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ABSTRACT. Recently, Diffusion Evolution has emerged as a novel optimization algorithm
that heuristically simulates the reverse diffusion process and shares key similarities with
evolutionary computation. It progressively refines a population of candidate solutions by
reversing stochastic noise injection inspired by diffusion models. However, the original
Diffusion FEvolution lacks explicit selection mechanisms, which are essential for guid-
ing the search and maintaining population diversity. In this study, we incorporate three
classical selection mechanisms — One-to-One Replacement, Tournament Selection, and
Survival Selection — into the Diffusion Evolution framework. Experiments on standard
test functions reveal that each strategy offers distinct advantages: OneToOne preserves
diversity and mitigates premature convergence in multimodal landscapes; Tournament
excels in rapid convergence on unimodal problems; and Survival provides a balance be-
tween convergence speed and diversity retention. In particular, on the 30-dimensional
Sphere function, the Tournament variant achieved more than four orders of magnitude
improvement in final fitness compared to the standard Diffusion Evolution, demonstrat-
ing substantially faster convergence. These findings demonstrate that integrating selection
mechanisms significantly enhances Diffusion Evolution’s performance and that the choice
of strategy should align with the problem landscape’s modality.

Keywords: Diffusion Evolution, Evolutionary computation, Selection mechanism, Exp-
loration-exploitation balance

1. Introduction. In recent years, one of the major advances in the field of machine
learning has been the development of Diffusion Models [1]. Diffusion Models are generative
models composed of a forward diffusion process that gradually adds noise to data, and a
reverse diffusion process that incrementally removes this noise to recover the original data
distribution. The mathematical foundation of these models was initially established by [2]
and further developed through score-based generative approaches [3]. This framework has
achieved remarkable success in various fields, including image generation, video synthesis,
and speech synthesis [4].

Meanwhile, in the fields of biology and computational science, Evolutionary Algorithms
(EAs) have long been studied as important methods for solving complex optimization
problems. These algorithms mimic the principles of biological evolution — selection, re-
production, and mutation — and are capable of efficiently exploring complex solution
spaces. Zhang et al. [5] discovered a deep mathematical equivalence between these two
seemingly distinct frameworks: Diffusion Models and EAs. They demonstrated that Di-

DOTI: 10.24507 /ijicic.22.02.445

445



446 J. KUSHIDA

ffusion Models can be fundamentally interpreted as EAs and proposed, based on this
insight, a new optimization algorithm called Diffusion Evolution.

The core idea of the Diffusion Evolution algorithm is to interpret the fitness landscape as
a probability density function, enabling the search process to be framed as probabilistic
sampling. Specifically, parameter regions associated with higher (better) fitness values
are assigned greater probability density. This effectively reshapes the search space into
a distribution where desirable solutions are statistically more likely to be sampled. The
algorithm begins with random noise and iteratively applies a reverse diffusion process,
progressively reducing stochasticity while guiding the population toward regions of higher
fitness. Through this denoising mechanism, the algorithm gradually refines the population,
concentrating search efforts on promising areas of the solution space.

However, despite its innovative approach, the standard Diffusion Evolution algorithm
lacks explicit selection mechanisms, which are essential in traditional evolutionary algo-
rithms for maintaining selection pressure, guiding the search, and accelerating conver-
gence. Several studies in evolutionary computation have highlighted the critical role of
selection mechanisms in balancing exploration and exploitation, improving convergence
stability, and enhancing solution diversity [6, 7].

Zhang et al. [5] interpreted that, in Diffusion Evolution, the noise removal process of the
diffusion model itself implicitly fulfills the roles of selection and mutation. Therefore, they
did not explore how conventional evolutionary operators could be effectively integrated
into the Diffusion Evolution framework. As a result, the potential effects of integrating
explicit selection mechanisms from traditional evolutionary algorithms into the Diffusion
Evolution framework on the search dynamics have not yet been thoroughly investigated.
Therefore, in this study, we aim to address this issue through the following contributions.

e We propose the integration of explicit selection mechanisms into the Diffusion Evo-
lution framework.

e We analyze how different selection mechanisms affect convergence behavior and so-
lution diversity through comprehensive experiments.

e We provide insights into the balance between exploration and exploitation in Diffu-
sion Evolution.

Specifically, we propose three enhanced versions of Diffusion Evolution: 1) with One-to-
One Replacement, 2) with Tournament Selection, and 3) with Survival Selection. These
algorithms combine the mathematical framework of diffusion models with traditional
selection pressures from evolutionary algorithms, potentially leading to more efficient
optimization methods. By comparing their performance on various benchmark functions
with different dimensionalities, we analyze how different selection mechanisms affect op-
timization performance, convergence speed, and diversity maintenance. Through these
contributions, we aim to provide deeper theoretical insights into Diffusion Evolution al-
gorithms and improve their practical performance across a wide range of optimization
problems.

The remainder of this paper is organized as follows. Section 2 introduces the funda-
mentals of the Diffusion Evolution algorithm. Section 3 presents the proposed integration
of selection mechanisms into Diffusion Evolution. Section 4 describes the experimental
setup and results. Finally, Section 5 concludes this paper and discusses future research
directions.

2. Diffusion Evolution Algorithm.

2.1. Reverse diffusion-based optimization framework. The Diffusion Evolution al-
gorithm, proposed by [5], is a new optimization method that applies the mathematical
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framework of diffusion models to evolutionary computation. As shown in Algorithm 1,
this approach views the fitness landscape as a probability density function and performs
sampling from high-fitness regions through the reverse process of diffusion models.

The fundamental idea of Diffusion Evolution is to transform the fitness function f :
RP — R into a probability density function p(xq = x) = g[f(x)] using a transformation
function g, ensuring that parameter regions with higher fitness have higher probability
density. Sampling from this distribution is achieved through the reverse process of diffusion
models.

Algorithm 1 Diffusion Evolution Algorithm

Require: Population size NP, parameter dimension D, fitness function f, density map-
ping function g, total evolution steps 7T, diffusion schedule @ and noise schedule o .
Ensure: ag~ 1, ar ~0, a; > a1, 0 <0; < /1 —a;4

1: [a:(Tl), . m(TNP)] — N (0 INPXD) > Initialize population
2: fort=T,T — ,2do
3: Vie{l,..., NP} Qi+ g [f <w§z)>} > Fitness values are cached to avoid

repeated evaluations
4: forizlji\:[g NP do

5: ZeZQjN(azgi);\/Etmgj),l—aJ

6: Ty — — ZQ] (gi);\/a_t:cgj),l—aOmij)

7. w <—N(0 ID)
+
8: mt1<_w/at 1330—'—\/1—Oét1 \/%O—l—atw
- g
0: end for
10: end for

As evident from Algorithm 1, Diffusion Evolution refines solutions through 7T’ reverse
diffusion steps. The algorithm generates an initial population from a standard normal dis-
tribution (Line 1) and proceeds backward in time from step ¢ = T' (Line 2). It is important
to note that this backward time progression (¢ decreasing from 7' to 2) is a distinctive
feature of Diffusion Evolution that contrasts with traditional evolutionary computation.
While conventional evolutionary algorithms advance forward through generations (from
generation 1 to 2, 3, and so on), Diffusion Evolution follows the reverse process of diffusion
models, starting with noise and gradually refining it.

In each generation, the fitness of all individuals is first evaluated and transformed

using the function g to obtain weight values @; (Line 3), where @Q; < ¢ [ f <w§’)>] . In this

implementation, unlike the function g defined in [5] which requires the theoretical optimal
value f*, we adopt an approach that does not require prior knowledge of the optimum.

Assuming a minimization problem where lower fitness values y = f (az,@) are better, the

function g applied in Line 3 computes an unnormalized weight based on the fitness:

g9(y) = exp (—%) (1)

where 7 > 0 is the temperature parameter controlling the selection pressure. A smaller
T increases the contrast between individuals’ fitness, thereby strengthening the selection



448 J. KUSHIDA

pressure. In our experiments, we set 7 = 0.1 by default, balancing the need for exploration
and exploitation throughout the optimization.

After computing these weight values ();, the algorithm proceeds to process each indi-
vidual (Lines 4-8). For each individual ", the algorithm computes the normalization
constant Z and the high-fitness target point @, (Lines 5-6). To compute these, each
fitness-based weight @); is multiplied by the Gaussian term N (wgl); \/a_tw§J ), 1— at> for
all individuals j. This Gaussian term measures the proximity between the current indi-
vidual wgi) and each population member ng ), with its variance 1 — oy changing over time
as determined by the diffusion schedule. The normalization constant Z is calculated by
summing these weighted proximity values over the entire population. Then, &, is deter-
mined as a weighted average of the individuals’ positions, using the same fitness-weighted
Gaussian terms as in the calculation of Z. Thus, &, can be interpreted as an estimate
of where high-fitness solutions are likely to be found from the perspective of the current
individual z\”.

Here, o4 is a time-dependent parameter that controls the variance of the Gaussian term
and thereby regulates the balance between global and local information aggregation
throughout the optimization process. When a4 is small (early stages), the variance is
large, which allows distant individuals to contribute significantly to the estimation of the
target @y. This encourages the aggregation of information from the broader population
and tends to draw individuals toward a common region, resembling the behavior observed
when the social (gBest) coefficient is strong in Particle Swarm Optimization (PSO) [8].
As o4 increases toward 1 in later stages, the variance decreases, restricting the influence
to only individuals located near the current solution a:ﬁ”. Consequently, each individual
predominantly relies on its own search trajectory and its immediate neighborhood, fa-
cilitating local exploitation. This behavior resembles the case where the personal best
(pBest) coefficient is set to a large value in PSO.

After estimating @y, the algorithm generates a random noise vector w (Line 7) to
introduce stochasticity into the update process, serving a role similar to mutation in
traditional EAs. In Line 8, the position of the current individual is updated based on
the estimated target @, the residual term representing the deviation from @,, and a
stochastic noise term w. This update mechanism balances three forces: convergence to
promising regions (&), retention of diversity, and stochastic exploration. As the diffusion
process progresses (i.e., as t decreases from T to 2) and «; increases while o, decreases,
the influence of noise and the individual’s previous position gradually diminishes. This
leads to refined, exploitative search behavior in later stages.

2.2. Effect of a; on the update behavior. To visualize how a; influences the update
behavior, Figure 1 illustrates the update process described above using a simple one-
dimensional unimodal function, where lower values of f(«) indicate better solutions. In
both subfigures, eight candidate solutions azil) to :BES) are shown, with :BEU selected as the
focal individual. The figure demonstrates how the estimation of &y and the generation of
the new candidate :c§?1 vary depending on the value of a;. Note that in this illustrative
example, the stochastic noise term w is omitted for simplicity.

Figure 1(a) depicts the case with a small oy, where the Gaussian variance is large. This
allows distant individuals to contribute substantially to the estimation of &y, resulting in

a target that aggregates information from the broader population. As a result, the new

candidate my_)l tends to move toward a region reflecting global trends, promoting explo-
ration. Figure 1(b) shows the case with a large oy, where the Gaussian variance is small.

Here, the estimation of @y is predominantly influenced by nearby individuals, while the
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(a) Small oy (b) Large a

FIGURE 1. Generation of w,@l from :c,gi) via estimated target x

influence of distant individuals becomes negligible. As a result, the new candidate :z:gﬂ)l

tends to stay close to the focal individual :cgl), leading to smaller incremental improve-
ments. This behavior facilitates local exploitation, refining solutions based on information
from the immediate neighborhood. Such a mechanism is particularly advantageous in mul-
timodal landscapes, as it enables different individuals to independently explore separate
valleys (local basins of attraction) during the exploitation phase, thereby increasing the
likelihood of locating multiple optima.

3. Incorporating Selection Mechanisms into Diffusion Evolution. While the
standard Diffusion Evolution algorithm shows promising results, it lacks an explicit
selection mechanism — a fundamental component of traditional EAs. In Algorithm 1, all
individuals unconditionally progress to the next generation without fitness-based selec-
tion. Our research aims to address this limitation by integrating established selection
mechanisms into the Diffusion Evolution framework.

3.1. Selection mechanisms in evolutionary computation. Selection mechanisms in
evolutionary computation create selective pressure that drives populations toward higher
fitness regions. We investigate three widely used selection paradigms and their potential
integration with Diffusion Evolution:

e One-to-One Replacement (from Differential Evolution [9]): Compares each off-
spring with its corresponding parent, retaining only the better individual. This main-
tains diversity while guaranteeing that solution quality does not deteriorate.

e Tournament Selection (common in Genetic Algorithms [10]): Randomly selects
small subsets of individuals and propagates only the best from each group. Tourna-
ment size controls selection pressure — larger tournaments increase pressure toward
higher fitness individuals.

e Survival Selection (exemplified by Evolution Strategies’ ( + A) approach [11]):
Combines parents and offspring into a single pool, selecting the best individuals for
the next generation. This elitist approach ensures rapid convergence but may reduce
diversity.

By integrating these mechanisms into Diffusion Evolution, we create enhanced variants
that benefit from both the mathematical foundation of diffusion models and the ability
to focus the search on better solutions, similar to traditional EAs.
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3.2. Proposed selection-enhanced Diffusion Evolution variants.

3.2.1. Diffusion Evolution with One-to-One Replacement (OneToOne). Compared with
Algorithm 1, the OneToOne variant keeps Lines 1-7 unchanged and modifies Line 8 as
follows. After calculating the potential offspring yﬁ)l using the standard diffusion process
(as defined in Line 8 of Algorithm 1), the algorithm compares its fitness with that of
the parent mgi). Only if the offspring has better fitness is it accepted as 931(5?15 otherwise,
the parent is carried forward. This modification introduces an explicit parent-offspring
replacement step, ensuring monotonic improvement while maintaining the stochastic ex-

ploration of diffusion-based updates.

(@) -

(1) R 3 I — /Ot Ty
<—\/oz_w—|—\/1—oz_ —0; | —— | + o w 2
Y t—1 L0 t—1 t < /—1 ; t ( )

Then, we apply the following selection rule:

@ ( (i) ) ( (i)>

i _ lf _ < £r

wg_)l _ yt(i)l f yt 1 Iz (3)
x;  otherwise

This rule retains the offspring only if it improves upon the parent’s fitness, ensuring mono-

tonic improvement while preserving the exploratory nature of diffusion-based updates.

3.2.2. Diffusion Evolution with Tournament Selection (Tournament). Compared with Al-
gorithm 1, the Tournament variant keeps Lines 1-8 unchanged and adds a tournament-
based selection step after generating the entire offspring population. At step t, each parent
individual azgi) and its offspring yt(i) form a combined pool. For each position in the new
population at step t — 1, a tournament of size k is conducted by randomly selecting k
individuals from this combined pool. The individual with the best fitness among the se-
lected candidates is chosen as the winner and assigned to the corresponding position in
the next generation. This addition introduces explicit selection pressure, controlled by
the tournament size parameter k, while preserving diversity. Because tournaments for
each position are conducted independently, high-fitness individuals are more likely to win
multiple tournaments and be copied into several positions in the next generation.

Step t Tournament Stept —1

x® | y® (120,50, x@,x®), y®) ]& 2@
x@ | y@ [{x(Z), x®,y(6) 5B, x(s)}]— @

x® || y® M [{y(l),y(B),x(7),y(7),y(S)} % x®
x(NP) y(NP) [ {x(s)'x(l), x(3), x(7),y(2)} ]—x(NP)

FI1GURE 2. Tournament Selection process in Diffusion Evolution

3.2.3. Diffusion Evolution with Survival Selection (Survival). Compared with Algorithm
1, the Survival variant keeps Lines 1-8 unchanged and adds a Survival Selection step
after generating the entire offspring population. This variant implements a (u + \)-style
selection mechanism, where p corresponds to the parent population size and A denotes
the number of offspring generated, which is set equal to u. After generating A\ offspring
using the diffusion-based update rule, the parent and offspring populations (totaling 2u
individuals) are combined. The top p individuals with the best fitness are then selected
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to form the next generation. This modification introduces strong selection pressure by
consistently retaining the highest-fitness individuals, ensuring rapid convergence while
reducing population diversity compared with the other variants.

4. Experiment.

4.1. Setup. To evaluate the performance of our proposed selection-enhanced Diffusion
Evolution algorithms, we conducted extensive experiments on a set of standard test func-
tions. In this study, we used four test functions commonly employed in evolutionary com-
putation, each representing a distinct optimization challenge, as shown in Table 1. These
functions were evaluated in three different dimensions (D = 5, D = 10, and D = 30) to
analyze algorithm performance across varying problem complexities.

TABLE 1. Test functions used in the experimental evaluation

Function Definition Domain Modality
Sphere f(x) = Zil z? —5.12 <z; <5.12  Unimodal
Rosenbrock f(x) = 127" [100(zip1 — 27)% + (z; — 1)?]  —2.048 < 2; < 2.048  Unimodal
Rastrigin =~ f(x) = 10D + ZZDZI (47 — 10 cos(2ma;)] —5.12 <z; <5.12  Multimodal

f(x) = —20exp <—0.2m>

—exp (% P cos(27ra:i)>
+20+e

Ackley —32.768 < x; < 32.768 Multimodal

We compared the four variants of the Diffusion Evolution algorithm described in Section
3: the standard Diffusion Evolution (Standard), Diffusion Evolution with One-to-One
Replacement (OneToOne), Diffusion Evolution with Tournament Selection (Tourna-
ment, tournament size k = 10), and Diffusion Evolution with Survival Selection (Surviv-
al). All algorithms were evaluated using the following common parameters: population
size NP = 512. The diffusion schedule oy follows the cosine schedule proposed in [5] and
is defined as

t
a; = 0.5 x cos <%) +0.5 (4)

where t is the current reverse diffusion step, decreasing from 7' to 2, and T is the total
number of evolution steps. This schedule ensures that exploration is emphasized in early
stages, while exploitation is enhanced in later stages. The noise schedule o; is dynamically
determined at each step according to the following formula:
I—a4 Qg

Op = O ———4 /1 —
I—oy Qg1

()

where o, is a noise magnitude control parameter. The cosine schedule was selected based
on previous research showing its effectiveness with fewer iterations [12]. In our imple-
mentation, we set o, = 1.0 by default, consistent with the original Diffusion Evolution
formulation [5].

The maximum number of generations (steps) was set according to the dimensionality:
100, 500, and 1000 generations for D = 5, D = 10, and D = 30, respectively. For statistical
validity, all experiments were conducted with 20 independent runs, with results reported
as means and standard deviations.



452 J. KUSHIDA

4.2. Results. Table 2 presents the mean and standard deviation of the fitness values
obtained by each algorithm at the final generation for each dimensional setting, averaged
over 20 independent runs.

TABLE 2. Comparison of algorithm performance (mean + std)

Sphere function

Algorithm D=5 D =10 D =30
Standard  7.69E-03 £+ 4.21E-03 2.36E-01 £ 5.13E-02 5.32E+00 + 5.91E-01

Tournament 5.37E-05 + 2.02E-05 2.65E-05 + 9.11E-06 4.71E-04 + 3.80E-05
Survival 2.63E-05 + 9.33E-06 5.88E-05 4+ 1.65E-05 2.49E-03 £ 1.74E-04
OneToOne 1.05E-04 + 4.69E-05 1.14E-04 4+ 3.93E-05 4.89E-03 £ 5.93E-04

Rosenbrock function

Algorithm D=5 D =10 D =30
Standard 1.83E400 4+ 4.63E-01 1.64E+402 4+ 5.34E+401  5.56E+03 + 1.17E4-03

Tournament 1.63E-01 4+ 1.17E-01 3.03E400 + 1.36E+00 2.64E+401 + 1.90E+00
Survival  3.30E-01 + 1.40E-01  2.83E+4+00 + 4.59E-01 2.49E+01 + 8.71E-01
OneToOne 2.85E-01 + 1.43E-01 2.10E+400 &+ 1.00E+00 2.45E+01 + 9.09E-01

Ackley function

Algorithm D=5 D =10 D =30
Standard  3.49E-02 + 9.60E-03 5.04E-01 + 1.36E-01 4.46E+00 £+ 1.39E-01

Tournament 1.42E-02 + 3.40E-03 6.29E-03 + 9.36E-04 1.65E-02 + 1.24E-03
Survival 7.78E-03 £+ 1.94E-03 9.93E-03 4+ 1.51E-03 4.09E-02 £+ 1.98E-03
OneToOne 1.86E-02 + 5.97E-03 1.66E-02 4+ 2.57E-03 7.69E-02 + 5.40E-03

Rastrigin function

Algorithm D=5 D =10 D =30
Standard  1.70E-02 + 7.75E-03 2.74E-01 4 3.15E-01 2.39E+02 4+ 1.07E401

Tournament 2.15E400 + 1.58E+00 5.68E+00 4+ 2.40E+00 2.34E+401 + 6.46E4-00
Survival 1.58E-03 + 4.53E-04 1.35E4+00 + 5.70E-01 1.07E+01 + 1.88E+00
OneToOne 2.26E-01 £+ 2.26E-01  1.68E+00 £ 4.73E-01  1.47TE+401 + 1.75E4-00

Based on the experimental results, Diffusion Evolution algorithms incorporating se-
lection mechanisms generally exhibit improved performance compared to the standard
variant. In particular, for the Sphere function, the Survival variant achieves a notable im-
provement in the 5-dimensional setting, while the Tournament variant yields even greater
improvements in 10 and 30 dimensions. For the Rosenbrock function, Tournament achieves
the best performance in the low-dimensional case (D = 5), although the differences among
the selection-enhanced variants remain relatively small. As the dimensionality increases
(D =10 and D = 30), the OneToOne variant produces the best final fitness values. How-
ever, across all high-dimensional settings, the final fitness values remain relatively large,
indicating that none of the methods successfully converged to solutions near the global
optimum.

For multimodal functions, different patterns were observed. In the case of the weakly
multimodal Ackley function, the algorithms exhibited similar behavior to that observed
on the unimodal Sphere function, with Tournament Selection outperforming the others.
For the more rugged Rastrigin function, Tournament exhibited lower performance, likely
due to premature convergence caused by its strong selection pressure. In particular, it
performed worse than the Standard variant in the low-dimensional cases (D = 5 and D =
10). Instead, in higher dimensions, the Survival variant achieved the best performance.
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Figure 3 traces the best-fitness trajectories of the four algorithms over 1000 generations
on the 30-dimensional test set, each curve representing the mean of 20 runs. It should be
noted that while the generation axis in the performance plots starts from 0 (representing
the beginning of the evolution), the reverse diffusion step index t used within the algorithm
itself decreases from 7T to 2. On the unimodal Sphere problem, Tournament exhibits both
the fastest initial descent and the lowest final fitness, demonstrating that strong selection
pressure is advantageous when a single global optimum dominates the landscape. Sur-
vival shows the second fastest convergence, followed by OneToOne, while the Standard
variant exhibits minimal improvement throughout the run. On the Rosenbrock function,
the initial convergence speed follows a similar trend to the Sphere function: Tournament
achieves the fastest early descent, followed by Survival and OneToOne. However, in the
later stages, as the population spreads along the Rosenbrock valley’s curved slope, the
convergence rate of all three selection-enhanced methods (Tournament, Survival, and One-
ToOne) slows and becomes comparable. This behavior reflects the difficulty of navigating
the narrow, curved valley toward the global optimum. Meanwhile, the Standard variant
exhibits worsening fitness values in the later stages, which is likely due to individuals
drifting away from the valley floor and into less promising regions of the search space.

—— Standard  ---- Tournament Survival -+ OneToOne —— Standard  ---- Tournament Survival e OneToOne

0

Best Fitness (log scale)
Best Fitness (log scale)

o

0 200 400 600 800 1000 o0 200 400 600 800 1000
Generation Generation

(a) Sphere function (b) Rosenbrock function

—— Standard ---- Tournament Survival -~ OneToOne — Standard ---- Tournament Survival - OneToOne

02

Best Fitness (log scale)
Best Fitness (log scale)

0 200 400 600 800 1000 o 200 400 600 800 1000
Generation Generation

(¢) Ackley function (d) Rastrigin function

FIGURE 3. Comparison of best fitness values on test functions (D = 30)

On the Ackley function, all algorithms show similar trends to the Sphere function. In
contrast, on the Rastrigin function, Tournament shows rapid initial improvement, but
the search efficiency declines in the later stages. This is likely because, as the search
progresses and the population encounters the multimodal landscape, the strong selection
pressure causes individuals to become trapped in local basins of attraction. Meanwhile,
OneToOne achieves good final fitness by effectively preserving diversity and maintaining
steady improvement throughout the run, as the scope of Survival competition is limited
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to each parent-offspring pair. Survival achieves the best performance, balancing selection
pressure and diversity retention.

5. Conclusion. In this study, we demonstrated that integrating selection mechanisms
into the Diffusion Evolution framework improves optimization performance across both
unimodal and multimodal problems. Each selection strategy exhibited distinct traits, of-
fering different advantages depending on the landscape’s features. The OneToOne variant
maintained steady, though relatively slow, evolutionary progress. Because Survival Selec-
tion was limited to parent-offspring pairs, the population avoided rapid diversity loss and
premature convergence, thereby enabling stable exploration over time. In contrast, the
Tournament variant emphasized fast convergence by allowing top-performing individuals
to proliferate throughout the population. However, with the Tournament size adopted in
this study, its strong selection pressure sometimes caused premature convergence, partic-
ularly in rugged, multimodal landscapes. The Survival Selection strategy demonstrated
an intermediate convergence speed between OneToOne and Tournament. This balance of
moderate selection pressure and diversity retention led to consistent performance across
various problem landscapes.

Based on these observations, the choice of selection mechanism should align with the
problem’s modality. In particular, in evolutionary computation, several methods have been
proposed to estimate the modality of the problem landscape based on the distribution
of the population during the search [13]. Therefore, selecting an appropriate survival
selection method informed by such estimations could represent an effective and adaptive
strategy. Building upon this perspective, future research will explore adaptive selection
strategies that dynamically adjust selection pressure during the search process and will
investigate the application of these methods to more complex, real-world optimization
problems.
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