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Abstract—Cloud-Fog computing has emerged as an essential
paradigm to support the growing demand for real-time data pro-
cessing driven by the Internet of Things. By integrating the ex-
tensive computing capabilities of cloud data centres with the low-
latency benefits of fog nodes, this architecture increases resource
utilisation and improves quality of service. However, the dynamic
and heterogeneous nature of cloud fog environments poses signif-
icant workflow scheduling challenges, especially when optimising
multiple trade-offs such as latency, cost, energy consumption, and
resource utilisation. This paper investigates the many-objective
dynamic workflow scheduling problem under deadline constraints
in container-based cloud-fog computing environments (MDWS-
CoCF). Unlike existing studies that primarily focus on horizontal
scaling, this work considers both vertical and horizontal scaling
of containers, allowing for real-time adjustments of container con-
figurations based on task-specific requirements. To address this
complex problem, we first develop a dynamic workflow scheduling
simulator that models real-world scenarios, including a variety of
task categories and container scalability. Based on this simula-
tor, we propose a Cooperative Coevolution Genetic Programming
(CCGP) approach that evolves specialised heuristics for task se-
lection, resource allocation, and container deployment to facilitate
adaptive and efficient scheduling in MDWS-CoCF. Extensive simu-
lations using real-world data traces show that the proposed CCGP
approach significantly outperforms existing baseline algorithms,
achieving superior performance as measured by the HyperVolume
and Inverted Generational Distance metrics. The results show that
the evolved heuristics are robust and effective under different
dynamic scenarios, ensuring balanced optimisation of many ob-
jectives.
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I. INTRODUCTION

C LOUD-FOG computing has been brought to the forefront
of modern computing paradigms by the rapid growth of

the Internet of Things (IoT) and the increasing demand for
real-time data processing. This hybrid architecture leverages
the massive computing power of cloud data centres with the
localised, latency-reducing capabilities of fog nodes located
closer to data sources. Integrating these two tiers aims to op-
timise resource utilisation, reduce latency and improve quality
of service (QoS) [1], [2]. However, the dynamic and hetero-
geneous nature of cloud-fog environments presents significant
challenges, particularly in dynamic workflow scheduling, which
requires adaptive strategies to address multiple, often conflicting
objectives such as latency, cost, and energy consumption [3], [4].

In recent years, container-based virtualisation is emerging
as a crucial technology in cloud-fog computing environments,
providing lightweight, scalable, and efficient resource manage-
ment capabilities. Containers encapsulate applications and their
dependencies, ensuring consistent execution across different
environments and enhancing resource utilisation [5], [6]. A key
advantage of containers is their inherent horizontal and vertical
elasticity. Horizontal scaling leverages their fast startup time
to deploy multiple containers simultaneously, while vertical
scaling allows real-time adjustment of container configurations,
such as CPU and memory [7]. For example, Kubernetes supports
in-place resizing of CPU and memory resources without the
need to restart the container, thereby improving responsiveness
to dynamic workloads [8]. Similarly, Docker offers runtime
options to set memory and CPU limits for containers, facilitating
efficient resource management [9].

However, existing research on task scheduling primarily fo-
cuses on horizontal scaling, with few studies on vertical scaling.
Although several studies [10], [11], [12] have addressed work-
flow scheduling in containerised environments, their models
usually assume that containers have static resource configura-
tions that are either inherited from or equivalent to those of
virtual machines (VMs). While these models benefit from faster
container startups than VMs, they overlook the vertical elasticity
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Fig. 1. A simple example of containers with vertical scaling support running
on a single VM. ’10’ indicates that the task adjusts CPU only, ’01’ indicates that
the task adjusts memory only, ’11’ indicates that the task adjusts both CPU and
memory, and ’00’ indicates that the task does not adjust any configurations.

of containers. Therefore, to cover the important aspect of vertical
elasticity not yet considered in the literature, this paper will not
only consider the horizontal elasticity of containers, but also
their vertical elasticity along with different task categories.

Existing research tends to overlook the vertical elasticity of
containers and the diversity of task categories in real-world
scenarios. These task categories include (1) computation/CPU-
intensive tasks that require high CPU utilisation, such as data
analysis, image/video processing, and machine learning algo-
rithms; (2) memory/data-intensive tasks that require high mem-
ory utilisation, such as data aggregation, caching, and data
preprocessing; (3) balanced tasks that require a mix of CPU
and memory resources, such as web servers and database man-
agement systems; and (4) communication-intensive tasks that
involve significant data transfer and require efficient network
communication, such as real-time streaming applications. Most
existing studies mainly focus on CPU-intensive tasks [10], [13],
[14], [15], which are affected by the computational capacity
of the CPU, with tasks having shorter execution times when
executed on resources with high computational capacity, and
vice versa. Few studies simultaneously consider these task cat-
egories. By supporting vertical scaling, multiple containers can
run on the same VM (or host) at the same time, which can not
only avoid switching multiple VMs to save energy consumption
or cost, but also improve resource utilisation by adjusting the
configuration of containers. Fig. 1(a) is a simple example of
containers with vertical scaling support running on a single
VM. Fig. 1(b) and (c) show the CPU and memory usage of
the VM over time, respectively. Containers share the same VM
by adjusting the configuration of CPU or memory.

Given these gaps in the literature, this paper focuses on the
Many-objective Dynamic Workflow Scheduling under deadline

constraints in Container-based Cloud-Fog computing (MDWS-
CoCF). In MDWS-CoCF, workflows have different priority
weights or sensitivity to deadline violations, and tasks of various
categories are executed in containers with adjustable config-
urations, such as CPU and memory, based on task require-
ments. The objectives are to minimise the workflow-oriented
total weighted tardiness, the cloud-oriented total monetary cost,
the fog-oriented total energy consumption, and maximise the
system-oriented total resource utilisation. Previous studies have
covered different aspects of workflow (task) scheduling. For
example, Xu et al. [16] studied dynamic workflow scheduling in
fog environments, while Azizi et al. [17] studied deadline-aware
and energy-efficient static independent task scheduling, treating
all computing resources as fog nodes. Tan et al. [18] focused on
online resource allocation in container-based clouds, but unlike
this study, they did not consider containers that are dynamically
released and reconfigured based on task execution. These works
primarily considered CPU-intensive tasks and did not address
the full spectrum of task categories or the dynamic reconfigura-
tion of container resources.

Therefore, the MDWS-CoCF problem inherits many chal-
lenges of traditional workflow (task) scheduling in cloud or fog
environments and container-based resource allocation, such as
deadline constraints, determining the scheduling sequence of
workflows (tasks), and handling the trade-offs between capacity
and cost in resource selection [11], [19], [20]. Additionally,
MDWS-CoCF introduces new challenges, including dynami-
cally adjusting container configurations in real-time based on
changing system states, which involves identifying which con-
tainers to adjust and how to adjust them to optimise resource
utilisation without disrupting ongoing tasks. Furthermore, bal-
ancing many conflicting objectives such as tardiness, cost, en-
ergy consumption, and resource utilisation simultaneously adds
complexity to the scheduling process. Ensuring the scalability
and responsiveness of the scheduling framework to handle an
increasing number of tasks while maintaining real-time perfor-
mance and adapting to varying workloads requires a sophisti-
cated and robust approach.

To overcome these challenges, we aim to develop a new
dynamic workflow scheduling simulator, which schedules se-
quentially according to the event queue and employs scheduling
heuristics to make decisions at each decision point to make
the scheduling process continue. MDWS-CoCF involves three
main decisions, i.e., the task selection decision to select a ready
task, the resource selection decision to select a resource in the
cloud-fog system to execute the ready task, and the container
deployment decision to assign an appropriate configuration to
the container (re)assignment to execute the task. The first two
decisions, task and resource selection decisions, are already
available in traditional workflow scheduling [19], [20], [21],
[22], [23], [24], while container deployment decision is pur-
posefully introduced in this paper to support vertical scaling
of containers. We propose a novel Cooperative Coevolution Ge-
netic Programming (CCGP) approach to automatically generate,
select, and evolve scheduling heuristics for these decisions based
on the state characteristics of the system.

Several reasons motivate us to propose the CCGP approach.
First, Genetic Programming Hyper-Heuristic (GPHH) [25], [26]
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is an automated methodology for evolving heuristics to solve
many combinatorial optimisation problems, including workflow
scheduling [16], [21], [27], job shop scheduling [28], [29], and
routing problems [30], [31]. GPHH can mitigate the limitations
of heuristic approaches, such as greediness and dependence on
expert domain knowledge [16], [32], as well as the drawbacks of
meta-heuristics, such as long scheduling delays caused by itera-
tive optimisation. The goal of GPHH is to explore the “heuristic
search space” of the problems instead of the solution search
space in the cases of heuristics and meta-heuristics. In other
words, the output of GPHH is a set of rules or heuristics/policies
instead of a schedule or a solution, which is typically the case for
genetic algorithm or other heuristic methods. The best heuristic
discovered by GPHH during training can make decisions in
dynamic/real-time workflow scheduling. Second, Cooperative
Coevolution is a reciprocal evolutionary exchange between in-
teracting populations [33]. Cooperative coevolution can help
maintain search diversity by decomposing problems into sub-
components, and when integrated with multi-objective opti-
mization techniques, it can contribute to finding well-distributed
solutions along the Pareto front. Third, CCGP leverages the
combined strengths of GPHH and Cooperative Coevolution to
address the dynamic and heterogeneous nature of cloud-fog
environments. By decomposing the complex scheduling prob-
lem into sub-problems, CCGP evolves specialised heuristics for
task selection, resource selection, and container deployment.
This approach allows CCGP to adapt to real-time changes in
system states and workload patterns, ensuring robust and effi-
cient scheduling under varying conditions. Therefore, CCGP is
a promising technique for our problem.

To the best of our knowledge, this is the first work on MDWS-
CoCF that supports vertical and horizontal scaling of containers.
The contributions of this paper are as follows:
� We provide a constrained optimisation model for the many-

objective dynamic workflows scheduling under deadline
constraints in container-based cloud-fog computing, which
covers the important aspect of vertical and horizontal scal-
ing of containers not yet considered in the literature.

� We customise a new dynamic workflow scheduling simula-
tor to mimic the scheduling process in real-world scenarios
as the existing simulator does not support multiple task
categories and vertical and horizontal scaling of containers.
The scheduling heuristic is used to make a decision at each
decision point to obtain the final schedules.

� We propose a CCGP approach, which is comprised of three
rules, i.e., the task selection rule to select a ready task, the
resource selection rule to select a resource in the cloud-
fog system to execute the ready task, and the container
deployment rule to assign an appropriate configuration to
the container (re)assignment to execute the task. We design
a number of terminals based on the scheduling process,
which can clearly describe the state of the cloud-fog sys-
tem.

� Extensive simulation experiments using two real-world
data traces, the Cluster-trace-v2018 from Alibaba Cloud
and scientific workflows from the Pegasus project, demon-
strate that the proposed algorithm significantly outper-
forms existing baselines. Additionally, the scheduling

heuristics evolved through CCGP effectively combine
and interact features, ensuring robustness and adaptability
across diverse dynamic scenarios and requirements.

Due to the space limitation, the section of Related Work is
given in the Supplementary Materials.

II. CONTAINER-BASED CLOUD-FOG WORKFLOW SCHEDULING

MODELLING

A. Container-Based Cloud-Fog Computing System
Architecture

We consider a standard distributed and heterogeneous cloud-
fog computing environment as shown in Fig. 2.

Real-time Applications from IoT Devices: IoT devices gen-
erate a continuous stream of data, often requiring real-time
processing and analysis. These devices may submit multiple
workflow applications simultaneously. The workflows vary in
complexity and resource requirements, demanding a flexible and
responsive scheduling mechanism to ensure timely and efficient
execution. IoT devices can be smart wearables, automobile
sensors, security sensors, smart home appliances, thermostats,
industry devices, and so on. Most IoT devices are resource
constrained. They suffer from limited resources including pro-
cessing capabilities, memory, and battery power. Therefore, they
offload their tasks to the edge or cloud layers.

Broker or Resource Management System: The broker or
resource management system is the core of the architecture.
It consists of a resource monitor that monitors the status of
tasks and resources, and a workflow scheduler that generates
task scheduling and resource deployment decisions based on
the resource monitor. Through the scheduling decisions, the
container orchestrator encapsulates the tasks; the deployment
plan deploys the tasks to the specified resources; the elastic
scaling controller adjusts the container’s resource configuration
to achieve vertical scaling, and starts or shuts down resources to
achieve horizontal scaling.

Container-based Cloud-Fog Computing: The infrastructure
consists of a number of heterogeneous computing resources with
different configurations that form the foundation of the system,
including fog nodes and cloud servers: Fog Nodes: Deployed
at the network edge, close to the data sources, fog nodes are
responsible for handling latency-sensitive and real-time tasks.
These nodes, such as high-end servers, set-top boxes, Raspberry
Pis, routers, and personal computers, possess certain computing
and storage capabilities, enabling them to respond quickly to
local device requests due to their proximity to terminal IoT
devices [17]. Cloud Servers: Composed mainly of a set of VMs
with high computing power and storage capacity, cloud servers
handle more complex and computation-intensive tasks. Despite
having much higher communication latency due to multiple hops
from users, cloud servers can centrally manage large-scale data
and applications, providing efficient resource scheduling and
data analysis services.

IoT devices suffer from low bandwidth and high latency
when communicating with cloud servers because IoT devices
are connected to cloud servers via Wide Area Network (WAN),
which provides low bandwidth, and the distance of cloud servers
and IoT devices which leads to high latency [34]. However,

Authorized licensed use limited to: Peng Cheng Laboratory. Downloaded on February 24,2026 at 01:30:53 UTC from IEEE Xplore.  Restrictions apply. 



228 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 19, NO. 1, JANUARY/FEBRUARY 2026

Fig. 2. The dynamic workflow scheduling architecture in container-based cloud-fog computing.

Cloud Severs provide an unlimited number of highly config-
urable resources on a pay-as-you-go basis. Fog Nodes have fewer
resources (e.g., CPU, RAM) in comparison to cloud servers,
while they provide higher bandwidth with less latency for IoT
devices since they can be accessed via Local Area Network
(LAN) [34], [35]. We assume full connectivity between all
computing nodes, regardless of whether they are fog or cloud
nodes. Fog Nodes provide a fixed number of resources.

Tasks are packaged as containers through existing image
files, and then the containers are deployed to the resource. A
resource can deploy and run multiple containers simultaneously,
but cannot exceed the configurations of the resource. Containers
are minimal units, i.e. a container can only run one task at a
time, and the CPU and memory of a container can be adjusted
to increase or decrease its capacity. The execution time of a task
is affected by both the CPU and memory configurations of the
container.

B. Problem Formulation

We consider a computing resource in the cloud-fog environ-
ment to be a host. Tasks are packaged as containers through
existing image files, and then the containers are deployed to
the host. A host can deploy multiple containers simultaneously,
but cannot exceed the configurations of the host. Containers are
minimal units, i.e. a container can only run one task at a time, and
the CPU and memory of a container can be adjusted to increase
or decrease its capacity. The execution time of a task is affected
by both the CPU and memory configurations of the container
and is divided into the following four categories. Let φ(α) be
the category of a task α.
� φ(α) = 10. The container’s memory needs to meet the

memory demand of the task, while improving the con-
tainer’s CPU configuration can reduce the execution
time of the task, and vice versa. Such tasks are usually
computation-intensive.

� φ(α) = 01. The container’s CPU needs to meet the CPU
demand of the task, while improving the container’s mem-
ory configuration can reduce the execution time of the task,
and vice versa. Such tasks are usually memory-intensive.

� φ(α) = 11. Improving both the container’s memory and
CPU configurations can reduce the execution time of the
task, and vice versa. Such tasks are usually balanced be-
tween computation and memory.

� φ(α) = 00. Both the container’s CPU and memory meet
the task’s requirements, and improving the container’s
configuration can’t reduce the task’s execution time. Such
tasks are usually communication-intensive.

Let R be the set of heterogeneous computing resources. Each
resource r is associated with a type θ(r) ∈ Θ = C ∪ F , the size
of CPU Γc(r), the size of memory Γm(r). C and F are the
set of resource types provided by the Cloud Severs and Fog
Nodes, respectively. Let BWAN and BLAN be the bandwidth
of the LAN and WAN respectively. Let LWAN and LLAN be
the latency of the LAN and WAN respectively [34]. There are
a per-unit lease price ce(r) and a price of transmitting unit data
cd(r) if the resource r belongs to Cloud Severs. If this resource
belongs to Fog Nodes, there are dynamic power and static power.
Static power ps(r) includes base power pb(r), CPU-based idle
power pic(r) and memory-based idle power pim(r), where
ps(r) = pb(r) + pic(r) + pim(r). Dynamic power is defined
as the difference between full power and idle power, includ-
ing CPU-based power pdc(r) = pfc(r)− pic(r) and memory-
based power pdm(r) = pfm(r)− pim(r).

Let G be a set of workflow applications. Each work-
flow g∈G contains a set of tasks A(g). The arrival time,
weight, and deadline of workflow g are ρa(g), ρw(g), and
ρd(g), respectively. Each task α∈A(g) is represented by a
tuple

{
φ(α), τ l(α), μc(α), μm(α), Apre(α), Asuc(α)}, where

φ(α) ∈ Φ = {00, 01, 10, 11} is a binary variable and denotes
the category of task α, τ l(α) is the computational workload
of the task, μc(α) is minimum computational resource re-
quirement, μm(α) is minimum memory resource requirement,
Apre(α) ⊆ A(g) is a set of predecessor tasks, and Asuc(α) ⊆
A(g) is a set of successor tasks. d(α1, α2) is the data re-
quired to be transferred from task α1 to its successor task α2

∈ Asuc(α1).
We formulate the deadline-constrained dynamic joint work-

flow scheduling and container scaling problem as an optimisa-
tion problem aiming to minimise the fog-oriented total energy
consumption, cloud-oriented total monetary cost, and workflow-
oriented total weighted tardiness, and to maximise resource
utilisation, which subject to the following constraints:
� No task can be executed until all its predecessor tasks have

been completed.
� Each task must be executed by a container whose configu-

ration can be changed.
� Each resource can deploy and run multiple containers

simultaneously, but the sum of the CPU and memory
capacities of the containers allocated on the resource can-
not exceed the corresponding resource’s capacity at any
moment.

We assume scheduling as a discrete-time control problem as
standard in previous work [18], [36], [37], [38]. Let T be the
set of decision points, and t ∈ T be a specific decision point.
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Decision points typically correspond to moments when the
system’s state changes, such as when a workflow is submitted,
a task starts execution, or a container configuration is updated.
Let xs(α) and xf (α) be the execution start time and execution
finish time of the task α. Let y(α) ∈ R be assigned resource
of the task α in the schedule. Let νc(α, t) and νm(α, t) be the
sizes of the CPU and memory allocated to the container used to
execute the task α at time t.

The problem can then be formulated as

min E =
∑
r∈R

∫
T

P (r, t)dt, (1)

min C =
∑
r∈R

∫
T

Ce(r, t)dt+
∑
g ∈G

∑
α1∈A(g),

α2∈Asuc(α1)

Cd(α1, α2),

(2)

min T =
∑
∀ g∈G

ρw(g)×max

{
0, max

α∈A(g)

{
xf (α)

}− ρd(g)

}
,

(3)

max U =

∑
r∈R

∫
T (U c(r, t) + Um(r, t)) dt

2× |T | × |R| , (4)

s.t. : xs(α) ≥ ρa(g), ∀ g ∈ G, α ∈ A(g), (5)

xf (α1)+xc(α1, α2)+xl(α2)

≤xs(α2), ∀α2∈Asuc(α1), (6)⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

∫ xf (α)

xs(α)
1

μc(α)×μm(α) dt =τ l(α), φ(α)= 00,∫ xf (α)

xs(α)
1

μc(α)×νm(α,t) dt =τ l(α), φ(α)= 01,∫ xf (α)

xs(α)
1

νc(α,t)×μm(α) dt =τ l(α), φ(α)= 10,∫ xf (α)

xs(α)
1

νc(α,t)×νm(α,t) dt =τ l(α), φ(α)=11.

(7)

{
νc(α, t) ≥ μc(α), ∀t ∈ T,
νm(α, t) ≥ μm(α), ∀t ∈ T.

(8)

{∑
∀y(α)=r ν

c(α, t) ≤ Γc(r), ∀r ∈R, ∀t ∈ T,∑
∀y(α)=r ν

m(α, t) ≤ Γm(r),∀r ∈R, ∀t ∈ T.
(9)

xl(α) =

{
LLAN , y(α) ∈ F ,
LWAN , y(α) ∈ C. (10)

xc(α1, α2) =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0, y(α1) = y(α2),
d(α1,α2)
BLAN

, y(α1) �= y(α2),

y(α1), y(α2) ∈ F ,
d(α1,α2)
BWAN

, otherwise,

(11)

U c(r, t) =

∑
∀y(α)=r ν

c(α, t)

Γc(r)
, (12)

Um(r, t) =

∑
∀y(α)=r ν

m(α, t)

Γm(r)
, (13)

P (r, t) =

⎧⎨
⎩
ps(r)+pdc(r)×U c(r, t)
+pdm(r)× Um(r, t),

if r∈F ,

0, otherwise,
(14)

Ce(r, t) =

{
ce(r), if r ∈ C,U c(r, t) �= 0,
0, otherwise,

(15)

Cd(α1, α2) =

⎧⎨
⎩
cd(r)× d(α1, α2),

if y(α1) ∈ C, y(α2) ∈ F ,
0, otherwise,

(16)

where ∀ g ∈ G, ∀ α, α1, α2 ∈ A(g), ∀ r ∈ R, and ∀t ∈ T .
Eqs. (1), (2), (3), and (4) are the four considered objectives, re-
spectively. Eq. (1) is the fog-oriented total energy consumption,
which is the sum over all fog nodes of the time integral of the
instantaneous power P (r, t) for each node. Eq. (2) is the cloud-
oriented total monetary cost, which includes the cost of leasing
cloud severs based on pay-as-you-go and the communication
cost. Eq. (3) is the workflow-oriented total weighted tardiness.
Eq. (4) is the total resource utilisation of system, which is the
average combined utilisation of CPU and memory across all
resources over the entire scheduling period. Constraint (5) en-
sures that the workflow cannot be executed until it is submitted.
In other words, the constraint is also regarded as the fact that
any information about the workflow is unknown to the system
until it is submitted. Constraint (6) is the precedence constraint
in a workflow, which indicates that the task cannot be executed
until all of its immediate predecessors have finished and it has
received all of the output data from its immediate predecessors.
Eq. (7) governs the execution of different categories of tasks,
ensuring that each task α completes its computational work-
load τ l(α) within its time slot [xs(α), xf (α)] under variable
container configurations. Constraint (8) indicates that the con-
figuration of the container needs to satisfy the requirements of
the task. Constraint (9) indicates that the sum of the CPU and
memory capacities of the containers allocated on the resource
cannot exceed the corresponding resource’s capacity at time t.
Constraint (10) defines the network latency xl(α) associated
with executing task α, which depends on whether it is scheduled
on a fog node or a cloud node. Eq. (11) is the communication
time between each task α1 and its successor task α2. Eqs. (12)
and (13) are the CPU-based resource utilisation and memory-
based resource utilisation, respectively. Eq. (14) models the
instantaneous power consumption P (r, t) of a resource r at
time t. The power is composed of a static power ps(r) and a
dynamic power that scales linearly with both CPU and memory
utilisation. The power consumption of non-fog resources (e.g.,
cloud servers) is considered zero in this context, as their energy
cost is managed by the cloud provider. Eq. (15) indicates the
resources in the cloud server will be charged when running
the task. Eq. (16) indicates that data will be charged when it
is transmitted from the cloud server.

III. DYNAMIC WORKFLOW SCHEDULING SIMULATOR

Given that existing simulation platforms cannot support
MDWS-CoCF, especially in terms of simultaneous consider-
ation of multiple task categories, and horizontal and vertical
scaling of containers. We develop a new simulator to imitate the
scheduling process. This simulator involves three key decisions
and is driven by discrete events. We will first introduce these
three decisions, followed by a detailed explanation of each
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event. The following three rules are employed to make the
corresponding decisions during the scheduling process:

Task selection rule (Rule 1): to select the next ready task to
be executed. If there are multiple tasks ready at the same time,
the rule is used to determine the sequence of tasks.

Resource selection rule (Rule 2): to select a resource in the
cloud-fog system to execute the selected task. There are three
main steps. First of all, eliminating the resources that con not
meet the minimum requirements of CPU or Memory of the task.
Secondly, it filters out the resources that cannot meet the sub-
deadline to execute the task. If no resource remains, then the
resource in the cloud with the earliest finish time is selected
to execute the task from all available resources. Otherwise, the
resource selection rule is used to select the resource. In cases
where multiple resources have the same priority, we prioritise
selecting an existing resource that does not need to be created.

Container deployment rule (Rule 3): to assign the appropriate
configuration (CPU and memory) for containers to perform
tasks. First of all, we screen out the containers that need to adjust
CPU and memory respectively; under the premise of satisfying
the minimum required execution of all containers, we calculate
the remaining allocable CPU and memory of the resource. Then,
the remaining resources are allocated to these containers. If there
is a container where CPU and Memory need to be adjusted at
the same time, CPU and Memory are allocated in turn according
to the percentage of remaining capacity.

According to the allocable capacity and the number of con-
tainer requirements, CPU and memory are allocated and the
same strategy is adopted. The following three schemes can
be adopted to assign the appropriate configuration: (i) aver-
age allocation; (ii) randomly generated allocation scheme and
random allocation; (iii) randomly generated allocation scheme
and allocation according to the priority of the containers in
descending order. Among them, the above three schemes are
selected by roulette according to a given probability sequence.
To learn to choose an allocation scheme matching the container
state, we set the probability to [0.2,0.2,0.6].

The discrete event-driven simulation process with the three
rules maintains an event queue E sorted by trigger time. Each
event Ee is associated with the event name EN

e , trigger time ET
e ,

workflow involved EW
e , task involved EA

e , service resource in-
volvedES

e , and container involvedEC
e . Fig. 3 shows the flowchart

of dynamic event triggering during a workflow’s lifecycle, from
submission to completion. Events represent distinct state tran-
sitions, each with unique trigger conditions and behaviors, that
form the backbone of the simulation engine. Rules represent the
decision-making logic that our Genetic Programming approach
evolves and evaluates at these transitions. This decoupling is
essential as it allows the scheduling rules to be modified and
tested independently of the core simulation engine, providing
crucial modularity and extensibility. According to the event
name, we introduce (1) when each event is triggered and (2)
what will happen when the event is triggered:
� WorkflowSubmitted. When: the arrival time of a

workflow. What: set the tasks with no immediate prede-
cessors to ready state. If there are multiple workflow sub-
missions or multiple tasks that need to be set to ready state,

Fig. 3. The flowchart of dynamic event triggering during a workflow’s lifecy-
cle, from submission to completion.

the task selection rule is adopted to calculate the priority
of each task, and the tasks are added to the TaskReady
event queue in ascending order of this priority.

� TaskReady. When: after a workflow has been submit-
ted or all of a task’s immediate predecessors have been
assigned and started to execute. What: select a resource
to execute the task according to the resource selection
rule. Once the resource that will execute the task has been
determined, we can determine the start execution time of
the task from the terminals associated with that resource.
We add the task to the wait queue of the resource that will
execute it.

� StartExecuteTask. When: after the ready task has re-
ceived data from all predecessors and the assigned resource
is active. What: remove the task from the wait queue and
add it to the run queue. We reconfigure running containers
based on container deployment rule.

� CompleteExecuteTask. When: after the execution of
task is finished. What: remove the task from the run queue
and add its child task to TaskReady event queue if its
child task is ready. We reconfigure running containers
based on container deployment rule.

� CompleteExecuteWorkflow. When: after all the
tasks in a workflow have been finished. What: record that
the workflow has been scheduled.

The container deployment rule is triggered twice in the
flowchart (Fig. 3): first, to configure a container before a new
task starts, and second, to vertically scale the container after a
task completes. This dual invocation is necessary to adapt to
changing resource demands and improve overall utilisation.

The state of the simulated system, such as the system time, is
updated as each event is triggered, and an event can generate
and/or trigger other events. Overall, the simulation process
is scheduled sequentially according to the event queue. The
scheduling heuristic makes a decision on each decision point
to make the scheduling process continue.

Authorized licensed use limited to: Peng Cheng Laboratory. Downloaded on February 24,2026 at 01:30:53 UTC from IEEE Xplore.  Restrictions apply. 



SUN et al.: COOPERATIVE COEVOLUTION GENETIC PROGRAMMING 231

Fig. 4. The flowchart of the CCGP approach.

IV. THE PROPOSED DYNAMIC WORKFLOW SCHEDULING

ALGORITHM

A. Cooperative Coevolution Genetic Programming

We propose the CCGP approach to automatically generate
the above tree-based rules to make decisions. The training pro-
cess is performed offline and the trained rules are deployed to
make online scheduling decisions. The flowchart of the CCGP
approach is shown in Fig. 4, where three populations of rules
are evolved through the following evolutionary mechanisms.

Populations Initialisation with Ramped-Half-and-Half Meth-
od: Initially, individuals in the three populations are generated
using the ramped-half-and-half method [39], where terminals
and functions are randomly selected and combined. Specifically,
half of the individuals in a population are initialised with the
maximum depth set in advance, while the remaining individuals
in the population are initialised randomly within the maximum
depth.

Populations Cooperation and Evaluation: Given a training
instance, we can evaluate the fitness of an individual by ap-
plying it to the Dynamic Workflow Scheduling Simulator in
Section III. After fitness evaluation, each individual has a fitness
that represents its quality. We employ cooperative coevolution
to evolve three decision rules in three subpopulations [21],
[40]. Each subpopulation corresponds to one rule type: task
selection, resource selection, or container deployment. In each
generation, a representative individual is first selected from
each subpopulation. Each individual within a subpopulation
then cooperates with these representatives from the other two
subpopulations to form a complete scheduling heuristic for
making three decisions. This complete scheduling heuristic is
applied to the simulator to evaluate the fitness of the individual.
Specifically, representative individuals are selected randomly
from each subpopulation in the first generation. In subsequent
generations, we employ a Pareto-based selection strategy [41],
i.e., we first do a non-dominated sorting of the individuals within

each population, and then randomly select a representative from
the first front (i.e., with the lowest rank).

Update Archive Set AS: When updating the archive set, we
record all complete scheduling heuristics represented by all
individuals in the populations. After removing the duplicate
solutions, the first-front non-dominated solutions are copied into
the new archive set AS based on the non-dominated sorting and
crowding distance methods [41]. This ensures that each solution
of the output archive set is a complete scheduling heuristic for
solving the problem.

Parent Selection: If the stopping criterion is met, the archive
set AS so far is considered as the best evolved scheduling
heuristics for MDWS-CoCF. Otherwise, the populations will
be updated evolutionarily in turn. The NSGA-III differs sig-
nificantly from NSGA-II in its selection mechanism, which is
designed to improve the results of many-objective problems
with 3 to 15 objectives [42], [43]. Therefore, we employ the
reference-points-based selection mechanism in NSGA-III to
select parents for generating offspring. Following [42], [43],
we predefine 15 reference points that are uniformly distributed
in the objectives space. Each solution is associated with the
nearest reference point by perpendicular distance, and individ-
uals are finally selected using a niche-preservation technique
to improve population diversity. More details can be found in
[42], [43].

Evolution: Evolution has four genetic operators, which are
elitism, reproduction, crossover and mutation. These operators
aim at generating a new offspring population by inheriting good
materials from the parent population. Elitism: A predefined
number of elite individuals are directly copied into the next
generation. These elites are the top individuals picked up from
the current population based on the above non-dominated sorting
and crowding distance methods, ensuring the preservation of the
best-performing solutions. Reproduction selects individuals by
tournament selection, and copies them into the next generation.
Crossover: This operator creates a new offspring by swapping
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TABLE I
TERMINAL AND FUNCTION SETS OF CCGP

subtrees between two parents. First, a subtree is randomly se-
lected from a parent. Then, an individual is selected from the
archive set AS , and one of its subtrees is randomly chosen.
Finally, we replace the parent’s subtree with the selected subtree
to form a new offspring. Mutation: This operator introduces
random variations by modifying a single parent. A new subtree
is randomly generated using the same grammar rules that govern
the initial population creation. This new subtree then replaces
a randomly selected subtree within the parent, resulting in a
mutated offspring.

B. Representation, Terminal Set, and Function Set

To evolve a scheduling heuristic with three rules for the
MDWS-CoCF problem, we employ three tree-based individ-
uals represent task selection rule, resource selection rule and
container deployment rule, respectively. We design 30 terminals
based on the scheduling process, which indicate the character-
istics related to workflows, tasks, resources and containers, to
describe the state of the cloud-fog system. These terminals, i.e.
the low-level heuristics, are designed based on the global real-
time information of the workflows and the cloud-fog system,
so that the learned heuristics can solve the dynamic workflow
scheduling.

Table I shows the terminal and function sets of CCGP. The
terminals are the leaves of the tree while the functions cannot
be located at the leaves of the trees. Note that the terminal set is
different for each rule, but the function set is the same. We use
the symbol ‘�’ to mark the terminals that compose the corre-
sponding rules in Table I. The function set is {+, -, *, protected /,
Max, Min}, and each function has two arguments. The protected
division “/” returns one if divided by zero. Below we provide ad-
ditional explanations for those terminals in the table that are not
self-explained.

No. 5 SD is the sub-deadline of a task, which is set based
on the latest finish time, as shown in (17). We use reference
execution time of a task α (e.g., terminal ET, denote as ET (α))
and the transmission time in fog to estimate the latest finish
time �(α) (18)). ε is a random factor within the range [0.95,1].
The smaller the ε, the more urgent the tasks in a workflow and
the smaller the sub-deadline. Following [20], we set ε = 0.95.
No. 6 UR is the upward rank of a task α, which is the length
of the critical path from α to the exit task [44], as shown
in (19).

SD(α) =

{
�(α), if Asuc(α) = ∅,
ε× �(α), otherwise.

(17)

�(α1)=

⎧⎪⎪⎨
⎪⎪⎩

ρ(g), if Asuc(α1) = ∅,

max
α2∈Asuc(α1)

{
�(α2)−ET (α2)

− d(α1,α2)
BLAN

}
, otherwise.

(18)

UR(α1)=

⎧⎪⎪⎨
⎪⎪⎩

ET (α1), if Asuc(α1) = ∅,
ET (α1)+ max

α2∈Asuc(α1){
UR(α2)+

d(α1,α2)
BLAN

}
, otherwise.

(19)

No. 19 CTR is the communication time of a task while it is
executed on one resource, which is the time at which all prede-
cessors’ data is finally received. No. 20 ETAR is the minimum
execution time of a task on a resource with the current remaining
CPU and memory configuration. The current remaining CPU
and memory of a resource (e.g. No. 21 CRCPU and No. 22
CRMEM) are calculated based on the sum of the minimum
requirements of running tasks and waiting tasks on the resource.
No. 23 FAAT is the factor of the task category, reflecting the
complexity of the tasks assigned to a resource. If there is no task
of the same category as the ready task on this resource, FAAT
is equal to the number of other task categories. Otherwise, it is
equal to the number of other task categories plus the total number
of task categories (this paper considers 4 task categories). No.
24 AAT is the actual available time of a resource for a task and is
equal to the maximum between the current system time plus the
latency of the resource and CTR. When this resource is newly
created, its latency is replaced by the booting time. No. 25 CC
is the communication cost of a task while it is executed on one
resource, which is the total the cost for receiving data from all
predecessors. Nos. 29-30 are container-related terminals. Since
the CPU and memory of a container are configured separately,
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these terminals represent the corresponding values when con-
figuring the container’s CPU or memory.

V. PERFORMANCE EVALUATION AND RESULTS

A. Baseline Algorithms and Evaluation Metrics

The characteristics of the problem studied in this paper in-
cludes (1) dynamic workflow scheduling, (2) real-time resource
allocation of containers (real-time Bin-packing problem), and
(3) many-objective optimisation. To the best of our knowledge,
no prior work has holistically addressed these three challenges
simultaneously, leaving a gap in existing literature for directly
comparable algorithms. Therefore, we use the following algo-
rithms presented in related studies and the default scheduling
strategy of container orchestration platforms as baseline algo-
rithms. These algorithms are well-suited for addressing schedul-
ing and resource allocation problems. Specifically, Spread, Bin-
packing, and Random were default scheduling strategies sup-
ported in Docker Swarm’s initial release (v1.12), while only
Spread remains in the latest version (v1.42). Spread achieves
load balancing by evenly distributing tasks, Random provides a
non-optimised baseline to evaluate overall scheduling efficiency,
and Binpacking focuses on optimizing resource utilisation by
minimizing idle space. Spread strategy: executes a container
on the node having the least number of containers, which
aims to ensure a good load balancing of containers between
all nodes of the infrastructure. Binpacking strategy: executes
a container on the most compacted node regarding resources
in order to reduce the total number of used nodes. Random
strategy: randomly selects a node from a set of nodes. TOPSIS
multi-criteria algorithm [45]: select node based on three criteria
by combining the Spread and Binpacking strategies: (i) the
number of containers in each node; (ii) the number of available
CPUs; and (iii) the amount of available memory. Least Waste
Fast First (LWFF) [46]: select node using a multi-objective
optimisation approach by considering simultaneous utilisation
of memory and CPU separately for each node and cumulatively
in the whole cluster.

Since these algorithms do not have the ability to be able to
solve all the decisions of our problem, we combine these baseline
algorithms with the Pareto solutions obtained from the CCGP
training with different decisions to obtain the corresponding
Pareto solutions, thus evaluating the performance of the baseline
algorithms.

This paper uses two evaluation metrics to examine the perfor-
mance of algorithms as follows:

1) Hyper Volume (HV) [14], [47]: HV evaluates the diversity
and convergence of an evolutionary algorithm. It is obtained by
calculating the volume of the enclosed area between a set of solu-
tions generated by the algorithm and a reference point, which is
usually selected as the maximum objective values. Specifically,
we utilise Relative Percentage Deviation (RPD, Eq. (20)) to
normalise three objectives values of solutions. The reference
point (1.0, 1.0, 1.0, 1.0) is used for calculating HV. Hence, the
range of HV is [0, 1] and a larger HV value is preferable, which
indicates that the obtained set of nondominated solutions is

closer to the Pareto front and has a desired distribution.

RPDA =
fA − fmin

fmax − fmin
, (20)

where fA is the solution obtained by algorithm A, and fmin and
fmax are the minimum and maximum values achieved among
all algorithms, respectively.

2) Inverted Generational Distance (IGD) [48], [49]: The IGD
evaluates the proximity between the optimal solutions obtained
by the proposed methods and the true Pareto front, and is defined
as:

IGD =
1

|Q|
∑
q∈Q

min
p∈P

{√∑m

i=1
(pi − qi)2

}
, (21)

where P is the set of Pareto optimal solutions obtained by
the proposed methods, and Q is the set of true Pareto optimal
solutions. m is the number of objectives. It is hard to know
the true Pareto optimal solutions to the problem. To obtain
approximate Pareto optimal solutions, we merge the results of
all algorithms and then select the non-dominated solutions from
this merged set as the approximate optimal solutions. A smaller
IGD value is preferable, which indicates that the obtained set
of nondominated solutions is closer to the approximated true
Pareto front.

B. Simulation Environment Setup

To evaluate the performance of CCGP, we conduct a simulated
cloud-fog environment based on the architecture proposed in
Section II-A. Table II lists the configurations used in construct-
ing the simulated cloud-fog environment. We select 5 representa-
tive resource types from low configuration to high configuration
respectively, similar to [37]. These resource types are derived
from AWS EC2,1 and the associated power parameters are
derived from Teads Engineering,2 which provides the power
consumption and carbon footprint estimator for AWS instances.
Fog nodes have a limited number of nodes, whereas cloud servers
do not limit the number of leases. To enhance resource elasticity
in the simulation, container allocations of CPU or memory are
configured in increments of 0.5 ECU or 0.5 GB. To account
for practical deployment overheads, we incorporate a container
initialisation latency of 50 ms prior to each task’s execution [50].
Referring to [34], [35], the bandwidths of LAN and WAN are
set to 0.5 GB/s and 2.0 GB/s, and the corresponding delays
are set to 0.5 ms and 30 ms respectively. The unit price of data
transmission is set to 0.2 $/GB. The booting time of cloud servers
is set to 55.9 s. AWS EC2 supports per-second billing1, so we
set the billing interval to 1s [20].

We consider two real-world data traces to extensive simulation
experiments: one is three realistic scientific workflows from
Pegasus project (including CyberShake, Montage, and Sipht);
the other is the cluster data released by Alibaba Cloud in 20183.

1https://aws.amazon.com/ec2/
2https://engineering.teads.com/sustainability/carbon-footprint-estimator-

for-aws-instances/
3https://download.pegasus.isi.edu/misc/SyntheticWorkflows.tar.gz;https:

//github.com/alibaba/clusterdata

Authorized licensed use limited to: Peng Cheng Laboratory. Downloaded on February 24,2026 at 01:30:53 UTC from IEEE Xplore.  Restrictions apply. 

https://aws.amazon.com/ec2/
https://engineering.teads.com/sustainability/carbon-footprint-estimator-for-aws-instances/
https://engineering.teads.com/sustainability/carbon-footprint-estimator-for-aws-instances/
https://download.pegasus.isi.edu/misc/SyntheticWorkflows.tar.gz;https://github.com/alibaba/clusterdata
https://download.pegasus.isi.edu/misc/SyntheticWorkflows.tar.gz;https://github.com/alibaba/clusterdata


234 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 19, NO. 1, JANUARY/FEBRUARY 2026

TABLE II
CONFIGURATIONS OF FOG NODES AND CLOUD SEVERS1,2

TABLE III
TRAINING AND TEST SCENARIOS

These established traces are widely adopted as standard bench-
marks in fog computing research to ensure comparability and
reproducibility [3], [16], [24], [51], [52], [53]. Furthermore, they
collectively provide a diverse spectrum of workflow structures
and scalability challenges that capture the essence of modern
scheduling complexities. Although these public data provide
the DAG structure and the execution time of each task, we
need to construct data applicable to our problem based on the
known information, such as the category of tasks and the CPU
and memory of tasks. All the reconstructed data are avail-
able at https://github.com/zaixing-sun/CCGP_MDWS-CoCF.
We classify the tasks of each workflow into four categories
‘00’, ‘01’, ‘10’, and ‘11’ in a ratio of 10%, 30%, 30% and
30%. The input and output data of each task is assigned by
a uniform discrete distribution between 500 and 5000 MB.
Each DAG’s deadline factor is randomly selected from the set
{0.8, 1.0, 1.5, 1.8}. The weight for each workflow is drawn from
a uniform discrete distribution over the integer range [1,10].
Workflow arrival is modelled using the Poisson distribution with
an arrival rate λ where the interarrival time is exponentially
distributed with 1/λ [54], where λ∈{0.2, 0.8}.

The name of each scenario is set to 〈wfNum, λ〉, where
wfNum is the total number of workflows submitted and λ is
the arrival rate. We train on four scenarios, 〈15, 0.2〉, 〈50, 0.2〉,
〈15, 0.8〉 and 〈50, 0.8〉, and then use the training results to test
them according to the dataset and arrival rate, with a total of
12 test scenarios. The parameters of training and test scenarios
are shown in Table III. We adopt literature-based values for
parameters like the mutation and crossover rates [16], [20],
[40]. To analyse the impact of subpopulation size, we conduct
a sensitivity analysis (sizes 25, 50, and 100) which revealed
a clear performance-cost trade-off. We find that increasing the
subpopulation size from 50 to 100 offered only a marginal im-
provement in solution quality while nearly doubling the already
significant computational time (e.g., from ≈2.5 to ≈4.2 hours
on one scenario, and over 12 hours on more complex datasets).
Therefore, a subpopulation size of 50 is selected for our experi-
ments as it provides the best balance between high performance

TABLE IV
THE PARAMETER SETTINGS OF CCGP [16], [20], [40]

and computational feasibility, a finding that is consistent with
the parameter settings in the related work of Xiao et al. [21].
The parameters of CCGP are shown in Table IV.

We implement the simulation and all the compared algorithms
in Python 3.10 and C++ and deploy them on a computer with
a 3.80 GHz Intel Core i7-10700 K processor and 15.3 GB
of memory. For all the compared algorithms, 30 independent
runs are done for each scenario and the evolved scheduling
heuristics are tested on 50 unseen instances. The average ob-
jective value across the 50 test instances is reported as the test
performance of the rule, which can be a good approximation
of the true performance of the rule. It should be noted that
the performance measures are obtained for each scenario by
applying the evolved SPs thousands of times, since there are
thousands of decisions needed to be made during a simulation
instance of that scenario. For each scenario, there are a total
of 30× 51× (50× 3) = 229500 simulation instances during
training, and each complete scheduling heuristic is tested on
30× 30 = 900 simulation instances during testing. Using a
large number of scenarios and simulation instances during the
testing phase will help to confirm the quality and reusability of
the evolved complete scheduling heuristic.

C. Results

Friedman’s test with a significance level of 0.05 is applied
to rank the algorithms based on their performance with 30
independent runs. If Friedman’s test gives significance results,
we further conduct the Wilcoxon rank-sum test with Bonferroni
correction between the proposed algorithm and other algorithms
with a significance level of 0.05 for the Nemenyi post-hoc
pairwise comparisons [15], [29]. In the following results, “↑”,
“↓”, and “≈” indicate that the corresponding result is signifi-
cantly better than, worse than, or similar to its counterpart. An
algorithm will be compared with the algorithm(s) before it one
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TABLE V
THE MEAN AND STANDARD DEVIATION OF THE HV VALUES OVER THE 30 INDEPENDENT RUNS OF THE COMPARED ALGORITHMS

Fig. 5. Violin plots of the HV over 30 independent runs on unseen instances.

by one. “Win, Draw, Lose” means the number of scenarios that
a compared algorithm is statistically better, similar, or worse
than CCGP. “Average Rank” shows the average ranking of the
algorithm on all the examined scenarios.

1) Comparison of the HyperVolume: Table V shows the
mean and standard deviation of the HV values over the 30
independent runs of the compared algorithms. Overall, CCGP
is the best algorithm based on the average ranking according
to the Friedman test. CCGP achieves the highest HV values
across all scenarios, indicating its ability to generate diverse,
high-quality solutions close to the Pareto front. For example,
with 10 workflows and an arrival rate of 0.2 (e.g. scenario
〈10, 0.2〉), CCGP’s mean HV is 0.811, significantly higher
than the best baseline, LWFF, at 0.350. With 100 workflows
(e.g. scenario 〈100, 0.2〉), CCGP has a mean HV of 0.789,
compared to the best baseline at 0.531. Even with an arrival rate
of 0.8 (e.g. scenario 〈100, 0.8〉), CCGP’s mean HV is 0.805,
well above the closest baseline at 0.538. The Random strategy
has the lowest overall performance, with an average rank of
4.786, due to its lack of optimisation criteria. Binpacking has
mixed results, focusing on minimising active nodes without load
balancing. The Spread strategy achieves moderate performance
by distributing containers evenly, but failing to optimise for

specific resource requirements. The TOPSIS performs the worst,
with an average rank of 4.714, often scoring low due to its lack
of adaptive capabilities. LWFF is the best baseline algorithm,
with an average rank of 2.017, using a multi-objective optimi-
sation approach for efficient resource allocation. However, it
still fails to match the performance of CCGP, which consis-
tently outperforms other methods in terms of robustness and
effectiveness.

Fig. 5 shows the violin plots of the HV values over the
30 independent runs of the compared algorithms on unseen
instances. CCGP shows a higher concentration of HV values
near the maximum, indicating consistently high performance.
In contrast, the other algorithms show wider distributions with
lower median HV values, reflecting their inconsistent perfor-
mance and inability to consistently find high-quality solutions.
For scenarios with 10 workflows and arrival rates of 0.2 and
0.8, the violin plots show CCGP with tightly clustered high HV
values, while other algorithms, such as Random and TOPSIS
show broader distributions with lower values. As the number
of workflows increases, the superiority of CCGP becomes more
pronounced, with its HV values remaining consistently high,
unlike the fluctuating performance of other algorithms.

In summary, CCGP’s dynamic evolution of scheduling heuris-
tics based on real-time system states allows it to generate
high-quality solutions well-distributed along the Pareto front.
This adaptability significantly outperforms traditional heuristic
and TOPSIS methods, with CCGP consistently ranking at the
top in all scenarios. The average rank of 1.003 and CCGP
winning in all 12 scenarios confirm its robustness and superiority
for dynamic workflow scheduling in container-based cloud-fog
environments.

2) Comparison of the Inverted Generational Distance:
Table VI shows the mean and standard deviation of the IGD
values over the 30 independent runs of the compared algo-
rithms. Overall, CCGP is again the best algorithm based on
the average ranking according to the Friedman test. CCGP
consistently achieves the lowest IGD values across all scenarios,
indicating its ability to generate solutions closest to the true
Pareto front. The TOPSIS algorithm, which combines multiple
criteria, performs the worst with an average rank of 5.168, and
often scores high IGD values due to its inability to adapt to
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TABLE VI
THE MEAN AND STANDARD DEVIATION OF THE IGD VALUES OVER THE 30 INDEPENDENT RUNS OF THE COMPARED ALGORITHMS

Fig. 6. Violin plots of the IGD over 30 independent runs on unseen instances.

changing workloads. The Spread strategy also performs poorly
by distributing containers evenly but fails to optimise specific
resource requirements, resulting in wider IGD distributions.
The Random strategy shows moderate performance due to its
lack of optimisation criteria, resulting in high IGD values and
poor proximity to the Pareto front. Binpacking, which focuses
on minimising active nodes, performs better on IGD than HV.
This discrepancy may be due to Binpacking’s focus on resource
efficiency, which limits its exploration of a wide range of optimal
solutions, thereby compromising its ability to achieve diverse
and high-quality solutions. LWFF has mixed results, suggesting
it can generate solutions close to the true Pareto front but
struggles with solution diversity.

Fig. 6 shows the violin plots of the IGD over 30 indepen-
dent runs on unseen instances. The results further confirm the
superior performance of CCGP, with the smallest IGD values
and the narrowest distributions, indicating its ability to generate
high-quality solutions close to the true Pareto front. As the
number of workflows increases, CCGP’s superiority becomes
more pronounced, consistently maintaining low IGD values.

In summary, CCGP’s dynamic evolution of scheduling heuris-
tics based on real-time system states allows it to generate solu-
tions that are closest to the true Pareto front. This adaptabil-
ity significantly outperforms traditional heuristic and TOPSIS
optimisation methods. The average ranks and consistent wins

in all scenarios for both HV and IGD metrics validate its ro-
bustness and superiority for dynamic workflow scheduling in
container-based cloud-fog environments.

D. Insight of Evolved Scheduling Heuristics

To gain further understanding of the behaviour of the schedul-
ing heuristic evolved by the proposed method, evolved schedul-
ing heuristics are selected to be analysed.

1) Frequency Features: Fig. 7 shows the violin plots of the
average terminals frequency of three rules learned by CCGP
over the 30 independent runs in scenario 〈50, 0.8〉. By default, all
features associated with different rules have the same probability
of being selected initially. For the task selection rule (Fig. 7(a)),
the terminal frequencies are highly skewed. A few key features
(e.g., WT, TETRA, SD, ET) are used with high frequency
while the majority show minimal usage, which demonstrates
the evolution of a highly specialized and feature-selective policy.
In contrast, for both the resource selection rule (Fig. 7(b)) and
container deployment rule (Fig. 7(c)), the frequency distribution
of almost all features is widest within a range of 25% around the
initial probability, and the medians are also distributed within
this range. This suggests that the learned rules not only use the
available information effectively, but also exploit the interactions
and combinations of different features, avoiding over-reliance on
any single feature.

In single-objective optimisation problems, such as those stud-
ied by [20], [55], algorithm evolution can filter out features
with different frequencies, with higher frequencies favouring
single-objective optimisation. However, in the multi-objective
optimisation problem considered in this paper, algorithm evolu-
tion focuses more on balancing multiple objectives. Therefore,
the feature frequencies do not deviate significantly from the
initial probability, reflecting the need to maintain a diverse set
of solutions that satisfy different trade-offs between objectives.
This balanced use of features, together with effective combi-
nations and interactions, ensures that the evolved heuristics are
robust and adaptable to different scenarios and requirements.

2) Learned Pareto Fronts and Scheduling Heuristics: Fig. 8
shows the parallel coordinates plot of non-dominated solutions
obtained from different algorithms for many-objective in sce-
nario 〈50, 0.8〉. This plot provides a visual comparison of how
each algorithm performs across four objectives: Total Cost, Total

Authorized licensed use limited to: Peng Cheng Laboratory. Downloaded on February 24,2026 at 01:30:53 UTC from IEEE Xplore.  Restrictions apply. 



SUN et al.: COOPERATIVE COEVOLUTION GENETIC PROGRAMMING 237

Fig. 7. Violin plots of the average terminals frequency of three rules learned by CCGP over the 30 independent runs in scenario 〈50, 0.8〉.

Fig. 8. The parallel coordinates plot of non-dominated solutions obtained from
different algorithms for many-objective in scenario 〈50, 0.8〉.

Energy Consumption, Resource Utilisation, and Total Weighted
Tardiness. CCGP consistently achieves superior performance
across all objectives, with lines favourably positioned on each
axis. It shows the lowest total cost and energy consumption, high
resource utilisation, and significantly reduced total weighted tar-
diness. Baseline algorithms show varied performance. Random
and Binpacking strategies perform poorly for many objectives.
Spread performs moderately but lacks comprehensive optimi-
sation. TOPSIS and LWFF improve slightly but fall short of
CCGP’s balanced optimisation. TOPSIS slightly outperforms
LWFF on cost, energy, and tardiness, but at the expense of
slightly lower resource utilisation. The poor resource utilisation
by Binpacking and Spread strategies exposes the limitations
of greedy approaches in multi-objective optimisation. Binpack-
ing minimises active nodes but leads to uneven load distribu-
tion, while Spread balances load but fails to optimise resource
allocation.

VI. CONCLUSION

This paper considers a more fine-grained many-objective
dynamic workflow scheduling in container-based cloud-fog
computing, which supports both vertical and horizontal scal-
ing of containers and executes tasks of various categories in
adjustable configurations containers according to task require-
ments. To the best of our knowledge, this is the first work
on dynamic workflow scheduling in container-based cloud-fog
computing with vertical and horizontal scaling of containers.
To address this novel and challenging problem, we develop
a dynamic scheduling simulator to simulates the workflow
scheduling process in real-world scenarios, which employs three
scheduling heuristics to make decisions at three decision points

to keep scheduling going. The proposed CCGP approach can
evolve the three scheduling heuristics (i.e., task selection rule,
resource selection rule and container deployment rule) simul-
taneously to meet these decision points. CCGP is examined
based on two real-world data traces. The simulation results and
comparisons show that it significantly outperforms all baseline
algorithms on all tested scenarios in terms of HV and IGD, which
suggests that CCGP is capable of evolving near-opimal, diverse,
and uniformly distributed scheduling heuristics for generating
the corresponding Pareto fronts. We also find that the scheduling
heuristics evolved via CCGP do not rely on a particular feature,
but rather focus on the effective combination and interaction of
features to ensure that the CCGP is robust and can be adapted
to different dynamic scenarios and requirements, which cannot
be achieved by simple combinations of the existing scheduling
rules to tackle many objectives.

The proposed framework is highly extensible, featuring a
problem model that supports diverse task types and elastic
container scaling, and a modular simulator that allows for the
seamless replacement of scheduling heuristics at key decision
points. While the proposed CCGP algorithm demonstrates su-
perior performance, it still has three main limitations to be
addressed in future work.

Firstly, our evaluation relies on established benchmark
datasets (Pegasus and Alibaba traces) due to the current lack of
public workflow traces from native fog environments. Although
these datasets ensure comparability and test scalability, a key di-
rection for future work is to evaluate the CCGP algorithm’s per-
formance on authentic fog-native workloads, particularly under
dynamic workload distributions. Secondly, our simulation model
abstracts certain real-world orchestration complexities. While
we incorporated a constant container initialisation overhead,
future work should model variable startup times and explore the
integration of our scheduler with advanced mitigation strategies,
such as container reuse and pre-warmed pools, to better reflect
production environments. Finally, our system model assumes a
fully connected network topology, a common simplification that
allows us to focus on the core scheduling logic. Future research
should assess the robustness of the CCGP algorithm under more
realistic network conditions, such as constrained or hierarchical
topologies, where factors like network congestion play a critical
role. In addition to addressing these limitations, we also plan to
explore enhancing the interpretability of the evolved heuristics
within the CCGP approach to improve the transparency and
practical applicability of the decision-making process.
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