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ABSTRACT 

The objective of this dissertation is to develop a multi-resolution optimization 

strategy based on the evolution algorithms in the parallel/distributed simulation 

environment. The system architecture is constructed hierarchically with multiple 

clusters which consist of an expert system (controller) and set of genetic algorithm 

optimizers (agents). 

We propose an asynchronous genetic algorithm (AGA) which continuously updates 

the population in parallel genetic algorithms. Asynchronous evaluation of population 

in a parallel computer improves the utilization of the processors and reduces search 

time when the evaluation time of individuals is highly variable. Further, we have 

devised a noise assignment scheme which resolves the pre-convergence drawback of 

the genetic algorithms. In this scheme, binary representation (discrete sampling) 

of an individual is combined with a random number (analog sampling), so that the 

genetic algorithm can investigate the entire search space regardless of the bit-size of 

an individual. 

Real application problems require the evaluation of a large number of parame

ters and their search complexity grows beyond the capability of a single level GA

optimizer. In response, we have developed a novel scheme called Hierarchical Genetic 



15 

Algorithms. This multilevel GA optimization strategy is based on an Intelligent Ma

chine A 7'chitecture which supporting non-deterministic computation, intensive and 

irregular memory access patterns, and large potential for parallel computing. 

The clusters in the Hierarchical GAs are coordinated hierarchically and creation 

and deletion of nodes are performed dynamically based upon performance. During 

the optimization process, the clusters cooperate together to solve different levels 

of the abstracted problem. A candidate solution at a higher level creates a lower 

level cluster which utilizes previously optimized parameter information. It can also 

contribute to the search process of a higher level by sending the feedback information. 

Hierarchical GAs demonstrate performance with various experiments. We have 

compared the performance of the Hierarchical GAs and simple GA (single-level). 

The Hierarchical GAs adaptively changes its structure to allocate more computing 

resources to the promising nodes. With the same amount of memory size for popu

lation, the simulation results shows that the Hierarchical GAs find a solution faster 

than the simple GA. 



1.1 Introduction 

CHAPTER 1 

INTRODUCTION 
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With the help of high performance computing power and the advance of simula

tion methods, the complexity of problems that can be analyzed accurately has been 

increased rapidly and the turnaround time of compute-aided system design tasks 

has been also reduced substantially. Human interactions in computation-based de

signs have become a productivity bottleneck, preventing many powerful simulation 

modules from being used to their full potential. The current Artificial Intelb:gent 

technology has enabled computers to be applied to more complex engineering design 

tasks [24, 25, 35, 71]. 

1.2 Motivation 

The high performance parallel computers enable the problem solving systems 

based upon the principles of evolution and heredity for practical application. One 

class of evolution strategies consists of Genetic Algorithms (GA) [29, 96]. The re

markable success demonstrated by Genetic Algorithms in search, optimization and 
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learning has substantially increased interest in their potential application to model

ing, simulation and design of complex real world systems [29]. 

However, complex simulations typically require large execution times to evaluate 

alternatives, or in GA terms, to obtain fitness values for newly generated chromoso

mal individuals. Such lengthy simulations present a major bottleneck to GA applica

tions since tens, or even hundreds, of individuals may need to be evaluated in every 

generation. 

We have developed concepts for parallel genetic algorithms that are especially 

oriented to simulation-evaluated individuals on high performance computers. We 

have investigated a. class of Asynchronous Genetic Algorithm (AGA) which does not 

need to be synchronized by generations to create successive populations. In a mul

tiprocessor architecture, individuals are evaluated concurrently and a central agent 

updates the genetic population continuously as the evaluation results become known. 

The motivation behind such asynchronous updating is the recognition that not only 

may simulation runs be time consuming, but their completion times may be highly 

variable. This variability is quite common in performance measuring simulations 

When such variability is significant, the barrier synchronization imposed by con

ventional GAs can greatly impede search progress since it requires the processing of 

the next generation to be delayed until the slowest individual in the current popula

tion has completed its evaluation [47]. In contrast, the AGA allows new individuals 
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to be tested as soon as both the information and the computer resources are available 

to do so. 

The problem of finding optimal engineering designs involves diverse search strate

gies. Due to the availability of high performance computing power at relatively low 

cost, artificial intelligence is receiving more interest for uses in Computer-Aided De

sign systems [24, 35]. However, real application problems often require optimization 

of a large number of parameters with high precision. These parameters seriously 

increase the complexity of the search problem when their sensitivity to the system is 

not uniform. In existing approaches of GA, a chromosome representing the parame

ters does not contain information about. their sensitivity, which influences the system 

performance to different degrees. 

We have developed a novel scheme called multilevel Hierarchical Genetic Algo

rithms for the variable structure simulation environment. Each level has different 

degrees of abstractions and a different set of parameters to search. Creation/deletion 

of a GA module is determined by its performance. 

The higher level GA seeks candidate solutions that may direct to the global op

timum. The candidates are sent to the lower level to be investigated further. The 

better solutions obtained in the lower level are then reported to the higher level to 

support the GA search. The higher level GA usually searches in a sparse space with 

fewer parameters that significantly influence the performance of the system. 
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The concept of the Hierarchical Genetic Algorithms is implemented in the object

oriented simulation environment which can be adapted to the Intelligent Machine 

Architecture (IMA) [13]. Unlike the majority of AI-based CAD systems that have 

been developed with a knowledge-based expert system as their shell [24, 35], our 

approach incorporates the power of intelligent computation intensive simulation (Ge

netic Algorithms) with the knowledge-based expert system. 

The Hierarchical GAs in the variable structure is characterized by symbolic pro

cessing, nondeterministic computation, dynamic execution, high potential for parallel 

and distributed processing and knowledge management. The modular components 

in a variable structure system can neither share, nor directly access the variables of 

other components. Thus the knowledge of the current structure must be distributed 

among the components and co-operatively maintained [9]. 

The structure also exhibits the characteristics of an adaptive system to maintain 

good performance under work-load changes while minimizing the number of employed 

computer resources. The combination of technology and economic factors make par

allel and distributed computing systems attractive and effective for a large variety of 

intelligent machine applications [59]. 

Discrete-event simulation offers an efficient means of investigating the enormous 

number of alternatives for existing or proposed complex technical systems [13, 78]. 

Development of modular, reusable models require object-oriented concepts such as 
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data encapsulation, class inheritance, message passing, and dynamic bindings. Object

oriented concepts also assist the modeler in developing the variable system structure 

in a hierarchical manner [16]. 

1.3 Organization of the Dissertation 

This dissertation comprises 8 chapters. The second chapter provides an overview 

of Genetic Algorithms. This chapter also introduces the basic concept of Genetic Al

gorithms and their parallel implementation. The third chapter describes the design of 

Asynchronous Genetic Algorithm (AGA) and demonstrates their performance with 

various test functions. Chapter 4 describes the noise assignment scheme of AGA. In 

this section, we studied the convergence properties of the Binary AGA with noise as

signed to the search variables and compared the performance with the Floating Point 

AGA. Chapter 5 discusses the application of the AGA for Computer-Aided Systems 

Design. We apply the AGA to design an optimal Fuzzy Controller for the inverted 

pendulum problem. Chapter 6 presents the Hierarchical GAs which are adopted in 

the intelligent machine architecture. First we describe the parameter control schemes 

of the Hierarchical GAs. Then we conduct two experiments: (l) to find a global so

lution of the Bohachevsky function and (2) to design an optimal fuzzy logic controller 

for the inverted pendulum problem. In chapter 7, our design techniques are applied 

to develop a rapid prototype system demonstration of the space resources process

ing plant. Chapter 8 concludes this dissertation by summarizing results, showing 
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main contributions and considering some directions for future research. Appendix A 

presents the basic concept of DEVS formalism and Appendix B shows how the AGA 

is implemented in the DEVS-scheme simulation environment. 



CHAPTER 2 

GENETIC ALGORITHMS 

2.1 Introduction 
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The optimization is basically a process to formulate a measurement - objective 

function - that evaluates parameters or performance of a decisions and improves 

the performance by selecting new parameters from the divers alternatives [26]. Some 

classical optimization methods uses deterministic transition rules based on derivatives 

or other auxiliary knowledge [29]. 

However, it the objective function contains an excess irregularity, the classical 

methods improves the performance to the one of the local optimum, in certain case, 

they converge fast [5]. Further, the methods which search from a single point at a 

time sometimes often to locate a globally optimal solution when too many parameters 

are involved in an objective function. These locally optimal solution often are not 

sufficient for the complex real-world engineering problems [26]. 

During the last three decades, there have been a lot of researches in an optimization 

methods which inherits the principle of evolution and heredity from the nature. Even 

though the methods is based on the simple way of biological evolution, this algorithms 

searches the problem space with a population of points, not a single points, and uses 
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probabilistic transition rules, not deterministic rules. One of the most widely accepted 

evolution theory is the Darwinian paradigm. Fogel [26] describe the paradigm in his 

recent paper; 

"Darwinian evolution is intrinsically a robust search and optimization mechanism. 

The problems that biological species have solved are typified by chaos, chance, tem

porarily a.nd nonlinea.r interactivity. There are also characteristics of problems which 

have been proven to be especially intractable to classic methods of optimization. 

The evolutionary process can be applied to problems where heuristic solutions are 

not available or generally lead to unsatisfactory results." 

The generic evolution algorithms of which the pseudo-code [96] is presented in 

Figure 2.1 performs the optimization process with a population of individuals, each of 

which represents a search point in the space of potential solutions to a given problem. 

The population is randomly created, and then evolved towards better regions of the 

search space by means of operations of selection, mutation, and crossover. The 

objective function (environment) delivers quality information (fitness value) about 

the search points, and the selection process favors those individuals of higher fitness 

to reproduce more often than those of lower fitness [84]. 



PROCEDURE EVOLUTION ALGORITHM 
begin 

t ~ 0 
initialize P( t) 
evaluate P(t) 
while (not terminate-condition) do 
begin 

t ~ t + 1 
select P(t) from P(t - 1) 
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recombine P(t) : apply genetic operator (crossover, mutation) 
evaluate P(t) 

end 
end 

Figure 2.1: Pseudo-code of evolutionary algorithm 

Three main categories of the evolutionary algorithm, developed independently 

of each other, can nowadays be identified: Genetic Algorithms (GAs) devised by J. 

Holland in the United States; Evolutionary Programming (EP), devised by L.J. Fogel, 

A.J. Owens and M.J. Walsh; and Evolution Strategies (ESs) devised in Germany by 

I. Rechenberg and H.P. Schwefel [84]. 

The evolution algorithms can be formulate for a certain problem. They can use 

different data structure to represent an individual, problem-specific genetic operators 

for transforming individuals, methods for creating initial population and methods 

for handling constraints. However, as indicated by Miachalewicz [96], they share a 

common principle: "a population of individuals undergoes some transformations, and 

during this evolution p1'ocess the individuals strive for survivaf' . 
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2.2 Simple Genetic Algorithms 

The fundamental principles of Genetic Algorithms' (GAs) were first published 

by Holland in 1962 [48] and the mathematical framework was developed in the late 

1960's, which was described in his pioneering book, Adaptation in Natu1'al and Artifi

cial Systems in 1975 [49]. GAs have been used in many diverse areas such as function 

optimizations [56], image processing [50], the traveling salesman problem [34], system 

identification [60, 75], and intelligent information retrieval [42]. 

The GA (genetic algorithm) is a probabilistic algorithm which maintains a pop

ulation of search points, P(t) = Xl (t), . .. , xn(t) for iteration t, where, in biological 

term, P is population, x is an individual of the population and t is generation. 

Each individual represents a potential solution to a problem and it is implemented 

as data structure S. Each individual at generation t, xi(i), is evaluated by an objec

tive function, to give some measure of its fitness. Then a new population of the next 

generation (iteration t+ 1) is formed by selecting the more fit individuals (select step). 

Some members of the new population undergo a transformation (recombine step) by 

means of "genetic" operators to form new individuals. There are two fundamental 

genetic operators; (1) an unary transformations mi (mutation type), which create 

new individuals by small changes to a single individual (m : S - S) and (2) higher 

order transformations Cj (crossover type), which create new individuals by combining 

parts from several (two or more) individuals [96]. 
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For example, if two parent individuals are implemented by five-dimensional vectors 

(a1,a2,a3,a4,a5) and (b1,b2,b3,b4,b5), then a crossover of the individual after the 

second gene produces the child individuals (a1,a2,b3,b4,b5 ) and (b1,b2,a3,a4,a5). 

The control parameters for genetic operators (probability of crossover and mutation) 

need to be carefully selected to provide better performance [53]. The intuition behind 

the higher order transformation (crossover) is information exchange between different 

potential solutions. After some number of iterations, the population converges to the 

global optimum - the best individual hopefully represents the optimum solution [96]. 

Each genotype of an individual represents a potential solution to a problem; an 

evolution progress is executed on a population of individuals corresponds to a search 

through a space of potential solutions. Such a search technique balances two ob

jectives: exploiting the best solution and exploring the search space. Hill-climbing 

optimization is an example which exploits the best solution for improvement, but it 

neglects the exploration of the search space. On the other hand, random search is 

an example of a scheme which explores the search space ignoring the exploitation of 

the promising regions of the space. Genetic algorithms are a class of general pur

pose (domain independent) optimization methods which balance the exploration and 

exploitation of the search space [29, 96]. 

A genetic algorithm for a particular problem can have the following five compo

nents [96]: 

• a. genetic representation scheme for potential solutions to the problem. 
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• a method to create an initial population for potential solution. 

• an evaluation function (obj ectivefunction) that plays the role of the environ

ment to the population, rating solutions in terms of their "fitness". 

• genetic operators that transform the composition of individual during repro

duction. (e.g. crossover, mutation) 

• auxiliary parameters that the genetic algorithm uses (population size, proba

bilities of crossover, mutation, etc.) 

2.3 Parallel Implementation of Genetic Algorithms 

The emergence of high performance parallel computers enables the problem solv

ing algorithms based upon principles of evolution and heredity for practical applica

tions. However, complex simulations usually require large program execution times 

to evaluate alternatives, or in GA terms, to obtain fitness values for chromosomal 

individuals. Such lengthy simulations becomes a major bottleneck to the applications 

of GAs since tens, or even hundreds, of individuals may need to be evaluated in every 

generation [19, 45]. 

A variety of schemes for parallelizing genetic algorithms have appeared in the lit

erature [19, 37, 45, 74, 81, 90, 92]. Some of the parallel implementations are quite 

different from the "traditional" genetic algorithms proposed by Holland [48], espe

cially with respect to population structure and selection mechanisms. It is reasonable 
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to assume that structural changes in a genetic algorithm will affect its ability to solve 

problems. Gordon and Whitley [92] have suggested the categories of parallel imple-

mentation of GA as shown in Table 2.1 : global, island, and cellular to organize the 

relevant literature. 

Global Model SGA, Elitist-SGA, pCRC, GENITOR 
Island Model I-SGA, I-Elitist-SGA, I-pCRC, I-GENITOR 

Cellular Model Fine-Grain Parallel GA, Cellular-GA 

Table 2.1: Categories of parallel genetic algorithms 

The global GA employs one large population and various selection schemes to 

create the next generation of individuals which are evaluated in parallel. Algorithms 

differ in their scheme to such factors as replacement of parents, retention of best 

individual, pairing for crossover, etc. Simple GA [29] uses tournament selection to 

realize parallelism [32]. pCHCis a parallelized version of the CRC algorithm [63] with 

weaker selective pressure which retains at least the best two individuals. GENITOR 

applies rank-based selection to a sorted population [37]. 

In Island GA, a global population is decomposed into subpopulations, each of 

which runs with a simple GA on a processing node. The amount and interval of 

individual exchange between subpopulations can be a critical factor in determining 

the effectiveness of optimization process, due to the loss of variance in isolated sub-

populations. Moreover once such convergence occurs, mixing of subpopulations may 
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not be effective due to "species-like" incompatibility. Migration between islands fa

cilitates various topologies, such as hypercube, torus or ring. Best individuals in one 

population may migrate in some variants. Variants differ as to whether the best, 

or a tournament-winning, individually is allowed to replace (a losing) one from the 

receiving population [92]. 

The Cellular GA assigns one individual per cell (processor) in a massively parallel 

computer, and mating is restricted to a neighborhood near the individual [36, 92]. 

The global and cellular models represent the two extremes scheme of the island 

model. In the former, only one population exists, while in the latter there are many 

subpopulations each of size one. From this perspective, a unifying framework should 

investigate the number and size of subpopulations, as well as their isolation and 

interchange scheme [92]. 

One of the drawbacks of parallel GA is the time spent when there is much vari

ance in the evaluation time of an objective function. Grefenstette [47] proposed a 

prototype semi-synchronous master-slave algorithm which relaxes the requirement 

for synchronous operation by inserting and selecting members on the fly as pro

cessors complete their function evaluation. This prototype operates much like De 

Jong's overlapping population model with low generation gap value [58]. Other ap

proaches to asynchronous fine-grained parallel genetic algorithms have been proposed 

[45, 44, 65, 73, 76, 85]. One model is implemented so that individuals with better 

fitness are propagated to other' subpopulations asynchronously [44, 65]. Another 
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model investigated a. scheme where an individual was evaluated in a processor where 

candidate individuals were kept in the buffer for the next GA operations [85]. In

dividual exchanges between randomly selected processes occurred asynchronously. 

These algorithms suggest that it is not critical to synchronize the evaluation of pop

ulation by generations in the case of function optimization. However the amount of 

inter-processor communication of these algorithms is still too large to achieve high 

performance gain on distributed systems [85]. 

In the following, we will restrict our attention to the global (single population) 

model in order to concentrate on the asynchronicity question. 
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CHAPTER 3 

MASSIVELY PARALLEL ASYNCHRONOUS GENETIC 

ALGORITHMS 

3.1 Introduction 

Parallel processing offers promise of reducing the bottleneck of parallel GAs along 

two mutually supporting avenues: 1) speeding up the simulation needed to estimate 

fitness using distributed simulation methods [77] and 2) parallelizing the evaluation 

and processing of fitness information. Both avenues are under active investigation 

and, indeed, a computer architecture to support their integration has been suggested 

[13]. 

Focusing on the second direction, we have developed concepts for parallel genetic 

algorithms that are especially oriented to simulation-evaluated individuals on high 

performance computers. We have investigated a class of Asynchronous Genetic AL

gorithms (AGAs) which does not need to be synchronized by generations to create 

successive populations. In a multiprocessor architecture, individuals are evaluated 

concurrently and a central agent updates the genetic population continuously as the 

evaluation results become known. The motivation behind such asynchronous updat

ing is the recognition that not only may simulation runs be time consuming, but their 
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completion times may be highly variable. This variability is quite common in per-

formance measuring simulations. 1 When such variability is significant, the barrier 

synchronization imposed by conventional GAs can greatly impede search progress 

since it requires that processing cannot proceed to the next generation until the 

slowest individual in the current population has completed its evaluation [47]. In 

contrast, the Asynchronous GA (AGA) allows new individuals to be tested as soon 

as both the information and the computer resources are available to do so. 

A concern immediately raised in the AGA paradigm is that the blending of gen-

erations occasioned by such a synchronized processing might adversely affect the 

recombination schemes underlying GA search. Certainly, the supporting theory typi-

cally limits selection, mating, crossover and other operations to members of the same 

generation [29]. Fortunately, some results in the literature suggest that search time 

and search success are not degraded, at least in application to typical test function 

suites [56]. We note that such artificial fitness functions do not include time depen-

dence that might appropriately suggest the necessity for generational integrity. 

The Asynchronous Genetic Algorithm was implemented both in the DEVS-scheme 

simulation environment and a C-based discrete simulation environment to evaluate 

its performance with several test functions containing different complexities. The 

lit certainly occurs when runs are executed in conditional mode where termination depends on 
pre-established criteria (e.g., a run may be terminated as soon as failure to achieve a prescribed 
goal is obvious). However, run time variability may also arise when runs span a fixed observation 
int.erval (on the model time base). This may be due to the variability in workload encountered by 
the simulation engine or in the resources allocated to the particular trial. 
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results indicate that continuous updating of the population does not impair search 

efficacy. Indeed, search success seems to require a certain number of individual trials 

depending on the characteristics of the problem. Thus, the greater the number of 

processors actively employed in the search, the shorter the search time becomes. This 

contrasts with the synchronous parallel GAs which are limited in their utilization of 

processors. 

3.2 Massively Parallel Asynchronous Genetic Algorithms 

This section investigates the impact of generation-blending recombination by in

corporating a parameter into AGA which controls the overlap between successive 

population. This allowed us to explicitly study both efficiency and effectiveness of 

search as a function of the overlap parameter. 

As will be explained, our AGA is similar, but different from DeJong's generation 

gap algorithms [58]. The simulation results suggest that, with few exceptions, some 

overlapping, usually much closer to full asynchronicity than to its polar opposite, 

provides optimum performance. Thus, the AGA shows promise for increasing the 

search speed by using higher throughput of individual evaluations as well as by more 

effectively combining information from individuals without consideration of genera

tions. 
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3.2.1 Theoretical Background of Higher Throughput 

As already indicated, the proposed research investigated the validity of the fore

going hypothesis and its throughput consequences . 

• Requisite Sample Set Size Hypothesis 

Consider an A GA that is characterized by a fixed assignment of parameter values to 

its operations, such as mutation probability, crossover probability etc. Given a time

stationary environment, an A GA requires a fixed number of individual evaluations to 

achieve a given level of fitness, independent of the population size and the generation 

overlap policy. 

In other words, let a realization of an AGA (sampled from an appropriately for

mulated stochastic process) locate the global optimum of a fitness function within 

a given tolerance (solves the given problem successfully). Then it generates a char

acteristic number of individuals, this number being invariant with respect to the 

particular trajectory through the search space taken by the AGA. 

Invariance of the number of function evaluations required for success over its 

realizations would seem to be an obvious first generalization to investigate for any 

genetic algorithm. However, the literature does not suggest that this has been a 

consideration, probably because investigators are more interested in demonstrating 

differences in search efficiency between algorithms rather than invariance within them. 
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Invariance of the requisite sample set size for an AGA over all values of the gen

eration overlap parameter implies that there is no penalty involved in generation

overlapped recombination. 

As a consequence of the hypothesis, we obtain the corollary: 

• Throughput Assertion 

Given an AGA for which the invariance of the requisite sample set size holds, 

search speed is determined by the throughput of fitness evaluation. The greater the 

number of processors dedicated to the evaluation of individuals, and the higher the 

utilization of these processors, the faster the global optimum will be located. 

For the case of maximum overlap, let 

Then, 

N = requisite sample size for success 

T = mean time to evaluate an individual 

S = mean search time to locate optimum 

~P E = number of processors available 

S = N x T / HPE 

i.e., the mean time for search success is proportional to the product of the number 

of samples required and the mean time to evaluate individual fitness and inversely 

proportional to the number of available processing elements. The result is suggested 
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by a. simple throughput model of processing well known in performance evaluation 

literature. 

For zero overlap (completely synchronous GA), the maximum time to evaluate an 

individual in the population replaces the mean time in the formula. This predicts that 

the pure AGA will have a search time reduction over that of the synchronous GA by a 

fa.ctor of the difference between the maximum and the mean of the function evaluation 

time. As suggested earlier, this speed-up is significant in complex simulations with 

high variability in evaluation run times. 

The analysis in the next section suggests that invariance of requisite sample set 

size over all values of overlap will show up as a linear increase in search time as we 

go from maximum to zero overlap. 

3.2.2 Throughput Analysis 

The throughput comparison between synchronous GA and asynchronous GA is 

shown in Figure 3.1. Assume that the evaluation time of an individual in each PE 

has normal distribution with mean m and variance 0'2. We define throughput as 

the number of individuals evaluated per unit time. We now demonstrate that the 

asynchronous approach has a significant throughput advantage over a completely 

synchronous approach. 

Assume the population size P is big enough so that every sample of size P has 

at least one member with evaluation time exceeding some number max, greater than 
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Figure 3.1: (a) Normally distributed individual evaluation time, (b) theoretical 
throughput comparison between synchronous GA and asynchronous GA (throughput 
= number of evaluated individuals/time). 

the mean m. For any choice of max, there is a. sufficiently large a that will make 

this true. To simplify the analysis further, we drop the probabilistic qualification and 

assume every population sample of size P has at least one evaluation time max. 

In the completely synchronous approach, we divide the population evenly among 

the processors. The whole population has to wait for the slowest evaluated individual 

before creating the next generation individuals. The curve of throughput versus 

number of processors for this approach starts out with slope l/mean and saturates 

at level P /max (when the number of PEs is greater than the population P, the excess 

are idle). 

In contrast, the curve for the asynchronous approach continues indefinitely as a 

straight line with slope l/mean, because the processors are kept busy evaluating 

individuals at an average ra.te of l/mean. 
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The more PEs that are available, even exceeding the population size, the more 

individuals are evaluated in the same time. So the throughput is proportional to the 

number of PEs, and always exceeds the throughput of synchronous GA. 

3.3 Experiments with the Asynchronous Genetic Algorithm 

The following optimization functions have been coded to test the performance of 

the asynchronous genetic algorithm: Dejong's test suite FI-F5 [56], Ugly deceptive 

function order-3 [30J and order-4 [92J, and two other functions [96J. We assumed that 

the evaluation time of the test function is probabilistic. The evaluation time of an 

individual in a processor is normally distributed with a mean of 10 and a variance of 

3. 

Due to the nondeterministic nature of the evaluation time, some processors finish 

the evaluation while other are still busy evaluating their functions. The synchro

nization factor defines the number of the idle processors available before the next 

evaluation can be started simultaneously. The smaller the synchronization factor, 

the better the utilization of the processors. A synchronization factor of 2 defines an 

asynchronous evaluation, while a synchronization factor having the cardinality of the 

population size defines a. synchronous parallel genetic algorithm. 

In Dejong's generation gap (Figure 3.2(a)), a fraction 9 of the population is se

lected for genetic operations in each cycle. However, in AGA (Figure 3.2(b)), the 
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(a) De Jong's Generation Gap 

S : Synchronization 
Factor 

(b) Asynchronous Genetic Algorithms 
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Figure 3.2: Comparison of DeJong's generation gap and asynchronous genetic algo
rithms. 

individuals are continuously selected and processed at any time that Sidle pro-

cessors become available. Unlike DeJong's approach, there is no fixed relationship 

between the time that an individual is selected for processing and the time it is later 

added back to the population. 

We executed 10 runs for each test function and compared the search performance 

with different synchronization factors. 

3.3.1 Dejong's Test Suite 

DeJong's suite contains five test functions [56]. Fl is a unimodal function known 

to be easy for GA. F2 is a more difficult multimodal function. F3 is a discontinuous 

"step ladder" function. F4 involves a large solution space plus Gaussian noise. F5 
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is characterized by the presence of local minima. The AGA for these experiments 

employed 400 individuals in the population. 

Table 3.1 shows the min/max search time and the number of evaluated individuals 

to solve the Dejong's five test functions. The average variance in search time is 

larger than that in the number of evaluated individuals. The AGA with a larger 

synchronization factor evaluates fewer individuals to find a solution, while the AGA 

with a smaller synchronization factor ensures fast search. Table 3.1 exhibits how 

the utilization of processors improved by asynchronous evaluation can contribute the 

reduction of search time. 

test Search Time Number of Evaluation 
function mzn max % mzn max % 

F1 18.28(100) 31.25( 400) 70.89 512.8 (400) 840.0(100) 63.81 
F2 242.83(2) 392.71(300) 64.20 9360.0 (100) 12900.0(2) 37.82 
F3 96.07(2) 156.68( 400) 63.10 3300.0 (200) 4240.0(200) 28.49 
F4 115.98(2) 150.22(300) 29.53 3920.0 (400) 4441.6(400) 13.31 
F5 186.03(100) 304.11(400) 63.47 6360.0 (200) 8566.8(200) 34.70 

average 58.24 35.63 

Table 3.1: The search time and the number of evaluated individuals of asynchronous 
genetic algorithm to find a solution of Dejong's five test functions (data collected 
from 10 trials). 0: synchronization factor 

Figure 3.3 shows the search time and the number of individuals evaluated to find 

the optimum of Dejong's five test functions. Generally, the asynchronous genetic 



F1 30 

28 

26 

24 

22 

20 
syn. factor 

18~ ____ ~~ __ ~~ __ ~~ __ ~~ 
o 100 200 300 400 

F2400 

F3
150 

_ 

140 

130 -

120 

110 -

100 -

o 

F4 
145 

13 

125 

syn. factor 

100 200 300 400 

syn. factor 

100 200 300 400 

syn. factor 
115<-J..-----'-----~c..,_-----'-------'-' o 100 200 300 400 

F5 300 -

280-

260-

240-

220 

200 

o 200 

(a) Search Time 

syn. factor 

300 400 

800 

syn. factor 

50~~0~--~10~0~--~2±00~--~3dO~0----4~00· 

300 400 

4100 

3900 

3700 

3500-

3300L...L ____ --,-I-,-____ '--__ ----=~sy::_n-. f_a_ct...,.or-"l::-' 
o 100 200 300 400 

4400 

4300 

4200 -

4100 

4000 ~.~ 
~OO<-J..0----~1~0~0--~2~0~0----~3~00~--~40~0~ 

7000 

6600 syn. factor 
~0----~1~00;====2~0~0----3~ofO~::~4~00~ 

(b) No. of Evaluated Individuals 

41 

Figure 3.3: Performance of massively parallel asynchronous genetic algorithm to find 
a solution of the Dejong's five test functions (genetic parameters: population size 
= 400, chromosome length = 40, Pc = 0.7, Pm = 0.015). 
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algorithm (with a small synchronization factor) finds an optima faster than the syn-

chronous genetic algorithm (with a large synchronization factor), while the number 

of the evaluated individuals depends on the characteristics of the problem. 

Figure 3.4 shows how the average fitness of the population increases during the 

search. The average fitness of the synchronous GA (synchronization factor=400) 

increases in a step-like fashion, only after all the individuals finish evaluations (syn-

chronized by the generation). The first generation finishes its evaluation at time 14 

(approx.). Upon updating the gene pool, the 400 new individuals are produced for 

the next generation. 

Average fitness of asynchronous GA and synchronous GA 
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Figure 3.4: Increase rate of the average fitness of the asynchronous GA and the 
synchronous GA (evaluation time = normal distribution with mean 10.0 and variance 
3.0). 
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In AGA (synchronization factor=2), the arrivals of the evaluated individuals to 

the gene pool is continuous. Whenever two individuals update the gene pool, the next 

two new individuals are generated immediately for evaluation. While 400 individuals 

are produced from a static gene population environment in the synchronous GA, the 

asynchronous GA generates the same number of individuals from the dynamic gene 

population. As individuals with higher fitness values replace their parents, continuous 

updating the population encourages higher average fitness than the synchronous GA. 

For instance, at time 29, the average fitness of the asynchronous GA is already higher 

than that of the second generation of the synchronous GA. 

3.3.2 Deceptive Functions 

The ugly 3-bit deceptive problem is an artificially constructed 30-bit problem, 

introduced by Goldberg [30], in which ten fully-deceptive 3-bit subproblems are in

terleaved. In general, the three bits of each subproblem X appears in positions X, 

X+I0 and X+20. The ugly 4-bit problem is a similarly constructed 40-bit problem 

in which ten fully-deceptive 4-bit subproblems are interleaved [92]. Table 3.2 and 3.3 

defines the deceptive function of order-3 and order-4. 

These problems isolate interactions in the hyperplane sampling abilities of genetic 

algorithms as well as the linkage between bits. This linkage is related to the disruptive 

effects of crossover. As such, the ugly deceptive problem should be viewed more as 

an analytic tool rather than as a "hard test function" [92]. In this experiment, we 
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Chromosome Fitness Chromosome Fitness 
000 28 100 14 
001 26 101 00 
010 22 110 00 
011 00 111 30 

Table 3.2: Order-3 Fully Deceptive Problem 

Chromosome Fitness Chromosome Fitness 
1111 30 0110 14 
0000 28 1001 12 
0001 26 1010 10 
0010 24 1100 08 
0100 22 1110 06 
1000 20 1101 04 
0011 18 1011 02 
0101 16 0111 00 

Table 3.3: Order-4 Fully Deceptive Problem 
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employed 400 individuals for the order-3 deceptive problem and 600 individuals for 

the order-4 deceptive problem. 

Figure 3.5 and 3.6 show the search time and the number of evaluated individu-

als needed to solve the deceptive functions of order-3 and order-4. The evaluation 

time of an individual in a processor is normally distributed with a mean of 10 and 

a variance of 3. As shown in Figure 3.5 and 3.6, the smaller synchronization factor 

(asynchronous evaluation) provides shorter search time than the larger synchroniza-

tion factor (synchronous evaluation) As shown in Figure 3.6, even though the number 

of evaluated individuals in the algorithm with a synchronization factor of 2 is larger 

than that of the algorithms with a synchronization factor of 600, the former still 

provides faster search time due to the higher throughput. 

2000 -
75 

1600 -
600 

1200 -
45 -

800-
300 

400-

0-
syn. factor 

0 100 200 300 400 

(a) Search time (b) Number of evaluated individual 

Figure 3.5: The search time and number of evaluated individuals needed for the mas
sively parallel asynchronous genetic algorithm to solve the deceptive function order-3. 
(population size=400, chromosome size=30, Pc=0.7, Pm=0.015, fitness evaluation 
time=N ormal( 10,3)). 
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Figure 3.6: The search time and number of evaluated individuals needed for the mas
sively parallel asynchronous genetic algorithm to solve the deceptive function order-4. 
(population size=600, chromosome size=40, Pc=0.7, Pm=0.015, fitness evaluation 
time=N ormal( 10,3)). 

Table 3.4 shows the min/max search time and the number of the evaluated individ-

uals required to solve the deceptive functions with different synchronization factors. 

Deceptive Search Time No. of Evaluation 
function mzn max mzn max 
Order-3 464.0368 716.7811 15120 20050 
Order-4 701.2367 988.7977 38380 45121 

Table 3.4: The min/max search time and the number of evaluated individuals with 
different synchronization factors to solve the deceptive problems 

Figure 3.7 exhibits the increase rate of the average fitness of the population in 

solving the deceptive function problem of order-4 with synchronization factors 2 and 

600. As shown in the Figure, the asynchronous GA provides a moderately faster 
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• data collected from 1 0 trials 
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Figure 3.7: Increase rate of the average fitness of the population with different syn
chronization factors in solving the deceptive function order-4. (population size=400, 
chromosome size=30, Pc=O.7, Pm=O.015, fitness evaluation time=Normal(lO,3)). 

increase in the average fitness than does the synchronous GA without incurring a 

reduction in population variance and loss of search effectiveness. 

When new individuals replace individuals with the lowest fitness in the popula-

tion, the average fitness increases quickly, but may converge prematurely due to the 

reduction of the variance in the population. Therefore, such population replacing 

strategies cannot find a solution even though a high average fitness in the population 

is ensured. In AGA, the individuals with the better fitness survive in the popula-

tion for a longer period than others and they mate with the dynamic population. 

Since the fitness of each individual represents characteristics of the test function, the 

number of individuals and their survival periods are determined automatically by the 
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fitness function. Unlike the elitist GA [92], it appears that no off-line determination 

of selection pressure is necessary for the AGA. 

3.3.3 Further Investigations of the Performance of the Asyn

chronous Genetic Algorithm 

Two test functions were employed to evaluate the performance of the AGA more 

extensively. Test function 1 (Figure 3.8) is a more complex multimodal function than 

that of Dejong's test function F2. Test function 2 in Figure 3.9 consists of a large 

number of local maxima distributed over the search space. In this experiment, we vary 

the number of processors employed with a fixed population size. We also investigate 

two different individual replacement schemes (Figure 3.10) : the replacement of a 

parent and the replacement of the least fit individual. 

• Test Function 1: f(x, y) = sin(z)j z, z = JX2 + y2, -10.0:::; x, y :::; 25.0 

• Test Function 2: f(x,y) = 21.5 + xsin(47rx) + ysin(207rY), -2.0:::; x,y:::; 12.0 

We studied the speed of the genetic search and compared the number of individ

uals that were evaluated to find the optimum against the number of the processing 

elements. 

Table 3.5 demonstrates the number of successes in finding optima from 10 trials 

for each test function. Replacing the parent individual shows a better search success 

rate than replacing the individual with the lowest fitness level. 
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Figure 3.8: Test Function 1. 

Figure 3.9: Test Functions 2. 
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Figure 3.10: Comparison of the increase rate of the average fitness of the population 
with two different replacement strategies : (1) replacement of the worst individual 
in the population, (2) replacement of the parent individual. (population size=30, 
chromosome size = 20, Pc=0.8, Pm=O.01, synchronization factor = 2). 

No. of Test Function 1 Test Function 2 
Processors replace parent replace worst replace parent replace worst 

10 10 3 10 6 
20 9 4 10 6 
30 10 5 10 7 
40 9 4 10 8 
50 10 4 10 7 
60 9 6 10 8 

Table 3.5: Success rate of the two different replacement strategies (population 
size=30, chromosome size = 20, Pc=0.8, Pm=O.01, synchronization factor = 2) 
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The AGA search time with the parent replacement strategy is shown in Figures 

3.11 and 3.12. For these test functions, we employed a smaller population and varied 

the number of processors and the evaluation times. A synchronization factor of 2 is 

used to run an asynchronous GA. Our results verify that increasing the number of 

processing elements employed tends to increase the speed of the genetic search. 

We can see whether the number of PEs has an effect other than that of increasing 

the throughput as follows: since the number of PEs and the average evaluation time 

are known, we can estimate the number of the individuals required to find a solution 

based on the total search time. 

Estimated number of individuals number of PEs X search time 
mean evaluation time 

For example, as shown in Figure 3.11, if there are 40 PEs, the average evaluation 

time of an individual in a PE is 10 and 156 time units are required to find an optimum, 

then the AGA should evaluate about 624 (40 + 10 x 159) individuals. 

Figures 3.11{b) and 3.12{b) also compare the estimated number with the actual 

number of evaluated individuals. Since the two evaluation numbers are in close 

agreement, we conclude that the only effect of using more PEs is an increase of the 

number of individuals being evaluated per unit time. We conclude that for a larger 

mean evaluation time, a greater number of PEs are required to reduce the search 

time to its asymptotic level. Thus, complex simulations benefit from using more 

processors, while simple simulations require only a fewer processors. 
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Figure 3.11: Comparison of search time and number of evaluated individuals with 
number of PE's used for asynchronous genetic algorithm with test function 1. (pop
ulation size=30, chromosome size = 20, Pc=0.8, Pm=O.Ol, synchronization factor = 
2). 
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Figure 3.12: Comparison of search time and number of evaluated individuals with 
number of PE's used for asynchronous genetic algorithm with test function 1. (pop
ulation size=30, chromosome size = 20, Pc=0.8, Pm=O.Ol, synchronization factor = 
2). 
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CHAPTER 4 

THE BENEFICIAL EFFECT OF INTENTIONAL NOISE 

IN THE AGA OPTIMIZER 

Traditionally, GAs use a binary vector as a chromosome to represent real values of 

the variable Xi [29]. Each genotype would represent a potential solution to a problem 

and the length of the vector depends upon the required precision. However, the 

binary representation, which discretizes the search space, has some drawbacks when 

applied to high precision numerical problems. On the other hand, the real-value 

vector sometimes outperform the binary coding scheme [26, 96]. 

In order to enhance the performance of the Binary-GA, we intentionally introduce 

noise to the search variable Xi. The noise enables the sampling of the search region 

that a binary chromosome can not explicitly evaluate. 

We conducted the experiment of noise assignment to the objective function in 

order to improve the reliability of the global search. In a noisy environment, a 

solution with better accuracy can be obtained with the performance of more tests. 

On the other hand, because the search is probabilistic, examining more candidates 

will increase the probability of encountering better solutions [3]. Since GA is a robust 

optimization (search) algorithm, the introduction of noise (to a certain degree) should 

not impair the performance of GA. Previous research of GA in a noisy environment 
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[3, 33, 51] has been with regard to the selection of an optimal population size and 

the number of evaluations performed during the runtime. However, the objective 

of our experiments with noise is mainly focused on the enhancement of the global 

search capability. To study the effects of noise in GA, two different representation 

schemes of a chromosome, binary string (Binary-GA) and real-value code (FP-GA), 

are employed in this research. 

4.1 Binary Representation Scheme of Genetic Algorithms 

Representation is a key issue in genetic algorithm research because the represen

tation scheme can severely limit the window by which the system observes its world 

[96]. The binary representation scheme, traditionally used in genetic algorithms, has 

some drawbacks when applied to multidimensional, high-precision numerical prob

lems. The binary alphabet offers the maximum number of schemata per bit of in

formation of any coding [29] and, consequently, a bit string representation of the 

solution has dominated genetic algorithm research. This coding facilitates theoreti

cal analysis and allows elegant genetic operators. But the 'implicit parallelism' result 

does not depend on using bit strings [43]. 

In the binary implementation (Binary-GA), each element of a chromosome vector 

is coded using the same number of bits. The crossover and mutation operators are 

functions applied to the binary string to create a new chromosome and the GA search 
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process is associated with the schema theorem and building block hypothesis of the 

coding scheme [29]. 

Suppose we wish to maximize a function of k variables, f(xI, X2, ... , Xk) : Rk -4 

R and each variable Xi can take values from a domain Di = [ai, bi] ~ Rand 

f(xI,x2, ... ,xk) > 0 for all Xi E Di . It is clear that to achieve desired precision, each 

domain Di should be cut into (b i - ad x IOn equal size ranges, where n is required 

precision. Let us denote by mi, the smallest integer such that (bi - ai) X IOn :::; 2m; -l. 

Then a representation having each variable xi's code as a binary string of length mi 

clearly satisfies the precision requirement [27]. 

In the floating point implementation (FP-GA), each chromosome vector is coded 

as a vector of real-value numbers, of the same length as the solution vector [96]. 

Each element is forced to be within the desired range, and the operators are carefully 

designed to preserve this requirement. The precision of such an approach depends 

on the underlying machine, but is generally much better than that of binary repre

sentation [27]. 

The main objective in modifying the floating-point representation and the genetic 

operators is to map the genetic algorithms closer to the problem space. Such a 

mapping forces the operators to be more problem specific by utilizing some specific 

characteristics of real space [96]. 
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In contrast, the Binary-GA, which samples the discretized value of a problem 

space, sometimes suffers from the pre-convergence of the entire population to a non

global optimal solution (sometimes local optimal solution) and from an inability to 

perform fine local tuning [26]. In order to alleviate this problem, we devise a noise 

assignment scheme to the search variables, Xi, in Binary-GA. 

4.2 Concept of Noise Assignment Scheme in the Binary 

Representation 

To provide an initial examination of the convergence properties of a genetic algo

rithm, consider a state space of possible solutions encoded as a string of k bits {O,l}. 

Let there be a population, m, of such bit strings and let each possible configuration 

have a fitness, ii, i = 1,2, ... 2k. Let one globally optimum configuration yield the 

maximum fitness (or equivalently, a minimum loss). For the Binary-GA, the states 

of an individual can be defined by every possible configuration of a bit string. There

fore, there are 2k such states for a binary string size of k. In this scheme, the number 

of search points in the problem space is limited by the number of bits. Increasing the 

bit size of a chromosome increases the search resolution [27]. 

In order to find a highly accurate value for the search parameters, we have to 

employ a large number of bits for each individual, which results in a dramatic in

crease in the number of search points. If the search space is complex (multi-modal) 
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or unknown, GA should also have a large population to provide an effective search. 

There also has been a debate over the convergence properties of GA and Evolution

ary Programming. Since GAs use a binary encoding of the parameters for evolu

tion, it may prematually stagnate at solutions that may not even be locally optimal. 

Evolutionary Programming, in contrast, employs a real-valued n-dimensional vector, 

x = (Xl, X2, ... Xn ), to evaluate an objective function and often claims to outperform 

GA [27]. 

In order to aIleviate the convergence problem in the Binary-GA, we introduce 

noise into the search variable Xi and evaluate the objective function. Figure 4.1 

shows the concept of noise assignment to the search parameters Xi. The parameter 

of Xi is converted from the bit string of an individual. The noise (random number) 

is added to the parameter before the evaluation of an objective function (assume the 

objective function has 2 parameters Xl, X2)' 

• Function evaluation without noise assignment: 

• Function evaluation with noise assignment: 

FITNESS = f(xI + noise, X2 + noise) 

In Figure 4.1 (a), the output of a function evaluation with arguments passed by 

GA becomes a fitness of an individual, while in case (b), the argument contains some 
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Figure 4.1: Noise assignment scheme for the search parameters in the function eval
uation. 

noise before evaluation. However, GA does not know whether the returned fitness is 

evaluated with noise or without noise. 

Figure 4.2 shows how the noise (analog sampling point) assignment scheme as-

sists the binary chromosome (digital sampling point) to more fully explore the search 

ranges. Assume that an individual is 3-bits long and represents one of 8 points in 

the search range [MIN,MAXj. Since the problem space is discretized by 8 states (23 ), 

GA cannot evaluate the entire space until more bits are employed to an individ-

ual. However, instead of employing more bits, we introduce random noise into the 
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f(x) Search Range: [MIN,MAX], Number of Bits: 3 
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Figure 4.2: Noise assignment to the search variable converted from a binary individ
ual. (search range = [MIN,MAX], n = 3, Dx = MA; __ ~IN: (a) 8 sampling points in 
the search ranges, (b) types of the noise assigned to a sampling point. 

parameter Xi. The function consequently analyzes Xi plus some noise. In this experi-

ment, two types of random noise are used; (1) Uniform distributed random noise, U[ 

Xi - Dx/2, Xi + Dx/2], and (2) Gaussian distributed random noise, m = Xi, CT = Dx/2. 

Here, Dx = MA; __ ~IN, where n= number of bits, is the size of the search space that 

cannot be evaluated by the conventional Binary-GA. 

With the conventional Binary-GA, the same binary configuration of an individual 

always has the same fitness value. However, by introducing noise to the search 

parameters, even the same binary configuration of an individual may have different 
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fitness whenever it is evaluated. The smaller the noise, the closer it is to the actual 

fitness of J(Xl,X2)' Since the evolution is performed on the basis of the fitness of 

individuals, the introduction of too much noise confuses GA and may point to an 

non-optimal direction. Figure 4.3 shows an example program for assigning noise to 

the search parameter before evaluation. 

1*--------------------------------------------------------------------*1 
1* PARA_SIZE: number of parameters of objective function *1 
1* gauss_rv(mean,sigma): return Gaussian noise with mean and sigma *1 
1* arg[]: real-value vector converted from binary string *1 
1* cons[].min, cons[].max : boundary values of parameters *1 
1*--------------------------------------------------------------------*1 
double eval (buffer,lchrom) 
int *buffer; 
int lchrom; 
{ 

1* binary string of a chromosome *1 
1* length of chromosome *1 

int i,k,start,add; 
double result,chrom_max,bin_number; 
double scale,arg[PARA_SIZE]; 

chrom_max = pow(2.0,(double)lchrom/PARA_SIZE) - 1.0; 
start = 0; 
add = (int)(lchrom/PARA_SIZE); 

for ( k = 0 ; k < PARA_SIZE; k++ ) { 
bin_number = 0.0; 
for ( i = start ; i < start + add 

bin_number = bin_number + 
; i++) { 

pow(2.0,(double)(start+add - i-i» * buffer[i]; 
} 

start = start + add; 
arg[k] = (cons[k].max - cons[k] .min) * bin_number I 

chrom_max + cons[k].min; 

1* add Gaussian noise to the real-value parameters *1 
scale = (cons[k].max - cons[k] .min) I chrom_max; l*scale=Dx*1 
arg[k] = gauss_rv( arg[k], 0.5*scale ); 



} 

} 

1* prevent noise goes beyond the boundary values *1 
it ( arg[k] < cons[k].min) 

arg[k] = cons[k] .min; 
else if ( arg[k] > cons[k].max) 

a.rg [k] = cons [k] . max; 

1* evaluate objective function *1 
result = objective_function(arg,PARA_SIZE); 
return result; 

Figure 4.3: Example program for assigning noise to the search parameters 

61 
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4.3 Empirical Study of Noise Assignment with Numerical 

Optimization Problems 

We have conducted experiments to study the effect of noise assignment to the 

search parameters with the numerical test functions given in Table 4.1. FP-GA is 

also simulated to allow comparison with the performance of Binary-GA. Each test 

function contains a different number of search parameters and varies in complexity. 

In Binary-GA, we perform the search with different search resolution by varying the 

bit size of a chromosome, and the type of random noise is Gaussian distributed. 

Number Function Constraints 

1 fl(Xi) = Ei=l Xl, n = 10 -5.12 :::; Xi :::; 5.12 

2 f ( .) - sin(2.0(Xl+X2)) 
2 Xt - (1.0+0.0005{x~+xm -100.0 :::; Xi :::; 100.0 

3 !J(Xi) = 100(x~ - X~)2 + (1 - XJ)2 -2.048 :::; Xi :::; 2.048 

4 f4(Xi) = Ei=l integer(Xi) , n = 10 -5.12 :::; Xi :::; 5.12 

5 f5(xi) = sin(z)/z, z = Jxi + y~ -10.0 :::; Xi :::; 25.0 

Table 4.1: Test examples 

• Test function 1 

The solutions exit at the boundary values and there is no local optimum even 

though a large number of search parameters are involved. Since the binary config-

urations of a global solution are either all O's or all 1 's in the binary segment of a 
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chromosome, the conventional Binary-GA locates the optimum faster than the GA 

with noise assignment. Lowering the bit size increases the ease on the Binary-GA in 

aggregating the schema for the global solutions. Notice that the Binary-GA of bit 

size 3 outperforms the FP-GA (Table 4.2). In this example, the noise assignment 

scheme slows down the rate of convergence towards the solution. 

Number without noise with noise 
of bit/para. eval. fitness eval. fitness 

3 663 262.1440000000001760 2243 262.1440000000001760 
6 2842 262.1440000000001760 11305 262.1404283346223560 
9 5497 262.1440000000001760 26412 261.9852498053292038 
12 8431 262.1440000000001760 29865 261.9587838001065165 

II FP-GA I eval. I 740 I Fitness I 262.1440000000001760 " 

Table 4.2: Comparing performance of GA with and without noise assignment in the 
search variables for different numbers of bit/para (averaged from 100 trials) . 

• Test function 2 

Figure 4.4 shows the shape of test function 2 which includes multi modal com-

plexity in a 2-dimensional search space. The global solution exists near the center of 

the search space. This test function requires the Binary-GA to have enough bits for 

a high search resolution. If all the possible binary configurations of a chromosome 

misses a global optimum, the Binary-GA can not locate the solution regardless of the 

number of evaluations. 

Table 4.3 shows the simulation results of the experiment. The performance of 

a Binary-GA without noise is very sensitive to the bit size. If, by any chance, all 

the discretized search points are located in the valley of the problem space, the 
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Binary-GA displays a severe difficulty in finding a solution, as shown in the case 

of 7 bits. However, the noise assignment scheme provides consistent accuracy for a 

variety of different bit sizes. The Binary-GA with noise can sample more informa-

tion than the conventional Binary-GA. FP-GA also demonstrates good performance 

with this search problem. Since the individual in the FP-GA are coded by a real-

value n-dimension vector, the FP-GA provides a more efficient way of preserving the 

information of the problem space. 

'1'-

·100 

Figure 4.4: Test function 2. 

Number without noise with noise 
of bit/para. eva!. fitness eval. fitness 

5 30000 0.4374499456239940 30000 0.9937148309443903 
7 30000 0.0506269055760764 30000 0.9982453119840171 
9 30000 0.9951240437489962 30000 0.9976512661317145 

11 30000 0.9944212477061732 30000 0.9967185408847405 

II FP-GA I eval. I 30000 I Fztness I 0.9982979805520601 II 
Table 4.3: Comparing performance of GA with and without noise assignment in the 
search variables for different numbers of bit/para (averaged from 100 trials). 
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• Test function 3 

Figure 4.5 shows a contour map of test function 3. As shown in Table 4.4, the 

larger bit size means that the Binary-GA with a larger bit size is faster at locat-

ing a solution than the FP-GA. The Binary-GA with noise assignment still provides 

consistent performance, but the Binary-GA without noise assignment evaluates more 

individuals while finding a less accurate solution. Meanwhile, the FP-GA demon-

strates better performance than Binary-GA in every case but one. In this example, 

FP-GA evaluates a large number of individuals for local fine-tuning of the solution. 

,',-

Figure 4.5: Test function 3. 

Number without noise with noise 
of bit/para. eva!. fitness eva!. fitness 

3 80000 1697.4367699031429311 46935 1768.5088964478009075 
6 80000 1764.8495883621110352 35414 1768.5089020279392571 
9 80000 1768.2907716608287956 28245 1768.5089056195083685 

20 4407 1768.4269851646035930 9243 1768.5089054697655229 

II FP-GA I eva!. I 22539 I Fztness I 1768.5089058278792891 " 

Table 4.4: Comparing performance of GA with and without noise assignment in the 
search variables for different numbers of bit/para. (averaged from 100 trials) 
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• Test function 4 

The problem space of test function 4 is monotonic increasing like a step-ladder. 

With this function, the Binary-GA with noise assignment shows poor performance 

in this problem but the FP-GA outperforms the Binar:y-GA as shown in Table 4.5. 

Such as with test function 1, since the solution exists at the boundary values, the 

Binary-GA with small bit size can obtain a solution faster than the FP-GA. 

Number without noise with noise 
of bit/para. eval. fitness eval. fitness 

2 140 25.0000000000000000 246 25.0000000000000000 
3 187 25.0000000000000000 270 25.0000000000000000 
6 2144 25.0000000000000000 6877 24.9499999999999993 
9 10210 24.8299999999999983 16008 24.7300000000000004 

20 20737 24.6700000000000017 19204 24.6700000000000017 

" FP-GA I eval. I 146 I Fitness I 25.0000000000000000 II 
Table 4.5: Comparing performance of GA with and without noise assignment in the 
search variables for different numbers of bit/para. (averaged from 100 trials) 

• Test function 5 

In this test function (shown in Figure 3.8), we employ an uniform distributed 

random noise instead of a Gaussian noise. The degree of the noise is Dx (Dx = 

MA:":,,(IN, where n = bit size of a chromosome) in order to investigate the entire 

problem space. 

As claimed by D. Fogel [27], the Binary-GA stagnates at a solution even if the 

solution is not a local optima. We have conducted experiments to study the conver-

gence property of our new scheme. The experiments shows that the introduction of 

noise to the parameter overcomes the Binary-GA's convergence problem. This new 
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scheme improves the limited representation scheme of a binary string from discretized 

data to real-value data. 
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Figure 4.6: Convergence capabilities of the Binary-GA with and without noise as
signment (population size=200, individual size=28, Pc=0.8, Pm=0.015). 

We examine the convergence property of our new scheme in Figure 4.6 which 

displays the error between the exact solution (122.0) and solution suggested solution 

by the Binary-GA. Notice that the error of the Binary-GA with noise assignment 

shown in the graph comes from 11 cases that didn't find the global solution. With 

the introduction of noise, the Binary-GA locates an exact solution (122.0) 89 times 

out of 100 trials, as shown in Table 4.6. The Binary-GA without noise assignment 

scheme consistently suggests the same solution which is pre-stagnated before the 

global solution. Thus, the noise assignment scheme enables the Binary-GA to execute 

local fine-tuning to the global solution. 
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without noise with noise 
number of trials 100 100 

number of find an exact solution (122.0) 0 89 
avg. error between 122.0 and GA solution 2.7943e-05 1.0760e-08 
min. error between 122.0 and GA solution 2.7943e-05 0.00000 
max. error between 122.0 and GA solution 2.7943e-05 7.7686e-07 

Table 4.6: Compared performance of the Binary-GA with and without noise assign
ment. 



CHAPTER 5 

AGA-OPTIMIZER FOR COMPUTER-AIDED 

CONTROL SYSTEM DESIGN 

5.1 Introduction 
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The problem of finding optimal engineering designs involves diverse search strate

gies. Since plant specifications often are complicated, more robust controller design 

methodologies are needed. A Computer-Aided System Design should support the 

designing of various aspects of a system, such as normal operation control, fault

tolerance, communication, planning, and scheduling [35, 24]. Since conventional 

control schemes limit their functionality to simple applications, Fuzzy Logic Con

trol (FLC) methods are receiving more attention for use in sophisticated applications 

[61, 20]. However, the parameters of the controller need to be optimized to satisfy 

the required control performance. 

A Genetic Algorithm (GA) optimizer, which utilizes natural evolution strategies, 

offers a promising technology that supports the optimization of the parameters of a 

robust control system, such as fuzzy logic and other parameterized non-linear con

trollers [22,23,55]. Because it simultaneously evaluates many points in the parameter 

space, GA is more likely to converge toward the global solution. GA does not need 
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to assume that the search space is differentiable or continuous and can also iterate 

several times on each datum received. In this context, the GA-optimizer for the FLC 

affords more reliability in global optimization rather than does the Adaptive Neural 

Net approach [52]. 

This chapter shows how AGA (Asynchronous GA) can effectively and efficiently 

optimize the performance of parameterized non-linear controllers such as a FLC al-

gorithms. A brief review of the Fuzzy Net Controller is also presented. 

5.2 Review of Fuzzy Parallel Net Control System 

The potential applications of fuzzy sets for the solution of control problems were 

described in some early works of Zadeh (1971) [61]. Mamdani and Assilian (1975) 

[38], King and Mamdani (1977) [72] and Kickert and Mamdani (1978) [93] provided 

the pioneering applications in this domain. Despite of the great success in hardware 

realizations and industrial applications of fuzzy controllers, a need for automated 

design scheme for FLC still exists [20, 52]. 

The basic idea of the fuzzy control centers around the labeling process, in which the 

reading of a sensor is translated into a label as done by human expert control. With 

the expert supplied membership functions for these labels, a reading of a sensor can 

be Juzzijied and deJuzzijied. It is important to note that the transition between labels 

is not abrupt and a given reading might belong to several label regions [20]. However, 

the fuzzification and defuzzification processing does not need to be sequential. The ._--
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input signal can be fuzzified/defuzzified simulatenously by matching membership 

functions. J. Jang [52] developed an ANFIS that the fuzzy control processing was 

adapted to a parallel neural network structure where each neuron represents functions 

(fuzzy membership) and each link represents the weight of a fuzzy rule. 

Figure 5.1 shows the structure of the fuzzy logic processor and its fuzzy rule 

table [52]. In this example, 5 membership functions are assigned to the input/output 

signals and the fuzzy rule table is filled with symmetric fuzzy values. However. unlike 

ANFIS, the links between the layer 3 and 4 in our fuzzy processor are not fixed. These 

links represent consequents of fuzzy rules of which our experiment also tries to find 

an optimal set. 

While an earlier Fuzzy Logic Controller [15, 64] was implemented in rule-based 

form (if-then), the FLC in this experiment employs a parallel inferencing network 

structure. Due to the parallel fuzzification/defuzzification scheme, the FLC can im

prove real-time performance of the control system for practical applications. 
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Figure 5.1: (a) Fuzzy logic processor and (b) fuzzy rule table: NL (negative large), 
NS (negative small), ZE (zero), PS (positive small), PL (positive large). 
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The basic operation of each layer in the ANFIS is defined as follow [52]; 

Layer 1 Every node i in the first layer has a node function 

01 = I.lA.{X) . 

01 is the membership function of Ai (a linguistic label such as small, large, etc.) and 

it specifies the degree which quantifier A satisfies x. In our application, we employed 

a bell-shaped function for /.lAi with a maximum equal to 1 and minimum equal to 0, 

such as, 

/I (x) - 1 rAi - 1+[("~uci)21b, 
I 

ai : width, bi : steepness, Ci : mean 

Layer 2 A node in the second layer performs the generalized AND operations 

with Wi representing the firing strength of rule-i. 

Wi = min ( /.lAi(X),/.lBi(X) ) min: logical AND operation. 

Layer 3 Computes the ratio of the i-th rule's firing strength to the sum of the 

firing strengths of all the rules. 

Layer 4 

- Wi 
Wi= '\''' 

L.Jk=O Wk 
n = number of rules 

Computes the def'uzzified value of each rule i. We employed the simplified 

center of mass method for the defuzzification. 
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Layer 5 Computes the overall output as the summation of all incoming signals. 

0 5 - ",n 0 4 - ",n -I 
- L.Ji=O i - L.Ji=O Wi i 

The performance of a FLC is determined by the fuzzy membership functions of 

layer 1 (input), layer 4 (output), and fuzzy rules (links between layer 3 and 4). 

5.3 Interaction of the FLC Module with AGA-Optimizer 

Figure 5.2 shows the interactions of the AGA-optimizer, FLC module, and sim-

ulation model. An individual of a AGA-optimizer possesses the parameter infor-

mation of a FLC, such as membership functions and fuzzy rules. The performance 

of the FLC operating with a simulation model is the fitness of the trial individual. 

Various parameter sets for a FLC are generated from the AGA-optimizer, and the 

FLCfsimulation model are the objective function module for calculating the fitness 

of the trial individual. 

Fuzzy Logic Controller Control Simulation - Signal c--
(FLC) Model 

Feedback 

Figure 5.2: Block diagram of the interactions of AGA-optimizer, FLC module, and 
simulation model. 
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Figure 5.3 provides a flow chart of the operations of the FLC module integrated 

with the AGA-optimizer and a simulation model. An individual from a AGA repre-

sents one trial set of fuzzy membership functions and rules. If a FLC involves 2 input 

signals and 1 output signal, each of which uses 3 membership functions (bell-shape 

function which needs parameters a, b, and c), then 27 parameters (9 membership 

functions x 3) are required to specify the membership functions of the FLC. Nine 

additional parameters should also be included to describe the fuzzy rules. This re-

suIts in a total of 36 parameters for each individual to specify a certain FLC. Each 

parameter is coded by an 8-bit binary number so the total length of an individual is 

a 288-bit binary code. Using a binary representation scheme for an individual makes 

it easy to apply the genetic operations (mutation and crossover). 

next trial parameter set 

ASYNCHRONOUS 

GENETIC 

ALGORITHM 

OPTIMIZER 

No 

Setup Membership Functions 

Initialization Model and FLC 

Sampling Data from Model 

Send Control Signal 

Yes 

Report performance of this trial 

SIMULATION 

MODEL 

Figure 5.3: Flow chart of the operation of the FLC module. 
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When the simulation starts, the AGA-optimizer sends an individual to setup a 

certain set of fuzzy membership functions and fuzzy rules for the FLC. The other 

operat.ional specifications can be pre-set inside the controller. Followed by a FLC 

setup, the simulation model is reset with its initial conditions. The FLC starts to 

issue an operational command t.o the simulation model to control the target plant. 

The amount of error bet.ween the desire trajectory and actual trajectory is considered 

as a performance of the FLC. The smaller amount of error means a higher fitness of 

the trial individual. 

5.4 Design of an Optimal Fuzzy Logic Controller using an 

Asynchronous Genetic Algorithm 

Figure 5.4 shows the schematic diagram of an inverted pendulum system. The 

structure of the inverted pendulum system is composed of a rigid pole and a cart 

onto which the pole is hinged. The cart moves either right or left, depending on 

the force exerted on the cart. The pole is hinged to the cart through a frictionless 

free joint such t.hat there exists only one degree freedom. The control objective is 

to balance the pole starting from non-zero conditions by supplying the appropriate 

forces to the cart. 

If we let. Xl(t) = fJ(t) and X2(t) = O(t), then this system can be defined by the 

following differential equations [52J : 
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e 

Figure 5.4: The Inverted Pendulum System. 

. ( ) + ( )( -F-mlx~ sin(xJ )) __ g Sill Xl COS Xl mc+m X2 1(1- mcos2 (xtl) 
3 mc+m 

where g is 9.8meter/sec2, mc(mass of cart) is 1.0 kg, m (mass of pole) is 0.1 kg, 1 

(half length of pole) is 0.5 meter, and F is the applied force in Newtons. Using a two 

step forward Euler integration, we can approximate its state at time t + h [52]. The 

objective of the AGA in this experiment is to find the optimal set of membership 

functions and fuzzy rules for a FLC. 

Xt{t + h) = 0.5hx2(t + 0.5h) + XI(t + 0.5h) 



X2(t + h) = 0.5hH2(xl (t + 0.5h), X2(t + 0.5h), F) 

+X2(t + 0.5h) 

where h = O.Olsec. 

Our fuzzy controller has following specifications: 
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• Input signals of FLC : angle of pole (degrees), angular velocity of pole (de

grees/sec. ) 

• Output signal of FLC : force (Newtons) 

• Type of membership function: bell-shaped (require parameters a, b, c for the 

fuzzy membership function). 

• Fuzzy region: NE (negative), ZE (zero), PO (positive) 

e Number of fuzzy rules: 9 

The most noticeable problem associated with the characteristics of the perfor

mance index under consideration involves differences in the relative fitness between 

individuals. If the variance of fitness in the population is small, AGA undergoes a 

random search; such behavior may be tolerable during the early life of the population 

but would be devastating later on [96]. 

For this design problem, we want to minimize the total amount of error; E = degree 

of error between the pole and 900 + Force spent during control. At every sampling 



79 

interval (0.01 sec), the degree of error of the pole between the current position and 

the target position (90 0
) and the amount of force are considered to compute a fitness. 

Therefore, a smaller E represents a higher fitness. There are two ways to convert the 

E to a fitness value of an AGA . 

• (1) Fitness = Offset - E . 

• (2) Fitness = l/E. 

In real world problems, sometimes it is difficult to select an appropriate Offset 

value. If an inappropriate value is selected, the performance of the AGA will be 

degraded. In order to strengthen the relative fitness differences between individuals in 

later AGA operations, we choose scheme (2) to compute the fitness. The performance 

index of our AGA experiment is 

Performance Index = (% f2 

where Ct and C2 are heuristically chosen to adjust the fitness difference. 

5.5 Experimental Results of Noise Assignment to the AGA 

in Designing of an Optimal FLC 

The AGA searches for an optimal FLC which controls the inverted pendulum with 

an initial angle of 10 deg, an initial angular velocity of 0 deg / sec, and a length of 

0.5 m. We vary the bit size of a chromosome and assign noise (uniform distributed 
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random noise, size = Dx, where Dx = MA; __ ~IN, n = bit size of the chromosome) 

to the parameters. With the FLC optimized by the conditions given above, we also 

test its ability to control other initial conditions such as: 

• Initial angle (deg) : ±80, ±70, ±60, ±50, ±40, ±30, ±20, ±10 

• Initial angular velocity (deg/ sec) : ±80, ±70, ±60, ±50, ±40, ±30, ±20, ±10 

• Pole length (m) : 0.25, 0.5, 1.0 

The success rate in Table 5.1 represents the number of success control of the pole 

when the optimized FLC is applied to different initial conditions (total 768 cases). 

Since the E in the table is an amount of degree of error and force during control, 

the smaller E values means a higher fitness of the AGA. The fitness and success rate 

of the AGA with noise is higher than the AGA without noise assignment. However, 

assigning too much noise degrades the performance of optimization. Notice that the 

FP-AGA has a higher E than the Binary-AGA. The simulation results also show that 

the FP-AGA has more chance of locating a local optimum in this design problem. 

The mutation in FP-AGA provides a random number to a real-value chromosome. 

Since the size of the random number becomes smaller in the later AGA process, 

the FP-AGA has higher pressure in the exploration than the Binary-AGA. In the 

contrast, the Binary-AGA balances the exploration and exploitation in the problem 

space appropriately. 
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bit/para witho ut noise with noise 
E success mte (%) E success rate (%) 

4 285.65 73.48 294.06 65.76 
6 267.10 75.97 265.42 80.55 
8 285.03 74.46 263.03 77.78 
10 275.15 64.27 271.17 66.69 

II FP-AGA I E 414.05 

" Table 5.1: Performance of the optimized FLC using different size of a chromosome 
and noise assignment (popula.tion size = 300, Pc=0.9, Pm=0.03, training data = 10 
deg, data averaged from 10 trials) 

We have tested the applicability of the optimized FLC to control of the pendulum 

under different initial conditions. Figures 5.5 and 5.6 shows two examples of the 

performance of the optimized FLCs with an initial angle of 10 degrees. Both of the 

FLCs show approximately a 90.0 % success rate. The FLC of ca.se 1 (Figure 5.5) 

balances the pole within 3.5 sec. in most cases, while the FLC of case 2 (Figure 5.6) 

shows a high degree of oscillation balancing the pole. The FLC of case 1 consumes 

less force than the FLC of case 2. Figure 5.7 shows the fuzzy surface of the FLC for 

both case 1 and case 2. The shapes of the fuzzy surface are quite different as the 

performance of the FLC. Figure 5.8 shows the optimized fuzzy membership functions 

of Figure 5.5 and Figure 5.6. 
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Figure 5.5: Performance of the optimized FLC in controlling the pendulum under 
different initial conditions: case 1 (total 786 cases). 
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Figure 5.6: Performance of the optimized FLC in controlling the pendulum under 
different initial conditions: case 1 (total 786 cases). 
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Figure 5.8: Optimized fuzzy membership functions of FLC for case 1 and case 2. 
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5.5.1 Experiment Results Noise assignment in the train

ing data 

We continue the new experiment to investigate other effect of noise assignment. In 

this experiment, instead of introducing noise to the search parameters, we introduce 

noise into the training data. During the simulation, the AGA is trained to balance 

the pole with the following initial conditions: 

• Initial angle (deg) : 20.0 + noise. 

• Initial angular velocity (deg/sec): 0.0 

• Pole length (m): 0.5 

As shown in Figure 5.9, we introduced varying amounts of noise to the initial 

angle so that the FLC is trained with slightly different initial angle. However, AGA 

assumes that the fitness of an individual is still computed based upon a fixed initial 

condition (20 deg). Since AGA is a robust search algorithm, the performance is not 

affected by the small amount of noise. 

Figure 5.10 shows the increase of the best fitness individual during AGA search. 

The best individual of FP-AGA stagnates after 30000 evaluations, while that of 

Binary-AGA continues to increase. The fitness improvement of FP-AGA is faster 

than Binary-AGA, but the graph ensures that if more individuals are evaluated after 

40000 evaluations, the best fitness of Binary-AGA can outperform FP-AGA. Since we 
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Figure 5.9: Evaluating an individual with a training data which contains noise. 

use the performance index as a form of 'liE', the fitness that the AGA approaches 

is not assured to be a global optimum. If the performance index is defined as 1/ E' 

to minimize E, the global optimum is usually unknown. In order to investigate the 

fitness as the real performance of a controller, we measure the amount of real error 

in a five seconds simulation. 

Table 5.2 shows the results of Binary-AGA and FP-AGA when noise is introduced 

into the training set. As shown in the previous experiments, a small degree of noise 

does not impair the performance of AGA. The small degree of noise rather increases 

the fitness of Binary-AGA. This experiment shows that Binary-AGA outperforms FP-

AGA. However, the performance of AGA decrease when too much noise is introduced 

into the training data. 
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Figure 5.10: The best fitness increase rate of Binary-AGA and FP-AGA. 

Bin~ry-AGA FP-AGA 
nozse E success rate(%) E success rate(%) 
0.00 1318.76 71.40 1789.10 55.04 
0.01 1107.59 66,78 3003.70 53.80 
0,02 816.36 79,85 2576.56 46.96 
0.03 960.34 73.75 3647.17 55.56 
0.04 1553.45 67.49 2236.27 38.15 
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Table 5.2: Performance of AGA for different quantities of noise assigned to the train
ing set (population size = 300, Pc=0.9, Pm=0.03, training data = 20 deg, data 
averaged from 10 trials) 
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5.6 Analysis of Noise Effect in Genetic Algorithm 

5.6.1 Noise Assignment in Search Parameters 

In Binary-AGA, if the bit size of a chromosome is k, then there are 2k possible 

bit configurations, each of which represents a state (diagram) in the search space as 

shown in Figure 5.11. As the bit size increases, AGA can investigate more states. 

Since a bit configuration can be changed after a crossover and mutation, the state 

transition diagram shown in Figure 5.11 is fully interconnected to the other states 

including itself (we eliminate all the lines interconnected between states in the figure 

due to the complexity). 

Suppose that there are n individuals in the population, and that a newly evaluated 

individual updates the gene pool only if its fitness is higher than that of the old one. 

Since we always retain the best individuals, there is (at least) one absorbing state 

(possibly maximum fitness), which is a global solution [26]. We can consider the 

state transition diagram (Figure 5.11) as a discrete-time Marchov chain where n 

tokens travel across the state transition diagram [1, 31]. If at least one of the tokens 

enters the absorbing state, then AGA finds a global solution. 

In traditional Binary-AGA, a state (a bit configuration) possesses a single fitness 

value by which the selection of a token in the state is determined. If more information 

about the problem space is required to be sampled, we should employ more bits in 

the chromosome. Even though we expand the state transition diagram, it's still not 
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Figure 5.11: State transition diagram of binary representation. 
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guaranteed that one of the states is the global solution of a real problem. As the size 

of the state transition diagram grows, the probability of a token (at least) entering the 

observing state decrease. Therefore when we increase the state transition diagram, 

we should also employ more tokens (population). 

The noise assignment scheme can resolve this problem. Instead of employing more 

bits to increase the number of states, a certain degree of noise is assigned to each 

state so that even though a token enters the same state, the fitness may be different. 

In Binary-AGA, a state represents a single value in the search space, while in the 
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noise assignment scheme, a state represent a region of the search space and provides 

more sampling opportunity. 

The fitness of a state affects the transition of tokens. The noise assignment scheme 

provides more diverse information to.a token in determining the next state. However, 

if we provide too much noise to the state, the transient direction of a token may be 

mislead. 

5.6.2 Noise Assignment in Training Data 

Design tasks using optimization algorithms, such as genetic algorithms and neural 

net, requires entries of training data. This training data provides real world infor

mation to the algorithms. Lowering the involvement of human expertise in current 

design operations means greater role played by the training data in the optimization 

process. 

The diverse information about the problem space ensures that the algorithms will 

be more robust and will find a more global optimum. Apparently, carefully selected 

multiple entries of training data support the optimization process of algorithms better 

than a single entry of training data. However, the multiple entries of data require 

more execution time than a single entry. Therefore, there is a trade-off between the 

number of training data entries and the program execution time. 

Figure 5.12 shows an example of the training data (initial angle of pole) in the 

AGA for the inverted pendulum. For example, if there are three training data entries 
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Figure 5.12: Entry of training data in optimization algorithms. 
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for a single individual, the performance of each training data is measured and then 

averaged to compute the fitness of an individual (Figure 5.12{a)). If the simulation 

execution time of a model with a single training datum is t, time 3 x t is required 

to compute a fitness. However, when we use a single training datum with noise 

assigned, it still takes time t to compute a fitness, since the AGA uses a slightly 

different training datum for every individual. However, adding too much noise to the 

training data will degrade the AGA performance. 



CHAPTER 6 

HIERARCHICAL GENETIC ALGORITHMS FOR AN 

INTELLIGENT MACHINE ARCHITECTURE 

6.1 Introduction 
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The remarkable success demonstrated by Genetic Algorithms (GA) in search, op

timization and learning has substantially increased interest in their potential appli

cation to modeling, simulation and design of complex real world systems [29, 84]. 

However real application problems often require the optimization of a large number 

of parameters with high precision. These parameters increase the complexity of the 

problem, which is more acute when their influence on system performance is not 

uniform. In existing approaches, a chromosome representing the search parameters 

does not contain information about their performance impacts. 

To address this problem, we have developed a novel scheme, called, Hierarchical 

Genetic Algorithms, in a self-organizing variable structure simulation environment. 

In this problem solving architecture, The GA modules are constructed hierarchically 

and each level solves different degrees of abstracted problems. The creation/deletion 

of nodes is executed dynamically during the operation based upon their performance. 

The lower level usually evaluates a smaller search space with a high resolution than 
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the higher level. The nodes which shows better performance receives higher proba

bility to breed its lower level nodes. 

Hierarchical Genetic Algorithms are implemented in the object-oriented simula

tion environment and adapted to the intelligent machine architecture (IMA) [13] of 

which the characteristics are (1) knowledge representation and management, (2) non

deterministic computations, (3) intensive and irregular memory access patterns, and 

(4) large potential for parallel computing. Discrete-event simulation offers an effi

cient means of investigating the enormous number of alternatives for complex search 

problems [77, 78]. Object-oriented concepts also assist the modeler in developing 

the variable structure system in a hierarchical manner [16]. Knowledge of current 

structure is distributed among the components and co-operatively maintained [9J. 

The structure also exhibits the characteristics of adaptive systems by maintaining 

good performance under dynamic work-loads while minimizing the employment of 

computer resources. 

The multilevel IMA is suggested by examining the decision cycle in simulation

based design. Typically this involves two stage processes: (1) simulation of a complex 

model is performed with the objective of evaluating its performance by agents, and 

(2) based on the result of simulation, the model or its parameter set is modified in 

an attempt to obtain improved performance. The cycle continues until satisfactory 

performance is obtained [13]. In Hierarchical GAs, the agent is AGA-optimizer which 
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performs computation intensive simulation and the controller is implemented as a 

knowledge-based expert system to organize the search. 

6.2 Hierarchical Genetic Algorithms for Intelligent Machine 

Architecture 

The Hierarchical GAs facilitates the multi resolution search strategy (as shown in 

Figure 6.1) where a higher level GA usually evaluates a wide search space with low 

resolution. The selected solution at the higher level becomes a candidate subspace 

for further investigation at the lower level GA. Whenever a promising search region 

is suggested, another GA module is created to evaluate the suggested subspace. 

Search space 

Search space 

Figure 6.1: Multi-resolution search strategy. 
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The search space of the lower level is usually smaller and less computationally 

complex than the higher level. However, as the levels get lower, the search resolution 

increases. This multi-resolution search strategy provides the Hierarc.hical GA an 

efficient way for managing computing resources during the search and allocate more 

computing resources to the promising search regions. 

The architecture of Hierarchical GAs is constructed with multiple clusters (GA-

module)' each of which possesses its own information processing capability. They 

pursue their own purpose, gather their own information and establish, maintain and 

abolish relations with other clusters. The operational knowledge incorporated in Hi-

erarchical GAs' clusters concerns the information processing properties of the module. 

The components of a cluster consists of a controller and agents (AGA-optimizers) as 

shown in Figure 6.2. 
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Figure 6.2: Structure of a cluster in the Hierarchical Genetic Algorithms. 

They independently process data in symbolic as well as numerical form. First, 

the controller is implemented by a knowledge-based expert system which is an au-

tonomous entity of the cluster. Its state variable, S, contains information in regards 
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of the name of the parent cluster, the child clusters, the associated agents, and the 

information of the problem space at a certain level as well as the selected solutions. It 

also contains rules for various operations, such as creation of a new cluster, communi

ca.tion between clusters, and interrupting the execution of its agents. The controller 

makes decisions for the operations of the cluster based upon the knowledge collected 

from the agents. 

The agent is realized by an AGA-optimizer where the evaluation of individual is 

performed in the simulator. This simulator is prepared for the computation intensive 

simulation which is often required in real-world problems. The simulation result 

found at the agent is reported to the controller. Since the higher level GA searches 

with a low resolution and the lower level GA evaluates a less complex search space, 

the AGA-optimizer is not necessary to have a large population size and chromosome 

size. This is also necessary to manage the computing resources of the Hierarchical 

GAs which creates multiple clusters during the overall search process. 

In the architecture of Hierarchical GAs (shown in Figure 6.3), each level evaluates 

different degrees of abstracted problems. Since the high level cluster usually evaluates 

a wide search space with low resolution, this level is looking for promising search 

regions rather than accurate solutions. The Hierarchical GAs stop creating the low 

level clusters if no more performance improvement from a cluster can be achieved. 

A lower level cluster is created by the selected solution from the higher level. The 

solution found at the child level is also reported to the parent cluster as the child 
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Figure 6.3: Architecture of Hierarchical Genetic Algorithms. 
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level creates its own lower level clusters. However, if the parent AGA-optimizer is 

terminated before the child AGA-optimizer reports the feedback information, this 

information is discarded. Otherwise, the feedback information to the parent cluster 

updates the fitness of the individual which was selected to create the child level 

cluster. Since the search resolution of the child level is higher than that of the 

parent level, the fitness of the feedback information is usually more accurate than 

the parent level. This updated fitness may not be evaluated at the parent level due 

to the low resolution. With the help of its child cluster, the gene pool of the parent 

can include more accurate information than can be obtained from its AGA-optimizer. 
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This scheme also increases the probability for the updated individual to be selected 

for the next evaluation during the GA process. 

The current Hierarchical GAs are conceptually implemented on the variable struc-

ture simulation environment in Motorola workstation, where the clusters are dynam-

ically created/destroyed during the simulation and executed in parallel. However, as 

shown in Figure 6.4, the Hierarchical GAs can be implemented in the high perfor-

mance distributed computing environment. 
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l/ardware compuJing layer (heavy processing layer) 

Figure 6.4: Computing environment for the simulation of the Hierarchical Genetic 
Algorithms. 

As shown in the figure, the clusters of Hierarchical GAs can be operated in parallel 

in the heterogeneous distributed computing environment (DCE) with fast communi-

cation channels. As explained before, each cluster consists of a symbolic processing 
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entity (expert system) and computation intensive procedures (AGA-optimizers). The 

evaluation of population can be parallelized in the massively parallel computer (pro

cess pool), where the evaluation of an individual often takes longer execution time. 

As the structure of Hierarchical GAs grows, the corresponding processes for the new 

clusters are created in the DCE. The expert systems perform their decision making 

operations concurrently in the light processing layer of DCE, while the execution of 

computation intensive simulation for an evaluation of an individual are performed in 

the massively parallel processing environment (called heavy processing layer). 

In the simulation of Hierarchical GAs, the intensity of communication inside a 

cluster is greater than the communication intensity between clusters because the par

allel asynchronous genetic algorithms require heavy communication traffic between 

processing elements. One of the major advantage of this multilevel interconnection 

strategy is that the communication between decision-making processes in the light 

processing layer can be fully overlapped with the computation intensive evaluations 

in the heavy processing layer in order to achieve a high degree of parallel activity [41]. 

In our simulation environment, the controller and agent are defined as a class in 

the object-oriented programming environment (Chez-Scheme [82]). Then the agent 

module is program-interfaced to an AGA-optimizer written in C language. The 

simulation result of the agent is reported to the controller. In Hierarchical GAs, the 

decision making component is implemented in a symbolic processing language, while 

the numeric computation procedure is written in C language. 
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6.2.1 Control of Search Parameters in the Hierarchical Ge

netic Algorithms 

In Hierarchical GAs, the search resolution of a parameter is controlled by the 

adjustment of the boundary values of the parameter in the individual. In GA search, 

the parameters for optimization are embedded inside the chromosome (individual) 

and traditionally the binary representation scheme is employed. This binary coding 

scheme provides an efficient way for controlling the accuracy of the parameters [68]. 

Hierarchical GAs control two different aspects of the search parameters: (1) the 

accuracy (resolution) of the search parameters and (2) their appropriate number. 

First, as we mentioned before, the higher level GA searches a wide problem space 

with low resolution. The objective of the higher level is to suggest a set of promis

ing subspaces for finding the global optimum, while the lower level searches for an 

accurate optimum. Figure 6.5 demonstrates the variation of search resolutions with 

a fixed chromosome bit size when search ranges varies. 

At levell, the original search space is defined by MIN and MAX. If we employ a 

3-bit chromosome, there are 8 possible search points. If a certain point (chromosome) 

is selected, the region between its closest neighbors becomes a new search space. The 

selected individual at the high level has implied as subspace rather than an actual 

value. This subspace becomes a problem space for the next lower level which is less 

computationally complex than the higher level. The same size of binary chromosome 
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(3-bit) for the new search space properly results in an increase of parameter resolution. 

With this approach, the lower level searches the smaller search space with a higher 

resolution which has more promise of finding an exact global optimum than the higher 

level. 
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Figure 6.5: Control of the resolution of search parameters in the Hierarchical Genetic 
Algorithms (Search Range = [MIN ,MAX], n = bit size of a chromosome, Dx = 
MAX-MIN) 

2"-1 . 

An AGA-optimizer in the Hierarchical GAs use a smaller amount of computing 

resources than that of a single level GA (where GA tries to solve a problem at one 
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level with high accuracy). However, the Hierarchical GAs change its structure to 

allocate more computing resources towards the more promising clusters in the global 

solution search. Each level contains multiple clusters and some of the AGA-optimizers 

are executed in parallel. Each AGA-optimizer has its own life spawn, and the more 

overlap between the life of AGA-optimizers, the more memory are required to create 

gene-pools at a certain time. 

Second, if a search problem involves evaluation of a large number of search param-

eters, the GA either takes a longer time or directs to local minima. The Hierarchical 

GAs employ an expanding search parameter approach as shown in Figure 6.6. The 

higher level cluster searches with fewer parameters. The result obtained at the higher 

level is sent to the lower level, where extra parameters are appended. The lower level 

GA module takes advantage of the optimized parameter information from the parent 

so that it need not search the entire parameter set. 
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Figure 6.6: Expanding the search parameters in the Hierarchical GAs. 
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The expanding parameter scheme in the Hierarchical GAs also support the de

termination of the optimal number of search parameter sets. Complicated design 

problems involve evaluation of a large number of parameters where the type of pa

rameters as well as their appropriate values are often unknown. If the design specifi

cation of a system is unknown from the beginning, the Hierarchical GAs investigate 

the alternative parameter sets and their values until no improvement in performance 

is achieved. 

6.2.2 Execution of Multiple GA Modules in Parallel 

As soon as an individual is selected from a gene pool, a lower level cluster is created 

for the detailed evaluation of the suggested subspace. If the selection is performed 

in the middle of a GA life, the parent and child clusters are running in parallel. The 

number of child clusters and the overlap of the GAs' life between them is determined 

by the selection interval as shown in Figure 6.7. The small selection interval may 

breed more clusters as well as create more overlap between the parent GA process 

and the child clusters. Therefore the smaller selection interval ensures more reliability 

in the global search but requires a large amount of computing resources. Whenever 

an individual is selected for detail search, the current fitness is also reported to the 

parent cluster to update the gene pool. 

Figure 6.8 shows the structure of a cluster and its interactions with other clusters 

in the Hierarchical GAs. A controller in the cluster coordinates the execution of the 
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Figure 6.7: Parallel execution of multiple GA modules in the Hierarchical GAs. 

AGA-optimizers (agents) to solve a given problem and selects a candidate individ-

ual(s) from the AGA-optimizers. As shown in Figure 6.8, the problem-list contains 

a search space that should be evaluated at that level. The AGA-optimizer (agent) 

evaluates a search space with the given genetic parameters, such as population size, 

chromosome size, and number of evaluations before termination. The candidate-list 

includes selected individuals from the AGA-optimizers. The content of the list be-

comes a problem-list for the next lower level. There are two type of AGA-optimizers: 

(1) PARA-AGA: This AGA-optimizer investigates the search space with more pa-

rameters, and (2) HIGH-AGA: This AGA-optimizer searches with the same number 

of parameters but at a higher resolution. 

Figure 6.9 describes the methods defined in the class of the controller and the 

agent for the object-oriented simulation environment. These methods access the 

state variables of the class to execute the basic operations of the module. The overall 

operations of the object, however, is realized by the rules for an expert system. The 

operations of the agent is also implemented by rules, but the method of execution of 
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Figure 6.8: Structure of a cluster and its interactions in the Hierarchical GAs. 

A GA-optimizer calls a C language routine to perform the GA search. An instance of 

a class is dynamically created/destroyed by another instance during the run time. If 

an instance is created, the same structure of class is copied but it contains different 

sta.te values. 
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6.3 Hierarchical Genetic Algorithms to find an Solution in 

the Bohachevsky Function 

An experiment to find a global optimum of the Bohachevsky function (shown in 

Figure 6.10) was conducted using the Hierarchical GAs. In this experiment, the 

search space is decomposed into a set of subspaces, each of which is evaluated by an 

AGA-optimizer. Since the subspace is less complex than the initial search space, the 

AGA-optimizer is executed with a relatively small population and chromosome size. 

'1'-

-1 

Figure 6.10: The Bohachevsky Function. 

Figure 6.11 shows an example of how the initial search space of the Bohachevsky 

function is decomposed into 4 subspaces. Four AGA-optimizers for the sub search 

spaces are executed in parallel. During the search process, the AGA-optimizer selects 

the best fit individual from the population as a candidate which represents a certain 

subspace. For example, let's assume that the boundary values for one of the subspaces 
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Figure 6.11: Hierarchical search scheme by multiple AGA-optimizers. 

is [(0.0,1.0),(0.0,1.0)] and the bit size of a chromosome is 3. An individual containing 

parameter values [0.125, 0.375] is selected as a candidate solution. Since the Dx is 

0.125, a new sub search space created by the candidate solution has boundary values 

of [(0.0,0.25),(0.25,0.5)]. A new AGA-optimizer is created to evaluate this subspace. 

Figure 6.12 shows an example of some selected candidate subspaces. After the GA 

search process at level 0, 7 individuals are selected from the four AGA-optimizers. 

The selected individuals create 7 subspaces which will be evaluated at the next lower 

level (level 1 ) and seven AGA-optimizers are created for further investigation of these 

subspaces. 

Since the lower level searches only within the subspaces suggested by the higher 

level, the higher level should be more reliable in the global search. In this experiment, 

the root AGA-optimizer employs a larger population with longer life spawn than that 

of the lower level AGA-optimizers. The selected individual from an AGA-optimizer is 
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Figure 6.12: Example of a candidate space selected for a further search in the Hier
archical GAs (dark shaded block: selected twice). 

compared to the so-far-best individual (the best fitness individual that has been found 

so far in the Hierarchical GAs). If the fitness of the newly selected individual is greater 

than that of the so-far-best, it updates the current so-far-best fitness and is suggested 

as a candidate for a detailed search. However, we have built-in some tolerance in the 

so-far-best fitness in the early stages so that multiple individuals can be selected as 

candidates even though the fitness of the new selected individual is not higher than 

that of the so-far-best (to a certain degree). This tolerance becomes small in the later 

stages in order to prevent the AGA-optimizer from selecting too many candidates. 

This candidate selection scheme is based on the assumption that the higher level 

AGA-optimizer evaluates a more complex problem space (a problem space including 

multi-modal complexity) than the lower level. Therefore, it is necessary to provide 

more tolerance to the higher level AGA-optimizer to breed the child AGA-optimizer 

than the lower level AGA-optimizer which evaluates a simplified problem space. 
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In this experiment, the best individual from an AGA-optimizer is selected for 

a more detailed search, even though the AGA-optimizer does not complete its life. 

Since the GA is a probabilistic based search algorithm and the root level evaluates the 

most complex search space of the Hierarchical GAs, a frequent selection scheme may 

create non promising regions as candidate spaces. In order to prevent the Hierarchical 

GAs from wasting computing resources, it is also necessary to adjust the selection 

intervals of each level. 

Table 6.1 shows the genetic parameters of the Hierarchical GAs. The AGA-

optimizer at level 0 (the root level) has a larger population size, and a longer life 

span but fewer selections than the lower levels. Selection interval represents the 

number of evaluations needed by the AGA-optimizer to select the best fit individ-

ual from the population for a candidate individual. Since the selection interval is 

smaller than the number of evaluations, the higher level and lower level clusters run 

in parallel. 

Genetic parameter level 0 level 1 lower levels 
population size 30 10 10 

no. of evaluation 210 100 50 
selection interval 50 20 20 

Pc 0.7 0.7 0.7 
Pm 0.15 0.15 0.15 

Table 6.1: Genetic parameters of Hierarchical GAs to solve the Bohachevsky function. 
no. of evaluation is a life spawn of an AGA-optimizer, selection interval is number 
of evaluations between selection of candidate solution. 
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As shown in Figure 6.13, a large number of AGA-optimizers are created in the 

early stages of the Hierarchical GAs operation. The reason is that the higher level 

AGA-optimizers evaluate a more complex search space and the tolerance of so-far

best in the higher level is greater than the tolerance of the lower level. The figure 

demonstrates that the Hierarchical GAs spend more computing resources in the early 

stages to locate a promising search space for the global optimum and in the later 

stages it limits the resources to the final selected regions. Since the number of AGA

optimizers changes during the Hierarchical GAs search process, the memory required 

to create gene-pools also varies during the simulation runtime. 
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Figure 6.13: Number of created AGA-optimizers in the Hierarchical GAs. 
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6.3.1 Experiment Results of the Hierarchical GAs with the 

Bohachevsky Function 

Figure 6.14 shows the simulation results of the Hierarchical GAs' search on the 

Bohachevsky function. It is noticeable that as the number of the initial partitions 

increase, the more AGA-optimizers are created during the search as seen in Figure 

G.l4 (a). This is because the tolerance given to the so-Jar-best in the early stage 

is large enough to select more individuals as candidates. Figure 6.14(b) shows that 

a short search time can be accomplished by the Hierarchical GAs which have a 

longer chromosome bit-size. The longer chromosome provides more accurate data 

in the early stages and prevents the AGA-optimizer from selecting less promising 

individuals. 
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Figure 6.14: Total number of created AGA-optimizer and search time to find optimum 
of the Bohachevsky function. 
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Figure 6.15 (a) shows the number of levels created in the Hierarchical GAs. For 

a greater number of bits employed in the chromosome, fewer expansion levels are 

required in the Hierarchical GAs. Since each level is created after some search process 

on the parent level, the fewer hierarchical levels ensures a shorter overall search time. 

Figure 6.15 (b) shows that the total population size created during the simulation is 

inversely proportional to the chromosome size. 
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Figure 6.15: (a) Number of created hierarchical levels and (b) total number created 
populations. 

Figure 6.16 illustrates the effect offeedback information during a search. As shown 

in the figure, the use of feedback information improves the performance of Hierarchical 

GAs. Since the parent individual receives extra fitness from its child AGA-optimizer, 

the promising individual has more opportunity to contribute to the GA search. Figure 

6.17 shows the effect on parameter precision by different chromosome sizes finding a 

solution of the Bohachevsky Function. In the simple GA, the longer chromosome size 

supports higher precision, but the accuracy eventually saturates beyond a certain size 
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Figure 6.16: Effect of feedback information on the Hierarchical GAs search time. 
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Figure 6.17: The accuracy of the search parameters found by the simple GA and the 
Hierarchical GAs. 

of a chromosome. The programmer has to provide an appropriate chromosome size 

in order to find an accurate parameter value. However, the Hierarchical GAs, based 

on the scheme of increasing resolution, automatically stops expanding the next levels 

after finding an appropriate accuracy for the search parameters. 
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6.3.2 Comparison of the Hierarchical Genetic Algorithm 

and the Simple Genetic Algorithm (single-level) 

Figure 6.18 shows the comparison of fitness error (global solution - GA solution) 

between the Hierarchical GAs and a simple GA. In order to compare the performance 

of the simple GA (single level) and the Hierarchical GAs, we measured how fast an 

algorithm finds a solution using the same amount of computing resources (memory 

size). As shown in the figure, the Hierarchical GAs approaches an optimum faster 

than the simple GA. In Hierarchical GAs, the memory size for the gene-pools changes 

dynamically during the search process. We calculated the average memory size over 

the search process to determine the amount of resources to use with the simple GA. 

The average memory size for the gene-pool in the Hierarchical GAs is: 

Error between a global solution and GA solulion 

;~r~'~:>r:i~-~-],::::,,\::J:::t~::J 
iii l.. iSlmpleGA i i 

10: :::::::::::.::::::T::::::::::::::I:::::::::::::T:::·:·~~::~~·:·:·:r:::::::::~·~;;;:T:: 
10: : . . : : 

::6 ::::t::::::::::::::::t:::::::::::::::r~~~~~~~~:~e:J"" ........ [ ... :::::::::1::: 
: : : : : - : lime 
o 200 400 600 800 1000 

Figure 6.18: The fitness of the Hierarchical GAs and simple GA . 

• avg. memory size of Hierarchical GAs = avg. population size x chromosome 

S1ze. 
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In the simple GA, the memory size of a gene-pool is fixed during the entire search 

process. Since the simple GA should use the same amount of memory size, we have 

several alternatives for the population size and the chromosome bit-size. If we employ 

more individuals in the population, the bit-size of a chromosome decreases . 

• memory size of simple GA = population size X chromosome size 

Table 6.2 shows the performance comparison between the Hierarchical GAs and 

the simple GA using the same amount of computing resources (memory). Based 

on our experiments, the simple GA can not find a solution when the bit size of a 

chromosome is less than 24 bits due to the low resolution. Since each experiment 

with the simple GA has different population and individual size, the search time and 

the number of evaluations does not show any consistent variation. 
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Initial Simple GA Hierarchical GAs 
partitions pop. chrome. search time eval. avg. pop. search time eval. 

4 17 24 1789.91 2948 51 468.3 2660 
15 26 867.81 1252 
14 28 977.75 1318 
13 30 1088.10 1353 
10 40 2943.28 2802 
8 50 1698.32 1281 

9 18 24 1040.31 1809 60 485.1 3010 
16 26 751.29 1158 
15 28 747.83 1077 
14 30 686.37 921 
11 40 2023.60 2117 
9 50 2097.16 1768 

16 20 24 518.13 1001 70 485.6 3460 
19 26 663.76 1219 
17 28 551.63 902 
16 30 779.71 1204 
12 40 1963.18 2254 
10 50 928.77 880 

25 24 24 603.81 1406 86 409.6 3810 
23 26 600.61 1342 
21 28 556.97 1132 
20 30 1533.70 2983 
15 40 610.03 876 
12 50 1284.91 1475 

36 39 24 510.50 1948 140 437.7 6560 
36 26 540.23 1905 
34 28 483.87 1606 
31 30 535.34 1621 
24 40 689.76 1613 
19 50 808.21 1486 

Table 6.2: Performance comparison between the Hierarchical GAs (chromosome size 
= 6) and Simple GA (Due to the dynamic creation of gene-pool in the Hierarchical 
GAs, avg. pop. is average size of population over the search process in the Hierarchical 
GAs. (data averaged from 10 trials)) 
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6.4 Design of the FLC for the Inverted Pendulum System 

We continue to investigate the performance of the Hierarchical GAs by designing 

an optimal FLC for the inverted pendulum problem. The experiments with the 

inverted pendulum problem in the previous chapter only optimizes the parameter set 

of a FLC with a single level AGA. In this experiment, we expands the experiment 

to the multilevel Hierarchical GAs to investigate the alternatives of various FLC 

specifications. 

6.4.1 Control of Search Parameters of the FLC in the Hi

erarchical GAs 

The primary objective in designing an optimal FLC involves the investigation 

of several alternatives, such as the type of membership functions and the number 

of the functions required. Simple GA (single-level) optimizes a FLC based on the 

assumption that a given FLC specifications, such as type or number of membership 

functions, is optimal. It only optimizes the parameters for the given specification. 

But real world applications are often too complicated to determine the correct system 

specification before performing optimization. 

The Hierarchical GAs solve this problem by changing its structure according to 

the performance of each module which employs a different type and number of fuzzy 

membership functions. The Hierarchical GAs begin by investigating simple FLC 
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specifications. As the investigation proceeds, the specifications are made more com

plicated and involve more parameters. However, the lower levels take advantage of 

the optimized parameter information from the upper level as in previous experiment. 

Figure 6.19 shows how membership functions are expanded in designing a FLC. 

The higher level designs a FLC with a fewer membership functions. Designing a 

FLC with only a fewer membership functions is relatively easy compared to a FLC 

with many membership functions. After optimization, the higher level provides some 

useful information to the lower level which expands the specification of the FLC. 

However, since the membership functions at the higher level are optimized based on 

the constraints of a relatively fewer parameters, the lower level should employ some 

tolerance in the previously optimized parameters. This is due to the possible com

promises that occur between the additional parameters and the previously optimized 

parameters. 

As we increase the number of fuzzy membership functions, the fuzzy rule table 

must also be expanded. Figure 6.20 shows how to add more slots to the fuzzy 

rule tables. Since the initial fuzzy rules are optimized based on constraints of a 

few membership functions (for example, 3 input-A,-B, and 3 output membership 

functions), the next level should optimize an expanded table of fuzzy rules with some 

degree of tolerance in the previously optimized rule parameters. ll'C>wever since the 

expanded rule table takes advantage of the previously optimized information, the 

degree of search complexity does not increase too much. 
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Figure 6.19: Scheme for expanding the fuzzy membership functions. 

t
lnp~t sl~~a/ ~ 
N~O: 
-jOo 

pompoli ps 

:;'~!i[fi:I!::ii: 
'iii psi! ZE !! NS 
'S : :::'!::t.-;x::;'t.:::::~::::::::::~*«:~: 

S .. ZE!! Nsi! NE 
::::*:::~~l:::::;;:::W::::::;;: 

l~~ NSi!: NE ~l NE 
Input-l : 5 
Input-2: 3 
output : 5 

~ I~put ~Ignl!' 1 i 

,~~O! .. 
:~:~;)!;:~,l!:~:~1~!it~: 
poj!;po!1 PSbE!~;NS 

:~:::::::::::::::::::::::::::::::::::::'t.::::::::::::!::::::::::::;:;:-;;: 

pO!!!PS!!ZE !;NS!!!NE 
":':':':-:':::i:':«':-:-:::l:':"':'»:~:~'x.:-:«~:~:.:-:-:,;,: 

PS I; ZE !i NS :i: NE?= NE 
·:::!::·:::r»:::·%::·::::!::::~:::~:l:::::~::::·:::~.::::::::: 

l~ .. ZE!iNsliNeilNE!!!NE 
Input-l : 5 
Input-2: 5 
output : 5 

Figure 6.20: Expansion scheme for fuzzy rules. 

120 



121 

Figure 6.21 shows a tree of various specifications of the FLC in which the Hierar

chical GAs search for an optimal design. Hierarchical GAs first optimizes the fuzzy 

rules which are more sensitive to the FLC performance in the root module. A small 

number of fuzzy membership functions with a small parameter search range are used 

in order to maximize the sensitivity of the fuzzy rules. The fuzzy rules found by the 

1'001, module are sent to the next lower level module, where two different membership 

function types, such as the triangular and bell shape functions are investigated. The 

next lower levels have wider search ranges in the membership functions parameters 

but utilize the fuzzy rule information received from the root level. 

Figure 6.21: Alternatives to the design specifications of a FLC. 

6.4.2 Simulation Experiments 

We conducted 3 different experiments with the Hierarchical GAs: (1) no nOIse 

assignment In the search parameters and training set, (2) noise assignment in the 
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search parameters, and (3) noise assignment in the training data set. Table 6.3 

shows the genetic parameter of the Hierarchical GAs used to design an optimal FLC 

for the inverted pendulum problem. As explained before, the root level has a larger 

population than the other levels in order to increase the reliability of the search. The 

root level finishes its search operation after 300 evaluations while the other levels 

stop after 200 evaluations. The root level also selects a candidate individual only 

after its life is terminated. In this design problem, the agent consists of two types of 

AGA-optimizers: the PARA-AGA expands the search parameters by appending more 

parameters to the previously optimized information, while the HIGH-AGA increases 

the search resolution by shrinking the search range as in the previous experiment. 

As shown in the table 6.3, each specification of a FLC has a different number of 

parameters used for optimization which contains the information of fuzzy membership 

functions and fuzzy rules. The physical conditions of the inverted pendulum in this 

experiment are: 

Population Pc Pm No. of Selection Chromosome size 
szze evaluation interval FLC spec. No. of para. bits 
1'OOt 0.9 0.02 root root tri333 21 75 
(90) (300) (300) tri535 33 117 

tri555 46 138 
others 0.9 0.02 others others bell333 24 87 

(60) (200) (para:l00) bell535 36 129 
(high:200) bell555 49 171 

Table 6.3: Genetic parameters of the Hierarchical GAs used to design an optimal 
FLC for the inverted pendulum problem (e.g. tri333: triangular type function, 3 
input-A, 3 input-B, 3 output). 
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• Initial angle (degree) : 20.0 

• Initial angular velocity (degree/sec) : 0.0 

• Pole length (m) : 0.5 

Once we design a FLC, we also test the performance of the optimized FLC with 

following test conditions: 

• Initial angle (degree) : 20,30,40,50,60, 70,80 

o Initial angular velocity (degree/sec) : -20, -10. 0, 10, 20 

• Pole length (m) : 0.5, 1.0, 2.0 

(A). No noise assignment in the search parameters and training set 

I-Jere, we perform simulations of the Hierarchical GAs without noise assignment in 

the both search parameters and training sets. Figure 6.22 shows the fitness improve

ment of the Hierarchical GAs during the search process. Even though we perform 

10 trials with each having a different random number seed, the fitness improvement 

of each run is quite similar to each other. Since Hierarchical GAs employ a small 

population and chromosome size, each level suggests a similar ca!Jdidate even for 

different runs. 

Figure 6.23 shows the performance of the optimized FLC in controlling the inverted 

pendulum with different initial conditions. As shown in the figure, the FLC takes 
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Figure 6.22: Fitness increase of the Hierarchical GAs without noise assignment. 

more than 4 sec. to balance the pole an initial angle of 70.0 degrees, and the pole 

with an initial angle greater than 80.0 degrees falls down. Table 6.4 shows the 

average fitness, search time, success rate of the Hierarchical GAs without any noise 

assignment from 10 trials. 
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Figure 6.23: Performance of optimized FLC without noise assignment. 

(B). Noise assignment in the search parameters 
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In this experiment, we assign noise of value Dx (Dx = MA:" __ ';IN) to the search 

parameters. Since the search parameters have different ranges, Dx also varies. The 

performance of the Hierarchical GAs in this experiment are also provided in Table 

6.4. The fitness increase rate shown in Figure 6.24, displays more variance than from 

the previous experiment and the average fitness shows improvement. Even though an 

AGA-optimizer has a small population and chromosome size, the noise assignment 
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data collected from 10 trials 

-~~ ____ ~~ ______ ~ ______ ~ ____ ~time 
50.0 100.0 150.0 

Figure 6.24: Fitness increase of the Hierarchical GAs with noise assignment in the 
search parameters. 

scheme enables the AGA-optimizer to sample more diverse information from the 

sea.rch space and suggest a higher fitness candidate than the AGA-optimizer without 

noise assignment scheme. Thus, when we introduce noise into the search parame-

ters, the Hierarchical GAs optimize the FLC better than without noise assignment. 

Figure 6.25 shows the performance of the optimized FLC in controlling the inverted 

pendulum with different initial conditions. As shown in the figure, the optimized 

FLC balances the pole faster than the previous experiment (A). It even balance the 

pole with the initial angle of 800
• 

(C). Noise assignment in the training sets 

The previous 2 experiments used 20.0 degrees as initial angle of the pendulum. 

Here, we introduce noise into the initial angle . 

• Initial angle (degree) : 20.0 + noise. 
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Figure 6.25: Performance of optimized FLC with noise assignment III the search 
parameters. 

The type of noise in this experiment is a uniformly distributed random number 

with a mean value of 0.0. We assign a different amount of noise in each level of 

the Hierarchical GAs which consists of different types and number of membership 

functions; Tool level (be1l333), level 1 (tri333, be1l333), level 2 (tri535, tri555, be1l535, 

beIl555). For example, the root level AGA-optimizer optimizes a FLC with a noise 

of 0.09 (min=-0.045, max=0.045) in the training data set (initial angle). The size 

of the random number for each level and the performance of the Hierarchical GAs 
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Experiment Avg. fitness A vg. search time Avg. success rate 
No noise assignment 314.82 153.46 33.04 

Noise in seal'ch parameters 457.53 143.24 72.14 

Size of noise in training set 
Toot tri333 tr'i535, tri555 Avg. fitness A vg. search time Avg. success rate 

bell333 be1l535, be1l555 

0.02 0.02 0.0001 505.31 137.96 87.32 
0.09 0.09 0.0000 451.93 142.46 84.64 
0.5 0.2 0.0001 455.01 142.24 68.93 

Table 6.4: Performance of Hierarchical GAs to design optimal FLC for inverted 
pendulum. 

are also provided in Table 6.4. If a noise is assigned to the training data, the fitness 

may not be measured by the exact value of the original training data (initial angle 

of 20°). In order to make fair comparison, the fitness of noise assignment scheme in 

the training data is calculated by performing simulation of the optimized FLC (off 

line) with the same training data as the other experiments. Figure 6.26 shows the 

fitness improvement of the Hierarchical GAs when noise is introduced. The average 

fitness of the noise assignment in the training data is equal or better than the fitness 

with noise assignment in the search parameters. The performance of the optimized 

FLC with different initial conditions is shown in Figure 6.27. The FLC controls the 

pendulum with no overshoot error, but takes more time to balance the pole than the 

FLC trained by the noise assignment scheme in the search parameters. 

Figure 6.28 shows an example of the execution of multiple AGA-optimizers in 

the Hierarchical GAs simulation. After the root level terminates its life, a candidate 

solution (fitness = 17.14) is selected to create the next lower level clusters, tri333 
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Figure 6.26: Fitness improvement of the Hierarchical GAs with noise assignment in 
the training set. Size of noise is (a) root level (0.02), level 1 (0.02), level 2 (0.02), (b) 
root level (0.09), level 1 (0.09), level 2 (0.00), (c) root level (0.5), level 1 (0.2), level 
2 (0.0001). Data is collected from 10 trials. 
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Figure 6.27: Performance of the optimized FLC with noise assignment in the training 
set. 
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and be1l333, as the search alternatives to the design specifications of a FLC shown in 

Figure 6.21. Inside the cluster, a PARA-AGA is created to optimize the given specific 

membership functions along with the optimized rules at the root level. During the 

search, the optimizer suggests candidate individuals from its population at every 

selection interval. This candidate individual creates a new optimizer, HIGH-AGA, 

which increases the resolution of the search parameters. The candidate individual 

selected from the HIGH-AGA creates the next lower level clusters, tri535, tri555, 

be1l535, and bell555, and the search continues as above. 

As shown in Figure 6.29, more AGA-optimizers are created in the later stages of 

the Hierarchical GAs operation because the clusters are created to investigate the 

various specifications of the FLC as shown in Figure 6.21. The figure demonstrates 

that the Hierarchical GAs spend more computing resources in the later stages to 

evaluate promising specifications for the globally optimal FLC. Since the number of 

AGA-optimizers changes during the Hierarchical GAs search process, the memory 

required to create gene-pools also varies during the simulation runtime. 

We also conducted a simulation to compare the performance of Hierarchical GAs 

and simple GA (single level). As before, we measure how fast the simple GA can find 

an optimal FLC with the same amount of memory for the gene population. Since 

the population size of Hierarchical GAs change dynamically, the average is obtained 

for use in the simple GA. 
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Figure 6.28: Creation/execution of the multiple GA modules in the Hierarchical GAs. 
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Figure 6.29: Variation of memory size for the gene-pool in the Hierarchical GAs. 

Since designing an optimal FLC with the Hierarchical GAs involve the investiga-

tion of various specifications, the number of parameters to optimize is different for 

each GA level. In order to compare the performance, we proposed two schemes of the 

simple GA to search different specifications of a FLC but still use the same amount 

of memory as the Hierarchical GAs used . 

• Scheme I (Figure 6.30.a) The total population of the simple GA is decomposed 

into sub populations with which a certain specification of the FLC is optimized 

by the GA. There are no interactions between the sub-populations because they 

each represent a different search problem (different number of parameters). 

• Scheme II (Figure 6.30. b) Different specifications of the FLC are implemented 

with the same bit-size of an individual. The individual contains information on 

the type of membership functions, the number of membership functions, and 
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Figure 6.30: Two schemes for the single level GAs to allow comparison with the 
Hierarchical GAs. 

their parameter values. Before evaluation, the individual should be interpreted 

appropriately for a certain specification of the FLC. One population for all the 

possible specifications of the FLC is then created for the GA search. 

Table 6.5 shows the performance of the single level GAs designing an optimal FLC 

for the inverted pendulum problem. As shown in Table 6.4 and 6.5, the Hierarchical 

GAs find a better optimized FLC faster than the single level GAs. The GA search 

of scheme II does not actually follow the "building block" theory of the genetic 

algorithms. Since individuals represent different sets of search parameters, receiving 

a "schema" from a different individual may not contain a consistent "block". If the 

interpretation of the block exchanged between individuals is not consistent, then the 

schema is just a random number. Thus scheme II is more a like random search, but 

still shows a better performance than scheme I due to the large population size. 
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Scheme of experiment 
scheme I scheme II 

No. of gene-pool 6 1 
Size of population 20 x 6 100 x 1 
No. of evaluation 800 x 6 5000 x 1 

Avg. fitness 118.29 250.28 
A vg. search time 400.2 300.70 

Table 6.5: Performance of the single level GAs in designing the FLC for the inverted 
pendulum problem. 



CHAPTER 7 

GA-OPTIMIZATION FOR RAPID PROTOTYPE 

SYSTEM DEMONSTRATION 

7.1 Introduction 

136 

This chapter demonstrates the capability of AGA-optimizers with real applica

tions. Unmanned deep-space missions require systems to operate for long periods of 

time and to accomplish given missions under a variety of scenarios without external 

help. Autonomy becomes an important issue since it reduces the necessity for fre

quent communications with earth, which inevitably slows down the decision-making 

process due to the extensive communication time delay. High autonomy intelligent 

control systems have been developed for unmanned factories to conduct scientific 

experiments or process local planetary resources. The Fuzzy Logic Controller has 

been implemented in the hierarchical control system for the temperature control of 

a process plant [15, 64]. 

We have constructed a working prototype of a plant for producing oxygen from 

the Martian atmosphere at the NASA-UA Space Engineering Research Center [64]. 

The center (NASA/UA SERC) is investigating the means to produce Oxygen from 

lunar and/or asteroidal rocks as well as from the Martian atmosphere. The Martian 
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Oxygen Production System which produces O2 from indigenous resources on Mars 

has a tubular solid Zirconia Electrolyte cell that electrochemically separates O2 from 

a high temperature stream of CO 2 [94]. 

AI-based common core technologies are employed in developing rapid prototype 

system demonstrator as shown in Figure 7.1. With various AI techniques, designing 

control system becomes more flexible and robust. Several geometric specifications of 

the clusters have been under investigation to reduce the temperature gradient along 

the cluster. Instead of using one single heater outside the cluster (as shown in Figure 

7.1 proposed plant design I), three heaters may be located outside the cluster (Figure 

7.1 II) or a thin rod-type heater may be located inside cluster (Figure 7.1 III). 

The control system for the new design may use different sensor inputs (e.g. differ

ent numbers and locations) and control outputs (e.g. multi control output). Though 

the overall control architecture developed before does not need to be changed, ad

justment of some control parameters may be required. When design specifications 

change, modeling, simulation and optimization enable users to build a new controller. 

System design environments based upon various AI techniques reduces human 

effort and possible errors. It supports easy system building as well as testing of the 

system operation. If real-time constraints and complexity are involved in the plant, 

the control system needs to be carefully designed and fully tested before operations. 

Some AI-based techniques become more important in design of such systems. 
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Figure 7.1: AI-based common core technologies to develop a rapid prototype system 
demonstration. 

Our primary objective is to design optimal fuzzy membership functions that per-

form well with given operational specifications while utilizing minimal human ex-

pertise. In the computer simulation, the FLC operates the models, such as the 

heater/cluster model of the Mars Oxygen Production System (OPS). 

The OPS, shown in Figure 7.2, includes Zirconia tubes located symmetrically 

inside a cylinder. A radiation heater is wrapped around the outer surface. With this 

configuration, the majority of heat transfer between the outer surface and the oxygen 

gas inside the system is due to radiation. Applying the one-dimensional heat equation 
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with lumped temperature distributions for the surface and oxygen temperatures, we 

obtain two first order differential equations as provided below. The Tp represents the 

pipe temperature and Tz represent the Zirconia tube temperature. A value of SW in 

the equation is either 0 (OFF) or 1 (ON) to control the heat source (heater). The 

objective of the FLC is to increase the temperature of Zirconia tubes at a constant 

rate until a goal temperature is reached [94]. 

02 Gas 

Heater J CO, C02 Gas 

~ l Electric Power 

C02 Gas 

Zirconia Tubes 

Figure 7.2: Cluster of the oxygen production system. 

~ = 2.75 x SW - 4.42 x 1O-12(Ti - T;) - 8.65 x 1O-4(Tp - 278.0) 

dTz = 4 42 X 1O-12(T4 - T4) 
dt' p z 
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7.2 Design of a FLC for the Oxygen Production System 

with AG A-optimizer 

Our first experiments with the AGA-optimizer is to design an optimal FLC to 

increase the temperature of the Zirconia tube at a constant rate. The FLC has the 

following specifications: 

• TempA: increase rate of the target temperature 

• TempB: increase rate of the actual temperature 

• Input signals: input-A = TempA - TempB 

input-B = d(input-A)/dt 

• Output signal: on/off duty cycle of heater 

• type of membership functions: bell-shaped 

• Fuzzy region: NL(negative large), NS(negative small), ZE(zero), 

PS(positive small), PL(positive large) 

• Performance: minimize sum of input-A and peak-oscillation-error-of-input-A 

• Simulation time: 5,000 sec or temperature reaches target value. 

An individual of the AGA-optimizer represents one trial set of fuzzy membership 

functions. The followings are the genetic parameters to design a FLC for the OPS. 
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• Population size : 30 

• Pc 0.8 

• Pm : 0.01 

• Bit-size of an individual : 360 

During the control operation, temperatures are sampled every 1 second while the 

FLC issues a control command every 25 second to the heater. This is due to the time 

lag of the temperature response. When temperature reaches a target value, the FLC 

stops controlling the heater and the performance of the FLC is computed. 

(A). Operational Specifications of Experiment-I 

• Starting temperature: 278° K 

• Target temperature: 1078° K 

• Desired increase rate: lOoK/min 

The objective of this experiment is to design a FLC to change temperature of the 

OPS from 278° K to the target temperature (1078° K) with a constant temperature 

increase rate of lOoK/min. After GA optimization, we came up with an optimal 

set of input/output fuzzy membership functions as shown in Figure 7.3. The 5 

membership functions of input-A (increase error rate) is distributed over the range of 

±lO° K, while those of the input-B (increase rate of input-A) is located in the range of 
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Figure 7.3: Optimal fuzzy membership functions for the control of operational spec
ifications I. 

±5° K. The output membership functions are located in the range of ±10° 1<. Since 

the variation of input-A is larger than its time derivative (input-B), the membership 

functions of input-A covers more ranges than input-B. 

The results of the temperature control experiment using optimal fuzzy membership 

functions are provided in Figure 7.4. The error between the desired increase rate 

and the actual increase rate was approximately ±2° 1</min, which was within the 

acceptable tolerance range (±5° 1</min). The actual temperature increase, as shown 

in Figure 7.4(b) is almost linear. 

Figure 7.5 (a) shows the increase of the best fitness of the population during the 

GA search. It illustrates that the well performed membership functions are found 

in the early evaluations of the GA optimization process. Figure 7.5 (b) shows how 

the fitness of individuals change. Figure 7.5 (c) illustrates some interesting results. 

If the heater/cluster model was controlled with the same FLC, but with a different 

temperature increase rate, the performance of the FLC would be degraded since 

desired temperature increase rate is not 10°1< Imino Since the FLC can provide a 
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Figure 7.4: Performance of the FLC for operational specifications I (target tempera
ture increase rate = lOoK/min). 

flexible control scheme, we continued our investigation to find fuzzy membership 

functions that performed well with various operational specifications. 
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Figure 7.5: Fitness change of individuals during the GA search and performance 
comparison with different operation specifications. 
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(B). Operational Specifications of Experiment-II 

• starting temperature (0 I<) : 278, 578, 878 

• target temperature (0 I<) : 1078 

• increase rate (0 I</min) : 4, 6, 8, 10, 12, 14, 16, 18 

These operational specifications were prepared for the possible scenarios where the 

control system degraded the performance of the plant temporarily after the detection 

of an abnormal situation and recovered from it at various operating levels. 

For one trial individual, the FLC evaluation module executes 24 cases (3 different 

starting temperatures X 8 different temperature increase rates). The error in each 

case is normalized by the temperature increasing time and is collected to calculate 

the fitness of the trial individual. With this scheme for measuring fitness, we can 

compute the performance for each of the 24 cases with the same fuzzy membership 

fUllctions. 

Figure 7.6 shows the optimized fuzzy membership functions. Unlike experiment 

I, the input-A membership functions are distributed in the range of ±15° I<, but 3 

membership functions are located at the center. For input-B membership functions, 

one membership function is incorporated into the other membership function. 

Figure 7.7 (a) illustrates the temperature increase rate of the optimized member

ship functions with different operational specifications. The performance of the best 

case is provided in Figure 7.7 (a-I) and worst case (among the 24 cases) is shown in 
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Figure 7.7 (a-3), where the temperature increase rate is out of tolerance at the early 

stage. The temperature control according to the original operational specifications 

(temperature increase rate = lOoK/min) is provided in Figure 7.7 (a-2). 

Figure 7.6: Optimal membership functions for control of the operational specifications 
II. 
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Figure 7.7: Performance of the optimized FLC with operational specifications II. 
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7.3 AG A-optimizer Bench Marks 

The simulation environment is implemented on the Motorola MultiPersonal Com-

puter model-200 RISC workstation. GA operations employs the DEVS-Scheme sim-

ulation environment and the FLC evaluation module is written in C language. Two 

program languages are interfaced to exchange simulation results. 

Table 7.1 shows the performance results of the experiments. One trial evaluation 

time represents the FLC evaluation time. Since Experiment-II considers 24 cases, it 

takes a longer time to evaluate the fitness of a trial individual than with Experiment-

I. The fitness of individuals increases significantly in the early stages of GA search 

process and spends most of its time for fine-tuning. The TTO (time to optimize) 

represents the time taken to find the highest fitness value of a simulation. Each 

experiment evaluates about 2300 times to find the optimal membership functions. We 

assumed that AGA has 30 PEs in both experiments. The numbers in the Estimated 

TTO using 30 PEs represents the time that would be taken if the experiments were 

run on a parallel computer with 30 PEs. 

Experiments I II 
Number of parameters to optimized 45 45 
Accuracy /parameter 8 bits 8 bits 
One trial evaluation time 4 sec. 58 sec. 
Time to optimize (TTO) 3 hrs. 40 hrs. 
Total number of evaluated individuals 2383 2377 
Number of Processing Elements 30 30 
Estimated TTO using 30 PEs 6 min. 1.4 hrs 

Table 7.1: Simulation Performance. 
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We compare simulation results with the hand-tuned rule-based FLC [15, 64] in 

Table 7.2. The rule-based FLC was adjusted with the actual experimental data of 

the oxygen production plant and took about 1.5 hours to increase the temperature 

and 10 hours to cool down. Therefore, the FLC could be tuned with only a limited 

number of experiments, while the FLC in the simulation environment can be designed 

after a greater number of experiments. 

Experiment Hand-tuned FLC GA tuned FLC 
Exp. I designing time 6 days 3 hrs. 

performance ±3K/min. ±2K/min 
Exp. II designing time not practical 40 hrs. 

performance NA ±5K/min 

Table 7.2: Comparison of design time based on simulation and real experiments. 

For experiment-II, 24 different operational specifications are to be considered at 

the same time for a single adjustment of the FLC, which is beyond human reason-

ing capability. Furthermore, the time taken for tuning is impractical for real-time 

application. However a computer-aided system design environment which consists of 

an AGA-optimizer and a modeling/simulation capability for the plant enables us to 

design a FLC, even with complex specifications. 
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7.4 Asynchronous Genetic Algorithms on the CM-5 

An Asynchronous Parallel Genetic Algorithm is implemented on a parallel com-

puter the CM-5. A CM-5 system consists of a large number of processing nodes, a 

small number of partition managers (PMs), and some number of I/O control pro-

cessors (IOCPs) and I/O devices. These components are all linked together by two 

internal communication networks, the Data Network and Control Network. Each 

processing node (Figure 7.8) contains a RISC microprocessor and a network inter-

face (NI) chip that connects the node to the networks. Each processing node may 

also contain four vector processor units (VUs), which are located between the RISC 

microprocessor and the node's memory. The VUs, when they are present, provide 

highly efficient memory-based arithmetic calculations [83]. 

Memory 
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Unit 
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8MB 
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Interface ~ 
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Figure 7.8: Components of a CM processing node. 
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The CM-5 processing nodes are grouped into one or more partitions, each con

trolled by a partition manager. Program execution always begins and ends with the 

partition manager. The CM-5 system uses a parallel timesharing operating system 

known as CMOST which allows each partition of nodes to execute as a separate 

parallel timesharing system. Each partition has its own set of processors to execute, 

and can be considered a separate parallel processing system, except when it needs to 

communicate with other partitions and with I/O devices. 

An application program executing on a CM-5 is actually two separate programs. 

One program runs on the partition manager (the "host" in CMMD terminology); the 

others runs on all nodes. In a CM-5 message-passing program, a program executes in 

multiple copies, one on each processing node. The nodes explicitly handle all loading, 

balancing, distribution of tasks, etc. Communication between nodes is in the form of 

"message" sent from one node to another, or from one node to many nodes. 

To create a hostless program, a user writes a single program that will execute 

on all nodes. CMMD supplies the server program that executes on the host. To 

create a host/node program, a user writes two different programs, one for the "host" 

(the partition manager) and one for the nodes. The asynchronous parallel genetic 

algorithm is implemented by the host/node program model. 

The evaluation of a population can be executed in parallel. The partition man

ager executes genetic operations, such as selection, crossover, and mutation and the 

processing nodes executes the evaluation of an individual. Since the asynchronous 
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node 0 node 1 node 2 node2 

Figure 7.9: Execution model without VUs. 

genetic algorithms parallelize the function evaluations, the vector units for memory

based arithmetic calculations are not employed. Figure 7.9 shows the host/node 

program models without vector units. 

Figure 7.10 shows a flowchart of an asynchronous parallel genetic algorithm on 

the CM-5. There are two different programs (as shown in Figure 7.11), "host.c" 

and "node.c". The "host.c" program executes genetic operations, maintains the 

population and manages the node programs. The "node.c" program contains an 

objective function for an individual evaluation. The information is exchanged by 

a message-passmg scheme. CMMD provides routines for communication between 

processing nodes; 
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send message (Individual) 

send message (Individual) ... 
no 

STOP 

Figure 7.10: Flowchart of the asynchronous parallel genetic algorithms on the eM-5. 
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1*------------------------------------------------*1 1* HOST program *1 
1*------------------------------------------------*1 
main(argc. argv) 

{ 

} 

int argci 
char *argv [] i 

int 
long int 
double 
struct 

i.j. pe_id, nprocsi 
tempi 
rndi 

individual bufferi 

CMMD_enableO i 
nprocs = CMMD_partition_size()i 

1*--------- send initial population -----------*1 
initpop(POP_SIZE)i 1* create initial population *1 
for(i=Oi i< POP_SIZEi i++) 

CMMD_send_block(i,CMMD_DEFAULT_TAG, kpop[i], sizeof(pop[i]))i 

1*--------- iterate GA process -----------*1 
for(i=Oi i< MAX_EVAL i i++) { 

CMMD_receive_block(CMMD_ANY_NODE, CMMD_ANY_TAG, kbuffer, sizeof(buffer))i 
update_gene_pool(kbuffer)i 
evaluation(buffer.pe_id)i 

} 
exit(O)i 

1*--------------------------------------------------*1 1* NODE program *1 
1*--------------------------------------------------*1 
main(argc, argv) 

{ 

} 

int argci 
char *argv [] i 

int 
double 
struct 

i,j,dum,pn_number,my_addressi 
dum1,dum2i 
individual bufferi 

pn_number = CMMD_self_address()i 
CMMD_enable_host()i 

for (i i) { 

} 

CMMD_receive_block(CMMD_ANY_NODE, CMMD_ANY_TAG, kbuffer, sizeof(buffer))i 
eval(kbuffer)i 
bUffer.pe_id = pn_numberi 
CMMD_send_block(CMMD_host_node(),CMMD_DEFAULT_TAG, kbuffer, sizeof(buffer))i 

Figure 7.11: Host/node programs in CM-5 
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The program of an oxygen production system is ported from a Sun Sparc-lOOO 

to the eM-5. An estimated evaluation time of an individual is 5 - 7 sec. Table 7.3 

shows the optimization performance comparison between the Sun Sparc-lOOO and the 

CM-5. For this experiment, 200 processing nodes are employed. 

Platform Sun Sparc-lOOO CM-5 
Population 200 200 

Pc 0.7 0.7 
Pm 0.001 0.001 

Number of evaluation 4000 4000 
Execution time 7 hrs. 26 min. 7 min. 44 sec. 
The best fitness 3453 3453 

Table 7.3: Simulation Performance. 

7.5 Hierarchical GAs to Design Optimal FLC for the Oxy-

gen Production System 

We also conducted 3 different experiments with the Hierarchical GAs: (1) no 

noise assignment in the search parameters and training set, (2) noise assignment in 

the search parameters, and (3) noise assignment in the training set. Followings are 

the genetic parameters of the Hierarchical GAs. 

Table 7.4 shows the genetic parameter of the Hierarchical GAs to design an op-

timal FLC for the oxygen production system. The operational specification of the 

experiments is to increase the temperature at a constant rate of 10.0 OJ( Imin .. 
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Population Pc Pm No. of Selection Chromosome size 
size evaluation interval FLC spec. No. of para. bits 
root 0.9 0.02 root root tri333 21 75 
(300) (500) (500) tri535 33 117 

tri555 46 138 
others 0.9 0.02 othe7's others be1l333 24 87 

(40) (para:500) (para:300) be1l535 36 129 
(high:300) (high:300) be1l555 49 171 

Table 7.4: Genetic parameters of the Hierarchical GAs in designing an optimal FLC 
for the oxygen production system. 

Figure 7.12 shows the performance of the optimized FLC to increase the temper-

ature of the Zirconia cell. The configuration of the optimized FLC is tri535 and the 

temperature increase rate shows less error than the previous single level AGA opti-

mization. Figure 7.13 shows the fitness improvement of the Hierarchical GAs. When 

an appropriate FLC specification is investigated, the fitness of the Hierarchical GAs 

increase more than before. 

We also conducted two experiments with noise assignment. The performance of 

the FLC designed with noise assignment in the search parameters is shown in Figure 

7.14 and the performance of the FLC with noise assignment int training data is 

shown in Figure 7.15. The performance of the Hierarchical GAs with noise scheme is 

similar to the Hierarchical GAs without noise scheme. The operation of the Oxygen 

Production System is less sensitive to the input control signal than the inverted 

pendulum. The overall performance of the Hierarchical GAs without noise is sensitive 

to the genetic parameters, such as population size and chromosome size of each 
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Figure 7.14: Performance of the FLC designed by the Hierarchical GAs with noise 
assignment in the search parameters. 

cluster. However, the Hierarchical GAs with noise scheme demonstrate consistent 

performance regardless of the genetic parameters. 

Figure 7.16 shows how the multiple AGA-optimizers are created and executed in 

parallel during simulation in the Hierarchical GAs. 
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Figure 7.15: Performance of the FLC designed by the Hierarchical GAs with nOlse 
assignment in the training data. 
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Figure 7.16: Parallel execution of multiple AGA-optimizers in the Hierarchical GAs. 



CHAPTER 8 

CONCLUSIONS 

8.1 Conclusions and Contributions 
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An asynchronous genetic algorithm has been devised for the analysis of the par

allel genetic algorithms. In the multiprocessing architecture, individuals are evalu

ated concurrently and a central agent updates the population continuously as the 

evaluation results become known. The AGA does not need to be synchronized by 

generations to create successive populations. The concept is implemented in the 

DEVS-Scheme modeling and with the simulation environment and the discrete event 

simulation environment being written in C language. Asynchronous evaluation of 

individuals on a parallel computer improves the utilization of the processors and 

reduces search time when the evaluation time of an individual is variable. 

We have introduced a new concept of noise assignment into the asynchronous 

genetic algorithm. As the genetic algorithm is robust, its performance is not im

paired by noise. Furthermore, the noise assignment in the search parameters resolves 

the pre-convergence property of the genetic algorithms. Unlike the evolution pro

gramming, the genetic algorithms use a binary coding of parameters to evolve, and 

may prematurely stagnate at solutions that may not even be locally optimal. We 
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have combined the binary representation scheme (discretized value) of an individual 

with a random number (analog value), so that the genetic algorithms can investigate 

the entire search space regardless of the bit-size of an individual. The simulations 

experiments demonstrate that the noise assignment scheme in the search parame

ter increases the search performance of the AGA as well as resolve the convergence 

properties of the GA. 

The AGA demonstrates its capability as an optimizer for complex engineering de

sign tasks. The AGA-optimizer effectively and efficiently optimizes the performance 

of a parameterized non-linear controller such as the FLC. It provides more reliabil

ity in a global optimization than does an Adaptive Neural Net. The designed FLC 

by the AGA-optimizers demonstrates its high applicability to different operational 

specifications. 

As the real application problems require evaluation of a large number of param

eters, the complexity of the search grows beyond the limit of the simple GA. We 

have developed a novel scheme called the Hierarchical Genetic Algorithms. This 

multilevel GAs can be adapted in the Intelligent Machine Architecture. We have 

implemented the Hierarchical GAs in the object-oriented simulation environment. In 

this architecture, the controller and agent cooperate together to solve different levels 

of ahstracted problems. This architecture is suggested by examining the decision cy

cle in the simulation-based design. Computation intensive simulation is performed by 
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the agent and the intelligent knowledge-based expert system modifies the parameter 

sets to obtain improved performance based on the simulation result. 

The clusters in the Hierarchical GAs are constructed hierarchically and creation, 

deletion are executed dynamically based on their performance. Usually the lower 

level cluster searches larger number of parameters with higher resolution than the 

clusters of the higher level. Intensity of communication inside a cluster is greater than 

between clusters. The lower level cluster takes advantage of the optimized parameter 

information from the higher level. The lower level cluster also contributes to the 

search process of the higher level by sending feedback information. The multilevel 

interconnection strategies allow the upper level communications between the decision 

making process to be fully overlapped with the intensive processing at the lower level 

to achieve a high degree of parallel activity. 

We have compared the performance of the Hierarchical GAs and simple GA 

(single-level). The multilevel Hierarchical GAs adaptively changes its structure to 

allocate more computing resources to the promising nodes. With the same amount 

of memory size for population, the simulation results shows that the Hierarchical 

GAs found a solution faster than the simple GA. 
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8.2 Future Work 

• Implement an AGA on a massively parallel computer such as the CM-5 and 

investigate the real-time characteristic of the asynchronous evaluation of in

dividuals. The population of GA in the early stage contains more randomly 

generated individuals, while in the later stages of GA the population consists 

of more refined individuals. Therefore the variance of evaluation time should 

change over GA search process. 

• Investigate the performance of the AGA with various constraints, such as a 

limited number of processing elements, bottleneck of communication between 

nodes, and different types of variance in the evaluation time of an individual. 

• Extend the Hierarchical GAs for the distributed computing environment. In 

the heterogeneous computing environment, different workstations execute sets 

of asynchronous GA and report the simulation results to the host computer 

where the decision making process is executed. Creation/deletion of a AGA 

process in a workstation is determined by the host computer. 

• Extend the variable structure simulation environment for the Intelligent Ma

chine Architecture. The architecture changes its structure adaptively to allocate 

more computing resources to the promising nodes. The intelligent machine ar

chitecture also inherits the characteristics of distributed AI, more intelligent 

decision making module need to be design for an effective search. 
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Appendix A 

DEVS-SCHEME SIMULATION ENVIRONMENT 

A.I Introduction 

Discrete event simulation offers an efficient means of analysis and design of com

plex systems, such as controller, manufacturing, communication, and computer sys

tems, among others. Powerful languages and computing environments have been 

developed for describing such complex models for computer simulation [78]. 

Differential equations employed to describe continuous systems have a long history 

of development whose mathematical formalization came well before the advent of the 

computer. In contrast, discrete event simulations were made possible by, and evolved 

with, the growing computational power of computers. The prime requirement for 

conducting such simulations was to be able to program a computer appropriately. Not 

of immediate utility, computer-independent model description formalisms for discrete 

event systems, paralleling the differential equations for continuous systems, were late 

in coming. Yet, it is now being recognized that our understanding of complex systems 

may be greatly enhanced with such mathematically based formalisms [11]. 
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A.2 Discrete Event System Specification Formalism 

The Discrete Event System Specification (DEVS) Formalism introduced by Zei

gler (1976) provides a means of specifying a mathematical object called a system. 

Basically, a system has a time base, inputs, states, and outputs, and functions for 

determining next states and outputs given current states and inputs [2, 6, 7, 11]. 

A system can be described as existing in anyone of a set of internal configurations 

or "states" with discrete inputs and outputs. The state of a system summarizes the 

information concerning past inputs that is needed to determine the response of the 

system to subsequent inputs [7]. The discrete event formalism focuses on the changes 

of state variable values and generates time segments that are piecewise constant. 

In the DEVS formalism [11], one must specify basic models from which larger 

ones are built, and describe how these models are connected together in hierarchical 

fashion. In this formalism, basic models are defined as followings: 

A DEVS (Discrete Event System Specification) is a structure: 

IV! = (X,S,Y,8int,8ext, A,ta) 

where 

• X is the set of external (input) event types. 

• S is the sequential state set. 

• Y is the output set. 



• 8int : S -+ S, tIle internal transition function. 

• 8ext : Q X X -+ S, the external transition function. 

where 

• Q is the total state set = {( s, e) /s E S,O ::; e ::; ta( s)} 
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• ta : S -+ Rd,oo, the time advance function, where the Rd,oo is the non-negative 

reals with 00 adjoined. This function determines the maximum time that the 

system can remain in the current state. If time ta( s) elapses without occurrence 

of external events, an internal state transition transpires based on 8inh imme

diately preceded by an output generation using the function, A. And external 

event occurring at elapsed time e after the last transition evokes a transition 

determined by 8ext . 

• A : S -+ Y, the output function. 

A basic model, called atomic model, contains the following information: 

• the set of input ports through which external events are received; 

• the set of output ports through which external events are sent; 

• the set of state variables and parameters: two state variables are usually present 

- phase and sigma (in the absence of external events the system stays in the 

current phase for the time given by sigma); 
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• the internal transition function, which specifies to what next state the system 

will transit after the time given by a sigma has elapsed; 

• the external transition function, which specifies how the system changes state 

when an input is received - the effect is to place the system in a new phase and 

sigma, thus scheduling it for a next interna.l transition; 

• the output function, which generates an external output just before an internal 

transition takes place; 

• the time advance function, which controls the timing of internal transitions -

when the sigma state variable is present, this function just returns the value of 

sIgma. 

Specification of modular discrete event models requires that we adopt a differ

ent view than that fostered by traditional simulation languages. As with modular 

specification in general, we must view a model as possessing input and output ports 

through which all interaction with the environment is mediated. In the discrete event 

case, events determine values appearing on such ports. Basic models may be coupled 

in the DEVS formalism to form multicomponent models. The formalism is closed 

under such coupling [11]. The reader is referred to [11] for background assumed in 

the following presentation. 

Several atomic models can be coupled to build a more complex model, called a 

coupled model. A coupled model tells how to couple several models together to form 
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a new model. The DEVS formalism also defines a coupled model in modular form as 

a structure: 

DN = (D, {Md, {Jil, {Zi,i},select) 

where D is a set of component model names; for each i in D, Mi is a component 

model, Ii is the set of influences of i, Zi,i is an output translation function (the i-to-j 

output translation), and select is a tie-breaking function. Such a coupled model can 

itself be employed in a larger coupled model. 

A.3 SES Formalism 

A System Entity Structure (SES) (shown in Figure A.I is a knowledge represen-

tation scheme that contains knowledge of decomposition, taxonomy, and coupling 

relationships of a system necessary to direct model synthesis. Formally, the SES is a 

labeled tree with attached variable types that satisfy six axioms - alternating mode, 

uniformity, strict hierarchy, valid brothers, attached variables and inheritance [8, 11]. 

AB 

I 
AB-dec - Aspect Node 

I 
I 
~ 

A-1rec - SpeciaiizaUon Node 

I 
A1 A2 

I ilr - Multiplo Entity 

B 

Figure A.I: System Entity Structure 
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There are three types of nodes in the SES - entity, aspect, and specialization 

- which represent three types of knowledge about the structure of systems. The 

entity node, having several aspects and/or specializations, corresponds to a model 

component that represents a real world object. The aspect node (a single vertical line 

in the labeled tree of Figure A.l) represents one decomposition of an entity. Thus 

the children of an aspect node are entities, distinct components of the decomposition. 

The specialization node (within a double vertical line in the labeled tree of Figure 

A.l) represents a way in which a general entity can be categorized into special entities. 

A multiple entity represents the set of all members of an entity class and it is a special 

entity that consists of a collection of homogeneous components. Such components 

are a multiple decomposition of the multiple entity. The aspect of such a multiple 

entity is called a multiple aspect (triple vertical lines in the labeled tree of Figure 

A.l ). A su bstruct ure of a S ES is extracted for use as the skeleton for a model. This 

substructure is called Pruned Entity Structure (PES) and the extraction operation 

of a PES from the SES is called pruning ( or pruning operation). There are only 

aspect type nodes and entity type nodes in a PES. All the multiple decomposition 

nodes and specialization nodes in SES are traversed and processed in pruning process. 

The process done at the specialization node is to select a special entity (either Al or 

A2) and the process done at the multiple aspect is to decide the number of multiple 

decomposition (number of components in BS) and type of kernel models (broadcast 
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models, controlled-models, etc.) that this multiple decomposition forms. For more 

on DEVS formalism and SES formalism refer to [7, 11, ?]. 

A.4 DEVS-Scheme Simulation Environment 

DEVS-Scheme is a modular hierarchical discrete event simulation environment 

implemented in object-oriented Scheme language which runs on UNIX and DOS 

compatible computers. The environment realizes the DEVS formalism [2, 6, 7, 11], a 

theoretically well-grounded means of expressing hierarchical, modular discrete event 

simulation models. DEVS-Scheme is implemented as a shell that sits upon Scheme 

language in such a way that all the underlying Lisp-based and object oriented pro

gramming language features are available to the users. 

DEVS-Scheme allows a modeller to keep models in an organized library in a modu

lar form, enabling hierarchical assembly and disassembly as required in investigating 

design alternatives. The environment is based on two formalisms: discrete event

system specification (DEVS) and system entity structure (SES) formalism [7, 10, 11]. 

The environment allows the modeller to specify explicitly the structure of a simula

tion model using SES formalism and its behavior using DEVS formalism. Structural 

and behavioral specifications of a model can be saved in a structural knowledge base 

called entity structure base (ENBASE) and behavioral knowledge base called model 

base (MBASE), respectively. 
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The result is a powerful basis for combining AI and simulation techniques. To 

support Intelligent Machine Architecture (IMA), DEVS-Scheme can be program

interfaced with a foreign language, such as C. The multilevel object model is suggested 

by examining the decision cycle in simulation-based design. Typically, this involves 

a two stage process: (1) simulation of a complex model is performed with the 

objective of evaluating its performance (by C program) and (2) based on the results 

of simulation, the model, or its parameter set, is modified in an attempt to obtain 

improved performance (by DEVS-Scheme) [13J. 
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Appendix B 

IMPLEMENTATION OF ASYNCHRONOUS GENETIC 

ALGORITHM IN THE DEVS-SCHEME SIMULATION 

ENVIRONMENT 

A discrete event simulation environment written in DEVS-Scheme and C was de

veloped for this investigation. Workstation-based simulation methodology affords ad

vantages when compared to the direct implementation on parallel platforms adopted 

by the investigators cited earlier [81, 74, 88, 85, 90, 73, 37]. Discrete event simu

lation provides the flexibility to easily generate a wide variety of alternatives that 

are difficult to realize on a single architectural constrained parallel system. More

over, the model can focus on the performance questions of interest thereby omitting 

the complications that accompany the use of a real parallel platform. On the other 

hand, eventual testing of results on such a platform is certainly necessary to ascer

tain the applicability of the results when embedded in the context of actual limits of 

communication bandwidths and processing element computing power. 

As an example of flexibility of simulation, we mention that fitness function eval

uations can be generated from random distributions rather than execute the cycles 

needed to consume corresponding processing times. Discrete event simulation is in

herently efficient in its scheduling approach to managing such times. Moreover, in 
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this application such simulation may be faster than parallel execution. This is so 

since function execution times have to be large relative to processor and interconnect 

latencies (to be representative of the underlying assumptions concerning the time 

complexity of evaluations). In event-based simulation such times are not actually 

consumed. 

The concept of asynchronous genetic algorithm was implemented on the DEVS-

Scheme object-oriented simulation environment in the Motorola MPC (Multi Per-

sonal Computer model-200/300) which provides construction of the hierarchical dis-

crete event models. Figure B.1 shows the block diagram of how the models inter-

act/exchange messages with each other during the simulation. 

(new individual. fitness) 

(Control PEl 

lE i , , . : , , 

' .. .. -~--- .. -----

(new individual) 

Figure B.1: The Architecture for Asynchronous Genetic Algorithm Simulation 

As shown in Figure B.1, the processing elements (PE) in the asynchronous genetic 

algorithm can be categorized as : genetic population PE, evaluation PEs and control 

PE. While the PGA executes serial GAs in the multiple processing elements with 
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subpopulations, the asynchronous genetic algorithm evaluates a single individual in 

a processing elements (evaluation PE) at a time. The total population is always 

contained in the genetic population PEwhich executes genetic operations and updates 

the population. It also generates new individuals whenever it receives request from 

the control P E. 

Message transfer between the genetic population P E and the evaluation P E is 

controlled by the control PE : it delivers evaluated individuals to the genetic popu

lation PE and requests new individuals for the evaluation PE. Thus the evaluation 

PEs keep evaluating individuals with which the genetic population PE continuously 

updates the population. 

In addition to models, we employed two objects in the asynchronous genetic al

gorithm simulation; gene-pool and individual. The class gene-pool contains the GA 

parameters and population as well as executes genetic operations. It has instance 

variables, viz., list of individual names, Pc, Pm, the best fitness, the average fitness, 

and the total fitness of the population, and methods, such as selection, crossover, 

mutation, updating old individuals in the population. An individual, another object 

that represents a single individual, has instance variables, name of individual, chro

mosome string, and its fitness. So the population of a gene-pool consists of instances 

of individual class. 



_________ CLASS DEFINITION 
class name: GENE POOL 

class variables : none 
instance variables: gene-list, popsize, pc, pm, totalfit, avgfit 

jinitialize inst.variables 
jcreate an individual-object 
jcreate a population 
jupdate parent individual 
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instance methods: 
init-gene-operator 
create-individual 
init-gene-pool 
update-parent-gene-template 
up date-worst-gene- tern plate 
update-init-gene-template 
ind-operation 

jupdate the lowest fitness individual 
jassign initial fitness to the population 
jgenerate new individual 
by crossover and mutation. 

class name: INDIVIDUAL 

class variables : none 

instance variables: name, string, fitness 

instance methods: none 

In this simulation, the evaluation function is implemented in the GA-agent model. 

The GA-agent calls a simulation process to evaluate complex environments. 

When simulation starts, a job generator model (GENR in the System Entity 

Structure as illustrated in the Figure B.2) sends genetic parameters, such as Pel Pm, 

string size and population size, to the GA-controller model which creates an instance 

of gene-pool. The evaluation of individuals is executed in the GA-agent models in 

parallel. The message transfer between the gene-pool object and the GA-agent models 
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Figure B.2: The System Entity Structure of Asynchronous Genetic Algorithm Sim
ulation in DEVS-Scheme Simulation Environment 

is controlled by the GA-controller model. Whenever there are idle GA-agent models 

available, the controller model requests new individuals from the gene-pool object 

and sends them to the GA-agent models. When an individual is returned to the 

GA-controller model after evaluation, it is sent to the gene-pool object to update the 

population. If other individuals arrive to the controller model during the updating 

operation, they are put into the message queue to wait for next updating. 

Figure B.2 shows the System Entity Structure of the DEVS-Scheme simulation 

environment. The GENR and TRANSD in the entity EF (Experimental Frame) 

create a simulation job and collect its performance. The major asynchronous genetic 

algorithm simulation models are implemented under the entity GA-OPT. Instead of 

specifying the coupling scheme between models in the System Entity Structure, we 

employed name-directed coupling scheme in this simulation [17] . 

• Updating Strategies 

As several population updating strategies are available [29, 96] for new individu-

als, we compared two strategies in this experiment. In the first, a newly evaluated 
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individuals replace its parent if fitness is higher than that of its parent. The second 

strategy is that the evaluated individual replaces the lowest fitness member in the 

population. These strategies can be employed for different applications and their 

performance will be discussed. 

With the same population size, string size, Pc (crossover probability), and Pm 

(mutation probability), the performance of asynchronous genetic algorithm will be 

evaluated against a varying number of processing elements. The more the processing 

elements provided, the larger number of individuals can be evaluated in the same 

period of time, but less coherent information can be utilized. In order to investigate 

this tradeoff, we compare the time taken to reach the optimum as well as the number 

of evaluated individuals required. 
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