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Abstract

Interconnection-network design requires a trade-off among
reliability, redundancy, connectivity, and implementation cost.
This paper presents an Improved Genetic Algorithm (IGA) for
reliability- and cost-constrained topology optimization. The
network is modeled as a probabilistic graph whose processors are
vertices and communication links are candidate edges with cost
and reliability attributes. The IGA combines reliability-guided
initialization, adaptive crossover and mutation, tournament
selection, elitism, and feasibility-preserving repair. To address the
limitation of a link-average reliability surrogate, the revised study
uses estimated all-terminal reliability as an independent validation
metric. Experiments are performed on standard Mesh, Torus, and
Hypercube topologies with 64 and 256 nodes. The IGA is
compared with a conventional Genetic Algorithm and a minimum-
cost spanning-tree-based heuristic over five independent runs per
configuration. Monte Carlo reliability estimates use 5,000 link-
state trials for each optimized topology. The results show that the
IGA provides competitive reliability under the same cost budget,
with the clearest advantage on the 256-node Mesh and on the 64-
node Hypercube, while the conventional GA is slightly better on
some Torus instances. The results therefore support the usefulness
of reliability-guided evolutionary search without -claiming
universal superiority.
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1. Introduction
Interconnection networks constitute the communication backbone of parallel computers, distributed systems,
network-on-chip platforms, switching fabrics, and communication infrastructures. Their topology affects
communication delay, path diversity, fault tolerance, scalability, and deployment cost. Consequently, topology
design can be formulated as a constrained combinatorial optimization problem in which selected communication
links must provide adequate structural reliability while remaining within a resource budget [1]- [3].
Recent work by the authors established a mathematical framework for analyzing structural connectivity and
complexity characteristics of processor interconnection networks, providing a structural foundation for
subsequent topology optimization [4]. A dense topology can provide alternative communication routes and
improved fault tolerance, but it also increases cost and implementation complexity. A sparse topology reduces
cost but can become vulnerable to link failures or degree deficiencies. Exact network-reliability evaluation is
itself computationally difficult for large graphs, motivating approximation and simulation techniques [5], [6].
Genetic Algorithms (GAs) are attractive for topology design because they can explore large discrete search
spaces without requiring differentiability [7], [8]. However, conventional genetic operations can generate
disconnected, degree-deficient, or budget-infeasible topologies. Constraint handling, initialization, and
preservation of high-quality feasible solutions therefore become important design issues [9], [10]. Improved
genetic approaches have previously been applied to reliable communication-network topology optimization [11],
[12]. The original version of this work emphasized mathematical formulation and theoretical properties. The
revision addresses three major validation issues. First, the proposed IGA is evaluated on standard Mesh, Torus,
and Hypercube benchmark topologies at 64 and 256 nodes. Second, the original reliability-aware surrogate is
explicitly distinguished from an independent all-terminal reliability estimate obtained by Monte Carlo
simulation. Third, the figures, captions, cross-references, and IEEE-style citations are revised and checked.
The main contributions of the revised paper are:

e a graph-theoretic formulation of reliability- and cost-constrained topology optimization;
an IGA combining reliability-guided initialization, adaptive genetic operators, repair, and elitism;
an explicit all-terminal reliability estimator for independent validation of optimized topologies;
benchmark experiments on Mesh, Torus, and Hypercube networks with 64 and 256 nodes; and
a comparison with a conventional GA and an MST-based heuristic using reliability, cost, fitness, and
runtime metrics.

2. Related Work

Reliable network topology design has been studied using analytical, exact, heuristic, and evolutionary
approaches. Foundational studies investigated large-scale topological optimization and reliability-constrained
communication-network design [1], [2], [13]. Genetic-algorithm and local-search approaches subsequently
addressed reliable network design and all-terminal reliability optimization [10], [14]- [16]. For interconnection
networks, Tripathy et al. investigated reliability evaluation and genetic-algorithm-based topological optimization
[11], [17], [18]. Ai et al. further investigated topology optimization of computer communication networks using
an improved genetic algorithm [12]. These studies demonstrate the applicability of evolutionary optimization to
reliability-aware network design. From a structural perspective, previous studies have examined connectivity
and structural relationships in interconnection networks [19], [20]. The author’s earlier work developed a
mathematical framework for structural connectivity and complexity analysis of processor interconnection
networks [4]. The present work builds upon this structural foundation by introducing an Improved Genetic
Algorithm for topology optimization under reliability and cost constraints. More recent studies have also
explored learning-based approaches for network reliability estimation [21], [22], motivating the use of an
independent reliability evaluation rather than relying solely on an optimization surrogate.

3. Problem Formulation
3.1 Graph Model
The candidate interconnection network is modeled as an undirected graph
G = (V,E),

where V = {v,, ..., v,} denotes processors and E = {ey, ..., e;,} denotes candidate communication links. Each
link (i,j) € E has installation cost ¢;; > 0 and working reliability 7;; € (0,1]. A binary decision variable is
defined as

o {1, if link (i, j) is selected,

Y 710, otherwise.
The selected topology is Gy = (V, Ex).
3.2 Cost and Structural Constraints

The total selected-link cost is
C(X) = Z C,:j x,:j,
(L)€EE
subject to
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CX) < Chax
For a minimum degree requirement d;n,
degx(vy) = dmin, k=1,..,n
and the selected topology must be connected.

3.3 Optimization-Oriented Reliability Surrogate

Exact all-terminal reliability can be computationally expensive to evaluate repeatedly inside an evolutionary
search, particularly as network size increases [5], [6], [23]. Therefore, the optimization stage retains the
surrogate introduced in the original formulation:
R(X) = w7 (X) + w,I1(X),

where 7(X) is the average reliability of selected links and

|Ex| —(n—1)

[I(X) = max (O, —)

m—(mn-1)
form > n — 1, and zero otherwise. The weights satisfy w, + w, = 1.
This quantity is explicitly treated as a surrogate optimization score, not as the probability that the complete
network remains connected after random link failures. The distinction addresses the reliability concern raised by
the reviewer.

3.4. Penalty-Based Fitness

The optimization fitness is
F(X) = aR(X) — BPeost (X) — deeg(X) = 6Ponn(X),
where
CcC(X)—C,
Peost (X) = max (0, M),

Cmax

1

ndmin

n
Paeg(X) = —— > max (0, diy — degs (v),
k=1

and P,.,,, (X) equals zero for a connected topology and one otherwise.
4. Improved Genetic Algorithm
4.1. Chromosome and Initialization

A chromosome is a binary vector X = (xy, ..., X,), wWith one gene per candidate link. The IGA uses a reliability-
guided initialization strategy. A minimum-cost spanning-tree seed is first constructed, degree constraints are
repaired, and additional links with high reliability-to-cost ratios are added while respecting the budget. Perturbed
variants are then generated and repaired.

4.2. Adaptive Genetic Operators

Tournament selection is used. The IGA crossover probability changes from 0.90 to 0.70 over the run:
g .
Pc(9) = p*** = (™ = pd™™).

Gmax

The mutation probability changes from 0.08 to 0.01:
. g )
Pm(9) =pm™ + (1 - ) (o™ —pm™)-

Gmax

Elitism preserves the best two feasible chromosomes.
4.3. Feasibility-Preserving Repair

The conceptual repair sequence first establishes connectivity and minimum degree and then enforces the budget.
For efficient implementation on the 256-node benchmarks, a deterministic minimum-cost connected base
satisfying the degree constraint is constructed once for each benchmark. Each offspring is projected onto this
feasible base, after which its selected non-base genes are considered in descending reliability-to-cost order and
added while the budget permits. This implementation preserves feasibility while avoiding repeated expensive
connectivity searches during every genetic operation. Candidate graph G, costs, reliabilities, Crax, @mins
population P, generations G,,,, Best feasible topology X Construct reliability-guided feasible initial population
Evaluate F(X) and retain best feasible chromosome Select parents using tournament selection Apply adaptive
crossover with probability p.(g) Apply adaptive mutation with probability p,,(g) Project offspring onto a
feasible base and add high-utility selected links within budget Evaluate offspring fitness Copy the best two
chromosomes to the next generation Update X* X*

5. All-Terminal Reliability Validation

The revised study independently evaluates each optimized topology using Monte Carlo simulation. For a
selected edge e, its operational state is sampled independently with probability 7,. For trial s, let
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I = {1, G)Es) is connected,
s 0, otherwise.
The estimated all-terminal reliability is

1
R\AT(X) = ﬁzls-
Ss=1

R, (1-R
SE — AT( AT)‘
\I N

and the approximate 95% confidence interval is R,y + 1.96SE.

This estimator directly answers whether all processors remain connected under stochastic link failures and is
therefore a stronger reliability indicator than the average selected-link reliability. It is used only for final
validation, avoiding repeated Monte Carlo computation inside the GA. The distinction between optimization
surrogate and validation reliability is important for reproducibility and computational efficiency.

6. Experimental Methodology

6.1. Benchmark Topologies

Three standard interconnection-network structures were evaluated: Mesh, Torus, and Hypercube. The Mesh and
Torus cases use 8 X 8 and 16 X 16 structures, corresponding to 64 and 256 nodes. The Hypercube cases use 6-
dimensional and 8-dimensional structures, corresponding to 64 and 256 nodes. These benchmark families
provide different degrees and path-redundancy characteristics. The selected Mesh, Torus, and Hypercube
structures are standard benchmark topologies used to evaluate the optimization behavior of the proposed
method. Because physical deployment-specific measurements were not available, link costs and reliability were
generated using fixed random seeds. Thus, the experiments evaluate the algorithm on standard network
structures rather than representing measurements from a deployed physical network.

6.2. Link Attributes and Budgets

The estimated standard error is

To isolate topology optimization from application-specific physical data, link attributes were generated
reproducibly using fixed seeds for each benchmark. Link costs were integer values in the range 1-5, while link
reliabilities were generated in the interval [0.90,0.995). The minimum node degree was set to two. For each
benchmark, the cost budget was set to 112% of the cost of the minimum-cost feasible base topology and rounded
upward. The same budget and link attributes were supplied to all competing methods.

6.3. Algorithms and Parameters

The comparison included the proposed IGA, a conventional GA, and an MST-based heuristic. The IGA and
conventional GA used population size 30 and 60 generations. Tournament size was three and elitism retained
two solutions. The conventional GA used fixed crossover and mutation probabilities of 0.80 and 0.02,
respectively. The IGA used the adaptive schedules given in Section IV and reliability-guided initialization. The
MST heuristic first constructed a minimum-cost spanning tree and then augmented it to satisfy the minimum-
degree constraint. Five independent runs were performed for each algorithm and benchmark. Final reliability
was estimated with 5,000 Monte Carlo trials per optimized topology. All implementations used Python with
deterministic benchmark seeds. Reported values are mean + standard deviation across the five independent runs
unless otherwise stated.
Table:1 Experimental configurations.

Parameter Setting

Topologies Mesh, Torus, Hypercube
Network sizes 64 and 256 nodes
Minimum degree 2

Link cost Integer 1-5

Link reliability [0.90,0.995)
Budget 1.12 X minimum feasible-base cost
Population 30

Generations 60

Tournament size 3

Elitism 2 chromosomes

GA crossover/mutation ~ 0.80/0.02

IGA crossover 0.90 - 0.70

IGA mutation 0.08 — 0.01

Independent runs 5

Monte Carlo trials

5,000 per topology
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7. Experimental Results and Discussion

Table-2 Reports the principal results. The same budget is used by all methods within each benchmark, making
reliability the main differentiating outcome once feasibility is achieved.

Table:2 Benchmark results (mean + standard deviation over five independent runs).

Network Method Cost All-terminal reliability  Fitness Runtime (s)
Mesh-64 MST 198.0 £ 0.0 0.8133 £ 0.0039 0.9982 + 0.0000 0.235+ 0.125
GA 222.0 £ 0.0 0.8755 % 0.0060 1.0222 + 0.0001 0.376 + 0.200
IGA 222.0+0.0 0.8728 £+ 0.0044 1.0230 + 0.0000 0.398 + 0.206
Mesh-256 MST 770.0 £ 0.0 0.5602 + 0.0075 1.0000 + 0.0000 0.968 + 0.508
GA 863.0 £ 0.0 0.7028 £ 0.0164 1.0206 + 0.0001 1.516 + 0.801
IGA 863.0 £ 0.0 0.7138 £+ 0.0082 1.0208 + 0.0000 1.648 + 0.864
Torus-64 MST 169.0 £ 0.0 0.7957 £ 0.0041 0.9829 + 0.0000 0.230+0.118
GA 190.0 £ 0.0 0.8624 + 0.0107 0.9985 + 0.0003 0.378 + 0.200
IGA 190.0 £ 0.0 0.8562 + 0.0041 0.9987 + 0.0000 0.400 + 0.211
Torus-256 MST 719.0 £ 0.0 0.5274 + 0.0076 0.9890 + 0.0000 0.967 + 0.511
GA 806.0 £ 0.0 0.7001 £+ 0.0108 1.0065 + 0.0001 1.580 + 0.851
IGA 806.0 £ 0.0 0.6988 + 0.0030 1.0066 + 0.0000 1.736 + 0.907
Hypercube-64 ~ MST 129.0 £ 0.0 0.8562 £+ 0.0066 0.9707 +£ 0.0000 0.239 +0.125
GA 145.0 £ 0.0 0.8982 + 0.0084 0.9814 + 0.0001 0.445 + 0.237
IGA 145.0 £ 0.0 0.9025 + 0.0033 0.9813 + 0.0000 0.463 + 0.240
Hypercube-256 MST 504.0 £ 0.0 0.5417 + 0.0059 0.9634 + 0.0000 1.041 + 0.548
GA 565.0 + 0.0 0.6658 + 0.0072 0.9718 + 0.0000 2.060 + 1.090
IGA 565.0 +£ 0.0 0.6647 £+ 0.0087 0.9718 +£ 0.0000 2.464 + 1.354

7.1. Reliability

The proposed IGA substantially improves reliability over the MST heuristic on all six benchmarks because the
optimized solutions use the available budget to introduce additional high-utility links. On the 256-node Mesh,
IGA reaches 0.7138 compared with 0.7028 for GA and 0.5602 for the MST heuristic. On the 64-node
Hypercube, IGA also produces the highest reliability (0.9025). On the Torus cases, the conventional GA is
slightly better than IGA in the measured Monte Carlo reliability, although IGA obtains marginally higher
surrogate fitness. The results therefore indicate that the proposed strategy is competitive rather than universally
dominant.
Reliability comparison at 64 nodes

=
o

B MST-Heuristic

W Standard GA W IGA

I focd S
ES o ™
b i

Estimated all-terminal reliability
o
N

o
=3

Mesh Torus Hypercube
Fig.1 Estimated all-terminal reliability for 64-node benchmark networks.

Reliability comparison at 256 nodes
N MST-Heuristic

=
[=)

W Standard GA N IGA

o
©

1 o
ES =)

Estimated all-terminal reliability
=
N

0.0

Mesh Torus

Hypercube

Fig.2 Estimated all-terminal reliability for 256-node benchmark networks.
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7.2. Cost and Fitness

The GA and IGA solutions generally consume the complete available budget, while the MST heuristic uses less
because it prioritizes low cost. This behavior explains a substantial portion of the reliability gap. The IGA fitness
is equal to or slightly greater than the conventional GA on all six configurations, with the largest difference
visible in the Mesh cases. Because the validation reliability is independently estimated, the results also show that
a small surrogate-fitness difference does not necessarily imply a large reliability difference.

7.3. Scalability and Runtime

Runtime increases with network size for all methods. The 256-node Hypercube is the most computationally
demanding case because it contains 1,024 candidate links. The IGA requires slightly more runtime than the
conventional GA because of reliability-guided initialization and adaptive processing. This overhead is modest
relative to the gain observed on the 256-node Mesh, but it is a genuine trade-off and is therefore reported rather
than hidden.

Runtime scalability

2.5 -@ Mesn/ - 18
- Torus / MST-Heuristic 0~ Mesh /IGA
@~ Hypercube / MST-Heuristc -8~ Torus /IGA
~@- Mesh /Standard GA Hypercube /1GA
2.0 - “® Torus/Standard GA
w
-
o 1.5
g
=
c
>
« 1.0
0.5

75 100 125 150 175 200 225 250
Number of nodes

Fig.3 Runtime scalability across benchmark sizes and topologies.

7.4. Convergence

Figures 4, 5, and 6 show the mean best-so-far surrogate fitness for the 256-node benchmarks. The IGA reaches a
stable high-quality solution quickly because its initial population is biased toward reliability-efficient structures.
The conventional GA converges to closely related fitness levels, confirming that the proposed improvements
primarily affect search guidance and feasibility handling rather than changing the underlying optimization
objective.

Convergence on Mesh-256

) - 2
2 1.0205
5
'
3
% 1.0200 1
g
e
2
2 1.0195
3
°
?
$ 1.0190 1 —— Standard GA
o IGA
0 10 20 30 40 50 60

Generation

Fig.4 Convergence behavior on the 256-node Mesh.

8. Theoretical Properties
8.1. Feasible-Offspring Probability Under Repair

Let pf° denote the probability that an offspring generated by a standard GA is feasible before repair and pf©
the probability after a repair operator that leaves feasible chromosomes unchanged and can map at least one
infeasible pattern to a feasible topology. Then
IGA SGA
P 2.
The argument follows because existing feasible offspring are retained and additional feasible offspring may be
recovered.
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Convergence on Torus-256

1.00650 A

1.00625 -

1.00600
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1.00550 -

1.00525 - —— Standard GA
IGA

T T T T T T T
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Generation

Best-so-far surrogate fitness

1.00500 -

Fig. S. Convergence behavior on the 256-node Torus

Convergence on Hypercube-256

0.9718 -
g
< 0.9716 4
0.9714

gate fi

g 0.9712
0.9710 4
0.9708 1

0.9706 —— Standard GA
IGA

Best-so-far su

0.9704
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Fig.6 Convergence behavior on the 256-node Hypercube.
8.2. Best-So-Far Fitness Under Elitism

If the best feasible chromosome in generation g is copied unchanged into generation g + 1, then
1= fy

Thus, elitism guarantees a non-decreasing best-so-far feasible fitness sequence.
8.3. Connectivity Recovery

If the component graph induced by candidate links between disconnected components is connected, a spanning
tree of the component graph contains g — 1 links for g components. Adding these links restores connectivity.
This establishes the recoverability condition assumed by the repair procedure.

8.4. Computational Complexity

For one chromosome, cost and degree calculations require O(m) operations and connectivity checking requires
O0(n + m) time using standard graph traversal algorithms [24]. The implementation uses a precomputed feasible
base for each benchmark and therefore performs the principal offspring projection and utility-ordered addition in
0(m) time. The approximate evolutionary-search complexity is consequently

0(GmaxP(n +m)).
The independent Monte Carlo validation adds

O(Ns(n +m))

per optimized topology, giving a total validation-aware cost of approximately O (Gp,qP(n + m) + Ny(n + m))
per final solution.

9. Discussion and Limitations

The experiments address the principal empirical gap identified by the reviewer. The proposed method is now
tested on standard Mesh, Torus, and Hypercube structures at two scales and compared with two baseline
methods. The results demonstrate that reliability-guided search can improve the quality of feasible topologies,
especially when the budget is tight. However, the results do not establish universal superiority: the conventional
GA is slightly better than IGA on the measured Torus reliability, and IGA has a modest runtime overhead.

The benchmark link costs and reliabilities are synthetic but reproducible. Therefore, the experiments validate
algorithmic behavior on standard topological structures rather than claiming performance on a particular
deployed physical network. Future work should incorporate application-specific link costs, measured failure
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rates, larger networks, and exact or more advanced reliability estimators where computationally practical. A
further extension is multi-objective optimization involving latency, throughput, and energy.

10. Conclusion

This revised paper presented and experimentally evaluated an Improved Genetic Algorithm for reliability- and
cost-constrained interconnection-network optimization. The formulation uses a binary graph representation,
reliability-aware surrogate optimization, adaptive crossover and mutation, feasibility-preserving repair, and
elitist preservation. To address the limitation of the original reliability measure, the revised methodology
independently estimates all-terminal reliability using Monte Carlo link-state simulation.

Experiments on 64- and 256-node Mesh, Torus, and Hypercube networks show that IGA is competitive with
conventional GA and consistently outperforms the MST-based heuristic in the reported reliability metric. The
strongest observed improvement occurs on the 256-node Mesh, while the conventional GA remains slightly
better on the Torus benchmarks. These results provide evidence for the usefulness of the proposed search
strategy while maintaining an honest account of its computational overhead and topology-dependent behavior.
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