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Abstract: The rapid advancement of Information and Communication Technology (ICT) has significantly transformed cloud
computing environments, particularly in enhancing the efficiency of virtual machine (VM)-based machine learning (ML)
systems. This paper evaluates the impact of ICT innovations—such as virtualization optimization, edge-cloud integration,
high-speed networking, and intelligent resource management—on the performance and efficiency of ML workloads deployed
on virtual machines. The study focuses on key performance indicators including computational latency, resource utilization,
energy consumption, and model training time. A comparative analysis is conducted using traditional VM configurations and
ICT-enhanced cloud infrastructures to assess improvements in scalability, responsiveness, and cost efficiency. Experimental
results demonstrate that the integration of advanced ICT techniques significantly reduces execution time, optimizes resource
allocation, and improves overall system throughput. Furthermore, the adoption of adaptive scheduling and automated resource
provisioning enhances the reliability and performance consistency of ML tasks in dynamic cloud environments. The findings
highlight the critical role of ICT innovations in enabling efficient, scalable, and sustainable machine learning operations within
virtualized cloud systems.

Keywords— Cloud Computing, Virtual Machines, Machine Learning Efficiency, ICT Innovations, Resource Optimization,
Virtualization, Edge Computing, Performance Evaluation, Energy Efficiency.

I. Introduction portability, and ease of management. However, the
performance of ML tasks in VM-based

Cloud computing has emerged as a foundational .
pring 8 environments often faces challenges related to

technology for modern digital infrastructure,

enabling scalable, flexible, and cost-effective
solutions for data storage, processing, and
application deployment. One of the key enablers of
cloud computing is virtualization, which allows
multiple virtual machines (VMs) to run on a single
physical host, thereby improving resource
utilization and operational efficiency. In recent
years, the rapid growth of machine learning (ML)
applications—ranging from healthcare analytics and
financial forecasting to smart cities and autonomous
systems—has significantly increased the demand
for efficient computational environments. Virtual
machines have become a preferred platform for
deploying ML workloads due to their isolation,
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latency, resource contention, scalability, and energy
consumption.

The integration of advanced Information and
Communication Technology (ICT) innovations has
opened new opportunities to enhance the efficiency
of ML operations in cloud environments. ICT
innovations encompass a wide range of
technologies, including high-speed networking
(such as 5G and software-defined networking), edge
computing, intelligent resource management,
containerization, and hardware acceleration
techniques. These advancements aim to address the
limitations of traditional VM-based systems by
improving communication speed, optimizing
resource allocation, and reducing computational
overhead. As a result, evaluating the impact of these
ICT innovations on virtual machine learning
efficiency has become a critical research area.

One of the primary challenges in VM-based ML
environments is resource allocation and utilization.
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Machine learning models, particularly deep learning
algorithms, require significant computational
resources, including CPU, GPU, memory, and
storage. In conventional cloud systems, inefficient
resource scheduling and static allocation strategies
often lead to underutilization or overloading of
resources, thereby affecting performance. ICT-
driven solutions such as dynamic resource
provisioning, auto-scaling, and intelligent workload
scheduling have been introduced to overcome these
issues. These techniques leverage real-time
monitoring and predictive analytics to allocate
resources based on workload demands, thereby
improving system efficiency and reducing
operational costs.

Another critical factor influencing ML efficiency in
virtualized environments is network latency. ML
applications often involve large-scale data transfers
between distributed systems, which can lead to
delays and reduced performance. ICT innovations
such as edge computing and fog computing bring
computational resources closer to the data source,
thereby minimizing latency and improving response
time. Additionally, advancements in high-speed
communication technologies, including 5G
networks and optical communication, further
enhance data transfer rates and support real-time ML
applications. These developments play a crucial role
in enabling time-sensitive applications such as
autonomous driving, remote healthcare monitoring,
and industrial automation.

Energy efficiency is also a major concern in cloud
computing environments, particularly with the
increasing demand for large-scale ML processing.
Data centers consume substantial amounts of
energy, leading to high operational costs and
environmental impact. ICT innovations contribute
to energy-efficient computing by enabling
optimized workload distribution, energy-aware
scheduling, and the use of energy-efficient hardware
components. Techniques such as dynamic voltage
and frequency scaling (DVFS) and workload
consolidation help in reducing power consumption
while maintaining performance levels. Evaluating
the impact of these techniques on VM-based ML
systems is essential for developing sustainable cloud
infrastructures.

Furthermore, the evolution of containerization
technologies, such as Docker and Kubernetes, has
influenced the way ML workloads are deployed and
managed in cloud environments. While virtual

machines provide strong isolation, containers offer
lightweight and faster deployment options, leading
to improved performance and reduced overhead.
The integration of container-based solutions with
traditional VM environments, supported by ICT
innovations, creates hybrid architectures that
combine the benefits of both approaches. This
hybridization enhances flexibility, scalability, and
efficiency in managing ML workloads.

Despite these advancements, several challenges
remain in fully leveraging ICT innovations for
improving VM-based ML efficiency. Issues such as
interoperability, security, workload heterogeneity,
and system complexity need to be addressed.
Additionally, there is a need for comprehensive
evaluation frameworks that can accurately measure
the impact of different ICT technologies on ML
performance metrics. This includes analyzing
parameters such as training time, inference latency,
throughput, resource utilization, and energy
consumption under varying workloads and
configurations.

This paper aims to evaluate the impact of ICT
innovations on the efficiency of machine learning
workloads deployed in virtual machine-based cloud
environments. The study focuses on analyzing key
performance indicators and comparing traditional
cloud setups with ICT-enhanced architectures. By
integrating  advanced resource management
strategies, edge computing capabilities, and high-
speed communication technologies, the proposed
approach seeks to improve the overall efficiency,
scalability, and reliability of ML systems.

In summary, the convergence of cloud computing,
virtualization, and ICT innovations presents a
promising pathway for optimizing machine learning
performance in modern computing environments.
Understanding and evaluating this impact is
essential for designing next-generation cloud
systems that can efficiently support the growing
demands of data-intensive applications. This
research contributes to the development of
intelligent, adaptive, and energy-efficient cloud
infrastructures  capable of delivering high-
performance machine learning services.

II. Literature Survey

A. Machine Learning for Cloud Resource
Management (2022)
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A study by Khan et al. (2022) examined ML-based
resource management in cloud environments,
focusing on workload prediction, VM allocation,
and energy optimization. The authors highlighted
that traditional static resource allocation methods
are inefficient in dynamic environments and
proposed ML-driven approaches for adaptive
scheduling and VM consolidation. Their findings
showed improvements in throughput, latency
reduction, and cost efficiency, though challenges
such as scalability and real-time decision-making
remain.

B. ML in Integrated Cloud Paradigms (2022)

Another significant contribution analyzed ML
techniques across integrated cloud paradigms such
as edge, fog, 0T, and SDN. The study emphasized
that ML enhances resource allocation, load
balancing, VM migration, and energy optimization
in distributed systems. It also highlighted the
importance of edge-cloud collaboration for
improving Quality of Service (QoS). However, the
work identified a gap in unified frameworks that can
efficiently integrate multiple ICT technologies.

C. Edge-to-Cloud Intelligence for ML Efficiency
(2022-2023)

Research on the edge-to-cloud continuum
demonstrated that distributing ML workloads
between edge devices and cloud infrastructure
reduces  latency and  improves  system
responsiveness. The study showed that hybrid
architectures enable better handling of large-scale
data processing, energy consumption, and training
time. However, challenges such as heterogeneous
infrastructure management and performance trade-
offs still persist.

D. ML-Based Cloud Security and Efficiency (2023—
2024)

Recent works have explored the role of ML in
enhancing cloud security and operational efficiency.
Alzoubi et al. (2024) reviewed over 4000
publications and found that ML techniques
significantly improve anomaly detection, threat
prediction, and automated response systems. While
these approaches enhance system reliability, issues
such as data privacy, interpretability, and scalability
remain open research challenges.

E. Al-Driven Virtualization and Containerization

(2024)

Kumar and Madheswaran (2024) investigated the
application of Al and ML in virtualization and
containerized cloud environments. Their work
demonstrated that intelligent resource allocation and
container orchestration improve VM efficiency,
workload distribution, and system scalability. The
study also emphasized the growing shift from
traditional VMs to hybrid VM-container
architectures for enhanced performance.

F. ML in ICT Systems and Network Optimization
(2024-2025)

A recent survey (2024-2025) highlighted the
increasing role of ML in ICT systems, particularly
in network optimization, resource allocation, and
system scalability. The study showed that ML-
driven ICT solutions significantly enhance
operational efficiency and adaptability in modern
cloud infrastructures. However, it pointed out the
need for real-time adaptive models and cross-layer
optimization techniques.

F. Al and ML Innovations in Cloud Computing
(2025)

Ramamoorthi (2025) provided a comprehensive
review of AI/ML innovations in cloud computing,
focusing on dynamic resource allocation, predictive
analytics, and energy-efficient computing. The
study concluded that Al-driven cloud systems can
significantly reduce operational costs and energy
consumption while improving scalability. It also
identified emerging trends such as federated
learning, explainable AI, and sustainable cloud
computing.

IIL. Proposed System

The proposed system integrates ICT innovations
with VM-based cloud infrastructure to enhance
machine learning (ML) efficiency. It focuses on
dynamic  resource  allocation, edge-cloud
collaboration, and intelligent scheduling.

A. User Layer

The user layer serves as the interface between end-
users and the cloud system. It allows users to:

Submit ML tasks (training or inference)
Upload datasets

Request predictions or analytics results
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These tasks may vary in complexity, size, and
latency requirements.

B. Edge Layer (ICT Innovation Layer)

The edge layer is a key ICT enhancement introduced
in the proposed system. It performs initial
processing close to the data source, reducing
communication delay.

Functions:
Data preprocessing (cleaning, normalization)
Feature extraction

Real-time inference for

applications

latency-sensitive

Filtering unnecessary data before sending to cloud
C. Cloud Layer (VM-Based Infrastructure)

The cloud layer is responsible for handling
computationally intensive ML tasks. It uses
virtualization to create multiple VMs on physical
servers.

Key Components:
1. Hypervisor
Manages multiple VMs

Allocates hardware resources (CPU, memory,
storage)

Ensures isolation between tasks
2. Virtual Machines (VMs)
Each VM runs ML models independently

Supports parallel execution of multiple ML
workloads

Provides scalability and flexibility
3. ML Execution Engine
Executes training and inference tasks

Supports deep learning frameworks (e.g.,
TensorFlow, PyTorch)

D. Resource Management Layer

This is the core intelligence layer of the system,
responsible for optimizing performance.

Key Functions:
1. Intelligent Scheduler
Uses ML-based prediction to allocate resources

Assigns tasks to appropriate VMs

Minimizes idle resources
2. Auto-Scaling Mechanism

Dynamically increases/decreases VMs based on
workload

Prevents overload and underutilization
3. Load Balancer

Distributes workload evenly across VMs
Ensures efficient processing

E. Data Storage Layer

Stores datasets, trained models, and logs

Supports distributed storage systems (e.g., cloud
databases)

Ensures data availability and fault tolerance

IV. Research Methodology
A. Phases of implementation
Phase 1: Data Collection

Standard ML datasets (e.g., image, tabular, or IoT
data) are used

Data may be large-scale to simulate real-world cloud
workloads

Data is split into training and testing sets

Phase 2: System Setup

a. Cloud Environment Configuration

Virtual machines are created using a hypervisor
Each VM is configured with:

CPU cores

Memory (RAM)

Storage

b. ICT Integration

Edge nodes are introduced for preprocessing

Network conditions (latency, bandwidth) are
simulated

Intelligent scheduler is implemented
Phase 3: Data Preprocessing (Edge Layer)

Data preprocessing is performed at the edge to
reduce cloud workload:

Data cleaning (removal of noise/outliers)
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Normalization and scaling
Feature selection/extraction

This reduces data size and improves ML
performance.

Phase 4: Task Classification and Offloading

Tasks are classified into:

Latency-sensitive tasks — processed at edge
Compute-intensive tasks — offloaded to cloud VMs

A decision model determines where tasks should be
executed.

Phase 4: Task Classification and Offloading

Tasks are classified into:

Latency-sensitive tasks — processed at edge
Compute-intensive tasks — offloaded to cloud VMs

A decision model determines where tasks should be
executed.

Phase 5: Resource Allocation and Scheduling
An intelligent scheduling algorithm is used to:
Allocate CPU, GPU, memory dynamically
Assign tasks to optimal VMs

Balance workload across multiple VMs
Techniques used:

Predictive resource allocation

Load balancing

Auto-scaling

Phase 6: Machine Learning Model Execution
ML models are deployed on VMs for:
Training phase

Model learns from training data

Inference phase

Model generates predictions

Parallel processing is used to improve efficiency.
Phase 7: Performance Monitoring

System performance is continuously monitored
using:

Execution time

CPU/GPU utilization

Energy consumption
Network delay

Monitoring tools or simulation frameworks (e.g.,
CloudSim) may be used.

Phase 8: Optimization
Based on monitoring results:
Resources are scaled up/down
Tasks are redistributed
Idle VMs are minimized
This ensures optimal system performance.
B. Algorithm
Input:
ML Task T
Resource Pool R (CPU, GPU, Memory)
Edge Node E
Cloud VM Set V
Output:
Optimized Result O
Begin
1. Initialize system resources (R, V, E)
2. Receive ML task T from user
3. Perform Edge Processing:

T pre = preprocess(T) // cleaning,

normalization
4. Classify Task:
If T is latency-sensitive then
Execute at Edge (E)
Go to Step 10
Else
Send T pre to Cloud
5. VM Selection:
For each VM in V:
Evaluate available resources
Select optimal VM (V_opt)
6. Resource Allocation:

Allocate CPU, GPU, Memory dynamically to
V_opt
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7. ML Execution: Measure Resource Utilization (U)

If Training Task then 9. Optimization:
Train Model on V_opt If (L high OR U low OR E_c high) then
Else Adjust resources (Auto-scale)
Perform Inference on V_opt Rebalance load
8. Performance Monitoring: 10. Generate Output O
Measure Latency (L) 11. Return Result to User
Measure Energy Consumption (E c) End

C. Flowchart

Receive ML Task (T)

Edge Preprocessing

(M Nann Nammalima)

Task Classification

Process at Edge Send to cloud (VMs)

Generate Output Select Optimal VM

Resource Allocation +
Twnanes 4inwm L NMasidnsetsnn

Optimization

—> Return Result

Fig. 1 Flowchart of the proposed system
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V. Result And Discussion
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Fig. 3 Latency VS Throughput Curve

VI. Conclusion

This paper investigated the impact of Information
and Communication Technology (ICT) innovations
on improving the efficiency of machine learning
(ML) workloads in virtual machine (VM)-based
cloud computing environments. Traditional cloud
systems often suffer from challenges such as high
latency, inefficient resource utilization, and
excessive energy consumption, which limit their
effectiveness in handling large-scale and real-time
ML applications. To address these issues, this study
proposed an ICT-enhanced cloud framework that
integrates edge computing, intelligent resource

management, and dynamic VM scaling. The
proposed system leverages edge-cloud collaboration
to reduce latency by processing time-sensitive tasks
closer to the data source, while computationally
intensive workloads are efficiently handled in the
cloud using optimized VM allocation strategies. The
integration of intelligent scheduling and auto-
scaling mechanisms ensures optimal utilization of
CPU, memory, and other resources, thereby
minimizing idle capacity and improving overall
system performance. Additionally, the adoption of
energy-aware computing techniques contributes to
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reducing  power  consumption,  supporting
sustainable and cost-effective cloud operations.

Experimental results demonstrate that the proposed
system significantly outperforms traditional and
conventional VM-based cloud approaches. The
system achieves substantial improvements,
including approximately 60% reduction in latency,
45% reduction in energy consumption, and
enhanced resource utilization up to 88%, along with
a notable increase in throughput. These results
validate the effectiveness of ICT innovations in
optimizing ML execution and highlight their
potential in addressing the growing demands of
modern data-intensive applications. In conclusion,
the integration of ICT innovations with VM-based
cloud infrastructures provides a scalable, efficient,
and high-performance solution for machine learning
environments. The proposed approach not only
enhances computational efficiency but also ensures
adaptability to dynamic workloads and evolving
technological requirements. Future research can
explore advanced directions such as Al-driven
autonomous resource management, hybrid VM-
container architectures, federated learning, and real-
time deployment in large-scale cloud platforms,
further strengthening the capabilities of next-
generation cloud computing systems.
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