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 A B S T R A C T

As the dominant computing paradigm, cloud computing has become an ideal solution for processing large-scale 
computing applications, which are often decomposed into massive workflows. However, efficiently scheduling 
workflow tasks with complex dependencies and allocating appropriate virtual execution units on dynamically 
fluctuating resources remain significant challenges. Traditional heuristic algorithms often struggle to balance 
convergence speed and solution diversity when addressing such large-scale multi-objective optimization prob-
lems. In this paper, we propose a genetically-modified multi-population particle swarm optimization approach 
(GMPSO) for workflow scheduling in cloud environments, aiming to achieve a comprehensive optimization 
of makespan and energy consumption. GMPSO divides the swarm into fitness-based sub-populations and 
applies distinct genetic operators to each, combining the global search ability of genetic algorithms with 
the local refinement strength of particle swarm optimization. The (1) load-aware population initialization 
method, (2) differentiated multi-population search mechanism, and (3) adaptive genetic operator perturbation 
strategy significantly improve the search quality of GMPSO. We evaluate GMPSO on eight different scales 
of four types of workflows, and compare its performance with four state-of-the-art algorithms. Experimental 
results show that GMPSO achieves average improvements of 23.88% in inverted generational distance (IGD), 
15.77% in hypervolume (HV) ratio , and 26.01% in spread, demonstrating the excellent overall performance 
in makespan-energy optimization.
1. Introduction

With the widespread adoption of digital transformation and intelli-
gent application scenarios, the volume of computing tasks has grown 
exponentially, placing higher demands on computing service capabil-
ities. As a model that delivers computing, storage, and networking 
services over the Internet, cloud computing provides strong support for 
large-scale computing tasks [1]. By enabling on-demand subscription 
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mechanisms, it allows enterprises and users to flexibly scale resources, 
optimize system performance, and reduce operational costs.

In cloud computing environments, computing tasks are often or-
ganized through workflow models to improve execution efficiency. 
A workflow consists of an ordered set of computing tasks [2], each 
representing an independent computational unit whose execution order 
is determined by their mutual dependencies. Workflows are typically 
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modeled as directed acyclic graph (DAG) [3], where nodes represent 
tasks and edges denote the dependencies between the tasks.

Workflow scheduling is a critical technique for managing and op-
timizing the execution of computational tasks. It aims to ensure that 
all tasks are completed within the required time constraints while 
maximizing resource utilization [4]. Specifically, workflow scheduling 
focuses on two core aspects: determining the execution order of inter-
dependent tasks and assigning them to appropriate virtual execution 
units. The scheduling strategy is optimized by considering factors such 
as task priority, type, execution time, and system resources. As a typi-
cal NP-hard optimization problem [5], workflow scheduling generally 
lacks known polynomial-time algorithms for finding exact solutions.

Simple heuristic methods are typically based on greedy strategies, 
using predefined priority rules to determine the execution order of tasks 
and the allocation of resources, aiming to quickly generate feasible so-
lutions with low computational overhead. For instance, the Shortest Job 
First (SJF) algorithm prioritizes tasks with the shortest expected execu-
tion times to minimize average waiting time [6]; the Earliest Deadline 
First (EDF) algorithm schedules tasks according to their deadlines, 
making it suitable for scenarios with strict real-time requirements [7]; 
the Minimum Completion Time First (Min–Min) algorithm selects the 
task–resource pair with the shortest expected completion time among 
all combinations to improve overall execution efficiency [8]; while the 
Maximum Completion Time First (Max–Min) algorithm prioritizes the 
task with the longest earliest completion time, aiming to balance task 
completion times and prevent long tasks from slowing down overall 
progress [9]. With the advantage of fast decision-making, these algo-
rithms have achieved satisfactory performance in small-scale workflow 
scheduling. However, their optimization effectiveness heavily depends 
on task characteristics and predefined rules, and they lack adaptabil-
ity to dynamic environments, making them insufficient for handling 
large-scale and complex workflow scheduling problems.

Metaheuristic algorithms are not dependent on problem-specific 
rules, but instead explore the solution space through evolutionary and 
information interaction mechanisms. Examples include: Ant Colony 
Optimization (ACO), which simulates the behavior of ants constructing 
paths in the task graph, using pheromones to iteratively improve task 
sequencing and resource allocation [10]; Genetic Algorithms (GA), 
which encode task–resource mappings as chromosomes and evolve 
them through operations such as selection, crossover, and mutation 
to optimize objectives like makespan or energy consumption [11]; 
and Particle Swarm Optimization (PSO), which represents scheduling 
schemes as particles in a multidimensional space, with each particle 
corresponding to a specific task–resource assignment, the particles 
update their trajectories based on both personal best and global best 
solutions [12].

Based on the above discussion, metaheuristic algorithms are in-
deed effective approaches for workflow scheduling in cloud environ-
ments. However, single evolutionary strategies often struggle to balance 
convergence speed and solution diversity when addressing large-scale 
multi-objective problems. Specifically, GA perform well in global explo-
ration but typically suffer from poor convergence speed; in contrast, 
PSO achieves faster convergence but is prone to premature conver-
gence and getting trapped in local optima, which leads to insufficient 
solution diversity [13]. Motivated by these limitations, we propose 
a genetically-modified multi-population particle swarm optimization 
approach that integrates the global search capabilities of GA with 
the local optimization strengths of PSO, considering both convergence 
speed and solution diversity.

The contributions of this paper are summarized as follows:

• We propose a genetically-modified multi-population particle
swarm optimization approach (GMPSO) to optimize the makespan
and energy consumption of workflow scheduling in a cloud 
environment.
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• A load-aware initialization method provides initial solutions with 
higher availability and quality, significantly improving the search 
efficiency of GMPSO.

• A differentiated multi-population search mechanism divides the 
particle population into three sub-populations based on fitness, 
with each sub-population employing different genetic operators 
to enrich the search strategies and balance convergence speed and 
solution diversity.

• An adaptive genetic operator perturbation strategy gradually re-
duces the influence of genetic operators during evolution, ulti-
mately transitioning to pure particle swarm optimization, result-
ing in more stable population convergence.

• We evaluate the performance of GMPSO through extensive sim-
ulation experiments. The results demonstrate that our method 
outperforms existing approaches across a range of multi-objective 
optimization metrics.

The remainder of the paper is organized as follows: Section 2 
provides a review of related work. In Section 3, we present the model 
architecture. Section 4 describes the proposed algorithms based on 
this model. Simulation results are provided and analyzed in Section 5. 
Finally, we summarize the paper and outline future work in Section 6.

2. Related work

In this section, we first present an overview of workflow scheduling 
research in cloud environments, followed by a review of representative 
algorithms based on two mainstream metaheuristic paradigms: GA and 
PSO. Furthermore, we summarize recent research on multi-population 
strategies developed upon these two approaches.

2.1. Workflow scheduling in cloud environment

Workflow scheduling is a critical step in ensuring the efficient 
execution of large-scale computing applications in cloud environments. 
As a typical NP-hard problem, it involves multiple constraints, such as 
task dependencies, resource availability, and execution priorities [14]. 
With the increasing scale and complexity of computing tasks, workflow 
scheduling has become a key bottleneck that hinders the improvement 
of Quality of Service (QoS) in cloud computing. To illustrate this 
point, several studies have explored workflow scheduling from different 
QoS objectives. The authors of [15] proposed a dynamic scheduling 
method based on response latency, which considers task weights and 
priorities to enhance scheduling efficiency. Meanwhile, the authors 
of [16] focus on energy consumption, presenting an online scheduling 
algorithm designed to maximize user fairness and minimize energy 
consumption. Nonetheless, focusing on a single optimization objective 
is often insufficient in practical scheduling scenarios.

In order to satisfy multiple QoS demands simultaneously, schol-
ars consider the workflow scheduling problem as a multi-objective 
optimization problem (MOP) [17]. The authors of [18] proposed a 
scheduling framework based on deep reinforcement learning, achieving 
a better trade-off between minimizing delay and energy consump-
tion. Similarly, [19,20] treat energy consumption and disaster tol-
erance in parallel task systems as a bi-objective combinatorial opti-
mization problem, developing algorithms that exhibit strong overall 
performance.

Reviewing previous studies, it is evident that makespan and en-
ergy consumption are two essential aspects of QoS in cloud workflow 
scheduling, as they represent the most critical factors affecting system 
performance. These two metrics also serve as the core optimization 
objectives of this study. Given the strong optimization potential of 
metaheuristic algorithms in MOP, the following sections review rep-
resentative workflow scheduling studies based on two mainstream 
metaheuristic algorithms.
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2.2. Workflow scheduling based on GA

As one of the representative metaheuristic algorithms, GA have 
been widely applied to workflow scheduling problems in cloud envi-
ronments. In [11], the authors proposed an adaptive biased random 
key genetic algorithm for cloud workflow scheduling, which improves 
scheduling efficiency and achieves better load balancing by refining 
the integer encoding scheme. The authors of [21] focused on the 
population selection phase and designed a novel scoring standard based 
on task completion time and execution cost to select better scheduling 
individuals, thereby improving scheduling quality under multiple con-
straints. Nevertheless, during the evolutionary process, the high-quality 
genes of these well-scored individuals may be lost or disrupted, which 
can significantly reduce scheduling efficiency. To address this issue, 
the authors of [22] extracted the longest common subsequence from 
high-quality chromosomes as elite gene segments and preserved them 
in the later stages of evolution to maintain genetic stability and improve 
scheduling efficiency.

However, these methods mainly focus on local improvements to 
the internal mechanisms of GA and struggle to overcome performance 
bottlenecks in global search under multi-objective scenarios. To further 
enhance algorithm performance, some studies have introduced aux-
iliary mechanisms into GA. In [23], the authors leveraged the rapid 
convergence and robustness of quantum computing to enhance the 
quality of GA populations, minimizing execution cost while meeting 
deadline constraints. The authors of [24] incorporated environment-
awareness mechanisms from deep reinforcement learning to more ac-
curately assess the fitness of individuals, adapting to the dynamic 
scheduling requirements of cloud environments.

Despite the enhancements brought by these auxiliary mechanisms, 
GA still suffers from limitations in search efficiency and convergence 
stability. To overcome these limitations, [25] proposed a hybrid op-
timization method that integrates PSO and GA, achieving a better 
trade-off between energy consumption and execution cost. This is 
primarily due to the advantages of PSO in terms of population conver-
gence speed and local refinement. The following section will further 
review representative studies on workflow scheduling based on PSO.

2.3. Workflow scheduling based on PSO

PSO algorithms have been widely used in recent years due to their 
excellent performance in scheduling problems. In [12], the authors pro-
posed a specialized bi-level collaborative self-learning PSO algorithm 
that employs a mixed-integer model to capture the configurations and 
objectives of the integration problem, thereby maximizing resource 
utilization. The authors of [26] introduced a stochastic matrix PSO 
scheduling algorithm, which uses a random integer matrix to represent 
feasible task scheduling schemes, ultimately achieving the optimal total 
cost of cloud services. The literature [27] introduces a novel directed 
non-local convergence PSO algorithm, which significantly reduces both 
work completion time and execution cost by incorporating nonlinear 
inertia weights during the directed search process.

Although PSO has excellent search efficiency, population diversity 
declines in the later stages of the search, and all particles tend to 
cluster in a smaller region, making it difficult to escape. To address this 
problem, researchers have explored hybrid optimization strategies that 
combine PSO with other complementary algorithms. In [28], the work-
flow scheduling problem was modeled as a constrained optimization 
problem with a deadline, and a hybrid method alternating between PSO 
and a critical path approach was proposed, achieving better cost effi-
ciency under time constraints. Meanwhile, the authors of [29] designed 
a two-phase optimization framework combining PSO with the Whale 
Optimization Algorithm (WOA). The PSO phase generates promising 
global solutions used to guide leader selection in WOA, after which 
WOA further refines the scheduling plan. This integration leverages 
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the strengths of both algorithms, achieving a better trade-off between 
workflow execution cost and completion efficiency.

These hybrid optimization algorithms have partially alleviated the 
issues of premature convergence and local optima in PSO, providing 
valuable insights for our work. However, such sequential integration of-
ten suffers from information loss during the alternation of evolutionary 
strategies, leading to unstable optimization performance, motivating 
us to pursue a more seamless integration approach. Moreover, due 
to the homogeneous population design, these algorithms lack diverse 
evolutionary mechanisms. In this regard, multi-population evolutionary 
strategies offer a promising alternative. In the following section, we will 
provide a detailed review of such approaches.

2.4. Workflow scheduling with multi-population strategies

In recent years, multi-population strategies have been widely ap-
plied to complex workflow scheduling problems. In [30], a multi-layer 
particle swarm optimization algorithm was introduced, where particles 
are divided into several small groups and evolve independently. This 
design significantly enhances search diversity and reduces the risk of 
premature convergence. The authors of [31] modeled the scheduling 
problem as a cost optimization problem under task deadline con-
straints, employing three distinct bee colonies to co-evolve, embedding 
global information into the update process of the optimization algo-
rithm, and introducing the Metropolis acceptance criterion to prevent 
premature convergence of the swarm.

While these methods enhance search diversity through structural 
multi-population designs, they often lack differentiated guidance tai-
lored to the distinct evolutionary roles or stages of each sub-population. 
The authors of [32] proposed differentiated knowledge-guided oper-
ators tailored to the task sequence features of workflow, enabling 
adaptive guidance across sub-populations throughout the evolutionary 
process. In the literature [33], the authors proposed a dynamic multi-
population genetic algorithm, with a focus on optimizing makespan 
and energy, that divides the population into several sub-populations 
based on fitness. Genetic operators are then designed using the longest 
common subsequence information among sub-populations, allowing 
each group to perform differentiated search behaviors that adapt to 
different evolutionary stages of the scheduling process.

Despite the promising performance of the aforementioned multi-
population strategies, two key limitations remain. First, information 
sharing among sub-populations is often insufficient or delayed. This 
limited exchange hinders the timely dissemination of high-quality so-
lutions across the entire population, thereby reducing overall conver-
gence efficiency. Second, although several methods introduce differen-
tiated operators to enhance population diversity, such heterogeneity 
may lead to imbalanced evolutionary dynamics. Specifically, some 
sub-populations may deviate from the global Pareto direction, com-
promising the stability of the optimization process in the later stages. 
These issues motivate us to design a more coordinated and adaptive 
multi-population framework, as described in the next section.

3. Model of architecture

3.1. Overall architecture model

The overall architecture model of our study is shown in Fig.  1. 
It mainly consists of three parts: the workflow model, the scheduling 
execution model, and the cloud resource model. The multi-objective 
optimization model, which integrates makespan and energy require-
ments, is embedded in the scheduling model to guide task ordering and 
resource allocation. The resource module consists of multiple virtual 
machine (VM) instances of different types, where each VM can execute 
only one task at a time and waits for tasks in the queue to be processed 
in sequence. In the resource module, the sequenced tasks are mapped to 
the corresponding VMs and finally the execution results are returned to 
the application layer. We will specify the details of the different models 
in the following section.
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Fig. 1. The overall architecture model of GMPSO.

Fig. 2. Diagram of workflow DAG and task-to-VM mapping.

Table 1
Integer encoding for Task-to-VM mapping.
 𝑡 1 2 3 4 5 6 
 𝑟 3 1 3 1 2 2 

3.2. Workflow model

The structure of a workflow is generally abstracted as a DAG, 𝐺 =
(𝑇 ,𝐸), where 𝑇 = {𝑡𝑖 | 1 ≤ 𝑖 ≤ 𝑛} denotes a set of tasks; 𝐸 = {𝑒𝑖𝑗 | 1 ≤
𝑖 ≤ 𝑛, 1 ≤ 𝑗 ≤ 𝑛} is the dependency between tasks, 𝐷𝑖 represents the 
size of the data volume of task 𝑡𝑖.

The predecessor and successor sets of task 𝑡𝑖 are denoted as
𝑝𝑟𝑒𝑑(𝑡𝑖) = {𝑡𝑗 | 𝑒𝑗𝑖 ∈ 𝐸} and 𝑠𝑢𝑐𝑐(𝑡𝑖) = {𝑡𝑗 | 𝑒𝑖𝑗 ∈ 𝐸}, respectively. Task 
𝑡𝑖 can be executed only after all tasks within 𝑝𝑟𝑒𝑑(𝑡𝑖) are completed. 
Similarly, tasks within 𝑠𝑢𝑐𝑐(𝑡𝑖) cannot be executed until 𝑡𝑖 is executed. 
In a DAG, the task that satisfies condition 𝑝𝑟𝑒𝑑(𝑡𝑖) = ∅ is the initial 
task denoted as 𝑡𝑒𝑛𝑡𝑟𝑦 and the task that satisfies condition 𝑠𝑢𝑐𝑐(𝑡𝑖) = ∅ is 
known as the end task denoted as 𝑡𝑒𝑥𝑖𝑡. It is worth noting that in a DAG 
there may be one or more 𝑡𝑒𝑛𝑡𝑟𝑦 and 𝑡𝑒𝑥𝑖𝑡.

Fig.  2(a) shows a workflow DAG containing 6 tasks, where 𝑡1 is the 
𝑡𝑒𝑛𝑡𝑟𝑦 and 𝑡6 is the 𝑡𝑒𝑥𝑖𝑡. 𝑠𝑢𝑐𝑐(𝑡1) = {𝑡2, 𝑡3}, 𝑝𝑟𝑒𝑑(𝑡6) = {𝑡4, 𝑡5}.

3.3. Cloud resource model

IaaS cloud service providers offer computing services to users by 
providing different types of VMs. We define a set 𝑅 = {𝑟1, 𝑟2,… , 𝑟𝑚}
to represent the available VMs in IaaS. We use the integer coding table 
to represent the mapping relationship between tasks and VMs, with the 
first row representing a set of feasible task sequences in Table  1 and the 
second row representing the VM number to which the task is assigned.

As shown in Fig.  2(b), the task scheduling sequences are {𝑡1, 𝑡2, 𝑡3, 𝑡4,
𝑡 , 𝑡 }, which are mapped to be executed on to VMs {𝑟 , 𝑟 , 𝑟 , 𝑟 , 𝑟 , 𝑟 }
5 6 3 1 3 1 2 2
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respectively. Different types of VMs have different performances, e.g.,
CPU computation capability and bandwidth affect the task execution 
time and communication time between resource nodes, respectively. 
In this paper, we use 𝐶𝑎 and 𝐵𝑎 to denote the computing capability 
and bandwidth of VM 𝑟𝑎, respectively. From this, we can derive the 
execution time of task 𝑡𝑖 on VM 𝑟𝑎: 

𝑇𝐸 (𝑡𝑖, 𝑟𝑎) =
𝐷𝑖
𝐶𝑎

(3.1)

where 𝐷𝑖 represents the amount of data for task 𝑡𝑖. The communication 
time between task 𝑡𝑖 and 𝑡𝑗 is: 

𝑇𝐶 (𝑡𝑖, 𝑡𝑗 ) =
𝑊𝑖𝑗

𝑚𝑖𝑛{𝐵𝑎, 𝐵𝑏}
(3.2)

where 𝑊𝑖𝑗 is the communication data size. The communication band-
width relies on the VM with the lower bandwidth.

3.4. Scheduling model

3.4.1. Makespan
When calculating the makespan of a workflow task, the constraint 

relationships between different tasks must be considered. 𝑇𝑆 and 𝑇𝐹
represent the earliest start execution time and the earliest finish time 
of a task, respectively, then the earliest start processing time 𝑇𝑆 (𝑡𝑖, 𝑟𝑎)
of 𝑡𝑖 on 𝑟𝑎 is calculated as follows: 

𝑇𝑆 (𝑡𝑖, 𝑟𝑎) = 𝑚𝑎𝑥{𝑇𝐹 (𝑡𝑗 , 𝑟𝑎) + 𝑇𝐶 (𝑡𝑗 , 𝑡𝑖)} (3.3)

where 𝑡𝑗 is the predecessor task of 𝑡𝑖, i.e., 𝑡𝑗 ∈ 𝑝𝑟𝑒𝑑(𝑡𝑖), and 𝑇𝑆 (𝑡𝑖, 𝑟𝑎)
is the sum of the maximum 𝑇𝐹  of all the predecessor tasks of task 𝑡𝑖
and the communication time 𝑇𝐶 between them. In particular, 𝑇𝑆 = 0
when 𝑡𝑖 is the initial task, i.e., 𝑡𝑒𝑛𝑒𝑟𝑦. The earliest completion time of 𝑡𝑖
executed in 𝑟𝑎 is denoted as 𝑇𝐹 (𝑡𝑖, 𝑟𝑎) and is the sum of 𝑇𝑆 (𝑡𝑖, 𝑟𝑎) and 
𝑇𝐸 (𝑡𝑖, 𝑟𝑎) as shown in the following equation: 

𝑇𝐹 (𝑡𝑖, 𝑟𝑎) = 𝑇𝑆 (𝑡𝑖, 𝑟𝑎) + 𝑇𝐸 (𝑡𝑖, 𝑟𝑎) (3.4)

From the DAG structure mentioned previously, the makespan of 
workflow sequence is shown as follows: 

𝜙 = 𝑇𝐹 (𝑡𝑒𝑥𝑖𝑡, 𝑟𝑎) (3.5)

3.4.2. Energy consumption
Generally speaking, the energy consumption generated by the pro-

cessor accounts for a significant portion of the total energy consump-
tion in the entire IaaS cloud environment system. The processor is 
classified into running and idle states based on whether tasks are 
executing on the VMs, with the energy consumption of these states as 
follows: 

𝐸𝑅 =
𝑚
∑

𝑎=1

𝑛
∑

𝑖=1
[𝑈𝑖𝑎 ⋅ 𝑇𝐸 (𝑡𝑖, 𝑟𝑎) ⋅𝑄𝑅𝑎 ] (3.6)

𝐸𝐼 =
𝑚
∑

𝑎=1
{𝜙 −

𝑛
∑

𝑖=1
[𝑈𝑖𝑎 ∗ 𝑇𝐸 (𝑡𝑖, 𝑟𝑎)] ∗ 𝑄𝐼𝑎} (3.7)

where 𝑈𝑖𝑎  represents whether the task 𝑡𝑖 is running on 𝑟𝑎 or not, and has 
only two values 0 and 1. 𝑄𝑅𝑎  and 𝑄𝐼𝑎  denote the energy consumption 
during the running and idle states of 𝑟𝑎, respectively. Therefore, the 
overall energy consumption is expressed as follows: 

𝜓 = 𝐸𝑅 + 𝐸𝐼 (3.8)
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3.5. Multi-objective optimization model

3.5.1. Optimization objectives and constraints
Based on the above discussion, makespan 𝜙 and energy consumption 

𝜓 are two conflicting optimization objectives because virtual machines 
with high performance and fast processing capability are usually high 
energy consuming. This multi-objective optimization problem aims to 
minimize 𝜙 and 𝜓 , subject to the following constraints: 
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 (𝜙, 𝜓)

s.t. (𝐶1)
𝑚
∑

𝑎=1
𝑈𝑖,𝑎 ≡ 1, 𝑖 ∈ {1,… , 𝑛}

(𝐶2) 𝑇𝑆 (𝑡𝑖) ≥ 𝑇𝐹 (𝑡𝑗 ), 𝑡𝑗 ∈ 𝑝𝑟𝑒𝑑(𝑡𝑖)

(𝐶3) 𝑇𝐹 (𝑡𝑖) ≤ 𝑇𝐷(𝑡𝑖), 𝑖 ∈ {1,… , 𝑛}

(𝐶4) 𝐵𝑎𝑏 = 𝑚𝑖𝑛{𝐵𝑎, 𝐵𝑏}, 𝑎, 𝑏 ∈ {1,… , 𝑚}

(3.9)

Here, constraint (C1) ensures that each task is assigned to a unique 
virtual machine, and (C2) guarantees that tasks are executed in an 
order consistent with their dependency relationships. Constraint (C3) 
ensures that no task exceeds its deadline, and (C4) guarantees that the 
communication bandwidth between tasks stays within the minimum 
bandwidth available between the assigned virtual machines.

3.5.2. Pareto frontier
In MOP, it is challenging to obtain a solution that is optimal for all 

objectives. Therefore, the desired solution in such problems is usually a 
potentially optimal solution for multiple objectives. For any 𝑥1, 𝑥2 ∈ 𝑋, 
if both of the following two conditions are satisfied: 
{

∀𝑖 ∶ 𝑓𝑖(𝑥1) ≤ 𝑓𝑖(𝑥2)
∃𝑗 ∶ 𝑓𝑗 (𝑥1) < 𝑓𝑗 (𝑥2)

(3.10)

then 𝑥1 dominates 𝑥2, denoted as 𝑥1 ≺ 𝑥2. The decision vector 𝑥1
dominates 𝑥2, which implies that none of the optimization objectives 
of 𝑥1 is worse than 𝑥2, and that 𝑥1 strictly outperforms 𝑥2 in at least 
one objective. A decision vector 𝑥 is called Pareto optimal if it is not 
dominated by any other decision vector in the set. The set of all Pareto 
optimal solutions in the objective space forms the Pareto frontier (PF).

Fast non-dominated sorting is a key operation proposed in NSGA-
II [34] by continuously identifying non-dominated individuals in the 
population, classifying them into non-dominated ranks, then removing 
these individuals from the population and continuing to find non-
dominated individuals to classify the ranks among the remaining in-
dividuals until all of them have been classified.

3.5.3. Crowding distance
Crowding distance is a key metric used in NSGA-II to measure 

the density of solutions around an individual. It is applied mainly to 
individuals on the PF with the objective of maintaining the diversity 
of the population. Suppose 𝜏 is an objective function in MOP, and 
the solutions on the PF are sorted in ascending order according to 
the value of the objective function 𝜏(𝑥). Let the sequence of sorted 
solutions be 𝐼 = {𝑖1, 𝑖2,… , 𝑖𝑛}. Then the congestion distance of solution 
𝑖𝑘(𝑘 = 2, 3,… , 𝑛 − 1) is calculated as follows: 

𝑑𝑖𝑘 =
𝜏(𝑖𝑘+1) − 𝜏(𝑖𝑘−1)
𝜏𝑚𝑎𝑥 − 𝜏𝑚𝑖𝑛

(3.11)

where 𝜏𝑚𝑎𝑥 and 𝜏𝑚𝑖𝑛 are the maximum and minimum values of the 
objective function 𝜏 for individuals on the PF, respectively. It is worth 
noting that the frontier individuals (𝑘 = 1 𝑜𝑟 𝑛) have neighboring 
individuals on only one side, so the crowding distance is set to infinity.

The combination of fast non-dominated sorting and crowding dis-
tance enables a more precise evaluation of the superiority of individu-
als. First, the non-dominated sorting ranks of individuals are compared, 
with individuals having a lower rank performing better overall in multi-
objective optimization. For individuals with the same non-dominated 
rank, their crowding distance is further compared. Individuals with a 
larger crowding distance help explore a broader solution space, thus 
maintaining the diversity of the population.
5 
4. Proposed algorithm

4.1. Particle encoding

The PSO algorithm regards each individual as a volume-free particle 
and the flight trajectory of the population as a continuous optimization 
process. Particle 𝑖 is iteratively updated by its position and velocity, the 
position vector 𝑥𝑖 = [𝑥𝑖1 , 𝑥𝑖2 ,… , 𝑥𝑖𝐷 ] represents a candidate solution 
and the velocity vector 𝑣𝑖 = [𝑣𝑖1 , 𝑣𝑖2 ,… , 𝑣𝑖𝐷 ] is considered as the 
search direction and step size of the 𝑖th particle, where 𝐷 denotes the 
dimension of the search space. In the iterative process, the optimization 
process is based on the following two key mechanisms, i.e., the indi-
vidual cognition represented by the particle’s own historical optimal 
position 𝑝𝑏 and the group cognition represented by the historical opti-
mal position 𝑔𝑏 of the whole population. The particles, guided by these 
two cognitions, are able to utilize the existing information to explore 
the solution space more efficiently. The update rules for 𝑣𝑖 and 𝑥𝑖 are 
defined as follows, respectively: 
𝑣𝑡+1𝑖 = 𝜔 ⋅ 𝑣𝑡𝑖 + 𝑐1 ⋅ 𝑟1 ⋅ (𝑝𝑏𝑖 − 𝑥

𝑡
𝑖) + 𝑐2 ⋅ 𝑟2 ⋅ (𝑔𝑏 − 𝑥

𝑡
𝑖) (4.1)

𝑥𝑡+1𝑖 = 𝑥𝑡𝑖 + 𝑣
𝑡+1
𝑖 (4.2)

where 𝑐1 and 𝑐2 are two acceleration coefficients, which determine 
the learning weights of individual cognition and population cognition; 
𝑟1 and 𝑟2 are two random numbers generated in the interval [0, 1], 
which are used to increase the diversity of the particle swarms. 𝜔
represents the inertia weight, indicating the ability of the particles to 
retain previous speeds. A larger inertia weight supports global search, 
while a smaller one favors local search. To better balance these two 
search characteristics, we use a linearly decreasing inertia weight as 
shown below: 
𝜔(𝑛) = 𝜔𝑚𝑎𝑥 − (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛)

𝑛
𝑁 (4.3)

where 𝑛 and 𝑁 represent the current iteration number and the max-
imum number of iterations, respectively. 𝜔𝑚𝑎𝑥 is the initial inertia 
weight, and 𝜔𝑚𝑖𝑛 is the inertia weight at the maximum number of 
iterations.

Let the number of particle dimensions be equal to the total number 
of workflow tasks, i.e., 𝐷 = 𝑛. Then the 𝑗th dimension of a particle 
corresponds to a task 𝑡𝑗 of the workflow, and the 𝑥𝑖𝑘  value of each 
dimension corresponds to a VM mapping 𝑟𝑘. Therefore the schedul-
ing problem is transformed into a particle swarm problem and the 
canonical particle encoding can be represented in Table  1.

4.2. Load-aware initialization

Due to the priority constraints between tasks, the workflow schedul-
ing problem is initialized using a topological sorting method. The 
set 𝑃  stores all the tasks that currently have no predecessors or all 
predecessors have been sorted, and then one of the tasks in 𝑃  is 
randomly selected to be added to the sequence 𝑇  of sorted tasks. This 
step is repeated until all tasks have been sorted.

Most previous studies have employed a random initialization
method to generate the mapping relationship between tasks and VMs. 
In extreme cases, this approach can result in a large number of sub-
optimal individuals, causing premature convergence of the algorithm 
and making it difficult to escape from local optima. Therefore, a 
well-designed population initialization is crucial. We will adjust the 
scheduling scheme according to Table  1, and draw the Gantt chart 
before and after the modification as shown in Fig.  3, the overall 
workflow makespan is noticeably prolonged simply by changing the 
execution unit of task 𝑡1 from 𝑟3 to 𝑟1.

There are two reasons mainly contributing to this result, on the one 
hand, 𝑡1 has a high priority in the workflow, assigning it to a VM with 
less processing power takes too long to execute, while the subsequent 
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Fig. 3. Gantt charts of scheduling schemes in Table  1.

Algorithm 1 Load-aware initialization
Input: The DAG of workflow, the VM pool;
Output: The scheduling solution 𝑆 = (𝑇 ,𝑅);
1: let G be the set of all tasks in the DAG;
2: 𝑇 ,𝑅 = ∅;
3: while 𝐺 ≠ ∅ do
4:  𝑃 = ∅;
5:  for 𝑡𝑖 ∈ 𝐺 do
6:  if 𝑝𝑟𝑒𝑑(𝑡𝑖) ⊆ 𝑌  then
7:  𝑃 = 𝑃 + 𝑡𝑖;
8:  end if
9:  end for
10:  pick a random task 𝑡𝑗 in 𝑃 ;
11:  𝐺 = 𝐺 − 𝑡𝑗 , 𝑇 = 𝑇 + 𝑡𝑘;
12: end while
13: group VMs by processing capacity 𝐴,𝐵;
14: calculate the average volume 𝑎𝑣𝑔 of tasks;
15: for 𝑡𝑖 ∈ 𝑇  do
16:  if 𝐷𝑖 ≥ 𝑎𝑣𝑔 then
17:  𝑅𝑖𝑛𝑑𝑒𝑥 = 𝑚𝑖𝑛{𝑇𝐹 (𝐴)};
18:  else
19:  𝑅𝑖𝑛𝑑𝑒𝑥 = 𝑚𝑖𝑛{𝑇𝐹 (𝐵)};
20:  end if
21: end for
22: return 𝑆 = (𝑇 ,𝑅);

tasks have to wait. On the other hand, 𝑟3 VM is assigned too few 
tasks, which causes it to be idle for a long time, wasting computational 
resources.

Based on the above discussion, we fully consider the heterogeneity 
between tasks and VMs and propose a load-aware initialization scheme. 
Tasks with data volumes greater than and less than the average are 
assigned to the high-performance VM group 𝐴 and the low-performance 
group 𝐵, respectively, and then tasks are prioritized for assignment to 
the VM with the lightest workload within each group.
6 
Algorithm 2 Crossover based on topological ordering
Input: Parent1, Parent2, 𝑃𝑐 ;
Output: Offspring1, Offspring2;
1: TrimParent1 = [], TrimParent2 = [];
2: 𝑐 = Random(1, n);
3: 𝑝 = Random(0, 1);
4: if 𝑝 ≥ 𝑃𝑐 then
5:  return Parent1, Parent2;
6: end if
7: Segment1 = Parent1[1:c];
8: Segment2 = Parent2[1:c];
9: for gene in Parent1 do
10:  if gene not in Segment2 then
11:  Add gene to TrimParent1;
12:  end if
13: end for
14: for gene in Parent2 do
15:  if gene not in Segment1 then
16:  Add gene to TrimParent2;
17:  end if
18: end for
19: Offspring1 = Concat(Segment1, TrimParent2);
20: Offspring2 = Concat(Segment2, TrimParent1);
21: return Offspring1, Offspring2;

Algorithm 1 outlines the detailed process of population initializa-
tion. If all predecessor tasks 𝑝𝑟𝑒𝑑(𝑡𝑖) of a task 𝑡𝑖 are already in 𝑇 , the 
task 𝑡𝑖 is stored in 𝑃  (lines 5–9). Later on, a task 𝑡𝑗 is randomly selected 
from 𝑃  to be added to 𝑇  and 𝐺 is updated (lines 10–11). When the list 
of tasks in 𝐺 is empty, the task sequence initialization is complete. In 
order to initialize the task and VM mapping sequence 𝑅, the average 
data volume of the tasks should be calculated first and the VMs should 
be grouped by processing power (lines 13–14). Depending on whether 
the data volume is greater or less than 𝑎𝑣𝑔, the task is assigned to the 
VM with the lightest workload in group 𝐴 or 𝐵 (lines 15–21). The 
initialization sequence for task and VM mapping is finally obtained 
(line 22).

4.3. Genetic operator

4.3.1. Crossover
The crossover operation in GA produces new offspring by exchang-

ing and combining gene fragments from good individuals. The offspring 
can not only inherit the excellent genes of the parent individuals, but 
also enrich the gene pool of the population. In the scheduling problem, 
the crossover operation is subdivided into task sequence crossover and 
mapping sequence crossover due to the integer coding specificity of 
Table  1.

Due to the sequential constraints between tasks, their relative posi-
tions cannot be changed when the task sequences are crossovered, we 
use the crossover method based on topological ordering, and Algorithm 
2 gives the concrete steps of implementation. First, randomly select 
the crossover point on the chromosome (line 2), determine whether to 
perform the crossover operation by the crossover probability 𝑃𝑐 (lines 
3–6), the region between the initial task and the crossover point is 
the crossover segment (lines 7–8), and the new individual is generated 
by splicing it to the head of another chromosome (lines 19–21) that 
removes duplicate genes (lines 9–18). Fig.  4 shows the detailed process 
of task sequence crossover.

For mapping sequence crossover, constraints are not considered, 
as each task can be assigned to any VM, as illustrated in Fig.  5. 
The crossover operation can be accomplished by simply swapping the 
crossover segments.
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Fig. 4. Task sequence crossover operation.

Fig. 5. Mapping sequence crossover operation.

Fig. 6. Task sequence mutation operation.

Fig. 7. Mapping sequence mutation operation.

4.3.2. Mutation
As the GA progresses iteratively, individuals in the population may 

gradually converge. Mutation introduces random changes in the genes 
of individuals, generating new gene combinations to explore different 
characteristics, which increases the diversity of the population and 
helps escape local optimal solutions. Mutation and crossover operations 
work together to drive the evolution of the population. Similar to the 
crossover operation, the mutation operation is also divided into task 
sequence mutation and mapping sequence mutation.

The genes cannot be mutated arbitrarily due to the dependency 
between tasks. As shown in Fig.  6, we use the task-constrained local 
exchange strategy for the mutation operation, and Algorithm 3 also 
gives the procedure for detailed implementation. First confirm the 
mutation point 𝑡𝑖 (line 1), determine whether to perform the mutation 
operation by the mutation chance 𝑃𝑚 (lines 2–5), then traverse the 
chromosome genes in the forward order, stop when all the predecessors 
of 𝑡𝑖 are retrieved, and record the stopping position 𝑡𝑎 (lines 6–10); at 
the same time, traverse the chromosome in the reverse order, stop when 
all the successors of 𝑡𝑖 are retrieved, and record the stopping position 
𝑡𝑏 (lines 11–15). At this point 𝑡𝑖 can be interchanged with any gene in 
the [𝑡𝑎, 𝑡𝑏] region to complete the mutation operation (lines 16–18).

Similar to mapping sequence mutation, mapping sequence mutation 
takes no constraints into account, as shown in Fig.  7. The mutation is 
performed by randomly changing the value at the point of mutation to 
another VM number.

4.4. Differentiated multi-population framework

Our research is based on a genetically modified multi-population 
PSO framework. According to the evaluation results of individual fit-
ness values, all individuals in the population are classified into superior, 
medium, and inferior subpopulations, with each subpopulation adopt-
ing specific particle evolution parameters and genetic operators for 
modification.
7 
Algorithm 3 Mutation based on local exchange
Input: Chromosome, 𝑃𝑚;
Output: Mutated-Chromosome;
1: 𝑖 = Random(1, n);
2: 𝑝 = Random(0, 1);
3: if 𝑝 > 𝑃𝑐 then
4:  return Chromosome;
5: end if
6: for 𝑎=1 to n do
7:  if 𝑝𝑟𝑒𝑑(𝑡𝑖) ⊆ {𝑡1, ..., 𝑡𝑎} then
8:  break;
9:  end if
10: end for
11: for 𝑏=n to 1 do
12:  if 𝑠𝑢𝑐𝑐(𝑡𝑖) ⊆ {𝑡𝑏, ..., 𝑡𝑛} then
13:  break;
14:  end if
15: end for
16: 𝑚 = Random(𝑎,𝑏);
17: swap(𝑡𝑖 ,𝑡𝑚);
18: return Mutated-Chromosome;

Concentrating on optimizing high-quality solutions, the superior 
population incorporates a small probability crossover operator for per-
turbation based on particle swarm operation. Through genetic recombi-
nation among excellent individuals, it not only generates more promis-
ing offspring but also prevents the population from prematurely con-
verging to a local optimum. On the contrary, the inferior population 
focuses more on the diversity of the population and fully exploits the 
whole solution space, introducing a mutation operator with higher 
probability on the basis of the particle swarm, expanding the search 
range to provide more potential directions for the superior and medium 
populations. The medium population uses both the crossover operator 
and the mutation operator to modify the evolution of the particle 
population, which serves as a link between global search and lo-
cal convergence, balancing the exploitation and exploration of the 
population.

As the population evolves and the solution gradually converges to 
the PF, stability becomes increasingly critical. We control the prob-
ability of crossover and mutation by a sigmoid function, gradually 
weakening the perturbation of the genetic operator on the particle 
population with the following formula: 

𝑃 (𝑛) = 𝑃𝐺 ⋅
1

1 + 𝑒𝜆(
𝑛
𝑁 −0.5) (4.4)

where 𝑃𝐺 stands for the initial probability of the genetic operator, 𝑛
and 𝑁 represent the current number of iterations and the maximum 
number of iterations, respectively, 𝜆 is a parameter that controls the 
speed of change of the function. As the number of iterations increases, 
the influence of genetic operators gradually diminishes, eventually 
transitioning into a pure particle swarm optimization process.

4.5. GMPSO

Algorithm 4 gives the exact steps of GMPSO. First an external 
archive is defined to hold the set of non-dominated solutions during 
the iteration process, and then initialize the population (lines 1–2). 
Then the non-dominated sorting is performed by the objective function, 
updating the external archive and dividing the population (lines 4–6). 
Update 𝑝𝑏 and obtain 𝑔𝑏 by congestion ordering in the external archive, 
then perform particle position and velocity updates (lines 6–8). Differ-
ent genetic operator modifications are added on different populations 
and the chance parameter is used to decide whether to perform a 
genetic operation or not (lines 9–14). The above steps are repeated until 
the number of iterations is reached, and finally the external archive is 
filtered and the non-dominated solution is output (lines 16–17).
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Algorithm 4 GMPSO
Input: DAG, the VM pool, maximum iterations N;
Output: Non-dominated solution;
1: Define 𝐴𝑟𝑐ℎ𝑖𝑣𝑒, 𝑆𝑢𝑝𝑒𝑟𝑖𝑜𝑟, 𝑖𝑛𝑓𝑒𝑟𝑖𝑜𝑟, 𝑚𝑒𝑑𝑖𝑢𝑚;
2: Initialize the population 𝑝𝑜𝑝 (Algo. 1);
3: while 𝑖 ≤ 𝑁 do
4:  Non-dominated sort 𝑝𝑜𝑝;
5:  Update the 𝐴𝑟𝑐ℎ𝑖𝑣𝑒;
6:  if 𝑗 < 1∕3 ∗ 𝑛 then
7:  add 𝑝𝑜𝑝[𝑗] to 𝑆𝑢𝑝𝑒𝑟𝑖𝑜𝑟;
8:  else if 𝑗 > 2∕3 ∗ 𝑛 then
9:  add 𝑝𝑜𝑝[𝑗] to 𝐼𝑛𝑓𝑒𝑟𝑖𝑜𝑟;
10:  else
11:  add 𝑝𝑜𝑝[𝑗] to 𝑀𝑒𝑑𝑖𝑢𝑚;
12:  end if
13:  Update 𝑝𝑏 and 𝑔𝑏;
14:  for 𝑘 in each 𝑠𝑢𝑏𝑝𝑜𝑝 do
15:  Update 𝑣𝑘 and 𝑥𝑘;
16:  Crossover based on mapping or tasks(Algo. 2);
17:  Mutation based on mapping or tasks(Algo. 3);
18:  end for
19: end while
20: Filtering the 𝐴𝑟𝑐ℎ𝑖𝑣𝑒;
21: return Non-dominated solution;

4.6. Complexity analysis

The computational complexity of our proposed GMPSO is related 
to the number of tasks 𝑛, the population size 𝑝, and the number of 
population iterations 𝑁 . First, for population initialization, the com-
plexity of the task priority sorting part is 𝑂(𝑛2), and the algorithm 
complexity of the virtual machine mapping stage is 𝑂(𝑛). Therefore, 
the total complexity of population initialization is 𝑂(𝑛2).

In each population iteration, non-dominated sorting usually requires 
pairwise comparison of individuals in the population, with a complexity 
of 𝑂(𝑛2). The complexity of sub-population division and particle update 
is 𝑂(𝑝), and the operations of particle crossover and mutation operators 
both have a complexity of 𝑂(𝑝𝑛2). So the time complexity of the 
population iteration stage is 𝑂(𝑁𝑛2 +𝑁𝑝 +𝑁𝑝𝑛2).

Based on the above analysis, the total complexity of GMPSO is 
𝑂(𝑛2 + 𝑁𝑛2 + 𝑁𝑝 + 𝑁𝑝𝑛2). Considering only the leading term of the 
highest order, the complexity is 𝑂(𝑁𝑝𝑛2).

5. Performance evaluation

5.1. Experimental settings

To evaluate the proposed approach, we conducted extensive sim-
ulation experiments employing WorkflowSim [35] as the simulation 
framework. This framework is developed based on CloudSim [36] and 
is specifically optimized for workflow scheduling problems in scien-
tific computing. The workflow dataset employs a series of benchmark 
workflows, which all simulate real-world scientific applications with 
different characteristics [37]. CyberShake is proposed by the South-
ern California Earthquake Center to characterize earthquake hazards, 
and Epigenomics is a workflow dedicated to processing and analyzing 
epigenetic data in genomics. The Inspiral workflow is commonly used 
to simulate and analyze astrophysical processes in gravitational wave 
events. The Montage workflow is mainly used for the processing of 
massive astronomical images. The DAG structure for the above four 
workflows is shown in Fig.  8.

As shown in Table  2, we employ the scheme based on Amazon 
EC2 as the cloud resource configuration for the experiment. We used 
six different types of virtual machines. MFLOPS represents millions of 
8 
Fig. 8. Four simulation workflow DAGs of Pegasus project.

Table 2
Instance types based on Amazon EC2.
 Type MFLOPS Memory (GB) 𝑄𝑅(w) 𝑄𝐼 (w) 
 m1.small 4400 2 0.5 0.1  
 m1.medium 8800 4 1 0.1  
 m1.large 17 600 8 2 0.2  
 m1.xlarge 35 200 12 4 0.2  
 m3.xlarge 57 200 24 6 0.4  
 m3.2xlarge 114400 48 10 0.4  

floating-point operations per second of the processor and is employed 
to evaluate the computational capabilities of virtual machines. 𝑄𝑅 and 
𝑄𝐼  represent the energy consumption during runtime and idle time, 
respectively.

The experiments are divided into three parts. First, orthogonal 
experiment design (OED) is conducted to tune the parameters. Second, 
an ablation study is performed to analyze the effectiveness of different 
modules within the algorithm. Finally, four popular algorithms are 
selected for comparison to evaluate the comprehensive performance in 
multi-objective optimization.

5.2. Parameter tuning

As shown in the above analysis, the population size 𝑝 and the 
number of evolutionary iterations 𝑁 are the key factors affecting 
computational complexity. We conduct parameter tuning for these two 
variables based on OED. Each parameter is set to three levels: 𝑝 ∈
{40, 50, 60} and 𝑁 ∈ {100, 200, 300}. Experiments are conducted on 
three simulated workflows of different scales. The results are presented 
in Table  3, where C denotes different combinations of parameter set-
tings, and F represents the average value at each level of a single 
parameter.

The experimental results in Table  3 indicate that 𝐶2 represents 
an ideal parameter combination. This is attributed to the fact that 
an insufficient population size often fails to produce a diverse and 
promising initial solution set, thereby prolonging the exploration phase 
during the evolutionary process. Conversely, an excessively large popu-
lation tends to slow down the convergence of the algorithm. Similarly, 
if the number of iterations is set too low, the population may be 
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Table 3
Orthogonal experimental design for parameter tuning.
 C 𝑝 𝑁 Ep-24 In-100 Mo-1000 
 𝐶1 1(40) 1(100) 1.93e+3 3.14e+3 2.30e+3  
 𝐶2 1(40) 2(200) 1.95e+3 3.29e+3 2.31e+3  
 𝐶3 1(40) 3(300) 2.02e+3 3.35e+3 2.39e+3  
 𝐶4 2(50) 1(100) 1.98e+3 3.24e+3 2.33e+3  
 𝐶5 2(50) 2(200) 1.84e+3 2.95e+3 2.25e+3  
 𝐶6 2(50) 3(300) 1.89e+3 3.24e+3 2.46e+3  
 𝐶7 3(60) 1(100) 1.93e+3 3.27e+3 2.50e+3  
 𝐶8 3(60) 2(200) 1.97e+3 3.34e+3 2.56e+3  
 𝐶9 3(60) 3(300) 2.09e+3 3.59e+3 2.79e+3  
 𝐹1 2.52e+3 2.51e+3 – – –  
 𝐹2 2.46e+3 2.49e+3 – – –  
 𝐹3 2.67e+3 2.67e+3 – – –  
 R 𝑝2(50) 𝑁2(200) – – –  

terminated before reaching maturity, making it difficult to produce 
competitive individuals. In contrast, an overly large number of iter-
ations can lead to redundant computations and waste of resources. 
Based on the above analysis, the population size 𝑝 and the number of 
evolutionary iterations 𝑁 are set to 50 and 200, respectively.

The additional experimental parameters are detailed in Table  4 
below. We assign a small crossover probability to the superior sub-
population to encourage the combination of elite genes. In contrast, a 
higher mutation probability is set for the inferior population to enhance 
the exploration of potentially good solutions in the search space. The 
genetic and particle swarm parameters for the medium population are 
set using classical values that are generally effective for most problems.

5.3. Component validity analysis

5.3.1. Initialization method
Our study proposes a load-aware population initialization method. 

To verify the effectiveness of this approach, we conducted experiments 
comparing it with random initialization on simulation workflows of 
varying scales. The average performance on a logarithmic scale is 
presented in Fig.  9.

Fig.  9(a) shows the workflow execution times obtained from the 
experiments. It is evident that our method achieves higher optimization 
efficiency, especially on large-scale and complex workflows. This can be 
attributed to the fact that our initialization approach provides favorable 
initial conditions for the optimization process, effectively reducing task 
waiting times caused by suboptimal virtual machine mappings.

Furthermore, we examined the impact of the two initialization 
methods on load balancing. Specifically, we used the following formula 
to evaluate the load balance among virtual machines: 

𝐿𝐵 =
𝑚
∑

𝑗=1
(𝐿𝑗 − 𝐿̄)2 (5.1)

where 𝐿𝑗 denotes the number of tasks assigned to virtual machine 
𝑟𝑗 , and 𝐿̄ represents the average number of tasks across all virtual 
machines. As illustrated in Fig.  9(b), our method achieves better load 
balancing compared to the random population initialization approach, 
which is essential for improving overall system performance and re-
source utilization.

5.3.2. Evolutionary strategy
Our study introduces an enhanced multi-population evolutionary 

strategy with optimized genetic operators. To verify the effectiveness of 
this strategy, it is compared with a traditional baseline—the standard 
PSO without any modifications. Following that, Fig.  10 presents the 
comparison results of the two strategies on four different simulated 
workflows.

It is evident that the solutions obtained by our strategy are closer 
to the Pareto front, and their dominance over those produced by PSO 
9 
Fig. 9. Log-Scale performance comparison of two initialization methods.

Fig. 10. Performance comparison of two evolutionary strategies.

becomes increasingly pronounced as the workflow scale grows. We also 
observe that the solutions generated by PSO are scattered, while our 
approach achieves better convergence. This is attributed to the guiding 
role of the superior subpopulations, which enable faster identification 
of high-quality regions. Notably, for the two large-scale workflows, the 
PSO solutions are concentrated in a local region, whereas our method 
discovers promising solutions across multiple regions. This leads to a 
preliminary conclusion that our multi-population strategy demonstrates 
a broader exploration capability in the solution space.

5.4. Comparison with multi-objective algorithms

5.4.1. Benchmark algorithms
In this section, we select four benchmark algorithms that are widely 

recognized in the field, namely DMGA [33], MHPSO [30], HPSO [38] 
and MOH [39]. HPSO is a multi-objective particle swarm optimization 
algorithm based on non-dominated sorting, while MOH is an improved 
algorithm developed based on NSGA-II. DMGA and MHPSO are the 
most representative multi-population algorithms based on genetic al-
gorithms and particle swarm optimization, respectively. All parameter 
settings for the baseline algorithms follow recommendations from the 
literature and are detailed in Table  4.

5.4.2. Evaluation metrics
(1) Inverted Generational Distance (IGD): 𝐼𝐺𝐷 is an evaluation 

metric for comprehensive performance in MOP. It primarily assesses the 
convergence and distribution performance by calculating the minimum 
sum of distances between each point on the PF and the set of individ-
uals obtained by the algorithm. A lower 𝐼𝐺𝐷 value indicates better 



P. Zhang et al. Swarm and Evolutionary Computation 98 (2025) 102113 
Fig. 11. Makespan-Energy optimization results of five algorithms on different workflows.
Table 4
Parameter settings of all benchmark algorithms.
 Algorithm Parameter  
 GMPSO 𝜔𝑚𝑎𝑥 = 0.9, 𝜔𝑚𝑖𝑛 = 0.4, 𝑐1 = 𝑐2 = 2, 𝜆 = 10

𝑝𝑐𝑠 = 0.2, 𝑝𝑐𝑚 = 0.6, 𝑝𝑚𝑚 = 0.05, 𝑝𝑚𝑖 = 0.1
 

 DMGA 𝑝𝑠 = 100, 𝑘 = 10, 𝑝𝑐 = 1, 𝑝𝑚 = 1∕𝑛  
 MHPSO 𝑔𝑚𝑎𝑥 = 15, 𝜇 = 2.0, 𝜃𝑒𝑚 = 0.75  
 HPSO 𝜔 = 0.9 ∼ 0.1, 𝑐1 = 2.5 ∼ 0.1, 𝑐2 = 0.5 ∼ 2.5  
 MOH 𝑝𝑐 = 1, 𝑝𝑚 = 1∕𝑛, 𝑘 = 1.5 ∼ 4.0  

overall performance, including both convergence and distribution. The 
formula for 𝐼𝐺𝐷 is given below: 

𝐼𝐺𝐷 =
∑

𝑥∈𝑃 ∗ min𝑦∈𝑃 𝑑𝑖𝑠𝑡(𝑥, 𝑦)
|𝑃 ∗

|

(5.2)

where 𝑃 ∗ denotes a set of uniformly distributed reference points on 
the true Pareto front, 𝑃  represents the solution set obtained by the 
algorithm, and 𝑑𝑖𝑠𝑡(𝑥, 𝑦) is the Euclidean distance from a point 𝑥 ∈ 𝑃 ∗

to its nearest neighbor 𝑦 ∈ 𝑃 .
(2) Hypervolume (HV): 𝐻𝑉  is a metric commonly used in MOP to 

evaluate the coverage and uniformity of the distribution of the solu-
tions. 𝐻𝑉  quantifies the performance of the solution set by selecting 
a single reference point and calculating the volume of the hypercube 
formed by all the non-dominated solutions in the set with respect to 
the reference point. Obviously, a higher value of 𝐻𝑉  implies a better 
quality and diversity of the resulting solution set. The formula for 𝐻𝑉
is as follows: 

𝐻𝑉 = 𝛿

(

|𝑆|
⋃

𝑖=1
𝑣𝑖

)

(5.3)

where 𝛿 denotes the Lebesgue measure, |𝑆| represents the total number 
of non-dominated solutions, and 𝑣𝑖 denotes the hypervolume formed by 
the 𝑖th solution and the reference point.

(3) Spread(𝛥): 𝛥 is a metric used in MOP to evaluate the distribution 
of the solution set. It mainly assesses the uniformity of the solutions 
obtained in the objective space and the adequacy of their coverage 
of the PF. A smaller 𝛥 value indicates a more uniform distribution of 
the solutions and broader coverage of the objective space. The 𝛥 is 
calculated as follows: 

𝛥 =
𝑑𝑓 + 𝑑𝑙 +

∑𝑁−1
𝑖=1 |𝑑𝑖 − 𝑑|

𝑑𝑓 + 𝑑𝑙 + (𝑁 − 1)𝑑
(5.4)

here, 𝑑𝑓  and 𝑑𝑙 represent the Euclidean distances between the extreme 
solutions and the obtained boundary solutions, 𝑑𝑖 denotes the Euclidean 
distance between consecutive solutions, and 𝑑 is the average of 𝑑 .
𝑖
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Table 5
Wilcoxon test on three metrics between algorithms.
 GMPSO DMGA MHPSO HPSO MOH  
 
GMPSO

𝐼𝐺𝐷 – 2.07e−3 4.97e−3 1.82e−3 1.82e−3 
 𝐻𝑉𝑟 – 4.91e−2 9.05e−3 1.81e−3 1.81e−3 
 𝛥 – 2.07e−3 4.97e−3 1.80e−3 1.82e−3 
 
DMGA

𝐼𝐺𝐷 2.07e−3 – 1.63e−2 1.82e−3 1.80e−3 
 HV 4.91e−2 – 1.98e−1 1.81e−3 1.82e−3 
 𝛥 2.07e−3 – 1.63e−2 1.82e−3 1.81e−3 
 
MHPSO

𝐼𝐺𝐷 4.97e−3 1.63e−2 – 1.82e−3 1.82e−3 
 𝐻𝑉𝑟 9.05e−3 1.98e−1 – 1.82e−3 2.07e−3 
 𝛥 4.97e−3 1.63e−2 – 1.80e−3 1.80e−3 
 
HPSO

𝐼𝐺𝐷 1.82e−3 1.82e−3 1.82e−3 – 2.78e−1 
 𝐻𝑉𝑟 1.81e−3 1.81e−3 1.82e−3 – 1.08e−2 
 𝛥 1.80e−3 1.82e−3 1.80e−3 – 2.78e−1 
 
MOH

𝐼𝐺𝐷 1.82e−3 1.80e−3 1.82e−3 2.78e−1 –  
 𝐻𝑉𝑟 1.81e−3 1.82e−3 2.07e−3 1.08e−2 –  
 𝛥 1.82e−3 1.81e−3 1.80e−3 2.78e−1 –  

5.4.3. Analysis of results
All algorithms were subjected to 10 independent experiments on 

each simulation workflow. The results of the experiments are presented 
in Fig.  11.

On small-scale workflows, all five algorithms achieve good opti-
mization results, but GMPSO obtains a better approximation to the 
PF. Although the performance on Inspiral-30 is not as good as the 
individual solutions of DMGA, GMPSO shows the best convergence 
and uniformity of distribution over the PF. And on Montage-25 and 
Epigenomics-24, the solutions obtained by GMPSO dominate those 
obtained by almost all other algorithms.

The dominance of GMPSO is even more pronounced in medium-
scale workflows, particularly on Montage-100, where it achieves the 
best convergence of the solution set. Although the convergence ef-
fect on Epigenomics-100 does not show a significant gap compared 
to DMGA, GMPSO achieves the optimal balance between makespan 
and energy consumption. On Inspiral-100, GMPSO not only produces 
the best PF approximation but also demonstrates excellent solution 
diversity, indicating that it has fully explored the solution space.

In large-scale workflows, the advantages of GMPSO are further 
revealed, especially on Montage-1000, where the best approximation 
to the PF is achieved. Moreover, it is obvious that the convergence of 
the other algorithms decreases as the scale of the workflow increases, 
which is most intuitive on Inspiral-1000, where only GMPSO achieves 
better convergence among the five algorithms, and significantly outper-
forms the other algorithms in terms of energy consumption optimiza-
tion.
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Fig. 12. MOP metrics comparison of five algorithms.
To evaluate the performance of our proposed GMPSO algorithm, we 
use three metrics: 𝐼𝐺𝐷, 𝐻𝑉 , and 𝛥. For these three metrics, we take the 
average of 10 independent experiments by taking the concatenated set 
of different PFs generated by all the tested algorithms and removing 
the dominated solution as the reference PF. With respect to 𝐻𝑉 , the 
worst performing point of the 10 independent experiments is taken as 
the reference point, and the hypervolume ratio (𝐻𝑉𝑟) of each algorithm 
and the reference PF is compared.

As shown in Fig.  12(a), the 𝐼𝐺𝐷 curve fluctuates during the testing 
process, but generally shows an increasing trend, which is attributed to 
the gradual increase in the scale of the workflow and the complexity 
of the problem. We can observe that GMPSO achieves the best perfor-
mance among the five algorithms and achieves lower 𝐼𝐺𝐷 values on 
workflows of different scales, which indicates that GMPSO has the best 
convergence. Based on a quantitative analysis of the obtained data, the 
𝐼𝐺𝐷 value achieved by our method is approximately 0.084, outper-
forming DMGA by 15.28%, MHPSO by 13.08%, HPSO by 35.97%, and 
MOH by 31.18%.

Fig.  12(b) presents the 𝐻𝑉𝑟 curves for all tested algorithms across 
different workflows, revealing an overall decreasing trend as the prob-
lem scale increases. This decline occurs because the quality of al-
gorithmic solutions deteriorates with the growing complexity of the 
workflow. However, the curve of GMPSO has the least fluctuation, 
which indicates that our study can perform equally well on large-
scale problems and can achieve the solution with the best overall 
performance. By quantitatively analyzing the data obtained, the 𝐻𝑉𝑟 of 
our method is almost 0.89, which is 5.10% higher than DMGA, 6.84% 
higher than MHPSO, 29.39% higher than HPSO, and 21.75% higher 
than MOH.

Fig.  12(c) illustrates the variation curve of the 𝛥 metric. As the 
workflow scale increases, although the curve exhibits some fluctu-
ations, it demonstrates an overall upward trend. The main reason 
is that the expansion of the search space increases the difficulty of 
maintaining diversity and uniformity among solutions, resulting in a 
higher 𝛥 value. It is evident that our algorithm consistently achieves 
the best performance across workflows of varying scales, highlighting 
its strong capability in preserving solution diversity and distribution 
balance. Based on quantitative analysis, our method attains an average 
𝛥 value of approximately 0.49, surpassing DMGA by 17.52%, MHPSO 
by 13.68%, HPSO by 37.01%, and MOH by 35.80%.

5.4.4. Statistical tests
To evaluate the statistical significance of the performance differ-

ences between GMPSO and the benchmark algorithms, we conducted 
two classical statistical tests.

Specifically, the Wilcoxon signed-rank test was conducted to per-
form pairwise comparisons between GMPSO and the benchmark al-
gorithms, aiming to determine whether the observed performance im-
provements are statistically significant. Table  5 presents the test results. 
It can be observed that across all comparisons between GMPSO and 
the benchmark algorithms on the three metrics, the p-values are con-
sistently below 0.05. This indicates that the improvements achieved 
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Table 6
Friedman test on three metrics between algorithms.
 Metrics GMPSO DMGA MHPSO HPSO MOH

 V R V R V R V R V R 
 𝐼𝐺𝐷 8.39e−2 1 9.90e−2 3 9.65e−2 2 1.31e−1 5 1.22e−1 4 
 𝐻𝑉𝑟 8.89e−1 1 8.42e−1 2 8.32e−1 3 6.87e−1 5 7.30e−1 4 
 𝛥 4.89e−1 1 5.93e−1 3 5.67e−1 2 7.77e−1 5 7.62e−1 4 
 Rank 1.00 2.67 2.33 5.00 4.00

by GMPSO demonstrate significant differences compared to other al-
gorithms, thus confirming the effectiveness of our proposed method.

Furthermore, the Friedman test is conducted to further assess the 
overall ranking and consistency of each algorithm across multiple 
workflow scenarios. Based on the average metric values (V) of each 
algorithm across different workflows, their rankings (R) on each metric 
were determined, which were then used to compute the statistical 
values. As shown in Table  6, GMPSO ranks first on all metrics, and the 
computed 𝑝-value is 0.0218 (<0.05), indicating that the performance 
differences among the algorithms are statistically significant, which 
confirms the overall superiority of GMPSO.

6. Conclusion and future work

Since the traditional scheduling methods are incapable of achieving 
a comprehensive optimization with better performance due to the het-
erogeneous type and complexity of the workflow scheduling problem in 
cloud environments, this study proposes GMPSO. First, the scheduling 
problem is abstracted into particles and divided into superior, medium 
and inferior populations according to the fitness, and different genetic 
operators are integrated on different sub-populations. The superior 
population accelerates the convergence speed; the inferior population 
comprehensively explores the solution space to avoid getting trapped in 
local optima; the medium population ensures a balance between the su-
perior and inferior populations. As the iterations progress, the influence 
of the genetic operator gradually weakened, eventually transitioning 
into pure particle swarm operation, which prompts the population to 
converge more stably on the PF. From the final simulation results, 
our method obtains the best 𝐼𝐺𝐷, 𝐻𝑉𝑟, and 𝛥 values, indicating that 
GMPSO balances the convergence and diversity of the solutions to 
achieve the best results in makespan and energy optimization.

GMPSO has good application potential in actual cloud computing 
scenarios, and is particularly suitable for complex workflow systems 
that are sensitive to resource utilization, task response time, and energy 
consumption, such as smart healthcare, scientific computing, and the 
industrial Internet. While improving scheduling efficiency, this method 
ensures the diversity of solutions and global optimality, providing an 
effective tool for multi-objective optimization in cloud environments. 
However, the current work only considers two QoS indicators, namely 
latency and energy consumption, and still relies on the traditional 
evolutionary framework. It has certain limitations when dealing with 
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highly dynamic and large-scale tasks. As part of future research, we 
will consider further introducing more QoS objectives (such as cost, 
reliability, etc.) to more comprehensively reflect the diverse needs in 
the actual cloud computing environment. Furthermore, we will explore 
integrating our method with machine learning mechanisms to improve 
the adaptability and optimization efficiency of the model.
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