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Abstract 

This study proposes a novel hybrid algorithm for processor scheduling in modern operating systems, 
integrating the strengths of traditional scheduling methods with game theory variants. Traditional 
schedulers often struggle to adapt to dynamic workload changes, leading to suboptimal performance. 
Our hybrid approach addresses this by treating processes as "players" in a game, where the "payoff" is 
CPU time. A base scheduler (e.g., Weighted Fair Queuing, Earliest Deadline First) provides a 
foundation for fairness and efficiency. A game theory module then refines scheduling decisions by 
dynamically adjusting parameters based on process utilities, reflecting their importance, resource 
needs, and behavior. We explore various game theory approaches, including non-cooperative, 
cooperative, and evolutionary games, each offering different trade-offs between individual process 
benefit and overall system performance. The algorithm dynamically adapts scheduling parameters 
(e.g., priorities, time slices) based on the game's outcome. This combined method strives to create a 
more effective balance between fairness, efficiency, and adaptability. We discuss the algorithm's 
components, including utility function design and game variant selection, and analyze its potential 
advantages and challenges, such as computational complexity and parameter tuning. Future research 
directions, including exploring machine learning for adaptation, are also outlined. 
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INTRODUCTION 

Processor scheduling is a fundamental aspect of operating system design, responsible for allocating 

CPU time among competing processes. The scheduler's goal is to optimize various performance metrics, 

including fairness, efficiency, responsiveness, and throughput, while satisfying diverse application 

requirements. Traditional scheduling algorithms, such as First-Come-First-Served (FCFS), Round 

Robin (RR), Priority Scheduling, and their variants, 

have served as the backbone of operating systems 

for decades. However, these algorithms often 

struggle to adapt effectively to the dynamic and 

unpredictable nature of modern workloads. 

Contemporary systems face a complex mix of 

interactive applications, batch processes, real-time 

tasks, and background services, each with unique 

resource demands and performance expectations. 

Static scheduling policies, inherent in many 

traditional approaches, can lead to suboptimal 

resource utilization, unfair allocation of CPU time, 

and poor responsiveness, especially in the face of 

fluctuating workloads [1]. 

 

The limitations of traditional scheduling 

algorithms have motivated research into more 
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intelligent and adaptive scheduling strategies. One promising direction involves the application of game 

theory, a mathematical framework for analyzing strategic interactions among rational agents. In the 

context of processor scheduling, processes can be viewed as "players" competing for the "resource" of 

CPU time. Each process has its own "preferences" or "utilities" regarding how much CPU time it 

receives, and the scheduler acts as the "mechanism" that determines the allocation. By framing the 

scheduling problem as a game, we can leverage game-theoretic concepts to design algorithms that 

dynamically adapt to the complex interplay between processes. 

 

Game theory offers a rich set of tools for analyzing and designing scheduling algorithms. Different 

game variants, such as non-cooperative, cooperative, and evolutionary games, can be employed to 

model various types of process interactions. In a non-cooperative game, processes act selfishly to 

maximize their own utility, while in a cooperative game, processes can collaborate to achieve a mutually 

beneficial outcome. Evolutionary games model how the "strategies" of processes (e.g., their resource 

demands) evolve over time, and how the scheduler can adapt its policies accordingly [2]. 

 

This study proposes a novel hybrid algorithm for processor scheduling that combines the strengths 

of traditional scheduling methods with the adaptive power of game theory. Our approach integrates a 

base scheduler, which provides a foundation for fairness and efficiency, with a game theory module that 

dynamically refines scheduling decisions. The base scheduler can be any well-established algorithm, 

such as Weighted Fair Queuing (WFQ) for fairness-based allocation or Earliest Deadline First (EDF) 

for real-time systems. The game theory module then analyzes the current state of the system, 

considering factors like process priorities, resource consumption, deadlines, and recent CPU burst 

lengths, and adjusts the scheduling parameters accordingly. This dynamic adaptation allows the 

scheduler to respond effectively to changes in the workload and optimize for various performance 

metrics [3]. 

 

The key innovation of our hybrid algorithm lies in its ability to dynamically adapt to the "strategic 

interactions" between processes. By treating processes as players in a game, the scheduler can learn 

about their behavior and adjust its policies to achieve a better balance between individual process needs 

and overall system performance. For example, if a high-priority process frequently exhibits short CPU 

bursts, indicating interactive behavior, the scheduler can temporarily boost its priority to improve 

responsiveness, even if its initial priority was lower. This type of dynamic adjustment, based on 

observed process behavior, is difficult to achieve with traditional static scheduling algorithms. 

 
BACKGROUND 

Processor scheduling is a critical function within operating systems, responsible for allocating the 

central processing unit (CPU) among the various processes competing for its attention. The scheduler 

acts as a traffic controller, determining which process gets to run and for how long. The primary 

objective of a scheduler is to optimize system performance according to a set of predefined criteria. 

These criteria can include maximizing throughput (the number of processes completed per unit time), 

minimizing turnaround time (the total time taken to complete a process), ensuring fairness (giving each 

process a reasonable share of CPU time), and providing responsiveness (quickly reacting to user input 

or real-time events). However, achieving these goals simultaneously, especially in dynamic 

environments, presents a significant challenge. 

 
Traditional scheduling algorithms, while effective in certain scenarios, often fall short when dealing 

with the complexities of modern workloads. These algorithms can be broadly categorized into several 

types: 

• First-Come-First-Served (FCFS): Processes are executed in the order they arrive. While simple 

to implement, FCFS can lead to long waiting times for short processes if a long process arrives 

first, a phenomenon known as the "convoy effect". For example, if a long batch job arrives before 

several interactive processes, the interactive processes will experience significant delays [4]. 
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• Round Robin (RR): Each process is given a fixed time slice (quantum) of CPU time. If a process 

does not complete within its time slice, it is pre-empted and moved to the back of the queue. RR 

provides better responsiveness than FCFS, especially for interactive processes. However, it can 

introduce overhead due to frequent context switching. If the quantum is too small, the overhead 

becomes excessive; if it is too large, RR behaves more like FCFS [5]. 

• Priority Scheduling: Processes are assigned priorities, and the scheduler runs the highest-priority 

process. Priorities can be static (assigned at process creation) or dynamic (adjusted during 

execution). While priority scheduling can be effective for important tasks, it can lead to starvation 

if low-priority processes are never given a chance to run. For example, a critical system process 

might be given a very high priority, potentially starving other essential background tasks. 

• Shortest Job First (SJF): The scheduler runs the process with the shortest estimated execution 

time. SJF is optimal in terms of minimizing average turnaround time. However, it requires 

knowledge of the future execution time, which is often not available. Preemptive versions of SJF, 

like Shortest Remaining Time First (SRTF), can improve responsiveness but still require 

estimations of remaining execution time. 

• Multilevel Queue Scheduling: This approach divides the ready queue into multiple queues, each 

with its own scheduling algorithm. Processes are assigned to queues based on their characteristics 

(e.g., interactive vs. batch). This allows for more specialized scheduling strategies, but it can be 

complex to configure and manage. 

• Real-Time Scheduling: These algorithms are designed to meet strict deadlines imposed by real-

time applications. Examples include Earliest Deadline First (EDF) and Rate Monotonic 

Scheduling (RMS). Real-time scheduling is crucial in systems where timing constraints are 

critical, such as industrial control or robotics. 

 

The limitations of these traditional algorithms stem primarily from their static nature. They often rely 

on fixed parameters or policies that do not adapt well to the dynamic changes in workload 

characteristics. Modern systems, however, are characterized by a diverse mix of applications with 

varying resource demands and performance requirements. Workloads can fluctuate significantly over 

time, making it difficult for static schedulers to maintain optimal performance. For instance, a system 

might experience a surge in interactive user activity during peak hours, followed by a period of heavy 

batch processing overnight. A static scheduler might be unable to efficiently handle these shifts in 

workload, leading to either poor responsiveness during peak hours or underutilization of resources 

during off-peak hours. 

 

Traditional schedulers often treat processes as independent entities, ignoring the potential for 

cooperation or competition between them. In reality, processes can interact with each other in various 

ways, sharing resources, communicating, or competing for access to shared data. A scheduler that 

ignores these interactions may make suboptimal decisions, leading to inefficiencies and unfairness. For 

example, a set of related processes might benefit from being scheduled together to minimize inter-

process communication overhead. A traditional scheduler that treats these processes independently 

might miss this opportunity for optimization [6]. 

 

The need for more intelligent and adaptive scheduling strategies has led researchers to explore the 

application of techniques from other fields, such as artificial intelligence and game theory. Game theory, 

in particular, offers a powerful framework for analyzing strategic interactions among rational agents, 

making it a natural fit for modeling the competition and cooperation between processes in a scheduling 

context as shown in Table 1.  

 

NOVEL PROPOSITION 

Core Idea: The algorithm leverages game theory to dynamically adjust scheduling parameters based 

on the "strategic interactions" between processes vying for CPU time. This allows the scheduler to adapt 

to changing workload characteristics and prioritize processes based on their importance and behavior. 
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Table 1. Taxonomy of Processor scheduling algorithms [7–9]. 

Processor Scheduling 

Algorithm 

Design Aspect Merits Demerits Real-Time 

Application Domains 

Single-core 

Scheduling 

Traditional scheduling 

on a single CPU core 

Simple 

implementation 

Inefficient for multi-

core processors 

Legacy systems, Basic 

embedded systems 

Predictable 

performance 

Not scalable 

Symmetric 

Multiprocessing 

(SMP) Scheduling 

Evenly distributes 

processes across 

multiple cores 

Efficient CPU 

utilization 

High overhead in 

managing multiple 

cores 

General-purpose OS, 

Web servers, Gaming 

systems 

Load balancing Potential cache 

coherence issues 

Asymmetric 

Multiprocessing 

(AMP) Scheduling 

Master-slave model 

where one core handles 

scheduling 

Reduces scheduling 

overhead 

Underutilization of 

slave processors 

Embedded systems, 

Real-time avionics 

Simplifies 

synchronization 

Less flexible 

Gang Scheduling Groups related 

processes (threads) to 

run simultaneously on 

multiple cores 

Reduces context 

switching overhead 

Requires job 

synchronization 

Parallel computing, 

Supercomputers 

Improves 

performance for 

parallel applications 

Can lead to CPU 

underutilization 

Affinity Scheduling 

(Soft and Hard 

Affinity) 

Tries to keep a process 

on the same CPU core 

Improves cache 

performance 

Can lead to load 

imbalance 

Databases, Cloud 

computing, 

Virtualization Reduces context 

switching 

Less flexibility in 

scheduling 

Completely Fair 

Scheduler (CFS) 

Uses a red-black tree to 

schedule tasks fairly 

Provides fairness 

between tasks 

High computational 

overhead 

Modern Linux-based 

OS, Cloud workloads 

Lowers starvation 

issues 

May not be optimal 

for real-time tasks 

Deadline Scheduling 

(Earliest Deadline 

First (EDF)) 

Prioritizes tasks with 

the earliest deadline 

Guarantees deadline 

adherence for real-

time tasks 

High scheduling 

overhead 

Hard real-time 

systems, Autonomous 

vehicles, Medical 

systems 
Inefficient under 

overload conditions 

Proportional Share 

Scheduling (Lottery 

Scheduling, Fair-

Share) 

Assigns execution 

chances based on 

resource allocation 

shares 

Ensures fair CPU 

usage 

Less predictable in 

real-time tasks 

Cloud computing, 

Virtual machines 

Good for multi-user 

environments 

Randomness may 

cause delays 

Two-Level Scheduling Combines long-term 

and short-term 

scheduling 

Efficient for 

handling large 

numbers of 

processes 

Requires more 

memory for 

swapped-out 

processes 

Time-sharing systems, 

Batch processing 

O(1) Scheduler 

(Legacy Linux) 

Uses priority arrays for 

fast scheduling 

decisions 

Low scheduling 

latency 

Poor interactivity for 

desktop applications 

Embedded systems, 

Low-latency 

applications Efficient for real-

time workloads 

 
Components 

1. Base Scheduler: A traditional scheduling algorithm (e.g., Weighted Fair Queuing (WFQ), Earliest 

Deadline First (EDF) with some modifications) serves as the foundation. This provides a baseline 

level of fairness and efficiency. WFQ can be used for fairness based on assigned weights to 

processes, or EDF for real-time systems. 

2. Game Theory Module: This module employs a game-theoretic approach to refine the scheduling 

decisions made by the base scheduler. It treats processes as "players" in a game where the 

"payoff" is CPU time. 



 

Journal of Operating Systems Development & Trends 

Volume 12, Issue 1 

ISSN: 2454-9355 

 

© STM Journals 2025. All Rights Reserved 52  
 

3. Utility Function: Each process is assigned a utility function that reflects its importance, resource 

requirements, and behavior. This function can consider factors like: 

• Priority: User-assigned or system-determined priority. 

• Resource Consumption: CPU, memory, I/O usage. 

• Deadline: For real-time processes. 

• Recent CPU Burst Lengths: To predict future needs. 

• Waiting Time: How long the process has been waiting. 

4. Game Variants: Several game theory variants can be employed: 

• Non-Cooperative Game: Processes act selfishly to maximize their own utility. The scheduler 

acts as a "referee", allocating CPU time based on the Nash Equilibrium or other solution 

concepts. This might be suitable for general-purpose systems where processes are 

independent. 

• Cooperative Game: Processes can cooperate (e.g., through inter-process communication) to 

improve the overall system performance. The scheduler can facilitate cooperation by 

providing mechanisms for resource sharing and negotiation. This could be useful in 

specialized systems with well-defined process interactions. 

• Evolutionary Game: The scheduler dynamically adjusts the "rules of the game" (e.g., weights 

assigned to processes) based on the observed behavior of the processes. This allows the 

system to adapt to long-term changes in the workload. 

5. Hybrid Approach: The base scheduler makes initial scheduling decisions. The game theory 

module then analyzes the current state of the system (process utilities, resource availability) and 

adjusts the scheduling parameters (e.g., priorities, time slices) to optimize the overall system 

performance according to the chosen game-theoretic approach. 

 

Example (Non-Cooperative) 

Imagine using WFQ as the base scheduler. Each process has a weight. The game theory module could 

observe recent CPU burst lengths. If a high-priority process has consistently short bursts, it might 

indicate interactive behavior. The game theory module could temporarily increase its weight to improve 

responsiveness, even if its initial weight was lower. This is a dynamic adjustment based on observed 

behavior, not a static priority. 

 

ADVANTAGES 

Adaptability 

Modern workloads are dynamic, with varying mixes of interactive, batch, and real-time processes. A 

key strength of the game-theoretic approach is its inherent adaptability. The scheduler is not bound by 

static rules. The game theory module continuously monitors process behavior (CPU bursts, I/O requests, 

memory usage) and adjusts scheduling parameters (priorities, time slices, weights) in response to these 

changes [10]. For example, if a surge of I/O-bound processes occurs, the scheduler can dynamically 

favor them to maximize overall system throughput. Conversely, if CPU-intensive processes dominate, 

the scheduler can adjust to ensure fairness and prevent starvation. This dynamic adaptation allows the 

system to maintain optimal performance even under fluctuating workloads. 

 

Fairness 

While game theory can model selfish behavior, it does not preclude fairness. The base scheduler 

provides a foundation of fairness, ensuring that all processes receive a minimum share of CPU time. 

This could be implemented using algorithms like Weighted Fair Queuing (WFQ), where each process 

is assigned a weight representing its relative importance. The game theory module then refines this 

baseline fairness. It might temporarily deviate from strict weight-based allocation to improve overall 

system performance or responsiveness, but the underlying fairness provided by the base scheduler acts 

as an anchor, preventing extreme imbalances. For example, even if a high-priority process is favored 

due to its interactive nature, the base scheduler ensures that lower-priority processes eventually receive 

their fair share of CPU time. 
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Performance 

The hybrid algorithm offers flexibility in optimizing for different performance metrics. By adjusting 

the utility functions and selecting appropriate game variants, the scheduler can be tuned to prioritize 

specific goals. For instance, if the primary objective is to maximize throughput, the utility functions can 

be designed to reward processes that utilize the CPU efficiently. If responsiveness is more critical, the 

utility functions can prioritize interactive processes with short CPU bursts. Different game variants also 

offer different trade-offs. Non-cooperative games might be suitable for maximizing individual process 

performance, while cooperative games can be used to optimize for overall system throughput by 

encouraging processes to share resources [11]. This adaptability allows the algorithm to be tailored to 

the specific needs of the system. 

 

Responsiveness 

Interactive processes, characterized by short CPU bursts and frequent user input, require quick 

response times to provide a good user experience. The game-theoretic approach can prioritize these 

processes through dynamic weight adjustments. The game theory module can monitor the CPU burst 

lengths of processes and identify those exhibiting interactive behavior. It can then temporarily increase 

the weights or priorities of these processes, giving them preferential access to the CPU. This dynamic 

adjustment ensures that interactive processes receive the attention they need, even if they have lower 

static priorities. For example, a user typing commands in a terminal will experience a more responsive 

system because the shell process will be given preferential treatment when it needs to process user input. 

 

CHALLENGES 

Computational Complexity 

Game theory, while powerful, can be computationally expensive. Solving complex games, especially 

those with a large number of players (processes in our case), can require significant processing power 

and time. As the number of processes increases, the complexity of the game grows exponentially, 

potentially making real-time scheduling decisions infeasible. Therefore, efficient approximation 

algorithms are crucial. Instead of seeking the exact Nash Equilibrium or optimal solution, the algorithm 

might need to settle for a near-optimal solution that can be computed quickly. Techniques like heuristic 

search, genetic algorithms, or reinforcement learning could be employed to find good solutions within 

a reasonable timeframe. The trade-off between solution quality and computational cost needs to be 

carefully considered. 

 

Utility Function Design 

The utility function is a critical component of the game-theoretic approach. It quantifies the "value" 

or "preference" of each process with respect to CPU time. Designing appropriate utility functions that 

accurately reflect process importance and system goals is a significant challenge. These functions need 

to consider a variety of factors, such as process priority, resource consumption (CPU, memory, I/O), 

deadlines (for real-time tasks), and recent process behavior. Determining the relative weights of these 

factors and combining them into a single utility function can be complex and requires careful 

consideration of the specific system requirements. Furthermore, the utility functions might need to be 

dynamically adjusted over time as the system's goals or workload characteristics change [12]. 

 

Parameter Tuning 

The hybrid algorithm typically has several parameters that need to be tuned for optimal performance. 

These parameters might include the weights assigned to different factors in the utility functions, the 

parameters of the game-solving algorithm, and the frequency with which the game theory module is 

invoked. Finding the optimal values for these parameters can be a complex optimization problem, often 

requiring extensive experimentation and simulation. Automated parameter tuning techniques, such as 

machine learning algorithms, could be employed to simplify this process. 
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Overhead 

The introduction of the game theory module adds computational overhead to the scheduling process. 

The module needs to collect information about the processes, solve the game, and adjust the scheduling 

parameters. This overhead needs to be carefully managed to ensure that it does not outweigh the benefits 

of the adaptive scheduling strategy. The frequency with which the game theory module is invoked is a 

key factor [13]. Invoking it too frequently can lead to excessive overhead; while invoking it too 

infrequently can reduce the algorithm's adaptability. Finding the right balance is essential. Furthermore, 

efficient implementation of the game theory module and the data collection mechanisms is crucial to 

minimize overhead. 

 

FUTURE RESEARCH 

Developing Efficient Algorithms for Solving the Games 

The computational complexity of solving game-theoretic problems, particularly with a large number 

of processes, poses a significant challenge. Future research should focus on developing efficient 

algorithms for approximating solutions to these games. This could involve exploring various techniques 

[14–17]: 

• Heuristic Search: Algorithms like genetic algorithms, simulated annealing, or tabu search can be 

employed to find near-optimal solutions within a reasonable timeframe. These methods can explore 

the solution space efficiently without guaranteeing the absolute best outcome. 

• Reinforcement Learning: Reinforcement learning agents can learn to approximate the optimal 

strategies for the processes by interacting with the scheduling environment. This approach can be 

particularly useful in dynamic environments where the game's characteristics change over time. 

• Distributed Algorithms: For large-scale systems, distributed algorithms can be used to solve the 

game across multiple processors or nodes, reducing the computational burden on a single entity. 

 

Designing Robust Utility Functions 

The utility function is a cornerstone of the game-theoretic approach, representing the preferences and 

goals of each process. Future research should investigate methods for designing robust utility functions 

that accurately capture process importance and system objectives. This could involve: 

• Adaptive Utility Functions: Utility functions should be able to adapt to changing system conditions 

and process behavior. Machine learning techniques could be used to learn and adjust the parameters 

of the utility functions based on observed data. 

• Multi-Objective Optimization: Scheduling often involves multiple conflicting objectives (e.g., 

fairness, responsiveness, throughput). Research should explore multi-objective optimization 

techniques to design utility functions that balance these competing goals. 

• User-Defined Utilities: Allowing users or system administrators to define or customize utility 

functions could provide greater flexibility and control over the scheduling process. 

 

Exploring Different Game Theory Variants 

Different game theory variants offer different trade-offs in terms of complexity, fairness, and 

efficiency. Future research should explore the suitability of various game-theoretic models for processor 

scheduling: 

• Evolutionary Games: These games can model how process behavior and scheduler policies evolve 

over time. Research should investigate how evolutionary game theory can be used to design 

adaptive scheduling algorithms that respond to long-term changes in the workload. 

• Mechanism Design: This area of game theory focuses on designing the "rules of the game" (i.e., 

the scheduling mechanism) to achieve desired system outcomes. Research should explore how 

mechanism design can be applied to processor scheduling to create algorithms that incentivize 

processes to behave in a way that benefits the overall system. 

• Coalition Formation: Processes might form coalitions to improve their collective payoff. 

Research should investigate how coalition formation can be incorporated into scheduling 

algorithms to optimize resource allocation among groups of related processes. 
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• Evaluating Performance in Various Workload Scenarios: Thorough performance evaluation is 

essential to assess the effectiveness of the hybrid algorithm. 

 

Future research should involve [18]: 

• Realistic Workload Models: Using realistic workload models that reflect the characteristics of 

modern applications and systems. This could involve analyzing real-world workload traces or 

generating synthetic workloads that capture important statistical properties. 

• Performance Metrics: Evaluating the algorithm's performance using a variety of relevant metrics, 

including throughput, turnaround time, waiting time, responsiveness, and fairness. 

• Comparative Studies: Comparing the performance of the hybrid algorithm with traditional 

scheduling algorithms under different workload scenarios. 

 

Investigating Machine Learning for Adaptation 

Machine learning offers powerful tools for learning and adapting to complex environments. Future 

research should explore the use of machine learning techniques to enhance the hybrid scheduling 

algorithm: 

• Learning Utility Functions: Machine learning algorithms can learn the optimal parameters for the 

utility functions based on observed process behavior and system performance. 

• Adaptive Game Parameters: Machine learning can be used to dynamically adjust the parameters 

of the game-solving algorithm or the frequency with which the game theory module is invoked. 

• Predictive Scheduling: Machine learning models can be used to predict future workload 

characteristics and proactively adjust the scheduling policies to optimize performance. 

 

CONCLUSION 

This study has presented a hybrid processor scheduling algorithm that leverages the power of game 

theory to enhance traditional scheduling methods. By treating processes as strategic players, the 

algorithm dynamically adapts to changing workload characteristics, optimizing for fairness, efficiency, 

and responsiveness. The integration of a base scheduler with a game theory module allows for a 

balanced approach, combining the established strengths of traditional methods with the adaptability of 

game-theoretic strategies. Different game variants, such as non-cooperative, cooperative, and 

evolutionary games, offer flexibility in addressing diverse system requirements and process 

interactions. While challenges remain, including the computational cost of game solving, the design of 

effective utility functions, and the complexities of parameter tuning, the potential benefits of this hybrid 

approach are significant. Future studies will aim to tackle these challenges by developing efficient 

approximation algorithms and exploring how machine learning can be leveraged to automate the 

adjustment of utility functions and game parameters. Ultimately, this hybrid algorithm represents a 

promising step towards more intelligent and adaptive processor scheduling in modern operating 

systems, paving the way for improved resource utilization and enhanced user experience. 
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