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Abstract—In Vehicle-to-Everything (V2X) communication, ad-
vanced beamforming techniques address signal attenuation
caused by mmWave, which provides high bandwidth and low
latency. Multi-modal beamforming using Federated Learning
(FL) can leverage resources like GPS, Lidar, and image data,
significantly accelerating beam searching while enhancing data
privacy. The heterogeneity of vehicles, however, affects the
availability of computing resources for training machine learning
models. Moreover, the multi-modal fusion network may contain
billions of parameters, leading to extended training time for
FL. To address these challenges, this paper proposes a novel
Deep Reinforced Federated Split Learning framework (DRFSL)
tailored for multi-modal beamforming with different sub-model
architectures. DRFSL efficiently utilizes MEC computing and
adapts the collaborative and distributed training to dynamic net-
work conditions and system heterogeneity by incorporating deep
reinforcement learning and split learning with FL. Experimental
evaluation using real-world datasets demonstrates that DRFSL
minimizes average training time by 49.45% and inference time
by 24.43% and can achieve higher accuracy within the same
timeframe compared to the existing FLASH framework.

Index Terms—federated split learning, multi-modal beamform-
ing, deep reinforcement learning, sector selection

I. INTRODUCTION

Modern autonomous vehicles use multimodal perception
technologies, such as GPS, LiDAR, and image sensors, to
provide accurate environmental perception, positioning, and
redundancy to optimize vehicle decision-making [1]. As they
also rely on Vehicle-to-Everything (V2X) communication
technology, the advent of 6G will provide higher data trans-
mission rates, ultra-low latency, and large-scale connectivity,
further enhancing the performance of autonomous driving [2].
Especially, Milimeter Waves (mmWave) play an important role
in V2X communications and have the potential to provide
high bandwidth and low latency for autonomous vehicles [3],
meeting the expectations for applications like real-time high-
definition map updates and high-definition video streaming.

However, due to the sparse multipath propagation in the
mmWave band, it is more sensitive to being stuck into se-
vere signal attenuation and weak penetration [4]. Advanced
beamforming technology can overcome these drawbacks by
precisely adjusting the beam direction and concentrating en-
ergy transmission, thereby enhancing signal coverage and
communication reliability of autonomous vehicles in complex
environments [5].

During beamforming, the antenna array adjusts the gain
and phase of each element in real time. Recent studies show
that using multi-modal sensor data can effectively predict the
optimal sector or at least narrow down the search space,
thereby accelerating beam training [6]—[8]. Nevertheless, these
approaches do not incorporate real-world experiments with
live sensor data. Additionally, the mentioned techniques rely
on centralized systems, posing challenges such as high band-
width requirements for data transfer over control channels,
which are vulnerable to saturation and malicious interference.

Federated Learning (FL) [9] is an emerging distributed
Machine Learning (ML) method where multiple vehicles can
jointly train models without sharing original data, thus pro-
tecting data privacy and avoiding starving the control channel.
Salehi et al. [10] proposed a multimodal FL framework,
where local Deep Learning (DL) model weights are globally
optimized by fusing them at the MEC. However, ML models
encompass hundreds of millions of parameters trained on local
vehicular systems. This complexity can impose a significant
computational burden and result in prolonged training time,
even during inference [11]. Furthermore, this issue is ex-
acerbated by the heterogeneity of different vehicle systems,
especially when vehicular resources are concurrently allocated
to critical safety functions.

The application of Federated Split Learning (FSL) presents
a versatile and flexible deployment strategy tailored to meet
the unique demands of various devices [12]. By making
full use of the Split Learning (SL), the training process
is distributed among the devices and the servers, ensuring
sensitive information stays on-premises while still leveraging
collaborative model training through offloading techniques
to optimize the computational resources [13]. To efficiently
utilize FSL in multi-modal beamforming, it is essential to
determine how to select the optimal split points of the different
model branches, considering the heterogeneity of computing
and communication resources on each vehicle and adapting re-
spective split policies according to dynamic system conditions
during training or inference.

In this paper, we propose Deep Reinforced Federated Split
Learning (DRFSL) for mmWave multi-modal beamforming
in Internet-of-Vehicle (IoV). DRFSL addresses key issues in
multi-modal beamforming by introducing multi-modal SL into
FL and integrating Deep Reinforcement Learning (DRL). Our
framework utilizes multiple Multi-access Edge Computing -
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Fig. 1: The schematic of the proposed DRFSL framework integrating
DRL with FSL assisted by MEC servers under 5G RAN for mmWave
multi-modal beamforming in IoV.

Distributed Unit (MEC-DU) in 5G Radio Access Network
(RAN) to enhance performance by distributing the training
closer to end-users, thereby minimizing the time required for
data transmission. MEC - Centralized Unit (MEC-CU) server
is employed for central integration, ensuring efficient commu-
nication, as illustrated in Fig. 1. The split policies of the fusion
models are determined by an optimization module assisted by
DRL. The DRFSL framework effectively leverages multiple
MEC-DU servers for offloading training and inference tasks
and the MEC-CU server for global federated aggregation and
distribution, all managed by gNodeB under 5G RAN.

To the best of our knowledge, there’s no existing framework
suitable for the multi-modal beamforming in the IoV scenario
that can address all the problems, such as multi-fusion net-
work splitting, handling strugglers due to the heterogeneous
computing capability of the vehicles, and adapting to dynamic
network conditions. Our main contributions are as follows:

o We propose DRFSL, specifically tailored for multi-modal
beamforming scenarios. This approach leverages multiple
MEC-DU servers for peer-to-peer communication with
vehicles to prevent overloading, ensuring optimal per-
formance for both vehicles and servers. Moreover, we
leverage MEC-CU for updated weights, broadcasting, and
distribution, reducing the latency during aggregation.

e We introduce multi-modal SL into FL training for the
fusion network in IoV, where different sub-branches of
the fusion architecture are efficiently split. It is assisted
with a DRL optimization module to address system het-
erogeneity, mitigate stragglers, and adapt to dynamic net-
works. By intelligently distributing computational tasks,
the DRFSL framework enhances system efficiency and
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A. System Model

reliability, effectively balancing the computational de-
mands across the network.

« We evaluate DRFSL on real-world datasets and compare
its performance to the existing multi-modal fusion net-
work framework. The results demonstrate that DRFSL
significantly reduces both training time and inference
time under dynamic conditions in mobile scenarios by an
average of 49.45% and an average of 24.43% improve-
ment, respectively, compared to the FLASH framework.

The rest of the paper is organized as follows: Section II
presents the system model, the formulation of the problems,
and the DRL-based optimization module. Then, Section III
provides a detailed explanation of the results obtained from
real-world datasets. Finally, Section IV draws the conclusions.

II. FEDERATED SPLIT LEARNING FOR MULTI-MODAL
BEAMFORMING

The codebook is a predefined set of beamforming vec-
tors that the transmitter and the receiver can use to direct
signals towards specific directions, which can be defined as
Cry = {tl, ...,lf]w}, and Crx = {7‘1, ...,TN}, where M + N
are probe frames of the mandatory Sector Level Sweep (SLS)
during the IEEE 802.11ad standard sector initialization steps.
Considering the downlink communication, through the best
beam, we can obtain the best sector r* with the maximum
received signal strength, which can be derived as:

r* = argmax vy, (D
1<n<N
where ¥, is the observed received signal strength at the Tx
side when the receiver is configured as sector r,. In mod-
ern 5G networks, multiple MEC servers near each gNodeB
provide edge-computing and communication services [14],
reducing latency by placing resources closer to users.

Consider a set of vehicles ® in the coverage of the gNodeB,
and they communicate with one of the MEC-DU servers. Each
vehicle ¢ € ® collects the dataset Dy = {Xy.c, Xo.1, Xo.c}
through the multi-modal sensors GPS, Camera, and Lidar, re-
spectively. We use the network architecture of the FLASH [10]
whose fusion network f§ .y (-) for each vehicle ® param-
eterized by 6, containing7f0r branches (GPS, Image, Lidar,
Integrated): I'c, I'y, I'¢, and I';,. Each branch can be biased
through the probability function P(*) by the selective strategy
I'*) to provide a comprehensive situation-aware model and
accurate performance.

The network architecture of the FL system is significantly
enhanced through edge-device collaborative training, as illus-
trated in Fig. 2. By leveraging multiple MEC-DU servers,
local models can be trained in parallel, greatly improving the
overall efficiency of the network over FedAdapt [15], which
relied on a single server for sequential training and failed for
load balancing. MEC-DU servers periodically exchange and
synchronize model parameters at the MEC-CU, which man-
ages the MEC-DU servers to complete the global optimization
model and distribute it to the vehicles.



B. Problem Formulation

1) Training Phase: During the distributed training stage,
the number of training samples Dy of the vehicle ¢ have been
partitioned into equal-sized subsets minibatches ¢, and we refer
to 7 as the index of the iteration of local weight updates in the
k — th FL round. By using the mini-batch gradient descent,
the weights of each round can be updated as follows:

1 i OF(y D, 5®) 2

where 7 is the learning rate for which we use the StepL.R [16]
to adjust and optimize, y*) represents the true labels, while
gj(i) denotes the estimated labels, and F' is the loss function.
We define O as the time for computing the loss of the whole
mini-batch.

On each vehicle ¢, they share the same fusion DNN models
of different branches of the sub-architecture, and we only
consider the mixed split policies of the GPS, Image, and
the Lidar models, composed of the N¢, Ny, N¢ consecutive
layers, respectively, denoted as follows:

(LN < u) < Neyu e N}
(LU < pgy < Npp e N} 3

k
{L§)1 < ) < Ne,p e N}

where e.g. u((bk)c is a split for the GPS branch model C. Note
that not all the Offloading Points (OPs) are valid partitioning
points, for example, if the DNN model has blocks, which
means layers in the parallel path [17]. Therefore, we define NV
as the total number of valid OPs for each branch. We refer to
uff) as the mixed split policy for all model branches:
k k k) (k
ny = {uge T e} 4)
To efficiently facilitate distributed learning between the ve-
hicles and the MEC-DU, the fusion architecture is partitioned
into two DNN sub-models. The first part of the model sub-
branches is trained locally on the vehicle, consisting of layers
{LEN < < plyi e NYLLIL < i < )i € N}, and
{Lf|1 <i< ufb’fé,i € N}. The time for forward propagation
and backpropagation on this part is computed as 5;16) and

o' ((bk), respectively. The resulting intermediate activations V,
also named smash data can be expressed as:

V=Y Vi (5)
i€y

where U = {C,I,(} is the index set of model branches.
It is then sent with an average network throughput B(kg to
a selected MEC-DU e, the unit that processes the leiyers
{LE Yl +1 < i < Neyi € N} {LL|ul ) +1 <i < Npjie
N} and {Lf\,u((bkg +1 < i < N¢,i € N} The time for the
continuous forward propagation and the backpropagation on

the MEC-DU are defined as 6. and ¢’ gk), respectively.
Moreover, during each FSL round, the split policy is
maintained unchanged while the vehicle is in motion, with
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Fig. 2: Logical-level designed DRFSL framework for multi-modal
beamforming in FL rounds with multiple MEC-DU servers.

an average throughput of Bikdz The gradients of the smash
data V', are sent back from the MEC-DU servers to the
vehicles. It is important to note that certain FL training rounds
are completed when the moving vehicles remain within the
coverage of the same gNodeB.

Therefore, the time of local training of each vehicle in the
FSL process Al(ik)((b) can be expressed as:

7 (k) 10, (k)
Dy w o Valeg?)  Vilpg”)
AW () = 3 2L o) he Ly Tehe 2 o)
=S B, B,
(6)

After the local training, MEC-DUs generate model updates
and securely transmit these updates to the MEC-CU. We
define x, as the computing time for weight aggregation and
Xg as the time for uploading and broadcasting of models
during the global aggregation stage, respectively. For each
FSL communication round, the training time A*)(¢) can be
expressed as:

A®(9) = AP (9) + xP +x” )

We need to minimize the whole training time to guarantee
the FSL process runs well in the coverage of the gNodeB and
improve the training efficiency. Thus the optimization problem
can be expressed as:



Algorithm 1: DRFSL algorithm for multi-modal
beamforming at the training stage.

Input:
Dy :{X4,c,Xs1,Xs} multimodal training data
Output:
95N(K): Global optimized model
1 0EN gy N O

2 for k € K do
3 for 5 €J do
4 for ¢ € © do
g 5( ) Vi, <—f(k)(L¢[ ( )D
6 A(’W e§’<k) ef’gﬁ),B k)
7 foreeIEdo
k w .
8 o) ! )(Lw[ufbfb—klgNw]—kL V)
1 1
9 @ew((/f)eewéfe)f?; (wéje ))
10 B 6’£k),V’M<—f’96

11 OptimizeMod() + {AF)(¢), B®) py )
12 Upload() + {G(k) H(k)}
» HFN(kJrl S d¢ e(k)( (k)

ped
14 if k < K —1 then

15 L u(kH) « OptimizeMod|()

o) o) Distribute(p (k+1))

16 5

_ Al 8
i = argmin Z glgg{ )} ®)

where p* € RIYIXI®IXK g the matrix of all the strategies
during the FSL training. The optimization space for p in-
cludes a cross-product of all possible combinations of OPs
in (I'¢,I'1,T¢,T'w) and the corresponding set of vehicles for
all rounds ® x K. The flow of the DRFSL training framework

is illustrated in Algorithm 1.

DRFSL facilitates collaborative learning between vehicles
and their nearby MEC-DU servers by transmitting smash
data and its gradients under dynamic network conditions. By
leveraging multiple MEC-DU servers, DRFSL achieves paral-
lel synchronization delays, outperforming sequential learning
methods (refer to lines 3 to 10). Experiences are stored in the
OptimizedMod() for off-policy DRL training. Vehicles and
MEC-DUs distributedly upload parts of their models, which
the MEC-CU then aggregates based on a selective strategy.
During FSL rounds, OptimizedMod() aids in making deci-
sions for mixed split policies, optimizing both computational
and communication costs and distributing model parts accord-
ingly (refer to lines 11 to 16).

2) Inference Phase: In the Inference phase, the local vehi-
cles will receive the globally trained model from the MEC-CU.
We also want to explore how our adaptive framework works
well on the inference stage during the time period 7. Com-

pared with the training stage, one-time forward Fropagatlon is
used for each test sample, the time of which A ) can be
expressed as:

V(1))

¢>,

AP (1) = (84 + 0 + -

Considering the time slot of the inference as ¢, we want to
minimize the whole inference time for each vehicle:

T
fy = arg min Z A(;) (1g)

Heo t=1

(10)
C. DRL-based Optimization Module

In the optimization module, we introduced DRL to assist
segmentation decision-making, while the process is shown in
Fig. 3. We obtain different learned DRL agents for the training
and inference phases since the training phase involves heavier
computing tasks and takes significantly more time.

According to the available wireless throughput and the
heterogeneity of the vehicles, to use DRL algorithms, we need
to define the state, action, and reward function, which are
indicated as follows:

e State: 32) represents the state of ¢ — th agent at section ¢
(t = k during training), which is expressed as:

(1)

e Action: We only consider the valid partition points of the
sub-model in the fusion network. afl5 represents the action
of ¢ — th agent for the mixed OP policy contributed to
the optimize module, which is expressed as:

ab={0 0 .. 1 0 }yeyellabyll =1 (12)
t

e Reward: r¢(s O ¢) represents the 1nstantaneous reward
after agent ¢ at state Sfb executes action a, ® and interacts
with the environment, which can be expressed as:

t

ri(sh,al) = ai(1 - f) + F(BY b 0L )

Sé = {At ) Bé&a be? p;,e}(bE(D

13)

where oy is the reward scale, T, is the reference training
or inference time. If the training or inference time is larger
than the reference time, the first part of the reward function
will get negative values, whereas it will get positive values to
encourage policies for less time, and f(-) is the normalization
of the inner product among network throughput, mixed split
policy, and the capability ratio which fully deal with the
heterogeneity of the edge-vehicle and the dynamic network
conditions.

In the DRFSL framework, we adopt D3QN, combining
advanced techniques such as double Q-learning (DDQN) [18]
and dueling networks [19]. DDQN [18] addressed the over-
estimation decoupling the selection and evaluation of actions
using the separate primary network and target network, where
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Fig. 3: Optimization module in DRFSL framework for Multi-modal beamforming in IoV

the loss function can be computed as:

VoL(8) = Elr +7Qy(s", arg max(Qq(s' 1, a'*1))) = Qu(s", a')]?

(14
where ~ is the discount factor, # and 6 are the prime and the
target network parameters, respectively. The dueling network
[19] obtains better policy evaluation by separately estimating
the state value function and the advantage function, where the
Q function can be updated as:

Q(st,at;0,a,8) =V (s';0,8) + (A(st,a%;0,a) — m Z:A(st7 a0, )
’ (15)
where o and 3 are network parameters of the different streams
of the fully connected layers, V() is a state-value scalar, and
A(-) is the advantage function. The algorithm of the DRL-
based strategy at the training stage is shown in Algorithm 2.
The D3QN_Agent collects experiences as state-action-
reward-next_state tuples (refer to lines 4 to 8) and updates the
prime network’s Q-values by minimizing loss through mini-
batch sampling, utilizing a dueling architecture. Additionally,
soft updates are applied at each gradient step to transfer
parameters from the double Q-network to the double target
network (refer to lines 9 to 13).

III. PERFORMANCE EVALUATION

A. Experimental Setup

All experiments, including the benchmarks, were conducted
on our laboratory server which is equipped with NVIDIA
A40 GPUs delivering 149.6 TFLOPS for mixed-precision
(FP16/FP32) tensor operations. To simulate the computing
power differences between the MEC-DU and the local vehicle,
we established upper and lower capability ratio limits and
uniformly sampled from these during the experiment.

1) Benchmarks: We select REFSL, which randomly sam-
ples the mixed split policy from a preset and filtered pool of
behaviors, and FLASH [10] which uses FedAvg, where the
training before the global aggregation is executed completely

Algorithm 2: Training D3QN-assisted agent for multi-
modal offloading policies in FSL process.

1 Initialization: 6, < 61,05 < 05, D « 0

2 for £ € K do

3 for t ¢ T do

4 st < env()

5 a, & — greedy

6 sz:,rfb %:ﬁu(afﬁ)

7 55~ p(sy[sh, al)

8 D + DU{(sg,ag,r(sg,a;),sg"l)

9 if len(D) > batch_size then

10 VL(#) < Losscompute()

11 for each gradient step do

12 Om < Om — AoV, J(Om), m € {1,2}
13 Qim(*TQm*F(l*T)imame{l,Q}

14 return D3QN_Agent(fy,6s)

locally. Moreover, the inference time by FLASH is smaller
than the beam sweeping time regulated by the IEEE 802.11ad.

2) Datasets: We assessed our experimental results using
two real-world datasets: the FLASH dataset containing 25456
samples used for training and the 5G dataset used for infer-
ence [20], both relevant to moving vehicles in 5G networks.
For local training, we set the mini-batch size to 32 and
conducted 10 epochs for each local training session during
the FSL process. The 95% confidence intervals in the result
figures are calculated using the t-distribution.

B. Results Analysis

Varying network conditions: During training with an
average capability ratio of 3, the DRFSL framework leverages
a learned DRL agent to dynamically select optimal mixed split
policies, adapting to network conditions as shown in Fig. 4. As
network throughput increases, transmission of smashed data
accelerates, reducing training time and boosting efficiency. At
100 MB/s, DRFSL reduces training time by up to 56.24%,
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Fig. 4: Training time under dynamic network conditions.

from 63.19 s to 27.65 s per round compared with the standard
FL (FLASH). While REFSL may outperform FLASH under
ideal conditions, its unstable decisions risk disrupting global
aggregation and degrading overall FSL performance.

Varying capability ratio: To account for heterogeneous
vehicle computing power, we fixed the average network
throughput at 40 MB/s. As shown in Fig. 5, SL becomes highly
effective when the MEC server’s computing power is at least
twice that of the vehicle. In such cases, collaborative training
significantly reduces latency. For instance, with a capability
ratio of 0.2 (i.e., the server is 5x more powerful), DRFSL
cuts training time to 43.70 s versus 112.50 s with FLASH.
Efficiency gains range from 35.13% to 61.15% when server
power is 2-5x that of vehicles, even under limited network
conditions. While REFSL shows some benefit when server
power exceeds 5x, it remains prone to poor policy decisions,
which can severely degrade system performance.

Tradeoff between training time and accuracy In time-
sensitive situations, it is crucial to complete the training task
within a specified timeframe and assess the model’s accuracy
within that period. We evaluate our framework by accounting
for the heterogeneous computing power of MEC servers and
vehicles, as well as the dynamic network conditions. S1
represents the local training stage, whereas S2 denotes the
aggregation stage. As shown in Fig. 6(a), our proposed DRFSL
(Blue Line) demonstrates varying degrees of time improve-
ment across different communication rounds compared to the
FLASH (Green Line) using standard FL. Although REFSL
(Red Line) occasionally performs well, it generally takes
about 120% longer than the FLASH framework across all
communication rounds. Within the same timeframe in Fig.
6(b), DRFSL achieves higher accuracy. For instance, around
50 minutes of training time, DRFSL attains an accuracy of
68.54%, whereas FLASH only reaches 59.84%. In Fig. 6(c),
to achieve a target accuracy of over 74%, DRFSL requires
90.28 minutes, while FLASH needs 187.95 minutes. Typically,
REFSL underperforms compared to FLASH, highlighting the
necessity of an effective and optimal hybrid split strategy for
the system. It is important to note that the training time refers
solely to the duration of ML model training and excludes time
for multi-sensor data collection, preprocessing, storage, and
other processes. Moreover, our framework shortens response
time due to reduced latency from MEC-DU to MEC-CU
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150 FLASH |
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Fig. 5: Training time under different capability ratios.

in the aggregation phase by the distributed uploading and
broadcasting models, compared with sending the whole model
directly from the vehicles.

Resilient inference stage: We tested our proposed frame-
work using a real-world 5G dataset [20] during the inference
stage. Our evaluation focused on a moving car scenario
encompassing urban areas and obtained Fig. 7. Given that the
inference time for a single sample is very short, REFSL for
the offloading point is no longer suitable where an ineffective
partitioning method can significantly harm the system. Due
to the small size of the intermediate activations, the dy-
namic network conditions have little impact, and performance
is basically related to the computing power. Our proposed
DRFSL framework effectively reduces the inference time to
approximately 0.2680 seconds on average, compared to 0.3547
seconds on average with the FALSH framework, which repre-
sents a 24.43% improvement on average in efficiency. It further
illustrates our framework’s enhanced scalability, adaptability,
and robustness.

IV. CONCLUSIONS

In this paper, we propose the DRFSL framework for dis-
tributed model training in multi-modal beamforming, address-
ing device heterogeneity and dynamic network conditions.
DRFSL utilizes MEC servers to enable efficient peer-to-
peer communication and task distribution, improving both
system reliability and performance. Experiments on real-world
datasets demonstrate its effectiveness, with DRFSL achieving
a 49.45% improvement in training efficiency and a 24.43%
gain in inference performance compared to the FLASH frame-
work while also delivering higher accuracy within the same
time budget. These results highlight DRFSL’s ability to man-
age heterogeneous resources and adapt to fluctuating network
environments in multi-modal beamforming. Future work may
explore integrating DRFSL with model pruning techniques to
further enhance distributed learning and inference efficiency.
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