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Hybrid GNN-Centric Architectures for AI-Native
6G Wireless Networks: A Comprehensive Survey

Mostafa Rahmani Ghourtani”, Sajedeh Norouzi, Jinxuan Chen™, Hamed Ahmadi"”,
Torsten Braun", Senior Member, IEEE, Kaushik Chowdhury", Fellow, IEEE,
and Alister Burr™, Life Senior Member, IEEE

Abstract—The growing complexity, scale, and heterogeneity of
6G wireless systems call for a shift toward Al-native architectures
that are not only data-driven but also topology-aware, adaptive,
and distributed. Graph Neural Networks (GNNs), with their
native support for graph-structured data, are well-suited for
modeling the irregular and dynamic relationships inherent in
wireless communication systems. However, standalone GNNs may
be insufficient to address key 6G challenges such as continual
learning, data scarcity, and dynamic adaptation. This survey,
therefore, explores the emerging synergy between GNNs and com-
plementary Al paradigms, including deep reinforcement learning
(DRL), federated learning (FL), meta-learning, generative mod-
els, mixture-of-experts (MoE), and world models, enabling hybrid
AI-GNN architectures for intelligent control, predictive adap-
tation, and scalable optimization across the wireless stack.
We systematically review how these GNN-centric AI models
can support intelligent functionality in next-generation network
architectures such as O-RAN, as well as core 6G domains,
including edge computing for wireless systems, advanced MIMO,
traffic prediction, and digital twins. The survey also highlights key
challenges in hybrid AI-GNN adoption, particularly scalability,
generalization across dynamic topologies, interpretability, and
symbolic reasoning, and discusses emerging strategies such as
graph causality learning, dynamic GNNs, and neurosymbolic
integration to address them. By consolidating recent advances
and outlining open research directions, this work positions hybrid
AI-GNN architectures as a promising approach toward enabling
intelligent, energy-efficient, and context-aware wireless systems
for 6G and beyond.

Index Terms—Hybrid GNN, distributed and heterogeneous
systems, Al-native networks, wireless networks.

I. INTRODUCTION

SIXTH Generation (6G) wireless networks are expected
to extend beyond improvements in speed and latency,
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enabling communication architectures that support immersive
and intelligent applications such as holographic telepresence
and extended reality (XR) [1], [2]. Meeting the anticipated
complexity and scale of 6G systems will require networks
that can learn, adapt, and optimize with minimal human
intervention.

In this context, Artificial Intelligence (AI) is expected
to play a central role in enabling data-driven and adaptive
network operation. It is important to distinguish between
different levels of Al integration in wireless systems. Al-
enabled approaches employ Al as an auxiliary tool to
enhance specific functions, while the overall system archi-
tecture remains largely unchanged. Al-driven systems rely
more heavily on AI for decision-making, where learning-
based models influence control and optimization but are still
embedded within predefined system structures. In contrast,
Al-native architectures fundamentally integrate Al into the net-
work design itself, embedding learning and inference directly
into control loops and system operation. This distinction is
particularly relevant for 6G, where Al-native design implies
tight coupling between data, models, and distributed network
intelligence.

Al-native architectures aim to embed intelligence into
the network fabric, supporting functionalities such as self-
optimization, demand prediction, and real-time service
personalization [3].

Graph Neural Networks (GNNs) are particularly well
suited for wireless networks due to their ability to model
non-Euclidean, graph-structured data, such as interference,
mobility, and cooperation graphs [4]. This enables GNNs
to capture relational dependencies that are central to tasks
such as resource allocation, handover, and distributed caching.
Recent studies have demonstrated the effectiveness of GNNs
in scenarios where relational structure plays a key role. For
example, in resource allocation and power control, GNNs can
capture spatial dependencies between users and base stations
more effectively than fully connected or convolutional models.
In user association and scheduling, GNN-based approaches
have shown improved adaptability compared to rule-based
methods under dynamic topology and traffic conditions. Fur-
thermore, GNNSs can offer scalability advantages in large-scale
distributed settings by enabling localized message passing and
inference [5].

Building on these properties, recent work has explored
integrating GNNs with other learning paradigms to address
the heterogeneous demands of 6G systems. These integrations
give rise to what we refer to as Hybrid GNN architec-

© 2026 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
For more information, see https://creativecommons.org/licenses/by/4.0/
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tures, or Artificial Intelligence-Graph Neural Network
(AI-GNN) Synergy. In this survey, the term AI-GNN
denotes GNN-centric architectures integrated with comple-
mentary Al paradigms, rather than implying that GNNs
operate independently from AIL. Such hybrid models com-
bine GNNs with approaches such as reinforcement learning
(RL) for sequential decision-making [6], federated learn-
ing (FL) for privacy-preserving distributed learning [7],
and explainable AI (XAI) for improved transparency and
interpretability [8]. These combinations extend the applica-
bility of GNNs to settings involving temporal dynamics,
distributed intelligence, and interpretability, while acknowl-
edging that GNNs alone may not fully address all system
requirements.

A. Existing Reviews and Surveys

As the vision for 6G advances, the integration of
Al into wireless networks has emerged as a key
research direction. Numerous surveys have explored this
intersection, generally falling into three categories: system
architecture, algorithmic innovation, and network-level
optimization.

1) Ai-Driven System Architectures for 6G: Several works
emphasize embedding Al into the fabric of 6G infrastruc-
ture. Seminal works, such as [9], envision Al-native systems
that seamlessly unify terrestrial, aerial, and space-based com-
munication infrastructures, enabling highly autonomous and
adaptive network behaviour. Further, [10] delves into the
practical challenges of deploying AI at the network edge,
with a particular emphasis on achieving a balance between
energy efficiency and low-latency inference, which is critical
for real-time applications in next-generation wireless systems.
Other studies extend these ideas to non-terrestrial networks
(NTNs), where Al is envisioned as a key enabler for managing
orbital dynamics and satellite coordination [11], [12]. At the
physical layer, surveys such as [13] and [14] explore how
Al enhances reconfigurable surfaces, joint communication-
sensing, and other novel paradigms.

2) Advanced Learning Models and Ai Techniques: A sec-
ond focus in the literature centers on algorithmic innovations,
especially scalable and context-aware Al models. Sun et al.
[15] highlight the importance of interpretability in Al sys-
tems for dynamic resource allocation. Others examine large
transformer models for beamforming [16], [17] and meta-
learning for rapidly changing environments [18], [19]. Broad
surveys such as [20] and [21] present Al applications across
the protocol stack, from signal processing to network control.

3) Network Optimization and Distributed Intelligence: The
third wave of surveys emphasizes AI’s role in end-to-end
network optimization. Classic optimization is being merged
with data-driven intelligence to enhance spectrum efficiency,
reduce energy consumption, and improve decision-making
under uncertainty [22]. RL, in particular, has gained attention
for network slicing [23] and related works examine how Al can
enable dynamic slicing, user-centric Radio Access Network
(RAN) design, and near-autonomous control under 3GPP
standards [14]. Surveys also explore multi-agent reinforcement
learning (MARL) [24], federated RL [25], and edge-based
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learning frameworks [26], particularly for Internet of Things
(IoT) systems that demand both privacy and adaptability [27].
Comprehensive surveys, such as [28], highlight Al as a pivotal
enabler for building self-optimizing, context-aware wireless
ecosystems, emphasizing its central role in driving automation
and adaptability across future network architectures.

4) Graph-Based Learning in Wireless Communication: In
parallel, a separate line of research has focused on graph-
theoretic and graph learning methods. Early studies modeled
interference and mesh topologies using classical graph theory
[29], [30]. Majeed et al. [31] and He et al. [32] expanded
this to broader network structures and GNN-based tasks like
channel estimation and resource allocation.

Recent surveys provide deeper insights into GNN appli-
cations across network functions. Jiang et al. [33] classify
GNN models by learning objectives, while Tam et al.
[34] discuss their integration with Software Defined Net-
work (SDN)/Network Functions Virtualization (NFV) for
programmable core networks. In IoT security and anomaly
detection, [35], [36] illustrate GNNSs’ role in decentralized ana-
Iytics. Ivanov et al. extend these methods to NTNs [37], and
Suarez et al. [38] examine their use in intrusion detection and
data fusion. Dai et al. offer perhaps the most comprehensive
reviews to date, spanning aerial planning and GNN-powered
resource control [39], [40].

More recently, Zeng et al. [41] introduced the concept of
Edge Graph Intelligence (EGI), providing a system-level per-
spective on the reciprocal interplay between graph intelligence
and edge networks. Their survey organizes the field along
multiple dimensions, including edge applications of graph
intelligence, edge infrastructures for training and inference,
graph-driven optimization of edge systems, and supporting
EGI ecosystems. This work highlights the importance of
deployment-aware design and the role of graph intelligence
in enabling scalable and adaptive edge-network operations. In
addition, Lu et al. [42] present a comprehensive survey on
agentic GNNs, where multiple GNN models are orchestrated
through agent-based intelligence toward edge general intel-
ligence. Their work focuses on graph representation, GNN
architectures, and task-level alignment across wireless com-
munication scenarios.

Despite these advances, existing surveys typically adopt
either a GNN-centric or edge-/system-centric perspective,
focusing on representation learning, architectural design, or
deployment aspects in isolation. Comparatively less attention
has been given to a unified view that examines how GNNs can
be effectively integrated with complementary Al paradigms.
As wireless networks evolve toward more dynamic and dis-
tributed operation, understanding such integrations can provide
additional insights into designing adaptive and scalable learn-
ing frameworks.

B. Contribution

This survey presents a comprehensive review of GNNs
as a promising approach for enabling Al-native 6G wireless
networks. Distinct from prior surveys, it emphasizes the syn-
ergistic integration of GNNs with emerging Al paradigms,
such as FL, XAI, generative models, and others, within
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TABLE I
COMPARISON OF EXISTING SURVEYS AND OUR CONTRIBUTIONS

Survey | Primary Focus GNN AI-GNN | 6G Architectura] Main Limitation
Coverage | Synergy Relevance View
[33] GNN models for network | v/ X ~ X Lacks Al-native 6G integration
management
[34] GNNs in SDN/NFV v ~ X ~ Limited to core network, no
6G context
[35] GNNs for IoT security v X ~ X Focuses only on IoT security
[36] GNNss for IoT sensing v X X X Narrow sensing scope; no Al-
6G synergy
[37] Graph optimization in NTN | ~ X ~ X No GNN/ALI integration
[5] Theoretical graph models in | v/ X X ~ Largely theoretical, no practi-
wireless cal synergies
[38] GNNs for communication | v/ X ~ X Limited to specific use cases
networks
[43] GNNs for IoT resilience v X ~ X No 6G architectural insights
[4] GNNs for mMIMO / aerial | v ~ ~ X Technology-specific, no Al-
networks native 6G
[39], | Graph-based resource man- | v/ X ~ X Graph optimization only; no
[40] agement GNN-AI synergy
[6] GNN-DRL in smart infras- | v/ ~ ~ ~ Focuses on a single synergy
tructures type
[44] GNN + digital twin (DT)s v ~ ~ ~ Only DT integration; narrow
scope
[41] Edge Graph Intelligence v X ~ v Edge-centric; lacks Al-native
6G integration and no GNN-
Al synergy
[42] Agentic GNNs for wireless | v/ ~ ~ v GNN-centric; lacks integration
networks with broader Al paradigms
(e.g., DRL, FL)
Ours Hybrid AI-GNN architec- | v v v v Systematic AI-GNN syner-
tures for 6G gies, 6G enablers, challenges,
and future vision

Legend: v/ = addressed; ~ = partially addressed; X = not addressed.

the context of 6G-specific challenges, including scalability,
energy efficiency, real-time responsiveness, and heterogeneous
architectures. As wireless networks evolve toward greater
autonomy, heterogeneity, and real-time adaptability, under-
standing the role of hybrid GNN architectures at the system
level becomes increasingly important.

Table I highlights the distinctions between our work and
prior surveys on GNNs in wireless networks. For clarity, we
define “AI-GNN Synergy” as the integration of GNNs with
other AI paradigms (e.g., deep reinforcement learning (DRL),
FL, and generative models), “6G Relevance” as the extent
to which works address key characteristics envisioned for
6G networks, including Al-native design, scalability, real-time
adaptability, and distributed intelligence across edge—cloud
continua, as well as emerging paradigms such as cell-free
architectures, Integrated Sensing and Communication (ISAC),
and network DTs, and “Architectural View” as the presence
of a system-level perspective on integrating GNNs within
network architectures.

As shown in Table I, existing surveys typically focus on
individual topics such as IoT, sensing, or DTs, and often
adopt either a GNN-centric, application-specific, or edge-
centric perspective. As a result, they do not fully capture a
system-level view of hybrid AI-GNN architectures or their
alignment with emerging 6G requirements. In particular, the

interaction between GNNs and complementary Al paradigms
such as DRL, FL, and neuro-symbolic learning remains only
partially explored, and architectural considerations for scalable
and adaptive intelligence are often not addressed in a unified
manner.

In contrast, this survey provides a unified perspective on
AI-GNN integration, covering representative 6G enablers,
architectural trends, open challenges, and future research
directions.

C. Paper Organization

The remainder of this survey is structured as follows and
is visually summarized in Figure 1. Section II provides a
contextual foundation by reviewing the evolution from ear-
lier wireless generations to Fifth Generation (5G), and the
anticipated transition to 6G, including a comparative analysis
and discussion of emerging challenges. Section III offers
an in-depth exploration of GNNs, covering their theoreti-
cal foundations, architectural components, model evolution,
and recent advances in graph learning, with an empha-
sis on their alignment with the structure and dynamics of
wireless systems. The practical applications of GNNs in wire-
less communication, spanning resource management, physical
layer optimization, security, and network orchestration, are



RAHMANI GHOURTANI et al.: HYBRID GNN-CENTRIC ARCHITECTURES

5681

Real-World Deployment Evolution of Wireless Network
Challenges Generations

Mobility-aware and

Motivations and Expectations
Topology-adaptive GNNs

] Transition from 5G to 6G:

5G vs. 6G: Comparative Analysis

for GNNs in 6G

Other Gaps — Benchmarking ]

andistandardization Limitations of Existing Al Models

[ Case Study:

in Addressing 6G Requirements

GraphNet, FGraphNet

VII. Emerging Applications and
Visionary
Uses of AI-GNNs

[ Scalability and Real-Time Constraints

[ Generalization and Robustness

VI. Challenges in
Integrating AI-GNNs
into 6G

[ Interpretability and Trustworthiness

[ Dynamic Graphs and Mobility

[ Technical and Architectural Limitations

V. AI-GNNs for Key
6G Technologies

VIII. Research Gaps
& Future Directions

Structure
of Survey

Semantic and Goal- Energy Efficiency of AI-GNN
Oriented Communications Workloads and the Imperative
of Sustainability
Semantic Awareness in
Integrated Sensing and Privacy-Preserving and
Communication Distributed Leaming
Autonomous Network Operation
[ and Self-Optimization [ Neuro-Symbolic Integration

and Emerging Applications

. JL L _J—

and Emerging Network
Generations

Ill. Graph Neural
Networks \
IV. Architectural

Synergies of AI-GNNs in
Wireless Communication

Il. Review of Current ]

From Structure to Learning ]

Tracing the Evolution of
GNN Models

Architectural Elements and
Design Principles

Advances in Graph Leaming ]

[ Mixture-of-Experts
(MoE) -GNN Synergy

DRL-GNN synergy ]

Networks: A Natural

Traffic Prediction and

Network Architectures:

GNNs and Wireless ]

Next-Generation ]

Management O-RAN

World Models-GNN
Synergy

Convergence

Federated Learning-GNN
synergy

Advanced MIMO

and Reconfigurable

Distributed Coordination in
Heterogeneous Networks

[ Toward Unified Intelligence

Meta Learning and Graph-
Based Generalization

Intelligent Surfaces

Digital-Twin

Edge Computing and Distributed Al ]

Fig. 1. Structure of this survey.

concisely captured in a comprehensive table at the end of this
section. Section IV investigates the synergy between GNNs
and other Al techniques, including RL, FL, meta-learning,
generative Al, mixture-of-experts (MoE), and world models,
and further highlights their collective potential toward unified,
scalable, adaptive, and distributed intelligence in wireless
systems. Section V discusses the role of AI-GNNss in enabling
key 6G technologies, including Open Radio Access Network
(O-RAN), advanced Multiple Input Multiple Output (MIMO)
and Reconfigurable Intelligent Surface (RIS), edge com-
puting and distributed Al, traffic prediction and manage-
ment, distributed coordination in heterogeneous networks,
and DTs. Section VI addresses the technical and archi-
tectural challenges of deploying AI-GNNs in real-world
6G scenarios, including scalability and real-time constraints,
interpretability and trustworthiness, generalization and robust-
ness, dynamic graphs and mobility, as well as broader
technical and architectural limitations. Section VII explores
emerging and visionary applications, including semantic
and goal-oriented communications, semantic awareness in
ISAC, autonomous network operation and self-optimization,
and a case study on GraphNet and FGraphNet. Sec-
tion VIII identifies critical research gaps and future direc-
tions, including the energy efficiency and sustainability of
AI-GNN workloads, privacy-preserving and distributed learn-
ing, neuro-symbolic integration for GNNs in 6G, real-world
deployment challenges, mobility-aware and topology-adaptive
GNNs, and benchmarking and standardization. Finally,
Section IX concludes the paper with a summary of insights
and reflections on future research directions at the intersection
of GNNs and intelligent wireless communication.

Generative AI-GNN Synergy ]

II. REVIEW OF CURRENT AND EMERGING
NETWORK GENERATIONS

A. Evolution of Wireless Network Generations

Wireless communication systems have evolved through mul-
tiple generations over the past several decades, transitioning
from simple voice-centric analog setups in the initial first-
generation (1G) phase to advanced digital platforms handling
rich data and media in fourth generation (4G). However,
with growing demands for ultra-high-speed connectivity, low
latency, massive device connectivity, and energy efficiency,
the capabilities of previous generations have become insuf-
ficient, paving the way for 5G and eventually 6G networks
[45], [46], [47].

B. Transition From 5G to 6G: Motivations and Expectations

5G networks have introduced transformative technolo-
gies such as Millimeter Wave (mmWave), massive MIMO
(mMIMO), network slicing, and Mobile Edge Computing
(MEC). These advancements enable Enhanced Mobile Broad-
band (eMBB), Ultra Reliable Low Latency Communications
(URLLCs), and Massive Machine Type Communications
(mMTCs). Despite these improvements, 5G still faces critical
challenges related to coverage, scalability, energy efficiency,
and flexibility, which limit its ability to meet the long-term
demands of future digital ecosystems [45], [46].

To address these limitations, the development of 6G net-
works has been initiated, driven by the vision of enabling
ubiquitous global connectivity, terabit-per-second data rates,
sub-millisecond latency, enhanced reliability, and autonomous
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TABLE I

KEY FEATURES COMPARISON FOR 5G, 6G, AND AI/GNN CONTRIBUTIONS [17], [43], [45], [50]

Key aspects

5G

6G

Al or GNN contributions

Applications

eMBB, URLLC, mMTC

Holographic-Type =~ Communica-
tion, Tactile Internet, Intelligent
Transport and Logistics, Intelligent
and automated machines, virtual
reality (VR), augmented reality
(AR), XR

Modeling the complex, heterogeneous network inter-
actions inherent in advanced applications. GNNs can
enable proactive and context-aware orchestration,
ensuring that diverse applications, from immersive
XR to time-critical tactile internet services, receive
the tailored resources and dynamic configuration
needed for stringent performance and reliability re-
quirements.

Real-time Al-driven resource allocation and link

Peak data rate ~1-10Gbps ~1Tbps adaptation to maximize throughput and approach
theoretical peak rates under varying conditions.
Predictive scheduling and edge computing using Al

End-to-End Latency ~1Ims (in URLLC) <0.5ms for ultra-low latency such as caching and processing

data closer to users, and GNN-based routing to find
lowest-latency paths.

Reliability

~ 1075 block error rate
(high reliability)

Aiming for ~ 107° (ultra-high
reliability)

Proactive fault detection and failure mitigation. GNN
models predict link/node failures and enable dynamic
re-routing or resource reallocation.

Device Connectivity

Up to 10% devices/km?

Expected to support up to 107
devices/km?

Intelligent interference management and load balanc-
ing through AI to accommodate more devices. Al can
learn traffic patterns and spatial interference maps,
optimizing spectrum reuse and access scheduling in
dense deployments.

Spectrum bands

Sub-6 GHz (low/mid
bands) and mmWave up
to ~100 GHz (FR2)

Sub-THz/THz bands (100 GHz —
10 THz), and FR3 (7-24 GHz)

Al-based beamforming and adaptive modulation to
mitigate propagation challenges at higher frequen-
cies. ML can assist in real-time beam steering, block-
age prediction, and frequency selection to mitigate
the high path loss and directivity of THz links.

Coverage

Terrestrial with partial
satellite integration

Seamless 3D coverage integrating
terrestrial, aerial, and satellite links

Al-driven orchestration across heterogeneous net-
works. Handovers and multi-access connectivity be-
tween terrestrial and non-terrestrial platforms can
be dynamically managed, ensuring users experience
ubiquitous coverage and Quality of Service (QoS).

Energy efficiency

Incremental
ments over 4G

improve-

Targeting ultra-low energy per bit
(on the order of ~1 plJ/bit) for
sustainable high-capacity networks

Energy-aware network protocols optimized via
GNN insights. GNN-based optimization can identify
energy-saving configurations in large-scale networks

without compromising performance.

network intelligence [45]. The International Telecommu-
nication Union Radiocommunication Sector (ITU-R) has
formally introduced the International Mobile Telecommuni-
cations (IMT)-2030 framework, outlining the vision, usage
scenarios, and key capabilities for 6G mobile systems [48].
This framework highlights new service classes such as
immersive communication (including XR and holographic
media), Al-native networking, ISAC, and support for hyper-
reliable, low-energy, and globally sustainable infrastructure
[49]. A central theme of 6G, as emphasized by IMT-2030,
is the seamless integration of Al and Machine Learning (ML)
into the network fabric to enable real-time, context-aware, and
self-optimizing operations [17].

These expectations impose stringent requirements on net-
work design and signal processing capabilities, fostering a
paradigm shift toward intelligent, adaptive, and collaborative
network architectures that go beyond incremental improve-
ments in 5G.

C. 5G Vs. 6G: Comparative Analysis

A comparative analysis reveals that 6G networks are
expected to substantially outperform 5G across multiple key
performance indicators (KPIs), including data rate, latency,
reliability, connectivity, spectral and energy efficiency, and the

scope of intelligent functionalities. 6G seeks transformative
improvements, leveraging advanced technologies such as sub-
Terahertz (THz) and THz frequencies, extensive integration
of aerial and space-based networks, and inherently integrates
advanced Al and ML techniques. These include sophisticated
GNNs, to enhance network performance, adaptability, and
autonomy [17], [45]. Table II outlines a detailed comparison
between 5G and 6G, along with specific contributions from
GNN-Centric Al technologies.

The comparison in Table IT highlights not only the quantita-
tive enhancements of 6G over 5G but also demonstrates how
GNN-Based Al technologies play a pivotal role in achieving
the ambitious objectives of 6G. GNN-Centric Al Architectures
are essential for managing complexity, enhancing efficiency,
and enabling dynamic adaptability in future networks. Specif-
ically, GNNs’ capability to handle graph-structured data makes
them uniquely suited for the challenges posed by next-
generation wireless networks, offering significant benefits in
resource management, predictive operations, and intelligent
network optimization.

While Table II provides a comparative overview of the
key differences between 5G and 6G, Figure 2 offers a
conceptual visualization of how Al technologies, including
ML, deep learning (DL), and GNNs, serve as the intelli-
gence layer enabling the transition. The figure highlights how
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Intelligent
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Fig. 2. Al as the intelligence layer bridging the gap between 5G and 6G
wireless networks.

Al facilitates functions such as self-optimization, resource
allocation, traffic management, and coordination in hetero-
geneous environments. The bullet points on the left side of
the figure (O-RAN, advanced MIMO, THz) reflect techno-
logical advancements introduced in 5G, whereas the bullet
points on the right (Edge Computing, Ultra-high Frequencies,
Massive Connectivity, Stringent Latency Requirements) cap-
ture the emerging requirements and drivers that characterize
6G networks.

D. Limitations of Existing Ai Models in Addressing 6G
Requirements and Emerging Applications

6G and beyond systems must support massive connec-
tivity, ultra-low latency, high reliability, native integration
of communication—computation—sensing, and diverse service
classes. While DL has been successfully applied to 5G design
challenges, many existing models are built on assumptions
misaligned with 6G realities.

First, most current Al models rely on fixed-size, Euclidean
inputs and lack explicit representation of network topology.
This limits their generalizability across varying network sizes
and structures, often requiring retraining when users, base
stations, or routing paths change. Such rigidity is ill-suited
for dynamic 6G environments like ultra-dense, cell-free, or
satellite—aerial—terrestrial networks, where graph structures
evolve over time.

Second, these models typically optimize isolated functions
(e.g., detection, adaptation, or scheduling) without capturing
the cross-layer dependencies crucial for end-to-end perfor-
mance. In tightly coupled 6G stacks, local decisions propagate
globally through interference, congestion, or routing. Tra-
ditional architectures struggle to model such interactions,
limiting their ability to support multi-service slicing and het-
erogeneous QoS requirements. Third, many Al models assume
stationary environments, lacking mechanisms for adapting to
dynamic graphs or non-stationary patterns. In 6G scenarios
with rapid user mobility, handovers, and dynamic aerial or
satellite node appearances, static models degrade significantly,
jeopardizing ultra-reliable, low-latency communication.

Even existing GNN models, while inherently suited to
relational data, face limitations when used in isolation. Many
operate on single, static graph views and ignore tempo-
ral dynamics or domain constraints. Additionally, deeper
GNNs struggle with scalability and training stability, par-
ticularly under edge resource constraints. These limitations
highlight the need for hybrid GNN architectures that fuse
graph-based inductive biases with complementary paradigms
(e.g., attention, temporal modeling, optimization layers, and
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physics-aware modules) to deliver both expressivity and effi-
ciency in 6G systems.

In summary, current Al models often assume static struc-
ture, stationarity, and modularity, making them ill-suited for
the dynamic, multi-relational nature of 6G networks. This
motivates a shift toward hybrid GNN-based solutions capable
of (i) operating on evolving network graphs, (ii) integrating
relational, temporal, and semantic views, and (iii) embedding
domain knowledge and optimization principles. The remainder
of this survey focuses on such architectures designed to meet
the unique challenges of Al-native 6G systems.

III. GRAPH NEURAL NETWORKS

As discussed in earlier sections, Al lies at the core of the
6G vision for wireless connectivity, enabling networks that
are not only fast and reliable but also adaptive, intelligent,
and self-optimizing. Among emerging Al models, GNNs have
gained particular prominence because of their ability to operate
natively on graph-structured data, a form that fundamentally
characterizes wireless network environments.

Building on the requirements and limitations identified in
Section II, this section provides a comprehensive exploration
of GNNs and their hybrid extensions as models inherently
suited to network graphs, aligning with the structural and
dynamic characteristics of 6G systems. We begin with the
conceptual foundations and historical evolution of GNNs, then
examine key architectures, learning paradigms, and recent
innovations. In doing so, we highlight how GNNs differ
from traditional neural networks, why they are uniquely
positioned for 6G, and how they have evolved to han-
dle increasingly complex, dynamic, and heterogeneous data
environments.

A. From Structure to Learning

GNNs are a class of neural architectures specifically
designed to process graph-structured data, where entities are
represented as nodes and relationships as edges. Such graph-
based representations naturally map onto many real-world
systems, including wireless communication networks, social
networks, transportation grids, and biological structures [51].
Unlike conventional neural networks that operate on Euclidean
domains (e.g., images or sequences), GNNs learn directly
from non-Euclidean structures by exploiting relational and
topological dependencies among entities [52].

Existing GNNs can be broadly divided into two cate-
gories: spectral-based models, which define graph convolu-
tions via spectral filters of the graph Laplacian (capturing
frequency-domain characteristics of signals on a graph), and
spatial-based models, which operate in the vertex domain
and propagate information through localized message passing
among neighboring nodes.

Among spatial approaches, the message passing neural
network (MPNN) framework [53] has emerged as a unify-
ing abstraction. In an MPNN, each node iteratively updates
its hidden state by exchanging information (messages) with
its neighbors through three steps: message computation,
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aggregation, and update. The general form of this process at
the k-th layer can be expressed as:
m = A9 (MO0, B, e | e N},
hgk) =y® (hl('k 1),m§k))’
M® RY x R? x RY% — R, (1)

Here, N (i) is the set of neighbors of the node v;, ml(.k) €
R and hfk) € R? denote the aggregated message and the
node embedding of v; at layer k, respectively. The edge
attributes between nodes v; and v; are represented by e;; €
R%, which denotes the edge feature vector associated with
edge (v;,v;). The message function M® computes pairwise
messages based on the representations of adjacent nodes
and their connecting edge features, where d, d., and d,
denote the dimensions of node embeddings, edge features,
and message vectors, respectively. The aggregation function
A® is a permutation-invariant operator (e.g., summation,
mean pooling, or attention) that combines incoming messages
from the neighborhood N (i). Finally, the update function /¥
integrates the aggregated message to produce the updated
node embedding. While some models employ learnable edge
embedding functions to capture relation-specific information,
others directly utilize raw edge attributes when available.

A prominent instantiation of this general framework is
the Graph Convolutional Network (GCN) proposed by Kipf
and Welling [54], which combines message aggregation and
node-wise update into a single normalized propagation and
transformation operation:

B4 = o (D AD W), @

where H® € R"™ ¢ is the matrix of node embeddings at
layer k, W® is a learnable weight matrix, A = A+ 1, denotes
the adjacency matrix augmented with self-loops, D is the
corresponding degree matrix, and o(-) is a nonlinear activa-
tion function (e.g., ReLU). This formulation couples a linear
transformation with a normalized neighborhood aggregation
operation, and can be interpreted as a first-order approximation
of spectral graph convolution. In wireless communication
graphs, nodes may represent BSs or UEs, while edges encode
interference or coupling relationships. The normalized prop-
agation helps stabilize training under heterogeneous node
degrees and network densities.

By explicitly incorporating graph topology into the learning
process, GNNs offer significant advantages for modeling the
complex interactions inherent in wireless networks. In partic-
ular, their permutation invariance to node ordering and their
ability to encode relational and topological priors make them
well suited for learning scalable and adaptive communication,
scheduling, and resource management policies in large-scale,
dynamic, and heterogeneous systems.

B. Tracing the Evolution of GNN Models

The conceptual foundations of GNNs can be traced back to
message-passing algorithms in probabilistic graphical models
(such as belief propagation on factor graphs) that emerged
in the 1990s [55], [56]. These earlier techniques introduced
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the idea of iteratively exchanging information between con-
nected nodes, a principle that later inspired the design of
trainable graph neural architectures [57]. Formal definitions
and prototypes of graph neural networks began taking shape
in the mid-2000s, with foundational works by Gori et al.
[58], Scarselli et al. [59], and others [60] who proposed
recursive neighborhood-based learning algorithms on graphs.
These early GNNs focused on learning node representations
through iterative aggregation of neighbor information, laying
the groundwork for modern graph-based learning systems.

Subsequent years witnessed rapid innovation in graph neural
network research. The development of the Graph Attention
Network (GAT)s that leverage attention mechanisms for neigh-
borhood weighting [61], marked a new era of scalable deep
learning on graphs. Around the same time, techniques for
model simplification and efficiency began to address the
scalability of GNNs in large graphs [62]. New specialized
architectures also emerged; for example, Eigen-GNN [63]
improved the adaptability of graph models by combining spec-
tral graph properties with learnable parameters, demonstrating
enhanced performance across diverse tasks.

As the field matured, GNNs were extended into privacy-
preserving and secure learning architectures for distributed
data [64], [65]. The introduction of models like the Relational
Graph Convolutional Network (R-GCN) further expanded
GNN capabilities by incorporating relation-specific message
functions to handle multi-relational knowledge graphs [66].

In summary, while the earliest GNN models were largely
static and defined by recursive graph traversals, contemporary
GNNs encompass a variety of spectral and spatial designs
that employ differentiable, end-to-end trainable message-
passing mechanisms influenced by modern deep learning
practices [67].

C. Architectural Elements and Design Principles

At the heart of every GNN are three fundamental compo-
nents: node embeddings, which represent each node’s features
or latent state; message functions, which define how nodes
communicate and exchange information with their neigh-
bors; and aggregation functions, which combine the messages
received from neighbors before updating the node’s own state.

In more advanced GNN variants, one can also define embed-
ding functions for edges to incorporate relationship-specific
information between nodes (as is in models like R-GCN).
If rich feature descriptors for nodes and edges are directly
available from data, explicit learnable embedding layers can
sometimes be omitted.

Modern GNN architectures often include additional
enhancements such as multi-head attention mechanisms, resid-
ual or skip connections, normalization layers, and adaptive
activation functions. These design improvements stabilize
training and enable scaling to deep or large graphs, which
is crucial for noisy, large-scale, and heterogeneous networks.

D. Advances in Graph Learning

While traditional GNNs have demonstrated strong perfor-
mance on static, well-defined graph structures, real-world
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systems, especially wireless networks, are inherently dynamic,
heterogeneous, and often partially observable. As a result, a
major frontier in GNN research focuses on dynamic graph
learning, where the structure, features, and connectivity of
the graph evolve over time. This shift is particularly crucial
for 6G applications, where network topologies change due to
user mobility, spectrum reallocation, link failures, and dynamic
service demands.

To address these challenges, several temporal and structure-
aware GNN frameworks have been proposed. One such model
is GraphSense [68], which introduces a self-aware dynamic
structure learning paradigm that integrates Recurrent Neural
Network (RNN) backbone with a self-sensing neighborhood
aggregation module. This dual-module architecture enables
GNNss to track temporal variations and autonomously adapt to
evolving graph topologies without relying on full graph visibil-
ity, a critical requirement for scalable and distributed wireless
intelligence. Similarly, the EvolveGCN framework [69] offers
a solution for temporal graphs by dynamically updating the
GNN weights through recurrent models (e.g., Gated Recurrent
Unit (GRU)/Long Short Term Memory networks (LSTM))
as new graph snapshots are introduced. EvolveGCN enables
temporal modeling at both the node and edge levels, making it
suitable for time-series forecasting in mobile communication
environments.

Beyond temporal modeling, another important direction is
the rise of self-supervised graph learning. Given the scarcity
of labeled data, self-supervised approaches such as Graph
Contrastive Learning (GCL) have become increasingly valu-
able. These methods learn meaningful graph embeddings by
maximizing the agreement between augmented views of the
same node or subgraph. However, traditional contrastive learn-
ing methods often capture spurious correlations that hinder
generalization.

To address this, recent work by Mo et al. [70] introduces
a causality-aware graph contrastive learning framework that
disentangles causal from non-causal factors using spectral
graph augmentation and customized invariance-independence
training objectives. This model improves robustness and inter-
pretability, which is essential for critical applications such as
anomaly detection and intelligent control in wireless networks.
Similarly, the authors in [71] propose a novel Counterfac-
tual Contrastive Learning framework (CCL-Gn) to mitigate
Endogenous and Task-oriented Spurious Correlations (ETSC)
in GNNs, particularly in node-level tasks. Their method
automatically separates spurious subgraphs from causally
correlated subgraphs, improving GNN robustness in both in-
distribution and out-of-distribution scenarios. This framework
can be particularly relevant in real-world wireless communi-
cation applications, where data inconsistencies and unreliable
patterns can significantly impact performance.

Additional efforts in dynamic graph representation learning
include Temporal Graph Attention Networks (TGAT) [72],
which combines temporal encoding with graph attention to
model asynchronous events over time; Dynamic Self-Attention
Network (DySAT) [73], which learns both structural and
temporal self-attention to capture time-varying graph depen-
dencies; and Temporal GCN (T-GCN) [74], which integrates
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GCNs with GRUs to model spatial-temporal dependencies,
originally developed for traffic forecasting but adaptable
to latency prediction and traffic shaping in wireless sys-
tems. Another promising direction is the application of
meta-learning and continual learning in GNNs for dynamic
environments. For example, Meta-GNNs [75] are designed to
rapidly adapt to new topologies through a meta-optimization
objective, making them particularly suitable for non-stationary,
highly mobile wireless scenarios.

In parallel, the growing emphasis on explainability and
trustworthiness has driven research into interpretable and
causal graph learning. Approaches such as GNNExplainer
[76] and PGM-Explainer [77] offer post hoc interpretability
by revealing important substructures or probabilistic depen-
dencies that influence model predictions. Within 6G contexts,
these methods can enhance transparency by elucidating deci-
sion processes in autonomous resource allocation, explaining
anomalies in distributed systems, and justifying spectrum-
sharing strategies in Al-managed networks.

These advancements demonstrate that GNNs are no longer
limited to learning from fixed graph snapshots. Instead,
they are evolving into dynamic, self-supervised, and causally
informed learning agents, capable of reasoning in complex,
high-variance environments, precisely the kind of intelligence
required for next-generation wireless systems. As the field
progresses, integrating these graph learning advances into
communication network design will be instrumental in ful-
filling the vision of 6G: adaptive, autonomous, and Al-native
connectivity.

E. GNNs and Wireless Networks: A Natural Convergence

Wireless networks are inherently dynamic, heterogeneous,
and graph-structured systems, where entities such as base
stations, users, or IoT devices can be naturally modeled as
nodes, and their interactions, ranging from signal strength to
latency or interference, are represented as edges. This natural
graph abstraction stands in contrast to the Euclidean assump-
tions of traditional Al models like convolutional or recurrent
neural networks, which are ill-suited for capturing the irregular
and evolving dependencies found in communication systems.
In contrast, GNNs are explicitly designed for learning on
graph-structured data, enabling them to model the relational,
topological, and context-aware nature of modern and future
wireless environments [39].

Core to their utility in communication systems is the
message-passing paradigm, which allows each node to itera-
tively aggregate information from its neighbors, making GNNs
inherently scalable and well-suited for decentralized inference
in distributed edge deployments [103]. This mechanism also
grants GNNs topology-awareness and the ability to generalize
across different network sizes and structures, making them
robust under mobility, varying density, and topological shifts.
Furthermore, GNNs can seamlessly integrate with RL and FL,
enabling intelligent, privacy-preserving, and adaptive control
in highly dynamic environments.

Several specialized GNN architectures have emerged to
support diverse communication tasks. GCNs use spectral or
spatial convolutions for topology-aware feature propagation,
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while GATs assign adaptive weights to neighbors during
aggregation based on learned attention coefficients. MPNNs
generalize this paradigm and are widely applied in tasks such
as scheduling, routing, and power control. More recent models,
like SAGNN [134], leverage subgraph encoding for struc-
tural sensitivity, while the SACGNN framework captures dual
communication—sensing interactions for edge intelligence.

Beyond conventional GNNs, new graph-based model-
ing extensions are gaining traction. The multi-functional
time-expanded graph (MF-TEG) [135] framework enables
optimization across joint user association and service routing
in space—air—ground networks. Meanwhile, Hypergraph Neu-
ral Networks (HGNNs) generalize standard pairwise GNNs by
introducing hyperedges that connect multiple nodes simultane-
ously. This allows richer modeling of group-based interactions
such as coordinated multi-point transmission (CoMP), UE
clustering, and joint beamforming [136], thereby capturing
higher-order dependencies essential for distributed coordina-
tion in cell-free 6G networks.

Taken together, these developments illustrate why GNNs
have become an increasingly important learning tool for
wireless communications. To provide intuition on this evolu-
tion, Table III presents a representative pre-synergy overview
of GNN-based applications across wireless communication
tasks. Rather than aiming for exhaustive coverage, the table
illustrates the breadth of existing approaches and highlights
key technical directions in which GNNs have shown clear
promise (including resource management, physical-layer pro-
cessing, network intelligence, and emerging 6G enablers)
while emphasizing representative technical distinctions within
each sub-application. A more systematic and comprehensive
taxonomy, centered on the broader AI-GNN synergy perspec-
tive of this survey, is developed in the subsequent sections.

IV. ARCHITECTURAL SYNERGIES OF AI-GNNS
IN WIRELESS COMMUNICATION

Recent advances in Al and graph learning have revealed
promising synergies between GNNs and advanced Al
paradigms such as DRL, FL, meta-learning, and XAI. Rather
than serving as a universal solution, GNNs provide a struc-
tured modeling framework that is particularly effective when
relational dependencies, topology, and distributed interactions
play a central role.

In this context, hybrid AI-GNN models offer a flexible
approach to combining graph-based representation learning
with complementary Al techniques, enabling more adaptive,
scalable, and context-aware decision-making in wireless sys-
tems. This section presents a structured analysis of these
synergies, highlighting how such integrations can enhance
specific classes of wireless applications, particularly those
involving distributed control, partial observability, and strong
inter-node coupling.

A. DRL-GNN Synergy

The integration of GNNs with DRL enables topology-aware
sequential decision-making in wireless networks, where GNNs
capture relational structure and DRL handles uncertainty and

IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL. 28, 2026

dynamics. This combination is particularly effective in sce-
narios with strong interdependencies, but its advantages may
diminish when such structure is weak or can be approximated
by simpler models.

Figure 3 presents a high-level architecture of this syn-
ergy comprising two complementary modeling perspectives.
From a first perspective, each agent is represented as a node
in a graph, and edges denote communication or coordina-
tion links between agents. This interaction graph enables
agents to exchange information through GNN-based message
passing, facilitating cooperative policy learning under partial
observability.

From a second perspective, the wireless environment itself
can be represented as a graph, where nodes correspond to
network components such as base stations, UAVs, or users,
and edges capture physical or logical dependencies, including
interference, connectivity, or task coupling. This representation
allows GNNs to extract relational features that can enrich the
DRL state representation. The DRL agent then operates on this
structured representation to evaluate actions and their system-
level impact.

This hybrid formulation is particularly relevant for multi-
objective and distributed optimization problems, where local
decisions (e.g., power control or routing) influence globally
coupled performance metrics such as throughput, latency, and
energy efficiency.

1) Multi-Agent Coordination and Graph-Based DRL:
MARL has emerged as a key enabler for distributed decision-
making in wireless systems. However, conventional MARL
methods often face challenges related to scalability, non-
stationarity, and communication overhead. To address these
issues, recent research has explored the integration of GNNs
into MARL frameworks, leveraging their ability to model
interaction topologies among agents and support efficient
information exchange [137], [138], [139], [140].

A prominent line of work incorporates GNN-based com-
munication mechanisms within MARL to better capture
dynamic agent relationships. For instance, GNNComm-
MARL integrates GNNs for scalable communication in
partially observable environments, while dynamic graph con-
struction enhances generalization across varying topologies.
Permutation-invariant message-passing architectures further
enable efficient aggregation of neighborhood information,
improving coordination in scenarios such as UAV swarms and
cell-free MIMO [141], [142]. These studies suggest that graph
structures can provide useful inductive biases for decentralized
coordination, particularly in large-scale and dynamic networks.

Building on this idea, several works apply GNN-enhanced
MARL to specific wireless optimization tasks. In [143], GNN-
assisted MARL improves spectrum allocation by explicitly
modeling spatial dependencies among agents. Similarly, [144]
proposes a heterogeneous attention graph-based multi-agent
DRL algorithm that jointly optimizes access and resource allo-
cation, improving coordination among heterogeneous agents
and enhancing overall system performance.

Further extending these approaches, [145] introduces graph
reinforcement learning (GRL) for joint routing and resource
allocation in wireless ad hoc networks. Their decentralized,
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TABLE III

REPRESENTATIVE PRE-SYNERGY OVERVIEW OF GNN APPLICATIONS IN WIRELESS COMMUNICATION TASKS

Task Group Sub-Application

Representative Distinction

Representative
Works

Resource Management

Power Control & Resource
Allocation

Fairness/QoS Allocation

Link Scheduling

Task Scheduling &
Offloading

These works focus on topology-aware power control and generic radio
resource allocation over interference graphs. Their distinction lies in

learning scalable allocation policies that generalize across network sizes

and topologies, including domain-informed designs such as unrolled
optimization.

Unlike pure throughput maximization, these works explicitly

model user fairness, QoS, or utility trade-offs. GNN-based policies
exploit relational user—BS structure to balance performance across
heterogeneous users under practical constraints.

These works formulate interference-aware scheduling as a graph
problem, often related to MWIS-style selection. Their main distinction
is the use of message passing to learn contention-aware activation
policies beyond greedy heuristics.

In contrast to radio-only optimization, these works learn graph-aware
embeddings of tasks, servers, or network states for latency-sensitive
scheduling and offloading in heterogeneous IoT/edge systems.

[781-[82]

[83]

[84], [85]

[861-[89]

Physical Layer
Processing

Beamforming

NOMA Power Allocation

Precoding & Joint
Scheduling/Precoding

Hybrid Beamforming

MIMO Detection

Channel Decoding

These works include fully digital beamforming designs for MU-MISO,
MISO interference channels, and high-mobility scenarios such as high-
speed railway systems. Their main distinction is the use of message
passing to capture inter-user/inter-link coupling while enabling low-
complexity online inference.

These works specialize GNNs for non-orthogonal multiple access,
learning graph-aware power allocation policies that remain scalable
and efficient under strong interference coupling and user superposition
constraints.

These works target spatial signal design, often jointly with user
scheduling, and differ from generic resource allocation by directly
optimizing transmit-side PHY variables under channel-dependent
coupling.

These works explicitly model analog/digital beamforming structures,
including homogeneous and heterogeneous graph constructions for
mmWave systems, thereby improving scalability and adaptability in
large antenna arrays.

GNN-based detectors learn from interference or factor-graph structures
and differ from classical model-based detectors by generalizing across
antenna/user configurations with lower mismatch sensitivity.

These works apply learned message passing over code/factor graphs
and differ in the targeted code families and decoding strategies,
often improving convergence or adaptability over classical BP-based
decoders.

[90]-[93]

[94]

[871, [95]1-[99]

[100], [101]

[102]-[104]

[105]-[109]

Security & Reliability

Intrusion & Cybersecurity

Encrypted Traffic
Classification

Anomaly/Fault Detection

These works model structural dependencies in network, vehicular, or
protocol traffic graphs. Their distinction lies in combining topology-
aware anomaly signatures with limited-label learning for robust
intrusion and attack detection.

Compared with flow-statistics-based methods, these works construct
packet/flow interaction graphs to capture multi-scale communication
patterns, improving classification accuracy under encryption and traffic
obfuscation.

These studies differ in whether they emphasize spatio-temporal KPI
correlation, topology-aware failure prediction, or digital-twin-assisted
diagnosis, but all use GNNs to exploit relational dependencies for early
fault identification.

[110]-[114]

[112], [113]

[115], [116]

Network Management

Routing, Scheduling &
Control

Graph Representation &
Knowledge Modeling

These works learn scalable local or distributed control policies over
dynamic topologies. Their distinction lies in targeting routing, network
control, and topology-aware management decisions under varying
traffic and resource conditions.

Rather than directly optimizing radio variables, these works construct
compact graph embeddings of network state, context, or semantic
knowledge, enabling efficient information exchange and semantic-aware
communications.

[86], [117]-[119]

[120], [121]
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TABLE III
(Continued.) REPRESENTATIVE PRE-SYNERGY OVERVIEW OF GNN APPLICATIONS IN WIRELESS COMMUNICATION TASKS

RIS / Flexible &
Pinching Antennas
Emerging 6G
Enablers
beamforming.
Cell-Free /
Distributed MIMO

These works target reconfigurable propagation and emerging antenna paradigms
(e.g., RIS and pinching antennas). Their distinction lies in modeling interaction
structures such as element—user coupling, joint transceiver—RIS-relay optimization,
and antenna—channel coupling, enabling scalable learning of phase shifts and

These works model distributed AP-UE interactions as graphs and distinguish
themselves by enabling scalable coordination, power control, and inference across

[122]-[124]

[93], [101]

dense distributed MIMO architectures.

Integrated Sensing &
Communication

These works differ from communication-only optimization by jointly balancing
sensing and communication objectives, often using structured graph modeling or

[125], [126]

graph pruning to reduce the complexity of ISAC design.

Localization & Radio
Map Reconstruction

These works exploit spatial signal graphs for localization and radio map recon-
struction. Their distinction lies in learning geometry-aware signal relationships

[127]-[131]

from sparse CSI or spectrum observations to improve positioning accuracy and

propagation map completion.

Satellite / SAGIN
Networks

These works use distributed GNN policies for non-terrestrial and space—air—ground
integrated networks, enabling adaptive routing, handover, and load balancing through
locality-aware decision making.

[132], [133]
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Fig. 3. DRL-GNN synergy: agent-level and environment-level graph modelling perspectives.

hop-by-hop framework leverages graph representations to
capture irregular topologies and interference patterns, using
a GNN policy network to process variable-sized inputs
efficiently. The method demonstrates improved performance
compared to heuristic and conventional DRL baselines in
terms of throughput and connectivity.

Finally, [146] reduces the computational complexity of
DRL-based resource allocation by incorporating relational
priors such as topology awareness and permutation invariance.
By representing the system state as a graph and adopting
a graph-based Deep Deterministic Policy Gradient (DDPG),
the approach achieves comparable performance with faster
convergence and reduced overhead relative to standard DDPG
methods.

2) GNNs for Structured Decision-Making in Routing and
Trajectory Planning: Applications such as IoT routing, UAV
trajectory planning, and network slicing are inherently sequen-
tial and spatial, making them ideal for DRL frameworks
enhanced by GNNs. In consumer-centric IoT, models like
SAG use GNNs to extract dynamic topological features
and integrate attention mechanisms with Soft Actor-Critic
(SAC) for intelligent routing decisions [147]. Hybrid models
combining GCNs with DRL significantly improve routing
convergence and resource efficiency [148]. In UAV systems,
GNNs enable energy-efficient and robust 3D localization
and multi-agent trajectory design, handling GNSS-denied and
disaster scenarios with improved coordination and system
utility [149], [150].
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3) GNNs in Satellite and Network Slicing Optimization:
In satellite networks, particularly LEO mega-constellations,
GNN-based DRL algorithms such as GRL-RR and GRLR
model spatially distributed nodes and inter-satellite links for
resilient and adaptive routing [151], [152]. GraphSAGE and
other GNN variants are used to capture topological dynamics
and feed delay-sensitive features into DRL agents [153].
In network slicing, FGRCNN and GAT-based frameworks
dynamically orchestrate resources across time-varying graph
structures, improving slice embedding accuracy, service qual-
ity, and embedding efficiency [154], [155].

4) Caching, Scheduling, and Task Offloading: GNN-based
DRL frameworks are also applied in cooperative caching and
content distribution, with GATs and dueling DQNs improving
video selection and edge caching latency [156], [157]. In task
offioading, works like EMDTORA and GCP-DDPG utilize
GNN s to model task dependency graphs and inform DRL deci-
sions under dynamic network loads [158], [159]. Other efforts
use GNNs to learn topological embeddings for multi-agent
optimization of task offloading and service utility [160], [161].

5) Spectrum Access, Scheduling, and Network Orches-
tration: For spectrum allocation, interference-aware GRL
frameworks model device interactions as hypergraphs or
dynamic topologies [162], [163]. In TSN and UAV scheduling,
GATs and GCNs capture spatial-temporal relationships for
delay-aware resource management [164], [165]. Models like
GRLinQ and GROM apply GRL to optimize link scheduling,
routing, and virtual network function (VNF) placement in
dynamic topologies [166], [167]. In this direction, [145], [146]
further enhance dynamic spectrum access and reduce DRL
complexity using topology-aware policy design, demonstrating
strong throughput and latency performance in decentralized
and multi-hop environments.

B. Federated Learning-GNN Synergy

As wireless networks evolve toward decentralized and
privacy-aware architectures, FL has emerged as an effective
framework for distributed learning. FL enables edge devices
to collaboratively train global models without exchanging raw
data, thereby preserving user privacy and reducing reliance
on centralized data collection. However, conventional FL
faces several practical challenges, including communication
overhead, device heterogeneity, and scalability limitations,
which become more pronounced in dynamic and resource-
constrained wireless environments.

Recent studies have explored the integration of GNNs into
FL frameworks, leading to what is commonly referred to
as graph-based federated learning (FGL). In this context,
GNNs provide a structured way to model relationships among
devices, data distributions, or network topology, enabling
more informed aggregation and collaboration strategies. In
particular, graph representations can help capture non-IID
data correlations, spatial dependencies, and connectivity pat-
terns, which are not explicitly considered in conventional
FL. As a result, FGL can improve coordination efficiency
and model robustness in scenarios where relational struc-
ture plays a significant role. However, these benefits are
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application-dependent and may introduce additional complex-
ity in graph construction and maintenance.

Figure 4 illustrates a representative architecture of an
FGL system. Each device trains a local GNN on its private
data, where nodes and edges encode device-specific features
and relational dependencies. Local model updates are then
transmitted through a secure sharing layer, ensuring privacy-
preserving communication. A central server aggregates these
updates to construct a global model and coordinate the learning
process. From a system perspective, FGL can also support
adaptive collaboration strategies, synchronization policies, and
resource-aware learning, for example by adjusting aggregation
frequency to meet latency constraints or by balancing commu-
nication and computation in resource-limited environments.

1) Privacy, Security, and Efficiency: Several recent studies
focus on enhancing privacy and efficiency in GNN-based FL
frameworks. Techniques such as FedGAT and differentially
private GNNs are designed to mitigate inference leakage
risks in wireless networks by embedding privacy guarantees
during model updates [168], [169]. Lightweight frameworks,
including LW-FGL and JC3ES, introduce cost-aware com-
munication bottlenecks and dynamic collaboration strategies
tailored for time-sensitive applications like UAV networks
and semi-supervised edge learning [170], [171]. Additionally,
energy-efficient FGL methods exploit graph-driven feature
and neighbor selection to minimize power consumption
and reduce computational overhead during training and
transmission [172], [173].

In FGL, data security and user privacy are strengthened
by graph-aware defenses layered on standard FL protections:
clients keep raw nodes/edges local while sharing only masked
statistics or model deltas; cryptographic secure aggregation
makes the server learn only sums, thwarting single-client gra-
dient/embedding inspection and improving robustness when
combined with backdoor-detectability checks [174], [175]; dif-
ferential privacy (central or local) perturbs structure-revealing
signals (e.g., neighbor embeddings, message-passing mes-
sages) with calibrated noise to bound graph/attribute leakage
[176]; and graph-specific designs restrict what structural
evidence is exposed, e.g., training on privacy-preserving
ego-graphs or subgraph views and exchanging obfuscated
summaries rather than adjacencies, which mitigates topology
disclosure and supports heterogeneous clients [177], [178].
Such mechanisms end-to-end for graphs, covering attack
surfaces (membership/link/attribute inference) and reporting
that, with careful noise/aggregation choices, FGL can retain
strong utility on tasks like recommendation and traffic pre-
diction while materially reducing leakage in decentralized
settings [179].

2) Heterogeneity, Scalability, and Orchestration: To handle
data and resource heterogeneity, hierarchical FGL systems
incorporate graph-based orchestration techniques that jointly
optimize client selection, resource allocation, and schedul-
ing [123], [180]. In large-scale deployments, techniques
such as GNN-enhanced over-the-air computation (AirComp)
improve scalability and robustness by enabling direct model
aggregation in the wireless medium, reducing latency and
communication costs [181]. These advancements make FGL a
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Fig. 4. Synergy between FL and GNNs. GNNs operate either as local, structure-aware models within federated learning or as coordination layers that adapt
communication topology and collaboration strategies to optimize latency, energy efficiency, and task performance.

viable solution for next-generation networks requiring secure,
efficient, and scalable learning across distributed and dynamic
environments. FL. enhances privacy and decentralization in
Al models but faces challenges in communication overhead,
heterogeneity, and limited scalability. The GNN-FL synergy
enables structure-aware and communication-efficient collabo-
ration among edge devices [181], [182], [183].

C. Meta Learning and Graph-Based Generalization

Graph meta-learning (GML) provides a flexible frame-
work for adapting models under non-stationary conditions
and limited data availability, which are common in wireless
environments. By combining GNN-based relational represen-
tations with meta-learning strategies, these approaches aim to
improve generalization across varying network topologies and
task distributions.

For instance, works such as MetaGraphLoc and hybrid-
task meta-learning demonstrate improved adaptability for
localization and bandwidth allocation across heterogeneous
environments [75], [184]. Similarly, task offloading in SAGIN
and dynamic MEC scenarios has been explored using GNN-
based meta-models to enable rapid policy adaptation under
changing system conditions [185]. In [186], a meta-learned
GNN for power control employs a Random Edge GNN
(REGNN) combined with modular meta-learning to facilitate
efficient fine-tuning across different network topologies with
limited training data.

Overall, these studies suggest that integrating GNNs with
meta-learning can improve adaptability in scenarios character-
ized by structural variability and data scarcity. However, the
effectiveness of such approaches depends on the availability
of representative meta-training tasks and may involve addi-
tional training complexity compared to conventional learning
frameworks.

D. Generative Ai-GNN Synergy

Recent studies have explored the integration of GNNs
with generative Al techniques, including VAEs, GANs, and

denoising diffusion models, to address wireless networking
problems in a data-driven manner [187]. In this context,
GNN s are used to encode relational structure in wireless data,
enabling generative models to produce synthetic network states
or candidate solutions that reflect underlying dependencies
and uncertainties. Such approaches are particularly relevant in
scenarios where data is scarce, expensive to obtain, or highly
variable.

Generative diffusion models (GDMs), in particular, have
attracted attention due to their robustness and stable training
behavior [188]. These models have been applied across mul-
tiple layers of wireless systems, from physical-layer signal
modeling to higher-layer network optimization, to generate
representative data samples for system design and evaluation
[189]. When combined with GNNs, diffusion models can
incorporate topology-aware information, enabling the genera-
tion of structured outputs such as resource allocation patterns
or network configurations. However, these benefits come at the
cost of increased computational complexity and may require
careful design to ensure scalability in large networks.

One example is the use of GNN-parameterized diffusion
models for wireless resource optimization [190]. In this
approach, a diffusion model is trained to approximate an expert
policy by generating feasible resource allocation patterns from
noise, while the GNN backbone encodes graph-structured rela-
tionships such as interference or user association [191]. This
combination allows the model to produce candidate solutions
that are consistent with network structure and can generalize
across different topologies. Nevertheless, performance depends
on the quality of the training data and the underlying expert
policy.

More broadly, graph-based generative models have been
proposed to produce graph-structured data representations for
wireless systems [192]. These approaches adapt generative
processes to structured domains by encoding network states as
graph signals and sampling new configurations using GNNs
or graph transformers. While such methods offer a flexi-
ble framework for simulation and scenario generation, their
practical deployment in real-time wireless systems remains



RAHMANI GHOURTANI et al.: HYBRID GNN-CENTRIC ARCHITECTURES

an open challenge due to latency, scalability, and reliability
considerations.

E. Mixture-of-Experts (MoE)-GNN Synergy

The integration of MoE with GNNs offers a principled
approach to scaling graph-based learning under the hetero-
geneity and dynamicity of wireless systems. Unlike monolithic
GNNs, MoE architectures introduce multiple expert subnet-
works together with a routing mechanism that selectively
activates only a subset of experts per input, enabling condi-
tional computation and improved model capacity [193], [194].

A key challenge in MoE-GNN design is determining
the granularity of expert routing. Recent work on Graph
Mixture-of-Experts (GMoE) demonstrates that routing can
be performed at the node level, allowing each node to
dynamically select aggregation experts based on its local struc-
tural context [195]. This is particularly relevant for wireless
networks, where heterogeneity is inherently localized. For
example, nodes corresponding to users at the cell edge, dense
interference regions, or highly mobile clusters may require
fundamentally different aggregation behaviors compared to
more stable or sparsely connected regions. By enabling node-
wise expert selection, MOE-GNN architectures can adapt to
such spatial and temporal variations more effectively than
globally shared models.

From a modeling perspective, MOE-GNN enables expert
specialization over graph structural diversity. In GMoE, differ-
ent experts are designed with distinct inductive biases, such as
varying aggregation ranges (e.g., hop-1 versus hop-2 message
passing), allowing the model to capture both local and long-
range dependencies within a unified architecture [196]. This
is particularly important in wireless systems, where some
tasks (e.g., local interference management) require short-range
interactions, while others (e.g., coordinated beamforming or
cell-free processing) depend on long-range coupling. Such
diversity-aware modeling aligns naturally with the multi-scale
and heterogeneous nature of wireless graphs.

However, the effectiveness of MoE—-GNN critically depends
on the design of the routing mechanism. In practice, routing
is typically implemented via a gating network that maps node
embeddings to expert selection scores, often using top-k sparse
activation strategies [194]. In dynamic wireless environments,
this gating function must adapt not only to static topology
features but also to time-varying conditions such as traffic
demand, mobility patterns, and interference fluctuations. This
introduces additional challenges in maintaining stable and
consistent expert assignments over time.

Beyond routing, expert load balancing emerges as a fun-
damental challenge. As shown in recent MoE and GMoE
studies, naive training may lead to expert collapse, where
only a small subset of experts is consistently selected due
to self-reinforcing feedback in the routing mechanism [197].
To address this, explicit balancing objectives are introduced,
including importance-based regularization to equalize expert
contribution and load-based constraints to ensure uniform
selection probability across experts. These mechanisms are
essential to prevent over-utilization of certain experts and
under-training of others.
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In wireless networks, load balancing is further complicated
by non-uniform and time-varying graph distributions. For
instance, hotspot formation, bursty traffic, or mobility-induced
topology changes may cause large portions of the graph
to be routed to the same experts, leading to computational
bottlenecks and increased latency. Therefore, routing policies
in MoE-GNN systems should not only optimize prediction
performance but also account for system-level metrics such as
expert utilization, latency, and communication overhead [195].

From a system perspective, MOE-GNN architectures can
be interpreted as distributed, topology-aware processing
frameworks. Experts may be deployed across edge nodes,
base stations, or centralized controllers, while the routing
mechanism determines how graph regions are assigned to
different computational units. This raises several practical
considerations, including synchronization of expert updates,
communication overhead for routing decisions, and adaptation
frequency under dynamic network conditions. Consequently,
the benefits of MoE—-GNN are most pronounced in large-scale,
heterogeneous, and highly dynamic environments, whereas in
smaller or more stationary networks, the additional architec-
tural complexity may outweigh the gains [198].

Recent studies provide important building blocks toward
practical MoE-GNN design in graph-structured and dynamic
environments. Complementary works explore additional
dimensions of expert design and efficiency. Depth-adaptive
MoE distributes expert capacity across network depth to bal-
ance expressiveness and computational cost in graph models
[199], [200], while spatio-temporal MoE frameworks demon-
strate that modular expert design can effectively capture
temporal dynamics under non-stationary data regimes [201].
In parallel, movement-aware GNN approaches highlight the
importance of selectively modeling spatial dynamics in time-
varying networks [202].

Taken together, these developments indicate that the effec-
tiveness of MoE-GNN systems is governed by the joint
design of (i) routing granularity (e.g., node-level versus
graph-level), (ii) expert specialization (e.g., structural scale,
temporal dynamics, or task-specific behavior), and (iii) load
balancing mechanisms under dynamic and non-uniform graph
distributions. Aligning these components with the structural
and temporal characteristics of wireless networks remains a
key requirement for achieving scalable, efficient, and robust
learning in practical deployments.

F. World Models—GNN Synergy

World models aim to learn compact, predictive represen-
tations of dynamic environments by modeling latent state
transitions and enabling forward simulation of system evolu-
tion [203]. Formally, a world model encodes observations into
a latent state z; and learns a transition function p(z,+1 | 2, ay),
where a; denotes the control action. This generative state-space
formulation enables agents to simulate future trajectories,
evaluate alternative decisions, and perform planning without
direct interaction with the physical system.

In wireless networks, such predictive capabilities are par-
ticularly valuable due to the highly dynamic and stochastic
nature of topology, traffic, and interference. Applications such
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as digital twin-assisted 6G, mobility-aware resource alloca-
tion, and proactive network slicing require models that can
anticipate system evolution rather than react to instantaneous
observations. Existing work, such as the causal semantic
communication framework in [204], demonstrates how world
models can capture environment dynamics through imitation
learning and causal abstraction. However, these approaches
typically lack explicit mechanisms to encode the relational
structure inherent in wireless systems.

GNNss provide a natural extension by embedding the under-
lying network topology into both the representation and
transition dynamics of the world model. Specifically, GNN-
based encoders can map graph-structured observations (e.g.,
user—base station associations, interference graphs, or traffic
flows) into latent states z;, while graph-based transition models
can capture how local interactions propagate through the
network over time. This enables the world model to learn
structured dynamics such as spatial interference coupling,
mobility-driven topology changes, and service dependencies
across distributed nodes. As a result, GNN-enhanced world
models can generalize across varying network sizes and con-
figurations, which is essential for scalable 6G deployments.

A key advantage of World Models—GNN synergy lies in
generative decision-making. By leveraging the learned transi-
tion model, the system can simulate multiple future trajectories
under different action sequences, enabling planning-based
control rather than purely reactive policies. For example, a
network controller can evaluate the long-term impact of can-
didate actions (e.g., power allocation, user association, or slice
reconfiguration) on performance metrics such as throughput,
latency, and energy efficiency. This is particularly relevant in
multi-objective and highly coupled wireless systems, where
local decisions have global consequences.

Crucially, this paradigm aligns naturally with the con-
trol architecture of O-RAN systems. In the near-real-time
RAN Intelligent Controller (near-RT RIC), xApps operate on
timescales of 10 ms to 1 s and make control decisions based on
streaming network telemetry. Integrating a GNN-based world
model into this loop enables a predictive control pipeline:
(1) telemetry data is encoded into a graph representation of
the network state, (ii) the world model predicts future latent
states under candidate actions, and (iii) the controller selects
actions that optimize long-term objectives based on simulated
outcomes. This effectively transforms the RIC from a reactive
controller into a model-based decision system capable of
anticipatory optimization.

Furthermore, the hierarchical structure of O-RAN allows
world models to be deployed at multiple timescales. Near-
RT RIC can utilize lightweight GNN-based predictors for
fast decision-making, while non-real-time RIC (non-RT RIC)
can host more complex generative models (e.g., diffusion or
sequence-based world models) for policy training, scenario
generation, and digital twin synchronization. This hierarchical
integration enables continuous learning and adaptation, where
offline-trained world models inform real-time control policies.

Despite these advantages, several challenges remain. Learn-
ing accurate and stable graph-based transition models under
partial observability and noisy measurements is non-trivial. In
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addition, the computational overhead of simulating multiple
future trajectories must be carefully managed to meet real-time
constraints. Finally, ensuring robustness under distribution
shifts, such as sudden traffic surges or topology disruptions,
requires continual adaptation mechanisms.

Overall, World Models—GNN synergy provides a principled
framework for integrating predictive, generative reasoning
into wireless network control. By combining graph-structured
representation learning with latent state-space modeling, this
approach enables scalable, topology-aware, and anticipatory
decision-making, aligning closely with the vision of Al-native
6G and intelligent O-RAN architectures.

G. Toward Unified Intelligence

A key frontier in 6G lies in fusing GNNs with DRL, FL,
GNN, MOoE, and meta learning into unified frameworks that
enable adaptive, decentralized, and cross-layer intelligence.
These hybrid models aim to enhance learning efficiency,
scalability, and responsiveness in dynamic environments.

Recent efforts exemplify this trend. CFGRL integrates DRL,
FL, and GNNs for edge caching under dynamic demands
with distributed privacy preservation [205], while FLAG-
VNE combines curriculum learning with GNN-based RL for
robust virtual network embedding [206]. Multi-layer graph
abstractions have also been used to model complex systems
like satellite—terrestrial networks for scalable traffic engineer-
ing and function placement [207]. Temporal GNNs such
as LDP-STG incorporate local differential privacy to track
dynamic mobility and traffic patterns [208]. Domain-informed
designs like deep graph unfolding embed structural priors
to improve convergence and robustness in decoding, power
control, and interference mitigation tasks [209], [210], [211],
[212]. These developments highlight a shift toward Al-native
infrastructures, where GNNs, enhanced by advanced Al, serve
as core engines for intelligent, resilient, and self-optimizing
6G networks.

V. AI-GNNS FOR KEY 6G TECHNOLOGIES

6G is widely envisioned as a shift toward more
Al-integrated wireless systems, where learning and inference
are increasingly embedded across network architectures, con-
trol loops, and protocol layers to enable more autonomous
and adaptive operation. To support emerging applications
such as holographic telepresence, XR, and Industry 4.0, core
technology domains under investigation include intelligent
RAN, advanced MIMO with integrated sensing, reconfigurable
intelligent surfaces, edge Al, advanced traffic control, het-
erogeneous coordination, and network DTs. These domains
involve large-scale, dynamic, and interdependent relationships
among network entities, where graph-based representations,
and in particular GNN-based models, offer a natural and
effective way to capture relational dependencies and support
data-driven optimization.

Alongside these core technologies, next-generation network
architectures such as O-RAN provide practical frameworks
for realizing Al-driven operation through disaggregation, vir-
tualization, and open interfaces. While O-RAN is not itself
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a 6G study item, it serves as a representative architectural
platform for investigating challenges anticipated in future
systems, including distributed intelligence, real-time control,
and cross-domain coordination. In parallel, recent 3GPP efforts
in Rel-19/20, particularly on Al-native RAN and ISAC, high-
light the growing role of learning-based and topology-aware
methods in next-generation wireless networks [213].

Within this context, this section examines how GNN-based
and GNN-enhanced AI architectures can support selected
6G technology domains and emerging network frameworks.
Rather than assuming GNNs as a universal solution, we
focus on scenarios where their relational inductive bias pro-
vides clear advantages, while also recognizing that alternative
modeling approaches may be more suitable in other settings
(see Fig. 5).

A. Next-Generation Network Architectures: O-RAN

The O-RAN architecture exemplifies next-generation wire-
less network design based on disaggregation, virtualization,
and open interfaces. By decomposing the RAN into modular
components (e.g., radio, distributed, and centralized units)
and virtualizing their functions on commodity hardware,
O-RAN enables programmability and flexible deployment
[47]. Its RAN Intelligent Controllers (RICs) further support
closed-loop optimization and data-driven control.

Although O-RAN is not itself a 6G study item, its archi-
tectural characteristics closely align with the requirements
envisioned for future 6G systems, such as distributed intel-
ligence, scalable coordination, and low-latency control. In this
context, O-RAN provides a practical and extensible platform
for deploying GNN-centric Al frameworks. Importantly, the
challenges encountered in O-RAN, such as partial observ-
ability, coordination across disaggregated components, and
real-time constraints, are representative of those faced by
next-generation and future 6G network architectures [214].
Accordingly, we use O-RAN as an illustrative case to examine
how GNN-based intelligence can enhance control, orchestra-
tion, and decision-making in programmable wireless systems.
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Although O-RAN is not itself a 6G study item, its archi-
tectural characteristics closely align with the requirements
envisioned for future 6G systems, such as distributed intel-
ligence, scalable coordination, and low-latency control. In this
context, O-RAN provides a practical and extensible platform
for deploying Al-driven frameworks, including GNN-based
approaches where relational modeling is beneficial. Impor-
tantly, the challenges encountered in O-RAN, such as partial
observability, coordination across disaggregated components,
and real-time constraints, are representative of those faced by
next-generation and future 6G network architectures [214].
Accordingly, we use O-RAN as an illustrative case to examine
how GNN-based intelligence can enhance control, orchestra-
tion, and decision-making in programmable wireless systems.

1) Ai-GNN for RAN Slicing and Admission: RAN slic-
ing involves allocating RAN resources to multiple network
slices with diverse QoS requirements, and admission control
decides whether to accept new slice requests under resource
constraints. Conventional approaches (e.g., heuristics or static
resource partitioning) are often suboptimal, and early ML
solutions using DRL required retraining for each network
topology change [215].

GNN-based methods provide an alternative by encoding the
RAN as a graph and learning policies that can generalize
across different network deployments. For example, a recent
work uses a multi-agent DRL framework with GATs to
jointly perform slicing and admission decisions [216]. The
graph-based agents were topology-independent and operated
on arbitrary RAN graphs, achieving improved performance
(e.g., up to ~35% higher long-term revenue compared to
heuristic slicing and about 20% improvement over non-GNN-
DRL baselines). Notably, the GNN-enabled agents maintained
strong performance on unseen network scenarios without
retraining, indicating improved generalization compared to
classical approaches.

2) Ai-GNN for Conflict Detection: The deployment of
multiple xApps within the Near-RT RIC introduces the risk
of policy conflicts, where independently developed control
applications operate on overlapping parameters or influence
shared KPIs. While conflict management in O-RAN has tra-
ditionally relied on rule-based mechanisms or static profiling,
recent studies indicate that graph-based learning provides a
more expressive and scalable abstraction for capturing the
complex and often hidden interdependencies among xApps,
control parameters, and KPIs.

Early graph-centric approaches model conflict relationships
explicitly but assume that all dependencies are known a
priori. To overcome this limitation, Zolghadr et al. propose
a data-driven GNN-based framework that reconstructs con-
flict graphs by learning latent relationships between XxApps,
parameters, and KPIs from operational data using inductive
message passing (GraphSAGE) [217]. Their approach enables
the identification of direct, indirect, and implicit conflicts
without relying on exhaustive sandbox testing, demonstrating
the suitability of GNNs for uncovering non-obvious conflict
structures in dynamic O-RAN environments.

Building on this line of work, Shami et al. introduce
GRACE, a GCN-based framework that explicitly models
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xApps, KPIs, and control parameters as a heterogeneous
graph to detect policy conflicts in Near-RT RIC deployments
[218]. By leveraging relational message passing, GRACE
detects direct, indirect, and implicit conflicts and achieves high
accuracy on real O-RAN logs, highlighting the generalization
advantages of graph-based reasoning over handcrafted rules.

More recently, complementary perspectives have emerged
that combine graph representations with explainable learning
and causal reasoning. Sharma et al. propose a framework that
integrates explainable ML and causal inference to evaluate the
impact of conflicting control parameters on KPIs, representing
xApp interactions as causal graphs rather than static con-
flict rules [219]. Although not purely GNN-based, this work
reinforces the importance of structured relational modeling
for conflict analysis and points toward hybrid graph—causal
frameworks for trustworthy conflict management.

Overall, these works highlight the potential of graph-
based abstractions for capturing complex interdependencies in
O-RAN systems. However, given the evolving nature of
this problem space, hybrid approaches incorporating causal
inference or explainable models may complement GNN-based
methods depending on system requirements.

3) Ai-GNN for Configuration Recommendation and
Anomaly Detection: Manual configuration and diagnosis of
large-scale RANs remain challenging due to the system’s
high dimensionality, heterogeneity, and evolving dynamics.
Traditional rule-based and statistical approaches often lack
adaptability to context drift or unforeseen interactions between
parameters. While GNN-based solutions for configuration
management are still in their early stages, several recent works
indicate their potential for enhancing RAN self-optimization,
particularly in scenarios where relational dependencies
between network entities play a central role.

Piroti et al. [220] proposed a Siamese GNN that learns
embeddings from historical configuration and performance
data to identify similar “healthy” configurations. By capturing
structural relationships across network states, this approach
improves KPI compliance and robustness to drift, enabling
proactive recommendations and anomaly detection without
extensive retraining.

Recent advancements have explored the integration of
GNNs with Generative Al for RAN automation. The GNG-
OTA framework [221] introduces a GNN-based diagnostic
graph combined with generative learning to simulate and
evaluate misconfigurations in Open RAN. By modeling KPI
propagation across the network, it enables interpretable root-
cause analysis and enhances test automation capabilities across
multi-vendor environments.

Additionally, a hybrid framework integrating GNNs and
large language models (LLMs) has been proposed for con-
figuration verification in 6G-oriented O-RAN systems [222].
In this approach, the GNN component models the structural
relationships within the RAN, while the LLM interprets textual
configuration intents, bridging the gap between human-defined
policies and machine-level automation. This pipeline facili-
tates natural language-based configuration audits and intel-
ligent policy enforcement, supporting the broader vision of
zero-touch network management.
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Taken together, these works suggest that GNN-based
approaches can serve as a valuable component in scalable
and interpretable RAN configuration and diagnostics, partic-
ularly when combined with complementary Al techniques.
At the same time, their effectiveness depends on the extent
to which network behaviors can be meaningfully represented
as relational structures, and alternative modeling approaches
may be more suitable in scenarios where such structure is less
pronounced.

B. Advanced MIMO and Reconfigurable Intelligent Surfaces

Advanced MIMO technologies, including mMIMO, cell-
free massive MIMO (CFmMIMO), extremely large aperture
arrays, and holographic MIMO, are widely recognized as
key enablers of future wireless systems [45], [223]. These
architectures aim to exploit spatial degrees of freedom at
an unprecedented scale, offering significant gains in spectral
efficiency, energy efficiency, and user-centric connectivity.
However, their inherently large-scale and distributed nature
introduces substantial challenges in channel estimation, beam-
forming, interference management, and resource allocation.
Traditional optimization-based and model-driven solutions
often face limitations in scalability, adaptability, and real-time
responsiveness. In this context, graph-based representations
(in particular, GNN-based learning) provide a promising
framework for capturing the structured interactions in MIMO
systems and enabling data-driven optimization where such
relational structure is prominent.

1) Advanced MIMO: Recent research has explored the use
of GNNs to address high-dimensional optimization challenges
in advanced MIMO architectures such as CF-mMIMO. Unlike
conventional optimization or heuristic beamforming strate-
gies, these approaches leverage the graph-structured nature of
wireless networks to capture interdependencies among access
points (APs), User Equipmentss (UEss), and environmental
factors, enabling scalable and low-complexity approximations
of otherwise intractable problems.

In the context of ISAC-enabled CF-MIMO, heteroge-
neous GNN frameworks have been investigated for joint
beamforming design. For instance, [224] and [225] employ
heterogeneous GNN architectures to jointly optimize com-
munication and sensing performance, demonstrating that such
models can balance spectral efficiency and sensing accuracy
while reducing reliance on iterative optimization. These works
suggest that explicitly modeling structural heterogeneity in
the network graph can improve representation capacity and
generalization across deployment scenarios.

For resource allocation and power control, several studies
indicate that GNNs can approximate solutions to complex
combinatorial optimization problems. Parlier et al. [226]
formulate optimal linear precoding (OLP) in CF-mMIMO
as a node-level prediction task, enabling the GNN to
learn dependencies between APs and UEs under practical
latency constraints. Similarly, CF-HGNN [227] and distributed
approaches such as [228] demonstrate that scalable GNN
architectures can support power allocation and user assignment
in large-scale CF-mMIMO systems with competitive perfor-
mance and reduced computational complexity.
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Lightweight and hybrid architectures have also been
explored to improve deployment feasibility. The multi-head
single-body GNN (MHSB-GNN) proposed in [229] incor-
porates UE-specific updates and prior information to jointly
address AP selection and beamforming based on local CSI,
offering favorable performance—complexity trade-offs. In addi-
tion, model-driven approaches such as [230] combine domain
knowledge with data-driven GNN inference, highlighting the
potential of hybrid designs in satellite—terrestrial CF-MIMO
systems. Collectively, these studies indicate that GNN-based
methods can support distributed and adaptive optimization in
advanced MIMO settings, particularly when relational interac-
tions dominate system behavior.

2) Reconfigurable Intelligent Surfaces: In parallel,
GNN-based learning frameworks have been explored for
RIS-assisted communications, where the interactions
between active transceivers and passive reflecting elements
naturally form graph structures. By embedding both
geometric and channel-dependent relationships into graph
representations, these approaches enable scalable optimization
of beamforming, resource allocation, and channel estimation
in complex environments.

Heterogeneous and attention-based GNN architectures are
commonly adopted in this domain due to their ability to cap-
ture diverse and dynamic relationships among RIS elements,
users, and base stations. For example, the Meta-path-based
Heterogeneous Graph-Transformer Network (MHGphormer)
[231] bypasses explicit channel estimation by directly mapping
user and environmental features to optimized configurations in
RIS-aided THz MU-MIMO systems. Its permutation-invariant
design supports varying user densities and sub-band alloca-
tions, demonstrating robust performance improvements over
classical baselines.

Beyond sum-rate optimization, energy-efficient and dis-
tributed solutions have also been investigated. In [232],
a GNN-based model learns rate-splitting multiple-access
(RSMA) beamforming and power allocation strategies from
channel conditions, showing improved energy efficiency and
robustness under imperfect CSI compared to DNN baselines.
Similarly, [233] integrates heterogeneous GNNs into the joint
optimization of active and passive beamforming for STAR-
RIS systems, illustrating scalable performance gains under
practical constraints.

Unsupervised and attention-based methods further reduce
reliance on labeled data and improve adaptability. Works such
as [234] employ graph attention mechanisms for precoding
design by modeling spatial relationships among RIS elements.
In addition, graph-based spatial learning has been applied to
channel extrapolation and RIS configuration: [235] uses GCNs
with pruning to reduce CSI acquisition overhead, while [236]
develops region-specific GNN training for RIS placement and
large-scale channel prediction.

GNN-based approaches provide a scalable framework for
RIS-assisted systems, particularly when spatial and struc-
tural dependencies are prominent. However, their performance
depends on the quality of graph representations, and hybrid or
model-driven methods may be preferable in scenarios with
limited structural regularity.
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C. Edge Computing and Distributed Ai

Edge computing is widely considered a key architectural
component of future 6G systems, enabling the decentraliza-
tion of computation, storage, and intelligence closer to base
stations, access points, and end devices [237]. This paradigm
supports ultra-low latency, context-aware processing, and real-
time analytics, which are important for applications such
as XR, industrial automation, autonomous systems, and the
tactile internet [238]. However, the highly dynamic, heteroge-
neous, and resource-constrained nature of edge environments
introduces significant challenges in computation offloading,
resource orchestration, and mobility management.

Recent advances in machine learning, particularly GNNs,
provide a promising framework for addressing these chal-
lenges in scenarios where relational structure plays a dominant
role. By modeling dependencies across devices, servers, and
tasks, GNNs enable topology-aware learning over task graphs,
server connectivity, and device interactions. In this section,
we examine how GNN-based approaches, often combined
with DRL, can support distributed intelligence across MEC
infrastructures, while also highlighting the conditions under
which such methods are most effective.

1) Task Offloading and Scheduling in MEC: MEC brings
computational capabilities closer to the UEs, enabling low-
latency support for compute-intensive and delay-sensitive
IoT applications [46], [239]. In many settings, user tasks
can be represented as directed acyclic graphs (DAGs),
where nodes denote computational tasks and edges capture
dependencies. GNNs are naturally suited to process such
structures, enabling data-driven offloading and scheduling
strategies that account for both task dependencies and network
topology.

Several studies have explored DRL-GNN frameworks for
joint task offloading and resource management. For instance,
[240] proposes GNNPPO and GNN-MRL, which integrate
GNN-based state representations with reinforcement learning
to adapt to varying edge conditions, including changing band-
width, node density, and computational capacity. Similarly,
[241] introduces Multi-order Graph Neural Reinforcement
Learning (M-GNRL), which captures higher-order spatial
correlations through multi-hop aggregation and edge embed-
dings. These results suggest that GNN-based policies can
improve adaptability and generalization in structured MEC
environments, particularly when task dependencies and net-
work topology are tightly coupled.

2) Collaborative and Cooperative Offloading: In cooper-
ative edge scenarios, where multiple agents share resources
and coordinate decisions, GNNs provide a natural mech-
anism for modeling inter-agent relationships. For example,
[242] proposes a Cooperative Offloading for Terminal Clusters
(CO-TC) framework for mobile VR systems, combining multi-
agent reinforcement learning with graph-based embeddings
to jointly optimize task distribution and resource utilization
under QoS constraints. Similarly, TransEdge [243] leverages
a GNN-based DRL policy to capture spatial dependen-
cies in transportation-edge networks, enabling adaptive node
assignment and collaborative offloading.
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These approaches demonstrate that GNN-based representa-
tions can facilitate distributed decision-making in multi-agent
environments. However, their effectiveness depends on the
stability of inter-agent relationships and the availability of reli-
able topology information, which may vary across deployment
scenarios.

3) Traffic-Aware  Resource  Allocation:  Traffic-aware
resource allocation is critical for edge intelligence in
vehicular networks and smart city applications. GNN-based
temporal models have been explored to capture spatiotemporal
traffic dynamics and support proactive resource management.
Jiang et al. [244] propose TFFTO, which combines GAT-based
traffic prediction with game-theoretic offloading strategies
to adapt resource allocation based on predicted demand.
Similarly, Song et al. [245] employ a GAT-based temporal
graph model enhanced with transformer layers to predict
next-day traffic volumes, outperforming traditional time-series
approaches.

Ali et al. [246] further introduce DMFGNet, which incorpo-
rates a Spatio-Temporal Attention Unit (STAU) to dynamically
weight spatial and temporal dependencies. These studies
indicate that GNN-based models can enhance traffic-aware
decision-making, particularly when spatial correlations and
temporal patterns are strongly coupled.

4) Topology-Aware Resource Slicing and State Estimation:
Highly dynamic MEC environments, such as space-air-ground
integrated networks (SAGIN), require adaptive resource slicing
under partial observability and time-varying connectivity. In
this context, [247] proposes an MPNN-based model to esti-
mate hidden system states, which are then integrated with
online ADMM for distributed resource allocation with con-
vergence guarantees. In addition, [248] introduces Distributed
Hierarchical Temporal Graph Learning (DHTGL), which com-
bines hierarchical temporal modeling with graph attention to
extract spatiotemporal features while reducing communication
overhead.

These works suggest that GNN-based state estimation and
topology-aware learning can support distributed optimization
in dynamic environments. However, their performance is influ-
enced by the accuracy of graph construction and the timeliness
of state updates, which remain practical challenges in rapidly
changing networks.

5) Clustering and Edge Intelligence in Vehicular Networks:
GNNs have also been applied to clustering and edge formation
in vehicular networks, where topology evolves rapidly due to
mobility. For example, [249] proposes a GNN-based cluster-
ing framework that captures temporal, spatial, and functional
patterns to enable adaptive edge formation. Such approaches
highlight the potential of GNNs for maintaining efficient
connectivity structures in highly dynamic environments.

6) Edge Intelligence in SAGIN Architectures: In SAGIN
systems, the integration of satellite, aerial, and terrestrial
networks introduces additional heterogeneity and resource
constraints. The DRCAM framework [250] leverages knowl-
edge graphs and DRL for computation offloading under
multi-dimensional constraints. While not explicitly GNN-
based, this line of work indicates that incorporating graph
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learning models could further enhance relational reasoning and
decision-making in such complex environments.

GNN-based methods enable topology-aware and distributed
decision-making in edge environments, especially for struc-
tured tasks such as task graphs and multi-agent coordination.
However, their practicality depends on topology stability,
graph construction overhead, and latency constraints, with
lightweight or hybrid solutions often better suited for highly
dynamic settings.

D. Traffic Prediction and Management

AI-GNNs provide a flexible framework for modeling net-
work dynamics, which is important for tasks such as traffic
prediction, QoS forecasting, encrypted traffic classification,
and network anomaly detection. These capabilities can sup-
port proactive resource management and improved robustness
under diverse 6G network conditions, particularly in scenarios
where spatial and temporal dependencies are strongly coupled.

In the domain of QoS prediction, frameworks such as
TPP-GNCEF integrate GNNs with collaborative filtering and
differential privacy to enable privacy-preserving inference in
IoT environments [251]. Similarly, QoSGNN models inter-
actions between users and services to provide scalable and
fair QoS predictions [252]. Time-aware approaches, such as
[253], combine contrastive learning with GCNs to capture
user—service—time dynamics, while more advanced models like
HCTN [254] incorporate hypergraph convolution and trans-
formers to address temporal sparsity. Additional frameworks,
including GACL [255], ChainNet [256], and LightningNet
[257], further demonstrate that graph-based learning can
improve prediction accuracy and scalability under structured
data conditions.

AI-GNNs have also been explored for encrypted traffic
classification and network security. TMC-GCN [258] mod-
els flow directionality for encrypted traffic classification,
while HGNN-ETC [259] captures byte-level temporal rela-
tions using high-dimensional graph representations. Similarly,
TB-Graph [260] and SAT-Net [261] employ attention-based
graph learning to enhance detection of malicious patterns,
and GAT-AD [262] applies attention mechanisms for anomaly
detection. These results suggest that graph-based represen-
tations can improve feature extraction in complex traffic
scenarios, although their effectiveness depends on the avail-
ability of sufficiently informative graph structures.

For spatio-temporal forecasting and delay prediction, GNN-
based models have been combined with attention mechanisms
and sequence models to capture multi-scale dependencies.
RouteNet-Attention [263] integrates attention into GNNs for
delay prediction, while GSSM [264] adopts a graph-based
state-space formulation to model base station interactions.
Hybrid architectures, such as [265], combine GCNs, trans-
formers, and temporal convolutional networks to improve
prediction accuracy in IoT traffic. In vehicular networks, IRNet
[266] and FineCDS [267] leverage spatio-temporal graph
learning for routing and content delivery, highlighting the role
of GNNs in dynamic and mobility-driven environments.

Beyond prediction, AI-GNN approaches have been applied
to traffic management and network control. GNNetSlice [268]
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enables real-time prediction of latency and reliability met-
rics for dynamic slice orchestration, while REGNN [269]
optimizes packet repetition in URLLC scenarios under
interference constraints. In fault detection, BAPT-FL [270]
combines GNNs with optimization techniques to localize
failures in optical networks. Traffic engineering frameworks
such as PathGNN [271] and RDG-TE [272] model routing
decisions using graph representations, enabling adaptive and
delay-aware optimization in SDN. Similar benefits have been
observed in MANETSs [273] and emerging vehicular applica-
tions such as eGAT [274], as well as in cognitive radio systems
using few-shot GNN learning [275].

E. Distributed Coordination in Heterogeneous Networks

AI-GNNs support scalable and adaptive coordination in
heterogeneous and ultra-dense wireless environments. Their
capacity to represent multi-layered and spatially distributed
relationships allows for optimized interference management,
energy efficiency, and cross-domain resource coordination.

Recent works demonstrate the applicability of GNN-based
methods to power control and interference-aware optimization.
For instance, OverGNN [276] employs high-order graph mes-
sage passing with unsupervised training for power allocation in
HUDNS, showing improved energy efficiency under structured
interference patterns. Similarly, Edge-GAT [277] models inter-
ference using typed edges in heterogeneous graphs, enabling
more expressive representations and improved generalization
across varying network densities.

Coordination across multiple frequency bands is facilitated
through hybrid beamforming schemes. HGNN-HBF [278]
models mmWave and sub-6 GHz links using residual attention
to guide beamforming. Branch-and-bound acceleration via
GNNs [279] significantly reduces the complexity of joint
antenna and beam selection while maintaining optimality. RIS-
GNN [280] offers a two-phase optimization process tailored
for RIS-assisted MISO systems, while HPE-Transformer [281]
provides an alternative approach grounded in permutation
equivariant (PE) DL for multicast beamforming.

User association and security also benefit from AI-GNN
methods. UserBeam-GNN [282] adapts association and beam
decisions for users across mmWave and sub-6 GHz systems,
improving throughput and system responsiveness. For secure
communications, SecGNN [283] applies semantic attention to
construct secure beamforming solutions adaptable to varied
system constraints.

Load balancing in heterogeneous networks is further
addressed by GNN-based models like the LiFi-WiFi archi-
tecture [284], which achieves high throughput and reduced
latency by adapting to variable access point and user con-
figurations. GFlow [285] merges in-band telemetry with
GNN-enhanced DRL to enable fine-grained multipath flow
scheduling in MPTCP, improving latency and throughput over
conventional methods and showcasing the potential of graph-
based Al for intelligent traffic engineering.

F. Digital-Twin
DTs have become central to managing the scale and
complexity of emerging 6G networks [286], [287]. Future
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applications such as extended reality and brain—computer
interfaces impose strict latency and reliability requirements
that traditional management cannot meet [287]. DTs address
this challenge by maintaining real-time virtual replicas of the
network, enabling intelligent analysis, prediction, and control
through AI and ML techniques.

GNNs naturally complement DTs by modelling relational
structures among nodes, links, and traffic flows. Integrating
GNNs into DT architectures enhances state representation
and predictive accuracy [288], [289], enabling proactive,
topology-aware control. For example, a GraphSAGE-based DT
improves self-optimization accuracy and convergence speed
by encoding node correlations [290], while TwinNet [291]
predicts key QoS metrics such as delay and jitter with
low error across varying topologies. GNN-powered DTs also
strengthen anomaly detection; a 6G edge DT uses flow delay
forecasting to identify degradations and trigger GNN-driven
reconfiguration [292].

Coupling GNNs with DRL further enables intelligent policy
learning within DT environments. In [286], a DT provides
predictive feedback for multi-agent DRL, jointly optimizing
sensing accuracy and offloading energy. In MEC systems,
DT-driven DRL frameworks improve task offloading efficiency
and revenue [293]. DTs have also been applied to network
slicing [294] and dynamic service placement [295], offering
faster adaptation and improved resource allocation.

To enhance generalization across dynamic 6G scenarios,
Transfer Learning (TL) and Multi-task Learning (MTL) have
been incorporated into DT designs. TL accelerates service
migration by reusing prior DRL policies rather than retraining
[295], while MTL-based DTs support multi-task driver behav-
ior analysis, improving overall accuracy [296]. These strategies
reduce overhead and speed up intelligent twin deployment.

Overall, GNNs and advanced Al techniques greatly amplify
the capabilities of next-generation DTs for 6G. They enable
high-fidelity modeling of network behavior, proactive detec-
tion of issues, and autonomous optimization, all in a
topology-aware manner that traditional flat models cannot
achieve. Importantly, these Al-driven twins enhance network
resilience (through self-healing and anomaly prediction [292]
and efficiency (through knowledge reuse and faster decision-
making [297]. As 6G networks move towards intent-based and
self-X (self-configuring, self-optimizing, self-repairing) oper-
ation, graph-based DTs are poised to become indispensable
tools for network operators, bridging the gap between com-
plex physical networks and intelligent automated management
systems.

Table IV summarizes representative works across these
domains by linking application tasks with their corresponding
AI-GNN architectures and practical roles.

VI. CHALLENGES IN INTEGRATING AI-GNNSs INTO 6G

The fusion of GNNs and advanced Al paradigms with 6G
wireless systems represents a transformative shift in network
intelligence, moving from peripheral optimization to deeply
embedded cognition. Unlike prior generations that relied on
largely modular control logic, 6G envisions intelligence as
a native, distributed, and context-aware capability spanning
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TABLE IV

COMPREHENSIVE SUMMARY OF AI-GNN ARCHITECTURES ACROSS KEY 6G TECHNOLOGY DOMAINS

Domain Task AI-GNN Paradigm Key Idea Practical Advantage Ref.
O-RAN / Intelligent RAN
RAN slicing Slicing + admission GNN + DRL Dynamic orchestration over time-varying  Improved slice embedding ac- [154]
graphs curacy
RAN slicing Slicing + admission GNN + DRL Graph-aware slice embedding over hetero-  Improved service quality and [155]
geneous RAN graph embedding accuracy
RAN slicing Slicing + admission GAT + MARL Topology-aware policy learning over RAN  Generalization across deploy- [216]
graphs ments; no retraining
Conflict Mgmt Causal conflict analysis ~ Graph + causal ML Model KPI interactions via causal graphs  Interpretability + root-cause [219]
insight
Config Mgmt Config recommenda-  Siamese GNN Learn similarity between “healthy” con-  Drift robustness, proactive op- [220]
tion figurations timization
Config Mgmt Misconfiguration diag-  GNN + Generative Al Simulate KPI propagation via diagnostic ~ Explainable root-cause analy- [221]
nosis graph sis
Config Mgmt Policy verification GNN + LLM Combine structural graph + textual intent  Natural language auditing, [222]
zero-touch management
Advanced MIMO / RIS
CF-MIMO Power allocation HGNN / distributed  Scalable resource allocation over AP-UE  Reduced complexity, [227]
GNN graph distributed operation
RIS Beamforming (THz  Heterogeneous Direct mapping without CSI estimation Robust to user density varia- [231]
MU-MIMO) attention-based GNN tions
STAR-RIS Precoding Unsupervised and  Optimize STAR-RIS configurations Scalable optimization [234]
attention-based
Edge Computing / MEC
MEC Task offloading GNN + DRL Task dependency graph modeling for  Energy-efficient multi-user of- [158]
energy-aware offloading floading
MEC Task offloading GNN + DRL Graph convolutional RL for UAV aerial  Joint trajectory and task opti- [159]
edge computing mization
MEC Task offloading GNN + DRL Dependent task offloading using GNN em-  Improved service utility [161]
beddings
MEC Task offloading GNN + PPO / MRL Graph-based state representation for DRL ~ Adaptation to dynamic condi- [240]
tions
MEC Offloading Multi-order GNN + RL ~ Multi-hop feature aggregation Capture higher-order depen- [241]
(hierarchical) dencies
MEC Cooperative offloading GNN + Multi-agent RL ~ Model inter-agent relations Energy-efficient coordination [242]
MEC Cooperative offloading GAT + Multi-agent RL Content caching in vehicular edge using  Reduced caching latency [157]
graph attention RL
MEC Edge caching GNN+DRL+FL Unified distributed privacy-preserving  Dynamic demands with pri- [205]
edge caching vacy preservation
MEC Transportation-edge GNN + DRL Spatial dependency modeling Improved task assignment [243]
MEC Traffic-aware GAT + game theory Predict traffic — optimize offloading Proactive resource allocation [244]
offloading
MEC Traffic prediction GAT + Transformer Spatio-temporal modeling Improved forecasting accuracy [245]
MEC Resource prediction ST-GNN (DMFGNet) Spatio-temporal attention Real-time + offline prediction [246]
MEC State estimation MPNN + ADMM Hidden state inference + optimization Convergence guarantees [247]
MEC Distributed learning GAT + temporal model Reduce communication overhead Efficient distributed inference [248]
SAGIN Offloading GNN + DRL +meta Multi-dimensional decision modeling Fast adaptation under chang- [186]
learning ing conditions
SAGIN Offloading Knowledge graph +  Multi-dimensional decision modeling Extendable to GNN frame- [250]
DRL works
Traffic Prediction and Management
QoS QoS prediction GNN + CF + DP Privacy-preserving inference Scalable + secure prediction [251]
QoS Temporal QoS GCN + contrastive Capture time dependencies Better temporal modeling [253]
QoS Sparse QoS Graph + Transformer Handle data sparsity Improved robustness [254]
Security Byte-level modeling HGNN Capture packet structure Fine-grained classification [259]
Forecasting Delay prediction GNN + Attention Model network paths Accurate delay estimation [263]
Traffic Eng Routing GNN + DRL Path-link modeling Adaptive routing decisions [272]
HUDN Power allocation GNN (unsupervised) High-order message passing Energy efficiency [276]
Beamforming Hybrid BF HGNN Multi-band modeling Efficient coordination [278]
Security Secure BF GNN + attention Semantic-aware design Robust security [283]
Traffic Eng Flow scheduling GNN + DRL In-band telemetry integration Low-latency optimization [285]
Traffic Eng UAV Scheduling GNN + DRL UAV dynamic scheduling Improved scheduling in mobile [165]

edge
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TABLE IV
(Continued.) COMPREHENSIVE SUMMARY OF AI-GNN ARCHITECTURES ACROSS KEY 6G TECHNOLOGY DOMAINS

Digital Twin

DT Control GNN + DRL Policy learning in twin Joint optimization [286]

DT Transfer learning GNN + TL Knowledge reuse Faster adaptation [295]

DT Task offloading GNN + DRL Digital twin-driven intelligent task of-  Improved offloading efficiency [293]
floading in MEC and revenue

DT Network slicing GNN + DRL Digital twin-assisted resource allocation  Faster adaptation and [294]
for slicing improved resource allocation

DT Self-healing GNN + DRL Flow delay forecasting for anomaly- Improved network reliability [292]

triggered reconfiguration

and resilience

the entire protocol stack. In this paradigm, GNNs provide
a compelling inductive basis for modeling the dynamic and
irregular structures inherent to wireless networks, including
user associations, interference patterns, mobility graphs, and
service topologies. When hybridized with complementary
paradigms such as DRL, FL, meta-learning, generative Al, and
neurosymbolic learning, AI-GNN systems promise scalable,
adaptive, and topology-aware intelligence for both edge and
core network decision-making.

Despite this promise, integrating AI-GNNs into real-world
6G deployments poses numerous challenges, not just in
implementation but in foundational research. These include
constraints on scalability, real-time adaptation, generaliza-
tion to unseen or evolving topologies, and interpretability in
safety-critical and policy-bound environments. Additionally,
architectural hurdles, such as heterogeneity of devices and
interfaces, symbolic constraint modeling, and efficient dis-
tributed execution, remain unresolved. This section critically
examines these challenges and outlines the directions in which
further work is needed.

A. Scalability and Real-Time Constraints

A key barrier to the practical deployment of AI-GNN
frameworks in 6G systems is achieving real-time inference
and learning at scale in ultra-dense environments. As future
6G networks may interconnect millions of heterogeneous
nodes, ranging from IoT sensors and user devices to vehicles
and network elements, GNN-based models face exponential
growth in graph size, resulting in substantial memory and
computational demands [167], [298].

In deep GNN architectures, graph convolutions require
aggregating information from increasingly large neighbor-
hoods, causing the computational complexity of both training
and inference to grow rapidly with network density. This
aggregation overhead can become prohibitive, particularly in
dynamic scenarios, risking latency violations in time-critical
use cases such as URLLC, real-time routing, resource alloca-
tion, and dynamic beam coordination [148], [299].

To mitigate these challenges, a range of lightweight approx-
imations, including neighborhood sampling, clustering-based
aggregation, hierarchical graph partitioning, and edge pruning,
have been proposed to reduce computational load and memory
footprint [300]. However, these techniques typically introduce
accuracy—complexity trade-offs and may degrade performance
under highly dynamic network conditions.

More advanced solutions are therefore emerging, includ-
ing hierarchical and distributed GNN processing across
cloud—edge infrastructures, where partial inference is per-
formed locally and refined centrally, as well as streaming and
incremental GNNs that update node embeddings on-the-fly
without recomputing the full graph [301], [302]. In parallel,
progress in specialized hardware accelerators and GNN-
aware processing units is enabling more efficient execution
of large-scale graph workloads [303]. Ultimately, achiev-
ing millisecond-scale AI-GNN responsiveness in rapidly
evolving 6G environments will likely require a holistic
synthesis of algorithmic sparsification, adaptive depth and
receptive-field control, edge-native model distillation, and
hardware—algorithm co-design.

B. Generalization and Robustness

Closely tied to scalability is the challenge of generalization;
an AI-GNN model trained in one network scenario must adapt
to new, larger, or differently structured networks. Studies have
shown that vanilla GNNs often suffer poor accuracy when
applied to topologies larger or more complex than those seen
in training [304], [305]. In other words, a model learned
on a small-scale network may not scale out-of-the-box to
a city-wide 6G mesh with far more nodes or new traffic
patterns [306].

Addressing this calls for more flexible GNN architec-
tures and training paradigms [307]. Techniques such as
meta-learning, TL, or graph augmentation using fundamen-
tal networking domain knowledge have shown promise in
improving GNN generalization [307], [308]. For instance,
incorporating network routing principles into GNN design has
significantly improved delay prediction accuracy on larger,
unseen networks [309].

Moreover, 6G networks will be highly dynamic, with nodes
joining and leaving, channels fluctuating, and traffic demands
evolving, so GNN models must continually adapt online
[310]. Current GNN frameworks struggle with such streaming
adaptation, often requiring costly re-training when the graph
changes.

Research is turning toward dynamic GNNs that update their
parameters incrementally as the topology evolves. This is still
nascent, but early examples in THz vehicular networks show
the potential: a dynamic GNN that adjusts its message-passing
strategy per topology was able to serve 17% more vehicles
in a joint communication-sensing task compared to a static
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model [163]. GNNs’ ability to handle spurious subgraphs
improves the robustness and trustworthiness of GNNs in wire-
less communication [311]. Such adaptability will be essential
for GNNs to remain robust in the face of 6G’s non-stationary
conditions.

C. Interpretability and Trustworthiness

The closed-box nature of deep GNNs presents a significant
barrier to adoption in mission-critical 6G systems. Network
operators must trust Al-driven decisions, such as user pri-
oritisation, handover triggers, or slice reconfiguration, yet
AI-GNN models typically compress inputs into latent repre-
sentations that obscure the underlying rationale [312]. When
an AI-GNN-based controller misallocates resources, diagnos-
ing the cause is often difficult, hindering both operational
safety and regulatory compliance.

Early efforts to enhance transparency include attention-
based GNN variants that highlight influential neighbours or
links [313], revealing, for example, which user’s channel
quality dominated a handover decision [314]. Post-hoc meth-
ods such as GNNExplainer, PGExplainer, GraphLIME, and
GraphMask provide node-, feature-, or subgraph-level attri-
butions, while tools such as Generative Adversarial Network
(GAN) Explainer [315] and SHAP-based approaches [316]
offer more general perturbation-driven explanations. These
methods increase interpretability but remain insufficient for
fully accountable Al-driven networking.

Recent work explores combining explainability with struc-
tured learning mechanisms. A notable example is TANGO,
a symbolic GRL framework that integrates Bayesian GNN
explanation with logic-based reward shaping, improving both
transparency and convergence for gNodeB-level resource
allocation [314]. Such hybrid approaches demonstrate that
interpretable reasoning can coexist with high-performance
GNN-based control.

Additional evidence for the value of explainable learn-
ing in wireless systems comes from hypergraph-inspired
models. In UAV-assisted IIoT beamforming, Zhao et al.
propose a hypergraph-augmented explainable deep learning
framework that explicitly captures heterogeneous interfer-
ence patterns and preserves structural information lost in
conventional graph models. Their results show improved
scalability, stability under varying power constraints, and
more interpretable resource-allocation behaviour [317]. This
reinforces the broader trend that explainability, particularly
when combined with richer relational representations such as
hypergraphs, is becoming essential for trustworthy 6G Al

D. Dynamic Graphs and Mobility

6G will operate over highly dynamic and partially observ-
able topologies, including satellite constellations, UAV fleets,
and vehicular swarms. AI-GNN systems must function under
continual structural evolution, with intermittent link fail-
ures, sparse feedback, and partial observability [318]. While
dynamic GNNs like EvolveGCN and DySAT can handle
evolving connectivity, most models still assume periodic,
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synchronized updates and complete topology snapshots. Real-
istic 6G deployments demand asynchronous, event-driven, and
lightweight update mechanisms that support fast reactivity
and fault tolerance. Emerging models combine recurrent and
attention-based structures for this purpose, but more research
is needed on edge-deployable dynamic GNNs that function
under lossy, decentralized conditions.

E. Technical and Architectural Limitations

Heterogeneity across nodes, protocols, and hardware plat-
forms is intrinsic to future 6G networks and poses a
fundamental challenge for current GNNs. Wireless systems
are expected to interconnect diverse entities, including mobile
devices, base stations, aerial platforms, satellites, and large-
scale IoT deployments, forming highly heterogeneous and
multi-relational interaction graphs. Most existing GNNs,
however, assume homogeneous node types and uniform con-
nectivity patterns, limiting their ability to faithfully model
such complex environments. Recent advances in heteroge-
neous GNNs aim to address this limitation by supporting
multi-type nodes and relations (e.g., terrestrial-aerial-satellite
graphs), yet achieving expressive modeling while main-
taining scalable and efficient inference remains an open
problem [319].

Beyond structural heterogeneity, incorporating domain
knowledge and hard system constraints into AI-GNN models
remains challenging. Wireless networks operate under strict
physical-layer, protocol, and regulatory constraints, includ-
ing power budgets, spectrum masks, latency bounds, and
QoS guarantees. Many deep learning—based approaches learn
unconstrained solutions that must subsequently be clamped
or corrected to ensure feasibility, undermining reliability
and interpretability. For instance, GNNs trained for power
control or scheduling may output decisions that violate trans-
mitter power limits or timing constraints unless manually
adjusted [320].

While several studies attempt to encode constraints via
tailored loss functions or architectural modifications, such
approaches are often brittle and scenario-specific [321].
A promising research direction involves neurosymbolic inte-
gration, in which differentiable GNN modules are coupled
with symbolic reasoning, logical rules, or optimization-based
constraints to enforce feasibility by design [322].

From an architectural and deployment perspective, inte-
grating AI-GNN models into real-world network control
loops introduces additional challenges. In disaggregated and
softwarized RAN architectures, Al agents are envisioned to
operate within near-real-time and non-real-time controllers
(xApps and rApps), interacting with the network via standard-
ized interfaces.

However, practical deployment is hindered by heteroge-
neous hardware capabilities across radio units, edge nodes, and
centralized processing units, as well as by interface latency,
limited observability, and the absence of mature runtime stan-
dards for Al execution. Efforts toward standardized abstraction
layers (e.g., O-RAN O1/E2/A1 interfaces) and portable execu-
tion frameworks (e.g., ONNX-based models and containerized
ML runtimes) provide important enablers, but bridging the
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gap between theoretical AI-GNN designs and robust, real-
time deployment remains an open challenge. Addressing this
gap will require advances in abstraction-robust model design,
cross-layer co-optimization, and hardware-aware GNN com-
pilation to ensure reliability, interoperability, and performance
at scale in production 6G systems.

In summary, the adoption of AI-GNNs in 6G networks
hinges on addressing a multi-dimensional challenge space.
From algorithmic scalability and structural generalization to
real-time inference, explainability, and symbolic integration,
hybrid GNN-based solutions must evolve toward robust-
ness, transparency, and deployability to fulfill the vision of
Al-native, graph-empowered wireless systems.

VII. EMERGING APPLICATIONS AND
VISIONARY USES OF AI-GNNS

Despite the challenges, GNN-Based Al is unlocking vision-
ary 6G applications that could radically transform wireless
services:

A. Semantic and Goal-Oriented Communications

6G aspires to move beyond bit-pipe communications toward
semantic communication, where networks convey meaning
and goals rather than raw data. AI-GNNs are proving instru-
mental in this shift. One intriguing approach uses knowledge
graphs and GNN encoders to represent information in terms
of semantic relationships, enabling ultra-efficient compression
and interpretation of messages [121]. For example, instead
of transmitting a verbose sensor dataset, a 6G device could
send a compact graph of key concepts (nodes) and their
relationships (edges) essentially a semantic snapshot that an
Al at the receiver can understand and act upon. Recent
work achieved high compression by cascading large language
models with GNN-based semantic encoders, transmitting only
node embeddings and reconstructing the full knowledge graph
at the receiver.

This kind of graph-based semantic encoding dramatically
reduces transmitted bits while ensuring the receiver grasps the
intended meaning. In another visionary leap, researchers are
combining GNNs with Generative Al to enable immersive
multimodal communications for the metaverse. In a cross-
modal semantic communication system, a GNN first distills
multimodal inputs (e.g. video, audio, haptic data) into a
graph of salient features, which is then compressed and sent
wirelessly [187].

On the receiving end, generative models use this graph to
reconstruct rich media (like 3D holographic scenes or AR/VR
environments).Early prototypes show substantial potential,
such GNN-assisted semantic pipelines enhanced user interac-
tion in a 6G metaverse scenario, while keeping bandwidth use
efficient. In summary, AI-GNNs could empower 6G networks
to communicate what things mean or intend, rather than
just exchanging bits, laying the groundwork for goal-driven
services (e.g. instructions to autonomous drones or sum-
maries for Al assistants) with unprecedented communication
efficiency.
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B. Semantic Awareness in ISAC

As 6G evolves toward becoming an intelligent, context-
aware infrastructure, semantic awareness, the ability of
networks to understand and reason about the meaning behind
data, signals, and user behaviour, has become a central theme.
A key enabler of this shift is ISAC. This paradigm supports use
cases like vehicles that both communicate and perceive their
surroundings, or base stations that detect user presence while
delivering connectivity, executing both functions semantically,
in a coordinated and context-informed way.

GNNs have emerged as a powerful tool for enabling such
semantic understanding in ISAC systems. ISAC tasks often
depend on relational reasoning, deciding which nodes (e.g.,
base stations, vehicles, sensors) should take on sensing roles,
communication roles, or both, based on dynamic context.
GNNs are naturally suited for this, as they model structured
interactions in a graph where nodes and edges carry semantic
meaning. For instance, in a recent study on terahertz vehicular
networks, a GNN-based approach was used to semantically
allocate vehicle-to-infrastructure links for both sensing and
data services [125]. Vehicles and roadside units were modeled
as graph nodes with weighted links reflecting service potential.
The GNN dynamically learned which vehicles should receive
communication, sensing, or hybrid services, outperforming
static heuristics and adapting well to fast-changing road
environments. More broadly, GNNs can capture multi-modal
semantic context, like identifying clusters of sensors whose
data is redundant, or routing traffic through nodes with better
situational awareness due to co-located sensors. This semantic
fusion of sensing and communication allows the network to
act with greater intent and efficiency.

In future 6G smart city deployments, for example, a GNN
could analyse a semantic graph of street cameras, mobile users,
and environmental sensors to jointly make decisions about
handoffs, radar angles, and resource allocation. The GNN’s
holistic view of the network as an interactive, context-rich
graph enables intelligent coordination across layers, bridging
perception and connectivity in a way that static systems
cannot. Ultimately, semantic awareness powered by GNNs will
be central to unlocking the full potential of ISAC, transform-
ing networks from passive data pipes into cognitively aware
systems that adapt, reason, and optimize based on the meaning
of the information they carry and sense.

C. Autonomous Network Operation and Self-Optimization

Perhaps the most transformative vision for 6G is that of a
fully autonomous network that can monitor itself, learn, and
optimize without human intervention. Al-powered GNNs are
poised to be central in this evolution, essentially serving as
the “neural brains” of self-driving networks. One concrete
application is in network self-healing: detecting faults or
performance drops and dynamically reconfiguring the network
to compensate.

DT technology is converging with GNNs to facilitate this.
A DT creates a live digital replica of the network (e.g. a graph
model of all nodes, links, and their states), which a GNN
can continuously analyse to spot anomalies and recommend
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adjustments [323]. For instance, if a set of 6G edge servers
becomes overloaded or a link fails, the GNN (running on
the twin) could predict how to reroute traffic or spin up
backup nodes, effectively healing the service in real-time.
Early experiments in a 6G edge testbed demonstrated a GNN-
driven digital twin that could trigger service reconfiguration
upon failures, significantly improving network reliability [44].
Beyond fault management, AI-GNNs can handle resource
optimization tasks autonomously, such as tuning power allo-
cations, spectrum assignments, or antenna configurations on
the fly as conditions change. In O-RAN architectures, for
example, researchers have used GNN-based xApps to optimize
user association and load balancing, treating the radio access
network as a graph of connections that can be intelligently
rewired in real time. The result is a network that learns
from experience (past traffic patterns, mobility events) and
preemptively adjusts to meet performance goals (throughput,
latency, reliability) without waiting for human planners.
Another emerging application is network slicing and multi-
domain orchestration: 6G will span terrestrial, aerial (drones,
HAPS), and satellite segments, and GNNs are being inves-
tigated to coordinate end-to-end slices across these domains.
By modeling inter-domain dependencies as a graph, a GNN
agent could allocate resources across a whole 6G ecosystem to
meet a slice’s Service Level Agreement (SLA). While these
autonomous networking applications are still in trial stages,
they epitomize the 6G vision of a self-driving network. GNN-
Centric Al Architectures essentially imbues the network with a
form of collective intelligence, enabling it to perceive context
(through distributed data), reason over its graph-structured
state, and act in a closed control loop. If realized, this
would fundamentally reshape how future wireless systems are
operated, shifting from static, human-defined configurations to
fluid, Al-guided orchestration that continuously evolves.

D. Case Study: GraphNet, FGraphNet

This subsection presents an illustrative case study to demon-
strate how hybrid GNN-centric architectures can be applied
to wireless channel estimation. Rather than introducing new
experimental results, this discussion highlights architectural
insights and draws on empirical findings reported in prior
works [324], [325]. It complements the conceptual discussion
in Subsection IV-B by grounding the synergy between GNNs
and distributed learning in concrete system designs. Early
deep learning-based channel estimation approaches predomi-
nantly relied on CNNs, leveraging the regular time—frequency
grid structure of resource elements. While effective under
quasi-stationary channel conditions, these methods struggle
to generalize in highly dynamic environments due to their
reliance on fixed local receptive fields and dense pilot pat-
terns. To address these limitations, GraphNet reformulates
channel estimation as a relational inference problem using
graph-based representations. In this framework, resource ele-
ments are modeled as nodes, and dependencies between pilot
and data symbols are captured as edges, enabling flexible
information propagation across the graph. This shift replaces
rigid Euclidean inductive biases with topology-aware rep-
resentations, thereby improving robustness under irregular
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Fig. 6. GraphNet and Two-Tier Federated GraphNet (FGraphNet) for Scalable
Channel Estimation in 5G NR. Local channel data are transformed into
graph representations and used to train GNN-based channel estimators at each
BS (Tier-1). Model updates are then shared across neighboring BSs within
a cluster or centrally (Tier-2), enabling collaborative and adaptive channel
estimation under heterogeneous network conditions.

pilot distributions and rapidly varying channel conditions.
Simulation results reported in [324] show that GraphNet
achieves improved BLER and MSE performance compared to
CNN-based approaches such as ChannelNet [326] in dynamic
environments, while maintaining a model size over 250x
smaller, making it suitable for real-time edge deployment.

Beyond centralized learning, this case study further illus-
trates how GNNs synergize with FL to address scalability,
heterogeneity, and privacy constraints in wireless networks.
Building on the graph-based channel estimation formulation,
FGraphNet introduces a decentralized, two-tier learning frame-
work in which GNN models are trained locally at BSs and
collaboratively aggregated without sharing raw channel data.
This approach enables adaptive learning across diverse channel
conditions and user mobility profiles while preserving data
locality. Simulation results in [325] demonstrate that this
federated graph-based framework reduces MSE, accelerates
convergence, and lowers local training time through collabo-
rative knowledge sharing across base stations. These results
highlight that the benefits of GNN-based channel estima-
tion extend beyond model design to system-level efficiency
and scalability when integrated with decentralized learning
paradigms. Overall, this case study highlights a broader insight
for Al-native wireless systems: by combining graph-based
relational modeling with distributed learning paradigms, GNN-
centric architectures enable robust, scalable, and cooperative
network intelligence that extends beyond isolated performance
gains to system-level adaptability.

VIII. RESEARCH GAPS AND FUTURE DIRECTIONS

To unlock the full potential of AI-GNNs in 6G, further
research must tackle several open issues and push the bound-
aries of current technology:
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A. Energy Efficiency of Ai-GNN Workloads and the
Imperative of Sustainability

The deployment of GNN-Centric Al Architectures at scale
introduces serious concerns about energy consumption, raising
critical questions about the sustainability of future intelligent
networks. Paradoxically, while GNNs can help optimize net-
work energy usage, such as by intelligently switching off
underutilized base stations, they themselves require significant
computational power. Training and inference of deep GNNs
on large-scale 6G graphs can consume substantial energy
if not carefully designed and managed [327]. Additionally,
energy-aware training, where energy consumption is embed-
ded into the loss function, could steer AI models toward
not only high accuracy but also low-power operation. As 6G
networks increasingly embrace sustainability as a first-class
goal [328], aligning AI-GNN innovation with environmentally
responsible design principles will be a defining challenge and
opportunity for the next generation of network intelligence.

B. Privacy-Preserving and Distributed Learning

The ubiquity of 6G networks is expected to generate mas-
sive volumes of data, ranging from fine-grained user context
and mobility traces to dense sensor streams and network
telemetry. While such data are invaluable for training pow-
erful GNNs, centralizing them at the cloud raises serious
privacy, security, and bandwidth concerns. In many emerging
applications, such as autonomous driving, industrial IoT, and
personalized services, sharing raw data is either impractical
or fundamentally incompatible with regulatory and ethical
constraints.

To address these challenges, distributed GNN learning has
emerged as a key research direction, enabling collaborative
model training across edge devices, access points, or base
stations without exposing sensitive data. FL fits naturally into
this paradigm, where each participant trains a local GNN on its
regional or task-specific graph and shares only model updates
with an aggregator [329]. Recent frameworks demonstrate
the feasibility of federated GNNs by exchanging gradients
or embeddings rather than raw graph data, achieving strong
performance while preserving data locality [330].

Despite this promise, federated and decentralized GNN
training introduces challenges that are fundamentally more
complex than those encountered in conventional federated
learning. Graph-structured data across network nodes are often
highly heterogeneous, non-IID, and dynamically evolving,
reflecting differences in topology, user behavior, and traffic
patterns. Such heterogeneity can significantly degrade model
convergence, generalization, and personalization, particularly
in mobile and large-scale 6G environments [331], [332].
Designing aggregation mechanisms and personalization strate-
gies that explicitly account for graph diversity remains an open
research problem.

Communication and resource efficiency constitute another
critical bottleneck. Synchronizing high-dimensional GNN
parameters or node embeddings over large and dynamic
graphs can incur substantial communication and computa-
tional overhead, straining bandwidth-limited wireless links and
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resource-constrained edge devices. While techniques such as
sparse updates, asynchronous aggregation, model compres-
sion, and split learning have been proposed to alleviate these
costs, they introduce tradeoffs between learning accuracy,
convergence speed, and system overhead [333]. Developing
communication-aware and system-aligned training protocols
remains essential for scalable deployment.

Privacy concerns extend beyond training to inference and
model usage. Even after training, GNN-based decision-making
can leak sensitive information through model outputs or
intermediate representations. To mitigate this risk, techniques
such as differential privacy, homomorphic encryption, secure
multi-party computation, and trusted execution environments
are increasingly explored [334]. For example, recent work
in vehicular networks has demonstrated privacy-preserving
attention-based GNNs for task offloading, achieving low-
latency decision-making while protecting vehicle-level data
[335]. However, such protections often come at the cost of
increased latency or reduced accuracy, highlighting unresolved
privacy—utility tradeoffs.

Security and robustness further complicate distributed GNN
learning. Graph topology itself can be a target of adversarial
manipulation, including poisoning, Sybil attacks, and struc-
tural perturbations during federated training [336]. Existing
defenses remain limited, motivating future research into adver-
sarially robust federated GNNs, anomaly-resilient aggregation,
and trust-aware coordination mechanisms. The integration of
blockchain or distributed ledger technologies has been pro-
posed to enhance auditability and trust, but their scalability
and overhead in 6G contexts remain largely unexplored [337].

C. Neuro-Symbolic Integration for GNNs in 6G

To overcome the limitations of purely data-driven models,
neuro-symbolic Al, the fusion of neural networks with sym-
bolic reasoning and domain knowledge, is gaining traction.
In the 6G context, this means embedding protocols, policies,
and constraints directly into GNN-based models to ensure
compliance and improve interpretability [322]. For example,
symbolic modules can enforce hard rules, such as ensuring
GNN-predicted power levels stay within regulatory bounds
or that routing decisions align with reliability requirements.
Knowledge graphs can also be integrated to represent network
functions, spectrum policies, or service hierarchies, allowing
GNNss to reason over structured domain knowledge.

Early work in semantic communication has demonstrated
this concept, using knowledge graphs with GNNs and lan-
guage models to guide encoding decisions. This points toward
a broader vision: wireless controllers that not only learn
from data but also consult symbolic knowledge to align with
operator-defined goals.

The main challenge lies in designing architectures that
blend learning and reasoning. One promising direction is
a hybrid control system, where a GNN proposes actions
and a symbolic engine validates or adjusts them, balanc-
ing optimality with rule compliance. Such integration also
improves explainability, enabling models to justify decisions
using human-readable logic (e.g., “Device X was deprioritized
due to policy Y”) rather than opaque activations. Though still
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in early stages, neuro-symbolic GNNs align well with 6G’s
vision of intelligent, transparent, and controllable networks,
and will require close collaboration between Al researchers
and wireless experts to operationalize.

D. Real-World Deployment Challenges

While much of the existing literature focuses on algorithmic
performance, deploying GNN-based solutions in operational
5G and emerging 6G systems requires substantial system-level
redesign and introduces several practical challenges for mobile
network operators (MNOs).

1) Integration Into Existing 5G/O-RAN Control Loops:
A key challenge lies in embedding GNN-based intelligence
into existing network architectures. For example, in O-RAN
systems, control logic is executed through Near-RT and Non-
RT RICs via xApps and rApps. Integrating a GNN-based
scheduler or slicing controller requires redesigning these con-
trol loops to (i) construct graph representations from streaming
telemetry (e.g., KPM, RC data), (ii) ensure consistent state
synchronization across distributed units (O-DU, O-CU), and
(iii) meet strict latency budgets (typically 10-100 ms in Near-
RT RIC). Unlike traditional rule-based xApps, GNN-based
solutions require continuous graph updates and inference
pipelines, which introduces additional system complexity and
overhead.

2) Data Collection and Graph Construction: Effective
GNN deployment depends critically on the availability of
structured and high-quality graph data. In practice, network
data are distributed across multiple sources (e.g., base stations,
edge nodes, core network functions) and often exhibit incon-
sistencies, missing values, or delayed reporting. Constructing
reliable graphs from such telemetry—defining nodes, edges,
and features in a consistent manner—remains a non-trivial
task. Moreover, real-time graph construction can introduce
significant processing overhead, particularly in large-scale
networks with thousands of nodes and rapidly changing
topology.

3) Model Lifecycle Management: Unlike static optimiza-
tion algorithms, GNN-based models require continuous life-
cycle management, including training, validation, deployment,
monitoring, and updating. In operational networks, traffic
patterns, user behavior, and topology evolve over time, leading
to model drift. MNOs must therefore implement mechanisms
for online adaptation, periodic retraining, and rollback in case
of performance degradation. This raises challenges related to
data versioning, model validation under safety constraints, and
integration with existing network management and orchestra-
tion (MANO) frameworks. Ensuring reliability and stability of
Al-driven decisions remains a critical concern, particularly for
safety-critical services.

4) Edge Deployment and Hardware Acceleration: Many
GNN-based applications, such as scheduling, resource allo-
cation, or anomaly detection, require inference at the edge
under strict latency and energy constraints. However, GNNs
are inherently memory- and communication-intensive due to
neighborhood aggregation and irregular data access patterns.
Deploying them on edge hardware (e.g., baseband units or
edge servers) without acceleration can lead to unacceptable
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latency. While emerging solutions such as GPU-based frame-
works, FPGA implementations, and specialized accelerators
(e.g., GraphCore IPU) offer potential improvements, their inte-
gration into telecom infrastructure is still limited. Furthermore,
hardware-aware GNN design, including model pruning, quan-
tization, and sparse computation, remains an active research
area.

5) Operational and Economic Considerations: From an
MNO perspective, adopting GNN-based solutions must be jus-
tified in terms of operational complexity, cost, and reliability.
Introducing Al-driven control requires additional infrastructure
for data pipelines, model management, and monitoring, as
well as new expertise in Al engineering. Moreover, explain-
ability and trustworthiness are essential for deployment in
carrier-grade networks, where decisions must be auditable and
compliant with regulatory requirements. These factors may
limit the immediate adoption of complex GNN models in favor
of simpler or hybrid solutions.

In summary, bridging the gap between GNN research
and real-world deployment requires co-design across algo-
rithms, systems, and hardware. Future work should focus
on developing RAN-compliant integration pipelines, effi-
cient graph construction mechanisms, lifecycle-aware learning
frameworks, and hardware-optimized GNN models that can
operate reliably under real-time constraints.

E. Mobility-Aware and Topology-Adaptive GNNs

A central open problem for Al-native 6G networks is
the systematic treatment of mobility and topology evolution
within graph-based learning. Existing dynamic GNNs provide
promising building blocks, yet there is limited understanding
of how to jointly model fast physical-layer dynamics (e.g.,
link intermittency, beam realignment) and slower network-
layer events (e.g., handovers, routing updates) within a
unified graph representation. Future work should investi-
gate meta-learning, continual learning, and uncertainty-aware
GNNs that can rapidly adapt to new or rarely seen topolo-
gies with minimal data, while explicitly accounting for the
stochastic nature of mobility. Establishing common bench-
marks and simulation environments that combine realistic
mobility models (vehicular, UAV, LEO constellations) with
dynamic graph datasets would be essential to assess and
compare the robustness of topology-adaptive GNN solutions
for 6G.

E. Other Gaps—Benchmarking and Standardization

A persistent gap in the field is the absence of standardised
benchmarks and evaluation frameworks for AI-GNN solutions
in wireless networks. Unlike computer vision or Natural
Language Processing (NLP), where mature datasets enable
systematic comparison, the wireless community lacks uni-
fied scenarios for assessing AI-GNN performance. Recently,
several wireless-specific resources have emerged, such as
DeepMIMO, Raymobtime, and DeepSense-6G for channel,
mobility, and sensing-rich data; and open RAN platforms
including OpenRAN Gym, Colosseum datasets, and the
O-RAN Software Community data releases for evaluating
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Al-driven RAN control. In parallel, the GNNet challenge
provides graph-structured topologies for benchmarking GNN
inference on network graphs. These initiatives represent
early steps toward reproducible and comparable evaluation
of Hybrid GNN approaches. However, a comprehensive
and widely adopted benchmarking suite, covering topology
dynamics, multi-cell coordination, and real-time constraints,
remains an open need. Likewise, industry bodies such as 3GPP
and ITU are still defining how AI components, including
GNN-based intelligence, should interface with network func-
tions. Establishing common datasets, metrics, and standardized
integration points will be essential to ensure interoperability
and to enable fair, transparent validation of AI-GNN solutions
as 6G matures.

IX. CONCLUSION

Al-driven GNNs represent a convergence of two power-
ful paradigms uniquely suited for future wireless networks.
Together, they offer 6G a way to learn and reason over the
complex graphs that define network behaviour, from physical
connectivity to network-awareness in communications. The
journey to fully integrate AI-GNNs into 6G is just beginning,
with formidable challenges in scalability, interpretability, and
design still to be met. Yet, research momentum in the past two
years (2024-2025) suggests these obstacles are surmountable.
Key innovations around distributed learning, efficient archi-
tectures, and knowledge-infused models are paving the way
for practical deployments. As these hurdles are overcome, the
potential of GNN-Centric Al Architectures is set to reshape
wireless architecture. We can envision 6G networks that
operate as intelligent organisms sensing their environment,
predicting changes, and coordinating responses in a distributed
but unified manner. In such a paradigm, new applications
flourish: communications become goal-oriented and efficient,
networks heal and optimize themselves in real time, and
the infrastructure transforms into a platform for intelligent
services (from autonomous driving to immersive telepresence)
far beyond the capabilities of today’s networks. The road
ahead will require deep collaboration between Al researchers
and wireless engineers, but the destination, a 6G fabric that is
truly intelligent by design, promises to fundamentally elevate
the role of wireless connectivity in society. The interplay of
GNN-Centric Al Architectures is thus not just an academic
concept but a cornerstone of the 6G vision, one that will drive
both technological and architectural innovation in the years to
come.
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