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Abstract: Real-time systems demand stringent adherence to timing constraints, making CPU scheduling a
critical factor for ensuring timely and reliable task execution. Traditional CPU scheduling algorithms,
while effective in many scenarios, often fall short in handling the dynamic and complex nature of modern
real-time applications. This paper provides a comprehensive review and analysis of machine learning (ML)
techniques employed to optimize CPU scheduling in real-time systems. We explore various ML
methodologies including supervised learning, reinforcement learning, and deep learning, examining their
applications, advantages, and limitations in the context of real-time CPU scheduling. By leveraging ML,
these systems can dynamically adapt to changing workloads, predict task execution times, and optimize
scheduling policies, thereby improving overall system performance and predictability. Key contributions of
this review include a detailed comparison of ML-based approaches against traditional scheduling
techniques, insights into their real-time applicability, and identification of future research directions. The
analysis underscores the potential of ML to transform CPU scheduling by providing adaptive, intelligent
solutions that cater to the evolving demands of real-time systems.
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I. INTRODUCTION

CPU scheduling is a fundamental component of real-time systems, directly influencing their ability to meet critical
timing constraints. These systems, essential in domains such as automotive electronics, aerospace, industrial
automation, and telecommunications, require precise control over task execution to ensure functional correctness and
optimal performance. Traditional scheduling algorithms, including Rate Monotonic Scheduling (RMS) and Earliest
Deadline First (EDF), have been the cornerstone of real-time system design due to their deterministic nature and well-
established theoretical foundations (Liu & Layland, 1973; Buttazzo, 2011). However, the increasing complexity and
variability of modern applications pose significant challenges to these conventional approaches, often rendering them
suboptimal in dynamic environments where task characteristics and system conditions can change unpredictably.

The advent of machine learning (ML) offers promising avenues to address these challenges by enhancing the
adaptability and efficiency of CPU scheduling. ML techniques, with their ability to learn from data and improve
decision-making processes, can be leveraged to create more intelligent and responsive scheduling mechanisms. This
paper explores the integration of ML into CPU scheduling for real-time systems, providing a comprehensive review of
various ML methodologies, including supervised learning, reinforcement learning, and deep learning, and their
applications to real-time scheduling problems.

Background and Motivation

In traditional real-time systems, CPU scheduling algorithms are typically designed to operate under static assumptions

about task parameters and system conditions. Such assumptions include fixed task execution times, predefined priority

levels, and predictable workload patterns (Liu et al., 2000). These static assumptions lead to-hmitations when dealing
gd on system state
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or external inputs, and workloads can fluctuate. As real-time systems evolve to handle more diverse and dynamic
applications, the need for more flexible and adaptive scheduling solutions becomes evident.
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Fig 1: Types of CPU Scheduling

Advantages of ML-Based Approaches:

Data-Driven Decisions: ML techniques can learn from historical data to predict task execution times,
workload patterns, and optimal scheduling decisions. This capability allows the scheduling system to adapt
based on observed behaviors rather than relying solely on static rules.

Real-Time Adaptability: Reinforcement learning and other adaptive ML methods can dynamically adjust
scheduling policies in response to real-time changes in system state, providing more robust performance in
fluctuating environments.

Optimization and Scalability: ML algorithms can optimize scheduling strategies for complex and large-scale
real-time systems, improving both efficiency and scalability.

This paper provides an in-depth review of machine learning techniques applied to CPU scheduling in real-time systems,
categorized as follows:
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Supervised Learning: Examines the use of regression, classification, and prediction models to estimate task
execution times and optimize scheduling policies based on historical data (Sutton & Barto, 2018; Zhao & Lu,
2019).

Reinforcement Learning: Discusses how RL algorithms can learn optimal scheduling strategies through
interaction with the system, adjusting decisions based on feedback from system performance (Castro et al.,
2017; Bhuiyan et al., 2021).

Deep Learning: Explores the application of deep neural networks to recognize complex patterns in scheduling
scenarios, enabling more sophisticated and adaptive decision-making (Saleh & Kundu, 2019).

Real-Time Systems: Real-time systems are characterized by their requirement to perform computations and
respond to events within strict timing constraints. These systems are ubiquitous in mission-critical applications
such as automotive control systems, avionics, telecommunications, and industrial automation, where failure to
meet timing requirements can result in catastrophic outcomes (Buttazzo, 2011; Sha et al., 2004). The primary
goal of CPU scheduling in such systems is to ensure that tasks meet their deadlines while maximizing resource
utilization and system throughput.

Traditional CPU Scheduling: Traditional CPU scheduling algorithms for real-time systems, such as Rate
Monotonic Scheduling (RMS) and Earliest Deadline First (EDF), provide found oaches to manage
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the execution of tasks based on their timing requirements (Liu & Layland, 1973; Buttazzo, 2011). RMS
assigns static priorities to tasks based on their periods, while EDF dynamically schedules tasks according to
their deadlines. Although these methods are well-understood and widely used, they operate under several
assumptions: task execution times are known and constant, task arrivals are periodic, and task sets are
independent (Liu et al., 2000). These assumptions often do not hold in modern real-time systems, where
variability and complexity are inherent.

Challenges with Traditional Scheduling:

e Predictability versus Flexibility: Traditional algorithms focus on predictability through deterministic rules,
which limits their flexibility in handling dynamic and unpredictable task sets. This trade-off often leads to
inefficiencies or missed deadlines in systems with fluctuating workloads or varying task execution times
(Hossain & Hasan, 2015).

e Handling Variability: Real-time applications often exhibit significant variability in task characteristics,
making static scheduling policies inadequate. Variability can arise from changes in execution times, varying
priority levels based on system state, and unpredictable workload patterns (Gagliardi et al., 2008).

e Resource Constraints and Multiprocessor Systems: As systems evolve to include multiple processing cores,
traditional single-processor scheduling approaches become insufficient. Efficiently managing multiprocessor
environments necessitates dynamic and intelligent scheduling solutions that can adapt to real-time changes and
balance workloads across processors (Kim et al., 2020).

Advantages of Machine Learning-Based Approaches

Machine Learning (ML): Machine learning, a subset of artificial intelligence, offers capabilities to learn from data and
make decisions based on patterns and historical information. ML can be categorized into supervised learning,
unsupervised learning, and reinforcement learning, each providing unique benefits for optimizing CPU scheduling in
real-time systems (Sun et al., 2021).

Key Advantages:

e Data-Driven Decision Making: ML techniques enable the development of data-driven scheduling policies
that adapt based on observed system behavior. This approach allows the prediction of task execution times,
identification of workload patterns, and optimization of scheduling decisions beyond the capabilities of static
algorithms (Wang et al., 2019).

e Real-Time Adaptability: Reinforcement learning (RL) and other adaptive ML methods can dynamically
adjust scheduling policies in response to real-time feedback from the system. RL, for instance, learns optimal
policies by interacting with the environment, making it suitable for systems with changing workloads and task
characteristics (Sutton & Barto, 2018; Castro et al., 2017).

e Pattern Recognition and Predictive Modeling: Deep learning models, such as Convolutional Neural
Networks (CNNs) and Long Short-Term Memory (LSTM) networks, excel at recognizing complex patterns in
data. These models can predict traffic trends, detect congestion, and optimize scheduling in dynamic
environments (Tang et al., 2021; Xu et al., 2022).

II. LITERATURE SURVEY
2.1 Scope and Objectives of the Review
Review Scope: This paper presents a comprehensive review of machine learning techniques applied to CPU scheduling
in real-time systems. It examines various ML methodologies, including supervised learning, reinforcement learning,
and deep learning, and evaluates their applications to different scheduling challenges.
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2.2 Objectives:

e Comparison with Traditional Approaches: The review provides a detailed comparison of ML-based
scheduling approaches against traditional algorithms, highlighting their respective strengths and limitations. It
aims to demonstrate how ML can overcome the challenges faced by conventional methods, particularly in
handling dynamic and complex scheduling scenarios (Liu et al., 2021).

e Implementation Insights: The paper offers practical insights into the implementation of ML techniques for
real-time scheduling, discussing challenges, best practices, and considerations for integrating ML into existing
systems (Bhuiyan et al., 2021).

e Future Directions: The review identifies key research gaps and potential directions for future work in
integrating ML into CPU scheduling for real-time systems. It emphasizes the need for continued exploration of
adaptive and intelligent scheduling solutions to meet the evolving demands of modern applications (Saleh &
Kundu, 2019).

Supervised Learning for CPU Scheduling: This section explores the use of regression and classification models to
estimate task execution times and optimize scheduling policies based on historical data (Zhao & Lu, 2019; Sun et al.,
2021).

Reinforcement Learning Approaches: It discusses how RL algorithms can dynamically learn optimal scheduling
strategies through interaction with the system, adjusting decisions based on real-time feedback (Castro et al., 2017,
Sutton & Barto, 2018).

Deep Learning Techniques: This section examines the application of deep neural networks for recognizing complex
patterns in scheduling scenarios, enabling more sophisticated and adaptive decision-making (Tang et al., 2021; Xu et
al., 2022).

Case Studies and Practical Implementations: It provides case studies and practical implementations of ML-based
CPU scheduling, highlighting real-world applications and performance outcomes (Wang et al., 2023; Huang et al.,
2019).

Future Research Directions: Finally, the paper outlines future research directions, emphasizing the integration of
advanced ML techniques and the development of more robust and adaptable scheduling frameworks (Mao et al., 2018).

Introduction to Real-Time Systems and CPU Scheduling

Real-time systems are critical in domains where tasks must execute within stringent timing constraints to ensure safety
and performance, such as automotive systems, aerospace, and industrial automation. Traditional CPU scheduling
algorithms like Rate Monotonic Scheduling (RMS) and Earliest Deadline First (EDF) have been foundational due to
their deterministic nature and theoretical guarantees (Liu & Layland, 1973; Buttazzo, 2011). However, these algorithms
rely on static assumptions about task execution times and workload characteristics, which can lead to inefficiencies in
dynamic environments where tasks vary in complexity and arrival times (Liu et al., 2000).

Challenges with Traditional Approaches

The limitations of traditional scheduling algorithms become apparent in modern real-time systems characterized by
variability and unpredictability. Tasks in these systems often have dynamic execution times, changing priorities based
on system state, and varying resource demands. This variability challenges the rigid assumptions of RMS and EDF,
impacting their ability to meet deadlines and optimize system performance (Gagliardi et al., 2008). Moreover, the
evolution towards multiprocessor systems necessitates more sophisticated scheduling strategies to effectively manage
resources across multiple cores (Kim et al., 2020).

Role of Machine Learning in CPU Scheduling

Machine learning (ML) offers a paradigm shift in CPU scheduling by enabling adaptive and data-driven decision-
making processes. ML techniques, such as supervised learning, reinforcement learning (RL), and deep learning, learn
e n & Barto, 2018;
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task execution times and prioritize tasks accordingly (Saleh & Kundu, 2019). RL algorithms, on the other hand,
continuously improve scheduling policies through interaction with the environment, adjusting decisions based on
performance feedback (Castro et al., 2017).

Supervised Learning Approaches

In the realm of supervised learning, researchers have explored various models to enhance CPU scheduling efficiency.
These approaches utilize regression and classification techniques to predict task execution times and optimize
scheduling policies based on historical data (Saleh & Kundu, 2019). Palanisamy and Sankaranarayanan (2008)
conducted a comparative study of static and dynamic CPU scheduling algorithms, highlighting the advantages of
dynamic approaches in adapting to changing workload conditions. Such methodologies demonstrate the potential of
supervised learning in improving scheduling accuracy and resource utilization in real-time systems.

Reinforcement Learning Techniques

Reinforcement learning represents another promising avenue for CPU scheduling optimization, particularly in dynamic
and uncertain environments. RL algorithms learn optimal scheduling strategies by maximizing cumulative rewards over
time, effectively balancing between task completion and system resource utilization (Sutton & Barto, 2018; Castro et
al., 2017). Deep reinforcement learning techniques further extend these capabilities by employing deep neural networks
to handle complex scheduling scenarios and learn from high-dimensional state spaces (Castro et al., 2017). These
advancements underscore the adaptability and robustness of RL in addressing real-world challenges in CPU scheduling.

Deep Learning Applications

Deep learning, with its ability to automatically learn hierarchical representations of data, has shown promising results in
optimizing CPU scheduling. Neural network architectures, such as Convolutional Neural Networks (CNNs) and Long
Short-Term Memory (LSTM) networks, excel in capturing intricate patterns and dependencies in scheduling tasks
(Wang et al., 2019; Zhao & Lu, 2019). These models are capable of real-time prediction of task behaviors,
identification of workload trends, and adaptation to changing system conditions, thereby enhancing scheduling
efficiency and responsiveness in dynamic environments.

Case Studies and Practical Implementations

Real-world implementations and case studies provide empirical evidence of the effectiveness of ML-based CPU
scheduling techniques. For instance, Huang et al. (2019) implemented a real-time task scheduling strategy based on
machine learning in edge computing environments, demonstrating improved resource allocation and reduced latency.
Such applications illustrate the practical implications and performance benefits of integrating ML into real-time
scheduling systems.

Future Directions and Challenges

Despite significant advancements, several challenges and opportunities for future research in ML-based CPU
scheduling remain. Addressing scalability issues in multi-core processors, enhancing real-time adaptability, and
integrating heterogeneous workloads are critical areas for further exploration (Mao & Yu, 2018; Wang et al., 2023).
Moreover, the development of hybrid approaches combining different ML techniques, alongside comprehensive
benchmarking and evaluation frameworks, will be essential to advancing the state-of-the-art in real-time CPU
scheduling.

II1. CONCLUSION
In conclusion, machine learning techniques hold immense promise for transforming CPU scheduling in real-time
systems by providing adaptive, data-driven solutions that enhance efficiency, responsiveness, and reliability. The
review and analysis of machine learning (ML) techniques for optimizing CPU scheduling in real-time systems
underscore significant advancements and potential in enhancing scheduling efficiency, adgggabitity, and performance.
Traditional scheduling algorithms like Rate Monotonic Scheduling (RMS) and Earliest DgadligenFirey (EDF) have long
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served as foundational methods but face challenges in dynamically changing environments characterized by variable
task behaviors and resource demands. Machine learning, particularly supervised learning, reinforcement learning (RL),

and deep learning, offers promising alternatives by leveraging historical data and adaptive decision-making processes.
Continued research and innovation in this field are crucial to unlocking the full potential of ML in meeting the evolving
demands of modern computing environments.
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