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Introduction 
In cloud computing, efficient resource allocation and scheduling is a challenging multi-objective optimization 
problem, where the workload to be handled is heterogeneous, the resources are limited, the usage is dynamic, and 
the Service-Level Agreement (SLA) is strict. Classical heuristics like First-Fit, Best-Fit and Round-Robin provide 
quick scheduling decisions, but do not perform well in terms of packing efficiency and resource fragmentation 
with dynamic workloads [1]. Metaheuristic methods like Genetic Algorithms and Particle Swarm Optimization also 
enhance the quality of the optimization, but are slower to converge and are limited in scalability. Machine learning 
and reinforcement learning schedulers are adaptive decision-making approaches, but they require a lot of 
historical data and their performance may suffer during unexpected workload changes [2]. 
 
The quantum computing paradigm has recently become a promising approach to solve combinatorial optimization 
problems. This creates possibilities for faster exploration of large solution spaces by using algorithms like 
amplitude amplification [3], Quantum Approximate Optimization Algorithm (QAOA) [3] and Quantum Walks [3]. 
Several existing scheduling techniques based on the principles of quantum computing or quantum-inspired 
algorithms have been used in virtual machine placement and cloud resource allocation [4]. But, the majority of 
existing quantum methods are based on penalty based objective functions, and allocations that are infeasible can 
still be sampled and subsequently fixed. This is an overhead requirement and also requires careful tuning of the 
penalty parameters for the solution. 
 
To solve these issues, in this paper, a fully quantum-native cloud scheduling framework, named Quantum 
Constraint-Satisfying Allocation (QCSA), is proposed, which integrates feasibility into the quantum state space. 
QCSA exploits constraint-satisfying quantum walks to only consider feasible allocations, while using multi-
objective amplitude biasing to boost energy efficiency, SLA compliance, fairness and scalability. QCSA does not 
have any post-repair overhead or allows for infeasible states, as opposed to penalty-based QAOA methods. The 
proposed framework is tested against synthetic and trace-driven cloud workloads to show the performance 
improvement over classical heuristics, reinforcement learning and penalty-based quantum baselines in scheduling 
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performance. 
 
The major contributions of this work are as follows: 
• A fully quantum-native scheduling framework, QCSA, is proposed for multi-resource cloud allocation with 

feasibility guaranteed by construction.  
• A constraint-satisfying quantum walk mechanism is designed to restrict quantum evolution to valid allocation 

states.  
• A multi-objective amplitude biasing strategy is introduced to optimize energy consumption, SLA violation rate, 

fairness, and resource utilization.  
• Theoretical analysis is provided for feasibility invariance, success probability amplification, and convergence 

behavior.  
• Experimental evaluation demonstrates the effectiveness of QCSA against classical and quantum baselines using 

synthetic and trace-driven workloads. 

Related work 

Cloud resource allocation has been extensively investigated by classical and metaheuristic algorithms, machine 
learning, and quantum optimization techniques. The classical solution approaches like First-Fit, Best-Fit and 
Round-Robin are straightforward, simple and fast, but may result in poor allocations in a heterogeneous cloud 
setting and lead to more SLA violation. Metaheuristic methods like Genetic Algorithms, Particle Swarm 
Optimization and Ant Colony Optimization may yield higher quality of optimization results but at greater 
computation time and suffer from scalability problems when applied to large cloud workloads [5]. 
 
There has been an increased focus on machine learning-based scheduling because of its ability to learn workload 
patterns and to support the adaptive allocation. Reinforcement learning schedulers can tune policies based on the 
state of resources and predictive models can help with proactive resource provisioning. These are strategies, 
however, that usually rely on considerable amounts of historical data and may fail to transfer well to abrupt 
changes of workload, unknown constraints or extremely dynamic execution environments. 
 
The field of combinatorial scheduling has recently been investigated using quantum and quantum-inspired 
approaches. Benefits of QAOA and quantum annealing have been demonstrated for small-scale problems such as 
scheduling and cloud resource allocation. Many of these methods, however, are based on penalty based 
formulations where the constraints are placed in the objective function rather than directly enforced. This means 
that it is possible that infeasible allocations will still be found, further processing/repair will be necessary, which 
will lead to higher overhead and lower reliability [6]. 
 
Methods that try to break this limitation are called constraint-preserving quantum approaches and involve 
incorporating feasibility into the search process. Constraint Quantum Models and related formulations can limit 
possible solutions to valid states, and Adaptive QAOA variants like Linear Ramp QAOA can enhance the robustness 
of the model on noisy intermediate-scale quantum devices. The noise and calibration data of quantum devices are 
taken into account in scheduling in fidelity-aware quantum orchestration frameworks like QFOR [34]. In recent 
years, other approaches have been developed to solve the problems of quantum program scheduling, multi-tenant 
quantum cloud placement, and the execution of variational quantum algorithms over shared devices, such as the 
QSRA [7]–[9] quantum program scheduling, multi-tenant quantum cloud placement, and the execution of 
variational quantum algorithms over shared devices. 
 
The potential of quantum game-theoretic and quantum-inspired resource allocation approaches to enhance the 
fairness and efficiency of distributed cloud have also been explored [10]–[13]. These approaches outperform 
traditional heuristics, but there are still many methods with stochastic, hybrid, or penalty-based characteristics. 
The proposed QCSA framework, on the other hand, aims to feasibility-by-construction which is achieved by 
creating quantum walks that satisfy a set of constraints to ensure that only feasible cloud allocation state is 
explored, while optimizing multiple scheduling objectives. 
 

Problem Definition and Proposed Method 
 
Problem Definition 

Cloud resource scheduling is formulated as a constrained multi-objective allocation problem in which a set of jobs 
must be assigned to heterogeneous servers while satisfying resource capacity, job exclusivity, and policy 
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constraints. Let 𝐽 = {1,2, … , 𝑛} denote the set of jobs and 𝑆 = {1,2, … ,𝑚} denote the set of servers. Each job 𝑖 
requires a resource demand 𝑑𝑖𝑟  for resource type 𝑟, such as CPU, memory, storage, or bandwidth, and each server 
𝑗 has a finite capacity 𝐶𝑗𝑟 . The binary decision variable 𝑥𝑖𝑗  is defined as 𝑥𝑖𝑗 = 1 if job 𝑖 is assigned to server 𝑗, and 

𝑥𝑖𝑗 = 0 otherwise. 

 
The allocation must satisfy the capacity constraint, where the total demand of all jobs assigned to a server should 
not exceed the available capacity of that server: 
 

 ∑ 𝑑𝑖𝑟
𝑛
𝑖=1 𝑥𝑖𝑗 ≤ 𝐶𝑗𝑟 , ∀𝑗 ∈ 𝑆,  ∀𝑟.  (1) 

 
Each job must also satisfy the exclusivity constraint, ensuring that a job is assigned to at most one server: 
 

 ∑ 𝑥𝑖𝑗
𝑚
𝑗=1 ≤ 1, ∀𝑖 ∈ 𝐽.   (2) 

 
In addition, practical cloud environments may include affinity and anti-affinity policies. Affinity constraints require 
selected jobs to be placed on the same server, whereas anti-affinity constraints prevent selected jobs from being 
co-located. These constraints support tenant isolation, fault tolerance, reliability, and policy-aware scheduling. 
 
The objective is to identify a feasible allocation that minimizes energy consumption and SLA violations while 
improving fairness among tenants. Therefore, the composite scheduling cost is defined as: 
 

𝐹(𝑥) = 𝛼𝐸(𝑥) + 𝛽𝑉SLA(𝑥) − 𝛾𝐹fair(𝑥),  (3) 
 

where 𝐸(𝑥) represents energy consumption, 𝑉SLA(𝑥) denotes the SLA violation rate, 𝐹fair(𝑥) represents the 
fairness index, and 𝛼, 𝛽, and 𝛾 are weighting factors used to balance the scheduling objectives. The optimization 
problem is expressed as: 

  𝑥∗ = argmin
𝑥∈Ω

𝐹(𝑥),  (4) 

 
where Ω is the feasible allocation space satisfying the capacity, exclusivity, affinity, anti-affinity, and policy 
constraints. Since the search space grows exponentially with the number of jobs and servers, classical heuristic 
and metaheuristic approaches may produce sub-optimal or infeasible schedules under dynamic cloud workloads. 
To address this issue, the proposed Quantum Constraint-Satisfying Allocation (QCSA) method embeds feasibility 
directly into the quantum state space. Unlike penalty-based quantum optimization methods, QCSA does not 
explore infeasible allocations and therefore avoids penalty parameter tuning and post-repair operations. The 
method combines feasible-state initialization, constraint-satisfying quantum walk evolution, and objective-based 
amplitude biasing to obtain high-quality scheduling decisions. 
 

QCSA Architecture 

The architecture of QCSA consists of five main components: input encoder, feasible-state initializer, Constraint-
Satisfying Quantum Walk (CSQW) engine, objective biasing module, and measurement and evaluation module. The 
input encoder converts job demands, server capacities, and policy constraints into a binary quantum 
representation. Each valid allocation is encoded as a quantum basis state |𝑥⟩. 
 
The feasible-state initializer prepares the quantum register as a uniform superposition over only feasible 
allocation: 

 |𝜓0⟩ =
1

√|Ω|
∑ |𝑥∈Ω 𝑥⟩.   (5) 

 
This initialization ensures that the quantum search begins only from valid scheduling states. The CSQW engine 
then applies a quantum walk operator that evolves the system only within the feasible subspace: 

 𝑈CSQW|𝜓⟩ ∈ span{|𝑥⟩: 𝑥 ∈ Ω}.  (6) 

 
Thus, the feasibility of the allocation is preserved throughout the quantum evolution. 
The objective biasing module applies a cost-dependent phase oracle based on the objective function in Eq. (3): 

 𝑂𝐹|𝑥⟩ = 𝑒−𝑖𝜃𝐹(𝑥)|𝑥⟩,   (7) 
 

where 𝜃 is a phase-scaling parameter. Allocations with lower scheduling cost receive stronger constructive 
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amplitude biasing, increasing their probability of being measured. Finally, the measurement and evaluation 
module collapses the quantum state into a feasible allocation and evaluates it using energy consumption, SLA 
violation rate, fairness index, resource utilization, and scheduling latency. 

 
 

Fig. 1.The architecture of the proposed QCSA framework. 

Architecture of the proposed Quantum Constraint-Satisfying Allocation framework. 

QCSA Algorithm 

The algorithmic workflow of QCSA is presented in Algorithm. The algorithm first constructs the feasible allocation 
space using resource and policy constraints. It then initializes a quantum register over feasible states, applies 
constraint-satisfying quantum walk evolution, and uses objective-based phase biasing to increase the probability 
of selecting low-cost feasible allocations. 
 

Algorithm 1 Quantum Constraint-Satisfying 
Allocation 

Require: Job set J, server set S, resource 
demands dir, server capacities Cjr, policy 
constraints, weights α, β, γ, and iteration 
count T 

Ensure: Feasible allocation x∗ 
1: Construct the feasible allocation space Ω 

using capacity, exclusivity, and policy 
constraints. 

2: Encode each feasible allocation x ∈ Ω as a 
quantum basis state |x⟩. 

3: Initialize the quantum register as a 
uniform superposition over feasible al-
locations using Eq. (5). 

4: for t = 1 to T do 
5:  Apply the constraint-

satisfying quantum walk operator UCSQW 
using Eq. (6). 

6: Compute the composite scheduling cost F 
(x) using Eq. (3). 

7:  Apply the phase oracle OF to 
bias amplitudes toward low-cost feasible 
allocations using Eq. (7). 

8:  Amplify the probability of 
allocations with lower energy usage, fewer 
SLA violations, and higher fairness. 

9: end for 
10: Measure quantum register to obtain a 

feasible allocation x∗. 
11: Evaluate x∗ using energy consumption, 

http://www.svedbergopen.com/


www.svedbergopen.com                                              International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.5s, 2026                                                                                                                                                                          801 

SLA violation rate, fairness index, resource 
utilization, and scheduling latency. 

12: return x∗ 
 
The main advantage of QCSA is that feasibility is enforced by construction rather than through penalty terms. 
Equations (1) and (2) define the valid cloud scheduling space, while Eq. (5) initializes the quantum register only 
over feasible allocations. The CSQW operator in Eq. (6) ensures that quantum evolution remains inside the feasible 
subspace, and the phase oracle in Eq. (7) guides the search toward allocations with lower energy consumption, 
fewer SLA violations, and better fairness. Consequently, QCSA can eliminate infeasible scheduling solutions, does 
not need to post-process to fix them and can be used to optimize for multi-objective cloud resource allocation. 

Performance Evaluation Setup 

We performed a wide range of experiments to test the proposed QCSA framework with synthetic and trace-driven 
workloads to validate the effectiveness of the framework. The experimental setting, data sets, baseline methods 
and evaluation metrics are described. 

Simulation Environment 

The experiments were conducted by combining a quantum circuit simulator (Qiskit) with a cloud resource 
scheduling environment in a hybrid simulation platform. The classical part of the simulation generates workload 
traces, models resource availability and measures evaluation metrics, the quantum backend runs QCSA circuits. 
The key setup parameters are: 
• Quantum Backend: Qiskit Aer simulator (32 qubits), with additional runs on IBM Quantum Experience 

hardware (7-qubit backend) for validation. 

• Cloud Simulator: CloudSim Plus framework for modeling virtual machines, containers, and datacenter servers. 

• Hardware Environment: Intel Xeon-based server cluster with 64 cores and 128 GB RAM for simulation 
execution. 

Datasets 

Two types of workload datasets were employed: 
• Synthetic Workloads: Randomly generated job traces with different CPU, memory and bandwidth 

requirements. Uniform, normal, and Pareto workloads were used to test the scalability and robustness. 

• Trace-Driven Workloads: The Google Cluster Data (2011) real world workload traces, with millions of job 
submissions over 29 days. For QCSA, we took representative subsets and tested them in realistic conditions. 

Baseline Methods 

QCSA was compared against the following baselines: 
• First-Fit Decreasing (FFD): A heuristic allocation method widely used in classical scheduling. 
• Genetic Algorithm (GA): A metaheuristic optimizer for resource scheduling. 
• QAOA-based Scheduling: A penalty-based quantum approximate optimization algorithm . 
• Reinforcement Learning (RL): A data-driven approach for adaptive cloud scheduling . 

Evaluation Metrics 
The performance of QCSA and baselines was evaluated using the following metrics: 

• Energy Consumption (𝐸): Total energy consumed by active servers, modeled using power usage effectiveness 
(PUE). 

• SLA Violation Rate (𝑆): Percentage of jobs that miss deadlines or exceed latency thresholds. 
• Fairness Index (𝐹): Measured using Jain’s fairness index, evaluating balanced resource allocation across 

tenants. 
• Resource Utilization (𝑈): Average utilization of CPU, memory, and bandwidth across all servers. 
• Execution Latency (𝐿): Time taken to compute a scheduling decision, capturing the algorithm’s responsiveness. 
• Scalability (𝜎): Performance degradation as the number of jobs 𝑁 and servers 𝑀 increases. 

Experiment Design 

QCSA and the baseline algorithms were run 50 times for each workload to address stochastic variations. Averages 
were calculated and confidence intervals were determined. Various parameters including number of qubits, depth 
of quantum circuits and amplitude biasing iterations (p) were systematically tuned to assess the accuracy-
efficiency trade-off and execution latency. 

http://www.svedbergopen.com/


www.svedbergopen.com                                              International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.5s, 2026                                                                                                                                                                          802 

Results and Discussion 

In this section, we report on the performance comparison of the proposed QCSA framework with classical and 
quantum baselines. The results clearly demonstrate the benefits of QCSA in terms of energy efficiency, SLA 
compliance, fairness and scale. 

Energy Consumption 

The results for the energy consumption are presented in Figure 2 for different scheduling methods. The heuristic 
and QAOA-based methods are consistently outperformed by QCSA in terms of energy use. This is brought about 
through constraint satisfying exploration, which results in more efficient packing and reduced idle servers. 
 

 

Fig. 2.Comparison of energy consumption across scheduling methods. 

SLA Violation Rate 

SLA compliance is a critical measure of scheduling performance. As seen in Figure 3, QCSA has the lowest rate of 
SLA violations. This is because it will limit exploration to plausible states, preventing allocations from inherently 
violating deadlines and/or latency limits. 
 

 

Fig. 3.SLA violation rate comparison. 

Fairness Index 

Jain's Index is used to measure the fairness among tenants. As shown in Figure 4, the fairness index value for QCSA 
is near 1.0, which means that the allocation is very balanced. Heuristic methods tend to give more resources to the 
important jobs, however, and do not provide an even distribution. 

http://www.svedbergopen.com/


www.svedbergopen.com                                              International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.5s, 2026                                                                                                                                                                          803 

 

Fig. 4.Fairness index comparison using Jain’s index. 

Resource Utilization 

The results for resource utilization are shown in Figure 5. Average CPU, memory, and bandwidth usage are higher 
for QCSA than baselines. This means using the infrastructure available which will save on underutilised servers. 

 

Fig. 5.Resource utilization across servers.  

Execution Latency 

Figure 6 shows a comparison of the latency for scheduling decision. The execution time of QCSA is still competitive 
with RL methods and is much lower than metaheuristic algorithms, such as GA, despite the overhead of quantum 
circuit simulation. This makes it ideal for real-time scheduling. 

 

Fig. 6.Scheduling decision latency comparison. 

Scalability Analysis 

The scalability was tested by varying the number of jobs (N) and number of servers (M).  
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Fig. 7.Scalability analysis of scheduling methods as workload size increases. 

It is clear from the figure 7. that QCSA scales gracefully in comparison with RL and GA methods. The overhead of 
repairing infeasible allocations is kept polynomial in the workload size because of feasibility invariance, but the 
depth of the quantum circuits grows with the workload size. 

Discussion 

The experimental results show that QCSA has the theoretical benefits. QCSA ensures feasibility, thus removing 
infeasible states and common pitfalls of penalty based optimization. The quadratic converge acceleration of the 
quantum walks allows for more rapid convergence, and the amplitude amplification also guarantees that the 
converged solution is close to optimal. This leads to better energy efficiency, fewer SLA violations, more equitable 
allocation and strong scalability. The results also highlight that QCSA achieves these improvements without 
requiring hybrid quantum-classical loops, distinguishing it from existing approaches such as QAOA-based 
scheduling. 
 

Conclusion and Future Work 

In this paper, we introduced Quantum Constraint-Satisfying Allocation (QCSA), which is a completely quantum-
native approach to multi-resource scheduling on a cloud system. In contrast to penalty quantum optimization 
techniques, QCSA incorporates the feasibility directly into the space of quantum states and considers only feasible 
allocations. The proposed method enhances resource allocation while eliminating penalty tuning and post-repair 
overhead by concurrently using constraint-satisfying quantum walks and amplitude biasing using multiple 
objectives. 
 
Feasibility invariance, success probability amplification, and exploring behavior improvement were established 
through theoretical analysis. Experimental tests with synthetic and trace-driven workloads confirmed that QCSA 
is more energy-efficient, less likely to miss SLA, fairer, better uses resources, and more scalable than classical 
heuristics, reinforcement learning and QAOA-based scheduling. The results show that QCSA is a promising path 
for QNRM in cloud computing. 
 
The next steps are to deploy QCSA on larger quantum hardware with appropriate error mitigation techniques, and 
to expand the framework to accommodate real world considerations such as geographical placement, fault 
tolerance, cooling-aware energy optimization, and tenant-priority policies. Adaptive tuning of quantum walk and 
amplitude amplification iterations will also be examined for optimizing the runtime efficiency under dynamic 
workloads. Last, but not least, integration with the actual orchestration platforms like Kubernetes can assist in 
moving QCSA from simulated evaluations to actual deployment in the cloud. 
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