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Abstract

Where should multi-objective reasoning enter a swarm optimizer: before the search through
scalarization, around the search through survival or archiving, or inside the search through
Pareto-informed leader selection? We study this question on the Mountain Gazelle Op-
timizer (MGO) and propose a feedback-path taxonomy that separates the three roles. A
census of twenty multi-objective MGO extensions finds one prior leader-mediated design
and no method that assigns per-agent leaders from a Pareto archive. We develop four
leader-mediated variants on one search skeleton, with a random-leader control and a
leader-isolation ablation. On twenty-two benchmark problems (thirty runs each), all four
variants rank ahead of five paper-based reconstructions of prior MGO designs on three
indicators, and the decomposition and indicator leader rules outrank random leadership
on hypervolume and IGD+ under Holm correction. On fourteen held-out engineering
problems, a refined indicator-guided design separates from NSGA-II, NSGA-III, MOEA/D,
AGE-MOEA-II and SMS-EMOA on IGD+ under returned-set scoring, and from all but
SMS-EMOA on hypervolume; under evaluation-trace scoring, only from NSGA-III and
MOEA/D on IGD+. In sample, of the five it separates only from MOEA/D (ε-indicator,
returned-set scoring). The four variants outperform the prior MGO designs as complete
implementations; against established algorithms, the advantage depends on scoring.

Keywords: multi-objective optimization; leader selection; Pareto archive; architectural
taxonomy; null control; budget-fair benchmarking; two-channel evaluation; Mountain
Gazelle Optimizer

MSC: 90C29

1. Introduction
Engineering and scientific optimization problems routinely impose conflicting ob-

jectives, such as cost against emissions or throughput against risk. Their solutions form
a Pareto front of mutually non-dominated trade-offs [1,2]. For the non-convex, mixed-
variable, constrained instances met in practice, multi-objective evolutionary algorithms
(MOEAs) are the standard tool. Three strategy families organize them: Pareto-based se-
lection [3], decomposition [4] and indicator-based selection [5]. Each family places its
multi-objective reasoning inside selection.

Swarm and nature-inspired metaheuristics are usually extended to multiple
objectives by a different route. Since multi-objective particle swarm optimization
(MOPSO) [6], the dominant pattern keeps the single-objective search loop and replaces the
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single global best with a leader drawn from an external Pareto archive. The multi-objective
grey wolf optimizer (MOGWO), multi-objective multi-verse optimization (MOMVO) and
the multi-objective salp swarm algorithm (MSSA) [7–9] follow this leader-mediated tem-
plate. The same body of work has attracted a sustained methodological critique: metaphor-
based metaheuristics often repackage established mechanics behind new imagery [10],
warrant structural analysis [11], are frequently indistinguishable at scale under statistical
testing [12], and overlap structurally with earlier methods in roughly half of a large sur-
vey [13]. The instrument of this paper is therefore a structural, metaphor-free taxonomy,
and its experiment asks where multi-objective reasoning belongs inside a swarm optimizer.

We use the Mountain Gazelle Optimizer (MGO) [14] as the experimental vehicle. The
MGO is recent and widely applied: a systematic review counts eighty-nine applications by
2025 [15]. Its leader-mediated multi-objective design space is almost unexplored. The search
applies four mechanisms to each agent in each iteration; three of them (territorial solitary
males, maternity herds and bachelor male herds) consult one leader, gazmale, and the fourth,
migration to search for food, does not. In the single-objective MGO, gazmale is the best-
fitness agent. Under conflicting objectives many solutions are mutually non-dominated and
the leader is undefined. Among the twenty multi-objective MGO works in our census, all
but one avoid this question by placing their multi-objective machinery outside the update
equations, either as scalarization [16–18] or as archive- and survival-based designs [19–22].
The exception, a 2026 multi-project scheduling method [23], broadcasts one non-dominated
solution as the guide for all agents. It is the one leader-mediated design under the criterion
of Section 2.5, and none of the twenty draws per-agent leaders from a Pareto archive.

Besides this gap, the MGO suits a controlled study of leader selection for three rea-
sons. Its leader rule can be changed while its published movement equations stay intact,
because three of its four update mechanisms read one leader symbol, gazmale. Its separate
population-survival step allows the leader rule and the survival rule to be varied one at a
time (Section 3.2), which the PSO frameworks of the leader studies in Section 2.2 do not
allow. Its few base-algorithm settings can be held constant across all designs. We treat the
MGO as the procedure its equations define (Section 3.1) and draw no argument from its
metaphor; the results concern the MGO, and the parts of the design that carry over to other
leader-based swarm optimizers are named with the contributions below.

This study introduces no new metaphor-inspired optimizer and leaves the algebraic
search operators of the MGO unchanged. It compares the points at which Pareto informa-
tion enters the search dynamics and, under common management, isolates the contribution
of the leader rule. We move multi-objective reasoning into the leader-selection pathway and
retain the MGO update mechanisms, so that the effect of leader-mediated Pareto feedback
can be measured under controlled conditions: one search skeleton, one evaluation budget,
a null control and a leader-isolation ablation.

The main contribution is a controlled study of structured Pareto-archive leader se-
lection in the MGO, situated within a taxonomy of where Pareto information enters the
search, a design question that every multi-objective extension of a swarm optimizer faces.
All four leader-mediated variants rank ahead of all five reconstructed prior MGO designs
on all three primary indicators, and the decomposition and indicator leader rules outrank
random archive leadership on hypervolume and IGD+ under Holm correction. The design
template, consisting of the feedback-path taxonomy, the leader substitution, the null control
and the two-channel scoring of returned sets and evaluation traces, can be applied to other
leader-based swarm optimizers.

In detail, the paper makes three contributions. First (C1), the controlled study: four
leader-selection strategies integrated into one base under a uniform protocol, with a null
control and a leader-isolation ablation that test the contribution of leader selection under
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common management. Second (C2), a refined design whose choices follow from the
comparative findings. Third (C3), an out-of-sample validation of the refined design against
established MOEAs on real-world-derived engineering instances. Three research questions
organize the study: how the leader-mediated strategies compare with each other and with
five reconstructed prior methods, four L0/L1 implementations and one L2 implementation
(RQ1); whether a refined design repairs the weaknesses that this comparison exposes (RQ2);
and whether the refined design holds against established MOEAs out of sample (RQ3).

The contribution is methodological, and the class of workload it concerns is common
in emerging digital technologies. Smart-infrastructure scheduling, digital-twin-supported
engineering design and edge-resource allocation are typically formulated as constrained
multi-objective search under bounded evaluation budgets, which is the regime the protocol
instantiates. The study makes no application-specific claim for these settings. Its external
evidence comes from fourteen real-world-derived engineering instances (vehicle crashwor-
thiness, structural, mechanical and marine design [24]). What it offers such applications is
the design layer beneath them, namely which leader-mediation choices transfer and which
fail; application-level validation is left to dedicated studies.

2. Background and the Architectural Taxonomy
2.1. Solution Strategies and MOEAs

A multi-objective problem minimizes m ≥ 2 conflicting objectives over a feasible
decision space. Its solution is the Pareto set of non-dominated points, and the image of
that set is the Pareto front [1,25]. Four strategy families recur. Scalarization aggregates
the objectives into a scalar and sweeps the aggregation parameters across runs; linear
weighting cannot recover non-convex front regions for any choice of weights [26]. Pareto-
based methods compare solutions by dominance and preserve diversity by crowding or
niching, as in NSGA-II [3] and, for many objectives, the reference-point scheme of NSGA-
III [27]. Decomposition recasts the problem as scalar subproblems on a weight-vector lattice
and solves them cooperatively, as in MOEA/D [4]. Indicator-based methods select by
contribution to a Pareto-compliant indicator, usually hypervolume, as in SMS-EMOA [5].
Each family supplies a candidate rule for choosing a leader from a Pareto archive.

2.2. Multi-Objective Swarm Extensions

MOPSO established the archive-plus-leader-selection template for swarm methods [6]:
the search loop is preserved, an archive replaces the single best, and a heuristic (ran-
dom, sigma, grid or hypervolume) picks the guides that enter the update equations at
every step. The MOGWO, MOMVO and the MSSA [7–9] adopt this pattern and sam-
ple leaders from a Pareto archive during candidate generation. By the criterion formal-
ized below, these algorithms are leader-mediated. The systematic comparison of leader
rules has two direct precedents in particle swarm optimization (PSO). Padhye et al. [28]
compared ten global-guide selection schemes in one MOPSO framework, among them
random, dominance-based, crowding-distance and hypervolume-contribution guides,
and found the hypervolume-contribution guide among the most effective by hypervolume
and the most expensive to compute. Nebro et al. [29] compared leader-selection strate-
gies within SMPSO, including random-leader controls under both crowding-distance and
hypervolume-contribution archive management, and found best overall the configuration
that combines a hypervolume-contribution tournament with contribution-based archive
pruning. We apply that comparison design to the MGO. Our indicator-based result is
consistent with their finding, with two differences: our indicator leader is sampled with
probability proportional to its contribution, whereas theirs is chosen by a contribution tour-
nament, and the lead of our indicator-based variant over the other full MGO variants does
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not survive Holm correction (Section 4.1). The MGO also has a population-survival step,
which neither PSO study contains, and we examine it separately. For the MGO, the con-
trolled leader comparison has not been made, and one 2026 work applies a leader-mediated
design (Section 2.5).

2.3. The Mountain Gazelle Optimizer

The MGO models four gazelle behaviours as position-update mechanisms applied
to every agent in each iteration, pools the new candidates with the current population
and keeps the best members, up to the population size, for the next iteration [14]. Three
mechanisms combine population members with a leader, gazmale; migration to search for
food performs a leader-free random move. The role of gazmale is the hinge of this work: it
is unambiguous under a scalar fitness and undefined under a partial order. A structural
audit of the MGO’s own equations also exposes a component that the metaphor conceals:
the young-male-herd term reduces almost surely to the mean of a random third of the
population (Section 3.1). This observation is in line with the critique that motivates our
structure-first stance [10,11].

2.4. Prior Multi-Objective MGO Works

The census combines two legs. The primary leg is a complete forward-citation screen
of Abdollahzadeh et al. [14]: the full Scopus cited-by export of 19 July 2026, 480 records.
The second leg consists of open-web keyword queries that cross the MGO name variants
(MGO, MMGO, MGOA) with multi-objective terms. A keyword filter reduced the export
to 27 explicit multi-objective candidates, and a second pass over the 159 remaining MGO
application records without explicit multi-objective keywords flagged 61 more for hand
screening. Inclusion required that the study apply the MGO itself to a problem with
two or more objectives and report a multi-objective output; the similarly named Gazelle
Optimization Algorithm is a different method and was excluded on sight. The census
identifies twenty multi-objective MGO application works; three further records qualified
on their abstracts only, are held as provisional in Supplementary Materials S1 (rows 11,
12 and 14) and are not counted here. Supplementary Materials S1 records the evidence
and verdict for every screened record, including the records removed by the documented
keyword filter. Table 1 classifies the nine most fully specified works. Of the twenty, eleven
scalarize (L0), eight are survival- or archive-based (L1), one of those carrying reinforcement-
learning meta-control as a compound label, and one, Pham et al. [23], selects its movement
guide by trade-off information inside the iteration loop (Section 2.5); none draws per-
agent leaders from a Pareto archive. One limit of evidence remains: three of the twenty
describe multi-objective machinery but state no guide-selection rule anywhere in their
equations, pseudocode or figures [30–32], and one of the three reproduces no update
equations at all. For these the L1 label is provisional: the Pareto ranking and compromise-
selection machinery supports L1, and its presence does not establish L2 without an explicit
connection to the candidate-generation guides. The label records the machinery described
and not a reconstructed implementation. For two of the three, the same silence forbids
the opposite assertion, that their guides are chosen by scalar fitness. The third, Dai [30],
carries an unresolved inconsistency of its own: the application equations specify a scalar
objective, while the algorithm section describes multiple objectives and non-dominated
solutions without connecting the two, so an equations-only assessment of the application
formulation supports L0. That leader selection goes unspecified in three of the twenty
works is itself evidence about the design axis this study isolates. Three of the nine works in
Table 1 implement scalarization (L0). Said et al. [16] co-optimize weighted-sum weights as
decision variables for superconducting energy-storage design. Pandey, Baltacı, et al. [17]
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adapt the weights within the run from population-spread statistics for the construction
time–cost trade-off. Pandey, Jadoun, et al. [18] optimize each objective of a virtual-power-
plant schedule alone, compare the optima in a pay-off table and re-optimize one objective
with the other as a constraint; the resulting trade-off is shown as a Pareto graph, but no
dominance, filtering or diversity step is described.

Five of the nine implement archive- or survival-based designs (L1). Dede et al. [33]
apply the adaptive-weight scheme of Pandey, Baltacı, et al. to a nineteen-activity time–cost
instance and rank the reported front by crowding distance at termination. Ramachandra
and Natarajan [19] pair a Pareto archive with fuzzy compromise selection for home energy
management. Zheng and Wu [20] add Powell local search and a weight sweep around an
unchanged MGO core. Refaat et al. [21] run the MGO among five algorithms against an
external non-dominated archive for power-system resilience planning. Eirgash et al. [22]
add non-dominated sorting for survival together with a Q-learning agent that toggles
opposition-based learning; this Pareto-conditioned control of operator invocation is an axis
orthogonal to the levels and is recorded as a compound label. Beyond the nine of Table 1,
one further L1 design is worth recording for what it omits. Al-Dhaifallah et al. [32] merge
the MGO with a multi-objective salp-swarm scheme in which every individual generates
five candidate positions per iteration, four from the MGO’s mechanisms and one from
the salp chain, and dominance resolves which the individual becomes; the salp half is
implemented without the archive-based food-source selection of its parent algorithm, so a
partner that is leader-mediated in its own right contributes none of that machinery to the
merged method. In none of these designs is the Pareto archive read to select gazmale during
candidate generation.

Table 1. Architectural classification of the nine most fully specified multi-objective MGO works,
from a forward-citation census of twenty studies (Scopus export of 19 July 2026; three further abstract-
level records are held as provisional in Supplementary Materials S1). L0, scalarization; L1, survival or
archive; L2, leader-mediated (Section 2.5).

Reference Application Multi-Objective Mechanism Level

Said et al. (2023) [16] SMES voltage-sag
mitigation Weighted sum, weights co-optimized L0

Pandey, Baltacı, et al.
(2026) [17] Construction time–cost Adaptive-weight scalarization L0

Pandey, Jadoun, et al.
(2025) [18] Multi-area VPP scheduling Pay-off table, constrained

re-optimization, operator choice L0

Dede et al. (2026) [33] Construction time–cost Adaptive weights, terminal
crowding-distance ranking L1

Ramachandra & Natarajan
(2024) [19]

IoT home energy
management

Pareto archive with fuzzy
compromise L1

Zheng & Wu (2025) [20] Energy-community DSM Weight sweep, Powell search, fuzzy
compromise L1

Refaat et al. (2025) [21] Power-system resilience
planning External non-dominated archive L1

Eirgash et al. (2026) [22] Time–cost–safety-risk NDS survival, Q-learning control of
OBL L1 + meta-control

Pham et al. (2026) [23] Multi-project resource
scheduling

In-loop fuzzy-selected
non-dominated guide; NDS and
crowding survival; no separate
archive described

L2
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2.5. The Architectural Taxonomy and the Gap

We classify a multi-objective extension by the path along which Pareto information
feeds back into the search (Figure 1). At L0 (scalarization), aggregation precedes the
search and the operator never sees an objective vector. At L1 (survival/archive), multi-
objective information may govern survival, archiving or terminal compromise, including
in-loop non-dominated sorting for survival, but the movement guides that enter the update
equations are chosen by a rule that does not use the trade-off information, such as best
scalar fitness or a fuzzy aggregate of the objectives applied without a Pareto-derived guide
pool. Operationally, L1 requires a documented dominance or front-diversity step (for
survival, archive maintenance, front construction or terminal selection); a scalar search with
no such step is L0, and a set of outcomes only labelled a Pareto front does not establish L1.
Levels describe the published method; front-recovery steps added to our reconstructions
for scoring (Section 3.3) do not change them. At L2 (leader-mediated), trade-off information
(dominance, decomposition, diversity or an indicator) is used during the search to form
the guide pool, to select guides, or to assign guides to the candidate-generation equations.
An external archive, a diversity measure and per-agent guide assignment are each optional
at L2; multi-objective survival or output archiving alone does not establish L2. The decisive
feature is the in-loop pathway by which trade-off information forms the guide pool or
selects among it, and not whether the final choice reduces to one scalar score: a fuzzy value
used to pick one member of the current non-dominated set is L2, and a fuzzy aggregate used
as the fitness that names the best agent keeps the guide choice outside L2, without itself
establishing L1. Pareto-conditioned control of operator invocation, as in reinforcement-
learning meta-control, is an orthogonal axis and is denoted by a compound label. The L0–L2
taxonomy is introduced in this study. It records where trade-off information enters and
influences the search; the level numbers follow the position of that entry point along the
feedback path, and no level is presumed to perform better than another. The levels are
architectural categories, and the criterion is independent of performance. In what follows,
leader-mediated and L2 are used interchangeably.

Under this criterion the prior MGO works occupy L0 or L1 with one exception.
Pham et al. [23] select, inside the iteration loop, the non-dominated solution with the
highest fuzzy-decision-making value as the single guide for the next generation, with non-
dominated sorting and crowding-distance survival and no separate archive described (their
Table 1 and Section 2.3). This is L2, and it is the one leader-mediated design in the census.
MOPSO, the MOGWO, MOMVO and the MSSA are L2 by the same criterion. The L2
design studied here replaces the single best-fitness gazmale with per-agent leaders drawn
from a Pareto archive by dominance, decomposition or indicator criteria. This changes the
operational semantics of the three leader-consulting mechanisms and leaves their algebraic
form intact. Archive mediation and per-agent assignment are design features of this study’s
variants and are not conditions of the level. The reconstruction of the single-guide design
of Pham et al. enters the comparisons of Section 4 as B5.
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L0  Scalarization  (extrinsic) L1  Survival / archive  (extrinsic) L2  Leader-mediated  (intrinsic)

Aggregation  w⋅f(x)
before the search

Update equations
(single-objective form)

scalar

Pareto reasoning sits before the search

Single-objective
search loop

Survival / archiving
(in-loop or at the end)

Fuzzy / operator
selection → solution

guides chosen
without it

Pareto reasoning sits around the search

Guide pool
(archive, non-dominated set,
weights or indicator ranks)

Leader selection by
trade-off information

(dominance, decomposition,
diversity or indicator)

Candidate
generation

per-agent leaders or
one broadcast guide

search loop  (per iteration)

Guides are chosen inside the search

reinforcement-learning meta-control: an orthogonal axis that may attach at any level

Figure 1. The proposed three-level feedback-path taxonomy: L0 scalarization, L1 survival/archive
and L2 leader-mediated, with reinforcement-learning meta-control as an orthogonal axis. Solid
arrows carry the flow of the search; the dashed arrow in L1 marks that the guides are chosen without
the survival or archiving information; the dashed return edge in L2 marks the feedback of trade-off
information into guide selection at every iteration. Of the twenty prior multi-objective MGO works,
nineteen occupy L0 or L1 and one is a single-guide L2 design (Pham et al. [23]); this study addresses
archive-mediated, per-agent L2 leadership.

3. Method
3.1. The L2 Substitution and Shared Skeleton

One structural modification makes the MGO leader-mediated (L2): the scalar-best
leader is replaced by an archive-drawn one. Selection is performed once per gazelle,
so different agents follow different non-dominated leaders within one iteration. The se-
lected leader is reused at all four leader-injection sites: once in the territorial mechanism
(Equation (5)), once in the maternity mechanism (Equation (6)), and twice in the bachelor
mechanism (Equation (7), directly and inside Di). The migration mechanism (Equation (8))
reads no leader and is unchanged.

The corrected update equations of the validated synchronous port are retained verba-
tim; only the binding of leader changes. Let t be the current iteration, T the iteration limit
and D the decision-space dimension. The symbol r denotes fresh uniform scalars or vectors
on [0, 1], n(D) a standard-normal vector, and ρ1, . . . , ρ6 independent integer multipliers
drawn from {1, 2}. With the iteration-decay scalar

a = −1 + t
(︂
− 1

T

)︂
, (1)

each coefficient use draws one of four alternatives uniformly,

Cof ∈
{︂

r(D), (a + 1) + r, a n(D), u⊙ v2 ⊙ cos
(︁
(2r) u

)︁ }︂
, (2)
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with u, v independent standard-normal vectors and ⊙ elementwise multiplication.
The gazelle-specific stochastic factor is

F = n(D) exp
(︁
2− 2 t

T
)︁
, (3)

and the young-male-herd term is

BH = Xra ⌊r1⌋+ Mpr ⌈r2⌉, Mpr = mean of ⌈N/3⌉ uniformly selected members, (4)

which reduces to Mpr almost surely, because ⌊r1⌋ = 0 and ⌈r2⌉ = 1 for continuous draws;
this is the vestigial structure noted in Section 2.3. The four candidates generated for gazelle
Xi are

TSM = leader−
⃓⃓
(ρ1BH− ρ2Xi)⊙ F

⃓⃓
⊙ Cof 1, (5)

MaH = (BH + Cof 2) + (ρ3 leader− ρ4 Xrand)⊙ Cof 3, (6)

BMH = (Xi − Di) + (ρ5 leader− ρ6 BH)⊙ Cof 4, Di =
(︁
|Xi|+ |leader|

)︁
(2r− 1), (7)

MSF = (ub− lb) · r + lb, r ∼ U(0, 1) a single scalar, (8)

each clamped to [lb, ub] before evaluation. The defining L2 substitution is

gazmale → λ
(︁

A(t), Xi, t, Θλ

)︁
, (9)

where A(t) is the bounded external Pareto archive and λ returns one archive member for
gazelle i. The right-hand sides of (5)–(7), including Di, are otherwise unchanged, and (8)
reads no leader.

All L2 configurations of this study share one batch µ + λ skeleton (Figure 2,
Algorithm 1) with population N = 91 and archive capacity Amax = 100. Each iteration
generates 4N candidates, reduces the 5N pool to N survivors by a population-management
operator πpop, and admits candidates to the archive under feasibility-first dominance,
pruning to capacity by an archive-management operator πarch. The population size N = 91
equals the number of Das–Dennis reference directions that NSGA-III and MOEA/D use
in this study (m = 2 with H = 90, m = 3 with H = 12, and at m = 4 two layers of 56
and 35 directions; Table A2), so the leader-mediated designs, B5 and the population-based
comparators share one population size, and V2 assigns one weight vector of that lattice
to each gazelle (V2 ran only at m ≤ 3). The capacity Amax = 100 equals the common
terminal capacity of evaluation-trace scoring (Section 3.4 and Table A3) and matches the
archive of at most 100 leaders in the SMPSO leader study of Nebro et al. [29]. Both values
were fixed before the runs, and Section 4.5 reports the sensitivity of the refined design to
them. In the comparator study the archive-based designs return up to 100 points, and the
established comparators and B5 up to 91; evaluation-trace scoring applies one capacity to
every algorithm and so controls for this difference in returned-set size.

The archive supplying λ is fixed within an iteration (synchronous update), which
gives an unambiguous intervention point; admission uses feasibility-first domination on
constrained problems. On constrained problems every comparison in the skeleton follows
the feasibility-first rule of Deb [34]: a feasible solution precedes an infeasible one, infeasible
solutions are ordered by their total constraint violation (the sum of the positive parts of
the constraint functions), and feasible solutions by dominance or by the operator’s own
criterion (Table A1). With initialization counted, the iteration limit under a per-run budget
FE is

T =

⌊︃
FE− N

4N

⌋︃
, (10)
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so FE = 30,000 with N = 91 gives T = 82 and 29,939 counted evaluations.

Algorithm 1 Shared L2 MO-MGO skeleton (leader operator λ; management operators
π = (πpop, πarch)).

Require: objective and constraint functions on the box [lb, ub] ⊂ RD; population size
N; archive capacity Amax; evaluation budget FE, which fixes the iteration limit T by
Equation (10); leader operator λ with parameters Θλ; management operators πpop and
πarch

Ensure: the final archive A(T), with |A(T)| ≤ Amax
1: initialize P(0), |P(0)| = N, uniformly within [lb, ub]; evaluate P(0)
2: A(0)← non-dominated members of P(0)
3: for t = 0, . . . , T− 1 do
4: compute the iteration scalar a ▷ Equation (1)
5: C(t)← ∅
6: for each gazelle Xi ∈ P(t) do
7: leaderi ← λ(A(t), Xi, t, Θλ) ▷ Equation (9)
8: sample fresh F, BH, coefficients and integer multipliers ▷ Equations (2)–(4)
9: generate TSMi, MaHi, BMHi using leaderi; generate MSFi ▷ Equations (5)–(8)

10: clamp all four candidates to [lb, ub], evaluate, add to C(t)
11: end for
12: P(t+1)← πpop

(︁
P(t) ∪ C(t), N

)︁
▷ 5N → N

13: A(t+1)← admit and dominance-purge A(t) with the pool
14: if |A(t+1)| > Amax then A(t+1)← πarch(A(t+1), Amax)
15: end if
16: end for
17: return A(T)

3.2. Leader-Mediated Variants and Controls

Table 2 summarizes the four variants and the controls by leader rule, population sur-
vival and archive pruning, and names the established method whose principle each leader
rule transposes. Four variants instantiate the strategy families as leader rules under the
shared skeleton. V1 (Pareto dominance) selects by a binary tournament on non-dominated
rank and crowding distance, and manages population and archive by NSGA-II sorting
and crowding. V2 (decomposition) assigns one Das–Dennis weight vector per gazelle and
selects the neighbourhood Tchebycheff-optimal archive member; it has no native external-
archive policy, reuses V1’s crowding pruning, and is therefore a decomposition-flavoured
package and not canonical MOEA/D. V3 (indicator-based) samples a leader with probabil-
ity proportional to its internal, adaptively normalized hypervolume contribution (∆HV)
and manages population and archive by iterative smallest-∆HV removal. The normaliza-
tion is fixed from the set under consideration: each objective is mapped from its minimum
and maximum over that set to [0, 1], the reference point is 1.1 per objective, and every
leave-one-out term uses the same transform (Table A2); it is separate from the scoring
normalization of Table A3. V4 (mixture) delegates each leader call to V1, V2 or V3 with
equal fixed probability. V4 is a heterogeneous leader-selection strategy: it tests whether the
three leader policies complement one another when they are mixed, before any adaptive
switching is introduced, and the equal fixed probabilities are the uninformed choice, which
adds no tuned parameter. Over the 660 V4 runs of the standard suite (7462 leader calls per
run), the three rules received 33.2%, 33.4% and 33.4% of the calls (V1, V2 and V3), and no
run departs from one-third by more than 1.7 percentage points. The null control V0 draws
the leader uniformly at random from the archive under V1’s management, the random-
leader control that Nebro et al. [29] used for SMPSO. It is the minimal leader-mediated
configuration, with full in-loop Pareto machinery and no leader structure, and it is analysed
separately from the primary comparison. The leader-isolation (λ) ablation compares V0
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and the structured leaders under common management and isolates the contribution of the
leader rule.

This study: leader-mediated (L2)

V1  Pareto

V2  Decomposition

V3  Indicator

V4  Mixture

V0 control  +  λ-ablation

Reconstructed prior MGO designs

B1  Said (2023), L0

B2  Ramachandra &
Natarajan (2024), L1

B3  Pandey, Jadoun
et al. (2025), L0

B4  Zheng & Wu (2025), L1

B5  Pham et al. (2026), L2

Established comparators (pymoo)

NSGA-II · NSGA-III · MOEA/D
AGE-MOEA-II · SMS-EMOA

uniform-random floor

Shared L2 skeleton
(Algorithm 1)

Corrected single-
objective MGO core

Paper-based
reconstruction

(three profiles, S2)

pymoo 0.6.1.6
(per-algorithm defaults)

Problems
22 standard (ZDT, DTLZ,
WFG, C-DTLZ) + 14 RE

Protocol
30 seeds · 30,000-FE

ceiling · shared
initialization

Two scoring channels
package: returned sets

discovery: evaluation trace

§4.1  variants vs. prior designs
§4.2  refinement (V3R);
         established comparators
§4.3  external validation (RE)
§4.4  V3R vs. B5
§4.5  robustness, sensitivity

prior-method comparison:
returned sets only

comparator studies:
both channels

Figure 2. Study pipeline. One problem set and one protocol feed three arms: the shared L2 skeleton
instantiates the four leader-mediated variants, the V0 control and the λ-ablation; the corrected
single-objective MGO core hosts the reconstructed prior designs B1–B4, and a separate paper-based
reconstruction hosts B5; pymoo hosts the established comparators and the random floor. The prior-
method comparison (Section 4.1) uses returned-set scoring; the comparisons with the established
comparators (Sections 4.2–4.4) use both returned-set and evaluation-trace scoring. The refined design
V3R (Section 4.2) is composed from the findings of Section 4.1 and is therefore evaluated in sample
on the standard suite and out of sample on the RE suite. Prior designs: B1, Said et al. [16]; B2,
Ramachandra and Natarajan [19]; B3, Pandey, Jadoun, et al. [18]; B4, Zheng and Wu [20]; B5, Pham
et al. [23].

Figure 3 summarizes the six rules on a common archive sketch; each panel also records
the management pair (πpop, πarch) that completes the package.

Table 2 lists the three components of every L2 configuration: the leader rule λ, the pop-
ulation survival πpop and the archive pruning πarch. Leader selection and population
survival are separate mechanisms in this design, and the configurations are chosen so
that their effects can be read separately. Along the chain V0, V3-λ, V3R, V3, adjacent
configurations differ in exactly one component: V0 and V3-λ differ in the leader rule, V3-λ
and V3R in the archive pruning, and V3R and V3 in the population survival. The V2-λ arm
plays the same role for the decomposition leader, and V1 and V4 already run under the
common crowding management.
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f1

f 2

Xi

πpop: rank + crowding (as V1)
πarch: crowding

V0 — uniform random (null control)

leader

f1
f 2

Xi

πpop: NSGA-II rank + crowding
πarch: crowding

V1 — rank + crowding tournament
leader

f1

f 2

wi

Xi

πpop: per-weight Tchebycheff
πarch: crowding (as V1)

V2 — Tchebycheff-best along wi

leader

f1

f 2

Xi

dot area ∝  ΔHV

πpop: smallest-ΔHV removal
πarch: smallest-ΔHV removal

V3 — draw ∝  ΔHV

leader

f1

f 2

V1
V2
V3

1/3 each
Xi

πpop: crowding (as V1)
πarch: crowding

V4 — 1/3 mixture of V1 / V2 / V3

leader

f1

f 2
archive prune:
smallest ΔHV

population survival:
crowding (as V1)

Xi

πpop: crowding (as V1)
πarch: smallest-ΔHV removal

V3R — V3 leader, split management

leader

Figure 3. Leader selection from the archive under each algorithm, on a common archive sketch in a
bi-objective minimization space (gray dots: archive members of A(t) on a concave front; gray square:
the gazelle Xi; orange star: the selected leaderi). V0 draws uniformly. V1 runs a binary tournament on
non-dominated rank (blue circles: the two candidates), with ties broken by larger crowding distance.
V2 takes the Tchebycheff argmin along the gazelle’s weight vector wi (green dashed arrow) among the
members of its weight neighbourhood B(i). V3 samples with probability proportional to the clamped
internal hypervolume contribution plus an ε floor (blue dot area ∝ ∆HV). V4 delegates each call to
λV1, λV2 or λV3 with equal, untuned probability. V3R retains V3’s leader rule and archive pruning
(vermilion circle: the archive member pruned) and restores crowding-based population survival.
The footer of each panel records the management pair (πpop, πarch) that completes the package.

Computational cost. All runs obey a common 30,000-evaluation ceiling. The de-
fault L2 designs and the established comparators consume 29,939 evaluations each
(Equation (10)); the achieved spends of the sweep baselines are listed in Table A2 and those
of the population-size sensitivity configurations in Section 4.5. Within the matched-budget
comparisons, complexity differences are therefore selection-and-management overhead.
Candidate generation costs O(N2D) per iteration for every design, because each gazelle
averages a random third of the herd. For V0, V1 and V4 the selection terms are fast non-
dominated sorting of the 5N pool, O(mN2), and crowding survival, O(mN log N); V2 adds
the neighbourhood Tchebycheff scans, O(mN|A|) per iteration. Crowding pruning of the
archive, used by V0, V1, V2 and V4, recomputes crowding after each of its r removals from
the post-admission set S, at a cost of O(r m|S| log |S|) per iteration. The indicator-based
designs are the expensive ones. In the reference formulation, each reduction step recom-
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putes the leave-one-out hypervolume contributions of the surviving set S, which is the
post-admission set and may exceed Amax before pruning, so one reduction performs up
to O(|S|2) exact hypervolume evaluations: on the 5N pool for V3, and on the archive’s
post-admission set for V3R, whose population survival reverts to crowding. The executed
implementation follows a guarded accelerated path at m = 2 with the exact reference
reduction as fallback, so the reference cost is a worst case and not the cost of every run.
Exact hypervolume is evaluated through pymoo’s moocore backend (version disclosure in
Appendix A). It is inexpensive at m = 2, grows steeply with m, and the study never exceeds
m = 4. Section 4.5 and Table A4 report the measured wall-clock times. On the standard
suite, which is mostly bi-objective, the leader-mediated configurations other than V3 take
4.6 to 5.7 s per run in median against 1.1 s for NSGA-III, an overhead common to them;
the cost of exact hypervolume contributions shows at three and four objectives, where
V3R’s median on the RE suite is 50.3 and 90.1 s against 1.6 and 1.7 s for NSGA-III. These
overheads would shrink to a small fraction of runtime in expensive-evaluation regimes,
where the shared evaluation budget dominates.

Table 2. Components of the L2 configurations and the principle that each leader rule transposes.
Crowding survival (πpop) denotes NSGA-II non-dominated sorting with crowding-distance trun-
cation of the last accepted front; crowding pruning (πarch) denotes iterative removal of the archive
member with the smallest crowding distance, recomputed after each removal; smallest-∆HV denotes
iterative removal of the member with the smallest hypervolume contribution, recomputed after each
removal. In the chain V0, V3-λ, V3R, V3 each step changes one component (Section 4.2).

Configuration Leader Rule λ Principle and Source Population πpop Archive πarch Role

V0 uniform random none; random-leader
control as in SMPSO [29] crowding crowding null control

V1 rank and crowding
tournament

Pareto rank and crowding,
NSGA-II [3] crowding crowding variant; its own

λ-ablation arm

V2 neighbourhood
Tchebycheff

decomposition,
MOEA/D [4]

neighbourhood
Tchebycheff crowding variant

V2-λ neighbourhood
Tchebycheff decomposition, MOEA/D crowding crowding λ-ablation arm

V3-λ ∆HV-proportional draw hypervolume contribution,
SMS-EMOA [5] crowding crowding λ-ablation arm

V3R ∆HV-proportional draw hypervolume contribution,
SMS-EMOA crowding smallest-∆HV refined design

(Section 4.2)

V3 ∆HV-proportional draw hypervolume contribution,
SMS-EMOA smallest-∆HV smallest-∆HV variant

V4 V1, V2 or V3 rule, drawn
uniformly per call

mixture of the three rules
above crowding crowding variant

3.3. Reconstructed Prior Designs

Five prior multi-objective MGO designs, B1–B5, are reconstructed from the algorith-
mic descriptions in their original publications and compared under the common protocol.
They are paper-based reconstructions and are not the original software: several source
studies leave implementation details unspecified or include application-specific compo-
nents that do not transfer to the present benchmarks. Supplementary Materials S4 lists
the implementation assumptions of B1–B4, and Supplementary Materials S2 those of B5.
Four of the five, at L0 or L1, are separate wrappers around the corrected single-objective
MGO core and never use an archive-drawn leader. B1 (Said et al. [16], L0) performs one
augmented-vector run that co-optimizes the weights and recovers a front by post-hoc bin-
ning. B2 (Ramachandra and Natarajan [19], L1) runs the single-objective MGO driven by a
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fuzzy decision-making scalar reconstructed from the paper’s terminal compromise rule,
and maintains a side archive that never guides the search; because the source defines no
unique in-loop leader, B2 is held at L1 by explicit reconstruction, a caveat carried through
the analysis. B3 (Pandey, Jadoun, et al. [18], L0) reconstructs an ε-constraint sweep of re-
peated single-objective runs; the original’s terminal operator-driven compromise selection,
which picks one solution after the search, is omitted because the comparison scores the
returned set. B3 carries the level of its source method, L0; the non-dominated filter that
our reconstruction applies to the sub-run optima before scoring is not part of that method.
B4 (Zheng and Wu [20], L1) performs a fixed-weight sweep; the original’s Powell local
refinement and terminal fuzzy compromise stages are likewise omitted, so B4 represents
the sweep architecture of that work and not its full pipeline. Two 2026 works are not
reconstructed: the Q-learning design contributes on an axis orthogonal to leader selection,
and the adaptive-weight design is described too thinly for a faithful reconstruction.

The fifth design, B5, is a paper-based reconstruction of the one prior leader-mediated
design, Pham et al. [23]. Its update scheme is that of the published method, including its
opposition-based learning and chaotic updates, so it is hosted separately from the MGO
core. Matching the evaluation budget does not match the generation count: the opposition
evaluations are charged to the same budget, so B5 completes fewer generations than the
82 iterations of the shared skeleton, and its schedule horizon and achieved generation
count are kept distinct in the reconstruction. It spends the same 29,939 evaluations, starts
from the shared initial population (to which it applies its opposition-based refinement),
and returns its final non-dominated set. The published description leaves several details
unresolved: the random factor in the food-search movement, the schedule horizon of its
step-size and jumping-rate controls, the normalization range of its fuzzy guide selection,
and its feasibility handling. A reference profile (B5) and two sensitivity profiles (B5-L, literal
food-search reading; B5-C, schedule calibrated to the achieved generation count) instantiate
the reconstruction under a documented assumptions ledger (Supplementary Materials S2).
The reference profile enters the comparisons of Sections 4.1–4.3. Each sensitivity profile
also replaces it in a repeat of the prior-method family of Section 4.1, and both join the
comparator families in Section 4.4. The comparison protocol and the reconstruction were
specified in writing before the production runs, and pilots validated the implementation
against that specification.

Comparisons involving B1–B5 therefore evaluate the reconstructed algorithmic de-
signs under a common evaluation budget; they do not reproduce or re-assess the numerical
results reported in the original studies. A performance difference is a property of the recon-
structed design under this protocol, and this qualification weighs most for the methods
whose published descriptions required additional implementation assumptions.

3.4. Experimental Protocol

The standard comparison uses twenty-two problems that span convex, concave, dis-
connected, biased, multimodal and constrained fronts, drawn from four scalable suites,
ZDT [35], DTLZ [36], WFG [37] and C-DTLZ [38]: ZDT1–4 and ZDT6; DTLZ1–4 and
DTLZ7 (three objectives); WFG1–9 (two objectives); and C1-DTLZ1, C2-DTLZ2 and C3-
DTLZ4 (three objectives). External validation uses fourteen unconstrained real-world
engineering (RE) problems (RE21–25, RE31–37, RE41–42) vendored from the reference
implementation [24]. A curated subset of the constrained real-world multi-objective suite
of Kumar et al. [39] is reserved for a later study under the same protocol. We call one
algorithm on one problem a cell. Every cell ran thirty independent seeds, each run under a
common ceiling of 30,000 function evaluations, which is the fairness invariant. Thirty runs
per algorithm and problem is a common convention, used also in the SMPSO leader study
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of Nebro et al. [29]; the seeds estimate the median of each cell, and the problems are the
units of the cross-problem tests described below. Single-run algorithms consumed 29,939
evaluations; the sweep baselines divided the budget across many short scalar sub-runs.

Confirmatory evaluation uses hypervolume (HV), IGD+ [40] and the additive ε-
indicator (I+ε ) as primary indicators, with generational distance and spacing as secondary
diagnostics. All indicators are computed in an objective space normalized by the ideal and
nadir points of each problem’s reference set, and the hypervolume reference point is 1.1
per normalized objective. On the standard suite the reference set is a fixed sample of the
analytic Pareto front, against which IGD+ and the ε-indicator are also measured. On the
RE suite, which has no analytic fronts, the reference set is the non-dominated union of the
sets scored on each channel (defined below): the returned sets on the package channel and
the trace-derived sets on the discovery channel, of all participating algorithms, the three
B5 profiles included (Supplementary Materials S2, Section S2.5). Table A3 gives the gen-
erators and point counts. Inference is non-parametric and is applied across problems:
Friedman ranks [41], Wilcoxon signed-rank post-hoc pairs [42] under Holm correction [43],
and matched-pairs rank-biserial effect sizes, following Derrac et al. [44] at α = 0.05. The unit
of analysis is the problem. Within an algorithm–problem cell the thirty seeds estimate the
distribution of the indicator on that problem, and the cell enters every cross-problem test as
its median over the thirty seeds. The problems are the matched units of the Friedman and
Wilcoxon tests, so no seed enters a cross-problem test as a separate observation, and the
bootstrap intervals resample problems as paired blocks. Seed-level tests appear only for
the single-problem contrasts of Section 4.2, where the seeds are the units; they, and the
two across-suite paired tests of the refined design in the same section, are single contrasts
reported without multiplicity correction and lie outside the Holm families. The null con-
trol and the ablation are analysed separately from the primary comparison. Each Holm
family comprises all k(k − 1)/2 pairwise contrasts within one roster, one indicator and
one channel, and the correction is applied within that family only, never pooled across
indicators or channels. Failure to reject a pairwise null is reported as insufficient evidence
of a difference and never as equivalence. The rosters are: the nine-algorithm prior-method
family (V1–V4, B1–B5; thirty-six pairs); the comparator roster of V3, V3R, B5, the five
established comparators and the random floor (thirty-six pairs on the external suite; on
the standard suite MOEA/D participates only on the nineteen unconstrained problems,
and the package-channel roster excludes V3); and the external-suite comparator roster
of the same nine algorithms. The established comparators span the strategy families of
Section 2.1 at one canonical representative each, NSGA-II (Pareto), MOEA/D (decom-
position) and NSGA-III (the reference-direction line of the same family), joined by SMS-
EMOA [5], which seats the indicator-based family that the best-ranked variant transposes,
and by AGE-MOEA-II [45], a current front-geometry-adaptive descendant; a uniform-
random search floor completes the roster.

The leader-mediated swarm precedents MOPSO, the MOGWO, MOMVO and the
MSSA enter the study as architectural precedents and are not performance comparators.
They instantiate leader-mediated multi-objective search on different base search dynamics,
so a direct comparison with the proposed variants would confound the effect of the leader-
selection architecture with differences between the base optimizers. The aim of this study
is to isolate how alternative Pareto-informed leader mechanisms affect one MGO search
process. The controlled comparisons therefore use variants that share one search skeleton,
together with established MOEAs that represent the distinct strategy families of Section 2.1.
Direct cross-swarm benchmarking against MOPSO, the MOGWO, MOMVO and the MSSA
is a complementary study, and its results would not bear on the architectural claims
examined here.
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Section 4.4 reads the contrasts between the refined design and B5 from these compara-
tor families and adds the two sensitivity profiles of the B5 reconstruction.

The proposed archive-based designs (V0–V4, V3R) return a bounded run archive,
the pymoo comparators return the non-dominated set of their final population, and every
indicator rewards returned-set content. The comparisons with the established comparators
are therefore reported on two channels; the prior-method comparison of Section 4.1 uses the
package channel only, because the reconstructed designs are compared as the documented
reconstructed implementations, with the adaptations and omissions stated in Section 3.3.
The package channel scores what each published pipeline returns. The discovery channel scores,
identically for every algorithm, the feasible non-dominated set of its complete evaluation
trace, captured passively at the counted-evaluator boundary, validated by a bit-identity gate,
canonicalized, and capacity-truncated once at termination by a common crowding-based
truncation (iterative smallest-crowding-distance removal with recomputation after each
deletion, boundary points retained). We refer to package-channel scoring as returned-set
scoring and to discovery-channel scoring as evaluation-trace scoring. Under evaluation-trace
scoring every algorithm is scored with access to its complete evaluation trace, so no design
is penalized for a parsimonious output policy. The terminal capacity is an upper bound
and not a guaranteed cardinality: a trace whose feasible non-dominated set is smaller
than the capacity is scored as it is. A cardinality-cap sensitivity (caps of 10–100 points
under the same common truncator, with per-cap coverage reported) accompanies the
discovery channel and is descriptive only. Constraint handling follows the feasibility-first
Deb rule [34] throughout, in the variants’ management, in the reconstructed baselines’
selection scalars and in archive admission, and the locally generated reference geometry is
verified against direct problem evaluation at the Pareto-set condition before use.

The two channels can rank the same runs differently because a returned set reflects
the output policy as well as the search: an archive keeps non-dominated points that a final
population can lose, archive-based designs can return more points, and V3 and V3R prune
their archives by ∆HV, which favours hypervolume. Evaluation-trace scoring removes
these reporting differences by applying one capacity and one crowding-based truncation to
every algorithm’s evaluated points; the effect of archive management on the search itself
remains. A difference between the channels therefore indicates the output-policy effect
without measuring it; on the RE suite each channel also has its own reference union.

4. Results
4.1. Comparative Study and Leader-Isolation Ablation (RQ1)
4.1.1. Architectural Stratification

Across the twenty-two problems, the Friedman omnibus rejects equal performance
on every indicator (p ≈ 10−22–10−23). The mean ranks (Table 3) stratify by provenance.
The four proposed designs occupy the top four ranks on every indicator, and the whole
proposed block outranks the whole block of prior implementations: the worst variant mean
rank precedes the best prior design on HV (V1, 3.64 against B5, 4.84), on IGD+ (3.68 against
4.89) and on the ε-indicator (V1, 3.48 against B2, 5.14). This comparison evaluates complete
implementations across architectural levels. Because B5 is itself L2, differences between
it and the proposed variants cannot be attributed to the presence of leader mediation
alone; the L2-versus-L0/L1 reading applies to the B1–B4 subset. Of the twenty cross-
block pairwise contrasts, fifteen reach Holm significance on HV, fourteen on IGD+ and
all twenty on the ε-indicator, often at near-maximal effect; within the B1–B4 subset the
counts are twelve of sixteen, twelve of sixteen and sixteen of sixteen. Two qualifications
apply. Part of the margin against the sweep baselines reflects their shallow constituent
sub-runs under the shared ceiling: passive per-sub-run tracing of the sweeps shows every
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scalar sub-run making material progress, but on the representative three-objective problem
roughly three-quarters are still improving at termination, so the budget-limited reading
attaches chiefly to the three-objective sweep cells. The pairs that fail to separate lie in the
columns of B2, the most classification-sensitive prior work (four pairs on HV and on IGD+),
and of B5 (V3 on HV, pholm = 0.051; V2 and V3 on IGD+, 0.095 and 0.080). The proposed-
versus-B5 conclusion does not depend on the B5 reconstruction profile. With B5 replaced
by the literal food-search profile B5-L or the calibrated-schedule profile B5-C, all four
proposed designs keep better mean ranks than B5 on every indicator (B5 at 5.77, 5.80 and
5.98 under B5-L and at 4.80, 4.80 and 5.07 under B5-C, on HV, IGD+ and the ε-indicator),
the cross-block counts become sixteen, sixteen and nineteen of twenty under B5-L and
fifteen, fourteen and twenty under B5-C, and B2 and B5 remain unseparated on every
indicator (Supplementary Materials S3, Section S3.5). Under every profile V1–V4 occupy
the first four positions in the same order and B3, B4 and B1 the last three; B2 and B5 share
fifth and sixth place, with B2 ahead on the ε-indicator under the reference profile and on all
three indicators under B5-L.

Table 3. Mean ranks across the twenty-two standard problems, by primary indicator (lower is better),
for the nine-algorithm prior-method family. Algorithms ordered by hypervolume rank. Provenance:
proposed designs of this study, or reconstructed prior designs; the level of B1–B4 is the classification
of Table 1, and B2’s is by explicit reconstruction (Section 3.3).

Algorithm Provenance and Rule Level HV IGD+ I+ε
V3 proposed, indicator leader L2 2.14 2.18 2.34
V4 proposed, mixture leader L2 2.68 2.73 2.70
V2 proposed, decomposition leader L2 3.36 3.27 3.02
V1 proposed, Pareto leader L2 3.64 3.68 3.48
B5 reconstructed prior, single broadcast guide L2 4.84 4.89 5.30
B2 reconstructed prior, fuzzy archive L1 4.91 4.95 5.14
B3 reconstructed prior, ε-constraint sweep L0 7.32 7.36 7.09
B4 reconstructed prior, weight sweep L1 7.73 7.55 7.68
B1 reconstructed prior, augmented scalarization L0 8.39 8.39 8.25

4.1.2. Attribution: The Null Control and the λ-Ablation

The advantage follows a gradient. The null control V0, the minimal L2 configuration
with in-loop Pareto retention and archive coupling, already beats B2 on sixteen of twenty-
two problems on each primary indicator (rank-biserial r = +0.61, +0.61 and +0.75 on HV,
IGD+ and the ε-indicator). This comparison is descriptive, because V0 and B2 differ in
more than those ingredients; only the λ-ablation isolates one. A reading sensitivity bounds
the reconstruction risk around B2. Under the plausible domination-driven interpretation
of its undefined in-loop ordering (B2-alt), which is leader-mediated under the criterion of
Section 2.5 because front rank then selects the guide inside the loop, the baseline improves
on the fuzzy reading on fifteen of twenty-two problems on HV (sixteen on IGD+ and
fourteen on the ε-indicator) and still loses to the random-leader control V0 on eighteen
of twenty-two on HV (eighteen on IGD+ and twenty-one on the ε-indicator). The V0–B2-
alt contrast is a package comparison of two in-loop designs with different archive roles,
and the block-level conclusion holds under either reconstruction choice. The λ-isolation
ablation then shows that the decomposition and indicator leaders add a further, separately
demonstrated increment: under common management, they outrank a uniform-random
draw from the same archive on HV and IGD+ under Holm correction (|r| ≈ 0.69 to
0.89), the indicator leader also separates from the random draw on the ε-indicator, and the
dominance leader V1 separates from it on IGD+ only. The rank texture (Figure 4) shows a
clean column split, interrupted by one dark cell in the V3 column. The null control and the
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leader-isolation ablation concern the proposed shared skeleton; they are not component
ablations of B5.

B5 sits between the proposed block and the L0/L1 designs. Its mean ranks are close to
B2’s (4.84 against 4.91 on HV, 4.89 against 4.95 on IGD+, 5.30 against 5.14 on the ε-indicator),
and the B2–B5 contrast is not separated on any indicator (r = −0.32, −0.29 and −0.42 in
favour of B5 on HV, IGD+ and the ε-indicator; pholm = 0.40, 0.74 and 0.43). B5 outranks
B1, B3 and B4 under Holm correction on all three indicators, and V1 and V4 outrank B5
on all three (r = +0.79 to +0.98). Table 4 gives the descriptive per-problem map. B5 wins
against each proposed design on one to four of the twenty-two problems, with the same
three problems recurring (DTLZ3, DTLZ4 and WFG6, on which B5 ranks second of nine),
and loses on all three constrained problems to every proposed design, so the margin is not
concentrated in the constrained subset. Its one failure is ZDT2, on which its median front
reduces to a single extreme point (median hypervolume 0.110, the same value as B1, which
is the one tie in the map). B5 returned a feasible set on every seed of every problem.

Table 4. Descriptive per-problem map of B5 against each algorithm of the nine-algorithm family:
wins–losses–ties over the twenty-two standard problems, on the median of thirty seeds per cell,
package channel. A tie is exact equality of the two medians; no tolerance is applied. Ties are dropped
as zero differences from the paired tests of the nine-algorithm family (Supplementary Materials S3).
No hypothesis test accompanies this table.

Indicator V1 V2 V3 V4 B1 B2 B3 B4

HV 3–19–0 4–18–0 4–18–0 3–19–0 21–0–1 14–8–0 21–1–0 21–1–0
IGD+ 3–19–0 4–18–0 4–18–0 3–19–0 21–0–1 14–8–0 21–1–0 20–2–0
I+ε 1–21–0 3–19–0 3–19–0 1–21–0 20–1–1 15–7–0 18–4–0 20–2–0

Figure 5 shows every pairwise contrast of the family on hypervolume. All contrasts
between a proposed design and B1, B3 or B4 are significant; the contrasts with B2 are not;
among the proposed designs only V1–V4 separates; B5 is separated from V1, V2 and V4
and not from V3 or B2.

4.1.3. The Best-Ranked Variant and Its Localized Failure

The indicator-based V3 is the best-ranked variant on convergent descriptive grounds
(Figure 6): it holds the best mean rank on all three indicators and on the two largest families
(WFG and ZDT, fourteen of twenty-two problems). Its within-variant advantage does not
survive Holm correction, so V3 is identified descriptively, and the choice of donor for the
refinement is recorded as a design commitment. The advantage is indicator-general: V3 also
leads on IGD+ and the ε-indicator, which are unrelated to its internal selection rule, which
argues against an explanation in which V3 merely optimizes its own yardstick. Against this
lead stands one sharply localized design failure (Figure 7). On the multimodal ZDT4, V3’s
median hypervolume falls to 0.48 against ≈0.87 for its siblings, with the approximation set
trapped on a local front. The λ-ablation shows that the collapse is a management effect:
under crowding management the same ∆HV leader is free of it (V3-λ, median 0.87). The
V3–V3R contrast of Section 4.2 isolates population survival, because V3R keeps V3’s leader
and archive pruning and restores crowding survival, and V3R is also free of the collapse
(median 0.87). In the tested configuration, the responsible component is therefore V3’s
smallest-∆HV survival rule, which on problems dense with local fronts prunes the popula-
tion toward a single high-contribution cluster. On the constrained C1-DTLZ1, by contrast,
V3 is the strongest algorithm in the family (median hypervolume 1.10). The mixture V4
has the second-best descriptive mean rank on all three indicators, ahead of V1 and V2 and
behind V3 (Table 3). The V4–V3 difference compares complete configurations, because V4
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uses crowding for population survival and archive pruning and V3 uses smallest-∆HV re-
moval for both (Table 2), so it does not isolate the effect of mixing the leader rules; adaptive
switching among the leader rules is listed as future work in Section 6.

V3 V4 V2 V1 B5 B2 B3 B4 B1

ZDT1

ZDT2

ZDT3

ZDT4

ZDT6

DTLZ1

DTLZ2

DTLZ3

DTLZ4

DTLZ7

WFG1

WFG2

WFG3

WFG4

WFG5

WFG6

WFG7

WFG8

WFG9

C1-DTLZ1

C2-DTLZ2

C3-DTLZ4

1 3 2 4 5 8 7 6 9

1 3 2 4 8.5 7 5 6 8.5

1 3 2 4 5 8 6 7 9

7 2 1 3 4 6 9 5 8

2 3 5 4 6 1 7 8 9

4 5 7 2 3 1 9 8 6

1 2 4 3 5 6 7 8 9

6 4 3 5 2 1 9 8 7

5 1 4 3 2 6 8 7 9

1 3 2 4 5 7 8 6 9

2 3 4 5 6 1 7 8 9

1 2 4 3 5 6 8 7 9

1 3 5 4 6 2 7 8 9

1 2 4 3 5 6 7 9 8

4 3 2 5 6 1 7 9 8

1 4 5 3 2 6 7 8 9

1 2 3 4 5 6 7 9 8

3 2 4 1 5 6 7 9 8

1 2 3 4 5 6 7 9 8

1 3 2 4 6 5 8 9 7

1 2 3 4 5 6 7 8 9

1 2 3 4 5 6 7 8 9
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Figure 4. Rank heatmap of within-problem hypervolume rank (1 = best) across the twenty-two
problems for the nine-algorithm family. Light cells are good ranks and dark cells poor ranks. The four
proposed-design columns hold the best ranks; the ZDT4 cell in the V3 column is its localized design
failure; B5’s darkest cell is ZDT2.
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B3
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+0.43

+0.59 +0.53

+0.53 +0.76 +0.11

+0.68 +0.90 +0.71 +0.80

+0.57 +0.61 +0.61 +0.60 +0.32

+1.00 +1.00 +1.00 +1.00 +0.87 +0.72

+0.94 +1.00 +1.00 +1.00 +0.95 +0.83 +0.45

+1.00 +1.00 +0.99 +1.00 +1.00 +1.00 +0.56 +0.42

proposed designs reconstructed prior designs

Holm-significant (α = 0.05)
not separated

Figure 5. Pairwise contrasts of the nine-algorithm prior-method family on hypervolume across the
twenty-two standard problems, algorithms ordered by mean Friedman rank (in parentheses; lower is
better). Each cell gives the matched-pairs rank-biserial r of the column algorithm against the row
algorithm, so a positive value favours the better-ranked algorithm; shaded cells are Holm-significant
at α = 0.05 within the family of thirty-six pairs, and white cells are not separated. The lines divide the
proposed designs (V1–V4) from the reconstructed prior designs (B1–B5).
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Figure 6. Representative approximation sets over the reference front, each algorithm at its median-
hypervolume seed. (a) ZDT3, a disconnected bi-objective front, on which the leader-mediated variant
V3 recovers all five Pareto segments while the L1 and L0 baselines B2 and B1 cover them only in
part; (b) DTLZ7, a three-objective four-region front, on which V3 attains the family’s best coverage
against B4; (c) the constrained C1-DTLZ1, on which V2 and V3 both distribute across the feasible
Pareto triangle. In (a), the grey reference points lie beneath the plotted solutions.
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Figure 7. The targeted repair: approximation sets on ZDT4 (V3 trapped on a local front, V3R on the
global front) and on C1-DTLZ1 (V3 and V3R, both fully distributed across the feasible triangle). In
(a), the grey reference points lie beneath the V3R solutions.

4.2. Refined Design and Comparison with Established MOEAs (RQ2)

The diagnosis constrains the design space. In the tested configuration, the evidence
does not implicate the ∆HV leader; it implicates the ∆HV population survival. Abandoning
∆HV management wholesale would be wasteful, because that management matches V3 on
most problems and concedes on a few. The refined design V3R applies this as a principle,
indicator pressure where quality is read and diversity pressure where the population is
selected: it retains V3’s ∆HV leader and ∆HV archive pruning and restores crowding-based
population survival. It adds no parameter, no operator and no tuning; it is a recomposition
of components already specified, evaluated once.

On the targeted failure the repair is complete (Table 5, Figure 7): median hypervol-
ume rises from 0.484 to 0.871 on ZDT4, seed-level significant at maximal effect (W = 0,
p = 1.9× 10−9, r = +1.00). Against the donor, the refinement concedes small margins on
the three problems where ∆HV survival is strongest, at most 0.011 median hypervolume,
on C1-DTLZ1 (r = −0.55), DTLZ2 (−0.99) and C2-DTLZ2 (−0.82), and the across-suite
paired test is even (ten wins to twelve, r = +0.01, p = 0.97). Against the crowding-managed
control V3-λ, V3R ranks higher on all three indicators (seventeen problems to five on
HV and IGD+ and sixteen to six on the ε-indicator; r = +0.62, +0.59 and +0.58; p = 0.009,
0.014 and 0.016), which shows that the retained archive-side ∆HV pruning contributes
measurable value. Read along the one-component chain of Table 2, the three steps separate
the roles of the leader and of population survival. Replacing the uniform leader by the
∆HV leader under crowding management (V0 to V3-λ) moves the hypervolume mean
rank in the ablation family from 3.59 to 1.50 (r = +0.89, pholm < 0.001). Adding ∆HV
archive pruning (V3-λ to V3R) improves seventeen of the twenty-two problems on HV.
Exchanging crowding population survival for smallest-∆HV survival (V3R to V3) leaves
the across-suite paired test even and produces the ZDT4 collapse, against gains of at most
0.011 median hypervolume on three problems. Each step changes one component while
the others keep their settings at that step, so each effect is measured in one context and
interactions between components were not estimated. Along this chain, the advantage of
V3R over the null control goes with the leader rule and the archive pruning, and population
survival with the ZDT4 failure and its repair. The anytime view (Figure 8) shows the same
repair dynamically: on ZDT4 the refined design escapes the local front early and holds
the global level for the remaining budget, and on a problem the repair does not target, the
trajectories stay close throughout.

Against the established comparators (Table 6), the two scoring channels of Section 3.4
give channel-specific in-sample answers. Under discovery scoring, no pairwise contrast
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between a proposed design and an established comparator survives Holm correction.
SMS-EMOA, whose survival step is driven by hypervolume contributions and is therefore
aligned with the primary indicator, holds the best descriptive hypervolume mean rank
(2.80); the leader-mediated designs and the remaining comparators follow within 1.6 ranks
(V3R 3.59 to AGE-MOEA-II 4.34); the largest contrast between them (SMS-EMOA over V3)
is r = −0.42 at pholm = 1.0; NSGA-II holds the best descriptive ε-indicator rank; and apart
from the random floor the only separation is V3R over B5 (5.14), on all three indicators
(r = +0.81, +0.79 and +0.88; pholm = 0.008, 0.011 and 0.009), a contrast the nineteen-problem
roster does not reproduce. Per protocol the rest is non-separation and not equivalence.
Under package scoring, the same runs scored on returned sets, SMS-EMOA (mean rank
2.07) exceeds several established comparators on hypervolume under Holm correction (over
NSGA-II at pholm = 0.027, NSGA-III at 0.004 and AGE-MOEA-II at 0.032), while SMS-EMOA
and V3R (2.50) are not separated from each other (r = −0.19, pholm = 1.0), ahead of NSGA-
III (3.50), AGE-MOEA-II (3.93), NSGA-II (4.25) and B5 (4.86); B5 is separated from V3R
(r = +0.90, pholm < 0.001) and from SMS-EMOA (+0.68, 0.040). In sample, then, the leader-
mediated designs are not separated from the modern comparators, AGE-MOEA-II and
SMS-EMOA, under either channel, and among the established comparators V3R separates
only from MOEA/D, on the ε-indicator in the nineteen-problem package family (r = +0.78,
pholm = 0.034). On the twenty-two-problem families no contrast of V3R with an established
comparator is rejected even before correction (|r| ≤ 0.46; smallest unadjusted p = 0.059).
The performance advantage over the established MOEAs rests on the out-of-sample suite.

Because V3R was composed after the full standard-suite results had been observed, its
improvement claim is in sample; the external suite carries the out-of-sample burden.

Table 5. The targeted repair: median hypervolume for V3, the crowding-managed reference (V3-λ)
and the refined design V3R; seed-level Wilcoxon test of V3R against V3.

V3R − V3
Problem V3 V3-λ V3R p r

ZDT4 0.484 0.870 0.871 1.9× 10−9 +1.00
C1-DTLZ1 1.096 1.056 1.085 7.1× 10−3 −0.55

Table 6. Discovery-channel mean hypervolume ranks of the comparator roster (lower is better).
Left: all twenty-two problems, MOEA/D not applicable on the constrained trio. Right: nineteen
unconstrained problems including MOEA/D.

Algorithm 22 Problems 19 Unconstrained

SMS-EMOA 2.80 3.16
V3R 3.59 3.42
V3 3.82 3.89
NSGA-II 4.11 4.74
NSGA-III 4.32 4.79
AGE-MOEA-II 4.34 5.11
B5 5.14 5.21
MOEA/D n/a 5.79
RANDOM 7.89 8.89
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Figure 8. Anytime hypervolume on the discovery channel: the feasible non-dominated set of each
run’s evaluation prefix, scored in the normalized space of Table A3 (median and interquartile band
over all thirty seeds). (a) ZDT4: V3 plateaus on a local front while V3R reaches the global-front level
within roughly a third of the budget; NSGA-II registers zero hypervolume until its population passes
the 1.1 reference clip, then converges to the same level. (b) WFG4: the three trajectories rise together,
with NSGA-II holding an edge on this instance, consistent with the no-separation reading of the
discovery channel.

4.3. External Validation (RQ3)

On the fourteen RE engineering problems, which played no part in any design decision,
the in-sample picture reverses: the leader-mediated designs lead on both channels (Table 7).
On the package channel V3 and V3R hold the two best mean ranks on all three indicators,
and V3R separates under Holm correction from every established comparator on IGD+

and from four of the five on hypervolume: from NSGA-II at r = +0.98 (95% bootstrap CI
[+0.89, +1.00] on hypervolume, [+0.87, +1.00] on IGD+), from NSGA-III and MOEA/D at
+1.00 ([+1.00, +1.00]) and from AGE-MOEA-II at +0.94 ([+0.71, +1.00]), with pholm ≤ 0.030;
from SMS-EMOA at +0.90 ([+0.62, +1.00], pholm = 0.022) on IGD+, while the same contrast
on hypervolume (+0.81, [+0.31, +0.98]) falls short of correction within the thirty-six-pair
family (pholm = 0.063). V3 separates from the same four comparators on both indicators.
On the ε-indicator the separation holds against the three canonical comparators and the
floor and does not hold against the two modern additions (+0.75 and +0.78, pholm = 0.150).
The intervals are percentile bootstrap intervals from 10,000 resamples of the fourteen
problems drawn as paired blocks, with the rank-biserial statistic recomputed on each
resample under a fixed seed; the degenerate interval [+1.00, +1.00] is the ceiling case
in which every problem favours V3R, so every resample returns the maximal statistic.
The margins are visible in raw medians: on the four-objective RE41 and RE42, V3R attains
0.859 and 0.838 against 0.777 and 0.792 for SMS-EMOA, the strongest comparator, which at
four objectives estimates hypervolume contributions by Monte Carlo sampling (Table A2).
On the discovery channel, which controls for output policy, V3R holds the best mean rank
on hypervolume (3.00) and IGD+ (2.96), with V3 second on both (3.43 and 3.07); on the
ε-indicator SMS-EMOA (3.64) edges V3R (3.71). The contrasts that survive Holm correction
in the nine-member external-suite roster are on IGD+: V3R over NSGA-III (r = +0.90, CI
[+0.64, +1.00], pholm = 0.035) and over MOEA/D (+0.90, [+0.64, +1.00], 0.035), with NSGA-II
short of correction (+0.78, [+0.34, +1.00], 0.236). Under evaluation-trace scoring the two
modern comparators are not separated from the leader-mediated designs (r = +0.16 to
+0.64 for V3R and +0.09 to +0.62 for V3). The divergence between the channels indicates,
and does not measure, the returned-set-policy component, because each channel is scored
against its own constructed union.

The leading method changes with the reporting-set cap. Descriptive mean ranks of
the nine-member roster over the fourteen problems on the discovery channel, with each
run’s discovered set capped at K points, read as follows on hypervolume: SMS-EMOA
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leads at the caps of ten (4.00) and twenty (3.50), V3 at fifty (3.43) and V3R at full capacity
(3.00); on IGD+ AGE-MOEA-II leads at ten, V3 at twenty and fifty and V3R at full capacity;
on the ε-indicator AGE-MOEA-II leads at ten and fifty, V3 at twenty and SMS-EMOA
at full capacity. At every cap the hypervolume front is led by either a leader-mediated
design or the hypervolume-contribution-driven SMS-EMOA; the hypervolume lead passes
from SMS-EMOA at the two smaller caps to V3 and V3R at the two larger ones, while on
the ε-indicator it returns to an established comparator at full capacity. The transition is
not monotonic: V3R’s hypervolume mean rank moves from 4.36 at ten to 4.71 at twenty
before improving to 3.86 at fifty and 3.00 at full capacity. These are descriptive rankings,
not significance findings; the full ladder and the per-cap coverage of every method are
in Supplementary Materials S2 (Section S2.8). The engineering fronts are irregular, partly
degenerate and shaped by folded constraint-violation objectives, a geometry for which
fixed reference directions are poorly matched and on which MOEA/D falls toward the
random floor. This is a statement about irregular fronts and not a claim that decomposition
is inferior in general; archive-guided leadership assumes no front regularity and adapts to
what the archive discovers.

Between V3R and V3 the external suite separates on neither channel. Package-channel
hypervolume medians differ by at most 0.0021 with a non-significant lean toward the donor
(r = −0.45 on HV, pholm ≥ 0.95), and on the discovery channel even that lean dissolves
(r =−0.05 and−0.22 on HV and IGD+, +0.41 on the ε-indicator). The repair targets a failure
mode the RE suite does not contain. Per protocol this is insufficient evidence of a difference
and not equivalence, with no directional cost detectable under evaluation-trace scoring.

Table 7. External suite, discovery channel: mean ranks of the nine-member roster over the fourteen
RE problems (lower is better).

Algorithm HV IGD+ I+ε
V3R 3.00 2.96 3.71
V3 3.43 3.07 4.93
SMS-EMOA 3.61 3.36 3.64
AGE-MOEA-II 3.93 3.79 4.21
NSGA-III 4.96 5.14 5.00
NSGA-II 5.21 5.32 4.93
B5 6.00 5.71 5.79
MOEA/D 6.36 7.07 5.86
RANDOM 8.50 8.57 6.93

4.4. Comparison with the Leader-Mediated Prior Design

Table 8 collects the contrasts between the refined design and B5 from the comparator
families of Sections 4.2 and 4.3. B5 ranks sixth or seventh of k in every family but one,
ahead of the random floor and behind the Pareto-based comparators; the exception is the
nineteen-problem discovery IGD+ family, where it shares a mean rank of 5.16 with NSGA-II
and AGE-MOEA-II. On the twenty-two standard problems its mean hypervolume rank is
4.86 of seven against 2.50 for V3R and 2.07 for SMS-EMOA, and on the fourteen engineering
problems it is 6.36 of nine. V3R separates from it under Holm correction on every package-
channel family and indicator, with large matched-pairs effects (Table 8). On the engineering
suite the effect is at the ceiling: V3R’s median hypervolume is higher, and its median IGD+

and ε-indicator lower, on every one of the fourteen problems. On the discovery channel
the effects have the same sign and clear Holm correction only on the twenty-two-problem
family; on the nineteen-problem family and on the engineering suite they do not, and on the
engineering ε-indicator the estimate is uncertain (r = +0.52, CI [−0.03, +0.90]). Against the
established comparators, B5 is never better under Holm correction than any algorithm
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other than the random floor (and MOEA/D on engineering hypervolume under package
scoring), while V3R, V3 and SMS-EMOA separate from it on every engineering indicator
under package scoring.

The three reconstruction profiles (B5, B5-L and B5-C) do not change this picture. No
difference between the reference profile and the schedule-calibrated profile survives Holm
correction in any family, which does not establish their equivalence. The literal food-search
profile is worse on the twenty-two-problem families, where it is separated from the other
two on most indicators. Its feasibility failures concentrate on C1-DTLZ1, where it returns
no feasible solution on twenty-six of thirty seeds and is scored at the worst case; the profile
differences are significant on the twenty-two-problem families and not on the nineteen-
problem families that omit the constrained problems. In the joint families the three profiles
occupy the lower-middle positions of each roster, in an order that varies between families.

The intervals are unadjusted percentile bootstrap intervals (10,000 problem-block
resamples) reported alongside Holm-adjusted p-values. Where two designs are both scored
at the worst case on a problem, that block is a tie and is dropped from the paired test as any
zero difference is; this rule was applied to the analysis after the runs and is documented
in the supplement. Two boundaries apply. The comparison is one of complete algorithm
implementations, including survival and output policies: B5 returns the non-dominated
set of its final population, whereas the proposed designs return bounded archives, so
the differences do not isolate the effects of archive maintenance or per-agent leadership.
The families of this section are those of the comparator study and do not contain B1–B4 or
V1, V2 and V4; the comparison of B5 with those designs is that of Section 4.1.

Table 8. V3R against B5 within the comparator families of Sections 4.2 and 4.3. Matched-pairs rank-
biserial r (positive favours V3R) with unadjusted 95% percentile bootstrap interval and Holm-adjusted
p within the family of k(k− 1)/2 pairs; k is the roster size.

HV IGD+ ε-Indicator
Channel, Suite (k) r

[95% CI]
pHolm r

[95% CI]
pHolm r

[95% CI]
pHolm

Package, 22 standard (7) +0.90
[+0.68, +1.00]

<0.001 +0.88
[+0.64, +1.00]

<0.001 +0.97
[+0.86, +1.00]

<0.001

Package, 19 unconstrained (8) +0.86
[+0.60, +1.00]

0.007 +0.84
[+0.56, +1.00]

0.011 +0.96
[+0.82, +1.00]

<0.001

Package, 14 engineering (9) +1.00
[+1.00, +1.00]

0.004 +1.00
[+1.00, +1.00]

0.004 +1.00
[+1.00, +1.00]

0.004

Discovery, 22 standard (8) +0.81
[+0.53, +0.97]

0.008 +0.79
[+0.49, +0.97]

0.011 +0.88
[+0.64, +0.99]

0.009

Discovery, 19 unconstrained (9) +0.75
[+0.37, +0.95]

0.079 +0.73
[+0.34, +0.95]

0.110 +0.84
[+0.53, +0.99]

0.052

Discovery, 14 engineering (9) +0.79
[+0.39, +1.00]

0.175 +0.81
[+0.43, +1.00]

0.121 +0.52
[−0.03, +0.90]

1.000

4.5. Cross-Class Robustness and Parameter Sensitivity

Robustness distinguishes the architectures sharply. The rosters of this subsection
differ by statistic: the relative-hypervolume figures draw on the sixteen algorithms of
Table 9, the stability figures on the proposed and reconstructed prior designs, the indicator-
agreement check on the nine-algorithm prior-method family, and the runtime comparison
of Table A4 on every algorithm of the study. Relative hypervolume is each algorithm’s
median divided by the best median among these sixteen algorithms, one denominator for
all; the ablation configurations V0, V2-λ and V3-λ and the B2-alt reading are not included.
Several methods fail almost completely on at least one problem: B1, B3, NSGA-II, MOEA/D,
AGE-MOEA-II, SMS-EMOA and the random floor all touch a relative hypervolume of zero,
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and NSGA-III falls to 0.137 on DTLZ3, B4 to 0.121, B5 to 0.204 on ZDT2 and B2 to 0.319.
The proposed V1–V4 family and V3R never drop below 0.337 of the problem-best anywhere
in the suite. Table 9 gives the median of each algorithm’s relative hypervolume beside its
worst case. The proposed designs have medians from 0.968 to 0.985, against 0.962 to 1.000
for the five established MOEAs, and worst cases from 0.337 to 0.342, all on DTLZ3, against at
most 0.137 (NSGA-III) for the established MOEAs; the reconstructed prior designs have
medians from 0.367 (B4) to 0.905 (B5). Seed-to-seed variability of the proposed designs
is four- to sixteen-fold tighter than that of B1–B4 (median cell IQR 0.0035–0.0046 against
0.018–0.056; Figure 9); B5’s median cell IQR of 0.0083 lies between the two. The mean-rank
orderings of the nine-algorithm family agree across indicators (Spearman rank correlation
1.000 between HV and IGD+, 0.983 between each of them and the ε-indicator).

Computational cost is the counterweight (Table A4). On the standard suite, fourteen
of whose twenty-two problems are bi-objective, V3R’s median wall-clock time per run
is 5.72 s against 1.11 s for NSGA-III, a ratio of 5.15; V1, V2 and V4 take 4.71, 5.48 and
5.14 s, so on this suite the overhead is common to the archive-based designs. The overhead
grows with the number of objectives. The ratio of V3R’s median to NSGA-III’s rises from
4.55 at m = 2 to 7.90 at m = 3 on the standard suite, and on the RE suite from 4.40 at
m = 2 to 31.9 at m = 3 and 52.5 at m = 4, where V3R takes 50.3 and 90.1 s per run.
At m = 3 V3R takes 2.79 times as long as V1, against 0.98 times at m = 2, which is
consistent with the exact hypervolume-contribution pruning of its archive (Section 3.2).
SMS-EMOA, which also selects by hypervolume contributions, takes 1.50 s per run at
m = 3 and 105 s at m = 4 on the RE suite; at four objectives pymoo replaces its exact
contributions by Monte Carlo estimates. V3 differs from V3R in population survival, which
in V3 removes the smallest-∆HV member of the 5N pool iteratively; its median is 20.7 s on
the standard suite, with a ninetieth percentile of 210.44 s (236.28 s on the three-objective
subset). The difference between V3 and V3R reflects that change together with its effect on
the search; it is a difference of aggregate medians, and the time spent inside the survival
routine was not measured. These differences would shrink to a small fraction of wall-clock
cost in expensive-evaluation regimes, where objective evaluation accounts for most of it,
a regime the analytic RE suite does not itself instantiate; for cheap benchmarks the overhead
is a real limitation and is reported as one.

Design-side parameter sensitivity was assessed for the refined design on a full 3× 3
factorial grid, archive capacity Amax ∈ {50, 100, 200} by population size N ∈ {50, 91, 150},
on six problems spanning the four standard families, thirty seeds per configuration, un-
der the shared 30,000-evaluation ceiling (the budget arithmetic of Section 3.1 yields achieved
spends of 29,850, 29,939 and 29,550 for the three population sizes). Table 10 reports the
median hypervolume of every configuration. The findings read as stability. Population size
is essentially inert (spread at most ≈0.0043 at fixed capacity). Archive capacity is the one
mildly sensitive axis: it raises the median monotonically by between 0.0011 and 0.0312 from
Amax = 50 to 200, most visibly on the three-objective problems, a direction consistent with
the capacity bound acting on the returned set (the grid itself does not separate output-side
truncation from any accompanying change in search dynamics). The pre-specified operat-
ing point (100, 91) sits mid-range and was fixed before any result was observed. The centre
configuration, re-run as part of this grid on the pinned environment, reproduced all banked
returned fronts and hypervolume values exactly, with negligible floating-point differences
in some derived distance metrics.
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Table 9. Relative hypervolume on the twenty-two standard problems. On each problem, an algo-
rithm’s median hypervolume over thirty seeds is divided by the best median among the sixteen
algorithms listed; the table gives the median of these ratios over the problems and the smallest ratio
(worst case). Values are rounded to three decimals from the stored results. SMS-EMOA’s median
relative hypervolume, 0.9996, rounds to 1.000; it has the best median hypervolume on ten of the
twenty-two problems. MOEA/D has no cells on the three constrained problems; its ratios are taken
over the other nineteen, and on the constrained problems the best median is taken over the other
fifteen algorithms.

Algorithm Median Worst Case

V1 0.973 0.341
V2 0.968 0.342
V3 0.985 0.339
V4 0.979 0.342
V3R 0.982 0.337

B1 0.391 0
B2 0.800 0.319
B3 0.697 0
B4 0.367 0.121
B5 0.905 0.204

NSGA-II 0.973 0
NSGA-III 0.988 0.137
MOEA/D 0.962 0
AGE-MOEA-II 0.983 0
SMS-EMOA 1.000 0
Random floor 0.206 0
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Figure 9. Seed-level hypervolume distributions on six representative problems (thirty seeds; proposed
designs in blue, reconstructed prior designs in hatched orange, B5 included). The compressed variant
boxes against the baselines’ wide spread is the robustness pattern of Section 4.5; DTLZ3, on which
the fuzzy-archive baseline B2 exceeds the variant block, is retained deliberately as the principal
counter-example.
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Table 10. Parameter sensitivity of the refined design V3R: median hypervolume per configuration
over thirty seeds (archive capacity Amax × population size N; achieved evaluations per run in
parentheses after N).

Amax N ZDT1 ZDT4 DTLZ2 DTLZ7 WFG4 C2-DTLZ2

50 50 (29,850) 0.867 0.866 0.718 0.566 0.382 0.652
50 91 (29,939) 0.867 0.866 0.719 0.565 0.380 0.650
50 150 (29,550) 0.867 0.866 0.719 0.565 0.377 0.651
100 50 (29,850) 0.872 0.871 0.738 0.580 0.383 0.660
100 91 (29,939) 0.872 0.871 0.740 0.580 0.381 0.663
100 150 (29,550) 0.872 0.871 0.741 0.580 0.379 0.663
200 50 (29,850) 0.874 0.874 0.747 0.588 0.383 0.665
200 91 (29,939) 0.874 0.874 0.750 0.588 0.381 0.665
200 150 (29,550) 0.874 0.874 0.751 0.588 0.380 0.668

5. Discussion
Why leader mediation suits the MGO. Three of four mechanisms consult the leader,

so rebinding it to an archive member reshapes three-quarters of each gazelle’s candidate
generation, per agent and per iteration. This exposure is wider than the single update rule of
PSO or GWO; the present study observes the difference and does not isolate it as the cause.
The gradient result and the ablation together connect both ingredients with the observed
ordering: the random-leader control V0, which keeps in-loop Pareto retention, already
beats the best-ranked L0/L1 baseline B2 on sixteen of twenty-two problems, and the decom-
position and indicator leader rules add a further increment that the λ-ablation separates
from the random draw on HV and IGD+ under Holm correction. The dominance leader
V1 separates from V0 on IGD+ only (pholm = 0.034; 0.085 on hypervolume). The deeper
lesson concerns the division of labour between leadership and survival, which Table 2
separates component by component: an indicator rule that is effective for choosing leaders
can be destructive as a survival rule, as on the multimodal ZDT4 in the tested configuration;
separating the two, the principle behind V3R, resolves the failure and keeps the strength.

What in-loop Pareto reasoning contributes beyond prior work. Linear weighted
sums cannot recover unsupported Pareto points as global minimizers, even when their
weights are varied [26]; a stochastic weighted-sum search may nevertheless visit or re-
tain such points. This limitation does not apply to scalarization in general: ε-constraint
and suitably formulated Tchebycheff methods can recover non-convex portions of the
front. The L0 designs reconstructed here are a co-optimized weighted sum (B1) and an
ε-constraint sweep (B3). Survival-based and archive-based wrappers do use front infor-
mation, for survival, archiving or the terminal compromise; what they lack under this
taxonomy is explicit guide-selection feedback, so the movement guides are chosen by a
rule the trade-off information does not reach. Reinforcement-learning meta-control acts
orthogonally to leader selection. In the leader-mediated designs the archive selects the
guides at every step. In this study that came with a robustness floor and a seed-to-seed
stability that the reconstructed wrappers B1–B4 did not show; this study does not isolate
whether guide-selection feedback causes that difference, because no comparison switches
archive-based guidance on and off with population survival and archive management held
fixed. The out-of-sample result against the established comparators is: on problems with
no voice in their design, a leader-mediated design holds the best discovery-channel rank on
hypervolume and IGD+, under Holm correction on IGD+ against NSGA-III and MOEA/D,
and under returned-set scoring separates from all five established comparators on IGD+,
the front-geometry-adaptive AGE-MOEA-II and the hypervolume-contribution-driven
SMS-EMOA included, and from all but SMS-EMOA on hypervolume; under discovery
scoring it is not separated from NSGA-II, AGE-MOEA-II or SMS-EMOA. The contrast
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between the two channels is consistent with an output-policy contribution to conventional
comparisons. Two within-level contrasts bound this reading. In the prior-method family
of Section 4.1, B5 ranks below every proposed design and is not separated from the L1
design B2. In Section 4.4 the refined design separates from B5 under Holm correction on
every package-channel family and less consistently under discovery scoring. Both are
comparisons of complete implementations and not ablations of the archive or of per-agent
assignment, so they show that leader mediation as such does not account for the proposed
designs’ advantage, without attributing that advantage to any one component.

What is inherited, what is introduced, and what each part does. Because metaphor-
based optimizers are routinely challenged as renamed recombinations of familiar operators,
Table 11 makes the provenance of every component explicit: what is inherited from the
MGO, what this study introduces, which established concept each leader rule transposes,
and which comparison supports each component’s contribution, with the limit of that
inference. Five rows rest on controlled component evidence (the V0 control, the λ-ablation
for V1 and V2, V3-λ and V3R); the archive row rests on complete-package comparisons
only, and the update-mechanism row on none. Two facts distinguish the resulting designs
from existing archive-based optimizers. First, the candidate generator is the MGO’s four
update mechanisms throughout; there is no recombination or mutation operator of MOEA
lineage anywhere in the family, so archive information reaches candidate generation only
through the leader binding and not through a replaced survival loop. Second, the null
control shows that the distinction is functional: V0 retains the identical archive machinery
and the archive-coupled leader draw, removes only the structured choice of which member
leads, and has the worst mean rank of the λ-ablation on every indicator. The decomposition
and indicator leaders separate from it on HV and IGD+ under Holm correction, and the
dominance leader on IGD+ only, so archive coupling alone does not reproduce the gains of
the structured rules where these separate.

Where the approach does not win. The evidence bounds the claim as much as it
supports it. In sample, on the standard suite, SMS-EMOA, whose survival step is driven
by hypervolume contributions, holds the best descriptive hypervolume and IGD+ ranks
on both channels, V3R the best package-channel ε-indicator rank and NSGA-II the best
discovery-channel ε-indicator rank, tied with V3R on the nineteen unconstrained problems.
Under discovery scoring no contrast between a proposed design and an established com-
parator is separable, and under package scoring the separations among the established
comparators that survive Holm correction belong to SMS-EMOA, over several of them,
and to NSGA-III over MOEA/D (ε-indicator, nineteen problems), with SMS-EMOA and
V3R not separated from each other; the contrasts with B5 are the subject of Section 4.4.
In sample, then, the leader-mediated designs are at best peers, apart from V3R’s separation
from MOEA/D in that ε-indicator family; their advantage over the established MOEAs
appears out of sample, on irregular fronts, and is not a uniform superiority. Before refine-
ment the best-ranked variant fails outright on one multimodal problem; one prior baseline
exceeds the whole variant block on DTLZ3; on the ε-indicator the two modern comparators
are not separated even out of sample; and the discovery channel indicates, without measur-
ing it, a returned-set component in the package-channel margins. Wall-clock cost, finally,
ranges from about five times NSGA-III’s on the standard suite to about fifty times at four
objectives (Table A4). These are the boundaries within which the claims hold.

Choosing among the proposed designs. For a choice among V1, V2 and V3R, the evi-
dence supports V3R as the starting choice: it is the only proposed design evaluated out
of sample, it removes V3’s failure on ZDT4, and on the standard suite its median time
per run is 5.7 s against 4.7 s for V1 and 5.5 s for V2; V1 and V2 were not run on the RE
suite. On the RE suite V3R’s median time per run under the 30,000-evaluation ceiling
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is 7.7 s at two objectives and 90 s at four. On cost grounds, V3R suits problems whose
evaluations are expensive relative to the optimizer’s own computation: when one evalua-
tion takes a second or more, the 29,939 evaluations of one run take more than eight hours
in sequence and this overhead is small in comparison, so the choice can rest mainly on
solution quality. On problems as cheap to evaluate as these benchmarks, the overhead has
to be weighed against any gain in quality. The evidence holds under the 30,000-evaluation
ceiling; expensive simulation-based optimization often runs with far smaller budgets and
with surrogate models, a regime this study did not test. Beyond four objectives the cost
of exact hypervolume contributions grows steeply, and V1 and V2, which compute no
hypervolume, are the designs to evaluate there first.

Table 11. Operator correspondence: provenance of every component of the leader-mediated family,
the comparison that supports its contribution, and the limit of that inference (controlled = a component
ablation under common management; package = a comparison of complete implementations).

Component Provenance Nearest Established Concept Supporting Comparison and Limit of Inference

Four update
mechanisms (TSM,
MaH, BMH, MSF)

inherited
verbatim
(validated port)

leader-guided swarm position
updates none: the search substrate itself, not removable

Leader binding λ
(gazmale← archive)

introduced here
for MGO

MOPSO/MOGWO
leader-from-archive template

controlled (V0): a uniform draw keeps all in-loop
machinery and has the worst ablation mean rank,
Holm-separated from the decomposition and
indicator leaders on HV and IGD+; the structured
choice is isolated, the binding itself is not

λV1: rank and
crowding tournament transposed NSGA-II selection [3]

controlled (λ-ablation): the leader rule under
common management; V1 over V0 is not
significant on HV

λV2: neighbourhood
Tchebycheff transposed MOEA/D [4]

controlled (V2-λ): the decomposition leader
outranks the random draw under common
management

λV3: draw ∝ ∆HV transposed
SMS-EMOA contribution [5];
SMPSOhv contribution
tournament [29]

controlled (V3-λ): the leader under crowding is
free of the ZDT4 collapse, which, in the tested
configuration, implicates survival and not the
leader

Bounded archive,
feasibility-first
admission

shared
infrastructure Pareto-archive tradition [6]

package only: B1–B4 and B5 are complete
implementations that differ in more than archive
use; no archive-on/archive-off control was run, so
the archive’s own contribution is not isolated

Split management
(V3R)

introduced
recomposition

indicator pruning of the
archive, as in SMPSOhv [29],
with crowding survival of the
population

controlled (V3, V3-λ, V3R): restoring crowding
survival removes the ZDT4 collapse; retaining
∆HV archive pruning improves over V3-λ

Limitations. The findings apply to the instances tested. The five prior designs B1–B5
are paper-based reconstructions from published descriptions and may diverge from the
originals; their assumption ledgers are in Supplementary Materials S2 (B5) and S4 (B1–B4),
and under both B5 sensitivity profiles all four proposed designs keep better mean ranks
than B5 on every indicator, while B2 and B5 change rank positions (Section 4.1). The study
is scoped to problems of at most four objectives: archive-based leader selection at five or
more changes regime in archive cardinality, hypervolume-oracle cost and leader-signal
sparsity, and is reserved as a distinct question for future work. The refined design carries
no convergence proof. Three internal caveats bound the claims: V3R was composed after
the standard-suite results had been seen, so the external suite carries the out-of-sample
burden; the RE indicators are comparative against constructed reference unions, one per
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channel, and not absolute; and V3R’s runtime ranges from about five times NSGA-III’s
on the standard suite to about fifty times at four objectives on the RE suite. The RE suite
bounds the external evidence further: its fourteen problems are inexpensive to evaluate,
in eleven of them the last objective is the total constraint violation, the union for RE36 has
only 28 points, two problems have four objectives, and among the proposed designs only
V3R and V3 were run on it. Two caveats concern the construction of the comparison. B2
is held at L1 by an explicit reconstruction, while the domination-driven reading B2-alt is
L2 under the same criterion; both are classifications of our reconstructions, because the
published description does not settle which its authors implemented, so empirical proximity
to B2 does not resolve that ambiguity. V2 pairs a decomposition leader with crowding-
based archive pruning, so conclusions involving it concern the specified package and
not canonical decomposition. Two further caveats concern the census and the primary
comparison. The census rests on a forward-citation screen of twenty works, corroborated
by two independent surveys [15,46]; three further records qualified on their abstracts only
and are held as provisional in Supplementary Materials S1, outside the count. Three of the
twenty works describe multi-objective machinery without stating any guide-selection rule,
so their L1 level is provisional and inferred from that machinery; none of the three states
a rule that would place it at L2, but neither do they exclude one, and for one of them an
equations-only assessment of the application formulation supports L0. As with any census,
unindexed work cannot be excluded. The prior-method comparison remains a package
comparison, in which the reconstructed designs return what their reconstructed pipelines
return, with the adaptations and omissions stated in Section 3.3, and with the discovery
channel applied to the comparator studies where output policies differ.

6. Conclusions and Future Work
For the Mountain Gazelle Optimizer, moving multi-objective reasoning inside the

update loop is consequential on the suites and indicators evaluated. Of the prior multi-
objective MGO designs, one mediates its leader in-loop, through a single broadcast guide
inside a modified update scheme; the designs studied here do so by a single operational
substitution of the leader that leaves every original movement equation algebraically intact,
with per-agent leaders drawn from a Pareto archive. On the standard suite, the best-ranked
variant’s mean hypervolume rank is 2.14 against 4.84 for the strongest prior design, B5, all
four proposed designs have better mean ranks than the five prior designs on each indicator,
and fifteen of the twenty proposed-versus-prior contrasts are significant on hypervolume,
fourteen on IGD+ and twenty on the ε-indicator. Under evaluation-trace scoring their
(V3R and V3) discovered trade-off sets show no detected separation from the established
comparators in sample, where SMS-EMOA holds the best descriptive hypervolume and
IGD+ ranks. Out of sample they (V3R and V3) hold the best ranks on hypervolume and
IGD+ at the protocol’s capacity, under Holm correction (V3R only) on IGD+ against NSGA-
III and MOEA/D with evaluation-trace scoring; with returned-set scoring the refined design
separates from all five established comparators, AGE-MOEA-II and SMS-EMOA included,
on IGD+, and from all but SMS-EMOA on hypervolume. Against B5, the refined design
also separates on every returned-set family of the comparator rosters and less consistently
under evaluation-trace scoring. Across the standard suite, the proposed designs’ worst-case
relative hypervolume is at least 0.337, which none of the reconstructed prior designs attains.
Separately, the six-problem parameter study of the refined design shows limited sensitivity
to the tested population sizes and archive capacities. These results were obtained as a
controlled structural experiment, with a null control, a leader-isolation ablation and a two-
channel reporting protocol that scores discovered and returned trade-off sets separately,
and they show, for MGO, what structured leader selection from a Pareto archive adds under
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common management; the design template behind them, consisting of the feedback-path
taxonomy, the leader substitution, the null control and the two-channel scoring, can be
applied to other leader-based swarm optimizers. The contribution is bounded accordingly:
it is a result about where Pareto reasoning resides in one optimizer family, established at two
to four objectives on thirty-six benchmark problems, and not a general superiority claim
over modern multi-objective evolutionary algorithms, which the in-sample evidence would
not support.

Three questions follow directly. A constrained real-world comparison on the reserved
subset of Kumar et al. [39] would test the feasibility-first archive under active constraints.
Online adaptive switching among leader strategies is motivated by the statistically in-
separable variants and their class-conditional dominance. A convergence analysis of the
multiple-leader dynamics is open and non-trivial, because different agents follow different
leaders within a single iteration. Reference-direction-aware archive maintenance and restart
or adaptive leader scheduling, suggested by the residual weaknesses, are reserved for a
subsequent design cycle.

On the evidence of this study, the multi-objective performance of the MGO depends
on which Pareto mechanism selects its leaders and on how its population and archive are
managed. Leader-mediated feedback places trade-off information directly in candidate
generation, and the size of the proposed designs’ advantage depends on the problem class
and on the evaluation protocol.
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Appendix A. Complete Experimental Configuration
Tables A1–A3 summarize the principal operative settings of the protocol, and Table A4

reports the measured runtimes. The released code and the locked environment (with the
hypervolume-backend qualification in Table A1) are authoritative for every value not listed.

Table A1. Experimental configuration summary, part 1: algorithms and budgets. All values are fixed
by the protocol before any comparison; nothing is tuned per problem.

Setting Value

Software stack CPython 3.14.4; numpy 2.4.4; scipy 1.17.1; pymoo 0.6.1.6; installed from the hashed lock
(requirements.lock), with the one exception recorded in the next row

Hypervolume
backend (moocore)

Main study: the version was not recorded in the run manifests; the lock specifies 0.3.2, whereas
the installation of record on the campaign machine has carried 0.2.0 since before the campaigns,
an inference from installation history and not a record. Compatibility evidence, separate from
provenance: 0.2.0 and 0.3.2 agree to the bit on sixteen representative fronts; agreement between
versions cannot identify which version ran. B5 (Sections 4.1 and 4.4): moocore 0.2.0 recorded in
every cell (macOS 14.6, arm64)

Platform macOS 14.6, Apple silicon (arm64); single process; bit-level replay scoped to this platform

Evaluation budget
ceiling 30,000 per run; single-run designs achieve N + ⌊(30000− N)/4N⌋ · 4N = 29,939 at
N = 91 (T = 82 iterations of 4N candidates after initialization); sweep baselines spend less
under the same ceiling (see the sweep row)

Population/archive

N = 91; Amax = 100 bounds the post-pruning archive only (the pre-pruning admission
set may transiently exceed it); feasibility-first dominance admission; per-design pruning
(crowding for V0/V1/V4 and V3R’s population; smallest-∆HV for V3 and for the V3/V3R
archive)

Constraint handling

feasibility-first rule of Deb [34]; total violation CV = ∑j max(gj, 0) over the constraints gj ≤ 0.
Archive admission: a feasible point dominates an infeasible one, and infeasible points are
compared by violation alone, so the archive holds either feasible members only or minimum-
violation infeasible members only. Crowding and smallest-∆HV survival: feasible members
first, by the operator’s criterion, then infeasible members by ascending violation. V2 survival:
feasibility, violation and Tchebycheff value, in that order; the V2 ideal point z∗ is updated
from all evaluated objective vectors, infeasible ones included. B1–B4: the same rule on their
scalar (Supplementary Materials S4). pymoo comparators: pymoo’s feasibility-first handling;
pymoo’s MOEA/D rejects constrained problems, so MOEA/D is not applicable to the C-DTLZ
problems

Seeds and RNG seeds 0–29 (thirty per cell); PCG64 streams from one fixed SeedSequence contract: a shared
initialization stream plus one search stream per algorithm id

Initial population
one shared uniform 91-member sample per (problem, seed), injected into every single-run
native-space design and every pymoo comparator; the sweep baselines’ scalar sub-runs draw
their own 30-member initializations from dedicated streams

Variation operators
(MGO family)

the four MGO mechanisms (TSM, MaH, BMH, MSF) of the validated synchronous port,
coefficient vectors exactly as in Abdollahzadeh et al. [14]; no auxiliary crossover or mutation
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Table A2. Experimental configuration summary, part 2: leader rules, comparators and sweep budgets.

Setting Value

V2 leader rule

deterministic: for the gazelle’s weight vector wi, the archive member that minimizes gte( f |
wi, z∗) = maxj wij (| f j − z∗j |+ 10−10) among the members whose best-fitting weight vector
lies in the neighbourhood B(i) of wi (all members if none does); 91-vector weight lattice,
neighbourhood size 10; z∗ is the running ideal point

V3 leader rule draw probability proportional to each archive member’s ∆HV contribution, clamped at zero
and offset by 10−3 of the mean contribution; uniform fallback when all contributions vanish

∆HV normalization
(V3, V3R)

for the set S under consideration (the archive A(t), fixed within the iteration, for the leader rule;
the pool or the post-admission archive for smallest-∆HV removal), each objective is mapped
from [minS f j, maxS f j] to [0, 1], and an objective with zero range maps to 0; reference point
1.1 per objective; ∆HV(a) = HV(S) −HV(S \ {a}) by exact leave-one-out under that one
transform, clamped at zero; during smallest-∆HV removal the transform and all contributions
are recomputed after each removal. This normalization is internal to the designs and separate
from the scoring normalization of Table A3

Comparator
configuration

pymoo 0.6.1.6 per-algorithm defaults: SBX with polynomial mutation (ηm = 20) throughout,
with ηc = 15 and crossover probability 0.9 for NSGA-II, AGE-MOEA-II and SMS-EMOA,
ηc = 20 and probability 1.0 for MOEA/D, and ηc = 30 and probability 1.0 for NSGA-III;
MOEA/D with 20-neighbour decomposition and neighbour-mating probability 0.9; SMS-
EMOA in pymoo’s generational form (91 offspring per generation) with internal normalization,
reference point 1+ ε per objective, and Monte Carlo-approximated hypervolume contributions
at m = 4 (10,000 samples, seed 1; exact at m ≤ 3); population 91 throughout; AGE-MOEA-II
executed on the pure-Python path (CPython 3.14.4; Table A1)

Reference directions Das–Dennis: m = 2, H = 90 (91 directions); m = 3, H = 12 (91); m = 4, two layers, H = 5
boundary (56) plus H = 4 inner scaled 0.5 (35), 91 in total

Sweep baselines

under the shared 30,000-evaluation ceiling, B4 and two-objective B3 run 21 scalar sub-runs of
population 30 for 11 iterations each (21× (30 + 11 · 120) = 28,350 evaluations); three-objective
B3 runs 19 sub-runs of population 30 for 12 iterations (19× (30 + 12 · 120) = 27,930); B1/B2
are single runs (Section 3.3)

Table A3. Experimental configuration summary, part 3: scoring, channels and statistics.

Setting Value

Reference sets

standard suite: fixed analytic Pareto fronts, deduplicated and filtered to non-dominated
points; ZDT1, ZDT2, ZDT4 and ZDT6: 1000 points of the closed-form front; ZDT3: pymoo’s
disconnected front (97 points); DTLZ1–4: 1035 points on a Das–Dennis lattice (H = 44);
DTLZ7: 900 points from a 60× 60 grid of the closed-form front; WFG1–9: closed-form fronts
from 2001-point sweeps of the shape functions of Huband et al. [37] (547 points for WFG2,
2001 otherwise); C1-DTLZ1, C2-DTLZ2 and C3-DTLZ4: pymoo’s fixed sets (136, 76 and 136
points). RE suite: the non-dominated union of the returned sets (package channel) or of the
trace-derived sets (discovery channel) of all participating algorithms and seeds, one union per
channel (Supplementary Materials S2, Section S2.5)

Normalization
all indicators in the normalized objective space ( f − zideal)/(znadir − zideal), with zideal and
znadir the per-objective minimum and maximum of the problem’s reference set; zero-range
coordinates divide by one

Hypervolume exact, computed with the moocore backend (version: see Software stack); reference point 1.1
per normalized objective, which is the nadir of the reference set inflated by 10% of its range

Other indicators
IGD+, GD and the additive ε-indicator against the problem’s reference set; additive ε by its
max–min–max definition, I+ε (A, R) = maxr∈R mina∈A maxj(aj − rj); Schott spacing (sample
s.d., ddof = 1)
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Table A3. Cont.

Setting Value

Scoring policy indicators computed on the feasible non-dominated subset of each return; an empty feasible
set scores worst-case and is flagged, never dropped

Discovery channel
passive trace capture at the counted-evaluator boundary; feasible non-dominated set of the
complete trace in canonical order; one terminal capacity-100 truncation by iterative smallest-
crowding removal; cardinality caps {10, 20, 50, 100} descriptive only

Statistics
Friedman across problems on median-over-thirty-seeds cells; Holm-corrected Wilcoxon signed-
rank post hoc within each roster–indicator–channel family; matched rank-biserial effect sizes;
percentile bootstrap CIs (10,000 problem-block resamples, fixed seed); α = 0.05

Table A4. Median wall-clock time per run in seconds (three significant figures), by suite and number
of objectives m. The time is measured around the optimizer call only and excludes scoring. Standard
suite: fourteen problems at m = 2 and eight at m = 3, thirty seeds each; MOEA/D ran only on
the nineteen unconstrained problems. RE suite: five problems at m = 2, seven at m = 3 and two
at m = 4; a dash marks a design that was not run on it. “All” is the median over all runs of the
suite. Machine load was not controlled, so differences of about 20% or less are not interpretable. B5
was timed with its evaluation-trace recording inside the timed call, and AGE-MOEA-II ran pymoo’s
numba-decorated code as plain Python.

Standard Suite RE Suite
Algorithm m = 2 m = 3 All m = 2 m = 3 m = 4 All

V0 5.01 3.14 4.56 – – – –
V1 5.07 3.18 4.71 – – – –
V2 6.01 3.55 5.48 – – – –
V3 12.6 160 20.7 58.2 227 447 189
V4 5.35 3.48 5.14 – – – –
V2-λ 5.48 3.49 5.13 – – – –
V3-λ 5.21 3.51 5.01 – – – –
V3R 4.98 8.87 5.72 7.72 50.3 90.1 34.3

B1 0.497 0.491 0.493 – – – –
B2 8.74 2.03 6.09 – – – –
B2-alt 2.94 1.76 2.45 – – – –
B3 0.402 0.378 0.395 – – – –
B4 0.402 0.381 0.398 – – – –
B5 0.287 0.284 0.286 0.380 0.401 0.576 0.406

NSGA-II 0.982 0.983 0.982 1.50 1.39 1.61 1.43
NSGA-III 1.09 1.12 1.11 1.76 1.58 1.72 1.61
MOEA/D 10.5 10.6 10.5 10.3 10.9 11.0 10.8
AGE-MOEA-II 14.8 10.8 14.2 21.2 26.5 32.1 25.8
SMS-EMOA 0.931 1.13 1.00 1.17 1.50 105 1.36
Random floor 0.496 0.701 0.570 1.13 1.22 7.30 1.26
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