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1. Introduction 

Hadoop has emerged as a leading framework for processing large-scale datasets due to its distributed, 
scalable, and fault-tolerant design. It integrates the Hadoop Distributed File System (HDFS) for reliable 
data storage with the MapReduce model for efficient parallel computation. Effective resource 
management is vital in such systems to ensure high throughput and balanced workload distribution. 
YARN (Yet Another Resource Negotiator) plays this role by dynamically allocating CPU, memory, and 
storage based on system availability and job priorities, improving overall cluster performance. However, 
the default YARN schedulers, FIFO and Fair, struggle to maintain both priority awareness and optimal 
resource use in latency-sensitive environments. Their static configurations and limited adaptability often 
lead to inefficient allocation, with critical tasks waiting while low-priority jobs consume valuable 
resources. Such issues reduce throughput and scalability, particularly in heterogeneous clusters. Recent 
studies have emphasized the need for adaptive, optimization-driven schedulers to overcome these 
constraints [1]. Quantum-inspired algorithms, which incorporate concepts from quantum mechanics 
such as probabilistic state transitions and superposition, offer a promising solution. These algorithms, 
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 Efficient resource scheduling in Hadoop remains a challenging problem 
due to the presence of diverse workloads and varying priority requirements 
in cluster environments. Traditional YARN schedulers such as FIFO, Fair, 
and Capacity often struggle to balance data locality, responsiveness, fairness, 
and priority handling, which can increase waiting times and reduce resource 
utilization. To address these limitations, this study proposes a Quantum-
Inspired Priority Scheduler (QIPS) that integrates a Quantum-behaved 
Particle Swarm Optimization (QPSO) mechanism within the YARN 
ResourceManager to enhance job–node assignment decisions. The 
proposed scheduler considers multiple performance criteria, including 
latency, resource utilization, data locality, and priority awareness, enabling 
more adaptive and balanced scheduling under dynamic workload 
conditions. A hybrid implementation combining Java and Python is 
developed, where YARN handles job execution while the QPSO module 
performs optimization. Experimental evaluation on a multi-node Hadoop 
3.3.4 cluster using synthetic workloads shows that QIPS effectively reduces 
deadline penalties and improves data locality, while maintaining 
competitive performance across other scheduling metrics. These findings 
indicate that quantum-inspired optimization offers a promising direction 
for achieving efficient and balanced resource scheduling in distributed 
systems.  
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particularly Quantum-behaved Particle Swarm Optimization (QPSO), have demonstrated superior global 
search capabilities and faster convergence in complex scheduling problems [2]. Building on this 
potential, the proposed framework introduces a QPSO-based scheduler within the YARN 
ResourceManager to dynamically optimize job execution order and resource allocation. The scheduler 
constantly analyses system conditions and job priorities to improve scheduling decisions in real time. 
Experimental results show that it reduces average job completion time, increases resource utilization, 
and improves overall throughput across various workloads. Such quantum-inspired methods are 
increasingly being adopted to meet the performance demands of modern distributed and Industry 4.0 
environments [3].  

Several studies have examined resource scheduling in Hadoop, focusing on improving job placement, 
locality, and execution efficiency. Earlier work explored cache locality enhancement, workflow 
optimization, heterogeneity-aware scheduling, energy-aware policies, and metaheuristic-based task 
allocation, resulting in significant improvements to MapReduce and YARN environments [4]–[16]. 
While these approaches enhanced specific aspects of scheduling, most lacked integrated support for 
priority awareness, multi-objective optimization, or adaptive decision-making under rapidly changing 
workloads. More recent investigations have advanced Hadoop optimization through predictive modeling, 
multi-criteria selection mechanisms, frugal scheduling strategies, and distributed deep-learning 
pipelines. These studies demonstrated that enhanced data management, resource sharing, and container 
coordination can significantly increase throughput and data locality in modern heterogeneous clusters 
[17]–[23]. Such research highlights the need for schedulers that can react dynamically to fluctuations in 
job characteristics, data volumes, and cluster configurations. Parallel developments in cloud, edge, and 
IoT scheduling have also contributed to the evolution of large-scale resource management. Deadline-
constrained task allocation, reinforcement learning-based scheduling, device-edge-cloud cooperation, 
and multi-objective optimization frameworks have shown strong improvements in responsiveness, 
fairness, and execution stability across diverse environments [24]–[28]. These trends illustrate the 
growing demand for intelligent, adaptive scheduling techniques that account for both system-and 
workload level constraints. Complementary studies have explored advanced grid scheduling, AI-driven 
task orchestration, heterogeneity handling, user aware edge scheduling, and scalable data-processing 
pipelines. These approaches provide additional evidence that incorporating context aware policies, multi-
objective heuristics, and structured optimization can substantially enhance performance in distributed 
systems [29]–[36]. In domain-specific applications, YARN-based parallel processing frameworks have 
been successfully used to improve locality and computational throughput for large remote-sensing 
datasets, further validating the need for optimized resource-management strategies [37]. 

While a wide range of scheduling approaches have been proposed across Hadoop, cloud, and 
distributed systems, most existing methods address individual aspects such as locality, priority, or 
optimization in isolation. In contrast, methods closely related to the proposed approach include 
metaheuristic-based schedulers and multi-objective optimization frameworks in Hadoop/YARN 
environments. However, these approaches generally lack explicit task node encoding, unified multi-
objective modeling, and effective adaptation of continuous optimization techniques to discrete 
scheduling decisions. The proposed QIPS framework addresses these gaps by integrating structured 
encoding, multi-objective optimization, and discrete adaptation within the YARN scheduling 
architecture. Existing Hadoop scheduling approaches lack explicit job task node encoding, effective 
multi-objective formulations, and robust constraint handling. They also provide limited support for 
bridging continuous optimization with discrete scheduling decisions and lack sufficient sensitivity 
analysis. The proposed QIPS addresses these limitations by introducing a structured particle 
representation and a unified multi-objective framework for priority-aware and locality-driven scheduling. 
It adapts QPSO for discrete YARN environments with constraint-aware mechanisms and is validated 
through sensitivity and workload-based analysis. Overall, the approach demonstrates improved 
scheduling balance and practical applicability under dynamic workload conditions. The main 
contributions of this study are as follows: (1) Developed a quantum-inspired scheduling approach that 
prioritizes jobs while improving data locality and reducing deadline violations in Hadoop YARN; (2) 
Designed a multi-objective optimization framework that balances latency, resource utilization, and 
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priority handling for efficient scheduling decisions; (3) Implemented a hybrid Java–Python framework 
to integrate QPSO-based optimization with YARN, enabling dynamic and real-time scheduling 
evaluation. Evaluated the model on real and synthetic workloads, showing significant improvements in 
speed, throughput, and utilization over standard schedulers. The rest of this paper is organized as follows. 
Section 2 explains the proposed methodology and framework design, the implementation setup, and 
outlines the experimental environment. Section 3 discusses the results and performance analysis. Finally, 
Section 4 concludes the paper and highlights future research directions. 

2. Method 

The proposed Quantum-Inspired Priority Scheduler (QIPS) is integrated into YARN’s 
ResourceManager and works with the ApplicationMaster to allocate containers based on job priority, 
data locality, and current cluster conditions. As shown in Fig. 1, incoming jobs are first placed in a 
queue, where they are assigned priority and deadline tags, and then admitted to ensure fairness and avoid 
overload. For each selected job, the system collects relevant information such as input size, runtime 
history, and resource demand. Using this information, the Particle Generator creates candidate job task–
node mappings, where each particle represents a complete scheduling plan and defines the search space 
for optimization. Each particle represents a complete scheduling mapping as defined in (1). 

𝑃 = {𝑗, 𝑇, 𝑛}   () 

where j denotes the job index, T represents the task within the job, and n indicates the assigned node. 

The encoding is implemented as a discrete vector, where each dimension corresponds to a task and the 
associated value specifies its node assignment. This explicit representation distinguishes QIPS from prior 
approaches, in which task-to-node mappings are often implicit or poorly defined.  

 

Fig. 1. System Architecture. 

2.1. Multi-Objective Fitness Evaluation   

Each particle is evaluated using a multi-objective fitness function that thoughtfully balances 
execution efficiency, responsiveness, and resource utilization, as shown in (2). 

𝐹(𝑃𝑖) =  𝑤1𝑇𝑚𝑎𝑘𝑒𝑠𝑝𝑎𝑛 + 𝑤2𝑇𝑙𝑎𝑡𝑒𝑛𝑐𝑦 + 𝑤3𝑃𝑑𝑒𝑎𝑑𝑙𝑖𝑛𝑒 − 𝑤4𝑅𝑢𝑠𝑎𝑔𝑒 − 𝑤5𝐿𝑑𝑎𝑡𝑎 − 𝑤6𝑆𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦  () 

Here, 𝑇𝑚𝑎𝑘𝑒𝑠𝑝𝑎𝑛 denotes total job completion time, 𝑇𝑙𝑎𝑡𝑒𝑛𝑐𝑦the average waiting time, and 𝑃𝑑𝑒𝑎𝑑𝑙𝑖𝑛𝑒the 

penalty for missed deadlines. 𝑅𝑢𝑠𝑎𝑔𝑒 represents resource utilization, 𝐿𝑑𝑎𝑡𝑎measures the proportion of 

data-local tasks, and 𝑆𝑝𝑟𝑖𝑜𝑟𝑖𝑡𝑦 expresses the priority score. The first three terms are minimized, whereas 
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the last three are maximized (through their negative signs). Weights 𝑤1− 𝑤6are tunable to match system 
policy.  The weights in the multi-objective function are empirically tuned to reflect the relative 
importance of different scheduling objectives. A sensitivity analysis was conducted by varying the weights 
in the range of 1 to 3 to study their impact on scheduling performance. It was observed that values below 
1 reduce the influence of an objective, while values above 3 tend to overemphasize specific objectives, 
leading to biased or unstable outcomes. Based on these observations, weights within this range were 
selected to ensure balanced contributions across all objectives. In the experiments, the weight vector was 
set to W = [1.0, 1.0, 2.5, 1.0, 1.2, 2.0], assigning slightly higher importance to deadline-related 
objectives. A Data-Locality Estimator retrieves block location information from HDFS to guide locality-
aware scheduling. Simultaneously, a Metrics Collector gathers runtime statistics, such as queue length, 
container utilization, latency, and the deadline-miss ratio. These metrics provide feedback to the Fitness 
Evaluator and Admission Policy, forming a closed, adaptive loop.  The proposed approach incorporates 
basic constraint handling to ensure feasible scheduling decisions. Resource capacity limits, node 
suitability, and deadline considerations are accounted for during task assignment. Infeasible mappings 
are implicitly avoided through controlled particle generation and validation during scheduling. This 
ensures that the generated schedules remain practical and aligned with system constraints. 

2.2. QPSO Engine  

Quantum behaved Particle Swarm Optimization (QPSO) replaces traditional velocity updates with a 
probabilistic, quantum inspired search mechanism. Metaheuristic and swarm based techniques 
demonstrate strong global exploration and stable convergence in multi objective scheduling for 
distributed systems, and recent advancements in quantum inspired and enhanced PSO variants further 
reinforce their effectiveness in high-dimensional optimization [38]–[42]. These characteristics make 
QPSO particularly suitable for high-dimensional scheduling spaces, such as Hadoop YARN, where 
solution quality depends on balancing locality, priority, and resource constraints as shown in (3) and (4). 

𝑥𝑖𝑗(𝑡 + 1) = 𝑝
𝑖𝑗

(𝑡) ±  𝛽∗|𝑚𝑗(𝑡) − 𝑥𝑖𝑗(𝑡)| ∗𝑙𝑛 (
1

𝑢
)     () 

𝑢 ~𝑈(0,1)   () 

where i is particle index, 𝑗 is dimension index, 𝑡 is the time, 𝑥𝑖𝑗(𝑡) is the current position, 𝑥𝑖𝑗(𝑡 + 1) is 

the updated position, 𝑝𝑖𝑗(𝑡) is the personal best of particle 𝑖, 𝑚𝑗(𝑡) is the mean best position across the 

swarm, 𝛽 controls exploration and exploitation, u is a uniform random variable, and 𝑈(0,1) is uniform 

distribution, a distribution from which 𝑢 is drawn (between 0 and 1) at each iteration to introduce 
stochastic behavior in the update process. The swarm optimizes a priority vector, which is decoded into 
a feasible scheduling solution. A Random-Keys with Deterministic Decoder approach is used to map 
continuous optimization outputs to discrete scheduling decisions. Each particle is represented by a 
position vector 𝑥𝑖 ∈~𝑛, where 𝑛 denotes the number of tasks and each dimension corresponds to a 
priority value. A permutation 𝜋 is obtained using the argsort function, which orders tasks by priority. 
The decoder then assigns tasks sequentially to suitable nodes based on feasibility and system conditions. 
This probabilistic model enhances global search and mitigates premature convergence. For comparison, 
the traditional PSO uses velocity-based updates, given by (5) and (6). 

𝑣𝑖𝑗(𝑡 + 1) = 𝜔𝑣𝑖𝑗(𝑡) + 𝑐1𝑟1 (𝑝𝑖𝑗 − 𝑥𝑖𝑗(𝑡)) + 𝑐2𝑟2  (𝑔1 − 𝑥𝑖𝑗(𝑡))   () 

𝑥𝑖𝑗(𝑡 + 1) = 𝑥𝑖𝑗(𝑡) + 𝑣𝑖𝑗(𝑡 + 1)  () 

where 𝜔 is the inertia weight, 𝑣𝑖𝑗(𝑡) is the Current velocity of the particles, 𝑣𝑖𝑗(𝑡 + 1) is the updated 

velocity of the particles, 𝑐1 and 𝑐2 are cognitive and social coefficients, and 1, 2 [0,1]r r   are random 

numbers. By eliminating velocity, QPSO simplifies parameter tuning and achieves faster convergence in 
high-dimensional, discrete scheduling spaces. Quantum-behaved particle swarm optimization (QPSO) 
operates in a continuous search space and therefore requires adaptation for discrete scheduling 
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applications. In this work, continuous particle updates are transformed using a sigmoid function, 
followed by ranking-based assignment to generate valid discrete schedules. This transformation enables 
the optimization process to produce practical and implementable scheduling decisions within the target 
system. 

2.3. Quantum-Inspired Priority Scheduling (QIPS) Algorithm  

The Quantum-Inspired Priority Scheduling (QIPS) algorithm applies principles of Quantum-
behaved Particle Swarm Optimization (QPSO) to determine an efficient job execution order based on 
multiple scheduling criteria. Each particle represents a candidate scheduling solution, which is evaluated 
using a multi-objective fitness function that incorporates priority, latency, and resource constraints. 
Particle positions are iteratively updated following QPSO dynamics to explore the search space and 
identify improved scheduling solutions. Algorithm 1 presents the detailed steps of the proposed 
approach. The final output is an optimized scheduling plan that balances resource utilization and 
priority-aware execution. 

2.4. Execution and Feedback Adaptation 

The QPSO engine identifies the optimal particle, which represents the final container assignment 
plan, and passes it to the ResourceManager for execution in coordination with the ApplicationMaster. 
Runtime metrics collected from NodeManagers and HDFS monitor scheduling performance under 
varying workloads. This integration ensures effective execution and supports consistent scheduling 
behavior within the YARN framework. Fig. 2 presents the QIPS algorithm. 

     Algorithm 1:  QIPS algorithm 
1. Input:  J  Set of jobs/tasks 
2. N Set of cluster nodes 
3. Resource capacities, priority, deadlines, and locality information of jobs 
4. QPSO parameters (S, T, 𝛽) 
5. Weight vector W 
6. Output: Optimized scheduling plan 
7. Initialize a swarm of S particles 𝑥1  
8. For each particle 𝑥1 do 
9.      Encode ix using random keys 

10.      Initialize 𝑝𝑏𝑒𝑠𝑡𝑖  
11. End For 
12. Determine the global best gbest  

13. For t = 1 to T do 
14.      For each particle 𝑥1 do 
15.          Convert 𝑥1 to permutation 𝜋1using argsort 
16.          For each task in 𝜋1 do 
17.               Select a feasible node based on locality, load, and resource availability 
18.              Assign task to node 
19.         End For 
20.         Check scheduling constraints 
21.         Apply the repair mechanism if violations occur 
22.         Evaluate fitness using weighted objectives 
23.         If fitness (𝑥1) is better than 𝑝𝑏𝑒𝑠𝑡𝑖 then 
24.                𝑝𝑏𝑒𝑠𝑡𝑖 ← 𝑥1 
25.         End If 
26.      End For 
27.  
28.     Update 𝑔𝑏𝑒𝑠𝑡 from all 𝑝𝑏𝑒𝑠𝑡𝑖 
29.     Compute 𝑚𝑏𝑒𝑠𝑡  
30.     For each particle 𝑥1 do 
31.         Update 𝑥1 using QPSO rule 
32.     End For 
33.     If the convergence criterion is satisfied, or the maximum iteration T is reached, then 
34.        Break 
35.     End If 
36. End For 
37. Return the schedule corresponding to 𝑔𝑏𝑒𝑠𝑡  

Fig. 2.  QIPS algorithm 
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2.5. Implementation 

The proposed Quantum-Inspired Priority Scheduler (QIPS) was implemented on a Hadoop 3.3.4 
cluster using a modular design. Fig. 3 illustrates the implementation dashboard. It integrates with the 
YARN ResourceManager via a custom Java plugin that handles job profiling and container allocation, 
while a Python-based QPSO service performs the optimization via a REST API. During scheduling 
events, the scheduler sends job details to the QPSO service, which returns an optimized execution order. 
The scheduler then uses this to assign containers and coordinate task execution with the 
ApplicationMaster and NodeManagers. Additionally, a metrics module tracks system performance, and 
a data locality component uses HDFS information to improve task placement. This setup enables 
efficient and priority-aware scheduling in a dynamic Hadoop environment.  

 

Fig. 3.  Implementation dashboard used for monitoring scheduling behavior and system metrics (Random 
Screenshot) 

2.6. Experimental Setup 

The proposed approach was evaluated on a heterogeneous Hadoop 3.3.4 cluster consisting of one 
NameNode (16 GB RAM, 4 CPU cores) and three DataNodes (each with 8 GB RAM and 4 CPU cores). 
This configuration provides a realistic distributed environment for assessing scheduling performance. 
Synthetic workloads were generated to represent diverse job characteristics, including variations in 
priority, execution time, and resource requirements. In the experiments, a workload consisting of 8 jobs 
was used, with the number of jobs configurable to support different workload scenarios. Job instances 
were generated using the built-in YARN workload generation utilities, which assign randomized 
characteristics to each job, including priority, execution time, and resource requirements. This setup 
enables the simulation of heterogeneous and dynamic workload conditions. The performance of the 
proposed QIPS scheduler was evaluated by comparing it with standard Hadoop schedulers (FIFO, Fair, 
and Capacity) and with advanced approaches (HybSMRP, HFSP, Frugal_conf, and Intra-task 
Localization). Similar modular, service-oriented scheduling frameworks have demonstrated adaptability 
in heterogeneous environments, while recent studies on YARN scheduler design support the use of 
hybrid optimization techniques to improve performance under comparable workload conditions [43]–
[47]. The evaluation focuses on key metrics such as latency, deadline adherence, resource utilization, 
data locality, and throughput to analyze scheduling effectiveness. Although the experiments are 
conducted on a small-scale cluster, the proposed approach is designed to be extendable to larger clusters, 
as the scheduling mechanism operates at the ResourceManager level. However, large-scale validation 
under heavier workloads is part of future work.   



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 732 
 Vol. 12, No. 3, August 2026, pp. 726-739 

 

Bhavana and Shashikumar (Optimizing priority scheduling in Hadoop for resource utilization using quantum…) 

2.7. Evaluation Metrics 

Makespan (𝑇𝑚𝑎𝑘𝑒𝑠𝑝𝑎𝑛) is defined as the total time required to complete all submitted jobs, as shown 

in Formula (7).  

𝑇𝑚𝑎𝑘𝑒𝑠𝑝𝑎𝑛 = max(𝑡𝑗)
1≤𝑗≤𝑛

  () 

where 𝑡𝑗  is the completion time of the job 𝑗, max(𝑡𝑗) is the maximum operator, i.e., the largest value 

among all job completion times, with a condition that indicates all jobs from 1 to 𝑛, 𝑛 is the number of 
jobs/tasks. In continuous time, Makespan can also be represented as the integral of average task progress 
over the execution window, 𝑡𝑗 (𝑡), as shown in Formula (8). 

( )

10

1
T n

j

makespan

j

dt t
T dt

n dt=

 
=   

 
            () 

The latency metric  LatencyT given by (9) and (10) measures the average delay between a job’s submission 

and the start of its first task. 

( ), ,

1

1 n

Latency start j submit j

j

T t t
n =

= −     () 

where, ,start jt is the time at which the job j  begins execution, and ,submit jt is the time at which the job j

was submitted. When considered as a continuous-time signal, latency becomes 

, ,

10

1
( ).( )

T n

Latency start j submit j

j

T t t t t dt
n =

 
= − − 

 
                         () 

where, ,( )start jt t− denotes the Dirac delta function used to capture the start time of the task j  within 

the continuous-time formulation, ,( )submit jt t− represents the waiting time of the task j , and when 

combined with the Dirac delta function, it captures the latency at the exact task start time. The deadline 
penalty deadlineP in (11) and (12) captures the delay beyond each job’s deadline jD . No penalty is applied if 

a job finishes early; otherwise, the penalty equals the delay. 

1

max(0, )
n

deadline j j

j

P t D
=

= −  () 

where, max(0, )j jt D− represents the delay beyond the deadline for the job j assigning a zero penalty to 

jobs that are completed on time. This penalty can also be written using the ReLU (Rectified Linear 
Unit) function: 

1

Re ( )
n

deadline j j

j

P LU t D
=

= −  () 

This term is maximized during optimization, and its negative is minimized in the fitness function to 
align with the overall minimization goal. Resource usage usageR in Formula (13), the proportion of 

resources used over time relative to the cluster’s total capacity is represented.  

( )

( )
1

0

1
n

T
jj

usage

U t
R dt

T C t

=
 
 =
 
 


  () 

where, ( )jU t represents the resource usage of the task j at time t , ( )C t  denotes the total available 

cluster capacity at time; the factor 
1

T
normalizes the integral over the observation period to give the 
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average resource utilization. Data locality dataL , Formula (14), measures the proportion of tasks that 

access local data. 

1

1 n

data j

j

L l
n =

=   () 

where, jl is a binary locality indicator for the task j . It equals 1 if the task runs on a node that contains 

its input data block, and 0 otherwise. Priority satisfaction priorityS as shown in (15) and (16), it evaluates 

how effectively the scheduler favors high-priority jobs. 

1

1

.
n

j j

j

priority n

j

j

p s

S

p

=

=

=




 () 

Here, jp denotes the priority weight of the task j , and js denotes the scheduling satisfaction indicator 

or completion score of the task j . This can also be modeled in continuous time as 

( )
( )

0
1

1
.

nT j

priority j

j

ds t
S p t dt

T dt=

=   () 

Here, ( )jp t represents the time-varying priority weight, and 
( )jds t

dt
 represents the rate at which 

scheduling satisfaction is achieved over time. Overall, these metrics provide a solid foundation for 
assessing the effectiveness of the proposed QIPS scheduler, highlighting improvements in throughput, 
responsiveness, fairness, and resource utilization compared to baseline Hadoop schedulers. 

3. Results and Discussion 

To evaluate the proposed Quantum Inspired Priority Scheduler (QIPS), a two-stage analysis was 
performed. First, we analyzed the QPSO component by varying particle size and iteration count to 
determine a stable, efficient configuration. This ensured that the optimization process operated under 
suitable parameter settings. Subsequently, the selected optimal configuration was compared with 
standard YARN schedulers, namely FIFO, Fair, and Capacity, to assess improvements in scheduling 
performance. The evaluation is based on key metrics, including latency, deadline adherence, resource 
utilization, data locality, and throughput. 

3.1. QPSO Parameter Analysis 

To ensure effective optimization, the QPSO component was evaluated under different parameter 
settings. The number of particles and iterations was varied to study their impact on scheduling 
performance. Experiments were conducted with particle sizes ranging from 10 to 30, and iteration counts 
from 50 to 100. The chosen range balances solution quality and computational efficiency, as lower 
iteration values led to unstable results, while higher values showed minimal improvement with increased 
overhead. The contraction expansion parameter (𝛽) was kept constant, as preliminary observations 
indicated little influence on overall performance. Table 1 presents the corresponding results. The 
evaluated metrics include: P1 Makespan (s), P2 Average Latency (s), P3 Deadline Penalty (s), P4 
Deadlines Met (%), P5 Resource Utilization, P6 Data Locality (%), P7 Priority Score, and P8 
Throughput.  

The experimental results indicate that the proposed QIPS scheduler effectively optimizes multiple 
objectives across different parameter settings. A moderate particle size (n = 20) provides balanced 
performance across key metrics, avoiding the variability seen with smaller swarms (n = 10) and the limited 
improvement with larger swarms (n = 30). In addition, the algorithm converges stably within 70–90 
iterations, beyond which further increases yield only marginal performance gains. These observations 
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highlight QIPS's ability to balance exploration and exploitation, improving scheduling efficiency in 
Hadoop YARN environments. Based on this analysis, we select an optimal parameter configuration, as 
shown in Table 2, for subsequent comparison.  

Table 1.  QPSO Parameter Sensitivity Analysis 

Iterations Particles P1 P2 P3 P4 P5 P6 P7 P8 

10 

50 678.11 242.5 1348 37.5 16.1 62.5 0.744 1.18 
60 705.53 230.25 1138 37.5 16.1 62.5 0.781 1.13 

70 703.7 196.25 947 50 16.1 62.5 0.91 1.14 
80 647.06 263.75 1474 50 16.1 75 0.9 1.24 

90 647.06 263.75 1474 50 16.1 75 0.9 1.24 
100 693.23 188.75 847 50 16.1 62.5 0.789 1.15 

20 

50 691.43 216 930 25 16.1 75 0.694 1.16 

60 703.7 196.25 947 50 16.1 62.5 0.91 1.14 
70 684.77 206 873 37.5 16.1 75 0.755 1.17 

80 691.43 216 930 25 16.1 75 0.694 1.16 
90 684.77 206 873 37.5 16.1 75 0.755 1.17 

100 703.7 196.25 947 50 16.1 62.5 0.91 1.14 

30 

50 704.45 193.88 928 50 16.1 62.5 0.862 1.14 

60 703.7 195.75 945 50 16.1 62.5 0.91 1.14 

70 703.7 195.75 945 50 16.1 62.5 0.91 1.14 
80 704.45 193.88 928 50 16.1 62.5 0.862 1.14 

90 704.45 193.88 928 50 16.1 62.5 0.862 1.14 
100 703.7 196.25 947 50 16.1 62.5 0.91 1.14 

The QIPS scheduler demonstrates stable, balanced performance when configured with 20 particles 
and 70 iterations. This configuration achieves a desirable trade-off across multiple objectives, including 
makespan, latency, deadline satisfaction, data locality, and throughput. Therefore, it is selected as the 
representative configuration for comparison with existing schedulers. Furthermore, under certain 
parameter settings, such as 10 particles and 80 iterations, QIPS can achieve even lower makespan and 
higher throughput. However, this configuration exhibits higher latency and reduced stability across 
other metrics. Hence, while such configurations highlight the adaptability and optimization capability 
of QIPS, the balanced configuration (20, 70) is preferred for fair and consistent comparison 

Table 2.  Optimal QPSO Configuration   

Parameter Value Parameter Value 
Particles 20 Deadlines Met 37.5% 

Iterations 70 Resource Utilization 16.1% 
Makespan 684.77 s Data Locality 75% 

Average Latency 206 s Priority Score 0.755 
Deadline Penalty 873 s Throughput 1.17 

The convergence behavior of QPSO indicates how quickly the optimization process stabilizes as 
iterations progress. Faster convergence indicates efficient exploration of the solution space and reduced 
computational overhead. As shown in Fig. 4, the fitness value stabilizes within the initial iterations, 
indicating rapid convergence. This suggests that the algorithm reaches a near-optimal solution early, 
and additional iterations do not significantly improve performance. 

 

Fig. 4.  Convergence behavior of QPSO for the selected configuration 
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3.2. Scheduler Comparison 

Using the selected QPSO parameter settings, the performance of QIPS was compared with standard 
YARN schedulers (FIFO, Fair, and Capacity) and other previously discussed scheduling approaches. All 
schedulers were evaluated under the same workload and cluster conditions to ensure a fair comparison. 
This evaluation aims to examine how effectively each scheduler handles task execution, resource 
allocation, and priority management. The comparative results are presented in Table 3. 

Table 3.  Performance Comparison of QIPS with Baseline Schedulers  

Scheduler 
Makespan 

(s) 

Avg 

Latency 
(s) 

Deadline 

Penalty 
(s) 

Deadlines 

Met (%) 

Resource 

Usage 
(%) 

Data 

Locality 
(%) 

Priority 

Score 
Throughput 

Capacity 827.25 259.25 1645 25 16.1 0 0.622 0.97 

Fair 700.13 284.25 1808 12.5 16.1 50 0.53 1.14 
FIFO 662.93 264.38 1579 37.5 16.1 75 0.771 1.21 

Frugal 724.23 255.5 1467 37.5 16.1 37.5 0.825 1.1 
HFSP 827.25 271.25 1741 25 16.1 0 0.622 0.97 

HybSMRP 719.7 212.62 1166 50 16.1 50 0.856 1.11 
Intra-task 738.42 228.5 1376 37.5 16.1 25 0.799 1.08 

QIPS 684.77 206 873 37.5 16.1 75 0.755 1.17 

The comparative results highlight the proposed QIPS scheduler's effectiveness across multiple 
performance metrics. In terms of makespan, QIPS achieves a value of 684.77 s, which is significantly 
lower than most schedulers, such as Capacity (827.25 s), HFSP (827.25 s), Intra-task (738.42 s), and 
Frugal (724.23 s), and is only slightly higher than FIFO (662.93 s). This indicates that QIPS maintains 
competitive execution efficiency while avoiding the limitations of purely throughput-driven schedulers, 
such as FIFO. Regarding average latency, QIPS records the lowest value (206 s) among all schedulers, 
outperforming even HybSMRP (212.62 s), demonstrating its ability to reduce waiting time and improve 
responsiveness. This is particularly important for priority-driven, time-sensitive workloads. Fig. 5 
presents a comparison of scheduler performance in terms of makespan and average latency.  

 

Fig. 5.  Performance Comparison of Schedulers in Terms of Makespan and Latency 

A key strength of QIPS is observed in the deadline penalty, where it achieves the lowest value (873), 
significantly outperforming all other schedulers. For instance, HybSMRP records a penalty of 1166, 
while FIFO and Fair exhibit much higher penalties of 1579 and 1808, respectively. This clearly indicates 
that QIPS is more effective in handling deadline-constrained tasks. In terms of deadlines met, QIPS 
achieves 37.5%, which, while not the highest (HybSMRP achieves 50%), still represents a balanced 
outcome given its superior latency and penalty performance. This reflects its multi-objective 
optimization capability rather than focusing on a single metric. Resource utilization remains nearly the 
same across all schedulers due to the fixed workload and cluster capacity. Since schedulers mainly affect 
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task execution order rather than total resource demand, this metric does not significantly differentiate 
their performance in this setup. Fig. 6 compares schedulers based on deadline penalty and the percentage 
of deadlines met. 

 

Fig. 6.  Comparison of Deadline Penalty and Deadlines Met Across Schedulers 

For data locality, QIPS achieves the highest level (75%), matching FIFO and outperforming all other 
schedulers. This reduces data transfer overhead and improves execution efficiency. Regarding priority 
score, QIPS (0.755) performs competitively, surpassing schedulers such as FIFO (0.771, slightly higher 
but less balanced), Fair (0.53), and Capacity (0.622), while remaining close to HybSMRP (0.856). This 
indicates effective handling of priority-aware scheduling without compromising other objectives. In 
terms of throughput, QIPS achieves 1.17, which is among the highest, second only to FIFO (1.21). 
Unlike FIFO, which prioritizes throughput at the cost of deadline performance, QIPS maintains high 
throughput while also optimizing latency and deadline-related metrics. Fig. 7 shows the comparison of 
schedulers in terms of data locality, priority score, and throughput. 

 

Fig. 7.  Comparison of Data Locality, Priority Score, and Throughput Across Schedulers 

Overall, the results indicate that while certain schedulers perform better in individual metrics, QIPS 
consistently achieves strong performance across all evaluated criteria. In particular, it demonstrates lower 
latency and deadline penalty while maintaining competitive makespan, throughput, and data locality. 
This highlights its ability to balance multiple objectives effectively, making it well-suited for priority-
aware and deadline-sensitive scheduling in Hadoop YARN environments. 

4. Conclusion 

This study presented a Quantum-Inspired Priority Scheduler (QIPS) that integrates QPSO-based 
optimization with priority-aware and locality driven scheduling in the Hadoop YARN framework. The 
experimental results demonstrate that QIPS improves scheduling performance compared to conventional 
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Hadoop schedulers, particularly by reducing deadline penalties and latency while maintaining 
competitive makespan, throughput, and data locality. These results highlight the effectiveness of 
quantum inspired optimization in addressing multi objective scheduling challenges in large-scale 
distributed systems. Overall, QIPS provides a balanced and adaptive scheduling approach and is readily 
extendable to larger cluster environments. Despite these promising results, several directions remain for 
future work. QIPS can be extended to support containerized and cloud-native platforms, including 
integration with Kubernetes based systems. Incorporating advanced learning techniques, such as 
reinforcement learning or neuroevolutionary methods, may further enhance adaptability to dynamic 
workloads. Additionally, evaluating QIPS on larger clusters and real-world datasets would improve its 
practical relevance. Exploring energy-aware and carbon-efficient scheduling strategies also presents an 
important opportunity toward building more sustainable distributed computing systems. 
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