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1. INTRODUCTION

Cloud computing [1], coupled with virtualization technology, opens up extensive research
opportunities across numerous domains and applications. As global data expands, the need for automated
data processing is increasingly apparent. This is particularly relevant in fields such as Bioinformatics and
Astronomy, where substantial data is gathered for research purposes. Often, this data is managed as scientific
workloads.

Scientific workloads [2], which are frequently modeled as directed acyclic graphs (DAGS), involve
interdependent tasks that communicate via file exchanges. The output from one task often serves as the input
for another. These workloads can comprise thousands of tasks and are typically executed on large-scale
parallel or distributed systems, including cloud computational platforms [3]. Such systems allow for parallel
processing of independent tasks, thereby reducing overall costs and execution times (makespan). However,
scheduling these tasks in cloud environments is a complex, non-polynomial problem [4]. To address this,
platforms like cloudsim [5], [6], and edge-workload [7] schedulers have recently been employed to manage
incoming tasks as shown in Figure 1.
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Figure 1. The architecture of workflow scheduling in a homogenous cloud platform [2]

Various algorithms have been developed for task scheduling [8]. These include particle swarm
optimization (PSO) [9], ant colony optimization (ACO) [10], heterogeneous earliest time first (HEFT) [11],
enhanced HEFT [12], and energy-cost-aware [13] schedulers employing different optimization strategies.
More details of different scheduling methods have been discussed in section 2. While these methods [14],
[15] have improved performance, they often fall short when dealing with large scientific parallel workloads.
They tend to struggle with reducing both cost and makespan during computations. In this paper, we introduce
a new model: the energy and cost-aware workload scheduler (ECAWS). This model is designed for parallel
workload execution in heterogeneous cloud environments. Its primary goals are to minimize energy
consumption, reduce costs, and meet task deadlines (makespan).

The significance of our research lies in its development of a scheduler model that enhances
performance by lowering makespan, energy usage, and computational costs for scientific parallel workloads.
We conduct a comparative analysis of various workload scheduler models that use different methodologies
for managing scientific workloads. The results demonstrate that ECAWS significantly improves performance
in terms of cost reduction, energy efficiency, and makespan reduction.

The structure of the paper is as follows: section 2 reviews different models, algorithms,
architectures, and methodologies applied to the execution of scientific workloads. Section 3 introduces our
proposed architecture and resource provisioning model, focusing on resource allocation for handling data-
intensive scientific tasks. Section 4 presents an evaluation of the results and a comparison with existing
models. Finally, section 5 offers a concise conclusion summarizing the research findings.

2. RELATED WORK

This section studies different workload scheduling for cloud and edge-cloud platforms [14], [15].
Yao et al. [16] introduced a task-duplication-based scheduling algorithm (TDSA) aimed at reducing costs
and makespan within cloud environments. Their approach includes two primary methods and was tested on
both random and scientific workloads. The results indicated a 31.6% reduction in cost and a 17.4% decrease
in makespan. Sindhu et al. [17], additionally, the algorithm addresses energy consumption and overall
computational costs, enhancing system performance in edge-fog computing environments. It utilizes DAGs
for task scheduling and incorporates a Markov decision process for optimal resource allocation. The
algorithm demonstrated superior performance compared to existing models.

Abohamama et al. [18], developed a task-scheduling algorithm for cloud-fog platforms, framing the
scheduling problem as a permutation-based optimization challenge. They employed an enhanced genetic
algorithm (GA) to allocate tasks to virtual machines with optimal resources and execution times. Their
experiments, comparing the proposed algorithm with methods such as best-fit, first-fit, bees' life algorithm,
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and GA, showed improvements in cost, total computation time, and failure rate. Movahedi et al. [19]
proposed a task scheduling model designed to minimize energy consumption and execution time in fog
computing platforms. Their approach includes an architecture for managing incoming tasks and employs
integer-linear programming (ILP) alongside a chaotic whale optimization algorithm. Comparisons with GA,
artificial-bee-colony algorithms, and PSO revealed that their model outperformed these existing systems.

Shashank et al. [20] introduced a deep reinforcement learning (DRL) algorithm for IoT task
scheduling in fog-based environments. Their method addresses task scheduling into virtual machines using a
dual queuing technique, aiming to reduce cost, energy consumption, and makespan. Liu et al. [21] presented
a PSO algorithm for task scheduling in edge computing environments. This algorithm aims to reduce
computation costs and was evaluated using the CloudSim platform. Results indicated that their approach
effectively optimized computation time and cost compared to four other task scheduling algorithms. Naveen
and Annapurna [22] developed a scheduling algorithm and resource provisioning model to cut costs during
task scheduling. Their method involves breaking down workload tasks into smaller sub-tasks to expedite
execution and meet deadlines. Evaluations of their model, focusing on scientific workloads, showed faster
virtual machine allocation and minimal cost.

Konjaang and Xu [23] proposed a multi-objective workload optimization strategy (MOWOS) to
reduce makespan and cost. They introduced two algorithms namely maximum virtual machine and minimum
virtual machine, to manage workload tasks. The MOWOQOS approach achieved an 8% reduction in cost and a
10% decrease in makespan. Masoudi et al. [24] tackled energy constraints through effective virtual machine
allocation strategies. Studies [25], [26] underscored the role of edge computing in improving service quality
and energy efficiency. Mangalampalli et al. [27] emphasized the need for multi-objective optimization using
DRL to reduce makespan and energy consumption, though effective virtual machine placement according to
quality-of-service (QoS) requirements remains an area for improvement, leading to potential delays and
increased makespan.

3. PROPOSED METHODOLOGY

This section presents a novel scheduler named ECAWS for the execution of parallel workloads in
the heterogeneous cloud platform. The section explains the workload and heterogeneous architecture adopted
for scheduling optimization as shown in Figure 2. The ECAWS constructs different metrics namely
computation cost, reconfiguration cost, and communication cost. Then, multi-objective minimization
optimization metrics are presented and optimized using DRL to reduce overall energy with minimal time and
cost.

Heterogenous Cloud Server
Resqurce Physical Machines
Provision
Resource
Monitor

CPU | GPU | Cach
Monten. | cPuorul cocte |
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Scientific
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Figure 2. Architecture of heterogeneous cloud platform for energy and cost-aware workload scheduling
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3.1. Workload and heterogenous computational architecture classification

The Inspiral workload significantly uses lots of memory and computational resources. The overall
size of the Inspiral workload is represented through parameter L, measured in bits. According to n
computational machines, the data is segmented into N predefined numbers considering both idle and active
computational machines. As the Inspiral workload is composed of multi-level QoS dependencies among tasks;
thus, the task must complete the execution within time S;. In meeting energy efficiency, the computational
resource allocated considering the respective physical computational platform x is obtained in (1).

{frquIC’ freq;' E)Icl Pa(x): Ce (x)}!x = 1’2’31 oty N (1)

In (1), freql expresses the idle state frequency parameter, freq, expresses maximal operating frequency for
the execution of Inspiral workload, EL, P,(x) defines non-idle state energy consumption of computational
platform, P,(x) defines overall computational machines that are actively participating in Inspiral workload
task execution and C,(x) expresses parameter defining load factor. In this work the parameter RpT defines
maximal processing capability considering the heterogenous multi-core resource optimization nature; thus,
R," = freq}.

3.2. Computation, reconfiguration, and communication cost metrics

In reducing the energy consumption and meeting makespan minimization to reduce the overall cost
of execution of Inspiral workloads this work employs the dynamic voltage and frequency scaling (DVFS)
model [11] according to the multi-core resource availability. The parameter freq,;s. expresses both lower
and higher operating frequency and the maximal frequency of the idle-state computational node is measured
in (2).

freq' £ freq; > freq, 1 > freqz_, > -+ > freq, > freq' £ freqq 2

The current method cannot satisfy dynamic frequency optimization considering multi-level service
optimization. Performing dynamic optimization is challenging as it needs to measure different parameters
like storage, memory, and computational processing elements considering both idle and active states. Thus,
the dynamic energy consumption Egypq.m;c is measured through (3).

Edynamic =P, *C, * freq * vs? (3)

In (3), Eqynamic €xpresses the parameter to measure processor dynamic energy consumption
operating on a physical computational platform, freq defines the physical computational platform frequency
level, and vs? represents corresponding voltage; the association between voltage and frequency is obtained in (4).

vs~1t
freq=Cx [(vs—vsr)‘z] 4

In (4), C defines the weight optimization parameter which remains static throughout the Inspiral
workload task execution, vs, expresses lesser weighted voltage than required input voltage vs. Throguh
optimization of (3) and (4), the idle state task computation cost SUMc_ omputation (X) by considering E' > 0
is measured in (5).

A 1
SUMC—computation(x) = 5:0 Pal * Cg * Sxy * freqs3’ x=12,.,N (5)
y

In (5), B," = C™' % P,, s, defines the overall makespan when executed in a physical computational
platform operating at frequency freq,. The parameter Z defines the available frequency level in the
respective processing element considering Z + 1 bounds when x in s,,, ranges between 1 to N and y ranges
between 0 to Z. Let's assume that the frequency changes from freq, to freq, to meet the Inspiral workload
task deadlines; the reconfiguration cost SUMc_yeconfiguration 1S Measured through (6).

1

Grearean= Joule (6)

SUMC—‘reconfiguration (freqq; freqy) = € *

In (6), €, Joules/Hz? expresses the computational cost for changing the frequency levels according
to task deadline requirements. During the reconfiguration process, extensive communication cost is involved
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to perform data exchange considering trannfer rate TrnsRate,. Therefore, the communication cost ES~comm
is measured in (7):

C—communication — pC—communication C—-communication
Ex - ETotalTime (x) + ETransmissionRate (x) (7)

where Eﬁgtgﬂfﬁ’n’;’g"i“““"’" (x) expresses the parameter defining switching energy cost and
E& communication (o) expresses the parameter defining communication energy. The network may induce a
certain load and delay; however, considering optimal communication the total computation cost is measured
in (8).

E£—communication (TrqnsmissionRate,) = 6,(T, * TransmissionRate,)? + EL, x = 1to N(8)

In (8), the parameter &, is measured in (9):

O

[l>

2
(Rgain)‘1*<7<‘1* 226) x=1toN )

where parameter X defines the maximum segmentation level considering noisy coding gain Rygi,. Thus,
considering the transfer delay is measured in (10):

TransmissionDelay(x) = ¥5_, prsxy / TransmissionRate, (10)

Using (10), the TransmissionDelay (x), the communication cost can be finally established in (11).

SUMC—communication (x) 4 E)E—communication (TransmissionRatex) *

( Z, prsxy/TransmissionRatex) (11)

3.3. Energy and cost-aware workload scheduler model

This section introduces a novel ECAWS employing multi-objective optimization. The computation
cost in (5), reconfiguration cost in (6), and communication cost in (11) are optimized through the below
minimization function C defined in (12).

C= min[SUMC—computation (x) + SUMC—reconfiguration (freql; frqu) +
SUMC—communication (x)] (12)

The € denotes the multi-objective optimization parameter; the overall cost of the computation in a
heterogenous cloud platform through the usage of a machine learning model [28], [29] adopting deep
learning evolutionary optimization model [30], [31] namely the enhanced DRL model [27] for efficient
scheduling of workload tasks and achieving better performance and reducing cost as shown in the result
section.

4. RESULT AND ANALYSIS

The proposed ECAWS was tested using the Inspiral scenario to assess its performance regarding
makespan, energy consumption, and cost. The ECAWS algorithm was evaluated against two other models:
the energy-minimized scheduling (EMS) [11] and the multi-objective DRL-based workload scheduler
(MODRLWS) [27]. The evaluation involved four tasks from the Inspiral dataset, including Inspiral 30 and
Inspiral 100. All experiments were conducted on a system equipped with an Intel® core i7 processor, 16 GB
of RAM, and running Windows 10 (64-bit). The cloudsim platform was utilized to simulate and assess the
performance of the proposed ECAWS model alongside the state-of-the-art scheduling algorithms.

4.1. Makespan performance

Figures 3 and 4 illustrate the makespan for Inspiral 30 and Inspiral 100, respectively. The results
reveal that the EMS model resulted in a longer makespan compared to the MODRLWS model. The ECAWS
model demonstrated a substantial reduction in makespan—42.12% for Inspiral 30 and 61.44% for Inspiral
100—when compared to MODRLWS. The overall makespan of execution is reduced employing (5) and later
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the parameter is optimized using an enhanced DRL model contributing to a significant reduction of
makespan using ECAWS in comparison with EMS and MODRLWS. This reduction is attributed to the
enhanced optimization provided by the DRL model used in ECAWS.

Makespan (seconds)

4.2. Energy consumption performance

are attributed to the efficient optimization techniques employed in ECAWS.
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Figure 4. Makespan for inspiral 100

Figures 5 and 6 display the energy consumption for Inspiral 30 and Inspiral 100. The EMS model
showed higher energy consumption than both MODRLWS and ECAWS. Although MODRLWS consumed
less energy than EMS, the ECAWS model achieved a reduction of 3.8% for Inspiral 30 and 3.15% for
Inspiral 100 in energy consumption compared to MODRLWS. The overall energy of execution is reduced by
employing (6) and later the parameter is optimized using an enhanced DRL model contributing to a
significant reduction of energy using ECAWS in comparison with EMS and MODRLWS. The improvements
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Figure 6. Energy consumption for inspiral 100
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Figures 7 and 8 depict the computation costs for Inspiral 30 and Inspiral 100. The results indicate
that the proposed ECAWS model offers a significant cost advantage over existing models. Specifically,
ECAWS reduced computation costs by 64.95% and 70.66% compared to MODRLWS for Inspiral workloads
of sizes 30 and 100, respectively. The overall cost of execution is reduced by employing (10) and later the
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parameter is optimized using an enhanced DRL model contributing to a significant reduction of cost using
ECAWS in comparison with EMS and MODRLWS. This cost reduction is a result of the effective
optimization strategies incorporated into ECAWS.
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Figure 7. Computation cost for inspiral 30 Figure 8. Computation cost for inspiral 100

5. CONCLUSION

In summary, the ECAWS model shows superior performance in reducing makespan, energy
consumption, and cost compared to EMS and MODRLWS. EMS, while focusing on energy and cost
reduction, did not effectively address makespan reduction. The MODRLWS model provided improvements
but fell short in overall cost reduction across different workload sizes. The ECAWS model successfully
tackles these issues, offering better overall performance in makespan, energy, and cost reduction. Looking
ahead, this research can be extended to other scientific workloads such as Montage and Sipht. Since parallel
scientific workloads, which are typically represented as DAGs, involve significant data exchanges and are
executed across distributed clusters, optimizing communication and computation remains a key area for
future exploration. The ECAWS model, tailored for loT-generated parallel scientific workloads in
heterogeneous cloud platforms, has demonstrated its effectiveness through the Inspiral workload,
highlighting its potential for broader applications.
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