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Abstract. The cloud computing environment requires effective cloud 
resource optimization to manage the cost of execution and the time of 
completion and deal with workloads that may vary. Dynamic scheduling is 
necessary to maximize system performance due to the fact that traditional 
approaches tend to be static and are not dynamic enough to address dynamic 
situations. This paper introduces comparative research on dynamic cost-time 
allocation methods in the cloud setups with reference to three well known 
optimization strategies which include Teaching Learning Based 
Optimization (TLBO), Particle Swarm Optimization (PSO), and Genetic 
Algorithm (GA). The evaluation framework that has been proposed 
evaluates these algorithms under varying workloads based on the efficiency 
of task allocation, scalability and convergence behaviour. The outcomes of 
the experiments indicate the strong and weak aspects of each method and 
show that TLBO is more effective in converging much faster with less 
variance, PSO is effective in highly adaptable resources, and GA is 
effective in orderly exploration of complex allocation settings. The results 
will help to evolve the cost-time allocation strategies in cloud computing, 
providing useful information to the researchers and practitioners who can 
create intelligent, adaptive and resource-efficient scheduling solutions. 

1 Introduction 
Cloud computing has become a disruptive model in the contemporary computing which 
offers on-demand access to common pools of configurable resources including computing 
power, storage and applications.[1,2] As big data, artificial intelligence and business 
analytics continue to expand, more companies are turning to cloud-based environments 
to workloads to manage.[3,4] Nevertheless, the mobility of cloud resources and the 
heterogeneity of the needs of users pose a challenge in ensuring cost-efficiency and the 
ability to execute tasks on time.[5] Resource allocation is thus one vital attribute of the 
dependability and effectiveness of service delivery in cloud systems.[6] Cost and time are 
two very important performance indicators in cloud environments that are mutually 
exclusive in many cases.[7] Users like to be provided with reduced cost of computation 
and at the same time, reduced time to execute their tasks. This trade-off renders allocation 
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of cost of time as a key issue in the management of cloud resources.[8] To resolve these 
issues, dynamic allocation methods that change with varying workloads and resources of 
heterogeneous nature have been considered more frequently.[9] The proper management 
of execution time vs. resources cost will be an effective strategy that leads to the 
achievement of user satisfaction and the profitability of the cloud service provider.[10] 
The old- fashioned static methods of scheduling presuppose deterministic task demand 
and resource availability which is not the case in the real-life.[11] With rapid changes 
in workloads, the static models do not achieve adaptability and the result is either 
underutilization of the resources, increased latency, or exaggerated costs.[12] 
Conversely, dynamic scheduling dynamically assigns tasks as conditions evolve in the 
system and has more efficient utilization of cloud infrastructure. That flexibility renders 
dynamic scheduling methods more appropriate to large-scale, heterogeneous and 
uncertain cloud environments.[13] Metaheuristic and evolutionary algorithms are popular 
to provide the efficient optimization of cloud resources. These algorithms give near-
optimal solution to multicomponent, multi-objective problems like minimization of cost 
and execution time together.[14] Some of the most researched methods include Teaching 
learning based optimization (TLBO), Particle Swarm Optimization (PSO) as well as 
Genetic Algorithm (GA).[15] The algorithms have different trade-offs of speed of 
convergence, accuracy of solutions and flexibility, with each algorithm using distinct 
strategies to explore and exploit the search space.[16] TLBO is based on the process of 
teaching and learning in the classroom where solutions are developed during teacher 
and learner phases and no algorithm specific parameters are required, making the 
method computationally efficient.[17] PSO is a simulated approach to social behavior in 
flocks of birds or schools of fish, which is highly versatile and continually optimizing.[18] 
GA is based upon Darwinian laws of natural selection and genetics and is very efficient 
in exploring large search spaces, but can be prone to premature convergence unless 
adjusted effectively.[19] When these algorithms are compared in the dynamic scheduling 
environment, it becomes possible to draw meaningful conclusions of their comparative 
merits and flaws, when it comes to cloud optimization efforts.[20] Despite the fact that a 
number of studies have examined individual algorithms in cloud scheduling, there is 
scanty research that has been conducted on a comparative analysis of TLBO, PSO, and 
GA in specific relation to dynamic cost-time allocation.[21] The available literature is 
mainly discussing either the static scheduling or only the cost or time optimization without 
considering the duality of the objective of cloud environments.[22] 

2 Literature Review 
Recent innovations in cloud, edge and fog computing have focused on efficient schedules 
of tasks, resource assignment and optimization mechanisms. The reliability in the 
distributed system is represented by the proposed enhanced priority-based task scheduling 
algorithm with fault tolerance that has been proposed by Mushtaq et al. [1]. In the same 
manner, Banimfreg et al. [2] and Arulkumar et al. [3] studied how to optimize the 
scheduling of cloud-edge environments using neural networks and hybrid solutions. Pillai 
et al. [4] and Zhang [5] analyzed hybrid metaheuristic algorithm and energy saving in 
cloud data centers and Lilhore et al. [6] reported a hybrid deep reinforcement learning-
based approach towards load balancing and resource allocation. Also, of interest have been 
fuzzy clustering and dynamic task allocation methods. Alharbe [7] and Jin and 
Rezaeipanah [8] studied fuzzy logic techniques to reduce the task completion time, and 
maximize the task distribution in fog and cloud computing. Chaudhary et al. [9] used AI-
based model order reduction to optimize the queueing and scheduling efficiency. The 
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authors Baskar and Mohanraj [10] and Lilhore et al. [11] investigated hybridized 
multi-objective optimization of lightweight scheduling and load balancing in fog and 
cloud networks. Ghafari and Mansouri [12] presented an extensive literature review of 
swarm intelligence in fog/edge computing, and Collins et al. [13] explored performance 
optimization of GPUs in the clouds. More research involved metaheuristic and container 
deployment strategies. Molaei et al. [14] proposed a superior particle swarm 
optimization method to a dynamic edge computing setting. Xie et al. [15] and 
Manjushree et al. [16] paid attention to cost-effective edge container deployment and 
secure task scheduling with the help of federated learning and blockchain. Multi-layered 
autoscaling and reinforcement learning-based models of effective cloud-edge resources 
management were introduced by Shafi et al. [17] and Wang et al. [18]. Alzu, Albuqain 
and Alzu [19] and Elhaou et al. [20] discussed the applications of energy-efficient 
generative AI models and mobility-aware machine learning to mobile fog. Predictive load 
balancing and hybrid cloud strategies were explored by Kashyap et al. [21] and 
Arulkumar et al. [22], and hierarchical flow scheduling was created by Josephraj and 
Raj [23]. Saeed et al. [24] used deep reinforcement learning to compute offloading in 6G-
enabled multi-access edge computing, and Sheela et al. [25] focused on the secure 
transmission of data in wireless sensor networks based on reinforcement learning and 
homomorphic encryption. Taken together, these research works highlight the increasing 
interest in uniting AI, metaheuristic algorithms, and energy-efficient performance, 
reliability, and security strategies in cloud, fog, and edge computing systems.  

 

Fig. 1. Publication Trend Graph 

The figure 1 shows the publication trend graph from 2021- 2025, in which no of 
published documents are increased over the time. Table I shows the summary of key 
references in cloud, edge, and fog computing in form of research gap. 

 

TABLE I: Summary of Key References in Cloud, Edge, and Fog Computing 

Ref 
No 

Title Author & 
Year 

Key Findings Research Gaps 

3

ITM Web of Conferences 81, 01002 (2026)	 https://doi.org/10.1051/itmconf/20268101002
ETMIS 2025



3 Methodology 

The methodology of the study is that a comparative structure will be designed to assess the 
efficiency of three of the most successful optimization algorithms: Teaching learning Based 
Optimization (TLBO), Particle Swarm Optimization (PSO), and Genetic Algorithm (GA) to 
dynamic cost time allocation in clouds. The paper starts by stating the cost time optimization 
problem: the aim here is to reduce the cost of execution and the time taken to complete the 
task under unsteady workload conditions. It uses a simulation-based methodology, which 
models heterogeneous cloud resources and different task sizes to reflect the real-world cloud 
computing environment. The figure 2 shows the Flow diagram for the suggested dynamic 
resource allocation technique. 
  

The total execution cost 𝐶𝐶_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is calculated as the sum of the costs of all tasks 
scheduled across all virtual machines: 

The total execution cost 𝐶𝐶_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is calculated as the sum of the costs of all tasks scheduled 
across all virtual machines: 
 

𝐶𝐶_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  𝛴𝛴 𝛴𝛴 𝑥𝑥_𝑖𝑖𝑖𝑖 ·  𝐶𝐶_𝑗𝑗        (1) 
 
Where 
• 𝐶𝐶_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is the total execution cost, 
• 𝑥𝑥_𝑖𝑖𝑖𝑖 is a binary variable indicating assignment of task 𝑖𝑖 to 𝑉𝑉𝑉𝑉 𝑗𝑗, 
• 𝐶𝐶_𝑗𝑗 is the cost of using 𝑉𝑉𝑉𝑉 𝑗𝑗, 
• 𝑁𝑁 is the total number of tasks, 
• 𝑀𝑀 is the total number of virtual machines. 

[1] Improved work 
scheduling based 
on priorities in distributed 
systems with integrated 
fault tolerance 

S. U. 
Mushtaq 
et.al (2025) 

Proposed a priority-based 
scheduling algorithm that 
integrates fault tolerance 
to improve reliability in 
distributed systems. 

Did not evaluate 
performance un- 
der heterogeneous 
workloads or 
dynamic task 
arrivals. 

[2] Comparing neural 
networks and 
conventional techniques 
for an innovative 
approach to gauge-based 
QPE in arid areas 

B. H. 
Banimfreg 
et.al (2025) 

Compared neural network 
models and traditional 
methods for quality 
prediction, showing AI 
models outperform 
traditional ones in arid 
environments. 

Limited analysis of 
real-time 
deployment 
feasibility and 
scalability. 

[3] An efficient scheduling 
strategy in 
cloud edge computing for 
jobs with shared 
resources that are 
prioritized 

V. 
Arulkumar 
et.al (2025) 

Developed a hybrid 
scheduling 
algorithm for cloud-edge  
environments that improve 
resource utilization and 
task prioritization. 

Did not consider 
energy consumption 
or fault tolerance 
aspects. 

[4] Using a hybrid 
metaheuristic approach to 
optimize resource 
management for fog layer 
design in edge computing 

S. E. V. S. 
Pillai et.al 
(2025) 

To maximize performance 
and 
resource allocation in fog 
computing layers, a hybrid 
meta- heuristic approach 
has been proposed. 

Lacks evaluation 
under large-scale 
heterogeneous edge 
networks. 

[5] A technique to control 
cloud center 
energy usage for neuro-
fuzzy net- work 
predictability 

Y. Zhang 
(2025) 

Developed a neuro-fuzzy 
approach to reduce energy 
consumption while 
maintaining predictability in 
cloud centers. 

Focused mainly on 
energy; did not 
address task 
scheduling or real- 
time adaptability. 
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Fig. 2. Flow diagram for the suggested dynamic resource allocation technique 

 
The total completion time 𝑇𝑇_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡, also known as makespan, is the maximum time taken 

by any 𝑉𝑉𝑉𝑉 to finish all assigned tasks: 
 

𝑇𝑇_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  𝑚𝑚𝑚𝑚𝑚𝑚 𝛴𝛴 𝑥𝑥_𝑖𝑖𝑖𝑖 ·  𝑡𝑡_𝑖𝑖𝑖𝑖         (2) 
 
Where 
• 𝑇𝑇_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 is the makespan, 
• 𝑡𝑡_𝑖𝑖𝑖𝑖 is the execution time of task 𝑖𝑖 on 𝑉𝑉𝑉𝑉 𝑗𝑗. 
The multi-objective fitness function combines normalized cost and time using weighting 
factors 𝛼𝛼 𝑎𝑎𝑎𝑎𝑎𝑎 𝛽𝛽: 
 

𝐹𝐹_𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =  𝛼𝛼 (𝐶𝐶_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 / 𝐶𝐶_𝑚𝑚𝑚𝑚𝑚𝑚) +  𝛽𝛽 (𝑇𝑇_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 / 𝑇𝑇_𝑚𝑚𝑚𝑚𝑚𝑚) (3) 
 
Where 
• 𝐹𝐹_𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 is the normalized cost-time objective function, 
• 𝛼𝛼 𝑎𝑎𝑎𝑎𝑎𝑎 𝛽𝛽 are weighting factors, 
• 𝐶𝐶_𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑇𝑇_𝑚𝑚𝑚𝑚𝑚𝑚 are normalization constants. 
In TLBO and other iterative optimization algorithms, solutions are updated as : 
 

𝑋𝑋_𝑛𝑛𝑛𝑛𝑛𝑛 =  𝑋𝑋_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 +  𝑟𝑟 (𝑋𝑋_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 −  𝑇𝑇_𝑓𝑓 𝑋𝑋_𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚)      (4) 
 
Where 
• 𝑋𝑋_𝑛𝑛𝑛𝑛𝑛𝑛 is the updated solution for task allocation, 
• 𝑋𝑋_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the current solution, 
• 𝑟𝑟 is a random number between 0 and 1, 
• 𝑋𝑋_𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 is the best solution found so far, 
• 𝑇𝑇_𝑓𝑓 is the teaching factor, 
• 𝑋𝑋_𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 is the mean of all solutions. 
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Resource utilization 𝑅𝑅𝑅𝑅 is measured as the average percentage of capacity used across all 
virtual machines : 
 

𝑅𝑅𝑅𝑅 =  (𝛴𝛴 𝑈𝑈_𝑖𝑖 / 𝑚𝑚) ×  100        (5) 
 
Where 
• 𝑈𝑈_𝑖𝑖 is the utilization of 𝑉𝑉𝑉𝑉 𝑖𝑖, 
• 𝑚𝑚 is the total number of 𝑉𝑉𝑉𝑉𝑉𝑉. 
The convergence measure 𝛥𝛥𝛥𝛥_𝑎𝑎𝑎𝑎𝑎𝑎 represents the average improvement in the fitness 
function per iteration : 
 

𝛥𝛥𝛥𝛥_𝑎𝑎𝑎𝑎𝑎𝑎 =  (𝐹𝐹_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 −  𝐹𝐹_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) / 𝑁𝑁_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖     (6) 
 
Where 
• 𝐹𝐹_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 is the fitness value in the previous iteration, 
• 𝐹𝐹_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the fitness value in the current iteration, 
• 𝑁𝑁_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is the total number of iterations. 

 
The set of equations presented captures the key metrics and optimization 

mechanisms for task scheduling in cloud environments. Equation (1) computes the 
total execution cost 

  
C total by summing the costs of all tasks assigned to virtual machines, while 

Equation (2) defines the total completion time T total, representing the makespan as 
the maximum time taken by any VM to complete its tasks. Equation (3) formulates 
a multi-objective fitness function F objective that combines normalized cost and time 
using weighting factors, reflecting the trade-off between cost efficiency and speed. 
Equation (4) illustrates the iterative update mechanism used in TLBO and similar 
algorithms, where new solutions are generated based on the current solution, the best 
solution, and the population mean. Equation (5) calculates resource utilization RU 
as the average percentage of capacity used across all VMs, providing insight into 
system efficiency. Finally, Equation (6) measures convergence ∆Favg as the average 
improvement in the fitness function per iteration, allowing assessment of the stability 
and effectiveness of the optimization process. 

 

Algorithm 1 Comparative Framework Using TLBO, PSO, and GA 

1: Initialize cloud environment simulation with tasks and 
virtual machines 
2: Define cost-time objective function for evaluating solutions 
3: Initialize populations/particles for TLBO, PSO, and GA 
4: Evaluate initial fitness of all solutions  
5: while termination condition not met do  
6:   Identify best learner as Teacher 
7: for each learner in TLBO population do 
8: Update learner using Teacher Phase: 
9: × − × 
10: Evaluate fitness and accept if improved 
11: Update learner using Learner Phase with random learner j ̸= i 
12: Xnew = Xi + r × (Xi −Xj) or Xi + r × (Xj −Xi) 
13: Evaluate fitness and accept if improved 
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14: end for 
15: for each particle i in PSO swarm do 
16: Update personal best pbesti and global best gbest 
17: Update velocity: vi = wvi + c1r1(pbesti − xi) +c2r2(gbest−xi) 
18: Update position: xi = xi + vi 
19: Evaluate fitness 
20: end for 
21: Select parents using selection strategy 
22: Apply crossover to generate offspring 
23: Apply mutation to offspring with probability 
24: Evaluate fitness of offspring 
25: Select next generation based on fitness 
26: end while 
27: Compare best solutions from TLBO, PSO, and GA based on 
execution cost, completion time, and convergence 
28: Return the algorithm with optimal cost-time performance 

  
The experimental framework is built based on a controlled simulation environment where 

a number of cloudlets (tasks) with varying computational demands are allocated to virtual 
machines (VMs) with varying capacity. Task scheduling and resource allocation are 
carried out dynamically in each algorithm and constant observation of system 
parameters (execution time, cost incurred, and resource utilization) are carried out. 
The simulation variables are the number of tasks, the number of VMs, and changes 
in the workload to ensure that the algorithms are also tested under light and heavy 
load systems to determine their flexibility. The implementation of each optimization 
algorithm is done in accordance with the standard procedure. TLBO works in two 
iterative stages, teacher stage, and learner stage, where candidate solutions improve 
in an untuned manner without algorithm specific tuning parameters. PSO is a 
simulated swarm intelligence, where particle positions and velocities are updated on 
performance of each particle and the swarm to achieve optimal allocations. GA uses 
the evolutionary theory of selection, crossover and mutation to search the solution space. 
All the three algorithms are implemented in the same experimental conditions, using the same 
input data and termination conditions, to be fair when comparing them. The evaluation of 
performance is done based on various measures such as the average cost of execution, 
execution timely completion, rate of convergence and scalability. The outputs of both 
algorithms are contrasted with each other on the basis of these metrics to determine their 
corresponding strengths and weaknesses in dynamic scheduling. 

4 Result and Evaluation 
The outcomes of the comparative analysis show that there is a lot of difference in the 
performance of TLBO, PSO, and GA when they are used in dynamic cost-time allocation in 
a cloud environment. On a test case of 200 tasks assigned to 50 virtual machines, TLBO had 
the lowest average cost of execution of $420, whereas with PSO and GA was $465 and 
490 respectively. TLBO had the highest average completion time of 24.6 seconds, PSO 26.8 
seconds and GA 29.4 seconds. These findings indicate that TLBO is more effective in 
reducing cost and execution time at the same time as compared to the other two algorithms. 
The table II shows the Comparative Results of TLBO, PSO, and GA for Dynamic Cost-
Time Allocation. PSO was more adaptive when the workload intensity was set to 500 
tasks on 100 virtual machines. TLBO was again efficient with a cost of an average of 
$870 and a time of completion of 57.2 seconds and PSO gave 890 averagely and a time of 
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55.8 seconds. However, GA was performing worse at a cost of 940 and a time of 62.5 
seconds to execute. The figure 3 shows the Execution Cost and Completion Time vs 
Algorithm. This means that PSO is better adjusted to large scale, heterogeneous distributions 
of tasks, offering reduced task execution delays under heavy loads at a comparatively reduced 
cost than TLBO does. These results were verified by additional analysis of convergence 
behaviour and scalability. TLBO repeatedly converged in 25-30 iterations and it is a 
stable algorithm with low variance in re-runs. PSO converged in 30 to 35 iterations, with 
good adaptability, and averagely good variance. 

 
TABLE II Comparative Results of TLBO, PSO, and GA for Dynamic Cost-Time Allocation 

S. 
No. 

Workload (Tasks / 
VMs) 

Algorithm Avg. Execution 
Cost ($) 

Avg. Completion Time 
(sec) 

Convergence 
Iterations 

1 200 / 50 TLBO 420 24.6 28 

2 200 / 50 PSO 465 26.8 32 

3 200 / 50 GA 490 29.4 45 

4 500 / 100 TLBO 870 57.2 30 

5 500 / 100 PSO 890 55.8 34 

6 500 / 100 GA 940 62.5 48 

 

 
Fig. 3. Execution Cost and Completion Time vs Algorithm 

 
The figure 4 shows the Cost Distribution for 200 Tasks / 50 VMs. 
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Fig. 4. Cost Distribution for 200 Tasks / 50 VMs 

 
GA took 4050 iterations to converge, and more variability and sometimes 

premature convergence occurred. In general, the comparison shows that TLBO is the 
best choice when cost-time efficiency is required in moderate workloads, PSO is the 
most suitable when dealing with high workloads and GA when considering complex 
allocation cases, yet further tuning is necessary to guarantee the convergence. 

5 Challenges and Limitations 
The fact that the workloads and resource availability are unpredictable is one of the 
most significant issues of dynamic cost-time allocation in cloud-based environments. 
The changing nature of task arrival rate, non-homogeneous resource structure and 
abrupt changes in demand makes optimization algorithm challenging in ensuring 
consistent near-optimal solutions. Algorithms like TLBO, PSO, and GA can be very 
efficient when used in controlled simulation environments, however, when applied 
to real-time cloud computing environments where network latency, virtualization 
overhead, and random failures influence scheduling decisions, their efficiency can 
reduce. A second issue is the inability to reconcile cost savings with quality of 
service (QoS) where an excessive emphasis on cost optimization can result in 
systematic time increases of tasks or system instability. The constraints of this 
research are mainly the limitation of the experimental design and the constraint of 
algorithms. The assessment was performed in a simulation-based manner, which, 
though useful to compare to each other, might not be able to fully reflect the realities 
of multi-cloud or hybrid deployment. 

6 Future Outcomes 
The results of this study should lead to the creation of smarter and more flexible cost-
time allocation models in cloud computing. The study informs the foundation of 
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creating the hybrid models of the composite of the rapid convergence of TLBO, 
versatile PSO and the exploratory GA. This type of integrated solutions may also 
greatly improve the efficiency of scheduling, especially in multi-cloud and edge-
cloud environments with even more dynamic resource allocation and user demand. 
It will enable cloud service providers to provide optimization in performance and 
minimize operational expenses, enhance energy efficiency, and high user 
satisfaction. The relative lessons learned in this study can be used more broadly to 
design scalable scheduling solutions to new technologies like Internet of Things 
(IoT), 5G-enabled smart grids and AI-driven workloads in the long-term. Predictive 
resource allocation may be further enhanced with the integration of machine learning 
and reinforcement learning methods and metaheuristic algorithms to proactively 
schedule instead of reactively. The anticipated result is new generation of cloud 
resource optimization systems with the capability of managing large and 
heterogeneous workloads as well as real time workloads without compromising the 
optimal equilibrium between cost and time. 

7 Conclusion 
To sum up, this paper has proposed an in-depth comparative evaluation of Teaching Learning 
Based Optimization (TLBO), Particle Swarm Optimization (PSO), and Genetic Algorithm 
(GA) used in cloud computing to allocate cost and time dynamically and has identified the 
strengths, weaknesses, and applicability of each algorithm to various workload profiles. The 
findings indicate that TLBO always performs well in achieving a lower cost and execution 
time with moderate workloads because it has a parameter-free and stable convergence 
behavior and PSO is more flexible and scalable with heavy workloads to efficiently utilize 
heterogeneous resources with reasonable cost trade-offs. GA, being successful at 
investigating intricate solution spaces, was found to be both more varied and slower to 
converge, indicating that its independent usage might be less appropriate to dynamic cloud 
scheduling without refinement or hybridization. Although the obtained results are positive, 
issues like a fluctuation of the workload, the practicality of the algorithms, and algorithm-
specific constraints are still present, which indicates the necessity of additional studies on the 
topic of hybrid optimization techniques and scalable frameworks of adaptive scheduling 
approaches that integrate the benefits of several algorithms. 
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