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Anomauin

Hepugepitini obyucnenna y noeoumamni 3 mawiunnum Hasyauuam (Edge Al) npeocmasnsiomv coborw 3MiHy
napaouemu 68 06pobyi danux. 3amicme moeo, wob NOKIAOAMUCS BUKTIOYHO HA YeHMPALi308aHi XMAPHI cepsepu, Ys
MexHoN02is 0036018€ 00pOOAIMU OaHi JOKANLHO HA NPUCMPOSX, 3MEHULYIOYU 3aMPUMKY Md BUKOPUCTNAHHS
nponycknoi 30amuocmi mepedxci. Y yiti pobomi pozensoacmvcs inmezpayis mooenell MAWUHHO20 HAGUAHHS Y
Oeyenmpaniz08ani CUCeMU, GUCBIMIIOEMbC ONMUMIZAYISE NPOOYKMUGHOCMI MA NOMEHYIUHI chepu 3aCMOCYBAHHA Y
cyuacrnomy IT-cepedosuyi.

KoarouoBi ciioBa: mammuHe HaBuaHHs, nepudepiliHi OOYHMCICHHS, IHTEPHET pedel, NeleHTpaji3auis, ITYYHUH
THTEJIEKT.

Abstract

Edge computing combined with machine learning (Edge Al) represents a paradigm shift in data processing. Instead
of relying solely on centralized cloud servers, this technology allows data to be processed locally on devices,
significantly reducing latency and bandwidth usage. This paper explores the integration of machine learning models
into decentralized systems, highlighting performance optimization, architectural challenges, and potential
applications in modern IT environments.
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Introduction

In recent years, the rapid proliferation of smart devices and the Internet of Things (IoT) has led to an
exponential increase in the volume of generated data. Traditionally, this data is transmitted to centralized cloud
servers for processing, analysis, and storage. However, this centralized approach presents several critical
bottlenecks. High latency, excessive bandwidth consumption, and growing privacy concerns make cloud-only
architectures increasingly inefficient for real-time applications.

To address these limitations, edge computing has emerged as a viable solution. By moving computational
power closer to the data source — the "edge" of the network — organizations can process information locally.
When combined with Machine Learning (Edge Al), this decentralized approach allows devices to make
autonomous, intelligent decisions in real-time without relying on a constant connection to a central server. This
paper examines the role of Edge Al in modern IT infrastructure, detailing its benefits, the technical challenges
of deploying ML models on resource-constrained devices, and its future implications.

Research results

The primary advantage of implementing machine learning in decentralized edge environments is the
dramatic reduction in latency. In critical systems, such as automated manufacturing, autonomous vehicles, or
real-time cybersecurity monitoring, the delay caused by sending data to a cloud server and waiting for a
response can be detrimental. Edge Al ensures that data is processed on local servers or directly on embedded
systems, enabling instantaneous responses.

Another significant benefit is the optimization of network bandwidth. Instead of transmitting raw, heavy
datasets across the network, edge devices analyse the data locally and only send the processed results or critical
anomalies to the cloud. This not only reduces the load on network infrastructure but also significantly enhances
data privacy and security. Since sensitive information remains on the local device or a decentralized home
server, the risk of large-scale data breaches during transmission is minimized.



However, deploying ML models in decentralized systems introduces specific engineering challenges. Most
edge devices lack the substantial computational power, memory, and energy resources found in traditional data
centres. Consequently, standard machine learning models must be adapted. Techniques such as model
quantization, pruning, and knowledge distillation are employed to compress complex neural networks into
lightweight versions that can run efficiently on edge hardware without a significant loss in accuracy.

Currently, Edge Al is being successfully integrated into various domains. In predictive maintenance,
sensors equipped with ML algorithms analyse equipment vibrations and temperatures to predict failures before
they occur, eliminating the need for constant cloud communication. In smart environments, localized data
processing allows for immediate adjustments to environmental controls, optimizing energy consumption
autonomously.

Despite the hurdles related to hardware limitations and the complexity of managing decentralized networks,
the ongoing advancements in specialized Al accelerators (such as NPUs) and more efficient ML algorithms
are rapidly expanding the capabilities of edge computing.

Conclusion

The integration of machine learning into edge computing architectures marks a crucial evolution in
decentralized systems. By enabling localized, intelligent data processing, Edge Al successfully addresses the
latency, bandwidth, and privacy limitations inherent in cloud-centric models. While the deployment of these
systems requires specialized optimization techniques to accommodate resource-constrained hardware, the
continuous development of lightweight algorithms ensures a scalable future. Ultimately, as the demand for
real-time, autonomous decision-making grows, decentralized machine learning will become a foundational
component of modern IT infrastructure.
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