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FL in Motion: Accelerating FL. via Mobility-Aware
Vehicle Selection and Sparse Training
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Abstract—Although federated learning (FL) can enable ad-
vanced autonomous driving via leveraging massive distributed data
in vehicular networks, vehicle mobility causes frequent connection
interruptions, hindering the FL process. In this paper, we propose
a novel Mobility-Aware Vehicular FL. (MAVFL) scheme, which
can accelerate the training process in dynamic vehicular networks
via adaptive vehicle selection and sparse training. Specifically, the
MAVFL dynamically selects participating vehicles based on their
locations and training loss. By incorporating adaptive model spar-
sification, the proposed scheme dynamically proceeds with sparse
masks during vehicle local training, thereby reducing communi-
cation overhead while preserving model accuracy. We conduct
a rigorous convergence analysis to uncover how vehicle mobility
and model sparsification affect convergence rate. Furthermore,
we formulate an optimization problem to accelerate the training
process, which jointly optimizes vehicle selection, sparsification
ratio, and bandwidth allocation to minimize training delay. To
solve the problem, we employ the Lyapunov optimization method
to decouple the long-term problem into a series of instantaneous
subproblems. Next, a generalized Benders decomposition method
structures the original problem into a master subproblem for ve-
hicle selection and a primal subproblem for bandwidth allocation
and sparsification ratio selection. The optimal solutions are derived
via alternating iterations between these problems. Extensive simu-
lation results based on the SUMO simulator demonstrate that the
MAVFL accelerates model convergence by up to 14% and reduces
communication overhead by up to 26% while preserving model
accuracy, as compared to the state-of-the-art benchmarks.

Received 21 August 2025; revised 1 December 2025; accepted 13 January
2026. Date of publication 16 January 2026; date of current version 5 June 2026.
This work was supported in part by Pengcheng Laboratory Major Key Project
under Grant 2025QYA002 and Grant PCL2025A08, in part by the Basic and
Frontier Research Project of PCL under Grant 2025QYBO014, in part by the
National Natural Science Foundation of China under Grant 62172455, and in
part by the Guangdong Science and Technology Department Pearl River Talent
Program under Grant 2019QN01X140. Recommended for acceptance by Y. Hu.
(Corresponding author: Wen Wu.)

Haoyu Tu is with the School of Computer Science and Engineering,
Sun Yat-sen University, Guangzhou 510006, China, and also with Frontier
Research Center, Pengcheng Laboratory, Shenzhen 518055, China (e-mail:
tuhy3 @mail2.sysu.edu.cn).

Wen Wu and Liang Li are with Frontier Research Center, Pengcheng Labo-
ratory, Shenzhen 518055, China (e-mail: wuw02@pcl.ac.cn; lil03 @pcl.ac.cn).

Lin Chen is with the Engineering Research Centre of Applied Technology on
Machine Translation and Artificial Intelligence, Macao Polytechnic University,
Macao (e-mail: Ichen@mpu.edu.mo).

Xu Chen is with the School of Computer Science and Engineering,
Sun Yat-sen University, Guangzhou 510006, China (e-mail: chenxu35@mail.
sysu.edu.cn).

Xuemin Shen is with the Department of Electrical and Computer Engi-
neering, University of Waterloo, Waterloo, ON N2L 3Gl, Canada (e-mail:
sshen@uwaterloo.ca).

This article has supplementary downloadable material available at
https://doi.org/10.1109/TMC.2026.3654937, provided by the authors.

Digital Object Identifier 10.1109/TMC.2026.3654937

, Graduate Student Member, IEEE, Wen Wu
, Senior Member, IEEE, and Xuemin Shen

, Senior Member, IEEE, Lin Chen”, Member, IEEE,
, Fellow, IEEE

Index Terms—Vehicular federated learning, mobility-aware,
sparse training, vehicle selection.

1. INTRODUCTION

UTONOMOUS driving is expected to play a pivotal role
A in modern intelligent transportation systems, requiring
extensive data-driven artificial intelligence (Al) tasks to enhance
road safety and mitigate urban congestion [1], [2], [3]. These
capabilities primarily rely on data collected from on-board
sensors of vehicles, including radar [4], [5], LiDAR [6], [7],
and cameras [8], [9]. Autonomous driving tasks, such as object
detection, object tracking, and trajectory prediction, require a
well-trained Al model based on the local data of numerous
vehicles [10], [11].

Vehicular federated learning (VFL) has emerged as a promis-
ing solution for enabling autonomous driving tasks. This
development is significantly enhanced by recent advances in
on-board computational units, such as NVIDIA Drive Origin
SoC chips, which now can provide up to 500 TOPS of processing
power [12]. VFL enables vehicles to train models locally and
periodically aggregate them with the assistance of roadside edge
servers. The VFL paradigm helps mitigate the privacy leakage
risk of local data and reduces significant communication over-
head inherent in the traditional centralized training paradigm,
offering a scalable and efficient solution for collaborative edge
intelligence in vehicular networks [13], [14].

Existing research on VFL mainly focuses on two aspects:
model aggregation and resource management. For the model
aggregation, to accelerate the training process, the inner-cluster
and inter-cluster training schemes are proposed for vehicles with
multi-hop clusters [15]. Asynchronous aggregation methods are
developed for vehicles that upload locally trained models at
different time slots [16]. For resource management, to handle
communication capability variations caused by vehicle mobility,
several works focus on optimizing communication, computing
resource allocation and privacy budget consumption [12], [17],
[18], [19]. The training round duration and the number of local
epochs are optimized with the consideration of vehicle mobil-
ity [20]. However, these solutions often overlook the inherent
heterogeneity of vehicles in terms of varying communication ca-
pabilities, underscoring the need for vehicle selection. Further-
more, the computation and communication overhead of AI mod-
els in dynamic vehicular networks necessitates techniques for

1536-1233 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and similar technologies.
Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: University of Waterloo. Downloaded on August 20,2026 at 19:24:05 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0002-3934-0649
https://orcid.org/0000-0002-0458-1282
https://orcid.org/0000-0001-7943-3172
https://orcid.org/0000-0003-3369-3571
https://orcid.org/0000-0001-9943-6020
https://orcid.org/0000-0002-4140-287X
mailto:tuhy3@mail2.sysu.edu.cn
mailto:wuw02@pcl.ac.cn
mailto:lil03@pcl.ac.cn
mailto:lchen@mpu.edu.mo
mailto:chenxu35@mail.sysu.edu.cn
mailto:chenxu35@mail.sysu.edu.cn
mailto:sshen@uwaterloo.ca
https://doi.org/10.1109/TMC.2026.3654937

9802

complexity reduction. Model sparsification, which involves re-
moving redundant weights to reduce model complexity, is a po-
tential technology for significantly cutting down computational
burden and communication overhead. As such, on-board model
training and transmission can be completed efficiently within the
limited communication window mandated by the rapid move-
ment of vehicles in the roadside base station’s coverage.

Vehicle mobility poses two fundamental challenges for VFL
systems. Firstly, dynamic vehicle movement alters vehicle-to-
BS distances, causing time-varying communication latency. To
mitigate this instability, adaptive vehicle selection can be em-
ployed to prioritize participants with more stable connections
and longer expected residency times. Secondly, vehicles moving
across different coverage zones experience intermittent connec-
tivity with the base station and cause inconsistent model updates.
Concurrently, to handle these inconsistent updates, adaptive
model sparsification can be applied to reduce the communica-
tion burden by tailoring model size to each vehicle’s channel
capacity. However, these two strategies are fundamentally inter-
twined: vehicles in poor coverage zones often require aggressive
sparsification to ensure the successful transmission of models
within transient connection windows, but such extreme com-
pression inevitably collectively delays global model synchro-
nization and reduces convergence speed. This critical trade-off
necessitates a co-design of vehicle selection and model sparsi-
fication to effectively accelerate convergence in dynamic VFL
systems.

In this paper, we propose a Mobility-Aware Vehicular
Federated Learning (MAVFL) scheme that accelerates model
training through dynamic vehicle selection and adaptive sparse
training. Firstly, the MAVFL scheme jointly optimizes vehicle
selection and assigns a unique sparsification ratio to each vehi-
cle. This tailors the model update size to individual mobility and
channel conditions, ensuring timely uploads and maximizing
successful participation from vehicles with transient connec-
tivity. Secondly, we provide a rigorous convergence analysis,
which theoretically quantifies the joint impact of correlated
vehicle participation (due to mobility) and heterogeneous model
divergence (due to adaptive sparsification). The proposed con-
vergence analysis establishes a guaranteed performance bound
for our dynamic VFL system. Thirdly, we formulate a long-
term convergence latency minimization problem and design an
efficient online algorithm to solve it. The proposed algorithm
uses a Lyapunov framework to decompose the problem into
per-round subproblems, which are then efficiently solved using
a Generalized Benders Decomposition (GBD) to handle the
mixed-integer nature of vehicle selection and resource alloca-
tion. Extensive simulation results based on the SUMO simulator
and real-world datasets demonstrate 14.8% faster convergence
and a 26% reduction in communication overhead compared to
conventional VFL approaches. The main contributions of the
paper are summarized as follows.

o We propose the MAVFL scheme that integrates model
sparsification and mobility-aware vehicle selection to
counteract straggler effects and connection instability.

® We establish theoretical convergence bounds character-
izing how vehicle mobility and model sparsification
collectively influence VFL training performance.
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TABLE I
IMPORTANT SYMBOLS AND NOTATIONS

Notation  Description
Z The number of zones of covering segment
Dy, The dataset of vehicle k
z;’e The location of vehicle k in round r, epoch e
v © The velocity of vehicle & in round r, epoch e
£(+) Local loss function for vehicles
F(-) Global loss function
S" The set of selected vehicles in round r
NT The set of vehicles successfully uploading model in round r
w’ The global model in round 7
w, ¢ The local model of vehicle k in round r at epoch e
oy, The sparsity ratio for vehicle k in round r
mj, The mask generated for vehicle & in round r
LLZ The distance between vehicle k£ and BS at round r
QL The sparsification error of vehicle k in round r
, The uplink transmission rate of vehicle k in round r
Z7 The set of zones where vehicle z passes through
Ty s The communication time of vehicle k in round r
Tk p The communication time of vehicle k in round r
by, The percentage of bandwidth allocated for vehicle k
ay, The indicator of whether the vehicle k is selected in round 7

® We formulate a long-term optimization problem with the
objective of minimizing training latency.
® We design an efficient algorithm that selects participating
vehicles, model sparsification ratio, and bandwidth alloca-
tion dynamically in vehicular networks with high mobility.
The remainder of this paper is organized as follows. The
related works are presented in Section II. In Section III, the
MAVFL scheme and convergence analysis are introduced. The
delay model and the optimization problem are presented in
Section IV. The mobility-aware vehicle selection algorithm is
developed in Section V. The simulation results are given in
Section VI, and Section VII concludes the paper.

II. RELATED WORK

In the literature, the widespread deployment of on-board
sensors for vehicles has been demonstrated to facilitate the im-
plementation of heterogeneous tasks in dynamic vehicular net-
works, such as target detection [8], [9], beam selection [6], [21],
trajectory prediction [4], [22], etc. To improve the performance
of sector selection, Salehi et al. [23] proposed a multimodal FL
framework that leverages a dataset collected by an autonomous
vehicle and a BS, all coordinated by a collaborative server.
Salehi et al. [23] proposed a multimodal FL framework with
a dataset collected by an autonomous vehicle to improve the
performance of sector selection. Xing et al. proposed a joint
time-series modeling approach with various driving modes to
predict the trajectory of the leading vehicles [22]. Mashhadi
et al. [6] proposed a reduced-complexity classifier architecture
and a LIDAR preprocessing scheme through FL on their locally
available data.

Recent efforts to address mobility challenges in VFL focus on
designing vehicle selection and aggregation strategies. The ve-
hicle selection algorithms leverage real-time vehicular metrics,
such as energy consumption [24], [25], model similarity [26],
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Fig. 1.
(@ local training, (5) model uploading, and (6) model aggregation.

[27], and training accuracy [28], [29], to dynamically prioritize
vehicles. For instance, Xu et al. [25] introduced a long-term
optimization framework integrating energy consumption and
bandwidth allocation. Fraboni et al. [26] proposed the cluster
sampling algorithm based on data distribution and model diver-
gence. Aggregation schemes mitigate mobility impacts by incor-
porating vehicular participation and dataset scales. For example,
the authors in [12] designed weighted aggregation to maximize
the successful training participation ratio, and Feng et al. [30]
accelerated convergence via hierarchical FL architectures. How-
ever, these methods predominantly rely on long-term statistical
mobility patterns, without considering short-term movement
information, which limits the adaptability to highly dynamic
vehicular networks.

Sparsification techniques have gained attention to re-
duce communication and computation overhead in FL. Jiang
et al. [31] introduced a multi-armed bandit-based approach to
adaptively select sparsification ratios, balancing training speed
and model quality. While quantization methods [32], [33] dy-
namically adjust compression rates according to network condi-
tions, existing sparsification frameworks [31], [34] focus primar-
ily on static or low-mobility scenarios. In particular, these spar-
sification techniques do not explicitly model vehicle mobility
patterns, such as transient connectivity or spatial distributions,
limiting their effectiveness in VFL. This gap underscores the
need for mobility-aware sparsification strategies that jointly
optimize communication efficiency and model robustness in
dynamic vehicular networks.

Different from existing works, we design the vehicle selec-
tion algorithm based on real-time vehicle position and training
loss values. Considering the straggling effect, we also design

t

= R
!

L

An illustration of our MAVFL system. The training procedures contain six steps: (1) vehicle selection, (2) model distribution, (3) model sparsification,

sparse training process and a mobility-aware vehicle selection
algorithm to accelerate the training process and maintain the
training accuracy in VFL.

III. PROPOSED MAVFL SCHEME
A. Considered Scenario

As shown in Fig. 1, we consider a road segment of length L
that is covered by the BS with a computing server. During the
training process, Ky vehicles will arrive at this segment of the
road in total, and K, vehicles are available for selection within
the BS’s covering segment in training round 7. The maximum
number of vehicles that can be simultaneously present within
the BS’s covering segment is set as K = max{K,}. Con-
sider a deep learning (DL)-based autonomous driving service
(e.g., trajectory prediction, image detection) that operates on
an edge server and requires continuous model updates rely-
ing on collaborative vehicular training. We denote the local
dataset as Dj, owned by the vehicle k € {1,2,..., Ky}. For
simplicity, we divide the road segment into Z fine-grained
zones as Z ={1,2,...,Z}. Given that the distance from
the base station to any vehicle significantly exceeds the road
zone diameter, we assume vehicles within the same zone
maintain approximately equal distances to the base station,
while vehicles in different zones experience materially different
distances.

The server is able to get the location and velocity of vehicle &
within the segment during training as =, and v}, att < T with
the maximum deadline 7'z. Vehicle mobility leads to dropouts
when vehicles move beyond BS coverage, resulting in incom-
plete model collection at the server. Then the successful training
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ratio p” is defined by
N

T

p - |ST|?

where |[N7| is the number of uploaded models successfully
received by the server in round r, and |S”| counts downloaded
models successfully received by vehicles.

B. MAVFL Procedures

The goal of MAVFL is to minimize the global training loss as

K
F(w) =y f(wk, Dy),
k=1

where f(wy, Dy) is the loss function for vehicle & of local
model wy, as f(wy, Dg) = ﬁ Ziepk {(wg; 1), Dy means
the sample indices of Dy, 7y is the aggregation factor for
vehicle k, and 2}, is the data sample representation of i € {1,2,
...,|Dg|} and ¢ is the local loss function. Then vehicle k

trains local model wy, to obtain the optimal model as W =
arg miny,, ﬁ S p (s 21).

When vehicles move beyond BS coverage during training,
their model updates are lost, resulting in a decrease in train-
ing accuracy. To solve the problem, we adaptively design the
mobility-aware vehicle selection and sparsification ratios distri-
bution algorithm. At the beginning of each training round, the
server selects participating vehicles and assigns vehicle-specific
sparsification ratios based on their movement patterns and train-
ing status. Selected vehicles then sparsify local models and
upload compressed parameters via allocated uplink bandwidth.
By incorporating vehicle mobility into both selection and sparsi-
fication decisions, MAVFL maximizes successful participation
per training round. The pseudocode of our MAVFL algorithm
is given in Algorithm 1, and the details are described in the
following.

1) Vehicle Selection: At the beginning of every training
round r € {1,2,..., R}, the server owns the current global
model w”. The server then determines the set of participating
vehicles from the connected vehicles to participate in the cur-
rent round FL training, denoted by S” = {k,Va}, = 1}. Here,
aj, € {0,1} indicates that the vehicle k is selected in the 7-th
round; otherwise, aj, = 0.

2) Model Distribution: After vehicle selection, the global
model is distributed to vehicles within the set S™ as

wi? e wh ke’ € X, ke S, (1)

where W;’O is the local model of vehicle & in round 7 and epoch
0, X is the coordinate range of covering segment, and xZ’O is
the location of vehicle & at the beginning of round . Especially
when all vehicles are stationary, the ratio p” is 1; otherwise, when
all selected vehicles drive out of the covering segment during
local computing, the ratio is 0. When p” is 0, the server will
distribute the global model as w1 = w”.

3) Model Sparsification: The server adaptively determines

the sparsification ratio list of selected vehicles at the beginning
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of round r as
a” ={a},Vk e S"}.

Here, the sparsification ratio o, € [@tmin, 1] means the remaining
percentage of weights for vehicle £ in round r without sparsifi-
cation. Then the server sends the list of sparsification ratios with
the global model.

When vehicle k receives the global model w” and the spar-
sification ratio «;j, from the server, it generates a local mask
myj ;€ {0,1}il for the weights of each layer I. The elements
of the mask mj, ,[i] for the i-th weight in layer [ are defined by
the following piecewise function:

. 1, ifl<i<|aj|w]|]|
T _ I — — k l )
my, [i] = {O, otherwise,

2

where |w]| denotes the total number of parameters in layer [.
This formulation indicates that for every layer, the first |, |w] ||
elements are retained (set to 1), while the remaining elements
are pruned (set to 0). After generating the local masks for all
layers, the sparse local model w;’o for vehicle k is derived via
an element-wise product: WZ’O = w" © mj, where mj, is the
concatenation of all layer masks mj ; € {0, 1wl

4) Local Training: After generating the sparsified local
model w;o, vehicle k& performs local stochastic gradient de-
scent (SGD) for E epochs. For local training epoch e € £ =

{0,1,..., E — 1}, the gradient descent is expressed as g;,’“ <
\D%I SIPAl V(wy“; z}.) and vehicle k performs local SGD as

WZ’EH —wy —ng. ¢ ©mj, Ve € [0,E —1] (3)
where 7) is the learning rate. During local training, the sparsified
weights with the element-wise product of the local mask mj, are
not updated.

5) Model Uploading: Afterlocal training, vehicle £ attempts
to upload model updates g}, = Zf;ol g, ©® mj, to the server.
When vehicles move beyond BS coverage during training, their

model updates are lost. We define the indicator 17 (a:ZE) €
{0,1} as

rE
r/ rE 1, € X,
L (zy™) = {0 xl’?E ¢ X
) k s

to represent whether vehicle k stays within the covering segment
of BS after local training with E epochs in round 7.

6) Model Aggregation: The server receives model updates
from the selected vehicles within the covering segment of the
BS. If the server receives any model updates within 7}y, it will
aggregate these models to get new global model w”*! as

T T
witl = w1 (gk ka) VY IR A0 (@)

]1T
kek 2ker 1k kek

C. Convergence Analysis

We analyze MAVFL’s convergence under mobility-induced
dynamics and sparsification effects, leveraging assumptions and
a lemma from [30], [31], [35] for analytical tractability.
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Algorithm 1: Mobility-aware vehicular federated learning
(MAVFL) scheme.

1 for training round r = 1,2,..., R do
// Model Distribution

2 Edge server collects the vehicle information
x}; 0, VL, b, fi and pre-training information A";

3 Edge server determines the set of vehicle selection
and model sparsification ratio as S” and {a/, };

4 Edge server distributes the newest global model w”

and model sparsification ratio {a},} to the
vehicles in S8™;
5 for Each vehicle k € S" do

// Local Training
6 Vehicle k£ generates the local mask based on (2)
to generate the masked model;
7 Vehicle k£ performs local SGD based on (3);
// Model Uploading
8 Vehicle %k uploads the parameters with
sparsification to server in wk E,
9 end
// Model Aggregation
10 Edge server recovers local models wkE kedS"
based on sparsification ratio and received
parameters;
11 Edge server aggregates local models to generate

new global model based on (4);
12 end

Assumption 1: The loss function is L-smooth as ||V F'(w1) —
VF(ws)| < L||wy — wa|| for arbitrary given wy and wa.

Assumption 2: The expected squared norm of stochastic gra-
dients for each vehicle k is upper-bounded by E||V f (w ) [|* <
~G?,Vk,Vr,VYe.

Assumption 3: The variance of mini-batch gradients is upper-
bounded by ||g(w) — Vf(w)[]? < o2

Assumption 4: The divergence between local and global
loss functions is bounded by + Zle IVf(w)—VF(Ww)|? <
63, Yw.

Assumption 5: The weights of local and global model is
bounded: E[|| x [|?] < 42, Vx.

Lemma 1: The divergence of the global model and sparsified
local model is bounded by [31]:

E K
rtol 2E32G2N
S [jwr - wprt 2] < ZEECN
t=1 k=1
K
+2E8%) (1 - aj).
k=1

According to Assumptions 1-5 and Lemma 1, we have the
following theorem.

Theorem 1: The convergence rate of the proposed MAVFL
scheme satisfies
T 1 I
SIS ERD oFs

t:l

] - Enf)

’ﬂ \

9805

4FB42G2

+ 263 + (6% + G*)L + —3

4L262
e ) S| ®
k=1t=1
Proof: See Appendix A.

O

Remark 1: Theorem 1 establishes that convergence depends
critically on the participation ratio p® (driven by vehicle selec-
tion) and the sparsification ratio «,.. The convergence upper
bound degrades under low p' and high a},.

Remark 2: The convergence of the proposed scheme is eas-
ily observed. When T increases to infinity, the training loss
is bounded by 2(ey)2 + (62 + G*)L + E°C% which is a
constant influenced by only training parameters.

Remark 3: We set ¢ as the target training loss of the proposed
MAVFL scheme. The training loss refers to the total loss value
when the training converges within a given round R. Based on
the convergence result in Theorem 1, we have the following
convergence constraint

K R, K R por
D) L Rk tC=s ©

where A = 2(E[F(W°)] — Fiy), P = 4L?* and C = R|2¢;

+n(6* +G*) L+ w +47L?6%]. Here, p(al,) represents
the successful transmission probability of vehicle k if it is
selected to participate in round r. The probability p(aj,) is
zero if vehicle k is not selected in round r. Considering the
relation of vehicle selection and successful training probability,
p" is derived by averaging the individual successful transmission
probabilities p(a},) for all selected vehicles in each round as
> rp(ar)/K =p", and the inequality a%_b < 5+ & is uti-
lized.

Corollary 1: To evaluate the successful probability p;, we
adopt the expectation-maximization method [36] and rewrite
the p" as

Z(i,j)eA; Pr(ji, Ox)
Zo;ce@k Z(i,j)eA; Pr(ji, 9;6)

Pi(0|Ay) =

Here, Aj, is the observation of selected vehicle historical suc-
cessful training states in previous training r rounds, 6 and
Oy is the event and set where vehicle £ participates training
successfully respectively, and Pr(j|i, 0) is the probability that
vehicle k moves from ¢ to j during training given the successful
training information. The successful probability p” is calculated
as a moving average over a historical window of the last r
rounds, which prevents it from abrupt mobility patterns. Based
on the above formulation, the successful training probability pj,
is initially derived from a statistical model of historical location
transitions and is then dynamically updated using a moving
average of recent successful training outcomes.
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IV. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first give the system model of the MAVFL
scheme, then we formulate the optimization problem based on
the convergence analysis results to minimize the training delay.

A. Training Delay Model

In this subsection, we give the delay analysis of the MAVFL
scheme. The distance of vehicle &£ and BS as L} is related to
the movement of vehicles. We define the normalized distance
between the vehicle and BS in zone z as Lj .. The uplink
transmission for selected vehicles is considered as an orthogonal
frequency-division multiple access (OFDMA), and the total
bandwidth is By. Then the uplink transmission rate of vehicle k
in zone 2 is

@)

Phy (L7, )~°
Nz,z = b};BO 10g2 (1 + w) ’

No

where b}, € [bmin, 1] is the percentage of bandwidth allocated for
vehicle k, P is the transmission power, hy is the channel power
gain for vehicle k, [ is the pass loss exponent and N is the noise
power. Then we can get the average uplink transmission rate as

r ZzeZ,: /'LZ,Z (8)
He =~z

A
where Z;) C Z, is the set of zones where vehicle k passes
through.

Our sparsification method selectively zeros elements in
high-dimensional weight matrices. Each vehicle transmits only
non-zero weight values and sparse mask indices. The server
reconstructs complete local models using this compressed data.
While sparse indices incur minimal overhead, we exclude this
cost in delay analysis [37]. Then the communication time for
vehicle & is expressed as
arM

o ©)

k

T __
Tk,c -

where M denotes the transmission size of the original model.
Next, the computation time for vehicle % is given by

E|Dy|gx
fr

where gj, is the number of GPU cycles required to train data
for one local epoch, F is the local epoch, and f}, is the GPU
frequency.

In a synchronous FL framework, the server performs global
aggregation only upon receiving all participant models. Thus,
MAVFL’s convergence time becomes:

T = Y o (Gh(T5c + Tin)).

reER

Thp= (10)

1L

B. Problem Formulation

We formulate a training delay minimization problem for
MAVFL, which jointly optimizes the vehicle selection {a}},
bandwidth allocation {b} }, and the sparsification ratio {c],}.
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The optimization problem is formulated as follows:

R
P1 : min{ar,br7{a£}}reﬁ I]Elea}é( (az (T,:,c + Tk,p)) y (123)
r=1 "
s.t. ap €{0,1},vVr e R,k e K, (12b)
K
ay, = Ko,Vr € R, (12¢)
k=1
oy € [omin, 1],Vr e R,k € K (12d)
K
By b =B,VreRr, (12e)
k=1
by € [bmin, 1],Vr € R,k € K", (12f)
(6). (12g)

The constraint in (12b) ensures the feasibility condition of the
vehicle selection. The constraint in (12¢) limits the number of
selected vehicles. The constraint (12d) guarantees the feasibility
condition on the model sparsification ratio. The constraint (12e)
indicates that the sum of bandwidth allocation should be B. The
constraint (12f) specifies the feasible condition on the bandwidth
allocation. The constraint (12g) ensures that the total training
loss of the proposed scheme does not exceed the target upper
bound ¢.

The above optimization problem is difficult to solve. The
first reason is that P; is a mixed integer nonlinear program-
ming (MINLP) problem with min-max optimization, which is
NP-hard. Consequently, finding its globally optimal solution
directly is computationally intractable. Secondly, addressing
the above optimization problem P; requires offline vehicle
information for future R rounds, such as location, commu-
nication conditions, etc. Thirdly, constraint (12g) is a long-
term constraint requiring future knowledge of the vehicle’s
training.

V. PROPOSED ALGORITHM

In this section, we provide an efficient solution to the
aforementioned long-term MINLP delay-efficient problem. The
workflow of the proposed algorithm is shown in Fig. 2,
which shows the convergence of proposed algorithm. The
original problem is transformed into the minimum problem
and decomposed into a sequence of sub-problems using the
Lyapunov technique. Then, the generated Benders decompo-
sition method is adopted to handle the integer variable and
continuous variables respectively: the integer variables (e.g.,
vehicle selection decisions) are optimized in the master problem
through the branch-and-bound method, while the continuous
variables (e.g., sparsification ratio and bandwidth allocation)
are resolved in the sub-problems via an iteration algorithm.
This dual-layer approach iteratively tightens the feasibility and
optimality cuts, ensuring convergence to a near-optimal solution
with reduced computational complexity compared to monolithic
solvers.
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Fig. 2. The logical flow of solving problem P;.

A. Problem Transformation and Lyapunov-Based Long-Term
Optimization

By introducing an auxiliary variable U satisfying U" >
(T} . + Tkp),Vk € K, the problem P; can be equivalently
rewritten as

R
. mi T
Py i Minar br (ar}0} e DU

(13a)

r=1
s.t. (12b) — (12g) (13b)
U > (Ty .+ Tk p), Yk € K,Vr € R. (13c¢)

Considering the long-term constraint (12g), the vehicle se-
lection decision is coupled with the distribution of sparsifica-
tion ratio across different training rounds. Assigning a larger
sparsification ratio to vehicles reduces the latency, increases
the probability of successful transmission of the vehicle and
the corresponding training loss, which leads to the reduction
of the training loss budget for future rounds. Applying a low
sparsification ratio may improve the final training accuracy, but it
will increase the training latency. To solve the problem, we apply
the Lyapunov technique and establish a virtual convergence
deficit queue, which gives guidance on vehicle selection and
model sparsification ratio allocation.

For each vehicle k in round r, we propose the virtual training
loss queue ¢(r), which means the gap between the vehicle
training loss in round  and the long-term convergence constraint

as
ma’X{ZkEKE( W a’]’{; 1) R+Q(7"_1)7O}a
q(r)y=<¢r>1;
0,r=1.
(14)
Here, we obtain the equation E(a}, a}) = ﬁ — PEQ + %
k

as the training loss for each vehicle k in round r by separating
each round respectively in (6). The Lyapunov function can be
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Algorithm 2: Adaptive vehicle selection, bandwidth allo-
cation, and sparsification ratio allocation algorithm to solve
Po.

Input: vehicle location a:};’o, velocity vy,
communication rate £, and computation
frequency fj

Output: a",b", {«] }

1 forr=1,2,...,R do

2 if r=2R;,Vze{1,2,...,Z — 1} then

3 q(r) < 0;

4 V<V

5 end

6 Observe vehicle position, velocity, communication,

and computation capacity as xZ’O, v, b fe
respectively;

7 Decompose Ps into the primal problem with
continuous variables and the master problem with
integer variables ;

8 Solve the primal problem P, based on Alg. 3;

9 Check the feasibility of P3; and solve the master
problem P52 based on Alg. 4;

10 Update training loss queue via Eq. (14);

11_end

defined as L(q(r)) £ 1¢?(r), which means the congestion level
in the training loss queue. A small value of L(q(r)) means that
the queue backlog is insignificant, which implies that the virtual
queue is highly stable. During the training, the value of the
Lyapunov function should be lower as the stability of the training
loss is guaranteed. We then introduce one-shot Lyapunov drift
to ensure the stability as

Alg(r)) = E[L(g(r + 1)) = L(q(r))lq(r)].

The drift is derived as

S%E KZE(a; Lar )~ e/R

kek

+ q(r— 1)> —¢*(r) | a(r)

= S (B = QP +q(E[(E" —</R) | (r)]

< C+q(rE (B —¢/R) | q(r)] . (15)

2 1
where E" =3, E(a; ', o ") and ¢ = 3( Er —Q)?
means the difference between maximum training loss and target
loss. Then the drift-plus-cost expression in each training round
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is expressed as
Alg(r)) +V-E[U" [ g(r)]
<CHAME[(E = Q) [q)| +V-EU” |q®].  (6)

which means the normalized cost function of the objective
function and long-term training loss. Here, V' is denoted as the
controlling positive parameter to balance the minimization of
training delay and training loss. Based on the above derivation,
we transform the P5 into the following per-round problem as

K

Pt mingr pr (aryurV - U" + Z q(r)E(ay,ar) (17a)
k=1

s.t. (12b) — (12f), (13c). (17b)

To obtain the value of V', we need to fetch and update it every
R, rounds as Vo, Vi,..., V..., Vi, 5 = LR%J,J = L}%J~
At the beginning of each time frame j, the value of V' is updated
as V =V, and the virtual energy queue ¢(r) is reset to zero.
When the value of ¢(r) is increasing, the training loss deficit
is a dominant factor, and the value of F is reduced through
the design of a virtual convergence queue. The algorithm of
transforming Pz into Ps is described in Algorithm 2. However,
the transformed per-round P4 is still a difficult MINLP problem.

B. Generalized Benders Decomposition

In this subsection, we apply the Generalized Benders De-
composition (GBD) method to solve P3. The GBD method
decomposes the problem into a primal problem with continuous
variables and a master problem with integer variables. We solve
these two problems iteratively:

® Solving the primal problem provides the lower bound

and Lagrange multipliers for constraints like bandwidth
allocation and sparsification ratio.

® Solving the master problem yields the upper bound and bi-

nary vehicle selection variables used in the primal problem
for the next iteration.

The iterative process converges when the upper bound equals
the lower bound, which ensures efficient and effective solution
of 7)3.

1) Solution to Primal Problem: Given the integer variables
as the vehicle selection a”*, where s is the current iteration
number, we obtain the primal problem P, as

K

Py mingr oy oV -U"+ > q"E(ap®,af)  (18a)
k=1

s.t. (12d) — (12f),and (13¢).  (18b)

The problem P4 has a convex objective function. However,
the constraint (13c) is still non-convex, which is difficult to
solve efficiently. To address this issue, we use an alternating
optimization approach to solve the proposed problem P4 by
fixing the two variables of b", {a],}, or U" while updating the
remaining variable, respectively.
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First, we derive the solution of {«" }, when b” and U™ is fixed,
the problem P, can be written as

K

Py ming,ry V- U" + Zq(r)E(a;’iaZ) (19a)
k=1

s.t. (12b), (13¢). (19b)

It is obvious to see P4 1 is a convex optimization problem. To
solve the Py 1, we apply the Lagrangian function with given a”*
as

T s T T T
LU ha™% af,...,a%,b")

K
=V.U" + Z q(r)E(a;”, a)”)
k=1

K

+ Y MklTE e+ T — U],
k=1

(20)

Here, A1 > 0 is the Lagrangian multiplier vector. Then we
apply the Karush-Kuhn-Tucker (KKT) conditions to obtain the
following expressions as

9L, q(r)P ar* M| Z]|
=R M Wk € K,
30%7* KR 1,k by Bo Zzezg log, (pi)
Ti o+ Thp — U™ <0,k € K,
(T +Thp—U"")=0,Vk € K,
(21)

Pyhy (L )° . e .
where pi, =1+ % Considering the conditions in

(21), we derive the following results

<0, ap” < amin
=¢=0, amn<a <1,
>0, o >1,

oL
. 22
5T (22)

For all the vehicle k € K in round r, we consider two subsets
of vehicles as K7 and K. The sum of communication and
computation time for some vehicle k; € Ky is less than U™,

then we can get the below expression Vay € [aumin, 1] as
T,Qc + Ty, <U™,VEk € K. 23)

Meanwhile, some vehicle ko € Ko may not be selected in
round 7 as

ay” =0,k € K. (24)
According to (21), we get the following inequality as

0L4
day*

< 0,Vk € K1,Vk € Ko,

which means the derivative of £, considering sparsification ratio
is negative for these vehicles within Ky or /Cy. The results of a;’*
can be derived as below.

® (Case I: The two subsets Ky and K are both not empty as

0<|K] < K,0<|Ky] < K.
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Then based on (21), we can get that

Q'min, k ¢ ICl,k ¢ ICQ)O(Z < Qminy
Ol;’*: O[lkm k¢K1ak¢K2)amin§az S 1a (25)
1, otherwise,
where

UT’*CkfkaBZ — |Dk|q(7“)b£Bz
aj, M| 2 cx fi ’

and By, = Bo ).z loga(p)-

e Case II: The subset K is empty as Ky = () which indicates
the sum of computation time and communication time for
all vehicle k € K is able to equal to U" as amin < o <1,
then based on (21), we can get that

X a*, ]{3¢IC2,
ap” = {1,k

otherwise.

e Case IIl: The subset K is equal to K as K1 = K which
indicates the sum of computation time and communication
time for all vehicle k € K is less or larger than U" as aj, <
Oimin OF o, > 1. Based on (21), we can get that

af =

(26)

*
Qv — Q'min k ¢ ’C27 . < Qlmin,
k 1, otherwise.

Second, we propose the solution of b” with fixed {a],} and U".
The problem P4 can be transformed into

27

K

Pao:ming-V -U" + Z q(r)E(a;”, o) (28a)
k=1

s.t. (12¢), (12d), (13¢) (28b)

P42 is a convex optimization problem, and we construct the
Lagrangian function with given a;’* as

T s T T T
Lo(UT h,a™% af, ..., a%,b")

K
=V.U" + Z q(r)E(a;®, a®)
k=1

K K
o (Bo >t - B) 3 Mkl + T~ U],
k=1

k=1
(29)

where Ao > 0 is the Lagrangian multiplier. The KKT conditions
are applied to obtain the equations as

9L, aray®M|Z7|
— )LQBO_ * - %k _ =O7ij€]c7
8bk’* Lk (bk)zBO ZzEZ]: log, (pk)
K
By sz -B=0,
k=1
Tj e+ Tep — U™ <0,Vk €K,
k(T +Thp —U™) =0,Vk € K. (30)

According to (21), if (23) is satisfied for some k € Ky, then the
corresponding A7, = 0. For vehicle k € K, the value of A7
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Algorithm 3: Iteration algorithm of generating and solving
master problem Ps o

1 Initialize iteration index & = 1, the upper bound
UB(0) = o0, the lower bound LB(0) = 0, minimum
tolerance 7, and maximum iteration I.y;

2 while |UB(§ —1) —LB(§ — 1)| > 7 and § < I, do
3 Solve the primal problem P, with the given vehicle
selection variable a’;
4 if Ps3 is feasible then
5 Obtain {aj, },b", £* with Lagrange multiplier
A;
6 Update upper bound:
UB(§) = min{UB(¢ — 1), L*};
7 else
8 Solve the [;-minimization problem P5 ; to get
{ap} b A
9 end
10 Add optimality and feasibility cuts in the master
problem;
11 Solve the master problem Ps o to update a” and
get LB(&) = w;
12 if |[UB(§) — LB(&)| < 7 then
13 ‘ return Optimal results: {a£’5}7br>5 ,ans;
14 end
15 E—E+ 1
16 _end

can be derived out in (21) as

o q(r)PbiBo Zzez,: log () 31)
LR KRa;*M|Z]| '

We then put back the result to (30) and the solution of by is
solved as follows:
® Casel(0 < |K1| < K): According to above formulations,
we can get

b, k@ Kik @ Ko, b < bE< 1,
1, k&K ké¢Kybt>1,

b = (32)

bmin, k& K1,k & Ka,b} < bmin,
0, otherwise
where
. q(r)Pay,
r =

q; Pa’ 7

KR jerc\(c,0ks) RRI—60)
and b = Zke,cl Dimin -

e Case Il (|K1| = 0): Based on the previous results, we can
get the bandwidth for each vehicle should satisfy by, <
b < 1 as follows:

bT‘,* _ b27 k ¢ ICQabmin S b}:; S 17
k=710, otherwise.

® Caselll (|K1| = K ): Based on the previous results, we can
get the sum of communication and computation time for
each vehicle is larger or less than U" as by, > 1 or b}, <

(33)
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bynin as follows:

1, k¢ Ko, b5 > 1,
bmina k ¢ ’C27 bz < bminv
0 otherwise

bt = (34)

Thirdly, we derive the solution of U” with fixed {aj },b",
then the problem P, can be converted as

K
Py :mingV - U" + Z q(r)E(a;”®, af,)
k=1

s.t. (13c).

(35a)

(35b)

It is easy to see that the problem P, 3 is a linear programming
problem, and the solution is obtained in the following theorem.

Ur* = Ilrf}ea’é((T;g”c + Tk p) (36)
with given {a; "}, b"*. The primal problem Py is solved us-
ing an iterative alternating optimization approach. Within each
iteration, the algorithm sequentially updates three blocks of
variables: first, the sparsification ratios {aj,} are optimized
while keeping other variables fixed; second, the bandwidth
allocation b" is updated; and third, an auxiliary upper bound
variable U" is adjusted. This iterative process continues until
the relative improvement in the objective function falls below a
predefined tolerance €y or a maximum number of iterations is
reached.

2) Solution to Master Problem: In this part, we propose an
iterative solution for the master problem with integer variables.
Firstly, we check the feasibility of the primal problem; if feasible,
we update the lower bound with optimality cuts, and if infeasible,
we use [; minimization to derive feasibility cuts. The upper
bound is obtained from the Lagrange function of Ps. Second,
we add the optimality and feasibility cuts to the constraints
of the master problem. Then, we solve the master problem to
minimize the lower bound given the cuts, using the lower bound
as the optimization objective. Next, the iteration continues until
the upper and lower bounds converge within a specified range.
This process ensures efficient convergence while maintaining
the feasibility and optimality of the solution.

e Feasible primal problem: In this situation, the optimility

cut can be derived as

w< LB {a}}, U™ A,a"%). (37)

Then the above optimility cut is added to the master
problem, and the results of the sparsification ratio and
bandwidth allocation are given.

® [Infeasible primal problem: Considering the infeasible pri-
mal problem, we formulate the following optimization
problem to derive out the feasibility cut as

Ps.1 : ming, (5ry g > ek +c2) (38a)
kek
SLTL o+ Thp—U" > c1,Vk € K. (38b)
K
By Y b, - B=c, (38¢)
k=1
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which means the /; minimization problem for all con-
straints.
Through solving Ps 1, the solution of feasible sparsification
ratio, bandwidth allocation, and U" can be derived, then the
feasibility cut is formulated as

0< L (b {a;},U",x,a"")

(39)

where b", {a% }, U™ are the solutions of /; minimization prob-
lem in P51, a™* is the vehicle selection variable at iteration s
and >, . A1k + A2 = 1 are the Lagrange multipliers.

Through the feasible checking of the primal problem, the
optimility cut and feasibility cut can be derived, and the original
master problem is formulated as

Ps.o : mingr w (40a)
s.t. w < LD {ay™ ), UM L, a"),

Vo, € {1,2,..., X1}, (40Db)
0 < L(b"" {ap®}, U™ A,a"),

Voo € {1,2,..., X5}, (40c)

(12b) and (12c), (40d)

where X7 + X5 = ¢ means the sum of two variables equals
the iteration number. The proposed pure integer programming
problem Ps5, can be solved by utilizing branch-and-bound,
cutting plane, and so on. The details of the GBD-based vehicle
selection algorithm are shown in Algorithm 3.

C. Computational Complexity Analysis

In this subsection, we analyze the computational complexity
of the proposed optimization algorithm, which mainly consists
of the GBD algorithm for solving the primal problem and
the master problem. Considering solving the primal problem,
we utilize the alternating optimization algorithm. Since each
alternating optimization subproblem is convex, we can directly
obtain the closed-form solution. The computational complexity
of solving the primal problem is O(kg), where kg is the num-
ber of iterations of the algorithm executed to convergence. In
addition, the computational complexity of solving the master
problem using the branch and bound method is O(2%). Note
that the value of K is the maximum number of vehicles in the
covering segment. Thus, in the worst case, the overall computa-
tional complexity of the algorithm can be roughly estimated as
02K + ko) = O(max {25, ko }).
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TABLE II
SIMULATION PARAMETERS

Parameter Value
Learning rate, n 0.01
Batch size 32
Local epoch, F 5
BS antenna gain,GG, 6 dBi
Pass loss model 128.1437.6log,, d
Bandwidth, B 10 MHz
Noise power, P, -114 dBm
Vehicle velocity, v {60, 80} km/h
GPU frequency, fx 1.3 GHz
Minimum sparsification ratio 0.1
Minimum bandwidth allocation 0.05
The controlling parameter, V' 4
Length of covering segment 1,000 m
The height of BS 25 m
The number of zones, Z 20
Virtual queue reset rounds, [?; 10
Max alternating update iterations, Sy,qx 200
The convergence loss, € 210

VI. SIMULATION RESULTS
A. Simulation Setup

In the simulation, a flow of vehicles is driving through a
straight road with a length of 1,000 m in a single, unidirectional
lane, which can be easily extended to multiple lanes. The road
is divided into 20 zones, and different zones are considered to
have varying distances between vehicles and the server. Vehicle
trajectories follow the SUMO mobility simulator using the In-
telligent Driver Model at 60 km/h or 80 km/h. The learning rate
is 0.01, and the batch size is 32. Key parameters are summarized
in Table II.

The simulations are conducted with two FL tasks:

® CIFAR-10@ResNet-18 for image recognition: CIFAR-10
is an image dataset that includes color images of 10 classes
with 50,000 training and 10,000 test samples. In our simu-
lation, we assign 600 dataset samples to each vehicle. The
training model for CIFAR-10 is ResNet-18.

e Argoverse@LaneGCN for trajectory prediction [38]: The
Argoverse motion forecasting dataset contains 205,942
training samples and 39,472 validation samples. The
LaneGCN model is used for trajectory prediction, and
performance is evaluated using the minimum Average
Displacement Error (minADE), defined as the average /o
distance between predicted and ground truth locations.

The proposed scheme is compared with the following base-
lines:

® Multi-Armed Bandit-based FL. (MABFL) [31]: In this
scheme, the sparsification ratio of each participant is cho-
sen from the given sequence of finite partitions of sparsifi-
cation ratio through MAB.

® FedAvg: The models are trained and uploaded without local
sparsification, and vehicles are selected with the proposed
vehicle selection scheme.

® Heuristic: In this scheme, the vehicles are selected within
better communication conditions with sparse training.

® Random: The vehicles are selected randomly with sparse
training in this scheme.
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Fig. 3. Training performance of different training algorithms on Argov-
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Fig. 4. Training performance of different training algorithms on CIFAR-
10@ResNet-18.

B. Performance of Proposed MAVFL Scheme

1) Accuracy Performance: Figs. 3 and 4 illustrate the accu-
racy and minADE versus time curve of our scheme for Argoverse
and CIFAR-10 datasets compared to the benchmark schemes.
From this figure, it is observed that the MABFL and the pro-
posed scheme with sparsification converge faster than FedAvg.
The reason is that the sparsification of the model effectively
reduces the communication time. Meanwhile, the proposed
scheme achieves nearly the same accuracy as FedAvg, while
MABFL achieves lower accuracy than FedAvg. For example,
considering the CIFAR-10 dataset, the final accuracy of the
proposed scheme is larger than FedAvg by 0.5%, and larger
than MABFL by nearly 3 percent. The reason is that our scheme
incorporates mechanisms to adaptively adjust the sparsification
ratio and communication strategies based on instant vehicle
and network conditions, such as vehicle location, velocity, and
channel quality.

2) Delay Performance: The performance of training delay
and round achieving target metric is further evaluated, includ-
ing given accuracy and minADE. Figs. 5 and 6 illustrate the
number of rounds and training latency of different schemes
when reaching the target metric. For the CIFAR-10 dataset,
the target accuracy is set as 69%, and the target minADE is
1.44 m for the Argoverse dataset. The training loss is derived
from the loss curve upon achieving the specified metrics. First,
the results demonstrate that the number of rounds and latency
required by our proposed scheme are the minimum in both
datasets. Especially for the Argoverse dataset, our proposed
scheme reduces up to 27.9% delay and up to 6 rounds compared
to MABFL and reduces 38.2% delay and two rounds compared
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Fig. 5. Convergence time and training rounds on Argoverse@LaneGCN.
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Fig. 6. Convergence time and training rounds on CIFAR-10@ResNet-18.

to FedAvg. For the CIFAR-10 dataset, our proposed scheme
reduces up to 43.5% delay and up to 30 rounds compared to
MABFL and reduces up to 9 rounds compared to FedAvg. The
delay of our proposed scheme is larger than FedAvg for the target
accuracy of CIFAR-10. The reason is the loss of accuracy due
to sparse training. The performance results show the robustness
of our proposed scheme in vehicular networks.

3) Impact of Vehicle Velocity: The impact of vehicle ve-
locity on the performance of the proposed schemes is further
investigated. As illustrated in Figs. 3 and 4, the simulation re-
sults demonstrate the effects of different velocities, specifically
60 km/h and 80 km/h, on system behavior. Firstly, it is evident
that as the velocity increases, the accuracy improvement for
each scheme diminishes substantially. This trend indicates that
higher vehicle speeds introduce additional challenges to main-
taining consistent performance. Secondly, for vehicles traveling
at 80 km/h, both the number of rounds required to achieve target
accuracy and the associated delay are more pronounced com-
pared to those at 60 km/h. This phenomenon can be attributed
to the fact that at higher velocities, fewer vehicles remain within
the covering segment for an extended period. Consequently, the
amount of data available for simultaneous training decreases,
leading to reduced efficiency in accuracy performance.

4) Impact of the Bandwidth: The influence of bandwidth is
further evaluated. Fig. 8(a) shows the latency of two tasks during
convergence. First, it can be observed from the graph that the
latency for different tasks decreases as bandwidth increases.
This behavior is expected because a higher bandwidth allows for
faster data transmission between vehicles and the central server,
reducing the time required for model updates and synchroniza-
tion. Additionally, it can be seen that within the same task, as
the velocity of the vehicle increases, the latency also increases
due to a decrease in the number of vehicles on the same road
segment. This occurs because higher velocities lead to shorter
dwell times for vehicles within acommunication range, resulting
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in fewer opportunities for collaborative training and increased
reliance on individual contributions, which are generally less
efficient. Furthermore, the reduction in the number of vehicles
participating at higher speeds exacerbates the issue of limited
data availability. With fewer vehicles contributing to the training
process, the system must wait longer to aggregate sufficient data
for meaningful updates, thereby increasing overall latency.

C. Performance of Proposed Optimization Algorithm

InFig. 7, the training metrics for different vehicle selection al-
gorithms are compared with varying velocities, such as 60 km/h
and 80 km/h, with Argoverse and CIFAR-10 datasets. From
Fig. 7(a) and (b), we first observe that the convergence speed
of the proposed vehicle selection algorithm is faster, and the
overall time of the proposed scheme can be substantially reduced
compared to heuristic and random algorithms. This is because
the proposed optimization algorithm considers the influence
of bandwidth allocation and sparsification ratio. Secondly, the
proposed scheme loses an average of 0.03 m in minADE on
the first dataset compared to the baselines for Argoverse, while
the final accuracy improves by 2 to 5 percentage points for
CIFAR-10. This scenario is because we consider the impact of
long-term optimization aims of training loss on vehicle selection.

In Fig. 8(b), the convergence performance of the GBD al-
gorithm is demonstrated through the evolution of the lower
bound and upper bound. Following the algorithmic framework,
the upper bound is initialized to positive infinity and the lower
bound to zero in the first iteration. These initial values reflect the
absence of any constraints or information in the first iteration.
Subsequent iterations begin with the initialization of integer
variables as vehicle selection choices, triggering progressive
updates to both bounds through the solution of the primal and
master problems. This dual process ensures that the bounds
are tightened iteratively, bringing them closer together. The
convergence is achieved within 18 iterations, where the upper
bound and lower bound effectively coincide, signifying that the
algorithm has reached an optimal or near-optimal solution of
vehicular selection choice.

We compare the solution of our proposed algorithm with
the exhaustive search one, which is obtained through contin-
uous sub-problems with the fixed vehicle selection variable
and exhaustively traversing all possible integer combinations
of selection. As shown in Fig. 8(c), our algorithm converges
very quickly, and the solution is very close to the exhaustive
search one. Our algorithm converges rapidly within 5 iterations
to a stable value. Quantitatively, the final converged value of our
proposed algorithm is approximately 31.0, while the optimal
value found via exhaustive search is approximately 29.2, indi-
cating an optimality gap of about 6.1%. This result demonstrates
that the performance of the proposed algorithm is comparable
to the optimality.

Table IIT shows the results of convergence performance con-
sidering the delay, convergence metrics, and communication
overhead for all the baselines with two datasets. First, our
proposed scheme achieves higher convergence accuracy than
MABFL, heuristic, and random algorithms for the CIFAR-10
dataset. The accuracy of the proposed scheme is slightly lower
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Fig. 7. Training performance of different vehicle selection algorithms for Argoverse and CIFAR-10.
TABLE III
CONVERGENCE PERFORMANCE COMPARISON ON CIFAR-10 AND ARGOVERSE DATASETS
CIFAR-10@ResNet-18 Argoverse @LaneGCN
Method Training Delay (sec.) Convergence Communication Training Delay (sec.) Convergence Communication
60 km/h 80 km/h Accuracy (%) Overhead (MB) 60 km/h 80 km/h minADE (m) Overhead (MB)
Proposed 2092.2 2285.16 71.4 4445.84 674.11 721.32 143 367.57
FedAvg  2372.87 (1.13x) 2770.68 (1.21x) 71.9 6377.80 733.65 (1.08x) 899.54 (1.24x) 1.41 645.30
MABFL  1660.82 (0.79x) 2573.71 (1.13x) 68.1 3880.20 844.85 (1.25x) 805.04 (1.12x) 1.43 361.37
Heuristic  2421.6 (1.16x) 262091 (1.15x%) 69.4 4763.40 780.5 (1.16x) 959.40 (1.33x) 1.42 408.41
Random  2202.3 (1.05x) 2805.90 (1.23x) 68.2 5049.21 970.73 (1.44x) 1087.81 (1.51x) 1.42 490.10
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Fig. 8. Training performance of the proposed scheme.

than that of FedAvg, but it achieves a 28.8% reduction in
communication overhead. Second, the convergence time of the
MABFL scheme is faster, but the convergence accuracy is lower
than that of the proposed scheme. This is because the model
is sparsified with higher rates in MABFL, which cannot meet
long-term loss constraints. Third, in both datasets, our scheme
shows lower communication overhead with an average of 26%
than FedAvg, heuristic, and random algorithms.

lar networks. A Lyapunov-driven and GBD-based optimization
framework is presented to solve the training delay minimization
problem. The proposed optimization method can adapt to vehic-
ular networks with high mobility, while reducing communica-
tion overhead and preserving training accuracy. For future work,
we will investigate a multimodal VFL scheme that effectively
utilizes multimodal sensing data to enhance training accuracy in
vehicular networks.
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