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Abstract. This study proposes a Quantum-Inspired Evolutionary Algorithm (QIEA) to address high-dimensional multi-
objective resource allocation problems. The probabilistic representation of solutions based on quantum bits and quantum
rotation gates is used to guide the iterative search, and various diversity protection mechanisms are introduced to enhance
the diversity of the population and the quality of the solutions. Many benchmark experiments were conducted on standard
multi-objective problems (such as DTLZ2 and DTLZ7) and real-world resource allocation scenarios (such as power scheduling,
bandwidth scheduling, and logistics). The results show that the proposed QIEA quickly converges to the Pareto optimal front;
after 30 generations, the average inverted generational distance is less than 0.15, and the hypervolume value exceeds 0.92.
This algorithm outperforms traditional evolutionary algorithms in terms of convergence speed, diversity distribution, and
computational efficiency. Further analysis indicates that the algorithm is robust to noise and changes in objectives, and it
can be well-scaled to larger problems. Based on the above analysis, QIEA is likely to be used in practice to solve resource
allocation problems with constraints and conflicting objectives. Research indicates that quantum-inspired operators can be
used in evolutionary strategies to address decision-making in large-scale, real-world optimization problems.
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Introduction

With the development of modern large-scale and complex technological systems, resource allocation issues in
many scientific and engineering fields are becoming increasingly prominent [1]. Cloud computing, wireless
networks, and advanced manufacturing are all examples that need to meet multiple objectives and are
constrained by operational policies and limited physical resources [2]. Due to the aforementioned scale,
complexity, and heterogeneity, traditional combinatorial optimization and mathematical methods are usually
not suitable for handling resource allocation problems in high-dimensional, non-convex environments [3].
Therefore, many metaheuristic algorithms have been used to explore the solution space of complex problems
[4]. Based on the concept of natural selection, evolutionary algorithms (EAs) have been used to solve various
types of multi-objective optimization problems. The goal of EAs is to find approximate Pareto-optimal solutions
and manage the balance between exploration and exploitation across various problem domains [5]. Evolutionary
algorithms (EAs) often experience issues of premature convergence and loss of diversity. Therefore, they are not
suitable for handling complex optimization problems [6]. To overcome the aforementioned shortcomings,
Quantum-Inspired Evolutionary Algorithms (QIEAs) have been introduced. QIEAs integrate fundamental
guantum computing concepts such as superposition and qubit-based solution representation to enhance search
capabilities [7]. Research indicates that Quantum-Inspired Evolutionary Algorithms (QIEAs) may have better
solutions and convergence capabilities than traditional evolutionary algorithms in certain cases [8].
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Most research on QIEA mainly focuses on single-objective or small-scale combinations, neglecting multi-
objective resource allocation [9]. In addition to individually addressing the problem of maintaining population
diversity, it is necessary to accurately approximate well-distributed Pareto optimal sets and design scalable and
adaptive operators in high-dimensional and complex environments [10]. Quantum-inspired evolutionary
algorithms (QIEAs) still lack systematic benchmarking and in-depth theoretical research to adapt to real-world
multi-objective resource allocation environments [11]. To enhance robustness in search and avoid local optima,
some recent studies have proposed combining quantum-inspired search operators with adaptive methods [12].
Due to the constraints and changes involved in logistics, scheduling, and network optimization, the combination
of these methods has hardly been tested. While ensuring the scalability and practical deployability of the
algorithms, new frameworks must be developed to more deeply integrate quantum-inspired models and
advanced multi-objective optimization techniques [13]. The first two objectives are to enhance the
understanding of the theory and to experimentally verify the comprehensive operation of QIEAs in complex
environments [14]. The development of the aforementioned quantum-inspired technology may lead to a
completely new multi-objective optimization method [15].

This paper will introduce a new quantume-inspired evolutionary algorithm for solving multi-objective problems.
Including: establishing a solid theoretical foundation based on quantum-inspired methods to support the
management of allocation complexity and diversity; developing an advanced QIEA framework with innovative
operators for high-dimensional multi-objective problems; and validating numerous experimental results in both
synthetic and real-world environments. The above content will help establish a more solid foundation, providing
a practical route for quantum-inspired evolutionary computation to solve complex resource allocation problems
in the fields of computing and engineering.

Theoretical Foundations

Complexity in Multi-Objective Resource Allocation

Resource allocation is a theoretical problem in multi-objective optimization, which is currently both difficult to
compute and understand [16]. Due to the necessity of simultaneously optimizing multiple conflicting objectives
under strict constraints, a high-dimensional non-convex solution space is naturally formed [17]. The goal of
multi-objective problems is to find a set of Pareto optimal solutions, which are relatively good in many different
aspects, rather than seeking a single optimal solution [18]. As the number of objectives increases, this problem
becomes more severe. The Pareto front can be very complex, making it difficult to ensure sufficient population
diversity to cover the front [19]. Cloud system task scheduling, telecom resource allocation, and distributed
computing load balancing are examples of practical applications. These applications typically involve dynamic
environments, discrete and continuous decision variables, and a large number of constraint sets, making them
very complex [20]. The curse of dimensionality is particularly evident: as the number of dimensions or objectives
increases, the search space grows exponentially, making exhaustive enumeration computationally infeasible.
Due to the presence of numerous local optima, plateaus, and deceptive regions, it is difficult to use traditional
optimization methods for optimization. To design an effective algorithm, it is necessary to understand the
complex relationships between variables and constraints.

Quantum-Inspired Principles in Optimization

Quantum-inspired optimization is a method that utilizes the remarkable properties of quantum mechanics to
create an optimization algorithm that does not require a real quantum computer [21]. Quantum bits, also known
as qubits, can represent solutions with continuously changing probabilities, which is different from the state of
classical bits [22]. Quantume-inspired algorithms can improve the quality of the search space and also develop a
completely new evolutionary operation, which is entirely different from traditional algorithms. For example,
guantum rotation gates use adaptive learning rules to control the state of qubits. This method is based on the
relative performance of candidate solutions [23]. Theoretically, this will help quantum-inspired individual
populations find a good solution faster and avoid local optima, potentially compensating for some shortcomings
of traditional evolutionary algorithms. Entanglement is another characteristic inspired by quantum mechanics.
It can be used to show the interconnections between components in a solution, achieve co-evolution, and
implicitly display variable relationships, as demonstrated in resource allocation problems [24]. Researchers have
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found that quantum-inspired operators can effectively address issues of insufficient population diversity and
solution coverage, particularly in high-dimensional objective spaces [25]. As the scope of quantum-inspired
optimization expands, researchers are developing more and more hybrid models to improve robustness and
convergence. These hybrid models combine quantum-inspired representations with learning-based methods
and traditional metaheuristic approaches.

Theoretical Properties of QIEA

Quantum-inspired evolutionary algorithms (QIEAs) have a strong theoretical foundation and can solve complex
multi-objective problems [26]. Due to the probabilistic nature of the update mechanism driven by quantum bit
decoding and rotation gates, QIEAs are suitable for maintaining population diversity, as population diversity is
an ideal prerequisite for multi-objective search. In order to find better Pareto front approximations, QIEAs use
guantum bit superposition instead of relying on typical population-based searches and losing diversity [27].
Secondly, the theoretical convergence behavior of QIEA. The combination of quantum heuristic search dynamics
with evolutionary selection and mutation operations has been shown to accelerate the convergence of the
population to the global optimum or near-optimal region, even under certain conditions, despite the presence
of high-density local optima. Since core qubits can be set in various ways, QIEAs are very suitable for handling
resource allocation problems in the real world, as they can represent both continuous and discrete decision
variables [28].

Proposed Algorithm

Algorithmic Framework and Workflow

A quantume-inspired evolutionary algorithm (QIEA) has been proposed to solve complex resource allocation
problems. The workflow can systematically organize the integration of quantum-inspired representation,
evolutionary operations, and multi-objective selection and update cycles, as shown in Figure 1.
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Figure 1. Workflow of the Quantum-Inspired Evolutionary Algorithm.
First, generating an individual population requires initializing the quantum bit sequence of the solution;
otherwise, they will be continuous vectors or binary strings. The decision variable j in individual i 's quantum bit
qji is formally represented as
qji = a;;|0) + Bj;|1), |aji|2 + |Bji|2 =1 Eq.(1)
Probabilistic encoding can effectively begin exploring and more comprehensively cover the decision space of the
initial population.

First, initialization is performed, followed by quantum measurement. According to the probability distribution
of each qubit, it is compressed into a classical state:
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P(qj: =1) = |Bil", P(g0 = 0) = |ts|* Ea.(2)
Then, these classic works are analysed in terms of multiple objectives. The search process proceeds iteratively.
At each generation, all candidate solutions are evaluated, and non-dominated sorting is employed. Each solution
receives a Pareto front rank 1, and a crowding distance d, calculated as

M ckt1 _ k-1

d, = Z L — - Eq.(3)
© L fpex — fmin

where £X*1 and £k~ denote the objective values for adjacent solutions in the sorted order for objective m, and
M is the number of objectives. The tournament selection technique is used to choose the candidate pool for
pairing. Behind the team and farther from the entrance is usually more stable and has less traffic. First is the
guantum rotation gate (QR), used to move the population in the optimal direction. The range is as follows:

a]{i _ CcoS (Aejl) —sin (Agﬂ) aji]

Bji sin (46;;)  cos (46;;) Bji
The rotation angle A8; is determined adaptively by the following expression:

AQ =n- S( ]uxji) : (F(x ) - F(X)) Eq.(5)
Here, 1 is the Iearning rate, S(-) encodes bitwise comparison between the elite solution x* and the current

individual x, and F(+) is the aggregate objective function. A quantum-inspired mutation operator introduces
further diversity:

Eq.(4)

qji = cos ($)q;; + sin ($)q;; Eq.(6)
where ¢ is a random angle and qj-'i denotes the orthogonal qubit. This mutation increases the chances of
escaping suboptimal regions. Through continuous repetition of measurement, evaluation, selection, rotation,

and variation, until reaching the stopping criteria, such as achieving the maximum generation or convergence of
the Pareto set. The final result is a set of diverse, non-dominated Pareto-optimal solutions.

Diversity Preservation Mechanisms

In order to ensure the diversity of all multi-objective evolutionary algorithms, QIEA has succeeded in reducing
early convergence and achieving broader coverage of the Pareto front. Figure 2 shows the structure of these
mechanisms in the system. The genotypic and phenotypic diversity in the optimization process is maintained by

the functions of these four qubits: superposition, adaptive selection and updating, archiving, and targeted
mutation enhancement.
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Figure 2. Structural Diagram of Diversity Promotion and Preservation Techniques in QIEA.
The initial Amplitudes of the qubits are set to
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0)(2 0)[2
for every variable and individual, ensuring uniform sampling of the solution space at generation t = 0. Selection

for reproduction considers both Pareto front rank and crowding distance:

X, =arg mxin(rx —Ad,) Eq.(8)
where 1, is the non-dominated rank, d,, is the crowding distance, and 1 is a user-defined weight balancing
convergence pressure versus diversity maintenance. Dynamically adjust the strength of the update at different
stages in the evolution process:

46;; = 46;;(1 — &d;) Eq.(9)
with & serving as a feedback parameter to reinforce diversity when local density increases in objective space. An
elite archive is maintained to store well-distributed, high-quality solutions. A new solution x,,, is archived only
if the minimum Euclidean distance to all current archive members, as defined by

min(If Gpen) = FOOI2) > € Eq.(10)

exceeds a given crowding threshold €. Quantum-inspired mutation aims to solve the stagnation problem by
using controlled randomization. It uses individuals with low crowding distance or those that appear multiple
times during the selection process to expand the search space.

qj; = cos ($)q;; + sin (P)q5; Eq.(11)

Complexity and Scalability Considerations

First, evaluate the scalability and computational complexity of Quantum-Inspired Evolutionary Algorithms (QIEA)
in large-scale, high-dimensional, and multi-objective optimization problems. Here, the theoretical value and
practical applications of QIEA in all engineering fields are introduced.

Let N be the population size, D be the number of decision variables, and M be the number of objectives. In each
generation, most computational resources are used for quantum measurement and decoding, objective fitness
evaluation, non-dominated sorting with crowding distance assignment, quantum heuristic updates, and elite
archiving.

The population size and the number of variables is linearly related to quantum measurement, decoding, and
guantum heuristic update operations (including rotation and mutation):

Tqubit = O(ND) Eq-(lz)
Since the above operations are independent at both the individual and variable levels, efficient parallelization
can be achieved, such as with multi-core CPUs, GPUs, distributed systems, etc.

In objective evaluation, a large number of simulations and high-dimensional objective functions are often the
sources of computational cost. All objectives and everyone can be summarized by the following computational

costs:
M
oo = O (N Z Cm> Eq.(13)

m=1
where C,, is the cost of computing the m-th objective. Surrogate models or batched computation are frequently
used in practice to limit this cost.

The first expansion bottleneck is the calculation of non-dominated sorting and the calculation of crowding
distance; both require Pareto ranking and diversity. For a population of N solutions and M objectives, the
standard time complexity is:

Tnd—sort = O(MNZ) Eq-(14)
This quadratic scaling is manageable for small to moderate N but requires parallel or incremental strategies for
truly large-scale optimization.

Memory usage is dictated by the storage requirements for quantum amplitudes, decoded individuals, and the
elite archive, typically scaling as O(ND + |A|D), where |A| is the adaptive archive size.
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As D increases, adaptive archiving and quantum encoding are still used to maintain the diversity and
convergence stability of the solutions. In multi-objective problems, a common metric for configuring QIEA is
diversity coverage, which is the proportion of the true Pareto front covered by the generated solutions.

Experimental Validation

Experimental Setup and Test Problems

In order to comprehensively verify the effectiveness of the proposed Quantum-Inspired Evolutionary Algorithm
(QIEA), they studied many representative multi-objective optimization problems and real-world resource
allocation cases, and examined their applicability and diversity [29]. The experimental plan strictly adheres to
the latest evolutionary optimization standards, including a comprehensive comparison with existing standards
and a systematic sensitivity analysis [30].

The famous DTLZ and WFG problems are applicable to deceptive Pareto front structures, non-convexity, and
scalability. These problems are part of the benchmark suite. Due to their incredible convergence and solution
diversity in other objective functions, DTLZ2 and DTLZ7 were chosen as the main problems for this study [31].
All test cases were extensively parameterized: the objective functions ( M ) ranged from 2 to 10, and the decision
variables ( D ) ranged from 10 to 100, for broad scalability testing [32].

Some experiments used synthetic functions under limited resources. Power scheduling optimization, wireless
bandwidth scheduling, and multi-objective logistics are a few examples in engineering applications that consider
these factors [33]. To simulate uncertainty and environmental changes, some specific studies deliberately
incorporate dynamic objective functions and noise [34].

To ensure fairness, all algorithms—QIEA and reference baselines such as NSGA-II, MOEA/D, and SPEA2—were
developed and run in a unified software environment. The experiments were repeated three times using
different random seeds. To improve performance and resource efficiency, a grid search was conducted on the
initial task to optimize the parameters of QIEA, such as population size, quantum bit rotation rate, mutation rate,
and elite archive size.

This experiment added a 40-core Intel Xeon CPU, 512GB of memory, and CUDA-enabled GPU accelerators to
meet the recent demands for high performance and the new standards of reproducibility and scalability. Ensure
reproducibility by strictly adhering to the random seed allocation protocol and completing the configuration file.

Evaluation Metrics

Based on the above information, we will use general multi-objective optimization criteria for selection [35].
Carefully calculate the computational efficiency, convergence, diversity, and robustness metrics of all test cases.

The Inverted Generational Distance (IGD) can be used to evaluate the proximity of solutions to the true Pareto
front, to determine whether the algorithm has converged. Lower values indicate better performance [36].

To evaluate diversity and solution spread, the Hypervolume (HV) and Spread (A) metrics were applied.
Hypervolume reflects both convergence and solution diversity, capturing the dominated volume in the objective
space; higher HV indicates superior coverage of the Pareto set [37]. The spread is relatively small; therefore, the
solutions show good agreement and do not cluster.

Through runtime analysis, a large number of computation speeds and fitness evaluation counts for real-time
applications were discovered [38]. In practical applications, it is feasible and computationally stable in all cases.

To evaluate the robustness and scalability of IGD and HV, the coefficient of variation from multiple repetitions
was used to determine their sensitivity to noise in the objectives or random fluctuations in the model. If
necessary, additional metrics can be added, such as the answer error rate in a dynamic testing environment.

Each generation calculates the above metrics to help construct learning curves and coverage maps based on the
computational workload. Based on the above analysis, the Wilcoxon rank-sum test and QIEA rank were used for
comparison. All relevant performance metrics have shown significant improvement.
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The overall results, as well as the distribution of metrics and chart comparisons, are shown in Section 4.3; each
chart in Figure 3-7 provides a comprehensive performance analysis of the mixed and multi-panel setups.

Analysis of Results

In order to determine the effectiveness and shortcomings of the new QIEA, an organized analysis of the
experimental results was conducted. Based on the detailed metrics and benchmarks listed in Sections 4.1 and
4.2, this section presents the comparative results of the aforementioned evolutionary optimization algorithms
and baseline methods in both synthetic and real-world scenarios [39].

Figure 3 shows the multi-dimensional, comprehensive convergence results of QIEA in multiple benchmark tests.
As shown in the convergence rate panel of Figure 3(a), QIEA achieved a relatively rapid decrease in the Inverted
Generational Distance (IGD) value over 50 generations. QIEA outperforms NSGA-Il, MOEA/D, SPEA2, and NSGA-
Il in terms of optimization performance. By 2024, the average IGD of QIEA had dropped below 0.15, while the
IGD of most other algorithms remained above 0.22. QIEA reached the Pareto optimal faster. As shown in Figure
3(b), the hypervolume progression indicates that QIEA achieved a higher hypervolume value over 30 generations,
converging to 0.92, which is approximately 7-15 percentage points higher than the best-performing baseline. As
shown in Figure 3(c), the solution diversity of QIEA is relatively high, with a median diversity of 0.72, and it covers
the entire objective space, supporting multi-objective optimization. Figure 3(d) shows the comparison of
computation time. QIEA strikes a balance between convergence performance and efficiency, with a median
runtime of approximately 22 seconds for high-dimensional problems. Due to its parallelization framework, its
variance is smaller than that of other algorithms.
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Figure 3. Multi-panel algorithm convergence statistics. (a) Convergence rate; (b) Hypervolume progression; (c) Solution diversity; (d)
Computational time.

Table 4 shows a detailed comparison of the baseline algorithms. Figure 4(a) enlarges the violin plot, showing the
distribution of the final objective values for all methods. Sample scatter plots and medians were also added.
Other methods, such as NSGA-III, have a narrower distribution and a higher median (median = 0.43), while QIEA
is both stable and optimal. Figure 4(b) shows the Pareto front coverage of approximately 70 objective points for
each algorithm, along with scatter plots and global mean lines. The Pareto front of QIEA is very effective because
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it is clear, dense, and uniform at the front, especially in areas with higher objective values. Figure 4(c) shows a
bar chart of the extent index, including overlaid data points and numerical labels. QIEA achieved the lowest
(optimal) average extension degree of 0.14, with the characteristic of a uniformly distributed solution being a
necessary condition for decision support.
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Figure 4. Comparative results with baseline algorithms. (a) Distribution of final objective values; (b) Pareto front coverage; (c) Spread
metric comparison.

Figure 5 shows the sensitivity of key design parameters. Figure 5(a) shows a scatter plot of the impact of five
settings (20-100) on the Q-position population size. It also shows the mean and standard error. The trend
indicates that the average IGD steadily increases with the population size; for population sizes of 80 or more,
the average IGD reaches 0.19; the variance is relatively small in each run. Figure 5(b) shows a jittered scatter
plot of mutation rate analysis, where the mean bars and mean labels are semi-transparent. Lower mutation
rates (0.005-0.01) result in lower means and dispersion; however, excessively high mutation rates are unstable.
Figure 5(c) is a box plot of the crossover rate with additional data points, showing that it is unimodal. Moderate
crossover performs best, with both high and low crossover rates showing increased variability.

Figure 6 shows the solutions of QIEA in the field of resource allocation. Figure 6(a) is a 10x10 heatmap showing
the adaptive clustering of allocation intensity under multi-objective pressure, with different areas reflecting the
fine-grained adjustments of QIEA to the demands of the conflicting system. Figure 6(b) is a scatter plot of 100
simulated usage samples, where it can be observed that most allocations are concentrated between 0.65 and
0.95; therefore, this algorithm achieves fair and efficient resource allocation without any resource scarcity or
excessive concentration. The trade-off curve in Figure 6(c) plots the cumulative metric values of efficiency and
fairness for 20 leading solutions; QIEA generally maintains a good margin between these two metrics, with
changes in the trade-off point corresponding to actual system upgrades. Furthermore, based on the shape and
span of the efficiency-fairness curve, various types of decision objectives can be achieved, and specific reference
points for different trade-off optima in complex resource allocation planning can be provided.
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In the scalability scenario, the scalability and stability of QIEA are shown in Figure 7. Figure 7(a) shows the
increase in runtime as the problem size increases from 100 to 1600; QIEA exhibits near-linear scalability, with
the median runtime only rising from 12 seconds to 66 seconds, making it suitable for large-scale problems. Figure
7(b) assesses output robustness under noise, using a violin plot for five algorithm settings; QIEA's distribution
remains centered and narrow (mean ~0.7, SD < 0.06), while competitors present larger spread and occasional
outliers, highlighting QIEA’s superior tolerance and reliability in dynamic environments.

(a) Problem size vs. runtime (b) Robustness to noisy objectives
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Figure 7. Scalability and robustness assessment. (a) Runtime vs. problem size; (b) Robustness under noise.
Statistical significance tests consistently indicate that QIEA outperforms or at least matches the performance of
traditional and newly proposed evolutionary strategies in all the aforementioned metrics. Given its stability
under different parameters and scenarios, as well as its ability to generate a large number of high-quality
solutions, this algorithm is highly suitable for high-dimensional, multi-objective, and noisy real-world problems
[40].

Conclusion

This paper studies the application of Quantum-Inspired Evolutionary Algorithms (QIEA) in multi-objective
optimization and conducts a comprehensive evaluation using a large number of benchmark functions and real-
world resource allocation problems. Through comparison and analysis of the system, we found that QIEA
outperforms NSGA-Il, MOEA/D, SPEA2, and NSGA-IIl in terms of convergence speed, solution diversity, Pareto
front coverage, and hypervolume achievement. This method is relatively easy to scale to large-scale problems
and does not lose speed in parallel population update methods. Due to its wide range of applications, QIEA can
be used for high-dimensional and dynamic optimization. QIEA is suitable for complex decision-making problems
in the real world because it can reasonably balance multiple objectives and perform stably in the presence of
noise and uncertainty.

The above lists its drawbacks. Although QIEA is relatively feasible, for extremely large-scale optimization
problems with thousands of decision variables or narrow search areas, parameter and memory settings are still
required to achieve optimal convergence behavior. In some test cases, excessively high mutation rates or
crossover values beyond a moderate range may lead to unstable solutions or increased variance. The algorithm
performs well in benchmark tests for synthesis and resource allocation problems, but it has not yet been widely
used in other areas, such as combinatorial logistics and dynamic network scheduling. Research is needed to
address the aforementioned issues or to correct them through algorithms.

For the future development of QIEA research, many promising prospects have emerged. Add adaptive
parameter control to reduce the impact of environmental changes on sensitivity and automatically adjust the
search range of algorithm parameters. The development capabilities for large-scale and highly constrained
problems can be enhanced by combining them with domain-specific heuristic methods or local search strategies.
Propose an extension of the QIEA framework to address dynamic and multi-objective problems in online or
stream environments. More research should be conducted to investigate theoretical convergence and the
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design of lightweight, efficient hardware implementations. Doing so will promote its wider application in real
life.
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