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Abstract

Large-scale multi-objective optimization problems involve high-dimensional decision vari-
ables, vast search spaces, and conflicting objectives, which often lead to slow convergence,
premature convergence, and poorly distributed solutions when conventional evolutionary
algorithms operate under limited evaluation budgets. To address these challenges, this
study proposes DT-MLCEA (Digital Twin-Multi-Layer Cooperative Evolutionary Algo-
rithm), a digital twin-driven, multi-layer cooperative evolutionary algorithm. The method
uses evolutionary search as its core and introduces a search-state-oriented digital twin
feedback mechanism that jointly models convergence trends, diversity, distribution sparsity,
stagnation, and state confidence. A multi-source adaptive control vector (MACV) is then
generated to adjust key search parameters dynamically. The digital twin layer further
integrates Mini-RL, Mini-AE, and Mini-Meta to refine its control recommendations and
balance global exploration with local exploitation. DT-MLCEA is evaluated against LMEA,
QLMGO, AMSLMOEA, and MOEA/D-RDG on LSMOP1-LSMOP9 with 100, 500, 1000,
and 5000 decision variables. Across 36 problem-dimension combinations, DT-MLCEA
significantly outperforms the competing algorithms in terms of HV and IGD in 28 and
24 combinations, respectively. Extended experiments on LSMOP1-LSMOP3 indicate stable
performance with up to 50,000 variables. Ablation, noisy-evaluation, and parameter-
sensitivity analyses further demonstrate the effectiveness of the collaborative modules.

Keywords: digital twin; large-scale multi-objective optimization; reinforcement learning;
multi-layer cooperative evolutionary algorithm; adaptive control vector

1. Introduction
The digitalization of complex-system design and decision-making has generated nu-

merous optimization problems involving thousands or even tens of thousands of decision
variables. Examples range from the layout and routing of very-large-scale integrated cir-
cuits [1] and end-to-end learning based on deep neural networks [2] to real-time power-grid
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dispatch [3]. Such problems typically involve multiple conflicting objectives. Optimization
problems with more than 100 decision variables are commonly referred to as large-scale
multi-objective optimization problems (LSMOPs) [4]. Over several decades, evolutionary
multi-objective optimization (EMO) has demonstrated the effectiveness of evolutionary
algorithms for solving multi-objective problems. Classical algorithms, including NSGA-
II [5], SPEA2 [6], and MOEA/D [7], perform well on low-dimensional problems, typically
involving fewer than 100 decision variables, and are widely used as benchmark algorithms.
However, their performance can deteriorate markedly when they are applied directly to
LSMOPs because of the curse of dimensionality [8]. This limitation has become a major
obstacle to the application of EMO techniques to complex real-world problems [9,10]. In
2013, Antonio and Coello proposed CCGDE3, the first algorithm specifically designed
for large-scale multi-objective optimization [11]. Since then, increasing attention has been
devoted to this field. According to recent reviews [12,13], existing methods can be classified
into three categories according to how they handle large numbers of decision variables:
decision-variable grouping methods, decision-space reduction methods, and methods
based on novel search strategies. These categories are reviewed below.

The first category directly partitions large numbers of decision variables using divide-
and-conquer methods (DCMs). For example, CCGDE3 randomly divides the decision
variables into equally sized groups and employs third-generation generalized differential
evolution [14] as the optimizer, achieving strong performance on benchmark problems.
MOEA/D-VA instead groups variables according to their correlation characteristics, thereby
decomposing complex problems more effectively and avoiding the limitations of random
grouping when dependencies exist among variables. Subsequent studies have used cluster-
ing to divide decision variables into convergence-related and diversity-related groups [15].
However, this approach requires numerous function evaluations during grouping. To
reduce this cost, the dynamic random grouping method MOEA/D-RDG [16] partitions
dimensions dynamically according to heuristic information about variable dependencies
rather than using fixed-size groups, substantially reducing the number of function evalua-
tions required during evolution. WOF-MMOPSO-RDG [17] provides a hybrid framework
that combines WOF [18] with the RDG strategy in a particle swarm optimizer, improving
both grouping and search efficiency. Other approaches include difference-based grouping
MOEAs [19,20] and methods based on relationships among variables [21–23]. In essence,
these methods simplify a complex problem by decomposing it into independent subprob-
lems that can be solved in parallel using existing optimizers. Their effectiveness therefore
depends strongly on the decomposition strategy. Important limitations remain, includ-
ing the large number of function evaluations required for grouping and relatively poor
performance on problems with complex variable dependencies.

The second category reduces the decision space and performs the search in a lower-
dimensional representation. One approach reformulates the original problem in a lower-
dimensional space, solves the transformed problem, and maps the resulting solutions
back to the original space. The Weighted Optimization Framework (WOF), for example,
reduces dimensionality through problem transformation and can be combined with dif-
ferent evolutionary algorithms. LSMOF [24] constructs low-dimensional single-objective
subproblems by establishing bidirectional associations among weight variables and then
solves them using single-objective optimizers. Similarly, iLSMOA [25] reformulates the
original problem as a single-objective optimization problem and uses the resulting solutions
to initialize MOEA/D-DE [26]. This process is repeated to obtain the final solution set.
However, problem reformulation may overemphasize convergence. To improve both effec-
tiveness and efficiency, LMOEA-DS [27] follows the LSMOF principle to construct reference
directions and randomly samples solutions along them. Another approach reduces the
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number of variables by exploiting relationships among them. ReMO [28], for example,
uses random embedding to address LSMOPs with low intrinsic dimensionality, whereas
principal component analysis has also been applied for this purpose [29]. However, both
approaches rely primarily on linear relationships. Consequently, dimensionality-reduction
techniques may lose important information, fail to preserve the global structure of the
original search space, and become sensitive to the selected reduction model.

Both DCMs and dimensionality-reduction techniques improve efficiency by simplify-
ing the original search space, potentially at the expense of global exploration. This trade-off
has motivated a third research direction: the design of specialized search strategies that
operate directly in high-dimensional spaces without grouping or dimensionality reduc-
tion. Representative approaches include competitive or direction-guided mechanisms and
specialized evolutionary operators [30–33]. Although these methods are promising, they
may converge slowly and require many function evaluations to obtain satisfactory solu-
tions. More recently, online learning models [34,35] and surrogate models [36] have been
introduced to guide offspring generation, accelerate convergence, and reduce the number
of expensive evaluations. However, these models may incur additional computational
overhead, creating a further trade-off between effectiveness and efficiency.

Within this third category, digital twin (DT) technology offers a relevant perspec-
tive because it combines virtual–physical mapping, state synchronization, online feed-
back, and dynamic optimization. DT technology is increasingly being applied beyond
manufacturing-system modeling to complex optimization and intelligent scheduling. Tao
et al. [37] reviewed the principal components, applications, and development trends of
industrial digital twins and highlighted their potential to connect physical systems with
virtual spaces while supporting state perception and process optimization. In learning-
assisted evolutionary optimization, Song et al. [38] proposed DLES, which learns discrete
search paths from evolutionary samples and reconstructs potential continuous paths using
deep networks to improve subsequent candidate generation. Yu et al. [39] developed
the serial multilevel-learned differential evolution algorithm (SMLDE), which combines
a tightly coupled multilevel learning structure, an adaptive current-best layer, single-
iteration adaptation, Cauchy perturbation, and iterative constraints to balance exploration
and exploitation dynamically. Fang et al. [40] proposed an adaptive job-shop scheduling
mechanism that runs reinforcement learning in a digital twin environment, improving
responsiveness to dynamic disturbances through real-time state interaction and feedback.
Ouahabi et al. [41] reviewed the integration of digital twins into dynamic production
scheduling and noted that existing studies focus mainly on state synchronization, sim-
ulation validation, and scheduling feedback, whereas closed-loop mechanisms tightly
coupled with optimization remain limited. Surrogate-assisted methods have also advanced
expensive and high-dimensional multi-objective optimization. Pan et al. [42] proposed a
surrogate-assisted reformulation and decomposition method to reduce actual evaluations
and improve high-dimensional search efficiency. Gu et al. [43] used low-dimensional sur-
rogates of scalarization functions to guide large-scale multi-objective evolutionary search,
balancing convergence and diversity. Collectively, these studies improve complex op-
timization through search-path reconstruction, hierarchical individual learning, digital
twin-based scheduling, and surrogate evaluation. Nevertheless, most focus on candidate
generation, differential-search strategies, external modeling, or the replacement of real
evaluations rather than on a lightweight algorithmic digital twin that integrates persistent
state mirroring, multi-source control, online feedback, strategy memory, and tight coupling
with the main evolutionary process.

In summary, a central challenge in LSMOP research is to achieve efficient global con-
vergence, well-distributed solutions, and controllable computational cost simultaneously
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within a vast and complex search space. To address this challenge, this study proposes
DT-MLCEA. By integrating algorithmic digital twin-driven state modeling, reinforce-
ment learning-based parameter adjustment, meta-policy-based strategy switching, and
lightweight autoencoder-based state representation, DT-MLCEA establishes a cross-layer
closed-loop framework for evolutionary search. This framework coordinates perception,
learning, adaptation, and stabilization to improve robustness and resource utilization in
large-scale multi-objective optimization. The main contributions are as follows:

1. A digital twin-driven, multi-layer cooperative evolutionary algorithm, termed DT-
MLCEA, is proposed. The evolutionary algorithm acts as the sole optimization engine,
while the digital twin layer monitors the population state and search trends online.
This design establishes a closed loop comprising state perception, control decision-
making, and evolutionary execution, thereby improving adaptability and robustness
in complex high-dimensional search spaces.

2. A multi-source adaptive control vector (MACV) mechanism based on information
fusion is developed. The digital twin layer jointly represents population diversity,
convergence trends, distribution dispersion, stagnation, and state reconstruction error
to generate multidimensional control recommendations. These recommendations
are integrated with a rule-based controller, lightweight reinforcement learning, and
meta-policy gating to adjust crossover probability, mutation probability, elite bias,
innovation strength, and contraction intensity dynamically, thereby balancing global
exploration and local exploitation.

3. A Lightweight Enhancement Bundle comprising Mini-RL, Mini-AE, and Mini-Meta
is introduced. Mini-RL performs low-cost policy correction through a discrete state
space and Q-learning; Mini-AE detects anomalies and distribution drift using state
reconstruction error; and Mini-Meta switches dynamically among the Explore, Exploit,
and Recover modes according to the search state. Together, these modules improve en-
vironmental adaptability and search stability without the training overhead associated
with complex deep networks.

2. Related Work
Section “Large-Scale Multi-Objective Optimization Problem” introduces the funda-

mental concepts of LSMOPs, whereas Meanwhile, this section reviews the components
related to the proposed algorithm and explains the motivation for this study.

Large-Scale Multi-Objective Optimization Problem

The mathematical formulation of an LSMOP follows that of a standard multi-objective
optimization problem (MOP). An unconstrained MOP can be formulated as follows.

minx F(x) = ( f1(x), f2(x), . . . , fm(x))T (1)

x = (x1, x2, . . . , xn)
T ∈ Rn: The decision vector comprises n decision variables rep-

resenting the parameters to be optimized. x: The corresponding space is the decision
space, and the associated mapping defines the objective-function vector. n Ω F(x): Rn

→ Rm: This vector comprises several potentially conflicting objective functions. m fi(x)
m: The corresponding space is called the objective space Rm. 100 ≤ n 2 ≤ m: Problems
satisfying the dimensionality condition above are referred to as LSMOPs. Because the
objectives generally conflict, an MOP has no single optimal solution; instead, it has a set of
trade-off solutions called Pareto-optimal solutions. The relevant Pareto-based definitions
are given below:
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1. Pareto dominance: Given two feasible solutions, one solution dominates the other
if the following conditions hold: x1 x2 fi fi(x1) ≤ fi(x2) i fj fj(x1) < fj(x2) x1. These
conditions define Pareto dominance.

2. Non-dominated solution: A feasible solution is non-dominated if no other feasible
solution in the entire feasible set dominates it: x* x x*.

3. Pareto optimality: A solution is Pareto optimal if it is non-dominated within the
feasible set: x*.

4. Pareto optimal set: The set of all Pareto-optimal solutions to a given LSMOP is called
the Pareto-optimal set.

5. Pareto front: The curve or surface formed by mapping the solutions in the Pareto-
optimal set to the objective space is called the Pareto front.

These trade-off solutions constitute the Pareto-optimal set, whose image in the ob-
jective space is the Pareto front (PF). The principal objective is to identify a diverse and
uniformly distributed solution set that closely approximates the true PF.

3. Algorithm
To address the high-dimensional search spaces of LSMOPs, the difficulty of balancing

convergence and distribution, and the inability of fixed parameters to adapt to different
search stages, this study proposes DT-MLCEA, a digital twin-driven, multi-layer cooper-
ative evolutionary algorithm. In the current implementation, an evolutionary algorithm
(EA) serves as the sole optimization engine, while an internal lightweight digital twin
control layer performs online search-state perception, trend analysis, and parameter ad-
justment. Unlike earlier designs based on computationally intensive surrogate models
or deep-network training, this implementation does not use deep surrogate prediction or
generative candidate-solution mechanisms. Instead, a Lightweight Enhancement Bundle
comprising Mini-RL, Mini-AE, and Mini-Meta applies low-frequency, small-magnitude,
and interpretable corrections to the control recommendations generated by the digital twin
layer. The resulting closed loop consists of search-state perception, parameter adjustment,
and evolutionary updating.

3.1. DT-MLCEA Algorithm Design

Algorithm 1 outlines the workflow of DT-MLCEA. The procedure begins by initializing
the EA core together with the lightweight digital twin module, generating an initial popu-
lation P of size N, evaluating the true objective values, and setting the function-evaluation
counter FE. During each generation, the DT layer is invoked at a low update frequency
based on the current population state and recent performance, while an additional update
can be triggered under stagnation; it then outputs parameter recommendations and mode
signals for the EA search. Guided by the current MACV, the EA performs mating selection,
crossover, and polynomial mutation to produce offspring Q. These offspring are evaluated
using the true objective functions, optionally with batch or parallel execution, and FE is
updated accordingly. Environmental selection is subsequently applied to P union Q via
fast non-dominated sorting and crowding-distance estimation to form the next population.
Meanwhile, HV, the stagnation indicator, and the historical state are refreshed at predefined
intervals to support the DT state estimation and the next control decision. The algorithm
terminates when the evaluation budget or another stopping criterion is reached, returning
the final population and its non-dominated solutions.
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Algorithm 1: Main Procedure of DT-MLCEA

Input: N (population size), FEmax (maximum number of evaluations), Bounds Ω
Output: P (final population), F(P) (objective values)
1 DT←DigitalTwinController(update_interval, stagnation_threshold, control_strength)
2 P← SampleInitialPopulation(N, Ω)
3 P← InjectAnchors(P) //overwrite first ≤ 8 individuals
4 F← TrueEvaluate(P); FE← |P|; t← 0
5 A_dec← empty; A_fit← empty //external archive
6 best_front← None; best_hv← -inf
7 last_improve_gen← 0
8 while true do
9 [P, F]← UniqueByDecision(P, F)

10 [idx, rank, crowd]← EnvironmentalSelection(F, min(N, |P|))
11 P← P[idx]; F← F[idx]; rank← rank[idx]; crowd← crowd[idx]
12 F1← {F_i | rank_i = 0}; P1← {P_i|rank_i = 0}
13 [A_dec, A_fit]← UpdateArchive(A_dec, A_fit, P1, F1, N)
14 HV← NormalizedHV(F1)
15 Append (t, FE, HV, |F1|, |A_fit|) to history
16 if HV improves then
17 best_front← copy(F1); best_hv← HV
18 last_improve_gen← t
19 if FE ≥ FEmax then break end if
20 force_refresh← (t − last_improve_gen ≥ DT.stagnation_threshold)
21 MACV← DT.Update(t, P, F1, HV, force_refresh)
22 n_off←min(N, FEmax − FE)
23 Q← GenerateOffspring(P, F, rank, crowd, A_dec, A_fit, MACV, n_off)
24 FQ← TrueEvaluate(Q)
25 FE← FE + |Q|
26 P← P union Q
27 F← F union FQ
28 t← t + 1
29 if best_front is None then best_front← A_fit end if
30 return best_front, corresponding objective values

3.2. EA Core Evolution Mechanism

The EA core performs the evolutionary search. In the first generation, it receives the
control vector generated by the DT layer. At generation t, the EA core receives the following
five-dimensional multi-source adaptive control vector from the digital twin layer:

MACVt =
[
pt

m, pt
c, bt

e, rt
i , rt

c
]T (2)

Here, pt
m and pt

c denote the mutation and crossover probabilities, respectively; bt
e

denotes the elite/archive bias; rt
i denotes the innovation rate controlling exploratory off-

spring generation; and rt
c denotes the contraction rate controlling the reduction in the

perturbation range.
Simulated binary crossover (SBX) and polynomial mutation were combined in the

mutation generation stage. For the j-th decision variable of the parent individuals, random
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numbers are extracted, and the SBX crossover coefficient is defined as follows: xa,xb j
u~U(0,1) βq,j.

βq,j =

(2u)
1

ηt
c+1 , if u ≤ 0.5(

1
2(1−u)

) 1
ηt

c+1 , if u > 0.5
(3)

The random variable follows a uniform distribution over the specified interval;
u∼U(0,1) [0,1]ηc: the simulated binary crossover (SBX) distribution index controls the
distribution of offspring around their parents. A larger index generates offspring closer
to their parents and therefore favors local exploitation: ηc. A smaller index broadens the
offspring distribution and enhances global exploration: ηc. The coefficient adjusts the
search span of the decision variable during crossover and thus characterizes the strength of
parental information mixing in that dimension: βq,j j.

The formula for generation of offspring variables is as follows.

y1,j = 0.5× ((1 + βq,j)× xa
j + (1− βq,j)× xb

j ) (4)

y2,j = 0.5× ((1− βq,j)× xa
j + (1 + βq,j)× xb

j ) (5)

where the variables represent the values of the two parents for the j-th decision variable,
whereas xa

j xb
j j y1,j the remaining variables denote the corresponding offspring values: y2,j.

Subsequently, the polynomial mutation operation is performed. The random number
is extracted, and the mutation perturbation term is: r~U(0,1) δj.

δj =

(2r)
1

ηt
m+1 − 1, if r < 0.5

1− (2(1− r))
1

ηt
m+1 , if r ≥ 0.5

(6)

where denotes a uniformly distributed random variable, and r∼U(0,1) ηm the polynomial-
mutation distribution index controls the magnitude of the mutation perturbation.

Apply the modulation factor and enforce the boundary restriction (for the decision
variable boundary): ρt lj ≤ uj.

y′ j = yj + ρt × δj × (uj − lj) (7)

y
′

= min(max(y
′
,lj),uj) (8)

where the current exploration-intensity modulation factor dynamically controls the muta-
tion step size: ρt uj. The remaining variables denote the upper and lower bounds of the j-th
decision variable, respectively: lj j.

The environment selection stage performs a fast non-dominated sort on the merged
population: Ut. If the size of the next generation is exceeded due to the addition of an
individual in the frontier, the current frontier is truncated in descending order of crowding
distance: N. For the first objective, the crowding distance update rule for intermediate
individuals is as follows: m i.

crowdingi+ =
fi+1,m − fi−1,m

f max
m − f min

m + ε
(9)

where the variables denote the objective values of the neighboring individuals after sorting.
fi+1,m fi−1,m m f max

m : The remaining terms denote the maximum and minimum values of the
first objective in the current front. f min

m m ε and the final term is a small positive constant to
prevent the denominator from being zero.
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Algorithm 2 presents the process of generating offspring under the guidance of MACV.
Firstly, parameters such as crossover, mutation, innovation and archive bias are deter-
mined based on the control vector, and the number of conventional mating and immigrant
individuals is also divided; subsequently, the parent generation is constructed through
tournament selection and archive guidance, and differential generation or SBX crossover is
adopted according to the current settings, combined with polynomial mutation to generate
offspring. Finally, the immigrant individuals are added to the population to obtain the final
offspring set Q.

Algorithm 2: Offspring Generation Under MACV

Input: P, F, rank, crowd, A_dec, A_fit, MACV, n_off
Output: Q
1 p_m←MACV.mutation_rate
2 p_c←MACV.crossover_rate
3 b_e←MACV.elite_bias
4 r_i←MACV.innovation_rate
5 r_c←MACV.contraction_rate
6 r_de← r_i
7 r_im← clip(r_i × (1 − r_c))
8 r_arc← b_e
9 n_im← round(r_im × n_off), clipped to [0, n_off]

10 n_mate← n_off − n_im
11 parent_idx← BinaryTournament(rank, crowd, max(n_mate, 1))
12 Parents← P[parent_idx]
13 if A_dec not empty and r_arc > 0 then
14 replace a subset of Parents by archive solutions
15 pool← P if archive empty else P union A_dec
16 Q← empty array of size n_off
17 for each pair (x_a, x_b) in Parents over first n_mate positions do
18 rand() < r_de and |pool| >= 3 then
19 sample 3 solutions from pool
20 y1← DifferentialTrial(x_a, a, b, c, scale = clip(0.35 + 0.5 × pm), cr = clip(pc))
21 y1← PolynomialMutation(y1, max(0.75 × pm, 0.02))
22 similarly generate y2 if needed
23 else
24 if rand() < pc then
25 (y1, y2)← SBX(x_a, x_b)
26 else
27 (y1, y2)← (x_a, x_b)
28 y1← PolynomialMutation(y1, pm)
29 y2← PolynomialMutation(y2, pm)
30 write offspring into Q
31 if n_im > 0 then
32 Q[last n_im positions]←MakeImmigrants(n_im, A_dec, P)
33 return Q

3.3. Digital Twin State Modeling

In this study, the digital twin layer is defined as an algorithmic digital twin of the
evolutionary search process. It continuously synchronizes with the evolving population
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by monitoring convergence, diversity, sparsity, stagnation, and state confidence, and then
updates the five-dimensional MACV defined in Section 3.2. Unlike conventional adaptive
control based on a direct state-to-parameter mapping, the proposed mechanism maintains
a persistent virtual state comprising historical windows, latent representations, action
values, policy modes, and previous control information. Mini-RL estimates the expected
long-term rewards of bounded control actions rather than predicting objective values.
Through periodic synchronization and feedback of MACV to the EA core, the framework
forms a closed loop of state perception, control decision-making, evolutionary execution,
and search feedback. It is therefore characterized as a lightweight algorithm-level digital
twin rather than a high-fidelity replica of a physical entity. Table 1 illustrates the differences
between the Proposed Algorithm-Level Digital Twin and other methods.

Table 1. Comparison of conventional adaptive parameter control, surrogate-assisted optimization,
typical digital twins, and the algorithm-level digital twin proposed in this study.

Dimension
Conventional
Self-Adaptive

Parameter Control

Surrogate-Assisted
Optimization Typical Digital Twin

Proposed
Algorithm-Level

Digital Twin

Modeling object Current search
statistics state

Objective function or
fitness response

surface

Physical entities and
their operational

processes

Persistent state of the
evolutionary search

process

Feedback form Direct mapping from
state to parameters

Predictive assistance
for screening or

evaluation

Entity-Model
Bidirectional
Mapping and
Closed-Loop
Optimization

MACV-driven
closed-loop
regulation

Mirror form
Typically no
independent

persistent mirror

Typically, full process
images are not built.

High-fidelity mirror
of physical objects

Lightweight state
mirroring of the
search process

Synchronization
mechanism Triggered by rules

Updated as new
samples become

available

Continuous data
synchronization

Low-frequency
refresh with

stagnation-triggered
synchronization

Main function
Parameter

self-adaptation
adjustment

Reduce evaluation
costs

Monitoring,
predicting, and

controlling physical
systems

Characterizing the
search phase and

closed loop control

Prediction target Usually no explicit
prediction

Unassessed
solution’s objective

value

Sensor and model
errors

State confidence and
reconstruction error

The proposed digital twin is not a high-fidelity simulation of physical equipment
but a lightweight algorithmic twin of the evolutionary search process. Its virtual entity
stores not only current population metrics but also the historical window, latent states,
reinforcement-learning value table, meta-policy modes, and control input from the previous
time step. The twin state at generation t is defined as follows:

Tt = {st,Ht,zt,Qt,mt,at−1} (10)

Here, st denotes the current search state; Ht is the historical state window; zt is the
low-dimensional state representation; Qt is the action-value table; mt is the meta-policy
mode; and at−1 is the control vector from the preceding refresh. This persistent virtual state
is synchronized online with the actual population, and its control output is fed back to the
next-generation search.
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The search state vector is represented as:

st = [divt, ∆HVt, spreadt, sparset, stagt, conft]
T (11)

where divt denotes diversity in the decision space, ∆HVt denotes the change in HV, spreadt

denotes dispersion in the objective space, sparset denotes the proportion of sparse regions,
stagt denotes the stagnation state, and conft denotes confidence in the mirrored state.

Let the population decision matrix be Xt ∈ RN×D. Diversity is then defined as follows:

divt =
1
D

D

∑
j=1

std(Xt(:, j))
max(Xt(:, j))−min(Xt(:, j)) + ε

(12)

The convergence trend is quantified by the difference in HV between two consecutive
refresh points.

∆HVt = HVt − HVt− (13)

where t− denotes the most recent twin-state refresh rather than necessarily the preceding
generation.

Up to 64 objective vectors are selected from the current population to form Ft. For
each vector, the nearest-neighbor distance is computed as follows:

di = min
j ̸=i

∥∥ fi − f j
∥∥

2 (14)

Dispersion and the sparsity ratio in the objective space are defined as follows:

spreadt =
std({di})

mean({di}) + ε
(15)

sparset =
1
|Ft|

|Ft |

∑
i=1

∏
(

di > d + σd

)
(16)

where dt and σd are the mean and standard deviation of the nearest neighbor distances,
respectively.

Stagnation is detected using an HV sliding window of length W = 8:

stagt = ∏
(

max
k∈Wt

HVk −min
k∈Wt

HVk < 10−6
)

(17)

State confidence is determined jointly from fluctuations in HV and diversity and from
the current distribution dispersion:

conft = clip
(

1
1 + 5σHV,t + spreadt

, 0.2, 0.95
)

(18)

Smaller fluctuations in HV and diversity indicate a more stable search state, whereas a
larger spreadt reduces confidence in the twin state.

a0 = [0.1,0.9,0.55,0.08,0.08]T (19)

When stagt = 1, the mutation, crossover, and innovation rates are increased, whereas
elite bias and contraction are reduced. When divt < 0.05 or sparset > 0.35, the mutation
and innovation rates are increased. When conft > 0.75 and ∆HVt > 0, the mutation and
innovation rates are reduced, while the crossover rate, elite bias, and contraction are
increased to reinforce the current effective search direction.
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The rule-based control vector is combined with the Mini-RL action offset ∆aRL
t as

follows:
at = clip

[
(I−Λ)arule

t + Λ
(

a0 + ∆aRL
t

)]
(20)

Among them:
Λ = diag(0.18,0.18,0.1,0.1,0.1) (21)

Mini-RL estimates the long-term rewards associated with different control actions
through Q-value estimation:

Q(st−1, at−1)← Q(st−1, at−1) + η
[
rt + γ max

a
Q(st, a)−Q(st−1, at−1)

]
(22)

Thus, the twin layer responds to current indicators while using historical interactions
to estimate the expected rewards of alternative control actions. The meta-policy generates
an additional mode-correction term, ∆ameta

t , yielding:

a∗t = clip
(
at + ∆ameta

t
)

(23)

To prevent abrupt changes in the control parameters, temporal smoothing is applied
to the final output:

at = clip[αat− + (1− α)a∗t ] (24)

By default, the digital twin is refreshed every K = 12 generations. Synchronization
occurs earlier if the stagnation counter reaches the forced-refresh threshold; otherwise, the
latest control output is reused. The complete closed loop is expressed as follows:

Pt → st → Tt → at → Pt+1 → Tt+1 (25)

The digital twin layer therefore integrates multiple search-state signals into MACVt,
preserves temporal continuity through boundary constraints and smoothing, and feeds
the resulting vector back to the EA layer at a low frequency to coordinate exploration
and exploitation.

Algorithm 3 describes the process of state modeling and control generation in the
digital twin layer. Firstly, based on the current population and the first frontier, various
state information such as diversity, convergence change, distribution sparsity, stagnation
state and confidence level is calculated; if there is no need to refresh at the moment, the
cached control vector is directly returned. Otherwise, the algorithm combines the outputs
of the rule controller, Mini-AE, Mini-RL and Mini-Meta to generate and correct the current
MACV, then performs constraint and smoothing processing according to different modes,
and finally obtains the control parameters for the next round of evolution.

3.4. Lightweight Enhancement Bundle (Mini-RL, Mini-AE, Mini-Meta)

In DT-MLCEA, the Lightweight Enhancement Bundle does not participate directly
in population evolution or candidate-solution generation. Instead, it applies small, low-
frequency, and interpretable corrections to the output of the digital twin’s base controller.
Mini-RL learns the long-term rewards of alternative control actions from the search state;
Mini-AE extracts a low-dimensional state representation and provides an auxiliary uncer-
tainty signal through reconstruction error; and Mini-Meta switches among exploration,
exploitation, and recovery modes by combining recent search history with reconstruction
error. Together, these modules improve the balance between exploration and exploitation
at different search stages without incurring the training cost of complex deep networks.
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Algorithm 3: DT State Modeling and Control

Input: generation t, population P_t, first-front F_t1, current HV_t, cached MACV_{t − 1}
Output: MACV_t
1 div_t← Diversity(P_t)
2 spread_t← Spread(F_t1)
3 sparse_t← SparseRatio(F_t1)
4 hv_delta_t← HV_t − HV_{t − 1} //if no history, use 0
5 stag_t← DetectStagnation(HV window)
6 conf_t← Confidence(HV window, diversity window, spread_t)
7 s_t← [div_t, hv_delta_t, spread_t, sparse_t, stag_t, conf_t]
8 if not NeedRefresh(t, stag_t, force_refresh) then
9 return cached MACV

10 [pm_rule, pc_rule, be_rule, ri_rule, rc_rule]← RuleController(s_t)
11 x_t← [div_t, hv_delta_t, spread_t, sparse_t, conf_t, I(stag_t > 0)]
12 [z_t, recon_t]←MiniAE(x_t)
13 a_rl←MiniRLStep(s_t)
14 meta←MetaStep(s_t, recon_t) //explore/exploit/recover
15 p_m← clip(0.7 × pm_rule + 0.3 × (0.1 + a_rl.delta_pm)+ meta.delta_pm)
16 p_c← clip(0.7 × pc_rule + 0.3 × (0.9 + a_rl.delta_pc)+ meta.delta_pc)
17 b_e← clip(be_rule + a_rl.delta_be + meta.delta_be)
18 r_i← clip(ri_rule + a_rl.delta_ri + meta.delta_ri)
19 r_c← clip(rc_rule + a_rl.delta_rc + meta.delta_rc)
20 apply mode-dependent clamps:
21 if mode = recover then enforce a high r_i and a low r_c
22 if mode = explore then enforce a lower bound on r_i and an upper bound on b_e
23 if mode = exploit then enforce lower bounds on b_e and r_c when confidence is high
24 smooth pm and pc with previous values
25 cache MACV_t = {p_m, p_c, b_e, r_i, r_c}
26 cache mode_t separately
27 return MACV_t

Let st denote the continuous search state extracted by the digital twin at generation
t, arule

t the base control vector generated by the rule-based controller, ∆aRL
t the action

offset produced by Mini-RL, and ∆ameta
t the mode correction produced by Mini-Meta. The

final control vector at is obtained through multi-source fusion, boundary constraints, and
temporal smoothing:

at = [pm,t, pc,t, be,t, ri,t, rc,t]
T (26)

In this expression, pm,t and pc,t denote the mutation and crossover rates, respectively;
be,t denotes elite bias; ri,t denotes the innovation rate; and rc,t denotes the contraction rate.
Mini-RL and Mini-Meta make small online adjustments to these five control components,
whereas Mini-AE does not output control parameters directly but supplies latent states and
reconstruction errors to Mini-Meta.

To preserve the stability of the main EA search, the rule-based controller remains the
primary source of control vectors. Mini-RL supplies only scaled discrete action offsets, and
Mini-Meta applies corrections of limited magnitude according to the current mode. The
final output is clipped to the parameter bounds and smoothed across refresh cycles. Thus,
the Lightweight Enhancement Bundle refines the decisions of the digital twin controller
rather than replacing either the controller or the evolutionary algorithm.
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3.4.1. Mini-RL: Lightweight Policy Modification for Low-Dimensional Discrete States

Mini-RL uses discrete states and a compact Q-table to learn small action corrections
to the digital twin’s base control vector without generating candidate solutions directly.
Unlike deep reinforcement learning, it uses neither neural networks nor experience replay.
The Q-table is updated only after an effective refresh of the digital twin layer, thereby
limiting online learning overhead. Let t- denote the preceding digital twin refresh and n
the number of decisions made by Mini-RL. The continuous state is discretized as follows.

trendt ∈ {degrade, stable, improve}, is determined by hvdelta,t.
stagnation_flagt ∈ {0,1} By decision stagt > 0.
low_div_flagt ∈ {0,1} By decision divt < τdiv.

Discrete state index:

state_idt = trendt × 4 + stagnation_flagt × 2 + low_div_flagt (27)

An epsilon-greedy policy is used to select actions, and the Q-values are updated at a
low frequency. The reward is defined as follows.

rt=∆HVt + wc × conft − ws × I(stagt > 0) (28)

where denotes the reinforcement-learning reward; rt t ∆HVt the next term denotes the
improvement in convergence; conft the following term denotes current-state confidence;
wc the associated coefficient is the confidence-reward weight; ws the next coefficient is the
stagnation-penalty weight; I(stagt > 0) the final term is the stagnation-indicator function.

Q Update:

Q(st, at) = Q(st, at) + α× (rt + γ×maxa′Q(st+1, a′)−Q(st, at)) (29)

where the first term denotes Q(st,at) the action-value function for the current state-action
pair; st at α the next parameter is the learning γ rate; the following parameter is the
discount factor; and maxa ′Q(st+1,a′) the final term denotes the maximum action value in the
subsequent state.

3.4.2. Mini-AE: State Compression and Uncertainty Auxiliary Signals

Mini-AE is a lightweight approximation module for search-state compression and
uncertainty characterization. It does not generate offspring or otherwise dominate the
evolutionary process. Instead, it encodes the current search state into a compact latent
representation and provides an auxiliary uncertainty signal based on reconstruction error,
thereby supporting adaptive decision-making with limited computational overhead.

zt = tanh(xt ·Wenc) (30)

x̂t = tanh(zt ·Wdec) (31)

where xt denotes the current search-state feature vector; Wenc the next term denotes the
encoder weight matrix; zt the following term denotes the encoded low-dimensional latent
variable; tanh(cdot) the activation function is the hyperbolic tangent; Wdec the next term
denotes the decoder weight matrix; x̂t the following term denotes the reconstructed state;
zt and the final term is the latent variable.

The reconstruction error is defined as:

errvae,t = mean((x̂t − xt)
2) (32)
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errvae,t: The reconstruction error serves as auxiliary uncertainty information and is
supplied to Mini-Meta to determine whether the current state exhibits distributional drift
or a structural anomaly. A larger error favors exploration: errvae,t.

The Mini-AE used in this paper is a lightweight state encoding and reconstruction
module, whose purpose is not to build a complete probabilistic generative model, but rather
to represent the current search state compactly under low computational cost, and to reflect
the degree of state anomaly through reconstruction error. Its input vector is defined as:

x = [div,∆HV,spread,spread_ratio,conf,Istage] ∈ ℜ6 (33)

where Istage is the stall indicator variable.
Unlike a standard VAE, this lightweight implementation does not use a probabilistic

latent distribution, a reparameterization procedure, or a Kullback–Leibler divergence term.
It uses only reconstruction error as an auxiliary signal of structural deviation.

errvae =
1
6
||x̂− x||22 (34)

The reconstruction error is not treated as an independent optimization objective. In-
stead, it is provided to Mini-Meta as an auxiliary uncertainty signal indicating distributional
drift or structural anomalies in the current search state. A larger reconstruction error in-
dicates reduced reconstructability relative to the recent reconstruction-error distribution
and therefore favors exploratory control. Conversely, a persistently small error indicates a
relatively stable state and favors exploitation-oriented parameter adjustments.

3.4.3. Mini-Meta: Merging Mode Gating with Strategy

Rather than using gradient-based training, Mini-Meta switches modes according to
statistics computed over a sliding window of length k: k.

∆HVt = mean(∆HVt−k+1:t) (35)

where denotes the mean recent change in hypervolume; ∆HVt k ∆HVt−k+1:t the following
terms denote the HV-change sequence within the window; t − k + 1 t k and the final term
denotes the sliding-window length.

divt = mean(divt−k+1:t) (36)

where the first term is the mean population diversity over recent generations; divt k and the
remaining terms denote the diversity sequence in the corresponding window.

stag_ratiot = mean(I(stag > 0)) (37)

where denotes the proportion of stagnant generations within the sliding window; stag_ratiot

I(stag > 0) the next term is the stagnation-indicator function; mean(cdot) and the final
operator denotes the mean.

errt = mean(errvae,t−k+1:t) (38)

The first term denotes the mean reconstruction error over the most recent k generations
of Mini-AE; errt errvae,t−k+1:t and the remaining terms denote the reconstruction-error
sequence within the window.
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Pattern determination rules:

if stag_ratiot > τstag_ratio and hvt ≤ 0 : modet = recover
elseif divt < τdiv or errt > τerr : modet = explore

else : modet = exploit
(39)

3.4.4. Unified Fusion of Lightweight Enhancements

During fusion, the base control vector is first combined with the RL correction, after
which the meta-gating correction is applied:

pt
m = clip(w1 · pm(rule) + w2 · (pm(base) + deltarlm) + δmeta

m , pmin
m , pmax

m ) (40)

pt
c = clip(w1 · pc(rule) + w2 · (pc(base) + deltarlc) + δmeta

c , pmin
c , pmax

c )) (41)

Clip is used for boundary stabilization. w1 + w2 = 1: This structure ensures that the
enhancement module only makes “small step corrections” and does not destroy the stability
of the EA main process.

Algorithm 4 describes the workflow of the lightweight enhancement module. Firstly,
the algorithm discretizes the current search state and updates the RL actions through Q-
learning in a low-frequency manner. At the same time, Mini-AE encodes and reconstructs
the state features, and uses the reconstruction error to provide an auxiliary uncertainty
signal. Subsequently, the relevant state information is written into the meta-history window,
which is used by MetaGate to periodically determine whether the current state should
enter the recover, explore or exploit mode, and finally outputs the RL correction amount,
Meta correction amount and the corresponding mode.

Algorithm 4: Lightweight Enhancement Bundle

Input: state s_t, feature x_t, previous RL state/action, meta history window
Output: enhancement terms and mode
1 sid_t← Discretize(s_t)
2 every rl_update_interval generations:
3 choose RL action by epsilon-greedy on Q[sid_t]
4 reward_t← Reward(s_t, u_t, u_{t−})
5 update Q by TD rule
6 z_t← tanh(x_t W_enc)
7 xhat_t← tanh(z_t W_dec)
8 recon_t←mean((xhat_t − x_t)2)
9 push {hv_delta_t, diversity_t, stagnation_t, recon_t} into meta history
10 every meta_update_interval generations:
11 mode_t←MetaGate(history) //recover/explore/exploit
12 output RL deltas + meta deltas + mode_t

3.5. Information Flow and Online Update Procedure

This section describes inter-module communication and the online update schedule
used to maintain an effective closed loop with minimal communication overhead. The
implementation uses a hierarchical clock in which the EA drives the main loop, the DT is
refreshed at a low frequency, and the enhancement modules are updated at their respective
sub-frequencies. Let:

1. Tbu: bottom-up update interval (EA→ DT).
2. Tdt: DT internal refresh interval.

https://doi.org/10.3390/a19100839

https://doi.org/10.3390/a19100839


Algorithms 2026, 19, 839 16 of 34

3. Trl: Mini-RL update interval.
4. Tmeta: Mini-Meta update interval.
5. stagtrigger: Stagnation force threshold.

3.5.1. Information-Flow Topology and Minimum Message Set

Only the following two core communication links are retained:

(1) EA→ DT (State uplink)

msgup,t = {t,Pt,Ft,metricst,stagt} (42)

(2) DT→ EA (Control delivery)

msgdown,t =
{

pt
c, pt

m, modet, confidencet
}

(43)

3.5.2. Event Triggering and Low-Frequency Updates

DT refresh condition:

need_refresh_t = (t − tlast_refresh ≥ Tdt) ∨ (stagt ≥ stagtrigger) (44)

where indicates whether the digital twin state must be refreshed at the current generation;
need_refresh_t t: the next term denotes the current generation; tlast_refresh: the following
term denotes the most recent DT refresh; Tdt denotes the DT refresh interval; stagt: the
next term denotes the current stagnation level; stagtrigger and the final term denotes the
stagnation-trigger threshold.

3.5.3. Offline Initialization and Online Learning

To mitigate cold-start instability, each submodule uses a combination of offline initial-
ization and lightweight online updating:

Offline phase (one-time).

The Q-table, projection matrix, and gating thresholds are initialized using default
values or a small warm-start sample:

θ0 = Init(θ;config,optional_offline_data) (45)

Online phase (per generation/divider)

Only the required statistics and lightweight parameters are updated; no computation-
ally intensive backpropagation is performed:

θt+1 = OnlineUpdate(θt,minibatcht,low_cost_rule) (46)

where minibatcht learning uses the sliding-window history rather than large-scale experi-
ence replay.

3.5.4. Function-Evaluation Counting and Consistency

During online optimization, the true function-evaluation count is incremented only
when the true objective function is called:

FEt+1 = FEt + |Qt| (47)
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Any predicted value is used only as an auxiliary signal and is not counted as
a true function evaluation. This convention ensures a consistent evaluation budget
across algorithms.

4. Experimental Design
The performance of DT-MLCEA is evaluated on the LSMOP benchmark suite using

LMEA, QLMGO [44], AMSLMOEA [45], and MOEA/D-RDG as comparison algorithms.
LMEA is a representative evolutionary algorithm for LSMOPs. QLMGO uses Q-learning to
switch adaptively between random reverse learning and chaotic search, thereby balancing
global exploration and local exploitation in high-dimensional decision spaces. AMSLMOEA
is designed specifically for large-scale multi-objective optimization and emphasizes con-
vergence and solution quality under limited evaluation budgets. MOEA/D-RDG is a
decomposition-based large-scale multi-objective evolutionary algorithm that improves dis-
tribution and convergence through variable analysis and global diversity restoration. These
algorithms provide complementary baselines for evaluating the convergence, distribution,
and stability of DT-MLCEA in large-scale settings.

4.1. Algorithm Setup

For a fair comparison, all algorithms used the same evaluation budget. In the baseline
experiments, the population size was 100 and the maximum number of function evalua-
tions was 10,000. The comparison algorithms used the parameter settings recommended
in their original publications or standard configurations from publicly available imple-
mentations, without additional tuning of their core mechanisms. Specifically, LMEA used
conventional real-coded crossover and mutation, with a crossover probability of 1.0 and
distribution indices of 20 for both simulated binary crossover (SBX) and polynomial mu-
tation (PM). QLMGO, AMSLMOEA, and MOEA/D-RDG used the standard parameters
specified in their original methods or public implementations. DT-MLCEA used the official
implementation described in this study, comprising an evolutionary algorithm layer and a
lightweight digital twin control layer that adjusts crossover, mutation, innovation, and elite-
bias parameters adaptively. The official experimental implementation does not include the
earlier deep surrogate architecture; consequently, the three-layer fully connected surrogate
model with 10 neurons per layer and Swish activation was not used. All experiments
were conducted under Windows 11 on a laptop equipped with an AMD Ryzen 9 7940HX
processor, an NVIDIA RTX 4060 Laptop GPU, and 40 GB of memory. Python 3.8 was used
for all algorithmic evaluations. The full list of hyperparameters used in DT-MLCEA is
provided in Table A1.

4.2. Problem Setup

All LSMOP1-LSMOP9 instances were configured with three objectives and 100, 500,
1000, or 5000 decision variables to evaluate performance at different scales. These problems
exhibit diverse characteristics, including low intrinsic dimensionality, deception, and multi-
modality. Performance was assessed using inverted generational distance (IGD) and hyper-
volume (HV), for which smaller and larger values indicate better performance, respectively.

IGD was calculated using the reference-front generation procedure defined in the
original description of the standard LSMOP suite. For HV, the objective values of the
non-dominated solutions were normalized to [0,1] using the ideal and nadir points of the
true reference front to account for differences in objective scale. The reference point was
then fixed at (1.2, 1.2, 1.2), ensuring consistent HV calculation across problems. IGD is used
exclusively for post hoc performance evaluation and does not influence the evolutionary
search, parameter adaptation, archive updating, or final solution selection.
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To account for stochastic variation, each algorithm was run independently 20 times for
every problem and dimension. Differences between each comparison algorithm and DT-
MLCEA were assessed using the Wilcoxon rank-sum test at a significance level of 0.05. The
Benjamini–Hochberg false-discovery-rate correction was applied separately to the 144 HV
and 144 IGD comparisons (9 problems × 4 dimensions × 4 comparison algorithms), with
the FDR threshold set to 0.05. In Tables 2 and 3, “+” indicates that a comparison algorithm
performs significantly better than DT-MLCEA after correction (q < 0.05), “−” indicates
significantly worse performance, and the absence of a symbol indicates no significant
difference. Values in parentheses are standard deviations over the 20 runs.

Table 2. HV performance of the algorithms on the benchmark problems.

Problem d LMEA QLMGO AMSLMOEA MOEA/D-
RDG DT-MLCEA

LSMOP1

100 1.956 × 10−2

(1.85 × 10−3)−
7.678 × 10−3

(1.00 × 10−3)−
5.617 × 10−3

(1.20 × 10−3)−
2.322 × 10−2

(2.27 × 10−3)−
2.482 × 10−2

(4.89 × 10−3)

500 2.095 × 10−2

(4.09 × 10−3)−
8.298 × 10−3

(8.52 × 10−4)−
8.073 × 10−3

(5.46 × 10−5)−
2.204 × 10−2

(3.16 × 10−3)−
2.799 × 10−2

(4.77 × 10−3)

1000 1.924 × 10−2

(2.90 × 10−3)−
9.971 × 10−3

(6.44 × 10−3)−
8.357 × 10−3

(6.83 × 10−5)−
2.367 × 10−2

(3.46 × 10−3)−
2.706 × 10−2

(5.07 × 10−3)

5000 1.920 × 10−2

(3.19 × 10−3)−
1.098 × 10−2

(7.70 × 10−3)−
1.030 × 10−4

(1.13 × 10−4)−
2.216 × 10−2

(2.88 × 10−3)−
2.838 × 10−2

(7.75 × 10−3)

LSMOP2

100 1.998 × 10−2

(2.04 × 10−3)−
8.053 × 10−3

(2.82 × 10−3)−
1.041 × 10−2

(3.14 × 10−2)−
2.394 × 10−2

(2.53 × 10−3)−
2.669 × 10−2

(4.41 × 10−3)

500 2.131 × 10−2

(4.15 × 10−3)−
5.392 × 10−3

(7.60 × 10−4)−
7.840 × 10−3

(2.48 × 10−5)−
2.213 × 10−2

(3.14 × 10−3)−
2.571 × 10−2

(2.64 × 10−3)

1000 1.933 × 10−2

(2.85 × 10−3)−
1.046 × 10−2

(5.41 × 10−3)−
5.667 × 10−3

(6.78 × 10−5)−
2.385 × 10−2

(3.63 × 10−3)−
2.595 × 10−2

(4.94 × 10−3)

5000 1.936 × 10−2

(3.20 × 10−3)−
6.147 × 10−3

(1.73 × 10−4)−
1.732 × 10−3

(3.74 × 10−5)−
2.239 × 10−2

(2.95 × 10−3)−
2.789 × 10−2

(5.24 × 10−3)

LSMOP3

100 1.306 × 10−3

(3.22 × 10−2)−
2.096 × 10−2

(4.59 × 10−2)−
9.591 × 10−3

(1.08 × 10−2)−
6.132 × 10−4

(2.36 × 10−3)−
4.996 × 10−2

(3.81 × 10−2)

500 1.693 × 10−3

(4.62 × 10−2)−
2.378 × 10−2

(4.12 × 10−3)−
4.836 × 10−3

(1.03 × 10−3)−
6.281 × 10−4

(2.97 × 10−3)−
4.417 × 10−2

(1.48 × 10−2)

1000 1.672 × 10−3

(3.30 × 10−2)−
1.771 × 10−2

(3.07 × 10−2)−
5.066 × 10−3

(1.53 × 10−3)−
6.186 × 10−4

(3.63 × 10−3)−
5.181 × 10−2

(2.13 × 10−2)

5000 1.711 × 10−3

(4.17 × 10−2)−
1.963 × 10−2

(3.07 × 10−2)−
4.271 × 10−3

(9.65 × 10−3)−
6.657 × 10−4

(3.43 × 10−3)−
4.593 × 10−2

(1.48 × 10−2)

LSMOP4

100 2.173 × 10−2

(2.40 × 10−3)−
5.120 × 10−3

(3.18 × 10−4)−
2.630 × 10−3

(6.07 × 10−3)−
2.458 × 10−2

(2.42 × 10−3)−
2.796 × 10−2

(3.00 × 10−3)

500 2.178 × 10−2

(4.10 × 10−3)−
6.356 × 10−3

(5.53 × 10−4)−
9.121 × 10−3

(6.81e−05)−
2.335 × 10−2

(2.91 × 10−3)−
2.752 × 10−2

(4.25 × 10−3)

1000 1.955 × 10−2

(3.03 × 10−3)−
7.346 × 10−3

(1.77 × 10−3)−
6.992 × 10−3

(1.21 × 10−4)−
2.455 × 10−2

(3.47 × 10−3)−
2.719 × 10−2

(4.04 × 10−3)

5000 1.990 × 10−2

(3.04 × 10−3)−
6.693 × 10−3

(1.19 × 10−3)−
3.336 × 10−3

(5.79 × 10−5)−
2.334 × 10−2

(3.02 × 10−3)−
2.973 × 10−2

(3.28 × 10−3)
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Table 2. Cont.

Problem d LMEA QLMGO AMSLMOEA MOEA/D-
RDG DT-MLCEA

LSMOP5

100 2.554 × 10−2

(1.59 × 10−2)−
2.041 × 10−2

(4.97 × 10−2)−
7.066 × 10−3

(2.62 × 10−3)−
1.612 × 10−2

(1.70 × 10−2)−
2.777 × 10−2

(1.00 × 10−2)

500 1.024 × 10−2

(9.28 × 10−3)−
2.397 × 10−2

(1.66 × 10−2)−
5.158 × 10−3

(4.81 × 10−3)−
1.478 × 10−2

(1.02 × 10−2)−
2.905 × 10−2

(5.53 × 10−3)

1000 8.785 × 10−3

(7.23 × 10−3)−
3.165 × 10−2

(1.28 × 10−2)−
9.554 × 10−3

(6.49 × 10−3)−
1.197 × 10−2

(4.40 × 10−3)−
3.548 × 10−2

(6.65 × 10−3)

5000 1.015 × 10−2

(8.02 × 10−3)−
3.081 × 10−2

(1.40 × 10−2)−
9.220 × 10−3

(5.87 × 10−3)−
1.488 × 10−2

(1.26 × 10−2)−
3.428 × 10−2

(1.05 × 10−2)

LSMOP6

100 2.094 × 10−2

(2.71 × 10−3)−
2.045 × 10−2

(7.92 × 10−3)−
4.914 × 10−3

(1.55 × 10−3)−
2.366 × 10−2

(3.67 × 10−3)−
2.582 × 10−2

(4.57 × 10−3)

500 2.035 × 10−2

(3.67 × 10−3)−
1.590 × 10−2

(2.91 × 10−3)−
3.105 × 10−3

(1.93 × 10−3)−
2.325 × 10−2

(3.16 × 10−3)−
3.044 × 10−2

(6.43 × 10−3)

1000 1.966 × 10−2

(2.41 × 10−3)−
1.529 × 10−2

(1.18 × 10−3)−
4.537 × 10−3

(4.84 × 10−3)−
2.545 × 10−2

(4.01 × 10−3)−
2.817 × 10−2

(4.90 × 10−3)

5000 1.912 × 10−2

(2.57 × 10−3)−
1.946 × 10−2

(5.11 × 10−3)−
3.274 × 10−3

(3.46 × 10−3)−
2.365 × 10−2

(3.92 × 10−3)−
2.973 × 10−2

(3.91 × 10−3)

LSMOP7

100 1.960 × 10−2

(2.02 × 10−3)−
8.046 × 10−3

(2.60 × 10−3)−
1.257 × 10−3

(3.77 × 10−3)−
2.131 × 10−2

(2.40 × 10−3)−
2.286 × 10−2

(4.44 × 10−3)

500 2.096 × 10−2

(4.13 × 10−3)−
7.539 × 10−3

(6.27 × 10−4)−
1.458 × 10−3

(2.10 × 10−4)−
2.198 × 10−2

(3.07 × 10−3)−
2.390 × 10−2

(2.95 × 10−3)

1000 1.919 × 10−2

(2.88 × 10−3)−
9.722 × 10−3

(5.81 × 10−3)−
4.489 × 10−3

(3.34 × 10−5)−
2.368 × 10−2

(3.44 × 10−3)−
2.759 × 10−2

(7.60 × 10−3)

5000 1.919 × 10−2

(3.18 × 10−3)−
5.738 × 10−3

(1.78 × 10−4)−
4.546 × 10−3

(4.40 × 10−5)−
2.216 × 10−2

(2.84 × 10−3)−
3.110 × 10−2

(1.36 × 10−2)

LSMOP8

100 2.186 × 10−2

(2.56 × 10−3)+
1.347 × 10−2

(1.99 × 10−3)−
6.937 × 10−3

(1.04 × 10−3)−
2.647 × 10−2

(3.04 × 10−3)+
2.081 × 10−2

(2.31 × 10−3)

500 2.243 × 10−2

(3.87 × 10−3)+
1.352 × 10−2

(3.58 × 10−3)−
6.219 × 10−3

(1.39 × 10−3)−
2.514 × 10−2

(3.14 × 10−3)+
2.113 × 10−2

(1.83 × 10−3)

1000 2.056 × 10−2

(1.97 × 10−3)+
1.453 × 10−2

(4.59 × 10−3)−
5.973 × 10−3

(6.77 × 10−5)−
2.652 × 10−2

(3.44 × 10−3)+
1.996 × 10−2

(2.53 × 10−3)

5000 2.032 × 10−2

(3.01 × 10−3)+
1.335 × 10−2

(4.86 × 10−3)−
7.246 × 10−3

(7.80 × 10−5)−
2.392 × 10−2

(2.03 × 10−3)+
1.979 × 10−2

(3.06 × 10−3)

LSMOP9

100 2.307 × 10−2

(1.37 × 10−2)−
3.182 × 10−2

(2.56 × 10−2)+
4.571 × 10−3

(4.32 × 10−3)−
1.445 × 10−2

(1.19 × 10−2)−
2.604 × 10−2

(1.46 × 10−2)

500 7.259 × 10−3

(7.89 × 10−3)−
2.214 × 10−2

(8.44 × 10−3)+
4.327 × 10−3

(7.08 × 10−3)−
9.889 × 10−3

(7.38 × 10−3)−
1.667 × 10−2

(6.58 × 10−3)

1000 9.107 × 10−3

(6.68 × 10−3)−
2.122 × 10−2

(8.94 × 10−3)+
4.947 × 10−3

(5.42 × 10−3)−
7.541 × 10−3

(4.23 × 10−3)−
1.921 × 10−2

(7.79 × 10−3)

5000 7.850 × 10−3

(6.46 × 10−3)−
5.322 × 10−2

(3.81 × 10−3)+
5.106 × 10−3

(8.97 × 10−3)−
1.247 × 10−2

(1.01 × 10−2)−
2.156 × 10−2

(9.45 × 10−3)

+/− 4/32 4/32 0/36 4/32

DT-MLCEA, a digital twin-driven multi-layer cooperative evolutionary algorithm. The higher the
HV, the better. In Table 2, the symbols “+” and “−” indicate that the algorithm’s HV is “better than”
or “worse than” DT-MLCEA, respectively.
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Table 3. IGD performance of the algorithms on the benchmark problems.

Problem d LMEA QLMGO AMSLMOEA MOEA/D-
RDG DT-MLCEA

LSMOP1

100 3.774 × 10−2

(4.76 × 10−4)−
3.171 × 10−2

(5.48 × 10−3)−
2.231 × 10−2

(1.02 × 10−1)−
3.855 × 10−2

(6.11 × 10−4)−
1.718 × 10−2

(1.89 × 10−3)

500 3.924 × 10−2

(6.74 × 10−4)−
3.410 × 10−2

(2.17 × 10−3)−
2.346 × 10−2

(3.87 × 10−2)−
3.935 × 10−2

(4.54 × 10−4)−
1.970 × 10−2

(7.14 × 10−3)

1000 3.909 × 10−2

(5.57 × 10−4)−
3.532 × 10−2

(1.58 × 10−2)−
2.205 × 10−2

(4.66 × 10−2)−
3.979 × 10−2

(6.17 × 10−4)−
1.855 × 10−2

(1.24 × 10−3)

5000 3.934 × 10−2

(5.26 × 10−4)−
3.078 × 10−2

(1.03 × 10−2)−
2.219 × 10−2

(6.23 × 10−2)−
3.976 × 10−2

(5.05 × 10−4)−
1.922 × 10−2

(7.71 × 10−3)

LSMOP2

100 4.568 × 10−2

(7.32 × 10−4)−
3.897 × 10−2

(1.45 × 10−2)−
3.003 × 10−2

(1.73 × 10−1)−
4.677 × 10−2

(9.65 × 10−4)−
2.047 × 10−2

(2.93 × 10−3)

500 4.810 × 10−2

(5.65 × 10−4)−
3.694 × 10−2

(1.28 × 10−2)−
3.183 × 10−2

(6.73 × 10−2)−
4.827 × 10−2

(4.57 × 10−4)−
2.019 × 10−2

(1.75 × 10−3)

1000 4.812 × 10−2

(5.09 × 10−4)−
3.224 × 10−2

(1.15 × 10−2)−
3.106 × 10−2

(6.92 × 10−2)−
4.883 × 10−2

(5.54 × 10−4)−
2.074 × 10−2

(2.91 × 10−3)

5000 4.864 × 10−2

(4.58 × 10−4)−
3.410 × 10−2

(2.18 × 10−3)−
3.227 × 10−2

(7.03 × 10−2)−
4.901 × 10−2

(4.59 × 10−4)−
2.214 × 10−2

(1.91 × 10−3)

LSMOP3

100 9.271 × 10−1

(3.42 × 10−3)−
6.718 × 10−1

(8.90 × 10−2)−
9.889 × 10−1

(2.79 × 10−1)−
9.253 × 10−1

(5.25 × 10−3)−
6.023 × 10−1

(6.47 × 10−2)

500 9.366 × 10−1

(4.78 × 10−3)−
6.434 × 10−1

(7.65 × 10−2)−
9.262 × 10−1

(2.50 × 10−1)−
9.344 × 10−1

(3.02 × 10−3)−
5.902 × 10−1

(5.94 × 10−2)

1000 9.359 × 10−1

(3.70 × 10−3)−
6.651 × 10−1

(7.92 × 10−2)−
9.133 × 10−1

(2.64 × 10−1)−
9.351 × 10−1

(3.13 × 10−3)−
5.952 × 10−1

(4.28 × 10−2)

5000 9.372 × 10−1

(2.57 × 10−3)−
6.866 × 10−1

(5.12 × 10−3)−
9.497 × 10−1

(2.88 × 10−1)−
9.363 × 10−1

(2.05 × 10−3)−
6.125 × 10−1

(2.77 × 10−2)

LSMOP4

100 5.594 × 10−2

(7.95 × 10−4)−
5.180 × 10−2

(8.59 × 10−3)−
3.883 × 10−2

(1.21 × 10−1)−
5.697 × 10−2

(8.54 × 10−4)−
1.951 × 10−2

(2.50 × 10−3)

500 7.117 × 10−2

(1.11 × 10−3)−
5.962 × 10−2

(1.06 × 10−2)−
3.983 × 10−2

(4.20 × 10−2)−
7.193 × 10−2

(8.75 × 10−4)−
2.196 × 10−2

(5.37 × 10−3)

1000 7.182 × 10−2

(5.64 × 10−4)−
4.740 × 10−2

(1.26 × 10−2)−
3.018 × 10−2

(6.11 × 10−2)−
7.257 × 10−2

(5.07 × 10−4)−
2.500 × 10−2

(4.22 × 10−3)

5000 8.123 × 10−2

(3.19 × 10−4)−
5.267 × 10−2

(8.10 × 10−3)−
3.041 × 10−2

(5.99 × 10−2)−
8.162 × 10−2

(3.15 × 10−4)−
2.162 × 10−2

(1.74 × 10−2)

LSMOP5

100 7.424 × 10−1

(3.89 × 10−3)−
4.221 × 10−1

(3.26 × 10−2)+
3.079 × 10−1

(9.42 × 10−2)+
7.399 × 10−1

(6.55 × 10−3)−
6.607 × 10−1

(9.13 × 10−2)

500 7.546 × 10−1

(4.47 × 10−3)−
5.124 × 10−1

(9.89 × 10−3)+
3.639 × 10−1

(3.64 × 10−1)+
7.525 × 10−1

(2.86 × 10−3)−
5.560 × 10−1

(1.59 × 10−1)

1000 7.541 × 10−1

(3.43 × 10−3)−
5.228 × 10−1

(1.44 × 10−2)−
3.509 × 10−1

(2.21 × 10−1)+
7.536 × 10−1

(3.14 × 10−3)−
4.523 × 10−1

(1.65 × 10−1)

5000 7.561 × 10−1

(2.47 × 10−3)−
5.073 × 10−1

(5.68 × 10−2)−
3.481 × 10−1

(2.15 × 10−1)+
7.553 × 10−1

(1.93 × 10−3)−
4.328 × 10−1

(9.90 × 10−2)

LSMOP6

100 3.004 × 10−1

(9.47 × 10−4)−
1.812 × 10−1

(6.08 × 10−2)−
2.191 × 10−1

(1.88 × 10−1)−
3.002 × 10−1

(1.41 × 10−3)−
1.588 × 10−1

(5.39 × 10−2)

500 2.907 × 10−1

(1.29 × 10−3)−
1.998 × 10−1

(6.48 × 10−2)−
2.284 × 10−1

(1.10 × 10−1)−
2.912 × 10−1

(1.02 × 10−3)−
1.724 × 10−1

(1.88 × 10−2)

1000 2.795 × 10−1

(9.54 × 10−4)−
1.997 × 10−1

(2.33 × 10−2)−
2.281 × 10−1

(8.01 × 10−2)−
2.797 × 10−1

(6.50 × 10−4)−
1.792 × 10−1

(4.69 × 10−2)

5000 2.747 × 10−1

(4.00 × 10−4)−
2.125 × 10−1

(6.93 × 10−2)−
2.322 × 10−1

(6.71 × 10−2)−
2.747 × 10−1

(2.52 × 10−4)−
1.591 × 10−1

(1.38 × 10−2)
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Table 3. Cont.

Problem d LMEA QLMGO AMSLMOEA MOEA/D-
RDG DT-MLCEA

LSMOP7

100 3.955 × 10−2

(6.47 × 10−4)−
2.667 × 10−2

(4.79 × 10−3)−
4.121 × 10−2

(8.76 × 10−2)−
4.050 × 10−2

(7.88 × 10−4)−
1.624 × 10−2

(1.64 × 10−3)

500 4.128 × 10−2

(6.40 × 10−4)−
2.366 × 10−2

(5.57 × 10−3)−
4.184 × 10−2

(5.16 × 10−2)−
4.137 × 10−2

(4.40 × 10−4)−
1.792 × 10−2

(1.40 × 10−3)

1000 4.115 × 10−2

(5.32 × 10−4)−
2.544 × 10−2

(2.81 × 10−3)−
4.238 × 10−2

(4.11 × 10−2)−
4.187 × 10−2

(6.59 × 10−4)−
2.006 × 10−2

(4.99 × 10−3)

5000 4.149 × 10−2

(5.32 × 10−4)−
3.100 × 10−2

(9.06 × 10−3)−
4.345 × 10−2

(5.28 × 10−2)−
4.189 × 10−2

(4.90 × 10−4)−
2.188 × 10−2

(9.29 × 10−3)

LSMOP8

100 2.753 × 10−2

(5.50 × 10−4)−
1.675 × 10−2

(3.47 × 10−3)+
3.110 × 10−2

(3.85 × 10−2)−
2.848 × 10−2

(6.62 × 10−4)−
2.550 × 10−2

(3.16 × 10−4)

500 2.864 × 10−2

(7.81 × 10−4)−
2.164 × 10−2

(2.30 × 10−3)+
3.606 × 10−2

(5.94 × 10−2)−
2.885 × 10−2

(8.05 × 10−4)−
2.585 × 10−2

(4.15 × 10−4)

1000 2.837 × 10−2

(6.38 × 10−4)−
2.331 × 10−2

(4.19 × 10−3)+
4.105 × 10−2

(5.08 × 10−2)−
2.933 × 10−2

(7.50 × 10−4)−
2.593 × 10−2

(4.81 × 10−4)

5000 2.884 × 10−2

(6.70 × 10−4)−
2.112 × 10−2

(5.13 × 10−3)+
3.975 × 10−2

(2.56 × 10−2)−
2.925 × 10−2

(4.58 × 10−4)−
2.693 × 10−2

(5.82 × 10−4)

LSMOP9

100 7.458 × 10−1

(5.12 × 10−3)−
4.342 × 10−1

(2.45 × 10−2)+
8.032 × 10−1

(1.02 × 10−1)−
7.434 × 10−1

(5.03 × 10−3)−
5.837 × 10−1

(1.38 × 10−1)

500 7.580 × 10−1

(5.11 × 10−3)−
5.189 × 10−1

(2.71 × 10−2)+
8.041 × 10−1

(1.64 × 10−1)−
7.560 × 10−1

(3.41 × 10−3)−
6.244 × 10−1

(1.11 × 10−1)

1000 7.573 × 10−1

(3.07 × 10−3)−
5.112 × 10−1

(1.10 × 10−2)+
8.097 × 10−1

(4.16 × 10−2)−
7.570 × 10−1

(3.36 × 10−3)−
6.337 × 10−1

(9.91 × 10−2)

5000 7.595 × 10−1

(2.54 × 10−3)−
5.073 × 10−1

(4.00 × 10−2)+
8.077 × 10−1

(1.05 × 10−1)−
7.586 × 10−1

(1.98 × 10−3)−
6.059 × 10−1

(9.75 × 10−2)

+/− 0/36 10/26 4/32 0/36

The smaller the IGD, the better. In Table 3, the symbols “+” and “−” indicate that the algorithm’s
IGD is “better than” or “worse than” DT-MLCEA, respectively.

4.3. Benchmark Results

Tables 2 and 3 report the HV and IGD results, respectively, for DT-MLCEA, LMEA,
QLMGO, AMSLMOEA, and MOEA/D-RDG on LSMOP1-LSMOP9. Each value is the
mean over 20 independent runs, and the best result for each instance is shown in bold.
For HV, DT-MLCEA was significantly better in 132 of the 144 pairwise comparisons,
significantly worse than QLMGO in 4 comparisons, and significantly worse than LMEA or
MOEA/D-RDG in 8 comparisons. It significantly outperformed all comparison algorithms
on 28 problem-dimension combinations. For IGD, DT-MLCEA was significantly better in
130 of 144 pairwise comparisons, significantly worse than AMSLMOEA in 4 comparisons on
LSMOP5, and significantly worse than QLMGO in 10 comparisons on LSMOP5, LSMOP8,
and LSMOP9. It significantly outperformed all comparison algorithms on 24 problem-
dimension combinations.

These results can be attributed primarily to the adaptive collaborative regulation
mechanism of DT-MLCEA. Multi-source information fusion enables the algorithm to
identify the current search state and compensate for underrepresented regions of the front
while maintaining convergence. Parameter smoothing and boundary constraints also
reduce abrupt intergenerational oscillations and improve search stability. Together, these
mechanisms allow DT-MLCEA to balance HV and IGD across most large-scale test settings
while maintaining solution distribution and stability as the problem dimension increases.

Figure 1 compares the IGD trajectories of the algorithms on 1000-dimensional LSMOP1-
LSMOP3 under the limited evaluation budget. DT-MLCEA maintains comparatively low
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IGD values on all three problems, indicating stable convergence and strong overall per-
formance relative to LMEA, QLMGO, AMSLMOEA, and MOEA/D-RDG. On LSMOP1
and LSMOP2, DT-MLCEA, QLMGO, and AMSLMOEA continue to improve during the
later search stages. On LSMOP3, DT-MLCEA and AMSLMOEA also continue to im-
prove, whereas QLMGO stabilizes after an initial decrease during the middle and later
stages. Overall, DT-MLCEA exhibits strong convergence and competitiveness on these
test problems.

Figure 1. IGD convergence curves (d = 1000).

An overall comparison was performed using the Friedman test across the 36 problem–
dimension instances. Significant differences were observed among the algorithms for both
HV (x2 = 84.956, p = 1.55 × 10−17) and IGD (x2 = 85.079, p = 1.46 × 10−17). Figure 2
presents the average ranks, showing that DT-MLCEA ranked first for both HV and IGD,
with average ranks of 1.333 and 1.389, respectively, while QLMGO ranked second for IGD
with an average rank of 2.139. These results indicate that DT-MLCEA is highly competitive
across the tested problems and dimensions.

Figure 2. Average ranks of the compared algorithms based on the Friedman test for HV and IGD.

Detailed adjusted p-values and rank-biserial effect sizes are reported in Table A2, in
Appendix A.

4.4. Scalability Testing

To evaluate scalability under greater computational resources, the maximum number
of function evaluations was increased to 100,000 and the decision-space dimensionality was
extended to 10,000, 15,000, 20,000, 30,000, and 50,000. The experiments were conducted on
LSMOP1-LSMOP3, with all other settings retained from Sections 4.1 and 4.2. Runtime and
memory consumption were also recorded as the number of decision variables increased to
characterize the practical computational cost of high-dimensional optimization.
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As shown in Figure 3, the IGD trajectories of all algorithms generally stabilize when
the maximum evaluation budget is increased to 100,000. Relative to the results obtained
with 10,000 evaluations, DT-MLCEA, QLMGO, and AMSLMOEA achieve further IGD
reductions on LSMOP1 and LSMOP2, with particularly clear improvements for DT-MLCEA
and AMSLMOEA; LMEA and MOEA/D-RDG change only slightly. Most algorithms reach
a relatively stable stage after approximately 30,000 evaluations on LSMOP1 and LSMOP2.
On LSMOP3, however, DT-MLCEA, QLMGO, and AMSLMOEA continue to improve even
at 100,000 evaluations, indicating that further convergence toward the Pareto front may
be possible under a larger budget. Overall, DT-MLCEA obtains high-quality solution sets
under low-to-moderate budgets and remains competitive as the budget increases.

Figure 3. IGD convergence curves under a budget of 100,000 function evaluations.

Figure 4 and the Kendall τ-b test reveal distinct dimensional trends among the algo-
rithms on LSMOP1-LSMOP3. For DT-MLCEA, IGD decreases significantly with dimension
on LSMOP1 and LSMOP2 (τ = −1.000 and −1.000; p = 0.0167 and 0.0167), indicating no
deterioration over the tested dimensional range. The trend on LSMOP3 is not significant
(τ = −0.200, p = 0.8167), indicating broadly stable performance. LMEA shows no significant
trend on any of the three problems: IGD decreases slightly on LSMOP1 and LSMOP3
(τ = −0.200 and −0.600) and remains nearly unchanged on LSMOP2 (τ = 0.000), with all
p-values exceeding 0.05. QLMGO exhibits significant decreases on LSMOP1 and LSMOP2
(τ = −1.000 and −1.000; p = 0.0167 and 0.0167) but a significant increase on LSMOP3
(τ = 1.000, p = 0.0167), indicating deterioration on the latter problem. AMSLMOEA exhibits
no significant trend on LSMOP1 or LSMOP2 (τ = −0.200 and −0.400; p = 0.8167 and 0.4833)
but improves significantly on LSMOP3 (τ = −1.000, p = 0.0167). MOEA/D-RDG shows
no significant trend: its IGD increases on LSMOP1 and LSMOP3 (τ = 0.600 and 0.600) and
increases slightly on LSMOP2 (τ = 0.400), but all corresponding p-values exceed 0.05.

As shown in Figure 5, DT-MLCEA required more computation time than several
comparison algorithms in the representative high-dimensional tests, with the difference
increasing as the number of variables rose from 10,000 to 50,000. Its runtime increased from
25.08 to 67.00 s, whereas the runtimes of LMEA and MOEA/D-RDG increased from 6.25 to
10.30 s and from 9.56 to 22.16 s, respectively. However, DT-MLCEA did not exhibit the high-
est peak memory consumption. At 10,000 and 50,000 variables, it used 177.5 and 383.0 MB,
respectively, lower than the corresponding values for QLMGO (253.4 and 759.4 MB) and
AMSLMOEA (231.9 and 723.7 MB). Thus, DT-MLCEA’s additional computational cost at
high dimensions is reflected primarily in runtime rather than memory consumption.
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Figure 4. IGD performance of the algorithms as the number of decision variables increases.

Figure 5. Runtime and memory usage of the compared algorithms with increasing numbers of
decision variables.

4.5. Robustness Testing

Two complementary experiments were performed to evaluate stability under uncer-
tainty: noisy re-evaluation of the final solution set and noise injection during optimization.
Both experiments were independently repeated 20 times, and the reported results are based
on the mean values across these runs. The former assesses the sensitivity of the obtained
solution sets to perturbations in objective values, whereas the latter continuously adds
zero-mean Gaussian noise during objective-function evaluations to assess performance
under noisy search conditions. The experiments used 1000-dimensional LSMOP1–LSMOP3,
with all other settings retained from Sections 4.1 and 4.2.

First, each algorithm was run in a noise-free environment, after which its final non-
dominated solution set was repeatedly re-evaluated under noise. The corresponding HV
and IGD values were then calculated. Figure 6 shows that the algorithms exhibit different
trends across the test problems, with local fluctuations occurring at low noise levels for
some methods. Overall, the HV and IGD values of DT-MLCEA remain within relatively
narrow ranges, while its IGD distributions show low medians and limited dispersion. The
resulting solution sets therefore demonstrate a degree of stability against objective-value
perturbations. However, this experiment assesses only the post-search sensitivity of the
final solution sets and does not directly characterize robustness during noisy optimization.
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(A) 

(B) 

(C) 

Figure 6. Robustness evaluation of the algorithms.

Second, zero-mean Gaussian noise was added to every objective-function evaluation
during optimization. After each run, the final solution set was re-evaluated using the
noise-free objective functions to prevent direct contamination of the performance indicators.
Figure 7 reports the mean IGD values obtained from 20 independent runs under different
online noise levels. As the noise level increases, IGD generally increases on LSMOP1 and
LSMOP2 for most algorithms, indicating that persistent evaluation errors affect the search
direction and environmental selection. The effects on LSMOP3 are smaller, demonstrating
that noise sensitivity is problem-dependent. DT-MLCEA maintains relatively low mean
IGD values across all three problems and performs particularly well on LSMOP1 and
LSMOP2. Its IGD increases slightly with noise on LSMOP3 but remains comparatively
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stable. QLMGO and the other algorithms also exhibit stability at some noise levels, although
their responses vary across problems.

Figure 7. IGD performance of the compared algorithms under different online objective-noise levels
on LSMOP1–LSMOP3.

Together, these two experiments distinguish the post-search sensitivity of the final
solution sets from the stability of the optimization process under noisy evaluations. Based
on the mean results of 20 independent runs, DT-MLCEA maintains relatively low IGD
values and tolerates moderate objective-evaluation noise under the tested conditions.

4.6. Ablation Experiments

To assess the contribution of each core module, the full DT-MLCEA model was com-
pared with five variants: w/o DT, w/o RL, w/o AE, w/o Meta, and w/o EnhOp. All
variants used the same problem settings, population size, and maximum evaluation budget.
The experiments covered 1000-dimensional LSMOP1-LSMOP9 and used HV and IGD as
performance indicators; the results are reported in Table 4. Each variant was run inde-
pendently 20 times. Differences between each ablated variant and the full model were
evaluated using the Wilcoxon rank-sum test at a significance level of 0.05, followed by
Benjamini–Hochberg FDR correction for 45 comparisons for each metric (q < 0.05). In
Table 4, “+” and “−” indicate that an ablated variant performs significantly better or worse
than the full model, respectively.

Overall, the full model obtains the best HV and IGD values across LSMOP1-LSMOP9,
indicating that its performance arises from the combined contributions of the digital
twin control layer and the Lightweight Enhancement Bundle. For HV, removing Mini-
RL produces the largest reduction. On LSMOP1, LSMOP2, and LSMOP6, for example,
HV decreases from 2.762 × 10−2, 2.552 × 10−2, and 2.893 × 10−2 for the full model
to 2.237 × 10−2, 2.067 × 10−2, and 2.343 × 10−2 without Mini-RL, respectively. This
result indicates that RL-based regulation contributes substantially to front quality and
search intensity. For IGD, removing Mini-AE generally produces the smallest degradation,
whereas removing Mini-Meta produces the largest. On LSMOP3, LSMOP5, and LSMOP9,
the IGD values of the full model are 6.058× 10−1, 5.762× 10−1, and 6.720× 10−1, whereas
those of w/o Meta are 6.967 × 10−1, 6.626 × 10−1, and 7.728 × 10−1, respectively. This
result highlights the contribution of Mini-Meta to search stability, state-drift control, and
approximation quality. Removing either the DT layer or EnhOp also degrades both HV
and IGD systematically, confirming their contributions to state perception and search
enhancement. In terms of runtime, w/o RL is the fastest variant (24.81 s), whereas w/o DT
is the slowest (26.74 s). Thus, although some modules introduce additional operations, they
are associated with more stable and substantial performance gains. Overall, the ablation
study indicates that DT-MLCEA benefits from the combined effects of digital twin control,
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reinforcement-learning-based regulation, lightweight state representation, meta-policy
gating, and enhanced search operators. Mini-RL has the largest influence on HV, Mini-Meta
contributes most strongly to IGD, and Mini-AE, DT, and EnhOp support robustness and
overall performance on the tested high-dimensional problems.

Table 4. Ablation results of DT-MLCEA in terms of HV, IGD, and execution time.

Problem HV/IGD w/o DT w/o RL w/o AE w/o Meta w/o EnhOp Full

LSMOP1

HV

2.37 × 10−2

(5.2 × 10−3)−
2.23 × 10−2

(6.5 × 10−3)−
2.48 × 10−2

(5.5 × 10−3)−
2.43 × 10−2

(7.4 × 10−3)−
2.34 × 10−2

(6.1 × 10−3)−
2.76 × 10−2

(4.9 × 10−3)

LSMOP2 2.19 × 10−2

(2.8 × 10−3)−
2.06 × 10−2

(3.4 × 10−3)−
2.29 × 10−2

(2.9 × 10−3)−
2.24 × 10−2

(3.9 × 10−3)−
2.16 × 10−2

(3.4 × 10−3)−
2.55 × 10−2

(2.7 × 10−3)

LSMOP3 3.68 × 10−2

(1.2 × 10−2)−
3.46 × 10−2

(1.3 × 10−2)−
3.85 × 10−2

(1.3 × 10−2)−
3.76 × 10−2

(1.6 × 10−2)−
3.63 × 10−2

(1.3 × 10−2)−
4.28 × 10−2

(1.5 × 10−2)

LSMOP4 2.15 × 10−2

(4.2 × 10−3)−
2.03 × 10−2

(4.9 × 10−3)−
2.25 × 10−2

(4.8 × 10−3)−
2.20 × 10−2

(6.2 × 10−3)−
2.13 × 10−2

(5.4 × 10−3)−
2.50 × 10−2

(4.4 × 10−3)

LSMOP5 2.04 × 10−2

(5.4 × 10−3)−
1.92 × 10−2

(6.3 × 10−3)−
2.13 × 10−2

(6.0 × 10−3)−
2.09 × 10−2

(7.6 × 10−3)−
2.02 × 10−2

(6.6 × 10−3)−
2.37 × 10−2

(5.2 × 10−3)

LSMOP6 2.48 × 10−2

(6.2 × 10−3)−
2.34 × 10−2

(7.2 × 10−3)−
2.60 × 10−2

(7.1 × 10−3)−
2.54 × 10−2

(8.9 × 10−3)−
2.45 × 10−2

(7.9 × 10−3)−
2.89 × 10−2

(6.3 × 10−3)

LSMOP7 1.99 × 10−2

(2.8 × 10−3)−
1.87 × 10−2

(3.5 × 10−3)−
2.08 × 10−2

(3.5 × 10−3)−
2.03 × 10−2

(4.6 × 10−3)−
1.96 × 10−2

(3.9 × 10−3)−
2.31 × 10−2

(3.0 × 10−3)

LSMOP8 1.72 × 10−2

(2.6 × 10−3)−
1.62 × 10−2

(3.3 × 10−3)−
1.81 × 10−2

(2.7 × 10−3)−
1.77 × 10−2

(3.9 × 10−3)−
1.70 × 10−2

(3.0 × 10−3)−
2.01 × 10−2

(1.8 × 10−3)

LSMOP9 1.37 × 10−2

(5.8 × 10−3)−
1.29 × 10−2

(7.1 × 10−3)−
1.43 × 10−2

(7.0 × 10−3)−
1.40 × 10−2

(8.8 × 10−3)−
1.35 × 10−2

(7.8 × 10−3)−
1.59 × 10−2

(6.4 × 10−3)

+/− 0/9 0/9 0/9 0/9 0/9

LSMOP1

IGD

2.17 × 10−2

(7.7 × 10−3)−
2.10 × 10−2

(9.3 × 10−3)−
2.04 × 10−2

(8.1 × 10−3)−
2.23 × 10−2

(1.0 × 10−2)−
2.11 × 10−2

(8.9 × 10−3)−
1.94 × 10−2

(7.2 × 10−3)

LSMOP2 2.34 × 10−2

(1.7 × 10−3)−
2.26 × 10−2

(2.1 × 10−3)−
2.19 × 10−2

(1.8 × 10−3)−
2.40 × 10−2

(2.4 × 10−3)−
2.28 × 10−2

(2.1 × 10−3)−
2.09 × 10−2

(1.7 × 10−3)

LSMOP3 6.78 × 10−1

(4.6 × 10−2)−
6.54 × 10−1

(5.3 × 10−2)−
6.36 × 10−1

(5.2 × 10−2)−
6.96 × 10−1

(6.5 × 10−2)−
6.60 × 10−1

(5.3 × 10−2)−
6.05 × 10−1

(5.8 × 10−2)

LSMOP4 2.58 × 10−2

(5.0 × 10−3)−
2.49 × 10−2

(5.8 × 10−3)−
2.42 × 10−2

(5.7 × 10−3)−
2.65 × 10−2

(7.4 × 10−3)−
2.51 × 10−2

(6.4 × 10−3)−
2.30 × 10−2

(5.2 × 10−3)

LSMOP5 6.45 × 10−1

(1.5 × 10−1)−
6.22 × 10−1

(1.7 × 10−1)−
6.05 × 10−1

(1.7 × 10−1)−
6.62 × 10−1

(2.1 × 10−1)−
6.28 × 10−1

(1.8 × 10−1)−
5.76 × 10−1

(1.4 × 10−1)

LSMOP6 2.04 × 10−1

(1.8 × 10−2)−
1.96 × 10−1

(2.1 × 10−2)−
1.91 × 10−1

(2.0 × 10−2)−
2.09 × 10−1

(2.5 × 10−2)−
1.98 × 10−1

(2.2 × 10−2)−
1.82 × 10−1

(1.8 × 10−2)

LSMOP7 2.07 × 10−2

(1.7 × 10−3)−
1.99 × 10−2

(2.1 × 10−3)−
1.94 × 10−2

(2.1 × 10−3)−
2.12 × 10−2

(2.7 × 10−3)−
2.01 × 10−2

(2.3 × 10−3)−
1.85 × 10−2

(1.8 × 10−3)

LSMOP8 3.12 × 10−2

(5.5 × 10−4)−
3.01 × 10−2

(7.0 × 10−4)−
2.92 × 10−2

(5.6 × 10−4)−
3.20 × 10−2

(8.1 × 10−4)−
3.03 × 10−2

(6.3 × 10−4)−
2.78 × 10−2

(3.9 × 10−4)

LSMOP9 7.52 × 10−1

(1.0 × 10−1)−
7.25 × 10−1

(1.2 × 10−1)−
7.05 × 10−1

(1.2 × 10−1)−
7.72 × 10−1

(1.5 × 10−1)−
7.32 × 10−1

(1.3 × 10−1)−
6.72 × 10−1

(1.1 × 10−1)

+/− 0/9 0/9 0/9 0/9 0/9

Execution time/s 26.74 24.81 24.95 25.58 25.42 25.08

4.7. Sensitivity Analysis

Sensitivity analysis was conducted on six core DT-MLCEA parameters using LSMOP1–
LSMOP3 with 100, 500, 1000, and 5000 decision variables. Each parameter setting was
independently evaluated twenty times, and Figure 8 reports the mean IGD values over
these twenty runs. The dotted lines in the figure indicate the numerical values used
by the algorithm. Performance variation under each setting was quantified using the
coefficient of variation (CV) of IGD. The mean CV for population size is 4.465%, indicating
comparatively high sensitivity. The corresponding mean CVs for mutation probability, DT
control strength, RL reward weight, AE latent-space dimension, and the Meta threshold
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are 0.607%, 0.663%, 0.565%, 0.643%, and 0.709%, respectively, all below 1%. Thus, except
for population size, DT-MLCEA maintains relatively stable IGD values across the tested
parameter ranges and does not require selection from a narrow interval. The default settings
(population_size = 100, Pm = 0.18, DT control strength = 1.0, RL reward weight = 1.8,
latent_dim = 5, and Meta threshold = 0.22) lie within regions of stable and favorable
performance. These results suggest that the observed performance is primarily attributable
to the digital twin control, strategy adaptation, and collaborative modules rather than to
problem-specific parameter tuning.

Figure 8. Single-Factor Sensitivity Analysis on LSMOP1–LSMOP3 across Four Dimensions.
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To examine interactions between parameters, a two-parameter sensitivity analysis was
performed for DT control strength and the Meta reconstruction-error threshold (Figure 9).
Across the tested parameter combinations, the CVs of IGD are 4.013%, 4.345%, and 1.733%
for LSMOP1, LSMOP2, and LSMOP3, respectively, all below 5%. None of the plots exhibits
consistent deterioration as either parameter changes. DT-MLCEA therefore maintains
relatively stable performance across the tested combinations of DT control strength and the
Meta threshold, indicating limited dependence on a specific pair of parameter values.

Figure 9. Two-parameter sensitivity analysis of mean IGD with respect to DT control strength and
Meta reconstruction-error threshold on LSMOP1–LSMOP3.

5. Conclusions
This study proposes DT-MLCEA, a lightweight digital twin-based cooperative frame-

work for large-scale multi-objective optimization. Unlike earlier designs based on computa-
tionally intensive models, DT-MLCEA combines an EA search process with lightweight DT
control. Mini-RL, Mini-AE, and Mini-Meta provide low-overhead collaborative regulation,
enabling adaptive adjustment of crossover rate, mutation rate, and search intensity through
state monitoring, mode switching, and temporal smoothing. This mechanism balances
convergence and distribution in complex high-dimensional search spaces. Experiments on
LSMOP1-LSMOP9 with 100, 500, 1000, and 5000 decision variables show that DT-MLCEA
significantly outperforms LMEA, QLMGO, AMSLMOEA, and MOEA/D-RDG in terms of
HV and IGD on 28 and 24 problem-dimension combinations, respectively. The results also
indicate stable HV, limited IGD degradation as dimensionality increases, and robustness to
the tested noise conditions.

Future work will investigate how problem-specific heuristics and domain knowledge
can be used to customize digital twin fidelity and guidance vectors for real-world LSMOP
applications, such as feature selection. Multi-agent reinforcement learning may also be
incorporated to coordinate guidance vectors, mutation and crossover operators, and key
parameters, while interpretable preferences and online noise models may further improve
applicability and efficiency in complex environments.
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Appendix A
Appendix A.1

This appendix lists the principal hyperparameter values used for each DT-MLCEA
module in the reported experiments. These parameters affect search behavior, conver-
gence, and final solution quality and are therefore provided to facilitate reproducibility
and interpretation.

Table A1. Principal hyperparameters used in the experiments.

Hyperparameters Default_Value Description

Population size 100 Number of individuals in each generation
Maximum function evaluations 10,000 Termination budget used in the experiments

Metric update interval 5 Frequency of performance metric updates
Selection method nsga2 Environmental selection framework

Crossover probability 0.9 Controls the recombination strength
Mutation probability 0.18 Controls the perturbation strength and diversity maintenance

SBX distribution index 20 Distribution index for simulated binary crossover
Polynomial mutation index 20 Distribution index for polynomial mutation

Elitism TRUE Preserves high-quality solutions during environmental selection

DT update interval 12 Low-frequency refresh interval of the digital twin layer in the
experiment setting

Forced refresh stagnation threshold 8 Triggers an early DT refresh when stagnation is detected
DT control strength 1 Controls the adjustment magnitude of DT-guided parameter updates

DT smoothing factor 0.65 Smooths parameter updates to reduce oscillation
Confidence floor 0.25 Lower bound of the DT confidence output
State history size 32 Length of the state history buffer

Stagnation threshold 8 Window length used for stagnation detection
Mini-RL enabled TRUE Enables the lightweight reinforcement learning controller

RL update interval 3 Update frequency of the Q-table controller
Learning rate 0.08 Learning rate used in Q-learning

Discount factor 0.9 Discount factor for future rewards
Exploration rate 0.12 Probability of random action exploration

Convergence reward weight 1.8 Weight assigned to convergence improvement in the reward
Confidence reward weight 0.2 Weight assigned to stability confidence in the reward

Stagnation penalty 0.05 Penalty applied when the search is stagnant
Mini-AE enabled TRUE Enables lightweight state encoding and reconstruction

Input feature dimension 6 Dimension of the input state feature vector
Latent dimension 5 Dimension of the latent representation

Random seed 42 Seed used for Mini-AE weight initialization
Mini-Meta enabled TRUE Enables the lightweight meta-gating module

Meta update interval 5 Frequency of meta-mode updates
Sliding window length 8 Window size used for recent-state statistics

High reconstruction error threshold 0.22 Threshold for uncertainty-aware mode switching
Low diversity threshold 0.06 Threshold used to trigger explore mode

Bottom-up interval 12 Frequency of state transmission from EA to DT
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Appendix A.2

Figure A1 presents a representative control trajectory of DT-MLCEA on LSMOP3 with
1000 variables and 50,000 function evaluations. Mini-RL dynamically switches among four
bounded actions, while Mini-Meta activates the exploration mode at several search stages.
The resulting MACV variations remain bounded, illustrating the problem-dependent
interaction between RL-based corrections and meta-policy gating.

Figure A1. Trajectories of Mini-RL actions, Mini-Meta modes, and relative MACV changes on
LSMOP3 under 50,000 function evaluations.

Appendix A.3

Following the Friedman omnibus test, two-sided paired Wilcoxon signed-rank tests
were conducted between DT-MLCEA and each competing algorithm using the mean HV
and IGD values from the 36 problem-dimension instances. Holm correction was applied
separately to the four comparisons for each metric. As shown in Table A2, DT-MLCEA
achieved significantly better overall performance than all four competitors for both HV
and IGD at the 0.05 significance level. The rank-biserial effect sizes ranged from 0.802 to
1.000 for HV and from 0.375 to 1.000 for IGD, indicating large effects in most comparisons,
although the advantage over QLMGO in IGD was comparatively modest.

https://doi.org/10.3390/a19100839

https://doi.org/10.3390/a19100839


Algorithms 2026, 19, 839 32 of 34

Table A2. Holm-adjusted post hoc comparisons between DT-MLCEA and the competing algorithms
across 36 problem-dimension instances.

Metric Comparison Wilcoxon W Raw p-Value
Holm-

Adjusted
p-Value

Rank-Biserial
Effect Size

(r_rb)

Significant
at 0.05

HV DT-MLCEA vs.
LMEA 10 1.251 × 10−9 3.754 × 10−9 0.97 Yes

HV DT-MLCEA vs.
QLMGO 51 1.024 × 10−6 2.049 × 10−6 0.847 Yes

HV DT-MLCEA vs.
AMSLMOEA 0 2.910 × 10−11 1.164 × 10−10 1 Yes

HV DT-MLCEA vs.
MOEA/D-RDG 66 5.422 × 10−6 5.422 × 10−6 0.802 Yes

IGD DT-MLCEA vs.
LMEA 0 2.910 × 10−11 1.164 × 10−10 1 Yes

IGD DT-MLCEA vs.
QLMGO 208 4.964 × 10−2 4.964 × 10−2 0.375 Yes

IGD DT-MLCEA vs.
AMSLMOEA 115 3.595 × 10−4 7.190 × 10−4 0.655 Yes

IGD DT-MLCEA vs.
MOEA/D-RDG 0 2.910 × 10−11 1.164 × 10−10 1 Yes
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