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Abstract—Reinforcement Learning (RL) has shown remark-
able success in enabling adaptive and data-driven optimization
for various applications in wireless networks. However, classical
RL suffers from limitations in generalization, learning feed-
back, interpretability, and sample efficiency in dynamic wireless
environments. Large Language Models (LLMs) have emerged
as a transformative Artificial Intelligence (AI) paradigm with
exceptional capabilities in knowledge generalization, contextual
reasoning, and interactive generation, which have demonstrated
strong potential to enhance classical RL. This paper serves as
a comprehensive tutorial on LLM-enhanced RL for wireless
networks. We propose a taxonomy to categorize the roles of LLMs
into four critical functions: state perceiver, reward designer,
decision-maker, and generator. Then, we review existing studies
exploring how each role of LLMs enhances different stages
of the RL pipeline. Moreover, we provide a series of case
studies to illustrate how to design and apply LLM-enhanced
RL in low-altitude economy networking, vehicular networks, and
space–air–ground integrated networks. Finally, we conclude with
a discussion on potential future directions for LLM-enhanced
RL and offer insights into its future development in wireless
networks.
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I. INTRODUCTION

A. Background

LARGE Language Models (LLMs) have marked a pivotal
breakthrough in Artificial Intelligence (AI), significantly

reshaping the way machines understand and generate human
language [1], [2], [3]. Different from earlier natural lan-
guage processing models that relied on limited rule-based
or shallow learning architectures, LLMs are built upon deep
neural networks with hundreds of billions of parameters and
trained on vast and diverse corpora of text data [4]. Thus,
LLMs possess the ability to understand diverse inputs, follow
complex instructions, and generate contextually appropriate
responses across a wide range of tasks and modalities [1],
[2].

The transformative potential of LLMs has extended to a
wide range of applications from conversational agents and
code generation tools to knowledge engines and automated
reasoning systems. For example, OpenAI’s GPT series,1

Google’s Gemini,2 and Meta’s LLaMA3 models have demon-
strated state-of-the-art performance across benchmarks such
as question answering, summarization, and reasoning tasks.
Moreover, GPT-4 can integrate multi-frame visual input with
textual reasoning to enable interpretable and end-to-end driv-
ing systems [1]. Beyond language-centric tasks, LLMs have
also begun to play a central role in embodied AI. DeepMind’s
Gemini Robotics4 equips humanoid robots with LLM-guided
control capabilities, enabling them to perform complex real-
world tasks such as folding origami and organizing objects.
These models differ in terms of scale, adaptation methods, and
capabilities, and their evolution has fueled the rapid develop-
ment of the LLM ecosystem. The work in [5] demonstrated
that performance scales with model size, dataset size, and com-
pute according to power-law relationships. By 2025, models
like Grok-3 reflect a leap of over two orders of magnitude in
compute compared to GPT-3, signaling the intensifying scale
of LLM development.

Overall, the widespread adoption of LLMs is underpinned
by several core advantages. They are able to recognize

1https://platform.openai.com/docs/models
2https://deepmind.google/models/
3https://www.llama.com/models/llama-4/
4https://deepmind.google/discover/blog/gemini-robotics-brings-ai-into-the-

physical-world/?utm source=chatgpt.com
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structure across a wide range of inputs and adapt their
responses to novel or evolving situations, where strength
lies not only in recognizing patterns but in modeling intent,
evolving with context, and supporting coherent decision-
making [6]. Their ability to model context, incorporate prior
knowledge, and refine behavior through iterative feedback
makes them particularly well-suited for dynamic problem-
solving [7]. Furthermore, their capacity to simulate, organize,
and synthesize complex relationships allows them to accelerate
learning and coordination across diverse tasks [8]. These
capabilities collectively position LLMs as a foundation and
engine in increasingly dynamic and intelligent systems.

B. Motivations

Reinforcement learning (RL) has demonstrated considerable
promise in the operation of wireless networks by enabling
data-driven and adaptive solutions to complex decision-making
problems [9], [10], [11]. It has been successfully applied
to a variety of core network optimization tasks, including
dynamic spectrum access, power control, resource scheduling,
and UAV trajectory planning [12], [13], [14]. These applica-
tions often involve high-dimensional state spaces, time-varying
dynamics, and conflicting performance objectives, in which
RL demonstrates its strength by learning optimal policies
through interaction with the wireless environment [9], [15],
[16]. However, as wireless systems evolve toward increasing
complexity, scale, and heterogeneity, classical RL methods
face four growing limitations: (i) generalization and multi-
modal understanding, (ii) feedback bottlenecks in learning
signals, (iii) decision instability and lack of interpretability,
and (iv) sample inefficiency and inadaptability, which are
discussed in detail later in Section II-B.

In the context of the recent rise of LLMs, new possibilities
have emerged to address the abovementioned challenges of
RL in wireless systems. Thanks to the remarkable abilities
(as detailed in Section III-A) on knowledge generalization,
contextual reasoning, and interactive generation [6], [8], [17],
LLMs have evolved from text generators to universal cognitive
engines that can model, simulate, explain, and guide complex
decision processes [18], [19], [20]. The success in domains
such as robotics1 and human–AI interaction5 suggests that
LLMs could offer opportunities to complement the weaknesses
of classical RL. Therefore, the integration of LLMs into
RL presents a compelling paradigm shift. By leveraging the
strengths of LLMs, this integration can offer a high-level
semantic interface that enables the agent to incorporate task
semantics, contextual understanding, and domain-specific pri-
ors into the learning process, thereby shaping learning beyond
raw experience [21], [22], [23]. Thus, in addition to relying
on learning through environment interaction, RL agents can
be enhanced in terms of understanding task intent, simulating
plausible outcomes, explaining actions, and accelerating learn-
ing [8], [24], [25]. The enhancement is particularly promising
for wireless systems, where expert knowledge is hard to
encode, real-world feedback is expensive, and decision-making
is often difficult due to trade-offs in network optimization such

5https://github.com/Significant-Gravitas/AutoGPT

as balancing latency, energy consumption, and throughput [9],
[10], [26].

To this end, this tutorial adopts a structured viewpoint
and proposes a taxonomy of LLM-enhanced RL frameworks
tailored for wireless networks. We classify the roles of LLMs
into four critical functions: state perceiver, reward designer,
decision-maker, and generator, to analyze how each role
enhances different stages of RL. This perspective provides a
unified framework for understanding, designing, and deploying
the LLM-enhanced RL framework, which integrates prior
knowledge, contextual reasoning, and generative capabilities
to support intelligent learning and decision-making to meet
the complexity and diversity of future wireless networks.

C. Related Work

In recent years, many surveys and tutorials have emerged
to capture the evolution of RL techniques in wireless net-
works from single-agent DRL to multi-agent DRL applied to
communication systems and intelligent networks. By enabling
autonomous agents to learn optimal control strategies through
interaction with the environment, RL provides a powerful
framework for addressing the complexity and heterogeneity
of modern wireless networks.

The work in [26] provides a comprehensive survey of DRL
applications in communications and networking. It outlines
the MDP formulation underlying DRL and emphasizes its
advantages in handling large-scale state–action spaces through
adaptive decision-making and distributed learning. The paper
further summarizes DRL’s progress across key network func-
tions such as dynamic spectrum access, rate control, caching,
offloading, routing, and security, offering an integrated view of
DRL’s role in intelligent communication systems. The subse-
quent survey [27] adopted a layering view, which categorized
RL applications across the physical, medium access control,
network, and application layers. It shows how DRL mod-
els such as Q-learning and Actor–Critic architectures enable
cross-layer control while emphasizing the need for unified
decision-making frameworks. The authors in [28] provide a
comprehensive taxonomy of major DRL algorithms and review
their applications in Internet of Things (IoT) domains such
as smart grid, intelligent transportation, and mobile crowd-
sensing. Moreover, the study systematically reveals how DRL
can address decision-making and performance optimization
challenges in communication, computing, caching, and control
without relying on prior system models. Subsequently, the
study in [9] unified single-agent and multi-agent RL perspec-
tives in the tutorial for AI-enabled wireless networks. They
review both model-free and model-based DRL frameworks
and further emphasize multi-agent reinforcement learning
(MARL) as a key enabler for decentralized and cooperative
control. This paper categorizes MARL approaches into learned
cooperation, emergent communication, and networked agents,
and reviews their applications in mobile edge computing,
UAV networks, and cell-free massive MIMO. Furthermore,
the work in [29] provides an in-depth investigation of MARL
and its applications in the future Internet. It systematically
classifies MARL algorithms into value decomposition, pol-
icy gradient and actor–critic categories, and examines their
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mechanisms for cooperation, competition, and communica-
tion among agents. The paper highlights MARL’s capability
to address dynamic, decentralized, and large-scale decision-
making problems, offering a comprehensive perspective on
how MARL can enable autonomous and adaptive control in
next-generation network systems. The authors in [10] explore
RL from the more specific perspective of autonomous multi-
UAV wireless networks. The paper provides a comprehensive
overview of how RL techniques enable UAVs to make intelli-
gent and adaptive decisions in dynamic wireless environments.
It categorizes existing approaches into model-free, model-
based, and multi-agent RL frameworks, and highlights RL’s
advantages in enhancing the autonomy, scalability, and energy
efficiency of UAV networks.

The existing related works demonstrate that RL has
achieved remarkable success in enabling intelligent and adap-
tive control for complex wireless networks. These efforts have
also advanced the field from single-agent decision-making
to cooperative multi-agent optimization, greatly improving
resource utilization and network autonomy in wireless sys-
tems. However, in essence, the above research still focuses
on the paradigm of classical RL, which relies on handcrafted
state representations and handcrafted rewards with trial-and-
error learning within task-specific environments [10], [30].
As the next generation of wireless networks evolves toward
more dynamic, heterogeneous, and human-centric architec-
tures, the classical RL approaches may face fundamental
limitations in scalability, generalization, and adaptation [9],
[31], [32].

Encouragingly, the recent emergence of LLMs offers new
opportunities with capabilities of semantic perception, con-
textual reasoning, and generative world modeling [24], [33].
These abilities align naturally with the unmet needs of classical
RL in wireless networks, such as understanding complex
network semantics [6], designing adaptive states and rewards
[34], and interpreting RL agents’ behaviors and policies [35].
By bridging the powerful capabilities of LLMs with RL, our
work advances beyond traditional RL surveys on wireless
networks and offers a forward-looking tutorial on how LLMs
can enhance classical RL for wireless networks. Specifically,
this work differs from existing surveys and tutorials in sev-
eral key aspects. First, while prior works primarily focus
on classical RL paradigms such as DRL, MARL, and their
applications in wireless systems, our tutorial explicitly inves-
tigates the integration of LLMs into RL, which introduces new
capabilities beyond conventional learning paradigms. Second,
instead of merely reviewing RL algorithms or applications,
we propose a unified taxonomy that characterizes the func-
tional roles of LLMs in enhancing RL (i.e., state perceiver,
reward designer, decision-maker, and generator), thereby pro-
viding a systematic perspective and opening a new research
direction at the intersection of RL and wireless network
optimization. Finally, we provide representative case studies
on low-altitude economy networking, vehicular networks, and
space–air–ground integrated networks, demonstrating how to
design LLM-enhanced RL frameworks and offering prac-
tical guidelines beyond the theoretical overviews in prior
works.

D. Contributions

The main contributions of our tutorial are summarized as
follows:
• We propose a unified framework that functions with

LLMs as state perceiver, reward designer, decision-maker,
and generator to enhance different stages of the RL
pipeline and review existing efforts on LLM-enhanced
RL in wireless networks.

• We provide several case studies to demonstrate the prac-
tical applications and effectiveness of LLM-enhanced
RL in future wireless network scenarios, including low-
altitude economy networking, vehicular networks, and
space–air–ground integrated networks.

• We discuss potential future directions and open challenges
for LLM-enhanced RL, which aim to guide the evolution
of LLM-enhanced RL toward more adaptive, scalable,
secure, interpretable, and intelligent wireless systems.

As shown in Fig. 1, the rest of this tutorial is organized as
follows. In Section II, we present the fundamental background
of RL and analyze its limitations in dynamic wireless environ-
ments. Section III introduces the motivation and key principles
of integrating LLMs into RL. Then, a taxonomy categorizes
the roles of LLMs into four critical roles and reviews existing
studies on how to enhance RL via LLM in each role in
applications of wireless networks. Sections IV to VI provide
several case studies to illustrate how LLM-enhanced RL can
be implemented in low-altitude economy networks, vehicular
networks, and space–air–ground integrated networks. Finally,
Section VII discusses open challenges and future research
directions, and Section VIII concludes this tutorial.

II. PRELIMINARIES

A. Background of RL in Wireless Networks

1) Fundamentals of RL: As shown in Fig. 2, RL is a type
of machine learning where an agent learns to make decisions
by interacting with an environment to maximize long-term
rewards. In wireless networks, the RL agent typically repre-
sents a network controller (e.g., base station, UAV, or edge
server), while the environment corresponds to the dynamic
wireless system characterized by time-varying channels, traffic
demands, and user mobility [9]. RL can be formalized using
the framework of MDPs, which consist of the following
components [36]:

(a) S : the set of all states. The state may include channel
conidtions, queue lengths, interference levels, user loca-
tions, or spectrum occupancy.

(b) A: the set of all actions, which can be discrete or con-
tinuous. Typical actions include power control, channel
allocation, routing decisions, or UAV trajectory control.

(c) P: the state transition probability function, where
P(s′|s, a) represents the probability of transitioning to
state s′ from state s after taking action a. In wireless
environments, this transition is influenced by stochastic
factors such as fading, mobility, and traffic dynamics.

(d) R: the reward function, where R(s, a) gives the imme-
diate reward received after taking action a in state s.

Authorized licensed use limited to: University of Waterloo. Downloaded on August 20,2026 at 19:37:08 UTC from IEEE Xplore.  Restrictions apply. 
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Fig. 1. Overall structure of the tutorial on LLM-enhanced RL for wireless networks. The tutorial is organized into eight sections, beginning with the introduction
and preliminaries, followed by a taxonomy of LLM roles in enhancing RL, including the functions of state perceiver, reward designer, decision-maker, and
generator. Subsequent sections present case studies in representative network scenarios, while the final sections discuss future research directions and conclude
the tutorial.

Fig. 2. The classical RL framework in wireless systems, where the RL
agent interacts with the environment by observing the state s, selecting an
action a according to the policy π(a|s), and receiving a reward r = R(s, a).
The environment then transitions to the next state s′ according to P(s′ |s, a),
enabling the agent to optimize its value function Vπ(s) or Qπ(s, a) through
iterative learning.

Rewards are often designed to capture performance
metrics in optimization problems such as throughput,
latency, energy efficiency, or QoS.

(e) γ ∈ [0, 1]: the discount factor, which determines the
importance of future rewards.

The agent’s goal is to learn a policy π(a|s) that maps
states to actions [37]. Such a policy can be deterministic
(i.e., π : S → A) or stochastic (i.e., π : S → p(A|S )). The
agent interacts with the environment in discrete time steps.
At each time step t, the agent observes the current state st,
selects an action at according to its policy π(at |st), receives a
reward rt = R(st, at), and transitions to the next state st+1 based
on the transition probability P(st+1|st, at). The interaction
corresponds to sequential decision-making under dynamic and

uncertain conditions, where actions (e.g., resource allocation
or scheduling) directly affect long-term network performance.

The objective of the agent is to maximize the expected
cumulative discounted reward, also known as the return:

Gt =

∞X
k=0

γkrt+k. (1)

To measure the long-term value of states and actions, RL
uses value functions [38]. The state-value function Vπ(s)
represents the expected return when starting from state s and
following policy π thereafter:

Vπ(s) = Eπ[Gt |st = s]. (2)

The action-value function Qπ(s, a) represents the expected
return when starting from state s, taking action a, and follow-
ing policy π thereafter:

Qπ(s, a) = Eπ[Gt |st = s, at = a]. (3)

2) Classic RL Algorithms: RL algorithms can be broadly
classified into three main families based on what they learn
and optimize:

Value-Based Methods: Value-Based Methods focus on
learning an optimal value function, from which a policy is
implicitly derived. A canonical example is Q-Learning, a
model-free, off-policy algorithm that learns the optimal action-
value function, Q∗(s, a), by iteratively updating its estimates
based on the Bellman optimality equation [39]. The policy is
then typically formed by selecting the action with the highest
Q-value in a given state. In wireless networks, such methods
are commonly applied to discrete decision problems such as
channel selection, spectrum access, and user association [27].

Authorized licensed use limited to: University of Waterloo. Downloaded on August 20,2026 at 19:37:08 UTC from IEEE Xplore.  Restrictions apply. 
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The advent of deep learning led to the Deep Q-Network
(DQN), which employs a neural network to approximate the
Q-function, making it applicable to high-dimensional state
spaces [40]. DQN incorporates techniques like experience
replay and target networks to stabilize training.

Policy-Based Methods: Policy-Based Methods directly learn
a parameterized policy, πθ(a|s), without needing an inter-
mediate value function. These methods optimize the policy
parameters θ by performing gradient ascent on the expected
return. They are particularly suitable for continuous control
problems in wireless systems, such as power allocation and
UAV trajectory optimization [10]. However, policy gradient
estimates can suffer from high variance, which can make
training unstable.

Actor-Critic Methods: Actor-Critic Methods combine the
strengths of the previous two approaches by maintaining two
separate models: an actor and a critic. The actor, which
represents the policy, selects actions, while the critic, which
represents the value function, evaluates these actions. The
critic’s feedback provides a low-variance learning signal to
guide the updates of the actor’s policy, leading to more
stable and efficient learning. This architecture has become the
dominant paradigm for DRL-based optimization in wireless
networks. This hybrid architecture forms the foundation for
many state-of-the-art Deep Reinforcement Learning (DRL)
algorithms, including:

(a) Deep Deterministic Policy Gradient (DDPG) [41]: An
off-policy actor-critic algorithm designed for continuous
action spaces. It is suitable for wireless network scenar-
ios involving continuous control [14], [20], [42], such
as transmit power allocation, beamforming optimization,
and UAV trajectory control.

(b) Proximal Policy Optimization (PPO) [43]: An on-policy
algorithm known for its stability and ease of implemen-
tation. It prevents large, destructive policy updates by
using a clipped surrogate objective function, making
it a robust and widely used choice [36]. In wireless
networks, PPO has been widely adopted in tasks such
as multi-user resource allocation and dynamic network
slicing [25], where stable and reliable policy learning is
essential under highly dynamic environments [42].

(c) Soft Actor-Critic (SAC) [44]: An off-policy actor-critic
algorithm that incorporates an entropy maximization
term into its objective. This encourages exploration and
often leads to more robust and sample-efficient learning
in continuous action spaces [12]. Such properties make
SAC particularly effective for wireless optimization
problems with stochastic dynamics [32], [45], such as
joint power and spectrum allocation.

B. Limitations of RL in Wireless Networks

RL has shown great potential in enabling intelligent
decision-making and optimization across various aspects of
wireless network operations. However, the practical applica-
tion of RL in dynamic wireless environments still faces several
critical limitations as follows.

• Generalization and Multimodal Understanding: In
wireless network scenarios, RL faces challenges related
to limited generalization capability and difficulties in
multimodal understanding. Traditional RL methods typi-
cally rely on numerical state representations derived from
specific environments [9], making it difficult to transfer
state observations and action policies to dynamic and
heterogeneous network scenarios, such as Open Radio
Access Network (O-RAN) slicing [46], UAV networks
[47], and edge computing [28]. Moreover, classical RL
agents are usually designed to process single-modality
inputs from environments, such as state vectors [42].
Emerging network systems increasingly involve multi-
modal inputs (e.g., natural language instructions, image
data, and log texts) [48], which further increases the
cognitive burden on RL agents and limits their scalability
in practical applications.

• Feedback Bottlenecks in Learning Signals: It is chal-
lenging to design effective reward functions (i.e., the most
important learning signal feedback) for RL to optimize
multiple objectives in wireless networks, such as through-
put, energy consumption, latency, and quality of service
[30]. Improper reward design without appropriate trade-
offs among these objectives may introduce bias to the
agent toward over-optimizing a single metric (e.g., maxi-
mizing throughput at the cost of excessive delay), leading
to slow convergence and suboptimal policies. Moreover,
the RL agents obtain reward feedback after long operation
periods due to the highly dynamic nature of wireless
environments and the wide state space, leading to sparse
and delayed reward signals that further exacerbate the
instability of the policy learning process [30].

• Decision Instability and Lack of Interpretability: On
the one hand, model-based RL methods rely on accurate
environment modeling. However, wireless environments
are highly dynamic and uncertain due to factors such
as unpredictable user mobility and time-varying channel
conditions [10], [31]. In such cases, model errors can eas-
ily accumulate, leading to failures in policy learning such
as resource allocation errors or service interruptions. On
the other hand, the decision-making process of traditional
DRL often operates as a closed-box mechanism, lacking
transparency and interpretability to provide clear causal
reasoning or decision rationales [49]. These limitations
may prevent systems from passing regulatory audits or
gaining user trust, thereby posing significant risks in
high-stakes scenarios such as 6G network slicing, UAV
scheduling, and Vehicle-to-Infrastructure (V2I) commu-
nications.

• Sample Inefficiency and Inadaptability: On the one
hand, classical RL relies on interactions with the envi-
ronment to collect extensive training data [32]. However,
in real-world wireless scenarios, each interaction may
incur significant costs (e.g., energy consumption and time
delays) or pose potential risks such as communication
failures, leading to inefficiency and high deployment
costs in training processes. On the other hand, wireless
networks may involve optimization requirements across
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Fig. 3. Self-attention mechanism in Transformer architecture. The input
sequence is first projected into query, key, and value representations through
learned linear mappings. Dot-product similarity between queries and keys
determines token-to-token relevance, which is normalized via softmax to
produce attention weights. These weights form a weighted aggregation of
value vectors, enabling each token to integrate contextual information from
all others and produce a meaning-aware output representation.

different tasks, such as channel estimation and computing
offloading [32], [42]. Traditional RL is usually task-
specific and lacks abilities for knowledge transfer, making
it difficult to share experience or formulate policy models
across tasks [50]. As a result, even small changes in
tasks (e.g., resource allocation or QoS assurance) often
necessitate retraining from scratch, which limits their
scalability and flexibility in complex and heterogeneous
wireless systems.

The challenges discussed above highlight the limitations of
classical RL when applied to wireless networks. Fortunately,
recent advances in integrating LLMs with RL offer promising
directions for addressing these challenges. In the following
section, we will explore how the LLMs are used to enhance
the RL for wireless networks.

C. Background of LLM

Generally, language models are trained to predict the next
word in a given text sequence, which enables them to learn
complex patterns and relationships in language. To further
enhance their capabilities in understanding, generating, and
reasoning over natural language, LLMs are developed by
training advanced neural network architectures with billions
of parameters on massive corpus datasets [51]. LLMs are
typically based on the Transformer architecture, which utilizes
self-attention mechanisms to capture long-range dependencies
and contextual information in text data [52].

Mathematically, as shown in Fig. 3, given an input sequence
represented by a matrix of word embeddings X ∈ Rn×d, where
n is the sequence length and d is the dimensionality of the
embeddings, the self-attention mechanism first projects X into
three matrices: the query Q, key K, and value V:

Q = XWQ, K = XWK , V = XWV , (4)

where WQ,WK ∈ R
d×dK ,WV ∈ R

d×dV are learnable weight
matrices, dK is the dimensionality of the queries and keys,
and dV is the dimensionality of the values.

The attention scores are then computed as the scaled dot-
product between the queries and keys:

Attention(Q,K,V) = softmax
�

QK>
√

dK

�
V , (5)

where the softmax function softmax(zi) = eziP
j ez j normalizes the

scores to obtain a probability distribution over the values. This
formulation ensures that the model computes the relevance of
each word in the sequence with respect to every other word,
scaled by the factor

√
dK to prevent overly large dot product

values that could lead to numerical instability. Stacked with
multiple layers of self-attention and other components like
feed-forward networks, normalization, and residual connec-
tions, the Transformer architecture allows LLMs to effectively
capture complex relationships in language data.

GPT (Generative Pre-trained Transformer) models, which
advance autoregressive pretraining, enable fluent text genera-
tion through next-token prediction [53]. Specifically, as shown
in Fig. 4, GPT adopts a unidirectional attention mechanism,
which makes it particularly suitable for general-purpose text
generation and sequential decision-making tasks. BERT (Bidi-
rectional Encoder Representations from Transformers) models,
which introduce bidirectional attention layers, enable deep
contextual understanding by predicting masked tokens in a
sequence [54]. Later, models like RoBERTa [55] and T5 [56]
refined training efficiency and task transferability. In con-
trast to GPT, LLaMA models focus on improving parameter
efficiency and deployment flexibility. As shown in Fig. 4,
LLaMA adopts an optimized decoder-only Transformer archi-
tecture with techniques such as RMSNorm and Rotary Position
Embedding (RoPE), which enhance training stability and
reduce computational overhead. LLaMA [57] demonstrated
that carefully curated data and architectural optimizations can
achieve strong performance with fewer parameters, where the
first version of LLaMA (65B parameters) achieves most state-
of-the-art results than contemporary GPT-3 (175B parameters)
in multiple tasks including natural question answering, reading
comprehension, and code generation. These advancements
have led to the development of LLMs that can understand,
generate, and reason over natural language with remarkable
fluency and accuracy not only in research but also further
in practical applications and cross domain tasks including
reinforcement learning [24].

III. ENHANCING RL VIA LLM

A. Motivation of Using LLM to Enhance RL

We outline four key capabilities of LLMs for supporting RL
in complex wireless network environments evolution of LLMs
has been driven by key innovations in model design, training
objectives, and scaling strategies.
• Generalization and Multimodal Comprehension:

LLMs are pretrained on vast and diverse datasets,
enabling them to understand and process a wide range
of input modalities, such as textual commands, spatial
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Fig. 4. Overview of representative LLM architectures and their training paradigms. The GPT series (left) adopts an autoregressive transformer with a
unidirectional attention mechanism for next-token prediction, excelling in text generation and dialogue modeling. The central panel illustrates the large-scale
pretraining pipeline, where massive multimodal datasets are processed through the transformer architecture. The LLaMA series (right) introduces an optimized
decoder-only transformer enhanced with RMSNorm and Rotary Position Embedding (RoPE), achieving improved training stability, parameter efficiency, and
adaptability for lightweight or edge-oriented deployment.

layouts, visual inputs, and structured data [33]. This
capability of LLMs can assist RL agents to better interpret
complex wireless environments and generalize across
different tasks and domains. For example, LLMs can be
used to parse high-level service requirements expressed
in natural language [58], allowing the RL agent to better
align decisions with user intent and wireless system
constraints. Additionally, LLMs can assist agents in better
interpreting various elements of wireless networks [59],
such as traffic logs or sensor signals, thereby enhancing
the agent’s ability to make decisions in subsequent stages.

• Context-Aware and Reward Shaping: LLMs possess
strong capabilities in semantic understanding, contextual
modeling, and domain knowledge integration [6]. Thus,
they can serve as intelligent reward designers in place of
manually crafted or static reward functions traditionally
used in RL based on expert knowledge. On the one
hand, LLMs can generate reward functions based on
optimization objectives [60], system constraints, and envi-
ronmental states, thereby effectively balancing multiple
goals in wireless optimization such as throughput, energy
consumption, latency, and QoS. On the other hand, LLMs
can evolve reward functions by quickly adapting semantic
understanding and abstraction [21]. As a result, RL agents
can leverage adaptive reward shaping in complex and
dynamic wireless network environments to guide policy
learning, enabling more flexible responses to changing
objectives and tasks in wireless networks.

• Transparent Reasoning and Stable Decision-Making:
By employing prompt strategies such as Chain-of-
Thought (CoT), LLMs can guide RL agents to generate
step-by-step reasoning chains to enable more inter-
pretable, logically coherent, and causally grounded deci-
sions [34]. This structured reasoning process improves
the explainability of RL policies [61]. For example,

translating complex decisions such as resource allocation
into natural language explanations and supporting the
generation of interpretable fault-recovery strategies that
comply with domain constraints. Moreover, LLMs exhibit
strong capabilities in cross-domain knowledge transfer
and memory of past experiences, which helps reduce
the possibility of random or suboptimal behaviors [62].
Such approach facilitates the sharing of key informa-
tion across different tasks and domains, allowing RL
agents to maintain policy stability even when faced with
new environments or changing conditions in wireless
networks.

• Sample Generation and Cross-task Adaptation:
Empowered by extensive pre-trained knowledge and
strong generalization capabilities, LLMs can generate
high-quality synthetic samples through simulation, in-
context learning, or prompt engineering [35], [63].
These generated samples (e.g., traffic patterns, network
topologies, and signal types) help reduce dependence
on costly real-world wireless environment interactions,
thereby improving RL training efficiency and accel-
erating policy learning. Additionally, LLMs possess
strong generalization and knowledge transfer capabili-
ties, which can complement RL in handling cross-task
scenarios. By leveraging their understanding of domain-
specific concepts, LLMs can facilitate knowledge sharing
across related tasks and assist RL agents in adapting
to varying objectives [50], [64]. For example, an LLM
can transfer knowledge of resource allocation gained
from a channel estimation task to the optimization of
computation offloading strategies by identifying common-
alities between them (e.g., bandwidth usage and energy
constraints), thereby supporting more efficient cross-
task optimization of communication and computation
resources.
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Fig. 5. The overview and architecture of LLMs in enhancing RL for wireless network environments. LLMs assist as state perceivers, reward designers,
generators (including model simulators and policy interpreters), and decision-makers. Key capabilities and functions of each role are illustrated across various
network scenarios including MEC, vehicular networks, SAGIN, and UAV networks.

B. Overview of LLM-Enhanced RL Framework for Wireless
Networks

To integrate LLMs into RL for wireless network optimiza-
tion, we present a unified LLM-enhanced RL framework, as
illustrated in Fig. 5. At a high level, the framework follows
the standard RL interaction loop, where an agent interacts
with the wireless environment through state observation, action
execution, and reward feedback. Different from conventional
RL, LLMs are integrated as functional modules, namely
state perceiver, reward designer, decision-maker, and gener-
ator (including model simulator and policy interpreter), that
enhance different components of this loop.

1) LLM as State Perceiver: The LLM acts as a seman-
tic interface between the wireless environment and the RL
agent by transforming observations into structured representa-
tions. Specifically, the LLM extracts high-level features from
multimodal inputs and maps them into task-relevant state
representations. In addition, the LLM can translate natural
language instructions into formal optimization objectives of
wireless tasks.

2) LLM as Reward Designer: The LLM can automatically
generate and refine task-specific reward formulations based
on high-level objectives and system constraints. Moreover, the
LLM can adjust reward structures through iterative feedback
and refinement to enable more flexible objective optimization
in wireless networks.

3) LLM as Decision-Maker: The LLM can formulate or
suggest decision-making by generating high-quality action
sequences for the RL agent based on optimization objectives,
historical trajectories, and contextual knowledge, thereby guid-
ing efficient exploration and convergence in the action space.

4) LLM as Generator (Model Simulator and Policy Inter-
preter): The generator role of the LLM enhances both the
data and interpretability aspects of RL. As a model simulator,

the LLM can generate synthetic trajectories or approximate
environment dynamics, which can be used to support model-
based RL or offline pre-training. As a policy interpreter,
the LLM translates learned policies into natural language
explanations to provide insights into decision rationales.

To further clarify the overall workflow of the LLM-
enhanced RL framework, we summarize its unified pipeline in
Algorithm 1. The algorithm explicitly illustrates the data flow
across different stages, including offline LLM-assisted state
and reward design, RL-based policy learning, and optional
LLM modules for decision guidance, data generation, and
policy interpretation. Guided by this unified framework, the
subsequent subsections elaborate on each LLM role in detail,
providing representative methodologies and practical design
guidelines for LLM-enhanced RL6 in wireless networks.

C. LLM as State Perceiver

LLMs trained on large-scale text corpora are able to inter-
nalize syntactic, semantic, and factual knowledge through
context-aware representation learning, which enables them
to process, interpret, and transform complex information
structures effectively [2]. Specifically, the key role of LLMs
as a state perceiver lies in task-relevant state abstraction.
Specifically, LLMs can filter redundant information, extract
meaningful features, and align observations with optimization
objectives, thereby constructing more informative state rep-
resentations for RL [61], [69]. In wireless networks, where
observations are often heterogeneous, noisy, and partially
observable, such enriched states are particularly important
and directly involved in the RL learning process, thereby

6The summary of datasets and code repositories for LLM-enhanced RL
for wireless networks and other domains is available at: https://github.com/
ResearcherSG/Tutorial-on-Large-Language-Model-Enhanced- Reinforcement-
Learning-for-Wireless-Networks

Authorized licensed use limited to: University of Waterloo. Downloaded on August 20,2026 at 19:37:08 UTC from IEEE Xplore.  Restrictions apply. 

https://github.com/ResearcherSG/Tutorial-on-Large-Language-Model-Enhanced- Reinforcement-Learning-for-Wireless-Networks
https://github.com/ResearcherSG/Tutorial-on-Large-Language-Model-Enhanced- Reinforcement-Learning-for-Wireless-Networks
https://github.com/ResearcherSG/Tutorial-on-Large-Language-Model-Enhanced- Reinforcement-Learning-for-Wireless-Networks


CAI et al.: TUTORIAL ON LARGE LANGUAGE MODEL-ENHANCED RL FOR WIRELESS NETWORKS 6673

Algorithm 1 Unified Pipeline of LLM-Enhanced RL for
Wireless Networks

1: Initialize RL agent parameters θ, replay buffer D
2: // Stage 1: Offline LLM Initialization
3: Use LLM as state perceiver to design semantic state

representation function φ(·)
4: Use LLM as reward designer to generate or refine reward

function RLLM(·)
5: // Optional: Pre-training via LLM Generator
6: Dsim ← LLM Simulator()
7: D ← D ∪Dsim
8: // Stage 2: RL Training Loop
9: for each training iteration do

10: Observe raw state st from environment
11: sLLM

t ← φ(st)
12: // Optional: LLM-guided decision (intermittent)
13: if guidance is required then
14: aguide

t ← LLM Decision(sLLM
t )

15: at ← RL Policy(sLLM
t , aguide

t )
16: else
17: at ← RL Policy(sLLM

t )
18: end if
19: Execute at, observe st+1
20: Compute reward rt ← RLLM(st, at, st+1)
21: Store (sLLM

t , at, rt, st+1) in D
22: Sample mini-batch from D and update RL networks
23: end for
24: // Stage 3: Policy Interpretation (Optional)
25: Use LLM to generate explanations of learned policy π

stabilizing the policy updating and accelerating exploration
efficiency. This grounding allows LLMs to be naturally extend-
able to RL contexts by serving as a bridge between high-level
task descriptions and low-level policy learning.

Specifically, on the one hand, LLMs are capable of extract-
ing meaningful and semantically rich features from raw
observational data by leveraging their powerful pre-trained
architectures [70]. By leveraging their extensive pre-training
on diverse datasets, LLMs can automatically identify relevant
patterns, abstract high-level semantics, and process unstruc-
tured or heterogeneous inputs (such as textual logs, sensor
readings, or even symbolic network states), into structured
and task-relevant features [2], [71]. This capability not only
reduces the reliance on domain-specific feature engineering
but also enhances the agent’s ability to generalize across
diverse environments and tasks. For instance, the authors in
[66] propose an LLM-enhanced DRL framework for accurate
bandwidth estimation (LLM4Band) in real-time communi-
cation systems. The LLM4Band leverages the pre-trained
semantic representation capabilities of LLMs to extract high-
dimensional network state features from raw network flow
data (such as packet histories, latency trends and bandwidth).
These features are converted into the continuous action for
estimating bandwidth. As a result, the LLM-based policy
extraction improves the performance of the RL policy net-
work, which achieves a 12.35% improvement (compared to
LSTM baseline [72]) in bandwidth estimation accuracy and a

21% enhancement (compared to Heuristic algorithm [73]) in
communication quality.

Building on this foundation of feature extraction for RL
policy networks, the challenge of sample inefficiency and
poor generalization in dynamic O-RAN network slicing is
addressed in [46] through a more sophisticated dual-LLM
architecture. The dual-LLM architecture is employed to extract
semantically enriched state representations from raw and
unstructured network observations such as RF features, QoS
targets, and traffic trends. Specifically, a domain-specific LLM
pretrained on O-RAN control logs and slicing policies is
dynamically used to generate context-aware prompts. These
prompts are fused with trainable tokens and processed by a
frozen general-purpose LLM (i.e., GPT-2) to output high-level
embeddings. These embeddings replace raw observations as
inputs for RL agents, enabling the agents to effectively inter-
pret complex wireless environments and concentrate on policy
learning. The experimental results show that the proposed
scheme achieves approximately 12.5% higher cumulative
reward compared to traditional MARL (i.e., SAC algorithm
[44]).

Beyond structured network metrics, LLMs also excel at
interpreting rich sensory inputs such as images or text in
network services. The work in [65] addresses the challenge
of maximizing subjective Quality of Experience (QoE) in
AI-Generated Content. The LLM is used to analyze images
and simulate human-like QoE feedback based on the Big
Five personality model (i.e., Openness, Conscientiousness,
Extraversion, Agreeableness, and Neuroticism) since user pref-
erences for generated images vary significantly based on
personality traits. Then, the high-dimensional visual inputs can
be converted into scalar reward signals (aesthetic ratings from
0 to 1), which serve as rewards for the RL agent to learn on
low-dimensional and semantically rich signals. Experimental
results show that the LLM-based DRL policy can achieve up
to approximately 133% higher QoE compared to the DRL with
a random policy.

On the other hand, LLMs can significantly reduce the
learning complexity for RL agents by translating informal
natural language inputs in wireless networks, such as commu-
nication commands, user requests, or high-level operational
guidelines, into structured and task-specific representations
[2]. This semantic transformation enables RL agents to better
interpret and align with high-level objectives that are often
conveyed in ambiguous or unstructured human language,
which improves the adaptability of RL systems in dynamic
or context-sensitive wireless environments [74]. The authors
in [58] employ the LLM as the state perceiver to bridge
natural language intents with RL-based network optimization.
Specifically, the paper leverages LLMs to parse unstructured
natural language intents (e.g., “optimize throughput by 10%”)
and extract structured optimization targets (e.g., throughput,
latency, or energy efficiency) and their desired thresholds.
This decouples intent interpretation from the RL agent, where
the processed intents are then fed into an attention-based
hierarchical RL (HRL) framework, which orchestrates network
applications to achieve the specified optimization objectives.
Simulation results demonstrate that LLMs enable the RL agent
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to focus on applications most relevant to the operator’s intent,
which reduces conflicting actions and outperforms traditional
HRL (with improvements of 12.02% in throughput, 26.5% in
delay, and 17.1% in energy efficiency).

Additionally, the LLM can bridge high-level language
commands and semantic feedback in a wireless network.
The study in [68] integrates LLMs to bridge language
commands with RL for resource allocation in autonomous
network orchestration. The LLM is employed to translate
unstructured inputs (i.e., strategic textual commands and
semantic QoE feedback such as minimizing cost or maximiz-
ing quality) into formalized task representations. Specifically,
based on the chain-of-thought prompt of the LLaMA-3.1-8B
model, it maps the command to system-level objectives via
step-back questioning, and maps user feedback to quan-
tifiable semantic requirements through similarity scoring to
replace conventional bit-level metrics. These processed outputs
(e.g., objectives, state histories, and reward-augmented exem-
plars) form structured inputs for the RL agent to solve the
simpler and numeric sub-problem. As a result, the proposed
scheme achieves near-optimal resource allocation costs (within
5% of optimal) in stable conditions.

Expanding further into more complex and real-time
decision-making domains, the work in [67] showcases how
LLMs can simplify joint optimization problems in vehicu-
lar networks by translating informal natural language task
descriptions into executable actions, where the LLM is
leveraged to translate informal natural language task descrip-
tions (e.g., “maximize speed while minimizing collisions”)
into formal and executable AD actions (e.g., acceleration,
lane changes). Specifically, by integrating in-context learning,
the LLM processes structured prompts containing environ-
mental states (e.g., vehicle positions, velocities), predefined
action spaces, and curated examples of past experiences
(e.g., good/bad decisions). These prompts enable LLMs to
derive discrete AD actions for vehicles, which are embedded
as part of the state of a Double Deep Q-Network (DDQN) that
optimizes V2I base-station selection. The hybrid LLM-DDQN
framework achieves 23% higher AD rewards and 18% higher
V2I rewards compared to conventional DDQN baselines.

Lesson Learned. The reviewed studies on LLM as a state
perceiver enhance the capability of reinforcement learning in
state representation for wireless applications such as radio
resource management and network orchestration. In radio
resource management, the work in [46], [66], and [67] show
that LLMs can transform raw and heterogeneous observa-
tions (e.g., traffic statistics, channel conditions, and mobility
patterns) into semantically enriched state representations.
However, misaligned semantic encoding may propagate errors
into the RL policy. Introducing additional calibration mecha-
nisms to mitigate the negative impact of semantic bias on the
policy is a feasible solution [66]. For network orchestration,
LLMs can translate unstructured textual inputs into structured
state representations and utilize chain-of-thought reasoning to
decompose orchestration tasks into structured sub-problems,
enabling near-optimal resource allocation [46], [58], [68].
State perception in wireless environments is sensitive to the
computational overhead and latency of CoT. If LLMs are

TABLE I
SUMMARY OF RELATED SURVEYS

continuously used for perception, it is necessary to consider
lightweight processing of the reasoning process, such as com-
pressing the reasoning chain [75]. In addition, asynchronous
invocation of LLMs can be considered to intermittently update
the state for the RL agent [76].

D. LLM as Reward Designer

The efficacy of an RL agent is fundamentally determined
by the design of its reward function, which is the very signal
to defines its purpose and guides its learning process. Before
the advent of LLMs, the design of reward functions in RL
was often a manual and domain-specific process, requiring
expert knowledge to define appropriate reward signals that
align with the desired objectives and constraints of the task
[9], [10], [45], [79], [80], [81]. However, LLMs have the
potential to revolutionize this process by automating and
generalizing reward function design through their advanced
natural language understanding and reasoning capabilities.

LLM-based reward designs can be broadly categorized into
two main approaches, as shown in Table III: LLMs as an
implicit reward designer, where LLMs evaluate or judge the
quality of agent actions or policies based on their understand-
ing of the task and context; and LLMs as an explicit reward
designer, where LLMs generate structured reward functions
based on high-level task descriptions, system constraints, and
optimization objectives [24].

1) Implicit Reward Designer: For example, the work in
[77] proposes an LLM-based reward mechanism in multi-
agent RL (MARL) for mobile access points organization
using uncrewed aerial vehicles (UAVs). In this work, multiple
agents, which represent UAVs relaying data to ground users
or UAVs themselves, are trained to relocate their positions
to optimize the average data rate of user devices and the
number of connected devices. To achieve this, the authors
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TABLE II
SUMMARY OF LLMS AS STATE PERCEIVERS FOR ENHANCING RL CIRCLES (•) DESCRIBE THE METHODS; CORRECT MARKERS (3) AND CROSS

MARKERS (7) REPRESENT PROS AND CONS RESPECTIVELY

TABLE III
SUMMARY OF LLMS AS REWARD DESIGNERS FOR ENHANCING RL CIRCLES (•) DESCRIBE THE METHODS; CORRECT MARKERS (3) AND CROSS

MARKERS REPRESENT (7) PROS AND CONS RESPECTIVELY

propose a PPO-based MARL method, where the reward
function consists of two components: the communication

reward and the positioning reward. The communication
reward is designed to encourage agents to maximize the
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TABLE IV

SUMMARY OF LLMS AS DECISION MAKERS FOR ENHANCING RL CIRCLES (•) DESCRIBE THE METHODS; CORRECT MARKERS (3) AND CROSS
MARKERS (7) REPRESENT PROS AND CONS RESPECTIVELY

TABLE V

SUMMARY OF LLMS AS GENERATOR FOR ENHANCING RL CIRCLES (•) DESCRIBE THE METHODS; CORRECT MARKERS (3) AND CROSS MARKERS
(7) REPRESENT PROS AND CONS RESPECTIVELY

above-mentioned hyperparameter-weighted optimization
objectives, and the relay intrinsic reward is designed to
encourage agents to optimize the relay nodes that serve as
bottlenecks in subsequent networks. The authors in [77] also
introduce an LLM-guided reward shaping mechanism, where
the LLM does not directly generate a reward function, but
rather generates a reward signal to guide the agent’s search.

Specifically, the LLM receives the number of devices within
meshed grid cells and the problem description, and generates
a target positioning configuration (i.e., the positions where
the agents should be located). A reward is then computed
based on the similarity between the agents’ achieved state
and this target configuration. Combining the communication
reward and the LLM-based positioning reward, the proposed
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method achieves an up to 15% improvement in average data
rate and an up to 20% improvement in number of connected
devices and compared to the baseline method where the LLM
is not used.

A prominent paradigm in this category is Reinforcement
Learning from AI Feedback (RLAIF) [78]. RLAIF automates
the costly process of Reinforcement Learning from Human
Feedback (RLHF) by using a separate, often more power-
ful, LLM to generate preference labels for text-based tasks
such as summarization and dialogue generation instead of
human annotators. A reward model is then trained on this
AI-generated data to provide scalable feedback for policy
optimization.

This approach can achieve performance comparable to
RLHF on tasks such as text summarization and dialogue
generation. For example, RLAIF and RLHF are preferred over
traditional supervised fine-tuning methods with 71% and 73%
of the win rates for summarization, and 63% and 64% for
dialogue generation, respectively. Moreover, RLAIF achieves
a higher harmlessness rate of 88% compared to 76% for RLHF
in dialogue generation tasks, thereby helping to address the
scalability limitations of human annotation.

2) Explicit Reward Designer: In contrast to implicit meth-
ods, an explicit reward designer uses an LLM to generate
an entire, executable reward function, typically as a Python
program. This approach offers significant advantages in terms
of interpretability, as the reward logic is transparent and can
be inspected or debugged by a human. Furthermore, it is
computationally efficient during RL training, as it eliminates
the need for repeated, costly API calls to an LLM.

A foundational framework, Text2Reward [21], is proposed
to automate the generation of dense, shaped reward functions
from a natural language goal and a compact description of the
environment. Specifically, given a natural language instruction
such as “push the chair to the marked position” and a set
of programmable state query functions (e.g., object poses,
robot end-effector position, grasp status), Text2Reward gen-
erates a dense reward that combines sub-rewards for reaching,
grasping, and placing. Analogously, such methodology can be
transferred to wireless network optimization. For instance, an
optimization objective such as “maximize throughput while
keeping latency below 10 ms” can be paired with the channel
state information interface that exposes key network metrics
(e.g., channel quality indicators, transmit power levels, and
packet delay). An LLM can then generate a correspond-
ing dense reward function that includes a positive term for
achieved throughput, a negative term for latency violations
(e.g., a penalty when delay exceeds a threshold), and a
regularization term for energy consumption.

Building on this, the EUREKA framework [22] introduces a
higher level of autonomy by combining LLM code generation
with an evolutionary search algorithm. EUREKA operates in
a loop: it first uses an LLM to generate a population of can-
didate reward functions, often by providing the environment’s
source code as context. These functions are then evaluated by
training RL agents in parallel. Finally, an automated “reward
reflection” step summarizes the training outcomes and feeds
this summary back to the LLM, which then generates an

improved set of reward functions for the next iteration. This
meta-learning approach has successfully designed rewards
for highly complex dexterity tasks, such as simulated pen-
spinning, that were previously intractable with manual reward
engineering, where it outperformed human-designed rewards
in 24 out of 29 tasks.

In the domain of routing in UAV–satellite networks, the
study in [69] leverages an LLM as a reward designer,
which interprets high-level objectives expressed in natural
language (such as maximizing throughput, minimizing end-
to-end migration delay, and penalizing packet loss) and
automatically generates the corresponding reward function.
This design embeds routing optimization objectives directly
into the reward, balancing throughput and latency while penal-
izing packet loss. It reflects an end-to-end transmission view
rather than traditional hop-count minimization, preventing the
agent from taking myopic actions such as routing only to
nearest neighbors at the expense of throughput. Compared
with conventional DRL frameworks where reward functions
are hand-crafted directly based on optimization goals, the
LLM-generated reward function achieves approximately 12%
higher throughput and 26.5% lower latency, and roughly a
threefold improvement in convergence speed.

Lesson Learned. LLM as a reward designer can provide
effective feedback for RL agents during policy training in
wireless applications, which has attracted increasing attention
from researchers. The authors in [77] show that LLMs can
generate high-level spatial guidance as reward signals for
MARL-based UAV deployment, which significantly improves
performance in radio resource management. The study in [69]
shows that LLMs can encode high-level objectives into reward
functions to avoid myopic decisions for RL agents in routing
planning. The work in [21] and [78] provide general insights
into automating reward modeling for RL using LLMs. In
general, using LLMs as reward designers does not require
much consideration of latency, since the reward function of the
RL agent is typically fixed once designed. However, a potential
issue remains how to verify the feasibility of LLM-generated
reward functions due to the randomness and hallucination in
outputs. A feasible solution is provided in [22], which adopts
a paradigm of multi-candidate generation, external evaluation,
and reward reflection. More advanced validation mechanisms
still require further investigation.

E. LLM as Decision-Maker

Benefit from the scaling law [5], LLMs demonstrate strong
understanding capabilities on out-of-distribution (OOD) data,
enabling them to make decisions in complex and rare envi-
ronments [88]. Furthermore, with the emergence of several
key capabilities, including multimodal understanding [89],
task planning [90], and sequential reasoning [61], LLMs are
expected to enhance or even substitute traditional RL as a
better decision-maker [88] rather than as a standalone tools.
In this section, the reviewed methods are categorized into two
main types based on the role of LLMs in decision-making:
1) LLM-based methods that LLM directly generate actions
and 2) LLM-guiding methods that LLM guides the RL agent
to make decisions.
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1) LLM-Based: Early studies have recognized the powerful
reasoning and decision-making capabilities of LLMs, and have
successfully embedded them into various types of network
optimization and resource allocation tasks [68], [82], [83],
[85]. Compared with traditional RL-based methods, these
approaches have achieved significant improvements in key
metrics such as QoS, coverage, and throughput.

Han et al. [82] leverages LLMs to operate a fleet of
High Altitude Platform Stations (HAPS) [91] for dynamic
user coverage in wireless networks. The proposed framework,
called Action Coordination and Multi-Agent (ACMA), utilizes
LLMs to optimize the positions of HAPS airships to provide
a more efficient and reliable service. ACMA decomposes
the complex optimization problem into a series of four sub-
tasks, each handled by a specialized LLM-based agent [92].
The workflow involves a Data Analysis Agent that identifies
high-demand areas, a Target Location Selection Agent that
makes the primary positioning decisions, an Overlap Avoid-
ance Agent that refines these positions to enhance resource
efficiency, and a Special Event Handling Agent. Furthermore,
the ACMA framework supports to plans and adjusts the
stations like an autonomous agent, based on occasional high-
level natural language instructions. This hierarchical approach
allows for more nuanced decision-making, enabling the system
to adapt to dynamic user demands and environmental changes
effectively. ACMA demonstrates a 130% improvement in user
coverage compared to RL-based method and random walk
[93]. Similarly, Emami et al. [83] introduce an In-Context
Learning-based Data Collection Scheduling (ICLDC) scheme
for UAV-assisted sensor networks [94], offering an alternative
to DRL methods in time-sensitive emergency scenarios. In
this framework, the UAV collects real-time network data and
relies on an edge-hosted LLM, which, guided by a dynamic
context of task descriptions and in-context examples, directly
generates scheduling decisions. ICLDC introduces a contin-
uous feedback mechanism: after each scheduling decision,
the outcome is incorporated back into the LLM’s context,
enabling the model to iteratively adapt its decisions based on
recent performance—effectively achieving online adaptation
without weight updates. This approach allows the LLM to
adjust its actions responsively in non-stationary environments,
bridging the gap between static pre-trained models and the
demands of real-time edge intelligence. Compared with tradi-
tional methods that rely solely on channel conditions, ICLDC
achieves a significant reduction (up to 56%) in packet loss.
The study also highlights LLMs’ potential vulnerability to
adversarial prompt manipulation, suggesting that developing
robust defense strategies is an important avenue for future
research.

In addition to scheduling in aerial networks, LLMs have
been explored for decision making in vehicular networks. For
instance, Hu et al. [84] propose AgentsCoMerge, a framework
for ramp merging tasks that leverages LLMs equipped with a
multi-modal encoder. By incorporating visual as well as tex-
tual information, AgentsCoMerge enables the LLM to better
interpret vehicle surroundings, enhancing its ability to make
spatially and contextually informed decisions. The framework
enforces explicit reasoning for decision transparency and

reliability, requiring the LLM to justify high-level meta-
decisions, which are then converted by each agent into
executable trajectories. In cases of failure (e.g., collisions),
the LLM receives feedback and reasoning prompts, iteratively
refining its decisions based on detailed analysis of mistakes. To
better align with domain-specific requirements, AgentsCoM-
erge also employs fine-tuning using LoRA [95], improving the
LLM’s ramp merging expertise with minimal computational
overhead. This approach highlights the potential of LLMs as
adaptive and explainable decision makers in complex, real-
time vehicular network environments.

2) LLM-Guiding: Although these LLM-based methods
demonstrate the potential of LLMs as decision-makers, they
still face several challenges since almost all resource schedule
and allocation are dictatorially determined by LLMs rather
than RL agents. However, the computational-intensive nature
of LLM makes it unable to respond promptly to the fast-
changing wireless channel resource environment, resulting in
its inability to handle most communication resource allocation
tasks with low latency requirements [96]. Furthermore, with
the issue of LLM hallucinations, the reliability of its responses
is gradually being questioned [97], especially when applied
to an OOD scenario [88]. Therefore, several recent studies
have attempted to leverage LLMs to guide the decision-making
process of RL agents, rather than replacing them entirely.

For example, Shokrnezhad and Taleb [68] introduces a
framework called Autonomous Reinforcement Coordination
(ARC) for orchestrating a Space-Air-Ground Integrated Net-
works (SAGIN). ARC decomposes the orchestration task into
two layers: a high-level LLM-based layer and a low-level
RL-based layer. The LLM layer generates high-level strategies
and guidance as the prior information, while the RL layer
executes actions based on these strategies. For instance, the
LLM first generate a user sequence that includes user ID,
service ID and its action profile, then the RL agent will execute
these action selection for each user. This hierarchical approach
allows for more efficient and adaptive resource allocation
in dynamic environments. Besides, ARC employs Chain-of-
Thought (CoT) reasoning [61] through few-shot learning to
reduce the risk of hallucinations to enhance system robustness
and reliability. Specifically, a few reasoning exemplars are
demonstrated in LLM prompts to provide a more detailed
instruction, which includes a chain of thoughts demonstrating
the sequence of users and their corresponding actions selected
for a specific history-objective pair. Compared with Non-
Reinforcement ARC that disables the RL layer and allows the
LLM to directly control the low-level allocations, the proposed
ARC framework demonstrates a significant less fluctuations
brought by LLM hallucinations. Therefore, ARC strikes a
balance between the high-level decision-making capabilities
of LLMs and the low-level execution efficiency of RL agents,
achieving a more robust and reliable orchestration in SAGIN.

Compared to involving LLMs during the inference phase,
Xu et al. [85] attempted to leverage LLMs to optimize the
RL training process in an UAV-enabled multi-hop networking.
The proposed LLM-guided knowledge distillation framework
shares a similar intuition that guides the RL agent to learn
the optimal UAV scheduling strategy based on the high-level
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decision knowledge from LLM. However, the knowledge
transfer process is conducted during the training phase of RL
agents, where a knowledge distillation process is designed
to prepare decisions that align with common sense for RL
agents. Specifically, the LLM acts as a teacher model, rea-
soning out appropriate actions based on a carefully designed
Chain-of-Thought (CoT) process and the current state. These
state-action pairs are collected then used to teach the RL
agent to perform decision. This approach effectively avoids
the issue of the RL agent engaging in a large amount of
inefficient exploration in the early stages of training under
random initialization, while also reducing the risk of the
RL agent prematurely converging to a local optimum. In a
3.5 Km ×3.5Km simulation environment with 18 UAVs and
150 UEs, the proposed framework achieves around an average
of 23% higher UE coverage, 52% higher data rate, and a 19%
higher UAV availability ratio compared to three multi-agent
reinforcement learning (MARL) baselines, GVis [98], GA2C
[99] and MAPPO [100], that without the LLM guidance.

In addition to serving as a teacher model to reason about the
RL agent’s actions [85], an LLM can also act as a soft expert
policy to guide RL training. The authors in [86] integrate
the LLaMA model into the RL pipeline to enhance decision
robustness in autonomous underwater vehicle (AUV) path
planning. Specifically, they design a proximal policy advantage
estimation (PPAE) algorithm, where the LLaMA model is
utilized to generate the action probability distribution based
on environmental inputs. The action probability functions as
the soft expert policy to narrow the exploration space of
RL and guide the actor network training to benefit from the
LLM’s prior knowledge. Thus, the RL agent can optimize
the actor’s policy distribution based on both the guidance
from the LLaMA model and the original reward signals.
Compared with the traditional PPO algorithm, the proposed
PPAE improves episode rewards by approximately 11.1% to
27.3% and achieves shorter path planning, with path lengths
reduced by about 16.7% to 20%.

Apart from leveraging LLMs to generate the action prob-
ability distribution for RL agents, LLMs can also narrow
down the exploration space by producing high-quality action
candidates in complex system optimization. The work in [87]
proposes a lightweight LLM-assisted DQN framework for task
scheduling in multi-cloud environments. In this framework,
the LLM acts as a decision guide, with its core function
being the generation of an action candidate set to enhance
the decision-making efficiency of the RL agent. Specifically,
during the RL training process, the fine-tuned LLM receives
the current system state—including the task queue, available
resources, and optimization objectives—and generates a high-
quality action candidate set (i.e., a group of recommended
schedulable instances). The DQN agent then performs Q-value
evaluation and makes final decisions within this refined, high-
quality candidate set, thereby avoiding inefficient exploration
in the vast original action space. This approach effec-
tively combines the LLM’s capabilities in semantic reasoning
and domain knowledge with DQN’s strengths in numerical
optimization and long-term return trade-offs. Experimental
results demonstrate that the proposed LLM-guided framework

significantly outperforms baseline methods [101] in terms of
cost, makespan, and energy consumption.

In addition, the recent study in [102] has shown that
LLMs also exhibit great potential in solving multi-objective
optimization problems, where their ability to act as plan-
ners can be leveraged to assist RL in policy learning and
action selection. Specifically, the work in [102] formulates
a multi-objective optimization problem (MOP) that jointly
optimizes UAV deployment and transmission power control,
which is decomposed into a series of optimization sub-
problems. To simultaneously work on these sub-problems,
an LLM is integrated as a closed-box search operator and
guided by MOP-specific prompts that consider the objective
functions and constraint satisfaction to generate Pareto-optimal
solutions. Experiments show that convergence speed improves
by approximately 2.7% compared with the baseline reference
vector guided evolutionary algorithm [103].

Lesson Learned. LLM as the decision maker of RL agents
has been more widely explored in wireless networking appli-
cations. For resource management, the works in [82], [83],
[86], [87], and [102] demonstrate that LLMs can directly gen-
erate or guide decisions for tasks including UAV deployment,
data collection scheduling, task allocation, and multi-objective
optimization. For routing-related decision making, the work in
[84] illustrates that LLMs can implicitly capture routing and
interaction dynamics through high-level reasoning rather than
relying on predefined routing protocols. In network orchestra-
tion, the studies in [68] and [85] use LLMs to determine the
high-level orchestration logic, such as user-service sequencing,
action profiles, or scheduling knowledge, while RL agents
perform low-level action optimization under such guidance.
The main limitation of current designs is that replacing RL
agents with LLMs for decision making may incur considerable
latency and computational overhead. Furthermore, decisions
made directly using LLMs require a high degree of accuracy
and effectiveness. Therefore, using LLMs to guide or assist
RL agents in decision making may be a more prudent design
choice. Relevant measures can be taken to prevent LLMs
from encountering out-of-distribution (OOD) states [104] and
hallucinated outputs [105] due to the mismatch between their
pretraining data and dynamic wireless environments. OOD
detection [106] and hallucination detection mechanisms [107]
can be incorporated, but the RL training loop may be imprac-
tical to afford additional latency and computational overhead
from the detection modules. A more practical compromise is to
improve the LLM’s generalization ability to unseen data at the
source. Domain adaptation and fine-tuning on wireless-specific
datasets can significantly reduce the occurrence of OOD states
and hallucinations [108], [109]. In addition, safety-oriented
mechanisms can be incorporated into the decision pipeline.
For example, safe RL techniques can achieve constraint-
aware policy learning to prevent unsafe actions [110], while
human-in-the-loop supervision can serve as a final safeguard
to intercept critical decisions before execution [111].In this
way, the RL agent can leverage the guidance provided by
the LLM while still maintaining its own decision-making
autonomy. In addition, collaborative decision making between
small models (deployed at the edge to handle simple tasks)
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and large models (deployed in the cloud to perform deep
reasoning for complex tasks) can serve as feasible solutions to
reduce the delay and computational burden [18], [112]. Finally,
the latency of LLM inference must be reconciled with the
ultra-low-latency demands of wireless networks, motivating
hybrid designs where LLMs operate offline or asynchronously
while real-time control relies on compact distilled policies.
In the offline mode, knowledge distillation has the potential
to transfer the offline reasoning capability of LLMs (as a
teacher) into compact student policies to reduce the inference
latency in decision making for wireless applications [113]. In
the asynchronous mode, edge-cloud collaborative inference is
a feasible paradigm that enables LLM reasoning to be executed
at cloud servers to provide high-level policy guidance, while
RL agents run at the network edge to perform efficient policy
learning in dynamic wireless environments [114]. Overall,
these considerations highlight the multiple trade-offs of LLM-
enhanced RL for future wireless networks.

F. LLM as Generator

LLMs can serve as generators in various ways, such as
generating synthetic training data, simulating environments,
providing high-level abstractions, or formulating explanation
that facilitate RL learning. In this section, we categorize the
reviewed methods into two main types based on the function
of LLMs: 1) LLM as a world model simulator, where LLMs
simulate the environment dynamics or generate synthetic data;
and 2) LLM as a policy interpreter, where LLMs interpret
high-level policies or provide explanations to guide RL agents.

1) World Model Simulator: The application of RL to real-
world wireless networks is fundamentally constrained by the
practicalities of data collection. Training an RL agent on a live
network is often prohibitively expensive, time-consuming, and
carries significant operational risks [119], [120], such as ser-
vice disruption or instability. Simulation offers a safe, scalable,
and efficient alternative, allowing agents to undergo millions of
training episodes in a controlled virtual environment. However,
the efficacy of a simulation-trained agent is contingent upon
the fidelity and diversity of the simulation. A significant gap
between the simulated environment and real-world dynamics,
often termed the “sim-to-real” gap, can lead to policies that
perform poorly upon deployment.

Existing studies have attempted to adopt machine learning
(ML) models to model and synthesize wireless data [121],
[122], such as Orekondy et al. [121] adopt Generative Adver-
sarial Networks (GANs) [123] to generate channel impulse
response. However, prior ML models often lack a deeper
contextual understanding, which can result in unrealistic or
overly simplistic simulations that fail to capture the complex-
ities of real-world wireless environments. In contrast, LLMs
can utilize their extensive world knowledge to implicitly infer
causal relationships between prompt concepts and expected
data characteristics, thereby generating data from high-level
semantic prompts. For example, Dharmalingam et al. [47]
propose a distributed system engineered to improve the secu-
rity and operational efficacy of UAV during mission-critical
operations. This system adopts a team of diverse, smaller

LLMs, each fine-tuned for a specific generative task, including
real-time data inference, anomaly detection, and activities
forecasting. Moreover, these “special-skilled” LLMs employ a
combination of Supervised Fine-Tuning (SFT) [124] and Rein-
forcement Learning from Human Feedback (RLHF) [125].
This hybrid approach ensures that the LLMs are well-adapted
to the specific data and operational context of UAV missions.
The generated data can be used to train task-specific RL
agents, enabling them to learn effective policies in a simulated
environment that closely mirrors real-world dynamics.

Mohsin et al. [115] develop a wireless environment percep-
tion framework that translate raw, multi-modal sensor data into
a structured, human-readable, and machine-actionable textual
description. This perception is positioned as an essential input
for higher-level RL tasks, such as global optimization, resource
allocation, and intelligent handover decisions, which require
a comprehensive understanding of the operational context.
A Retrieval-Augmented Generation (RAG) architecture [126]
is employed in this system, which ingests a diverse set of
synchronized data streams from sensors commonly found in
autonomous vehicle or smart city environments, including
high-resolution cameras, GPS units, and LiDAR scanners.
By processing and fusing this information, the LLM aims to
generate a detailed narrative of the environment, identifying
objects, their spatial relationships, and potential impacts on
wireless signal propagation. Compared to a “Vanilla LLM”
baseline that without the RAG-retrieved context, the proposed
framework demonstrates an 8% improvement in relevancy, an
8% improvement in faithfulness (adherence to source facts),
and a 12% improvement in overall accuracy.

Beyond applying LLMs for generating or integrating wire-
less channel data, emerging research has begun exploring
the potential of leveraging LLMs for wireless key generation
[116], which is essential for establishing secure communica-
tion links in Next-Gen Internet of Vehicles (IoV) systems
[127]. Currently key generation methods typically require
excessive and repeated channel probing, leading to significant
overhead and latency [128]. LLMKey is designed to address
this challenge by skipping channel probing and leveraging the
LLM’s few-shot ability to generate values for skipped channel
probing. The experimental results demonstrate that even with
a probing ratio as low as 0.5, the system still attains an average
key agreement rate of 0.978. However, the LLM-driven key
generation process is still limited by the high computational
overhead and latency of LLMs, which may not be suitable
for real-time applications. Therefore, adopting knowledage
distillation techniques [129] to transfer the LLM’s knowledge
to a lightweight RL agent is a more promising solution to
address this issue.

However, existing methods are still limited by the LLM’s
inherent capabilities, which may not be sufficient to fully
understand the complex and dynamic nature of wireless envi-
ronments. Therefore, Shao et al [117] release WirelessLLM,
a comprehensive framework to further enhance the domain-
specific knowledge and expertise of LLMs in wireless systems
by incorporated several advanced techniques. WirelessLLM
first involves carefully crafting CoT prompts and few-shot
task demonstrations to guide the LLM’s reasoning process.
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Then, WirelessLLM allows LLMs to leverage external soft-
ware tools, such as MATLAB or Python functions to perform
complex calculations or simulations that are beyond the LLM’s
inherent capabilities. The generative capabilities of LLMs
present a novel opportunity to create richer, more realistic, and
more strategically complex simulations, thereby narrowing this
gap and enhancing the robustness of RL agents.

2) Policy Interpreter: Despite the performance benefits of
RL, its adoption in critical infrastructure like wireless networks
is hindered by a significant trust deficit. RL agents often
operate as “closed-boxes”, with their decision-making rooted
in complex, high-dimensional neural networks that are opaque
to human operators [130]. This lack of transparency is a major
barrier to deployment, as network engineers and operators
are justifiably reluctant to cede control of mission-critical
systems to AI whose reasoning cannot be understood, ver-
ified, debugged, or trusted [131]. Explainable Reinforcement
Learning (XRL) has been introduced to address this challenge,
and LLMs, with their innate mastery of human language,
can be used for generating policy explanations [132]. For
instance, Lin et al. [133] construct a decision tree based on the
policy, and then use LLMs to derive explanation based on the
decision tree. Das et al. [134] introduce State2Explanation,
a framework that leverages a specific model to generate
concept-based explanations based on the state-action pairs.
Although several methods have been proposed to enhance
the interpretability of RL policies, only limited research has
deployed this paradigm in the scenario of wireless networks.
A canonical example is presented by Ali et al. in their
work on DRL-based anti-jamming strategies for Zero Touch
Networks [118]. In their framework, a DRL agent learns a
policy to switch communication channels to evade a jam-
mer. To make the agent’s decisions transparent, the system
feeds the state (the vector of received jamming power across
channels), the agent’s chosen action (the selected channel),
and the resulting reward to an LLM. The LLM is then
prompted to generate a textual explanation for that specific
decision.

Lesson Learned. From the perspective of wireless network-
ing applications, the reviewed studies on LLM as a generator
provide a complementary paradigm that enhances RL by
enriching the environment, data samples, and interpretabil-
ity for decision making. In radio resource management and
handover-related tasks, the work in [115] demonstrates that
LLMs can transform heterogeneous sensory inputs into struc-
tured descriptions of signal propagation conditions, thereby
enabling RL agents to make more context-aware decisions
in resource allocation and handover. For network orchestra-
tion, the study in [118] shows that LLMs can act as policy
interpreters to translate RL actions into human-understandable
explanations, thereby improving the transparency of orches-
tration decisions. More broadly, the work in [47] and [117]
indicate that LLMs can construct richer simulation environ-
ments, which is essential for reducing the sim-to-real gap
in RL training. Future research should further recognize the
limitations in accurately modeling highly dynamic wireless
environments, so that LLMs as generators can ensure precise
physical-layer fidelity.

G. Lesson Learned Case Study Organization

The above studies indicate that the integration of LLMs
into RL establishes a unified paradigm that enhances wireless
network optimization by injecting semantic understanding,
structured reasoning, and knowledge-guided decision sup-
port into the learning process. Through their roles as state
perceiver, reward designer, decision-maker, and generator,
LLMs improve different stages of the RL pipeline, lead-
ing to more efficient learning, better generalization, and
enhanced adaptability. Each role contributes to performance
improvement from a distinct perspective, such as improved
state representation, more effective reward shaping, or guided
decision-making.

Following this observation, this tutorial adopts a role-driven
perspective to demonstrate how LLMs enhance RL perfor-
mance under different functional roles across representative
wireless scenarios. Each case study illustrates how incorpo-
rating LLMs into a specific component of the RL pipeline
leads to measurable performance gains, thereby highlighting
the functional advantages of each role and how they can jointly
form a coherent and complete LLM-enhanced RL framework.
Specifically:
• Section IV demonstrates how LLMs act as state per-

ceivers in vehicular networks, improving state abstraction
and enabling more efficient policy learning under dynamic
and heterogeneous observations.

• Section V shows how LLMs function as reward designers
and generators in low-altitude economy networking, lead-
ing to more structured and adaptive reward formulations
for complex optimization objectives.

• Section VI illustrates how LLMs serve as decision-makers
in space–air–ground integrated networks, providing high-
level guidance to improve decision efficiency in large-
scale systems.

IV. LLM AS STATE PERCEIVER FOR RL IN
VEHICULAR NETWORKS

A. Background and Motivation

With the advent of the 6G era, the Internet of Vehicles (IoV)
is expected to deliver orders-of-magnitude increases in traffic
and connectivity, enabling real-time navigation, perception,
and autonomous decision-making at scale [135]. Vehicular
networks sit at the core of this vision by linking vehicles
and roadside infrastructure, where the proliferation of onboard
and roadside sensors creates a continuous stream of mul-
timodal data that must be processed and exchanged under
tight latency and bandwidth budgets [96]. DRL can serve
the latter by learning policies that continuously reconfigure
channel usage, power, and scheduling from feedback [26].
Although traditional DRL is effective for object detection and
path planning in static settings, it struggles to sustain accuracy
and responsiveness when exposed to fast topology changes,
heterogeneous scenes, and concurrent tasks [48]. Thus, it is
crucial to develop a scheme that can turn rich sensor feeds
into compact and decision-useful states while adapting online
to non-stationary wireless conditions.
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LLMs can serve the former by extracting salient semantics
from images and videos and converting them into structured,
text-level representations that are cheaper to transmit and
easier to fuse [89], [136]. In this case, LLMs can serve
as state perceivers for vehicular networks. Specifically, the
LLM operates as a multimodal front end that distills raw
sensor streams into compact semantic descriptors for RL state
representation. Coupled with DRL, which optimizes actions
from these enriched states, this integration links high-level
semantic understanding with low-level control, improving
sample efficiency, convergence behavior, and end-to-end QoE
in dynamic vehicular environments.

B. Case Study: LLM as a State Perceiver for DRL in Quality
of Experience (QoE) Maximization

1) System Description: We consider a cellular-based vehic-
ular network deployed in an urban area, where a base station
(BS) serves a fleet of embodied-AI vehicles. Association
follows the strongest RSSI at the BS [137]. Communication
occurs over two link types: V2I links carry high-priority
or aggregated reports to the BS, while V2V links enable
nearby vehicles to exchange information locally, relieving
backhaul load and latency [135]. Each vehicle runs an onboard
multimodal front end powered by an LLM to turn camera
feeds into structured semantic messages (e.g., objects, counts,
relations, and traffic cues). To ensure practical deployment,
the LLM inference is performed locally on vehicle hardware
or via lightweight models, avoiding frequent remote API calls
and reducing communication latency and cost. These messages
are compacted by a semantic encoder and then prepared by a
channel encoder for over-the-air delivery. Because V2V links
may reuse V2I subbands, cochannel interference arises and
the effective SINR on each link becomes time-varying. At the
receiver, channel and semantic decoders reconstruct the mes-
sage and its meaning. Reconstruction quality is tracked using
cosine similarity between BERT embeddings, complemented
by mutual information to gauge how well semantics survive
the wireless hop [138].

The system objective is to maximize a QoE metric inspired
by the Weber–Fechner law, jointly reflecting semantic fidelity
and resource usage [139]. Specifically, the QoE of vehicle i is
defined as

Qi = α log
�
1 + ξi

�
− βCi, (6)

where ξi denotes the semantic reconstruction fidelity mea-
sured by the cosine similarity between the transmitted
and reconstructed sentence embeddings, and Ci represents
the communication cost associated with resource usage
(e.g., transmit power and semantic symbol length). The param-
eters α and β control the relative importance of semantic
fidelity and resource consumption. Operational constraints
include binary V2V–V2I sharing choices, one-to-one subband
assignments, admissible symbol lengths, SINR thresholds for
reliable reception, and power bounds for each transmitter.
These constraints determine the feasible communication con-
figurations and directly influence both the achievable semantic
fidelity ξi (as determined by the resulting SINR and symbol
allocation) and the associated resource cost Ci (as determined

by transmit power and communication overhead). Vehicles act
as embodied AI agents that tune communication decisions
online. A DRL controller adapts channel reuse, transmit power,
and the number of semantic symbols carried per report. The
result is a closed-loop stack where LLM-based perception
supplies compact, task-aware state to the RL controller, which
in turn steers spectrum and payload to sustain high QoE under
mobility and interference.

2) Workflow of LLM as State Perceiver for DRL: To tighten
the perception–decision loop in vehicular networks, we adopt
a vision–language model (LLAVA) [140] that distills raw
images into compact, task-aware semantics that feed the DRL
controller. The workflow proceeds as follows.

Step 1: Capture and pre-process multimodal observa-
tions. Each embodied-AI vehicle collects camera frames Ii

together with basic link/context metadata. Images are normal-
ized and fed to the vision front end so that only the information
useful for downstream communication and driving decisions
is retained.

Step 2: Visual feature extraction with CLIP-style
encoder. LLAVA employs a contrastive language–image pre-
training visual encoder g(·) to obtain compact features Zi =

g(Ii), which summarize salient scene entities (i.e., vehicles,
pedestrians, lanes, and signals) and their coarse relations.

Step 3: Visual–language alignment for semantic gen-
eration. The visual features extracted by the encoder are
subsequently aligned with the linguistic embedding space
through a trainable linear projection, expressed as Ei = WZi.
This mapping establishes a shared representation domain that
bridges visual and textual modalities. Building on this align-
ment, the LLAVA model generates the corresponding semantic
representation Mi = LLAVA(Ii; θi), where θi denotes the
model parameters. The resulting Mi encapsulates high-level
contextual descriptions of the observed scene (such as object
identities, spatial relations, and environmental attributes) that
serve as compact, information-rich inputs for downstream
transmission and decision-making processes.

Step 4: Scenario adaptation via lightweight fine-tuning.
To adapt the pretrained LLAVA model to the specific char-
acteristics of real-world driving environments, the model is
fine-tuned on vehicular data to minimize semantic mismatch
between ground-truth semantics and predictions. This step
improves robustness to urban lighting, occlusions, and view-
point changes while keeping the front end computationally
tractable on vehicle/edge platforms.

Step 5: Sentence-level encoding and quality tracking. For
stable ingestion by the RL agent, Mi is encoded by a BERT
model B(·) into a sentence-level vector. Reconstruction fidelity
along the semantic communication pipeline is monitored by
cosine similarity, which later participates in QoE calculation
and thus links perception quality to control objectives.

Step 6: State assembly for the DRL backbone. The
RL state aggregates (i) semantic descriptors from B(Mi)
(e.g., counts, occupancy relations, and traffic cues) and (ii)
communication-side observables, such as subband reuse indi-
cators and interference/SINR statistics. As a result, two
components constitute a compact and task-relevant represen-
tation that replaces pixel-heavy inputs and exposes high-level
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Fig. 6. Illustration of the LLM as state perceiver in an embodied-AI vehicle. LLAVA processes onboard camera images to identify semantic details, such as
the empty parking space between the red and yellow cars. The relevancy heatmaps demonstrate accurate cross-modal grounding between visual regions and
textual tokens, confirming the model’s ability to extract and interpret environment-aware semantic information.

structure to the agent. In addition, these two components
operate on different time scales. The semantic descriptors
B(Mi) derived from the LLM-based perception vary rela-
tively slowly, typically when the driving scene undergoes a
significant change. Therefore, the LLM module updates the
semantic description only at a low frequency. In contrast, the
communication-side observables evolve frequently and are fed
directly to the RL agent at each time slot. Meanwhile, it
avoids requiring LLM inference latency to be smaller than
the channel coherence time, since time-critical decisions rely
on rapidly updated communication states rather than frequent
LLM invocation. Furthermore, the low-frequency invocation of
LLM inference significantly reduces computational overhead.

Step 7: DRL-driven communication control. Given the
LLM-enhanced state, a PPO agent with generalized advantage
estimation selects actions over channel reuse, transmit power,
and the number of semantic symbols per report. Decisions are
evaluated by a QoE objective inspired by the Weber–Fechner
law, balancing semantic fidelity and resource usage under
mobility and cochannel interference.

Step 8: Closed-loop update and continual refine-
ment. Rewards derived from QoE and constraint satisfaction
(e.g., SINR and similarity thresholds) drive policy updates.
In parallel, monitoring signals (e.g., drops in ξ under specific
scenes) can trigger periodic fine-tuning of LLAVA on recent
samples, keeping the perceiver aligned with operation condi-
tions and sustaining end-to-end convergence and stability.

Overall, the computational complexity of the proposed
scheme is influenced by the LLAVA-based perception module
and the DRL controller. The LLAVA module relies on a
Transformer-based architecture to process multimodal inputs,
where the dominant cost arises from self-attention operations
over visual tokens and textual embeddings. Thus, its com-
putational overhead increases with the input resolution and
the length of semantic representations. The DRL controller is
implemented using lightweight neural networks. Its complex-
ity scales with the size of the state and action spaces. In our
design, the LLAVA-based semantic perception is updated only
when significant scene changes occur, and the DRL controller
operates at every time slot for real-time decision making. Thus,
the main complexity is governed by the DRL module, which

Fig. 7. Input–output text relevancy analysis of LLAVA in semantic perception.
The bar charts illustrate the relevancy scores between input tokens and output
tokens when LLAVA describes the parking scenario. Tokens such as spaces,
occupied, and cars exhibit the highest contribution to generating the output
tokens “four”, “three”, and “one”, respectively.

can satisfy the latency and resource constraints of real-world
vehicular networks.

3) Numerical Results: As shown in Fig. 7, LLAVA effec-
tively identifies critical contextual cues such as the number
of available parking spaces, their occupancy status, and the
spatial relationship between vehicles. In this scenario, the
system correctly infers that four parking spaces are present,
three are occupied, and one remains vacant. Compared to
transmitting the original image (approximately 614 KB), con-
veying the extracted textual description (around 12.1 KB)
reduces the transmission bandwidth by nearly 98%, demon-
strating the advantage of semantic-level communication in
bandwidth-constrained vehicular networks.

As shown in Fig. 8, we consider three baseline schemes,
including (i) a pure RL method based on PPO without LLM
assistance, (ii) a DDPG-based RL method, and (iii) a random
policy. The proposed scheme is based on PPO with LLM
enhancement, which consistently achieves the highest QoE
across all network scales. For all schemes, we adopt standard
and identical hyperparameter settings without task-specific
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Fig. 8. Achievable QoE versus the number of LLM agents.

fine-tuning to ensure a fair comparison. The system exhibits
a 36% QoE improvement over DDPG at eight vehicles and
maintains steady scalability with 61.4%, 31.9%, and 25.2%
incremental gains when the number of vehicles increases
from 4 to 8, 8 to 12, and 12 to 16, respectively. These
results highlight that the LLM-enhanced state representation
contributes directly to the observed performance improvement,
supporting faster learning and higher-quality decision making
in large-scale vehicular networks.

Lesson Learned. Integrating LLM-enhanced RL into
vehicular networks demonstrates that semantic understand-
ing can fundamentally reshape communication and control
in bandwidth-limited environments. By extracting and trans-
mitting high-level scene semantics rather than raw sen-
sory data, LLMs reduce communication overhead while
preserving decision-critical information. This integration
also illustrates the promise of hierarchical cooperation in
LLM-enhanced RL for vehicular networks: LLMs provide
semantic abstraction and intent reasoning, while RL agents
formulate fine-grained decision optimization. Future work
should prioritize lightweight multimodal compression, seman-
tic calibration, and reliability assessment to ensure that
LLM-enhanced RL can achieve scalable, robust, and trustwor-
thy vehicular intelligence.

V. LLM AS REWARD DESIGNER AND GENERATOR FOR RL
IN LOW-ALTITUDE ECONOMY NETWORKING

A. Background and Motivation

Low-altitude economy networking (LAENet) integrates
communication and computation infrastructure to support the
operation of manned and uncrewed aerial vehicles (UAVs)
within airspace below 1,000 meters [141]. The primary vision
of LAENet is to unlock economy and societal value through
the flexible deployment of aerial platforms across various ver-
ticals, including intelligent transportation systems, emergency
services, and ubiquitous wireless coverage [142]. Despite these
advantages, the LAENet faces several complex challenges.
First, the need for real-time decision-making in UAV control
and multi-agent coordination requires high responsiveness
under dynamic conditions [143]. Second, the wireless envi-
ronment is subject to rapid changes due to user mobility and

fluctuating channel conditions, making it difficult to maintain
consistent connectivity [144]. In addition, the LAENet often
operates under constraints related to energy, bandwidth, and
computational power for resource-limited UAVs and edge
devices [145].

To tackle these complex challenges, many existing studies
have shown that RL offers a promising approach for LAENet,
enabling autonomous, model-free, and adaptive control. By
interacting with dynamic environments, RL can learn robust
and time-sensitive decision policies to efficiently manage
limited energy, bandwidth, and computational resources [10],
[141]. Nevertheless, the reward function design of classical RL
relies on manual specification, where some poorly designed
signals can lead to inefficient behaviors and misguide learning
for RL agent [141], [146]. LLMs possess strong capabilities
in semantic understanding and domain knowledge integration,
enabling them to design reward functions for RL agents in
LAENet optimization. Meanwhile, LLMs can also be used to
generate samples aligned with the LAENet scenario to pre-
evaluate the quality of the reward design, thereby avoiding
the application of suboptimal designs in RL. In the next part,
we provide a case study to demonstrate how to use LLMs as
both reward designers and generators for LAENet.

B. Case Study: Enhancing DRL for Energy Optimization in
LAENet Through LLM as Reward Designer and Generator

1) System Description: The case study focuses on the
LAENet scenario that consists of multiple IoT devices and
a macro base station (MBS) for uplink communication. As
illustrated in Fig. 9, a UAV serves as a mobile agent tasked
with collecting data from distributed Internet of Things (IoT)
terminals. These terminals include environmental sensors,
health monitors, and surveillance cameras, all deployed across
a target area requiring efficient aerial coverage. The UAV’s role
is to gather sensory data and relay it back to the MBS, while
operating under constraints such as limited onboard energy
and time-sensitive service requirements. The UAV energy
consumption is modeled by jointly considering propulsion
energy induced by trajectory movements and hovering, as
well as communication-related energy for data collection and
transmission. The DRL agent governs the UAV’s behavior
via a policy controller. At each decision time step, the UAV
observes the system state (such as terminal locations, data
freshness, and energy levels), selects an action accordingly
(e.g., trajectory updates and hovering decisions), and receives
feedback of reward from the environment. In the following,
we propose utilizing the LLM to design a reward function
to enhance the environment feedback for RL to address the
energy consumption optimization problem.

2) Workflow of Using an LLM as a Reward Designer
and Generator for DRL: The design of reward functions is
a critical factor in determining the convergence speed and
performance of DRL agents. To enhance flexibility and con-
textual alignment, we adopt an LLM-enhanced reward design
workflow for energy optimization in LAENet. The workflow
comprises several key steps as follows:

Step 1: Constructing Effective Prompts for the LLM. To
enable the LLM to function as a reliable reward designer, the

Authorized licensed use limited to: University of Waterloo. Downloaded on August 20,2026 at 19:37:08 UTC from IEEE Xplore.  Restrictions apply. 



CAI et al.: TUTORIAL ON LARGE LANGUAGE MODEL-ENHANCED RL FOR WIRELESS NETWORKS 6685

Fig. 9. LLM-assisted reward design framework for DRL in the LAENet. The
framework guides LLMs to generate executable reward functions via prompt
engineering. Validated outputs are used to train a DRL agent for UAV energy
optimization in low-altitude IoT networks. The prompt templates and example
generated code are available at: https://github.com/ResearcherSG/Tutorial-
on-Large-Language-Model-Enhanced-Reinforcement-Learning-for- Wireless-
Networks.

user needs to formulate a structured prompt, which comprises
two essential components:

• Role Definition: The LLM is explicitly instructed to act
as a reward function generator for the RL agent, including
understanding the LAENet environment, reasoning based
on system observations, and producing executable Python
code. Constraints are included to prevent hallucination
and to maintain consistency, such as the LLM is instructed
to invent features and to output a valid JSON response
containing the reward logic.

• Task Description: The prompt defines the UAV’s oper-
ating scenario in LAENet, including energy constraints,
trajectory objectives, and environmental layout. The
description offers specific guidance on optimization goals
(e.g., minimizing propulsion energy while maintaining
coverage), allowing the LLM to identify and priori-
tize meaningful reward factors accordingly. Standardized

input and output formats are included to guide structured
generation.

Step 2: Generating Candidate Reward Functions via
LLM. The LLM is invoked in an offline manner during the
reward design stage, rather than being embedded into the
online RL training loop. Therefore, LLM inference can be
performed on servers prior to UAV deployment, avoiding any
additional latency during real-time UAV operation. This design
eliminates the need for frequent API calls, and the cost of
calling the API is negligible even in offline designs. Once
the prompt is issued, the LLM generates candidate reward
functions by combining its logical reasoning abilities with
code generation capabilities. Each output includes both a
textual explanation and an executable function (e.g., Python
code). Due to the stochastic nature of LLM outputs, responses
may vary even under similar prompts. Thus, it is necessary to
validate the generated reward functions before integrating them
into the DRL. Additionally, structured evaluation is essential
since LLMs may occasionally produce syntactically correct
but semantically invalid outputs.

Step 3: Evaluating LLM Responses for Validity and
Consistency. Rather than relying on a single output, the
proposed scheme prompts the LLM multiple times to generate
a diverse set of candidate reward functions. Then, these
functions are evaluated against a set of predefined constraints:

• The function must return a scalar value for each
state–action pair. If a hallucination occurs and the
LLM outputs a list or dictionary (e.g., return
[energy_consumption, position_score]),
the training process will fail since DRL algorithms
require a scalar reward at each step.

• The reward logic must align with task goals (e.g., energy
reduction). For example, the LLM may produce a reward
function that unintentionally encourages undesirable
behavior, such as reward = −energy consumption +
w∗(distance to centroid). Although minimizing energy
consumption is the objective, this formulation may incen-
tivize the UAV to move away from the centroid to
maximize the positive term, thereby contradicting the
original optimization goal. Such hallucinated logic needs
to be filtered out.

• The code conforms to a standardised format (e.g., JSON-
parsable function template). If the LLM output references
undefined variables that are not present in the state space
(e.g., battery level), or produces structures that cannot be
serialized into JSON, the output will not pass validation.

Only candidate functions that pass all checks are retained
for training the RL agent.

Step 4: Using the LLM as a Generator to Evaluate
Reward Design. The LLM constructs a semantic proxy of
the LAENet environment by generating synthetic samples
(i.e., state s, action a and reward R(·)) that approximate
realistic state–action–reward relationships. This process allows
a-priori evaluation of the reward functions without deploying
an actual policy or running RL episodes, effectively reduc-
ing the sampling cost and avoiding unnecessary environment
interactions. For each candidate reward function R(·), we
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numerically compute the Lipschitz constant L over the state
space S as

L = sup
s1,s2∈S,s1,s2

‖R(s1) − R(s2)‖2
‖s1 − s2‖2

. (7)

A smaller Lipschitz constant implies that the reward landscape
varies more smoothly with respect to action perturbations
[147], leading to better training stability and faster conver-
gence of the DRL agent. To enable iterative refinement for
the reward design, the evaluation results are fed back to the
LLM as additional prompt inputs in subsequent rounds. Specif-
ically, the updated prompt includes: (i) the estimated Lipschitz
constant L as a quantitative indicator of reward smoothness,
(ii) diagnostic feedback on problematic behaviors (e.g., which
state dimensions contribute most to the Lipschitz constant),
and (iii) suggestions for refinement such as reweighting terms
or removing redundant components. This feedback allows
the LLM to revise the reward structure in a guided manner,
rather than regenerating functions from scratch. Following
this principle, the LLM-generated reward functions are ranked
according to their estimated Lipschitz constants, and the one
with the lowest L is selected as the final reward design for
integration into the RL training process. Since this evaluation
is conducted offline, the computational energy cost of LLM
inference is incurred only once during the design phase and
does not affect the runtime energy efficiency of the UAV.

Step 5: Integrating Expanded Reward Factors for
UAV Energy Optimization. One of the advantages of LLM-
designed reward functions is the ability to integrate additional
reward components beyond conventional formulations. In
the implementation, the manually defined reward is usually
designed in the form of reward = w × energy × Penalty
[148]. After using the LLM to design the reward function,
a richer reward structure can be inferred and generated by
reward =

�
w1 × energy + w2 × position score

�
× Penalty,

where position score reflects how close the UAV is to the
centroid of the IoT terminal distribution. This term encour-
ages the UAV to maintain a central position, reducing both
travel distance and hovering time. Such enhancements lead to
more effective energy use by combining path planning and
transmission efficiency via comprehensive and unified reward
signals. Once the LLM-designed reward function is finalized
in the offline design stage,7 it is integrated into the UAV’s
DRL training process.

3) Numerical Results: Fig. 10 presents the training perfor-
mance of two representative DRL algorithms (i.e., DDPG and
TD3) under manually designed rewards and LLM-generated
rewards. To ensure a fair comparison, all configurations
(including training settings and hyperparameters) are kept
consistent for the same type of RL algorithm (i.e., DDPG
or TD3) across different reward schemes. For example, the
baseline “DDPG, Manual Reward” and the proposed scheme
“DDPG, LLM-Designed Reward” are identical except for the
reward function. The evaluation metric is the total energy

7The LLM is only used prior to DRL training; therefore, its computational
complexity is not considered. Moreover, the DRL component adopts standard
DDPG and TD3 algorithms and its computational complexity is omitted for
brevity.

Fig. 10. Energy consumption across training episodes using manual and LLM-
designed reward functions in the LAENet. The results compare DDPG and
TD3 algorithms under two reward settings. LLM-designed reward functions
lead to lower and more stable energy consumption.

consumption of the UAV across training episodes. From the
results, it is evident that incorporating LLM-designed reward
functions leads to improvements in energy efficiency across
two algorithms. The TD3 agent equipped with the LLM-
derived reward achieves the lowest final energy consumption,
showing a reduction of up to 6.8% compared to its manually
designed counterpart. The performance gain stems from the
LLM’s ability to generate reward structures that better reflect
the optimization objectives of LAENet. By reasoning over
UAV dynamics, positional relevance, and energy constraints,
the LLM formulates reward signals that implicitly guide the
agent toward shorter flight paths, reduced hovering time, and
more efficient communication scheduling. Thus, the simulation
results demonstrate the effectiveness of LLM-assisted reward
design in enhancing the decision-making capabilities of DRL
agents for the LAENet.

Lesson Learned. The case study demonstrates that serving
LLMs as the reward designer and generator can improve
the efficiency and stability of UAV energy optimization.
The effectiveness of this approach depends on ground-
ing LLM reasoning in domain knowledge of low-altitude
communication and mobility, ensuring that the generated
reward function aligns learning objectives with mission-level
constraints. Meanwhile, the LLM synthesizes state–reward
samples to further accelerate and ensure the stability and
feasibility of reward design. Future research can leverage
LLMs’ abilities to interpret heterogeneous data streams and
reason over sequential context, allowing RL agents to translate
multimodal data (such as raw imagery, sensory data, and
mission updates) into comprehensive state representations for
RL. Moreover, step-by-step reasoning mechanisms such as
CoT prompting can be further explored to infer mission intent,
operational constraints, and decision making for optimization
in the LAENet.

VI. LLM AS DECISION-MAKER FOR RL IN
SPACE-AIR-GROUND INTEGRATED NETWORK

A. Background and Motivation

Space–air–ground integrated network (SAGIN) is a next-
generation architecture that couples spaceborne, airborne, and
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terrestrial segments into a unified system for wide-area con-
nectivity [19], [149]. In this paradigm, low Earth orbit (LEO)
constellations furnish global coverage and low-latency back-
haul, high-altitude platforms (HAPs) at stratospheric altitudes
operate as quasi-stationary relays and traffic aggregators, while
ground infrastructures provide access and edge computation
[91]. A hybrid free-space optical (FSO)/radio frequency (RF)
stack naturally aligns with this multi-tier design, where FSO
links are suitable for satellite-to-HAP segments due to high
bandwidth and license-free spectrum at high altitudes, whereas
RF links offer robust HAP-to-ground access under cloud,
fog, and precipitation [19], [150]. Despite these advantages,
SAGIN presents tightly coupled design challenges. First, the
fast orbital motion of LEO satellites continuously reshapes
the topology, making handover planning and inter-segment
continuity a critical issue. Second, heterogeneous FSO and RF
links introduce cross-tier dependencies in resource allocation.
Decisions on the satellite–HAP segment affect the feasible
operating region of the HAP–ground segment. Third, although
HAPs are quasi-stationary, slow drifts caused by changing
environmental conditions perturb link geometry and channel
statistics. These effects lead to non-convex objectives, time-
coupled constraints, and a large combinatorial action space,
where handover, user selection, and subcarrier/power schedul-
ing must be coordinated across tiers [29].

To cope with these dynamics, many studies leverage RL
as a model-free controller that adapts online to mobility and
channel fluctuations [9], [42], [45]. Nevertheless, classical
RL still faces practical limitations in SAGIN such as limited
generalization to unseen traffic/topology regimes and brittle
performance under non-stationary channels when training with
fixed hyperparameters [151], [152]. These issues are amplified
by the hybrid FSO/RF coupling and the visibility-constrained
satellite selection space. Recent advances in LLMs provide a
transformative opportunity to enhance DRL in SAGIN. An
LLM can function as a decision guider that oversees and
guides the learning dynamics of the DRL agent [59], [74].
Leveraging reasoning and contextual understanding capabili-
ties, the LLM can interpret training feedback such as reward
trajectories, convergence patterns, and exploration progress
to infer how the learning process should adapt over time.
This integration paradigm enables DRL to combine low-level
environmental interaction with high-level adaptive oversight.
Building on this perspective, the following subsection presents
representative case studies of LLM as decision-maker for
SAGIN.

B. Case Study: LLM as a Decision Guider for DRL in
Downlink Throughput Maximization

1) System Description: As shown in Fig. 11, the considered
system consists of a three-tier space–air–ground downlink
architecture, where a constellation of LEO satellites provides
high-capacity backhaul to a HAP hovering in the stratosphere,
which in turn distributes data to multiple ground user clusters.
The system adopts a hybrid FSO and RF communication
framework: the satellite–to–HAP link uses FSO for its large
bandwidth and interference-free propagation above the clouds,

Fig. 11. Framework of the proposed LLM-guided TQC for hybrid satellite
downlink optimization. The LLM module serves as a meta-controller that
analyzes learning behavior and adaptively tunes hyperparameters to stabilize
and accelerate training.

while the HAP–to–ground segment employs RF transmis-
sion to maintain reliable connections under variable weather
conditions. Within each time slot, the network dynamically
selects one visible LEO satellite to establish the FSO backhaul
and simultaneously allocates limited RF subcarriers among
ground clusters according to real-time channel quality. The
optimization goal is to achieve joint coordination between
satellite handover and network resource allocation, i.e., to
maximize the overall downlink throughput from space to
ground while minimizing frequent satellite handovers that can
cause service interruptions and control overhead.

2) Workflow of Using LLM as a Decision Guider for DRL:
To make RL robust under the non-stationary and hybrid
FSO/RF conditions of a space–air–ground system, we employ
the LLM above as the guider for the RL agent in policy
learning. It periodically inspects training information and
decides how the guider should learn next. The workflow is
organized into the following steps.

Step 1: Define the LLM’s role, guardrails and training
information. Configure the LLM to act as a decision guider
over the DRL backbone (TQC).8 Its scope is restricted to
learning dynamics (such as stability, progress, exploration),
not task actions. We whitelist adjustable hyperparameters
(e.g., learning rate, entropy/temperature α, truncation level k

8TQC [153] is an advanced variant of SAC based on distributional RL.
Instead of estimating the expected Q-value, TQC models the full return
distribution using multiple quantile critics and mitigates overestimation bias
by truncating the highest quantiles during value updates, thereby achieving
more stable and reliable policy learning in high-variance environments.

Authorized licensed use limited to: University of Waterloo. Downloaded on August 20,2026 at 19:37:08 UTC from IEEE Xplore.  Restrictions apply. 



6688 IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL. 28, 2026

in TQC, batch size, target-network update rate, exploration
decay) and set intervention cadence and safety constraints
(i.e., min/max ranges, maximum step sizes). On a fixed
schedule, the training loop assembles a structured informa-
tion package including recent reward trajectory, actor/critic
loss traces, entropy/exploration statistics, and a normalized
training-progress indicator. The LLM is not invoked at every
training step, but only at predefined intervals, which avoids
introducing additional latency into the real-time decision loop.

Step 2: Prune the action space with dynamic action
masking. A deterministic feasibility layer masks out invalid
actions (e.g., satellites that are not currently visible), which
ensures compute is focused on meaningful choices and that
any exploration encouraged by the LLM happens within the
feasible set.

Step 3: Calibrate exploration with an interpretable
schedule. To avoid both aimless exploration and premature
exploitation, the agent follows an episode-dependent explo-
ration schedule:

ε(e) = max
�
ε0

�
1 −

e
edecay · E

�
, 0
�
, (8)

where ε0 is the initial noise level, e is the current episode,
E is the total episode budget, and edecay sets how quickly
exploration tapers off. The LLM may later suggest gentle,
bounded adjustments to this schedule (e.g., slowing the decay
when progress plateaus).

Step 4: Prompt the LLM for adjustments. At each inter-
vention, the system presents a structured summary including
current hyperparameters, recent rewards, and progress marker.
The LLM outputs a set of small and coordinated hyperparame-
ter adjustments that are consistent with the diagnosed learning
phase:

Θe+∆e = FLLM(Θe, He, Pe) , (9)

where Θe is the current hyperparameter set enhanced by an
LLM FLLM, He summarizes recent rewards, and Pe encodes
training progress. For instance, when oscillations are detected
in the reward curve, the LLM suggests reducing the learn-
ing rate to stabilize convergence; conversely, when training
enters a plateau phase, it recommends increasing the entropy
coefficient to enhance exploration. In practice, the LLM is
invoked at a low frequency (e.g., once every tens of episodes).
Each inference cost depends on the model size and deployment
setting, and the corresponding API cost is negligible compared
to the overall training cost of DRL.

Step 5: Maintain Effective Adaptation and Continuous
Feedback. Before deployment, a local validator clamps every
suggested change into certified ranges and rejects out-of-
scope edits. Rate-limit rules cap per-interval movement to
avoid instability (e.g., no large jumps in learning rate or α).
Validated updates are applied for the next window. Fresh
training information reflects the consequence of prior advice
and becomes the next input to the LLM. This closes a feedback
loop where the LLM continually refines the learning process
in response to the non-stationary environment characterized by
time-varying channel conditions, satellite mobility, and HAP
dynamics.

Step 6: Log rationales and handle failure modes.
Each LLM recommendation is stored with a short ratio-
nale (e.g., oscillatory rewards mean the lower step size,
slightly increase entropy). If performance degrades beyond
a tolerance, an automatic rollback restores the last stable
configuration; the next prompt asks the LLM for a corrective
countermeasure.

The computational complexity of the proposed framework
is mainly determined by the DRL backbone and the LLM-
based decision guider. The DRL component complexity scales
with the structure of the actor–critic networks and the number
of satellites, user clusters, and resource allocation variables
in SAGIN. The LLM, serving as a decision guider, operates
intermittently (e.g., every several episodes), and its inference
cost depends on the size of the adopted model and the length
of the input prompt. Such a split architecture preserves the
benefit of adaptive hyperparameter tuning while meeting the
latency constraints of SAGIN.

3) Numerical Results: For comparison, we consider TQC
without LLM assistance as the primary baseline, where
both methods share the same network architecture, training
settings, and hyperparameter configurations, except for the
LLM-based decision guidance. Numerical results show that,
compared to the classical TQC, the proposed LLM-guided
TQC achieves approximately 1.5% to 2% higher steady-
state rewards. In addition, the proposed method converges
within fewer than 400 episodes, corresponding to an improve-
ment of approximately 13.73% in convergence speed, while
the baseline TQC exhibits slower stabilization and larger
reward fluctuations. These results verify that incorporating
an LLM for decision guiding effectively enhances learning
stability and adaptability in dynamic satellite communication
environments.

Lesson Learned. The application of LLM-enhanced RL in
SAGIN achieves improved coordination across heterogeneous
links by utilizing the LLM as a decision guider to adapt
hyperparameters and exploration schedules of RL. Such over-
sight is achieved through the LLM’s capability for reasoning
over sequential patterns and interpreting training feedback,
enabling faster convergence for the RL agent in policy learn-
ing. However, it is important to note that when LLMs are
used to enhance RL through parameter tuning, the embedding
of expert-level domain prior knowledge is essential to ensure
that the tuning decisions are meaningful and robust. Therefore,
developing domain-specific LLMs trained on communication
and network optimization corpora (beyond SAGIN) represents
a promising research direction.

VII. FUTURE RESEARCH DIRECTIONS

Despite the promising progress of integrating LLMs into
RL for wireless networks, this emerging paradigm remains in
its infancy. The fusion of linguistic cognition and autonomous
decision-making opens a wide spectrum of opportunities that
demand deeper theoretical insights, efficient system design,
and reliable deployment practices. In this section, we outline
several promising future research directions on the LLM-
enhanced RL.
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A. Theoretical Foundations and Performance Guarantees

While LLM-enhanced RL has demonstrated remarkable
adaptability and generalization, its theoretical underpinnings
remain largely unexplored. This is primarily because the LLM
is often treated as a closed-box component [136], making it
unclear how LLMs theoretically influence the reinforcement
learning process. Future research needs to bridge this gap by
developing rigorous mathematical tools to analyze how seman-
tic reasoning introduced by LLMs affects the convergence,
stability, and optimality of RL [60]. Promising directions
include (i) quantifying the sensitivity of LLM-generated states
and rewards, and (ii) characterizing the uncertainty arising
from LLM reasoning or hallucinations to ensure stable policy
updates. Such theoretical progress is essential for transforming
LLM-enhanced RL from an empirical closed-box integration
into a principled and verifiable learning paradigm [146].

B. Lightweight and Edge-Deployable LLM-Enhanced RL
Architectures

The computation-intensive nature of LLMs poses chal-
lenges for their real-time integration with RL in wireless
systems [5]. Future research should pursue lightweight, mod-
ular, and domain-adaptive architectures that can retain the
semantic reasoning capabilities of LLMs while satisfying strict
energy, latency, and storage constraints [59]. Feasible research
directions include knowledge distillation [129] and parameter-
efficient fine-tuning [95] to compress foundation models for
efficient inference. It is also possible to consider mechanisms
for model invocation and control loops across timescales [154].
For instance, LLM reasoning can be triggered only when
significant context changes occur (e.g., topology shifts and
abnormal conditions), while fast-timescale decision loops are
maintained using lightweight policies. In addition, edge–cloud
collaborative inference frameworks can be developed to
offload heavy semantic reasoning to nearby edge servers while
retaining fast decision loops locally [71]. Thus, a key issue is
how to optimize the trade-off among semantic gain, inference
cost, and communication overhead in wireless environments.

C. Security and Trustworthy LLM-Enhanced RL Systems

Security assurance becomes paramount as LLMs participate
in network control and resource allocation within wireless
systems [2], [155]. Potential risks such as prompt injection,
model hallucination, and adversarial manipulation may lead
to catastrophic misallocations or service disruptions [59], [97],
[118]. Future work should focus on establishing trustworthy
LLM-enhanced RL pipelines. For example, designing robust
prompt architectures and adversarial defense mechanisms can
help resist malicious or misleading inputs [42]. Abnormal
responses caused by hallucinations during the RL agent’s
policy execution can be avoided by incorporating consistency
verification mechanisms [8]. In addition to external checks,
intrinsic proof mechanisms can also be considered, where
a verification signal is embedded directly into the model’s
parameters to validate the outputs [156].

D. Multi-Agent and Collaborative LLM-RL Coordination

Next-generation wireless systems involve multiple agents
(such as UAVs, vehicles, base stations, and edge devices) to
achieve collaborative intelligence [9], [157]. Extending LLM-
enhanced RL to MARL or collaborative learning scenarios
introduces new research challenges [74]. For example, using
a single type of LLM to interpret, negotiate, and summarize
the intents of distributed agents may face cognitive limitations
[90]. For example, one LLM agent could handle knowledge
retrieval from a network database, and another could manage
constraint satisfaction (e.g., ensuring QoS requirements are
met). How can communication efficiency and policy consis-
tency be ensured when multiple LLMs operate concurrently
under bandwidth constraints [66]? Therefore, integrating mul-
tiple types of LLMs into RL agents responsible for different
tasks to construct a collaborative decision-making framework
represents a novel research direction. Promising solutions
include establishing standardized communication protocols
among LLM agents to ensure interoperability and scalability
[158].

E. Wireless Network-Specific LLM Pretraining for RL

Generic foundation models trained on web-scale corpora
may lack awareness of the physical, statistical, and seman-
tic characteristics of wireless environments [2]. Hence, a
key frontier lies in developing domain-specialized LLMs for
wireless networks [159]. These LLMs can be pretrained on
multimodal datasets including communication logs, signal
features, network management commands, and 3GPP spec-
ifications [46], [85], [116]. Significant progress has been
made in research related to domain-specific LLMs for wire-
less networks. For example, TelecomGPT demonstrates that
general-purpose LLMs require continual pretraining, instruc-
tion tuning, and alignment tuning on telecom-specific corpora
to achieve reliable performance [108]. Moreover, recent work
on 6G-native LLMs further highlights the design of domain-
specific LLMs to capture fine-grained physical-layer behaviors
and wireless system dynamics [109]. Thus, complex tasks such
as massive MIMO precoding and channel-aware resource allo-
cation may increasingly rely on vertical Telecom-LLMs. Such
models are expected to achieve more precise reasoning over
symbolic and numerical information in wireless environments,
thereby enabling more accurate and reliable integration with
RL for policy optimization.

F. Beyond LLMs: Generative and Agentic Intelligence for RL

Other generative paradigms, such as diffusion models
[17], have recently been introduced into RL to model tra-
jectory distributions and synthesize action sequences. They
can generate feasible behaviors and handle multimodal pol-
icy distributions, particularly in offline RL and continuous
control tasks [160]. Compared to diffusion models, LLMs
provide cognitive capabilities such as intent understanding
and semantic interpretation. For example, LLMs can be used
to specify high-level network objectives (e.g., QoE targets),
while diffusion models can be used to synthesize control
actions such as resource allocation. Effectively exploiting these
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complementary paradigms for wireless network optimization
remains a challenging task. Beyond generative modeling, a
more forward-looking direction is that LLMs evolve from pas-
sive perception modules into active decision-making agents,
i.e., agentic AI [161]. In such architectures, LLMs can par-
ticipate in planning, tool invocation, memory management,
and high-level policy decomposition, while RL modules han-
dle low-level control and adaptation [162]. Thus, achieving
scalable coordination among multiple AI agents with limited
communication bandwidth poses a critical challenge for wire-
less systems.

VIII. CONCLUSION

This tutorial has provided a comprehensive overview of
the emerging paradigm of LLM-enhanced RL for wireless
networks. By exploring how LLMs can be incorporated into
the RL pipeline, we have shown LLM’s superior abilities
to overcome challenges of the classical RL. We propose
the taxonomy, which covers the roles of LLMs as state
perceiver, reward designer, decision-maker, and generator for
RL agent, and offers the latest overview and unique insights
into LLM-enhanced RL in wireless systems. Through multiple
case studies in the LAENet, vehicular networks, and SAGIN,
we demonstrated that LLM-enhanced RL can significantly
improve adaptability, stability, and efficiency in dynamic wire-
less environments. Looking forward, several open challenges
remain to be addressed, which will be key issues to realize
the full potential of LLM-enhanced RL in wireless networks.
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