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Abstract—Efficient workload management is critical for
optimizing the performance of AI-based systems, especially
in environments with diverse and dynamic processing
requirements. This study presents an extensive examina-
tion of five CPU scheduling algorithms with regard to
their performance in managing AI workloads, focusing
on First-Come, First-Served (FCFS), Shortest Job First
(SJF), Shortest Remaining Time First (SRTF), Priority
Scheduling, and Round Robin (RR). Through a scenario-
based approach, each algorithm was analyzed based on its
waiting time and turnaround time. To gather the data, a
simulation tool was used with random arrival times and
burst times, which provided insights into their adaptability
for various AI processes. The results revealed SRTF to
be the superior one among the five despite its frequent
context switching. FCFS and RR excel in simplicity and
fairness but face inefficiencies such as the convoy effect
and high context-switching overhead. On the other hand,
SJF and Priority Scheduling perform well in predictable
or hierarchical workloads, minimizing turnaround and
waiting times, but encounter challenges with starvation
and dynamic task management. The study concludes that
no single algorithm universally outperforms the others,
as their effectiveness depends on workload characteristics
and system requirements. This highlights the importance
of selecting scheduling algorithms aligned with specific
AI workload demands to maximize system efficiency and
performance.

Index Terms—Keywords—CPU scheduling algorithms;
Artificial intelligence optimization; Process management;
Scheduling performance metrics; Modeling and simulation.

I. INTRODUCTION

A. Background of the Study

Technology paved the way for the development of
computers and mobile devices that enabled people to
manage all aspects of daily life, such as shopping,
online learning, booking appointments, and chatting. At
the core of this technological shift are computers and

mobile devices, which have become indispensable tools
in modern life. These devices are able to seamlessly
function with the advent of operating systems, a type
of system software that manages the resources of the
computer and facilitates the system’s management and
control.

When a user uses a computer and performs a task,
such as opening a document, there are often background
jobs for sending or receiving email. In these instances,
the numerous processes need to be handled by the
Central Processing Unit (CPU), which is responsible for
processing computer operations. However, only a single
process is allocated to the CPU at a time. This is called
scheduling, which is the allocation of computer resources
to tasks in order to make full use of the CPU [1].
Scheduling algorithms are developed to help the system
efficiently manage process execution even while other
processes are on hold.

In recent years, artificial intelligence (AI) has emerged
as a transformative technology that enables machines to
perform tasks that typically require human intelligence
. As evident, modern processors, such as the Intel Core
Ultra, now integrate AI into their operating systems to
support more advanced software and meet the growing
demands of AI applications. These systems rely on
powerful computational resources to process complex
data; hence, the choice of scheduling algorithm for man-
aging AI workloads in these systems becomes critical to
ensuring the smooth execution of multiple and complex
processes.

1) Research gaps: While scheduling algorithms have
been extensively studied, limited investigations have ex-
amined their performance specifically within the context
of managing AI workloads. Although existing studies
have evaluated various scheduling algorithms [2]–[4],
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they have not fully explored how well these algorithms
meet AI-specific demands.

In 2018, OpenAI reported that the computational
power required to train the largest AI models had been
doubling every 3.4 months since 2012, debunking the
predictions of Moore’s Law, where computing power
doubles every two years [5]. This situation calls for
an urgent need to deeply understand how advanced
systems must be implemented to effectively manage AI
workloads.

As AI continues to advance and integrate into various
fields, determining which scheduling algorithms are best
suited for managing AI workloads becomes essential.
This ensures that systems are built with algorithms
capable of managing resources effectively even under
advanced processing power. Furthermore, only a few
studies have conducted a comprehensive comparison of
the five selected scheduling algorithms considered in this
study, highlighting a notable gap in the current research
landscape.

2) Current body of knowledge: Artificial intelligence
(AI), along with machine learning (ML), is one of
the defining technological trends of the modern era.
Technologies ranging from computers to mobile de-
vices increasingly incorporate AI capabilities. This trend
continues to evolve, impacting various fields including
business, industry, and everyday life.

The foundation of AI lies in analyzing, categoriz-
ing, and predicting outcomes based on user input data,
thereby facilitating improved decision-making processes.
AI aims to replicate human thought and behavior, focus-
ing on aspects such as perception, reasoning, learning,
and prediction. Xu [6] suggests that by understanding
these human concepts, society may progressively replace
certain forms of human labor and resources.

As AI continues to evolve, its applications expand
across diverse sectors including healthcare, finance,
transportation, and many others. These applications rely
heavily on AI’s ability to process large volumes of
data, adapt to new inputs, and generate predictions
through complex algorithms, which in turn leads to
highly resource-intensive workloads.

AI workloads refer to tasks performed by AI sys-
tems that often involve processing vast amounts of data
and executing complex computations [7]. These tasks
include predictive analysis forecasting, Natural Language
Processing (NLP), anomaly detection, image or video
recognition, and recommendation algorithms [8].

Such workloads are highly resource-intensive, requir-
ing substantial computational power, memory, and stor-
age to process complex computations and analyze ex-
tensive datasets [9]. As Sekar [10] explains, AI work-

loads are characterized by their significant computational
requirements during both the training and inference
phases of machine learning models. Training may involve
millions of iterations of algorithm optimization, while
inference requires rapid computations to deliver real-time
results.

Consequently, efficient handling of data movement,
computational resources, and algorithm optimization is
required to achieve effective outcomes [7]. Despite their
advantages, AI workloads present several challenges that
complicate their implementation. According to Vohra
[9], resource demand remains a primary concern, with
workloads requiring high-performance hardware such
as GPUs, TPUs, or ASICs to support computational
intensity.

Data movement also poses a significant challenge,
as AI tasks require efficient handling of large datasets
across distributed computing systems. Furthermore, the
complexity of deploying multiple interdependent compo-
nents—including data preprocessing, model training, and
monitoring—necessitates advanced management tech-
niques.

Scalability represents another major challenge. In-
creasing data volumes and algorithmic complexity de-
mand infrastructures that can scale seamlessly [7]. Tra-
ditional computing systems often struggle to meet these
requirements, leading to performance limitations.

Efficient management of AI workloads requires strate-
gies that optimize both resource utilization and opera-
tional efficiency. Pacheco [8] highlights the importance of
high computational power that enables parallel process-
ing and supports AI workloads effectively. Specialized
hardware configurations are essential for AI systems to
operate efficiently and achieve high performance.

Key hardware components include Central Processing
Units (CPUs), Graphics Processing Units (GPUs), Tensor
Processing Units (TPUs), Field-Programmable Gate Ar-
rays (FPGAs), and Application-Specific Integrated Cir-
cuits (ASICs), each serving distinct roles in optimizing
AI functionality.

CPUs provide essential processing power and system
control, managing complex AI tasks at a fundamen-
tal level. GPUs, with their strong parallel processing
capabilities, are particularly suitable for the intensive
computations associated with AI operations, especially
neural network training.

TPUs are specifically designed to accelerate AI com-
putations, significantly improving performance for deep
learning tasks. FPGAs offer a combination of perfor-
mance and flexibility through their reconfigurability,
enabling implementation of customized algorithms for
evolving AI applications.

IJOA ©2026
6



International Journal on Optimization and Applications
IJOA. Vol. 06, Issue No. 01, Year 2026, www.ijoa-journal.com
Copyright ©2026 by International Journal on Optimization and Applications

Finally, ASICs are custom-designed hardware solu-
tions optimized for specific tasks, maximizing efficiency
by tailoring hardware to dedicated AI functions and
achieving peak performance for specialized applications
[11]. Leveraging these hardware accelerators can signif-
icantly enhance the performance of AI workloads [8].
However, when such hardware resources are limited,
another key factor that can support the management of AI
workloads is parallelization and distributed computing.
Parallelization and distributed computing play a crucial
role in handling AI workloads by breaking tasks into
smaller and manageable units that can be processed
simultaneously across multiple systems [7]. Sekar [10]
further supports this by demonstrating that dynamic
resource allocation and containerization can improve
resource utilization by up to 85%. This approach not
only accelerates data processing and model training but
also ensures scalability, enabling AI applications to man-
age larger datasets and increasingly complex algorithms
without being constrained by hardware limitations.

Efficient AI workload management has become a crit-
ical component of modern computing, allowing organi-
zations to maximize the potential of artificial intelligence
while optimizing resource utilization and operational
costs. According to Vohra [9], efficient workload man-
agement reduces latency by ensuring that AI applications
receive the required resources at the appropriate time,
thereby preventing performance bottlenecks. Addition-
ally, scalability and flexibility are significant advantages,
as they allow systems to dynamically adapt to fluc-
tuations in workloads. This adaptability ensures con-
sistent performance even during varying computational
demands.

The growing complexity and diversity of computing
environments have emphasized the importance of ef-
ficient scheduling algorithms in AI and broader com-
puting systems. As explained by Mohammadjafari and
Khajouie [12], early computing systems relied on simple
batch processing techniques to execute tasks sequentially.
However, the evolution of computing environments now
requires more sophisticated scheduling approaches. Pro-
cess scheduling is fundamental to modern computing
systems, as it governs how CPU time is allocated among
multiple processes. Scheduling mechanisms ensure fair
resource distribution while minimizing idle time, thereby
improving system performance and maintaining opera-
tional stability.

Recent developments in computing architectures have
introduced heterogeneous processing units such as CPUs,
GPUs, and ASICs, which provide unprecedented com-
putational capabilities. Nevertheless, Mohammadjafari
and Khajouie highlight that effectively utilizing these

resources requires scheduling strategies specifically de-
signed for heterogeneous architectures. Effective sched-
ulers must consider the diverse computational resources
available within a system and analyze thread behavior
patterns to optimize their performance across different
cores, as emphasized by Nemirovsky and others [13].

Algorithms serve as the foundation of artificial intel-
ligence by enabling machines to mimic human intelli-
gence and execute complex computational tasks. These
algorithms process data to derive meaningful insights and
continuously adapt to new information. The effectiveness
of AI systems largely depends on the selection and
implementation of appropriate algorithms. A wide range
of algorithms contributes to enhancing AI capabilities
in data analysis, pattern recognition, search optimiza-
tion, and performance improvement [11]. Common AI
algorithms include search and optimization algorithms,
supervised and unsupervised learning algorithms, neural
networks, reinforcement learning algorithms, computer
vision algorithms, and natural language processing (NLP)
algorithms. Exploring diverse algorithmic strategies is
highly recommended for improving current and future
AI systems and expanding their functional capabilities
[14].

Among these computational approaches, scheduling
algorithms play a crucial role in determining the per-
formance of AI workloads, as they directly influence
resource allocation, system latency, and computational
throughput. The efficiency of AI systems strongly de-
pends on how computational resources are distributed
and how tasks are prioritized. However, a major chal-
lenge lies in adapting these algorithms to the specific
requirements of AI workloads.

This study investigates and compares five schedul-
ing algorithms in order to determine which algorithm
is the most efficient for managing AI workloads. The
algorithms examined in this study include: (a) First-
Come, First-Served (FCFS), (b) Shortest Job First (SJF),
(c) Shortest Remaining Time First (SRTF), (d) Priority
Scheduling, and (e) Round Robin.

The First-Come, First-Served (FCFS) algorithm is con-
sidered the simplest scheduling approach [15], [16], as it
processes tasks in the order in which they arrive without
preemption. In CPU scheduling, preemptive scheduling
occurs when the currently executing process is forced to
release the CPU because a higher-priority process arrives
in the queue, such as system interrupts or system calls
[17]. The simplicity of FCFS ensures fairness because
all processes are eventually executed, thereby eliminat-
ing starvation [18]. Starvation occurs when a process
is deprived of CPU resources because other processes
continuously utilize them.
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Despite its fairness, FCFS suffers from several per-
formance limitations. One major drawback is the convoy
effect, where processes with long CPU burst times signif-
icantly increase the waiting time and turnaround time for
other processes [19]. Waiting time refers to the total time
a process spends in the ready queue before execution,
while turnaround time represents the total time required
to complete a process from submission to completion
[15]. Goel and Garg [18] highlight that the absence
of prioritization in FCFS can lead to reduced system
throughput, as long processes may monopolize the CPU.
Consequently, although FCFS ensures simplicity and
fairness, it often leads to inefficient resource utilization
and poor response times in systems with diverse process
burst durations.

The Shortest Job First (SJF) algorithm improves upon
FCFS by addressing the convoy effect. SJF prioritizes
tasks with the shortest execution time, allowing smaller
tasks to complete earlier. Specifically, SJF selects the
process with the smallest burst time, which significantly
reduces average waiting time and turnaround time [15].
However, SJF also presents several practical challenges.
One major limitation is the difficulty of accurately esti-
mating the burst time of processes in advance [16], [18].
Furthermore, although SJF improves overall efficiency,
it introduces the possibility of starvation for processes
with longer burst times, particularly in heavily loaded
systems. This trade-off between efficiency and fairness
makes SJF suitable for optimizing throughput but less
appropriate for systems requiring equal attention to all
processes. Nevertheless, the SJF algorithm remains an
effective strategy for reducing queue waiting time and
improving overall The Shortest Remaining Time First
(SRTF) is a preemptive variant of SJF that processes
the task that is closest to the completion of its execu-
tion. This dynamically reallocates the CPU to processes
with shorter remaining burst times upon their arrival, as
described by Gonzalez-Rodriguez [16]. This approach
offers further improvements in turnaround and waiting
times over SJF but at the cost of increased context
switching [19]. Context switching refers to the process
of storing and restoring the state of a CPU so that it can
switch from executing one process to another. Whenever
a new process arrives with a shorter remaining time than
the currently running process, the algorithm preempts
the current process, leading to frequent switches. Each
context switch introduces overhead as the system must
save and restore the state of processes, consuming valu-
able CPU cycles. CPU overhead refers to the additional
time and resources consumed by the CPU that are not
directly related to executing the actual tasks or processes.
It is the extra “cost” brought by managing tasks rather

than performing them. In environments with numerous
processes arriving in quick succession, this overhead ac-
cumulates, which reduces overall efficiency and resource
utilization. While SRTF is more efficient for systems with
frequently varying process bursts, it suffers from similar
starvation issues as SJF, particularly for processes with
long burst times in environments with continuous short
processes [19]. This adaptability makes SRTF suitable for
systems prioritizing quick response but raises concerns
about fairness and overhead. In comparison with Shortest
Job First, SJF has a much slower execution than the
SRTF. This algorithm allows for easier management of
updates and replacements and enables efficient memory
usage.

Priority Scheduling is a method that assigns each task
a priority level, and tasks with higher priority values
are processed first. Shakor [15] and Goel and Garg [18]
emphasize that this method ensures responsiveness for
high-priority tasks, and meeting deadlines effectively.
However, the algorithm’s drawback lies in the potential
starvation of lower-priority processes, a recurring issue
that can be mitigated through the aging technique, where
the priority of a process increases as it waits in the
ready queue [19]. Additionally, equal-priority processes
may experience increasing waiting times due to sequen-
tial scheduling [18]. Priority scheduling’s emphasis on
responsiveness and deadline adherence makes it valu-
able for critical systems, though careful management is
required to prevent starvation and imbalance. Priority
Scheduling is often used in scenarios where certain
tasks are more critical than others, ensuring that high-
priority tasks receive the necessary resources before
lower-priority ones. Round Robin (RR) is a widely
implemented scheduling algorithm that aims to distribute
resources evenly among tasks by assigning a fixed time
quantum to each. This is the period of time a process
is permitted to run in a preemptive multitasking system.
Round Robin is designed for fairness and responsiveness,
utilizing time quantum to cyclically allocate CPU re-
sources to processes. It has the ability to mitigate FCFS’s
drawbacks by balancing process execution [15], [16].
However, Pemasinghe and Rajapaksha [19] caution that
the effectiveness of RR depends on the quantum size; too
small a quantum increases context switches, while a large
quantum becomes similar to FCFS. As discussed by Goel
and Garg [18], a shorter time quantum can cause many
context switches that lower the CPU efficiency while a
longer time quantum leads to poor response time. They
further note that due to high waiting times, deadlines
are rarely met in this method. Despite these challenges,
RR is well-suited for time-sharing systems requiring
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equitable CPU distribution. This approach ensures that
all tasks receive a fair share of processing time, making
it suitable for time-sharing systems where responsiveness
is essential.

3) Applications of CPU Scheduling Algorithms: CPU
scheduling is fundamental to AI for optimizing resource
use, improving system performance, and ensuring effi-
cient execution of computationally intensive tasks. Effec-
tive CPU scheduling enables maximum CPU utilization,
which is crucial for managing AI workloads that de-
mand heavy computations and translation processes. By
strategically allocating CPU time, scheduling maximizes
throughput, allowing AI systems to handle tasks with
high efficiency and avoid resource wastage. According
to Mehta and Mehta [4], throughput refers to the number
of processes that are successfully executed per time unit.

Given the variability and intensity of AI workloads,
which often require dynamic resource allocation, CPU
scheduling helps maintain efficiency under changing de-
mands. It optimizes task execution in order to reduce
latency, thus decreasing waiting and response times, the
key factors for real-time AI applications. Additionally, by
ensuring multiple tasks are processed smoothly, schedul-
ing enhances throughput, which facilitates the completion
of more tasks within a given period.

Priority management is another significant benefit
CPU scheduling brings to AI systems. It ensures eq-
uitable resource distribution among various users and
processes, preventing system overload and supporting
collaborative environments. Priority handling allows AI
tasks to be ranked based on urgency and importance,
enabling systems to handle high-priority tasks promptly
without disrupting others.

Lastly, CPU scheduling supports scalability, allowing
AI systems to process large datasets and manage com-
plex models without compromising performance. This
scalability is essential as AI applications continue to
grow in complexity and scale. Overall, CPU scheduling
in AI contributes to optimized resource utilization, im-
proved efficiency, and sustained performance, even with
demanding and variable workloads [20]. FCFS processes
tasks in the exact order they arrive. This is particularly
useful in AI task scheduling applications, as AI systems
often process numerous tasks or operations. By executing
tasks based on arrival order, FCFS facilitates efficient
resource allocation and shared resource access, which
is crucial for generating timely responses. FCFS also
offers a systematic method for data handling, where
data preprocessing tasks are queued to ensure sequential
processing. Furthermore, FCFS effectively models real-
world applications, aiding in the analysis and optimiza-
tion of service workflows. Its primary benefit lies in its

predictability, as the straightforward, sequential execu-
tion order makes it highly reliable [21].

Similar to FCFS, SJF is beneficial in AI for task schedul-
ing, as it optimizes execution order by prioritizing shorter
tasks, thereby enhancing overall efficiency. In batch
processing systems, SJF minimizes throughput time by
completing shorter tasks first, freeing up resources for
subsequent processes. Given AI’s demand for timely
task processing, SJF aids in improving task comple-
tion efficiency with reduced wait times. Additionally,
SJF models queuing behavior and resource allocation
effectively, providing performance enhancements across
varying workloads [22].

Meanwhile, SRTF selects the process with the least
remaining execution. This is often implemented on mod-
ern operating systems for managing CPU scheduling,
often in applications where quick responses are utilized.
Moreover, SRJF is often applied to real-time systems and
cloud computing systems, whereas this algorithm can be
used to ensure that critical tasks are prioritized effectively
and able to run multiple virtual applications concurrently.
It allows for better optimization of resource allocation
by ensuring that shorter tasks are completed quickly.
Overall, SRJF helps in managing workload effectively
and minimizes latency [23].

The Priority Scheduling algorithm assigns priority levels
to tasks, ensuring that higher-priority tasks are executed
before lower-priority ones. In AI, this algorithm is essen-
tial for real-time processing, as it allows urgent tasks to
be completed without delay, enhancing responsiveness.
It optimizes batch processing by prioritizing resource
allocation to higher-priority tasks, enabling the system to
handle processes effectively based on urgency and impor-
tance. This leads to improved efficiency and responsive-
ness, making Priority Scheduling theoretically beneficial
for AI applications requiring timely task execution [24].

The Round Robin algorithm allocates CPU time to each
process in a rotating, cyclic order, ensuring each process
receives an equal share of CPU resources. This approach
is advantageous in AI for managing CPU resources,
as it enables AI workflows to handle multiple tasks
concurrently. Round Robin supports real-time processing
in AI applications, allowing critical and complex tasks to
run without significant delays. Additionally, it provides
valuable insights into system performance under vary-
ing workloads and is often employed in simulations to
model effective task management and resource allocation
strategies [25].
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B. Objectives of the Study
From the outlined research gaps, the main objective of

this study is to perform a comparative analysis of the five
algorithms: First-Come, First-Served (FCFS), Shortest
Job First (SJF), Shortest Remaining Job First (SRJF),
Priority Scheduling, and Round Robin, and identify the
most suitable algorithm for managing AI workloads
within AI-based systems. The specific objectives and the
research questions that this study aims to address are as
follows:

• To determine the advantages and disadvantages of
the scheduling algorithms based on the performance
metrics.

• To examine and assess the capability of the schedul-
ing algorithms in managing AI workloads.

• To identify which scheduling algorithm is the most
optimal for use as a primary method in AI data
handling tasks.

C. Methodology
In order to evaluate and compare the five scheduling

algorithms, this study employed a quantitative compara-
tive research design. Quantitative research utilizes statis-
tical software, mathematical models, and computational
algorithms to analyze numerical data [26]. This method
significantly helped in evidence-based decision-making,
which aided in determining which scheduling algorithm
was the most efficient. On the other hand, a comparative
research design is used to compare the performance of
the scheduling algorithms across various performance
metrics. In the context of the quantitative approach, this
design involves comparing the values of two or more
cases based on relevant variables and assessing them
after [27].

D. Dataset
CPU scheduling has two key concepts that will be

utilized in this research study as part of the dataset:
arrival time and burst time. Arrival time indicates when
a process enters the ready queue and begins waiting for
execution, representing the moment a process is available
to start its assigned tasks [28]. It depicts the time frame
at which the process becomes available to complete the
assigned job. This concept is fundamental in scheduling
algorithms that prioritize processes based on their entry
order, as it dictates which process is selected next. For
instance, the First-Come, First-Serve (FCFS) algorithm
uses arrival time to allocate CPU resources to processes
in the order they arrive.

Arrival time can be determined by the formula:

Arrival T ime = Completion T ime−Turnaround T ime

Burst time, also known as execution time, represents
the total CPU time a process needs to complete its exe-
cution. Measured in milliseconds, burst time specifically
indicates the time required by the CPU to execute a given
task, excluding any I/O time. During this period, the
process transitions from a running state to a completion
state. Several factors influence burst time, including the
complexity of the task, code efficiency, and the system’s
available resources.

Burst time can be determined by the formula:

Burst T ime = Complete T ime−Waiting T ime

The key difference between arrival time and burst time
lies in their roles within the process lifecycle. Arrival
time marks the process’s entry point into the ready
queue, while burst time indicates the duration required
by the CPU to execute the process to completion. Arrival
time is determined before the process begins execution,
whereas burst time is known once the process has been
completed. Simply put, arrival time denotes when a
process enters the queue, while burst time defines how
long it will take for the process to execute [28], [29].
Incorporating both arrival time and burst time into CPU
scheduling strategies enables the development of efficient
algorithms that optimize overall system performance and
responsiveness.

By considering these key parameters, scheduling can
better manage processes within the operating system, en-
suring resources are allocated in a timely and organized
manner.

For this study, the data used to test the algorithms was
adapted from the randomly generated arrival times and
burst times simulated by Algabri et al. [30] who used a
Java-based simulation framework. The current research
study also used the five scenarios they detailed, which
already have the arrival times and burst times needed
for the study’s analysis. Making use of eight processes
similar to theirs, this approach allowed for a simulation
of a wide array of operational conditions that reflect
the dynamic and often complex nature of real-world
computing environments.
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TABLE I
DATASET ADAPTED FOR THE STUDY (TAKEN FROM ALGABRI ET AL. [30]).

Process Scenario 1 (AT, BT) Scenario 2 (AT, BT) Scenario 3 (AT, BT) Scenario 4 (AT, BT) Scenario 5 (AT, BT)
1 AT: 0, BT: 10 AT: 8, BT: 4 AT: 1, BT: 10 AT: 0, BT: 4 AT: 6, BT: 1
2 AT: 3, BT: 10 AT: 10, BT: 4 AT: 1, BT: 10 AT: 2, BT: 8 AT: 8, BT: 6
3 AT: 4, BT: 1 AT: 11, BT: 5 AT: 2, BT: 9 AT: 3, BT: 5 AT: 10, BT: 10
4 AT: 9, BT: 4 AT: 13, BT: 8 AT: 2, BT: 7 AT: 5, BT: 4 AT: 11, BT: 4
5 AT: 12, BT: 4 AT: 14, BT: 1 AT: 10, BT: 2 AT: 6, BT: 5 AT: 14, BT: 2
6 AT: 16, BT: 10 AT: 16, BT: 4 AT: 14, BT: 10 AT: 6, BT: 7 AT: 15, BT: 7
7 AT: 18, BT: 7 AT: 18, BT: 5 AT: 15, BT: 8 AT: 10, BT: 6 AT: 15, BT: 10
8 AT: 18, BT: 10 AT: 20, BT: 2 AT: 16, BT: 1 AT: 15, BT: 4 AT: 17, BT: 2

TABLE II
FIVE SCENARIOS ADAPTED FOR THE STUDY (TAKEN FROM ALGABRI ET AL. [30]).

Scenario Arrival time characteristics Burst time characteristics General observation
1 Steady, starting from time 0 with a

noticeable initial gap
Ranges from 1–10, with several
longer bursts

Potentially longer waits for processing

2 Later starts, spread out arrivals Shorter on average, mostly under 5
units

Quicker processing, less initial congestion

3 Early and congested, most arriving
within the first 2 units

Varied, from 1–10, unpredictable de-
lays

Early congestion, varied processing times

4 Early like scenario 1, more evenly
spread over time

Moderate, none exceeding 8 units Balanced processing load

5 Later starts like scenario 2, arrivals
spread out

Mostly short, between 2 and 7 units Quick processing, less congestion

The randomness of the data reflected various scenarios,
each representing varying levels of system load and oper-
ational demands. These are designed to capture different
levels of complexity and unpredictability, providing a
robust test environment for evaluating different schedul-
ing algorithms. This setup facilitated a comprehensive
understanding of a wide range of operational algorithms,
contributing to the development of more resilient and
flexible scheduling solutions capable of supporting a
dynamic and robust system [30]. 2.2 Data gathering
instruments The study employed simulation tools as
the main instrument to analyze the performance of the
five process scheduling algorithms. A simulation tool is
software or a program that imitates the dynamics of a
real-world process or system. The system’s predefined
history allows for gaining an insight into its characteris-
tics and workings under a real-world scenario [31]. With
a simulation model, the system’s behavior is studied. Yin
and McKay [33] defined the modeling and simulation do-
mains. Among the modeling and simulation techniques,
the current research study specifically requires a process
and system simulation, which relates to the simulation
of operational systems with the purpose of understanding
their processes. With this in mind, the researchers looked
for existing process scheduling simulation tools that are
utilized in the study and deemed Deepak Aggarwal’s
program to be the most appropriate. The chosen tool
allowed for the testing of algorithms using predefined

inputs for arrival time and burst time and provided the
key performance metrics needed in the study, which are
waiting time and turnaround time. The tool supports the
simulation of five process scheduling algorithms chosen
for the study, which are First-Come, First-Served, Short-
est Job First, Shortest Remaining Job First, Round Robin,
and Priority Scheduling. By employing this simulation
tool, the collected data on waiting time and turnaround
time are used to compare how each algorithm performs
across the eight distinct scenarios. This provided insights
into the efficiency of the five algorithms and helped in
determining the algorithms appropriate for managing AI
workloads.

E. Data Gathering Procedures

The data gathering procedure for this study involved
several key steps. First, the study adapted the research
method from Algabri et al. [30], which utilized a Java-
based simulation tool to generate random arrival times
and burst times across five distinct scenarios. To maintain
consistency, the arrival times and burst times from the
original study were used, as they already effectively cap-
ture the values appropriate for each scenario, simulating
eight processes that were also made use of in the current
study (see Tables I and II).

A simulation tool that supports the five chosen
scheduling algorithms was to be selected to assess their
performance under the varying scenarios. However, since
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the original simulation tool used in the original paper was
not publicly available, an alternative tool was selected
instead, which is Deepak Aggarwal’s program that sim-
ulates FCFS, SJF, SRTF, Priority Scheduling, and Round
Robin algorithms. The simulation tool is available in
GitHub, a platform that allows developers to share their
work and code within the field. It is also published as a
web application, which the researchers utilized due to its
user-friendly interface, simplifying the testing process.

The priority ranking used for the Priority Scheduling
for processes 1 to 8 is 4, 3, 5, 1, 6, 4, 1, and 2,
respectively. In real-world systems, priorities are usually
based on criteria such as urgency, importance, deadlines,
or resource requirements. However, for theoretical or
academic purposes, randomly assigned priorities can help
test a scheduling algorithm, particularly across diverse
and unstructured scenarios.

In evaluating the Round Robin algorithm, varying sizes
of time quantum were employed. This included a time
quantum of 1, a time quantum of 5, and a time quantum
of 10. This ensured that the choice of time quantum,
which is a key concept of Round Robin, is considered
as a factor that can influence its results.

Next, the input data consisting of the arrival times
and burst times was fed into the simulation tool. Each
simulation was run multiple times to ensure accuracy and
to minimize variability in the results. The simulation tool
output the two metrics needed in the study, waiting time
and turnaround time, which helped to assess the effec-
tiveness and performance of each scheduling algorithm
in the context of managing AI workloads.

The output generated by each simulation was metic-
ulously logged in a structured format, capturing all
relevant timing data for each process, including the afore-
mentioned two metrics for every scheduling algorithm.
Each scenario was then analyzed using descriptive statis-
tical methods, focusing on calculating averages for these
key performance metrics. This approach allowed for a
thorough assessment of the differences in performance,
showing how each algorithm handles varying loads and
process characteristics.

For instance, averages for waiting time and turnaround
time provided insights into how promptly and efficiently
each algorithm processes tasks in each scenario. The
results were then represented visually through bar charts
to illustrate and compare each algorithm’s performance
across different scenarios. Special emphasis was placed
on arrival and burst times to observe how fluctuations in
these variables impact the overall efficacy of the schedul-
ing algorithms. This graphical representation enabled
clear comparisons, revealing strengths, weaknesses, and
patterns in each algorithm’s performance.

Finally, the study contextualized these findings by ex-
amining their relevance to AI systems and assessing the
capability of each algorithm in managing AI workloads.

F. Data Analysis Metrics

The selection of the appropriate scheduler for systems
is an important task as it needs to ensure an efficient
utilization of resources [33]. There are several CPU
scheduling criteria that must be taken into consideration
when designing a scheduler. Some criteria that are com-
monly used are turnaround time, waiting time, through-
put, response time, and CPU utilization [4], [30], [33].
These metrics help to evaluate how well an algorithm
manages system resources while maximizing system
performance and minimizing delays. Each algorithm has
its own characteristics and preferences. For this particular
reason, which parameters to be used for the analysis has
a huge influence on what algorithm is considered to be
the best [4].

For this research, the focus was specifically on waiting
time and turnaround time. The reason why these two
metrics were chosen is driven by their relevance to the
nature of the phenomena being studied—workloads of
AI-based systems. Both waiting time and turnaround
time are key metrics that directly influence how quickly
tasks are completed and how responsive the system is in
processing tasks. Therefore, these two measures should
be well considered when analyzing CPU scheduling
algorithms in relation to system performance [34].

For Round Robin, however, since it is directly affected
by the time quantum, it was evaluated with varying quan-
tum values (1, 5, and 10). This variation allows for an
assessment of how different time slice lengths impact the
overall performance of the algorithm in terms of the two
key metrics mentioned. With all these considerations, the
capabilities of the algorithms in managing AI workloads
are established. The two metrics mentioned are further
discussed in the sections below.

1) Turnaround Time: The turnaround time is the total
amount of time taken from when a process arrives in the
systems to when it is terminated [16]. This is the duration
that is required for a process to complete its procedure,
which is important for evaluating a system’s performance
and responsiveness [30]. The turnaround time should be
lower to achieve an efficient scheduling algorithm [4]. A
short turnaround time would mean that processes finish
faster, which is particularly essential in computational
tasks implemented in AI for faster system performance.
The formula for determining the turnaround time is as
follows:
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Turnaround T ime = Completion T ime−Arrival T ime
(I.1)

The completion time refers to the time the process
completes its execution while the arrival time is the time
when the process is now in the ready state. Alternatively,
if the inputs for the waiting time and burst time are
available, the turnaround time can also be calculated
using the formula:

Turnaround T ime = Burst T ime+Waiting T ime
(I.2)

While this provides the total execution time,
turnaround time alone does not output any details of
delays that occur during the waiting period. This is why
waiting time is an important additional metric to consider
for a more comprehensive analysis.

2) Waiting Time: According to Gonzalez-Rodriguez
et al. [16], waiting time is the total amount of time the
processes spend in the ready queue before their execu-
tion. This significantly helps in assessing how efficient a
scheduling algorithm is. A low waiting time is preferred
for a good scheduling algorithm [4]. Evaluating the
waiting time is vital for system performance because this
determines how long processes are delayed before they
can actually start running. For systems that need high
hardware requirements such as AI software or gaming
applications, longer waiting times can cause noticeable
delays, which will negatively affect user experiences. The
formula for determining the waiting time is as follows:

Waiting T ime = Turnaround T ime−Burst T ime
(I.3)

II. FINDINGS

A. Simulation Results for the Average Waiting Time

The bar chart (Fig.1) showcases the comparison of
the average waiting time for CPU scheduling algorithms:
First-Come, First-Serve (FCFS), Shortest Job First (SJF),
Shortest Remaining Time First (SRTF), Priority Schedul-
ing, Round Robin with quantum 1 (RR1), Round Robin
with quantum 5 (RR5), and Round Robin with quantum
10 (RR10) across five distinct scenarios. The analysis
of average waiting times, where lower values indicate
better performance, revealed clear differences among the
scheduling algorithms across the five scenarios.

In Scenario 1, SRTF achieved the lowest waiting time
with 10.375ms, followed by SJF with 10.375ms. Mean-
while, RR1 had the longest delay at 20.375ms, followed
closely by RR5. In Scenario 2, SRTF once again led

with a better performance of 5.875ms of waiting time,
followed by SJF at exactly 6ms. RR1 further obtained
the highest waiting time, performing at 14.75ms.

Scenario 3 shows SRTF and Priority Scheduling out-
performing the others with the lowest waiting time within
the range of 14ms. Meanwhile, FCFS, SJF, and RR10 all
tied at 23ms. Similar to some of the previous scenarios,
RR1 (29ms) and RR5 (29.125ms) obtained the highest
waiting times compared to other algorithms.

In Scenario 4, SRTF had the lowest waiting time at
10.25ms, followed by FCFS, SJF, and RR10, which all
recorded waiting times of 13.125ms. For this scenario,
the Round Robin algorithms RR1 and RR5 had the
highest waiting times.

Finally, in Scenario 5, SRTF and SJF achieved the low-
est waiting times, performing at 7.125ms and 7.25ms,
respectively. Priority scheduling recorded a waiting time
of 10.125ms, while FCFS and RR10 both had slightly
higher times at 12.25ms. RR1 and RR5 had the highest
waiting times at 14.75ms and 15.375ms, respectively.

These results highlight the differences in performance
among the scheduling algorithms across various scenar-
ios, with SJF and SRTF generally delivering the lowest
average waiting times.

In the analysis of the average turnaround time (Fig.2),
where a lower turnaround time indicates better perfor-
mance, distinct patterns emerged across the five scenarios
for the various scheduling algorithms.

In Scenario 1, RR1 achieved the lowest turnaround
time at 14.75ms, followed closely by SJF and SRTF,
both at 16.75ms. The highest turnaround time in this
scenario was recorded by Round Robin with a quantum
of 5 (RR5), reaching 25.5ms.

For Scenario 2, SRTF performed the best with the
lowest turnaround time of 8ms, followed by SJF at
10.125ms. FCFS, RR5, and RR10 obtained similar
turnaround times of approximately 14ms, while RR1
reached a higher value of 18.75ms.

In Scenario 3, SJF and Priority Scheduling per-
formed equally well with turnaround times of 21.375ms
and 21.15ms, respectively. In contrast, RR1 and RR5
recorded the highest turnaround times of 36.125ms and
36.25ms.

For Scenario 4, SRTF again demonstrated strong per-
formance with a low turnaround time of 15.625ms,
followed by SJF at 18.5ms and Priority Scheduling at
18.75ms. Meanwhile, RR1 recorded a higher value of
27.625ms.

Finally, in Scenario 5, SJF and SRTF delivered the best
results with turnaround times of 12.375ms and 12.5ms,
respectively. In contrast, RR1 and RR5 exhibited signif-
icantly higher values within the range of 20ms.

IJOA ©2026
13



International Journal on Optimization and Applications
IJOA. Vol. 06, Issue No. 01, Year 2026, www.ijoa-journal.com
Copyright ©2026 by International Journal on Optimization and Applications

Fig. 1. Simulation results for the average waiting time.

Fig. 2. Simulation results for the average turnaround time.

Overall, these results highlight that SJF and SRTF
consistently provide lower turnaround times across most
scenarios, indicating their efficiency in handling work-
loads that require faster task completion.

III. DISCUSSION

A. Strengths and Limitations
1) First-Come, First-Served: The FCFS algorithm

demonstrated simplicity in processing tasks in the order
of their arrival without preemption, as highlighted by
Shakor [15]. However, the results revealed that FCFS
suffered from high waiting and turnaround times, partic-
ularly in scenarios involving processes with diverse burst
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times. For instance, in Scenario 3, where the arrival times
are early and congested while the burst times are high
with unpredictable delays, FCFS recorded its highest
average waiting time of 23ms and its highest turnaround
time of 30.125ms.

This reflects the “convoy effect” described by Goel
and Garg [18]. This phenomenon, where long burst-
time processes delay shorter tasks, leads to increased
inefficiencies and poor throughput, as the algorithm
lacks prioritization mechanisms. In contrast, Scenario 2
showed the opposite results since the burst times are
shorter on average (mostly under 5 units), allowing FCFS
to attain its lowest waiting time of 9.875ms and lowest
turnaround time of 14ms.

While FCFS eliminates starvation due to its fairness
in eventually processing all tasks [18], the lack of
optimization in waiting and turnaround times makes it
less suitable for dynamic and resource-intensive environ-
ments. These results reaffirm the theoretical limitation of
FCFS: its inability to prioritize or adapt, resulting in poor
responsiveness in workloads with diverse burst times.

2) Shortest Job First: The SJF algorithm took advan-
tage of its ability to prioritize shorter tasks, consistently
achieving low waiting and turnaround times across most
scenarios. In Scenario 2, characterized by short burst
times mostly under 5 units, SJF delivered its lowest
waiting time of 6ms and its lowest turnaround time of
10.125ms, reflecting its ability to address the convoy
effect by prioritizing tasks with the shortest burst times.

This finding is consistent with Shakor [15], who stated
that SJF prioritizes processes with the least burst times,
significantly improving the average waiting time and
average turnaround time. However, in Scenario 3, where
burst times are high, SJF recorded its highest waiting
time and highest turnaround time, tied with FCFS in both
metrics. As noted by Goel and Garg [18], SJF can cause
starvation for longer processes in saturated systems with
frequent short tasks.

In addition, the practical implementation of SJF
is hindered by the difficulty of accurately estimating
process burst times, a limitation noted by Gonzalez-
Rodriguez [16] and Goel and Garg [18]. This implies
that while SJF is effective in reducing waiting times
and turnaround times, its real-world application may re-
quire enhancements, such as burst-time prediction mech-
anisms, to mitigate its fairness issues.

3) Shortest Remaining Time First: The SRTF algo-
rithm, being a preemptive variant of SJF, consistently
delivered the lowest waiting and turnaround times across
most scenarios. In Scenario 5, where processes had
highly varied arrival times, SRTF outperformed every
other algorithm, showcasing its adaptability in dynamic

environments. This performance underscores its capabil-
ity to dynamically reallocate CPU resources, as high-
lighted by Gonzalez-Rodriguez [16].

However, like SJF, it suffers from starvation is-
sues [19]. This is reflected in Scenario 3, where SRTF
recorded its highest waiting time and turnaround time.
In this scenario, arrival times are early and congested,
mostly starting within the first two time units. When
processes arrive in quick succession, the scheduler fre-
quently checks for the shortest or highest-priority task.
In algorithms such as SRTF, this behavior leads to rapid
preemptions and frequent context switching, which likely
contributed to its relatively higher turnaround and waiting
times compared to other scenarios.

In Scenario 2, however, SRTF achieved the lowest
waiting time and turnaround time because the arrival
times were more spread out and began later. When
processes arrive with larger intervals, the scheduler has
sufficient time to complete tasks before new ones enter
the queue, thereby reducing context switching. This
observation supports the findings in the literature [19],
which indicate that although SRTF is highly efficient, it
introduces overhead due to frequent process preemptions.

These results imply that SRTF is particularly suitable
for environments requiring quick responses but may
encounter efficiency challenges in systems with excessive
context-switching occurrences. Despite these challenges,
SRTF remains an effective choice for systems prioritizing
quick response and low latency, as it outperformed most
algorithms in scenarios characterized by rapidly changing
workloads.

4) Priority Scheduling: The performance of Priority
Scheduling in the study highlights its distinct advantages
and limitations. Priority Scheduling assigns processes a
priority value and schedules them based on these rank-
ings, with lower numerical values representing higher
priority. In the context of the given priority rankings
for processes 1 to 8—4, 3, 5, 1, 6, 4, 1, and 2,
respectively—the algorithm prioritized processes with
higher ranks (lower numbers) over those with lower ranks
(higher numbers).

In Scenario 3, where arrival times are congested with
most processes arriving within the first two units, the
algorithm struggled, resulting in high waiting times and
high turnaround times. This poor performance stems
from the simultaneous arrival of multiple processes,
coupled with their assigned priority rankings. In this case,
higher-priority processes, such as those with priorities 1,
2, and 3, monopolized the CPU, which forced lower-
priority processes (e.g., with priorities 5 and 6) to wait
for extended periods.

Shakor [15] and Goel and Garg [18] highlight that
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Priority Scheduling heavily depends on the priority val-
ues, meaning that processes with lower rankings are
deprioritized, leading to starvation or excessive waiting
times [18], especially in congested scenarios like Sce-
nario 3. The diversity in burst times corresponding to the
priority rankings also added to the delay, as some higher-
priority processes required longer CPU bursts, further
increasing the waiting times for lower-priority tasks.

In contrast, Scenario 5 provided a more favorable
environment for Priority Scheduling, with later and more
spread-out arrivals as well as shorter and evenly dis-
tributed burst times. The algorithm achieved its lowest
waiting time and lowest turnaround time in this sce-
nario, demonstrating its efficiency when handling bal-
anced workloads. Additionally, the shorter burst times
reduced the likelihood of monopolization by any single
process, enabling smoother transitions between tasks.
Priority Scheduling’s emphasis on responsiveness makes
it suitable for systems with critical deadlines but still
necessitates careful management to avoid starvation and
imbalance.

5) Round Robin: The performance of Round Robin
scheduling across scenarios reflects the direct influence
of the quantum size and the characteristics of the work-
load. The findings reveal that RR with a quantum of
1 (RR1) consistently performed poorly, with the highest
waiting times across scenarios, particularly in Scenario 3
(29ms) and Scenario 4 (22.25ms).

Similarly, RR with a quantum of 5 (RR5) exhibited
high waiting times, suggesting inefficiencies when pro-
cesses require significant CPU bursts. Pemasinghe and
Rajapaksha [19] explained that shorter quantum sizes,
such as 1 or 5, may lead to incomplete processing of
tasks before another context switch occurs, adding delays
in the waiting queue.

RR5 performed slightly better than RR1 but still
lagged behind other algorithms due to similar ineffi-
ciencies in handling diverse workloads. In contrast, the
larger quantum size of Round Robin with a quantum
of 10 (RR10) provided a balance between minimizing
context switches and ensuring fairness in CPU allocation,
resulting in moderate performance across scenarios.

While RR10 did not achieve the best results with re-
gard to the evaluated metrics, its performance was closer
to FCFS, avoiding the drawbacks of excessive context
switching associated with smaller quantum sizes. This
aligns with Pemasinghe and Rajapaksha’s [19] assertion
that larger quantum sizes approximate FCFS behavior.
Despite its fairness in distributing CPU time, the findings
reveal that careful selection of the quantum size is crucial
to optimize performance.

B. Process Scheduling on AI Workloads

The findings from the literature and the comparisons of
various scheduling algorithms provide a comprehensive
understanding of how they can manage AI workloads.
FCFS is the simplest scheduling algorithm, where pro-
cesses are executed in the order they arrive. While
this algorithm is straightforward, its simplicity does not
necessarily translate into efficiency when managing AI
workloads.

Its vulnerability to the convoy effect can lead to in-
efficiencies in waiting and turnaround times, particularly
when dealing with tasks of varying burst lengths [18].
The findings highlight that long tasks that arrive first
block shorter tasks, leading to excessive waiting and poor
system performance. This is particularly problematic in
AI workloads that involve mixed tasks, such as training
machine learning models while simultaneously perform-
ing real-time inference [8]. Moreover, as highlighted
by Mohammadjafari and Khajouie [12], these delays
in process execution can lead to poor performance and
reduced user satisfaction.

FCFS is also unable to dynamically prioritize tasks
based on urgency or computational requirements, which
further limits its usefulness in AI systems that demand
rapid processing and responsiveness.

In contrast, SJF addresses these inefficiencies by pri-
oritizing tasks with the shortest burst times, thereby
improving average waiting and turnaround times. In envi-
ronments where AI workloads are predictable or involve
computationally lighter tasks, such as natural language
processing (NLP) or simpler predictive analytics, SJF can
be an effective algorithm.

However, SJF faces challenges when tasks vary sig-
nificantly in burst times, as it can lead to starvation of
longer tasks (as observed in the findings), especially in
AI systems that involve mixed workloads. Furthermore,
it relies on accurate estimation of burst times, which is
often difficult to obtain in real-world environments. Its
tendency to cause starvation in heavily loaded systems
limits its applicability in dynamic AI environments [15].

SRTF, as the findings suggest, adapts dynamically
across different scenarios, which is critical in AI systems
where computational loads are dynamic and change
rapidly. This dynamic adjustment to task arrival and
execution times makes SRTF highly effective for AI
workloads with unpredictable or fluctuating resource
demands.

As discussed by Vohra [9], AI workload management
often involves unpredictable task patterns, which SRTF
can handle effectively, as demonstrated in the results.
SRTF also minimizes waiting time by processing shorter
tasks as soon as they arrive, which is crucial for AI
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systems relying on real-time data processing and im-
mediate decision-making, such as anomaly detection or
recommendation systems.

However, the downside of SRTF lies in the potential
overhead caused by frequent context switching, espe-
cially when tasks have similar execution lengths. In such
cases, the overhead can reduce the overall performance
gains obtained through reduced waiting times.

Priority Scheduling provides an effective mechanism
for managing tasks with varying levels of importance,
which is common in AI applications involving critical
and time-sensitive tasks, such as autonomous driving or
healthcare diagnostics. However, its strict prioritization
can lead to starvation of lower-priority tasks, particularly
in environments where high-priority tasks continuously
arrive.

This aligns with observations by Vohra [9], who
notes that AI systems often require balancing multiple
processes with different priorities and computational
requirements. Consequently, the inflexibility of Priority
Scheduling may reduce its effectiveness compared to
adaptive algorithms such as SRTF.

Round Robin is particularly suitable for AI workloads
operating in multi-user or multitasking environments,
such as cloud-based AI platforms or shared comput-
ing infrastructures. Its time-sharing mechanism ensures
fairness by allocating equal CPU time to all processes,
preventing resource monopolization.

This property supports parallel task management [35],
which is beneficial for scalable AI systems [10]. How-
ever, Round Robin can introduce high overhead due to
frequent context switching. The results show that this
leads to increased waiting times, which may negatively
affect AI workloads requiring low latency and rapid
response times.

C. Optimal Scheduling for AI Systems

Each of the algorithms analyzed presents unique
strengths and limitations, but not all are equally suited to
the demands of modern AI systems. Algorithms such as
FCFS and Round Robin excel in simplicity and fairness,
with FCFS ensuring tasks are processed in the order
they arrive and RR providing equal CPU time allocation.
However, these benefits are overshadowed by significant
inefficiencies.

FCFS suffers from the “convoy effect,” leading to
high waiting times and poor responsiveness. In contrast,
Round Robin’s frequent context switching, especially
with smaller quantum sizes, introduces a high overhead
that hampers performance when implemented in inten-
sive AI workloads.

SJF and Priority Scheduling perform relatively better
in terms of minimizing waiting and turnaround times,
particularly in scenarios with predictable or hierarchical
workloads. SJF excels when tasks are short and burst
times are predictable, while Priority Scheduling offers
flexibility in prioritizing critical tasks. However, both
algorithms face challenges in dynamic settings, with SJF
prone to starving longer tasks and Priority Scheduling
struggling with shifting task priorities, which may lead
to delays for lower-priority tasks.

Among the five algorithms, SRTF consistently outper-
formed the others in most scenarios, making it stand
out as the most effective algorithm for AI workloads
due to its efficiency. SRTF demonstrated low waiting
and turnaround times, which are critical metrics for AI
applications such as real-time data processing, anomaly
detection, and recommendation systems.

A key strength of SRTF lies in its responsiveness.
Unlike non-preemptive algorithms such as SJF, SRTF
dynamically preempts ongoing tasks when a shorter
task arrives, reallocating CPU resources in real time.
This adaptability allows it to outperform other algo-
rithms in scenarios with rapidly changing workloads,
ensuring optimal resource utilization and minimizing
delays. For example, in scenarios with highly varied
arrival times, SRTF demonstrated the best performance
by efficiently handling all processes without being overly
constrained by the arrival sequence. However, SRTF
also has its drawbacks. The frequent context switch-
ing innate in its preemptive design can result in CPU
overhead. This drawback can reduce overall system
efficiency, making SRTF less ideal for workloads that
involve sustained, long-running computations, such as
training large machine learning models or processing
massive datasets in parallel. Additionally, the potential
for starvation of longer tasks—while mitigated compared
to SJF—remains a concern in busy systems. These lim-
itations indicate that while SRTF showed low average
waiting times and low average turnaround times, it is
only best suited to specific AI use cases that prioritize
low latency and rapid response times. Nonetheless, SRTF
consistently demonstrated superior performance across
all of the scenarios, gaining its position as the most
efficient scheduling algorithm among the five. Its dy-
namic nature aligns well with the demands of managing
AI workloads requiring high adaptability and responsive-
ness, making it an indispensable choice for many modern
applications.

IV. CONCLUSION

With the rise of artificial intelligence (AI), there is
an increasing demand for complex applications across
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various fields. To ensure that this technology delivers
high performance while providing users with efficient
applications, different computational approaches must
be explored. This research focused on analyzing five
CPU scheduling algorithms—First-Come, First-Served
(FCFS), Shortest Job First (SJF), Shortest Remaining
Time First (SRTF), Priority Scheduling, and Round
Robin—in the context of AI workload management.

By examining the advantages and disadvantages of
these algorithms and evaluating their performance met-
rics, particularly turnaround time and waiting time, the
study highlighted their suitability for varying workloads.
Using randomly generated arrival time and burst time
data, the algorithms were tested across five distinct
scenarios. The simulation results illustrated differences
in turnaround times and waiting times, providing insights
into how each scheduling algorithm manages varying
computational loads. The results revealed the strengths
and limitations inherent in each scheduling method.

FCFS, while simple and fair in processing tasks
sequentially, is hindered by inefficiencies such as the
“convoy effect,” particularly in environments with diverse
task burst times. This limitation reduces its effectiveness
for AI systems requiring high responsiveness and effi-
ciency. In contrast, SJF excels in minimizing waiting and
turnaround times by prioritizing shorter tasks. However,
its effectiveness depends on accurate burst-time predic-
tions, and its tendency to starve longer tasks makes it
less suitable for heterogeneous workloads.

SRTF, a dynamic and preemptive alternative, demon-
strated superior adaptability across the tested scenarios,
making it particularly effective for real-time and latency-
sensitive AI applications. Nevertheless, frequent context
switching may introduce overhead, which can reduce ef-
ficiency in workloads involving prolonged computations.
Priority Scheduling provides flexibility in prioritizing
critical tasks, making it suitable for time-sensitive AI
applications. However, it may lead to starvation of lower-
priority processes, especially in heavily loaded systems.

Round Robin, designed to ensure fairness in multi-
user environments, distributes CPU time evenly among
tasks. However, its performance is strongly influenced
by the size of the time quantum. Smaller quantum sizes
may result in excessive context switching, increasing
waiting times and reducing overall efficiency in resource-
intensive AI workloads.

Overall, the analysis indicates that no single schedul-
ing algorithm universally outperforms the others, as each
possesses specific strengths and limitations depending on
the nature of the workload. However, among the five
algorithms analyzed, SRTF consistently demonstrated su-
perior performance in dynamic environments that require

adaptability and low latency. In contrast, algorithms such
as SJF or Priority Scheduling may be more appropriate
for predictable or structured AI tasks.

These findings highlight the importance of selecting
scheduling algorithms according to the specific require-
ments of AI workloads. Future work may explore hybrid
scheduling strategies or adaptive scheduling mechanisms
capable of dynamically balancing overhead, fairness, and
responsiveness to further optimize AI system perfor-
mance.
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