This article has been accepted for publication in IEEE Transactions on Services Computing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TSC.2026.3734089

WORKLOADAWARE: A Resource Allocation and
Consolidation Technique for Heterogeneous Clouds
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Abstract—Datacenters are the core of cloud computing services that consume a significant amount of energy and negatively affect our
environment. These problems can be solved using efficient resource management techniques, such as resource allocation and consolidation
methods. This paper models the resource allocation problem as a bin-packing NP-hard problem and proposes a workload-aware resource
allocation and consolidation method that accounts for the heterogeneity of resources and applications. Using plausible assumptions and
real datasets from Google cluster traces, we investigated the impact of workload-aware scheduling and migration methods on infrastructure
energy efficiency and workload performance. We found that our suggested method can provide around 5.25% energy savings and 8.17%
workload performance gains on 12,583 heterogeneous servers and over three million tasks across three distinct applications. Moreover, a
workload-aware migration technique can lower energy consumption (6.42% — 18.3%) and increase performance (7.8% — 25.03%,) for specific
applications, despite the fact that we found an existing trade-off between energy consumption and performance. Additionally, we observed that
workload awareness may significantly lower the overall number of migrations (5.47% — 37.58%), which has no adverse effect on application

performance.

Index Terms—Resource allocation, workload-aware algorithms, VM migration, energy consumption, performance.

1 INTRODUCTION

Datacenters are the core of cloud computing that provide various
services related to Infrastructure as a Service (IaaS), Platform as a
Service (PaaS), and Software as a Service (SaaS) to users. According
to estimates, datacenters will consume around 4.5% of the world’s
power consumption by 2025, which is equal to over 1,000 TWh, or
almost 1 trillion tons of coal. Moreover, in the worst-case scenario,
they are projected to use around 7,933 TWh by 2030 [1]. Due
to their huge energy consumption, they also affect our environ-
ment in terms of carbon emissions. Furthermore, cloud services
suffer from various types of workloads based on computational
resource demands, i.e., compute-intensive, data-intensive, storage-
intensive, batch processing, and machine learning workloads. Due
to the heterogeneous nature of resources, similar workloads may
run quite differently on different hardware or virtual machines
(VMs). Subsequently, resources may be left unused or underuti-
lized, consuming significant energy. Furthermore, the performance
of workloads can also be affected by different resources, leading to
increased runtimes and, therefore, users’ costs. Such problems are
usually solved with appropriate resource allocation and manage-
ment techniques. Effective resource management in cloud systems
requires an understanding of workloads and their requirements.
This can lead to reduced costs, improved performance, and en-
ergy efficiency by customizing resource allocation, scalability, and
performance methods to resource demands of workloads [?2].

In the literature, various resource management techniques are
used to minimize the energy consumption of datacenters in three
different ways: (i) centralized; (ii) hierarchical; and (iii) decentral-

e M. Zakarya is with the Faculty of Computing and Information Technology,
Sohar University, Sultanate of Oman and with the College of Computing
and Intelligent Systems, University of Khorfakkan, UAE. A.A. Khan is with
the Department of Computer Science, University of Lakki Marwat, Pakistan.
L. Gillam is with the Department of Computer Science, University of Surrey,
UK. O. Rana is with the School of Computer Science and Informatics, Cardiff
University, UK. R. Buyya is with the University of Melbourne, Australia.
E-mail(s): MZakarya@su.edu.om, muhammad.zakarya@ukf.ac.ae,
ayazkhan@ulm.edu.pk, 1.gillam@surrey.ac.uk,
ranaof@cardiff.ac.uk, rouyya@unimelb.edu.au

*Corresponding authors: M. Zakarya

ized. In centralized approaches, all resources in the datacenter are
managed by a single scheduler. Centralized resource allocation
methods have significant latencies, scalability problems, and a
single point of failure. When dealing with large cluster sizes
and VMs, centralized techniques might become a bottleneck in
appropriate resource management. A hierarchical technique is
used in situations where a global scheduler communicates with
several local schedulers that are distributed across multiple levels,
with each level managing a subset of resources. In this setup, the
global scheduler can become a single point of failure and has
scalability problems. To overcome these problems, decentralized
approaches are used, where decision-making is spread across
multiple independent nodes that work collaboratively without a
central authority. Furthermore, the entire cluster of resources is
divided into small sub-clusters so that each cluster has its own
local scheduler and there is no global scheduler. By dividing
resource management and decision-making into several nodes,
a decentralized method may alleviate the concerns related to
hierarchical and centralized methods [3].

In previous works, resource allocation is assumed to be a bin-
packing problem and solved using heuristic methods. Approaches
like First Fit (FF), Best Fit (BF), First Come First Serve (FCFS),
Worst Fit (WF), and FillUp (and many more) have been modified
to account for various objectives of the allocation problem [3]]. Cur-
rent resource allocation and migration approaches do not consider
workloads and their types (requirements) in resource management
decisions with the notable exception of approaches discussed in
Sec. @ Furthermore, various workload prediction techniques have
been suggested [4], [5]], [6], [7]; however, they are sensitive to
prediction accuracy, necessitating more sophisticated models, and
they have trouble identifying the best placement options. These
approaches usually use general strategies that do not adjust to
the changing needs of various workloads, which results in less-
than-ideal use of resources. Allocating resources without taking
into account the workload’s characteristics — such as whether it
is compute-intensive, memory-heavy, or latency-sensitive — may
lead to wasteful energy use, decreased performance, or higher
operating expenses. Therefore, it is crucial to correctly identify
and categorize workloads based on their requirements and his-
torical usage. This makes it possible for the system to adjust its
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migration and allocation plans to suit the particular requirements
of every task, leading to a more equitable trade-off between cost-
effectiveness, system performance, and energy efficiency [8], [9].
In this paper, we propose a resource allocation technique that
accounts for workloads and the heterogeneity of resources in
placement decisions. The proposed method is scalable and is
implemented in a centralized manner, and it can easily be modified
for decentralized systems. The following are the major contribu-
tions of our work:

« a workload-aware resource allocation policy that accounts
for the heterogeneity of resources;

o a machine learning approach to predict future workloads
that enables proactive allocation and migration decisions;

e a proactive workload-aware migration policy to improve
performance of the workloads; and

o a framework to integrate workload clustering, classifica-
tion, and prediction in resource allocation policies.

Our approach considers workload classification, workload pre-
diction, and workload-aware allocation/migration algorithms in
a heterogeneous datacenter. We present: (i) workload-aware mi-
gration policies, (ii) a composite metric N7 to capture energy-
performance-migration trade-offs, and (iii) validation on a large-
scale heterogeneous datacenter with different CPU architectures,
workloads, and AWS-like VM types, in contrast to previous works
that study prediction or migration in isolation. The rest of the pa-
per is structured as follows. Sec.[2]is where we model the problem.
Sec.|3|is where we talk about the suggested method for allocating
VMs. Experimental setup and evaluation metrics are explained
in Sec. E} Using actual workload traces from Google clusters in
Sec. |5, we evaluate the suggested approach. The relevant work is
summarized in Sec. [f] Finally, the paper’s conclusions and a list of
potential future study areas are provided in Sec. [/}

2 PROBLEM DEFINITION

The main objective of the resource allocation process is to accom-
modate applications (VMs) onto a minimum number of servers to
reduce energy consumption (as shown in Fig. [I). Since servers
are bins and VMs are things, this optimization challenge may
be thought of as a bin-packing problem [2]. VM consolidation
and allocation may be thought of as NP-hard bin-packing issues
(Appendix A). Since there are no ideal solutions for NP-hard
problems, many heuristic techniques, including worst fit and first
fit, are seen to be appropriate [10]. While ensuring that the allotted
VMs do not consume more resources than the hosts can supply,
the goal is to minimize the number of physical hosts required.
Resources like CPU, memory, storage, and network bandwidth are
often considered. Table [I| provides a brief description of various
mathematical notations used in our problem formulation.
Suppose we have n real hosts and m VMs. Binary decision vari-
ables can be used to indicate if a VM is linked to a certain physical
host. Let’s say that z;; is a binary variable that satisfies Eq.

if VM i is allocated to server j

1
ij = 1
i {O otherwise @)

A given host’s capacity cannot be exceeded by the total resource
use of the allocated VMs. Three resources are taken into consid-
eration in this paper: CPU, memory (M), and I/O. The capacity
limitations for each physical host, represented by j, and VM,
represented by i, are described by the following Eq.

> @y CPU; <CPU;, Vje{l,...,n},
injMiSMJ’, vje{l,...,n}, )

ZZCZ]IOZSIO], V]E{l,,n}

2
TABLE 1: List of notations with brief description
Notation Description
w Set of workloads
Wepu, WyeM CPU, memory workloads
Wro 1/0 workload
1% Set of VMs
H Set of hosts
C; Capacity of host ¢
U; Utilization of host ¢
M, Memory demand of VM v
Cy CPU demand of VM v
ok 1/0O demand of VM v
Sij Ranking score of host j for VM ¢
Yj Host-active variable; y; = 1 if host j is active
T4 VM-host map; x;; = 1 if VM 7 mapped to host j
mig Migration time
Mg Migrated VM memory
'mig Migration cost
Chet Network cost
Ccomp Computational cost
E Total energy consumption
P Performance metric
FEyase, Ewa Energy (baseline, WA)
Pyase, Pwa Performance (baseline, WA)
AE, AP Energy /performance gain
A Prediction accuracy
m Mean value
Ey Efficiency factor for each host
WResource Workload specific parameter
o? Variance

where the corresponding resource needs of V. M; are represented
by CPU;, Memory;, and 10;. Additionally, each VM must be
allocated to exactly one physical host. This may be expressed
formally in Eq.[3|as follows:

> aij=1 foralli (3)
J

Eq.[2|can be written in a vectorized form as:
Zwij d; < Cj;, Vy, 4)

where di = (CPUZ,MZ,IOZ) and Cj = (CPUJ‘,M]',IOJ'). Addl—
tional limitations can also be imposed to guarantee compatibility
if some VMs have particular needs or dependencies that must be
met by compatible hosts (specific allocations). For example, in our
proposed method (Sec. [B), workloads are assigned to hosts based
on workload type and ranking score. To explicitly denote whether
a host is active, we use a binary host-activation parameter y;,
where y; = 1 if host j is used to accommodate at least one VM and
y; = 0 otherwise. The VM-host allocation parameter z;; (Eq.
denotes whether VM ¢ is allocated to host j. The relationship
between VM allocation and host activation parameters is enforced
using Eq.

Tij < Yj, Vi, j. @)

Thus, a VM can only be allocated to an active host. The main
objective of our allocation problem is to minimize the number of
active hosts; thus, the optimization objective is formulated as in

Eq.[6} .
min Z Yj- (6)

This formulation captures the bin-packing objective as described
above, where hosts denote bins and VMs denote the items to be
packed. The capacity constraints (Eq.[2) and the assignment con-
straint (Eq. , together with Eq.[5} ensure that each VM is mapped
to exactly one active host without exceeding the available CPU,
memory, or I/O capacity. The Workload Aware approach (Sec.
is used as a heuristic to get an efficient solution to this NP-hard
optimization problem. In particular, S;; denotes the workload-
aware ranking score of host j for VM i (Eq. @ Rather than treating
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Si; as a host-activate parameter, Workload Aware uses S;; to rank
feasible active/candidate hosts and chooses the host with the
highest score while ensuring the capacity constraints. Therefore,
y; denotes host activation in our formulation, whereas x;; denotes
VM assignment and S;; denotes the host-selection score.

Energy efficiency may be increased by minimizing the number
of hosts or optimizing the usage of physical resources by charac-
terizing VM allocation as a bin-packing problem and using appro-
priate algorithms. We used XGBoost to predict resource demands
and a rule-based model to cluster and categorize workloads, classi-
fying tasks into CPU-intensive, memory-intensive, I/O-intensive,
and mixed categories. Because of its great accuracy and resilience
to heterogeneous cloud traces, this model was chosen. We next
employ our workload-aware allocation and migration methods
with the categorized workload types as inputs. To estimate fu-
ture workload demands, besides XGBoost, we also used other
regression-based predictors, such as Artificial Neural Networks
(ANNS), Support Vector Regression (SVR), and Linear Regression
(LR) - as described in Sec.

3 THE PROPOSED WORK
3.1 VM Allocation

The proposed workload-aware resource allocation method is illus-
trated in Alg. [l We make the assumption that the workloads are
either CPU-intensive, memory-intensive, or I/O-intensive. We use
machine learning-based methods to categorize incoming work-
loads into one of these three types. In addition, we assume that
each host is profiled according to its use history and available
resources to determine the kinds of workloads it can manage
most effectively. Optimizing usage to increase energy efficiency,
minimizing resource fragmentation (from job termination), and
ensuring workload performance are the objectives of the method
[11]. Based on its needs, we assign each VM to one of the three
workload categories. Based on the type of workload and current
VM resource use, each host determines a ranking score. Higher
ratings will go to hosts with greater resources available that are
pertinent to the type of workload of the VM. The algorithm assigns
the VM to the first host with sufficient resources and a high-
ranking score. The ranking score is computed for each type of
workload based on demand and available resources on a particular
host using Eq.

host AResource
Si — WResource (OSAR> (7)

hOStTResource

where host ARresource and hostT resource Tefer to available and total
resources in terms of CPU, memory, and I/O that denote three
different types of workloads. Furthermore, wresource denotes a
workload-specific parameter for each resource type. wresource iS
not a single number, but rather a set of resource-specific weights.

S = WY (m> LM (M) N

hostr_cpu hostT_m

10 (hostA_zo )

w nostaro

hostr_ro
Here, w "V M, 'O represent workload-specific weights for CPU,
memory, and I/O resources, respectively. For example, a CPU-
intensive workload has w™¥ = 1 and the others set close to
zero, ensuring that the scoring function reflects the workload’s
dominant resource demand. Furthermore, w*V, wM, w'© > 0 and
WY+ oM 4 W1 = 1. These parameters encode workload-specific
emphasis: CPU-intensive workloads have WY~ 1, memory-
intensive workloads have w™ = 1, and so on. Eq. is not restricted

to binary weights and can be extended to gradient or proportional
values (e.g., wY=0.6, WM=0.4) to represent mixed workloads. We

()

3

use the min-max normalization technique (Eq. E]) to normalize the
scores in the range [0, 1] for easy comparison [2].

S;\orm _ S — Smin

Smax -

Smin (9)

For the FillUp approach, we compute an efficiency factor E; for
each host and then make sure that efficient hosts are allocated
first [2]], [12]. The E; simply relates to the total energy use and/or
performance of a virtualized host; and is computed with Eq.

Esource X Psource
Ej = —2ource 7 - source
Eta’r‘get X PtaTget

(10)

To migrate VMs using the FillUp+WA approach, we use E; of
each host to identify whether the target host is more or less energy
efficient than the source host. We prefer migrating to target hosts
that are either more energy efficient than the source or, at least,
have the same energy efficiency as the source host. The algorithm
sorts hosts by descending order of the ranking score S; and Ey
for the given workload type. If S; >= T, E;‘"get >= Ejouee,
and the host has sufficient resources to accommodate the VM, the
host is selected for placement. In case there is no host that meets
the placement criterion, we apply a backfilling algorithm without
the workload-specific ranking score. Further details on how the
energy consumption and performance of each host, VM, and/or
workload are computed (statistically modeled) are given in [13],
[2], [14].

From an implementation point of view, the above workload-aware
algorithm was integrated into FCFS, FF, and FillUp approaches,
leading to FCFS+WA, FF+WA, and FillUp+WA, respectively. While
the current implementation of the WorkloadAware framework
processes VMs in batches for evaluation purposes, the underlying
algorithms are naturally compatible with online scheduling. In
an online scenario, VMs arriving continuously can be classified
and assigned to hosts in real time using the same workload-
aware ranking and resource-efficiency criteria. The ranking score
computation and allocation steps can be executed incrementally
for each incoming VM, while the migration policy can run pe-
riodically to rebalance workloads across hosts. This ensures that
WorkloadAware can maintain performance and energy efficiency
in dynamic environments, supporting real-time decision-making
without relying on a static workload set.

Alg. [1| takes a threshold 7', a host list H, and a VM list V' (Line
1). For each VM, it predicts the resource usage vector d, (CPU,
memory, I/0) using regression models (ANN, XGBoost, LR, SVR)
or recent usage if no history exists (Line 3), and classifies the VM
into a workload type (CPU, MEM, 1/0) via a rule-based classifier
(Line 5-6). The algorithm computes a workload-aware score S;
for all hosts (Line 8), sorts hosts by S; and breaks ties using
energy efficiency Ey (Line 10-11). For each VM, it iterates over
hosts to allocate the VM if S; > T and sulfficient capacity exists;
otherwise, the VM is added to a queue Q for later scheduling
(Lines 16-20). Finally, all queued VMs are scheduled (Line 22),
producing the allocated VM list. This ensures dynamic, workload-
aware allocation while supporting deferred placement.

3.2 VM Migration

The proposed VM migration policy is illustrated in Alg. @ This
algorithm migrates VMs from overloaded and underloaded hosts
so that similar workloads are not placed on the same host. The
migration algorithm runs every five minutes to optimize the
datacenter. While a longer interval might postpone essential load
balancing, a shorter interval raises migration frequency, resulting
in higher communication and performance overhead. The five-
minute duration is in line with earlier VM consolidation studies
(e.g., [15], [2]), which often used intervals of three to ten minutes.
Furthermore, in our initial analysis, we found that cutting the
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Fig. 1: Workload-aware VM allocation and consolidation framework

Algorithm 1: Workload-Aware Allocation Algorithm

Algorithm 2: Workload-Aware Migration Algorithm

Input: T < Threshold, H < Host list, V/<: VM lis/t\

1 Predict resource demand vector d, = (CPU,, 1\A/Iv7 10,)
using ANN/XGBoost/LR/SVR (or use recent observed
usage if no history) ;

2 type, classifyvm(&v) ;

3 Estimate score (S;) of all hosts € H (Eq.[7) ;

4 Sort hosts H in decreasing order of their scores S; ;

5 Break ties by higher E ;

6 foreach VM € V do

7 | Classify VM type € {CPU, MEM, 1/0} ;
8 for each host € H do
9 Compute S; for VM ;

10 if S; > T & host has enough capacity to accommodate

the VM then

1 | allocate host ;

12 else

13 pick thenext VM € V' ;

14 add VM to queue Q ;

15 end if

16 end for

17 Schedule all VMs € Q ;

18 end for

Output: Allocate VMs

period to less than five minutes led to a considerable increase of
migrations but only slight performance improvements. We prefer
migrating smaller VMs first, as they are easier to migrate (less
migration time) and pack well without causing further imbalances.
Previous works have shown that similar workloads often compete
for the same resources; therefore, the performance of the work-
loads is affected due to co-location [16]. To ensure workload per-
formance, we introduce two constraints: (i) using strict constraints,
a host will not run VMs with similar workloads; and (ii) in relaxed
constraints, a host is allowed to run a specified number of VMs
with similar workloads. This is due to the fact that the same work-
loads compete for similar resources and can degrade workload
performance [2]. Note that hosts with remaining capacity R(h)
below a predefined threshold 7j,. are considered overloaded,
while hosts with remaining capacity R(h) higher than a predefined
threshold Thign are considered underutilized. Moreover, to ensure
energy efficiency, we do not migrate VMs to hosts that are less
energy efficient than the source hosts [2].

From an implementation point of view, the above workload-aware
migration algorithm was used as: (i) WAMS - workload aware
migration (strict); and (ii)) WAMR - workload aware migration

Input: H < Host list, V' <— VM list

R(h) < Remaining capacity of host h € H ;

W (h) < Workload types on host h € H ;

U(v) < Resource usage of VM v € V ;

W (v) <— Workload type of VM v € V;

H(v) < Current host of VM v € V ;

Tiow, Thigh < Thresholds for overload and underload ;
Hoverloaded — {h €H ‘ R(h) < ﬂow} ;

8 Hunderloaded — {h €H ‘ R(h) > Thigh} ;

9 Sort H in decreasing order of their efficiency Fy ;
10 for h; € Hovertoaded 07 Hyndertoaded do

1 V(hi) <~ {veV | H(v) = hi};

12 Sort V (h;) by U(v) in ascending order ;

13 forv € V(h;) do

N U R WN R

14 migrated < false ;

15 for hy, € H\ {h;} do

16 if B9 >= B3 and R(hi) > U(v) and
W (v) ¢ W (hs) (strict) or |[W (hi) U{W (v)}| < k
(relaxed) then

17 Migrate v from h; to hy ;

18 Update hosts accordingly ;

19 migrated <« true ;

20 break ;

21 end if

22 end for

23 if migrated then

24 ‘ break ;

25 end if

26 end for

27 end for

(relaxed). In the former approach, a host is not allowed to run
VMs with the same workloads; while in the latter approach, we
assume that only two VMs (on a particular host) are allowed to
run the same workloads. This methodology assures performance
efficiency because the same workloads often compete for the same
resources that have negative impacts on the workload perfor-
mance. Migrations are also expensive from an energy consumption
point of view due to the fact that for the duration of the migration
there are two VMs running — one on the source and another on
the target host. Further details on migration energy consumption
and how the performance of hosts and workloads are affected with
co-location or resource contention due to migrations are elaborated
in [13], [17], [18].
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Alg. E] takes a host list H and VM list V' (Line 1). For each host,
remaining capacity R(h) and current workload types W (h) are
initialized, while for each VM, resource usage U (v), workload type
W (v), and current host H(v) are recorded (Lines 2-6). Thresholds
Tiow and Thig classify hosts as overloaded or underloaded (Lines
7-9). Hosts are sorted by energy efficiency E; (Line 10) [13].
For each host in the overloaded or underloaded sets, VMs on
the host are collected and sorted by usage (Lines 11-13). Each
VM is migrated to a target host if it satisfies capacity, efficiency,
and workload-type constraints (Lines 14-22), updating host states
accordingly. This ensures workload-aware migration, balancing
load, improving energy efficiency, and avoiding co-location of sim-
ilar workloads. The condition “If migrated then break” is meant to
restrict the amount of migrations per host in each execution cycle.
The process runs periodically; this prevents excessive migration
overhead. Multiple VMs can migrate from the same host in a single
cycle if a more aggressive approach is preferred by omitting the
final break line. VM migrations are expensive and migrating many
VMs per cycle could produce thrashing and network congestion,
particularly, with 12,583 hosts and millions of VMs [2].

3.3 Workload Prediction

For workload-aware resource management, it is essential to
predict current and future resource demands and understand
their workload characteristics in order to assign VMs to energy-
and performance-efficient hosts. Our method presents a hybrid
predictive pipeline that specifically takes host architecture and
VM heterogeneity into consideration, whereas previous research
frequently relies on static workload classification or reactive
allocation. The proposed workload prediction and classification
process uses a single, sequential pipeline that comprises four
stages: (i) extract resource-utilization features from workload
traces; (ii) predict future CPU, memory, and I/O resource demand
using regression models; (iii) convert the predicted resource
demands into interpretable workload classes using a rule-based
classifier; and (iv) use the workload class and predicted resource
demands for workload-aware VM placement and migrations.
The pipeline considers CPU, memory, and I/O utilization and
is designed to account for VM and resource heterogeneities in
cloud datacenters. Our innovation is their incorporation into a
workload-aware allocation framework, which eliminates needless
migrations and enhances the energy-performance trade-off in
heterogeneous cloud datacenters, in contrast to previous work
that handles prediction or classification independently [19].

In stage one, the input contains resource utilization values of
each workload/VM, specifically CPU, memory, and I/O (disk)
utilization obtained from the Google Cluster traces [2]. These
values are used as the input features for the prediction models.
In stage two, the learning models predict the resource demand
values, ie. future CPU, memory, and I/O utilization. Four
regression models are evaluated for this purpose: (i) Linear
Regression (LR); (ii) Support Vector Regression (SVR); (iii)
Artificial Neural Network (ANN); and (iv) XGBoost. These
models are resource demand predictors and are not workload
classifiers in the proposed pipeline. Their output is a three-
dimensional predicted resource demand vector denoted by
r = (@, @, I/C\)) In stage three, the predicted resource
demand vector is passed to a deterministic rule-based classifier
[20]. The classifier assigns each workload to one of four workload
classes: (i) CPU-intensive; (ii) memory-intensive; (iii) I/O-
intensive; or (iv) mixed. The learning models and the rule-based
classifier have different roles: LR, SVR, ANN, and XGBoost
predict continuous resource demand values, whereas the rule-
based classifier converts these values into a categorical workload
type. In stage four, the predicted workload and workload
class are used for VM placement and migration. The workload

classification rule is defined as:

CPU, if cpu > 70, mem < 50, disk < 20

classify, = Memory, if mem > 70, cpu < 50, disk < 20

v 1/0, if disk > 50, cpu < 50, mem < 70
Mixed, otherwise.

Prior studies on workload-aware scheduling and VM placement
(e.g., [21], [2]) have used comparable cutoff values (usually
60-80%) to identify jobs that require a lot of resources. As a
fair compromise between conservatism and aggression, we choose
70%. The lower thresholds for the non-dominant resources prevent
a workload from being classified as CPU-, memory-, or I/O-
intensive when substantial demand is simultaneously present in
another resource dimension. Consequently, workloads that do not
satisfy any of the dominant-resource conditions are categorized
as mixed. The resulting workload class is subsequently provided
to the WorkloadAware approach, where it is used together with
host availability and the ranking mechanism to make placement
or migration decisions. Note that in this prediction stage, XGBoost
is used as a regression model; it is not used as a Random Forest
classifier. Similarly, LR, SVR, and ANN are evaluated as alternative
resource demand prediction models rather than as independent
workload-type classifiers. ANN achieved the best prediction per-
formance among the evaluated models, as reported in Sec.[6} and is
therefore used as the preferred prediction model in the subsequent
workload-aware resource management experiments [22], [23].
The models are trained using resource utilization data extracted
from the Google Cluster traces. The dataset is divided into sepa-
rate training and testing subsets, with the training portion (80%)
used to learn the model parameters and the remaining testing
portion (20%) used for evaluation. The same input features and
prediction targets are used for all four regression models to ensure
a fair comparison. Specifically, the input features comprise CPU,
memory, and I/O utilization observations, while the prediction
targets are the corresponding CPU, memory, and 1/O resource
demand values. The trained models are then evaluated using
the same testing data, and the resulting predictions are passed
through the identical rule-based classifier. In our experiments, LR
was used with its default linear-regression configuration, while
SVR used an RBF kernel with C' = 1.0, ¢ = 0.1, and v = scale.
The ANN employed two hidden and three dense layers (64, 32,
and 16 neurons), ReLU activation, the Adam optimizer, a learning
rate of 0.001, a batch size of 128, and up to 50 epochs with
early stopping. XGBoost was configured with 200 estimators, a
maximum depth of 6, a learning rate of 0.05, and subsampling and
column-subsampling rates of 0.8. The dataset was divided into
80% training and 20% testing subsets chronologically. The work-
load classification thresholds were fixed according to the above
rule and were applied identically to the predictions provided by
each regression model. In the Google dataﬁ the usage of resources
is recorded at 5-minute intervals. In our experiments, we replay
the Google traces where the resource usage information is known.
For unknown/future workloads, the trained prediction model
estimates the CPU, memory, and I/O demands, after which they
are classified using the same deterministic workload classification
rules. This unified procedure is used to support workload-aware
VM placement and migration [22], [23]. We report the outcomes in
Sec.[d

3.4 Time Complexity

For Alg.[1} predicting workload and classifying VM types requires
iterating over all V' VMs, resulting in a complexity of O(V'). Next,
estimating scores for all hosts requires iterating over H hosts, and

1. https:/ / github.com/google/cluster-data
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sorting them based on scores and efficiency takes O(H log H).
The allocation step involves iterating over all VV VMs and, for
each VM, iterating over all H hosts, leading to a complexity of
O(VH). If a VM cannot be allocated, it is added to a queue,
and a backfilling process attempts to reallocate unassigned VMs,
contributing another O(V H). Summing these complexities, the
overall worst-case complexity is given by O(V H + H log H). Since
O(V H) dominates in large-scale scenarios, the final computational
complexity can be approximated as O(V H).

In Alg. |2} identifying overloaded and underloaded hosts requires
iterating over all H hosts, leading to a complexity of O(H). Sorting
the hosts based on efficiency incurs an additional complexity of
O(H log H). For each host h; in the overloaded or underloaded
sets, retrieving the set of VMs requires iterating over all V' VM,
contributing O(V). Sorting these VMs by resource usage results
in an additional O(V logV’). Next, for each VM, the algorithm
attempts to find a new host by iterating over all potential hosts,
leading to a worst-case complexity of O(H). In the worst case,
all VMs are checked against all hosts, leading to a complex-
ity of O(V H?). Summing these steps, the overall complexity is
O(H)+O(H1log H)+O(V)+0O(V log V)+O(V H?). Since O(V H?)
dominates in large-scale scenarios, the final worst-case complexity
can be approximated as O(V H?).

The resulting time complexity of O(V H?) is a worst-case bound,
which should be noted. The search space is greatly reduced in
practice by the suggested algorithms: (i) only candidate hosts
above the threshold 7' are taken into consideration during the
allocation phase; (ii) migration only affects overloaded and un-
derloaded hosts instead of all hosts; and (iii) unallocated VMs
are bounded in the backfill queue. Our simulations with 12,583
heterogeneous hosts demonstrate that the effective runtime is
significantly closer to linear in V H. Furthermore, we observed
an approximately linear growth for evaluated system sizes as
discussed in Sec. Furthermore, our method’s computational
overhead pales in comparison to workload execution durations.
For instance, scheduling choices only took a couple of seconds
every interval (5 minutes), even under heavy Google workloads,
but job execution takes minutes to hours. This guarantees that
the goal of enhancing workload performance is maintained: our
approach delivers up to 8.17% performance improvement while
retaining scalable decision-making overhead by avoiding resource
contention through workload-aware placement.

4 PERFORMANCE EVALUATION

In our simulated datacenter, 12,583 heterogeneous computers are
evenly distributed, having five distinct CPU architectures. Table
illustrates how the CPU design reflects heterogeneity in terms
of performance and energy usage. Additionally, we built three
distinct scheduling policies: FCFS, FF (first fit), and FillUp. They
were then expanded with the workload-aware technique to cre-
ate three additional scheduling policies: FCFS+WA, FF+WA, and
FillUp+WA. Assumed to be in place in the datacenter, workload-
aware migrations are activated, and the consolidation strategy
moves VMs when specific servers surpass or fall short of prede-
termined threshold values. To migrate VMs, we use three distinct
assumptions: (i) migrate all; (ii)) WAMS; and (iii) WAMR. Addi-
tionally, as indicated in Table |3} we assume five distinct kinds
of VMs that replicate instances of Amazon Web Services (AWS).
Additionally, we make the assumption that there are three distinct
kinds of workloads or applications, or W1, W2, and W3. Keep in
mind that every workload consists of over a million processes,
each of which has distinct requirements for the resources of the
hosts, including memory, CPU cores, and runtime, among other
things. Furthermore, we assume that all tasks utilize the stochastic
usage model included in the traditional CloudSim simulation tools
[24].
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All of the experiments are conducted using PerficientCloudSim
[13], an expanded version of CloudSim [24]. PerficientCloudSim
facilitates the modeling of resource contention and performance
degradation resulting from co-located VMs on a specific system.
These tasks and their attributes, including run times, arrival times,
schedule times, and priorities, are associated with the Google
cluster dataset [25] and [26]]. By considering every job as a separate
application with a total execution time equal to the workload run-
time, we handle a workload holistically. Furthermore, we assume
that each task’s priority in Google data indicates workload type
because the priority affects billing [2]. We then use real workload
benchmarks from [16] and map both datasets using statistical
methods over their distributions [2]]. This leads us to heterogeneity
of workloads (Google data) and CPU architectures in Table E} The
performance of different scheduling and migration policies is then
compared using the execution time. Each application’s cost is then
determined by its execution time and the kind of VMs used to
perform the workload.

TABLE 2: Various characteristics of simulated servers

CPU Speed | Noof | Noof | Memory | Piaie | Pmac
model | (MHz) | cores | ECUs (GB) (Wh) | (Wh)
E5430 2,830 8 224 16 166 265
E5-2620 2,000 12 24 32 70 300

E5645 2,400 12 28.8 16 63.1 200
E5-2650 2,000 16 32 24 52.9 215
E5-2670 2,600 16 41.6 24 54.1 243

As indicated in Table |2} the datacenter consists of 12,583 hetero-
geneous hosts that correspond to five distinct CPU platforms. The
hosts” idle and maximum power use (Piqie and Pyqz, respectively)
were derived from the SPECpower benchmark:ﬂ The speeds of
the hosts are converted to MIPS to ensure compatibility with
the PerficientCloudSim simulator. Each core of a certain host
corresponds to one vCPU of a single VM instance (Table [3), and
each host can support many VMs. We also assume that each task
runs in a VM instance, with the speed of the VM being precisely
equivalent to each task’s CPU demand, as indicated in Table
We also take into consideration resource contention caused by
co-location, or when identical VMs are deployed on the same
host and compete for the same resources [27], migration costs [2],
resource heterogeneity (in terms of CPU architecture), and so on.
The parameters for resource contention and CPU heterogeneity
for different hosts, as displayed in Table 2} were derived from our
earlier work [2]. The host over/underload thresholds were set to
different values Thigrn, = {0.8,0.7,0.6} and T}0., = {0.05,0.1,0.2}.
According to [3]], each migration reduces the VM performance by
10%. Additionally, each VM migration’s energy expense, E,, is
simulated using the following Eq.

Epm = 0.512 X V Maqra + 20.165 (11)

where the variable V Mgq:, represents both the memory pages
used during the migration process and the total memory allotted
to the VM (measured in MBs) [2].

4.1 Evaluation Metrics

To assess different resource allocation, consolidation, and manage-
ment strategies, we take into account the overall number of mi-
grations, energy consumption (KWh), and task execution time (in
minutes) as performance measures. We employ a composite mea-
sure, represented by Nz, which is calculated using the weighted
sum approach, to present the trade-off between multiple metrics,
including energy consumption, performance, and the number of
migrations. This measure integrates these data in a way that makes

2. https:/ /www.spec.org/power_ssj2008/
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TABLE 3: Amazon’s different instance types and their characteristics

Instance Noof | Noof | Speed | MEMORY | Storage | Reserved price (1 year)
type vCPUs | ECUs | (MHz) (GB) (GB) ($/hour)
MIPS US East - N. Virginia

t2.nano 1 1 1,000 05 1 0.006
tl.micro 1 1 1,000 0.613 1 0.02
m1.small 1 1 1,000 1.7 160 0.044
ml.medium 1 2 2,000 3.75 410 0.087
m3.medium 1 3 3,000 3.75 4 0.067

the trade-off simple to evaluate. Better performance, according to
the combined criterion, is indicated by a lower value for Nr. The
formula is given in Eq.

Ny = Eu X En + Ru X R + My x M, (12)

where the weights are indicated by E., R., and M,, and the
normalized values for energy consumption, performance (mea-
sured in runtimes), and the number of migrations are described
by E., Rn, and M,, respectively. The IaaS can change the weights
to prioritize one goal above others and vice versa. Furthermore,
IaaS providers usually runs under strict SLA requirements, where
performance violations are not acceptable. Therefore, a constraint-
satisfaction formulation would be more suitable to enforce a
maximum allowable performance loss or runtime. For example,
minimize E subject to R < Rmax, Where Ruax denotes the
maximum runtime allowed in SLA. This implementation requires
redesigning the allocation and migration methods to incorporate
feasibility checks and rejection or penalty mechanism, which is
beyond the scope of our current work. To check the model per-
formance in predicting accurate workload types, the accuracy is
calculated using Eq.

TP+ TN
TP+TN+ FP+FN

where true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN) denote all four outcomes from the
confusion matrix. A perfect prediction model would have zero
FP and zero FN and, therefore, an accuracy of 1.0, or 100%. To
compare various prediction approaches, we use other metrics such
as precision (accuracy of positive predictions), recall (ability to find
all positive instances), and F1-score (harmonic mean of precision
and recall).

Accuracy = (13)

5 EXPERIMENTAL RESULTS AND DISCUSSION

The experimental results for various allocation and migration
policies using three different workload types are shown in Table
We employ the weighted sum measure Nt (Eq. to jointly
assess energy, performance, and migration overhead. WA-based
approaches regularly achieve reduced Nt, demonstrating their
balanced trade-off, as shown in Fig.[d] Using the current schedulers
(FCFS, FF, FillUp), we integrate workload-aware policy, leading to
three allocation strategies: FCFS+WA, FF+WA, and FillUp+WA.
The NO, All, WAMS, and WAMR are the four techniques used
to evaluate VM migrations. The findings show that WAMS is
more successful at maintaining performance for longer workloads,
while WAMR performs better for shorter workloads by minimiz-
ing needless migrations counts. In subsequent subsections, we
discuss the obtained outcomes.

5.1

Based on baseline allocation policies, Fig. [2| displays the energy
consumption. Because of its better workload-aware placement, we
find that FillUp+WA uses up to 5.25% less energy than FillUp.
The results show that for certain workloads, migrations may be
expensive both in terms of energy consumption and performance.

Energy Consumption

However, they can be effective if workloads are allocated and mi-
grated appropriately. Furthermore, we also observed that relaxing
the migration criterion for certain applications improves energy
and performance efficiencies. For the W3 workload, the NO mi-
gration approach is 3.83%-6.99% energy efficient and 4.91%—-8.22%
performance efficient than the ALL migration approach for FCFS,
FF, and FillUp approaches. By integrating workload awareness
FCFS+WA, FF+WA, and FillUp+WA, we observed that the ALL
migration approach is 0.87%-1.83% energy efficient and 1.01%-—
2.15% performance efficient than the NO migration approach. The
outcomes are shown in Fig. @ Our investigation suggests that
workload awareness of the resource allocation and consolidation
policies could significantly reduce the total number of migrations
for short-running workloads. Fig. |3 shows the total number of
migrations using various approaches.
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Fig. 3: Total number of migrations when using FillUp and
FillUp+WA instead of FCFS and FF, along with different ap-
proaches to migrations

5.2 Performance and Execution Time

Task execution time is used to gauge performance. The WA-
integrated policies (FCFS+WA, FF+WA, FillUp+WA) produce an
average improvement of 8.17% over their baselines, as indicated
in Table El This demonstrates how avoiding workload interrup-
tion improves task completion in general. For the W1 workload,
workload awareness can reduce energy consumption up to 10.9%,
1.24%, and 0.46% and improve performance up to 16.91%, 2.08%,
and 0.8% for FCFS, FF, and FillUp allocation policies, respectively.
For the W2 workload, these numbers were observed as 0.12%,
0.61%, and 0.15% for energy and 0.15%, 0.74%, and 0.19% for
performance. For the W3 workload, FCFS+WA and FillUp+WA
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were noted to be 2.64%, 0.14% energy efficient and 3.05%, 0.17%
performance efficient compared to FCFS and FillUp approaches.
However, FF+WA produces worse results, i.e., a 4.06% increase in
energy consumption and a 4.76% performance loss. This might be
due to the heterogeneity of resources and workloads, in particular
when workloads are competing for similar resources, as modeled
in the PerficientCloudSim simulator [13f]. Furthermore, we assume
the priority of each task as a representation of the workload type,
which may not be a realistic assumption to classify workloads.
Overall, the effectiveness of the workload-aware policy is related
to the allocation policy’s efficiency — the more efficient is the
allocation strategy, the more effective the workload awareness,
and vice versa. This means that effective allocation policies can
beat migration approaches if resources and workloads are kept in
the placement decisions.

5.3 Energy/performance Tradeoff

We observed a tradeoff between various allocation and migration
policies in achieving energy and performance improvement for
different types of workloads. The tradeoff exists for various work-
loads and is related to the allocation and migration strategies.
Fig. @] describes how the tradeoff is balanced among energy and
performance. For example, when comparing WAMS to WAMR,
we noted that WAMR could offer 0.8%-10.65% and 1.44%—17.69%
improvements in terms of energy and performance, respectively,
for W1 and W2 (short-running workloads). This might be due
to the fact that WAMR increases workload migrations to other
hosts, and there are more chances that the migrated workload
might run on target hosts in a more efficient way (in terms of
energy and performance) than the source hosts. However, for
long-running workload W3, WAMS can be 4.34%-15.05% more
energy efficient and 5.13%-17.28% more performance efficient than
the WAMR (except FCFS+WA). We believe that more accurate
prediction approaches and assumptions about workload types are
essential for better resource management.

5.4 Prediction Accuracy

Table E] demonstrates that ANN generally achieves the highest
final workload classification accuracy (up to 98.7%) and maintains
a good tradeoff between energy consumption and performance
across the three workloads (W1, W2, and W3). This means that the
ANN not only delivers better results in terms of predictive accu-
racy but also does so with an optimal energy-performance balance.
Furthermore, WAMR provides a slightly better performance-to-
energy tradeoff (Nr), showing its effectiveness in handling heavier
workloads while maintaining relatively low energy consumption.
Fig. |5| shows the relative performance of several workload pre-
diction models for various allocation and migration policies when
different workloads are assumed to be running in the datacenter,
with the associated error bars showing the degree of uncertainty.
The “NO” approach means that classification was done before the
experiments from the Google cluster data. We observed that the
“NO” and “ANN" models appear to perform better than “LR” and
“SVR”, despite minor variations between them, particularly when
it comes to accuracy for various workloads. In certain instances,
“NO” and “ANN" exhibit less variance than “LR” and “SVR”,
according to the error bars, which also imply that the variability in
outcomes is quite constant.

Table [5| reports a comparison of various workload prediction
methods using multiple metrics. The ground-truth labels were
obtained from resource-utilization values in Google traces, where
resource utilization values were processed with a rule-based clas-
sifier (Sec. . These rule-derived labels constitute the ground
truth used to evaluate the final workload classification. The out-
comes demonstrate that ANN outperforms LR and SVR under
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both the FillUp+WA and FF+WA strategies. While SVR performs
marginally better with accuracy reaching 0.93 with balanced pre-
cision, recall, and Fl-score of roughly 0.90-0.91, LR consistently
reaches an accuracy of 0.91 with moderate precision, recall, and
Fl-score values (0.88-0.89). With the highest accuracy of 0.987
and almost flawless results in every other parameter (precision
0.985, recall 0.984, and Fl-score 0.984), ANN, however, performs
noticeably better than both. As the most dependable model for pre-
cise and effective workload classification, the similar performance
trends under FF+WA and FillUp+WA show that ANN’s domi-
nance is irrespective of the scheduling policy. Out of LR, SVR, and
ANN, the accuracy of the ANN prediction was as high as 98.7%.
Although, ANN has a slightly higher inference latency (=~ 0.2 ms)
than LR and SVR (= 0.06 — 0.09 ms), but it remains well within the
5-minute scheduling interval and therefore does not impose any
operational overhead. Moreover, LR and SVR are more suitable
for latency-critical scheduling decisions. This demonstrates that
using ML-based predictors for accurate workload predictions and
classification is valid.

5.5 Number of Migrations

Table [ and Fig. B| show that the FCFS, FF, FillUp algorithms
are 3.83%—6.99% less energy and 4.91%-8.22% less performance
efficient than the NO migration approach (W3). This shows VM
migrations are dominant source of overhead in datacenters. Mostly
these migrations are useless and if a single VM is migrated several
times, the performance impact would be more severe leading to
high energy usage. Alg.2]ensures single VM migration per cycle to
avoid performance loss. With reduced number of migrations, the
datacenter utilisation remains high as shown in Table When
migration thresholds are set more aggressively, it increases mi-
gration counts from 1,256 to 4,502. With the single-migration, the
utilization variance remains relatively low (0.018-0.031) showing
datacenter balanced state. This verifies system’s ability to recover
from a severely overloaded state.

5.6 Results Generalization

We conduct a number of tests using various datacenter config-
urations, hosts, presumptions, and workload types in order to
illustrate the workloadAware approach’s suitability in an actual
cloud testbed. A variety of hosts were chosen based on their
attributes and workload types from [12]. To determine whether
or not the generalization of our findings is accurate, we ver-
ified the workloadAware approach. In our previous outcomes,
workloads were categorized based on their runtimes, priority,
and resource usage, which were already known. Here, we used
various machine learning methods to predict the resource usage
of various VMs/tasks and then classify them according to Sec.
The machine learning approaches LR, SVR, and ANN were
implemented using the Keras library with default parametertﬂ
i.e., SVR with RBF kernel, C = 1.0, ¢ = 0.1), v = scale, and
the ANN consists of two hidden and three dense layers (64-32-
16 neurons) with ReLU activation, Adam optimizer (n = 107?),
batch size 128, and 50 training epochs with early stopping. The
experimental results are shown in Table E] and Fig. 5| To ensure
reproducibility, we ran each experiment 10 times using fixed,
independent random seeds; and Table@reports average outcomes
while the bars in Fig. denotes standard deviation. We found some
overlap between FillUp+WA and FF+WA, but overall, our method
FillUp+WA performs better than other approaches. We found
that both approaches are substantially different using the t-test
analysis (95% confidence interval, i.e., p = 0.05), with FillUp+WA
performing considerably better than FF+WA. More migrations

3. https:/ /keras.io/
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TABLE 4: Results of experiments on three distinct workload types in terms of energy consumption (E), performance (P), and total
number of migrations (M) Performance is the inverse of execution time, reported in minutes, and lower numbers are preferable to high
ones. Energy is measured in KWh. The best strategies for balancing the trade-off between different objectives are those with the lowest
values for the Nr measure.

Scheduling | Migration W1 W2 W3
technique approach M E P Nt M E P Nr M E P Nt
NO 0 799.99 | 603.58 | 7.02 0 1569.7 | 1503.94 | 15.37 0 2141.56 | 2172.82 | 21.57
FCFS ALL 5231 | 754.27 | 550.11 | 6.52 | 2391 | 1615.83 | 15579 | 15.87 | 1975 | 2232.68 | 22794 | 22.56
WAMS 1111 | 693.14 | 478.61 | 5.86 | 1643 | 1585.28 | 1522.16 | 15.54 | 1867 | 1824.09 | 1801.49 | 18.13
WAMR 1921 | 636.56 | 412.43 | 5.24 | 1315 1512 1436.45 | 14.74 | 1231 | 1932.89 | 1928.74 | 19.31
NO 0 712.76 | 501.55 | 6.07 0 1567.9 | 1501.77 | 15.35 0 2084.96 | 2106.56 | 20.96
FCFS+WA ALL 2898 | 694.25 | 479.9 | 5.86 | 2133 | 1557.69 | 1489.83 | 15.24 | 1763 | 2066.83 | 2085.35 | 20.76
WAMS 977 | 654.56 | 43348 | 544 | 1642 | 1539.64 | 1468.72 | 15.04 | 1349 | 2057.08 | 2073.94 | 20.66
WAMR 1222 | 626.54 | 400.71 | 5.14 | 1167 | 1508.57 | 1432.38 | 14.7 | 1132 | 2047.64 | 20629 | 20.55
NO 0 704.44 | 491.82 | 598 0 1560.51 | 1493.19 | 15.27 0 1913.48 | 1906.04 | 19.1
FF ALL 4123 | 723.32 | 51391 | 6.19 | 2234 | 1585.44 | 1522.35 | 15.54 | 1856 | 2047.37 | 2062.65 | 20.55
WAMS 998 | 713.77 | 502.74 | 6.08 | 1678 | 1585.3 | 1522.19 | 15.54 | 1444 | 1874.89 | 1860.91 | 18.68
WAMR 1882 | 637.76 | 413.83 | 526 | 954 | 1507.25 | 1430.89 | 14.69 | 841 | 2207.15 | 2249.54 | 22.28
NO 0 695.69 | 481.59 | 5.89 0 1551.07 | 1482.09 | 15.17 0 1991.08 | 1996.75 | 19.94
FF+WA ALL 2199 | 687.41 | 47191 | 5.8 | 2547 | 1565.67 | 1499.16 | 15.32 | 1709 | 2067.31 | 2085.91 | 20.77
WAMS 711 | 690.55 | 47558 | 5.83 | 1348 | 1559.83 | 1492.33 | 15.26 | 1432 | 1996.31 | 2002.87 20
WAMR 906 | 638.28 | 41444 | 526 | 845 | 151991 | 1445.64 | 14.83 | 1011 | 2093.8 | 2116.89 | 21.05
NO 0 662.31 | 44255 | 5.52 0 1517 1442.3 14.8 0 1895.02 | 1884.45 | 189
FillUp ALL 3382 | 636.2 | 412.01 | 524 | 2123 | 1532.48 | 1460.41 | 14.96 | 1822 | 1860.46 | 1844.03 | 18.52
WAMS 602 | 631.23 | 406.19 | 5.19 | 1241 | 1511.26 | 1435.58 | 14.73 | 1089 1830 1808.4 | 18.19
WAMR 1321 | 626.23 | 400.34 | 513 | 856 | 1510.36 | 1434.53 | 14.72 | 867 | 1929.76 | 1925.09 | 19.27
NO 0 659.29 | 439.01 | 5.49 0 1514.76 | 1439.62 | 14.77 0 1892.35 | 1881.27 | 18.87
FillUp+WA ALL 1921 | 657.6 | 437.04 | 5.47 | 2233 | 15259 | 1452.65 | 14.89 | 1602 | 1972.38 | 1974.87 | 19.74
WAMS 709 684.5 468.5 | 5.77 | 1489 | 1526.35 | 1453.17 | 149 | 1023 | 1749.11 | 1713.73 | 17.31
WAMR 1199 | 625.16 | 399.09 | 512 | 888 | 1498.17 | 1420.21 | 1459 | 723 | 1828.41 | 1806.48 | 18.17
TABLE 5: Comparison of ML models using multiple metrics - _ . _
accuracy reports the final workload classification e i
LR C LR
Policy Model | Accuracy| Precision| Recall| F1- Latency = =
score (ms) -
LR 0.91 0.89 0.88 0.88 0.061 o o
FE+WA SVR | 0.93 0.91 090 | 0.91 0.089 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ) ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
ANN | 0.987 0.985 0.984 | 0.984 0.202 = | ‘ ! Er i ‘ ‘ ‘
LR 0.91 0.89 0838 | 0.88 0.058 " Yo e " " e
FillUp+WA| SVR 0.93 091 0.90 091 0.085 . . . .
ANN | 0.987 0.985 0.984 | 0984 0.213 Fig. 5: Overall improvements in Nr and accuracy when using

take place as the number of apps increases, which raises IaaS
energy consumption to 6.85% at a performance loss of about 0.01%.
However, FCFS+WA's runtimes differ for 300 applications, which
results in a poorer average performance. However, utilizing the
t-test analysis, we found significant differences between FF+WA
and FCFS+WA—the lowest values for p (t-critical = 2.374) [2].

The FillUp approach produces marginally better performance
across workloads, especially when combined with prediction mod-
els like ANN and SVR. However, this comes at the cost of high
energy consumption, slightly leading to higher Nr. FillUp+WA,

FCFS+WA instead of FillUp, along with different approaches to
workload prediction — the bars denote standard deviations across
ten multiple runs

on the other hand, exhibits greater energy efficiency and lower
Nr. Even though FillUp+WA performs somewhat worse, it is still
competitive, particularly when using the ANN model, which con-
tinuously produces the best prediction accuracy (up to 98.1% for
FillUp and 97.9% for FillUp+WA). All things considered, FillUp is
better when performance is the top concern, whereas FillUp+WA
is better to balance the tradeoff between energy consumption and
performance.
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TABLE 6: Experimental findings for three distinct workload types and machine learning techniques in terms of energy consumption
(E), performance (P), accuracy, and N7 — methods with the lowest values for the N7 measure are the most effective at balancing the

trade-off between different goals

Scheduling | Migration | Prediction W1 w2 W3 Accuracy
technique approach | approach E p Nt E P Nt E P Nt (%)
No 631.23 | 406.19 | 5.19 | 1511.26 | 143558 | 14.73 1830 1808.4 | 18.19 -
LR 675.65 | 466.98 | 571 | 154241 | 1476.42 | 15.09 | 1901.71 | 1878.22 | 18.9 96.4
WAMS SVR 67132 | 465.1 | 5.68 | 1551.33 | 1482.8 | 15.17 | 1900.2 | 1876.34 | 18.88 97.1
ANN 673.32 | 46421 | 5.69 | 1541.44 | 148091 | 15.11 | 1878.58 | 1862.87 | 18.71 98.7
FillUp
No 626.23 | 400.34 | 513 | 1510.36 | 1434.53 | 14.72 | 1929.76 | 1925.09 | 19.27 -
LR 648.53 | 408.89 | 529 | 1518.6 | 1454.88 | 14.87 | 1936.9 | 1931.03 | 19.34 95.8
WAMR SVR 647.45 | 408.1 | 528 | 1509.34 | 145145 | 14.8 1936.1 | 1930.44 | 19.33 97.3
ANN 644.23 | 408.01 | 526 | 1508.1 14504 | 14.79 | 1931.5 | 1928.87 | 19.3 98.1
No 684.5 468.5 | 5.77 | 1526.35 | 1453.17 | 149 | 1749.11 | 1713.73 | 17.31 -
LR 688.33 | 446.66 | 5.67 | 1534.76 | 1453.87 | 14.94 | 2001.12 | 1990.1 | 19.96 94.6
WAMR SVR 699.88 | 461.9 | 5.81 | 15433 | 1456.7 15 1999.32 | 1989.6 | 19.94 96.8
ANN 691.98 | 459.23 | 5.76 | 1541.66 | 1452.33 | 14.97 | 1989.6 1981.7 | 19.86 98.2
FillUp+WA
No 625.16 | 399.09 | 512 | 1498.17 | 1420.21 | 14.59 | 1828.41 | 1806.48 | 18.17 -
LR 639.56 | 401.89 | 521 | 1511.45 | 1436.67 | 14.74 | 1877.76 | 18524 | 18.65 95.7
WAMS SVR 638.88 | 401.22 | 52 | 1509.6 | 14317 | 14.71 | 1876.01 | 1851.2 | 18.64 96.8
ANN 637.51 | 400.81 | 5.19 | 1501.56 | 1428.36 | 14.65 | 1870.88 | 1849.99 | 18.6 97.9

5.7 Scalability Analysis

The time complexity of O(V H?) is a theoretical worst-case bound
(Sec. 3.4). In reality, the search space is significantly limited by
three mechanisms: (i) only hosts with workloads above thresholds
are searched for allocation; (ii) only overloaded and underloaded
hosts are searched for migration; and (iii) only VMs that were
not allocated during initial placement are added to the backfilling
queue. To test this behavior empirically, we have tested Work-
load Aware approach for scheduling and migration decision times
using different system sizes and workload type W1. The experi-
ments were performed 10 times on a Lenovo workstation running
Ubuntu 22.04 and Java 8.0 with 32GB RAM and 8-core 3.0 GHz
CPU. As shown in Table[7} on average the scheduling decision time
rose from ~0.31s for 1,000 hosts and 5,000 VMs to 2.26s for 12,583
hosts and 50,000 VMs. Migration decision time was found to be
0.1s to 0.97s over the same range, in comparison. The growth we
observed is significantly smaller than the worst case O(V H?), and
is close to linear with the system sizes, which demonstrates that
host allocation and migration methods are successful in limiting
the practical search space. For large configurations, the overhead
for making decisions is still significantly less than that required
for the Google Cluster traces to monitor the workload every five
minutes. This validates that our approach can make scheduling
and migration decisions at practical timescales and achieve a
performance boost of up to 8.17% by workload-aware placement
and less resource contention.

TABLE 7: Scheduling and migration decisions times for the Work-
loadAware approach with different system sizes — workload type
W1

diversity. However, k is a configurable parameter rather than
a universal constant. Depending on the host capacity and the
anticipated per-VM demand, we can actually set k per host (or
per host-class), for example:

b — B - host_TResourcey,
b= E[VM_demandiype]

(14)

where the packing factor 8 € (0, 1] takes contention into consider-
ation. This formulation guarantees that, rather than using a small,
arbitrary constant, very large counts of same-type VMs (such as
100k CPU VMs) are packed in accordance with actual host capabil-
ity. Instead of static k, we can also consider a lightweight runtime
approach that adjusts £ dynamically using real-time resource con-
tention. Periodically, each host h reports its CPU, memory, and I/O
utilizations, as well as performance degradation. These metrics can
be combined into a contention score C'S(h) € [0, 1], which reflects
contention of host resources. The score can be mapped to a co-
location limit k(h), where low contention means a larger number
of similar workloads, while high contention limits co-location.
A dynamic approach would require continuous monitoring of
contention metrics that have significant overhead and make results
platform-dependent. To illustrate the trade-off between energy,
performance, and migration overhead, we present a sensitivity
analysis (Table [8) that sweeps k (and 3). For FillUp+WA+WAMR,
raising k considerably boosts efficiency while lowering migrations.
Poor consolidation is evident when k& = 1, as both workloads
show the maximum energy (760.2 KWh), performance (490.5 min),
and migrations (3421). Energy and performance gradually decline
when k rises to 2 and 4, while migrations drop precipitously
from 3421 to 1587, indicating more consistent VM placement.

After k = 8, the benefits level off, with migrations dropping to
roughly 1495 and energy consumption and performance leveling

Scheduling | Migration | Hosts | VMs | Scheduling | Migration
approach approach time (s) time (s)

1,000 | 5,000 | 0.3140.008 | 0.1£0.003

2,500 | 10,000 | 0.48+0.009 | 0.2140.01

FillUp+WA WAMS 5,000 | 20,000 | 0.964+0.02 | 0.3940.01

10,000 | 40,000 | 1.79+£0.021 | 0.7540.02

12,583 | 50,000 | 2.26+0.026 | 0.9740.02

at 732.5 KWh and 471.8 min, respectively. At larger values of &,
where the system achieves an ideal balance between migrations
and consolidation efficiency, this implies diminishing returns. The
optimal trade-off between energy, performance, and migration

5.8 Parameters’ Impacts on Results

5.8.1 Number of Co-located VMs

The number of VMs (running the same workloads) on a host is
limited by parameter k£ used in the WAMR approach. To lessen
resource competition, we utilized k£ = 2 in order to prevent signif-
icant performance loss seen in co-location and promote workload

overhead is obtained with moderate values of k (about 4-8).

5.8.2 Energy/performance/migrations Weightage

Energy F, runtime/performance R, and migrations M are all com-
ponent metrics that have been first min—-max normalized to [0, 1]
(Eq. E]-style normalization). Non-negative weights E., Ry, My
that add up to 1 are used in the composite score. To prevent
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TABLE 8: Sensitivity analysis for number of co-located VMs
(FillUp+WA+WAMR)

k | Energy | Time | Number of | Energy | Time | Number of
(KWh) | (min) | Migrations | (KWh) | (min) | Migrations
W1 W2
1 760.2 490.5 3421 760.2 490.5 3421
2 744.1 478.9 2199 744.1 478.9 2199
4 735.6 4723 1587 735.6 4723 1587
8 732.8 471.9 1510 732.8 471.9 1510
16 732.5 471.8 1495 732.5 471.8 1495

bias toward any one goal, we provide findings for equal weight-
ing in the baseline experiments (Ew, Rw,Mw) = (3,3,35). We
performed sensitivity analysis that sweeps the weights across a
grid (Table EI) and noted that with balanced weights, WAMR
outperforms WAMS and FillUp by achieving the best overall
tradeoff (0.365). WAMS continuously produces the lowest values
when energy is given priority (0.280 and 0.260 for energy-first
and extreme-energy), demonstrating its effectiveness in reducing
energy use. However, WAMR’s potential to reduce execution
time is demonstrated by its highest performance in performance-
focused settings, with 0.479 in performance-first and 0.561 in
extreme-performance. Only in migration-conscious environments
does FillUp exhibit benefits; when migration overhead predomi-
nates, it achieves the lowest value (0.370).

TABLE 9: Performance of algorithms under different Nr weight
[lower values indicate better tradeoff]

Criteria (Pw, Rw, M) FillUp | WAMS | WAMR
Energy (1.0, 0.0, 0.0) 0.270 0.260 0.265
Performance (0.0, 1.0, 0.0) 0.621 0.588 0.561
Migrations (0.0, 0.0, 1.0) 0.410 0.405 0.412
Energy-first (0.70, 0.20, 0.10) 0.302 0.280 0.295
Performance-first | (0.10, 0.80, 0.10) 0.551 0.502 0.479
Migration-cons. (0.20, 0.20, 0.60) 0.370 0.385 0.392
Balanced (0.33, 0.33, 0.33) 0.421 0.398 0.365

According to the complexity analysis in Sec. [3) O(V H?) is the
migration algorithm’s primary cost. This complexity might, in fact,
become unaffordable for a strictly centralized system at numbers
like 100,000 hosts. The suggested framework can be expanded
in two ways to address scalability: (i) hierarchical clustering, in
which hosts are grouped into clusters (such as racks, pods, or
zones) and decisions about scheduling and migration are made
locally before being coordinated globally; and (ii) decentralized
execution, in which the algorithm is run independently by each
cluster or region with little coordination between clusters. These
tactics make the method computationally viable at scales larger
than 100,000 hosts by drastically lowering the effective problem
size that each decision-maker sees. In order to prove scalability in
various hyperscale datacenter scenarios, we intend to include such
modifications in our subsequent work.

The wall-clock time of proposed algorithms is affected by many
factors that make it lower than the theoretical worst-case com-
plexity. In practice, the average number of VM-to-host mappings
is smaller than H because First-Fit, FillUp, and the FillUp+WA
terminate early when a suitable host is allocated. The host-
feasibility checks (constant-time) and simple ranking score compu-
tation make per-host evaluation cost lightweight. ANN inference
latency is less than millisecond and invoked once per VM per
cycle that make workload-prediction overhead negligible. During
scheduling, cached host states and incremental updates decrease
recomputation. The system benefits from CPU-level parallelism,
where VM placements are processed concurrently across cores. Fi-
nally, simulator-level overheads, e.g., logging and object creation,
contribute marginally and do not affect algorithmic scalability.
Overall, these factors ensure that the wall-clock time for the pro-
posed system remains practical and below the worst-case bound

reported in Sec.

5.8.3 Thresholds for Placement & Migrations

The allocation S; > T, overload 7jo., and underload Thign
thresholds — used in our allocation and migration policies — have
impact over the obtained outcomes. The sensitivity analysis shows
a straightforward trade-off i.e., raising Tj.., decreases migrations
at the expense of greater utilization variance, while increasing
T decreases the instantaneous deployment of VMs onto hosts
with moderate usage but increases downstream migrations — as
shown in Table The system only executes 1256 migrations,
activates 1129 hosts, and achieves the lowest utilization variance
(0.023) with the lowest threshold setting (1" = 0.3, Tiow = 0.05,
Thign = 0.6). This indicates stable but less energy-efficient consol-
idation because more hosts are still active. Raising the thresholds
to moderate levels (T" = 0.6, Tiow = 0.10, Thign = 0.7) results
in more migrations (2702 migrations), fewer active hosts (978),
and a further decrease in variance (0.018), which is indicative
of better workload consolidation and balanced host utilization.
Nevertheless, the number of migrations increases significantly to
4502 and the number of active hosts to 1219 with the most aggres-
sive threshold setting (I" = 0.8, Tijow = 0.20, Thign = 0.8), while
the variance also increases (0.031). This points to instability and
over-consolidation, where the energy efficiency advantages are
countered by frequent migrations and unequal load distribution.
These findings support the balanced operating point represented
by our default thresholds (Sec. ).

TABLE 10: Sensitivity analysis of thresholds for VM allocation and
migration techniques

T | Tiow | Thigh | Migrations | Active | Utilization
hosts variance
0.3 | 0.05 0.6 1256 1129 0.023
0.6 | 0.10 0.7 2702 978 0.018
0.8 | 0.20 0.8 4502 1219 0.031

5.9 Comparison with the Closest Rivals

Table [11] provides a comparison of the proposed method against
closest rivals. Using PerficientCloudSim, we re-implemented all
these methods and the Workload Aware approach using the same
simulation setup and experimental parameters to ensure fair eval-
uation with respect to resource heterogeneity and interference
constraints. The outcomes show a clear trend in the performance
of different scheduling and migration strategies across three work-
loads (W1, W2, W3). In terms of F and P, the traditional FCFS
and FF approaches show the highest values, reflecting their rela-
tively inefficient resource utilization, with FCFS consuming up to
2232.68 KWh and taking 2279.4 min for W3. FillUp improves both
metrics by consolidating workloads more effectively, while SAMR,
WAVMCM, WarMops, and the Game-based approach further opti-
mize energy and performance through smarter migration policies,
reducing energy consumption and execution times incrementally.
With W3 requiring only 723 migrations, 1808.41 KWh, and 1798.48
min, the Workload Aware approach consistently achieves the low-
est number of migrations (M) and least energy consumption, exe-
cution times across all workloads. This suggests that, in compari-
son to heuristic/traditional approaches, workload prediction and
awareness greatly improve scheduling efficiency, lower migration
overhead, and better balance the energy-performance tradeoff.
Overall, the findings show that Workload Aware is the best method
for managing cloud resources in a way that maximizes perfor-
mance and saves energy.

6 RELATED WORK

In [32], a workload management framework (sCloud) is designed
to optimize system performance in distributed datacenters using
renewable energy. The framework considers diverse workloads,
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TABLE 11: Comparison of Workload Aware against state-of-the-art methods [Lower Nr is better]

Method E P M Nr E P M Nr E P M Nr
(KWh) | (min) (KWh) (min) (KWh) (min)
W1 W2 W3

FCFS 754.27 | 550.11 | 5231 | 6.52 | 1615.83 | 1557.9 | 2391 | 15.87 | 2232.68 | 22794 | 1975 | 22.56
FF 723.32 | 51391 | 4123 | 6.19 | 1585.44 | 1522.35 | 2234 | 15.54 | 2047.37 | 2062.65 | 1856 | 20.55
FillUp 63620 | 412.01 | 3382 | 524 | 1532.48 | 1460.41 | 2123 | 14.96 | 1860.46 | 1844.03 | 1822 | 18.52
SAMR [28] 655.00 | 450.43 | 2812 | 553 | 1566.21 | 1471.56 | 2211 | 15.19 | 1901.43 | 1891.78 | 2023 | 18.97
WAVMCM [29] 630.56 | 405.21 | 2121 | 5.18 | 1526.89 | 1432.99 | 1994 14.8 1823.12 | 1828.87 | 1799 | 18.28
WarMops [30] 648.21 | 430.21 | 2556 | 539 | 15129 14415 | 2019 | 14.77 | 1826.78 | 1829.01 | 1801 | 18.28
Game approach [31] | 640.44 | 420.76 | 2319 | 5.31 | 1509.66 | 1431.94 | 2004 | 14.71 | 1821.04 | 1802.55 | 1789 | 18.12
Workload Aware 626.54 | 400.71 | 1222 | 514 | 1498.17 | 1420.21 | 888 | 14.59 | 1808.41 | 1798.48 | 723 | 18.03

including batch and transactional processes, and dynamically al-
locates and migrates workloads based on job execution require-
ments, power availability, and QoS limitations. It uses a nonlinear
programming solution to optimize performance while adjusting
to different renewable energy sources. The framework also fea-
tures an adaptable batch job manager that uses reinforcement
learning to adjust task execution. Experimental data from a real
cloud testbed shows that sCloud reduces QoS violations and
increases system throughput; however, its dependence on non-
linear programming that might restrict scalability for large-scale,
real-time cloud systems.In [33], an Application awaRE workload
Allocation (AREA) technique is proposed to optimize workload
allocation in cloudlet-based edge computing systems. AREA con-
siders network and processing latency to reduce IoT application’s
response time. The authors propose a heuristic technique that
dynamically modifies computer resources for various applications.
AREA significantly lowers average response time compared to
current techniques like latency-based allocation and density-based
clustering, especially when workloads are heavy and cloudlet
capacities fluctuate. Even if AREA efficiently speeds up response
times in cloudlet-based IoT, however, its heuristic-based method-
ology might not be able to handle workloads that require quick
adaptation [34].

DCloud [35] is a novel cloud resource allocation framework de-
signed to enhance job acceptance rates and resource usage while
ensuring deadlines for cloud computing positions. It employs
bandwidth scaling and time sliding mechanisms to optimize
resource efficiency and balance demand peaks. DCloud uses a
strategy-proof pricing approach to encourage tenants to make
honest resource demands. Testbed experiments and simulations
show that DCloud outperforms traditional allocation techniques
like virtual cluster models and Amazon EC2, while doubling task
acceptance rates, increasing bandwidth and VM utilization, and
boosting cloud provider income by approximately 50%. Although,
DCloud improves resource allocation and is aware of deadlines,
but it makes the assumption that job execution estimates are
correct, which could not be always true in unpredictable cloud
environments.

In [29], a Workload Aware VM Consolidation Method (WAVMCM)
is proposed to minimize energy consumption and maximize re-
source usage in edge/cloud computing. It involves hibernating
unproductive hosts and dynamically assessing workload alloca-
tion to migrate VMs for energy efficiency. The method uses a
migration approach to reduce performance degradation and a
classification-based heuristic to distribute VMs optimally. Com-
pared to genetic algorithm and simulated annealing techniques,
WAVMCM shows significant power savings and reduced number
of active hosts. However, its heuristic consolidation approach
is not flexible enough for real-time applications with varying
workloads. In [28], SAMR (Skewness-Avoidance Multi-Resource
Allocation) is suggested for optimizing IaaS resource use in clouds.
It addresses inefficiencies in current resource allocation methods,
reducing resource waste when workloads differ in CPU, memory,
and bandwidth demands. SAMR dynamically distributes diverse

workloads to hosts while reducing resource skewness. The frame-
work uses a prediction model based on Markov Chains to find
the ideal number of active hosts to meet workload needs while
consuming less energy. Experiments show that SAMR significantly
increases cost-effectiveness, workload balancing, and resource ef-
ficiency in clouds. Although, SAMR optimizes the distribution of
many resources in IaaS clouds, it does not completely take network
constraints into consideration, which might affect performance
when traffic loads are high.

WarMops is a workload-aware resource allocation technique de-
signed to optimize runtime resource management in private
clouds [30]. It integrates resource reserving and sharing techniques
to analyze and categorize VMs workloads, dynamically. The strat-
egy includes a resource configuration optimization algorithm, a
dynamic resource management system, and a monitoring module.
WarMops is validated using the RUBiS benchmark application,
ensuring short response times and reducing resource waste. Ex-
periments show that WarMops can save up to 75% of CPU and
50% of memory without affecting performance. However, it might
not be able to manage dynamic workload variations due to static
workload categorization. LA-RATS [36] is a framework for task
scheduling and load-aware resource allocation for cloudlet-based
Multi-Cluster Computing (MCC) systems. It optimizes system
performance by dynamically allocating resources and schedul-
ing jobs for delay-sensitive and delay-tolerant applications. The
framework consists of a tree-based backfilling strategy, a genetic
algorithm-based task migration mechanism, and a multi-objective
DAG-based scheduling algorithm. Simulations show that LA-
RATS decreases turnaround time for delay-tolerant applications,
increases deadline fulfillment rate for delay-sensitive tasks, and
lowers monetary costs. LA-RATS is effective to maximize resource
utilization, however, its genetic algorithm based migration tech-
nique could result in an excessive amount of processing overhead
for real-time applications.

CloudMap is a provisioning system that uses workload character-
istics and resource heterogeneity to improve workload distribution
in private clouds [37]. It uses a hybrid architecture with a global
and a local placement manager to match workloads to servers
based on resource demands. This approach reduces resource waste
and ensures performance, compared to traditional techniques like
round-robin and heterogeneity-aware approaches. Experimental
evaluations using real-world traces show that CloudMap signif-
icantly lowers resource violations, enhances server utilization, and
reduces the number of active servers. Though its two-layered
decision-making process may raise placement latency and re-
sponse time in large datacenters, CloudMap improves workload
placement in diverse private clouds. [31] proposes a new coali-
tional game-theoretic method for VM consolidation in heteroge-
neous clouds. The method divides hosts based on workload lev-
els, uses a coalitional-game-based VM consolidation algorithm to
select hosts, and performs VM migrations to maximize payoff and
maintain energy efficiency. The method outperforms conventional
methods in terms of energy savings and load balancing. Although,
it enhances load balancing and energy efficiency in heterogeneous
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TABLE 12: Summary of the related works

Work Placement Migrations Performance Energy | Runtimes Priority Predictions | Costs
I 132] Workload-aware Optimization QoS v QoS v
I 133] Cloudlet-based Network conditions Low latency Delay-sensitive v
I 135] Deadline-aware Bandwidth scaling Acceptance rate Deadline v v
T 129] Classification-based Reduces migrations Workload efficiency v Energy-focused
28] Multi-resource Balances workloads Hosts v v
| 130] Resource-aware Reactive Resource wastage v
1361 Load-aware Cloudlets and clouds Deadline satisfaction v Delay-sensitive v
137 Heterogeneity-aware Global/local decisions SLA v
| [31] | Coalitional game-based Merge-and-split Workload fairness v v v
1381 Fluctuation-based Reduces migrations Placement failure v v
139 Workload-based Offloading Delay v v
| 140] Workload-based Reduces migrations SLA v Rule-based

This Workload-aware Workload-aware Exec. Time v v v v v

clouds, its merge-and-split strategy may result in a substantial
migration overhead that could compromise application stability
and real-time system performance.

In [41], authors have studied various issues related to resource
allocation in heterogeneous clouds in terms of performance, CPU
architecture, and energy efficiency. They contend that treating all
resources equally results in cost and performance inefficiencies.
To improve job runtime and overall utilization, they suggest
scheduling systems that are aware of heterogeneity and take re-
source diversity and workload characteristics into account. A time-
slotted optimization methodology for task offloading in cloud-
edge systems is developed in [42]. Under time-varying network
conditions, the model simultaneously optimizes communication,
task scheduling, and distribution of computational resources.
[43] examined issues in coexisting Wi-Fi and Bluetooth for IoT-
based smart homes where both technologies compete for limited
spectrum resources. To reduce interference and enhance service
quality, authors suggested a service-oriented resource allocation
and scheduling system that dynamically coordinates bandwidth
and task execution. The system meets the latency and through-
put needs of various IoT applications while ensuring equitable
allocation through adaptive channel management and priority-
based scheduling. In [39], authors have solved the computational
offloading problem by using workload-aware modeling based on
DRL approach to minimize delay and energy consumption. In
[40], authors focused on addressing the VM consolidation problem
using a unified framework that consists of two phases. The first
phase deals with host workload detection and prediction (decided
overloaded and underloaded hosts), while the second phase tack-
les the selection and allocation of appropriate VMs.

In [38]], a workload fluctuation-based VM allocation method is
proposed that predicts the future resource demand using VM
workload prediction and categorizes VMs for no change, requiring
more resources, or requiring fewer resources. Well-known heuris-
tics, i.e., best fit and worst fit, are implemented to evaluate its
performance. Results show that VM migrations are minimized and
resources are used efficiently. Current resource allocation methods
usually make the assumption that clusters are homogeneous,
which oversimplifies the actual cloud environment. With servers
with varying CPU architectures, performance levels, and energy
footprints, datacenters are actually quite diverse. In addition,
contemporary workloads with a wide range of resource require-
ments, like video streaming, Al inference, and IoT applications,
are service-driven. Workload-aware allocation and migration tech-
niques that adjust to task and infrastructure variation are required
due to this heterogeneity. Table [12| provides a summary of the
comparison between our suggested approach “Workload Aware”
and other closely comparable research. We think the comparison
would make it easier for readers to spot areas that need more in-
vestigation right away. The system ensures near-optimal workload
performance across several distributed datacenters by efficiently
managing the intermittency of renewable energy.

7 CONCLUSIONS AND FUTURE WORK

In this paper, we proposed a workload-aware resource allocation
policy that accounts for resource heterogeneity, workloads, and
a machine-learning approach to predict future workloads. The
suggested approach was validated using Google workloads with
various prediction methods. Through empirical evaluation, we
found that our suggested method can provide about 5.25% energy
savings and 8.17% workload performance increases compared
to non workload-aware approaches. Besides an existing trade-
off between workload performance and energy consumption, a
workload-aware migration approach can reduce energy consump-
tion (6.42% — 18.3%) and improve performance (7.8% — 25.03%) for
certain applications.

In the future, we will use other machine-learning methods to
train more sophisticated models from the host-profiled data to
categorize all the servers based on the workloads they can run
more efficiently in terms of energy consumption and performance.
Moreover, we will consider performance degradation and energy
efficiency due to hardware heterogeneities and co-located work-
loads (running inside VMs/containers) that compete for the same
resources. Future research will expand this approach to service-
based allocation, as our results show advantages of workload-
aware allocation and migration in heterogeneous datacenters.
Workload-aware policies can be directly linked to latency-sensitive
services like video streaming, AR/VR, and real-time analytics in
autonomous vehicles, guaranteeing energy efficiency and quality
of service. In this work, we assumed heterogeneity primarily
through CPU architectures. For I/O-intensive workloads, het-
erogeneity in storage (e.g., SSD vs. HDD IOPS constraints) and
network bandwidth may affect the performance of data-intensive
tasks that we must consider in the future.

We plan to evaluate the proposed system on a real OpenStack
testbed or integrate it in a Kubernetes scheduler. We believe
that our approach’s modular design enables realistic deployment
with only minor scheduling layer adjustments. Furthermore, using
transformer-based models for dynamic workload prediction might
be an interesting work. The WorkloadAware framework can be
modified for decentralized architectures such that multiple local
schedulers, each controlling a subset of hosts, can take the role of a
global scheduler. Each host can carry out workload prediction and
VM categorization locally, and ranking scores can be calculated
according to the availability of local resources. This modification
guarantees that large-scale datacenters can benefit from workload-
aware allocation and migration without compromising fault toler-
ance and scalability.
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