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Abstract - Next-generation networks are evolving toward zero-touch autonomy to manage
increasing architectural complexity and dynamic service demands. Intent-Based Networking
(IBN) has emerged as a key paradigm in this transition, enabling high-level business objectives,
or intents, to be automatically orchestrated across heterogeneous resources. This paper
presents a vision, reference architecture, and research roadmap for agentic Generative
Artificial Intelligence (GenAI)-driven intent-based self-configuration in autonomous networks,
positioning IBN as the core of self-configuration upon which higher-order self-X capabilities,
such as self-optimization, self-healing, and self-protection, are built. Building on an analysis
of existing IBN frameworks across the intent lifecycle, we identify persistent challenges in
intent-policy translation, conflict-free activation, and closed-loop assurance across multi-
domain, multi-stakeholder environments, and argue that current IBN implementations lack
the dynamic cognitive reasoning required to cope with the scale and heterogeneity of the
6G era. To bridge this gap, we introduce an end-to-end agentic GenAI-driven IBN reference
architecture leveraging specialized Large Language Model (LLM) agents that orchestrate intent
fulfillment through Knowledge Graphs (KGs) and sufficiency-aware Retrieval-Augmented
Generation (RAG-S). The architecture is instantiated within a 6G Open Radio Access Network
(O-RAN) ecosystem and illustrated through an Industry 5.0 use case, advancing IBN toward
practical, reasoning-aware autonomy and outlining key research challenges and future
directions toward trustworthy zero-touch autonomous networks.

Keywords: Autonomous networks, generative artificial intelligence, intent-based networking,
large language models, zero-touch networks

1. INTRODUCTION

Next-generation networks are undergoing a fundamental architectural transformation,
moving beyond 5G toward 6G’s vision of integrated, global hyperconnectivity. This shift
is propelled by converging pressures: (1) the stringent performance requirements of
emerging digital ecosystems, such as Industry 5.0, smart cities, and digital healthcare,
demanding ultra-high bandwidth, extreme latency sensitivity, high reliability, and real-
time adaptability across heterogeneous environments; (2) the exploding complexity of
managing integrated, multi-layered infrastructures, particularly with the advent of Space-
Air-Ground Integrated Networks (SAGIN). This complexity is fueled by the convergence
of terrestrial, non-terrestrial (e.g., satellite, aerial), and dense cyber-physical systems,
alongside the proliferation of heterogeneous Internet-of-Everything (IoE) devices and
distributed edge/cloud resources, introducing unprecedented management challenges.

These pressures, coupled with stringent global sustainability mandates, expose the
fundamental inadequacy of existing network architectures, reactive performance analysis,
and manual, human-driven management. Industry reports indicate that over 95% of
configuration and orchestration tasks still depend on manual expertise, leading to
operational inefficiency, delayed responses, and limited robustness [1]. Collectively, these
limitations create an urgent need for new paradigms capable of enabling intelligent and
autonomous network management.
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In this context, Autonomous Networks (ANs) have emerged
as the foundation of Zero-Touch Networks (ZTNs), en-
abling self-managing systems that reduce human in-
tervention while improving efficiency, service quality,
and cost-effectiveness. Built on core self-X principles
(i.e., self-configuration, self-optimization, self-healing,
and self-protection), ANs ensure reliability, resilience,
and security under dynamic conditions. The strategic
importance of ANs is further underscored by their align-
ment with major industrial transformations, including
the shift toward human-centric and sustainable Industry
5.0. From an economic perspective, industry analysis
estimates that Communications Service Providers (CSPs)
could achieve annual savings of approximately $300M
in CAPEX and $350M in OPEX, along with a revenue in-
crease of about $144M. Together, these benefits represent
nearly $794M per year, around 5% of total CSP revenues,
highlighting network autonomy as a critical business
imperative [2].

The aspiration to automate network management is not
new. It reflects a decades-long evolution spanning Policy-
Based Network Management (PBNM) in the late 1990s,
automatic computing and networking in the early 2000s,
most notably IBM’s Monitor-Analyze-Plan-Execute over
a shared knowledge (MAPE-K) model, and, more recently,
Zero-Touch Network and Service Management (ZSM) [3].
This evolution is underpinned by a software-driven foun-
dation comprising programmable networking, virtualiza-
tion, and cloud-native architectures, complemented by
a cognitive layer powered by Artificial Intelligence (AI).
While the former provides the flexibility and programma-
bility required for automation, the latter enables adaptive
intelligence and autonomous decision-making. Never-
theless, achieving true zero-touch autonomy remains an
open challenge.

Intent-Based Networking (IBN) represents the latest evo-
lution of this trajectory, shifting network management
from low-level configuration ("how") to high-level, declar-
ative objectives ("what"). An intent specifies desired
network states or service goals and is translated into
enforceable policies for activation and assurance through
Closed-Control Loops (CCLs) [4]. IBN has recently at-
tracted significant attention from both academia and
standardization bodies, including the 3rd Generation
Partnership Project (3GPP), the Internet Engineering Task
Force (IETF), ETSI, and the TM Forum [4]. However, ex-
isting efforts remain fragmented, addressing only partial
aspects of the IBN workflow rather than orchestrating the
full intent lifecycle, from high-level intent expression to
continuous assurance and refinement. This limitation is
particularly critical in complex, multi-domain, and multi-
stakeholder deployments, manifesting in core challenges
such as accurately translating intent across heterogeneous
domains, resolving dynamic conflicts among competing
intents, and ensuring robust closed-loop assurance with
adaptive refinement. These challenges highlight the need

for an intelligent framework that unifies capabilities into
a coherent End-to-End (E2E) management process.

Our analysis of the state of the art indicates that bridging
this gap requires a fundamental transition from conven-
tional automation toward cognitive capabilities, such
as semantic understanding, contextual reasoning, and
adaptive generation. Recent advances in Generative
Artificial Intelligence (GenAI), particularly Large Lan-
guage Models (LLMs), offer transformative capabilities
to realize this cognitive shift, as their ability to process
unstructured language, reason over complex knowledge,
and generate structured outputs aligns naturally with
intent fulfillment. However, a single, monolithic LLM is
insufficient to handle the distributed, hierarchical, and
continuously evolving nature of the intent lifecycle.

Building on this synthesis, we derive a vision, refer-
ence architecture, and research roadmap for agentic, E2E
GenAI-driven IBN, in which specialized LLM agents
collaboratively orchestrate the complete intent lifecy-
cle within a scalable and trustworthy cognitive frame-
work. The proposed framework employs four coordi-
nated LLM-based agents: (1) a cross-domain semantic
intent orchestration agent, (2) a multi-layered translation
and refinement agent, (3) a dual-Knowledge Graphs (KG)
conflict-aware activation agent, and (4) a key value and
performance indicator (KVI/KPI)-driven assurance agent
operating within CCLs. Each agent leverages adaptive
learning strategies, such as fine-tuning and few-shot
learning, while grounding real-time reasoning through
a sufficiency-aware Retrieval-Augmented Generation
(RAG-S) mechanism and structured knowledge via KGs,
following recent KG-centric 6G design methodologies [5].

The architecture is instantiated within a 6G Open Ra-
dio Access Network (O-RAN) ecosystem and illustrated
through an Industry 5.0 use case. We further outline key
research challenges and future directions toward scal-
able, trustworthy, and explainable agentic GenAI-driven
autonomy in 6G networks.

The remainder of the paper is organized as follows. Sec-
tion 2 introduces foundational concepts of ANs and their
self-X capabilities. Section 3 analyzes state-of-the-art
IBN frameworks across the intent lifecycle and identi-
fies their limitations. Section 4 presents the proposed
agentic GenAI-driven IBN architecture and discusses
key research challenges and future directions. Section 5
concludes the paper.

2. AUTONOMOUS NETWORKS: TOWARDS ZERO-
TOUCH MANAGEMENT & ORCHESTRATION

ANs are cognitive, self-managing systems designed to op-
erate with minimal human intervention. This zero-touch
paradigm shifts network operations from static, rule-
based processes to dynamic, intent-based automation,
addressing the complexity of next-generation networks.
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Figure 1 – Multi-layer Autonomous Network (AN) architecture: ar-
chitectural enablers and cognitive technologies form the inner core,
driving surrounding self-X capabilities through intent-based orchestra-
tion, while overall network performance and business objectives are
evaluated through Key Performance Indicators (KPIs) and Key Value
Indicators (KVIs).

Fig.1 illustrates a conceptual multi-layer AN architecture,
structured from enabling technologies to measurable im-
pact. At the innermost core sit the enabling technologies,
which drive the surrounding self-X capabilities. These
are steered by intent-based orchestration, specifically
enabling self-configuration, and are ultimately measured
against the outermost layer of KVIs and KPIs.

2.1 Architectural enablers and cognitive technologies

As the innermost core of the AN architecture, architectural
enablers and cognitive technologies provide the founda-
tional intelligence and flexibility for autonomy. Net-
work softwarization, such as Software-Defined Network-
ing (SDN), Network Function Virtualization (NFV), and
cloud-native architectures, provides the programmable,
scalable infrastructure necessary for flexible resource al-
location and service orchestration. Complementing this,
Big Data Analytics and AI/Machine Learning (ML) models,
including agentic AI, act as the "brain," providing cog-
nitive intelligence for predictive analytics and adaptive
decision-making. Finally, Digital Twins (DTs) create high-
fidelity virtual replicas of Network Entities (NEs), en-
abling "what-if" proactive verification and risk reduction
to support trustworthy and strategic decision-making.
Together, these enablers provide the technological sub-
strate required to operationalize the high-level self-X
functions described in the following section.

2.2 Goal-oriented self-X capabilities

ANs are defined by four core self-X capabilities, which
collectively enable the transition from manual to fully

autonomous operations:

• Self-configuration: Automatically translates high-level
intents into initial network policies, providing the
operational base for all higher-order self-X functions.
This capability is directly enabled by the IBN paradigm
described in the following section.

• Self-optimization: Continuously enhances network per-
formance and efficiency through intelligent provision-
ing and adaptation, balancing service quality and cost.

• Self-healing: Ensures service continuity through proac-
tive failure detection and automated recovery.

• Self-protection: Proactively detects, analyzes, and neu-
tralizes threats to maintain integrity and compliance.

2.3 E2E intent-driven self-configuration

Central to AN is intent-based networking, which enables
self-configuration by translating high-level business ob-
jectives (or intents), declarative specifications of require-
ments, goals, and constraints, into automated network
actions. These intents can originate from human opera-
tors via voice (e.g., natural language processing (NLP)-
powered assistants) or graphical interfaces, or autonomously
through programmatic Application Programming Inter-
faces (APIs) and monitoring agents. For instance, if
a smart factory operator specifies this intent: "guaran-
tee RAN latency below 2 ms for robotic arm control", the
IBN framework automatically activates the necessary
policies and continuously assures compliance, bridging
high-level objectives with programmable infrastructure.

As illustrated in Fig. 2(a), this intent lifecycle is opera-
tionalized through CCLs that ensure continuous align-
ment between goals and the network state via a perpet-
ual cycle of refinement, activation, and assurance. To
manage complexity in multi-stakeholder environments,
these loops are organized into a multi-layered architec-
ture aligned with Standard Development Organizations
(SDOs), as shown in Fig. 2(b). In this framework, IBN acts
as the vertical glue, i.e., it translates high-level business
intents into service-layer requirements, which are then
enforced as resource intents across autonomous domains
(e.g., RAN, transport, core). This hierarchical coordina-
tion of CCLs enables real-time E2E assurance across the
entire infrastructure.

2.4 Objectives and indicators: KVI & KPI

Autonomous decision-making in ANs is guided by mea-
surable objectives. The latter are captured through KVIs,
which assess business and user value (e.g., cost, energy
efficiency, compliance), and KPIs, which quantify op-
erational health (e.g., latency, availability), defined in
the outermost governance ring of Fig. 1. KVIs & KPIs
enable intent-aware operations, supporting closed-loop
optimization to meet technical service-level requirements
and strategic business goals.
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Figure 2 – IBN and E2E orchestration in ANs.

3. INTENT-BASED NETWORKING: CORE ENABLER
FOR SELF-CONFIGURATION IN AUTONOMOUS
NETWORKS

This section analyzes IBN components and recent ad-
vances across key intent lifecycle mechanisms within
single and multi-domain 5G/6G architectures.

Standardization bodies have significantly shaped the IBN
landscape. IETF defines core terminology and architec-
tural principles for IBN, including intent concepts and
definitions (RFC 9315) [6], intent classification (RFC 9316)
[7], and service assurance for intent-based architectures
(RFC 9417) [8]. ETSI’s ZSM and Experiential Networked
Intelligence (ENI) groups focus on closed-loop automa-
tion and AI-driven management, providing the ZSM
reference architecture (GS ZSM 002) [9] and the ENI sys-
tem architecture (GS ENI 005) [10] on which contempo-
rary intent-based frameworks build. In parallel, the TM
Forum provides operational models and ontologies for
intent translation and orchestration through IG1253 [11]
and IG1161 [12], while 3GPP incorporates intent-based
management into 5G/6G specifications (TR 28.812) [13] to
simplify the deployment and assurance of complex ser-
vices such as network slicing. These initiatives establish

a foundation for refinement, activation, and assurance,
converging toward intent-native 6G architectures.

The following analysis examines the key contributions
and limitations of existing IBN research from single and
multi-domain perspectives, including considerations for
multi-stakeholder environments.

3.1 Key IBN components

The literature typically structures IBN around the core
stages of refinement, activation, and assurance, while
some work introduces a more granular lifecycle compris-
ing decomposition, translation, negotiation, activation,
and assurance. These finer stages represent subprocesses
of the broader components, offering deeper insight into
conflict management and intent processing. For instance,
decomposition and translation fall under refinement,
whereas negotiation may appear either as a distinct stage
or within activation to ensure consistency before enforce-
ment. Assurance remains the most consistently defined
phase across all models. Foundational work by Mwanje
et al. [25] established end-to-end definitions and mod-
eling of intent-driven management, providing a struc-
tured basis for the intent lifecycle on which subsequent
learning-based contributions build.

Table 1 evaluates recent work against seven taxonomy
dimensions: Intent Translation and Refinement (ITR), Intent
Conflict Resolution (ICR), Conflict-Free Intent Activation
(CFIA), Intent Assurance (IAS), Closed-Control Loop (CCL),
Multi-Domain Orchestration (MDO), and Multi-Stakeholder
(MSH). A checkmark (✓) denotes coverage, (X) denotes
the specific technique used, and a dash (–) indicates the
component is not addressed.

3.1.1 Intent translation and refinement

ITR translates high-level intents into actionable, machine-
readable network policies. These intents range from
technical (expert-defined) to non-technical (e.g., natural-
language user requests), creating significant challenges in
complex multi-domain environments where traditional
heuristic methods (e.g., hierarchical finite-state machine,
FSM) lack generalization and scalability [20]. Hence,
recent work has explored learning-based approaches.
Early models used Bi-LSTMs for intent processing [21,
24], while more recent efforts employed LLMs for seman-
tic parsing [16]–[20]. Specifically, authors of [20] applied
few-shot LLMs for single-domain refinement, while au-
thors of [16, 19] extended this work to cross-domain and
Internet-wide scenarios. In parallel, [17] explored fine-
tuned transformer models such as BERT with Named
Entity Recognition (NER) for improved accuracy. More
recently, Arafat et al. [18] employed a lightweight pre-
trained BERT-based LLM with few-shot prompting for
intent classification and keyword extraction (intent type
and magnitude), feeding the parsed output directly into

© International Telecommunication Union, 2026136

ITU Journal on Future and Evolving Technologies, Volume 7, Issue 2, June 2026



Table 1 – Summary of existing architectures in the road of IBN-driven autonomous networks.

Ref. Scope
End-To-End Architecture

ITR ICR CFIA IAS CCL MDO MSH

[14]
A survey and GenAI/LLM-driven archi-
tecture for interactive wireless networks
with human-in-the-loop RL.

✓
LLM

– ✓ ✓ ✓
RLHF

✓ ✓

[15]
High-level IBN architecture with conflict
handling and orchestration; lacks AI algo-
rithmic design.

✓ ✓ ✓ ✓ ✓ ✓ ✓

[16]
6G-INTENSE: Native AI-driven ser-
vice and resource federation for multi-
domain/stakeholder networks.

✓
LLM

✓
RLHF

✓ ✓ ✓ ✓ ✓

[17]
Layered IBN with fine-tuned LLM pars-
ing and DRL/MAS deployment; emerging
MDO support.

✓
LLM

✓
DRL

✓
MAS

✓
MAS

✓
Reward

✓ –

[18]
LLM intent parsing with transformer-
based forecasting and attention-HRL
xApp orchestration in O-RAN.

✓
LLM

✓
Forecast

✓
HRL

✓ ✓ – –

[19]
Few-shot LLM (CodeLlama) for multi-
domain intent decomposition and trans-
lation to ILIs (NSD/RAND).

✓
LLM

✓ ✓ ✓ ✓
HF

✓
LLM

–

[20]
Few-shot LLM-based refinement with pol-
icy trees & FSM-guided control loops for
intent fulfillment.

✓
LLM

✓ ✓ ✓
LLM

✓
FSM

– –

[21]
Decoupled IBN with BiLSTM for transla-
tion, NN/FSM for conflict-to-policy, and
an SAI control loop.

✓
BiLSTM

✓
NN

✓
FSM

✓ ✓
SAI

✓ –

[22]
Full-lifecycle verification; conflict resolu-
tion via policy graph; NFV feasibility with
feedback (no AI/MDO).

✓
Rule

✓
PGA

✓ ✓
Hybrid

✓ – –

[23]
Static rule-based intent negotiation for
conflict resolution & QoS-aware alternate
intent generation; no AI.

✓ ✓
Rule

✓ ✓ ✓ ✓ –

[24] Three-layer SMART architecture for full-
lifecycle automated intent management.

✓
BiLSTM

✓
LT

✓
DQN/DT

✓
DNE-Net

✓ ✓ –

Legend: ITR: Intent Translation/Refinement, ICR: Intent Conflict Resolution (Negotiation), CFIA: Conflict-Free Intent Activation,
IAS: Intent Assurance, CCL: Closed-Control Loop, MDO: Multi-Domain Orchestration, MSH: Multi-Stakeholders.

✓/(X) Fully addressed with a specific X technique (e.g., LLM, DRL); ✓ Partially addressed without a specific technique; – Not addressed.

downstream validation and control modules.

Despite these advances in translating high-level intents
into structured policy configurations, several challenges
remain, such as ensuring semantic consistency, mitigat-
ing LLM hallucinations, and developing standardized
policy models that generalize across multi-domain multi-
stakeholder environments, where high-quality domain
datasets are scarce. Moreover, the widespread reliance
on few-shot learning raises reproducibility issues when
studies omit details on example selection, potentially

leading to overfitting and poor generalization.

3.1.2 Intent activation with conflict resolution

Intent activation enforces refined policies on network
elements using self-X capabilities. A key challenge is re-
solving conflicts that arise from competing intents, shared
resources, and divergent stakeholder objectives. These
conflicts typically manifest as (i) inter-policy conflicts
(overlapping or contradictory rules) and (ii) policy–state
conflicts (incompatibilities with resource availability or
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operational conditions).

Conventional frameworks, such as the Metro Ethernet
Forum (MEF) and Yet Another Next Generation (YANG)
models, provide structured mappings from policies to
configurations but remain static and are inadequate
for dynamic conflict resolution in evolving environ-
ments [20]. Recent research addressed this limitation
with varying degrees of automation. For instance, the
SMART framework in [24] used a label tree for con-
flict handling, augmented by a Deep Q-Network (DQN)
and Fuzzy Decision Tree (DT)-based policy optimiza-
tion. Other efforts include a rule-based Service Level
Agreement (SLA) negotiation framework [23] and the
use of Policy Graph Abstraction (PGA) for conflict detec-
tion and resolution [22]. Subsequently, [21] integrated
Neural Network (NN)–based conflict handling with FSM-
driven activation to extend PGA. Alternatively, Njah et al.
leveraged in [17] Multi-Agent Reinforcement Learning
(MARL) to coordinate policy activation toward global
objectives, while authors in [16] employed hierarchical
RL with Human Feedback (RLHF) to reconcile multi-
stakeholder priorities. At a broader architectural level,
Alemany et al. highlighted the need for cross-domain
conflict handling but provided limited detail on con-
crete AI implementations [15]. In parallel, Arafat et
al. [18] addressed policy–state conflicts by introducing
a transformer-based predictive validation step that fil-
ters intents against forecasted traffic before activation,
coupled with an attention-based hierarchical reinforce-
ment learning controller that orchestrates combinations
of network-optimization xApps in alignment with the
validated intent.

Although LLMs are promising for intent refinement [16,
20], existing activation and negotiation mechanisms often
rely on static rules or human intervention, thus creating
an adaptability gap that limits fully autonomous self-
configuration.

3.1.3 Intent assurance and closed-control loops

Intent assurance relies on CCLs to ensure that deployed
network configurations continuously reflect business
intent, while automatically correcting configuration drift
detected through telemetry and key indicators. Human
Feedback (HF) can further refine system adaptability.

In this context, learning-based methods have been pio-
neering such efforts. For instance, the SMART framework
used a Deep Neural Evolutionary Network (DNE-Net)
for fault prediction and repair [24]. Moreover, Emer-
gence approach in [20] monitored KPIs and employed
LLMs for intent-driven adjustments. Alternatively, Njah
et al. used a MARL-based technique with goal-aligned
reward signals for continuous assurance [17]. Also, au-
thors in [21] exemplified this shift by implementing a
continuous telemetry-driven State, Action, Intent (SAI)

loop for autonomous control. Finally, Abdelkader et
al. applied LLM-based activation (CodeLLaMA) with
HF-validated assurance in [19], providing implicit perfor-
mance tracking but without autonomous KPI adaptation.
Broader architectural views such as [15] emphasized the
importance of CCLs for 6G, but remained conceptual and
lacked concrete AI implementations.

3.2 Intent fulfillment across multi-domain environments

Extending intent enforcement from single to multi-domain
environments remains challenging, requiring semantic
alignment and coordinated CCLs to maintain E2E service
consistency while preserving domain autonomy.

3.2.1 Architectural approaches

Various architectural models have been proposed for
multi-domain IBN. Decentralized frameworks, as in [15],
deployed an Intent Management Function (IMF) within
each domain as the core entity for autonomy, managing
assurance loops and coordinating provisioning, optimiza-
tion, protection, and healing. The IMF acts as both an
intent owner, defining and propagating refined intents to
peers, and as a handler, enforcing incoming intents locally.
Its modules typically include intent translation, policy
modeling, conflict resolution, and situational awareness,
enabling scalable multi-domain orchestration. Central-
ized models, such as those surveyed in [16], employed
a top-down orchestrator to manage fulfillment across
domains, aligning with standardization efforts (e.g., ETSI
ZSM) and ensuring global consistency and visibility. Fi-
nally, hybrid architectures combined both approaches, as
depicted in Fig. 3. Specifically, a central orchestrator de-
composes high-level intents for distributed IMFs, while
it aggregates telemetry (e.g., KVIs and KPIs) from CCLs
to align local actions with global objectives.

3.2.2 Multi-domain CCL coordination

Coordinating CCLs is essential for real-time intent assur-
ance but challenged by policy misalignment and conflict-
ing objectives across layers, domains, and stakeholders.
Addressing these challenges relies on standardized in-
terfaces and real-time telemetry. Solutions such as the
Distributed Intent Inventory (DII) maintain a synchronized
record of intent states and policies across domains, en-
abling policy alignment and conflict-aware coordination.
This allows IMFs to negotiate trade-offs between local
policies and shared service objectives.

Overall, the literature shows a shift from rule-based
refinement to learning-based intent processing, yet lacks
a coherent multi-domain orchestration model unifying
refinement, conflict resolution, activation, and assurance
within a closed-loop framework. In particular, while
recent contributions such as 6G-INTENSE [16] address
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structural infrastructure abstraction for multi-domain
resource federation, they do not provide a cognitive
reasoning lifecycle unifying these stages. To address this
gap, Section 4 derives an enriched reference model for
agentic GenAI-driven IBN, grounded in the state-of-the-
art, enabling cross-domain E2E intent fulfillment.

4. TOWARD AGENTIC GENAI-DRIVEN IBN FOR SELF-
CONFIGURATION: VISION AND CHALLENGES

GenAI is reshaping network automation by enabling
semantic processing, knowledge-grounded decision sup-
port, and generative policy workflows. It leverages
foundational models that move beyond traditional an-
alytics. Among the most pivotal are LLMs. Built on
the transformer architecture, LLMs use self-attention
mechanisms to capture dependencies across input to-
kens. While originally designed for text, this mechanism
extends to multimodal data, from image patches to sen-
sor readings, enabling complex cross-domain contextual
understanding. Complementing LLMs, Generative Ad-
versarial Networks (GANs) employ adversarial learning
to synthesize realistic data, while diffusion models itera-
tively denoise inputs to produce coherent outputs [14].
Building on this foundation, we employ LLMs for natural
language intent fulfillment as the core mechanism for
self-configuration in E2E ANs.

4.1 Closed-loop agentic GenAI-driven IBN vision

This section outlines our agentic GenAI vision for au-
tonomous intent lifecycle management, wherein a hier-
archy of LLM-driven agents collaborates within CCLs
to orchestrate E2E intent refinement, activation, and

assurance across multi-domain, multi-stakeholder envi-
ronments.

To ground this agentic framework within a standardized
architecture, we instantiate it within the 6G O-RAN sys-
tem. Particularly, intent-based closed-loop control is dis-
tributed across the O-RAN RAN Intelligent Controllers
(RICs), where the Non-Real-Time RIC (Non-RT RIC),
typically residing within the Service Management and
Orchestration (SMO) layer, orchestrates network intelli-
gence by deploying rApps for strategic intent reasoning,
policy generation, and long-term assurance analysis. In
contrast, the Near-Real-Time RIC (Near-RT RIC) oper-
ates at sub-second timescales and employs xApps for
time-sensitive policy activation and continuous intent
optimization at the RAN level [26]. Consistent with
this functional split, the LLM-based agents reside in the
Non-RT RIC, while the Near-RT RIC xApps enforce the
validated, conflict-free policies. Lightweight domain-
specialized LLMs are assumed to be deployed at the
SMO/edge for local inference, while larger models are
reserved for offline tasks.

The core components of this architecture, illustrated in
Fig. 4, are detailed in the following subsections. The
Industry 5.0 vision drives stringent requirements for
network automation across heterogeneous IIoT environ-
ments [27], motivating the use case explored in this
section. To facilitate understanding the system’s opera-
tion, we introduce three high-level operational intents
for an autonomous smart factory, each targeting one
of its core objectives (performance, sustainability, and
intelligence). These intents are intentionally expressed
at different abstraction levels to demonstrate the frame-
work’s decomposition and orchestration capabilities:

• Intent 1 (Factory Operator): "Ensure RAN latency below
2 ms for robotic arm control traffic."

• Intent 2 (Energy Manager): "Reduce RAN energy con-
sumption by 25% during off-hours, while preserving perfor-
mance for critical systems."

• Intent 3 (Automation Supervisor): "Enable real-time
predictive maintenance for critical robotic assets with low-
latency and high-reliability operational analytics."

4.1.1 Cross-domain semantic intent orchestration agent

The multi-domain orchestrator performs Semantic Intent
Decomposition (SID), transforming high-level intents
from the business input layer into coordinated, domain-
specific atomic sub-intents. Guided by the LLM’s rea-
soning and domain knowledge, SID integrates semantic
parsing, capability grounding, and constraint propa-
gation to interpret functional goals, operational needs,
and requirement constraints. It first identifies atomic
functional tasks (e.g., real-time control, data streaming,
analytics storage) and maps each to the most suitable

© International Telecommunication Union, 2026 139

Njah et al.: Towards zero-touch autonomy: A vision and agentic GenAI architecture for intent-based self-configuration



KG Representation

R
e

fi
n

em
e

n
t 

A
ge

n
t

C
o

n
fl

ic
t 

R
es

o
lu

ti
o

n
 &

 A
ct

iv
at

io
n

 A
ge

n
t

In
te

n
t 

A
ss

u
ra

n
ce

 A
ge

n
t

Inter-Intent Conflict Analysis
(e.g., Overlap, Correlation, etc.)

KG

Application Plane [Non-RT RIC (rApps) | Near-RT RIC (xApps)]

Domain-Specific Fine-Tuning 

Service Provider

Domain
KB

Adaptation Engineering
(Few-shot, Prompting, NER, ... )

Layer-
Specialized

LLM

IMF (Non-RT RIC)

Business Intent Input Layer

LLM Cross-Graph Analysis 
(e.g., Intent vs. Network State 

Alignment & Validation)

RAG-S

I3.M

URLLC 
Slice

Service Layer

Latency 
< 2ms

Business Layer

Factory 
Operator

User Layer

I1

Resource Layer

DRIVES 

KPI

SERVICE 

CLASS

ALLO

CATES

Mission 
Critical

Edge DU 
CU

cross 
Energy

Energy 
↓25%

Energy 
Manager

I2 RU
Edge DU

HAS 
PRIORITY

DRIVES 

KVI/KPI

ALLO

CATES

Cross-Slice

URLLC 
Slice

< 1 ms & 
≥ 99.9 %

Ops Edge DU 
CUSupervisor

DRIVES 

KPI

SERVICE 

CLASS

ALLO

CATES

Mission 
Critical

HAS 
PRIORITY

I3

[IF off-peak]
Condition

ENFOR

CES

MEC
IMF

Cloud 
IMF

URLLC 
Slice

cross 
Energy

URLLC 
Slice

I1

I2

I3

Policy

RU
DU Energy

Edge DU 
CU

[HAS_PRIORITY
_OVER]

[G
EN

ER
A

LIZES]

P
O

LIC
Y

_O
V

E
R

LA
P

I3 FULFILLS I1

Redundancy

[CONSTRAINED
_BY]

[IF off
-peak]

REQUIRES

Cross-Slice Energy

Sleep Mode (RU/DU/CU)

Off-Peak | eMBB/mMTC

URLLC Exempt

URLLC Scheduling (H. Priority) 

DU/CU Resource Control

Latency <1ms|Reliability >99.9%

[ACTIVATE 

RAPP] 

[ACTIVATE 

XAPP] 

Conflict-Free Policies

CCL

IS
R

-K
G

 (
K

V
I/

K
P

I)

True

1.7%I2

15
 %

RU Sleep
Mode

URLLC 
Load

Energy 
Reduction

TKVI 
00:00-06:00

TKPI ≤ 1 %

TKPI ≥ 25%

True

URLLC 
Exclusion

I1

True

I3

99.9
%

RU-BLER RU Slice
Sleep ModeService 

Availability

Target KPI 
≥ 99.99 %

0.8
ms

Latency

True

TKVI
Confirmed

RU Slice 
Isolation

[URLLC 
Slice]

4e-6

TKPI ≤ 1e-5

99%

UE Context 
Stability

TKPI ≥ 99%

0.12 
ms

99%

DU Preemp
tion Rate

TKVI Disabled

DU TTI

96%

DU PRB
Availability

99%CU 
Stability

True

DU Power 
Scaling

TKVI
Active

TKVI
ConfirmedTKPI ≥ 95%

TKPI ≤ 
0.25 ms

TKPI ≥ 90%

99%
Reliability

TKPI ≥ 99.9% 

TKPI ≤ 1 ms

Programmable Data Plane

RAG-SLLM
Drift

Programmable Control Planes (SDNs/Orchestrators)

Closed-Loop Drift Analysis 
& Policy Remediation

Monitoring

LLM Yes

KPI/KVIs Derivation Engine
Intent–Service–Resource (ISR) KG
(KPI/KVI Formula, Threshold, etc.)

Specialized LLM
(Finetuning, Few-shot, ...)

Telemetry Collection & Monitoring
     (Latency, Load, Sustainability, etc.)

No

Self-X Engine (xApps)
Provisioning/Optimization, 
Healing, Protection 

A1

R
e

m
e

d
ia

ti
o

n
 

Ex
am

p
le

(I1) "Guarantee <2 ms RAN latency for robotic arm control traffic."

(I2) "Reduce RAN energy by 25% during off-hours without affecting critical systems."

(I3) "Enable real-time predictive maintenance for robots while ensuring low-latency 

and high-reliability operational analytics ." Business Intents (Smart Factory)

Energy rApp Block (I2)

URLLC xApp Block (I1, I3_O)

Cross-Slice

Policy-
Rule KB

3

4

7

2

1

6

8

A1_PUSH_SLICE_POLICY --slice-id 0xFFA1 --qos 80 --priority 1

A1_PUSH_ENERGY_POLICY --action ACTIVATE_SLEEP_MODE --condition "00:00-06:00" --exclude 0xFFA1

E2_SCHEDULER_CONFIG --slice 0xFFA1 --preemption ENABLE --tti 0.125ms --power-mgmt DISABLE_SLEEP

E2_RESOURCE_CONTROL --command ACT_SLEEP_MODE --scope NON_URLLC_CELL --condition "URLLC_load < 1%"

DU_CONFIG --cell-id 1 --slice 0xFFA1 --qos 80 --preemption ENABLE

RU_ENERGY_CONFIG --cell-id 1 --sleep-mode MICRO --exclude 0xFFA1
Conflict-Free 

Policy Activation

5

A1_PUSH_ENERGY_POLICY --id I2_energy --action DELAY_ACTIVATION --reason "URLLC>1%"

A1_PUSH_ENERGY_POLICY --action UPDATE_SAFETY --recondition "URLLC<0.8%"

E2_SCHEDULER_CONFIG --slice 0xFFA1 --reserveprb +5% --preemption EN --tti 0.125ms

SDN_API: reserve_queue(slice=0xFFA1, bw=X Mbps, priority=highest)

A1_PUSH_ENERGY_POLICY --scope RU_LIST={RU_92} --condition "URLLC<0.5%"

7.a

7.b

7.c

7.d

Customers

I3.C Cross-Domain Semantic 
Intent Decomposition

 I1,2 I3.O

Multi-Domain 
Fine-Tuned LLM

Figure 4 – Agentic GenAI-driven IBN reference architecture and smart factory PoC. The numbered steps trace the intent lifecycle: ➀ business
intent capture; ➁ cross-domain semantic orchestration via multi-domain fine-tuned LLM; ➂ domain-specific refinement and KG construction;
➃ inter-intent conflict analysis and LLM cross-graph validation grounded by RAG-S; ➄ conflict-free policy activation via A1; ➅ Self-X xApp
enforcement (provisioning, optimization, healing, protection); ➆ closed-loop assurance, comprising (a) telemetry collection, (b) KPI/KVI derivation,
(c) drift analysis, and (d) policy remediation; ➇ closed control loop (CCL) feedback for intent re-evaluation and continuous lifecycle adaptation.

domain (e.g., RAN, core, edge/cloud) while propagat-
ing E2E performance constraints (e.g., latency, reliability,
availability) into domain-specific performance budgets.

As illustrated in Fig. 4 (step ➁, Cross-Domain Semantic
Intent Orchestration), Intents 1 and 2 are fulfilled within
the O-RAN domain IMF, focusing on latency, reliability,
and energy optimization. Intent 3 is decomposed into
three coordinated sub-intents: I3.O (O-RAN sub-intent,
URLLC connectivity for robotic sensing and actuation),
I3.M (MEC sub-intent, real-time analytics with fault and
anomaly detection), and I3.C (Cloud sub-intent, historical
analytics and model training). The outcome is a struc-
tured set of sub-intents that collectively ensure E2E intent
fulfillment while preserving autonomy and cross-domain
assurance traceability.

4.1.2 Refinement agent with multi-layered translation

This specialized LLM refines user intents into enforceable
policies via a two-stage pipeline (Fig. 4, step ➂, Refine-
ment Agent): (i) multi-layer decomposition across user/
business/service/resource layers, and (ii) semantic pars-
ing with KG grounding for operational feasibility and
policy traceability. For instance, Intent 1 is refined from a
user-layer priority (factory operator) into business KPIs,

then mapped to a service-layer policy (URLLC slice), 
and finally grounded in resource-layer configurations 
(DU/CU scheduling). Similarly, Intent 2 is translated 
into business objectives (RAN energy reduction up to 
25%), mapped to a service-layer cross-slice energy policy 
while preserving URLLC guarantees, and grounded in 
resource-level actions such as RU sleep-mode activation, 
as illustrated by the layered KG representation in Fig. 4.

This LLM-driven approach overcomes traditional ML lim-
itations in processing unstructured inputs while improv-
ing structure and controllability of the generated policies. 
To ensure reliability, mitigate hallucinations in LLMs, and 
prevent overgeneralization, the agent leverages comple-
mentary techniques, such as: domain-specific fine-tuning 
for semantic adaptation, few-shot learning for rapid policy 
formulation, layer-aware prompting to preserve abstrac-
tion integrity, and entity recognition for precise policy 
extraction. The final output is a  structured, KG-based 
representation of the refined intent, explicitly linking all 
layers from user requirements to resource mappings.

4.1.3 Conflict resolution and activation agent

This agent leverages three core capabilities for autonomous 
policy activation: (1) LLMs for adaptive reasoning, 
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(2) KGs for structured, domain-aware policy 
representations, and (3) RAG-S for real-time grounded 
inference. The agent operates on two KGs per 
domain: an intent KG, derived from the refinement 
agent, modeling intent enti-ties and relationships to 
detect structural conflicts (e.g., redundancy, 
shadowing), and a network inventory KG, capturing the 
dynamic state of services and resources for feasibility 
validation against infrastructure constraints. 
Leveraging this dual-KG architecture, the agent performs 
a two-stage validation process within RAG-S loops.

Before detailing these stages, we specify the underlying 
RAG-S mechanism. RAG-S extends standard retrieval-
augmented generation by verifying the sufficiency and 
completeness of retrieved network context prior to LLM 
inference, ensuring that generated actions are grounded 
in a fully validated operational state rather than partial 
or inconsistent evidence. Sufficiency requires two con-
ditions: (i) structural coverage of all entity and attribute 
slots required by the query, retrieved from the intent KG 
and network inventory KG, and (ii) semantic consistency 
across retrieved items, assessed via LLM self-evaluation. 
On failure, the agent triggers bounded re-retrieval; on 
persistent insufficiency, it blocks policy generation and es-
calates to the closed-loop controller rather than emitting 
an ungrounded policy. This default-deny behavior distin-
guishes RAG-S from Self-RAG [28] (self-critique during 
generation) and Corrective RAG [29] (post-retrieval cor-
rection via external sources). In contrast, RAG-S performs 
this check before inference, grounded by the domain-
specific KGs (intent and network inventory), rather than 
during or after.

Concretely, the two-stage validation loop operates across 
both KGs as follows. First, the agent detects inter-intent 
conflicts and proposes prioritized resolutions via intent 
KG analysis. Then, it validates policy feasibility through 
cross-graph comparison with the network inventory KG. 
For instance, as shown in Fig. 4 (step ➃, Conflict Res-
olution & Activation block, KG Representation panel), 
a policy generalization is detected between I1 and I3, 
where I3’s URLLC service satisfies I1’s latency require-
ment, leading to the deactivation of the redundant I1 
policy. A contradiction is also identified between I2’s 
energy-saving objective and the URLLC constraints of 
I1/I3. The agent resolves this through priority enforce-
ment: I2 applies only during off-peak hours and excludes 
URLLC slices, ensuring that I1/I3 retain high-priority 
scheduling.

Rather than optimizing intents in isolation, the agent as-
sesses their collective impact to maintain network-wide 
stability. For unresolvable conflicts, the CCL triggers 
administrator alerts with LLM-generated diagnostics. 
Validated, conflict-free policies are deployed as A1 poli-
cies from the Non-RT RIC to the Near-RT RIC, where 
they are enforced by xApps supporting self-optimization, 
self-healing, and self-protection across the programmable 
infrastructure, as depicted in step ➄ (Conflict-Free Policy

Activation block) and step ➅ (Self-X Engine xApps) of
Fig. 4.

4.1.4 Closed-loop assurance agent

This agent maintains continuous alignment between
network operating conditions and business objectives
through a closed-loop assurance process. It integrates
two complementary mechanisms: (1) KVI/KPI-driven
monitoring to quantify strategic value and operational
health, and (2) LLM-based analysis enhanced with KGs
and RAG-S. The KVIs/KPIs evaluate the state of intent-
fulfilling services and resources using a signed impact
vector [−1, 0,+1], representing degraded (red), threshold-
level (blue), and optimal (green) performance, as depicted
in the ISR-KG (KVI/KPI) block of Fig. 4 (step ➆b). These
indicators (e.g., throughput, latency, packet loss) are
continuously monitored via the Telemetry Collection &
Monitoring module (Fig. 4, step ➆a).

The assurance process operates as follows. The collected
measurements are mapped into an ISR-KG, encoding
persistent relationships between intents, services, and
resources to ensure semantic traceability. The ISR-KG
links each intent (e.g., I1/I3 and I2) to corresponding
DU/RU/CU resources and their validated KPIs/KVIs
across performance, reliability, resource, and energy di-
mensions, forming a unified, machine-verifiable represen-
tation of policy fulfillment across the O-RAN architecture.
The KG-enhanced LLM, operating within the RAG-S loop
(Fig. 4, Specialized LLM +Drift block, step ➆c), performs
graph traversal and KVI/KPI subgraph matching to de-
tect policy fulfillment deviations (drift). Upon detection,
it generates evidence-backed corrective recommenda-
tions. For example, in Fig. 4 step ➆d (Closed-Loop
Drift Analysis & Policy Remediation block), a URLLC
load drift triggers the LLM agent to issue corrective con-
figuration commands. These actions block conflicting
energy-saving modes, enforce safety preconditions (e.g.,
URLLC load ≤ 0.8%), and prioritize radio and transport
resources for the affected slice. This restores safe operat-
ing conditions while preserving intent alignment, with
enforcement spanning the O-RAN infrastructure, from
RIC policies down to O-CU, O-DU, and O-RU elements.
This semantic traceability enhances explainability and
ensures that all remediation actions remain aligned with
high-level business objectives.

Our proposed framework establishes a synergistic multi-
agent system where LLM agents operate through hier-
archical CCLs (Fig. 4, step ➇). This structure is essential
for scalable reliability, enabling local domain autonomy
while ensuring global oversight through a multi-domain
orchestrator. The system’s assurance is grounded in the
following validation rule: E2E intent satisfaction is con-
firmed when all decomposed domain-specific sub-intents
are fulfilled.
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4.2 Challenges and future research directions

Achieving fully autonomous, GenAI-powered IBN presents
challenges ranging from establishing robust single-domain
autonomy to enabling seamless orchestration across
multi-domain, multi-stakeholder environments. The
following discusses the key open issues toward realizing
this vision.

4.2.1 Semantic fidelity in intent translation

Accurately translating high-level intents into enforceable
policies remains a key challenge for autonomous IBN.
The difficulty arises from supporting multi-dimensional
intelligent services with diverse QoS expectations, per-
sonalized user demands, and stringent vertical-specific
requirements, all of which require precise semantic inter-
pretation. This complexity is further amplified by het-
erogeneous infrastructures where resources, constraints,
and policies differ across domains and vendors. Because
intent representation and policy specification models
are largely non-standardized, reliable LLM-driven intent
translation remains an open research problem.

4.2.2 Conflict-free intent activation

Achieving conflict-free intent activation is hindered by
competing services, resource contention, and misaligned
stakeholder objectives in multi-domain environments.
Heterogeneous policies and platform dependencies fur-
ther complicate enforcement. Although GenAI-based
models offer promising capabilities for conflict analy-
sis and adaptive policy adjustment, developing scalable
and standardized negotiation mechanisms that balance
local autonomy with global objectives remains under-
investigated.

4.2.3 Scalable intent assurance

Reliable intent assurance depends on robust single-domain
autonomy. GenAI models can enhance CCLs by analyz-
ing assurance telemetry (e.g., KPIs/KVIs) to detect intent
drift, quantify its impact, and recommend corrective con-
figurations. However, in multi-domain environments,
local CCLs may initiate corrective actions that are locally
optimal yet suboptimal at the cross-domain level. A drift
detected in one domain may originate in another, leading
to inefficient or counterproductive remediation. Design-
ing GenAI-driven orchestrators capable of coordinating
cross-domain corrective actions while preserving domain
autonomy through minimal, trusted data exchange re-
mains an open research challenge.

4.2.4 Trustworthy and secure GenAI-driven intent fulfill-
ment

The integration of GenAI, particularly LLMs as core
components for intent fulfillment, faces several chal-
lenges. First, ensuring robust reasoning across diverse
network domains and stakeholder perspectives is com-
plex, as single generalist models often lack the contextual
awareness required for fine-grained decisions, such as
validation and drift detection. This limitation is further
compounded by the scarcity of sensitive operational data
for LLM adaptation, the complexity of fusing heteroge-
neous feedback (e.g., QoS, QoE, KPI/KVIs, and telemetry),
and the need to generalize reliably to unseen intents in
dynamic heterogeneous environments. Second, auto-
mated intent lifecycles introduce new attack surfaces and
confidentiality risks. Indeed, LLMs are vulnerable to
adversarial prompts and policy manipulation, and sensi-
tive operational data may be exposed during inference
or cross-domain coordination phases. Ensuring trust-
worthy operation requires robust defenses and privacy-
preserving mechanisms across the GenAI pipeline, which
are currently immature.

Addressing these challenges requires robust approaches
for trustworthy automation. A promising direction lies
in leveraging digital twins (DTs) for proactive trust as-
surance, enabling "what-if" pre-deployment validation
and adversarial testing. Moreover, GANs and diffusion
models can generate realistic, privacy-preserving syn-
thetic data to overcome fine-tuning scarcity, while LLMs
enable explainable and secure automation. Future re-
search should integrate these capabilities into scalable,
cross-domain solutions for 6G-era ANs.

5. CONCLUSION

ANs represent the shift toward self-managing systems
capable of configuration, optimization, healing, and pro-
tection with minimal human intervention. This paper
presented a vision, reference architecture, and research
roadmap for agentic GenAI-driven intent-based self-
configuration in autonomous networks. Building on
a focused analysis of recent IBN frameworks across the
intent lifecycle, we identified persistent gaps in intent
translation, conflict-free activation, and closed-loop assur-
ance, and introduced an end-to-end agentic architecture
leveraging specialized LLM agents, dual KGs, and the
RAG-S mechanism. The architecture was instantiated
within a 6G O-RAN ecosystem and illustrated through an
Industry 5.0 use case, outlining key research challenges
and future directions toward trustworthy, cognitive, zero-
touch 6G networks.
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