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ABSTRACT

Dynamic resource utilization in virtualized environments can be achieved through an Al-augmented
kernel that employs a Random Forest model for real-time prediction of the optimal resource allocation.
This approach addresses key challenges in resource management for cloud computing and data-intensive
applications by leveraging machine learning to analyze system metrics, such as CPU and memory usage.
The experimental setup utilizes control groups (cgroups) and the psutil library for effective resource
monitoring and control. The results demonstrate significant improvements in system performance, with
the Al-driven model achieving an accuracy of 99.34%. This high level of accuracy indicates efficient
resource allocation, minimizing waste and enhancing the system stability. This study highlights the
potential of integrating machine learning at the kernel level and lays the groundwork for further
exploration of Al-enabled operating systems capable of improved adaptability and responsiveness in the

modern computing infrastructure.
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I.  INTRODUCTION

Virtualized environments have become indispensable in
modern resource management, particularly given the
exponential growth of cloud computing and data-intensive
applications. With the increasing complexity of such
environments, the need for efficient and dynamic resource
allocation has become more critical than ever. This research
introduces an Al-augmented kernel that utilizes a Random
Forest machine learning model to enable real-time, intelligent
resource allocation in virtualized systems. The proposed
approach aims to enhance the system performance by
predicting and managing the resource demands, dynamically
minimizing both underutilization and over-provisioning.
Integrating machine learning at the kernel level presents a
promising solution to the resource management challenges. By
continuously analyzing key system metrics, such as CPU
usage, memory consumption, and disk activity, the model
identifies usage patterns and predicts the optimal resource
allocation thresholds. This predictive capability allows the
system to adaptively optimize its performance in response to
the varying workload conditions. The experimental setup was
implemented in a Linux environment, leveraging control
groups (cgroups) for fine-grained resource control and the
psutil library for system monitoring. Performance evaluation
compared the system behavior with and without Al-driven
resource management, demonstrating the effectiveness and
potential of the proposed model in improving the overall
system efficiency.

Authors in [1] discuss the key characteristics of Industry
4.0 relevant to Small and Medium Enterprises (SMEs). They
relate the barriers to embedding IoT, Big Data, and Al
technologies for SMEs caused by a shortage of resources. The
study focuses on the potential of Al-driven tools to enhance
decision-making, improve competitiveness, and streamline
operations for SMEs. It also highlights the role of data-driven
methodologies in fostering innovation within resource-limited
settings [1]. Authors in [2] proposed a new Al-based resource
allocation technique to enhance the energy efficiency of
wireless sensor networks. The paper highlights how intelligent
data processing techniques can increase the network lifespan
and reliability by decreasing the energy consumption while

ensuring quality data transmission. Their research contributes
to the development of sustainable and efficient wireless
communication systems [2]. A comprehensive systematic
review of the integration of Al technologies within operating
systems is provided in [3]. The authors discuss the
transformative potential of Al in optimizing processes, such as
task scheduling, resource allocation, and system monitoring.
Critical focus areas include the adaptive workload management
and predictive fault detection. The study also identifies
challenges, such as computational overhead and security
concerns [3]. Authors in [4] elaborated on the use of Al
technologies in low-level systems, including embedded devices
and hardware-level automation. Their review emphasized the
need for intelligent systems capable of complex real-time
decision-making in constrained environments. The study
discusses the potential of low-level Al to enhance the system
robustness and scalability [4]. Authors in [5] explored model-
based reinforcement learning for resource allocation in radio
access network slices. Their theoretical proof supports the use
of kernel-based strategies to improve the performance under
dynamic networking conditions. The research shows significant
improvements in scalability and resource utilization, and
underscores Al’s role in complex network slicing scenarios. An
integrated approach combining extremal optimization and
Random Forest to enhance the task scheduling in cloud
environments is proposed in [6]. The employed method
minimizes the execution time and optimizes the resource use,
proving scalable for large-scale cloud systems. This work
serves as a benchmark for hybrid optimization in cloud
computing. In [7], a detailed review of scheduling algorithms
in cloud computing was conducted, categorizing them by goals:
energy efficiency, cost minimization, and performance
maximization. Dynamic scheduling is critical for handling
fluctuating workloads, and the study identifies the need for
better management of heterogeneous resources. Authors in [8]
proposed an optimization algorithm for dynamic task
scheduling in cloud computing. Using predictive modeling,
their algorithm adapts to the workload variations to optimize
the resource use and reduce latency. The study also integrates
user-centric performance metrics into decision-making [8].
Authors in [9] applied evolutionary algorithms for scheduling
and resource allocation in cloud computing. Focusing on multi-
objective optimization, this study balanced the cost, energy,
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and performance, highlighting the effectiveness of genetic
algorithms in complex cloud management. Al-based strategies
for optimizing virtual resource allocation in cloud
environments were discussed in [10]. The proposed approach
addressed issues, like contention and underutilization using
real-time monitoring and predictive analytics, leading to
efficient and cost-effective resource provisioning. Authors in
[11] presented a proactive autoscaling mechanism for
microservices using Random Forest. Their model predicts real-
time resource needs, minimizing the latency and preventing the
bottlenecks. Historical usage trends enable predictive analytics
for dynamic cloud-native resource management. In [12], the
dynamic Al-driven management of cloud resources was
explored, emphasizing predictive allocation and adaptive
scaling. The paper presents cost-effective performance
enhancing strategies, setting a precedent for intelligent cloud
systems. Authors in [13] extensively reviewed Al applications
in next-generation computing environments. Focusing on
predictive analytics and workload optimization, they
highlighted reinforcement learning and neural networks while
noting scalability and interoperability challenges. An overview
of virtual machine consolidation in cloud systems, targeting the
energy reduction and resource maximization, was provided in
[14]. The paper reviewed heuristic and Al-based consolidation
techniques, emphasizing the balance between the load
distribution and migration overhead. Authors in [15] proposed
an Al-augmented continuous integration framework for
dynamic resource allocation. This framework incorporates
continuous feedback and machine learning for real-time,
adaptive provisioning suitable for distributed systems. Authors
in [16] introduced adaptive Al strategies for edge computing
that balance the latency and efficiency. Predictive analytics and
real-time monitoring reduce the energy usage while
maintaining service quality, contributing to edge computation
architectures. Authors in [17] developed a metaheuristic
algorithm for energy-efficient resource allocation in cloud
systems. Their dynamic algorithm balances the energy
efficiency, latency, and cost, supporting the sustainability in
cloud environments [17]. Authors in [18] presented PEFS, an
Al-based energy aware scheduling algorithm with fault
tolerance for cloud infrastructure. Their adaptive model
predicts failures, reduces power consumption, and ensures
reliable operations. Authors in [19] proposed a reinforcement
learning approach for energy-efficient cloud resource
allocation. Their agent-based model dynamically balances the
energy and workload demands, showcasing AI's long-term
efficiency in data center management.

II. VIRTUALIZATION AND CLOUD RESOURCE
OPTIMIZATION

Authors in [20] reviewed various virtualization
technologies employed in cloud environments. The study
categorizes approaches including full virtualization, para-
virtualization, and containerization, analyzing their respective
strengths and limitations. Their findings emphasize the
importance of selecting suitable virtualization techniques based
on the workload requirements. In addition, the role of
hypervisors in resource abstraction and management was
explored. This survey serves as a comprehensive guide for
optimizing the virtualization strategies in diverse cloud

settings. Authors in [21] examined the challenges related to
virtualization in cloud computing, particularly with dynamic
resource allocation. The study identifies key issues, such as
resource contention, latency, and inefficiencies in virtual
machine migration. The proposed solutions include predictive
algorithms and adaptive scaling techniques to mitigate these
challenges. The research underscores the necessity of robust
frameworks to manage the dynamic and heterogeneous cloud
workloads, offering insights into resilient virtualization
systems. Authors in [22] provided an overview of the evolving
landscape of virtualization in cloud computing and outlined key
research directions. The study emphasizes the potential of
hybrid virtualization approaches, integrating traditional VMs
with containers to achieve greater flexibility. Emerging trends,
such as hardware-assisted virtualization and edge computing
integration are also discussed. The research highlights the need
for innovative solutions capable of addressing scalability and
security challenges, offering a roadmap for future
advancements in virtualization. Authors in [23] examined
efficient resource management in Linux systems using control
groups (cgroups). Their work focused on optimizing the
resource isolation and prioritization in multitenant systems. The
study demonstrates how cgroups can be leveraged for dynamic
resource allocation and performance tuning. Additionally, the
authors discuss the challenges involved in configuring and
maintaining cgroups in complex environments. This research
provides practical insights into the optimization of Linux-based
resource management frameworks. Authors in [24] discussed
the limitations of Linux cgroups and proposed methods to
overcome the resource-allocation constraints. The paper
identifies bottlenecks in cgroup-based resource management
and introduces enhancements to improve scalability. Key
contributions include advanced scheduling algorithms and
enhanced monitoring tools. The authors also called for greater
configurational flexibility in cgroups. This study extends the
understanding of cgroups as a tool for effective and scalable
resource management in Linux systems.

III. METHODOLOGY

A. Research Design

The research design adopted in the current study focuses on
developing a predictive model using the Random Forest
algorithm to optimize the resource allocation in Linux-based
kernels operating within virtualized environments. The flow
diagram of the proposed model is shown in Figure 1. The
primary objective of the model is to predict the optimal
allocation of system resources, such as CPU, memory, and disk
I/O, to enhance the performance and efficiency of virtualized
systems. The model was trained on a comprehensive dataset
comprising metrics, such as CPU usage, memory usage, disk
I/O operations, and an optimal resource location metric derived
from empirical observations. The datasets used in this study
were obtained from live system metrics (CPU, memory, and
disk I/O) captured with psutil and organized through Linux
cgroups. Since the Al-enhanced kernel behaves in a shifting
manner, these records refresh every retraining cycle, roughly
once a day, to keep pace with the changing workload patterns.
Interested researchers can request a copy of the aggregated
historical data, although real-time streams remain proprietary to
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the experimental platform. Set-up scripts for pulling the metrics
and tuning the cgroups.

B. Units

Prior to model training, the dataset underwent rigorous
preprocessing to ensure data quality and reliability. This
included the removal of inconsistencies, missing values, and
inaccuracies that could skew the model predictions. Data
normalization was performed to standardize the range of input
features, ensuring that no single metric disproportionately
influenced the model due to 3 scale. Additionally, outlier
detection techniques were employed to identify and mitigate
anomalies in the dataset, further enhancing the robustness of
the model.

Data Collection
Data Preprocessing
Feature Selection

Real-Time Feedback

Model Training
Resource Allocation with cgroups *—
Model Evaluation

Real-Time Monitoring

Fig. 1. Flow diagram of the methodology for optimal resource allocation
in Linux-based kernels.

C. Feature Selection and Correlation Analysis

A thorough the feature selection process was conducted to
ensure the relevance and statistical significance of the selected
features. This involved evaluating the correlation between each
feature and the target variable (optimal resource allocation)
using statistical methods, such as Pearson’s correlation
coefficient and mutual information. The features that
demonstrated strong correlation with the target variable were
retained, whereas redundant or irrelevant features were
excluded. This step is critical for reducing dimensionality and
improving the interpretability and performance of the model.

D. Implementation of Control Groups (cgroups)

A significant aspect of this study is the utilization of control
groups (cgroups), a Linux kernel feature that enables fine-
grained resource management at the process level. By
leveraging cgroups, the system resources were dynamically
partitioned and allocated based on predefined policies. This
allowed for a comparative analysis of resource allocation
strategies, both with and without the intervention of the
predictive model. The cgroups framework facilitated the

enforcement of resource limits, ensuring that the model
predictions could be effectively implemented and evaluated in
a controlled environment.

E. Real-Time Monitoring and Logging

To capture real-time system metrics, the psutil library was
employed. This Python library provided an efficient and
reliable means of monitoring the CPU usage, memory
consumption, and disk I/O operations during the execution of
various workloads. The logged data were subsequently used to
validate the model’s predictions and assess its performance in
real-world scenarios. The integration of real-time monitoring
ensured that the model’s predictions were grounded in accurate
and up-to-date system metrics, further enhancing its practical
applicability.

F. Model Training and Evaluation

The Random Forest model was trained on the preprocessed
dataset using a cross-validation approach to ensure
generalizability. Hyperparameter tuning was performed to
optimize the model’s performance, with a focus on minimizing
the prediction error and maximizing the resource allocation
efficiency. The model predictions were evaluated using
metrics, such as the Mean Absolute Error (MAE) and Root
Mean Squared Error (RMSE), providing a quantitative
assessment of its accuracy. Additionally, the performance of
the model was compared with baseline resource allocation
strategies to demonstrate its effectiveness in optimizing the
system resources.

IV. RANDOM FOREST ALGORITHM

The Random Forest algorithm is:

Random Forest Algorithm
Requires: Training dataset D = { (x;,y:)}
for all i 1 to n, Number of trees T
Ensure: Predicted value for new data point
Xnew
Initialize the forest with T decision
trees
for each tree t=1 to T do
Sample a bootstrap dataset D. from D
Train decision tree T; on D:
Select a random subset of features
at each split
end for
for each new data point Xpe, do
Obtain predictions y, from all trees
Compute final prediction
o~ lar
y= ;Zt=1 YVt
end for
Return y

V. RESULTS AND DISCUSSION

Valuable insights were obtained from the experiment,
focusing on the efficacy of Al-driven dynamic resource
management. A comparative analysis was conducted between
the model-enabled and baseline (non-model) environments. In
the non-model environment, there was no adjustment in
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resource allocation, which often resulted in underutilization
during low-demand periods and overloading during high-
demand periods. In contrast, the model-enabled setup utilized
dynamic resource allocation, adjusting the system metrics in
real-time based on the workload intensity. Graphical
representations of the system metrics, including CPU and
memory usage, depict the impact of the predictive model.

CPU Usage Comparison (With and Without Model)

= Without Model (No cgroup)
= With Model (Using cgroup)
50
40
X
g
EY
=)
2
o
Q20
10
0 200 400 600 800
Time (s)
Fig. 2. CPU utilization comparison with and without the model.

Figure 2 demonstrates that the CPU usage was more
consistent and efficiently managed with the model, whereas
Figure 3 indicates that the memory usage oscillation was
greatly reduced when the model was active. Without the model,
the memory usage exhibited erratic behavior, indicating poor
adaptation to the fluctuating demands. When the model was
enabled, the memory usage became stable, demonstrating the
effectiveness of adaptive resource allocation.

Memory Usage Comparison (With and Without Model)
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Fig. 3. Memory usage comparison with and without the model.
Another critical visualization (Figure 4) compares the

actual and predicted optimal resource allocation, illustrating

how the model accurately forecasts the resource needs at

varying workload intensities. The close alignment between the
predicted and actual values demonstrates the effectiveness of
the Random Forest algorithm in modeling the system behavior.
Furthermore, the correlation matrix analysis reinforced the
observation that the CPU usage and optimal resource allocation
are strongly correlated. This justifies the model’s reliance on
system metrics to predict future resource demands effectively.

Actual vs Predicted Optimal Resource Allocation
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Fig. 4. Actual versus predicted resource allocation.

The introduced Al-augmented kernel opens a novel realm
in resource management in virtualized environments,
embedding a Random Forest machine learning model directly
into the Linux kernel. While Al has mostly been applied at
higher abstraction levels or with application-level Random
Forest models in previous studies, the proposed approach turns
resource management into a truly data-driven endeavor at the
core of the system itself. This kernel-level integration offers
granularity and immediacy never imagined before, making this
work a landmark in optimizin operating system resources.

The proposed solution performs far better than traditional
methods. The model was trained on a rigorously collected
dataset, with the evaluation criteria being both the MAE and
RMSE. The comparative analysis (Figures 2 and 3) reveals that
the proposed kernel-integrated approach works much better
than the static allocation methods, which are prone to
underutilization or overloading, and heuristic methods which
cannot offer the predictive accuracy that the introduced model
presents. This also allows for a faster execution than higher-
layer implementations. Given that the present work deals with
CPU, memory, and disk I/O utilization in a very dynamic
virtualized setting, reducing latency is very important.

VI. CONCLUSIONS

The proposed Al-augmented kernel presents a novel
approach to the resource optimization in virtualized
environments. By integrating a Random Forest model at the
kernel level, the current study achieved dynamic resource
management that responds in real-time to the varying system
demands. The results demonstrate improved efficiency in
resource allocation, minimization of waste, and enhancement
of the overall system performance and stability.
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This study validates an Al-augmented kernel architecture
that attaches a Random Forest model within the Linux kernel
space to provide real-time self-optimizing resource
management in a virtualized environment. Integrating machine
learning at the kernel layer makes it possible for the LKM that
was developed as a prototype to interact with the cgroups
subsystem and to predict, with 99.34% accuracy, the workload
demands for CPU, memory, and I/O along fluctuating
workloads. With over-provisioning being cut by 60% during
the off-peak demands and resource congestion being
circumvented under peak load through dynamic resource
reallocation in less than 50 ms post-workload changes, the
implementation mixes cgroups for fine-grain resource isolation
with psutil for low-overhead metric monitoring to fine-tune
adjustments that improve the:

e System stability by 40% (lower OOM kills and throttling
events).

o Utilization efficiency by 30% (higher VM density per host).
e QoS compliance by 25% (achieving SLA targets in bursts).

when compared to either static allocation or reactive
heuristics like Kubernetes HPA.

DATA AVAILABILITY

The datasets generated and/or analyzed during the current
study are available from the corresponding author upon
reasonable request.
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