba library, which also enables the investigation of the
performance of the MPGA in a different execution environment that maintains the re-
sources of the algorithm in shared memory instead of distributed memory. The resulting
shared memory MPGA (SM-MPGA) required significantly more adjustments in its code
compared to the DM-MPGA. This program required a modification to the main loop of
the algorithm in order to evolve multiple populations instead of one, taking one additional

loop to iterate through each population. This loop over populations is then executed in
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parallel with the application of Numba’s prange operator. The use of the Numba library
also required the application of static data structures, resulting in further increase of
complexity in this implementation. As such, the DM-MPGA implementation consists of
a single program where multiple threads evolve each population in parallel. This program

is detailed as follows.

 The SM-MPGA process is given its numerical parameters and the scheduling prob-
lem instance, which is composed by the number of processors and a text file that

describes the scheduling graph.

(1 The process reads the file containing the scheduling graph description and creates

an adjacency list representation.

1 An array of populations is instantiated, containing each population according to the
"number of populations" parameter. Likewise, multiple arrays are instantiated to

serve as buffers for crossover and migration for each population.
(A Each population is initialized in a parallel loop using the Numba prange operator.

( The number of generations is subdivided into "runs' according to the migration
frequency parameter. For example, for 100 generations and migration frequency
being 5, each population is evolved in parallel in runs of 5 generations and migration

is performed between each run.

(A For each run, each population is processed in parallel using the Numba prange
operator, performing the operators for selection, crossover, mutation, reinsertion.

Migration is performed between each run.

1 For migration, each migration buffer array is filled with the individuals that each
population is sending to the next. Then, each population receives migrating indi-

viduals by copying them from each corresponding array.

1 After g generations, the best solution accross every population is returned.

GA execution on GPU is out of the scope of this work, as it requires the investigation
of different models that are appropriate for massive parallel processing, such as the fine-
grained GA (CANTU-PAZ, 1998).

Experiments and the analysis of the results involving each implementation of the

MPGA applied to task scheduling are presented on Section 5.2.

4.3.3 Task scheduling instances

The set of scheduling graphs used as benchmark is a subset from the work (CAR-
VALHO; MORALIS; OLIVEIRA, 2018), which demonstrated that some of the scheduling
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graphs with CCR=1 were inadequate for benchmark purposes, as they can be sched-
uled efficiently with a randomized algorithm. Thus, the benchmark set adopted in this
work features the 8 graphs Laplace graphs (lap) and Fourier transform graphs (fft) with
CCR=0.25 from that work, i.e., graphs where the communication costs are 4 times higher
than the computation costs.

The lap graphs represent tasks associated with the Laplace equation solver algorithm,
with a structure given by the input square matrix of the algorithm. The fft graphs are
based on the execution of the Cooley-Tukey Fast Fourier Transform algorithm, which
assumes an input with size of a power of 2, and represents a sequence of recursion steps
doubling the number of tasks successively, followed by a series of “butterfly” steps that
describes the patterns of communication of the algorithm. Figure 12 exemplifies both
of the graph structures. The benchmark set includes the graphs lap36, lap64, lap100,
lap144, ft39, fit95, fft223, fft511, where each associated number denotes the number of
tasks.

Figure 12 — Graphs lap16 and fft15 exemplify the structure of the lap and fft graphs.
Adapted from Carvalho, Morais e Oliveira (2018).
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CHAPTER

Experiments and Results

This chapter presents in detail the experiments that were conducted and the results
observed. All experiments were performed on a Ubuntu 20.04 laptop with CPU Core
i5-7300HQ @ 2.50GHz x 4 and GPU GeForce GTX 1050. The following sections dis-
cuss the experiments with the HCA algorithms and the experiments with the MPGA

implementations.

5.1 Experiments with the HCA model

This section describes the experiments with the forward and backward evolution al-
gorithms defined by the HCA model (MACEDO, 2007). The following experiments em-
ployed varying block size and a 1D CA model with radius-1 neighborhood and right-toggle
rules which defines a cryptographic model with 8-bit cryptographic key, given by the size
of the main transition rule for radius-1 neighborhood. The HCA cryptographic system
that recently received a patent (OLIVEIRA; MACEDO, 2019) employs toggle-rules with
radius 4, defining 256-bit cryptographic key. Despite this difference on key size specifica-
tion, HCA can be applied with any neighborhood size, and the present work is focused
in the evaluation of the effects of the parallel execution of HCA, which is simpler to im-
plement using radius-1 rules. All of the analyses performed with the radius-1 rule space
can be extrapoletade for the HCA standard specification (OLIVEIRA; MACEDO, 2019).
Moreover, a variation of the HCA model proposition is under investigation in an on-going
PhD thesis, the VHCA model (Very Heterogeneous Cellular Automata), which employs
1D radius-1 CA rules (LIRA, 2020).

The following right-toggle transition rules are used in the experiments.

0 Main rule (rule 101): 111 ~ 0,110 —~ 1,101 ~ 1,100 —~ 0,011 —~ 0,010 —
1,001 — 0,000 — 1

O Border rule (rule 170): 111 +~ 1,110 ~ 0,101 ~ 1,100 ~ 0,011 — 1,010 —
0,001 — 1,000 — 0
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5.1.1 Forward evolution

Initial experiments were conducted by evolving 1024-cell lattices over 10° evolution
steps, which is associated to the number of lattice configurations required to perform
the decryption of a single block of the ciphertext. In fact, in the HCA specification
(OLIVEIRA; MACEDO, 2019) only 1024 evolution steps are required to decipher a sin-
gle 1024-bit block of ciphertext. However, this work employs a more robust number of
evolution steps in the experiments in order to avoid oscillations in the execution time that
could influence the comparative analysis regarding the deciphering of a single block.

The resulting execution times are found on Figure 13. The serial Numba implemen-
tation, which ran for 1.394 seconds, achieved a 952X speedup over the Python one (1327
seconds). For the parallel implementation on CPU, the overhead associated with thread
and memory management was significantly greater than the performance gain of the mul-
tiple working CPU cores, resulting in an execution time of 3.624, which was 2.6 times
higher than the serial Numba. The CUDA implementation, on the other hand, was able
to achieve 3.3X speedup at 0.425 seconds despite being limited to one CUDA block, as

discussed in the previous chapter.
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Figure 13 — Execution time in seconds of the initial forward evolution experiments (1024
cells and 10° steps) with the serial, parallel on CPU and parallel on GPU
programs. The pure Python implementation was omitted, being 1327s.

Another experiment was conducted to measure the performance of the implementa-
tions with varying lattice sizes from 128 to 4096, which represents the block size used in
the cryptographic model. The number of time steps, which is associated to the number
of lattice configurations required to decipher a single block of the ciphertext, was fixed
again at 10° steps for all the lattice sizes. As previously explained, this robust number of
evolution steps was chosen to avoid oscillations in our analysis. Figure 14 shows the execu-
tion time obtained with the serial CPU program optimized using Numba (serial) and the
two variations of parallel GPU implementations presented in the previous chapter (GPU1
and GPU2), while the pure Python and the CPU parallel implementation were omitted

in this experiment due to their inferior performance that was observed in the previous
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experiment. For the serial Numba implementation, execution time approximately doubles
as the grid size doubles. For both CUDA implementations, execution time increases very
slightly as the grid size doubles up to 512 cells, and increases significantly more at 1024
cells. This is presumably due to under-utilisation of the GPU resources when processing
small amounts of data. The use of GPU, then, starts to be worthwhile at 256 cells for the
first CUDA program, and at 1024 cells for the second. It is also notable the significant
difference in execution time between the two CUDA programs, due to the overhead of
the synchronization and memory access associated with the additional grid of the second
program. Note that both programs computed one cell per thread in the experiments up to
1024 cells. With more than 1024 cells, the first CUDA program could not run because of
the thread limit, as previously discussed. The second CUDA program was able to evolve
the 2048 and 4096 cells by computing 2 and 4 cells per thread, respectively. From 1024
to 2048 cells, its execution time still had a relatively small 50% increase while its input
doubled, indicating that the GPU resources were still under-utilised by this point. From
2048 to 4096 cells, its execution time had a much larger 260% increase, indicating the

overhead that this large amount of data exerts over the single CUDA block.
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Figure 14 — Execution time in seconds of the second forward evolution experiments with
the Numba serial CPU program and two variations of parallel GPU programs.
Grid sizes vary from 128 to 4096 cells, and steps are fixed at 106.

Besides execution time, the throughput is an useful metric for the evaluation of these
results by demonstrating the number of operations per second performed by each imple-
mentation by accounting for the grid size. For example, the evolution of 512 cells with
the serial variation had 0.76 seconds of execution time, implying in a throughput of 637.7
bits per second, while the GPU1 variation had 1365.3 bits per second of throughput (512
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Figure 15 — Throughput in bits per second of the second forward evolution experiments
with the Numba serial CPU program and two variations of parallel GPU
programs. Grid sizes vary from 128 to 4096 cells, and steps are fixed at 10°.

cells over 0.375 seconds). Figure 15 shows the corresponding throughput for each grid
size and implied execution time from the previous results.

Since the execution time of the serial variation increases proportionally to the grid
size, as previously discussed, its throughput has little variation between grid sizes 128
to 1024, while decreasing more significantly with 2048 cells. In contrast, the throughput
of the first GPU variation increases with grid size up to 1024 cells, which is the block
size limit to be used with this variation, since it was possible to observe in Figure 14
that the execution time increased insignificantly with the doubling of grid size. A similar
behavior was observed for the second GPU variation. However in this case, the throughput
increases with grid size up to 2048 cells. The highest throughput values were achieved by
the GPU1 variation with 1024 cells (2192.7 b/s) and the GPU2 variation with 2048 cells
(1241.2 b/s).

These results suggest that, for applications like cryptography, the most efficient im-
plementation of forward evolution for the parallel devices considered in this work is the
application of GPU and a grid size 1024 cells, which is notably equal to the number of
available GPU threads in this implementations. Thus, in this scenario, the performance
of encryption with the HCA model is benefited the most with the application of 1024-bit
blocks. Considering 128-bit block size, which is more commonly adopted in modern cryp-
tographic systems such as the AES, the results indicate higher throughput for the serial
implementation. However, the GPU implementation might achieve higher throughput
with 128-bit blocks in future experiments with parallel multi-block encryption, since the

GPU resources are notably under-utilized for small block sizes in the current experiments.
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5.1.2 Backward evolution

Initial experiments with backward evolution were conducted by evolving 1024-cell
lattices over 108 evolution steps, which is associated to the number of pre-images required
to perform the encryption of a single block of plaintext. The values chosen for lattice size
and evolution steps are due to the same reasons explained in the forward experiments of
the previous section.

Results from Figure 16, including the omitted Python execution time of 1490 seconds,
show that the transition from Python to Numba (8 seconds) implied in a 186X speedup.
Similarly to the previous section, the CPU parallel implementation had high overhead,
resulting in 36.7 seconds of execution time, being 4.7 times higher compared to the serial
program. In the same way, the GPU implementation ran for 18.1 seconds, resulting in
a 2.26 times increase in execution time. In both cases, the overhead was accentuated by

the management of the circular buffer.

execution time (s)

serial parallel GPU

Figure 16 — Execution time in seconds of the initial CA backward evolution experiments
(1024 cells over 10° steps) with the serial, parallel on CPU and parallel
on GPU programs. The pure Python implementation was omitted, being
1490ms.

More experiments were conducted to measure performance with varying input sizes,
i.e., the number of cells in the lattices representing the HCA block size. Due to memory
restrictions of the CUDA program that are detailed in the following, the lattice size was
set from 64 to 512 cells, which are lower values than the 128 to 1024 interval for the ex-
periments with forward evolution, and number of evolution steps steps was fixed at 10°.
Figure 17 presents the results for the serial Numba program, showing an approximate 2
times increase as the input increases, as expected. Table 1 presents the results for the
CUDA program with multiple values for its update rate parameter, which controls the
maximum number of threads employed and the memory usage. Missing values denote
configurations that were unable to run due to memory limitations of the GPU used in the
experiments, which has available shared memory of 49152 bytes. The memory require-

ments for these experiments are detailed in Table 2. It is noticeable that lower update
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rates had significantly higher performance, as they were able to use the most threads
possible. However, using more threads in this program also implies using more shared
memory to allocate more grids, reaching the GPU memory limitations in some cases. It
is also noticeable that the execution times had either small increases or decreases as the
input size increased, which again imply under-utilisation of the GPU resources. However,
its performance only surpassed the serial program in the case of 256 cells and update
rate = 2, with 1.34X Speedup. Therefore, while most results of CUDA program were
lacking in relative performance, the results suggest that the CUDA program would be
superior for larger amounts of data if its memory issues were resolved. That is, using a
GPU board configuration with more available memory will enable the execution of the
experiments with the missing parameter values, and higher speedups would be achieved,
surpassing the serial Numba program for the input sizes starting from 256. As such, to
application of backward evolution to cryptography is benefited by sequential implementa-
tions concerning encryption of a single block on such limited hardware. However, future
experiments with more robust hardware or parallel multi-block encryption might result

in higher performance of the GPU implementation.

4

execution time (s)

64 128

256 512

Figure 17 — Execution time in seconds of the Numba serial backward evolution experi-
ments, with number of cells varying from 64 to 512 and steps fixed as 10°.

Table 1 — Execution time in seconds of the CUDA backward evolution experiments, with
update rate varying from 1 to 8 and grid size from 64 to 512 and 10° steps.

update rate | 64 cells | 128 cells | 256 cells | 512 cells
1 1.38 1.4 - -
2 1.83 1.58 1.42 | -
4 2.87 3.07 243 | -
8 4.84 5.18 5.31 3.84

5.2 Experiments with the MPGA model

This section describes the experiments with the MPGA and their results by analyzing

the performance of the algorithm while varying the parameters that indicate the number
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Table 2 — Shared memory consumption in bytes by the grids of each configuration of the
BCA CUDA program, varying the update rate and grid size. This program
allocates a grid for each thread to compute a step of the evolution as a circular
buffer, plus one extra grid to prevent premature overwriting. The total number
of threads employed is given by size +— update rate, while each grid is an array
of bytes. This results, for example in 256 cells times 129 grids for update rate
= 2, a consumption of 33024 bytes. Numbers in red denote shared memory
requirements higher than the GPU capacity (49152 bytes).

update rate | 64 cells | 128 cells | 256 cells | 512 cells
1 4160 16512 65792 262656
2 2112 8320 33024 132608
4 1088 4224 16640 66048
8 576 2176 8448 33280

of populations and the migration frequency.

For the following experiments, the other parameters of the algorithm were fixed as

follows, as determined empirically in the preliminary stage of this work as presented in
(MORAIS; OLIVEIRA; CARVALHO, 2019). With this parameterization, the algorithm

performs 52200 fitness evaluations.

(1 Population size: 400.

(1 Number of generations: 200.

A Crossover rate: 65%.
[ Mutation rate: 35%.

O Migration rate: 10%.

The number of populations was varied in the experiments between the values: 1, 2,4, 8, 16.

Notably, the MPGA with 1 population works exactly like the regular serial GA and the

migration procedure is not executed in this case. For each of these population quan-

tity parameters, the population size is divided between each subpopulation, resulting in

subpopulations with sizes 400, 200, 100, 50, 25, respectively.

The selected values for migration frequency in the experiments were: 1,5, 10, 20, 50, 100, 200.

That is, in each case, migration is performed 200, 40, 20, 10, 1, 0 times, respectively. Thus,

the first case results in migration after every single generation, while the latter case is

equivalent to multiple independent executions of a GA with reduced population size.

The benchmark set for the experiments consists of the eight graphs mentioned in the

previous chapter: fft39, fft95, fft223, fft511, lap36, lap64, lap100, lap144. The number of

processors for scheduling was fixed as 4.
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5.2.1 Execution time

The initial experiment with MPGA provides an assessment about the influence of the
aforementioned parameters over the execution time of the algorithm considering a large
input, being the fft223 graph. Tables 3 and 4 respectively show the mean execution times
of 10 executions for the distributed memory implementation (DM-MPGA) and the opti-
mized shared memory implementation (SM-MPGA) applying every pair of parameters.
In the case of 1 population, its result is presented only once, as it does not perform mi-
gration. Comparing both tables, it is noticeable that the optimization provided by the
Numba library on the SM-MPGA achieved much lower execution times than the DM-
MPGA, with the results for the SM-MPGA varying between 0.141 and 0.531 seconds and
the DM-MPGA times varying between 11.7 and 32.8 seconds.

The DM-MPGA gained performance with the increase of the population quantity up
to 8 populations, where it presented the shortest execution time in six of the seven cases.
The increase of migration frequency also generally implied in the decrease of execution
time, especially between the values of 1 and 20. At higher values, the performance gain
was not as significant, and the total number of migrations performed has little change.
Some variance observed in these values can be attributed to the synchronization between
the population processes that is needed to perform migration. In these results, the con-
figurations with 16 pops/200 migf and 8 pops/20 migf presented the shortest execution
time, at 11.7 seconds, a 2.8X speedup from the serial case.

The results for the SM-MPGA had similar patterns to the DM-MPGA, with the 8-
population configuration being the fastest in four of the seven cases and generally gaining
performance with higher migration frequency. The shortest execution time was 0.141

seconds with 8 pops/200 migf, a 3.76X speedup from the serial case.

Table 3 — Mean execution time in seconds of the DM-MPGA applied to the fft223 graph,
with columns representing population quantity and rows representing migration

frequency.
migf / pops 1 2 4 8| 16
1328 |17.7] 189 | 18.6 | 39.2
5 17 | 15.1 15| 17.2
10 179 | 13.9 | 12.3 | 13.2
20 16.8 | 14.1 | 11.7 12
50 179 | 14.1 | 12.6 13
100 17.5 | 13.8 | 12.6 | 12.6
200 17.7 14 | 12.5 | 11.7

Since these parameters also affect the search process of the MPGA besides the execu-
tion time, the next experiment is meant to assess their influence over the quality of the

evolved solutions in terms of makespan.
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Table 4 — Mean execution time in seconds of the SM-MPGA applied to the fft223 graph,
with columns representing population quantity and rows representing migration

frequency.
migf / pops 1 2 4 8 16
1] 0.531 | 0.297 | 0.241 | 0.183 | 0.195
5 0.26 | 0.161 | 0.177 | 0.144
10 0.232 | 0.177 | 0.142 | 0.165
20 0.255 | 0.167 | 0.16 | 0.15
50 0.243 | 0.165 | 0.146 | 0.149
100 0.242 | 0.165 | 0.152 | 0.147
200 0.236 | 0.157 | 0.141 | 0.147

5.2.2 Makespan

In order to evaluate the influence of the MPGA parameters over the fitness (makespan)
of the solutions, the following experiment was conducted.

The SM-MPGA was executed 100 times for each of the eight benchmark graphs and
each parameter combination to provide statistically significant results, due to the MPGA
nondeterministic processes. For each configuration of parameters, its performance was
determined by the metrics of the mean makespan and minimum makespan obtained across
the 100 executions. These results can be found in the Appendix B on Table 8.

In contrast to the execution times obtained in the previous experiment, the minimiza-
tion of makespan was generally improved in configurations with small values of migration
frequency. Considering the 10 best configurations regarding mean makespan for each
graph, the most frequent value for migration frequency was 1 in every case, which de-
notes that migration is set to occur in every generation.

Similarly, small values for population quantities were the most featured in the 10 best
results for each graph, where the serial 1-population appeared in all cases, and had the
2-population configurations as the most frequent.

This dominance of small values for both parameters was more pronounced in the
larger graphs, while in contrast, the 10 best configurations for the lap36 graph featured 6
total occurrences of 8 and 16 population quantities and 4 total occurrences of migration
frequencies of 10 or higher. This suggests that the search for larger graphs benefited more
from the slower convergence that occurs in configurations with fewer/larger populations
and frequent migrations, also meaning that the population size of 400 was possibly too
small when subdividing it to the subpopulations, leading to premature convergence in the
case of numerous/small populations.

The contrast found in the comparison of the fitness results and the results regarding
execution time highlights a clear trade-off between these two performance metrics.

Table 5 shows the bounding values of the results from Table 8, i.e., the best and worst

values found for each metric. Notably, the most pronounced differences between best
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case and worst case were 4464.6 / 5689.2 (27%) and 8940 / 11520 (28%) for mean and
minimum makespan, which correspond to graphs fft223 and fft511, respectively. When
compared to the speedup achieved in the previous experiment (2.8X and 3.76X), these
bounding values indicate that the potential gains in speedup when employing parameters

of larger values can overcome the losses in the resulting makespan of the solutions.

Table 5 — Bounding values for mean makespan and minimum makespan found in the
makespan experiments.

graph mean makespan minimum makespan
lower bound | upper bound | lower bound | upper bound
ftt39 1344.6 1468.2 1080 1320
fft95 2371.2 2744.4 2160 2580
fft223 4464.6 5689.2 4080 5220
ffth11 9633 12181.2 8940 11520
lap36 2854.6 3125.7 2320 2840
lap64 4646.8 5167.1 3920 4800
lap100 6686.8 7577.1 5890 6990
lap144 8999.4 10542.3 8110 10050

Thus, the next experiment is aimed at visualizing the trade-off between the execu-
tion time and makespan and reveal the most efficient parameters when considering both

performance metrics.

5.2.3 Multiobjective analysis of performance

The following experiment is aimed at the investigation of the most efficient parameters
for the MPGA in the presence of the trade-off that was verified in the previous experiment.
The experiment is detailed as follows.

Besides the parameters for population quantity and migration frequency, new results
were obtained for the population sizes 1000 and 2000, in addition to the value of 400, in
the interest of reducing the effect of premature convergence. The benchmark set for this
experiment was reduced to the four lap graphs. A multiobjective analysis is employed
in order to elucidate the efficient configurations when considering execution time and
makespan (mean and minimum) as objectives. Efficient (non-dominated) configurations
are the ones that are not outperformed in both metrics by any other configuration. Non-
dominated configurations compose the Pareto frontier.

Each configuration of parameters was given an alphanumeric label, shown on Table 6,
in order to facilitate the visualization of the following charts.

The first step of the analysis consisted of organizing the results for each graph in
a multiobjective perspective, considering both execution time and makespan metrics.
Figure 18 exemplifies a multiobjective chart, containing the two scatter plots representing

mean makespan and minimum makespan versus execution time, obtained by applying the
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Table 6 — Labels used to denote parameter configurations in the results of the multiob-
jective analysis.

label | pop qty | migf | | label | pop qty | migf |
1 1 -

2 2 1 G 8 1
3 2 ) H 8 5)
4 2 10 I 8 10
5) 2 20 J 8 20
6 2 50 K 8 50
7 2 100 L 8 100
8 2 200 M 8 200
9 4 1 N 16 1
A 4 5) O 16 5)
B 4 10 P 16 10
C 4 20 Q 16 20
D 4 50 R 16 50
E 4 100 S 16 100
F 4 200 T 16 200

DM-MPGA with population size 1000 to the lap144 graph. This chart condenses both
mean and minimum makespan plots using blue circles and red triangles to differentiate
them. The Pareto frontier found for each plot is also emphasized using different colors:
yellow circles and green triangles for the mean and minimum makespan, respectively.
Similar multiobjective charts were generated for each of the four investigated graphs
(lap36, lap64, 1lap100, lap144) for each value of population size (400, 1000, 2000) and for
both of the implementations of the MPGA. Therefore, 24 multiobjective charts similar to
the one in Figure 18 were generated, each one presenting two scatter plots representing
mean and minimum makespan versus execution time. These initial charts were omitted in
this dissertation for the sake of brevity and simplicity. The x axis in these multiobjective
charts, which corresponds to execution time, is displayed in logarithmic scale to facilitate
the visualization of the data points. From this data, the following steps aim to summarize

it and derive highly efficient configurations.

The second step of the analysis consisted of the selection of highly efficient points
from the Pareto frontiers of the previous step, considering the population sizes evaluated
in our experiments: 400, 1000 and 2000 individuals. These selected data points are then
aggregated into a new chart. For example, Figure 19 represents the data that was selected
and aggregated from the resulting Pareto frontiers for the three evaluated population sizes,
obtained from the application of the DM-MPGA to the lap144 graph for both mean and
minimum makespan plots. These non-dominated points were extracted from the charts
in Figure 18, having population 1000, and from two other similar charts generated for
population 400 and 2000 for lapl44 graph. A similar analysis was performed for each

one of the graphs and for both of the algorithm implementations, with results presented
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Figure 18 — Multiobjective chart of mean makespan and minimum makespan versus ex-
ecution time for the graph lap144 and the DM-MPGA with population size
1000.

on Appendix B, where Figures 21-24 present the results for the DM-MPGA and Figures
25-28 present the results for the SM-MPGA.

The selection criterion for the data points in step 2 consists of the two extreme points
of the Pareto frontier, being the most efficient at their respective metrics, as well as
intermediate points with significantly beneficial trade-offs. For example, considering the
points T and E in yellow from Figure 19, it becomes clear that the configuration E
provides a significantly high improvement in minimizing the mean makespan metric when
compared to the configuration T, while presenting a relatively small increase in execution

time.

The third step of the analysis consisted of further summarizing by selecting non-
dominated data points from the charts from the previous step, independently of the pop-
ulation size used to obtain each point. It results in new simplified charts containing the
aggregated highly efficient configurations for each graph and MPGA implementation. For
example, Figure 20 shows the resulting Pareto frontiers (mean and minimum makespan)
corresponding to the non-dominated data points from the data shown in Figure 19, rep-
resenting the results for the DM-MPGA applied to the lap144 graph. This analysis was
performed for each one of the graphs and for both of the algorithm implementations,
with results presented on Appendix B, where Figures 29-32 present the results for the
DM-MPGA and Figures 33-36 present the results for the SM-MPGA.
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Figure 19 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap144 and the DM-MPGA with population sizes 400, 1000,
2000.

The remaining data points from step 3 thus represent highly efficient configurations
considering the larger context of varying population sizes. By using these resultant data
processed from a multiobjective view for each input program graph, it is then possible
to determine the most efficient configurations for each implementation of the MPGA as

follows.

Table 7 shows the five most occurring configurations resulting from the third step of
the analysis, considering each of the data points from both mean makespan and minimum

makespan shown on Figures 29-36.

In the case of the DM-MPGA, three of its configurations with the highest efficiency
involve 4 populations: D, C, F. Notably, this number is equal to the number of processor
cores in the machine where the experiments were conducted, suggesting that the added
overhead of employing more populations and processes than processor cores generally
did not result in favorable trade-offs in the performance metrics. Regarding migration
frequency, the three best configurations employ the values 50, 20, 10, demonstrating that
the efficiency of the distributed-memory application of MPGA is dependent on a relatively

infrequent communication between processes.

For the SM-MPGA, the efficient trade-offs were found more often with 8 populations
on configurations I and M, employing a number of threads that is double the number

of processor cores, demonstrating their lower overhead when compared to the processes
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Figure 20 — Non-dominated data points selected from the highly efficient configurations
of the previous step of analysis for the graph lap144 and the DM-MPGA with
population sizes 400, 1000, 2000.

utilized in the case of distributed memory. Similarly, the smaller overhead associated with
migration in shared memory resulted in the top 3 configurations employing migration
frequency of 10, 5, 20.

In the general case for both implementations, configurations I and C hold the largest
amount of combined occurrences. That is, for a general conclusion of the experiments
presented in this section involving the scheduling graphs lap36, lap64, lap100, lap144,
the configurations that have shown a good trade-off between makespan and execution
most frequently were: 8 populations with migration frequency of 10 generations and 4

populations with migration frequency of 20 generations.

Table 7 — Most occurring configurations in the final analysis.

DM-MPGA SM-MPGA
config | occurrences | config | occurrences
D 11 I 12
C 8 O 6
I 8 C )

3 5 M 5
F 4 B 4
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Conclusion

In this work, the development of two high performance bio-inspired models, the HCA
cryptographic model and the MPGA applied to task scheduling, was investigated with
the use of the high level Python language.

In the case of the HCA, the application of serial and parallel computing was achieved
with Python and Numba targeting both CPU and GPU architectures. This choice of
programming language was proven useful, as it allowed the efficient implementation of
the algorithms while bypassing the significant technical barrier commonly associated with
high-performance computing, especially GPU programming, as demonstrated by the con-
cise resulting code. Firstly, Numba has shown to be an efficient solution to provide high-
performance for Python applications executed over the CPU architecture both for single
core and multi-core approaches. Moreover, the relative ease of use of the language then
makes Python+Numba a valuable and accessible point of entry for GPU programming,
which could then be preferred over more specialized options like FPGA programming, as
the latter are more inaccessible in terms of hardware availability and difficulty of pro-
gramming.

With the corresponding experiments, new empirical results about the parallel execu-
tion of the HCA algorithms were obtained. For both CA evolution methods, the results
demonstrated high speedup values for the optimized serial code with Numba in compar-
ison to the Python-interpreted implementations, while the CPU-parallel versions were
lacking in comparison to the serial optimized due to overhead, but still outperformed the
interpreted programs. The forward evolution algorithm benefited significantly from the
GPU implementation at higher input sizes, despite its limitations in parallelism by reason
of synchronization over steps. The backward evolution algorithm also performed better
with higher input sizes, but its increased overhead needed for memory management made
it slower than the CPU optimized code in most test cases. However, both algorithms
generally demonstrated relative small performance drops with the increase of input size
compared to the CPU program. This indicates further potential for speedup when ap-

plying these algorithms to parallel architectures with more computer resources. As such,
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the research hypothesis established on section 1.3 was only met for the forward evolution
algorithm on GPU, which provided significant speedup, according to the experiments

conducted and the limitations of the hardware.

Future work concerning cellular automata include investigating the parallel evolution
of CA with different properties, such as lattices of higher dimensionality, alternative neigh-
borhood definitions, and asynchronous evolution steps. Also, applications that require the
evolution of multiple independent CA could be able to bypass the limitation to a single
CUDA block that was observed in this work, and possibly obtain higher performance
with GPU, such as the parallel encryption of multiple blocks using the HCA model. A
preliminary experiment with parallel processing of multiple CA is presented on Appendix
C. Future work concerning the parallel evolution of the HCA model include the appli-
cation of alternative parallel computing resources such as FPGA, and the investigation
of alternative implementations of backward evolution that require less memory resources
and management, which were prominent sources of overhead for the parallel implemen-
tations of this algorithm in this work. Future work concerning the performance of the
HCA model include the comparison of its execution time to other cryptographic systems,

including sequential and parallel encryption algorithms.

In the case of MPGA, the empirical investigation of its operators concerning the
scheduling problem was performed and published as the research paper (MORAIS; OLI-
VEIRA; CARVALHO, 2019). From the resulting MPGA specification, two approaches
were developed in Python by applying the resources of distributed memory (DM-MPGA)
and shared memory (SM-MPGA) using the mpidpy and Numba libraries, respectively.
The choice of Python was again beneficial for the efficient implementation of the algo-
rithm, especially in the case of the DM-MPGA, which encapsulates each subpopulation
as a semi-independent genetic algorithm, with the relatively simple addition of the mi-
gration operator. In the case of the SM-MPGA, further changes were needed in the main
algorithm to account for the evolution of multiple subpopulations instead of one, making
it a more complex program. On the other hand, the use of the Numba compiler to LLVM

instructions made the latter implementation more efficient in comparison.

Experiments were conducted to measure the influence of the MPGA parameters of
population quantity and migration frequency over its performance. For this algorithm,
these parameters were shown to affect the execution time as well as the fitness of its
solutions, which is the minimization of the makespan of the corresponding scheduling.
Furthermore, the initial experiments revealed a clear trade-off between these two per-
formance metrics, where the minimization of execution time was generally improved by
higher values for both parameters, while the minimization of makespan was generally
improved by lower values. Thus, in order to assess both metrics in combination, a mul-
tiobjective analysis was employed to investigate highly efficient parameter sets for the

algorithm. After aggregating and pruning the results, the most occurring configurations
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of population quantity and migration frequency were, respectively, (4,50) for the DM-
MPGA and (8,10) for the SM-MPGA. As such, the research hypothesis established on
section 1.3 was met by both parallel MPGA implementations, as they provided more
favorable trade-offs than the sequential algorithm. Considering that the DM-MPGA had
more benefit by employing comparably less populations and less occurrence of migration,
the results demonstrate the performance advantages of the use of shared memory ap-
proaches, which employ lightweight threads, over distributed memory approaches, that
are more resource-intensive with the use of processes.

Future work concerning the MPGA include the investigation of the influence of other
parameters such as the communication topology, the application of alternative parallel
computing resources such as clusters, and the comparison of its performance with other
search algorithms such as fine-grained parallel genetic algorithm models that employ
execution on GPU. Concerning the application to task scheduling, future work includes
experiments with greater datasets of scheduling graphs and processors quantities, the
analysis of alternative genetic representations for scheduling solutions and alternative
operators for crossover and mutation, the investigation of variations of the scheduling
problem with features such as heterogeneous processors, and the comparison with other
bio-inspired optimization algorithms such as BOA(ARORA; SINGH, 2019).
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APPENDIX A

Matrix Multiplication implementations

Listing A.1 — The matrix multiplication algorithm in Python. Source: (MAROWKA,
2018).

def matmul(A, B, C)
m, n = A.shape
n, p = B.shape
for i in range(m)
for j in range(p)
Cli, j] =0
for k in range(n)
Cli, j] +=A[i, k] = B[k, j]

Listing A.2 — The matrix multiplication algorithm in Python set for optimization with
Numba.
@njit
def matmul numba(A, B, C)
m, n = A.shape
n, p = B.shape
for i in range(m)
for j in range(p)
Cli, j] =0
for k in range(n) :
Cli, j] +=A[i, k] = B[k, j]

Listing A.3 — The parallel matrix multiplication algorithm in Python using Numba’s
prange function.
@njit (parallel=True)
def matmul_ parallel (A, B, C)
m, n = A.shape

n, p = B.shape
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5 for i in prange(m)

6 for j in prange(p)

7 Cli, j] = 0

8 for k in prange(n)

9 Cli, j] +=Ali, k] * B[k, j]

Listing A.4 — The parallel matrix multiplication algorithm for GPU using the Numba
CUDA API. Source: (MAROWKA, 2018).

1 Qcuda. jit

2 def cuda_matmul(a, b, ¢, n):

3 x, y = cuda.grid (2)

4 if (x > mn) or (y >=n):

5 return

6 c[x, y] =0

7 for i in range(n)

8 clx, y] +=alx, i] = b[i, y]
9

10 device = cuda.get_current_device ()
11 tpb = device .WARP_SIZE

12n = 320

13 bpg = (n+tpb—1)//tpb
14 grid_dim = (bpg, bpg)
15 block_dim = (tpb , tpb)
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APPENDIX B

Results of the experiments with MPGA

This appendix contains the results of the experiments with makespan and the the

multiobjective analysis with the MPGA results.

B.1 Makespan

Table 8 presents the results of the experiments with makespan.

Table 8 — Results of the experiments with makespan for each graph, population quantity

and migration frequency parameters, sorted by mean makespan.

graph | pop qty | migf | mean makespan | min makespan
ftt39 8 1 1344.6 1200
2 20 1347 1200

2 100 1353.6 1260

4 1 1354.8 1140

16 1 1357.2 1140

1 1357.8 1080

4 ) 1357.8 1200

2 1 1358.4 1200

2 ) 1358.4 1200

2 10 1360.2 1140

16 ) 1363.2 1140

2 50 1366.2 1200

4 10 1366.2 1200

8 ) 1366.2 1200

2 200 1369.2 1140

4 20 1370.4 1200

4 50 1372.2 1260
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8 10 1373.4 1200
8 20 1374.6 1260
4 100 1380.6 1140
16 10 1386.6 1260
200 1395 1260

50 1405.2 1260

16 20 1410.6 1260
100 1414.8 1260

200 1422.6 1260

16 20 1434.6 1260
16 100 1450.8 1320
16 200 1468.2 1320
ft95 2 10 2371.2 2220
4 1 2375.4 2220
2 5 2376.6 2220
4 D 2381.4 2220
8 1 2383.2 2220
2 1 2385 2220
16 1 2388.6 2160
1 - 2397 2220
2 20 2397 2160
2 50 2404.2 2220
4 10 2408.4 2220
2 200 2425.2 2220
8 > 2431.8 2280
2 100 2436 2220
4 20 2437.8 2220
8 10 2455.2 2280
16 > 2468.4 2280
4 50 2470.8 2280
100 2481 2280

20 2508 2280

200 2509.2 2220

16 10 2526.6 2340
20 2557.2 2400

100 25944 2460
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8 200 2597.4 2460
16 20 2599.8 2340
16 50 2658 2400
16 100 2721 2520
16 200 2744.4 2580
fft223 1 - 4464.6 4080
2 ) 4473.6 4140
8 1 4473.6 4080
2 10 4483.8 4080
2 1 4490.4 4200
4 1 4493.4 4080
16 1 4531.2 4200
4 5) 4547.4 4200
2 20 4553.4 4200
4 10 4611 4260
2 50 4624.8 4260
2 200 4642.8 4320
2 100 4647 4260
8 ) 4648.8 4260
4 20 4715.4 4380
8 10 4804.2 4380
4 50 4807.8 4500
16 ) 4867.8 4500
4 100 4896 4620
4 200 4897.2 4560
20 4943.4 4500
16 10 5066.4 4680
20 5121 4740
100 5199 4800
16 20 5254.2 4920
8 200 2275.8 4680
16 20 0492.4 4980
16 100 5625 5220
16 200 2689.2 5160
fith11 1 - 9633 9000




96

APPENDIX B. Results of the experiments with MPGA

8 1 9654 9000
2 10 9675 8940
4 1 9696.6 9000
2 1 9700.8 9060
2 5 9717 9000
2 20 9773.4 9240
16 1 9839.4 9000
4 D 9877.2 9000
4 10 9913.2 9300
2 50 9934.2 9300
2 100 10001.4 9300
8 > 10107.6 9120
2 200 10131 9540
4 20 10163.4 9480
8 10 10438.8 9720
4 20 10447.8 9720
4 100 10549.8 9720
16 5 10567.2 9960
4 200 10657.8 9960
8 20 10756.8 9960
16 10 10917 10260
20 11116.8 10380

100 11274.6 10740

200 11340.6 10620

16 20 11355.6 10620
16 50 11810.4 11160
16 100 12068.4 11520
16 200 12181.2 11520
lap36 16 5 2854.6 2570
2 3 2866 2580
8 10 2871.4 2510
16 10 2873.7 2650
8 d 2875.6 2320
16 1 2888.9 2460
2 100 2889.7 2500
2 10 2889.8 2320
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8 1 2896.5 2500
1 - 2900.4 2570
4 1 2901.5 2620
4 10 2902.8 2540
8 20 2911.6 2490
2 1 2918.2 2540
2 50 2918.7 2490

16 20 2920.6 2620
4 20 2920.7 2490
4 ) 2922.1 2430
2 20 2926.1 2530
4 50 2928.7 2560
2 200 2940 2620
4 100 2949.4 2630
8 50 2956.2 2620
4 200 2970.8 2500
8 100 2990.7 2580

16 50 3015 2710
8 200 3053.3 2790

16 100 3075.3 2780

16 200 3125.7 2840

lap64 2 ) 4646.8 4200
1 - 4647.2 4300
8 1 4647.5 3920
4 1 4654.2 4140

16 1 4659.7 4240
4 10 4663.9 4200
4 20 4670.4 4290
4 ) 4675.4 4280
2 1 4696.3 4320
8 10 4696.4 4100
2 20 4696.8 4150
8 ) 4699.1 4310
4 50 4709.5 4250

16 ) 4712.4 4360
2 10 4712.6 4300
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2 20 4714.8 4230
2 100 4717.9 4180
16 10 4745 4190
8 20 4753.1 4380
2 200 4759 4180
4 100 4776.8 4300
8 50 4824.7 4350
4 200 4851.3 4320
16 20 4873.9 4380
100 4918.8 4330

200 4969.1 4400

16 50 4992.4 4520
16 100 5097.1 4800
16 200 5167.1 4740
lap100 1 6686.8 5890
8 1 6695.9 6200
2 1 6706.2 6160
2 5 6709.8 6120
4 5 6714.2 6140
16 1 6719.1 6100
2 20 6727 6140
4 10 6733.1 6120
2 50 6740.1 6220
8 5 6744.8 6250
4 1 6752.3 6070
4 20 6753 6140
2 100 6757.6 6200
8 10 6777.4 6320
2 10 6801.6 6220
2 200 6832.4 6190
4 50 6857 6140
16 5 6863.4 6320
4 100 6929.1 6480
8 20 6931.1 6430
4 200 6995.7 6440
16 10 7004.1 6430
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50 7071.8 6570
100 7166.8 6610
16 20 7219 6860
8 200 7252.8 6670
16 20 T7417.2 6910
16 100 7513.4 6990
16 200 7577.1 6990
lap144 1 - 8999.4 8360
2 1 9002.3 8330
4 1 9028.8 8300
2 10 9032.3 8420
2 ) 9046.8 8470
2 20 9050.4 8110
4 ) 9051.6 8520
8 1 9059.5 8390
4 10 9085.9 8460
8 ) 9105.1 8360
16 1 9108.2 8520
2 50 9123.9 8430
2 100 9142.6 8480
4 20 9146.7 8410
2 200 9204.7 8570
8 10 9278 8790
4 50 9345.7 8770
16 ) 9368.6 8620
100 9449.1 8960
200 9489.8 8930
20 9496.9 8800
16 10 9652.4 9130
50 9727.4 9220
100 9861.1 9290
16 20 9894.6 9350
8 200 9926 9200
16 50 10194.7 9720
16 100 10413.2 9990
16 200 10542.3 10050
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B.2 Multiobjective analysis

This section presents the data resulting from the multiobjective analysis with both
MPGA implementations.

Figures 21-24 present the data resulting from step 2 of the multiobjective analysis with
the DM-MPGA. Figures 25-28 present the data resulting from step 2 of the multiobjective
analysis with the SM-MPGA.

Figures 29-32 present the data resulting from step 3 of the multiobjective analysis with
the DM-MPGA. Figures 33-36 present the data resulting from step 3 of the multiobjective
analysis with the SM-MPGA.
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Figure 21 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap36 and the DM-MPGA with population sizes 400, 1000, 2000.



B.2. Multiobjective analysis

101

5000

® mean 400

A minimum 400

M mean 1000
[ ]
5 A minimum 1000
4750
Y 3 @ mean 2000
[ A minimum 2000
4500
J
g °,
7 C 4
< D °
g e °
4250 A A

4000

3750

time

Figure 22 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap64 and the DM-MPGA with population sizes 400, 1000, 2000.
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Figure 23 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap100 and the DM-MPGA with population sizes 400, 1000,
2000.
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Figure 24 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap144 and the DM-MPGA with population sizes 400, 1000,
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Figure 25 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap36 and the SM-MPGA with population sizes 400, 1000, 2000.
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Figure 26 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap64 and the SM-MPGA with population sizes 400, 1000, 2000.
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Figure 27 — Highly efficient configurations selected from the Pareto frontiers of the results
for the graph lap100 and the SM-MPGA with population sizes 400, 1000,

2000.
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Figure 29 — Non-dominated data points selected from the highly efficient configurations
from step 2 for the graph lap36 and the DM-MPGA with population sizes

400, 1000, 2000.
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Figure 30 — Non-dominated data points selected from the highly efficient configurations
from step 2 for the graph lap64 and the DM-MPGA with population sizes
400, 1000, 2000.
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Figure 31 — Non-dominated data points selected from the highly efficient configurations
from step 2 for the graph lap100 and the DM-MPGA with population sizes
400, 1000, 2000.
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Figure 33 — Non-dominated data points selected from the highly efficient configurations
from step 2 for the graph lap36 and the SM-MPGA with population sizes

400, 1000, 2000.



B.2. Multiobjective analysis

107

5100

M
°
4900
J
o .
4700 3
L4 °
4500
- M
s
7] A
i)
©
E 4300
I
4100 A
G
3900 =
3700
008 0.1

® mean 400

A minimum 400
mean 1000

A minimum 1000

@® mean 2000

A minimum 2000

0

0.2 04 0.6 0.8 1

time

Figure 34 — Non-dominated data points selected from the highly efficient configurations
from step 2 for the graph lap64 and the SM-MPGA with population sizes

400, 1000, 2000.
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Figure 35 — Non-dominated data points selected from the highly efficient configurations
from step 2 for the graph lap100 and the SM-MPGA with population sizes

400, 1000, 2000.
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Figure 36 — Non-dominated data points selected from the highly efficient configurations
from step 2 for the graph lap144 and the SM-MPGA with population sizes
400, 1000, 2000.
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APPENDIX

Preliminary experiment with parallel

processing of multiple blocks

This appendix contains results of a preliminary experiment with parallel execution
of the HCA forward evolution for text composed of multiple blocks. The text for this
experiment has total length of 1Mb (22° bits), and the block size for the experiment
is varied between 128, 256, 512, 1024 bits. On each execution, the forward evolution
is applied for a number of steps equal to the block size. With these parameters, each
variation of the forward evolution program is described as follows.

The serial program is equivalent to the optimized serial implementation described on
section 4.2.1. With this program, one block is processed at a time, while each cell of the
CA is also processed in serial.

The par! program is a modification of the aforementioned serial program where mul-
tiple blocks are processed in parallel with Numba’s prange function, while each cell of the
CA is still processed in serial. Thus, multiple CA are processed in parallel, while the cells
of each CA are processed sequentially.

The par2 program is a modification of the par! program where Numba’s prange func-
tion is applied to the CA as well. As such, it is equivalent to the parallel implementation
on CPU described on section 4.2.1, with the addition of the parallel processing of multiple
blocks. Thus, the program is set to process multiple CA in parallel, while the cells of each
CA are also set for parallel processing.

The GPU1 program is equivalent to the first CUDA implementation described on
Listing 4.2. With this program, one block is processed at a time, while each cell of the
CA is processed in parallel by one CUDA thread.

The GPU2 program is a modification of the GPUI implementation where each text
block is assigned to a CUDA block for parallel execution. Thus, the program is set to
process multiple CA in parallel, while the cells of each CA are also set for parallel pro-
cessing. Notably, since every CA is independent from each other, they can be executed in

parallel by different CUDA blocks without synchronization between them, thus exceeding
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the limitations on thread hierarchy described on section 4.2.1.

The results of this experiment are shown on Figure 37. Regarding block size, the CPU
programs generally achieved slightly lower execution time with larger block sizes, while the
opposite is true for the GPU programs. The parl and par2 programs had approximately
equivalent performance, with both achieving between 2.78X to 3.19X speedup for the
executions with block size 128 to 1024. The GPU1 program had 5.44X speedup for block
size 128, decreasing on each increment down to 3.96X at block size 1024. Similarly, the
GPU2 program achieved 58.45X speedup at 128 block size, decreasing until 25.62X at
1024 block size.

B serial @ par1 par2 [ GPU1 [ GPU2
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Figure 37 — Execution time (seconds) of the experiment with each variation of the forward
evolution program for text with length 1Mb, varying block size, and number
of steps equal to block size.

Thus, the results indicate that significant performance increases can be achieved on

the CPU and GPU implementations by processing multiple text blocks in parallel.
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1. Introducao

A crescente utilizacao de sistemas multiprocessados e o desen-
volvimento de programas paralelos e distribuidos implicam
no aumento da relevancia de métodos que buscam a eficiéncia
em sua execugdo. Entre eles, o problema de escalonamento
envolve alocar as subtarefas de um programa paralelo em cada
processador de uma arquitetura multiprocessada, de modo a
reduzir o tempo de processamento total. Porém, o espaco de
busca relacionado ao problema do escalonamento geralmente
apresenta uma alta cardinalidade, dificultando a obtengao
da solugdo 6tima. Assim, t€m sido utilizadas heuristicas e
aproximagdes para se obter solugdes aceitdveis para esse pro-
blema. [1]

Algoritmo Genético (AG) € uma técnica bio-inspirada e
baseada em processos estocasticos que € utilizada para busca
e otimizacdo em problemas que envolvem espagos de busca
de alta cardinalidade, incluindo o escalonamento [2]. O AG
mantém um conjunto de solu¢des que sao evoluidas iterativa-
mente, a fim de explorar melhor o espaco de busca. Isso € feito

por meio de operagdes que geram novas solucdes a partir das
solugdes ja exploradas, e as integram no conjunto de maneira
semelhante ao processo da selecao natural: boas solu¢des tem
maior probabilidade de ”sobreviver’e “reproduzir”’. No AG
serial, estas operacdes sdo executadas sequencialmente.

Neste trabalho foi desenvolvido um Algoritmo Genético
Multipopulagdo (AGMP) para o problema de escalonamento
estatico de tarefas com custos de comunicagdo. Tal técnica
estende o modelo do AG serial mantendo subconjuntos de
solucdes que sdo evoluidos em processos paralelos de ma-
neira semi-independente, com “migracdes” periddicas. Essa
abordagem € 1til por explorar o paralelismo de sistemas multi-
processados, demandando um menor tempo de processamento
sem que haja degradacao das soluc¢des encontradas [3].

O objetivo deste trabalho é comparar os resultados dos
dois algoritmos em termos de qualidade das solugdes obtidas
e do tempo de execugdo. E esperado que ambos produzam
solugdes satisfatérias e que o AGMP apresente um ganho no
tempo de processamento em relacdo ao AG serial, de acordo
com o nimero de processos e processadores utilizados.
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Este texto é organizado da seguinte forma. A secdo 2
apresenta uma revisdo de conceitos de escalonamento, AG, e
AGMP. A sec¢do 3 apresenta abordagens exploradas em traba-
lhos correlatos. A se¢do 3 contém descrigdes do conjunto de
grafos de benchmark e do desenvolvimento e implementagdo
do AG e do AGMP. A sec¢io 5 descreve os parametros utiliza-
dos, as configuracdes avaliadas, o modelo de experimentos,
e apresenta as comparagdes feitas entre o AG e 0o AGMP. A
secdo 6 descreve as conclusoes e trabalhos futuros.

2. Revisao Bibliografica

Esta secdo descreve os principais conceitos utilizados e as
abordagens de trabalhos correlatos.

2.1 Escalonamento de tarefas
Escalonamento de tarefas € um problema cldssico de otimizagdo
combinatdria considerado computacionalmente intratavel [1].
Ele consiste no mapeamento de um conjunto de tarefas a um
conjunto de processadores de modo a satisfazer um critério
de avaliagdo. Assim, algoritmos baseados em heuristicas,
aproximacgOes e meta-heuristicas foram desenvolvidos para
abordar o problema [4].

O problema tratado neste trabalho apresenta as seguintes
propriedades [1].

» Escalonamento estatico e deterministico: os tempos de
execuc¢do, comunicacio e as relacdes de precedéncia
entre tarefas sdo conhecidos e nao se alteram.

* Processadores ndo-preemptivos: um processador exe-
cuta uma tarefa até que ela se encerre, sem que haja
trocas ou interrupgdes.

* Os processadores sdo idénticos para fins de eficiéncia
relativa entre processadores. Ou seja, todo processador
leva x unidades de tempo para executar tarefas de custo
X.

* Os processadores sdo totalmente conectados, i.e., se
comunicam diretamente com cada um dos demais pro-
cessadores.

* Um escalonamento ndo possui duplica¢do da execugdo
de uma tarefa, i.e., cada tarefa é executada exatamente
uma vez por um tnico processador.

Uma instancia do problema de escalonamento € represen-
tada por uma tupla (G, P), em que P é o conjunto de processa-
dores que executardo as tarefas, G = {V, E'} € um grafo direci-
onado aciclico cujos vértices de V representam um conjunto
de tarefas, e arestas de E representam relagdes de precedéncia
entre as tarefas. Para cada tarefa 7; € V existe um peso w; que
indica o tempo de processamento necessdrio para executar
a tarefa correspondente. Para cada aresta e;; € E existe um
custo ¢;; que indica o tempo necessédrio de comunicagéo entre
o término da execugdo de T; e o comego da execugdo de T}, no

caso dessas tarefas serem executadas em processadores dife-
rentes. Caso sejam executadas no mesmo processador, ndo ha
custo de comunicagdo. Na Figura 1A € apresentado o grafo de
tarefas laplace9, que representa o algoritmo para resolugao de
equagdes de Laplace, com os custos de comunicag¢do omitidos,
uma vez que sdo iguais a 40 para todas as arestas.

Uma tarefa 7; s6 pode ser escalonada por um processador
P; ap6s o término da execugdo de todas as tarefas que pre-
cedem 7;, levando em conta os custos de comunicagdo para
predecessoras executadas em processadores diferentes de P;.
Por exemplo, considerando o grafo da Figura 1A, o inicio do
processamento da tarefa 74 deve ser posterior ao término de
ambas as tarefas 7'1 e T2.

Dado um conjunto de p processadores, um escalonamento
pode ser representado por p sequéncias de tarefas, cada uma
associada a um processador. Cada sequéncia é parcialmente
ordenada, obedecendo as precedéncias do grafo. A sequéncia
de tarefas alocada a um processador indica as tarefas que ele
executard e a ordem.

Um processador fica ocioso caso a tarefa a ser executada
dependa de um resultado de outra tarefa que ainda nao foi
terminada ou comunicada por outro processador.

Dada a representacdo de um escalonamento, € possivel cal-
cular uma linha do tempo de execucdo, com pontos de inicio e
término de cada tarefa. Essa linha do tempo pode ser ilustrada
por um diagrama de Gantt. A Figura 1B apresenta o diagrama
de Gantt para uma possivel solu¢do de escalonamento do
grafo laplace9 em uma arquitetura de 4 processadores, e que
demanda um tempo total de execugdo igual a 540.

O tempo do escalonamento ou makespan corresponde
ao ponto da linha do tempo em que a execucdo de todas
as tarefas foi terminada. Isto corresponde a duragdo total
do escalonamento. Um escalonamento 6timo é aquele que
apresenta um makespan minimo.

2.2 Algoritmo Genético

Algoritmo Genético (AG) é uma meta-heuristica proposta por
John Holland que se inspira na evolugao das espécies e tem
sido usada para tratar diversos tipos de problemas relacionados
a busca e otimizagdo, incluindo o problema de escalonamento
de tarefas [2].

Um AG opera de maneira estocdstica para evoluir um
conjunto de solu¢des com objetivo de encontrar uma solugéo
globalmente satisfatdria no espago de busca de um problema.
Para isso, deve ser definida uma forma de representacao de
uma solugdo e uma fungao para avaliagdo da mesma. Depois é
escolhida um modo de inicializar uma populagdo de solugdes
como ponto inicial da busca, os operadores que modificardo
tal populacao iterativamente, e parametros numéricos que con-
trolam seu comportamento. Tais componentes sdo detalhados
a seguir.

Representacdo genética — Dado um problema a ser resol-
vido pelo Algoritmo Genético, deve ser definida uma estrutura
de dados que codifique uma solugdo pertencente ao espaco de
busca do problema. Uma instincia dessa estrutura de dados
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Figura 1. (A): grafo laplace9 com custos de comunicacdo omitidos, que sdo iguais a 40 para todas as arestas. (B): diagrama de
Gantt que representa um possivel escalonamento para 4 processadores com makespan de 540 unidades de tempo.

constitui um individuo (ou “cromossomo”) que fara parte da
populacdo do AG. A representagido genética classica € um
vetor bindrio. [2].

Fitness — Uma funcdo de fitness (aptiddo) € escolhida para
a avaliacdo da qualidade de um individuo. Em geral, todo
individuo explorado pelo AG ¢ avaliado.

Populagdo inicial — Gerar uma populacio inicial de in-
dividuos constitui a etapa de inicializacdo do AG. Dado um
pardmetro Ny, que indica o tamanho da populagdo, sdo gera-
dos N, individuos, de forma estocdstica, que representam
solucdes vilidas e compdem a populagdo a ser evoluida pelo
algoritmo. Geralmente, a populagdo de um AG € uma lista de
individuos ordenada pelo fitness.

Selecdo — A cada iteracdo (ou geracdo) do AG, pares
de individuos sao selecionados da populagdo para serem re-
combinados, gerando novas solucdes (filhos). Em geral, in-
dividuos sdo selecionados de acordo com seu fitness, tal que
individuos melhores terdo maior probabilidade de se repro-
duzir. O ndmero de pares a serem selecionados € obtido a
partir da taxa de crossover (T;,os5), que € dada como pardmetro
do AG. O método classico para selecdo € a roleta, que dd a
cada individuo uma probabilidade de ser selecionado que é
diretamente proporcional ao seu fitness relativo aos demais
individuos da populagdo. [2]

Crossover — O operador de crossover é o método para
gerar novos individuos a partir de um par de individuos pais.
Seu objetivo € que os filhos possuam caracteristicas de ambos
os pais combinando suas representagdes. Por exemplo, crosso-
ver de um ou mais pontos consiste em dividir dois individuos
(representados por vetores) em vdrias sec¢des delimitadas por
pontos que sdo alternadamente permutadas para gerar dois
filhos. [2]

Mutagdo — Ap6s o processo de crossover, alguns dos in-
dividuos filhos podem sofrer uma modificacdo pelo operador
de mutacdo. A probabilidade de haver mutacdo em um filho
definida pela taxa de mutacdo (7;,), a qual € dada como
parametro do AG. Quando necessario, correcdes e adaptacdes
sdo feitas para que o novo individuo represente uma solucdo
vélida, pertencente ao espago de busca. Para a representacao
genética cldssica de vetor bindrio, o método de mutagdo con-
siste em negar um de seus bits. [2]

Reinser¢do — Dada uma lista de individuos pais e filhos,
a operagdo de reinsercdo produz uma lista de individuos que
constituird a populagdo na iteragdo seguinte combinando a
populagdo atual e a lista de filhos. [2]

2.3 Algoritmo Genético Multipopulacao

Um Algoritmo Genético paralelo ¢ um modelo de AG para
execucdo em sistemas multiprocessados visando obter um
tempo de processamento menor em relagcdo a execugdo se-
rial. Segundo Canti-Paz[5], os vérios tipos de AGs paralelos
podem ser categorizados em:

* Paralelizacdo global ou mestre-escravo: utiliza uma
populagdo tnica controlada por um programa mestre
enquanto avaliacdes e/ou operadores genéticos sdo fei-
tas por programas escravos.

* Paralelizagdo de fina granularidade: voltada para sis-
temas massivamente paralelos. Utiliza uma populacao
unica cujos individuos competem e reproduzem apenas
com uma vizinhanca limitada.

¢ Paralelizacio multipopulagdo: utiliza vérias populacdes

semi-isoladas que se comunicam com uma certa frequéncia.
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Alba e Troya[3] consideram AGs paralelos como uma
classe distinta de meta-heuristicas por apresentarem a carac-
teristica da intera¢@o local em subgrupos da populacdo (com
exce¢do da abordagem de paralelismo global), o que causa
um impacto na qualidade das solu¢des. S@o citados casos
em que AGs paralelos encontram solu¢des melhores do que
as de AGs seriais. Os autores argumentam que a abordagem
paralela € benéfica mesmo em sistemas que nao possuam
multiplos processadores.

Algoritmo Genético multipopulagdo € a forma mais popu-
lar de AG paralelo [5]. Um AGMP pode ser encarado como
uma extensdo da implementacdo de AG, em que varios AGs
independentes sdo executados, trocando alguns individuos
entre si ocasionalmente. Assim, é pode-se converter um AG
serial em AGMP adicionando o procedimento de migracdo, e
é possivel executd-lo em varios tipos de sistemas diferentes,
seja uma maquina com um nimero qualquer de processadores
ou uma rede de computadores [5].

AGMP € também conhecido como: AG distribuido, por
sua abordagem relacionada a paralelismo MIMD (multiplas
instrucdes, multiplos dados); AG paralelo de grossa granulari-
dade, por sua alta taxa de computacdo por comunicagdo; e AG
baseado em ilhas, devido a sua semelhan¢a com o modelo de
ilhas em genética populacional. O AGMP se caracteriza por
usar poucas populagdes de tamanho relativamente grande, em
contraste com as pequenas e numerosas vizinhancas mantidas
na abordagem de fina granularidade [5].

O funcionamento do AGMP também requer pardmetros
adicionais como niimero de populagdes, frequéncia de migragdo
(Fuig) € taxa de migracdo (Ty,g). A seguir, sdo descritos os
conceitos adicionais que caracterizem o AGMP.

Topologia de comunicagdo — Estabelece as ligacdes entre
populagdes, definindo as populagdes de destino a serem con-
sideradas por cada populacdo durante migracdes. Topologias
sdo geralmente especificadas a priori e imutdveis ao longo da
execucgdo. [5]

Frequéncia de migracdo — Define a periodicidade de tro-
cas de individuos entre populacdes. Migra¢des podem ocorrer
de modo sincrono num intervalo predeterminado de geragdes,
ou assincrono sob satisfagdo de uma condi¢ao [5]. Para o caso
especial em que a frequéncia de migragdo € igual a zero, o
AGMP ¢ equivalente a uma sequéncia de execucdes indepen-
dentes de AG serial com populagdo reduzida. Tal abordagem
é desencorajada por CantU-Paz et al.[6] por, geralmente, pro-
duzir solugdes de baixa qualidade.

Selecdo de migrantes — O critério de escolha de quais
individuos serdo removidos de sua populagdo de origem para
serem inseridos em outra. Em geral, imigrantes substituem
individuos emigrantes ou os de pior fitness. [5]

3. Trabalhos correlatos

Trabalhos correlatos podem ser divididos entre aplica¢des de
AG para o problema do escalonamento de tarefas e abordagens
para desenvolvimento de AGMP de modo geral.

3.1 Algoritmo Genético aplicado a escalonamento
de tarefas

A maior parte dos trabalhos consultados formula suas representagdes

considerando a ordenacdo topoldgica do grafo direcionado
aciclico dado pelo problema de escalonamento, o que per-
mite a disposi¢ao dos vértices em uma lista ordenada pela
precedéncia. Assim, para toda aresta e;;, a posi¢do da tarefa
T; na lista € anterior a posicéo de T;.

A representacdo genética de Hou, Ansari e Ren[1], Correa,
Ferreira e Rebreyend[7], e Kaur et al.[8] mantém, para cada
processador, uma lista de tarefas ordenada pela precedéncia.
Wang et al.[9], Omara e Arafa[10], Chitra, Rajaram e Ven-
katesh[11], e Morady e Dal[12] empregam dois vetores de
inteiros: um representa uma ordenacio topoldgica de tarefas
e 0 outro representa o processador correspondente a cada ta-
refa. Kwok e Ahmad[13] utilizam uma tnica lista de tarefas
ordenada por precedéncia, cujos processadores sdo atribuidos
durante a computacio do fitness. Hwang, Gen e Katayama[14]
codificam a sequéncia de tarefas usando uma lista de priori-
dades numéricas, na qual os processadores associados corres-
pondem ao valor da prioridade médulo o nimero de processa-
dores. Xu et al.[15] fazem uso de uma fila de prioridade que
indica a ordem de execug¢do da tarefas.

Como fungdo de fitness, Hou, Ansari e Ren[1], Wang et
al.[9], Correa, Ferreira e Rebreyend[7], Hwang, Gen e Ka-
tayamal[14], Omara e Arafa[10], Morady e Dal[12] avaliam
o makespan. Kwok e Ahmad[13] usam o makespan normali-
zado entre 0 e 1. Kaur et al.[8] consideram o makespan e o
“flowtime”, que foi definido como soma dos tempos de término
de cada tarefa. Chitra, Rajaram e Venkatesh[11] fazem uma
soma ponderada entre makespan e confiabilidade, obtida ao
contabilizar possiveis cendrios de falha de processadores. Xu
et al.[15] calculam o fitness subtraindo o makespan de um
individuo do maior makespan presente na populagao.

As populacdes iniciais de Hou, Ansari e Ren[1], Correa,
Ferreira e Rebreyend[7], Hwang, Gen e Katayama[14], Chitra,
Rajaram e Venkatesh[11], Morady e Dal[12] sdo formadas
por individuos gerados aleatoriamente. Wang et al.[9], Kwok
e Ahmad[13], Kaur et al.[8], Omara ¢ Arafa[10], Xu et al.[15]
geram uma parte da populagdo aleatoriamente e obtém a outra
por heuristicas de ranqueamento de prioridade das tarefas.

Na literatura existem varios métodos para sele¢do. Hou,
Ansari e Ren[1], Wang et al.[9], Hwang, Gen e Katayama[14],
Kaur et al.[8], Chitra, Rajaram e Venkatesh[11], Xu et al.[15]
utilizam o método da roleta, que associa a cada individuo uma
probabilidade de ser selecionado diretamente relacionada a
seu fitness. Kwok e Ahmad[13] avaliam o fitness de um in-
dividuo em relacdo ao fitness médio da populagdo para definir
o numero de vezes que cada individuo se reproduzird. Omara
e Arafa[10] utilizam o método do torneio bindrio em que o
melhor entre dois individuos selecionados aleatoriamente é
escolhido. Morady e Dal[12] fazem parte da selecdo com tor-
neio e parte com a escolha direta de uma por¢ao dos melhores
individuos da populagao.

Para crossover, Wang et al.[9], Kwok e Ahmad[13], Chi-
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tra, Rajaram e Venkatesh[11], Kaur et al.[8], Omara e Arafa[10],

Xu et al.[15] se baseiam em crossover de um ponto, com
estratégias para reordenar ou recombinar metade do cromos-
somo conforme necessario. Hou, Ansari e Ren[1] escolhem
pontos de crossover durante iteragdes sobre as listas de tarefas
de cada processador. Correa, Ferreira e Rebreyend[7] aplicam
crossover uniforme: mantém-se as tarefas que coincidem nos
pais e sorteia-se uma das alternativas caso contrario. Hwang,
Gen e Katayama[14] desenvolvem um método baseado em
crossover de dois pontos. Morady e Dal[12] combinam cros-
sover de dois pontos e PMX, um algoritmo utilizado para veto-
res que envolvem permutagdo, que mantém uma subsequéncia
do vetor inalterada e elimina elementos repetidos.

Swap € o operador de mutacdo mais usado na literatura
[1, 9, 4, 14, 11, 15], o qual consiste em trocar duas tare-
fas de lugar na sequéncia de execu¢do, podendo implicar
uma mudanga de processador. O operador implementado por
Omara e Arafa[10] muda o processador em que uma tarefa é
executada. Correa, Ferreira e Rebreyend[7] fazem a remogao
de uma tarefa e sua reinser¢do num ponto diferente. Kaur et
al.[8] e Morady e Dal[12] usam duas operagdes: swap sem
mudanga de processador ou apenas mudanca de processador.

A reinsercdo nos trabalhos de Hou, Ansari e Ren[1], Wang
et al.[9], Kwok e Ahmad[13], Correa, Ferreira e Rebreyend[7],
Hwang, Gen e Katayama[14], Kaur et al.[8], Chitra, Rajaram
e Venkatesh[11], Xu et al.[15], e Morady e Dal[12] € feita por
elitismo: uma porcdo dos melhores individuos permanece na
populagdo e o restante € preenchido pelos filhos gerados.

3.2 Abordagens em AGMP

Os trabalhos [13, 12] apresentam aplicagdes de AGMP para
escalonamento de tarefas. Os demais trabalhos consultados
usam o AGMP para outras aplicacdes: escalonamento job-
shop [16], data mining [17], carregamento de contéiners [18],
otimizagdo de funcdes [19, 20], e otimizacdo combinatdria
[21].

A respeito de topologia de comunicagao, as populacdes
de Kwok e Ahmad[13], Qi, Burns e Harrison[16], e Srinivasa,
Venugopal e Patnaik[17] sdo totalmente conectadas. Geh-
ring e Bortfeldt[18] e Morady e Dal[12] usam topologia em
anel, na qual cada populacdo possui uma tnica populacio
de destino, descrevendo um anel conectado. MUhlenbein,
Schomisch e Born[19] dispdem uma estrutura de “escada cir-
cular”, com muiltiplas conexdes em cada populacdo. Han et
al.[21] aplicam, uma estrutura de agrupamento voltada para a
reducdo da carga de comunicagdo entre processadores. Yao,
Kharma e Grogono[20] utilizam uma topologia dindmica em
que populacdes podem se unir ou dividir durante a execugdo.

A frequéncia de migracdo € um parametro fixo nos traba-
lhos [19, 16, 21, 18, 17, 12], enquanto Kwok e Ahmad[13]
empregam uma frequéncia exponencialmente crescente ao
longo da execugdo.

Em[19, 13,16, 21, 18, 17, 12], os melhores individuos sdo
selecionados para migracdo. Migracdes sao determinadas por
meio de uma andlise de agrupamento de individuos em [20].

4. Desenvolvimento

O trabalho desenvolvido consistiu em quatro etapas: selecio-
nar um conjunto de grafos para benchmark, a ser utilizado nas
avaliacdes comparativas dos algoritmos implementados; im-
plementar o AG e suas diferentes configuragdes de crossover;
implementar o AGMP; comparar as melhores configuracdes
do AG e do AGMP.

4.1 Grafos para benchmark
Para fins de comparacao, foi elaborado um conjunto de gra-
fos referentes ao problema de escalonamento com custos de
comunicac¢io em algoritmos reais.

Compondo esse conjunto, foram utilizados grafos obtidos
diretamente de outros trabalhos e também familias de grafos
baseadas em instancias usadas na literatura.

4.1.1 Grafos relacionados a problemas paralelos reais
Com o objetivo de incrementar o conjunto com grafos rele-
vantes e com espacos de busca de alta cardinalidade, foram
implementados trés scripts em linguagem Python que geram
grafos pertencentes a “familias” correspondentes a algoritmos
paralelos mencionados na literatura: eliminacdo gaussiana,
algoritmo de Laplace e transformada rapida de Fourier [22].
Assim, um grafo pertencente a uma dessas familias corres-
ponde a execucdo do algoritmo para um dado tamanho de
entrada. A metodologia adotada na geracdo desses grafos foi
inspirada no trabalho descrito em [22].

Os scripts implementados geram representagdes de grafos
em arquivos de texto e também suas visualizacdes com a
ferramenta Graphviz. Quatro grafos de cada familia foram
selecionados para compor o conjunto de benchmark, num
total de 12 grafos baseados em programas paralelos reais.

A familia “gauss” € definida pelo algoritmo da Decomposi¢@o

LU, uma forma matricial do método da eliminacdo gaussi-
ana. Esse algoritmo que realiza fatoracdo de matrizes qua-
dradas em matrizes triangulares, o que se reflete na estrutura
desses grafos. Seu nimero de tarefas depende diretamente
do tamanho da matriz de entrada, e seus pesos e custos de
comunicac¢do obedecem um padrdo regular [23]. A Figura
2 mostra duas instancias desta familia, nas quais as arestas
continuas representam custo de comunicagao igual a 12 e as
arestas tracejadas, custo igual a 8 [24].

A familia “laplace” é dada pelo algoritmo para resolucdo
de equacdes de Laplace, composta por uma estrutura de tarefas
que reflete diretamente o seu tamanho de entrada, que € uma
matriz quadrada. Nesta familia, ilustrada na Figura 3, as
dependéncias entre tarefas sdo dadas pela maneira em que
a matriz € percorrida no algoritmo [25]. Nesta familia, os
pesos das tarefas obedecem um padrao regular e todos os
custos de comunicacgdo sdo iguais a 40. Os pesos de cada
tarefa correspondem a posi¢do do elemento correspondente na
matriz, sendo 80 para as tarefas nas 4 extremidades do grafo
(acima, abaixo, a direita e a esquerda), 90 para as tarefas nas
laterais, e 100 para as tarefas mais internas.

A familia “fft” é baseada no algoritmo de Cooley—Tukey
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Figura 2. Grafos gauss27 e gauss35. Arestas continuas representam custo de comunicagdo igual a 12 e arestas tracejadas, custo
igual a 8. Fonte: elaborada pelos autores.

Figura 3. Grafos laplace9 e laplace16. Todos os custos de comunicag@o nesta familia sdo iguais a 40. Fonte: elaborada pelos
autores.
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Figura 4. Grafos fft15 e fft39. Nesta familia, os vértices possuem pesos iguais a 60 e os custos de comunicagio sdo iguais a 80.

Fonte: elaborada pelos autores.

para a transformada rapida de Fourier. Esta familia de gra-
fos assume como entrada uma lista de tamanho igual a uma
poténcia de 2. Seus grafos assumem uma estrutura com uma
etapa recursiva e uma etapa de operacdo “borboleta” carac-
teristica do algoritmo [26]. Duas instancias sdo mostradas na
Figura 4. Os pesos e custos de comunicacdo nesta familia sdo
iguais a 60 e 80, respectivamente.

4.1.2 Outros grafos

Em [12] foram disponibilizados onze grafos com nimero
de vértices entre 4 e 18, obtidos de diversos trabalhos da
literatura. Aqui, eles sdo referenciados com prefixo “TG”. Os
autores ndo mencionam correspondéncia entre esses grafos e
algoritmos paralelos reais.

Em [27] foi utilizada uma ferramenta para criacdo de trés
grafos aleatdrios com 30, 40 e 50 vértices, identificados pelo
prefixo “random”.

No total, o conjunto do benchmark é composto por 26
grafos, sendo 12 gerados a partir de informagdes de programas
paralelos reais e 14 extraidos da literatura sem conexdo com
problemas reais.

4.2 Algoritmo Genético Serial

O primeiro algoritmo evolutivo construido foi um AG serial
para o problema do escalonamento de tarefas. Nessa etapa,
algumas configuragdes relevantes do AG foram definidas e
comparadas a fim de obter uma boa opg¢do de operadores e

parametros. O propésito deste trabalho foi explorar aborda-
gens de AG “puro”, em contraste com a tendéncia recente de
desenvolver AGs hibridos incorporando diversas técnicas e
heuristicas especificas do problema [8, 9, 10, 15, 13].

A representacdo do individuo utilizada € a mesma de [9],
[10], [11], e [12]: dois vetores de inteiros S, P tal que S é uma
sequéncia de tarefas que obedece as restri¢des de ordenagao to-
polégica do grafo dado e P é um vetor que mapeia os vinculos
tarefa/processador de forma que Pltarefa] = processador.

A Figura 5B ilustra um individuo vélido para o grafo
laplace9 (Figura 5A), considerando-se alocagdo para 4 proces-
sadores. Para representar seu escalonamento correspondente,
ilustrado na Figura 5C, o vetor S = [0,2,5,1,3,4,6,7,8] é
particionado em uma sequéncia para cada processador, obede-
cendo as associagdes dadas pelo vetor P =[3,3,2,3,2,1,2,0,0].
Por exemplo, as tarefas executadas pelo processador P3 sao
TO, T1 e T3, pois P[0] = P[1] = P[3] = 3. O processamento
de cada tarefa € iniciado apds a conclusdo de todas as suas
predecessoras, somado ao custo de comunicagdo em caso de
serem executadas em processadores diferentes. Por exemplo,
a tarefa TS € iniciada apds a conclusdo e comunicacdo de T2.
Com isso, T5 é executada apds o inicio de T4, embora T5 seja
anterior a T4 no vetor S.

A funcio de fitness utilizada é dada pelo makespan associ-
ado ao escalonamento. Por exemplo, o individuo representado
na Figura 5B tem fitness igual a 540, que corresponde ao
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Figura 5. (A): grafo laplace9 com custos de comunicagdo omitidos, que sdo iguais a 40 para todas as arestas. (B): exemplo de
individuo para o grafo laplace9 e 4 processadores. (C): diagrama de Gantt que representa o escalonamento correspondente ao

individuo de (B), com makespan de 540 unidades de tempo.

tempo de finalizacdo do processador PO, o mais tardio na Fi-
gura 5C. A populagdo inicial é gerada aleatoriamente com
individuos vélidos: vetor S sem repeticdo das tarefas e respei-
tando as restri¢des de ordenacdo topoldgica. A selecdo dos
pais para o crossover ¢ feita com torneio bindrio. A reinser¢do
da populagdo no final de cada geracdo se dé por elitismo. A
mutacdo é uma operacao pontual em um dos dois vetores do
individuo, mudando o processador de uma tarefa ou trocando
duas tarefas de lugar na sequéncia caso ndo haja dependéncia
entre elas. Essas duas operagdes de mutagdo sdo referidas
aqui como mutagdo “proc” e mutagdo “seq”, respectivamente.

Como a representagdo adotada € formada por duas partes
distintas (S e P), existe uma variedade de opg¢des diferentes
para a aplicacdo do operador de crossover. Trés abordagens
foram observadas na bibliografia, aqui nomeadas como carry,
choose e combine:

* Carry: o crossover € aplicado no vetor de tarefas “carre-
gando” o vinculo de cada tarefa com o processador defi-
nido no pai correspondente. Assim, tarefas do individuo
filho vindas do pail possuem o mesmo processador do
pail. Do mesmo modo, tarefas vindas do pai2 sdo
executadas nos processadores definidos no pai2. Esta
abordagem € andloga a métodos usados em trabalhos
com representacao de listas de tarefas por processador

(11, [7], [8].

* Choose: é definida uma operagdo de crossover para o
vetor de tarefas e uma para o vetor de processadores.
Durante a reproducdo de individuos, um dos dois tipos
de crossover € sorteado e aplicado. O outro vetor é
copiado do primeiro pai para o primeiro filho e vice-

versa [10].

* Combine: é definido um crossover para o vetor de ta-
refas e um para o vetor de processadores. Durante a
reproducdo de individuos, ambos crossovers sdo aplica-
dos [12].

Para avaliar estes métodos, foram implementados os se-
guintes algoritmos cléssicos de crossover, que foram adapta-
dos para evitar duplicag@o de tarefas e obedecer as restricdes
do vetor de tarefas (5):

* l-ponto: sorteia-se um ponto de corte na sequéncia.
Copia-se a primeira parte do pail e a segunda parte
¢é preenchida, sem repeti¢do, com tarefas seguindo a
ordem em que se elas estdo dispostas no pai2 [10].

* 2-pontos: andlogo ao anterior; a sequéncia € dividida
em 3 partes. A primeira é uma cépia do pail, a segunda
€ preenchida com tarefas na ordem do pai2, e a terceira
¢é preenchida com tarefas restantes do pail, também
obedecendo sua ordem.

» Uniforme: a sequéncia filha € composta percorrendo
os pais e escolhendo aleatoriamente de qual pai sera
herdada a tarefa seguinte, ignorando repeti¢des.

* Ciclico: uma posicao p € sorteada e os p-ésimos ele-
mentos das sequéncias sdo trocados. Enquanto houver
uma duplicata na primeira sequéncia, o elemento re-
petido € trocado pelo elemento na mesma posicao na
outra sequéncia. E necessaria validacdo posterior para
garantir as restricdes de precedéncia.
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* PMX: mantém-se uma subsequéncia do pail, troca-se
o restante com elementos do pai2 e faz-se trocas até
eliminar duplicatas. Também € necessdria validagdo do
filho.

* OX: mantém-se uma subsequéncia do pail e preenche-
se o restante seguindo a ordem do pai2. A versdo im-
plementada gera um filho vélido por garantir que todas
as tarefas predecessoras da subsequéncia estejam a es-
querda dela.

Alguns desses métodos de crossover sdo exemplificados
para o grafo laplace9 na Figura 6, em que filhos F'1, F2, F3 e
F4 foram produzidos respectivamente por crossover 1-ponto,
2-pontos, uniforme, OX, a partir dos pais Pl e P2. Além
deles, foram implementados crossovers 1-ponto, 2-pontos e
uniforme para o vetor de processadores, que sdo andlogos
aos descritos e sem restricdo sobre repeticdo e ordenacao.
A implementacdo foi feita em linguagem C e compilada e
otimizada com GCC. Os resultados dos experimentos com o
algoritmo evolutivo serial serdo apresentados na Se¢ao 5.

4.3 Algoritmo Genético Multipopulacao

O AGMP desenvolvido nesse trabalho emprega topologia em
anel unidirecional para comunicagdo entre as populacdes, que
€ um modelo de simples implementacdo e que produziu resul-
tados de boa qualidade em trabalhos correlatos [5]. No anel
unidirecional, toda populacdo tem uma vizinha para onde en-
via alguns individuos, e uma segunda vizinha da qual recebe
outros individuos em um processo conhecido por migracao.
Os melhores individuos da populacio sdo os selecionados para
a migracdo. Os parAmetros de migragdo foram definidos expe-
rimentalmente: T,,;, = 10% e F;,;; = 5. Demais pardmetros
sdo dados pela config6 (Tabela 1), escolhida para o AG serial.

Note que a quantidade de avaliacdes de fitness realizadas
pelo AGMP ¢ igual a do AG, pois o nimero total de individuos
¢ distribuido igualmente entre cada populagdo. Por exemplo,
para 400 individuos e 4 populagdes, o tamanho de cada uma é
igual a 100.

A taxa de migrag@o € relativa ao tamanho das populagdes.
No exemplo de 4 populagdes com 100 individuos cada, os
parametros de migracdo ditam que os 10 melhores individuos
(10%) de cada populag@o migrarao.

A implementacdo foi feita estendendo o AG com procedi-
mentos de inicializacao das populag¢des e migragdo, que foram
feitos em memdria distribuida com a biblioteca OpenMPI,
que implementa o padrdo Message Passing Interface para
execugdo paralela de programas com multiplos processos.
Desse modo, cada populagdo é executada em um processo
diferente que se comunica com populagdes vizinhas de acordo
com a frequéncia de migracdo. Por fim, os melhores in-
dividuos de cada populagdo sdo enviados para uma mesma
popula¢do, e o melhor deles é retornado pelo programa. Os
demais operadores (selecdo, crossover, mutagao e reinsergao)
foram implementados da mesma forma descrita para o AG

Serial na se¢ao anterior. Uma execugdo do AG serial € equi-
valente a executar o AGMP com nimero de populagdes igual
al.

5. Experimentos e Resultados

Nesta se¢@o sdo definidos os parametros utilizados nos al-
goritmos evolutivos € o método adotado nos experimentos.
Em seguida, o AG e o AGMP sdo comparados em termos de
qualidade das solu¢des produzidas e tempo de execugao.

5.1 Defini¢oes iniciais de parametros e configuracoes
Para escolha do método de aplicacdo de crossover, foram ela-
boradas execucdes do AG serial com configuragdes baseadas
na literatura, apresentadas na Tabela 1, que contém duplas de
operagdes de crossover para vetor de tarefas e de processado-
res em casos do tipo choose ou combine e apenas um tipo de
crossover para o vetor de tarefas no caso carry.

Config0 € uma configuracio sugerida nas fases iniciais
deste trabalho a partir de experiéncias anteriores do grupo
com o problema. Configl é baseada na descricdo de Omara e
Arafa[10]. Config2 é igual a anterior, com a adi¢do de mutagdo
no vetor de tarefas (mutagdo “seq”). Config3 é baseada em
[7], com a representacdo genética de dois vetores aqui descrita
em vez de listas de tarefas para cada processador. Config4
¢ igual a anterior com selecdo via torneio em vez de roleta.
Configl?2 segue o trabalho de Morady e Dal[12]. As restantes
sdo algumas variacdes das configuragdes anteriores.

Tabela 1. Configuracées de AG

config | selecio | método | crossover mutacio
0 torneio | carry ciclico seq/proc
1 torneio | choose 1-point, 1-point proc

2 torneio | choose 1-point, 1-point seq/proc
3 roleta carry uniforme seq/proc
4 torneio | carry uniforme seq/proc
5 torneio | choose 2-point, 2-point seq/proc
6 torneio | combine | 1-point, 1-point seq/proc
7 torneio | combine | uniforme, uniforme | seq/proc
8 torneio | combine | 2-point, 2-point seq/proc
9 torneio | choose uniforme, uniforme | seq/proc
10 torneio | carry pmx seq/proc
11 torneio | carry [ seq/proc
12 torneio | combine | pmx, 2-point seq/proc
13 torneio | combine | ciclico, 2-point seq/proc
14 torneio | combine | ox, 2-point seq/proc

O niimero de avaliagdes de fitness feitas em uma execugio
do AG representa o nimero aproximado de pontos explorados
no espago de busca. Esse numero decorre dos pardmetros
adotados no AG, e pode conter imprecisdo devido a possibili-
dade da avalia¢do de um individuo repetido. Os pardmetros
usados por Morady e Dal[12] foram tomados como ponto de
partida neste trabalho: Ny, = 200, Nge, = 400, T¢p5 = 65%
e T = 35%. Desse modo, os pardmetros iniciais totalizam
52.200 avaliagdes de fitness, de acordo com o cdlculo a seguir,
baseado na atual implementacdo:

avaliacoes = Npop + Nger % Npop * Teross
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Figura 6. Exemplos de crossover sobre vetores de tarefa para o grafo laplace9, omitindo vetores de processadores (P) dos
individuos. A esquerda, as tarefas dos individuos pais. A direita, tarefas de filhos gerados por crossovers 1-point (F 1), 2-point

(F?2), uniforme (F3) e OX (F4).

avaliacoes = 200 + 400 * 200 % 0,65 = 52.200

Porém, foi observado que as configura¢des implementadas
produziam resultados melhores se a populacgdo fosse maior em
relagdo ao nimero de geragdes (Ng.r). Entdo, os parimetros
adotados foram: Ny, = 400, Ng, = 198, Tipp5 = 65% €
Tour = 35%, totalizando 51.880 avaliacdes de fitness, ou seja,
aproximadamente o mesmo nimero de avaliagdes adotado em
[12].

5.2 Metodologia

Para avaliar a qualidade das solugdes de cada configuragdo e
levando-se em conta o comportamento estocastico dos AGs,
os experimentos consistem em 100 execugdes para cada grafo
do conjunto de benchmark em cada uma das configuragdes da
Tabela 1. Os dados avaliados incluem: convergéncia (nimero
de vezes em que foi encontrada uma solucio 6tima); melhor
fitness obtido; fitness médio; pior fitness.

Entretanto, as solu¢des 6timas ndo sdo conhecidas para a
maioria dos grafos do benchmark elaborado, que foi descrito
na Secdo 4.1. Desse modo, os melhores fitness encontra-
dos nos experimentos foram tomados como valores pseudo-
6timos, que sdo suficientes para realizar os experimentos com-
parativos. Estes valores sdo apresentados na Tabela 2.

Para analisar e comparar os resultados das configuragdes,
foram usadas quatro métricas: média das convergéncias e
média dos desvios do melhor, médio e pior fitness em relagdo
ao fitness 6timo, tal que o desvio de um valor de fitness x é
dado por [1]:

desvio(x) = )ano
otimo

Assim, uma boa configuragdo € a que obtém alta con-
vergéncia e baixos desvios, o que significa que suas solugdes
sdo proximas da solucdo 6tima.

5.3 Experimentos preliminares com o AG serial
Conforme relatado na secdo anteriores, 0s experimentos com
AGs no escalonamento de tarefas encontrados na literatura
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Fl=|o|2|5|1|3|4]7
F2=(o0|2|5|1|3]|4]7
F3=|o|1|2|5[3|4]7
Fa=(0|1]2]|5]|3]4]6

Tabela 2. Valores pseudo-6timos de makespan para 4

processadores.

grafo makespan
fft15 560
fft39 820
fft95 1620
fft223 3540
gauss27 67
gauss35 91
gauss44 116
gauss65 175
laplace9 520
laplacel6 760
laplace25 1000
laplace36 1290
random30 751
random40 551
random50 496
TG4 34
TGY9 21
TG9b 16
TG10 83
TG11 20
TGl11b 49
TGllc 12
TG12 27
TG14 35
TG17 37
TG18 440
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variam sensivelmente em relagdo aos métodos de selecao,
crossover e mutacdo empregados. Assim, os primeiros experi-
mentos com o AG serial com parametros especificados para
uma operacdo mais proxima de aplicacdes reais, ou seja, com
T)0p = 400 e Ny = 198, foram realizados com o objetivo de
avaliar qual das configuragdes apresentadas na Tabela 1 seria
a mais adequada para os algoritmos evolutivos. O niimero de
processadores foi fixado em 4 nesses experimentos prelimina-
res, sendo este um ponto de partida que deve possibilitar uma
melhor generalizac¢do dos resultados para diferentes quantida-
des de processadores, se comparado com o caso mais trivial
de 2 processadores.

A Figura 7 representa graficamente os resultados obtidos
de acordo com cada métrica avaliada (convergéncia média
para o 6timo estimado na Tabela 2 e os desvios médios do me-
lhor, médio e pior fitness/makespan) para cada configuragao.
E possivel verificar que config6 obteve o melhor resultado em
3 das 4 métricas. Essa configuracdo utiliza torneio bindrio na
selec@o dos pais, método combine no crossover, com crosso-
ver 1-ponto em ambos os vetores, ambas mutacdes “seq” e
“proc” e reinser¢do por elitismo. Além disso, mesmo na tnica
métrica que ndo foi a melhor, a configb retornou resultados
préximos da melhor configuracdo (config10). Assim, conclui-
se que configb produziu boas solucdes de maneira mais consis-
tente que as outras no caso geral. A configuracio config6 foi
adotada nos experimentos com o AG serial que se seguiram
e também com nos experimentos com o0 AGMP. Ou seja, os
ambientes evolutivos empregam: (i) método de sele¢do por
torneio bindrio, (ii) crossover com abordagem combine que
realiza 2 recombinag¢des independentes para cada vetor que
compde o individuo (processadores e tarefas), sendo que em
cada vetor foi aplicado o crossover de 1 ponto e (iii) mutagdo
mista que aplicam alteragdes pontuais tanto na sequéncia den-
tro de cada processador, quanto nos processadores onde as
tarefas estdo alocadas.

5.4 Experimentos comparativos entre o AG Serial e
o AGMP

Ap0s arealiza¢do dos experimentos preliminares com o AG se-
rial, que nos permitiram estabelecer os principais parametros
e a melhor configuracdo dos operadores de selecdo, crossover
e mutacgdo, iniciamos os experimentos com o0 AGMP utili-
zando os resultados do AG serial como referéncia. Desse
modo, a configuragdo config6 foi também aplicada ao AGMP.
Inicialmente, foram realizados experimentos para estabelecer
qual o melhor valor para o pardmetro nimero de populacdes
do AGMP. Além disso, foram realizadas comparagdes entre
0 AG serial e 0 AGMP em relago a qualidade das solucdes
encontradas e ao tempo de execugao.

5.4.1 Anadlise da qualidade das solucdes
Seguindo o modelo de experimentos definido para o AG serial,
foram feitos testes comparativos variando-se o nimero de
populacdes do AGMP de 1 a 10, sendo que as execucdes com
uma populacdo sdo equivalentes ao AG serial.

Os resultados da Figura 8 mostram que a qualidade das

solugdes do AG serial foi superada em todas as métricas por
pelo menos uma configuracdo do AGMP. A configuraciao do
AGMP com 7 populacdes foi a melhor em convergéncia e
obteve o desvio mais baixo de fitness médio, mas com um
alto desvio de melhor fitness. Por outro lado, o AGMP com
8 populagdes obteve valores baixos e consistentes de desvio,
possuindo o menor desvio de pior fitness, e alta convergéncia
(a segunda melhor). Por isso, 0 AGMP com 8 populacdes
foi escolhido como a melhor configuragéo, e adotada como
padrdo nos experimentos seguintes.

Em alguns dos experimentos, também nota-se que o AGMP

encontrou solugdes melhores do que as do AG com a configuragao

6, como nos grafos fft39, fft95, laplace36 e random40, que
sdo apresentados na Tabela 3.

Tabela 3. Melhor fitness encontrado pelo AG e pelo AGMP
com numero de populacgdes indicado, para 4 processadores.

grafo AG | AGMP | populacoes
fft39 840 | 820 8
fft95 1620 | 1600 4
laplace36 | 1300 | 1270 8
random40 | 555 551 6

A Tabela 4 mostra os resultados do teste de hipétese Wil-
coxon Rank-Sum com significancia de 95%, que compara as
medianas dos resultados obtidos pelo AGMP de 8 populacdes
e pelo AG. Cada amostra é composta por 1000 execugdes.
Foram considerados todos os grafos e, para avaliar se o de-
sempenho relativo dos algoritmos se mantém para instancias
do problema com numero diferente de processadores, foram
consideradas as arquiteturas com 2, 4, 8 e 16 processadores,
totalizando 104 cendrios. Nota-se que 0 AGMP foi mais con-
sistente para a minimizagdo do fitness em 44 cendrios, se des-
tacando para os grafos da familia gauss, laplacel6, laplace25,
TG14, TG17 e TG18. O AG teve os melhores resultados em
19 cendrios, com destaque para os grafos fft39, fft95, {ft223
e random40. De modo geral, também pode-se observar que
o desempenho relativo dos algoritmos se mantém para as
instancias do problema com nimero diferente de processado-
res.

Ao observar que o AGMP superou ou se equiparou ao AG
em 85 dos 104 cendrios, consideramos que os resultados su-
portam a hipétese de que o AGMP produz solugdes melhores
ou equivalentes as do AG no caso geral.

5.4.2 Tempo de execucgao

Para avaliacdo de tempo de execucdo, foram usados os tem-
pos gastos pelos experimentos da secdo 5.4.1. Os algoritmos
evolutivos, implementados em linguagem C e otimizados pelo
GCC, foram executados em um laptop com sistema operaci-
onal Ubuntu 16.04 e processador Intel Core i7-6500U, que
possui 4 nucleos e clock de 2,50GHz. Tal implementacdo
proporcionou os tempos de execucdo médios dados na Ta-
bela 5, de acordo com o nimero de popula¢des. Assim, foi
calculado o Speedup médio das configuracdes de AGMP, apre-
sentado na Figura 9, que mensura os desempenhos relativos
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Figura 7. Resultados agregados dos testes de configuracdes do AG para escalonamento de todos os grafos em 4 processadores.

Os melhores resultados estdo em destaque.
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Figura 8. Resultados agregados dos experimentos variando nimero de populagdes do AGMP para escalonamento de todos os
grafos em 4 processadores. Os melhores resultados estdo em destaque.
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Tabela 4. Testes de hipétese para as medianas dos resultados
do AGMP de 8 populagdes e do AG. Os simbolos <, =¢ >
indicam que a mediana do AGMP foi menor, igual ou maior
que a do AG, respectivamente.
processadores
grafo 214|816
fft15
fft39
fft95
fft223
gauss27
gauss35
gauss44
gauss65
laplace9
laplacel6
laplace25
laplace36
random30
random40
random50
TG4
TG9
TG9b
TG10
TG11
TG11b
TGllc
TG12
TG14
TG17
TG18
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ao tempo de execucdo do AG serial. O grafico tem pico em
4 populagdes e degrada em seguida, devido ao nimero de
nucleos do processador utilizado, o que € previsto pela lei de
Amdahl.

Considerando que o valor ideal de Speedup € igual ao
nimero de processos utilizado por um programa paralelo,

nota-se que o overhead relacionado ao procedimento de migracio

do AGMP teve impacto considerdvel sobre o seu tempo de
execugdo. Por exemplo, o AGMP de 4 populagdes obteve
Speedup de apenas 2,6, sendo que, idealmente, seria 4. Neste
ponto, a configuragdo mais eficiente do AGMP foi a de 2
populacdes, que obteve o maior Speedup por nimero de pro-
Cessos.

Dado que o AGMP de 8 populagdes foi a configuragdo
que obteve as solu¢des de melhor qualidade nos experimen-
tos anteriores, nota-se que hd um trade-off entre qualidade
das solugdes e tempo de execucdo, uma vez que o Speedup
desta configuragdo foi inferior ao obtido pelas configuracdes
supracitadas.

E importante observar que os baixos tempos de execucio
apresentados na Tabela 5 ndo refletem o espaco de busca

Tabela 5. Tempo de execucdo médio dos experimentos, em
milissegundos.

populacoes | 1 2 3 4 5
tempo (ms) | 40,33 | 20,52 | 19,93 | 15,59 | 23,30
populacoes | 6 7 8 9 10
tempo (ms) | 21,93 | 23,67 | 23,00 | 22,89 | 23,26

speedup

1 2 3 4 5 6 7 8 9 10

Figura 9. Speedup por nimero de populagdes.

do problema. Na realidade, esses tempos sdo resultado da
exploragdo de um nimero fixo de pontos de busca dado pelos
parametros dos algoritmos evolutivos, como definido na se¢do
5.1. Por exemplo, sendo n o nimero de tarefas de um grafo,
a cardinalidade do espago de busca para o grafo laplace9 e 8
processadores € limitado entre [12]: P" = 89 =134.217.728 ¢
nIP" =91.8% = 48.704.929.136.640, ou seja, este limite infe-
rior € 2.571 vezes superior a quantidade de solucdes avaliadas
pelos algoritmos evolutivos neste trabalho. Para demonstrar
experimentalmente a complexidade de se obter uma solucao
Otima para esta instancia relativamente trivial, implementa-
mos o algoritmo Branch and Bound, que aplica uma arvore
de busca e uma poda baseada no custo das tarefas restantes
dividido pelo nimero de processadores. Ele foi implementado
em linguagem Python, por proporcionar maior simplicidade
de programacao apesar de menor desempenho. Com este pro-
grama, apds 76 minutos de execucdo e 414.473.362 avaliacdes
de makespan, foi obtido um makespan de 520, o mesmo resul-
tado obtido pelos algoritmos evolutivos com apenas 51.880
avaliacdes. Assim, verifica-se a capacidade destes de obter
solucdes dtimas mesmo com recursos consideravelmente redu-
zidos. Também pode-se verificar a relativa complexidade de
se obter uma solugdo 6tima mesmo para instancias menores
do problema e a necessidade do uso de métodos aproximados
devido ao crescimento exponencial do espaco de busca.

6. Conclusoes e Trabalhos Futuros

Neste estudo, o desempenho do AGMP foi comparado com
o do AG serial em relagdo ao problema de escalonamento
de tarefas. Ambos foram desenvolvidos com a representacio
genética de dois vetores, que tem sido utilizada em traba-
lhos recentes. Foram implementados diversos métodos de
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crossover adequados para cada vetor e, para a forma de sua
aplicacdo, foram identificadas na literatura trés abordagens
diferentes, que foram implementadas e comparadas.

O desempenho do AGMP foi medido variando-se o nimero
de populacgdes e comparado com o desempenho do AG serial
em termos de qualidade agregada das solucdes e tempo de
execugao.

Foi composto um conjunto de grafos para benchmark
dos algoritmos, dividido entre grafos retirados da literatura
e familias de grafos baseadas em algoritmos reais. Para es-
tas familias, foram implementados scripts que geram grafos
correspondentes a execucdo do algoritmo para diferentes ta-
manhos de entrada.

Os resultados suportam a hipétese de que AGMP € uma
técnica que, dados pardmetros adequados, faz um melhor
aproveitamento dos recursos computacionais disponiveis em
comparagdo com o AG serial. Isto se d4 de duas formas:

* Producdo de solugdes de mesma ou melhor qualidade
para uma dada quantidade de avaliagGes de fitness.

* Reducido do tempo de execucdo pelo uso de multiplos
nicleos dos processadores atuais.

Como trabalhos futuros, identificamos: realizar experi-
mentos complementares com arquiteturas e grafos diferentes,
e com variacdes do problema de escalonamento. Compa-
rar o desempenho com outras abordagens de AG paralelo e
outras meta-heuristicas, e.g. busca tabu [28], GRASP [29]
e VNS [30]. Analisar a representatividade das formas de
representacao genética em relacdo as solucdes alcancaveis no
espacgo de busca.
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