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Abstract
Vehicle-to-Vehicle (V2V) communications are mainly used in exchanging data safety driving information among the neighboring vehicles which requires Ultra-Reliable and Low-Latency Communication (URLLC). In view of this, an efﬁcient resource slicing mechanism is required to allocate resources to V2V links considering the required transmission reliability and
latency. Recently, many works have considered the shared resources approach where each V2V link decides the allocated
resources in a decentralized manner to improve the spectrum efﬁciency. However, sharing resources among vehicles causes
interference which may violate the required transmission reliability. To this end, in this paper, we propose a resource slicing
algorithm in which the next Generation Node B (gNB) allocates orthogonal Resource Blocks (RBs) to each V2V link to mitigate the interference caused by sharing resources and hence improve the transmission reliability. Considering the dynamic
nature of V2V networks and to improve the spectrum efﬁciency, the gNB updates the allocated resources to each V2V link
periodically. To achieve that, we leverage the capability of the reinforcement learning (RL) algorithms in doing decisions
by interacting with the environment to design a resource slicing algorithm that considers the channel state of each V2V link.
Simulation results show the performance of the proposed algorithm.
Keywords - V2V communication, URLLC, resource slicing, reinforcement learning.

1.

Introduction

channels are shared among vehicles to improve spectrum efﬁciency. However, this degrades the transmission reliability
due to the interference among V2V links.
Motivated by the aforementioned facts, we propose an
efﬁcient resource slicing framework in which the gNB allocates dedicated resources to each V2V link based on the
trafﬁc and channel state of each V2V link to ensure the required transmission reliability. To improve the spectrum efﬁciency, the allocated resources are updated dynamically at
each time slot based on the current network state. In doing
so, we propose a reinforcement learning-based algorithm
that can interact with the network environment and do decisions based on the current network state. In the proposed
algorithm, the reward function is designed to consider the
required transmission reliability of each V2V link. Furthermore, leveraging the 5G New Radion (NR) numerologies,
the generated packets at each vehicle are immediately transmitted over short transmission time intervals (sTTI) to satisfy the required latency.

Recently, vehicle-to-vehicle (V2V) communications have
attracted attention as a key enabler of intelligent transportation systems. In this regard, reliable and low latency communication is required to allow efﬁcient cooperation among
vehicles. Many applications could be supported in vehicular networks such as information dissemination, internet access, mobility enhancement, and accident alarming [1, 2].
Recent advances in cellular networks have been considered a promising solution to achieve high reliability, low
latency communications in highly-dynamic environments.
In the ﬁfth-generation (5G) wireless networks, vehicles are
allowed to communicate with each other directly through
the licensed cellular spectrum which is controlled by the
gNB. Compared to the IEEE 802.11p based communication,
which is a contention-based communication, cellular-based
V2V communication has a higher data rate, lower latency,
and higher reliability [3, 4].
Works on V2V communication have gained attention in
both academia and industry in recent years. For instance, the
authors in [5] derived the lower bound of the tradeoff among
the spectrum efﬁciency, reliability, and latency. They formulated an optimization problem to ﬁnd the optimal frame
design aiming at minimizing the transmission latency. The
work in [6] considered the joint communication mode selection and resource allocation in V2V based internet of vehicle
networks. The objective is to satisfy the required reliability
and latency of V2V links while maximizing the sum data
rate of the internet of vehicles network. Most recent studies
on V2V communications have considered that the frequency

2.

System Model

We consider a wireless network, where a number of vehicles
communicate with each other under the coverage of a gNB
as shown in Fg. 1. Let N , and K denote the set of V2V
links, and the set of the available RBs at the gNB for the
V2V communications, respectively. Each vehicle transmits
short packets size with a ﬁxed length of μ. RBs are allocated
to each V2V link by the gNB. We consider the Finite Block
Length (FBL) in calculating the data rate of each V2V link
due to the short length of the generated packets at each vehi1
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cle. Therefore, the achievable data rate of the nth V2V link
in the FBL regime is approximated as [7, 8]
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The agent (gNB) chooses a policy π(a, s) = {πkn , ∀k ∈
K, n ∈ N }, where πkn is the probability of allocating the RB
k to v2v link k. Speciﬁcally, the gNB observes the network
state s(t) and selects an action based on the policy. Next,
the reward R(t) is calculated from (5). Finally, a new policy
is learned in the next time slot based on the feedback from
the environment.
Let Qπ (s, a) denote the Q-function which measures the
quality of an action a(t) at a given state s(t), deﬁned as
∞


π
Q (s, a) = E
γ(t)R s(t), a(t) |s0 = s, π . (6)

where Nk is the set of RBs assigned to the k th V2V link and
|Nk | is the cardinality; Q−1 (·) is the inverse of the Gaussian
Q-function, f is the RB bandwidth, hk is the channel gain,
pk is the transmission power, and k is the transmission error
probability,
We deﬁne the transmission reliability of each V2V link
in terms of the probability of transmission error k of each
V2V link. Therefore, resources are allocated to each V2V
link such that
k ≤ max
(2)
k , ∀ k ∈ K,
where max
is the maximum allowed transmission error
k
probability of the k th V2V link. The data rate of the k th
V2V link in (1) can be expressed as
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where τ is the transmission time which equals the sTTI
length, and lk (t) is the number the number of generated
packets at the k th V2V link. Accordingly, the reliability constraint in (2) can be expressed as
⎛
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The Q (s, a) function is calculated using the Bellman
equation [9, 10]:



Qπ (s, a) = E R s(t), a(t) + Qπ s(t + 1), a(t + 1) .
(7)
The Q-function can be iteratively estimated using the
Bellman equation as


Qt+1 (s, a) = E R(t) + max Qt (s(t + 1), a(t))|s(t), a(t) .
a(t+1)

(8)

The -greedy exploration method is considered to allow
the agent to randomly select an action with a probability
. In this method, the agent chooses the current estimated
action with probability 1 −  [9].
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in real-time by interacting with the environment making it
an appropriate choice to work along in addressing resource
allocation issues and decision making under uncertainty. In
general, a RL algorithms are deﬁned by the action space A,
state space S, and reward R(t). A RL algorithm can take an
action a(t) ∈ A given a state s(t) ∈ S and gets the reward
R(t).
State space: we consider the state space as the state of
each V2V link, i.e., number of generated packets and channel variations, at each time slot (decision epoch). Therefore,
at time slot t, the state is given as s(t) = {lk (t), hk (t), ∀k ∈
K}.
Action space: we deﬁne z as an K × N binary indicator
matrix, such that zk,n indicates whether RB n is assigned to
V2V link k. Thus, the action space can be deﬁned a(t) =
{zk,n (t), ∀k ∈ K, n ∈ N }.
Reward: considering the required transmission reliability of each V2V link, we deﬁne the reward function as
⎛
⎞
k ln 2
ln(1 + γk (t)) − τμfkzlk,n
(t)
⎠ .

max
− Q⎝
R(t) =
k

Figure 1: System model.
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Proposed RL-Based Resource Slicing Algorithm
4.

In this section, we propose a RL-based algorithm to obtain
a dynamic and real-time resource slicing for V2V communications. In particular, RL algorithms can make decisions

Performance Evaluation

In this section, we evaluate the performance of the proposed
resource slicing algorithm. Several vehicles that communi2
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In this paper, we have studied the resource slicing problem
in V2V communication networks. In particular, we have
proposed a RL-based algorithm that allows the gNB to allocate orthogonal resources to each V2V link to ensure the
required transmission reliability. Moreover, the required latency is ensured by transmitting the generated packets at
each vehicle immediately over sTTI. We have provided simulation results to validate the efﬁciency of the proposed algorithm in satisfying the required transmission reliability.
In future work, we will consider the coexistence problem of
eMBB users and V2V communications. A deep RL-based
algorithm would be considered to solve such a complicated
problem.
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