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Abstract

As next-generation networks evolve to integrate terrestrial,
wireless, and edge technologies, resource management becomes
increasingly complex. This paper presents an Al-powered
orchestration system that autonomously configures and
manages network slices across hybrid access environments.
Leveraging machine learning and predictive analytics, the
system dynamically optimizes latency, throughput, and service-
level performance in real time, achieving up to 35% reduction
in average latency and a 28% improvement in throughput
across test scenarios. At its core is a smart feedback loop that
fuses multiple AI models to continuously adapt to changing
network conditions. Experimental evaluations demonstrate that
the system not only simplifies configuration and reduces
operational overhead by 40% but also ensures consistent service
quality across diverse deployment contexts. This work
contributes a scalable, self-managing framework that advances
the state of intelligent, responsive service delivery in future
communication systems.

Keywords- Hybrid access networks, Machine Learning,
Predictive analysis, Slice use effectiveness, Self-managing
networks

1. INTRODUCTION

The exponential growth of connected devices, latency-
sensitive applications, and diverse service requirements in 5G
and emerging 6G networks has intensified the need for
intelligent, adaptive network management. Network slicing,
enabling the creation of multiple virtual networks over a
shared physical infrastructure, has emerged as a foundational
strategy to meet these heterogeneous demands. However, as
networks increasingly span terrestrial, wireless, and edge
domains, the orchestration and dynamic allocation of slices
across such hybrid access environments introduces
significant operational and architectural complexity.
Traditional rule-based or static slice management approaches
struggle to cope with the real-time variability in user
behavior, traffic patterns, and service-level agreements
(SLAs). This gap underscores a critical challenge: how to
ensure agile, scalable, and SLA-compliant slice management
in the face of dynamic and distributed network conditions.
This paper presents the design, implementation, and
evaluation of an Al-based slice management system. Its
effectiveness is demonstrated through simulation scenarios
that reflect real-world hybrid access environments,
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highlighting improvements in slice utilization, SLA
adherence, and system agility. These contributions aim to
advance the state of the art in intelligent network automation
and provide a foundation for future-ready, self-improving
communication infrastructures.

To address this, we propose an Al-native system that enables
self-configuring slice allocation across hybrid access
networks. By embedding machine learning models
throughout the slice lifecycle, from admission control to
adaptive resource reallocation, the system automates
decision-making, reduces operational overhead, and
enhances responsiveness. It builds on the principles of
autonomous networks and hybrid Al, combining centralized
and edge intelligence to support low-latency, high-reliability
services.

The architecture incorporates closed-loop feedback and
context-aware learning to continuously adapt to evolving
network states. Designed with scalability, security, and
standards alignment in mind (e.g., TM Forum, ETSI ZSM),
this work operationalizes Al for real-world deployment.
This paper details the design, implementation, and evaluation
of the proposed system. Through simulations that reflect
realistic hybrid access scenarios, we demonstrate measurable
improvements in slice utilization, SLA adherence, and
system agility. These contributions advance the state of
intelligent network automation and lay the groundwork for
future-ready, self-optimizing communication infrastructures.

II. BACKGROUND AND RELATED WORK

Network slicing is one of the most exciting innovations
powering 5G and beyond. It gives operators the ability to
create multiple virtual networks, each one fine-tuned for
specific needs like ultra-low latency, high bandwidth, or
enhanced security all running over the same physical
infrastructure. This flexibility is what makes it possible to
support everything from autonomous vehicles to smart
factories and immersive media experiences.

However, as networks become more complex, spanning
global backbones, wireless links, and edge computing nodes
traditional slice management methods are starting to fall
behind. Static rules and rigid configurations simply cannot
keep up with the real-time shifts in traffic, user movement,
and service-level expectations. That is where artificial
intelligence (Al) is starting to make a real difference.



Recent research has shown how Al can be embedded into
separate phases of slice management, like deciding which
slices to admit, how to allocate resources, and how to monitor
SLAs. For example, Bega et al. introduced a machine
learning-based  orchestration model that improved
performance by up to 80% [1]. Other studies have explored
reinforcement and federated learning to make slicing more
adaptive and context-aware, especially in 6G environments
[2]. On the industry side, frameworks like Capgemini’s NW
Cloudification are pushing for closed-loop automation and
zero-touch operations [3], while the Hybrid Al Referential
Architecture helps organizations decide where to deploy Al,
whether in the cloud or at the edge, based on trade-offs like
latency, compute efficiency, and data privacy [4]. Still, there
are important gaps. Many current solutions focus only on
either the core or access network, missing the bigger picture
of hybrid environments. Others require heavy customization
to fit into real-world operations, and few offer the kind of
real-time feedback loops needed for continuous adaptation.
What is missing is a unified approach that brings together
centralized intelligence and edge autonomy.

This paper aims to fill that gap by proposing an Al-native
framework for self-configuring slice allocation across hybrid
access networks. By embedding learning loops and balancing
global oversight with local agility, the goal is to deliver slice
management that is not just scalable and adaptive—but also
aligned with evolving SLA demands.

III. SYSTEM ARCHITECTURE & IMPLEMENTATION

The proposed system structure is designed to enable
intelligent, self-configuring slice allocation across hybrid
access networks, which include terrestrial, wireless, and edge
domains. It is structured around a modular, closed-loop
system that combines Al-driven decision-making with real-
time network telemetry and orchestration capabilities.

A. Architectural Overview

At a high level, the structure consists of four primary layers:

e Data Collection Layer: This layer aggregates real-

time telemetry from varied network domains,

including radio access networks (RAN), transport,

and core. It captures metrics such as traffic load,

latency, jitter, user mobility, and service-level

indicators. Data is preprocessed and normalized for
downstream Al consumption.

e Al Engine Layer: This core intelligence layer hosts
machine learning models responsible for slice
prediction, resource estimation, and anomaly
detection. It includes:

e A Reinforcement Learning Agent for
changing slice allocation decisions.

e A Predictive Analytics Module for
forecasting traffic and mobility patterns.

e A Policy Engine that aligns Al decisions
with operator-defined SLAs and business
rules.

® Orchestration and Control Layer: This layer
interfaces with SDN/NFV controllers and MANO
(Management and Orchestration) systems to enforce
slice configurations. It translates Al-generated
intents into actionable network policies and ensures
compliance with infrastructure constraints.

e Feedback and Adaptation Layer: This layer
monitors the impact of slice decisions and feeds
performance data back into the Al engine. It enables
continuous learning and adaptation, ensuring the
system evolves with changing network conditions
and service demands.

Data Collection Layer

{}

Al Engine Layer

{}

Orchestration and Control Layer

{}

Feedback and Adoption Layer

Image -1 AI System Architecture Layers[5]

B. Hybrid Deployment Model

To support low-latency decision-making and scalability, the
structure adopts a hybrid Al deployment model:

Centralized Intelligence is used for global optimization and
long-term learning.

Edge Intelligence is deployed closer to the access points for
real-time responsiveness and localized adaptation.

This hybrid approach balances compute effectiveness, data
privacy, and responsiveness, making it suitable for varied
deployment scenarios.

C. Interoperability and Standards Alignment

The structure is designed to be interoperable with existing
network management systems and aligns with standards from
3GPP, ETSI ZSM, and TM Forum. It supports open APIs for
integration with third-party analytics platforms and
orchestration tools.

D. Al Models and Algorithms

The core of the self-configuring slice allocation system is an
ensemble of Al models designed to operate across the full
lifecycle of network slicing, from slice admission and
resource estimation to real-time reconfiguration and SLA
assurance. These models are deployed in a hybrid structure
that balances centralized optimization with edge
responsiveness.

E. Reinforcement Learning for Dynamic Slice Allocation

At the heart of the system is a deep a type of machine learning
(DRL) agent trained to make real-time decisions about slice
instantiation and scaling. The agent observes network states
such as traffic load, user mobility, and latency metrics, and
selects actions that maximize long-term utility while
minimizing SLA violations. The reward function is multi-
objective, incorporating throughput, latency, and resource
effectiveness.

This approach builds on prior work such as SliceOptiAl [5],
which demonstrated the effectiveness of staged Al models for
resource reservation, allocation, and optimization in network
slicing environments.



F. Predictive Analytics for Traffic and Mobility
Forecasting

To ensure proactive management of network slices,
employed time-series forecasting models such as LSTM and
Prophet. These models predict traffic demand and user
mobility patterns, allowing the DRL agent to update policies
accordingly and enable anticipatory resource provisioning,
thus reducing the need for reactive scaling.

G. Hybrid Al for Context-Aware Decision Making

Recognizing the limitations of purely statistical models in
high-trust environments, adopted a hybrid Al strategy.
This combines:
e Symbolic reasoning for policy enforcement and
SLA validation,
e  Statistical learning for pattern recognition and
anomaly detection,
e Contextual inference for adapting to domain-
specific constraints.
This hybrid approach ensures that decisions are not only data-
driven but also aligned with operational policies and
engineering logic.

H. Closed-Loop Feedback and Model Adaptation

The system incorporates a closed-loop feedback mechanism
that continuously monitors slice performance and retrains
models as needed. Model drift is detected using techniques
outlined in GCS - Gen AI Ref Architecture Guidelines
v.2.1 [6], including real-time comparison of training and
production data distributions. This ensures sustained model
accuracy and responsiveness to evolving network conditions.

1. Deployment Considerations

Al models are deployed using a hybrid topology:
e  Centralized cloud hosts global models for long-term
optimization and policy learning.
e Edge nodes run lightweight inference engines for
latency-sensitive decisions, as described in Hybrid
Al Referential Architecture
This deployment strategy supports scalability, privacy, and
real-time responsiveness across different access domains.

J. Implementation and Testbed

To wvalidate the proposed Al-based system for self-
configuring slice allocation, developed a modular prototype
and evaluated it in a simulated hybrid access network
environment. The implementation emphasizes real-time
orchestration, Al-driven decision-making, and closed-loop
feedback across varied network domains [7]

K. Prototype Architecture

Monitoring Dashboard

{}

Orchestrator

{}

Al Engine

{}

Telemetry Collector

Image -2 End-to-End AI Operations Stack [7]

The prototype is composed of the following key components:

e Telemetry Collector: Built using Prometheus and

custom exporters, this module gathers real-time

metrics from simulated RAN, transport, and core
network elements.

e Al Engine: The engine is developed in Python
utilizing TensorFlow and PyTorch frameworks to
host various machine learning agents and
forecasting models. It interfaces with the telemetry
collector through REST APIs and communicates its
decisions to the orchestrator.

e Orchestrator: Based on ONOS and Open Network
Automation Platform (ONAP), this component
translates Al decisions into network configurations
using NETCONF and gRPC protocols.

®  Monitoring Dashboard: A Grafana-based interface
visualizes slice performance, resource use, and
meeting service level agreements in real time.

L. Testbed Configuration

The testbed simulates a hybrid access network with the
following characteristics:

e Access Domains: Includes LTE, Wi-Fi 6, and
mmWave 5G simulated using NS-3 and Mininet-
WiFi.

e Core Network: Emulated using Open5GS and
Docker containers to represent network functions.

e Edge Nodes: Raspberry Pi 4 devices and virtual
machines emulate edge compute nodes for low-
latency inference.

e Traffic Profiles: Synthetic traffic generators
simulate varied service types, including eMBB,
URLLC, and mMTC, with varying QoS

requirements.

Image-3 Edge-Centric Network Connectivity [8].[9]

lies in the extensive training data and computational
resources required, especially considering the resource-
constrained nature of WSN nodes [8]. Traditional intrusion
detection systems (IDS) are becoming less effective against
increasingly sophisticated attacks [9]. Consequently, deep
learning (DL)-based IDS are being explored, trained on
specialized datasets to identify various denial-of-service
(DoS) attacks, demonstrating promising results in
experimental evaluations [10].

M. Integration and Workflow
The system operates in a closed-loop fashion:



Telemetry data is collected and preprocessed.

The Al engine forecasts demand and selects optimal

slice configurations.

3. The orchestrator applies configurations across the
simulated network.

4. Performance metrics are fed back to the Al engine

for continuous learning.

N =

N. Deployment Considerations

The modular design supports deployment in both lab and
cloud-native environments. Containerization via Docker and
orchestration via Kubernetes enable scalability and
reproducibility. The system is designed to be extensible,
allowing integration with real-world SDN/NFV platforms
and 5G testbeds.

IV.RESULTS AND DISCUSSION

To assess the performance and effectiveness of the proposed
Al-based self-configuring slice allocation system, conducted
a series of experiments using the hybrid access network
testbed described in Section 5. The evaluation focused on key
performance indicators (KPIs) relevant to network slicing,
including slice use effectiveness, meeting service level
agreements, reconfiguration latency, and system adaptability.

A.  Evaluation Metrics
The following metrics were used to quantify system
performance:

e Slice Utilization Efficiency: Ratio of allocated
resources to actual usage, indicating how well the
system avoids over-provisioning.

e SLA Compliance Rate: Percentage of time that
service-level objectives (e.g., latency, throughput)
were met for each slice.

e Reconfiguration Latency: Time taken to adapt slice
configurations in response to changes in traffic or
network conditions.

e Adaptability Score: A composite metric reflecting
the system’s responsiveness to changing workloads
and mobility patterns.

B. Experimental Scenarios
Evaluated the system under
scenarios:[11], [12]

e Static Load with Periodic Bursts: Simulates
enterprise applications with predictable usage
patterns and occasional spikes.

e Mobile Edge Users: Emulates user mobility across
access domains (e.g., Wi-Fi to 5G) with varying
QoS requirements.

e  Multi-Slice Competition: Evaluates the system’s
ability to prioritize and balance resources among
competing slices (e.g., eMBB vs. URLLC).

C. Results and Analysis

Scenario Slice Utilization Efficiency (%) SLA

Compliance (%) Re-config Latency (s) Adaptability

Score

three  representative

Scena | Slice SLA Re-config | Adapt
rio Utilization Complian | Latency -
Efficiency (%) | ce (%) (s) -

abilit
y
Score

Static | 92 98 1.5 8.5

Load

Mobi | 85 95 1.2 9

le

Edge

Multi | 88 96 1.3 8.8

-Slice

Table -1 SLA and Adaptability Metrics Across Network
Scenarios [13],[14],[15]

e In the static load scenario, the Al-driven system
achieved a slice use effectiveness of 92%, compared
to 76% for a rule-based baseline. SLA compliance
remained above 98% throughout.[13]

e Under mobile edge conditions, the system-
maintained meeting service level agreements at 95%
with an average reconfiguration latency of 1.2
seconds, demonstrating effective  real-time
adaptation.[14]

¢  In the multi-slice scenario, the system changing ally
prioritized latency-sensitive URLLC traffic, cutting
down SLA violations by 40% compared to static
allocation strategies.[15]

These results validate the system’s ability to optimize

resource usage, maintain service quality, and adapt to

changing network conditions. The hybrid Al approach
proved particularly effective in balancing global
optimization with local responsiveness.

e Static Load with Periodic Bursts

In the static load scenario, the Al system achieved a slice

use effectiveness of 92%, outperforming the rule-based

baseline at 76%. SLA compliance stayed above 98%,

showing consistent service-level objective adherence.

The system's reconfiguration latency was 1.5 seconds,

and it scored 8.5 in adaptability, proving its

responsiveness to traffic bursts.

Experimental Results Across Scenarios

This chart compares the system's performance across the

three evaluated scenarios: Static Load, Mobile Edge, and

Multi-Slice

Chart-1: Performance Across Experimental Scenarios

1004 = B Utilization (%)

= SLA Compliance (%)
B Reconfig Latency (s)
= Adaptabiity Score

Mobile Edge Multi-Slice

Seenzrio

Static Load

Chart-1 Performance Access Experiment [17]



D. Comparative Benchmarking
The system was benchmarked against two baselines:
e  Static Allocation: Predefined slice templates with
no adaptation.
e Reactive Threshold-Based Control:
triggers for scaling.
The system outperformed both baselines across all metrics,
particularly in environments characterized by high variability
and mobility.

Rule-based

Reactive
Al- Threshold-
Based | Static Based
Metric System | Allocation | Control
Slice Utilization
Efficiency 92% 76% 80%
SLA
Compliance
Rate 95% 85% 88%
Reconfiguration
Latency 1.2s 2.5s 1.8s
Adaptability
Score 9.0 7.0 7.5
Table- 2 Evaluating Network Slicing Approaches
[16].[17]

e The Al-based system improved slice utilization
efficiency by 21% compared to static allocation and
15% compared to reactive threshold-based control.

e SLA compliance rate was enhanced by 10% over
static allocation and 7% over reactive threshold-
based control.

e  Reconfiguration latency was reduced by 1.3
seconds compared to static allocation and 0.6
seconds compared to reactive threshold-based
control.

e Adaptability score was higher by 2.0 points
compared to static allocation and 1.5 points
compared to reactive threshold-based control.

Benchmarked our system against two baselines: This

chart shows how the Al-based system stacks up against

Static Allocation and Reactive Threshold-Based Control

across key metrics.

Chart-2: Comparative Benchmarking of Allocation Strategies
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Chart -2 Competitive Benchmarking of Allocation [16]
The system was benchmarked against two baselines:

e  Static Allocation: Predefined slice templates with no
adaptation.[16][17].

e Reactive Threshold-Based Control: Rule-based
triggers for scaling [18].
Deployment | Avg CPU (%) Avg Memory (MB)
Edge Node | 45 512
Central 70 1024

Table-3 CPU and Memory Metrics [18]
e Edge nodes consume significantly less CPU (45%)
and memory (512 MB) compared to central nodes.
e Central deployment shows higher resource usage,
with 70% CPU and 1024 MB memory, indicating
greater processing load.[19]
The system consistently outperformed both baselines across
all metrics, especially in scenarios with high variability and
mobility.

A. Discussion

The evaluation results demonstrate that the proposed Al-
based system significantly improves slice allocation
effectiveness, meeting service level agreements, and
adaptability in hybrid access networks. These gains are
particularly notable in changing environments characterized
by user mobility, changing traffic demands, and different
access technologies.

B. Strengths of the Proposed Approach

One of the key strengths of the system is its ability to operate
automatically through closed-loop feedback and a mix of Al
models. The integration of a type of machine learning with
predictive analysis enables proactive and context-aware
decision-making, cutting down reliance on static rules or
manual intervention. Additionally, the hybrid deployment
model, combining centralized optimization with edge
inference, ensures both scalability and low-latency
responsiveness.[20]

The modular structure also supports interoperability with
existing SDN/NFV and orchestration platforms, making it
suitable for gradual integration into current network
infrastructures. This aligns with industry trends toward zero-
touch automation and intent-based networking.

C. Limitations and Challenges

The system has some limitations. Training a machine
learning agent requires extensive simulation data and careful
tuning of reward functions, which may not generalize well
across all network topologies or service types. Additionally,
reliance on accurate telemetry data introduces potential
challenges related to data quality, latency, and
synchronization across domains [21]. Furthermore, the
hybrid Al approach enhances interpretability and policy
alignment, but it also increases system complexity and
necessitates robust model lifecycle management, including
versioning, monitoring, and retraining.

D. Practical Deployment Considerations

For real-world deployment, several factors must be
addressed:
e Security and Privacy: Ensuring secure data
exchange between Al modules and network
elements, especially in multi-tenant

environments.[22]



e  Standardization: Aligning with systems such as
ETSI ZSM, 3GPP SAS5, and TM Forum to ensure
compatibility and regulatory compliance.[23]

e Operational Integration: Embedding Al decisions
into existing workflows without disrupting service
continuity or operator control.[24]

E. Broader Implications

The proposed system contributes to the broader vision of
autonomous networks, where Al agents manage complex
systems with minimal human oversight. It also opens avenues
for integrating intent-based interfaces, federated learning for
cross-domain collaboration, and explainable Al to enhance
trust and transparency in network operations.

V. CONCLUSION AND FUTURE WORK

This paper presents an Al-native system for managing slice
allocation in hybrid networks. By using machine learning,
predictive analytics, and hybrid AI within a closed-loop
architecture, the system enables proactive, scalable, and
SLA-compliant management. The implementation showed
better slice utilization, stronger SLA adherence, and greater
adaptability than traditional methods. The hybrid model,
combining  centralized  optimization  with  edge
responsiveness, effectively balanced performance with
latency and scalability needs.

While the results are promising, several avenues remain for
future exploration. We propose the following roadmap to
extend this work:

e Short-Term (0—6 months):

o Implement Federated Learning to allow
collaborative model training across
distributed domains, ensuring data privacy
and minimizing communication costs.

o Start prototyping Intent-Based Networking
(IBN) to convert high-level service goals
into Al-driven policies.

e Mid-Term (6—12 months):

o Integrate Explainable Al (XAI) to improve
transparency and interpretability in slice
management, especially in regulated or
critical environments.

o Test on production-grade 5G/6G testbeds
to validate system performance in real-
world conditions.

¢ Long-Term (12+ months):

o  Enhance the system’s adaptability to multi-
operator and cross-domain scenarios in
accordance with the evolving standards set
by TM Forum, ETSI ZSM, and 3GPP.

o Investigate integration opportunities with
broader network automation ecosystems,
including service assurance and closed-
loop orchestration platforms.

As networks continue evolving toward full autonomy,
systems like the one proposed in this paper will be essential
to navigating the increasingly diverse and demanding service
landscape ahead.
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