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Abstract—The evolution of next-generation wireless networks
demands intelligent, adaptive, and explainable decision-making
for robust communication in dynamic environments. This paper
presents ENWAR 2.0, the first agentic large language model
(LLM) framework integrating adaptive retrieval-augmented
generation (RAG) and chain-of-thought (CoT) reasoning into
situation-aware and explainable wireless network management.
ENWAR 2.0 introduces two specialized agents: a transformer-
fusion (TransFusion)-based beam prediction agent and an envi-
ronment perception agent, both of which fuse multi-modal sen-
sory inputs—including camera, LiDAR, radar, and GPS—from
the DeepSense6G dataset. The beam prediction agent enables
infrastructure-to-vehicle (I2V) target-in-the-loop beam tracking
and real-time adaptation based on dynamic environmental con-
ditions. In contrast, the environment perception agent provides
situation-aware reasoning and justifications for beam decisions.
Unlike its predecessor, ENWAR 1.0, which relied on static
knowledge bases (KBs) and text-only LLMs, ENWAR 2.0 is
designed for CoT reasoning, leverages LLL.aMa3.2-3B/L.L.aMa3.1-
8B/LLaMa3.3-70B for text-generation, the multi-modal capabil-
ities of LLaMa 3.2, and employs Llamalndex for fine-grained,
dynamic context retrieval, eliminating retrieval ambiguities and
enhancing response relevance. Numerical results show that the
beam prediction agent achieves up to 90.0% Top-3 accuracy
at t + 3, effectively predicting optimal beam selections three
time steps ahead. Overall, ENWAR 2.0 achieves state-of-the-art
performance, with up to 89.7%/83.5% interpretation/perception
correctness, 81.6%/80.9% faithfulness, and 89.9%/88.2% rele-
vancy. In comparison, the baseline pretrained LLaMa3 models
without adaptive RAG achieves up to 80.3%/77.3% correctness,
and the baseline without RAG performs significantly worse at
67.1%/64.8%. Additionally, ENWAR 2.0 reduces processing time
by over 100% relative to the baseline, while its adaptive RAG
improves performance by up to 13.7% compared to static RAG.

I. INTRODUCTION

ENERATIVE artificial intelligence (AI) is poised to
transform 6G and future wireless networks by enabling
systems that can produce, adapt, and interpret vast amounts
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A conference version of this work focusing on the beam prediction agent
is submitted to IEEE ICC’26 [1].

of data [2f]. Central to this shift are large language models
(LLMs), which are transformer-based architectures proficient
in diverse tasks, from natural language understanding to deci-
sion support [3]. LLMs operate by learning statistical patterns
from massive text corpora and can generate, summarize,
or analyze language, code, or structured data in response
to user prompts. They predict the following, most likely
words or tokens in a sequence, enabling them to answer
questions, provide explanations, and integrate diverse sources
of knowledge. Their scalability and adaptability make them
well-suited for next-generation networks’ complex, dynamic
environments, supporting zero-touch network and service man-
agement (ZSM) through rapid decision-making and resource
optimization [4].

However, future wireless systems face challenges absent
in legacy networks. Higher frequencies and massive antenna
arrays demand rapid beam alignment, proactive blockage
mitigation, and seamless handovers to maintain reliable links.
Traditional cloud-centric or heuristic methods often fail to
meet these stringent needs, particularly in dense urban settings.

A crucial enabler for addressing these challenges is multi-
modal integrated sensing and communication (ISAC), which
fuses inputs from sensors such as cameras, GPS, LiDAR, and
radar to build fine-grained, real-time environment views. This
fusion supports envisioning digital twins (DTs), near-real-time
digital network state replicas that enable optimized decision-
making and advance situational awareness and ZSM goals [J5].

LLMs offer strong potential to bridge multi-modal sensing
with wireless tasks, but conventional text-focused models often
struggle with real-world data [6]]. Simply extending them to
multi-modal inputs does not guarantee domain-specific accu-
racy, as generic correlations and outdated knowledge can cause
hallucinations or imprecise responses. Two primary strate-
gies address these issues: fine-tuning and retrieval-augmented
generation (RAG). While fine-tuning is resource-intensive,
recent parameter efficient fine-tuning (PEFT) methods reduce
adaptation overhead [7]].

By contrast, RAG provides a cost-effective solution by
integrating targeted knowledge bases (KBs) into the gener-
ation process. RAGs enhance contextual relevance, reduces
token overhead, and improves inference efficiency. Retrieving
only relevant context avoids repetitive preprocessing, lowers
energy costs, and ensures concise, coherent responses without
unnecessary token consumption [J].
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With these motivations, we previously introduced EN-
WAR 1.0, an ENvironment-aWARe RAG-based multi-
modal LLM framework [9]. While it successfully integrated
domain-specific retrieval with raw sensory data to provide
environment-aware insights, it remained primarily a retrieval
system unable to perform downstream wireless tasks or offer
reasoning-driven decision support.

This gap underscores the need for novel agentic, reasoning-
driven LLM frameworks for 6G networks. Embedding spe-
cialized agents, such as analytical models, ML components,
or optimization algorithms, into the LLM pipeline enables
dynamic orchestration of complex wireless functions [10].
Reasoning is equally essential for trust and transparency:
when paired with multi-modal sensing, agentic LLMs can
interpret rich environmental data (e.g., traffic density, obstacle
locations, mobility patterns), infer network states, and explain
their actions in human-interpretable terms. Even as ZSM
reduces human involvement, explainability is vital for fairness,
accountability, and human oversight [[11].

Motivated by these needs, we present ENWAR 2.(fﬂ an
advanced framework that extends LLM-based intelligence with
agentic capabilities and chain-of-thought (CoT) reasoning. It
introduces two specialized agents: a beam prediction agent,
enabling target-in-the-loop beam tracking between vehicles
and the roadside unit (RSU), and an environment perception
agent, which provides real-time reasoning and justifications for
beam decisions. Together, these agents exemplify how ENWAR
2.0 bridges Al-driven automation with human interpretability,
positioning it as a foundation for trustworthy, explainable Al
in future 6G networks.

II. RELATED WORK AND MAIN CONTRIBUTIONS

This section provides an overview of related work within
wireless networks and LLMs, and outlines the main contribu-
tions of our proposed approach. Additionally, for a complete
tabular summary of related works, please refer to App.

A. Related Work

Recent research has explored diverse LLM-based frame-
works for wireless communications, including RAG, question-
answering (Q&A) training, instruction tuning, and multi-
agent collaboration. RAG enhances LLM outputs by retrieving
domain-specific knowledge from curated KBs, improving re-
sponse accuracy [9], [12]-[14]]. Q&A training fine-tunes LLMs
with telecom-specific datasets to aid spectrum management
and protocol understanding [15]. Instruction tuning further
refines responses for telecom tasks but demands large curated
datasets and significant computation [[16]], [17]. Multi-agent
LLM systems have also emerged for task decomposition and
decision-making in wireless networks [18]-[21]. However,
most of these methods focus on query-based interactions rather
than real-time decision-making.

Bnwar is a common name in Turkic and Arabic cultures, meaning
enlightened, insightful, and intellectual; herein referring to a multi-modal
LLM providing deep situational and contextual insights into the environment.

2ENWAR 2.0’s code is available at https:/github.com/anazar99/Enwar2.0

3 Appendices are in the supplemental file provided with the submission.

Beyond static knowledge, recent work explores retrieval-
augmented strategies for real-time, bandwidth-efficient com-
munication in multi-agent and multi-modal vehicular networks
[22], [23]]. These approaches combine multi-modal data, se-
mantic retrieval, and reinforcement learning to improve task
efficiency, lower bandwidth use, and support user interactions.

Despite recent advancements, existing LLM frameworks
for wireless networks face several key limitations. A major
challenge is the lack of structured reasoning and explainabil-
ity. Current LLMs function as black-box models, generating
responses based on statistical correlations rather than explicit
inference. This opacity is problematic in wireless decision-
making, where network operators require interpretable justifi-
cations for Al-driven actions [11]], [24], [25[]. Without clear
reasoning mechanisms, LLMs risk producing unreliable or
suboptimal decisions in dynamic network environments.

Recent work has integrated LLMs and foundation models
into wireless systems to boost adaptability and intelligence.
For example, the Large Wireless Model, a transformer pre-
trained on wireless channel data, generates contextualized
embeddings that improve various communication and sensing
tasks, especially in data-scarce scenarios [26]. In security, Gao
et al. develop a BERT-based RF fingerprinting framework for
6G IoT networks, using self-supervised pretraining and distil-
lation to robustly authenticate devices even under challenging
conditions like multipath fading and Doppler shifts [27].

Another critical limitation lies in handling large-scale op-
timization problems. While LLMs are effective in pattern
recognition, they struggle with NP-hard tasks such as beam
alignment and resource allocation [12], [18]-[21]. Standard
LLM approaches lack the mathematical rigor required for opti-
mal solutions, necessitating hybrid models that combine LLM-
driven insights with specialized optimization solvers. One such
approach introduced an LLM-driven wireless communication
paradigm that translates user natural language requests into
structured queries and optimization tasks, enabling adaptive,
user-centric system behavior through a prototype semantic
communication system [28]].

Most LLM architectures remain fundamentally text-based,
limiting their ability to handle multi-modal wireless tasks that
demand real-time analysis of sensory data like LiDAR, radar,
and camera feeds [12], [20], [29]], [30]. Although early multi-
modal LLM efforts exist, practical implementations are still
rare and lack support for real-time, data-driven network opti-
mization. Additionally, RAG-based LLMs rely on static KBs
that quickly become outdated, risking inaccurate recommen-
dations in dynamic wireless environments [9]. Dynamically
updating these KBs is crucial to ensure decisions reflect the
latest standards and policies. These challenges underscore the
need for new LLM frameworks with integrated reasoning,
optimization, and multi-modal capabilities, motivating the
development of ENWAR 2.0.

B. Main Contributions

To the best of the authors’ knowledge, ENWAR 2.0 is
the first agentic LLM framework to integrate RAG, CoT
reasoning, and multi-modal ISAC for situation-aware wireless
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network management. Unlike prior studies that either (i)
applied generic LLMs with static knowledge bases or (ii) used
multi-modal fusion solely for beam prediction,N&AR 2.0
uniquely integrates adaptive RAG, CoT reasoning, and agen-
tic multi-modal perception within a single framework. This
combination enables real-time high-accuracy beam predictioX
and situation-aware justi cations, going beyond accuracy-only
baselines to provide interpretable, reasoning-driven wireless
decision support.

Additionally, unlike BvwAR 1.0, which relied on single-
modality LLMs and pre-embedded multi-modal data with
static explanations in an ofine KB, BwAR 2.0 dynami-
cally extracts relevant data and structures prompts in real-
time, eliminating retrieval ambiguities and redundant ex-
planations caused by overlapping textual data. It leverages
models from the LLaMa 3 family—including LLaMa3.2-3B,
3.1-8B, and 3.3-70B—to enable exible deployment across
various resource budgets. LLaMa3.2-3B is a lightweight,
ef cient variant of LLaMa 3.1, while LLaMa3.3-70B offers

enhanced capabilities and reasoning over earlier 70B versions.

LLaMa3.2-Vision-11B, an inherently multi-modal model, also
handles image-to-text conversion, supporting seamless visual
input processing. These choices allom#R 2.0 to balance
performance, scalability, and computational ef ciency without
relying on external models for non-textual datanviar 2.0's

key improvements and main contributions are as follows:

X Wireless Multi-Modal, Agentic LLM: ENWAR 2.0 in-
troduces specialized multi-modal agents (beam prediction
and perception) natively integrated into the LLM pipeline
for reasoning-driven decision support for situation-aware
perception and grounded beam prediction.

X CoT Reasoning for Explainability: ENwWAR 2.0 em-
ploys CoT reasoning to re ne responses using real-time
multi-modal sensory data iteratively. This structured rea-
soning process breaks down complex network scenarios
into logical steps, ensuring well-justi ed and interpretable
decisions without storing ground truths in the KB.

X Efcient RAG with Llamalndex: Replacing BRNWAR

extraction, pre-fusion techniques, and transformers. Nu-
merical results show the agent achieves a Top-3 prediction
accuracy of up to 90.0% and an average power loss (APL)
of -0.009552 dB at +3, enabling precise beam selection
three steps ahead in dynamic environments.
Situation-Aware Grounding, Reasoning, and Expla-
nation: ENwWAR 2.0 advances interpretability through
its environment perception agent, delivering situation-
aware reasoning and justi cations for beam decisions. To
quantify this, we introduce two novel key performance
indicators (KPIs): (1)Interpretation assessing how ef-
fectively ENWAR 2.0 explains beam choices based on
multi-modal data and dynamic vehicular contexts, and
(2) Perception evaluating its analysis of environmental
factors like potential object overlap and obstructions, and
traf ¢ density.

We evaluate retrieval strategies by comparing adaptive
RAG, static RAG, and full context injection without
RAG across LLaMa3.2-3B, 3.1-8B, and 3.3-70B models.
Adaptive RAG updates the KB with new sensory data for
relevant retrieval, while static RAG relies on a xed KB
with full preemptive knowledge. Full context injection
simultaneously processes all data in the prompt, leading
to high computational load and reduced accuracy.
Numerical results highlight the benets of adaptive
RAG: ENWAR 2.0 achieves up to 89.7%/83.5% inter-
pretation/perception correctness, 81.6%/80.9% faithful-
ness, and 89.9%/88.2% relevancy, outperforming static
and non-adaptive RAG by as much as 13.7%. Baseline
pretrained LLaMa3 models without RAG achieve only up
to 68.6% interpretation and 67.2% perception correctness.
Full prompt injection without RAG suffers from higher
latency and reduced interpretability, con rming the in-
ef ciencies of excessive context injection. Additionally,
ENWAR 2.0 improves ef ciency, producing responses in
1.26 seconds compared to 2.67 seconds for the baseline
without RAG.

1.0's LangChaiﬁbased retrieval, Enwar 2.0 employsC. Paper Organizations

adaptiv for ner-grained indexing, chunking, and adap-
tive retrieval. This granularity optimizes context selectio
and ensures that only the most relevant informati
informs response generation, improving ef ciency an
contextual accuracy.

X Adaptive KB for Dynamic Environments: Llamalndex

also enables real-time KB updates, eliminating relian%T—HF]

on static, pre-curated knowledge. This change enables
ENwAR 2.0 to remain responsive to evolving network
conditions, ensuring up-to-date and contextually relevant
decision-making.

The rest of the paper is organized as follows: ded. llI
rovides a high-level overview of NBVAR 2.0's framework;
ec.[TV and Sed. V provides a breakdown components and
nctionality of the agents; Se§. VI arfd VIl describe the
of ine and online pipeline of BWAR 2.0, respectively; Sec.
evaluates the performance ofN®AR 2.0, and Sed. X
cludes the paper with a few remarks.

I1l. AN OVERVIEW OF ENWAR 2.0 FRAMEWORK

As illustrated in Fig[ ], this work considers a millimeter

Combining these advancements with specialized agelfeVe (mmWave) infrastructure-to-vehicle (12V) scenario that

yields signi cant performance gains:
X TransFusion-Based Beam Prediction AgentENWAR
2.0 fully exploits multi-modal sensory data through
robust beam prediction agent that uses specialized featgre

4https://python.langchain.com/docs/
Shttps://docs.llamaindex.ai/en/stable/

consists of two main units: The former unit is a vehicle
equipped with a uniform linear array (ULA) comprisirdg
antennas and a GPS receiver. The latter unit is a RSU (i.e.,
ase station (BS)) with a single receive antenna and multiple
ensing capabilities, including a camera, radar, and LiDAR.
Let h(t)2CM ! denote the channel between the vehicle and
the RSU at timg. The ULA is associated with a prede ned
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perceiving the wireless environment and predicting the best set
of beams. Upon receiving new dataw data preprocessing
[c.f Sec. IV-A] takes place to ensure the integrity and consis-
tency of timestamped multi-modal sensory data, which is vital
for accurate beam prediction and reliable system inference.
To that end, each modality is subjected to domain-specic
preprocessing routines to maintain consistency across modal-
ities and mitigate errors introduced by noisy measurements.
After that, both agents initiate their respective processes in
real-time, ensuring that perception and beam prediction occur
concurrently for seamless, low-latency inference.

1) The environment perception agdotf. Sec. IV] receives

Fig. 1. lllustration of the system model.

beamforming codebookE = ffiginl, wheref; 2 cM 1

is the ith codeword (i.e., beam) an® = jFj OM
represents the codebook size after applying an oversampling
factor O. Denoting (t) as the selected codeword/beam index
for transmission of data symbail(t) 2 C, then the received
signal at timet is given by

y(t) = f,h () x(t) + n(t); (1)

where n(t) N ¢(0; ?) is the complex Gaussian noise.
To achieve optimal connectivityy, RSU aims to select the
beamforming vector that maximizes the received power:

)

2)

?
“(t) = argmaxjf h(t)j%:
i2[1;Q]

However, real-time computation o?(t) by exhaustive beam
sweeping is impractical for large search spaces, especially_jn
fast-changing vehicular environments with dynamic obstac

data from diverse sensor modalities, each of which
undergoes preprocessing suitable for its nature: LIDAR
point clouds and radar signals are typically clustered
to re ne object detection and extract relevant features,
while images are resized and masked to eliminate super-
uous details before object detection models (e.g., You
Only Look Once (YOLO)) identify various entities, e.g.,
vehicles, pedestrians, cyclers, etc. GPS data is also trans-
lated into textual form, providing spatial information that
locates and contextualizes moving objects. The goal is
to convert all sensor information into unied textual
descriptions (e.g., “a vehicle stopped at a pedestrian
crossing”) that re ect the underlying environment in a
form amenable to LLMs.

The beam prediction agert.f. Sec. V] employs a
specialized transformer-fusion (TransFusion) model with
cross-modality attention mechanisms to fuse information
on object positions, trajectories, and physical obstacles,
to provide a set of Top- beam predictions. Each beam
is characterized by key properties such as center angle
and angular width. These properties are also converted
into textual descriptions that are processed downstream.

Of ine Knowledge Base Formatiorleverages Llamalndex

blocking the mmWave communications [31]. To address thj@ arrange environmental and beam-related textual information
challenge, the RSU functions as an LLM user, leveraging redr inclusion in the KB by following below steps:

time multi-modal sensor measurements to construct prompts
for the following wireless tasks:

1) Target-in-the-Loop Beam TrackingThe RSU contin-
uously requests beam predictiongt + k), where k
depends on the inference time, for a vehicle as it moves
within the coverage area.

2) Human-Interpretable Reasonindit certain intervals, a
human-in-the-loop module may request situation-aware,
grounded, and reasoned explanations for the selected
beams.

ENWAR 2.0 achieves these objectives through two interlinked
pipelines, as depicted in Fig. 2 and detailed below.

A. Of ine Pipeline: KB Formation

The of ine pipeline establishes a domain-speci c KB by
processing multi-modal data streams following below steps:
A Agentic inference drawingemploys two specialized agents
that operate in parallel to convert multi-modal sensory data

Information combinatiormerges relevant descriptions of
both environmental dynamics, e.g., detected objects, their
velocities, and positions, and beam-related insights, e.g.,
beam center angles, and angular widths. We refer readers
to App. B for an example of information combination.
Data chunkingsegments these consolidated text into con-
textually coherent, and equal-sized chunks that conform
to tokenization constraints. For instance, radar or LIDAR
data can be segmented by object clusters, while GPS logs
can be partitioned based on time intervals.
Embeddingvectorizes each data chunk using a general
text embeddings (GTE) model to capture semantic rela-
tions. The resulting embeddings allow different modal-
ities (e.g., radar- or camera-based descriptions) to be
mapped into a uni ed semantic space, enablingwaARr

2.0 to effectively cross-reference data from heteroge-
neous sources. Strict token and embedding length align-
ment is maintained to ensure that the multi-modal content
remains consistent and interpretable within LLMs.

into semantically rich textual representations, simultaneouslyNext, Llamalndex stores these vectorized representations in
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Fig. 2. Two primary pipelines of EwAR 2.0 work ow: i) of ine pipeline is responsible for KB generation involving steps- & , and ii) online pipeline
incorporates real-time process of response generation, comprising of steps ENWAR 2.0 utilizes Llamalndex for stef® , @ , @ . and@ .

a domain-speci ¢ KB by employing similarity search frame@ Result Rankinglters and prioritizes the togp percentile
works such as Facebook Al Similarity Search (FAISS) [32]e.g.,p = 95) of retrieved chunks to ensure only the most
which facilitate ef cient indexing and retrieval of embeddingscontextually relevant information is used. This improves re-
even in large-scale or high-dimensional datasets. sponse coherence, reduces unnecessary token consumption,
and preserves high-priority data even when nearing the LLM's
context window limit. The selected vectorized results are then
decoded into text to form a context, as illustrated in App. B.
To retrieve contextually relevant information, update KB,5 Response generatiobegins with constructing a nal
and guide LLM responses, ti@nline Pipelineleverages the prompt template [c.f. App. D], which includes a prede ned
RAG in real-time following the below ve steps, of which task description, retrieved context from si@®- [c.f.App. B],
steps@® @ are implemented by using Llamalndex. and the user query [c.f. App. C]. The LLM then generates
1 Agentic inference drawinmirrors the procedures describedesponses by incorporating environmental observations, beam
in step-A of the ofine pipeline but exploits the real-time properties, and historical insights. Using tppsampling or
multi-modal sensory data. similar techniques, it balances diversity and precision to ensure
9 Online KB formation and prompt interpretaticiollows responses are contextually rich and non-repetitive.
the footprints of ste@ to update KB with the current At this stage, RWAR 2.0 selects the most suitable beams
embeddings. Unlike the ofine pipeline, this step involvegnd explains its reasoning. For instance, it can justify decisions
prompt interpretation. In addition to automated beam trackifgised on angular alignment, beam power levels, or real-time
request coming from ZSM, AR 2.0 also allows human- sensor updates affecting mobility. By fusing multi-modal data
in-the-loop interventions, which may occasionally demandith RAG, ENWAR 2.0 enhances situational awareness and
explanations based on a agging mechanism. As exempli egipports informed decision-making. Further details on the
in App. C, the time-stamped prompt is vectorized so that RAG framework are provided in Sec. VII.
can be matched against the KB, which is explained next.
® Semantic searcexploits the vectorized prompt to query IV. ENVIRONMENT PERCEPTIONAGENT
the FAISS-indexed repository, generating a set of relevant textThis section presents the design and processes involved in
chunks that provide historical or contextual information. ThiENWAR 2.0's environment perception agent. By leveraging
retrieval process is powered by semantic similarity compueal-world sensor data from the DeepSense6G dataset [33],
tations that identify potentially valuable correlations among4], the agent constructs a holistic understanding of the
environmental factors, past beam performance, and usemvironment to facilitate robust beam prediction and situation-
speci ¢ objectives. By leveraging the embeddings available sware reasoning. Specically, we utilize Scenarios 31-34,
the repository, EWAR 2.0 rapidly locates the most suitablewhich provide synchronized data streams, including GPS
knowledge segments for the ongoing scenario. coordinates for a vehicle and a RSU in communication, camera

B. Online Pipeline: Retrieval Augmented Generation
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frames, LIDAR point clouds, and radar scans. In the rest of2) Image-to-Text for Enhanced ExplainabilityBeyond
this section, we rst delineate the data preprocessing stepsunding boxes, EwWAR 2.0 augments scene understanding
then explain how environmental perceptions are inferred frowith descriptive text generated from images. Speci cally, the

various sensor modalities. rst image in each ve-image sequence is passed to a multi-
. modal LLM optimized for vision-language tasks. Using the
A. Data Preprocessing rst image ensures that the description re ects the environ-

DeepSense6G offers diverse sensors that capture the ent at the start of the sampling period, which is generally
vironment from multiple perspectives. Ensuring the integrit§table within the sample intervals. An instructional prompt
and consistency of these data streams is vital for accurgtgdes the vision model to provide contextually relevant scene
beam prediction and reliable system inference. To that erstgscriptions (e.g.'a white sedan waiting at a crosswall’
each modality is subjected to domain-speci ¢ preprocessifigereby improving the interpretability of the sensed envi-
routines. Each data source undergoes careful timestampiagment. Incorporating these descriptive captions into the
and preprocessing procedures before being incorporated iBystem's KB furnishes valuable contextual cues that can clarify
ENWAR 2.0 to maintain consistency across modalities arfteam decisions and environment-aware reasoning.
mitigate errors introduced by noisy measurements.

1) Image PreprocessingAll camera frames are resized toc  gpg Perception

a resolution o256 256, and pixel values are normalized to ition data f h hicl . dth .
stabilize subsequent feature extraction. Position data from the vehicle (Unit 2) and the RSU (Unit 1)

2) GPS PreprocessingGPS data is calibrated to accounts qsed to calculat.e their relative distance and pearing angle.
for vertical, horizontal, and position dilution of precisiori-atitude and longitude measurements are calibrated before
(DoP) measurements, correcting biases that may arise frBfiN9 Processed by a long short-term memory (LSTM)-based
satellite geometry or signal noise. After calibration, motiofeP> nétwork (detailed in Section V). This network predicts
related features such as displacement, speed, directional arlyff&/ré trajectories, capturing projected distance and bearing
and acceleration are extracted. Additionally, angular velociY€r ime. By converting current and forecasted GPS data into
and curvature information is derived to capture both turnifgXtu@l descriptions (e.g'yehicle at 35.1236, -80.9421 at a
and linear motion patterns. pearmg of 43.31.°. Wlth'speed :!.Okm)h"ENWAR 2.0 easily

3) LIDAR Preprocessing:To handle the high density of incorporates positional information into the RAG framework,
LIDAR point clouds, a voxel-grid downsampling proceduré@nd facilitates alignment with other sensor modalities and
is applied to reduce the volume of points while preserving!PPOrts high-level situational inference.
spatial structure [35]. A random sample consensus (RANSAC)
plane- tting algorithm then identies and removes groundD. LiDAR Perception
plqne pointg, leaving only poi_nts associated with obsta(_:le_s OrCIustering in LIDAR point clouds is done via density-
ggﬁstssisogénéifcsrtibfdai.n %:tc“.elr\sl-g.r?rrzgnrlgr\gijni?\)é ztst'sgfﬁlas_ed spatial clusteripg of_ applicatio_ns with npise (DBSCAN),

P . . Which groups 3D points into meaningful objects and lters
are normalized by centering them around the origin and scallggt noise. Algorithmic parameters, such ag = 0:75 and

thim éo dt W|t2|n a unit qub% d woically includ min_samples 4o = 5, determine the maximum separation
| tg a Zr re.processm?'. a a_lf sccijns y}ilrllqa y gc U9 hetween points within a cluster and the minimum cluster size,
clutter-and spurious re ections. 1o address fhis, a aUSSI%épectively. These parameters were selected by plotting a

based noise lter enhances valid targets by removing I()\%I'istance graph, where the distance tokhk# nearest neighbor

intensity points. Outliers are eliminated via statistical analysl%r each data point is calculated wikh= min_samples
_ lidar»

as detailed in Sec. IV-E, to isolate reliable re ections fron&nd the point of maximum curvature in this plot represents

moving and static objects..FmaIIy, t_he pleaned radar dataa'sgood value for ;4. Each identied cluster is translated
normalized through max-min normalization.

into a bounding box with estimated dimensions and location.
These bounding box coordinates, along with cluster metadata

B. Camera Perception ) . N .
, ) ) (e.g., point density), are compiled into textual summaries (for
1) Image-Based Object Detectionfo extract high-level instance “large object spanning 2.3m in length at 45° to the

semantics from images,N®AR 2.0 employs YOLO, a real- | ipaR"). |n addition to providing environmental context, this

time object detection system that produces bounding boXefy,ctured textual data helpsuAR 2.0 re ne its understand-

con dence scores, and class labels (e.g., vehicles or pedgss of the physical layout surrounding the RSU, supporting
trians). The condence threshold is set to 0.5, discardingore accurate beam direction decisions.

bounding boxes with lower scores to reduce false detections.

Each bounding box is represented by coordingpes; w; h), ]

where x andy are the bounding box's center coordinate€- Radar Perception

andw and h are the bounding box's height and width. This Radar perception begins by ltering raw scans with an
representation is then assigned a class label. These outpnuisnsity threshold to eliminate weak re ections. Detected
are converted into textual descriptions that are integrated inggoints are then grouped into clusters using DBSCAN, con g-
the RAG pipeline. This transformation ensuresVAR 2.0 ured through (aq5r=2:5 and min_samples ;qa-=2. These
provides comprehensive and visually context-rich responseparameters were selected similarly to the parameter selection
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directions. This pipeline ensures robust and reliable beam
predictions. To analyze the contribution of each modality, these
steps are repeated for different modality combinations. The
following sections provide a detailed explanation of each stage.
1 Feature Extraction: The rst step in the model is to
extract features from the multi-modal inputs. The extracted
features represent high-dimensional, modality-speci ¢ insights
essential for understanding the environment and predicting
optimal beams.

Image Features The Camera Encoder processes im-
age sequences through convolutional layers and an LSTM
network. The preprocessed images are transformed into a
tensor and reshaped, then passed through three consecutive
convolutional layers with a ReLU activation function following
each layer. After the nal convolutional layer, the output tensor
is reshaped into a attened vector sequence. These attened
features are then fed into an LSTM network layer, which
processes the temporal dependencies across the sequence. The
LSTM generates 128 hidden states for each time step, and the
hidden state from the last time step is used as the nal encoded
representation. This representation captures the spatial features
from the convolutional layers and the temporal dependencies
modeled by the LSTM network.

GPS Features The GPS Encoder takes preprocessed
GPS data and encodes temporal dependencies using an LSTM
network. Preprocessed and derived GPS features are then
concatenated and normalized using a feature scaler trained
on the entire dataset to ensure consistency and minimize
variability. The resulting normalized feature vector is then
passed into a two-layer LSTM network, which processes the
input sequence to capture temporal dependencies. At each time
step, the LSTM generates 128 hidden states, with the nal
hidden state representing the learned temporal features of the
sequence. This hidden state is passed through a fully connected

in LIDAR Perception. Each cluster's average range, velocit@yer to produce the nal encoded GPS representation.

and angular span are calculated to characterize the detectedDAR Features ThePointNet Encoder  extracts spa-
object in radar coordinates. Transforming these radar clustifd and temporal features from point cloud data, leveraging
into text (e.g. “cluster at range 15m, velocity 2m/Fenhances poth convol_uuonal layers and recurrent processing. At each
ENWAR 2.0's capacity to integrate spatiotemporal data acrodg1® stept in the sequence, the corresponding point cloud
modalities. Correlating radar measurements with LiDAR dfame is processed through three 1D convolutional layers with
camera detections further enriches multi-modal awareness g€l size 1 and RelLU activations. Max-pooling is then

can reveal inconsistencies, such as an undetected objec@fRlied across all points in the cloud to aggregate features into
other modalities but present in radar scans. a xed-dimensional representation. The sequence of spatially

encoded frames is passed through an LSTM network with
128 hidden states to model temporal dependencies across
V. BEAM PREDICTION AGENT consecutive LIDAR frames. The last hidden state of the LSTM
ENwAR 2.0 employs the TransFusion architecture to preaptures both spatial and motion-aware features, forming the
dict optimal beam selections by integrating multi-modal semal encoded representation of the LIDAR sequence. This
sory inputs. This model enhances accuracy and adaptabitegration of CNN-based feature extraction with LSTM-based
ity in dynamic wireless environments by processing diverdemporal modeling enables the network to learn meaningful
data sources through a structured pipeline. As illustrated spatiotemporal patterns from the evolving point cloud data.
Fig. 3, the agent follows these step$: specialized encoders Radar Features The Radar Encoder processes radar
extract high-dimensional features from preprocessed muliata by combining fully connected layers for spatial feature
modal data; 2 extracted features are then fused into a uni edxtraction with an LSTM network for capturing temporal
representation, enabling cross-modality interactiod; the dependencies similar to the PointNet architecture [36]. At
fused data passes through a transformer block, leveragesrh time stef in the sequence, the radar input tensor is
multi-head self-attention to capture complex dependencieattened and passed through three fully connected layers with
and 4 the output layer assigns scores to potential beaRelLU activations to extract frame-wise features. the sequence

Fig. 3. TransFusion beam prediction model architecture.
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of extracted radar features is passed through an LSTM netwadnnected layers separated by a RelLU activation. The feed-
with 128 hidden states, which models temporal dependencfesvard output is then combined with the attention output
across consecutive radar frames. The last hidden state of ¥ige residual connection, followed by another round of nor-
LSTM serves as the nal encoded representation, capturingalization and dropout. This hierarchical processing allows
both the spatial structure of individual frames and the tempothke Transformer Block to capture complex cross-modal
evolution of radar re ections over time. dependencies, align modality-speci ¢ features, and generate a

2 Early Fusion: An important design choice in thetransfused representation that encodes joint spatial, temporal,
TransFusion architecture is to decouple the initial feature exad semantic relationships for accurate beam prediction.
traction from the cross-modal reasoning by performing featu# Output Layer: TheOutput Layer services as the nal
fusion prior to transformer processing. Each sensor modalgégmponent of the model, responsible for predicting the beam
produces features with distinct statistical properties, dimesgeores across all possible beam directions. The input to the
sionalities, and temporal characteristics. Directly feeding theseatput layer is the processed transfused feature representation
heterogeneous outputs into a transformer would require thitained from thélransformer Block , passed through a
model to simultaneously handle feature extraction and cro$gy connected layer that maps the input vector to a score
modal alignment, increasing the learning burden and traifor each of theQ beam indices. The output assigns a score
ing instability. Instead, TransFusion adopts a staged stratefiy: each beam, where higher scores indicate higher beam
modality-speci ¢ encoders rst transform raw sensor inputsuitability. This scoring mechanism enables the system to
into structured, modality-aligned feature embeddings. Thegkentify and prioritize the optimal beam direction based on the
embeddings are then fused into a single, uni ed representatifused multi-modal sensory data and the modeled interactions
before being processed by the transformer. within the transformer block.

By presenting the transformer with a fused, high-
dimensional feature vector, the architecture allows the trans-
former to focus solely on modeling complex dependencies anfl- OFFLINE PIPELINE: KNOWLEDGE-BASE GENERATION

interactions across modalities without being overwhelmed byWith data preprocessing and agents delineated in the pre-

low-level modality-speci c noise or structural mismatches [1_]\'/ious two sections, this section focuses on the remaining

This pre-fusion strategy reduces computational complex@/ ponents of the of ine pipeline and explains how KBs are
improves model convergence, and ensures that cross-mcg%werated

relationships are fully captured for more accurate and stable
beam prediction performance.

The Fusion Layer concatenates the outputs from alln  |nformation Combination
modality-speci ¢ encoders into a uni ed feature vector. This ] ] o N
fused vector is then processed through two fully connecteg” core innovation of BwaR 2.0 lies in its ability to
layers with dropout regularization to promote generalizatiof€@mlessly integrate processed multi-modal information from
The rst fully connected layer applies a linear projectiorJPOth the environment an_d beam predlctlon agent _|nto a uni-
followed by a ReLU activation function, capturing higher-leveled textual format, enabling effective storage, retrieval, and
feature interactions. Dropout is applied to prevent over tiing€asoning within the KB. A detailed example of a full KB
and the output is further re ned by a second fully connecte@Y: i-€. information combination, is shown in App. B. After
layer with another ReLU activation. The resulting fused repr@/€-processing explained in Sec. IV, we populate the KB by
sentation effectively integrates spatial, semantic, temporal, dRgticulously identifying a total of 150 scenes/samples, each
motion information from all modalities, providing a compactéPresenting a comprehensive multi-modal snapshot of the
and rich input to the downstreafiransformer Block for €nvironment with scenarios showing unobstructed communi-
sequence-level reasoning and nal beam prediction. patic_ms (e.g., scenesin Fig. 4), a bL_sz gnvironment (e.0., scenes
3 Transformer Block: The Transformer Block uses N Fig. 5), and obstructed communications (e.g.,. scenes in Fig.
fused feature representation to model cross-modal interactiéis These samples are composed of the following elements:
and capture long-range dependencies across the input seb) Timestamp:Each sample is assigned a unique identi er
quence. The fused input rst passes through a multi-head se¥f2d a sequential index corresponding to its timestamp/tag,
attention mechanism, which allows the model to dynamicalliyhich ensures precise organization within the KB, preventing
weigh the importance of different features across modaliti€gntextual collisions and ensuring accurate data retrieval.
and time steps. The transformer comprises four attention2) Network Environment DescriptiorA high-level textual
heads, each with 512 hidden dimensions, supported by tv&smmary of the communication devices of interest within the
layer normalization stages and two dropout layers (dropogfivironment and the multi-modal input sampling period is
rate = 0.1) to enhance generalization and stabilize training. Tégpended at the beginning of each KB entry.
outputs of the attention heads are aggregated and combined8) Camera DetectionsEach sample consists of ve con-
with the original input via a residual connection, followed byecutive images, processed using YOLO-based object detec-
layer normalization and dropout to maintain training stabilitfion to detect and classify objects such as vehicles, pedestrians,
and prevent over tting. and obstacles. Detected bounding boxes, con dence scores,

Following attention, the output is processed through and class labels are converted into textual descriptions, captur-
position-wise feed-forward network consisting of two fullying each detected object's spatial extent and semantic meaning.
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4) Image-to-Text Descriptions:Scene-level descriptions C. Embedding
generated by the LLaMA3.2-Vision model for the rst image Once chunked, the textual data is processed using a

OT each sequence. T_hese natural language des_cription_s_ capiifg model, which converts each chunk into dense, high-
high-level visual insights, such as "a pedestrian waiting §mensional vector embeddings, encoding the semantic mean-
cross the road” or "a vehicle merging into traf ¢,” providinging of the text in a machine-readable format. The embedding
a semantic overview of the scene. model rst tokenizes the input text into subword units, which
.5) GPS. Coordl_n_ates:Flve consecutive G.PS samples P36 then mapped to numerical representations. These token
vide precise positional data for the receiver vehicle. an, presentations are passed through a deep neural network
timestamp is transformed into textual descriptions that inclu ically a transformer-based architecture, which captures con- ’
the vehicle's latitude, longitude, distance, and bearing relati tual relationships and semantic mean’ing. The nal output

to the RSU. These details serve as a xed spatial reference jor. .4 cize vector embedding that encapsulates the most

other fT‘Oda"“eS- . . . . salient information from the text.
6) LiDAR Detections:Five consecutive point clouds are : e . .
Alignment across modalities is achieved during the tok-

processed using DBSCAN to extract object clusters, which._=. . . .
. L njzation and embedding stages, where padding ensures uni-
are then converted into textual data. These descriptions dejaj . . .
L : ; : - form tokenized chunk lengths and consistent semantic repre-
detected clusters' dimensions, spatial locations, and relation- . _.. o . ;
: o ; . Sentation. For simplicity, nal embedded vector with padding
ships, facilitating robust 3D spatial reasoning.

. = - is matched to the GTE model's maximum token size. This
7) Radar Detections:Five consecutive radar scans are . . .

. . ; . uniformity allows LLMs to handle redundancy, con icts, and
analyzed to extract object clusters, including their ranges

velocities, and angular properties. The processed radar E?Energles effectively. These embeddings are then stored in the

. . o X facilitated by LLaMalndex for retrieval. This integrated
is then converted into textual descriptions, capturing tempora - ; : .

. : approach facilitates robust, con ict-free sensing and a uni ed
and spatial dynamics.

understanding of the environment. By analyzing transformed

8) Beam Properties:Textual representations of the Top- it ted data. the LLM | di ios. ideni
k predicted beams, including attributes such as beam cerf P Integrated data, the L resolves discrepancies, 1denti €s
red patterns, and utilizes the strengths of each modality

angle, angular width, estimated beamwidth (calculated bas
on vehicle trajectory), and real-time received beam power.
These descriptions enable detailed interpretability of beanVIl. ONLINE PIPELINE: ADAPTIVE KNOWLEDGE-BASE
predictions regarding the dynamic environment. FORMATION AND RETRIEVAL AUGMENTED GENERATION

By transforming this rich mglh-modal data into a uni ed This section outlines the adaptive KB formation and RAG
_textual format, BWAR 2.0 pro_wdes a robust foundatlon_for rocesses introduced in Sec. IlI-B, providing relevant exam-
its RAG frameyvork. The KB is the _cornerstone fo_r ef C|_er_1§|eS to illustrate their implementation.
retrieval, enabling contextual reasoning and dynamic decision-
making in complex, wireless network environments.

A. Adaptive Knowledge-Base Formation

B. Data Chunking In order to update the KB, fWAR 2.0's online pipeline

To efciently handle the multi-modal data within theleverages Llamalndex that follows the same of ine KB gen-
constraints of embedding models and LLMsSNWAR 2.0 eration steps on the current multi-modal sensory data and
segments the transformed textual data into equal-sized adresponding beam predictions. Notice that KB is updated
manageable chunks. This chunking process ensures thatitftiependent of user prompts, ensuring that\&R 2.0 contin-
data is consistently embedded into the GTE model. Consid&jusly re nes its understanding of the environment. Addition-
a preprocessed and transformed textual dataset of siZéis ally, the adaptive KB provides an inherent historical record,
dataset is divided into smaller chunks of size To maintain capturing network behavior over time and enabling the LLM
continuity and prevent loss of meaning between chunks, eaelve ne its responses dynamically. This historical awareness,
chunk overlaps with the next b@overiap Characters. This over- either through explicit KB entries or adaptive prompting,
lapping ensures that the segments are connected, presergiigvs ENwAR 2.0 to maintain response consistency and
the context and meaning across the chunks. FovAR 2.0's  adjust its level of numerical detail based on prior interactions,
chunking process, the following parameters were selectégiproving both interpretability and reasoning.
C =800 and Coyeriap = int(C=10) = 80. For example, if
the original dataset is divided into chunks of 800 characters )
with an overlap of 80 characters, the rst chunk would®: Prompt Processing
contain characters 1 to 800, the second chunk would contailVhen a user prompt is received, it is vectorized and em-
characters 721 to 1600, and repeats for all chunks. This methmmtided, then used in the semantic search process, as explained
ensures that important information is not lost between chunks, the next section, to compare against entries in the KB.
maintaining high delity and contextual accuracy across alWWhile user prompts can reference any stored KB entry, our
modalities. This con guration balances preserving contextudéployment, by default, assumes that the user is inquiring
continuity and keeping retrieval ef cient, as smaller chunkabout the most recent entry, applying a recency tag to stream-
risk fragmentation while larger chunks increase redundanliye retrieval. Since the KB updates dynamically with each
and slow down indexing. new multi-modal input, user prompts inherently align with the
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