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Abstract—Communication at terahertz (THz) frequency
bands is a promising solution for achieving extremely high
data rates in next-generation wireless networks. While the THz
communication is conventionally envisioned for short-range
wireless applications due to the high atmospheric absorption
at THz frequencies, multi-hop directional transmissions can
be enabled to extend the communication range. However, to
realize multi-hop THz communications, conventional beam
training schemes, such as exhaustive search or hierarchical
methods with a fixed number of training levels, can lead to
a very large time overhead. To address this challenge, in
this paper, a novel hierarchical beam training scheme with
dynamic training levels is proposed to optimize the performance
of multi-hop THz links. In fact, an optimization problem is
formulated to maximize the overall spectral efficiency of the
multi-hop THz link by dynamically and jointly selecting the
number of beam training levels across all the constituent
single-hop links. To solve this problem in presence of un-
known channel state information, noise, and path loss, a new
reinforcement learning solution based on the multi-armed
bandit (MAB) is developed. Simulation results show the fast
convergence of the proposed scheme in presence of random
channels and noise. The results also show that the proposed
scheme can yield up to 75% performance gain, in terms of
spectral efficiency, compared to the conventional hierarchical
beam training with a fixed number of training levels.

I. INTRODUCTION

Future wireless networks are expected to support a new
breed of wireless technologies that not only require very
high data rates, but also mandate very low communications
latency [1]. Among these emerging services include, but not
limited to, factory automation, autonomous vehicular pla-
toon systems, swarm of unmanned aerial vehicles (UAVs),
and user interactions via wireless extended reality applica-
tions [2]. Despite their unique service requirements, these
applications are similar in a number of key aspects: 1) they
mainly rely on direct device-to-device (D2D) or machine-
to-machine (M2M) communications among a group of user
equipment (UE), 2) the communication network is formed
over multi-hop D2D or M2M links, and 3) substantial traffic
(e.g., sensing data) must be managed within very short (sub-
millisecond) time intervals.

These unique characteristics motivate leveraging the large
available bandwidth at very high-frequency bands, partic-
ularly over the terahertz (THz) frequencies (collectively
considered as 0.1 —10 THz) [3], [4]. In fact, compared with
the frequency bands considered in the fifth-generation (5G)
new radio specifications!, THz spectrum can offer an order
of magnitude larger bandwidth, suitable for managing large
sensing information required in autonomous systems. Addi-
tionally, deployment of advanced phased arrays (composed
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n particular, frequency range 1 (sub-6 GHz) and frequency range 2
(sub-100 GHz) millimeter wave (mmWave) bands.

of many antenna elements) with very small form-factors is
feasible at THz frequencies. This allows UEs to leverage
large array processing gains and form highly directional
multi-hop links to cope with the large atmospheric absorp-
tion at THz frequency bands, achieve extremely high data
rates, and extend the communication range to form larger
D2D or M2M networks (e.g., UAV swarm or vehicular
platoons).

However, one of the key challenges for establishing
directional links at high-frequency bands is the lack of
full or even partial knowledge of the channel state infor-
mation (CSI) at the transceivers during the initial access
[5]. Therefore, prior to the actual data transmissions, UEs
have to follow a process, known as beam training, during
which the transceivers direct the antenna array gain toward
different directions to find the optimal spatial path that
maximizes the received power. As UEs move and the
propagation environment changes, the beam training process
must be repeated to find the best spatial path and maintain
high data rates across the network. Moreover, in multi-hop
communications, the overall link performance (e.g., data
rate) depends on the performance of all the constituent
single-hope links [6]. Hence, for multi-hop THz communi-
cations, the beam training process must be completed jointly
for multiple links at every transmission block, leading to
substantial time overhead.

Thus far, substantial work has been done to optimize
the beam training process, particularly for communications
below 100 GHz [7]-[15]. The authors in [14] propose an
exhaustive search beam training, which sequentially tests
all possible beam pairs in the angle domain between a base
station (BS) and a UE and chooses the precoding/combining
codeword that yields maximum received signal power. The
main drawback of this approach is that scanning the an-
gular space via sequential search is very time consuming,
particularly in THz communications that require very high
resolution angular search to achieve the so-called pencil
beams. To reduce the beam training time overhead, the
hierarchical beam training is developed in [7]-[13], [15].
This technique allows BSs/UEs to scan the angular space
with wider beams, and then, narrow down the search space
and the beamwidth over multiple training stages. While this
approach has been widely adopted to decrease the training
time, its performance is highly dependent on the codebook
design. In [7], the authors present a fast discovery hierar-
chical search strategy to decrease the delay of exhaustive
search. The authors in [8] propose an analog beamforming
strategy using a hierarchical scheme for a single-hop trans-
mission scenario. In [9], an efficient hierarchical codebook
is designed by jointly exploiting sub-array and deactivation
antenna processing techniques. The work in [15] presents
a hierarchical multi-resolution codebook based on hybrid



beamforming precoding in a single-UE mmWave system.
In [10], the authors introduce a Discrete Fourier Transform
(DFT) based multi-level codebook design that yields beam
patterns with near-uniform gains at each training level. In
[16], the authors propose an online learning algorithm to
solve the problem of beam training in mmWave vehicular
systems based on a contextual multi-armed bandit (MAB)
method. In [11], an online stochastic optimization problem
is solved as a unimodal MAB problem to improve beam
training in mmWave networks. In fact, the authors utilize
the correlation and unimodality properties to decrease the
search space and maximize the received energy. The authors
in [12] consider a beam-training scheme based on Bayesian
MAB to maximize the throughput of the mmWave sys-
tems in a single-UE scenario. While the hierarchical beam
training schemes developed in [7]-[13], [15], reduce the
time overhead compared to the sequential search, they only
focus on single-UE, single-hop communications mainly at
mmWave frequency bands. As we will show in this paper,
the hierarchical beam training schemes can lead to large
beam training overhead and performance degradation when
applied directly to multi-hop THz links. In fact, the time
overhead of existing hierarchical beam training schemes can
scale linearly with the number of UEs, which makes them
inefficient for multi-hop THz communications.

The main contribution of this paper is a novel hierarchical
beam training scheme to reduce the time overhead of
the beam training process and enhance the performance
for multi-hop THz communication links. To this end, we
formulate an optimization problem that aims to maximize
the overall spectral efficiency of the multi-hop THz link by
finding the optimal number of training levels in hierarchi-
cal beam search, jointly for all the constituent single-hop
links. In particular, instead of performing the hierarchical
search for a pre-defined number of training levels, the
proposed scheme dynamically determines the number of
training levels for each single-hop link while considering the
performance of other links. Hence, the proposed scheme can
effectively reduce the beam training overhead and increase
the available time for data communication during each
transmission block. To solve this problem, we propose a
new algorithm that builds on an MAB strategy to efficiently
learn the optimal values for the number of search levels
during the hierarchical beam training, without requiring
prior knowledge about the CSI. The simulation results
show that compared with the conventional hierarchical beam
training with a fixed number of training levels, the proposed
algorithm yields up to 75% performance gain in terms of

spectral efficiency.
The rest of the paper is organized as follows. Section

IT presents the system model. Section III describes the
problem formulation based on the proposed hierarchical
beam training with dynamic training levels. The proposed
algorithm is presented in Section IV. Simulation results are
provided in Section V and conclusions are presented in
Section VI.

II. SYSTEM MODEL

Consider a network of K UEs in a set X that commu-
nicate with one another over a multi-hop THz link. Let
up ¢ uz ¢ --- < ug denote the multi-hop THz link
where uy ¢ upy1 represents a single-hop bi-directional
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Fig. 1. An example of multi-hop THz communication composed
of line-of-sight (LOS) and non-LOS (NLOS) D2D/M2M links.

THz link between UE uy to UE ug1. As an example, Fig.
1 shows a two-hop THz communication u; <+ us > us.
We note that more complex structures for the multi-hop
network (e.g., mesh or star networks) can be built based
on the considered structure, i.e., a connected polytree graph
with each node having a maximum degree of two. To form
the directional links, each UE wuy, is equipped with a uniform
linear array composed of IV antenna elements.

A. Channel model

Given an azimuth steering direction ¢ € [f%, g] the

transceiver’s response vector of a UE is given by

a(f) = 1,6—1'2”%97‘.. ’e—jQW%(N—lw}T’ (1

where d is the antenna spacing, A is the wavelength, and
0 = sin(v). For the channel model at high-frequency bands,
it is widely accepted to consider an LOS link or an NLOS
link with a single spatial path associated with a cluster of
scatterers (as shown in Fig. 1) [10], [12]. In fact, for an
arbitrary single-hop THz link w; <+ u;, the multiple-input
multiple-output (MIMO) channel matrix can be written as

H,; = Ba(0;)a" (0;), 2

where 0; and 6; are, respectively, the angle-of-departure
(AoD) and the angle-of-arrival (AoA) associated with the
spatial path for the link between UEs u; and u;. In addition,
[ is the small-scale fading channel gain which is modeled
as a zero-mean, complex Gaussian random variable with
variance 0%, ie., B ~CN(0,03).

B. Beam training and data transmissions

We consider the transmission of data frames, each com-
posed of L time slots. Denoting 7, as the channel coherence
time and 7 as the duration of each time slot, L is selected
such that L7 < T,. At the beginning of each frame, L’
time slots are allocated for the beam training between the
transmitter and the receiver of a THz link. Hence, L — L’
time slots will be assigned for the transmission of data
symbols. For an arbitrary link from UE u; to UE wu;, the
received signal over the MIMO channel at a given time slot
can be represented as

r; = \/p_ijHiij +vfn, 3)

where z is the transmitted symbol with E{|z|?} = 1 and
p; is the omni-directional received power (i.e., transmit
power after impacted by the path loss) at the receiver j. The
additive white Gaussian noise (AWGN) vector n € C has
a zero mean with E{nn'’} = ¢2Iy. Moreover, w € CV
and v € CV represent, respectively, the beamforming and
combining vectors. These vectors are selected from a pre-
defined codebook and satisfy ||w||? = ||v|? = 1. With this



model, the received signal-to-noise ratio (SNR) is

v,
vig = zloHywl, “)

Accordingly, the spectral efficiency of a single-hop link
between UEs u; and u; is
/

L
Riy = 1= Plogg < 2] (1= 52 ) lora(1 4 3,),

®)

where yy, denotes the minimum required SNR and IP(vy; ; <
~n) represents the outage probability. Next, we describe
why the time overhead of beam training in multi-hop THz
communications can severely impact the performance and
we justify the need for new solutions to optimize the beam
training for multi-hop THz links.

IIT. MULTI-RESOLUTION BEAM TRAINING WITH
DyYNAMIC TRAINING LEVELS

Here, we first focus on analyzing the beam training time
overhead L’ in multi-hop THz networks. As described in
Sec. I, the sequential search will result in a significant time
overhead to establish bi-directional THz links. Therefore, in
this section, we first briefly overview the hierarchical (also
known as multi-resolution) search as a widely adopted beam
training scheme and analyze its time overhead for multi-hop
THz communications. Then, we propose an optimization
problem to maximize the performance of multi-hop THz
links by effectively reducing the beam training time over-
head.

A. Time overhead of hierarchical beam training for multi-
hop THz communications

The hierarchical beam training is a technique which
allows a UE to start the search using codewords with wide
beamwidths, and then, fine-tune the search (i.e., narrow
down the angular search space and the beamwidth) at
each subsequent level throughout the search process. While
different multi-resolution codebooks have been proposed in
the literature, here, we build our framework based on the
phase-shifted DFT codebook introduced in [10] due to: 1)
efficient DFT-based implementation, and 2) near-uniform
antenna gain over the beamwidths. As shown in Fig. 2,
the hierarchical beam training process requires M training
levels to complete the beam training at a transmitter with
W) = {w!™ wl™ ... w{™} representing the set of
qm beamforming codewords at the m-th level. Using the
phase-shifted DFT codebook design, we can construct each
codeword as

(m) _ V dm iwm ke
w; = N Zak(ek)ej ) (6)

?

where (171)—+1 <k< zq— and 0, = —1 + 2L
In addition, w,, represents the phase shift added to reduce
the antenna gain fluctuations of the codeword over its
beamwidth of 2—7’ To perform the beam training for a single
link, beam search can start at the transmitter while the
receiver operates with an omni-directional array gain and
provides the index of best codeword to the transmitter over
a feedback channel. Then, the transmitter sends training
signals using the selected beam training codeword and the
beam training can be repeated at the receiver. To implement
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Fig. 2. Example of hierarchical beam training process at the
transmitter with M = 3, gm € [8,16,64], and w,, = 2.24. At
each stage, the selected codeword is shown in red. The dashed
line represents a 45° AoD.

this process, we use an si-way decision tree which allows
a UE k to only send s training signals at each level of
the hierarchical search and complete the beam training at
My, = logg, N levels. Considering that only one training
signal is sent per time slot, the time overhead of beam
training for a single-hop link wg <> w1 will be

L?c,kJrl = 5 M + sp1 M4
= splogs, N + sk41 logk,\wrl N. (7)

To establish a multi-hop communications with K THz links,
we consider a time-division multiple access (TDMA) hier-
archical beam training, i.e., the beam training is performed
sequentially across the single-hop links. With this in mind,
the time overhead increases with the order O (K slog, N), if
s; = s, Vi. For example, for the two-hop link in Fig. 1 with
N = 64, s = 4, the time overhead of the beam training
will be I’ = 48. To better evaluate this time overhead
within the total frame duration, let 5 Km/h be the maximum
UE velocity. Then, at 240 GHz carrier frequency and with
120 KHz subcarrier spacing, the total number of time slots
within the channel coherence time will be L = 108. Thus,
the beam training overhead for a two-hop THz link will be
close to 30% which is significantly large. Here, we note
that simultaneous beam training schemes (e.g., in [17]) that
are designed for cellular downlink transmissions cannot be
applied to distributed D2D/M2M networks considered in
this work. That is because such schemes require a central
node (e.g., a base station) to separate and group UEs in the
spatial domain and manage the interference resulting from
concurrent beam trainings. Next, we propose a new beam
training approach to reduce this substantial delay overhead
in multi-hop THz communications.

B. Problem Formulation
The performance of the multi-hop link u; < wuo
- <> ux depends on the spectral efficiency of the involved
single-hop links wup > wug41, for 1 < k < K. More
generally, with a decode-and-forward scheme, the overall
spectral efficiency of the multi-hop THz link between two
arbitrary UEs u;,u; € KC, with 1 <¢ < K and i < j < K,

iS
1 - ; ra— 10g2 (1 + ymin)
L ] Z ’

Ri,j =
)]

II POrssr =)
i<k<j



where L] ; = >, L} ;. j — i is the number of hops, and
Ymin = min{yg 11} for ¢ < k < j. In fact, (8) implies
that the link with the smallest SNR, 7y, Will limit the
overall spectral efficiency of the multi-hop communication,
irrespective of the beam training and the resulting SNR
value at other links [6]. Hence, selecting larger M values
at other links (with g x4+1 > “Ymin) Will only increase
the beam training overhead without increasing the overall
spectral efficiency R;; of the multi-hop THz link. Thus,
we can increase the performance of a multi-hop THz link
by optimizing the number of search levels M during the
hierarchical beam training. In fact, given -y, we must find
the optimal value for the number of levels 1 < m* < M
so as to maximize the spectral efficiency of the multi-hop
link.

For a single-hop link u; <> upi1, let ’y](;',i’jgl denote
the SNR when beam training is performed up to the my-
th level at the transceivers. This SNR can be calculated
by substituting the selected beamforming and combining
vectors at the myg-th level in (4). With this in mind, we aim
to find the optimal vector m = [m;, m;t1,--- ,m;_1] for
the multi-hop THz link, such that

argmax R, ; (9a)
m

S.t., Ymin = min {71(:1?3-)1} , 1 <k<j (9b)
L L

L, < {ﬁJ (4 —1), (9¢)

mke{1a27"'aMk>}7 Z§k<.7 (9d)

The first constraint in (9b) shows that 7y, is calculated
based on the SNR at the selected search levels. Assuming
that the total number of time slots is uniformly allocated to
each single-hop link, and let |.] denote the floor operation,
then, the constraint in (9¢) guarantees that the time overhead
of beam training is less than the allocated time slots to
the THz link with 7 — ¢ hops. In addition, the feasibility
constraint in (9d) ensures that my, at the transceivers of the
k — i + 1-th single-hop link does not exceed the number
of training levels in the conventional multi-resolution beam
training. Next, we develop a new approach to solve the pro-
posed problem for hierarchical beam training with dynamic
training levels.

IV. PROPOSED HIERARCHICAL BEAM TRAINING
ALGORITHM FOR MULTI-HOP THZ COMMUNICATIONS

Clearly, the objective function in (9a) is not a monotonic
function of m, since log,(1 + Ymin) can be an increasing
function of my, parameters, while the pre-log factor, 1 —
Lg,j /L, is a decreasing function mj variables in m. To
solve the proposed problem in (9a)-(9d), we note that it
is very challenging to derive the outage probability as a
function of m. Moreover, the CSI of the MIMO channel
for each link and 7, are not known prior to the beam
training phase. Hence, it is not feasible to solve the proposed
problem in (9a)-(9d) via standard optimization techniques.
To this end, we develop a new beam training approach,
based on reinforcement learning, to find the optimal m for a
multi-hop THz link while considering the joint performance
of its constituent single-hop links.

In fact, we can formulate the optimization problem in
(92)-(9d) as an MAB problem, in which the transceivers of

TABLE I
PROPOSED HIERARCHICAL BEAM TRAINING ALGORITHM WITH
DYNAMIC TRAINING LEVELS

Inputs: C, v, wm, €0, Sk, t = 0.

while (¢t < T) do
Step 1: Optimize the number of training levels using the epsilon-
decay strategy:
a. With probability 1 — ¢, select the arm with the current
maximum average reward. Otherwise, select an arm It er
randomly. Then, increase ¢ to ¢ + 1.
b. Update the value of e; using £¢ = ,—1(1000/(1000 + t)).
Step 2:
a. Using the selected arm, follow the hierarchical beam training
described in Section III.
b. Calculate the reward from (8) and update the average reward
for the selected arm.

end
Output: The arm with maximum average reward.

the multi-hop link (acting as the agents) explore different
choices for a vector I (analogous to an arm in an MAB
problem) with the k-th element being I, = My — my, =
logSk N —my for ¢+ < k < j. Here, the integer variable [
(0 <l < My) represents the number of reduced search
levels for beam training at the transmitter and receiver of
the link k. After playing an arm [ from a set of all possible
arms L, the UEs of the multi-hop link will receive a random
reward P; ;(1) which is equal to the spectral efficiency in
(8). To determine the size of the set £, we note that each [},
can take M} integer values from O to M} — 1. Therefore,
for the multi-hop link u; <> us <> --- <> ug, the total
number of arms will be equal to HkK:_lle.

The key advantage of the MAB-based solution is that it
enables the transceivers across the multi-hop THz link to
jointly find the optimal solution for (9a)-(9d), in presence
of stochastic noise and channel variations. The transceivers
of the multi-hop link can try only one arm I € L at each
trial (i.e., block transmission of L time slots). Within this
MAB framework, we define the regret ((7) after T trial as

T
(1) =) Piy") = Py, (10)
t=1

where 1” is the optimal arm with elements [} = M), —mj
where my,¢ < k < j is the solution of the proposed
problem in (92)-(9d) and ' is the played arm at round
t with an associated reward P; ;(I%). The objective is to
find a strategy that selects 1!, for 1 <t < T, such that
limy_,o ¢(T) = 0. Clearly, such strategy will converge to
the solution of the proposed problem in (9a)-(9d).

The proposed algorithm is summarized in Table I which
builds on the epsilon-decay strategy to solve the MAB
problem. The reason for employing the epsilon-decay strat-
egy is that it can properly maintain the tradeoff between
exploration versus exploitation during the learning process,
particularly if the size of the set £ is not too large. With this
in mind, for a given set of input parameters, the proposed
algorithm follows a two-step process during each trial (i.e.,
a transmission block of L time slots). In Step 1 of an
arbitrary trial ¢, the transceivers of the multi-hop link select
an arm ' € £ based on the epsilon-decay strategy. That
is, the algorithm chooses a random arm with probability
e, or selects the arm with the highest current average
reward with probability 1 —e;. Once an arm is selected, the
transceivers follow the hierarchical beam search according
to the selected arm. That is, the transceivers of the k-



TABLE II
SIMULATION PARAMETERS

Notation Parameter Value
fe Carrier frequency 240 GHz
N Number of antennas 64
Sk Number of training signals 4
Phase shift parameter of the
wm DFT—basE,d codebook 2.24 rad/s
v UE maximum speed 5 km/h
og Channel gain standard deviation 1
- Subcarrier spacing 120 kHz [18]
Yth Minimum required SNR —50 dB
No Noise power spectral density —204 dBm/Hz [19]
- Path loss exponent 2.02 dB [18]
B Total system bandwidth 4 GHz [19]

th single-hop link will follow the beam training process
explained in Sec. III for up to my = M}y — l; training
levels. After receiving the instantaneous reward in (8) for
the t-th trial, the average reward for the selected arm will
be updated and the process is repeated until up to 7" arms
are played. The output of the algorithm will be the arm 1*
with the maximum average reward.

V. SIMULATION RESULTS

In this section, we present the simulation results and show
the performance of the proposed algorithm in terms of its
convergence, the statistics of the achievable spectral effi-
ciency, and the probability of miss detection at the receivers
of the multi-hop THz link. For simulations, we consider
three UEs communicating with one another over a two-hop
THz link, as shown in Fig. 1. The distances between UEs
1 and 2 and UEs 2 and 3 are, respectively, 30 m and 5 m.
The received SNR in (4) is calculated at the output of the
matched filter where the length of the filter is calculated
based on sampling the training signal at the Nyquist rate.
Both links have the same transmit SNR, ranging from 20
dB to 60 dB. Simulation parameters are summarized in
Table II. We compare the performance of the proposed
beam training with dynamic training levels (labeled as
“Hierarchical, Dynamic”) with two other baseline schemes:
1) The conventional hierarchical beam training described
in Sec. III-A (labeled as “Hierarchical, Fixed”), and 2)
The hierarchical beam training with a random number of
training levels (labeled as “Hierarchical, Random”). The
performance was evaluated by averaging the results over
sufficiently large Monte Carlo runs.

Figure. 3 shows the average regret resulting from the
proposed MAB-based algorithm versus the number of trials
for different values of the transmit SNR. Here, the average
regret is computed by averaging the regret in (12) over
large independent runs. From Fig. 3, we observe that the
regret decreases rapidly, showing the fast convergence of the
proposed learning approach in presence of channel fading,
random Ao0A/AoD, and the receiver noise. The results
show that the proposed beam training algorithm successfully
converges to the optimal solution within a reasonably small
number of trials. As an example, for 40 dB transmit SNR,
the average regret will be less that 10~ after 100 trials.

In Fig. 4, we compare the average spectral efficiency
of the two-hop THz link versus the transmit SNR for the
proposed approach and the two baseline schemes. Clearly,
the spectral efficiency increases with higher transmit SNR
values. The results in Fig. 4 also show that the proposed
algorithm outperforms the other two schemes, with up to
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Fig. 3. Average regret versus the number of trials.
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Fig. 4. Average spectral efficiency of the two-hop THz link versus
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0

17% and 75% performance gains compared to, respectively,
the “Hierarchical, Random” and “Hierarchical, Fixed” ap-
proaches at 60 dB transmit SNR.

Figure. 5 presents the cumulative distribution function
(CDF) of the spectral efficiency of the two-hop THz link
resulting from the proposed algorithm and the two base-
line beam training schemes at 50 dB transmit SNR. The
figure indicates that although the “Hierarchical, Random”
algorithm is more efficient than the ‘“Hierarchical, Fixed”
scheme, its performance is not comparable to the proposed
approach. In fact, the figure shows that the proposed algo-
rithm achieves a spectral efficiency greater than 2 bps/Hz
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with about 0.9 probability. However, this probability is
only 0.5 for the "Hierarchical, Random” scheme while the
“Hierarchical, Fixed” cannot achieve the 2 bps/Hz spectral
efficiency.

While the proposed scheme can effectively optimize the
performance of the multi-hop THz link (as shown in Figs.
3-5), reducing the number of training levels can impact
the detection of training signals from noise. In fact, as the
proposed scheme reduces the number of training levels, the
effective antenna gain can be reduced and the receivers’
detectors may not be able to detect the actual training
signal from noise particularly at low transmit SNR values.
To study this effect, Fig. 6 compares the probability of
miss detection of the proposed algorithm with the two
other baseline schemes. For the signal detection, we use the
Neyman-Pearson detector with a fixed probability of false
alarm (FPga) of 0.01. Based on the results in Fig. 6, the
probability of miss detection decreases as we increase the
transmit SNR. Moreover, Fig. 6 shows that the performance
degradation for the proposed scheme is negligible compared
to the “Hierarchical, Fixed” scheme. Comparing the results
of Figs. 4-6, we observe that the proposed scheme can
significantly improve the spectral efficiency of multi-hop
THz communications without any major impact on the
detection of training signals.

VI. CONCLUSIONS

In this paper, we have proposed a novel beam training
approach, based on reinforcement learning to optimize the
performance of multi-hop THz communication links. First,
we have shown the substantial time overhead of conven-
tional hierarchical beam training schemes when applied
to multi-hop THz communications. Then, to address this
challenge, we have introduced a new hierarchical beam
training scheme with dynamic training levels to effectively
reduce the time overhead of the beam training process
and maximize the multi-hop link’s performance. To find
the optimal number of training levels across the multi-
hop link, we have formulated an optimization problem
that maximizes the spectral efficiency, while considering
the beam training time constraints. To solve the problem
with no prior CSI knowledge of the links during the
beam training phase, we proposed an MAB-based algorithm
that can effectively find the optimal training levels with

reasonably fast convergence. The simulation results have
shown that the proposed approach can yield up to 75% and
17% performance gains in spectral efficiency, compared to,
respectively, the hierarchical beam training with a fixed and
random number of training levels.
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