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Abstract

The Strength Pareto Evolutionary Algorithm 2 (SPEA2) remains a stan-
dard baseline in multiobjective optimization, but its density-based truncation
can remove offspring generated by local intensification. We study a budget-
controlled memetic hybrid that inserts an in vitro fertilization phase into
SPEA2 while preserving the host’s generation-level evaluation budget. The imple-
mentation analyzed here combines dissimilar-father selection with a collective
cycle-continuation rule so that intensification is retained only when it improves
the population under SPEA2’s archive dynamics. A three-phase tuning pipeline
on 12 representative problem-objective configurations defines the default set-
ting. The resulting method is evaluated on 39 out-of-sample synthetic instances,
the full 51-instance synthetic suite, and three constrained engineering problems.
Against canonical SPEA2 over 60 runs per configuration, the method achieves
Holm—Bonferroni-corrected inverted generational distance win/loss/tie counts
of 19/2/3 on out-of-sample bi-objective instances and 12/0/3 on out-of-sample
tri-objective instances; on the full synthetic suite the corresponding counts are
22/3/3 and 15/1/7. Hypervolume provides secondary support. Improvements
concentrate on regular Pareto-front geometries, whereas disconnected or irreg-
ular fronts can weaken or reverse the effect because intensification-generated
density interacts unfavorably with SPEA2 truncation. The results therefore sup-
port a conditional, host-specific memetic improvement over SPEA2 at moderate
objective counts rather than a universal replacement.

Keywords: memetic computing, strength Pareto evolutionary algorithm 2, in vitro
fertilization, multiobjective optimization, Pareto-front geometry



1 Introduction

A multi-objective optimization problem can be written as

min f(x) = (fl(x)7-~~,fM(X))v

xEeQ

where Q C RP is the decision space. The Pareto set P contains the non-dominated
decision vectors, and its image PF = {f(x) | x € P} is the Pareto front. Evolution-
ary multi-objective algorithms (MOEASs) such as the Nondominated Sorting Genetic
Algorithm II (NSGA-II) (Deb et al. 2002), the Multiobjective Evolutionary Algo-
rithm based on Decomposition (MOEA/D) (Zhang and Li 2007), and the Strength
Pareto Evolutionary Algorithm 2 (SPEA2) (Zitzler et al. 2001) are a standard class of
methods for approximating PF (Zhou et al. 2011). Among them, SPEA2 remains an
important baseline and a natural hybridization host because it combines elitist archiv-
ing, dominance-based fitness assignment, and nearest-neighbor density estimation in
a compact environmental-selection framework.

In SPEA2, however, bounded-archive maintenance and density-based diversity
control introduce an explicit convergence—spread trade-off on irregular Pareto-front
geometries. Analyses of adaptive archiving and proximity—diversity balance show
that maintaining a well-distributed approximation can conflict with pure proxim-
ity improvement, especially on irregular or disconnected fronts (Knowles and Corne
2003; Bosman and Thierens 2003). As the number of objectives grows, this trade-off
becomes more acute because a larger fraction of the population is non-dominated and
density-related selection effects become increasingly influential (Ishibuchi et al. 2008;
Li et al. 2015). This broader pressure motivated density-oriented refinements such as
shift-based estimation (Li et al. 2014). We therefore focus on the bi-objective (M = 2)
and tri-objective (M = 3) regimes, where dominance still exerts useful pressure but
density-induced stagnation remains practically relevant.

Memetic algorithms address such limitations by embedding problem-focused inten-
sification into evolutionary search. The in vitro fertilization (IVF) procedure is
a biologically inspired population-based intensification method (Camilo-Junior and
Yamanaka 2011) that has already been coupled with MOEAs such as NSGA-II
(Sampaio and Camilo 2017) and the Nondominated Sorting Genetic Algorithm III
(NSGA-III) (Sampaio et al. 2023). In memetic-computing terms, IVF is not merely
an additional variation operator: it is a selective intensification module that exploits
the current population to produce locally focused offspring. Coupling IVF to SPEA2
therefore raises a host-coupling question rather than only an implementation ques-
tion, because offspring produced by local intensification can be penalized by SPEA2’s
density term and archive truncation, which can erase the intended gain.

We study IVF/SPEA2, a budget-controlled hybridization that aligns IVF inten-
sification with SPEA2’s archive dynamics under a fixed per-generation budget. The
current implementation adds two design refinements: dissimilar-father selection, which
promotes father diversity across mothers, and a collective cycle-continuation crite-
rion, which permits additional IVF cycles only when population-level fitness improves.
These refinements address the central memetic-coupling problem in this paper: the



value of intensification depends on whether meme-generated offspring survive the host
algorithm’s density-based truncation, and that survival is geometry dependent, as dis-
cussed in Section 6.3. Our central hypothesis is therefore not limited to these specific
design refinements. Rather, controlled IVF intensification should improve SPEA2 on
problems whose Pareto-front geometry allows intensified offspring to survive trunca-
tion, whereas the benefit should diminish or disappear when IVF-generated clusters
interact adversely with SPEA2’s archiving rule.

The contributions of this paper are fourfold:

1. Method: a budget-controlled memetic coupling that inserts IVF intensification
into SPEA2 while evaluating that intensification against the host archive dynamics
rather than against offspring quality in isolation.

2. Primary evidence: a confirmatory IVF/SPEA2-versus-SPEA2 comparison on
bi-objective and tri-objective problems, with tuning/out-of-sample separation,
multiplicity-aware inference, and explicit reporting of negative cases.

3. Mechanistic interpretation: a geometry-dependent account of when the
memetic phase helps, is neutral, or becomes detrimental under SPEA2’s density-
based truncation.

4. Reproducibility protocol: a platform-level evaluation design that fixes defaults,
preserves the per-generation evaluation budget in the reported setting, and
distinguishes confirmatory, exploratory, and supportive evidence layers.

2 Related Work

2.1 SPEA2 as a host for memetic intensification

Beyond the convergence—spread trade-off noted in Section 1, bounded-archive MOEA
analyses show that archive update and truncation rules strongly shape robustness,
especially on irregular or disconnected fronts where coverage and proximity compete
directly (Knowles and Corne 2003; Bosman and Thierens 2003). As the number of
objectives increases, dominance pressure weakens and density terms become more
decisive, which motivated density-oriented refinements such as shift-based estimation
and related SPEA2-style variants (Li et al. 2014, 2015). SPEA2 also remains active
in applied optimization, including pump scheduling, suspension design, web-service
composition, and recent mutation-adaptive web-service composition variants (Lopez-
Ibanez et al. 2005; Gadhvi et al. 2016; Cremene et al. 2016; Wang and Du 2024).
For the present study, the important point is that SPEA2’s archive logic makes it a
demanding host for any memetic intensification module, for the same host-coupling
reasons discussed in Section 1.

2.2 Memetic hybridization in multi-objective optimization

Classical multi-objective memetic algorithms established several hybridization pat-
terns. MOGLS combined evolutionary search with local improvement for permutation
scheduling (Ishibuchi and Murata 1998), while M-PAES embedded local search
into an archive-based Pareto strategy (Knowles and Corne 2000). Broader hybrid-
metaheuristic taxonomies and surveys emphasize that hybrid performance depends



on how intensification is integrated with the base search process and with the host
algorithm’s selection and diversity mechanisms (Talbi 2002; Blum et al. 2011). More
recent work continues this line at the mating-policy level: EMSEA combines elite
mating with clustering-based neighborhood restriction and reports improvements over
representative MOEAs on complex Pareto sets and fronts (Lu et al. 2025). Learning-
guided memetic designs are also emerging in industrial optimization, for example
deep-reinforcement-learning-assisted memetic search for energy-aware flexible job shop
scheduling with multi-AGV (Zhang et al. 2024). Taken together, this literature sup-
ports a key expectation for the present paper: a memetic module should be judged by
how it couples to the host algorithm, not by intensification strength alone.

2.3 The IVF procedure and IVF-based hybridizations

The IVF procedure was introduced as a modular auxiliary method with three stages
(collection, genetic manipulation, and transfer) and with AR/EAR operator fami-
lies that adjust the exploration—intensification balance (Camilo-Junior and Yamanaka
2011). In memetic terms, IVF acts as a population-level intensification operator: it
reuses selected high-quality individuals, perturbs a controlled subset of them, and
generates locally focused offspring for reinsertion into the host population. Subse-
quent MOEA couplings reported problem-dependent gains. IVF/NSGA-II reported
improved IGD on the more difficult ZDT cases, particularly ZDT4-ZDT6, while
remaining competitive on easier instances (Sampaio and Camilo 2017). IVF/GDE3
likewise reported improvements over canonical GDE3 on most tested continuous ZDT
problems, including hypervolume gains on several instances (Sampaio and Camilo-
Junior 2019). In higher-dimensional objective settings, IVF /NSGA-III reported better
overall performance than canonical NSGA-IIT on most tested DTLZ configurations
under a fixed IVF budget (Sampaio et al. 2023). Taken together, the prior evidence
shows that IVF can help, but that the benefit is clearly host dependent. No prior study
has examined IVF coupled to SPEA2 under a fixed per-generation evaluation budget
while preserving SPEA2’s strength-plus-density archive dynamics, which is the gap
addressed here.

3 Proposed IVF/SPEA2 Method

This section defines IVF/SPEA2 as a coupling of IVF with SPEA2. We retain the
standard IVF structure from prior work (Camilo-Junior and Yamanaka 2011; Sampaio
and Camilo 2017; Sampaio and Camilo-Junior 2019; Sampaio et al. 2023) and specify
the SPEA2-specific control rules. Fig. 1 summarizes the execution flow.

The IVF/SPEA2 version studied here incorporates dissimilar-father selection and
a collective cycle-continuation criterion, both detailed in Section 3.1.!

Relative to prior NSGA-family couplings (Sampaio and Camilo 2017; Sampaio
et al. 2023), IVF /SPEA2 is host-specific: IVF continuation is evaluated against SPEA2
fitness after environmental selection, and IVF usage is budgeted within each generation
as formalized in Section 3.2.

1The implementation corresponds to class IVFSPEA2V2 in PlatEMO (see Code Availability).



Per-generation budget: IVF consumes ni; evaluations; SPEA2 uses the remaining N - niy.. Total evaluations per generation = N.
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Fig. 1 Operational flow of IVF/SPEA2 under a fixed per-generation evaluation budget. The
flowchart highlights the conditional IVF trigger, the intra-generation collective cycling rule, and the
remaining-budget hand-off to canonical SPEA2 variation.

The IVF control parameters are the execution rate r, collection size ¢, and maxi-
mum number of IVF cycles £. The default setting is ¢ = 0.12, r = 0.225, and ¢ = 2,
with EAR-PA parameters m = 0.3 and v = 0.1; the selection rationale is detailed in
Section 4.7.

3.1 IVF operator used in this study

IVF operators include Assisted Recombination (AR) and its exploratory AR variants:
EAR-N, EAR-T, EAR-P, and EAR-PA (Camilo-Junior and Yamanaka 2011; Sampaio
and Camilo 2017; Sampaio et al. 2023). We instantiate IVF/SPEA2 with EAR-PA,
which mutates a fraction of mothers before recombination and therefore injects local
perturbation while retaining search around high-quality regions.

In all experiments, EAR-PA applies polynomial mutation (7,, = 20) to a fraction
m = 0.3 of mothers and perturbs a fraction v = 0.1 of decision variables per mutated
mother. In the canonical implementation, the mutated mothers are the lowest-ranked
mothers within the selected mother set rather than a random subset. Within each
activated generation, the IVF cycle proceeds as follows:

1. Collection. Sort by SPEA2 fitness F'(i) and set n, = max(round(cN), M + 1).
The top-n,, individuals form the mother set. The father pool is the top round(N/2)
by fitness. For each mother, Euclidean distances are computed on the raw objective
vectors without additional normalization, the top-K most distant non-self candi-
dates are identified (K = min(3, [pool|)), and the final father is chosen by binary
tournament on fitness.

2. Recombination. Mutate the lowest-ranked round(mn,) mothers within the
mother set, perturbing round(vD) randomly chosen variables per selected mother.
Then recombine each mother with its assigned father using Simulated Binary
Crossover (SBX) with p. = 1 and 1. = 20 and evaluate one offspring per mother.



3. Selection and cycling. Merge offspring with the current population and apply
environmental selection to restore size N. Start a new IVF cycle only if mean
SPEA2 fitness improves, i.e., Fafrer < Fhefore-

4. Budget adjustment. If IVF consumes n;yt evaluations in the current generation,
the host generates the remaining offspring quota with standard SPEA2 variation,
i.e., binary tournament selection followed by PlatEMOQO’s default genetic operator:
SBX (p. = 1, n. = 20) and polynomial mutation (p,, = 1/D, 9, = 20). Under the
production setting used in this paper (N = 100, ¢ = 0.12), each IVF cycle con-
sumes 12 evaluations, so the remaining host quota is always even and the combined
generation uses exactly 100 evaluations.

Self-recombination is prevented by excluding each mother from its father candi-
date set. The operator does not enforce explicit deduplication or one-to-one father
matching; excessive concentration is handled indirectly by SPEA2’s density term. In
Algorithm 1, P; denotes the archive-sized working population returned by environmen-
tal selection, and Ojyf and Oyes; denote the temporary offspring buffers created within
one generation. The pseudocode makes the activation trigger, the collective stop-
ping criterion, the raw-objective father-distance rule, and the host-variation hand-off
explicit.

3.2 Coupling Strategy and Function Evaluation Budget

IVF is invoked before canonical SPEA2 offspring generation and behaves as a budgeted
auxiliary operator. In each generation, IVF may generate niy¢ offspring (0 < njys < N)
under the activation condition F Eryr < r-F'E, where F Eryr is cumulative IVF usage
and F'F is cumulative total evaluations. SPEA2 then generates N — n;y¢ offspring with
its standard operators. If IVF is not activated or terminates early, n;,s+ = 0 and the
generation is identical to canonical SPEA2.

3.3 Computational Cost and Overhead

A single canonical SPEA2 generation requires O(N2M) for pairwise dominance and
strength computation, O(N?log N) for k-nearest-neighbor density estimation, and
O(N D) for variation operators, giving a per-generation baseline of O(N?(M +log N)+
ND).

In one activated IVF generation, father assignment computes raw-objective dis-
tances from each of n, mothers to a father pool of size round(N/2), yielding
O(npNM) per cycle, where n, = max(round(cN),M + 1). With at most ¢ cycles,
this contributes O(¢n, NM). Each cycle also invokes one environmental selection at
O(N?(M +log N)), adding up to ¢ such calls. The IVF overhead per activated genera-
tion is therefore O(¢ N?(M +log N)), i.e., the same asymptotic class as a single SPEA2
generation, scaled by the constant ¢. Because IVF is not activated every generation,
since the trigger F'Eyvr < r- F'E becomes harder to satisfy as the run progresses, the
amortized overhead is strictly smaller than ¢ times the baseline.

Evaluation overhead is also tightly controlled. In the reported production con-
figuration (N = 100, ¢ = 0.12, £ < 2), IVF consumes either 12 or 24 evaluations



Algorithm 1 IVF/SPEA2 under a fixed function evaluation budget

Require: Population size N, objective count M, decision dimension D, max evaluations
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© P NPT R wh e

F Emax, execution rate r, collection size ¢, max IVF cycles ¢, mother mutation fraction
m, variable mutation fraction v
: Initialize population Py with N solutions; evaluate; F'E <~ N; FEyg < 0; £+ 0
: Set P+ Py
while FE < FEmnax do
Compute SPEA2 fitness on the current population P
Nivt < 0; Opost < 9
if FEyp <r-FFE then > Activation trigger: cumulative IVF budget not exceeded
Sort P, by SPEA2 fitness F'(¢) in ascending order
Set np < max(round(c- N), M + 1); Mothers < top-ny individuals
Father pool + top-round(N/2) individuals by fitness
Apply polynomial mutation (7, = 20) to the round(m-ny) lowest-ranked mothers,
perturbing round(v - D) randomly chosen variables each > EAR-PA
for cycle =1 to ¢ do

Oivf — 9

if njyf + |Mothers| > N then break > Per-generation budget

end if

Fiefore < mean fitness of current population

for each mother m; in Mothers do > Father chosen independently per mother
Compute Euclidean distances in raw objective space from m; to all father-

pool candidates (excluding self)

Select top-K (K=min(3,|pool])) most distant; binary tournament by

fitness — father;

Cross m; with father; via SBX (n.=20, p.=1); evaluate offspring and

append to Ojy¢

end for

FE + FE+ |Mothers|; FEryr + FEpyr + [Mothers|; njy¢ ¢ nijye + |Mothers|
Set P; + EnvironmentalSelection(F; U Ojyg, V)

Fafter ¢ mean fitness of updated population

if Fotor < Fhefore then > Collective improvement
Update father pool from new population ranking
else
break > No collective improvement; terminate IVF
end if

end for

if niyf < N then
Generate the remaining offspring quota using binary tournament selection and
standard SPEA2 variation from P; store in Oyt ; evaluate; update FFE
Set P11 < EnvironmentalSelection(P; U Opegt, N)

Set Piy1 < P
Set Py« Pyt t+1

end while
return Final population/archive approximation Py




in an activated generation and the remaining host quota is 88 or 76, so the per-
generation total remains exactly N = 100 evaluations. More generally, the comparison
in this paper is evaluation-normalized rather than runtime-normalized: IVF/SPEA2
incurs additional wall-clock cost from the extra environmental-selection calls and
father-distance calculations.

3.4 Adaptations for SPEA2 Integration

SPEA2 selection differs from dominance-plus-crowding hosts because fitness is jointly
determined by dominance strength and density:

F(i) = R(i) + D(i),

where
Ri)= >, S0)
JEPUP,, j<i
is the raw dominance component, and

1

D' =
@) UZ’-“+2

is the density component based on the k-th nearest-neighbor distance.

To align IVF with this archive logic, IVF/SPEA2 uses the two host-specific adap-
tations detailed in Section 3.1: dissimilar-father selection, which increases crossover
diversity while retaining fitness pressure; and collective cycle continuation, which con-
ditions additional cycles on population-level fitness improvement (Figer < Fhefore)
rather than on individual offspring quality.

4 Experimental Setup

4.1 Platform and Algorithms

Experiments were conducted in MATLAB using the PlatEMO platform (Tian et al.
2017) to compare IVF/SPEA2 with established and additional MOEAs: SPEA2 (Zit-
zler et al. 2001), the multiform host variant MFO-SPEA2 (Jiao et al. 2023), SPEA2
with shift-based density estimation (SPEA2+SDE) (Li et al. 2014), NSGA-II (Deb
et al. 2002), NSGA-III (Deb and Jain 2014), MOEA/D (Zhang and Li 2007), AGE-
MOEA-IT (Panichella 2022), and AR-MOEA (Tian et al. 2018). All algorithms used
the default parameter settings shipped with the frozen PlatEMO snapshot (version
24.2.0.2923080) included in the public tagged release for this study (Zambrano et al.
2026). This avoids instance-wise retuning and keeps the comparison at the level of
published default configurations.

The baseline set spans complementary MOEA families relevant to the host-coupling
question: host-centered SPEA2 variants (SPEA2, MFO-SPEA2, SPEA2+SDE),
canonical Pareto/decomposition methods (NSGA-II, NSGA-III, MOEA /D), and mod-
ern adaptive geometry /reference approaches (AGE-MOEA-II, AR-MOEA). The last



group is included because it is often competitive when front geometry is irregular or
when explicit reference adaptation is advantageous, even though these methods do not
implement a memetic intensification module.?

IVF/SPEA2 uses the EAR-PA operator defined in Section 3.1, with the default
parameterization obtained through the tuning pipeline in Section 4.7. Table 1 lists all
experimental settings.

4.2 Benchmark Suites

The evaluation uses benchmark suites chosen to cover complementary front geometries
and landscape properties:

e ZDT (Zitzler et al. 2000) offers bi-objective problems with diverse Pareto front
geometries (convex, concave, disconnected).

e DTLZ (Deb et al. 2005) extends evaluation to scalable objective counts and
increasing dimensionality.

e WFG (Huband et al. 2006) introduces transformations yielding complex geometries
with characteristics such as non-separability, multimodality, and asymmetry.

e MaF (Cheng et al. 2017) provides scalable multi-objective problems with diverse
front characteristics; in this study we use the tri-objective (M = 3) configurations
to test IVF/SPEA2 under challenging front geometries.

¢ RWMOP (Real-World Multi-Objective Problems) (Kumar et al. 2021) offers con-
strained engineering optimization problems with realistic objective interactions and
feasibility landscapes. In this study, we use three RWMOP instances (RWMOPY,
RWMOP21, and RWMOPS) to assess IVF/SPEA2 beyond synthetic suites.

4.3 Engineering Problem Selection Protocol

To limit selection bias, engineering problems were chosen from the PlatEMO RWMOP
collection (RWMOPI-RWMOP50) using a lock-before-results protocol. Inclusion
required M € {2,3}, the same evaluation budget as the synthetic experiments, feasi-
ble non-dominated solutions for IVF/SPEA2, and adequate metric availability (IGD
and HV) across baselines.

The protocol had two stages:

1. Feasibility probe: IVF/SPEA2 was run once per candidate to verify feasible non-
dominated solutions.

2. Screening phase: the full baseline set was run on a pre-frozen shortlist of six candi-
dates (RWMOPS8, RWMOP13, RWMOP20, RWMOP21, RWMOP24, RWMOP29)
and evaluated by common-run coverage (n = 60 target), feasible-run rate, and
metric availability. RWMOP9 was retained separately as a pre-specified continuity
benchmark from the earlier manuscript track.

Screening outcomes varied across candidates:

® RWMOP21: balanced profile (3/2/3 IGD wins/ties/losses, mirrored on HV);

2AGE-MOEA-II and AR-MOEA results were obtained from dedicated benchmark runs covering all 51
instances with 60 runs each under the same population size and evaluation budget as the other algorithms.



Table 1 Parameter settings used in the experiments (PlatEMO version 24.2.0.2923080). Shared
settings are listed in the first block. All shared settings correspond to the PlatEMO default values
for the respective implementations. Algorithms marked “(shared settings only)” have no additional
tuneable parameters beyond those listed in the shared block. For NSGA-IIT and MOEA /D,
PlatEMO synchronizes the population size with the number of Das—Dennis reference points or
weight vectors, giving N = 100 for M = 2 and N = 91 for M = 3. For SPEA2 and SPEA2+4SDE,
the density pool size is |P| = 2N during environmental selection.

Algorithm Parameter Value
All algorithms Population size N (fixed-population 100
cases)
Evaluation budget F'Fmax 100,000
Independent runs 60

Mating selection
Crossover (SBX): pe, n¢
Mutation (polynomial): pm, nm

Binary tournament (size 2)
1,20
1/D, 20

SPEA2 Archive size N N

Density: k-NN k= [/IP]|]
SPEA2+SDE  Archive size N N

Density estimation Shift-based (SDE)

Density: k-NN k= 1VIP|]
NSGA-II Additional algorithm parameters (shared settings only)
NSGA-IIT Reference points Das—Dennis (Das and Dennis 1998)

Population size N 100 (M = 2); 91 (M = 3)
MOEA/D Aggregation type type= 1 (PBI, 6=5)

Weight vectors Das—Dennis

Neighborhood T' [N/10] (10 for both M = 2 and

M =3)

Population size N 100 (M = 2); 91 (M = 3)
MFO-SPEA2 Additional algorithm parameters (shared settings only)
AGE-MOEA-II  Additional algorithm parameters (shared settings only)
AR-MOEA Additional algorithm parameters (shared settings only)
IVF/SPEA2  Collection rate ¢ 0.12

IVF trigger ratio r 0.225

Max cycles £ 2

Mother mutation fraction m 0.3

Variable mutation fraction v 0.1

Offspring per crossover Nogspring 1

Genetic-manipulation profile EAR-PA

Father selection

Father pool
Cycle continuation
Archive size N

Dissimilar: top-3 by raw-objective
distance, fitness tournament

Top round(N/2) by fitness
Collective: Fypor < Fhofore

N

10



e RWMOPS: adverse profile for IVF/SPEA2 (0/3/5);
e RWMOP20, RWMOP13, RWMOP24, RWMOP29: non-discriminative, with 0/8/0
pairwise signs and frequent missing metrics due to feasibility failures.

Three instances satisfied all inclusion criteria: RWMOP21 (M = 2), RWMOPS8
(M = 3), and RWMOP9 (M = 2, continuity benchmark). The final set deliberately
includes an unfavorable case for IVF/SPEA2 (RWMOPS) to limit positive-selection
bias and covers both objective-count settings.

4.4 Performance Metric

Performance was assessed primarily with Inverted Generational Distance (IGD), which
measures both convergence and distribution by averaging distances from a refer-
ence Pareto set to the obtained approximation set. Lower IGD values indicate better
approximation quality.

IGD was chosen as the primary indicator because it supports consistent per-
instance comparisons across heterogeneous benchmark suites under fixed evaluation
budgets. To avoid over-interpreting a single statistic, we report medians and interquar-
tile ranges (IQR), complement significance tests with effect sizes (Ai2), and discuss
cases where practical degradation and statistical significance diverge. The role of HV
as a secondary indicator is detailed in Section 4.6.

4.5 Reference Sets for IGD and HV

For synthetic problems, IGD and HV are taken from PlatEMO’s built-in metric out-
puts. In the frozen code snapshot used for this study, each problem instance constructs
a problem-specific optimum /reference set as Problem.GetOptimum(10000) before
optimization. IGD is then computed as the mean distance from this 10,000-point ref-
erence front sample to the final nondominated approximation, and HV uses the same
problem-specific optimum set to determine the normalization bounds in PlatEMO’s
standard HV implementation, after which the reference point is the all-ones vector in
normalized objective space (Tian et al. 2017; Zambrano et al. 2026).

For engineering problems, built-in references are unsuitable or incomplete for
robust comparison, so both metrics are recomputed offline from the final populations
under common-run matching. IGD uses the empirical nondominated union of all fea-
sible points across algorithms and selected runs for each problem, whereas HV uses
each problem’s GetOptimum(10000) output as the problem-specific reference set that
determines the normalization bounds for the same PlatEMO HYV routine. This recom-
putation is essential for RWMOP9, whose built-in optimum degenerates to a single
point for IGD purposes.

4.6 Statistical Analysis and Protocol

Primary endpoint. IGD is the pre-specified primary performance indicator. All
primary inferential claims, including multiplicity-corrected win/loss/tie summaries,
are based on IGD. HV is treated as a secondary indicator: when reported, it serves as
complementary instance-level evidence and is not used to confirm the primary claim.

11



Pairwise significance testing. For each benchmark instance, we compare the
60 IGD values of IVF/SPEA2 against each baseline using the Wilcoxon rank-sum test
(Wilcoxon 1945) (two-sided, o = 0.05). A nonparametric test is appropriate because
IGD distributions can be skewed and may violate normality assumptions. Unless stated
otherwise, table symbols (4, —, &) correspond to these unadjusted pairwise tests.

Multiplicity correction. The primary claim, IVF/SPEA2 versus SPEA2 across
instances, involves 28 simultaneous hypotheses for M = 2 and 23 for M = 3. To control
the family-wise error rate, we apply the Holm—Bonferroni step-down procedure (Holm
1979) separately for each objective count. Corrected counts are reported alongside
unadjusted counts in Section 5.1.

Effect size. To complement binary significance decisions with a measure of prac-
tical magnitude, we report the Vargha—Delaney A;, statistic (Vargha and Delaney
2000) for every instance—baseline pair. A;o estimates the probability that a randomly
drawn IVF/SPEA2 run produces a smaller IGD than a randomly drawn baseline run.
Values of A5 = 0.5 indicate stochastic equality; values above 0.56, 0.64, and 0.71
correspond to small, medium, and large effects in favor of IVF/SPEA2, respectively,
following the original thresholds (Vargha and Delaney 2000). Effect-size heatmaps are
reported in the Results section.

Rationale for pairwise rather than omnibus testing. When comparing k > 2
algorithms across n instances, tutorial treatments often use Friedman-family omnibus
tests followed by post-hoc procedures such as Nemenyi (Derrac et al. 2011). Here,
the primary scientific question is whether IVF intensification improves its own host
(SPEA2), not which algorithm attains the best overall rank. The remaining seven base-
lines serve as contextual comparators rather than as co-equal hypotheses in a single
ranking. We therefore use pairwise Wilcoxon tests with Holm—Bonferroni correction
for the primary IVF/SPEA2-vs.-SPEA2 comparison, and report unadjusted pairwise
tests against the remaining baselines as exploratory evidence. This keeps multiplicity
control aligned with the central question without inflating the hypothesis space.

Replication and run protocol. Each benchmark configuration was executed
60 times for IVF/SPEA2 and for each of the eight baseline algorithms. The choice
of n = 60 reflects a deliberately conservative run budget for stochastic-optimization
experimentation, for which run-count selection materially affects estimate reliability
(Eftimov and Korosec 2025), and it stabilizes Wilcoxon testing together with median
and IQR estimation. The same 60-run protocol applies to both the synthetic suites and
the engineering RWMOP suite, with the latter using robust common-run matching
and empirical Pareto-front recomputation for IGD and HV.

After cohort filtering, the primary IVF/SPEA2-vs.-SPEA2 comparison retains
complete 60-vs.-60 coverage on all 51 synthetic instances; all claim tables are computed
from this filtered cohort only.

HV coverage. HV is available for all nine algorithms across all 51 synthetic
instances, and is reported in Appendix A and in the aggregate claim summary
(Table 2).
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4.7 Parameter Tuning Pipeline

To identify a robust default configuration for IVF/SPEA2’s five key parameters (c, r,
¢, m, v), we conducted a three-phase tuning pipeline on a representative 12-problem
subset spanning bi- and tri-objective settings.? Each configuration was evaluated over
30 independent runs (N = 100, FE,.x = 50,000) using both IGD and HV.

Phase A (Execution/Collection Grid). The first phase isolates the exe-
cution and collection parameters under pure AR (m = 0, v = 0). A grid of
r € {0.05,0.10,0.15,0.20}, ¢ € {0.07,0.11,0.16,0.21}, and ¢ € {2,3,4} was evalu-
ated (48 configurations, 17,280 total runs). Configuration A43 (r = 0.20, ¢ = 0.16,
¢ = 2) attained the best mean combined rank across the 12-problem tuning subset.
Fig. 2(a) shows the Phase A landscape for the Cycles =2 slice and indicates a broad
high-ranking region rather than a single isolated cell.

Phase B (Operator Comparison). The second phase evaluates five operator
profiles at the Phase A center (r = 0.20, ¢ = 0.16, £ = 2): (B01) AR (m = 0,
v = 0); (B02) EAR-PA (m = 0.3, v = 0.1); (B03) EAR-P (m = 0.5, v = 0.2);
(B04) EAR-T (m = 0.7, v = 0.3); (B05) EAR-N (m = 0.5, v = 0.2, random re-
initialization). As shown in Fig. 2(b), EAR-PA (B02) achieved the best mean combined
rank, suggesting that polynomial mutation on 30% of mothers improves offspring
quality without excessive disruption.

Phase C (Local Refinement). The third phase performs a local grid search
around the Phase A /B center, varying r € {0.175,0.200,0.225}, ¢ € {0.12,0.16,0.21},
and four operator profiles (AR, EAR-PA, EAR-P, EAR-N), totaling 36 configurations.
Configuration C26 (r = 0.225, ¢ = 0.12, £ = 2, m = 0.3, v = 0.1) achieved the
best mean combined rank and was selected as the promoted configuration; Fig. 2(c)
displays the corresponding EAR-PA slice.

Validation. Head-to-head comparison using Mann—Whitney U tests with Holm—
Bonferroni correction (o« = 0.05) across the 12-problem tuning subset shows no
corrected IGD difference between C26 and A43 (0 wins, 12 ties, 0 losses). Both C26
and A43 achieve 4 corrected wins, 8 ties, and 0 losses against the original pre-tuning
baseline (¢ = 0.11, » = 0.10, AR, ¢ = 3). C26 was promoted because it combines
the activation/collection refinement from Phase A with the operator improvement
identified in Phases B/C.

Separation of tuning and confirmatory evaluation. The tuning pipeline
(Phases A—C) was conducted exclusively on the 12-problem tuning subset using a
reduced budget (FE.x = 50,000, 30 runs). The main evaluation (Section 5) applies
the promoted configuration C26 to the full 51-instance benchmark set under the pro-
duction budget (FEg.x = 100,000, 60 runs), which includes 39 instances not seen
during tuning. The 12 tuning instances reappear in the main evaluation under a dif-
ferent budget and sample size, which provides only partial independence; results on
those instances should therefore be interpreted with that caveat. The main compari-
son remains defaults versus defaults: C26 is frozen as the IVF/SPEA2 default, and no
per-experiment retuning is applied to any algorithm during the confirmatory study.

3 Tuning subset: ZDT1, ZDT6, WFG4, WFG9 (M = 2); DTLZ1, DTLZ2, DTLZ4, DTLZ7, WFG2, WFG5,
MaF1, MaF5 (M = 3).
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Fig. 2 Tuning pipeline results derived from the actual parameter search on the 12-problem tuning
subset (30 runs each). Color encodes mean combined rank across the subset (lower is better, darker
shading); cell/bar values are annotated. (a) Phase A broad search (4 x 4 grid over r and ¢, Cycles =2,
pure AR): the starred cell marks configuration A43 (r = 0.20, ¢ = 0.16). (b) Phase B operator
comparison (5 profiles at the Phase A center): EAR-PA (m = 0.3, v = 0.1) achieves the best rank.
(c) Phase C local refinement (3 x 3 grid over r and ¢, EAR-PA): the starred cell marks the promoted
configuration C26 (r = 0.225, ¢ = 0.12), selected as the default for all subsequent experiments.

Under this symmetric protocol, the 39 out-of-sample instances provide the primary
evidence for generalization.

4.8 Threats to validity

Internal validity. IVF/SPEA2 uses the parameterization selected by the tuning
pipeline on a representative subset of 12 problems (Section 4.7). Different parame-
terizations could change the observed gains, and the tuning set does not cover all 51
benchmark instances. All configurations use 60 independent runs with nonparametric
tests (Section 4.6).

Construct validity. Performance is measured primarily with IGD, which cap-
tures both convergence and distribution relative to a reference set. Although IGD is
widely used in multi-objective optimization, conclusions can change under alterna-
tive indicators such as hypervolume, especially on instances with irregular fronts or
high dispersion. We mitigate this risk through IQR reporting, A;2 effect-size analysis,
and a secondary HV analysis with complete cross-algorithm coverage (Section 4.6).
HV-based counts (Table 2) generally support the IGD findings for the primary
IVF /SPEA2-versus-SPEA2 comparison, although several instances show indicator
disagreement discussed in Sections 5.1 and 5.3.

Conclusion validity. Holm—Bonferroni correction (Section 4.6) is applied to con-
trol family-wise error for the primary comparison. The resulting reduction in significant
wins confirms that part of the raw advantage is small and should be interpreted
conservatively.

External wvalidity. The evaluation focuses on synthetic benchmark suites
(ZDT, DTLZ, WFG, MaF) and three constrained engineering problems (RWMOPY,
RWMOP21, RWMOPS). These benchmarks cover diverse front geometries, but they
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do not exhaust the range of real-world objective interactions. The current scope is
limited to M = 2 and M = 3; conclusions should therefore not be extrapolated
to higher-dimensional settings without additional evidence. The engineering suite
extends the assessment beyond a single case, but broader validation on additional
real-world domains and higher-dimensional objectives would strengthen external valid-
ity. Implementing IVF/SPEA2 within PlatEMO improves reproducibility, although
framework-level choices, including IVF operator details, can still influence outcomes.

5 Results

This section reports the empirical performance of IVF/SPEA2 under its default
configuration (Table 1). The main confirmatory claim is the pairwise comparison
against the canonical host, SPEA2; the remaining analyses provide mechanism-level
interpretation, broader competitive positioning, and transferability evidence.

To make the evidence trail explicit, Table 2 consolidates the main claim-relevant
counts before the detailed tables and figures. Unless noted otherwise, entries are win-
s/losses/ties from IVF/SPEA2’s perspective. We first report the host comparison
against SPEA2, then broader synthetic positioning and engineering transferability,
and finally the supportive ablation evidence for the current implementation.

5.1 Primary Comparison: IVF/SPEA2 vs. SPEA2

We first compare IVF/SPEA2 directly with canonical SPEA2. Unless noted otherwise,
per-instance signs are based on unadjusted Wilcoxon rank-sum tests (p < 0.05) applied
to IGD values.

Because parameter selection used the 12-problem tuning subset, the most decision-
relevant evidence is the 39-instance out-of-sample partition. On those unseen synthetic
instances, IVF/SPEA2 records unadjusted IGD counts of 20/2/2 for M = 2 and
13/0/2 for M = 3. Applying Holm—Bonferroni correction across all instances within
each objective-count group and then filtering to the out-of-sample cases yields the
most conservative evidence layer: 19/2/3 for M = 2 and 12/0/3 for M = 3. The main
gain pattern therefore persists outside the subset used for parameter selection.

Over the full synthetic suite, IVF/SPEA2 achieves significant IGD improvements
in 23 of 28 bi-objective instances with 3 losses, and 18 of 23 tri-objective instances
with 1 loss. After Holm—Bonferroni correction, the counts become 22/3/3 for M = 2
and 15/1/7 for M = 3. Table 2 consolidates these counts alongside the secondary
hypervolume indicator. Hypervolume broadly supports the same pattern, with its
losses concentrated on disconnected or irregular front geometries.

Per-instance median IGD shifts provide a complementary practical view of the
host comparison. Fig. 3 plots the percentage improvement of IVF/SPEA2 over SPEA2
on every synthetic instance and distinguishes the 39 out-of-sample cases from the 12
instances used during tuning. The purpose of this figure is not to add another sig-
nificance layer, but to show where the host-level gain is concentrated and whether
the observed advantage is confined to tuned cases. The pattern is broad but mostly
moderate: the median shift is positive on 24 of 28 bi-objective instances and 21 of
23 tri-objective instances, with overall median improvements of +1.25% and +0.99%,
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Table 2 Claim-oriented summary of the main quantitative evidence
(IVF/SPEA2 vs. SPEA2, synthetic instances only). Based on 28
bi-objective and 23 tri-objective synthetic instances (51 total). Counts
are wins/losses/ties from IVF/SPEA2’s perspective. OOS denotes
out-of-sample instances not used during tuning: 24 for M=2 and 15 for
M=3, totaling 39. The “Holm, OOS” row applies Holm—Bonferroni
correction across all instances within each M group and then filters to
OOS, providing the most conservative evidence layer. Per-instance table
symbols are based on unadjusted tests; Holm rows apply family-wise
correction across all instances within each M group. IGD is the primary
indicator; HV is reported as secondary confirmation.

Evidence block M=2 M=3
Primary indicator (IGD, lower is better)

IVF/SPEA2 vs. SPEA2 (unadjusted) 23/3/2 18/1/4
IVF/SPEA2 vs. SPEA2 (unadjusted, OOS) 20/2/2 13/0/2
IVF/SPEA2 vs. SPEA2 (Holm) 22/3/3  15/1/7
IVF/SPEA2 vs. SPEA2 (Holm, OOS) 19/2/3  12/0/3
Secondary indicator (HV, higher is better)

IVF/SPEA2 vs. SPEA2 (unadjusted) 23/3/2 17/1/5
IVF/SPEA2 vs. SPEA2 (unadjusted, OOS) 20/2/2 11/0/4
IVF/SPEA2 vs. SPEA2 (Holm) 922/3/3  17/1/5
IVF/SPEA2 vs. SPEA2 (Holm, OOS) 19/2/3  11/0/4

respectively. The strongest positive excursion occurs on WFG1 (M = 2, +24.1%),
whereas the negative bars are concentrated on disconnected or irregular cases, espe-
cially WFG2, WFG3, and WFG9 at M = 2 and WFG2 at M = 3. Positive bars also
remain predominant in the out-of-sample partition, which is the key generalization
target of the study. Per-instance tables are provided in Appendix A.

Whereas Fig. 3 localizes the median effect size instance by instance, Figs. 4 and 5
display the full IGD distributions for IVF/SPEA2 versus SPEA2 across all instances.
The tight, well-separated boxes on many ZDT and DTLZ instances show that the
wins are not outlier driven, whereas the wide spread on DTLZ4(M = 3) foreshadows
the bimodal convergence regime discussed later.

5.2 Exploratory Positioning Against Additional Baselines

Exploratory multi-baseline results are reported in Supplementary Information 1; they
are useful for regime interpretation but do not replace the primary IVF/SPEA2-
versus-SPEA2 comparison. The suite-level pattern is nevertheless consistent with the
host-specific claim. In the bi-objective setting, IVF/SPEA2 beats SPEA2 on all five
ZDT instances and all seven DTLZ instances. On WFG, the record against SPEA2 is
4/3/2, with losses concentrated on WFG2, WFG3, and WFGY, all of which involve
disconnected or irregular front structures. On MaF, the record is 7/0/0. In the tri-
objective setting, the corresponding records against SPEA2 are 6/0/1 on DTLZ, 6/1/2
on WFG, and 6/0/1 on MaF. The dominant tri-objective loss remains WFG2, while
DTLZ4 and MaF5 exhibit high dispersion rather than a uniformly poor median.
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Fig. 3 Per-instance median IGD improvement of IVF /SPEA2 over SPEA2 on all synthetic instances.
Positive values favor IVF/SPEA2 because lower IGD is better; negative values indicate degradation.
Dark blue bars denote out-of-sample instances not used during tuning, light blue bars denote the 12
tuning instances, and red bars denote negative median shifts. Values beyond +15% are clipped for
display and annotated with their true magnitude.

Exploratory average-rank analysis places IVF/SPEA2 second for M = 2 (3.11)
and first for M = 3 (2.22) across the nine algorithms considered, but we treat those
ranks only as contextual navigation because the confirmatory question in this paper
is host improvement rather than global algorithm ordering.

Figs. 6 and 7 summarize the Vargha—Delaney Ajo effect sizes against all base-
lines. The heatmaps show near-uniform advantages over SPEA2+SDE and NSGA-II,
whereas AGE-MOEA-II emerges as the strongest synthetic-suite competitor, par-
ticularly at M = 3. Adverse cells again concentrate on disconnected or irregular
geometries, especially WFG2 and, more weakly, WFG6 and MaF5.
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Fig. 4 IGD distributions for IVF/SPEA2 and SPEA2 on all bi-objective instances (M = 2), grouped
by benchmark suite. Each box spans the interquartile range over 60 independent runs, and whiskers
extend to 1.5XIQR. The significance marks identify unadjusted Wilcoxon rank-sum outcomes from
IVF/SPEA2’s perspective. Lower IGD is better.

IGD distribution per instance (M = 3)
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Fig. 5 IGD distributions for IVF/SPEA2 and SPEA2 on all tri-objective instances (M = 3). The
broad spread on DTLZ4 and the clear loss on WFG2 indicate that the hybrid is not uniformly
beneficial, even when the median remains competitive on most instances.
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Vargha-Delaney A1, effect size (M =2)
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Fig. 6 Vargha—Delaney A;s effect size for IVF /SPEA2 versus each baseline on bi-objective instances
(M = 2). Values above 0.5 indicate an IVF/SPEA2 advantage and values below 0.5 indicate a
baseline advantage. Bold values denote unadjusted Wilcoxon significance, and horizontal separators
mark benchmark-suite boundaries.
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Vargha-Delaney A;, effect size (M = 3)
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Fig. 7 Vargha—Delaney A2 effect size for IVF /SPEA2 versus each baseline on tri-objective instances
(M = 3). AGE-MOEA-II is the strongest competitor in several DTLZ and WFG cases, while WFG2
and MaF5 show the clearest adverse cells for IVF/SPEA2.
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5.3 Engineering Benchmarks: RWMOP Suite

To extend the evaluation beyond synthetic suites, we test IVF/SPEA2 on three
constrained real-world RWMOP problems from PlatEMO: the bi-objective problems
RWMOP9 and RWMOP21, and the tri-objective problem RWMOPS. Selection fol-
lows the pre-defined protocol in Section 4.3, which ensures meaningful common-run
coverage under identical budgets. The three cases cover distinct design contexts:
RWMOPY is a four-bar plane-truss trade-off between structural mass and deflec-
tion, RWMOP21 models high-speed-train crash-energy management under safety
constraints, and RWMOPS is a car side-impact design problem with three objectives
balancing weight, intrusion, and structural response.

Following the robust post-processing protocol, IGD is recomputed against the
empirical nondominated reference front defined by the union of feasible points col-
lected across algorithms and selected common runs. Hypervolume is recomputed
with the same PlatEMO routine used in the synthetic study, using each problem’s
GetOptimum(10000) output to determine the normalization bounds. We use strict
common-run matching with 60 runs per algorithm and N = 100, FE,,.x = 100,000.
This engineering track is executed independently from the synthetic submission runs,
with 60 dedicated runs per algorithm and problem.* Not all algorithms produce valid
metric values on every problem: on RWMOPS, SPEA2+SDE yields valid IGD/HV
in only 18 of 60 runs because of low feasibility, and MOEA /D produces zero feasible
runs, which excludes it from statistical comparison on that instance.

Table 3 summarizes the pairwise signs against IVF/SPEA2 across the full base-
line set. The pattern is strongly problem dependent. On RWMOP9, IVF/SPEA2
wins all pairwise IGD comparisons (8/0/0) and 5 of 8 HV comparisons (5/0/3). On
RWMOP21, both IGD and HV are balanced (3/2/3), with clear wins and losses against
different baselines. On RWMOPS, IVF/SPEA2 is unfavorable under both indicators,
with counts of 1/1/5 for IGD and 1/1/5 for HV. MOEA/D is excluded from this
instance because of zero valid runs. This shows that transferability is not uniform
across engineering landscapes.

To show indicator magnitude and dispersion together with feasibility coverage,
Fig. 8 reports the median and IQR for each algorithm/problem under both IGD
and HV, with explicit valid-run annotations (n). The figure confirms full coverage
(n = 60) on RWMOP9 and RWMOP21, and heterogeneous coverage on RWMOPS
(SPEA2+SDE: n = 18; MOEA/D: n = 0). Representative engineering fronts are
provided in Supplementary Information 1.

The IGD-HV discordance on RWMOPD9 illustrates a convergence—spread trade-off
between indicators. IVF/SPEA2 dominates all baselines under IGD but loses three
HV comparisons (against NSGA-III, AGE-MOEA-II, and AR-MOEA), which shows
that algorithm ranking can change with the indicator even on the same instance.
Taken together, the engineering evidence should therefore be read as a bounded
transferability check rather than as broad practical validation.

4Engineering-suite scripts and data paths are documented in the code repository (see Code Availability).
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Table 3 Engineering suite under robust metric

recomputation with common-run matching (n = 60 target
per algorithm). Entries are pairwise win/equal/loss counts
from IVF/SPEA2’s perspective against the eight baselines,
using Wilcoxon rank-sum tests (o = 0.05).

Problem

IGD (+/ =~ /-)

HV (+/~/-)

RWMOP9
RWMOP21
RWMOPSP

8/0/0
3/2/3
1/1/5

5/0/3
3/2/3
1/1/5

P MOEA/D is excluded because it yields 0/60 valid runs;
SPEA2+4SDE contributes 18/60 valid runs only, which
reduces statistical power for that pairwise comparison.

Engineering-suite metric profiles with valid-run counts

(points: median; whiskers: Q1-Q3; labels: valid n per algorithm)

RWMOP9 (M=2) - IGD

RWMOP9 (M=2) - HV

IVF/SPEA2 | n=60 AR-MOEA n@60
MFO/SPEA2 4 n=60 | AGE-MOEA-I 4 @60
SPEA2 - n=60 NSGA-III 4 n@60
AGE-MOEA-II n=60 IVF/SPEA2 4 60
AR-MOEA | n=60 SPEA2 4 nm60
NSGA-II 4 n=60| MFO/SPEA2 - nm60
NSGA-III n=60 NSGA-II - nm60
SPEA2+SDE | o n=60| SPEA2+SDE | =60
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Fig. 8 Engineering-suite metric profiles with explicit valid-run counts. Each point is the median
valid runs, whiskers show the interquartile interval (Q1-Q3), and labels indicate the valid sample size
(n) per algorithm. Left column: IGD (log scale). Right column: HV. Coverage asymmetry is most
visible on RWMOPS8, where MOEA /D has no valid runs and SPEA2+SDE has partial coverage.
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5.4 Supportive Design Validation

This section tests whether dissimilar-father selection and collective cycle continuation
independently contribute to performance, or whether they are best understood as
implementation refinements of the host-specific coupling. Supportive ablation material
is collected in Supplementary Information 1 because it does not underpin the paper’s
primary confirmatory claim. Three points matter for the main manuscript. First, on
the 12-problem tuning subset, neither dissimilar-father selection nor collective cycle
continuation produces a strong signal in isolation. Second, in the descriptive factorial
stage, the combination of both refinements is the strongest pairing, but the omnibus
Friedman test is non-significant and we therefore do not treat that interaction as
confirmatory evidence. Third, in the full-suite follow-up, the factorial winner is nearly
equivalent to the original baseline on synthetic IGD (0/50/1) while already clearly
favorable against canonical SPEA2: 25/25/1 on IGD and 28/21/2 on HV. This factorial
winner served as the starting point for the parameter optimization in Section 4.7; the
final tuned configuration C26 used in Section 5.1 further improves on it, so the numbers
reported here represent a conservative lower bound. We therefore interpret dissimilar-
father selection and collective cycle continuation as implementation refinements that
support the host-specific coupling rather than as independent headline claims.

6 Discussion

This study evaluates IVF/SPEA2 as a host-specific memetic enhancement to SPEA2.
The central lesson is not that IVF is uniformly beneficial, but that memetic intensifi-
cation helps only when the geometry of the resulting offspring is compatible with the
host algorithm’s density-based survival rule.

6.1 Cross-Cutting Performance Patterns

Three patterns are consistent across the quantitative evidence in Section 5 and Table 2.
First, front regularity is associated with IVF benefit. Suites dominated by convex, lin-
ear, or degenerate fronts, namely ZDT (5/0/0 at M=2) and DTLZ (7/0/0 at M=2;
6/0/1 at M=3), yield wins without losses, whereas suites containing disconnected
or irregular geometries, most notably WFG, concentrate most losses. This is consis-
tent with geometric compatibility between SBX-generated offspring placement and
SPEA2’s density-based archiving as the main moderator of IVF effectiveness, rather
than problem difficulty alone. Second, the gain magnitude is asymmetric across objec-
tive counts: M = 2 instances yield a higher and more stable win rate than M = 3
instances, consistent with the stronger density pressure in higher-dimensional objec-
tive spaces. Third, the corrected out-of-sample counts (Section 5.1) indicate that the
tuned configuration generalizes beyond the 12-problem tuning subset. The engineer-
ing suite remains explicitly problem dependent, as Table 3 shows, which reinforces a
landscape-conditional interpretation rather than a universal one.
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6.2 Practical Positioning Against Modern Baselines

The comparative evidence supports a regime-based positioning rather than a single
global ranking. IVF/SPEA2 is best viewed as a host-specific option for moderate
objective counts (M < 3) and regular front geometries where IVF offspring survive
archive truncation. In this regime, the pairwise comparison against canonical SPEA2
is favorable on much of the synthetic suite, and the broader baseline comparisons show
that IVF/SPEA2 remains competitive with other host-centered methods and with
NSGA-II. As shown in the complexity analysis (Section 3.3), IVF adds at most £ extra
environmental-selection calls per activated generation under the budget-controlled pro-
tocol (Section 3.2); the method is most attractive when evaluation-normalized solution
quality is the priority.

When geometry adaptation and boundary spread become dominant, modern base-
lines can be preferable. The A5 heatmaps identify AGE-MOEA-II as the strongest
synthetic-suite competitor in several M = 3 instances, and engineering HV com-
parisons reveal cases where NSGA-III, AGE-MOEA-II, and AR-MOEA outperform
IVF/SPEA2 on spread-oriented behavior. In practical terms, the current evidence
supports a working decision rule: prioritize IVF/SPEA2 for regular-front, convergence-
sensitive scenarios; prioritize adaptive reference/geometry methods for irregular or
disconnected fronts where spread preservation is the primary objective.

A secondary observation concerns the relative standing of the host algorithm itself.
Under IGD at M = 2, SPEA2 outperforms SPEA24+SDE on all 28 instances and
MOEA/D on 20 of 28 by median. The SPEA2+SDE result is consistent with the orig-
inal SDE design scope: shift-based density estimation was proposed for settings where
dominance pressure degrades as the number of objectives increases (Li et al. 2014),
whereas at M = 2-3 the standard k-nearest-neighbor density already provides effective
selection pressure and the shift transformation can introduce unnecessary distortion
on regular fronts. MOEA/D’s losses concentrate on non-separable and non-convex
benchmarks, specifically the entire WFG suite and MaF3-5, where PBI decompo-
sition with fixed Das—Dennis weight vectors cannot efficiently cover irregular front
geometries, a sensitivity already noted in the original framework (Zhang and Li 2007).
Conversely, MOEA /D retains advantages on smooth, analytically defined fronts such
as DTLZ1-2, DTLZ4-6, MaF1-2, and MaF6 at M = 2, where the weight-vector distri-
bution aligns with the objective-space structure, with margins of 2.6-8.1%. At M = 3,
these advantages largely disappear: SPEA2 wins on 22 of 23 instances. These base-
line relativities are independent of the IVF mechanism and reflect well-documented
interactions between selection paradigm and front geometry.

6.3 Mechanistic Interpretation

The observed behavior is consistent with a geometry-dependent interaction between
targeted IVF crossover and SPEA2 environmental selection. Under the promoted con-
figuration (Table 1), the IVF phase is most often helpful on problems with linear,
convex, or degenerate Pareto fronts, such as DTLZ1, DTLZ2, DTLZ5, and DTLZ6.
On such instances, SBX between a high-fitness mother and a dissimilar high-fitness
father tends to place offspring near the front, and the regular geometry does not induce
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density clusters strong enough to eliminate those offspring systematically during
environmental selection.

Conversely, limitations emerge on specific problem structures through identifiable
mechanisms:

e On DTLZ4 (M = 3), IVF/SPEA2 shows a non-significant test outcome despite a
strongly bimodal run distribution: the median IGD of 5.45x 1072 is close to SPEA2’s
5.50 x 1072, but approximately 42% of runs converge to poor values above 0.1,
producing an IQR of 0.487. This is consistent with a two-regime behavior in which
successful and failed convergence coexist, so rank-based tests lose power because of
strong distribution overlap. In this regime, IVF intensification appears to increase
the probability of converging to unfavorable attraction regions in a subset of runs.

¢ On WFG2 (M = 3), the combination of disconnected front segments and non-
separable decision variables is consistent with a setting in which SBX between two
locally fit parents places offspring in weakly useful inter-segment regions. Those
offspring then interact poorly with SPEA2 truncation, which is consistent with the
statistically significant IGD degradation relative to canonical SPEA2. HV does not
confirm this loss (p = 0.50), which suggests that the degradation affects between-
segment coverage more than overall dominated hypervolume.

e On WFGY9 (M = 2), a similar disconnected-front interpretation is plausible:
WEFGY’s non-separable reduction and concave geometry create multiple front regions
in which inter-segment SBX offspring are penalized by density-based truncation.
The effect is smaller than on WFG2 (+4.0% median IGD vs. SPEA2) but remains
statistically significant.

e On MaF5 (M = 3), the convex-inverted front geometry is consistent with a regime
in which IVF-generated offspring near the boundary incur high density penal-
ties under SPEA2’s k-nearest-neighbor estimate. The high IQR (1.25) indicates
intermittent convergence to poor front regions.

e On DTLZ7 (M = 3), the disconnected Pareto front induces dense clusters within
each segment. Although IVF/SPEA2 achieves a statistically significant win on
this instance, the margin is modest (median IGD 6.00 x 1072 vs. 6.06 x 1072),
which suggests that within-segment intensification is partly offset by density-induced
truncation of the solutions introduced by IVF.

To make the DTLZ4 bimodal regime directly inspectable without post hoc cherry-
picking, Fig. 9 uses a pre-defined selection rule over the 60-run cohort: good run
IGD < @1 and bad run IGD > Q3 with IGD > 0.1. The selected good run has IGD
= 5.38 x 1072 and the selected bad run has IGD = 5.41 x 10~!, with 35/60 runs in
the low-IGD mode (< 0.1) and 25/60 in the high-IGD mode (> 0.1).

Representative success and failure fronts are shown in Fig. 10 under the same
median-IGD run criterion used across panels and algorithms. On DTLZ2, all methods
track the reference front closely (success regime), whereas on WFG2 the IVF/SPEA2
cloud shows larger gaps and off-front dispersion than the comparators (failure regime).

The preceding figures show population-level outcomes; the next two zoom into
individual IVF cycles. Fig. 11 makes the operator-level mechanism directly observ-
able on two pre-specified bi-objective trace cases: WFG7 (M = 2), an out-of-sample
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DTLZ4 (M = 3): bimodal convergence regimes

(a) Good convergence (Q1) (b) Poor convergence (Q3, IGD > 0.1)
RunID 3019 | IGD=0.0538 RunID 3049 | IGD=0.541

True PF e IVF/SPEA2

Fig. 9 DTLZ4 (M = 3) bimodal convergence regimes under IVF/SPEA2. Representative runs were
selected by a pre-defined criterion: good run with IGD < @i and bad run with IGD > @3 and
IGD > 0.1. For the 60-run cohort, Q1 = 5.39x10~2 and Q3 = 5.41 x 10~1, yielding the representative
good and bad runs shown.

(a) DTLZ2 (M=2) — success (c) RWMOP9 (M=2) — engineering
(b) WFG2 (M=3) — failure
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Fig. 10 Representative objective-space fronts from median-IGD runs. (a) DTLZ2 (M = 2): IVF/S-
PEA2, SPEA2, NSGA-III, and MOEA/D all track the regular reference front (success regime). (b)
WFG2 (M = 3): IVF/SPEA2 shows visible gaps and off-front dispersion relative to SPEA2, NSGA-
III, MOEA/D, and the disconnected reference structure (failure regime). (¢) RWMOP9 (M = 2):
engineering comparison among IVF/SPEA2, SPEA2, NSGA-III, and AR-MOEA, illustrating the
spread-quality trade-off discussed in Section 5.3.

Holm-supported gain, and WFG2 (M = 2), a Holm-supported loss. For each case,
30 trace runs were generated; the displayed panel is cycle 1 from the run within one
IGD interquartile range of the case median that has the most favorable or unfavor-
able median Adpp. On WFGT (panel a), the continuous front allows dissimilar-father
selection to spread parents along different regions of the same front; in the selected
cycle, 9 of 12 children (75%) are closer to the reference front than their best parent.
On WFG2 (panel b), the inter-segment failure mode identified above is directly visible:
all 12 children (100%) are farther from the reference front than their best parent.
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(a) Locally beneficial cycle — WFG7 (M=2) (b) Detrimental cycle — WFG2 (M=2)
run 9023, gen 942, cycle 1, median Adpr=-5.97e-05 run 9003, gen 2, cycle 1, median Adpr=0.104

2 &

T T T T T T
0.0 0.5 1.0 15 20 0.0 0.5 1.0 15 2.0
f1 f1

Reference PF ® Mothers Selected fathers ® Beneficial children ® Harmful children O Selected children
Fig. 11 Operator-level trace of cycle-1 episodes on bi-objective instances (panel selection protocol
described in text). (a) WFGT: mothers (blue) and dissimilar fathers (orange) span a continuous
front; 75% of children (green) improve over the best parent. (b) WFG2: the same pairing rule crosses

disconnected front segments; 100% of children (red) degrade. Grey dots: reference front; black rings:
children selected into the archive.

A single cycle illustrates the mechanism but not its cumulative effect. Fig. 12 there-
fore aggregates Adpr over all IVF cycles across the same 30 traced runs per case
as a function of dissimilar-father distance. On WFG7, the binned median stays near
break-even regardless of parental distance, indicating that large H1 distances are not
inherently harmful on a continuous front. On WFG2, the median is positive through-
out and grows with distance, consistent with higher probability of crossing segment
boundaries at larger separations. On DTLZ4 (M = 3), the bimodal structure dis-
cussed above re-emerges: the cohort mixes convergent and non-convergent trajectories,
yielding a positive median even at moderate distances.

6.4 Sensitivity and Tuning Implications

The tuning pipeline described in Section 4.7 yields two implications for practitioners.
First, the absence of corrected IGD differences between C26 and A43 suggests that
the EAR-PA mutation contribution and the execution/collection refinement affect
partially separable aspects of the search process. After Holm—Bonferroni correction,
the comparison is 0/12/0. This is weaker than a formal orthogonality claim, but it
still indicates that useful performance can be obtained from more than one nearby
operating point rather than from a single brittle configuration.

Second, the promoted C26 configuration functions as a robust operating point
across the 12-problem tuning subset and generalizes to 39 out-of-sample instances,
as reported in Section 5.1, but it is not necessarily optimal for any single instance.
The tuning landscape shown in Fig. 2 corroborates this: the best-ranked cells in both
Phase A and Phase C are surrounded by neighbours of comparable quality, and the
Phase B bar chart shows a clear separation between the winning operator profile and
the stronger mutation variants, indicating that moderate deviations from the promoted
default are unlikely to cause substantial degradation. In applications where maximizing
absolute performance on a specific problem is required, instance-level retuning of r and
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Relationship between dissimilar-parent distance and child quality
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Fig. 12 Dissimilar-father distance versus offspring quality (Adpr) for the three trace cases (WFGT,
WFG2, DTLZ4), aggregated over all IVF cycles across 30 runs per case. Grey dots: individual children;
red curve: binned median; shaded band: interquartile range. Positive Adpg: child farther from the
reference front than the best parent (harmful); dashed line: break-even.

¢ may yield further gains, particularly on landscapes where the default IVF intensity
is either insufficient or excessive for the given front geometry.
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7 Conclusion

This work presents IVF/SPEA2 as a memetic hybrid whose effectiveness is governed
by the interaction between IVF-generated offspring density and SPEA2’s truncation
mechanism. The main empirical pattern is geometric: IVF intensification is most bene-
ficial on problems with regular Pareto-front structure, where SBX-generated offspring
survive density-based archiving, and becomes less reliable on disconnected or irregular
fronts, where those offspring are more likely to be removed by truncation.

The strongest generalization evidence comes from the 39 synthetic instances
not used during tuning. On this out-of-sample subset, IVF/SPEA2 records IGD
win/loss/tie counts of 20/2/2 for M=2 and 13/0/2 for M=3 under unadjusted
Wilcoxon tests; after Holm—Bonferroni correction across all instances within each
objective-count group, the counts remain 19/2/3 and 12/0/3. Over the full 51-instance
synthetic suite, the corresponding corrected counts are 22/3/3 for M=2 and 15/1/7
for M=3. Hypervolume provides secondary support with the same qualitative scope
limits. Taken together, these results indicate a bounded improvement over canonical
SPEA2 at moderate objective counts rather than universal dominance.

The engineering study reinforces the same scope boundary. IVF/SPEA2 wins
all IGD pairwise tests on RWMOP9, is balanced on RWMOP21, and is unfavor-
able on RWMOPS, which shows that transferability depends on constraint structure
and objective-space geometry. Likewise, the DTLZ4 bimodal regime shows that non-
significant rank tests can coexist with practically important dispersion, which is why
the manuscript reports medians, IQR, and effect sizes rather than significance alone.
From a practical standpoint, IVF/SPEA2 is most defensible when solution quality per
fixed evaluation budget is the primary concern, since the budget-controlled protocol
(Section 3.2) adds only moderate algorithmic overhead.

The tuning arc closes without major contradictions. On the 12-problem tuning
subset, the three-phase pipeline promotes configuration C26 with 4 corrected wins,
8 ties, and 0 losses against the original defaults. Under the production protocol, the
same configuration retains strong out-of-sample performance, which supports its use
as a stable default rather than as an instance-specific optimum.

Three follow-up directions emerge from the failure modes identified in Section 6.3.
First, the WFG2/WFG9 losses suggest that topology-aware mating restriction could
reduce offspring placement in dominated inter-segment gaps. Specifically, the current
front could be clustered in objective space and IVF crossover restricted to parents
within the same segment; a lightweight online connectivity detector would make this
adaptive without prior knowledge of front geometry. Second, the observation that
IVF offspring on disconnected fronts are often rejected by density-based truncation
motivates an adaptive IVF intensity mechanism: monitoring offspring survival rates
across generations and reducing the collection rate ¢ or cycle count when survival
drops below a threshold could preserve gains on regular fronts while limiting degra-
dation on irregular ones. Third, because the primary failure mode appears to be
the interaction between IVF-generated density and SPEA2’s k-NN truncation rather
than the IVF operator alone, host-transfer variants should be evaluated on broader
real-world and higher-dimensional benchmarks with M > 3 objectives. These vari-
ants would couple IVF with alternative archiving strategies, such as e-dominance
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archiving or reference-point-based selection. Overall, the present evidence supports
IVF/SPEA2 as a conditional, host-specific improvement over SPEA2, with the clear-
est value on regular-front moderate-objective problems and weaker justification when
front geometry is irregular.

Supplementary Information

Supplementary Information 1 (PDF) contains the following material: the exploratory
Friedman average-rank figure across all nine algorithms, representative engineering
Pareto-front plots for RWMOP9, RWMOP21, and RWMOPS, and the supportive
ablation tables and figure for the dissimilar-father and collective-cycle-continuation
design refinements. Per-instance IGD and HV tables are provided in Appendix A. All
supplementary items use the same cohort filtering, testing rules, and sign conventions
described in Section 4.6.
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A Per-Instance IGD and HV Tables

Tables 4-7 report the median and interquartile range of IGD and HV for all syn-
thetic instances. Significance symbols follow the same conventions as the main text
(Wilcoxon rank-sum, a = 0.05, from IVF/SPEA2’s perspective). Several algorithm—
instance combinations exhibit IQR values that are orders of magnitude larger than the
corresponding median (e.g., MOEA/D on DTLZ7/MaF7, AR-MOEA on DTLZ4 at
M=2, and multiple algorithms on MaF5). These extreme IQR values reflect bimodal
or multi-modal convergence behavior in which a substantial fraction of the 60 runs
fails to reach the Pareto front, producing a mixture of low- and high-IGD outcomes.
The IVF/SPEA2 case on DTLZ4 (M=3) is discussed in Section 6.3; the remaining
cases are not specific to IVF and are consistent with known difficulty profiles of the
respective benchmark-algorithm pairings.
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Table 4: Median IGD (IQR) across all M
indicate Wilcoxon rank-sum test (o =

= 2 instances over 60 independent runs. Symbols

0.05) of IVF/SPEA2 vs. each baseline: + (IVF/SPEA2

significantly better, i.e. lower IGD), — (significantly worse), &~ (no significant difference). Best
median per instance in bold.

Problem

D  IVF/SPEA2

SPEA2

MFO-SPEA2

SPEA2+SDE

NSGA-II

NSGA-III

MOEA/D

AGE-II

AR-MOEA

ZDT1
ZDT2
ZDT3
ZDT4
ZDT6

30 3.88(0.09)e-3
30 3.89(0.06)e-3
30 4.84(0.11)e-3
10 3.81(0.04)e-3
10 3.06(0.03)e-3

3.97(0.11)e-31
3.91(0.06)e-37T
4.92(0.18)e-31
3.86(0.05)e-3T
.10(0.03)e-3T

w

.93(0.08)e-31
93(0.06)e-3T
89(0.13)e-31
83(0.04)e-3T
08(0.03)e-3T

wwp e

4.24(0.20)e-3T
6.02(0.86)e-3T
5.30(0.28)e-31
4.25(0.15)e-3T
3.43(0.08)e-37T

.81(0.27)e-3T
.88(0.31)e-37T
.43(0.27)e-31
.54(0.23)e-3T
.67(0.18)e-31

W o G

3.89(0.00)e-3%
3.81(0.00)e-3"
6.13(0.21)e-3T
3.89(0.02)e-3T
3.00(0.00)e-3"

3.99(0.05)e-3T
4.00(0.10)e-37T
1.21(0.06)e-2T
4.84(0.72)e-3T
3.54(0.25)e-31

.62(0.13)e-3T1
69(0.19)e-3T
77(0.08)e-3T
56(0.16)e-3T
62(0.10)e-31

@ oo s

3.89(0.00)e-3%
3.81(0.00)e-3"
6.44(0.01)e-37T
3.90(0.02)e-3T
3.00(0.00)e-37

DTLZ1
DTLZ2
DTLZ3
DTLZ4
DTLZ5
DTLZ6
DTLZ7

6  1.83(0.01)e-3
11 4.12(0.06)e-3
11 4.05(0.05)e-3
11 4.11(0.08)e-3
11 4.12(0.05)e-3
11 4.06(0.05)e-3
21 4.73(0.12)e-3

.83(0.01)e-3T
18(0.06)e-31
29(0.38)e-31
16(0.08)e-3T
17(0.06)e-31
09(0.04)e-31
77(0.13)e-31

B R R R e

.84(0.02)e-3T1
17(0.07)e-3T
28(0.29)e-31
17(0.09)e-37T
17(0.06)e-3T
09(0.05)e-3T
73(0.13)e-3%

B R R R

2.00(0.07)e-3T
9.67(0.92)e-31
1.01(0.14)e-27F
9.83(2.28)e-3T
1.00(0.18)e-27T
9.51(1.24)e-3T
5.25(0.24)e-31

.21(0.08)e-3T
12(0.22)e-31
31(0.51)e-31
20(0.46)e-37T
03(0.25)e-31
65(0.40)e-31
38(0.30)e-31

cuon oot oo

1.79(0.00)e-3"
3.97(0.00)e-3~
4.22(0.53)e-37T
3.97(0.00)e-3~
3.97(0.00)e-3~
3.97(0.00)e-3~
5.12(0.11)e-37T

1.79(0.00)e-3"
3.97(0.00)e-3~
4.40(0.69)e-3T
3.97(0.00)e-3"
3.97(0.00)e-3"
3.97(0.00)e-3~
7.40(437.83)e-3T

.03(0.09)e-3T1
50(0.07)e-3T
54(0.14)e-3T
53(0.21)e-31
48(0.05)e-31
46(0.05)e-31
5.24(0.20)e-37T

B R D

1.79(0.00)e-3~
3.97(0.00)e-3~
4.22(0.34)e-37T
3.99(738.12)e-3%
3.97(0.00)e-37
3.97(0.00)e-3~
5.05(0.01)e-37T

WFG1
WFG2
WFG3
WFG4
WFG5
WFG6
WFG7
WFGS8
WFG9

11 2.22(1.52)e-2
11 1.14(0.06)e-2
11 1.23(0.06)e-2
11 1.26(0.02)e-2
11 6.35(0.01)e-2
11 8.31(3.63)e-2
11 1.32(0.03)e-2
11 1.07(0.02)e-1
11 1.69(0.36)e-2

93(2.40)e-27
11(0.02)e-2"
20(0.03)e-2"
1.29(0.03)e-271
6.37(0.01)e-21
7.64(2.94)e-2~
1.37(0.05)e-21
1.07(0.02)e-17~
1.59(0.14)e-2~

[

1.09(0.06)e-1T
1.10(0.02)e-2"
20(0.03)e-2"
29(0.02)e-271
37(0.02)e-21
59(2.78)e-2~
37(0.04)e-271
07(0.02)e-1%
55(0.16)e-2"

R

4.08(3.66)e-27T
1.36(0.09)e-27T
1.31(0.04)e-27F
3.23(0.77)e-21
7.57(0.56)e-271
9.04(3.39)e-2~
3.20(0.54)e-271
1.13(0.04)e-11
3.24(0.67)e-21

15(0.19)e-2%
.29(0.05)e-271
45(0.06)e-2
.53(0.06)e-271
.53(0.05)e-271
19(2.61)e-2%
70(0.09)e-271
09(0.02)e-11
.85(0.17)e-271

R RO R RN

9.69(2.12)e-21
1.38(0.08)e-27T
1.13(0.01)e-2"
1.22(0.00)e-2"
6.34(0.00)e-2"
8.30(2.86)e-2~
1.22(0.00)e-2"
1.05(0.02)e-1"
1.45(0.19)e-2"

3.29(1.34)e-271
4.31(0.18)e-27F
1.38(0.03)e-271
1.59(0.19)e-2T
6.98(0.03)e-21
8.18(3.16)e-2~
1.54(0.13)e-27T
1.09(0.04)e-11
3.10(0.42)e-2F

1.99(0.16)e-2—
1.44(0.08)e-27T
1.32(0.04)e-27
1.38(0.03)e-271
6.40(0.01)e-271
7.77(3.30)e-27
1.39(0.03)e-27F
1.06(0.03)e-1"
1.60(0.15)e-2~

1.04(0.23)e-1T1
1.32(0.01)e-27T
1.14(0.01)e-2~
1.22(0.00)e-27
6.34(0.01)e-2~
7.69(2.98)e-2~
1.22(0.00)e-2"
1.06(0.02)e-1"
1.55(0.16)e-2"

MaF1
MaF2
MaF3
MaF4
MaF5
MaF6
MaF7

11 3.74(0.05)e-3
11 2.11(0.03)e-3
11 8.77(0.07)e-3
11 1.25(0.01)e-2
11 1.27(0.03)e-2
11 4.05(0.03)e-3
21 4.72(0.12)e-3

3.80(0.06)e-3T
2.19(0.04)e-31
4.20(0.64)e-3T
1.27(0.02)e-27T
1.29(0.04)e-2T
4.09(0.05)e-3T
4.78(0.16)e-3T

80(0.07)e-3T
18(0.04)e-3T
39(0.84)e-3T
26(0.03)e-271
29(0.03)e-271
08(0.04)e-3T
4.76(0.13)e-3%

L

3.98(0.09)e-3T
2.38(0.11)e-31
7.76(1.98)e-3T
4.09(1.43)e-271
3.28(0.81)e-271
1.00(0.15)e-2F
5.18(0.28)e-371

.63(0.17)e-3T
.76(0.19)e-31
4.91(0.45)e-31
1.55(0.09)e-271
1.60(199.31)e-271
4.96(0.19)e-31
5.43(0.30)e-3T

[SIFS

3.57(0.00)e-3~
2.01(0.00)e-3~
6.43(0.54)e-3T
3.51(0.03)e-27T
1.22(0.00)e-2"
3.97(0.00)e-3~
5.12(0.10)e-37T

3.57(0.00)e-3"
2.01(0.01)e-3~
1.12(0.26)e-27F
1.87(0.02)e-17T
1.31(0.00)e-2T
3.97(0.00)e-3~
7.38(437.90)e-31

4.06(0.11)e-37T
2.54(0.03)e-37T
4.75(0.36)e-37T
1.48(0.05)e-271
1.40(0.06)e-271
4.49(0.09)e-37T
5.23(0.16)e-37T

3.57(0.00)e-3~
2.01(0.00)e-3~
6.48(0.69)e-37T
3.51(0.03)e-27
1.22(199.61)e-2"
3.97(0.00)e-3~
5.05(0.01)e-37T

+/ o~ /-

23/2/3

21/4/3

27/1/0

26/2/0

9/2/17

19/1/8

24/1/3

9/4/15
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Table 5: Median IGD (IQR) across all M = 3 instances over 60 independent runs. Symbols as in
Table 4.

Problem

IVF/SPEA2

SPEA2

MFO-SPEA2

SPEA2+4SDE

NSGA-II

NSGA-III

MOEA /D

AGE-II

AR-MOEA

DTLZ1
DTLZ2
DTLZ3
DTLZ4
DTLZ5
DTLZ6
DTLZ7

2.01(0.02)e-2
5.37(0.07)e-2
5.30(0.08)e-2
5.45(48.70)e-2
4.28(0.13)e-3
4.05(0.05)e-3
6.00(0.14)e-2

2.01(0.

.07)e-27
5.33(0.

5.50(48
4.41(0.
4.08(0.
6.06(0

5.42(0

02)e-2~

06)e-21T
63)e-27T
14)e-31
03)e-37T
18)e-271

I I I )

02(0.02)e-271
42(0.08)e-271
35(0.08)e-2
49(0.10)e-27
40(0.13)e-37T
08(0.04)e-31
04(0.17)e-27

2
7
e
T
9
9

.06(0.03)e-27T
.68(0.30)e-271
.55(0.34)e-27T
.90(0.66)e-27T
.84(1.57)e-3T
.67(1.63)e-3T

5.99(0.60)e-27

2.68(0.15)e-271
6.87(0.32)e-271
91(0.45)e-2F
6.77(0.23)e-27
5.80(0.36)e-31
5.83(0.39)e-31
7.72(0.57)e-2F

o

2.06(0.00)e-21
5.45(0.00)e-2
5.46(0.03)e-27T
5.45(0.00)e-2~
1.29(0.21)e-27
1.82(0.25)e-271
7.59(0.50)e-271

2
5

5.

.06(0.00)e-27F
.45(0.00)e-27T

46(0.02)e-271

5.45(48.71)e-2"

3.

=W

39(0.00)e-271
39(0.00)e-271

.54(0.02)e-17T

2.00(0.01)e-27
5.26(0.10)e-2 "
5.28(0.05)e-2 "
5.57(0.39)e-27
1.12(0.59)e-27
7.39(0.03)e-31
6.06(0.21)e-27

2.06(0.00)e-271
5.45(0.00)e-271
5.46(0.03)e-271
5.45(48.64)e-27T
5.37(0.15)e-31
5.00(0.09)e-31
6.82(7.31)e-21

WFG1
WFG2
WFG3
WFG4
WFG5
WFG6
WFG7
WFG8
WFG9

1.52(0.05)e-1
1.82(0.08)e-1
8.75(1.04)e-2
2.12(0.08)e-1
2.21(0.02)e-1
2.38(0.16)e-1
2.14(0.04)e-1
2.93(0.06)e-1
2.10(0.04)e-1

1.53(0.
73(0.
62(0.
03)e-11
23(0.
39(0.
17(0.
95(0.
17(0.

15(0

IS S N R

06)e-1~
06)e-1—
99)e-271T

02)e-1T
14)e-17%
04)e-11
07)e-171
05)e-17T

O O

52(0.05)e-17
67(0.06)e-1"
05(0.11)e-11F
15(0.04)e-1T
23(0.03)e-1T
41(0.14)e-17%
18(0.04)e-1T
98(0.06)e-1T1
17(0.05)e-1T1

1
2

75(0.17)e-11
.06(0.14)e-11

6.44(0.87)e-2"

3
3

ww e

.22(0.18)e-11
.34(0.19)e-11
.39(0.20)e-1T
28(0.20)e-11
57(0.17)e-11
12(0.14)e-11

2.23(0.13)e-11
2.20(0.19)e-11
8.93(1.57)e-27
2.70(0.12)e-11
2.77(0.13)e-11
3.04(0.20)e-1T
2.78(0.12)e-11
3.73(0.17)e-11
2.73(0.14)e-1T

1.48(0.02)e-1"

1.65(0.01)e-1""
.05(0.16)e-1T
.21(0.00)e-11
30(0.00)e-11
38(0.12)e-1%
21(0.00)e-11
79(0.04)e-1""
22(0.01)e-11

[

B e

NN

28(0.08)e-1T1
40(0.06)e-17T
57(0.01)e-11
53(0.04)e-1T
48(0.03)e-11
70(0.11)e-11
91(0.24)e-11
03(0.07)e-11
56(0.21)e-1T

1.49(0.03)e-1"
1.73(0.05)e-1""
6.54(0.48)e-2"
2.13(0.07)e-17
2.33(0.15)e-11
2.32(0.15)e-1"
2.14(0.08)e-1~
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Table 6: Median HV (IQR) across all M
indicate Wilcoxon rank-sum test (a = 0.05) of IVF/SPEA2 vs. each baseline: + (IVF/SPEA2
significantly better, i.e. higher HV), — (significantly worse), &~ (no significant difference). Best

median per instance in bold.

2 instances over 60 independent runs. Symbols

Problem D  IVF/SPEA2 SPEA2 MFO-SPEA2 SPEA2+SDE NSGA-II NSGA-III MOEA/D AGE-II AR-MOEA
ZDT1 30 7.20(0.00)e-1 7.20(0.00)e-11T  7.20(0.00)e-1T 7.20(0.00)e-1T  7.19(0.00)e-1T  7.20(0.00)e-1T  7.19(0.00)e-1t  7.20(0.00)e-1T 7.20(0.00)e-1T
ZDT2 30 4.45(0.00)e-1 4.45(0.00)e-1T  4.45(0.00)e-1T 4.45(0.00)e-11T  4.44(0.00)e-1T 4.45(0.00)e-1~  4.44(0.00)e-1T  4.44(0.00)e-1T 4.45(0.00)e-1%
ZDT3 30 6.00(0.00)e-1 6.00(0.00)e-1T  6.00(0.00)e-1T 5.99(0.00)e-11T  5.99(0.00)e-1T  5.99(0.00)e-1T  5.97(0.01)e-1T  5.99(0.00)e-1T 5.99(0.00)e-11
ZDT4 10 7.21(0.00)e-1 7.20(0.00)e-11T  7.20(0.00)e-1T 7.19(0.00)e-1T  7.20(0.00)e-1T  7.20(0.00)e-1T  7.17(0.02)e-1t  7.20(0.00)e-1T 7.20(0.00)e-17T
ZDT6 10 3.89(0.00)e-1  3.89(0.00)e-1T  3.89(0.00)e-1T 3.89(0.00)e-1T  3.88(0.00)e-1T 3.89(0.00)e-1~  3.88(0.01)e-1T  3.88(0.00)e-1T 3.89(0.00)e-1—
DTLZ1 6  5.83(0.00)e-1 5.82(0.00)e-1T  5.82(0.00)e-11 5.82(0.00)e-1T  5.81(0.00)e-1T 5.83(0.00)e-1~  5.83(0.00)e-1~  5.82(0.00)e-1T 5.83(0.00)e-1~
DTLZ2 11 3.47(0.00)e-1 3.47(0.00)e-1T  3.47(0.00)e-1T 3.47(0.00)e-11T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T 3.47(0.00)e-1T
DTLZ3 11 8.48(0.00)e-1 3.46(0.01)e-11T  3.46(0.01)e-1T 3.46(0.01)e-1T  3.46(0.01)e-1T  3.46(0.02)e-1T  3.46(0.02)e-1t  3.47(0.01)e-1T 3.46(0.01)e-1T
DTLZ4 11 3.47(0.00)e-1 3.47(0.00)e-1T  3.47(0.00)e-1T 3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.01)e-1T 3.47(2.56)e-1T
DTLZ5 11 3.47(0.00)e-1 3.47(0.00)e-1T  3.47(0.00)e-1T 3.47(0.00)e-11T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T 3.47(0.00)e-1T
DTLZ6 11 8.48(0.00)e-1 3.48(0.00)e-11T  3.48(0.00)e-1T 3.47(0.00)e-1T  3.46(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1t  3.47(0.00)e-1T 3.47(0.00)e-1T
DTLZ7 21 2.43(0.00)e-1 2.43(0.00)e-1T  2.43(0.00)e-1T 2.43(0.00)e-11T  2.43(0.00)e-1T  2.43(0.00)e-1T  2.42(0.66)e-1T  2.43(0.00)e-1T 2.43(0.00)e-11
WFG1 11  6.87(0.05)e-1  6.85(0.06)e-1T  6.57(0.10)e-1T 6.82(0.07)e-1T 6.93(0.02)e-1~  6.68(0.09)e-1T  6.79(0.05)e-1T  6.92(0.04)e-1~ 6.64(0.13)e-17T
WFG2 11  6.32(0.01)e-1  6.33(0.00)e-1" 6.83(0.00)e-1" 6.33(0.00)e-1~  6.33(0.00)e-1~  6.32(0.01)e-1%  6.23(0.01)e-11T  6.33(0.00)e-1" 6.32(0.00)e-1~
WFG3 11 5.81(0.01)e-1 5.82(0.00)e-1"  5.82(0.00)e-1~ 5.81(0.01)e-1~  5.81(0.00)e-1T 5.82(0.00)e-1~  5.80(0.00)e-11T  5.81(0.01)e-1" 5.82(0.00)e-1"
WFG4 11 8.47(0.00)e-1 3.47(0.00)e-11T  3.47(0.00)e-1T 3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.45(0.01)e-1T  3.47(0.00)e-1T 3.47(0.00)e-11
WFG5 11 3.14(0.00)e-1  3.13(0.00)e-11T  3.13(0.00)e-1T 3.13(0.00)e-1T  3.13(0.00)e-1T  3.13(0.00)e-1T  3.07(0.00)e-1T  3.13(0.00)e-1T 3.13(0.00)e-11
WFG6 11 3.03(0.20)e-1 3.06(0.16)e-1~  3.01(0.15)e-1~ 3.04(0.20)e-1~  3.03(0.15)e-1~  3.03(0.16)e-1~  3.04(0.17)e-1~  3.06(0.18)e-1~ 3.06(0.16)e-1~
WFG7 11 3.47(0.00)e-1  3.46(0.00)e-11t  3.46(0.00)e-11 3.47(0.00)e-1~  3.45(0.00)e-1T  3.47(0.00)e-1~  3.44(0.01)e-11 8.47(0.00)e-1~ 3.47(0.00)e-1"
WFGS8 11  2.90(0.01)e-1  2.90(0.01)e-1%¥  2.90(0.01)e-1%¥ 2.90(0.01)e-1¥  2.89(0.01)e-1T 2.91(0.01)e-1~  2.89(0.02)e-1T  2.91(0.01)e-1" 2.91(0.01)e-1"
WFG9 11  3.42(0.03)e-1  3.43(0.01)e-1~  3.43(0.01)e-17 3.43(0.02)e-1"  3.43(0.02)e-1~  3.44(0.02)e-1~  3.30(0.02)e-1T 8.44(0.02)e-1~ 3.42(0.01)e-1"
MaF1 11 5.82(0.00)e-1 5.82(0.00)e-1T  5.82(0.00)e-11 5.82(0.00)e-1T  5.81(0.00)e-1T  5.83(0.00)e-1~ 5.83(0.00)e-1~  5.82(0.00)e-1T 5.83(0.00)e-1"
MaF2 11 2.07(0.00)e-1  2.07(0.00)e-1T  2.07(0.00)e-1T 2.07(0.00)e-1T  2.07(0.00)e-1T 2.08(0.00)e-1~  2.08(0.00)e-1~  2.07(0.00)e-1T 2.08(0.00)e-1~
MaF3 11 7.20(0.00)e-1 7.19(0.01)e-11T  7.19(0.02)e-1T 7.18(0.02)e-1T  7.19(0.01)e-1T  7.19(0.01)e-1T  7.12(0.04)e-1t  7.19(0.01)e-1T 7.19(0.01)e-1T
MaF4 11 8.19(0.00)e-1 8.19(0.00)e-1T  8.19(0.01)e-1T 8.17(0.01)e-1T  8.18(0.01)e-1T  8.18(0.00)e-1T  8.06(0.00)e-1T  8.19(0.00)e-1T 8.18(0.00)e-1T
MaF5 11 3.47(0.00)e-1 3.47(0.00)e-1T  3.47(0.00)e-1T 3.47(0.00)e-11T  3.46(2.56)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.01)e-1T 3.47(2.56)e-1T
MaF6 11 8.48(0.00)e-1 3.48(0.00)e-11T  3.48(0.00)e-1T 3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1T  3.47(0.00)e-1t  3.47(0.00)e-1T 3.47(0.00)e-1T
MaF7 21 2.43(0.00)e-1 2.43(0.00)e-1T  2.43(0.00)e-1T 2.43(0.00)e-11T  2.43(0.00)e-1T  2.43(0.00)e-1T  2.42(0.66)e-1T  2.43(0.00)e-1T 2.43(0.00)e-11
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Table 7: Median HV (IQR) across all M = 3

instances over 60 independent runs. Symbols as in

Table 6.
Problem D  IVF/SPEA2 SPEA2 MFO-SPEA2 SPEA2+SDE NSGA-TT NSGA-IIT MOEA/D AGE-TI AR-MOEA
DTLZ1 7 8.43(0.00)e-1 8.42(0.00)e-1T 8.42(0.00)e-1T  8.34(0.03)e-1T 8.25(0.04)e-1T  8.42(0.00)e-1T 8.42(0.00)e-1T  8.43(0.00)e-1T  8.42(0.00)e-1T
DTLZ2 12 5.58(0.02)e-1 5.55(0.01)e-11 5.55(0.02)e-1T  5.61(0.02)e-1~ 5.33(0.06)e-1T  5.60(0.00)e-1" 5.60(0.00)e-1~ 5.61(0.02)e-1~  5.60(0.00)e-1"
DTLZ3 12 5.61(0.01)e-1 5.58(0.03)e-1T 5.58(0.03)e-1T  5.60(0.03)e-1T 5.32(0.07)e-1T  5.56(0.04)e-1T 5.56(0.03)e-1T  5.59(0.02)e-1T  5.56(0.04)e-1T
DTLZ4 12 5.56(2.11)e-1 5.53(2.07)e-1T 5.53(0.03)e-1T 5.61(0.08)e-1~ 5.35(0.05)e-1%  5.60(0.00)e-1~ 5.60(2.18)e-1~  5.57(0.07)e-1~  5.59(2.13)e-1"
DTLZ5 12 2.00(0.00)e-1 2.00(0.00)e-1T 2.00(0.00)e-11T  1.99(0.00)e-1T 1.99(0.00)e-1T  1.94(0.02)e-1T 1.82(0.00)e-1T  1.94(0.06)e-1T  1.99(0.00)e-1T
DTLZ6 12 2.00(0.00)e-1 2.00(0.00)e-1% 2.00(0.00)e-1%¥  2.00(0.00)e-1T 1.99(0.00)e-1T  1.91(0.02)e-1T 1.82(0.00)e-1T  1.98(0.00)e-1t  2.00(0.00)e-1T
DTLZ7 22 2.77(0.01)e-1 2.77(0.01)e-1T 2.77(0.01)e-1T  2.78(0.01)e-1¥ 2.68(0.02)e-1T  2.70(0.02)e-11 2.57(0.02)e-1T 2.79(0.01)e-1~  2.75(0.10)e-17T
WFG1 12 9.45(0.01)e-1 9.44(0.02)e-1~ 9.44(0.01)e-1T  9.37(0.04)e-1T 9.31(0.04)e-1T  9.43(0.01)e-11 9.24(0.19)e-1T 9.49(0.00)e-1~  9.43(0.01)e-17T
WFG2 12 9.29(0.02)e-1 9.30(0.02)e-1~ 9.30(0.02)e-1~  9.30(0.04)e-1~ 9.20(0.03)e-1T  9.31(0.01)e-1~ 9.15(0.02)e-1T 9.838(0.01)e-1~  9.31(0.01)e-1"
WFG3 12 3.96(0.04)e-1 3.89(0.03)e-1T 3.84(0.05)e-1T  4.00(0.05)e-1~ 4.01(0.03)e-1~  3.86(0.10)e-1T 3.64(0.01)e-1T 4.05(0.02)e-1~  3.81(0.05)e-1T
WFG4 12 5.51(0.02)e-1 5.43(0.03)e-1T 5.41(0.04)e-1T  5.55(0.02)e-1~ 5.23(0.06)e-1T 5.59(0.00)e-1~ 5.45(0.02)e-1T  5.58(0.04)e-1"  5.59(0.00)e-1""
WFG5 12 5.16(0.02)e-1 5.14(0.02)e-1T 5.13(0.02)e-1T  5.17(0.02)e-1~ 4.94(0.04)e-1T 5.18(0.00)e-1~ 4.99(0.10)e-1T  5.15(0.07)e-1%  5.18(0.00)e-1"
WFG6 12 4.99(0.21)e-1 4.99(0.16)e-1~ 4.97(0.17)e-1~  5.05(0.19)e-1" 4.75(0.23)e-1T  5.06(0.18)e-1~ 4.92(0.21)e-1~ 5.08(0.18)e-1~  5.05(0.14)e-1"
WFG7 12  5.49(0.02)e-1 5.43(0.04)e-1T 5.43(0.03)e-1T  5.56(0.03)e-1~ 5.21(0.07)e-1T 5.59(0.00)e-1~ 5.32(0.05)e-1T  5.58(0.03)e-1"  5.58(0.00)e-1""
WFG8 12 4.62(0.04)e-1 4.59(0.04)e-1T 4.58(0.04)e-1T 4.80(0.08)e-1~ 4.43(0.05)e-1T  4.74(0.03)e-17 4.66(0.02)e-1~  4.66(0.03)e-1"  4.79(0.01)e-1""
WFG9 12  5.35(0.10)e-1 5.14(0.06)e-1T 5.16(0.05)e-1T 5.45(0.07)e-1~ 5.04(0.09)e-1T  5.38(0.04)e-1~ 5.08(0.20)e-1T  5.42(0.07)e-1"  5.38(0.03)e-1""
MaF1 12 2.20(0.01)e-1 2.18(0.01)e-1T 2.18(0.01)e-1T  2.21(0.01)e-1~ 2.04(0.03)e-1T  2.06(0.02)e-1T 1.98(0.00)e-1T 2.23(0.00)e-1~  2.18(0.00)e-11
MaF2 12  2.41(0.02)e-1 2.39(0.02)e-1T 2.40(0.02)e-1%¥  2.46(0.01)e-1~ 2.34(0.03)e-1T  2.38(0.01)e-1T 2.39(0.01)e-1T 2.46(0.01)e-1~  2.40(0.01)e-1T
MaF3 12 9.63(0.00)e-1 9.62(0.01)e-1T 9.62(0.01)e-1T  9.49(0.06)e-1T 9.49(0.12)e-1T  9.57(0.01)e-1T 9.54(0.01)e-1T  9.62(0.01)e-1T  9.57(0.01)e-11
MaF4 12 5.33(0.01)e-1 5.30(0.03)e-11 5.30(0.03)e-1T  5.25(0.08)e-1T 5.22(0.05)e-1T  5.16(0.07)e-1T 5.01(0.04)e-11 5.86(0.02)e-1~  5.22(0.02)e-1T
MaF5 12  5.55(2.10)e-1 5.54(2.08)e-1% 5.53(0.03)e-1¥  5.57(0.56)e-1~ 5.33(0.06)e-1%  5.60(2.18)e-1" 5.46(0.00)e-1T  5.56(0.07)e-1~ 5.60(2.14)e-1"
MaF6 12 2.00(0.00)e-1 2.00(0.00)e-1¥ 2.00(0.00)e-11T  2.00(0.00)e-1T 2.00(0.00)e-1T  1.93(0.02)e-1T 1.82(0.00)e-1T  2.00(0.00)e-1T  1.99(0.00)e-1T1
MaF7 22 2.78(0.01)e-1 2.77(0.01)e-1t 2.77(0.01)e-1t  2.78(0.01)e-1~ 2.69(0.03)e-1T  2.69(0.03)e-1T 2.57(0.01)e-1" 2.79(0.01)e-1~  2.75(0.33)e-1T
+/~ /- — 17/5/1 18/4/1 8/1/14 20/2/1 13/0/10 19/1/3 6/1/16 13/0/10
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