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AbstractÐThe integrated process planning and scheduling problem is
widely present in the industrial field, which is recognised as an NP-
hard problem and is often tackled by optimisation approaches such as
Genetic Algorithms (GA). To provide sufficient computational resources
that are often not available in real-world scenarios, a cloud-based GA
framework with the island model (IM) is applied, in which the population
is divided into several subpopulations (i.e., islands) that are evolved
independently. However, existing IMs either do not support inter-island
communication or require synchronisation of all islands with a non-trivial
cost, which significantly undermines the optimisation quality. This paper
presents a novel asynchronous island-based optimisation framework
for integrated process planning and scheduling. The asynchronous IM
eliminates the synchronisation cost due to inter-island communication via
migrations and supports a wide range of migration strategies to improve
optimisation efficiency. Two types of migration operators are constructed.
The first, classical one, migrates a complete individual (i.e., individual-
based migration). In the second approach, a finer-grained migration is
constructed that migrates only the highly-dependent groups of genes
by discovering the dependencies between genes in an individual using
empirical linkage learning. This approach leads to slower convergence
but is less likely to get trapped in local optima, which is significantly
more effective than IMs using any of the considered individual-based
migration operators. Evaluation based on a real-world manufacturing
process planning and scheduling problem shows that the proposed
method significantly outperforms existing methods.

I. INTRODUCTION

The integrated process planning and scheduling problem consti-

tutes a fundamental challenge in the Industry 4.0 paradigm, partic-

ularly when addressing decision-making problems that involve opti-

mizing conflicting objectives such as performance, cost, and resource

utilization [1], [2]. As an NP-hard problem, it is commonly addressed

using metaheuristics, particularly Genetic Algorithms (GAs) [3]. In

industrial practice, however, the computational demand for high-

quality solutions often exceeds the capacity of local resources,

especially when planning must be performed dynamically in response

to orders or disruptions [4], [5]. This gap between the need for

powerful optimization and the limitations of on-premise computing

motivates the adoption of distributed computing paradigms, which

is well-suited for larger-scale EFJSP problems and scenarios where

optimization is invoked repeatedly as a reusable cloud service.

Cloud computing offers a viable platform to deliver the necessary

computational power in an elastic and cost-effective manner [6]. This

has enabled the adoption of distributed optimization models, among

which the island model (IM) is a prominent paradigm for parallelising

GAs [4], [7]±[9]. In the IM, the population is partitioned into subpop-

ulations evolved independently on separate islands, with occasional

migration between them to foster diversity and convergence. Despite

its potential, conventional IMs suffer from a major limitation that they

either do not allow inter-island communication [10], [11] or require

synchronisation of all islands at fixed time points [4], [5], [12], [13].
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For IMs without communications, each island maintains a relatively

small population size and is likely to get stuck at local optima [4],

[7]. The synchronisation enables communication between islands,

but it imposes a significant cost, where early-finishing islands must

wait for the late ones before they can communicate and continue.

This undermines the scalability and efficiency of the optimization,

especially in heterogeneous or dynamic cloud environments.

To overcome the synchronisation bottleneck, in our previous

study [7], we propose: 1) a cloud-based GA optimization frame-

work with asynchronous IM. Compared to the traditional IM [4],

asynchronous IM removes the synchronisation burden and allows the

exchange (i.e., migration) of individuals between islands at any time

point; 2) a series of migration operators which migrate a complete

individual based on predefined selection as well as replacement meth-

ods, and provide a comprehensive investigation of the effectiveness

of the individual-based migrations; 3) a cluster-based architecture

for deploying the proposed optimization framework on the cloud

with a prototype implementation. The evaluation results demonstrated

that inter-island communication is crucial for the effectiveness of the

island-based GA framework. However, the individual-based migra-

tion provides a coarse-grained inter-island communication approach,

which simply migrates a complete individual without the knowledge

of inter-dependency in the genotype. As shown in [14], the inter-

dependency between genes (i.e., the gene linkage) can be utilised

to enhance the effectiveness of evolutionary algorithms, and is

recognised as a key factor of the optimization performance [14].

However, existing linkage construction methods either cannot guar-

antee the correctness of the constructed gene linkage (i.e., the

Statistical Linkage Learning) [15] or can only be applied to single-

objective optimizations (i.e., the Empirical Linkage Learning) [16],

[17]. This imposes a major obstacle towards effective inter-island

communication for distributed island-based GA frameworks.

Contribution. This paper extends our previous conference pa-

per [18] in the following aspects: 1) Unlike the predefined, blind

selection/replacement strategies used in the conference version, we

propose an empirical linkage learning method tailored to multi-

objective manufacturing optimization problems, which can discover

the gene interactions; 2) Instead of migrating complete individuals (as

in the eight operators), we propose a linkage-based migration strategy

that migrates only strongly dependent genes across the entire geno-

type; 3) We expand the experimental evaluation beyond the initial

prototype implementation, providing a comprehensive evaluation of

the proposed framework and migration strategies using two standard

multi-objective quality indicators. The results demonstrate that our

empirical linkage-based migration significantly outperforms existing

methods in optimization performance. To sum up, the contributions

of this paper are as follows:

• First, we develop an empirical linkage learning method dedicated

to the considered multi-objective optimization problems, which

can discover interdependencies among genes in a genotype of

the multi-objective optimization problem.

• Second, a novel linkage-based migration strategy is proposed
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that only migrates the highly dependent genes in the genotype.

The exchanged set of gene values can be considered as building

blocks [19]. The underlying intuition of linkage-based migration

is that migrating only highly dependent gene subsets enables

finer-grained communication and optimization at the building-

block level rather than at the individual level, thereby improving

the effectiveness of the search.

• Third, we substantially extend the experimental evaluation be-

yond the initial prototype, employ multi-objective quality indi-

cators and compare the proposed linkage-based migration with

the individual-based migrations and existing methods.

Based on the above contributions, the proposed linkage-based mi-

gration enables fine-grained inter-island communication by exchang-

ing highly dependent gene groups rather than complete individuals.

To the best of our knowledge, this is the first work to realize empirical

linkage learning for multi-objective optimization and to support fine-

grained communication in distributed GA frameworks.

The experiments are conducted based on a typical discrete man-

ufacturing scenario (i.e., the production of distinct items) provided

by our industrial partners, which is a major manufacturing type that

can be found in most factories [4], [5], [8], [20]. The experimental

results show that both individual-based and linkage-based migrations

are effective compared to the traditional island-based GA. For the

considered manufacturing optimization problem, the individual-based

migration can provide competitive results with a relatively low

computation cost, while the linkage-based migration provides the best

optimization results among all evaluated methods, although with a

higher computation time. With both migration approaches, we pro-

vide a reasonable balance for the trade-off between the optimization

quality and computation cost, thereby catering to different application

scenarios. The industrial partners that formulated these scenarios have

implemented the pilot solutions of the proposed method, and have

confirmed its applicability, generality and effectiveness [5], [7].

Organisation: This paper is organised as follows. Section II

presents the related work. Section III describes the Multi-objective

optimization problem. Section IV presents the asynchronous island-

based GA framework and the individual-based migration approaches

between islands. Section V proposes the linkage-based migration,

with an example to illustrate its working mechanism. Finally, Sec-

tion VI shows the experimental results while Section VII draws

conclusions and highlights future work.

II. RELATED WORK

Integrated process planning and scheduling constitutes a multi-

objective optimization problem characterised by conflicting objec-

tives. Consequently, the goal of the optimization process is to

find a set of non-dominated solutions, referred to as the Pareto-

optimal front, rather than a single solution. Methods for solving such

problems primarily include evolutionary algorithms [7], [21] and ap-

proximate algorithms [22], [23]. This paper focuses on evolutionary

algorithms due to their effectiveness in handling large-scale problems

with discontinuous and or irregular solution spaces [8], [24], [25].

A. Evolutionary algorithms for Multi-objective Optimization

A Pareto-optimal solution can be determined using evolutionary

algorithms, such as popular NSGA-II [26] or MOEA/D [21]. These

algorithms follow a typical evolutionary algorithm scheme, in which

populations are evolved in generations by applying crossover, muta-

tion and selection operators. NSGA-II applies the concept of solution

dominance explicitly as the solutions with lower dominance ranks are

selected to form the population in the following generation. In case

of comparing the solutions with the same dominance rank, the one

with a higher Crowding Distance is selected, whereas the Crowding

Distance is a diversity preserving mechanism [27].

In the MOEA/D algorithm proposed in [21], an M -objective

function F (x) = (f1(x), . . . , fM (x)) is decomposed into a set

of single-objective subproblems, where the number of subproblems

is an algorithm’s parameter. The decomposition techniques can be

based on the weighted sum, penalty-based boundary intersection,

or Tchebycheff approaches. The subproblems can be solved by

employing a single-objective evolutionary algorithm, for example

with the one-point crossover operator and the standard mutation

operator, as in the original MOEA/D proposal. An optimal solution

to any of these subproblems is a part of Pareto-optimal vector of the

original multi-objective problem F (x). However, the subproblems are

not solved independently, as MOEA/D benefits from the observation

that the subproblems close to each other according to the Euclidean

distance between their weight vectors tend to be similar. Thus, it is

more beneficial to cross the individuals of neighboring subproblems,

where the neighborhood size is treated as an algorithm’s parameter. A

population includes the best solutions to all subproblems fi(x) found

during the optimization problem. With weight vectors fixed before-

hand, diversity is inherently maintained and the costly Crowding-

Distance calculation becomes unnecessary, e.g., the NSGA-II [26].

B. Island-based Optimization Framework on Cloud

The research into multi-population optimization frameworks is

broad [10], [11], [28], [29]. To design effective Evolutionary Al-

gorithms (EAs), it is necessary to preserve population diversity [19].

The Island Model (IM) has been proposed for reaching this objec-

tive [10], dividing the population into isolated groups called islands,

each evolving independently. For instance, [11] presents a multi-

population ant colony system for a bi-objective optimization problem,

where each colony (island) minimises one objective. Communication

between islands typically employs the migration operator, transferring

the best individual from one island to another to enhance diversity.

In [28], [29], advanced migration strategies are explored. [28] intro-

duces the Gene Pattern Based Island Model (GePIM), which replaces

traditional migration with Linked Gene Groups Migration (LGGM).

LGGM exchanges building blocksÐidentified via a lightweight

linkage learning methodÐinstead of full individuals. Alternative

migration methods are also proposed, such as probabilistic model

exchange in [29].

Evolving multiple populations in a nearly independent manner

enables parallel processing of each island [12]. In heterogeneous

cloud environments, variable node latencies slow each GA generation;

asynchronous GAs avoid global barriers and thus scale better [4],

[13]. [30] evaluated several multi-objective evolutionary strategies

for P2P networks, including diverse migration policies and island

connectivity patterns. This paper investigates a similar approach,

integrating advanced GA techniques with linkage learning for a real-

world manufacturing problem. For distributed deployment, we use

containerization as suggested in [31], orchestrated by Kubernetes.

Each container hosts one GA island and communicates via the Redis

database instead of the RabbitMQ message broker used in [31].

As described in Section I, the process planning and scheduling

phases in smart factories have distinct computational demands com-

pared to the manufacturing phase, making them ideal candidates for

cloud-based optimization. To realize this potential, prior research [5],

[9], [32], [33] has focused on developing the theoretical foundations

and infrastructure for cloud-based island models in manufacturing.

Leveraging a domain-specific ontology [32], a scalable cloud-ready

digital twin was validated in [9]. Building upon this foundation, this

paper focuses on designing a novel asynchronous island-based GA

framework to enhance optimization performance.
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C. Linkage Learning in Evolutionary Algorithms

An optimization problem is often expressed as f(x) =
∑

j
fj(xIj ), where f(·) is the objective function, x is the genotype

with a size of n (i.e., an individual solution), fj(·) is a sub-objective

that depends on certain genes in the individual, Ij is a subset of

{1, ..., n}. The Ij subsets may be disjoint or not [34]. If two variables

are the arguments of the same subfunction fj , then we state that they

are directly dependent. Genes without direct interaction can still be

indirectly coupled through shared intermediaries.
In Gray-box optimization [14], the complete inter-dependencies

between genes (variables) are known a priori, this knowledge is used

to propose new recombination operators [35], [36] and perturbation

operators for Iterated Local Search [37].
In Black-box optimization, the knowledge about gene dependencies

remains unknown. However, it is as useful as in the Gray-box

case in terms of the optimization quality. Linkage learning is a

group of techniques for discovering gene dependencies in black-box

optimization. Linkage learning is a part of many state-of-the-art GA-

based optimizers for a wide range of problem domains, including

binary problems [16], [17], non-binary discrete problems [38], [39],

permutation-based problems [40], [41], and problems encoded by

real-valued genotypes [42]. The evolutionary algorithms that employ

linkage learning are also the state-of-the-art methods in solving multi-

objective problems [24], [43].
To discover the gene dependencies, many state-of-the-art EAs use

Statistical Linkage Learning (SLL) that is based on the idea of

Dependency Structure Matrix (DSM) [44] (see Equation (1) where

X and Y are random variables).

I(X;Y ) =
∑

x∈X

∑

y∈Y

p(x, y) log2
p(x, y)

p(x)p(y)
(1)

From the pairwise-dependency DSM, hierarchical clustering pro-

duces a linkage tree whose internal nodes encode nested gene inter-

actions. The main disadvantage of SLL is that it does not provide any

guarantee for the correctness of the reported gene dependencies. That

is, the SLL can report the false linkage in which the two genes are

actually independent [16]. This flaw reduces optimizer efficacy [15].

Furthermore, DSM-using EAs were shown highly effective in solving

multi-objective problems in binary domains [24], [43]. Note that

multi-objective problems may be interpreted as a group of single-

objective problems [43]. Thus, in multi-objective optimization, it

is necessary to maintain many linkages that refer to various parts

of the Pareto front. To obtain this, Multi-Objective GOMEA (MO-

GOMEA) [43] clusters its population at every method’s iteration

concerning the part of the Pareto front they refer to. In Multi-

Objective P3 (MO-P3) [24], the same objective (obtaining an effective

individual mixing operator facilitating the optimization of various

parts of the Pareto front) is obtained differently. Instead of clustering

the population, MO-P3 takes advantage of the high linkage diversity

inherited from P3, which is its core idea. Note that MO-GOMEA

and MO-P3 have significantly outperformed the well-known multi-

objective optimization EAs (e.g., NSGA-II [27] and MOEA/D [21])

on a wide set of theoretical problems [24], [43]. Their significant

superiority was also observed for practical problems [24].
In addition, researchers proposed the Linkage Learning based on

Local Optimization (3LO) method [16], as is shown in Figure 1. By

perturbing a gene within an individual and employing synchronous

hill-climbing optimization on both the original and perturbed in-

dividuals, this method identifies dependencies by comparing their

optimized genotypes, thereby constructing high-quality linkage in-

formation. However, a major drawback of this method is the high

computational cost of linkage discovery, which limits its applicability

to large-scale real-world problems.

𝑥⃗:

𝑥⃗("):

1 1 ... 0 ... 0 1

1 1 ... 1 ... 0 1

𝜂th

𝑜𝑝𝑡(𝑥⃗):

𝑜𝑝𝑡(𝑥⃗(")):

0 1 ... 0 ... 1 1

0 0 ... 1 ... 0 1

𝜂th

Linkage Scrap

𝐿𝑆𝑐𝑟𝑎𝑝(𝑥⃗, 𝜂): * 1 ... 1 ... 1 *

Disturb the 𝜂th gene

1st 1st

FIHC

Fig. 1: An illustration of the 3L0 (the blocks in grey indicate genes

that are changed in each step).

D. Exact, Matheuristic, and Learning-based Methods

Besides evolutionary algorithms, extended flexible job-shop

scheduling problems have also been studied using non-GA ap-

proaches, including exact methods, matheuristic methods, and

learning-based methods. These methods represent important research

directions and can be effective under suitable modeling and computa-

tional assumptions. However, their applicability as direct baselines for

the problem studied in this paper is not straightforward, because the

considered problem combines heterogeneous discrete decisions, mu-

tually exclusive shared manufacturing resources, and multi-objective

evaluation through an analytical plant model.

Exact methods include mixed-integer linear programming

(MILP) [45], constraint programming (CP) [46], and branch-

and-bound/branch-and-cut based search [47]. These methods are

valuable because they can provide optimality certificates, lower

bounds, or optimality gaps for small and medium-sized instances

when the scheduling problem can be expressed by a compact

mathematical or logical formulation. They are therefore often used

for model validation, benchmark generation, or solving simplified

variants of job-shop and flexible job-shop scheduling problems.

However, applying such methods to the problem considered in

this paper would require a full solver-accessible reformulation

of the analytical plant model. In particular, machine assignment,

manufacturing-way selection, priority-induced sequencing, and

mutually exclusive shared-resource constraints would have to be

encoded using additional binary variables, disjunctive constraints,

indicator constraints, big-M constraints, or CP global constraints. For

a multi-objective setting, repeated scalarizations or other Pareto-front

construction mechanisms would also be required. As the number of

jobs, machines, manufacturing ways, and shared-resource conflicts

increases, the resulting branch-and-bound or branch-and-cut search

space can grow rapidly, making the wall-clock time required for

repeatedly solving many instances impractical. Therefore, although

exact solvers such as CPLEX [48] and OR-Tools [49] are useful for

small-scale verification or bound computation, they are not adopted

as direct computational baselines for the large-scale multi-objective

experiments in this work.

Matheuristic methods combine mathematical programming with

heuristic search to improve scalability [50], [51]. Typical strategies in-

clude solving relaxed subproblems, using mathematical programming

inside a neighborhood search, or decomposing a large scheduling

problem into smaller solver-based components. Compared with pure

exact methods, matheuristics can reduce the computational burden

and exploit problem structure more effectively. Nevertheless, their

performance usually depends on a problem-specific decomposition,

relaxation, neighborhood definition, or repair mechanism. For the

problem studied here, designing such a matheuristic would require

exposing the internal structure of the analytical plant model and

developing dedicated subproblem formulations for machine assign-

ment, manufacturing-way selection, sequencing, and shared-resource

resolution. This would constitute a separate problem-specific solver
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rather than a general baseline for evaluating the proposed migration

mechanism.

Learning-based scheduling methods are gradually being applied

in dynamic and complex scheduling environments. These methods

learn a mapping from system states to scheduling decisions and can

replace or enhance manually designed dispatching rules. Existing

studies often formulate scheduling as a Markov decision process or a

graph-based decision problem, and use deep reinforcement learning

(DRL) [52], graph neural networks (GNNs) [53], or multi-agent

reinforcement learning [54] to learn job selection, machine assign-

ment, or sequencing policies. For example, DeepRM [55] shows that

a scheduler can learn resource-allocation policies from experience,

while GNN-based methods can exploit graph-structured representa-

tions of tasks and operations [56]. Deep multi-agent reinforcement

learning has also been explored for decentralized scheduling decisions

under dynamic environments [57]. Despite their potential, learning-

based methods are not directly comparable to the proposed method

without a substantial additional training and modeling pipeline. First,

they usually require a large number of training instances or repeated

interaction with a reliable simulator, and this training cost is separate

from the final online decision time. When each evaluation is obtained

from a plant-level analytical model, the cost of generating sufficiently

diverse training trajectories can become substantial. Second, their per-

formance can be sensitive to the training distribution. A policy trained

on specific job topologies, machine configurations, manufacturing-

way distributions, or resource-conflict patterns may degrade when

these elements change. Third, deep models are usually black-box

decision makers, which makes it difficult to diagnose scheduling

failures, explain why a specific machine or manufacturing way is

selected, or provide strict optimality or feasibility guarantees. These

issues are particularly relevant in industrial scheduling settings, where

robustness, interpretability, and constraint satisfaction are often as

important as average solution quality.

Based on the above discussion, exact, matheuristic, and learning-

based approaches are complementary to the proposed framework

rather than direct substitutes for it. The problem considered in

this paper is evaluated through an analytical plant model and con-

tains heterogeneous discrete decisions, including machine assign-

ment, manufacturing-way selection, and priority-based ordering under

mutually exclusive shared manufacturing resources. Therefore, this

paper focuses on improving a distributed evolutionary optimization

framework for a black-box/grey-box multi-objective scheduling prob-

lem, rather than designing a new exact solver, a problem-specific

matheuristic, or a trained scheduling policy. Within this framework,

the key research question is how inter-island communication should

be performed. The proposed linkage-based migration mechanism

addresses this question by exploiting empirical variable dependencies

during migration.

III. SYSTEM MODEL AND PROBLEM FORMULATION

As with [5], [7], [20], this work focuses on the Extended Flex-

ible Job-shop Scheduling problem (EFJSP). The EFJSP is a multi-

objective optimization problem that can be found in most manufac-

turing factories, which aims at minimising the total makespan and

monetary cost for producing a given amount of merchandise [20],

[58]. It is an extension of the traditional Job-shop Scheduling Problem

(JSP), in which each manufacturing task must be executed on a pre-

assigned machine [59]. However, in an EFJSP, a task can be executed

on a set of candidate machines, and the parallel tasks running on

different machines will require mutually exclusively shared resources

for processing. Compared to JSP, EFJSP better captures the realistic

features of the manufacturing factories, however, it also significantly

increases the complexity of the scheduling problem [33].

The considered EFJSP [7], [20] contains n tasks, τi ∈ Γ,

i = 1, . . . , n, that need to be executed in a plant equipped with m

machines, πj ∈ Π, i = 1, . . . ,m to produce the required goods. A

machine πj has two features: (i) the machine size δj and (ii) a set of

manufacturing ways Wj to execute τi. Depending on δj , a machine

πj has a specific subset of tasks that it can execute. A manufacturing

way wj,k ∈ Wj requires a specific shared resource that must be

accessed in a mutual-exclusively fashion, i.e., two machines cannot

execute simultaneously using the same manufacturing way k [20].

A task τi can be executed by a set of compatible machines in Π,

denoted as F (τi) ⊆ Π. The execution of τi on a compatible machine

πj ∈ F (τi) with a machine size δj and a manufacturing way wj,k ∈
Wj has an execution time eij,k and a monetary cost cij,k. That is, a task

can have various execution time and monetary costs, if being executed

on different machines (featured by the machine size) with different

manufacturing ways. Section VII presents a real-world example [5]

illustrating the execution time and monetary cost of manufacturing a

metal part using different machines and manufacturing ways.

For a given schedule S , each task τi is assigned with (i) an

allocation αi = {πj , wj,k} defining the machine πj (with a size

of δj) and the manufacturing way wj,k of τi’s execution; and (ii) a

unique priority prii of τi. The allocation αi = {πj , wj,k} determines

the execution time and the monetary cost of τi, i.e., eij,k and cij,k.

The task priority prii defines the execution order of tasks on each

machine, in which a task with a higher priority will be executed

first [20]. The priority can be optimized so that parallel tasks (on

different machines) with the same manufacturing way can be executed

at different time slots, avoiding the additional blocking caused by the

competition for the same shared resource [4].

With the allocation αi = {πj , wj,k} and priority prii defined, the

execution time eij,k, the monetary cost cij,k, the start time si, and a

finish time fi of each task τi in schedule S can be decided. First,

the eij,k and cij,k are determined directly by αi = {πj , wj,k}. Then,

the start time si can be obtained based on the priority ordering of

tasks on each machine. Finally, the finish time fi can be computed

by fi = si + eij,k. Based on the above, a schedule S can be

characterized by a makespan E (Equation (2)) and a total monetary

cost C (Equation (3)), representing the time and financial cost for

executing all the manufacturing tasks, respectively. The makespan is

computed as the latest finish time among all tasks. The total monetary

cost is the sum of the cost of executing all manufacturing tasks. For

a given schedule, the E and C (along with fi and wi
k,j of each task)

are evaluated under the analytical plant model presented in [9].

E = max
τi∈Γ

{

fi

}

(2)

C =
∑

τi∈Γ

{

c
i
j,k | αi = {πj , wk,j}

}

(3)

The optimization problem of the targeted manufacturing scenario

is formalised below. For a given set of manufacturing tasks Γ and

machines Π, the objective of the considered problem is to find a

schedule S such that the makespan E and monetary cost C can

be minimised. For each task τi ∈ Γ, the decision variables are

(i) the machine and the manufacturing way αi = {πj , wj,k} for

execution and (ii) the priority prii. The value range of πj is F (τi)
(i.e., τi’s compatible machines), the range of wj,k is Wj (i.e., the

manufacturing ways of πj ∈ F (τi)), and the range of prii is [1, n].

Given Γ, Π

Goal Minimise E, C

On {αi = {πj , wj,k}, prii | τi ∈ Γ}

s.t. ∀τi ∈ Γ : πj ∈ F (τi), wk,j ∈ Wj , prii ∈ [1, n]

∀τa, τb ∈ Γ, a ̸= b : pria ̸= prib

(4)

As described above, the objective of the considered GA is to

allocate and schedule the manufacturing tasks to machines so that
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𝜏1 𝛼1 𝑝𝑟𝑖1 …𝜏2 𝛼2 𝑝𝑟𝑖2 𝜏3 𝛼3 𝑝𝑟𝑖3 𝜏𝑛 𝛼𝑛 𝑝𝑟𝑖𝑛
Fig. 2: The gene encoding of an individual with n tasks.

both E and C can be minimised. Accordingly, the encoding has to

embrace both the spatial and temporal scheduling. Consequently, an

individual contains genes of two types, as shown in Figure 2. Let

ind denote the set of genes in a given individual. For n tasks (τ1
to τn) that need to be scheduled, the number of genes is equal to

2 × n. The odd n genes (e.g. α1 in the figure) indicates the target

machine and the manufacturing way of each manufacturing task,

i.e. ind2x+1 ∈ {∅, π1, . . . , πm}, where x ∈ {0, . . . , n − 1}. The

remaining n genes (prii in the figure) specify the priorities of the n

tasks, i.e. ind2(x+1) ∈ N, where x = 0, . . . , n− 1.

With the optimization problem and the gene encoding defined, a

multi-objective GA can be applied to minimise both the makespan

and the monetary cost, by producing the allocation and the priority of

each manufacturing task. However, as described in the above sections,

the traditional GA-based methods are becoming less effective due to

the complexity of the target problem. In the following sections, a

novel asynchronous island-based GA framework is proposed for the

considered manufacturing optimization problem, in which each island

is an independent GA instance that optimizes the target problem (i.e.,

Equation (4)) with asynchronous inter-island communication sup-

ported. Then, a fine-grained communication method is constructed,

which only migrates the highly-dependent gene groups in one indi-

vidual based on empirical linkage learning. Combining the above,

we present a complete island-based GA framework that realises

asynchronous GA islands with effective inter-island communication

to improve the optimization quality.

IV. ASYNCHRONOUS ISLAND MODEL OF THE CLOUD-BASED GA

This section presents the asynchronous island model for the

proposed cloud-based GA. First, the asynchronous island model of

the proposed GA framework is constructed in Section IV-A. Then,

a series of individual-based migration methods are presented in

Section IV-B, to improve the optimization performance of the pro-

posed asynchronous IM-based GA. Finally, a cloud-based computing

architecture is described in Section IV-C for the deployment of the

proposed GA framework on the cloud.

A. Asynchronous Island-based GA Framework

In IM-based GAs, evolution is performed independently over a

number of subpopulations (i.e. islands), where each island is opti-

mized by an independent local GA instance. The classic IM follows

a fully synchronous master-slave architecture: the iterations on all

islands begin at the same time, triggered by a master node, and the

iteration completion of all islands is synchronised with a barrier [4].

However, under this synchronous model, the early-finishing islands

have to wait for the late-finishing ones in each iteration, which

significantly undermines the effectiveness of the GA framework.

In this section, we propose an asynchronous island-based GA

optimization framework which removes the need for frequent syn-

chronisations but still allows the exchange of migrants. In the

asynchronous island-based GA framework, each island maintains

its own subpopulation. The GA engine in each island is executed

asynchronously and does not communicate directly with each other.

Instead, it uploads the non-dominated individuals it has found to a

repository shared among all islands, implemented as a lightweight

database (refer to as DB hereinafter). The non-dominated individuals

stored in the DB by a given island can then be used by other islands

Algorithm 1: Asynchronous island-based GA framework

inputs: I: number of iterations; P : number of individuals per island;
S: number of stages; R: iteration number in a local optimum;
QI: quality indicator; M : number of migration operations;
DB: the central database that stores the PFA of all islands;

1 PFA = ∅, c = 0;
2 initialise a GA instance with P individuals;
3 for s=1,...,S do

4 execute the GA instance for I iterations;
5 add new non-dominated solutions (if any) into PFA;
6 if QI value of PFA obtained in stage (s) is not higher than

that of stage (s-1) then

7 c = c+ 1;
8 for m=1,...,M do

9 migrate an individual to the local population
(Algorithm 2 or Algorithm 3);

end

10 if c == R then

11 c=0;
12 update the DB with the current PFA;

end

end

end

13 update the DB with the final PFA;

to modify their current populations. By doing so, we enable the asyn-

chronous communication between the GA islands. The optimization

of an island stops after evolving a predefined number of generations.

Algorithm 1 describes the execution of an asynchronous island-

based GA. The island is created with an empty local Pareto front

approximation set (denoted as PFA) and an initial population with

P individuals (lines 1-2). The island runs for S stages, and in each

stage the GA instance executes for I iterations (lines 3-4). When a

GA island finishes I iterations in each stage, it updates its PFA

with new non-dominated solutions (if found, line 5). Then, a quality

indicator is employed to evaluate the quality of the current PFA. If

the quality of the PFA is not improved compared to the last stage

(line 6), M migration operations are triggered, and each operation

uses one individual of a remote PFA in the DB to modify the

current population (line 8-9). In addition, if the quality of the PFA

has not been improved for R iterations (i.e., has reached a local

optimum), the current PFA of the island is updated to DB by

overwriting the previous PFA of the same island stored in the DB

(lines 10-12). When an island finishes execution, its PFA is updated

to DB as the final result obtained by this GA island (line 13). Finally,

when all islands are finished, the non-dominated individuals among

all PFAs in the DB from all islands are reported as the Pareto front

approximation of the target problem.

As described in Algorithm 1, an island can perform the migration

operation, i.e., using the stored non-dominated individuals from

another island to modify its current population at certain time

points. In this work, we propose two approaches for migrating

individuals between islands. The first method migrates complete

individuals based on predefined selection and replacement operators

(Section IV-B). The second method takes a deep examination of an

individual to identify and migrate groups of highly dependent genes

using empirical linkage learning techniques (Section V).

B. The Individual-based Migrations Between Islands

The individual-based migration is performed by a selection opera-

tor select op and a replacement operator replace op. Algorithm 2

presents the working mechanism of the individual-based migration.

For a local island that performs a migration operation, it randomly



6

Algorithm 2: The individual-based migration

inputs: DB: central database; POP : population of a local island;
select op: select an individual in a remote FPA in DB;
replace op: find an individual in the POP to replace;

1 ind select = null; ind replace = null;
2 remote PFA = a randomly-chosen remote PFA in the DB;
3 switch select op do

4 case generic:
5 ind select = a newly-generated individual;
6 case random:
7 ind select = a randomly-chosen individual in

remote PFA;
8 case best:
9 ind select = the best individual from remote PFA,

based on the proximity to the ideal point (0, 0);
10 case diversity:
11 ind select = the most diverse individual from

remote PFA, based on the Crowding Distance;
end

12 switch replace op do

13 case random replacement:
14 ind replace = a randomly-chosen individual in POP ;
15 case worst replacement:
16 ind replace = the worst individual in POP , based on

the proximity to the ideal point (0, 0);
end

17 add ind select to POP and remove ind replace in POP ;

chooses a remote PFA in the DB (i.e., remote PFA) as the

source of the migration (line 2). The selection operator selects an

individual from the remote PFA as the migrant based on a pre-

defined selection strategy (lines 3-11). Then, the replacement operator

identifies an individual to be removed in the current population

(POP ) of the local island using a pre-defined replacement strategy

(lines 12-16). Finally, the migration is finished by replacing the local

individual with the selected migrant. Below we describe the selection

and replacement strategies in detail.

Four strategies for realising the selection operator are considered,

as enumerated below. Note, as the optimization problem targeted in

this work focuses on minimising both the makespan and monetary

cost, the ideal point can be effectively set as (0, 0) to allow the

evaluation of an individual during migration.

± Generic selection does not perform the actual selection from

the remote PFA, but instead, it randomly generates a new

individual as the migrant (lines 4-5). This strategy serves as the

performance baseline for the remaining selection operators.

± Random selection randomly selects a solution from the

remote PFA (lines 6-7).

± Best selection selects the best solution from the remote PFA

(lines 8-9). The solution quality is evaluated by the proximity

to the ideal point.

± Diversity selection selects the individual from remote PFA

which has the highest diversity based on the Crowding Distance

(CD) value [27]. The CD measures the average distance between

the solution and its two closest neighbours (lines 10-11).

Then, to maintain a fixed size of the population in each island,

a replacement operator must be applied during the migration. This

paper considers the following two replacement strategies:

± Random replacement removes a randomly-selected solution in

the POP of the current island (lines 13-14).

± Worst replacement removes the worst solution in the POP , in

terms of the proximity to the ideal point (lines 15-16).

By combing the above selection and replacement strategies, we

provide, in total, eight individual-based migration methods that can

Cloud-based GA Optimisation Service

Data CacheGA Data Service

NoSQL

In
g

re
s
s

Islands

…

GA island container with Java implementation

Fig. 3: The cloud deployment of the island model

be pre-configured before the optimization process.

C. Cloud Deployment

To deploy the above asynchronous island-based optimization

framework in the cloud, an architecture is developed based on Docker

and Kubernetes. This enables us to leverage the managed Kubernetes

services from these cloud providers, rather than locally installed

on-premises. By creating multiple instances of service components,

Kubernetes automatically handles the load balancing and re-starts a

faulty container once detected. This approach enables the proposed

algorithm to be highly available during the operation.

The proposed distributed framework is not intended to replace

lightweight single-machine optimization for very small instances.

Instead, it targets larger-scale and repeated EFJSP optimization

scenarios, where maintaining multiple GA islands as a reusable

cloud service can provide scalable computational resources. In such

a deployment, container startup is a one-time cold-start cost, and

islands can be kept alive to serve multiple optimization requests.

Therefore, the main runtime concern is the optimization process itself

rather than repeatedly starting containers for each request.

The proposed architecture contains three major components, as

shown in Figure 3. First, the GA Data Service (data tier)

is responsible for the data communication between islands and storing

the data in a persistent data storage. Second, the Data Cache is

used to reduce the response time when the data service reads/writes

data from/to the persistent storage. Third, the GA Island executes

the proposed GA either on a managed cluster or on-premise.

The GA Data Service is the core component that handles data

exchange between islands. It is highly available and automatically

scales out/in according to the load of the requests from the GA

islands. The data cache is designed to use a distributed key/value

storage and is implemented by a Redis cluster, which supports both

high availability and fast data exchange. The micro-service architec-

ture employed by the proposed solution decouples the components

so that the whole solution can be easily deployed to any distributed

system. This enables the proposed solution to be provided as a

cloud service by cloud providers and requires the minimum possible

maintenance. The GA Island are implemented by Java, which

communicates with the GA Data Service via REST API from within

the cluster or outside of the cluster through the ingress.

All components follow the micro-service architecture which de-

couples the components by exposing their functionality using well-

documented APIs following the RESTful [60] style. Consequently,

the proposed solution can be easily provided as a cloud service and

requires limited maintenance efforts.

V. MIGRATION USING EMPIRICAL LINKAGE LEARNING

As presented in Section II-C, the use of linkage learning may

lead to reaching excellent results in multi-objective optimization [24],
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Algorithm 3: Migration using Empirical Linkage Learning

inputs: ind: individual to discover the linkage from;
destInds: individuals to receive the migrated building blocks;

1 linkScraps← empty;
2 order ← GenerateRandomPermutation();
3 weights← GenerateRandomWeights();
4 optInd← OptGreedy(ind, weights, order);
5 for g = 1, ..., n do

6 distInd← ind;
7 distInd[g]← randomMachineFor(g);
8 optDistInd← OptGreedy(distInd,weights, order);
9 linkScraps← linkScraps+ Diffr(optDistInd, optInd);

end

10 linkageTree← CreateLT(linkScraps);
11 for each recInd in destInds do

12 migrWeights← GenerateRandomWeights();
13 recInd← OptimalMixing(recInd, ind, linkageTree);

end

[43]. Additionally, the recently proposed empirical linkage learning

techniques (that never report the false linkage) support linkage of high

quality that may be decisive for effectively solving many GA-hard

problems [16], [17], [41]. Finally, migration operators that exchange

problem decomposition models [29], or information obtained using

these models [28] seem to be highly promising. Therefore, motivated

by the above research, we propose an empirical linkage learning

technique dedicated to the considered EFJSP problem. To the best of

our knowledge, this is the first empirical linkage learning technique

dedicated to multi-objective optimization. Based on this technique,

we propose a novel migration operator using the empirical linkage

learning, employed by an IM applied to solve the considered practical

problem. The experiments show that the proposed migration method

with empirical linkage learning significantly outperforms IMs using

other migration operators and MOEA/D which is the EA dedicated

to multi-objective optimization.

A. Empirical Linkage Learning and Migration based on Linkage

For the EFJSP problem considered in this work (see Section III,

there often exist different groups of genes, each of which contains

genes heavily dependent on each other, i.e., a value change of

one gene affects the optimal value of another gene. For example,

manufacturing tasks with different characteristics (e.g., size of the

product) must be executed on different groups of machines. Thus,

the scheduling and allocation decision of a given task can only

affect tasks which share the same product size. In this context, we

propose a finer-grained migration based on the empirical linkage

learning technique. named the linkage-based migration. In contrast

to the individual-based migrations, which always migrate a complete

individual, this method examines and identifies genes with a high

dependency in one individual, and only migrates such highly de-

pendent genes to the destination island. The linkage-based migration

is inspired by the 3LO [16] technique. Since 3LO was originally

proposed for binary domains, we introduce the following three major

modifications to adjust it to the optimization problem considered in

this paper.

First, 3LO uses the First Improvement Hill Climber (FIHC) [16],

[44] as a local optimizer. In binary search spaces, this is equivalent to

choosing the gene value leading to the highest fitness. This statement

is not necessarily true for non-binary discrete search spaces. Thus,

instead of FIHC, we use the greedy optimization algorithm that

considers all available gene values for the optimized gene and chooses

the one that refers to the highest fitness.

TABLE I: An example of DSM generated from linkage scraps

Gene number 1 2 3 4

1 X 2 0 0
2 2 X 1 1
3 0 1 X 2
4 0 1 2 X

Fig. 4: The linkage tree for DSM from Table I

Second, the gene encoding of each individual is represented as

(α1, p1, α2, p2, ..., αn, pn), where αi is the machine the ith task is

allocated to together with the machine manufacturing way and pi
influences the task order in the production plan on that machine.

Although, recently, an empirical linkage learning technique was

proposed for permutation-based problems [41], there is no 3LO

version for such problems. Therefore, in the proposed linkage-based

migration, we only discover linkage for genes that specify the

designated machines and their modes (marked as αi). The linkage

discovery and migration of the priority-based part of the genotype

will be addressed in future work.

Third, since EFJSP is multi-objective, for each 3LO procedure,

we randomly choose a weight vector to transfer the problem into

its single-objective counterpart temporarily for the duration of the

3LO linkage discovery procedure. Note that a similar mechanism

of temporal multi-objective problem transformation into a single-

objective problem was employed in MO-P3 [24] (see Section II-C).

The procedure of the proposed linkage-based migration is given

in Algorithm 3. The entry information is an individual (ind) whose

building blocks will be migrated and the set of individuals from the

destination island that will receive the building blocks (destInds).

First, 3LO is executed to discover the linkage from ind (lines 1-

9). We generate a random optimization order (line 2) and weights

(line 3) to make the problem single-objective during the linkage

discovery procedure. Then, we disturb each gene in ind (line 7)

and compare the optimized genotypes of ind and distInd to obtain

linkage scraps (lines 8-9). Then, we use the obtained linkage scraps

to create a linkage tree (LT) (line 10). Finally, for each destination

individual (recInd), we randomly choose the weight vector (line 12)

and perform the optimal mixing (OM) [16], [44], [61]. For OM, we

use the migrWeights to make the problem single-objective, ind as

a donor individual and linkageTree to obtain linkage genes groups.

B. Running Example

To illustrate the working mechanism of the proposed linkage-

based migration in detail, let us consider the following example.

We examine a problem instance with 4 jobs and 3 machines. The

donor individual is ind = (2, 0.1, 1, 0.3, 3, 0.2, 1, 0.5), in which

each odd gene refers to the machine (and its manufacturing way)

that the job will be allocated on and each even gene indicates the

order the task is inserted into the production plan on that machine.

In the 3LO dedicated to the EFJSP problem, we consider only those

genes that refer to machines (i.e., the odd genes). We assume that

optInd = (3, 0.1, 1, 0.3, 4, 0.2, 1, 0.5), in which the genotype of ind

is greedily optimized in a random order (line 4 in Algorithm 2).

Now we disturb each allocation gene and obtain a linkage

scrap for each disturbed gene (lines 5-9 in Algorithm 2). Let

us assume that the disturbance of the first gene resulted in
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TABLE II: Example configuration of a manufacturing part

Part
Machine

size (MS)
Manufacturing

Way (MW)

Cutting
time
(min)

Wire
cost

per part
($)

Machine
cost

per part
($)

Total
cost
per
part
($)

P1

Small
Small
Small
Small

Medium
Medium
Medium
Medium

...

1
2
3
4
1
2
3
4
...

2833.5
2956.2
3042.1
3174.1
2033.5
2156.2
2242.1
2674.1

...

28.1
28.1
28.1
28.1
30.2
30.2
30.2
30.2
...

164.0
140.3
147.8
136.8
242.9
208.4
196.1
189.0

...

192.1
168.4
175.9
167.0
273.1
238.6
237.1
230.0

...

distInd = (2, 0.1, 1, 0.3, 4, 0.2, 1, 0.5), and optDistInd =
(2, 0.1, 2, 0.3, 1, 0.2, 2, 0.5) (the different gene values in optInd

and optDistInd are marked in bold). Thus, the linkage scrap

discovered for such optInd and optDistInd will mark the fourth

and sixth genes as being dependent and may be represented as

(∗, ∗, 1, ∗, 1, ∗, 1, ∗), where ∗ and 1 refer to genes not included and

included in the linkage scrap, respectively. Since 3LO dedicated to

EFSPJ considers only the genes referring to machines, the linkage

scrap reduced to these genes is equal to (∗, 1, 1, 1). Let us assume

that for ind we have discovered the following set of linkage scraps:

(∗, 1, 1, 1), (1, 1, ∗, ∗), (∗, ∗, 1, 1), (1, 1, ∗, ∗).
With gene scarps obtained, the DSM and the LT can be constructed

(line 10 in Algorithm 2). For each gene pair contained in a single

linkage scrap, we increase the appropriate DSM entry by one. For

instance, for linkage scrap (∗, 1, 1, 1) we shall increase the entries

that refer to the following gene pairs: (2,3), (2,4), and (3,4). Finally,

the DSM that shall be created on the base of the collected scraps

is presented in Table I. The strongest relations occur between genes

(1,2) and (3,4). On the other hand, no direct relation was discovered

between genes (1,3) and (1,4). For DSM presented in Table I, the

corresponding LT is created by the following steps. First, the leaves

referring to genes 2 and 3, and 1 and 4 are joined because they are

the most dependent. Then, the nodes that contain pairs (2,3) and (3,4)

will be joined, resulting in LT presented in Figure 4.

Finally, the nodes from LT will be used during the Optimal Mixing

(OM), in which ind will be a donor, and the individuals from

another island (destInds) will receive the information (line 11-13 in

Algorithm 2). For each OM operation, we randomly choose a weight

vector to make the problem single-objective. In OM, we use all LT

nodes (except for the root) as crossover masks and insert genes from

ind to recInd. There are three possible results for this insertion oper-

ation. First, if this operation improves fitness, we preserve the change

and finish OM. Second, if the insertion changes an individual, but the

fitness remains the same, we preserve the change and continue OM.

Third, in case the insertion decreases the fitness, we revert the geno-

type change and continue OM. Let us consider the insertion example

in which we try to improve recInd = (1, 0.7, 2, 0.2, 3, 0.3, 1, 0.1),
with the donor individual ind = (3, 0.1, 1, 0.3, 4, 0.2, 1, 0.5) and

the LT node groups genes (2,3). The modified genotype is recInd =
(1, 0.7, 1, 0.2, 4, 0.3, 1, 0.1), in which the modified genes are marked

in bold and the linkage marks refer to only the allocation (odd) genes.

The version of 3LO proposed for the EFJSP problem enables 3LO

linkage discovery for non-binary discrete multi-objective problems.

Although our proposal ignores the priority part of the solution, the

use of 3LO and the proposed migration operator can significantly

improve the quality of the results, as shown in Section VI.

VI. EXPERIMENTAL RESULTS

The evaluation is based on a real-world industrial EFJSP scenario

rather than standard FJSP benchmarks suites. This choice is aligned

with the goal of this work, which is to optimize a manufacturing

problem with machine-size dependent compatibility, manufacturing-

way selection, monetary cost, priority-based scheduling, and mutually

exclusive shared manufacturing resources. These features are not

directly available in standard FJSP benchmark suites. Therefore, the

benchmark is scaled from the industrial instance to evaluate the

proposed method under different problem sizes while preserving

the structural characteristics of the target manufacturing scenario.

This clarification also defines the evaluation scope of this work as

the considered industrial EFJSP variant rather than generic FJSP

benchmark suites.

Experimental Setup: A real-world manufacturing optimization

problem [9] is employed for evaluation. The considered problem is a

typical example of the EFJSP defined in Section III and can be found

in discrete manufacturing factories [5]. The considered optimization

problem consists of a set of 14 metal parts to be manufactured in a

plant equipped with 3 Wire Electrical Discharge Machining (WEDM)

machines of different machine sizes (MS), ranging from small to

large. Each machine can operate in 4 manufacturing ways (MWs).

Table II gives a configuration example of one manufacturing part, P1,

which can be produced via 12 different approaches (i.e., combination

of MSs with MWs) with various cutting time and monetary costs.

A scaling factor κ ∈ [1, 8] is introduced to control the size of the

optimization problem. With κ > 1, the number of manufacturing

parts and the number of machines are scaled by κ at the same time.

Unless stated otherwise, the original problem size (κ = 1) is

applied and the optimization algorithm (Algorithm 1) is configured

as the same with that in [4], [5], [7]: the number of islands is set to

NoI = 5, the number of stages is S = 40, the population size

of an island is P = 50, the number of iterations in a stage is

I = 20, the threshold for triggering a DB update is R = 3, the

number of migration operations is M = 1, and each island stops

after executing S execution stages. For each experimental setting,

40 test cases are generated and each of them is evaluated under

the considered methods described below. In each test case, the same

initial population is ensured for each evaluated method to ensure the

fairness of the evaluation.

Competing methods: The evaluation is conducted by comparing

the following GA-based optimizers:

(i) MO-P3 proposed in [24];

(ii) Multi-Objective GOMEA (MO-GOMEA) in [43];

(iii) Gene Pattern Based Island Model (GePIM) proposed in [28];

(iv) NSGA-II in [62];

(v) the original MOEA/D proposed in [21];

(vi) the traditional island-based GA framework using MOEA/D

as the local optimizer without migration between the islands

(denoted as No-Mig);

(vii) the IM with eight individual-based migration variants pre-

sented in Section IV-B (denoted as R+S in which R indicates

the replace operator and S gives the selection operator, e.g.

worst+diversity);

(viii) the IM with the linkage-based migration proposed in Sec-

tion V-A (denoted as linkage).

In addition, we note that for the NSGA-II and the original

MOEA/D, their population sizes are set to the total population size

of an IM-based method (i.e. NoI×P ). For each MOEA/D optimizer

(including the IM-based ones), it is configured as with [7]: the

neighbourhood size (i.e., the T value in [21]) is set to 30% of

the population, the one-point crossover operator is applied, and the

mutation rate is set to 10%.

Quality Indicator and Ranking: To evaluate the Pareto Front ap-

proximations produced by the evaluated methods, two multi-objective

quality indicators (QI) are applied, namely the Inverted Generational

Distance (IGD) [63], and the Hypervolume (HV) [64]. The IGD is
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Fig. 5: IGD-based quality ranking of the evaluated methods.
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Fig. 6: HV-based quality ranking of the evaluated methods.

a frequently used QI that measures the most important aspects of

the PF: its width and quality [65]. However, we acknowledge that

the IGD is not Pareto-compliant [66]. Therefore, the HV is also

applied to provide a more comprehensive evaluation, which is one

of the most popular QIs that measure the space covered by a PF

approximation [65]. It is worth noting that for the target problem,

the reference PF or the ideal point is often infeasible to obtain in

real-world scenarios. Thus, the non-dominated individuals among the

solutions returned by all competing methods are set as the reference

PF to allow the use of IGD, whereas the reference point is set to

(0,0) (see Section IV-B) to enable the evaluation by HV.

In addition, to better illustrate the comparison under QIs with

different value ranges, the ranking system used in [5], [7], [67]

is applied in the evaluation, which reflects the quality of the PF

approximations obtained by the evaluated methods under a given

QI. For a set of evaluated methods in one test case, the methods

are ordered by the quality of their PF approximations obtained by

a given QI, and a method with a higher quality is assigned with a

higher ranking value, i.e., from 1 to 15 for fifteen competing methods.

As shown by the evaluation in [5], [7], [67], the rankings can be

evaluated by the statistical analysis for pairwise comparisons with

the Bonferroni correction taken into account.

A. Effectiveness of IM-based GA with Migrations

Figures 5 and 6 present the quality ranking of the optimization

results obtained by the evaluated optimization methods, with IGD

and HV applied, respectively. The individual-based migrations are

grouped by the replacement methods (e.g. replace worst in the x-

axis label) and the colors represent different selection operators (e.g.

diversity selection in green as shown in the legend).

Observation: Below we present the major observations for each

method, starting from the method with the lowest quality.

GePIM. GePIM obtains one of the lowest rankings under both

IGD and HV, with a performance level close to that of NSGA-

II. This observation indicates that directly applying linked-gene-

group migration is not sufficient for the considered EFJSP. Although

TABLE III: The average Hamming Distance ranking of individuals

in the final population.

MOEA/D

random random random worst worst worst

linkage+ + + + + +

random best diversity random best diversity

1.3 6.9 4.9 9.2 4.5 3.1 6.9 4.8

GePIM exchanges gene groups instead of complete individuals, its

lightweight linkage construction is less effective in capturing the cou-

pled dependencies induced by machine assignment, manufacturing-

way selection, priority-based ordering, and mutually exclusive shared

resources. As a result, the migrated gene groups may not consistently

represent beneficial building blocks for the considered EFJSP.

NSGA-II. First, we observe that NSGA-II is significantly outper-

formed by MOEA/D and the IM-based variants. Similar results have

been found in [7], [20].

MO-GOMEA. MO-GOMEA performs better than GePIM and

NSGA-II, but it is still outperformed by the proposed linkage-

based migration and the stronger IM-based variants. This is expected

because MO-GOMEA constructs linkage models through statistical

linkage learning and clusters the population according to different

regions of the Pareto front. While this mechanism is effective for

many multi-objective benchmark problems, it may become less

reliable for the considered EFJSP, where the genotype combines

allocation genes and priority-related genes and where the quality of a

solution is affected by resource conflicts and scheduling interactions.

In addition, clustering the population for different Pareto-front regions

reduces the number of samples available for linkage estimation in

each cluster, which may weaken the quality of the learned linkage

model.

MO-P3. MO-P3 achieves rankings close to No-Mig under both

IGD and HV. This suggests that the linkage diversity inherited from

P3 helps maintain a certain level of population diversity, but it does

not provide the same benefit as explicit inter-island migration in

the proposed framework. Unlike the proposed method, MO-P3 does

not exchange empirically discovered EFJSP-specific building blocks

between islands through asynchronous migration. Therefore, MO-

P3 can remain competitive with the island model without migration,

but it fails to benefit from the cross-island propagation of problem-

specific building blocks.

No-Mig. For the IM without migrations (i.e., the ªNo-Migº vari-

ant), it demonstrates the second lowest effectiveness among all

methods. Such an observation is expected because this method cannot

exchange information between islands, which maintains and evolves

on a number of separate subpopulations of a relatively small size, and

hence, is more vulnerable to premature convergence. This observation

highlights the necessity of effective migration strategies to realise

inter-island communication in an IM-based GA framework.

Individual-based migration. For the replacement operators, we

observe that the ones with the replace random are outperformed by

those applying the replace worst under the same selection operator in

a general case. This is expected with the underlying intuition that the

worst replacement can improve the general quality of the population

and facilitate the convergence by removing the worst individual [4],

[7]. As for the selection operators, the generic selection (i.e., the

baseline method) is outperformed by others as it simply generates

a new individual without any optimization, which is likely to be

dominated by the existing individuals in the population.

In addition, we observe the best selection is outperformed by

random selection and diversity selection, under the same replacement

operator. The reason is that always migrating the best solution

from another island (which is likely to be the same in several

iterations) would undermine the diversity of the entire population,

hence, resulting in a low optimization quality. This is justified by
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TABLE IV: The Average and Median ranking under IGD and HV of the optimization approaches.

κ = 1 Rank MO-P3 MO-GOMEA GePIM NSGA-II MOEA/D No-Mig

random random random random worst worst worst worst

linkage+ + + + + + + +

. . . new random best diversity new random best diversity

Avg.
IGD 6.3 3.775 1.45 1.85 9.575 6.875 7.825 8.25 8.7 9.65 10.25 10.925 10.4 11.475 13.3

HV 5.45 2.925 1.025 2.075 9.25 7.225 9.025 10.925 9.850 12.125 10.95 12.65 11.525 12.925 14.425

Med.
IGD 4.5 3.0 1.0 2.0 10.5 6.0 8.0 8.0 9.0 10.0 10.0 11.5 10.5 12.0 15.0

HV 4.0 3.0 1.0 2.0 9.0 6.0 9.0 11.0 9.5 12.5 11.0 13.0 12.0 13.5 15.0

TABLE V: The p-values for the null-hypothesis that the quality of results of the linkage-based migration is the same as competing methods.

NSGA-II MOEA/D No-Mig

random random random random worst worst worst worst

+ + + + + + + +

new random best diversity new random best diversity

5.5×10−17 2.0×10−9 1.3×10−14 8.4×10−14 4.5×10−9 4.5×10−13 4.2×10−8 2.7×10−13 1.1×10−6 3.8×10−11 5.4×10−4

Table III, which reports the Hamming Distance [68] of the genotype

of individuals in the final population of each method. As shown in

the table, the methods with the best selection operator demonstrate

the lowest Hamming Distance. Instead, the random selection and

diversity selection can improve the population diversity, hence, are

more beneficial for the optimization performance.

MOEA/D. As shown in the figure, the MOEA/D maintains a

population of a large size. Thus, it is less likely to converge

prematurely. Therefore, its results are competitive to the results

of IMs using individual-based migrations (see Figures 5 and 6).

However, we observe that under the HV indicator (Figure 6), the

quality of MOEA/D has the largest variation among all methods.

This indicates the quality of its final results largely depends on

the initial population. In contrast, the IM-based GA with migrations

can produce more predictable results. Furthermore, we observe that

the method worst+diversity outperforms MOEA/D under the HV. In

addition, compared to the IM-based methods, the original MOEA/D

requires significantly higher computation cost, due to the maintenance

of a large population size (see Table VII later in Section VI-C). In

contrast, in the proposed IM-based methods, each parallel optimizer

is applied on a small size of population and can communicate using

asynchronous migration. By doing so, the IM-based methods can (i)

effectively reduce the computation cost of the optimization process

and (ii) provide competitive results through effective inter-island

communication using migrations. As shown in Table VII with κ = 1,

to deliver the above results, the computation time of MOEA/D is

3.78x and 2.70x higher than that of the worst+diversity migration

strategy and the linkage-based migration, respectively.

Linkage-based migration. Finally, we observe that linkage-based

migration significantly outperforms all competing methods under both

quality indicators. This observation justifies the intuition that only

migrating the highly-relevant building blocks identified by empirical

linkage learning is more beneficial to the final optimization results for

two reasons. First, we exchange the important information reduced

to a building block (the beneficial values on certain inter-dependent

genotype positions) effectively. Second, thanks to the direct exchange

of building blocks, we omit migrating the whole individual, which

prevents the premature convergence (the single high-rated building

block is less likely to dominate the subpopulation than the whole

individual) while maintaining a good level of population diversity.

Therefore, the proposed linkage-based migration method can lead to

the optimization results of a higher quality.

Observation: Table IV summarises the average and median rank-

ing of all competing methods reported in Figures 5 and 6. From

the table we can first observe that the IM not employing any

migration is outperformed by all other methods. Among IMs using the

individual-based migrations, IM using the replace worst and diversity

selection operators (i.e., worst+diversity) is the most effective. It also

outperforms MOEA/D under the HV indicator. In addition, we can

observe that the IM with linkage-based migration outperforms all the

TABLE VI: The average IGD and HV quality ranking with scaled

computation time (ind.-mig. Ð the most competitive individual-based

method observed, i.e., the worst+diversity).

Time
IGD HV

MO-P3 NSGA-II ind.-mig. linkage MO-P3 NSGA-II ind.-mig. linkage

10s 6.2 1.9 11.0 13.2 5.5 2.1 13.2 13.9

20s 6.1 1.9 11.0 13.1 5.3 2.1 13.1 14.3

30s 6.2 1.9 10.9 14.0 5.4 2.1 12.8 14.4

40s 6.0 1.9 10.9 14.4 5.4 2.1 12.6 14.4

50s 5.8 1.9 11.1 14.2 5.3 2.1 12.5 14.6

60s 6.0 1.9 11.2 14.0 5.2 2.0 12.5 14.5

70s 5.9 1.9 10.7 14.3 5.4 2.0 12.1 14.5

80s 5.9 1.9 10.9 14.1 5.4 2.0 11.7 14.6

90s 6.0 1.9 10.2 14.1 5.2 2.1 12.0 14.6

100s 5.7 1.9 10.4 14.4 5.2 2.0 11.9 14.4
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Fig. 7: IGD-based quality ranking across different scales.

competing methods under both quality indicators. This again justifies

the effectiveness of the proposed linkage-based migration method.

To demonstrate the statistical significance of the improvements

obtained by the linkage-based migration, Table V shows the p-values

of the comparison between the linkage-based migration and each of

the other evaluated methods by the Wilcoxon signed rank test. The

null hypothesis is that there are no statistically significant differences

in the resulting quality between the compared methods. The results of

the statistical tests (with the Bonferroni correction taken into account)

with a 5% significance level confirm that the IM with linkage-

based migration outperforms the competing methods significantly.

In addition, we note that the obtained p-values are low, and can

confirm the supremacy of the linkage-based strategy also for lower

significance levels, e.g., 0.05%.

Observation: As described above, the linkage-based migration

performs best among all methods. However, in contrast to individual-

based migrations, the linkage-based migration requires a search al-

gorithm to construct the inter-dependencies of genes, i.e., the linkage

tree, which is more computationally extensive. To further justify the

effectiveness of this method, an experiment is conducted to compare

the MOEA/D, the best individual-based migration strategy observed

(i.e., worst+diversity, denoted as ind.-mig. for short), and the linkage-

based migration, under the same computation time. Table VI presents
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Scale

1 2 4 6 8 10 12 14 16

0

0.5

1

1.5

2

2.5

E
x
e
c
u
ti
o
n
	T
im
e
	(
m
s
)

#10
6

MO-P3 MO-GOMEA GePIM NSGA-II

MOEA/D No-Mig worst+diversity linkage

Fig. 9: The execution time across different scales.

the average quality ranking of both IGD and HV for the above

methods under scaled computation time. From this table, we can

observe that given the same computation time, the linkage-based

method still consistently outperforms all the competing methods

while the MOEA/D demonstrates the lowest quality. This observation

is also confirmed by the Wilcoxon signed-rank test at a significance

level of 5%, with the Bonferroni correction taken into account.

B. Scalability of the Proposed IM-based GA Framework

Figures 7, 8, and 9 report the quality ranking and execution time

of MO-P3, MO-GOMEA, GePIM, NSGA-II, MOEA/D, No-Mig, the

best individual-based migration variant (worst+diversity), and the

linkage-based migration as the problem size (κ) increases.

Observation: The above figures show that the linkage-based

migration achieves consistently better IGD and HV rankings than

MO-P3, MO-GOMEA, GePIM, NSGA-II, MOEA/D, No-Mig, and

worst+diversity across all considered problem sizes. This advantage

can be attributed to the linkage learning mechanism, which explicitly

captures the dependencies among decision variables and migrates

correlated variables jointly. Therefore, useful variable interactions are

better preserved during migration, while purely diversity-driven mi-

gration may disrupt such interactions and provide less effective search

guidance. The execution-time results in Figure 9 further show that

this improvement is obtained with additional computational overhead,

especially for larger problem sizes, because linkage identification and

linkage-guided migration introduce extra search cost.

Another observation is that MOEA/D outperforms worst+diversity

under all problem sizes with κ ≥ 2, indicating that decomposition-

based search provides more stable guidance than the heuristic

worst+diversity strategy when the problem size increases. These ob-

servations are consistent with the previous quality-comparison results,

where linkage-based migration achieved the best overall IGD/HV

performance and MOEA/D remained stronger than worst+diversity

for κ ≥ 2. In addition, we can also observe that GePIM and NSGA-II

yield the worst performance among all evaluated methods, which fail

to explicitly capture the coupling dependencies induced by machine
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allocation, manufacturing method selection, priority-based sorting,

and mutually exclusive resource sharing.

An interesting observation can be made for the linkage-based

migration and MOEA/D for κ = 2. In this case, the results by these

methods are similar while for κ ̸= 2, the linkage-based migration

significantly outperforms MOEA/D. The explanation for this obser-

vation is that for κ = 2, the MOEA/D can converge fast enough to

compete with the linkage-based migration. To verify this hypothesis,

for κ = 2 we increase the number of stages from S = 10 to S = 100
and report the resulting quality obtained at different stages under

HV. We consider four representative methods: the original MOEA/D,

No-Mig, the worst+diversity migration, and linkage-based migration.

For MOEA/D, an increment on S indicates an increase of 20 in the

number of iterations. The results reported in Figure 10 show that,

indeed, at the early computational stages MOEA/D converges faster

than the linkage-based migration. Then, after 40 stages (to recall,

the computation budget for the main experiments is 40 stages), the

MOEA/D and the linkage-based migration propose results of similar

quality. Finally, the linkage-based migration outperforms MOEA/D

for S > 40.

The above observations support the explanation for the results of

the MOEA/D and linkage-based migration in Figure 8, where the

MOEA/D has a faster convergence, and after which the algorithm

is getting stuck. On the other hand, although the convergence of

linkage-based migration is slower, this method can continuously

improve the results for a larger number of iterations. In effect,

when the computation budget increases, the linkage-based migration

significantly outperforms the MOEA/D.

To isolate the contribution of asynchronous execution, we fur-

ther compare the proposed asynchronous IM with its synchronous

counterpart under the same migration operators. Two representa-

tive migration strategies are considered: the best individual-based
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migration strategy, i.e., ind.-mig., and the proposed linkage-based

migration. In total, four methods are compared: Sync-IM+ind.-mig.,

Async-IM+ind.-mig., Sync-IM+linkage, and Async-IM+linkage. All

methods are evaluated under the same experimental setup e.g.,

population size, number of islands and number of stages.

Observation: Figures 11, 12, and 13 report the IGD value, HV

value, and execution time of the compared methods. The results

show that, under the same migration operator, the asynchronous

variants achieve better optimization quality than their synchronous

counterparts. Meanwhile, asynchronous execution generally reduces

execution time. This is because, in the synchronous island model,

migration is performed at synchronization points, and faster islands

may have to wait for the slowest island before exchanging migrants

and proceeding to the next stage. In contrast, the asynchronous

island model does not require such global synchronization; each

island can continue its search and perform migration when the

migration condition is reached. This reduces idle waiting time and

allows useful information to be propagated more promptly across

islands. Moreover, it seems that Async-IM with ind.-mig. and Async-

IM with linkage-based migration achieve comparable IGD and HV

values in this experiment. This is because the synchronous variants

produce much larger IGD values and lower HV values, the visual

scale of the box plots is dominated by the sync±async gap, which

makes the finer difference between the two asynchronous migration

operators less visually pronounced. Nevertheless, linkage-based mi-

gration still provides better optimization quality than ind.-mig. under

the asynchronous setting, because it transfers empirically discovered

EFJSP-specific building blocks rather than complete individuals. This

suggests that asynchronous execution mainly reduces synchronization

overhead and improves the timeliness of inter-island information ex-

change, while linkage-based migration further improves the quality of

the exchanged information. The additional execution time of linkage-
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based migration is caused by empirical dependency discovery. These

results confirm that the benefit of asynchronous execution mainly

lies in reducing synchronization overhead. In contrast, the difference

between ind.-mig. and linkage-based migration reflects the quality-

runtime trade-off of different migration mechanisms.

Sensitivity to the number of islands. To evaluate the sensitivity of

the proposed framework to the number of islands, we compared the

performance of representative methods across a range of NoI values

from 1 to 10. For a fair comparison, the total optimization budget

and other algorithmic settings are kept identical across different NoI

values.

Observation: Figures 14 and 15 report the IGD and HV rankings

under different NoI values. The linkage-based migration consistently

achieves high rankings across the tested island numbers, indicating

that its advantage is not tied to a specific NoI configuration. The

worst+diversity migration also shows relatively stable performance,

which confirms the robustness of the individual-based migration

strategy. In contrast, GePIM obtains relatively low rankings in most

settings. This is mainly because its linked-gene-group migration relies

on a lightweight linkage identification mechanism, which may not

accurately capture the complex gene dependencies in the considered

EFJSP. In this problem, the effect of each gene is jointly influenced

by machine allocation, manufacturing-way selection, task priority

ordering, and shared-resource constraints. Therefore, the linked gene

groups identified by GePIM may provide limited useful building

blocks for inter-island migration, leading to inferior optimization

quality.

The results also show an interesting trend for No-Mig. When

NoI = 1, No-Mig degenerates to a single-population optimizer,

where all individuals evolve together and useful genetic material can

be propagated within the whole population. Therefore, it performs

competitively in this setting. However, when NoI increases, the

population is divided into several smaller isolated islands. Since

No-Mig disables migration, these islands cannot exchange high-

quality individuals or useful building blocks. As a result, each island

has reduced search coverage and becomes more likely to converge
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prematurely, which explains the sharp performance degradation of

No-Mig when NoI > 1. This observation indicates that the benefit of

the island model does not come from simply increasing the number of

islands. Effective inter-island communication is necessary to exploit

multiple islands.

Increasing NoI does not monotonically improve the optimization

quality. A larger number of islands may increase population diversity

and communication opportunities, but it can also reduce the effective

search capability of each island and introduce additional migration-

related overhead. Therefore, the number of islands should be selected

by considering both optimization quality and execution cost. The

results justify the use of NoI = 5 in the main experiments and show

that the proposed linkage-based migration remains effective under

different island-model configurations.
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Fig. 16: Makespan-cost Pareto-front approximations of representative

methods and the reference Pareto front.

Pareto Front Construction and Visualization. The reference

Pareto front is constructed as the non-dominated union of all so-

lutions obtained from all evaluated methods over all independent

runs, including MO-P3, MO-GOMEA, GePIM, NSGA-II, MOEA/D,

No-Mig, all individual-based migration variants, and the proposed

linkage-based migration. This ensures the comparison is performed

against the best approximation available from the complete set of

evaluated algorithms.

Observation: The proposed linkage-based migration still achieves

the best IGD performance among all evaluated methods. To further

illustrate the quality differences beyond the indicator-based box plots,

Figure 16 visualizes the obtained Pareto fronts in the makespan-

cost objective space for representative methods, including MO-P3,

MO-GOMEA, MOEA/D, worst+diversity, and the proposed linkage-

based migration. The figure shows the trade-off curves between

makespan and monetary cost, while the zoomed-in region highlights

the differences among competing methods. From the results, the

proposed linkage-based migration produces solutions closer to the

lower-left region of the objective space, indicating better makespan-

cost trade-offs. Compared with MOEA/D and the best individual-

based migration variant, the proposed method improves the Pareto-

front approximation over a range of trade-off preferences rather than

a single objective.

C. Communication and Computation Overhead

Finally, we report the runtime communication, computation and

monetary cost of the proposed IM-based GA framework.

Observation: Figure 17 presents the numbers of DB updates

and migrations issued during the optimization process, under each

evaluated method. The importance of this metric stems from the

cloud communication overhead, as discussed later in this section, and

the effectiveness of the communications of each migration strategy.

As shown on the left-hand side of the figure, the new selection
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and best selection operators have led to a larger number of DB

updates and migrations than other selection operators, under both

remove operations. This indicates the islands under these operations

are more likely to get stuck at local optima but the migrations

are less prone to escape from the local optima. In contrast, the

diversity selection and the linkage-based migration have yielded

fewer communication requests than the above-enumerated operators.

This indicates their islands are less likely to get stuck at a local

optimal, and communications between islands can effectively boost

the optimization process.

Figure 18 reports the wall-clock time of all evaluated methods,

including the standalone baselines and the proposed IM-based vari-

ants. We observe that MOEA/D requires more wall-clock time than

the other methods. This overhead is not primarily due to a larger

population size, as all standalone baselines are configured with

comparable sizes. Instead, it stems from MOEA/D’s decomposition-

based neighborhood update mechanism, where each candidate so-

lution necessitates scalarised fitness calculations and update checks

across multiple neighboring subproblems. For the considered EFJSP,

each candidate evaluation is computationally expensive because the

genotype must be decoded into machine allocations, manufacturing-

way selections, task priorities, and a feasible schedule under shared-

resource constraints. Therefore, these additional update operations

lead to higher computation time than NSGA-II, MO-P3, and MO-

GOMEA. In contrast, the proposed IM-based methods optimize

smaller island populations and exchange information asynchronously.

The results also show that individual-based migrations have runtime

close to No-Mig, whereas the proposed linkage-based migration in-

curs higher overhead due to empirical linkage discovery and optimal

mixing.

Observation: Below we report the computation and monetary cost

for executing the proposed asynchronous IM-based GA framework

on the Amazon EKS cloud. The typical Amazon EC2 instances

with ECUs ranging from 13 to 68 were used as worker nodes in

the Amazon EKS cluster, where an ECU is a computing power of

a physical server with a 1.0-1.2GHz CPU. Table VII presents the

computation cost of the traditional MOEA/D, the individual-based
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TABLE VII: Average computation cost (in ms) of the GA frameworks

(κ =) 1 2 3 4 5 6 7 8

MOEA/D 61,564 73,416 120,064 186,440 241,204 366,448 560,544 639,296

ind.-mig. 16,280 18,400 30,384 45,408 62,008 90,228 111,404 152,976

linkage 22,800 30,308 61,920 89,492 174,556 358,812 491,688 560,544

migration (using worst+diversity as example) and the linkage-based

migration with κ ∈ [1, 8]. As shown in the table, the original

MOEA/D has the highest computation cost due to maintaining a

large population size, which is about 3.78x and 2.70x higher than the

individual-based and linkage-based migrations with κ = 1, respec-

tively. With the scale factor κ = 8, the execution of the algorithm has

taken about 639.3s with the original MOEA/D algorithm, which is

4.19x and 1.14x compared to that of the individual-based and linkage-

based migration, respectively. The above observations show that the

individual-based migrations have the lowest computation cost and are

more scalable than other evaluated methods in terms of computational

cost. In addition, the linkage-based migration outperforms the original

MOEA/D in terms of both better optimization results and lower run-

time overhead for all experimental settings.

In addition, it is worth reporting that the total monetary cost of

executing the algorithm once with any migration strategies using EC2

(including both the computation time and the data transfer) was lower

than 10 USD. Additionally, 0.10 USD was charged for an Amazon

EKS cluster hourly usage in October 2021. Please refer to https:

//aws.amazon.com/eks/pricing/ for the cost of using Amazon EKS.

As informed by the company formulating the real-world problem

addressed in this paper, these costs constitute only 0.02 percent of

the total production cost of the considered parts.

VII. CONCLUSION

This paper proposes a novel cloud-based optimisation framework

based on the asynchronous island model. Each island represents a

subset of the population that is evolved locally by a multi-objective

genetic algorithm optimiser. Aiming at preserving population di-

versity and improving optimisation performance, nine migration

strategies are proposed, including eight individual-based migration

methods that migrate complete individuals and a linkage learning-

based migration method that only migrates certain genes of the

selected individual. All proposed methods are implemented following

the micro-service architectural style and are deployed to a Kubernetes

cluster in Amazon EKS. The proposed methods are evaluated under a

real-world problem from a smart factory representing the branch. In

future work, we will investigate migration topologies different from

the fully connected graph used in this paper, e.g., a ring structure.

We will also extend the linkage learning technique to support the

permutation-based genes (e.g. priority of manufacturing tasks) and

the optimisation process of each island.
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