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Abstract—V2X communication has been studied to increase 
road safety and traffic efficiency, and the most recently 
standardized technology is NR-V2X developed by third 
generation partnership project (3GPP). NR-V2X supports two 
modes of communication mode 1 and mode 2. In mode 2, 
vehicles reserve the resources based on their local observations 
using semi-persistent scheduling (SPS). In this method, if two 
or more vehicles select the same resource, a continuous resource 
collision occurs, and it makes communication performance 
greatly degraded. To overcome this, we propose a resource 
allocation method using multi-agent reinforcement learning 
(MARL). As agents, vehicles that transmit periodic cooperative 
awareness messages (CAM) are modeled. The state is composed 
of the received signals strength indicator (RSSI) that the agents 
received from each resource, and we set the total sum rate of all 
agents as the shared reward. The proposed method is compared 
with the random resource allocation in a highway scenario. The 
results show that the proposed method outperforms in terms of 
throughput performance. 

Index Terms—New Radio vehicle-to-everything (NR-V2X), 
Resource Allocation, Deep reinforcement Learning 

I. INTRODUCTION 
Vehicular communication technology has steadily 

emerged for the purpose of increasing road safety and traffic 
efficiency. Accordingly, IEEE introduced Dedicated Short 
Range Communication (DSRC), the first vehicular 
communication standard in 2010[1]. However, DSRC 
couldn’t show good performance in terms of reliability and 
Quality-of-Service (QoS) due to the dynamic characteristics 
of the vehicular environment[2]. Therefore, 3GPP introduced 
a new vehicular communication standard NR-V2X in release 
16, that can achieve higher performance and also be able to 
cover every V2X communication such as Vehicles-to-
Pedestrian (V2P), Vehicles-to-Vehicles (V2V), and Vehicles-
to-Infrastructure (V2I). In V2X communication, the resource 
allocation method greatly affects the V2X communication 
performance, and 3GPP proposes two resource allocation 
methods, Mode 1 and Mode 2[3]. 
• Mode 1: A technique in which vehicles within range of 

a Base Station (BS) are allocated resources with the 
support of the BS. 

• Mode 2: SPS technique in which each vehicle detects 
resources by itself without BS support, and selects an 
appropriate resource to utilize repeatedly for a certain 
period of time. 

However, since wireless resources are always in a non-
stationary environment, there are always performance 
limitations in mode 2[4]. In order to overcome the above 
limitations, a lot of research has been conducted on resource 
allocation methods using reinforcement learning (RL) in the 

V2X environment, and these are some examples of which are 
as follows. 

H. Ye et. al. proposed a MARL DQN structure that can be 
applied to both V2V unicast and broadcast communication 
where a V2I link exists [5]. Each V2V link was modeled as a 
DQN agent, and each V2V transmitter vehicle was modeled 
as a DQN agent. Their research was a way to improve not 
only the communication performance of V2V but also the 
V2I. However, in the learning process of DQN, the 
throughput and sum rate of V2V communication were not 
considered, only latency constraints were considered as a 
reward. And also, since they didn’t show throughput-related 
performance in a broadcast environment, it is difficult to 
measure the throughput performance in a V2V broadcast 
environment.  M. M. Saad et. al. proposed a discrete power 
control technique using RL in LTE-based C-V2X 
communication [6]. They modeled each transmitting vehicle 
as an agent of DQN and utilized a multi-agent reinforcement 
learning (MARL) DQN structure that receives shared rewards 
as feedback. However, since communication performance 
degradation due to interference is inevitable in adjusting the 
transmission power only, it is more inefficient than selecting 
different sub-channels within wireless resources. Y. Yuan et. 
al. proposed a method of performing both resource selection 
and continuous power control for V2V by utilizing DQN and 
DDPG together in a V2V unicast environment where a V2I 
link exists [7]. They regarded the transmitting and receiving 
vehicles as a pair of V2V links, and modeled them as DQN 
agents. They also utilized the MARL DQN structure that 
receives shared rewards as feedback. However, since they 
considered unicast V2V link only, didn’t mention the 
broadcast environment. 

In this paper, we have proposed a resource allocation 
method using MARL DQN in an NR-V2X broadcast 
environment. We aimed to improve the overall throughput 
performance of the NR-V2X broadcast scenario by modeling 
each transmitting vehicle as an agent and setting the average 
throughput of all vehicles as a reward. In the remainder of this 
paper is organized as follows. Section II presents the system 
model. Section III presents deep reinforcement learning-
based mechanism we propose. Section IV presents the 
performance evaluation by a comparison of throughput 
performance with the random resource selection scheme 
according to whether or not NLOSv is considered. Finally, 
the conclusion is drawn in Section V. 

II. SYSTEM MODEL 
We assumed a 6-lane highway environment in which 𝑁𝑁𝑇𝑇𝑇𝑇 

transmitting UEs among 𝑁𝑁  UEs share 𝑀𝑀  resources in the 
same resource pool. The lane width is 4m on a 1km long 
highway, and vehicles move to the right on the upper 3 lanes 

17979-8-3503-3538-5/23/$31.00 ©2023 IEEE ICUFN 2023



and on the left on the lower 3 lanes. We considered two 
scenarios where the speed of vehicles is 30 km/h and 70 km/h, 
and the location of the vehicles is updated every 50ms. If the 
vehicle crosses the road boundary, it is set to appear again on 
the opposite side of the same lane so we keep the number of 
vehicles on the road the same. 

There are 𝑁𝑁𝑇𝑇𝑇𝑇 transmitting UEs which periodically 
broadcast CAM messages using 𝑀𝑀  resources, and these 
transmitting UEs are not changed during DQN training 
session. Fig 1 below shows the road environment when 
𝑁𝑁𝑇𝑇𝑇𝑇 = 4. 

 

  

We assumed 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇
𝑖𝑖  as 𝑖𝑖𝑡𝑡ℎ transmitting UE and 𝑈𝑈𝐸𝐸𝑅𝑅𝑅𝑅

𝑛𝑛  as 𝑛𝑛𝑡𝑡ℎ 
receiving UE. In this case, when we set the throughput 
between 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑖𝑖  and 𝑈𝑈𝐸𝐸𝑅𝑅𝑅𝑅
𝑛𝑛  as 𝑇𝑇𝑇𝑇𝑃𝑃𝑖𝑖,𝑛𝑛, it can be expressed as 

below. 

𝑇𝑇𝑇𝑇𝑃𝑃𝑖𝑖,𝑛𝑛 = 𝑊𝑊 ∙ log2(1 + 𝑆𝑆𝑆𝑆𝑆𝑆𝑅𝑅𝑖𝑖,𝑛𝑛) (1) 

 𝑊𝑊 means the bandwidth of the utilized wireless resource, 
and 𝑆𝑆𝑆𝑆𝑆𝑆𝑅𝑅𝑖𝑖,𝑛𝑛 means the SINR between transmitter 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑖𝑖  and 
receiver 𝑈𝑈𝐸𝐸𝑅𝑅𝑅𝑅

𝑛𝑛 . Interference used in calculating SINR 
considers only CAM messages of other transmitting UEs 
using the same resource. When we set the transmission power 
of UEs as 𝑃𝑃𝑇𝑇𝑇𝑇 and channel gain between 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑖𝑖  and 𝑈𝑈𝐸𝐸𝑅𝑅𝑅𝑅
𝑛𝑛  as 

ℎ𝑖𝑖,𝑛𝑛,  𝑆𝑆𝑆𝑆𝑆𝑆𝑅𝑅𝑖𝑖,𝑛𝑛 can be expressed as below. In this case, 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇
𝑖𝑖  

broadcasts its CAM messages using 𝑚𝑚𝑡𝑡ℎ resource. 

𝑆𝑆𝑆𝑆𝑆𝑆𝑅𝑅𝑖𝑖,𝑛𝑛 = 𝑃𝑃𝑇𝑇𝑇𝑇 ∙ ℎ𝑖𝑖,𝑛𝑛

𝜎𝜎2 + ∑ 𝜌𝜌𝑘𝑘[𝑚𝑚] ∙ 𝑃𝑃𝑇𝑇𝑇𝑇 ∙ ℎ𝑘𝑘,𝑛𝑛
𝑁𝑁𝑇𝑇𝑇𝑇
𝑘𝑘=1
𝑘𝑘≠𝑖𝑖

  (2) 

𝜎𝜎2 means the noise power, and 𝜌𝜌𝑘𝑘[𝑚𝑚] is an indicator which 
means whether 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑘𝑘 has used the 𝑚𝑚 ∈ [1,2, … , 𝑀𝑀]𝑡𝑡ℎ 
resource or not. If 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑘𝑘  has used the  𝑚𝑚𝑡𝑡ℎ resource, 𝜌𝜌𝑘𝑘[𝑚𝑚] 
represents 1, otherwise 0. And also, 𝑅𝑅𝑅𝑅𝑆𝑆𝐼𝐼𝑖𝑖[𝑚𝑚], which means 
the RSSI received by 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑖𝑖  from 𝑚𝑚𝑡𝑡ℎ  resource can be 
expressed as below. At this time, the received power for the 
message transmitted by itself is excluded from RSSI 
measurement. 

𝑅𝑅𝑅𝑅𝑆𝑆𝐼𝐼𝑖𝑖[𝑚𝑚] = ∑ 𝜌𝜌𝑘𝑘[𝑚𝑚] ∙ 𝑃𝑃𝑇𝑇𝑇𝑇 ∙ ℎ𝑘𝑘,𝑖𝑖

𝑁𝑁𝑇𝑇𝑇𝑇

𝑘𝑘=1
𝑘𝑘≠𝑖𝑖

 (3) 

III. DEEP REINFORCEMENT LEARNING 
We modeled 𝑁𝑁𝑇𝑇𝑇𝑇  number of transmitting UEs as agents, 

and each agent performs an action in the direction of 
maximizing the Q-value through its own state. The agent can 
notice the least utilized resource through its own state 
information, and appropriate action can be performed within 
the action space {1,2, . . . , 𝑀𝑀}. When we set the state of agent 
𝑖𝑖 as 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑒𝑒𝑖𝑖 , it can be expressed as below. 

State𝑖𝑖 = {𝑅𝑅𝑅𝑅𝑆𝑆𝐼𝐼𝑖𝑖[1], … , 𝑅𝑅𝑅𝑅𝑆𝑆𝐼𝐼𝑖𝑖[𝑀𝑀]} (4) 

After all the agents take action, the shared reward is 
calculated as the mean of the average throughput of all agents 
for the receiving vehicles. For the throughput calculation, 
only vehicles within the communication range of each 
transmitting UE are considered. When we set the number of 
receiving UEs located within the communication range of 
𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑖𝑖  as 𝑁𝑁𝑖𝑖, the average throughput 𝑇𝑇𝑇𝑇𝑃𝑃𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
  of 𝑈𝑈𝐸𝐸𝑇𝑇𝑇𝑇

𝑖𝑖  can 
be expressed as below. 

𝑇𝑇𝑇𝑇𝑃𝑃𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
 = 1

𝑁𝑁𝑖𝑖
(∑ 𝑇𝑇𝑇𝑇𝑃𝑃𝑖𝑖,𝑟𝑟 

𝑁𝑁𝑖𝑖

𝑟𝑟=1
) (5) 

And shared reward 𝑅𝑅𝑠𝑠ℎ can be expressed as below. 

𝑅𝑅𝑠𝑠ℎ =  
1

𝑁𝑁𝑇𝑇𝑇𝑇
(∑ 𝑇𝑇𝑇𝑇𝑃𝑃𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

 
𝑁𝑁𝑇𝑇𝑇𝑇

𝑖𝑖=1

) (6) 

IV. PERFORMANCE EVALUATION 
In the highway scenario shown in Fig. 1, we compared the 

communication performance between the case of resource 
allocation using the proposed DQN method and the case of 
random resource allocation. At this time, the performance 
was shown by changing the number of vehicles, the 
communication range of the transmission vehicle, and 
whether or not NLOSv was considered. NLOSv was 
considered by referring to the ETSI TR document [8], 
assuming that each vehicle is a circle with a radius of 1.5m, 
and attenuating the channel gain by 6.9dB for each number of 
vehicles existing between the transmitting and receiving UE. 
As a channel model, the WINNER + B1 channel was used 

for path loss calculation, and time-correlated fast fading was 
considered. DQN was trained for 10,000 episodes, and each 
episode consisted of 50-time steps. Detailed parameters are 
shown in table I below. 

TABLE I 
SIMULATION PARAMETERS 

Center frequency 5.9 GHz 

No of Resources 𝑀𝑀 4 

Noise power 𝜎𝜎2 -114 dBm 

Channel WINNER + B1 

No of Vehicles 𝑁𝑁 80, 160 

No of Tx Vehicles 𝑁𝑁𝑇𝑇𝑇𝑇 4 

Communication range {50, 100}m 

Vehicle speed {30, 70}km/h 

 
Fig 2 shows the CDF distribution of the throughput when 

80 vehicles, 50 m of communication range, and 30 km/h of 
vehicle’s speed are set. The red line indicates resource 
allocation using the proposed DQN, the black line indicates 
random resource allocation, solid line, and the dashed line 
indicates whether NLOSv is considered or not. Before and 
after NLOSv's consideration, DQN showed much better 
performance than the random resource allocation. The 

Fig. 1. Assumed road environment 
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average throughput of DQN and random resource allocation 
in the case of not considering NLOSv is 178, 109, and the 
case of considering NLOSv is 160, 100 Mbps. In both cases, 
DQN showed about 60% better throughput performance than 
the random resource allocation.  
When comparing the results of the 5%-tile throughput, the 

performance difference between DQN and random allocation 
is being more clear. In the case of DQN, it shows about 116 
and 39 Mbps before and after the  NLOSv consideration. 
However, the random scheme showed about 0.3 Mbps 
regardless of  NLOSv consideration, which is a significantly 
low value compared to DQN method. Thus, it is confirmed 
that the use of DQN method is much better than random 
resource allocation. 

 
Fig. 2. CDF of 𝐓𝐓𝐓𝐓𝐏𝐏   

 
In addition, we analyzed the change in throughput 

performance when several parameters related to the 
environment were changed. Such as the number of vehicles, 
communication range, and speed of vehicles. Table II shows 
the average and 5%-tile throughput values for the changes in 
the parameters mentioned above. In this case, NLOSv was not 
considered. 
Table II shows that the performance degradation was the 

most severe when the communication range was changed. 
This is because vehicles far from transmission UE are also 
used to calculate throughput. In contrast, the parameter that 
showed the least variation in throughput performance when 
changed was the vehicle's speed. 

TABLE II 
THP PERFORMANCE FOR PARAMETERS [Mbps] 

 Baseline Veh num 
80 → 160 

Comm 
range (m) 
50 → 100 

Veh speed 
(km/h) 

30 → 70 
Mean 178 170 115 181 

5%-tile 116 104 109 119 

V. CONCLUSION 
In this paper, a resource allocation method using RL in NR-

V2X broadcast communication environment is presented. 
MARL DQN was used as the RL structure, and vehicles that 
transmit periodic CAM messages were modeled as agents. By 
comparing the throughput performance of  DQN based 
scheme and random resource allocation in highway scenario, 
it is confirmed that the DQN based scheme showed much 
better performance. 
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