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Abstract—Reliable telemetry is essential for fault detection
and adaptive control in vehicle-to-everything (V2X) networks,
yet wireless impairments often cause bursty, non-i.i.d. data loss.
This paper proposes V2LLM, a digital-twin-aware, retrieval-
augmented large language model (LLM) framework for resilient
telemetry recovery and continual fault diagnosis. Leveraging the
reasoning capabilities of large AI models (LAMs), V2LLM performs
token-efficient reconstruction by combining local history, memory-
guided context, and digital twin predictions. A sliding-window
autoregressive scheme enables structured recovery under long
gaps, while a federated continual learning module adapts fault
classifiers at roadside units without raw data sharing. V2LLM tightly
integrates semantic prompting, predictive modeling, and distributed
adaptation to address uncertainty, heterogeneity, and spatiotemporal
drift in V2X environments. Extensive evaluations show that the
proposed framework consistently improves reconstruction quality
and classification robustness, demonstrating the potential of LAM-
powered architectures for intelligent, resilient wireless systems.
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I. INTRODUCTION

LARGE AI Models (LAMs), characterized by their capacity
to learn and generalize from vast amounts of data, are

increasingly transforming the landscape of intelligent wireless
communication. With recent advancements in foundation models
like GPT-4, Gemini, and Claude, the scope of LAMs has
expanded beyond natural language processing to domains such as
robotics, healthcare, and increasingly, future wireless systems [1],
[2]. Their ability to perform cognitive-level reasoning, context
understanding, and generative forecasting makes LAMs a
compelling paradigm for next-generation vehicle-to-everything
(V2X) networks, which demand predictive intelligence, semantic
awareness, and decentralized adaptability in real time. In
V2X networks, vehicles continuously transmit high-dimensional
telemetry, capturing mobility states (e.g., position, velocity),
communication metrics (e.g., received signal strength indicator
(RSSI), packet loss rate (PLR)), and environmental cues—to
nearby roadside units (RSUs) for real-time decision-making [3].
In contrast, due to the inherently unstable nature of wireless
vehicular communication, the telemetry stream is frequently
corrupted or partially lost [4]. High-speed mobility introduces
rapid channel variation and Doppler shifts, while wireless
impairments such as fast fading, shadowing, and multi-path
interference further degrade signal integrity [5], [6]. These
disruptions inject uncertainty into downstream tasks such as
fault diagnosis and cooperative control. Traditional methods
like interpolation or smoothing fail to capture semantic
dependencies, while deep sequence models like long short-
term memory (LSTM) [7] and sequence-to-sequence (Seq2Seq)
architectures lack adaptability to shifting contexts and sparse
inputs. These limitations call for more context-aware, memory-
augmented architectures, motivating the use of LAMs, particularly
large language models (LLMs), for telemetry reasoning under
uncertainty [8].

To overcome these challenges, LAMs, particularly LLMs have
emerged as flexible architectures capable of generalized reasoning
under uncertain, multimodal conditions [9]–[11]. Their ability
to model long-range dependencies and operate on serialized
inputs has recently inspired a new class of retrieval-augmented
generation (RAG) frameworks [12], [13]. In such systems,
input sequences are supplemented with externally retrieved
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context from structured memory banks, which the LLM uses
during generation to ground predictions in past experience [14],
[15]. Applied to telemetry recovery, this allows the system to
selectively reconstruct missing data by conditioning on both
local history and similar past scenarios, thereby improving
generalization in non-stationary environments. However, RAG
alone remains insufficient in vehicular settings where real-time
adaptation to evolving traffic patterns and wireless conditions
is required. Moreover, RAG models without environmental
grounding may still generate contextually inconsistent sequences,
particularly under severe loss or noise [16].

This limitation motivates the integration of digital twins (DTs),
which are virtual replicas of physical environments that enable
state estimation, forecasting, and cross-layer reasoning [17]. In
vehicular networks, DTs maintained at infrastructure nodes can
provide high-level summaries of local environmental dynamics,
such as traffic density, signal quality distributions, and mobility
trends [18]. When fused with LLM-based RAG prompting,
these DTs offer contextual priors that improve the coherence
and accuracy of telemetry reconstruction. Yet, even with this
integration, a key challenge remains: how to adapt classification
models to shifting data distributions, emerging faults, and
incomplete supervision, especially in a distributed and bandwidth-
limited setting.

Federated learning (FL) has traditionally addressed the
challenge of distributed training in privacy-sensitive environments
by enabling model optimization across multiple clients without
requiring direct data sharing [19]–[21]. Early FL algorithms
such as federated averaging (FedAvg) rely on periodic
parameter aggregation under the assumption of independent and
identically distributed (i.i.d.) data and relatively stationary client
behavior [22]. In contrast, vehicular networks are inherently non-
stationary, with rapidly evolving data distributions caused by
environmental changes, mobility patterns, and emerging fault
types. In such contexts, FedAvg and similar periodic aggregation
schemes often exhibit poor generalization and suffer from
catastrophic forgetting. To address these limitations, variants
such as FedProx [23], which incorporates local regularization
for handling system heterogeneity, and FedDyn [24], which
dynamically adjusts client objectives, have been proposed.
While these techniques partially mitigate convergence issues
in heterogeneous settings, they are still fundamentally static
in nature and ill-equipped to handle temporally evolving tasks
or lifelong learning objectives. Recently, federated continual
learning (FCL) has emerged as a promising direction, enabling
each infrastructure node such as a roadside unit (RSU) to
locally adapt to new data while maintaining alignment with a
global model [25]. FCL frameworks introduce mechanisms such
as episodic memory rehearsal, importance-based regularization,
and selective update propagation to preserve past knowledge
while integrating new experiences. This continual adaptation is
especially critical in V2X scenarios, where fault patterns evolve,
communication conditions shift, and data availability varies over
time. Unlike traditional FL, FCL ensures that local models retain
diagnostic performance across past and future tasks without
incurring communication or privacy overhead, making it a better
fit for sustainable and real-time vehicular intelligence.

Despite advances in LLM-based telemetry reconstruction,
digital twin modeling, and federated continual learning, these

capabilities remain largely disconnected in existing V2X
research. Prior studies typically employ sequence modeling
without environmental grounding [26], DT frameworks without
generative recovery [27], or federated classification without
continual adaptation [28]. Current RAG-based approaches rarely
incorporate infrastructure-level environmental context, while DT-
driven frameworks seldom exploit prompt-based inference for
telemetry restoration. Consequently, robust telemetry recovery in
burst-loss, non-i.i.d. vehicular environments remains unresolved,
particularly when reconstruction, contextual reasoning, and
decentralized adaptation must operate jointly.

Driven by this vision, this work proposes a unified, multi-layer
framework, V2LLM, that leverages LAMs for structured telemetry
generation, DT for context alignment, and FCL for adaptive
fault classification across edge nodes. Together, these components
enable a resilient and semantically enriched inference pipeline,
capable of recovering and understanding vehicular telemetry in
real time under uncertainty. The key contributions of this study
are outlined below:

• We propose an LLM-based telemetry reconstruction
framework that combines RAG with context-aware
prompting to recover missing high-dimensional vehicular
telemetry in non-i.i.d., burst-loss conditions using token-
efficient reasoning.

• We design a DT-guided memory retrieval mechanism that
ranks historical telemetry windows based on trajectory
similarity and environmental embeddings, enabling
semantically grounded prompt construction for improved
reconstruction accuracy.

• To handle consecutive missing sequences, we implement
a sliding-window autoregressive generation strategy that
extends predicted telemetry within LLM token limits, and
empirically show that RAG-based prompting achieves higher
recovery quality with shorter prompts compared to baselines.

• We incorporate an FCL module that allows RSUs to adapt
their classifiers over time while mitigating catastrophic
forgetting through memory rehearsal and regularization,
supporting robust long-term fault detection without raw data
sharing.

• We present V2LLM, a unified five-layer framework
integrating telemetry modeling, DT forecasting, memory
retrieval, LLM-based recovery, and federated classification,
offering scalable and context-aware V2X telemetry
diagnosis.

• Extensive experiments across multiple benchmarks show that
V2LLM consistently outperforms baseline approaches in
both recovery accuracy and classification robustness under
dynamic V2X scenarios.

Structure of the paper: The organization of this paper is
as follows. Section II provides a comprehensive review of
related works and positions the proposed framework within
existing literature. Section III introduces the V2X system model
and telemetry setup. Section IV formally defines the telemetry
recovery and distributed classification problem. Section V
presents the proposed V2LLM framework in detail, layer by
layer. Section VI discusses memory optimization and complexity
analysis. Section VII outlines the simulation setup, evaluation
metrics, and baseline configurations. Section VIII presents the
experimental results and insights. Finally, Section IX concludes
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the paper and outlines future research directions.

II. RELATED WORK

This section reviews prior research that provides the conceptual
foundation for the proposed V2LLM framework. As discussed
in Section I, V2LLM integrates digital-twin-aware reasoning,
retrieval-augmented LLM, and FCL to achieve resilient telemetry
recovery and fault diagnosis in vehicular networks. To position
this work within existing literature, we organize related studies
into five interconnected research streams:

A. Telemetry Imputation and Time-Series Recovery

Reliable reconstruction of missing telemetry data is a
long-standing challenge in time-series modeling and plays a
critical role in vehicular analytics. Traditional interpolation and
autoregressive schemes [29] offered efficient estimation but
lacked the ability to capture nonlinear motion dynamics and
often failed under bursty or correlated losses. With the rise
of deep learning, recurrent and variational models such as
GRU-D [30], BRITS [31], and GP-VAE [32] began modeling
temporal decay and uncertainty in latent space, marking a shift
toward context-aware imputation. Subsequent transformer-based
approaches, including SAITS [33] and TimesNet [34], extended
this idea by learning long-range dependencies and irregular
sampling patterns, while diffusion-based imputers [35] further
improved continuity under complex loss structures.

In contrast, most existing works were developed for
stationary domains such as health or finance and struggle to
generalize to vehicular telemetry, where data loss correlates
with motion, traffic, and wireless interference. Attempts to
integrate spatial context using graph-based or Kalman-augmented
recurrent networks [36]–[38] improved short-term prediction
but remained deterministic and environment-agnostic. These
limitations become more pronounced in vehicular telemetry,
where reconstruction must account for coupled mobility
and communication dynamics. This motivates retrieval-guided
generative approaches capable of incorporating both historical
trajectories and environmental context.

B. Retrieval-Augmented Generation for Temporal Reasoning

The emergence of LLMs has expanded sequential reasoning
and generative modeling beyond natural language into structured
and temporal domains. Recent advances in retrieval-augmented
generation (RAG) extend this paradigm to time-series [39]
and tabular modeling [40], where retrieved memory improves
contextual grounding and prediction consistency. Retrieval-based
transformers have demonstrated advantages over conventional
autoregressive decoders by incorporating semantically related
historical samples during inference [41], [42]. Subsequent
developments integrate retrieval with self-attention mechanisms
to jointly model local continuity and long-range temporal
dependencies [43]. Domain-specific retrieval strategies have
further improved sequential reasoning performance. For example,
FinSrag [44] shows that retrieval aligned with task-specific
temporal patterns improves forecasting accuracy compared with
generic embedding-based retrieval. Related studies in memory-
augmented transformers [45], retrieval-guided reasoning for
large models [46], hybrid temporal attention architectures [47],

and LLM-based wireless communication tasks such as channel
modeling and resource allocation [48], [49] demonstrate the value
of external memory and large-model reasoning for structured
inference under heterogeneous and evolving conditions. Within
vehicular systems, transformer-based models have also been
explored for domain adaptation and trajectory prediction under
incomplete observations [50].

Despite these advances, existing retrieval-driven methods
primarily target forecasting, prediction, or optimization tasks
and rarely address telemetry reconstruction under bursty loss,
mobility-induced drift, and fluctuating wireless conditions.
Moreover, the physical and environmental context is typically
absent from retrieval design. In contrast, V2LLM incorporates
DT-aware retrieval and structured prompting to align telemetry
reconstruction with both motion dynamics and communication
context in V2X environments.

C. Digital Twin–Driven Context Modeling

Digital twins have become integral to intelligent transportation
systems by maintaining real-time virtual counterparts of
vehicles and infrastructure for prediction, diagnosis, and
control. Foundational works established hierarchical architectures
linking physical assets, communication gateways, and cloud-
based digital spaces to improve safety and mobility across
large-scale networks [60], [61]. Edge-assisted DTs have
further enabled efficient data exchange among connected and
autonomous vehicles (CAVs), supporting cooperative sensing and
learning under latency and bandwidth constraints [62]. Recent
studies enhance DT fidelity and safety through delay-aware
synchronization, stability analysis, and control barrier–based
safety strategies [63], while others integrate AI-driven analytics
for real-time vehicle performance evaluation and predictive
control [64]. Beyond transportation, DT frameworks in industrial
and wireless systems highlight the integration of AI, federated
learning, and blockchain for secure, distributed intelligence [52],
[65], [66]. Recent studies have also explored DT-assisted LLM
and continual learning pipelines for industrial fault diagnosis,
where DT models support abnormal data correction and retrieval-
augmented LLMs compensate for missing sensor observations
within federated continual settings [67]. DT-assisted federated
training has also emerged as a key paradigm for optimizing
vehicular learning accuracy and energy efficiency under dynamic
conditions [68].

Recent advances further demonstrate the integration of digital
twins with learning-based control and optimization, such as
hybrid DT frameworks for 5G networks [69], which combine data
reconstruction, prediction, and reinforcement learning for system-
level decision-making. Similarly, hierarchical DT architectures
for 6G V2X systems [70] highlight the role of DTs in scalable
network management and real-time optimization.

Despite these advances, existing DT-based frameworks
primarily focus on control, optimization, or system management,
and do not leverage DT representations as semantic priors
for generative inference. In contrast, the proposed V2LLM
framework embeds DT-derived context directly into a retrieval-
augmented LLM pipeline, enabling physically grounded
and context-aware telemetry reconstruction in dynamic V2X
environments.



4

TABLE I: Comparison of Key Features Across Related Works and the Proposed V2LLM Framework

Approach / Framework Semantic-Aware Digital Twin RAG/ Memory
Augmented

Federated
Learning

Continual
Adaptation

Privacy
Preservation

GRU-D [30] / BRITS [31] X X X X X X

SAITS [33] / TimesNet [34] ✓ X X X X X

MemDeT [51] / MAuGANs [45] ✓ X ✓ X X X

DAG-Net [47] ✓ X ✓ X X X

DT-IIoT [52] / TwinFed [53] X ✓ X ✓ X ✓

FedGau [54] / ESAFL [55] X X X ✓ X ✓

Re-Fed+ [56] / F2SCIL [57] X X X ✓ ✓ ✓

MeCo [58] / SacFL [59] X X X ✓ ✓ ✓

V2LLM (PROPOSED) ✓ ✓ ✓ ✓ ✓ ✓

D. Federated Learning for Vehicular Networks

Federated learning has become a key enabler of privacy-
preserving intelligence in CAVs, allowing collaborative model
training without raw data exchange. By aggregating locally
trained models from vehicles and roadside units (RSUs),
FL mitigates communication overhead and protects sensitive
information while improving model generalization across diverse
driving environments [71]. Recent advances in hierarchical
and asynchronous aggregation have enhanced the scalability of
vehicular FL under mobility-induced heterogeneity. Hierarchical
frameworks coordinate cross-city learning with adaptive
scheduling to accelerate convergence and reduce communication
cost [54], while semi-asynchronous schemes address straggler
effects and improve stability in dynamic networks [55], [72].
Digital-twin-assisted FL further aligns model updates with
real-time virtual replicas, enabling predictive synchronization
and efficient resource allocation for safety-critical tasks [73],
[74]. Beyond ground vehicles, hybrid federated and centralized
learning in unmanned aerial vehicle (UAV)-assisted networks
demonstrates energy-efficient adaptation for aerial traffic
prediction [75], and FL-reinforcement learning integration
optimizes cooperative task offloading and communication
efficiency in CAV systems [76].

Despite these advances, most vehicular FL frameworks remain
episodic and lack continual adaptation to evolving contexts. The
proposed V2LLM bridges this gap by integrating DT-aware FCL
to ensure resilient, privacy-preserving, and semantically consistent
fault diagnosis in dynamic V2X environments.

E. Federated Continual Learning

Traditional federated learning assumes static and stationary
data distributions, which limits its adaptability to evolving
vehicular environments. In contrast, FCL enables collaborative,
lifelong model refinement across clients that continuously
encounter new tasks or domains. By fusing local adaptation
and global knowledge retention, FCL mitigates catastrophic
forgetting and sustains model robustness under dynamic
conditions. Recent FCL studies have introduced mechanisms
such as synergistic replay and sample caching to balance
old and new knowledge during domain shifts [56], [77].
Prototype-based aggregation and hierarchical parameter fusion
further enhance incremental learning across mobile or resource-
constrained edge devices [28], [57]. Self-adaptive frameworks like

SacFL employ task-aware encoders and contrastive learning for
autonomous shift detection, reducing storage overhead on end
devices [59]. Similarly, industrial and IoT systems leverage meta-
consolidation and task-specific transfer to achieve cost-efficient
continual adaptation [58]. Hybrid architectures also integrate
digital-twin-assisted coordination, where virtual replicas support
synchronization and stability in edge-federated settings [53].

Comprehensive surveys on FCL highlight emerging directions
in asynchronous, clustered, and spatiotemporal continual
learning [25], [78]. Building upon these advances, V2LLM
fuses DT-aware reasoning, retrieval augmentation, and continual
adaptation to achieve resilient telemetry recovery and fault
diagnosis in evolving V2X environments.

F. Comparative Summary of Related Work

To illustrate the distinct contributions of the proposed
V2LLM framework, Table I summarizes the key capabilities
supported by representative prior works across the five
research streams. The proposed framework uniquely integrates
all essential components—semantic reasoning, digital-twin
grounding, retrieval augmentation, federated collaboration, and
continual adaptation—within a unified architecture for resilient
V2X telemetry intelligence.

III. SYSTEM MODEL

We consider a semi-urban vehicular network comprising N
connected vehicles V = {v1, v2, . . . , vN} and R infrastructure-
side RSUs R = {r1, r2, . . . , rR} deployed across a geographic
region. Each vehicle vi ∈ V is equipped with an onboard
unit (OBU) that periodically transmits telemetry vectors xi(t)
to its nearest RSU rj via a vehicle-to-infrastructure (V2I)
wireless link, such as dedicated short-range communications
(DSRC) or cellular V2X. The telemetry data includes both
mobility features (e.g., position, velocity, acceleration) and
communication-level indicators such as RSSI and PLR, which
are essential for downstream tasks like fault detection, traffic
state estimation, and collaborative inference. To maintain accurate
environmental awareness under such uncertainty, each RSU
maintains a localized DT model that estimates real-time traffic
and communication dynamics. The RSU also constructs retrieval-
augmented prompts using historical data and DT priors to recover
missing telemetry via an LLM-based generative module. Fig. 1
summarizes telemetry transmission, DT-assisted retrieval, LLM-
based reconstruction, and federated diagnosis across RSUs.
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Telemetry gap/missing

Normal telemetry received
Reconstructed telemetry Classification result

Fig. 1: Illustration of the proposed V2LLM architecture showing telemetry flow, digital twin integration, memory retrieval, and federated fault diagnosis.

A. Vehicular Telemetry and Communication Loss

Let T denote the global time horizon. At each time step t ∈
{1, 2, . . . , T}, vehicle vi generates a telemetry vector xi(t) ∈ Rd

comprising motion and communication attributes [79], [80], e.g.,

xi(t) = [px(t), py(t), v(t), a(t), θ(t),RSSI(t), PLR(t), . . . ], (1)

where px(t), py(t) denote position, v(t) is velocity, a(t) is
acceleration, θ(t) is heading angle, and RSSI and PLR capture
signal quality metrics. The feature dimension d may vary by
application. Reception of telemetry at RSUs is indicated by

δi,j(t) =

{
1, if xi(t) is received at RSU rj ,

0, otherwise.
(2)

Each vehicle vi is associated with its serving RSU rj , where
j ∈ {1, . . . , R} indexes the set of RSUs, based on proximity or
communication range at time t. Accordingly, δi,j(t) explicitly
captures the reception of telemetry from vehicle vi at RSU
rj , enabling the system (or cloud aggregator) to distinguish
observations across different RSUs. Each RSU rj maintains a
telemetry buffer Xj(t) consisting of all received vectors and
constructs a history window per vehicle as

Hi(t) = {xi(t− k), . . . ,xi(t− 1)} (3)

A telemetry gap Mi(t) occurs when τ consecutive vectors are
missing [81], represented as

δi,j(t− τ + 1) = · · · = δi,j(t) = 0 (4)

The recovery objective is to approximate the missing sequence
using available context as

Mi(t) = {xi(t− τ + 1), . . . ,xi(t)} (5)

B. Retrieval Memory and Digital Twin State

To support gap recovery, each RSU maintains a bounded
historical memory Kj containing M telemetry windows and their
corresponding ground truths as

Kj =
{(
H(m)

i ,x
(m)
i

)}M

m=1
. (6)

Similarity-based retrieval is used to identify relevant past
trajectories for reconstruction, where a similarity score s(·, ·) is
computed between the current history Hi(t) and each memory
entry [82]. The top-K matches define the context set is given as

Ci(t) = Top-K(Hi(t),Kj) . (7)

Top-K retrieval provides multiple high-similarity contexts
instead of a single historical match, improving robustness to
partial mismatches and noisy observations in non-i.i.d. vehicular
environments. Each RSU is also equipped with a DT module that
estimates macro-level traffic and wireless conditions over time.
The DT state at time t is denoted as

Φj(t) = (µj(t), σj(t), ρj(t), ψj(t)) , (8)

where µj is average vehicle speed, σj is local density, ρj is link
reliability, and ψj captures lane occupancy. These features are
computed from recent telemetry within a sliding time window
and smoothed using exponential averaging [83]. The DT state is
embedded into a fixed-size vector zj(t).
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C. Telemetry Reconstruction Objective

When a telemetry gapMi(t) is detected, the RSU constructs a
structured input for LLM-based reconstruction. This input Qi(t)
is composed of

Qi(t) = Prompt (Hi(t), Ci(t), zj(t)) (9)

where Hi(t) is the recent telemetry history, Ci(t) is the top-
K retrieval context, zj(t) is the DT embedding, and metadata
includes auxiliary information such as vehicle identification (ID)
and timestamps. The missing telemetry M̂i(t) is then generated
autoregressively by a LLM [84], [85], which predicts each step
based on the prompt context [81], as,

M̂i(t) = LLM(Qi(t)). (10)

This reconstructed sequence is forwarded to downstream
classifiers, and optionally, the RSU contributes to a federated
learning round for continual model adaptation. The operational
layers and detailed mechanisms of this end-to-end process are
described in Section V.

IV. PROBLEM FORMULATION & SOLUTION APPROACH

In real-world vehicular networks, the effectiveness of data-
driven fault diagnosis, anomaly detection, and decision-making
depends critically on the availability of complete, fine-
grained telemetry streams from connected vehicles. These
telemetry vectors encapsulate essential spatio-temporal features
such as position, velocity, acceleration, heading, as well as
communication indicators like RSSI and PLR. In contrast, due to
environmental dynamics, wireless congestion, deep fading, and
hardware malfunctions, telemetry reception at the infrastructure
side often suffers from bursty losses. Such gaps in sensor
data introduce ambiguity in downstream tasks and degrade the
performance of learning-based systems responsible for fault
classification or traffic-state estimation.

A. Problem definition

Let xi(t) ∈ Rd denote the telemetry vector transmitted by
vehicle vi at time t, where d is the number of telemetry features.
As defined in Eq. (2), the reception of xi(t) at the nearest RSU
rj is indicated by a binary mask δi(t) ∈ {0, 1}, with δi(t) =
0 implying packet loss. A telemetry gap Mi(t) of length τ is
declared when

δi(t− τ + 1) = δi(t− τ + 2) = · · · = δi(t) = 0. (11)

The objective is to reconstruct the missing segment Mi(t) =
{xi(t− τ +1), . . . ,xi(t)}, as defined earlier in Eq. (5), using the
information available at RSU rj .

Let Hi(t) denote the history buffer of valid past telemetry
received from vehicle vi (Eq. (3)). Let Kj be the memory bank
of trajectory-context pairs, and let Φj(t) denote the real-time DT
state, as defined in Eq. (8).

The recovery goal is to generate a faithful approximation
M̂i(t) of the missing telemetry, leveraging history Hi(t),
context Ci(t) ⊂ Kj , and DT guidance through its embedded
representation zj(t). The reconstruction follows the prompt
construction and autoregressive generation process defined earlier
in Eq. (9), where the LLM generates the missing telemetry

conditioned on historical context, retrieved memory, and DT
embeddings.

To improve the contextual relevance of retrieval, the DT state
is encoded into zj(t) = fenc(Φj(t)), and hybrid similarity is
computed as

s′ = α · sim(Hi(t),H(m)
i ) + (1− α) · sim(zj(t), z

(m)
j ), (12)

where α ∈ [0, 1] balances trajectory and environmental similarity.
The top-K samples Ci(t) are selected accordingly.

The considered problem involves: (i) recovering missing high-
dimensional telemetry under bursty loss, (ii) incorporating
temporal and environmental context into reconstruction
under partial observability, and (iii) supporting decentralized
classification under evolving non-i.i.d. data distributions.

Conventional interpolation or statistical imputation methods fall
short in such settings, as they ignore the semantic, contextual,
and structural aspects of telemetry data. Furthermore, traditional
learning architectures struggle to generalize under heterogeneous,
distributed conditions where telemetry distributions shift over
time, and centralized access is restricted.

B. Solution Approach

To address the above challenges, we propose V2LLM, a layered
and integrated framework that combines DT modeling, RAG,
large autoregressive language models, and FCL for resilient and
context-aware telemetry recovery and diagnosis. V2LLM operates
through five tightly coupled layers:
(1) vehicle telemetry capture and loss detection;
(2) DT-based state summarization;
(3) memory-augmented prompt construction via similarity-based
retrieval;
(4) transformer-driven autoregressive reconstruction of missing
data; and
(5) federated continual classification of real and recovered
telemetry.

V2LLM combines prompt-based semantic reasoning with
transformer modeling for robust telemetry recovery, while
its federated design enables adaptive, privacy-preserving fault
classification. The full architecture is detailed in the following
sections.

V. PROPOSED V2LLM FRAMEWORK

V2LLM is organized into five functional layers covering
telemetry preprocessing, DT estimation, retrieval-augmented
prompting, autoregressive reconstruction, and federated continual
classification:

A. Layer 1: Vehicular Telemetry Generation Model

This layer models how vehicular telemetry is generated,
transmitted, occasionally lost, and preprocessed for downstream
modules such as DT estimation, memory retrieval, and LLM-
based reconstruction. As defined in Eq. (1)–(5), each vehicle
vi transmits a telemetry vector xi(t) at time t, and a telemetry
gap Mi(t) is declared when τ consecutive packets are lost, i.e.,
δi(t

′) = 0.
Each RSU maintains a history buffer Hi(t) of the most recent

k successfully received telemetry vectors from vehicle vi, as in



7

Eq. (3). This history provides a temporally coherent window for
constructing LLM prompts.

To interface with LLMs, telemetry vectors are serialized into
a structured, natural language-like format. Each vector xi(t

′) is
flattened and tokenized as

Tokenize(xi(t
′)) = [t’] : [x1, x2, . . . , xd] (13)

Before serialization, heterogeneous telemetry features are
normalized to mitigate scale imbalance across mobility and
communication variables. Let xi,d(t), d ∈ {1, . . . , D}, denote
the d-th component of telemetry vector xi(t). For continuous
variables with broad dynamic ranges (e.g., position, velocity,
acceleration, RSSI, and SNR), z-score normalization is applied
as

x̃i,d(t) =
xi,d(t)− µd

σd
, (14)

where µd and σd denote feature-wise statistics computed from the
training telemetry set. For bounded numerical variables such as
PLR and occupancy-related indicators, min–max normalization is
used as

x̃i,d(t) =
xi,d(t)− xmin

d

xmax
d − xmin

d

. (15)

The normalized telemetry representation

x̃i(t) = [x̃i,1(t), . . . , x̃i,D(t)] (16)

is subsequently serialized into the prompt token sequence used
for autoregressive reconstruction.

The complete prompt is:

Vehicle ID: vi
Time window: [t-k, t-1]
[t-k] : [x1, ..., xd]
...
[t-1] : [x1, ..., --, --]
Predict next state:

Missing values are denoted with “--” to signal reconstruction
regions to the LLM. Unlike conventional approaches that
use matrix-based inputs or opaque sequence models (e.g.,
LSTMs, GRUs), our method reformulates telemetry recovery
as a semantically guided, autoregressive generation task. The
prompt format exploits LLMs’ instruction-following ability and
interpretability via a line-by-line, JSON-like structure. Prompt
construction scales as O(k ·d). To meet the transformer’s context
window limit Lmax (e.g., 1024 tokens), we ensure

|T (Qi(t))| ≤ Lmax (17)

A detailed example of the prompt appears in Example V-C.
Algorithm 1 and Fig. 2 illustrate the full Layer 1
pipeline—starting from telemetry reception, through history
buffer extraction, to structured prompt generation for LLM-based
reconstruction.

B. Layer 2 – Digital Twin-Based State Estimation

This layer introduces a DT model at each RSU rj to
capture environmental context from vehicular and communication
dynamics. The DT state Φj(t), defined in Eq. (8), includes
moving average speed µj(t), normalized vehicle density σj(t),
link reliability ρj(t), and lane occupancy vector ψj(t). These
features are computed from recently received telemetry within
a sliding window of w seconds.

Vehicle vi RSU rj

Telemetry Gap
Mi(t)

Serialized Window
Hi(t)

LLM Prompt
Qi(t)

xi(t)

missing data
δi(t) = 0

Fig. 2: Layer 1 pipeline from raw telemetry to LLM prompt.

Algorithm 1 Layer 1: Telemetry-to-LLM Prompt Construction

1: Input: History length k, telemetry buffer Hi(t), feature
dimension d.

2: Output: Prompt Qi(t) for missing step t.
3: Initialize empty prompt Qi(t)← .
4: Append metadata lines (vehicle ID and time window).
5: for ℓ = t− k to t− 1 do
6: Serialize xi(ℓ) using Eq. (13).
7: Append to prompt.
8: end for
9: Append “Predict next state:” marker.

10: return Qi(t)

Let Xj(t) denote the set of telemetry vectors received at RSU
rj within the most recent sliding window. The DT state Φj(t)
is defined as a tuple of four components that jointly capture
macro-level traffic and communication dynamics. Specifically,
µj(t) denotes the average velocity of vehicles currently connected
to RSU rj , σj(t) represents the vehicular density normalized
over the RSU’s coverage area Aj , ρj(t) quantifies the wireless
link reliability based on observed packet loss rates, and ψj(t)
is a normalized lane occupancy vector capturing the distribution
of vehicles across the L lane segments. These components are
computed respectively as

µj(t) =
1

|Xj(t)|
∑

xi∈Xj(t)

vi(t), (18)

σj(t) =
|Xj(t)|
Aj

, (19)

ρj(t) = 1− 1

|Xj(t)|
∑

xi∈Xj(t)

PLRi(t), (20)

ψj(t)[ℓ] =
Nℓ(t)

Nmax
, ∀ℓ ∈ {1, . . . , L}, (21)

where Aj is the RSU’s coverage area, Nℓ(t) is the number
of vehicles in lane ℓ, and Nmax is the maximum observed
lane occupancy used for normalization. To mitigate short-
term fluctuations, each DT component is smoothed using an
exponential moving average (EMA) as

X(t)← λX(t− 1) + (1− λ)X̂(t), (22)
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Algorithm 2 Layer 2: DT Update and Embedding at RSU

1: Input: Recent telemetry Xj(t), previous state Φj(t− 1).
2: Output: Updated DT embedding zj(t).
3: Compute µ̂j(t), σ̂j(t), ρ̂j(t), ψ̂j(t) using Eqs. (18)–(21).
4: Smooth each component using EMA in Eq. (22).
5: Form DT tuple Φj(t) as in Eq. (8).
6: Compute embedding zj(t) using Eq. (23).
7: return zj(t)

Received telemetry Xj(t)

Raw DT
Φ̂j(t)

Previous
Φj(t − 1)DT Embedding

zj(t)

Fig. 3: Layer 2 RSU-level DT computation and embedding.

where X̂(t) is the most recent raw estimate and λ ∈ [0, 1] is a
smoothing hyperparameter. The tuple Φj(t) is then mapped to a
dense semantic embedding zj(t) ∈ Rdz using a shared encoder
as

zj(t) = fenc(Φj(t)) = MLP(concat[µj(t), σj(t), ρj(t), ψj(t)]).
(23)

This compact representation is incorporated into the LLM prompt
as defined in Eq. (9), complementing the local telemetry history
Hi(t) and the retrieved context Ci(t) with environment-aware
context. The DT embedding provides environment-level context
for reconstruction by encoding traffic density, communication
reliability, and lane occupancy into a compact representation
compatible with prompt conditioning.

Algorithm 2 outlines the computation pipeline—beginning
with the extraction of raw environmental metrics from Xj(t),
followed by exponential smoothing, and culminating in the
generation of the DT embedding. Fig. 3 provides a schematic
overview of this process, showing how Φj(t) is updated from
historical and current statistics to inform the next stage of LLM-
driven telemetry reconstruction.

C. Layer 3– Retrieval-Augmented Prompting (RAG)

The third layer of the V2LLM framework constructs enriched,
context-aware prompts for LLM-based telemetry reconstruction
by employing a RAG paradigm. It merges recent vehicle telemetry
with relevant historical samples and environmental embeddings
derived from the DT model (Layer 2), producing a semantically
dense and temporally aligned prompt optimized for transformer-
based inference. Each RSU rj maintains a local memory bank
Kj of size M , where

Kj =
{(
H(m)

i ,x
(m)
i ,Φ

(m)
j

)
| m = 1, . . . ,M

}
(24)

Given a telemetry gap for vehicle vi at time t, a query vector is
formed as

Queryi(t) = (Hi(t),Φj(t)) , (25)

whereHi(t) is the recent history and Φj(t) is the current DT state.
To select relevant context, a joint similarity score is computed as

sim
(
(Hi(t),Φj(t)), (H(m)

i ,Φ
(m)
j )

)
=α · cos

(
Hi(t),H(m)

i

)
+ (1− α) · cos

(
zj(t), z

(m)
j

)
(26)

where α ∈ [0, 1] balances trajectory and environment similarity.
To enable consistent similarity computation, each trajectory
segment Hi(t) is represented as a fixed-length vector obtained
by concatenating the most recent k telemetry observations, i.e.,
Hi(t) ∈ Rk·d, where d denotes the telemetry dimension. Prior to
similarity evaluation, both trajectory vectors and DT embeddings
are ℓ2-normalized to ensure scale-invariant comparison and
compatibility with cosine similarity.

The DT state Φj(t) is encoded into a compact embedding
zj(t) via a lightweight MLP encoder, and similarly normalized
before computing cos(·, ·), preventing any single feature from
dominating the similarity score. The top-K entries (i.e., the K
most similar past examples) define the retrieval set as

Ci(t) = Top-K(sim,Kj) . (27)

The number of retrieved contexts K is selected based on
empirical evaluation, as validated in the Top-K retrieval ablation
study (Fig. 16), where performance improves with increasing
K up to a moderate value before saturating due to prompt
length constraints. In practical V2X deployments, sufficiently
similar historical scenes may not always exist within the
bounded memory bank Kj , particularly under rare traffic patterns,
evolving wireless conditions, or previously unseen operating
scenarios. In such cases, retrieval provides weaker contextual
guidance rather than acting as a hard constraint. Importantly, the
proposed framework does not rely solely on retrieved memory
for reconstruction. The prompt jointly conditions the LLM on
recent telemetry historyHi(t), DT embedding zj(t), and retrieved
context Ci(t). Consequently, when memory matching is weak,
generation remains grounded by local temporal continuity and
real-time environmental context, reducing overdependence on
imperfect retrieval and mitigating the likelihood of unconstrained
telemetry recovery. The LLM prompt structure defined in
Eq. (9) is implemented by serializing the history Hi(t), top-
K retrieval context Ci(t), and DT embedding zj(t) into a line-
based, transformer-compatible format. Formally, each retrieved
entry (H(m)

i ,x
(m)
i ,Φ

(m)
j ) ∈ Ci(t) is serialized as a structured

trajectory-response pair, where each trajectory segment is paired
with its corresponding next-step telemetry target. Historical states
and corresponding outputs are encoded in a line-wise format
consistent with the telemetry representation. These retrieved
sequences are appended in temporal order, preserving alignment
between input context and predicted outputs. An illustrative
example is shown below:
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Serialized Prompt for Autoregressive Generation

Vehicle ID: v3
Time Window: [37, 38, 39]
[37] : [52.1, 13.4, 11.2, 0.3, 45.0,
-74.5, 0.02]
[38] : [52.3, 13.5, 11.4, 0.2, 44.8,
-75.1, 0.01]
[39] : [52.6, 13.8, 11.7, 0.1, 44.5,
--, --]
Context 1 : [52.9, 13.6, 11.0, 0.1,
44.9, -74.8, 0.02]
Context 2 : [53.0, 13.7, 10.8, 0.3,
44.7, -75.2, 0.03]
DT Embedding : [0.23, 0.58, 0.01,
0.76, 0.12]
Predict next state:

To prepare the prompt for transformer inference, we serialize
the structured content into a flat, position-aware sequence,
ensuring temporal coherence. Each element in Hi(t) and Ci(t)
is formatted line-by-line and tokenized using byte-pair encoding
(BPE). The resulting token sequence [t1, t2, . . . , tL] is mapped to
embeddings E = [e1, . . . , eL] ∈ RL×dmodel , which are processed
by a transformer stack.

In our implementation, tokenization is performed using BPE
consistent with the pretrained GPT-2 tokenizer. Telemetry
values are preserved in continuous form and serialized as
feature-wise normalized floating-point numbers (using z-score
or min-max preprocessing, depending on the variable type)
without discretization. Missing values in telemetry sequences
are explicitly represented using placeholder symbols (e.g., “–
”), allowing the model to distinguish between observed and
unobserved entries during autoregressive generation.

The resulting prompt length depends on the history window
size and the number of retrieved contexts. In our setup, the
average tokenized prompt length ranges from approximately 80
to 150 tokens, remaining within the effective context window
of the underlying language model while preserving sufficient
contextual information for reconstruction. Within each attention
layer, contextual interactions are modeled using

Attention(Q,K,V) = softmax

(
QK⊤
√
dk

)
V, (28)

where Q = EWQ, K = EWK , V = EWV are the query,
key, and value projections, and dk is the attention dimensionality.
The transformer layers model interactions among historical steps,
retrieved contexts, and the masked target token(s), allowing the
LLM to autoregressively predict missing entries.

Algorithm 3 outlines the process of selecting top-K samples
and generating Qi(t). Fig. 4 presents the corresponding
schematic, showing how telemetry gaps are supplemented with
historical memory and DT context to form an LLM-compatible
prompt. The resulting prompt combines telemetry history,
retrieved memory, and DT context into a transformer-compatible
representation for autoregressive reconstruction.

Algorithm 3 Layer 3: Prompt Construction via RAG

1: Input: Hi(t), zj(t), Kj .
2: Output: Prompt Qi(t).
3: for m = 1 to M do
4: Compute similarity using Eq.(26).
5: end for
6: Select top-K samples to get Ci(t) using Eq.(27).
7: Generate Qi(t).
8: return Qi(t)

Missing Telemetry
Mi(t)

RAG Prompt
Qi(t)

DT + Memory
zj(t),Kj

History Window
Hi(t)

Fig. 4: Layer 3 RAG prompt generation using historical and environmental
context.

D. Layer 4 – Autoregressive Generation via LLM

This layer performs the core inference task in V2LLM:
generating missing telemetry vectors autoregressively using the
context-rich prompt Qi(t) constructed in Layer 3. Leveraging a
transformer-based decoder, this module fills the telemetry gap by
sequentially predicting the missing components conditioned on
the serialized history, top-K retrieved samples, and real-time DT
context.

Given a prompt Qi(t) structured as a token sequence
[t1, t2, ..., tL], the LLM first tokenizes the input using byte-pair
encoding (BPE) or similar segmentation into L tokens. These are
embedded as

E = [e1, . . . , eL] ∈ RL×dmodel , (29)

where dmodel is the transformer’s hidden size.
The transformer stack processes E through N layers, each

comprising a masked multi-head self-attention block and a
position-wise feedforward network. The attention computation
follows the scaled dot-product formulation as in Eq.(28). For each
token embedding ei, attention is computed as

Attention(Q,K,V) = softmax

(
QK⊤
√
dk

)
V, (30)

where Q = EWQ, K = EWK , V = EWV , and dk is the
dimensionality of queries and keys.

After each decoder block, the updated representation hL for
the final token is passed through a linear projection and softmax
layer to obtain the probability distribution over the vocabulary as

P (x
(t)
d ) = softmax(Wo · hL + bo). (31)

The token with the highest probability is selected (greedy
decoding) or sampled using temperature scaling or nucleus
sampling.
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Algorithm 4 Sliding-Window Autoregressive Generation

1: Input: Prompt Qi(t), gap length n, LLM model fLLM.
2: Output: Reconstructed sequence M̂i(t)
3: for ℓ = 0 to n− 1 do
4: Tokenize Qi(t+ ℓ).
5: x̂i(t+ ℓ)← fLLM(Qi(t+ ℓ)).
6: Qi(t+ ℓ+ 1)← Qi(t+ ℓ) ∪ Tokenize(x̂i(t+ ℓ)).
7: end for
8: return {x̂i(t+ ℓ)}n−1

ℓ=0 .

RAG Prompt Qi(t)

Token Embedding E

Transformer Stack

Linear Projection Softmax / Sampling

Next-step x̂i(t)

Fig. 5: Layer 4 Autoregressive generation of telemetry vectors using the LLM
decoder.

For multi-step telemetry reconstruction (i.e., filling a telemetry
gap of length n), we apply a sliding-window decoding strategy.
Each generated vector x̂i(t + ℓ) is appended to the prompt,
forming Qi(t+ ℓ+ 1) iteratively as

Qi(t+ ℓ+ 1) = Qi(t+ ℓ) ∪ Tokenize(x̂i(t+ ℓ)). (32)

This continues until the entire gap Mi(t) is filled.
The pipeline shown in Fig. 5 illustrates how each telemetry gap

is resolved through token embedding, transformer decoding, and
autoregressive prediction. Algorithm 4 outlines the autoregressive
decoding process, where the LLM generates missing telemetry
vectors by iteratively extending the prompt with each new
prediction. The decoder supports variable-length reconstruction
through iterative prompt extension and context-conditioned
autoregressive generation.

Physical consistency is preserved through contextual
conditioning on historical telemetry, retrieved trajectories,
and DT embeddings. In rare cases of invalid outputs (e.g.,
out-of-range values), simple range-based correction is applied to
ensure physically plausible values.

E. Layer 5 – Federated Continual Learning (FCL)

The fifth and final layer of the V2LLM framework performs
distributed fault classification using telemetry vectors recovered
from the previous LLM generation stage. This layer enables
real-time, adaptive, and decentralized learning across RSUs by
employing an FCL scheme. The primary goals are: (i) to handle
non-i.i.d., time-varying data distributions in vehicular networks,
(ii) to avoid catastrophic forgetting as telemetry evolves, and (iii)
to achieve global generalization while preserving local privacy.

Each RSU rj maintains a local classifier fj(·; θtj) : Rd → Y
with parameters θtj , where Y is the set of traffic or fault condition

Algorithm 5 Layer 5: Federated Continual Learning Loop

1: Input: Initial global model θ0, local datasets Dt
j
R

j=1
, sync

interval Tsync, convergence threshold ∆T .
2: Initialize: θ0j ← θ0 for all RSUs rj ; convergence counters
cj ← 0.

3: for each round t = 1 to T do
4: for each RSU rj in parallel do
5: Set θtj ← θt−1

global.
6: for epoch e = 1 to E do
7: for mini-batch Btj ⊂ Dt

j do
8: Compute ∇θJ t

j (θ
t
j) using Eq. (34).

9: Update θtj ← θtj − η∇θJ t
j (θ

t
j).

10: end for
11: end for
12: Compute local validation loss Lval

j (t).
13: if Lval

j (t) not improved then
14: Increment counter cj ← cj + 1.
15: else
16: Reset counter cj ← 0.
17: end if
18: if cj ≥ ∆T then
19: Revert θtj ← θtglobal.
20: end if
21: Update Fisher matrix F t+1

j,p .
22: end for
23: Aggregate θtglobal using Eq. (35).
24: Broadcast θtglobal to all RSUs.
25: end for

labels. RSUs receive real or LLM-reconstructed telemetry and
train their models on non-i.i.d. datasets Dt

j representing localized
conditions.

The training begins with a cloud server initializing a global
model θ0, which is broadcast to all RSUs. Each RSU rj uses
this initialization to begin training on its local dataset Dt

j for
E epochs. During local updates, stochastic gradient descent is
performed over mini-batches Bt

j drawn from Dt
j . The update rule

follows as
θtj ← θt−1

j − η∇θJ t
j (θ

t
j) (33)

where η is the learning rate and J t
j is the task-specific loss as

J t
j (θ

t
j) = Lt

j + λ1R(θtj)

+ λ2

t−1∑
k=1

∑
p

F k
j,p

(
θtj,p − θkj,p

)2 (34)

where Lt
j is the supervised loss (cross-entropy), R(·) is a

regularizer (e.g., weight decay), and the final term uses Fisher
information F k

j,p to consolidate parameters across rounds via
elastic weight consolidation (EWC).

After local training, RSUs optionally compute diagonal Fisher
matrices F t+1

j,p based on the gradients of the loss. Every Tsync
steps, RSUs transmit their locally updated models to the central
server. The server aggregates them via a weighted average based
on the size of local datasets as

θtglobal =
1∑R

j=1 |Dt
j |

R∑
j=1

|Dt
j | · θtj . (35)
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Local Data Dt
j Local Update θt

j Global Model θt
global

Fisher Info F t
j,p

broadcast

Fig. 6: Layer 5 Federated continual learning with weighted aggregation and task
consolidation.

The updated θtglobal is broadcast back to all RSUs for the next
training round. If local models diverge significantly, RSUs can
revert to the global model to prevent local overfitting or instability.

Algorithm 5 provides the FCL process. Fig. 6 illustrates this
workflow, showing how local data and Fisher information are
used to update RSU-specific models, which are then synchronized
through a shared global model broadcast. To ensure stability
and avoid overfitting, each RSU monitors local validation loss
trends and halts updates if performance stagnates for ∆T rounds,
reverting to the global model if necessary.

In parallel to the classification objective, the LLM used
in Layer 4 is adapted from a pretrained autoregressive
transformer (e.g., GPT-2) and fine-tuned for structured telemetry
reconstruction. The model is trained on synthetically masked
prompts, where telemetry gaps are injected into otherwise
complete sequences. A masked reconstruction loss is applied only
over the missing dimensions, guiding the LLM to learn context-
aware prediction under partial observability as

Lrecon = −
∑

t′∈Mi(t)

∑
q∈Ωmiss(t′)

logP (x̂i,q(t
′) | Qi(t)) , (36)

where Ωmiss(t
′) ⊆ {1, . . . , d} denotes the set of feature indices

that are missing at time step t′. Thus, the loss is computed
only over the unobserved entries within the corrupted telemetry
segment Mi(t). This auxiliary training aligns with the serialized
prompt format developed in earlier layers and complements the
federated objective by improving the quality and reliability of
reconstructed telemetry used in downstream classification.

F. V2LLM Execution Workflow

To consolidate the layer-wise components of the proposed
V2LLM architecture, we present the complete system flow
in Algorithm 6. The pipeline initiates with raw vehicular
telemetry acquisition and proceeds through DT-based state
estimation, retrieval-augmented prompt generation, transformer-
based reconstruction, and federated continual classification. Each
layer interfaces with the next through structured prompts and
learned embeddings. Importantly, Layers 3 and 4 incorporate
a transformer-based LAM (e.g., GPT-2), which is initialized
from a pretrained language model and fine-tuned for structured
telemetry reconstruction using a masked reconstruction loss over
synthetically injected gaps.

Fig. 7 illustrates the block diagram of the proposed V2LLM
framework. The framework begins with vehicle telemetry
modeling, which provides historical state information and

Algorithm 6 End-to-End Execution Flow of V2LLM

1: Input: Telemetry stream {xi(t)}Ni=1, RSU index rj .
2: for each vehicle vi and time step t do
3: if Telemetry gap Mi(t) detected then
4: Extract history buffer Hi(t) →(Layer 1).
5: Update DT state Φj(t) and embed as zj(t).

→(Layer 2).
6: Retrieve top-K memory Ci(t) from Kj .

→(Layer 3).
7: Construct enriched prompt Qi(t) using Hi(t),

Ci(t), and zj(t). → (Layer 3).
8: Autoregressively reconstruct gap M̂i(t) using

LLM. → (Layer 4).
9: Replace missing segment in xi(t) with M̂i(t).

10: end if
11: Classify xi(t) using local model fj(·; θtj) →(Layer 5).
12: if t mod Tsync = 0 then
13: Aggregate global model θtglobal and broadcast to all

RSUs.
14: end if
15: end for

Memory Retrieval

Trajectory embedding

(index of past telemetry)

Digital Twin

State Estimation

Structured 

Prompt

environmental 

embedding

trajectory 

history

retrieved 

context

Federated Continual 

Learning

Classifier

FCL Updates

augmented prediction

Federated Continual 

Learning

Classifier

FCL Updates

augmented prediction

LLM-based Recovery

FCL Auto-

regressive

Recovered 

telemetry 

Predicted 

fault

Telemetry 

Modeling

augmented 

telemetry

Fig. 7: V2LLM block diagram.

communication features. The digital twin module performs state
estimation and generates environmental embeddings to construct
structured prompts. In parallel, a local memory module retrieves
top-K relevant historical trajectories based on similarity in
context. These inputs are fused and passed to the LLM-based
recovery module, which performs autoregressive generation to
reconstruct missing telemetry segments. The recovered telemetry
is then used for downstream fault classification, where FCL
enables each RSU to adapt its classifier over time using
local updates while mitigating catastrophic forgetting. The
classifier outputs the predicted fault label ŷi(t), enabling resilient
and privacy-preserving diagnostics under non-i.i.d. vehicular
conditions.

VI. MEMORY OPTIMIZATION AND COMPLEXITY ANALYSIS

To ensure the deployability of V2LLM in real-time V2X
environments, we now outline its memory optimization strategies
and provide a detailed layer-wise complexity analysis.
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A. Memory Management

The deployment of large autoregressive language models such
as GPT-2 within V2X systems raises significant challenges in
memory utilization and efficiency. To ensure feasibility under
constrained RSU and edge resources, the proposed V2LLM
framework incorporates several memory-aware design strategies.

First, the memory bank Kj maintained at each RSU in Layer 3
is implemented as a bounded-size FIFO queue, where the oldest
entries are evicted upon insertion of new samples once the limit
M is reached. This prevents unbounded growth while retaining
recent and relevant context trajectories.

Second, prompt length in Layer 3 and Layer 4 is constrained
by the LLM’s maximum token limit Lmax. To prevent prompt
overflow, telemetry vectors are serialized using compact formats,
and low-priority context lines are truncated when necessary.
Token budget management is handled through soft truncation
heuristics, prioritizing high-similarity retrievals and embedding
vectors.

Third, during LLM fine-tuning (Layer 4), we use gradient
checkpointing to reduce memory overhead by recomputing
intermediate activations during backpropagation rather than
storing all forward passes. This trades compute for memory,
improving scalability.

Lastly, for FCL in Layer 5, each RSU retains only the current
model θtj and its local Fisher matrix F t

j,p, avoiding full gradient
history storage.EWC updates are computed incrementally,
maintaining a constant memory footprint over time. Although
the present implementation employs full-parameter fine-tuning
of GPT-2 (124M), the proposed framework is compatible with
parameter-efficient adaptation strategies such as LoRA, adapter
tuning, or quantized fine-tuning.

B. Computational Complexity Analysis

We now analyze the layer-wise computational complexity of
the proposed framework, assuming a vehicle history length k,
feature dimension d, DT vector size dz , memory bank size M ,
and telemetry gap length n.

1) Telemetry Tokenization: Telemetry serialization has
complexity O(k · d) per vehicle due to flattening and formatting
each vector into token form.

2) Layer 2: Digital Twin Embedding.: The DT computation
involves computing four scalar summaries (mean, density,
reliability, occupancy), followed by an MLP encoding of length
dz , yielding a complexity of O(dz +L) per RSU, where L is the
number of observable lanes.

3) Retrieval-Augmented Prompting: Similarity scoring
between the query and each of M memory entries incurs
O(M · d) operations (assuming normalized vector comparison).
Top-K selection adds O(M logK), and final prompt construction
contributes an additional O(k · d+K · d+ dz).

4) LLM-Based Autoregressive Generation: Each forward pass
through a transformer decoder with L tokens and N layers has
complexity O(N ·L2 ·dmodel). For a gap of length n with sliding-
window updates, total decoding cost scales as O(n·N ·L2 ·dmodel).

5) Federated Continual Learning: Assuming E local epochs
over batch size B, the RSU-side update has complexity O(E ·B ·
d · |Y|) per round. Global aggregation is linear in the number of
RSUs R and model size |θ|.

C. Overall Complexity Summary

Combining the dominant components from each layer, the per-
gap end-to-end complexity of V2LLM is approximately estimated
as

O
(
n ·N · L2 · dmodel +M · d+ E ·B · d · |Y|

)
(37)

In comparison with benchmark schemes, linear interpolation
and KNN-based methods exhibit low computational complexity,
typically scaling as O(d) per timestep, but cannot model temporal
dependencies. Sequence-based models such as Seq2Seq and
FedAvg-LSTM incur moderate complexity due to recurrent
processing, with complexity approximately O(T · d · h), where
T is the sequence length and h is the hidden dimension.
In contrast, the proposed V2LLM framework introduces a
higher computational cost due to transformer-based autoregressive
decoding and retrieval operations, but provides significantly
improved contextual modeling and reconstruction accuracy. This
highlights a fundamental trade-off between computational cost
and reconstruction performance across different approaches.

In terms of runtime, the primary latency in V2LLM arises
from autoregressive decoding, while retrieval and DT embedding
introduce comparatively low overhead, making the framework
practical for near real-time deployment under moderate prompt
lengths.

VII. EXPERIMENTAL SETUP

To evaluate the proposed V2LLM framework, we design a
simulation pipeline that integrates real-world vehicular telemetry
with synthetic wireless communication and DT information.

A. Dataset and Telemetry Preparation

We utilize two publicly available datasets: HighD [79] and
NGSIM [80], which provide high-resolution vehicle trajectories
in highway and urban settings, respectively. Both datasets capture
vehicle positions, speeds, and headings at a frequency of 10 Hz.
For each vehicle vi, we define a telemetry vector xi(t) ∈ R12 as:
Each telemetry vector xi(t) contains 12 features describing the
mobility and communication state of vehicle vi at time t. These
include position, motion, and wireless attributes, given as

xi(t) = [px, py, v, a, θ, j,LID,RSSI, PLR,SNR, p size, v type]
(38)

where px, py are positions, v is velocity, a is acceleration,
θ is heading, j is jerk, LID denotes the lane identifier,
and communication parameters such as RSSI, PLR, and SNR
(signal-to-noise ratio) are synthesized to reflect realistic wireless
conditions.

To augment the physical traces with wireless characteristics,
we estimate the RSSI for each vehicle vi at time t using the
following log-distance path loss model, estimated as

RSSIi(t) = PTX − 10γ log10

(
dij(t)

d0

)
+Xσ (39)

where dij(t) is the distance between vehicle vi and its RSU rj ,
PTX is the transmit power, γ is the path loss exponent, and Xσ

models shadow fading. PLR is estimated using congestion-aware
modeling as

PLRi(t) = min

(
1, α · nveh(t)

nthresh
+ β · ⊮fading

)
(40)
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where nveh(t) is the number of vehicles within communication
range, and ⊮fading indicates channel degradation due to fast fading.

To simulate missing telemetry, we apply a Bernoulli mask per
vehicle as

δi(t) ∼ Bernoulli(1− pmiss), pmiss ∼ U(0.1, 0.3) (41)

Gaps are detected where consecutive δi(t) = 0 over a span τ . For
each RSU rj , DT states are computed using Eqs. (18)–(21), where
features are estimated within a sliding window of 5 seconds and
smoothed using exponential moving average as

X(t)← λX(t− 1) + (1− λ)X̂(t) (42)

The resulting tuple Φj(t) is embedded into a latent vector zj(t)
for prompt augmentation.

We employ a GPT-2 (124M) transformer as the backbone LLM
for telemetry reconstruction. In the current implementation, the
GPT-2 backbone is adapted using full-parameter fine-tuning. This
choice enables controlled evaluation of the proposed DT-aware
retrieval, structured prompting, and telemetry reconstruction
pipeline without introducing additional adaptation mechanisms
associated with parameter-efficient tuning methods. Fine-tuning
is performed offline during model preparation, while the adapted
model is used for inference during deployment. Prompts are
constructed as per Algorithm 1 and Algorithm 3. Synthetic
masked telemetry sequences are injected during training to
simulate partial observability. The model is optimized using
masked reconstruction loss as

Lrecon = −
∑

d∈Mi(t)

logP (x̂i,d(t) | Qi(t)) (43)

This objective enables selective learning on missing regions while
leveraging context from Hi(t), Ci(t), and zj(t). To balance
learning stability and communication cost, the number of local
epochs per federated round is set to E = 15, which was
empirically found sufficient to prevent local overfitting while
ensuring timely synchronization.

The framework employs the GPT-2 (124M) model as the
backbone LLM, consisting of 12 transformer decoder layers
with multi-head self-attention, a hidden dimension of 768,
and 12 attention heads. Telemetry vectors are serialized into
token sequences and processed using byte-pair encoding (BPE),
enabling the model to capture temporal dependencies and
contextual relationships under partial observability. The model
is fine-tuned using structured prompts and masked reconstruction
objectives tailored to telemetry recovery.

All experiments are conducted on a workstation equipped
with an NVIDIA RTX 4070 Ti GPU and 32 GB RAM,
with implementation in Python using the PyTorch framework.
Training is performed using the Adam optimizer, and the key
hyperparameters are summarized in Table II. The reported
latency accounts for both prompt construction and autoregressive
decoding, reflecting practical deployment conditions.

TABLE II: Simulation Parameters

Parameter Value Parameter Value
N 100 R 5
Freq 10 Hz T 3000
d 12 dz 8
|Hi(t)| 5 M 500
K 4 n up to 5
Lmax 1024 λ (EMA) 0.8
pmiss U(0.1, 0.3) Aj 500× 500 m2

PTX 20 dBm γ 2.0
Xσ N (0, 2) dB d0 1 m
L 4 nthresh 50
α, β (PLR) 0.6, 0.4 α (sim) 0.5
B 16 E 15
|Y| 4 ∆T 10
λ1, λ2 0.01, 0.05 Tsync 100
η 10−3 LLM GPT-2 (124M)

B. Baselines for Comparison

We evaluate the proposed V2LLM framework against the
following representative baselines:

• Linear Interpolation: Point-wise interpolation between
adjacent valid telemetry points.

• KNN Imputation: Trajectory reconstruction based on nearest-
neighbor search in historical telemetry space.

• Seq2Seq: LSTM-based sequence-to-sequence predictor
trained on raw trajectories.

• FedAvg: Federated LSTM models trained at each RSU with
periodic parameter averaging.

C. Evaluation Metrics

We evaluate both telemetry reconstruction and downstream
classification using the following metrics:

• Reconstruction mean square error (MSE) (Single-step):
Measures the average squared error between reconstructed
and ground-truth telemetry, reflecting reconstruction fidelity.

MSErec =
1

|M|
∑
t∈M
∥x̂i(t)− xi(t)∥22 (44)

• Telemetry Cosine Similarity: Captures directional
similarity between reconstructed and true telemetry vectors,
indicating structural alignment.

Sim =
1

|M|
∑
t∈M

⟨x̂i(t),xi(t)⟩
∥x̂i(t)∥2 · ∥xi(t)∥2

(45)

• Classification Accuracy: Measures the percentage of
correctly predicted fault labels, reflecting overall diagnostic
performance.

• Macro F1 Score: Evaluates classification performance
across all classes equally, accounting for class imbalance.

F1macro =
1

|Y|
∑
y∈Y

2 · Precisiony · Recally
Precisiony + Recally

(46)

where Y denotes the set of fault classes.
• Retrieval Score: Measures the relevance of retrieved

memory contexts to the query, reflecting retrieval quality.

Retrieval Score =
1

K

K∑
k=1

sim((Hi,Φj), (H(k)
i ,Φ

(k)
j )) (47)

with sim(·, ·) as defined in Eq. (26).
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Fig. 8: MSErec and Telemetry similarity.
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Fig. 10: MSEdrift vs. prediction step.

• Autoregressive Drift MSE (Multi-step): Measures
error accumulation over multi-step predictions, capturing
generation stability over time.

MSEdrift(n) =
1

n

n∑
ℓ=1

∥x̂i(t+ ℓ)− xi(t+ ℓ)∥22 (48)

• Forgetting Measure (FM): Quantifies performance
degradation over time in continual learning, indicating
knowledge retention.

FM =
1

T

T∑
t=1

(
max
τ<t

Accτ − Acct

)
(49)

VIII. SIMULATION RESULTS

We present key simulation results highlighting the effectiveness
of the proposed V2LLM framework.

1) Reconstruction Quality: Fig. 8 compares telemetry
reconstruction performance across baselines. V2LLM achieves
the lowest reconstruction MSE and highest cosine similarity,
indicating its effectiveness in restoring both the magnitude
and directional structure of high-dimensional telemetry vectors.
While Seq2Seq and FedAvg-LSTM offer moderate improvements,
they struggle under non-i.i.d. and shifting contexts due to
limited environmental grounding. Linear interpolation and KNN
perform poorly under temporal misalignment and sparse input. By
leveraging DT-informed retrieval and structured prompts, V2LLM
enables environment-aligned recovery even under multi-step gaps,
ensuring high-fidelity reconstruction essential for downstream
V2X tasks.

2) Impact of Telemetry Loss Rate on Recovery: Fig. 9 presents
reconstruction error MSErec versus telemetry missing rate. As the
rate increases from 10% to 30%, all baselines show degradation.
Traditional methods exhibit steep error growth due to limited
generalization across long gaps. Sequence models like Seq2Seq
and FedAvg are more robust but still suffer under data sparsity and
distribution drift. In contrast, V2LLM consistently maintains low
error, validating the effectiveness of RAG-enhanced prompting
and DT-guided retrieval in handling severe loss conditions.

3) Multi-step Generation Stability: Fig. 10 shows MSEdrift(n)
under increasing prediction steps. All methods exhibit growing
error due to compounding deviations from autoregressive
generation. Linear and KNN degrade rapidly without feedback
mechanisms, while Seq2Seq and FedAvg decline beyond 3 steps
due to memory limitations and federated drift. V2LLM sustains

lower drift across horizons, benefiting from DT-aware prompt
construction and RAG-based conditioning, enabling coherent
multi-step recovery critical for long-duration telemetry loss.

4) Sequential Task Retention and Forgetting: Fig. 11 tracks
the forgetting measure FM(t) across sequential learning tasks.
V2LLM achieves the flattest curve, demonstrating strong retention
of past knowledge and minimal degradation over time. This
resilience stems from its FCL design, which integrates regularized
local updates and global aggregation. In contrast, FedAvg and
Seq2Seq exhibit moderate forgetting, while Linear and KNN
degrade sharply due to a lack of adaptive memory. These
results confirm V2LLM’s ability to generalize across time-
varying telemetry and sustain performance under evolving V2X
conditions.

5) Effect of Prompt Length on Reconstruction Accuracy:
Fig. 12 illustrates the impact of prompt length, defined as the total
number of serialized input tokens on the reconstruction quality
of missing telemetry in V2X networks. As LAMs like GPT-2
are sensitive to token budget constraints, this analysis highlights
how different model configurations perform under varying input
capacities. The full version of our proposed V2LLM framework,
which includes retrieval-augmented context and DT embeddings,
consistently achieves the lowest reconstruction error across all
prompt lengths. In contrast, the variant without retrieval shows
noticeably higher MSE, particularly when the token budget is
limited, indicating the critical role of memory augmentation. We
also include two truncated LSTM-based baselines, Seq2Seq and
FedAvg, each restricted to use the same number of input tokens
as the LLM. These models exhibit relatively flat or saturated
performance, suggesting their limited capacity to benefit from
increased context length. Overall, the result underscores the
efficiency of prompt-based structured reasoning in V2LLM and
its robustness under realistic LAM constraints, where prompt
compression and context prioritization are key to maintaining
accuracy.

6) Classification Accuracy and Macro F1 Comparison: Fig. 13
illustrates the comparative classification performance of the
proposed V2LLM framework and baseline methods using two
key metrics: accuracy and macro-averaged F1 score. Accuracy
measures the proportion of correctly predicted vehicular fault
states, while the macro F1 score accounts for per-class precision
and recall, offering a balanced view under class imbalance.
Fig. 13 shows that V2LLM achieves the highest scores on both
metrics, indicating its superior capability to generalize across
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diverse fault types and maintain consistent decision quality.
Unlike interpolation-based baselines (e.g., Linear, KNN) which
lack temporal and semantic understanding, or sequence models
(e.g., Seq2Seq, FedAvg) which struggle under data sparsity or
distribution shifts, V2LLM integrates digital-twin-aware retrieval,
structured prompting, and FCL. This allows it to recover
more informative telemetry sequences and adapt classification
boundaries over time.

7) Retrieval Similarity vs. Reconstruction Error: Fig. 14
illustrates the relationship between retrieval similarity and
reconstruction accuracy, quantified via MSErec, across various
methods. The x-axis represents the average similarity score
between the current telemetry context and retrieved historical
sequences (i.e., the retrieval score), while the y-axis indicates the
reconstruction error. The V2LLM (with retrieval) curve exhibits
a strong inverse correlation: as the retrieval score increases, the
reconstruction MSE consistently decreases. This trend validates
the effectiveness of the memory-augmented prompting strategy,
where better-matched historical trajectories enable the LLM
to generate more accurate telemetry completions. In contrast,
V2LLM (without retrieval) shows only marginal improvement
with the retrieval score since it does not condition on external
memory, its MSE curve is flatter and less responsive. Baseline
models such as linear interpolation, KNN, Seq2Seq, and FedAvg
appear as flat lines in the plot. This is because these models do
not incorporate any retrieval-augmented mechanism and therefore
remain unaffected by variations in the retrieval score. Their
reconstruction performance is governed solely by their internal
architectures and fixed context modeling, irrespective of historical

similarity. Even under lower retrieval similarity regimes, V2LLM
maintains bounded reconstruction error due to the complementary
conditioning provided by telemetry history and DT embeddings,
illustrating robustness against weak or partially mismatched
memory retrieval.

8) Latency-Accuracy Trade-off: Fig. 15 illustrates the trade-off
between inference latency and reconstruction accuracy (MSErec)
for various models used in vehicular telemetry recovery. Models
such as linear and KNN achieve low inference latency due
to their lightweight nature but exhibit high reconstruction
error, indicating limited effectiveness in complex, temporally
correlated data scenarios. Seq2Seq and FedAvg offer improved
accuracy with moderate computational cost, benefiting from
sequential modeling and federated updates, respectively. The
proposed V2LLM achieves the lowest MSErec owing to its
structured prompting and digital-twin-aware context integration.
Nevertheless, this comes at the expense of higher latency,
attributed to the autoregressive nature and token-level processing
of the transformer-based language model. This analysis highlights
the core trade-off between model complexity and inference
efficiency in telemetry restoration tasks.

9) Top-K Retrieval Ablation: Fig. 16 illustrates the effect
of varying the number of retrieved memory contexts K on
classification accuracy across different frameworks. The proposed
V2LLM framework shows a clear performance gain as K
increases from 1 to 4, leveraging richer contextual information
from memory-augmented prompting. Beyond K = 4, the
accuracy begins to saturate, suggesting diminishing returns as the
prompt reaches token budget limits and older retrieved examples
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Fig. 17: Impact of network density on reconstruction performance.

provide limited additional utility. In contrast, baseline models
such as Seq2Seq, FedAvg, KNN, and linear remain invariant to
K, as they do not utilize retrieval-based context, resulting in flat
accuracy curves. This validates the design choice in V2LLM to
include a moderate number of top-K memory samples, balancing
prompt richness with efficiency.

10) Impact of Vehicle and Infrastructure Density: Fig. 17a
evaluates reconstruction performance under varying numbers of
connected vehicles. As network density increases, all methods
exhibit a rise in MSErec, reflecting the increased complexity
of telemetry dynamics and the higher likelihood of temporally
inconsistent or incomplete observations. However, V2LLM
maintains a consistently lower error across all operating points,
indicating stronger robustness to dense traffic conditions. This
behavior is attributed to its DT-aware retrieval mechanism and
context-conditioned prompt formulation, which enable stable
inference even when the diversity and variability of telemetry
patterns increase.

Fig. 17b examines the effect of increasing the number of
roadside units. As infrastructure density improves, all models
benefit from enhanced spatial coverage and reduced telemetry
discontinuities. Notably, V2LLM exhibits a more pronounced
reduction in reconstruction error compared to the baselines. This
gain arises from the improved quality of DT state estimation
and more relevant retrieval contexts, both of which directly
influence the conditioning of the LLM. The results demonstrate
that V2LLM effectively leverages additional infrastructure to
refine both contextual grounding and generation accuracy.

IX. CONCLUSION & FUTURE WORK

This paper presented V2LLM, a unified, modular framework
for resilient telemetry recovery and distributed fault diagnosis
in V2X networks facing bursty data loss and evolving
spatiotemporal conditions. The proposed architecture integrates
five key components: DT-based state estimation, hybrid
memory retrieval, structured prompt construction, autoregressive
LLM-based reconstruction, and FCL for classification. The
framework combines DT-guided retrieval, structured prompting,
autoregressive reconstruction, and federated continual learning
for telemetry recovery and distributed fault diagnosis under
incomplete and evolving V2X observations. The use of
autoregressive prompting, memory augmentation, and continual
federated updates supports scalable and privacy-preserving
telemetry analysis in distributed vehicular systems.

In future work, we aim to extend V2LLM toward (i)
multimodal telemetry modeling through the fusion of structured
telemetry with visual sensing modalities such as camera,
LiDAR, and radar data using multimodal foundation models;

(ii) real-time deployment on constrained hardware via parameter-
efficient, quantized, or distilled LLMs; and (iii) privacy-
preserving continual learning under differential privacy and secure
aggregation. Additional directions include evaluating V2LLM in
6G semantic communication testbeds and extending it to other
cyber-physical domains such as UAV swarms and intelligent
transportation systems.
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