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Abstract

Next-generation wireless networks require intelligent methods that can both optimize

resource allocation and anticipate future network behavior under rapidly changing

operating conditions. Conventional optimization and deep learning approaches have

achieved strong performance in specific wireless tasks, but they often rely on expen-

sive retraining, large task-specific datasets, and fixed model assumptions that limit

adaptability across new environments. This thesis investigates whether large lan-

guage models (LLMs) can serve as training-free, prompt-engineered reasoning agents

for wireless systems, with the broader goal of developing a unified methodology that

adapts to different wireless problems without gradient-based retraining.

The thesis first focuses on radio resource management (RRM), where constrained

non-convex optimization problems arise in tasks such as beamforming, power control,

and user association. To address these problems, this thesis proposes LLM4RRM

(LLM for Radio Resource Management), a block-coordinate-descent-inspired multi-

agent LLM framework in which specialized solver agents optimize subsets of decision

variables and an evaluator agent iteratively refines their outputs through structured

feedback. To improve feasibility, an LLM-guided adaptive differentiable projection

mechanism is introduced, allowing the framework to handle coupled constraints while

reducing manual hyperparameter tuning. A prompt-based uncertainty quantification
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strategy is also developed to assess the trustworthiness and consistency of LLM-

generated solutions.

The thesis then extends the same training-free agentic design philosophy to multi-

variate time-series forecasting LLM4TSF (LLM for Time-Series Forecasting). In this

setting, the forecasting problem is decomposed across specialized agents that model

trend and fluctuation components of correlated temporal signals, while an evaluator

agent enforces statistical consistency across multiple series. This demonstrates that

prompt-engineered LLM systems are not limited to optimization tasks, but can also

be adapted to structured time-series forecasting problems in wireless networks.

Overall, the results of this thesis show that multi-agent LLM frameworks can

provide feasible, adaptable, and scalable wireless intelligence without task-specific

retraining. The thesis thereby establishes a foundation for using prompt engineer-

ing, decomposition, evaluator-guided refinement, and uncertainty-aware reasoning as

general design principles for future wireless optimization and forecasting systems.
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Chapter 1

Introduction

Radio Resource Management (RRM), i.e., power allocation, beamforming, user as-

sociation, and channel assignment, remains a core pillar of wireless system design.

As cellular networks evolve through 5G-Advanced toward 6G, RRM capabilities con-

tinue to mature within the 3rd Generation Partnership Project (3GPP) standardiza-

tion ecosystem. 3GPP Release 19 approaches functional freeze in late 2025 [1], while

3GPP Release 20, initiated in mid-2025 [2], addresses both advanced 5G enhance-

ments and foundational 6G studies. At the Next Generation Radio Access Network

(NG-RAN) architecture level [3], 3GPP increasingly leverages Artificial Intelligence

(AI) and Machine Learning (ML) within the RAN Intelligent Controller (RIC) [4] for

network slicing, resource scheduling, coverage optimization, mobility enhancements,

and energy-aware resource allocation.

At the same time, wireless intelligence is not limited to instantaneous decision-

making alone. Another important capability is time-series forecasting (TSF) [5],

where future system behavior is predicted from historical observations. Forecasting

plays a central role in many engineering domains because it enables proactive planning
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rather than purely reactive control. In wireless systems, forecasting can support antic-

ipatory resource allocation, traffic-aware management, network monitoring, anomaly

detection, and reliability enhancement by providing estimates of future states before

they are observed [6, 7].

1.1 Radio Resource Management (RRM) in 6G

The first normative 6G specification is expected in Release 21 by approximately 2029,

establishing the architectural foundation for next-generation RRM mechanisms. The

transition to 6G represents a fundamental reconfiguration of the wireless landscape.

6G networks are expected to deliver peak data rates approaching 1 Tbps [8], sub-

millisecond end-to-end latency, centimeter-level localization accuracy, and connec-

tivity densities an order of magnitude higher than current deployments. Achieving

these targets necessitates unprecedented network densification, adoption of higher

frequency bands, and integration of ultra-massive Multiple-Input Multiple-Output

(MIMO) arrays with hundreds to thousands of antenna elements. The adoption of

these emerging technologies, including higher transmission frequencies, massive an-

tenna arrays, and reconfigurable intelligent surfaces (RIS) [9], pushes wireless channels

toward significantly shorter coherence times than previous generations [10], resulting

in highly dynamic channel conditions.

Unlike propagation at sub-6 GHz bands, higher frequencies exhibit higher path

loss, high blockages, and rapid channel decorrelation. Consequently, core RRM tasks,

beamforming, power control, interference management, and channel allocation, be-

come far more dynamic, high-dimensional, and interdependent than in prior genera-

tions [11]. Emerging 6G architectures exacerbate this complexity: ultra-dense cell-free
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massive MIMO systems [12] face challenges including scalable baseband processing,

fronthaul constraints, and user-centric scheduling across distributed access points.

Reconfigurable intelligent surfaces [13] introduce additional optimization layers

for phase control and cascaded Base Station–RIS–User channel estimation. More-

over, joint communication and sensing (JCAS) integration [14, 15] couples sensing

accuracy with communication resource allocation, introducing dependency between

radar performance and data transmission.

1.2 Challenges of RRM in 6G Networks

RRM in 6G networks is fundamentally shaped by extreme channel dynamics and ar-

chitectural complexity. Operating in higher frequency bands leads to rapid channel

decorrelation, where coherence time becomes exceedingly small due to high carrier

frequencies, narrow beams, and mobility sensitivity [16]. Channel state information

(CSI) acquired at one instant becomes outdated within milliseconds, creating a pro-

nounced Age of Information (AoI) problem [17] where decisions based on stale CSI

can degrade performance, violate Quality of Service (QoS) guarantees, or produce

infeasible resource allocations.

The challenge of outdated CSI intensifies in cell-free massive MIMO and RIS-

assisted networks [18, 19], where channels comprise cascaded structures involving

hundreds of antennas or reflecting elements. At Millimeter Wave (mmWave) and

Terahertz (THz) frequencies, blockage events, user mobility, and beam-squint effects

further compress effective CSI lifetime [20], demanding resource allocation methods

capable of producing reliable solutions with imperfect or partially outdated channel

knowledge.
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Scalability emerges as another critical challenge. Ultra-massive MIMO arrays,

RIS panels with thousands of reconfigurable elements [21], and dense access point

deployments create extremely high-dimensional decision spaces. Beamforming opti-

mization must jointly determine transmit directions and power levels across hundreds

of antenna elements, while RIS configuration requires setting phase shifts for thou-

sands of passive reflectors. The resulting optimization problems exhibit complexity

that grows rapidly with network size, often involving non-convex objectives and cou-

pled constraints across multiple decision variables.

Traditional optimization approaches exhibit a memoryless nature, treating each

resource allocation instance independently and restarting computation from scratch

whenever CSI updates or system parameters change. This prevents exploitation of

valuable information from previous optimization rounds, such as structural patterns

in optimal solutions or near-optimal operating points that could serve as warm starts.

In highly dynamic 6G environments where optimization must be performed in every

coherence interval, this inability to leverage historical context leads to substantial

computational redundancy.

Constraint satisfaction presents another major challenge for non-convex prob-

lems with coupled constraints. Many 6G scenarios involve multiple interdependent

constraints: per-user QoS requirements, per-BS power budgets, per-RIS element

phase limitations, and interference thresholds. Ensuring that all constraints are si-

multaneously satisfied becomes increasingly difficult as problem dimensionality grows

and constraints become tightly coupled. Traditional penalty-based or barrier methods

cannot guarantee feasibility at convergence.

Beyond these core challenges, hardware impairments [22], dynamic interference
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patterns from narrow-beam transmissions, joint communication and sensing con-

straints [14], and heterogeneous service demands [23] further compound the diffi-

culty of 6G resource allocation. Collectively, these challenges, rapid CSI aging, high-

dimensional scalability, memoryless optimization, and complex constraint satisfac-

tion, highlight fundamental limitations of conventional resource allocation approaches

and motivate the need for new computational frameworks.

1.3 Deep Learning and its Challenges for RRM

Deep learning has emerged as a prominent approach to address the challenges outlined

in Section 1.2, demonstrating success across wireless applications including channel

estimation, localization, and end-to-end system design. For resource allocation, re-

search has focused on sum-rate maximization through power control and user associ-

ation using supervised, unsupervised, and reinforcement learning paradigms.

Supervised learning approaches train Deep Neural Networks (DNNs) to map chan-

nel state information to resource allocation decisions using labeled data from conven-

tional solvers such as Weighted Minimum Mean Square Error (WMMSE) [24, 25],

achieving performance comparable to iterative algorithms with orders-of-magnitude

faster inference. Unsupervised methods eliminate labeled data dependency by di-

rectly optimizing system objectives [26,27], with graph neural networks demonstrating

scalability for interference management [28]. Reinforcement learning enables adap-

tive policy learning through environmental interaction, proving effective in dynamic

scenarios with outdated CSI [29, 30]. Notably, differentiable projection-based frame-

works [31, 32] guarantee strict QoS feasibility through convex layers and gradient-

based corrections, achieving zero constraint violation probability while maintaining
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strong sum-rate performance.

Despite these achievements, deep learning exhibits critical limitations. The mem-

oryless limitation persists: while DNNs learn from historical training data, each

trained model remains frozen and cannot adapt to new network configurations with-

out retraining. When system parameters change, QoS requirements, antenna config-

urations, or network sizes, models require complete retraining, even for projection-

based methods. Training overhead is severe: supervised learning requires thousands

of labeled examples from expensive optimization solvers, unsupervised methods de-

mand hundreds of epochs with extensive hyperparameter tuning, and reinforcement

learning necessitates long training episodes. The wireless domain lacks standardized

datasets [33], requiring costly generation of realistic training data.

Trained models exhibit poor generalization across domain shifts in channel statis-

tics, user density, or network topology, and suffer from catastrophic forgetting during

adaptation. While projection-based methods have advanced constraint satisfaction,

most approaches cannot guarantee feasibility at inference, relying on penalty terms

or Lagrangian formulations with non-zero duality gaps [34]. Collectively, these lim-

itations, i.e. inability to adapt without retraining, extensive training requirements,

dataset scarcity, poor generalization, and catastrophic forgetting, reveal that deep

learning, while addressing some 6G challenges, introduces new bottlenecks limiting

practical deployment in highly dynamic next-generation wireless systems.

1.4 Time Series in Wireless Networks

Alongside resource allocation, forecasting is emerging as another important capability

for intelligent wireless systems. Time-series forecasting in wireless networks aims to
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predict the future evolution of relevant signals, measurements, or operating conditions

from historical data. Examples include traffic load prediction, channel-quality evo-

lution, mobility patterns, interference fluctuations, and energy-demand estimation.

Such predictive capability is valuable because it allows the network to anticipate

future conditions and support more informed planning, monitoring, and control. [35]

In practice, wireless forecasting problems are often multivariate and heteroge-

neous, since multiple signals, technologies, or measurements evolve jointly over time.

Practical forecasting may therefore require predicting several correlated series simul-

taneously, while preserving both temporal structure within each series and statistical

dependence across series [36]. This creates a need for forecasting frameworks that

can handle multi-series interactions, changing operating conditions, and limited task-

specific supervision in a unified manner.

1.5 Challenges of Time-Series Forecasting

Time-series forecasting is fundamentally challenging because real-world sequences of-

ten exhibit non-stationarity, multi-scale temporal structure, noise, missing observa-

tions, and sudden regime changes. Long-range dependencies may coexist with short-

term fluctuations, making it difficult for a single model to simultaneously capture

coarse trends, periodic behavior, and local variability [37]. In addition, forecasting

performance often degrades as the prediction horizon increases, since small errors

can accumulate over time [38]. These challenges are further complicated by the fact

that many forecasting models must generalize across environments whose statistical

properties shift over time, making robust adaptation without retraining a persistent

difficulty.
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These challenges become even more pronounced in wireless time-series forecasting,

where the signals of interest are shaped by user behavior, traffic demand, mobility,

interference, scheduling decisions, and propagation conditions [39]. In many cases,

the problem is not only temporal but also multivariate, with correlated series evolving

across frequencies, technologies, cells, or monitored variables. Daily cycles may in-

teract with short-term fluctuations, and the signal statistics may change across sites,

deployments, or environmental conditions. As a result, accurate wireless forecasting

requires models that can capture both intra-series temporal patterns and inter-series

dependence while remaining robust to noise, distribution shifts, and limited domain-

specific data [40]. This motivates the need for adaptable forecasting frameworks that

can leverage structure and feedback without depending on extensive task-specific re-

training.

1.6 Why Large Language Models (LLMs) for RRM and TSF?

The emergence of Large Language Models (LLMs) [41, 42] represents a potential

paradigm shift in addressing the resource allocation challenges identified in the pre-

ceding sections. By interpreting high-level problem descriptions expressed in natural

language, LLMs demonstrate the potential of generating near-optimal solutions with-

out explicit mathematical formulations or task-specific training datasets [43]. Recent

research has begun exploring LLM integration into wireless optimization frameworks,

revealing opportunities that directly address fundamental limitations of both classical

and deep learning approaches.

A defining characteristic of LLMs is their ability to perform zero-shot and few-shot

in-context learning without task-specific training. Unlike DNNs requiring thousands
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of labelled examples and extensive offline training, LLMs can interpret optimization

objectives and constraints expressed in natural language, reason about solution strate-

gies through in-context learning, and generate candidate allocations using only task

descriptions and minimal examples [43]. For wireless resource allocation, this enables

tackling new network topologies, updated QoS requirements, or modified system pa-

rameters by simply reformulating the problem description, eliminating the retraining

burden and enabling rapid adaptation to dynamic 6G conditions.

LLMs offer inherent interpretability through natural language reasoning. While

traditional solvers produce numerical outputs without revealing decision logic and

DNNs operate as black boxes, LLMs can generate step-by-step reasoning traces us-

ing chain-of-thought techniques, explicitly articulating how they decompose problems

and evaluate trade-offs. This transparency is valuable in safety-critical applications

where operators must validate constraint satisfaction and QoS guarantees, facilitat-

ing human-in-the-loop oversight without modifying architectures or retraining pa-

rameters. The generalization properties of LLMs address critical gaps in existing

methods. Conventional algorithms struggle with high-dimensional decision spaces,

while deep learning models trained for fixed network sizes fail to generalize when con-

figurations change. LLMs process resource allocation through flexible, token-based

representations that accommodate variable-length inputs. A single LLM can handle

networks with varying numbers of users, access points, and frequency bands with-

out fine-tuning, functioning as a general-purpose optimizer. Moreover, LLMs exhibit

cross-domain adaptability; the same model can be repurposed for beamforming, power

control, or user association by modifying only the task description.

Beyond optimization, these same properties make LLMs appealing for time-series
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forecasting [44]. Because forecasting can be framed through natural-language descrip-

tions [45], historical examples, and structured statistical summaries, LLMs can use

in-context learning to reason about temporal patterns without task-specific retrain-

ing [46]. Their ability to incorporate retrieved examples, decompose forecasting into

interpretable sub-tasks such as trend and fluctuation estimation, and iteratively refine

outputs through evaluator feedback makes them especially attractive for multivari-

ate wireless forecasting problems where data distributions and operating conditions

may shift over time. In this sense, LLMs offer a common reasoning framework that

can support both control-oriented tasks such as RRM and predictive tasks such as

wireless time-series forecasting.

These opportunities position LLMs as a fundamentally new approach that com-

bines optimization flexibility, forecasting adaptability, and interpretability while cir-

cumventing training overhead, constraint satisfaction challenges, and generalization

limitations of existing paradigms. However, as discussed in the following section,

LLMs also introduce their own limitations that must be carefully addressed for reli-

able deployment in wireless systems.

1.7 Limitations and Research Gaps

While LLMs demonstrate promising capabilities across various domains, their appli-

cation to wireless resource allocation faces fundamental challenges. Understanding

these limitations is essential for developing reliable frameworks that can meet the

stringent requirements of next-generation wireless systems. LLMs exhibit several

critical limitations when applied to optimization problems:

• Hallucinations and constraint violations : LLMs are trained to produce probable
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text sequences rather than rigorously correct solutions, leading to outputs that

may appear plausible but violate physical constraints or feasibility requirements.

• Computational latency : Autoregressive token generation introduces sequential

delays (tens to hundreds of milliseconds) that may be incompatible with real-

time wireless control requirements.

• Output variability : Stochastic decoding produces different solutions for identical

inputs, making it difficult to ensure consistent performance across repeated

executions.

• Numerical precision limitations : Token-based representation of continuous val-

ues inherently limits arithmetic precision, potentially affecting the quality of

numerical optimization solutions.

Beyond these fundamental limitations, several critical research gaps exist in ap-

plying LLMs to wireless resource management. Current explorations remain largely

proof-of-concept demonstrations on small-scale problems, lacking the rigour and com-

prehensiveness required for practical deployment. Existing approaches do not provide

mechanisms to guarantee feasibility or quantify solution quality in terms of standard

optimization metrics. Moreover, the inherent uncertainty in LLM outputs, stemming

from stochastic decoding and sensitivity to prompt design, has not been systemat-

ically characterized or addressed. For complex wireless scenarios involving coupled

decision variables, multiple non-convex constraints, and heterogeneous resource types,

no existing framework demonstrates how LLMs can reliably produce high-quality so-

lutions while ensuring all constraints are satisfied.

Similar gaps also arise in forecasting applications. Although LLMs show promise
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as training-free forecasters, current approaches provide limited treatment of multi-

variate dependence, statistical consistency, horizon-wise reliability, and robustness

under distribution shifts. In wireless forecasting problems, these issues become espe-

cially important because the forecaster must preserve both temporal structure and

meaningful cross-series behavior while adapting to new monitoring environments.

Consequently, there remains a need for LLM-based frameworks that move beyond

one-shot prompting and instead incorporate decomposition, evaluator-guided refine-

ment, structured statistical context, and reliability assessment for both optimization

and forecasting tasks.

These limitations and gaps motivate the development of hybrid and agentic ar-

chitectures that combine the adaptability and reasoning capabilities of LLMs with

principled mechanisms for feasibility enforcement, statistical grounding, and uncer-

tainty quantification.

1.8 Scope of the Thesis

Given the challenges of 6G resource allocation, the growing need for adaptive wire-

less forecasting, the limitations of classical and deep learning approaches, and the

emerging opportunities offered by LLMs, this thesis develops a prompt-engineered,

agentic framework for trustworthy and adaptive wireless intelligence. The primary

focus is on constraint-aware wireless resource management, while a complementary

forecasting study investigates how the same training-free design philosophy can be

extended to multivariate time-series forecasting in wireless systems. Together, these

two directions address a common set of gaps identified in previous sections: the in-

ability to adapt without retraining, poor generalization across changing deployment
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conditions, limited interpretability, and the need for trustworthy performance under

practical wireless complexity.

We adopt a prompt-based optimization approach that leverages LLMs’ ability

to interpret optimization problems through natural language and perform in-context

learning without task-specific training. This approach enables true zero-shot adapt-

ability through prompt modifications alone, naturally supports iterative refinement

through structured feedback, and provides interpretability through natural language

reasoning traces. The proposed LLM4RRM framework combines multi-agent reason-

ing with differentiable projection to ensure rigorous constraint satisfaction. Our key

contributions can thus be given as follows:

• Multi-Agent LLM-based RRM Optimization: We propose LLM4RRM, a

novel training-free, block-coordinate descent (BCD)-inspired multi-agent LLM

framework for constrained non-convex RRM optimization problems, in which

the decision variables are decomposed across specialized solver agents and itera-

tively coordinated through structured feedback provided by an evaluator agent.

• LLM-Guided Adaptive Projection for Constraint Satisfaction: We in-

troduce an LLM-guided adaptive differentiable projection mechanism, in which

a dedicated hyperparameter-tuning agent dynamically adjusts projection pa-

rameters, such as step size, to enforce feasibility. This approach eliminates

manual hyperparameter tuning and significantly accelerates convergence toward

the feasible region.

• Prompt-based Uncertainty Quantification: We present the first prompt-

based uncertainty quantification (UQ) framework for LLM-driven RRM opti-

mization, characterizing both epistemic uncertainty (arising from limitations in
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the LLM’s pre-trained knowledge) and aleatoric uncertainty (resulting from in-

herent variability in the input data). We introduce two novel metrics, pairwise

L2-norm based distance (DUQ) and mean absolute deviation (MADUQ), that

quantify output dispersion and consistency. The framework leverages input

perturbations, prompt variations, and output sampling to provide measurable

indicators of solution stability and reliability.

• Training-Free Multi-Agent Time-Series Forecasting: We extend the

same prompt-engineered agentic paradigm to multivariate time-series forecast-

ing in wireless systems. The resulting forecasting framework decomposes the

prediction task into specialized agents for different temporal components and

uses evaluator-guided refinement to improve forecast consistency across multi-

ple correlated series, demonstrating that LLM-based wireless intelligence can

be applied beyond optimization to structured time-series prediction.

• Cross-Task Adaptability in Wireless Systems: We validate the proposed

methodology across both optimization and forecasting settings. For RRM,

the framework is studied through two case studies classified as continuous

non-convex optimization and mixed integer nonlinear programming (MINLP),

respectively. For forecasting, the framework is applied to multivariate wire-

less time-series prediction. Together, these studies demonstrate that prompt-

engineered multi-agent LLMs can adapt across distinct wireless problem classes

without retraining.

• Comprehensive Performance Evaluation: We establish a rigorous evalu-

ation framework assessing LLM-based optimization across network sum-rate,

14



QoS violation probability, convergence speed, and computational complexity.

Numerical results demonstrate that LLM4RRM consistently achieves zero post-

projection constraint violations, while baselines show 30-70% violations. The

framework scales to varying network sizes without retraining, achieving up to

5x higher sum-rates and converging 2-4× faster compared to DNN approaches.

Comparative evaluation across five LLM backbones reveals that GPT-5 Mini

(Generative Pre-trained Transformer) achieves 5-7% faster convergence and 1-

3% higher sum-rates than the baselines.

Beyond addressing technical challenges, this thesis establishes a methodological

foundation for integrating large language models into wireless systems more broadly.

The demonstration that pre-trained general-purpose models can be effectively adapted

to constrained optimization through prompt engineering and projection mechanisms

opens new research directions, while the forecasting study further shows that the

same agentic design principles can be transferred to multivariate time-series prediction

without gradient-based retraining. In this sense, the underlying ideas of multi-agent

decomposition, iterative evaluator feedback, retrieval-enhanced prompting, adaptive

projection, and uncertainty-aware reasoning extend naturally to a wider class of wire-

less tasks, including spectrum management, network slicing, mobility-aware resource

allocation, and wireless time-series forecasting.

1.9 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 reviews LLM funda-

mentals and related work in wireless optimization. Chapter 3 presents the LLM4RRM

framework design and validates it through two use-case studies: joint beamforming
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and phase shift optimization in Simultaneously Transmitting and Reflecting RIS or

STAR-RIS networks, and joint user association and power control in multi-BS net-

works. Chapter 4 presents a LLM framework for multivariate time series forecasting.

Chapter 5 outlines future research directions, including mobility-aware optimization

and time-series forecasting for wireless networks.

1.10 Research Outcomes

The research conducted in this thesis has led to two main paper-level outcomes corre-

sponding to its two core adaptations: wireless resource optimization and time-series

forecasting:

• LLM4RRM: A Multi-Agent Feedback-Driven LLM Framework for Constrained

Resource Allocation in Wireless Networks (Submitted to IEEE Journal Trans-

actions in Communications)

• LLM4TSF: A Multi-Agent LLM Framework for Multivariate Time-Series Fore-

casting (Will be Submitted to IEEE Wireless Communications Letter)
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Chapter 2

Preliminaries and Literature Review

This section establishes the theoretical and empirical foundations for applying Large

Language Models to wireless resource allocation. We first review the core architectural

principles, training paradigms, and inference mechanisms of LLMs. We then survey

recent research on LLM-based approaches for wireless resource management, examin-

ing both prompt-based optimization methods and code generation frameworks, and

identify critical gaps that motivate the proposed LLM4RRM framework.

2.1 Introduction to LLMs

Large Language Models (LLMs) provide a new computational paradigm for optimiza-

tion in 6G networks. Unlike task-specific deep neural networks (DNNs) that must be

retrained for each topology and constraint set, LLMs are pre-trained, general-purpose

sequence models that can be adapted to new problems purely through prompting.

This subsection reviews the core principles of LLMs with emphasis on aspects most

relevant to wireless resource allocation: (i) the Transformer architecture and attention
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mechanisms, (ii) pre-training and emergent capabilities, (iii) inference mechanisms in-

cluding in-context learning and chain-of-thought reasoning, (iv) numerical optimiza-

tion with LLMs, (v) multi-agent LLM systems, and (vi) limitations and mitigation

strategies.

2.1.1 Transformer-Based LLMs: Architectural Overview

Modern LLMs are built on the Transformer architecture [41], which departs from

recurrent neural networks (RNNs) and convolutional neural networks (CNNs) by re-

lying entirely on self-attention mechanisms to capture dependencies between any pair

of tokens in a sequence. This enables efficient parallel processing and the modelling

of long-range relationships across large contexts.

The core innovation is multi-head self-attention, which allows each token to attend

to all other tokens in the sequence. For an input sequence represented as a matrix

Z ∈ Rn×dmodel , the attention mechanism computes queries (Q), keys (K), and values

(V ) through learned linear projections, then produces weighted combinations via:

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V. (2.1)

Multiple attention heads operate in parallel, each learning to capture different types

of dependencies, such as local versus global patterns or different relational structures.

This multi-head mechanism, combined with position-wise feed-forward networks and

residual connections, allows Transformers to build increasingly abstract representa-

tions through dozens to hundreds of stacked layers.

Most state-of-the-art LLMs adopt a decoder-only architecture with masked self-

attention that enforces causal constraints [47]: each token can only attend to previous
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tokens. This design naturally supports autoregressive generation, where the model

predicts one token at a time conditioned on all preceding tokens, forming the foun-

dation for both pre-training and inference.

2.1.2 Pre-Training at Scale and Emergent Capabilities

The remarkable capabilities of LLMs arise from large-scale pre-training on diverse

text corpora. LLMs are trained with a simple autoregressive objective: predict the

next token given all previous tokens. For a sequence x1, . . . , xT , the training loss is

L = − 1

T

T∑
t=1

log pθ
(
xt | x1, . . . , xt−1

)
, (2.2)

where θ denotes all model parameters. This unsupervised objective can be applied

to any text: books, scientific papers, code repositories, and technical documentation.

Through this process, models internalize syntax, semantics, domain knowledge, and

reasoning patterns that enable them to assign high probability to plausible continu-

ations across many domains [48].

Three dimensions of scale are critical: (i) parameter scale: modern LLMs contain

billions to trillions of parameters, (ii) data scale: training corpora span trillions of

tokens and (iii) compute scale: training employs thousands of accelerators over weeks

or months.

A key empirical observation is the emergence of qualitatively new abilities once

model and data scale exceed certain thresholds [49]:

• Zero-shot and few-shot generalization: solving tasks not explicitly seen during

training based purely on natural-language instructions or a handful of examples.

19



• In-context learning (ICL): learning new input-output mappings at inference

time from examples in the prompt without updating parameters.

• Chain-of-thought (CoT) reasoning : generating explicit intermediate reasoning

steps that improve performance on multi-step problems requiring logical decom-

position.

These emergent capabilities enable LLMs to approach complex optimization prob-

lems by decomposing them into subproblems, reasoning about constraint interactions,

and iteratively refining solutions based on feedback, properties that are particularly

valuable for non-convex resource allocation in wireless networks.

After pre-training, models undergo instruction tuning and reinforcement learning

from human feedback (RLHF) [50] to align them with user intent, follow structured

formatting requirements, and produce outputs suitable for downstream processing.

For wireless optimization, this means LLMs can understand problem descriptions, in-

terpret constraints expressed in natural language, and generate solutions in prescribed

formats such as JSON (JavaScript Object Notation) or structured tables.

2.1.3 Inference Mechanisms: ICL, CoT, and Iterative Reasoning

Autoregressive Decoding: At inference time, LLMs operate autoregressively:

given a prompt comprising instructions and context, the model repeatedly gener-

ates the next token by sampling from the predicted probability distribution until a

stopping condition is met. Decoding strategies include greedy selection (argmax),

low-temperature sampling for deterministic outputs, or nucleus sampling for explo-

ration. For optimization tasks, low-temperature or deterministic decoding is typically

preferred to ensure reproducibility and stability [51].
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In-Context Learning (ICL) ICL is particularly important for wireless applica-

tions. Instead of retraining a model for each network configuration, practitioners

provide few-shot examples directly in the prompt:

Example 1: [CSI matrix] → [power allocation vector]

Example 2: [CSI matrix] → [power allocation vector]

...

Example K: [CSI matrix] → [power allocation vector]

New problem: [CSI matrix] → ?

The model infers the underlying task structure from these demonstrations and pro-

duces a mapping for the new instance without any parameter updates. Internally,

self-attention mechanisms allow the model to compare the new input against the pro-

vided examples and extrapolate patterns. Empirically, larger models exhibit stronger

ICL capabilities [49], often approximating policies that would otherwise require train-

ing specialized DNNs on thousands of labelled optimization solutions [46].

For resource allocation, ICL enables: (i) zero- or few-shot adaptation to new chan-

nel distributions, user densities, or QoS profiles, (ii) reuse of expert-designed heuris-

tics or conventional solver outputs as demonstrations, and (iii) rapid prototyping of

optimization strategies without expensive offline training.

Chain-of-Thought (CoT) Reasoning: Beyond direct input-output mapping, LLMs

can be prompted to generate intermediate reasoning steps. By providing instructions

such as “explain your reasoning step by step” or including few-shot examples with

explicit reasoning traces, the model produces intermediate calculations, subproblem

decompositions, and constraint checks before emitting final solutions [52]. For con-

strained optimization, CoT reasoning is valuable for:
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• Decomposing joint problems (e.g., separating user association from power con-

trol),

• Making constraint checks explicit (e.g., verifying power budgets and QoS re-

quirements),

Multi-Turn Iterative Prompting: Beyond single-round inference, LLMs can en-

gage in multi-turn conversations where each response builds on previous interactions.

In an optimization context, this enables iterative refinement: the LLM proposes an

initial solution, receives feedback on constraint violations or objective value, and gen-

erates an improved solution in the next turn. This iterative prompting paradigm is

particularly well-suited for complex constrained optimization, where finding feasible

solutions requires multiple refinement steps [53]. By incorporating historical context

and structured feedback into subsequent prompts, LLMs can progressively improve

solution quality while learning from previous mistakes, a capability that motivates

the multi-agent feedback-driven framework developed in this thesis.

2.1.4 Numerical Optimization with LLMs

A critical consideration for applying LLMs to wireless resource allocation is how

they represent and manipulate numerical data. LLMs are fundamentally trained

on discrete tokens, not continuous values, which introduces both opportunities and

challenges for optimization tasks involving real-valued decision variables.

Tokenization of Numerical Data Numbers are typically tokenized digit-by-digit

or using special numeric tokens. For example, the value “3.14159” might be split into

tokens [“3”, “.”, “14159”] or represented as a single token if it appears frequently in
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the training corpus. This tokenization affects numerical precision: LLMs may struggle

with arithmetic operations requiring exact calculations or high-precision outputs. For

optimization variables such as beamforming weights or power allocations, this means

values are typically represented with limited decimal precision (e.g., 3-4 significant

digits) [54].

Structured Output Generation To reliably extract numerical solutions from

LLM outputs, prompts must specify structured output formats such as JSON, YAML

(YAML Ain’t Markup Language), or delimited tables. For instance, a power control

problem might prompt the LLM to return:

{"power_vector": [2.45, 1.83, 3.12, 0.97],

"constraint_satisfied": true}

This structured approach enables automated parsing and validation of LLM-generated

solutions. Modern LLMs trained with instruction tuning and RLHF reliably follow

format specifications, though parsing failures can still occur and must be handled

through exception handling or retry mechanisms.

Precision and Representation Limits LLMs exhibit inherent limitations in nu-

merical reasoning: they may produce approximate rather than exact values, struggle

with operations requiring many significant digits, and occasionally generate syntac-

tically valid but semantically incorrect numbers. For wireless optimization, this ne-

cessitates post-processing validation where LLM outputs serve as initialization points

or candidate solutions that are subsequently refined through conventional numeri-

cal methods. This motivates hybrid architectures that leverage LLMs for high-level
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reasoning while relying on specialized optimization layers for precise constraint en-

forcement and fine-grained numerical adjustments.

2.1.5 Multi-Agent LLMs

Beyond single-model inference, recent work has explored multi-agent LLM architec-

tures where multiple language models collaborate to solve complex tasks. In such

systems, individual LLMs are assigned specialized roles and communicate through

structured exchanges of information. This paradigm is particularly promising for

optimization problems that involve multiple coupled decision variables or require it-

erative refinement.

Multi-agent LLM systems offer several advantages over monolithic single-agent

approaches. First, they enable task decomposition, where complex problems are par-

titioned into manageable subproblems, each handled by a specialized agent with tai-

lored prompts and domain knowledge. Second, they support iterative refinement

through agent interaction, where different agents can critique, validate, or improve

upon each other’s outputs across multiple rounds. Third, they provide natural inter-

pretability, as the communication between agents reveals the reasoning process and

decision-making logic [55].

For wireless optimization, multi-agent architectures can naturally map to prob-

lem structure: different agents might handle different resource types, different net-

work layers, or different stages of the optimization process. Agents can also play

distinct functional roles, such as solution generation versus quality assessment, en-

abling collaborative workflows that leverage the complementary strengths of different

prompting strategies or model configurations.
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2.2 Time-Series Forecasting Preliminaries

The same agentic principle is also relevant beyond optimization. In forecasting prob-

lems, separate agents can specialize in different temporal structures, for example

slow-varying trend estimation, short-term fluctuation modeling, retrieval of analogous

historical examples, or evaluator-based consistency checks. This makes multi-agent

LLM systems a natural bridge between the two application threads of this thesis:

wireless resource allocation and multivariate time-series forecasting.

Before reviewing the forecasting literature, it is useful to summarize the main

concepts underlying time-series forecasting in wireless systems. In the context of

this thesis, forecasting is treated as a multivariate time-series prediction problem

grounded in wireless measurements. The objective is to use historical observations of

relevant system quantities to predict future behavior in a manner that remains both

statistically meaningful and operationally useful.

2.2.1 Basic Time-Series Representation

A forecasting problem begins with the representation of the observed process. Let x(t)

denote a scalar quantity sampled at discrete time intervals, and let xt ∈ RM denote

a multivariate observation consisting of M correlated quantities measured at time t.

In wireless applications, these quantities may correspond to traffic loads, channel-

quality indicators, interference levels, user counts, mobility traces, energy-demand

measurements, or other related variables that evolve jointly over time. [5]

A forecast is formed by mapping a historical window of length L to a future trajec-

tory over horizon H. If the past observations are written as Xpast = (xt−L+1, . . . ,xt),

then the objective is to estimate Xfuture = (xt+1, . . . ,xt+H). This multivariate setup
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is more demanding than univariate extrapolation because useful prediction often de-

pends not only on temporal structure within each series but also on dependence across

series. [56]

In practice, raw wireless measurements may be collected from multiple channels,

cells, bands, sectors, sensors, or technologies. These measurements are often trans-

formed into a lower-dimensional multivariate forecasting target by grouping, aggre-

gation, feature extraction, or signal fusion. More generally, a forecasting framework

should be flexible enough to operate on any set of correlated series derived from

wireless system measurements.

2.2.2 Multivariate Forecasting Formulation

This formulation immediately raises several practical questions. How should the his-

tory be normalized before inference? Which summary statistics are most informative

for the forecaster? How should inter-series correlation be represented? And how

can forecast plausibility be checked when the model is prompted rather than trained

directly on the dataset? These questions are especially important in LLM-based fore-

casting, because the model typically reasons over structured numerical summaries

and retrieved examples rather than learning directly from gradient updates.

2.2.3 Statistical Features Relevant to Forecasting

Several statistical properties are particularly relevant to multivariate wireless fore-

casting. The first is the trend, which captures slow variation in the mean level of

the observed process. The second is periodicity, often tied to daily traffic cycles and

regular usage patterns. The third is local fluctuation structure, reflecting short-term
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deviations around the trend. The fourth is cross-series dependence, since related vari-

ables can provide contextual information for one another. These properties motivate

decomposition-based forecasting strategies, where the overall signal is interpreted as

the combination of a coarse trend component and a fast-varying residual compo-

nent [56].

2.3 State-of-the-Art: LLMs for Wireless Applications

Having established the fundamental limitations of deep learning methods and the

core capabilities of LLMs, we now review recent research that explores LLMs for

wireless resource allocation. This emerging literature can be broadly categorized into

prompt-based optimization approaches and LLM-driven code generation approaches,

each offering distinct perspectives on leveraging pre-trained language models for RRM

without the extensive training overhead of fine-tuning the models.

2.3.1 Fine-Tuning and Specialized Adaptations

Several works adapt LLMs to wireless networks via domain-specific fine-tuning or

architectural modifications. The framework in [57] employs a Mixture-of-Experts

(MoE) with Low-Rank Adaptation (LoRA) to simultaneously handle tasks such as

channel estimation, prediction, localization, and beam management. Similarly, [58]

proposes WirelessLLM, a domain-adapted LLM using knowledge alignment, multi-

modal pre-training, and fine-tuning, demonstrated through case studies in power

allocation, spectrum sensing, and protocol understanding. Other studies extend re-

inforcement learning (RL) with LLMs, such as [59], which augments base station

deployment optimization via an LLM-enhanced DDPG (Deep Deterministic Policy
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Gradient) framework, and [60], where LLMs act as gates to select specialized Deep

Reinforcement Learning (DRL) experts in a MoE architecture. A more constrained

setting is explored in [61], where an LLM-based solver addresses a two-link resource

allocation problem, combining LLM inference with classical heuristics for reliability.

Finally, [62] introduces LLM-OptiRA, a framework that explicitly transforms non-

convex optimization problems into solvable forms using approximation, structured

prompting, coupled with error correction and feasibility validation loops.

These approaches report performance improvements over classical deep learning

or optimization baselines, with [62] achieving up to 96% execution success and 80%

feasible solutions on non-convex problems. However, their reliance on large, domain-

specific datasets is a critical drawback, given the scarcity of realistic wireless datasets

and the high cost of simulation-based generation. Furthermore, the methods remain

largely task-specific: while [57] supports multiple tasks, they are optimized indepen-

dently rather than jointly. None of these works attempt true joint optimization of

coupled tasks such as power control with user association or beamforming with RIS

configuration. Finally, fine-tuning introduces high computational and energy costs,

limiting deployment in real-time or edge environments.

2.3.2 Retrieval-Augmented Generation (RAG)

Another line of research leverages retrieval mechanisms. CommLLM [63] introduces

a multi-agent reasoning pipeline with retrieval, planning, and reflection for semantic

communication. Similarly, WirelessAgent [64] develops an LLM-based agent frame-

work with perception, memory, planning, and action modules, applied to network

slicing. Hierarchical collaboration appears in [65], where one LLM deployed on a
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high-altitude platform controls Uncrewed Aerial Vehicle (UAV) access, while onboard

LLMs manage motion planning, jointly reducing collisions and improving communi-

cation reliability.

While these frameworks improve adaptability, evaluations focus on high-level out-

comes such as semantic quality, system reward, or collision rates, but neglect classical

optimization metrics such as sum-rate, convergence steps, or violation percentages. In

addition, none of these works tackle joint optimization of multiple resource allocation

tasks; rather, they focus on isolated subtasks.

2.3.3 LLM-Driven Code Generation Approaches

An alternative paradigm employs LLMs as automated algorithm designers that gener-

ate executable optimization code rather than directly producing resource allocations.

This approach leverages LLMs’ ability to understand problem descriptions and syn-

thesize code in languages such as Python or domain-specific modeling frameworks

like CVXPY (Convex Optimization in Python).

[62] proposed LLM-OptiRA, which prompts an LLM to decompose non-convex

wireless resource allocation problems into sequences of convex subproblems and gener-

ate corresponding CVXPY solver code. When syntax or logical errors occur, follow-up

prompts trigger self-correction, enabling iterative refinement of the generated code.

This demonstrates LLMs’ potential for automated algorithmic decomposition and

rapid solver prototyping.

More comprehensive frameworks extend this concept to multi-modal and multi-

agent architectures. WirelessLLM [58] integrates domain-specific knowledge retrieval
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Table 2.1: Comparison of prompt design features and evaluation methods across
existing LLM-based wireless optimization methods and our proposed LLM4RRM.

Resource Allocation
Task

Prompt Features Prompt Evaluation

Physics Informed CoT Reasoning Multi Agent Feedback Type Constraint Handling UQ Prompt Analysis

Power Control [66] ✗ ✗ ✗ Static reward function ✗ ✗

Power Control [67] ✗ ✗ ✗ No Feedback Loop fallback algorithm ✗ ✗

Network
Planning [68]

✗ ✗ ✗ Static reward function ✗ ✗

Frequency & User
Allocation [69]

✗ ✗ ✗ Static reward function ✗ ✗

Task Offloading [70] ✗ ✗ ✗ Static reward function ✗ ✗

Channel
Allocation [71]

✗ ✓ ✗ No Feedback Loop bandit search ✗ ✗

UAV Planning and
power control [65]

✗ ✗ ✗ Static reward function ✗ ✗

Power Control [72] ✗ ✗ ✓ Static reward function ✗ ✗

UAV motion control
and BS

association [73]

✓ ✓ ✓ Static reward function ✗ ✗

LLM4RRM ✓ ✓ ✓ Dynamic projection function ✓ ✓

with LLM-based code generation to address spectrum sensing, interference mitiga-

tion, and resource allocation tasks. WirelessAgent [64] adopts a modular multi-agent

design where individual LLM agents generate optimization code for subproblems such

as network slicing, beamforming, or scheduling, with inter-agent communication co-

ordinating the overall solution.

While code generation approaches offer flexibility in adapting to diverse prob-

lem formulations, they introduce distinct challenges. Generated code incurs runtime

overhead from solver execution, is susceptible to hallucinations that produce syntac-

tically valid but logically incorrect algorithms, and provides no inherent feasibility

guarantees. The performance of these methods is highly sensitive to code correctness

and prompt design, making them better suited as design assistants for offline algo-

rithm development rather than real-time optimization engines for latency-critical 6G

applications.
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2.3.4 Prompt-Based Optimization Approaches

Recently, a handful of research works have begun exploring the potential of LLMs

in wireless communications, leveraging prompt engineering and in-context learning

(ICL) techniques to guide LLMs in solving RRM problems without task-specific

model training. However most of these works have limitations in their approaches.

For example, [66] proposed reinforced in-context learning for power control using

reward-labeled examples, but relied on static prompts and soft penalty-based con-

straint handling. [67] employed few-shot prompting for two-user power control with a

hybrid fallback scheme, without closed-loop refinement. [69] introduced a tool-assisted

feedback loop for uplink resource allocation, where constraint violations are reported

externally to guide iterative refinement.

In addition, [70] applied template-based prompting for satellite Mobile Edge Com-

puting (MEC) task offloading with latency-based feedback and penalty mechanisms.

Also, [65] integrated LLMs into evolutionary optimization for uncrewed aerial vehi-

cle (UAV) assisted integrated sensing and communication (ISAC), using static fit-

ness evaluation without semantic feedback. Moreover, [71] utilized chain-of-thought

prompting to initialize bandit-based channel allocation, where optimization and con-

straint enforcement are handled outside the LLM. [68] embedded ray-tracing-based

feedback into prompts for access point placement. [72] proposed decentralized multi-

agent LLMs for power control using reward-driven coordination. Finally, [73] devel-

oped a hierarchical dual-LLM framework for joint UAV mobility and communication

control with experience-based prompting.

Despite the recent advances, the prompts in the existing works suffer from certain

limitations. First, the prompts used in them are not physics-informed, meaning
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that they do not include mathematical models to compute physics-based received

signal/interference powers as well as data rate, which can guide the LLM’s reasoning

process. Second, only a couple of the works considered implementing chain of thought

(CoT) reasoning [71,73] and problem decomposition to multiple LLMs [72,73]. Third,

all of the existing works use static feedback texts within prompts (which replace

only the numerical result values in each iteration). Fourth, constraint satisfaction

is typically handled by augmenting the constraint within reward functions or using

search algorithms [71] or fallback mechanisms [67] without any feasibility guarantees.

Finally, none of the existing works provide uncertainty quantification (UQ) of their

LLM prompts and outputs. Table 2.1 shows these differences in terms of prompt

structure, feedback mechanisms, constraint handling, and prompt evaluation.

2.3.5 Time-Series Forecasting and LLM-Based Forecasting Literature

The discussion above focuses on LLMs for wireless resource allocation, which forms

the primary optimization thread of this thesis. However, the same training-free and

agentic LLM paradigm is also relevant to forecasting problems, where the objective

is not to optimize instantaneous decisions but to predict future system behavior un-

der changing network conditions. This motivates a complementary review of the

broader time-series forecasting literature and the emerging literature on LLM-based

forecasting.

Traditional time-series forecasting methods have long relied on statistical mod-

els that explicitly capture trend, seasonality, and residual variation. Classical ap-

proaches such as autoregressive integrated moving average (ARIMA) and related

decomposition-based methods provide interpretable forecasts under assumptions of
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approximate linearity and stationarity [74]. These methods remain useful for well-

structured signals, but their performance often degrades when the data exhibit strong

nonlinearity, complex multivariate dependence, or rapidly changing dynamics.

Learning-based forecasting methods improve expressive power by modeling non-

linear temporal patterns directly from data. Recurrent models such as LSTMs have

shown strong performance in sequential prediction tasks by capturing long-range de-

pendencies [75], while convolutional temporal models can effectively identify recurring

local patterns and short-term motifs in time-series data [76]. More recent probabilis-

tic and sequence-modeling approaches incorporate uncertainty estimation, attention

mechanisms, or generative forecasting pipelines to improve robustness and predictive

flexibility [77, 78]. Despite their strong performance, these approaches generally rely

on dataset-specific training and therefore inherit the usual challenges of retraining

overhead, domain dependence, and limited adaptability to new deployment condi-

tions.

Alongside these forecasting advances, recent work has shown that LLMs can also

be used as training-free forecasters. [44] established that LLMs can perform zero-shot

time-series forecasting through in-context prediction, demonstrating that pre-trained

language models can extrapolate numerical sequences without explicit parameter

updates. More recent agentic pipelines such as FLAIRR-TS further improved this

paradigm by introducing retrieval, iterative refinement, and structured feedback into

the forecasting loop [79]. At the same time, prior studies have highlighted important

limitations of prompting-only forecasting, especially sensitivity to numerical noise and

the need for stronger statistical grounding before values are passed to the model [80].

Taken together, the broader time-series forecasting literature and the emerging
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literature on training-free LLM-based forecasting reveal a clear research opportu-

nity. Classical and deep learning forecasters provide strong task-specific performance

but require retraining, whereas agentic LLM methods offer adaptability and cross-

task transferability but have not yet been systematically developed for multivari-

ate wireless forecasting with structured decomposition and evaluator-guided refine-

ment. This gap motivates the forecasting contribution of the thesis: extending the

prompt-engineered, multi-agent LLM paradigm beyond optimization to multivariate

time-series forecasting, while preserving the training-free and adaptable nature of the

proposed LLM based framework.
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Chapter 3

Multi-Agent Feedback-Driven LLM FOR

Constrained RRM

In this chapter, we introduce LLM4RRM, a unified, training-free, multi-agent large

language model framework for solving constrained and non-convex radio resource

management problems. As illustrated in Fig. 3.1, the proposed framework adopts a

feedback-driven, block-coordinate descent–inspired optimization architecture in which

decision variables are decomposed across specialized solver agents and iteratively re-

fined through structured feedback from an evaluator agent. To rigorously enforce fea-

sibility, the framework incorporates an LLM-guided adaptive differentiable projection

mechanism that dynamically adjusts projection hyperparameters, enabling efficient

convergence to the feasible region without manual tuning. Furthermore, to address

the inherent stochasticity and reliability concerns of LLM-generated solutions, we in-

troduce a prompt-based uncertainty quantification post-analysis that systematically

evaluates the robustness and trustworthiness of solutions.
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Figure 3.1: Overall architecture of the proposed LLM4RRM framework illustrating
multi-agent reasoning, evaluator feedback, and adaptive projection for feasible and
reliable resource optimization.

3.1 LLM4RRM Framework

This framework models the optimization process as a cooperative reasoning sequence

among multiple LLMs, where each solver agent is responsible for optimizing a subset

of decision variables under structured feedback from an evaluator agent. The overall

system mimics a language-driven BCD method, where each agent updates its variable

subset while other variables remain fixed.
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3.1.1 Problem Definition:

Let x represent the system parameters (e.g., channel state information, noise variance,

etc.), y denotes an Υ-dimensional decision vector, and C denotes the task specifica-

tion, which defines the optimization problem as follows

C : max
y

F (x,y) s.t. cj(x,y) ▷j 0, j = 1, 2, . . . , J (3.1)

where F (·) is any real-valued objective function (e.g., network sum-rate) and cj(·)

represents a real-valued j-th constraint (e.g., QoS requirement), where ▷j refers to

either “ ≥ ”, “ ≤ ” or “ = ” for each j-th constraint. Furthermore, it is important

to note that some constraints can be eliminated via closed-form transformations, as

demonstrated in [32].

3.1.2 Solver LLM Agents:

The decision vector is divided into K blocks, such as y = {y1,y2, . . . ,yK}, where each

yk corresponds to a k-th subtask such as beamforming, phase control, or user associ-

ation. The k-th block is optimized by a dedicated solver agent, LLMk. As illustrated

in Fig. 1, the proposed framework operates iteratively with t = 0, 1, · · · , T , where T

denotes the maximum number of iterations. For a given iteration t, each solver agent

produces a text-based response, which is then parsed into machine-interpretable vari-

ables. Formally, the output of the k-th LLM agent at t-th iteration can be expressed

as follows

y
(t)
k = E

(
LLMk

(
Π

(t)
k

))
, for t ≥ 0, (3.2)
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where Π
(t)
k is the prompt given to k-th LLM agent at t-th iteration and E(·) denotes

an extraction function that converts the textual output into structured numerical

representations (e.g., vectors, matrices, or JSON objects).

3.1.3 Prompt Construction for Solver Agents:

For an iteration t, a prompt (Π
(t)
k ) is constructed for each k-th solver agent, LLMk as:

Π
(t)
k = Pk

(
y
(t)
1:k−1, ∆

(t)
k , H

(t)
k

)
, for t ≥ 0, (3.3)

where Pk(·) denotes the prompt-construction function that maps the prior solver

agents outputs y
(t)
1:k−1, the evaluator’s feedback available for the current iteration t,

∆
(t)
k , and historical context H(t)

k defined in (3.4) into a structured natural-language

prompt. It is noteworthy that the inclusion of prior solver agents’ outputs, {y(t)
1 , . . . ,y

(t)
k−1}

ensures that each solver operates with the most up-to-date contextual information

from preceding blocks. Moreover, H(t)
k comprises transcripts from previous iterations,

e.g., past solutions and reasoning traces of k-th solver. Mathematically, historical

context for LLMk is given as follows

H(t)
k =


{x, SM , Tk} for t = 0,

{H(t−1)
k ,∆

(t−1)
k , y(t−1), RT

(t−1)
k }, for t ≥ 1,

(3.4)

where y(t−1) = {y(t−1)
1 ,y

(t−1)
2 , . . . ,y

(t−1)
K }. The textual reasoning corresponding to

k-th decision, including intermediate derivations and explanatory steps, is recorded

as the reasoning trace RT
(t)
k , which is later examined by the evaluator agent.

Note that ∆
(0)
k is ∅ because there is no prior feedback in the first iteration (i.e.,
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t = 0). Also, at t = 0, historical context for each solver agent contains the system

parameters x, a few-shot example set SM, and task description, Tk, as shown in (3.4).

The few-shot example set SM is generated by retrieving the most relevant examples

from D using any similarity function like in [81–83], where D denotes a memory bank

of past successful optimization examples, each stored as a tuple (x,y, F, c), where

c(·) := [c1, c2, . . . , cJ ]. In addition, Tk represents a task description for k-th solver,

which constitutes a role of solver agent and a specification of the task C, given in

(3.1).

3.1.4 Evaluator Agent and Feedback Generation (∆
(t)
k ):

Once all k agents produce their reasoning traces and outputs, the evaluation stage

begins. The role of evaluator agent LLME is to assess the joint solution, detect

inconsistencies across each solver’s reasoning, and generate structured feedback to

guide the next reasoning cycle (i.e., for t+ 1 iteration). The evaluator agent’s output

is the high-level textual critique generated by the evaluator, i.e.,

∆(t+1) = LLME

(
Π

(t)
E

)
, for t ≥ 0, (3.5)

where Π
(t)
E is the prompt given to LLME at t-th iteration. After obtaining ∆(t+1), a

parsing function, EE(·) is applied to obtain structured sub-feedback for each solver

agent, i.e.,

{∆(t+1)
k }Kk=1 = EE

(
∆(t+1)

)
, for t ≥ 0. (3.6)
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The structured prompt for the evaluator agent, LLME is constructed as follows

Π
(t)
E = PE

(
r(t), y(t), RT(t), H(t)

E ), for t ≥ 0, (3.7)

where r(t) ≜ {F (x,y(t)), fj(x,y
(t))}, here fj(x,y

(t)) is a binary vector which states

whether a constraint cj is satisfied or violated, and

RT(t) ≜ {RT
(t)
1 ,RT

(t)
2 , . . . ,RT

(t)
K }. Moreover, all prior evaluator interactions, i.e., the

historical context of LLME is given as follows:

H(t)
E =



{x, SE, TE} for t = 0,

{H(t−1)
E ,∆(t), r(t−1),

y(t−1),RT(t−1) }, for t ≥ 1,

(3.8)

where SE denotes the few-shot demonstration set assigned to the evaluator agent, TE

represents a task description in which the evaluator agent is assigned a role of a critic

or evaluator.

Special Case (K = 1): When K = 1, the framework reduces to a two-agent

loop involving a single solver agent for all the optimization variables, i.e., LLM1, and

one evaluator agent, LLME. While structurally simpler, this framework still benefits

from external feedback supervision, ensuring that reasoning errors or hallucinations

are detected and corrected.

3.1.5 Projection Layer with Hyperparameter-Tuning LLM:

After T reasoning iterations, LLM4RRM produces solution, y(T ), which may exhibit

constraint violations. Inspired by the work of [32], we propose employing a projection
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layer that ensures feasibility by mapping y(T ) onto the feasible region, as shown in

Fig. 3.1. However, unlike [32], which employs a conventional projection layer with

fixed hyperparameters, we propose employing a hyperparameter LLM, LLMH , which

outputs the hyperparameters for projection at the end of each l-th round, where

l = 0, 1, . . . , L, here L is a predefined number which determines how many times

LLMH is used. The output of LLMH can thus be defined as follows:

θ(l+1) = EH
(
LLMH(Π

(l)
H )
)
, (3.9)

where θ(l+1) denotes the set of hyperparameter(s) such as step size µ(l+1), momentum

γ(l+1), or penalty weighting δ(l+1), etc., which are used for the next round (i.e., l + 1

round). Moreover, EH(·) denotes an operator that parses the textual output into nu-

meric hyperparameters. It is important to mention here that θ(0) is initialized to any

predefined value. Moreover, Π
(l)
H denotes a structured prompt, which is constructed

for LLMH at the start of the l-th round. Formally, this prompt is given as follows:

Π
(l)
H = PH

(
θ(l), sp(l), H(l)

proj

)
, (3.10)

where PH(·) is the prompt-construction function. The term sp(l) represents the col-

lection of projection-step records obtained with the current settings of θ(l), which

includes the intermediate projected values (from eq. (3.12)) and the corresponding

constraint evaluations. Moreover, H(l)
proj represents the projection history, as defined

below:

H(l)
proj =


{x, TH , y(T ) } for l = 0,

{H(l−1)
proj ,θ

(l−1), sp(l−1),RT
(l−1)
H }, for l ≥ 1,

(3.11)
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where TH represents the task description assigned to LLMH which includes the role of

LLMH , task objective and strategies. Moreover, RTH represents the reasoning trace

of LLMH .

Let y[0] = y(T ) denote the initial point for the projection process. The projection

process at lth round attempts to enforce feasibility through iterative updates of the

form:

y[i+1] = proj
(
x,y[i];θ(l)

)
, ∀i = 0, 1, 2 . . . I, (3.12)

where proj(·) represents a projection function and I denotes the maximum number of

projection steps. The process repeats until all constraints are satisfied or a maximum

number of rounds, i.e., L are reached. The final feasible solution is obtained via eq.

(3.12) for θ(l) = θ∗, where θ∗ denotes the stable hyper-parameter configuration on

convergence.

3.1.6 Uncertainty Quantification and Trustworthiness:

While the projection layer enforces feasibility and the evaluator LLM enhances trust-

worthiness by identifying implausible or hallucinated reasoning, these components do

not yield quantitative measures of reliability. To address this limitation, we incorpo-

rate an Uncertainty Quantification component that characterizes both epistemic un-

certainty (arising from limitations in the LLM’s pre-trained knowledge) and aleatoric

uncertainty (resulting from inherent variability in the input data) [84]. The compo-

nent functions as a post-processing uncertainty analysis, operates independently of the

main optimization framework, and generates stability indicators based on controlled

perturbations of inputs, prompts, and outputs. Since we employ closed-source LLMs
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accessed via APIs (Application Programming Interface), internal model weights, log-

its, and hidden representations are inaccessible; therefore, uncertainty must be esti-

mated using black-box sampling strategies based on observable inputs, prompts, and

outputs. To estimate uncertainty, we employ the following sampling strategies, each

designed to probe a different source of variability:

• Input-based sampling: Perturbs the system parameters x provided to the LLM

agent to evaluate robustness across varying operating conditions.

• Prompt-based sampling: Samples alternate prompt configurations for each Πk

(e.g., by modifying structure, phrasing, or description) to assess sensitivity to

prompt formulation.

• Output-based sampling: Keeps the prompt and system parameters fixed while

generating multiple outputs to capture stochastic variation induced by the

LLM’s decoding process.

For the first two sampling strategies, uncertainty is assessed using the objective

values and constraint evaluations corresponding to the main optimization problem

in (3.1). In contrast, for the third sampling strategy, statistical analysis is performed

on the variability across multiple generated solutions using distance- or deviation-

based measures. We define the following quantitative metrics to characterize both

the dispersion and the consistency of repeated LLM-generated outputs.

3.1.6.1 Pairwise L2-norm Based Distance:

For a given prompt, we consider ψ ∈ {1, . . . ,Ψ} different realizations of the input

system parameters, resulting in Ψ prompt–input pairs for each prompt. For each such
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pair, Λ outputs or λ ∈ {1, . . . ,Λ} are generated by running the proposed optimization

framework Λ times, yielding {y(T )
ψ,1,y

(T )
ψ,2, . . . ,y

(T )
ψ,Λ}. Our proposed pairwise L2-norm

based distance metric can thus be computed as follows

DUQ =
1

Ψ

Ψ∑
ψ=1

(
2

Λ(Λ− 1)

∑
1≤λ<s≤Λ

∥∥y(T )
ψ,λ − y

(T )
ψ,s

∥∥2
2

)
, (3.13)

where ∥ · ∥2 denotes the L2 norm, λ and s represent indices of two distinct generated

outputs for the same prompt–input pair. This metric performs pairwise comparisons

across all Λ output vectors for each input realization, measuring the overall dispersion

of the solution space. The constraint λ < s ensures that each pair is counted only

once, as the distance between outputs λ and s is symmetric (i.e., comparing outputs

1 and 2 is equivalent to comparing outputs 2 and 1). The normalization factor

2
Λ(Λ−1)

accounts for the total number of unique pairwise combinations, which equals(
Λ
2

)
= Λ(Λ−1)

2
, thereby averaging over all possible pairs. The metric, DUQ, therefore

represents the output dispersion, averaged over Ψ input realizations, and captures

the stochastic variability of the LLM outputs.

3.1.6.2 Mean Absolute Deviation (MAD):

Let y
(T )
ψ,λ,υ denote the υ-th element of the vector y

(T )
ψ,λ, then the proposed MAD met-

ric, averaged over Ψ prompt–input pairs with a fixed prompt and different input

realizations, is given as

MADUQ =
1

Ψ

Ψ∑
ψ=1

(
1

ΛΥ

Λ∑
λ=1

Υ∑
υ=1

∣∣y(T )ψ,λ,υ − y
(T )
ψ,υ

∣∣) , (3.14)
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where y
(T )
ψ,υ = 1

Λ

∑Λ
λ=1 y

(T )
ψ,λ,υ denotes mean of the υ-th element of y

(T )
ψ,λ over Λ generated

outputs. It is important mentioning that MADUQ captures the element-wise devia-

tion of LLM-generated outputs from their empirical means, aggregated across both

repeated decodings and multiple prompt-input pairs. Lower values of either DUQ or

MADUQ indicate greater consistency and reduced stochastic variability in the LLM-

generated solutions. Their usage is demonstrated in Section 4.4 to assess uncertainty

in the LLM outputs.

3.1.7 Theoretical Grounding of Uncertainty Quantification Metrics

This section provides a more detailed theoretical justification for the proposed uncer-

tainty quantification metrics DUQ and MADUQ, including their statistical interpreta-

tion, a comparison with classical UQ approaches, and a discussion of their suitability

for black-box LLM-driven RRM optimization.

3.1.7.1 Statistical Interpretation of DUQ

The pairwise L2-norm based distance metric DUQ, defined in equation (3.13) of the

main manuscript, has a rigorous statistical foundation. When the LLM is queried Λ

times with the same prompt-input pair, it produces Λ solution vectors {y(T )
ψ,1, . . . ,y

(T )
ψ,Λ}.

For any two such draws yλ and ys, the following identity holds directly from expand-

ing the squared norm and applying linearity of expectation:

E
[
∥yλ − ys∥22

]
= 2

Υ∑
υ=1

Var(yυ). (3.15)

Thus, DUQ is an unbiased estimator of twice the total output variance across all deci-

sion variable dimensions [85]. This result is distribution-agnostic and holds regardless
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of whether the underlying channel is simulated or obtained from real measurements,

making DUQ a statistically grounded reliability indicator applicable to both simula-

tion and real-world deployment scenarios. Lower values of DUQ indicate that solutions

cluster tightly around their mean, reflecting stable and consistent LLM reasoning.

3.1.7.2 Statistical Interpretation of MADUQ

The Mean Absolute Deviation metric MADUQ, defined in equation (3.14) of the main

manuscript, is a direct element-wise extension of the classical Mean Absolute Devia-

tion (MAD), which is a well-established robust alternative to variance and standard

deviation in classical statistics [86]. In contrast to DUQ, which captures global so-

lution dispersion, MADUQ provides element-wise consistency assessment, revealing

which specific decision variables (e.g., individual beamforming weights, phase shifts,

or power allocations) contribute most to output instability. This per-variable diag-

nostic capability enables targeted prompt refinement for unstable variables and is

more informative than scalar variance metrics.

3.2 Use-Case Study I: Joint Beamforming and Phase Shift Optimization

in STAR-RIS Networks

3.2.1 System Model

We consider a narrowband simultaneously transmitting and reflecting-RIS (STAR-

RIS) aided downlink communication system in which an M -antenna base station

(BS) simultaneously serves U = Ut+Ur single-antenna users, where Ut users, indexed

by Ut = {1, . . . , Ut} and Ur users, indexed by Ur = {Ut + 1, . . . , Ut + Ur} are present

in transmission space and reflection space of the STAR-RIS, respectively. Moreover,
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STAR–RIS comprises N elements, indexed by N ={1, . . . , N} and the direct BS–user

channels are assumed to be blocked due to obstacles. The received signal at the u-th

user, with u ∈ U and U = Ut ∪ Ur, is written as vu = hHu ΘlG
∑

i∈Uwisi + zu, where

G∈CN×M represents the BS–RIS channel, hu∈CN×1 denotes the RIS–user channel,

and zu∼CN (0, σ2
u) represents the additive white Gaussian noise (AWGN) with noise

power σ2
u. Each STAR–RIS element controls its transmission and reflection through

Θl = diag(β1,le
jϕ1,l , β2,le

jϕ2,l , . . . , βN,le
jϕN,l), where βn,l∈ [0, 1] and ϕn,l∈ [0, 2π) denote

the amplitude and phase shift of the n-th element for side l∈{t, r}, respectively. The

BS employs beamforming vectors wi ∈ CM×1 to transmit symbols si ∈ C with unit

average power, i.e., E[|si|2] = 1. The instantaneous signal-to-interference-noise-ratio

(SINR) at user u is given as follows

γu =
|hHu ΘlGwu|2∑

i∈U , i̸=u
|hHu ΘlGwi|2 + σ2

u

, (3.16)

and the corresponding sum-rate is Ru = log2(1 + γu).

3.2.2 Problem Formulation

Let W = [w1, . . . ,wU ] ∈ CM×U denote the beamforming matrix, H = [h1, . . . ,hU ] ∈

CN×U is the matrix of the STAR-RIS to user channels, ϕl=[ϕ1,l, . . . , ϕN,l], and βl=

[β1,l, . . . , βN,l] represent the RIS phase shift and amplitude vectors, respectively. More-

over, let x ≜ {G,H, σ2
u}, and a decision variable vector be y = {W,ϕt,ϕr,βt,βr},
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then the joint sum-rate maximization problem can be written as follows:

max
y

∑
u∈U

Ru(x,y), (3.17a)

s.t.
∑
u∈U

∥wu∥2 ≤ Pmax, (3.17b)

Ru(x,y) ≥ Rmin, ∀u ∈ U , (3.17c)

(βn,t)
2 + (βn,r)

2 = 1, ∀n ∈ N , (3.17d)

where Pmax and Rmin represent the maximum power budget of the BS and minimum

rate requirement for each user. Moreover, constraint (3.17d) is due to the fact that

the energy splitting mode is considered. Owing to the coupling of variables within

the sum-rate formulation, the problem in (3.17) is inherently non-convex [32].

In order to eliminate the equality constraint given in (3.17d), we adopt the closed-

form transformations βn,t =
√

Sig(an), βn,r =
√

1− Sig(an), ∀n ∈ N , given in [32],

where Sig(·) ≜ 1/(1 + e−(·)) and an ∈ R is an unconstrained scalar. Moreover, the

special structure of constraint (3.17b) allows us to handle this constraint by using the

following transformation W = Ŵ

∥Ŵ∥F
× Sig(α) ×

√
Pmax, where Ŵ ∈ CM×U denotes

the unconstrained beamforming matrix. Thus, the closed-form transformations result

in the following optimization problem:

max
ŷ

∑
u∈U

Ru(x, T (ŷ)) (3.18a)

s.t. Ru(x, T (ŷ)) ≥ Rmin, ∀u ∈ U , (3.18b)

where T (.) denotes a combined transformation which takes unconstrained decision
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vector ŷ ≜ {Ŵ, α, a,ϕtϕr} as input and returns constrained decision vector y. Note

that here a ≜ [a1, a2, . . . , aN ].

3.2.3 Implementation of the Proposed LLM Framework

We adopt the LLM4RRM framework to solve the problem (3.18). To reduce the

prompt dimensionality and enable cooperative reasoning, the unconstrained decision

vector ŷ is partitioned into two blocks, and at any t-th iteration, we have

ŷ
(t)
1 = {Ŵ(t), α(t)}, ŷ

(t)
2 = {a(t), ϕ

(t)
t , ϕ

(t)
r }. (3.19)

It is evident from (3.19) that the solver agent 1 (LLM1) focuses on active beamforming,

while Agent 2 (LLM2) optimizes the STAR–RIS amplitude and phase components.

At each iteration t, the k-th solver agent produces its decision as:

ŷ
(t)
k = E

(
LLMk

(
Π

(t)
k

))
, k ∈ {1, 2}, t ≥ 0, (3.20)

where E(·) extracts the structured output from the LLM’s textual response. The

prompt Π
(t)
k for the k-th solver agent is constructed as follows:

Π
(t)
k = Pk

(
ŷ
(t)
1:k−1, ∆

(t)
k , H

(t)
k

)
, t ≥ 0, (3.21)

where ŷ
(t)
1:k−1 contains the outputs from prior solver agents, ∆

(t)
k is the evaluator’s

feedback, and H(t)
k is the historical context analogous to (3.4).

After both solver agents produce their outputs, the evaluator agent LLME assesses
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the joint solution ŷ(t) = {ŷ(t)
1 , ŷ

(t)
2 } by evaluating:

r(t) =
{
R
(
x, T (ŷ(t))

)
, fj
(
x, T (ŷ(t))

)}
, (3.22)

where R(x, T (ŷ(t))) is the total sum-rate in (3.18a), and fj(·) is a binary vector

indicating whether each QoS constraint in (3.18b) is satisfied. The evaluator’s prompt

is given as follows:

Π
(t)
E = {r(t), ŷ(t), RT(t), H(t)

E }, t ≥ 0, (3.23)

where RT(t) = {RT
(t)
1 ,RT

(t)
2 } contains the reasoning traces from both solver agents.

The evaluator generates feedback as in (3.5) which is then parsed into agent-specific

feedback for the next iteration through (3.6). Appendix 5.3.4 shows how the prompts

Π
(t)
k and Π

(t)
E , are formed for iteration t = 0 and 1 followed by prompt Π

(l)
H .

For the projection process, we follow the work of [32] and employ a constraint

violation measure function, V , given in (3.25), shown at the bottom of next page. In

(3.25), s(.) denotes the indicator function and is given as follows:

s(x, ŷ[i]) =


1, Ru(x, T (ŷ[i]))

)
≥ Rmin, ∀u ∈ U ,

0, otherwise,

(3.24)

Furthermore, we propose employing momentum-based gradient descent, as shown in

(3.26) (given at bottom of next page), where v[i] and ŷ[i] denote momentum velocity

vector and the value of ŷ at i-th iteration of the gradient-descent algorithm, respec-

tively. Moreover, the hyperparameters for the momentum based gradient-descent

algorithm, i.e., the learning rate (µ(l)) and momentum coefficient (γ(l)) are provided

by LLMH for l-th round, by using (3.9). Furthermore, figure (??) shows how Π
(t)
H
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is formed at round l = 0. The term ∇ŷV (x, ŷ[i]) represents the gradient of V with

respect to ŷ, evaluated at ŷ[i]. Note that the initial point for the projection process is

taken from the combined output of the solver agent(s), i.e., ŷ[0] = ŷ(T ) and v[0] = 0.

V
(
x, ŷ

)
=
(
1− s(x, ŷ[i])

) U∑
u=1

ReLU
(
eRmin−Ru

(
x,T (ŷ)

)
− 1
)

+ s(x, ŷ[i])
U∑
u=1

(
eRmin−Rk

(
x,T (ŷ)

)
− 1
)
.

(3.25)

ŷ[i+1] = proj
(
x, ŷ[i];µ(l), γ(l)

)
= ŷ[i] − µ(l)v[i+1],

where v[i+1] = γ(l)v[i] +
(
1− γ(l)

)
∇ŷV

(
x, ŷ[i]

)
, i = 0, 1, . . . , I.

(3.26)

It is worth mentioning that the proposed LLM4RRM framework can also be used

to optimize ŷ using only a single block, i.e., setting K = 1.

3.3 Use-Case Study II: Joint User Association and Power Control in

Multi-Antenna Multi-User Network

3.3.1 System Model and Problem Formulation

We consider a multi-cell downlink network with B base stations (BSs), U users,

and Q orthogonal channels per BS. Each BS has a single transmit antenna and a

total power budget Pb,max shared across its channels. We assume U = BQ and each

(b, q) pair serves at most one user, and each user can be assigned to at most one

(b, q) combination. The bandwidth per channel is BW Hz. We denote the sets of

users, BSs, and channels as U = {1, . . . , U}, B = {1, . . . , B}, and Q = {1, . . . , Q},

respectively. Moreover, we assume that the perfect CSI is available at the BS side.

When a user u is served by BS b on channel q (i.e., Ab,q,u = 1), the corresponding
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SINR and achievable rate for a user u are given, respectively, as

γb,q,u(x, P ) =
|Hb,q,u|2Pb,q∑

b′ ̸=b |Hb′,q,u|2Pb′,q + σ2
u

,

Rb,q,u(x, P ) = BW log2

(
1 + γb,q,u(x, P )

)
,

(3.27)

where Hb,q,u denotes the complex channel q from BS b to user u, Pb,q denotes the

transmit power allocated by BS b on channel q, and σ2
u denotes the power of the noise

at the user u. Let P ∈ RB×Q denote the matrix containing all Pb,q, H ∈ CB×Q×U

represents a tensor containing all Hb,q,u, and x ≜ {H, σ2
u}. The binary association

variables are given as:

Ab,q,u =


1, if user u is served by BS b on channel q,

0, otherwise.

(3.28)

Let the tensor A ∈ {0, 1}B×Q×U denote the collection of all association variables.

Then, the joint user-association and power-control (UA–PC) problem is formulated

as:
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maximize
P,A

R(x,P,A) =
U∑
u=1

Ru(x,P,A), (3.29a)

=
U∑
u=1

Q∑
q=1

B∑
b=1

Ab,q,uRb,q,u(x,P), (3.29b)

subject to Pb,q ≥ 0,∀b ∈ B, ∀q ∈ Q, (3.29c)

Q∑
q=1

Pb,q ≤ Pb,max, ∀b ∈ B, (3.29d)

Ab,q,u ∈ {0, 1}, ∀b ∈ B, ∀q ∈ Q, ∀u ∈ U , (3.29e)

U∑
u=1

Ab,q,u = 1,∀b ∈ B, ∀q ∈ Q, (3.29f)

Q∑
q=1

B∑
b=1

Ab,q,u = 1, ∀u ∈ U , (3.29g)

Ru(x,P,A) ≥ Ru,min, ∀u ∈ U . (3.29h)

The objective is to maximize the total network sum-rate subject to the QoS con-

straints. Here, the first constraint, i.e., (3.29c), enforces non-negative power alloca-

tions, while the second constraint, i.e., (3.29d) limits the total transmit power of each

BS. The third constraint, i.e., (3.29e), specifies the binary nature of the association

variables. The fourth and fifth constraints, i.e., (3.29f) and (3.29g), ensure that each

BS–channel pair serves exactly one user, and each user is assigned to exactly one

BS-channel pair. Finally, the sixth constraint, i.e., (3.29h) guarantees that every user

satisfies its minimum rate requirement, denoted by Ru,min. The coupling of binary and

continuous optimization variables renders the problem a MINLP, which is well known

to be computationally intractable to solve within practical time limits. To this end,

we first apply constraint transformations, then employ the LLM4RRM accordingly.
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3.3.2 Constraint Transformation and Tensor Reshaping

To eliminate the explicit power constraints, we propose a transformation analogous

to the beamforming case. Specifically, the power allocation constraints, (3.29c) and

(3.29d), can be handled through the following closed-form transformation:

Pb,q = Pb,max · Sig(α) · ReLU

(
P̂b,q∑Q
q=1 P̂b,q

)
, (3.30)

where P̂b,q ∈ R denotes the unconstrained power variable for BS b on channel q, and

α ∈ R is a scalar controlling the total power consumption. To further facilitate effi-

cient LLM-based reasoning, we reshape a three-dimensional tensor, A ∈ {0, 1}B×Q×U

into a matrix form A ∈ {0, 1}O×U , where O = B ×Q represents the total number of

BS–channel pairs. The mapping for this transformation is defined as follows:

Ao,u = Ab,q,u


b = ⌊o−1

Q
⌋+ 1

q = ((o− 1) mod Q) + 1

, (3.31)

where o ∈ O = {1, . . . , O} indexes the flattened BS–channel pairs. Additionally,

we relax the binary constraint (3.29e) to enable continuous optimization within the

LLM4RRM . Thus, applying the power transformation from (3.30), the mapping from

(3.31) and relaxation of binary constraint, the optimization problem in (3.29b) can
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be rewritten as follows:

maximize
P̂,α,A

U∑
u=1

O∑
o=1

Ao,uRo,u(x, TP (P̂, α)) (3.32a)

subject to Ao,u ∈ [0, 1], ∀o ∈ O, ∀u ∈ U (3.32b)

U∑
u=1

Ao,u = 1, ∀o ∈ O (3.32c)

O∑
o=1

Ao,u = 1, ∀u ∈ U (3.32d)

Ru(x, TP (P̂, α),A) ≥ Ru,min, ∀u ∈ U (3.32e)

where TP (·) denotes the transformation, given in (3.30) and it takes the unconstrained

power matrix P̂ and scalar α as inputs and returns the constrained power allocation

P. Note that in the above optimization problem, A has now been transformed into

a matrix, i.e., A ∈ [0, 1]O×U , and it contains a collection of all continuous variables

Ao,u.

3.3.3 Adoption of LLM4RRM

To enable cooperative reasoning, the unconstrained decision vector ŷ = {P̂, α,A} is

partitioned into two blocks, and at any t-th iteration, these two blocks are given as

ŷ
(t)
1 = {A(t)}, ŷ

(t)
2 = {P̂(t), α(t)}, (3.33)

It is evident from (3.33) that the solver agent 1 (LLM1) focuses on user association,

generating a continuous association matrix which represents soft assignment prefer-

ences, while agent 2 (LLM2) optimizes the unconstrained power variables P̂(t) and
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α(t). After T reasoning iterations, the projection process to enforce the QoS con-

straints is applied, but before this process, we first perform an association refinement

step to handle the discrete assignment constraints in (3.32b)–(3.32d), specifically, (i)

a QoS-driven feasibility mask (eq. 34) penalizes infeasible links, (ii) Sinkhorn normal-

ization (eq. 35) projects the relaxed continuous matrix onto the Birkhoff polytope,

and (iii) discretization is performed via greedy assignment (eq. 36) or the Hungarian

algorithm (eq. 37), both are gradient-free combinatorial methods operating on the

discrete feasible set.

3.3.4 Association Refinement

Given the current power allocation P̂(T ), we apply a QoS-driven feasibility mask to

penalize infeasible user–BS–channel links, thereby obtaining the updated continuous

association matrix as follows:

A′ = A(T ) + L(x, P̂(T ), α(T )), (3.34)

where L ∈ RO×U is the mask matrix with elements:

Lk,u(x, P̂
(T ), α(T )) =


0, Rk,u(x, TP (P̂(T ), α(T ))) ≥ Ru,min,

−∞, otherwise.

(3.35)

This masking operation effectively suppresses infeasible links by assigning them negli-

gible weights prior to normalization. The masked matrix A′ is subsequently projected

onto the Birkhoff polytope via a truncated Sinkhorn normalization operator [87], S(·),
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implemented through Ts alternating column-row normalizations, as given below:

S [0](A′) = exp(A′),

S [i+1](A′) = N r
(
N c(S [i](A′))

)
, i = 0, . . . , Ts − 1,

(3.36)

where N c(A′) = A′ ⊘ (A′1U1
⊤
U) and N r(A′) = A′ ⊘ (1O1

⊤
OA

′) denote column and

row normalization operators, respectively, with 1U ∈ RU×1 and 1O ∈ RO×1 as all-ones

vectors and⊘ representing element-wise division. After Ts steps, a continuous doubly-

stochastic matrix Ã = S [Ts](A′) is obtained, which satisfies constraints [87], given in

(3.32b) - (3.32e). Now Ã can be discretized via the following greedy assignment:

Āo,u =


1, if u = arg maxu′ Ão,u′ ,

0, otherwise.

(3.37)

Although the greedy assignment is computationally efficient and significantly reduces

the overall time complexity, it does not guarantee satisfaction of the quota constraint

specified in (3.32d). In cases where the greedy assignment violates the quota con-

straints, the Hungarian algorithm is applied as a fallback, using the matrix Ã to

ensure a valid solution. Specifically, the optimal binary assignment is obtained as

Ā = arg max
A∗∈P

O∑
o=1

U∑
u=1

A∗
o,u Ão,u, (3.38)

where A∗ denotes a candidate binary assignment matrix, and the set of all fea-

sible binary assignment matrices that satisfy the quota constraints is defined by
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P =
{
A ∈ {0, 1}O×U

∣∣ A1U = 1O, A
⊤1O = 1U

}
. Although one may apply the Hun-

garian algorithm directly, omitting the Sinkhorn and/or greedy refinement steps, do-

ing so leads to a considerably higher computational cost. The final binary association

matrix, obtained either from (3.37) or (3.38), is denoted by Ā.

3.3.5 Power Control Projection

Although both the greedy assignment and the Hungarian algorithm yield a binary

doubly-stochastic matrix, the QoS constraints in 3.32e may no longer remain satisfied

after discretization. To overcome this issue, we apply an iterative projection to refine

variables P̂ and α using a constraint violation function, V , as defined in (3.25), with

ŷ initialized as ŷ[0] = {Ā, P̂(T ), α(T )} and the transformation Tl(·) in (3.25) is replaced

by TP (·), which is given in (3.30). The hyperparameters µ(l) and γ(l) are provided by

LLMH for round l, and the projection process continues until all QoS constraints in

(3.32e) are satisfied (or maximum number of rounds reached) while simultaneously

maximizing the achievable sum rate.

3.4 Numerical Results and Discussions

We now present and analyze the performance of the proposed LLM4RRM for both

use-cases. Throughout the numerical results, the following notations are adopted.

The average sum rate before and after projection is denoted by R̄pre and R̄post, re-

spectively. The QoS violation percentages before and after projection are represented

by Vpre and Vpost, respectively. Moreover, the average number of projection steps cor-

responding to (3.12) required to achieve zero constraint violation is denoted by SZV,

while the average number of projection steps required for convergence is given by
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Sconv. Furthermore, the corresponding time to convergence of the entire optimization

method is denoted by Tconv. Note that SZV is computed by averaging only over those

instances for which the constraint violation has been successfully reduced to zero. In

the numerical tables, bold entries indicate the best performance, while underlined

entries denote the second-best results.

3.4.1 Results: Joint Beamforming and Phase Shift Optimization

3.4.1.1 Experimental Setup

We consider a single cell STAR RIS-assisted Multiple-Input Single-Output (MISO)

downlink system comprising one BS, equipped with M = 8 antennas, and serving

U = 4 single antenna users. The BS is positioned 200 meters from the STAR RIS,

which is centrally located in the coverage area. Users are uniformly and randomly

distributed within a 50-meter radius circle around the STAR RIS. The number of

STAR RIS elements is varied as N ∈ {16, 32, 64}. The minimum rate requirement

is set as Rmin ∈ {3, 5, 17.5, 20} Mbps, while the transmit power constraint is chosen

as Pmax ∈ {1, 1.5, 2.0, 5.0}. The noise power is fixed at −170 dBm. Path loss for all

channels is calculated as L(d) = (35.6 + 22.0 log10(d)), where d denotes the distance

in meters. The Rician factor is set to ϵ = 10, and all channels follow the line of sight

model as described in [32].

For each system parameter configuration, we generate 100 independent random

channel realizations and report all performance metrics averaged over these realiza-

tions. The optimization is implemented using low-latency small-scale LLMs. In par-

ticular, our experiments employ GPT-5 Mini, GPT-4.1 Mini, Grok-4 Fast, Gemini-2.5

Flash, and Llama-4 Scout through their respective Application Programming Inter-

faces (APIs), with the temperature fixed at 1. Consistent prompt templates are used
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Table 3.1: Table 3.1(a) shows varying QoS and power constraints with fixed N =
16; Table 3.1(b) shows scalability with different RIS element counts and with fixed
(Rmin, Pmax) = (3.0, 1.0).

System Constraints (Rmin, Pmax) Method R̄pre R̄post Vpre (%) Vpost (%) SZV Sconv

(3.0, 1)

LLM4RRM (K = 1) 10.4835 75.7081 47.14 0 3.3 31
LLM4RRM 9.4345 75.1625 49 0 3.5 37.4
Neural Network 8.972 74.5825 33 0 4.2 59.2
Random Init 9.6605 71.1281 100 0 18 155.6
GA – 73.1894 – – – –

(5.0, 1.5)

LLM4RRM (K = 1) 16.207 90.2583 69 0 8.8 33.6
LLM4RRM 19.3355 91.034 61 0 7.6 32.4
Neural Network 12.612 81.5907 89 5.6 10.9 49.2
Random Init 10.0145 75.0613 100 11.6 40.3 196
GA – 88.5554 – – – –

(17.5, 2.0)

LLM4RRM (K = 1) 60.406 105.1776 83 0 12.3 52.9
LLM4RRM 65.697 106.0192 78 0 11 49.5
Neural Network 49.9465 92.3363 100 25.4 23.4 55.7
Random Init 29.2595 73.1088 100 59 81.2 174
GA – 101.8237 – – – –

(20.0, 5.0)

LLM4RRM (K = 1) 69.6985 117.9326 89 0 15.9 68.7
LLM4RRM 73.8905 118.3001 81 0 13.7 69.1
Neural Network 57.5595 95.3631 100 31.2 29.6 81
Random Init 33.216 71.5547 100 65.7 123.3 196.5
GA – 112.9114 – – – –

RIS Elements N Method R̄pre R̄post Vpre (%) Vpost (%) SZV Sconv Tconv

16

LLM4RRM (K = 1) 10.4835 75.7081 47.14 0 3.3 31 108 s
LLM4RRM 9.4345 75.1625 49 0 3.6 37.4 89 s

Neural Network 8.972 74.5825 33 0 4.2 59.2 3.97 h
GA — 73.1894 — 0 — — 67 s

Random Init 9.6605 71.1281 100 0 18 155.6 3.9 s

32

LLM4RRM (K = 1) 10.6435 101.2061 81 0 4.8 39.3 110 s
LLM4RRM 9.674 101.8643 65 0 5.5 35.1 91 s

Neural Network 9.476 100.4067 43 0 4.9 44 4.87 h
GA — 92.3444 — 0 — — 134 s

Random Init 9.121 79.7949 100 56 46.6 187 N-A

64

LLM4RRM (K = 1) 9.1135 126.3382 83 0 6.1 67.3 119 s
LLM4RRM 11.3315 127.7738 76 0 5.7 47.2 95 s

Neural Network 9.916 126.1286 45 0 7.4 74.3 5.48 h
GA — 112.3784 — 0 — — 155 s

Random Init 9.7835 24.8009 100 74.76 79.7 200 N-A

across all LLMs, and no task-specific fine-tuning or supervised training is performed.

We set T = 5 for all simulations unless stated otherwise because LLM inference

rounds yield the best performance when T = 5, as shown in Table 3.8. Similarly,

three few-shot examples are provided per instance, selected from the database D and
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constructed using the Frobenius norm as the similarity function. This choice is mo-

tivated by its strongest retrieval performance among all tested similarity metrics, as

demonstrated in Table 3.9. Furthermore, since the adaptive projection mechanism

consistently converges within Lconv = 1 to 2 rounds on average across all tested con-

figurations, as reported in Table 3.10, we conservatively set the maximum number of

projection rounds to L = 5 and the maximum number of projection steps to I = 200.

Furthermore, GPT 5 Mini is used as an LLM model in all results, unless mentioned

otherwise.

3.4.1.2 Baselines

We compare the proposed LLM4RRM against the following three baseline methods:

Deep Unsupervised Learning Framework This baseline implements the deep

unsupervised learning (DUL) framework proposed in [32] for STAR RIS-assisted net-

works. This method employs two DNN models, i.e., WNet and PNet, that are trained

using 90000 feasible channel instances to generate an unconstrained beamforming ma-

trix and a phase shift vector, which are subsequently projected onto the feasible set

using a differentiable projection layer.

Genetic Algorithm (GA) This baseline applies a standard GA with a population

of 500 generations, directly optimizing the decision variables y, without requiring

projection.

Random Initialization This baseline follows the same structure as the DUL frame-

work, except that the unconstrained beamforming matrix and phase-shift vector are
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generated randomly instead of being computed using trained DNN models.

3.4.1.3 Results for Varying QoS and Power Constraints

Table 3.1 (a) compares the LLM4RRM framwork with the baselines under different

(Rmin, Pmax) settings with RIS Elements set as N = 16. Here the DUL framework

has been trained with Rmin = 3.0 Mbps and Pmax = 1W.

Table 3.1(a) shows that the LLM4RRM consistently achieves substantially higher

pre- and post-projection sum rates across all scenarios when compared with the base-

line schemes, while always reducing post-projection violations to zero. Although the

pre-projection outputs of the LLM4RRM may exhibit constraint violations, for ex-

ample, up to 89% at the operating point (20.0, 5.0), these candidate solutions remain

close to the feasible region. As a result, the projection procedure requires only a small

number of corrective updates. This proximity leads to rapid convergence, typically

requiring between 3 and 15 steps to restore feasibility and between 31 and 69 steps

to reach full convergence, which is significantly faster than the DUL and random

baselines.

By contrast, the DUL and random baselines yield poor initial solutions, with the

random method performing the worst by producing the lowest post-projection sum

rates and requiring the greatest number of projection steps for both violation reduc-

tion and convergence. These two baselines exhibit 100% pre-projection violations

for some cases and generally struggle to eliminate constraint violations entirely, even

after the projection process. This is due to the fact that the initial points generated

by both baseline schemes are generally far from the feasibility region. On the other

hand, although GA does not exhibit constraint violations, it generally achieves lower
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sum-rates compared to LLM4RRM. Moreover, this performance gap becomes more

pronounced as the QoS constraints become more stringent.

3.4.1.4 Results for Varying Number of RIS Elements

Table 3.1(b) shows the effect of increasing RIS size from 16 to 64 elements with fixed

(Rmin, Pmax) = (3.0, 1.0). The LLM4RRM effectively scales with RIS size, maintaining

zero violations after projection and consistently achieving the highest post-projection

sum rates. The DUL baseline, while competitive in terms of sum rate, suffers from

poor scalability. Specifically, its feasible dataset generation time and training time

increase sharply, rising from approximately 3 hours for N = 16 to more than 5 hours

for N = 64. Moreover, each configuration requires generating a new feasible dataset,

which is a time-consuming process. In contrast, the random method exhibits a 100%

pre-projection violation rate, and its sum rate deteriorates significantly for larger

values of N . For example, when N = 64, the achieved sum rate drops to 24.8009

Mbps.

The GA achieves competitive sum rates for smaller RIS sizes but falls short of

LLM4RRM as N increases, since its population-based search scales poorly with the

growing dimensionality of the decision vector. Moreover, its runtime increases from 67

seconds at N = 16 to 155 seconds (surpasses the runtime of LLM4RRM) at N = 64,

while still underperforming LLM4RRM in sum-rate across all configurations. In con-

trast, the LLM-based approaches are training-free and system size agnostic, thus are

scalable. Moreover, Fig. 3.2 visualizes the post-projection convergence behaviour of

LLM4RRM for the parameter settings in Table 3.1. For the most complex configura-

tion (N = 64, U = 4, T = 5), the final prompt contained approximately 8,500–11,000
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(a) Average Sumrate vs Projection Steps across different (Rmin, Pmax) settings
(N = 16).

(b) Average Sumrate vs Projection Steps across different numbers of RIS
elements (Rmin = 3, Pmax = 1).

Figure 3.2: Post-projection sum rate vs. projection steps for LLM4RRM (Use-Case
Study I), illustrating convergence across diverse network scenarios.
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tokens across all solver and evaluator agents. This remains well within the context

windows of modern LLMs (400k–1M tokens for GPT-based and other frontier models)

Table 3.3: Effect of varying No. of few-shot examples (for Rmin = 5 Mbps, Pmax =
1.5 W, N = 16) for Case-study-I.

Examples Method R̄pre R̄post Vpre (%) Vpost (%) SZV Sconv

1
LLM4RRM (K = 1) 9.36 82.18 83 0 9.7 112.3
LLM4RRM 9.00 80.25 76 0 5.0 88.9

3
LLM4RRM (K = 1) 17.34 90.26 53.9 0 3.7 37.8
LLM4RRM 18.21 91.03 45 0 3.6 37.4

5
LLM4RRM (K = 1) 17.60 89.89 59 0 3.7 40.3
LLM4RRM 16.00 87.02 44 0 3.7 42.1

7
LLM4RRM (K = 1) 12.30 82.45 53 0 5.5 88.0
LLM4RRM 11.87 84.90 59 0 4.1 61.8

3.4.1.5 Impact of the Number of Few-Shot Examples

Table 3.3 shows the effect of varying the number of few-shot examples provided to

the solver LLMs for a fixed configuration with 16 RIS elements, Rmin = 5 Mbps, and

Pmax = 1.5W. Both variations of the LLM4RRM exhibit clear performance gains as

the number of few-shot examples increases from one to three. In this range, the mod-

els achieve higher sum rates and require fewer feasibility correction steps, typically

around three to four steps. Beyond this point, however, the benefit diminishes. With

five examples, the improvement saturates, and with seven examples, performance

degrades as the prompts become cluttered and less targeted. The sum rate follows

the same pattern, as it peaks when three to five few-shot examples are provided and

decreases when the number of examples is either too small (insufficient context) or

too large (excessive or distracting information). These observations underscore the

importance of prompt calibration. A well-chosen number of labelled examples accel-

erates convergence and improves solution quality, whereas overly long or unfocused
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prompts hinder optimization efficiency.

3.4.1.6 UQ and Trustworthiness

As discussed in Section 3.1.6, our uncertainty analysis comprises three components:

input-based, prompt-based, and output-based uncertainty. Table 3.1 demonstrated

input-based robustness of the LLM4RRM . Table 3.4 and 3.5 evaluate the other

two uncertainties by comparing robustness across prompt designs and by measuring

dispersion across repeated outputs, respectively. For the analysis of prompt design

variations, we define seven prompt styles: Prompt 1 employs a simple direct instruc-

tion with constraints; Prompt 2 incorporates few-shot examples; Prompt 3 introduces

physics aware formulations; Prompt 4 adds confidence statements; Prompt 5 adopts

structured chain-of-thought reasoning; Prompt 6 decomposes the task into multiple

solver agents for modular optimization (although it is multiple LLM models and each

model will be given its own separate prompt but for convention we can say that this

breakdown of the task is also a variation of the prompt); and Prompt 7 augments

this decomposition with evaluator-guided feedback for refinement.
Table 3.4: Prompt-based UQ, (for Rmin = 20 Mbps, Pmax = 5 W, N = 16) for
Case-study-I.

Prompt R̄post (Mbps) Vpost (%) SZV Sconv

Prompt 1 76.2364 60.3 112.1 153.1
Prompt 2 85.3546 21.3 29.6 85.3
Prompt 3 90.5557 0 25.3 74.2
Prompt 4 92.5673 0 22.1 73.8
Prompt 5 98.2389 0 19.5 65.1
Prompt 6 103.3001 0 16.4 64.4
Prompt 7 118.3001 0 13.7 61.4

Table 3.4 shows gains as prompt richness increases. Prompt 1 achieves only

76.23 Mbps with 60.3% violations and over 150 projection steps, reflecting high uncer-

tainty. The demonstrations and mathematical structure in Prompts 2 and 3 reduces
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Table 3.5: Output-based UQ (Rmin = 20 Mbps, Pmax = 5 W, N = 16) for Case-study
I.

Prompt Wr Wi a α ϕr ϕt

Prompt 1 2.9866 2.2899 2.7769 1.036 2.2878 2.5181
Prompt 2 1.0456 1.2884 1.8974 0.564 0.7480 0.8360
Prompt 3 0.5866 0.3864 0.7223 0.157 0.6230 0.5890
Prompt 4 0.4365 0.3479 0.6112 0.103 0.5970 0.5810
Prompt 5 0.3023 0.3335 0.1632 0.089 0.1460 0.0946
Prompt 6 0.1567 0.1899 0.1347 0.027 0.0899 0.0946
Prompt 7 0.0173 0.0262 0.0483 0.007 0.0697 0.0474

violations and achieves convergence in lesser steps. More structured reasoning and

multi-agent decomposition in Prompts 4–6 further stabilizes performance, reaching

103.30 Mbps with zero violations and achieving convergence in approximately 60–70

steps. Evaluator-guided refinement (Prompt 7 ) achieves the best performance, i.e.,

118.30 Mbps, zero violations, and the fastest convergence (SZV = 13.7).

Table 3.5 presents output-based uncertainty using the pairwise L2-norm disper-

sion metric, as defined in (3.13) with Ψ = 20. For each prompt-input pair, multi-

ple outputs are generated by running the LLM-based method 10 times (Λ = 10 in

(3.13)), and their average pairwise distances are computed to quantify stability. Early

prompt categories exhibit large dispersion values, e.g., dispersion values for Wr and

ϕt are 2.9866 and 2.5181, respectively, for Prompt 1, indicating substantial stochastic

variability. As the prompt structure becomes richer, dispersion decreases monotoni-

cally. For instance, a dispersion value for α reduces from 1.036 (Prompt 1) to 0.027

Table 3.6: LLM4RRM backbone comparison (Rmin = 3 Mbps, Pmax = 1, N = 16) for
Case-study-I.

Method R̄pre R̄post Vpre Vpost SZV Sconv

(%) (%)

GPT 5 Mini 9.43 75.16 49 0 3.5 37.4
GPT 4.1 Mini 9.32 74.89 53.9 0 3.7 39.8
Grok 4 Fast 8.71 74.63 60.1 0 4.1 42.1
Gemini 2.5 Flash 8.68 74.51 65.4 0 3.9 58.6
Llama 4 Scout 8.60 73.04 63.4 0 4.0 64.8
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(Prompt 6). It is evident that Prompt 7 yields the smallest dispersion value for all

variables, reflecting the highest degree of output consistency and lowest stochastic

variability.

Table 3.7: Performance of LLM-based joint UA and Power PC optimization. Ta-
ble 3.7(a) compares varying QoS and power constraints, while Table 3.7(b) analyzes
scalability across different network configurations.

(a) Varying QoS and power constraints with (B,Q,U) = (3, 2, 6)

(Ru,min, Pb,max) Method R̄post Vpost (%) Sconv

(2.5, 1.0)

LLM4RRM (K = 1) 29.7 0 16.1
LLM4RRM 27.9 0 17.2
JUPNET Neural Network 24.3 0 16.3
GA 26.8 – –

(5.0, 1.5)

LLM4RRM (K = 1) 40.8 0 18.9
LLM4RRM 41.7 0 18.1
JUPNET Neural Network 30.3 18.2 28.6
GA 38.9 – –

(7.5, 2.0)

LLM4RRM (K = 1) 53.1 0 18.8
LLM4RRM 56.55 0 19.1
JUPNET Neural Network 38.2 25.1 32.3
GA 51.2 – –

(12.5, 3.0)

LLM4RRM (K = 1) 91.76 0 19.8
LLM4RRM 92.21 0 18.7
JUPNET Neural Network 48.8 69.4 45.4
GA 87.5 – –

(b) Scalability across network configurations with (Ru,min, Pb,max) = (2.5, 1.0)

Configuration (B,Q,U) Method R̄post Sconv Tconv

(3, 2, 6)

LLM4RRM (K = 1) 29.7 16.1 19.2 s
LLM4RRM 27.9 17.2 23.07 s
JUPNET Neural Network 24.3 16.3 2.3 h
GA 26.8 – 28 s

(4, 2, 8)

LLM4RRM (K = 1) 67.2 19.1 25.322 s
LLM4RRM 68.1 20.2 24.105 s
JUPNET Neural Network 65.9 19.5 2.7 h
GA 63.5 – 38 s

(5, 2, 10)

LLM4RRM (K = 1) 79.5 24.1 24.347 s
LLM4RRM 81.5 25.3 23.97 s
JUPNET Neural Network 75.2 26.7 2.8 h
GA 72.1 – 47 s

(6, 2, 12)

LLM4RRM (K = 1) 95.8 30.5 25.33 s
LLM4RRM 96.1 30.2 25.212 s
JUPNET Neural Network 94.7 31.1 3.1 h
GA 89.3 – 59 s
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3.4.1.7 Comparison Across Different LLM Models

Considering the proposed prompt design, Table 3.6 evaluates several state-of-the-art

LLM backbones, i.e., GPT 5 Mini, GPT 4.1 Mini, Grok 4 Fast, Gemini 2.5 Flash, and

Llama 4 Scout. GPT-based models clearly outperform other models. GPT 5 Mini

consistently delivers the highest sum rates with the fewest steps to feasibility (3.5

steps) and the fastest convergence (37.4 steps). These results demonstrate consistent

performance trends across different LLM backbones, with comparable performance

gaps under the proposed prompt design, indicating that the observed trends are robust

to architectural and training differences. Also, while projection guarantees feasibility

for all models, the pre-projection solution quality strongly affects convergence speed

and final performance.

Table 3.8: Effect of varying the number of LLM inference rounds T on optimization
performance (Use-Case Study I, Rmin = 5.0 Mbps, Pmax = 1.5 W, N = 16).

T Method R̄pre R̄post Vpre (%) Vpost (%) SZV Sconv

3
LLM4RRM (K = 1) 13.82 89.47 74 0 10.2 41.3
LLM4RRM 14.91 89.82 71 0 9.4 38.7

5
LLM4RRM (K = 1) 16.21 90.26 69 0 8.8 33.6
LLM4RRM 19.34 91.03 61 0 7.6 32.4

7
LLM4RRM (K = 1) 15.87 89.98 71 0 9.1 35.2
LLM4RRM 18.76 90.71 64 0 8.2 34.8

9
LLM4RRM (K = 1) 14.93 89.35 75 0 10.5 38.9
LLM4RRM 17.82 90.21 68 0 9.3 37.6

3.4.1.8 Effect of Number of LLM Inference Rounds (T )

Table 3.8 presents an ablation over the number of LLM inference iterations T ∈

{3, 5, 7, 9} for Use-Case Study I under fixed system parameters (Rmin = 5.0 Mbps,

Pmax = 1.5 W, N = 16). Performance improves substantially from T = 3 to T = 5, as

the additional evaluator-guided refinement cycles allow the solver agents to address
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constraint violations and improve solution quality. Beyond T = 5, performance satu-

rates and degrades slightly for T = 7 and T = 9, likely due to context accumulation

and diminishing quality of feedback when the solution is already near-feasible. Based

on these results, T = 5 is adopted as the default throughout the main manuscript,

providing the best trade-off between solution quality and computational overhead.

3.4.1.9 Sensitivity Analysis of Few-Shot Similarity Metrics

The few-shot examples presented to each solver agent are retrieved from the database

D using a similarity function that measures the relevance of stored examples to the

current channel realization. Table 3.9 compares four retrieval strategies: Frobenius

norm, Cosine similarity, Manhattan distance, and random selection. This analysis is

conducted for Use-Case Study I under a fixed system configuration (Rmin = 5.0 Mbps,

Pmax = 1.5 W, N = 16).

Frobenius norm and Cosine similarity achieve comparable and superior perfor-

mance relative to Manhattan distance and random selection. Random selection is the

weakest strategy, yielding up to 5% lower post-projection sum rate and approximately

25% more steps to convergence, confirming that channel-aware similarity retrieval is

beneficial for guiding LLM reasoning. The Frobenius norm is adopted as the default

throughout the main manuscript due to its strong performance and computational

simplicity, though the framework can readily accommodate any similarity metric.

3.4.1.10 Effect of Number of Projection Rounds (L)

Table 3.10 reports the average number of projection rounds actually used by the

hyperparameter-tuning agent LLMH , denoted Lconv, across different QoS and power
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Table 3.9: Sensitivity of framework performance to different few-shot example simi-
larity metrics (Use-Case Study I, Rmin = 5.0 Mbps, Pmax = 1.5 W, N = 16). Bold
entries indicate best; underlined indicate second-best.

Metric Method R̄pre R̄post Vpre (%) Vpost (%) SZV Sconv

Frobenius
LLM4RRM (K = 1) 16.21 90.26 69 0 8.8 33.6
LLM4RRM 19.34 91.03 61 0 7.6 32.4

Cosine
LLM4RRM (K = 1) 16.15 90.18 70 0 8.8 31.8
LLM4RRM 19.89 90.95 62 0 7.7 32.6

Manhattan
LLM4RRM (K = 1) 15.23 88.95 74 0 9.6 36.5
LLM4RRM 18.11 89.63 68 0 8.9 35.7

Random
LLM4RRM (K = 1) 13.45 85.72 81 0 11.5 42.3
LLM4RRM 14.87 86.94 76 0 10.8 40.1

constraint settings in Use-Case Study I. Here, Lconv represents the average number of

times LLMH is invoked per channel instance, i.e., the number of rounds required be-

fore all projection constraints are satisfied. The maximum allowed number of rounds

is fixed at L = 5.

Results show that the framework consistently uses only Lconv ∈ {1.2, 2.2} rounds

on average for K = 1 and K = 2 respectively, across all tested configurations, demon-

strating that the adaptive projection mechanism converges rapidly and does not re-

quire manual tuning of the projection function. The maximum budget of L = 5 is

thus a conservative and safe upper bound that does not need to be adjusted on a per-

problem basis. Tighter QoS constraints (higher Rmin) require slightly more rounds,

but the overhead remains modest throughout.

3.4.2 Results: Joint User Association and Power Control Optimization

3.4.2.1 Experimental Setup

We evaluate a multi-cell downlink network with B ∈ {3, 4, 5, 6} base stations, each

providing Q = 2 orthogonal channels and serving U = B × Q single antenna users.
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Table 3.10: Average number of adaptive projection rounds Lconv used across different
QoS and power constraints (Use-Case Study I, N = 16, L = 5, T = 5). Bold entries
indicate best performance; underlined entries indicate second-best.

(Rmin, Pmax) Method R̄post Vpost (%) SZV Sconv Lconv

(3.0, 1.0)
LLM4RRM (K = 1) 75.71 0 3.3 31.0 1.2
LLM4RRM 75.16 0 3.5 37.4 1.3

(5.0, 1.5)
LLM4RRM (K = 1) 90.26 0 8.8 33.6 1.8
LLM4RRM 91.03 0 7.6 32.4 1.9

(17.5, 2.0)
LLM4RRM (K = 1) 105.18 0 12.3 52.9 2.1
LLM4RRM 106.02 0 11.0 49.5 2.2

(20.0, 5.0)
LLM4RRM (K = 1) 117.93 0 15.9 68.7 2.0
LLM4RRM 118.30 0 13.7 69.1 2.1

Base stations are placed within an 500 × 500 m area, and users are uniformly dis-

tributed. Each BS has a total power budget Pb,max ∈ {1.0, 1.5, 2.0, 3.0} W shared

across its two channels. The system bandwidth is BW = 5 MHz and the noise power

is −170 dBm. The per user QoS requirement is Ru,min ∈ {2.5, 5.0, 7.5, 12.5} Mbps.

Channels follow distance based path loss L(d) = dγ with exponent γ = 3.7, log

normal shadowing with standard deviation σs = 2.0 dB, and Rayleigh fading (unit

scale). For each setting, we generate 100 independent channel realizations using a

feasibility-aware dataset generator and report averages across these realizations. The

experiments are conducted using the same LLM models and settings as described

previously in Section 3.4.1.

3.4.2.2 Baselines

To benchmark the performance of our proposed LLM4RRM, we consider two base-

lines: (i) Joint UA+PC using Neural Netowrks (JUPNet) [87]. This baseline in-

tegrates two explicitly projected subnetworks, the Deep Explicit User Association

Network (DEUNet) and the Deep Explicit Projection Network (DEPNet). During
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training, the model alternates between DEUNet and DEPNet, where DEUNet applies

Sinkhorn normalization to enforce user associations, and DEPNet performs differen-

tiable projection for power control to satisfy QoS constraints. At inference, however,

JUPNet executes a single forward pass without iterative alternation, directly pro-

ducing both association and power allocations. Training is performed with 80,000

feasible examples. (ii) GA is employed as a second baseline with a population of 500

generations.

3.4.2.3 Results for Varying QoS Constraints

Table 3.7(a) compares LLM4RRM with the baseline for varying (Ru,min, Pb,max) con-

straints. The JUPNET has been trained for (B,Q,U) = (3, 2, 6), Ru,min = 2.5 Mbps

and Pb,max = 1.0W. The proposed LLM4RRM achieves considerably higher sum-

rates for all cases in comparison to the baseline. Moreover, JUPNET fails to achieve

zero constraint violations, especially for data points that were not included in its

training set. For instance, for (Ru,min, Pb,max) = (12.5, 3.0), the baseline exhibits a

post-projection violation rate of 69.4%, whereas the LLM4RRM reduce the violation

to zero. These findings demonstrate that the proposed LLM-based approach can ad-

just to new QoS conditions without any retraining, whereas JUPNet is constrained by

its fixed training distribution and cannot reliably generalize beyond it. Convergence

trends further support this advantage, as the LLM4RRM stabilizes in approximately

16–20 steps for considered constraint settings, while JUPNET requires 16–45 steps.

Although GA adapts to new (Ru,min, Pb,max) values, it yields lower sum-rates than

LLM4RRM across all settings, as it struggles to handle the coupled discrete and

continuous variables.
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3.4.2.4 Results for Varying Network Configurations

Table 3.7(b) evaluates the impact of network size by varying the number of users

and BSs, i.e., B ∈ {3, 4, 5, 6}. The LLM4RRM sustains high performance while

converging efficiently across all configurations. In the smallest configuration (B =

3, U = 6), LLM4RRM achieves a sum-rate of 27.9−29.7 Mbps, within approximately

23 seconds, whereas JUPNet attains only 24.3 Mbps and requires more than two hours

for training and feasible dataset generation. This gap in time complexity further

widens as the network scales. That is, the sum-rates for the LLM4RRM converge

in approximately 25 seconds, whereas JUPNET achieves slightly lower sum-rate and

requires over 3 hours of retraining. The GA achieves competitive sum-rates for smaller

configurations, but falls behind LLM4RRM as the network grows. Moreover, its

runtime also scales unfavorably, increasing from 28 seconds at (B = 3) to 59 seconds at

(B = 6), while still underperforming LLM4RRM in sum-rate across all configurations.

Table 3.11: Multi-Agent LLM backbone comparison for joint UA-PC optimization
(B = 3, Q = 2, U = 6, Rmin = 2.5 Mbps, Pmax = 1.0 W).

Method R̄post Sconv Tconv

(Mbps) (s)

GPT 5 Mini 27.98 16.1 23.07
GPT 4.1 Mini 26.44 16.2 24.89
Gemini 2.5 Flash 25.53 17.1 25.1
Grok 4 Fast 25.24 18.1 26.23
Llama 4 Scout 22.31 18.9 25.4

* Bold = best, underlined = second-best.

3.4.2.5 Comparison Across Different LLM Models

Table 3.11 analyzes the effect of model choice on UA+PC optimization with Rmin =

2.5 Mbps, B = 3, Q = 2, and U = 6. For both LLM frameworks, yet again, GPT-

based models consistently deliver the best performance. More specifically, GPT 5
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Mini delivers the strongest overall performance, achieving 29.8 Mbps in the Feedback-

driven mode and 27.98 Mbps in the Multi-Agent mode, while also requiring the

smallest number of steps and lowest time to reach convergence. GPT 4.1 Mini ranks

second, achieving slightly lower sum-rates with slightly higher latencies. Gemini 2.5

Flash and Grok 4 Fast fall in the mid-tier category, producing similar sum rates, i.e.,

around 25–25.5 Mbps with modestly higher time for convergence. Llama 4 Scout

consistently trails behind in terms of the achievable sum-rates. This analysis again

shows that the solution quality is dependent upon the choice of the LLM model.

Table 3.12: UQ for Use-Case Study-II (B = 3, Q = 2, U = 6, Ru,min = 12.5 Mbps,
Pb,max = 3.0 W).

(a) Prompt-based Uncertainty (b) Output-based Uncertainty

Prompt R̄post Vpost Sconv Prompt UA Cons. Power
(Mbps) (%) Rate MAD

1 51.24 47.2 153.2 1 0.13 1.78
2 60.46 10.5 33.2 2 0.56 0.55
3 75.11 0 25.2 3 0.77 0.49
4 77.15 0 22.7 4 0.79 0.41
5 83.47 0 22.4 5 0.84 0.16
6 85.11 0 21.5 6 0.88 0.089
7 92.21 0 18.7 7 0.97 0.033

3.4.2.6 UQ and Trustworthiness

Similar to the case study I, we assess prompt-based and output-based uncertainty

for the case study II in Tables 3.12(a) and 3.12(b). Since input-based robustness

has already been demonstrated in earlier results (Table 3.7), we now focus on how

prompt structure affects the reliability of the discrete user–association decisions and

the continuous power–allocation variables for Ru,min = 12.5 and Pb,max = 3.0. We note

a trend consistent with that observed in case study I. Weak prompting (Prompt 1)

produces high violation rates (47.2%), and slow feasibility recovery, i.e., requires

153.2 steps for zero constraint violation. Adding structure through few-shot guidance,
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equation-based reasoning, and modular decomposition through Prompts 2–7 reduces

or removes violations, and accelerates convergence with improved sum-rates. The

stability metrics in Table 3.12(b) quantify output-based uncertainty for both decision

types, with Ψ = 20 and Λ = 10. User-association consistency is computed by applying

the pairwise dispersion metric, DUQ, given in (3.13) to the binary UA matrices and

converting the resulting dispersion into a normalized consistency score e−DUQ , so

values closer to 0 reflect high dispersion. Normalized consistency score increases

from 0.13 (Prompt 1) to 0.97 (Prompt 7), indicating reduction in variability of a

binary variable. Likewise, power-allocation stability, assessed via the MADUQ, given

in (3.14), shows an analogous improvement.

3.5 Summary

This chapter proposes LLM4RRM, a novel BCD-inspired multi-agent feedback-driven

LLM framework in which each LLM solver optimizes a subset of decision variables un-

der a structured guidance provided by an evaluator LLM. An LLM-guided projection

process is also introduced, which facilitates handling complicated constraints. More-

over, we introduce two metrics that quantify the trustworthiness of LLM-generated

responses. Numerical results show that LLM4RRM not only delivers superior-quality

solutions but also exhibits real-time scalability and adaptability, outperforming the

baseline schemes. Furthermore, a prompt-based UQ is provided that demonstrates the

reliability of LLM4RRM over heterogeneous network conditions. In addition, since

LLM4RRM naturally accommodates additional decision variables through the block

partitioning parameter K, it can be readily extended to scenarios such as multicast,

mobility management, and network slicing.
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Chapter 4

LLM4TSF: Multi-Agent LLM Framework for

Multivariate Time-Series Forecasting

This chapter extends the thesis from LLM-based wireless decision-making to tempo-

ral prediction. In particular, it develops a general multi-agent large language model

framework for multivariate time-series forecasting, referred to as LLM4TSF. Consis-

tent with the design philosophy of Chapter 3, the framework is training-free, relies on

structured prompt engineering rather than gradient-based optimization, decomposes

the task into specialized sub-agents, and improves forecast quality through iterative

evaluator feedback.

To preserve the same chapter logic used in Chapter 3, this chapter first introduces

the LLM4TSF framework in a task-agnostic manner. This separation is intentional:

the framework is meant to be reusable across different multivariate forecasting tasks

and is therefore developed first at the methodological level before any application-

specific instantiation is discussed.
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4.1 System Model and Problem Formulation

Consider a multivariate time-series forecasting (TSF) problem in which each obser-

vation xk ∈ RM denotes the joint values of M correlated channels at discrete time

index k. Let x represent the system parameters, comprising the historical lookback

window of length L,

Xpast =
(
x−(L−1), . . . ,x0

)
∈ RL×M , (4.1)

together with domain metadata such as cross-channel relationship priors and temporal

event descriptors. The goal is to predict the future multivariate trajectory

y ≜ Xfuture =
(
x1, . . . ,xH

)
∈ RH×M , (4.2)

over a forecast horizon H, partitioned channel-wise as

y = {y1, . . . ,yM}, ym ∈ RH . (4.3)

The forecasting task is subject to a set of J plausibility constraints {cj(x,y) ▷j 0}Jj=1

encoding physical bounds, statistical consistency, and cross-channel coherence re-

quirements, with ▷j ∈ {≥,≤,=}.

Unlike trained forecasting models that explicitly learn the conditional distribu-

tion pθ(Xfuture | Xpast) from task-specific labelled data, LLM4TSF approximates this

mapping in a training-free manner through a cooperative multi-agent pipeline: (i) a

time-series foundation model (TSFM) generates a probabilistic prior over future tra-

jectories directly from Xpast via zero-shot in-context inference; (ii) a large language
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model (LLM) agent reasons over cross-channel physics and context statistics to pro-

duce a structured state-transition specification; and (iii) a Kalman filter layer fuses

both outputs into a refined, statistically consistent multivariate forecast satisfying the

plausibility constraints, without any parameter updates or dataset-specific retraining.

The joint evolution of the M channels over the forecast horizon is modelled as a

linear discrete-time state-space system,

st = Fst−1 + ηt, ηt ∼ N (0,Q), (4.4)

zt = Hst + νt, νt ∼ N (0,R), (4.5)

where F ∈ RM×M is the LLM-defined state-transition matrix encoding cross-channel

dependencies; H = IM ; Q and R are the process- and measurement-noise covariances;

and zt ∈ RM represents the TSFM-derived pseudo-observation at step t. The initial

state s0 = x0 is subsequently adjusted by the LLM agent to account for anticipated

short-term dynamics at the forecast boundary.

4.2 LLM4TSF Framework

In this section, we propose LLM4TSF, a novel training-free multi-agent framework

for multivariate time-series forecasting, as illustrated in Fig. 4.1. The framework

operates as a cooperative reasoning pipeline among two solver agents, a TSFM prob-

abilistic forecasting agent LLM1 and an LLM cross-channel reasoning agent LLM2,

coordinated by a shared evaluator agent LLME. Their joint output is subsequently

passed to a Kalman filter layer that enforces cross-channel consistency and statistical

plausibility.
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4.2.1 LLM4TSF

4.2.1.1 Problem Decomposition and Agent Assignment

The forecast y is produced through two cooperative agent blocks. At iteration t,

these blocks are given as:

y
(t)
1 = Ŷ

(t)
TSFM, y

(t)
2 = Φ

(t)
LLM, (4.6)

where Ŷ
(t)
TSFM ∈ RM×H is the probabilistic trajectory produced by the TSFM agent

LLM1, and Φ
(t)
LLM is the structured state-transition specification produced by the

LLM reasoning agent LLM2. Following standard agent notation, the output of the

k-th solver agent at iteration t is:

y
(t)
k = E

(
LLMk

(
Π

(t)
k

))
, k ∈ {1, 2}, t ≥ 0, (4.7)

where Π
(t)
k is the structured prompt and E(·) converts the agent’s output into machine-

interpretable numerical representations. LLM2 receives y
(t)
1 as part of its prompt

context, ensuring it operates with the most current TSFM trajectory when reasoning

about cross-channel dynamics.

4.2.1.2 TSFM Probabilistic Forecasting Agent (LLM1)

TSFMs are large-scale neural networks pre-trained on heterogeneous time-series cor-

pora spanning diverse domains and temporal granularities [88–90]. A particularly

relevant capability of modern TSFMs is their ability to perform zero-shot forecasting

via in-context learning: given a historical context window as input, the model directly
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generates probabilistic forecasts over a specified horizon without any fine-tuning or

gradient updates. Depending on the architecture, encoder-decoder, decoder-only,

or encoder-only, TSFMs produce either autoregressive sample trajectories or direct

quantile forecasts through a quantile regression head [88,89].

Figure 4.1: LLM4TSF Architecture

The TSFM agent LLM1 takes the historical context Xpast as its sole numerical

input and applies per-channel instance normalization,

x̃m(t) =
xm(t)− µm

σm
, t = −(L−1), . . . , 0, (4.8)

where µm and σm are the sample mean and standard deviation of channel m over the

lookback window. The normalised context is passed through the TSFM to obtain,

for each channel, a probabilistic forecast in the form of either sample trajectories or

quantile estimates. Specifically, the TSFM produces for each channel m a set of Nq

quantile levels {q̂m,αi
}Nq

i=1 at each forecast step. A point estimate and uncertainty
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envelope are extracted as:

µ̂m = median
{
q̂m,αi

}
, σ̂m = q̂m,αhigh

− q̂m,αlow
, (4.9)

and the full TSFM output block, denormalised back to original units, is:

y
(t)
1 = ŶTSFM =

{
µ̂, σ̂, q̂low, q̂high

}
∈ RM×H . (4.10)

Crucially, the TSFM agent LLM1 operates entirely on numerical time-series data and

does not accept natural-language prompts; it is not a text-based LLM but rather a

numerical pre-trained model invoked through a standard inference API. Its output

y
(t)
1 serves two roles: the point estimate µ̂ provides pseudo-observations zt for the

downstream Kalman update, while σ̂ provides per-channel uncertainty diagnostics

that inform the LLM reasoning agent LLM2.

4.2.1.3 LLM Cross-Channel Reasoning Agent (LLM2)

LLM2 translates domain knowledge, context-window statistics, and TSFM forecast

diagnostics into a structured, numerically grounded specification of the cross-channel

state-transition matrix F for the Kalman layer. Its prompt is constructed as:

Π
(t)
2 = P2

(
y
(t)
1 , ∆(t), H(t)

2

)
, t ≥ 0, (4.11)

where y
(t)
1 is the current TSFM output provided as numerical context, ∆(t) is the

evaluator feedback (empty at t = 0), and H(t)
2 is the agent’s accumulated history.
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Formally:

H(t)
2 =


{x, SM , T2}, t = 0,

{H(t−1)
2 , ∆(t), y(t−1), RT

(t−1)
2 }, t ≥ 1,

(4.12)

where T2 is the LLM task description, SM is the few-shot example set retrieved from a

database D of past forecasting contexts, and RT
(t)
2 is the agent’s reasoning trace from

the prior iteration. The prompt Π
(t)
2 integrates four structured information layers.

(L1) Domain context: Natural-language descriptions of cross-channel direc-

tional relationships with their characteristic lag values and strength priors, and known

temporal events active at the current timestamp t0 (e.g., working hours, weekday/weekend

flag).

(L2) Context-window statistics: Per-channel descriptors

cm = [µm, σm, ∆xm, xm(0), ρactive,m]⊤, where ∆xm = xm(0) − xm(−(L−1)) is the

context trend and ρactive,m is the fraction of non-zero samples, detecting inactive

channels whose coupling coefficients should be suppressed.

(L3) TSFM forecast diagnostics: A compact per-channel numerical summary

of y
(t)
1 ,

dm =
[
µ̂start
m , µ̂mid

m , µ̂end
m , σ̄m, σ

max
m , ϕnull

m

]⊤
, (4.13)

where µ̂
start/mid/end
m are short-window averages at the beginning, middle, and end of

the forecast horizon; σ̄m and σmax
m characterise forecast dispersion; and ϕnull

m flags any

sustained near-zero segment indicating channel inactivity. High dispersion σ̄m on

channel m signals low TSFM confidence, instructing LLM2 to reduce the coupling

coefficient magnitude for that channel and assign it lower reliability in the Kalman

layer.

(L4) Few-shot in-context examples: Two representative examples retrieved
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fromD: a good-forecast example where the dominant cross-channel relationship achieves

Pearson correlation ρ > 0.6, and a bad-forecast example where the dependent channel

remains flat despite a significant input trend (∆ > 8%), flagging a coupling break-

down the agent must counteract. A chain-of-thought directive instructs the agent to

generate at minimum six F-matrix entries, of which at least four must deviate from

the static domain priors by more than 0.05 based on the specific forecast window.

The agent is constrained to emit a single self-contained JSON object defining the

output block:

y
(t)
2 = ΦLLM =

{
EF, δ0, ρrel, Eevents

}
, (4.14)

where EF = {(j→i, cij, ℓij)} specifies transition coefficients cij ∈ [0, 1] and lags ℓij ≥

0; δ0 ∈ RM are initial state corrections clipped to ±10% of the physical channel

range; ρrel ∈ (0.1, 2.0]M are per-channel TSFM reliability weights scaling the Kalman

measurement noise R; and Eevents lists active domain events at t0.

4.2.1.4 Evaluator Agent and Feedback Generation

Once both agents produce their outputs, the evaluator LLME assesses the joint so-

lution y(t) = {y(t)
1 ,y

(t)
2 } against the plausibility constraints. The evaluator prompt

is:

Π
(t)
E = PE

(
r(t), y(t), RT

(t)
2 , H

(t)
E

)
, t ≥ 0, (4.15)
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where r(t) ≜ {cj(x,y(t))}Jj=1 is the constraint evaluation vector and RT
(t)
2 is the LLM

reasoning trace. The evaluator history is:

H(t)
E =


{x, SE, TE}, t = 0,

{H(t−1)
E , ∆(t), r(t−1), y(t−1), RT

(t−1)
2 }, t ≥ 1,

(4.16)

where SE and TE are the evaluator’s few-shot set and task description assigning it

the role of a statistical critic. The evaluator generates high-level textual critique:

∆(t+1) = LLME

(
Π

(t)
E

)
, (4.17)

which is parsed by an extraction function EE(·) into structured feedback ∆(t+1) and

injected into Π
(t+1)
2 for the next iteration to guide refinement of ΦLLM. Three plau-

sibility constraints are enforced: (C1) forecast mean within δµ standard deviations

of the historical mean; (C2) forecast-to-history volatility ratio within [rmin, rmax];

(C3) dominant sign structure of the cross-channel correlation matrix preserved in

the predicted trajectories.

4.2.2 Kalman Filter Feasibility Layer

After T reasoning iterations, the joint solution y(T ) = {Ŷ(T )
TSFM,Φ

(T )
LLM} is passed to

the Kalman filter feasibility layer, which fuses both agent outputs into a single cross-

channel-consistent forecast:

ŷ(T+1) = KalmanFuse
(
Ŷ

(T )
TSFM, Φ

(T )
LLM, x

)
∈ RM×H . (4.18)
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4.2.2.1 State-Transition Matrix Construction

F is assembled from Φ
(T )
LLM in three steps. Step 1, Domain prior seeding: F is ini-

tialised to IM with off-diagonal entries populated from static domain priors in x.

Step 2, LLM-adaptive override: Entries from EF replace domain priors with context-

calibrated coefficients cij, subject to a bidirectional amplification guard,

|Fij · Fji| ≤ 0.25, ∀ i ̸= j, (4.19)

preventing circular state amplification over the horizon H. Step 3, Spectral radius

stabilisation: Off-diagonal entries are iteratively damped until

ρ(F) = max |λi(F)| ≤ 0.99, (4.20)

guaranteeing bounded multi-step state rollout. Channels with σ̂m/|µ̂m| > κ have all

associated off-diagonal F entries zeroed, preventing high-uncertainty channels from

corrupting their cross-channel partners.

4.2.2.2 Noise Covariance and Kalman Fusion

The process noise is Q = q IM , and the measurement noise is per-channel adaptive:

Rmm =
R0

max(ρrel,m, 0.1)
, (4.21)

where R0 is the base noise level, so that high LLM-assigned reliability reduces Rmm

and shifts trust toward the TSFM pseudo-observation, while low reliability increases

Rmm and shifts trust toward the transition model. Filtering is performed in the
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normalised state space with the initial state incorporating the LLM correction:

s̃0 =
(s0 + δ0)− µctx

σctx

. (4.22)

For each step t = 1, . . . , H, the standard predict–update equations are applied:

s̃t|t−1 = F s̃t−1|t−1, Pt|t−1 = FPt−1|t−1F
⊤ + Q, (4.23)

Kt = Pt|t−1(Pt|t−1 + R)−1, (4.24)

s̃t|t = s̃t|t−1 + Kt

(
z̃t − s̃t|t−1

)
, (4.25)

where z̃t is the normalised channel-wise point estimate µ̂(:, t) from Ŷ
(T )
TSFM at step

t. The Kalman gain Kt dynamically balances trust between the TSFM trajectory

and the LLM-specified transition dynamics. After H steps, the filtered states are

denormalised,

ŷm(t) = s̃m,t|t · σctx,m + µctx,m, t = 1, . . . , H, (4.26)

yielding the final multivariate forecast ŷ(T+1) ∈ RM×H .

4.2.3 Uncertainty Quantification

To assess the reliability and trustworthiness of LLM4TSF outputs, we introduce a

multi-component UQ framework operating at three levels: the TSFM probabilistic

output, the Kalman feasibility layer, and the LLM reasoning agent.
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4.2.3.1 TSFM Quantile Propagation

The TSFM agent LLM1 generates Ns probabilistic sample trajectories per channel

from which the 2.5th and 97.5th percentiles are extracted as lower and upper uncer-

tainty bounds,

q̂m,low(t) = P2.5

{
samplesm(t)

}
, q̂m,high(t) = P97.5

{
samplesm(t)

}
, (4.27)

targeting a nominal 95% coverage interval for each channel m at each forecast step t.

A per channel quantile spread score summarises predictive interval width across the

horizon:

QSm =
1

H

H∑
t=1

(
q̂m,high(t)− q̂m,low(t)

)
. (4.28)

Channels exhibiting large QSm receive suppressed coupling coefficients in F and ele-

vated measurement noise in R, directly linking TSFM uncertainty to Kalman filter

trust allocation.

4.2.3.2 Kalman Covariance Uncertainty

The Kalman filter maintains an internal error covariance matrix Pt|t ∈ RM×M at every

forecast step via (4.23)- (4.25). The diagonal entries Pmm(t) represent per channel

posterior variance, which are propagated into physical units to form 95% confidence

bands:

ŷm(t)± 1.96
√
Pmm(t) · σctx,m, (4.29)

where σctx,m is the standard deviation of channel m over the historical context win-

dow. To prevent numerical collapse of P over long horizons, a covariance floor

P ← max(P, ϵM) with ϵ = 10−4 is enforced after each predict and update step.
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A per-channel horizon uncertainty growth score,

UGm =
1

H

H∑
t=1

Pmm(t), (4.30)

quantifies how rapidly the filter loses confidence as the horizon extends. Unlike

the TSFM bands which reflect the pre-trained model’s distributional uncertainty,

the Kalman bands capture the compound uncertainty arising jointly from the LLM-

specified transition dynamics and the TSFM measurement reliability.

4.2.3.3 LLM Reasoning Uncertainty

To assess the stability of the LLM reasoning agent LLM2, we adopt the prompt-based

and output-based UQ strategies from 3.1.6. Output-based stability is measured via

the mean absolute deviation metric MADUQ across Λ independent runs of the full

pipeline with fixed inputs and temperature T = 1.0:

MADUQ =
1

ΛΥ

Λ∑
λ=1

Υ∑
υ=1

∣∣y(T )λ,υ − ȳυ
∣∣, (4.31)

where Υ = M × H is the total number of forecast elements and ȳυ is the element-

wise mean across Λ runs. Lower MADUQ indicates greater LLM output consistency.

Prompt-based uncertainty is assessed by running the full pipeline under three prompt

configurations of increasing richness, minimal statistics only (prompt 1), full domain

knowledge (prompt 2), and addition of chain-of-thought (prompt 3) in prompt 2

reasoning, and comparing the resulting MSE (Mean Square Error) and plausibility

constraint satisfaction rates across configurations.
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4.2.4 Univariate Special Case

The general formulation naturally includes univariate forecasting as the special case

M = 1. While the overall LLM4TSF pipeline is preserved: the TSFM agent LLM1

provides a probabilistic prior, the LLM agent LLM2 produces a scalar transition speci-

fication, and the evaluator LLME checks forecast plausibility. The only simplification

is that no inter-channel dependencies are modeled, so the cross-channel coherence

constraint (C3) is removed. The evaluator therefore enforces only the mean- and

volatility-consistency constraints corresponding to (C1) and (C2), and the Kalman

feasibility layer fuses the TSFM prior with a scalar transition model.

Figure 4.2: EMF Illustration

4.3 Use Case: Electromagnetic Field (EMF) Forecasting via LLM4TSF

4.3.1 EMF Signal Model and Grouped Representation

We instantiate LLM4TSF on frequency-selective EMF [91] forecasting across cellular

technology bands. The monitoring dataset comprises Nc = 29 narrowband channels
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resampled to a 7.5-minute grid. Received channel power PdBm(f) is converted to

electric field strength (V/m) as [92]:

Ef (t) =

√
10(PdBm(f)−30)/10Z0

Ae(f)
, (4.32)

where Z0 ≈ 376.73 Ω and Ae(f) = Gfλ
2
f/(4π) uses Keysight N6850A calibration

factors. A Hampel outlier filter (window 11, threshold 3 σMAD) is applied channel-

wise to suppress sensor spikes prior to forecasting. The Nc channels are grouped into

M = 4 technology classes G = {g2G, g3G, g4G, g5G} via root-sum-square fusion:

Egm(t) =
( ∑
f∈Fgm

E2
f (t)
)1/2

, (4.33)

yielding the multivariate EMF state vector E(t) ∈ R4 at each timestep t, which

constitutes Xpast for LLM4TSF.

4.3.2 EMF Problem Instantiation

Given Xpast ∈ RL×4, the forecasting task is instantiated with M = 4 and the plausi-

bility constraints (C1)–(C3) specialised as:

c1 :
∣∣µ(Êgm)− µ(Epast

gm )
∣∣ ≤ δµ σ(Epast

gm ), ∀gm, (4.34)

c2 : rmin ≤ σ(Êgm)/σ(Epast
gm ) ≤ rmax, ∀gm, (4.35)

c3 : sign
(
corr(Êgm , Êgn)

)
= sign(ρgm,gn), ∀(gm, gn) ∈ Pρ, (4.36)

where Pρ is the set of dominant technology-band correlation pairs.
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4.3.2.1 TSFM Agent for EMF

The TSFM agent takes the normalised grouped EMF history Ẽpast
gm per (4.8) as input

for each of the four technology groups and produces a probabilistic forecast via zero-

shot in-context inference. The resulting channel-wise point estimates and uncertainty

envelopes form the output block y
(T )
1 = ŶEMF

TSFM ∈ R4×H , whose columns serve as

pseudo-observations z̃t in the Kalman update step.

4.3.2.2 LLM Reasoning Agent for EMF

The system parameters x encode the following EMF-specific domain knowledge: ad-

jacent 4G LTE (Long-Term Evolution) 800 MHz carriers co-vary at strength ≈0.7;

2G GSM (Global System for Mobile Communications) 900 MHz carriers correlate at

≈0.6; 4G 2600 MHz carriers exhibit the strongest coupling at ≈0.8; and a lag-1 rela-

tionship exists between 2G and 4G load patterns. Working-hour activity (09:00–17:00

on weekdays) drives the dominant diurnal EMF cycle. Using the context statistics

{cgm} and TSFM diagnostics {dgm} from (4.13), the agent calibrates EF accordingly:

high forecast dispersion on the 5G band suppresses its coupling coefficients and ele-

vates its measurement noise in R; the 4G band’s known weak cross-technology corre-

lation (ρ ≤ 0.19 [92]) causes its off-diagonal F entries to be suppressed. The output

y
(T )
2 = ΦEMF

LLM provides per-group F-matrix entries, initial state corrections δ0, and

per-group reliability weights ρrel.

4.3.2.3 Kalman Fusion for EMF

The 4×4 matrix FEMF is assembled from ΦEMF
LLM subject to (4.19) and (4.20). After the

H-step predict–update loop (4.23)–(4.25), with TSFM pseudo-observations z̃t from
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ŶEMF
TSFM, filtered states are denormalised per (4.26) to recover physical V/m units,

yielding:

Êfuture =
[
Êg2G , Êg3G , Êg4G , Êg5G

]
∈ RH×4, (4.37)

satisfying constraints (4.34)–(4.36) through the joint action of the evaluator feedback

loop and the Kalman feasibility layer.

4.4 Results and Discussion

4.4.1 Experimental Setup

4.4.1.1 Dataset and Evaluation Protocol

Experiments are conducted on a real-world Italian Radio-Frequency Electromagnetic

Field (RF-EMF) dataset collected at the University Hospital Tor Vergata rooftop

site in Rome from July 2023 to March 2024, comprising Nc = 29 narrowband fre-

quency channels spanning 9 kHz–6 GHz from four network operators (Iliad, TIM,

VF, W3) [93]. Raw measurements are converted from dBm to V/m using Keysight

N6850A calibration factors, resampled to a 7.5-minute grid (192 samples/day), and

grouped into M = 4 technology-band series per (4.33). Performance is evaluated over

NW = 100 randomly selected rolling windows, each with a lookback of L = 1344

steps (7 days) and a forecast horizon of H = 192 steps (1 day). We report ND (nor-

malized deviation), NRMSE (normalized root-mean-square error), and MAPE (mean

absolute percentage error) as mean across windows at both the aggregated operator

and technology-band levels.

93



4.4.1.2 LLM4TSF Configuration

The TSFM agent LLM1 uses Amazon Chronos-2 [88], generating Ns = 1000 sample

trajectories per channel via inverse-CDF (Cumulative Distribution Function) sam-

pling from the model’s native quantile outputs. The LLM reasoning agent LLM2

and evaluator LLME both use gpt-5.1-mini with temperature 1.0 and 3000 maximum

output tokens. The prompt includes ks = 2 in-context examples per window: one

good-forecast example (ρ > 0.6) and one bad-forecast example (∆ > 8%). Up to

3 re-attempts are made per window on JSON parse failure; windows for which all

attempts fail are excluded from the aggregate statistics. The Kalman filter uses base

sensor noise R0 = 2.0, process noise scale q = 0.01× σ̂TSFM, and high-uncertainty flag

threshold κ = 5.0.

4.4.1.3 Baselines

The primary benchmark is EMFusion [92], a conditional diffusion model for frequency-

selective EMF forecasting evaluated in its working-hour-conditioned multivariate con-

figuration. We consider a representative set of baselines across forecasting paradigms:

Naive Forecast (NF) as a naive statistical reference, IQLSTM for recurrent sequence

modeling, TimeGrad as a diffusion-based generative model, and EMForecaster [77]

as a strong domain-specific deep learning baseline. To isolate the contribution of

our framework, we also include a standalone TSFM baseline using Chronos-2 [88].

All baselines (except NF and Chronos) require dataset-specific training, whereas

LLM4TSF operates with zero training overhead.
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Table 4.1: Operator-wise forecasting performance comparison. Lower is better. Bold
= best; underline = second best.

Model
Iliad TIM VF W3

ND NRMSE MAPE ND NRMSE MAPE ND NRMSE MAPE ND NRMSE MAPE
NF 0.1901 0.2271 22.0056 0.2674 0.3344 30.5366 0.1505 0.1899 16.3322 0.1732 0.2126 19.5926
IQLSTM 0.1742 0.2088 22.0082 0.2272 0.2905 23.7362 0.1484 0.2158 16.5989 0.1742 0.2179 19.3497
TimeGrad (29) 0.3405 0.8942 89.2536 0.4230 1.3310 52.4586 0.2997 1.0983 29.7099 0.3184 1.0497 48.2214
EMForecaster 0.1706 0.2019 21.5334 0.2042 0.2499 22.5550 0.1419 0.2031 16.0613 0.1585 0.1937 18.5124
EMFusion 0.1304 0.1772 14.2795 0.1433 0.2143 14.1847 0.0997 0.1781 11.0273 0.1132 0.1639 12.1131
Chronos (TSFM only) 0.1997 0.2345 23.5577 0.1062 0.1308 11.0043 0.1241 0.1481 12.9720 0.1294 0.1577 13.9718
LLM4TSF 0.1648 0.2107 19.6169 0.0996 0.1237 10.1546 0.1099 0.1321 11.5692 0.1147 0.1405 11.9509

Table 4.2: Technology-band-wise forecasting performance comparison. Lower is bet-
ter. Bold = best; underline = second best.

Model
2G 3G 4G 5G

ND NRMSE MAPE ND NRMSE MAPE ND NRMSE MAPE ND NRMSE MAPE
NF 0.1416 0.1773 14.3473 0.2153 0.2534 24.2409 0.1637 0.1983 18.1657 0.2103 0.3111 18.5137
IQLSTM 0.1342 0.1708 13.7036 0.1841 0.2256 20.9445 0.1488 0.1827 17.1466 0.1901 0.2994 18.1656
TimeGrad (29) 0.3761 2.2558 38.7363 0.3133 0.9559 61.6179 0.3375 0.9451 56.1075 0.3912 0.9879 40.6475
EMForecaster 0.1682 0.2156 19.0429 0.1688 0.2122 19.6655 0.1661 0.2102 19.3257 0.1802 0.2262 20.6762
EMFusion 0.0821 0.1135 8.3460 0.1153 0.1564 13.1791 0.1109 0.1495 11.8418 0.1518 0.4311 11.5743
Chronos (TSFM only) 0.1283 0.1543 13.2087 0.1647 0.1920 19.5078 0.1312 0.1591 14.0677 0.0556 0.1205 4.4152
LLM4TSF 0.0998 0.1068 9.7629 0.1098 0.1401 14.1276 0.1146 0.1413 11.8159 0.0552 0.1214 4.3442

4.4.2 Results across different technologies and operators:

Several observations follow from Tables 4.1 and 4.2. First, the proposed LLM4TSF

framework substantially improves over the standalone Chronos baseline on most

operator- and technology-level aggregates, which indicates that the LLM reasoning

and Kalman fusion stages contribute meaningful value beyond the TSFM prior alone.

This is especially evident for TIM, VF, and W3 at the operator level, where LLM4TSF

achieves the lowest or near-lowest ND, NRMSE, and MAPE values.

Second, LLM4TSF is highly competitive with the strongest trained baselines. At

the operator level, it achieves the best overall results for TIM and W3 and remains

close to EMFusion on Iliad and VF. At the technology-band level, LLM4TSF achieves

the best NRMSE on 2G, 3G, and 4G, and the best ND and MAPE on 5G. These

results suggest that the proposed framework is particularly effective at preserving

coarse multivariate dynamics while adapting the TSFM prior through structured
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cross-band reasoning.

Third, the results indicate a complementary relationship between LLM4TSF and

EMFusion. EMFusion remains strongest on some aggregates, particularly where

diffusion-based training can exploit richer dataset-specific structure, whereas LLM4TSF

often provides the best or second-best performance without any retraining. This

highlights the practical value of the training-free setup: LLM4TSF offers competi-

tive multivariate forecasting quality while avoiding the computational overhead and

dataset dependence of fully trained generative models.

4.4.3 Uncertainty Quantification Results

4.4.3.1 TSFM and Kalman Coverage

Table 4.3 summarises the empirical coverage and uncertainty scores grouped by tech-

nology band. Both the Kalman 95% confidence bands (4.29) and the TSFM quantile

bands (4.27) achieve near-nominal coverage across all bands, with mean Kalman cov-

erage of 0.984 and mean TSFM coverage of 0.956. The 4G band exhibits the largest

mean quantile spread score QSm, reflecting higher TSFM predictive uncertainty on

mid-band carriers, whereas 5G channels show near-zero QSm and UGm, indicating

stable filter confidence across the full horizon. Channels with large QSm automati-

cally receive elevated measurement noise in R and suppressed F coupling coefficients,

demonstrating that the UQ framework actively feeds back into forecast quality.

4.4.3.2 Prompt-Based and Output-Based UQ

Table 4.4 reports the prompt-based UQ results across technology bands. Chain-of-

thought prompting consistently achieves the best performance across all bands, with
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Table 4.3: Technology-band-grouped TSFM and Kalman UQ coverage. QSm: mean
quantile spread (4.28); UGm: mean horizon uncertainty growth (4.30).

Band Kalman Cov. TSFM Cov. QSm UGm

2G 0.989 0.966 0.071 0.001

3G 0.994 0.965 0.052 0.001

4G 0.993 0.951 0.067 0.051

5G 0.970 0.955 0.002 0.000

Table 4.4: Prompt-based UQ: forecasting performance across three prompt configu-
rations and technology bands. Lower is better.

Prompt Style Band ND NRMSE MAPE

Prompt 1

2G 0.1313 0.1635 13.1587

3G 0.1566 0.1898 16.4532

4G 0.1174 0.1471 12.6664

5G 0.0497 0.1398 5.2403

Prompt 2

2G 0.1214 0.1464 12.8712

3G 0.1326 0.1653 15.5841

4G 0.1147 0.1469 11.9985

5G 0.0664 0.1249 5.1948

Prompt 3

2G 0.0998 0.1068 9.7629

3G 0.1098 0.1401 14.1276

4G 0.1146 0.1413 11.8159

5G 0.0552 0.1214 4.3442

notable gains on 2G (MAPE 9.76 vs 13.16 for minimal) and 3G (MAPE 14.13 vs

16.45), while improvements on 4G and 5G are more modest. This suggests that

explicit step-by-step reasoning benefits lower-frequency bands where cross-channel

coupling is stronger, but adds less value on higher-frequency bands where the TSFM

prior is already highly accurate.
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Table 4.5: Output-based UQ: mean MADUQ per technology band across Λ = 20
independent runs. Lower = more consistent LLM outputs.

Band MADUQ Most Variable Channel

2G 0.00548 f955 (0.010)

3G 0.00876 f2150 (0.015)

4G 0.01296 f2635 (0.029)

5G 0.00085 f3610 (0.000)

4.5 Summary

This chapter introduced LLM4TSF, a training-free multi-agent LLM framework for

general multivariate time-series forecasting combining a TSFM probabilistic agent, an

LLM cross-channel reasoning agent, a shared evaluator enforcing statistical plausibil-

ity, and a Kalman feasibility layer. A multi-component UQ framework was further

introduced across three levels: TSFM quantile propagation, Kalman covariance track-

ing, and LLM output stability via prompt-based and output-based sampling. Instan-

tiated on EMF forecasting, LLM4TSF achieves competitive accuracy against trained

baselines with zero training overhead, with UQ results confirming near-nominal 95%

coverage across all technology bands and 4G channels exhibiting the highest forecast

uncertainty.
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Chapter 5

Future Directions and Conclusions

5.1 Concluding Remarks

This thesis investigated how large language models can be used as training-free

decision-making engines for wireless systems through prompt engineering, task de-

composition, and agent-based coordination. The central objective was not merely

to apply LLMs to a single use case, but to develop a general methodology through

which the same family of models can adapt to diverse optimization and forecasting

problems without task-specific retraining. To this end, the thesis studied two comple-

mentary wireless applications: resource allocation and multivariate electromagnetic

field (EMF) forecasting.

In the resource management setting, this thesis introduced LLM4RRM, a multi-

agent framework inspired by block coordinate descent in which multiple solver agents

optimize subsets of variables under the supervision of an evaluator agent. This decom-

position enables the LLM system to handle coupled and constrained decision spaces

more effectively than a single monolithic prompt. An LLM-guided projection mecha-

nism was further incorporated to improve feasibility under complex constraints, and
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trustworthiness was assessed through prompt-based and output-based uncertainty

measures. The results demonstrate that the proposed framework can generate com-

petitive solutions, maintain feasibility, and adapt to varying wireless network condi-

tions while avoiding the retraining burden associated with conventional supervised or

reinforcement learning pipelines.

In the forecasting setting, the thesis extends the same design philosophy to mul-

tivariate time-series prediction. The forecasting framework adopts a dual-agent or

multi-stage prompting strategy in which different agents specialize in complementary

sub-tasks such as trend extraction, fluctuation estimation, example retrieval, and

iterative forecast refinement. Rather than relying on gradient-based training, the

framework leverages structured prompts, few-shot retrieval, and evaluator feedback

to exploit the in-context reasoning ability of LLMs. This direction further supports

the broader thesis claim that prompt-engineered, agentic LLM systems can provide

a unified and adaptable alternative for wireless problems that differ substantially in

form, ranging from constrained optimization to temporal prediction.

Taken together, the contributions of this thesis establish an important proof of con-

cept: LLMs can be organized as modular reasoning agents that solve domain-specific

wireless tasks through language-based coordination alone. The key insight is that

performance does not solely depend on larger models or additional fine-tuning, but

also on how the problem is represented, partitioned, and iteratively refined through

prompts. This makes the proposed paradigm attractive for wireless environments

where objectives, constraints, operating conditions, and data distributions evolve

rapidly. In such settings, the ability to adapt through prompting rather than re-

training offers a practical advantage in latency, deployment flexibility, and cross-task
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transferability.

5.2 Open Challenges

Despite the encouraging results, several important challenges remain before prompt-

engineered LLM systems can be used as practical decision engines in next-generation

wireless networks.

The first challenge is latency and instantaneous real-time decision making. Al-

though the proposed frameworks avoid retraining and offer strong adaptability, prac-

tical wireless control often requires decisions within very short time scales. Resource

allocation, scheduling, mobility handling, and interference management may need

near-instantaneous responses, while forecasting pipelines may need to update continu-

ously as new measurements arrive. In such settings, prompt construction, multi-agent

interaction, iterative refinement, and API latency can become limiting factors [94].

Therefore, an important open challenge is how to preserve the reasoning and adapt-

ability benefits of LLM-based agents while reducing end-to-end inference time to meet

strict real-time requirements.

The second challenge is scalability to very large network sizes. The case studies

in this thesis demonstrate the promise of decomposition and agent-based prompting,

but future wireless systems may involve hundreds of users, many base stations, mul-

tiple frequency bands, dense sensor streams, and even large numbers of RIS elements

or other controllable components [95]. As the problem dimension grows, the number

of coupled variables, constraints, and interactions increases rapidly, making it diffi-

cult to represent the full system state efficiently within the prompt and to coordinate
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multiple solver agents without excessive overhead. Extending the proposed method-

ology to such large-scale settings while maintaining solution quality, feasibility, and

manageable latency remains a major challenge.

The third challenge is deployment in real online networks. Most current eval-

uations, including those in this thesis, are necessarily conducted in offline or semi-

controlled settings. However, real wireless networks are dynamic, noisy, and opera-

tionally constrained. Measurements may be incomplete or delayed, traffic patterns

may change abruptly, and decisions must interact with existing protocol stacks, hard-

ware limitations, and network management policies [96]. For forecasting tasks, real

deployments also require continual adaptation to changing environments and site-

specific conditions. Consequently, moving from promising offline performance to ro-

bust online operation is still a significant challenge, and it requires not only better

prompting strategies but also reliable system integration, monitoring, fallback mech-

anisms, and closed-loop validation.

In addition to these system-level challenges, several methodological limitations

remain in the current study. First, all evaluated LLM backbones correspond to

lightweight and low-latency model variants selected to maintain practical inference

cost and deployment feasibility. Larger frontier-scale models may produce higher-

quality pre-projection solutions, reduce the observed few-shot saturation effects, and

handle higher-dimensional optimization spaces before encountering context-window

limitations. However, this remains untested in the current work, and exploring such

larger-scale models alongside their performance–latency trade-offs is an important

direction for future investigation.
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Second, the experiments were conducted using structured and systematically de-

signed prompt templates, including variations involving physics-informed prompting,

chain-of-thought reasoning, evaluator-guided refinement, decomposition strategies,

and few-shot examples. However, no systematic study was conducted on how fine-

grained phrasing changes, instruction ordering, or formatting variations affect perfor-

mance. This absence of prompt sensitivity analysis limits the reproducibility claims of

the current results, and further investigation is needed to fully characterize robustness

across different prompting styles and LLM backbones.

Third, the few-shot retrieval memory used in both optimization and forecasting

tasks was dynamically updated during execution by incorporating previously success-

ful examples and reasoning traces. However, the retrieval pool itself was pre-built and

fixed within the experimental pipeline, with no online update mechanism proposed for

continuously evolving wireless environments. In live network deployments, channel

statistics, traffic patterns, and environmental conditions drift over time, causing the

memory bank to become stale. Future research should therefore investigate scalable

online retrieval-update and memory management strategies suited to non-stationary

wireless systems.

Finally, the optimization case studies in this thesis focused exclusively on sum-rate

maximization under QoS constraints. Real 6G deployments, however, involve multi-

objective trade-offs among competing metrics such as spectral efficiency, fairness,

energy efficiency, and latency. The proposed framework has not been tested under

such multi-objective settings, and extending it to handle these trade-offs remains an

important open problem.
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5.3 Future Directions

5.3.1 Adaptive Agent Architectures:

One important direction is the joint development of adaptive agent architectures and

unified cross-task prompting. In the present work, decomposition and prompting

strategies are designed manually according to the structure of each problem, such

as block-wise optimization for resource management or trend–fluctuation separation

for forecasting. A natural next step is to design a common prompting and orches-

tration framework that can adapt itself across different wireless tasks with minimal

redesign [97]. Such a framework would determine how many agents are needed, what

role each agent should play, how feedback should be exchanged, and which prompt

modules should be activated for tasks such as optimization, forecasting, diagnosis, or

control. By combining adaptive agent orchestration with reusable prompt primitives

for constraint handling, temporal reasoning, self-evaluation, and decomposition, fu-

ture systems can move closer to a general LLM-based wireless assistant that adapts

to new problems without retraining.

5.3.2 Retrieval Augmented Memory

An additional direction is retrieval-augmented memory through RAG. As more op-

erational data, solved instances, reasoning traces, and validated decision patterns

are collected over time, retrieval-augmented generation can become a powerful mech-

anism for improving LLM-based wireless intelligence without retraining. For both

RRM and forecasting tasks, a RAG-based memory can retrieve similar historical net-

work states, forecast regimes, constraint templates, and previously successful agent

interactions, then inject them into the prompt as relevant context. This would allow
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the framework to accumulate experience over time, improve grounding, and make

more informed decisions based on past scenarios while preserving the training-free

nature of the overall approach [98].

5.3.3 Advanced Trustworthiness Analysis

Another key avenue is advanced trustworthiness analysis. Future research should

develop richer uncertainty quantification methods, ensemble prompting strategies,

self-consistency checks, and cross-agent verification protocols [99]. In forecasting,

this could lead to calibrated predictive intervals and better handling of rare events

or abrupt regime shifts. In resource allocation, it could support confidence-aware

decision filtering, early detection of infeasible reasoning paths, and safer fallback to

conventional optimization routines.

5.3.4 Real Time LLM Deployment

It is also important to study real-time deployment across broader wireless applica-

tions. Since the main appeal of the proposed framework is fast adaptation without

retraining, future implementations should prioritize lower inference latency, reduced

API cost, prompt compression, and smaller models that can operate closer to the net-

work edge [100]. At the same time, these improvements should be validated across a

wider range of wireless tasks beyond the case studies considered in this thesis, includ-

ing multicast design, network slicing, interference coordination, semantic communi-

cations, anomaly detection, proactive network control, and joint forecasting–decision

pipelines. Advancing along both dimensions together, namely, real-time deployability

and broader task coverage, would provide stronger evidence that prompt-engineered
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agentic LLM systems can serve as practical and versatile tools for real wireless net-

works.

In summary, the most compelling future vision is not a single specialized LLM

solution for one problem, but a general agentic framework that uses prompt engineer-

ing, decomposition, retrieval, and verification to adapt across many wireless tasks.

This thesis provides an initial step toward that vision by demonstrating the feasibility

of the approach in both resource management and forecasting. The next stage is to

make such systems more reliable, more efficient, and more principled so that they can

operate as practical decision-support tools in real wireless networks.
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Appendix

This appendix presents the detailed prompt structures used in the LLM4RRM frame-

work for Use-Case Study I (Joint Beamforming and Phase Shift Optimization in

STAR-RIS Networks shown in section 3.2). Specifically, it illustrates the initial iter-

ation (t = 0) prompt and output blocks for the solver agents LLM1 and LLM2, and

the evaluator agent LLME, followed by the iterative refinement (t = 1) prompt and

output blocks for the same agents and then the hyperparameter-tuning agent LLMH

is shown which is used after the final iteration.

t = 0, LLM1 - Beamforming Agent - Prompt Block (Π
(0)
1 )

Task Description T1:

You are OptiBeam–STAR, an expert in Wireless Communications and Resource Optimization

specializing in STAR-RIS (Simultaneously Transmitting and Reflecting Reconfigurable Intelligent

Surface) assisted MISO downlink systems.

Objective: Generate optimal network parameters that:

• Maximize total sum-rate (Rtotal). Satisfy QoS constraints: every user rate ≥ Rmin bps/Hz;

Ensure all other constraints in (3.17)

• Mathematical Framework Equations: (3.16) and (3.17)

Optimization Variables (Outputs):

• Wr: Beamforming matrix M ×U real part, Wi: Beamforming matrix M ×U imaginary

part, α: Power control transformation
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Required Output Format:

{"Wr": [M*U real numbers], "Wi": [M*U real numbers], "alpha": [single real

scalar]}

Response Format:

• Detailed reasoning showing optimization process. Channel analysis of the given G and H

key entries. Strategy explanation for beamforming. Confidence statement about solution

quality. JSON solution in exact format

System Parameters x:

Base Station: M antennas, STAR-RIS: N elements, Users: U , BS→RIS channel G: shape

(N ×M), RIS→Users channel H: shape (N × U), Noise power: σ2, Maximum transmit power:

Pmax, Minimum rate requirement: Rmin

Few Shot Examples SM:

1. For a certain G and H, the following solution achieved the best sum-rate:

{"Wr": [---], "Wi": [---], "alpha": [-], "a": [---], "phi t": [---],

"phi r": [---]}

(Similarly, 3 or 4 more examples)

t = 0, LLM1 - Beamforming Agent - Output Block

Output:

y
(0)
1 = {W(0)

r ,W
(0)
i , α(0)}

• {"Wr": [0.214, 0.062, -0.185, 0.491, -0.073, 0.331, -0.512, -0.208,

0.416, 0.309, 0.327, -0.294], "Wi": [-0.311, 0.102, 0.221, -0.377, 0.018,

0.205, 0.342, -0.194, 0.054, -0.211, -0.287, 0.163], "alpha": [0.812]}

Reasoning Trace:

RT
(1)
0 : “The base station employs four transmit antennas (M=4) to serve U=3 users through the

STAR-RIS. The channel matrix G shows dominant magnitudes at [0,3] and [4, 13], corresponding

to rows counting toward antennas 3. Accordingly, the beamforming vectors wu are aligned with

the right singular vectors of G associated with the largest singular values. The power-scaling

123



factor α(0) = 0.812 ensures that Pmax ≤ 1, while maintaining sufficient per-user SINR. Inter-user

interference is mitigated by orthogonalizing the columns of W using QR-based normalization.

The overall sum-rate improvement is projected at +12.4% compared to random initialization,

with no QoS violations. Confidence: The beamforming vectors are well aligned with the dominant

channel subspace, ensuring stable SINR distribution and balanced power usage across users.”

t = 0, LLM2 - RIS Configuration Agent - Prompt Block (Π
(0)
2 )

Task Description T2:

You are OptiBeam–STAR, an expert in Wireless Communications and Resource Optimization

specializing in STAR-RIS (Simultaneously Transmitting and Reflecting Reconfigurable Intelligent

Surface) assisted MISO downlink systems.

Objective: Generate optimal RIS configuration parameters that:

• Maximize total sum-rate (Rtotal); Ensure all constraints in (3.17)

• Mathematical Framework Equations: (3.16) and (3.17)

Optimization Variables (Outputs):

• a: Amplitudes (N values), ϕt: Transmit Phase Vector (N values in [0, 2π]), ϕr: Reflect

Phase Vector (N values in [0, 2π])

Required Output Format:

{"a": [N real numbers], "phi t": [N real numbers in [0,2pi]], "phi r": [N

real numbers in [0,2pi]]}

Response Format:

• Detailed reasoning showing optimization process. Channel analysis of G and H key

entries. Strategy explanation for RIS configuration. Confidence statement about solution

quality. JSON solution in exact format

System Parameters x:

Base Station: M antennas, STAR-RIS: N elements, Users: U , BS→RIS channel G: shape

(N ×M), RIS→Users channel H: shape (N × U), Noise power: σ2, Maximum transmit power:
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Pmax, Minimum rate requirement: Rmin

Few Shot Examples SM:

1. For a certain G and H, the following solution achieved the best sum-rate:

{"Wr": [---], "Wi": [---], "alpha": [-], "a": [---], "phi t": [---],

"phi r": [---]}

(Similarly, 3 or 4 more examples)

t = 0, LLM2 — RIS Configuration Agent — Output Block

Output:

y
(0)
2 = {a(0), ϕ(0)

t , ϕ
(0)
r }

• {"a": [0.86, 0.79, 0.41, 0.55, 0.63, 0.72, 0.94, 0.88, 0.36, 0.47,

0.59, 0.62, 0.81, 0.91, 0.64, 0.58], "phi t": [0.00, 0.94, 1.42, 2.97,

3.12, 0.25, 1.65, 0.81, 2.43, 1.98, 0.54, 0.77, 3.33, 2.56, 0.12, 1.90],

"phi r": [3.10, 0.88, 1.21, 0.54, 0.39, 2.84, 1.41, 2.93, 0.65, 1.22,

2.48, 3.05, 2.88, 1.70, 0.48, 0.31]}

Reasoning Trace:

RT
(2)
0 : “The RIS comprises N=16 elements with significant gain observed in the 9th, 13th,

and 14th columns of G, and in the 11th and 1st rows of H. Elements corresponding to these

indices receive higher amplitude assignments (an > 0.8). Transmit and reflect phase profiles are

designed to maximize Re{hH
u ΘGwu} for all users simultaneously. Phases ϕt and ϕr are paired

to satisfy the energy constraint ϕ2
t,n + ϕ2

r,n = 1 through a sigmoid projection. Phase alignment

favors constructive addition toward user clusters on both sides of the STAR-RIS. Total per-

user rate exceeds 3 bps/Hz with normalized energy efficiency of 0.97. Confidence: The selected

amplitudes and phase shifts maximize coherent combining and maintain full energy conservation

across transmission and reflection paths.”

Evaluation

y(0) = [y
(0)
1 ,y

(0)
2 ], r(0) = {F (x,y(0)), fj(x,y

(0))}
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t = 0, LLME - Evaluator Agent - Prompt Block (Π
(0)
E )

Task Description TE:

You are OptiBeam–Evaluator, the expert assistant for STAR-RIS beamforming optimization.

You analyze a STAR-RIS-aided MISO downlink system where:

• An M -antenna base station communicates with U single-antenna users via a STAR-RIS

with N elements. All signals are relayed through the STAR-RIS; direct BS→user links

are blocked. Each user u receives signals through the cascaded channel hH
u ΘG and its

beamforming vector wu. Equations: (3.16) and (3.17)

Response Format:

1. ⟨THOUGHT PROCESS⟩

Analyze variable configurations, user rates, and violations; identify what is effective or

problematic (e.g., power imbalance, phase misalignment, weak coupling). Indicate which

parameters to adjust for improvement. Check the Reasoning Traces of each solver agent.

2. FEEDBACK

Provide only a short, direct instruction (max 5 lines) or the phrase “No major changes

needed.” Do not restate variable values, rates, or channel data.

System Parameters x:

Base Station: M antennas, STAR-RIS: N elements, Users: U , BS→RIS channel G: shape

(N ×M), RIS→Users channel H: shape (N × U), Noise power: σ2, Maximum transmit power:

Pmax, Minimum rate requirement: Rmin

Few Shot Examples SE :

1. For a certain G and H, the following solution achieved the best sum-rate:

{"Wr": [---], "Wi": [---], "alpha": [-], "a": [---], "phi t": [---],

"phi r": [---]}

(Similarly, 3 or 4 more examples)

126



t = 0, LLME - Evaluator Agent - Output Block

Parsed Outputs:

∆
(1)
1 : “User 3 exhibits a residual QoS gap of 0.21 bps/Hz. Increase beamforming gain toward

h3 by redistributing ≈ 8% of total power from the dominant eigenvector associated with User 1.

Maintain ∥W∥2F = 1 after rescaling and keep inter-user correlation below 0.15.”

∆
(1)
2 : “Phase alignment drift detected for RIS element indices {3, 7, 12} with cumulative phase

error ≈ 0.28π. Rotate ϕt[3] + 10◦ → ϕt[12] → ϕr[12]−8◦, and slightly increase βt for elements

n ∈ {7, 12} by 0.05 to restore constructive coupling with W(1).”

t = 1, LLM1 - Beamforming Agent - Prompt Block (Π
(1)
1 )

Feedback:

∆
(1)
1 : “User 3 exhibits a residual QoS gap of 0.21 bps/Hz. Increase beamforming gain toward

h3 by redistributing ≈ 8% of total power from the dominant eigenmode associated with User 1.

Maintain ∥W∥2F = 1 after rescaling and keep inter-user correlation below 0.15.”

Previous Output and History:

and history H(1)
1 = H(0)

1 ∪ {∆
(1)
1 , (y(0), RT

(0)
1 )}, where H(0)

1 = {x, SM , T1}

t = 1, LLM1 - Beamforming Agent - Output Block

Solution:

{ "Wr": [0.54, 0.26, 0.11, 0.39, 0.18, 0.27, 0.21, 0.09, 0.43, 0.16, 0.33,

0.22],

"Wi": [0.33, -0.42, 0.18, 0.47, 0.29, -0.36, -0.15, 0.11, 0.51, 0.12, 0.18,

-0.27],

"alpha": 1.12 }

Reasoning Trace:

LLM1 incorporated evaluator feedback ∆
(1)
1 by reallocating approximately 8% of total transmit

power toward User 3’s subspace. Eigen-decomposition of (GHG) identified the top three domi-

nant spatial modes with singular values {5.72, 4.31, 3.98}, where the third mode corresponded

primarily to User 3’s effective channel direction hH
3 G. Columns of W were recomputed via the
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updated sigmoid factor σ(α(1)) = 0.75.

t = 1, LLM2 - RIS Configuration Agent - Prompt Block (Π
(1)
2 )

Feedback:

∆
(1)
2 : “Phase alignment drift detected for RIS element indices {3, 7, 12} with cumulative phase

error ≈ 0.28π. Rotate ϕt[3] → ϕt[3]+10◦, ϕt[12] → ϕt[12]−8◦, and slightly increase βt for

elements n ∈ {7, 12} by 0.05 to restore constructive coupling with W(1).”

Previous Output and History:

Current Preceding Agent Solution y
(1)
1 and history H(1)

2 = H(0)
2 ∪ {∆

(1)
2 , (y(0), RT

(0)
2 )}, where

H(0)
2 = {x, SM , T2}

t = 1, LLM2 - RIS Configuration Agent - Output Block

Output:

y
(1)
2 = {

a(1) = [0.88,−0.09, 0.71, 0.27,−0.44, 0.76, 0.11, 0.61,

0.79,−0.12, 0.67, 0.14, 0.56, 0.40],

ϕ
(1)
t = [1.12, 2.04, 0.86, 3.01, 2.33, 0.59, 1.78, 2.51,

0.95, 1.47, 2.82, 0.32, 1.16, 2.44, 0.73, 2.09],

ϕ
(1)
r = [0.18, 1.74, 2.63, 0.71, 1.92, 2.48, 0.34, 1.51,

2.08, 0.45, 1.63, 2.22, 0.27, 1.95, 2.41, 0.66]}

Reasoning Trace:

LLM2 applied evaluator feedback ∆
(1)
2 by rotating ϕt[3] → ϕt[3]+10◦ and ϕt[12] → ϕr[12]−8◦,

while increasing βt for elements {7, 12} by 0.05. The adjusted amplitudes maintained β2
t,n+β2

r,n =

1 for all n and improved phase coherence for Users 2 and 3. As a result, the reflected and

transmitted signals achieved stronger constructive alignment, raising the average SINR by about

1.5 dB and eliminating the previous QoS gap for User 3. All Ru ≥ Rmin were satisfied with

minimal interference leakage.

128



Evaluation

y(1) = [y
(1)
1 , y

(1)
2 ], r(1) = {F (x,y(1)), fj(x,y

(1))}

t = 1, LLME - Evaluator Agent - Prompt Block (Π
(1)
E )

Updated solutions from both agents: y
(1)
1 = {W(1), α(1)} and y

(1)
2 = {a(1), ϕ(1)

t , ϕ
(1)
r }, along with

performance summary r(1) = [F (x,y(1)), fj(x,y
(1))] and current Reasoning Traces RT(1)

Historical record: H(1)
E = H(0)

E ∪ {∆(1), (r(0),y(0),RT
(0)
E )}, where H(0)

E = {x, SF , TE}

t = 1, LLME - Evaluator Agent - Output Block

Output Feedback:

∆(2): “Overall convergence is stable; average QoS margin = +0.08 bps/Hz. Minor imbalance

detected between reflected and transmitted paths: β̄t − β̄r ≈ 0.07 leading to slightly weaker

illumination for Users 1 and 3.

∆
(2)
2 : Recommend a mild correction in the next iteration: increase βt for high-angle elements

{5, 9, 14} by 0.03, and apply a small global phase offset ϕt → ϕt+4◦ to restore symmetry across

STAR-RIS sides.”

LLMH - Hyperparameter Controller (OptiBeam—Hyper) - Prompt Block

Task Description:

You are OptiBeam—Hyper, the adaptive controller responsible for dynamically tuning the

projection-layer hyperparameters of the STAR-RIS optimization framework. Your goal is to

ensure that the iterative projection process (3.26) converges quickly, remains stable, and enforces

all feasibility constraints cj(x,y) ≥ pj . You must infer the next hyperparameter set θ(t+1) =

{µ(t+1), γ(t+1)} based on the provided projection steps, feasibility indicators, and convergence

trends.

System Context:

• System parameters x describe the MISO downlink configuration (BS, RIS, and users). ỹ

is the approximate solution obtained after T reasoning iterations of the Multi-Agent LLM

framework.
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• (3.10) representing all prior parameter settings and feasibility outcomes. sp(t) represents

the most recent few projection-step summaries, such as norm differences or constraint

residuals.

Objectives:

• Analyze the projection behaviour up to iteration t. Determine if convergence is stable,

oscillatory, or slow. Suggest updated hyperparameters {µ(t+1), γ(t+1)} that stabilize os-

cillations (if detected), accelerate convergence when feasible, and preserve feasibility of

Ru(x, T (ỹ)) ≥ Rmin.

Response Format:

1. ⟨THOUGHT PROCESS⟩: Provide a concise explanation of observed convergence (e.g.,

residual patterns, constraint violation magnitude, oscillation trends). Explain how each

proposed hyperparameter addresses these behaviors.

2. ⟨UPDATED HYPERPARAMETERS⟩: Output the new hyperparameter set in the

format: { "mu": value, "gamma": value }

System Parameters x:

Base Station: M antennas, STAR-RIS: N elements, Users: U , BS→RIS channel G: shape

(N ×M), RIS→Users channel H: shape (N × U), Noise power: σ2, Maximum transmit power:

Pmax, Minimum rate requirement: Rmin, Iteration index: l, Projection-step observations: sp(t)

(recent projection summaries, e.g., residual norms), Approximate solution from reasoning loop:

ỹ

LLMH - Hyperparameter Controller (OptiBeam—Hyper) - Output Block

Output:

θ(t+1) = {µ(t+1), γ(t+1)}

Generated JSON:

{ "mu": 0.078, "gamma": 0.62 }

Reasoning Trace:
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RT
(t)
H : Residual trends in sp(t) indicate mild oscillations near feasibility: constraint violation

Ru(x, T (ỹ)) ≥ Rmin plateaued between 0.012–0.018 with alternating overshoot. This suggests

an excessive step size and low damping. To improve stability, the step size µ is slightly reduced

(from 0.1 to 0.078), and momentum γ is moderately increased to 0.62 to preserve acceleration

while suppressing divergence.
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