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Abstract

The Self-Organizing Migrating Algorithm Team-to-Team (SOMA T3) is a population-based metaheuristic that
has been shown to be one of the best-performing SOMA variants in recent comparative studies. This paper
continues earlier work on improving SOMA T3 by addressing two open questions: how sensitive to its five control
parameters the algorithm is, and whether proposed Historical Best memory component can further improve
solution quality. A Latin Hypercube Sampling (LHS) study with 30 parameter combinations on the CEC 2020

benchmark suite (D = 10 and D = 30) shows that the number of jump steps Ny, is the most influential parameter,

and that values around 30 consistently outperform the default of 45. The size of pool of leader candidates k has a
moderate effect; the parameters m, n, and NP are relatively insensitive.

Then, the Historical Best modification (SOMA T3-Hbest) is introduced and evaluated at D = 10 and D = 30.
It consistently improves hybrid functions (F5, F6, F7) but degrades performance on composition and multimodal
functions at both tested dimensions. In its current form, it is not a universal improvement, but may serve as a
targeted strategy for problems of hybrid character.
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1. Introduction

Metaheuristic algorithms are widely used for continuous black-box optimization problems where
gradients are unavailable or unreliable. According to the No Free Lunch theorem [9], no single algorithm
performs best on all problems. However, within a given problem class, careful algorithm design and
parameter tuning can make a large practical difference.

The Self-Organizing Migrating Algorithm (SOMA) [1, 2] is a population-based optimizer inspired by
cooperative migration behaviour of social animals. Since its introduction, many variants have been
proposed [4, 6, 7, 8], each targeting different weaknesses of the original design. A recent comprehensive
review [5] found that the Team-to-Team variant (SOMA T3) [3] remains one of the strongest performers,
which makes it a worthwhile base for further study.

Our previous work [15] explored three modifications of SOMA T3: random migration vector length
(SOMA T3-RL), a population diversity mechanism (SOMA T3-DIV), and their combination (SOMA
T3-RL-DIV). The results showed that diversity maintenance (DIV) consistently improved performance,
while the random length modification had little effect on its own. The paper concluded that further
improvements remain possible and called for additional modifications and hybrid strategies.

The present paper follows up on that work in two directions. First, we ask whether the default control
parameters of SOMA T3 are actually well-chosen, by conducting a systematic parameter sensitivity
analysis using Latin Hypercube Sampling (LHS) [12]. LHS provides good coverage of the parameters’
space with far fewer experiments than a full-factorial grid. Second, we test a Historical Best (Hbest)
modification inspired by Particle Swarm Optimization, where each individual retains its historically
best position and uses it to guide migration early in the run. [16]
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The experiments use the CEC 2020 benchmark suite [10] and the open-source opfunu library [11]
for function evaluation.
This paper makes three contributions:

« A systematic LHS-based sensitivity study of SOMA T3 control parameters on CEC 2020.

« Identification of parameters’ setting that improves over the published defaults, together with
settings that should be avoided.

+ A proposition and evaluation of a Historical Best modification and analysis of where it helps and
where it does not.

2. SOMA T3 Algorithm

In this chapter, we will explain the basics of SOMA T3.

2.1. Basic Mechanism

SOMA maintains a population of NP candidate solutions in the search space [VarMin, VarMax|P. In
each migration step, a subset of individuals moves toward a selected leader by generating Njypy trial
solutions along the path between them. For migrant x;, and leader Xje,q, the ¢-th trial solution is:

x®) = Xmig T (Xlead - Xmig) 5O P(t)a (1)

where s®) = t-As, As is step size, s® is size of jump for ¢-th trial solution and p(t) € {0,1}P is a binary
perturbation mask whose components are independently set to 1 with probability PRT (perturbation
rate). Both As and PRT adapt linearly over the run:

PRT = 0.05 + 0.90 —25 (2)
smaX

As = 0.15 — 0.08 —L5_ (3)
SmaX

where FEs is the current number of function evaluations and FEs,, is the total budget. This schedule
promotes broad exploration early and fine-grained exploitation late in the run.

2.2. Team-to-Team Selection

In each migration, m candidate migrants are drawn uniformly at random from the population. The n
individuals with the best (lowest) fitness among them become active migrants. For each active migrant,
k candidate leaders are drawn uniformly at random, and the one with the best fitness becomes the
leader (it must differ from the migrant). Each active migrant is replaced by its best offspring if the
offspring improves upon the parent’s fitness. The five control parameters are therefore m, n, k, Njymp.
and NP.

3. Parameter sensitivity experiment

In this chapter, we will describe the experiment we conducted. The implementation of SOMA T3 follows
the reference Python implementation of SOMA T3A published by the author of original proposition of
the algorithm [14].

The sensitivity of SOMA T3 performance to its control parameters was assessed using a simple screening
approach. A set of 30 parameter combinations was generated via Latin Hypercube Sampling [12] to
ensure representative coverage of the parameter space with a limited number of experiments. For
each combination, SOMA T3 was run 21 times per benchmark function and the mean excess above



the optimum & was computed as the aggregate performance score. The Spearman rank correlation
coeflicient p; between each parameter value and ¢; across the 30 combinations was then used to quantify
the influence of each parameter on solution quality. Since the data in almost all cases did not follow a
normal distribution according to the Shapiro-Wilk test, Spearman’s rank correlation coefficient was
used to quantify sensitivity.

3.1. Latin Hypercube Sampling

LHS partitions each parameter dimension into N = 30 equal intervals and draws exactly one sample
per interval [12]. This guarantees that all marginal distributions are well represented even with a small
number of combinations, making it suitable for sensitivity screening.

We used the LHS implementation in scipy. stats.qme [13] with Ngapples = 30 combinations. The
parameter ranges are listed in Table 1; the published defaults fall roughly in the centre of each range. Af-
ter sampling, every combination was clipped to satisfy the following structural constraints of SOMA T3.
The parameter ranges were selected based on the following considerations. For m, the range (5, 15)
spans +5 around the default of 10; values below 5 would result in a tournament too small to provide
meaningful selection pressure, while values above 15 would frequently violate the structural constraint
m < |NP/4] for smaller populations. For n, the minimum of 2 was chosen because a single active
migrant would make migration impractically slow; the maximum of 8 was chosen to ensure that the
number of migrations within the fixed evaluation budget remains reasonable; larger values of n would
consume too many evaluations per migration and leave too few migrations for the population to evolve.
For k, the range (5, 20) spans roughly +5 around the default of 15. The lower bound of 5 was set to
avoid near-random leader selection — at k < 4 the tournament provides almost no selection pressure.
The upper bound of 20 was chosen to prevent leader selection from becoming near-deterministic: at
large k the leader is almost always the global best individual, which changes the stochastic character of
SOMA T3 and increases computational cost; values above 20 were therefore not considered. For ]Vjump’
the range (20, 60) spans roughly +15 around the default of 45. The lower bound of 20 ensures that
enough offspring are generated along each migration path for meaningful exploration. Finally, for NP,
the lower bound of 70 guards against premature convergence and ensures the structural constraints on
m and k remain satisfiable across all combinations; the upper bound of 150 was set to keep computational
costs manageable given the total number of runs (30 x 10 x 21 = 6,300 per dimension).

m < |[NP/4], 4)
2<n<m-1, (5)
n+1<k<|NP/3| (6)
Table 1
Published defaults [3] and parameter ranges.
Parameter Symbol Min Max Default
Migration candidates m 5 15 10
Active migrants n 2 8 5
Leader candidates k 5 20 15
Jump steps Niump 20 60 45
Population size 70 150 100

3.2. Benchmark and Metrics

The complete list of the 30 LHS combinations after applying the structural constraints is given in Table 2.
All experiments use the CEC 2020 benchmark suite [10]: F1 (unimodal), F2-F4 (basic multimodal),
F5-F7 (hybrid), and F8-F10 (composition). The evaluation budget is FEs,,,, = Dx10°. Each combination



Table 2
30 LHS parameter combinations after applying structural constraints (same set used for both D = 10 and D = 30).

# m n k Ny NP
1 13 2 11 58 115
2 8 4 15 29 143
3 8 5 9 55 71
4 14 4 19 30 148
5 6 5 12 33 103
6 13 7 10 50 74
7 14 6 18 38 106
8 6 5 13 40 111
9 12 3 16 48 86
10 8 4 14 48 134
1 14 7 9 20 145
12 11 3 18 46 91
13 12 6 11 26 92
14 11 2 6 37 125
15 12 3 19 28 129
16 10 5 7 33 76
17 7 4 17 36 86
18 7 5 13 25 122
19 9 8 20 42 120
20 10 5 6 53 97
21 10 3 8 56 95
22 5 4 14 24 137
23 8 7 12 54 131
24 12 4 16 51 116
25 9 5 6 22 137
26 5 4 17 41 79
27 6 5 15 32 82
28 15 3 8 43 142
29 9 6 7 59 101
30 13 4 10 45 110

was evaluated with 21 independent runs per function on both D = 10 (30 x 10 x 21 = 6,300 runs, wall-
clock = 14.9 hours) and D = 30 (30 x 10 x 21 = 6,300 runs, wall-clock = 39.6 hours), distributed across
11 CPU cores (Apple MacBook Pro 14”, CPU: M3 Pro, 2023). The same 30 parameter combinations
(Table 2) were used for both dimensions to allow direct comparison.

Solution quality ; s is the median fitness over 21 runs. For cross-function comparison we use the
excess above the known optimum fJ’f :

ei,fzjzi,f—fj’f, 1<i<30, 1< f<10, (7)

and the mean excess across all ten functions:

4. Parameter sensitivity results

In this chapter, we will evaluate the results of the experiment.
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Figure 1: Parameter sensitivity for D = 10 (21 runs per combination per function).

4.1. Results in D = 10

All data has not normal distribution (tested by Shapiro-Wilk normality test), so sensitivity is quantified
by the Spearman rank correlation coefficient between each of parameters (m, n, k, Njym,, NP) and g
across the 30 combinations. Figure 1 shows scatter plots for D = 10 (21 runs).

The Spearman correlation coefficients for D = 10 are ry(,,) = —0.26, ry;) = —0.03, ry(x) = 0.36,
Fo(Njuy) = 0-51. Fs(p) = —0.16.

We tested if their theoretical equivalents are equal to zero or not. According result of the statistical
tests, only p; for dependence of k and € and Njynp and € is not zero at significance level of 0.05.

Njump is the very influential parameter (r; = 0.51): larger values lead to worse results. k shows a
positive effect (r; = 0.36), suggesting that larger leader candidate pools are mildly harmful, possibly
because they increase the chance of selecting a distant leader.

The best overall combination for D = 10ism = 10,n = 5, k = 7, Nijump = 33, NP =76 (e =92.47),
and the worstism = 8,n = 4, k = 14, Njump =48, NP = 134 (e = 131.64) — a 42% difference.

Table 3 lists the best combination per function.

4.2. Results in D = 30

Figure 2 shows scatter plots for D = 30.
Here, only mean excess has normal distribution and other data have not the distribution (tested by
Shapiro-Wilk normality test), so that is why we again compute Spearman correlation coefficients.
The correlation coefficients for D = 30 are ry,) = 0.01, ry,) = 0.05, ry) = —0.58,



Table 3

Best parameter combination per function, (m, n, k, Niumps NP) is i-th combination of parameters, D = 10 (21 runs).

F W m n k Ny NP
F1 100.00 13 2 11 58 115
F2 1175.04 7 5 13 25 122
F3 711.20 5 4 14 24 137
F4 1900.35 10 5 7 33 76
F5 1700.00 13 7 10 50 74
F6 1601.64 9 5 6 22 137
F7 2118.04 10 5 7 33 76
F8 2300.00 13 2 11 58 115
Fo 2600.00 13 2 11 58 115
F10 296163 12 3 19 28 129
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Figure 2: Parameter sensitivity for D = 30 (21 runs per combination per function).

S(Njump) = 0.73, ry(npy = —0.003.

1000 3000 5000 7000

Also in this case, we tested if the theoretical correlation coeflicients are or are not equal to zero.
According to the results of the statistical tests done again at significance level of 0.05, p;, similarly as
for D = 10, is not equal to zero for k (and &) and Njyy, (and é).

At higher dimension (D = 30), the dependence changes substantially. Nj,p,, becomes even more
dominant (r; = 0.73): large jump counts are strongly harmful in D = 30. The mean excess ranges from
1,143 to 7,919 — a nearly 7-fold difference between the best and worst combination, compared to only
42% at D = 10. This shows that parameter choice becomes far more critical as dimension grows.
=—0.58 vsry = +0.36): at D = 30 a larger leader

The k reverses sign compared to D = 10 (

rSD:30



candidate pool is now beneficial, likely because the larger search space makes it more important to
select a high-quality leader rather than a nearby one.

The best overall combination for D =30ism =12,n =3,k = 19, Njump = 28, NP = 129 (e = 1,143).
This combination sets both high-impact parameters in the direction favoured by the sensitivity analysis:
a small Njypyp = 28 (consistent with r; = 0.73) and a large k = 19 (consistent with r; = —0.58), which
serves as an internal validation of the sensitivity findings.

Table 4 lists the best combination per function for D = 30.

Table 4

Best parameter combination per function, (m, n, k, Niumps NP) is i-th combination of parameters, D = 30 (21 runs).
F i m n k Ny NP
F1 100.00 13 2 11 58 115
F2 4502.73 14 7 9 20 145
F3 751.66 5 4 14 24 137
F4 1902.48 9 5 6 22 137
F5 717493 12 3 19 28 129
F6 1623.22 14 7 9 20 145
F7 3363.32 12 3 19 28 129
F8 2401.70 14 7 9 20 145
F9 2715.25 8 7 12 54 131
F10 2864.06 12 3 19 28 129

4.3. Comparison of D =10 and D = 30

Table 5 summarises the values of Spearman correlation coefficients and also informs us if they equal or
do not equal to zero for both dimensions side by side.

Table 5
Values of Spearman correlation coefficients between each parameter and mean excess € and information about
their equality to zero (result of statistical test at significance level 0.05) for D = 10 and D = 30.

Parameter r,(D=10) #0 r,(D=30) =#0

m —0.26 0.01
n —0.03 0.05
k 036 * 058 *
Noump 051 * 073 *
NP —0.16 —0.003

The main finding that holds across both dimensions is the strong positive effect of Njyyp: keeping it
low (around 20-35) is the single most important tuning decision regardless of dimension. The role of k
reverses with dimension, and m, n, NP remain relatively unimportant throughout.

As a safe starting point across both dimensions, we suggest Niyyp ~ 30, k = 15, and default values
for m, n, and NP as were determined in [3].

5. Historical Best Modification

In addition to the parameter sensitivity study, this paper explores a modification of the SOMA T3
migration mechanism. Our previous work [15] concluded that further improvements remain possible
and called for additional modifications and hybrid strategies. In this section, we introduce and evaluate
one such modification — the Historical Best (Hbest) component, in which each individual retains its
historically best position and uses it to guide migration.



5.1. Motivation and Design

In standard SOMA T3, each migrant moves purely toward the current leader. We added a Historical
Best (Hbest) component: each individual stores its historically best position and the migration target
blends the leader with that position using an adaptive weight:

_ FEs
FESmaX ‘
Early in the run (a = 0), the migrant is pulled mainly toward its own best-known position, encouraging

local refinement. As the budget is consumed (¢ — 1), the target shifts fully toward the global leader,

increasing convergence pressure. The historical best of each individual is updated whenever an offspring
improves upon the individual’s current record.

(©)

Xeff = & " Xead T (1 - 0() * XHbests &

5.2. Results and Analysis

SOMA T3-Hbest was compared against the original SOMA T3 on all ten CEC 2020 functions using the
default parameter configuration and 21 independent runs per function at both D = 10 and D = 30.
The experiment was performed with the default SOMA T3 parameters for both variants. The
Wilcoxon signed-rank test confirmed that there are significant differences between results of both tested
algorithms in all cases except function F1 in both tested dimensions.
Results are shown in Tables 6 and 7.

Table 6
Median and standard deviation over 21 runs, D = 10. Bold: better median.

F SOMA T3 SOMA T3-Hbest
Median Std  Median Std

F1 100.00 0.00 100.00 0.00
F2 1257.29 105.43 1165.11 60.93
F3 711.69 2.03 712.47 3.08
F4 1900.51 0.16  1900.45 0.10
F5 1700.21 0.19  1700.21 0.89
F6 161297 108.29 1601.43 46.00
F7 2238.14 149.84 2100.97 133.47
F8 2300.00 0.82  2303.03 34.10
F9 2600.00 53.01 2704.02 53.07
F10 2961.64 17.45  2970.84 6.99

Table 7

Median and standard deviation over 21 runs, D = 30. Bold: better median.
F SOMA T3 SOMA T3-Hbest

Median Std  Median Std

F1 100.00 0.00 100.00 0.00
F2 4874.85 416.17 6968.39 710.50
F3 761.68 9.20 995.67 81.57
F4 1902.79 0.87 1903.01 1.05

F5 29307.73  32499.20 6852.46 2951.49
F6 2066.96 312.70 2046.19 377.04
F7 9345.15 17287.42 3736.74 1187.34
F8 2405.87 3.61 2413.52 6.29
Fo 2730.30 51.89  2785.22 45.17
F10 2864.79 1.19  2867.79 212




At D = 10, SOMA T3-Hbest improves on four functions (F2, F4, F6, F7) and ties on two (F1, F5). The
most notable gains are on F6 (—7.0%) and F7 (—6.1%), both hybrid functions, where historical memory
helps the migrant stay near a good region and avoid being drawn to a poor leader. However, the
modification degrades F8, F9, and F10, and F8 in particular sees its standard deviation jump from 0.82 to
34.10 - indicating high instability on this composition function.

At D = 30 the picture reverses sharply. Hbest improves only F5, F6, and F7, while degrading six of

the remaining functions; F1 is solved at the optimum by both variants.
The mean excess across all functions drops from 4,006 (original) to 1,437 (Hbest) — driven almost entirely
by the dramatic improvement on F5 (from 29,308 to 6,852) and F7 (from 9,345 to 3,737), where the original
SOMA T3 is highly unstable (std > 17,000). On the remaining functions Hbest is consistently worse,
suggesting that historical memory accumulated early in a 30-dimensional space is often misleading
rather than helpful.

6. Discussion

The sensitivity study give a consistent picture of SOMA T3 behaviour across two tested dimensions.

The most robust finding is that Njyn, is the dominant parameter at both D = 10 (r; = 0.51) and
D = 30 (r; = 0.73). Reducing it from the default 45 to roughly 20-35 consistently improves results.
Shorter migration paths force more frequent re-evaluation of the population structure and prevent
migrants from overshooting good regions, which becomes increasingly important in higher dimensions.

The role of k reverses with dimension. At D = 10, a smaller leader pool is slightly better (r; = +0.36);
a larger pool is clearly better (r; = —0.58) at D = 30. In high-dimensional spaces, the population is more
spread out and selecting from more candidates helps find a truly good leader. A practical implication is
that k should be increased when scaling to higher dimensions.

According our foundings, the setting of parameters m, n, and NP is relatively unimportant at both
dimensions, statistical tests confirmed that corresponding correlation coefficients should be considered
as zero. Users can keep the original defaults for these and focus tuning on Njyn,, and, at higher
dimensions, k.

Parameter choice is far more critical at D = 30. The mean excess ranges from 1,143 to 7,919
across the 30 combinations — a nearly 7-fold difference between the best and worst setting. At D = 10,
the same range was only 42% (92 to 132). This suggests that poorly chosen parameters are merely
suboptimal in low dimensions but can be catastrophic in high dimensions.

Hybrid functions F5 and F7 are particularly challenging at D = 30. The best median found
for F5 was 7,175 against an optimum of 1,700, and for F7 it was 3,363 against 2,100. No parameter
combination in our study came close to the optimum on these functions at D = 30, whereas at D = 10
both were solved reliably. This points to a structural limitation of the SOMA T3 migration mechanism
on hybrid landscapes in higher dimensions, independent of parameter settings, and warrants dedicated
future investigation.

The Hbest modification (Section 5) shows mixed results and in its current form is not a general
improvement over SOMA T3. It consistently helps on hybrid functions (F5, F6, F7), where historical
memory prevents migrants from being drawn to poor leaders in a structured landscape. On composition
and multimodal functions it is harmful, as early accumulated memory misleads rather than guides. The
modification may therefore be useful as a targeted strategy when the problem is known to be of hybrid
type, but should not be applied blindly across problem classes.

7. Conclusion

We presented a parameter sensitivity study of SOMA T3 using Latin Hypercube Sampling on the
CEC 2020 benchmark suite at both D = 10 and D = 30, using 30 parameter combinations and 21
independent runs each.



The key finding is that Njyp, is the very influential parameter at both dimensions (r; = 0.51 at D = 10,
r, = 0.73 at D = 30). Values around 20-35 consistently outperform the default of 45. The role of k
reverses with dimension: a small leader pool is slightly better at D = 10 (r; = +0.36) but a large pool
is clearly better at D = 30 (r; = —0.58). The parameters m, n, and NP are relatively insensitive at both
dimensions.

Based on these findings we recommend:

* Njump = 25-35 for both tested dimensions.
e k= 7-10for D = 10; k = 15-20 for D = 30.
« m, n, NP: original defaults are adequate.

The best combinations found were m = 10,n =5,k = 7, Njump = 33, NP =76 (e = 92.47) for D = 10,
andm = 12,n =3,k = 19, Njym, = 28, NP = 129 (¢ = 1,143) for D = 30.

In Section 5, Historical Best modification (SOMA T3-Hbest) was evaluated at both D = 10 and D = 30
with 21 runs per function. The results show that Hbest consistently improves hybrid functions (F5, F6,
F7) at both dimensions, but degrades performance on composition and multimodal functions. In its
current form, Hbest is not a viable path toward a universal improvement of SOMA T3; it is rather a
targeted tool that may be useful when the problem type is known in advance to be of hybrid character.

SOMA T3 remains one of the strongest SOMA variants according to recent comparisons [5], and the
present results confirm that well-chosen parameters and targeted modifications can further improve its
performance.

Future work will extend the parameter sensitivity analysis to higher dimensions (D € {50, 100}) to
verify whether the identified trends hold, and will apply the same analysis to the improved variants
from our previous work [15] to determine whether their optimal parameter settings differ from those
of the original SOMA T3. In future analysis, a larger sample of LHS combinations will be studied.
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