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Abstract

The nework desgn problem can be defined as the search for optimd topologicd
configurations of links connecting a set of fixed nodes Mog of the previous work on the
ubject has been redricted to smal networks of fewer than 20 nodes due to processng
and memory requirements as wel as the huge increese in complexity seen as network
gze is increesed. This project explores scaing a genetic agorithm to adgpt to solving the
problem for much larger networks of up to 200 nodes while Hill obtaning optima or
near-optima solutions for al node configurations. A variety of techniques are used,
incdluding specidisad genetic operators and heurigics, to improve both the eficiency and
performance of the GA in devdoping solutions to the increesingly complex problems.
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1. Introduction

1.1 A Background of Evolutionary Computing

Evolutionary computing (EC) isafidd that has enjoyed a surge in growth and
research in recent years. Its concepts are rooted in biology and computer science, which
are combined to produce a discipline that encompasses al methods for solving problems
that are ingpired by the traditiona evolutionary method seen in nature. These processes
are designed and moddled after biologica evolution to produce the same deve opmentd
effects on a population over a period of time.

Theideas behind EC were first concelved and modeled by Holland (1975) in his
semind book Adaptation in Natural and Artificial Systems. The book wasthe first
introduction to genetic dgorithms (GAS), which are the basis on which mogt of EC is
built. Holland outlined the basic concepts of evolution and their application to computer
modds. A GA isdesigned to solve aspecific problem, without any prior knowledge of an
optimd solution. The GA operates by creeting an initid number, or population, of
genomes, each genome representing asingle possible solution to the problem, usudly
randomly initidized. The encoding of the genome is an important factor —it isthe
representation of the abstract genome. This encoding can take a variety of forms, from
smple bitgrings or sats of floating-point numbers to more complex structures such as
trees. These genomes are then ranked according to their fithess— ameasure of how well
each individua genome meets the requirements st by the designer for an optimal system.
Those genomes with higher fitness ratings are conddered to be ‘fitter’, and are more
likely to be sdlected to *breed” with other genomes. This breeding is implemented
through crossover, a process by which specific genes are selected from two ‘ parent’
genomes and placed into a new genome, conddered to bethe * child’ of both of the
parents. Thisresultsin anew genome that possesses characteristics of both of the parent
genomes, without being an exact replica of ether. Mutation can then be gpplied to the
child genome on a probability bass — only asmdl portion of the offsaring of a
population will be mutated. How thisis accomplished is totdly dependent upon theform
of the genome and the problem being solved. The processes of crossover and mutation
are goplied until there are an equa number of child genomesto parent genomes, a which
point the populaion of parentsis destroyed and replaced by the offspring. This entire
processis known as asingle generation. By sdecting individud genomes with higher
fitness vaues as being more likdly to breed, it islikdly that the new population of
offgoring after a generation will have a higher average fitness value than the population
of parents. A GA can be st to run for as many generations as the designer sees necessary
for the devdopment of an optimd or near-optimd solution.

There has been agreat ded of work and innovation in the fidd snce Holland's
work in 1975. Goldberg (1989) provided a more thorough explanation of thefidd in his
book Genetic Algorithmsin Search, Optimisation, and Machine Learning. With a better
undergtanding of the mechanics of EC, new sdection, crossover, and mutation methods
have been introduced and refined, resulting in fagter, more efficient and better performing
GAs One of the mogt important and useful developments has been in the implementation
of hybrid GAs These dgorithms use a heuridtic gpproach combined with traditional



evolutionary techniques to find appropriate solutions to the problem, often fagter than a
dandard GA. While sandard GAs are often adequiate to fulfil the problem-solving nesds
of asystem, aheurigtic gpproach is often able to direct the development of a population
of genomes towards an area of the solution space that is known to contain solutions of a
higher fitness leved. This often resultsin Sgnificantly faster development of the

population. Local searchisone of the more popular and gpplicable heurigicsthet is
added to GAs It isusudly implemented as a technique used to improve agenome after
breeding and mutation have taken place, retaining the improvements to the genome.
There are avariety of other heurigtic techniques that can be gpplied, and researching new
methods has become very popular.



1.2 Network Topology Design

A network is composed of anumber of nodes representing individua computers,
memory addresses, buildings, terminds, depots, and any other sort of location, physica
or abdtract. These nodes can even represent smaller, self- contained networks — the only
requirement is that each node is completely independent of dl other nodes. These nodes
are connected by links, dso known as edges, representing paths between the two nodes at
ether end of thelink. Thelinks that are Specified can be any form of connection, from
fiber-optic rlaysto water pipesto roads. Individud links have avariety of properties
such as length, capacity, rdiability, and acogt. Codt is caculated from properties
possessd by alink. Intuitivey, links with higher vauesfor ther properties are
congdered to be *better’ and will therefore have ahigher cog.

1.2.1 Motivations

Desgning the topologies for these networks is an undertaking that can be gpplied
to dmogt every agpect of modern society. City planning, telecommunication networks,
and even mapping out aroute for atrip acrosstown are dl tasks that seek optimal
solutions to a part of the network design problem. The ability to creste networks that
operate efficiently, smoothly, and perhgps most important, reliably, resultsin improved
trangport and communicetion in dmogt every Stuation.

1.2.2 Difficulties

Unfortunately, the network design problem is not eesily solved — it falsinto the
category of NP-hard problems. These problems are characterized by the requirement of a
brute force method for obtaining aguaranteed optima solution. Brute force methods
obtain the definitive optima solution to a problem by performing a thorough examination
of dl possble solutions, atime-consuming and repetitive process.

The difficulties experienced in solving NP hard problems through brute force
methods are even more pronounced when it comes to the network design problem. Given

acollection of n nodes, the number of passble links for that configuration of nodes can
becdculated as:

nn-1
2

Using this equation to determine the number of possble linksin anetwork dso

tels us the number of possble network configurations for the specified collection of
nodes. If each link has s possble states, which could correspond to presence or absence,

religbility leves, or other such properties, thisgivesatotd of:



n(n-1)

S 2

possible network configurations. The following table shows the number of possible
configurations for networks containing various numbers of nodes

n s=2 s=3 s=4

5 1024 59049 1048576
10 3.5E13 2.95E20 1.2E27
20 1.5E88 45E121 2.46E145
50 5.77E399 2.98E615 3.3E768
100 1.25E1521 5.6E2392 1.57E3011

The number of possible configurations grows exponentialy through both n and s,
resulting in enormous search spaces for moderate values of nand sthat could take brute-
force methods unacceptable amounts of time—months or years - to fully process, without
even taking into account the time required for actudly evauating each network
configuration. Because of this exponentia increase in the complexity of the problem,
norma optimisation methods are dmost worthless, given the extreme cos.

While atrained expert on the subject has the ability to draw on experience for
designing optimd topologies, the limitations of human designers usudly redtrict this
activity to very smadl networks of less than 20 nodes. Without an experienced designer,
even smdl problems are dl but unsolvable through standard means. Because of these
difficulties, evolutionary gpproaches have been the methods of choice for solving the
problem of network design. The nature of evolutionary computation is very gpplicablein
this gtuation, given the vast search spaces and limited available resourcesin relation to
the Sze of the problem.



1.3 Goals and Methods

This project congsts of aseries of experiments amed a the development of a
genetic dgorithm for solving the network design problem. The GA that is used
incorporates severa heuristic methods, described below, that are believed to have an
impact, sometimes sgnificant, on the speed of development for optimd topologies. In
addition, the research is not limited to amdl-scae networks of fewer than 20 nodes, as
many previous experiments have been. Scaling the dgorithm is taken into congderation,
asthisis an important agpect of developing larger, more complex networks.

1.3.1 The Effectiveness of a GA on a scaled network

Although many such dgorithms have been deveoped in past research (see section
2), dmog dl of these have concerned themsdves with smdl or very smal networks,
those containing between 5 and 20 nodes due to the exponentia increase in problem
complexity as network Sze increases. Thisincrease in complexity meansan increasein
computer processing and memory requirements, which have only been met in recent
years.

Smdl-scde network development is very useful for the design of locd area
networks (LANS), and other such topologies. Given their rdaively smdler solution
gpaces, anetwork design is often found that can be assumed to be optimd, or nearly so.
Usng the same agarithms for finding optima or near-optima designs for much larger
networks can introduce problems, particularly in the issue of maintaining dl-termind
connectivity, the network gate in which every node, or termind, is connected to every
other termina, mogt often through a path between a series of connected nodes. Invery
large networks, asin amdler networks minimizing the cogt of the network entails
removing as many extraneous edges as possible. This presentsamgor problemin
networks with hundreds or thousands of edges when the remova of a sngle edge could
result in the network becoming disconnected. Thisis not o much a problem with smaler
networks, astheratio of edgesthat will reconnect the network to the number of total
possible edgesis much amdler — on alarger network with an undirected agorithm such
asaGA, however, finding alink that will reconnect the network could be like trying to
find aneedle in a haystack.

The most important adjusment that must be meade for finding near-optimad
solutionsin very large networks is within the fitness function. As rdighility is o much
more of anissuein order to ensure that thereisavdid path between each pair of nodesin
alarge network as opposed to asmadl network, the pendty for unrdiable or infeasible
networks must be increased Smply to mantain feeshility. In smdler networksthis
pendty occurs Smply to compare two networks thet are very likdly to be feasible and
find the more reliable of the two. In large networks, the pendty is gpplied in the interest
of giving disconnected networks very low fitness vaues. An gppropriete scaing of the
fitness function mugt be found in order to atain these gods



1.3.2 The Addition of Local Search

Locd search isatechnique thet is used agreat ded in modern GAsin order to
increase the speed of the dgorithm in finding an optima solution. There hasbeen a
variety of techniques proposed, but most come down to asmple brute-force method of
searching the solution gpace around the genome for adightly fitter solution. The Sze of
the areato search is often the main factor — a balance has to be struck to keep the loca
search effective while not overemphasizing the procedure and moving the GA too dose
to becoming a brute force method itsdlf.

Whileitisnot drictly necessary to implement local seerch in a GA, the benefits,
for the mogt part, outweigh the costs. One of the shortcomings of GAsisther inability to
explicitly direct their development toward promising aress of the solution Soace, a
difficulty theat implementing alocd search dgarithm is able to overcome. In extremey
complex problems such as network design, this can meke for Sgnificant increasesin
performance as the dgorithm is guided towards networks that are smilar to those found
by the GA, but with higher fitness levels

1.3.3 The Addition of Prior Knowledge

The concept of introducing prior knowledge to a GA involves giving the dgorithm
information about what an optima solution looks like, @ther in part or in full. Neturaly it
would be pointlessto give afull optima solution to a GA; there would be no point to
running the dgorithm in the firg place. When a portion of the solution is given to the
GA, however, it often has the effect of speeding the search, as part of the problem has
aready been solved.

Prior knowledge can take avariety of forms depending on the specific GA, and
more importantly, on the problem. In terms of the network design problem, prior
knowledge is intuitively implemented as giving the agorithm an optima solution for one
or more network configurations of asmdl number of nodes— for example, solving the
network design problem for aset of four nodesis a smple undertaking, which could even
be done by hand in a reasonable amount of time, given thet there are only Sx possble
edges and thus s® possble configurations, many of which will beinfeasible The
knowledge of thisoptima link configuration for a st of nodes with the same specific
physicad arrangement can be passed to a GA that is assgned to solve aproblem
containing more than four nodes, and then gpply the knowledge to dl sets of four nodes
with the same physca |ayout before sarting the evolution of the population. In theory,
thiswill result in the initid population being composed of genomes that arefitter then a
randomly initidized genome, thus skipping the number of generations necessary for the
GA to reach that point on its own.

10



1.4 Structure

Following the introduction of evolutionary computing and the network design
problem as described in this chapter, | will be describing related work that has been done
in the fid, induding previous methodologies and mativations. Thiswill not be confined
to the overarching design problem, but will so cover sub-topics which have been |ooked
at outsde of the specific problem. Following this| will describe in detall the
implementation of the GA, induding the encoding, data sructures, evolutionary
techniques, and fitness caculation. The fourth chapter will cover results obtained from
the GA over avaiety of problems, with discussons of each result asit is presented.
Findly, the last chapter will be devoted to conclusions and suggestions for future work
on the network design problem using heurigtic and non-heuristic GAs

11



2. Related Work

The network design proldem is composed of avariety of smdler problems, each of
which contributes to the overal complexity. Mot of these have been researched heavily
in their own right, as they can be goplied to many problems. This chapter will begin with
adescription of related work on the network design problem, followed by an examination
of research on the vitaly important issue of network-pecific reiability caculations, and
finishing with areview of sudies on the encoding of networksfor usein aGA.
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2.1 Developing Network Topologies

Large numbers of sudies have been done on the network design problem,
describing varying solutions, agorithms both heurigtic and nontheuristic, and important
condderations to be taken into account. The research in this are encompasses awide
range of spedific problemsthat fal under the network design umbrella, and some nove
gpproaches have been proposed. In recent years, EC has come to the forefront of the
search for reasonable solutions to these problems, given its observed successin amilar
gtuations where very large solution paces must be searched efficiently for optima
lutions

In one of severd studies by the authors, a hybrid gpproach is taken towards the
problem of designing backbone structures for communication networks (Konak and
Smith, 1999). The backbone network design problem is defined by the authors as
“finding the network topology minimizing the desgn/operating cost of a network under
performance and survivahility consderations” Backbone communication networks are
unconcerned with specific linking of al nodesin anetwork, rather basing their
connectivity messures on hubs within the network — nodes thet act as centrally located
connectors for dl nodesin dlose physica proximity. The sudy usesalocd search
agorithm to improve genomes within the populaion by goplying domain-specific
information. Results showed thet the gpplication of local seerch resulted in an dgorithm
that improved on previous dgorithmsin terms of efficiency, measured as the number of
generaions required for the GA to find an optima solution. The number of nodesina
network for this study ranged between ten and twenty-three.

The same generd gpproach istaken in another udy (Deeter and Smith, 1997),
with the exception that the agorithm is goplied to full networks. A heuristic GA gpproach
is used for the design of networksin an attempt to minimize cogt while taking dl-
termind reiability into account. Unlike many sudies, the research performed here
accounts for varying rdiability levesfor links—in other words, it alows for more than
two possble values of s. The agorithm was tested with promising results on networks of
five nodes, dthough the technique used is questionable on larger networks —my own
remplementation performed in the course of this project showed results suggesting that
highly unlikely topologies were ‘optima’ for networks of twenty or more nodes

A sudy on the development of an evolutionary dgorithm for “the design of hybrid
fiber optic-coaxid cable networks in amdl urban arees’ by ateam of ressarchers a the
Universty of Seville gppliesavariety of new condraints to the sandard network desgn
problem (Cortes, Guerrero, et d, 2001). Mot intriguingly, the authors present an
dgorithm thet solves the problem as efficiently as possible, but ground it in reg-world
Stuations by addressing issues that would influence the actud congtruction of a network,
such as problems with civil works. They make the effort to minimize the network
deployment costs over smdl urban areas, usng LANs as an example of asuiteble
network size and sructure. The case is represented in the sudy as aform of the Steiner
problem — trying to maximize avaue f(x) for the vdue x. The network is divided into two
sections— Steiner nodes, or those which are used to pass data through the network, and

13



termind nodes, the destination nodes for the data.

Part of the same team of researchers used anove gpproach to the problem by
basing their GA on an explaitation of the Kuhn-Tucker optimaity conditions (Cortes,
Larraneta, et d, 2001). The Kuhn-Tucker theorem, agenerdization of Lagrange
multipliers, is based in nonlinear programming, seting thet if aregularity condition holds
while functionsf and h are convex, a globd minimum is a solution which didfiesthe
conditions of h for avector of multipliers. The researchers used this theorem in designing
agenetic goproach deding with topologica design for the backbone of atwo-levd
hierarchica network.

A case study was performed by members of both University of Seville teeams
(Cortes, Onieva, et d, 2001) which gpplied adecison support system from the previous
work in planning teecommunication networks to ared world node layout based on the
Anddusan region of southern Spain. This systlem took asits mgor condderation the
economic satus of the areas represented by nodes, and used this congideration in
sdecting properties such as hub and termind locations. Unlike other work on the subject,
this sudy was concerned not only with the optimd layout of the links for connecting
nodes, but with the physica location of the nodes themsdlves. This point, aswell asthe
real world condderations and implementations, make for an extremely interesting case
Sudy.

Evalutionary techniques were used by Philippides (1996) in an examination of
their gpplicability to the network design problem. An important point thet is made
concerns deve oping networks thet are not Smply optimized for minimum cost and
rdiability, but dso for shorter paths between nodes. This has the effect of decreasing
latency in the network, making it more useful in reg-world applications. Tets were
limited to asingle seven node configuration, reducing the credence of generd
performance measures, dthough no daims were made regarding the ussfulness of the
agorithms on larger, more complex arrangements of nodes.

A decompaosition method basad on branch and bound for the minimization of total
network cogt with asystem reigbility constraint was presented by Jan et d (1993). The
agorithm presented provided excdlent results on smal networks, given itstotaly
heurigic nature. Because of this nature, however, the dgorithm was not gpplicable on
large networks given the computational cost. Regardles, this study is often cited asan
important step in developing the heuridtic portion of ahybrid GA.

The subject of evolutionary design for larger networks was presented by Denzig
and Altiparmak (1995) where a heurigtic search dgorithm based on a GA was devel oped.
Its purpose, like previous sudies, was to optimize the design of a network while taking
into account ardiability condraint. While the agorithm devel oped appears sound for

larger networks, it does not appear to have been tested on topol ogies containing more
than 30 nodes, likely given the technologicd condraints a the time.

14



2.2 Calculating Network Reliability

Finding solutions to the problem of calculating network rdigbility isawell-
established fidd in its own right. Its gpplicability extends beyond the network design
problem, to encompass al areas of research into networks and graphs. Stated smply,
network rdiability is“the probability that every node can communicate with every other
node through some (non specified) path of arcs [edges] for astated misson time not
dlowing repair” (Konak and Smith, under review).

A vaiety of techniques have been suggested and implemented, each with strengths
and weaknesses. The Smplest and fastest method is to gpproximeate the rdigbility of the
network by determining the upper and/or lower bounds —the maximum and/or minimum
vauestha the rdiability of the network could possibly reach. Depending on the
agorithm used, these caculaions can take between polynomid and exponentia time.
The results that they give are not guaranteed to be close enough to the actud riability
vaue of the network for determining whether the tested topology is optimd, but they are
very useful for establishing which topologies warrant a dose examination through amore
exact and time-consuming method.

Jan (1993) gave an dgorithm for determining the upper bound of maximum
network rdiability, which is used quite afew studies of the network design problem. His
method derives the upper bound in terms of the connectivity leve of each nodein the
network — i.e. how many edges are connected to it. In short, the edges of anetwork are
placed into an indexed array, and the maximum rdiability of anetwork is caculated as
the sum of the probatiility of each edge in the network failing Imultaneoudy with every
edge prior to it, determined recursvely. While Jan's method is robugt, efficient, and
eedly converted to cdculating alower bound of minimum network rdiability, its magor
shortcoming isthet it only works on networks where al edges possessidenticd rdiability
vaues. Thisdrawback is noted in the conclusons of the sudy, and suggested as afuture
line of work.

Thisis precisely what is undertaken in Konak and Smith’s study “An Improved
Genera Upper Bound for All-Termina Network Reiability,” at last report under revison
for publication. Ther dgorithm issmply an extenson of Jan' sthat takesinto account
edges with varying rdiability ratings, aong with afew minor changes thet dightly
improve the tightness of the bound on al networks.

The second method for determining network rdigbility is esimation, usudly
performed by a Monte-Carlo style process of removing random edges from the network
undergoing testing one at atime subject to their probability of falure. Oncedl of the
failed edges have been removed, the network istested for connectivity. This entire
process is repeated a set number of times, and the find network rdiability is determined
by the number of timesthe network falled, i.e. was not connected, divided by the number
of times the test was performed. The chief problem with this method is that with 5=
possible system dates, where E isthe number of possble edgesin the network, it would

15



require the test to be repested many, many times for even moderate vaues of E in order
to account for even asmadl portion of these gates. Without a suitable large number of
repetitions, sampling error would be introduced in serious quantities, but when the
number of repetitionsislarge, the dgorithm'’s running time increases as well.

An dgorithm was determined by Yeh et d (1994) that improves upon this sandard
“crude’ Monte-Carlo method by firgt finding the probebility of k edgesfailing for k=0
through E, repested a set number of times. Secondly, the agorithm determinesthe
probability thet if k edgesfail in the network, the network will become disconnected,
agan repeated the same set number of times. These two probabilities are multiplied, and
thesumisfound for dl k. Thefind relidbility rating of the network isequd to thissum
divided by the constant number of repetitions used in both previous eguations. Because of
the more refined gpproach to determining edge fallures, this process needs fewer
iterations in comparison to the crude Monte- Carlo gpproach, leading to lower processng
times.

Thefind method of determining network reliability is done through backtracking
through the entire network, removing dl combinations of edges based on thair rdiability
ratings and testing for network connectivity. The final exact vaue of the network
reliability isthen caculated as the number of failed networks divided by the total number
of combinations of edges, 5. Because this s a brute-force process operating on an NP-
hard problem, processing times are unacceptably high for dl but the smalest networks,
despite the exact riability reting that is obtained. Because of this difficulty combined
with the nature of this project, this method was not heavily researched or implemented
here.
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2.3 Network Encoding Schemes

Much of the work done in the area.of network encoding schemes draws inspiration
from the encoding of neura architectures such as neurd networks, which issmilar to the
network design problem in that it is concerned with developing idedl links and weights
for aset of nodes. This problem can be solved using evolutionary techniques, and centrd
to this processis the choice of the representation scheme thet is used to encode a neurd
architecture in the form of agenome and to decode a genome into the corresponding
neurd architecture, the phenome. Many of these encoding schemes are eeslly trandaeble
to the network design problem.

Miller et a (1989) gave an example of aneurd encoding where anetwork with n
nodes is represented by a connectivity matrix of dimensgons n” n, where each column
specifies the condraints, or weights, on the connections between the node represented by

that column and al other nodes. Eachentry C; inthematrix indicates the nature of the

condrant on the link from node j to node i, with a 0 representing an absent edgeand al
representing the presence of a connection between the nodes. The genotype for this
schemeis condructed by concatenating the rows o the matrix, resulting in a bitgtring of
length n” n. It should be noted thet this schemeis designed for a directed network,
where each edge can only represent alink from one node to another; thereisno
connection from the second node back to thefird. This differs from many of the network
design representations that use an undirected network, where edges represent a path that
goes in both directions.

Cdlular encoding (Gruau, 1992) is an encoding process by which neurd networks
aretrandated into trees of grammear transformations, which are then optimised using
genetic programming techniques. Thisresultsin aframework thet shows congstency
between applications, and provides for autometic network generation. However, it does
not offer a clear-cut association between the encoded genome and the corresponding
network phenomes — identical series of trandformations a different locationsin the tree
can result in totaly different configurations of parts of anetwork. Despite these
difficulties, cdlular encoding has been used in agreat ded of research regarding neura
architecture due to its concise, complete nature, which is very ussful for encoding
complex networks.

These two methods represent the core of most direct and indirect encoding schemes
used for neurd architectures, and thus the core of most schemes used in solving the
network design problem. An example of the direct representation used in most research
was implemented by Dester and Smith (1997), in which dl possible links are represented
by a connectivity matrix, differing from Miller’ s scheme only in thet an activelink is
defined by an integer corresponding to that link’ s relighility leve. Because of ther
ampliaty, direct encodings of this form are nearly ubiquitousin network desgn research
—indirect encodings are extremely rare, though Philippides (1996) provided a comparison
of adirect encoding usng Prufer sequences to augment an adjacency matrix, and an
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indirect encoding basad on relative addressing for determining the destination of each
link in the network. In the tests performed, the direct encoding outperformed the indirect
encoding by asgnificant messure.
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3. Implementation

The program corresponding to the research performed in this project is codedin
C++ and Java 1.4. The Java portion of the programming is done on the Eclipse
programming IDE usng the Codefarm Al platform to dlow for pre-programmed GA
functions, ease of use, and advanced visudlisation opportunities

The sdection process, a2d spatid sdector, istaken from the Codefarm software
library, asis an ditism method that retains the best solution from each generation within
the population of genomes. Each of the genome objects described in 3.2.1 isbasad on the
generic genome providedin the library, and the crossover and mutation operators are
extendgons of the basic methods, re-implemented to function on the specidized encoding
used in this project.
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3.1 Encoding

Inamog al of the previous research into the network design problem described in
sections 2.1 and 2.3, genomes representing dl of the edges of the network were
implemented as arrays of integers, with a0 representing an absent edge, and some
poditive-vaued integer representing a present edge, with the exact value varying based on
the reliability rating of that edge, if this property was being tested for. While this
encoding was functiond for smdl networks with alimited number of possble edges, in
larger networks where the number of possible edges is increased exponentidly, this
resultsin arrays that are composed dmost entirdly of Os, given the atempt by the GA to
minimize the tota number of edges present in the network.

For example, a5 node network has atota of 10 possible edges, given thet the
edges have orly two states — on and off. If this network is 2-connected, or has at least 2
edges connected to every node, the minimum number of active edges, and therefore 1sin
the genome, is 5, or 50% of the genome. However, in @400 node network, with 79800
possible edges, a 2- connected network would use aminimum of 400 edges, or .005% of
the number of possible edges. Asthe GA isused to minimize the totd cost of the
network, hiswould lead to enormous genomes that contained miniscule percentages of
1s, an extremely indfident implementation.

To avoid this problem in this project, genomes are implemented containing only
the active edgesin anetwork. The object- oriented nature of the languages used makes
this a sraightforward process, as each edge is handled as an individud object with a
unigue identification. The result is a genome thet is only as long as the number of active
edges in the network, and therefore 100% efficient, while dill dlowing the same
functiondity as the encoding described above. See section 3.2.1 for afull description of
the genomes usad in the encoding.
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3.2 Data Structures

3.2.1 Node, Edge, and Network Genomes

Three different genomes are usad in the project for full network representation.
Networks are split into three parts— the set of nodes with ther fixed physica locations,
the variable st of edges representing the connections between nodes and their associated
properties, and an encompassing network genome that contains the other two genomes. A
network genome is used solely as awrgpper around a node genome and an edge genome.
It is passed to the Network structure, deconstructed into its component parts, and used to
cregte a phenotypic network for that specific genome.

Node genomes are ardaively smple collection of nodes representing the
unconnected state of the network. Each gene represents asingle node, and includes that
node s properties, namdly its unigue node id and its Cartesian coordinates, which are
used in caculating the distance between any two nodes, and thus tre lengths of edges. In
agnglerun of the GA, where asolution is sought for asingle configuration of nodes, one
ddtic node genome is created and shared amongs dl of the network genomesin the

population.

Edge genomes are the primary variable components of the GA populaion. All of
the evolutionary operators used in the project and detailed in section 3.3 are designed to
work on edge genomes, as these represent every connection present in a given network
topology, each gene representing a single active edge in the network. These genes contain
al of the rdevant data about that edge, specificaly the nodes a each end of the edge and
the length, cogt, and rdliability rating of that edge. The rdiability rating can take one of
three vaues, 85%, 90%, or 95% rdiahility, represented by levels 1, 2, or 3, respectively.
These rdiability vaues were chosen to stay in kegping with much of the other work on
the subject (see section 2.1) where these same rdliahility ratings were used. The cost of
the edge is scded non-linearly according to the rdiability rating in order to closer
smulaered-world conditions, where the more reliable network links tend to be more
expendve than lessrdiable links at an increase in cod that is greater than proportiond to
theincreasein rdidhility.

Each edge genome dso contains aunique perc array of floating point numbers, of
equd |length to the number of genesin the genome. Thisarray is used to represent the
location of each gene in the genome, expressed as a percentage. It isused inthesingle
point and multi point crossover operators described in section 3.3.1 for dlowing
crossover to take place on genomes of different Szes.

In addition to being the representation of al of the edgesin the network, the local
search processis carried out on edge genomes, asthey are the only variable part of the
full composite network genome. See section 3.3.3 for adescription of thelocd search
operator.
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3.2.2 Networks

The Network object in the implementation represents the phenome date of a
member of the populaion. Each network contains a set of hodes, taken from the node
ub-genome, and a set of edges, taken from the edge sub-genome. There are avariety of
properties possessed by anetwork, each of which is used in some way in the calculation
of thefitness of that phenome (see section 3.4.2). These are:

0 Thenumber of connected componentsin the network. In a connected
network, thisvaue will be 1. Any grester vaue would meen thet the
network was disconnected at some point.

0 Thek-connectivity of the network. This represents the number of edges that
are connected to the least-connected node in the network. K-connectivity is

used as ameasure of reliability. See section 3.5.2 for afull description.

0 Themaximum cogt of the network. When anetwork is fully connected, i.e.

thereisadirect path between any two nodes, each edgein this network is
St to the maximum rdidbility rating, thus giving it the maximum cogt. The

totd cogt of dl of these edges represents the maximum cost of the network.

0 Theshortest paths structure. This data structure gives thefirst edge on the
shortest path from every node in the network to every other node, which
can be usad to determine the full path. See section 3.5.1 for afull
description.
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Network

node 1

node 3 node 4

1 2 3
NetworkGenome
NodeGenome
node id 0 1 2 3
x-coord 1 4 3 1
y-coord 3 4 2 1
EdgeGenome
pri mnode 0 0 0 1 2 2 3
sec node 1 2 3 2 3 4 4
reliability| 2 1 3 2 2 3 1

A Network and its corresponding NetworkGenome
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3.3 Data Manipulators

3.3.1 The Crossover Operators

The crossover operator is regarded by most researchers, with afew notable
exceptions, asthe most important piece of aGA. It isthe way in which the population of
genomes breed, passing the structure of the parent genomesiinto the children, while
mixing structures enough to ensure that the population does not Sagnate at asingle
solution. Crossover is generdly implemented asa‘blind’ operator, in that the chosen
technique for combination does not use any information ecific to the problem.

A vaiety of different crossover operators were implemented in order to test the
viahility of anumber of techniquesin breeding genomes. While none of the techniques
can be objectively sad to be ‘better’ than any other, in termsof the pecific problem

certain goproaches will show results thet attain an optima or near-optimal solution faster
than others.

3.3.1.1 Single Point Crossover

Single point crossover isthe Smplest of the crossover techniques and isincluded
here only for a better understanding of the more complex methods, especidly the
adaptation to accommodate variable-length genomes. In Single point crossover, each of
the two parentsis split into two pieces—this split often occurs at the centre of the
genomes, dthough it can take place a any point.

Par ent CGenones:

Gene: 0-1 0-4 1-3 2-3 2-4 3-4
Gene: 0-2 0-4 1-2 1-4 2-3 2-4
Cross Point: 3
Crossover Procedure:

Gene: 0-1 0-4 1-3 | 2-3 2-4 3-4
Gene: 0-2 0-4 1-2 | 1-4 2-3 2-4
Chi Il d Genones:

Gene: 0-1 0-4 1-3 1-4 2-3 2-4

Gene: 0-2 0-4 1-2  2-3 2-4 3-4
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When genomes can vary in length, asisthe case in the agorithm presented here,
sngle point crossover using fixed cross points becomes dightly more complicated. In
order to determine the correct location for the cross point in agenome of variable length,
the perc array described in 3.2.1 isused. Asthisarray contains floating-point numbers
representing how far into the genome each geneislocated, it can be usad to place afixed
crass point in the same relative spot in two genomes of unequd lengths.
Par ent CGenones:
Gene: 0-1 0-3 0-4 1-2 1-3 1-4 2-3 2-4 3-4
Gene: 0-2 0-4 1-2 1-4 2-4 3-4
Cross Point: .25

Crossover Procedure:

Gene: 0-1 0-3 | O0-4 1-2 1-3 1-4 2-3 2-4 3-4
perc: .1 .2 | .3 .4 5 .6 .7 .8 .9
Gene: 0-2 | 0-4 1-2 1-4 2-4 3-4
perc: .14 | .28 .42 .57 .71 .85

Child Genones:
CGene: 0-1 0-3 0-4 1-2 1-4 2-4 3-4
Gene: 0-2 0-4 1-2 1-3 1-4 2-3 2-4 3-4

Single point crossover is obvioudy ussful mainly on problems for which the
genomes are extremdy smal, usualy containing less than 10 genes. For larger genomes,
too much of each parent genome is presarved in its current form, leading to faster
convergence of the population to asngle, usudly nornroptima solution. This effect can
only be countered by high mutation rates, which cause problemsin their own right.
Single point crossover was implemented but never used for this project, given the large
number of genesin eech genome.

3.3.1.2 Multi Point Crossover

Multi point crossover isthe intuitive next step up in complexity from single point
crossover. Rather than merdly splitting the genome into two pieces, it is split into three or
more, with the exact number of chosen crassover points designer-dependant and usudly
chosen based on the length of the genomes. In the implementation used here, the number
of crossover pointsis selected for each network sze based on the number of nodes
divided by a congtant thet is used for dl tests. This has the result of splitting larger
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networks into more pieces, a necessity to prevent premature convergence in the
population. The genomeis split into equa sectionsin order to maintain the determinism
of the method — random crossover points woud severdy hamper the GA process of
devel oping fitter individuas through breeding, due to the inability of the network to
retain any sort of network structure from the parents to the child genome.

Par ent Genones:

GCene: 0-1 0-3 0-4 1-2 1-3 1-4 2-3 2-4 3-4
CGene: 0-2 0-4 1-2 1-4 2-4 3-4
Equal | y-spaced Crossover Points: 0.33, 0.66
Crossover Procedure:
Gene: 0-1 0-3 0-4 | 1-2 1-3 1-4 | 2-3 2-4 3-4
perc: .1 .2 .3 | .4 .5 6 | .7 8 .9
Gene: 0-2 0-4 | 1-2 1-4 | 2-4 3-4
per c: .14 .28 | .42 .57 | 71 .85

Child Genones:
Gene: 0-1 0-3 0-4 1-2 1- 4 2-3 2-4 3-4
Gene: 0-2 0-4 1-2 1-3 1-4 2-4 3-4

As can be seen from the example, multi point crossover has amuch more
pronounced effect of blending the parent genomes than single point crossover, making it
widdy used in most research. Because of its generd applicability, it isused asthe
basdline crossover operator that the other two more specidized techniques are tested
agang.

3.3.1.3 Node Based Crossover

Choosing a proper crossover function for the problem being solved is one of the
mogt important sepsin the creation of aGA. The choice must be made on the basi's of
the structure of the genome — what works well for a certain type of genome could have
little effect on another, or worse, destroy any beneficid advances that are made through
the evolutionary procedure. The multi point crossover techniqueis Smilar to thet used in
many implementations, induding most of those specified in section 2.

After experimentation on the network design problem using this form of crosover,

adifferent gpproach was tried for crossing genomes. Rather than dividing the genome up
into equa sections and crossing these sections to produce children, the new
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implementation uses varigble crossover points representing the locations on the genome
where the primary node of an edge (the node with the lower id) changed. The number of
crossover points used in thismethod is equd to the number of nodesin the network
minus two, meaning that networks with more nodes will have more crossover points.
Implementing the crossover operation in this fashion ensuresthat links ettached to a
sngle source node Say together from generation to generation, and are combined with
collectionsof linksfrom other nodes. Asde from the different method of setting

crossover locations and resulting different number of partitionsin agenome, the
dterndive implementation functions identicaly to the multi point technique.
Par ent CGenones:
GCene: 0-1 0-3 0-4 1-2 1-3 1-4 2-4 3-4
Gene: 0-2 0-4 1-2  1-4 2-3 2-4  3-4
Crossover Procedure:
0-1 0-3 0-4 | 1-2 1-3 1-4 | 2-4 | 3-4
0-2 0-4 | 1-2 1-4 | 2-3 2-4 | 3-4
Child Genones:
Gene: 0-1 0-3 0-4 1-2 1-4 2-4  3-4
Cene: 0-2 0-4 1-2  1-3 1-4 2-3 2-4  3-4
Whileit can be reasoned thet this technique will result in larger collections being atached
to low-vaued nodes and smdller or non-existent collections attached to higher-vaued
nodes, in arange of tests this node-based method of crossover showed better results than
the Smpler multi point method.

3.3.1.4 Edge Based Crossover

Thelagt method of crossover implemented is based on the gene mixing technique
used by Philippides (1996). A new genome is formed based on the genes in the parent
genomes by looking for identical genesin both genomes. If ageneis present in both
parents, that gene is added to the child with aprobability vaue pl. If the geneis present
in only one of the parents it is added to the child with probability p2, where p2 < pl.
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CGene:

Cene:

Cene:

Cene:

0-1

0-2

0-3

0-2

Par ent CGenones:
0-3 0-4 1-2 1-3 1-4
0-4 1-2 1-4 2-3 2-4
Possi bl e Child Genones:
0-4 1-2 1-3 1-4 2-3

0-4 1-2 1-4 2-4 3-4

2-4  3-4
3-4
2-4  3-4

Thistechniqueis very likely to maintain good structures that are shared between the
parent genomes, making it particularly useful as the population gpproaches an optima
solution, while dill leaving open the possibility of extraneous genes remaning presant in
the children to prevent tota convergence in the population. Different vaues for pland p2
weretried, and inthe end p1 = 1.0 and p2 = 0.5 were sdected. These vaues make it
likely that a child genome will maintain the same length as the parents, thus relying on

the mutation operator and loca search, when present, to remove unnecessary edges from
the network. Thisis not an issue, asthe genomesthet areinitidly placed into the
population before the GA is Sarted are created to have between 3 and 7-connectivity, a
range the optima solution for anetwork nearly dwaysfdlsinto.
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3.3.2 The Mutation Operators

3.3.2.1 Single Point Mutation

Mutation operators are usad in GAsto ensure that diversity is maintained
throughout the entire run. There are alimited number of possble combingtions that can
be produced in a population by the crossover operator —if aparticular geneis not present
in any genomein apopulation at initidisation, thereis no way for it to be introduced
during the run. Mutation dlows each genome in the population to be extended, reduced,
or changed in various ways, subject to a probability sdlection. Mutation levels are
generdly kept very low to prevent a genome from ‘jumping’ in the solution space from
one areato asgnificantly different one. Rether than being atechnique for guiding the
population toward an optima solution, mutation exigts solely to prevent genomes from
getting Suck in locd minima.

Mutation isimplemented herein avariety of ways A sngle point mutation
operates on the principle that only one gene from the entire genome is dtered. The gene
to be dtered is randomly sdected from the genome before the mutation operator is
intidisad.

The actud mutation function dlows for five equaly probable dterationsto the
genome. They areasfallows

0 A new edge, randomly chosen from the available (i.e. currently absent)

edges is added to the genome, extending its length by one gene. Thisisa
farrly mgor mutation to the genome.

0 Oneof the edges currently in exisence in the network is removed from the

genome, reducing the genomée s length by one gene. Thisis another mgor
mutation.

0 The primary node (the node with the lower id vaue) of the edge
corresponding to the sdected gene is dtered. This mutation maintainsthe
length of the genome, but dters the current network topology dightly,

meking it a somewhat average mutation.

0 The secondary node (the node with the higher id value) of the edge
corresponding to the sdected gene is dtered. This operation is nearly
identical to the previoudy described mutation, existing soldly to ensure that
ather end of an edge can be moved.

o0 Therdighility raing of the edge corresponding to the sdlected geneis

changed. Thisisaminor mutation, asit only affects the rdigbility vaue
assigned to the network, leaving the physicd topology unchanged.
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A random, equaly weighted selection of the mutation to be applied is made despite
the varying levels of severity in the mutations, mainly because it isimpossble to know a
the time of the mutation how much a genome should be changed in order to differentiate
it from the rest of the populaion. In addition, initid tests showed that equdly weighting

the probability of selecting any mutation method gave better overdl resuitsin the
eficiency of the GA.

3.3.2.2 Multi Point Mutation

The multi point mutation operator is the one used by the GA implemented here —
rather than being an dternative to sngle point mutation, it merdy cals that method on
multiple genesin asingle genome, the exact number of which is determined based on the
length of the genome. In astandard GA the mutation operator is only goplied to asmdl
percentage of the population of genomesto prevent too much variation interfering with
the development enacted by the crossover operator. In this project, avaue of 0.1 was
chosen as the mutation rate, as tests showed this vaue to give the best results,
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3.3.3 The Local Search Operator

Locd search wasimplemented in this project as aform of Lamarckism through
directed mutation. This method was chosen over more complex forms of locd search,
such ashill dimbing, dueto itslow processng overheed. Hill dimbing isfeesblein
amdl networks, where thefitnessis quickly and eesily found, given the rdaivdy smdll
number of nodes and edges. In large networks, however, seerching the dl of the space
around a particular solution would be an extremdy time-consuming and processor -
intensve method of loca search, given the complexity of converting agenometo a
phenome, caculating the properties of the network, and finding the fitness of larger
networks.

Because of this, the implementation of local search uses the pre-defined sngle-
point mutation operator to search for better solutions. A mutation is made, and the
resulting network is evaluated for itsfitness. If the fitness of the dtered network is grester
then thet of the origind, the dtered form is kept in the population while the origind is
discarded. If the fitness of the dtered network is lower than that of the origind, the
dtered form is disposed while the origind isretained. This processis repeated until an
dtered network is of alower fitnessrating than the origind, & which point the current
network in the population is retained for the current generation. This technique dlowsfor
great improvements to be meade to very unfit genomes, while not affecting genome with
higher fitnesslevels very much. Because the loca search operator normally only mekesa
few changes before trying a mutation thet reduces the fitnessleve of the network, locd
search is not overemphagzed, and islesslikely to lead the populaion into locad minima,

31



3.3.4 The Prior Knowledge Operator

Prior knowledge was implemented in the way described in section 1.3.3.
Soedificaly, anetwork of five nodes was congructed using an easily recognisable
physcd layout, which was then run through the GA to find an optimd topology given a
religbility requirement of 0.95. Thisrdiahility rating was chasen in order to prevent this
sub-network from contributing too much to the cost of the encompassing larger network.
The optima network that was found by 90% of the 20 test runsis shown below.

Each occurrence of this physicd layout of five nodes within the larger network is
then found, with overlgpping of the sub- networks prevented, and the edges corresponding
to the optimd layout of the sub-network are inserted into the larger network with the
same rdidbility levels seen in the sub-network. A samal amount of leaway is provided on
the locations of each of the nodes, so as not to redtrict the application of the sub-network
to ingancesin the larger network that match it exactly. Thisleeway iskept smdl to
prevent interference with the optimdlity of the sub-network topology.

Once every occurrence of nodes matching the layout of the five node sub-network
has been found and configured gppropriately, the rest of the nodesin the network are
randomly connected to the sub-networks and each other until the initia connectivity
requirement is met. Thefind result isagenometha isin large part randomly generated,
like a tandard genome without the prior knowledge operator gpplied, but with a
percentage of nodes dready optimaly configured with the proper edges. This should
reult ininitid genomestha are higher in fitness than randomly initidised genomes, and
asaresult should increase the gpeed of the GA. Obvioudy choosing larger sub-networks
would increase the fitness levels of theinitid genomes more, but the number of matching
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sub-networksin the larger networks would aso likely drop proportiondly.

One potentid danger with the addition of prior knowledge to the initid genomesin
apopulation is premature convergence, which occurs when the mgority of the populaion
reachesthe same sub-optimal solution. This makes crossover operators much less
functiond, asthey end up smply breeding genomesthat areidenticd, or nearly so.
Because of this, the population evolves much dower than a non-converged popultion, if
a dl. Care mugt be taken to ensure that prior knowledge is not overemphasised & the
cod of fewer edgesin the network being randomly initiaised to promote diversty in the
population. For this reason, application dmogt away's takes place on networks with many
more nodes than are used in the operator.
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3.4 Data Evaluators

3.4.1 The Network Reliability Calculation Functions

Network rdigbility is caculated through a series of checks and increesngly exact
esimations. Infeasible networks can be defined as those which are composed of two or
more components, where a single component represents an independent connected
network. Feasble networks are those which contain only one component — these
networks are guaranteed to have avalid path between any two nodes.

Thefirgt check isfor network feaghility, which is determined through arecursve
function that steps through the entire network checking for connections between nodes. If
thistest for network connectivity is passed, the network is passed to the next check. If the
network is found to contain more than one connected component, it isassgned a
reliability rating of 0, asit isin no way usesble as a solution.

The second check isfor the k- connectivity of the network. It is necessary to ensure
thet if acertain number of linksfall fals, regardless of how amdl that chanceis, thereis
dill & leest one link running to every node, eg. a5-connected network can sustain up to
5individud link falures before any one node is disconnected from the rest of the
network. To ensure thet thisis the case for every node in the network, the k- connectivity
agorithm (see section 3.5.2) is used to cdculate the totd network k- connectivity, which
isequd to the k-connectivity of the least-connected node. If the network is found to have
atotal k-connectivity of & lesst the minimum level pedified it is passed to the firgt
rdiability esimator. If the network does not mest the required leve of connectivity it is
assgned ardidhility rating of O, to ensure that the optima network found by the GA
meets the defined connectivity requirement.

Many previous sudies have ended their network rdigbility caculaions a this
point, assuming thet if anetwork has k-connectivity, it can sugtain k-1 link failures before
becoming disconnected. Whileit isthe casethet k links can fall before any sngle node
becomes disconnected, it is not the case that k links can fail before the entire network
becomes disconnected. In the image below, every node is 2- connected, but it would take
only the failure of the centra link to disconnect the network. This Stuation is fabricaied
soldy for thisdemondration, but it is easy to see how it could arise in large networks
where smdl sections are connected to the rest of the network by orly one or two links.
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Thefird reiability etimator isatest for the upper-bound rdiability of the network
using the method described in section 2.2 by Konak and Smith (under revison) for
determining upper-bound rdigbility for networkswith links of different rdiahility
ratings. This test approximeates the riability of the network to a close degree while
running in polynomid time. Before initidisation of the population of genomes, the GA is
given aminimum reiability rating for the optima nework — the highest potential chance
that there is of anetwork failing. If the upper-bound approximation of the network’s
reiability meets or exceeds this minimum reiability requirement, the network has a
chance of meeting the requirement in amore exact rdiability caculaion, and is passed to
thefind estimator. If the upper-bound gpproximeation does not meet the requirement, the
rdiability reting is st as thet upper-bound vaue — bdow the minimum reguirement, but
sgnifying how dosethe network is to mesting it.

Thefind rdiability estimator isthe variant Monte Carlo technique described by
Yeh et d (1994). Thisestimator has been shown in saverd qudiesto provide ardiability
rating that iswithin 0.01% of the exact rdiahility of the network, given enough
repetitions of testing. While the method is gill far more processor-intensve than an
upper-bound goproximation of rdiahility, it isaso far lessintengve than an exact
caculaion, and the extremey small degree of error mekesiit perfectly suitablein this
Stuation. The exact number of repetitions required for an acceptable leve of precisonis
based on the number of nodes in the network, acadculaion outlined in the origind
research. Networks that have made it to this stage are passed to the method and have their
reliability etimated dmog exactly. Thefind rdigbility of these networksis sat to the
value found by this agorithm.

3.4.2 The Fitness Function

Thefitness function is the defining operation of a genetic dgorithm. By ranking
each member of the populaion againg the others by amessure of their fitness according
to the condraints put in place by the designer, this method is responsible for dmost every
agpect of the population composition, aswell asthe functionality of the sdection
operator, which basesits methods upon the ranking of the genomes. For thisreason, a
grest ded of care must be taken in designing the fitness function — most are configured
specificdly for the problem that the GA istrying to solve.

For this project, the fitness function has been designed to account for three
properties of the network being tested. Thefirg of these isthe cost of the network,

measured in terms of the edges as:
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where C; isthe cogt of the edge between nodesi andj,fori=1...nadj=2...nn
being the number of nodesin the network. If there is no connection between node i and
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node j, the cost for that edgeisO.

The second property is the average path length between any two nodesin the
network. This property isinduded to prevent the network from forming highly unlikey
‘optima’ solutions, such asring topologies, aswell asto account for latency in
communication between nodes thet is proportiond to distance. This cdculaion usesthe
shortest path structure, and ismeasured as.

1

=}

Qo+

a Lij

i=1 j=2

E

where L;; isthelength of the shortest path between nodesi andj, fori=1...nandj= 2
... N, n baing the number of nodesin the network, and E being the number of active
edgesin the network. If thereisno valid path, i.e. the network is disconnected, L, is

equd to the maximum vaue for adoublevaduein Java, 1.7976931348623157e+308.

Thethird pat of thefitness cdculaionisapendty P based on the rdidhility, or
rather the unrdiability of the network. The network isfird tested for its rdiability rating
using the process described in section 34.1. If thisrating meets the minimum vaue
specified by the designer, the network is assigned a pendty of 0. If the reigbility isbeow
the minimum requirement, the value of P increases asthe rdiability decreases. The exact
rate of increase can be tuned in order to emphasize or deemphasize network reighility.
Thisisone of the agpects of scaing the GA to larger networks — higher rdigbility leves
must be maintained through the run in order to ensure that the remova of asmal number
of edgeswould not disconnect the network and render it infeasible. Thisisnot anisue
with amdler networks and their limited number of potentid edges, but in networks with
hundreds of thousands of potentia edges, it could render the network dl but irreparable.

Thefind fitness function is therefore a combination of these three agpects of the
network, and can be caculated as

n-1 n
o O

-1 1 o)
&gécij' aLiji"'P

i=1 j=2 i=1j=2 g

In the implementation here, the GA libraries provided by Codefarm Inc., are not
yet optimized for minimization, o the caculaion issmply inverted to give a
maximization verson:
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3.5 Other Algorithms

3.5.1 Shortest Path Algorithms

“ A shortest path between two verticessand t in a network is a directed simple path

fromsto t with the property that no other such path has a lower weight [shorter
digance].” (Sedgewick, 2002)

There are three types of shortest path structures within every network. These are as
folows

0 Source-sink shortest path— thisisthe path defined by Sedgewick above,

and the most basic shortest path structure. The garting node sisreferred to
asthe source, and the destination nodet is known asthe Snk node.

0 Single-source shortest paths — for any garting node s, the Sngle- source
shortest path isthe collection of dl source-snk shortest paths from the

source to dl other nodes in the network.

0 All-pairsshortest paths — thisisthe collection of al shortest paths
between dl nodesin the network.

An important point about shortest paths is that distance is messured purely by the
length of the edges onthe peth, not in any way by the number of edgesin the path.
Because of this, it is possble, and common, for ashortest path to cover more edgesina
network than another, less direct peth that may only use two or three edges. Switching
delay at each nodeis not taken into account in thisimplementation, asits presence or
absenceistotaly dependent upon the specific Stuation.

3.5.1.1 Floyd’s Shortest Path Algorithm

Hoyd sagarithm for finding the al- pairs shortest pathsin a network solvesthe
problem directly in time proportiondl to V2, where V is the number of nodes, or vertices
in the network. This method is preferred in dense networks, where the large number of
edgesisinconsaquentid to the running time of the dgorithm.

The agorithm kegps two V by V métrices, one containing the length of each
shortest path, the other containing the first edge on each path in the corresponding
location in the matrix. The shortest path can then be found by going to eech nodein the
meatrix on the other end of the edge representing the next sep on the path until the
destination node is reached.

Because of its large time requirements on sparse networks, as most of the

configuraions examined here are, Hoyd' sdgorithm was only used for smdl networks of
less than ten nodes, where the ratio of edgesto nodesislarge.
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3.5.1.2 Djikgra’s Shortest Path Algorithm

Djikgra s dgorithm for finding the dl- pairs shortest pathsin anetwork issmply
an extengon of hisdgorithm for finding the source-ank shortest path between aparr of
nodes. It isimplemented using a priority queue based on ad-ary hegp, and can find dl the
shortest pathsin anetwork in time proportiond to VE logy V, whered = 2if E, the
number of edgesin the network, is less than twice the number of nodes, andd=E/Vin
al other cases. Becauseit usesthevadue of E in the equation, it can show poor
performance on densaly-connected networks — on the networks used here, however, it
outperforms Hoyd s dgorithm by a congderable margin.
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The source-sink dgorithm functions by firg placing the source node onto the
shortest path, then building the path one edge a atime by adding nodesto the path in
order of their distance to the Sarting node. This dgorithm operatesin time proportiond
to E log V, hence the dl-pairs shortest paths dgorithm’s VE log V running time. Because
of its greatly improved performance on large, oarse grgphs, Djikdtral s agorithm was
used for nearly dl of the experiments performed here.
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3.5.2 K-Connectivity Algorithm

The dgorithm to caculate the k- connectivity of anetwork issmple, yet vitdly
important to dmog al agpects of the GA. espedidly the fitness function. It providesa
way for any program using the Network dassto determine the degree of any specific
node in the network, and using this functiondity, to determine the k-connectivity of the
entire network. The degree of anode is defined as the number of edges connected to thet
node. The k-connectivity of the network is then determined by finding the node with the
least number of edges emandting fromiit.

Theimplementation isasmple one, merdly iterating through eech edge present in
the network and incrementing the degree of each node connected to the current edge.
Thissmplicity meansthat the dgorithm runsin lineer time proportiond to E. However,
because the dgorithm has to be run every time an edge is added, removed, or has one of

its connected nodes changed, the k-connectivity dgorithm isrun dmog every time there
isamutation, and dmost congtantly during the local search process.
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4. Results

The GA wastested on avariety of networks from ranging in sze from 10 to 200
nodesin order to determineits effectiveness at scding from amdl networksto very large
ones. For each network sze, 5 random node configurations were generated, each of
which was tested 10 times for each combination of search techniques (see below). The
average performance of the GA on each of the networks was averaged, and the average
performance for each of the 5 networks was averaged to give thefina resultsfor each
network size. Population Size was 64 genomes, mutation rate was 0.1, and crossover rate
was 1.0.

All three forms of crossover — multi point, node based, and edge based — were
tested on the small and medium sized networks (10 — 50 nodes). Only the two better
performing crossover techniques, node based and edge based were used for testing the
large networks (100 — 200 nodes), due to their Sgnificant improvements over sandard
multi point crossover in the smdler networks. All networks were tested with and without
loca search endbled; in addition, the large networks were tested with both loca search
and prior knowledge enabled.

While only thefirgt 500- 700 generations are shown in the images, thiswas done
mainly to conserve space, Snce past these points only small improvements were seen
meade to the populations in mogt tests. Each test was run for at least 2500 generations, by
which point al of the GAs seemed to have found an optima solution.

It should be noted thet the values for the fitness rating are not indicative of any
definable measurement, but are included merdly to offer a comparison of the relative
fitness of networks asthe Sze isincreased. In other words, a 100 node network with a
fitness rating of 80 has gpproximeatdy the same rdigbility leve, cost to maxcos ratio, and
average pah length proportiond to network size as a 10 node network with the same
rating. In addition, the Sze of the arearequired to store a network increases based on the
number of nodes in the network. Network costs and average path lengths increase
because of this, 0 the cogt to maxcogt ratio isincluded as an indication of how well the
best found solution compares to the fully-connected network.
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4.1 Small Networks (10 nodes)

10 node networks were the smdlest tested by the GA for this project. Each of the
crossover operators was used, with and without local search implemented.

=1

[T Scatter B rMean Fieness [l Best Fibness

10 node networ k, multi-point crossover, no local search

=

[T Scatcer B rMean Ficness [l Best Ficness

10 node network, node-based crossover, no local search
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Fitne=ss=s

=

[T Scatcer B rMean Ficness [l Best Ficness

10 node network, edge-based crossover, no local search

Without local search implemented, the most obvious effect that can be seen
between the runs of the GA isthe smdl but noticesble improvement that node based and

edge based crosover offer over gandard multi point. While dmogt dl of the testsusing
multi point crossover eventualy reached the same optimal levd asthe others, these tests
took up to 50% more generations to do o.

Node based crossover shows a smoacther mation for the average fitness levelsthan
the other two techniques, due to its nature of working with collections of nodes connected
to the same node, thus keegping cost and rdliability messures of various physicd sections
of the network getic. Thisis unlike the other two methods, where edges can be
individualy added to or removed from any area of the network a any time, independent
of the other edges around it.
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4.1.1 The Addition of Local Search
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[T Scatcer B rMean Ficness [l Best Ficness

10 node network, edge-based crossover, local search

With locd seerch implemented, the form of crossover thet is used becomes dmost
inconsequentid, with each test demondrating asteep dimb in the first 50 generations,
followed by minor increases when locd search stops having amgjor effect on the
population.



Reliability: .96

Cost: 56.91

Average Path Length: 51.34
Max Cost %: 19.96

Reliability: .998
cost: 161.70

Average Path Length: 57.27
Max Cost %: B5.45

.85

Reliability: 0.96

Cost: 52.48

Average Path Length:49.58
Max Cost %: 11.50

.85

3 stages of network devel opment

These images show three Sages in the development of an optima network
topology for one of the tested random 10 node configuration with a minimum rdiability
rating of 95%. The firgt network is the phenome for one of the randomly initidised
genomes of theiinitid population. While it has an extremely high rdicbility rating bassd
on the large number of edges, its cogt to maxcod retio is extremdy high, giving it alow
overd| fitnessrating. In the second network, the number of tota edges has been trimmed
down condderably at the cogt of the rdiahility rating — therating is il aove the
minimum, however. A few extraneous edges remain, such as the one on the far right
represented by a curved line. The find optima network, which was found by dmost
evary teg, is shown in the third image. Mutation has shifted the edges dightly and
adjugted the rdiability leves, dlowing the network to maintain short paths between
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nodes while dill trimming out al unnecessary edges.

The average optima network found for a 10 node network configuration with a
minimum rdiability reguirement of 95% had the following properties.

K -Connectivity: 2
Rdiahlity: 95%
Average Path Length: 48.23
Cost: 49.71
Cost / MaxCod ratio: 10.19%
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4.2 Medium -sized Networks (20 - 50 nodes)

Thefirg scaling of the dgorithm to accommodate larger networks takesplace here.
Scaling techniques are goplied, such asincreasng the rdiability rating in order to lessen
the chances of infeasble networks being developed thet are difficult to repair through a
GA. Pendty modifiers are increased, effectively making it more of a priority for the GA
to develop reliable networks. The k-connectivity of theinitia randomly generated
networksisincreased aswell, from 3 to 5, to ensure that the population does not enter an
inescgpable downward spird if too many edges are removed near the beginning of the
development.

Only 50-node network results are shown here, as 20-node networks show the same
patterns, only less pronounced. See Appendix A for full 20-node networks results.

Fitnes=s

=0

[T Scatcer B rMean Ficness [l Best Ficness

50-node networ k, multi-point crossover, no local search
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[T Scatcer B rMean Ficness [l Best Ficness

50-node network,node-based crossover, no local search

=

[T Scatter B rMean Ficness [l Best Fibness

50-node network, edge-based crossover, no local search

Easly the mogt naticegble effect hereis the much poorer performance of multi
point crossover when compared to the other two forms. Although the populaion is much
more diverged in the tests using multi point crossover, this does not appear to be having
an effect, whereas the much more converged populaions of the node based and edge
based crossover runs give better results. This could be caused by the Sze of the solution
pace, and the fact thet very different solutions could eesly return Smilar fitnessratings
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4.2.1 The Addition of Local Search
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EEl senetic Algorithm Progress

Fitne=ss=s

=

[T Scatcer B rMean Ficness [l Best Ficness

50-node network, edge-based crossover, local search

Agan, abysmd results are seen from standard multi point crossover, thistime with
theloca search operator enabled. Very good networks are obtained from both of the
other forms of crossover, with neither dearly showing an advantage over the other, and
both finding the same likely optima network. Multi point crossover, on the other hand,
never found a solution with anywhere near as high afitnessleve asthe other two, and
appeared to stagnate by the 400" generation. This exemplifies the need for a problem:
specific crossover function for this problem. The node based and edge based crossover
techniques are both designed to work specificaly with genomes based on networks, and
are therefore able to perform necessary functions such as retaining structure through
crosses, making feasihility more likely. Because of the poor performance shown by multi
point crossover in tests up to this point, these were the last tests for which it was used.

The average optima network found for a 20 node network configuration with a
minimum reliability requirement of 97.5% had the following properties.

K-Connectivity: 3
Rdiaallity: 97.7%
Average Path Length: 221.39
Cost: 212.52
Cost / MaxCod rétio: 5.0%

The average optimd network found for a 50 node network configuration with a
minimum religbility requirement of 95% hed the following properties.
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K-Connectivity:
Rdiaallity:

Average Pah Length:
Cost:

Cost / MaxCod ratio:

5
98.1%
1365.77
1781.19
3.9%
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4.3 Large Networks (100 - 200 nodes)

More scaling aong the previous lines was required to develop networks with 100
or more nodes. Pendty modifierswereincreased again, aswdl asthe minimum
religbility rating — without these increases, average fitness levels tended to grow at far
dower rates, dueto the higher ratings of less reliable networks and their corresponding
soread through the population. Theinitid k-connectivity isincressed again, from5t0 7,
agan enauring thet the population manages to reach a stable range of network
configurations before too many edges are removed and some networks become

infeesble

The prior knowledge operator is enabled for the firgt time for both 100 node and
200 node networks — at smaller 9zes there was too much chance of the information given
dominating the network and causing premature convergence in the populaion,

Asbefore, only the larger of the two tested network szesis shown here, dueto
amilarities See Appendix 1 for 100 node network graphs.

FY
Fitness

A
[T scatter W Mean Fitness [l Best Fitness

200-node network, node-based crossover, no local search
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EE Genetic Algorithm Progress

FY
Fitne=s=

[7 scatter W Mean Fitness [l Best Fitness

200-node network, edge-based crossover, no local search

The results seen for 200 node networks are encouragingly Smilar to those of
amdler networks. While the find bett fitnessrating islower than that of smdler
networks, thisis underdandable asinitid genome fitness levels are lower, aswdl asthe
hugely increased complexity of the larger networks. Edge based crossover appearsto

perform better on average for the first 1000 generations, but both techniques reached the
same generd leve by 2500 generations.

4.3.1 The Addition of Local Search

EE Genetic Algorithm Progress

r's
Fitne=s=
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[7 scatter W Mean Fitness [l Best Fitness

200-node network, node-based crossover, local search
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N
[T scatter W Mean Fitness [l Best Fitness

200-node network, edge-based crossover, local search

Excdlent resdts are seen with the enabling of the local search operator —
population fitness levels increase a a much fagter rate than without local search, and a
more optimal solution is converged to by the 2500 generation. Despite the strong
appearance of convergence from nearly the sart of the run, the effect is the same aswith
the medium-g9zed networks, with solutions with amilar fitness levels being Soread across
the solution gpace. Here, node basad crossover offers dightly better results for the first
1000 generations, but as before, this advantage is negligible in the long run.



4.3.2 The Addition of Prior Knowledge

EE Genetic Algorithm Progress
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200-node network, node-based crossover, local search, prior knowledge

EE Genetic Algorithm Progress

FY
Fitne=s=

[7 scatter W Mean Fitness [l Best Fitness

200-node network, edge-based crossover, local search, prior knowledge

With the addition of the prior knowledge genetic operator, immediate results are
seen on thefitnesslevels of theinitial genomes, which are no long purdly randomly
generated. Despite this advantage, the overdl performance of the GA does not seem to be
afected in any greet way from its performance usng only locad search in addition to
gandard techniques. The gpplication of prior knowledge gppearsto result in initia
genomes of fitness levelsthat are reached after gpproximately 50 generations by aGA
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using only prior search in addition to Sandard operators, effectively reducing the total

number of generation required to reach an optimal solution.

The average optimd network found for a 100 node network configuration with a
minimum rdiahility requirement of 99% hed the following properties.

K-Connectivity:
Rdiaallity:

Average Path Length:
Cost:

Cogt / MaxCod rétio:

5
99.8%
1147.02
2389.11
2.3%

The average optimd network found for a 200 node network configuration with a
minimum rdighility requirement of 99% had the following properties.

K-Connectivity:
Rdidhility:

Average Path Length:
Codt:

Cost / MaxCost ratio:

il
99.7%
5411.39
9183.43
1.02%
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5. Conclusions and Future Work

5.1 Conclusions

As expected, the node based and edge based crossover techniques performed much
better than the more genera mullti point crossover, due to their specific design to dedl
with network based genomes. A semblance of phenotypica sructure can be maintained
in the genome through these techniques, and this benefit showed in the results, with both
of the specidised operators outperforming the multi point crossover operator in every
test. This performance was amplified asthe Sze of the network was increased, until multi
point crossover become dmogt useless in omparison to node and edge based crossover
for very large networks. This effect shows the need for careful design of eventhe
dandard operators of a GA for this problem. Effects are not nearly as dramétic for smdl
networks, which islikey why this issue has not been specificaly addressed in previous
work, but can be dearly seen on networks of greater than 20 nodes.

Theloca search heuristic demongtrated exceptiondly good results on dl networks,
meking it al but arequirement for future work on the problem. This can beinferred from
the 9ze of the solution pace, and the results seen here verify that a directed heurigtic
greatly improves the performance of the GA. The effects are even more gpparent on large
networks, where more optimal results are found for large networksin shorter periods of
time

The prior knowledge operator showed dight benefits to the deve opment of large
networks, though less than expected. It would be best used in Stuations where only a
limited number of generations can be processed, possibly due to time, processing, or
memory condraints on extremey complex problems. Although its effect isonly seenin
the first 200 — 500 generations, this could judtify its use, especidly if amore beneficid
application can be determined through extengve tesing.

One of the results obtained thet is mogt indicative of the effectiveness of the GA is
how the cogt to maxcodt ratio is shown to gpproximately have for eech consecutive
network size that was tested. Thisisthe best indication that the GA isfinding optimd or
near-optima solutions for each node configuration, as the maxcost of a network
gpproximately quadruples as the number of nodes doubles, while the minimum cogt only
doubles. The gpproximate halving of the cost to maxcodt retio as networks double in Sze
shows that if the smdler, more easly solved networks' solutions are near-optimd, the
solutions found for the larger, more complex networks must be near-optimal aswll.

Find conclusions can be made that a specidly designed GA with gppropriate
operators and heurigtics can be used to solve the network design problem for extremdy
large networks. As mentioned in the introduction, amgjor reason for the dearth of
research into this areais a heretofore unavailable amount of processng power and
memory shortage, aswell as the added complexity of large networks and the generdity
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required for an agorithm thet is able to solve the problem for both smal and large
networks Design of such dgorithmsis an in-depth procedure involving workable

heurigtics that must be tested for gpplicaility to the problem. With the necessary
background work, GAs can and will be extended to scae to the design of larger networks
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5.2 Future Work

Future work on the subject of solving the network design problem through
evolutionary techniques should likely take the form of specidized GAsfor large and very
large networks. Specific operators that were not examined here but that could show
benefitsinclude network splitting, where many svdller networks are solved for
optimdity before being connected to form alarger network, and fine-tuning smdl arees
of alarger network through another form of loca search.

Without taking into account extremely specific cases, the network design problem
has been dl but exhausted for networks of fewer than twenty nodes. The GA presented
here, with its scaability between amdl and large networks is merdy afirs sep onthe
road to deveoping efficient, reiable networks on scaes seen in the red world, and it is
hoped that the ingghts provided here will be of use and inspiration for new idessin this
problem field.
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Appendix 1: Additional Output
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Appendix 2: Program Source Code

It must be noted that severd core GA dlasses are the copyrighted materia of
Codefarm, Inc., and are protected from reproduction here under anon-disclosure
agreement. For the most part, the classes not shown here are core GA classes whose
operation is not specific to this project, rather being designed as generdly as possble 0
asto befunctiond for any GA-solved problem. The operation of mogt of these operators,
the main two of which are selection (agpatid 2d neighbour process) and population
management (asynchronous), is gpparent, and can be eadly inferred with abasic
knowledge of evolutionary computing.
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Source code available on request. Emall dbratton@node99.org with inquiries
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