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ABSTRACT: The evolutionary multitasking algorithm based on generative strategies (EMT-GS) has emerged as a
promising approach to evolutionary multitasking. However, when extended to many-task optimization scenarios, EMT-
GS may suffer from negative knowledge transfer. Moreover, the fully connected generative adversarial network (GAN)
architecture employed in EMT-GS incurs quadratic time complexity with respect to the number of tasks. To address
these limitations, we propose a novel algorithm, termed EMaTO-SGN (Evolutionary Many-Task Optimization with
Star-Topology Generative Networks). EMaTO-SGN employs a star-topology architecture for centralized knowledge
routing and scheduling, in which a central hub evaluates candidate source tasks and determines when knowledge
transfer is needed. Each task is assigned a dedicated Wasserstein generative adversarial network with gradient penalty
(WGAN-GP), reducing the computational complexity of generative model training and sample generation from
quadratic to linear with respect to the number of tasks. To mitigate negative transfer, an inter-task scoring mechanism
combines maximum mean discrepancy (MMD) with historical transfer success rates to identify eligible source tasks.
In addition, an adaptive triggering strategy monitors evolutionary stagnation to balance cross-task exploration and
task-specific exploitation. Experiments on the CEC2019 and WCCI2020 benchmark suites show that EMaT'O-SGN
achieves the best average rankings among the state-of-the-art algorithms considered. It also requires less computational
time than EMT-GS under the tested task configurations. These results demonstrate the effectiveness and scalability of
EMaTO-SGN for evolutionary many-task multi-objective optimization.

KEYWORDS: Evolutionary multitask optimization; many-task multi-objective optimization; generative adversarial
networks; WGAN-GP; knowledge transfer

1 Introduction

Optimization problems are often characterized by high dimensionality, multiple objectives, and com-
plex interactions among objectives. Traditional evolutionary algorithms typically solve these problems
independently [1], limiting the reuse of prior optimization experience and potentially leading to redundant
computational effort when handling multiple tasks. Evolutionary Multitask Optimization (EMTO) addresses
this limitation by enabling knowledge reuse and joint search across tasks [2]. Its central idea is to solve
multiple related optimization tasks simultaneously within a single population or a unified evolutionary
framework. Through implicit or explicit cross-task knowledge transfer, EMTO allows tasks to benefit from
one another, potentially accelerating convergence, helping the search escape local optima, and improving
overall optimization performance and reliability [3].
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As EMTO has developed, its scope has expanded to many-task multi-objective optimization, where
dozens of tasks are optimized concurrently [4]. In such settings, tasks may differ substantially in their search
spaces, objective distributions, Pareto-optimal sets, and Pareto fronts. Conventional transfer strategies based
on direct crossover between individuals, polynomial mutation, or simple Gaussian sampling may struggle to
capture the underlying structure of promising solutions across tasks. Consequently, knowledge transfer may
introduce unsuitable search information, leading to negative transfer and slowing overall convergence [5].

Generative strategies have been creatively introduced into the field of EMTO to improve knowledge
modeling and transfer. Evolutionary Multitasking Optimization Based on Generative Strategies (EMT-GS),
proposed by Liang et al., represents a notable approach in this domain [6]. By training Generative Adversarial
Networks (GANs), EMT-GS effectively learns the implicit mappings between source and target tasks. It
generates high-quality transferred individuals that retain useful information from the source tasks while
adapting to the characteristics of the target tasks.

Despite its strong performance in conventional multitask optimization, EMT-GS faces several limita-
tions when extended to many-task settings. First, sparse population data during the early stages of evolution
may make GAN training susceptible to mode collapse, while training on large amounts of unfiltered data can
incur substantial computational overhead. Second, EMT-GS lacks a dedicated mechanism for screening tasks
and training data to filter out potentially unhelpful information from heterogeneous source tasks. Finally,
its pairwise network architecture requires separate mapping models for task pairs, causing the number of
models to grow quadratically with the number of tasks. This may incur substantial time costs, with the
complexity reaching the level of O ( T?), where T denotes the number of tasks.

To address these limitations, we propose Evolutionary Many-Task Optimization with Star-Topology
Generative Networks (EMaTO-SGN). The proposed algorithm incorporates two key components: a star-
topology generative network architecture and an inter-task scoring and selection mechanism. Instead of
maintaining separate GANS for task pairs, EMaTO-SGN assigns a dedicated GAN to each target task to map
solutions from selected source tasks, reducing the runtime and decreasing the computational complexity
of generative knowledge transfer from O (Tz) to O(T). This design improves the scalability of EMaTO-
SGN in many-task multi-objective optimization. The scoring and selection mechanism combines cross-task
similarity with the empirical effectiveness of knowledge transfer to identify beneficial source tasks and
dynamically regulate the direction and intensity of transfer, thereby mitigating negative transfer from
multiple sources. Extensive experiments demonstrate that EMaTO-SGN achieves performance comparable
to or better than that of the state-of-the-art algorithms evaluated in many-task multi-objective optimization.

2 Preliminaries and Related Work
2.1 Preliminaries of Multi-Objective Multitask Optimization

A multi-objective optimization problem (MOP) [7] can be formulated as follows:
min F(x) = (ﬁ(x),fz(x),...,fM(x)), xe Q) )

Here, x denotes the decision vector, () is the search space, and M is the number of objectives. The Pareto-
optimal set (PS) comprises all solutions that are not dominated by any other feasible solutions, and its image
in the objective space is the Pareto front (PF). A multi-objective multitask optimization problem consists of
T MOPs and aims to find the PS for each task simultaneously. In Evolutionary Multitasking (EMT), a unified
search space U is typically used to facilitate cross-task knowledge transfer. An individual y is encoded in U
and can be decoded into the original search space of any task. Each individual is characterized by three core
attributes: factorial cost, which is its objective value on the task indicated by its skill factor; factorial rank,
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which describes its standing relative to other individuals on a given task, as determined by non-dominated
sorting and crowding distance following NSGA-II [8]; and skill factor, which identifies the task on which the
individual performs best [2].

2.2 GAN and WGAN-GP

Generative adversarial networks (GANSs), introduced by Goodfellow et al. [9], learn data distributions
through adversarial training between a generator and a discriminator. However, the original GAN formula-
tion is susceptible to mode collapse and vanishing gradients, which can destabilize training. Arjovsky et al.
proposed the Wasserstein GAN (WGAN) [10], which uses the Wasserstein distance as the loss function. The
Wasserstein distance requires the discriminator function to satisfy the 1-Lipschitz continuity condition.

Although the WGAN uses weight clipping to enforce this constraint, this strategy can hinder training
or cause vanishing gradients. To address these issues, Gulrajani et al. proposed the Wasserstein GAN with
Gradient Penalty (WGAN-GP) [11]. WGAN-GP introduces a gradient penalty term into the loss function to
encourage satisfaction of the Lipschitz constraint. The critic loss is defined as follows:

L = Exep [C(X)] = Exepy,, [C(X)] + AapEsnp [(IV5C(R)]]2 ~ 1)*] (2)

where % represents the linear interpolation between real sample x and generated samples X, defined as
%X =ax+ (1-a)x with a ~ U[0,1], and Agp is the gradient penalty coefficient. The penalty encourages
the critic’s gradient norm at the interpolated samples to remain close to 1, providing an approximate
means of enforcing the 1-Lipschitz constraint. By improving training stability and mitigating mode collapse,
WGAN-GP provides a suitable generative modeling foundation for EMaT'O-SGN.

The generator G is trained to maximize the critic’s score for generated samples by minimizing the
following loss:

L = B [C(R)] (3)

where p, denotes the distribution of the generated mapped solutions. Optimizing the critic and generator
using L¢ and L, respectively, enables WGAN-GP to learn a mapping from source-task solutions to
promising regions of the target task’s search space.

2.3 Related Work

As evolutionary multitask optimization (EMTO) expands to many-task optimization (EMaTO), key
challenges include efficiently assessing task similarity, identifying useful knowledge for transfer, and develop-
ing generative models for complex or computationally expensive optimization problems. Drawing on recent
surveys [12,13] and methodological advances, this section reviews related work across several thematic areas.

2.3.1 Architectural Design for EMTO and EMaTO

Early work on evolutionary multitasking frameworks, exemplified by the Multifactorial Evolutionary
Algorithm (MFEA), established a foundation for implicit knowledge transfer within a unified search space.
MFEA-II [4] subsequently introduced an explicit probabilistic model learned online to address more com-
plex multitasking scenarios. As the number of tasks increases, many-task optimization (MaTO) frameworks
have attracted growing research interest. For instance, the group-based multifactorial evolutionary algorithm
(GMFEA) [14] groups similar tasks and restricts inter-task genetic information transfer to tasks within the
same group. Dynamic resource allocation has also been investigated to improve the allocation of computa-
tional resources across tasks [15]. Evolutionary multitasking has also been extended to bi-level optimization,
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where knowledge transfer is used to assist the solution of related lower-level optimization problems [16].
MaTEA (Many-Task Evolutionary Framework with Adaptive Archive) [17] maintains a separate archive for
each task and adaptively selects auxiliary tasks using both Kullback-Leibler (KL) divergence and historical
transfer rewards.

2.3.2 Cross-Task Knowledge Transfer Mechanisms and Negative Transfer Suppression

Determining what knowledge to transfer and how much to transfer is central to EMTO. Adaptive
mechanisms have been widely explored to mitigate negative transfer. Maximum Mean Discrepancy (MMD)
method [18] is used to measure inter-task distances. The Multi-Armed Bandit (MAB) model [19] treats
potential auxiliary tasks as different arms of a bandit [20]. The MAB mechanism achieves a dynamic balance
between exploring unknown tasks and exploiting known high-value tasks.

MTEA-DCK [21] employs a strength-based Pareto-competitive mechanism to divide the popula-
tion into winners and losers with distinct roles. MTDE-MKTA [22] adopts a mechanism based on the
Evolution-Path-Model. Liang et al. proposed an EMaTO framework based on multi-source knowledge
transfer (EMaTO-MKT) [23], which adaptively adjusts the probability of knowledge transfer based on the
evolutionary state. Dai et al. used graph attention networks to capture more complex non-linear topological
correlations [24]. Wu et al. proposed a similarity measure based on Shift Invariance, enabling knowledge
reuse under severe shifts [25]. An EMTO algorithm with adaptive transfer intensity evaluates skill factors and
inter-task correlations to dynamically adjust the frequency of cross-task knowledge transfer [18]. A two-stage
knowledge transfer framework [26] offers another approach for EMaTO.

2.3.3 Preservation and Precise Screening of Knowledge Structures

Preserving useful information while filtering out noise during knowledge extraction is essential for
efficient transfer. Jiang et al. proposed a Knowledge Structure Preserving (KSP) method that projects source
task knowledge into a low-dimensional subspace while preserving its intrinsic topological structure [27].
Zhang et al. extracted the distribution direction of elite solutions to characterize the evolutionary dynamics
of the source task [26]. The Task-Averaged Natural Gradient (TNG) captures global evolutionary trends to
reduce the complexity of knowledge transfer [28]. However, in multi-objective optimization or problems
with complex constraints, not all elite individuals from source tasks provide beneficial guidance for the target
task. To address this issue, a knowledge classification-assisted evolutionary multitasking framework [29]
combines domain adaptation with classifier training to identify and filter out noisy knowledge.

2.3.4 Feature Mapping Based on Generative Strategies and Deep Models

Traditional linear mapping methods may be insufficient for complex EMaTO problems, motivating
the use of deep learning models. Approaches based on denoising autoencoders (DAEs) [5] use latent-space
feature extraction to align non-dominated solution sets across heterogeneous tasks. Connections between
evolutionary algorithms and attention-based sequence models have also been investigated. Zhang et al. [30]
analyzed the correspondence between evolutionary operators and components of Transformer architectures.
Separately, Zhang et al. [31] explored the use of large language models as meta-surrogates for offline data-
driven many-task optimization. Federated data-driven ensemble surrogates have also shown promise for
optimization problems with expensive evaluations [32,33].

GMOEA, proposed by He et al. [34], uses GANSs to generate offspring. EMT-GS, proposed by Liang
et al. [6], incorporates GANs into EMTO and provides a foundation for the present study. Through adver-
sarial training between a generator and a discriminator, EMT-GS implicitly learns source-task distribution
patterns and generates transfer solutions adapted to the target task’s search space.
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StarGAN [35] provides an example of unified generative modeling for image-to-image translation across
multiple domains. It uses a single generative model conditioned on domain labels, avoiding the need for
separate generators for domain pairs. EMaTO-SGN adopts a different architecture tailored to evolutionary
many-task optimization, in which the star topology refers to centralized knowledge routing and scheduling.
The central hub performs dynamic task scoring rather than neural network-based mapping, while a separate
lightweight WGAN-GP handles generative mapping for each task. This separation supports cross-task
feature alignment with a number of generative models that grows linearly with the number of tasks.

2.3.5 Motivation of This Paper

EMT-GS enables knowledge transfer by incorporating GANSs into offspring generation. However, its
transfer efficiency remains limited in many-task settings, where high computational costs further restrict its
applicability. These limitations motivate the development of EMaTO-SGN, which builds on EMT-GS and
introduces a star-topology knowledge-transfer framework to improve transfer efficiency and computational
scalability in evolutionary many-task optimization.

As shown in Fig. 1, the fully connected architecture of EMT-GS assigns a separate set of neural networks
(blue nodes) to each pair of tasks (orange nodes) for knowledge transfer. Consequently, the number of
networks grows quadratically with the number of tasks, resulting in substantial computational and memory
overhead in many-task settings. To address this limitation, EMaTO-SGN replaces the pairwise mapping
architecture with a star topology organized around a central hub for knowledge routing and scheduling
(green node). The central hub evaluates inter-task relationships, identifies tasks that require assistance, and
adaptively schedules the activation of generative models to reduce computational overhead. Each task is
assigned a single independent generative mapping network (blue node). The hub uses a dynamic scoring and
selection mechanism based on task similarity and transfer effectiveness to select source tasks and regulate
the direction and intensity of knowledge transfer. Its role is to coordinate knowledge transfer, while the
task-specific networks perform the generative mapping.

Task
GAN
Knowledge Routing &

Scheduling Hub

Date Flow
(Knowledge Transfer)

Control & Signal Flow

Figure 1: Structural comparison of the two algorithms (traditional fully connected topology vs. proposed star-shaped
topology).

3 Evolutionary Many-Task Optimization with Star-Topology Generative Networks
3.1 Overall Workflow and Core Architecture

EMaTO-SGN aims to enable efficient knowledge transfer in many-task optimization while mitigating
negative transfer through coordinated resource allocation. To address the scalability limitations of EMT-GS,
it replaces the fully connected pairwise mapping architecture with a star-topology organized around cen-
tralized knowledge routing and scheduling. This design reduces the computational complexity of generative
model training and sample generation from O(T?) to O(T), where T is the number of tasks.
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As shown in Fig. 2, EMaTO-SGN comprises four main stages: (1) System and Population Initialization,
(2) Dynamic Task Scoring and Whitelist Extraction, (3) Integrated Evolution and Knowledge Transfer, and
(4) Result Output. The corresponding pseudocode is presented in Algorithm 1.

Step 1: System and Population Initialization

itialize populations Py, Py, ..., Pr
Task 1 Task 2 Task N
Initialize spatial similarity matrix Ms;y, Initialize and pre-train WGAN-GP
Initialize historical tracking matrices models

Update decision space Calculate the historical transfer
similarity Sim; j via MMD success rate Histy

Relationship = (1 —2) - Simgy + A - Histy

Whitelist

1

Step 3: Integrated Evolution & Knowledge Transfer

‘Stagnation Rate (&)

Evaluate evolutionary ) —
state
50

| I |

Generative Classic No
Knowledge Knowledge Knowledg "
Transfer Transfer Transfer Ak t_racklng
I I matrices
I Y

| Population Update |—

o

Termination?(FE < FEjqy)

Step 4: Result Output

Final optimized populations P* = {P{, P, ..., P1}

Best feasible Pareto front '\\

Figure 2: Overall workflow of the proposed EMaTO-SGN algorithm.
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Algorithm 1: Main framework of EMaTO-SGN
Input: Number of tasks T', population size per task N, maximum function evaluations FE,y, generative
transfer allocation ratio pgan, similarity update interval Ggip,
Output: Final populations P = {P}, P5,..., Pr}
1 // Step I: Initialization
2 Initialize populations P = {P,, P,, ..., Pr} and evaluate all initial individuals;
3Set FE < TN and g < 0;
4 Compute initial convergence distances {d Eo) ML, from the evaluated populations;
5 Initialize the success matrix S and attempt matrix A to zero;

6 Construct the initial similarity matrix Mg, from population-centroid distances;
7 Construct the initial source-task whitelists;
8 Initialize the WGAN-GP models {G;, C;}_;
9 Pretrain the models with nonempty initial whitelists using whitelisted source solutions as generator inputs
and target populations as real samples;
10 while FE + TN < FE,,,x do
11 // Steps 2 and 3: Execute Algorithm 2
12 Execute Algorithm 2 using the current populations, stored similarity matrix,
convergence-distance history, tracking matrices, generation index g, and evaluation counter
FE;
13  Store the updated populations, similarity matrix Mg;m,, convergence distances {dt(gﬂ) ML and
tracking matrices A and S;
14 FE <~ FE+ TN;
15 g< g+l
16 end
17 // Step 4: Output
18 return P

3.2 System and Population Initialization

EMaTO-SGN initializes one independent population for each of the T tasks and records the initial
objective-space extremes and convergence distances. It also initializes matrices for tracking task scores,
spatial similarity, and transfer performance. Initial spatial similarity is assessed using Euclidean distances
between the population centroids of different tasks in the decision space. The resulting distance matrix is
then used to construct an initial related-task whitelist with a capacity of Ny, for each task.

Algorithm 2: Scoring and evolution module

Input: Populations P, similarity matrix Msin, convergence-distance history D, tracking matrices
A and S, generation index g, evaluation counter FE, and configured parameters
Output: Updated P, Mgin, D, A, and S
1 wg < min(1, FE/FEn.y);
2if g > 0and g mod Ggip, = 0 then
3  Update My, using MMD according to ;
4 end
5 // Task scoring and candidate generation
6fort=1to T do

(Continued)
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Algorithm 2 (continued)

7  Compute H; x and R,k for k # t using Eqs. (5) and (6);
8  Construct W; by thresholding R, x and retaining up to N, top candidates;
9  Sets; < 0and A" « g

10 if g>0and W, # & then

11 Compute A; from D and sample s; ~ Bernoulli( P, ;) using the trigger rule in Section 3.4;
12 end

13 if s; =1and pg,, > 0 then

14 Select source task k; € VV; and sample source solutions Xy ;

15 if the model t has not yet been trained or § mod Girain = 0 then

16 Train {G;, C;} for Ein epochs using Py as real data and X, as inputs;

17 end

18 X« G(Xy,);

19 end

20 end

21 // Offspring generation and selection
22fort=1to T do
23  if s; =1then

24 Generate N offspring O; using the GAN-assisted route with A% and the conventional KT
route with WV, in proportions pga, and 1 — pgan, respectively;

25 else

26 Generate N offspring O, using task-specific evolution;

27 end

28  Record the generation method and contributing source-task identities for each offspring;

29  Evaluate all offspring in O on task t;

30  Update A by counting evaluated transfer offspring for each source-target task pair;

31 P, < NSGA_II_Selection(P; U O, N);

32 Update S by counting the surviving transfer offspring from O, for each source-target task pair;
33 Compute d fg 1) from P; and store it in D;

34 end

35 return P, Mg, D, A, S

Finally, each task ¢ is assigned an independent WGAN-GP model comprising a generator G, and a critic
C;. During pretraining, source-task solutions selected from the initial whitelist are used as generator inputs,
while solutions from the target population P; serve as real samples for critic training. The critic compares
these real samples with the mapped solutions produced by G;. Pretraining uses the initialized populations
without additional objective-function evaluations. If the initial whitelist is empty, pretraining is deferred
until an eligible source task becomes available.

3.3 Dynamic Task Scoring and Whitelist Extraction

EMaTO-SGN updates the inter-task similarity matrix every Gy, generations and reuses the stored
similarity scores between updates. Historical transfer performance and combined relationship scores are
updated each generation to construct a source-task whitelist for each target task. Maximum mean discrep-
ancy (MMD) [36] with a Gaussian kernel is used to quantify distributional differences between task samples
in the decision space. The resulting discrepancy is transformed into a prior similarity score Sim,  within the
interval (0,1] as shown in Eq. (4):
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1
Simy ;. = 4
Bk S T MMD(X,, Xy )

Transfer effectiveness is assessed based on offspring survival during environmental selection. For trans-
fer from source task k to target task t, A; ; counts the evaluated offspring produced using information from
task k, and S; x counts those offspring that survive environmental selection. Both counts are accumulated
across generations. Generated candidates that are not used to produce evaluated offspring are excluded from
these counts. The historical transfer performance score is computed as shown in Eq. (5):

Hig=—"—" (5)

This counting scheme ensures 0 < §; ; < A x. The additive constants provide smoothing and yield an

initial score of 0.5 when no transfer attempts have been recorded.

A dynamic fusion factor w, = min(1.0, FEE ) is introduced to balance the prior distribution similarity

and historical transfer success. w, increases with the fraction of the evaluation budget consumed. The
combined inter-task relationship score is constructed via as a weighted sum as shown in Eq. (6)

Rt,k = (1 - wg)slmt’k + ngt,k (6)

For each target task ¢, candidate source tasks k # t with R; ;. < 7, are excluded, where 7, is a predefined
relationship-score threshold. The remaining candidates are ranked in descending order of R, x, and up to
Ng;. tasks are retained to form the source-task whitelist W;.

3.4 Integrated Evolution and Knowledge Transfer

The initialized populations are indexed by g = 0. Because no previous-generation distance is available at
this stage, the first evolutionary iteration uses task-specific evolution. Adaptive transfer triggering is enabled
once convergence-distance records from two successive generations are available. EMaTO-SGN monitors the
evolutionary progress of each population to trigger knowledge transfer when needed. For task t, the relative
convergence improvement A, is calculated from the change in d t(g ), the average Euclidean distance from the
population members to the ideal point, as shown in Eq. (7)

6;t(g—l) _ dt(g)

A, (7)

B c?t(gfl) +10-6

where g denotes the current generation.

A predefined stagnation threshold &, > 0 and a buffer multiplier B > 1 determine the task-specific
transfer trigger probability Py, ;. For B > 1, the probability is set to 1 when A; < &g, and to 0 when A; >
Bégtag. Between these thresholds, the probability decreases linearly from 1to 0 as A; increases. When B =1,
the transition region vanishes, and a hard-threshold rule is used: the probability is 1 at or below &g, and 0
above it. A binary transfer indicator is then sampled as s; ~ Bernoulli( P, ). This mechanism adjusts transfer
activation according to the target task’s evolutionary progress.

If transfer is not activated or the source-task whitelist is empty, all individuals undergo task-specific
evolution. When transfer is activated, individuals are assigned to one of two routes. A proportion pga,
follows the generative transfer route, which uses candidate solutions x?", produced by the WGAN-GP
mapping. The remaining proportion (1 — pg.n) follows the non-generative knowledge transfer (KT) route,
which uses conventional crossover operators. In the generative route, mapped candidates are incorporated
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into a differential evolution (DE) mutation operator to guide cross-task exploration. The resulting mutation
vector is defined as in Eq. (8):

vi = x; + (x>, —x;) + Fpp (X, —Xy,), r~U(0,1) (8)

where x,, and x,, are mutually distinct individuals randomly selected from the current target task population,
and the scaling factor Fpg is dynamically sampled from a normal distribution N{0.5,0.2%). The first
two terms interpolate between the current individual and the GAN-mapped candidate, while the third
adds a differential perturbation derived from the target population to promote exploration. Environmental
selection is subsequently performed using the non-dominated sorting and crowding distance procedures of
NSGA-II [8].

3.5 Generative Knowledge Transfer Module

WGAN-GP is incorporated into EMaTO-SGN to model and transfer information contained in the
nonlinear distribution of high-quality source-task solutions. To accommodate the computational demands
of evolutionary optimization, the generator G, is adapted as a cross-task feature mapper that takes source-
task decision vectors as input. When transferring knowledge from source task k to target task ¢, the source
solution set X is mapped to a set of candidate solutions in the target tasks search space:

X5 = Gi(Xy) )

Using source-task solutions as generator inputs allows the generator to exploit geometric information
from regions already explored by the source task. These inputs provide a structured basis for knowledge
transfer by incorporating information from previously identified high-quality solutions.

The generator and critic use lightweight multilayer perceptron (MLP) architectures with layer widths
determined by the decision-space dimension D, as detailed in Table 1. Standard WGAN-GP training typically
performs multiple critic updates per generator update, for example, n.,;¢;c = 5. Repeated critic updates can
incur substantial computational overhead when training models for many tasks. EMaT'O-SGN therefore
adopts a 1:1 update ratio, performing one critic update and one generator update per training iteration to
reduce the number of network updates.

Table 1: Network architectures of the generator and critic, where D denotes the decision-variable dimension.

Network Layer Neurons Activation Normalization Output Range
Hidden layer 1 D Leaky ReLU (0.5) Batch norm -
Generator Hidden layer 2 D Leaky ReLU (0.5) Batch norm -
Output layer D Sigmoid None [0,1]
.. Hidden layer 1 D Leaky ReLU (0.5) None (GP) -
Critic .
Output layer 1 Linear None Unbounded

3.6 Complexity Analysis

The computational cost of EMaT’O-SGN consists of evolutionary operations, inter-task similarity
evaluation, and generative knowledge transfer. Let T denote the number of tasks, N the population size per
task, M the number of objectives, and D the decision-space dimension. The following analysis concerns the
main evolutionary loop and excludes objective-function evaluations and one-time initialization.
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Environmental selection uses the non-dominated sorting and crowding distance procedures of
NSGA-IL Selecting N individuals from a combined parent-offspring population of size 2N costs O(MN?)
per task, giving O(TMN?) across all tasks. Offspring generation using DE or GA operators requires an
additional O(TND).

With N samples per task, pairwise MMD evaluation using a Gaussian kernel requires O(N2D) for
each task pair. A full similarity-matrix update therefore costs O(T>N*D). Updating the matrix every Ggn,
generations gives an amortized cost of O( T>*N?D/Gy;n) per generation. Historical-score updates require
O(T?), while constructing all whitelists by sorting candidate scores requires O( T*log T).

Each task-specific WGAN-GP has a fixed number of layers with hidden widths proportional to D. For
a batch size of N, a generator update costs O(ND?). A critic update, including real and generated sample
evaluation and gradient-penalty computation, has the same asymptotic order under this fixed architecture.
With a 1:1 critic-to-generator update ratio and one batch per epoch, Eiy,i, training epochs cost O(E;yain ND?)
per task. Generating N mapped candidates adds O(ND?).

Let p € [0, 1] denote the average proportion of tasks that perform generative transfer in a generation. An
upper bound on the average cost of training and generation is O(p T (Eiain + 1) ND?). This bound assumes
that every active task may require model training before sample generation; periodic training can reduce the
actual cost.

Combining these components gives the following amortized upper bound per generation:

T>N?D

(’)(TMN2 +TND + + T*log T + pT(Eirain + 1)ND2) .

sim

The O(T?) historical-score updates are subsumed by the whitelist-sorting term for T > 2.

For a generation in which the similarity matrix is updated and all task-specific generative models are
trained and used, the worst-case upper bound is

O(TMN? + TND + T*N’D + T?log T + T(Eirain + 1)ND?).

With the remaining parameters fixed, generative model training and sample generation scale linearly
with the number of tasks. The overall algorithm nevertheless retains superlinear costs from pairwise
similarity evaluation and source-task selection. The star topology therefore improves the scalability of the
generative mapping component without making the entire algorithm linear in T.

4 Experimental Setup and Results
4.1 Experimental Background and Metrics

In this section, we compare the performance of the proposed EMaTO-SGN against state-of-the-art
algorithms and the baseline EMT-GS framework. These experiments employ many-task optimization test
problems based on the CEC2019 [37] and WCCI2020 [38] test suites via MToP [39], which is a MATLAB
benchmarking platform for evolutionary multitasking. Comparisons are performed with 10, 20, and 50
tasks. The comparison with EMT-GS based on CEC19-MaTMO1 examines both optimization performance,
measured by IGD, and computational time. Ablation studies on CEC19-MaTMO1 and WCCI20-MaTMO1
assess the contributions of individual components of EMaTO-SGN.
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The two benchmark suites are used to evaluate optimization performance across different problem
instances and task counts. Experiments with 10, 20, and 50 tasks examine how performance changes as the
number of concurrently optimized tasks increases.

Performance is quantified using three primary metrics: IGD, IGD-MTS, and Runtime. IGD evaluates
the convergence and coverage of an approximation to the Pareto front, with lower values indicating better
performance. In traditional single- or few-task (such as 2 tasks) optimization experiments, performance
comparisons are typically conducted by directly computing the average IGD for each algorithm across all
problems. However, in many-task environments (e.g., a 50-task benchmark suite), the true Pareto fronts of
different tasks often exhibit severe scale disparities in the objective space. For instance, the IGD of certain
local tasks might be on the order of 10~%, while tasks with heavy scaling features might possess IGDs as high
as 102, If the IGD values are simply averaged, severe bias may be introduced. The performance advantages
on small-scale tasks could be entirely eclipsed by the large-scale tasks, which can lead to severe distortion in
the overall evaluation results.

The Multitask Score (MTS) was introduced to achieve a fair and comprehensive overall performance
evaluation. This metric is recognized in the Multitask Multiobjective Optimization domain as IGD-
MTS [39]. It adopts a more precise Z-score standardization to eliminate inter-task scale effects. The specific
calculation procedure is as follows. First, for each independent task t, the raw IGD values produced by all
compared algorithms across all independent runs are collected. For the t-th task in the g-th generation,
the mean p, and standard deviation o; of the IGD values for all compared algorithms are calculated.
Subsequently, the raw IGD value of each algorithm on that task is transformed into a standardized score.
After completing the standardization transformation for all sub-tasks, the final multitask comprehensive
score MTS for the algorithm is obtained by calculating the arithmetic mean of the standardized scores across
all T tasks:

T
IGD-MTS = L 3~ 1P it
T3 Ot

(10)

Runtime is recorded in the MATLAB environment to assess overall computational efficiency, including
the overhead associated with generative model training and knowledge transfer. Because reducing the
computational cost of EMT-GS is a central design objective, runtime is evaluated alongside solution quality.

4.2 Parameter Settings

The comparison algorithms include KR-MTEA [40], MO-EMaTO-MKT [23], MO-MaTDE [17], MO-
SBO [41], MTDE-MKTA [22], MTEA-DCK [21] and EMT-GS [6]. Their algorithm-specific parameters are
set according to the respective original publications.

Table 2 summarizes the experimental settings. The population size is set to N = 100, with a maximum
number of fitness evaluations FE,,x = 50,000 x T. Each experiment is repeated for 20 independent runs.
For EMaTO-SGN, the inter-task similarity matrix is updated every Ggim = 20 generations. The stagnation
threshold and buffer multiplier are set to &4 = 0.2 and B = 4. The WGAN-GP models are trained using
Adam, with learning rates of Ir¢ = 0.0001 for the critic and Irg = 0.00015 for the generator. Additional
network configurations include a batch size of BS =100, a compressed training schedule of E,i, = 2,a GAN
resource allocation probability of pg., = 0.2, and a whitelist capacity of N, = 6.
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Table 2: Experimental configurations of the MToP platform, EMaTO-SGN, and the generative models.
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Parameter Setting
Platform configuration
Population size per task (N) 100
Decision-space dimension (D) 50
Maximum function evaluations 50,000 x T
Independent runs 20

Differential evolution (DE)
Scaling factor (Fpg)

N{(0.5,0.2%), bounded to [0,1]

Crossover rate (CR) 0.6
Simulated binary crossover (SBX)
Crossover probability (p.) 0.5 per variable
Distribution index (7.) 20
Polynomial mutation (PM)
Mutation probability (p,) 1/D
Distribution index (#,,) 15
EMaTO-SGN configuration
GAN resource quota (pgan) 0.2
Whitelist capacity (Ngrc) 6
Base stagnation threshold (&tag) 0.2
Soft buffer multiplier (B) 4

MMD calculation interval (Ggipm)

20 generations

Generative-model configuration
Critic learning rate (Ir¢)
Generator learning rate (Ir¢)
Batch size (BS)
Training interval (Girain)
Training epochs (Etrain)

0.0001
0.00015
100
5 generations
2

Note: T denotes the number of component tasks. A{(y,0?) denotes a Gaussian distribution with mean y and

variance ¢2.

4.3 Experimental Results and Analysis

4.3.1 Overall Performance Comparison

EMaTO-SGN is compared with the baseline algorithms on the CEC19 and WCCI20 benchmark suites
with 10, 20, and 50 tasks. As reported in Tables 3-8, EMaTO-SGN achieves the best overall average rank in
all six combinations of benchmark suite and task count. Its average ranks range from 2.49 to 2.79, with an

average rank of 2.79 on the 50-task WCCI20 suite (Table 8).
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Table 3: Average rankings of the compared algorithms on the 10-task CEC19 benchmark suite.

l\f[:f['(l:\}lgO_l 2.34 5.32 2.62 5.67 6.98 1.10 3.96
NfaE"ll"(lz\/l[zZ 1.22 3.96 1.89 3.71 6.04 6.91 4.28
N(IZaI:ZFCI\Z/l[9c;3 4.55 4.47 6.57 4.18 4.78 2.42 1.02
N([:al:jf(lz/1190_4 3.62 1.66 4.40 4.13 2.40 4.99 6.82
N?a}::l“(li/llgo_s 212 6.89 4.45 4.10 6.04 1.13 3.28
I\/([:a}"zf?\/lli)_6 1.40 5.30 2.18 5.91 6.58 2.45 4.18
Average 2.54 4.60 3.69 4.62 5.47 317 392
rank

p-value Reference <0.0001"  <0.0001* <0.0001*  <0.0001*  0.0042* <0.0001*

Note: EMaTO-SGN is used as the reference algorithm. * indicates a statistically significant difference from EMaTO-
SGN according to the Wilcoxon rank-sum test at & = 0.05. The best rank in each row is shown in bold.

Table 4: Average rankings of the compared algorithms on the 10-task WCCI20 benchmark suite.

Problem Eh;glo- MISFI}E-A EM:"/IFS:MKT Ml\:"l?];E MO-SBO l\hq/[i]?ri N;)T(I:EI? -
X/IVSTCI\ZZ(;)I 2.40 5.38 3.18 531 7.00 1.10 362
X&ﬁzooz 6.13 5.98 5.58 2.51 3.27 1.32 3.21
x;ﬁzgs 1.80 5.02 2.21 5.69 6.96 2.16 415
mﬁig 1.76 3.33 2.01 5.78 6.13 478 421
VMVSF(I:\/IIZCS)S 2.76 4.18 334 439 4.19 3.94 5.20
XST?VIIZO% 1.83 3.70 2.08 5.58 5.65 4.55 4.60
mcr&g 2.49 3.68 3.05 4.78 536 4.19 4.46

(Continued)



Comput Mater Contin. 2026;89(3):84 15

Table 4 (continued)
EMaTO-  KR- MO- MO- MTDE-  MTEA-

Problem SGN MTEA EMaTO-MKT MaTDE MO-SBO  vixrTa DCK
WCCI20-
MaTMOS 2.47 3.75 312 517 5.20 3.46 483
WCCI20-
MATMO 2.48 417 2.98 5.09 491 3.65 473
WCCI20-
MATMOL0 2.52 434 2.83 513 5.38 338 4.41
A

verage 2.66 435 3.04 4.94 5.41 3.25 434

rank

p-value Reference <0.0001*  <0.0001* <0.0001*  <0.0001*  <0.0001* <0.0001*

Note: EMaTO-SGN is used as the reference algorithm. * indicates a statistically significant difference from EMaTO-
SGN according to the Wilcoxon rank-sum test at o = 0.05. The best rank in each row is shown in bold.

Table 5: Average rankings of the compared algorithms on the 20-task CEC19 benchmark suite.

Problem El\sqg\lo- MKTI}E-A EMdNI[‘g:MKT MB:TO];E MO-SBO hﬁ(ﬂi 1f)T(I:EI? -
1\5133?\}190_1 221 5.20 2.84 575 6.97 113 3.89
N(I:aETi/li)'z 117 3.93 1.84 3.82 6.07 6.89 428
1\/?3(1:\/1%3 412 4.62 6.68 427 475 251 1.05
hfal:%?\/l% ) 375 1.00 4.64 423 236 516 6.86
l\faETﬁgC;S 216 6.84 4.46 4.04 6.11 112 3.27
Mcfrﬁg ] 1.51 5.24 2.08 5.86 6.66 252 414
Average 2.49 4.47 3.76 4.66 5.49 322 3.92
rank

p-value Reference  <0.0001* 0.0001* <0.0001*  <0.0001% 0.0042% <0.0001*

Note: EMaTO-SGN is used as the reference algorithm. * indicates a statistically significant difference from EMaTO-
SGN according to the Wilcoxon rank-sum test at & = 0.05. The best rank in each row is shown in bold.
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Table 6: Average rankings of the compared algorithms on the 20-task WCCI20 benchmark suite.

Problem Ehsdg\lo- MI;I]{E-A EMx‘g:MKT MB:T(;E MO-SBO 1\1\442;]; NII)T(]:EI? -
X/IVSTCl\ilzc())l 2.36 5.37 2.68 5.55 7.00 1.10 3.93
X&i}[@z 5.42 6.39 5.93 2.34 3.43 1.38 311
x;ﬁz&) 1.37 5.09 2.30 5.64 6.98 2.39 42
I\\/A\/::T?VI[Z& 1.83 3.22 2.08 5.76 6.08 4.69 434
XST%%)S 2.63 411 3.09 4.57 4.49 3.92 5.19
1\\//\[’5&2006 1.85 3.67 2.17 5.54 5.59 4.53 4.65
ﬁ;ﬁz& 2.45 3.86 2.90 471 5.25 4.07 475
m?;\%g 2.69 3.85 2.87 5.11 5.09 358 483
ZLCT(;\ZZO% 2.85 4.26 2.76 5.03 5.01 3.48 4.61
1\V4\2 (T:ﬁcz'ﬁo 2.42 4.18 2.67 5.43 515 3.52 4.62
Average 2.59 4.40 2.95 4.97 5.41 3.27 443
rank

p-value Reference <0.0001*  <0.0001* <0.0001*  <0.0001"  <0.0001% <0.0001*

Note: EMaTO-SGN is used as the reference algorithm. * indicates a statistically significant difference from EMaTO-
SGN according to the Wilcoxon rank-sum test at & = 0.05. The best rank in each row is shown in bold.

Table 7: Average rankings of the compared algorithms on the 50-task CECI9 benchmark suite.

Problem El\sdg\lo- MI<TI;A EMgll“g:MKT Ml\:"l(“)I;E MO-SBO 1\1\442;?& NII)T(I:EIQ -
1\?3(1:\}19(;1 222 517 277 5.77 6.99 L1 3.96
h/fa};(;/li)_z 119 3.90 181 3.76 6.19 6.79 435
Nf;ﬁ& 421 4.62 6.71 425 4.67 2.48 1.06

(Continued)
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Table 7 (continued)
EMaTO-  KR- MO- MO- MTDE-  MTEA-
Problem SGN MTEA EMaTO-MKT MaTDE MO-SBO  vixrTa DCK
CECI9-
MO 3.82 1.01 4.67 3.97 2.54 514 6.85
CECI9-
A0S 2.22 6.79 434 411 6.17 L1 3.25
CECI9-
MATMOG 177 5.07 1.85 5.88 6.78 2.43 423
Average 2.57 4.43 3.69 462 5.56 3.18 3.95
rank
p-value  Reference <0.0001* <0.0001*  <0.0001* <0.0001*  0.0042°  <0.0001*

Note: EMaTO-SGN is used as the reference algorithm. * indicates a statistically significant difference from EMaTO-
SGN according to the Wilcoxon rank-sum test at o = 0.05. The best rank in each row is shown in bold.

Table 8: Average rankings of the compared algorithms on the 50-task WCCI20 benchmark suite.

Problemy  EMaTO-  KR- MO- MO- 0 o MIDE- MTEA-
SGN MTEA EMaTO-MKT MaTDE MKTA DCK
ﬁgﬁgi 2.32 5.37 2.74 5.56 6.99 1.10 3.91
KZST?\%Z 5.45 6.24 5.98 2.24 3.57 1.49 3.04
ﬁﬁ%ﬁ 1.36 4.97 2.46 5.70 6.99 2.32 4.20
X&ﬁg 1.80 3.11 2.06 5.78 6.09 4.71 4.46
ng\fgs 2.60 4.11 3.07 4.64 4.56 3.79 522
K/IV:EF(I:\/IIZO(Z 1.77 3.55 2.22 5.66 5.64 4.44 472
ﬁ;ﬁg 2.61 3.83 3.04 4.57 5.23 3.98 4.74
ﬁfﬁ&z& 3.89 3.19 3.99 4.90 4.50 3.22 4.30
I\V/\I’aCT?vIIzoog 3.19 3.73 3.77 4.96 4.57 331 4.46
I\VL (T:ﬁé% 2.93 3.64 3.67 5.20 4.92 3.28 437

(Continued)
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Table 8 (continued)

EMaTO-  KR- MO- MO- MTDE-  MTEA-

Problem SGN MTEA EMaTO-MKT MaTDE VOSBO  vikra DCK

Average 2.79 417 3.30 4.92 531 316 434
rank

p-value Reference <0.0001*  <0.0001* <0.0001*  <0.0001"  <0.0001% <0.0001*

Note: EMaTO-SGN is used as the reference algorithm. * indicates a statistically significant difference from EMaTO-
SGN according to the Wilcoxon rank-sum test at & = 0.05. The best rank in each row is shown in bold.

Pairwise statistical comparisons are conducted using the Wilcoxon rank-sum test at & = 0.05, with IGD-
MTS results and comparison summaries reported in Tables 9-11. Across all three task counts on CEC19,
EMaTO-SGN shows no statistically significant losses against MO-EMaTO-MKT or MO-MaTDE. On the 20-
task WCCI20 suite, EMaTO-SGN records eight significant wins and no significant losses against KR-MTEA,
with no significant difference on the remaining two problems (Table 10). On the 50-task WCCI20 suite,
it records seven significant wins and no significant losses against MO-EMaTO-MKT, with no significant
difference on the remaining three problems (Table 11).

The IGD-MTS results support the overall competitiveness of EMaTO-SGN across the tested task
counts, although its performance varies across problems. For example, MTDE-MKTA and MTEA-DCK
achieve lower mean IGD-MTS values on CEC19-MaTMO3. Together, the average rankings and pairwise
comparisons indicate strong overall performance, while showing that EMaTO-SGN does not outperform
every comparison algorithm on every problem.

4.3.2 Convergence Curves and Pareto Front Approximations

Fig. 3 presents the IGD convergence curves for four representative tasks using a logarithmic vertical
axis. On WCCI20-MaTMO3-T17 (Fig. 3¢) and CEC19-MaTMO2-T7 (Fig. 3b), EMaTO-SGN achieves low
IGD values and remains competitive in the later stages of the search. On CEC19-MaTMO2-T5 (Fig. 3a), its
IGD decreases sharply between approximately 25,000 and 30,000 evaluations, followed by more gradual
improvement. On WCCI20-MaTMO8-T13 (Fig. 3d), EMaTO-SGN initially improves more slowly than
several comparison algorithms but continues to reduce IGD in the later stages, achieving the lowest final
IGD value among the compared methods.

Fig. 4 compares the final non-dominated solution sets with the true Pareto fronts to assess convergence
and coverage. On CEC19-MaTMO2-T7 (Fig. 4a), the solutions obtained by EMaTO-SGN closely follow the
true front, whereas those produced by MO-SBO show a substantial deviation. On WCCI20-MaTMO3-T10
(Fig. 4b), EMaTO-SGN also produces a well-distributed approximation close to the true front.
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Figure 3: Comparison of the IGD convergence curves. (a) Performance on task CEC19-MaTMO2-T5; (b) Performance
on task CEC19-MaTMO2-T7; (c) Performance on task WCCI20-MaTMO3-T17; (d) Performance on task WCCI20-
MaTMOS8-T13.
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Figure 4: Final distribution and front coverage of the non-dominated solution sets compared against the true Pareto
front. (a) Solution sets on task CEC19-MaTMO2-T7; (b) Solution sets on task WCCI20-MaTMO3-T10.

4.3.3 Performance Comparison with the EMT-GS Algorithm

Table 12 compares the IGD results of EMaTO-SGN and EMT-GS on CEC19-MaTMOI with 2, 4, 6, 8,
and 10 tasks. EMaTO-SGN achieves lower mean IGD values on every reported task. In the 10-task scenario,
the mean IGD averaged across tasks is approximately 5.22 x 107> for EMaTO-SGN, compared with 5.51 x
10' for EMT-GS. EMaTO-SGN also exhibits low variability across independent runs: the per-task standard

deviations in this setting do not exceed 3.67 x 107*.

Table 12: Mean IGD results of EMaTO-SGN and EMT-GS across different task scales.

Benchmark Instance

EMaTO-SGN

EMT-GS

2-task scenario
CEC19-MaTMOI1-T1
CEC19-MaTMO1-T2

5.50e-03 (3.11e-04)
5.52e-03 (3.51e-04)

4.90e—02 (3.09e—02)
3.34e—02 (1.49e—02)

4-task scenario
CEC19-MaTMOI1-T1
CECI19-MaTMOI1-T2
CECI19-MaTMOI1-T3
CECI19-MaTMOI1-T4

5.20e-03 (2.03e-04)
5.31e-03 (2.85e-04)
5.29e-03 (2.59¢-04)
5.28¢-03 (1.82¢-04)

4.15e+00 (3.37e+00)
4.29e+00 (3.65e+00)
2.90e+00 (2.71e+00)
1.90e+00 (9.63e—01)

6-task scenario
CEC19-MaTMOI-T1
CECI19-MaTMOI1-T2
CEC19-MaTMOI1-T3
CECI19-MaTMOI1-T4
CECI19-MaTMOI1-T5
CEC19-MaTMOI1-T6

5.12e-03 (2.13e-04)
5.15e-03 (3.48e-04)
5.20e-03 (2.27e-04)
5.12e-03 (1.66e-04)
5.29e-03 (4.39¢-04)
5.16e-03 (2.62e-04)

1.92e+01 (9.48e+00)
1.49¢+01 (4.04e+00)
1.68e+01 (1.02e+01)
9.16e+00 (2.15¢+00)
2.19¢+01 (5.36e+00)
1.27e+01 (6.81e+00)

(Continued)
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Table 12 (continued)

Benchmark Instance

EMaTO-SGN

EMT-GS

8-task scenario
CEC19-MaTMOI-T1
CECI19-MaTMOI-T2
CEC19-MaTMOI-T3
CEC19-MaTMOI1-T4
CEC19-MaTMOI1-T5
CEC19-MaTMOI1-T6
CEC19-MaTMOI1-T7
CEC19-MaTMOI1-T8

5.14e-03 (3.02e-04)
5.22e-03 (1.84e-04)
5.14e-03 (4.58e-04)
5.19e-03 (2.61e—04)
5.27e-03 (3.27e-04)
5.15e-03 (1.89¢—04)
5.43e-03 (4.39e-04)
5.16e-03 (1.92e-04)

4.35e+01 (5.99e+00)
3.37e+01 (1.41e+01)
3.77e+01 (8.46e+00)
2.65e+01 (6.93e+00)
2.51e+01 (9.29¢+00)
2.68e+01 (1.56e+01)
2.79e+01 (1.16e+01)
2.61e+01 (7.01e+00)

10-task scenario
CEC19-MaTMOI1-T1
CEC19-MaTMOI1-T2
CEC19-MaTMOI1-T3
CEC19-MaTMO1-T4
CEC19-MaTMOI-T5
CEC19-MaTMOI-T6
CEC19-MaTMOI1-T7
CEC19-MaTMOI1-T8
CEC19-MaTMO1-T9
CEC19-MaTMOI1-T10

5.21e-03 (3.67e-04)
5.31e-03 (2.22e-04)
5.25e-03 (1.61e-04)
5.25e-03 (1.25e-04)
5.20e-03 (2.38e-04)
5.25e-03 (3.16e-04)
5.16e-03 (2.19e-04)
5.12e-03 (1.72e-04)
5.21e-03 (2.33e-04)
5.23e-03 (1.60e-04)

9.37e+01 (1.88e+01)
6.34e+01 (9.63e+00)
5.04e+01 (1.27e+01)
2.93e+01 (2.86e+00)
5.41e+01 (2.26e+01)
5.36e+01 (1.97e+01)
4.16e+01 (5.66e+00)
4.89¢+01 (5.58¢e+00)
6.65e+01 (1.52e+01)
4.95e+01 (2.01e+01)

Note: Lower values indicate better performance. The lower mean value in each row is shown in bold.

Table 13 and Fig. 5a compare computational time as the number of tasks increases. EMT-GS requires
2720 s for 2 tasks, 1125.30 s for 10 tasks, and 3762.50 s for 20 tasks. The corresponding runtimes of EMaTO-
SGN are 12.31, 41.75, and 93.47 s, yielding speedup factors of approximately 27 and 40 in the 10- and
20-task settings, respectively. Together, these results show improved solution quality in the reported IGD

comparisons and lower runtime wherever measurements are available for both algorithms.

Table 13: Runtime of EMaTO-SGN and EMT-GS across different task scales.

Number of Tasks EMaTO-SGN (s) EMT-GS (s)

2 12.31 (2.53e-01) 2720 (2.58e-01)
4 19.36 (3.45e-01) 117.49 (1.01e+00)
6 26.17 (1.97e-01) 288.51 (1.23e+00)
8 32.59 (2.75e-01) 567.25 (5.60e+00)
10 41.75 (2.59e-01) 1125.30 (3.78e+00)
15 66.50 (3.56e-01) 2162.50 (5.26e+00)
20 93.47 (4.25e-01) 3762.50 (4.79e+00)
30 155.05 (6.81e—01) N/A*

40 227.14 (1.46e+00) N/A*

50 316.19 (1.73e+00) N/A®

Note: For settings in which both algorithms returned results, the lower mean runtime is shown in bold. * Runtime
results for EMT-GS were unavailable because the required computation time was prohibitively long.
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Figure 5: Evaluation of computational efficiency. (a) Total runtime comparison between the proposed EMaT'O-SGN
and EMT-GS; (b) Breakdown of execution time for different components of EMaTO-SGN across different task scales.

4.3.4 Ablation Study

Ablation experiments on CEC19-MaTMOI1 and WCCI20-MaTMOI1 compare the full EMaTO-SGN
model with four variants: w/o DTS (replaces dynamic task scoring with random auxiliary-task selection),
w/o ATg (disables adaptive triggering and activates knowledge transfer in every generation), w/o GKT
(replaces GAN-based mapping with direct crossover), and w/o KT (removes the knowledge transfer entirely,
degrading to an independent single-task optimizer).

As shown in Table 14, the Full Model achieves a top Friedman ranking of 1.82. Removing the knowledge
transfer entirely (w/o KT, rank 4.97) performs the worst across all test instances, supporting the benefit of
cross-task knowledge transfer on these benchmarks. The w/o DTS and w/o ATg variants obtain Friedman
ranks of 2.60 and 2.76, respectively, compared with 1.82 for the full model. These results suggest that source-
task selection and transfer timing contribute to overall optimization performance.

Table 14: IGD results, Friedman ranks, and Wilcoxon comparisons for the EMaTO-SGN variants.

Benchmark
enchmar FullModel  w/o DTS w/o ATg w/o GKT w/o KT
Instance
CEC19 benchmark suite
CEC19- 5.56e-03 5.58e-03 5.58e-03 5.59e-03 7.46e-03
MaTMOI-T1 (5.41e-04) (3.30e—04) (3.30e-04) (3.68e—04) (4.29e-04)
CEC19- 6.12e-03 5.54e-03 5.67e-03 5.63e-03 7.46e—03
MaTMO1-T2 (1.82e—03) (3.03e-04) (1.68e—04) (2.73e-04) (4.36e—04)
CEC19- 5.38e-03 5.62e-03 5.68e-03 5.62e-03 7.45e—-03
MaTMOI-T3 (2.68e-04) (2.58e—04) (2.80e-04) (3.23e-04) (3.42e-04)
CECI19- 5.35e-03 5.57e-03 5.74e—03 5.72e-03 7.46e-03
MaTMOI1-T4 (3.36e-04) (3.02e-04) (3.59¢-04) (3.14e-04) (3.91e-04)

(Continued)
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Table 14 (continued)

Benchmark Full Model w/o DTS w/o ATg w/o GKT w/o KT
Instance
CECI19- 5.72e-03 5.65e-03 5.71e-03 5.62¢-03 7.36e—03
MaTMOI-T5 (1.62e-03) (3.03e-04) (2.22e-04) (2.98e-04) (6.08e-04)
CECI19- 5.49¢-03 5.61e-03 5.61e-03 5.76e-03 7.75e-03
MaTMOI-T6 (2.90e-04) (2.11e-04) (2.03e-04) (2.98¢-04) (6.39e-04)
CECI19- 5.42e-03 5.71e-03 5.66e—03 5.72e-03 7.39e-03
MaTMOI-T7 (3.52e-04) (3.03e-04) (2.73e-04) (3.07e-04) (3.72e-04)
CECI19- 5.83e—03 5.59e-03 5.66e—03 5.64e—03 7.44e-03
MaTMOI-T8 (2.06e-03) (2.18¢-04) (4.01e-04) (2.24e-04) (5.96e-04)
CEC19- 5.34e-03 5.65e-03 5.63e-03 5.78e—03 7.63e—03
MaTMOI-T9 (4.21e-04) (3.31e-04) (3.48e—04) (3.34e—04) (7.43e-04)
CECI19- 6.81e-03 5.59e-03 5.75e—03 5.55e-03 7.61e-03
MaTMOI-T10 (6.24e—03) (2.64e—04) (2.59e—04) (1.71e-04) (4.42e—04)
WCCI20 benchmark suite
WCCI20- 5.38e-03 5.56e—03 5.73e-03 5.75e—03 7.33e-03
MaTMOI-T1 (4.43e-04) (2.16e-04) (2.39e-04) (2.06e-04) (4.94e-04)
WCCI20- 5.39¢-03 5.55e-03 5.75e—-03 5.73e-03 7.66e—03
MaTMOI-T2 (3.85e-04) (2.65e—04) (3.76e—04) (2.26e-04) (4.81e-04)
WCCI20- 5.50e-03 5.52e-03 5.69e—03 5.66e—-03 7.51e—03
MaTMOI-T3 (3.63e-04) (1.95e—04) (3.22e-04) (3.30e—04) (3.71e-04)
WCCI20- 5.40e-03 5.78e—-03 5.57e—03 5.66e—03 7.44e-03
MaTMOI-T4 (2.29¢-04) (3.24e—04) (2.39e—04) (2.58e—04) (5.05e—04)
WCCI20- 5.40e-03 5.66e-03 5.68e—03 5.65e-03 7.24e—03
MaTMOI-T5 (2.96e-04) (2.34e-04) (3.30e-04) (3.19¢-04) (4.44e-04)
WCCI20- 5.55e-03 5.67e-03 5.58e—03 5.66e—03 7.39e-03
MaTMOI-T6 (1.25e-03) (2.22e-04) (1.87e-04) (2.47e-04) (4.47e-04)
WCCI20- 5.42e-03 5.68e—03 5.53e—03 5.74e—03 7.42e—03
MaTMOI-T7 (3.92¢-04) (3.15e-04) (1.86e—04) (3.64e-04) (5.51e-04)
WCCI20- 5.34e-03 5.67e—03 5.77e-03 5.57e-03 7.67e—03
MaTMOI-T8 (3.16e-04) (3.60e—-04) (4.45e-04) (2.57e-04) (5.99e-04)
WCCI20- 5.39¢-03 5.75e-03 5.58e—-03 5.81e-03 7.56e—03
MaTMOI-T9 (2.74e-04) (3.54e—04) (2.73e—04) (4.56e—04) (5.75e—04)

(Continued)
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Table 14 (continued)

Benchmark Full Model w/o DTS w/o ATg w/o GKT w/o KT
Instance
WCCI20- 5.45e-03 5.56e-03 5.72e-03 5.89e-03 7.44e-03
MaTMOI-T10 (4.60e-04) (1.70e-04) (4.41e-04) (3.42e-04) (6.28e—04)
Friedman rank 1.82 2.60 2.76 2.83 4.97
p-value Reference <0.0001* <0.0001* <0.0001* <0.0001*

Note: The lowest mean value in each row and the best Friedman rank are shown in bold. * indicates a statistically
significant difference from the full model at & = 0.05.

Taken together, the ablation results support the combined use of dynamic task scoring, adaptive
triggering, and generative mapping. Task scoring uses similarity and historical transfer performance to guide
source-task selection, while adaptive triggering regulates transfer according to evolutionary progress. These
mechanisms are intended to limit unsuitable or unnecessary transfers. The observed performance differences
are consistent with this rationale, but do not directly establish the frequency or causes of negative transfer.

4.3.5 Parameter Sensitivity Analysis

We conduct a parameter sensitivity analysis to examine the effects of four key parameters and assess
the selected default settings. We focus on four critical parameters: the GAN resource quota (pgan), the
whitelist capacity (Ng:), the base stagnation threshold (&sg), and the soft buffer multiplier (B). Table 15
shows the results.

Table 15: Parameter sensitivity analysis for EMaTO-SGN.

Parameter Setting IGD-MTS Friedman Rank p-Value
GAN resource quota (pgan)
Pgan = 0.1 —5.35e—01 (5.43e—03) 2.00 0.0168*
Pgan = 0.2 -5.48e-01 (4.25e¢-03) 1.00 Reference
Pgan = 0.4 ~5.05e—01 (7.23e—03) 3.00 <0.0001*
Pgan = 0.6 —4.21e-01 (8.16e—03) 4.00 <0.0001*
Pgan = 0.8 ~1.50e—01 (1.67e—02) 5.00 <0.0001*
Pgan = 1.0 2.16e+00 (8.43e—02) 6.00 <0.0001%
Whitelist capacity (N,.)
Ny =2 ~2.01e—01 (1.03e—01) 3.40 0.0225*
Ny = 4 ~2.70e-01 (9.37e—02) 2.55 0.0398*
Ngc =5 —2.87e—01 (1.11e—01) 2.30 0.0673
Nyc=6 —-3.14e-01 (1.20e-01) 2.05 Reference
Ngc =8 —4.35e—02 (7.86e—-02) 4.70 <0.0001%
Ng.c =10 1.12e+00 (1.57e-01) 6.00 <0.0001%
Base stagnation threshold (&t.g)
Estag = 0.01 8.44e—-01 (1.04e-01) 7.00 <0.0001%
&stag = 0.05 3.00e—-01 (1.48e-01) 5.95 <0.0001%

(Continued)
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Table 15 (continued)

Parameter Setting IGD-MTS Friedman Rank p-Value
&stag = 0.10 —-1.49e-01 (1.36e-01) 3.90 0.0404%
Estag = 0.15 —2.12e-01 (1.37e-01) 3.20 0.0306*
Estag = 0.20 -2.71e-01 (9.92e-02) 2.50 Reference
Estag = 0.30 ~2.57e—01 (L.15e—01) 2.70 0.0397*
Estag = 0.35 ~2.56e—01 (1.61e—01) 2.75 0.0314*

Soft buffer multiplier (B)
B=1 9.64e—02 (1.14e-01) 5.40 0.0034*
B=2 —3.82e-02 (1.59e-01) 3.90 0.0464*
B=3 —2.24e-02 (1.29e-01) 3.50 0.0484*
B=4 -4.71e-02 (1.20e-01) 3.40 Reference
B=5 —2.45e—02 (1.22e-01) 3.40 1.0000
B=6 5.75e—02 (1.63e—01) 4.85 0.0338*
B=7 —2.17e-02 (1.53e-01) 3.55 0.0482%

Note: The adopted default setting is used as the reference for the Wilcoxon rank-sum tests and is shown in bold. *
indicates a statistically significant difference from the corresponding reference setting at o = 0.05.

The parameter pg,, determines the proportion of individuals assigned to the generative mapping
route when the transfer state is activated. The tested values are {0.1,0.2,0.4,0.6,0.8,1.0}. Among these
settings, pgan = 0.2 achieves the best Friedman ranking of 1.00. Notably, setting pg., = 1.0, which assigns all
individuals to the generative route when transfer is active, results in the worst rank of 6.00.

The N parameter limits the number of candidate source tasks in each whitelist. The tested range was
set to {2,4,5,6,8,10}. Among the tested whitelist capacities, Ng,c = 6 achieves the lowest IGD-MTS. When
Ngre =10, IGD-MTS increases to 1.12, indicating a substantial decline in performance. Expanding the source-
task pool does not necessarily improve transfer quality.

The threshold &g, defines the lower boundary of the transfer-probability transition region. Together
with B, it determines how the trigger probability responds to relative convergence improvement. We tested
Estag OV the set {0.01,0.05, 0.1,0.15,0.2,0.3,0.35}. The best performance is observed at &stag = 0.2. Larger
thresholds make transfer activation more permissive, which may explain the poorer performance observed
at these settings.

The buffer multiplier B controls the width of the transition region over which the transfer probability
decreases linearly from 1to 0. Integer values from 1to 7 are tested. When B = 1, the transition region vanishes,
yielding the hard-threshold variant described in Section 3.4, which has a Friedman rank of 5.40. Values
between 3 and 5 yield relatively stable performance, with B = 4 adopted as the default setting.

4.3.6 Computational Efficiency and Execution Time Profiling

The wall-clock runtime of a complete run is divided into four components: Module A: MMD Evaluation
(similarity matrix construction), Module B: GAN Operations (adversarial training and generative transfer),
Module C: Evolution & MKT (native evolutionary operators and multi-source classic knowledge transfer),
and Module D: Others (environmental selection and evaluation).
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As shown in Fig. 5b on the 50-task test suite, MMD evaluation accounts for 9.01% of the total runtime
in the 50-task setting, requiring 44.80 s out of 497.39 s. Updating the similarity matrix every Ggip, = 20
generations reduces the frequency of pairwise comparisons and helps control their practical computational
cost. Although this periodic schedule reduces the amortized overhead, a full similarity update retains a
quadratic dependence on the number of tasks.

The results demonstrate that the execution time is not dominated by the advanced transfer mechanisms.
The GAN operations (Module B) stably consume approximately 17.94% of the computational cost. The
actual time cost fundamentally lies in Module C (52.68%). These results show that similarity evaluation and
generative modeling do not dominate execution time under the profiled conditions.

5 Discussion

This section discusses the mechanisms that may explain the observed performance of EMaTO-SGN and
examines the trade-offs between computational cost and optimization performance.

5.1 Mechanism of WGAN-GP Mapping

EMaTO-SGN uses source-task decision vectors as generator inputs, providing a direct way to incor-
porate information from previously explored solutions into generative knowledge transfer. These inputs
carry information about the source population’s distribution and geometric structure. The generator learns
a nonlinear mapping from source-task solutions to candidate solutions in the target task’s search space.
By operating on previously identified high-quality solutions, the mapping can exploit existing search
information and provide structural guidance for candidate generation. This design may facilitate the reuse of
useful solution features across tasks, although its effects on generated-solution diversity and training stability
requires separate evaluation.

WGAN-GP provides a framework for learning cross-task mappings through adversarial training with
gradient regularization. However, the performance difference between EMaTO-SGN and EMT-GS cannot
be attributed solely to WGAN-GP, because the algorithms also differ in their transfer architectures and
scheduling mechanisms. In EMaT'O-SGN, this mapping is intended to retain useful features from source-task
solutions while adapting them to the target task’s search space. The ablation results in Section 4.3.4 support
the contribution of generative mapping to overall optimization performance.

5.2 Trade-off between Computational Time and Evolutionary Performance

GAN training and offspring generation introduce additional computational costs in EMaT'O-SGN.
In many-task optimization, frequent network updates and repeated generative operations across tasks can
increase the overall runtime. EMaTO-SGN therefore seeks to balance the computational cost of generative
knowledge transfer with its potential benefits for optimization performance.

The runtime comparisons and ablation results suggest that EMaTO-SGN can benefit from generative
knowledge transfer while keeping its computational overhead manageable under the tested settings. To
control training costs, the algorithm uses a 1:1 critic-to-generator update ratio and sets the training batch
size equal to the population size. These choices limit the number of network updates and the volume
of data processed in each batch. Periodic training allows the models to incorporate updated population
information without retraining from scratch, providing a practical compromise between model adaptation
and computational cost.
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By selectively activating knowledge transfer and periodically updating the generative models,
EMaTO-SGN aims to balance optimization performance against the additional computational cost of
generative learning.

5.3 Comparative Analysis of Adaptive Transfer Mechanisms

EMaTSaNES [42], proposed by Zhao et al., provides a relevant comparison for adaptive transfer design.
Its Adaptive Knowledge Transfer and Sharing (AKTS) mechanism determines a continuous transfer prob-
ability from recent fitness trends. A Hybrid Resource Sampling (HRS) module switches among probability
distributions to promote search diversity.

These mechanisms adapt transfer and sampling behavior during the search. EMaTO-SGN combines
a bounded transition region for transfer activation with a fixed generative transfer allocation ratio, pgan.
The trigger probability decreases linearly within the transition region and becomes zero when relative
convergence improvement reaches the upper threshold. This rule limits transfer when the target task
is making sufficient progress independently. When transfer is activated, pg., controls the proportion of
individuals assigned to generative mapping, with the remainder assigned to conventional knowledge transfer.

6 Conclusion

This paper presents EMaTO-SGN, an evolutionary many-task multi-objective optimization framework
designed to mitigate negative transfer and reduce the computational cost of generative knowledge transfer.
By assigning one generative model to each task, EMaTO-SGN makes the cost of generative model training
and sample generation scale linearly with the number of tasks when the remaining parameters are fixed.
Pairwise similarity evaluation still introduces a quadratic component into the overall complexity. Source-
task whitelists are constructed using both inter-task similarity and historical transfer success. An adaptive
trigger regulates transfer activation according to evolutionary progress, balancing cross-task exploration with
task-specific exploitation.

Experiments on the CEC19 and WCCI20 benchmark suites with up to 50 tasks demonstrate the
overall competitiveness of EMaTO-SGN. It achieves the best overall average rank in all six combinations
of benchmark suite and task count, although its IGD-MTS performance varies across individual problems.
Moreover, EMaTO-SGN shows a clear advantage over the original EMT-GS by effectively mitigating the
computational “multitasking curse’, achieving remarkable runtime acceleration. The results of 10-task
scenario tests show that this framework can achieve much lower IGD values and much shorter runtime than
EMT-GS. The runtime comparisons show speedup factors of approximately 27 and 40 over EMT-GS in the
10- and 20-task settings, respectively. Ablation studies support the contributions of dynamic task scoring,
adaptive triggering, and generative mapping to overall performance.

While this study focuses predominantly on the theoretical design of the EMaTO-SGN framework
and its validation on continuous benchmark suites, the ultimate objective of evolutionary many-tasking
is to tackle complex, real-world problems. In future work, we plan to extend and adapt the proposed
generative knowledge transfer mechanisms to highly constrained, practical applications. Promising and
impactful directions include robust facility location and allocation in supply chain networks under fuzzy
and random uncertainties [43], as well as enhancing the computational efficiency of large-scale linear
optimization models [44]. Deploying EMaTO-SGN to navigate the rugged fitness landscapes of these
challenging industrial and discrete scenarios represents a significant next step.
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