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Abstract: Cloud compu�ng provides scalable, on-demand infrastructure, but effec�ve resource 
alloca�on remains challenging when workloads fluctuate and virtual machines (VMs) differ in 
processing capacity, memory, storage, and bandwidth. Fixed scheduling rules may not adapt 
adequately to these condi�ons, contribu�ng to increased response latency, longer task comple�on 
�me, inefficient u�liza�on, and service-level agreement (SLA) viola�ons. This paper presents a 
simula�on-oriented, mul�-objec�ve framework for cloud resource alloca�on and compares three 
popula�on-based meta-heuris�c algorithms: Teaching-Learning-Based Op�miza�on (TLBO), Par�cle 
Swarm Op�miza�on (PSO), and Gene�c Algorithm (GA). The framework considers task execu�on �me, 
makespan, response latency, resource u�liza�on, throughput, and SLA compliance. Cloud Sim Plus is 
selected as the simula�on pla�orm because it supports repeatable modelling of data centres, hosts, 
VMs, and workloads without the cost and variability of produc�on deployment. Reported evalua�on 
results indicate that a proposed meta-heuris�c scheduler reduced average response latency from 420 
ms to 275 ms (approximately 34.5%), reduced makespan from 1,180 s to 790 s, increased throughput 
from 68 to 92 tasks per minute, improved CPU u�liza�on from 63% to 84%, improved memory 
u�liza�on from 58% to 81%, and reduced SLA viola�ons from 14.2% to 5.6%. In the compara�ve 
algorithm analysis supplied for this study, TLBO showed the strongest overall balance, including 
approximately 92% CPU u�liza�on and lower makespan than PSO and GA. These findings are promising 
but should be interpreted as simula�on-based results; further sta�s�cal repor�ng and real-cloud 
valida�on are required before generaliza�on. 

Keywords: Cloud compu�ng, Resource alloca�on, Task scheduling, Meta-heuris�c Op�miza�on, 
TLBO, Par�cle swarm op�miza�on, Gene�c algorithm, Latency, SLA. 

1. Introduc�on 

Cloud compu�ng has become a widely used model for delivering compu�ng, storage, networking, and 
applica�on services on demand. Virtualiza�on and elas�c provisioning allow providers to share 
infrastructure among mul�ple users and adjust capacity as requirements change. These proper�es are 
valuable for data analy�cs, Internet of Things (IoT) applica�ons, machine learning, and enterprise 
services. At the same �me, they make resource management a dynamic decision problem: incoming 
tasks vary in size and urgency, virtual machines are heterogeneous, and resource availability can 
change during execu�on. 

Latency is an important quality-of-service measure because it affects applica�on responsiveness and 
user experience. Delays may also contribute to missed service-level agreement (SLA) targets, 
inefficient resource use, and increased opera�ng costs. Latency is influenced not only by task length 
but also by queueing, placement decisions, VM capacity, workload bursts, and conten�on for CPU, 
memory, storage, and network bandwidth. A scheduler that performs well for a stable workload may 
perform poorly when demand changes rapidly. 
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Conven�onal rule-based and sta�c scheduling methods are atrac�ve because they are rela�vely 
simple and inexpensive to execute. However, their fixed decision rules may not explore the large 
solu�on space associated with heterogeneous cloud infrastructure. Exact op�miza�on can also 
become computa�onally expensive as the number of tasks, VMs, and constraints increases. Meta-
heuris�c methods offer an alterna�ve by searching for good solu�ons through popula�on-based 
explora�on and itera�ve improvement. They do not guarantee a global op�mum in every run, but they 
can produce useful alloca�ons for complex op�miza�on problems within prac�cal computa�onal 
limits. 

This study focuses on three meta-heuris�cs: Teaching-Learning-Based Op�miza�on (TLBO), Par�cle 
Swarm Op�miza�on (PSO), and Gene�c Algorithm (GA). TLBO updates candidate solu�ons through 
teacher and learner phases and does not require the same set of algorithm-specific control parameters 
as many popula�on-based methods. PSO updates par�cles using personal and global best posi�ons, 
which o�en supports rapid early convergence. GA uses selec�on, crossover, and muta�on to evolve 
candidate schedules and maintain solu�on diversity. Comparing these methods provides a basis for 
selec�ng an algorithm according to the workload and opera�ng priori�es. 

The study has four objec�ves: [1] formulate cloud resource alloca�on as a mul�-objec�ve op�miza�on 
problem; [2] compare TLBO, PSO, and GA in a simulated cloud environment; [3] examine reported 
changes in latency, makespan, throughput, u�liza�on, and SLA viola�ons; and [4,5] iden�fy prac�cal 
limita�ons and future extensions. The contribu�on is a structured comparison that links algorithm 
behaviour to opera�onal cloud metrics, while recognizing that simula�on findings need valida�on 
against reproducible experiment logs and real deployments. 

2. Literature Review 
2.1 Cloud simula�on and resource management 

Simula�on is a useful method for evalua�ng cloud scheduling policies because it enables controlled 
experiments over different host, VM, and workload configura�ons. Calheiros et al. introduced Cloud 
Sim as a toolkit for modelling cloud infrastructure and evalua�ng provisioning algorithms, including 
data centres, virtual machines, and applica�on workloads [1]. Cloud Sim Plus builds on this simula�on 
tradi�on with a modular, extensible Java framework intended to support experimenta�on with cloud 
infrastructure and services [2]. Simula�on makes it possible to compare schedulers under consistent 
assump�ons, repeat scenarios with different random seeds, and explore stress condi�ons without 
risking a produc�on environment [6,7]. 

Nevertheless, a simulator is an abstrac�on of a real pla�orm. Actual latency and cost may be affected 
by network geography, noisy neighbours, hardware varia�on, provider-specific policies, and 
background traffic [8]. Consequently, simula�on can support algorithmic comparison, but it cannot by 
itself establish that the same gains will occur in a produc�on cloud [9]. 

2.2 Meta-heuris�c op�miza�on for alloca�on 

Meta-heuris�cs are commonly used when the search space is large, nonlinear, or constrained. In cloud 
scheduling, a candidate solu�on can represent an assignment of tasks to VMs, a VM selec�on policy, 
or a joint placement and provisioning decision [10,11]. A fitness func�on evaluates the quality of a 
candidate schedule [27,28]. Because cloud objec�ves may conflict, a scheduler may need to balance 
fast comple�on against high u�liza�on, lower cost, reduced energy consump�on, and SLA compliance. 

GA is inspired by biological evolu�on. Candidate schedules are encoded as chromosomes and 
improved through selec�on, crossover, and muta�on. Its popula�on-based search can preserve 
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diversity and explore alterna�ve alloca�ons, but its performance depends on choices such as 
popula�on size and gene�c operator rates [12]. In large search spaces, this configura�on burden may 
increase experimenta�on and run�me [13].  

PSO models collec�ve movement in a swarm. Each par�cle represents a candidate solu�on and is 
influenced by its own best-known posi�on and the best posi�on iden�fied by the swarm [24]. PSO is 
rela�vely straigh�orward and can converge quickly in early itera�ons. However, when diversity 
declines too early, the swarm may stagnate around a subop�mal region [14]. Parameter se�ngs and 
workload changes can therefore affect its robustness. 

TLBO models learning in a classroom and uses two phases. In the teacher phase, the best candidate 
guides the popula�on toward improved solu�ons; in the learner phase, candidate solu�ons learn 
through pairwise interac�on. The original TLBO literature describes this mechanism as a popula�on-
based op�miza�on method with compara�vely limited algorithm-specific parameter tuning [15]. This 
feature may be useful when a scheduler must adapt without frequent manual retuning. However, 
parameter-light design does not remove the need to define popula�on size, stopping criteria, 
encoding, constraints, or the fitness func�on [25,26]. 

2.3 Related applica�ons and research gap 

The source material supplied for this study also summarizes TLBO applica�ons in engineering design, 
power-system conges�on management, wind-turbine control, fault predic�on, and network 
configura�on. These studies are not direct evidence of cloud-scheduling performance, but they 
illustrate the portability of TLBO-style search across complex op�miza�on tasks [16]. The supplied 
literature further notes that hybrid TLBO variants and combina�ons with neural networks or other 
algorithms may improve problem-specific performance. The bibliographic details for some of these 
studies were incomplete in the source document; they should be checked against the original 
publica�ons before being cited in a submited manuscript [17]. 

For cloud resource alloca�on, the prac�cal research gap is not simply to show that one op�mizer can 
find a good schedule [18]. A useful evalua�on should compare algorithms under common workloads, 
report several service and resource metrics, explain convergence behaviour, and acknowledge the 
computa�onal cost of op�miza�on itself [19]. It should also dis�nguish between a general meta-
heuris�c framework and the par�cular algorithm that performs best in a given experiment. This paper 
addresses that gap through a mul�-metric comparison of TLBO, PSO, and GA, complemented by 
baseline-versus-proposed results reported for the op�mized scheduler [20]. 

3. Methodology 

3.1 Research design and simula�on pla�orm 

The study adopts a compara�ve simula�on design. Cloud Sim Plus is used as the intended testbed 
because its Java-based, object-oriented structure supports repeatable modelling of data centres, 
hosts, VMs, and cloudlets (tasks) [21]. The simulator allows scheduling logic to be changed while 
retaining a consistent infrastructure model. It also permits workload and configura�on varia�on 
without the expense and opera�onal risk of tes�ng an experimental scheduler directly on a public 
cloud. 

The supplied methodology describes a mul�-tenant data-centre model with interconnected hosts, 
VMs, and cloudlets. The broader project configura�on previously specified by the authors consists of 
one data centre, 20 physical hosts, four cores per host, 16 GB RAM and 1 TB storage per host, and 
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1,000 Mbps bandwidth. The VM pool contains 50 VMs with 1,000–2,500 MIPS processing capacity, 2–
4 GB memory, and 50–100 GB storage. The workload comprises 500 cloudlets in the reference setup, 
with addi�onal scenarios described as varying from 500 to 2,000 tasks and 50 to 200 VMs. The final 
manuscript should state clearly which configura�on produced each result and should include the Cloud 
Sim Plus version, host/VM scheduling policies, task-length distribu�on, and number of independent 
runs. 

3.2 Problem formula�on 

Let T = {t1, t2, …, tn} be a set of tasks and V = {v1, v2, …, vm} a set of available VMs. The scheduler 
assigns each task to a feasible VM while respec�ng processing capacity and resource constraints. The 
alloca�on problem is mul�-objec�ve because improving one measure can worsen another. The 
principal objec�ves considered are: 

Minimize makespan: M = max over all VMs of the comple�on �me of tasks assigned to that VM. 

Minimize response latency and task execu�on �me: reduce the �me between task submission and 
response/comple�on, using a consistent defini�on across all compared schedulers. 

Maximize resource u�liza�on and throughput: increase the propor�on of available CPU and memory 
resources produc�vely used and the number of completed tasks per unit �me. 

Minimize SLA viola�ons: reduce the propor�on of tasks or service intervals that breach the defined 
service-level constraints. 

A general fitness func�on can be represented as F(x) = w1·L(x) + w2·M(x) + w3·SLA(x) − w4·U(x) − 
w5·TP(x), where x is a candidate alloca�on, L is latency, M is makespan, SLA is the viola�on measure, 
U is resource u�liza�on, TP is throughput, and wi are non-nega�ve weights. Each metric must be 
normalized before combina�on because the measures have different units. Alterna�vely, Pareto-based 
selec�on can preserve non-dominated solu�ons without reducing all objec�ves to one weighted score. 
The supplied material men�ons Pareto-front analysis of makespan, cost per task, and energy use, but 
does not provide numerical Pareto-front values. 

3.3 Algorithm workflow 

The common workflow begins by genera�ng a popula�on of feasible candidate alloca�ons. Each 
candidate is evaluated using the same workload, resource constraints, and objec�ve metrics. The 
op�mizer then updates candidate solu�ons according to its search mechanism: teacher and learner 
phases for TLBO; velocity and posi�on updates for PSO; and selec�on, crossover, and muta�on for GA. 
Infeasible assignments are repaired or penalized consistently. The process con�nues un�l a fixed 
itera�on limit, a �me budget, or a convergence criterion is reached [22]. The best feasible candidate is 
then passed to the scheduling layer. 

For a fair comparison, all three algorithms should use comparable popula�on sizes, stopping budgets, 
objec�ve defini�ons, and workload traces. Random seeds should be recorded and each scenario 
repeated mul�ple �mes [23]. Results should be reported using mean and standard devia�on, and 
paired sta�s�cal tests or confidence intervals should be considered where the sample size permits. 
The source material indicates repeated runs with varying seeds and configura�ons, but does not 
provide the run count or inferen�al sta�s�cs; therefore, this paper describes the design intent without 
claiming formal sta�s�cal significance. 

3.4 Performance metrics 
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The evalua�on uses response latency (milliseconds), makespan (seconds), throughput (tasks per 
minute), CPU u�liza�on (percentage), memory u�liza�on (percentage), and SLA viola�on rate 
(percentage). Makespan captures the �me needed to complete the workload, whereas response 
latency captures service responsiveness. Throughput measures completed work over �me. U�liza�on 
indicates how effec�vely available resources are used, but high u�liza�on alone is not sufficient if it 
causes queueing or SLA breaches. SLA viola�on rate is therefore interpreted alongside latency and 
u�liza�on rather than as an isolated measure. 

4. Compara�ve Analysis of TLBO, PSO, and GA 

The algorithms differ in their search behaviour, configura�on needs, and likely suitability for par�cular 
cloud condi�ons. Table 1 summarizes the qualita�ve comparison reported in the supplied material. 
These descrip�ons are compara�ve assessments, not universal guarantees; outcomes can change with 
encoding, workload, fitness func�on, popula�on size, and stopping budget. 

Table 1: Compara�ve analysis of different Meta-Heuris�c algorithm 

Criterion TLBO PSO GA 

Core mechanism Teacher and learner 
phases 

Particle movement 
guided by 
personal/global best 

Selection, crossover, 
mutation 

Convergence 
behavior 

Stable, consistent 
improvement 
reported 

Fast early 
convergence; may 
plateau 

Often slower; 
occasional late 
improvements 

Parameter burden 
Relatively low 
algorithm-specific 
tuning 

Requires tuning of 
swarm parameters 

Requires tuning of 
multiple genetic 
operators 

Local-optimum 
behavior 

Reported as strong in 
supplied comparison 

May stagnate if 
diversity falls 

Mutation/crossover 
can restore diversity 

Reported CPU 
utilization ~92% ~86% ~82% 

Reported makespan 
Lowest; ~8.5% below 
PSO and ~12.3% 
below GA 

Higher than TLBO Highest of the three in 
supplied comparison 

Potential fit 
Balanced, dynamic 
multi-objective 
allocation 

Burst or time-sensitive 
decisions 

Exploratory search and 
hybrid strategies 

 

TLBO is the strongest balanced candidate in the reported comparison. Its low tuning burden can 
simplify experimenta�on and reduce the effort required to configure the op�mizer for changing 
workloads. The source material reports the lowest makespan among the three algorithms and CPU 
u�liza�on of approximately 92%, compared with 86% for PSO and 82% for GA. These findings suggest 
that TLBO distributed the evaluated workload more evenly in the tested scenario. 

PSO remains useful when early convergence is important. The supplied convergence analysis reports 
rapid improvement during roughly the first 20 itera�ons, followed by a plateau. That behaviour may 
be suitable when a scheduler must produce a quick near-op�mal decision, although premature 
convergence can limit later improvements. GA provides a different balance: its evolu�onary operators 
can explore diverse assignments, but the supplied analysis reports slower convergence and greater 
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computa�onal overhead. This may be acceptable when diversity and hybridiza�on are more important 
than immediate decision speed. 

The comparison should not be interpreted as proof that TLBO dominates PSO and GA under every 
cloud workload. A robust selec�on policy should consider the op�miza�on budget, arrival patern, task 
heterogeneity, resource constraints, and opera�onal priori�es. For example, a hybrid system could use 
PSO to produce a fast ini�al schedule and apply TLBO or GA refinement when the available decision 
�me permits. Such a design is a future-work hypothesis and has not been established by the results 
reported here. 

5. Result and Discussion 

5.1 Baseline versus proposed framework 

The reported baseline comparison evaluates a conven�onal heuris�c scheduler against the proposed 
meta-heuris�c op�miza�on framework in table 2. The workload is described as dynamic and 
heterogeneous, with scenarios spanning 50–200 VMs and 500–2,000 tasks. The summary values below 
are reproduced from the supplied project results and are not independently recalculated from raw 
simula�on logs. 

Table 2: Comparison Metric 

Metric Baseline Proposed Reported change 
Average response 
latency 

420 ms 275 ms 34.5% lower 

Makespan 1,180 s 790 s 33.1% lower 
Throughput 68 tasks/min 92 tasks/min 35.3% higher 
CPU utilization 63% 84% +21 percentage points 
Memory utilization 58% 81% +23 percentage points 
SLA violation rate 14.2% 5.6% 60.6% lower 

 

Response latency decreased from 420 ms to 275 ms, a reduc�on of 145 ms or approximately 34.5%. 
This is the most direct indica�on that the proposed alloca�on strategy improved responsiveness in the 
tested simula�on. Makespan decreased by 390 seconds, from 1,180 seconds to 790 seconds, 
corresponding to a reduc�on of approximately 33.1%. Lower makespan suggests that tasks were 
distributed in a way that reduced the overall comple�on �me of the workload. 

Throughput increased from 68 to 92 tasks per minute. Based on the reported values, this is an increase 
of approximately 35.3%. At the same �me, CPU u�liza�on rose from 63% to 84%, while memory 
u�liza�on rose from 58% to 81%. The combined movement in throughput and u�liza�on is consistent 
with beter use of the available resources in the simulated workload. However, u�liza�on is not 
inherently beneficial at every level; a produc�on system would need to ensure that high u�liza�on 
does not create queueing delays or reduce headroom for sudden demand. 

The reported SLA viola�on rate fell from 14.2% to 5.6%, a reduc�on of 8.6 percentage points, or 
approximately 60.6% rela�ve to the baseline. This suggests improved service reliability under the 
evalua�on condi�ons. The source material also reports lower performance variance under peak loads, 
but numerical variance es�mates are not supplied. Accordingly, the stability observa�on should be 
treated as qualita�ve un�l supported by repeated-run distribu�ons, standard devia�ons, confidence 
intervals, and clearly defined peak-load scenarios. 
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5.2 Interpreta�on of compara�ve algorithm results 

The separate TLBO–PSO–GA comparison reports that TLBO reduced makespan by approximately 8.5% 
compared with PSO and 12.3% compared with GA in a 500-task workload. It also reports CPU u�liza�on 
of approximately 92% for TLBO, 86% for PSO, and 82% for GA. The convergence discussion describes 
TLBO as stable, PSO as fast in early itera�ons but prone to a plateau, and GA as slower with occasional 
later improvements. These algorithm-specific results complement the baseline comparison, but the 
two result sets should not be conflated: the 63% to 84% CPU-u�liza�on values are baseline-versus-
proposed framework figures, whereas 92%, 86%, and 82% are the reported values for the separate 
TLBO, PSO, and GA comparison. 

Taken together, the reported outcomes support the poten�al of meta-heuris�c scheduling to improve 
mul�ple performance indicators at once. The results also show why mul�-objec�ve evalua�on is 
important: a scheduler should not be selected solely because it minimizes makespan or maximizes CPU 
u�liza�on. Latency, throughput, SLA compliance, memory u�liza�on, and the run�me overhead of the 
op�miza�on algorithm all influence prac�cal usefulness. 

5.3 Limita�ons and validity considera�ons 

Several limita�ons must be addressed before journal submission. First, the manuscript is based on 
summarized simula�on outcomes rather than raw result files, so exact reproducibility cannot yet be 
verified. Second, details such as Cloud Sim Plus version, workload distribu�ons, task lengths, objec�ve 
weights, popula�on sizes, itera�on budgets, and number of repe��ons need to be documented. Third, 
energy and cost are discussed as op�miza�on objec�ves, but numerical values are not available in the 
supplied results; no quan�ta�ve conclusion about those metrics is therefore drawn here. Fourth, a 
simula�on cannot fully reproduce network variability, shared tenancy, provider billing, or produc�on 
scheduling constraints. Finally, the supplied literature review contains incomplete bibliographic 
informa�on for some cited TLBO applica�ons, and these references should be verified before 
publica�on. 

Future experiments should publish the configura�on files, workload traces where licensing permits, 
random seeds, per-run results, and analysis scripts. Repor�ng mean, standard devia�on, confidence 
intervals, and suitable significance tests would strengthen the evidence. Tests on a real cloud or edge-
cloud environment would help establish whether the simulated improvements persist under 
opera�onal condi�ons. 

6. Conclusion 

This paper presented a mul�-objec�ve meta-heuris�c framework for cloud resource alloca�on and 
compared TLBO, PSO, and GA using simula�on-oriented evidence. The framework targets response 
latency, makespan, throughput, resource u�liza�on, and SLA compliance under dynamic workloads 
and heterogeneous virtual machines. The reported baseline comparison shows response latency 
decreasing from 420 ms to 275 ms, makespan decreasing from 1,180 seconds to 790 seconds, 
throughput increasing from 68 to 92 tasks per minute, CPU u�liza�on increasing from 63% to 84%, 
memory u�liza�on increasing from 58% to 81%, and SLA viola�ons decreasing from 14.2% to 5.6%. 

In the separate algorithm comparison supplied for this study, TLBO exhibited the most balanced 
results, including lower makespan and higher CPU u�liza�on than PSO and GA. PSO showed an 
advantage in early convergence, while GA offered flexible evolu�onary explora�on. These 
observa�ons indicate that TLBO is a promising candidate for adap�ve cloud scheduling, but they do 
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not establish universal superiority. The findings remain simula�on-based and should be validated using 
complete experimental logs, consistent sta�s�cal analysis, and real-world deployment. 

Future work should explore hybrid TLBO–PSO or TLBO–GA models, workload predic�on using machine 
learning, self-tuning feedback loops, and explicit op�miza�on of energy consump�on, cost, and 
sustainability. GPU-accelerated implementa�ons and integra�on with pla�orms such as Kubernetes or 
OpenStack could also reduce decision overhead and improve prac�cal applicability. Such extensions 
may contribute to more autonomous, efficient, and SLA-aware cloud infrastructure management. 
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