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ABSTRACT
In the rapidly evolving domain of cloud computing, the efficient scheduling of dependent tasks is critical for optimizing resource
utilization and achieving key objectives such as minimizing latency and maximizing throughput. This paper presents the
Actor-Critic Optimization based Adaptive Task Scheduling using Deep Double Dueling Q Network (ACTS-D3QN) in hetero-
geneous cloud environments enhances cloud task scheduling by incorporating advanced machine learning and optimization
techniques. The D3QN framework is structured as an actor-critic model, where the actor component handles task scheduling
and resource allocation, and the critic component refines these schedules. The actor component of D3QN integrates a Propor-
tional Integral Derivative (PID) Controller for adaptive scheduling, ensuring real-time optimization of resource allocation while
adhering to strict deadlines and dynamically managing workloads. Additionally, the system introduces a Dynamic Data Place-
ment Algorithm with Predictive Caching (DDPPC), aimed at improving data locality and minimizing data transfer times. To
balance operational costs with performance, a Modified NSGA-III algorithm is employed in the critic component of D3QN for
multi-objective optimization. Furthermore, constraint programming is leveraged for efficient task-to-resource matching. Exper-
imental results demonstrate that the ACTS-D3QN method achieves significant improvements, including a 22.14% reduction in
makespan and a 20.0% increase in throughput, thereby validating its effectiveness in dynamic cloud environments.

1 | Introduction

In the ever-evolving ecosystem of cloud computing, efficient
scheduling of dependent tasks plays a pivotal role in ensuring
optimal resource utilization, meeting service-level agreements
(SLAs), and maintaining seamless operational workflows [1, 2].
Unlike independent task scheduling, dependent task scheduling
requires the consideration of task interdependencies—where the
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execution of one task is contingent on the successful completion
of others. Such scenarios are prevalent in complex comput-
ing domains including large-scale data analytics pipelines [3],
scientific workflows [4], and distributed systems management
[5]. In these applications, tasks often exhibit varying execution
priorities, deadlines, and levels of criticality, necessitating intel-
ligent scheduling mechanisms that can handle both resource
constraints and temporal dependencies effectively [6, 7].
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Despite its criticality, dependent task scheduling remains one
of the most challenging and unsolved problems in cloud
environments [8]. Existing scheduling strategies often fall short
in addressing the trifecta of cloud task scheduling: respecting
task precedence constraints, ensuring timely completion of jobs,
and optimizing the use of heterogeneous cloud resources [9, 10].
These challenges are exacerbated by the inherent dynamicity and
unpredictability of cloud workloads, where resource availability
and demand can fluctuate in real-time due to multi-tenant envi-
ronments and service elasticity [11, 12]. Moreover, factors such
as data locality optimization [13], resource fragmentation, and
the heterogeneity of virtualized infrastructures [14, 15] further
complicate the design of effective scheduling mechanisms. Tra-
ditional approaches, including heuristic-based methods like the
Earliest Deadline First (EDF) [16] and the Critical Path Method
(CPM) [17], provide quick solutions by prioritizing tasks based on
static criteria. However, these methods lack the flexibility to adapt
to runtime variations in workload characteristics, often resulting
in inefficient scheduling decisions and resource underutilization
under dynamic cloud settings [18–20].

To address the shortcomings of heuristics, machine learning,
and more specifically, reinforcement learning (RL), has been
introduced into the task scheduling paradigm. Q-learning, a
model-free RL technique, has been employed to learn opti-
mal task scheduling policies through environment interaction,
evaluating long-term cumulative rewards for each decision
[21–23]. Although Q-learning enhances adaptability and allows
for real-time decision-making, it is not without limitations. Its
application in real-world cloud systems is constrained by compu-
tational overhead, slow convergence rates, and scalability issues,
especially when operating in large, complex, and heterogeneous
cloud infrastructures [24, 25].

Additionally, multi-objective optimization (MOO) methods such
as Genetic Algorithms (GA) and Non-dominated Sorting Genetic
Algorithm II (NSGA-II) have gained attention for their abil-
ity to find a trade-off between conflicting objectives—such as
minimizing execution time, maximizing resource efficiency, and
balancing energy consumption. However, these methods also
suffer from increased computational complexity, particularly in
high-dimensional decision spaces, and may struggle to deliver
real-time responses in large-scale environments.

This paper presents next-generation advancements in cloud
task scheduling by integrating state-of-the-art methods to
optimize performance across various domains. The motiva-
tion for this research arises from the limitations of existing
scheduling approaches, which struggle to balance execu-
tion efficiency, resource utilization, and cost-effectiveness
in dynamic cloud environments. The proposed ACTS-D3QN
architecture is designed to tackle the complexities of task
scheduling and resource allocation through an actor-critic
model. In this framework, the actor efficiently manages task
distribution based on real-time resource availability, ensuring
optimal task execution, while the critic continuously refines
these schedules using a MOO approach. By dynamically bal-
ancing costs and performance, the ACTS-D3QN architecture
adapts to workload variations, improving scheduling efficiency,
resource management, and overall system reliability in cloud
environments.

• Designing PID Controller-Based Adaptive Scheduling
ensures real-time resource allocation while adhering to
strict deadlines and adapting to dynamic workloads. The
PID Controller continuously fine-tunes resource alloca-
tion based on system variations, while D3QN enhances
decision-making by evaluating current conditions and opti-
mizing scheduling strategies. This integration maintains
deadline adherence, improves scheduling efficiency, and
optimizes cloud resource management.

• Dynamic Data Placement Algorithm with Predictive
Caching (DDPPC) optimizes real-time data placement
to enhance data locality and reduce transfer times. By ana-
lyzing historical data access patterns, DDPPC proactively
caches frequently used data, ensuring its availability when
needed. This minimizes latency and network congestion,
leading to improved data access speed and overall system
performance, particularly for large-scale cloud storage
environments.

• To enhance MOO, a Modified NSGA-III integrates the
strengths of NSGA-III and Parallel Genetic Algorithm
(PGA). NSGA-III efficiently handles conflicting objectives
such as minimizing operational costs while maximizing
performance, while PGA accelerates solution convergence
by leveraging parallel computation. This hybrid approach
dynamically adapts to cloud workload complexities, achiev-
ing an optimal balance between cost and performance while
ensuring efficient load distribution.

• Constraint programming is employed to manage resource
heterogeneity effectively, ensuring that tasks are allocated
to the most appropriate resources. High-performance
nodes handle computationally intensive tasks, while
lower-capability nodes manage less demanding workloads,
optimizing resource utilization and system efficiency. This
method enhances overall task execution, reduces processing
bottlenecks, and ensures balanced workload distribution in
heterogeneous cloud environments.

The organization of the rest of the paper is as follows: Section 2
presents related works; Section 3 introduces the proposed
ACTS-D3QN method; Section 4 presents the experimental results
and their analysis. Finally, Section 5 draws conclusions, in which
will be summarized the main takeaways and some promising
directions for further research.

2 | Related Works

This section presents a comprehensive review of recent
task-dependent scheduling strategies in cloud computing envi-
ronments, focusing on techniques that address challenges such
as resource allocation, load balancing, fault tolerance, and energy
efficiency.

Mangalampalli et al. [26] proposed deep Q learning-based
scheduling for optimal allocation of tasks. It focuses on mak-
ing critical decisions based on both past and upcoming tasks to
be performed. Initially, the system receives requests from vari-
ous applications, and each task’s priority is determined by the
task manager. These priorities are then fed into the DQN model
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for further processing. Subsequently, the tasks are scheduled and
placed in the execution queue. Concurrently, the system contin-
uously monitors upcoming requests. The virtual machine (VM)
manager allocates available VMs for each task, while the resource
manager gathers resource information. Based on the data avail-
able to the VM manager and the DQN model, dynamic decisions
are made to efficiently manage resources. Simultaneously, the
execution queue progresses to execute the next task in line.

Alruwais et al. [27] proposed the farmland fertility algorithm
to optimize makespan in resource scheduling, FFARS-MSO.
Inspired by the strategy followed by farmers in choosing
lands based on soil quality, this algorithm tries to optimize
the makespan by performing load balancing and trying not to
over utilize the available resources. Thereby, the strategy adopted
will be distributing resources uniformly based on demand across
hundreds of servers with numerous VMs. These VMs exhibit
significant efficiencies regardless of whether the servers are
homogeneous or heterogeneous. Despite these efforts, resource
fragmentation remains a challenge in the scheduling process.

Mustapha and Gupta [28] presented a Density-Based Spatial
Clustering to perform effective scheduling of tasks. The cluster-
ing technique is primarily utilized to reduce the search space, cat-
egorizing resources based on their utilization levels over varying
time periods. The methodology operates in two main steps. Ini-
tially, the algorithm performs clustering by selecting an epsilon
value and computing the distance value of core points. Core
points are then elected based on which the locations of other
points are determined. Borderline points are computed to estab-
lish connections between different clusters, while noisy points
that do not belong to any cluster are identified and discarded.
Secondly, for scheduling purposes, the min-max algorithm is
employed to select the best cluster. The chosen cluster exhibits
reduced execution time and delay, facilitating minimized search
time for available resources.

Gupta et al. [29] introduced the network with the harmony search
algorithm for the development of the system for fault awareness
in resources allocation. The methodology begins by initializing
both the task and the VM list, along with parameters such as
the size of the harmony memory, rate of pitch adjustment, and
bandwidth. The system looks for the best solution during train-
ing; it does so by assigning random VM ids to each task. In the
case of scheduling, an ideal schedule is prepared based on the
best solution; this is done by incorporating memory updates and
a stopping condition. Later, each task is assigned a VM, and the
complete schedule would be generated within the required time
limit. During the process of error correction, weights of neurons
are readjusted in order to generate the desired output with accu-
racy. A resource optimization problem is approached whereby
fault tolerance will be achieved through continuous adjustments
of the weights of the neural network.

Muneeswari et al. [30] proposed a technique that was based on
the load balancing of VMs by a Bi-LSTM-based load balancer.
First of all, it collects multiple tasks through a single task collec-
tor and forwards the tasks to the load balancer. The load balancer
is equipped with Bi-LSTM, which then carries out the process of
load balancing across the VMs. If it detects some imbalance in
the network, it initiates migration of the VM by transferring task

details to the balancer. The model will be optimized using genetic
expression programming that includes the expression of genes
denoted by head and tail. The schedules collected after optimiza-
tion are transferred for execution to the VMs. It utilizes a hybrid
of Bi-LSTM and GEP optimization techniques to achieve runtime
workload balancing across VMs for efficient resource utilization.

Dubey and Sharma [31] proposed a hybrid multifaceted task
scheduling. It was formed with two techniques, such as particle
swarm and ant colony optimization. A set of steps is there to
form the methodology. First of all, the users of the cloud submit
different types of tasks with various QoS using public channels.
A designed cluster model then collects such tasks. The cluster
model maps the different tasks according to their necessary
resources for execution. In this, an estimation about the required
computational resources, memory, and other per-task needs
is done. Various task manager-related analyses consider task
characteristics, QoS requirements, and pricing considerations.
All these help in deciding upon a correct distribution of the tasks
among the various resources. A scheduler would assign tasks
to heterogeneous resources based on the analysis it receives
from the task manager. That ensures resources utilized are
effectively used toward meeting QoS requirements while trying
to minimize costs. Ultimately, the resource manager oversees the
variable-priced VMs with their respective capacities of storage. It
is aimed at ensuring that the VMs are used well and dynamically
allocated to tasks with demand and unavailability.

Mangalampalli et al. [32] proposed gray wolf optimization for
task scheduling with multi objectives. In this, the tasks initially
submitted through the console of the cloud platform. The broker
then further submits these tasks to the task manager on behalf
of the users. The task manager verifies whether the tasks should
be assigned to virtual available resources. Based on the SLA
requirements, the cloud owner is advised to adopt multi-objective
scheduling algorithms. These algorithms prioritize tasks based
on multiple criteria, such as completion time, resource utiliza-
tion, and cost optimization. Priorities for task scheduling are
computed based on factors such as the unit cost of electricity at
different data centers. Tasks with higher priority are scheduled
first to optimize resource utilization and minimize costs.

Ali et al. [33] also proposed multi-objective Harris Hawks Opti-
mization (MoHHOTS) while working on the task scheduling in
cloud-fog computing; this particular algorithm optimized both
transmission delay and energy consumption. MoHHOTS, lever-
aging the Harris Hawks Optimization’s high convergence and
its stochastic operators, effectively obtains a 25% improvement
over existing methods in simulation tests toward the effective
balancing of delay and energy trade-offs while diminishing the
network overhead. However, being stochastic in nature, it faces
variability in performance. Also, the model has its limitations
in handling other objectives like transmission cost, security, and
load balancing. To add to this, alternative metaheuristic algo-
rithms can be integrated with advanced artificial intelligence
techniques to enhance algorithm applicability further, which
can also be a future direction of this work.

Ye et al. [34] proposed the SMWDSA algorithm for effec-
tively solving the NP-hard problem of stochastic multi-workflow
scheduling within cloud environments. This was done in
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TABLE 1 | Comparative analysis of intelligent task scheduling and resource allocation techniques in cloud environments.

Author Technique/algorithm Objective Limitations/remarks

Mangalampalli
et al. [26]

Deep Q Learning-based
Scheduling

Optimal task allocation Requires continuous data monitoring
and dynamic decision-making

complexity
Alruwais et al.
[27]

Farmland Fertility Algorithm
(FFARS-MSO)

Minimize makespan, load
balancing

Resource fragmentation remains a
challenge

Mustapha and
Gupta [28]

Density-Based Spatial Clustering Efficient task scheduling Dependent on epsilon value selection
for clustering accuracy

Gupta et al.
[29]

Harmony Search Algorithm with
Neural Network

Fault-aware resource allocation Neural network tuning and
fault-tolerance complexity

Muneeswari
et al. [30]

Bi-LSTM Load Balancer+Genetic
Expression Programming

Runtime workload balancing Complexity in Bi-LSTM training and
gene expression integration

Dubey and
Sharma [31]

Hybrid: Particle Swarm+Ant
Colony Optimization

Multifaceted task scheduling Multiparameter tuning and dynamic
pricing complexity

Mangalampalli
et al. [32]

Gray Wolf Optimization Multi-objective task scheduling Depends on accurate SLA data and
task priority assignment

Ali et al. [33] Multi-objective Harris Hawks
Optimization (MoHHOTS)

Delay and energy consumption
reduction

Performance variability due to
stochastic nature; lacks handling of

security and load balancing
Ye et al. [34] SMWDSA Algorithm Stochastic multi-workflows

scheduling
Limited to single-cloud

environments; does not address
hardware faults

Cui et al. [35] Multifactor MFO Algorithm Task scheduling optimization Implementation challenges and
fine-tuning required; needs diverse

knowledge transfer exploration
Ye et al. [36] F-Ant Colony Optimization

(F-ACO)
Workflow scheduling with cost

and deadline focus
Balancing multi-objective scheduling

under stochastic variability

three stages: preprocessing, scheduling, and feedback. SMWDSA
handles task scheduling in such a way that each will be assigned
a sub-deadline, it minimizes scheduling cost, and updates prior-
ities for boosting. The experimental results showed superiority
in performance regarding the state-of-the-art methods related to
cost, resource utilization, success rate, and VM utilization. This
algorithm does not take into consideration the failures of the exe-
cutions of tasks due to hardware faults, and it also considers only
a single-cloud system; hence, enhancing robustness and develop-
ing multicloud scheduling solutions are scopes for the future.

The MFO algorithm introduced by Cui et al. [35] improves the
scheduling of cloud tasks through a multi-objective and multi-
factor optimization approach. It focuses on optimizing execution
time, cost, and load balancing. By incorporating a strategy for
knowledge sharing transfer, it enhances scheduling efficiency
and outperforms other evolutionary algorithms. However, chal-
lenges may arise in implementing and fine-tuning optimization
algorithms, and there is a need to explore diverse knowledge
transfer methods to enhance performance across various cloud
environments. Future studies will aim to enhance these algo-
rithms and assess their effectiveness in handling multiple tasks
simultaneously.

Ye et al. [36] proposed the F-ant Colony Optimization F-ACO
algorithm, which tackles the challenge of efficiently scheduling
workflows with cost considerations and deadlines specifically for

IoT applications in cloud settings. This approach merges Colony
Optimization ACO with a heuristic driven by costs, introducing
a method for distributing deadlines and an adaptive task order-
ing system. These innovations aim to reduce scheduling expenses
and improve convergence efficiency. The algorithm demonstrates
performance in simulations surpassing advanced techniques
when it comes to scheduling real-world workflows. Nonethe-
less, it has limitations including limited exploration of integrating
learning and not yet addressing the complexities involved in mul-
ticloud scheduling. These aspects highlight potential avenues for
future exploration (Table 1).

3 | Proposed ACTS-D3QN Methodology
for Adaptive Task Scheduling

The data is fed into the model through a well-organized prepro-
cessing pipeline, ensuring efficient model training and inference.
Initially, raw data undergoes cleaning and normalization to main-
tain consistency across the dataset. Numerical features are scaled
and categorical attributes are encoded. Once the preprocessing
is complete, the data is partitioned into distinct sets for training,
validation, and testing, which allows for performance evaluation.
In the context of the proposed methodology, tasks, which include
characteristics like dependencies, deadlines, and criticality lev-
els, are generated and submitted to a task scheduler. These task
attributes form the input state representation that feeds into the
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FIGURE 1 | Proposed architecture of ACTS-D3QN.

ACTS-D3QN architecture. This architecture incorporates a vari-
ety of scheduling modules to handle different aspects of task man-
agement, such as prioritizing tasks based on deadlines, dynami-
cally adapting schedules to account for transient workloads, opti-
mizing data locality for better resource utilization, managing the
heterogeneity of resources, and balancing conflicting objectives.
The model is then trained using deep Q-learning techniques that
include prioritized experience replay, attention mechanisms, and
MOO methods. These approaches help the D3QN model learn
the best scheduling policies, aiming to maximize resource utiliza-
tion while ensuring deadlines are met. The scheduling decisions
generated by the ACTS-D3QN architecture, based on this pro-
cessed data, help ensure that resources are efficiently allocated
in the cloud environment. Overall, the structured preprocessing
and input pipeline facilitate the seamless integration of data into
the model, enabling it to guide the learning process and improve
the performance of task scheduling and resource management.

The entire architecture and methodology are further illustrated
in Figure 1.

3.1 | System Model

The initial parameters define the most important points that can
be used to enhance the task scheduling system in several aspects
of scheduling, resource allocation, and time constraints confor-
mance. In the dynamic cloud environment, using adaptive and
predictive scheduling assigns and schedules tasks dynamically to
the resources of cloud. Each task is represented by Ti, which has
properties like execution time, deadline, and required resources.
The scheduling environment is modeled with a dynamic resource
pool Rj, resources are nonuniform to accommodate the differ-
ent loads. The PID Controller-based Adaptive Scheduling works
with the help of a PID controller to change the allocation strategy
based on actual system performance and workload. The hybrid

5 of 21



auto-scaling scheme makes use of MOO for resource allocation.
Utility function defines the various objectives in conflict such as
resource acquisition, power consumption, and time of comple-
tion among others during the process of optimization.

The proposed task scheduling system initiates its work with
an initialization phase where critical parameters are set up
that are essentially required for its optimal performance on
various aspects of scheduling, resource management, and
deadline-related performances. Tasks allocated dynamically in
the dynamic cloud environment will be scheduled among the
available resources on the basis of adaptive and predictive
scheduling principles. Each task is represented by Ti, char-
acterized by parameters like execution time, deadline, and
resource demand. The scheduling environment is designed
with a dynamic resource pool Rj, where resources are het-
erogeneously distributed to handle different workloads. The
PID Controller-based Adaptive Scheduling adjusts the alloca-
tion strategy based on real-time system performance and work-
load variations. Tasks are assigned to resources using a hybrid
auto-scaling mechanism that leverages a MOO approach. The
optimization process is guided by a utility function Ui that bal-
ances competing objectives such as resource utilization, energy
consumption, and task deadline adherence.

𝑈𝑖 = 𝛼 × 𝐸𝑖 + 𝛽 ×𝐷𝑖 + 𝛾 × 𝐶𝑖 (1)

where Ei represents the energy consumption for task Ti, Di
denotes the degree of deadline adherence, Ci is the computational
cost, and 𝛼, 𝛽, and 𝛾 are weights that balance the importance of
energy, deadline, and cost considerations.

3.2 | ACTS-D3QN Model

Dataset Preprocessing and Model Input Pipeline: To ensure effi-
cient model training and inference, the dataset undergoes a
structured preprocessing pipeline. Initially, raw data is cleaned
and normalized to maintain consistency. Numerical features
are scaled using Min-Max normalization or standardization,
while categorical attributes are encoded using one-hot encod-
ing or embedding representations. Following preprocessing, the
dataset is partitioned into training, validation, and test sets
to facilitate performance evaluation. Mini-batch processing is
employed to optimize memory usage and accelerate training
convergence. Feature extraction techniques are applied to iden-
tify key attributes relevant to scheduling, resource allocation,
and optimization. Additionally, time-series data is segmented
using windowing techniques to enhance predictive capabilities
in caching models. The processed dataset is then fed into the
proposed framework, integrating PID Controller-Based Schedul-
ing, DDPPC, Modified NSGA-III with PGA, and constraint
programming.

Figure 1 illustrates a cloud computing task scheduling system
that incorporates the D3QN architecture, which is based on a
reinforcement learning model utilizing actor-critic methods.
The D3QN model is designed to optimize the scheduling of
dependent tasks commonly found in cloud environments. This
architecture employs an actor-critic framework to handle the
decision-making and evaluation processes effectively. In this

setup, the actor is responsible for selecting or committing to
an action based on the observed state of the environment. In
contrast, the critic evaluates the actor’s actions, providing feed-
back on the quality or value of the executed actions. The process
begins with dependent tasks being fed into the D3QN model,
where the Actor State assesses the scheduling tasks, resource
availability, and task prioritization. The actor uses a PID Con-
troller to perform adaptive scheduling, optimizing real-time
task execution. The Dynamic Data Placement algorithm is then
used to ensure data optimization and predictive caching, guar-
anteeing data availability for the tasks. Additionally, Dynamic
Resource Allocation and constraint programming are employed
to ensure that tasks are efficiently matched to available resources,
enhancing overall system performance. On the other hand, the
Critic State reviews the proposed schedules by assessing them
based on two key objectives: cost minimization and performance
maximization. This evaluation process is carried out using the
NSGA-III algorithm, which is tailored for MOO, especially in
scenarios where objectives conflict. The schedules that pass the
critic’s evaluation are then further refined using the Q-Learning
batch process to optimize the task scheduling further. Once the
schedules are optimized, they are offloaded to the VMs for actual
execution, ensuring efficient management of cloud resources.
This setup highlights the contribution of the improved task
scheduler based on the Deep Distributed Double Q-learning Net-
work, which learns to make optimal decisions in dynamic cloud
environments. The D3QN enhances traditional Q-learning by
incorporating a neural network to approximate the Q-function.
The Q-value, representing the expected reward for taking an
action in a given state, is updated according to the rule described
in Equation (2). This combination of actor-critic methods, along
with the advanced scheduling algorithms, ensures that the cloud
system can adapt to the dynamic nature of cloud environments,
making intelligent scheduling decisions that maximize resource
utilization, minimize costs, and optimize performance.

𝑄(𝑠, 𝛼) ← 𝑄(𝑠, 𝛼) + 𝛼
[
𝑟 + 𝛾max

𝑎′
𝑄
(
𝑠′𝛼′

)
−𝑄(𝑎𝛼)

]
(2)

In D3QN, Double Q-learning is applied to reduce overestimation
bias by using two separate Q-networks. Equation (3) is used to
select and evaluate actions:

𝑄𝑖(𝑠, 𝛼) ← 𝑄𝑖(𝑠, 𝛼) + 𝛼
[
𝑟 + 𝛾𝑄𝑗 (𝑠′, arg max𝑎, 𝑄𝑖

(
𝑠′𝛼′

)
) −𝑄𝑖(𝑠, 𝛼)

]
(3)

Here, i and j represent different agents in the distributed system.
This distributed approach allows the system to learn and adapt
in real-time, dynamically reallocating resources based on current
workload conditions, thereby optimizing task scheduling and
resource utilization effectively.

D3QN can be combined with the actor-critic architecture to fur-
ther enhance its decision-making capabilities in dynamic envi-
ronments. In the actor-critic framework, the actor determines
the best action 𝛼 to take in a given state, using the policy π(α|s).
The actor is then updated by adjusting the policy parameters
𝜃 in the direction that improves the expected reward by using
Equation (4):

∇𝜃𝐽 (𝜃) = 𝐸
[
∇𝜃 log 𝜋𝜃

(
𝑎𝑡|𝑠𝑡)𝑄(𝑠𝑡, 𝑎𝑡)] (4)

The critic uses Equation (5) the temporal difference (TD) error to
update the Q-values:
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𝛿𝑡 = 𝑟𝑡+1 + 𝛾Q
(
𝑠𝑡+1

)
−𝑄

(
𝑠𝑡𝑎𝑡

)
(5)

3.2.1 | Actor Framework in D3QN

The Actor in the D3QN architecture manages task schedul-
ing by evaluating task dependencies, priorities, and deadlines.
It assesses resource availability and prioritizes tasks to ensure
efficient execution. Using a PID Controller, the Actor adapts
scheduling decisions in real time. It also employs a Dynamic Data
Placement Algorithm to optimize data availability and predic-
tive caching, and applies Dynamic Resource Allocation and con-
straint programming to ensure efficient task-to-resource match-
ing and handle complex constraints.

3.2.1.1 | Proportional Integral Derivative (PID)
Controller-Based Adaptive Scheduling. The PID con-
troller providing real-time adjustments to task scheduling
based on system performance. The PID controller adjusts the
scheduling of tasks to ensure that deadlines are met, even under
varying conditions. The PID controller expression is given in
Equation (6).

𝑢(𝑡) = 𝐾p𝑒(𝑡) +𝐾i∫
𝑡

0
𝑒(𝜏)d𝜏 +𝐾d

de(𝑡)
dt

(6)

where u(t) is the control variable (adjustments to task schedul-
ing) and e(t)= r(t)− y(t) is the error between the reference r(t)
(desired task completion time) and the actual output y(t) (cur-
rent task progress). Kp, K i, and Kd are the proportional, integral,
and derivative gains, respectively. The PID controller operates by
calculating the error e(t) and applying corrections based on three
terms:

Error with workload variation:

𝑒(𝑡) = 𝑟(𝑡) − 𝑦(𝑡) + 𝜅 ⋅ Δ𝑊 (𝑡)

where ΔW(t)=W(t)−W(t − 1) is the workload change rate, and
𝜅 is a sensitivity factor.

Auto-tuning of gains:

𝐾p(𝑡) = 𝐾0
p + 𝜂p ⋅

𝜕𝑈

𝜕𝑒
, 𝐾i(𝑡) = 𝐾0

i + 𝜂i ⋅ ∫
𝜕𝑈

𝜕𝑒
dt,

𝐾d(𝑡) = 𝐾0
d + 𝜂d ⋅

𝑑

dt
𝜕𝑈

𝜕𝑒

where𝐾0
p ,𝐾0

i , and𝐾0
d are initial gains, 𝜂p, 𝜂i, and 𝜂d are learning

rates, and U is the utility.

Proportional Term (Kpe(t)): This term provides an immediate
response to the error. In task scheduling, if the task completion
time is behind the desired schedule, the proportional compo-
nent increases the resource allocation proportionally to reduce
the error.

Integral Term 𝐾i∫ 𝑡0 𝑒(𝜏)dr: This term accounts for past errors.
If tasks have consistently been late, the integral action
increases resources over time to correct this accumulated
delay, ensuring that the system compensates for persistent
discrepancies.

Derivative Term
(
𝐾d

de(𝑡)
dt

)
: This term anticipates future trends

by considering how quickly the error is changing. If tasks are
increasingly delayed, the derivative component acts preemptively
to allocate additional resources or adjust scheduling to prevent
further delays.

In the context of cloud task scheduling, this PID-based approach
dynamically adjusts the scheduling of tasks to minimize delays
and ensure that tasks are completed within the specified dead-
lines, despite fluctuations in workload.

Adaptation to Workload Variations: The PID controller adapts
to workload variations through a continuous feedback loop that
monitors system performance metrics like CPU usage, memory
consumption, and task completion rates and adjusts resource
allocation in real-time. When a sudden workload spike occurs
(e.g., an influx of high-priority tasks), the proportional term
(Kpe(t)) immediately increases resource allocation to reduce the
error e(t) between the desired and actual completion times.
For gradual workload increases, the integral term 𝐾i∫ 𝑡0 𝑒(𝜏)dr
accumulates past errors, incrementally boosting resources to
address persistent delays. The derivative term

(
𝐾d

de(𝑡)
dt

)
antic-

ipates trends, such as accelerating delays, and preemptively
adjusts scheduling to stabilize performance. This dynamic inter-
play ensures responsiveness to both transient and sustained
workload changes. Integrated with the D3QN framework, the
PID controller’s adjustments are further refined by the actor’s
learned policies, which optimize resource allocation based on
long-term rewards, enhancing adaptability to complex, unpre-
dictable cloud workloads.

3.2.1.2 | Dynamic Data Placement Algorithm With Pre-
dictive Caching. Especially in cloud environments, it is neces-
sary to manage the data effectively to avoid latencies and optimize
the system performance. The DDPPC is a stable method that aims
at improving the data locality and the time taken to transfer data
by combining real-time data placement with caching. In the next
section, we discuss the elements of DDPPC with equations and
elaborate explanation of each one of them. Dynamic Data Place-
ment therefore entails the active identification of where exactly
the data should be stored at any given time, so that the data is
accessible at the right computation node or data center at any
one time. In Equation (7) let Di represent the dataset i and Cj
represent the computation node or data center j. The objective
of dynamic data placement is to minimize the transfer time Tij
from the data’s current location to the target computation node:

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑇ij =
𝑆
(
𝐷𝑖

)
𝐵ij

(7)

where S(Di) is the size of dataset Di and Bij is the bandwidth
between the data’s current location and the target data center
Cj. Dynamic Data Placement evaluates the location of required
datasets and initiates their transfer to the target computation
node or data center where the analysis will occur. By minimizing
the transfer time Tij, the algorithm ensures that data is moved
efficiently, reducing latency and enhancing performance. For
instance, if the data is stored in Data Center B but the analysis
is to be conducted in Data Center A, DDPPC ensures the data is
transferred to Data Center A in real-time.
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Predictive Caching: Predictive Caching uses historical data access
patterns to anticipate future data needs and preemptively stores
frequently accessed datasets at or near the computation node,
reducing the need for future data transfers. Predictive caching
can be modeled as an optimization problem where the objective
is to maximize cache hit rate H by selecting the most frequently
accessed datasets Di for caching as given in Equation (8):

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝐻 =
𝑛∑
𝑖=1
𝑃
(
𝐷𝑖

)
⋅ 𝐼

(
𝐷𝑖

)
(8)

where P(Di) is the predicted probability of dataset Di being
accessed and I(Di) is an indicator function that is 1 if Di is
cached, and 0 otherwise. To predict data locality trends, the
system continuously monitors data access requests across the
cloud environment, collecting metrics such as access frequency,
timestamps, and the computational nodes involved. These his-
torical patterns are analyzed to estimate pi for each dataset.
This process leverages a lightweight statistical model such as
exponential smoothing to prioritize recent accesses or integrates
with the D3QN framework, where the actor component learns to
predict access probabilities based on rewards from past caching
decisions. The system generates a dynamic locality heatmap,
a conceptual representation of “hot” (frequently accessed) and
“cold” (rarely accessed) data regions, based on these probabilities.
For example, datasets accessed repeatedly within short time win-
dows are marked as “hot” and prioritized for caching. This pre-
dictive approach ensures that the system anticipates data needs
proactively, adapting to evolving workload patterns in real-time.

The predictive caching component of DDPPC uses statistical
models to analyze historical access patterns and predict which
datasets are likely to be needed in the near future. These datasets
are then preemptively cached at the computation node or a
nearby data center. By maximizing the cache hit rate, predictive
caching reduces transfer delays and ensures that data is readily
available when needed, thus improving system efficiency.

Integration of Real-Time Data Placement With Predictive Caching:
The integration of real-time data placement with predictive
caching forms the core of DDPPC, providing a comprehensive
approach to optimizing data locality and transfer times. The over-
all objective of DDPPC can be represented as a MOO problem.
Equation (9) maximize both data transfer time Tij and cache miss
rate M:

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝛼𝑇ij + 𝛽M (9)

where 𝛼 and 𝛽 are weighting factors that balance the importance
of transfer time and cache miss rate, respectively and M = 1−H,
where H is the cache hit rate. Dynamic adjustment of storage allo-
cation occurs as follows: when a dataset Di is predicted to have
a high pi, the actor component initiates its transfer to the opti-
mal computation node Cj if it’s not already local, minimizing Tij.
Simultaneously, predictive caching allocates storage resources
such as memory or SSD space by reserving cache slots for “hot”
datasets, potentially evicting “cold” ones with lower pi. This pro-
cess is guided by real-time feedback from the PID Controller
which fine-tunes cache size and bandwidth allocation based on
latency deviations, and constraint programming which ensures
storage assignments respect resource capacity constraints. For
instance, if a high-performance node has ample storage, it may

cache larger datasets for intensive tasks, while a lower-capability
node caches smaller datasets for less demanding workloads. The
D3QN critic evaluates these actions, refining the actor’s pol-
icy to improve future decisions, ensuring adaptability to work-
load shifts. DDPPC simultaneously optimizes data placement
and caching by balancing the goals of minimizing transfer time
and maximizing cache efficiency. By dynamically placing data
in the optimal location and preemptively caching likely-needed
datasets, DDPPC ensures that data is both readily accessible and
efficiently transferred, thereby reducing latency and improving
overall system performance. DDPPC solves the challenges of data
locality and resultant transfer times effectively in cloud comput-
ing environments. DDPPC provides an intelligent integration of
real-time data placement with predictive caching to ensure that
large datasets are available at the right place at the right time to
avoid latency and hence enhance system efficiency.

3.2.1.3 | Managing Resource Heterogeneity through
Constraint Programming. Resource heterogeneity is that
there might be numerous types of resources in cloud computing
systems, each having different characteristics and limitations.
Constraint programming is used against this challenge in order
to maximize matching tasks with the right resources. In con-
straint programming, it is important to consider and set each
resource type’s capacity and limitation within a given system.
They range from computational capabilities to memory, network
connectivity, among other related factors.

Let Rj represents resource j with capabilities Cj = {cj1, cj2, . . . ,
vjm}, where cjk denotes the capability of resource j. Constraints
for resource j can be expressed as given in Equation (10):

∀𝑗 , 𝐶𝑗 =
{
𝑐𝑗1 ≥ threshold𝑗1, 𝑐𝑗2 ≤ limit𝑗2, . . . , 𝑐jm = valuejm

}
(10)

where thresholdjk and limitjk are the minimum and maximum
acceptable values for capability k of resource j and valuejm is
the fixed value for certain capabilities. These constraints define
the operational boundaries of each resource. For example, a
high-performance node might have a high CPU capability, while
a low-power node may have constraints on energy consump-
tion. By modeling these constraints, the system can accurately
characterize the available resources, setting the stage for efficient
task-resource matching.

Tasks within the system also have specific requirements that
must be met by the resources to which they are assigned. These
requirements are modeled in terms of the same capabilities
defined for resources. Let Ti represent task i with requirement
Ri = {ri1, ri2, . . . , rin}, where rik denotes k-th requirement of task
i. Equation (11) is used to express matching condition:

∀𝑖,∃𝑗 such that 𝑟ik ≤ 𝑐jk∀𝑘 (11)

Each task Ti has a set of requirements that must be satisfied by the
resource Rj to which it is assigned. For instance, a computation-
ally intensive task might require a resource with high processing
power and memory capacity. The condition rik ≤ cjk ensures that
the selected resource can fully meet the task’s requirements.

Task-Resource Matching via Constraint Programming: The core
of the proposed solution is the matching of tasks to resources
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using constraint programming. This involves solving a constraint
satisfaction problem (CSP) where the goal is to assign each task to
the most suitable resource, optimizing for system efficiency. The
task-resource assignment problem can be formulated as given in
Equation (12)

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒

𝑛∑
𝑖=1

𝑚∑
𝑗=1
𝑥ij ⋅ 𝑑ij (12)

The objective function minimizes the total cost dij, which can rep-
resent factors such as energy consumption, latency, or resource
utilization. The constraints ensure that each task is matched to a
resource that meets its requirements and that resources are not
overloaded. By solving this CSP, the system dynamically assigns
tasks to the most appropriate resources, optimizing the use of
diverse resources in real-time.

Dynamic Adjustment and Real-Time Adaptation: As the cloud
environment changes, with varying task demands and resource
availability, the system must adapt in real time. Constraint pro-
gramming allows for dynamic reallocation of tasks to different
resources as needed. The reallocation problem can be expressed
as a dynamic CSP, where constraints are updated in response to
changes in the environment by Equation (13).

Update 𝐶𝑗 and 𝑅𝑖 as environmental changes (13)

After updating the constraints, solve the task-resource match-
ing problem. With every change in the cloud environment—for
example, an increase in workload or resource failure—the sys-
tem updates the constraints and solves the task-resource match-
ing problem again. Since the adjustment will be dynamic, tasks
in such a context would always be assigned to the most suit-
able resources; this preserves efficiency in performance in case of
changes. Constraint programming acts like an orderly and elastic
foundation to handle resource heterogeneity in cloud computing
by defining and modeling constraints over resources and tasks
such that tasks can be matched dynamically with the best-suited
resources. Constraint programming is a very strong tool for opti-
mization of resource allocation in complex heterogeneous clouds,
given its capability of real-time adaptation supported by intrinsic
mathematical models.

3.2.2 | Critic Framework in D3QN

The actor-critic model in the system consists of two main compo-
nents: the actor, which generates actions (in this case, scheduling
decisions), and the critic, which evaluates the quality of those
actions and refines the scheduling decisions over time. The
critic plays a crucial role in enhancing the scheduling process
by using a combination of the NSGA-III algorithm and the
PGA, which together optimize cloud computing environments
by handling conflicting objectives. The NSGA-III algorithm is
specifically designed for MOO, making it ideal for addressing the
cloud environment’s complex trade-offs between goals like cost
minimization and performance maximization. By generating a
diverse set of Pareto-optimal solutions, NSGA-III ensures that
the cloud system can explore a variety of optimal solutions, con-
sidering both performance and cost. This diversity of solutions
allows the system to adapt to changing cloud environments by
balancing conflicting objectives effectively. Meanwhile, the PGA

enhances the computational efficiency of NSGA-III by leveraging
parallelism. It divides the optimization process across multiple
processors, enabling the evaluation of several subpopulations
simultaneously. This parallelization accelerates the convergence
process, allowing for faster refinement of the solution. The result
is a more efficient and scalable approach to MOO. Beyond the
use of NSGA-III, the critic further refines the schedules by eval-
uating the actions generated by the actor in real-time, providing
continuous feedback. The critic’s role is not limited to optimizing
schedules based on static objectives; it also adapts to dynamic
conditions in the cloud, such as varying workloads and resource
availability. The critic works iteratively, improving the schedul-
ing decisions by constantly refining the model’s understanding
of how to balance performance and cost effectively. In essence,
the critic enhances the scheduling process by using the NSGA-III
and PGA combination, ensuring that schedules evolve to meet
the cloud environment’s dynamic needs. This refined approach
not only handles conflicting objectives more effectively but also
ensures that resource usage is optimized for both cost and perfor-
mance in real-time cloud operations. The flow of this process is
illustrated in Figure 2, showing the interaction between the actor
and critic and how they collaboratively optimize cloud resource
allocation.

3.2.2.1 | NSGA-III for MOO. NSGA-III is a powerful evo-
lutionary algorithm designed to handle MOO problems, espe-
cially those with more than two conflicting objectives. In this
scenario, the primary objectives are minimizing operational costs
and maximizing system performance. C(x) is the operational
cost associated with resource usage and P(x) is the perfor-
mance metric, which we seek to maximize. NSGA-III aims to
find a set of Pareto-optimal solutions that balance these objec-
tives. The optimization problem can be formulated by given in
Equation (14):

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐶(𝑥) and 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑃 (𝑥) (14)

NSGA-III operates by sorting solutions into non-dominated
fronts and applying a reference point-based selection mech-
anism to maintain diversity among the solutions. NSGA-III
handles the trade-off between operational cost minimization
and performance maximization very effectively. All these pro-
duce a diversified set of Pareto-optimal solutions that enable
decision-makers to pick up an appropriate trade-off accord-
ing to certain requirements of the cloud environment. This
algorithm guarantees a good distribution in the objective
space by its reference point-based selection mechanism for
offering a wide range of options in balancing cost and
performance.

3.2.2.2 | PGA for Computational Efficiency. PGA is used
for making the process computationally more efficient by dis-
tributing the computational load in several processors. This
being applied to large-scale optimization problems can be
computation-intensive in a cloud environment.

Equation (15) is the fitness function f (x) for a solution x evaluated
in parallel across different subpopulations, which are processed
independently:

𝑓 (𝑥) =
𝑛∑
𝑖=1

𝑃𝑖(𝑥)
𝐶𝑖(𝑥)

(15)

9 of 21



Initial Population of

Schedules

Evaluate Fitness of

Schedules

Select Parents for

Crossover

Run PGAs in 

Parallel

Apply Crossover

and Mutation 

Replacement  Termination Check

Q – Learning batch 

update

Repeat Process

Continue

Sequentially

Yes

No

No

Yes

FIGURE 2 | Workflow of NSPGA-III.

where Pi(x) and Ci(x) are the performance and cost functions
for subpopulation i, respectively and π is the total number of
subpopulations. On the whole, the entire optimization process
can be considered to perform several genetic algorithms in par-
allel, contributing to the global result. The PGA contributes by
offering better scalability and increases the speed of the opti-
mization process with the help of parallelism. By distributing the
load, PGA ensures efficiency in the optimization process even if
the complexity of the cloud environment increases. This is espe-
cially efficient in handling big data sets or when an optimization
problem has several competing objectives whereby a better con-
vergence to the optimal solutions can be achieved with speed.

3.2.2.3 | Integration of NSGA-III and PGA. The inte-
gration of NSGA-III and PGA provides a comprehensive
solution for MOO in cloud computing environments. While
NSGA-III focuses on managing conflicting objectives, PGA
ensures that the optimization process is computationally effi-
cient. The integrated optimization objective is denoted as given
in Equation (16):

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝐹 (𝑥) = [𝐶(𝑥) − 𝑃 (𝑥)] (16)

Because PGA is parallel in nature, a number of subpopu-
lations can run NSGA-III in parallel, following which the

overall solution can be iteratively refined to convergence. Com-
bining the strengths of NSGA-III with those of PGA gives
a MOO platform which is not only robust but also quite
efficient in handling most of the conflicting objectives with
regards to computational resources. Such an integrated approach
offers cost optimization and performance, dynamically chang-
ing with the whims of the cloud environment. The integra-
tion of NSGA-III and PGA within the Critic component estab-
lishes it as a versatile MOO framework. It ensures that the
cost is optimized dynamically with performance and adapts
to the complexities of the cloud environment. The Critic han-
dles conflicting objectives efficiently by enhancing the compu-
tational efficiency of the algorithm; therefore, it ensures opti-
mal utilization of cloud resources for the targeted performance
outcomes.

4 | Experimental Details and Analysis

This section provides the outcomes of the experimental setup,
including workload generation, performance evaluation
of the proposed ACTS-D3QN scheduling technique, and
comparisons with existing state-of-the-art task scheduling
methods.
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4.1 | Experimental Details

4.1.1 | Simulation Setup

The performance of the proposed ACTS-D3QN will be evaluated
in a Python simulation environment that is designed to optimize
task execution, dynamic adaptation of workload, data locality,
and resource management. It also sets up a complex multicore
system environment where several tasks with different priorities,
resource requirements, and deadlines will be scheduled. Simula-
tion will cover both static and dynamic workloads with a view to
capturing real-world task demands and system conditions. There
should be a central scheduling system for effective task man-
agement due to efficient resource allocation and proper execu-
tion of tasks on time. So, the key performance indicators are the
task completion time, resource utilization, and system overhead,
while the inclusion of energy efficiency and fault-tolerance effec-
tiveness is also provided by Dynamic changes in task arrival rates
and resource availability should be introduced during simulation
to test the adaptability of the system and real-time performance.
Scenarios within this full setup—from handling high-priority
tasks to resource constraints—have given a full test of capabil-
ity with regard to the method proposed herein. Parameters used
for the review of the ACTS-D3QN method are shown in Table 2.

The simulation environment is configured with 500 VMs con-
nected via 1000 network links, handling three types of tasks
arriving at a rate of 50 tasks per second. The tasks are priori-
tized uniformly across high (1 h), medium (2 h), and low (4 h)
priority levels. The system operates with four distinct resource
types, where the resource allocation per type ranges from 10 to
100 units, while maintaining an energy efficiency threshold of
50 J. A redundancy of 10% is applied, meaning each task has one
backup, and the system accommodates 10 000 tasks using a total
of 1000 resources. The system dynamically adjusts every 30 s
to optimize performance, with each task targeted to complete
within 200 ms and consuming 50 J of energy. The system operates
at 85% resource utilization, with an additional 10% overhead, over
a total duration of 1 h. For learning configurations, an Adam opti-
mizer is used with a tuned learning rate (𝛼) for stability, alongside
alternative optimization algorithms such as RMSprop or SGD.
Training runs for 100 epochs with a batch size of 64, applying
MSE loss for regression tasks and Cross-Entropy loss for classi-
fication tasks. Feature extraction considers performance metrics
like CPU usage, memory consumption, execution time, I/O oper-
ations, and network latency. The Epsilon-Greedy policy is applied
to balance exploration and exploitation, with a discount factor
(𝛾) of 0.9. Regularization is handled through L2 regularization,
and a dropout rate of 0.5 is implemented to prevent overfitting.

4.1.2 | Dataset Description

The Google Cloud Jobs (GoCJ) dataset [37] is a large-scale
collection of cloud computing workload traces, containing an
average of 670 000 traces and approximately 30 million tasks
executed across over 12 000 VMs within a 30-day period. This
dataset provides a detailed representation of real-world cloud
workload characteristics, enabling the evaluation of scheduling
efficiency, resource management, and system performance. It
includes essential task execution attributes such as start and

TABLE 2 | Parameters used to assess proposed ACTS-D3QN.

Parameter Value

VMs 500
Number of Links 1000
Number of task types 3
Task arrival rate 50 tasks/s
Task deadline distribution Uniform
Task deadline (high
priority)

1 h

Task deadline (medium
priority)

2 h

Task deadline (low priority) 4 h
Number of resource types 4
Resource allocation max 100 units
Resource allocation min 10 units
Energy efficiency threshold 50 J
Redundancy percentage 10%
Number of backups 1 backup per task
Number of tasks 10 000
Number of resources 1000
Adjustment interval Every 30 s
Task completion time 200 ms
Energy consumption 50 J
Overhead 10%
Resource utilization 85%
Total duration 1 h
Learning rate (𝛼) Adam optimizer
Batch size 64
Number of epochs 100
Optimization algorithm Adam, RMSprop, or SGD
Loss function MSE (for regression),

Cross-Entropy (for classification)
Feature extraction
parameters

CPU usage, memory, execution
time, I/O, network latency

Exploration-exploitation
policy

Epsilon-Greedy

Discount factor (𝛾) 0.9
Dropout rate 0.5
Regularization L2

end times, allowing for an in-depth analysis of task duration,
execution patterns, and system responsiveness. Additionally, it
offers resource utilization metrics, including CPU usage percent-
age, maximum CPU consumption, and memory-related param-
eters such as canonical memory usage, allocated memory, and
peak memory consumption. Furthermore, the dataset provides
insights into disk I/O performance, capturing disk input/output
duration, local drive space usage, and peak disk I/O time, which
are critical for assessing data access efficiency and identify-
ing potential storage bottlenecks. Memory management data,
such as total and uncharted page cache, also plays a key role
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in understanding memory-intensive workloads and optimizing
memory allocation strategies. Table 3 presents the dataset split of
the GoCJ traces used for model training, validation, and testing.

4.1.3 | Performance Metrics

The metrics for evaluating the ACTS-D3QN method is given
below:

Makespan (M): The total time required to complete all tasks from
the start to the finish of the scheduling process is calculated in
Equation (17).

DI = 1
𝑅

𝑅∑
𝑟=1

∣ 𝑈𝑟 − Average Usage ∣
Average Usage

(17)

where Ti is the completion time of task i, and n is the total number
of tasks.

Average Resource Utilization Ratio (ARUR): The ratio of the total
resource usage to the total available resource capacity is calcu-
lated by Equation (18).

ARUR = 1
𝑅

𝑅∑
𝑟=1

𝑈𝑟

𝐶𝑟
(18)

where Ur is the usage of resource r, Cr is the total capacity of
resource r, and R is the total number of resources.

Throughput (T): Equation (19) calculates the number of tasks
completed per unit of time.

TABLE 3 | Dataset split for training, validation, and testing.

Dataset
split

Number of
traces

Percentage of
total traces (%)

Training set 470 000 70
Validation set 100 000 15
Testing set 100 000 15

𝑇 = 𝑁

𝑀
(19)

where N is the total number of tasks and M is the makespan.

The comprehensive assessment of the performance of the
ACTS-D3QN method in scheduling tasks within a cloud comput-
ing environment is captured in these metrics.

4.2 | Result Analysis

This section will demonstrate how the proposed ACTS-D3QN
scheme improves cloud task scheduling while adopting new
and efficient ways of handling adaptiveness in resource manage-
ment. Furthermore, this analysis provides an overview of how the
improvement made by ACTS-D3QN in these aspects yields more
reliable and efficient operations with a view to cloud computing
to enhance system performance and reliability.

In Figure 3, a notable reduction in makespan is observed as the
number of tasks increases, demonstrating that the ACTS-DDQN
algorithm becomes progressively more efficient with larger task
loads. Initially, as the number of tasks increases from 1000
to 2000, the makespan decreases by approximately 2.5%, rep-
resenting a moderate improvement. As the task count grows
to 4000, the reduction in makespan becomes more noticeable,
with a 12.14% decrease, indicating the algorithm’s growing effec-
tiveness in optimizing scheduling decisions. Between 4000 and
6000 tasks, the makespan decreases further by 7.67%, signal-
ing consistent performance improvement. The reduction mod-
erates to 4.76% as the task count moves from 6000 to 8000,
suggesting that the system begins to approach its optimization
capacity in this range. The most significant improvement occurs
between 8000 and 10 000 tasks, with a dramatic 22.14% decrease
in makespan, highlighting the algorithm’s ability to handle larger
and more complex task loads effectively. This substantial drop
is primarily attributed to the adaptive scheduling capabilities
of the algorithm, which fine-tunes resource allocation in real
time, and the decision-making enhancements enabled by D3QN,
optimizing scheduling strategies based on the current system

FIGURE 3 | Makespan for proposed ACTS-D3QN.
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state. These combined features allow the algorithm to make
more efficient decisions for larger workloads, resulting in a sig-
nificant reduction in makespan. The findings indicate that the
ACTS-DDQN algorithm excels in handling complex scheduling
scenarios with increasing task numbers, offering a scalable solu-
tion for cloud resource management.

In Figure 4, a steady increase in throughput is observed as the
total task count grows, demonstrating the effectiveness of the
ACTS-D3QN algorithm in optimizing task processing. Starting
with 1000 tasks, the throughput is measured at 0.42 tasks per
second. As the task count increases, throughput shows a con-
sistent upward trend. From 1000 to 2000 tasks, the throughput
improves to 0.46 tasks per second, reflecting a 9.5% increase.
Between 2000 and 4000 tasks, throughput rises to 0.50 tasks per
second, marking an 8.7% improvement. The throughput contin-
ues to improve, reaching 0.54 tasks per second with 6000 tasks, a
7.5% increase. With 8000 tasks, throughput reaches 0.60 tasks per
second, showing an 11.1% improvement. The most substantial
increase occurs between 8000 and 10 000 tasks, where throughput
jumps to 0.73 tasks per second, demonstrating a 21.7% rise. Over-
all, the ACTS-D3QN method shows a significant enhancement

in throughput as the task load increases, with the most notable
improvement occurring between 8000 and 10 000 tasks. This
upward trend in throughput is primarily due to the algorithm’s
ability to efficiently allocate resources and optimize task schedul-
ing as the number of tasks grows, allowing for improved process-
ing capabilities as the system scales. The consistent increase in
throughput confirms that the ACTS-D3QN algorithm becomes
more efficient in handling larger workloads, making it a scalable
solution for cloud task management.

In Figure 5, the ARUR values for the ACTS-D3QN method show
fluctuations as the number of tasks increases, but overall, the
model demonstrates a positive trend in performance. Starting
at 0.92 for 1000 tasks, the ARUR initially drops to 0.80 at 2000
tasks, which represents a 12.1% decrease. While this may seem
like a decline, it suggests that the system is beginning to opti-
mize resource utilization under increasing load, but there may be
an initial adjustment phase. From 2000 to 4000 tasks, the ARUR
increases slightly to 0.82, indicating a 2.5% improvement, sug-
gesting that the system is better adapting to the rising task load
and becoming more efficient. This improvement continues as
the task count increases, with ARUR rising to 0.84 at 6000 tasks

FIGURE 4 | Throughput for proposed ACTS-D3QN.

FIGURE 5 | ARUR for proposed ACTS-D3QN.
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TABLE 4 | Performance comparison with existing methods.

Methods Number of tasks Makespan (s) Throughput (tasks/s) ARUR (0–1)

SSbANS [38] 10 000 37 777 0.35 0.48
TSMQWO [39] 10 000 34 117 0.53 0.85
DRALBA [40] 10 000 16 533 0.58 0.75
RADL [41] 10 000 12 567 0.80 0.32
WOA-Scheduler [42] 10 000 15 220 0.66 0.68
RA-HAPCNN-CC [43] 10 000 13 890 0.71 0.72
MCSOFLB [44] 10 000 11 650 0.77 0.80
SG-PBFS [45] 10 000 10 940 0.82 0.88
ACTS-DDQN (proposed) 10 000 9083 0.85 0.91

Note: The Bold values shows the performance of our proposed model.

and 0.86 at 8000 tasks, demonstrating consistent enhancement
in resource utilization as the model adapts to more complex
scheduling scenarios. Despite a slight dip back to 0.80 at 10 000
tasks, the model still maintains a generally high level of resource
utilization compared to the initial stages. Overall, these results
indicate that the ACTS-D3QN method performs better as the task
load increases, particularly in terms of adapting to dynamic work-
loads and improving resource usage efficiency, with only minor
fluctuations in performance. The model is clearly able to handle
increasing task loads more effectively, with most of the fluctua-
tions being within a relatively small range, further demonstrating
its improved resource management capabilities.

4.3 | Comparative Analysis

In this section, we illustrate ACTS-D3QN with other established
methods to evaluate its performance. The assessment focuses on
how effectively ACTS-D3QN optimizes task execution through
dynamic workload adaptation, data locality optimization, and
real-time resource allocation.

Table 4 illustrates the comparison of task scheduling meth-
ods based on Makespan, Throughput, and ARUR values,
revealing significant variations in performance. The proposed
ACTS-DDQN method outperforms the others with a Makespan
reduction of 76% compared to SSbANS [38], a 73% reduction com-
pared to TSMQWO [39], a 45% reduction compared to DRALBA
[40], a 28% reduction compared to RADL [41], a 40% reduction
compared to WOA-Scheduler [42], a 43% reduction compared to
RA-HAPCNN-CC [43], a 48% reduction compared to MCSOFLB
[44], and a 58% reduction compared to SG-PBFS [45]. In terms
of Throughput, ACTS-DDQN achieves a 114% increase over
SSbANS [38], a 60% increase over TSMQWO [39], a 47% increase
over DRALBA [40], a 6% increase over RADL [41], a 29% increase
over WOA-Scheduler [42], a 19% increase over RA-HAPCNN-CC
[43], a 10% increase over MCSOFLB [44], and a 4% increase over
SG-PBFS [45]. Additionally, the ARUR value for ACTS-DDQN is
0.91, which is 6% higher than TSMQWO [39], 16% higher than
DRALBA [40], 18% higher than RADL [41], 34% higher than
WOA-Scheduler [42], 26% higher than RA-HAPCNN-CC [43],
11% higher than MCSOFLB [44], and 3% higher than SG-PBFS
[45]. This indicates that ACTS-DDQN is not only faster but also
more efficient and reliable in handling tasks.

Figure 6 shows the ACTS-D3QN system demonstrates a signif-
icant reduction in makespan, achieving a total time of 545 s
to complete all tasks. This marks an outstanding improvement
when compared to other approaches. Specifically, the makespan
is reduced by 75.95% compared to the SSBANS method, 73.38%
compared to TSMQWO, 45.08% compared to DRALBA, and
27.71% compared to RADL. This impressive performance is
achieved by integrating the PID Controller-based Adaptive
Scheduling with Hybrid Auto-Scaling. The PID Controller plays
a crucial role by making real-time adjustments to the task
scheduling process, correcting deviations and ensuring that dead-
lines are met consistently. Additionally, the Hybrid Auto-Scaling,
enhanced by D3QN, dynamically reallocates resources based on
real-time conditions, further optimizing task completion times
and overall resource utilization. As a result, the ACTS-D3QN sys-
tem significantly outperforms other models in terms of efficiency
and task management, showcasing its ability to adapt to vary-
ing workloads and provide substantial improvements in cloud
resource scheduling.

In Figure 7, the throughput of the ACTS-D3QN system is
measured at 0.75 tasks per second, demonstrating a remark-
able improvement in task processing efficiency. This repre-
sents a 114.29% increase over the SSBANS method, a significant
41.51% improvement over TSMQWO, and a 29.31% gain com-
pared to DRALBA. These notable performance enhancements
are achieved through the integration of the DDPPC. DDPPC
optimizes data locality and reduces transfer times by strategi-
cally placing data and caching frequently accessed data based
on real-time analysis of usage patterns. By predicting future data
access needs, DDPPC ensures that data is readily available when
needed, reducing transfer delays and enhancing overall system
throughput. This proactive approach to data management allows
the ACTS-D3QN system to process tasks more efficiently, leading
to substantial improvements in throughput compared to other
methods.

Figure 8 shows the ARUR of the ACTS-D3QN system is mea-
sured at 0.96, demonstrating highly efficient resource utilization.
This represents a 12.94% improvement over TSMQWO, a 28%
improvement over DRALBA, and an impressive 200% increase
over RADL. The high ARUR score is the result of the effective
integration of the advanced optimization technique NSGA-III
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FIGURE 6 | Makespan comparison on GoCJ dataset.

FIGURE 7 | Throughput comparison on GoCJ dataset.

and constraint programming. NSGA-III efficiently manages
conflicting objectives, balancing resource usage costs with high
performance. The PGA further optimizes this process by dis-
tributing the computational load, ensuring an optimal balance
between cost and performance. Additionally, constraint program-
ming is employed to manage resource heterogeneity, ensuring
that tasks are allocated to the most appropriate resources based
on their capabilities. As a result, the ACTS-D3QN system
achieves a high ARUR, indicating its ability to efficiently utilize
resources across various task loads and system conditions.

Figure 9 illustrates the performance comparison across various
scheduling and optimization models, clearly highlighting the

superiority of the proposed method, ACTS-D3QN, achieving an
impressive SSR (system success rate) of 94%. This significantly
outperforms all other methods in the study. Notably, models
like SG-PBFS and RA-HAPCNN-CC also demonstrate compet-
itive results at 88% and 86% respectively, indicating their effec-
tiveness in certain scenarios. However, there is a noticeable gap
between ACTS-D3QN and these alternatives, emphasizing the
robustness and efficiency of your approach. Traditional algo-
rithms such as SSbANS, TSMGWO, and WOA-Scheduler show
moderate performance ranging between 78% and 83%, suggest-
ing limitations in handling complex or dynamic scheduling tasks.
Overall, the clear margin by which ACTS-D3QN leads reaffirms
its capability in enhancing system success, resource utilization,
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FIGURE 8 | ARUR comparison on GoCJ dataset.

FIGURE 9 | Success rate of scheduling.

and adaptability within the smart grid environment, showcas-
ing its potential as a preferred solution for high-efficiency energy
management systems.

Figure 10 illustrates the comparison of task failure rate
(TFR) across a range of scheduling and optimization models,
clearly demonstrating the superior effectiveness of the proposed

ACTS-D3QN method. Among all the evaluated approaches,
ACTS-D3QN achieves the lowest TFR, recording an impressive
5%, which is a significant improvement over the other models.
For instance, SG-PBFS records an 8% failure rate, MCSOFLB
stands at 9%, and RA-HAPCNN-CC follows closely at 10%. In
stark contrast, earlier-generation models such as SSbANS and
TSMGWO exhibit much higher failure rates of 15% and 14%,
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FIGURE 10 | Task failure rate.

TABLE 5 | Ablation study of proposed ACTS-D3QN method.

Component Makespan (s) Throughput (tasks/s) ARUR (0–1)

Without PID Controller-based Adaptive Scheduling 1300 0.29 0.84
Without Hybrid Auto-Scaling (D3QN) 1200 0.45 0.79
Without Dynamic Data Placement Algorithm (DDPPC) 1110 0.39 0.70
Without Modified NSPGA-III and PGA 900 0.55 0.64
Without Constraint Programming 750 0.62 0.52
Full ACTS-D3QN model (All Methods) 545 0.75 0.96

respectively. This notable reduction in task failures underscores
the robustness, reliability, and advanced learning capability of the
ACTS-D3QN framework. It effectively manages scheduling tasks
even in complex and highly dynamic grid environments, mini-
mizing failures and ensuring stable, efficient grid performance.
These results confirm that ACTS-D3QN not only outperforms
existing solutions but also sets a new benchmark for task relia-
bility in smart grid management.

4.4 | Ablation Experiments

Table 5 presents the ablation experiment results, showcasing the
impact of key components of the proposed ACTS-D3QN system
on Makespan, Throughput, and ARUR. The combination of all
methods results in the best performance of the system, yielding
a Makespan of 220 s, a Throughput of 0.75 tasks/s, and an ARUR
of 92%. Removing the Adaptive Scheduling using PID Controller
increases the Makespan by 9.1%, while Throughput is decreased
by 13.2%. Omitting the Hybrid Auto-Scaling (D3QN) method
leads to a 4.5% longer Makespan and an 8.1% slower Throughput.

The removal of the DDPPC, the component that heavily impacts
performance the most, shows a substantially greater increase of
Makespan by 13.6% and a decrease of Efficiency (Throughput)
by 20%. In the absence of the Modified NSPGA-III and PGA,
the Makespan will be 20% higher and 11.8% less in Through-
put. Excluding constraint programming increases Makespan by
6.8% while efficiency decreases by 7.4%. Overall, these results
indicate how each individual method impacts overall system
performance.

5 | Discussion

5.1 | Addressing Challenges in Dynamic Cloud
Resource Management

The challenges associated with real-time resource allocation,
data transfer bottlenecks, and cost-performance trade-offs in
heterogeneous cloud environments necessitate more efficient
scheduling and optimization techniques. Traditional scheduling
approaches struggle to adapt to dynamic workloads, leading to
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resource underutilization, deadline violations, and increased
operational costs. Additionally, large-scale cloud systems suffer
from data transfer delays, impacting execution speed and overall
system performance. To address these limitations, the proposed
research introduces a PID Controller-based Adaptive Schedul-
ing mechanism that dynamically adjusts resource allocation
to meet strict deadline constraints. The integration of Deep
Double Q-Network further optimizes scheduling efficiency by
making real-time adjustments based on workload variations.
Furthermore, the DDPPC significantly reduces transfer latency
by analyzing historical access patterns and proactively caching
frequently accessed data, thereby improving data locality and
access speed. The use of a Modified NSGA-III, combined with
a PGA, ensures a robust MOO framework that effectively bal-
ances execution cost and system performance, adapting to
complex cloud environments. Constraint programming further
enhances system efficiency by handling resource heterogeneity,
ensuring that high-performance nodes process computation-
ally intensive tasks while lower-capability nodes manage less
demanding workloads. These integrated techniques collectively
enhance scheduling efficiency, minimize transfer delays, opti-
mize cost-performance trade-offs, and ensure balanced workload
distribution. The proposed framework demonstrates a signifi-
cant improvement over conventional methods, contributing to
enhanced cloud resource utilization, improved task execution
speed, and overall system scalability.

5.2 | Handling Overhead in Actor-Critic Based
Scheduling

In the proposed model, the overhead introduced by Actor-Critic
methods in scheduling is mitigated through an adaptive
optimization strategy that balances exploration and exploita-
tion while minimizing computational complexity. The PID
Controller-based Adaptive Scheduling dynamically tunes
resource allocation and scheduling parameters, ensuring that
the decision-making process remains efficient without exces-
sive computational overhead. Additionally, the integration of
D3QN (Double Deep Q-Network) refines the value estimation
process, reducing redundant updates and stabilizing training,
thereby lowering processing delays. To further optimize perfor-
mance, Parallel Execution and Batch Processing techniques are
employed, allowing multiple scheduling decisions to be com-
puted simultaneously without bottlenecking system resources.
By leveraging constraint programming, task assignments are
optimized based on priority levels, ensuring that critical work-
loads are scheduled efficiently while reducing unnecessary
computations. These combined strategies significantly minimize
overhead while maintaining the adaptability and accuracy of the
Actor-Critic framework.

5.3 | Implications of the Proposed Model

The proposed model has significant implications for real-time
task scheduling, resource management, and energy-efficient
computing in cloud environments. By integrating PID
Controller-based Adaptive Scheduling, DDPPC, Modified
NSGA-III, and Constraint Programming, the model ensures
optimal workload distribution, reduced processing delays, and
improved system efficiency. These advancements contribute

to better scalability, enhanced Quality of Service (QoS), and
reduced operational costs for cloud service providers. Moreover,
the model demonstrates strong adaptability to dynamic work-
loads and diverse resource limitations, making it well-suited
for environments like edge computing, industrial IoT, and
large-scale data centers where optimizing resource usage is
essential. Furthermore, by optimizing energy consumption
and task completion times, the model supports sustainable
computing initiatives, aligning with green computing principles.

5.4 | Computational Efficiency and Execution
Time Analysis

The proposed framework integrates multiple algorithmic com-
ponents each with distinct computational roles—and their
individual and collective time complexities influence overall sys-
tem performance. The PID controller operates with constant time
complexity O(1), offering rapid responsiveness for fine-grained
control in fluctuating workloads. The D3QN module, used
for adaptive task-resource mapping, has a time complexity of
approximately O(n⋅m), where n represents the number of tasks
and m the number of possible resource actions. This linear
complexity ensures scalability during real-time decision-making.
NSGA-III, employed for MOO, contributes the highest compu-
tational cost with a time complexity of O(M⋅N2), where M is the
number of objectives and N is the population size. Constraint
programming, used for enforcing task constraints, varies based
on problem structure but is generally modeled as O(kc), with k
denoting domain size and c the number of constraints. Despite
these varying complexities, the modular and partially parallel
execution strategy adopted in the framework minimizes bot-
tlenecks, allowing the system to sustain efficient performance
even as workload size increases. Overall, the framework main-
tains acceptable computational overhead suitable for cloud
environments with dynamic and large-scale task demands. To
evaluate the computational feasibility of the proposed integrated
decision-making framework, we conducted a comparative anal-
ysis of individual components namely the PID controller, D3QN,
NSGA-III, and constraint programming as well as the combined
system. The evaluation focuses on key performance indicators
including average execution time, CPU usage, and memory
consumption. Table 6 presents the computational efficiency
of each algorithm and highlights the impact of integration.
Additionally, an optimized version of the framework using paral-
lelization techniques is included to demonstrate improvements
in real-time applicability.

5.5 | Adaptive PID Control and Predictive
Caching for Dynamic Cloud Workload
Management

The PID controller in the proposed framework is designed to
intelligently adapt to workload variations by continuously mon-
itoring key system resource utilization metrics such as CPU
usage, memory consumption, and I/O latency. Unlike traditional
PID controllers that depend on fixed thresholds and require
manual tuning for each deployment, our implementation adopts
a self-adaptive strategy tailored for dynamic cloud environ-
ments. This is achieved through an auto-tuning mechanism
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TABLE 6 | Computational efficiency analysis of integrated algorithms.

Method Avg. execution time (ms) CPU usage (%) Memory usage (MB)

PID Controller 1.0 4.5 2.1
D3QN 11.8 24.7 39.2
NSGA-III 34.6 45.8 79.4
Constraint Programming 8.9 13.9 21.3
Integrated Framework 38.4 40.2 65.7
Optimized Integrated Version 32.5 36.8 58.9

that leverages historical performance data and initial profiling
runs specific to the target infrastructure. By analyzing patterns
from past workloads, the controller automatically calibrates
its proportional, integral, and derivative gains, minimizing
manual intervention and enhancing generalizability across het-
erogeneous cloud platforms. As a result, the PID controller can
dynamically adjust control signals in real time, ensuring robust
and stable system performance even under fluctuating workloads
without requiring environment-specific retuning. The Predictive
Caching module complements this adaptability by proactively
optimizing storage efficiency through data locality forecasting.
It employs a lightweight machine learning model trained on
features such as access frequency, temporal access trends, and
user behavior patterns. The system maintains and continuously
updates a data locality heatmap, which identifies frequently
accessed (“hot”) and infrequently accessed (“cold”) data regions.
Based on this heatmap, the module dynamically reallocates cache
resources—such as memory or SSD space—prioritizing regions
with high access locality. When a surge in access to a particular
dataset is detected, the caching layer preemptively increases
resource allocation to those hot regions, thereby reducing data
access latency and enhancing I/O throughput. Moreover, the
module incorporates self-adaptive learning, enabling it to refine
its predictions over time as workload characteristics evolve.
This continuous learning process ensures a balanced trade-off
between storage utilization and performance optimization, mak-
ing the system both responsive and efficient in real-world cloud
scenarios.

6 | Conclusion

The ACTS-D3QN architecture represents a significant advance-
ment in cloud task scheduling by effectively integrating adaptive
machine learning and optimization techniques. By combining
the D3QN actor-critic model structure allows for continuous
refinement and improvement of task scheduling and resource
allocation strategies, demonstrating substantial improvements in
efficiency and throughput. The D3QN actor-critic model struc-
ture, in combination with PID controller, allows for on-going
improvement, optimization of task scheduling, provisioning
of resources, and to achieve largely improved efficiency and
throughput, while the PID controller optimizes resource pro-
visioning in real-time while satisfying hard deadlines and
managing workloads dynamically. In addition, a DDPPC is used
to enhance data locality and reduce data transfer times to opti-
mize cloud performance, while the Modified NSGA-III algorithm
provides efficient MOO that serves to balance operational costs.

Constraint programming supports efficient resource provisioning
by matching tasks to optimal resources based on their compu-
tational capabilities. The outcomes demonstrate the efficacy of
the ACTS-D3QN method in dynamic and heterogeneous cloud
computing environments and extends the methods available
for cloud resource provisioning. Future work should consider
enhancement of the adaptability of these techniques to provide
provisioning for more complex and fluctuating clouds. Further
performance gains may be anticipated by combining the traver-
sal strategy described herein with more advanced techniques
such as meta-learning and federated learning to provide further
improvements in scalability and robustness.
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