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In modern cloud data centers, efficient virtual machine placement is crucial for
optimizing resource utilization, reducing computational costs, and enhancing
overall system performance. Traditional approaches, often rooted in heuristic
and rule-based strategies, struggle with scalability and adapting to dynamic
workloads. An innovative framework for virtual machine deployment is
presented in this research, utilizing the Q-learning algorithm, a type of
reinforcement learning intended to maximize decision-making under dynamic
and unpredictable circumstances. Through the use of Q-learning, our framework
minimizes resource contention and distributes loads among physical servers by
automatically learning the best placement techniques through interactions with
the cloud environment. The Q-learning strategy improves resource allocation
efficiency by continuously adapting to changing situations, in contrast to static
models. The suggested framework shows notable improvements in lowering
makespan about 92% that is highly optimizing the resources utilization and
lowering computational costs about 34%, thus framework enhancing overall
system performance through comprehensive simulations and comparisons with
traditional models. The outcomes demonstrate how Q-learning algorithm can
improve virtual machine placement tactics and offer a flexible and scalable
approach to cloud infrastructure management.

Keywords: Cloudlet, Virtual Machine, Virtual Machine Placement, Cloud Data
Centers, CloudSim.

1. Introduction

With a particular emphasis on the effective placement of virtual machines (VMs) within data
centers, the optimized VM Placement tackles the core issues related to resource management
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in cloud environments. Effective virtual machine deployment is crucial in cloud computing
due to the dynamic nature of resource requirements, the wide range of applications, and the
large number of workload demands. By arranging VMs strategically, cloud providers can
maximize resource utilization, save operating costs, enhance system performance, and
contribute to energy conservation. Each of these elements is essential to data center
management [1].

Traditional virtual machine deployment solutions usually rely on heuristic or rule-based
techniques, which can be wasteful and inflexible in dynamic and expanding cloud systems.
These methods could lead to excessive energy use, resource fragmentation, and
underutilization. Machine learning-based methods, particularly reinforcement learning,
provide a viable alternative since they can gradually learn from and adapt to their
environment. Among these, Q-learning is a well-known reinforcement learning algorithm
that is notable for its simplicity and effectiveness in decision-making tasks. The VM
placement task is represented by the method as a Markov Decision Process (MDP), where
the data center's status (workload, power consumption, and resource availability) influences
the placement decision [2].

Q-Learning improves cloudlet (task)-to-VM scheduling by utilizing reinforcement learning
(RL), which allows the algorithm to learn from interactions with the cloud system and
progressively optimize the scheduling policy. Models are not necessary for the Q-Learning
reinforcement learning method to function. It is predicated on the notion that an agent
engages with its environment in order to learn the optimal course of action via trial and error.
The agent is rewarded according to the actions taken, and this is done in order to update a Q-
table that forecasts the expected future rewards of state-action pairings [3][4].

The proposed framework consists of three main components:

(a) State Representation: This part keeps track of the current state of the data center,
including workload distribution, CPU, memory, and storage availability, along with other
factors that influence the placement of virtual machines. Because it provides the Q-learning
agent with the contextual data it needs to make decisions, this state representation is crucial.

(b) Action Space: In this paradigm, the action space defines the collection of possible
activities that the agent can perform. Every step corresponds to configuring a virtual machine
on a certain physical server, accounting for the state representation. The challenge is to
efficiently explore the action space to avoid resource conflicts, balance load, and determine
the optimal placement method.

(c) Reward Function: The incentive function was developed to assist the agent in
accomplishing the objectives of the VM placement task. Among the factors that are
commonly included in this function are SLA (Service Level Agreement) compliance, power
consumption, load balancing, and resource utilization efficiency. Conflicting objectives, such
as maintaining performance while lowering power consumption, can be balanced by
modifying the reward mechanism.

Last few years, research on cloud computing trying to make it convenient to maximize the
use of resources, task scheduling, cloud security, minimize costs, and enhance the
performance of overall cloud [5][6][7]. Well-performing resources can be distributed to data
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centers via cloud computing-enabled cloud service providers (IAAS). Jobs given to several
virtual machines operating in parallel are designed to optimize resource utilization. Cloudlets
react in a virtual world. When assigning tasks to virtual machines (VMs), it is necessary to
take into account and observe factors like success rate, cost, duration, and makespan. To
optimize cloud resources and their scheduling, a lot of study has looked at QoS parameters.
Virtual machines are scheduled in parallel in order to maximize processing times through the
use of minimal resources.

Researchers have been investigating a variety of strategies, including metaheuristic
algorithms and reinforcement learning techniques, in response to these difficulties. These
strategies seek to capitalize on the advantages of machine learning methods such as Q-
learning, which facilitate adaptive decision-making in dynamic contexts, and optimization
algorithms, which are excellent at exploring solution spaces. With the help of the Q-learning
algorithm, the framework can adapt to the shifting workload and resource availability,
providing a dependable solution for the placement of virtual machines in cloud data centers.
The system continuously enhances its placement strategy by learning from past decisions,
which raises resource consumption and cost effectiveness. Additionally, by employing a
reinforcement learning-driven methodology, the framework can handle the complex, non-
linear interactions between virtual machines and physical resources that are often
challenging for traditional optimization algorithms to address [8].

To put it briefly, a Q-learning-driven architecture for virtual machine placement offers a
scalable, adaptable, and efficient method of managing cloud data centers, enabling providers
to improve resource efficiency, satisfy performance criteria, and use less energy. In addition
to addressing the shortcomings of traditional VM placement strategies, our approach opens
up possibilities for autonomous, astute optimization research.

2. Problem Statement

Effective VM deployment is essential in cloud data centers to guarantee optimal resource
usage, lower operating costs, and uphold service-level agreements (SLAS). Assigning virtual
machines to physical machines (PMs) in a way that optimizes the utilization of available
resources (CPU, memory, and bandwidth) while reducing energy consumption and
preventing overloading is known as virtual machine placement. Conventional VM placement
techniques, like static or heuristic-based algorithms, frequently fall short in responding to
changing resource needs and dynamic, unpredictable workloads, which results in wasteful
resource use, higher operating expenses, etc.

The challenge is to use the Q-learning algorithm, a reinforcement learning technique that
permits dynamic and adaptive decision-making, to build and develop an effective framework
for virtual machine deployment in cloud data centers. By continuously engaging with the
environment, adjusting to shifts in workload patterns, and optimizing for a variety of goals,
the framework should be able to learn the best virtual machine placement rules on its own
including:-
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(i) Resource Utilization: The proposed framework ensures balanced usage of PM by
allocating VMs in a way that avoids under utilization and overloading of resources like CPU,
memory, and bandwidth.

(i) Reduction of Computational Costs: It investigates techniques for lowering the
overall operational costs of data centers, including power, cooling and hardware
maintenance, through optimized VM placement strategies.

(i)  Load Balancing: It prevents resource hotspots by distributing workloads evenly
across available PMs, thereby improving performance and avoiding bottlenecks.

(iv)  SLA Compliance: It reduces SLA violations by ensuring that VMs are allocated
enough resources to meet their performance requirements and quality of service
expectations.

(V) Scalability: It handles large-scale data center environments with varying numbers of
VMs and PMs, and adapting to fluctuations in demand.

(vi)  Adaptability: It responds in real-time to changes in the cloud environment, such as
increasing or decreasing workloads, hardware failures, and heterogeneous infrastructure
resources.

The proposed framework will automatically learn and improve VM placement policies over
time by utilizing the Q-learning algorithm. By using Q-learning, the system can evaluate the
state of the cloud environment at any given moment, take the necessary action (assigning
virtual machines to specific PMs, for example), receive feedback (in the form of rewards),
and modify its placement strategy accordingly. This learning-based approach will increase
overall effectiveness by enabling the system to adapt to changing resource requirements and
make better decisions. The primary objective is to develop and implement a self-learning,
efficient framework that use Q-learning to dynamically optimize the placement of virtual
machines in cloud data centers. The framework will increase resource utilization, restrict
energy usage, ensure SLA compliance, and scale efficiently to large and dynamic cloud
settings to improve cloud infrastructure management performance and reduce operational
expenses.

3. State of the Art VM Placement Techniques

For cloud data center virtual machine placement optimization, there are a number of
traditional and machine learning-based techniques that show notable wvariations in
effectiveness, precision, and flexibility. While machine learning models use data-driven
methodologies to optimize virtual machine placement dynamically, traditional algorithms
frequently rely on heuristic or metaheuristic approaches.

(a) Traditional Scheduling Algorithms: Resource allocation in cloud data centers can be
simulated by using traditional scheduling techniques for virtual machine placement. Each of
these algorithms offers a fundamental method for assigning VMs to hosts in the simulation
environment.
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(i) First-Come-First-Serve (FCFS): VMs are installed on hosts using FCFS in the order
that they arrive. The first VM in the queue will be assigned by the simulation environment to
the first host that can meet its resource needs. The next virtual machine in the queue is taken
into consideration after a host has been chosen, and this process is repeated until all VMs
have been put [2][9][10].

Advantages: It’s very simple to implement and requires minimal modifications to the
existing VM allocation approaches.

Disadvantages: FCFS can lead to inefficient resource utilization similar to real-world
scenarios, as it doesn’t consider the workload or resources available on each host beyond
basic availability checks.

(i) Shortest Job First (SJF): SJF assigns VMs according to resource requirements or
predicted execution times. In order to maximize host utilization, virtual machines are
arranged so that the smallest jobs (based on execution time or resource requirements) are
allocated to hosts first [2][11].

Advantages: On varying resource demands, SJF can reduce waiting time and increase
resource utilization by allocating smaller VMs first.

Disadvantages: SJF can lead to starvation for larger VMs in real-world scenarios,
particularly if the workload contains a continuous stream of short jobs.

(ili))  Round Robin (RR): VMs are cyclically assigned to hosts via Round Robin. Without
taking into account each host's load or VM requirements, each virtual machine is installed on
a host in a sequential order, distributing the load equally among hosts. The allocation rounds
back to the initial host after each host has been given a virtual machine [2][12].

Advantages: It provides a simple, fair allocation strategy, preventing any single host from
being overloaded. In simulations, it ensures that all hosts receive equal opportunities for VM
placement.

Disadvantages: It does not account for each VM's specific resource demands, potentially
leading to inefficiencies. This may result in some hosts being underutilized or overburdened
depending on VM requirements.

(b) Heuristic and Metaheuristic Algorithms: Heuristic and metaheuristic approaches are
popular for VM placement due to their balance of solution quality and computational
efficiency, especially in large, complex cloud environments.

(1) Genetic Algorithm (GA): It simulate evolutionary processes to evolve high-quality
solutions by selecting, crossing over, and mutating “chromosomes” (candidate solutions) for
VM placement. It efficiently balances resource usage, energy consumption and VM
migration costs [13].

(i) Particle Swarm Optimization (PSO): Inspired by social behavior in nature, PSO uses
“particles” (solutions) that adjust based on individual experience and the experience of
neighboring particles. This algorithm is suitable for load balancing and optimizing energy
efficiency [14].
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(iii)  Ant Colony Optimization (ACO): ACO mimics ant foraging behavior, where ants
leave pheromones to guide others to the shortest paths, aiming to find optimal placements
through pheromone trails. It reduces resource fragmentation and improves resource
utilization [15].

(c) Machine Learning-Based Algorithms: Machine learning algorithms can adapt VM
placement strategies based on learned patterns, making them particularly effective in
dynamic cloud environments.

(i) Supervised/unsupervised Learning Models: Supervised learning models predict
optimal host placements for VMs based on historical data, using features such as resource
requirements and host availability. Its effective in environments with predictable workloads
[16] while on the other hand unsupervised learning models analyze patterns in data , such as
CPU and memory usage to identify optimal VM placements [17].

(i) Reinforcement Learning (RL): RL algorithms like Q-learning algorithm learn the
best placement policy by rewarding positive outcomes (e.g., high resource utilization) and
penalizing negative ones (e.g., SLA violations). Its well-suited for energy optimization and
adaptive load balancing [18].

The important factor load balancing well presented in [19] which is based on prediction
based multi-objective VM placement framework. The cyber security technique using
artificial intelligence (Al) is clearly explained in [20] which states the importance of Al in
the VM placement techniques. How to use encryption tools in public cloud data servers, that
is elaborated in [21]. The cloud security issues explained in [22][23] for better resource
management in cloud data centers.

In nutshell, these cutting-edge virtual machine placement strategies enhance resource
management capabilities in cloud environments by fusing algorithmic advancements with
pragmatic objectives. All of the methods are designed to balance particular goals, such as
load balancing, computational cost reduction, energy conservation, and performance
enhancement. The related reasearch outcomes have been outlined in table 1.

Table 1 Previous VM Placement related Research Contributions.

Authors Methods used ﬁndings Limitations
Hidayat [24] Hybrid model: MDP, Hybrid model achieves 99% Further exploration of deep
GA, RF algorithms for accuracy in VM migration. learning approaches is
VM migration recommended and
estimation implementation in  real-
world data centers needs
investigation.
Muhaammad [25] Extreme Learning  This method improves Existing methods over-
Machine Prediction- prediction accuracy and forecast and have long
Based Triggering reduces SLA penalties and linear trends and less
Method achieved 10.5% cost function optimal solutions due to
improvement over benchmark prediction inaccuracies.
approach.
Paneshar [26] Various migration  Analysis of ML heuristics for It requires more
techniques leveraging VM distribution techniques. computational resources
ML heuristics and training data.
Jumnal [27] Fuzzy-based = SARSA It reduces energy consumption  Handling fluctuating

reinforcement learning
algorithm

and resource wastage
compared to other algorithms.
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Ghasemi [28]

Pahlevan [29]

Farikha [30]

Wang [31]

Saxena [32]

Sui [33]

Chhabra [34]

Dubey [35]

Mejahed [36]

Nikzad [37]

Radi [38]

Barthwal [39]

Ibrahim [40]

Machine learning-
based strategy for VM
placement

Heuristic & Machine
learning based VM
allocation method
Decision Tree &
KNeighborsClassifier

for adding new
controllers.

Gradient Search and
Bin Packing

Whale  Optimization
Genetic Algorithm
(WOGA)

K-means clustering &
Load forecasting
algorithm based on
genetic algorithm

Optimal VM Placement
for Load Balancing
(OPLB) method

VM allocation
approach that is based
on water drop method

Hybrid approach based
on PSO and flower
pollination
optimization

Mulit-objective ant
colony optimization

VM consolidation
method using modified

Ant Colony
Optimization

Efficient Adaptive
Migration Algorithm

Improved load balance by
25%, 34%, and 32% for
processor, memory,
bandwidth.

ML approach improves

network traffic by up to 24%.

Achieved 83% accuracy using
Decision Tree and Kneighbors
Classifier.

Utilized gradient search and
bin packing for dynamic VM
consolidation in multi-tier web
applications.

Increased resource utilization
up to 30.21%.

It lowers energy usage by
49.13% and virtual machine
migration by 94.5%.

OPLB improves traffic
scalability by up to 49.54%.

Better resource utilization,
reduced energy usage,
increased  efficiency, and

better overall performance

The recommended method
fared better in the simulated
studies than the best fit bin
packing strategy.

The proposed technique
reduces energy consumption
by 10.3%, SLA violation by
5.3%, and VM migration by
12.5%.

The results of the investigation
show that the recommended
approach  outperforms the
others in terms of energy
consumption, SLA violations,
and the overall number of
virtual machine migrations.

The recommended approach
uses less energy while still
adhering to SLAs than the
power-aware best fit solution.

The suggested approach works
better in terms of resource
usage, shut down hosts,
migrations, and SLA
violations.
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Load balancing, energy
consumption, resource
utilization, response time
challenges.

Traditional approaches lack
flexibility for large-scale
scenarios.

Traditional firewalls cannot
examine content inside
packets in Cloud
Computing.

Limited applicability to
single-web application
setups

Inefficient VM Placement
leads to resource wastage
and power consumption.
Occurrence of local optimal
solutions during clustering
center selection

It does not compare
traditional and machine
learning-based  algorithms

for VM placement.

It is necessary to assess the
quality of service offered by
the suggested approach for
various SLAs and virtual
machine instances utilizing
meta heuristic-based
optimization approaches.
When putting virtual
machines, additional factors
need to be taken into
account in addition to load
balancing, live migration,
and cost reduction.

It must be tested using open
source tools like OpenStack
in a real-world cloud
environment.

It only draws attention to
CPU-intensive tasks. It is
necessary to test the
suggested method in an
actual cloud environment.

Performance can be further
improved by making use of
additional resources, such
as memory, storage, and
bandwidth.

To optimize
consumption and reduce
SLA violations, a load-
balanced, resource-aware
virtual machine migration
method is required.

resource
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Mosa [41]

Tchana [42] Dynamic

Consolidation

Shafiq [43] Load
Algorithm

Genetic Algorithm

It reduces over and under
utilization of CPU and
memory.

Around 40% less energy was
used in private clouds, and
roughly 40.5% less amount
was spent on virtual machines
on Amazon EC2.

Implemented the least-loaded
algorithm, load balancing, and

There should be more
assessments based on actual
workload traces.
Coordination between
software consolidation on
virtual machines (VMs) and
VM consolidation on PM is
necessary to further
optimize power gains.

Low performance on
servers that are heavily used

FFD comparison.

4. Leveraging Q-Learning for VM Placement

Q-learning [44][45] is a reinforcement learning technique used for decision making in
dynamic and uncertain environments. An agent learns a policy for choosing actions in Q-
learning by interacting with its surroundings. The agent keeps track of Q-values, which
indicate the anticipated cumulative rewards for performing particular actions in specified
states, in a Q-table (also known as a Q-function). In order to maximize the cumulative
reward over time, the agent learns to adjust Q-values based on the observed rewards through
trial and error.

Numerous decision-making tasks, such as game play, robotic control, and effective resource
allocation in cloud data centers, have seen the successful use of Q-learning [46]. When it
comes to task scheduling, Q-learning can figure out the best way to allocate tasks to
computer resources based on the system's current condition, the nature of the tasks, and
external variables.

The Q-table, which is represented as Q(s, a) where s is the state and a is the action, uses a
state-activity pair to index a Q value as a cumulative reward. The reward/penalty of a
particular state-action pair determines how the Q-table is dynamically updated.

Qee+1y(st +a) = Q(s¢ + ap) + a(ry + cmax(Qe(se+1 + acr1)) — Q(se + ay) @

where r is reward/penalty, o is the learning rate within [0,1], and ¢ is the discount factor

within [0,1]. These values are computed as follows:
t

a=1-09x——— )

Maxlteration

Exploration or exploitation is indicated by the value of the parameter o. The newly obtained
data are given a higher priority if the value is near 1, which indicates that all defined states
are explored. On the other hand, current data are prioritized for exploitation if the value is
near zero. The value of parameter ¢, which indicates whether to accept the prior award or
penalty or the present one, was set to 0.

The value of parameter r is set as follows:

r. = 1, if the current action improves the solution
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re = —1, otherwise

®)

Algorithm 1: The Q-learning algorithm

1 for each state S=[s1,S»,...,sn] and action A=[as,a.,...,a,] do

2 setQ(s;+a) =0

3end

4 Randomly select an initial state, s

5 while stopping criteria are not met do

6 Select the best action a;, for the current state s;from Q-table
7  Execute action a; and get immediate reward/penaulty rrusing Eq (3)
8 Get the maximum Q value for the next state Sw1

9 Update a using Eq (2)

10 Update Q-table entry using Eq (1)

11 Update the current state S=St1

12 End

13 return the updated Q(s,a) table

The architecture depicted in the fig.1 is a high-level design for a cloud-based task scheduling
and resource management system, utilizing a reinforcement learning (RL) approach
specifically employing the Q-learning algorithm. In order to ensure effective resource usage,
minimize the overall Makespan-the amount of time needed to finish all submitted tasks-and
lower operating costs, this architecture is set up to optimize task scheduling across a cloud
infrastructure in comparison to traditional models using cloud/fog computing [47].

The RL(Q) Scheduler, which uses Q-learning RL algorithms, is the central component of this
system. In cloud environments, the algorithm is designed to manage complicated and
dynamic job scheduling circumstances. A model-free reinforcement learning method called
Q-learning learns a policy to maximize the cumulative reward by acting in the way that best
suits the current situation. The System Access Interface, which acts as the system's access
point, is how users submit tasks. The Task Manager, a key component in-charge of
managing available resources, keeping an eye on task statuses, and distributing the load
throughout the system, receives these tasks after that. The Task Manager has a Task Monitor
to monitor how tasks are being completed, a Resource Monitor to control the computational
resources that are available, and a Load Balancer to divide duties evenly across these
resources so that no one is overworked.
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Data Center

Computational Cost

A

Task Scheduling

Y

A 4

Resource Provisioning f«€ RL(Q) Scheduler

A

Y

Task Manager
Task Resource Load
Monitor Monitor Balancer
Task List

Task Submission

Y

System Access Interface

Fig. 1 Efficient Framework for Resource Utilization and Computational Cost Reduction.

The Resource Provisioning module, which works closely with the RL(Q) Scheduler, is in-
charge of assigning the right resources, like VMs in a data center, to the tasks in accordance
with the scheduler's choices. This interaction is essential because it enables real-time
resource allocation modifications, guaranteeing that tasks are carried out effectively across
all available virtual machines (VM1, VM2, ..., VMn).

The Data Center is where tasks are carried out after they have been planned and resources
have been allocated. The Makespan, which is the total amount of time needed to do all the
activities, is used to gauge how well this entire process is performing. The main objective of
the system is to reduce the Makespan in order to increase overall efficiency while lowering
computational costs.

This architecture emphasizes the value of reinforcement learning in optimizing resource
management and task execution in cloud computing settings, and it provides a sophisticated
approach to cloud task scheduling through the integration of the Q-learning algorithm. By
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cutting down on job completion times, this solution not only improves resource utilization
but also lowers computational expenses and boosts cloud service responsiveness.

Components:
(i) System Access Interface:
o This is the entry point for all users (User 1, User 2, ..., User n) to submit

tasks to the system. The interface collects and forwards tasks to the Task Manager.

(i) Task Manager:

o Task Monitor: It monitors the status of tasks that have been submitted.

o Resource Monitor: It keeps track of the available resources in the system.

o Load Balancer: It distributes tasks evenly across resources to ensure optimal
performance.

o Task List: It represents the collection of tasks (T1, T2, T3, ..., Tn) that are

currently managed by the Task Manager.
(iii) RL(Q) Scheduler:

o This component optimizes task scheduling through the use of a hybrid
reinforcement learning approach. To distribute tasks effectively, it communicates with the
Task Manager and Resource Provisioning.

(iv) Resource Provisioning:

It allocates resources (e.g., VMs) based on the task’s requirements and the
schedullng decisions made by the RL(Q) Scheduler.

(v) Data Center:

o It contains Virtual Machines (VM1, VM2, ..., VMn) that execute the
scheduled tasks. The VMs are managed and provisioned based on the scheduling and
resource provisioning decisions.

(vi) Makespan:

o It represents the total time taken to complete all the tasks. It is an important
metric for evaluating the efficiency of the scheduling algorithm.

(vii)  Computational Cost:

o Computational cost represents the reduction of operational expenses and
resource waste to improve efficiency and responsiveness.

Data Flow:
(i) Task Submission:

o Users submit tasks through the System Access Interface, which then
forwards them to the Task Manager.

(i) Task Management:
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o The Task Manager monitors tasks, resources, and load balancing, ensuring
that tasks are ready to be scheduled.

(iti) ~ Scheduling and Resource Provisioning:

o The RL(Q) Scheduler interacts with Resource Provisioning to allocate the
necessary resources for each task.

o Resource Provisioning then allocates the required resources (e.g., VMSs)
within the Data Center.

(iv) Task Execution:

o Tasks are executed on the allocated VVMs in the Data Center. The execution
time contributes to the overall Makespan.

(v) Makespan Calculation:

o The system monitors the completion of tasks to calculate the Makespan,
which is used to assess the performance of the scheduling process.

(vi) Computational Cost Calculation:

o The simulation system calculates the average computational cost by
applying various techniques from traditional FCFS to Q-learning algorithm.

5. Simulation Setup

CloudSim is an open-source Java-based framework and toolset to model and simulate cloud
computing applications and infrastructures. It was originally developed at the University of
Melbourne's Cloud Computing and Distributed Systems (CLOUDS) Laboratory. Users may
model and simulate workloads, data centers, virtual machines, and more with CloudSim. It
also provides basic classes for characterizing computing resources, rules, applications, and
people. A Java-based Integrated Development Environment (IDE), like Eclipse, is set up for
the experiment. The toolkit includes multiple packages with Java code for different
implementations.

The deployment of virtual machines in the cloud is essential for optimizing resource
allocation, reducing computational cost, and improving overall performance. It can also
model various scenarios for virtual machine setup in a cloud environment to evaluate the
impact on QoS measures like resource utilization, computational cost etc. By analyzing
various techniques and rules for the deployment of virtual machines, it helps to create better
and more efficient operations. Thus, by simulating different scenarios, CloudSim helps
researchers and practitioners analyze how choices regarding the location of virtual machines
impact computational cost, latency, energy consumption, and resource usage in cloud
computing environments.

The simulation demonstrates the efficacy and efficiency of the suggested method in
resolving computational issues such as job distribution, resource optimization, computational
cost reduction, and latency reduction. The following simulation environment configured for
finding results:-
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. No. of data centres: There is 3-20 data center used in this simulation.

. No. of broker: 1.

. No. of hosts: The data center contains 2 hosts (physical machines).

. No. of CPUs: Each host has 1 CPU.

. No. of virtual machines: 10-1000.

. No. of tasks (cloudlets): Varies from 100 to 1000.

. Population size (No. of particles): 25

. MIPS of CPU per virtual machine (Millions of Instructions Per Second):

Homogenous: Each VM has a MIPS value of 1000-1200.

Heterogeneous: VMs have varying MIPS values greater than 2000 but less than or equal to
20000.

. RAM: Each VM is allocated 512 -16384 MB of RAM.

These parameters define the computational resources and network characteristics of the
simulated environment, influencing the performance and behavior of the virtual machines
during the simulation. The variability in the number of VMs and their heterogeneity in terms
of RAM and MIPS allows for a range of scenarios to be tested, which can help in
understanding the performance and scalability of the data center under different conditions.

6. Results and Findings

During the tests, the simulator acts like a real-life deployment environment where Data
center, tasks (Cloudlets), and VMs are very different from one another. This lets us see how
well and quickly cloud computing solutions work at solving modern computing problems
like lowering latency, making the best use of resources, lowering computational costs, and
distributing tasks evenly.

Result shows that machine learning algorithms specially Q-learning algorithm outperforms
in reducing computational costs, and improving resource utilization, and improving overall
system performance while comparing with traditional, heuristics and metaheuristics
algorithms.

6.1 Makespan:

In cloud computing, makespan refers to the time taken to execute a batch of tasks on
multiple VMs or servers. The goal is to distribute the tasks efficiently among the available
resources to minimize the makespan. The table 2 showing performance of algorithms where
Q-learning algorithm performance is so high on varying workloads (tasks) from 100 to 500
and while increasing the number of VMs from 100 to 1000 using Q-learning algorithm, the
performance of algorithm is again increasing, on various workloads that is shown in table 3.
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Table 2: MakesEan results of various aliorithms on increasincl; workloads.

FCFS 9656.54 9797.40 12306.25 9119.48 9227.61
RR 9520.14 9702.03 10069.51 11264.45 15892.50
SJF 8960.23 9526.12 9085.38 12376.41 17183.32
PSO 6470.50 7898.12 8642.94 9467.24 10308.48
Q-learning 478.82 503.74 651.60 810.14 920.91

Table 3: Makespan results of Q-learning algorithm on increasing VMs.

(@ _Cloudlet:100 (b) Cloudlet: 500
180.2

250 25 250 110

500 12.09 500 71

1000 12.09 1000 32

SCZ Cloudlet: 1000

100 350
250 190
500 85
1000 69

As makespan represents the time taken to execute the batch of task that is so reduced using
Q-learning on increasing workloads and increasing number of VMs as well so the Q-learning
algorithm is suitable to produce high resource utilization about 92% in comparison to
traditional algorithms.

6.2 Computational Cost:

Unlike static policies, which may frequently migrate VMs in response to the changing
demands, Q-learning minimizes unnecessary migrations which not only saves computational
resources but also reduces computational cost. Table 4 shows the comaparion result of
avearge computational cost on varying workloads. Average computational cost is reduced
about 34% using Q-learning algorithm in comparison to traditional algorithms.

Table 4: Averaﬁe comﬁutational cost results of various alﬁorithms on increasinﬁ workloads.

FCFS 1870.45 1766.97 1145.38 842.24 715.60
RR 1790.86 1696.49 1209.79 896.30 670.56
SJF 1840.23 1755.68 1158.51 834.38 690.76
PSO 1410.25 1202.80 814.40 655.79 493.63
Q-learning 910.12 771.45 551.60 421.58 325.27
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7. Conclusion

In conclusion, applying a Q-learning algorithm for VM placement in cloud data centers
presents a promising approach for enhancing resource allocation, optimizing performance,
and reducing computational costs. By employing a reinforcement learning technique, Q-
learning continuously learns and adapts to the dynamic nature of cloud environments,
efficiently handling the high variability in demand and resource availability. This leads to
more intelligent decision-making in VM placement, improving load balancing, minimizing
latency, and maximizing resource utilization. The graph 1 shows that on fixed humber of
VM, the makespan is so decreased in comparison to other algorithms and graph 2 shows that
on increasing order of VMs and fix workloads, the again makespan is decreasing that shows
the efficient resource utilization about 92% in comparison to traditional algorithms.

VM Count: 10
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10000
= 8000
E
=
=4 6000
=
= 4000
2000
o L 1 1 - 1 i 1 1 | 11
100 200 300 400 500
= FCFS 9656.5 9797.4 12306.3 9119.5 9227.6
RR 9520.1 9702 10069.5 11264.4 15892.5
= SJF 8960.2 9526.1 9085.4 12376.4 17183.3
PSO 6470.5 7898.1 8642.9 9467.2 10308.5
= Q-LEARNING 478.8 503.7 651.6 810.1 920.9

m FCFS RR m SJF PSO m Q-LEARNING Cloudlets

Graph 1 Makespan Results of various algorithms on fix VM and varying workloads.
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Graph 2 (a),(b),(c) Result of Q-learning on fix workload and varying VMs.

The Graph 3 shows the results of average (avg) computational cost of various algorithms on
increasing workloads where Q-learning resulting minimum and better avg computational
cost about 34% in comparison to traditional algorithms.

Compared to traditional approaches, which often rely on static rules or predefined policies,
Q-learning offers flexibility and adaptability. It can respond to changing conditions in real
time, enabling a more agile management of resources. The algorithm’s ability to explore and
exploit various placement strategies over time helps in converging toward optimal or near-
optimal solutions. However, the initial training period may require computational resources
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and time to reach a stable and effective policy.

VM Count: 10
2000
1800
1600
1400
-
8 1200
=
§ 1000
B
- 800
E
S
w 600
<
400
200
0
100 200 300 400 500
m FCFS 1870.5 1767 1145.4 842.2 715.6
= RR 1790.9 1696.5 1209.8 896.3 670.6
mSIF 1840.2 1755.7 1158.5 834.4 690.8
PSO 1410.3 1202.8 814.4 655.8 493.6
® Q-LEARNING 910.1 771.5 551.6 421.6 325.3
mFCFS mRR mSJF =PSO mQ-LEARNING Cloudlets

Graph 3 Avg Computational Cost Results of various algorithms on fix VM and varying
workloads.

Overall, Q-learning offers a robust, scalable solution that addresses the limitations of
conventional placement methods, particularly in large, dynamic cloud data centers. Future
work can focus on integrating other advanced machine learning techniques with Q-learning
to further enhance its efficiency and effectiveness in VM placement, such as by
incorporating neural networks for state approximation or employing multi-agent systems for
cooperative learning across distributed data centers. This approach can drive further
innovation in cloud infrastructure management, improving service quality and cost-
efficiency for cloud providers and users alike.
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