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Abstract

Large language models (LLMs) are rapidly transforming the design and operation of communication
systems, while the advent of sixth-generation (6G) networks provides the infrastructure necessary
to sustain their unprecedented scale. This survey investigates the bidirectional relationship between
LLMs and 6G networks from two complementary perspectives. From the perspective of LLM for
Network, we illustrate how LLMs can enhance network management, strengthen security, optimize
resource allocation, and act as intelligent agents. By leveraging their natural language understanding
and reasoning capabilities, LLMs offer new opportunities for intent-driven orchestration, anomaly de-
tection, and adaptive optimization beyond the scope of conventional AI models. From the perspective
of Network for LLM, we discuss how 6G-native features such as integrated sensing and commu-
nication, semantic-aware transmission, and green resource management enable scalable, efficient,
and sustainable training and inference of LLMs at the edge and in the cloud. Building on these two
perspectives, we identify key challenges related to scalability and efficiency, robustness and security,
as well as trustworthiness and sustainability. We further highlight open research directions as well. We
envision that this work serves as a roadmap for cross-disciplinary research, fostering the integration of
LLMs and 6G toward trustworthy and intelligent next-generation communication systems.

Keywords: large language models; 6G network; edge intelligence

1. Introduction
The evolution of mobile communication networks has progressed rapidly from 5G to the vision

of 6G, enabling unprecedented capabilities in connectivity, intelligence, and service delivery [1]. Com-
pared with 5G, 6G is envisioned to provide global coverage, ultra-low latency, ultra-dense connectivity,
high-precision positioning, and ultra-reliable and secure communications, while maintaining low
power consumption and high energy efficiency [2–4]. Overall, the 6G vision can be characterized by
"global coverage, all spectra, full applications, all senses, all digital, and strong security," representing an
evolution from enhanced mobile broadband and the Internet of Everything in 5G toward an intelligent
and fully connected world [2]. To achieve these ambitious goals, 6G is expected to integrate commu-
nication, computation, sensing, control, storage, and artificial intelligence into a unified architecture,
transforming networks from conventional data transmission systems into intelligent, adaptive, and
sustainable infrastructures [5].

In parallel, the emergence of Large Language Models (LLMs), such as ChatGPT [6], DeepSeek [7],
Gemini [8], and LLaMA [9], has profoundly transformed the landscape of artificial intelligence, demon-
strating remarkable capabilities in language understanding, reasoning, and multimodal integration [10].
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Trained on vast and heterogeneous datasets in an autoregressive manner, LLMs develop robust gen-
eralization and in-context learning capabilities, enabling broad knowledge acquisition and effective
adaptation to various downstream tasks. These capabilities have also driven strong performance in
domain-specific applications beyond natural language processing, such as healthcare [11,12] and legal
analysis [13]. As artificial intelligence continues to evolve toward foundation models capable of reason-
ing, perception, and decision-making, LLMs are increasingly regarded as universal cognitive engines
with the potential to drive automation and optimization in complex networked systems [14,15].

The integration of LLMs and 6G networks is expected to drive a new wave of intelligence
in communication systems. From the LLM for Network perspective, the cognitive and reasoning
capabilities of LLMs can substantially enhance network management, resource optimization, and
security [1,5]. From the Network for LLM perspective, 6G provides the high-speed, low-latency, and
pervasive connectivity required to support scalable LLM training, deployment, and real-time infer-
ence [16]. Together, these advancements lay the foundation for intelligent, adaptive, and collaborative
end–edge–cloud systems. Table 1 provides an overview of these studies. The survey in [1] reviews
the use of LLMs for communication, networking, and service management, covering representative
applications and implementation challenges across heterogeneous network domains. The work in [2]
outlines the vision, requirements, and architectural trends of 6G, providing a critical discussion of
enabling technologies, testbeds, and open challenges to guide future development. In [5], the authors
offer a comprehensive review of foundational principles for integrating LLMs into telecommunications,
categorizing applications into generation, classification, prediction, and optimization, and highlighting
key enablers such as reinforcement learning and prompt engineering. The survey in [10] focuses on
mobile edge intelligence for supporting LLM workloads, emphasizing resource-efficient designs and
collaborative edge–cloud execution. The work in [14] examines federated LLMs across pre-training,
fine-tuning, and deployment, identifying major issues including privacy protection, communication
efficiency, and robustness in large-scale distributed training. In the industrial domain, [17] investigates
how foundation models enable General Industrial Intelligence (GII) in IIoT systems and introduces
the SCCE framework—spanning sensing, computing, connectivity, and evolution—to guide LMaaS
deployment. The study in [18] envisions LLM deployment at the 6G edge, analyzing challenges in
model compression, inference acceleration, and semantic communication under distributed AI-native
infrastructure. Finally, [19] provides a systematic overview of energy-efficient design principles for
green edge AI, covering training, data acquisition, and on-device inference. Compared with the
aforementioned works, which predominantly examine either how LLMs can benefit communication
networks or how 6G can support LLM development, our survey adopts a bidirectional and integrative
perspective.

Table 1. Existing Tutorials on the Integration of LLMs and 6G Networks.

Refs. Focus
[1] Applications of LLMs in communication, network, and service management.
[2] A overview of 6G vision, technologies, architecture, and challenges.
[5] Principles and enabling techniques for applying LLMs in telecommunications.

[10] Mobile edge intelligence and edge–cloud collaboration for LLMs.
[14] Federated learning frameworks for large-scale LLM training.

[17] Surveyed foundation models for enabling GII in IIoT and proposed the SCCE
framework.

[18] Edge deployment and optimization of LLMs in 6G systems.
[19] A survey on energy-efficient design for green edge AI.

This work A unified bidirectional survey bridging "LLM for Network" and "Network for LLM".

On one hand, LLMs enhance high-level network intelligence in 6G systems across four major
domains: management, security, optimization, and agent-based interaction. In network management,
LLMs interpret operator intents, translate them into service or configuration policies, and support
automated orchestration across heterogeneous network environments, thereby advancing zero-touch
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operation. From the security point of view, LLMs improve intrusion detection and threat analysis by
transforming traffic flows, logs, and textual threat intelligence into semantically meaningful represen-
tations that enable more accurate and explainable analysis. In addition, LLMs contribute to channel
prediction by modeling CSI sequences using their strong sequence-learning capabilities, and they assist
resource optimization by leveraging in-context learning and reasoning-based decision refinement.
Furthermore, multiple LLM-based agents can coordinate with one another, enabling more adaptive
and cooperative behaviors that strengthen a wide range of emerging 6G applications. Collectively,
these advances illustrate how LLMs can substantially strengthen the intelligence and autonomy of
AI-native 6G networks.

On the other hand, 6G provides the necessary architectural and physical foundations to support
scalable and efficient LLM training and inference. Integrated Sensing and Communication (ISAC)
provides LLMs, especially multimodal LLMs, with richer and more fine-grained sensory inputs,
thereby improving situational understanding and multimodal reasoning accuracy. High-capacity and
low-latency 6G links further facilitate distributed LLM execution, including edge caching, parameter-
efficient fine-tuning, and split or federated training and inference across end, edge, and cloud. In
addition, semantic- and task-oriented transmission reduces redundant data exchange and helps pre-
serve user privacy by communicating only task-relevant features or representations, thereby improving
communication efficiency. Finally, energy-efficient sensing, computation, and communication mecha-
nisms in 6G mitigate the substantial energy demands of LLM workloads, enabling more sustainable
and scalable deployment of large models. From this perspective, 6G not only provides connectivity
but also acts as a key enabler of capable, efficient, and sustainable LLM ecosystems.

In this paper, we focus on the co-evolution of LLMs and 6G systems, covering both how LLMs
enhance 6G network intelligence and how 6G infrastructures enable scalable, real-time, and trustworthy
LLM applications. Our goal is to provide a comprehensive roadmap for research at this emerging
intersection, highlighting key design principles, enabling technologies, and system-level trends that
will shape future LLM–6G integration. The main contributions are summarized as follows:

• We establish a unified two-perspective taxonomy, namely LLM for Network and Network for
LLM, to systematically describe the co-evolution of LLMs and 6G systems. This framework
overcomes the limitations of prior surveys that examine only a single direction.

• A comprehensive synthesis of how LLMs enhance 6G network intelligence in four principal
domains is provided: network management, network security, network optimization, and agent-
based interaction. For each domain, we summarize representative approaches, enabling tech-
niques, and the emerging trend toward AI-native network operation.

• We analyze how fundamental capabilities of 6G systems, including advanced sensing, high-
capacity and low-latency transmission, semantic and task-oriented communication, and energy-
efficient design, support scalable, timely, and sustainable LLM training and inference.

• Major challenges are identified at the intersection of LLMs and 6G, such as scalability, robustness,
trustworthiness, privacy, and sustainability. Building on these challenges, we outline promising
research directions related to model-network co-design, cross-layer optimization, and future
AI-native architectures.

The remainder of this paper is organized as illustrated in Figure 1. Section 2 introduces the fundamen-
tals of LLMs and 6G paradigm. Section 3 introduce how LLMs can enhance network management,
security, optimization and agents-based interaction. Section 4 investigates how 6G technologies em-
power LLMs across perception, transmission, intelligence, and sustainability. Section 5 discusses open
challenges and research directions. Finally, Section 6 concludes the paper.
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Figure 1. Outline of this paper.

2. Preliminary
2.1. LLM Fundamentals
2.1.1. Model Architecture

LLMs are mostly built with Transformer-based architecture [20] which have sparked a significant
paradigm shift in the domain of natural language processing and computer vision [21], demonstrating
exceptional performance on a broad range of language tasks. Transformers process inputs by tokenizing
them and adding embeddings with positional encoding. The standard architecture includes an encoder
for feature extraction and token relationship modeling via self-attention, and a decoder for sequence
generation using masked attention and cross-attention with encoder outputs. Variants such as multi-
head [20], multi-query [22], and grouped-query attention [23] further enrich the modeling capacity.

Transformer-based models are generally categorized as encoder-only, encoder–decoder, or
decoder-only architectures. Encoder-only models focus on language understanding by extracting tex-
tual features for tasks such as classification. A typical example is BERT [24], pre-trained with masked
language modeling and next sentence prediction. Encoder–decoder models use encoder outputs for
cross-attention in the decoder. Representative examples include T5 [25], which reformulates natural
language processing tasks into a unified text-to-text format, and BART [26], which adopts a denoising
autoencoder strategy by combining BERT-style encoding with GPT-style decoding. Decoder-only
models apply unidirectional attention, where each token attends only to previous ones. Most large
LLMs, such as PaLM [27], and LLaMA [9], adopt causal decoding.

2.1.2. Unimodal and Multimodal LLMs

Since traditional LLMs are mainly applied to textual data, the uni-modal model training for LLMs
limits their ability to comprehend other data types beyond text. For instance, traditional LLMs like
GPT-3 and BERT only rely on textual inputs. However, in numerous real-world scenarios, language
comprehension is not limited to textual context but also visual cues, auditory signals, and contextual
sensing information from diverse sensors [28]. To address the above issue, academia and industry
extensively delve into the paradigm of Multimodal LLMs (MLLM) shown in Figure 2. A typical
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MLLM can be abstracted into three modules, i.e., a pre-trained modality encoder, a pre-trained LLM,
and a modality interface to connect them [29]. Drawing an analogy to humans, modality encoders
such as image/audio encoders are human eyes/ears that receive and pre-process optical/acoustic
signals, while LLMs are like human brains that understand and reason with the processed signals [30].
In between, the modality interface serves to align different modalities. Some MLLMs also include
a generator to output other modalities apart from text [31]. Since most LLMs are limited to textual
inputs, bridging the gap between natural language and other modalities has become essential [30].
Training large multimodal models in an end-to-end manner, however, is prohibitively costly, both
computationally and financially [32]. Current research therefore emphasizes modality alignment
through multimodal pre-training and multimodal instruction tuning. Pre-training enables models
to correlate heterogeneous inputs and enhance cross-modal understanding, while instruction tuning
adapts them to specific tasks with modality-labeled data [33].

Figure 2. The structure of large multi-modal modal.

2.2. 6G Vision and Paradigms

The evolution from 1G to 5G has continuously advanced wireless communication capabilities
in terms of data rate, latency, and connectivity. Nevertheless, 5G remains insufficient to meet the
demands of emerging applications such as extended reality, holographic communication, autonomous
driving, and industrial automation, which require extreme reliability, ultra-low latency, and Tbps-
level throughput [34]. To address these challenges, 6G is envisioned as an AI-native and sustainable
network that goes beyond mere performance improvements [35]. Its key performance targets include
terabit-per-second peak data rates, sub-millisecond latency, connection densities of 108/km2, and
six-nines reliability, along with the enhanced energy efficiency and ubiquitous global coverage [2].
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Beyond these performance targets, 6G introduces paradigm shifts in network design and opera-
tion that can be broadly characterized as perceiving more, transmitting faster, transmitting smarter
and greener. First, 6G is expected to enhance environmental awareness through ISAC, where base
stations serve simultaneously as transmitters and sensors to support high-precision localization and
situational awareness [36]. This capability is further extended by Space–Air–Ground Integrated Net-
works (SAGIN), which coordinate satellites, UAVs, and terrestrial infrastructures to achieve seamless
coverage and global-scale perception [37]. Second, to meet the stringent requirements of Tbps-level
data rates and sub-millisecond latency, 6G leverages terahertz communications and ultra-massive
MIMO technologies [38]. These innovations provide unprecedented bandwidth and spatial multiplex-
ing gains, though they also introduce new challenges in terms of hardware design, beamforming, and
channel modeling [38]. Finally, 6G aims to make communication more intelligent and sustainable.
Semantic communication shifts the focus from transmitting raw bits to delivering task-relevant infor-
mation [39], thereby reducing redundancy and improving efficiency, while joint resource optimization
algorithms [19] enable low-cost, energy-efficient control of the wireless propagation environment.
Collectively, these paradigms illustrate that 6G is not only faster and more reliable but also more
intelligent, adaptive, and sustainable, laying the foundation for supporting large language models and
other AI-native services.

Figure 3. Overview of 6G Vision.

3. LLM for Network
LLMs are becoming an important source of intelligence for next-generation communication

networks. They can process diverse network inputs, including operator intents, system logs, traffic
flows, alarms, and textual threat reports, and convert them into structured representations. With their
semantic understanding and contextual reasoning, LLMs support a range of network functions and
assist decision-making. As shown in Figure 4, LLMs enhance four key areas of network operation:
management, security, optimization, and agent-based interaction. This section reviews these areas and
outlines the shift from rule-based, reactive operation to data-driven and cognitive network intelligence.
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Figure 4. Overview of LLM for network.

3.1. LLM for Network Management

Network management underpins the reliable operation of communication systems across het-
erogeneous domains such as mobile, vehicular, cloud, and edge networks. Conventional rule-based
or script-driven approaches are increasingly insufficient to cope with the scale and complexity of
modern infrastructures. LLMs provide a new paradigm by parsing natural language intents, capturing
semantic relationships, and integrating cross-domain knowledge into machine-executable actions. We
highlight two representative functions that illustrate how LLMs can enhance both the planning and
operational aspects of network management: intent-driven configuration and automated orchestration.

3.1.1. Intent-Driven Configuration

Intent-Based Networking (IBN) aims to automate network management by turning high-level
operator intents into device-level configurations. LLMs improve this process by offering stronger
natural-language understanding and more stable intent parsing across vendors and network settings.
LLM-NetCFG [40] presents a locally deployed LLM-based framework that automatically generates,
verifies, and deploys network device configurations from natural-language intents, thereby avoiding
the privacy risks of cloud-hosted LLMs. It integrates configuration generation, syntax and semantic
validation, and automated orchestration, and shows high accuracy and reduced human errors in a
zero-touch configuration testbed. In [41], the authors propose a full LLM-centric intent-management
architecture that spans intent decomposition, negotiation, translation, activation, and assurance. Eval-
uations on a real 5G testbed demonstrate that this architecture can support closed-loop, zero-touch
operation for diverse intent types. [42] develops a hierarchical policy-abstraction model that refines
high-level business intents into consistent and verifiable low-level policies across multiple abstrac-
tion layers. This layered refinement improves the scalability, traceability, and conflict detection of
intent-based control. For cellular networks, [43] applies program-synthesis techniques by designing a
domain-specific intent language and using SMT/CEGIS methods to generate precise and verifiable
configurations from operator intents. Experimental results show that the synthesized configurations
can outperform manual configurations in dynamic environments in terms of performance and reliabil-
ity. Overall, these studies show that LLMs can make intent processing more reliable by improving
intent understanding, producing consistent configuration outputs, and supporting validation and
error detection.

3.1.2. Automated Orchestration

Network management is moving toward higher levels of automation as next-generation wire-
less systems become increasingly complex, heterogeneous, and dynamic. Recent studies indicate
that LLMs can serve as high-level orchestration controllers that couple intent understanding with
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execution planning, thereby extending automation from configuration-level tasks to cross-domain
coordination. NetOrchLLM [44] provides one of the first practical demonstrations of LLM-driven wire-
less orchestration. Rather than using LLMs as standalone problem solvers, the framework positions
them as planners that coordinate a repository of analytical and AI-based wireless models. Through
natural-language task decomposition, model selection, and structured function calling, NetOrchLLM
optimizes dense network operations, adapts to environment variations, and improves end-to-end per-
formance, offering a concrete pathway from conceptual ideas to deployable orchestration architectures.
ARC [45] complements this direction by proposing a two-tier autonomous orchestration framework for
SemCom-enabled SAGINs. ARC addresses two major limitations in existing LLM-based orchestration
approaches, namely hallucination and limited adaptability. It integrates an LLM-driven RAG module
for high-level monitoring and reasoning with specialized reinforcement learning agents for low-level
action execution. Through CoT-guided few-shot learning, contrastive exemplar selection, and con-
tinual reinforcement learning, ARC achieves efficient, accurate, and scalable resource orchestration
under dynamic network conditions. Network slicing represents a representative orchestration sce-
nario. [46] integrate LLMs into a multi-agent MANO architecture that performs intent translation, slice
template generation, function-chain mapping, and end-to-end lifecycle management. Their design re-
duces configuration overhead and improves slice-provisioning efficiency compared with conventional
MANO-based automation. Collectively, these studies show that LLMs are emerging as intent-driven
control components for autonomous orchestration systems, providing a unified capability that links
human intent, system-level reasoning, and real-time operational control.

3.2. LLM for Network Security

Traditional IDSs primarily rely on signature-based detection, using predefined rules to identify
known threats. Although effective against recognized threats, they struggle to detect novel attacks or
complex patterns. With the constant evolution of cyber threats, there is a pressing need for dynamic and
adaptable IDS mechanisms. LLMs offer new opportunities for adaptive and context-aware network
protection by reasoning over unstructured data such as logs, intents, and alerts. This section highlights
two main application domains: intrusion detection and threat analysis.

3.2.1. Intrusion Detection

LLMs have recently emerged as a promising paradigm for enhancing network intrusion detec-
tion by transforming raw traffic traces, flow records, and system logs into textual or prompt-based
representations amenable to semantic and contextual analysis. Unlike traditional rule-based Intru-
sion Detection Systems (IDS), LLM-driven IDS frameworks improve generalization to previously
unseen attack patterns by leveraging deep contextual understanding of network behaviors. Recent
studies demonstrate that incorporating LLMs into IDS pipelines significantly improves both detection
accuracy and interpretability. Early efforts focus on textualizing network flows to enable semantic
pattern extraction. For example, the BERT-based IDS in [47] converts flows into textual sequences
and achieves higher accuracy and fewer false alarms than traditional machine-learning models. [48]
introduced an ICL-enhanced GPT-based IDS that analyzes network flows directly with a pre-trained
model, achieving high F1 scores on benchmark datasets with minimal fine-tuning. [49] presents an
LLM-powered IDS where the model functions simultaneously as a processor, detector, explainer, and
controller, marking a shift toward semantically aware and reasoning-driven network defense. In
parallel, [50] demonstrates that LLMs can enhance interpretability and anomaly detection in AI-RAN
environments, particularly for DDoS detection in 6G networks. Overall, LLM-based IDS research
signals a transition from signature-based inspection to a semantic, context-aware, and adaptive defense
paradigm that offers unified protection across heterogeneous network environments.

3.2.2. Threat Analysis

Effective security operations require not only detecting malicious behaviors but also understand-
ing their origins and propagation. LLMs assist threat analysis by interpreting cybersecurity documents
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and other structured or semi-structured threat information, including attribution reports, CVE de-
scriptions, and vulnerability bulletins. They then convert this information into semantically rich
representations that support downstream analytical tasks. For example, [51] proposed a hierarchical
cyber-attack attribution framework that combines manual and LLM-assisted extraction of attribution
reports to construct a detailed, evidence-grounded representation of intrusion tactics, methods, and
techniques. Similarly, CyLENs [52] leverages LLM-based agents and specialized NLP modules to
support the full threat-analysis lifecycle, including attribution, contextualization, correlation, prioriti-
zation, and remediation, providing a scalable and adaptive foundation for LLM-driven cybersecurity
workflows. Compared with traditional systems that treat records in isolation, LLMs can associate
weak signals and synthesize coherent insights. Nevertheless, hallucinations remain a potential risk,
and LLM outputs should be treated as decision support and grounded in verified intelligence sources.
Common safeguards include human-in-the-loop review for high-impact decisions, constraint/policy
checking, and tool-assisted (or formal) verification when applicable before execution.

3.3. LLM for Network Optimization

Network optimization aims to improve system performance under dynamic and heterogeneous
conditions. Classical model-based approaches depend on explicit formulations that often struggle to
generalize or adapt in real time. LLMs provide a complementary paradigm: they can model complex
temporal or structural relations for perception- and prediction-oriented tasks such as channel predic-
tion, and they can also interpret high-level requirements and refine mathematical decision processes
for resource optimization. Emerging applications therefore fall into two categories: perception and
prediction, and resource optimization.

3.3.1. Channel Prediction

Channel prediction refers to forecasting future channel characteristics from historical observations,
statistical models, or machine learning algorithms, enabling proactive optimization and reduced
estimation overhead in MIMO systems [53]. Accurate prediction of temporal channel dynamics is
essential for adaptive resource allocation. Recent advances suggest that LLMs can enhance this process
by modeling long-range temporal dependencies and capturing complex nonlinear patterns in CSI
sequences that conventional models often overlook. Rather than relying solely on explicit analytical
formulations, LLMs learn data-driven predictive representations that can support downstream wireless
optimization.

Recent studies demonstrate this potential across multiple scenarios. LLM4CP [54] leverages the
modeling and generalization capabilities of pre-trained LLMs to predict future downlink CSI sequences
from historical uplink CSI, addressing model mismatch and cross-scenario generalization limitations
in traditional approaches. Through partial fine-tuning and tailored preprocessing, embedding, and
output modules aligned with CSI characteristics, LLM4CP achieves state-of-the-art performance under
full-sample, few-shot, and cross-scenario evaluations with low training and inference overhead. Csi-
LLM [55] further aligns CSI sequence modeling with the next-token generation paradigm of LLMs,
enabling stable improvements across diverse settings and exhibiting strong multi-step forecasting
capability These studies illustrate the promise of LLMs for CSI-driven channel prediction, while also
highlighting that current methods remain predominantly unimodal, operating solely on CSI inputs.
This motivates the exploration of multi-modal channel prediction frameworks that jointly model CSI
sequences and contextual sensing information to enhance generalization under dynamic propagation
conditions.

3.3.2. Resource Optimization

LLMs have recently shown strong potential in supporting wireless resource optimization, includ-
ing bandwidth allocation, power control, and scheduling. Unlike traditional approaches that rely
on explicit mathematical formulations or domain-specific heuristics, LLMs assist the optimization
pipeline by parsing task descriptions, incorporating domain constraints into their reasoning process,
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and refining decisions through iterative prompting. Early feasibility studies explore LLMs as in-context
optimizers. [56] demonstrates that LLMs, guided by a few representative examples, can achieve near-
optimal spectral and energy efficiency without training task-specific models. Extending this idea,
LLM-RAO [57] employs an iterative generate–evaluate–refine process, where candidate solutions are
assessed by external toolkits and improved through in-context learning, enabling adaptation to chang-
ing objectives and constraints. [58] further shows that natural-language task descriptions and curated
demonstrations allow LLMs to perform base-station power control with performance comparable to
deep reinforcement learning and exhaustive search across both discrete and continuous optimization
settings. Complementary to these in-context approaches, WirelessLLM [15] introduces a reasoning-
and tool-augmented framework that adapts general-purpose LLMs to wireless tasks. Through prompt
engineering, retrieval-augmented generation, and controlled tool usage, WirelessLLM equips LLMs
with domain knowledge and enables interaction with external solvers, improving the reliability and
interpretability of optimization outcomes. Overall, these studies indicate that LLMs can function as
flexible optimization engines that integrate semantic reasoning with mathematical decision processes,
yielding high-quality resource allocation strategies across diverse wireless scenarios.

3.4. LLM for Network Agents

AI agents, designed to integrate AI models into everyday services as personal assistants, have
become an essential building block in the evolution toward more general and autonomous intelligence.
When powered by large language models, these LLM agents can interpret user instructions, observe
their surroundings, reason over multimodal inputs, and execute actions with near human-level
proficiency [16]. With strong instruction-following, memory, and planning capabilities, a single LLM
agent can provide personalized recommendations, automate routine tasks, and support users across
diverse applications. In networked environments, such agents further enable intent understanding
and real-time interaction with edge devices or services. These capabilities make single-agent LLMs
promising candidates for enhancing intelligent, assistive, and context-aware operations within 6G
networks.

Despite their versatility, a single agent still faces inherent limitations [59]. Models trained on
different corpora, domains, or languages often exhibit inconsistent performance, and their outputs
may diverge due to domain biases or incomplete training data. A single agent also struggles to adapt
to heterogeneous operational contexts, for example when an agent optimized for traffic management
encounters healthcare-related instructions. Furthermore, single agents remain vulnerable to outdated
knowledge and hallucinations. These limitations have motivated increasing interest in multiple LLM
agents that enhance edge intelligence through collaborative reasoning and decision making.

Multi-agent LLM systems refer to architectures in which multiple LLM agents operate coopera-
tively, either in parallel or in sequence, to address complex tasks or refine each other’s outputs. Instead
of relying on a single agent, these systems integrate complementary strengths through collaboration,
competition, or ensemble-style consensus, thereby mitigating weaknesses such as hallucination and
domain bias [59]. By assigning roles such as planning, domain-specific reasoning, and verification to
different agents, multi-agent LLM systems can establish a form of collective intelligence with greater
robustness and specialization. The three key interoperability protocols include Model Context Protocol
(MCP) [60] for agent–tool context access, Agent-to-Agent Protocol (A2A) [61] for agent–agent messaging
and delegation, and Agent Network Protocol (ANP) [62] for cross-domain agent networking and trust.

The benefits of multiple cooperating LLM agents emerge across a range of 6G application scenarios.
In intelligent transportation systems, LLM agents deployed at vehicles, roadside units, and edge servers
can jointly analyze traffic conditions, coordinate maneuvers, and support congestion mitigation or
collision avoidance. [16] proposed a real-world workflow in which mobile and edge LLM agents
collaboratively generate accident reports. At an accident site, vehicles use mobile agents to observe the
local scene and produce preliminary descriptions. These descriptions are transmitted to edge servers,
where LLM agents fuse global observations to generate more detailed assessments and actionable
plans. In Low-Altitude Edge Networks, multiple LLM agents mounted on aerial platforms cooperate

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 March 2026 doi:10.20944/preprints202603.0564.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.0564.v1
http://creativecommons.org/licenses/by/4.0/


11 of 20

to plan navigation routes, optimize wireless links, and achieve mission-level coordination [63]. These
examples collectively illustrate that multi-agent LLM collaboration is a foundational capability for
enabling distributed, reliable, and autonomous intelligence in future 6G systems.

4. Network for LLM
6G enhances LLM deployment through four key capabilities as shown in Figure 5: perceiving

more, transmitting faster, transmitting smarter, and transmitting greener. Perceive more refers to the
use of integrated sensing and communication, which allows the network to act as a large-scale sensing
platform and provide LLMs with multimodal information. Transmit faster builds on Tbps-level data
rates and sub-millisecond latency, enabling efficient distributed training, split or federated learning,
and low-latency inference across end–edge–cloud systems. Transmit smarter is driven by semantic-
and task-aware communication, where only essential features or high-level representations are sent,
reducing unnecessary data transmission and improving efficiency. Transmit greener is supported by
energy-efficient transmission, adaptive resource management, and carbon-aware orchestration, which
help reduce the overall energy cost of sensing, computation, and communication. Together, these four
dimensions show how 6G provides stronger perception, higher speed, better efficiency, and improved
sustainability for large-scale LLM deployment.

Figure 5. Overview of Network for LLM.

4.1. 6G Perceive More: Toward Multimodal LLMs

Despite their strong reasoning abilities, LLMs have lacked grounded understanding of the phys-
ical world due to limited access to real sensory data. The advent of 6G helps address this gap by
integrating communication, sensing, and computation into a unified infrastructure. A key enabler is
ISAC, which transforms wireless networks from passive communication systems into active environ-
mental sensors [64]. ISAC enables high-resolution localization, motion tracking, and spatial mapping,
effectively turning the wireless infrastructure into a distributed sensing system. These continuous
sensing streams supply LLMs with real-time multimodal information that enhances perception and
reasoning. Beyond radio sensing, 6G further supports the integration of visual, auditory, tactile,
positional, and physiological modalities into coherent representations [65], enabling LLMs to move
beyond text-centric processing and model physical environments more accurately.

This multimodal perception capability enables a broad range of intelligent applications. Recent
studies have examined the integration of ISAC with large multimodal models, revealing promising
benefits for vehicular intelligence and wireless communication. [16] proposed a split LLM-agent
architecture in which mobile LLM agents deployed on vehicles utilize multimodal sensing—such
as video, LiDAR, GPS, and IMU—to generate local descriptions of surrounding traffic conditions
and accident scenes. These local observations are offloaded to edge LLM agents, which aggregate
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cross-vehicle perceptions and apply global chain-of-thought reasoning to produce coherent accident
reports, safety assessments, and actionable responses. [66] showed that multimodal LLMs can assist
wireless communication tasks. In their study, ChatGPT-4 used GPS coordinates and RGB images to
predict millimeter-wave beams and achieved higher Top-k accuracy than traditional methods such as
Random Forest, KNN, and MLP. Together, these studies show that ISAC-driven multimodal sensing
can substantially strengthen the perceptual grounding of LLMs. By providing continuous and high-
quality multimodal sensing information, 6G native sensing can substantially strengthen the perceptual
grounding of LLMs, enabling more reliable environmental understanding and more trustworthy
decision-making in vehicular and wireless edge scenarios.

4.2. 6G Transmit Faster: Enabling Real-Time Distributed LLM Training and Inference

The ultra-fast transmission speed and deterministic latency envisioned for 6G are expected to
redefine how LLMs are deployed, trained, and inferred across the end–edge–cloud hierarchy. With
ultra-low latency and high bandwidth, 6G enables real-time collaboration of model training and
inference across the end–edge–cloud, transforming networks from data carriers into intelligent com-
puting platforms. Under this paradigm, the network becomes an active intelligence enabler, sustaining
collaborative model training and adaptive optimization across heterogeneous infrastructures. This
transformation is reflected in the IMT-2030 Framework [4] and 3GPP Release 18 [67], respectivly
highlighting AI–communication integration and support for distributed learning and split AI/ML
architectures. Collectively, these advancements lay the foundation for a scalable, energy-efficient, and
intelligent AI-network ecosystem.

4.2.1. Model Caching

From the model delivery perspective, 6G enhances the deployment of LLMs through parameter-
sharing and edge caching mechanisms. The key innovation lies in leveraging the shareability of model
parameters, which has become increasingly feasible with the rise of parameter-efficient fine-tuning
(PEFT) methods such as adapter tuning [68] and LoRA [69]. These approaches decouple universal
backbone weights from lightweight task-specific adapters, enabling modular deployment and reducing
redundant transmission across edge nodes. In the TrimCaching framework [70], each edge server stores
a single shared copy of the backbone parameters, independent of how many downstream LLM variants
use them. This approach significantly improves storage efficiency and raises the cache hit ratio relative
to conventional per-instance caching. Meanwhile, MEI4LLM [10] introduces a lookup-based edge
management mechanism in which parameter blocks are indexed and named following the principles of
information-centric networking. This design supports efficient content discovery, retrieval, and cache
coordination across edge nodes. These capabilities depend on 6G’s high-throughput and low-latency
links, which enable frequent adapter updates and rapid reconfiguration of edge deployments.

4.2.2. Model Training

From the training perspective, 6G’s ultra-reliable and high-bandwidth connectivity supports
scalable distributed optimization. To preserve user privacy and reduce communication overhead,
Federated Learning (FL) and Split Learning (SL) have emerged as two of the most promising frame-
works for LLM training at the network edge [71]. In FL, edge clients collaboratively train a global
model by locally updating parameters and periodically aggregating updates without exposing raw
data. PEFT further enhances this process by allowing each client to update and transmit only a small
fraction of the model, significantly reducing uplink communication costs and training latency [72]. SL
adopts a different approach by partitioning the LLM across devices and servers, splitting forward and
backward propagation between the two sides. To enhance its scalability in wireless environments,
recent frameworks such as ASFL [71], ASFV [73], SFLAM [74], and U-SFL [75] jointly consider model
partitioning and wireless resource allocation. Benefiting from 6G’s low-latency and high-throughput
links, these distributed training paradigms become feasible in practice, enabling collaborative and
privacy-preserving LLM training across heterogeneous edge nodes.
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4.2.3. Model Inference

From the inference perspective, inference can be performed in two ways, centralized or split, each
with its own trade-offs in latency, energy, and privacy. In centralized edge inference, high-capacity
edge servers execute the complete model to deliver low-latency responses for nearby devices. To
minimize communication overhead, recent studies employ cross-modal token reduction and input
pruning to remove redundant visual or textual tokens without sacrificing accuracy [76]. Other works
explore parameter-sharing service placement and migration strategies [77], where user requests are
redirected to edge nodes caching the requested LLM instance, thereby improving storage efficiency
and response time. Split inference partitions the model between end devices and edge servers to
balance computation and communication loads while safeguarding data privacy. Techniques such
as token representation reduction, including quantization, pruning, and token merging, compress
intermediate activations before transmission. Progressive and early-exit split inference further enhance
adaptability by offloading more informative features first and dynamically terminating inference once
confidence thresholds are met [78]. In addition, multi-hop or U-shaped split inference extends this
paradigm to multi-device settings, allowing intermediate activations to be exchanged among edge
nodes to maintain robustness with minimal communication overhead [79,80]. Together with 6G’s
ultra-high data rates and deterministic low-latency links, these inference paradigms can operate in real
time, enabling seamless end–edge collaboration, efficient activation exchange, and responsive LLM
services at scale.

4.3. 6G Transmit Smarter: Semantic-Aware and Task-Oriented Communication for LLMs

Future 6G networks are expected to move beyond passive data transmission and operate as
cognitive communication systems that work jointly with LLMs. Unlike traditional designs that focus
mainly on bit-level reliability and throughput, LLM-based applications require communication that is
aware of context and user intent to support reasoning and decision-making. Under this new paradigm,
communication is treated as a semantic process in which the network interprets, compresses, and
delivers information in forms that match the LLM’s understanding and specific task requirements.

To support this direction, 6G introduces semantic- and task-aware transmission, which allows the
communication system to deliver high-level abstractions such as object relations, task-relevant features,
or user intent instead of raw sensor data [75]. By selecting and encoding information according
to its semantic and task importance, transmission becomes more efficient and better aligned with
the needs of intelligent applications. In autonomous driving, semantic cues such as “pedestrian
at crosswalk” or “lane-change intent” can replace full-resolution perception data, enabling large
multimodal models to perform real-time reasoning under strict bandwidth and latency constraints [81].
In augmented and mixed reality systems, structured scene graphs rather than dense point clouds can
be transmitted to maintain immersive quality while reducing communication overhead [82]. Semantic
communication has also been shown to improve LLM reasoning by providing structured, context-rich,
and task-specific inputs, particularly for tasks such as visual question answering and collaborative
decision-making [83]. By integrating semantic compression and goal-oriented transmission into the
communication design, 6G enables the network to act as an intelligent intermediary between raw
data and actionable knowledge [5]. This integration allows future networks to transmit meaning and
intent rather than only bits, forming the basis for scalable, efficient, and human-aligned AI-native
communications.

4.4. 6G Transmit Greener: Toward Sustainable Edge Intelligence

The rapid progress of LLMs has been driven by unprecedented data scale and growing model
sizes. This scaling paradigm, however, introduces substantial computational overhead and a rising
environmental cost. Recent studies show that training state-of-the-art Transformer models may
consume energy comparable to the lifetime energy usage of an automobile [84]. These trends reveal a
growing mismatch between the expansion of AI capabilities and the limited energy budgets of practical
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deployment platforms. This mismatch highlights the need to redesign intelligent systems with energy
efficiency and sustainability as core design principles.

In edge AI systems, the total energy footprint mainly comes from sensing, computation, and
communication [19]. Sensing energy is consumed during data acquisition and pre-processing, such
as high-rate sampling from cameras, LiDAR, radar, and RF sensors. This stage can dominate the
energy budget in vision and multimodal applications because it requires continuous sampling and
high-resolution data collection. Computing energy arises from inference and on-device model train-
ing. Large models, including Transformers and LLMs, require intensive MAC operations, extensive
memory access, and sustained accelerator activity, which result in high dynamic power consump-
tion. Communication energy is spent on transmitting model updates, intermediate activations, or
sensed data to edge or cloud servers. This cost increases with model scale, data dimensionality, and
the frequency of device–server interactions, and often becomes the bottleneck of distributed intel-
ligence systems. To quantify these environmental costs and guide optimization, several greenness
metrics have been widely used in the literature. Typical examples include Power Usage Effective-
ness (PUE) for infrastructure energy efficiency, energy-per-inference, joules-per-token (J/T) [85], and
carbon-intensity-aware metrics [86].

Achieving energy-efficient edge intelligence requires joint optimization across the sensing, com-
putation, and communication pipeline, as many techniques influence multiple stages simultaneously
rather than functioning independently. For example, identifying informative data samples [87] re-
duces redundant sensing activities while also decreasing the volume of data that must be processed
and transmitted. Data augmentation improves model quality [88] and lowers reliance on extensive
real-data collection, thereby reducing both sensing and upstream communication demands. PEFT
methods such as LoRA [89] minimize local computation while also reducing communication overhead,
since only lightweight adapters are exchanged instead of full model updates. Model and gradient
compression, including quantization [90], further lowers communication bandwidth requirements
and simultaneously reduces the computational cost of handling high-dimensional activations. At the
system level, integrating client selection [91] with power allocation and long-term energy management
determines which devices participate and how they contribute, jointly shaping sensing workload and
uplink traffic. Taken together, these examples illustrate that the most meaningful energy savings arise
from coordinated, cross-layer optimization.

5. Challenges and Future Directions
5.1. Efficiency and Scalability

In latency-sensitive 6G environments, achieving scalable and efficient LLM-assisted network
intelligence remains challenging. The increasing model size incurs high inference latency and mem-
ory pressure, which limits deployment on resource-constrained edge devices. Meanwhile, network
telemetry is heterogeneous, spanning logs, performance counters, and multimodal sensing signals,
making unified representation learning and fast domain adaptation difficult. To address these issues,
future systems may rely on lighter and domain-tailored models, together with parameter-efficient
techniques such as PEFT, quantization, pruning, and modular adaptation. It is also promising to
adopt hierarchical architectures, where LLMs focus on high-level intent understanding and semantic
reasoning, while lightweight agents handle time-critical control and decision making.

Large-scale distributed training and inference introduce additional coordination overhead. Even
with high data rates and low latency, synchronization across many devices can be affected by stragglers,
channel variation, and hardware heterogeneity, slowing convergence and reducing the stability of
federated and split learning. Overall, scalability hinges on balancing model capability and coordination
overhead under heterogeneous and time-varying network conditions.
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5.2. Robustness and Security

In highly dynamic and adversarial 6G environments, ensuring robust LLM-assisted network
functions is challenging. On the one hand, channel variation, device heterogeneity, and noisy telemetry
can degrade the stability of anomaly detection, intrusion prevention, and control. On the other hand,
the inputs to LLMs may be intentionally manipulated, such as adversarial examples, poisoned logs, or
fabricated contextual information, which can mislead model reasoning and decision support.

Distributed training and inference further enlarge the attack surface. Exchanging parameters,
gradients, or intermediate activations across devices, edge nodes, and cloud servers introduces new
vulnerabilities, including model inversion, data poisoning, backdoor insertion, and jamming. To
address these risks, future systems should adopt coordinated defenses across the device–edge–cloud
continuum.

Promising directions include interference-resilient communication, secure aggregation, anomaly-
aware update validation, and lightweight cryptographic or privacy-preserving mechanisms compatible
with large models. Overall, a key open question is how to jointly ensure robustness and security
under time-varying wireless conditions while keeping the defense overhead affordable for real-time
operation.

5.3. Trustworthiness and Sustainability

A separate challenge lies in ensuring that LLM-assisted decisions are reliable and aligned with
operational goals. LLMs may generate inconsistent, biased, or hallucinated outputs, which can affect
intent interpretation, service assurance, and automated control. Their opaque reasoning processes
further limit the ability of operators to audit or verify model behavior. Future research should explore
LLM frameworks with improved interpretability, verifiability, and consistency checking. Domain
knowledge constraints, standardized trust assessment metrics, and human-in-the-loop mechanisms
are key to establishing transparent and dependable decision processes in 6G networks.

Sustainability also opens several important research directions. As 6G systems must support
large-scale LLM training and inference under strict energy budgets, future work should focus on
cross-layer optimization strategies that jointly reduce sensing, computation, and communication costs.
Promising directions include designing data-efficient sensing pipelines through informative sample
selection and task-aware data augmentation, developing computation-efficient adaptation methods
such as PEFT and sparsity-driven architectures, and advancing communication-efficient techniques
including activation compression and structured model updates. At the system level, energy-aware
client selection, resource allocation, and long-term power management will be essential for maintaining
sustainable large-model operation in edge environments. Together, these directions can guide the
development of scalable and energy-conscious LLM deployment in 6G networks.

6. Conclusions
This survey has provided a comprehensive overview of the emerging interplay between large

language models (LLMs) and 6G communication networks. From the dual perspectives of LLM
for Network and Network for LLM, we reviewed the state-of-the-art across mobile, vehicular, edge,
and cloud-based infrastructures. In particular, we highlighted how LLMs can enhance network
intelligence through intent translation, resource optimization, and autonomous agents, while also
emphasizing how 6G technologies offer the bandwidth, latency, and scalability required to sustain
LLM training and inference. Building on this foundation, we identified critical challenges in terms of
scalability and efficiency, robustness and security, as well as trustworthiness and sustainability. These
open issues underline that deploying LLMs over 6G-native infrastructures is not only a question of
computational power but also of secure, reliable, and environmentally responsible design. Addressing
these challenges require advances in model compression and adaptive split strategies, resilient and
privacy-preserving protocols, and trustworthy and green AI frameworks that can operate at scale. We
believe that cross-disciplinary innovation across algorithms, architectures, and networking systems
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will be indispensable to realizing scalable, robust, and sustainable LLM deployment in next-generation
wireless ecosystems.
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