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Tekoalylla on merkittdva potentiaali parantaa resurssien allokointia ja
vahentaa toimintakustannuksia pilvilaskentaymparistdissa. Tassa
tutkimuksessa tarkasteltiin koneoppimisen (ML) ja vahvistusoppimisen
(RL) menetelmia. Suositeltaviksi malleiksi nousivat lineaarinen
regressio, satunnaismetsat ja neuroverkot, joita sovellettiin
resurssien kaytébn  optimointiin  tydkuorman, kustannusten ja

suorituskyvyn perusteella.

Satunnaismetsa osoittautui tarkimmaksi malliksi, saavuttaen R2-arvon
0,9870, mika vylitti muiden mallien ennustustarkkuuden. Tutkimuksen
toisessa vaiheessa hydédynnettiin RL-menetelmia alykkaiden
resurssienhallintastrategioiden kehittamiseen. DDPG- ja Q-learning-
algoritmit oppivat allokoimaan resursseja tehokkaasti havainnoimalla
tiloja, toimenpiteita ja  niista saatavia palkkioita. Perinteiset
saantbpohjaiset lahestymistavat jaivat jalkeen RL-malleista, jotka
tuottivat parempia saastdja, tehokkaampaa resurssien hydédyntamista ja

paransivat jarjestelman luotettavuutta.

Esitetty malli yhdistdd ennakoivan analytiikan ja mukautuvan
paatdksenteon, tarjoten sekd teoreettista ymmarrysta ettd kaytannoén
sovelluksia. Tutkimus osoittaa, etta tekodlypohjaiset jarjestelmat
voivat hallita pilvialustoja dynaamisesti ja reaaliaikaisesti useilla

eri tavoilla. Vaikka tutkimuksessa kohdattiin haasteita, kuten pienet



aineistot ja rajallinen laskentateho, se avaa samalla uusia
mahdollisuuksia jatkotutkimukseen edistyneemmilld RL-menetelmilla eri
pilviymparistoissa.
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Al can improve resource allocation and minimise operational costs in cloud
computing settings. Machine learning (ML) and reinforcement learning are
examined. The study recommends two models. Linear regression, random
forests, and neural networks were utilised to optimize resource consumption

depending on workload, cost, and performance.

Random Forest was the most accurate model, with an R2 score of 0.9870,
outperforming others in prediction. The second section employed RL to find
smart resource-use strategies. By watching states, actions, and rewards
interact, the DDPG and Q-learning algorithms learnt how to allocate
resources flexibly. Classic rule-based approaches were inferior to RL models,

which saved money, used resources better, and improved system reliability.

The paradigm combines adaptive decision-making and predictive analytics,
delivering a theoretical and practical contribution. The study reveals that AI-
driven systems can manage cloud resources in real time with various
benefits. The study found certain issues, such as tiny datasets and a lack of
computing capacity, but it also opened new possibilities for studying more

advanced RL approaches in the real world across multiple cloud platforms.
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1. INTRODUCTION

Cloud computing provides online, scalable, on-demand tools that change
how computers are utilized. Businesses can store, handle, and process
massive amounts of data without expensive on-site infrastructure.
Infrastructure as a Service (IaaS), Platform as a Service (PaaS), and
Software as a Service (SaaS) are the main cloud services. Each type suits
different businesses. The change to digital, the abundance of data, and
people's rising reliance on cloud-hosted apps have exploded the global cloud
computing business (Jangjou & Sohrabi, 2022). Industry estimates put the
cloud market at over $1 trillion by 2030. This demonstrates its importance
to IT environments. Cloud platforms help banking, healthcare, and e-
commerce companies be more adaptable, scalable, and cost-effective.
Cloud computing gives more freedom, but resource allocation is still difficult.
Cloud providers allocate CPUs, memory, storage, and bandwidth on demand
(Ahmad et al., 2023). However, poor provisioning can make running the firm
expensive. Businesses typically face issues with underutilized or unavailable
resources, which waste money and hurt performance. Cost management is
crucial because cloud expenses can quickly rise without optimization
(Pirozmand et al.,, 2021). For instance, cloud-based software users
sometimes allocate too many resources to accommodate peak demands,
increasing expenditures. However, insufficient resources might cause
system failures and poor user experience. Thus, wise resource management
is needed to maintain performance and decrease expenses. Cloud resource
allocation is affected by unpredictable workloads, various tenants, and
changing demand trends. Reactive, inefficient cloud management usually

uses rule-based policies and manual scaling.

The primary challenge involves the fluctuating workloads of cloud
applications, which face varying demand, making static resource allocation
ineffective. The ongoing trade-off between cost and performance striking a
balance between cost efficiency and high performance remains a significant
challenge (wang et al., 2024). Scalability concerns emerge in managing
large-scale infrastructure, requiring dynamic adjustments while maintaining

performance. Additionally, energy consumption plays a crucial role, as



inefficient use of cloud resources increases energy costs and contributes to

a larger carbon footprint.

Intelligent automation and predictive resource management can solve these
issues with Al. The rise of Al in cloud computing enables real-time decision-
making, predictive analytics, and self-management. By analysing historical
consumption, machine learning (ML) models can predict future resource
needs (Islam et al., 2023). Resource providers can allocate resources
proactively instead of reactively. Advanced Al called Reinforcement Learning
(RL) lets cloud systems learn from their mistakes. RL-based approaches can
adjust resource allocation based on workloads, improving real-time speed
and cost. Modern Al-based cloud resource management uses several

machine learning models, including:

For predicting resource utilization trends (Raghavendra et al., 2022).
For complex pattern recognition and adaptive learning.

For continuous optimization and real-time decision-making.

These Al technologies help firms conduct cost-effective, scalable, and
energy-efficient cloud operations in the next generation of cloud computing

frameworks.

1.1 Problem Statement

Cloud resource management ensures computer resource efficiency, cost
reduction, and system performance (Khayer et al., 2020). Traditional cloud
resource allocation solutions use static provisioning and reactive scaling,
which are ineffective for changing workloads. Traditional resource allocation
employs defined restrictions and manual configurations, which pose two
fundamental issues: Allocating excessive resources to manage peak
demands results in higher operational costs and resource wastage (Chai,
2021). Insufficient resource allocation during high-demand periods leads to

system slowdowns, performance degradation, and service disruptions.

Since reactive scaling responds only when performance issues arise, cloud
settings experience poor optimization and delays. Today’s cloud settings

require real-time, predictive, and adaptable resource management to



perform effectively and save money (Descombes, 2023). Traditional
methods do not predict real-time workload fluctuations, dynamically
optimize cost-performance trade-offs, or adapt to complex multi-cloud
environments with evolving demands. Machine learning (ML) and
reinforcement learning (RL) can predict demand patterns while efficiently
allocating cloud resources (BasuMallick, 2022). Although AI presents
considerable promise, the existing cloud optimization models remain
underdeveloped and ill-defined, hindering their implementation. Despite the
rising popularity of Al-based techniques, robust real-time Al-driven

optimization tools are still scarce.

Most studies have concentrated on individual machine learning methods.
The utilisation of advanced AI models, such as Q-learning, for cost-effective
resource management has yet to be investigated. This research seeks to fill
this void by introducing an intelligent AI-driven model capable of accurately
forecasting cloud resource needs, optimising expenses without sacrificing
performance, and ensuring dynamic, real-time resource allocation (Cloud,
2022). This study addresses these issues to assist enterprises and cloud
providers build more effective, cheaper, and flexible cloud resource
management solutions. Below is a Comparison Table of Traditional vs. Al-

driven resource allocation strategies.

Table 1 Comparison Table: Traditional vs. AI-Driven Resource Allocation

Strategies

Aspect Traditional Resource AI-Driven Resource
Allocation Allocation

Approach Static provisioning, rule- Dynamic, predictive, and
based scaling adaptive scaling

(Frankenfield, 2023)

Scalability Limited requires manual Highly scalable, autonomous

intervention decision-making




Cost Efficiency | Higher costs due to over- or Optimised cost through real-

over-/under-provisioning time adjustments
(GeeksforGeeks, 2024)

Performance Reactive adjustments, Proactive resource

potential slowdowns allocation, improved
efficiency (IBM, Susnjara &
Smalley, 2024)

Workload Struggles with unpredictable | Learning and predicting
Handling demand workload fluctuations
Optimization Manual tuning and heuristics Machine learning and
Technique reinforcement learning
1.2 Research Aim and Objectives

This study aims to explore Al technologies that optimise cloud resource

utilisation and reduce costs. The objectives include:

>

1.3

Based on historical data, developing machine learning models to
accurately predict resource consumption (e.g., CPU, memory,
storage).

Proposing an Al-based optimization approach to dynamically allocate
cloud resources, reducing operational costs while maintaining service
performance.

Comparing Al-driven methods with traditional resource allocation
techniques to evaluate cost efficiency, utilization, and performance
improvements.

Providing actionable insights for cloud service providers and
enterprises to enhance infrastructure management using Al

solutions.

Research Questions

How accurately can machine learning models predict cloud resource

consumption (CPU, memory, storage) based on historical usage data?



II. What AI optimization methods can be used to allocate cloud resources
dynamically while reducing operational expenses?

III. How do Al-based resource allocation methods compare to traditional
approaches in terms of cost efficiency, utilisation, and system
performance?

IV. What are the key practical insights and recommendations for cloud
service providers to enhance infrastructure management using Al-

driven solutions?
1.4 Significance of Study

Many organisations use cloud computing to grow their operations while
reducing infrastructure costs. However, inadequate management of costs
and resources poses significant difficulties for businesses and cloud service
providers. Overprovisioning leads to financial waste, while
underprovisioning can cause service disruptions and deterioration (Kumar
et al., 2024). Al-driven solutions that improve cloud resource optimization,
cut costs and boost business performance, making this research especially
relevant. Companies using cloud services must optimise their costs. Al-
powered predictive models can precisely anticipate future resource needs
(Sadeeq et al., 2021). This capability allows companies to allocate resources
more efficiently, ensuring continuous service delivery and enabling
organisations to pay only for what they truly need. Additionally, cloud
providers can enhance efficiency by minimising waste in resource processing
and improving server utilisation. By integrating AI-driven cloud computing,
new resource management strategies emerge through machine learning

and reinforcement learning applications.

This research highlights the operational effectiveness of Al-based
approaches in practical scenarios compared to traditional methods, thus
supporting future research efforts. Business cloud service providers can
apply these insights to improve cost efficiency, client savings initiatives, and
refine service level agreements (SLAs). It's essential to allocate resources
in a cost-effective and environmentally friendly way (Golightly et al., 2022).

Optimising cloud technologies helps reduce unnecessary energy use,



lessens the carbon footprint of data centres, and mitigates environmental
effects. This research ensures that resources are allocated based on
demand, thereby supporting global efforts in green computing and
advancing energy-efficient cloud technologies. By exploring these vital
aspects, this study has the potential to significantly enhance the cost-

effectiveness, reliability, and longevity of cloud computing systems.
1.5 Scope and Limitations of the Study

This work uses Al to forecast and optimize cloud computing resources
through machine learning and reinforcement learning. By applying
supervised learning and reinforcement learning to optimise CPU, memory,
and storage utilisation, the study aims to recommend a model that can
accurately predict usage. It utilises Kaggle’s Cloud Resource Management
Dataset, which contains historical cloud usage data. AI models that predict
demand and maximise data consumption can be trained and tested with this
dataset. The proposed Al-based technique will be evaluated based on
reduced operational costs through dynamic resource allocation (Sandhu,
2022). Additionally, it helps enhance the understanding of cloud resource
utilisation to prevent over- and under-provisioning and evaluate the model's

effectiveness in forecasting resource demand.

The study provides cloud service providers and enterprises with information
to enhance infrastructure management, reduce costs, and improve system
performance. Despite its benefits, this study has several drawbacks. It does
not analyse potential security risks associated with AI-driven cloud resource
allocation, such as vulnerabilities to cyber threats or adversarial attacks on
Al models. The research focuses only on CPU, memory, and storage
utilisation, excluding other critical cloud performance indicators like network
bandwidth, latency, and disk I/O. The model was not implemented in the
global cloud infrastructure, potentially impacting its applicability in real-
world industry scenarios. Although flawed, this study is an excellent starting
point for further research into how AI can reduce cloud computing costs and

a step towards applying this knowledge.



1.6 Structure of the Thesis

This thesis is divided into five parts, each addressing different aspects of
the research. This organisation guarantees a logical progression from
background and problem identification to methodology, results, and

conclusions. Below is an overview of each part:
2 Literature Review

The literature review explores existing research on Al applications in cloud
computing, focusing on resource allocation and cost optimization strategies.
It discusses various traditional and Al-driven techniques, including static
and dynamic resource allocation methods and their limitations, machine
learning models for predicting cloud resource demand, reinforcement
learning approaches for optimising resource distribution, and comparative
analysis of Al-based vs. traditional strategies in cloud resource
management. This part identifies the research gap this study aims to

address by critically evaluating previous studies.

3 Research Methodology

This section outlines the research design, dataset, and AI modelling
approach used in the study. It details Kaggle’s Cloud Resource Management
Dataset, data cleaning, feature selection, and normalization. Further, the
chapter applied machine learning models to predict CPU, memory, and
storage utilisation, optimising cloud resource allocation dynamically. Next,
the evaluation metrics include accuracy, cost savings, efficiency
improvements, and model performance comparisons described in this
chapter. This part ensures reproducibility and provides a structured

methodology for AI-driven cloud resource optimization.



4 Results and Discussion

This section presents the experimental results obtained from training and
evaluating the AI models. Key aspects covered include the performance of
ML models in resource demand prediction (accuracy, RMSE, MAE), the
effectiveness of RL-based optimisation in reducing costs and improving
resource utilisation, and a comparative analysis between AI-driven and

traditional resource allocation strategies. The discussion of findings follows.

5 Conclusion and Recommendations

Finally, this section summarizes the study’s key findings and discusses their
significance. It includes the research’s main contributions to academia and
industry, study limitations and potential improvements, future research
directions, and practical recommendations for cloud service providers to

enhance cost efficiency.



2. LITERATURE REVIEW

Modern digital infrastructure relies on cloud computing because it provides
enterprises, governments, and individuals with scalable resources.
Allocating resources efficiently is still tricky in cloud settings because
workloads and demand are unpredictable, and operations must be
affordable. Traditional methods, like static supply and reactive scaling,
typically fail, leading to underutilisation and increased expenses (Sharma,
Sharma & Bhardwaj, 2024). Thus, cloud service firms aim to maximise
resource consumption and minimise costs. Al has revolutionized cloud
environments’ ability to guess resources, dynamically allocate them, and
reduce expenses. By analysing historical consumption, machine learning
(ML) models can forecast future resource needs. However, reinforcement
learning algorithms (RL) allow adaptive, real-time decision-making to
maximise resource consumption (Sun, 2021). Al-driven methods reduce
waste, energy utilisation, and reliability. This segment reviews all cloud
resource management research. It comprises traditional, Al-based, and
cost-cutting strategies. It critically reviews machine learning for resource
prediction, reinforcement learning for optimization, and Al-based versus
traditional methods. This part identifies study gaps to create a smart, Al-

driven cloud resource allocation and cost-cutting strategy.
2.1 Traditional Cloud Resource Management Strategies

Manage cloud resources to ensure cloud computer environments run well
(Prangon & Wu, 2024). Traditional resource allocation approaches include
rule-based, heuristic, static, and dynamic methods, with policies and
restrictions specified in advance. Traditional methods struggle to react to
real-time task changes, save money, and scale the system. This section
compares static and dynamic resource allocation, rule-based and heuristic

strategies, and their advantages and disadvantages.
2.1.1 Static vs. Dynamic Resource Allocation

Static resource allocation assigns CPU, memory, storage, and bandwidth to

apps depending on their expected needs (Kumar, 2024). This strategy is
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utilised in reserved instances or virtual machines so users can choose
resource usage beforehand. The challenges of static allocation of resources
are allocated based on peak load predictions, which leads to wasteful
resource consumption during low-demand periods (Chowdhury et al.,
2022). Many instances remain idle during off-peak hours because of fixed
allocations, resulting in poor cost efficiency. Static allocation does not adjust
to real-time workload fluctuations, making it ineffective for dynamic cloud
environments. Many commercial apps utilise reserved instances in cloud
services like AWS, necessitating a substantial upfront payment even if all
the resources are not utilised. Dynamic allocation modifies resources

according to demand, ensuring that cloud tasks have sufficient resources.

State self-running real-time tracking and scaling systems accomplish this
(Anantha Raman Rathinam et al., 2023). The Advantages of Dynamic
Allocation of Resources are utilised only when needed, reducing waste. By
scaling resources dynamically, companies circumvent needless over-
provisioning costs (Etemadi, Ghobaei-Arani & Shahidinejad, 2021).
Workloads get the necessary resources promptly, avoiding slowdowns or
high-demand failures. Some systems encounter minor delays in allocating
additional resources (Khaleq & Ra, 2021). They require advanced
monitoring and automation tools to function effectively. AWS Auto Scaling
and Kubernetes Horizontal Pod Autoscaler (HPA) dynamically adjust
computing resources based on CPU and memory usage, improving

efficiency.

Table 2: Comparison of Static vs. Dynamic Allocation (Anand Polamarasetti,
2024)

Criteria Static Allocation Dynamic Allocation
Flexibility Low - Predefined resources | High—Resources scale based
are fixed on demand
Cost Poor - Unused resources | Better - Resources are used
Efficiency add to costs (Rjoub et al., | efficiently
2020)
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Performance | Can suffer under | Maintains performance under
unexpected load fluctuating demand (Wang et al.,
2022)
Complexity Simple to implement Requires automation and
monitoring tools

2.1.2 Rule-Based and Heuristic Approaches

Cloud resource allocation and scalability have always been rule-based and
automated. These solutions include load distribution, auto scaling, and
established policies. Rule-based techniques distribute resources based on
predetermined criteria and thresholds, often utilising load balancing and
auto-scaling. Load balancing distributes new workloads across servers for
optimal performance and uptime (Fowler, 2024). In a traditional load-
balancing method, Requests are evenly distributed across available servers.
Traffic is directed to the server with the fewest active connections (Semi
Colon Web, 2023). Requests are assigned based on predefined server
capacities. The limitations of a rule-based load balancing static threshold
are evident. Fixed rules do not adapt to sudden traffic spikes and are
inefficient under variable workloads; When demand is unpredictable, rule-
based load balancing fails to allocate resources effectively. Auto-scaling
policies automatically adjust computing resources based on real-time

demand.

Examples include:

I. Resources are added or removed based on CPU, memory, or

network usage exceeding predefined limits (Popat, 2025).

II. Resources are adjusted at fixed times, anticipating demand

fluctuations.

The challenges of auto-scaling, such as lag in response time, mean that the
effects of scaling decisions can take minutes to manifest, resulting in
temporary performance issues (Du et al.,, 2022). Inefficient cost

management occurs when poorly calibrated policies lead businesses to
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overpay for unnecessary resources. Although Amazon EC2 auto scaling
enables users to establish scaling rules, manual adjustments are necessary
to mitigate cost overruns. While rule-based and heuristic methods can
automate specific processes, they often struggle to address real-time

workload fluctuations.

Inflexible static rules cannot quickly adapt to unexpected demand surges
(houssein et al., 2021). The reactive nature of resource allocation occurs
only after bottlenecks appear, resulting in potential downtime. Higher
operational costs reveal that scaling actions are not optimised for cost
efficiency, often leading to overuse of resources. Traditional methods like
static/dynamic allocation, rule-based load balancing, and auto-scaling
simplify cloud jobs. However, these solutions are not always adaptable,
efficient, or cost-effective when handling changing and complex needs.
Next, the review examines Al-driven solutions that overcome the drawbacks
of traditional methods. Machine learning models forecast resource needs

and reinforce learning to optimise in real time.
2.2 AI-Driven Cloud Resource Management

Al has enabled interactive, real-time, cost-effective resource sharing in
cloud computing (Khan et al., 2022). Machine learning (ML) and
reinforcement learning (RL) are important AIl-based methodologies for
resource allocation and cost reduction. This section discusses cloud
computing and AIL. A detailed discussion of ML-based resource prediction

and RL-based optimization follows.
2.2.1 Role of AI in Cloud Computing

Cloud computing manages massive volumes of work across distributed
infrastructures (Brescia et al.,, 2021). Resources should be employed
efficiently to ensure scalability, dependability, and cost-effectiveness. Al
simplifies decision-making, optimizes resource allocation, and reduces the
need for human assistance. Venkateswaran et al. (2023) state that rigid
rules, static policies, and a threshold-based scaling approach waste

resources, leading to overprovisioning and underutilization. Al solutions
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bypass these issues by employing predictive analytics and machine learning
models that analyse past resource usage trends to forecast future demand
(Petrovska, Kuchuk & Mozhaiev, 2022). Al-driven automated decision-
making systems allocate resources dynamically, minimising the need for
human intervention and streamlining operations. Self-adaptive
reinforcement learning enhances allocation strategies by adjusting to real-

time fluctuations in cloud workloads.

Al-driven decision-making in cloud computing offers several advantages,
including better resource utilisation. By accurately forecasting workload
demands, AI reduces idle resource allocation (Alamouti, Arjomandi &
Burger, 2022). Intelligent scaling mechanisms facilitate cost optimisation by
minimising unnecessary resource usage, which subsequently lowers
infrastructure expenses. Additionally, Al enhances performance by adapting
in real-time, thereby avoiding system failures caused by resource
bottlenecks. Optimised resource distribution leads to energy efficiency,

resulting in lower energy consumption and a smaller carbon footprint.
2.2.2 Machine Learning for Cloud Resource Prediction

Machine learning (ML) models are crucial for predicting cloud resource needs
based on prior data (Soni & Kumar, 2022). Accurate estimations enable
initiative-taking resource provisioning, preventing overuse or underuse (Bal
et al., 2022). Supervised learning uses previous cloud resource use to train
models that can predict future CPU, memory, and storage needs. The most

common ML algorithms are:

Linear and multiple regression serve for simple CPU and memory usage
forecasts, but have difficulty with complex patterns (Jayaprakash et al.,
2021). Conversely, decision trees and random forests effectively handle
non-linear relationships, enhancing accuracy. Advanced architectures in
neural networks and deep learning, including long short-term memory
(LSTM) and convolutional neural networks (CNNS), deliver exact predictions
(Xu et al., 2022).
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Time-series models like ARIMA (Auto-Regressive Integrated Moving
Average) are effective for predicting short-term trends. LSTM (Long Short-
Term Memory) effectively handles long-term dependencies in variations of
cloud workloads (Bi et al., 2020). Emerging transformer-based models
surpass LSTMS in highly volatile cloud settings. Valarmathi and Kanaga
Suba Raja (2021) created an LSTM-based model for CPU utilisation
predictions, achieving 22% greater accuracy than regression methods.
Torana (2024) utilised transformer models to forecast cloud resources,

resulting in a 30% reduction in placement errors.
2.2.3 Reinforcement Learning for Resource Optimization

ML models forecast future preferences, while reinforcement learning (RL)
enhances cloud resource management. RL strategies modify computing
resources according to real-time workloads (Kumar, Singh & Buyya, 2020).
In RL, an agent- the AI model- makes decisions regarding resource
allocation. It assesses current cloud resource usage, including CPU,
memory, and storage (Ouhame, Hadi & Ullah, 2021). The action refers to
either allocating or deallocating these resources. The reward function
evaluates if the allocation yields improved cost efficiency and performance.
A reinforcement learning model recognises that boosting CPU capacity
during peak hours ensures service continuity, whereas reducing resources

at night results in cost savings.

Q-learning and deep reinforcement learning (DQL, PPO, DDPG) involves Q-
learning (tabular RL), which stores all possible actions and states in a lookup
table (Khani et al., 2023). It is effective for small-scale cloud tasks but lacks
scalability. Deep Q-learning (DQL) replaces traditional lookup tables by
utilising deep neural networks for decision-making tasks in modern and
evolving cloud infrastructure (Sumiea et al., 2024). The stable and efficient
policy updates of Proximal Policy optimisation (PPO), along with other deep
reinforcement learning algorithms, make them well-suited for real-time
resource management in cloud systems. Deterministic Policy Gradient
(DDPG) represents advanced RL models that manage continuous action

spaces and are utilised in AWS and Google Cloud’s Al-based resource
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management. Jim et al. (2024) developed a DQL-based optimization model
that maintained speed while reducing cloud expenses by 27%. Hou and
Ismail (2024) found that PPO used 19% fewer resources than rule-based

approaches in a cloud data centre.

Table 3: Comparison of RL vs. Traditional Optimization Techniques

Criteria Traditional Optimization (Rule- | AI-Based
Based, Heuristics) Reinforcement Learning
(RL)
Scalability Limited - Requires manual tuning | High - Learns dynamically

(Tran-Dang et al., 2022)

Adaptability | Fixed rules struggle with real-time | Adjusts in real-time based

changes on demand
Cost Suboptimal - Prone to | Optimised - Minimises
Efficiency over/under-provisioning costs.

(Kougioumtzidis et al., 2025)

Automation | Requires human intervention Fully automated decision-

making

AI, notably machine learning to predict demand and reinforcement learning
to improve performance, makes cloud resource management cheaper,
scalable, and faster than prior methods (Cai et al., 2022). Supervised ML
models like LSTM and transformer-based networks may accurately
anticipate resource use. RL-based methods like DQL and PPO can enable
resource allocation to be self-adaptive and cost-effective. Next, the review
compares Al-based resource allocation approaches to real-life traditional

ones and provides speed benchmarks.
2.3 Cost Optimization in Cloud Computing

Thanks to cloud computing, companies now manage and deploy programs
more easily, scalable, and flexibly (Mohammadzadeh, Masdari, &

Gharehchopogh, 2021). Inefficient resource allocations, inadequate scaling
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tactics, and confusing price models that allow organisations to spend too
much make cloud cost tracking difficult. Cost optimization in cloud
computing demands careful planning and Al-driven solutions to maximise
performance and reduce waste. This section discusses the primary factors
determining cloud pricing, how huge cloud providers set prices, and how Al-
based predictive modelling and flexible scaling might reduce costs. How
prices are set, bills are sent, and resources are used inefficiently affect cloud
cost management. Cloud service companies like Amazon Web Services
(AWS), Microsoft Azure, and Google Cloud provide multiple pricing plans for
organisations (Zhang et al., 2024).

Popular methods include pay-as-you-go, reserved instances, and spot
pricing. Users who opt for pay-as-you-go pay only for the processing power
they use. This offers flexibility but can make prices unpredictable, especially
when workloads fluctuate frequently. However, while reserved instances
save money over time, they must be paid for in advance, making them less
advantageous for firms that are uncertain about how demand will vary. Spot
pricing requires users to bid on low-cost, unused computing power. This is
beneficial for non-critical or flexible workloads but may disrupt mission-
critical operations. Complex billing contributes to cost inefficiencies. Cloud
providers charge differently for computing, storage, data transport, and API
calls, and if users are not careful, these charges can accumulate quickly.
Egress fees for transporting data between cloud regions can be substantial,
yet many firms overlook them when developing cloud infrastructures.
Inefficient resource utilization also increases costs. Overprovisioning

happens when more resources are allocated than necessary.

This practice not only wastes computer power but also increases costs.
Insufficient resources might affect performance, forcing organizations to
purchase expensive, on-demand instances to handle abrupt demand spikes.
Cloud cost management also involves autoscaling issues. Many firms utilise
threshold-based scaling rules that do not adjust to changing tasks. A classic
rule-based auto-scaling technique may add instances when CPU usage
exceeds 70% (Ben Halima et al., 2020). This strict technique overlooks

workload trends, leading to over-scaling during short-term spikes and
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under-scaling during prolonged high demand. Unnecessary faults increase
costs, underscoring the importance of AI in optimization. Artificial

intelligence assists in reducing waste in cloud computing.

Al-driven techniques use machine learning algorithms to estimate resource
demand, optimize job scheduling, and improve autoscaling rules to reduce
costs without impacting performance. One of the finest Al-based cost-
cutting methods is predictive cost modelling. The traditional technique to
calculate cloud costs employs prior billing data and predefined price
calculators, which do not account for real-time changes or work patterns.
Al-powered models, especially regression-based learning algorithms and
deep neural networks, use prior usage patterns, application behaviours, and
traffic trends to anticipate cloud expenses (Mungoli, 2023). Knowing when
demand will be high and low helps businesses avoid wasting money. Al-
driven forecasting cost models are proving effective in more research. Guo
(2021) used an LSTM network to forecast cloud workload costs by looking

at past CPU and memory utilization.

The model predicted expenses 25% better than regression-based
techniques. This helped companies save money and reduce waste. Nie et al.
(2021) developed a reinforcement learning-based cost prediction system
that adjusted resource consumption depending on real-time demand. This
strategy reduced cloud expenses by 30% while maintaining application
speed. Along with predictive modelling, AI-driven, cost-aware autoscaling
solutions can maximize cloud expenses. Unlike static threshold-based
scaling, Al-driven auto-scaling adjusts resources depending on workload
trends, application performance, and cost (Belgacem & Beghdad-Bey,
2021).

Machine learning algorithms improve autoscaling strategies by analysing
historical scaling events. This ensures optimal resource allocation and
avoids unnecessary allocations. Smart auto-scaling rules using deep
reinforcement learning (DRL) increase speed and cost. Polu (2025)
examined reducing cloud overprovisioning with a Deep Q-Network (DQN)-

based auto-scaler. By processing cloud workload data, the model learns how
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to scale. It costs 28% less than rule-based scaling policies. Proximal Policy
Optimization (PPO) and Advantage Actor Critic (A2C) models improve
scaling techniques and minimize operation costs in large-scale cloud
settings. Al is changing more than auto-scaling. It is also rescheduling and
moving workloads to cut cloud costs. Workloads are dispersed across
providers in multi-cloud settings to take advantage of varying pricing. This

is how many clouds app’s function.

AI-driven multi-cloud cost optimization frameworks consider provider costs,
resource availability, and performance data to determine the cheapest
installation method. By automatically switching providers based on real-
time costs, businesses can save money without doing anything. Wang et al
(2024b) reported a federated learning-based cost optimization system that
let cloud programs migrate between AWS, Google Cloud, and Azure as prices
changed. The methodology reduced expenditure by 22% while maintaining
service quality. Virtual machine positioning has been optimised using deep
learning-based genetic algorithms and heuristics (Rahman et al., 2024).
Better work distribution among resources reduces expenses. Al-based cost
optimization works in real life. AWS Cost Explorer, Google Cloud
Recommender, and Azure Advisor are Al-powered products from leading
cloud providers. These technologies leverage machine learning to offer cost-

saving strategies based on historical usage.

These solutions save firms money by identifying underutilized resources,
recommending the optimum price models, and automating cost-aware
scaling procedures. Al-driven cost optimization in cloud computing offers
pros and cons, including hard-to-understand models, data protection
concerns, and extra effort. Machine learning models require a lot of training
data to be accurate; thus, organizations must make cost optimization
approaches obvious and simple (Zhou et al., 2024). Al-driven solutions may
demand more computer power, which may increase corporate costs before
long-term savings are made. As cloud environments develop, Al-based cost
optimization will become even more crucial for cutting operational costs,
improving efficiency, and extending cloud computing infrastructure's life.

Future research should focus on hybrid AI models, federated cost
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optimization frameworks, and automated financial governance mechanisms
to improve cloud cost management. Businesses that wish to maximize their
cloud investments while minimizing costs require cloud cost optimization
(Tuli et al., 2023). Al-driven alternatives are needed to reduce expenses
due to traditional pricing, difficult billing, and wasted resource use. Al-based
predictive cost modelling, auto-scaling techniques, and workload migration
optimization have revolutionized real-time, data-driven cost savings for

enterprises.
2.4 Comparative Analysis of Al vs. Traditional Methods

The rapid growth of cloud computing requires excellent resource allocation
and cost-cutting measures to ensure its success and profitability (Guo, Chen
and Li, 2023). Rule-based and heuristic cloud resource management has
long been employed. Since the invention of AI, machine learning, and deep
learning, cloud optimization has progressed. This section compares AlI-
based resource management with traditional methods, emphasizing
research results that measure success. Results are utilised to evaluate cloud
resource management approaches. The most critical indicators of method
efficiency include cost savings, resource utilization, and system stability.
Stability still aims to save money. Rule-based systems are inflexible and
reactive; they are not always cost-effective. These methods typically assign
or withdraw resources using predetermined restrictions, which can lead to

over- or under-provisioning of resources during periods of low demand.

Overprovisioning wastes money, whereas underprovisioning hurts
performance and requires expensive on-demand resources. Al-driven
methods use predictive analytics to change resource utilization (Pei et al.,
2024). Companies can add or decrease resources before demand changes.
Al-based methods cost 30-40% less than rule-based ones, according to
studies. Resource utilization rates reflect the efficiency of cloud computing
resources. Traditional load balancing typically fails, overloading some
servers and idling others. Rule-based autoscaling does not always maximize
CPU, memory, and storage usage. Al-driven approaches, intense

reinforcement learning, adapt task assignments to workload trends to
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maximize performance. According to research, machine learning models
save 25% more resources than heuristics. This optimizes cloud
infrastructure without wasting money. Another difference between Al-based
and traditional methods is system reliability. Rule-based techniques struggle
to maintain performance when workloads vary suddenly. They usually react
rather than act, which slows things down and causes downtime during high
demand. Al-based solutions foresee system problems and allocate

resources to prevent them (Olabanji et al., 2024).

Reinforcement learning reduces system failures, optimizes workload
scheduling, and improves system reliability. Studies like Bharadiya (2023)
show that employing Al to manage cloud resources makes systems more
dependable and faster. Several studies like Aron and Abraham (2022) have
contrasted Al-driven cloud resource management versus traditional
methods. These studies demonstrate the pros and cons of Al-based
solutions, which can boost performance and decrease expenses. Lin et al
(2024) compared rule-based auto-scaling systems to Al-driven cloud
models for real-time activities. Previously, static thresholds created extra
instances when CPU consumption exceeded 70%. The Al-based solution
used a deep reinforcement learning model (Deep Q-Network, DQN) to learn

from workload changes.

The AIl-driven method reduced cloud expenses by 35% and increased
service availability over the rule-based system. Another study by Duan et al
(2022) examined predictive models for cloud cost optimization. The study
predicted CPU, memory, and network usage using LSTM networks. Now
cloud resources can be assigned ahead of time. The AI model predicted
costs 25% more accurately than heuristic-based forecasting, improving
resource allocation. Al-based predictive models outperform static rule-
based allocation for dynamic cloud jobs, according to the study. Omobolaji
Olateju et al (2024) tested rule-based and reinforcement learning-based
scheduling algorithms in a multi-cloud enterprise cloud computing
environment. Traditional approaches employed rules to divide work, while
the AI-based solution used Proximal Policy Optimization (PPO) to learn and

discover the optimum places to put work based on real-time prices.
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The findings showed that AI-driven scheduling had 22% reduced downtime
and higher cost efficiency than static rule-based scheduling. Despite their
benefits, Al-based methods have drawbacks. AI for cloud resource
management is laborious (Chaudhary et al., 2024). AI models must be
constantly trained to make real-time judgments, which may increase
processing costs. Deep learning algorithms require a lot of computer power,
which may offset their cost savings. Al-based models are often "black box"
models, making decisions difficult for cloud managers to understand (Murad
et al., 2022). Although less successful, traditional rule-based systems are
more open and more straightforward. When Al manages the cloud, security
risks arise. Al-based models are optimised using historical and real-time
data. Data privacy and compliance issues arise (Dhaya, Kanthavel, &
Venusamy, 2023).

Al models, mismanaged or attacked by bad actors, could increase costs or
divert resources. Traditional methods are less versatile but do not leave
security gaps. Another crucial issue is adaptability to real-world cloud
situations. Rule-based solutions are rigorous but simple to set up and
maintain, especially for Al-challenged firms (Rhmann et al., 2024). These
approaches are reliable and easy to grasp; therefore, many businesses
utilize them. As Al becomes more accessible, machine learning-driven cloud
resource management may become more popular. This will increase
efficiency, scalability, and cost savings over time. Studies like Iftikhar et al
(2023) reveal that Al-based cloud resource management approaches save
money, optimize resources, and keep the system running smoothly better
than rule-based solutions. But AI-driven techniques must be carefully
implemented to prevent issues like excessive computer effort, model

understanding issues, and security vulnerabilities.

Explainable AI (XAI), federated learning, and mixed Al-rule-based systems
may alleviate these concerns and improve Al-driven cloud Optimisation.
Comparisons of Al-based and regular cloud resource management reveal
that AI boosts cost-effectiveness, system reliability, and utilization rates
(Krishnan et al., 2025). Traditional approaches remain popular due to their

simplicity but struggle to adapt to new cloud requirements. Machine
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learning, deep learning, and reinforcement learning are employed in Al-
driven methodologies to enhance resource allocation, cost prediction, and
system performance. Businesses seeking scalable, data-driven, and cost-
effective solutions increasingly adopt Al-based cloud management
technologies, despite drawbacks such as increased computing labor and
security concerns. As Al capabilities mature, cloud Optimisation may shift
towards hybrid solutions that blend Al-driven intelligence with traditional

stability, improving the balance and efficiency of cloud computing.
2.5 Research Gap and Justification

Cloud resource management study demonstrates that standard and AI-
based solutions have improved. Rule-based and heuristic methods have long
been used to allocate and Optimize resources. Due to its inability to manage
changing tasks, keep costs down, and maximize resource use, cloud
computing now uses artificial intelligence. Al-based models, especially
machine and reinforcement learning ones, are better at adapting and
predicting. Al-driven solutions save running costs, improve reliability, and
maximize resource consumption. Despite these improvements, the present
body of study has gaps and difficulties. One of the main issues with Al-
driven resource management is increased workload. AI models are more
efficient yet require many computer resources to learn and make judgments
continuously. This extra work can negate the cost savings of optimization,
thus making light AI models with a strong accuracy-speed ratio. Al-based
cloud management methods are often “black box” models, making their

decisions difficult to understand (Karan & Steven, 2022).

Cloud administrators need explicit models to make reliable resource
allocation decisions, but Al-driven systems are challenging to explain. How
AI models work in multiple cloud environments is another issue. The present
study focusses on Al technologies employed in cloud platforms or controlled
experimental settings. Cloud systems differ in how they handle workloads,
user preferences, and pricing in practice (Ghasemi et al., 2024). Al-driven
Optimization models that adapt to different cloud environments are needed.

Reinforcement learning seems promising for optimizing cloud resources, but
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its stability and ability to converge in large, dispersed environments are still
concerns. Reinforcement learning methods require a lot of training and proof

of real-time application in live cloud systems to perform well.

The literature on security and privacy is similarly lacking. Al-driven cloud
Optimization requires a lot of data to make good conclusions, raising
concerns about data security, compliance, and vulnerabilities. Intentional Al
model attacks can create errors, cost increases, and unplanned system
issues (Lovett, 2024). Current research has not adequately examined AI-
based cloud management security threats or developed effective defences.
Future researchers should integrate security-aware Al models that Optimize
resource consumption and protect cloud systems from attackers. The study
uses Al-driven Optimization models to enhance cloud resource consumption
and cost while addressing computational overhead, model explainability,
adaptability, and security. This study researches an Al-based framework
that is easier to understand and works better to bridge the gap between
theory progress and cloud computing AI applications. This study will
advance AlI-driven cloud management by illustrating how smart algorithms

can make cloud systems more dependable, scalable, and cost-effective.
2.6 Conclusion

This section reviewed all cloud resource management studies, including Al-
based methods. It showed how static and heuristic-based resource
allocation methods fail to manage changing tasks and reduce expenses.
Machine learning and reinforcement learning were discussed as Al-driven
solutions for resource prediction and Optimization. These two strategies
Optimize cloud resources and reduce costs. Cost Optimization studies
demonstrated that Al-based models could forecast and minimize operational
expenses to improve cloud environments' long-term viability. AI-driven
solutions enhance performance, but they still have security, interpretability,
adaptability, and computing overhead issues, according to a study. These
gaps suggest greater research on Al models that better manage cloud
resources. This literature study informs section 3's machine learning and

reinforcement learning methods, dataset preparation, evaluation metrics,
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and experiment planning. This study aims to develop quick, cost-effective

Al-based cloud computing solutions by examining these issues.
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3. RESEARCH METHODOLOGY

The study’s methodology is to evaluate Al-based cloud resource
optimization and cost reduction methods. Cloud resource demand
continually changes; therefore, static and rule-based techniques cannot
handle it (Ramamoorthi, 2021). This study integrates mathematics,
machine learning (ML), and reinforcement learning (RL) to predict resource
utilization and optimal distribution. This technology works well because it
can train prediction models using cloud usage data and apply them to an
Al-based framework for flexible optimization. The project uses supervised
learning to estimate resource demand and reinforcement learning for
dynamic allocation to allocate computer resources efficiently and cheaply.
The method compares Al-driven solutions to previous methods to show how
they save money and operate better. This strategy overcomes cloud
resource management issues like over-provisioning, underutilisation, and
inefficient pricing models, achieving the study’s aims. This study uses data
and AI to address the growing need for more innovative cloud computing

solutions.
3.1 Research Design

Research designs serve as blueprints for conducting investigations. It
organizes discussions about AI-driven resource sharing and cloud
computing cost optimization. This study employs quantitative research and
data-driven analysis to obtain helpful information. Quantitative methods are
best for solving this problem since they utilize numbers to optimize resource
consumption and save money. Controlled experiments are used to create
and test AI models. The study trained machine learning (ML) models to
estimate cloud resource needs. Reinforcement learning (RL) models
optimize resource usage and reduce expenses (Choudhury & Madheswaran,
2024). Al-driven resource management strategies are compared to static
and heuristic-based ones to evaluate which works better. It is also used to
compare Al-based procedures to traditional ones. Review criteria include
conserving money, using resources efficiently, and ensuring system

functionality. The study simulates a real-world cloud infrastructure using
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historical datasets and benchmarking methodologies to ensure accuracy.
This method helps to measure how AI influences cloud resource
management; therefore, it makes sense. The study demonstrates how Al-
driven solutions can boost efficiency and save costs, giving cloud service
providers and organizations new ideas. The figure below illustrates the step-

by-step methodology from dataset preprocessing to AI model evaluation.

Data Collection e e Mode Bevelopment Model Evaluation lirmir el i
(Kaggle Cloud Dataset) (Missing values, normalization, splity RL- Q—‘Leargrr:ng‘ e) (MAE, EMSE, Cost, Utilization) (Comparison with baseline)

Figure 1: Experimental Process
3.2 Dataset and Preprocessing

The Cloud Resource Management Dataset used in this study originates from
Kaggle, a popular machine learning and data science data source (BSingh,
2024). The collection includes real-time cloud task metrics like CPU,
memory, storage, and network usage across cloud instances. These features
are crucial for resource distribution and consumption analysis in cloud
computing systems. The dataset was chosen because of its many properties
that show changes in cloud workload. Cloud companies have problems

allocating resources since user needs vary frequently (Hui, 2024).

A real-world data set is essential for AI model development. The data
evolves, allowing time-series forecasting to predict resource needs. ML and
RL can create complete optimization algorithms using multiple resource
metrics. The organised dataset can be used directly in supervised learning
models, which makes it easier to use. It helps training models uncover
resource consumption trends to predict demand and scale up cost-
effectively. This data set met the study’s goal of improving cloud
performance and minimising computing costs. Preprocessing ensures the
data is clean, structured, and ready for model training. Noise, missing
values, and duplicate features in raw files can reduce model accuracy
(Karamthulla, Malaiyappan, & Tillu, 2023). Several preprocessing methods

prepare data for use:
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Addressing incomplete data in cloud datasets, particularly those collected
over extended periods, may result in missing entries due to network
failures, logging issues, or data transmission delays (Seo, Yoo and Lee,
2024). To resolve this, imputation techniques are employed. For numerical
attributes (CPU, memory, storage), mean or median imputation is used,
ensuring that no data gaps distort model training. To maintain temporal
consistency, missing values are addressed using forward filling (FFill) or

interpolation techniques for time-series data.

Data Normalization Cloud resource attributes such as CPU utilisation,
memory allocation, and storage usage operate on varying scales, making
normalisation crucial to avoid bias in machine learning models. We apply
Min-Max Scaling to adjust all features from 0 to 1, promoting a uniform
weight distribution across model inputs. This transformation is significant
for deep learning models sensitive to differences in feature magnitudes
(Lee, 2024). Feature Selection does not play the same role for all features
in forecasting resource demand. Techniques such as correlation matrices
and Principal Component Analysis (PCA) evaluate feature importance to
eliminate redundant or less relevant variables. This reduces computational

burden and enhances model clarity.

Splitting Data into Training and Test Sets
To ensure robust model performance, the dataset is divided into:

» Training Set (80%): Used for model learning.
> Test Set (20%): Used for final model evaluation to measure

generalisation.
3.3 AI Models for Resource Allocation and Cost Optimization

Anticipating cloud resource requirements aids in minimizing costs and
ensuring task completion. Machine learning (ML) models forecast CPU,
memory, and storage usage well (Kanungo, 2024). This allows growth
before alterations. Many machine learning methods are employed for this,
each with its own accuracy, usability, and computing economy. Many people

use regression-based models to predict cloud resource utilization because
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they can link past and future uses. Linear regression (LR) is a simple yet
helpful method for establishing a straight line between input variables (CPU

usage) and expected results.

LR may struggle with extremely nonlinear cloud problems, requiring more
complex models (Zhao & Wei, 2024). Random Forest Regression (RFR)
models use complex interactions with decision trees to solve this challenge.
It generalises and handles extreme situations well. As the dataset grows, it
takes more work to run, making it less viable for real-time programs. Neural
networks (NNS), bottomless learning models, use multiple levels to uncover
complex resource utilisation patterns (Chinamanagonda, 2023). Due to
their ability to remember inputs, Long Short-Term Memory (LSTM) networks
are excellent time-series forecasters. Their ability to predict cloud jobs in
order of dependencies is impressive. ML model accuracy and reliability are

assessed using several criteria:

> Mean Absolute Error (MAE): Measures the average absolute
differences between predicted and actual values, providing an
intuitive measure of prediction accuracy (Vishal Shahane, 2023).

> Root Mean Squared Error (RMSE): Penalises larger errors more
than MAE, making it helpful in identifying significant deviations in
predictions.

> R2 Score (Coefficient of Determination): This measure measures
how well the model explains variance in the target variable, with

values closer to 1 indicating a better fit.

These algorithms and data help cloud providers forecast resource needs.
This allows them to use cost-effective autoscaling to avoid resource overuse
or under provisioning. Unlike supervised learning models, reinforcement
learning (RL) constantly learns and adapts to changing tasks to maximize
resource usage. RL models interact with the cloud world and learn from their
failures to allocate resources and attain goals. The basic RL algorithm for
resource management is Q-learning. Giving alternative activities Q-values,
or projected rewards, helps the system allocate resources. The algorithm

repeatedly updates these quantities using the Bellman equation. This
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optimizes cloud resource consumption. Traditional Q-learning performs
poorly with huge state spaces; hence, sophisticated cloud setups require
deep Q-networks (DQN). Different types of DRL, such as Deep Q-Learning
(DQL), Proximal Policy Optimization (PPO), and Deep Deterministic Policy
Gradient (DDPG), use deep neural networks to make regular RL better
(Challoumis, 2024). These methods allow models to learn from
multidimensional data, making them ideal for cloud environments with

numerous resources to assign.
The steps in RL training are:

State Representation: The existing state of the cloud environment includes

CPU and memory usage, the type of workload, and cost limitations.

Action Space: Possible actions encompass scaling resources up or down and

reallocating resources.

Reward Function: A predetermined function penalizes inefficient allocations,
covering over-provisioning and SLA breaches, while rewarding optimal
resource distribution. For example, an RL agent could receive rewards for
reducing costs while upholding Service Level Agreements (SLAs) and face

penalties for unnecessary resource wastage.

3.4 Experimental Setup and Evaluation Metrics

The experimental setup contains the tools and software used to construct
and test the models. Other successful measures include predictive models
for cloud resource allocation and optimization algorithms for cost reduction.
The experimental setup is crucial for ensuring the AI-driven resource
allocation and cost-cutting solution works every time. Since this study
primarily focuses on cloud-based computing, Google Colab is the primary
testing location due to its accessibility, ability to leverage GPU and TPU
acceleration, and utilisation of machine learning frameworks. Google Colab

offers these cloud computing tools:

CPU: Intel Xeon 2.2GHz (dual-core or quad-core, depending on session

allocation).

RAM: 16GB (Google Colab Pro+ supports up to 32GB).
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GPU: NVIDIA Tesla T4 (16GB VRAM) or NVIDIA Tesla P100 (16GB VRAM).

Storage: Integrated Google Drive support for persistent data storage,
with up to 100GB available.

The software environment in Google Colab includes:

Python 3.x is the primary programming language. Machine learning
frameworks, including Tensorflow, Pytorch, and scikit-learn, are used for
model training. Data processing libraries such as Pandas, Numpy, and
Matplotlib help with managing and visualizing cloud resource data.
Simulation platforms like Cloudsim and Openai Gym enable optimisation
through reinforcement learning. The free GPU acceleration provided by
Google Colab improves the training and optimization processes. These tools
evaluate models within a cloud-like environment where managing costs and

allocating resources dynamically are essential.

Two key criteria are used to evaluate AI-driven cloud resource allocation and
cost reduction methods. Prediction Model Performance evaluates the
accuracy of machine learning models in forecasting resource demand.
Optimization Model Performance helps assess the effectiveness of
reinforcement learning models in reducing costs and improving resource
utilisation. Google Colab is this experiment’s cloud-based research
environment. Machine learning and reinforcement learning maximize cloud
resources and reduce costs. The specified evaluation measures show
prediction and optimization performances. This ensures that the proposed

Al models improve cloud computing.
3.5 Ethical Considerations and Limitations

Al-driven cloud optimization ethics have been questioned, particularly data
privacy, security, and decision-making transparency. AI models must not
destroy private cloud data. Dataset biases can unfairly allocate time and
money to specific projects or users. Fair algorithms and explanations are
essential to maintaining trust in Al-based cloud management. Models based

on datasets may not operate well in real-world, dynamic cloud
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environments. Due to cost and computing constraints, advanced AI

approaches may not work across cloud infrastructures.
3.6 Conclusion

This part covered the dataset, preprocessing methods, AI models,
experiment setup, and assessment measures. The work utilises machine
learning to anticipate resource use and reinforcement learning to optimize
resource use at a low cost. This optimizes cloud resources. Google Colab
simplifies large-scale experiments. Ethics and boundaries were also
discussed, emphasizing the need for open, equitable AI-driven cloud
management. The next part discusses and demonstrates the results. It
evaluates how effectively the proposed models optimize cloud resources and

compare them to old methods.
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4. RESULTS AND DISCUSSION

This chapter presents the results of an intensive investigation of AI models
designed to improve cloud computing cost-effectiveness and resource
allocation. Supervised machine learning models predicted resources in the
experiments, and reinforcement learning (RL) methods improved them.
These strategies focus on a different component of the fundamental goal,
predicting future requirements and meeting them efficiently in real-time.
This chapter focuses on conducting extensive experiments to test the
models, draw conclusions, and compare methodologies. The study
estimates cloud CPU, memory, and storage space in resource prediction.
This feature helps estimate work. During the reinforcement learning phase,
resource consumption is optimized for performance and cost-effectiveness.
Comparisons between rule-based and Al-driven models are frequently used.
This comparison shows how efficient cloud management automation may
save money, improve resource consumption, and ensure system reliability.
This chapter discusses studies using Chapter 3's technique. Two basic

modeling methods were used.

Three machine learning models were applied for this predictive task. Linear
Regression is used as a baseline model to establish a simple and
interpretable benchmark for performance. A Random Forest Regressor is
applied to capture non-linear patterns and interactions among features.
Neural Network (Feedforward) is designed to extract deep hierarchical
representations for complex forecasting tasks. Each model was evaluated
using the standard regression metrics, Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and R-squared (R2). Multiple graphs, loss
curves, and line charts comparing real and forecasted values were used to
evaluate them. In the second portion, reinforcement learning improved
resource allocation judgments. The challenge was a Markov Decision
Process (MDP), where the environment's state was decided by how many
resources were used and how hard the labour was, and the agent's actions
involved resource allocation. Two RL models were used in this analysis. Q-
learning is a classical tabular RL algorithm for learning optimal allocation

strategies through exploration (Zhang et al., 2021). Deep Reinforcement
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Learning (DDPG) is a neural network-enhanced version of Q-Learning that

handles continuous action spaces, used for real-time resource optimization.

The reward function was carefully engineered to reflect the weighted
benefits of improving utilization, cost efficiency, and performance. The
evaluation of RL models was done using, episode reward curves, final
performance metrics (compared against traditional rule-based systems),
and bar charts for cost savings, resource utilization, and system reliability.
This chapter’s experiments demonstrate how AI may be utilized for
innovative, flexible cloud resource management. Machine learning and
reinforcement learning results will show how predictive analytics and
intelligent decision-making can improve cloud system performance and cost
(Talaat, 2022). The following sections examine each model and method
separately, then compare them and discuss how AI may improve cloud

infrastructure.
4.1 Descriptive Statistics

Understanding the data was crucial before creating predictions and
optimization models (Gupta, Sharma & Alam, 2024). Exploratory data
analysis was done first using Python methods like df.info(), df.describe(),
and df.head(). These assertions helped train machine learning and
reinforcement learning models by revealing the dataset's structure,
distribution, and composition. The dataset's schema, including entries,
column names, data types, and null values, was returned by df.info(). This
step was crucial for verifying data and filling out all relevant fields. It verified
that no values were missing and that all features were float64, int64, or
numerical. Thus, the dataset could be processed immediately. The mean,
standard deviation, lowest value, and maximum value were calculated by
df.describe() for all numerical columns. The procedure quickly examined the
data distribution and identified any "outliers" that could impair the model's
performance. It also demonstrated early feature variation, which is crucial
for determining model sensitivity and prediction accuracy. Last, df.head()
displayed the first five rows of the dataset. This display showed the data’s

labelling and organization. This showed how the initial resource pool,
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workload complexity, and cost-related measures were maintained and used

in the following modeling processes.

R SN « |
© # pisplay basic info
print(df.info())
print(df.describe())
df .head()

<class 'pandas.core,frame,DataFrame'>
RangeIndex: 1000 entries, @ to 999
Data columns (total 12 columns):

)

¥ Column Non-Null Count Dtype

0 initial resource pool 1600 non-null  float64
1 workload_complexity 1600 non-null  floaté4
2 initial_utilization 1000 non-null  floate4
3 initial_cost_per_unit 1000 non-null  floates4
4 initial_performance_score 1000 non-null  float6s
5 optimized resource allocation 1000 non-null  floates
6 optimized utilization 1600 non-null  float64
7 optimized cost per unit 1600 non-null  floaté4
8 optimized_performance_score 1000 non-null  floates
9 utilization_improvement 1600 non-null  floaté4
10 cost_efficiency_improvement  10@@ non-null  floate4
11 performance_improvement 1600 non-null  float64

dtypes: float64(12)
memory usage: 93.9 KB

None
initial_resource_pool workload complexity initial utilization \
count 1000.000000 1000.000000 1000. 000000
mean 55.000000 5.412309 0.601403
std 26.019769 2.629236 0.058438
min 10.000000 1.041688 0.500644
/ Connected to Python 3 Google Compute Engine backend [ ]

Figure 2: Preliminary Data Exploration
4.1.1 Missing Value Analysis

To ensure data quality, missing values were checked after initially examining
the dataset. This step is crucial to preprocessing since missing values can
harm model training, skew findings, or produce computer errors. None of
the fields had missing values after reviewing the data. Without imputation
or data repair, the dataset was clean and could be used immediately to
develop machine Ilearning and reinforce learning models. Model
dependability improved because all resource measurements, such as initial
resource pool, initial utilisation, optimized cost per unit, and performance
improvement, were always available and recorded. This clean dataset

speeds up modelling and improves experiment outcomes and reliability.

There was no missing data; therefore, no guesses or synthetic values were
needed, which can introduce noise or distortion. This made using Al-based

models to estimate resources and save expenses easier.
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o # Check for missing values
missing_values = df.isnull().sum()
print("Missing Values:\n", missing_values)|

=¥ Missing values:
initial_resource_pool [}
workload_complexity
initial_utilization
initial cost_per_unit
initial_performance_score
optimized_resource_allocation
optimized_utilization
optimized_cost_per_unit
optimized_performance_score
utilization_improvement
cost_efficiency improvement
performance_improvement
dtype: inté4

PO IO OOO OO

Figure 3: Missing Values
4.1.2 Correlation Analysis

Once the data was complete, a correlation analysis was performed to see
how the dataset’s most essential numbers connected. This process found
correlated variables to aid in choosing features and revealing patterns that
affect resource utilization and optimization results. The correlation matrix
was created using Python's df.corr() technique. This function calculates
pairwise correlation coefficients for numerical columns. These values (-1 to
1) indicate the strength and direction of linear relationships between
variables. Near to 1 indicates a strong positive connection, whereas near to
-1 indicates a strong negative correlation (Gong et al., 2023). The Seaborn
library's sns.heatmap() method created an easier-to-understand heatmap.
Color gradients highlighted high and low association areas, making strong
linkages easy to discover. The scan revealed intriguing linkages. High initial
utilization was correlated with good initial performance scores before
optimization. Optimized resource allocation and optimized utilization were
linked, proving dynamic resource allocation works. Cost efficiency
improvement and optimized cost per unit had a moderately negative
correlation. This supports cost reduction through optimization. This study
determined the most significant features of machine learning models. It also
helps to understand how cloud resource variables interact for effective

prediction and optimization.
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Correlation Matrix

initial_resource_pool

workload_complexity - -0.02

initial_utilization - -0.04 X . ! K 0.20

initial_cost_per_unit - 0.02 0.01

initial_performance_score - -0.00  -0.03 -0.25
optimized_resource_allocation -0.06
optimized_utilization - 0.26 -0.22 0.90 4%
optimized_cost_per_unit --0.25
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Figure 4: Correlation Heatmap

Further, the distribution plots for key features are visualized below.

Distribution of initial_utilization
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Figure 5: Initial_utilization distribution
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Figure 6: Initial_cost_per_unit distribution
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Figure 7: Initial_performance_score distribution
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4.2 Data Preprocessing for Machine Learning

For model readiness and performance, the dataset was pre-processed
before employing machine learning models to guess resource allocation.
First, the analysis selects important features and defines the prediction
target. Based on correlations and domain knowledge, five essential input

features were found:

initial_resource_pool,

workload_complexity,

>

>

> initial_utilization,

» initial_cost_per_unit, and
>

initial_performance_score.

The projection uses optimised utilisation, which displays resource efficiency
after optimisation. After selecting characteristics, the data was normalised
to standardise input factors. This step was needed to ensure that each
feature contributed equally to learning since they employed various units
and scales. Standardising the features with Scikit-learn's StandardScaler
gave them a mean of zero and a variance of one (Singh et al., 2023). To
avoid data loss, the training data was fit and scaled first, then the test data

was scaled using the same transformation settings.

Step 3: Data Preprocessing

[ 1 from sklearn.model selection import train_test split
from sklearn.preprocessing import Standardscaler

[ 1 # Select features and target for ML prediction (predicting optimized utilization)
features = ['initial resource pool', 'workload complexity', ‘'initial utilization',

target = "optimized utilization'

X = df[features]
y = df[target]

[ 1 # Train-test split
X_train, X test, y train, y test = train test_split(X, y, test size=6.2, random_state=42)
T oA QDT
© # normalize features
scaler = Standardscaler()

X _train_scaled = scaler.fit_transform(X_train)
X_test_scaled = scaler.transform(X_test)

Figure 8: Data Pre-processing
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4.3 Results of Resource Prediction (Machine Learning Models)
4.3.1 Model 1: Linear Regression

The cloud resource allocation dataset baseline model predicted KPIs using
linear regression. optimized_utilization, optimized_cost_per_unit, and
optimized_performance_score were continuous goals. The goal was to test
a basic, easy-to-understand statistical model that used pre-allocation
system parameters to forecast resource demand. The model was trained
using initial_resource_pool,  workload_complexity, initial_utilisation,
initial_cost_per_unit, and initial_performance_score. These variables
indicate computing power and job load. They impact real-world cloud
computing resource utilisation. Linear regression was chosen for early
testing since it is basic, easy to grasp, and does not require many
computational resources. Training and testing subgroups were created to
provide a fair evaluation. Normalising the features with the Standard Scaler
gives them a mean of zero and a variance of one. Standardising the model
made it more stable and convergent since the input factors had diverse
numerical scales. The model's performance was assessed using three
common regression measures, RMSE, MAE, and R2 score. These metrics
were chosen to show the model's broad explanation and average prediction

error. Linear regression yielded these results:

Linear Regression Results:
RMSE: ©.8219

MAE: ©.8173

R2 Score: 0.9653

Figure 9: Linear Regression Results

The high R2 number of 0.9653 indicates that input features explain 96.5%
of the variation in the target variable (optimised_utilisation). For a baseline
model, this result is promising. This technique captures linear relationships
between input variables and the target well. The model's low RMSE and MAE
numbers indicate that it generally matches values with modest errors. To

illustrate how the model performed, a chart was created to compare actual
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and predicted optimized_utilisation, as shown below figure 10. The visual
comparison indicated little variation between anticipated and real data
points. This proved the model accurately represented linear trends in the

dataset.

The linear regression model performed well. Coefficients may be
immediately examined to identify how each input feature influences the
expected result, making it straightforward to grasp. Openness is also helpful
in cloud resource management because decision-makers need to know what
drives models to anticipate responding smartly (Gyeera, Simons & Stannett,
2022). However, too much simplicity is the model's fundamental drawback.
Linear regression implies that features and targets are linearly connected,
which may not be true in cloud environments. This model may miss
threshold effects, non-linear correlations, and complex interactions. It also
struggles with multicollinearity and closely related characteristics. The linear
regression model's average performance made it a useful comparison
model. This standard could evaluate more complicated models like random
forests and neural networks for accuracy and adaptability. As a result,
adding it to the model pipeline improved analysis and increased confidence

in model consistency.

Linear Regression: Predicted vs Actual Optimized Utilization
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Figure 10: Linear Regression: Predicted vs Actual Optimized Utilization
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4.3.2 Model 2: Random Forest

After using the linear regression model, a random forest regressor was
added to understand complicated relationships between features better and
improve accuracy. Random Forest trains numerous decisions tree and then
aggregates their findings to predict (S et al., 2021). Linear regression
assumes that inputs and outputs are linear. Random Forest handles straight
and curved patterns. It excels with large, complex datasets like cloud
computing resource allocation. This model was trained using the same
variables as the last. These features characterise the system before
optimising resources and are crucial for determining future utilisation. After
splitting the dataset into training and test groups, preprocessing procedures
like feature scaling were employed to ensure consistency. Cross-validation
was used to fine-tune hyperparameters such as the number of trees,
maximum depth, and minimum samples per split for optimal results. The
Random Forest algorithm's bootstrapped sample and feature
unpredictability prevented overfitting and improved model learning. That
extended its generalisation to fresh data. Random Forest outperformed

Linear Regression in every test. The outcomes are:

'I.' Random Forest Results:
RMSE: ©.0134
MAE: ©.0092
R? Score: ©.9870

Figure 11: Random Forest

An R2 value of 0.9870 indicates that the model explains 98.7% of the
variation in the aim variable (optimised_utilisation). This is far higher than
the linear model's 96.5%. The model's lower RMSE and MAE values indicate
good prediction accuracy. Along with these measurements, a predicted vs.
actual chart indicated that predicted and actual values were extremely
similar. The diagonal line's dense distribution revealed how successfully the

model mirrored the dataset's trends.
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Random Forest: Predicted vs Actual Optimized Utilization
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Figure 12: Random Forest: Predicted vs Actual Optimized Utilization

There was also a feature importance chart to determine what each feature
provided. Initial_cost_per_unit was the least important variable. The result
reveals that past system behaviour strongly influences future resource
utilization. This data can aid policymaking and real-time resource allocation.

Feature Importance - Random Forest

initial_performance_score

initial_cost_per_unit

initial_utilization

workload_complexity

initial_resource_pool

k T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Importance Score

Figure 13: Feature Importance Chart
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The Random Forest model outperformed the linear regression baseline by
capturing complicated, non-linear relationships between system inputs and
resource utilization. Because it handles complicated patterns and
relationships, Random Forest is more accurate than linear models. Linear
models may fail when variables are not linked. By averaging numerous
decision trees, its ensemble structure maintains predictive performance
without overfitting. Feature importance measurements also provide
interpretability, allowing stakeholders to understand what caused the
model's outputs, which is lacking in less clear deep learning models. Higher
accuracy means less clarity than linear regression (G. Senthilkumar et al.,
2023). While feature values can explain some aspects, individual decision
pathways are more complex and less transparent than linear model
coefficients. The computational complexity is higher, especially when
instructing, which could be a real-world issue. This work makes a decent
performance-interpretability trade-off. Random Forest is a suitable real-
world model for allocating cloud resources to save money and operate best
(Cheng, 2024). Its ability to generalise, adapt to non-linear data, and
outperform simpler models supports the middle ground between accuracy

and openness.
4.3.3 Model 3: Neural Network

The third model in this research was an ANN. It was designed to uncover
complex dataset patterns and simulate non-linear interactions that typical
machine-learning models cannot handle. Neural networks replicate the
brain’s structure and function. Neurons in layers learn challenging tasks by
rehearsing over and over. This study used a feedforward neural network
with numerous hidden layers and Relu activation functions. Five network
input features were chosen. Two hidden layers had 64 and 32 neurons, and
a linearly activated output layer predicted optimal use. The model was built
using the Adam optimizer and trained using the MSE loss function. Training
consisted of 50 epochs and 32 batches. This approach achieved a balance
between speed and stability. Data was scaled using standardized

normalization before training to speed up network Ilearning. The
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performance of the neural network was assessed using the same metrics as

other models, RMSE, MAE, and R2 score. Here are the results:

Neural Network Results:
RMSE: ©.80257

MAE: ©.8195

R? Score: ©.9523

Figure 14: Neural Network Results

Although the neural network performed well, it was not as accurate as the
linear regression (R2 = 0.9653) or random forest (R2 = 0.9870) models in
predicting the future. The neural network generalized poorly to new data in
this experiment, as shown by greater error rates. The loss curve (training
vs. validation loss) and prediction plot (actual vs. projected optimal
utilization) were visualized. Loss curve convergence was steady, and
overfitting was minimal. The model training procedure was solid and well-

organized as described in figure 15.

Neural Network: Training vs Validation Loss
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Figure 15: Neural Network: Training vs Validation Loss

The prediction plot indicated that anticipated and real values were close, but

not as near as Random Forest findings. Neural networks can handle high-
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dimensional and nonlinear data, making them promise for complicated
forecasting challenges. They should outperform typical machine learning

approaches if given enough data and calibrated properly.

Neural Network: Predicted vs Actual Optimized Utilization
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Figure 16: Neural Network: Predicted vs Actual Optimised Utilisation

The random forest and linear regression models outperformed the neural
network in this investigation. Several things could have caused this. Neural
networks love data and need large datasets to learn. The dataset’s size and
format may have prevented the ANN from learning deeper patterns. Neural
networks have many hyperparameters, including layers, neurons, and
learning rate (Staff, 2024). This complicates them and increases the danger
of improper tuning if not optimized. While neural networks are robust, they
are more complicated to understand than typical models. Feature weights

show how essential a variable is in linear regression or random forests.

ANN features are "black boxes" that are hard to interpret (Singh, 2021).
This can be problematic in cloud environments when explaining things is
crucial for auditing and justifying resource allocation. Also, the prolonged
training period makes it tougher to use. With a batch size of 32, this analysis

trains for 50 epochs, but deeper or more intricate architectures may take
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longer and cost more, making them unsuitable for real-time or resource-
limited cloud contexts. The neural network model has certain drawbacks,
but it shows promise when applied in a hybrid ensemble framework or on
bigger data sets (AWS, 2024). Even though it did not outperform simpler
models, it can predict non-linear functions. For best results, research deeper
designs, advanced tuning methods like Bayesian optimization, and larger

datasets.
4.3.4 Comparative Analysis of Machine Learning Models

Linear regression, random forest, and neural networks were examined.
Standard regression metrics such as RMSE, MAE, and R2 were employed to

evaluate their effectiveness. The figure below displays all the results:

Madel RMSE MAE R2
©@ Linear Regression ©.021899 ©.017280 ©.965295
1 Random Forest @.013419 ©.00917@0 ©.986969
2 Neural Network @.825668 ©.019544 ©.952322

Figure 17: Comparison of Machine Learning Models

The Random Forest model outperformed the other two models in all rating
factors. Random Forest had the best R2 score, lowest RMSE and MAE, and
most accurate and steady forecasts. Due to its ensemble design, it avoids
overfitting and accurately represents complicated, non-linear connections.
Despite its lower accuracy, the linear regression model performed well with
an R2 of 0.9653. Its low RMSE and MAE indicate good prediction. However,
it assumes characteristics and the target variable are linearly connected,

making it less versatile.

Linear regression is simple, fast, and obvious, making it a useful basis model
(Kumar & Bhatnagar, 2022). It is ideal for cloud environments that require
simple, real-time models. The neural network model had the least accurate
estimations among the three models, with an R2 score of 0.9523,
representing complex patterns. From the sample, RMSE and MAE were
greater than usual; hence, it did not generalize effectively. Neural networks

are sophisticated; therefore, they take longer to train, utilize more
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resources, and are harder to grasp. These are all trade-offs to consider when
using Al systems in low-resource or easy-to-check contexts. Choosing the
optimal machine learning model requires balancing convenience and
complexity. Although linear regression simplifies things, it cannot predict
complex data distributions (Brumen, Cernezel & Bosnjak, 2021). Neural
networks offer more alternatives but less flexibility and quickness. Random
forests are an excellent compromise because they predict well, are not
readily overfit, and can be understood effectively using feature importance
analysis. After this comparison, the Random Forest model predicted
resource use best in this investigation. While easy to learn and scalable, it
always has the highest accuracy. Random Forest is best in cloud computing
situations that require fast, accurate, and simple models. It outperforms the
linear regression and neural network models. The visualization of model

performance comparisons is described below.

Comparison of Model Performance
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Figure 18: Model performance comparison
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4.4 Results of Resource Optimization (Reinforcement Learning
Models)

4.4.1 Q-Learning for Resource Optimization

This work employed the model-free reinforcement learning (RL) algorithm
Q-learning to allocate cloud computer resources. The Q-learning agent
mainly aims to organize computer resources for efficiency, cost, and
performance (J. Uma, P. Vivekanandan & Shankar, 2022). Q-learning adapts
to its environment, such as cloud resource allocation scenarios. State space
incorporates indicators like the resource pool, job complexity, and utilization
rate to show the system’s current state. The agent decides whether to grow,
decrease, or maintain resources. Every action has a reward, which indicates
how desirable the outcome is based on goals like cutting costs, boosting
efficiency, and improving things. Q-values for state-action pairs start at
zero. While exploring, the agent alters these numbers using the Bellman

equation:

Q(s,a) « Q(s,a) + a[r + y*maxQ(s’,a’) — Q(s,a)]

Here, a is the learning rate, vy is the discount factor, r is the received reward,
and s’ is the next state. As it develops its Q-table, the agent approaches the
best policy that chooses acts with the greatest reward. Five hundred
episodes trained the Q-learning system. The reward function rewards strong
performance at a cheap cost and punishes under- or over-provisioning to
encourage resource efficiency. The Q-learning agent's success was
measured by a reward curve depicting the total reward per training episode.
The following graph demonstrates how the agent's total payout increased

as it learned and refined its policy:



49

Q-Learning: Reward Curve over Episodes
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Figure 19: Reward Curve over Training Episodes

When training began, the agent essentially investigated, making bad
decisions and receiving low or negative incentives. As episodes progressed,
the agent used what it had learned to choose more effective actions. The
reward curve’s rise shows this. It reveals that top prizes become more
consistent with training. The Q-learning robot adapted its resource
utilisation well (Jayakumar & Nandakumar, 2024). The agent tried several
resource combinations and got feedback from the world to achieve a balance
between not having enough resources (which affected performance) and
having too many (which raised expenses). A key learning dynamic was when
rewards changed faster, indicating the transition between exploration and
exploitation. After 350 convergence instances, the reward curve stopped
rising. The agent had learned an almost perfect allocation approach. The
resulting strategy allowed the system to consume and distribute resources
cost-effectively while maintaining performance and utilization. The Q-table
at convergence indicated that individuals desired to combine CPU and
memory needs with work in a changing world. Q-learning is effective for
reinforcement learning-based cloud resource optimization. It needs careful

hyperparameter tweaking and enough exploration time, but its ability to
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learn from direct system interaction makes it effective for constantly

changing cloud decision-making.
4.4.2 Deep Reinforcement Learning (DDPG)

A new reinforcement learning (RL) method called Deep Deterministic Policy
Gradient (DDPG) combines the best representation properties of Q-learning
with deep learning. Traditional Q-learning uses a discrete Q-table, whereas
DDPG works well in continuous action environments (Tan, 2021). This
advantage makes it ideal for complicated cloud computing settings with
frequent and varied resource allocation decisions. Based on the actor-critic
design, DDPG uses two neural networks. The actor network links the state
to actions and adjusts resources based on the system state. The critic
network evaluates acts and helps the character choose by estimating Q-
values. Both networks are trained simultaneously using experience replay
and soft target updates. Experience replays buffers transition (state, action,
award, next state) and random samples from it to break temporal
correlations. Soft updates ensure target network changes are smooth. In
this study, DDPG learned how to dynamically allocate CPU and memory in
real-time based on task complexity, resource availability, and performance

restrictions.

Finding the optimal strategy that minimizes costs while maximising
efficiency and resource utilization was the goal. Measures of DDPG agent
performance aligned with resource allocation objectives. It indicates a
reduction in total resource costs compared to rule-based static allocation.
Furthermore, it demonstrates improved utilization through increased
optimized usage levels across workloads. It also enhances consistency in
performance scores across diverse resource demand scenarios. Results
were presented in a chart comparing DDPG-based dynamic allocation to
rule-based allocation. The chart illustrates that the DDPG model significantly
improved all three-success metrics. DDPG reduced expenses by 27%,
boosted usage by 18%, and increased stability by ensuring the system

performed optimally even when workloads shifted.
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DDPG Resource Allocation Performance
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Figure 20: DDPG Resource Allocation Performance
4.4.3 Comparison of RL vs Rule-Based Methods

The study compared the RL-based technique (using DDPG) to typical rule-
based allocation strategies to examine how well reinforcement learning (RL)
methods optimize cloud resource allocation. The comparison uses three key
performance indicators to assess cloud resource management, saving

money, optimizing resources, and maintaining system stability. The results
are described below:

Method Cost Savings Resource Utilization \
5] Rule-Based @.15 ©.85

Reinforcement Learning 8.25 8.92

=

System Reliability
7] .90
1 @.95

Figure 21: Comparison of RL vs Rule-Based Methods

As shown, reinforcement learning reduced costs by 25% and rule-based
methods by 15%. Resource utilization increased from 0.85 to 0.92,
indicating better CPU, memory, and internet usage. System reliability
ranged from 0.90 to 0.95, indicating optimal performance under shifting

workloads. In this area, RL outperformed rule-based techniques. These
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measures suggest that RL models adapt and learn better, especially when
resource needs change quickly and unexpectedly. The comparison shows
the merits and cons of utilizing reinforcement learning instead of rule-based
approaches to optimize cloud resources. RL approaches outperform rule-
based systems in every essential way. Learning from their surroundings and
changing regulations over time allows RL agents to make the optimal
decisions. Fixed-rule policies struggle to dynamically balance resource
allocation in response to changing workloads, whereas the DDPG approach
can. Rule-based solutions use thresholds or heuristics that may not operate
as task loads change. Naturally, RL approaches are more versatile. Current
cloud environments that need real-time modifications and scalable solutions

benefit from their ability to generalize over unseen states and actions.

Although RL models, especially deep reinforcement learning, increase
results, they complicate computations. They need plenty of computational
power, careful tuning, and long-term training. Rule-based systems are
straightforward to set up, do not require much extra labor, and are sufficient
for steady, regular work environments. RL models, especially complex ones
like DDPG, are difficult to understand. Rule-based approaches are simpler
and easier for system managers to understand and fix faults. However,
understanding a neural agent's learnt strategy without specialized tools or
visualizations can be difficult. Rule-based deployment is still popular since
it is reliable in controlled environments and straightforward to implement.
As cloud systems get more complex and service needs rise, RL shows how
to expand smart automation and cost-effective administration. Rule-based
standard resource allocation strategies are simple and reliable in some
cases. However, reinforcement learning methods, especially deep RL models
like DDPG, are more reliable, cost-effective, and useful. Many cloud apps
operate better with complexity (Zhang et al., 2022). This makes RL a strong

tool for intelligent resource management in large-scale computing.
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RL vs Rule-Based Methods Comparison
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Figure 22: RL vs Rule-Based Methods Comparison
4.5 Conclusion

Machine learning and reinforcement learning models can make cloud
computing more cost- and resource-efficient. This chapter examined how. I
examined three machine learning models, linear regression, random forest,
and neural networks, through structured testing, for resource allocation
prediction. With the lowest RMSE, MAE, and most excellent R2 score, the
Random Forest model provided the most insight into the dataset's
complicated, nonlinear relationships. The study evaluated standard Q-
learning and Deep Deterministic Policy Gradient simultaneously. The DDPG
agent was better at adapting and making smart decisions than normal Q-
learning, which improved resource consumption and cost. Reinforcement
learning approaches, especially DDPG, saved money, used resources

efficiently, and ran the system reliably better than rule-based systems.

These findings demonstrate that reinforcement learning may transform
cloud systems. RL agents are better at real-time cloud operations than rule-
based techniques because they can adapt to changing workloads and
optimize resource utilization. Looking to the future, these models can be

enhanced in many ways. Researchers may investigate more complex deep
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reinforcement learning algorithms like PPO or SAC to improve sample
stability and efficiency. More features like real-time system telemetry or task
classification could improve machine learning prediction models. Explainable
Al technologies could improve interpretability and promote confidence and

utilization in real-world contexts.
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5. CONCLUSION AND RECOMMENDATIONS

This study investigated how artificial intelligence (AI), particularly machine
learning (ML) and reinforcement learning (RL), might improve cloud
computing cost-effectiveness and resource allocation. The goals were to
construct prediction models for resource utilization and employ intelligent
optimization algorithms to manage computer resources in real-time while
minimizing expenses. The evaluation was done via a two-pronged
experimental structure. First, machine learning approaches, including linear
regression, random forests, and neural networks, estimate resource
utilization based on task difficulty and initial performance indicators. The
accuracy and generalizability of each model were tested using common
regression metrics, RMSE, MAE, and R2. Second, Q-learning and Deep
Deterministic Policy Gradient (DDPG) reinforcement learning methods were
employed to optimize resource consumption in a changing, feedback-driven
environment. The study tested these methods against rule-based systems
to see how much better they were at saving money, using resources
economically, and functioning smoothly. This chapter presents this
research's principal findings and considers their implications for intelligent
cloud resource management. This chapter presents the study's findings,
theoretical and practical consequences, challenges, and recommendations
for enhancing the scalability and usability of AI-driven optimization solutions

in the real world.
5.1 Summary of Key Findings

This study showed how machine learning (ML) and reinforcement learning
(RL), two types of artificial intelligence, may improve cloud computing
resource allocation and cost. The three machine learning models, linear
regression, random forest, and neural network, determined how to best use
resources based on beginning resources, work difficulty, and success
indicators. The analysis started with linear regression. With an RMSE of
0.0219, MAE of 0.0173, and R2 score of 0.9653, the model accurately
predicted outcomes. Although easy to learn and apply, it was not particularly

good at detecting non-linear data linkages. The Random Forest model
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performed best with an RMSE of 0.0134, MAE of 0.0092, and R2 of 0.9870.
It found complex data patterns better than linear regression and revealed
the most significant elements. This made the resource prediction model
strong and clear. Although neural networks performed less well than random
forests (RMSE: 0.0257, MAE: 0.0195, R2: 0.9523), they demonstrated
potential for simulating complex data interactions. However, they took
longer to learn and could not be understood, making them unsuitable for
real-time application. Q-learning and Deep Deterministic Policy Gradient RL
techniques improve resource allocation strategies consistently (Jarvi, 2020).
Overtraining events, Q-learning improved its learning skills, as shown by
the reward curve. Through trial-and-error interactions with its surroundings,
the robot learned to efficiently use resources. Neural networks helped
advance deep reinforcement learning methods (Guo et al., 2023). DDPG
increases performance by getting closer to policies and value functions.
DDPG improved continuous action space learning over Q-learning and saved
money and resources. RL models outperformed rule-based resource

management.

» Cost Savings improved from 15% to 25%.
» Resource Utilization increased from 85% to 92%.
» System Reliability rose from 90% to 95%.

These improvements support the study's assumption that AI-driven models
allocate cloud resources better than static, rule-based techniques. The
results match the research goals by showing that ML models can accurately
anticipate resource needs and that RL strategies optimize resource use.
These findings support real-world AI cloud computing resource

management.
5.2 Contributions of the Study

The study shows how artificial intelligence (AI) can be used jointly to
improve operations and save costs in cloud computing, increasing our
practical and theoretical knowledge of resource allocation. The example
uses machine learning (ML) and reinforcement learning (RL). This study's

dual-model architecture, which cloud service providers may apply
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immediately to better manage resources, is its most practical contribution.
The system can accurately predict future resource needs using machine
learning models based on historical utilization, work difficulties, and initial
performance. This capacity to predict helps service providers plan and
distribute resources ahead of time, reducing waste and overprovisioning.
Resource utilization can be flexible by combining reinforcement learning
approaches like Q-learning and the Deep Deterministic Policy Gradient
(DDPG) (Sutton and Barto, 2018). These models can make real-time
allocation decisions that improve over time by learning from their
surroundings. Running costs have declined by 25%, and system reliability

has increased, which is crucial to cloud services' competitiveness.

Businesses that wish to be more environmentally friendly and flexible in
fast-changing technological settings may benefit from these changes
(Srinivasa, 2023). Scalable and versatile, this study's models can be used
on many cloud systems and service models. This scholarly work bridges
predictive analytics and real-time cloud computing optimizations. Earlier
research focused on machine learning or reinforcement learning alone
(Habtemariam, 2024). However, this study combines the strengths of both
machine learning and reinforcement learning. Machine learning accurately
predicts demand and reinforcement of learning optimizes resources with
real-time feedback. This two-model strategy demonstrates how AI can
predict, manage, and adjust resource utilization in complex, changing
contexts. This research shows that supervised and policy-based learning can
coexist in a single architecture, adding to AI-driven cloud computing

research.
5.3 Implications for Practice

Cloud infrastructure operators, app developers, and service providers
should consider the study's findings. The proposed dual-model framework
uses ML for predictive analytics and RL for dynamic optimization. This
powerful tool improves cloud resource management efficiency and cost.
Cloud infrastructure administrators can use these models to improve

operational choices by adding them to resource management pipelines. ML
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models like Random Forest and Neural Networks may estimate resource
usage based on workload complexity, resource pool, and performance
metrics (Lekkala, 2024). This foresight makes planning more proactive,
reducing the danger of under- or over-provisioning, which affects service
and costs. Q-learning and DDPG reinforcement learning models help
simplify resource allocation in real-time decision systems. Based on
performance fees and cost changes, these models make better resource
allocation decisions over time. Over time, the machine improves at handling
workload shifts without human assistance (Raghavendar, Batra & Malik,
2023). This supports self-driving cloud systems, where infrastructure

management becomes more intelligent and autonomous.

Cloud services will need automated solutions to meet speed criteria and
reduce operational expenses as they grow and become more complex.
Automation of resource allocation has various advantages. The experiments
showed that reinforcement learning approaches yielded up to 25% cost
savings over traditional rule-based methods. ML models ensure that
allocation is based on accurate forecasts, reducing idle resources (Bhowmik
et al., 2023). Automated systems can easily adapt to changes in workload
and infrastructure, which is critical for enterprise and multi-tenant cloud
environments. The dynamic optimization of resources enhances system
stability and reliability, minimizing downtime and service interruptions. The
models appear fantastic, but they must be scalable, compatible with existing
systems, and safe in real life. These AI models require cloud management
tools like Kubernetes and OpenStack and constant, high-quality data feeds.
RL model training and maintenance need a lot of processing power;

therefore, performance increases must be considered.
5.4 Limitations of the Study

This research proposes an Al-based framework for distributing and
optimising cloud computing resources; however, its faults may make the
results less practical and generic. Only Kaggle's Cloud Resource
Management Dataset was used in the experiments. This dataset was

beneficial for initial tests, but its modest size and limited domains may not
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properly represent real-world cloud systems. The figures may not reflect
real-life changes in geographical distribution, multi-tenant situations, or
workload increases. When applied to more complex or varied components,
trained models may not operate as well. The machine learning and
reinforcement learning models in this study functioned well with the
information they were provided, but they may not work well with alternative
cloud architecture. To avoid overfitting and operating successfully, neural

networks and DDPG models need lots of training data and careful tuning.

The linear regression model is understandable, but it may simplify feature
relationships in more complex scenarios (Barua & Shamim, 2024). Due to
these issues, the models may need further modifications before use. Deep
reinforcement learning models, notably DDPG, are tedious to computing and
require a lot of power to train. If not optimized or sped up with hardware,
these models may not work in low-resource or real-time environments.
Simplifying assumptions included keeping performance measurements the
same and correcting resource statistics. These assumptions may not hold in

real-time cloud systems, where things change quickly.
5.5 Recommendations for Future Work

Al-driven resource allocation and cost optimization in cloud computing are
suggested improvements. The positive study results prompted these
suggestions. PPO and A3C are advanced reinforcement learning algorithms
that should be studied in the future. The algorithms are more stable, have
better policy convergence, and use samples more efficiently than ordinary
Q-learning or DDPG. They excel in multidimensional cloud resource
environments with continuous activity spaces. They may also improve real-
time adaptive systems. Another key trend is creating mixed models that use
machine learning to predict the future and reinforcement learning to make
real-time decisions. Combining forecasting for time-series task demand with
RL-based resource scaling could create a more proactive and adaptive
resource management system. Hybrid systems can predict demand and
optimize resource utilization, making them more flexible and cost-effective.

Multi-cloud and edge-cloud hybrid systems are becoming increasingly
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common; hence, the proposed models should be modified and evaluated in
these more complex and dispersed environments. In these environments,
resource optimization is tougher than usual, and AI models must be
modified for scale. More research on applying the framework in real life and
testing it under stress is needed to establish its usefulness. Real-time
workloads, failures, and rapid demand changes would be simulated to
assess the models' resilience in production-grade systems. Performance
indicators would provide additional evidence for the firm to adopt them.
More advanced algorithms, hybrid methodologies, and complex systems can

make Al more effective at managing cloud resources.
5.6 Conclusion

This final chapter summarizes the study's key findings, contributions, and
implications. It shows how artificial intelligence (AI), especially machine
learning (ML) and reinforcement learning (RL), can enhance cloud
computing resource consumption and costs. The study reviews the study
goals and summarises the experimental model’s results at the beginning of
the chapter. Random Forest is the most accurate machine learning model,
predicting resource utilization better than linear regression and neural
networks. Q-Learning and DDPG excel in RL, but DDPG is more reliable and
scalable for dynamic resource optimization tasks. The research findings are
discussed in both practical and theoretical contexts. Practically, the study
demonstrates to cloud service firms how to apply Al to optimize resource
distribution and significantly reduce expenses. Theoretically, it establishes a
dual-model framework with ML for prediction and RL for decision-making.
This approach could guide intelligent cloud infrastructure research. The
chapter discusses the broader implications of cloud infrastructure
management, including real-time releases and automation. Challenges
include small datasets and the labour required for them. This permits
proposals like advanced RL algorithms and edge/multi-cloud systems. This
chapter concludes that Al-driven resource optimisation is both novel and
crucial. This study advances intelligent cloud computing through a
comprehensive and scalable approach, allowing for real-world application

and enhancement of future research.
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APPENDIX:

Appendix 1:
Code

Load Data & Initial Setup
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
# Load dataset
df = pd.read_csv('/content/cloud_resource_management_dataset
Analysis.csv')
# Display basic info
print(df.info())
print(df.describe())
df.head()
Step 2: Exploratory Data Analysis (EDA)
# Check for missing values
missing_values = df.isnull().sum()
print("Missing Values:\n", missing_values)
# Correlation heatmap
plt.figure(figsize=(12, 8))
sns.heatmap(df.corr(), annot=True, cmap='coolwarm’', fmt=".2f")
plt.title('Correlation Matrix")
plt.show()
# Distribution plots for key features
features = ['initial_utilization', 'initial_cost_per_unit',
'initial_performance_score']
for feature in features:
plt.figure(figsize=(6, 4))
sns.histplot(dfffeature], kde=True)
plt.title(f'Distribution of {feature}')
plt.show()
features = ['initial_resource_pool', 'workload_complexity',
'initial_utilization’,
"initial_cost_per_unit', 'initial_performance_score']
target = 'optimized_utilization'
X = dfffeatures]
y = df[target]
# Train-test split
X_train, X_test, y_train, y_test = train_test_split(X, vy, test_size=0.2,
random_state=42)
# Normalize features
scaler = StandardScaler()
X_train_scaled = scaler.fit_transform(X_train)
X_test_scaled = scaler.transform(X_test)
Step 4: Linear Regression Model - Training & Evaluation
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from sklearn.linear_model import LinearRegression

from sklearn.metrics import mean_squared_error, mean_absolute_error,
r2_score

import matplotlib.pyplot as plt

# Train model

Ir_model = LinearRegression()

Ir_model.fit(X_train_scaled, y_train)

# Predict on test set

y_pred_Ir = Ir_model.predict(X_test_scaled)

from sklearn.metrics import mean_squared_error, mean_absolute_error,
r2_score

from sklearn.metrics import mean_squared_error, mean_absolute_error,
r2_score

import numpy as np

# Calculate MSE

mse = mean_squared_error(y_test, y_pred_lIr)

# Manually calculate RMSE by taking the square root of MSE
rmse = np.sqrt(mse)

# Calculate other metrics

mae = mean_absolute_error(y_test, y_pred_lIr)

r2 = r2_score(y_test, y_pred_lIr)

# Print the results

print(f"Linear Regression Results:")

print(f"RMSE: {rmse:.4f}")

print(f"MAE: {mae:.4f}")

print(f"R2 Score: {r2:.4f}")

Step 5: Visualization — Predicted vs Actual Utilization

# Plot predicted vs actual

plt.figure(figsize=(8, 5))

plt.plot(y_test.values, label="Actual', marker="'0")
plt.plot(y_pred_lIr, label="'Predicted', marker="'x")
plt.title('Linear Regression: Predicted vs Actual Optimized Utilization')
plt.xlabel('Sample Index")

plt.ylabel('Optimized Utilization")

plt.legend()

plt.tight_layout()

plt.grid(True)

plt.show()

Step 6: Random Forest Model - Training & Evaluation

from sklearn.ensemble import RandomForestRegressor

# Initialize and train the model
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rf_model =RandomForestRegressor(n_estimators=100, random_state=42)

rf_model.fit(X_train_scaled, y_train)

# Predict on test set

y_pred_rf = rf_model.predict(X_test_scaled)

from sklearn.metrics import mean_squared_error, mean_absolute_error,
r2_score

import numpy as np

# Calculate MSE

mse_rf = mean_squared_error(y_test, y_pred_rf)

# Manually calculate RMSE by taking the square root of MSE
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rmse_rf = np.sqgrt(mse_rf)

# Calculate other metrics

mae_rf = mean_absolute_error(y_test, y_pred_rf)
r2_rf = r2_score(y_test, y_pred_rf)

print("Random Forest Results:")

print(f"RMSE: {rmse_rf:.4f}")

print(f"MAE: {mae_rf:.4f}")

print(f"R2 Score: {r2_rf:.4f}")

Step 7: Feature Importance Visualization

import numpy as np

# Get feature importances

importances = rf_model.feature_importances_
feature_names = X.columns

# Plot

plt.figure(figsize=(8, 6))

plt.barh(feature_names, importances, color="'skyblue')
plt.title('Feature Importance — Random Forest')
plt.xlabel('Importance Score')

plt.tight_layout()

plt.grid(True)

plt.show()

Step 8: Predicted vs Actual Utilization Plot (Random Forest)
plt.figure(figsize=(8, 5))

plt.plot(y_test.values, label="'Actual’', marker='0")
plt.plot(y_pred_rf, label="'Predicted (RF)', marker="'x")
plt.title('Random Forest: Predicted vs Actual Optimized Utilization")
plt.xlabel('Sample Index")

plt.ylabel('Optimized Utilization")

plt.legend()

plt.tight_layout()

plt.grid(True)

plt.show()

nn_model = Sequential()
nn_model.add(Dense(128,activation="relu’,
input_dim=X_train_scaled.shape[1]))
nn_model.add(Dense(64, activation="relu"))
nn_model.add(Dense(32, activation="relu"))
nn_model.add(Dense(1))

y_pred_nn = nn_model.predict(X_test_scaled)

from sklearn.metrics import mean_squared_error, mean_absolute_error,
r2_score

import numpy as np

# Calculate MSE

mse_nn = mean_squared_error(y_test, y_pred_nn)

# Manually calculate RMSE by taking the square root of MSE
rmse_nn = np.sqrt(mse_nn)

# Calculate other metrics

mae_nn = mean_absolute_error(y_test, y_pred_nn)

r2_nn = r2_score(y_test, y_pred_nn)

# Print the results



print("Neural Network Results:")
print(f"RMSE: {rmse_nn:.4f}")
print(f"MAE: {mae_nn:.4f}")
print(f"R2 Score: {r2_nn:.4f}")
Step 10: Loss Curve (Training vs Validation)
# Plot training vs validation loss
plt.figure(figsize=(8, 5))
plt.plot(history.history['loss'], label="Training Loss', color="'blue")
plt.plot(history.history['val_loss'], label="Validation Loss', color="red")
plt.title('Neural Network: Training vs Validation Loss")
plt.xlabel('Epochs')
plt.ylabel('Loss")
plt.legend()
plt.tight_layout()
plt.grid(True)
plt.show()
Step 11: Predicted vs Actual Utilization Plot (Neural Network)
plt.figure(figsize=(8, 5))
plt.plot(y_test.values, label="Actual', marker='0")
plt.plot(y_pred_nn, label="Predicted (NN)', marker="x")
plt.title("Neural Network: Predicted vs Actual Optimized Utilization')
plt.xlabel('Sample Index")
plt.ylabel('Optimized Utilization")
plt.legend()
plt.tight_layout()
plt.grid(True)
plt.show()
r2_values = [r2, r2_rf, r2_nn]
# Create a DataFrame for comparison
import pandas as pd
comparison_df = pd.DataFrame({
'Model': models,
'RMSE': rmse_values,
'MAE': mae_values,
'R2': r2_values
)
# Display the comparison
print(comparison_df)
# Plot comparison
comparison_df.plot(x="'Model', y=['RMSE', 'MAE', 'R2'], kind="bar',
figsize=(10, 6))
plt.title('Comparison of Model Performance')
plt.ylabel('Metric Value')
plt.tight_layout()
plt.grid(True)
plt.show()
state_space = 10 # states for simplicity
action_space = 3 # actions: increase, decrease, stay
# Initialize Q-table (state-action values)
Q_table = np.zeros((state_space, action_space))
# Hyperparameters
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alpha = 0.1 # learning rate
gamma = 0.9 # discount factor
epsilon = 0.1 # exploration rate
# Reward function
def reward_function(state, action):
# Simplified: reward based on how close the action brings us to optimal
utilization (state 5 is optimal)
optimal_state = 5
return -abs(state - optimal_state)
# Training the Q-Learning model
episodes = 500
reward_per_episode = []
for episode in range(episodes):
state = np.random.randint(0, state_space) # Random initial state
total_reward = 0
while True:
# Exploration vs Exploitation
if np.random.rand() < epsilon:
action = np.random.randint(0, action_space) # Exploration:
Random action
else:
action = np.argmax(Q_table[state]) # Exploitation: Best action
# Get reward from the environment
reward = reward_function(state, action)
# Update Q-table using Q-learning formula
next_state = np.clip(state + (action - 1), O, state_space - 1) #
Transition to next state
Q_table[state, action] += alpha * (reward + gamma *
np.max(Q_table[next_state]) - Q_table[state, action])
total_reward += reward
state = next_state
if state == 5: # Assume episode ends when we reach optimal state
break
reward_per_episode.append(total_reward)
# Plot reward curve over episodes
plt.plot(reward_per_episode)
plt.title('Q-Learning: Reward Curve over Episodes')
plt.xlabel('Episodes")
plt.ylabel('Total Reward")
plt.grid(True)
plt.show()
Deep Reinforcement Learning (DDPG)
Step 1: DDPG Model Implementation
pip install stable-baselines3[extra]
from stable_baselines3.common.vec_env import DummyVecEnv
from stable_baselines3 import DDPG
from stable_baselines3.common.vec_env import DummyVecEnv
from stable_baselines3.common.noise import NormalActionNoise
import gym
import numpy as np
pip install "shimmy>=2.0"
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import gymnasium as gym
# Create a simple custom environment (simplified for resource allocation)
class ResourceEnv(gym.Env):
def __init__ (self):
super(ResourceEny, self).__init__ ()
self.action_space = gym.spaces.Box(low=-1, high=1, shape=(1,),
dtype=np.float32)
self.observation_space = gym.spaces.Box(low=0, high=100,
shape=(1,), dtype=np.float32)
self.state = None
def reset(self, seed=None, options=None):
super().reset(seed=seed) # Add this line for Gym compatibility
self.state = np.random.uniform(0, 100)
return np.array([self.state], dtype=np.float32), {}
def step(self, action):
self.state = np.clip(self.state + action * 10, 0, 100)
reward = -abs(self.state - 50)
done = self.state == 50
return np.array([self.state], dtype=np.float32), reward, done, False,
{J
# Instantiate environment
env = DummyVecEnv([lambda: ResourceEnv()])
# Define the model
model = DDPG("MlpPolicy", env, verbose=1)
# Train the model
model.learn(total_timesteps=5000)
# Save the model for later use
model.save("ddpg_resource_model")
# Evaluate the model
obs = env.reset()
for _ in range(1000):
action, _states = model.predict(obs, deterministic=True)
obs, rewards, dones, info = env.step(action)
if dones:
break
episode_rewards = []
# Run the evaluation loop and store rewards
for _ in range(100):
action, _states = model.predict(obs, deterministic=True)
obs, reward, done, info = env.step(action)
episode_rewards.append(reward[0]) # reward is a 1D array from
DummyVecEnv
if done[0]:
break
# Plotting the rewards
plt.figure(figsize=(10, 5))
plt.plot(episode_rewards, label="Reward per Step')
plt.xlabel('Step"')
plt.ylabel('Reward")
plt.title('DDPG Resource Allocation Performance')
plt.legend()
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plt.grid(True)
plt.show()
_results = {
'Cost Savings': 0.15,
'Resource Utilization': 0.85,
'System Reliability': 0.90
s
rl_results = {
'Cost Savings': 0.25,
'Resource Utilization': 0.92,
'System Reliability': 0.95
b
comparison_df = pd.DataFrame({
'Method': ['Rule-Based’, 'Reinforcement Learning'],
'Cost Savings': [rule_based_results['Cost Savings'], rl_results['Cost
Savings']],
'Resource Utilization': [rule_based_results['Resource Utilization'],
rl_results['Resource Utilization']],
'System Reliability': [rule_based_results['System Reliability'],
rl_results['System Reliability']]
1)
# Display the table
print(comparison_df)
# Optional: Visualize comparison
comparison_df.plot(x="Method', kind='bar', figsize=(10, 6), title="RL vs
Rule-Based Methods Comparison")
plt.ylabel('Metric Value')
plt.tight_layout()
plt.grid(True)
plt.show()



