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Abstract
In multi-objective evolutionary algorithms, excessive time complexity represents
a ubiquitous challenge, particularly when addressing problems with more than
three objective functions, where solution rank assignment consumes considerable
computational resources. Focusing specifically on three-objective problems and
leveraging Pareto dominance relationships, this study investigates solution rank
assignment and identifies inherent redundancies in classical ranking and assign-
ment methods: such approaches necessitate sorting all solutions prior to rank
assignment and subsequent generation selection, thereby incurring unnecessary
computational overhead. To mitigate this redundancy, we propose an efficient
three-objective evolutionary algorithm that integrates Pareto non-dominance
relationships with differential evolution. The algorithm computes exclusively
the highest-rank individuals in each iteration, concurrently performing rank as-
signment and offspring selection, and terminates computation upon offspring
population generation, thus reducing the number of evaluated individuals and
overall computational cost. Furthermore, we present comprehensive theoretical
analysis and proofs for the proposed method. Subsequently, comparative exper-
iments are conducted across a series of three-objective optimization problems,
benchmarking our approach against the renowned NSGA-II ranking method and
the recently prominent ENS method. Simulation results demonstrate that the
proposed method surpasses classical approaches in both time complexity and
convergence speed, while exhibiting marginally inferior performance relative to
ENS. On standard test functions DTLZ1-DTLZ6, the proposed method achieves
performance comparable to ENS and superior to NSGA-II, thereby validating
its effectiveness and correctness.
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Abstract

In multi-objective evolutionary algorithms, excessive time complexity is a per-
vasive issue, particularly when dealing with three or more objective functions,
where solution ranking assignment consumes disproportionate computational
resources. Addressing tri-objective problems, this paper investigates solution
ranking assignment using Pareto dominance relationships and identifies redun-
dant operations in classical ranking and allocation methods. Conventional ap-
proaches require sorting all solutions before rank assignment and selection of
the next generation, incurring unnecessary computations. To eliminate this re-
dundancy, we propose an efficient three-objective evolutionary algorithm that
integrates Pareto non-dominance relationships with differential evolution. The
algorithm processes only the highest-ranking individuals in each iteration, simul-
taneously performing rank assignment and offspring selection, terminating com-
putation once the offspring population is generated. This strategy reduces the
number of evaluated individuals and computational overhead. We provide the-
oretical analysis and proofs supporting the method. Comparative experiments
against the renowned NSGA-II sorting method and the recently proposed ENS
method on a series of tri-objective optimization problems demonstrate that our
approach outperforms classical methods in time complexity and convergence
speed, while remaining competitive with ENS. Performance on standard test
functions DTLZ1-DTLZ6 shows results comparable to ENS and superior to
NSGA-II, thereby validating the effectiveness and correctness of the proposed
method.

Keywords: tri-objective optimization; Pareto; non-dominated sorting; conver-
gence speed

0 Introduction
Multi-objective optimization problems (MOPs) generally involve more than two
objective functions, with solutions forming a set known as the non-dominated
set or Pareto-optimal set. Various methods exist for solving general optimiza-

chinarxiv.org/items/chinaxiv-201805.00399 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00399


tion problems, including linear programming, gradient descent, and evolution-
ary algorithms, though existing research indicates that multi-objective evolu-
tionary algorithms (MOEAs) are particularly suitable for MOPs. MOEAs have
garnered extensive international attention, yielding numerous outstanding al-
gorithms, most notably NSGA-II and SPEA2. These algorithms evaluate solu-
tions through spatial density and Pareto dominance, constructing Pareto candi-
date solution sets to obtain optimal solutions. Domestic scholars including Jiao
Licheng, Chen Huowang, Cui Xunxue, Zheng Jianguo, and Cai Zixing have con-
ducted in-depth research on the key technologies, theoretical analysis, and de-
velopmental history of multi-objective evolution, identifying research directions
and challenges. Among these, improving computational efficiency represents a
particularly significant problem.

To enhance algorithmic efficiency, researchers have pursued various approaches.
NSGA-II offers substantial computational speed advantages over its predeces-
sor and other contemporary algorithms, yet its global time complexity remains
O(mn²). Tang et al. improved upon this using Pareto dominance relationships
and the arena principle, randomly selecting a solution as the “champion”and
comparing it with remaining solutions. If any solution dominates the champion,
it replaces the original, achieving time and space complexities of O(mn²) and
O(n) respectively, demonstrating higher efficiency than NSGA-II in experiments.
Clymont et al. proposed the deductive sort method, which records comparison re-
sults between all solutions to infer dominance relationships and avoid redundant
comparisons, with time and space complexities below O(mn²) and O(n). Re-
cently, Zhang Xingyi et al. introduced the Efficient Non-dominated Sort (ENS)
method, which determines a candidate solution’s rank when compared against
already-ranked solutions, avoiding substantial redundant operations. ENS in-
cludes two variants: ENS-SS and ENS-BS. ENS-SS checks ranks sequentially
from the first level until the candidate is assigned, while ENS-BS begins from
the middle rank and halves the search range after each comparison. Experi-
mental results show ENS significantly outperforms comparative algorithms in
computational efficiency.

Differential evolution (DE) has emerged as an excellent algorithm in recent years,
attracting considerable attention for its efficiency and simplicity. Abbass and
Sarker first combined DE with non-dominance relationships for multi-objective
optimization, achieving promising results. Robic and Filipic proposed DEMO,
the most well-known multi-objective DE algorithm. Yang Ping et al. employed
election rules to construct Pareto non-dominated solution sets with theoretical
efficiency proofs, though their work focused only on comparing non-dominated
sorting counts. Ren Changan et al. proposed an improved multi-objective evo-
lutionary algorithm based on objective space partitioning using interval index
values, but tested it only on bi-objective problems. Recent work has integrated
clustering and data analysis methods to improve multi-objective DE, while
other studies have proposed grid-index-guided multi-objective DE algorithms,
all achieving favorable results. However, these multi-objective DE methods re-
quire rank assignment for all individuals during non-dominated sorting, creating
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redundant operations. Our previous work addressed this for bi-objective DE, in-
troducing a fast non-dominated sorting method that achieved good results, but
remained limited to bi-objective problems.

Building upon this foundation, this paper presents an efficient three-objective
DE method using Pareto non-dominated relationships. For tri-objective opti-
mization problems, the method enables simultaneous non-dominated sorting
and selection of individuals for the next generation. Comparative experiments
against classical and state-of-the-art algorithms demonstrate through theoreti-
cal analysis and experimental results that the proposed method is both correct
and highly efficient.

1 Related Theory
1.1 Differential Evolution Algorithm

Since its inception, differential evolution has become one of the most renowned
algorithms in evolutionary computation due to its speed, ease of implementation,
and minimal parameter requirements. DE is a heuristic algorithm comprising
basic operations of mutation, crossover, selection, and update. The general
procedure is summarized below.

First, an initial population is randomly generated, followed by mutation. Several
mutation strategies exist, with the most common being:

a) DE/rand/1: 𝑣𝑖,𝑔 = 𝑥𝑟1,𝑔 + 𝐹(𝑥𝑟2,𝑔 − 𝑥𝑟3,𝑔)
b) DE/best/1: 𝑣𝑖,𝑔 = 𝑥𝑏𝑒𝑠𝑡,𝑔 + 𝐹(𝑥𝑟1,𝑔 − 𝑥𝑟2,𝑔)
c) DE/current-to-best/1: 𝑣𝑖,𝑔 = 𝑥𝑖,𝑔 + 𝐹(𝑥𝑏𝑒𝑠𝑡,𝑔 − 𝑥𝑖,𝑔) + 𝐹(𝑥𝑟1,𝑔 − 𝑥𝑟2,𝑔)

where 𝑥 represents the target vector, 𝑣 the mutant vector, subscript 𝑖 denotes
the 𝑖-th individual (𝑖 = 1, 2, 3, … , 𝑁𝑃 ) with 𝑁𝑃 being the population size, and
𝑔 indicates the 𝑔-th generation. In equation (3), 𝑥𝑏𝑒𝑠𝑡,𝑔 is the best individual
in the population, 𝑥𝑖,𝑔 the current individual, 𝑣𝑖,𝑔 the mutated individual, and
𝑥𝑟1,𝑔, 𝑥𝑟2,𝑔, 𝑥𝑟3,𝑔 are three mutually distinct randomly selected individuals. The
term (𝑥𝑟1,𝑔 − 𝑥𝑟2,𝑔) represents the differential vector, scaled by factor 𝐹 to
control search step size.

Next, crossover combines the mutant vector 𝑣𝑖,𝑔 with the target vector 𝑥𝑖,𝑔
to produce the trial vector 𝑢𝑖,𝑔. DE employs either binomial or exponential
crossover, with binomial being more commonly used:

𝑢𝑗,𝑖,𝑔 = {𝑣𝑗,𝑖,𝑔 if 𝑟𝑎𝑛𝑑𝑖,𝑗 ≤ 𝐶𝑟 or 𝑗 = 𝑗𝑟𝑎𝑛𝑑
𝑥𝑗,𝑖,𝑔 otherwise

where 𝑗 = 1, … , 𝐷 indexes the gene dimension, 𝐶𝑟 ∈ [0, 1] is the crossover
probability controlling convergence speed, and 𝑗𝑟𝑎𝑛𝑑 is a random integer in [1, 𝐷]
ensuring at least one gene originates from the mutant vector.
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Finally, selection employs a highly greedy strategy, comparing target and trial
vectors individually, with the superior advancing to the next generation. For
minimization problems, selection follows:

𝑥𝑖,𝑔+1 = {𝑢𝑖,𝑔 if 𝑓(𝑢𝑖,𝑔) ≤ 𝑓(𝑥𝑖,𝑔)
𝑥𝑖,𝑔 otherwise

This summarizes the DE procedure; detailed descriptions are available in the
literature.

1.2 Multi-Objective Optimization

In multi-objective optimization, objective functions are mutually conflicting and
non-commensurable, with optimal solutions typically forming a set rather than
a single point. This fundamentally distinguishes multi-objective from single-
objective optimization where a unique optimal solution exists. The dominance
relationship between two solutions is defined as Pareto dominance. Since MOPs
lack a global optimum, multiple Pareto-optimal solutions exist, constituting the
problem’s optimal solution set. All solutions within this set are mutually non-
dominated, allowing decision-makers to select one or more based on preferences.
Multi-objective evolutionary algorithms aim to obtain numerous, uniformly dis-
tributed Pareto-optimal solutions approaching the theoretical Pareto front. Rel-
evant concepts and mathematical formulations are detailed in the literature.

2 Efficient Three-Objective Differential Evolution Using
Pareto Non-Dominance
2.1 Efficient Non-Dominated Sorting Method

NSGA-II is among the most famous multi-objective optimization algorithms,
with many improved algorithms drawing upon its principles. However, NSGA-
II exhibits computational redundancy: its non-dominated sorting process must
assign ranks to all individuals before selection can occur. The recently proposed
ENS algorithm also requires rank assignment for all individuals, though it avoids
unnecessary dominance comparisons to improve speed. Both approaches deter-
mine ranks for the entire population before selecting individuals for the next
generation in descending rank order from level 1 to level 𝑛.

In multi-objective evolution, assuming a population size of 𝑁 , exactly 𝑁 chro-
mosomes must be selected for the next generation. Classical algorithms process
all 2𝑁 chromosomes, requiring complete sorting, rank assignment, and com-
parison before selecting 𝑁 individuals. Consider whether we could identify 𝑁
suitable chromosomes by processing only a subset of the 2𝑁 individuals. Reduc-
ing the number of evaluated individuals would improve algorithmic efficiency.
Therefore, based on inherent patterns in tri-objective non-dominated sorting,
we propose an efficient tri-objective non-dominated sorting method that avoids
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comparing all 2𝑁 individuals, thereby reducing time complexity. The detailed
algorithm is presented below.

Algorithm 1: Efficient Tri-Objective Non-Dominated Sorting Method

Input: Combined parent and offspring population 𝑈 with 2𝑁 individuals
Output: 𝑁 chromosomes selected for the next generation

1. For rank = 1

2. For each individual 𝑖 = 1 ∶ 2𝑁

3. Identify 4 special individuals belonging to rank level, store in set 𝑆𝑟𝑎𝑛𝑘

4. These are individuals with minimum distances to the 𝑓1 axis, 𝑓2 axis, 𝑓3
axis, and origin

5. End for

6. Assign rank to individuals in set 𝑆𝑟𝑎𝑛𝑘

7. Compute set difference 𝑈 ′ = 𝑈 ∖ 𝑆𝑟𝑎𝑛𝑘

8. For each individual 𝑗 = 1 ∶ |𝑈 ′|

9. Compare individual 𝑗 with all individuals in 𝑆𝑟𝑎𝑛𝑘

10. Obtain all individuals of rank level, store in set 𝑆𝑟𝑎𝑛𝑘

11. End for

12. End for individual 𝑖

13. Obtain complete set of individuals at rank level, store in 𝑆𝑟𝑎𝑛𝑘

14. All individuals in 𝑆𝑟𝑎𝑛𝑘 enter offspring population

15. If total offspring individuals > 𝑁

16. Perform crowding distance calculation and select partial individuals

17. End if

18. If total offspring individuals = 𝑁

19. Terminate algorithm
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20. End if

21. End for individual 𝑖

22. Compute set difference 𝑄 = 𝑈 ∖ 𝑆𝑟𝑎𝑛𝑘

23. Update 𝑈 = 𝑄

24. rank++, proceed to next rank level

25. End rank loop

Algorithm 1 assumes population size 𝑁 and input set 𝑈 of 2𝑁 chromosomes.
The proposed sorting method selects next-generation individuals without ex-
haustive computation of all 2𝑁 individuals, reducing comparison counts and
eliminating computational redundancy. Key features include: First, identify
four special individuals in the current population belonging to the highest rank
(assuming non-coincidence for the general case) and store them in 𝑆𝑟𝑎𝑛𝑘. Then
compare remaining individuals against those in 𝑆𝑟𝑎𝑛𝑘. When an individual 𝑖
is dominated by any member of 𝑆𝑟𝑎𝑛𝑘, comparison terminates early, saving op-
erations. When individual 𝑖 is non-dominated with all members of 𝑆𝑟𝑎𝑛𝑘, it is
added to 𝑆𝑟𝑎𝑛𝑘. Drawing from ENS methodology, comparisons begin with the
last individual in 𝑆𝑟𝑎𝑛𝑘, ensuring the set remains sorted by the first objective
function value in ascending order, making later individuals more likely to dom-
inate 𝑖. Repeating this process yields all highest-rank individuals (rank = 1) in
𝑆𝑟𝑎𝑛𝑘. If admitting all 𝑆𝑟𝑎𝑛𝑘 individuals into the next generation exceeds 𝑁 ,
crowding distance calculation selects a subset; otherwise, all individuals enter
the next generation and rank increments to process the next level. If exactly 𝑁
individuals are selected, the algorithm terminates without processing remaining
individuals, improving efficiency. Typically, during mid-evolution, only the first
few rank levels suffice to fill the next generation, eliminating computation for
lower ranks and substantially saving time.

2.2 Theoretical Foundation of the Efficient Tri-Objective Non-
Dominated Sorting Algorithm

The crucial aspect of the proposed algorithm is identifying four special indi-
viduals guaranteed to belong to the current population’s highest rank. For
tri-objective optimization, at most four such special individuals exist (though
they may coincide; we assume the general non-coincident case). Proving these
individuals occupy the highest rank is fundamental.

Inference 1: If an individual 𝑎(𝑥, 𝑦, 𝑧) has the minimum 𝑥-coordinate value
among all individuals in the current population, then 𝑎 belongs to the highest
rank.

Inference 2: If an individual 𝑏(𝑥, 𝑦, 𝑧) has the minimum 𝑦-coordinate value
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among all individuals in the current population, then 𝑏 belongs to the highest
rank.

Inference 3: If an individual 𝑐(𝑥, 𝑦, 𝑧) has the minimum 𝑧-coordinate value
among all individuals in the current population, then 𝑐 belongs to the highest
rank.

Inference 4: If an individual 𝑑(𝑥, 𝑦, 𝑧) has the minimum distance to the origin
among all individuals in the current population, then 𝑑 belongs to the highest
rank.

Proof by contradiction for Inference 1: Given the current population,
let 𝑥𝑚𝑖𝑛 be the minimum 𝑥-coordinate value. For individual 𝑎(𝑥𝑚𝑖𝑛, 𝑎𝑦, 𝑎𝑧),
no individual 𝑙 exists with 𝑙𝑥 < 𝑥𝑚𝑖𝑛. Assume there exists an individual 𝑙 that
dominates 𝑎(𝑥𝑚𝑖𝑛, 𝑎𝑦, 𝑎𝑧). By Pareto principles, this requires 𝑙𝑥 < 𝑥𝑚𝑖𝑛, 𝑙𝑦 < 𝑎𝑦,
and 𝑙𝑧 < 𝑎𝑧, which contradicts the known condition. Therefore, no such 𝑙 exists,
proving 𝑎 belongs to the highest rank. Similar proofs apply to Inferences 2-4.
Thus, the four special individuals identified by our method are guaranteed to
be highest-rank individuals.

2.3 Algorithm Framework and Time Complexity Analysis

Based on the efficient tri-objective non-dominated sorting method, we propose a
Fast Multi-objective Differential Evolution algorithm (FMODE) by integrating
it with differential evolution. The overall framework is presented in Algorithm
2.

Algorithm 2: Fast Multi-Objective Differential Evolution

Input: Algorithm parameters, population size 𝑁 , maximum function evalua-
tions 𝐹𝐸𝑆
Output: Final evolved solution set

1. Initialize population 𝑋(0) ∶ {𝑥1(0), … , 𝑥𝑛(0)}

2. Load algorithm parameters: 𝐺, 𝑁, 𝐶𝑟, 𝐹

3. While evolution not terminated

4. Perform mutation using equation (1) to obtain 𝑀

5. Perform crossover using equation (4) to obtain 𝑄

6. Combine parent and offspring populations: 𝑈 = 𝑋 ∪ 𝑄

7. Set 𝐾 = 0

8. While 𝐾 < 𝑁
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9. Call Algorithm 1 for efficient non-dominated sorting

10. Set 𝐾 individuals as selected for next generation

11. End while

12. If offspring population size equals 𝑁

13. Terminate algorithm

14. Else

15. Select appropriate individuals for next generation

16. End if

17. End while

FMODE processes only the highest-rank individuals during non-dominated sort-
ing while monitoring whether sufficient next-generation individuals have been
selected, terminating early when possible and substantially reducing computa-
tion time. Classical non-dominated sorting algorithms must assign ranks to all
individuals before selection, incurring greater overhead. The original NSGA al-
gorithm had 𝑂(𝑚𝑛3) time complexity, while NSGA-II improved this to 𝑂(𝑚𝑛2)
but still required complete rank assignment before selection, containing redun-
dant operations.

The renowned ENS algorithm comprises two main steps: (1) sorting the popula-
tion by the first objective (𝑂(𝑛 log 𝑛)), and (2) assigning ranks to each solution.
ENS-SS has worst-case 𝑂(𝑚𝑛2) complexity when all individuals share one rank,
and best-case 𝑂(𝑚𝑛) when individuals are distributed across approximately

√𝑛
ranks. ENS-BS has identical worst-case complexity but best-case 𝑂(𝑚𝑛 log 𝑛)
when all ranks are distinct.

For the proposed algorithm, the best case occurs when the first rank contains ex-
actly 𝑁 individuals, which are directly selected for the next generation, requiring
𝑂(𝑚𝑛) time. Sorting by objective values costs 𝑂(𝑛 log 𝑛), and computing dis-
tances to the origin costs 𝑂(𝑛), yielding total complexity 𝑂(𝑚𝑛)+2𝑂(𝑛 log 𝑛)+
𝑂(𝑛). The worst case matches NSGA-II, requiring rank assignment for all indi-
viduals at 𝑂(𝑚𝑛2), giving total complexity 𝑂(𝑚𝑛2)+2𝑂(𝑛 log 𝑛)+𝑂(𝑛). While
early generations process multiple ranks due to random population distribution,
later generations typically require only the first few ranks, improving efficiency.
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3 Simulation Experiments
3.1 Experimental Environment and Parameter Settings

To validate FMODE’s effectiveness, we employ international standard test prob-
lems DTLZ1-DTLZ6, whose Pareto fronts are representative. Function descrip-
tions are shown in Table 1. FMODE parameters are set as: population size
𝑁 = 200, mutation factor 𝐹 = 0.5, crossover probability 𝐶𝑟 = 0.2. Different
maximum evolution generations are configured per function as shown in Table
1. The mutation strategy is“DE/Rand/1/bin”. Comparison algorithms are the
renowned NSGA-II and ENS, with parameters set according to their original
literature. Experimental environment: Windows 10, Intel(R) CoreTM i5-4590
CPU @ 3.3GHz, MATLAB R2015b.

We adopt the Inverted Generational Distance (IGD) metric, which encompasses
both diversity and convergence properties. IGD is calculated as:

𝐼𝐺𝐷(𝑃 ∗, 𝑃 ) =
∑𝑣∈𝑃 ∗ 𝑑(𝑣, 𝑃 )

|𝑃 ∗|

where 𝑃 ∗ represents the theoretical Pareto-optimal set, 𝑃 the obtained solution
set, and 𝑑(𝑣, 𝑃 ) the minimum Euclidean distance between 𝑣 and 𝑃 .

3.2 Runtime Comparison

To verify the sorting method’s efficiency, we compare its runtime and com-
parison counts against NSGA-II, ENS-SS, and ENS-BS non-dominated sorting
methods. Results are shown in Tables 2 and 3, with time in seconds and com-
parison counts in iterations. Tests use populations with specific rank structures
(approximately

√𝑛 ranks, where ENS-SS performs optimally) and randomly
generated populations.

The results show that for small populations, all four algorithms exhibit similar
sorting times. For larger populations, our algorithm’s sorting time is slightly
longer than ENS but significantly shorter than NSGA-II. In summary, FMODE’
s computational efficiency is marginally inferior to ENS but substantially supe-
rior to NSGA-II. Since ENS is a recently proposed prominent algorithm, these
comparative results demonstrate FMODE’s competitiveness and computational
efficiency.

3.3 Overall Performance Comparison

This section presents comprehensive performance comparisons between FMODE
and classical algorithms. Results using the IGD metric are shown in Tables
4 and 5, with the best results highlighted in bold, representing means over
five independent runs. Evolutionary curves and computational times for all
algorithms across six test functions are shown in Figures 2-7.
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The results indicate similar evolutionary curves across the four algorithms for
all six functions, with ENS-BS and ENS-SS showing slight advantages due to
minimized redundant computations. For DTLZ1 and DTLZ3, FMODE’s evolu-
tion time is slightly longer than ENS but far shorter than NSGA-II. On DTLZ4,
FMODE outperforms NSGA-II in performance while using slightly more time.
For DTLZ2 and DTLZ6, FMODE’s performance matches comparison algorithms
but with marginally higher time consumption. Notably, on DTLZ6, FMODE
requires significantly more time because most individuals cluster in the first
rank, preventing the algorithm from exploiting its advantage of simultaneous
selection during sorting. Comparisons between obtained fronts and theoretical
fronts are shown in Figure 8.

Overall, FMODE’s IGD performance is comparable to ENS and NSGA-II,
with nearly identical performance characteristics. In terms of computational
time, it is slightly slower than ENS but markedly faster than NSGA-II, thereby
validating the algorithm’s effectiveness and correctness.

3.4 Parameter Settings for FMODE

This section investigates FMODE’s parameter sensitivity. With mutation strat-
egy“DE/Rand/1/bin”, 𝐹 = 0.5, 𝑁𝑃 = 200, and 𝐹𝐸𝑆 = 1000, we test various
crossover probability 𝐶𝑟 values. IGD results are shown in Table 7. The best
performance occurs at 𝐶𝑟 = 0.2 or 0.3, establishing 𝐹 = 0.5 and 𝐶𝑟 = 0.2
as empirical optimal values. Other mutation strategies with different parame-
ter combinations perform worse than “DE/Rand/1/bin”, with detailed data
omitted for brevity. The recommended parameter settings for the proposed al-
gorithm are:“DE/Rand/1/bin”mutation, scaling factor 𝐹 = 0.5, and crossover
probability 𝐶𝑟 = 0.2.

4 Conclusion
This paper introduces an efficient tri-objective non-dominated sorting method
that reduces the number of individuals processed during sorting while enabling
simultaneous selection of next-generation individuals, significantly improving
computational efficiency over conventional rank assignment. Integrating this
method with differential evolution yields the Fast Multi-objective Differential
Evolution (FMODE) algorithm. Validation experiments against NSGA-II and
ENS on standard test functions DTLZ1-DTLZ6 demonstrate that FMODE sur-
passes classical NSGA-II in both time complexity and performance, while re-
maining competitive with or slightly inferior to ENS. Future work will analyze
FMODE’s limitations and consider integrating other evolutionary frameworks
or adaptive parameter control to further enhance performance.
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