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Abstract  

 

Artificial intelligence has evolved from a laboratory-centered discipline into a distributed, data-intensive, and service-

oriented technological ecosystem. This transition has made computer network technology a foundational enabler of 

AI development, deployment, and operation. Modern AI systems depend on networks to collect data from sensors 

and devices, connect edge nodes to cloud platforms, coordinate distributed learning, support real-time inference, and 

maintain secure and scalable services. In recent years, mobile edge computing, federated learning, software-defined 

networking, network slicing, and AI-driven digital twins have strengthened the integration between networking and 

AI. At the same time, this convergence has exposed several persistent problems, including latency, bandwidth 

pressure, heterogeneous infrastructure, privacy leakage, adversarial threats, interoperability gaps, energy 

consumption, and weak explainability in network-aware AI decisions. This paper examines the major applications of 

computer network technology in AI and analyzes the most significant existing problems. It argues that the future of 

AI will depend not only on more powerful models, but also on cross-layer network design, secure distributed 

intelligence, standardization, and energy-aware orchestration. In this sense, computer network technology is no longer 

a passive transmission medium for AI. It has become an active part of the intelligence pipeline itself.  

Keywords: artificial intelligence; computer networks; edge computing; federated learning; software-defined 

networking; network slicing; cybersecurity; 6G 

1. Introduction 

Artificial intelligence relies on large volumes of data, substantial computational resources, and timely interaction 

among distributed devices, platforms, and users. Because of that, the growth of AI has been closely tied to the 

development of computer network technology. Earlier AI systems were often trained and executed in centralized 

environments, but current applications such as autonomous vehicles, smart healthcare, industrial robotics, intelligent 

surveillance, and large-scale IoT require distributed processing across cloud, edge, and terminal devices. This shift 

has made networking essential not only for communication, but also for scheduling, synchronization, model delivery, 

and service reliability [1]-[4]. 

Computer network technology supports AI in two broad ways. First, it provides the infrastructure through which AI 

data, models, and inference results move across devices and platforms. Second, it enables new forms of distributed 

intelligence, such as edge AI, collaborative learning, and network-aware model orchestration. As AI services become 
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more latency-sensitive and privacy-sensitive, the network is no longer a background utility. It increasingly shapes 

what kinds of AI systems are feasible, efficient, and trustworthy. Recent work on edge intelligence, software-defined 

networking, digital twins, 6G, and network slicing shows that networking has become part of the architecture of 

intelligence itself [3], [7]-[12]. 

This paper discusses the principal applications of computer network technology in the field of artificial intelligence 

and then analyzes the major problems that still constrain its effectiveness. The goal is to present a structured 

understanding of why network technology is indispensable to AI and why unresolved networking issues remain a 

major bottleneck for future intelligent systems. 

2. Major Applications of Computer Network Technology in AI 

2.1 Data transmission and distributed AI infrastructure 

The first and most direct application of computer network technology in AI is the transmission and aggregation of 

training and inference data. AI models depend on data collected from cameras, sensors, mobile devices, industrial 

machines, vehicles, and online platforms. Networks connect these sources to storage and compute environments, 

allowing centralized training or distributed processing. In practical terms, computer networks make it possible to build 

large data pipelines, synchronize parameter updates, and deliver models to remote devices. Without high-throughput 

and reliable networking, many modern AI tasks, especially those involving multimodal or real-time data, would 

become infeasible [1], [2]. 

Cloud-edge collaboration has become especially important for AI services that require both scale and responsiveness. 

Cloud platforms remain strong for large-model training and global coordination, while edge nodes are better suited 

for local inference and fast reaction. Network technology bridges these layers, enabling task offloading, model 

partitioning, caching, and service continuity across heterogeneous environments. This model has become central in 

smart city systems, healthcare monitoring, connected transportation, and industrial automation [1]-[3]. 

2.2 Edge computing and edge intelligence 

A major development in the last decade has been the movement of intelligence from centralized data centers toward 

the network edge. Edge computing reduces the physical and logical distance between data generation and data 

processing. For AI, this means lower latency, lower backhaul load, and better support for context-aware services. 

Edge computing is particularly useful for applications such as object detection, voice interaction, augmented reality, 

anomaly detection, and control systems, where milliseconds matter [1], [2]. 

The concept of edge intelligence extends this idea further by combining networking and AI in both directions. On one 

side, AI improves edge resource allocation, traffic prediction, caching, and service placement. On the other side, edge 

platforms support the training and inference of AI models close to end devices. Deng et al. describe this duality as 

“AI for edge” and “AI on edge,” which captures the reciprocal relationship between intelligent algorithms and 

networked edge infrastructure [3]. This has made network technology a design variable inside AI systems rather than 

just a carrier between them. 

2.3 Federated learning and collaborative intelligence 

Another key application is federated learning, in which multiple devices or organizations train a shared model without 

directly exchanging raw data. This approach depends fundamentally on network technology because the network 

coordinates local training rounds, transmits model updates, and manages aggregation under limited bandwidth and 

variable connectivity. In wireless and mobile environments, federated learning has become attractive because it 

reduces raw-data transfer and supports privacy-preserving intelligence across distributed nodes [4]. 

The importance of networking here goes beyond simple connectivity. Federated learning performance depends on 

link quality, latency, device availability, synchronization strategy, and communication overhead. In practice, this 
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means the success of distributed AI is often determined by network conditions as much as by learning algorithms. As 

AI moves into healthcare, finance, mobile services, and industrial systems where data cannot always be centralized, 

network-aware collaborative learning is becoming a core application area for computer networks in AI. 

2.4 Software-defined networking, network slicing, and digital twins 

Software-defined networking has opened a new path for AI deployment because it separates control logic from 

forwarding infrastructure and makes network behavior programmable. This programmability is useful for AI 

workloads that need dynamic routing, quality-of-service guarantees, or adaptive resource management. Recent 

surveys show that machine learning is increasingly used within SDN to support traffic engineering, anomaly detection, 

load balancing, and automated decision-making [7]. At the same time, SDN itself provides a flexible substrate for AI 

services that need policy-aware orchestration. 

Network slicing and digital twin networks represent more advanced applications of network technology in AI. 

Network slicing allows multiple virtualized logical networks to coexist on shared infrastructure, each optimized for a 

different service requirement. This is valuable for AI workloads because a low-latency medical AI service, a high-

bandwidth video analytics service, and a massive-IoT prediction service do not require the same network behavior. 

Recent work shows that AI is increasingly used throughout slice planning, admission, scaling, monitoring, and 

recovery [10]-[12]. Digital twin networks add a virtual replica of the network, allowing simulation, prediction, and 

safer policy optimization before deployment [9], [10]. Together, these approaches indicate that next-generation AI 

systems will depend on programmable, virtualized, and model-aware networks. 

2.5 AI service security and resilience 

Computer network technology is also crucial to the security and resilience of AI ecosystems. AI services often operate 

across distributed endpoints, cloud APIs, sensors, and edge nodes, which expands the attack surface. Networking 

provides monitoring, policy enforcement, authentication pathways, and traffic analysis that help protect both AI 

models and the environments where they run. At the same time, machine learning and deep learning are now widely 

used for intrusion detection, anomaly detection, threat classification, and adaptive defense in networked systems [5], 

[6]. 

This application area is especially important because compromised networks can corrupt data, poison models, or 

interrupt inference pipelines. In other words, secure networking is not only a general IT requirement. It is a direct 

condition for the integrity of AI outputs. As intelligent services move into critical infrastructure, this security role of 

networking becomes even more central. 
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Fig. 1. Several Segments for AI applications in Marketing Domain 

3. Existing Problems in the Integration of Computer Networks and AI 

3.1 Latency, bandwidth, and scalability constraints 

Despite its central role, computer network technology still faces serious performance problems when supporting AI. 

Large AI models generate heavy traffic during training, synchronization, and inference distribution. Real-time AI 

applications also demand consistently low latency, which is difficult in congested, mobile, or geographically 

distributed environments. While edge computing reduces round-trip delay, it does not eliminate the tension between 

local responsiveness and global coordination [1]-[4]. Distributed AI therefore remains vulnerable to bandwidth 

bottlenecks, unstable connectivity, and performance variability across nodes.  

Scalability is another major issue. As the number of devices grows, model synchronization and service orchestration 

become harder to manage. In federated and edge settings, some clients are slow, unreliable, or resource-poor, which 

leads to stragglers and incomplete training rounds. In network slicing and 6G scenarios, the complexity grows further 

because the network must jointly optimize communication, computation, storage, and service guarantees. This creates 

a cross-layer optimization problem that existing solutions only partially address [8], [10]-[12].  

3.2 Privacy, security, and adversarial threats 

Privacy and security remain perhaps the most visible problems in network-enabled AI. Even when raw data are not 

transmitted, metadata, gradients, or model updates can leak sensitive information. Federated learning reduces some 

privacy risks, but it introduces others, including inference attacks, poisoning attacks, and communication-layer 

vulnerabilities [4]. Similarly, edge and IoT environments often operate with weak physical protection and inconsistent 

update policies, making them attractive targets. 
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In cybersecurity applications, AI improves detection, but the AI models themselves can be manipulated. Surveys in 

ML and deep learning for cybersecurity show persistent challenges involving adversarial examples, biased datasets, 

poor generalization to new attacks, and limited transparency in automated defense decisions [5], [6]. This means the 

convergence of networking and AI creates a double problem: networks must defend AI systems, and AI systems must 

defend networks, while both remain vulnerable. 

3.3 Heterogeneity and interoperability 

AI systems increasingly run across smartphones, sensors, industrial controllers, vehicles, gateways, and cloud servers. 

These environments differ in protocols, compute capability, memory, operating systems, and communication quality. 

Network heterogeneity makes distributed AI difficult to standardize and optimize. Edge nodes may support different 

frameworks, radio interfaces, and security assumptions, which leads to fragmented deployments and weak 

interoperability [2], [3], [11]. 

This issue is especially serious in SDN, 6G, and sliced environments, where orchestration depends on consistent 

abstractions and interfaces. Recent studies on AI-driven slicing and SDN highlight the need for stronger standards, 

common data models, and better lifecycle automation [7], [12]. Without this, many network-enabled AI solutions 

remain difficult to reproduce, integrate, or scale across vendors and domains. 

3.4 Energy consumption and resource imbalance 

AI workloads are computationally expensive, and networking them across distributed environments adds 

communication overhead and control complexity. Edge devices often have strict constraints in energy, memory, and 

thermal capacity. When AI is pushed closer to the edge, the burden shifts from centralized clouds to resource-limited 

nodes. This is useful for latency, but costly for sustainability and reliability [1], [3], [11]. 

The problem becomes sharper in large-scale wireless or IoT deployments. Communication rounds in federated 

learning consume energy, repeated retransmissions waste resources, and always-on intelligent monitoring can 

overload constrained devices. Future AI-capable networks therefore need to balance model accuracy with 

communication efficiency and power consumption rather than optimizing only for predictive performance [4], [8]. 

3.5 Explainability, control, and governance 

As networks become more autonomous, another problem emerges: decisions made by AI-assisted networking systems 

are often difficult to explain. This matters when AI is used for routing, slice management, congestion control, anomaly 

response, or digital twin-based optimization. In critical sectors such as healthcare, transportation, and public 

infrastructure, opaque network decisions can reduce trust and complicate accountability [10]-[12].  

Governance is also lagging behind technical progress. Many AI-network systems are designed for performance rather 

than auditability, fairness, or compliance. Yet future deployments will require policies for data sovereignty, model 

ownership, cross-domain coordination, and failure recovery. The challenge is no longer only technical. It is also 

organizational and regulatory.  

4. Future Directions 

To address these problems, future research should move toward cross-layer design in which networking, computation, 

and learning are optimized together rather than separately. AI systems should become network-aware, and networks 

should become model-aware. Privacy-preserving learning, lightweight edge inference, robust distributed 

optimization, interoperable control frameworks, and explainable network intelligence are all necessary directions. In 

parallel, 6G research suggests that digital twins, slicing, and intelligent orchestration will be central to next-generation 

AI services, but only if they are accompanied by strong security and standardization frameworks [8]-[12]. 
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5. Conclusion 

Computer network technology has become one of the core enabling forces behind modern artificial intelligence. It 

supports data movement, distributed computation, real-time inference, collaborative learning, programmable service 

delivery, and system security. However, the same integration introduces serious problems related to latency, 

bandwidth, privacy, heterogeneity, energy use, and Explainability. The future success of AI will therefore depend not 

only on better algorithms, but also on more intelligent, secure, and adaptive networks. In the emerging AI era, network 

technology is not peripheral infrastructure. It is part of the architecture of intelligence itself. 
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