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Highlights

What are the main findings?

• Quantum-enhanced LLMs improve adaptive, high-throughput, and context-aware
decision-making across UAV, CubeSat, and terrestrial nodes in SAGIN, enhancing
energy efficiency, reliability, and edge learning in 6G networks.

• The integration of UAVs, CubeSats, and terrestrial infrastructures with LLM-driven
quantum edge intelligence overcomes classical challenges in bandwidth allocation,
dynamic routing, and interoperability, enabling secure, privacy-preserving, and self-
optimizing 6G communication systems.

What is the implication of the main finding?

• The integration of quantum-enhanced LLMs into SAGIN enables efficient, reliable, and
adaptive communication systems, facilitating ultra-low latency and high-throughput
6G services across UAV, CubeSat, and terrestrial networks.

• By overcoming classical limitations in bandwidth allocation, dynamic routing, and
interoperability, quantum-empowered LLMs support secure, privacy-preserving, and
self-optimizing intelligent transportation amalgamated with next-generation communi-
cation systems.

Abstract

The integration of unmanned aerial vehicles (UAVs), autonomous vehicles, and advanced
satellite systems in sixth-generation (6G) networks is poised to redefine next-generation
communications as well as next-generation intelligent transportation systems. This paper
examines the convergence of UAVs, CubeSats, and terrestrial infrastructures that comprise
the framework of Space–Aerial–Ground Integrated Networks (SAGINs) as vital enablers of
the International Mobile Telecommunications (IMT)-2030 standards. This paper examines
the role of UAVs in providing flexible and quickly deployable airborne connectivity. It also
discusses how CubeSats enhance global coverage through low-latency relaying and resilient
backhaul links from low Earth orbit (LEO). Additionally, the paper highlights how terres-
trial systems contribute high-capacity, densely concentrated communication layers that
support various end-user applications. By examining their interoperability and coordinated
resource allocation, the paper underscores that the seamless interaction of SAGIN nodes is
essential for achieving the ultra-reliable, intelligent, and pervasive communication capabili-
ties envisioned by IMT-2030. As 6G aims for ultra-low latency, high reliability, and massive
connectivity, UAVs and CubeSats emerge as key enablers for extending coverage and capac-
ity, particularly in remote and dense urban regions. Furthermore, the role of large language
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models (LLMs) is explored for intelligent network management and real-time data opti-
mization, while quantum communication is analyzed for ensuring security and minimizing
latency. The integration of LLMs into quantum-enhanced edge intelligence for SAGINs
represents an emerging research frontier for adaptive, high-throughput, and context-aware
decision-making. By exploiting quantum-assisted parallelism and entanglement-based
optimization, LLMs enhance the processing efficiency of multimodal data across space,
aerial, and terrestrial nodes. This paper further investigates distributed quantum inference
and multimodal sensor data fusion to enable resilient, self-optimizing communication
systems comprising a high volume of data traffic, which is a critical bottleneck in the global
connectivity transition. LLMs are envisioned as cognitive control centers capable of gener-
ating semantic representations for mission-critical communications that enhance energy
efficiency, reliability, and adaptive learning at the edge. The findings of the survey reveal
that quantum-enhanced LLMs overcome challenges pertaining to bandwidth allocation,
dynamic routing, and interoperability in existing classical communication systems. Overall,
quantum-empowered LLMs significantly assist intelligent, autonomous, and immersive
communications in SAGIN, while enabling secure, privacy-preserving communication.

Keywords: unmanned aerial vehicles; vehicular communications; 6G; CubeSat; LLM;
IMT-2030; space–aerial–ground integrated networks (SAGIN); latency minimization;
quantum communication

1. Introduction

The sixth-generation (6G) of wireless communication networks is expected to rev-
olutionize connectivity by providing reliable, nearly instantaneous channel access and
data transfer capabilities [1,2]. 6G will unify terrestrial, aerial, maritime, and space-based
communications into a seamless system capable of supporting massive connectivity with
ultra-low latency and high reliability [3,4]. UAV–CubeSat–vehicle communication sys-
tems will play a key role in this architecture, enabling real-time applications in intelligent
transportation, remote sensing, and disaster management through space–terrestrial integra-
tion [5,6]. Aligned with the International Mobile Telecommunications (IMT)-2030 vision,
major challenges for 6G networks include optimizing hardware and software, managing
computational complexity, embedding multi-access edge computing (MEC) nodes, develop-
ing automated solutions, and establishing virtual radio access network (RAN) interfaces [7].
The efficient delivery and processing of transmitted data packets and inferring their content
also requires understanding user context and intent [8].

Recent advances in machine learning (ML) and artificial intelligence (AI) have driven
significant developments in applications such as self-driving vehicles, which generate vast
amounts of sensor and camera data that demand substantial computational power for
real-time decision-making [9–11]. Applications in holographic telepresence, immersive en-
vironments, Industry 4.0, large-scale robotics, augmented reality (AR), virtual reality (VR),
and extended reality (XR) are expected to be central to 6G networks, requiring the real-time
transmission and processing of high-dimensional data, including high-resolution video
and audio streams [3]. However, meeting these demands over bandwidth-constrained
wireless channels and resource-limited end-user devices presents significant challenges [12].
The high-precision, multimodal sensor data generated by 6G systems will produce vast
volumes of network information, necessitating efficient data collection and analytics for
effective monitoring. As data volumes and processing demands increase, energy efficiency
becomes a critical design objective, particularly to sustain performance while minimizing
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resource consumption [13]. Distributed data processing at the edge and in fog computing
nodes can reduce latency and core network traffic, as edge devices with advanced pro-
cessors and storage collaborate in fog pools to enable more energy-efficient system-level
operation through localized processing and reduced backhaul communication [14].

To address these challenges, large language models (LLMs) have been increasingly
explored in communication networks for tasks such as intelligent network management,
adaptive control, and content personalization [15]. While LLMs are inherently computa-
tionally intensive, their integration into communication systems is primarily motivated
by their ability to optimize network operations and decision-making, which can indirectly
contribute to improved energy efficiency at the system level. For example, LLM-enabled
cognitive and autonomic functions can enhance fault handling, security, compliance, and re-
source orchestration, potentially reducing unnecessary signaling, redundant processing,
and inefficient resource allocation [16]. LLMs are emerging as foundational enablers of
intelligent systems in space–aerial–ground integrated networks (SAGINs), where their
large-scale reasoning, adaptive learning, and multimodal understanding support immer-
sive communications in distributed and heterogeneous environments [17]. Nevertheless,
assessing the performance, robustness, adaptability, and energy overhead of LLMs, particu-
larly when deployed in quantum-enhanced edge intelligence, remains an open research
challenge. Moreover, according to the limitations outlined in the existing state-of-the-art
works, existing benchmarks are often constrained by limited scope, static configurations,
and insufficient representation of real-world network dynamics. This paper explores the ap-
plicability of LLMs in 6G wireless communications, highlighting key LLM-based methods
and analyzing how their integration with quantum-enhanced edge architectures impacts
immersive communications in connected and autonomous vehicles, while explicitly con-
sidering associated system-level trade-offs [18,19].

The emergence of 6G networks is also expected to generate vast amounts of sensor
data that must be collected and analyzed with strict time-bound constraints. The timely
inference of high-precision sensor data is crucial for managing mission-critical applications,
requiring uninterrupted and complete coverage as well as continuous data collection.
The generation of sensor data for every packet at each node results in data volumes that
surpass available channel and computational resources, imposing substantial processing
and bandwidth constraints [20]. While smart sensors are programmable and adaptable,
enabling end-to-end monitoring across various segments including cloud and RAN, they
still require integration with LLMs to provide relevant, context-aware data. This involves
in-network preprocessing to aggregate multimodal sensor data, adjust data resolution,
and support query-based extraction [21].

In future 6G wireless communication networks, LLMs are expected to orchestrate
coordination across space, aerial, and terrestrial nodes, facilitate multimodal data fusion,
and sustain network stability under dynamic conditions, establishing a reference framework
for next-generation intelligent communication systems [22]. This integration enables agents
to adapt to tasks, perform real-time semantic interpretation, and make intelligent decisions
across distributed SAGIN infrastructure. State-of-the-art LLMs demonstrate consistent
reasoning under variable signal conditions, latency constraints, and resource-limited edge
nodes, while quantum-assisted optimization further enhances inference accuracy and
energy efficiency [23]. The framework also supports continual learning, allowing models
to autonomously adapt to evolving network contexts. These findings highlight quantum-
enhanced LLMs as the cognitive core of future autonomous communication networks,
advancing reliability, scalability, and intelligence [24]. Furthermore, combining quantum
communication and ML with post-quantum cryptography, including protocols like BB84,
significantly strengthens security against emerging cyber threats. This software-driven
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approach, integrated with AI and ML, ensures secure communication across UAV, CubeSat,
and vehicle networks by leveraging quantum-safe mechanisms and blockchain-based
trust frameworks [25]. Integrating quantum computing additionally enables large-scale
parallelism and entanglement-based optimization, ensuring both efficiency and scalability.

1.1. Contributions

The objective of this survey article is to systematically review and synthesize recent
research at the intersection of quantum computing, LLMs, and SAGINs in the context
of 6G communications. This paper analyzes existing approaches that explore the use of
quantum-enhanced LLMs for distributed network management, latency-aware operation,
privacy preservation, and adaptive decision-making across heterogeneous infrastructures,
including UAVs, CubeSats, and terrestrial nodes. The survey examines the current design
paradigms, performance trade-offs, and limitations, and provides a structured discussion
of how quantum-enabled edge intelligence may support semantic understanding, dynamic
optimization, and self-organizing behavior in complex, data-intensive communication
environments. Through the synergistic integration of LLMs and quantum communication
paradigms, this paper provides a foundation for autonomous, resilient, and sustainable
6G network ecosystems. By consolidating state-of-the-art methods and identifying open
challenges and research directions, this survey offers a comprehensive perspective on the
potential role of quantum-enhanced LLMs in enabling autonomous, resilient, and sus-
tainable 6G network ecosystems. An extensive review of LLMs is provided in [26]. The
principal contributions of this survey are summarized as follows:

(a) We present a comprehensive survey of recent research on the integration of quantum-
assisted LLMs into SAGINs, with a focus on their role in enabling adaptive, real-time
network management and decision-making for 6G environments.

(b) We review and analyze existing studies on distributed LLM inference and quantum-
enhanced intelligence across heterogeneous nodes, including UAVs, CubeSats, and ter-
restrial platforms, highlighting their implications for latency, reliability, scalability,
and resource efficiency.

(c) We examine state-of-the-art approaches to quantum-assisted multimodal data fusion
in SAGIN-enabled vehicular and aerial communication systems, emphasizing their
impact on energy efficiency, bandwidth utilization, interoperability, and robustness in
heterogeneous network scenarios.

(d) We survey LLM-driven edge intelligence models deployed at aerial and space nodes,
such as UAVs and CubeSats, and analyze their capabilities in supporting context-aware
learning, autonomous optimization, and self-organizing network behavior in dynamic
and heterogeneous 6G environments.

(e) We consolidate and compare performance metrics, evaluation methodologies, and bench-
marking frameworks used in the literature to assess quantum-enhanced LLM integration
in 6G SAGIN architectures, identifying limitations of existing evaluations and open
challenges for future research.

(f) Based on the surveyed literature, we identify key research gaps and outline future
research directions, including quantum-secure LLM-enabled communication, sustain-
able and energy-efficient network design, and trust-aware semantic control mecha-
nisms for mission-critical 6G applications.

Table 1 summarizes existing works and highlights gaps in the performance analysis of
UAV, CubeSat, and LLM-based 6G SAGINs, along with the methodologies employed and
our proposed approach to address these gaps. In Table 1, we identify specific limitations
in existing studies, including restricted scalability in dynamic UAV networks, the insuf-
ficient handling of heterogeneous multimodal data across space, aerial, and terrestrial
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nodes, and the limited integration of intelligent edge processing with quantum-enhanced
LLMs. We further investigate resource allocation and optimization strategies to enhance
end-to-end system performance while maintaining energy efficiency and reliability. Table 1
highlights our contributions, clarifies the research gaps we address, and underscores the
novelty and practical relevance of this survey. Additionally, we recognize that much of the
data processed at UAV or terrestrial edge nodes originates from heterogeneous sensors em-
bedded in vehicles and CubeSats, resulting in non-independent and identically distributed
(non-i.i.d.) data. Our investigation of SAGIN performance under non-i.i.d. data distribu-
tions represents a novel contribution of this work, demonstrating how quantum-enhanced
LLMs can enable resilient, self-optimizing, and intelligent 6G communication systems.

Table 1. A survey of LLM-based communications in SAGIN.

Identified Challenges in
Existing Papers

Proposed Solutions in
Existing Papers

Adopted Solution Methodology
and Approach

Integration of UAVs, CubeSats,
and Geostationary satellites
in 6G

Multi-agent collaboration across
heterogeneous nodes

Designed as a collaborative multi-agent
system where UAVs, CubeSats, and terrestrial
nodes coordinate to support seamless
connectivity and adaptive task allocation.

SAGINs as an integral part of
IMT-2030 framework

Collective intelligence alignment
across underlying layers

Implement unified control and resource
allocation mechanisms to align
decision-making among space, aerial,
and terrestrial components for robust
performance under dynamic conditions.

6G goals: ultra-low latency, high
reliability, massive connectivity

Adaptive optimization of
communication objectives

Employ real-time optimization techniques
and coordinated scheduling to balance
latency, reliability, and throughput across
diverse agent networks.

UAVs and CubeSats to enhance
coverage and capacity

Coordinated autonomy for
extended coverage

Integrate distributed learning and
coordination protocols to enable UAVs
and CubeSats to dynamically extend
coverage while maintaining consistent
performance metrics.

LLMs for intelligent network
management and data
optimization

Cognitive and cooperative role
for multi-agent decision-making

Utilize LLMs as cognitive agents to generate
semantic representations, resource allocation,
and optimize multimodal data processing
across SAGIN nodes.

Quantum communication for
secure and low-latency data
transmission

Trust and alignment layer for
secure coordination

Incorporate quantum-enhanced
communication channels to support
privacy-preserving, low-latency data
exchange across distributed agents.

LLMs and quantum edge
intelligence as an emerging
research problem

Evolving collaborative paradigm
for adaptive control, cooperation
and perception

Develop frameworks for LLM-driven
quantum edge intelligence to enable
context-aware, adaptive, and coordinated
decision-making.

Quantum-assisted parallelism
and entanglement-based
optimization

Distributed reasoning and
workload partitioning

Apply quantum-assisted parallelism to
accelerate joint optimization, multi-agent
inference, and real-time decision-making
under high data volume.

Distributed quantum inference
and multimodal fusion

Unified decision-making process
across modalities

Implement distributed multimodal fusion
and quantum-enhanced inference to ensure
coherent, self-optimizing communication
in SAGIN.
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Table 1. Cont.

Identified Challenges in
Existing Papers

Proposed Solutions in
Existing Papers

Adopted Solution Methodology
and Approach

LLMs as cognitive control
centers for mission-critical
communications

Adaptive coordination engine for
critical tasks

Leverage LLMs to orchestrate multi-agent
operations, maintain situational awareness,
and support dynamic, high-priority
communication flows.

Performance metrics: energy
efficiency, reliability, adaptive
learning

Collaborative performance
metrics

Measure energy efficiency, reliability,
and adaptive learning as indicators of
effective multi-agent coordination and
cognitive partner contributions.

Quantum-enhanced LLMs
addressing bandwidth, routing,
and interoperability

Joint optimization strategy
across nodes

Use quantum-enhanced reasoning to
simultaneously optimize bandwidth
allocation, dynamic routing,
and interoperability among
heterogeneous agents.

Privacy, security, and future
potential of
quantum-empowered LLMs

Secure multi-agent alignment

Design mechanisms to ensure privacy, trust,
and long-term alignment of multi-agent
objectives under scalable, distributed
conditions.

Overly detailed environment
listing that mislead LLMs

Context-aware abstraction for
multi-agent deployment

Generalize environmental descriptions while
retaining key distinctions such as remote and
urban regions to guide adaptive
deployment strategies.

Unlike existing works, this survey employs a layered taxonomy that organizes the
literature into four interconnected dimensions as follows:

1. Intelligence Layer: focuses on LLMs and multimodal foundation models for percep-
tion, reasoning, and decision-making at the network edge.

2. System and Computing Layer: covers edge–cloud collaboration, distributed intelli-
gence, and digital twins for SAGINs.

3. Communication and Networking Layer: Addresses immersive SAGIN communica-
tions, non-terrestrial networks, and alignment with 6G IMT-2030 requirements.

4. Quantum-Enhanced Layer: Examines the role of quantum communications and
quantum intelligence in enhancing security, coordination, and performance in edge
intelligence systems.

This survey emphasizes system-level architectures and open research challenges at
the intersection of LLM-driven edge intelligence and quantum-enhanced SAGIN communi-
cations, rather than providing exhaustive coverage of standalone quantum communication
protocols or general LLM training methodologies. This survey does not aim to:

• Provide an exhaustive review of standalone quantum communication protocols or
quantum hardware implementations;

• Survey general-purpose LLM architectures or training methodologies that are not
related to or applied to communication systems;

• Address low-level physical-layer modeling in isolation from intelligent networking or
edge intelligence;

• Benchmark specific commercial platforms or provide experimental performance eval-
uations.

Note, while several state-of-the-art surveys have explored SAGIN architectures,
edge intelligence, and semantic communications independently, our manuscript pro-
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vides a unique, integrated perspective by specifically focusing on the convergence of
quantum-enhanced edge intelligence with LLMs for immersive SAGIN applications. Un-
like prior works that treat LLMs, edge AI, or semantic communications in isolation, our
survey highlights:

• The role of LLMs as distributed cognitive agents enabling context-aware learning,
autonomous optimization, and adaptive network management in highly dynamic
SAGIN environments.

• By integrating quantum computing and quantum communications with edge intel-
ligence, this work builds upon existing surveys and offers new insights into latency,
reliability, and secure multi-node coordination.

• A unified discussion of semantic-driven multimodal sensing, retrieval-augmented
generation (RAG), and task-oriented decoding in the context of SAGINs, bridging
communication, computation, and AI for real-time decision-making.

• A comprehensive mapping of research challenges, deployment gaps, performance
evaluation, and feasible quantum–classical hybrid architectures that provide action-
able guidance for future 6G and IMT-2030 network design.

By explicitly examining these intersections and presenting quantitative and architec-
tural insights, this survey delineates a perspective that distinguishes it from prior works,
providing both a conceptual framework and actionable guidelines for the deployment of
quantum-enhanced LLMs in SAGIN environments.

1.2. Organization

The rest of the paper is organized as follows. Section 2 provides a discussion of
existing approaches in SAGIN-assisted vehicular communications with an emphasis on
low-latency applications. Section 3 introduces the effectiveness and applicability of LLMs in
heterogeneous networks. Section 4 discusses the deployment of LLMs in SAGIN. Section 5
elaborates on the integration of LLMs into the IMT-2030 framework envisioned for 6G
communications. Section 6 explores quantum-enhanced communication paradigms for
next-generation communication systems, highlights critical open issues in SAGINs and
proposes some open issues and avenues for future research. Finally, Section 7 concludes
the paper. Figure 1 illustrates the organization of this survey.

Figure 1. The organization of this survey.
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2. Low-Latency Applications in Quantum-Enhanced
Space–Aerial–Ground Networks

It is envisaged that 6G will need to be dynamically configurable in real-time to adapt
to the diverse application requirements included in the Third generation partnership
project (3GPP) Release 17. The LLM-integrated semantic communications framework
utilizes a device–edge architecture for immersive 6G applications such as AR, VR, XR,
holographic communications, and autonomous driving. LLMs excel in these applications
that generate large-scale and high-dimensional data. For example, in smart cities, LLMs
integrate digital information with the physical environment in real time. As users navigate,
their movements are tracked to deliver relevant AR and VR data, such as three-dimensional
(3D) building models or traffic updates, with content prioritized based on the user’s
needs or goals [27]. User intent in this context helps prioritize the information that is
most relevant to the user’s current task requirements or actions. For example, if a user is
navigating through a city, their actions such as avoiding traffic or finding a specific location
guides the LLM to prioritize specific data such as alternative routes or nearby points of
interest [28]. Figure 2 illustrates the integration of LLMs across textual, speech, and video
data processing, and highlights the role of quantum communication in reducing latency
and power consumption while improving throughput. It highlights how communication
efficiency and energy consumption can be optimized in dynamic SAGIN-assisted 6G
vehicular networks while meeting the stringent performance requirements of novel and
futuristic 6G applications.

Figure 2. The figure illustrates a conceptual architecture for integrating LLMs and quantum com-
munication in SAGIN for 6G vehicular communications. The figure depicts the interaction between
terrestrial vehicles, UAVs, and CubeSats, along with edge and cloud components, and highlights the
roles of LLM-based multimodal data processing. The figure provides a high-level view of how some
of the emerging technologies may be jointly incorporated in dynamic SAGIN environments.

https://doi.org/10.3390/s26041181

https://doi.org/10.3390/s26041181


Sensors 2026, 26, 1181 9 of 62

The 6G air interface is expected to integrate AI-native radio functions, as outlined by
the International Telecommunication Union (ITU), and is being actively pursued by the
3GPP [29]. In Release 18, the 3GPP studied AI and ML integration into the 5G new radio
air interface, focusing on use cases such as channel state information (CSI) feedback and
beam management. Release 19 aimed to expand these efforts, addressing prevailing issues
and exploring AI- and ML-based mobility management [30]. 3GPP Release 17 established
foundational principles for AI-enabled RAN intelligence in energy saving, load balancing,
and mobility optimization, while recognizing that AI models are implementation-specific.
Release 18 enhanced data collection and signaling support, while Release 19 introduced
AI and ML support for quantum aware resource allocation and entanglement-assisted
communication schemes [31]. Researchers are assessing quantum communication link
performance under realistic conditions, focusing on fidelity degradation due to noise and
AI-assisted scheduling. A wireless network digital twin platform is essential for accurately
modeling link fidelity and quantum behaviors in realistic radio environments [32].

In holographic communications, LLMs enable the real-time transmission of high-
fidelity 3D representations by inferring user intent from gestures, facial expressions,
and voice patterns, thereby ensuring seamless and natural immersive interactions [33]. For
example, in a virtual business meeting within a holographic conference room, participants
are represented by high-fidelity 3D avatars. As a speaker gestures, the LLM infers intent by
analyzing hand movements, facial expressions, and vocal patterns, and dynamically priori-
tizes key visual elements such as the face or hands to ensure optimal clarity. This enables
more natural and effective interactions by improving the real-time interpretation of verbal
and non-verbal cues [34]. Furthermore, LLMs support clustering vehicles with separate
interfaces or utilizing over-the-air bidirectional signaling to minimize fronthaul reliance.

2.1. Emergence of Space–Aerial–Ground Integrated Communications

Space–aerial–ground integrated communications also aim to bridge the digital divide
between urban and rural areas. While advanced access technologies primarily benefit
densely populated regions, rural areas often experience limited gains [35]. The emphasis
on higher peak data rates tends to favor users located near dense radio access infrastruc-
tures [36]. For example, massive multiple-input multiple-output (MIMO) can enhance
cell–edge performance and theoretically serve up to 3000 homes within an 11 km radius;
however, its deployment remains constrained by the economic viability of sparsely popu-
lated regions [37]. Moreover, achieving user fairness under limited resources may reduce
overall data rates. This highlights the need for access methods that deliver uniform ca-
pacity over large areas while minimizing per-user costs, particularly in challenging rural
environments [38].

2.2. Multimodal Large Language Models (MLLMs)

In SAGINs, LLMs perceive the environment, infer user intent, and extract key semantic
features for tasks. Prompt engineering and in-context learning enable efficient adaptation
to dynamic wireless environments and resource constraints. Recent research integrates
LLMs into semantic communication systems, using segmentation models and adaptive
compression to transform visual data into captioned images with importance weighting
and error correction [39]. For instance, in autonomous vehicle navigation, LLMs combine
visual and textual features via attention mechanisms to improve image reconstruction [40].
Despite these advancements, incorporating LLMs into semantic communication frame-
works remains challenging, requiring redesigned encoders and decoders to fully exploit
large multimodal models in 6G networks spanning terrestrial and satellite systems.
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The multimodal large language model (MLLM) framework leverages pre-trained net-
works for context-aware, task-oriented wireless communication. In a device–edge collabo-
rative architecture, MLLM-based semantic guidance modules analyze multimodal inputs,
user intents, and channel conditions to generate attention maps that prioritize critical infor-
mation for transmission. An importance-aware semantic encoder and resource-adaptive
decoder optimize bandwidth allocation and produce high-quality content [41]. Case studies
in visual question answering for AR/VR and diffusion-driven image generation demon-
strate the framework’s effectiveness. By focusing on semantically relevant features rather
than raw signals [42], MLLMs enhance multimodal understanding, reasoning, and data
generation, addressing the limitations of generative AI techniques such as variational
autoencoders and GANs in complex vehicular communication environments [21].

2.3. Storage Capacity Limitations of Mobile Vehicular Edge Servers

The increasing storage capacity of mobile vehicular edge servers makes coded caching
beneficial, given the higher popularity of limited, location-dependent content. Designing
efficient multi-cast and broadcast strategies remains a research challenge due to diverse
channel conditions and performance complexities [43]. Edge computing transfers pro-
cessing and data storage from central clouds to nodes close to data sources, enhancing
performance and enabling ultra-low latency. The multi-access edge computing (MEC)
initiative connects edge applications with cellular networks, providing access to base sta-
tion data. Edge intelligence allows data analysis and action near its source, minimizing
latency and costs while enhancing security [44]. This requires the local processing and
filtering of information, enabling nodes to learn and share insights collectively, optimizing
services. As 6G evolves, it is expected to shift AI intelligence from centralized systems to
edge computing [45].

In many applications, coded caching enhances data rates by using cache memories
distributed across a network, providing both global and local caching gains. Global
caching gains depend on the total cache size of all vehicles, while local gains come from
individual vehicle caching. By multi-casting codewords to groups of vehicles with each
node containing relevant data for the group, the resulting data transmission over the
broadcast link is reduced by a factor of (1 + t), where (t = KM

N ) with (K) as the number
of vehicles, (M) as the cache size per vehicle, and (N) as the file library size. This gain is
achievable in multi-antenna communications, where multi-cast beamforming suppresses
interference between overlapping coded caching codewords [46]. When vehicles interact
with network-based applications demanding high multimedia traffic and QoS, combining
caching with computation offloading to the network edge yields high-throughput, low-
latency results [47].

Traditional AI methods are resource intensive, and the growing demand for real-time
performance challenges current computational architectures. Deep neural network pro-
cessing, relying on matrix multiplications, benefits from photonic computing [48] and
in-memory computing [49], which reduces data-transfer bottlenecks by performing compu-
tations near memory. System-on-chip designs, such as adaptive computing acceleration
platforms (ACAPs), combine CPUs, AI engines, and programmable logic with high-speed
interconnects and on-chip memory, complementing photonic and in-memory approaches
while enabling AI processing without off-chip transfers [45]. Edge computing spans hard-
ware, infrastructure, and platform layers, each with unique challenges, and the European
Edge Computing Consortium promotes adoption via reference architectures and best
practices [50].

https://doi.org/10.3390/s26041181

https://doi.org/10.3390/s26041181


Sensors 2026, 26, 1181 11 of 62

2.4. Cloud–Edge Integration for End-to-End Low-Latency Collaborative Intelligence

Distributed, low-latency, and reliable machine learning at the network edge is essential
for mission-critical applications. Edge AI enables intelligence-driven orchestration across
constrained platforms, requiring effective synergy among devices, edge nodes, and cloud
infrastructure to extract insights while preserving performance, privacy, and security [51].
As computing evolves from cloud computing to cloud intelligence, the Internet of Things (IoT)
transitions to the Internet of Intelligent Things (IoIT), enhancing reliability and efficiency [52].

Several models for cloud–edge integration enhance processing and data management.
In Cloud–Edge Co-Inference with Cloud Training, inference is shared between edge and
cloud while training occurs in the cloud. In-Edge Co-Inference with Cloud Training
executes inference at the edge with partial or full data offloading, while training remains
cloud based [53]. On-Device Inference with Cloud Training keeps inference on the device,
with no offloading. Cloud–Edge Co-Training and Inference distributes both training and
inference between cloud and edge. In-Edge Operation performs both processes at the edge,
and Edge-Device Co-Training and Inference executes them entirely on local devices [53].
Together, these models offer strategies for optimizing cloud–edge integration [54].

2.5. Energy Consumption of LLMs on UAVs

Deploying LLMs on UAVs poses significant energy consumption challenges due
to limited onboard power. Running moderately sized LLMs (1 to 2 billion parameters)
can consume tens to hundreds of watts, influenced by inference frequency, model size,
and optimization methods. To enable effective LLM deployment, techniques such as model
compression, quantization, knowledge distillation, and hardware acceleration such as
edge-computing-based AI chips are essential. Additionally, offloading tasks to edge servers
or utilizing collaborative UAV swarms helps reduce onboard energy consumption while
maintaining low-latency inference for real-time applications. Deploying LLMs at the net-
work edge presents significant challenges due to the limited computational power, memory,
and energy resources available on devices such as UAVs, CubeSats, and autonomous vehi-
cles. LLMs typically require high-performance hardware and substantial computational
energy, which is often not feasible for edge nodes.

To overcome these limitations, several strategies can be employed, including model
compression, pruning, quantization, knowledge distillation, and the use of low-rank or
sparse attention mechanisms [55]. Additionally, split inference, a technique where subsets
of the model are partly run across both edge and cloud nodes, can help reduce latency and
energy consumption. By implementing these strategies, it becomes possible to deploy LLMs
effectively at the edge, enabling context-aware decision-making and adaptive intelligence
while accommodating the practical constraints of resource-limited environments in SAGIN
environments [56]. Table 2 summarizes estimating energy consumption of LLMs on UAV
platforms. Integrating these energy considerations into SAGIN system design is crucial for
sustainable and reliable UAV-assisted networks.

Table 2. Estimated energy consumption of LLMs on UAV platforms.

LLM Size
(Parameters)

Platform Type Inference Mode
Power
Consumption

Remarks

125–350 million
Small quadcopter
UAV

Onboard real-time
10–30 W
(40–44.8 dBm)

Feasible with lightweight models and short
flight durations; suitable for basic tasks
without heavy computation.

1–2 billion
Medium
UAV/Edge
AI Chip

Onboard batched
50–120 W
(47–50.8 dBm)

Requires quantization or model
compression to reduce power demands
while maintaining real-time processing
capabilities.
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Table 2. Cont.

LLM Size
(Parameters)

Platform Type Inference Mode
Power
Consumption

Remarks

6–13 billion
Large UAV/FPGA
or GPU-equipped

Offloaded/
Collaborative

150–300 W
(51.8–54.8 dBm)

Offloading to edge or cloud is preferred for
real-time tasks due to high onboard power
consumption and processing requirements.

≥30 billion
High-end UAV or
Ground-edge
hybrid

Cloud-assisted
only

≥500 W (57 dBm)
Not feasible for standalone UAV operation;
suitable for offloaded inference with
high-bandwidth connectivity.

3. Effectiveness and Applicability of LLMs in Immersive
SAGIN Environments

The effectiveness of LLMs in wireless networks depends on architecture, node coop-
eration, and the performance–cost trade-off. LLM-driven communication synchronizes
data acquisition, multiple access, resource management, and signal encoding, supported
by fast collaboration between cloud and edge computing [57]. At the edge, LLMs automate
resource allocation, enable real-time learning and inference, and support location-based
optimization to improve coverage and quality of service (QoS) while respecting privacy [58].
Cooperative intelligence and fog computing enhance task handover, computational ca-
pacity, and algorithm efficiency across heterogeneous platforms, though energy efficiency
for in-vehicle and edge servers remains critical for sustainable vehicular communica-
tions [27,59].

Embedding computational hardware in existing infrastructure is essential for edge-
deployed LLMs. Small language models (SLMs) face challenges in generalizing from
limited data, making duplicate detection and anomaly detection crucial to prevent overfit-
ting [60]. Vehicular sensors generate diverse multi-sensor data, which can be inconsistent
across large networks, requiring LLMs with adaptive capabilities [61]. Federated learning
(FL) reduces communication overhead and improves scalability by sharing processed data
or trained models rather than raw data. Effective data preprocessing and edge-server
clustering for similarity and anomaly detection enable reliable LLM performance across
edge, cloud, and centralized infrastructures [62,63].

3.1. Synthetic Data Generation via GANs for LLM Pre-Training in Sparse-Data SAGIN Scenarios

Synthetic data generation with generative adversarial networks (GANs) and incre-
mental learning improves LLM accuracy, while heterogeneous data fusion at the edge
leverages feature extraction, representation learning, and split learning [64]. However,
the capabilities of LLMs are heavily dependent on the computational capacity of processing
servers and the efficiency of underlying communication links. Edge application placement
is critical for real-time adaptability, as vehicles interact with mobile cloud and edge plat-
forms. Interoperability, distributed LLM deployments, and mobile SAGIN nodes introduce
latency, power, and storage constraints [59,65]. Lightweight LLMs (SLMs), microservices,
and virtual machines help balance pre-trained and online-learned models. Energy-efficient,
low-complexity, and privacy-sensitive designs are essential for distributed LLMs [66]. Lim-
ited data availability requires exchanging raw data, model parameters, or inferences under
communication uncertainties [67]. User and resource scheduling as well as data and model
communication are therefore critical. Figure 3 illustrates a general SAGIN architecture,
where vehicle sensor data is processed at in-vehicle edge servers, offloaded to cloud servers,
or, in recent research, on qubits rather than classical hardware.
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Figure 3. A general SAGIN architecture for 6G vehicular communications. Vehicle sensor data is
typically processed at in-vehicle edge servers or offloaded to cloud servers. Recent works integrate
sensor data processing with LLMs or propose using qubits instead of classical hardware to meet the
stringent performance requirements of emerging 6G applications.

3.2. Understanding User Context and Analyzing Behavioral Patterns with LLMs

Understanding user context and node behavior in SAGIN is critical for adapting edge
resources to dynamic demands. The mobility of terrestrial nodes, UAVs, and CubeSats
challenges handover latency and virtual resource management, while multi-tenant envi-
ronments raise privacy concerns [68]. Virtualization and container technologies enable
flexible resource allocation, supporting reliable deployment for AR/VR/XR applications,
which require quality metrics beyond throughput and latency [69]. LLM-based payload
customization prioritizes critical data [70,71], enhances cross-layer control, and supports
self-organizing, self-healing networks with analytics at the core and edge [72,73]. Deter-
ministic networking, time-sensitive networking, and segment routing provide low-latency,
ultra-reliable communications, while automated vRAN and MEC integration optimize
resource allocation and network management [74,75].

3.3. Collaborative Analytics Across SAGINs Using Distributed LLM Agents

Current wireless networks rely on DL models for system representation, but traditional
DL approaches are computationally intensive and insufficient for 6G performance require-
ments [76]. LLMs enhance automated service negotiation, decision-making, and QoS
management [42]. A scalable, LLM-enabled framework can manage diverse systems
including satellites and mobile edge networks while providing context-aware and location-
aware features such as per-packet latency tracking, customized connectivity, and payload
optimization [39].
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3.4. Key Findings

Recent studies highlight that LLM-based collaborative analytics across SAGIN nodes
improve accuracy and decision-making. In connected and autonomous vehicles, edge
computing (e.g., MEC) reduces latency and energy consumption, with specialized LLM-
optimized graphical processing units (GPUs) enhancing processing capabilities [77]. LLMs
enable selective edge processing, transmitting only relevant data to reduce network load
and ensure high-precision, low-latency performance for emerging applications such as
holographic teleportation, AR, VR, and XR [78,79]. Cloud-native 6G infrastructure with
virtualization, microservices, and LLM-driven intelligence supports context-aware aggre-
gation, semantic processing, and self-organizing networks [80]. Table 3 summarizes the
recent works, methodologies, gaps, and key challenges including data heterogeneity, com-
munication constraints, mobility, privacy, and resource limitations, emphasizing the need
for scalable, automated, and LLM-enabled edge computing frameworks.

Table 3. Edge AI, user context, and distributed intelligence in 6G networks.

References Proposed Work Methodology Identified Gaps

[64]

Synthetic data generation and
model improvement via
generative adversarial networks
(GANs) and incremental learning
for heterogeneous data fusion at
the edge.

Feature extraction,
representation learning, split
learning, generalized adversarial
networks to ensure sensor
data consistency.

Limited data availability;
heterogeneous sensor data
integration; ensuring consistency
across distributed models.

[65]

Integration of diverse data such
as local weather and traffic for
network management and
real-time adaptability.

Mobile cloud and mobile edge
computing platforms; uniform
interfaces for data and AI model
interoperability.

Latency due to large, distributed
deployments; challenges in
maintaining interoperability.

[59]

Lightweight AI for autonomous
edge devices; deployment using
virtual machines; optimization of
real-time feedback cycles.

Distribution of pre-trained and
online-learned models; efficient
computation and communication
at resource-constrained
edge nodes.

Energy consumption, storage
limitations, and device mobility
affecting algorithm performance.

[67]
Exchange of raw data, model
parameters, or inferred outputs
among edge devices.

Scheduling of resources,
communication-aware
distributed algorithm design.

Communication uncertainties;
constrained bandwidth; trade-off
between privacy, energy,
and latency.

[13]
Privacy-preserving FL with
differential privacy and
homomorphic encryption.

Keep raw data local; share model
parameters securely.

Ensuring lightweight security
mechanisms while maintaining
inference accuracy.

[68]
Understanding user context and
behavioral patterns to adapt
edge resources.

Incentive mechanisms,
lightweight consensus protocols,
virtualization and
containerization for resource
management.

Mobility management and
multi-tenant privacy concerns;
dynamic resource allocation
challenges.

[69]
QoS enhancement for XR and
latency-sensitive applications.

Data intelligence, multi-level
optimization, novel quality
metrics beyond throughput
and latency.

Limited QoS levels in existing
networks; requirement for new
end-to-end delay metrics.

[70,71]
Payload customization and
semantic-aware networking.

Qualitative payload marking,
entropy-based redundancy
detection, random linear
network coding.

Inefficient retransmission for
large packets; need for adaptive
prioritization of critical data.
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Table 3. Cont.

References Proposed Work Methodology Identified Gaps

[72]
Cross-layer innovations
leveraging IP extensibility and
embedded contracts.

Analytics at network core and
edges; hardware acceleration.

Integration complexity for
control, routing, and
management protocols in 6G.

[73]
Machine learning-based
analytics for self-organizing and
self-healing networks.

Integrated intelligence across
service layer, RAN, and core
network; high-precision sensor
data analysis.

Real-time adaptation challenges;
need for automation in
distributed network
management.

[74]
Automated vRAN management
with AI-enabled analytics.

Standardized vRAN interfaces;
MDAF for performance and fault
aggregation; SLA enforcement
and QoS prediction.

Scalability and resource
optimization in complex
vRAN deployments.

[21,24]
Smart sensor deployment and
in-network preprocessing
with LLMs.

Context-aware data aggregation;
resolution adjustment;
query-based extraction.

Managing massive sensor data
volumes; balancing precision,
latency, and processing overhead
across cloud, transport, and
RAN segments.

4. Challenges in Deployment of LLMs in SAGINs

The recent literature highlights the potential of LLMs in 6G networks to model complex
interactions that traditional deep learning (DL) models cannot capture, enabling real-time
analysis, automated operations, and intelligent resource management [81,82]. Timely data
from devices is crucial for latency-sensitive applications such as video monitoring and holo-
graphic communications, while efficient data transfer avoids transmitting raw or redundant
data [83,84]. LLMs can be deployed across management, core, and edge devices, learning
system characteristics for tasks like classification and regression [85]. Conventional DL
requires large datasets and struggles with network heterogeneity and data confidentiality,
making probabilistic and Bayesian methods, including Gaussian processes, Variational
Bayes, and MCMC, essential for scalable, uncertainty-aware 6G analytics [86–88].

Reproducing kernel Hilbert space features improve DL models by providing well-
regularized inputs with fewer hyperparameters. FL allows mobile devices to train shared
models without transmitting raw data, though wireless impairments and limited band-
width affect performance [89]. DL-based positioning relies on signals from devices but
suffers from NLoS multipaths, missing CSI and received signal strength (RSS) measure-
ments, and environmental variability [90,91]. Channel estimation in SAGIN is challenged
by nonlinear and non-stationary channels, and offline-trained models degrade in real-world
conditions [92]. Non-convex optimization problems, including throughput maximization
and beamforming, are computationally intensive; heuristics reduce complexity but are
suboptimal [78]. Table 4 summarizes key research on LLMs and DL in 6G wireless net-
works, covering network control, resource management, channel estimation, and multi-user
positioning. Critical gaps include latency-sensitive data dependency, limited large-scale
datasets, cross-operator interoperability, computational complexity, and scalability in dy-
namic and high-dimensional environments.
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Table 4. Role of LLMs and deep learning in 6G wireless networks.

References Proposed Work Methodology Identified Gaps

[81]

LLMs for modeling complex 6G
network interactions, replacing
heuristic optimization, enabling
real-time automated operations
and intelligent network control.

End-device computations with
predictions fed back to network;
distributed network intelligence;
dynamic deployment at
management, core, and mobile
device levels.

Dependence on timely,
latency-sensitive data; efficient
data transfer mechanisms
required; large-scale
deployment challenges.

[83]
Integration of LLMs for resource
management and automated
network control.

Computation on mobile devices;
prediction aggregation;
network-level decision-making.

Avoiding transmission of
unused data; dynamic
placement optimization.

[84]
DL architectures (CNNs,
autoencoders, GANs) for
6G applications.

Supervised learning on labeled
datasets; classification and
regression tasks.

Limited availability of large
training datasets; generalization
to diverse real-world
network conditions.

[82]

Addressing heterogeneity of
mobile operators and data
confidentiality for
DL deployment.

Cross-operator learning;
platform-specific and
application-specific model
combination.

Standardization alone
insufficient for interoperability;
limited shared datasets.

[86]

Probabilistic ML and Bayesian
inference for 6G, uncertainty
quantification, and robust
decision-making in noisy
environments.

Non-parametric Bayesian
methods, e.g., Gaussian
processes; Variational Bayes,
Expectation Propagation,
MCMC.

Computational complexity;
scalability in high-dimensional,
spatio-temporal problems.

[88]

reproducing kernel Hilbert space
methods to enhance DL inputs
with well-regularized features
and fewer hyperparameters.

Feature engineering; integration
with DL models.

Limited adoption in practical
6G deployments;
computational trade-offs.

[91]
Adaptive online learning for
mobile positioning and
multi-user environments.

Synchronization signal-based
FEC and classification;
RSS/CSI-based fingerprinting;
adaptive learning for NLoS
multipath conditions.

Performance drops in dynamic,
uncontrolled environments;
missing measurements; model
adaptability required.

[78]

Deep learning-based channel
estimation and real-time
non-convex optimization (e.g.,
throughput maximization,
beamforming).

Offline and online DL models;
iterative optimization; deep
learning for real-time control.

Offline-trained models may
underperform in dynamic
conditions; high computational
requirements for real-time
execution.

4.1. Advantages of LLMs over Conventional DL Techniques for 6G SAGIN Intelligence

Over the last decade, convolutional neural networks (CNNs) have proven effective
for signal classification, while deep neural networks (DNNs) excel in channel estimation
and signal detection. DL methods optimize MIMO downlink beamforming using CSI
and RSS, balancing performance and computational complexity, even under imperfect CSI
and multi-cell scenarios. Autoencoders reduce manual inference by learning transmitter
and receiver functions [93]. Given the complexity of full end-to-end physical layer design,
DL is often applied to individual functions, considering power, cost, and size constraints.
Simulations use realistic channel models with noise and multipath, but Monte Carlo-style
evaluations require high-performance computing to limit runtime [86].

In vehicular networks, training accounts for distance, environment, speed, and weather,
ensuring adaptations in one scenario do not degrade performance in others [94]. DRL
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techniques optimize the medium access control layer in 6G, while federated echo state
networks predict user locations and orientations, enabling base stations to enhance VR
QoS [59]. Conventional duplexing and interference-cancellation methods face limitations
in multi-cell integration [72]. LLMs accelerate learning, provide richer prior knowledge,
and improve base station (BS) deployment in dense urban networks [95]. Future research
should explore LLMs for MAC optimization, resource allocation, traffic prediction, massive
machine-type communications, FL-based mobility management, and security in 6G IoT
environments [27,96].

4.2. Multimodal Sensor Data Processing in Vehicular Networks Using LLMs

LLMs can predict security requirements and allocate resources in virtual infrastruc-
tures, enhancing inferences and services through sensor fusion. Context-aware systems use
LLMs to maximize application safety while minimizing SAGIN node interactions, relying
on historical data and feedback rather than strict rules. They support context modeling and
device control in intelligent networks. Real-time UAV applications illustrate the complexity
of communication and control, where state information guides power, trajectory, and ac-
tions [30]. LLMs also enable opportunistic data transfer in vehicular networks, allowing
vehicles to act as mobile sensors and support crowdsensing services, such as distributed
high-definition map generation [97].

Even with CubeSats and UAVs, data transfer in vehicular networks remains chal-
lenging due to environmental effects on channel dynamics and frequent link losses in
low-connectivity regions [98]. High mobility and variable line-of-sight conditions require ro-
bust communication techniques, such as opportunistic data transfer and multi-connectivity.
LLMs can predict data rates to dynamically select network interfaces and optimize trans-
mission schedules, and application-specific delay tolerance helps avoid resource-intensive
transmissions [99]. Supporting LLM-driven solutions requires adapting software practices,
as preloading models on user equipment is impractical due to storage limits. The ITU
recommendation Y.3172 provides a framework for integrating ML into future networks.
A digital twin of the network enables the safe exploration of LLM-enabled actions for
effective implementation in complex 6G environments [100].

LLMs process inputs from roadside cameras, LiDAR sensors, and vehicle queries to
interpret complex traffic scenarios and prioritize multimodal sensor data transmission.
High-priority safety information is sent over dedicated channels, while non-critical data is
compressed to ensure minimal latency for critical content. Effective semantic alignment
across modalities, including human–machine interaction, allows the simultaneous inter-
pretation of eye-tracking signals, voice commands, and text instructions for task-oriented
transmission [101]. Techniques such as contrastive language-image pre-training create
a unified embedding space for visual and textual data, improving communication. Dy-
namic resource allocation based on semantic importance is essential in bandwidth-limited
environments [102].

LLM-generated semantic guidance is integrated into the semantic encoder to enhance
task-oriented transmission. The encoder adjusts encoding fidelity according to semantic
relevance, available bandwidth, and channel conditions as critical data is encoded with
high fidelity, while less relevant segments are coarsely encoded or compressed to reduce
transmission costs without performance loss [103]. On vehicular edge servers, the semantic
decoder reconstructs content using received data and local context, adapting fidelity to
channel conditions and synthesizing content for specific requests [96]. LLMs enable se-
lective compression of redundant sensor data, preserving high-fidelity details for critical
content, supporting realistic holographic presence and intelligent understanding while
minimizing bandwidth use. Edge infrastructure in connected and autonomous vehicles
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provides global environmental awareness to mitigate occlusions [104]. Attention heatmaps
differentiate critical from non-critical regions for adaptive bandwidth allocation, allow-
ing task-oriented content generation with minimal transmission overhead where critical
features are transmitted to vehicles, while generative models reconstruct or synthesize
content [104].

4.3. LLMs for Visual Reasoning Tasks

Enhancing multilingual visual reasoning requires cross-modal understanding and
semantic alignment. Contrastive learning aligns vision and language, extending to audio
streams and voice commands, improving cross-modal feature extraction and zero-shot per-
formance. Attention maps differentiate semantically critical from secondary regions based
on text prompts, generating spatially oriented heatmaps [105]. Reconstruction fidelity is
assessed using metrics like peak signal-to-noise ratio (SNR) and structural similarity index,
while Fréchet inception distance and learned perceptual image patch similarity evaluate
semantic preservation. Task metrics such as classification accuracy and mean average
precision measure the utility of transmitted content for tasks like visual question answering
and object detection. A case study illustrates LLM-enhanced semantic communications for
AR and VR, where vehicles query urban elements [106].

Traditional image transmission struggles with region-specific queries, whereas LLM-
based modules identify critical areas to optimize bandwidth. The architecture uses a high-
fidelity encoder for key regions and a lightweight encoder for secondary regions, with a
cross-attention module dynamically allocating resources based on query complexity [107].
Experiments on the VGPhraseCut dataset demonstrate effectiveness, using weighted mean
square error loss to distinguish mask regions. The LLM allocates higher bandwidth to
critical areas, improving semantic preservation. Semantic features are transmitted over
noisy channels and reconstructed via a diffusion model [108]. Compression reduces over-
head, and the LLM-based module preserves Gaussian-distributed features. Adaptive
SNR-based estimation and distribution-matching strategies ensure robust performance
under time-varying conditions [109].

The training objective optimizes LLM reconstruction loss for semantic recovery and
uses a Kullback–Leibler (KL) divergence-based guidance loss for distribution alignment,
ensuring fidelity under bandwidth constraints. This enables immersive content genera-
tion and adaptive synthesis guided by specific prompts [110]. Frameworks integrating
LLMs leverage pre-trained models for context-aware understanding and diffusion-based
generative decoding. Case studies in visual question answering for AR and VR and
diffusion-driven image generation demonstrate improved reconstruction quality and se-
mantic preservation. Mobile LLM agents with 0–10 billion parameters handle real-time
tasks on in-vehicle edge servers, while edge LLM agents with over 10 billion parameters
provide uninterrupted support for complex driving tasks [111].

Due to limited in-vehicle server capacity, offloading complex tasks to edge servers
is necessary for long-term interactions. LLM agents, organized into perception, ground-
ing, and alignment modules, collaborate to perform interactive tasks. A model caching
algorithm enhances contextual model utilization and reduces network costs [112]. These
agents follow user instructions, perceive their environment, and make human-comparable
decisions, adapting to dynamic conditions and processing multimodal inputs. Pre-training
on large datasets enables LLMs to perform diverse tasks, leveraging memory and reasoning
for complex decision-making and control [113].

https://doi.org/10.3390/s26041181

https://doi.org/10.3390/s26041181


Sensors 2026, 26, 1181 19 of 62

4.4. Conventional Deep Learning and LLMs

Unlike DRL agents, LLM-trained agents assume specific roles to execute task-oriented
instructions, such as assisting in design, planning, and execution. Textual instructions
alone are insufficient for comprehensive environmental perception [114]. LLM agents
are enhanced with multi-sensory capabilities, processing vision, audio, tactile feedback,
gestures, diverse sensors, and 3D maps to generate detailed environmental descriptions,
improving autonomous navigation and accessibility. Modality encoders unify these inputs
into a shared textual embedding space, enabling cross-modal reasoning. Mobile edge LLM
agents operate within a collaborative edge–cloud framework, using compact local models
(0–10 billion parameters) downloaded from edge servers [115]. Hence, historical context
improves situational awareness, allowing real-time responses in complex tasks. Edge
LLM agents with larger models comprising over 10 billion parameters leverage long-term
memory and reasoning, while inter-agent communication allows mobile agents to offload
complex processing [116]. Integrated sensing and communication (ISAC) combines sensory
inputs to enhance perception modules, enabling coherent interpretation of user inputs,
including eye-tracking and motion capture, with short-term memory supporting contextual
understanding [117].

Audio and video inputs provide richer environmental information than text and are
processed through cascaded models to enhance situational awareness. The continuous
interaction between mobile and edge LLM agents enables offloading, feedback, and self-
reflection, especially in noisy or bandwidth-limited channels. ISAC allows mobile agents
to perform radar sensing while transmitting results, improving adaptability in dynamic
environments [118]. Digital twins on edge servers support retrieval-augmented gener-
ation (RAG) and real-time optimization by continuously updating environmental data.
Mobile agents use short-term memory via in-context learning, while edge agents access
long-term memory stored on servers. RAG enhances consistency and performance by
incorporating historical and knowledge-based information [119]. Edge LLM reasoning
employs step-by-step strategies, including chain-of-thought and its self-consistent variant,
supported by hierarchical structures such as tree-of-thought and graph-of-thoughts, en-
abling accurate problem solving with higher computational cost. Verification, reflection,
and inter-agent communication ensure correctness, cross-validation, and task-oriented
decision refinement [120,121].

4.5. Fine-Tuning Pre-Trained LLMs for Domain-Specific SAGIN Applications

In autonomous driving, fine-tuning pre-trained LLMs on domain-specific datasets
such as BDD100K aligns model outputs with user instructions, enabling safe and context-
aware responses. Inter-agent communication allows multiple vehicles to share data and
computational resources, enhancing LLM performance. Mobile LLM agents leverage this
learning to execute complex tasks and interact with virtual applications based on feedback
from edge LLM agents [122]. They adapt to unfamiliar driving conditions, performing
vehicle operations such as driving and braking while responding to dynamic road and
weather changes. This autonomy is more complex than semi-automatic systems, which
primarily coordinate with humans or other agents [123].

In a collaborative split-learning edge–cloud framework, mobile LLM agents comprise
perception, local reasoning, and alignment modules, while edge LLM agents handle global
reasoning and planning. Mobile agents use lightweight local models for low-latency,
context-aware execution, whereas edge agents perform step-by-step reasoning with access
to long-term memory and historical data [124]. The perception module gathers multimodal
environmental data through image analysis and text understanding, enabling situational
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awareness. Combined with task-oriented communication and collaborative processing, this
architecture ensures efficient and adaptive operation in dynamic real-world scenarios [125].

Running large LLMs on mobile devices or centralized cloud infrastructure introduces
latency due to bandwidth constraints, limited computation, and user mobility. Edge com-
puting mitigates latency by deploying smaller models closer to users, though often at the
cost of reduced output quality. Smaller LLMs handle time-sensitive tasks at the edge, while
larger models execute complex reasoning in the cloud, enabling intelligent task offloading
based on user needs and prior interactions to balance latency and service quality [126].
Multi-agent systems further enhance performance through distributed intelligence for
data retrieval and collaborative planning, including qubit-based inputs from quantum-
enhanced sensing. Advanced interface tools predict user intent and dynamically offload
tasks between edge and cloud to optimize responsiveness and fidelity [127].

In-context learning enables LLMs to follow human instructions and adapt from prior
examples without retraining. Edge–cloud collaboration combined with quantum com-
munication provides low-latency, high-fidelity links for real-time AI processing. Unlike
centralized LLMs, small language models (SLMs) with under one billion parameters ex-
ecute complex tasks directly on mobile and edge devices, reducing energy consumption
and improving responsiveness [128]. Quantum-assisted edge processing further improves
accuracy and secure low-latency communication, supporting applications such as real-time
language translation, real-time transcription, generative image editing, and personalized
content management [129]. Deploying LLMs at the network edge alleviates bandwidth
and delay constraints, enabling low-latency services such as real-time language translation
in 6G networks [130].

Quantum communication channels enhance reliability and security through high-
fidelity, low-latency information exchange [131]. Beyond inference, LLMs support wireless
network deployment by optimizing base-station placement and orientation under dynamic
channels and urban interference [105]. Due to limited context windows, perception and
actuation in mobile and edge LLM agents are treated as zero-shot inference tasks and
evaluated using multimodal perception fidelity and task success. Edge LLM agents guide
mobile agents using historical reasoning, but memory and model-size constraints prevent
concurrent processing of all models [132]. Efficient service delivery therefore requires
scheduling LLMs for reasoning and planning to minimize accuracy degradation, model-
switching overhead, inference latency, and cloud computation costs [133].

4.6. Key Findings

Table 5 summarizes recent research on integrating DL, LLMs, and semantic-aware
approaches in 6G networks. It compares the proposed methodologies and research gaps
across physical-layer optimization, medium access control, UAV and vehicular network
management, and semantic-guided communications. The reviewed works address channel
estimation and beamforming, LLM-assisted resource allocation and mobility management,
semantic encoding and decoding for task-oriented transmission, and multimodal fusion
for connected autonomous vehicles. Identified challenges include high computational
complexity, limited real-time adaptability under dynamic conditions, poor generalization
across heterogeneous environments, storage and bandwidth constraints, and maintaining
semantic fidelity in latency-critical scenarios. Overall, the analysis highlights the potential
of LLMs to enable intelligent, context-aware, and resource-efficient communications, while
underscoring key challenges for practical deployment in 6G vehicular networks.
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Table 5. Deep learning, LLMs, and semantic-aware approaches in 6G networks and vehicular systems.

References Proposed Work Methodology Identified Gaps

[93]

CNNs for signal classification;
deep neural networks for
channel estimation and signal
detection;
multi-input/multi-output
downlink beamforming.

End-to-end physical layer
optimization using deep
learning; autoencoders for
transmitter-receiver design;
Monte Carlo-style simulations;
channel models with noise and
multipath effects.

High computational cost; offline
training may not generalize
across diverse scenarios;
adaptation across multiple
environments needed.

[86,94]

Intelligent deep reinforcement
learning for optimization in
vehicular networks; FL for user
location prediction and VR QoE
improvement.

Training under varying distance,
speed, environment,
and weather conditions;
historical data-driven FL.

Ensuring performance
consistency across scenarios;
high mobility and dynamic
conditions may reduce accuracy.

[27,72]

Integrating multi-cell data to
enhance proactive MAC
functions; LLM-enabled
resource allocation, traffic
prediction, and mobility
management in MTC networks.

Optimization and cross-cell data
integration; LLM-assisted
decision-making for
resource allocation.

Multiplexing limitations and
self-interference; resource
underutilization; dynamic
deployment and real-time
adaptability challenges.

[96]

LLM-based security solutions
for SAGIN communications;
context-aware traffic
classification and
resource allocation.

Predictive LLMs for dynamic
threat management; sensor
fusion; context-aware systems
for automated control.

Complexity in distinguishing
legitimate vs malicious traffic;
real-time adaptation under
heterogeneous devices.

[30,98,99]
UAV and vehicular networks
with LLM-enabled control and
opportunistic data transfer.

UAV trajectory and power
adjustments; multi-connectivity
and ML-based data rate
prediction;
age-of-information-based
transmission optimization.

Channel dynamics in
urban/highway areas;
low-connectivity regions;
robust real-time
communication challenges.

[96,100]
Digital twin and
semantic-guided task-oriented
transmission for 6G networks.

LLM-powered semantic
encoder/decoder; adaptive
fidelity based on channel
conditions; bandwidth-efficient
content compression; integration
of multimodal inputs.

Storage and computational
limitations on devices; ensuring
semantic fidelity under
bandwidth constraints; real-time
processing challenges.

[101,104]

Edge intelligence for connected
autonomous vehicles;
multimodal semantic alignment;
dynamic resource allocation.

Processing inputs from LiDAR,
cameras, and vehicle queries;
priority-based multimodal
transmission; CLIP-based
embedding for vision-text
alignment; attention heatmaps
for adaptive
bandwidth allocation.

Critical real-time latency
requirements; semantic
alignment across heterogeneous
sensors; efficient multimodal
data handling under
limited resources.

5. Integration of LLMs in IMT-2030 for 6G Communications

5.1. AI-Native Vision in IMT-2030 and Its Alignment with LLM-Centric Network Intelligence

The ITU IMT-2030 vision defines 6G networks as being AI-native, where AI capabil-
ities are integrated into the network architecture. In this context, LLMs serve a crucial
role, functioning as reasoning engines and intent interpreters throughout the entire 6G
architecture [134]. In vehicular communications supported by SAGINs:
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• New man–machine interfaces through multiple local devices acting in unison, enabling
intuitive access via gestures rather than typing;

• Ubiquitous and distributed computing, integrating multiple local devices with cloud
resources for enhanced performance;

• Multi-sensory data fusion to generate immersive multi-verse maps and mixed-
reality experiences;

• Precision sensing and actuation to monitor and control the physical environment;
• Extremely low-power or battery-less devices, powered by the network itself;
• End devices evolving into networks or subnetworks, such as machine-area networks

or robot-area networks, connecting controllers, actuators, and sensors;
• Devices operating in sub-terahertz spectrum bands to act as active network nodes,

enabling standalone or self-organizing networks.

Digital twin networks (DTNs) are crucial for the LLM-driven 6G networks, enabling
simulations that generate synthetic data for LLM training, as well as for assessing networks
before deployment. DTNs fully emulate 6G networks for the creation and optimization
of LLM-enabled models. The ITU envisions a significant link between physical and digi-
tal twin networks, supporting the real-time verification, simulation, and management of
SAGINs [135]. DTNs enhance SAGINs as a sensing network, providing accurate measure-
ments of object distance, angle, velocity, and environmental factors through radio frequency
analysis [136]. The ISAC framework specifies service requirements for object detection
and monitoring. Accurate ISAC evaluations rely on deterministic, physics-based channel
modeling to represent correlations among base stations and devices [137]. Additionally,
the 3GPP Release 19 focuses on channel modeling for ISAC, employing ray-tracing models
for improved performance and realistic data generation. As sensor data volumes surpass
traditional user-generated data, by processing this data at the edge, valuable insights
are extracted while reducing energy consumption, transforming raw data into actionable
knowledge and predictive insights [138].

Table 6 summarizes recent advances in LLM-based semantic communication, AR, VR
applications, and mobile edge–cloud frameworks in 6G networks. The table outlines the
proposed works, methodologies, and research gaps, highlighting how LLMs are used to
enhance cross-modal perception, semantic encoding, and collaborative decision-making
across mobile, edge, and cloud layers. Solution approaches include attention-guided band-
width allocation, diffusion-based denoising, multi-sensory environment perception, ISAC,
RAG, and hierarchical reasoning. The identified challenges involve real-time adaptability
under bandwidth constraints, computational and memory overheads, modality fusion com-
plexity, mobile edge coordination, and ensuring semantic fidelity in autonomous systems.
This analysis emphasizes the potential of LLM-enabled agents for intelligent, context-aware,
and collaborative task execution.

5.2. Architectural Integration of LLMs in SAGINs

LLMs can interpret operator or application intents such as maximizing edge through-
put for AR users in region R1 and translating them into network control commands.
Multiple LLM agents cooperate to configure the radio access network, core, and edge,
ensuring adaptability and optimization. Network sensor T (t), policies P , and knowl-
edge bases K are input to LLMs through RAG, the effective prompt expressed as
Prompt(t) = f

(
T (t),P ,K

)
ensuring context-aware response [139]. To leverage semantics

from MLLMs, the semantic encoder manages compression fidelity and allocates higher
bandwidth to important content. The decoder reconstructs information based on the re-
ceived semantic features, guided by task prompts and local context. MLLMs process the
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raw data by considering task requirements and channel conditions, resulting in efficient
semantic representations [140].

Table 6. LLM-based semantic communication, AR/VR, and mobile edge–cloud agents.

References Proposed Work Methodology Identified Gaps

[106,108–110]

LLM-enhanced semantic
communication for AR, VR,
XR; attention-guided
bandwidth allocation;
diffusion-based denoising.

Cross-modal feature extraction;
spatially oriented heatmaps;
performance metrics; weighted
MSE loss; adaptive SNR-based
estimation and distribution
matching.

Limited real-time
adaptability;
bandwidth-constrained
environments;
computational overhead for
diffusion models.

[111–113]

Mobile and edge LLM agents
for real-time task execution;
model caching;
context-aware collaboration.

Deployment of mobile agents
(0–10 B parameters) and edge
agents (>10 B); pre-trained models
for perception, grounding,
alignment; historical context and
memory modules; multi-agent
collaboration for decision-making.

Mobile devices constrained
by computation/storage;
complex task offloading to
edge; latency in collaborative
scenarios.

[114,115,117]

Multi-sensory LLM agents
for environment perception;
unified textual embeddings;
collaborative
end–edge–cloud framework.

Encoders for vision, audio, tactile,
gestures, 3D maps; local perception
on mobile agents; edge reasoning
with long-term memory; ISAC.

Complexity in modality
fusion; noise and bandwidth
limitations; ensuring
real-time consistency.

[118,119]

ISAC-enabled mobile LLM
agents; retrieval-augmented
generation for knowledge
integration.

Radar sensing and simultaneous
transmission; short-term memory
on mobile agents; long-term
memory on edge servers; RAG for
historical knowledge-based
data integration.

Synchronization between
mobile and edge agents;
handling dynamic
environments;
computational demands of
RAG and memory
management.

[120,121]
Step-by-step reasoning;
inter-agent grounding;
verification and reflection.

Hierarchical reasoning structures;
cross-verification between agents;
supervised fine-tuning and
reinforcement learning for feedback
integration.

High computational
requirements; scaling for
large agent networks;
ensuring real-time reasoning
and task alignment.

[123,125]

Fine-tuning pre-trained
LLMs for context-aware and
safe responses; split learning
in end–edge–cloud
computing; autonomous
vehicle task execution.

Collaborative split learning; mobile
LLM perception, local reasoning,
alignment; edge LLM global
reasoning and planning;
multimodal data collection;
task-oriented communication and
collaborative processing.

Ensuring privacy and
human-value alignment;
mobile edge coordination
overhead; complexity in
real-world autonomous
vehicle deployment.

A resource-adaptive semantic decoder uses signals like eye tracking and AR, VR,
and XR queries, which are sent to the edge server. The edge MLLM processes these requests
along with multimodal sensory inputs to determine user intent and contextual scenes,
analyzing high-dimensional data such as 3D point clouds and video streams to extract
relevant semantic information. For example, in autonomous driving, it provides insights
into occluded or blind spots. Prompt engineering and in-context learning enable the task-
specific conditioning of the pre-trained MLLM [141]. The intent inferred from attention
heatmaps or binary masks highlights the importance of different data segments, prioritizing
critical content while efficiently managing wireless resources. Extremely high per-user data
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rates in the Gbps range, ultra-low latencies (<1 ms), and holographic communications with
multi-view cameras push data rates into the Tbps range [29].

LLMs provide semantic intelligence, user intent interpretation, and orchestration
capabilities across cloud and edge devices in 6G SAGIN environments. In this context,
extreme capacity xhaul refers to high-speed, fixed point-to-point links that support large
data rates for aggregating information from numerous users while enabling access to
computing resources in the cloud or at the edge [142]. Enhanced hotspots provide high-rate
downlinks to multiple users over short coverage areas, supporting applications such as
high-definition video streaming and short-range vehicle-to-vehicle communications [30].
Figure 4 illustrates a conceptual architecture for integrating LLMs in SAGIN and UAV-
assisted 6G vehicular networks. The space layer consists of GEO satellites and CubeSat
networks providing wide-area connectivity and backhaul support. The LEO layer includes
HAPs and UAVs acting as relays, edge nodes, and sensing platforms. The ground layer
comprises terrestrial vehicles, RSUs, gateways, and vehicular networks.

In 6G networks, LLMs can be deployed in the cloud, while smaller LLM variants
such as SLMs can be deployed at the edge to process data collected from the SAGIN com-
ponents. The deployed models, including GPT-4/GPT-4o, Claude 3 Vision (Claude 3.5
Sonnet), Audio Flamingo 3, LLaVA (LLaVA-NeXT v1.6), BLIP-2-FlanT5, ViLT, KOSMOS-2,
and other vision-language and transformer-based hybrids, enable reasoning over mul-
timodal data such as images, video, sensor streams, and network states. These models
support potential applications including intelligent traffic routing, multimodal sensor data
fusion, and adaptive resource allocation using FL across UAVs, RSUs, and vehicles. The
communication infrastructure comprises multiple link types: primary links for core data
exchange, secondary links for auxiliary connectivity, direct links for low-latency interac-
tions, and RSU-vehicle links for vehicular communication. Based on perception-based
inputs and network context, LLMs generate actionable decisions related to routing, resource
scheduling, and coordination, which are communicated back to UAVs, vehicles, and other
network nodes. The architecture in Figure 4 demonstrates a possible scenario where LLMs
serve as an intelligent control and decision-making layer, enhancing scalability, autonomy,
and efficiency in SAGIN enabled UAV-assisted 6G vehicular networks.

5.3. Edge-Intelligence Pipeline and Key Performance Indicators (KPI)

To address deployment challenges such as latency, limited resources, and seman-
tic fidelity degradation, we propose a concise reference pipeline for quantum-enhanced
edge intelligence in immersive SAGIN communications. The pipeline consists of five
key components:

1. Perception and Semantic Encoding: Lightweight SLMs or compressed multimodal
encoders operate on-device or at near-edge nodes to extract semantic representations
from sensory data under strict latency and energy constraints.

2. Edge-Level Reasoning and Adaptation: Distilled or fine-tuned LLMs deployed at
edge servers, UAVs, or HAPs support time-sensitive inference and task planning.

3. Knowledge Augmentation and Caching: Edge–cloud collaboration leverages RAG,
semantic caching, and digital twin synchronization to optimize computation and
maintain consistency across distributed nodes.

4. Cloud-Level Training and Global Intelligence: Centralized or distributed cloud infras-
tructures handle full-scale LLM training and global policy optimization, potentially
accelerated by quantum computing.

5. Secure Coordination and Optimization: A quantum-enhanced control plane enables
secure model dissemination, trusted coordination, and efficient optimization across
SAGIN nodes.
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Figure 4. General architecture of integration of LLMs in SAGIN and UAV-assisted 6G vehicular com-
munications.

5.4. Pipeline to Key Performance Indicator (KPI) Mapping and Performance Indicators

Each functional block in the reference pipeline is mapped to key performance indica-
tors (KPIs) to identify deployment bottlenecks. Perception, semantic encoding, and edge-
level reasoning are primarily constrained by end-to-end latency, practically targeting
sub-10 ms for control applications, energy consumption, and local computational capacity.
Mechanisms such as edge–cloud offloading, resource-aware RAG, and semantic caching
improve bandwidth efficiency and reduce inference latency. Digital twin synchronization
and distributed knowledge management affect semantic fidelity and service reliability
across heterogeneous edge nodes. Cloud intelligence is evaluated in terms of scalability,
training efficiency, convergence time, and resource utilization. Quantum-enhanced coordi-
nation further improves security, synchronization reliability, and optimization efficiency in
dynamic large-scale networks. Overall, this reference pipeline and its KPI mapping provide
a measurable framework for analyzing architectural trade-offs and guiding the design of
quantum-enhanced edge intelligence systems for IMT-2030.

A hybrid quantum–classical architecture envisions LLMs functioning as reasoning and
orchestration agents for both classical and quantum systems. This involves utilizing quan-
tum computing for model training or specialized subroutines, quantum communication
methods such as Quantum Key Distribution, entanglement distribution, and teleportation
for secure connectivity, and multipartite entanglement for multi-node quantum protocols
and distributed quantum sensing [143]. Vehicular communications are evolving to sup-
port bandwidth-intensive applications such as onboard video surveillance, broadband
passenger connectivity, and remote controlled driving operations [144]. This includes using
quantum computing for model training and various quantum communication methods for
secure connections. Quantum compute nodes will involve both noisy intermediate-scale
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quantum (NISQ) and error-corrected processors, enabling quantum-enhanced tasks such as
feature extraction and intent-based decision-making. The quantum communication layer is
expected to utilize networks for entanglement distribution and secure end-to-end links,
with quantum state summaries providing data for utilization by LLMs [25]. The Table 7
presents a comparative overview of LLM and multimodal model-driven approaches in
SAGIN research. It summarizes recent developments in semantic communication, AR
and VR applications, and mobile-edge-cloud architectures for 6G networks, detailing the
proposed methods, system designs, and identified research challenges. The table highlights
how LLMs and multimodal models support cross-modal perception, semantic representa-
tion, and collaborative intelligence across mobile, edge, and cloud layers, underscoring the
usability of LLM-enabled agents for intelligent, context-aware, and cooperative decision-
making in SAGINs.

Table 7. Comparison of LLM and multimodal models used in the SAGIN literature.

Model Modality
Pros for SAGIN and UAV-Assisted
Vehicular Networks

Challenges

GPT-4/GPT-4o Vision
Multimodal LLM
(Text and Vision)

Strong multimodal reasoning; rich
contextual understanding; capable
of high-level decision-making and
routing support

High computational
cost; latency concerns
for real-time edge
deployment

Claude 3 Vision Multimodal LLM
Good at processing vision plus text
data; safer, interpretable outputs

Requires large resources;
not optimized for
embedded nodes

Flamingo Vision-Language Model
Flexible multimodal perception;
useful for sensor fusion tasks

Does not consider
real-time constraints

Large Language and
Vision Assistant
(LLaVA)

Vision + Language
Hybrid

Effective at scene interpretation
with vision and language;
improved perception reasoning

Large model size; needs
optimization for edge
deployment

Otter.ai Vision Multimodal Processor
Allows visual and conversational
reasoning; enables natural language
queries over imagery

Targeted toward general
applications; integration
with SAGIN requires
custom pipeline

BLIP-2 (Bootstrapped
Language-Image
Pre-training)

Vision + LLM
Balanced performance with lower
resource footprint; good for
semantic fusion

Primarily
pre-training-focused;
less effective for
planning/control

ViLT (Vision
Transformer + LLM)

Vision Transformer +
Text

Efficient end-to-end vision-to-text
fusion; faster inference than some
alternatives

Needs fine-tuning for
domain-specific tasks
such as UAV routing

KOSMOS-2 Multimodal LLM
Unified perception and reasoning
across text and visual inputs; broad
capability scope

Still emerging; limited
evidence for real-time
SAGIN control tasks

Custom LLM + CV
Module

Hybrid Architecture

Combines best of dedicated
perception (YOLO, SAM, ViT)
with LLM reasoning; tailored to
network tasks

Integration complexity;
higher system design
overhead

Federated LLM
Aggregator

Distributed LLM
Approach

Enables privacy-preserving
distributed learning; supports
collaborative optimization

Communication
overhead; challenges
with model
heterogeneity
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5.5. Representing Quantum State and Fidelity Information Through Structured LLM Prompts

LLMs have evolved from n-gram models to transformer architectures, such as bidi-
rectional encoder representations from transformers (BERT), robustly optimized BERT
pre-training approach (RoBERTa), and generative pre-trained transformer (GPT)-3, en-
abling support for more complex natural language processing tasks and hybrid modalities
like images and text. While LLMs in SAGIN-assisted vehicular networks are trained on
general sensor data for broad applicability, this limits performance in specialized driving
scenarios due to a lack of domain-specific data and the potential for generating inaccurate
responses, known as hallucination [145]. Current benchmark open-source LLM archi-
tectures such as LLama, DeepSeek, Qwen, Phi, and Gemma using Hugging Face and
LM Studio cannot process quantum states directly. Furthermore, to deploy intelligent
autonomous AI agents using cutting-edge frameworks such as AutoGen, OpenAI Agents
SDK, LangGraph, n8n, and MCP need summaries from classical data as grounding context:

G(t) ≜
{

ρ̂i(t), Fi(t), KPIj(t), configk(t)
}

(1)

where ρ̂i is an estimated density matrix for link i classical numeric summary, and Fi(t) is
the fidelity of the entangled pair in the quantum teleportation channel. These classical
descriptors are appended to the RAG prompt [146]:

Prompt = RAG
(
operator intent, G(t), K

)
, (2)

where K is the model knowledge base consisting of manuals, topology, previously learned
failure modes. To measure fidelity and entanglement metrics for LLM-assisted quantum
channel optimization for a target pure Bell state ψ and an actual mixed state ρ, the fidelity
is defined as

F(ρ, ψ) = ψρψ (3)

Teleportation or entanglement swapping is useful when the fidelity exceeds the classi-
cal threshold. For single-qubit teleportation, the classical fidelity bound is Fclassical = 2/3;
thus we require F > 2/3 to realize the benefits of quantum teleportation. Multipartite
entanglement may be characterized using measures such as the n-tangle τn for small n.
For a 3-qubit pure state ψ, the 3-tangle τ3 are computed and provide a scalar measure of
tripartite entanglement. Because LLMs require classical grounding of quantum state and
network sensor, define

C(t) = RAG
(
{sensor T (t)}
︸ ︷︷ ︸

Multimodal data

, {ρ̂m,n(t)},
︸ ︷︷ ︸

Estimated density matrices

{Fm,n(t)}
︸ ︷︷ ︸

Fidelities

, K
)
,

where ρ̂m,n(t) denotes a classical estimate for the two-node density matrix and K is a
domain knowledge base [147].

When discussing quantum teleportation fidelity thresholds (e.g., F >
2
3 ) and fragile

quantum links in SAGIN, evaluating their practical feasibility is crucial. Quantum links are
affected by channel noise, pointing and tracking errors, Doppler shifts from high-mobility
platforms, and the complexity of quantum repeaters and entanglement sources. LEO
satellites and HAPs can support quantum key distribution over line-of-sight optical links,
though long-distance entanglement distribution faces challenges such as decoherence and
multipartite entanglement. UAVs can assist in short-range entanglement swapping or
quantum key distribution in controlled conditions, aided by trajectory prediction and
beamforming techniques. Ground stations provide stable anchors for quantum communica-
tion, enhancing stability for both fidelity computation and entanglement distribution [148].
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Considering these practical factors alongside fidelity thresholds allows to map quantum
primitives to SAGIN links while addressing reliability, latency, and hardware constraints.

5.6. LLM-Orchestrated Entanglement Routing in SAGIN

An LLM translates a high-level intent, such as “Establish a high-fidelity entangled link

between edge site A and edge site D with minimal classical control plane overhead; prefer satellite

uplink if terrestrial links fall below fidelity 0.85.” into a sequence of actions: Query G(t) for cur-
rent link fidelities FA-B, FB-C, FC-D. If the direct terrestrial path min(FA-B, FB-C, FC-D) ≥ 0.85,
request entanglement swapping at nodes B and C. Otherwise, propose a satellite-mediated
entanglement distribution and schedule quantum repeater resources [40]. For the entangle-
ment swapping chain of repeaters for three nodes A-B-C, after Bell-state measurements
at B swapping, the end-to-end fidelity FA,C is a function of local fidelity and swap errors.
For idealized depolarizing channels with fidelity FA,B, FB,C and swap map S , a simplified
composition is

ρA,C ≈ S
(
ρA,B, ρB,C

)
, FA,C ≈ fswap

(
FA,B, FB,C

)
. (4)

where fswap is typically increasing in its arguments but lower than the minimum fidelity.
Multipartite entanglement measures for an n-qubit state ρ shared among nodes; multipartite
entanglement is measured by n-tuple τn(ρ) generalized concurrence C(ρ). For pure ψ, the n-
tuple is τn(ψ) = (ψ) and operational use requires τn above protocol-specific thresholds [149].

5.7. RAG Parameterization Template and Evaluation Checklist

To implement RAG for time-sensitive edge intelligence in SAGIN, we propose a
checklist that guides parameter selection and system design:

• Inputs: Multimodal observations, including textual reports, sensor measurements,
visual imagery, and telemetry streams, collected from heterogeneous sources such as
edge devices, UAV platforms, and satellite systems. These inputs reflect both real-time
and near-real-time environmental and operational states.

• Metadata/Time-Stamps: Each input is enriched with auxiliary metadata, including
precise time-stamps, geospatial location, originating node or platform, and semantic
annotations. This metadata enables temporal-aware retrieval, provenance tracking,
and context-sensitive reasoning across distributed nodes.

• Retrieval Strategy:

– Temporal prioritization: Assign higher retrieval weights to recent observations and
temporally relevant data to ensure responsiveness to rapidly evolving scenarios.

– Node-aware caching: Cached or locally stored knowledge at the edge to reduce com-
munication overhead and minimize retrieval latency under constrained network
conditions.

– Similarity metrics: Employ embedding-based similarity measures derived from
multimodal LLMs and SLMs to perform semantic matching across heterogeneous
data modalities.

– Fallback mechanisms: Expand retrieval scope to broader or historical knowledge
sources when recent or local data is sparse, missing, or unreliable.

• Sources of Error:

– Missing, incomplete, or outdated information in local caches.
– Temporal misalignment or synchronization errors across distributed sensing and

computing nodes.
– Retrieval latency exceeding real-time or mission-critical thresholds.
– Semantic inconsistency due to partial retrieval can be identified by answering the

following questions:
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* Latency compliance: Does the retrieval process satisfy end-to-end time-sensitive
and real-time operational requirements?

* Semantic fidelity: Are the retrieved entries contextually accurate and consistent
with current observations and mission intent?

* Temporal accuracy: Are time-stamped inputs correctly ranked and prioritized,
particularly for recent or fast-changing events?

* Cache efficiency: What proportion of retrievals are served from local edge
caches versus remote nodes or cloud resources?

* Robustness to failure modes: How does the system degrade under missing,
delayed, or noisy data conditions?

* Energy and computation overhead: Are RAG-related operations feasible within
the power, memory, and compute constraints of edge devices?

These questions provide a structured methodology for RAG parameter selection, temporal-
aware recall, and systematic evaluation in immersive SAGIN edge intelligence scenarios.

Note, traditional single-modality sensing has limitations in accuracy and adaptability,
and its integration in SAGIN communication systems increases latency. To address these
issues, a semantic-driven integrated multimodal sensing and communication framework
has been developed in [150]. The proposed solution combines radar and image modali-
ties through a multimodal semantic fusion network that uses cross-attention to generate
semantic representations. LLM-based semantic encoder maps these semantics and com-
munication parameters into a unified latent space for efficient encoding. Task-specific
decoding is handled by a sensing semantic decoder that employs multiple heads and
a multi-task learning strategy to enable diverse sensing services. Experimental results
indicate that the proposed method improves sensing accuracy and supports heterogeneous
multi-task requirements, demonstrating the benefits of integrated multimodal sensing and
communication in edge-intelligent SAGIN systems [150].

5.8. Hybrid Quantum–Classical Training and Inference for Next-Generation LLM Models

A commonly proposed hybrid scheme uses parameterized quantum circuits as dif-
ferentiable modules that provide quantum feature embeddings to a classical mapping.
For data vector x and parameterized quantum circuit parameters θ

φ(x; θ) and m(x; θ) = ⟨O⟩φ(x;θ) (5)

An LLM loss function is augmented with a quantum regularizer as follows:

L(ω, θ) = LLLM(ω) + λLQ(θ; ω), (6)

where ω denotes the classical model parameters, LLLM is the cross-entropy token pre-
diction loss, and LQ is a quantum loss such as expectation mismatch, kernel alignment,
or downstream classification computed from measurements m(x; θ). Training is conducted
with hybrid optimizers where quantum gradients are estimated via parameter-shift rules,
and classical gradients are computed using backpropagation [151]. Let t denote continuous
time or discrete time-steps indexed by k. V be the set of vehicles, U the set of UAVs acting
as relay nodes, and B the set of ground base stations. For vehicle i ∈ V at time t we have:
position pi(t) ∈ R

3, velocity vi(t), and data demand Di(t). For UAV u ∈ U we have:
position qu(t), trajectory control au(t), and available quantum buffer or repeater resources
Ru(t). For the classical channel rate between node m and n, we have Cm,n(t) (bits/s).
The quantum link fidelity between m and n is Fm,n(t) ∈ [0, 1]. LLMs parameterized by θ

are used for orchestration and intent translation; prompt and context at time t is C(t) [152].
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LLMs are used as probabilistic policy translators. The LLMs act as a conditional prob-
ability model that maps a natural language intent and context into an action sequence or
policy π to control commands and parameter updates. For token sequence y = (y1, . . . , yT)

conditioned on input prompt x and context C(t),

Pθ

(
y | x, C(t)

)
=

T

∏
r=1

Pθ

(
yr | y<r, x, C(t)

)
. (7)

A decoded sequence ŷ is based on a policy πŷ that maps to low-level network actions
A = {a} via a translator and query vector g:

πŷ = g(ŷ), a(t) = πŷ(t). (8)

Losses and fine-tuning are conducted as the LLM is updated with performance feed-
back from the network throughput, fidelity, and latency. We optimize a reward R(τ) over
execution traces τ using policy-gradient style updates:

LLLM(θ) = −Eŷ∼Pθ(·|x,C)
[
R(τ(ŷ))

]
. (9)

A mixed hybrid loss combining supervised token loss and task reward is

L(θ) = LCE(θ) − λEŷ∼Pθ
[R(τ(ŷ))], (10)

where LCE is the cross-entropy on supervised examples, and λ ≥ 0 trades off the task
reward. In classical wireless channel and UAV mobility, the UAV-ground path-loss and
channel power gain model is

hmn(t) = L0 dmn(t)
−α χmn(t), (11)

where dmn(t) = ∥xm(t) − xn(t)∥ is the distance, α is the path-loss exponent, L0 is a ref-
erence gain, and χmn(t) models shadowing and fading such as Rician with the K-factor
depending on elevation angle for UAV links. The instantaneous classical link capacity
under bandwidth B and transmit power P is approximately

Cm,n(t) = B log2
(
1 + P |hmn(t)|2

N0B+Imn(t)

)
, (12)

where N0 is noise PSD and Imn(t) is interference [153]. The UAV motion dynamics for UAV
u is

qu(k + 1) = qu(k) + ∆t vu(k) +
1
2 ∆t2 au(k), (13)

vu(k + 1) = vu(k) + ∆t au(k), (14)

with constraints ∥au(k)∥ ≤ amax and speed bounds. For quantum link representation,
the density matrices, fidelity, decoherence model a bipartite quantum link between nodes
m and n at time t by estimated density operator ρm,n(t). For a target pure Bell state Φ+,
the fidelity is

Fm,n(t) = Φ+ρm,n(t)Φ
+. (15)

Time evolution under decoherence amplitude damping or depolarizing is modeled as
a quantum noise map Et:

ρm,n(t + ∆t) = E∆t

(
ρm,n(t)

)
. (16)
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At each time step t, the LLM-guided joint optimization problem balances classical
throughput, quantum utility, fidelity, key rate, latency, and the node’s energy consumption.
Let x(t) denote classical resource allocations pertaining to power, spectrum, and scheduling.
Let y(t) denote quantum resource decisions pertaining to entanglement links, and repeater
assignments. The term π(t) ∈ Π is the the LLM generated orchestration plan. The objective
is to maximize

max
x(·), y(·), π(·)∈Π

∑
i∈V

αiCi[x, π](t)

︸ ︷︷ ︸

classical throughput

+ ∑
(m,n)

βmn UQ

(
Fm,n[y, π](t)

)

︸ ︷︷ ︸

quantum utility

− γ Delay[x, y, π](t) − η E[x, y, π](t) (17)

subject to the following constraints:

C1: UAV dynamics: qu(k + 1) = fdyn
(
qu(k), au(k)

)
, ∀u,

C2: Link capacity constraints: Cm,n(k) ≤ B log2(1 + SINRm,n(k)),
C3: Quantum link evolution: ρm,n(k + 1) = E∆t(ρm,n(k); y(k)),

C4: Quantum fidelity thresholds: Fm,n(k) ≥ F
(q)
min, if quantum processing is executed,

C5: Resource constraints: ∑i Pi(k) ≤ Pmax, ∑u Ru(k) ≤ Rtotal,

where UQ(·) denotes a quantum utility function capturing fidelity or key-rate performance
(e.g., UQ(F) = log(1 + κK(F))), and Ci[x, π] represents the classical throughput of user i

under allocation x and policy π [154]. The LLM actions act as constrained priors as the
LLM proposes a candidate π that must satisfy safety and feasibility conditions as

V
(
π, C(t)

)
=







1 if π meets fidelity,

0 otherwise.
(18)

Thus, an action is accepted only if V(π, C(t)) = 1. For hybrid quantum–classical
communication links, the co-design objective with hybrid quantum–classical learning is as
follows: If a hybrid quantum module, modeled as a parameterized quantum circuit with
parameters φ, augments the LLM decision features, then the model training minimizes

min
θ,φ

E

[

Ltask
(
Exec(g(LLMθ(C))), φ

)]

+ λQ RQ(φ), (19)

where Ltask measures network-level performance, and RQ regularizes the quantum module
to limit circuit depth or noise-sensitivity. Gradients with respect to the variable φ are
estimated with parameter-shift and with respect to the variable θ with policy gradients or
supervised gradients. A common deterministic verifier combines

V(π, C) = H
{

min
(m,n)∈Q(π)

Fm,n ≥ Fsafe ∧ Latency(π) ≤ Lmax
}

, (20)

where Q(π) are quantum links that the plan uses, and Fsafe is the minimum acceptable
fidelity. Here, the LLMs must also manage quantum communication session keys, schedule
quantum communication windows, and choose fallback strategies when quantum com-
munication link fidelity is low. LLMs translate the intents for quantum repeater allocation,
multiplexing, and entanglement routing actions. Parameterized quantum circuits provide
feature transforms used by LLMs for tasks such as anomaly detection on quantum sensor
data. Because LLMs avoid actions that would degrade quantum links, every LLM-issued
action must be subject to verification [155]. Let A denote the set of candidate actions
generated by the LLM where we define a verifier function V : A× G → {0, 1} that accepts
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only actions that preserve fidelity thresholds and obey policy constraints. All the indicators
in a group must be simultaneously satisfied, while different groups may carry distinct
requirements [156].

In recent and existing works, publicly available pre-trained LLMs have been trained
on extensive datasets spanning multiple domains, including wireless communications,
enabling these models to incorporate a broad knowledge base. The objective is to extract
latent information embedded within LLMs to develop advanced decision-making mech-
anisms for wireless network deployment. The attenuation experienced by a signal as it
propagates through space is primarily due to the spreading of the wavefront, which reduces
signal power with distance [157]. The free-space path loss model is expressed in decibels
(dB) as

PL (dB) = 20 log10(d) + 20 log10( f ) + 20 log10

(
4π

c

)

, (21)

where d is the distance between the transmitter and receiver in meters, f is the signal
frequency in Hertz, and c is the speed of light, 3 × 108 m/s. Shadowing, or slow fading,
occurs when obstacles such as buildings or trees block the direct path between transmitter
and receiver. It is modeled as a log-normal distribution, where the received power in dBm
is normally distributed around the mean path loss with a standard deviation that depends
on the environment:

Pr(dBm) = Pt(dBm)− PL(dB)− Xσ(dB), (22)

where Pr (dBm) is the received power, Pt (dBm) is the transmitted power, PL (dB) is the
path loss, and Xσ(dB) is a zero-mean Gaussian random variable with standard deviation
σ representing shadowing effects [158]. The exploration is facilitated using the Ornstein–
Uhlenbeck process as

dXt = θ(µ − Xt)dt + σdWt, (23)

where Xt is the process value at time t, θ is the mean-reversion rate, µ is the mean, σ is the
volatility, and dWt is the Wiener process increment [159]. The noise from this process is
added to deterministic policy actions as

a′t = µ(st|θµ) + Nt, (24)

where µ(st|θµ) is the deterministic policy and Nt is the Ornstein–Uhlenbeck noise. LLMs
interpret environmental characteristics and guide base station placement to maximize cover-
age. Instead of relying solely on analytical electromagnetic models, this approach leverages
learning-based perception of the environment. This exemplifies the integration of intelligent
LLM agents with SAGIN for adaptive, robust, and self-optimizing network deployment.
In traffic across different open areas and in traffic jam on main roads, the objective is to
adjust the 3D location and orientation of a base station to maximize coverage and signal
quality for users [160]. The received signal power values are at specified user locations.
The actions include the 3D location (x, y, z) and orientation (α1, α2, α3) of the base station,
with x, y ∈ [−500, 500], z ∈ [20, 120], α1 ∈ [−π, π], α2 ∈ [−π/2, π/2], and α3 ∈ [−π, π].
The LLM-based models benefit from pre-trained knowledge, enabling faster adaptation and
improved performance in interpreting complex instructions. The LLM-based models are
limited by the sequence length they can process but provide richer semantic understanding
of deployment objectives [161]. The pre-training of the LLM enables it to comprehend
objectives clearly and immediately from input prompts, providing a significant advantage
in prior knowledge and objective identification [162]. This formulation also ensures that
the agent’s reward is directly proportional to the signal strength, facilitating targeted and
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efficient learning. Prompt selection is crucial for effectively leveraging LLMs, particularly
when executing driving decisions in connected and autonomous vehicles [163]. To en-
sure the clear and concise description of the state to the LLM, it is crucial we generate
prompts with the assistance of a pre-trained language model [164]. These prompts should
maximize comprehension of the objective and the environment, ensuring that the LLM-
based actor models rely on semantic understanding rather than only on loss functions.
A pool of candidate prompts should be empirically evaluated to select the most effective
prompt [165].

5.9. Keyword-Based Retrievals in SAGIN Data Communication Using LLMs

Additionally, in IoT deployments such as smart cities and autonomous vehicles, AI
and generative AI are essential for scalable connectivity, efficient data processing, intelligent
content generation, and network self-organization. LLMs advance 6G toward an AI-native
paradigm supported by programmable GPU-accelerated libraries [166]. By modeling in-
teractions among network elements, LLMs combined with GPU-accelerated simulations
enable the rapid prototyping and evaluation of communication algorithms. These platforms
support city-scale network simulations, optimizing transmission strategies and enabling
real-time LLM training to improve spectral efficiency and communication fidelity [167].
Integrating geographic information system data further enhances simulation fidelity, pro-
ducing realistic outputs such as channel impulse responses and qubit fidelity metrics.
Combining LLMs with agent-based mechanisms extends their capabilities, bridging clas-
sical and quantum communication paradigms for efficient wireless network design [168].
The integration of generative AI with 6G networks represents a major advancement in wire-
less intelligence [169]. Quantum communication links ensure the high-fidelity transmission
of model outputs, preserving AI result integrity, while generative AI enables context-aware
responses and intelligent content rewriting. Dynamic task management and adaptive
resource allocation based on user demands and network conditions further enhance service
delivery [170].

A critical challenge is optimizing task offloading between LLMs and SLMs under
latency, computational, and fidelity constraints [171]. Quantum-enhanced communication
improves synchronization and fidelity verification between edge and cloud AI models,
enhancing reliability and reducing errors. To address these challenges, fine-tuning and
RAG are widely adopted. Fine-tuning adapts pre-trained LLMs to task-specific data while
preserving general capabilities [172]. RAG integrates LLMs with external knowledge bases,
dynamically retrieving relevant information to improve accuracy and reduce hallucina-
tions. In RAG architectures, data is embedded into vector and keyword indexes to enable
low-latency retrieval. During inference, the LLM identifies user intent and selects relevant
knowledge to guide response generation [173]. Hybrid retrieval methods combining seman-
tic and keyword-based approaches handle linguistic variation and ambiguity effectively.
Structured knowledge segments further support accurate response generation based on
both the query and retrieved context [174].

In hybrid classical–quantum communication architectures, entanglement-assisted
retrieval and processing enable secure, low-latency transfer of knowledge segments be-
tween distributed LLM instances, preserving fidelity and consistency across edge and
cloud deployments. The integration of RAG, fine-tuning, and quantum communication
forms an effective framework for knowledge management in next-generation wireless
networks [175]. Semantic retrieval captures contextual relevance, while keyword-based
retrieval guarantees exact term matching but lacks semantic understanding. Hybrid re-
trieval combines both approaches by mapping queries into high-dimensional embeddings
while ensuring precise keyword matches, improving overall relevance. Embedding mod-
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els convert text and multimodal content for semantic search, enabling LLMs to generate
high-fidelity responses [176].

The architecture stores queries, accurate answers, and relevant or irrelevant contextual
descriptions in vector databases to support low-latency retrieval. Performance is evalu-
ated using metrics such as faithfulness, answer relevance, context precision, and recall.
Quantum-enhanced retrieval helps maintain knowledge base integrity, while multimodal
data processing is essential for extracting key information from unstructured data, im-
proving LLM performance [177]. Optimizing RAG parameters remains challenging and
often relies on empirical tuning. Expanding context windows, simplifying input formats,
and minimizing interface parameters improve sensor data utilization, while incorporat-
ing temporal attributes into retrieval prioritizes up-to-date information for time-sensitive
applications [178].

5.10. Key Findings

Table 8 presents a comprehensive overview of LLM, edge, quantum, and RAG in-
tegration strategies for 6G networks. It summarizes the proposed works, methodolo-
gies, and identified gaps, emphasizing how LLMs, quantum-enhanced communication,
and RAG collectively enable low-latency, high-fidelity, and AI-native 6G services. Key
methodologies include edge–cloud hybrid deployments, multi-agent collaboration, GPU-
accelerated digital twin simulations, quantum-assisted fidelity verification, domain-specific
LLM fine-tuning, and multimodal data embeddings with temporal-aware metrics. The ta-
ble also highlights critical challenges such as hybrid classical–quantum system complexity,
limited training data, reasoning and semantic retrieval limitations, latency and resource
allocation constraints, and the scalable integration of multimodal and temporal information.

As wireless connectivity evolves from linking people to supporting interconnected
machine-type devices, it introduces diverse applications and requirements [97]. While
5G networks provide high data rates, the power consumption of many devices remains
a concern, leading to the development of low-power wide-area networks for long-range,
energy-efficient connectivity [179]. Industrial communication networks address stringent
requirements for automation, while AI-assisted processing in vehicles demands low latency
and high reliability [180].

Table 8. LLM, edge, quantum, and RAG integration for 6G networks.

References Proposed Work Methodology Identified Gaps

[29,30,32]

LLM-assisted learning and
decision-making in 6G
networks; AI-native air
interface; digital twin
simulations.

GPU-accelerated simulations;
city-scale digital twin
integration; channel and qubit
fidelity measurement.

Limited data for LLM training;
reasoning capabilities
constrained; hybrid
classical–quantum integration
challenges.

[167,168]

Edge–cloud hybrid deployment
of LLMs and SLMs for
latency-sensitive 6G tasks;
multi-agent collaboration.

Smaller edge models handle
real-time tasks; cloud models
manage complex computation;
task offloading based on prior
interactions.

Balancing latency and fidelity;
maintaining output quality at
the edge; computational and
network resource allocation.

[127,129,130]

Low-latency, high-fidelity AI
services using SLMs on mobile
and edge devices;
quantum-assisted
communication.

Real-time language translation,
transcription, generative
editing; edge–cloud task
allocation; quantum channels
for secure transmission.

Optimizing offloading
strategies; energy and
bandwidth constraints;
dynamic user and network
conditions.
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Table 8. Cont.

References Proposed Work Methodology Identified Gaps

[131,171]

Quantum-enhanced
communication for fidelity
verification and synchronization
in AI-assisted 6G.

Quantum communication links
between edge and cloud;
federated learning delay
analysis; high-fidelity task
transmission.

Complexity in hybrid
quantum–classical systems;
resource-intensive
implementations; scalability to
large networks.

[145,172,174]

LLM fine-tuning and RAG
integration for domain-specific
accuracy and hallucination
mitigation.

Fine-tuning pre-trained LLMs
on task-specific datasets; RAG
from vector keyword indexes;
hybrid semantic-keyword
retrieval for knowledge
accuracy.

Semantic retrieval may yield
partial matches; keyword
retrieval lacks context;
complexity in parameter
selection and tuning; temporal
context handling.

[175,176,178]

High-fidelity knowledge
management and multimodal
data processing in 6G networks;
evaluation metrics for semantic
accuracy.

Vector database storage of
queries, context, and answers;
multimodal embeddings;
metrics include faithfulness,
relevance, precision, recall;
temporal-aware recall
prioritization.

Complexity of parameter
optimization in RAG; handling
large-scale unstructured data;
integrating temporal relevance
efficiently.

6. Quantum-Enhanced Communication for Ultra-Intelligent SAGIN

Quantum communication and entanglement enhance coordination and system per-
formance, enabling reliable task execution [143]. High-fidelity data transmission over
entangled quantum links is critical for seamless autonomous driving and immersive vehic-
ular environments [181]. Quantum-enhanced communication improves data integrity and
authentication, while quantum-assisted sensing enables precise localization, supporting
ultra-reliable and low-latency communication for coordinating autonomous vehicles and
UAV swarms [182]. In multi-component environments, competition for radio resources
poses significant challenges. Quantum communication enhances reliability and information
exchange across heterogeneous and disjoint networks [183].

Cell-free network architectures reduce signaling overhead and improve reliability by
allowing multiple base stations to jointly process transmissions. Network heterogeneity
will further increase with the emergence of micro-operators, diverse radio access technolo-
gies, and smaller cell sizes enabled by higher frequency bands [184]. Radio-frequency
wireless energy transfer requires efficient spectrum allocation and adaptive strategies to
sustain energy-constrained devices [185]. Intelligent, software-defined networks enable dy-
namic orchestration of end-to-end applications, where real-time localization, optimization,
and distributed intelligence are essential. Quantum entanglement supports reliable synchro-
nization and high-fidelity data exchange in dynamic environments, while energy-efficient
devices are critical for massive and mission-critical machine-type communications [186].
An extensive overview of quantum communication systems is provided in [187].

6.1. Improved Quantum Processing for Real-Time Optimization in 6G Networks

Improved quantum processing enhances decision-making, reduces latency, and main-
tains communication fidelity. Current transceiver designs need ultra-low power con-
sumption, which is achieved through integrated systems and event-driven architectures.
Sub-GHz bands with simple modulation schemes such as on-off keying achieves power
consumption below 100 nW while ensuring high signal integrity [188]. Ambient backscatter
communications minimizes costs and power needs by modulating radio frequency signals
from ambient sources, while techniques such as spatial null-steering manage direct-path
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interference. In bi-static configurations, optimizing path loss maximizes coverage, and inte-
grating quantum entanglement in backscatter devices enhances communication fidelity.
Energy harvesting supports long-lasting, battery-free devices and ensures coexistence
with legacy receivers by shifting backscattered signals to guard bands or low-interference
sub-bands [189].

The integration of quantum-enhanced detection techniques improves the reliability of
signal decoding under ultra-low-power conditions, ensuring secure network operations.
Efficient downlink signaling recognition allows quick frame decoding and reachability,
while short duty cycling reduces power consumption. Adaptive receiver blocks are essential
for capturing signals in zero-energy or self-powered scenarios, adjusting to varying context
and channel conditions [190]. These receivers must detect active channels across wide
frequency bands, maintaining high fidelity amid strong signal interference cancellation
to simultaneously support numerous devices effectively. Non-orthogonal solutions are
crucial for managing massive traffic over grant-free channels, even without channel state
information. Innovative random access protocols and persistent scheduling are needed to
handle diverse traffic characteristics [191].

Quantum communication enhances reliability and security for these networks. Non-
orthogonal multiple access (NOMA) is vital for efficient shared resource access, requiring
effective user detection and data decoding to minimize collisions. Advanced receivers with
multi-user detection and interference cancellation algorithms enhance performance. CSI is
key to improving communication fidelity, although real-time CSI acquisition is impractical
in dense networks [192]. Intelligent beamforming approaches conserve energy while main-
taining performance. The presence of small cells and non-terrestrial constellations allows
for better random access performance, and quantum entanglement further enhance colli-
sion resolution. Persistent scheduling and resource allocation are essential for managing
heterogeneous traffic and QoS requirements [190].

Modern random access schemes effectively handle sporadic and bursty traffic, but pe-
riodic and time-sensitive applications with strict latency and jitter requirements bene-
fit from persistent scheduling. By categorizing traffic for sporadic, periodic, or event-
driven transmissions and applying various access schemes to enhance performance [193].
Entanglement-assisted synchronization provides precise timing and phase coherence across
devices. Point-to-multipoint delivery within core networks is crucial for transmitting con-
tent to multiple devices while maintaining stable QoS [194]. Quantum communication
principles enhance the fidelity and security of these transmissions, ensuring reliable de-
livery across diverse devices while conserving energy and spectrum. These applications
require ultra-reliable, low-latency services that approach wired communication perfor-
mance. Key performance indicators include end-to-end latencies as low as 0.1 milliseconds
and block error rates (BLERs) around 10−9 [195].

6.2. Quantum Communications Assisted by LLMs in 6G Networks

The current adaptation for ultra-reliable low latency communication through shorter
transmission time intervals is inefficient for SAGIN. Resource allocation should leverage
predictable application requirements and utilize flexible, resource-efficient solutions [196].
LLMs identify traffic patterns and optimize scheduling, allowing applications to declare
transmission characteristics. Resource allocation is then optimized across multi-link and
heterogeneous networks, with careful consideration of time bounds and resource costs.
LLMs enhance resource awareness by monitoring and predicting resource availability,
improving overall efficiency [81]. Quantum communication can boost reliability and
coordination, ensuring robust operations across varied networks. Additionally, creating
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digital twins allows for decision simulation, preventing overload while supporting resource
allocation that meets stringent timing guarantees [197].

Semi-persistent scheduling and methods for cellular vehicle-to-everything and time-
sensitive networking must evolve to function effectively in distributed environments.
LLMs enable programmable wireless environments that adapt to the requirements of
reliable transceiver design, managing collisions caused by rapidly changing network
topologies and high density transmissions, such as vehicle to vehicle communication [198].
Collision-tolerant transceivers and grant-free NOMA methods separate users experienc-
ing collisions, while full duplex operation ensures reliable reception [199]. They must
be adapted to resource-constrained vehicles and uplink-dominant networks, raising chal-
lenges for two-way trust and requiring secure protocols that generate keys based on
device fingerprints.

Critical advancements include ultra-massive MIMO, intelligent reflecting surfaces,
and the convergence of space and terrestrial infrastructure [200]. Spectrum use will expand
from sub-6 GHz to THz and visible light communications, demanding Tbps-level through-
put, sub-millisecond latency, and the ability to support billions of connected devices in
energy-efficient, reliable architectures [201]. End-to-end network operations will rely on in-
telligent orchestration, incorporating AI-driven analytics. LLMs will enable hyper-localized
micro-operators and service provisioning, while network slicing allows for per-application
customization. Effective monitoring and verification strategies must be implemented in
both network infrastructure and end devices to ensure performance guarantees. Overall,
LLMs will enhance the adaptability of networks and applications based on user profiles
and contextual information [202].

6.3. Quantum Communication and Fidelity Metrics for Secure and Ultra-Low-Latency Links

To support heterogeneous networks, including satellite constellations, quantum com-
munication techniques enhance security and fidelity in data transmission. Fidelity metrics
will be crucial for evaluating entangled states and ensuring reliable quantum key distri-
bution. Integrating classical and quantum networking paradigms facilitate new service
classes, such as holographic communications and mission-critical applications [106]. LLMs
enable interactions between management planes and third parties, optimizing management
for virtual operators under policy-based control. By utilizing a service-based architecture,
LLMs automate services at the edge cloud and support dynamic network customization
and service composition. Service communication proxies ensure secure, low-latency inter-
service communication, while LLMs enable slice-specific deployments tailored to resource
requirements [203]. The decomposition of user plane functions into modular services fos-
ters dynamic deployments and ensures end-to-end reliability. Increasing protocol diversity
will address the growing scale of requests [204].

LLMs will facilitate coordination across access, backhaul, and core domains, promot-
ing service discovery and load balancing while maintaining domain autonomy. LLMs
will adapt to user-driven requirements and leverage profiles for intelligent network seg-
ment selection. Distributed agents in each segment will autonomously coordinate service
deployment, meeting communication needs [205]. Quantum-enabled LLMs will ensure
the integrity of quantum links while maintaining performance guarantees across diverse
network segments. High-precision sensor and analytics will enable predictive orchestra-
tion, ensuring fidelity in both classical and quantum communications [86]. The growing
complexity of these scenarios requires distributed management systems without a single
control point. This approach will leverage sensor networks, quantum-enhanced analytics,
and LLMs to meet the demands of cloud-native applications [206].
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6.4. Challenges in UAV–Vehicle Quantum Communications Across Dynamic Environments

The realization of quantum communication between UAVs and ground vehicles
introduces some challenges. Although quantum communication promises secure and ultra-
low latency information exchange, its deployment on airborne and vehicular platforms
remains constrained by the limited computational and energy resources available on
UAV-embedded processors and vehicular edge servers. Generating, storing, transmitting,
amplifying, and receiving quantum information requires both stable quantum hardware
and high-fidelity control operations, which are extremely sensitive to noise, mobility-
induced disturbances, and environmental fluctuations. These challenges are intensified
in noisy intermediate-scale quantum (NISQ) devices, which lack full error-correction
capabilities and therefore struggle to maintain coherent quantum states over extended
periods [144]. The key challenges associated with UAV–vehicle QC are described below:

• Limitations in number of usable qubits: The exponential scaling of quantum state
space means that an n-qubit quantum system occupies a Hilbert space of size 2n,
requiring substantially greater computational and memory resources to manipulate,
simulate, and transmit as n increases [207]. In UAV–vehicle settings, where pro-
cessors have stringent constraints on power consumption, weight, and size, only a
small number of qubits can realistically be supported. This restricts the complexity
of quantum communication protocols that can be executed onboard and limits the
feasibility of advanced quantum algorithms that require large entangled registers for
optimal performance.

• Limitations in quantum measurement Effective QC requires accurate quantum mea-
surements and high-quality quantum memory to store incoming photons for suffi-
ciently long durations to preserve their encoded information. In mobile platforms such
as UAVs and vehicles, vibration, thermal fluctuations, and rapid changes in orientation
introduce disturbances that can alter the quantum state during measurement [187].
Even minimal inaccuracies during measurement collapse the state unpredictably, lead-
ing to significant fidelity loss. As a result, maintaining measurement precision in
constantly changing airborne and roadway environments presents a major barrier to
reliable quantum communication.

• Restriction in amplification of quantum signals: Classical communication systems
often rely on signal amplification to extend communication range, but quantum sig-
nals cannot be amplified due to the no-cloning theorem. Since the exact state of a
qubit cannot be copied or reconstructed, lost quantum amplitude cannot be recov-
ered mid-transmission [187]. This constraint severely limits the distance over which
quantum information can be transmitted between UAVs and vehicles. Addition-
ally, atmospheric attenuation, scattering, and weather-induced turbulence further
degrade signal strength, making long-distance quantum communication in dynamic
air-to-ground channels particularly challenging.

• Scalability of qubits: Embedding UAVs and vehicles with multiple qubits and en-
abling reliable short-range connectivity between qubits is non-trivial. Physical qubits
often require cryogenic cooling, electromagnetic shielding, or highly stable optical cav-
ities, none of which are easily integrated into lightweight UAV hardware [187]. Even
if small quantum processors could be embedded, limited qubit connectivity restricts
the ability to perform multi-qubit operations efficiently. This leads to longer operation
times, increased decoherence risk, and the reduced scalability of onboard quantum
communication systems, slowing down tasks such as entanglement distribution and
multi-node quantum networking.

• Low error tolerance: Quantum information encoded within a single photon is ex-
tremely sensitive to noise introduced by atmospheric conditions, scattering, turbulence,
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and hardware imperfections. While quantum error correction can theoretically protect
information using multiple redundant physical qubits, implementing these schemes
requires additional qubits and computational overhead, which exceeds the capabilities
of UAV and vehicular platforms [208]. Consequently, quantum communication links
between UAVs and vehicles suffer from decoherence and signal degradation over short
distances, significantly reducing the achievable reliability of quantum transmissions.

• Preservation of quantum states: Preserving the fidelity of quantum states is essential
for ensuring that the transmitted information remains accurate and usable at the
receiver end. Quantum memories can store and process information from multiple
sources simultaneously, but their stability is strongly affected by motion dynamics
and environmental conditions [208]. As UAV trajectories change due to navigation
adjustments, wind patterns, or altitude shifts; the reference frame for previously stored
quantum states may drift, making earlier stored states less relevant or even unusable.
This limits the effectiveness of quantum repeaters or state buffering techniques during
UAV–vehicle QC sessions.

Figure 5 illustrates a future vision of a quantum-enhanced, LLM-enabled SAGIN
supporting autonomous vehicular communications. In this architecture, autonomous
vehicles maintain continuous connectivity through LEO CubeSats and UAVs. Sensor data
collected by vehicles is processed using LLMs, which provide high-level reasoning and
decision-making capabilities. However, LLMs are resource intensive, and their deployment
on vehicular edge servers depends on platform capabilities and manufacturer-specific
hardware. Additionally, effective LLM deployment requires scenario-specific dataset
preparation, vision-model construction, and model fine-tuning. As sensor data volumes,
model sizes, and prompt computations continue to grow, the associated computational and
storage demands often exceed the limited resources available on vehicular edge platforms.
To address these constraints, several emerging works propose executing LLM workloads on
NISQ devices or qubits embedded within vehicular edge servers. The resulting quantum-
processed information can then be transmitted to other vehicles or infrastructure nodes
over classical communication channels, creating hybrid classical–quantum interactions.

Furthermore, this approach enables distributed processing of complex LLM tasks
while accommodating the resource limitations of edge platforms. Figure 5 also illustrates
an autonomous driving scenario comparing standard prompting and chain-of-thought
prompting for LLM-based decision-making. In standard prompting, the LLM generates a
direct driving action in response to a situation, for example, a pedestrian near a crosswalk,
a green traffic light, and a slowing leading vehicle. This produces a concise response,
such as reducing speed, maintaining a safe following distance, and preparing to stop,
prioritizing speed and simplicity for low-risk or time-critical situations. In contrast, chain-
of-thought prompting guides the LLM to explicitly analyze potential hazards, apply traffic
rules, and determine the safest driving action. The resulting structured reasoning considers
pedestrian unpredictability, sudden braking by the leading vehicle, and right-of-way regu-
lations. While standard prompting enables rapid responses, chain-of-thought prompting
supports safer and more interpretable decision-making when combined with rule-based
safety mechanisms and sensor fusion in complex, real-world autonomous driving scenarios.

The high mobility of UAVs poses challenges for integrating quantum hardware into
SAGIN. Quantum links, including entanglement distribution and quantum key distribution,
are sensitive to alignment, pointing accuracy, and channel stability. Rapid UAV movement
introduces variations in line-of-sight paths, Doppler shifts, and pointing errors, degrading
quantum state fidelity and link reliability. To mitigate these issues, UAV-mounted quantum
hardware requires lightweight, robust optical terminals with fast beam-tracking, adaptive
error correction, and stabilization mechanisms. High-mobility UAVs may also adopt hybrid
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strategies, performing short-range quantum operations onboard while offloading long-
distance, sensitive tasks to ground stations or high-altitude platforms with lower relative
mobility. Addressing these challenges is critical for effectively implementing quantum
primitives in UAV-assisted SAGIN links while ensuring security and reliability.

Figure 5. Future vision of a quantum-enhanced, LLM-enabled SAGIN. Autonomous vehicles maintain
connectivity through coordinated terrestrial, UAV, and LEO CubeSat networks. Vehicle-generated
multimodal sensor data is processed by LLMs at edge servers for perception, decision-making,
and network optimization. Limited vehicular resources motivate NISQ devices or embedded qubits
for quantum-assisted LLM inference, enabling hybrid classical–quantum communications. UAVs
provide flexible airborne links, CubeSats extend global coverage, and terrestrial systems ensure
high-capacity access. Quantum-enhanced LLMs enable distributed inference, multimodal fusion,
adaptive resource management, and secure, resilient SAGIN operations in mission-critical scenarios.

6.5. Key Findings

Table 9 provides a detailed summary of recent works on integrating LLMs in SA-
GINs. It highlights the proposed contributions, methodologies, and identified research
gaps, emphasizing the convergence of LLMs, quantum communication, and AI-driven
orchestration for 6G networks. The methodologies cover a wide range of approaches
including RAG-based multimodal knowledge retrieval, low-power deployments, quantum-
secured communication, entanglement-assisted links, energy-aware device orchestration,
ultra-reliable low-latency communication, AI-assisted resource monitoring, and digital
twin-based decision-making. The table also identifies critical challenges such as efficient de-
ployment in massive heterogeneous networks, latency and reliability trade-offs, energy con-
straints, coexistence with legacy systems, dynamic collision handling, and context-aware
AI deployment at scale. Overall, this summary underscores the potential of combining
LLMs, quantum technologies, and intelligent orchestration for resilient, energy-efficient,
and ultra-low-latency SAGIN operations.
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Table 9. Summary of proposed works, methodologies, and identified gaps for integration of LLMs
in SAGINs.

References Proposed Work Methodology Identified Gaps

[97]
Integration of LLMs with RAG and
enterprise knowledge bases for
communication

LLMs with RAG for high-fidelity,
multimodal knowledge retrieval
and user intent understanding

Efficient deployment in massive
heterogeneous networks; potential
latency in real-time operations

[180] Low-power, reliable connectivity
AI-assisted vehicular data
processing for low-latency
communication

Scalability for billions of devices in
6G; energy-efficient design for
large-scale deployments

[184]
Real-time control for digital reality
applications

Quantum-secured communication,
error correction, energy-efficient
sensor networks

High-throughput low-latency links
remain challenging; power vs.
reliability trade-offs

[143]
Quantum-enhanced
communication for autonomous
vehicle navigation

Entanglement-assisted links,
localized coordination

Complexity in multi-stakeholder
radio environments; integration
with legacy networks

[181]
Personalized body area networks
and Internet of Senses

Wireless energy transfer,
bio-implants, entangled quantum
links, haptic feedback

Energy constraints for wearables;
latency and reliability in immersive
applications

[183] Ultra-reliable communication
Quantum communication, resource
allocation in unlicensed bands

Spectrum contention; need for
standardized protocols

[185] Energy-depleted device support
Spectrum allocation, energy-aware
device orchestration

Efficient energy distribution

[186]
Dynamic orchestration of
end-to-end applications

Software-defined networks,
quantum entanglement for
synchronization, distributed
intelligence

Implementation complexity;
performance in heterogeneous
dense networks

[188]
Ultra-low power quantum
transceivers

Sub-THz bands, simple modulation
(on-off keying), integrated
event-driven architectures

Scaling to dense networks;
maintaining fidelity with
minimal power

[189]
Ambient backscatter and
energy-harvesting

Spatial null-steering, path-loss
optimization, entanglement
backscatter

Interference management;
coexistence with legacy systems

[190]
Advanced transceiver design and
random access

Adaptive receivers, CSI-based
intelligent beamforming

Real-time CSI acquisition
challenges; dynamic collision
handling

[194]
Point-to-multipoint delivery with
quantum principles

Quantum-enhanced
synchronization, persistent
scheduling

High-fidelity delivery under
variable QoS constraints;
energy optimization

[195]
Ultra-reliable, low-latency
communication for life-critical
applications

Latency∼0.1 ms, error rate∼10−9,
predictable resource allocation

Efficient resource allocation;
balancing latency and
energy efficiency

[81]
LLM-assisted resource awareness
and scheduling

Monitoring network resource
availability using LLMs

Integration of LLMs in networks;
computational overhead

[197] Digital twins for mMTC devices
Decision-making for overload
prevention and resource allocation

Real-time scalability; high-fidelity
digital twin modeling

[199]
Smart contracts for autonomous
transactions

Blockchain for resource-constrained
vehicles

2-way trust in uplink-dominant
networks, secure key generation

[201]
Ultra-massive MIMO, THz and
visible light communications,
AI orchestration

Intelligent network orchestration,
spectrum expansion, AI-driven
analytics

Energy-efficient operation at
Tbps-level throughput; integration
of space–terrestrial infrastructure

[202]
LLM-enabled hyper-localized
network adaptation

Network slicing, contextual
adaptation, AI-based monitoring
and verification

Context-aware AI deployment for
large-scale 6G; verification of
performance guarantees
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Table 10 summarizes the key challenges in implementing quantum communication be-
tween UAVs and vehicles, along with their corresponding impacts on system performance.
The table highlights fundamental limitations such as the restricted number of usable qubits,
which constrains onboard algorithmic complexity, and the sensitivity of quantum measure-
ments to environmental disturbances, mobility-induced noise, and vibrations, leading to
rapid decoherence. It also emphasizes the inherent inability to amplify quantum signals
due to the no-cloning theorem, limiting communication range and increasing susceptibility
to atmospheric attenuation. Scalability issues arise from hardware constraints, limited
inter-qubit connectivity, and cooling or shielding requirements, which hinder the deploy-
ment of large quantum registers on mobile platforms. Additionally, the low error tolerance
of quantum states and the practical challenges in quantum error correction reduce link
reliability. Finally, preserving quantum states during UAV motion is challenging, as shifting
reference frames and trajectory dynamics degrade stored quantum information, further
impacting overall fidelity. This summary underscores the significant technical obstacles
that must be addressed to achieve robust UAV–vehicle quantum communication.

Table 10. Challenges and impacts in UAV–vehicle quantum communications.

Challenge Impact on UAV–Vehicle Quantum Communication

Limitations in number of
usable qubits

Exponential resource growth with qubit count restricts UAVs and vehicles to very
small quantum registers, limiting the complexity of algorithms and protocols that can
be executed onboard.

Limitations in quantum
measurement

Environmental disturbances, vibrations, and mobility-induced noise reduce
measurement accuracy, leading to rapid decoherence and fidelity loss during photon
storage and readout.

Restriction in amplification
of quantum signals

No-cloning theorem prevents amplification of quantum states, reducing
communication range and making UAV–vehicle quantum communication highly
susceptible to atmospheric attenuation and channel loss.

Scalability of qubits
Hardware constraints, limited inter-qubit connectivity, and additional shielding or
cooling requirements hinder the deployment of scalable quantum processors on UAVs
and vehicles, increasing operation time and decoherence risk.

Low error tolerance

High sensitivity of quantum states to channel noise and hardware imperfections
increases the likelihood of decoherence and makes quantum error correction
impractical on lightweight mobile platforms, reducing reliability of quantum
communication links.

Preservation of quantum
states

Quantum memories degrade under motion dynamics and shifting reference frames,
causing previously stored states to become irrelevant or distorted as UAV trajectories
change, reducing overall communication fidelity.

6.6. Open Issues in SAGIN Communications

Table 11 summarizes recent works in 6G and SAGIN, highlighting the proposed
concepts, methodologies, and identified research gaps. The table identifies limitations in ex-
isting studies, including challenges in multi-band interoperability, scalability in dense UAV
and CubeSat deployments, synchronization and CSI sharing overhead, interference man-
agement in multi-layer networks, and the limited integration of intelligent edge processing
and adaptive resource allocation. Our analysis addresses these challenges in several ways.
First, we explore adaptive and cooperative strategies across UAVs, CubeSats, and terrestrial
nodes to enhance network reliability, coverage, and throughput. Second, we investigate
dynamic spectrum management, integrated access and backhaul, and multi-layer coordina-
tion for optimizing end-to-end performance. Finally, we emphasize the role of intelligent
edge processing, including quantum-enhanced decision-making, to handle heterogeneous,
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multimodal, and non-i.i.d. data across SAGIN nodes. Table 11 highlights these contribu-
tions, emphasizes the research gaps we address, and underscores the novelty and relevance
of LLMs in SAGIN.

Table 11. Summary of key references, proposed work, methodologies, and identified research gaps in
6G and SAGIN architectures.

References
Proposed Work/
Concept

Methodology/Technical Approach Identified Gaps/Challenges

[209]

Real-time reconfigurable
6G framework across
multiple frequency
bands

Adoption of dynamically configurable
architectures using the
[0.095 THz, 3 THz] spectrum; support
for seamless mobility across
heterogeneous frequencies

Need for efficient real-time
adaptation and interoperability
across multi-band systems without
merging existing wireless interfaces

[210]
Cell-free massive MIMO
for user-centric
connectivity

Dense deployment of low-cost access
points and fog nodes to minimize path
loss and ensure uniform service

Synchronization and CSI exchange
overhead between access points;
scalability and complexity in
dense networks

[211]
Cooperative CSI
management in cell-free
architectures

Local CSI acquisition for precoding
and UAV-assisted signal processing to
reduce centralization

High complexity and latency in CSI
sharing; challenges in maintaining
real-time responsiveness

[24]
Fronthaul optimization
for vehicular and UAV
communications

Clustering vehicles and bidirectional
over-the-air signaling to reduce
fronthaul load

Excessive fronthaul data rates
(e.g., >1 Gigabits per second for
64 vehicles); scalability and
bandwidth constraints in dense
deployments

[212]
Integrated access and
backhaul for
mmWave 6G

Use of limited fiber-connected access
points providing wireless backhaul to
others while sharing spectrum with
access links

Interference accumulation and
variable data load across hops;
cost-effective fiber deployment
limitations

[213]

Traffic-aware integrated
access and backhaul
systems for dense
networks

Dynamic spectrum reuse for
simultaneous access and backhaul;
hop-based load balancing

Interference mitigation and
throughput optimization across
multiple hops remain open issues

[214]
Integration of terrestrial,
airborne,
and spaceborne layers

Deployment of LEO satellites for
broadband, CubeSats with solar energy
harvesting for power efficiency

LEO motion complicates
synchronization; limited flexibility
of high-gain antennas for mobile
use; interference management

[215]
Adaptive beamforming
and space-time coding
for mobile CubeSat links

Combination of adaptive beamforming
and coding to counter missing CSI in
dynamic conditions

Limited CubeSat processing and
power; requirement for robust
trajectory tracking mechanisms

[216]
Characterization of
mmWave propagation
in dynamic topologies

Evaluation of Doppler shifts, carrier
frequencies, and antenna array
parameters in multi-layer SAGINs

Intermittent satellite transmissions
and multi-layer interference leading
to unstable connectivity

[217]

Broadcast/multi-cast
optimization for vehicle
networks using 5G
new radio

Use of OFDM to enhance uplink
coverage and power efficiency

Limited scalability for large-scale
THz broadcast; robustness against
phase noise

[218]
THz communication for
ultra-high data rate 6G
systems

Exploiting THz transmission windows
and directional antennas for up to
1 Terabits per second links

Severe propagation loss, water
vapor absorption, and need for
dense antenna arrays for reliable
transmission
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Table 12 summarizes key references in terahertz (THz) and optical wireless communi-
cation systems, highlighting proposed concepts, methodologies, and identified research
gaps. The table identifies limitations in existing works, including sensitivity to phase noise,
hardware and power constraints, challenges in adaptive beamforming, and computational
complexity for ultra-high data rate processing. It also points out issues with accurate
channel modeling, trajectory tracking, and integration of hybrid optical–radio frequency
and multi-access schemes. Our survey identifies these challenges by exploring intelligent
signal processing, adaptive resource allocation, advanced modulation, and multimodal
integration strategies. Additionally, the table emphasizes the need for scalable, energy-
efficient, and low-latency designs to enable reliable terabit-level THz links and resilient
optical wireless communication systems for next-generation 6G networks. Table 12 high-
lights critical contributions, clarifies research gaps, and underscores the practical relevance
of advanced THz and optical communication solutions.

Table 12. Summary of THz and optical wireless communication (OWC) systems: key references,
proposed work, methodologies, and research gaps.

References Proposed Work/Concept Methodology/Technical Approach Identified Gaps/Challenges

[217]
Single-carrier sub-THz
systems

Envelope detection receivers,
MIMO with energy detection for
low-power, low-complexity
operation

Sensitivity to phase noise; need for
high spectral efficiency under
quasi-optical propagation

[219]
Energy and
complexity-constrained
modulation schemes

Index modulation, high-rate
impulse radio, joint optimization of
analog and digital signal processing

Efficient implementation for
ultra-massive MIMO and adaptive
subarray architectures; system
complexity

[220]
Intelligent reflecting
surfaces and ultra-massive
MIMO

Non-line-of-sight propagation
enhancement, beamforming with
adaptive array-of-subarrays

Performance under dynamic
channel conditions; real-time
adaptive beamforming

[221]
Hybrid/analog
beamforming in
THz systems

Adaptive array-of-subarrays,
independent subarray analog
beamforming

Hardware constraints, power
limitations, and scalability for
large arrays

[222]
Dynamic bandwidth
adaptation in
THz channels

Distance-dependent,
absorption-defined bandwidth
allocation for short and
long-range links

Accurate channel characterization
and real-time adaptation to
molecular absorption effects

[43]
Resource allocation for
THz communication

Joint optimization of frequency,
bandwidth, and antenna resources

High-speed digitalization limits
due to sampling rates; highly
parallelized processing required

[13]
Efficient baseband
processing for terabit links

Parallelized channel coding and
signal processing architectures

Computational intensity of channel
coding; ultra-high data rate support
for backhaul and smart mobility

[3]
Ultra-reliable low-latency
THz communication

High-gain directional antennas and
ultra-narrow beamwidths for
long-distance links

Intermittent connectivity, trajectory
tracking, and low-latency
guarantees

[64]
Optical wireless
communication (OWC)

Infrared, visible, and ultraviolet
bands; LEDs and photodetectors for
line-of-sight and
non-line-of-sight links

Signal limitations due to intensity
modulation with direct detection;
channel modeling for mobility
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Table 12. Cont.

References Proposed Work/Concept Methodology/Technical Approach Identified Gaps/Challenges

[223]

Visible light
communication and hybrid
optical–radio frequency
networks

Spatial modulation, optical MIMO,
light emitting diodes, high-order
quadrature amplitude modulation

Hardware nonlinearities affecting
spectral efficiency; integration with
radio frequency systems; accurate
channel estimation

[45]
Advanced modulation and
multi-access schemes

OFDM-based waveforms,
power-domain/code-domain
NOMA, rate splitting, iterative
training algorithms

Self-interference in full-duplex,
interference management in
NOMA, synchronization and
channel estimation challenges

6.6.1. Optical Wireless Communication (OWC) Networks for High-Fidelity
Semantic Transmission

Beyond the THz spectrum, optical wireless communication (OWC) networks are being
explored to provide broadband connectivity in the optical frequency range, including the
infrared (187–400 THz, 750–1600 nm), visible (400–770 THz, 390–750 nm), and ultravio-
let (1000–1500 THz, 200–280 nm) bands [224]. OWC offers extremely high bandwidth,
robustness to electromagnetic interference, high spatial confinement, enhanced security,
and operation in unlicensed spectrum [64]. Free-space optical communication, particularly
infrared OWC systems, is commonly deployed for long-range, high-speed point-to-point
links such as ultra-broadband wireless backhaul, and, to a lesser extent, for indoor commu-
nications [225].

Visible light communication is an OWC technology operating in the visible spec-
trum and is a promising solution for local broadband connectivity [217]. In visible light
communication systems, all baseband processing at the transmitter and receiver occurs
in the electrical domain. Data is encoded and transmitted over line-of-sight or non-line-
of-sight (NLoS) optical channels using light-emitting diodes with wide fields of view or
laser diodes with narrow fields of view [64]. At the receiver, photodetectors convert the
data-carrying light back into electrical signals for baseband processing. Commercial optical
transceivers typically achieve data rates up to 100 Mbps, while laboratory demonstrations
have reached hundreds of Gbps [226]. Because light-emitting diodes and photodetectors
are well-established, low-cost, and commercially available, visible light communication is
being explored to complement existing communication technologies [223].

However, integrating LLMs into OWC networks presents unique challenges. LLMs,
which require substantial computational resources for real-time data processing and se-
mantic interpretation, introduce a layer of complexity to the communication architecture.
The primary challenge is the need for the efficient, low-latency processing of large-scale lan-
guage models at the edge of the network, where bandwidth and computational resources
may be constrained. Additionally, the seamless integration of LLMs with OWC systems
demands reliable, high-speed data transmission with minimal interference, especially when
dealing with real-time content generation and contextual understanding. The deployment
of such models on edge devices or even within the network could introduce additional
overhead in terms of both computation and data transmission, potentially reducing the
system’s overall performance.

Quantum communication, while offering promising advantages in terms of security
and unbreakable encryption, also poses significant challenges for integration into OWC
networks. The inherent fragility of quantum states makes it difficult to maintain stable
communication over long distances, especially in free-space optical channels. Quantum key
distribution, which relies on the transmission of quantum states such as photons, requires
precise alignment and low-loss transmission paths, something that is hard to achieve in
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dynamic, NLoS environments. The integration of quantum communication systems with
OWC networks requires overcoming issues related to signal attenuation, atmospheric
interference, and the need for specialized hardware capable of handling quantum bits
(qubits) alongside classical data. Moreover, the current technology for quantum repeaters
and secure transmission over long distances is still in development, making its practical
application in large-scale OWC networks an open research avenue.

6.6.2. Challenges in Integrating LLMs and Quantum Communication in Long Range Cell
Free Massive MIMO Networks

Long-range massive MIMO enhances the range and coverage of access points (APs)
and improves channel capacity for long-distance communications. Coherent joint trans-
mission between adjacent APs boosts performance at cell edges, creating a long-range
cell-free network. However, line-of-sight (LoS) channels are vulnerable to shadowing and
blocking, leading to coverage gaps. This method requires higher backhaul capacity and
faces synchronization issues due to propagation delays [227]. Integrating LLMs into this
architecture introduces additional challenges. LLMs require substantial computational re-
sources and low-latency access to data, which can strain the backhaul and edge-processing
capabilities of long-range massive MIMO systems. The distributed nature of cell-free archi-
tectures complicates the deployment of LLM-based semantic processing, as coordinating
model inference across multiple APs demands strict synchronization and reliable high
throughput links.

Furthermore, the dynamic nature of wireless environments can hinder the consistent
delivery of the large parameter updates or contextual data needed by LLMs, potentially
degrading the quality of semantic communication. Quantum communication also presents
significant challenges for integration into this architecture. Quantum states are extremely
sensitive to noise, atmospheric conditions, and hardware imperfections, making their
transmission across long-range massive MIMO or coordinated AP deployments difficult.
Quantum communication and other quantum protocols require precise timing, alignment,
and minimal loss channels, which are hard to achieve in a distributed network with varying
propagation delays. Additionally, the coexistence of classical and quantum signals in the
same infrastructure demands specialized transceivers and strict isolation mechanisms,
further complicating system design and increasing implementation complexity.

6.6.3. LLM Computational Strain and Quantum Channel Fragility in High-Frequency LEO,
HAPS, and IRS Enabled Networks

Utilizing millimeter-wave (mmWave) and THz frequencies from LEO satellites en-
hance rural coverage, particularly when combined with HAPS. However, deploying many
LEO satellites is costly and increases interference. Intelligent reflecting surfaces (IRSs) can
mitigate coverage gaps by directing signals to weak areas and are powered by renewable
sources, making them a low-cost alternative to additional access points [228]. However,
their effectiveness decreases with increasing distance between the source and destination.
The integration of affordable computing and vast IoT data supports edge and fog comput-
ing, emphasizing the need to transition from centralized cloud computing to more localized
solutions [229]. Integrating LLMs into this architecture requires substantial computational
resources and low latency access to distributed data, which strains the limited processing
capabilities available on LEO satellites, HAPS, and IRS-assisted links.

The highly dynamic nature of mmWave and THz channels further complicates the
deployment of LLM-based semantic processing, as maintaining stable and high throughput
connections for model inference or updates becomes difficult. In addition, coordinating
LLM operations across heterogeneous nodes, including edge devices and satellite platforms,
demands precise synchronization and efficient resource allocation, which are challenging
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in these network environments. Quantum communication also poses challenges when inte-
grated into architectures that rely on mmWave and THz frequencies with LEO satellites and
HAPS. Quantum signals are extremely sensitive to noise, atmospheric absorption, pointing
errors, and Doppler effects, which are exacerbated in high-mobility and long-distance satel-
lite links. Implementing quantum communication and other quantum protocols requires
low loss optical or specialized quantum channels, which cannot be easily guaranteed in
systems that rely on high-frequency radio links or IRS-assisted paths. Furthermore, the co-
existence of classical and quantum communication in shared infrastructures necessitates
additional hardware complexity, precise alignment, and strict isolation, making large-scale
quantum integration technologically challenging.

6.6.4. Integration Challenges for LLM Semantics and Quantum Links in High-Frequency
SAGIN Systems

Free-space optics in various frequency bands support high-speed links, while fixed
wireless access offers effective solutions for last-mile connectivity [76]. These networks,
which must provide ubiquitous coverage, include terrestrial mobile networks, geostationary
and non-geostationary satellites, HAPS, and high-altitude intelligent balloon systems.
Additionally, free-space optics operating in Q, V, E, D, and W bands complement fiber-
based backhaul and support high-speed links, while fixed wireless access using millimeter-
wave and V-band frequencies offers cost-effective solutions for last-mile connectivity [58].
Furthermore, the [95 GHz, 3 THz] bands have recently been opened by the U.S. Federal
Communications Commission (FCC) for experimental use, enabling the research and
development of higher-frequency communication technologies. The transition to higher-
frequency bands does not aim to merge existing technologies into a single wireless interface;
rather, it focuses on supporting seamless mobility across diverse frequencies [209].

In massive MIMO, access points with large antenna arrays serve multiple users si-
multaneously. Dense deployments of low-cost access points and fog nodes, with users
located near multiple access points, reduce path loss and improve diversity. Unlike Coordi-
nated Multi-Point (CoMP) and traditional MIMO, cell-free networks adopt a user-centric
approach, providing nearly uniform performance across the coverage area rather than
maximizing peak data rates [210]. Integrating LLMs and quantum communication into
this architecture poses significant challenges. LLM inference demands high computa-
tional power and low-latency access to distributed data, straining edge resources and
complicating synchronization across multiple access points. Quantum communication
adds further complexity, as quantum states are highly sensitive to noise, atmospheric
attenuation, and alignment errors, making stable THz-frequency transmission difficult. Co-
existence of classical and quantum links increases hardware complexity and requires precise
coordination, further complicating integration within cell-free massive MIMO systems.

6.6.5. Challenges of CSI and Synchronization in Dense Cell-Free Massive MIMO Networks

Cell-free massive MIMO relies on a dense deployment of access points connected by
suitable fronthaul links in crowded areas with high traffic [24]. These networks operate
across various frequency bands, achieving high data rates over short distances, especially
when multiple neighboring access points provide connectivity. Integrated access and back-
haul networks are crucial in dense environments, particularly at mmWave frequencies,
where fiber connections to all access points may be costly [212]. In integrated access and
backhaul setups, a few fiber-connected access points offer wireless backhaul to others while
serving mobile devices, using the same spectrum for both roles. This approach varies
from traditional relays, as the data load differs across hops and interference depends on
aggregated traffic [213]. Access procedures in cell-free networks differ from traditional
systems, requiring cooperative efforts from neighboring access points and new synchro-
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nization mechanisms [230]. While offering scalable and energy-efficient connectivity for
6G applications, cell-free networks face challenges with CSI exchange. Access points use
locally acquired CSI for precoding, while drones handle signal processing. Synchronization
allows for signal combination without explicit CSI sharing, but sending CSI to the UAV for
centralized processing increases complexity and latency [211].

6.6.6. Synchronization and Connectivity Challenges in SAGIN with IAB

As 6G networks grow denser and more spectrum diverse, integrated access and
backhaul will be vital for efficient deployment. An integrated space and terrestrial network
consists of spaceborne, airborne, and ground-based layers. The spaceborne layer includes
LEO satellites, which provide broadband due to their proximity, improving signal-to-noise
ratio and reducing latency [24]. However, extensive ground coverage requires many LEO
satellites, and their motion complicates synchronization. Satellite communication links
primarily use LoS, introducing delays over long distances. Traditional high-gain antennas
are less flexible for mobile use, and interference limits performance.

The airborne network serves as a vital layer, offering high-speed aerial connectivity
through technologies like mmWave links, adaptive antenna arrays, and massive MIMO.
Solar panels on CubeSats enhance energy efficiency by providing a consistent power
source [214]. The airborne communications network must maintain reliable connectiv-
ity while CubeSats and vehicles are in motion, requiring precise trajectory tracking and
adaptive beamforming. In cases where channel state information for coherent spatial
multiplexing is unavailable, space–time coding combined with adaptive beamforming is
essential [215]. CubeSats’ processing and transmit power are also limited by harvested solar
energy. Dynamic topology, intermittent satellite transmissions, and multi-layer interference
add complexity to SAGIN management [216].

6.6.7. Adaptive Beamforming and MIMO Challenges in Sub-THz Networks

Single-carrier links are conventionally preferred for sub-THz links due to their sim-
plicity and efficiency, although they are affected by phase noise. Novel envelope detection
receivers are being proposed for sub-THz communications to facilitate frequency down-
conversion [231]. MIMO systems with energy detection ensure high spectral efficiency
while maintaining low power and complexity in conditions challenging for traditional
coherent detection. Despite exhibiting quasi-optical propagation characteristics, THz com-
munications retain several microwave-like features [217].

Intelligent reflecting surfaces enhance NLoS propagation, while ultra-massive MIMO
techniques support efficient beamforming [220]. As digital beamforming evolves, hybrid or
analog methods using adaptive array-of-subarrays are also increasingly used. Techniques
such as index modulation, high-rate impulse radio, and the joint optimization of analog
and digital signal processing are being explored for energy and complexity-constrained
systems [219]. As digital beamforming capabilities evolve, hybrid or analog beamforming
methods employing adaptive array-of-subarrays architectures could be implemented,
allowing each subarray to perform independent analog beamforming [221].

6.6.8. THz Networks: LLM and Quantum Communication Challenges

At higher THz frequencies, molecular absorption becomes increasingly significant,
resulting in a spectrum divided into multiple transmission windows, each ranging from
tens to hundreds of gigahertz in width for high-speed communication [232]. Single-carrier
modulation schemes can support data rates exceeding tens of gigabits per second [233].
Beyond conventional schemes, dynamic bandwidth algorithms have been proposed to
adapt to the distance-dependent, absorption-limited channel bandwidth for both short and
long-range links [222]. However, efficient resource allocation strategies that jointly manage
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frequency, bandwidth, and antenna resources are yet to be realized to fully exploit the THz
band. Another major challenge arises from the digitization of large-bandwidth signals [43].
Future communication systems target extreme data rates, with peak values reaching 1 Tbps
and user experience rates of 1 Gbps across all data transfers [1]. Regardless of user location,
these systems aim for high spectral efficiency, with peak values of 60 b/s/Hz and an
average per-user spectral efficiency of approximately 3 b/s/Hz. Bandwidths of up to
10 gigahertz in mmWave bands and 100 gigahertz in THz and visible light bands are
envisioned [12]. Energy efficiency targets 1 Tb per Joule, while ultra-low latency of 0.1 ms
with jitter below 1 µs is essential. Extremely high reliability is also required to support
dense deployments and emerging applications that demand consistent connectivity under
highly dynamic network conditions [232].

Although THz channels support bandwidths exceeding 100 gigahertz, the sampling
rates of current digital-to-analog and analog-to-digital converters are limited to about
100 gigasamples per second. Consequently, highly parallelized systems and efficient
signal processing architectures are required [234]. Channel coding, a computationally
intensive component of baseband processing, demands efficient parallel schemes to support
terabit-per-second operations in wireless backhaul, where long transmission distances
require high-gain directional antennas and ultra-narrow beamwidths [13]. In high-mobility
scenarios, ultra-fast data transfers are needed to mitigate intermittent connectivity between
vehicles and infrastructure, requiring reliable, low-latency links [3]. As data traffic grows,
broadcast and multi-cast networks become increasingly important for efficiently delivering
the same information to multiple vehicles. Current 5G new radio systems use orthogonal
frequency-division multiplexing (OFDM) and discrete Fourier transform-spread OFDM for
improved uplink coverage and power efficiency, while single-carrier waveforms such as
discrete Fourier transform-spread OFDM are more robust to phase noise [217]. For THz
communications above 100 gigahertz, water vapor absorption creates distinct transmission
windows with minimal atmospheric loss. The small effective areas of terahertz antennas
necessitate high-gain directional designs or dense arrays of low-gain elements [218].

6.6.9. Visible Light Communication and Hybrid Optical–Radio Frequency Networks for
Efficient Data Transmission

Optical links are crucial for data transmission and energy harvesting, facilitating
energy-autonomous devices. Visible light communication is particularly effective in envi-
ronments where traditional radio frequency communications fail, such as in-cabin airplane
connectivity and underwater communications [235]. However, visible light communication
relies on intensity modulation with direct detection, which imposes limitations on signal
transmission. To overcome these limitations, deploying a hybrid optical–radio wireless net-
work create a flexible communication system that adapts to changing environments [236].
Accurate visible light communication channel modeling is essential, particularly regarding
vehicle mobility and orientation, while integrating visible light communication with radio
frequency systems with transmission schemes such as spatial modulation and advanced
optical MIMO techniques to enhance performance.

While high-order quadrature amplitude modulation enhances spectral efficiency, its
advantages may decrease due to hardware nonlinearities [237]. Power-domain NOMA
enables users to decode messages based on SNR levels, while code-domain NOMA en-
hances SNR at the cost of added interference. Rate splitting further divides messages into
private and common parts for efficient data recovery. Iterative algorithms focus on training
communication systems with unknown channels and ensuring synchronization, covering
channel estimation, equalization, and signal detection [238]. Integrating LLMs into hy-
brid optical–radio frequency architectures presents substantial challenges, as coordinating
model inference across multiple devices while maintaining real-time performance strains
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edge and fog computing resources. Quantum states are highly sensitive to noise, alignment,
and interference in optical and radio frequency channels. Ensuring stable quantum commu-
nication and entanglement-based communication requires precise control and specialized
hardware, increasing system complexity and design constraints in these hybrid networks.

Hence, LLMs are expected to be deployed to enhance network intelligence and user
experience. Cloud LLMs support global optimization and long-term planning, while
edge LLMs provide domain specific reasoning with low latency for RAN control. On-
device LLMs consist of compact distilled models that ensure privacy and enable semantic
compression. Intent-based networking maps high-level goals to resource allocation de-
cisions, and semantic communications focus on transmitting meaning rather than raw
data, with Isemantic ≪ Ibit-level. LLMs also facilitate automated failure diagnosis using
multimodal inputs and support human-centric interfaces for natural language interaction.
Despite their promise, LLMs introduce several challenges that must be addressed for
reliable deployment in communication networks. Latency and determinism are critical,
as inference time τLLM must satisfy real time control constraints τLLM ≤ τctrl. Trust and
safety require mitigating hallucinations and adversarial threats through grounding and
verification mechanisms. Privacy and governance are essential for the secure handling of
sensor and user data included in prompts. Additionally, energy efficiency is a key concern,
demanding strategies to reduce the computation and carbon footprint associated with
large-scale LLM inference while maintaining performance and responsiveness.

6.7. Incorporating Protocol Learning in 6G SAGINs

Protocol learning is vital for next-generation networks, particularly in 6G SAGIN.
It supports adaptive and self-optimizing communication protocols through DRL, LLM-
based decision-making, and distributed intelligence. This enables nodes, including UAVs,
CubeSats, and terrestrial platforms, to autonomously adjust routing, scheduling, and re-
source allocation based on dynamic network conditions. Moreover, protocol learning
enhances the semantic-driven edge intelligence by optimizing communication protocols in
real time. The authors in [239] also highlight the potential of integrating protocol learning
with quantum-enhanced LLMs to improve adaptability, reliability, and overall network
performance in complex and mobile 6G environments [239]. In the proposed quantum-
enhanced edge intelligence framework, it is crucial to distinguish between tasks that require
quantum computing and those manageable by advanced classical architectures. Quan-
tum computation is needed for large-scale optimization in network resource allocation,
secure coordination using entanglement, and specific quantum ML tasks that offer ex-
ponential speedup. Conversely, many inference and semantic processing tasks such as
multimodal feature extraction, RAG, and channel-adaptive semantic encoding can be han-
dled effectively by advanced classical systems like GPUs and specialized AI accelerators.
Additionally, edge-level decision-making, digital twin synchronization, and task-oriented
decoding can benefit from high-performance classical computing with model compression
techniques. By mapping tasks to appropriate resources, designers can optimize resource
use, simplify hardware complexity, and deploy quantum-enhanced edge intelligence effec-
tively across integrated networks spanning space, aerial, and ground nodes [239].

7. Conclusions and Future Work

This paper investigated the integration of UAVs, CubeSats, and terrestrial systems
in 6G networks to support SAGIN for IMT 2030. It analyzed how UAVs enabled flexible
airborne connectivity, CubeSats extended global low-latency coverage, and terrestrial in-
frastructures utilize uninterrupted high-bandwidth communication. The study emphasized
interoperability, coordinated resource allocation, and seamless interaction among SAGIN
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nodes for ultra reliable communication. It further examined LLMs for intelligent network
management and quantum communication for security and latency reduction. Numerous
existing works have hypothesized that in the next decade, quantum-enhanced LLMs will
be able to provide a resilient way to improve routing, bandwidth allocation, resilience,
privacy, and adaptive edge intelligence for overall effectiveness.

The survey revealed that the integration of LLMs, traditionally dependent on cloud
infrastructures due to their substantial computational requirements, introduces a new
paradigm when synergized with quantum-enhanced communication links. Quantum
communications significantly improve the reliability, security, and latency of data exchange
between edge devices and central processing units, thereby enabling smaller-scale models
known as SLMs with fewer than a billion parameters to operate efficiently on mobile and
edge platforms. These edge-deployed SLMs, characterized by reduced energy consumption
and improved responsiveness, support a wide range of applications such as real-time
translation, transcription, generative image editing, and personalized content management.
Consequently, reliance on centralized cloud systems is minimized, fostering more natural
and localized user interactions. In vehicular networks, for example, mobile and edge LLM
agents collaboratively generate real-time accident reports. Mobile agents perceive the
surrounding environment and share intermediate observations with edge agents, which
aggregate the contextual information and provide optimized strategies back to mobile
agents for localized decision-making. This cooperative paradigm promotes context-aware
and adaptive communication across heterogeneous network layers.

This survey presented six key contributions advancing quantum-enhanced edge intel-
ligence in SAGINs with LLM integration. First, we examined how quantum-assisted LLMs
enable real-time decision-making and efficient network management in 6G SAGINs, acting
as distributed cognitive agents for context-aware optimization. Second, we evaluated
distributed quantum inference across UAVs, CubeSats, and terrestrial nodes, highlighting
gains in latency, reliability, and scalability. Third, we assessed quantum-assisted multi-
modal data fusion for bandwidth-efficient and interoperable communications. Fourth, we
integrated quantum-secure links with LLM-based semantic control to enhance privacy and
data security. Fifth, we investigated LLM-driven edge intelligence for UAV and CubeSat
nodes, emphasizing context-aware learning and self-organizing behaviors. Finally, we
proposed performance metrics and benchmarking frameworks to quantify the impact of
quantum-enhanced LLM integration on latency, reliability, and throughput. Together, these
contributions address critical research questions on LLM deployment, quantum-assisted
optimization, and secure adaptive communications, providing a foundation for future
sustainable and intelligent SAGIN architectures.

Future research should focus on enhancing the performance of LLMs in dynamic wire-
less environments while addressing privacy and data protection concerns during collabora-
tive inference. Although the application of LLMs in telecommunications is still in its infancy,
their potential for network specification management, anomaly detection, and performance
optimization is considerable. The integration of textual, visual, and domain-specific data
further enhances capabilities such as spectrum management, semantic reasoning, and local-
ization in 6G networks. Energy efficiency, explainability, and ethical deployment will be
essential to ensure the responsible and sustainable utilization of LLMs in next-generation
communication systems. Furthermore, the development of domain-specific datasets and
quantum-assisted training frameworks will be instrumental in realizing intelligent, au-
tonomous, and resilient communication within SAGINs. As a future work, the authors aim
to investigate the role of LLMs in enhancing environmental cognition, scene perception,
obstacle avoidance and computer vision in connected and autonomous vehicles. Next,
the authors aim to process these LLMs on NISQ qubits and study the trade-off between
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fidelity, entanglement and latency in the safe driving of SAGIN-assisted connected and
autonomous vehicles.
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Abbreviations

The following abbreviations are used in this manuscript:

3D Three Dimensional
3GPP Third Generation Partnership Project
5G Fifth Generation (Communication networks)
6G Sixth Generation (Communication networks)
ACAP Adaptive Computing Acceleration Platform
AI Artificial Intelligence
AR Augmented Reality
BERT Bidirectional Encoder Representations from Transformers
BS Base Station
CNN Convolutional Neural Network
CoMP Coordinated Multi-Point
CSI Channel State Information
DL Deep Learning
DRL Deep Reinforcement Learning
FL Federated Learning
FSO Free-Space Optical
GANs Generative Adversarial Networks
GEO Geostationary Earth Orbit
GHz Gigahertz
GPT-3 Generative Pre-trained Transformer-3
HAPS High-Altitude Platform Stations
i.i.d. Independently Identically Distributed
IoIT Internet of Intelligent Things
IoT Internet of Things
IM/DD Intensity Modulation with Direct Detection
IMT International Mobile Telecommunications
IRS Intelligent Reflecting Surfaces
ITU International Telecommunication Union
LEDs Light-Emitting Diodes
LEO Low Earth Orbit
LLM Large Language Models
LMMSE Linear Minimum Mean Square Error
LSE Least Squares Error
MEC Multi-Access Edge Computing
MIMO Multiple Input Multiple Output
ML Machine Learning
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MLLM Multimodal Large Language Model
NLoS Non-Line-of-Sight
NOMA Non-orthogonal Multiple Access
OFDM Orthogonal Frequency-Division Multiplexing
OTFS Orthogonal Time Frequency Space
PAPR Peak-to-Average-Power Ratio
QoS Quality of Service
QAM Quadrature Amplitude Modulation
RAN Radio Access Network
RoBERTa Robustly Optimized BERT Pre-training Approach
RSS Received Signal Strength
SAGIN Space–Aerial–Ground Integrated Networks
SNR Signal-to-Noise Ratio
SLM Small Language Models
THz Terahertz
UAV Unmanned Aerial Vehicle
VR Virtual Reality
XR Extended Reality
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