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ABSTRACT: The increasing complexity of real-time systems in
critical applications such as autonomous vehicles, industrial
automation, and telecommunications necessitates more
sophisticated CPU scheduling strategies to ensure tasks are
executed within strict timing constraints. Traditional
scheduling algorithms often fall short in adapting to the
dynamic and unpredictable nature of these environments. This
survey provides a comprehensive examination of Al-enhanced
CPU scheduling techniques in real-time systems, exploring how
Artificial Intelligence (AI) and Machine Learning (ML) can
optimize scheduling decisions. We analyze various Al-driven
approaches, including reinforcement learning, deep neural
networks, and evolutionary algorithms, focusing on their
ability to predict task execution times, dynamically adjust to
workload changes, and improve overall system performance.
The survey also delves into the challenges of integrating Al
with real-time systems, such as the need for low-latency
processing and the complexity of real-time learning.
Additionally, we identify emerging opportunities and potential
research directions that could further enhance CPU scheduling
efficiency. Our findings suggest that Al-enhanced CPU
scheduling not only offers significant improvements in meeting
real-time constraints but also opens new avenues for creating
more adaptive and resilient systems in increasingly demanding
real-time environments.

KEYWORDS: real-time CPU scheduling, machine learning
(ML), supervised learning, intelligent solutions

L. INTRODUCTION

In the rapidly evolving landscape of computing, real-time
systems play a crucial role in various critical applications,
ranging from industrial automation and telecommunications
to autonomous vehicles and aerospace systems. These
systems are characterized by their need to meet stringent
timing constraints, ensuring that tasks are executed within
precise deadlines. The reliability and efficiency of real-time
systems hinge on effective CPU scheduling, which determines
the order and timing with which tasks are executed.
Traditional CPU scheduling algorithms, such as Rate

Monotonic Scheduling (RMS) and Earliest Deadline First
(EDF), while foundational, often struggle to cope with the
dynamic and unpredictable nature of modern real-time
environments, leading to potential inefficiencies and missed
deadlines (Liu & Layland, 1973; Buttazzo, 2005).

With the advent of Artificial Intelligence (AI) and
Machine Learning (ML), there has been a significant shift in
how scheduling tasks can be approached. Al and ML offer the
ability to learn from data, adapt to changing conditions, and
make intelligent decisions based on real-time inputs. These
capabilities are particularly advantageous in the context of
real-time systems, where workloads can vary unpredictably,
and decisions must be made swiftly to ensure system
stability and performance. The integration of Al into CPU
scheduling presents an opportunity to enhance the
adaptability, efficiency, and overall performance of real-time
systems, paving the way for more intelligent and responsive
computing environments (Huang et al, 2019; Yang et al,,
2020).
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Al-enhanced CPU scheduling leverages various
techniques such as reinforcement learning, neural networks,
and genetic algorithms to optimize the scheduling process.
For instance, reinforcement learning can be used to train
scheduling agents that dynamically adjust scheduling policies
based on real-time feedback from the system. This approach
allows the system to learn optimal scheduling strategies over
time, improving performance as it adapts to different
workloads and system states (Xu et al, 2019). Neural
networks, on the other hand, can predict task execution times
and resource requirements, enabling more accurate and
efficient scheduling decisions (Wang et al.,, 2021).

The potential benefits of Al-enhanced CPU
scheduling are substantial. By incorporating Al, real-time
systems can achieve lower latency, higher throughput, and
more consistent adherence to timing constraints. These
improvements are particularly critical in applications where
delays or missed deadlines can have severe consequences,
such as in autonomous vehicles or medical devices.
Moreover, Al-driven scheduling can lead to more efficient use
of system resources, reducing energy consumption and
improving overall system sustainability (Zhao et al,, 2020;
Yao etal, 2021).

Despite the promising advantages, integrating Al
into real-time CPU scheduling also presents several
challenges. One of the primary concerns is the computational
overhead associated with Al algorithms. Real-time systems
require quick and deterministic responses, and the
introduction of Al must not compromise these requirements.
Therefore, it is crucial to develop Al techniques that are both
efficient and capable of operating within the strict timing
constraints of real-time systems (Shi et al, 2020).
Additionally, the complexity of Al models poses challenges in
terms of interpretability and verification, which are essential
for ensuring the reliability of real-time systems (Kumar &
Singh, 2021).

Another challenge lies in the need for real-time
learning and adaptation. In dynamic environments, where
workloads and system conditions can change rapidly, Al-
driven schedulers must be able to learn and adapt in real-
time. This requirement adds a layer of complexity to the
design of Al-enhanced scheduling algorithms, as they must
balance the need for rapid learning with the necessity of
maintaining low latency and high reliability (Cheng et al,,
2021). Furthermore, the integration of Al raises questions
about the robustness of the scheduling system, particularly in
scenarios where the Al model encounters situations it was
not explicitly trained for (Gao & Zhou, 2020).

Despite these challenges, the field of Al-enhanced
CPU scheduling is ripe with opportunities for innovation.
Ongoing research is exploring ways to mitigate the
computational overhead of Al, such as through the use of
lightweight models or hardware accelerators (Sun et al,
2020). Additionally, there is growing interest in developing
hybrid approaches that combine traditional scheduling
algorithms with Al techniques, leveraging the strengths of
both to achieve optimal performance (Tang et al,, 2021). The
exploration of Al in real-time systems also opens new
avenues for interdisciplinary research, bringing together
experts in Al, real-time computing, and systems engineering
to tackle the complex challenges involved (Li et al., 2022).

The potential for Al-enhanced CPU scheduling extends
beyond just improving current systems. It also offers the
possibility of enabling entirely new applications and services
that were previously infeasible due to the limitations of
traditional scheduling methods. For example, in the realm of
autonomous systems, more intelligent scheduling could allow
for greater autonomy and decision-making capabilities,
enhancing the system's ability to operate in unpredictable
and dynamic environments (Chen et al,, 2021). Similarly, in
industrial automation, Al-driven scheduling could optimize
the coordination of complex processes, improving efficiency
and reducing downtime (Xu & Zhao, 2021).
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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
integration of Al into CPU scheduling for real-time
environments has marked a significant evolution in
addressing the complexities and dynamic demands of
modern computing systems. This survey underscores the
advancements in Al-enhanced scheduling techniques, which
offer notable improvements in adaptability, efficiency, and
robustness over traditional methods. By incorporating
machine learning, reinforcement learning, and hybrid
models, researchers are effectively tackling challenges such
as resource allocation, energy efficiency, and the
management of unpredictable workloads. Despite these
strides, challenges persist, including the computational
overhead of Al models and the need for explainability in
safety-critical applications. Future research is expected to
refine hybrid approaches, develop real-time adaptive
systems, and enhance energy-efficient scheduling, ensuring
that Al continues to play a crucial role in advancing resilient
and intelligent real-time computing systems.
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