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Abstract. Network slicing has emerged as a transformative technology,
offering the possibility of coexisting with multiple services with differ-
ent Quality of Service (QoS) requirements within the same infrastruc-
ture. The main challenge of vehicle-to-everything (V2X) network slicing
lies in developing an effective resource management approach. This ap-
proach should provide an adequate balance between optimizing the use
of resources and maintaining isolation between slices. One of the bench-
mark approaches used in the network slicing environment is strict slicing,
wwhich allocates a fixed proportion of the whole resource pool to each
slice throughout its lifetime. However, one of the limitations of this ap-
proach is the inefficiency of resource utilization, as each slice may not
utilize its resources 100% during its lifetime. In this paper, we propose
a flexible resource sharing mechanism based on deep reinforcement Q-
learning (QDRL-based resource sharing). This mechanism triggers shar-
ing between slices when there is an overloaded slice in the system while
maintaining high isolation. Experimental results show that our solution
is effective in terms of improving resource utilization and minimizing the
blocking probability of new calls and the handover dropping probability.

Keywords: Deep reinforcement leaning, Resource sharing, V2X, Net-
works slicing, 5G

1 Introduction

Since the dot-com bubble burst in 2000, technology has evolved dramatically and
had a huge impact on our daily lives and civilizations. The widespread adoption
of broadband internet has ushered in a new era in personal technology, with
more than half the world’s population now enjoying internet access. Over the
past two decades, technological advances have included the introduction of WiFi
6, the rollout of 5G networks and the increasing prevalence of Internet of Things
(IoT) devices.

Global efforts to move beyond 4G have been driven by the explosive growth
of data-intensive mobile applications (such as online gaming and live streaming)
and the IoT. The fifth-generation network, or 5G, is being promoted as a leading
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technology capable of meeting the throughput, latency, reliability, capacity and
mobility needs of a wide range of next-generation vertical applications, while
delivering high QoS [1].

Network slicing (NS) is seen as a paradigm that can enable 5G technology
to handle the heterogeneity of different 5G services. Network slicing involves
dividing a single 5G physical network into multiple isolated logical networks
of different sizes and configurations suitable for different types of services [2].
This allows 5G operators to create different service levels for different verticals,
enabling them to customize their operations accordingly [3]. Each individual
network slice has the ability to manage resources for its users independently of
other slices [4].

The emergence of V2X services (e.g. traffic safety and efficiency, autonomous
driving, remote diagnostics and management) has led academia and industry to
adopt network slicing as a leading solution to address the diversity of vehicle-to-
everything requirements. Indeed, the wide range of vehicle use cases raises the
need for four types of V2X network slices dedicated to each vehicle use case [5].
These four types include: the autonomous driving slice, the remotely controlled
driving slice, the vehicle infotainment slice, and the vehicle remote diagnosis and
management slice.

One of the challenging tasks in the network slicing environment is the man-
agement of resources between slices, which still attracts the attention of re-
searchers in the literature [6]. Moreover, fixed allocation is considered an ap-
propriate solution to provide complete isolation in the slicing environment, as
this solution does not allow resource sharing between slices. However, due to the
high mobility of the vehicular environment, static allocation becomes inefficient
to provide high performance in terms of resource utilization. In this context,
many studies on resource sharing have been published in recent years, and few
of them have focused on resource sharing in the vehicular environment. Fur-
thermore, it is a real challenge to establish an efficient mechanism for resource
sharing while maintaining a high level of isolation.

In this paper, we propose a novel V2X sharing mechanism that overcomes
the limitations and weaknesses of static allocation. To this end, we propose a
strategy based on deep Q-learning that aims to accept new calls and handovers
that have been rejected by the admission control of overloaded slices, using the
sharing mechanism.

The rest of the paper is organized as follows. Section 2 presents related work.
Section 3, the main part of the paper, is devoted to a detailed explanation of
our solution. Section 4 is designed to evaluate the performance of the proposed
solution. Section 5 concludes the paper and summarizes the strengths of our
proposal.

2 Related work

In this section, we present various studies that have addressed the issue of re-
source management in the context of network slicing.
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The work in [7] proposes an inter-slice resource management approach based
on a real-encoded genetic algorithm. The goal of this approach is to maximize
the number of users who obtain their required bitrate, while ensuring a high
isolation between the slices.

In [8], the authors have proposed a strict slicing strategy that prohibits any
sharing of resources between slices. This strategy allows complete isolation for
each slice. However, all sharing requests received under this strategy will be
rejected.This approach can result in inefficient resource utilization when some
slices have excess capacity while others face shortages.

In [9], the authors presented a solution called SoftSlice to facilitate the sharing
of radio resources. This solution consists of modelling user traffic within network
slices as a Markov process. It allows overloaded slices to borrow unused radio
resources from underloaded slices based on a predefined sharing agreement. This
solution may not be suitable for scenarios where maintaining high isolation is a
critical requirement.

The authors of [10] proposed two V2X resource borrowing schemes that use
negotiation games to reallocate resources from an overloaded slice when a sharing
request is received. The first scheme called NBS1 (Nash Bargaining solution for
game I), is based on a bargaining game which is a special form of cooperative
games. In this strategy, slices can engage in the bargaining game by offering
resources to overburdened slices, provided that they adhere to certain conditions.
It aims only to maximize the utility of the overloaded slice while respecting
the QoS of the handover request. In this scheme, each lending slice offers a
significant proportion of its resources to supply the entire amount requested for
the handover call. The second scheme aims to maximize the sum of the utilities
of the lending slices and the overloaded slice. This scheme seeks to establish a
balance between the resources required for the handover call in the overloaded
slice and the resources available in the lending slice. To solve the first problem,
the authors proposed a low-complexity heuristic algorithm, while the second
problem was addressed using the particle swarm optimisation (PSO) algorithm.

In [11], a resource scheduling algorithm based on dynamic scheduling is in-
troduced for V2X communications. This algorithm mainly improves the user
experience in three typical V2X services: basic safety services, advanced safety
services and traffic efficiency services.

The article of [12] proposes a joint video quality selection and resource al-
location technique aimed at maximizing the quality of experience (QoE). This
is achieved by taking advantage of the queue dynamics and channel state of
embedded devices, ensuring seamless video playback for these devices.

A mechanism for addressing communication in a V2X slicing environment
is proposed in [13]. The objective of the proposed mechanism is to improve the
packet reception ratio (PRR) in two logical slices: the autonomous driving slice
(exchange of safety messages) and the infotainment slice (provision of a video
stream).

The authors of [14] proposed a novel radio resource slicing framework to of-
fload the tasks of Ultra-Reliable Low Latency Communication (URLLC) service
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vehicles via a 5G slicing network. The optimization problem is formulated as a
Markov decision process, with deep reinforcement learning used to manage the
resource slicing while meeting the deadline requirements.

A reinforcement learning (RL) framework is proposed in [15] to dynamically
allocate computing and radio resources for Internet of Vehicles (IoV) services
that require different QoS requirements.

A dynamic resource allocation method is proposed in [16]. The proposed
method aims to gradually share the unused radio resources from the underloaded
slices to the overloaded slices until satisfying their needs or reaching the non-
sharing threshold. This approach effectively balances resource utilization but
may face challenges under highly dynamic network conditions.

3 QDRL-based resource sharing

The simplest solution for taking advantage of underloaded slices is to trigger the
resource sharing mechanism with overloaded slices in order to maximize the use
of resources in the system. Indeed, this solution improves the performance of the
vehicular network. Nevertheless, it can potentially lead to a strong degradation of
the isolation of the slicing environment, which means that the performance of the
underloaded slices will be strongly influenced by the overloaded slices. To address
this issue, we propose in this paper a flexible resource sharing mechanism, based
on deep reinforcement learning, called DRL-based sharing resource. The purpose
is to enable the resource sharing mechanism while maintaining high isolation
between all slices. We present the correspondence between the key elements of
reinforcement learning and the resource sharing problem. Furthermore, we detail
and explain our solution based on deep Q-learning (DQL).

3.1 Background on reinforcement learning approach

Reinforcement learning (RL) is considered as a general class of algorithms in
the field of machine learning, whose objective is to allow an agent to learn to
behave in an environment, where the only feedback consists of a scalar reward
signal. The agent’s main purpose is to take actions that maximize long-term
cumulative rewards, which is called the decision policy π. A Markov decision
process (MDP) is commonly used to model the interactions between an agent and
its environment. In general, a MDP model is formulated as follows: S represents
the finite space of states, A denotes the finite space of actions, P (s′|s, a) is the
probability that action (a ∈ A) in state (s ∈ S) at slot ”t” leads to state (s′ ∈ S)
at slot (t+1), R(s, a) is an immediate reward after performing action a in state
s, and γ ∈ [0, 1] is a discount factor to reflect the decreasing importance of the
current reward on future rewards. Moreover, the objective of the MDP model
is to find a policy a = π(s) which selects an action ”a” in state ”s” in order
to maximize the value function, which is defined as the discounted cumulative
reward expected by the Bellman equation as expressed by equation 1 [17].
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Q(st, qt) = (1− α)Qold(st, qt) + α(rt+1 + γ max
a∈A

Q(st+1, a)) (1)

where :

– Qold(st, at) is the old Q-value,
– Q(st, at) is the new value obtained after updating the old value of Q,
– α is the learning rate,
– γ is the discount factor that indicates the importance of future rewards,
– rt is the reward received as a result of the action at,
– max

a∈A
Q(st+1, a) is the estimate of the optimal future action.

The Q-learning algorithm is one of the free-model reinforcement learning
algorithms that stores the learned results of each state and action pair (also
known as the Q-value) in a Q-table [17]. However, one of the limitations of the
Q-learning algorithm arises when the state space is large, requiring significant
storage for the Q-table. As a result, the time required to explore each state to fill
the Q-table becomes unrealistic. Function approximation presents a more attrac-
tive alternative, as it gets around this issue by approximating Q-values, making
the task more manageable and scalable. In deep Q-learning, neural networks are
used to approximate the Q-function in the form Q(s, a; θ), where θ represents a
vector containing all the weights and biases of the neural network. This vector
θ parameterises the Q-function, and is the parameter that undergoes updates
during the learning process [18]. Therefore, the main part of the DQL solution
is the training process that optimizes the whole network by minimizing the loss
function. To this end, we intend to use the DRL method instead of using other
approaches with high computational complexity.

3.2 Mapping with the key elements of the MDP model

The mapping to the key elements of the MDP model is presented as follows:

– Station: In our problem, a state is composed of six elements, noted st where
:
• Wautonomous, Wtele−operated, Wmanagement and Winfotainment represent

the sum of all the percentages of resources shared by each respective
V2X slice.

• ”b” indicates the type of slice of the last accepted request, which may take
the values 1, 2, 3 or 4, respectively the autonomous driving slice, the tele-
operated driving slice, the remote vehicle diagnostics and management
slice or the vehicle infotainment slice, of the last accepted request.

• ”m” indicates the type of request, where "1" corresponds to a handover
request and "2" to a new call request.

– Action: Each action ai is represented by a set of percentages:
ai = [wi,1%, wi,2%, wi,3%, ..., wi,K%], where wi,k is the percentage taken
from the dedicated resources of the kth slice, offered to accept a request
from an overloaded slice. For example, a0 = [0%, 0%, 0%, ..., 0%] represents
an action which means rejecting the request.
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– Reward : The determination of the reward is based on factors such as the type
of sharing request, the type of overloaded slice and the isolation interference.
If the type of action is a0, which is interpreted as a direct rejection action, a
reward R = 0 is generated. The second part concerns the verification of the
satisfaction of the quantity of resources requested by the sharing request,
which checks whether the action has provided sufficient resources to accept
sharing as presented in equation 2.

xi =
K∑

k=1

min(Bk ∗ wi,k, Bk − Uk,t − (Bk ∗Wk)) (2)

where Bk is the number of resources dedicated to slice k, Uk,t is the number
of resources used by slice k at time t. However, if the resource offered is less
than the resource requested, the action is interpreted as a rejection and a
negative reward is generated. Otherwise, the sharing request is accepted and
the environment moves to the next state. In this new state, we will examine
whether each rejection in each slice that has shared part of its resources
wi,k > 0 by the last action is not a consequence of this shared part. Then,
if we find that the action does not lead to rejection in the lending slices, a
positive reward is generated, otherwise, a penalty is assigned. Therefore, we
assume that each received sharing request has a slice priority denoted by αk

and a request type priority denoted by pk, here αk, pk ∈ [0, 1]. The reward
is defined in equation 3.

R =


0 if ax = a0

Rmax ∗ pj ∗ αk if (Mk = xi ∧ No rejection is caused in the lender slices by ax)

C Otherwise
(3)

Rmax represents the maximum reward, and C indicates the penalty.

3.3 Reducing action space

In this subsection, if we denote the set of possible actions by A, where the
size of A (i.e. the number of possible actions) is NK , this means that each
action corresponds to a combination of N possible percentages that a slice can
offer for sharing, and that there are K slices in the network. The main purpose
of reducing the action space is to eliminate infeasible sharing decisions. As a
result, we can improve the chances of making the optimal sharing decision. The
proposed method for reducing the action space consists of two parts:

1. Classification of prior actions
In this step, we classify the entire action space into a separate action space
for each slice. We check whether an action can satisfy the amount of resources
requested by a slice. If so, we add it to its action space. Moreover, in this
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part we calculate the amount of resources offered by each action in the entire
action space according to the equation 4.

Xoffered =
K∑

k=1

Bk ∗ wi,k (4)

In the second part, we evaluate the relevance of each action created to be
added to the action space of a slice. To do this, we consider two types of
slice:
– First case: when a slice reaches the maximum number of connections

Nmax that it can accept simultaneously and has no resources left, as
expressed by the equation 5.

Bk −
Nmax∑
n=1

bk = 0 (5)

where

Nmax = INT (
Bk

bk
)

bk represents the data rate dedicated to every connection accepted in
slice k.
In this scenario, when a slice k is overloaded, it no longer has any re-
sources to offer itself. Therefore, we only include in the action space of
slice k those actions which suggest that the overloaded slice offers itself
a percentage of resources, where wx,k = 0% as expressed in equation 6.

Ak = {ax ∈ Ak | wi,k = 0 ∧Xoffered = Xrequested} (6)

– Second case: when a slice reaches the maximum number of connections
it can accept simultaneously, but still has a certain amount of resources,
which are not sufficient to accept another connection as shown in equa-
tion 7.

Bk −
Nmax∑
n=1

bk > 0 (7)

In this scenario, to use the remaining available resources in the over-
loaded slice and avoid wasting them, we not only include actions sug-
gesting that the overloaded slice offers itself 0% of the resources, but we
also add actions suggesting that it offers itself all the available resources.
These available resources represent a percentage of all the resources ded-
icated to this slice, the number of which is calculated according to the
equation 8.

Resavailable = Bk −
Nmax∑
n=1

bk (8)
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We can then calculate the percentage of resources available using the equa-
tion 9.

Peravailable =
Resavailable ∗ 100

Bk
(9)

We then use the equation 10 to perform the classification.

Ak = {ax ∈ Ak | (wx,k = 0 ∨ wx,k = Peravailable)∧(Xoffered = Xrequested)}
(10)

2. Elimination of unfeasible actions
In this step, we aim to reduce the action space by removing sharing deci-
sions that are not feasible, meaning that not all actions can be applied in
each state. The proposed action elimination method consists of the following
phases:
(a) Let’s consider Ak = {a1, . . . , an} as the action space of the kth slice,

which represents the overloaded slice for which we have received the
sharing request.

(b) We examine the feasibility of a sharing decision (ax ∈ Ak) by checking
whether wx,k exceeds the threshold of (100−Wk) as expressed in equation
11.

Ak = {ax ∈ Ak | wx,k ≤ (100−Wk)} (11)

(c) Then, if slice k is of type 2, is overloaded and requests sharing, and its
rk > 0 indicates that it has already shared the available resource, we
eliminate all the actions in its action space which propose a wx,k greater
than 0%. Otherwise, we eliminate the actions whose wx,k = 0. Equation
12 illustrates the formal passage through this phase.

Ak =

{
{ax ∈ Ak | wx,k = 0} if Wk > 0

{ax ∈ Ak | wx,k = Peravailable} Otherwise
(12)

4 Performance evaluation

To evaluate the proposed resource sharing solution in a V2X environment, we
use the OMNET++ 6.0 simulator with Simu5G [19] for 5G network communi-
cations and Sumo [20] for vehicle mobility on roads. We consider a map area of
3×2.5 km2, and cover it with 3 cells each with a transmission range of 1 km. The
amount of dedicated resources for the 4 V2X slices in each cell is B = 150Mbps.
We implement our DQL model using the Keras open source library (Python).
Therefore, to facilitate the interaction between the DQL model and the simu-
lation of vehicular communications, we used text files to implement a commu-
nication mechanism between the OMNeT++ (C++) simulator and the Keras
(Python) library.
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To illustrate the performance of our contribution, we compared it with other
approaches described in the literature: strict slicing strategy [8] , NBS1 [10], and
SoftSLICE [9] in terms of resource utilization, handover dropping probability,
and new Call blocking probability.

4.1 Simulation environment

We carried out a series of simulations to evaluate each performance criterion
and calculated the average value of the results obtained. We varied the vehicle
arrival rate (λ) to create different scenarios. We considered only the tele-operated
driving slice and the autonomous driving slice that have the ability to request
sharing in case of overload. It is essential to note that the vehicle can have several
admitted flows simultaneously, each with its own distinct slices. Therefore, each
cell will have its own deep Q-learning agent responsible for the sharing process.
It is important to mention that we used an agent in the simulations, which
underwent a training phase until it demonstrated relatively consistent rewards.
The parameters used for these simulations are shown in Table 1.

Table 1. Simulation parameters

Parameters Values
Slice k Slice capacity Bk Required data rate Priority αk

Autonomous driving slice 0.25*B 10 Mbps α1 = 0.5

Tele-operated driving slice 0.4*B 20 Mbps α2 = 1

Vehicle remote diagnostics and management slice 0.1*B 1 Mbps ///
Vehicular infotainment slice 0.25*B 5 Mbps (web browsing) ///

Rmax 10
C −1×Rmax

Percentage of values that the slice can offer via an action 0%, 5%, 10%, 15%, cdots, 40%

ph 1

pn 0.6

4.2 Simulation results

In this section, we present the results obtained after a series of simulations and
compare the results obtained by our proposal with those provided by strict slicing
strategy [8], NBS1 [10], and SoftSLICE [9]. In this work, we define overloaded
slices as those unable to accept additional new calls or handover requests using
their dedicated resources, and have the permission to request sharing from other
slices within the same cell, referred to as lender slices.
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Resource utilization
Figure 1 shows that the SoftSlice solution has the highest resource utilisation, as

it only evaluates the availability of resources within the same cell when processing
a sharing request, without taking into account the importance of maintaining a
high level of isolation between different slices. When the arrival rate increases,
the method we propose comes close to the results of the SoftSlice scheme. This is
because a higher arrival rate leads to a greater number of sharing requests in the
network, allowing our solution to accept requests that do not compromise the
performance of the lender slices. In addition, our solution outperforms the NBS1
solution because it allows the exchange of resources between slices for both the
new calls and handover requests when slices are overloaded. In contrast, NBS1
only allows resource sharing for handover requests. On the other hand, the strict
slicing scheme gives the lowest results in terms of resource utilisation due to its
global strategy of isolating resources between slices, which prohibits the sharing
of resources between slices.

Fig. 1. Resource utilization vs. Vehicle arrival rate

Handover dropping probability
Figures 2 and 3 show that our solution outperforms SoftSlice in reducing the

probability of dropping handover calls in overloaded slices due to the fact that
SoftSlice does not prioritise handover requests. In addition, we note that the
NBS1 solution achieves the lowest probability of handover dropping out in over-
loaded slices thanks to the sharing made from lending slices only for handover
requests, which makes it possible to accept a greater number of these requests.
However, when the probability of handover dropping is reduced in overloaded
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slices, the performance of the lending slices degrades considerably in NBS1.
In contrast, our approach minimizes the probability of handover dropping in
overloaded slices while causing only a slight degradation in the performance of
lending slices, thus maintaining a high level of isolation between slices. Further-
more, we can conclude that our solution achieves the lowest handover dropping
probability in lending slices compared to other strategies that propose the shar-
ing resources between slices. This is due to the deep learning agent, which has
learned during the training process to avoid sharing actions that result in a
higher probability of handover dropping out in lending slices.

Fig. 2. Handover dropping probability in the overloaded slices

New Call blocking probability
Figures 4 and 5 illustrate that the SoftSlice scheme has the lowest probability

of blocking new calls in overloaded slices compared to all other schemes. This
is because our solution prioritizes handover requests over new calls. In addi-
tion, the NBS1 solution does not allow the sharing of resources for the new calls
in overloaded slices. Furthermore, while our approach significantly reduces the
probability of blocking new calls in overloaded slices, there is a slight deterio-
ration in the probability of blocking new calls in lending slices. On the other
hand, when the probability of blocking new calls in lender slices increases, the
SoftSlice scheme has a substantial impact on the isolation between slices. For
the strict slicing and NBS1 schemes, both exhibit the highest new call blocking
probability in overloaded slices. This can be explained by the fact that these
schemes deny any sharing of resources for the new calls of the overloaded slices.
In addition, NBS1 still results in a significant degradation of the new call block-
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Fig. 3. Handover dropping probability in the lender slices

ing probability in lending slices due to the fact that resources are shared with
handover requests from overloaded slices.

Fig. 4. New call blocking probability in overloaded slices
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Fig. 5. New call blocking probability in lender slices

5 conclusion

This article focuses on the 5G V2X slicing environment. Specifically, to meet the
challenge of managing bandwidth-constrained resources, an effective dynamic
resource management policy is essential for 5G V2X slicing. This policy must
take into account a number of factors, including efficiency, isolation and flexi-
bility. Our deep reinforcement learning solution triggers the sharing process for
overloaded slices, in order to reduce the probability of blocking new calls and
the probability of dropping handover calls, while taking into account the main-
tenance of high isolation between slices. To do this, we modelled the problem as
a Markov decision process. Next, we introduced a new resource sharing strategy
using deep Q-learning. This approach is used to develop a policy for handling
sharing requests from overloaded slices.

The obtained results showed that the proposed approach achieves a balance
between increasing resource utilization and maintaining a high level of isolation,
compared to the strict slicing, NBS1, and SoftSlice schemes. Future perspectives
of this work include considering the sharing between slices of neighboring cells,
to further enhance resource utilization.
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