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Abstract—With the advent of 6G communications, intelligent
communication systems face multiple challenges, including con-
strained perception and response capabilities, limited scalability,
and low adaptability in dynamic environments. This tutorial
provides a systematic introduction to the principles, design, and
applications of Large Artificial Intelligence Models (LAMs) and
Agentic AI technologies in intelligent communication systems,
aiming to offer researchers a comprehensive overview of cutting-
edge technologies and practical guidance. First, we outline the
background of 6G communications, review the technological
evolution from LAMs to Agentic AI, and clarify the tutorial’s mo-
tivation and main contributions. Subsequently, we present a com-
prehensive review of the key components required for construct-
ing LAMs, including Transformers, Vision Transformers (ViTs),
Variational AutoEncoders (VAEs), diffusion models, Diffusion
Transformers (DiTs), and Mixture of Experts (MoEs). We further
categorize LAMs and analyze their applicability, covering Large
Language Models (LLMs), Large Vision Models (LVMs), Large
Multimodal Models (LMMs), Large Reasoning Models (LRMs),
and lightweight LAMs. Next, we propose a LAM-centric design
paradigm tailored for communications, encompassing dataset
construction and both internal and external learning approaches.
Building upon this, we develop an LAM-based Agentic AI system
for intelligent communications, clarifying its core components
such as planners, knowledge bases, tools, and memory modules,
as well as its interaction mechanisms, including both single-
agent and multi-agent interactions. We also introduce a multi-
agent framework with data retrieval, collaborative planning,
and reflective evaluation for 6G. Subsequently, we provide a
detailed overview of the applications of LAMs and Agentic AI
in communication scenarios. Finally, we summarize the research
challenges and future directions in current studies, aiming to
support the development of efficient, secure, and sustainable next-
generation intelligent communication systems.

Index Terms—Large AI Model; Large Language Model; Agen-
tic AI; Communication; 6G.
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I. INTRODUCTION

With the continuous evolution of 6G communication, intel-
ligence has become a core direction for the development of
future wireless networks. Traditional communication systems,
which rely on static rules and predefined algorithms, struggle
to cope with rapidly changing network topologies and dynamic
environments. In this context, Large Artificial Intelligence
Models (LAMs) have achieved remarkable success in com-
munications due to their advantages in cognitive decision-
making and data generation. Meanwhile, Agentic AI, as a
more advanced technology based on LAMs, can actively
make decisions and self-optimize, offering novel solutions
for intelligent resource management and optimization in 6G
networks. Therefore, the technological transition from LAMs
to Agentic AI holds significant importance for supporting the
evolution of intelligent communication systems from model-
driven to agent-driven paradigms.

A. Background

The goal of 6G is to build an intelligent world of ubiqui-
tous connectivity, delivering unprecedented information expe-
riences to human society. In the International Mobile Telecom-
munications for 2030 (IMT-2030) framework proposed by
ITU-R, six key capability modules are defined to support
the comprehensive development of the future wireless com-
munication ecosystem. These include Integrated Sensing And
Communication (ISAC), which deeply fuses environmental
sensing with communication functions to endow networks with
human-like perception capabilities, enabling applications such
as intelligent transportation and smart grids; massive com-
munication, which supports the concurrent access of densely
distributed devices to meet the real-time communication de-
mands of massive terminals in smart cities and industrial
Internet of Things (IoT); integrated AI and communication,
which embeds LAMs into communication systems to real-
ize network self-adaptation, self-optimization, and intelligent
decision-making, significantly enhancing resource allocation
and Quality of Service (QoS); immersive communications,
which offers low-latency, high-bandwidth experiences such
as holography and virtual-real fusion, driving new forms of
interaction including the metaverse and AR/VR; ubiquitous
connectivity, which constructs an all-domain communication
network integrating space, air, sea, and land to eliminate
geographical and spatial limitations; and hyper reliable and
low-latency communication, which meets the stringent require-
ments of ultra-low latency and high reliability for critical ap-
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Fig. 1: LAMs and Agentic AI empowered 6G.

plications like remote healthcare and autonomous vehicles. As
illustrated in Fig. 1, 6G will rely on these six core capabilities
to build an intelligent, ubiquitous, and highly efficient future
wireless communication ecosystem, where communication,
sensing, computing, AI, and security are deeply integrated to
deliver advanced communication services to users [1].

B. Historical Development

The development of AI has witnessed a progressive evo-
lution from early simple discriminative models to generative
models, and further to LAMs and highly intelligent Agentic
AI. This process not only demonstrates continuous innovation
in model architectures and learning algorithms but also reflects
significant advancements in AI’s capabilities across multiple
domains, including comprehension, generation, reasoning, and
decision-making. The rise of LAMs has laid a solid foundation
for the development of Agentic AI, while the emergence of
Agentic AI marks a substantial leap in autonomous decision-
making and complex task handling. The progression from
LAMs to Agentic AI can be categorized into the following
stages:

1) Emergence Stage: The development of LAMs began in
2018, marked by significant works such as Google’s Bidi-
rectional Encoder Representations from Transformers (BERT)

[2]. BERT is a bidirectional transformer model that achieved
remarkable results in various Natural Language Processing
(NLP) tasks through pre-training and fine-tuning. Its bidirec-
tional nature allows BERT to excel in tasks such as sentence
understanding and text classification. At the same time, Ope-
nAI introduced GPT-1 [3], a unidirectional transformer model
focused on generative tasks. GPT-1 innovatively introduced the
pre-training and fine-tuning paradigm and demonstrated the
potential of large-scale pre-trained language models in NLP
tasks. Subsequently, in 2019, GPT-2 [4] further expanded the
language model’s scale and capabilities, showcasing its strong
potential in generating text with approximately 1.5 billion
parameters.

2) Initial Stage: In 2020, OpenAI released the colossal
language model GPT-3 [5], with 175 billion parameters,
marking the entry of Large Language Models (LLMs) into
the initial stage. GPT-3, with its massive parameter scale and
complex training methods, excelled in multiple NLP tasks such
as text generation, translation, question answering, and code
generation. GPT-3 demonstrated the potential of large pre-
trained models in multi-task learning and zero-shot learning.
Meanwhile, Google released the T5 model [6]. This model
introduced a unified text-to-text transformation framework,
allowing various NLP tasks to be converted into text-to-text
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formats, thereby simplifying the task processing workflow.
Additionally, T5 could handle translation, summarization,
question answering, and text classification tasks in a unified
model architecture.

3) Mature Stage: In 2022, GPT-3.5 [7] was released, based
on further optimizations of GPT-3, enhancing the model’s
performance and efficiency while improving response speed
and accuracy in practical applications. In the same year,
Anthropic released Claude, an LLM focused on enhancing
model safety and transparency, aimed at reducing bias and
misleading information. Additionally, Facebook AI Research
introduced the Segment Anything Model (SAM) [8], a Large
Vision Model (LVM) specializing in image segmentation tasks,
which made significant progress in image processing through
extensive data pre-training.

4) Multimodal Stage: In 2023, OpenAI launched the Large
Multimodal Model (LMM) GPT-4 [9], capable of processing
both text and image data, further expanding the application
scope of LMMs. GPT-4 combined visual and language un-
derstanding to achieve richer and more complex interaction
capabilities. Concurrently, Google DeepMind released Gemini
[10], an LMM capable of recognizing text, images, video,
and code simultaneously. Gemini demonstrated outstanding
performance across various tasks and application scenarios
by generating high-quality code in mainstream programming
languages and providing comprehensive safety assessments.

5) Reasonging stage: In 2024, OpenAI released Open AI-
o1 [11], a model with enhanced reasoning capabilities. This
model combines powerful cognitive processing with com-
plex environmental modeling and prediction, advancing AI
applications in decision-making and problem-solving while
improving the logical reasoning performance of LAMs. In
2025, DeepSeek launched DeepSeek R1 [12], a model that
introduces advanced logical reasoning algorithms, demonstrat-
ing exceptional performance in complex tasks and dynamic
environments, marking the official transition of LAMs into
the era of complex reasoning.

6) Agentic Stage: With the continuous maturation of LAM
technology, agent system frameworks based on LAMs began
to emerge. Early-generation agent frameworks, represented by
AutoGPT [13] and BabyAGI [14], demonstrated the potential
of language understanding in task planning and execution.
Concurrently, frameworks such as Microsoft’s OpenAgents
[15] advanced multi-agent collaboration, role specialization,
and environmental awareness, endowing agent systems with
greater adaptability and generalization. By 2025, the emer-
gence of LRMs like DeepSeek R1 substantially improved
agent system performance, enabling more complex work-
flows for multi-task, multi-tool, and multi-agent collabora-
tion—officially ushering in the era of Agentic AI [12]. Overall,
the Agentic stage propelled LAMs from information under-
standing to task execution and behavioral control, laying a
crucial foundation for embodied intelligence and higher-level
general intelligence.

C. Related Survey Work
Table I presents a comparative analysis between this tutorial

and existing related survey studies. While current research

primarily focuses on the role of LAMs in communication
systems and partially explores their application potential in
specific communication tasks, it still shows deficiencies in
the detailed classification of LAMs’ learning mechanisms
as well as in the construction and application methods of
Agentic AI systems. Although these survey studies have made
valuable contributions to exploring the applications of LAMs
and Agentic AI in communications, the following areas remain
open for improvement:

1) Lack of Detailed Taxonomy for LAMs and Their Training
Paradigms: Although existing studies have partially explored
the applications of LAMs in communications, they still lack a
detailed taxonomy of model types and training paradigms. In
terms of model types, most research focuses on LLMs, while
the applications of LVMs, LMMs, LRMs, and lightweight
LAM in communications remain understudied, with no com-
prehensive classification or application adaptation framework
established. Regarding training methodologies, while some
studies discuss internal learning mechanisms (e.g., pretraining,
fine-tuning, and alignment), they rarely address extrinsic learn-
ing mechanisms, such as Retrieval-Augmented Generation
(RAG) and structured knowledge learning (e.g., Knowledge
Graphs (KG)). The applicability, differences, and synergistic
relationships of these learning strategies in communications
still lack systematic comparison and analysis.

2) Lack of Systematic Review on Agentic AI in Communi-
cations: Current research primarily focuses on the perception
and generation capabilities of LAMs in communication scenar-
ios, whereas systematic discussions on Agentic AI equipped
with long-term planning, autonomous decision-making, and
tool invocation remain insufficient. In communication systems,
Agentic AI holds broad application potential, particularly in
complex interactive scenarios such as semantic communica-
tions, federated learning, network management and optimiza-
tion, and Unmanned Aerial Vehicle (UAV) communication.
However, most existing studies fail to clearly define its system
architecture, core modules (e.g., planners, tools, memory mod-
ules), or integration pathways with communication knowledge.
Additionally, there is a lack of modeling for multi-agent
collaboration mechanisms tailored to communication tasks,
hindering a comprehensive understanding of Agentic AI’s
potential and value in advancing intelligent communication
evolution.

D. Motivations and Contributions
As wireless communication systems advance toward 6G,

they face unprecedented challenges in required intelligence
levels, dynamic adaptability, and system efficiency [24]. Lever-
aging their massive parameter scales (typically reaching bil-
lions or even trillions of parameters), emergent capabilities,
and powerful cognitive reasoning, LAMs are progressively
transforming the application landscape of AI in communica-
tions. These models demonstrate effective support for complex
communication tasks, including semantic communication, re-
source scheduling, and network self-optimization [19]. In 6G
networks, LAMs can fulfill the following functional roles [25]:

1) Data Generator: As generative AI models with strong
generalization and representation capabilities, LAMs can
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TABLE I: Comparison of previous works with our tutorial.

Year
Ref.

LAMs Agentic AI
Remarks

Components
(C1)

Classification
(C2)

Training
(C3)

Application
(C4)

Challenges
(C5)

Components
(C6)

Interactions
(C7)

Application
(C8)

Challenges
(C9)

2025
[16] No No No Limit No Yes Limit Limit Limit

-For C1 to C3 and C5, it is not mentioned.
-For C4, it briefly mentions applications without detailed LAM use
cases.
-For C7 to C9, it touches on agent frameworks and future directions
but lacks depth and interaction details.

2025
[17] No No No Limit No Yes Limit Limit Yes

-For C1 to C3, C5, it is not mentioned.
-For C4, it mentions applications but lacks depth.
-For C7 and C8, it gives high-level interaction ideas without
implementation.
-For C9, it focuses on ethics, not technical aspects.

2025
[18] No Limit No Limit No Yes Limit Limit Yes

-For C1, C3, C5, it is not mentioned.
-For C2 and C4, it is mentioned, but the coverage is not extensive
enough.
-For C7 and C8, it introduces collaboration but lacks detail on
interactions and roles.

2025
[19] Yes Yes Yes Yes Yes No No Limit No -For C6, C7, and C9, it is not discussed.

-For C8, it is only briefly mentioned without detailed scenarios.

2024
[20] Limit Limit Limit Limit Limit No No No No

-For C1 to C5, it covers LLMs broadly but lacks a systematic
description of other LAMs.
-For C6 to C9, Agentic AI is not included.

2025
[21] Limit Limit No Limit Yes No No Limit No

-For C1, C2, C4, and C8, it gives partial coverage but lacks detailed
context.
-For C3, C6, C7 and C9, it is not discussed.

2024
[22] Limit No Limit Limit Yes No No No No

-For C1, C3, and C4, it discusses LAMs for 6G and deployment
ideas, but lacks detailed classification and training methods.
-For C2, classification of LAMs is not covered.
-For C6 to C9, Agentic AI is not included.

2024
[23] Limit Limit Limit Limit Limit No No No No

-For C1 to C5, it provides a high-level overview of LLM in
networking but there is a lack of description of other LAMs.
-For C6 to C9, Agentic AI is not included.

Our Tutorial Yes Yes Yes Yes Yes Yes Yes Yes
-For C1 to C9, this work offers a comprehensive and up-to-
date overview of LAMs and Agentic AI, presenting a systematic
framework and clear guidance for their development and application.

efficiently generate various types of communication data
based on domain knowledge. By incorporating advanced
generative architectures (e.g., autoregressive decoders,
diffusion models), LAMs can synthesize high-quality
Channel State Information (CSI) data to support critical
tasks such as positioning estimation, bandwidth alloca-
tion, and network architecture design. Such synthetic
data exhibits realism while preserving user anonymity,
providing cost-effective and reliable data support for
6G network modeling, optimization, and deployment
without compromising privacy [19].

2) Knowledge Organizer: With powerful cross-modal se-
mantic reasoning and knowledge integration capabilities,
LAMs can structurally process and deeply mine raw
communication data to enable automated knowledge
extraction and reorganization. In semantic communi-
cation systems, LAMs can serve as knowledge bases
to assist semantic encoding processes. Leveraging their
extensive world knowledge and communication exper-
tise, they effectively reduce ambiguity, improve semantic
alignment quality, and enhance information transmission
accuracy and contextual adaptability, thereby supporting
the development of intelligent semantic representation
and understanding frameworks [26].

3) Resource Manager: Through real-time perception and
modeling of network environmental states, user behav-
ior patterns, and resource utilization efficiency, LAMs
facilitate intelligent scheduling and optimal allocation
of communication resources. Integrated with Reinforce-

ment Learning (RL) or long-chain reasoning frame-
works, LAMs can dynamically formulate management
decisions such as spectrum allocation, power control,
and access strategies in multi-user, multi-service sce-
narios, thereby enhancing overall system efficiency and
fairness. Additionally, LAMs can predict future resource
demand trends, enabling proactive network planning and
QoS assurance [21].

The key distinction between LAMs and Agentic AI lies in
their working methods and intelligent decision-making capa-
bilities. LAMs typically respond within fixed input patterns
and generate outputs through known knowledge, but lack
autonomy and adaptability. In contrast, Agentic AI possesses
the ability for proactive decision-making and self-optimization,
enabling it to make independent decisions in complex and
dynamic environments while actively learning and adjusting
during task execution. This allows Agentic AI to handle more
complex communication tasks, particularly in dynamic envi-
ronments, where it can respond in real-time and continuously
optimize its behavior. In 6G communications, Agentic AI can
play the following roles:

1) Task Scheduler: Agentic AI possesses the capability to
comprehend complex instructions, allocate subtasks, and
coordinate multi-module execution, enabling it to serve
as the core task scheduler in complex communication
scenarios. It can dynamically deploy different algo-
rithmic modules and collaboratively generate solutions
that meet task objectives. For instance, in multi-UAV
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cooperative communication scenarios, Agentic AI can
autonomously plan service areas and flight paths, avoid
obstacles, and allocate communication resources to es-
tablish stable links and provide computational support
in emergency situations, significantly enhancing system
autonomy and response efficiency [27].

2) System Designer: Leveraging its strong task compre-
hension and complex system logic modeling capabilities,
Agentic AI can automatically design system architec-
tures and configure modules based on the functional re-
quirements of communication systems. In AI-integrated
communication tasks, Agentic AI can combine knowl-
edge from federated learning, resource scheduling, pro-
tocol stacks, and other domains to understand the design
intent and operational mechanisms of algorithms such as
FedAvg, autonomously completing system-level design
and structural optimization. Through prompt tuning and
policy feedback, it iteratively optimizes communication
system performance, demonstrating highly intelligent
system design potential [28].

3) Decision Executor: Agentic AI not only exhibits
rapid learning and adaptation in uncertain environments,
showcasing autonomous strategic capabilities, but can
also invoke traditional algorithms and external tools
to demonstrate robust decision execution. In wireless
network slicing management, Agentic AI can integrate
multi-dimensional inputs (e.g., QoS, user demands, task
priorities) and employ RL, causal reasoning, meta-
learning, or game-theoretic strategies to make optimal
decisions balancing performance, energy efficiency, and
fairness. Additionally, Agentic AI can invoke external
network simulation tools (e.g., NS-3 or OMNeT++)
for simulation and validation, as well as call Software
Defined Network (SDN) controllers to execute slice
creation and scheduling [29].

This tutorial, set against the backdrop of the intelligent
evolution of communication systems toward the 6G era, sys-
tematically reviews and thoroughly examines the pivotal roles
of LAMs and Agentic AI in future intelligent communication
systems. It offers a comprehensive overview from multiple
perspectives, including model classification, training method-
ologies, Agentic AI system design, application scenarios, and
research challenges. The main contributions of this work are
summarized in the following five aspects.

1) Systematic Review of Core Components and Model
Classification in LAMs: A comprehensive synthesis of
core components, including Transformer, Vision Trans-
former (ViT), Variational AutoEncoder (VAE), Diffusion
models, Diffusion Transformer (DiT), and Mixture of
Experts (MoE), is provided, along with a classification
and comparative analysis of mainstream model types
such as LLMs, LVMs, LMMs, LRMs, and lightweight
LAMs. This synthesis clarifies the respective applica-
bility and technical potential of each model category in
communication systems.

2) Design of Datasets and Learning Mechanisms
for Communication-specific LAMs: Addressing chal-

lenges such as scarce domain knowledge, high task
complexity, and diverse application requirements in
communications, we propose a design framework for
communication-specific LAMs. This framework features
methodologies for constructing communication-relevant
datasets, internal learning mechanisms encompassing
pre-training, fine-tuning, and alignment, as well as ex-
ternal learning mechanisms including RAG and KG.
These components collectively ensure model efficacy
and usability in communication scenarios.

3) Construction of LAM-based Agentic AI Framework
From Communication Perspective: A systematic in-
tegration of LAMs with Agentic AI technologies to
establish a communication-oriented Agentic AI archi-
tecture. First, we identify core system components in-
cluding LAMs, planners, knowledge bases, tools, and
memory modules. Then, we examine interaction pat-
terns for single-agent and multi-agent systems. Finally,
we propose an integrated framework featuring multi-
agent data retrieval, Multi-agent Collaborative Planning
(MCP), and multi-agent evaluative reflection to support
the intelligent processing of complex communication
tasks.

4) Exploration of LAM and Agentic AI Applications
Across Communication Scenarios: A systematic exam-
ination of LAM applications is conducted across critical
domains such as semantic communication, IoT, edge
intelligence, network design and management, security
and privacy, and resource allocation. In parallel, we
explore the potential of Agentic AI in wireless communi-
cation, semantic communication, network management
and optimization, network security, and UAV commu-
nication, aiming to enhance overall system intelligence
and operational efficiency.

5) Identification of Challenges and Future Directions
for LAM and Agentic AI in Communications:
For LAMs, we address data scarcity, inadequate rea-
soning, poor interpretability, and deployment difficul-
ties, proposing solutions through autonomous continual
learning, RL-driven reasoning training, model visual-
ization, and model compression/distillation. For Agen-
tic AI, we examine communication knowledge gaps,
scalability limitations, complex control mechanisms, and
evaluation challenges, suggesting future research on dy-
namic knowledge-guided Agentic RAG, distributed con-
trol architectures, unified control protocols, and process-
oriented evaluation frameworks to enable the evolution
from ”LAM-driven” to ”Agentic AI-driven” intelligent
communication systems.

Fig. 2 presents the organization of this tutorial. To ensure
consistency in the formulation and model representation, this
tutorial adopts the following unified symbolic notations, with
definitions provided in Table II.



6

Fig. 2: Overall organization of the tutorial.

II. KEY CONCEPTS

A. Components

1) Transformer: The Transformer is a novel neural net-
work architecture proposed by Google in 2017 [30]. Its core
innovation relies entirely on the self-attention mechanism to
capture dependencies within the input sequence, and the cross-
attention mechanism to connect the encoder and decoder.

Self-attention is a key technique in the Transformer ar-
chitecture. It enables the model to consider all other words
(or tokens) in the sequence when processing a particular
word, computing weighted representations based on relevance.
Additionally, Google introduced multi-head self-attention to
compute attention in parallel, allowing the model to learn
information from different representation subspaces [30]. The
computation of self-attention is given by the following for-
mula:

Attention(Q; K; V ) = softmax
�

QK >
p

dk

�
V; (1)

where Q, K , and V denote the Query, Key, and Value matrices,
respectively; dk represents the dimensionality of the Key
vectors; and softmax(�) is the normalization function.

In addition, each layer within the encoder-decoder archi-
tecture of the Transformer includes a Feed-Forward Net-
work (FFN), Layer Normalization (LayerNorm), and residual
connections. These design choices significantly enhance the
Transformer’s performance in modeling long-range dependen-
cies, facilitating gradient propagation, and enabling efficient
parallel training, outperforming traditional neural network
architectures in these aspects.

The Transformer offers strong capabilities in modeling long-
range dependencies and supports highly parallelized computa-
tion. However, a key limitation lies in the quadratic computa-
tional and memory complexity of the self-attention mechanism
with respect to the sequence length n, i.e., O

�
n2�

, which
constrains its ability to handle long-sequence data efficiently.

The Transformer is the cornerstone of LLMs. Its exceptional
parallel computation capabilities and ability to capture long-
range dependencies have enabled the scaling of models to tens
or even hundreds of billions of parameters, as seen in models
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TABLE II: Acronyms and descriptions.

Acronym Description

A2A Agent-to-Agent Protocol
ACP Agent Communication Protocol
AGI Artificial General Intelligence
AI Artificial Intelligence
CNN Convolutional Neural Network
CoDi Composable Diffusion
CoT Chain of Thought
DiT Diffusion Transformer
DPO Direct Preference Optimization
FM Foundation Model
FFN Feed-Forward Network
GAN Generative Adversarial Network
GQA Grouped-Query Attention
GPT Generative Pretrained Transformer
ICL In-context Learning
KD Knowledge Distillation
KG Knowledge Graph
LAM Large AI Model
LLM Large Language Model
LLaMA Large Language Model Meta AI
LMM Large Multimodal Model
LLaVA Large Language and Vision Assistant
LoRA Low-Rank Adaptation
LRM Large Reasoning Model
LVM Large Vision Model
MAS Multi-Agent System
MCP Model Context Protocol
MHA Multi-Head Attention
MoE Mixture of Expert
MQA Multi-Query Attention
PEFT Parameter-Efficient Fine-Tuning
PPO Proximal Policy Optimization
RAG Retrieval-Augmented Generation
RL Reinforcement Learning
RLHF Reinforcement Learning from Human Feedback
SAM Segment Anything Model
SFT Supervised Fine-Tuning
SLM Small Language Model
UAV Unmanned Aerial Vehicle
VAE Variational Autoencoder
ViT Vision Transformer

such as GPT and the LLaMA series. In communications, the
Transformer has been widely applied to a range of tasks,
including semantic communication [31], signal processing
[32], multimodal perception [33], and resource management
[34], significantly advancing the level of intelligence in com-
munication systems.

2) ViT: ViT was the first to demonstrate that a pure
Transformer architecture can be directly applied to image
recognition in 2020, achieving performance on large-scale
datasets that matches or even surpasses that of state-of-the-
art Convolutional Neural Networks (CNNs) [35].

ViT first divides an image into fixed-size patches, linearly
embeds these patches, adds positional encodings, and then
feeds them into a standard Transformer encoder in the same
way as word sequences are processed. Various visual tasks are
then performed through different output layers, as illustrated
below:

y = Encoder (Concat(zcls; Flatten(Patch( I ))) + E pos) ;
(2)

where I denotes the input image, Patch(�) and Flatten(�) refer
to the patching and flattening operations, respectively, while
Concat(�) represents the concatenation operation. zcls and Epos
denote the CLS token and positional encoding, respectively,
and Encoder(�) refers to the Transformer encoder.

The advantages of ViT lie in its strong capability for global
information modeling and scalability, which aligns well with
the extensibility of the Transformer architecture. However, ViT
lacks certain inherent visual inductive biases present in tradi-
tional models, such as locality and translational invariance,
which often necessitates pretraining on large-scale datasets to
achieve competitive performance. Moreover, when handling
high-resolution images, the increased sequence length leads
to substantial computational overhead.

ViT has become one of the foundational architectures for
LVMs (e.g., SAM, DINO) and serves as a critical component
in many LMMs. In communications, ViT has been widely
applied to tasks such as semantic communication [36], line-
of-sight blockage prediction [37], and automatic modulation
recognition [38]. Leveraging its powerful modeling capabili-
ties, ViT enhances the system’s perception accuracy of spa-
tially structured data and improves communication efficiency.

3) VAE: The VAE is a deep generative model based on
variational Bayesian methods, integrating the architecture of
autoencoders with the principles of probabilistic graphical
models [39].

The VAE learns to encode input data into a low-dimensional
latent space and enables sampling from this space to generate
new data. Unlike standard autoencoders, VAEs learn a proba-
bilistic distribution over the latent space, which facilitates the
generation of diverse outputs. Specifically, the VAE encodes
an input x into a latent distribution q� (zjx), typically assumed
to be a multivariate Gaussian distribution, samples z from
this distribution, and then reconstructs an approximation of
x through p� (x jz). The training objective is to maximize the
Evidence Lower Bound (ELBO):

L = Eq� (z jx ) [logp� (x j z)] � KL ( q� (z j x) k p(z)) ; (3)

where E denotes the expectation, the reconstruction
term Eq� (z jx ) [logp� (x j z)] ensures the quality of the
generated outputs, while the Kullback-Leibler term
KL ( q� (z j x); j; p(z)) guides the latent space to align
with the prior distribution p(z), typically assumed to be a
standard normal distribution.

The VAE offers a generative framework with a solid
theoretical foundation. Its learned latent space is typically
smooth, making it amenable to interpolation and interpretation.
However, a common limitation is that the generated samples
may appear blurry, and the ELBO represents only a lower
bound of the true data likelihood.

VAE is commonly used for discrete image encoding and
data compression, forming the core conceptual foundation of
LVMs such as DALL-E and Stable Diffusion. As a powerful
generative model, VAE has been widely applied in commu-
nication tasks such as CSI feedback [40], semantic commu-
nication [41], and Multiple-Input Multiple-Output (MIMO)
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detection [42]. By leveraging its latent variable modeling
capability, VAE effectively enhances the operational efficiency
of communication systems.

4) Diffusion: Diffusion models are probabilistic generative
models based on Markov processes, proposed in 2020 [43].
Their core idea is to model data distributions through a ”noise
addition–denoising” process.

Diffusion models operate through two key processes: the
forward diffusion process, which gradually adds Gaussian
noise to the data (e.g., images, videos) until it becomes pure
noise; and the reverse denoising process, which starts from
pure noise and progressively removes the noise using a neural
network to generate clear data samples.

Forward Diffusion Process: Noise is gradually added to
the original sample x0 over multiple steps until it becomes
nearly Gaussian white noise. The t-th step can be expressed
as:

q(x t j x t � 1) = N
� p

1 � � t x t � 1; � t I
�

; (4)

where q(x t j x t � 1) is a conditional probability distribution that
defines the probability of the current noisy sample x t given
the previous step’s noisy sample x t � 1, � t is a noise variance
parameter initialized to a small value, and I is the identity
matrix, and x t and x t � 1 denote the images at step t and step
t � 1, respectively.

Reverse Denoising Process: A neural network � � (x t ; t) is
trained to estimate the noise component, and the image at step
t � 1 is updated using a fixed variance and the learned mean:

x t � 1 =
1

p
1 � � t

(x t � � t � � (x t ; t)) + � t z; z � N (0; I );

(5)
where � t z represents noise with variance � t , which is used
to maintain the diversity and stochasticity of the generated
samples.

Diffusion models offer the advantages of generating high-
quality and diverse samples, along with relatively stable train-
ing. However, their main drawbacks include slow generation
speed due to the need for multi-step iterative sampling and
relatively complex theoretical derivation.

Diffusion models have emerged as the dominant technology
for high-quality image and video generation. LVMs such as
Stable Diffusion [44], DALL-E 2/3 [45] [46], and Imagen [47]
are all based on the principles of diffusion models. In commu-
nications, diffusion models have been widely applied to tasks
such as channel estimation [48], semantic communication
[49], channel enhancement [50], and signal enhancement [51],
demonstrating high-fidelity generation and strong robustness
under complex channel conditions.

5) DiT: DiT, proposed in 2022, is a specialized design that
applies the Transformer architecture to diffusion models [52].
It typically replaces the previously common U-Net structure
with a Transformer during the reverse denoising process of
the diffusion model to predict noise [52].

DiT maps the latent image representation zt , the timestep
encoding t , and an optional condition y into a sequence of
embeddings, which are then fed into a standard Transformer
for global self-attention and feedforward processing. The final

output is either the predicted noise � � (x t ; t; y ) or a direct
prediction of the denoised image sample, as illustrated below:

h = Encoder (Embed(zt ; t; y )) ; (6)

� � (x t ; t; y ) = Project( h); (7)

where Embed(�) denotes the embedding matrix, Encoder(�)
represents the Transformer encoder, and Project( �) is the
projection matrix used to output the predicted noise, x t denotes
the noisy image at the current timestep during the denoising
process.

DiT offers excellent scalability, enabling significant im-
provements in generation quality by increasing model size.
However, it remains constrained by the inherently slow sam-
pling speed of diffusion models, and the computational over-
head of Transformers for high-dimensional inputs remains
substantial.

The introduction of DiT represents a significant milestone
in the development of diffusion models, demonstrating the
powerful potential of the Transformer architecture in gener-
ative tasks. It has inspired the design of numerous subsequent
large generative models, particularly world models such as
OpenAI’s Sora [53], which also adopt the DiT architecture
at their core to process spatiotemporal latent representation
blocks. DiT has proven that the Transformer can serve as a
universal and scalable backbone for a wide range of complex
generative modeling tasks.

6) MoE: MoE is a model architecture paradigm designed
to enhance model capacity through conditional computation
while maintaining manageable computational costs [54]. It
is not a standalone model but is typically integrated within
specific LAMs.

In a standard Transformer module, the original FFN sub-
layer typically consists of two linear transformations and a
non-linear activation function, applied independently to the
representation of each position (token) in the output of the self-
attention layer. To replace it with an MoE layer, one must first
instantiate N independent ”expert” networks, each of which
is itself an FFN with the same architecture as the original but
with its own set of parameters. Additionally, a gating network
is introduced to compute a probability score for each expert.
Based on these scores, a sparse routing strategy is usually
employed to select the top-K scoring experts (with K typically
being small, such as 1 or 2) to process the current token.
Finally, the outputs of the selected K experts are combined
through a weighted summation to produce the final MoE
output for that token, as illustrated below:

g = softmax ( Wgx + bg) ; (8)

yi = Expert i (x); 8i 2 I K ; (9)

output =
X

i 2I K

gi � yi ; (10)

where Wg and bg denote the weight matrix and bias vector
of the gating network, respectively, and softmax(�) is the
normalization function. I K represents the index set of the top-
K experts with the highest scores; Expert i (�) denotes the i -th
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expert network; yi is its corresponding output; and gi is the
score assigned to the i -th expert.

The key advantage of MoE lies in its effective decoupling of
parameter scale from computational cost, enabling the training
and deployment of LAMs that significantly exceed the size of
dense models with comparable computational budgets. How-
ever, a major drawback is its substantial memory requirement:
despite the sparsity in computation, all expert parameters must
still be loaded into memory during inference. As a result,
MoE models typically consume significantly more memory
than dense models with equivalent computational complexity.

MoE is one of the key technologies enabling the de-
velopment of state-of-the-art LLMs. Architectures such as
Google’s GLaM [55], Mistral AI’s Mixtral 8x7B [56], and
GPT-4 [9] have all adopted the MoE framework. By leverag-
ing MoE, these models can scale to larger parameter sizes
while maintaining acceptable training and inference costs.
In communications, MoE has been widely applied to tasks
such as communication security [57], satellite communications
[58], and signal processing [59], where the expert activation
and parallel processing mechanisms contribute to enhanced
system intelligence, improved inference efficiency, and greater
robustness.

B. Classification

1) LLM: LLMs represent a significant branch in the field of
deep learning, referring specifically to neural network models
that are pretrained on massive text corpora and contain an
extremely large number of parameters, typically in the tens
or even hundreds of billions. Their core capability lies in
understanding and generating human-like natural language,
enabling them to perform a wide range of language-related
tasks with remarkable generalization and adaptability. By
learning grammar, semantics, and commonsense knowledge
from large-scale corpora, LLMs have acquired human-level
cognitive and reasoning abilities, establishing themselves as a
foundational technology driving advancements in NLP and the
broader field of AI.

Structurally, most state-of-the-art LLMs are built upon the
Transformer decoder-only architecture, particularly leveraging
its self-attention mechanism. This mechanism enables the
model to effectively capture long-range dependencies within
the input sequence. A typical Transformer building block
consists of a multi-head self-attention layer and a FFN layer,
combined with residual connections and LayerNorm to stabi-
lize the training process. By stacking multiple such blocks,
LLMs are capable of constructing deep networks that learn
complex patterns and representations in language data, ranging
from low-level features to high-level abstractions.

The GPT series developed by OpenAI (e.g., GPT-3 [5],
ChatGPT [9]), the Gemma series by Google [60] [61], the
LLaMA series by Meta AI [62] [63] [64], and Claude by
Anthropic are all prominent representatives of LLMs. In
communications, LLMs have been widely applied to tasks
such as semantic communication [65], network management
[21], multi-agent systems [25], and communication security
[66]. Leveraging their powerful language understanding and

generation capabilities, LLMs significantly enhance the intel-
ligence, adaptability, and interaction efficiency of communi-
cation systems.

2) LVM: LVMs refer to deep neural network models trained
on massive visual datasets consisting of billions of images and
videos, and characterized by an extremely large number of
parameters. These models are designed to learn general and
powerful visual representations, enabling them to understand
complex image and video content and generalize across a wide
range of downstream vision tasks. LVMs significantly expand
the performance ceiling and application scope of computer
vision systems.

LVMs typically adopt CNNs or ViTs as their backbone
architectures. These architectures extract visual features in a
hierarchical manner by stacking multiple processing layers,
progressively capturing representations ranging from low-level
features (such as edges and textures) to high-level semantics
(such as object parts and complete objects). In addition to pure
Transformer-based designs, hybrid architectures that combine
CNNs and Transformers are also common in LVM develop-
ment, aiming to leverage the local feature extraction strength
of CNNs and the long-range dependency modeling capabilities
of Transformers.

Representative LVMs include Masked Autoencoders (MAE)
[67] , DINO [68], and SAM [8]. Their applications in commu-
nications are primarily focused on semantic communication
[26] [69] [70]. By incorporating LVMs such as SAM and
MAE, lightweight knowledge bases and efficient semantic
encoders/decoders are constructed, enabling the compression
and sharing of image semantic information. This significantly
improves communication efficiency and image reconstruction
quality.

3) LMM: LMMs are designed to jointly process and
understand data from multiple distinct modalities, such as
text, images, audio, video, and potentially even code, point
clouds, and sensor data [23]. The goal of LMMs is to enable
comprehensive modality fusion and interaction, thereby more
effectively simulating how humans perceive and understand
the world through various inputs. These models are capable
of performing complex cross-modal reasoning, content gener-
ation, and seamless interaction. LMMs are widely regarded as
a critical step toward achieving more general forms of AI.

In terms of architectural design, LMMs are typically built
upon powerful unimodal backbones and incorporate more
sophisticated cross-modal fusion and alignment mechanisms.
Their core architecture often includes: modality-specific en-
coders for different input types; one or more projection
modules that map modality-specific information into a shared
representation space and perform deep alignment, potentially
using multi-layer cross-attention, modality gating mechanisms,
or dedicated fusion networks; and a central processing unit,
usually based on LLMs, responsible for semantic understand-
ing, reasoning, and task execution. To support multimodal
output generation, the LMM may also integrate corresponding
decoders.

OpenAI’s GPT-4 is a prominent representative of LMMs,
natively supporting flexible combinations of text and image
modalities for both input and output. It significantly reduces
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interaction latency and enhances performance on cross-modal
tasks, demonstrating truly real-time multimodal dialogue ca-
pabilities. Similarly, Google’s Gemini series [60] [61] and the
LLaVA series [71] [72] [73] are also powerful LMMs. By inte-
grating a broader range of sensory inputs, these models enable
unprecedented levels of complex cross-modal understanding
and generation, further blurring the boundary between digital
intelligence and physical-world perception.

LMMs have been widely applied in communication scenar-
ios such as semantic communication [65] [74], wireless net-
work intent management [75], and multimodal task-oriented
dialogue systems [76]. By integrating multimodal information
such as images, text, and sensor data, these models signif-
icantly enhance the communication system’s capabilities in
understanding, adaptability, and intelligent interaction.

4) LRM: LRMs are AI models focused on enhancing
systematic reasoning capabilities in complex tasks. Their pri-
mary goal is to solve complex logical problems, such as
those encountered in mathematics, programming, and scien-
tific domains, through explicit multi-step logical reasoning.
Compared to conventional LLMs, LRMs significantly improve
their performance in planning, problem decomposition, and
dynamic knowledge integration by incorporating techniques
such as RL [77], Supervised Fine-Tuning (SFT) [78], and
Chain-of-Thought (CoT) [79].

Structurally, LRMs typically adopt a multi-stage training
framework. Starting from a base pretrained model, they op-
timize the generation of reasoning chains through RL or
hybrid training strategies (e.g., SFT + RL), and dynamically
augment external knowledge using RAG mechanisms [80].
For instance, DeepSeek R1 [12] employs the Group Relative
Policy Optimization (GRPO) algorithm [81], which balances
answer accuracy and reasoning format consistency through a
reward function. Additionally, it incorporates cold-start data
and language consistency constraints, enabling the model
to maintain high-quality reasoning while reducing redundant
computation and optimizing resource consumption.

Representative LRMs include models such as OpenAI-o1,
DeepSeek R1, and Qwen-QwQ [82]. As an early bench-
mark, OpenAI-o1 demonstrated complex reasoning capabil-
ities through Monte Carlo Tree Search (MCTS) [83] and
Procedural Reward Modeling (PRM). However, its closed-
source nature and high computational cost have limited its
widespread adoption. In contrast, DeepSeek R1 [12] stands out
for its open-source availability, offering reasoning performance
comparable to o1 but at a significantly lower cost, thereby
greatly advancing the open-source community. Additionally,
LRMs such as Qwen-QwQ [82] have exhibited reasoning abil-
ities on par with o1-like models in domain-specific tasks such
as code generation, further enriching the diversity of the LRM
ecosystem. In communications, LRMs are primarily applied to
enhance system intelligence, adaptability, and security [84] by
leveraging their powerful multi-step reasoning and abstraction
capabilities.

5) Lightweight LAM: Lightweight LAMs refer to those
LAMs that are specifically designed and optimized to reduce
model complexity, minimize storage size, lower computational
resource consumption, and accelerate inference speed. The

core value of such models lies in their ability to operate effi-
ciently in resource-constrained environments, such as mobile
devices, embedded systems, IoT devices, and edge computing
nodes. Additionally, they contribute to reducing the cost and
latency of large-scale cloud deployments, thereby enabling
LAMs to be more broadly and economically applied in various
real-time or power-sensitive scenarios.

Lightweight LAMs require carefully optimized architectural
designs and trade-offs to maximize performance within con-
strained resource “budgets.” Structural lightweight is typically
reflected in several aspects: first, by directly reducing model
depth (number of layers) and width (hidden dimensions,
number of attention heads); second, by adopting more efficient
component variants, such as Grouped-Query Attention (GQA)
[85] or Multi-Query Attention (MQA) [86] in place of standard
Multi-Head Attention (MHA), which significantly reduces the
required cache size during inference and improves efficiency.

A series of representative lightweight LAMs have recently
demonstrated their potential and value. For example, the
TinyLLaMA project aims to replicate the architecture and
training pipeline of LLaMA 2 with approximately 1.1 billion
parameters, incorporating optimizations such as GQA to pro-
vide a foundational model for extremely resource-constrained
research and development [87]. LiteLLaMA typically refers
to official or community-optimized versions of the LLaMA
series with fewer parameters, emphasizing a balance between
performance and resource consumption [88]. MiniCPM is a
multimodal model designed for edge deployment, with around
2 billion parameters, serving as a representative model tailored
for mobile and edge devices [89]. In addition, Microsoft’s
Phi series (e.g., Phi-2 [90], Phi-3-mini/small/medium [91]) is
known for its “small size, high performance” characteristics,
achieving results that surpass models of similar scale through
training on high-quality datasets. The continual advancement
of these lightweight LAMs is enabling powerful AI capa-
bilities to be brought to a wider range of terminal devices
and application scenarios. In communications, lightweight
LAMs play a critical role in semantic communications [70],
where their low computational overhead and strong inference
capabilities allow for efficient semantic information extraction,
compression, and reconstruction directly on edge devices,
significantly enhancing both communication efficiency and
robustness.

The classification of LAMs and their corresponding appli-
cation scenarios in communications are presented in Table III.

C. Summary and Lessons Learned
1) Summary: This chapter provides a systematic summary

of the core components and model types involved in LAMs
for communications. We detail the fundamental principles,
architectural characteristics, and application scenarios in com-
munications for typical modules such as Transformer, ViT,
VAE, Diffusion, DiT, and MoE. Meanwhile, we review the
definitions, structural features, and representative works of
different categories of LAMs including LLM, LVM, LMM,
LRM, and lightweight LAMs. This lays a comprehensive
foundation for readers to understand the current technology
system of LAMs.
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TABLE III: Classification of LAMs and their applications in communications.

LAM Category Components Specific Models Application Scenarios

Large Language Model Transformer, MoE GPT series, Gemma series,
LLaMA series

Semantic Communication [65], Network Management [21],
Multi-agent Systems [25], Communication Security [66]

Large Vision Model ViT, Diffusion, DiT, MoE SAM series, DINOv2, MAE Semantic Communication [26]

Large Multimodal Model Transformer, ViT, VAE, Diffusion, DiT,
MoE

GPT-4o, Gemini series,
LLaVA series

Semantic Communication [65], Intent Network
Management [75], Multimodal Task Dialogue [76]

Large Reasoning Model Transformer, MoE OpenAI o1, DeepSeek R1,
Qwen-QwQ

Network Management [84]

Lightweight LAM Transformer, ViT TinyLlama, LiteLlama,
MiniCPM, Phi series

Semantic Communication [70]

2) Lessons Learned: Although significant progress has
been made in the model architectures, classification mech-
anisms, and communication applications of LAMs, multiple
challenges remain. On one hand, models like Transformer,
ViT, and Diffusion require heavy computation when pro-
cessing long sequences and high-dimensional data, diffusion
models have slow generation speeds, and MoE structures
consume high memory, all of which affect the real-time perfor-
mance and deployment efficiency of LAMs in communication
scenarios. On the other hand, the stability and consistency of
LAMs in multimodal fusion and complex reasoning tasks still
need improvement. Future research should focus on optimizing
model computation structures, enhancing sampling and reason-
ing efficiency, constructing unified and scalable multimodal
model architectures, and promoting efficient deployment of
lightweight LAMs in edge environments [22].

III. HOW TO DESIGN LARGE AI MODELS FOR
COMMUNICATIONS

In the context of learning communication knowledge, LAMs
primarily adopt two approaches. The first approach involves
embedding communication knowledge directly into the model
parameters through pre-training, fine-tuning, and alignment.
However, this method is time-consuming and less suitable
for knowledge that requires frequent updates. The second
approach combines RAG and KG, leveraging external vec-
tor databases and graph databases to provide contextualized
knowledge to LAMs without modifying their parameters. This
approach is more adaptive to the demands of rapidly evolv-
ing knowledge. In the following sections, we first introduce
the methodologies for constructing communication datasets,
followed by a detailed discussion of both learning paradigms.

A. Communication Datasets

The construction of communication datasets serves as the
foundation for training LAMs in communications. It encom-
passes three key components: pre-training, fine-tuning, and
alignment datasets. The primary goal is to support the tran-
sition and enhancement of model capabilities from general-
purpose intelligence to task-specific competence in communi-
cation tasks.

1) Communication Content Filtering: Currently, general-
purpose datasets used for training LAMs contain substan-
tial communication-related content. Representative datasets

include Common Crawl1, Pile2, Dolma3, and RedPajama-
Data4. Accordingly, domain-specific communication datasets
can be constructed by extracting relevant content from these
sources. This process involves identifying a set of commonly
used communication-related keywords, filtering the datasets
based on these keywords to retain communication-relevant
content, and applying deduplication techniques to remove
redundant or repetitive entries. These steps aim to enhance the
training efficiency of LAMs while maintaining data diversity.
During content filtering, communication-specific keywords can
be precisely selected based on the following criteria [92]:

� Technical Relevance: Keywords should be closely as-
sociated with core communication theories. For exam-
ple, “6G” represents the latest generation of mobile
communication technologies, and “VoIP” refers to voice
communication over IP networks, both indicating clear
communication-specific contexts.

� High Frequency: Keywords should be commonly used
terms in professional communication literature. For in-
stance, “Broadband” describes high-speed internet access
technologies, and “LTE,” an abbreviation for long-term
evolution, frequently appears in mobile communication
scenarios.

� Uniqueness: Keywords should possess distinctiveness
and specificity in communications. Terms like “spectrum
allocation,” a key concept in wireless communication, and
“fiber-optic communication,” the foundation of modern
high-speed transmission, exemplify such uniqueness.

� Authoritativeness: Keywords should originate from core
communication standards and carry authoritative sig-
nificance. For example, “3GPP” defines global mobile
communication standards, and “IEEE 802.11” specifies
wireless LAN standards, both accurately referencing for-
mal communication technologies.

� Timeliness: Keywords should reflect cutting-edge trends
in communications. “Network slicing” allows flexible
allocation of network resources, while “quantum encryp-
tion,” based on quantum mechanics, enables secure com-
munication, both representing advanced and emerging
concepts.

� Clarity: Priority should be given to keywords that
precisely describe frontier communication technologies,

1http://commoncrawl.org/the-data/get-started/
2https://github.com/togethercomputer/
3https://huggingface.co/datasets/allenai/dolma
4https://github.com/togethercomputer/RedPajama-Data
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avoiding vague or overly generic terms. Examples include
“VoLTE” for high-definition voice services over LTE net-
works, and “Non-Terrestrial Networks” refer to satellite
communications and other non-ground-based networking
technologies.

2) Pre-training Datasets for Communications : The pre-
training of LAMs requires vast and diverse communication-
related data that spans multiple technical domains and data
sources to comprehensively acquire domain-specific knowl-
edge and enhance the model’s generalization and accuracy.
The following are representative datasets that can be utilized
for pre-training LAMs in communications:

� TSpec-LLM [93] is an open-source dataset targeting
3GPP documents, covering over 30,000 documents from
1999 to 2023 with a total size of 13.5 GB. The dataset
is formatted in markdown while preserving the original
structural hierarchy, facilitating comprehension and pro-
cessing by LLMs.

� OpenTelecom Dataset [92] is a pre-training corpus
designed for LAMs in telecommunications. It encom-
passes a wide range of sources, including communica-
tion standards, research papers, books, and patents, with
a particular emphasis on authoritative documents from
3GPP and IEEE. This dataset ensures that models acquire
comprehensive and credible telecommunications knowl-
edge, providing rich and high-quality textual resources
for communication-related NLP tasks.

� CommData-PT [94] is a high-quality pre-training corpus
specifically constructed for LAMs in communications.
It includes comprehensive content from 3GPP stan-
dards, IEEE protocols, communication-related patents,
academic papers, source code, and Wikipedia entries,
covering knowledge across all layers of communication
systems. The data are processed through LAM-assisted
recognition, keyword-based filtering, cleaning, and stan-
dardization, resulting in a corpus with high domain speci-
ficity and structural consistency. This dataset provides
strong support for both the pre-training and downstream
task performance of communication-oriented LAMs.

3) Fine-tuning Datasets for Communications: In commu-
nication, fine-tuning enables LAMs to learn and understand
domain-specific instructions and perform corresponding tasks.
Instruction-tuning datasets play a crucial role in this process
by providing paired instruction-response samples, allowing the
model to learn how to execute tasks based on given instruc-
tions. This significantly enhances the model’s adaptability and
accuracy in specific communication tasks. The following are
several representative instruction-tuning datasets:

� TelecomInstruct Dataset [92] is an instruction-tuning
dataset tailored for telecommunication tasks. It covers a
wide range of task types, including question answering,
document classification, code generation, and protocol
interpretation. This dataset is designed to enhance the
model’s ability to comprehend and execute telecom-
specific instructions, thereby improving its effectiveness
and generalization in complex communication scenarios.

� CommData-FT [94] is a high-quality instruction-tuning
dataset specifically designed for fine-tuning LAMs in
communications. Built upon the CommData-PT corpus,
it contains well-structured instruction-response pairs cov-
ering tasks such as protocol-related question answering,
document classification, and text summarization. The
dataset adheres to standardized formatting and is man-
ually curated to ensure data quality, providing strong
support for model fine-tuning and specialization in com-
munication tasks.

4) Alignment Datasets for Communications : Alignment
datasets provide high-quality feedback to LAMs to optimize
their behaviors and decision-making processes, enabling the
models to better align with human preferences and values
in complex environments. For example, the TelecomAlign
dataset [92] is specifically designed for alignment fine-tuning
in telecommunications. It aims to train LLMs to generate
responses that better meet communication-specific require-
ments and human preferences while minimizing redundancy,
verbosity, and irrelevant content. By favoring concise and
accurate answers, this dataset helps reduce system latency
and aligns with the principles of semantic communication,
thereby enhancing the model’s practicality and human-AI
collaboration capabilities in communication scenarios.

B. Internal Learning

Internal learning in communications typically involves three
stages: pre-training, fine-tuning, and alignment. Pre-training
enables the model to acquire general semantic and knowl-
edge capabilities from large-scale data; fine-tuning adapts the
model to the specific requirements of communication tasks;
and alignment further refines the model’s output behavior to
ensure it aligns more closely with the practical standards and
objectives of communication systems.

1) Pre-training: Pre-training LAMs in communications is
a critical step in building foundational models equipped with
both domain-specific knowledge and language understand-
ing capabilities. It aims to address the limited adaptabil-
ity of general-purpose LAMs to specialized communication
tasks. Pre-training involves unsupervised learning on large-
scale communication data, enabling the model to acquire
fundamental concepts and structural knowledge relevant to
the communication domain, thereby laying a solid founda-
tion for downstream tasks. In communication scenarios, a
continual pre-training strategy is typically adopted, where
domain-specific data are introduced to further pre-train open-
source LAMs (e.g., LLaMA, Gemma). The data sources
include 3GPP standards, IEEE publications, communication
patents, source code, and Wikipedia entries, forming high-
quality corpora such as OpenTelecom [92] and CommData-
PT [94]. The training objective is to predict the next token,
allowing the model to learn the semantics and logic in com-
munication contexts. Upon completion, the model retains its
general language capabilities while significantly enhancing its
understanding of communication protocols, terminologies, and
system structures, thereby establishing a strong foundation for
subsequent instruction fine-tuning and alignment.
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The specific pre-training approach involves continual pre-
training on domain-specific communication datasets [92]. Un-
like the initial pre-training phase of LAMs, this process offers
a cost-effective method to adapt a general-purpose LAM into
a communication-specialized model. During continual pre-
training, the learning objective is based on causal language
modeling, where the model predicts the next token given
the preceding word sequence. Formally, let the input text be
represented by a word sequence x = ( x1; :::; xT ) and � denote
the model parameters. The LAM is trained by minimizing the
negative log-likelihood loss to enhance its understanding of
communication knowledge. The loss function is defined as
follows [92]:

L (x; � ) = �
TX

t =1

logP(x t j(x<t )) ; (11)

where x<t denotes the sequence of tokens preceding the token
x t , and T is the length of the word sequence.

2) Fine-tuning: Fine-tuning is a critical post-pretraining
stage for communication-oriented LAMs, aimed at enhanc-
ing their understanding and execution capabilities for spe-
cific communication tasks such as protocol parsing, ques-
tion answering, and code generation. This process involves
supervised training on high-quality, task-specific datasets to
enable the model to generate professional and accurate out-
puts in response to given instructions. Fine-tuning typically
leverages instruction datasets such as CommData-FT [94]
or Telecom-Instruct [92], and optimizes the model using a
cross-entropy loss function. To improve training efficiency,
Parameter-Efficient Fine-Tuning (PEFT) techniques such as
LoRA are often employed. As a result, the fine-tuned com-
munication model exhibits stronger domain specificity and
task adaptability, achieving superior performance in tasks like
telecom question answering and code generation compared to
general-purpose LAMs [94].

Instruction tuning performs SFT of communication-oriented
LAMs using instruction-tuning datasets. These datasets consist
of multiple instruction–response pairs, where each instruc-
tion x ( i ) is paired with a corresponding response y( i ) . The
dataset can be formally represented as I =

�
x ( i ) ; y( i )

	 N
i =1 .

Using these instruction–response pairs, the LAM is trained to
minimize the conditional negative log-likelihood loss of the
response given the instruction, thereby enhancing its perfor-
mance in zero-shot or few-shot scenarios and reducing refusal
behaviors when responding to user requests. The loss function
is defined as follows [92]:

L (y( i ) ; � ) = �
jy ( i ) jX

t =1

logP(y( i )
t jy( i )

<t ; x ( i ) ) (12)

where x ( i ) denotes the instruction in the i -th instruc-
tion–response pair, y( i ) represents the corresponding correct
response, y( i )

t is the t-th token in the response sequence of
the i -th sample, and y( i )

<t denotes the subsequence of response
tokens from the beginning up to the (t � 1)-th token.

3) Alignment: In communications, alignment is a critical
step in enhancing the practical utility of LAMs, aiming to
ensure that the generated outputs better reflect the preferences
and requirements of communication tasks. Although fine-
tuned models possess a certain level of capability in handling
such tasks, they may still produce redundant, inaccurate, or
task-irrelevant responses, necessitating further optimization.
Alignment addresses this by constructing preference-labeled
datasets and applying methods such as Direct Preference
Optimization (DPO), which encourages the model to generate
concise, accurate, and highly relevant outputs. Compared
to traditional RL approaches, DPO eliminates the need for
complex reward models, resulting in more efficient and stable
training. Ultimately, aligned models demonstrate performance
that is more consistent with real-world expectations in tasks
such as telecom-specific question answering and protocol
interpretation, making them better suited for future intelligent
communication systems. The specific loss function of DPO is
defined as follows [92]:

L DPO(� � ; � ref) = � E(x;y w ;y l ) (13)
h

log �
�

� log
� � (yw jx)
� ref(yw jx)

� � log
� � (yl jx)
� ref(yl jx)

�i
(14)

where x denotes the input prompt or task instruction, yw repre-
sents the preferred response according to human feedback, and
yl denotes the less preferred response. � � is the current model
being optimized, while � ref is the reference model, typically
a fine-tuned model without preference alignment. � � (yw jx)
denotes the conditional probability of generating response yw
given input x under the model � � .

C. External Learning

In communications, the external learning paradigm for
LAMs primarily follows two approaches: RAG based on
vectorized data and KG based on structured graph data. RAG
enhances the model’s information retrieval and generation ca-
pabilities by incorporating external semantic vector databases,
while KG strengthens the model’s knowledge reasoning and
contextual understanding through structured representations.
Together, these approaches significantly expand the applica-
bility and effectiveness of LAMs in complex communication
scenarios [94].

1) Retrieval-Augmented Generation: In the external learn-
ing paradigm of LAMs for communications, vector-based
RAG serves as a key knowledge enhancement approach,
addressing limitations such as slow knowledge updates and
inaccurate responses in pre-trained models. RAG integrates
information retrieval with generative modeling by retrieving
relevant content from an external knowledge base before
response generation. The retrieved content is combined with
the original query and jointly fed into the LAM to pro-
duce more accurate and context-aware outputs. The typical
workflow involves segmenting communication documents and
converting them into high-dimensional vectors, storing them
in a vector database with indexing. Upon receiving a user
query, the model encodes the query into a vector and retrieves
the most relevant document fragments. Finally, these retrieved
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segments are combined with the original query and passed to
the LAM to produce an enhanced response.

In communication scenarios, vector-based RAG focuses on
extracting semantic information from domain-specific commu-
nication documents to construct specialized communication
vector databases. This approach enables the rapid integration
of new knowledge without requiring updates to model pa-
rameters, making it particularly suitable for communication
tasks characterized by frequent knowledge updates and high
complexity. For example, the CommGPT system [94] employs
vector databases such as milvus [95], significantly improving
the model’s accuracy in understanding technical terminology
and complex standards, and demonstrating strong scalability
and practical utility.

2) Knowledge Graph: In the external learning paradigm
of LAMs for communications, graph-based KGs serve as a
vital approach for knowledge modeling and enhancement, en-
abling the model to better understand complex communication
concepts and their interrelationships. A KG is a structured
knowledge base that represents entities (e.g., protocols, tech-
nologies, parameters) as nodes and their semantic relation-
ships as edges within a graph structure. KGs provide global,
structured knowledge support for LAMs, thereby enhancing
their reasoning, retrieval, and interpretability capabilities. The
construction of a KG typically involves three main steps: first,
extracting entities along with their attributes and relationships
from communication documents; second, constructing a graph
structure to capture the semantic associations among entities;
and finally, storing the graph in a graph database (e.g., neo4j
[96]), which allows the model to query and reason over the
graph to obtain relevant entities and contextual information.

In communication scenarios, graph-based KGs are primarily
used to represent and organize key entities and their associ-
ations within communication documents. By constructing a
KG, the model can identify not only explicit relationships
(e.g., a protocol belonging to a specific standard) but also infer
implicit ones (e.g., the relevance of a particular technology to
multiple protocols). For instance, in the CommGPT system
[94], KGs are integrated with RAG to form a multi-scale
knowledge enhancement mechanism, enabling the model to
generate more accurate and contextually consistent responses
to communication tasks involving multiple entities and multi-
hop relationships. This significantly improves the model’s
logical reasoning and global understanding capabilities in
complex communication scenarios.

Table IV presents the comparison of internal learning and
external learning. As shown in Fig. 3, a structured design
pipeline is established to develop LAMs specifically optimized
for communications through various learning methods.

D. Summary and Lessons Learned

1) Summary: This chapter systematically summarizes the
key components and technical pathways for building LAMs
for communications. Starting from the construction of com-
munication datasets, we outline the filtering strategies for
communication-specific data, methods for building pre-
training, instruction fine-tuning, and preference alignment

datasets, forming a comprehensive design scheme covering the
entire data lifecycle. Regarding model training, we introduce
internal learning and external learning separately, clarifying
the objective functions and technical approaches at each stage.
Internal learning includes key techniques such as pre-training,
instruction fine-tuning, and preference alignment, while ex-
ternal learning involves vector-based RAG and graph-based
KG. Through this content, we provide a complete technical
reference and methodological summary for the systematic
design of LAMs for communications.

2) Lessons Learned: Although preliminary achievements
have been made in dataset construction, pre-training, fine-
tuning, and alignment of LAMs, internal learning still faces
challenges such as knowledge update delays and high training
costs, while external learning encounters difficulties including
complex knowledge organization and system integration. Fu-
ture efforts should focus on constructing high-quality, multi-
level communication datasets, improving model adaptability
and update capability for communication knowledge, and
optimizing external enhancement mechanisms like RAG and
KG, thereby promoting efficient and scalable structure design
and development in communication scenarios [19].

IV. HOW TO DESIGN AGENTIC AI SYSTEMS FOR
COMMUNICATIONS

The LAM-based Agentic AI system [25] refers to an intel-
ligent agent framework driven by LAMs and integrated with
key modules such as a knowledge base, planners, tools, and
memory modules. It is designed to autonomously comprehend,
plan, and execute complex communication tasks. This system
not only possesses natural language understanding and reason-
ing capabilities but also supports multi-agent collaboration to
enable iterative optimization of communication tasks. Com-
pared with traditional agent systems, the Agentic AI system,
empowered by LAMs, exhibits greater generality, scalability,
and adaptability, thereby unlocking the full potential of AI in
6G networks. In the following sections, we provide a detailed
overview of the system’s core components, agent interaction
mechanisms, and multi-agent system architecture.

A. System Architecture of Agentic AI

The Agentic AI system is composed of LAMs, knowledge
bases, planners, tools, and memory modules, collectively en-
abling natural language understanding, knowledge reasoning,
and task execution. The agent leverages the knowledge base
to acquire domain-specific knowledge in communications, uti-
lizes the planner to reason about and decompose tasks, invokes
external tools to perform operational steps, and employs the
memory module to store and retrieve historical information
for reflection and continuous task optimization. The system
architecture of LAM-based Agentic AI is shown in Fig. 4.

1) LAMs: In an Agentic AI system, LAMs serve as the core
reasoning engine and central coordination hub, responsible for
task comprehension, contextual modeling, tool invocation, and
reflective evaluation. LMMs such as GPT-4 or Gemini are
typically employed to enable multimodal perception and in-
terpretation of external commands and environments, thereby



15

TABLE IV: Comparison of internal learning and external learning.

Aspect Pretraining Fine-tuning Alignment RAG Knowledge Graph
Goal Learning general lan-

guage patterns
Optimizing performance for
specific tasks

Align outputs with prefer-
ence or task-specific con-
straints

Retrieving external docu-
ments to enhance LLM

Constructing structured
knowledge to enhance LLM

Data Type Large-scale unlabeled
text

Labeled instruction data Preference data, synthetic
alignment data

External documents/vector
database

Structured graph database

Learning Method Unsupervised learning Supervised learning Reinforcement learning Retrieval and in-context
learn-ing

Graph reasoning

Tuning
Parameters

All parameters Task-specific parameters Alignment-specific parame-
ters

Parameters of retrieval mod-
ules

Graph embedding and struc-
ture

Time Complexity High Medium Medium Low Medium
Disadvantages Lack of task-specific

optimization
Labeled instruction data re-
quirement

Costly reward modeling and
subjective criteria

Retrieval suboptimality Difficulty in generating high-
quality graph structure.

Fig. 3: The structured design pipeline of LAMs for communications through various learning methods.

Fig. 4: The architecture of the LAM-based Agentic AI system.
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orchestrating the system’s overall operations. LAMs utilize
prompt templates to structure task processing workflows, in-
voke the planner to dynamically generate subtask instructions,
and dispatch them to other modules while actively monitoring
execution states and coordinating outputs to ensure semantic
consistency and logical coherence. Furthermore, LAMs can
interface with external tools such as search engines, code
executors, and file systems, as well as internal tools tailored
to communication tasks, enabling a closed-loop cycle from
reasoning to execution. As a unified decision-making engine
connecting users, agents, tools, and the knowledge base, LAMs
significantly enhance the system’s adaptability and scalability
in handling complex communication tasks.

2) Planner: The planner module is a central component
responsible for understanding tasks, decomposing objectives,
and organizing execution in an Agentic AI system. It typically
employs LRMs with strong language comprehension and in-
ference capabilities, such as OpenAI-o1 [97] and DeepSeek R1
[12], which leverage slow thinking and CoT reasoning to break
down complex tasks into executable subtask sequences. The
planner generates feasible task chains, explicitly defining the
order and dependencies among subtasks to guide downstream
execution. The system adopts advanced reasoning strategies
such as CoT [79], Tree-of-Thought (ToT) [98], Graph-of-
Thought (GoT) [99], and the Plan-and-Solve framework [100],
progressively refining tasks into actionable steps while iter-
atively improving plans based on execution feedback. This
module often integrates key techniques including multi-agent
collaboration, structured task modeling, and feedback-driven
replanning, significantly enhancing the system’s efficiency and
adaptability in managing complex communication tasks.

3) Knowledge Base: In an Agentic AI system, the knowl-
edge base module serves as a foundational pillar supporting
task comprehension and reasoning, providing agents with
structured, retrievable, and highly relevant external knowl-
edge. This module integrates communication-related docu-
ments (e.g., research papers, standards, protocols) and AI
domain knowledge. It is constructed through semantic encod-
ing and knowledge embedding, enabling efficient alignment
with the knowledge retrieval requirements of LAMs. The
knowledge base may consist of both vectorized and graph-
structured data: vector data are retrieved via RAG querying
[101], while graph data are accessed through KG querying
[102]. When external knowledge is required for task execution,
user queries are converted into retrieval-style prompts to search
the knowledge base. Relevant segments are returned based on
semantic similarity ranking, then filtered and reformulated by
the agent to provide task-contextualized knowledge support.
This module supports both structured knowledge acquisition
and dynamic evolution with adaptive updates.

4) Tools: The tool module serves as a critical bridge
between language understanding and task execution, enabling
agents to perform “perception–reasoning–action” operations
in an Agentic AI system. This module integrates various
types of external tools, including general-purpose tools (e.g.,
search engines, file access, API invocation, data analyzers),
communication-specific tools (e.g., channel models, beam-
forming algorithms, resource allocation algorithms), and AI-

specific tools (e.g., clustering algorithms, feature extraction
methods, deep learning algorithms), forming a comprehensive
execution toolkit for the system. Agents comprehend the func-
tionality of these tools through natural language descriptions
and issue tool invocation commands, transmitting data to the
appropriate tool for processing. Upon execution, the output
is returned to guide subsequent steps in the task pipeline.
Throughout this process, the tool module can be repeatedly
invoked by multiple agents to support tasks such as code
generation, data processing, and system modeling, acting as a
core enabler in bridging reasoning and action. This module in-
corporates key technologies such as prompt engineering [103],
Agent Communication Protocol (ACP) [104], and tool selec-
tion mechanisms [105], thereby enhancing the intelligence and
flexibility of tool utilization and improving system adaptability
in multi-turn interactions and complex task scenarios.

5) Memory: In an Agentic AI system, the memory module
is a core component that supports self-reflection, task opti-
mization, and continual learning. It is responsible for recording
and managing intermediate states and outcomes throughout the
task execution process, thereby establishing both short-term
and long-term memory mechanisms. Short-term memory cap-
tures semantically similar task experiences to facilitate com-
parative analysis and localized optimization, while long-term
memory retains semantically distinct experiences to support
system-level strategy updates and global optimization. After
each task, the agent evaluates its execution plan and outcomes,
classifies and stores them accordingly, and then leverages
short-term memory to propose fine-grained workflow adjust-
ments and long-term memory to perform broader workflow
revisions. This module emulates the human cognitive process
of “short-term recall and long-term accumulation,” enabling
memory-driven self-optimization across multi-turn interactions
and serving as a critical foundation for autonomous learning
and task generalization. The memory module integrates key
technologies such as short and long-term memory modeling
[106], vector databases [107], semantic embeddings [108], and
self-reflection mechanisms [109], significantly enhancing the
system’s capacity for information organization and knowledge
evolution in complex communication tasks.

B. Agent Interaction

As the core units of decision-making and execution, agents
rely on the comprehension and generation capabilities of
LAMs to engage in autonomous or collaborative interactions
centered around task objectives and the external environment.
Depending on the scope and nature of the interaction, agent
interaction mechanisms can be categorized into two types:
single-agent interaction and multi-agent collaborative interac-
tion.

1) Single-Agent Interaction: Single-agent interaction en-
compasses task reasoning optimization and causal logic re-
finement, which effectively enhance the reasoning efficiency
of LAMs and strengthen their understanding of causal rela-
tionships.

� Task Reasoning Optimization: Agents possess au-
tonomous decision-making and self-learning capabilities,
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enabling them to monitor the state of the LAM in real
time during the reasoning process, identify bottlenecks,
and dynamically adjust reasoning paths. By leveraging
contextual information from the knowledge base and
memory modules, agents can adapt to task variations,
thereby improving reasoning efficiency and accuracy. For
instance, the AutoGPT system achieves automated rea-
soning by decomposing goals into subtasks and executing
them iteratively [13]. Integrating agents with RL can
further enhance their policy learning capabilities, leading
to superior reasoning performance across a variety of
tasks.

� Causal Logic Optimization: By incorporating causal
logic, agents can significantly enhance their reasoning
capabilities. Through the integration of KG, agents are
able to analyze causal relationships among various fac-
tors, enabling them not only to identify complex patterns
within the data but also to understand the underlying
causal mechanisms. This allows for more targeted and
context-aware reasoning. Agents can determine which
variables exert direct or indirect influence on outcomes
and accordingly adjust their reasoning strategies, thereby
improving prediction accuracy and decision quality while
reducing errors arising from the neglect of causal depen-
dencies.

2) Multi-Agent Interaction: In multi-agent systems, each
agent functions as an independent decision-making unit that
collaborates with others to solve complex problems. Common
optimization strategies include unordered complementary col-
laboration, ordered complementary collaboration, and adver-
sarial collaboration.

� Unordered Complementary Collaboration: Unordered
complementary collaboration emphasizes flexible interac-
tion among agents without predefined sequences or rules.
Each agent contributes information and strategies based
on its own experience, enhancing system diversity and
enabling the analysis of complex and uncertain problems
from multiple perspectives. This approach mitigates the
limitations of single-agent viewpoints, improves overall
reasoning capabilities, and increases the system’s adapt-
ability in dynamic environments.

� Ordered Complementary Collaboration: Ordered com-
plementary collaboration follows a well-defined sequence
and structured process among multiple agents. Informa-
tion is passed along a predetermined path, and tasks are
executed in a coordinated manner, forming a continuous
chain of knowledge. The output of one agent serves as
the input for the next, thereby improving collaborative
efficiency, reducing information redundancy and interfer-
ence, optimizing the reasoning process, and enhancing
task execution efficiency and decision accuracy in com-
plex scenarios.

� Adversarial Collaboration: Adversarial collaboration
involves competitive interactions among agents, where
they continuously challenge and critique each other’s
reasoning strategies. This dynamic fosters self-reflection
and strategic refinement, as agents learn from the

strengths and weaknesses of their counterparts. Such
game-theoretic learning not only enhances individual rea-
soning abilities but also strengthens the system’s overall
robustness and problem-solving depth in complex envi-
ronments.

C. Multi-Agent System Architecture

The CommLLM framework [25] establishes a LAM-centric,
multi-agent collaborative system architecture for 6G commu-
nications. The schematic diagram of CommLLM is shown in
Fig. 5. This architecture integrates a knowledge base, planners,
tools, and memory modules to support intelligent decision-
making and task execution. Driven by natural language input,
the system orchestrates the full process of knowledge retrieval,
task planning, result evaluation, and self-optimization through
distributed collaboration among agents. Each agent is assigned
to specific subtasks, working in coordination to form a closed-
loop workflow of “input–reasoning–feedback–optimization.”
This enables the system to handle complex communication
tasks, adapt to dynamic environments, and continuously learn,
representing a critical technological pathway for the intelligent
evolution of 6G communication systems. The architecture
consists of the following three components:

� Multi-Agent Data Retrieval: The Multi-agent Data
Retrieval (MDR) module is responsible for acquiring
task-relevant information from external knowledge bases
and serves as the foundational entry point for seman-
tic modeling and knowledge support in the system. It
comprises multiple function-specific agents, including
a secure agent, a condensate agent, and an inference
agent, forming a multi-stage data retrieval pipeline from
input filtering to information reconstruction. Specifically,
when a user submits a natural language task request, the
secure agent first screens the input to eliminate potentially
malicious instructions or requests that violate system
constraints, ensuring the robustness and compliance of the
task chain. The system then leverages embedded vector
retrieval mechanisms to identify the most relevant knowl-
edge segments from the pre-constructed knowledge base
based on the processed query semantics. These retrieved
segments are then compressed and cleaned by the conden-
sate agent to remove redundancy and retain core content.
Finally, the inference agent utilizes the LAM’s language
understanding and generation capabilities to perform se-
mantic abstraction, logical integration, and knowledge
reconstruction on the compressed text, forming struc-
tured, task-ready knowledge representations. This module
not only ensures the contextual accuracy and relevance
of knowledge used in downstream reasoning but also,
through collaboration with the Multi-agent Collaborative
Planning (MCP) module, significantly enhances the sys-
tem’s domain adaptability, response efficiency, and inter-
pretability in complex communication tasks. It constitutes
the foundational gateway for establishing semantic clo-
sure and knowledge-enhanced reasoning in Agentic AI
systems.
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� Multi-Agent Collaborative Planning: The MCP mod-
ule plays a central role in decomposing complex com-
munication tasks and generating high-quality execution
pathways. It operates by orchestrating multiple planning
agents configured with diverse roles and reasoning strate-
gies, enabling parallel, multi-perspective task analysis.
After receiving user requests and domain-relevant infor-
mation from the knowledge base, each planning agent
applies reasoning frameworks such as CoT or the Plan-
and-Solve strategy to semantically model the task and
divide it into subtasks. These subtasks are organized
into chains with defined execution order and dependency
relationships. The resulting task chains are structured to
ensure logical consistency and semantic coherence, and
may be executed sequentially or in parallel. The system
then calls upon the LAM’s intrinsic tool capabilities or
external integrated tool modules to address each subtask
individually and generate preliminary execution results.
The multi-agent planning strategy of MCP significantly
enhances the system’s responsiveness, reasoning robust-
ness, and generation quality in multi-objective, constraint-
rich scenarios. It also lays the groundwork for the eval-
uation and refinement process carried out by the Multi-
agent Evaluation and Reflection (MER) module. MCP
effectively addresses the “path limitation” and “single-
mode bias” inherent in traditional single-agent systems,
serving as the core planning engine for complex commu-
nication task execution in Agentic AI.

� Multi-Agent Evaluation and Reflection: The MER
module is the core mechanism for evaluating solution
quality, generating self-feedback, and enabling iterative
optimization. It is designed to compensate for potential
deviations, inefficiencies, or illogical reasoning that may
occur during a single inference pass. This module com-
prises multiple functional agents responsible for eval-
uation, reflection, and optimization. In the operational
workflow, MER receives multiple candidate task plan
chains generated by the MCP module, each representing
a distinct reasoning path and execution strategy proposed
by different planning agents. Evaluation agents assess
and rank these candidates across multiple dimensions,
including accuracy, efficiency, and interpretability, based
on predefined task objectives, contextual constraints, and
prior experience. The reflexion agents then access short-
term memory to trace contextual trajectories and inter-
mediate variables, identify weaknesses or logical gaps in
the reasoning process, and use the LAM’s reasoning abil-
ities to propose fine-grained improvement suggestions.
Refinement agents further leverage high-quality historical
solutions and paradigms stored in long-term memory to
perform structural strategy reconstruction and path rewrit-
ing, feeding the optimized plans back to the MCP module
for the next iteration. Importantly, MER is not merely
a result scoring mechanism; it is tightly integrated with
the memory system and agent behavior configurations,
forming a reflective and learnable feedback loop in the
Agentic workflow. This greatly enhances the system’s sta-
bility, adaptability, and robustness in addressing complex

and open-ended tasks.

D. Summary and Lessons Learned

1) Summary: This chapter summarizes the core concepts
and system architecture of LAM-based Agentic AI Systems,
systematically outlining their constituent modules, interaction
mechanisms, and functional workflows. We focus on the de-
sign of the reasoning engine centered on LAMs, constructing
an agent system framework for complex communication tasks
around key modules such as knowledge base retrieval, task
planning, tool invocation, and memory optimization. Through
analysis of agent interaction methods and optimization mecha-
nisms, we demonstrate the system’s capabilities in task model-
ing, reasoning execution, and self-evolution, providing a tech-
nical foundation and methodological reference for advancing
research and implementation of Agentic AI Systems tailored
for 6G communications.

2) Lessons Learned: Although LAM-based Agentic AI
systems have shown good generality and scalability across
various communication tasks, challenges remain, such as
complex multi-agent collaboration, instability in task plan-
ning, low efficiency in knowledge base retrieval, and limited
flexibility in tool integration and invocation. Future research
should aim to enhance collaboration strategies and consistency
modeling among multiple agents, build more efficient knowl-
edge management mechanisms, strengthen the intelligence and
generalization capability of tool invocation, and promote the
continuous development of autonomous adaptation and multi-
turn optimization capabilities of the Agentic AI system in
complex communication scenarios [110].

V. HOW TO OPTIMIZE COMMUNICATION SYSTEMS USING
LAMS AND AGENTIC AI

A. The Application Scenarios of LAMs

1) LAMs for Semantic Communication: With the remark-
able capabilities of LAMs in natural language understanding
and cross-modal reasoning tasks, semantic communication
is gradually evolving from the traditional bit transmission
paradigm toward an intelligence-driven, semantic-centric com-
munication paradigm.

In semantic modeling and optimization, introducing LLMs
enables direct modeling and efficient decoding of semantic
information. The general knowledge acquired through pre-
training supports end-to-end semantic communication even
without fine-tuning [111]. Moreover, LLMs enhance feature
extraction and reconstruction in semantic communication by
constructing general-purpose knowledge bases, enabling in-
telligent optimization across task identification, semantic pro-
cessing, and physical transmission. By integrating the SC-GPT
approach, LLMs further improve channel adaptability and
transmission efficiency, thereby significantly enhancing the
accuracy and robustness of semantic communication [112]. In
end-to-end semantic communication systems, the integration
of KG with LLMs in the KG-LLM framework significantly
enhances transmission efficiency and semantic reconstruction
quality by enabling structured semantic extraction and context-
aware compression encoding, thereby greatly improving the
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Fig. 5: Schematic diagram of CommLLM [25].

overall performance of semantic communication [113]. In
talking-head video semantic communication, LLMs construct
private knowledge bases to enable semantic error correction
and disambiguation and participate in joint semantic–channel
encoding, thereby improving the accuracy and robustness of
text transmission. Simultaneously, they facilitate high-quality
reconstruction of speech and video, enabling more efficient
and accurate semantic transmission and recovery under low-
bandwidth conditions [114].

In image semantic communication systems, the incorpora-
tion of LLM-designed semantic encoders and context-aware
semantic decoders enables the extraction of high-density se-
mantic information from raw images and the reconstruction of
contextually consistent representations at the receiver. This sig-
nificantly enhances the efficiency of semantic communication
[115]. In multi-user image semantic communication systems,
the SAM leverages a lightweight knowledge base to identify
key semantic regions within images and employs efficient
semantic encoding for image compression and reconstruction.
Through a shared semantics mechanism, similar information
is transmitted uniformly across users, reducing redundancy
and enhancing both the efficiency and robustness of semantic
communication [70]. In cross-modal semantic communication
systems, a Vision-Language Model-based Cross-modal Se-
mantic Communication (VLM-CSC) framework is constructed
based on BLIP and Stable Diffusion models. This system
performs high semantic density extraction from images to
text and enables controllable image reconstruction. Under
dynamic channel conditions, it integrates memory-enhanced
continual learning and noise-aware attention modulation mod-
ules, significantly improving the completeness of semantic
representation and the robustness of semantic communication
transmission [116]. In 3D semantic communication systems,
the Generative AI Model-assisted 3D Semantic Communica-
tion (GAM-3DSC) framework, integrating SAM, NeRF, and
diffusion models, performs task-oriented 3D semantic extrac-
tion, adaptive semantic compression, and channel estimation
aided by a conditional Generative Adversarial Network (GAN)

combined with diffusion models. This design enables efficient
compression, transmission, and reconstruction of 3D semantic
information under uncertain channel conditions, significantly
enhancing multi-view semantic representation and the robust-
ness of semantic communication [117].

In multimodal semantic communication systems, the pro-
posed LAM-based Multimodal Semantic Communication
(LAM-MSC) framework integrates the CoDi model for modal-
ity transformation and leverages a personalized knowledge
base built on GPT-4 for semantic extraction and reconstruc-
tion. Additionally, Conditional GANs (CGANs) are employed
for channel estimation, significantly improving the transmis-
sion efficiency of the semantic communication system under
complex channel conditions and multimodal data scenarios
[65]. Moreover, in 6G semantic communication systems, the
Privacy-preserving Semantic Communication scheme based
on Multimodal LLM (MLLM-PSC), built upon the GPT-
4V architecture, incorporates semantic extraction with user-
profile-driven few-shot prompt learning and sensitive se-
mantic encryption mechanisms. This framework enhances
multimodal information compression and semantic consis-
tency while achieving end-to-end privacy protection and low-
overhead transmission of sensitive content [118]. The M4SC
system integrates the reasoning and generalization capabilities
of LLMs to construct a unified semantic space via Kernel-
ized Alignment Networks (KAN) for multimodal alignment.
It optimizes multi-task representation and transfers through
natural language instruction templates and separates shared
and private semantic transmissions in multi-user scenarios,
significantly improving the compression ratio, bandwidth uti-
lization, and adaptability of semantic communication systems
[119]. In bandwidth-constrained environments, LLMs enhance
the efficiency and robustness of underwater image semantic
communication by identifying key information within images
and performing semantic compression. By incorporating dif-
fusion models and ControlNet, high-quality image reconstruc-
tion is achieved, while language-based LLMs are employed
to recover textual information. This approach significantly
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Fig. 6: The application scenarios of LAMs.

reduces data volume while ensuring semantic consistency and
reconstruction fidelity [120]. Meanwhile, LLMs are employed
in semantic communication systems within edge IoT networks,
where they enable user intent recognition, semantic extraction,
and reconstruction at the edge. This enhances information
transmission efficiency and intelligent interaction capabilities
in resource-constrained environments [121].

In summary, LAMs empowered semantic communication
systems are fundamentally reshaping the foundational units
of information transmission, shifting from the transfer of
symbols and bits to the accurate conveyance of meaning. This
paradigm shift provides strong support for the development
of the next generation of ubiquitous, intelligent, and efficient
communication systems with enhanced reliability.

2) LAMs for IoT: With the widespread deployment of the
IoT and the continuous expansion of its application scenarios,
traditional IoT systems face significant bottlenecks in task
complexity, semantic understanding, device collaboration, and
real-time interaction. The introduction of LAMs offers new
perspectives for developing more intelligent and adaptive IoT
systems.

In task orchestration and control automation, the LLMind
framework introduces an LLM-centric orchestration mecha-
nism to enable collaborative control across devices and func-
tional modules. By employing a multi-stage transformation
process—from natural language, to finite state machines, and
ultimately to executable code—it supports dynamic orchestra-
tion and feedback-driven execution across multiple devices,
thereby equipping IoT systems with the capabilities for con-
tinual learning and adaptive evolution [122]. Moreover, the
AutoIoT system integrates LLMs into the development of
Artificial intelligence & IoT (AIoT) applications by trans-
lating user intentions into locally executable code through

natural language programming. This approach offers strong
interpretability and flexible interaction while avoiding privacy
and latency issues commonly associated with remote model
invocation. It presents a new paradigm for low-barrier, high-
efficiency AIoT application development [123]. LLMs can
also enable on-device intelligence enhancement through edge
inference and PEFT mechanisms. Furthermore, by leveraging
collaborative reasoning and distributed learning, a resource-
adaptive optimization framework can be established, signif-
icantly improving the responsiveness, privacy preservation,
and cross-device generalization capabilities of IoT systems in
applications such as smart healthcare, intelligent cities, and
home automation [124].

In privacy and security protection, LLMs combine local
deployment with prompt engineering to enable understand-
ing, task analysis, and code generation from complex data
uploaded by IoT devices. Without the need for fine-tuning,
they can perform reasoning and self-correction, thereby signif-
icantly enhancing the system’s data processing capabilities and
intelligent responsiveness under privacy-sensitive, resource-
constrained, and task-diverse scenarios. This demonstrates the
critical role of LLMs in optimizing intelligent services within
IoT systems [125]. LLMs are also employed in the develop-
ment of real-time threat detection and prevention systems for
IoT networks. By leveraging fine-tuned lightweight models in
combination with IoT-specific datasets, these systems enable
rapid responses to unknown attacks and efficient defense under
constrained resource conditions, highlighting the promising
potential of LLMs in intelligent security systems [126]. More-
over, LLMs demonstrate significant potential in enhancing
the security, manageability, and intelligent data processing
capabilities of IoT systems by enabling high-precision few-
shot recognition in Distributed Denial of Service (DDoS) at-
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tack detection, automatically generating multi-scenario control
scripts within macro-programming frameworks, and providing
high-quality, interpretable responses for large-scale sensor data
processing tasks [127].

In semantic reasoning and multimodal modeling, LLMs
enable the abstraction and fusion of multi-source sensor data to
automatically identify and generate high-level activity events
from raw logs, without relying on extensive manual rules
or domain-specific knowledge. This significantly enhances
the efficiency of IoT data processing and intelligent anal-
ysis, making it particularly suitable for applications such
as smart healthcare and long-term monitoring. It highlights
the critical role of LLMs in optimizing event understanding
and unified log generation [128]. To enhance the reasoning
capabilities of LLMs in the real physical world, the IoT-LLM
framework integrates IoT sensing data with CoT prompting
and incorporates IoT knowledge augmentation and retrieval
mechanisms. This enables unified modeling and reasoning
across various tasks, such as human activity recognition and
industrial anomaly detection, significantly improving the depth
of LLMs’ understanding of physical laws and sensor semantics
[129]. For more complex IoT sensing scenarios, the IOT-
LM framework employs a multimodal, multi-task perception
encoder and instruction tuning mechanism to map multi-source
heterogeneous sensor data into the input space of LLMs.
This enables cross-modal knowledge fusion and shared task
modeling, significantly enhancing the intelligence and gener-
alization capabilities of IoT systems in multi-task recognition,
interactive question answering, and real-time reasoning [130].

In summary, the deep integration of LAMs with IoT not only
significantly enhances semantic understanding and reasoning
capabilities but also drives comprehensive upgrades in the
intelligence, scalability, and security of IoT systems. This lays
a solid foundation for building a new generation of IoT ecosys-
tems characterized by cognitive capabilities, autonomous task
execution, and natural human-machine interaction.

3) LAMs for Edge Intelligence: With the continuous ad-
vancement of LAMs, deploying them at the edge to support
real-time, low-power, and privacy-preserving intelligent ser-
vices is emerging as a key direction in the development of
edge intelligence.

In edge training and inference optimization, to address the
inefficiencies of federated learning in training LAMs at the
edge, LLMs are utilized with forward gradient training and
PEFT. This enables low-memory, on-device inference and
training on mobile devices, supports Neural Processing Unit
(NPU) acceleration, and allows for multi-device parallelism.
As a result, the efficiency of federated learning and the conver-
gence speed of models are significantly improved, highlighting
the critical role of LLMs in enhancing edge intelligence under
resource-constrained conditions [131]. To address the resource
constraints of edge devices, the Edge-LLM framework em-
ploys Layer-wise Unified Compression (LUC) and adaptive
layer-tuning mechanisms to enable efficient fine-tuning and
inference of LLMs on edge devices. This significantly reduces
memory usage and computational complexity while maintain-
ing performance, thereby improving deployment feasibility
[132]. Furthermore, the EdgeShard system partitions LLM

inference tasks across multiple edge devices and the cloud, en-
abling fragmented processing of compute-intensive workloads.
It introduces a joint device selection and model partitioning
optimization algorithm, which markedly improves inference
throughput and reduces latency, offering a new paradigm
for LLM inference in collaborative edge environments [133].
At the deployment level, the edge-device collaborative LLM
system assigns the generation process to be jointly executed
by the serial components on the device and the parallel
components at the edge, thereby optimizing inference latency
and energy consumption. Additionally, an integer program-
ming algorithm is employed to allocate computational and
transmission resources, reflecting a systematic design approach
to device–edge collaborative optimization [134].

In edge architecture design, LLMs are incorporated into Mo-
bile Edge Intelligence (MEI) through the MEI4LLM frame-
work, which integrates techniques such as PEFT, distributed
training, and inference. This framework enhances computa-
tional efficiency and resource utilization at the edge, effec-
tively addressing challenges related to limited device capabili-
ties and privacy protection. It demonstrates the critical role of
LLMs in optimizing edge intelligence services [135]. More-
over, in decentralized deployment scenarios, LLMs enable
distributed inference across energy-harvesting edge devices.
By incorporating scheduling optimization and dynamic power
control, they significantly improve energy efficiency and task
throughput at the edge while reducing the risk of device
failure. This highlights the critical role of LLMs in enhancing
sustainable edge intelligence [136]. From the perspective of
6G network evolution, LLMs support low-latency, on-device
inference and training on 6G edge devices through tech-
niques such as PEFT, quantization, and model partitioning.
These methods effectively reduce resource consumption while
improving system responsiveness and intelligent service ca-
pabilities, further underscoring the importance of LLMs in
advancing edge intelligence [137]. In addition, a comprehen-
sive survey emphasizes that LLM-powered edge intelligence
architectures should encompass efficient deployment, security
protection, and trustworthy development mechanisms. It also
outlines key technical pathways including model compression,
autonomous optimization, and cross-domain scenario adapta-
tion, thereby providing a systematic panorama of LLM-driven
edge intelligence development [138].

In summary, LAMs are rapidly advancing their deep in-
tegration with edge intelligence, progressively overcoming
computational bottlenecks, energy constraints, and commu-
nication overhead. This provides strong support for building
low-latency, privacy-preserving, and highly generalizable edge
intelligence systems.

4) LAMs for Network Design and Management: As 6G
networks evolve toward greater intelligence and autonomy,
traditional rule-based approaches to network design and man-
agement face limitations in flexibility and generalization.
Leveraging their powerful capabilities in semantic understand-
ing, intent recognition, task planning, and program generation,
LLMs are increasingly being integrated into key components
of network management architectures, facilitating the devel-
opment of more efficient, intelligent, and versatile future
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networks.
In network intelligence design and management, LLMs play

a pivotal role by enabling the ChatNet framework, which
facilitates the automatic translation from natural language to
network-specific language. This supports tasks such as net-
work planning, configuration, and security policy formulation,
thereby improving design efficiency and automation levels,
and demonstrating the critical role of LLMs in enhancing intel-
ligent network operations and management [23]. Building on
this, the NetLM framework leverages LLMs to translate nat-
ural language intents into executable policies. By integrating
multimodal representation learning and knowledge space con-
struction, it provides intelligent support for resource schedul-
ing, policy generation, and network configuration, enhancing
the design efficiency and automation of 6G networks, while
improving autonomy and flexibility in multi-task network
management [139]. Moreover, LLMs enable the unified access
and modeling of multi-source heterogeneous data for intelli-
gent operations, resource scheduling, and configuration strate-
gies. By combining natural language understanding, instruc-
tion generation, and knowledge augmentation techniques, they
support intent parsing, fault diagnosis, and policy generation,
thus improving the automation and generalization capabilities
of 6G network management [140]. In addition, LLMs support
the automatic generation of configuration commands and net-
work topology diagrams from natural language descriptions,
enabling seamless transitions from textual input to executable
network configurations. By incorporating prompt engineering
techniques involving both textual and visual modalities, this
approach significantly enhances response accuracy and design
visibility, thereby improving the reliability and practicality
of LLMs in network architecture design, generation, and
configuration automation [141].

In adaptive optimization for network management, LLMs
exhibit program synthesis capabilities tailored to graph-
structured tasks. They can directly generate high-quality graph
manipulation code from natural language descriptions, pro-
viding more efficient interfaces for network lifecycle man-
agement and communication graph analysis [142]. Compared
to traditional approaches that rely on scenario modeling and
parameter tuning, LLMs demonstrate CoT reasoning and In-
Context Learning(ICL) in knowledge-free network manage-
ment. By incorporating multi-model collaboration mecha-
nisms, they support adaptive strategy generation for tasks such
as resource scheduling and power control, even in the absence
of prior scenario knowledge [143]. Through the NetLLM
framework, LLMs achieve unified adaptation by employing
multimodal encoders to process non-textual inputs (e.g., time-
series data and graph structures), and task-specific output
heads to directly respond to configuration tasks such as bitrate
selection and scheduling strategies. This significantly enhances
the efficiency and generalization ability of network task man-
agement [144]. Additionally, LLMs parse user intent and
generate function-to-service mappings to collaboratively exe-
cute cross-domain network slicing resource configurations and
task deployments. This enables intelligent end-to-end manage-
ment from design to execution, greatly advancing the level
of automation in network administration [145]. Furthermore,

under the Network Algorithm Design Automation (NADA)
via LLMs framework, LLMs are used to generate and optimize
Adaptive Bitrate (ABR) algorithms by automatically designing
state models and neural network structures. Coupled with
prompt engineering and filtering mechanisms, this approach
enables efficient algorithm customization and performance
enhancement across diverse network environments such as
4G, 5G, and satellite networks. It significantly simplifies the
development process of network algorithms and strengthens
the intelligence and automation capabilities of network man-
agement [146].

In summary, LAMs are profoundly empowering network de-
sign and management tasks, driving the evolution of intelligent
network systems toward higher autonomy, stronger general-
ization capabilities, and improved task adaptability across key
dimensions such as network architecture, resource scheduling,
configuration deployment, and algorithm generation.

5) LAMs for Security and Privacy: With the widespread
deployment of LAMs in communication systems, network
security, and user privacy protection are facing unprecedented
challenges. Issues such as outsourced training, user data ex-
posure, and model misuse necessitate that intelligent commu-
nication systems not only deliver efficient services but also
possess robust security and privacy-preserving capabilities. In
recent years, LAMs have demonstrated significant advantages
in areas such as input encryption, adversarial attack defense,
differential privacy mechanism design, and the construction
of trusted execution paths, gradually emerging as a founda-
tional pillar for the next generation of secure communication
systems.

In the analysis of backdoor attacks and privacy leakage
risks, the application of LLMs within communication networks
has made them a novel vehicle for carrying out such attacks.
Representative methods such as input interference, prompt
manipulation, instruction injection, and demonstration contam-
ination are classified based on the attack medium, triggering
mechanism, and the intended target. By incorporating the
unique characteristics of communication scenarios, the study
further explores the concealment of these attacks and the dif-
ficulties in defending against them, offering valuable insights
into enhancing the security of communication networks [147].
The deployment of LLMs in Zero touch network and Service
Management (ZSM) environments raises urgent concerns re-
garding privacy leakage. Focusing on membership inference
attacks, this study systematically evaluates the leakage risks
and attack effectiveness of mainstream pre-trained models.
It further proposes a mechanism that integrates trust evalu-
ation modules, few-shot fine-tuning, and adversarial training,
offering a concrete implementation pathway for ensuring the
trustworthiness of LLM-based services in communication net-
works [148]. Moreover, the application of LLMs in network
systems exhibits both offensive and defensive characteristics.
On the positive side, they contribute to data integrity verifi-
cation, anomaly detection, and multi-level privacy protection.
However, they also face challenges such as hallucinated out-
puts, training data leakage, and vulnerability to adversarial
examples. These issues highlight critical research directions
for the development of trustworthy intelligent communication
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agents [66].
In the context of privacy protection and secure deployment,

the BlockChain for LLM (BC4LLM) framework enhances
the attack resistance and trustworthiness of LLMs during
distributed training by incorporating blockchain-based data
ownership verification, identity authentication, and privacy-
preserving computation. This framework enables end-to-end
privacy protection and security enhancement for training data,
learning processes, and generated content within communica-
tion networks [149]. LLMs can also achieve irreversible end-
to-end data protection from input to inference by employing
encrypted vocabulary reordering, geometric transformations in
the embedding space, and client-side pre-encryption mech-
anisms. These techniques effectively prevent input leakage
and the risk of model parameter reconstruction during com-
munication, thereby enhancing security and privacy in cross-
task inference scenarios [150]. Within client–server commu-
nication frameworks, LLMs utilize activation-guided privacy
restoration mechanisms and dX -privacy-protected meta-vector
construction to remove and reconstruct sensitive fragments
in user inputs. This design prevents privacy leakage during
data transmission while maintaining inference accuracy and
computational efficiency [151]. In heterogeneous edge–cloud
collaborative communication scenarios, LLMs can leverage
PrivateLoRA by introducing low-rank residual transformation
mechanisms and distributed parameter fine-tuning strategies.
This approach enables a privacy-preserving information flow
that transmits only non-reversible activation values and gra-
dients, ensuring data locality while significantly reducing
communication overhead. It facilitates the efficient deployment
of privacy-enhanced generative services on mobile devices
[152]. When processing sensitive data, LLMs integrate user
trust modeling, information sensitivity detection, and adaptive
output control mechanisms. By applying Role-Based Access
Control (RBAC), Attribute-Based Access Control (ABAC),
differential privacy training, and semantic-level filtering, they
enable output regulation based on user trust levels and
strengthen privacy protection. This supports the development
of intelligent inference systems that balance usability and se-
curity in communication-intensive domains such as healthcare
and finance [153].

In secure task collaboration and intelligent defense systems,
LLMs demonstrate strong capabilities in task generalization,
security knowledge modeling, and enhanced code genera-
tion. These abilities enable effective situational awareness
and coordinated responses across a range of critical security
tasks, including threat intelligence, vulnerability detection,
program repair, and malicious behavior identification. Such
integration offers a unified model support and a reference
framework for intelligent defense and privacy protection in
network environments [154]. Moreover, LLMs enhance system
resilience against backdoors, data poisoning, and adversarial
attacks through adversarial training, anomaly detection, and
secure model updating mechanisms. By incorporating privacy-
preserving technologies such as differential privacy, federated
learning, and secure multi-party computation, they support the
construction of end-to-end security defense systems across the
inference process and model lifecycle in communication sce-

narios, laying the foundation for highly trustworthy intelligent
systems [155].

In summary, LAMs are continuously advancing commu-
nication networks from traditional security architectures to-
ward intelligent perception, secure decision-making, and au-
tonomous defense. This transformation is driven by a range of
mechanisms, including input reconstruction protection, differ-
ential privacy, semantic filtering, secure model updating, and
access control strategies.

6) LAMs for Resource Allocation: With the widespread
deployment of wireless communication, edge computing,
and multi-agent systems, resource allocation problems have
become increasingly complex. Challenges such as high-
dimensional non-convexity, dynamic environmental variations,
and multi-objective coordination have exposed the limitations
of traditional optimization methods. Leveraging their powerful
semantic modeling and reasoning capabilities, LAMs have
demonstrated significant advantages in resource allocation
scenarios, emerging as a key driver for intelligent resource
scheduling.

In channel awareness and power control optimization, a few-
shot learning-based LLM inference framework is constructed
to generate power allocation strategies using channel gain
prompts. Combined with a binary power control mechanism to
enhance robustness, this approach enables joint optimization of
spectral and energy efficiency objectives [156]. In intelligent
network resource scheduling, a MoE architecture integrated
with the GPT family of LLMs replaces traditional gating
networks. By interpreting user goals from natural language
inputs and selecting the optimal combination of experts, this
method effectively supports adaptive optimization for resource
allocation tasks such as power control, service selection,
and load balancing, significantly improving decision-making
efficiency and system flexibility in multi-task environments
[157]. Through the LLM-OptiRA framework, LLMs perform
modeling, transformation, and solution of non-convex resource
allocation problems. By incorporating error correction and
feasibility domain validation mechanisms, the framework en-
ables efficient and robust resource scheduling in wireless
communication systems [158].

In edge-side collaborative resource scheduling, a RAG
optimization framework is proposed by integrating the gen-
erative capabilities of LLMs with real-time information re-
trieval. Within MEC systems, this framework jointly schedules
task offloading ratios, computing resources, and transmission
power allocation, significantly enhancing the adaptability and
interpretability of dynamic resource allocation decisions [159].
In integrated space–air-ground networks, LLMs are utilized as
cacheable resources. By incorporating the concept of cognitive
age and RL-based auction mechanisms, the system coordinates
the allocation of model storage, communication bandwidth,
and computational capacity, thereby improving inference ser-
vice timeliness and overall resource utilization [160]. In
edge–cloud collaborative architectures, LLMs are scheduled
using a multi-armed bandit algorithm driven by constraint
satisfaction objectives. This approach enables dynamic re-
source allocation for diverse LLM-based services, significantly
enhancing inference throughput and energy efficiency while
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Fig. 7: The application scenarios of Agentic AI.

maintaining latency constraints [161]. In MEC scenarios, LLM
training tasks are distributed between users and edge servers
through a hierarchical coordination strategy. By incorporating
PEFT and stability-aware optimization objectives, the system
achieves multi-objective joint resource allocation that balances
training energy consumption, latency, and model reliability
[162].

In task-aware and adaptive computing resource allocation,
LLMs introduce dynamic decision modules and KV-cache
pruning strategies to adaptively skip Transformer layers based
on task complexity and token importance. This enables on-
demand allocation and substantial compression of both compu-
tational and memory resources [163]. In multi-agent systems,
LLMs autonomously perform task assignment and resource
coordination by integrating task planning mechanisms with
agent capability awareness strategies. This approach improves
resource utilization and inference efficiency in collaborative
multi-model environments [164].

In summary, LAMs are driving the evolution of resource
allocation mechanisms from static, rule-based approaches
toward dynamic, semantics-driven strategies. These models
effectively address a range of critical scenarios, including
training scheduling, inference compression, model caching,
and multi-agent coordination. As a result, they significantly
enhance resource allocation efficiency and generalization ca-
pabilities under complex conditions, laying a solid foundation
for the development of the next generation of intelligent and
highly adaptive network systems.

B. The Application Scenarios of Agentic AI
1) Agentic AI for Wireless Communication: With the rapid

development of wireless communication technologies, espe-
cially in the 6G era, the intelligence and automation of network

architectures have become key factors in improving communi-
cation efficiency, optimizing network resources, and achieving
effective management. By introducing agents into wireless
communications, it is possible to realize more complex task
collaboration, decision optimization, and network performance
enhancement, thereby meeting the demands of 6G networks
for efficient, intelligent, and personalized services.

In network optimization, utilizing LAMs as agents can
significantly enhance the intelligence and optimization perfor-
mance of networks. In 6G networks, using LLMs as agents to
collaboratively complete tasks and optimize network perfor-
mance enables collective intelligence of multi-agent systems,
thereby facilitating task decomposition and decision execution
in edge environments [165]. Furthermore, applying LLMs
for network operation optimization and health assessment
provides more efficient fault diagnosis, resource scheduling,
and load balancing, thus improving the intelligence level of
6G networks [166]. In wireless sensing systems, using LLMs
as agents combined with Model Context Protocols (MCP)
and expert systems enhances the perception and reasoning
capabilities of LLMs in complex wireless communication
environments, allowing more accurate resolution of dynamic
issues in wireless networks [167].

Regarding task collaboration, employing LAMs as agents
can effectively achieve task-oriented collaboration and auto-
mated workflows to drive task execution. In 6G networks,
an AI agent architecture centered on LLMs utilizes key
technologies such as multimodal collaboration, dynamic re-
source management, and edge computing to realize network
automation, personalized services, and intelligent multi-device
collaboration [168]. Additionally, using LLMs as agents to
realize task-oriented physical layer automation, a two-stage
pre-training and fine-tuning scheme has been proposed to build
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specialized LLM agents adapted to different communication
tasks, and a retrieval-based reasoning framework is employed
to effectively invoke existing communication functions [169].
In 6G networks, by leveraging LLMs as agents with percep-
tion, reasoning, and alignment modules, a split learning system
has been designed to address device resource limitations,
collaboratively complete complex tasks via edge computing,
and ensure low latency and high-efficiency task execution
[170].

In summary, using LAMs as agents can significantly en-
hance the intelligence level and task collaboration capabilities
of wireless communication systems. These technologies pro-
vide more efficient and flexible solutions for 6G communica-
tion systems, driving communication networks toward greater
intelligence and higher efficiency.

2) Agentic AI for Semantic Communication: With the rapid
development of agent technologies in communications, se-
mantic communication is gradually transitioning from the
traditional bit transmission model to an intelligent commu-
nication paradigm centered on “semantics.” The introduction
of agents provides semantic communication with adaptive
capabilities and efficient data processing methods, enabling
the system not only to handle traditional bitstream data but
also to extract, transmit, and reconstruct semantic information,
thereby improving the efficiency and accuracy of communica-
tion systems.

In semantic extraction and transmission, agents can dy-
namically adjust the encoding, transmission, and decoding
methods based on the communication environment, user re-
quirements, and information content, achieving optimal in-
formation transfer. In the Agent-driven Generative Seman-
tic Communication (A-GSC) framework, agents use RL to
adaptively adjust semantic sampling and extraction, enabling
dynamic optimization of data transmission according to task
demands [171]. In multi-user systems, leveraging LLMs as
agents supports complex task decomposition, normalization
of semantic representation, and semantic translation mapping,
thereby improving communication efficiency in multi-user sce-
narios, optimizing computational resource management, and
addressing the limitations of traditional semantic communica-
tion frameworks in 6G networks [172]. Moreover, in multi-
user semantic communication, employing LLMs as agents
to establish the Shared KB (SKB) enhances communication
efficiency, and the proposed Multi-User Generative Semantic
Communication (M-GSC) framework extends the capabilities
of LLMs to handle complex multi-user tasks, optimize network
resource usage, and overcome challenges in semantic encoding
and decoding [172].

In resource allocation, agents can collaboratively optimize
resources and communication strategies, improving network
resource utilization and task transmission efficiency. In multi-
cell semantic communication systems, agents dynamically
optimize resource allocation through DRL, enhancing the over-
all network performance [173]. Additionally, in task-oriented
semantic communication, a two-layer agent framework based
on DRL jointly optimizes power, time slots, and semantic
compression rates, achieving intelligent resource allocation
under energy harvesting and cognitive radio environments,

thereby improving user experience and spectrum utilization
efficiency [174].

In summary, agent-driven semantic communication achieves
efficient information transmission by dynamically adjusting
the encoding, transmission, and decoding of information.
Meanwhile, with the help of DRL techniques, agents can
optimize resource allocation and communication strategies,
improving network resource utilization and task transmission
efficiency, thereby advancing semantic communication sys-
tems toward greater intelligence and efficiency.

3) Agentic AI for Network Management and Optimization:
With the application of agents in network management and
optimization, management models are gradually evolving from
traditional rule-based approaches toward more intelligent and
automated paradigms. Agents are capable of autonomous
learning, adapting to dynamic environments, and collabo-
ratively completing complex tasks, significantly enhancing
network management efficiency and adaptability.

In network management, leveraging LAMs as agents
through autonomous decision-making and collaboration
markedly improves the automation of network resource man-
agement. In wireless networks, integrating LLMs as agents
within multi-agent generative AI enables multiple agents to
collaboratively plan and solve tasks to achieve network ob-
jectives. Through task planning, reasoning, and cooperative
problem-solving, these agents can operate efficiently in edge
networks, significantly elevating the intelligence level of net-
work management [165]. In 6G networks, LLMs as core
agents work in coordination with other network components
to provide powerful language understanding and generation
capabilities for network health assessment and fault diagnosis,
supporting automated and intelligent network operations [166].
Meanwhile, in 6G-enabled Digital Twin (DT) networks, LLMs
optimize data retrieval and Radio Resource Management
(RRM) through intelligent reasoning and autonomous learning,
realizing more automated and efficient network management
[175].

In network optimization, using LAM agents with collab-
oration and self-learning capabilities enables real-time opti-
mization of network resource allocation, thereby enhancing
network performance. The WirelessAgent framework em-
ploys LLMs to create autonomous Agentic AI that inte-
grates four core modules—perception, memory, planning,
and action—simulating human cognitive processes to manage
complex wireless tasks. This enables LLMs to optimize re-
sources in dynamic network environments, improving network
resilience and performance [176]. Additionally, agents can
autonomously adjust network resource configurations through
RL and other methods, enhancing optimization efficiency
and reliability [177]. In Open Radio Access Network (O-
RAN) systems, LLMs as agents dynamically optimize resource
allocation to ensure network performance stability and adapt-
ability. By analyzing network load and user demands in real
time, LLMs automatically adjust resource allocation strategies
to optimize resource utilization and improve reliability [178].

In summary, the application of agents in network manage-
ment and optimization greatly enhances network adaptability
and intelligence. Through autonomous learning, collaboration,
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and task decomposition, agents make network management
more efficient and network optimization more precise, driving
the intelligent development of next-generation network sys-
tems.

4) Agentic AI for Network Security: With the continuous
advancement of agent technology in network security, agent-
driven security defense systems are gradually replacing tra-
ditional protective measures. Through autonomous learning,
collaboration, and adaptation, agents can efficiently respond
to complex security threats and provide real-time network
protection and defense strategies.

Utilizing LAMs as agents enables efficient identification
and response to network threats through real-time analysis
and collaborative work, thereby enhancing the system’s se-
curity capabilities. In network defense (such as blue team
operations), employing LLMs as agents allows for real-time
threat analysis, automatic generation of defense strategies, and
dynamic adjustment of security measures based on network
status and potential threats, significantly improving overall
system security and defense capabilities. Particularly in 6G
network environments, LLMs can effectively identify complex
security threats and strengthen network security by generating
corresponding defense strategies [179]. In the scenario of
Internet of Autonomous Defense Vehicles (IoADV), LLMs as
core agents, leveraging powerful language understanding and
generation capabilities along with multimodal data processing
and predictive analytics, significantly enhance agent percep-
tion, decision-making, and real-time navigation in complex
environments. They also play a key role in communication
optimization and decision-making, improving the intelligence
level of defense vehicles and their ability to operate in complex
combat scenarios [180].

Regarding defense, using LAMs as agents enables dynamic
adjustment of security measures based on network conditions
and potential threats, thereby strengthening overall system
security. In Space-Air-Ground Integrated Networks (SAGIN)
under zero-trust architecture, employing LLMs as agents facil-
itates collaboration among multiple LLM agents to perform se-
curity assessment and defense strategy generation via an LLM-
based Situation Awareness (LLM-SA) method. This approach
effectively handles vast heterogeneous threat information and,
through adaptive learning and cooperative analysis, enhances
network security defense capabilities, ensuring the system can
rapidly respond and optimize defenses against complex and
evolving attacks [181].

In summary, leveraging LAMs as agents provides novel
solutions for modern network security. Agents are capable not
only of real-time response in complex security environments
but also of optimizing defense strategies through collaboration,
thereby offering robust guarantees for the long-term stability
and security of networks.

5) Agentic AI for UAV Communication: With the con-
tinuous advancement of agent technology in UAV commu-
nications, the architecture of aerial networks is gradually
shifting from traditional centralized control to a novel structure
centered on “distributed agent collaboration.” Agent systems
leverage advanced mechanisms such as RL, state awareness,
and behavior modeling, enabling UAVs to possess stronger

task-driven capabilities, autonomous decision-making, and ef-
ficient collaboration. This provides intelligent support for re-
source scheduling and system control in complex and dynamic
communication environments.

In task execution of multi-UAV systems, agents im-
prove UAVs’ reasoning and decision-making abilities through
LAMs, allowing them to better adapt to complex environ-
ments and perform tasks. In Urban Air Mobility (UAM), the
AirVista framework employs Multimodal LLMs (MLLMs)
as agents and enhances UAVs’ 3D spatial reasoning and
task execution efficiency by integrating Artificial systems,
Computational experiments, and Parallel execution (ACP)
methods. This framework particularly assists UAVs in urban
environments to better accomplish complex tasks such as
infrastructure monitoring, urban logistics delivery and security
patrols [182]. In UAV mission reliability assessment, a novel
decision model combining LLMs and RAG techniques has
been proposed. This enables UAVs to adapt in real time within
complex dynamic environments, improving decision accuracy
and responsiveness in multi-UAV networks, thereby enhancing
system reliability [183].

Regarding multi-agent collaboration and task planning op-
timization, agents utilize LAMs to optimize collaboration and
task planning among multiple UAVs, improving task comple-
tion rates and system efficiency. In UAV-assisted edge com-
puting environments, combining LLMs with a Multi-Agent
DRL (MADRL) framework, and introducing the QTRAN
algorithm, optimizes task offloading and trajectory planning.
This method effectively addresses the correlation between
local observations and global states in multi-UAV systems,
thereby improving task completion rates and convergence
speed [184]. In UAV task generation and planning, the UAV-
CodeAgents framework employs LLMs and Vision-Language
Models (VLMs), combined with the ReAct (Reason + Act)
paradigm, enabling UAVs to plan tasks based on satellite
imagery and natural language instructions, precisely locate
targets, and dynamically adjust task goals, thereby improving
task execution efficiency and adaptability [185].

In summary, agent technology assisted by LAMs signifi-
cantly enhances UAVs’ capabilities in task execution, decision-
making, multi-agent collaboration, and task planning. These
advances not only drive the development of UAV technology
but also provide intelligent support for the efficient operation
of future communication systems in dynamic environments.

C. Summary and Lessons Learned

1) Summary: This chapter summarizes the typical appli-
cation scenarios of LAMs and Agentic AI in communication
systems. LAMs are primarily used in semantic communica-
tion, IoT, edge intelligence, network design and management,
security and privacy, and resource allocation, while Agentic
AI is widely applied in wireless communication, semantic
communication, network management and optimization, net-
work security, and UAV communication. Their integration
accelerates the intelligent and autonomous evolution of com-
munication systems.
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2) Lessons Learned: Although LAMs and Agentic AI have
demonstrated great potential in semantic communication, IoT,
edge intelligence, network management, and security protec-
tion, current research still faces challenges such as complex
model deployment, high resource consumption, insufficient
multimodal understanding capabilities, and security risks. Fu-
ture research should focus on lightweight model design, cross-
modal semantic fusion, system collaborative optimization, and
privacy protection mechanisms to promote the continuous
evolution of communication systems toward efficient, secure,
and adaptive intelligent architectures [19].

VI. RESEARCH CHALLENGES AND FUTURE DIRECTIONS

A. Research Challenges and Directions of LAMs

1) Untimely Updating and Learning of Communication
Data: The lack of high-quality communication data represents
a critical challenge limiting the development of LAMs in
communications. Due to the rapid evolution of communica-
tion technologies and the vast, complex nature of domain-
specific knowledge, LAMs must continuously learn and adapt.
However, obtaining timely and reliable communication data
remains highly difficult. On one hand, relevant knowledge
is scattered across research papers, standards, and patents,
making data collection and processing costly. On the other
hand, real-world communication data is highly dynamic and
often involves privacy-sensitive or confidential information,
restricting its availability for public training. Furthermore, data
in 6G systems is frequently affected by noise, incompleteness,
and errors, requiring models to exhibit strong robustness and
fault tolerance. The difficulty in data acquisition and the lack
of timely learning have become major bottlenecks impeding
the performance improvement and practical deployment of
LAMs in communications.

To address the challenge of data scarcity faced by LAMs
in communications, continual learning offers an effective de-
velopment pathway. By incorporating autonomous continual
learning strategies [186], LAMs are able to independently
acquire and update communication knowledge in dynamic
environments. Multimodal continual learning [187] further
enhances their ability to process diverse communication data
across modalities such as text, images, and audio, thereby
expanding the scope of knowledge acquisition. Robust contin-
ual learning [188] improves model stability and adaptability
in complex communication scenarios. When combined with
evaluation metrics such as forward transfer, backward trans-
fer, and forgetting measures [189], the learning process can
be effectively monitored and optimized. The integration of
continual learning significantly enhances LAMs’ capabilities
in knowledge acquisition, adaptation, and reasoning for com-
munication tasks, thereby mitigating the challenges posed by
delayed updates in communication data.

2) Insufficient Reasoning Capabilities: The limited logical
reasoning capabilities of LAMs have emerged as a significant
challenge for their application in 6G systems [190]. As 6G
communication environments require models to handle com-
plex tasks such as signal processing and resource allocation,
the ability to perform accurate logical and causal reasoning

becomes essential. However, current LAMs are primarily data-
driven and lack a deep understanding of causal relationships,
making them inadequate for handling multi-hop and coun-
terfactual reasoning. This often results in the generation of
inaccurate or illogical solutions in complex communication
scenarios, thereby compromising system stability and user
experience. For instance, an LAM may fail to recognize that
network congestion is caused by a sudden surge in users or
that signal degradation stems from channel fading. Moreover,
the inherent ambiguity of natural language and the limitations
of formal logic further constrain the reasoning capabilities
of LAMs. Enhancing logical understanding and reasoning
in communication-specific contexts is a critical direction for
future research.

To address the insufficient reasoning capabilities of LAMs,
future advancements may focus on three key directions:
process-based reward models [191], long-chain reasoning
mechanisms [98], and RL-driven reasoning training [192].
Process-based reward models provide feedback at each step
of the reasoning process, guiding the model to prioritize the
coherence and validity of its reasoning paths. Long-chain rea-
soning mechanisms help maintain logical consistency across
multi-step tasks, thereby enhancing the depth of reasoning
in complex problem settings. RL-driven reasoning training
leverages environmental feedback to enable the model to
iteratively refine its reasoning strategies through trial and error,
learning more effective reasoning trajectories from experience
and improving generalization to novel tasks. The synergistic
integration of these three approaches is expected to signif-
icantly enhance the logical reasoning and causal inference
capabilities of LAMs in communications.

3) Inadequate Explanation: Current LAMs exhibit sig-
nificant limitations in interpretability, which has become a
critical barrier to their application and further development. As
complex black-box systems, LAMs lack effective mechanisms
to reveal the underlying logic behind their decisions, resulting
in limited transparency and controllability in communication
tasks. Whether addressing signal processing, resource allo-
cation, or managing diverse communication protocols and
network scenarios, LAMs often fail to clearly articulate the
rationale behind their outputs, thereby constraining user under-
standing and system-level optimization. The absence of both
local and global interpretability not only undermines model
trustworthiness but may also pose risks to the security and sta-
bility of communication systems. Therefore, enhancing inter-
pretability and developing systematic explanation frameworks
are essential directions for enabling the reliable deployment
of LAMs in communications.

To address the issue of limited interpretability in LAMs,
future efforts may leverage techniques such as causal learn-
ing [193], neuro-symbolic integration [194], feature attribu-
tion [195], and model visualization [196] to enhance model
transparency. Causal learning facilitates the identification of
underlying causal relationships behind model decisions, im-
proving logical clarity; neuro-symbolic integration combines
the strengths of neural networks and symbolic reasoning, en-
abling more traceable inference processes; feature attribution
highlights the key input features influencing model predic-
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tions, helping users understand the basis of the output; and
model visualization offers intuitive insights into the model’s
internal mechanisms, increasing user comprehension and trust.
Together, these approaches contribute to making LAMs more
interpretable and controllable in communication tasks.

4) Difficulties in Deployment of LAMs: LAMs face sig-
nificant challenges in real-world deployment, primarily due to
constraints in hardware and communication resources. Current
communication devices, particularly edge devices such as
mobile terminals and IoT nodes, often have limited compu-
tational and storage capabilities, which makes it challenging
to meet the high computational demands of LAMs. This results
in performance degradation and increased deployment costs.
Additionally, the integration of LAMs increases the volume
of communication data, especially in semantic communication
scenarios where the synchronization of model parameters
and knowledge bases imposes higher demands on network
bandwidth and latency. The scarcity of spectrum resources
further exacerbates the complexity of data compression and
reconstruction. Therefore, improving model efficiency under
resource-constrained conditions and advancing lightweight
LAM design and compression techniques are critical for
enabling the practical deployment of LAMs.

To address the resource constraints associated with deploy-
ing LAMs, future efforts should focus on developing efficient
model compression and acceleration techniques to reduce
computational complexity and communication overhead. Prun-
ing methods [197] can eliminate redundant structures, thereby
reducing model size and computational demands. Quanti-
zation techniques [198] compress high-precision parameters
into lower-bit representations, minimizing memory usage and
inference latency, particularly when combined with activation-
aware mechanisms that help maintain high accuracy. Knowl-
edge Distillation (KD) [199] transfers knowledge from a large
model to a smaller one, enabling lightweight deployment while
preserving core capabilities, making it especially suitable for
edge environments. The integration of these techniques offers
a practical pathway for the efficient deployment of LAMs in
6G communications.

B. Research Challenges and Directions of Agentic AI

1) The Lack of Communication Knowledge: In the devel-
opment of Agentic AI, the lack of communication knowl-
edge presents a significant challenge to its application in
6G systems. Due to the complexity and rapid evolution of
communication technologies, agent systems rely heavily on
high-quality communication knowledge bases to support task
understanding and reasoning-based decision-making. How-
ever, current knowledge bases offer insufficient coverage of
core concepts, protocols, and standards in communications,
leading to misinterpretations and inaccurate reasoning in tasks
such as channel estimation and resource allocation. Moreover,
communication knowledge is dispersed across research papers,
standards, and patents, making its collection and integration
both challenging and labor-intensive, requiring domain exper-
tise to ensure quality. While expanding the knowledge base can
enhance model capabilities, it also introduces higher storage

and computational costs, potentially reducing system effi-
ciency. Therefore, constructing an efficient and comprehensive
communication knowledge infrastructure is a key direction
for enabling the successful deployment of Agentic AI in
communications.

To address the issue of communication knowledge scarcity
in Agentic AI systems for 6G communications, the introduc-
tion of the Agentic RAG mechanism [200] offers a promis-
ing solution. This approach integrates agent collaboration
with semantic retrieval techniques, enabling the system to
dynamically extract relevant knowledge from communication
literature, standards, and patents in real-time based on the
task context. The retrieved information is then synthesized by
agents to generate context-aware outputs, effectively overcom-
ing the limitations of static knowledge base coverage. Agentic
RAG not only enhances the system’s ability to understand
and reason over complex communication protocols and dy-
namic environments but also supports continual knowledge
updates and transfer learning, thereby improving the system’s
adaptability and intelligent decision-making capabilities in
communication scenarios.

2) Limited Scalability of Agentic AI: Agentic AI faces
significant scalability challenges when deployed in large-
scale, multi-task, or multi-agent collaborative communication
environments. Most existing systems still rely on centralized
control architectures, where a central model manages task
scheduling and resource allocation. While effective in small-
scale scenarios, such architectures are prone to resource bot-
tlenecks, latency, and even deadlocks under high concurrency
or multi-system collaboration, thereby limiting overall system
performance. Additionally, current multi-agent coordination
mechanisms lack distributed scheduling and autonomous ca-
pabilities. Communication and task allocation among agents
often depend on static configurations, which are insufficiently
flexible or adaptive to handle heterogeneous tasks and dynamic
environments. For example, in complex task chains, a single
agent failure can lead to system-wide cascading failures, and
conventional systems lack the mechanisms for rapid recovery
or adaptive restructuring. These limitations expose critical
weaknesses in scalability and robustness under dynamic en-
vironments.

To address the scalability limitations of Agentic AI, future
efforts should focus on developing distributed and hierarchical
architectures [201] [202], enhancing multi-agent collaboration
mechanisms [203], and optimizing runtime resource schedul-
ing. Architecturally, the integration of distributed control with
hierarchical structures allows agents at different levels to
take on decision-making, coordination, and execution roles,
thereby improving the system’s parallel processing capabilities
and response efficiency. Regarding coordination mechanisms,
incorporating federated learning enables knowledge sharing
among agents, while swarm intelligence techniques facilitate
self-organizing collaboration based on local observations, en-
hancing system flexibility and adaptability. At the operational
level, the use of self-optimizing algorithms and load-balancing
strategies allows the system to dynamically adjust resource
allocation and task routing, effectively mitigating bottlenecks
and improving overall stability and efficiency. The synergy
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of these approaches provides a robust foundation for building
efficient, stable, and scalable Agentic AI systems.

3) Complexity of Agent Control Mechanisms: In Agentic
AI systems, the complexity of coordination among agents
and control interactions between agents and other system
components presents a major research challenge. As the
number of agents increases and task environments evolve
dynamically, the system faces significant pressure in task
decomposition, information exchange, and behavioral coordi-
nation. These challenges often lead to issues such as compo-
nent scheduling conflicts and communication inconsistencies,
resulting in low collaboration efficiency, high task execution
latency, and difficulty in meeting the real-time, reliability, and
adaptability demands of complex scenarios. Moreover, existing
systems often lack standardized collaboration protocols and
structured control workflows, making it difficult to support
efficient organization and dynamic adaptation among large-
scale heterogeneous agents. The immaturity of current control
mechanisms has become a core bottleneck limiting the broader
application of Agentic AI in communication systems.

To address the complexity of agent control mechanisms
in Agentic AI systems, three core Protocols, namely MCP
[204], Agent-to-Agent Protocol (A2A) [205], and ACP [104],
offer a layered and complementary technical pathway. MCP
standardizes the interaction between models and external
resources, enhancing system controllability and modular-
ity. A2A enables dynamic discovery and task collaboration
among agents through mechanisms such as agent cards and
the task–artifact framework, thereby simplifying cross-system
coordination. ACP, built upon a REST-native architecture,
supports multimodal asynchronous communication and task
tracking, strengthening collaborative capabilities among agents
within local environments. Together, these protocols establish
a secure, flexible, and scalable agent control infrastructure.

4) Difficulty in Evaluating Agentic AI: Current Agentic AI
systems face significant challenges in evaluation, primarily
due to the absence of unified and systematic assessment
frameworks, which makes it difficult to comprehensively
reflect agent capabilities in dynamic task settings. Existing
approaches often rely on static datasets and outcome-oriented
single metrics, overlooking the agent’s performance through-
out multi-step reasoning, tool invocation, and strategy planning
processes, thereby failing to identify latent issues. Moreover,
the inherent diversity and uncertainty of agent behavior make
traditional evaluation methods based on fixed reference an-
swers inadequate for assessing flexibility and generalization
capability. This limitation significantly hinders accurate per-
formance validation and system optimization [206].

To address the evaluation challenges of Agentic AI, future
research should focus on developing a unified and scalable
evaluation framework capable of assessing agent performance
at a fine-grained level across task planning, tool invocation,
and reasoning processes. The evaluation paradigm should shift
from outcome-based metrics to process-oriented assessment
to enhance understanding of the agent’s behavioral trajectory.
Additionally, automated evaluation methods such as LAM-
based evaluators should be incorporated to reduce human
effort and enhance evaluation efficiency. It is also essential to

develop general-purpose evaluation tools that can accommo-
date the diversity and uncertainty of agent behaviors, thereby
providing robust support for system optimization and reliable
deployment [207].

C. Chapter Summary

This chapter provides a comprehensive summary of the
key research challenges and future directions for LAMs and
Agentic AI in future intelligent communication systems. It
systematically reviews the core limitations hindering their
performance and deployment, along with potential solutions.
For LAMs, we highlight major challenges such as delayed
communication data updates and learning, insufficient rea-
soning capabilities, limited interpretability, and deployment
difficulties. We propose that these issues can be addressed
through the adoption of techniques such as continual learning,
long-chain reasoning, explainable AI, and model compression
and distillation, thereby enhancing the model’s capabilities
in knowledge acquisition, logical reasoning, interpretability,
and edge deployment in dynamic communication environ-
ments. For Agentic AI, we summarize the challenges related
to insufficient coverage of communication knowledge, weak
system scalability, complex agent control mechanisms, and the
absence of robust evaluation methodologies. We emphasize
that advancing Agentic RAG mechanisms guided by dynamic
knowledge, distributed control architectures, unified control
protocols (MCP, A2A, ACP), and process-oriented evaluation
frameworks will be crucial for future development. Collec-
tively, these insights offer a systematic analysis and forward-
looking guidance to drive intelligent communication systems
toward greater autonomy, interpretability, and practical utility.

VII. CONCLUSION

This tutorial provides a systematic review of the develop-
ment trajectory and key technological pathways from LAMs to
Agentic AI in future intelligent communication systems. First,
we present a comprehensive overview of the core components
and classification methods of LAMs, covering models such as
Transformer, ViT, VAE, Diffusion, DiT, and MoE, and differ-
entiating the applicability of LLMs, LVMs, LMMs, LRMs, and
lightweight LAMs in communication tasks. We then propose a
LAM construction paradigm tailored for communication sys-
tems, encompassing three critical aspects: dataset construction,
internal training mechanisms (e.g., pre-training, fine-tuning,
and alignment), and external learning mechanisms (e.g., RAG
and KG), to guide effective model learning in communication
scenarios. Building on this foundation, we construct a LAM-
based Agentic AI system framework by defining its core
modules, including planners, knowledge bases, tools, and
memory modules, and by outlining the interaction mechanisms
for both single-agent and multi-agent settings. We further
propose a multi-agent system for data retrieval, collaborative
planning, and reflective evaluation. At the application level,
we systematically summarize the practical value and poten-
tial of LAMs and Agentic AI in key communication tasks,
including semantic communication, the IoT, edge intelligence,
network management, network security, UAV communication,
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and other emerging applications. Finally, we identify the
core challenges currently facing LAMs and Agentic AI in
communications and outline future research directions. This
work offers a systematic reference and theoretical foundation
to support the evolution of intelligent communication systems
from model-driven to agent-driven paradigms.
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