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ABSTRACT

Optimal distribution of resources within the context of known limits and unknown uncertainties is the goal of
resource allocation techniques, which pose a significant problem in many fields. To represent dynamic decision-
making processes under uncertainty, the MDP framework offers a robust probabilistic model, and the GA searches
for optimum or near-optimal solutions by using evolutionary principles. This study presents an approach to
dynamically allocating cloud resources for NFV components using Markov Decision Process (MDP) applied to an
NP-hard issue. In addition, Bayesian learning method is applied to monitor the historical resource usage in order to
predict future resource reliability. Our suggested technique outperforms comparable approaches, according to
experimental data..
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INTRODUCTION

Numerous fields rely on efficient resource allocation, including manufacturing, healthcare, transportation, cloud
computing, and telecommunications. Achieving efficient resource allocation is becoming more challenging as systems
get more sophisticated and the need for optimum use increases. Markov decision processes (MDPs) and genetic
algorithms (GAs) are two methods that have been extensively used to address resource allocation issues. When it
comes to improving speed, saving cost, and making sure resources are distributed fairly, these solutions provide
complimentary options. Allocating resources is the practice of systematically distributing limited resources across
competing activities in order to accomplish goals. Limitations on time, money, or other resources are common in the
actual world that affect this procedure. For example, in cloud computing, it is necessary to dynamically assign
resources like CPU, memory, and storage in order to maximize processing efficiency and minimize energy usage.
Allocating resources, such as delivery routes or cars, in logistics is also about minimizing operating costs and meeting
tight deadlines. The presence of several interacting variables in these situations makes them intrinsically complicated
due to the frequent involvement of stochastic settings.

When it comes to modeling decision-making in stochastic contexts, MDP is a strong approach. Finding the best policies
for sequential choice issues might be a bit of a challenge, but MDP offers a systematic method based on dynamic
programming and probability theory. When the system'’s state changes over time as a result of the selected actions and
probabilistic transitions, it becomes very valuable. The four main components of MDP are states, actions, transition
probabilities, and rewards. Using an MDP model of the resource allocation issue, decision-makers may assess the costs
and benefits of both short-term and long-term benefits. To decrease delay and adapt to changing traffic circumstances,
MDP may be used in network routing, for instance, to find the ideal pathways for data packets. As the number of states
and action spaces increases, however, MDP's scalability becomes an increasingly pressing issue. The so-called "curse
of dimensionality," in which computing demands grow unmanageable, is a common outcome of large-scale resource
allocation challenges. This constraint is often filled by using approximation techniques like value iteration and
reinforcement learning. Even with all these improvements, MDP may not be the best choice for situations with a lot of
uncertainty or lack of structure since it relies on exact model parameters and transition probabilities.

However, Genetic Algorithms (GA) provide an alternative that is based on heuristics and is motivated by evolutionary
and natural selection concepts. When dealing with optimization issues involving big and complicated search spaces,
GA s shine where more conventional mathematical approaches fail. Optimal or near-optimal solutions may be found by
GAs by repeatedly evolving a population of candidate solutions, which allows them to investigate a broad range of
options. To guarantee search adaptability and robustness, GA's key operators—including mutation, selection, and

Page | 95



International Journal of Enhanced Research in Science, Technology & Engineering
ISSN: 2319-7463, Vol. 13 Issue 10, October-2024, Impact Factor: 8.375

crossover—imitate biological processes. Among the many uses of GAs in resource allocation, job scheduling, load
balancing, and portfolio optimization are just a few examples. By optimizing the deployment of virtual machines in the
cloud, GA may minimize energy usage without compromising service quality, for example. For issues involving partial
or ambiguous data, GAs are a good alternative to MDP as they don't need explicit modeling of transition probabilities.
When applied to contemporary high-performance computing systems, GAs' parallel nature also enables quicker
convergence.

REVIEW OF LITERATURE

Peng, Zhihao et al., (2022) Because it assigns jobs to the most suitable resources for execution—be it a grid, a cloud, or
a network of peers—task scheduling is a crucial part of every distributed system. High temporal complexity, slower
program execution durations, and non-simultaneous processing of input tasks are some of the drawbacks of common
scheduling techniques. On heterogeneous distributed computing systems, exploration-based scheduling algorithms take
a long time to execute because they need several techniques to prioritize work. Consequently, such systems have
bottlenecks when it comes to job prioritizing. It is reasonable to use quicker algorithms to prioritize jobs based on their
execution time. One evolutionary strategy to solving complicated problems rapidly is the genetic algorithm (GA). In
order to schedule tasks on cloud computing with different priority queues, this study suggests a parallel GA that uses a
MapReduce architecture. The primary objective of this research is to find the best way to use MapReduce architecture
for cloud computing job scheduling in order to decrease overall execution time. There are two steps to the proposed
method's task scheduling process. Initially, the GA was used with heuristic approaches to distribute tasks to processors.
Afterwards, the GA was utilized with the MapReduce framework to distribute jobs to processors. Our tests take into
account diverse resources with distinct task execution capabilities and the possibility of executing a job on several
resources with different durations. Particle swarm optimization, intelligent water drops, moth-flame optimization, and
the whale optimization algorithm are among the techniques that the suggested approach surpasses.

Khamayseh, Yaser et al., (2018) On the one hand, wireless networks have limited resources and experience several
restrictions, making resource distribution a highly difficult process. In contrast, most resource allocation issues are NP-
hard and need a large number of calculations. As a result, practical and efficient answers are badly needed. Fairly
distributing the available resources of the network to all active users is the focus of resource allocation concerns. While
defining fairness is challenging, this study takes into account the users' and the network operator's (service provider)
perspectives on the matter. There are several applications for bio-inspired algorithms, which provide straightforward
and efficient answers to complex issues. An efficient method for allocating resources in wireless networks for
multimedia is presented in this article by use of a Genetic Algorithm. We use simulation to test how well the suggested
approach works. The simulation results demonstrate that the suggested approach outperformed the others.

Ezugwu, Absalom et al., (2016) Managing grid resources effectively to execute the many tasks sent to the grid is
crucial to the grid computing system's operational effectiveness. This study delves into a different approach to
effectively search, match, and allocate distributed grid resources to tasks in a manner that satisfies the resource need of
every grid user job. An approach to resource selection is proposed that utilizes populations based on multisets and is
based on the notion of genetic algorithms (GA). Additionally, the article introduces a hybrid GA-based scheduling
system that effectively finds the optimal resources for user workloads in a conventional grid computing setting. To
improve the GA components' search capabilities in a wide problem space, the suggested resource allocation technique
incorporates additional mechanisms, such as populations based on multiset and adaptive matching. The significance of
operator improvement on conventional GA is shown via the presentation of empirical data. The suggested addition of a
second operator fine-tuning is fast, accurate, and able to handle large work arrival rates, according to the early
performance findings.

Porta, Juan (2013) Planning for future land uses is the focus of this research, which employs genetic algorithms. Expert
opinion and up-to-date state and federal regulations inform the selection of applicable constraints and optimization
targets. This strategy may readily integrate other factors. The shape-regularity of the land use patches that are produced
and the appropriateness of the land itself are two optimization criteria that are used. When allocating land, we utilize
the existing plots as a baseline. The method may take a long time to execute since there might be a lot of plots that are
impacted. Thus, many parallel paradigms, including multi-core parallelism, cluster parallelism, and hybrids of the two,
are the subject of the work's implementation and analysis. The results of these experiments demonstrate that genetic
algorithms are well-suited to solving land use planning issues.

Goel, Tushar et al., (2003) This research focuses on the GA's potential utility in real-world industrial settings with
constrained budgets for simulations. In particular, we look for a way to maximize limited multi-objective optimization
while minimizing the overall simulation budget, which includes both the population size and the number of
generations. We do a research to find ways to make things better, but we only let 1,000 simulations run. Time savings
of a considerable magnitude were achieved by taking advantage of parallelization via the use of concurrent simulations
for every GA generation on an HP quad-core cluster. In addition, we looked at how to distribute computing resources
efficiently to get the most speed boost. We used a finite element model with 58,000 components to simulate the
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crashworthiness of an automobile, in addition to two analytical cases. With a cap of 1,000 simulations, we tested out
different population sizes and generations. Monte-Carlo and space filling sampling techniques were used to compare
the optimization performance. It was discovered that the GA could find numerous workable solutions with trade-offs.
To get excellent trade-off solutions, it is shown that a high number of generations is desirable. There were noticeable
gains in efficiency with the vehicle's layout. Additionally, this example demonstrates that a large number of viable
solutions may be obtained in the first few generations using about 200 simulations, even for problems with a tiny
feasible area.

Dai, Y. et al., (2003) One of the most pressing problems in software testing is determining how to best use the available
testing resources to provide the highest level of dependability. Models created under the premise of simple series or
parallel modules are often used in the many papers on this problem. The optimization issue becomes more difficult to
solve as system configurations get more complicated. When dealing with complicated software systems structures and
various goals, this study introduces an evolutionary approach for testing-resource allocation challenges. When we
allocate testing resources, we think about system dependability and testing costs simultaneously. Putting the strategy
into action is a breeze. We present some numerical examples to demonstrate how the technique may be used.

EXPERIMENTAL SETUP

We have devised a battery of tests to evaluate the efficiency. The RHEL 6.5 operating system was used in all trials on
Dell PowerEdge Servers R720 and R810. Our network offers a speed of 100 Mbps. In order to test the NFV
components, we used WorkflowSim. Researchers may use WorkflowSim, a process simulator, to test out different
methods for optimizing workflows. For this reason, we simulated varying VM and NFV component sizes using
WorkflowSim.

Maximizing the predicted total reward over a limited horizon is one of the criteria we use to evaluate MDP. We
calculate the best finite-horizon policy given an MDP and a horizon H. Horizon H= K and H=1 were the two cases we
tested. Whereas H=1 simply takes into account one state, H=K signifies that we examine k-1 states till the end. We use
the abbreviations MDPk for K-horizon and MDP1 for 1-horizon MDP here. A popular scheduling method is the
Genetic Algorithm (GA), which we have compared to our suggested algorithms, MDPk and MDP1.

Our experiment's GA configuration looks like this: Random seed, one-third mutation rate, one-point cross-over
recombination, one-wheel selection as parents, twenty-odd generations, one-hundredth of a population size, and
uniform mutation method.

Two measures, execution cost and time restriction, are used to assess the allocation strategies. The first one shows the
time cost divided by the allocation, while the second one shows the cost to complete the NFV components.

We devised studies to investigate how well our suggested MDP performed under varied settings, such as with variable
numbers of components, virtual machines, and due dates. We divided the whole time cost into two parts so that we
could examine it more thoroughly. The time cost of initializing all conceivable states of MDP is recorded by one step
that is supplied as an initialization stage. The second stage is a solution stage that keeps track of how much time it took
to determine the best allocation plan.

RESULTS AND DISCUSSION

Here are the experimental findings with different numbers of NFV component jobs and a fixed number of virtual
machines (VMs), as shown in Figures 1 and 2. Figure 2 shows the overall running time of the solution stage and Figure
1 shows the entire running time of the approach. By comparing the solution stage running time cost of other approaches
and taking execution time into account, we find that our MDPk method performs better. Nevertheless, the approach
calculates all potential allocation solutions after traversing all possible states in the startup step. It is evident from
comparing Fig. 1 with Fig. 2 that the initialization step takes much more time than the solution stage. One important
consideration in dynamic resource allocation is the time cost of solutions. Given that evaluating a single node takes a
constant amount of time, O(1), the execution time for MDPk is O(t(v+1)), and for MDPL1 it is O(t x v), where t is the
number of NFV component tasks and v is the number of virtual machines..
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Figure 1: Total running time with different number of NFVV Component

16 pliea
A components S components G components
Number of components

— MDPL — MO ——GA e MDP Trendiine -~ GA Trondline

Figure 2: Solution stage running time with different number of NFVV Component

Experimental findings for recording method running time while establishing a constant number of NFV component
jobs and modifying the numbers of virtual machines (VMs) are shown in Figure 3. Although GA has a higher running
time than other approaches, it is impossible to predict how long it will take since the GA program continues to run until
either stopped or interrupted at a certain point in time. Meanwhile, GA isn't able to provide the best possible outcome
on a global scale. Whenever the random seed is not consistent, the outcomes will vary. When all parameters, including
the number of people and the number of generations, crossover rate, and mutation rate, remain constant, GA may
provide a better allocation plan at a lower time cost, particularly for complex NFV processes and VM circumstances.
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Figure 3: Running time with different number of VMs

With a considerable rise in the number of components, MDPk and MDP1 take up more time than GA on the total
running time trend line, with the majority of that time being spent during startup. When compared to GA, the time
required for the solution stage of MDPk and MDP1 is much lower. One explanation is that compared to GA, MDP is
more likely to do floating point calculations. GA lacks expected value computation, in contrast to MDP.

A constant number of virtual machines (VMs) and a variable number of NFV component jobs are used to illustrate our
experimental findings (Fig. 4). Figure 5 displays the outcomes of our experiments when the number of VMs is varied
but the number of NFV component jobs remains constant. When changing NFV component tasks or virtual machines
(VMs), MDPk might achieve the global optimum. The GA result is comparable to the MDPk result. In theory, the K-
horizon MDP can discover the optimal solution in any feasible state. Some allocation plans will be excluded when the
deadline component is taken into account, however, since the deadline partition is backward-designed while the
technique to determine the total cost is forward-looking.
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Figure 4: Cost with different number of NFV Component
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Figure 5: Cost with different number of VMS

To further investigate the potential impact of the deadline on the outcome, we devised an experiment with several due
dates for recording the total cost. Figure 6 displays the outcomes. Taking the deadline into account, the GA approach
may sometimes provide a more optimal allocation plan. Because it skips over one step and picks the best node in that
stage, MDP1 performs the poorest. What this means is that it just reflects local optimization in the near term.

7000
a000

om0

& 4000
-

g AL

2000

25 thieunit QO thimeunlt A0 Himweuniy
Deadline
wMDI'L «MDI'K =GN

Figure 6: Cost with different deadlines

For this reason, MDP1 should not be used first in cases when time is of the essence. Because MDP1 can't predict the
whole cost and the cost looks to be cheaper for certain selections at some phases, it can't strike a balance between the
short and long term. As the deadline draws nearer, MDP1 must decide whether to invest more resources to save time
and succeed or fail.

CONCLUSION

When comparing MDPk, MDP1, and Genetic Algorithm (GA), it becomes clear that MDPk achieves global
optimization and has the fastest solution stage running time. This is particularly true when dealing with different NFV
component jobs, virtual machines, and deadlines. The exhaustive state traversal in MDPK's initialization step increases
the time cost, but the solution stage is more efficient and reliable than GA, which has inconsistent results and can't
ensure global optimality. Although it would take a relatively long period, our MDPk may achieve the global ideal.
When considering the time cost, GA is the best way for solving the problem. But GA won't always come up with the
optimal answer. When faced with a tight timeline, GA can still identify a better answer. Only when dealing with
somewhat unique challenges may MDP1 save time
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