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Clustering of Geographical Segments for Predictive
Quality of Service of Connected Vehicles

Oscar Stenhammar, Saeed Razavikia, Gábor Fodor, Carlo Fischione

Abstract—To meet the growing demands for connectivity and
reliability in cellular networks, it is essential to ensure reliable
quality of service (QoS) guarantees for end users. The integration
of predictive QoS (pQoS) in cellular networks enables proactive
fulfillment of QoS requirements for a diverse range of appli-
cations, including intelligent transportation systems. This study
presents a pQoS framework in cellular networks, particularly
for connected vehicles, that divides the road into segments,
clusters them, and assigns a pQoS model to each cluster. By
implementing this framework, we mitigate the concept drift
of the pQoS model induced by variations in the propagation
environment and interference. Each predictive cluster model is
locally trained on vehicles traveling within the cluster boundaries
using federated learning. A significant challenge is balancing the
trade-off between the number of clusters, prediction accuracy,
and communication overhead for updating local models. This
trade-off suggests the novel problem of performing a joint
optimization of the training and number of clusters. To address
such difficult optimization, we propose an iterative approximate
solution using proximal alternative minimization for which we
provide convergence guarantees. Ultimately, by evaluations with
real-world data, our numerical findings reveal that our proposed
clustered predictive model reduces the mean absolute percentage
error by 8%, and the mean absolute error by 7%, compared to
conventional predictive approaches proposed by prior studies.

I. INTRODUCTION

THERE are high demands on the development of the sixth
generation (6G) in wireless communication technolo-

gies [3], [4]. Advancements in 6G wireless technology must
support innovations within intelligent transportation systems to
improve comfort and safety for passengers and drivers [5], [6].
These safety features necessitate exceptionally reliable com-
munication due to the severe consequences of communication
delays. Consequently, there is a critical need for network
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operators to ensure predefined quality of service (QoS) levels,
which encompass key performance indicators (KPIs) such
as data rate, latency, and probability of successful packet
reception (reliability) [7]. Current strategies to meet the desired
QoS in 5G networks primarily adopt a reactive approach,
addressing performance degradations after occurrence [8].

There are obvious limitations of managing the network with
a reactive approach. Addressing problems after they occur
implies a delayed response to network issues. This can lead to
the inability to guarantee consistent service quality, especially
in rapidly changing environments. These drawbacks have
pushed the development of predictive QoS (pQoS) to enable
proactive service management in forthcoming 6G frameworks.
By anticipating network conditions and adjusting resources
accordingly, this proactive approach satisfies the stringent
requirements of autonomous or remotely operated vehicles [9].
The network operators can use the output of pQoS algorithms
to optimize network performance for maintaining trustworthy
QoS for end-users. Should the required QoS levels be un-
achievable, service management mechanisms must promptly
alert the user, enabling the implementation of precautionary
safety measures [10]. These properties make pQoS particularly
relevant for vehicular communication.

The main difficulty with vehicular wireless communication
is the inherent time-varying stochastic characteristics of QoS
processes, influenced by the dynamic wireless propagation
environment. Data-driven methodologies such as machine
learning (ML) have been proposed as effective tools for
developing accurate pQoS models based on comprehensive
datasets [10]–[12]. However, the dynamic nature of environ-
mental conditions within an extensive geographical area can
lead to concept drift of the QoS data. Concept drift refers to the
phenomenon where there is a shift in the statistical properties
of the underlying data for the target variable in machine
learning [13]. The wireless channel propagation properties,
interference, and load of the network are examples of prop-
erties that generate concept drift. This phenomenon worsens
for moving vehicles, which experience rapidly varying com-
munication conditions [11]. Concept drift degrades the model
performance because the trained model becomes outdated
due to changing underlying statistical properties of the data
collected by vehicles. The wireless propagation environment
contributes significantly to non-independent and identically
distributed (IID) characteristics of data in pQoS scenarios,
necessitating robust modeling techniques that can adapt to
these concept drifts effectively.
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Fig. 1. An illustration of the foundational concept of our predictive framework. The geographical segments of the road are represented by the squares. Our
approach proposes that segments are clustered based on statistical similarities in the QoS parameters from vehicles within the cluster. As an example, clusters
k1 and k2 are illustrated in blue and orange respectively to visualize how segments can be clustered. To empower collaborative learning between segments
within the same cluster, each cluster is assigned its own predictive model to predict the QoS.

A. Contributions
To enhance the performance of pQoS in cellular net-

works, this study proposes an innovative predictive framework
for QoS serving connected vehicles exposed to dynamically
changing environments. The central hypothesis is that a single
global predictive model cannot effectively capture the non-
IID characteristics inherent in radio data for pQoS. Building
on this hypothesis, our proposed framework divides the road
into discrete geographical segments. Segments containing data
with similar statistical characteristics are clustered, which
allows these segments to adopt the same predictive model.
This improves the performance of both the training of such
a model and its adoption for inference. Our approach results
in predictive models that are personalized for geographical
regions with similar underlying QoS data distributions, even
though such regions might not be geographically adjacent.
In order to mitigate concept drift caused by time-varying
propagation environments, it is more effective to cluster ge-
ographical areas rather than clustering vehicles as done in
previous works [14], [12]. A conceptual illustration in Fig. 1
demonstrates how the proposed system divides the road into
square geographical segments. The system clusters segments
with similar statistical characteristics of the QoS data, and each
cluster is assigned a predictive model. The objective of this
is to enable vehicles within the same cluster to collectively
perform online training and inference using federated learning
(FL).

Given a set of geographical segments, it is not trivial how to
find the optimal number of clusters that minimize the accuracy
of the predictive models. The main concept in this work is
that with more clusters, each cluster covers a small area. A
predictive cluster model covering a smaller area will achieve
a better personalization of the underlying data distributions in
the area that the cluster represents. The hypothesis is that this
will increase prediction accuracy. However, too many clusters
will result in clusters that represent too small regions to carry
enough data to train an accurate ML model. Furthermore, with
more clusters, there are more predictive models that need to be

updated at the central server with frequent uplink and downlink
communications. This implies a trade-off between the number
of clusters, the prediction accuracy of the cluster models and
communication efficiency.

To find optimal parameters for the predictive cluster models
and the optimal number of clusters, we formulate a novel joint
optimization problem. We propose a solution for the formu-
lated problem that implements proximal alternating minimiza-
tion [15]. This solution alternates between learning the optimal
model parameters using FL and finding the optimal number
of clusters with singular value thresholding (SVT) [16].

The overarching goal is to adapt pQoS models to vari-
ations in communication conditions by clustering different
geographical regions while optimizing the number of clusters.
By aggregating models from vehicles within the same cluster,
the collective strength can be leveraged to improve the effi-
ciency and accuracy of the training process through FL. The
contribution of this paper can be summarized as follows.

• We propose a pQoS framework that counteracts concept
drift for moving vehicles. The framework splits the global
geographical region into smaller geographic segments,
and clusters segments with similar underlying data dis-
tributions. A personalized predictive model is trained for
each cluster. Finally, the number of clusters is optimized.

• We formulate a joint optimization problem that aims to
jointly optimize the prediction error of the cluster models
and the number of clusters.

• To provide a sub-optimal solution for this joint optimiza-
tion problem, we adopt proximal alternating minimiza-
tion. We incorporate FL to learn the cluster pQoS models
and SVT to optimize the number of clusters.

• We conduct theoretical analyses to provide convergence
guarantees of the proposed algorithm.

• We evaluate our pQoS framework on a measured dataset
from [17] in a realistic scenario and investigate how the
geographical segment size affects the end performance.

The remainder of this paper is organized as follows: Sec-
tion III illustrates the system model, defines the notation for
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the main variables used in the paper, and formulates the
problem. Section IV describes the method of the proposed
solution. Section V develops a theoretical analysis to prove
convergence for the proposed method. Section VI provides
numerical results to assess the proposed method performance.
Finally, Section VII summarizes and concludes the paper.

II. LITERATURE REVIEW

This section presents a literature review of the latest ad-
vancements within pQoS and FL for vehicular networks. The
review is conducted to provide background on the topics and
highlight research gaps that motivate our work.

A. Predictive Quality of Service

When developing pQoS models, it is essential to identify
QoS requirements to ensure satisfactory communication per-
formance [18]. In industrial Internet of Things (IoT) and ve-
hicular applications, pQoS plays a critical role in maintaining
efficient processes [10]. The study in [10] outlines required
QoS levels for crucial applications such as teleoperated driving
and high-density platooning, covering throughput, latency,
reliability, and prediction horizons. These insights underscore
the importance of precise QoS specifications in designing
robust pQoS models. One of the aspects discussed in [10]
is the prediction horizon, which is also considered a critical
aspect in [14]. Operators and users benefit from forecasting
QoS metrics over timeframes ranging from milliseconds to
hours or even days. Predictive capabilities enable proactive
measures, such as rerouting vehicle trajectories to avoid poor
QoS conditions. These adjustments are essential for maintain-
ing optimal performance in network-dependent applications.

Recent research interest in pQoS has grown, with a predom-
inant focus on employing ML models. Accurate QoS forecast-
ing is a challenging task that requires extensive datasets to train
and refine ML models effectively. An extensive measurement
campaign [19] collected data tailored specifically for pQoS
analysis. This campaign collected data from user equipment
devices (UEs) located on moving vehicles in various environ-
mental conditions. A private network was used to capture a
range of metrics from both the physical and medium access
control layers. Numerous studies have used this dataset to
evaluate throughput prediction models. Experimental studies
in [11], [14] have shown that incorporating an extended set
of input features significantly improves predictive accuracy.
Among the various ML strategies tested, the gradient boosting
ensemble method emerged as the most accurate approach
in [11]. These findings highlight the importance of compre-
hensive datasets in developing effective ML models for pQoS,
which is critical for advancing network quality assessment.

Many general pQoS models for vehicular applications use
data from an entire dataset region to train the predictive
weights. However, to develop predictive models tailored to
specific environmental conditions, [12] manually divided the
dataset from [19] into three environmental classes: suburban,
rural, and highway. Separate random forest models were
trained for each category, improving predictive performance.
This indicates the presence of concept drift in the underlying

QoS data between these environments. To further validate
this, [11] demonstrated that concept drift exists in vehicular
pQoS. To mitigate the difficulties implied by concept drift, [14]
segmented the road network and constructed a probabilistic
predictive model that utilizes statistical data specific to each
segment. This method enhances granularity and accuracy by
aligning predictions with the unique characteristics of different
road environments. These studies highlight the importance of
environmental specificity in developing precise pQoS models
for vehicular settings.

B. Federated Learning for Vehicular Networks

FL enables decentralized learning, allowing models to be
trained on data from different units, locations, or classes
without requiring raw data exchange. However, scaling FL
for large models in vehicular networks presents significant
challenges. These include limited communication resources,
mobility, and statistical heterogeneity in data distributions. To
address these challenges while mitigating concept drift, [20]
proposed a clustered FL architecture that facilitates learning
within clusters of vehicles. Vehicles are grouped into clusters
based on test dataset performance on specific cluster models.
Each cluster trains models locally, transmitting only aggre-
gated updates to a central server, optimizing communication
efficiency.

Another approach to clustering users into a predetermined
number of groups for joint learning was introduced in [21].
This framework, called the iterative federated clustering al-
gorithm (IFCA), implements weight-sharing techniques for
the initial layers of neural networks across clusters. IFCA is
particularly beneficial when different user groups have distinct
objectives, allowing for more customized FL applications. The
effectiveness of collaborative learning using IFCA has been
demonstrated in [22], [23], where models trained within the
same cluster leverage collective learning to enhance efficiency.
These studies highlight the potential of clustered FL to meet
the demands of vehicular networks and improve the feasibility
of large-scale FL deployments in such environments.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a cellular network on a specified geographical
region with a set of base stations. The density of connected
users varies throughout the considered area, for example
between a rural and an urban area, causing the interference and
network load to vary. Furthermore, the area accommodates a
grid of roads in varying environments for wireless channel
propagation. A set of vehicles is considered, where each
vehicle is at some point traveling on the roads within the
considered area. The vehicles have associated applications that
require communication using the cellular network to operate.
To ensure that the necessary QoS level for the vehicles is
feasible, each vehicle needs a reliable temporal QoS prediction
over a certain time horizon in the future. We further assume
that the vehicles have enough computational resources to run
and train the pQoS models.
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A. Process Overview
Vehicular communication is associated with high mobility.

In varying environments, high mobility has a major effect
on the evolution of the communication’s KPI. For example,
wireless channel propagation characteristics, interference, and
load of the network can change drastically between an urban
and rural environment. Hence, the presence of concept drift is
highly probable in vehicular communication.

To combat the negative effects of concept drift on pQoS
data for vehicular scenarios, we propose a pQoS framework
that bounds the predictive model to a smaller geographical
area. The foundational idea is that if environmental properties
cause concept drift, it is better to let predictive models belong
to a geographical area rather than to the vehicles. Initially, the
global geographical area under consideration is segmented into
smaller geographically square segments. The aim is to create
a set of segments, where each segment has a uniform environ-
ment, such that concept drift cannot occur for a user within
the segment. To initialize the learning framework, all segments
are assigned a pre-trained multilayer perceptron (MLP) for
pQoS, trained on the entire global region. Each model is
then trained on data from vehicles within the geographical
boundaries of the segment, using FL to learn collaboratively.
Next, segments with similar properties are clustered to allow
for collaborative learning. Fig. 1 graphically illustrates the
concept of segments and clusters in our predictive framework.
We choose the MLP as the predictive model for its adaptability
and smooth integration in FL.

Segments are clustered to optimize the number of clus-
ters iteratively until convergence is reached. By optimizing
the number of clusters, the number of predictive models is
decreased, which saves computational and storage resources.
Fewer clusters imply clusters covering larger areas, which
allows for more training data for each predictive model.
With FL, a random set of vehicles performs local updates of
the cluster model while inside the cluster. When a vehicle
participating in the training procedure exits the boundaries
of a cluster, it transmits its local update of the model in the
uplink to the central server. Through the downlink, it receives
the predictive model for the cluster it is entering. The local
updates are aggregated periodically at the central server.

In the remainder of the paper, the variables and parameters
will be referenced to according to the table of notation in
Table I.

B. Problem Formulation
The main objective is to learn a parametric model for each

cluster by minimizing some loss function. In each cluster, we
want to learn the parametric model ω(θk;Xk(t)) at discrete
time t with input matrix Xk(t), from the dataset Xk, and
parameters θk ∈ RW for cluster k. At time t, the parametric
model predicts the QoS for time t+h. More precisely, let y(t)
be the QoS KPI of interest at time t. Then, the predicted QoS
ŷ at time horizon h from current time t is given by

ŷ(t+ h) = ω(θk;Xk(t)), (1)

where
Xk(t) = [xk(t), . . . ,xk(t− (tw − 1))], (2)

TABLE I
TABLE OF NOTATION.

Parameter Meaning
Ck Cluster k
F Loss function
h Time horizon of prediction
K Number of clusters
N Number of segments
O Clustering matrix that determine the clusters
O Clustering matrix calculated from (8)
θk Parameters for predictive model k
θ∗
k Optimal parameters for predictive model k
Θ Matrix containing all θk
Sn Segment n
Vk Vehicles participating training in cluster k
ω Predictive model
Xk Input matrix to predictive model
xk Column vector of Xk containing KPIs
Xk Dataset from cluster k
XSn Dataset from segment Sn

with tw historical measurements. Here, the column vector
xk(t) n ∈ RP contains the relevant input data such as physical
layer KPIs. By a slight notation abuse, the time dependency
of Xk(t) will be omitted throughout this work for improved
readability. Our aim is to find the optimal model parameters

θ∗k = argmin
θk

F (θk;Xk), ∀k ∈ [K], (3)

that minimizes the overall loss function

F (θk;Xk) =
1

D

∑
(Xi,yi)∈Xk

f
(
yi(t+ h), ωk(Xi;θk)

)
. (4)

Here, f is some loss function and D is the number of
datapoints with input and output (Xi, yi) picked from dataset
Xk to evaluate F . By minimizing Eq. (4), the parameter θk
implicitly becomes a function of the prediction horizon h in
y(t+ h).

Given that we are dealing with a distributed setting, data
distribution among the clusters and the number of clusters
directly impacts the learning optimization in (3). This moti-
vates the importance of accounting for the number of clusters.
More clusters for the same geographic region imply that each
cluster covers a smaller geographical area. This enhances the
personalization of the predictive models by fostering higher
correlation among the data within each cluster. Nevertheless,
more clusters lead to a reduced amount of training data per
cluster, excessive memory allocation at the central server,
and increased model handovers as vehicles transition between
segments.

Hence, we propose jointly optimizing the learning loss
function and the number of clusters K. The objective is to
obtain optimal model parameters θ∗k for each cluster with a
minimum number of clusters. Formally, we pose the following
optimization problem:

min
K,{θk}

λ ·K +
1

K

K∑
k=1

F (θk;Xk),

s. t. F (θk;Xk) < ϵ, ∀k, (5)
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where λ ∈ R denotes the regularization parameter and ϵ is a
positive constants ϵ ∈ R+. The constraint in (5) is introduced
to set the QoS requirements by ensuring that the loss remains
below ϵ. The parameter ϵ must be determined such that there
always exist model parameters θk that can achieve a loss
smaller than ϵ for at least one cluster k. Note that the model
parameters θk and the test dataset Xk depend on the number of
clusters K. A change in the number of clusters results in the
rearrangement of clusters, consequently affecting the model
parameters and the test dataset for the newly formed clusters.

In conclusion, the problem in (5) presents a significant
challenge as it does not appear to have been addressed in the
existing literature. In this problem, the number of clusters K
affects the datasets from Xk that are used to train and evaluate
the parameters θk. However, it is not obvious how the relation
between the number of clusters and the parameters θk should
be modeled. This inherent nature and complexity make it a
difficult problem to solve. The problem in (5) can be re-written
to

min
K,{θk}

λ ·K +
1

K

K∑
k=1

1

D

D∑
i=1

f
(
yi(t+ h), ωk(Xi;θk)

)
,

where f is a loss function sum over D datapoints with index
i such that (Xi, yi) ∈ Xk. The case where we use a neural
network as ωk, with non-linear activation functions, is NP-
hard [24]. To show that problem (5) has a combinatorial nature
and is NP hard, we consider the case where the predictive
function is polynomial.

Proposition 1. Consider the optimization problem (5). Sup-
pose the predictive function ω is polynomial with fixed degree
in its parameters θk. Also, assume that the loss function is the
squared error,

f
(
yi(t+ h), ωk(Xi;θk)

)
=
(
yi(t+ h)− ωk(Xi;θk)

)2
.

Then, the optimization problem (5) is NP-hard.

Proof. For any fixed partition of the dataset Xk, the optimal θk
for each cluster can be efficiently computed via least squares.
Now, we assume that the optimal predictive parameters θ∗k
for each cluster k are known. This simplification reduces the
optimization problem to choosing the number of clusters K
and partitioning the data into {Xk} data such that

min
K,{Xk}

λ ·K +
1

K

K∑
k=1

1

D

D∑
i=1

(
yi(t+ h)− ωk(Xi;θ

∗
k)
)2
.

If we ignore the constant penalty term λ ·K by setting λ =
0, we recover the K-means objective, which minimizes the
sum of squared errors within each cluster. Since K-means
clustering is NP-hard [25], this special case is NP-hard. Thus,
the original problem in (5), which also involves selecting K
and fitting predictive parameters for each cluster, is NP hard.

Given these characteristics, it is clear that any solution
approach unavoidably will be suboptimal. In the next sec-
tion, we propose an equivalent problem re-formulation and
an approximate solution approach to tackle this challenging

problem, providing a promising direction for addressing this
difficult and previously unexplored issue.

IV. JOINT LEARNING AND CLUSTERING

In this section, we first give an alternative problem formula-
tion to (5), and then we propose a suboptimal solution method.

A. Problem Reformulation

To arrive at a convenient reformulation of problem (5)
and an equivalent form that will allow us to derive an ade-
quate approximate solution, we start by giving the following
definitions. Let Kmax be the maximum possible number of
clusters. First, we define the set of all cluster models as
Θ = [θ1, . . . ,θKmax ] ∈ RW×Kmax . Then, we define the
clustering matrix O ∈ RN×Kmax as

O =

ϕ(S1 ∈ C1) · · · ϕ(S1 ∈ CKmax)
...

. . .
...

ϕ(SN ∈ C1) · · · ϕ(SN ∈ CKmax)

 , (6)

whose elements are defined as

ϕ(Sn ∈ Ck) =
1

Kmax − 1

(
1− F (θk;XSn

)∑Kmax
k=1 F (θk;XSn

)

)
, ∀k, n.

(7)
The function ϕ(Sn ∈ Ck) subtracts from 1 the ratio of local
and total prediction errors. The numerator is the prediction
error of dataset XSn from segment Sn using model θk from
cluster Ck. The denominator is the sum of the prediction errors
of XSn on all models θ1, . . . ,θKmax . By imposing that the sum
of row n in O has to be 1,∑

k
ϕ(Sn ∈ Ck) = 1, ∀n ∈ [N ].

the factor 1/(Kmax − 1) is included in the function ϕ to
normalize the sum of each row of O to 1. The dataset XSn is
a dataset from segment Sn. The function ϕ(Sn ∈ Ck) returns
a value in the range [0, 1]. Note that a choice of n and k that
returns a high value of the function ϕ(Sn ∈ Ck), indicates
that the prediction error is low. This implies that it would be
beneficial if Sn ∈ Ck.

For the sake of notation, we use an operator Φ : RW ×
RK 7→ RN×Kmax to present all the elements-wise operations
of function ϕ in (6) and (7) as

O = Φ(Θ,XS), (8)

where XS = {XSn
}∀n∈[N ]. Given model parameters Θ and

dataset X , we form the clustering matrix O as described
above. Furthermore, let F ∗ > 0 be a positive constant such that∑Kmax

k̂=1
F (θk̂;XSn

) ≥ F ∗, for n ∈ [N ]. Then, to incorporate
the constraints on the loss function from (5) into the clustering
matrix O, we use the lower bound given in (5), which results
in the following inequality:

max
k

ϕ(Sn ∈ Ck) ≥
1

Kmax − 1

(
1− ϵ

F ∗

)
=: η, n ∈ [N ].

(9)
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Now, by invoking the clustering matrix O, we can incorporate
the clustering problem into the proposed regularized loss
in (5). Indeed, the maximum number of clusters is equal to
the number of columns in matrix O. Also, since the number
of clusters is smaller than the number of segments, i.e.,
Kmax < N , the number of independent columns of matrix O
represents the number of clusters, and therefore K = rank(O).
By setting the number of clusters K to the rank of O, we allow
the use of tools to minimize the rank in order to optimize K.

Equipped with the definitions above, we are now ready to
give an equivalent reformulation of problem (5):

min
O,{θk}

λ · rank(O) + ∥O−O∥2F +
1

K

K∑
k=1

F (θk;Xk)

s. t. ∥e⊤nO∥∞ ≥ η,∀ n ∈ [N ], O1Kmax×1 = 1N×1,
(10)

where 1N×1 stands for all one vector of size N × 1, and en
denotes the canonical vector of size N which has the value
one at element n and zero elsewhere. Due to the non-convexity
of the rank function, the optimization problem in (10) is
still NP-hard in general [26]. However, the introduction of
the rank constraint will allow for further relaxation of the
optimization problem to find an algorithm to approximately
solve (10). In the following subsection, we will use the nuclear
norm [27], a common convex relaxation of the rank [28].
With this relaxation, we will then implement SVT to obtain
an approximate solution for the number of clusters.

B. Relaxed Solution Approach

To jointly optimize the loss function and the number of
clusters, we alternately minimize the loss function with respect
to the model parameters {θk}Kk=1 and clustering matrix O. We
first replace the rank function with its convex relaxation, i.e.,
the nuclear norm [27] to circumvent its NP-hardness. Specifi-
cally, the nuclear norm is the sum of all singular values. This
promotes a low rank of clustering matrix O, consequently,
fewer clusters. Specifically, we relax optimization problem
in (10) by the following regularized optimization problem:

min
O,{θk}

λ||O||∗ + ∥O−O∥2F +
1

K

K∑
k=1

F (θk;Xk)

s. t. ∥e⊤nO∥∞ ≥ η, O1Kmax×1 = 1N×1. (11)

Next, proximal alternating minimization [15] is used to
obtain the optimal parameters. We use proximal alternating
minimization because this algorithm has the ability to solve
dual non-convex minimization problems, which applies to the
general loss function F in (4). We first define the Lagrangian
function below.

L(Θ,O) =λ∥O∥∗ + 1Ωη
(O) + ∥O−O∥2F

+
1

K

K∑
k=1

F (θk;Xk), (12)

where 1Ω(·) is the indicator function for a closed subset Ω
defined by

1Ω(x) =

{
0 if x ∈ Ω,

+∞ otherwise.
(13)

Moreover, Ωη is the feasible set of constraints in (11), defined
by

Ωη = {O ∈ RN×Kmax | O1Kmax×1 = 1N×1,

∥e⊤nO∥∞ ≥ η,∀n ∈ [N ]}. (14)

We use the proximal alternating minimization to minimize
the Lagrangian function in (12) by iterating the following:

Θ∗(i+1) = argmin
Θ

{
L(Θ,O∗(i)) +

αi

2
∥Θ−Θ∗(i)∥2F

}
,

(15a)

O∗(i+1)=argmin
O

{
L(Θ∗(i+1),O)+

βi
2
∥O−O∗(i)∥2F

}
,

(15b)

where i refers to the ith iteration, Θ∗(i+1) is the optimal so-
lution for (15a), O∗(i+1) is the optimal solution for (15b) and
βi, αi are the stepsizes at iteration i. We show in Section VIII
that this iterative procedure in (15) converges to a critical
point of the Lagrangian function L(Θ,O) under some mild
condition for the loss function F (θk,Xk). In the following,
we provide the updated rules for each step.

1) Updating the Learning Model: Given clustering matrix
O, we first update the learning parameters based on (15a) in
a distributed fashion. Indeed, at iteration i, by substituting the
definition of the Lagrangian function L(Θ,O(i)) from (12)
into (15a), we obtain

Θ(i+1)= argmin
Θ

1

K

K∑
k=1

F (θk;Xk) +
αi

2

K∑
k=1

∥θk − θ(i)k ∥
2.

(16)

The minimization of (16) is obtained through iterative gradient
descent. However, since the data is distributed across multiple
clusters, we need to apply the distributed gradient descent. In
a bid to ensure privacy, and reduce the communication costs
between servers and clusters, we use the FedAVG scheme [29]
to obtain the minimizer of (16).

In this regard, let us describe one round of the standard
FedAVG scheme here. Specifically, the central server broad-
casts the latest model θ(i,j)k,v = θ

(i,j)
k to all participating

vehicles v ∈ [Vk] in k ∈ [K] in cluster k, at iteration i
and communication round j = 0, ..., T1. Every participating
vehicle performs E local epochs as

θ
(i,j)
k,v = θ

(i,j)
k,v − γ

j
i∇F (θ

(i,j)
k,v ;X (i,j)

k,v ), k ∈ [K]. (17)

Here, X (i,j)
k,v is a dataset from vehicle v ∈ [Vk] at iteration

(i, j), and γji is the local step size γ0i = αi. After every round
j, the vehicles transmit the parameter updates θ(i,j)k,1 , . . . ,θ

(i,j)
k,Vk
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Cluster model

update

Cluster 1

Model aggregation

Cluster K

Cluster model

update

Local updates Local updates

Fig. 2. This scheme represents how cluster models are trained. As vehicle v enters a cluster, it receives the model parameters θ
(i,j)
k,v . While the vehicle is

located within the boundaries of cluster k, it collects data X (i,j)
k,v and accordingly performs local updates on the model parameters. When the vehicle exits

the cluster, the model parameters from the local updates are transmitted to the central server. After such a communication round, the central server aggregates
the collected model updates. New vehicles entering the cluster now receive the model parameters θ

(i,j+1)
k,v . This iteration continues for j = T1 iterations. At

that point, the first iteration of the predictive models is complete, and we set θ(i+1)
k = θ

(i,T1)
k for the models in each cluster k. To proceed, the proximal

alternating minimization initiates the clustering process.

via the uplink to the central server, where the new set of cluster
models θ(i,j+1)

k are calculated as

θ
(i,j+1)
k =

1

Vk

∑
v∈[Vk]

θ
(i,j)
k,v . (18)

This procedure is illustrated in Fig. 2. The updating of the
parameters θ(i+1,j)

k continues for j = T1 communication
rounds, at which point we set θ(i+1)

k = θ
(i,T1)
k . Finally,

the approximate optimal parameters are given by Θ(i+1) =[
θ
(i+1)
1 , . . . ,θ

(i+1)
K

]
.

2) Updating the Clustering Matrix: Given the model pa-
rameters Θ(i+1) and using the operator Φ, the central server
obtain the clustering matrix at iteration i as

O
(i)

:= Φ(Θ(i+1),XS). (19)

At his point, we incorporate Θ(i+1) from the previous step i
and input (12), (14) into (15b), which leads to the optimization
below:

O(i+1)= argmin
O

λ∥O∥∗ +
βi
2
∥O−O(i)∥2F + ∥O−O

(i)∥2F

+ 1Ωη
(O). (20)

We use the SVT algorithm introduced in [16] to obtain the
optimal clustering matrix. More precisely, let O(i,l) be the
clustering matrix at iteration l = 0, . . . , T2 of the SVT, in
which the initial value is obtained by O(i,0) = O(i). Then,
for matrix Y of size N × Kmax, we employ the following
iterative sequence at the central server to obtain a low-rank
solution to (20).

Y(t) = Dβi,ρ(O
(i,l) +

2

βi
O

(i)
), (21a)

O(i,l+1) = PΩη
(Y(t)), (21b)

where Dβi,ρ(·) is the soft-thresholding operator at level ρ,
which is defined by

Y(t) = Dβi,ρ(O
(i,l) +

2

βi
O

(i)
) := U(Σ− ρ

βi
I)+V

H, (22)

the operation a+ = max{0, a} is applied element-wise to the
matrix, and UΣVH represents the singular value decompo-
sition of matrix O(i,l) + 2/βiO

(i)
. Moreover, PΩη

(Y(t)) is
the projection operator that maps the matrix Y(t) onto the
feasible set Ωη . We perform this entire procedure for T2
iterations to obtain the optimal low rank clustering matrix
by O(i+1) = O(i,T2). At this point, K = ∥O(i+1)∥∗ and
Sn ∈ Ck∗

n
where k∗n = argmaxk [O(i+1)]n maps the cluster

affiliation of segment n. Here, n is the row index and k is the
column index of matrix O(i+1).

The overall procedure is summarized in Algorithm 1. In the
next section, we provide the theoretical analysis regarding the
convergence of Algorithm 1.

V. THEORETICAL ANALYSIS

In this section, we provide theoretical analyses of the
proposed joint learning and clustering in Algorithm 1. The
convergence of the framework is analyzed and the computa-
tional and communication complexity is presented.

A. Convergence Overview

Algorithm convergence refers to the process by which an
iterative algorithm gradually leads the algorithm to a stable
solution. After a certain number of iterations, further iterations
yield minimal changes and the improvement in the objective
function becomes negligibly small. This indicates that the
algorithm has effectively settled into an optimal or near-
optimal state.
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Algorithm 1 Pseudo-code of joint learning and clustering.
1: Input: segments n ∈ [N ], test dataset Xn, clusters k ∈

[K] initial cluster model parameters θ̂k number of parallel
update rounds T

2: k∗n = argmink∈[K]F (θ̂k,Xn), ∀n ∈ [N ]
3: for i = 0, 1, ..., I − 1 do
4: for k ∈ [K] in parallel at j = 0, ..., T1 − 1 do
5: Vk ← random set of vehicles {vn} in segments n

such that k = k∗n
6: Vk ← |Vk|
7: transmit θ(i,j)k,v ← θ

(i,j)
k to vehicles Vk

8: for vehicle v = 1, ..., VK in parallel do
9: θ

(i,j)
k,v = θ

(i,j)
k,v − γti∇F (θ

(i,j)
k,v ;X (i,j)

k,v )
10: end for
11: transmit θ(i,j)k,v to central server
12: θ

(i,j+1)
k = 1

Vk

∑Vk

v=1 θ
(i,j)
k,v

13: end for
14: θ

(i+1)
k ← θ

(i,T1)
k

15: O
(i)

= Φ(Θ(i+1),XS)

16: Θ(i+1) = [θ
(i+1)
1 , . . . ,θ

(i+1)
K ]

17: for l = 0, ..., T2 − 1 do
18: Y(t) = Dβi,ρ(O

(i,l) + 2
βi
O

(i)
)

19: O(i,l+1) = PΩη
(Y(t))

20: end for
21: O(i+1) ← O(i,T2)

22: K ← ∥O(i+1)∥∗
23: k∗n ← argmaxk [O(i+1)]n , ∀n ∈ [N ]
24: end for
25: Output: K, {k∗n}, Θ(I)

From a practical standpoint, convergence has a direct impact
on system performance. Algorithm convergence establishes
the stability of the algorithm. A converging algorithm can
reduce the frequency of model updates, which is especially
beneficial in settings like FL, where communication overhead
is a concern. When convergence is achieved, the models can be
updated less frequently without compromising performance,
minimizing communication overhead and computational costs.

B. Convergence Analysis

In this section, we prove the convergence of the proposed
joint learning and clustering in Algorithm 1. To start with,
we need to make the necessary assumptions for our proposed
algorithm to converge. The assumptions relate to the loss func-
tion and the gradients and are standard in the literature [30],
[31].

Assumption 1. (Bounded Loss Function) There exists a
constant F ∗ such that F (θ;X ) ≥ F ∗ for all θ and X .

Assumption 2. (L-Smoothness) We say that loss function
F (θ;X ) is L-smooth for all θ and w if

Fk(θ) ≤ Fk(w) + (θ −w)⊤∇Fk(θ) +
L

2
∥θ −w∥2, (23)

where Fk(θ) := F (θ;Xk) for k ∈ [K].

Assumption 3. (Strongly Convex) Loss function F (θ;X ) is
µ-strongly convex for all θ and w if

Fk(θ) ≥ Fk(w) + (θ −w)⊤∇Fk(θ) +
µ

2
∥θ −w∥2, (24)

where Fk(θ) := F (θ;Xk) for k ∈ [K].

Assumption 4. (Gradient Divergence) Let ∇F k(θ) :=

E∥∇F (θ(i,j);χ(i,j)
k )∥, where expectation is over the distri-

bution of the dataset Xk. Then, the variance of stochas-
tic gradients in each cluster is bounded E∥∇F (θ;χ(i,j)

k ) −
∇F k(θ)∥2 ≤ σ2

k for k ∈ [K].

Assumption 5. (Bounded Variance) The expected squared
norm of stochastic gradients is uniformly bounded
over all the communication rounds and updates, i.e.,
E∥∇F (θ(i,j);χ(i,j)

k )∥2 ≤ G2 for k ∈ [K], and j ∈ [T1].

Recall that these are standard assumptions in the ML
literature [30], [31]. Now we are ready to present the main
result. In the following proposition, we prove that Algorithm 1
converges to a critical point of the Lagrangian function (12)
under Assumptions 1-5.

Proposition 2. Let (Θ(i),O(i))∞i=1 be the sequence generated
by Algorithm 1 and step size αi and βi be selected such that∑∞

i=1 αi ≤ ∞ and
∑∞

i=1 βi ≤ ∞. Under Assumptions 1-5,
the sequence asymptotically converges to a critical point of
the Lagrangian function L(O,Θ), i.e., for Θ̃ = limi→∞ Θ(i)

and Õ = limi→∞ O(i), we have

∂L(Θ̃, Õ) = 0, (25)

with probability of at least 1−
∑∞

i=1
e−c̃3α2

i

i2 .

Proof. The proof of Proposition 2 is provided in Section VIII.

In Section VI, we empirically assess the performance of the
proposed Algorithm 1 by providing comprehensive numerical
experiments.

C. Computational Complexity Analysis

In this subsection, we analyze the computational complex-
ity of Algorithm 1, which integrates proximal alternating
minimization, SVT, and FedAVG. Algorithm 1 implements
FedAVG across K different clusters, each containing multiple
vehicles that perform local updates. The vehicles compute
local updates based on their collected data, with the compu-
tational complexity for local updates on each vehicle being
O(d|θ′|). Here, d is the number of data points in each client,
and |θ′| is the length of the the model parameters vector θ′,
transmitted to the central server. Here, we abuse the notation
and exclude the indices for iteration (i, j), cluster k, and
vehicle v for clarity, because they are not important in this
context. The computational complexity for local updates in
one vehicle is

O(IT1Ed|θ′|).

Here, I is the number of iterations in the proximal alternating
minimization, T1 is the number of iterations for the FedAVG
and E is the number of local epochs.
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Fig. 3. A map of the area where the data in [17] were collected. The exact locations of where the data was collected are marked with blue dots, creating
the trajectory of the loop that the vehicles were driving in. The selected segments are illustrated by the squares, 100 by 100 meters large. Additionally, one
example of a cluster is attached for illustrative purposes, marked by the black squares.

Each vehicle then sends its local updates to the central
server, which aggregates the updates from all vehicles in each
cluster. The number of vehicles, or clients, participating in
the training process in cluster k at iteration i of the proximal
alternating minimiation is expressed by V(k,i). The aggregation
step at the central server involves summing the updates from
all vehicles, which yields a complexity of

O(T1|θ′|
I∑

i=0

Ki∑
k=1

V(k,i)).

The matrix in (22) on which SVT is performed has dimen-
sions N×K, where K < N . The SVT algorithm addresses the
proximal operator in the alternating minimization framework,
where the primary computational step includes singular value
decomposition (SVD), thresholding, and reconstruction. The
computational complexity of performing SVD on an N ×K
matrix is O(NK2), given that K < N . The thresholding step
is O(K), and the reconstruction step is O(NK2). Therefore,
the overall complexity of SVT is dominated by the SVD step,
resulting in O(NK2). This clustering process is repeated for
IT2 times, where T2 is the number of clustering iterations.

Combining the complexities of SVT and FedAVG, the over-
all computational complexity of the algorithm at the central
server can be summarized as

O(IT2NK
2
max + T1|θ′|

I∑
i=0

Ki∑
k=1

V(k,i)), (26)

with the aggregation step being less computationally intensive.

D. Communication Complexity Analysis

In this subsection, we analyze the communication cost of
Algorithm 1. We multiply the number of parameters |θ′| by
the bits per element b to calculate bits transmitted per link

b|θ′|.

We communicate the model parameters θ′ in the uplink to
aggregate the Ki cluster models at the central server, on the

proximal alternating minimization iteration i. The aggregated
Ki cluster models are then transmitted to the clients V(k,i) for
T1 training iterations and I iterations of proximal alternating
minimization. This leads to one transmission in the uplink
for each client V(k,i), and one transmission in the downlink
for each cluster Ki. Here, V(k,i) represents the number of
participating clients in the training procedure of the predictive
model in cluster k at iteration i. This leads to the total
communication cost(

Ki +

Ki∑
k=1

V(k,i)

)
T1b|θ′|, (27)

at iteration i. The sum
∑Ki

k=1 V(k,i) is relatively constant as
vehicles enter and exit the cluster. However, notice that as
the number of clusters Ki decreases with iteration i, the
communication cost decreases.

The Shannon-Hartley theorem can be used to evaluate the
computational complexity as

C =
1

L

(
Ki +

Ki∑
k=1

V(k,i)

)
T1b|θ′| = B log2(1 + SNR), (28)

where C is the channel capacity in bits per second, L is
the latency, B is the bandwidth and SNR is the signal-to-
noise ratio. With the expression in (28), one can investigate
how the number of clusters affects the relationship between
the bandwidth and the latency for a known SNR. As Ki

decreases with the iterations i, the communication complexity
will decrease for each until convergence is reached.

VI. NUMERICAL EVALUATION

To evaluate the efficiency of our proposed predictive frame-
work, we conduct experiments with real-world measurements.
This section first describes the environment of our numerical
evaluation and then presents the results.
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Fig. 4. The mean absolute percentage error (MAPE) as a function of
the proximal iterations. The zeroth cluster iteration indicates the MAPE of
the global predictive model, obtained prior to segmentation. Five parallel
experiments with prediction horizon the graph of h = 1s are conducted
with different segment sizes, labeled in the legend. Each proximal iteration
indicates a complete iteration of proximal alternating minimization. Among
the five different sizes, the segment size of 100 meters learns to predict QoS
most effectively while achieving convergence. The approaches using other
segment sizes also converge but do not achieve as low MAPE as the approach
with 100 meters segment size.

A. Experimental Environment

To assess the efficacy of our proposed pQoS framework,
we conduct an empirical study. We focus on the comparative
analysis of the performance between the proposed clustered
predictive models and a single global predictive model by
leveraging the collected data from [17]. The collection of this
dataset has been carried out using user equipments (UEs),
connected to a public network, positioned in four vehicles.
The vehicles were navigating on a 17km circuit within central
Berlin depicted in Fig. 3, encompassing diverse environments
such as a highway, tunnel, park, and residential area. Concur-
rently, global positioning system (GPS) data detailing position
and speed have been recorded. All data has been sampled
at a frequency of one second. The data acquisition spans
multiple parameters, including physical layer attributes and
radio resource control metrics during uplink and downlink
transmissions in numerous cells across two different public
network operators. To avoid different underlying data distri-
butions affected by unknown information, such as antenna
placement, etc., we focus our experiments on the operator
referred to as operator 1 in the dataset. An alternative approach
to handling two different operators would include the operator
ID as an input feature to the prediction algorithm. However,
in this experiment, we focus on providing a proof of concept
of our predictive algorithm and simply chose to study operator
1.

The experiment is conducted on an NVIDIA A100 GPU
cluster. The computational environment includes 8 GPUs with
40GB VRAM, and 2 CPUs of the model AMD Epyc 7742 with
1TB RAM. The models are implemented using TensorFlow
with CUDA 12.1.1 for GPU acceleration. Training of the
neural networks is performed with a learning rate of 10−3,
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Fig. 5. The number of clusters plotted as a function of the proximal iterations,
from the results of the same experiment as plotted in Fig. 4. Five parallel
experiments with prediction horizon h = 1s are conducted with different
segment sizes, labeled in the legend. Each proximal iteration indicates a
complete iteration of proximal alternating minimization. The plot indicates
that the number of clusters converges with the iterations of our solution.

batch size of 8, for 30 epochs. Regarding the dataset, 80% of
the data within each segment is used for training and 20% is
used for testing.

In our experimental evaluation, we focus on throughput
as the measure of QoS, with the objective of predicting
downlink throughput over a time horizon of h seconds. The
input data features, denoted as X (t), include physical layer
metrics, throughput, position, hour of the day, and speed of
the vehicle from five consecutive historical samples. Using
these input features allows the models to capture differences
in vehicular traffic behavior which might affect mobile traffic
patterns across different periods. For example, the differences
between hours with low traffic and rush hours. Our primary
task is to determine the optimal parameters θk, ∀k ∈ [K] for
the predictive function, as described in (1).

An MLP with three hidden layers of 256, 256, and 128
neurons is incorporated for the pQoS model ω and the loss
function f(y, ŷ) in (4) is selected as the mean squared er-
ror (MSE). To initiate the predictive framework, the global
predictive model θ is trained on data from the entire area in
Fig. 3. Next, the global geographical region of the dataset is
split into square segments, marked by squares in Fig. 3. At
this point, all segments are supplied with the global predictive
model, creating one cluster per segment such that Kmax = N
with cluster models θk = θ. Here, our predictive framework
is implemented to train the predictive models θk and optimize
the number of clusters K.

To lower the communication cost presented in Eq. (27) and
the computational cost in Eq. (26), we implement transfer
learning [32], meaning that we only update the last layer
in the predictive model. This means that we only need to
transmit and train the last layer of the MLP, which lowers the
complexities by lowering |θ′|. In this way, we keep the general
QoS dynamics learned by the global model but personalize the
predictive to each cluster by training the last layer of the MLP.
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Fig. 6. The bandwidth in logarithmic scale as a function of the latency in
milliseconds. The plot is based on (28). It illustrates the communication cost
based on the number of clusters obtained for each proximal iteration plotted
in Fig. 5 for the segment size of 100 meters. Moreover, we set the SNR = 10
dB to obtain this result. The plot illustrates how the communication cost
decreases with the number of proximal iterations, and motivates to optimize
the number of clusters.

B. Results

To investigate how the end performance of our framework
is affected by the size of the geographical segments, we run
five parallel experiments with 50, 75, 100, 150, and 200
meters as sizes of the square segments. The performance of
the framework depending on the segment size is compared
numerically in Fig. 4 using a prediction horizon of h = 1
second. To evaluate the performance of the pQoS model in
this figure, we use the mean absolute percentage error (MAPE)
accuracy metric as a function of the number of proximal
alternating minimization iterations i.

The convergence of our proposed algorithm is verified
through Fig. 4. The zeroth iteration represents the performance
of the global model, which uses data from the global area
to train and perform inference. The MAPE of the algorithm
using a segment size of 100 meters decreases rapidly during
the first two proximal iterations. After the second iteration, the
algorithm starts to converge and the MAPE stabilizes for the
upcoming proximal iterations. The pQoS framework finally
scores a MAPE of 9.09%. Fig. 3 includes one example of an
identified cluster of segments, marked by black squares, at the
last iteration with a segment size of 100 meters.

TABLE II
A TABLE OF THE AVERAGE NUMBER OF DATA POINTS IN EACH CLUSTER

AT THE LAST PROXIMAL ITERATION FOR THE EXPERIMENTS WITH
DIFFERENT SEGMENT SIZES DEPICTED IN FIG. 4 AND FIG. 5.

Segment size [m] 50 75 100 150 200
Data points 1685 3009 3170 3969 5461

The implementation using the other segment sizes of 50, 75,
150 and 200 meters also converge. However, they converge to
a higher MAPE. This illustrates how the performance of the
proposed algorithm is affected by the size of the geographical
segments. Our interpretation of the results is that with too
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Fig. 7. A plot of how the MAPE converges with the proximal iterations
for different prediction horizons, using the segment size of 100 meters.
Specifically, the graph of h = 1s is the same graph as in Fig. 4 with segment
size of 100 meters. The plot demonstrates how the MAPE increases with the
prediction horizon, indicating that the autocorrelation of the QoS decreases
with increasing prediction horizon h.

small segments, there is not enough training data to represent
the underlying distribution of the data within the segment. As
the segment size increases, the number of data points in the
cluster increases. This realization can be made by observing
Table II. The number of data points affects both how a segment
is clustered and how well the training procedure can learn from
the acquired data. However, if the size of the geographical
segment is too large, we believe that concept drift is present
within the segment. As the presence of concept drift in QoS
data in vehicular cases has been demonstrated in [11], it is
a reasonable explanation. This emphasizes the importance of
finding an adequate size of the segment.

In a restricted global region, the number of clusters is
also affected by the segment size. The number of clusters is
illustrated as a function of the proximal iterations in Fig. 5.
The initial number of clusters is indeed affected by the
segment size. However, we can see that the number of clusters
converges with the proximal iterations. After five iterations,
the numbers of clusters are 23, 27, and 39. We can verify
with Fig. 4 and Fig. 5 that our proposed framework for pQoS
establishes joint convergence on prediction error and number
of clusters.

To visualize how the optimization of the number of clusters
affects the downlink communication cost, we use the expres-
sion derived in (28). The sum

∑Ki

k=1 V(k,i), corresponding to
the uplink communication cost, is neglected since it can be
seen as a constant over the iterations. We plot the bandwidth as
a function of the latency for SNR = 10dB in Fig. 6. The results
are plotted for the number of clusters Ki at iteration i. We use
the number of clusters Ki obtained in Fig. 5 for a segment
size of 100 meters. The figure demonstrates how the bandwidth
decreases with the proximal iterations, for a specific latency
and SNR. Since K1 = 189 and K5 = 27, the communication
cost after iteration i = 5 is K1/K5 = 7 times cheaper than
after iteration i = 1. This motivates the optimization of the
number of clusters. If we observe Fig. 4, it is obvious that
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the prediction error is kept relatively constant after proximal
iteration i = 2. By only observing the prediction error,
it is not clear why optimizing the number of clusters is
useful. However, by realizing that the communication cost
is decreased by a factor of 7, it is clear that optimizing the
number of clusters is beneficial.

The behavior of our proposed algorithm is also examined
over several different prediction horizons h = [1, 5, 10, 20]
seconds for the segment size of 100 meters. The results are
plotted in Fig. 7. This plot indicates that the prediction accu-
racy decreases as the prediction horizon increases. However,
our proposed method still converges.

To further investigate the performance of the proposed
pQoS framework, we continue the numerical evaluation by
comparing our framework with some benchmarks for pQoS.
First, we implement the most simple predictor, which assumes
that the future throughput to predict is equal to the throughput
at the current time. We will refer to this approach as the
naı̈ve predictor. The other benchmark we consider is the global
predictive model, using data from the entire geographical area
to train and perform inference. We use the global predictive
model trained before constructing the segments, which we
already have from before. We will refer to this approach as
the global predictor. Global predictors using MLPs have been
used extensively in previous works, as discussed in Section II.
Our proposed model is referred to as the clustered model.

To provide a meaningful benchmark, we also include a com-
parison using k-means clustering. In this predictive approach,
segments are clustered using k-means in the same number
of clusters as determined by our best performing predictor
using a segment size of 100 meters. That is 27 clusters. Then,
we create 27 predictive MLPs, identical to the ones used for
our clustered predictive model. These MLPs are also trained
locally on vehicles in each cluster and aggregates using FL,
just as our clustered predictive approach.

We compare the performance of our proposed pQoS al-
gorithm, the clustered predictor, with the naı̈ve predictor,
global predictor, and k-means predictor by Fig. 8. The plot
presents the cumulative distribution function (CDF) of the
absolute percentage error for the different predictors. The
naı̈ve predictor has the lowest performance, which is expected
and reassuring because it implies that predictive efforts are
justified. The CDF of the global predictor is slightly lower
than the clustered predictor, meaning that it is outperformed
by the clustered predictor. The k-means prediction algorithm
performs quite similar to the global model. However, the CDF
reveals that the clustered predictive model is more likely to
provide predictions with lower absolute percentage error. Ad-
ditional numerical results are provided in Table III including
the MAPE and mean absolute error (MAE) as performance
metrics. The results indicate an advantage for the proposed
clustered predictive framework. Our approach outperforms the
k-means predictive method, which is quite close to the global
predictor in performance. More specifically, our clustered
predictive model reduces the MAPE by 8%, and the MAE
by 7%, compared to the global predictive approach from
previous studies. Ultimately, all numerical results demonstrate
the advantage of our proposed clustered predictive framework
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Fig. 8. A plot of the (cumulative distribution function) CDF of the absolute
percentage error to compare our proposed clustered predictive algorithm, the
global predictor, and the naı̈ve predictor. In this comparison, the prediction
horizon is set to h = 1s, and the segment size for the clustered approach is 100
meters. The naı̈ve predictor, assuming the current throughput is equal to the
future throughput, obtains the worst performance. The performance of the k-
means algorithm is slightly better than the global predictive model. However,
the clustered predictive algorithm has superior performance compared to the
global and k-means predictors since it has a higher probability of achieving
a lower absolute percentage error.

TABLE III
THE MAPE AND MAE OF THE GLOBAL AND CLUSTERED MODELS,

COMPARED TO THE NAÏVE PREDICTOR.

Model MAPE [%] MAE [MBit/s]
Clustered predictive models 9.09 4.22
K-means predictive model 9.79 4.52
Global predictive model 9.91 4.54

Naı̈ve predictor 11.98 5.77

under concept drift.

VII. CONCLUSION

QoS data for vehicular scenarios generally contain non-
IID characteristics and concept drifts. Such properties cause
difficulties in applications demanding predictions of the QoS.
To address this issue, this work investigates an approach to
decrease the effects of concept drift and data heterogeneity
in pQoS. The foundational idea relies on that concept drift is
caused by varying environments. Our solution is to provide a
pQoS model that lets the predictive model belong to a smaller
geographical region, rather than using the same model for all
locations. Our framework creates small geographical segments
and clusters segments with similar data. We construct a
predictive model for each cluster. Each cluster model is trained
collaboratively by the vehicles in the cluster using FL. The
predictive loss function and the number of clusters are jointly
optimized using proximal alternating minimization, alternating
between FL and SVT. We perform a theoretical analysis that
provides convergence guarantees under general assumptions.
Furthermore, we provide analyses of the computational and
communication complexities. Ultimately, we demonstrate that
our approach improves prediction accuracy compared to a
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global predictive model commonly used in previous work for
pQoS. With numerical evaluations, we show that the algorithm
converges in terms of prediction error and number of clusters.
By plotting the communication cost, we show that optimizing
the number of clusters decreases the communication cost of
our algorithm.

From our results, it is obvious that the selection of the seg-
ment size is crucial. For future work, it would be interesting to
further investigate how the segment size affects the end perfor-
mance. It would be beneficial to obtain theoretical guidelines
for selecting the segment size and to allow adaptive updates
of the segment size. Furthermore, the numerical evaluation
shows that a longer prediction horizon increases the prediction
error. This motivates future work to handle QoS predictions
on longer time horizons.

VIII. APPENDIX

A. Proof of Proposition 2
For the proof, we first obtain an upper bound on the

distance between two consecutive sequences for the iterative
procedure in (15). Then, we show that the accumulated values
of distances over an infinite number of iterations are bounded.
More precisely, let Θ∗ := Θ∗(i+1) and O∗ := O∗(i+1) be the
minimizers of (15) at iteration i. Also, Θ(i+1) and O(i+1) are
obtained from (16) and (20), respectively. We first obtain an
upper bound on the distance between O(i+1) and O(i). In this
regard, we have that

∥O(i+1) −O(i)∥2 ≤ ∥O(i+1) −O∗∥2+∥O∗ −O(i)∥2. (29)

Here, we used triangle inequality. Since O(i+1) is the outcome
of the SVT algorithm, we can use the following theorem to
obtain an upper bound on the first term at the right-hand side.

Theorem 1. ([33, Theorem 1]) Let {O(i,l+1),Y(t)}T2
t=1 be

produced by (21). If supt δt < 2, then

∥O∗ −O(i+1)∥2 ≤ c̃∑T2

t=1 δt
, (30)

where c̃ is a constant independent of T2 and δt is the step size
for the SVT algorithm.

Hence, by substituting (30) with δt = 1 into (29), we obtain
the following.

∥O(i+1) −O(i)∥2 ≤ c̃

T2
+∥O∗ −O(i)∥2. (31)

Now, we need to obtain an upper bound on the distance
between Θ(i+1) and Θ(i). To this end, similar to (29), we
have

∥Θ(i+1) −Θ(i)∥2 ≤ ∥Θ(i+1) −Θ∗∥2 + ∥Θ∗ −Θ(i)∥2.
(32)

From the FedAVG step, we have the following results on the
model parameters.

Lemma 1. Let F ∗ and F ∗
k be the minimum values of F and

Fk, and Γ = F ∗ −
∑K

k=1 F
∗
k . Under Assumptions 2-5, for all

t ∈ [T1], with probability at least 1− e−c̃3α
2
i /i2, we have

∥Θ(i+1) −Θ(∗)∥2 ≤ 4KmaxB(c̃1 + 1)

µ2(T1 + ς)
+ αiΥi, (33)

where ς = max{8L/µ,E} − 1, and B =
∑K

k=1
σ2
k

K2 + 6LΓ+

8(E − 1)2G2 and Υi = J2
√
2 ln i.

Proof. See Appendix VIII-B.

Next, Lemma 1 yields the following inequality.

∥Θ(i+1) −Θ(i)∥2 ≤ B̃

T1 + ς
+ αiΥi + ∥Θ∗ −Θ(i)∥2, (34)

where B̃ = 4KmaxB(c̃ + 1)/µ2. Afterwards, by summing up
both sides of inequalities in (34) and (31), we have that

αi

2
∥Θ(i+1) −Θ(i)∥2 + βi

2
∥O(i+1) −O(i)∥2 ≤

B̃αi

2(T1 + ς)
+
βic̃

2T2
+
α2
i

2
Υi +

αi

2
∥Θ∗ −Θ(i)∥2,

+
βi
2
∥O∗ −O(i)∥2. (35)

The next step is to obtain an upper bound on the last two terms
on the right-hand side on (35). Therefore, from (15), we can
write that

L(Θ∗,O(i)) +
αi

2
∥Θ∗ −Θ(i)∥2 ≤ L(Θ(i),O(i)), (36)

L(Θ∗,O∗) +
βi
2
∥O∗ −O(i)∥2 ≤ L(Θ∗,O(i)). (37)

By summing up both sides of inequalities, we obtain the
following:

βi
2
∥O∗ −O(i)∥2 + αi

2
∥Θ∗ −Θ(i)∥2 ≤

L(Θ(i),O(i))− L(Θ∗,O∗). (38)

Hence, L(Θ(i),O(i)) does not increase. Next, we substi-
tute (38) into (35), which gives us:

αi

2
∥Θ(i+1) −Θ(i)∥2 + βi

2
∥O(i+1) −O(i)∥2 ≤

L(Θ(i),O(i))− L(Θ∗,O∗) +
B̃αi

2(T1 + ς)
,

+
βic̃

2T2
+
α2
i

2
Υi. (39)

Then, by performing a telescoping sum over the iterations, we
get the following:

∞∑
i=1

αi

2
∥Θ(i+1) −Θ(i)∥2 + βi

2
∥O(i+1) −O(i)∥2 ≤

L(Θ0,O0)− L∗ +
B̃

2(T1 + ς)

∞∑
i=1

αi,

+
c̃

2T2

∞∑
i=1

βi +

∞∑
i=1

α2
iΥi. (40)

The inequality in (40) holds with probability as least

1−
∞∑
i=1

e−c̃3α
2
i

i2
. (41)

Here, we used union bound for Lemma 1 which holds for all
i iterations. Note that setting a large enough initial value for
αi can ensure that the probability in (41) approaches one.
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Next, under Assumption 5 and considering the fact that ∥·∥∗
is a continuous function, we conclude that inf L(Θ,O) >
−∞. Moreover, because

∑∞
i=1 αi < ∞ and

∑∞
i=1 βi < ∞,

the right hand side of (40) is a finite number, i.e,
∞∑
i=1

αi

2
∥Θ(i+1) −Θ(i)∥2 + βi

2
∥O(i+1) −O(i)∥2 <∞.

Let γ̃ = mini{βi, αi} > 0. Then, we have

γ̃

2

∞∑
i=1

∥Θ(i+1) −Θ(i)∥2 + ∥O(i+1) −O(i)∥2 <∞.

Accordingly, we can deduce that

lim
i→∞

(
∥Θ(i+1) −Θ(i)∥+ ∥O(i+1) −O(i)∥

)
= 0. (42)

This proves the convergence. Based on the [15, Propostion
6] together with (42), we can deduce that Θ(∞) and O(∞)

approach a critical point of L(Θ,O), i.e., ∂L(Θ(∞),O(∞)) =
0, which concludes the proof.

B. Proof of Lemma 1

Since the variables Θ(i+1) and Θ∗ are random, we first
obtain an upper bound on the distance of their expected values.
We use the key lemmas from [34], which is stated below.

Lemma 2. Let Assumptions 2-5 hold. If the step size αi is
non-increasing and αi ≤ 1/4L, then it follows that

E∥θ(i,j+1) − θ∗∥2 ≤ (1− γtiµ)E∥θ(i,j) − θ∗∥2 + (γti )
2B,

(43)

where B =
∑K

k=1
σ2
k

K2 + 6LΓ + 8(E − 1)2G2 and Γ = F ∗ −∑K
k=1 F

∗
k with F ∗ and F ∗

k are the minimum values of F and
Fk, respectively.

Proof. This Lemma is the direct result of [34, Lemma 1-3].

For a diminishing stepsize, γti = 2/µ(t+ ς) for some ς > 0
such that γti ≤ 1/4L. Then we can show that E∥θ(i,j) −
θ∗∥2 ≤ ν/(t + ς) where ν = max{4B/µ2, (ς + 1)∆1} and
∆1 = E∥θ(i,1)−θ∗∥2. One can show this by induction. Indeed,
for t = 1 it holds because of the definition of ν. Next, we
assume that E∥θ(i,j)−θ∗∥2 ≤ ν

t+ς for some t. Then, Lemma 2
gives us the following inequality.

E∥θ(i,j+1) − θ∗∥2 ≤ (1− γtiµ)E∥θ(i,j) − θ∗∥2 + (γti )
2B,

=
t+ ς − 2

(t+ ς)2
ν +

4B

µ2(t+ ς)2
,

≤ t+ ς − 1

(t+ ς)2
ν,

≤ ν

t+ ς + 1
. (44)

Next, the parameter ν can be upper bounded as ν ≤ 4B/µ2+
(ς + 1)∆1, which yields

E∥θ(i,j) − θ∗∥2 ≤ 4B/µ2 + (ς + 1)∆1

t+ ς
. (45)

Then, assume ∆1 ≤ c̃24B/µ
2(ς + 1) for some c̃2. Conse-

quently, we get the following

E∥θ(i,j) − θ∗∥2 ≤ 4B(c̃1 + 1)

µ2(t+ ς)
. (46)

Now, to find the upper bound for the difference of θ(i,j) and
θ∗, we use the Hanson-Wright inequality stated below.

Theorem 2. With [35, Theorem 1.1] in mind, let ψ =
[ψ1, . . . , ψW ] ∈ RW be a random vector with independent
components ψ which satisfy E[ψ] = 0 and ∥ψ∥ ≤ J . Then,
for every ε > 0, we have

P{|∥ψ∥2 − E∥ψ∥2| > ε} ≤ 2e
−c̃3 min

(
ε2

WJ4 , ε
J2

)
, (47)

where c̃3 is a positive constant.

By letting ψ = θ(i,j)−θ∗ and setting J := maxi,j ∥θ(i,j)−
θ∗∥ over the entire procedure of learning, we use one-sided
version of the inequality in Theorem 2 to obtain the following
upper bound.

∥θ(i,j) − θ∗∥2 ≤ E∥θ(i,j) − θ∗∥2 + αiJ
2
√
2 ln i,

≤ 4B(c̃1 + 1)

µ2(t+ ς)
+ αiJ

2
√
2 ln i, (48)

with the probability at least

1− e−c̃3α
2
i 2 ln i ≥ 1− e−c̃3α

2
i

i2
. (49)

Since we have T1 communication rounds and Kmax clusters,
we can conclude that

∥Θ(i+1) −Θ(∗)∥2 ≤ 4KmaxB(c̃1 + 1)

µ2(T1 + ς)
+ αiΥi,

where Υi = J2
√
2 ln i for i > 1. Therefore, we can conclude

the proof.
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