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Directional communication is helpful to improve the performance of millimeter Wave (mmWave) links. However, the dynamic
nature of vehicular scenarios raises the complexity of directional mmWave vehicular communications. Also, a mmWave link is
susceptible to blockages. Therefore, a mmWave vehicular communication system requires high environmental adaptability and
context-awareness. Due to inadequate context information and insufficient beam settings in the existing related algorithm, it is
difficult to pick out the set of beams with more reasonable widths and directions, which hinders the further promotion of
network capacity in vehicular networks. Therefore, we propose an improved fast machine learning (IFML) algorithm to
overcome this shortcoming. In order to improve network capacity while suppressing the additional beam search overhead, a
partitioned search method is designed in the IFML. Also, in order to be robust to occasional fluctuations and timely adapt to
significant changes in communication environments, the IFML adopts a flexible beam performance update approach based on
adjustable weight coefficient. The simulation results show that the IFML significantly outperforms the existing related algorithm
in terms of aggregate received data after a certain number of online learning time periods.

1. Introduction

As the Internet of Things (IoT) is applied to the automobile
industries, the vehicles equipped with communication
modules are networked to their surroundings and further
connected to the Internet, which can improve user experi-
ence and promote safe driving. Such vehicular communi-
cating modes as Vehicle to Network (V2N), Vehicle to
Vehicle (V2V), Vehicle to Infrastructure (V2I), and Vehicle
to Pedestrian (V2P) are collectively referred to as Vehicle to
Everything (V2X). In Intelligent Transport System (ITS),
the V2X applications include autonomous driving services,
traffic management services and road safety, and infotain-
ment V2X services.

To ensure Quality of Service (QoS) for these V2X appli-
cations, it is essential to provide adequate radio spectrum
resources to increase network capacity, which can support
the rapid exchange of information between infrastructure,
vehicles, and pedestrians. Since radio spectrum resources
are limited, the Long-Term Evolution V2X (LTE-V2X) sys-

tems and Dedicated Short-Range Communication (DSRC)
systems mainly focus on the life-critical V2X applications
(e.g., autonomous driving services and road safety manage-
ment). Due to the controllable QoS and wide radio coverage,
the LTE-V2X system outperforms the DSRC system in terms
of providing connectivity for the V2X applications.

With the rapid growth of interconnected vehicles and the
continuous pursuit of experience quality by vehicle users,
higher requirements are put forward for network capacity.
However, sub-6GHz frequency bands used by the LTE
system cannot meet the increasing capacity demand, so the
Fifth-Generation (5G) communication system adopts the
underutilized millimeter Wave (mmWave) frequency bands
to make up for the shortfall. This underutilization is mainly
caused by the penetration loss and high path loss of
mmWave frequency bands. Fortunately, the existing
researches [1, 2] indicate that (1) the high path loss is com-
pensated by directional transmission and beamforming and
(2) the short communication range in mmWave bands can
be formed by higher deployment density of base stations.
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The sub-6GHz frequency bands have the wider coverage
but the smaller capacity, while the mmWave frequency bands
have the larger capacity but the narrower coverage. There-
fore, the 5G systems and the LTE systems are widely consid-
ered to be the main driving forces for full support for all the
V2X applications. However, the dynamic nature of vehicular
scenarios raises the complexity of cellular-based directional
mmWave vehicular communications. This is mainly because
the directional communication needs an accurate beam
alignment between a vehicle and a base station [3]. This
alignment needs to be constantly adjusted due to vehicle
mobility, which is not necessary for sub-6GHz frequency
bands since the omnidirectional transmission mode is
adopted. Also, a mmWave link is susceptible to blockages
(e.g., foliage, trucks, and buildings). Therefore, inaccurate
beam selection raises high penetration loss and thus leads
to the performance degradation of mmWave systems, since
it does not guarantee effective avoidance of obstacles.

The related means and mechanisms like beamforming
training, beam tracking, and beam selection are usually used
to ensure beam alignment. With the increase of the number
of beams and users, the search space of choosing a reasonable
beam pair for communication link is increasing, which
greatly increases the delay of establishing mmWave commu-
nication link. Because beam selection involves many commu-
nication parameters, pure mathematical modeling is very
complicated. Although beam selection methods based on
machine learning are widely accepted, most require training
before they can be used. However, online learning-based
beam selection methods can be used without prior training,
so it is well suited to dynamic vehicular communication
systems. In this respect, an excellent example is the work in
the literature [4].

The authors in [4] argue that, through self-exploration,
learning, and adaptation to communication environments,
mmWave base stations can select beam accurately and main-
tain continuous scalability. Through modeling the beam
selection as a contextual multi-armed bandit (MAB) problem,
they propose a contextual online learning algorithm based on
contextual information (i.e., a fast machine learning (FML)
algorithm) to solve it. By this algorithm, any mmWave base
station can autonomously learn from its previous decisions
and the relationship to available contextual information, and
thus, it knows the performance of every beam. Since this
algorithm learns the expected beam performance in different
contexts over time, it does not require a training phase. Here,
the assumption is that a particular beam’s performance is
basically similar under similar vehicle contexts.

In [4], the beams are not overlapping, which limits the
optional beam width and azimuth range. Although the differ-
ent beams can serve the vehicles in their respective coverage
at the same time, the same beam can only serve one of the
vehicles in its coverage at any time since only unicast is con-
sidered. That is, only one vehicle is lucky to be served if there
are more vehicles in the same fine place. For brevity, we call
such a case the location conflict.

Therefore, in order to reduce the possibility that the vehi-
cles will be excluded from the scope of simultaneous services
due to the location conflict, we must get rid of the limitations

of beam width and azimuth range, which is helpful to
increase the amount of data received by the vehicles in the
system during each time period.

Currently, only a limited number of vehicles can be
selected to receive data from a base station at a time. This is
because a base station only has a limited number of radio fre-
quency (RF) chains (including power amplifiers, low noise
amplifiers, up and down converters, and RF switches), which
limits a base station’s ability to concurrently transmit data.
Unlike a RF chain, in this paper, a beam is only viewed as a
region that limits energy propagation and its shape is usually
a cone (or sector), whichwe call a virtual beam for convenience.

Therefore, the number of virtual beams can be unlimited
at a base station. If the overlapped virtual beams are allowed
at a base station, they can be used concurrently by assigning
the different frequency bands and RF chains to them, where
the number of the different frequency bands is not more than
that of RF chains. Due to the abundant spectrum resources in
mmWave frequency bands, it is not difficult to provide these
frequency bands. Under such conditions, the selected beams
for concurrent usage have the more reasonable beam width
and beam direction and, thus, serve for the more appropriate
set of vehicles at the same time.

On the other hand, if we do not want to adopt the addi-
tional frequency bands, overlapping beams may be used
simultaneously on the same frequency band, where the corre-
sponding transmission powers have to be coordinated to
control the interference between each other. However, it is
not always the case that mutual interference is well controlled.
If this case happens, overlapping beams cannot be used
simultaneously in the same frequency band, and thus, its
effect is reduced to that of any nonoverlapping beam scheme.

As the number of vehicles that want to be connected
increases, it is time-consuming to select the right beam for
each vehicle from the large number of virtual beams at a base
station, especially when the transmission power of the RF
chain allocated to a virtual beam also needs to be selected.
When a virtual beam is assigned an RF chain and the RF
chain’s transmission power is specified, it is called a physical
beam. In addition, the extension of the context dimension is
beneficial to the construction of richer context decision
space. The authors in [4] claim to consider only the small
amount of vehicle arrival direction information, though they
believe that richer contextual information will further
improve system performance.

Finally, in [4], with the increasing times that a beam is
used, the latest observed beam performance value contributes
less and less to the current updated beam performance than
the previous updated values. This update method is robust
to occasional fluctuations in beam performance. However,
when the latest observed performance of a beam reflects a
significant change in its communication environment, the
real-time performance of this update method is very poor.
Therefore, to address the above challenges, we propose an
Improved FML (IFML) algorithm and the main contribu-
tions are as follows.

(1) By using the IFML, we can select the set of beams
with the more reasonable beam widths and beam
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directions. These selected beams can serve for the
more appropriate set of vehicles at the same time
during a time period, which is helpful to increase
the amount of data received by vehicles

(2) In the IFML, the richer contexts are exploited besides
allowing beam overlap, which is helpful to pick out
the desired beams. Also, the coverage of a base station
is divided into multiple subcoverages to search for the
desired beams from them, respectively. The used
beams in a time period will come from the beams
selected from these subcoverages. This partitioned
search method reduces the beam search overhead

(3) The beam performance update approach in the IFML
is more flexible, which can be robust to occasional
fluctuations and timely adapt to significant changes
in communication environments by adjusting the
weight coefficient in terms of the contribution of
the latest observed value to the current updated beam
performance value

(4) Compared with the existing related algorithm, we
demonstrate by means of the simulation results that
the IFML substantially improves the amount of data
received by the vehicles in the system at a slightly
increased overhead. However, there is no difference
in terms of beam performance update cost after a
certain number of time periods

The rest of the paper is organized as follows. Section 2
gives an overview of related works. In Section 3, we describe
the system model, including network architecture and prob-
lem formulation. In Section 4, we propose an improved
algorithm, including theoretical analysis of regret. The algo-
rithm performance analysis is provided in Section 5, while
the simulation results are presented in Section 6. Section 7
concludes the paper.

2. Related Work

2.1. V2X Communications and Architectures. The authors of
[5] proposed a context-awareness heterogeneous vehicle
network architecture, which is compatible with the current
European Telecommunications Standards Institute (ETSI)
and International Organization for Standardization (ISO)
standardized ITS station reference architectures. The archi-
tecture is particularly suitable for this kind of applications
that connected vehicles require the different radio communi-
cation technologies to satisfy the requirements in diverse
vehicular scenarios, since it has the ability for dynamic selec-
tion and configuration of communication profiles based on
the context conditions and the application requirements.

The authors of [6] described the advantage of cellular
infrastructure used for V2X applications alongside the archi-
tectures for cellular-assisted V2X systems and specifically
discussed the security requirements of V2X in cellular net-
works. Besides the security challenges and requirements of
V2X, the authors of [7] surveyed the key features of V2X
and focused on the standardization techniques used for

vehicular communication technologies. The V2X entities
include vehicles equipped with various radio interfaces (e.g.,
DSRC, LTE, and mmWave), V2X application servers, LTE
base stations (evolved node B, eNodeB), and mmWave
small base stations. They are connected by various short
radio communication technologies (e.g., IEEE 802.11p [8],
IEEE 1609.x [9], ETSI ITS-G5 [10], and 5G New Radio
[11]) and long-range radio communication technologies
(e.g., LTE-V2X [6]).

Due to only supporting short radio communication and
adopting carrier sense multiple access with collision avoid-
ance mechanism, the DSRC technology has small coverage
and suffers from high collision probabilities under high vehi-
cle density scenarios. Moreover, it has a limited bandwidth in
the DSRC frequency spectrum and thus hardly meets the
high traffic demand for V2V applications [9, 12]. The 3rd
Generation Partnership Project (3GPP) release 14 [13] spec-
ifies that the LTE should both support V2I and V2N commu-
nications for latency tolerant V2X services and extend the
current proximity service (ProSe) (e.g., Device-to-Device
(D2D) communication) to implement direct V2V communi-
cations for delay-sensitive vehicular applications.

The authors of [14] envisaged the potential benefits of
using LTE infrastructure for V2X services and the superiority
of LTE-V2X technologies over DSRC-based approaches,
including wide coverage capacity, high reliability, low
latency, high date, and controlled QoS. The 3GPP release
16 will specify the advanced solutions for V2X communica-
tions in the 5G New Radio access technology [15], which
can support ultrahigh reliability, ultrahigh data rates, and
ultralow latency. Also, the 3GPP radio access network work-
ing group agreed that the 5G-based V2X system supplements
LTE-based V2X system to provide advanced V2X services
instead of replacing the services offered by LTE-based V2X
system [16].

2.2. mmWave Beam Management. Beam selection problems
have been researched in traditional vehicular networks which
operate at sub-6GHz frequency bands to achieve maximum
throughput. As mentioned above, the propagation character-
istics of radio signals in sub-6GHz frequency bands are
essentially different from those of mmWave frequency bands.

There are also studies on beam selection in mmWave net-
works. The authors of [17] addressed a hierarchical beam
search problem, while the authors of [18] exploited the sparse
multipath structure of mmWave channels to optimally select
beam directions. The authors of [19] proposed a cell discov-
ery method, where a base station periodically transmits
synchronization signals to scan its entire angular space in
time-varying random directions. Based on adaptive subspace
sampling and hierarchical beam codebooks, the authors of
[20] designed a beam alignment technique. The authors of
[21] addressed the beam alignment issue in mmWave net-
works, where the transmitting and receiving antenna arrays
require to frequently find the optimal beam pair. Therefore,
when the number of transmitting and receiving beams is very
large, the search space for beam matching is also large.

The authors of [22] proposed a new beamforming
scheme to minimize the transmission power and weighted
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symbol error rates, while the authors of [23] described a
hybrid beamforming structure for small cell base station
and formulated the joint allocation of the transmission power
and beam into a mixed integer nonlinear programming
problem. In [24], the authors proposed a codebook-based
beam tracking scheme for mobile mmWave networks, which
shows that the average tracking error probability can be
lowered by improving the power allocation algorithm over
the training beams.

The authors of [25] analyzed the average search delay of
mmWave systems, where the average search times for dis-
covering user equipment is taken as the number of search
sectors in the beamspace. The authors of [26] proposed a
deep learning-based beam selection, which exploits sub-
6GHz channel information to select a mmWave beam. The
authors of [27] provided the overview on beam-forming
architecture and deployment scenarios in the 5G New Radio
(NR) standard. To address power-efficient beam design, the
authors of [28] proposed a feasible point search method
and then developed a hybrid analog-digital mapping algo-
rithm. To lay the foundation for beam tracking, the authors
of [29] used machine learning to track user mobility, in
which a deep neural network is learned and then used to
predict the direction of user movement.

To accelerate the beam training process, the authors of
[30] proposed a low-cost hybrid architecture assisted by a
digital beamforming module and designed a fast beam train-
ing method by utilizing the proposed architecture and using
the sparsity of mmWave channels. To improve the latency
performance of mmWave networks for industrial automa-
tion, the authors of [31] proposed an adaptive beam selection
strategy to select the best set of beams among multiple users
to reduce the overall latency for all users. The authors of [32]
studied the beam alignment problem of multiuser mmWave
massive Multi-input Multi-output (MIMO) system and pro-
posed an alignment algorithm with partial beams by using
machine learning. The authors of [33] proposed an efficient
hierarchical beamforming training mechanism to establish
directional links in dense mmWave cellular networks.

Given the severe interbeam interferences caused by
mobility of users, the authors of [34] proposed a beam
resource allocation and mobility-aware subband scheme for
the mmWave subband-beam massive MIMO systems. The
authors of [35] focused on beam training problem of wireless
local area networks in the 60-GHz band and designed an
advanced beamforming training protocol for multiple access
points and multiple users. The authors of [36] applied per-
beam synchronization for a massive MIMO system to allevi-
ate the delay dispersion effects and channel Doppler due to
mobility and blockage.

2.3. Solutions of mmWave Vehicular Networks. The above
works are not specific to mmWave vehicular networks, and
thus, the corresponding solutions cannot be directly applied
to the field. For the characteristics of mmWave vehicular net-
works, the readers are encouraged to refer to the overview in
[37]. The authors of [38] analyzed the mmWave propagation
characteristics in V2V communication scenarios and derived
the relationship between beam width and channel coherence

time in vehicular networks. The authors of [39–42] focused
on the adaptability of mmWave beams in vehicular scenarios,
and they believed that mmWave base stations can track vehi-
cles by exploiting DSRC and adjusting the beam accordingly.

The authors of [43] utilized Kernel-based machine learn-
ing algorithms and channel state information of sub-6GHz
bands to predict vehicles’ positions and then used them to
preactivate target mmWave remote radio units. Also, they
used K-nearest neighbor machine learning algorithms and
historical handover data to predict handover decisions.

Since achieving perfect beam-alignment is challenging in
vehicular scenarios, the authors of [44] proposed the method
of fingerprint-based beam-alignment, where the fingerprint
of a given location is viewed as a set of beam pairs. Based
on the proposed multifingerprint database for a given loca-
tion, the base station intelligently adapts the fingerprints with
the aid of learning, which is capable of maintaining the target
performance in mmWave vehicular environments.

The authors of [45] aimed to maximize the overall
network throughput for highly-dynamic vehicular commu-
nications. They proposed a reinforcement learning approach
to handle the beam selection problem in a high-mobility
vehicular environment. The authors of [46] addressed opti-
mal beam selection in mmWave-based V2X communica-
tions by designing the multitype-2 fuzzy inference system.

The authors of [4] addressed the beam selection issue at
mmWave base stations in vehicular scenarios and proposed
the FML algorithm. The FML is essentially an online learning
algorithm, and it does not require either accurate localization
information or prior statistical knowledge of dynamic vehic-
ular scenarios. If the work in [21] is used to extend the FML
to achieve longer connectivity, the additional learning cost is
required for beam alignment, which increases the complexity
of the FML and, thus, is unsuitable for vehicular scenarios.

In [47], the authors used a multiarmed bandit framework
to develop online learning algorithms for beam pair selection
and refinement. They used a type of sensor data (e.g., posi-
tion) to identify the good mmWave beam directions, which
is one approach to reduce the overhead since such informa-
tion is widely available in vehicular applications. However,
the work in [47] only deals with how to choose the more
promising beam directions and refine them but does not
focus on the optimal selection of beam width, where beams
are spaced by the 3 dB beam widths in a fixed manner.

Although thework in [21] investigated an online stochastic
optimization problem and proposed an equivalent structured
multiarmed bandit model to exploit contextual information,
it is difficult to adapt to vehicular scenarios since it requires
accurate localization information. The work in [4] is most
related to our work. However, for the reasons mentioned in
the introduction, the FML still has room for improvement,
which is the motivation for the work in this paper.

3. Network Model

3.1. Network Architecture. As shown in Figure 1, we consider
an integrated mmWave/sub-6GHz cellular system, where
mmWave small base stations (mmSBSs) are deployed in the
coverage area of an LTE eNode B (eNB). Each mmSBS is
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connected to the eNB via a backhaul link in a wired mode
(e.g., an optical fiber) or a wireless mode (e.g., a mmWave
link). The vehicles are equipped with two types of radio fre-
quency interfaces (i.e., an LTE interface, which is used to
connect to the eNB, and a mmWave interface, which is used
for ultrahigh-speed data communication).

We assume that the eNB has the function that can assist
each vehicle in its coverage to obtain the information of the
mmSBS with which the vehicle should be associated. Since
the LTE interface has the wider coverage, each vehicle can
easily request help from the eNB via the LTE interface. If
the eNB judges that there is not any appropriate mmSBS
for the vehicle to associate with, it will reject the request,
which will occur when the eNB judges that the vehicle is
about to move out of its coverage. Even if the eNB agrees to
handle a request that it should not have accepted, it can also
transfer the request to an infrastructure component (e.g., a
V2X server). With the help of the Home Subscriber Server
(HSS) and Mobility Management Entity (MME) in the LTE
infrastructure, this component will specify another suitable
eNB to assist the vehicle.

In theory, each mmSBS can plan an infinite number of
virtual beams, and the beam width of each beam can be set
to the range from 0 to 360°. Therefore, the overlap between
virtual beams should be allowed. In fact, if all the virtual
beams of a mmSBS are used simultaneously, its potential
transmission capacity can be multiplied. To this end, each
virtual beammust actually have an exclusive RF chain. More-
over, if the virtual beams overlap each other, they must be
assigned to different frequency bands. Since there are abun-
dant bandwidth resources in mmWave frequency bands, it
is not difficult to allocate different channels for overlapping
virtual beams. If each mmSBS coverage area only shares the
same frequency band in an underlay mode, the RF chains’
transmission powers on overlapping beams must be reason-
ably selected to control mutual interference.

Due to the limitation of form-factor and manufacturing
cost, it is undesirable that the number of RF chains is propor-

tional to the number of virtual beams when the number of
virtual beams is set to a very large value. The literatures [2,
48] discuss the technical details on this limitation. Therefore,
the number of vehicles that a mmSBS can simultaneously
serve is limited by the maximum number of RF chains which
a mmSBS can be equipped with. When the number of the
virtual beams of a mmSBS and the number of the vehicles
in its coverage exceed the number of its RF chains, respec-
tively, it should select the best subset of virtual beams to
provide the best downlink sum-data.

In order to achieve this goal, we model a virtual beam
selection problem in a mmSBS as a MAB problem, which
allows this mmSBS to identify the best virtual beams by care-
fully selecting subsets of virtual beams over time. Also, each
selected virtual beam must have its reasonable RF transmis-
sion power to control mutual interference if the same
frequency band is shared in an underlay mode.

As described in [49], a decision-maker must select a
subset of actions with unknown expected earnings for the
purpose of maximizing the earnings over time in MAB prob-
lems. The challenge in MAB problems is to address the
exploration and exploitation dilemma, since all the actions
should be fully explored to learn their earnings, but those
which have already generated high earnings should also be
exploited. Based on the contextual online learning idea, the
authors in [4] address the abovementioned challenge. How-
ever, in our concerns, the online learning algorithm will have
a larger search space since the number of possible virtual
beams is larger, especially when the corresponding powers
also need to be reasonably selected. Moreover, as the number
of vehicles increases, the contextual space search overhead
also increases accordingly. Therefore, we propose the IFML
algorithm that tackles this problem.

3.2. Problem Formulation. We do not limit the number of
virtual beams which a mmSBS can possess, since a larger
virtual beamspace is more likely to find a more suitable beam
for a vehicle. However, in order to keep this advantage while
reducing the search time of online learning algorithm, we
evenly divide the coverage area of a mmSBS into L sectors
(e.g., L = 4 in Figure 2, that is, Sector 1, Sector 2, Sector 3,
and Sector 4), where at most Ml virtual beams are set in the
lth sector and l ∈ f1,⋯, Lg. The virtual beams among differ-
ent sectors do not overlap, while the virtual beams within the
same sector are allowed to overlap.

The mmSBS can employ a finite setMl ofMl = ∣Ml ∣ vir-
tual beams in the lth sector. For any sector, the mmSBS may
simultaneously select a subset of at most n virtual beams to
serve at most n (n <Ml,∀l ∈ f1,⋯, Lg) vehicles, where n cor-
responds to the maximum number of RF chains at the
mmSBS. However, considering all the sectors, the n virtual
beams in the same sector are not necessarily the best n virtual
beams. Therefore, the mmSBS should firstly select at most n
best virtual beams from each sector separately to serve at
most n vehicles in each sector, respectively, and then it rese-
lects at most n best virtual beams from all the selected virtual
beams to serve at most n vehicles in the entire coverage area
of the mmSBS.

mmSBSmmWave
beam 

eNB

Figure 1: A mmWave vehicular communication scenario.
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When a virtual beam is selected to limit the energy prop-
agation area of the transmitted signal, the RF chain and fre-
quency band are assigned to it. At this point, the selected
virtual beam becomes the physical beam. For the sake of sim-
plicity, we will not distinguish between a virtual beam and a
physical beam in the following text.

We assume that the eNB can provide the necessary infor-
mation to the mmSBS, which will be regarded as the vehicle
context below. With the aid of the eNB, a vehicle will know
the location of the mmSBS and the selected beam for it.
Figure 2 shows how the information is communicated within
the network. Since a vehicle keeps a continuous connectivity
with the eNB via its LTE interface, it can send a registration
request message (see “1: registration request” in Figure 2) to
this eNB when it requires a mmWave connectivity between
itself and a mmSBS, which contains the vehicle’s location
and velocity.

Upon receipt of the registration request, the eNB sends a
mmWave service request message (see “2: service request” in
Figure 2) to a potential mmSBS after it makes a certain deci-
sion and judgment based on the vehicle’s location and veloc-
ity. This message contains the vehicle’s identifier in the
cellular system, the identifier of the road on which the vehicle
is travelling, and its expected direction of arrival at the
mmSBS. By running the IFML algorithm, the mmSBS
responds to the mmWave service request (see “3: service
response” in Figure 2) with the information with respect to
the selected beam. Next, the eNB forwards the related infor-
mation about the mmSBS (i.e., the mmSBS’s location and its
selecting beam) to the vehicle (see “4: registration response”
in Figure 2).

Once reaching the coverage area, the vehicle starts a
mmSBS associating process by sending an associating
request, and then, it is replied by an associating response
from the mmSBS, in which the vehicle measures the channel
state information (CSI) from the associating response mes-
sage and sends the CSI feedback for modulation and coding
assignment. Next, the mmSBS enters the data transmission
phase (see “5: association & communication” in Figure 2).
When the data transmission phase is successful, the mmSBS
will get acknowledgments of the transmitted data frames
and thus any other feedback is not required. If a vehicle can-
not detect the mmSBS within a selected beam, it will send
the feedback to the eNB (see “6: service feedback” in
Figure 2). This feedback will be forwarded to the mmSBS
as a reference for future decisions (see “7: service feedback”
in Figure 2).

Because the beam selection results need to be adjusted in
time to serve the most appropriate set of vehicle users, we
assume that the mmSBS adopts a discrete time setting. In
other words, system time is discretized into equal time
periods, which is denoted as t ðt ∈ f1,⋯, TgÞ. After each
time period t, all the beam selection results will be updated.
If a time period is shorter, the beam selection results are
updated more timely, but it leads to more system overhead.
Therefore, a reasonable tradeoff is a wise choice, and the
specific value needs to be selected empirically. The detailed
process of beam selection and update is described below.

(1) At the first time slot of each time period t, a set ℧l
t

= fvlt,i ∣ i ∈ f1,⋯, Vl
tgg of vehicles will be registered

to the lth (l ∈ f1,⋯, Lg) sector of the mmSBS via

eNB

mmSBS

1:
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t

4:
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n 
re
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on

se5: association & 

6: service feedback7: service feedback

3: service response

2: service request

communication

Sector 1

Sector 2

Sector 3

Sector 4

Figure 2: Integration feasibility of online learning method.
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the eNB, where Vl
t is the number of vehicles and

satisfies Vl
t = ∣℧l

t ∣ >n. n is the maximum number of
supported RF chains in the mmSBS, and it corre-
sponds to the maximum number of vehicles that
can simultaneously get downlink transmission
service within the coverage area of the mmSBS. As
the foregoing, during the registration, the mmSBS
gets the information about the context clt,i of each
incoming vehicle vlt,i, which is formally regarded as
a D-dimensional vector. Since the information about
a vehicle can be described by using D context
dimensions, it is encoded as a bit string with the
fixed length in each dimension. After the first time
slot of each time period t, the new context space is
acquired by the mmSBS, which is represented as
ℂVl

t
= fclt,i = <cl,1t,i ,⋯, cl,Dt,i >∣i ∈ f1,⋯, Vl

tgg. In this
paper, the context vector is two-dimensional (i.e.,
D = 2), since we only consider the identifier of road
and direction of arrival as the context for a vehicle

(2) The mmSBS selects a subset of at most n best
beams from the lth sector, where the set of
selected beams in each time period t is denoted
as Bl

t = fblt,j ∣ j ∈ f1,⋯, ng, n <Mlg. Then, it rese-

lects at most n beams from
SL

l=1B
l
t to serve at most

n vehicles in the entire coverage area of the mmSBS.
Finally, at most n vehicles in

SL
l=1℧l

t are informed
about the selected beams by the associated eNB
through using their LTE interfaces

(3) When each selected vehicle (e.g., vlt,i) enters a
mmSBS’s coverage area, it receives data from this
mmSBS and feeds back this situation to it. Therefore,
the mmSBS will observe the amount of data rblt, jðc

l
t,iÞ

that vehicle vlt,i successfully receives via the selected

beams blt,j, until the time period t is over or the vehi-
cle is out of the reach of its beam

In general, the amount of data rblt, jðc
l
t,iÞ that a vehicle with

context clt,i ∈ℂVl
t
can successfully receive from the mmSBS by

using beam blt,j ∈B
l
t during the time period t is a random

variable that relies on the communication environment of
the mmSBS (e.g., road conditions, vehicle routes, and block-
ages). The random variable rblt, jðc

l
t,iÞ is also regarded as the

beam performance (i.e, the aggregate data received by the
vehicle) of the beam blt,j under the context clt,i, which is
usually bounded in ½0, rmax�, where rmax is the maximum
amount of data that can be received by a vehicle. The Shan-
non theorem and the contact time can be used to estimate
rmax. The Shannon theorem determines the maximum
achievable data rate of the channel, which also relies on the
selected modulation and coding scheme. The contact time
is defined as the time during which mmSBS can transmit
data to the vehicle, which is bounded by the coverage area
of the beam and depends on beam width, beam direction,
and vehicle speed.

The expected value of the random variable rblt, jðc
l
t,iÞ can

be denoted as μblt, jðc
l
t,iÞ, which is also seen as the expected

beam performance of the beam blt,j under the context clt,i.
The purpose of the mmSBS’s selecting a subset of beams
is to maximize the expected received data at a subset of
vehicles. That is, it aims at maximizing the sum of the
expected beam performances. The optimal subset of
beams in the time period t of the lth sector is denoted
as Bl∗

t ðℂVl
t
Þ = fbl∗t,jðℂVl

t
Þ ∣ j ∈ f1,⋯, ng, n <Mlg, which

relies on ℂVl
t
= fclt,i = <cl:1t,i ,⋯, cl,Dt,i > ji ∈ f1,⋯, Vl

tgg and its
n beams formally meet the following relational expression.

bl∗t,j ∈ = argmax
blt,jϵM

1/ Sj−1
k−1 b̂

l
t, j

n o� �
clt,jϵℂvlt

/ Si−1
k′−1 ĉl∗

t,k′

n o� �
μblt, j clt,i

� �
:

ð1Þ

If the mmSBS knows the expected beam performance
μblt, jðc

l
t,iÞ for each vehicle context clt,i ∈ℂVl

t
and each beam

blt,j ∈M
l in advance, it can be easy to select the optimal subset

of beams for the set of incoming vehicles in the lth sector
according to (1). For all the time periods, this will generate
the amount of data expected to be received in total.

〠
T

t=1
〠
Vl

t

i=1
〠
n

j=1
E rbl∗t, j cl∗t,i

� �h i
= 〠

T

t=1
〠
Vl

t

i=1
〠
n

j=1
μbl∗t, j cl∗t,i

� �
: ð2Þ

Unfortunately, the mmSBS does not understand the
communication environment, so it must learn the expected
beam performance μblt, jðc

l
t,iÞ over time for each vehicle vlt,i

with the context clt,i. The mmSBS must attempt different
beams for different vehicle contexts over time to learn these
values. Meanwhile, it should also ensure that those beams
that have been proved to have good performance are fully
utilized. Therefore, the mmSBS must seek out a trade-off
between exploring the beams with the unknown perfor-
mance and exploiting the beams with the proven high
average beam performance.

In the following section, we will describe the IFML algo-
rithm, where for each time period with incoming vehicles of
contexts

SL
l=1ℂVl

t
, the best n beams are selected from

SL
l=1M

l.
The IFML’s selection relies on the historical record of
selected beams in previous time periods and the correspond-
ing observed beam performance values. Given any set of the
vehicles arriving in any contexts in the lth sector, the
expected amount of received data is estimated as follows:

〠
T

t=1
〠
Vl

t

i=1
〠
n

j=1
E rblt, j clt,i

� �h i
= 〠

T

t=1
〠
Vl

t

i=1
〠
n

j=1
E μblt, j clt,i

� �h i
: ð3Þ

The expected difference in the amount of data received by
vehicles that are also observed by the mmSBS from the vehi-
cles’ feedback and that learned by the learning algorithm is

7Wireless Communications and Mobile Computing



called the regret of learning. Based on (2) and (3), the regret
of learning can be estimated by the following formula:

R Tð Þ = E 〠
T

t=1
〠
Vl

t

i=1
〠
n

j=1
rbl∗t, j cl∗t,i

� �
− rblt, j clt,i

� �� �24 35
= 〠

T

t=1
〠
Vl

t

i=1
〠
n

j=1
μbl∗t, j cl∗t,i

� �
− E μblt, j clt,i

� �h i� �
:

ð4Þ

4. The Improved Fml Algorithm

The proposed beam selection algorithm (i.e., the IFML algo-
rithm) is run in each mmSBS. It first evenly partitions the
context space into small sets of similar contexts in each of
the sectors of a mmSBS and, then, learns about the individual
performance of each beam in each of these small sets. Next,
in each time period, the IFML goes through either an explo-
ration process or an exploitation phase, which relies on the
contexts of arrival vehicles and the preselected control func-
tion. For an exploration process, the IFML selects a random
subset of beams. However, in an exploitation phase, it selects
the beams that performed best during the previous time
periods. Finally, by observing the amount of received data
from the vehicles in the coverage area of the mmSBS, the
IFML gets performance estimating values of selected beams.
Therefore, it learns the performance of each beam under each
vehicle context over time.

The pseudocode of the IFML algorithm is described in
Algorithms 1–3. In the lines 1~5 of Algorithm 1, the IFML
evenly partitions the context space

SL
l=1ℂVl

t
into L∙ℂTD

-dimensional subspaces with the same size, where L and ℂT
are the inputting values to the algorithm. Then, the IFML ini-
tializes each counter Nl

b,sðtÞ for each beam b ∈
SL

l=1M
l and

each subspace s ∈
SL

l=1ℂVl
t
. The purpose of setting these

counters is to describe howmany vehicles of a certain context
have reached the mmSBS in previous time periods, in which
the mmSBS had selected a certain beam. Moreover, the coun-
ter Nl

b,sðtÞ formally denotes the total number of vehicles with
the context in subspace s that reached the mmSBS whenever
beam b had been selected in any of the time periods 1,⋯, t
− 1 of any of the sectors 1,⋯, L. The algorithm also initializes
each estimator bμ l

b,sðtÞ for each beam b ∈
SL

l=1M
l and each

subspace s ∈
SL

l=1ℂVl
t
, which denotes the estimated perfor-

mance of beam b for vehicles with the context in subspace s.
In a time period t, the IFML observes the contexts

SL
l=1

ℂVl
t
of the ∑L

l=1V
l
t incoming vehicles. For each context clt,i,

the IFML decides to which subspace this context belongs
(lines 3-4 in Algorithm 2). That is, it seeks slt,i ∈

SL
l=1ℂVl

t
with

clt,i ∈ s
l
t,i. According to the set

SL
l=1H

l
t ≔

SL
l=1fslt,i ∣ i ∈ f1,⋯,

Vl
tgg of subspaces, the IFML computes the set Bue

H l
t
ðtÞ of

underexplored beams (line 5 in Algorithm 2) by using the
following formula:

Bue
H l

t
tð Þ≔

[Vl
t

i=1
b ∈Ml : Nl

b,slt,i
tð Þ ≤ K tð Þ

n o
: ð5Þ

In (5), K : f1,⋯, Tg↦ℝ is a deterministic, monotoni-
cally increasing control function, which is used to determine
whether to go through an exploration process or enter an
exploitation phase. The control function KðtÞ needs to be
selected adequately to guarantee that the IFML achieves a
desired fine performance in terms of its regret. The Theorem
1 in [4] provides a suitable selection for the control function,
which is also repeated below for the convenience of readers.

Theorem 1 (bound for RðTÞ): for the lth sector, let KðtÞ
= KðtÞ = t2α/3α+D log ðtÞ and ℂT = dT1/3α+De. If the IFML is
run by using these parameters and if Assumption 1 holds
true, the leading order of the regret R(T) is OðnVl

trmaxM
l

T2α+D/3α+D log ðTÞÞ.
The detailed proof of Theorem 1 can be found in [4]

(although the parameters are somewhat different, they are
essentially the same), where Assumption 1 is repeated below
for the convenience of readers.

Assumption 1: there exist α > 0 and β > 0 such that for all
b ∈Ml and for all x, y ∈ℂVl

t
in the lth sector, it holds that j

μbðxÞ − μbðyÞj ≤ βkx − ykα, where k·k denotes the Euclidean
norm in ℝD:

When there exist underexplored beams, the IFML goes
through an exploration phase (lines 6-14 in Algorithm 2). If
the number ulðtÞ≔Bue

H l
t
ðtÞ of underexplored beams is at

least n, the IFML randomly selects n beams from them. If
the number ulðtÞ of underexplored beams is smaller than n,
the IFML selects all ulðtÞ underexplored beams. Moreover,

it selects the ðn − ulðtÞÞ beams b̂
l
1,H l

t
ðtÞ, …, b̂

l
n−ul ,H l

t
ðtÞ from

Ml \Bue
H l

t
ðtÞ, which meet the following formula:

b̂
l
j,H l

t
tð Þ = argmax

blϵM1/ Bue
j,H l

t
tð Þ∪Sj−1

k−1 b̂
l
j,H l

t
tð Þ

n o� �
clϵℂvlt

/ Si−1
k′−1 ĉl∗

k′ ,H l
t
tð Þ

n o� �
μblt, j clt,i

� �
:

ð6Þ

In (6), j = 1,⋯, ðn − ulðtÞÞ. If there are no underexplored
beams, the IFML adopts an exploitation action (lines 15-17 in

Algorithm 2), it selects the n beams b̂
l
1,H l

t
ðtÞ,…, b̂

l
n,H l

t
ðtÞ from

Ml, which meet the following formula:

b̂
l
j,H l

t
tð Þ = argmax

blM1/ S j−1
k−1 b̂

l
j,H l

t
tð Þ

n o� �
clϵℂvlt

/ Si−1
k′−1 ĉl∗

k′ ,H l
t
tð Þ

n o� �
μblt, j clt,i

� �
:

ð7Þ

In (7), j = 1,⋯, n. After selecting the n beams from each
sector, respectively, the IFML will reselect at most n beams
from all the selected beams of all the sectors (lines 8-18 in
Algorithm 1). After beam reselection, the IFML observes
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the beam performance of each selected beam for each vehicle
within this time period (line 1 in Algorithm 3). According to
these observations, the IFML updates its internal counters
(lines 2-11 in Algorithm 3), where the weight coefficient ζ

represents the contribution of the recently observed beam
performance to the updated beam performance and is usually
determined by the empirical values in terms of the communi-
cation performance of the system.

Input: T, L, ℂT , KðtÞ
Output: the selected beams and the specified vehicles using the beams
1: For each l=1, …, L do
2: Initialize context partition: Create partition ℂVl

t
into ℂT subspaces with same size.

3: Initialize counters: for all b ∈Ml and s ∈ℂVl
t
, set Nl

b,s = 0
4: Initialize estimators: for all b ∈Ml and s ∈ℂVl

t
, set bμ l

b,s = 0
5: End for
6: For each t=1, …, T do
7: Invoke Algorithm 2 to get Bue

H ðtÞ and Bve
H ðtÞ

8: If Bue
H ðtÞ ≠∅ then ■ Exploration

9: u = sizeðBue
H ðtÞÞ

10: If u ≥ n then
11: Select the n beams randomly from Bue

H ðtÞ
12: Else
13: Treat all the members of Bue

H ðtÞ as the u beams
14: Select the ðn − uÞ best beams from Bve

H ðtÞ
15: End if
16: Else ■ Exploitation
17: Select the n beams with the best performance from Bve

H ðtÞ
18: End if
19: Invoke Algorithm 3 to update estimators and counters
20: End for

Algorithm 1: Pseudocode of the IFML Algorithm.

Input: null
Output: Bue

H ðtÞ and Bve
H ðtÞ

1: Bue
H ðtÞ =Bve

H ðtÞ =∅;
2: For each l=1, …, L do
3: Observe vehicle contexts ℂVl

t
= fclt,i ∣ i ∈ f1,⋯, Vl

tgg
4: Find H l

t = fslt,i ∣ i ∈ f1,⋯, Vl
tgg such that clt,i ∈ slt,i ∈ℂVl

t

5: Compute the set of under-explored beams Bue
H l

t
ðtÞ in (5)

6: If Bue
H l

t
ðtÞ ≠∅ then ■ Exploration

7: ul = sizeðBue
H l

t
ðtÞÞ

8: If ul ≥ n then
9: Select fblt,i ∣ i ∈ f1,⋯, ngg randomly from Bue

H l
t
ðtÞ

10: Add fblt,i ∣ i ∈ f1,⋯, ngg to Bue
H ðtÞ

11: Else
12: Select fblt,i ∣ i ∈ f1,⋯, ulgg as the ul beams from Bue

H l
t
ðtÞ and then add them to Bue

H ðtÞ
13: Select blt,ul+1, …, blt,n as the ðn − ulÞ beams b̂

l
1,H l

t
ðtÞ, …, b̂

l
n−ul ,H l

t
ðtÞ from (6) and then add them to Bve

H ðtÞ
14: End if
15: Else ■ Exploitation

16: Select blt,1, …, blt,n as the n beams b̂
l
1,H l

t
ðtÞ, …, b̂

l
n,H l

t
ðtÞ from (7) and then add them to Bve

H ðtÞ
17: End if
18: End for

Algorithm 2: Algorithm for getting Bue
H ðtÞ and Bve

H ðt:Þ.
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5. Algorithm Performance Analysis

For a mmSBS with coverage area partition, its online learn-
ing overhead is OðSL

l=1 ðℂT∙MlÞÞ. However, For a mmSBS
without coverage area partition, the corresponding over-
head is OðL∙ℂT∙ð

SL
l=1 M

lÞÞ. Obviously, the overhead of
the former is much smaller than that of the latter, especially
when the number of the divided coverage areas (i.e., the
value of L) is larger.

When the number of beams at a mmSBS is larger and
there are more context subspaces in its coverage area, it will
take a longer time to learn the beam performance under each
context subspace. In the scheme proposed in this paper, the
corresponding learning overhead is OðSL

l=1 ðℂT∙MlÞÞ, since
coverage area partition is employed. The overhead savings
are due to the neglect of a large number of unreasonable
beam-context matching operations. For example, a beam
obviously cannot be assigned to any vehicle in any context
subspace outside its coverage, since such beam-context
matching operation makes no sense.

When the number of beams at a mmSBS is not large and
there are not many context subspaces in its coverage area, the
coverage partition for a mmSBS is not necessary since it may
not reduce overhead significantly. In fact, only if the number
of beams is not limited, it is possible to set more types of
beam widths and beam directions, and thus, it is more possi-
ble to select the beam with a more reasonable width and
direction for each vehicle.

6. Performance Evaluation

6.1. Simulation Scenario and Parameter Settings. The IFML is
evaluated via simulation experiments. The IFML is divided
into two categories (i.e., the IFML-I and the IFML-II),
depending on whether the overlapping beams use the differ-
ent frequency bands or the same one. In the IFML-I, the
overlapping beams use the different frequency bands, while
they use the same one in the IFML-II.

In the following text, we first describe the simulation
scenario and, then, introduce the mmWave channel propa-
gation model that is used in our simulation experiments.
Next, we describe the benchmark algorithms and perfor-
mance metrics. Finally, we give the relevant simulation
parameter settings according to the 3GPP technical specifica-
tion in [50].

Our simulation scenario is shown in Figure 3, where the
mmSBS’s coverage is divided into the four sectors (i.e., L =
4) with the same size. For each sector, the two roads pass
through it, where the location and size of the blockages on
each road are fixed and account for about 10 percent of the
road length. These blockages block the mmWave channels
between the mmSBS and the vehicles on the roads.

There are seven types of beams according to the various
beam width values (i.e., from 30° to 90° with the step size of
10°) for each sector, where the number of beams per type is
one. Therefore, the number of the mmSBS’s beams in the l
th sector is set to Ml = 7 in the IFML-I, while Ml is 7 ∣ P ∣
in the IFML-II. The setP is a set of discrete values with
respect to transmission power of a RF chain, while jPj is the
number of the members in the setP. For the IFML-II, the dis-
crete power values are set from 0.1 to 1 Watts with the step
size of 0.1, and thus, jPj is equal to 10.

In our implementation, a time period is defined by the
mmSBS as a fixed length of time. During this time period,
the IFML-I and the IFML-II receive registration information
and, then, learn from the context and received data of the
other vehicles passing through the selected beams. We select
the identifier of the road and the direction of arrival as
context. Therefore, the context vector is a two-dimensional
vector (i.e.,D = 2). The arrival direction of a vehicle is defined
as the angle between the line connecting this vehicle with a
mmSBS and the positive x-axis in the plane coordinate
system with this mmSBS as the origin.

The length of a time period t, the parameter α, and the
number of two-dimensional subspaces in each sector of the
mmSBS are set to t = 3 s, α = 0:33, and ℂT = 10, respec-
tively. Therefore, based on Theorem 1, the time horizon

Input: the selected beams
Output: the updated estimators and counters
1: The random variable rblt, jðc

l
t,iÞ is is initialized to a negative number

2: Observe the received data of each vehicle vlt,i with the context clt,i ∈ slt,i ∈ℂVl
t
, in each beam blt,j, and assign it to rblt, jðclt,iÞ

3: For each l=1, …, L do
4: For each i=1, …, Vl

t do
5: For each j=1, …, n do
6: If rblt, jðc

l
t,iÞ ≥ 0 then

7: bμ l
blt, j ,slt,i

= ð1 − ζÞ · bμ l
blt, j ,slt,i

+ ζ · rblt, jðc
l
t,iÞ

8: Nl
blt, j ,slt,i

=Nl
blt, j ,slt,i

+ 1
9: End if
10: End for
11: End for
12: End for

Algorithm 3: Algorithm for updating estimators and counters.
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T is about 1000, while the value of control functionKðtÞ is
about 2.02

When the n beams with the best performance are
selected, the contexts in which these beams match are also
determined at the same time. If the number of vehicles in
such contexts is greater than the number of the selected
beams, a strategy for vehicle selection needs to be determined
in advance. For example, depending on the order in which
vehicles enter a context space, a First-Come-First-Served
(FCFS) policy can be used, or a First-Come-Last-Served
(FCLS) policy can be adopted. In addition, a Random Selec-
tion (RASE) policy can also be employed.

When the vehicles under the specific beam coverage in
the lth sector are counted as the members of Vl

t in the first
time slot of the tth time period, every counted vehicle has
entered this coverage area before the beginning of this time
slot but does not leave before the end of this time slot. So
the earlier they enter, the earlier they may leave.

The above simulation scenario is implemented on the
OMNeT platform (i.e., omnetpp-5.4.1) with the application
package (i.e., veins-4.7.1) in terms of vehicle communication
simulation framework, where the traffic pattern is generated
by the third-party software: simulation of urban mobility
(i.e., sumo-0.30.0). The speed of vehicles is set to the range
from 5 to 10m/s.

The following mmWave channel propagation model is
adopted in our simulation experiments:

pri = ptiG
t
iG

r
iG

c
i : ð8Þ

In (8), pti is the transmission power at a directional beam

from the mmSBS to the vehicle i, while pri is the received
power at the vehicle i side when the mmSBS transmits at
the power pti ;G

t
i , and Gr

i are the directional transmitting gain
and directional receiving gain, respectively; Gc

i is the channel
gain between the mmSBS and the vehicle i. When the beam
between the mmSBS and the vehicle i is aligned, Gt

i and Gr
i

can be estimated by the following formula [51]:

Gt
i =

2π − 2π − θti
� �

∂
θti

, 9að Þ

Gr
i =

2π − 2π − θrið Þ∂
θri

, 9bð Þ

8>>><>>>: : ð9Þ

In (9), θti is the beam width of the transmitter, while θri is
the beam width of the receiver; ∂ is the gain of the side lobe
and 0 < ∂≪ 1, while θti and θri are the main lobe in radian.
The channel gain Gc

i can be estimated by the following for-
mula [52]:

Gc
i = χc

iδ τ − τið Þj j2: ð10Þ

In (10), δ ð·Þ is the Dirac delta function; τi and χc
i are the

propagation delay and the amplitude of the path from the
mmSBS to the vehicle i, respectively. τi is estimated by the
following formula:

τi =
di
c
: ð11Þ

Sector 1

Sector 2

Sector 3

Sector 4

Blockage

Road 3-1

Road 3-2 

Road 4-1 Road 4-2

Road 1-1

Road 1-2

Road 2-1 Road 2-2 

15
Sector 1t

Blockage

R d 4 2

15

Figure 3: Illustration of our simulation scenario.
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In (11), di is the distance of the path from the mmSBS to
the vehicle i, and c is the speed of light. When there is a line-
of-sight (LOS) path between the mmSBS and the vehicle i,
the amplitude is estimated by the following formula [52]:

χc,los
i = λ

4πdi
: ð12Þ

In (12), λ is the wavelength, and λ = c/f c, f c is the carrier
frequency. When there is not any LOS path between the
mmSBS and the vehicle i, the amplitude is related to both
path loss and reflection coefficients. Due to very high reflec-
tion loss in mmWave band [53], only one reflection of a
given path is considered, which is estimated by the following
formula [52]:

χc,nlos
i = λΓ

4πdi
: ð13Þ

In (13), Γ is the reflection coefficient of the mmWave
reflection path. Therefore, based on (12) and (13), χc

i is
estimated by

χc
i =

χc,los
i , In unblocked area 14að Þ

χc,nlos
i , In blocked area 14bð Þ

(
: ð14Þ

In the IFML-II, when the overlapping beams use the
same frequency band, there is the same frequency interfer-
ence between them. Let the beam of the vehicle i and the
beam of the vehicle j be overlapping in the same mmSBS
coverage. When the mmSBS transmits data to vehicle j, the
interference power received at vehicle i should be

prj→i = ptjG
t
j→iG

r
j→iG

c
i : ð15Þ

In (15), Gt
j→i and Gr

j→i are the directional transmitting
gain and directional receiving gain of the mmWave link
between themmSBS and vehicle iwhen themmSBS transmits
data to vehicle j. The directional transmit-receive gain of each
mmWave link can be derived by the following formula:

Gt
j→iG

r
j→i =

2π − 2π − θtj

� �
∂

θtj
∙
2π − 2π − θrið Þ∂

θri
ConditionA

2π − 2π − θtj

� �
∂

θtj
∙∂ Condition B

∂∙
2π − 2π − θrið Þ∂

θri
ConditionC

∂∙∂ ConditionD

8>>>>>>>>>>>>>><>>>>>>>>>>>>>>:

:

ð16Þ

Let ϕtj→i and ϕrj→i be the beam offset angle from the
mmSBS’s (the mmSBS transmits to vehicle j) transmitting
beam direction to the position of vehicle i and that from vehi-

cle i’s (vehicle i receives from the mmSBS) receiving beam
direction to the position of the mmSBS, respectively; Condi-
tion A is both jϕtj→ij ≤ θtj/2 and jϕrj→ij ≤ θrj/2; Condition B is

both jϕtj→ij ≤ θtj/2 and jϕrj→ij > θrj/2; Condition C is both j
ϕtj→ij > θtj/2 and jϕrj→ij ≤ θrj/2; Condition D is both jϕtj‘→ij >
θtj/2 and jϕrj→ij > θrj/2.

The work in [4] is most similar to ours. However, in the
implementation in [4], the context vector is one-
dimensional since the only direction of arrival is considered
as the context. Also, a time period is defined as the time dur-
ing which the observed vehicle enters and leaves the cell cov-
erage area. Since this type of time period is influenced by a
variety of factors (e.g., speed of vehicle, size of cell coverage
area, and road orientation), it has great uncertainty and thus
is difficult to determine its value in practical applications.

Furthermore, the direction of arrival in [4] only takes
some simple and abstract values (i.e., north, south, east, and
west) due to the consideration for wide adaptation. There-
fore, in order to make a fairer comparison, we design a vari-
ant of the algorithm (i.e., FML) in [4] and call it VFML,
which basically retains the core idea of the FML algorithm
except for the fixed time period (i.e., t = 3 s) and the adoption
of vehicle arrival direction defined in our scheme.

Based on the same bound for RðTÞ as that in the IFML,
the time horizon T in the VFML should be about 1000. In
addition, based on our simulation scenario in Figure 3, the
simulation area for the VFML is divided into 24 one-
dimensional subspaces according to the arrival direction of
a vehicle. Therefore, the other parameters in the VFML
should be set to α = 0:39 andKðtÞ = 2:35. Since the maxi-
mum number of supported RF chains in a mmSBS is set to
six and the beams do not overlap in the VFML, the six
orthogonal beams with variable beam width from 30° to 60°

cover the 360° azimuth.
In addition, we also consider an Optimal Scheme (OPSC)

as a comparison of our scheme, which has a priori knowledge
about the expected beam performance μblt, jðc

l
t,iÞ of each beam

blt,j ∈B
l
t in each context clt,i ∈ℂVl

t
. In each period, the OPSC

selects the optimal subset Bl∗
t ðℂVl

t
Þ of n beams as in (1).

Therefore, the results achieved by the OPSC is the expected
performance upper bound of the system.

The performance metrics used in the evaluation are the
aggregate received data, the cumulative received data, and
the online learning cost. We define the aggregate received
data as the received data (in Gbits) from all the vehicles dur-
ing a time period t, while we define the cumulative received
data as the received data from all the vehicles during the time
horizon T . The online learning cost is defined as the number
of exploration rounds required for the IFML-I, the IFML-II,
and the VFML to reach a certain percentage of the OPSC’s
performance, where all the exploration operations during a
time period are classified as one round. The values of the
remaining simulation parameters are listed in Table 1, unless
otherwise stated in the following text.

6.2. Simulation Results and Analysis. Firstly, we evaluate the
performance metrics of the IFML-I and the IFML-II

12 Wireless Communications and Mobile Computing



compared to the benchmark algorithms such as the VFML
and the OPSC. The corresponding results are shown in
Figures 4–11. When there are multiple vehicles in the cover-
age area of a selected beam at the same time, the VFML
selects one of the vehicles at random for communication.
Therefore, in this set of simulations, the IFML-I, the IFML-
II, and the OPSC also adopt the RASE strategy. Next, we eval-
uate the performance metrics of the IFML-I in terms of the
FCFS strategy, the FCLS strategy, and the RASE strategy.
The corresponding results are shown in Figures 12–19.
Finally, we compare the impact of learning information space
size on the performance metrics of the IFML-I and the
VFML, respectively. The corresponding results are shown
in Figures 20–23.

In Figure 4, we investigate the impact of the number of
vehicles in the simulation area on the cumulative received
data achieved by the different algorithms, where at most 6
selected beams are used simultaneously in each time period
and the number of vehicles varies from 35 to 95 with the step
size of 15. We can see from Figure 4 that as the number of
vehicles in the simulation area increases, the cumulative
received data also increase. This is because the smaller num-
ber of vehicles means the more insufficient context informa-
tion and thus results in a poorer learning effect. Therefore,
the probability of accurately selecting the beams that can
make vehicles maximize the cumulative received data is rela-
tively small. With the increase of the number of vehicles,
more context information is provided, which is conducive

Table 1: The simulation parameters.

Symbol Description Value

f c Carrier frequency 60GHz

W System bandwidth 1GHz

ptmax The maximum transmission power of a mmSBS 30 dBm

N0 Noise power density at a vehicle -174 dBm/Hz

BWr Each vehicle’s receiving beam width 90°

BWt A mmSBS’s transmitting beam width 30°~90°

n The maximum number of supported RF chains in a mmSBS 6

Γ The reflection coefficient of mmWave reflection path 0.3

t The length of a time period 3 s

T The number of time periods 1000

ζ The weighted coefficient 0.125

R Radius of simulation area of a mmSBS 100m
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Figure 4: Impact of vehicle density on cumulative received data.
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to improving the learning effect. Therefore, the probability of
accurately selecting the beams that can make vehicles maxi-
mize the cumulative received data is relatively large.

From Figure 4, we also see that the cumulative received
data hardly increase when the number of vehicles in the sim-
ulation area increases to a certain amount. This is because the
number of selected beams per time period is fixed. At the
same time, when the context information is large enough,
the specified number of served vehicles can be selected rea-
sonably through online learning. Figure 4 shows that the
IFML-I is closer to the optimal one (i.e., the OPSC) than
the IFML-II and the VFML, where the IFML-II outperforms

the VFML. The main reason lies in two aspects. On the one
hand, the IFML-I and the IFML-II can find the more reason-
able beam width and beam direction for each served vehicle
when compared with the VFML. On the other hand, the
two IFMLs’ two-dimensional context can bring more
accurate information than the VFML’s one-dimensional con-
text, which can make a more reasonable decision for each
vehicle. Compared with the IFML-II, the IFML-I pays more
frequency band resources for better performance.

Based on the same simulation configuration as that in
Figure 4, the online learning costs required for the IFML-I,
the IFML-II, and the VFML under the different number of

IFML-I
IFML-II

VFML
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Figure 5: Impact of vehicle density on online learning costs.
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Figure 6: Impact of the number of selected beams per period on cumulative received data.
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vehicles are shown in Figure 5. We can observe from Figure 5
that the changes of the online learning costs result from the
number of vehicles in the system. As the number of vehicles
increases, the costs increase as well. This is because the more
vehicles that enter the system in a time period will give each
beam the opportunity to probe the more context subspaces.
Therefore, the performances of each beam on the more
subspaces can be detected in a time period. If there is no
performance history or the recorded history is insufficient,
the corresponding beams are scheduled for exploration as
soon as possible in a time period, which is helpful to speed
up the detection process of the performance of each beam

in each context subspace, and thus reduce the number of
exploration rounds.

Moreover, we can see from Figure 5 that the two IFMLs’
online learning costs are larger than those of the VFML. This
is because the two IFMLs have more beams and context sub-
spaces than those of the VFML. By setting the more number
of beams and using the more context information, each
selected vehicle can be assigned the beam with a more
reasonable width and direction. However, there are larger
combinations of beams and contexts that need to be
explored. As the number of vehicles increases, the difference
in the number of exploration rounds between the two
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Figure 7: Impact of the number of selected beams per period on online learning costs.
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Figure 8: Impact of thermal noise power density on cumulative received data.
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schemes is narrowed. This indicates that the operation mode
(that the two IFMLs first perform a partitioned search for a
mmSBS coverage area and then select the exploration beams
from the partitioned search results) has higher exploration
efficiency with the increase of the number of vehicles. In the
IFML-II, in order to control cochannel interference, the beam
transmission power must be adjusted, so it needs to be discre-
tized into various values, which makes the beam exploration
space be larger and the online learning cost be higher.

In Figure 6, we analyze the impact of the number of
selected beams per time period on the cumulative received
data, where the number of vehicles in the simulation area is

set to 65 and the number of selected beams varies from 2 to
6 with the step size of 1. It can be seen from Figure 6 that
as the number of simultaneously selected beams increases,
the cumulative received data in the system increase as well.
The reason for this increase is that the increasing number
of beams used in a concurrent manner leads to the enhanced
coverage area and thus the more vehicles can be served at the
same time. However, as mentioned earlier, the larger the
number of concurrent beams is, the higher the hardware
complexity and energy consumption at a mmSBS are. It can
also be seen that the two IFMLs achieve a larger cumulative
received data than the VFML, where the explanation for the
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Figure 9: Impact of thermal noise power density on online learning costs.
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difference in terms of cumulative received data between the
different schemes is similar to the explanation of the results
in Figure 4.

Based on the same simulation configuration as that in
Figure 6, the online learning costs required for the two IFMLs
and the VFML under the different number of selected beams
per period are shown in Figure 7. From Figure 7, as the num-
ber of selected concurrent beams increases, the number of
exploration rounds decreases. The larger number of selected

concurrent beams per time period means that the larger
number of beams with unknown or uncertain performance
can be explored in each time period. When the combined
space size of beams and context subspaces remains
unchanged, the number of required exploration rounds will
decrease. In Figure 7, we see that the online learning costs
of the two IFMLs are larger than that of the VFML, and the
explanation of this difference is similar to the explanation
of the results in Figure 5.
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Figure 11: The number of exploration operations per period over the time horizon.
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Figure 12: Impact of vehicle density on cumulative received data under the three vehicle scheduling strategies.
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In Figure 8, we analyze the impact of thermal noise power
density on the cumulative received data, where the number of
vehicles in the simulation area is set to 65, the number of
selected beams is set to 6, and the thermal noise power
density varies from -170dBm/Hz to -150 dBm/Hz with the
step size of 5 dBm/Hz. Obviously, as the thermal noise power
density in the system increases, the cumulative received data
decrease. This is because the increase of thermal noise power
density will reduce the signal-to-noise ratio. When the trans-
mission power of a mmSBS is constant, the data rate will

decrease according to the Shannon theorem. Also, we can
see from Figure 8 that the cumulative received data of the
two IFMLs are higher than that of the VFML, where the
explanation for this difference is similar to the explanation
of the results in Figure 4.

Based on the same simulation configuration as that in
Figure 8, the online learning costs required for the two
IFMLs and the VFML under the different thermal noise
power density are shown in Figure 9. It is observed from
Figure 9 that the impact of the thermal noise power density
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Figure 13: Impact of vehicle density on online learning costs under the three vehicle scheduling strategies.

2 3 4 5 6
0.00

0.25

0.50

0.75

1.00

1.25

1.50

Cu
m

ul
at

iv
e r

ec
ei

ve
d 

da
ta

 (G
bi

t)

The number of selected beams per period

FCLS
RASE
FCFS

Figure 14: Impact of the number of selected beams per period on cumulative received data under the three vehicle scheduling strategies.
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on the online learning costs of the algorithms is not obvious
in general. The reason is that the variation of thermal noise
power density does not change the size of the information
space of online learning.

However, at higher thermal noise density, the number of
the VFML’s beam exploration rounds decreases slightly. As
shown in Figure 8, the thermal noise power density has a
great impact on the cumulative received data. Therefore,
the possible reason is that, due to the combination of the

high thermal noise environment and the small number of
optional beams in the VFML, the performance of each beam
under each context subspace is not easily affected by the
changes of other factors in the environment, and thus, a
beam performance is considered stable and does not require
additional exploration.

In Figure 10, we analyze the aggregate received data
achieved by the algorithms over the time horizon with 1000
time periods, where the number of vehicles in the simulation
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Figure 15: Impact of the number of selected beams per period on online learning costs under the three vehicle scheduling strategies.
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Figure 16: Impact of thermal noise power density on cumulative received data under the three vehicle scheduling strategies.
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area is set to 65. Figure 10 illustrates that the IFML-I can
achieve performance closer to the OPSC than the IFML-II
and the VFML. The fluctuations on the graph result from
the number of vehicles in the system, the speed of each vehi-
cle, and the contact time. Clearly, the OPSC gives an upper
bound to the other algorithms due to a priori knowledge of
the expected beam performance. So, the OPSC can select
the optimal subset of beams according to the relational
expression (1).

The two IFMLs obviously outperform the VFML in terms
of aggregate received data after 300 time periods, and the
IFML-I is close to the OPSC’s aggregate received data after
600 time periods. The main reason is that after sufficient
online learning, the two IFMLs can select a set of beams with
more reasonable widths and directions than the VFML,
which can provide greater transmission capacity for the vehi-
cles in their coverage. However, before 300 time periods, due
to insufficient online learning, most of the beams assigned to
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Figure 17: Impact of thermal noise power density on online learning costs under the three vehicle scheduling strategies.
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Figure 18: Impact of weight coefficient ζ on cumulative received data under the three vehicle scheduling strategies.
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the vehicles are selected at random, and thus, there is no
significant difference between the two IFMLs’ aggregate
received data and the VFML’s.

Based on the same simulation configuration as that in
Figure 10, the number of exploration operations per time
period required for the algorithms over the time horizon with
1000 time periods are shown in Figure 11. We can see from
Figure 11 that the two IFMLs needs more time periods for
beam performance exploration than the VFML. This indi-
cates that the two IFMLs takes longer time to sufficient online

learning effect than the VFML. The main reason is that there
is a difference of the learning information space resulting
from the combination of beams and context subspaces
between the two IFMLs and the VFML.

In the two IFMLs, the larger learning information space
leads to higher aggregate received data but increases the
online learning costs. Fortunately, after a certain amount of
time periods, there is no difference in the online learning costs
between the three schemes, where they still have a similar
beam performance update process after each beam is used.
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Figure 19: Impact of weight coefficient ζ on online learning costs under the three vehicle scheduling strategies.
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Figure 20: Impact of learning information space size on the IFML-I’s cumulative received data.
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Based on the same simulation configuration as that in
Figure 4, under the three vehicle scheduling strategies
adopted by the IFML-I, Figure 12 shows that the impact of
the number of vehicles in the system on the cumulative
received data, while Figure 13 shows that the impact of the
number of vehicles in the system on online learning costs.

As explained in Figure 4, the cumulative received data
under all the vehicle scheduling strategies in Figure 12 varies
with the number of vehicles in the simulation area. However,
there is a difference in terms of cumulative received data
between the three vehicle scheduling strategies. The main

for this difference is that the different strategies result in the
different contact time, during which a vehicle stays in a beam
coverage area. Among the three strategies, the FCLS leads to
the longest average contact time, while the FCFS leads to the
shortest one. So the cumulative data received under the FCLS
is the largest, while that under the FCFS is the least.

The variation trend of the online learning costs with the
number of vehicles in the simulation area under all the
vehicle scheduling strategies in Figure 13 is similar to that
in Figure 5. Therefore, the explanation in Figure 5 applies
here as well. There is no difference in the online learning
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Figure 21: Impact of learning information space size on the IFML-I’s online learning costs.
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Figure 22: Impact of learning information space size on the VFML’s cumulative received data.
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costs among the three strategies under the different number
of vehicles. The main reason is that the different vehicle
scheduling strategies do not affect the size of the learning
information space.

Based on the same simulation configuration as that in
Figure 6, under the three vehicle scheduling strategies
adopted by the IFML-I, Figure 14 shows that the impact of
the number of selected beams per period on cumulative
received data, while Figure 15 shows that the impact of the
number of selected beams per period on online learning costs.

The variation trend of cumulative received data with the
number of selected concurrent beams under all the vehicle
scheduling strategies in Figure 14 is similar to that in
Figure 6. Therefore, the explanation in Figure 6 applies here
as well. Also, in the case of different number of beams that
can be used simultaneously, the main reason for the differ-
ence in cumulative received data under the three strategies
is similar to that in Figure 12.

As explained in Figure 7, the online learning costs under
all the vehicle scheduling strategies in Figure 15 vary with the
number of beams that could be used simultaneously. How-
ever, there is no difference in the online learning costs under
the three vehicle scheduling strategies. The main reason is
that the different vehicle scheduling strategies do not affect
the size of the information space for online learning.

Based on the same simulation configuration as that in
Figure 8, under the three vehicle scheduling strategies
adopted by the IFML-I, Figure 16 shows that the impact of
thermal noise power density on cumulative received data,
while Figure 17 shows that the impact of thermal noise power
density on online learning costs.

The variation trend of cumulative received data with the
thermal noise power density under all the vehicle scheduling
strategies in Figure 16 is similar to that in Figure 8. Therefore,
the explanation in Figure 8 applies here as well. Also, in the
case of different thermal noise power density, themain reason

for the difference in cumulative received data under the three
vehicle scheduling strategies is similar to that in Figure 12.

The variation trend of the online learning costs with the
thermal noise power density under all the vehicle scheduling
strategies in Figure 17 is similar to that in Figure 9. However,
there is no difference in the online learning costs under the
three vehicle scheduling strategies. The main reason is that
the different vehicle scheduling strategies do not affect the
size of the information space for online learning.

For the three vehicle scheduling strategies adopted by the
IFML-I, we investigate the impact of the weight coefficient ζ
on the cumulative received data and the online learning costs,
where the number of vehicles in the simulation area is set to
65 and ζ varies from 0.125 to 0.875 with the step size of 0.125.
Figure 18 shows that the impact of ζ on cumulative received
data, while Figure 19 shows that the impact of ζ on online
learning costs.

Combined with Figures 18 and 19, we can see that when
the IFML-I adopts the weight coefficient value of 0.125, the
cumulative received data is relatively large and the corre-
sponding online learning costs are relatively small, where
the ratio of performance to cost is relatively high.

For different communication environments, the weight
coefficient value of achieving a relatively high ratio of perfor-
mance to cost may be different. In the IFML-I, it is easy to
adjust the weight coefficient value to adapt to different com-
munication environments, while in the VFML, this flexibility
is not available because of an incremental absolute average
evaluation approach used in beam performance update.

Based on the same simulation configuration as that in
Figure 4, we compare the impact of learning information
space size on the performance metrics of the IFML-I, where
“IFML 7 × 4 × 10”, “IFML 7 × 1 × 10”, “IFML 3 × 4 × 10”,
and “IFML 3 × 1 × 10” represent the different learning infor-
mation spaces used by the IFML-I, respectively. “IFML 7 ×
4 × 10” means that there are 7 types of beam widths (i.e.,
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Figure 23: Impact of learning information space size on the VFML’s online learning costs.
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from 30° to 90° with the step size of 10°) for each sector, the
number of each type of beam widths is 4, and each sector is
divided into 10 contextual subspaces. By analogy, the mean-
ings of “IFML 7 × 1 × 10”, “IFML 3 × 4 × 10”, and “IFML 3
× 1 × 10” are also easy to understand, so the detailed descrip-
tion is omitted.

The cumulative received data of the IFML-I with differ-
ent learning information space sizes under the different num-
ber of vehicles are shown in Figure 20, while the online
learning costs required for the IFML-I with different learning
information space sizes under the different number of vehi-
cles are shown in Figure 21.

Combined with Figures 20 and 21, we can see that the
IFML-I with a larger learning information space usually per-
forms better than those with a smaller learning information
space in terms of cumulative received data except for “IFML
7 × 1 × 10”. However, in terms of online learning costs, the
IFML-I with a larger learning information space performs
worse than those with a smaller learning information space.

Although “IFML 7 × 1 × 10” has less learning informa-
tion space than “IFML 3 × 4 × 10”, it performs better than
“IFML 3 × 4 × 10” in terms of both cumulative received data
and online learning costs. This indicates that setting more
types of beam widths is helpful to pick out more reasonable
beam widths and thus improve performance. In other words,
only increasing the number of beams with the same width
has a limited improvement on performance. Also, we see that
the cumulative received data of “IFML 7 × 1 × 10” is slightly
worse than that of “IFML 7 × 4 × 10”, but the online learning
costs of the former are much less than that of the latter, espe-
cially in the case of a large number of vehicles. This indicates
that “IFML 7 × 1 × 10” has the relatively high ratio of perfor-
mance to cost.

Based on the same simulation configuration as that in
Figure 4, we compare the impact of learning information
space size on the performance metrics of the VFML, where
“VFML 6 × 24”, “VFML 12 × 24”, “VFML 24 × 24”, and
“VFML 48 × 24” represent the different learning information
spaces used by the VFML, respectively. “VFML 6 × 24”
means that there are 6 types of beam widths (i.e., from 60°

to 360° with the step size of 60°) and the entire base station
coverage area is divided into 24 contextual subspaces. By
analogy, the meanings of “VFML 12 × 24”, “VFML 24 × 24
”, and “VFML 48 × 24” are also easy to understand, so the
detailed description is omitted.

The cumulative received data of the VFML with different
learning information space sizes under the different number
of vehicles are shown in Figure 22, while the online learning
costs required for the VFML with different learning informa-
tion space sizes under the different number of vehicles are
shown in Figure 23.

Combined with Figures 22 and 23, we can see that the
VFML with a smaller larger learning information space per-
forms worse than those with a larger learning information
space in terms of cumulative received data, while the opposite
is true in terms of online learning costs.

Also, we see from Figures 22 and 23 that the cumulative
received data gains from expanding the learning information
space are extremely limited for the VFML. This indicates that

without changing the design structure or idea of the VFML
algorithm, it is difficult to improve the cumulative received
data by expanding the learning information space, which
further illustrates the necessity of the work in this paper.

7. Conclusion

In this paper, we proposed the two improved fast machine
learning algorithms (i.e., the IFML-I and the IFML-II) to
improve network capacity in mmWave vehicular networks
based on contextual multi-armed bandits. To cope with
unknown performance values of mmWave beams assigned
to the dynamically arriving vehicles, the two IFMLs periodi-
cally observe the amount of data received by the connected
vehicles in each time period and update performance values
of the mmWave beams under the context subspaces corre-
sponding to these vehicles by adopting the proposed beam
performance update approach based on adjustable weight
coefficient. In this way, the two IFMLs learn context-
specific mmWave beam performances online. Moreover,
the two IFMLs exploit the richer contexts and more beam
types so that the set of beams with the more reasonable beam
width and beam direction is picked out. Also, the additional
beam search overhead can be suppressed by the partitioned
search method. Compared with the benchmark algorithm,
the simulation results showed that the two IFMLs substan-
tially improve the amount of data received by the vehicles
in the system during each time period at a slightly increased
online learning overhead. However, there is no difference in
terms of beam performance update cost after a certain
number of time periods between the two IFMLs and the
benchmark algorithm.
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