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Abstract. In Internet of Vehicles (IoV), beam tracking for multiple
vehicles is a challenging topic due to the nonlinear mobility and inter-
vehicle interference (IVI). This paper considers the scenario that multiple
vehicles with high mobility are periodically served by the radiated beams
of millimeter wave (mmWave) massive multiple-input multiple-output
(MIMO) systems. The main objective is to maximize the probability
of successful information transmission in each beam tracking period,
where successful transmission is defined by signal-to-interference-plus-
noise ratio (SINR) exceeding a threshold. Based on deep reinforcement
learning, we propose a position prediction and joint selection (PPJS)
scheme for beam selection of multiple vehicles in consideration of both
the coverage and IVI. On one hand, long short-term memory (LSTM)
network is employed to predict the future trajectory in upcoming beam
tracking period for providing better beam coverage. On the other hand,
multi-layer perception (MLP) network is designed to select the served
beams by taking into account the IVI, where the vehicles are divided
into clusters and the objective of beam tracking in each cluster is decom-
posed to reduce the scheme complexity. Simulation results demonstrate
that the proposed PPJS scheme performs better than both the tradi-
tional position-based algorithm and deep Q-learning (DQN) algorithm.

Keywords: Internet of Vehicles · Beam tracking · Deep reinforcement
learning

1 Introduction

The Internet of Vehicles (IoV) is one solution to the Ultra-Reliable and Low
Latency Communications (URLLC) scenarios in the next generation mobile com-
munication [1,2]. The main objectives of IoV are to improve the transportation
efficiency, traffic safety and quality of information services on vehicles. In order
to improve the communication quality of high-speed multi-vehicles, millimeter
wave (mmWave) [3] and massive multiple-input multiple-output (MIMO) are
adopted for IoV [4]. On one hand, mmWave frequency has a large bandwidth,

c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2022

Published by Springer Nature Switzerland AG 2022. All Rights Reserved

H. Gao et al. (Eds.): ChinaCom 2021, LNICST 433, pp. 291–305, 2022.

https://doi.org/10.1007/978-3-030-99200-2_23

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-99200-2_23&domain=pdf
https://doi.org/10.1007/978-3-030-99200-2_23


292 B. Cheng et al.

which can provide high transmission rate according to Shannon formula; on
the other hand, the extremely narrow beams generated by massive MIMO base
station (BS) can provide high transmission gain. However, due to high-speed
mobility of vehicles, it is difficult to guarantee the accurate coverage in time;
meanwhile, dense vehicle distribution leads to the high inter vehicle interference
(IVI) [5]. In order to balance the coverage and IVI for multiple vehicles, beam
selection technology is significant for mmWave massive MIMO in IoV [6,7].

In the existing literature, beam selection for mmWave systems has been stud-
ied in the context of traditional communication scenario. A single beam selection
scheme has been studied by tracking the users’ path with analog beamforming
architecture, which is realized by extended Kalman filter (EKF) [8]. But con-
ventional filter scheme is mainly fit for stationary channels, which can not be
directly applied for the terminals, such as vehicles or users with nonlinear trajec-
tory. Therefore, the classical approaches, e.g., EKF and particle filter (PF), are
modified for non-stationary scenarios, as well as reinforcement learning (RL)-
based approaches are introduced for typical intersection scenario [9]. Taking
into account mobility, a two-phase RL framework is studied to perform adaptive
beam selection [10]. In this two-phase scheme, the inner agent adjusts the beam
direction based on instantaneous signal-to-interference-plus-noise-ratio (SINR)
reward, and the outer agent selects the number of utilized antennas based on
long-term SINR reward. However, the IVI among vehicles has not been consid-
ered in both [9] and [10].

In this paper, the mmWave and massive MIMO are employed to serve multi-
ple vehicles on the considered road segment. In order to improve the transmission
quality by considering both the beam coverage and IVI, we propose a position
prediction and joint selection (PPJS) scheme. In the proposed PPJS scheme, long
short-term memory (LSTM) network is employed to predict the future vehicle
trajectory, based on which we can improve the beam coverage; meanwhile the
multi-layer perception (MLP) network is adopted to jointly select beams for
minimizing the IVI among vehicles with low complexity, where multiple vehicles
are divided into clusters and the objective in each cluster is decomposed. The
simulation results indicate that the PPJS algorithm achieves better transmission
quality than other compared schemes. In addition, the influence of beam width
and the size of discrete beam direction set are discussed under different setups
of moving condition, which provides a reference for practical systems.

The rest of the paper is organized as follows. Section 2 illustrates the IoV
system model served by mmWave massive MIMO; Sect. 3 formulates the prob-
lem for beam selection based on reinforcement learning; The PPJS scheme is
proposed in Sect. 4; Sect. 5 presents our simulations and corresponding analysis
before summarizing our conclusion in Sect. 6.

2 System Model

As shown in Fig. 1(a), we consider a IoV scenario where the BS employing
mmWave and NBS uniform linear array (ULA) antennas simultaneously serves
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K single-antenna vehicles. The BS is located on the top of a rectangle road
with the coordinate of [hr

2 , hd], where [0, 0] and [hr, 0] are the range of single
lane road, and hd is the distance between the BS and lane. The coordinates of
the K moving vehicles are [xk, 0] (k ∈ {1, 2, · · · ,K}). We assume that the BS
periodically changes the beams to provide coverage and reduce IVI for vehicles.
As shown in Fig. 1(b), a beam selection period consists of I uplink intervals and
J downlink intervals, and a time interval lasts for Ti seconds. The vehicles could
periodically report their locations to the BS by uplink and the BS intelligently
selects the beams for the downlink data transmission.

Fig. 1. Beam selection scenario and frame structure.

2.1 Channel Model

We assume that the channels from the BS to the vehicles satisfy the standard
Line of Sight (LoS) path-loss model. Therefore, the complex channel vector
between the BS and the kth vehicle at the jth downlink interval of the tth
beam selection period can be written as

ht,j,k = αt,j,k

[
1, e−j 2π

λ d cos δt,j,k , · · · , e−j 2π
λ d(NBS−1) cos δt,j,k

]T

, (1)

where δt,j,k denotes the angle of departure (AoD) of the signal from the BS to
the kth vehicle at the jth interval of the tth selection period; αt,j,k is the channel
fading coefficient; d = λ

2 denotes the antenna spacing of ULA antennas with the
carrier wavelength λ [11].
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2.2 Signal Model

In order to reduce the system complexity, the discrete beams are generally
adopted in practical systems, i.e.,

v(φ) =
1√
NBS

[
1, e−j 2π

λ d cos φ, · · · , e−j 2π
λ d(NBS−1) cos φ

]T

, (2)

where φ is the beam direction, which belongs to

Φ = {φ1, φ2, · · · , φM} , (3)

and M is the total number of beam directions.
Assume that φt,k ∈ Φ is the beam direction of the kth vehicle at the jth

interval of the tth selection period; st,j,k ∈ C with |st,j,k| = 1 denotes the
transmitted modulation symbol; equal power p is allocated for each vehicle at
the BS in every interval. The received signal of the kth vehicle at the jth interval
of the tth selection period is given by

yt,j,k =
√

phH
t,j,kvt,k (φt,k) st,j,k +

K∑
i=1,i �=k

√
phH

t,j,kvt,i (φt,i) st,i + wt,j,k, (4)

where wt,j,k is the complex additive white Gaussian noise (AWGN) and follows
CN (

0, σ2
)
,

Based on (4), we can obtain the SINR

ζt,j,k(φt,k) =
p

∣∣∣hH
t,j,kvt,k (φt,k) st,j,k

∣∣∣
2

p
∑K

i=1,i �=k

∣∣∣hH
t,j,kvt,i (φt,i) st,j,i

∣∣∣
2

+ σ2

. (5)

From (5), we know that accurate beam coverage can increase the SINR, while
IVI can decrease it.

Because the downlink interval is very short, the SINR can be regarded as a
constant. If the SINR exceeds a given threshold ζth, the received signal can be
considered to be decoded successfully, which is indicated by

at,j,k(φt,k) =
{

1, ζt,j,k(φt,k) ≥ ζth,
0, else. (6)

By improving the transmission quality for multiple vehicles, the objective of this
paper is to maximize the successful transmission probability, i.e.,

max
φt,k∈Φ

⎧
⎨
⎩

1
KJ

K∑
k=1

J∑
j=1

at,j,k(φt,k)

⎫
⎬
⎭ . (7)
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3 Problem Formulation

3.1 Deep Beam Selection Model

We use RL to formulate the beam selection problem. The basic elements of the
beam selection problem are given as follows.

• State set: In order to efficiently cover the vehicles, the BS should predict the
future vehicle positions according to their history trajectories. Therefore, we
assume the state set to be

S = {st | st = [xt,1,xt,2, · · · ,xt,K ]} , (8)

where xt,k = [xt−th,k, xt−th+1,k, · · · , xt,k]T, xti,k is the kth vehicle’s location
at the tth beam selection period, and th represents the number of history
selection periods.

• Action set: The actions are defined to be a set of beam directions for K
vehicles, i.e.,

A =
{
at | at = [φt,1, φt,2, · · · , φt,K ]T

}
, (9)

where φt,k denotes the beam direction of the kth vehicle at selection period t.
• Reward: The instant reward of K vehicles is defined as the average successful

transmission probability in the tth beam selection period, i.e.,

rt =
1

KJ

K∑
k=1

J∑
j=1

at,j,k(φt,k). (10)

3.2 Beam Selection Problem

Assume the beam selection strategy is π : S → A, and based on the above model,
the cumulative successful transmission probability in T beam selection periods
can be defined as

Rπ(τ) =
T∑

t=0

γtrt, (11)

where τ = [s0,a0, r0, s1,a1, r1, · · · , sT ,aT , rT ] is a trail under beam selection
strategy π, and γ represents the discount factor.

The objective of this paper is to maximize the average cumulative successful
transmission probability J(π) for any trail τ , i.e.,

J(π) = Eτ∼p(τ) [Rπ(τ)]

= Es∼p(s0)

[
Eτ∼p(τ)

[
T∑

t=0

γtrt | τs0 = s

]]

� Es∼p(s0) [V π(s)] ,

(12)

where p(τ) is the probability of beam selection trail. Therefore the optimal beam
selection strategy is

π∗ = arg max
π

J(π) = arg max
π

V π(s). (13)
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4 PPJS Scheme Based on Deep Reinforcement Learning

As shown in Fig. 2(a) to solve the formulated problem in Sect. 3, we propose
a PPJS scheme by considering both the coverage and IVI, consists of three
modules. The state (8) is first fed into trajectory prediction module to obtain the
future positions; Based on the predicted and current positions, the K vehicles
can be divided into U clusters in vehicle division module; In beam selection
module, the joint objective of each cluster is decomposed to simplify the selection
complexity. The three modules will be discussed in details as follows.

Fig. 2. The proposed PPJS scheme.

4.1 Trajectory Prediction Module

In order to ensure the accurate beam coverage, the positions of vehicles at the
beginning of current and next beam selection periods should be known. So we
use the LSTM network to predict the future positions according to the historical
trajectory in this module.



A Beam Tracking Scheme Based on Deep Reinforcement Learning 297

The input of this module is a series of historical positions, which is given in
(8), and the output is the position at the beginning of the next beam selection
period, i.e.,

[x̂t+1,1, x̂t+1,2, · · · , x̂t+1,K ] . (14)

The distance loss function for LSTM training is adopted in our scheme, i.e.,

Loss =
1
K

K∑
k=1

(xt+1,k − x̂t+1,k)2, (15)

where xt+1,k is the future position in practical.
In order to predict an accurate future position for optimal beams, the tra-

jectory prediction module should be pretrained before being embedded into the
PPJS scheme based on practical data set. Here we should note that the beams
are not directly selected to point to the current position or the next position.
Because the vehicles are moving during each selection period, each beam gen-
erally points to the position that between the beginning and ending positions.
However, the accurate position should be selected by considering both the cov-
erage gain and IVI, which is achieved by beam selection module.

4.2 Vehicle Division Module

According to (10), all the IVIs should been taken into account so the scheme
needs to jointly select beams for all the served vehicles, which leads to overwhelm-
ing computational complexity. To simplify the PPJS scheme, the K vehicles are
decomposed into U clusters according to vehicle spacing, where the IVI between
any vehicles in different clusters is small and can be ignored. Specifically, the
IVI is only considered in each cluster.

Therefore, vehicle division module first combines the kth vehicle’s current
position xt,k in state (8) and predicted position x̂t+1,k in (14) into xt,k =
[xt,k, x̂t+1,k]T, and then decompose the K vehicles into U clusters. The uth
cluster’s state can be written as

su
t =

[
xu

t,1,x
u
t,2, · · · ,xu

t,Ku

]
, (16)

where Ku is the number of vehicles in the uth cluster. Hence, each cluster can
respectively select their own joint beams

au
t =

[
φu

t,1, φ
u
t,2, · · · , φu

t,Ku

]T
. (17)
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Moreover, the instance reward (10) can also be decomposed into each cluster’s
average successful transmission probability ru

t in the tth selection period, i.e.,

rt =
1

KJ

K∑
k=1

J∑
j=1

at,j,k(φt,k)

=
1

KJ

U∑
u=1

Ku∑
ku=1

J∑
j=1

au
t,j,ku(φu

t,ku)

=
U∑

u=1

Ku

K

1
KuJ

Ku∑
ku=1

J∑
j=1

au
t,j,ku(φu

t,ku)

=
U∑

u=1

puru
t ,

(18)

where pu = Ku/K is the proportion the number of vehicles in the uth cluster
to the total number of vehicles K.

Then the original objective in (12) can also be decomposed into multiple
sub-objective V πu

(su) for multiple clusters, i.e.,

V π(s) = Eτ∼p(τ)

[
T∑

t=0

γtrt | τs0 = s

]

= Eτ∼∏U
u=1 p(τu)

[
T∑

t=0

γt
U∑

u=1

puru
t | τs0 = s

]

=
U∑

u=1

pu
Eτu∼p(τu)

[
T∑

t=0

γtru
t | τu

su
0

= su

]

=
U∑

u=1

puV πu

(su),

(19)

where τu = [su
0 ,au

0 , ru
0 , su

1 ,au
1 , ru

1 · · · , su
T ,au

T , ru
T ] is the uth cluster’s trail under

beam selection strategy πu.
Therefore, the optimal beam vectors for K vehicles can be alternatively

obtained by selecting the optimal beams for the vehicles in each cluster, i.e.,

π∗ = [π1∗
, π2∗

, · · · , πU ∗
]

= [arg max
π1

V π1
(s1), arg max

π2
V π2

(s2), · · · , arg max
πU

V πU

(sU )].
(20)

After vehicle division module, the optimal beam selection for the vehicles only
to be studied in each cluster.

4.3 Beam Selection Module

According to (17), the increasing action set of each cluster causes gra-
dient explosion. Based on Bellman equation V π(s) = Ea∼π(a|s)Qπ(s,a)
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and value-decomposition networks (VDN) decomposing equation Qπ(s,a) ≈∑N
n=1 Qπ

n(s, an) under the condition that r(s,a) =
∑N

n=1 r(s, an), we can reduce
the complexity of the PPJS scheme by decomposing the objective of each cluster
into multiple objectives of single vehicle, i.e.,

V πu

(su)

= Eτu
0:T ∼p(τu)

[
T∑

t=0

γtru
t | τu

su
0

= su

]

= Eτu
0:T ∼p(τu)

[
r(su,au, su

′
) + γ

T∑
t=1

γt−1ru
t | τu

su
1

= su
′
]

= Eau∼πu(au|su)Esu′ ∼πu(su′ |su,au)⎡
⎣ 1

KuJ

Ku∑
ku=1

J∑
j=1

au
t,j,ku(φu

t,ku) + γEτu
1:T ∼p(τu)

T∑
t=1

γt−1ru
t | τu

su
0

= su
′

⎤
⎦

=
1

Ku

Ku∑
ku=1

Eau∼πu(au|su)

Esu′ ∼πu(su′ |su,au)

[
ru
ku

+ γEτu
1:T ∼p(τu)

T∑
t=1

γt−1ru
t | τu

su
0

= su
′
]

� 1
Ku

Ku∑
ku=1

Qπu

ku
(su,au)

≈ 1
Ku

Ku∑
ku=1

Qπu

ku
(su, φu

ku
),

(21)

where ru
ku

is the kuth reward in the uth cluster, φu
ku

is the kuth beam direc-
tion in the uth cluster. According to (21), we can know that the optimal beam
selection strategy for each cluster is equivalent to choose the optimal beam for
each vehicle, respectively, i.e.,

πu∗ = arg max
πu

V πu

(su)

=

[
arg max

φu
1

Qπu

1 (su, φu
1 ), arg max

φu
2

Qπu

2 (su, φu
2 ), · · · , arg max

φu
Ku

Qπu

Ku
(su, φu

Ku
)

]

= [φu
1

∗, φu
2

∗, · · · , φu
Ku

∗] .
(22)

Based on the above analysis, the uth cluster network is shown in Fig. 2(b). To
realize the beam selection state of the proposed PPJS scheme, deep Q-learning
network structure is employed in this paper. The beam selection network has two
specialized structures for the purpose of stabilization. One is experience replay
memory unit, which stores the set of beam selection transition [su

t ,au
t , ru

t , su
t+1]

for the random-batch-training of clusters. The other is the quasi-static beam
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selection network, which contains two sub-networks with the same network struc-
tures, which is designed based on MLP by us, i.e., policy network and target
network with different parameters θ and θ−, respectively. The policy network is
used to select beams in real time according to V πθ ; the target network is used
to provide a target y for the policy network’s parameters update. And then we
can obtain the loss function (y − V πθ )2. Based on the loss function, we can use
the gradient descent method to get the parameters θ, and the target network
parameter θ− is updated by θ every tc steps. From the output layer of Fig. 2, we
can see that beam selection is significantly simplified according to (19) and (21).

Algorithm 1: PPJS scheme
Input: su

t for the uth cluster (u = {1, 2, · · · , U}).
1 for cluster u=1 to U do
2 Initialize buffer with capacity Cu = C, the policy parameter θu, the

target network parameter θu−.
3 end
4 for episode=1 to M do
5 for cluster u=1 to U do
6 Initialize su

t =
[
xu

t,1,x
u
t,2, · · · ,xu

t,Ku

]
.

7 for ku =1 to Ku do
8 Generate a random number ξ in [0,1],

φu
t,ku

=

{
random beam direction φu

t,ku
∈ Φ ξ ≥ ε,

argmax Qu
at,ku

(
su
t , φu

t,ku
; θu

t

)
otherwise .

9 end

10 Form the uth cluster action au
t =

[
φu

t,1, φ
u
t,2, · · · , φu

t,Ku

]T
.

11 end
12 Execute action at =

[
a1

t ,a
2
t , · · · ,aU

t

]
to get the next selection period

state st+1 of K vehicles, and observe U clusters reward[
r1
t , r2

t , · · · , rU
t

]
.

13 Feed st+1 into the trained trajectory prediction module and obtain
each cluster’s own state su

t+1 =
[
xu

t+1,1,x
u
t+1,2, · · · ,xu

t,Ku

]
.

14 for cluster u=1 to U do
15 Store selection transition

(
su
t ,au

t , ru
t , su

t+1

)
in Mu.

16 Sample random minibatch of transitions
(
su
i ,au

i , ru
i , su

i+1

)
from Mu.

17 Set yu
i =

{
ru
i if i + 1 = T,

ru
i + γ max V πθu−

(su
i+1) otherwise

18 Perform a gradient descent on (yu
i − V πθu

(su
i ))2 with respect to

the network parameters θu.
19 Reset θu− = θu every ts steps .
20 end
21 end
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5 Simulation Results and Performance Analysis

In this section, we first give the simulation parameters and then evaluate the
performance of the proposed PPJS scheme under different scenarios.

Table 1. Environment parameters and network parameters.

Trajectory prediction network parameter Value

Input size Ni 2

Output size No 2

Cluster size Nc 10

Learning rate lt 0.06

Batch size L 500

Sub-selection network parameter Value

Learning rate ls 0.01

Discount factor γ 0.9

Threshold ε 0.9

Update time ts 300

Batch size Nb 32

Memory size C 500

Environment parameter Value

Number of antennas NBS 32

Number of uplink intervals I 30

Number of downlink intervals J 70

Time interval Ti 10 ms

Road length hr 200 m

Distance between BS and road hd 100 m

5.1 Parameter Setup

The default parameters are listed in Table 1. Considering a practical traffic sce-
nario [12,13], both the vehicle speed and distance distributions follow the trun-
cated normal distribution. The relationship between them can be characterized
by traffic flow theory [14], that is,

V = Vm ln
(

Km

K

)
. (23)

Moreover, the vehicles could speed up and down in order to avoid crash between
vehicles.

5.2 Results and Analysis

Figure 3 depicts the successful transmission probability versus the number of
iterations. We can see that the successful transmission probability gradually con-
verges with the increasing number of iterations, which validates the convergence
of the proposed PPJS.

The successful transmission probabilities versus different traffic parameters
are shown in Fig. 4 under three beam tracking schemes. Apart from the pro-
posed PPIA scheme, the DQN and position-based beam selection schemes are
adopted for comparison, i.e., the beams for vehicles are directly selected based
on DQN network and the current vehicle positions, respectively. Fig. 4 indicates
that the proposed PPIA scheme performs better than the other two schemes,
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Fig. 3. Successful transmission probability versus iteration number

Fig. 4. The performance under different traffic parameters.

because both the beam coverage and IVI are taken into account. In Fig. 4(a),
the successful transmission probability first increases and then decreases with the
increasing vehicle mean speed. Because for a given number of antennas at the
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BS, the beam width is fixed, then the average coverage gain will drop with the
increasing speed mean of vehicles; meanwhile the mean distance between vehicles
will increase based on traffic theory and therefore the IVI could be mitigated. In
the low speed mean, the gain degradation dominates the performance, while the
IVI mitigation dominates the performance in the high speed mean. Figure 4(b)
indicates that the successful transmission probability becomes worse with the
increasing speed variance. This is because some inter-vehicle distances decrease
with the increasing speed variance, which results in severer IVI among vehi-
cles. Although other inter-vehicle distances become large, the contribution of
the decreasing IVI is tiny. Figure 4(c) also shows a decreasing tendency in suc-
cessful transmission probability with the increasing vehicle distance variance,
which could be explained by the same reason for Fig. 4(b).

Figure 5 illustrates the successful transmission probability versus the number
of antennas at the BS under different moving speed setups. Based on the antenna
theory, the beam width decreases with the increasing number of antennas. The
wide beam could achieve better coverage with high interference, while the narrow
beam has low IVI with limited coverage region. During a beam selection period,
the coverage and beam gain should match the moving speed and inter vehicle
distance. Therefore, the performance first increases and then decreases with the
increasing number of antennas in Fig. 5.

Fig. 5. Successful transmission probability versus the number of antennas.

Figure 6 indicates the relationship between the successful transmission prob-
ability and the size M of the beam direction set under different moving speed
scenarios. With the increasing number of candidate beams in the beam direc-
tion set, the transmission performance gradually becomes better. Because the
beam direction set with increasing number of discrete beams could gradually
approximate to the continuous beams, then the optimal beam selection could be
realized at cost of slight complexity increase.
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Fig. 6. Successful transmission probability versus the number of discrete beams.

6 Conclusion

This paper considers a scenario that an IoV system with mmWave and massive
MIMO serves multiple mobile vehicles by periodical beam selection. In order to
improve the transmission performance influenced by both beam coverage and
IVI on our considered scenario, an intelligent PPJS scheme is proposed. The
PPJS scheme first predicts the future trajectories of vehicles; and then selects
beams with a low complexity by dividing the vehicles into decoupled clusters and
decomposing the cluster’s joint objective. Simulation results indicate that the
proposed PPJS scheme performs better than other schemes through balancing
the beam coverage and interference. Moreover, the effects of traffic parameters,
beam width, and the size of discrete beam direction set on the performance are
studied in details, which could provide a reference for practical systems.
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