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Abstract: Organizing tasks efficiently is crucial for optimizing the performance of cloud computing. Our research study introduces a novel
ML-based method to assess and rank algorithms for task scheduling, taking into account their characteristics. Through the utilization of
Google Drive and the SpaCy English model for data extraction, we detect and measure significant descriptive terms associated with
algorithm features. By assigning priorities based upon our algorithm to these terms espically based on their frequencies, we are able to
determine the relative significance of each feature. By amalgamating these priorities, we calculate priority scores for each algorithm,
unveiling their potential for performance. The optimal task scheduling algorithm can be known by analyzing the priority scores. By
showing these scores using a X-Y plot helps users easily understand and compare the different algorithms. Our unique approach allows
personal or enterprise users to make informed decisions, thereby optimizing the utilization of cloud resources and improving overall
efficiency. This research study proposes an Natural Language Processing -driven methodology supported by data to navigate various task
scheduling algorithms, ultimately enhancing cloud computing performance. The power of artificial intelligence immensely helps to achieve
better resource utilization and improved performance in cloud environments.
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1. Introduction

Cloud computing has become a revolutionary concept,
completely transforming the world of modern technology. It
provides an unmatched level of scalability, flexibility, and
cost-efficiency by delivering computing resources,
applications, and storage through the internet. Widely
adopted by both businesses and individuals, cloud
technology liberates them from the const. of traditional on-
site infrastructure, allowing for quick and flexible resource
adjustments to meet ever-changing demands. The cloud's
avMLlability on demand and pay-as-you-go pricing
structure accommaodate various applications, spanning from
web hosting to advanced big data analysis and artificial
intelligence processing. [1], [3].

ML has a significant impact on cloud computing, enhancing
cloud-based services and optimizing their
performance.With the help of ML, resource management
can be improved, decision-making processes can be
automated, and user experiences can be enhanced through
predictive analytics and intelligent data processing.
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Cloud services such as server time, network storage can be easily and
mmediately available to the as needed after signmg up
without mteractmg with service provider. For example: After Sign up
m DigitalOcean users can deploy or remove resources accordimg to
their needs.

Computmg services are always available over the network and can be
easily accessible through standard devices such as mobie phones,
laptops, tablets, amd workstations.

Computmg resources provided by the service provider are pooled amd
assigned to multiple users, clients, and customers.

mg resources cam be easdy scalable outward amd mward
accordmg 1o demand. The resources often appears 1o be unlimited to
the clients and can be adjustad m any quantity 3t any tme.

Resousce wikzion ia astomatically controlled and optimized by the clood systema,
sch a8 storage space, mefwork bandwidh active user accounts Tramsparency @
maintained bcween the provider and the comumar of the rasources by manitedng
controlling and repocting the FasOUICR LIAZe.

Fig 1. Cloud computing [3]

By incorporating ML, intelligent cloud services are
introduced that have the ability to learn, adapt, and evolve
based on insights derived from data. Various applications,
such as natural language processing, computer vision, and
machine learning, are transforming the efficiency of cloud-
based systems by enabling real-time analysis and execution
on large datasets. [1], [2], [4].

Users with a profound understanding of complex data
patterns and trends can benefit from data visualization. Data
visualization methods are essential for effectively
displaying and interpreting information as cloud
environments generate vast amounts of data Cloud users can
use visualization techniques such as charts, graphs, and
interactive dashboards to make informed decisions.
Increased efficiency and cost savings can be achieved
through the relationship between data visualization and
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machine learning. [1], [2], [3]. [5]-

In this study, we suggest a novel method for algorithm
ranking and visualisation in cloud task scheduling that
makes use of the capabilities of ML and data visualisation.
Using the SpaCy English model for NLP, we analyse a
dataset of several job scheduling algorithms and their
related attributes [1], [2] to extract pertinent adjectives from
the algorithm features and quantify their frequency..

Our research's study primary goal is to identify the best task
scheduling algorithm for the best cloud computing
performance. We gain insight into the relative significance
of algorithm features by ranking adjectives according to
their frequency. The method with the best features for task
scheduling is revealed by the determined priority scores. [1],

[2], [4]. [6]

Our data visualization through ML enables cloud customers
to understand algorithm ranks intuitively and make
defensible choices for the best use of cloud resources. By
fusing ML-driven insights and data visualisation, this
research advances cloud computing by revealing the
possibility for improved cloud performance and user
experience.

2. Literature Review

Because of its transformational potential and the multiple
advantages it provides, cloud computing has emerged as a
fundamental paradigm in contemporary computing. Benlian
et al. [7] the decoupling, platformization, and
recombination elements of cloud computing are highlighted
in the theoretical framework. Their approach gives
researchers and practitioners insights into the core ideas
behind cloud computing, enabling them to investigate the
potential of the technology in a number of domain, such as
job optimization scheduling.

Nanda Banger [8] offers a thorough analysis of the CC cloud
computing architecture that covers several cloud models,
their benefits, and drawbacks. The SaaS, PaaS, and laaS
cloud deployment models are discussed in detMLI, along
with how each paradigm affects job scheduling strategies.
Understanding the effects of cloud architectures on task
scheduling algorithms is made possible by this research
study by using power of ML.

A significant difficulty in cloud computing settings is task
scheduling. Almubaddel and EImogy [9] analyse the origins
and difficulties of cloud computing in order to overcome
this. Knowing the difficulties with cloud computing can
help,researchers in developing effective task scheduling
algorithms that consider factors like resource utilization,
energy efficiency, and load balancing.

ML task scheduling algorithms are introduced in the work
of Kak et al. [10] with the goal of maximising cloud energy

efficiency. Their research offers insights into lowering
energy usage while learning high performance levels in
cloud computing environments by putting forth a hybrid
algorithm that blends evolutionary and swarm-based
techniques. This directly affects the administration of
sustainable cloud resources.

A multi-objective hybrid bacteria foraging method for task
scheduling in cloud computing is presented by Srichandan
etal. [11]. Their research tackles the problem of maximising
numerous goals at once, like reducing makespan and
resource usage. Through effective job and resource
allocation, the suggested approach exhibits promising
results in improving the performance of cloud-based
applications.

A neural network-based multi-objective evolutionary
algorithm for dynamic workflow scheduling in cloud
computing is suggested in a study by Saravanakumar et al.
[12]. Their study focuses on improving task distribution and
load balancing in the cloud by dynamically reacting to
changes in cloud workloads and needs..

An adaptive dragonfly algorithm for load balancing in cloud
computing is proposed by Jeyaselvi and Dhanaraj [13]. This
study improves task scheduling to solve the problem of
managing fluctuating resource demands. The Dragonfly
algorithm's adaptive nature guarantees effective resource
allocation and enhanced application performance.

In their article [14], Al-Arasi and SMLT provide a thorough
analysis of task scheduling in cloud computing using
metaheuristic methods. This study offers a summary of
various metaheuristic algorithms and their uses in cloud job
scheduling, assisting researchers in selecting the best tools
for their unique needs.

[17] The authors highlight the importance of the
proposal distribution in MCMC methods. They introduce
the adaptive Metropolis algorithm, which shows promise in
numerical tests and maintains ergodic properties despite its
non-Markovian nature.

[18] The paper titled "Adaptive time quantum for task
scheduling in cloud computing environment™ presented at
the International Conference on Communication and Signal
Processing explores the adaptation of time quantum in task
scheduling for cloud computing.

[19] The paper "Resource Scheduling in Cloud
Computing: Taxonomy, Challenges, and State-of-the-Art"
provides a comprehensive overview of resource scheduling
in cloud computing. It explores various challenges and
offers a state-of-the-art analysis. The link to the source
provided allows readers to access the full paper for an in-
depth understanding of this critical cloud computing aspect.

[20]This research paper titled "Task Scheduling Algorithm
for Cloud Computing Using Particle Swarm Optimization"
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explores the application of particle swarm optimization in
cloud task scheduling. While the title provides a clear focus,
the abstract lacks detail. Further insights into the
methodology and experimental results would enhance its
value.

3. Methodology

The methodology employed in this study utilizes machine
learning (ML) techniques to compare various job scheduling
algorithms, such as Min-Max & Max-Min, SLA-LB, EDA-
GA, NN, and ADA models, with the objective of identifying
the optimal job/task scheduling algorithms for cloud
computing. This proposed methodology encompassing a
systematic approach that includes keyword inclusion,
feature extraction, adjective frequency analysis, algorithm
priority calculation, and data collection

To compile a comprehensive selection of work scheduling
algorithms [21], researchers diligently gathered data from
research publications, conference proceedings, and
academic sources during the data collection phase. Each
algorithm's  characteristics and  challenges  were
meticulously examined, considering factors such as energy
efficiency, execution time, resource utilization, scalability,
and dependability, with a specific focus on terminologies
relevant to Natural Language Processing, Machine
Learning, and Cloud Computing.

1.
6. Identify the 2.
Check for Behavior to Communicate
Any Conflicts Change with the Part

The NLP

Six Step Reframe
Procedure

5.
Choose an 3
Alternative 4. Identify the
Behaviour Think About Part’s Intention
Alternatives

Fig 2: NLP Six Step Reframe [5]

A thorough examination of adjective frequency in the
descriptions of each algorithm was conducted using Natural
Language Processing (NLP) techniques, particularly
SpaCy, which is an open-source NLP library running on
Python 3.10 within Google Colab. In the context of NLP,
ML, and Cloud Computing, important adjectives were
identified, and their frequency was analyzed to gain insights
into their significance in characterizing the algorithms.

The original proposed algorithm operates as follows:
1. The original real dataset is read into a

pandas Data Frame [21].
2. The spaCy English model is loaded [22].

3. The frequencies of adjectives used in the Features column
of the

DataFrame are counted.

4. The priority of each adjective is calculated based on its
frequency.

5. Priority scores for each algorithm are computed.

6. The algorithm with the highest priority score is identified.
7. The algorithm with the best features is presented.

8. The data is prepared for visualization.

9. Line plots and bar plots are created to visualize the
priority scores of algorithms.

10. The algorithm is concluded, and results are predicted.

a Python script that analyzes a dataset of algorithms or
models, focusing on the "Features" column to determine
which algorithm has the best features based on the
frequency and priority of adjectives used in their
descriptions. Here's an overview of what the code does and
some feedback:

Importing Libraries: The code begins by importing
necessary Python libraries, including Pandas for data
manipulation, Spacy for natural language processing, and
Matplotlib for data visualization.

Loading Spacy Model: It loads the English language model
provided by SpaCy.

Reading the Dataset: The code reads a dataset from a given
file path into a Pandas DataFrame.

Counting Adjective Frequencies: It iterates through the
"Features” column of the DataFrame, tokenizes the text, and
counts the frequencies of adjectives (words tagged as "ADJ"
by SpaCy).

These frequencies are stored in the adjective_frequencies
dictionary. Calculating Adjective Priorities: The code
calculates the priority of each adjective based on its
frequency in the dataset relative to the total number of
algorithms.  These priorities are stored in the
adjective_priority dictionary.

Calculating Algorithm Priority Scores: For each algorithm
in the dataset, the code calculates a priority score by
summing up the priorities of adjectives used in its
"Features" description. These scores are stored in the
algorithm_priority_scores dictionary.

Identifying the Best Algorithm: The algorithm with the
highest priority score is identified as the one with the best
features and stored in the best_algorithm variable.
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Algorithm with the best features:
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Fig 3.1: Prediction using Line plot of best Meta heuristic
algorithm based upon priority

Algorithm
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Fig 3.2: Prediction using Bar Plot of best Meta heuristic
algorithm based upon priority

Pie Chart of Priority Scores
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Fig 3.3: Prediction using Bar Plot of best Meta heuristic
algorithm based upon priority
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Fig 3.4: Prediction using Bar Plot of best Meta heuristic
algorithm based upon priority

4. Result/Performance Analysis

Adjective priority ratings, combined with the inclusion of
relevant keywords, provide an overall priority score for each
algorithm. This approach facilitates an evidence-based
selection of the optimal job scheduling algorithm for cloud
computing, taking into account the latest developments in
NLP, ML, and cloud computing.To enhance understanding
and decision-making, data visualization techniques,
including machine learning (ML), are employed to represent
the priority scores of various algorithms, including Min-
Max & Max-Min, SLA-LB, EDA-GA, NN, and ADA
models. Notably, the Min-Min and Max-Min algorithms
achieve the highest priority scores. This visual
representation offers readers a clear perspective on
algorithm rankings, particularly within the domains of NLP,
ML, and Cloud Computing, facilitating the identification of
the optimal task scheduling algorithm for cloud computing
applications. These visual aids offer an intuitive and
accessible means of conveying research findings,
supporting informed decision-making in cloud computing
environments, considering the key aspects of NLP, ML, and
Cloud Computing.

5. Conclusion

In summary, this research article has focused on developing
a comprehensive and data-driven methodology for
determining the optimal job scheduling algorithm for cloud
computing. The methodology encompassed data collection,
feature extraction, adjective frequency analysis, and
algorithm priority determination, providing a systematic
approach to evaluating the performance of various task
scheduling algorithms and models in cloud computing.

The use of natural language processing (NLP) tools allowed
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us to assess the importance of adjectives in describing the
algorithms qualitatively. Furthermore, the quantitative
ranking of algorithm qualities, made possible by adjective
frequency analysis, enabled us to establish the significance
of various descriptors.

Through a thorough analysis and the accumulation of
adjective priority scores, we successfully identified the
method with the best features, making it the ideal choice for
job scheduling in cloud computing. The visualization of
priority scores simplified the understanding of how
algorithms ranked, providing a user-friendly means for
researchers to present their findings.

Further Scope:

While this research paper has made significant strides in
identifying the optimal task scheduling algorithm for cloud
computing, there are several avenues for future exploration
and improvement:

1. Performance Comparison: Future studies may involve
practical tests and performance comparisons between the
selected optimal algorithm and other popular task
scheduling strategies, providing stronger evidence of its
superiority.

2. Scalability Studies: Investigating an algorithm's
scalability for large-scale cloud computing systems can
determine its suitability for handling substantial workloads
effectively.

3. Dynamic Workloads: Understanding the adaptability of
the ideal algorithm requires evaluating its performance
under dynamic workloads where task requirements change
over time.

4. Hybrid Approaches: Exploring the potential of
integrating different algorithms, such as using a hybrid
approach involving NLP and machine learning, may lead to
even more effective work scheduling solutions.

5. Resource Optimization: Future research could focus on
further optimizing resource allocation in cloud computing
systems by utilizing advanced machine learning algorithms.

6. Real-Time Task Scheduling: Developing real-time task
scheduling algorithms that respond promptly to changing
conditions in the cloud can enhance system performance.

In conclusion, the results of this research article lay the
foundation for further advances in research on task
scheduling algorithms and cloud computing using NLP
techniques. Researchers can continue to enhance the
effectiveness and efficiency of cloud computing systems by
addressing the indicated areas of future scope, contributing
to the rapid development of these domains with meta-
heuristic approaches.

Paper Flow -

In this paper, we follow a structured approach to investigate
"The Impact of Machine Learning (ML) Driven Algorithm
Ranking and Visualization on Task Scheduling in Cloud
Computing”. The content is organized as follows:

Introduction & Literature Review- We begin by
reviewing the existing literature & highlighting the key
advancements and challenges in the field.

Methodology: - The methodology section outlines our data
collection process, pre-processing steps, and the use of
thorough examination of adjective frequency in the
descriptions of each algorithm using Natural Language
Processing (NLP) techniques, particularly SpaCy, which is
an open-source NLP library running on Python 3.10 within
Google Colab.

Result/Performance Analysis- This approach facilitates an
evidence-based selection of the optimal job scheduling
algorithm for cloud computing, taking into account the latest
developments in NLP, ML, and cloud computing.

Conclusion and Further Scope:- In summary, this
research paper has focused on developing a comprehensive
& data-driven methodology encompassed data collection,
feature extraction, adjective frequency analysis, and
algorithm priority determination, providing a systematic
approach to evaluating the performance of various task
scheduling algorithms and models in cloud computing. The
results of this research article lay the foundation for further
advances in research on task scheduling algorithms and
cloud computing using NLP more.
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