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Summary & Conclusions The use of computazommunicatiomnetworkshas beemapidly
increasing to 1) share expensherdware and software resources, and 2) provide accesaino
systems from distant locations. Theiability and thecost of these systemsre important
considerations that afargely determined byetwork topology. Network topologgonsists of
nodes and thénks between nodes. The selection of optimatwork topology is an NP-hard
combinatorial problem so th#éte classical enumeration basawethodsgrow exponentially with
network size. In this study, a heuristic search algorithm inspired by evolutionary methods is
presented to solvihe all-terminalnetworkdesign problem when consideringstandreliability.
The genetic algorithm heuristic is considerably enharmses conventional implementations to
improve effectiveness andfficiency. This generabptimization approach is shown to be
computationally efficienandhighly effective on a large suite ¢éstproblems with search spaces

up to 2x 10%.
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1. INTRODUCTION
Acronyms
GA genetic algorithm
GAKBS GA with knowledge-based steps
SGA  simple GA

An important stage of thdesign of communicationetworks is tofind the best layout of
components toninimize costwhile meeting gerformance criterion, such as transmissiefay,
throughput oreliability [1]. Thispaper focuses on largeale backbone communicatinatwork
[2] design wherethe relevantreliability metric is all-terminalnetwork reliability (also called
overall networkreliability); defined aghe probability that every pair oiodes can communicate
with eachother [1, 3]. The problem of optimal design of linkpology can be formulated as a
combinatorial problem wher¢he selection of components eitheraximizes reliability, or
minimizescost. This problem iNP-hard [4], and further compounding thigshe computational
effort required to calculate or estimate network reliability.

This problem has been studied withth enumerative based methods and heuristic methods.
Jan et al.[1] developed an algorithm using decomposition based on branch-and-bound to
minimize link costs with a minimum network reliability constraint; this is computationally tractable
for fully connected networks up to 12 nodes. Chopra ¢bJahind Aggarwal et a[5] both used
greedy heuristic approaches. VenetsanopoulosSamgh [7] used atwo step heuristic for
minimizing costsubject to aeliability constraint. GA has recently been usec¢ambinatorial
optimization approaches teliable designmainly for series-parallel systenf8-10]. For network
design, Kumar et a[11, 12] developed a GA considering diameter, distance rahability to
design and expand computer networks. Deeter and Smith present a GA for a generalized network
design problem with alternative limkliabilities[13]. This paper also uses a GA, ®ignificantly
customizes it to thall-terminal design problem t@sult in an effective anefficient optimization

methodology. Furthermore, this approach is demonstrated on atémtggiite of problems,



including networks with up to 30@ossible links. Previoupapers have demonstrated their
optimization procedures amallnetworks(usually lesgshan 10 nodes), thus the importisdue
of scale-up is left unanswered.

A significant issue ishe calculation ofthe reliability of candidate network topologiesVhen
minimizing costsubject to aminimum reliability constraint, the networkeliability calculation is
necessary to determireasibility of the candidate design. hW¥n maximizing reliabilitysubject to
a maximumcost constraint, the networkliability calculation isthe objective function. It either
case, this calculation isaitical part ofevaluating each candidatetwork topology, however it
is also problematic since it involves considerabtemputational effort. All known analytic
methods forall-terminalnetworkreliability calculation havevorstcase computation timeshich
grow exponentially inthe size ofthe network considered. Monte Casdinulationmethods, for
which computationtime growsonly slightly faster than hear withnetworksize, aresuitable for
large networkg14]. An efficient Monte Carlosimulation techniqué§l5] is used toestimateall-
terminal reliability inthis paper. To further reduce the computational effort required, candidate
networks must meet 3a-connectivity measurgl6], after verifying that a spanningree exists
usingthe method of [17].Then an upper bound aaliability by [18] is used to screen adidate
networks prior to theestimation ofreliability using simulation. However, any method of
calculating or estimatingnetwork reliability could be incorporated into thevolutionary
optimization methodology presented in this paper.

Section 2 gives the matheratical formulation of the optimization problem and its
assumptions. Sectiongdvesthe algorithm used in thipaper. Section 4 provides the results and

discussion of applying the optimization methodology to a suite of test problems.

Notation

G a probabilistic graph

N set of nodes (terminals)
L set of links (edges, arcs)



()] a link between nodesand;

p.g link reliability, link unreliability for all links; p+q =1
Xi decision variable; X1{0,1}

X a link topology of {%1,X12, ... , %, ... , Xun-1}

R(x) all-terminal reliability ok

Ro network reliability requirement

z objective function

Cj cost ofi())

CMAX the maximum value of ¢

0 0,ifReK) =2 R,; 1, if Relk) <R,

Ovax maximum number of generations in genetic algorithm
n population size of genetic algorithm

re crossover rate of genetic algorithm

I'm mutation rate of genetic algorithm

2. STATEMENT OF THE PROBLEM

A communication network can be modeled by a probabilsaph G = (N, L, p), invhich N
and L correspond to computer sites and communication links, respectively. Any graph G = (N, L)

is connected if there is at least one path betveseny pair of nodes\; ,N; T N edgeswhich

minimally requires a spanning tree with N-1 edges.
Assumptions

The location of each network node is given.

Nodes are perfectly reliable.

Each g and p are fixed and known.

Each link is bi-directional.

o A W b PE

There are no redundant links in the network.



6. Links are either operational or failed.
7. The failure of links ars-independent.
8. No repair is considered.
The optimization problem is:
N-1 N

Minimize Z= G X; (1)

==L

Subject to : R) > R,

wherex; 0{0,3 is the decision variable and}({s the system reliability.

At any instant of time, only some edges ofmay beoperational. A state of G issab-graph
(N,L") with L'C0L, where L is the set of operational edges. An operational stagersrally
called a pathset, and a minimal operational state is termed a min-ptgitedAtate L is called L
\ L' (a cutset)and when Lis a maximal failecstate L \ L is a mincut[19]. The network
reliability of state L (J L is shown below :

P[] d (2)

all operational | 0L 1o@LiL)
states

Summing thisstate occurrencprobability over all operational stategivesthe networksystem
reliability. However, theexponential number cftatesmakes such a computatiorfeasible, even
for networks of moderateizes[19]. All current exactlgorithms ofreliability computation for
generalnetworks are based on the enumeratiostates minpaths or mincutf20-24]. But few
of them give a little practical improvemeaver completestateenumerationwhile othersstill

examine exponentially marstates minpaths or mincut§l9]. Thereforegstimation ofnetwork
reliability is commonlyused fomon-trivial sizednetworks, andhis paper uses agfficient Monte

Carlo based simulation as described in section 3.

3. SOLUTION ALGORITHM

A GA was selected as theeuristic optimization vehicldecause of itdlexibility and

robustness as demonstratedmany NP-hard problemsncluding those ofreliability design [8-



13]. GA is a metdneuristic inspired by thdiological paradigm of evolution. Theyere
pioneered by HollanR5], De Jong [26]and Goldberd27] in the context of continuous non-
linear optimization, and later extended by various authors [e.g., 28-30] to combinatorial problems.
In GA, the search space is composed of candidate solutions to the problem, each represented by a
string, termed a chromosome. Each chromosome has an objective functioncabduak the
fitness. A set of chromosomes together with their associated fitness istlcalfgepulation. This
population, at a given iteration of the GA, is referred to as a generation.

There are three main steps in the repeat loop for GA:

1) The process ddelecting strings fronthe current generation to be parents of the next
generation with preference for fitter stringsThis is the selection process for
reproduction.

2) The process afombiningtwo selected strings to generate nelwldren stringsyhich
is called crossover Probabilistically,components of a chromosome are perturbed
while generating a child. Thigrocess ixalled mutation. Together, crossover and
mutation compriseeproduction.

3) Computation of th&tnessvalue using the objective function of each new solution.

The steps in the GA approach in this researehdiscussed belovgllowed by a flowchart of the
algorithm.
3.1. Coding Structure

Eachx represents a candidate netwddsign withthe size ofthe string equal tN(N-1)/2,
the number of possible links infaly connected network. Forexample, Figure 1 showssample
network whose base graph consists of 5 nodes and 10 possible links, but with only 7 links present.

Figure 1 here.

The string representation of this network is:

2 This is reduced for networks where not all possible links are permitted, as demonstrated on test problems 18 - 20.



[1 1. 0 1 1 0 1 1 0 1}
[ Xi5 Xiz Xga Xis Xog Xou Xos Xag Xas Xy

3.2. Initial Population

The initial population in GA can be obtained randomly or by using a heuristic method
(“seeding”the population). Irthis paper, thenitial population consists of aet of connected
networks which are also 2-connected but is otherwise generated in a rafakihion with
preference to combinationgelding high reliability. The 2-connectivity measure is used as a
preliminaryscreening, since it is usuallypsoperty ofhighly reliablenetworks. Theselection of
the probability values which are used in deciding whether a link exisistes anmportant stage
for the efficient generation of such anitial population. Table 1 shovike probability intervals
used in this research, established by exploratory research.

Insert Table 1 Here

3.3. Genetic Algorithm Parameters

The choice of parameters for GA can affect performantieec@lgorithm. These parameters
include n, r and r. There have beemany different studies tofind the optimal control
parameters for GA, however this litle in the way of useful guidance. ¢$tead, a set of
experimentsare usually run to establishparameter values/hich work well and to gauge the
sensitivity ofthe GA to alterations in thosalues. For this study the best results weren = 20,
ro = 0.95, and, = 0.05.
3.4. Selection Mechanism, Genetic Operators, Replacement Strategy

The approach in thipaper uses theonventional GAoperators of roulettevheel selection,
single point crossover and bit flip mutation. See Goldberg [27] defiaition ofthese. Below is
an example othe single point crossover strategy with #pice point after xs. and bitflip
mutation used in this research:

Parent 1
[t 1 0 1 1 0 1 1 0]

[ X12 XlS Xl4 X15 X23 X24 X25 X34 X35 X45



Parent 2
[t 01 1.0 0 1 1 1 ]

[ X12 XlS Xl4 X15 X23 X24 X25 X34 X35 X45

Child 1
[t 1. 0 1. 0 0 1 1 1]

[ X12 XlS Xl4 X15 X23 X24 X25 X34 X35 X45

Mutated Child 1
[t 0 0 1 0 0 1 1 1 |

[ X12 X13 X14 X15 X23 X24 X25 X34 X35 X45

Child 2
[t 01 1 1 0 1 1 0]

[ X12 XlS Xl4 X15 X23 X24 X25 X34 X35 X45

Mutated Child 2
[0 01 1 1 0 1 1 1 |

[ X Xis X Xis Xpz Xpu Xos Xay Xas Xy
3.5. Objective & Fitness Functions

The objective function is the sum tbie total cost forll links inthe networkplus a quadratic
penalty functionfor networkswhich fail to meet theminimum reliability requirement. The
objective ofthe penalty function is to leathe optimizationalgorithm to near-optimafleasible
solutions. It is important to allowfeasiblesolutions into the population becawg®od solutions
are often the result déreeding between a feasible and iafeasible solution and thegenetic
algorithm reproduction procedure does natsure feasible children, evenbibth parents are
feasible [31],especially in highlyconstrained problems whettee constraint isikely to beactive.

The fitness function considering possible infeasible solutions is:

Z(x) = Nzl % G; X; 0 (Cuax (R(X)-Ry))? (3)

In GA, thefitness, FX), traditionally improves with an improved objective function, creating

a maximization problem. Therefore, fitness is:
F(X) = (ZMAX -Z (X)) (4)



where Zax is the largest (worst) value of (3) for the current population.
3.6. Network Reliability
The GA methodology in thisaper uses threeliability estimations to tradeoff accuraesth
computational effort. Andeal strategyemploys onlythe computationally intensivenethod of
Monte Carlosimulation(or exact networkeliability calculation) orthe optimal network design.
Since GA is an iterative algorithm, this ideahnot be attained becausanycandidate networks
must be evaluated during the search. Therefore, screening of candidate network designs is done:
* A connectivity check for gpanningree ismade onall new networkdesigns using the
method of [17].
» For networkswhich pass this checkthe 2-connectivity measur¢l6] is made by
counting the node degrees.
» For networkswhich pass both of thespreliminary checks, Jan’sipper bound [18] is
used to compute the upper bound of reliability of a candidate netwgpl, R
This upper bound in used in tlealculation ofthe objective function(3) for all networks except
thosewhich are the best found so fatsfst). Networkswhich have B(x) = R, and the lowest
cost sofar are sent to thdlonte Carlo subroutine for more precisstimation ofnetwork
reliability using an efficienMonte Carlo technique by Yeh ak [15]. Thesimulation isdone for
3000 iterations for each candidate network for all problems studied in this paper.
3.7. Termination Condition
The criterion igguax, Which varies according to the size of the network, N, under study.
Algorithm
Step 1: Generate thenitial population,k = 1 to n, randomly according tdhe link
probabilities in Table 1, discarding arsplutions whichfail to meet the2-connectivity
requirement. Calculate tH#gness of each candidateetwork in the populatiomsing (3)
and (4) and Jan’s upper bound ag)Réxcept for the lowest cost netwaskth Ry(X) = R..
For this networkxgest, use the Monte Carlo estimation ofxiRin (4). g = 1.

Step 2:Select two candidate networks from current population by the selection mechanism.



Step 3: To obtaintwo children candidatenetworks,apply reproduction to the selected
networks using. andr,
Step 4:Determinethe 2-connectivity of each new child. Discaady that danot satisfy 2-
connectivity.
Step 5:Calculate RB(x) for each child and compute its objective function using (3).
Step 6:If the number of new childrenr:1 go to Step 2.
Step 7:Replace parents with children, retainiagsr from the previous generation.
Step 8:Sortthe new generation imcreasingorder of Zwith k theindices of a candidate
network. k =1 ton.

a) If Z(x) < Z(xsest), then estimate the systertliability of this networkusingMonte
Carlo simulation, else go to Step 9.

b) Xgest =X GO to Step 9.
Step 9 : Calculate the fitness value Xf(using (4) for each network in the new population.

Step 10 : If g =guax Stop, else go to Step 2 agd g+1.

4. RESULTS & DISCUSSION

4.1 Results

Several comparisons are used to judgeetfertiveness andifficiency ofthe GA described in
section 3which will be termed GAKBS. The first comparison is against a W#ich does not
include the problem specificstructure, termed SGA. In SGA, tivetial population consists of
connected networks, generated using a conptabgbility value 0D.5 to generate lank. These
networks are nosubject to the2-connectivity screening calculation. Systeghability is then
estimated orall networksusingthe improvedMonte Carlo procedure. The second comparison is
against the branch-and-bound method of Jan et al. [1].

Thetestproblemsaresummarized in Table 2 and detailedhe Appendix. These problems

are bothfully connected andon-fully connected networkwig., only asubset of L is possible for

10



selection). N of the connected networks rarfgws 5 t025. Theavailable links othe non-fully
connected networks wemandomly generated and werg.5 times N. The linkcosts for all
networks wereandomlygenerated ovef1,10Q except for problems grough 5Swhich used
costs over [1,150]. Each problem for the GA was run 10 times, each time with a different random
numberseed. Optimal solutions, as obtained Hye method oflan et al. [1]are alsogiven in
Table 2 with topologies shown the Appendix. Jan’s method cannot peacticallyused on the
larger problems (numbers5-17) because of the computational effort of the branch-and-bound
procedure. As showGAKBS givesthe optimal valuefor theall replications of problems 1 - 3
andfinds optimalfor all but two of the problems for at leasine run of the 10. The&vo with
suboptimal results (12 and 13) are very close to optimal.
Insert Table 2 Here

The performance of SGA and GAKBS were comparedafionetworks with theenhanced
GA converging significantly faster to a value closer to optimum. Figure 2 idypical
convergence plot showirtge best cost network for a singleblem averagedver ten runsvith
different seeds.Speed of convergence is important becausediability calculation,especially
for larger problems, precludextensive search dhe problem space. Table Its the search
space for each problem along witle proportionactually searched bthe GAKBS during a
single run O X guax). Ouax ranged from 30 td20000, depending on problem sizeThis
proportion is an upper bound becauSé’'s can (and oftendo) revisit solutions already
considered earlier ithe evolutionary search. It can be seen that the GA appeaaatines only
a very tiny fraction otthe possible solutionsor the larger problems, ystill yields optimal or
near-optimal solutions. Table 3 also compdhesefficacy of the Monte Carloestimation of
network reliability. The exactetworkreliability is calculated using a backtracking algorithm also
used by Jan et dl1] and compared to the estimated counterpart fofitlaénetwork for those
problems wher¢he GA found optimal. Theeliability estimation ofthe Monte Carlo method is
unbiased and is always within 1%tbe exact networkeliability. Sincethe computationime for

the Monte Carlo method is constavith networksize, and estimation accuragdges notlegrade

11



with an increase in L, this simulation estimation is a very effestiveogate for an exact network
reliability calculation.
Figure 2 here.
Insert Table 3 Here

4.2 Discussion

In this study,a stochastic search algorithm inspired by evolution was developsadlvi®
network topologydesign withminimum costsubject to aeliability constraint. The strengths of
this evolutionary approacire almoshon-increasing computational effoeffective optimization
andflexibility. Since GA is an iterative algorithm and improvemenypscally diminishing(as in
Figure 2), it may be terminated aty timeandstill return goodesults. The computational effort
over the tesproblems studied didot vary significantlyalthough networlsize increased byany
orders ofmagnitude. The GA returnexptimal or near-optimal solutions on every run regardless
of problem instance, problem size or random nursked. The methodologyvsry flexible and
alternative objectivege.g., maximize reliability subject to acost constraint) and alternative
methods ofreliability calculation(e.g., backtracking or another Monte Carlo method) could be

easily substituted for those used in this research.
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TABLE 1: Probability values used to generate the initial population.

Number of Nodes (N) Probability Values
10 (0.15-0.60)
20 (0.15-0.50)
30 (0.10-0.30)
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TABLE 2: Comparison of results.

Results of Genetic Algorithms®
Problem N L p R,  Optimum Best Mean Coef. of
Cost* Cost Cost  Variation
FULLY CONNECTED NETWORKS
1 5 10 0.80 0.90 255 255 255.0 0
2 5 10 090 095 201 201 201.0 0
3 7 21 090 0.90 720 720 720.0 0
4 7 21 090 095 845 845 857.0 0.0185
5 7 21 095 095 630 630 656.0 0.0344
6 8 28 090 090 203 203 205.4 0.0198
7 8 28 0.90 0.95 247 247 249.5 0.0183
8 8 28 095 095 179 179 180.3 0.0228
9 9 36 090 090 239 239 245.1 0.0497
10 9 36 090 095 286 286 298.2 0.0340
11 9 36 095 095 209 209 227.2 0.0839
12 10 45 090 0.90 154 156 169.8 0.0618
13 10 45 090 095 197 205 206.6 0.0095
14 10 45 095 095 136 136 150.4 0.0802
15 15 105 0.90 0.95 317 344.6 0.0703
16 20 190 0.95 0.95 926 956.0 0.0304
17 25 300 0.95 0.90 1606 1651.3 0.0243
NON FULLY CONNECTED NETWORKS
18 14 21 090 0.90 1063 1063 1076.1 0.0129
19 16 24 0.90 0.95 1022 1022 1032.0 0.0204
20 20 30 0.95 0.90 596 596 598.6 0.0052

* Found by the method of Jan et al. [1].

@ Qver ten runs.
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TABLE 3: Comparison of search effort and reliability estimation.

Problem Search Solutions Fraction Ro Actual Estimated Percent
Space Searched  Searched R(X) R(X) Difference

1 1.02 E3 6.00E2 5.86E-1 0.90 0.9170 0.9170 0.000
2 1.02 E3 6.00E2 5.86E-1 0.95 0.9579 0.9604 0.261
3 2.10 E6 1.50E4 7.14E-3 0.90 0.9034 0.9031 -0.033
4 2.10 E6 1.50E4 7.14E-3 0.95 0.9513 0.9580 0.704
5 2.10 E6 150E4 7.14E-3 0.95 0.9556 0.9569 0.136
6 2.68 E8 200E4 7.46 E-5 0.90 0.9078 0.9078 0.000
7 2.68 E8 200E4 7.46 E-5 0.95 0.9614 0.9628 0.001
8 2.68 E8 200E4 7.46 E-5 0.95 0.9637 0.9645 0.083
9 6.87 E10 400E4 5.82E-7 0.90 0.9066 0.9069 0.033
10 6.87 E10 400E4 5.82E-7 0.95 0.9567 0.9545 -0.230
11 6.87 E10 400E4 5.82E-7 0.95 0.9669 0.9668 -0.010
12 3.52 E13 8.00E4 2.27E-9 0.90 0.9050 *
13 3.52 E13 8.00E4 2.27E-9 0.95 0.9516 *
14 3.52 E13 8.00E4 2.27E-9 0.95 0.9611 0.9591 -0.208
15 406 E31 140E5 3.45E-27 | 0.95 @ 0.9509
16 1.57 E57 2.00 E5 1.27 E-52 0.95 @ 0.9925
17 2.04E90 4.00E5 196E-85 | 0.90 @ 0.9618
18 2.10 E6 1.50E4 7.14E-3 0.90 0.9035 0.9035 0.000
19 1.68 E7 200E4 1.19E-3 0.95 0.9538 0.9550 0.126
20 1.07 E9 3.00E4 280E-5 0.90 0.9032 0.9027 -0.055

* Optimal not found by GA.
@ Network is too large to exactly calculate reliability.
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APPENDIX

COST MATRICES OF FULLY CONNECTED NETWORKS

Problems 1 and 2: 5 nodes, 10 arcs

1 2 3 4 5
1| 32 54 62 25 |
2 | 34 58 45 |
3| - 3 52 |
4 | - 29 |
5| -

Problem 1 Optimum : {1,241,3K1,5K2,3{2,5H{3,4H4,5}
Problem 2 Optimum : {1,21,5K2,34{2,5K3,4H{4,5}

Problems 3, 4 and 5: 7 nodes, 21 arcs

1 2 3 4 5 6 71
| 125 150 125 150 150 130 |
| 75 100 150 200 250 |
| 75 90 250 200 |
| - 75 100 150 |
| 75 100 |
| o

~No b~ wWNE

Problem 3 Optimum : {1,2}{1,742,3}{2,4}{3,54,545,6}{6,7}
Problem 4 Optimum : {1,2}{1,7}{2,342,443,5}{4,5}{5,6{5,7H6,7}
Problem 5 Optimum : {1,2}{1,7H2,3}3,4}{4,5}{5,6}{6,7}

Problems 6, 7, and 8: 8 nodes, 28 arcs

1 2 3 4 5 6 7 8
59 19 98 77 35 40 93
68 39 16 48 12 81
- 17 41 24 89 41
- 60 23 72 45
- 23 51 84

- 54 1

- 33

O~NOTOA~WNPE

Problem 6 Optimum : {1,2}{1,5{1,6}{1,7H{1,8}{2,4}{3,5}{3,84,7}6,8}
Problem 7 Optimum : {1,3}{1,7}{2,4}{2,5H2,7}{3,4}{3,6}{4,6}{5,6}{6,8}{7,8}
Problem 8 Optimum : {1,3}{1,6}{2,52,7H43,4}{4,6}{5,6}{6,8}{7,8}

Problems 9, 10 and 11: 9 nodes, 36 arcs

1 2 3 4 5 6 7 8 9
37 77 61 97 58 41 63 3
40 30 4 53 61 37 63
- 5 63 71 13 90 34
- 33 70 39 7 35

©COo~NOUAWNR
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©
o
a
©
~
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Problem 9 Optimum : {1,2}{1,942,442,5}{2,6{3,713,9H4,5}{4,8}{6, 77,8}
Problem 10 Optimum : {1,241,6}{1,942,512,8H3,7}{3,9}{4,5}{4,8}{4,9}{6,7}{7,8}
Problem 11 Optimum : {1,241,9}2,5}{2,613,7H3,9}{4,5}{4,8}{6,7}{7,8}

Problems 12, 13 and 14: 10 nodes, 45 arcs

1 2 3 4 5 6 7 8 9 10

1 24 26 69 25 48 3 82 45 98
2 12 75 22 33 82 54 4 82
3 - 3 8 75 38 21 79 23
4 67 18 64 50 78 12
5 - 72 92 94 21 96
6 5 81 18 84
7 - 19 37 34
8 7 98
9 -
10

50

Problem 12 Optimum : {1,5H1,7}{2,3K2,93,53,10H4,6}{4,10K6,7}{6,9}{7,848,9}
Problem 13 Optimum : {1,5H1,7H{2,342,5K2,943,5K3,83,10}{4,6{4,10}6,7}{6,9H7,8}{8,9}
Problem 14 Optimum : {1,5H1,7H{2,34{2,943,5H3,1014,6}{4,10}6,7H7,8}{8,9}

Problem 15: 15 nodes, 105 arcs

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1 70 97 75 2 12 66 66 2 70 20 36 53 17 48
2 14 75 27 39 93 24 59 3 41 43 20 9 33
3 34 52 99 90 39 50 66 44 29 27 20 31
4 38 38 78 38 87 38 13 7 95 60 66
5 - 84 57 10 38 93 24 55 11 35 32
6 - 91 38 61 66 20 44 73 49 21
7 9 43 2 25 16 55 23 6
8 95 11 61 81 44 63 14
9 62 40 53 16 72 51
10 69 17 90 96 65
11 51 29 69 94
12 - 98 13 100
13 43 88
14 - 35
15| ]

Problem 16: 20 nodes, 190 arcs

12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

1 67 95 11 13 62 67 69 2 93 49 28 48 63 42 78 82 86 46 77
2 74 83 84 51 79 24 41 42 12 14 68 32 27 10 70 13 7 95
3 71 86 97 61 2 2 36 62 94 61 50 56 55 75 49 39 46
4 - 31 10 33 13 89 39 9% 20 66 76 50 5 25 42 59 43
5 - 100 72 96 82 38 75 78 15 5 14 64 65 13 95 47
6 24 67 17 74 71 19 3 87 41 84 33 60 37 79
7 57 81 3 52 18 6 4 39 50 66 68 62 30
8 38 98 45 81 77 61 16 61 84 90 31 89
9 61 93 31 97 74 25 7 98 27 67 59
10 - 13 7 47 53 2 70 61 16 91 69
11 1 29 81 42 95 9 85 14 12
12 77 46 82 81 72 2 90 48
13 40 18 1 47 16 14 34
14 65 84 30 24 48 72
15 20 14 36 24 76
16 89 63 51 16
17 28 49 60
18 7% 3




1 2 3 4 5
- 34 62 7 46
- 100 22 98

- 39 25

O©CoOo~NOOU_WNE
'

Problem 17: 25 nodes, 300 arcs

6 7 8 9
26 19 31 29

84 5 36 22

66 76 84 81

10 11 12 13

15

16 17

COST MATRICES OF NON-FULLY CONNECTED NETWORKS

Problem 18: 14 nodes, 21 arcs

10 11 12 13 14

2 (5) (3) 1
@ ©, G
3 6 9 7
1 2 3 4 5 6 7 8 9
1 - 47 61 20 - - - - - - .-
2 - - 46 95 - - - - - - -
3 - 25 - 51 - - - - - -
4 - - Lo
5 - - 98 45 - - - -
6 - 42 - 98 - - -
7 - - - 50 - -
8 - - 78 46 -
9 - 2 - 87
10 -
1 -
12 .
13
14|

Problem 18 Optimum :
{1,2}{1,4}{2,4{2,5}3,4}3,6{5,7}5,8}6,7}{6,9{7,10{8,10}{8,11}{9,10}{9,12}{11,1312,13}{12,14}{1

3,14}

22



Problem 19: 16 nodes, 24 arcs

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
13 99 S T T -
12 32

28

64 - -

68 7 -

39 38 79
- 61 -

O©CoOo~NOUh_WNE

- 92 - 87

10 - 80 81 - -

11 - 55 - 89

13 - - 50
14 - 86

Problem 19 Optimum : {1,21{1,1312,3}2,43,4}{4,5}{5,7}{5,86,7}{6,8{6,9}{9,10}

{9,12}10,11}{11,12}{11,14}13,1513,16}{14,15}14,16}

Problem 20: 20 nodes, 30 arcs

16

36
51
98
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1

2 3 4 5 6 7 8 9 10 11 12 13 14 15
7 40 - - - L -
46 51
30

34 19
84 24
66
- 27 - -
60 25 -
11 9
19 - -
- 21 1
100

16

9
22

17 18

13 -
- 33

19 20
10

65 -
4 59
44

Problem 20 Optimum : {1,2}{1,3}{1,2012,4}3,4}4,5}{5,6{5,7}{6,8}{7,8}{8,9}
{9,11}10,11}{10,12}{12,13}13,14}{13,15}{14,16}

{16,17}{15,16}{1718}18,19}{18,20}{19,20}
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Figure 1. Typical network.
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Figure 2. Typical convergence plot of SGA and GAKBS, averaged over ten seeds.
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