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Abstract—Millimeter wave (mmWave) band, i.e., 30 to 300
GHz, is characterized by short range transmissions and vulnera-
bility to path blockage necessitating the use of relaying. Probing
more relays finds out the best relay having the highest spectral
efficiency but at the expense of increasing the probing overhead
due to excessive beamforming training (BT) causing a decrease in
the overall throughput. In this paper, mmWave two-hop relaying
will be formulated as a single player multi-armed bandit (MAB)
problem enabling one relay probing while maximizing the achiev-
able spectral efficiency. Moreover, the relays could not establish
the mmWave link due to blockage for instance will be identified
as sleeping relays and eliminated from the rest of the MAB game.
Thus, sleeping non contextual MAB (S-MAB) algorithm, namely
sleeping Thompson sampling (S-TS) will be proposed to handle
the problem. Furthermore, by utilizing the multiband capability
of standardized WiGig devices containing both 2.4/5 GHz WiFi
and 60 GHz mmWave bands, WiFi information will be used as
contexts of the MAB game. Therefore, sleeping contextual MAB
(S-CMAB) algorithm, namely S-CTS, will be proposed as well.
Numerical and regret analysis ensure the superior performance
of the S-CMAB algorithm over the S-MAB counterpart and the
existing mmWave relay probing solutions accompanied with high
convergence rates.

Index Terms—mmWave relay probing, Contextual MAB, TS,
CTS.

I. INTRODUCTION

M ILLIMETER wave (mmWave) band, i.e., 30 to 300
GHz, is one of the main enabling technologies of

the current fifth generation (5G) mobile networks and the
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upcoming beyond 5G (B5G) and six generation (6G) [1]–
[3]. However, mmWave transmissions suffer from harsh chan-
nel impairments due its highly operating frequencies, which
reduces its transmission range and gets it vulnerable to path
blockage [4], [5]. Although antenna beamforming training
(BT) is advocated as an efficient strategy to compact the
fragile mmWave channel, it consumes a considerable overhead
to find out the best transmit (TX) / receive (RX) beam pair
[6]–[9]. From standardization point of view, IEEE 802.11ad
[10] and IEEE 802.11ay [11] become the ratified standards
of wireless gigabit (WiGig) operating at 60 GHz for wireless
local area network (WLAN) applications. Besides, device to
device (D2D) relaying [12]–[14] turns to be a reasonable and
promising approach to extend the mmWave D2D coverage
and rout around blockages. However, investigating the best
relay maximizing the spectral efficiency of the mmWave link
from source to destination using relay probing consumes a
considerable BT overhead reducing the achievable throughput
of the mmWave relaying. Thus, a tradeoff exists between
exploring more relays and increasing the attainable throughput.
In [7], the authors firstly investigated the mmWave D2D two-
hop relaying problem, and they stated that this problem is
a pure threshold policy, where a fixed-point equation was
formulated to find out the predefined spectral efficiency. De-
spite the pioneer work presented in [7], it has the following
shortcomings: 1) The distribution of the spectral efficiency as
well as the blockage probability should be known beforehand
which is impractical in real scenarios. 2) The relay probing
process should be stop once reaching the predefined spectral
efficiency although better spectral efficiency can be obtained
by one of the other non-probed relays. To further enhance
the relay probing process, the authors in [8] proposed to
utilize the out-of-band information provided by wireless fi-
delity (WiFi) to assist mmWave relay selection thanks to the
standardized multi-band WiGig devices comprising both 2.4/5
GHz WiFi [14] and 60 GHz mmWave interfaces. However,
the scheme presented in [8] still needs a high number of
real-time probed relays. Moreover, the average throughputs of
both schemes are still far from the optimal one [8], where the
maximum spectral efficiency can be achieved by only probing
the best relay.

Multi-armed bandit (MAB) is an efficient online learning
tool, where a player intends to maximize its average reward,
i.e., profit, through playing over multiple arms [15], [16].
Typically, MAB games contain a fundamental tradeoff be-
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tween always exploiting the arms that gave high average profits
so far or exploring new ones [16]. Many algorithms exist in
literature to efficiently realize the MAB game such as upper
confidence bound (UCB) [17] and Thompson sampling (TS)
[18]. Contextual MAB (CMAB) is a powerful type of MAB
games, where the player enhances its arm selection policy via
utilizing arms’ features vector, named as contexts [19]. Linear
UCB (LinUCB) [19] and contextual TS (CTS) [20] algorithms
are proposed in literature to implement the CMAB hypothesis.
It is well known in literature that TS and CTS algorithms have
performance guarantee better than UCB and LinUCB. This is
the reason why we will only focus on TS based algorithms to
handle the mmWave relay probing in this paper [18], [20].

In this paper, motivated by the exploitation-exploration
dilemma of the MAB games which meets the aforemen-
tioned tradeoff of the mmWave relay probing, the problem of
mmWave D2D two-hop relay probing is considered as a single
player online MAB game. In this formulation, the source node
will act as the player aiming to maximize its long-term spectral
efficiency from source (S) to destination (D), which emulates
the reward of the game. This is done via playing over the
available relays (R), which are the arms of the bandit. Thus,
the main contributions of this paper can be listed as follows:

• The optimization problem of the mmWave D2D two-hop
relay probing will be formulated as a MAB game to
find out the best candidate relay through online learning.
This will boost the relay probing process over time while
keeping the BT overhead at the minimum level as only
one relay node will be probed at a time.

• Sleeping non-contextual MAB (S-MAB) algorithm,
namely S-TS, will be proposed to address the formulated
problem. In this scheme, relay nodes unable to establish
the mmWave S-R-D link, e.g., blocked relays, will be
considered as sleeping arms and removed from the rest
of the MAB game. This will give the proposed scheme the
capacity of learning idle relays such as those experiencing
harsh blockage and eliminating them, which cannot be
achieved using the conventional approaches explained
above.

• The direct relationship between WiFi and mmWave link
statistics proved in [8], [21] motivates us to exploit
WiFi statistics as contexts of the mmWave relays. Thus,
S-CMAB algorithm, namely S-CTS, will be proposed
to further enhance the performance of the constructed
MAB game at no additional cost thanks to the multi-band
WiGig devices. Moreover, it investigates the performance
improvements over the non-contextual counterpart, i.e.,
the S-MAB policy. In the proposed S-CMAB strategy,
the instantaneous value of the WiFi received power in
addition to its average value and variance up to time t
are used as contexts of the mmWave relays.

• Regret analysis is conducted to bound the performance
of the proposed S-TS and S-CTS mathematically. Also,
extensive numerical simulations are conducted to com-
pare the performances of the proposed S-MAB and S-
CMAB approaches and prove their effectiveness over the
existing techniques given in [7] and [8]. Moreover, the

convergence rates of the proposed MAB schemes towards
the optimal performance will be investigated as well. In
this paper, S-MAB/ S-TS and S-CMAB /S-CTS will be
used interchangeably.

The rest of this paper is organized as follows, Section II
gives the related works, and Section III gives the proposed
system model including the optimization problem formulation.
Section IV gives the proposed S-MAB and S-CMAB ap-
proaches including the proposed S-TS, and S-CTS algorithms.
Section V gives the regret analysis of the proposed S-TS and
S-CTS algorithms. Section VI gives the conducted numerical
simulations followed by the concluded remarks in Section VII.

II. RELATED WORKS

To overcome the mmWave short range transmissions as
well as its susceptibility to path blockage, mmWave relaying
was investigated in literature [22]–[28]. Stochastic geometry
was used by the authors in [22] and [23] to study the
improvements in mmWave D2D relay networks and to bound
the ranging performance for adjusting the placement of the
mmWave relay nodes. In [24], the authors proposed a buffer
aided relaying to improve the delay performance of mmWave
machine-to machine (M2M) communications. In [25], the
problem of power allocations in conjunction with full duplex
relaying was investigated by the means of multi-objective
combinatorial optimization. In [26], to minimize the total
transmission time as well as overcoming mmWave blockage,
multi-hop relaying was proposed. In [27], the authors studied
the error rate, capacity, and coverage of decode and forward
mmWave relaying for both line-of-sight (LoS) and non-LoS
(NLoS) scenarios. Full duplex relaying in conjunction with
mmWave transmission was investigated by the authors in
[28], while self-interference cancellation is performed by the
means of orthogonal matching precoder. Despite the deep
investigations of mmWave relaying provided by the previous
research works [22]–[28], the problem of relay probing
was highly relaxed as their main concern was to analyze
the performance of mmWave relay networks and its related
radio resource management. Thus, all channel information is
assumed to be known beforehand ignoring the incredible BT
overhead required to obtain such information. At the best
of our knowledge, only the schemes given in [7] and [8]
considered the problem of mmWave relay probing with the
aforementioned drawbacks. Recently, different MAB schemes
have been widely applied in numerous wireless communica-
tion challenges, especially in D2D communications as sur-
veyed in [29], [30]. Multi-player MABs have been employed
to control the transmitted power of the direct communications
between two D2D users for interference mitigation and perfor-
mance improvement [31], [32]. In [33], the authors formulated
the mmWave D2D neighborhood discovery problem as a
budget constrained stochastic MAB framework. Multi-player
MAB also has been applied in UAV selections in disaster
area scenario [34]. Furthermore, in [35], a multi-user MAB
framework has been applied for relay selection in underwater
acoustic sensor networks without any former knowledge about
channel settings. An energy efficient relay selection technique
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based on multi-player MAB, which solves the permutation
problem, for hierarchical wireless sensor networks (WSNs)
is discussed in [36]. In [37], the problem of relay selection
in acoustic underwater communications is formulated as a
CMAB problem using the contexts of the underwater envi-
ronment. At the best of our knowledge, the consideration of
mmWave two-hop relaying as a sleeping MAB problem while
utilizing the WiFi information as contexts is firstly introduced
in this paper.

III. SYSTEM MODEL

In this section, we will give the network architecture of the
mmWave D2D two-hop relaying, the used WiFi/mmWave link
models, and the optimization problem formulation.

A. MmWave D2D Two-Hop Relaying Network Architecture

Fig. 1 shows the network architecture of the mmWave D2D
two-hop relaying, where WiFi/mmWave nodes are distributed
in the base station (BS) area, e.g., Macro-cell, Pico-cell, etc.
The BS is responsible for managing/controlling the operation
of the D2D communications such as scheduling the D2D
requests using control signaling provided by the BS2D control
link. However, the initiation, termination and relay probing of
the D2D relay links are done locally by the distributed nodes.
Although power line communication (PLC) is a promising
technology for future communications systems [38], it cannot
be replaced by mmWave links in the system model under
consideration. This is because it will not be convenient for the
mmWave movable relay nodes, e.g., smart phones. In Fig. 1, if
node ( intends to establish a mmWave D2D link with node �
while node � is far away or experiences blockage, node ( will
relay its information through one of the distributed relays, e.g.,
'1, '2, and '3, using either mmWave LoS or NLoS paths.
Accordingly, relay probing using BT should be conducted
between node ( and the distributed relays and between the
relays and node � to find out the best TX/RX beam pairs
maximizing the achievable spectral efficiency of the (−'−�
link. Then, node ( selects the best relay node '∗

8
having the

maximum spectral efficiency. Apparently, probing more relays
results in finding out the best one having the maximum spectral
efficiency but at the expense of increasing the BT overhead
and decreasing the achievable throughput eventually. Ideally,
the best relay should be obtained by just one relay probing.
The works given in [7] and [8] tackled this problem but with
the aforementioned drawbacks, which we will overcome using
online learning as will be explained throughout this paper.

B. WiFi and MmWave Link Models

In this subsection, the used WiFi and mmWave link models
including the mmWave blockage model will be explained.

1) WiFi Link Model: Without loss of generality, the
5.25 GHz WiFi link model given in [39] will be used through-
out this paper, where the received power, %FA in dBm at RX
separated by 3 meters from TX is expressed as:

%FA [dBm] = %FC [dBm] − VF − 10=F log10 (3) − XF , (1)

BS Coverage
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Fig. 1. Network architecture of mmWave D2D Two-Hop relaying.

where %FC [dBm], VF , =F , XF are the WiFi TX power in dBm,
path loss at the reference distance d0, path loss exponent,
and the log-normal shadowing term, respectively. Based on
the measurements given in [39], VF = −47.4 dB, 30 = 5m,
=F = 2.33 and XF ∼ N (0, fF ) with zero mean and standard
deviation fF of 6 dB.

2) MmWave Link Model and Blockage Probability: For
mmWave link model, we utilize that given in [40] and [41],
where the mmWave RX power, %<A , at a distance 3 from
mmWave TX considering both TX and RX beamforming gains
in addition to both LoS and NLoS paths, can be expressed as:

%<A =%
<
C �TX (\, \TX) �RX (i, iRX)(
Y (PLoS (3)) 10−0.1VLoS

< 3−=
LoS
< ZLoS

<,LN

+E (PNLoS (3)) 10−0.1VNLoS
< 3−=

NLoS
< ZNLoS

<,LN

)
,

(2)

where %<C is the mmWave TX power, �TX (\, \TX) indicates
the beamforming gain at the TX as a function of the angle
of departure (AoD) \, and the TX beam boresight angle \TX .
�RX (i, iRX) indicates the RX beamforming gain as a function
of the angle of arrival (AoA) i and the RX beam boresight
angle iRX . In this paper, the 2D steerable antenna model with
Gaussian main loop profile given in [42] is used for expressing
�TX and �RX , where �TX is expressed as:

�TX (\, \TX) = �0 exp

(
−4 ln(2)

(
\ − \TX

\−3dB

)2
)
,

�0 =
©«

1.6162

sin
(
\−3dB

2

) ª®®¬
2

,

(3)

where �0 is the maximum gain and \−3dB is −3dB beamwidth.
By interchanging \ by i, \TX by iRX , and \−3dB by
i−3dB, same expression is used for calculating �'- (i, i'- ).
ΛLoS = Y (PLoS (3)) 10−0.1VLoS

< 3−=
LoS
< ZLoS

<,LN and ΛNLoS =

E (PNLoS (3)) 10−0.1VNLoS
< 3−=

NLoS
< ZNLoS

<,LN indicate both the LoS
component and the NLoS component of the received mmWave
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signal, respectively. VLoS
< , VNLoS

< are the LoS, NLoS path losses
at reference distance 30 = 5m, and =LoS

< , =NLoS
< are the path

loss exponents of the LoS, NLoS paths, respectively.ZLoS
<,LN ∼

LN
(
0, (XLoS

<,LN)
2
)

and ZNLoS
<,LN ∼ LN

(
0, (XNLoS

<,LN)
2
)

are log-
normal random variables (R.Vs) with zero mean and variances

of
(
XLoS
<,LN

)2
and

(
XNLoS
<,LN

)2
representing the shadowing terms.

XLoS
<,LN = 0.1fLoS

< ln 10 and XNLoS
<,LN = 0.1fNLoS

< ln 10 as
deduced in [43], where fLoS

< and fNLoS
< are the standard

deviations of the normal distributions of the LoS and NLoS
shadowing terms.

In (2), Y (PLoS (3)) and E (PNLoS (3)) are two Bernoulli
R.Vs implementing the blockage of the LoS and NLoS paths,
where PLoS (3) and PNLoS (3) are the probabilities of LoS and
NLoS as functions of the separation distance 3, noted that
PNLoS (3) = 1 − PLoS (3). For modeling PLoS (3), we utilize
the model given in [22], which is applicable for both indoors
and outdoors. In this model, blockages of cylindrical shapes
are distributed in the environment according to 2D Poisson
point process (PPP). Thus, the probability that there are no
blockages intersecting the LoS path between mmWave TX
and RX separated by 3 m, can be expressed as:

PLoS (3) = `4−[3 , (4)

where ` = 4−c_bE(Ω)
2

and [ = 2_b E(Ω). b is the thinning
factor, which is equal to 1 in case of indoor scenarios, and
_ is the obstacles density. Ω is an R.V expressing the radius
of the obstacles, and E(.) indicates the average value or
expectation operation. The detailed derivation of this equation
can be found in [22].

3) MmWave D2D Two-Hop Relay Probing Optimization
Problem: The aim of the mmWave D2D relay probing is to
find out the best relay, '∗

8
, maximizing the throughput from (

node to � node, TH(−'8−� , via probing NP relays out of #
total relays. This can be expressed mathematically as follows:

'∗8 = max
1≤'8≤NP

(
TH(−'8−�

)
= max

1≤'8≤NP
(>NPlk(−'8−�)

s.t. '8 ∈ q'
where

>NP =

(
)3

)NP + )3

)
, (5)

q' is the space of all available relays with cardinality of # ,
>NP is the overhead resulting from probing NP relays, )3 is the
time required for data transmission, and )NP is the BT overhead
of the probing process. l is the available bandwidth and
k(−'8−� is the spectral efficiency in bit/sec/Hz corresponding
to relay '8 . By assuming decode and forward half duplex
relaying k(−'8−� can be given as:

k(−'8−� = min
(
0.5 log2 (1 + W(−'8 ), 0.5 log2 (1 + W'8−�)

)
,

(6)
where W(−'8 =

%<
A,(−'8
f2

0
and W'8−� =

%<
A,'8−�
f2

0
are signal to noise

power ratios (SNRs) from node ( to relay node '8 , and from
'8 to node �. %<

A,(−'8 and %<
A,'8−� are the mmWave received

powers at '8 from ( and at � from '8 , respectively, and f2
0

indicates the noise power.
For the relay probing process, we follow that given in [7]

and [8]. In this strategy, ( node starts probing relay '8 using
BT with a time duration of )BT . If %<

A,(−'8 ≥ %<
A,Cℎ

, where
%<
A,Cℎ

is the threshold power sufficient for constructing the
mmWave ( − '8 link, the '8 − � link is probed by node '8;
otherwise, ( node will probe another candidate relay. Based
on this strategy, )NP given in (5) can be calculated as:

)NP =

NP∑
8=1
)BT

(
1 + 1%<

A,Cℎ
(%<A,(−'8 )

)
, (7)

where 1%<
A,Cℎ

(
%<
A,(−'8

)
is an indicator function, which equals

to 1 if %<
A,(−'8 ≥ %

<
A,Cℎ

and 0 otherwise.

From (5), increasing NP will definitely increase the op-
portunity of finding out the best relay having the maximum
k(−'8−� , but it will increase TNP as given in (7) and reduce
the achievable throughput accordingly. In this paper, the high
analogy between the mmWave relay probing tradeoff and
the exploitation-exploration dilemma of the MAB problem
motivates us to reformulate it as a MAB game. Then, both
S-MAB and S-CMAB algorithms are proposed to efficiently
address it, as given in the following section.

IV. PROPOSED S-MAB AND S-CMAB APPROACHES

In this section, the optimization formulation of the mmWave
relaying as a sleeping bandit MAB game will be presented
followed by the proposed S-TS and S-CTS algorithms.

A. Sleeping MAB Formulation of MmWave Relay Probing

The tradeoff exists in the mmWave relay probing moti-
vates us to reformulate it as a MAB problem, where the (

node acts as the player aiming to maximize its long-term
spectral efficiency, i.e., the rewards, through playing over the
distributed relays, i.e., the arms of the bandit. The relays could
not establish the relay link will be considered as sleeping arms
and removed from the current MAB game. Mathematically
speaking, this maximization problem can be formulated as:

max
I(1) ,...,I(TH )

l

TH

∑
t

∑
i
IRi,t (o1P ,tkS−Ri,t−D), o1P ,t =

Td

T1P ,t + Td
,

(8)
s.t.

1) )H ∈ (0,Z+)
2) '8,C ∈ q'
3) '8,C ∉ q(
4)

∑
8 I'8,C = 1, 1 ≤ 8 ≤ #,

where )H > 0 represents the total time horizon, and /+

is the set of positive integer numbers. I'8,C is a linkage
indicator which is equal to 1 if '8,C is chosen for establishing
the mmWave relay link at time C and zero otherwise. The
second and third constraints in (8), i.e., '8,C ∈ q' and
'8,C ∉ q( , indicate that the selected relay should be within
the set of available relays q' while it is not within the
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set of sleeping relays q( . The last constraint in (8), i.e.,∑
8 I'8,C = 1, 1 ≤ 8 ≤ #, refers that only one relay could

be selected at a time C. >1% ,C is the overhead resulting from
probing one relay as only one relay node is probed at a time
in MAB formulation, and )1% ,C = )BT (1 + 1%<

A,Cℎ
(%<
A,(−'8,C ))

is the consumed time for probing '8,C at time C as given in
(6) where NP = 1. In this paper, after probing relay '8,C ,
Π'8,C = min

(
%<
A,(−'8,C , %

<
A,'8,C−�

)
is evaluated, and '8,C is

identified as a sleeping relay if the following inequality holds:

Π'8,C < %
<
A,Cℎ , (9)

B. Proposed S-TS Algorithm

Herein, we will introduce the proposed S-TS algorithm
that can address the MAB based relay probing optimization
problem given in (8). TS algorithm is a pure Bayesian pol-
icy, where prior/posterior distributions based on a predefined
probabilistic model are constructed for the rewards of the
played arms. TS has performance guarantee better than UCB
especially when the assumed probabilistic model matches that
of the actual reward distribution. At the beginning of the
TS algorithm, parameters are initialized for the stated model.
Then, random samples are drawn from the obtained arms’
distributions, and the arm corresponding to the maximum
sample value will be played. After obtaining its corresponding
reward, the probabilistic model parameters of the chosen arm
are updated for the next round of the MAB game. Algorithm 1
gives the proposed S-TS algorithm for mmWave relay probing.
Due to the log-normal shadowing terms of mmWave link
models given in (2), the reward, i.e., spectral efficiency, of each
relay is assumed to be taken from Gaussian distribution, i.e.,
N

(
E

(
k(−'8,C−�

)
, f2
'8,C

)
, where E

(
k(−'8,C−�

)
and f2

'8,C
are

its mean and variance. At the beginning of the S-TS algorithm,
i.e., C = 0, the number of selections G'8,C ,E

(
kB−'8,C−�

)
and

f2
'8,C

are initialized by 0, 0, and 1, respectively, for each
candidate relay. Also, the space of non-sleeping relays is set
to equal to the space of all available relays, i.e., qNS,C = q'.
During the MAB game, 1 ≤ C ≤ )H , random samples X'8,C−1

are drawn from the Gaussian distributions of qNS,C−1 relays.
Then, the relay '∗

8,C
having the maximum sample value will

be selected by the algorithm:

'∗8,C = arg max
qNS,C−1

(
X'8,C−1

)
. (10)

Subsequently and based on (9), '∗
8,C

is probed and tested
if it is a sleeping relay or not. If it is considered as a
sleeping relay, it will be removed from the current qNS,C set,
i.e., qNS,C = qNS,C−1 − {'∗8,C }. Otherwise, its corresponding
k(−'∗

8,C
−� is obtained and its number of selections G'∗

8,C
and

model parameters, E(k(−'∗
8,C
−�) and f2

'∗
8,C

, are updated as

given in Algorithm 1. For updating E(kB−'∗
8, 9
−�) and f2

'∗
8,C

,
we followed the Gaussian distribution approach given in [42]
where E(k(−'∗

8, 9
−�) = 1

G'∗
8,C

∑G'∗
8,C

9=1 k(−'∗
8, 9
−� and f2

'∗
8,C

=

1
G'∗
8,C
+1 .

Algorithm 1: S-TS for mmWave two-hop relay prob-
ing
Input: q'
Initialization: C = 0,E(k(−'8,C−�) = 0, G'8,C = 0,

f2
'8,C

= 1, qNS,C = q'
1 for C = 1 : )H do
2 1. Sample X'8,C−1 ,∀'8,C−1 ∈ qNS,C−1, from

normal distributions
N

(
E(k(−'8,C−1−�), f2

'8,C−1

)
3 2. Select a relay node '∗

8,C
= arg max

qNS,C−1

(
X'8,C−1

)
4 3. Eliminate the sleeping relay and

update qNS or obtain its corresponding
reward and update its model parameters

5 if Π'∗
8,C
< %<

A,th then
6 '∗

8,C
is a sleeping relay and

qNS,C = qNS,C−1 −
{
'∗
8,C

}
7 else
8 Obtain k(−'∗

8,C
−�

9 G'∗
8,C
= G'∗

8,C−1
+ 1

10 E(k(−'∗
8, 9
−�) = 1

G'∗
8,C

∑G'∗8,C+1
9=1 k(−'∗

8, 9
−�

11 f2
'∗
8,C

= 1
G'∗
8,C
+1

12 end
13 end

C. Proposed S-CTS Algorithm

Thanks to the multiband capable standardized WiGig de-
vices, compromising both WiFi and mmWave bands, along
with the direct relationship between WiFi and WiGig link
statistics proved in [8], [21], we will utilize WiFi signal infor-
mation as contexts of the mmWave relays. This will improve
the mmWave relay probing process over the non-contextual
counterpart towards enhancing the relaying throughput. In this
framework, we will utilize the instantaneous WiFi received
power, and its average value and variance up to time C as the
context vector b'8,C of the mmWave relay '8,C . This can be
expressed as:

b'8,C =
[
11'8,C , 12'8,C , 13'8,C

])
,

11'8,C = min
(
%F
A,(−'8,C , %

F
A,'8,C−�

)
,

12'8,C = min
(
E

(
%F
A,(−'8,C

)
,E

(
%F
A,'8,C−�

))
,

13'8,C = min
(
var

(
%F
A,(−'8,C

)
, var

(
%F
A,'8,C−�

))
,

(11)

where (.)) means transpose and %F
A,(−'8,C is the instanta-

neous WiFi power received at '8,C from ( as given in (1).
E

(
%F
A,(−'8,C

)
and var

(
%F
A,(−'8,C

)
indicate its average and vari-

ance values up to time C. Same definitions are applicable for
%F
A,'8,C−� , E

(
%F
A,'8,C−�

)
and var

(
%F
A,'8,C−�

)
. In (11), we used

the minimum value of the WiFi signal statistics of the (−'8,C
and the '8,C −� links because the mmWave spectral efficiency
is based on the minimum SNR of both links as given in (6).
The CMAB hypothesis relies on estimating the reward of an
arm given its context vector, where the reward is assumed to be
a linear function of the context vector. In the case of mmWave
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relaying, this is expressed as:

E
[
k(−'8,C−�\b'8,C

]
= b)'8,CQ

∗
'8
, (12)

where Q∗
'8

is the optimal value of the linearity parameter.
This assumption is consistent with the results given in [8]
and [21], where the spectral efficiency of the mmWave link is
found to be linearly related with its received WiFi RSS. The
aim of the CMAB algorithms is to estimate the value of Q∗

'8
through online learning, where LinUCB [19] and CTS [20]
are known as efficient CMAB algorithms using two different
procedures for approximating Q∗

'8
. Because CTS outperforms

LinUCB [20], we will modify it by proposing S-CTS to
address the formulated CMAB mmWave relaying problem
while considering the sleeping relays. Like the TS algorithm,
S-CTS is a pure Bayesian strategy, where Q̂'8 is assumed
to have a prior/posterior distribution given the context vector
b'8,C . In this paper, as mmWave link model follows normal
distribution, multi-variate Gaussian distributions are assumed
for Q̂'8 with mean E

(
Q̂'8

)
and variance U2B−1

'8
, where U is

a design parameter. In this context, E
(
Q̂'8

)
is given as [20]:

E(Q̂'8 ) = H−1
'8
c'8 , (13)

c'8 = k(−'8−�b'8 , (14)

where B'8 is the matrix of context vectors of size : × ;
containing the past : context vectors of length ;, and I3 is
the identity matrix of size ; × ;, where ; = 3 as defined in
(11). Algorithm 2 summarizes the proposed S-CTS algorithm,
where the inputs to the algorithm are the parameter U and
the set of all available relays q'. At every time C, after
parameters initialization, i.e., setting B'8 ,E

(
Q̂'8

)
, c'8 and

qNS, random ; dimensional samples Q̂'8,C for every relay in
qNS,C−1 are drawn from the multi-variate Gaussian distributions
N

(
E

(
Q̂'8,C−1

)
, U2B−1

'8,C−1

)
. Then, the relay node maximizing

the following equation is selected:

'∗8,C = arg max
qNS,C−1

(
b)'8,C Q̂'8,C

)
. (15)

If the selected relay node is identified as a sleeping relay
based on (9), it will be eliminated from qNS,C−1. Otherwise, its
corresponding k(−'∗

8,C
−� is obtained and its related parameters

for posterior distribution, i.e., B'∗
8,C
, c'∗

8,C
, and E

(
Q̂'∗

8,C

)
, are

updated eventually for the next round of relay selection as
given in Algorithm 2.

V. REGRET ANALYSIS

In this section, we provide the expected regret of Algo-
rithms 1 and 2. To formalize the regret analysis, we use
the availability set qNS,C . At time C (∈ )H), '8,C denotes
the arm selected (by either algorithm) such that '∗

8,C
∈

arg max'8,C ∈qNS,C
`'8,C refers to the most plausible (i.e., op-

timal) arm. Therefore, the expected regret, RqNS , for the

Algorithm 2: S-CTS for mmWave relay probing
Input: U ∈ R+, q'
Initialization: B'8 ← I3 ,E(Q̂'8 ) ← 0;×1,

c'8 ← 0;×1 for
∀'8 ∈ q' , qNS,C = q'

1 for C = 1, 2, 3, . . . , )H do
2 1. Sample Q̂'8,C from distribution

N
(
E

(
Q̂'8,C−1

)
, U2B−1

'8,C−1

)
for ∀'8 ∈ qNS,C−1, and

observe b'8,C
3 2. Select a relay node

'∗
8,C
= arg max

qNS,C−1

(
b)
'8,C

Q̂'8,C
)

4 3. Eliminate the sleeping relay and
update qNS or obtain its corresponding
reward and update its model parameters

5 if Π'∗
8,C
< %<

A,th then
6 '∗

8,C
is a sleeping relay and

qNS,C = qNS,C−1 −
{
'∗
8,C

}
7 else
8 Obtain k(−'∗

8,C
−�

9 B'∗
8,C
← B'∗

8,C−1
+ b'∗

8,C
b)
'∗
8,C

10 c'∗
8,C
← c'∗

8,C−1
+ k(−'∗

8,C
−�b'∗

8,C

11 E
(
Q̂'∗

8,C

)
= B−1

'∗
8,C

c'∗
8,C

12 end
13 end

sequence of the non-sleeping sets (i.e., {qNS,C ,∀ C ∈ )�}),
may be expressed as follows,

RqNS ()H) = E
[
)H∑
C=1

`∗'8,C − `'8,C

]
, (16)

where `∗
'8,C

and `
'8,C

denote the mean rewards of the optimal
arm (i.e., '∗

8,C
with hindsight) and the chosen arm (i.e., actually

selected '8,C ).The expectation E is derived from the random
choices of '

8,C
made by the algorithms. Then, the expected

regret for the worst-case non-sleeping set can be represented
as,

RS−TS ()H) = max
qNS,C
RqNS ()H). (17)

First, we analyze the regret bound of Algorithm 1 based
on the remark from [44], [45] that permits adaptation of
the Bernoulli Thompson sampling algorithm to the general
stochastic bandits case, i.e., when the rewards for arm 8 can be
generated from an arbitrary unknown distribution with support
[0, 1] to provide regret analysis of our considered sleeping
MAB case. Assume that the difference of means of rewards
belongs to arms 8 and 9 is denoted by Δ8, 9 . In other words,
Δ8, 9 = (`'8 − `' 9 ). For generalization, note that C is dropped
from the suffix of '8 and ' 9 . Then, the non-sleeping relay
set-based regret can be re-expressed as follows.

RqNS ()H) ≤
#?−1∑
8=1

#?∑
9=8+1

32 ln
(
0 9 ,)�

)
Δ2
8, 9

· Δ8,8+1 + O(1), (18)

where 0 9 ,)� indicates the availability count of the 9 Cℎ arm
(i.e., ' 9 ) until time )� . Interested readers may refer to the
work in [45] for a detailed proof of (18).
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For simplicity and without any loss of generalization, we
may substitute 0 9 ,)H by )H to derive R()H). Next, based
on [46],

∑
8< 9

Δ8,8+1
Δ2
8, 9

can be substituted by 2
∑#%−1
8=1

1
Δ8,8+1

. Thus,
(18) can be rewritten as:

RS−TS ()H) ≤ 64 ln()H) ·
#%−1∑
8=1

1
Δ8,8+1

+$ (1). (19)

Next, we evaluate the regret bound for Algorithm 2 which
consists of both the contextual and sleeping MAB. For
the contextual MAB part, the algorithm chooses '∗

8,C
=

arg max
qNS,C−1

(
b)'8,C Q̂'8,C

)
. Let Δ

′
8
(C) denotes the difference between

the mean rewards of the optimal arm and arm 8 at time C as
below,

Δ
′
8 (C) = b)'∗

8,C
Q̂'∗

8,C
− b)'8,C Q̂'8,C . (20)

Now, assuming that [8,C = A8 (C) − b)'8,C Q̂'8,C , where the first
term A8 (C) indicates the obtained reward by playing arm 8 at
time C while the second term indicates its expected reward.
This parameter is assumed to be conditionally U-sub-Gaussian
where U ≥ 0 such that the following holds,

∀W ∈ R,E
[
4W[8,C |

{
b'8,C ,B'8,C−1

}NP
8=1

]
≤ exp

(
W2U2

2

)
, (21)

whenever A8 (C) ∈
[
b)'8,C Q̂'8,C − U, b)'8,C Q̂'8,C + U

]
[47]. Fur-

thermore, we assume that the L2 norm is ≤ 1 for each of the
vectors, b)'8,C , Q̂'8,C , and Δ

′
8
, so that scale-free regret bounds

may be derived as follows:

RCTS ()H) ≤ ;
√
)H log(NP)

©«ln()H) +

√
ln()H) ln

(
1
X

)ª®¬ , (22)

where ; and (1−X) denote the dimension of the context vector
and the arm selection probability, respectively. Also, note that
0 < X < 1. Interested readers may refer to [20] for the detailed
proof for RCTS. Next, we further incorporate the effect of the
sleeping MAB from (19) to the context-based one in (22) to
derive the overall regret bound for Algorithm 2 as follows,

RS−CTS ()H) ≤ ;
√
)H log(NP)

©«ln()H) +

√
ln()H) ln

(
1
X

)ª®¬(
64 ln()H) ·

NP−1∑
8=1

1
Δ8,8+1

)
.

(23)

It is worth noting that a much tighter bound than that derived
in (23) could be possibly found, and this is currently an active
area of research. As the regret bound of both S-TS and S-CTS
algorithms is of order >()� ), the average regret converges to
zero with respect to the optimal comparator in hindsight.

VI. NUMERICAL ANALYSIS

In this section, we will conduct numerical simulations to
prove the effectiveness of the proposed S-MAB and S-CMAB
approaches. In the simulation settings, 50 relays are uniformly
distributed in a square area of 30×30 m2, where ( and � nodes

TABLE I
SIMULATION PARAMETERS.

Parameter Value
l 2.16 GHz [8]

)d , )BT , )H 50 msec [8], 1 Sec [7], 500
fLoS
< , VLoS

< , =LoS
< 10.3 dB, 54.9 dB, 2.22 [8]

%FC , %
<
C and %<

A,CℎA
20 dBm [8], 10 dBm [8], −78 dBm [8]

b and Ω 1 [22] and uniform [0.3 − 0.6] m [22]
\−3dB, i−3dB 20◦, 20◦

U 0.1

 

Fig. 2. Average throughput against spectral efficiency threshold at different
values of _.

are located in the opposite comers of the simulation area. All
nodes are multi-band capable containing both the 5.25 GHz
and 60 GHz bands. Without loss of generality and for fair
comparisons, only mmWave LoS paths are assumed as it is
the only scenario considered by the benchmark scheme given
in [7]. Other simulation parameters are given in Table I.

Fig. 2 shows the average throughput in Gbps against the
target spectral efficiency threshold in bps/Hz at different values
of _. In this figure, _ = 0 indicates no LoS blockage at
all while _ = 0.1 indicates LoS blockage probability of
70%. Obviously, a tradeoff exists between increasing the
target spectral efficiency threshold and the obtained average
throughput. For low target values of spectral efficiency, low
values of average throughput are obtained. As we increase the
target spectral efficiency, the average throughput is increased
till reaching a peak point after which the average throughput
decreases again. This due to the increase in BT overhead
coming from probing many relays. Moreover, as the value
of _ is increased, the average throughput is decreased at all
target values of spectral efficiency due to the effect of LoS
blockage.

Fig. 3 tunes the value of U in the S-CTS algorithm at
different values of _. Generally, as _ is increased, the average
throughput is decreased at all values of U due to the increase in
the LoS blockage probability. At low values of U, low variance
of the multivariate Gaussian distribution occurs, which de-
creases the exploration capability of the S-CTS algorithm and
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Fig. 3. Average throughput against the value of U at different values of _.

 

Fig. 4. Average throughput comparisons against the value of _.

gets the exploitation term the most dominant. In consequence,
low average throughput is obtained at low values of U. As
U is increased, the variance of the multivariate Gaussian
distribution is increased enhancing the exploration capability
of the S-CTS algorithm and improves the obtained average
throughput accordingly. As the U value is further increased,
the exploration term becomes the most dominant causing the
average throughput to reduce again. From Fig. 3, U = 0.1
is selected as the optimal value for the proposed S-CTS
algorithm as given in Table I.

Fig. 4 shows the average throughput of the relay probing
schemes involved in the comparisons at different values of _.
Also, the optimal performance, where the maximum spectral
efficiency is obtained by just probing the best relay, is given.
As _ is increased, the average throughput of the schemes
are decreased influenced by the high blockage probability.
As shown in this figure, the proposed S-CTS nearly matches
the optimal performance while that proposed in [7] shows
the worst performance. The average throughput values of the
scheme given in [7] are to the peaks of the curve given
in Fig. 2. Moreover, the proposed S-CTS outperforms the

 

Fig. 5. Average energy efficiency comparisons against the value of _.

proposed S-TS due to the use of additional WiFi context infor-
mation. At _ = 0, the proposed S-CTS and S-TS obtain 97%
and 79% of the optimal performance, respectively. However,
the benchmark schemes given in [7] and [8] obtain 59.5% and
74.5% of the optimal performance, respectively. At _ = 0.1,
these values become 95%, 88%, 47.8%, and 70%, for S-CTS,
S-TS, and schemes given in [7] and [8], respectively.

Fig. 5 shows the average energy efficiency (EE) in Gbps/mj
of the schemes involved in the comparisons against the value
of _. By neglecting the tiny overhead of the WiFi signaling,
the average EE is calculated as:

EE =
TH

%m
C

(
TNP + )3

) , (24)

where TH is the average throughput given in Fig. 4 and TNP

is given in (7). Again, as the value of _ is increased, EE of
all compared schemes are decreased due to the effect of harsh
blockage. In the case of the optimal and the proposed S-TS and
S-CTS schemes, the number of propped relays NP is always
equal to l irrespective the value of _. However, Fig. 6 shows the
average number of probed relays against the value of _ of the
schemes given in [7] and [8]. Obviously, as _ is increased, both
schemes require a high number of probed relays to obtain their
corresponding average throughput given in Fig. 4. Moreover,
the scheme given in [7] requires a higher number of probed
relays than that given in [8]. This is the reason why the EE
of both schemes decreases quickly as _ is increased as shown
in Fig. 5. However, the proposed S-CTS almost matches the
optimal performance and better than S-TS due to the utilization
of WiFi contexts. At _ = 0, the proposed S-CTS reaches 97%
of the optimal performance while the proposed S-TS reaches
79%. However, the schemes given in [7] and [8] reach 54%
and 74% of the optimal performance, respectively. At _ = 0.1,
these values become 95%, 88%, 16.08%, and 26%, for S-CTS,
S-TS, the schemes given in [7] and [8], respectively.

Figs. 7 and 8 show the spectral efficiency convergence
rate of the proposed S-CTS and S-TS schemes against the
optimal value at _ = 0 and _ = 0.1, respectively. For the
sake of comparisons, the spectral efficiencies of the schemes
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Fig. 6. Average number of probed relays of the benchmark schemes given
in [7], [8].

 

Fig. 7. Spectral efficiency convergence rate against the number of rounds C
at _ = 0.

 

Fig. 8. Spectral efficiency convergence rate against the number of rounds C
at _ = 0.1.

given in [7] and [8] are also presented. From these figures,
at low number of rounds, the S-TS shows slightly better
convergence rate than S-CTS because the S-CTS starts to
learn the relation between the WiFi contexts and the achievable
spectral efficiencies of the played relays. After the algorithm
learns this relationship, the S-CTS starts to converge faster
than the S-TS algorithm as shown in Figs. 7 and 8. Yet, the
proposed S-CTS matches the optimal performance at both _
values after 100 rounds. However, the proposed S-TS never
reaches the optimal performance even after 1000 rounds at
_ = 0, while it reaches the optimal performance after 400
rounds at _ = 0.1. The schemes given in [7] and [8] are far
from the optimal performance at both values of _

For complexity analysis, the time consumed by the relay
probing schemes come from two main sources. The first one
comes from the relay probing time, and the second one comes
from computational complexity of the algorithms. The first
source is considered as the major source of time complexity as
one relay probing using BT consumes about 50 msec as given
in [8] and stated in Table I. At each round, the proposed MAB
algorithms, i.e., S-TS and S-CTS, probe one relay only at a
time for all _ values, which is the same as the optimal relay
probing strategy. However, the benchmark schemes proposed
in [7], [8] require an average number of probed relays of 2,
1 and 19, 10, at _ = 0 and _ = 0.1 respectively, as given in
Fig. 6. Thus, at _ = 0, the total relay probing time, i.e., BT
from S-R and from R-D, of the compared schemes will be 100
msec, 100 msec, 200 msec, and 100 msec for S-CTS, S-TS,
the schemes given in [7] and [8], respectively. These values
become 100 msec, 100 msec, 1.9 sec, and 1 sec at _ = 0.1,
respectively. This comes with a near-optimal performance of
the proposed S-CTS as given in Figs. 7 and 8.

For the second source of time complexity, the main sources
of computational complexity for S-TS come from sampling
1-dimensional Gaussian random variable and updating its
related parameters with complexity of O (|∅#( | + 1) where
|∅#( | is the cardinality of the non-sleeping relays space. By
analogy, for the S-CTS algorithm, the two main sources of
computational complexity come for sampling the multivariate
Gaussian distribution and updating its related parameters in-
cluding inverse matrix calculation. Thus, the total complexity
of the S-CTS is of order O

(
;2 |∅#( | + ;3

)
, where ; is the

length of the context vector. The term ;2 |∅#( | corresponds
to sampling the multivariate Gaussian distribution while the
term ;3 corresponds to updating the multivariate Gaussian
parameters. In this paper, the dimensions of ; and |∅#( | are
both small enough. Thus, we can assure that, the proposed
S-TS and S-CTS have a low execution complexity. Compared
to the other benchmark schemes, the scheme given in [7]
requires solving a fixed-point equation using iterative method
assuming both the spectral efficiency distribution and blockage
probability are known beforehand, which are impractical in
real scenarios. The other scheme given in [8] requires two
phases: namely, offline phase and online relay probing phase.
This consumes a considerable execution complexity through
probability calculations in the offline phase, and large number
of probed relays in the online phase as given in Fig. 6. Thus,
the proposed MAB schemes outperform that proposed in [7]
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and [8] in time complexity as well as relaying performance.
MmWave unmanned aerial vehicle (UAV) relaying network

is considered as one of the promising use cases of the proposed
MAB based relay probing. In this scenario, access UAVs are
distributed to fully cover a post-disaster area where the cel-
lular network is completely damaged or malfunctioned. After
collecting essential information from its dedicated coverage
zone in the post-disaster area, access UAVs should relay their
collected information through one of the distributed gate-
way UAVs towards the nearest survival cellular base station.
Herein, mmWave relay probing problem come to the scene
and the proposed MAB based algorithms provide efficient
solution to this problem over the existing ones in [7] and [8].
As the proposed MAB based schemes prob one relay at a time,
the battery energy of the UAVs, which is a critical factor in
UAV communication, will be highly preserved compared to
the use of the existing techniques. Furthermore, the capability
of excluding sleeping arms, i.e., the gateway UAVs with non-
sufficient remaining battery capacity, will highly preserve the
energy of the UAV network and extends its overall lifetime.

VII. CONCLUSION

In this paper, the problem of mmWave two hop relaying was
investigated. Due to the analogy between the tradeoff exists
in mmWave relaying and the exploitation-exploration dilemma
inherent in MAB hypothesis, the problem was formulated as a
MAB game. Moreover, idle relays were identified as sleeping
bandits and eliminated during the game. S-TS algorithm was
proposed to implement the formulated S-MAB based mmWave
relaying. Thanks to the multi-band capable mmWave devices
and the direct relationship between WiFi and mmWave link
statistics, WiFi signal information was utilized as contexts
of the mmWave relays. Therefore, S-CTS algorithm was
proposed to handle the mmWave relaying problem as well.
The proposed S-MAB and S-CMAB based approaches using
the proposed S-TS and S-CTS algorithms outperformed the
existing approaches in relaying performance as well as time
complexity. Moreover, the proposed S-CTS nearly matched
the optimal performance at all tested blockage environments.
The results presented in this study opens the door for applying
online learning especially MAB games to address several of
mmWave communication challenges.
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