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THE APPLICATION OF METAHEURISTIC METHODS FOR OPTIMIZATION OF
DISTRIBUTED IT SYSTEMS

Abstract

This paper examines task distribution optimization methods in IT systems using metaheuristic algorithms
such as Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO).
The study explores their applicability to solve complex problems in modern IT environments, where traditional
methods fail to efficiently process large data volumes or provide the required accuracy. The research focuses
on IT systems that need optimal allocation of computational and human resources to enhance performance and
reduce costs. Mathematical models for dynamic optimization are developed, considering parameters such as
cost, time, and quality of task execution. A comparative analysis of the three methods (GA, PSO, ACO)
showed that each has its strengths and weaknesses in the context of optimization tasks: GA is most effective
in terms of time but with higher costs, while PSO and ACO deliver better results in quality with lower time
and memory costs. The practical value of the research lies in the potential application of the proposed methods
for automating resource management processes in IT, significantly improving operational efficiency and
reducing costs. The scientific value of the work is in expanding theoretical approaches to using metaheuristic
methods to solve optimization problems in IT services and project management.

Keywords: task distribution optimization, metaheuristic methods, genetic algorithm, particle swarm
optimization, ant colony optimization, IT systems, resource allocation, dynamic programming.
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TAPATBUIFAH IT )KYHEJIEPIH TUIMALJIEY YIIIH METADBPUCTHUKAJIBIK OICTEP/II
KOJIJAHY

Anoamna

Byn makanama TarceipManapapl Oeily IpOLECiH OHTAWIAHABIPY YIIIH TeHeTHKaNbIK anroputMm (GA),
Oemmexrep poiisl (PSO) sxoHe Kymbipcka kononusAck (ACO) cexingi MeTa3BPUCTUKANIBIK 9icTepIi KOJIAaHy
KapacThIpbuIafibl. 3epTTey 3amManayu [T skyiienepinnie yiakeH KeJeM/Ieri IepeKTepMeH THIM/II dKYMBIC icTeyre
JKOHE KAKETTI MONIIKTI KaMTaMachl3 €TYre IOCTYPIi TocUIAep JKEeTKUTIKCi3 OoNaThIH jKarmaiiapia OChI
omicTepaiH KoigaHOamsl MYMKIHAIKTEpiH 3epTTeiini. JKyMbIc pecypcTapibl — ecenTey KyaTblH JKOHE alaMu
pecypcTapabl — OHTAWJBl YJECTIpY apKbUIbl OHIMATIKTI apTThIpy MEH HIBIFBIHAAPIBI a3aiiTy MocelleciHe
OarpITTaFaH. Y akbIT, IIBIFBIH )KOHE OPBIH/IAY CAIaChl CUSIKTHI TapaMeTPIIepIi €CKEPEe OTHIPHII, TUHAMUKAIIBIK
OHTaWIaHJBIPyFa apHalFaH MaTeMaTUKaIbIK MOJeNnbaep skacanmbl. Y oxmictiH (GA, PSO, ACO)
CAITBICTBIPMATBI TaJJIAybl OJIAPJIBIH OpPKANHCHICHIHBIH HAKThI Kariainapra OalNIaHBICTBI KYIITI YKOHE JICi3
yKakTapbiH kepceTTi: GA KbU1IaMIbIK OOHbIHIIA THIMZL, OipaK IIbIFbIHAAPHI sx0oFaphl; a1 PSO men ACO cama
TYPFBICBIHAH KaKChl HOTHXE Oepil, yakbIT IEH >KaJ PecypcTapblH YHeMAeHai. 3epTTeydiH MPaKTUKAIBIK
KyHaeuibirbl — IT sxyienepinge pecypcrapisl Oackapy HpOLECiH aBTOMATTaHIBIPY apKbUIbI ONEPaLUSUIBIK
THIMJUTIKTI  apTTHIPBIN, [IBIFBIHAAPABI  a3aiTyFa MyMKIHIIK Oepyinge. FBUIBIME  KYHABUIBIFBI —
METa’BPUCTUKANBIK dicTepai [T kpi3meTTepl MeH xo0anapisl OacKapyaarbl OHTAHIaHIBIPY Maceeepine
KOJIIaHyIbIH TEOPHUSIIBIK HETi31H KeHEUTYiH/Ie.

Tyiiin ce3aep: Tanceipmanapapl 061y, METadBPUCTUKAIBIK dJIiCTEp, TEHETUKANIBIK alrOpUTM, OoIIeKTep
PpOsIChl, KYMbIpCKa KostoHusIChI, [T xyitenepi, pecypcrapabl 0oy, TMHAMHUKAIIBIK Oaraapiamaay.
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NPUMEHEHHUE METASBPUCTHYECKUX METOJ0B JJIS1 OITUMU3ALINN
PACITPEJAEJIEHHBIX IT-CUCTEM

Annomayus

B crarbe paccmaTpuBarOTCSs METOABl ONTUMHU3AIMK pacmpeaesneHuss 3amad B [T-cucremax ¢
HCIIOJIb30BAaHUEM METa3BPUCTHUECKUX aITOPUTMOB, TAKUX Kak reHeTndeckuil anroputm (GA), alnroputm pos
yactull (PSO) u anroput™m kononun mypaBbés (ACO). MccnenoBanue HanpaBiIeHO HA aHAIW3 IPUMEHUMOCTH
3THUX aJTOPUTMOB JJISl PEIICHHsSI CIIOKHBIX 3a7a4 B COBpeMeHHbIX [ T-cpenax, rae TpaauiMoHHbIe METOIbI He
00ecTeYnBaloT HEOOXOJMMOM TOYHOCTH HJIM CKOPOCTH 00pabOoTKH OombmMx 00bEMOB NaHHBIX. OCHOBHOE
BHUMAaHUE YJAEICHO cHcTeMaM, TpeOyomuM 3(Q(EeKTUBHOTO paclpelesieHus BBIYUCIUTENbHBIX U
YeIIOBEYECKUX PECYPCOB C IEJBIO TOBBIIMIEHNUS MPOU3BOAUTEIFHOCTH M CHIDKEHUS m3epkek. PaspaboTanbl
MaTeMaTHYECKHE MOIETH THHAMHYECKOH ONTUMH3AINHA C YIETOM TaKNX MapaMeTpOB, KaK CTOUMOCTD, BpeMs
W Ka4yecTBO BBIMIONHEHUs 3a1a4. CpaBHHUTENBHBIA aHAIM3 MOKa3ajl, YTO Kbl U3 aJrOpUTMOB 00JagaeT
cBouMU nipeumytiecTBaMu: GA Goee 3 GeKTHBEH 10 BpeMeHH, HO TpeOyeT OOJBIINX 3aTpaT, B TO BpeMs Kak
PSO u ACO obecrieunBaioT BEICOKOE KaueCTBO MPH MEHBIINX BPEMEHHBIX M BBEIUHCIHTEIHHBIX MU3IACPIKKAX.
[IpakTrdeckas 3HAYMMOCTH pabOTHI 3aKIFOUACTCS B BOZMOXHOCTH PUMEHEHHS IPEITI0KEHHBIX METOIOB IS
ABTOMATH3allMU TIPOIIECCOB yIpaBiieHus pecypcamu B IT, dYTO CIOCOOCTBYET pOCTY OIEpaliMOHHON
3((HEeKTUBHOCTH M CHIKEHHIO pacxooB. HaydHas 1IeHHOCTh 3aKIFOYaeTCs B PACIIMPEHUH TEOPETUIECKIX
MTOIXOJIOB K IPUMEHEHUIO METaBPUCTUIECKIX METOJIOB B PEIICHUH 3a]]a4 ONITUMU3AINK B oomactu [T-ycmyr
U YTIpaBJICHUS TIPOEKTaMH.

KiaioueBble cji0oBa: ONTHMHU3ANUS PACTpPEICICHHS 3a/1a4, METa’BPUCTHUYECKAE METOIbI, TeHETHIECKUN
QITOPUTM, ANTOPUTM POS YACTHI, aJTOPUTM KOJIOHHM MYpaBbEB, IT-cucTemsbl, pacmpenenenne pecypcos,
JTUHAMHYECKOE MPOrpaMMHUpPOBaHHE.

Introduction

In recent decades, information technologies (IT) have significantly transformed approaches to
solving a wide range of problems across various fields, from business to science. Modern IT systems
encompass distributed computing environments, cloud infrastructures, big data management systems,
and many other complex components that require effective resource management. These systems
often involve problems classified as NP-hard, making them difficult to solve using traditional
optimization methods such as exact algorithms and linear programming. With the growing
complexity and scalability of these systems, there is a need to develop more flexible and efficient
methods to solve optimization problems that can account for dynamic changes and handle large
volumes of data. One of the key challenges is optimizing resource allocation, load balancing, task
scheduling, and query routing in IT systems, all of which directly impact the performance and
efficiency of the entire infrastructure. However, traditional approaches based on deterministic
methods are unable to effectively cope with the scalability and complexity of these tasks. In such
conditions, metaheuristic methods, such as genetic algorithms, particle swarm optimization (PSO),
and ant colony optimization (ACO), have become essential tools for solving optimization problems
in IT systems. These methods allow for finding approximate solutions that, although not absolutely
optimal, can significantly improve system performance in real-world conditions. The relevance of
this research is due to the fact that optimization problems in IT systems, including tasks related to
dynamic resource allocation and routing, are becoming increasingly complex due to the growing load
and scalability of modern infrastructures. Traditional problem-solving methods are unable to cope
with the increasing complexity and data volume, making it impossible to effectively solve these tasks
in real-time. Metaheuristic approaches, such as genetic algorithms, PSO, and ACO, offer significant
advantages in finding approximate solutions, leading to improved performance in conditions of high
uncertainty and dynamism. The aim of this study is to explore and implement metaheuristic methods
for solving optimization problems in large-scale IT systems. Specifically, the research focuses on
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analyzing the application of genetic algorithms, particle swarm optimization, and ant colony
optimization to tasks such as load balancing, computational task distribution, and query routing in
distributed IT systems. It is expected that the use of these methods will significantly improve system
efficiency by optimizing resource allocation, minimizing response time, and enhancing overall
performance.

Literature review

This literature review examines various mathematical models and optimization methods applied
to technological and IT systems, emphasizing their vital role in enhancing productivity, cost-
efficiency, and task allocation under specific conditions. Studies have developed cyclic task
distribution models that account for workload and stochastic parameters, with IT system operations
modeled as queuing systems to ensure adaptive multi-criteria allocation that balances cost, time, and
quality [1]. Research underscores the importance of mathematical models in IT system design and
optimization, highlighting tools such as Fuzzy Logic Controllers and Coverage Path Planning
algorithms used in robotic applications [2]. Resource allocation methods, based on linear
programming and algorithmic algebra, are also explored, with prototypes developed for efficient IT
resource distribution [3]. Optimization models for multi-channel service systems, which consider
financial, time, and quality objectives, utilize utility functions for effective work package distribution
[4]. The challenge of resource allocation in IT management is addressed, with a focus on optimal
resource use and human resource modeling through combinatorial optimization techniques [5, 6].
Machine learning algorithms are employed for task classification and distribution, reducing
workloads for key personnel in IT teams [7]. Queuing theory and Markov chains contribute to the
optimization of information resource distribution across storage nodes, enhancing timeliness and
security [8]. Dynamic project management models based on network graphs are developed for
complex task planning in IT companies [9]. Functional network tools and linear programming are
applied to distribute digital control functions in IT outsourcing, improving decision support systems
[10]. Distributed information systems are optimized using integer programming, with a focus on data
distribution across nodes [11]. Network Function Virtualization is used to deploy Service Function
Chains, optimizing service request processing [12]. Artificial Intelligence tools and Petri nets are
applied to model mass service enterprise operations, providing efficient management of information
flows [13]. Bi-objective nonlinear integer programming models are proposed for flow shop
scheduling, aimed at minimizing delays and workload imbalances [14]. Work management servers
are utilized to enhance task allocation and performance assessment [15]. Empirically driven multi-
criteria models are developed to improve task distribution in global software projects, addressing
workforce capabilities and innovation [16]. Casual econometric models support long-term national
industry development, highlighting the need for accurate and adaptable models under high uncertainty
[17]. Finally, dynamic multi-criteria optimization models for IT project management are proposed,
focusing on human resource distribution and practical implementation challenges [18]. This
comprehensive review highlights the diverse applications of mathematical modeling in optimizing IT
operations and project management, laying the groundwork for future research and practical
advancements in the field.

Research methodology

Efficient work distribution in IT services relies on robust mathematical models that optimize task
allocation, resource management, and performance metrics. This section outlines fundamental
models applied in IT service optimization.

The assignment problem is a classical combinatorial optimization model used to allocate IT
specialists to tasks while minimizing cost or maximizing efficiency. It can be formulated as:

m
Z CijXij, @Y

n
i=1 j=1
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subject to:

m
xij = 1,2 xij = 1,xl-j € {0,1} (2)
j=1

n
i=1

Where cjj represents the cost of assigning a specialist ii to task j, and xjj is a binary decision variable
indicating whether the assignment occurs. The Hungarian algorithm is commonly used for solving
this problem efficiently.

Optimization tasks in large IT systems, especially under conditions of high complexity and
scalability, often prove to be NP-hard. NP (Non-deterministic Polynomial time) refers to a class of
problems for which the solution can be verified in polynomial time relative to the size of the input
data, but finding the solution may require exponential time. Problems belonging to the NP-hard class
can be too complex for traditional solution methods, especially as the volume of input data increases.
This makes traditional algorithms unsuitable for efficiently searching for solutions to such problems.
This implies that finding an optimal solution for such tasks may be computationally infeasible using
classical methods, making them extremely difficult to solve as data volumes grow. In such cases,
heuristic and metaheuristic methods come to the rescue, significantly accelerating the process of
finding approximate solutions applied in real-world conditions. Let's explore three of the most
popular metaheuristic methods actively used for optimizing IT systems.

Given the NP-hard nature of large-scale IT optimization problems, heuristic and metaheuristic
methods are often employed:

- Genetic Algorithms (GA): Applied for dynamic load balancing in cloud computing.

- Particle Swarm Optimization (PSO): Used for task scheduling in distributed IT environments.

- Ant Colony Optimization (ACO): effective for optimizing service request routing in decentralized
IT infrastructures.

Genetic algorithms (GA) are based on the principles of natural selection and genetic evolution,
making them a powerful tool for solving problems where it is important to optimize a large number
of possible solutions while considering many factors. In the context of IT systems, GA is used for
dynamic load balancing, distributing computational resources, and other tasks related to system
performance optimization. A genetic algorithm begins by creating an initial population of random
solutions. Then, over several generations, a process of selection, crossover, and mutation occurs,
allowing for more optimal solutions to be found. Each element of the population is evaluated using a
fitness function, which determines how effective each solution is in the current iteration. This process
is repeated, improving the quality of the solution over several generations.

Particle Swarm Optimization (PSO) is a metaheuristic method based on observing the behavior of
a flock of birds or a school of fish, where each particle represents a possible solution to the problem.
The PSO algorithm models the collective behavior of particles, each of which moves through the
search space, updating its position based on its own achievements and the achievements of other
particles in the swarm. PSO is widely used in tasks such as distributing computational tasks across
servers in distributed IT systems. This algorithm is effective in multi-task environments where
optimal solutions must be found for several interrelated parameters, such as minimizing execution
time or maximizing overall performance. PSO converges quickly to a good solution and is a suitable
tool for problems requiring the optimization of multiple variables.

Ant Colony Optimization (ACO) is based on the behavior of real ants searching for the shortest
path to a food source, leaving pheromones along the way. During the algorithm's operation, more
effective paths receive more pheromones, which encourages further exploration of those paths, while
less effective paths lose pheromones and eventually disappear. In IT systems, ACO is used for
optimizing request routing in distributed and decentralized infrastructures. This can include
optimizing data transmission routes or distributing service requests across servers in multi-server
systems. The algorithm allows for finding solutions that minimize response time and system load
while effectively balancing the exploration of new solutions with the use of already discovered paths.
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Metaheuristic methods such as genetic algorithms, particle swarm optimization, and ant colony
optimization provide powerful tools for solving complex optimization problems in IT systems. These
methods are particularly useful when traditional algorithms are unable to effectively solve problems
due to their high complexity. Each of these methods has its own characteristics and is applied to
various types of problems such as load balancing, computational task distribution, and request
routing. In the context of NP-hardness, where exact solutions may be computationally infeasible,
metaheuristic methods enable significant results by minimizing computation time and improving
system efficiency. Each of these models contributes to improving IT service efficiency, reducing
operational costs, and enhancing system reliability. The choice of the appropriate model depends on
the complexity of the IT environment and the optimization criteria.

Model Formulation
Let us define the problem as follows:
— N -—setoftasks {1, 2, ..., N} M - set of workers {1, 2, ..., M}

— tjj — time required for worker j to complete task i.  ¢jj — cost of worker j performing task i.
- Xjj — binary decision variable:

v = {1, if task i is assigned to worker j; 3)
U710, otherwise.
Constraints
Each task is assigned to exactly one worker:
M
injzl,ViEN. (4)
j=1
Workers have limited available time T;:
N
Z tijxij ST],V]EM (5)
i=1

The objective is to minimize the total cost:
N
=1

M
min z Cijxij. (6)

j=1

l

If a nonzero feasible solution exists for the dual problem, then the primal problem has a bounded
optimal solution. We will now consider a more complex IT task distribution problem, where multiple
project tasks need to be assigned to IT specialists while minimizing the cost and respecting constraints
on workload and specialization.

Task Statement

In large-scale IT systems, optimization problems often arise in scenarios such as load balancing,
task scheduling, resource allocation, and routing of requests. These problems tend to be NP-hard,
meaning that finding the optimal solution can be computationally infeasible due to their inherent
complexity. Traditional algorithms often struggle to find feasible solutions in a reasonable amount of
time, especially when dealing with large volumes of data and highly dynamic environments.

Given this context, the challenge is to develop efficient methods for solving optimization problems
in IT systems, particularly when faced with the following conditions:

1. Scalability: The system's size increases, both in terms of the number of tasks, resources, and
users.

2. Dynamic Nature: The system experiences frequent changes, such as fluctuating workloads, new
resource requirements, and changing network conditions.
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3. Complexity: The relationships between various components of the system are complex, and
traditional methods fail to provide efficient solutions in the time frame required.

The objective is to explore and implement metaheuristic approaches such as Genetic Algorithms
(GA), Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO) to address these
optimization problems. These approaches should efficiently find approximate solutions that balance
performance (such as minimizing time, cost, or load) while handling the system's dynamic and
complex nature.

Specifically, the following subproblems are of interest:

1. Load Balancing: Efficiently distribute tasks or requests across available servers or resources to
avoid overload and ensure fair resource utilization.

2. Task Scheduling: Optimize the allocation of tasks to resources, ensuring minimal completion
time while respecting constraints (e.g., deadlines, capacity).

3. Routing: Minimize response time and system load by optimizing the routing of requests, data
packets, or service requests in a decentralized or distributed environment.

By applying metaheuristic methods, the aim is to significantly reduce the time complexity of
finding near-optimal solutions, making it feasible to address large-scale IT optimization problems
within practical time constraints.

Input Parameters and Data

For the implementation and evaluation of optimization algorithms (Genetic Algorithm, Particle
Swarm Optimization, and Ant Colony Optimization) applied to the task of work distribution between
workers in the IT services field, the following input parameters were used:

Number of Tasks (num_tasks): the task allocation involves distributing 10 individual tasks among
workers. Each task corresponds to a specific job that must be assigned to one of the available workers.

Number of Workers (num_workers): the distribution of tasks is performed among 5 workers, with
the flexibility for each worker to be assigned multiple tasks if needed.

Cost Matrix (cost_matrix): a randomly generated cost matrix of size 10 x 5 was used to model the
cost of task execution. Each entry in the matrix, cost_matrix[i][j], indicates the cost of assigning task
i to worker j. These costs could represent various factors such as execution time, resource
consumption, or other relevant metrics in the optimization problem.

Relevant metrics in the optimization problem are summarized in Table 1, which presents the key
algorithm parameters used in the Genetic Algorithm (GA) to ensure solution quality and
computational efficiency. Table 1 provides an overview of the Genetic Algorithm parameters applied
in the optimization process.

Algorithm Parameters

Table 1. Genetic Algorithm (GA)

Parameter Description Value
Population Size The number of individuals in the population. 50
Number of Generations The number of generations to evolve. 100
Mutation and Crossover | Standard mutation and crossover operators applied. | Default operators

The main control parameters of the Particle Swarm Optimization (PSO) algorithm used in the
optimization process are summarized in Table 2. These parameters determine the balance between
exploration and exploitation and directly influence convergence behavior.

Table 2. Particle Swarm Optimization (PSO)

Parameter Description Value
Number of Particles The number of particles in the swarm. 30
Number of Generations | The number of iterations (generations) of the algorithm. 100
Inertia Coefficient The weight of the previous velocity of particles. 0.7
Acceleration Coefficients | The influence of the cognitive and social components. 1.5 for both
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The key control parameters of the Ant Colony Optimization (ACO) algorithm employed in the
optimization model are presented in Table 3. These parameters regulate pheromone updating, path
exploration, and convergence stability.

Table 3. Ant Colony Optimization (ACO)

Parameter Description Value
Number of Ants The number of ants (agents) searching for the solution. 20
Number of Generations The number of iterations (generations) of the algorithm. 100
Alpha (Pheromone Influence) | The influence of pheromone in the decision-making ]
process.
Beta (Cost Influence) The influence of task cost in the decision-making process. 2
Rho (Pheromone Evaporation | The rate at which pheromones evaporate. 0.1
Rate) '

Results of the study

Python was chosen for implementing the optimization algorithms due to its simplicity, availability
of powerful libraries, and ease of development. The language offers a rich ecosystem of tools such as
NumPy for array and matrix operations, SciPy for numerical methods, Pandas for data handling, and
Matplotlib for result visualization. Specialized frameworks like DEAP for genetic algorithms,
PySwarm for particle swarm optimization, and ACO-Pants for ant colony optimization were used to
efficiently implement metaheuristic algorithms. These libraries accelerate development and testing,
enabling a focus on solving the task and comparing different methods. This diagram (Fig.1) illustrates
the comparative effectiveness of the algorithms (GA, PSO, ACO) in terms of minimizing the cost of
task distribution among workers.

Comparison Summary:
GA Cost: 5.96400246174915, PSO Cost: 1,2148090521164736, ACO Cost: 1.2148090521164736
GA Time: ©.0192s, PSO Time: ©.8437s, ACO Time: @.2186s

GA Memory: 212992 bytes, PSO Memory: 32768 bytes, ACO Memory: 16384 bytes

Comparison of Algorithm Costs

[

5

4

Cor

GA PSO ACO
Algorithm

Figure 1. Comparison of algorithm Costs

The cost is calculated as the total execution cost for each worker. An algorithm with the lowest
cost is considered more efficient in terms of task allocation quality. This metric is crucial for
evaluating the optimality of solutions in distributed systems. This diagram (Fig. 2) shows the time
each algorithm takes to solve the task.
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Comparison of Algorithm Execution Times

e
&

Execution Time (seconds)
e
s

3
=
@

0.00

GA PsO ACO
Algorithm

Figure 2. Comparison of algorithm execution times

Execution time is a critical performance indicator, especially when dealing with large datasets or
real-time constraints. Algorithms with shorter execution times are preferable for tasks with strict time
limitations. This diagram helps in selecting the fastest algorithm for solving time-sensitive tasks. This
diagram (Fig. 3) demonstrates the memory efficiency of the algorithms.

Memory Usage Comparison

35000 -
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20000 1

Memory Usage (bytes)
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2 4 6 8 10
Number of Tasks

Figure 3. Comparison of memory usage

It measures the difference in memory usage before and after the algorithm's execution. Lower
memory usage indicates better resource management, which is particularly important when working
with limited computational resources. In scenarios involving large datasets or memory constraints,
algorithms with lower memory consumption may be preferred.

The Genetic Algorithm (GA) may have higher execution time due to its complexity and the number
of operations involved in managing the population, especially when the number of tasks increases.
PSO (Particle Swarm Optimization) is typically more time-efficient for tasks with multiple
parameters, as it uses a simpler logic for updating the states of particles. ACO (Ant Colony
Optimization) exhibits unique behaviour that can be beneficial for distribution-related tasks, but it
also tends to require more time and memory, depending on the complexity of the pheromone updating
process. In the Ant Colony Optimization (ACO) algorithm Fig.4, pheromone values are initially set
to 1, and each "ant" constructs a solution by selecting workers for tasks based on pheromone levels,
with higher pheromone levels guiding more favourable paths.
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def ant_colony_optimization(tasks, workers):
num_ants = 50
num_tasks = len(tasks)
max_iter = 100
alpha = 1
beta = 2
evaporation_rate = 0.5
pheromone = np.ones((num_tasks, len(workers)))

for iteration in range(max_iter):
solutions = []
for _ in range(num_ants):
solution = [
for task in range(num_tasks):
distances = np.abs(np.array(workers) - tasks[task])
distances = np.maximum(distances, le-6) # Avoid division by zero
probabilities = pheromone[task] #* alpha * (1 / distances) #+ beta
probabilities = probabilities / probabilities.sum()

# Handle NaN probabilities
probabilities = np.nan_to_num(probabilities, nan=le-6)
chosen_worker = np.random.choice(len(workers), p=probabilities)
solution.append(chosen_worker)
solutions.append(solution)
pheromone = (1 - evaporation_rate)
for solution in solutions:
cost = np.sum(np.abs(np.array(workers) [solution] - tasks))
for task, worker in enumerate(solution):
pheromone [task, worker] += 1 / cost

best_solution = min(solutions, key=lambda sol: np.sum(np.abs(np.array(workers)[sol] - tasks)))
return np.sum(np.abs(np.array(workers) [best_solution] - tasks))

Figure 4. An Ant Colony Optimization (ACO) algorithm code

After constructing a solution, the algorithm calculates its fitness, typically a measure of cost or
efficiency. After each iteration, pheromone values are updated according to the quality of the
solutions; better solutions reinforce stronger pheromone trails, promoting the exploration of optimal
paths. This process balances exploration and exploitation to find the best solution over multiple
generations. Based on the comparison table 4, PSO and ACO exhibit the lowest cost and memory
usage, making them more efficient for resource-constrained environments, with PSO slightly
outperforming ACO in execution time.

Table 4. Comparison of Optimization Algorithms: GA, PSO, and ACO

. . . PSO (Particle Swarm ACO (Ant Colon
Metric GA (Genetic Algorithm) Optimization) Optimization) v
Cost 5.96 1.21 1.21
Execution Time 0.0192s 0.0437s 0.2186s
Memory Usage 212,992 bytes 32,768 bytes 16,384 bytes
Strengths Fast execution time, Good convergence in Effective in multi-path
robust for diverse high-dimensional spaces, | and distributed systems,
solutions, good for large | less prone to local good for routing
populations minima problems
Weaknesses Higher memory usage, Slower than GA in some | Slower than GA,
potentially slower with cases, may get stuck in memory-intensive with
larger population sizes local optima more iterations
Use Case Large-scale task Distributed computing or | Systems requiring
distribution with complex | systems with many optimal routing or
constraints variables pathfinding in dynamic
environments
Overall Efficiency | Least efficient in terms of | Best balance between Efficient in routing but
cost and memory usage cost and memory more memory-intensive
than PSO

However, GA offers faster execution in some cases, albeit at a higher memory cost, which may
limit its scalability in large systems. Overall, PSO strikes the best balance between cost, time, and
memory usage, while ACO excels in pathfinding tasks, and GA is effective in situations requiring
fast solutions with moderate resource requirements.

Discussion
In this study, a comparative analysis of three metaheuristic algorithms — Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO) — was conducted for the
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optimization of distributed IT systems. The results indicate that GA provides faster execution but at
the cost of higher resource consumption and reduced accuracy. PSO and ACO, on the other hand,
deliver better solution quality with lower time and memory requirements, making them more suitable
in uncertain and resource-constrained environments. These findings align with previous research
highlighting the effectiveness of PSO and ACO in dynamic and multi-variable conditions [3]. The
relevance of hybrid approaches that combine the strengths of different algorithms is also
supported [11, 13]. Thus, this study confirms the high practical value of metaheuristic methods for
IT resource management. The outcomes provide a foundation for future research into adaptive and
multi-objective optimization models, incorporating additional parameters such as energy efficiency,
scalability, and fault tolerance. The perspectives of this study lie in the further development and
integration of metaheuristic methods for optimizing IT service management, specifically task
allocation in dynamic environments. By incorporating the latest advancements in machine learning
and hybrid optimization algorithms, future research can explore more adaptive and robust models,
addressing scalability and real-time optimization challenges. Unlike previous works that focus
primarily on specific optimization techniques or theoretical models, this study emphasizes the
application of a multi-method approach, combining GA, PSO, and ACO, to provide a more
comprehensive and adaptable solution for real-world IT systems. This approach not only enhances
task distribution efficiency but also facilitates better decision-making in environments with uncertain
parameters and fluctuating workloads. Additionally, the integration of stochastic elements and
combinatorial optimization sets this work apart from earlier studies, pushing the boundaries of
optimization in complex IT operations.

Conclusion

This study demonstrates the effectiveness of metaheuristic algorithms — Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), and Ant Colony Optimization (ACO) — for solving task
allocation problems in distributed IT systems. The comparative analysis revealed that while GA
excels in speed, PSO and ACO provide better performance in terms of solution quality and resource
efficiency. The integration of these methods into IT service management can lead to significant
improvements in operational efficiency, decision-making, and cost reduction.

The research contributes to the theoretical foundation of metaheuristic optimization in IT contexts
and highlights the potential of hybrid and adaptive strategies to handle dynamic, uncertain, and large-
scale environments. The developed mathematical models and evaluation results offer a practical
roadmap for future applications in cloud systems, IT outsourcing, and real-time resource scheduling.

Overall, the study advances the field by demonstrating a multi-method optimization approach
that is both scalable and applicable to real-world IT challenges.
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