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ABSTRACT

Efficient optimization approaches are required for scientific computing in cloud environments to manage large-
scale calculations, dynamic workloads, and probabilistic decision making. This study investigates the role of Ant
Colony Optimization (ACO), Gradient Descent (GD), and Bayesian Decision Models (BDM) in improving
computational efficiency. A hybrid optimization framework is proposed, which includes ACO for resource
allocation, GD for iterative learning, and BDM for probabilistic inference. The performance metrics examined
were execution time, accuracy, resource utilization, and scalability. The results show that the hybrid model greatly
improves computational performance by improving efficiency, adaptability, and optimization capabilities, making
it a viable option for cloud-based scientific computing applications.

Keywords: Scientific computing, Cloud optimization, Ant Colony Optimization (ACO), Gradient Descent (GD),
Bayesian Decision Models (BDM), Machine learning, Computational efficiency, Resource allocation,

Probabilistic inference, Hybrid optimization framework.

1 INTRODUCTION
With scientific studies increasingly depending on computational models for optimization, machine learning, and
decision-making, sophisticated algorithms such as Ant Colony Optimization (ACO), Gradient Descent (GD), and
Bayesian Decision Models (BDM) have come to be useful tools for enhancing efficiency, precision, and
automation in cloud-based systems. These algorithms solve inherent problems in resource allocation, parameter

optimization, and probabilistic inference (Mohanarangan, 2021) [24]. The inclusion of machine learning also
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improves cloud computing performance (Thirusubramanian, 2021) [25]. RSA algorithms enhance cloud data
security (Akhil, 2021) [26]. Emerging load-balancing methods maximize cloud data center resources (Naga, 2021)
[27]. Attribute-based encryption protects financial information (Yalla, 2021) [28]. Cryptography and
steganography add a second layer of data security (Rajya, 2021) [29].

Ant Colony Optimization (ACO) is a metaheuristic algorithm inspired by nature for solving complex
combinatorial optimization problems by modeling ant foraging. Singh and Mishra (2015) [1] introduced a better
ACO-based load balancing but were confronted with scalability and workload adaptation issues. Sun et al.
(2017)[2] presented a multi-population ACO for VM deployment, with an improvement in resource utilization
but increased complexity in inter-colony communication. ACO is particularly valuable in dynamic cloud
computing systems where uncertainty and variable workloads call for responsive and self-organizing methods.
Sophisticated Al methods boost cybersecurity (Basani, 2021) [30], while big data analysis facilitates music
instruction (Gudivaka, 2021) [31]. Geological data gathering (Harikumar, 2021) [32] and new cloud algorithms
(Himabindu, 2021) [33] enhance security. Al-driven robots aid geriatric care (Basava, 2021) [34], and optical
fiber sensors help with monitoring (Sri, 2021) [35]. Lastly, serum sample viability helps in cardiovascular risk
prediction (Mohanarangan, 2020) [36].

Gradient Descent (GD) is a major iterative optimization technique for machine learning and deep learning models.
GD minimizes loss functions by iteratively adjusting model parameters, achieving faster convergence and better
generalization in big-data scientific computing tasks. Samokhin et al. (2019) [3] suggested an iterative gradient
descent algorithm to solve linear equations with guaranteed convergence but sensitive step-size selection for
stability. GD enhances in cloud environments neural network training, big data analytics, and predictive modeling
and reduces computing time and energy consumption. It enriches software testing for distributed applications
(Koteswararao, 2020) [37]. Deep learning and machine learning algorithms enhance financial fraud detection in
health (Naresh, 2021) [38]. Big data analytics minimizes manufacturer encroachment in e-commerce (Rajeswaran,
2020) [39]. Hybrid clustering algorithms enhance product recommendation (Rajeswara, 2021) [40]. Improved
case-based reasoning supports workload prediction (Karthikeyan, 2021) [41]. AES encryption improves cloud
data security (Poovendran, 2020) [42]. Sreekar, P. (2020)[43] Threat models in vehicular cloud computing solve
security and privacy issues (Sreekar, 2021)[44].

Bayesian Decision Models (BDM) enhance decision-making in scientific computing through the unification of
probabilistic reasoning and statistical inference. Irie and West (2019) [4] developed Bayesian emulation for multi-
step optimization, enhancing decision analysis but with the need to enhance computational efficiency for large-
scale use. Coussement et al. (2015) [5] proposed a Bayesian decision support approach that incorporates expert
judgement and organizational information, enhancing decision-making accuracy at the expense of requiring
further exploration of scalability in complex data environments. Machine learning models enhance financial fraud
detection in e-commerce (Naresh, 2021) [45]. Real-time data warehousing provides improved performance
insights (Karthikeyan, 2020) [46]. Predictive analytics help with employee retention (Mohan, 2020) [47]. Al-
based healthcare systems are improved with sophisticated data analytics (Sitaraman, 2021) [49]. Streamlining
healthcare data streams enhances real-time analytics (Sitaraman, 2020) [50]. Cloud computing security is
improved with secure multi-party computation (Mamidala, 2021) [51]. Pre-trained language models and
evolutionary algorithms improve test generation (Chetlapalli, 2021) [52]. Big data frameworks enhance the

performance of mobile networks (Allur, 2020) [53].
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This study examines the impact of ACO, GD, and BDM on cloud-based scientific computing, comparing their
strengths, limits, and applications. These technologies improve cloud-driven computational workflows'
scalability, efficiency, and accuracy by combining swarm intelligence, gradient-based optimization, and
probabilistic modeling.

The main Obijectives are:

e Describe the function of cloud computing in scientific computing by exploiting high-performance
computing, large data analysis, and optimization activities to alleviate hardware limits and computational
bottlenecks.

o  Explain how Ant Colony Optimization (ACO) improves adaptive scheduling, resource optimization, and
effective task distribution in cloud environments while handling dynamic workloads and real-time
limitations.

e Use Gradient Descent (GD) in deep learning and statistical models to improve parameter adjustment,
convergence speed, and model correctness in cloud-based scientific computing.

e Assess the efficacy of Bayesian Decision Models (BDM) in data-driven decision-making, predictive
analytics, and risk assessment to provide fault tolerance and anomaly detection in cloud-based systems.

e Compare and contrast ACO, GD, and BDM in scientific computing, evaluating their effects on
computational efficiency, scalability, and adaptive optimization in cloud-based systems.

Service composition is essential for maximizing resource allocation and enhancing cloud system performance.
Asghari and Jafari Navimipour (2019) [6] identified challenges in conventional service composition methods,
especially in load balancing and multi-cloud integration since most conventional methods are focused on single-
cloud service composition, which constrains cross-cloud resource utilization. In addition, conventional Ant
Colony Optimization (ACO) methods are plagued by pheromone-based path dependency, leading to inefficient
load distribution on cloud servers. To address these challenges, the Inverted Ant Colony Optimization (IACO)
algorithm was created to enhance load balance and service efficiency. Although these advantages exist, further
research is needed to enhance scalability and flexibility for dynamic cloud environments and incorporation into
hybrid optimization methods (Deevi, 2020) [54]. Machine learning-based methods in cloud computing also
increase threat mitigation (Kodadi, 2020) [57]. Al incorporation in smart healthcare provides new methods for
disease diagnosis (Sitaraman, 2021)[56]. In addition, heuristic techniques and neural networks enhance test case
prioritization in the cloud (Ganesan, 2021; Dondapati, 2020) [55];[58];[59].

2 LITERATURE SURVEY

Eftekhari and Eftekhari (2016) [7] introduced a gradient-based continuous ant colony optimization (GCACO)
method for controller design in multivariable nonlinear control systems. For system linearization, their solution
unifies time-domain objectives and frequency-domain limitations by employing the exponential input describing
function (EIDF). The results show that GCACO efficiently generates optimal and practical controllers, meeting
design constraints while improving computational efficiency.

Boubertakh (2017) [8] proposed an ant colony optimization (ACO)-based method for developing fuzzy
proportional integral derivative (FPID) controllers in SISO and MIMO systems. The method optimizes a cost
function based on system performance, using prior knowledge to improve control accuracy. Simulation results for

inverted pendulum, small helicopter, and quadrotor systems demonstrate their efficiency and effectiveness.
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Jadon (2019) [22] strengthens Al-based software by combining NOMA, UVFA, and dynamic graph neural
networks. The research seeks to enhance scalable decision-making in intricate environments with the aim of
improving efficiency and flexibility using sophisticated Al methods for managing dynamic systems.

Boyapati (2019) [21] examines the effects of digital financial inclusion via cloud 10T on income inequality. It
employs a data-driven method in examining its implications on urban and rural economies, highlighting the
capacity to mitigate income inequalities and drive economic growth.

Jadon (2018) [20] investigates streamlined machine learning pipelines using Recursive Feature Elimination
(RFE), Extreme Learning Machine (ELM), and Sparse Representation Classification (SRC). The research seeks
to improve Al software development, with an emphasis on model accuracy, efficiency, and adaptability in
sophisticated applications.

Jadon (2019) [23] combines Particle Swarm Optimization and Quadratic Discriminant Analysis in artificial
intelligence-based software development. The research targets stable model optimization, enhancing accuracy and
efficiency in Al programs through these sophisticated computational methods.

Kasaei and Nikoukar (2015) [9] suggested an ant colony optimization (ACO)-based method for determining the
best location and size of distributed generation (DG) units in radial distribution networks. The strategy tries to
reduce economic costs and power losses while improving voltage profiles. By optimising the objective function,
which includes DG installation costs and power loss reduction, the suggested algorithm achieves significant
efficiency gains. The approach was evaluated using a 13-bus test case from the Tehran distribution network,
demonstrating its ability to reduce costs and energy losses.

Kumar et al. (2018) [10] introduced an improved Ant Colony Optimization (ACO) algorithm (ACO-LD) that
uses a Laplace distribution-based interaction scheme to boost exploration in continuous optimization problems.
The technique solves premature convergence and stagnation difficulties with an extra diversification mechanism.
Based on CEC2014 benchmark functions and real-world issues, ACO-LD beats previous algorithms in terms of
search efficiency and solution quality.

Katiyar and Ansari (2015) [11] conducted a thorough assessment of Ant Colony Optimization (ACO), charting
its evolution from theoretical foundations to practical applications. The paper investigates ACQO's effectiveness in
tackling combinatorial and continuous optimization issues, drawing inspiration from ant foraging behavior. The
study explores numerous ACO versions and their applications in real-world optimization tasks, highlighting
ACO's status as a well-known and effective metaheuristic algorithm.

Yang, Zhao, and Zeng (2019) [19] suggest a deep learning-based multidimensional feature-based phishing website
detection approach. The method combines Stacked Autoencoder with Support Vector Machine (SVM) to enhance
detection precision by efficiently recognizing phishing websites via feature analysis.

Masrour and Rhazzaf (2018) [12] proposed a dynamic parameterization technique for Ant Colony Optimization
(ACO) algorithms, which included a knowledge center to optimize pheromone evaporation rates, ant count, and
preference levels. Their solution uses machine learning principles to enable adaptive parameter adjustment based
on real-time evaluations, which improves optimization performance. The proposed strategy improves solution
quality across numerous rounds, indicating a promising improvement in adaptive swarm intelligence techniques.
Gaur and Arif (2020) [13] did a comprehensive analysis of Ant Colony Optimization (ACO) in software testing,
examining thirty research that used ACO for test suite minimization. Their findings illustrate ACO's effectiveness
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in decreasing problem complexity and optimizing test cases for higher software quality. The study confirms ACO
as an effective heuristic strategy for increasing test coverage and reducing redundant test cases in software testing.
Jia (2015) [14] proposed the Hybrid Particle Swarm Ant Colony Optimization (HPSACO) technique, which
combines Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO) to increase search precision,
convergence speed, and solution quality when addressing Traveling Salesman Problems. The technique uses
PSO's exploration capabilities for optimal initialization and ACO's stochastic nature to improve local search,
overcoming premature convergence and stagnation. When compared to solo metaheuristic procedures,
experimental data show that they are more efficient and accurate.

Jabbar (2018) [15] proposed an enhanced Ant Colony Optimization (ACO) algorithm that combines exploration
and exploitation to improve search efficiency. The updated probabilistic technique overcomes exploration
disadvantages by achieving global optimal solutions in high-dimensional spaces. Experimental results on six ACO
versions show greater performance in solving the Traveling Salesman Problem (TSP), resulting in high-quality
shortest routes.

Akhter et al. (2019) [16] created an Ant Colony Optimization (ACO)-based model for multi-agent Intelligent
Transportation Systems (ITMS) utilizing the SUMO traffic simulation tool. Their solution combines ACO with
real-time traffic data analysis to provide dynamic route optimization that outperforms classic algorithms like
Dijkstra, A (A-star), and CHWrapper. The study focuses on ACQO's effectiveness in adaptive decision-making,
traffic control, and route planning in complex urban situations.

Hardt et al. (2018) [17] showed that stochastic gradient descent (SGD) efficiently converges to the global
maximizer of the maximum likelihood objective for an unknown linear time-invariant dynamical system. Despite
the objective function's non-convex character, they guaranteed polynomial time and sample complexity under
strong but natural assumptions. Their research provides the first polynomial convergence guarantees for linear
system identification from noisy observations, resulting in substantial theoretical advances in machine learning
and control theory.

Avila and Tcheou (2016) [18] investigated the application of Bayesian inference and Markov Chain Monte Carlo
(MCMC) techniques in wireless communication systems, focusing on symbol detection and parameter estimation.
Their findings show that Bayesian receivers increase Bit Error Rate (BER) performance while reducing
computational complexity in MIMO, CDMA, and OFDM transmission methods. They also emphasize Bayesian
techniques' efficiency in nonlinear, non-Gaussian, underwater, and fast-fading wireless channels, demonstrating
their flexibility to demanding communication contexts.

Kodadi (2021) [60] describes improving software development in cloud environments through probabilistic means
in formalizing Quality of Service (QoS) and deployment verification. The research highlights the need for secure
software deployment and applying probabilistic models to verify deployment operations in order to enhance cloud
service reliability and performance.

Yalla (2021) [61]In this research, a cloud brokerage architecture that aims to improve service selection by using
the B-Cloud-Tree indexing method is presented. It explains how the application of such an indexing strategy can
promote the efficiency and effectiveness in choosing cloud services, maximizing the discovery of services and
improving service-based architectures for the cloud.

Gattupalli (2020) [62] discusses the optimization of 3D printing materials for medical use by utilizing Al,

computational software, and directed energy deposition. It emphasizes how these technologies can improve
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material properties and accuracy in 3D printing, particularly in the production of advanced medical devices and
enhancing their functionality in medical applications.

Yallamelli (2021) [63] explores the position of cloud computing and management accounting in small and
medium-sized enterprises (SMESs). Utilizing content analysis, PLS-SEM, and classification and regression trees,
it offers understanding on how decision-making and operation efficiency can be maximized using cloud-based
solutions and accounting mechanisms in SMEs

Basani (2021) [64] talks about how business analytics and robotic process automation (RPA) are impelling digital
transformation for organizations. Through the combination of machine learning and Al, the paper demonstrates
how these technologies aid in optimizing business processes, automating work, and better overall business

decision-making.

Sareddy (2021) [65] delves into advanced quantitative models such as Markov analysis, linear functions, and
logarithms to solve HR-related issues. It highlights the use of these mathematical models to improve HR decision-
making, forecasting, and problem-solving, providing insightful information for enhancing HR processes and
operations in organizations.

Bobba (2021) [66] examines enterprise financial data sharing and security in hybrid cloud environments, in this
case, in the banking industry. It introduces an information fusion strategy to improve data sharing security,
resolving issues of privacy, compliance, and effective sharing of sensitive financial information across hybrid

cloud systems

3 METHODOLOGY
This paper investigates the use of Ant Colony Optimization (ACO), Gradient Descent (GD), and Bayesian
Decision Models (BDM) to improve scientific computing in cloud environments. The methodology entails
applying and assessing these techniques to cloud-based computing tasks, with a focus on optimization, machine
learning, and probabilistic decision-making. Performance parameters such as execution time, accuracy, and
scalability are examined to measure their efficacy. ACO is used for work scheduling and resource optimization,
GD for iterative parameter tuning in machine learning models, and BDM for uncertainty quantification and
probability inference. The comparison study determines the most effective technique for cloud-based scientific
applications. The Cloud Computing Performance Metrics dataset includes performance metrics from a simulated
cloud environment such as CPU use, memory usage, network traffic, power consumption, execution time, energy
efficiency, job type, and priority. It encourages research into machine learning optimization approaches to increase
energy efficiency and execution time while addressing data center expenses and CO2 emissions in cloud

computing.
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Figure 1 Architectural Flow of Scientific Computing in the Cloud Using Optimization Techniques

Figure 1 depicts the workflow of scientific computing on the cloud, which combines Ant Colony Optimization
(ACO), Gradient Descent (GD), and Bayesian Decision Models. The process begins with Data Acquisition and
Preprocessing, which involves cleaning and preparing cloud datasets. Model initialization and parameter
configuration follow, ensuring that the proper model is selected and optimized. Task Scheduling and Resource
Allocation makes use of ACO to ensure efficient workload balancing. Model Training and Optimization uses GD
for iterative learning, while Performance Evaluation and Scalability Analysis evaluates execution efficiency. This
framework allows adaptive optimization and efficient computation in cloud environments, hence increasing
scalability and accuracy in scientific computing applications.

3.1 Ant Colony Optimization (ACO) for Cloud-Based Optimization

ACO is a swarm intelligence metaheuristic that uses ant foraging behavior to tackle complicated optimization
problems. In cloud computing, ACO optimizes job scheduling and resource allocation, resulting in load balancing
and faster execution. Each ant represents a potential solution, with pheromone-based learning guiding the search
for the optimal configuration. ACO flexibly adapts to workload changes, making it perfect for distributed cloud
systems. Mathematical Model of ACO

The probability of an ant choosing a path is given by:
w&nb
P = m 1)
where:
e P isthe probability of selecting path ij,
e 1y is the pheromone level on path ij,
e 7 isthe heuristic desirability (inverse of cost),

e q,f are control parameters for exploration-exploitation balance.

108



ISSN 2277-2685
IJESR/Oct-Dec. 2022/ Vol-12/1ssue-4/102-118

Sathiyendran Ganesan et. al., / International Journal of Engineering & Science Research

* * ~ e
* FOOD
* /% . " N S

Figure 2: Ant Colony Optimization (ACO) Network for Path Selection
Figure 2 depicts an Ant Colony Optimization (ACO) model for optimum path selection between a nest and a food
source. Ants investigate numerous paths (o and § nodes) and use pheromones to reinforce efficient routes. The
bold yellow arrows represent higher pheromone levels, which direct ants to the quickest and most efficient path
for resource collection. This approach is commonly used for optimization, cloud computing, and routing
algorithms.
3.2 Gradient Descent (GD) for Scientific Computing in the Cloud
Gradient Descent (GD) is an iterative optimization procedure that minimizes loss functions in machine learning
and statistical modeling. In cloud computing, GD dynamically optimizes model parameters, resulting in efficient
learning on big datasets. GD is computationally efficient and performs well in dispersed training scenarios.
Mathematical Model of GD
The weight update rule in GD is:
wD = w® — 5 . VL(w) 2
where:

e w represents model parameters,

e 7 isthe learning rate,

e VL(w) is the gradient of the loss function with respect to w.
3.3 Bayesian Decision Models (BDM) for Cloud-Based Scientific Computing
Bayesian Decision Models (BDMSs) use probabilistic inference and statistical learning to improve decision-making
in uncertain contexts. In the cloud, BDM is utilized for predictive analytics, anomaly detection, and adaptive
learning. It blends prior knowledge with observed data to dynamically update probability distributions.
Mathematical Model of Bayesian Inference
Bayes' theorem is given by:

P(D|H)P(H)
P(H | D) = T (3)

where:
e P(H | D) is the posterior probability of hypothesis H given data D,
e P(D | H) is the likelihood function,
e P(H) is the prior probability,
e P(D) is the marginal likelihood.
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Algorithm 1 Hybrid Optimization Framework for Cloud-Based Scientific Computing

Input:
Dataset D, Learning rate n, Convergence threshold ¢
Output:
Optimized Model Parameters
Begin
Initialize ACO, GD, and BDM models
For each iteration until convergence:
If using ACO:
Update pheromone trails
Select optimal resource allocation
Else if using GD:
Compute loss gradient
Update model parameters
Else if using BDM:
Update posterior probabilities
Optimize decision boundary
Else:
ERROR: Invalid Optimization Method
Evaluate performance metrics (execution time, accuracy)
If convergence criteria met, return optimized parameters
End
Algorithm 1 introduces a hybrid optimization approach that uses Ant Colony Optimization (ACO), Gradient

Descent (GD), and Bayesian Decision Models (BDM) to improve scientific computing in cloud environments.
The algorithm begins by setting up ACO for resource allocation, GD for iterative learning, and BDM for
probabilistic decision-making. During each iteration, it chooses an appropriate optimization technique based on
task needs, such as updating pheromone trails, gradient-based parameters, or Bayesian posterior probabilities.
Performance indicators such as execution time and accuracy are monitored until convergence criteria are fulfilled,
ensuring adaptive learning, efficient task scheduling, and computational optimization in cloud-based applications.
3.4 PERFORMANCE METRICS

Performance evaluation in cloud-based scientific computing is critical for determining the efficacy of optimization
approaches like Ant Colony Optimization (ACO), Gradient Descent (GD), and Bayesian Decision Models (BDM).
Key performance measures include execution time (s) for computational efficiency, accuracy (%) for predicting
and optimizing effectiveness, resource usage (CPU%) for evaluating system workload allocation, and scalability
factor to assess adaptability under changing workloads. The incorporation of these methods into a Combined
Model improves accuracy while decreasing execution time, exhibiting improved optimization capabilities for
scientific computing applications in dynamic cloud environments.

Table 1 Performance Metrics Comparison for Scientific Computing in the Cloud
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Method 1 (Ant | Method 2 . .
) ] Method 3 (Bayesian | Combined
Performance Metric Colony (Gradient .
T Decision Models) Method

Optimization) Descent)
Execution Time (s) 3.25 2.85 35 2.6
Accuracy (%) 89.4 91.2 90.1 94.75
Resource Utilization (CPU%) | 78.85 80.6 79.4 85.1
Scalability Factor 2.15 2.45 2.3 2.85

Table 1 compares performance metrics for Ant Colony Optimization (ACO), Gradient Descent (GD), Bayesian
Decision Models (BDM), and the Combined Method in a cloud computing environment. The Combined Method
has the best accuracy (94.75%) while retaining a short execution time (2.6s) and efficient resource use (85.1%).
Individual techniques, Gradient Descent (GD) has the fastest execution time (2.85s), while Ant Colony
Optimization (ACO) has the highest resource efficiency (78.85%). The Scalability Factor also shows higher
adaptability in the Combined Method (2.85), highlighting its utility for cloud-based scientific computing.

4 RESULT AND DISCUSSION

The experimental evaluation of Ant Colony Optimization (ACQO), Gradient Descent (GD), and Bayesian Decision
Models (BDM) in cloud-based scientific computing reveals significant performance gains. The Combined Model
surpasses the separate techniques in terms of accuracy (94.75%), resource usage (85.1%), and execution time (2.6
seconds). ACO ensures efficient resource allocation, GD speeds up convergence, and BDM improves decision-
making under uncertainty. The scalability factor has also been improved, making the integrated method suited for
dynamic cloud environments. These findings demonstrate the effectiveness of hybrid models in improving
computational accuracy, efficiency, and adaptability in scientific computing applications.

Table 1: Performance Comparison of Optimization Methods for Scientific Computing in the Cloud

Katiyar Masrour &
. Kumar et . Gaur & | Proposed
Performance Metric & Ansari | Rhazzaf ]
al. (2018) Arif (2020) | Method
(2015) (2018)
Execution Time (s) 3.25 35 3.1 3.45 2.85
Accuracy (%) 89.4 88.9 90.2 89.1 94.75
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Resource Utilization (CPU%) 78.85 79.2 80.1 78.9 85.1

Scalability Factor 2.15 21 2.35 2.2 2.85

Table 1 compares various optimization approaches for scientific computing in cloud systems. The table measures
essential performance indicators such as execution time, accuracy, resource use, and scalability. The suggested
method outperforms other approaches by achieving shorter execution times and improved accuracy while
preserving efficient resource utilization and scalability. The improvements demonstrate the efficacy of combining
Ant Colony Optimization, Gradient Descent, and Bayesian Decision Modeling. This comparison verifies the
suggested method's superior optimization capabilities, making it a viable option for improving computational

efficiency and adaptability in cloud-based scientific applications.
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Figure 3 Performance Comparison of Various Optimization Methods in Scientific Computing

Figure 3 compares Ant Colony Optimization (ACQ), Gradient Descent (GD), Bayesian Decision Models (BDM),
and their hybrid implementations in cloud-based scientific computing in terms of execution time (s), accuracy
(%), resource utilization (CPU%), and scalability. The suggested strategy beats individual models in terms of
accuracy and resource efficiency, while also reducing execution time. The scalability factor has also improved,
demonstrating more adaptability to changing workloads. These findings indicate the effectiveness of hybrid
optimization strategies in improving computational performance, making them appropriate for complicated
scientific computing jobs in cloud environments.

Table 2: Ablation Study of Optimization Techniques in Scientific Computing

] Resource N
Execution Accuracy o Scalability
Method ) Utilization
Time () (%) Factor
(CPU%)
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Ant Colony Optimization (ACO) 3.2 89.1 78.5 2.1
Gradient Descent (GD) 2.85 91.2 80.2 2.4
Bayesian Decision Models (BDM) 35 90.3 79.4 2.3
ACO + GD 2.75 92.5 82.1 2.6
GD + BDM 2.9 93.1 83.3 2.7
Full Model 2.6 94.8 85.4 2.9

Table 2 presents an ablation study evaluating the performance of individual and combined optimization
techniques—Ant Colony Optimization (ACO), Gradient Descent (GD), and Bayesian Decision Models (BDM)—
in cloud-based scientific computing. Key performance metrics such as execution time, accuracy, resource

utilization, and scalability factor are analyzed. The hybrid models, ACO + GD and GD + BDM, demonstrate

improvements over individual methods. The full model, integrating all three techniques, exhibits the best

performance, achieving the highest accuracy and resource efficiency with the lowest execution time. These

findings validate the effectiveness of hybrid approaches in optimizing computational performance in dynamic

cloud environments.
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Figure 4 Performance Comparison of Optimization Techniques in Scientific Cloud Computing

Full Model

Figure 4 compares the performance of Ant Colony Optimization (ACO), Gradient Descent (GD), Bayesian

Decision Models (BDM), and hybrid combinations in cloud-based scientific computing. The examination looks

at the execution time, accuracy, resource use, and scalability factor. The hybrid models, specifically ACO + GD
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and GD + BDM, outperform individual approaches. The whole model, which incorporates all three approaches,
shows greater accuracy, increased resource use efficiency, and a shorter execution time. These findings support
the efficacy of a combined optimization method, highlighting its potential to improve computational performance
for scientific applications in dynamic cloud environments.
5 CONCLUSION

This study introduces a hybrid optimization framework for cloud-based scientific computing that combines Ant
Colony Optimization, Gradient Descent, and Bayesian Decision Models. The study demonstrates the superiority
of the combined method, which effectively balances accuracy, execution time, and resource utilization when
compared to solo approaches. ACO improves resource allocation, GD assures fast convergence, and BDM
improves probabilistic decision-making under uncertainty. The findings show that hybrid models offer scalable,
adaptive, and efficient solutions for computationally intensive cloud-based applications. Future research can
investigate the expansion of these approaches to real-time and large-scale cloud settings, thereby improving their

usefulness in a variety of scientific disciplines.
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