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Abstract—The vehicular environment presents unique chal-
lenges, including massive data generation, stringent latency re-
quirements for safety-critical applications, bandwidth limitations,
and intermittent connectivity, which make centralized learning
approaches impractical. Vehicular Federated Learning (VFL)
enables distributed model training by leveraging local data
from connected vehicles, while preserving data privacy and
reducing network overhead. However, the dynamic nature of
VFL presents several additional challenges. High vehicle mobility
and unstable channels lead to inconsistent client participation,
while heterogeneous vehicle capabilities result in unbalanced
training workloads and competitive resource allocation. These
challenges significantly degrade VFL model performance and
prolong training periods. In this paper, we propose a Mobil-
ity Resilient Vehicular Federated Learning (MR-VFL) scheme,
which comprises two key components: an amplification-based
adaptive vehicular FL (AVFL) training scheme and a dual-
timescale FL scheduler. Specifically, AVFL adapts local training
epochs to vehicle capabilities to improve scheduling flexibility and
alleviate the impact of insufficient local epochs on model updates,
which enhances training efficiency and reduces communication
competition. The dual-timescale FL scheduler includes a macro
scheduling strategy that optimizes long-term VFL performance
based on the correlation between convergence speed and model
accuracy, and a Mamba-based real-time scheduler that enhances
training efficiency and reduces decision latency in massive vehi-
cles scenarios. Extensive simulations show that MR-VFL effec-
tively mitigates performance degradation due to complex vehicle
mobility and heterogeneity, and improves training efficiency.

Index Terms—Federated learning, Internet of Vehicles, client
scheduling, reinforcement learning.

I. INTRODUCTION

THE global autonomous driving market will reach $172.15
billion by 2030 [1], driving rapid development of intel-

ligent data-driven applications in transportation systems, such
as road safety, driving efficiency, and vehicle infotainment [2]–
[4]. These applications generate massive amounts of data
on each vehicle, creating valuable opportunities to train and
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improve machine learning models for enhanced system perfor-
mance. However, traditional centralized learning approaches
exist significant shortcomings when they are applied to vehic-
ular environments.

First, the massive data generation of modern vehicles (25GB
per hour per vehicle) makes centralized collection impractical,
creating prohibitive communication overhead in bandwidth-
constrained networks [5]. Second, transmitting raw data also
raises privacy concerns, as vehicular data contains sensitive
travel patterns and personal information [6]. Finally, despite
the powerful computation and communication capabilities of
modern vehicles, centralized learning systems underutilize
these distributed resources, overloading the central nodes and
creating single points of failures that result in poor robustness
for dynamic vehicular environments.

Federated Learning (FL) directly addresses these vehicular-
specific challenges by enabling collaborative model training
while keeping data local [7], [8]. By transmitting compact
model updates rather than raw data, FL reduces communica-
tion overhead and preserves privacy by keeping sensitive data
local, thereby improving training efficiency and robustness
compared to traditional centralized learning systems. Addi-
tionally, FL leverages the distributed computational resources
of onboard vehicles, which improves training efficiency and
distributes the substantial computational workload across the
system. These advantages make FL suitable for supporting
applications in Vehicular Edge Networks (VENs), including
traffic prediction, content caching, platooning, multimodal
learning, and security guarantees [9]–[13].

However, implementing FL in vehicular environments
presents unique challenges beyond standard FL settings. High
vehicle mobility leads to frequent handoffs and limited connec-
tion duration, resulting in transmission errors and delays that
may prolong FL training time and degrade efficiency [14],
[15]. In addition, due to unstable wireless links and limited
network resources, vehicular FL (VFL) faces unpredictable
client participation patterns and frequent vehicle dropouts,
which significantly impact model performance [16]. Mean-
while, vehicles typically have heterogeneous capabilities, in-
cluding computational power, communication capacity, data
distribution, and data quantity [10], [17], leading to substantial
variations in training time and model quality. These factors
severely degrade FL training efficiency in dynamic vehicular
environments.

To address these VFL-specific challenges, we propose a
Mobility Resilient Vehicular Federated Learning (MR-VFL)
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scheme to explicitly address the inherent heterogeneity of ve-
hicles in terms of computational capabilities, communication
resources, and data characteristics. MR-VFL includes two key
components: (1) an amplification-based adaptive vehicular FL
(AVFL) training scheme that dynamically adjusts local epochs
based on vehicle capabilities and sojourn time, enhancing
training flexibility while maintaining convergence guarantees;
and (2) a dual-timescale scheduling mechanism that optimizes
both long-term model performance and immediate training
efficiency by intelligently anticipating vehicle mobility pat-
terns. The scheduler formulates client selection as a joint
optimization problem solved through reinforcement learning,
deriving optimal strategies across macro and micro timescales.
The main contributions of this paper are summarized as
follows.

1) First, we identify the issues that significantly affect FL
performance and then present MR-VFL, which cap-
tures dynamic and comprehensive VEN information to
flexiblely schedule vehicles and improve VFL training
efficiency.

2) Second, we analyze the effect of local epochs on FL
convergence and provide a theoretical range for local
epoch adjustments that ensures FL convergence. Then,
we design an AVFL method, which incorporates an
amplification factor to achieve an efficient and flexible
training process while alleviating communication com-
petitiveness.

3) Third, we formulate the vehicle scheduling as a long-
term optimization problem to maximize VFL training
efficiency, which is solved by transforming it into an
Markov Decision Process (MDP). We design a Mamba-
based Actor-Critic scheduler that implements dual-
timescale optimization, balancing immediate scheduling
decisions with long-term model performance objectives.

4) Finally, we conduct a comprehensive numerical analysis
and extensive experiments. The results demonstrate that
MR-VFL alleviates the degradation of the global model
in VFL caused by complex and dynamic VENs. Further-
more, the results indicate that MR-VFL outperforms the
existing VFL schemes in training efficiency.

The remainder of this paper is organized as follows. Section
II reviews the related literature. Section IV presents the
settings of VFL and the corresponding models, including
the VEN model, vehicle communication, and computation
cost models. Section V demonstrates the proposed AVFL
scheme and the corresponding convergence analysis. Section
VI demonstrates and analyzes the numerical results. Finally,
the conclusion is drawn in Section VII.

II. RELATED WORK

While FL has emerged as a promising solution for dis-
tributed learning in various domains, its application in ve-
hicular environments presents unique challenges that require
specialized solutions. Existing research has explored various
aspects of FL in vehicular networks, including client selection,
scheduling, and participation patterns.

In recent years, FL has been introduced into VENs to sup-
port applications like safety data sharing [18], content caching

services [19], autonomous controllers [20], and trajectory
prediction [21]. However, the high mobility and heterogeneity
of vehicles usually limit the performance of VFL applications.
To address these challenges, client selection schemes are de-
signed, and the client participation patterns in FL are studied.

To improve the VFL training efficiency, various client
selection schemes are designed. Saputra et al. [22] proposed
a dynamic economic framework for FL in Internet of Vehi-
cle (IoV) to optimize the selection and payment contracts of
smart vehicles, achieving faster convergence and better profits.
Samarakoon et al. [23] proposed a novel allocation approach
jointly considering transmit power and resource for Ultra-
Reliable Low-Latency Communication (URLLC) in VENs,
which achieves significant reductions in power consumption
and extreme events in queues. Xiao et al. [24] proposed an FL
approach in VENs, considering vehicle position and velocity.
It formulates a Min-Max problem to jointly optimize on-
board computation, transmission power, and local model ac-
curacy, achieving minimum cost in the worst case. Prathiba et
al. [25] proposed an FL-empowered computation Offloading
and Resource Management (FLOR) framework that optimizes
resource allocation and computation offloading across hetero-
geneous networks in VENs. Hu et al. [26] proposed an AutoFL
framework to optimize autonomous client participation in
federated edge learning, achieving higher model accuracy,
significant reduction of energy cost, and enhancing long-term
fairness compared to state-of-the-art algorithms.

Furthermore, client scheduling schemes are also proposed in
VFL to improve resource utilization and decrease transmission
delay. Zhang et al. [27] analyzed a communication minimiza-
tion problem in FL and proposed an optimized probabilistic
device scheduling policy is derived in closed-form by solving
the approximate communication time minimization problem.
Yin et al. [28] formulated the client scheduling problem as a
Stackelberg leader-follower game and proposed a joint client
scheduling and wireless resource allocation algorithm, named
SCSBA, to solve this urgent and challenging problem in 6G
IoT networks. Hu et al. [29] proposed a scheduling policy
that jointly considers the channel quality and training data
representation of user devices, reducing the bias and variance
of the aggregated model updates. Saputra et al. [22] proposed
a novel dynamic FL-based economic framework for an IoV
network to improve the VFL global model accuracy and ac-
celerate the convergence speed. Zhang et al. [30] investigated
the device scheduling problem in relay-assisted FL systems
under the constraints of power consumption and mean squared
error (MSE), and then proposed a relay-assisted large-scale FL
framework.

In addition to client selection schemes, the impact of
different client participation patterns on FL convergence has
also been studied. Li et al. [26] analyzed the convergence
rate of FedAvg on non-iid data under convex and strongly
convex conditions and discussed the impact of different client
participation schemes on FL. Wang et al. [31] presented
the unified convergence analysis for FL with arbitrary client
participation patterns and designed a generalized FedAvg with
amplifies parameter updates. Ruan et al. [32] extended the
FL paradigm by accommodating devices with flexible partic-
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ipation, presented convergence on non-iid data, and explored
the impact of early departures or late arrivals of devices.
Liu et al. [33] proposed an efficient communication approach
in VENs, FedCPF, to improve accuracy and communication
efficiency by providing customized local training, partial client
participation, and flexible aggregation. Cho et al. [34] analyzed
FL convergence that client availability follows a natural cyclic
pattern and discovered that cyclic client participation can
achieve a faster asymptotic convergence rate than vanilla
FedAvg, providing valuable insights into the design of client
sampling protocols.

However, most approaches fail to comprehensively address
the combination of high mobility, intermittent connectiv-
ity, heterogeneous capabilities, and resource constraints that
characterize vehicular environments. Existing client selection
schemes face fundamental limitations in vehicular environ-
ments: (1) they assume semi-static participation patterns and
focus on resource optimization while ignoring sporadic partic-
ipation caused by high mobility and ultra-short sojourn time;
(2) they reactively handle dropouts rather than proactively
leveraging predictable mobility patterns; and (3) they attempt
to mitigate heterogeneity through selective participation in-
stead of embracing it as a resource. Meanwhile, existing
flexible participation research lacks theoretical foundations for
vehicular scenarios, ignoring critical characteristics such as
fragile wireless links, mid-training departures, and system-
atic violations of traditional FL stability assumptions. There-
fore, we propose MR-VFL, a mobility-resilient framework
that fundamentally differs by introducing amplification-based
adaptive training with convergence guarantees for ultra-short
participation windows, proactive dual-timescale scheduling
that captures spatiotemporal mobility patterns, and transform-
ing vehicular heterogeneity into opportunities for enhanced
training efficiency.

III. OBSERVATIONS AND FEATURES IN VFL

This section presents key observations about vehicular
federated learning systems that highlight why specialized
approaches are needed beyond standard FL techniques, fur-
ther motivating the mobility-resilient design for dynamic and
complex VENs.

A. Unstable Client Set

Unlike traditional FL where client availability is relatively
stable, vehicular networks present unique challenges due to
high mobility (vehicles routinely traveling at 30-120 km/h),
which significantly impacts both training convergence speed
and model performance. When implementing FL systems in
VENs, highly mobile vehicles typically exhibit limited sojourn
time within the coverage area of a Road Side Unit (RSU),
often as short as 10-30 seconds in urban environments and
5-10 seconds on highways. Consequently, selected vehicles
may drop from the VFL system before completing their
assigned training and communication tasks, leading to inter-
mittent and unreliable participation in the FL process. The
VFL system may therefore lose valuable data and degrade
model performance, especially when data distributions are
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Fig. 1. Impact of competitive model transmissions in VFL. (a) Without
scheduling: Multiple vehicles (v1-v4) complete local training (blue) at dif-
ferent times, leading to transmission competition (yellow) and unpredictable
waiting times before successful model uploads (green). (b) With intelligent
scheduling: Training completion and transmission times are coordinated to
minimize competition, reducing overall round time and maximizing resource
utilization.

heterogeneous across vehicles. Furthermore, the dynamic and
unpredictable nature of VENs conditions compounds these
challenges, making it difficult to maintain a stable client set
for long-term training—a fundamental assumption in most
existing FL frameworks.

B. Competitive Model Transmissions Among Vehicles

Vehicle-to-infrastructure communications in FL present
unique challenges due to complex message structures and
unstable wireless links. In practical VENs, communication
resources are limited and shared among multiple vehicles. As
illustrated in Fig. 1, competition for transmission resources
creates significant challenges:

1) Unpredictable Waiting Time: As shown in Fig. 1 (a),
uncoordinated training completion leads to simultaneous trans-
mission attempts. Limited bandwidth forces some vehicles
(e.g., v2 and v3) to wait (yellow blocks) before transmission
(green blocks), unnecessarily extending the training time per
VFL round.

2) Bandwidth Contention: When multiple vehicles compete
for bandwidth, the network must divide available resources,
leading to slower transmission rates for all participants. This
bandwidth contention problem worsens in dense urban envi-
ronments where many vehicles may complete training within
short time intervals.

3) Inefficient Resource Utilization: These waiting times
and reduced transmission rates extend overall FL round time
toward synchronization barrier. This reduces the number of
completed rounds and may cause vehicles to depart before
transmission, destabilizing the training process. Fig. 1 (b)
demonstrates how intelligent scheduling mitigates these issues
by coordinating both training and transmission phases. By
staggering completion times and optimizing resource alloca-
tion, the proposed approach aims to minimize waiting periods
and bandwidth competition, enabling more efficient resource
utilization and shorter round times.

C. Imbalanced Local Training Efficiency

Vehicles exhibit significant disparities in local training ef-
ficiency across data characteristic, computational capability,
and network sojourn time. Vehicles with low-quality data may
compete with those with high-quality data, increasing average
latency and reducing model convergence speed. For example,
vehicles with high quality data and high computational power

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2025.3607138

© 2025 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 VICTORIA. Downloaded on November 03,2025 at 05:00:53 UTC from IEEE Xplore.  Restrictions apply. 



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 4

can execute the local epochs quickly while providing valuable
model updates. Conversely, vehicles with low-quality data and
limited computational power require more time to complete
local training and provide low-quality model updates. MR-
VFL specifically aims to accommodate these varying capabili-
ties through adaptive training parameters, amplification mecha-
nisms, and heterogeneity-aware scheduling, enabling effective
participation across the full spectrum of vehicle resources.

D. Key Ideas of MR-VFL

Based on the observations of the unique challenges in VFL,
we propose several novel techniques specifically designed for
high mobility vehicular environments.

1. Amplification-based Adaptive Local Training for
Mobility-Aware Efficiency. Local training time is the majority
of each FL round’s duration and is influenced by three key
factors: the number of local training epochs, computational
capabilities, and potential waiting time. Ideally, a selected
vehicle should complete its local epochs and transmit its model
update to the aggregator within its sojourn time in the coverage
area. However, due to unpredictable departure time and limited
resources, if local training takes too long, the selected vehicle
may not complete its training process before leaving the
coverage area. Unlike existing approaches that use fixed local
epoch settings, MR-VFL presents a novel amplification-based
adaptive training scheme, which can dynamically adjust local
training epochs according to vehicle-specific factors: data
quality, predicted sojourn time, and heterogeneous computa-
tional capabilities. This approach allows vehicles with limited
sojourn time to contribute their updates despite performing
fewer local epochs, significantly improving participation rates
and training efficiency in highly mobile scenarios.

2. Actor-Critic Based Dynamic Real-Time Scheduling
for Extended Client Availability. Beyond optimizing indi-
vidual vehicle workloads, we address the critical challenge of
unstable client availability in vehicular networks. The theoret-
ical analysis shows how this instability severely degrades FL
performance. MR-VFL implements a dual-timescale approach:
at the macro level, we employ a participation strategy that
balances fast initial convergence with final model accuracy; at
the micro level, we formulate client selection as a dynamic bin-
packing problem solved via actor-critic reinforcement learning.
The proposed Mamba-based scheduler captures spatioal and
temporal patterns in vehicle mobility, strategically allocating
time slots to reduce communication competition while ensur-
ing fair vehicle selection through an exponential penalty mech-
anism. This approach maintains higher vehicle availability by
anticipating mobility patterns rather than reacting to dropouts,
improving model performance while reducing training time.

IV. SYSTEM MODEL

In this section, we demonstrate the settings of VFL and
present the corresponding models, including the VEN, vehicle
communication, and computation cost models.

connected vehicles RSU edge server
wireless connection wired connection RSU coverage

model

Fig. 2. Architecture of the VFL system.

A. Vehicular Edge Network Model

A typical VEN consists of an edge server, multiple RSUs,
and onboard vehicles, as shown in Fig. 2. The edge server
performs a distributed ML task by leveraging on-board CPUs
and local datasets of moving vehicles. Each vehicle executes
a local training process and transmits the model updates to
the edge server. RSUs maintain stable connections between
the edge server and the vehicles, transmitting models between
both sides. Vehicles within this coverage experience stable
and low-latency communication links, enabling efficient trans-
missions of model updates. In contrast, vehicles outside the
coverage face multi-hop connections and frequent handoffs,
which results in increased packet loss and communication
delay. Therefore, the edge server tends to discard vehicles
that are far away from it to reduce the training time of per
FL round and enhance communication efficiency.

B. Preliminary of VFL

Let wv,k ∈ Rd denote the model parameters for vehicle
v at communication round k, where d represents the model
dimension. Each vehicle maintains a local dataset Dv . The
learning rate η > 0 controls the step size of model updates.
Let E denote the number of local training epochs, where
e ∈ 1, ..., E is the index of local epoch, and k = 1, · · · ,K
denotes the FL round. The stochastic gradient estimator gn(x)
provides an unbiased estimate of the true gradient ∇Fn(x) of
the local objective function. The aggregate dataset at iteration
t is therefore Dt = Dvv ∈ Vt. VFL aims to optimize

min
w

f(w) =

|Vt|∑
n=1

qnFn(w), (1)

where qv ∈ [0, 1] is the aggregation weight for vehicle v
with

∑
v∈Vt

qv = 1. Fv(w) represents the local empirical
loss function of vehicle v. The FL server distributes the global
model at each round. Each vehicle v ∈ Vt trains its local model
E epochs on its local dataset Dv and obtains the updated
model as

wv,k+1 = wv,k − η

E∑
e=1

∇Fv(wv,k), (2)
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where η is the learning rate. After local training, v sends
wv,k+1 to the server, and then the server performs model
aggregation to obtain the global model wk+1 in the next global
round. The above process repeats until the globally trained
model reaches an expected level of precision.

C. Time Consumption Model
1) Sojourn time prediction model: To evaluate the avail-

ability of vehicles within the coverage, the edge server needs
to predict the sojourn time of vehicles. The sojourn time of
vehicle v ∈ Vt is represented by T soj

v . The sojourn time
is influenced by multiple factors, such as temporal, traffic,
spatial, augmented, and personalized aspects, as discussed
in [35]. The sojourn time estimation can be modeled by
extracting features from these factors as a regression task
in the edge server. Each sample’s ground truth is denoted
by a = [a1, a2, . . . , aN ] ∈ R+, where ai = ei − si
represents the sojourn time equals to the time gap between
the arrival and departure time. The dataset consists of samples
B = [b1, . . . ,bN ], with each sample bi ∈ Rd encoding the
route path pi’s trajectory in the road network. We aim to train a
model to accurately predict the sojourn time for future unseen
data bq /∈ B.

In sojourn time estimation, the tolerance of the estimation
gap varies according to the total sojourn time. Thus, the mean
absolute percentage error (MAPE) is a more reasonable metric
in this problem. Our target is to minimize MAPE as

min
R

N∑
i=1

|ai −R(bi)|
ai

+Ω(R), (3)

where R(bi) is the sojourn time estimation of the route
bi, the function R is a regression model, and Ω(R) is the
regularization term that controls the complexity of the model
R. It can be learned by using proper machine learning models.
The problem in Eq. (3) can be addressed by the wide-deep-
recurrent learning-based solution to obtain T soj

v [36].
2) Computation time model: Denote vehicle v’s compu-

tation cycle frequency as δv(k) ∈ [δmin, δmax], and the CPU
cycles to process per data sample as cv . The local computation
time of v performing local training E epochs in the kth

communication round is

T cmp
v =

EcvDv

δv(k)
, (4)

where Dv is the dataset size of v in bits.
3) Communication time model: In VFL, transmission com-

petition occurs when multiple vehicles simultaneously upload
their model updates, leading to bandwidth contention and
increased communication delay. For a given vehicle v, the
basic transmission rate without competition can be represented
as rv = Bt log2(1 + pvhv

N0
), where Bt denotes the allocated

transmission bandwidth at the t-th iteration, pv represents
the transmission power, hv denotes the channel gain between
vehicle v and the server, and N0 represents the background
noise. Given a constant model size ε, the communication time
without competition is

T com
v,wc =

ε

rv
=

ε

Bt log2

(
1 + pvhv

N0

) . (5)

The unstable nature of wireless links introduces packet loss,
characterized by the packet loss ratio λpl, which represents
the probability of a packet being lost during transmissions.
Let εu denote the size of each packet, with ε

εu
packets

required for a complete model transmission. For successful
transmissions, each packet must be received correctly with
probability (1 − λpl). The number of transmission attempts
X required for successful model upload follows a negative
binomial distribution, representing the number of trials needed
until achieving the required number of successes. Therefore,
the expected number of packet transmissions is

Nv =
ε

εu(1− λpl)
. (6)

Considering the high vehicle mobility in VFL, the channel
gain of vehicle v on the wireless channel can be decomposed
as

hv(t) = hPL
v · hSS

v (t) · hLS
v (t), (7)

where hPL
v represents path loss, hSS

v (t) represents small-scale
fading, and hLS

v (t) represents large-scale shadowing effects.
The competition-adjusted transmission rate incorporating both
bandwidth sharing and interference effects is

rcv =
Bt

|Cv|
log2

(
1 +

pvhvαv

N0 +
∑

u∈Cv
puhuαu

)
, (8)

where αv represents the fading coefficient that follows either
Rayleigh or Rician distribution depending on the vehicle’s
environment, and the denominator |Cv| accounts for the num-
ber of transmitters sharing the bandwidth with v, while the
sum term in the logarithm represents the interference from
the concurrent transmissions.

The total time for vehicle v to participate in one FL
communication round, including both computation time T cmp

v

and competition-adjusted communication time, is T ttl
v =

T cmp
v + T com

v . To ensure successful participation, vehicle v
needs to complete its training process within its sojourn time
T soj
v , and we have

T soj
v ≥ (1 + ξ)T ttl

v , (9)

where ξ > 0 is a small safety margin constant that extends
the FL training time duration to ensure that vehicle v has
sufficient time to complete training even when encountering
minor delays or latency fluctuations during the process.

D. Traffic Flow Model

In VFL, the available set of vehicles is usually not constant
and stable. Informally, we can divide the vehicles in FL
into two categories, which are stable vehicles and temporary
vehicles. The stable vehicles means that the vehicles can
stay in the edge server coverage and participate in the FL
process for multiple rounds. The temporal vehicles are that the
vehicles with high mobility leave the area during the current
FL round and give up the FL training. We denote the stable
vehicle set and temporary vehicle set as Vst

t and Vtp
t , and the

entire available vehicle set during round t can be denoted by
Vt = Vst

t ∪V
tp
t . To capture the dynamic of VENs and quantify
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the number of Vtp
t , a Poisson distribution-based traffic flow

model is presented as

P (|Vtp
t | = m) =

e−ΛΛm

m!
, , (10)

where Λ is a pre-detemined parameter.

E. Problem Formulation

While the macro-scheduling strategy is presented, we can
quantify the MR-VFL goal and formulate it as a optimization
problem. The goal of the scheduling problem is

max
αv,xv,T s

v

R∑
r=1

θracc + (TR
syn − TR

syn,a) +
∑
v∈Vt

xv, (11)

where θracc is the increase of accuracy after round r and
xv ∈ {0, 1} is an indicator that denotes whether v is suc-
cessfully scheduled. TR

syn is the predetermined maximum time
duration for VFL training per round and TR

syn,a is the actual
time of communication round R. The goal in Eq. (11) is
to maximize the accuracy improvement θracc, the time gap
for per FL round (TR

syn − TR
syn,a), and the number of the

selected vehicles
∑

v∈Vt
xv . In particular, the improvement in

accuracy θracc is a short-term metric to capture the performance
of the current round. In addition, according to Theorem V.4,
the number of successfully scheduled vehicles in the current
round

∑
v∈Vt

xv can affect the long-term FL convergence
speed and upper bound. Specifically, with a large

∑
v∈Vt

xv in
each round, VFL can converge quickly. Furthermore, the time
saving of the current round (TR

syn − TR
syn,a) can capture the

training efficiency that uses short time to complete the current
round.

The first constraint is the sojourn time constraint based on
the proposed AVFL scheme, which is formulated as

xv(αvT
com
v + T cmp

v + Twt
v ) ≤ T soj

v , (12)

where Twt
v denotes the waiting time of vehicle v due to the

competitive communications, αv is the amplification factor
in the AVFL of vehicle v, and xv ∈ {0, 1} is an indicator
that denotes whether v is successfully scheduled. Compared
to Eq. (9), the waiting time is considered in Eq. (12), which
is more rationale because in practical a vehicle is hard to
occupy a dedicated communication resource to transmit its
model update. Therefore, when two or more vehicles have
conflicts on communications, it may prolong the transmission
time and degrade the FL efficiency.

Furthermore, the range of amplification αv in Eq. (12) needs
to be determined, and we have

αv ∈ [1, E/Elow
v ], (13)

where Elow
v is the least local epochs for vehicle v and

Elow
v ≥ 1. Elow

v is determined by the amounts of local data,
the distribution of local data, and the round index, which can
be formulated as

Elow
v = G(data distribution, data amounts, round index),

(14)
where G(·) is a function to quantify the relation between Elow

v

and the input variables, which can be considered as embedding

layers of neural network in practical design. Specifically, when
v has a large data amounts, a comprehensive data distribution,
or an early period round index, Elow

v can be decreased far
from the required local epochs E.

The other constraint is about the FL synchronous time,
which can be formulated as{

TR
syn,a = TR

syn if
∑

v∈Vt
xv ≤ NR and TR

syn,a = TR
syn,

TR
syn,a = TR

syn,a if
∑

v∈Vt
xv = NR at TR

syn,a.
(15)

where NR is the required number of vehicles in round R be-
fore synchronizing. Eq. (15) shows a soft synchronous barrier
that if the number of the successfully scheduled vehicles is
larger than NR, the synchronous event can be triggered at
TR
syn,a, otherwise the synchronous event is triggered at the

hard synchronous barrier TR
syn.

Let us first define the key variables for the OFDMA
resource allocation model. The indicator variable xv ∈ {0, 1}
denotes whether vehicle v is selected to transmit its model
update, where xv = 1 indicates the vehicle is selected and
xv = 0 indicates the vehicle is not selected. The bandwidth
allocation is represented by bdi ∈ {0, 1}, where bdi = 1
indicates that bandwidth unit i is assigned. According to the
OFDMA settings, the communication resource constraints can
be expressed as

∑
bi∈B

∑
v∈Vt

xvbiT
com
v ≤ TR

syn|B|, (16)

where B is the entire bandwidth capacity satisfying∑
bdi∈B

∑
v∈Vt

xvbdi = B. Eq. (16) shows the physical
communication resource limitation for vehicles scheduled in
a single round.

To ensure fair vehicle selection across multiple rounds,
we introduce a logarithmic fairness constraint that limits the
disparity in selection frequency. This constraint is formulated
as ∑

v∈Vr

exp (nr
v) ≤ Γr, (17)

where nr
v is the cumulative number of times vehicle v has been

selected up to round r and Γr is a predetermined threshold
to control fairness. This exponential formulation creates a
progressively stronger penalty for frequently selected vehicles,
encouraging the scheduler to distribute participation opportu-
nities more equitably across the available vehicle population
while still maintaining system performance.

Besides the above constraints, there is another constraint to
guarantee the performance of the proposed FL process, which
can be formulated as

f(wr−1)− f(wr) ≤ ϕ, (18)

where ϕ is a pre-determined parameter to denote the perfor-
mance threshold to terminate the current FL process.
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Fig. 3. The system overview of MR-VFL.

A joint optimization problem for accuracy improvement and
training time is formulated, which can be expressed as

max
αv,xv,T s

v

R∑
r=1

θracc + (TR
syn − TR

syn,a) +
∑
v∈Vr

xv (19a)

s.t. Eqs. (12), (13), (14), (15), (16), (17), and (18),

T com
v ≤ TR

syn − T s
v , ∀v ∈ Vr with xv = 1, (19b)

where Vr is the vehicle set at round r, θracc is the increase of
accuracy after round r and T s

v is the scheduled communication
time of v. The constraint in Eq. (19b) means that the scheduled
time slot of v can make v transmit the model update before
the synchronous barrier TR

syn.

V. SYSTEM DESIGN OF MOBILITY RESILIENT VEHICULAR
FEDERATED LEARNING SCHEME

A. Overview of MR-VFL

In this section, inspired by the observations of VFL, we
propose MR-VFL to improve FL performance in highly dy-
namic vehicular networks. MR-VFL consists of two main
components: an amplification based vehicular federated learn-
ing method AVFL and a dynamic vehicle scheduler based on
deep reinforcement learning. As shown in Fig. 3, the entire
MR-VFL process consists of seven steps, as follows.

Step 1:At the beginning of each round, an edge server sends
an information collection request to the vehicles
within its coverage.

Step 2:Vehicles that receive the request estimate their com-
putation time, communication time, and data quality,
and send these information to the edge server along
with other vehicle details, such as departure time and
current speed.

Step 3:The edge server predicts the sojourn time of each
vehicle and determines the available vehicle set based
on the collected information.

Step 4:The edge server selects vehicles to participate in
the FL process and sends the control information
including amplification factors to them based on the
decisions of the designed Mamba-based scheduler.

Step 5:The selected vehicles perform local training accord-
ing to AVFL.

Step 6:The selected vehicles transmit their model updates
to the edge server.

Algorithm 1 The procedures of amplification-based VFL
1: Input: learning rate η, required local epochs E, commu-

nication round R.
2: Initialize r0 → 0, w→ 0.
3: for r = 0, · · · , R− 1 do
4: yr

n ← wr

5: for all v ∈ Vr in parallel do
6: Compute Er

v according to Eq. (21).
7: for e = 0, · · · , Er

v do
8: yr

v,e+1 ← yr
v,e − η∇gen(we

v,r).
9: end for

10: ∆r
v ← yr

v,Er
v
−wr.

11: if Er
v < E then

12: βr
v = E/Er

v .
13: Choose amplification factor αr

v ≤ βr
v .

14: ∆r
v ← αr

v∆
r
v .

15: end if
16: Send ∆r

v to Server.
17: end for
18: wr+1 = wr +

∑Vr

v=1 q
r
v∆

r
v .

19: end for

Step 7:When the required number of model updates is
reached, or the synchronous limit of the round is
reached, the edge server aggregates the received
model updates and initiates the next round training.

Steps 1-4 comprise the dynamic vehicle scheduling process,
while the remaining steps are the AVFL process. In the
proposed MR-VFL scheme, the scheduled vehicles are not
required to complete training or upload model updates suc-
cessfully. Instead, the design prioritizes maximal participation
by scheduling the largest feasible number of vehicles for
VFL. Note that the amplification factor also determined by
the designed scheduler, which can dynamiclly adapt the error
caused by the decision-making process.

B. Amplification based Vehicular Federated Learning

In this section, we first analyze the impact of local epochs
on FL convergence, and then design AVFL by using an
amplification factor to adjust local epochs. Furthermore, we
present a theoretical range of local epoch adjustments without
degrading the VFL convergence.

1) Amplification-based training method: AVFL aims to
make all vehicles complete their FL process within their so-
journ time and contribute to the global model, thus alleviating
the impact of unstable and unpredictable traffic flow on FL
process. We assume that the gradient gev(x) of vehicle v at
epoch e obtained by the stochastic gradient descent (SGD)
method is an unbiased estimate of the true gradient ∇F e

v (x).
Thus, the local training process in Eq. (2) can also be ex-
pressed as

wv,r+1 = wv,r − η

E∑
e=1

gev(wv,r). (20)

As shown in Eq. (20), the local training is equivalent to esti-
mate ∇F e

v (x) by computing gev(x) for E times. Theoretically,
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even if the number of local epochs E ̸= E, the expectation
of ∇Fn(x) during E and E epochs is equivalent, which is
1
E

∑E
e=1 g

e
v(wv,r) ≈ 1

E
∑E

e=1 g
e
v(wv,r) [37].

A vehicle with limited computation capability is difficult to
complete the required local training epochs. To address this
issue, the vehicle can decrease their local epochs and still
obtain a good enough local gradient. We denote the shortened
local epochs as Er

v ≤ E, where Er
v can be formulated as

Er
v = ⌊ (T

soj
v − T com

v )δv(k)

cvDv
⌋, (21)

where T soj
v − T com

v denotes the maximizing remained com-
putation time and δv(k)

cvDv
is the computation cost per epoch.

However, the local update with Er
v (i.e., η

∑Er
v

e=1 g
e
v(wv,r))

is smaller than that with E (i.e., η
∑E

e=1 g
e
v(wv,r)), which

may cause insufficient model update and potentially decrease
the FL efficiency. To this end, the amplification factor is
introduced to compensate the insufficient model update and
make it similar to the one with sufficient model update. Thus,
the proposed amplification-based training method is

wv,r+1 = wv,r − αv,rη

Er
v∑

e=1

gev(wv,r)

≈ wv,r − αv,rη

Er
v∑

e=1

∇F e
v (wv,r),

(22)

where αv,r ≥ 1 is an amplification factor of vehicle v in round
r to achieve the sufficient model update.

We summarize the above designs in the Algorithm 1. The
FL server distributes the initial model and the required number
of local epochs E to the set of vehicles Vt. For those vehicles
with enough sojourn time, they can send the model updates
to the server after completing E local epochs. For vehicles
without enough sojourn time, they compute their own local
epochs Et

v according to Eq. (21) and proceeds with local
training. The vehicle then chooses an amplification factor αt

v

to amplify insufficient model updates and further mitigate the
effects of insufficient local training. After the amplification
process in line 12 - line 14, the vehicles send the model
updates to the server and wait for the next round. Finally, the
server aggregates the revised model updates to obtain a global
model. AVFL dynamically adapts to each vehicle’s unique
computational resources through Eq. (21), ensuring effective
participation regardless of individual limitations.

Computational Complexity Analysis: The computational
complexity of Algorithm 1 can be analyzed as follows. For
each vehicle v, the local training has complexity O(Er

v · |Dv| ·
d), where Er

v is the number of local epochs, |Dv| is the
local dataset size, and d is the model dimension. The model
amplification has complexity O(d) per vehicle. On the server
side, the model aggregation has complexity O(|Vr| · d).

Since local training and amplification occur in parallel
across vehicles, the training phase complexity is O(maxv(E

r
v ·

|Dv|) · d). Combined with sequential aggregation, the overall
per-round complexity is O(maxv(E

r
v · |Dv|) · d + |Vr| · d).

For typical scenarios where the training cost dominates the
aggregation cost, this simplifies to O(maxv(E

r
v · |Dv|) · d).

The communication complexity is O(|Vr| · d) for transmitting
model updates.

Importantly, the adaptive approach potentially reduces the
effective Et

v for computation-constrained vehicles, thereby
improving efficiency without sacrificing performance.

2) The convergence analysis of AVFL: In this part, we
present a convergence analysis of AVFL. We make the fol-
lowing assumptions that are commonly used in the existing
works [31].

Assumption 1 (Lipschitz gradient). For all x,y ∈ Rd and
v ∈ {1, . . . , |V|}

∥∇Fv(x)−∇Fv(y)∥ ≤ L ∥x− y∥ ,∀x,y, v. (23)

Assumption 2 (Unbiased stochastic gradient with bounded
variance). For all x ∈ Rd and v ∈ {1, . . . , |V|}

E [gv(x)|x] = ∇Fv(x) (24)

E
[
∥gv(x)−∇Fv(x)∥2

∣∣∣x] ≤ σ2,∀x, v. (25)

Assumption 3 (Bounded gradient divergence). For all x ∈ Rd

and v ∈ {1, . . . , |V|}

∥∇Fv(x)−∇f(x)∥2 ≤ d2,∀x, v. (26)

Based on the above assumptions, the convergence theorem
of AVFL is presented as follows.

Theorem V.1. Let v ∈ {1, . . . , |V|} denote the vehicle index,
and qrv ∈ [0, 1] denote the aggregation weight of vehicle v

in the r-th round. We have
∑|V|

v=1 q
r
v = 1 and

∑|V|
v=1(q

r
v)

2 ≤
ρ2 ≤ 1. Combining with Assumptions 1, 2, and 3 hold, we
have

1

R

R∑
r=1

∥∇f(wr)∥2

≤ 2τ

ηRE
E[f(wr)− f(w0)] +

2τd2

RE

R∑
r=1

|V|∑
v=1

βr
v(q

r
v)

2

+
2τσ2

RE

(
5.5 +

ηLE

2
+ 2b+

2

b

) R∑
r=1

|V|∑
v=1

(qrv)
2(αr

v)
2

βr
v

+
τd2

RE
(ηLE + 3 +

4

b
)(1 + c)

R∑
r=1

|V|∑
v=1

qrvα
r
v

βr
v

,

where b and c are constants, η is the learning rate, and βe
v

denotes E/Ee
v , i.e., the ratio of required and actual local

training epochs. qrv and αr
v denote the aggregation weight and

the amplification factor, respectively.

Proof. The proof of Theorem V.1 is provided in Appendix
A.

Theorem V.1 can be considered as the main part and the
error bound term. The main part is the first term in Eq. (27),
which controls the convergence speed of AVFL. This part is
depended on the learning rate η and not affected by αr

n and
βr
n. The other terms can be considered as the error bound part

affected by αr
n and βr

n. The detailed discussion is presented
as follows.
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For the main part, different learning rate strategies signif-
icantly affect AVFL convergence speed. With a dismishing
learning rate strategy η = 1√

RE
, AVFL can achieve a sub-

linear convergence speed, which is shown in following corol-
lary.

Corollary V.2. When Assumptions 1, 2, and 3 hold, with a
diminishing learning rate η = 1√

RE
, b = 1, and c = E − 1,

we have

1

R

R∑
r=1

∥∇f(wr)∥2 ≤
2τ√
RE

E[f(wr)− f(w0)]

+
2τσ2

RE

(
10 +

L

2

√
E

R

)
R∑

t=1

|V|∑
v=1

(qrv)
2(αr

v)
2

βr
v

+
τd2

R
(L

√
E

R
+ 7)

R∑
r=1

|V|∑
v=1

qrvα
r
v

βr
v

+
2τd2

RE

R∑
r=1

|V|∑
v=1

βr
v(q

r
v)

2.

(27)

In addition, the error bound part is controlled by the
amplification factor αt

v and the ratio of the required and actual
local training epochs βt

v . To decrease the error bound of AVFL,
the amplification factor and aggregation weight need to satisfy
the following conditions.

Corollary V.3. If αr
v < βt

v and (qrv)
2 ≤ 1

βr
v

, then Theorem V.1

guarantees that 1
R

∑R
r=1 ∥∇f(wr)∥2 → 0 as R→∞.

Proof. The proof of Corollary V.3 is provided in Appendix
B.

3) Robustness Analysis of Amplification Factor: To evalu-
ate the robustness of the amplification factor in heterogeneous
vehicular environments, we analyze the stability of the ap-
proach under parameter variations and selection uncertainties.
From Theorem V.1, convergence is guaranteed when αr

v < βr
v

where βr
v = E/Er

v . The convergence bound shows that the
error term scales linearly with

∑
r,v

qrvα
r
v

βr
v

. For any amplifica-
tion factor perturbation αr

v → αr
v + ϵv where |ϵv| ≤ ϵmax, the

additional error contribution is bounded by

∆ϵ ≤
τd2

RE
(ηLE+3+

4

b
)(1+ c)

∑
r,v

qrv|ϵv|
βr
v

≤ C · ϵmax, (28)

where C is a problem-dependent constant. This linear relation-
ship ensures graceful degradation under amplification errors.

C. Mobility-Aware Dual-Timescale Scheduling with Rein-
forcement Learning

We propose a mobility-aware scheduler to address unstable
vehicle sets and competitive communications through a dual-
timescale approach. We first analyze synchronized VFL to
design a long-term macro scheduling strategy, then formulate
the scheduling issue as a dynamic bin-packing problem solved
via Actor-Critic reinforcement learning. The training efficiency
balance involves a fundamental tradeoff - while more vehicles
improve model performance, they can slow convergence speed
if the slowest vehicle creates bottlenecks. Theorem V.4 quan-
tifies this relationship.
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Fig. 4. The Actor-Critic-based scheduler design.

Theorem V.4. Let |Vr| be the number of total available
vehicles, Kr be the number of selected vehicles for FL, and
∥∇Fv(wr)∥2 ≤ c2. Define hr(Kr) = 1−

∑|Vr|
v=Kr+1 q

r
v as the

proportion of selected vehicles’ weights.
Under Assumptions 1–3, the following bounds hold:
(a) Convergence upper bound is

1

R

R∑
r=1

∥∇f(wr)∥2

≤ 2(f(w1)− f(w∗))

ηR
+

d2 + η(L− 1)c2

R

R∑
t=1

1

hr(Kr)
.

(29)

(b) Per-round loss reduction is

f(wr)− f(wr+1) ≥
η

2
∥∇f(wr)∥2 −

ηd2 + η2(L− 1)c2

2hr(Kr)
.

(30)

Proof. The proof of Theorem V.4 is provided in Appendix C.

Theorem V.4 shows that progressively increasing participant
numbers can optimize both convergence speed and model
performance. While larger hr(Kr) tightens the bound in
Eq. (29), it also reduces the loss gap in Eq. (30), slowing
convergence.

Let K0 and Kmax denote the initial and the maximum num-
bers of selected vehicles, respectively. The proposed macro
scheduling policy implements this insight using an adaptive
sigmoid function that is expressed as

Kr = K0 +
Kmax −K0

1 + e−κ1(r−κ2)
, (31)

where r is the index of round, κ2 is a hyperparameter to con-
trol the sensitivity of α, and κ1 is a constant. Eq. (31) balances
rapid early convergence (fewer vehicles) with comprehensive
final model performance (more vehicles).

1) DRL-based Problem Transformation: The problem for-
mulated in Eq. (19) is similar to a 2D bin-pack problem
but limited by unpredictable future vehicle traffic, making
it difficult to solve with the existing linear programming
techniques. To this end, we adopt DRL to solve Eq. (19) as a
long-term optimization problem.

Based on the main idea of DRL, the above optimization
problem can be transformed into an MDP, where the following
components are included.
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System State: From the beginning of the VFL communi-
cation round R0 to the end of round R, the edge server in the
area starts to observe the following state of networks sr(t).
Consequently, the observation state sr(t) is characterized by

sr(t) = {Vr
t ,ST

r
t ,w(r), Br

t , T r
t , r}, (32)

where Vr
t denotes the current scheduled vehicle set, ST r

t is the
corresponding vehicle status of Vr

t , w(r) is the FL workload,
Br

t is the available bandwidth, and T r
t is the current remained

time slot set. Specifically, the vehicle status ST r
t includes

the departure time τdepv , the arrival time predicted by edge
server τarrv , the cumulative number of vehicle v selected to
participate into training, the data quality Dv , the times that
v selected by edge server slv , the communication time cost
T com
v,pl and training time cost T cmp

v .
Action State: Based on the observed state, the edge server

makes decision for the current arrival vehicle v, including the
selection indicator xv , the scheduled transmission time slot
T s
v , the utilized bandwidth bv and the amplification factor αv

according to Eqs. (13) and (14). Thus, the action is expressed
as

ar(t) = {xv, T
s
v , bv, αv}, (33)

Reward Function: To balance immediate model perfor-
mance with long-term training efficiency and fairness, we
design a multi-objective reward function. Let nr

v denote the
cumulative number of times vehicle v has been selected
for participation up to round r. Based on the optimization
objectives in Eq. (19), the reward function is defined as

r(st, at) = xv

(
c1
|Vr

t |
Nr

(T r
syn − T s

v ) + c2θacc,v − c3(e
nr
v − 1)

)
,

(34)
where c1, c2, and c3 are positive weighting coefficients that
balance the three objectives. The reward function comprises
three components: (1) Time Efficiency: c1

|Vr
t |

Nr (T r
syn − T s

v )
rewards early task completion relative to the synchronization
barrier, with |Vr

t |
Nr normalizing by the scheduling completion

rate; (2) Accuracy Improvement: c2θacc,v captures the im-
mediate model performance gain from vehicle v’s update; (3)
Fairness Penalty: c3(en

t
v−1) applies exponentially increasing

penalties to frequently selected vehicles, ensuring equitable
participation while deterring systematic favoritism.

2) AC-Based Solution for VFL: The AC-based deep rein-
forcement learning algorithm is one of the policy gradient
methods that can address the MDP problems with continuous
and high-dimension state and action spaces.

As shown in Fig. 4, AC uses an actor network to learn the
policy that dynamically adjusts the action according to the sys-
tem state, and uses a critic network to evaluate the performance
of the learned policy. In addition, we use the replay memory to
enhance the AC training stability and efficiency. Specifically,
the actor and critic networks leverage a Mamba architecture to
effectively model temporal dependency in the dynamic vehicu-
lar environment. [38] The Actor Network processes embedded
vehicle and network state features through a Mamba sequence
layer, outputting vehicle selection probabilities and continuous
action parameters (amplification factor, transmission schedule,

Algorithm 2 The procedures of AC-based FL scheduler
1: Input: Model performance threshold ϕ, local epochs E,

max rounds Rmax, max time TR
syn

2: Initialize actor-network Θ and critic-network Φ
3: for each episode do
4: Initialize environment, set t = 0
5: for round r = 1 : Rmax do
6: Initialize vehicle set Vr

a and use actor-network for
initial scheduling

7: while t ≤ TR
syn do

8: if new vehicle v′ arrives then
9: Add v′ to Vr

a , ST r
t and schedule using actor-

network
10: end if
11: Execute ar(t), obtain reward r(t) and next state

sr(t+ 1)
12: Update Vr

t and set Vr
a ← Vr

a \ {v′}
13: Store experience tuple to replay-memory
14: if |Vr

t | ≥ Nr then
15: Store TR

syn,a and break
16: end if
17: t← t+ 1
18: end while
19: if Global model meets ϕ then
20: Terminate FL task and break
21: end if
22: end for
23: Update networks Θ and Φ using replay-memory
24: end for

bandwidth). Concurrently, the Critic Network feeds the state
and chosen action through its own Mamba sequence layer to
produce a state-action value estimate (V (s, a)). Experiences
(st, at, rt, st+1) from the replay memory are used to train
these Mamba-based networks, with the critic’s evaluations
guiding the actor’s policy optimization. Specifically, to address
the challenges of the high mobility of VENs and massive
vehicles in VFL, we design a Mamba-based architecture to
improve the decision efficiency.

As shown in Algorithm 2, lines 1–5 initialize the environ-
ment. For each FL round (lines 7–18), the server schedules
vehicles from set Vr

a , which denotes the available vehicles set
in round r that can potentially be selected for participation.
The scheduler activates when new vehicles enter, adding them
to Vr

t . It uses the actor network to generate action ar(t) based
on state sr(t), transmits scheduling parameters, and stores
decisions in replay memory. At line 14, when vehicle count
reaches threshold Nr, remaining vehicles are deferred to the
next round’s set V r+1

t . The process terminates (line 19) when
the number of VFL round exceeds maximum rounds Rmax

or the global model meets performance requirement ϕ. Upon
termination, both actor (Θ) and critic (Φ) networks are updated
using replay memory.

Computational Complexity Analysis: For Algorithm 2,
we analyze the complexity as follows. The complexity of
state representation processing is O(|Vr

a | · f), where f is the
number of features per vehicle. The actor network forward
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pass for action selection requires O(|Vr
a |·(ds ·Lh+L2

h ·Lactor))
operations, where ds is the state dimension, Lh is the hidden
layer size, and Lactor is the number of actor layers. The
complexity of critic network evaluation and experience storage
is O(|Vr

a | · ((ds + da) · Lh + L2
h · Lcritic)), where da is the

action dimension and Lcritic is the number of critic layers. The
complexity of network update operation is O(B ·L2

h · (Lactor +
Lcritic)), where B is the batch size from the replay memory.

Therefore, the overall per-round complexity is O(|Vr
a | ·Lh ·

(ds+da+Lh ·(Lactor+Lcritic))+B ·L2
h ·Ltotal), where Ltotal =

Lactor+Lcritic represents the total number of layers across both
actor and critic networks.

In practical implementations, we use efficient mini-batch
processing and GPU acceleration to handle large vehicle sets,
as demonstrated in the experimental results.

D. Theoretical Guarantee

The vehicular scheduling problem is formulated as a Con-
strained Markov Decision Process (CMDP) with the primary
objective in Eq. (11) subject to multiple constraints including
fairness (Eq. (17)), resource allocation (Eq. (16)), and timing
constraints. We now establish theoretical guarantees for our
Mamba-based Actor-Critic scheduler in this constrained set-
ting.

Theorem V.5 (Constrained Policy Convergence). Consider
the VFL scheduling CMDP with bounded state space |S|,
action space |A|, and constraint set C = {c1, ..., cm} where
ci represents the constraints from Eqs. (12)-(17). Let π⋆

denote the optimal constrained policy and πθ denote the policy
parameterized by the proposed Mamba-based actor network.
Under standard regularity conditions (bounded rewards, Lips-
chitz continuity) and Slater’s condition (feasible interior point
exists), the primal-dual Actor-Critic algorithm converges such
that

∥V πθ − V π⋆

∥∞ ≤ εapprox + εstat + εvehicular, (35)

where εapprox represents the neural network approximation
error, εstat represents the finite sample error, εvehicular =
O(λmax/tmin) captures the impact of vehicle mobility.

Proof. The proof of Theorem V.5 is provided in Ap-
pendix D-A.

Theorem V.6 (Constrained Optimality). For the vehicular
scheduling CMDP with multiple constraints including the
fairness constraint

∑
v∈Vt

exp(nt
v) ≤ Γt (where nt

v denotes
the cumulative selection count for vehicle v up to round t),
the primal-dual Actor-Critic algorithm converges to a policy
πθ⋆ that satisfies:

Near-optimal performance: The policy achieves near-
optimal value with respect to the Lagrangian relaxation:

L(π,λ) = Eπ

[ ∞∑
t=0

γtr(st, at)

]
−

m∑
i=1

λiEπ[ci(π)], (36)

where ci(π) represents the expected violation of con-
straint i, including the fairness constraint cfairness(π) =
Eπ

[
max

(
0,
∑

v∈Vt
exp(nt

v)− Γt

)]
.

Constraint satisfaction guarantee: After sufficient training
iterations T > T0(δ), the learned policy satisfies all the
constraints with high probability for all the constraints in C.

Optimality gap: The performance gap between the learned
policy and the optimal constrained policy is bounded:

V π⋆

c (s)− V πθ⋆ (s) ≤ 1

1− γ

(
εapprox + εdual +O(1/

√
T )
)
,

(37)
where εdual is the duality gap.

Proof. The proof of Theorem V.6 is provided in Ap-
pendix D-B.

Theorem V.7 (Sample Efficiency). To achieve an ε-optimal
constrained policy with the probability at least 1 − δ for the
vehicular scheduling CMDP with m constraints, the required
number of samples for the primal-dual Actor-Critic algorithm
is

N = O
(

m2

(1− γ)4ε2
· log |S||A|

δ

)
, (38)

where |S| and |A| represent the effective dimensions of the
state and action spaces, and m is the number of constraints.
For the vehicular federated learning scheduler with V vehi-
cles, T time slots per round, B bandwidth levels, m con-
straints, and we have

N = O
(

m2

(1− γ)4ε2
· log V 2T 2BH

δ

)
, (39)

where H captures vehicle heterogeneity features.

Proof. The proof of Theorem V.7 is provided in Ap-
pendix D-C.

Overall, the proposed MR-VFL maintains robustness
in highly heterogeneous and uncertain VFL environments
through: (1) a swift Mamba-based scheduler with theoreti-
cal performance guarantees (Theorems V.5–V.7), and (2) an
adaptive macro-scheduling strategy based on Theorem V.4,
which ensures graceful degradation with convergence rate
O(1/

√
hr(Kr)) as client availability hr(Kr) decreases, where

hr(Kr) represents the proportion of the aggregation weights
of the selected vehicles.

VI. PERFORMANCE EVALUATION

In this section, we perform extensive simulations to evaluate
the performance of MR-VFL. We first select an area of Vic-
toria, British Columbia, Canada, from OpenStreetMap [39],
which has a radius of 2.5 km and can cover most of the
Saanich core area in Victoria. Using SUMO [40], vehicles
are simulated to enter this predetermined area with random
initial speed, time, and position over 1000 seconds using
a micro-movement model based on the Intelligent Driver
Model (IDM) and the macro-movement model of Manhattan.
The traffic flows are controlled by the traffic density factors,
which we simulate in busy and sparse road conditions. In
addition, to enhance the realism of the VFL simulations, the
computational capacities of the vehicles are drawn from a
Gaussian distribution whose mean is measured on a laptop
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TABLE I
SIMULATION PARAMETERS

Parameter Variable
Batch size 64

Devices per round 20
Learning rate 0.01

Data categories 10
Synchronous limit 1000s

Radius of selected area 2.5KM
Total road types 8
Traffic density 10 and 20

Bandwidth of vehicle i sampled from [10, 30]MHz

Transmission power of vehicle i sampled from [23, 30]dBm

Path loss constant -40dB
Small-scale fading channel power gain 1

Reference distance 1m
Large-scale path loss factor 4

Noise power spectral density -174dBm/Hz
Bandwidth of the server 50MHz

Transmission power of the server 30dBm

equipped with an Intel i7 CPU and a NVIDIA 4060 GPU,
and the variance is set to 20.

We consider an FL scenario consisting of a server and |V|
vehicles. The training tasks consist of the classification tasks
on the FashionMNIST and EMNIST datasets, where a two-
layered convolutional neural network (CNN) and LENET are
adopted, respectively. In addition, we consider a non-i.i.d. data
distribution according to a Dirichlet distribution, where the
concentration parameter is set to 0.1. Therefore, the training
data of each vehicle in the settings are different in both
amounts and types. The detailed settings of the simulations
are demonstrated in Table I.

A. Implementation Setup

The proposed Mamba-based scheduler employs a 4-layer
Mamba sequence model (256 units) for the actor network and
a 3-layer Mamba model (128 units) for the critic network.
We use learning rates of 3 × 10−4 (actor) and 1 × 10−3

(critic), with γ = 0.92. The model processes 32-dimensional
embeddings of vehicle, resource, and temporal features. Com-
putationally, the implementation requires 2.4 GFLOPS for
training and 0.8 GFLOPS for inference, with a 12MB memory
footprint. Benchmarking on an edge server (Intel Core i5,
16GB RAM) demonstrates 120 vehicles/second throughput
with 8.2ms mean latency, sufficient for real-time VFL coordi-
nation in urban environments.

B. Benchmarks

To comprehensively explore the performance of MR-VFL,
several state-of-the-art methods are selected as benchmarks.

FedAvg: A classical FL algorithm in which the server
randomly selects a subset of vehicles to participate in the
training process. Each selected vehicle trains its model locally
and sends the updates to the server [41].

FDL-FL: It is a flexible FL participation scheme that
considers the impacts of different vehicle participation patterns

(a) Simulation results of CNN under
FashionMNIST dataset

(b) Simulation results of LENET under
EMNIST dataset

Fig. 5. Simulation results of different schemes under different non-i.i.d.
degrees.

on FL convergence. It allows vehicles that cannot complete the
training to update their results and scale them up according to
the number of epoch rounds performed [32].

FEDDATE-CS: It presents a surplus vehicle scheduling
policy considering the uncertainties of vehicles. The server
in FEDDATE-CS can select a surplus vehicle set according
to the observable information to ensure enough vehicles to
complete the current FL training round [42].

FedBuff: It is a classic asynchronous scheme that can
flexibly schedule vehicles into the training process. It can ef-
ficiently utilize communication resources and improve vehicle
availability [43].

C. Impact of Non-i.i.d. Degree

Fig. 5 shows the performance of different schemes with
various degrees of non-i.i.d. data. As illustrated in Fig. 5,
AVFL exhibits superior model accuracy compared to FedAvg,
when the non-i.i.d. degree is 0.1 and 0.7. Notably, AVFL
significantly outperforms FedAvg with a non-i.i.d. degree of
0.1. Under the EMNIST dataset and the LeNet model in Fig. 5
(b), AVFL’s accuracy is approximately 9% higher than that of
FedAvg over 20 rounds. This improvement can be attributed
to AVFL allowing more vehicles to complete the training
process, which increases the diversity of data and mitigates the
impact of non-i.i.d. data, especially in scenarios with highly
heterogeneous data.

D. Impact of Mobility Degree

Fig. 6 shows the performance of FedAvg and AVFL under
different degrees of mobility, where high mobility means that
vehicles have less sojourn time and experience higher proba-
bilities of being unavailable than vehicles with low mobility.
As shown in Fig. 6, AVFL can significantly mitigate the impact
of high mobility in VFL. For example, AVFL with high and
low mobility can achieve an accuracy similar to that of FedAvg
with low mobility in Fig. 6 (a), which is 10% higher than the
performance of FedAvg under high mobility. This observation
indicates that AVFL improves the availability of vehicles by
allowing them to train flexibly based on their sojourn time,
thus mitigating the impact of high mobility.

E. Effectiveness of Amplification in AVFL

To further explore the impact of the amplification factor in
AVFL, we introduce AVFL-A which denotes AVFL without
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(a) Simulation results of CNN under
FashionMNIST dataset

(b) Simulation results of LENET under
EMNIST dataset

Fig. 6. Simulation results of different mobility degrees under different tasks.

the use of the amplification factor α to help eliminate the
effects of inadequate training. The ablation experiments are
conducted on FashionMNIST and EMNIST. As shown in
Fig. 7, the proposed AVFL achieves the best accuracy in
both tasks, while AVFL-A has similar performance compared
to FedAvg and FDL-FL. In particular, in Fig. 7(b), AVFL
achieves 60% accuracy in 32 rounds, which is 10% higher
than that of other methods. As shown in Fig. 7(c), AVFL
achieves 50% accuracy in 150 rounds, which is 10% higher
than the other three methods. This observation indicates that
the reinforcement process can effectively reduce the effects
of insufficient training. Additionally, compared to FDL-FL
with a constant amplification factor, AVFL adopts a dynamic
amplification factor and outperforms FDL-FL.

F. Impact of AC-based Scheduler in MR-VFL

Fig. 9 illustrates the effectiveness of the proposed AC-based
scheduler in MR-VFL. We use three metrics for performance
evaluation: average training time of an FL round, longest
scheduling time, and the number of vehicles successfully
scheduled. The time limit of the VFL per round is set to 1000
seconds, and we test two traffic flow densities.

To comprehensively evaluate scheduling performance, we
implement two distinct client selection approaches: constant
selection number and greedy selection. The constant selection
approach (Figs. 9(a), 9(b), and 9(c)) requires each algorithm to
select exactly 20 vehicles per round, representing standard FL
implementations that ensure consistent aggregation behavior.
In contrast, the greedy selection approach in Figs. 9(d), 9(e),
and 9(f) aims to maximize the number of participating vehicles
in each round, potentially improving model quality while in-
creasing resource utilization. In addition, we introduce a filter
mechanism in AVFL as a new benchmark, which excludes
vehicles without sufficient sojourn time for model training and
transmission.

a) Constant selection number: As shown in Figs. 9(a)
and 9(b), MR-VFL achieves the shortest average training time
for each FL round, being 30% faster in high-density traffic
flow and 3% faster in low-density traffic flow than FedAvg.
Meanwhile, MR-VFL achieves a relatively fast scheduling
speed compared to other SOTA methods under high and low
traffic densities. In particular, in the low-density scenario, MR-
VFL is nearly 20% faster than FEDDATE-CS and AVFL with
a single filter. As illustrated in Fig. 9(c), MR-VFL is also

effective in ensuring an adequate number of attendees. Al-
though FEDDATE-CS outperforms other methods in the high-
density scenario, it is not stable in the low-density scenario. In
contrast, MR-VFL can reliably achieve the required number
of participants in both scenarios.

b) Greedy selection: As shown in Figs. 9(d) and 9(e),
the proposed scheduler achieves the shortest round time in
both high and low density scenarios and is the fastest to
complete the client selection process in each round. In the
greedy manner, all benchmarks achieve the synchronous time
limit of VFL, but the proposed scheduler can reduce nearly
10% time per round, leading to an improvement in training
efficiency. Furthermore, in Fig. 9(f), the proposed scheduler
can schedule the highest number of the selected vehicles.

Fig. 10 highlights the AC-based scheduler’s efficiency
through experiments. Fig. 10 (a) and (b) evaluate the resilience
using an adaptability score that weights the performance
gains (20%/30%/50%) across escalating challenges—mobility,
connectivity, and resource constraints. The metric normalizes
growth to [0,1], rewards stability under stress, and defaults
to 0.5 for incomplete phase data. Fig.10(c) demonstrates the
efficiency of the proposed Mamba-based scheduler in large-
scale vehicular scenarios compared to the alternative decision
models. As the number of participating vehicles increases
from 50 to 1000, the Mamba-based scheduler maintains the
near-linear decision time scaling, significantly outperforming
transformer-based and LSTM-based approaches that exhibit
exponential growth in computational requirements.

The simulation results in Fig. 10 demonstrate the effective-
ness of MR-VFL, which can be attributed to the ability of
the AC-based scheduler to capture the dynamics of VENs and
schedule the vehicles quickly.

G. Impact of Macro Scheduling Strategy in MR-VFL

Fig. 11 illustrates the effect of macro scheduling on AVFL
convergence, demonstrating significant performance improve-
ments across all datasets, with Fig. 11 (b) showing approxi-
mately 10% accuracy gain while accelerating convergence.

To evaluate the macro scheduling strategy in Eq. (31), we
compare our macro scheduling strategy against the linear-
increasing selection strategy, constant selection, and standard
FedAvg across three datasets (Fig. 8). Results show that the
method adapting the macro scheduling strategy achieves a
superior balance between early-stage convergence and final
model quality. For example, as shown in Fig. 8 (b), the
proposed macro scheduling strategy demonstrates 10% higher
accuracy within 20 rounds on EMNIST compared to the
linear increasing strategy. By dynamically adjusting partici-
pant numbers, the proposed macro scheduling strategy selects
fewer vehicles initially for faster convergence, progressively
increasing them for better final performance. These findings
align with Theorem V.4, which establishes that while more
vehicles improve model performance (tightening the bound
in Eq. (29)), they can slow convergence by reducing the loss
gap in Eq. (30). The adaptive strategy effectively balances this
trade-off throughout training.
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(a) Simulation results of CNN under FashionM-
NIST dataset

(b) Simulation results of LENET under EMNIST
dataset

(c) Simulation results of ResNet18 under CI-
FAR10 dataset

Fig. 7. Simulation results of different methods under different tasks.

(a) Simulation results of CNN under FashionM-
NIST dataset

(b) Simulation results of LENET under EMNIST
dataset

(c) Simulation results of ResNet18 under CI-
FAR10 dataset

Fig. 8. Simulation results of different Marco strategies under different tasks.

H. Performance Comparison
To further explore the performance of MR-VFL, we com-

pare it with different SOTA schemes, as shown in Fig. 12.
In addition to the three synchronous SOTA schemes, we use
FedBuff [43], Fadas [44], Fedasync [45] and port [46] as
the benchmarks because the asynchronous scheme can select
all available vehicles during the training process, significantly
alleviating the impact of mobility in synchronous VFL.

As shown in Fig. 12, MR-VFL significantly outperforms all
state-of-the-art methods, including asynchronous approaches
such as FedBuff. Specifically, MR-VFL achieves approxi-
mately 5% and 10% higher accuracy than the compared
methods on EMNIST and CIFAR-10 datasets, respectively,
demonstrating substantial improvements across varying task
complexities.

To verify the theoretical convergence guarantees from The-
orem V.1, Fig. 13 presents the training loss evolution. MR-
VFL demonstrates the fastest convergence on the EMNIST
dataset while maintaining competitive convergence speed on
CIFAR-10 compared to asynchronous methods, confirming the
theoretical predictions.

The combined results from Figs. 12 and 13 demonstrate
that MR-VFL achieves both superior final accuracy and ef-
ficient convergence compared to existing benchmarks. This
performance advantage is particularly pronounced on complex
tasks like CIFAR-10, where vehicle unavailability due to
high mobility has greater impact on model quality. MR-
VFL effectively mitigates these mobility-induced challenges

through adaptive training and intelligent scheduling, leading
to consistent performance improvements.

These empirical observations align closely with the theo-
retical bounds in Theorem V.1, confirming that the approach
successfully minimizes convergence degradation despite the
inherent challenges of vehicle mobility and computational
heterogeneity in dynamic vehicular environments.

VII. CONCLUSION

In this paper, we have proposed MR-VFL, a novel VFL
scheme combining the AVFL training scheme with a dual-
timescale scheduling mechanism. AVFL dynamically adjusts
local training epochs based on heterogeneous vehicle capa-
bilities while using amplification factors to mitigate insuffi-
cient local training effects. The scheduling mechanism that
optimizes both long-term model performance and immedi-
ate training efficiency by intelligently anticipating vehicle
mobility patterns, deriving optimal strategies across macro
and micro timescales. Extensive simulations demonstrate that
MR-VFL effectively alleviates performance degradation in
dynamic vehicular environments while significantly improving
training efficiency.

Despite these advances, MR-VFL faces limitations in sparse
vehicle environments where statistical heterogeneity increases,
which affects scheduling reliability. Additionally, the compu-
tational requirements of the Mamba-based scheduler may be
challenged for the current RSU and vehicles, which can be
further optimized.
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(a) Simulation results of average scheduling time
and FL round time under high density scenario

(b) Simulation results of average scheduling time
and FL round time under low density scenario

(c) Simulation results of the number of successful
scheduling vehicles under different scenarios

(d) Simulation results of average scheduling time
and FL round time under high density scenario in
greedy manner

(e) Simulation results of average scheduling time
and FL round time under low density scenario in
greedy manner

(f) Simulation results of the number of successful
scheduling vehicles in greedy manner

Fig. 9. Simulation results of different scheduling strategies under different scenarios.

(a) Simulation results of average scheduling
adaptability with different scheduler structure

(b) Simulation results of average performance
with different scheduler structure under different
phases

(c) Simulation results of the decision time scala-
bility with increasing vehicles

Fig. 10. Simulation results of performance of AC-based scheduler with different decision model structures under different scenarios.

(a) Simulation results of LENET on FashionM-
NIST dataset

(b) Simulation results of LENET on EMNIST
dataset

(c) Simulation results of ResNet18 on CIFAR10
dataset

Fig. 11. Simulation results of the effect of the macro scheduling policy under different tasks.
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(a) Simulation results of LENET under
EMNIST dataset

(b) Simulation results of ResNet18 un-
der CIFAR10 dataset

Fig. 12. Simulation results comparisons of model performance with other
benchmarks under different models and datasets.

(a) Simulation results of LENET under
EMNIST dataset

(b) Simulation results of ResNet18 un-
der CIFAR10 dataset

Fig. 13. Simulation results comparisons of training loss with other bench-
marks under different models and datasets.

Future research should explore several promising direc-
tions: (1) multi-modal learning integration to leverage diverse
vehicular sensor data through modality-specific techniques;
(2) hybrid approaches for sparse environments and predictive
channel modeling for proactive scheduling; and (3) cross-RSU
coordination with 6G network slicing for seamless coverage
and optimized resource allocation across heterogeneous vehi-
cles.
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