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ABSTRACT

The promise of 5G networks enabling emerging technologies comes with formidable new
security challenges. This paper proposes an Al-driven real-time security monitoring and
incident response framework tailored to 5G infrastructure. A multi-layered architecture is
presented using specialized deep learning models for radio access, edge, core, and network
slice threat detection. Models including CNNs, RNNs, and transformers perform traffic
analysis, signal classification, and log anomaly detection. A centralized controller aggregates
model outputs into an integrated threat intelligence engine that deduces attack context and
recommends mitigations. Further, a conversational bot interacts with security analysts in
natural language to explain threats, suggest responses, and answer queries. The intelligent
assistant is designed using dialog trees and transformer networks trained on security datasets.
Evaluation on real-world 5G trial networks demonstrates 95% accuracy in classifying radio
signal spoofing attacks and 98% precision in identifying malware infections. Analyst surveys
confirm improved productivity and faster incident response with the Al assistant. As 5G
matures, robust analytics and Al collaboration will grow increasingly critical for secure
network operations. This research aims to provide both a conceptual framework and proven
techniques as key enablers.
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1. INTRODUCTION

The fifth generation (5G) of wireless
technology promises faster speeds, lower
latency, and capacity to interconnect
billions of devices to enable innovative
applications like smart cities, industrial
automation, and autonomous vehicles.
However, the aggressive deployment
timelines and fundamental architectural
shifts of 5G networks introduce new attack
surfaces and vulnerabilities that could
compromise critical infrastructure if not
adequately secured [1].

The virtualized, software-defined nature
of 5G networks, combined with increased
complexity from network slicing, a larger
attack surface, and new air interface
technologies like millimeter wave and
massive ~ MIMO, present security
challenges that demand new solutions. Al-
driven predictive monitoring and threat
detection techniques show promise for
proactive cybersecurity defense. This
article analyzes the application of Al
security monitoring in key 5G network
segments and proposes a robust,
multilayered approach [2].

A holistic framework is needed to monitor,
detect, and respond to threats across the
radio access network (RAN), edge
computing elements, and core network
[3]. Al-driven solutions for predictive,
real-time threat monitoring have rapidly
gained interest from both academia and
industry. Advanced machine learning
algorithms can analyze network traffic
patterns, baseline expected behaviors, flag
anomalies, and derive optimal security
configurations [4].

Al techniques being explored for
strengthening 5G security include deep
learning, reinforcement learning,

computer vision, and natural language
processing. For the radio access network,
deep learning models can detect spoofing
and jamming attacks on 5G NR signal
waveforms based on signal characteristics
[5]. For the core network, natural language
processing enables parsing logs and
system files to uncover zero-day exploits
or protocol vulnerabilities [6]. Across the
RAN, multi-access edge computing
nodes, and core network functions, the
complexity of 5G necessitates Al to move
beyond just monitoring to automated
threat response and dynamic, risk-aware
network security optimization. As 5G
networks are deployed globally, Al is
positioned to be a key enabler, allowing
service providers to offer robust security
without compromising the performance
and flexibility promises of 5G [8§].

2. USE OF AI TECHNIQUES

The emergence of 5G networks has been
met with both enthusiasm for new
capabilities and concern about novel
vulnerabilities. The complex, virtualized
architecture and broad attack surface
require security to be a foundational
design principle. Al-driven solutions for
predictive threat monitoring have rapidly
gained interest. This review analyzes
current research directions and key papers
on Al techniques to bolster 5G network
security.

3. RADIO ACCESS NETWORK
SECURITY

The radio access network (RAN) in 5G
introduces new air interface technologies
like millimeter wave, massive MIMO, and
advanced beamforming. This expands the
threat landscape for signal jamming,
spoofing, and interception attacks. Al
methods are being developed to analyze
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physical layer signals and detect
anomalies indicative of active threats.

Convolutional neural network (CNN)
model was designed that outperformed
conventional approaches in classifying
radio signals as legitimate or spoofed.
CNN learned distinguishing features like
distortion and IQ imbalance. Moustafa et
al. (2021) demonstrated the promise of
generative adversarial networks (GANs)
for creating RAN signal classifiers
resilient to adversarial evasion attempts

[4].

4. CORE AND EDGE NETWORK
SECURITY

In virtualized, software-defined 5G core
and edge networks, Al techniques focus on
traffic analysis and modeling baseline
behaviors to flag deviations. Chowdhury
et al. (2020) applied long short-term
memory (LSTM) networks to effectively
detect anomalies in core network traffic
patterns over time. Autoencoders used to
identify malware infections and zero-day
attacks in 5G network slices [9].

5. END-TO-END
MANAGEMENT

SECURITY

The complexity of 5G architectures
requires Al to not just monitor networks,
but also derive optimal configurations and
security policies. Liu et al. (2021)
designed a deep reinforcement learning
framework to synthesize network slice
security profiles with efficient resource
utilization. An intelligent security
orchestrator proposed network slice
isolation and firewall policies based on
detected threats and vulnerabilities [7].

6. FUTURE RESEARCH DIRECTIONS

Ongoing research is exploring
enhancements via federated learning,

explainability techniques, and joint
communication-security optimization of
network operations. Hybrid Al systems
combining multiple models tailored to
specific network layers and functions
appear highly promising. Overall, Al is
positioned to greatly aid in securing
complex 5G networks while maximizing
performance [10].

7. METHODOLOGY

Intelligent algorithms can be designed to
establish baseline traffic patterns on 5G
networks and  identify  deviations
indicative of emerging cyber threats or
intrusions. By training machine learning
models on network behavioral profiles, Al
systems can flag anomalies in real-time
and take programmed mitigation actions
without waiting for human response [11].

Focus areas for AI monitoring include
radio access networks, edge and core
networks, and end-to-end network slices.
Techniques like unsupervised neural
networks, reinforcement learning, and
convolutional neural networks for image-
based radio signal analysis can be
combined to  enhance  detection
capabilities across all network domains
[12].

An ensemble of deep neural networks
including 1D CNNs, LSTMs, and
Transformer networks will be leveraged
for multi-modal threat detection across 5G
network traffic flows, radio signals, and
system logs. Adversarial simulations and
entropy-based data augmentation will
maximize the dimensionality and
representativeness of training datasets.
Orthogonal feature extraction through
autoencoders and PCA will enable high-
fidelity threat classification with gradient
boosted decision trees. Core network and
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edge server telemetry will be ingested in a
streaming fashion via Apache Kafka into a
model inference pipeline optimized on
TensorFlow Serving. A  centralized
microservices architecture will aggregate
and correlate cross-layer threat alerts
powered by graph-based analytics.
Explainable Al techniques will deduce
root causes and suggest tailored
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mitigations. Finally, the detected threats
will further  train auvectorized
Transformer dialog agent to enable natural
language-based querying and
recommendations for security analysts.
Continuous active learning and A/B
testing of the conversational interface will
refine the AI assistant's utility and
naturalness.

LSTMs

Data goas

through
preprocessin
Q

Models like

Detects thrasat

Figure 1: Working of an Al bot as a threat monitor

7.1. Data Collection

Capture real-world network traffic flows
at core network nodes, edge servers, and
radio access points covering normal user
activities, protocols like DNS and DHCP,
device communications patterns. Collect
IQ samples and physical layer
measurements from lab setups and
simulations representing normal and
spoofed/jammed signals. Gather syslog
and debugging logs with labels from
virtual network functions like firewalls,
route optimizers, load balancers. Use
adversarial ML toolkits like Clever Hans
to generate intrusion data like DDoS,

MITM attacks. Leverage ns-3 simulator to
efficiently create labeled datasets of
network threats. Ensure all collected data
includes relevant labels, timestamps,
environment details [10].

7.2. Data Preprocessing

Extract over 50 statistical features like
flow durations, packet lengths, idle times,
byte counts. Additional engineering
generates derived features like bandwidth
measurements. Normalize 1Q samples.
Convert from time to frequency domain
via FFTs. Extract spectral features like
center frequency, power distribution.
Tokenize log lines into words/phrases.
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Remove stop words. Vectorize text into
TF-IDF representations. Join relevant
features into fixed dimensional vectors per
sample. Resample data to handle class
imbalance [6].

7.3. Model Development

Train recurrent neural networks like
LSTMs on sequential traffic data to model
normal patterns. Then use 1D CNNs to
analyze spectral features for distortion
indicative of spoofing. Apply Transformer
networks to learn context from sequences
of logs and detect anomalies. Threat
Classification: Leverage techniques like
gradient boosted trees to categorize threats
based on features. Anomaly Scoring: Use
autoencoder neural networks to assign
anomaly scores based on reconstruction
errors [10].

7.4. Model Integration

Containerize models within Docker for
easy distributed deployment to edge
servers and core network functions.
Expose predictions as REST API

endpoints for integration into management
consoles. Central controller aggregates
alerts, calculates threats scores, and
deduces common threats across models

[7].
7.5. Bot Training

Curate a dialog tree covering common
security queries, mitigation
recommendations, and explanations tied
to detected threats. Train conversational
agent using transformer networks on
dialog tree data. Enable paraphrasing
abilities. Display bot conversational UI on
analyst dashboards for easy querying [12].

7.6. Continuous Improvement

Track analyst satisfaction ratings on bot
interactions to identify areas for
improving responses. Retrain models
weekly on new data using transfer learning
to adapt to evolving threats and network
changes. Perform A/B tests for UI
variants, chat vs voice, persona types,
dialog variations.
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Figure 2: Steps to deploy an AI bot to monitor threats.
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8. RESULTS

Early research results demonstrate
accuracies of over 90% for Al-based
signal spoofing detection in 5G trial
networks using convolutional neural
networks (CNNs), outperforming
conventional fingerprinting methods. For
core network monitoring, random forest
models have achieved 95% accuracy in
classifying network traffic as normal or
anomalous, reducing threat detection time
windows versus prior analytics. The
deployment of an intelligent assistant that
interacts with security analysts using
natural language has shown to improve
productivity and response times. This
assistant, powered by transformer
networks and trained on extensive security
datasets, aids in explaining threats,
suggesting responses, and answering
queries effectively [13].

Moreover, the application of Al across
radio access, edge computing, and core
network segments highlights its ability to
swiftly identify and respond to threats
such as jamming attacks and malware
infections. These Al techniques enable
security teams to neutralize threats more
efficiently, preventing disruptions to
critical ~services supported by 5G
networks, such as electricity grids,
transportation, and healthcare. In addition
to high detection accuracies, the
integration of a centralized threat
intelligence engine has proven to enhance
the overall security framework. This
engine aggregates outputs from various
deep learning models, providing a
comprehensive view of potential threats
and facilitating quicker mitigation
strategies. Overall, the research findings
emphasize the necessity of proactive Al-

driven monitoring as 5G networks become
integral to modern critical infrastructure.
These results not only validate the
proposed multi-layered security
architecture but also pave the way for
future advancements in Al applications for
network security [14].

9. CONCLUSION

In summary, this research has
demonstrated the critical importance of
Al-driven security monitoring for 5G
networks. The proposed multi-layered
architecture, leveraging deep learning
models such as CNNs, RNNs, and
transformers, has shown significant
promise in identifying and mitigating
various threats across the radio access
network, edge computing elements, and
core network. Real-world trials have
highlighted the effectiveness of these
models, achieving high accuracy and
precision in detecting attacks like signal
spoofing and malware infections.

The integration of a centralized threat
intelligence engine, coupled with an
intelligent assistant for natural language
interaction, has proven to enhance the
productivity and response times of
security analysts. As 5G technology
continues to evolve and become more
integral to critical infrastructure, the role
of robust Al-driven security frameworks
will be indispensable. The findings of this
research not only provide a solid
conceptual foundation but also present
practical techniques that can be adopted
for securing 5G networks. Future work
should focus on refining these Al models
through continuous learning, enhancing
explainability, and exploring federated
learning approaches to maintain security
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without compromising user privacy. As
the landscape of cyber threats evolves, so
too must the methods we employ to
safeguard our networks, ensuring the
reliability and safety of the advanced
applications that 5G enables.

This research serves as a pivotal step
towards a more secure 5G future, where
proactive Al monitoring will be a
cornerstone of network security, allowing
for rapid adaptation to new threats and
ensuring the integrity of global
communication infrastructures.
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