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Codebook Based Antenna Configuration: A New
Network Planning Paradigm for mmWave Mobile
Communication Systems
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Abstract—To configure the azimuths and downtilts of massive
antennas optimally is of great importance for the mmWave mo-
bile communication systems to support diverse services, however,
it is always computationally forbidden due to the huge number
of possible combinations in real-world mobile networks. In this
paper, we develop an effective and efficient method to deal with
this intractable optimization task. First, we explore the most
promising azimuth and downtilt configurations of each antenna
with a branch-and-bound procedure followed by a semi-definite
relaxation algorithm, which finally generates a codebook with
finite elements to reduce the unnecessary searches for similar
or unpromising configurations during global search; second, a
Monte Carlo tree search method is introduced to iteratively
optimize the azimuths and downtilts of all antennas, aiming
at alleviating the mutual interference of adjacent antennas to
maximize the signal-to-interference ratio of the target service
area, during which the generated antenna configuration codebook
guides the iterative search process efficiently. Experiment results
in real urban scenarios show that our proposed method can pro-
duce the best signal-to-interference ratio coverage as compared
with state-of-the-art ones. Moreover, the proposed algorithm can
scale up straightforwardly, making it a competitive choice for
large-scale network optimization.

Index Terms—Codebook, mmWave mobile communication sys-
tems, Monte Carlo tree search, semi-definite relaxation.

I. INTRODUCTION

ITH the explosive growth in mobile data traffic and
Wincreasing number of user equipments in the fifth
generation (5G) and beyond mobile communications, great
demands have been placed for operators to provide users
with guaranteed quality of service (QoS) in the service region
[2,3]. Radio network optimization (RNO) is a crucial step
to improve network performance, during which the tunable
parameters associated with base stations are configured in an
optimal manner to provide both high power coverage and
system throughput for the mobile networks [4-6].
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The RNO problem has been investigated extensively in the
literature, which generally involves site selection, frequency
planning and radio parameter configuration. Site selection is
usually implemented in the early design stage for the mobile
network, during which the locations of base stations (BSs) are
selected to fullfill coverage and capacity requirements [7-9].
However, it is increasingly harder to obtain capacity or QoS
gains in this way as the deployment of BSs becomes denser
[10]. In the process of frequency planning, adjacent cells are
allocated different frequencies to avoid inter-cell interference
[11]. Nevertheless, cells can share the same frequency band
with the help of advanced signal processing techniques such
as coordinated multi-point communication and inter-cell inter-
ference coordination from the fourth generation (4G) system
[12]. Thus, frequency planning is no longer necessary for most
of the mobile communication systems. Radio parameter con-
figuration involves adjustments to transmit power and antenna
parameters, among which the angle setting of antenna plays an
essential role and continues to catch attention from industrial
projects [13]. An advantageous angle setting not only expands
the power coverage but also mitigates the interference to
neighboring cells so as to improve the system throughput [14].

In the 4G systems, angle tuning mainly focuses on downtilt
adjustments, while azimuth adjustments are neglected due to
the wide antenna beam [15]. With the evolution of cellular
network, the 5G and beyond systems introduce mmWave tech-
nology to get more bandwidth resources [16], which results
in further challenges for the antenna tuning. Specifically, the
large-scale antenna arrays in mmWave systems synthesize
highly directional beams to cope with the severe fading
caused by the shorter wavelength, which allows the antenna
to be equipped with more flexible pattern that varies with its
azimuth and downtilt [17, 18]. Therefore, in contrast to the 4G,
adjusting the downtilt and the azimuth jointly is more crucial
for the mmWave systems. Indeed, recent studies have shown
that tuning the azimuths and downtilts of directional antennas
properly can improve the spectrum utilization efficiency in the
spatial domain [19, 20].

Despite its great significance, searching for the optimal
configuration of azimuths and downtilts for massive antennas
is always an intractable combinatorial optimization problem
[21]. In the existing literature, quite a few optimization
methods have been proposed to obtain promising antenna
configurations. In [22], the solution space is explored from
a set of feasible configurations, and a memory of previous
exploration is maintained to avoid cycling around local optimal
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solutions. In [23], a series of feasible antenna configurations
are generated through mutation and crossover, while poorly
performing configurations are eliminated according to the
fitness function. In [24], the antenna tilt angles are optimized
by a primal-dual method. Similarly, a stochastic gradient
descent method is proposed in [25] to accelerate the gradient
calculation and produce near optimal solutions. In [26], the
antenna downtilts and the transmission power are tuned by
Bayesian method, where the power coverage and capacity
objective are treated as black-box functions. The mentioned
methods are usually computationally efficient, however, they
are either restricted to handcrafted rules or easily trapped in
local optima.

Recently, reinforcement learning (RL) has attracted
widespread attention due to its high flexibility to different
network scenarios, and arises as a promising solution for
antenna configuration. In [27], antenna downtilts are adjusted
successively based on fuzzy Q-learning. The main limitation
of this method is that the remaining antennas are fixed when
configuring the given one, which leads to a short-sighted and
suboptimal solution. In [28], a mean field RL approach is
utilized to learn the cumulative interference from adjacent
cells, where all the neighboring cells are treated as a virtual
one. However, such an approximation is oversimplified and
results in imprecise SINR estimates. In [29], a deep Q-learning
method is proposed to jointly optimize the configuration of
all antennas. This method can be hardly applied in real-world
scenarios due to its huge cost of training a reliable deep neural
network. In [30], a Monte Carlo tree search (MCTS) method is
proposed to overcome the above mentioned limitations, where
the effect of neighboring cells on antenna configurations is
averaged via multiple Monte Carlo simulations.

Unfortunately, the MCTS method also suffers from the
curse of dimensionality brought by the vast combinations of
antenna configurations. Consider that a minor angle alteration
of one antenna affects little on its radiation pattern [31],
one potential way is to compress the number of candidate
angle settings of each antenna. In other words, only the
most promising angle settings are retained to constitute a
codebook for the antenna, which serves as a set of candidate
settings for the subsequent antenna configuration process. This
approach significantly reduces the number of configurations
explored during the optimization phase, thus enhancing search
efficiency. It should be noted that the selection of elements in
the codebook is crucial and aims to concurrently achieve two
objectives: Firstly, the power coverage range of the selected
antenna setting should be sufficiently expansive; secondly, a
significant disparity in power coverage between the selected
antenna settings is necessary to avoid redundant searches for
analogous configurations.

In this paper, we propose a codebook based Monte Carlo
tree search (CB-MCTS) scheme to configure the azimuths
and downtilts of massive antennas efficiently. The proposed
scheme contains two parts: codebook generation and antenna
configuration. During codebook generation, a finite-size code-
book is constituted for each antenna by exploring the promis-
ing angle settings, and the formulated optimization problem
is solved by a branch-and-bound procedure followed by a
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semi-definite relaxation algorithm. For antenna configuration,
a Monte Carlo tree search method is introduced to iteratively
optimize the angle settings of antennas under the guidance of
the generated codebook, aiming at maximizing both system
throughput and power coverage. The main contributions of
this paper are summarized as follows:

« We introduce an innovative method for selecting can-
didate angle settings, designed to identify promising
configurations for each antenna. This approach forms a
codebook that, to the best of our knowledge, represents
the first study in the RNO focused on expediting antenna
configuration optimization by pre-filtering favorable an-
gle settings. Our proposed codebook strategy minimizes
unnecessary exploration within the solution space, signif-
icantly decreasing search overhead.

o« We cast the codebook creation process as a binary
quadratic programming problem, which we efficiently
tackle using a branch and bound method. Furthermore,
we address the challenge of determining the upper bound
of the branch, typically difficult to obtain due to its non-
convex objective function, by transforming the original
problem into a semi-definite programming problem.

« We present a Monte Carlo tree search technique, guided
by the generated codebooks, to configure the azimuths
and downtilts of all antennas within the target area.
This approach produces promising antenna configurations
while conserving computational resources.

« We assess the proposed CB-MCTS method through com-
prehensive experiments. Numerical results indicate that
the CB-MCTS approach surpasses existing state-of-the-
art solutions, striking a balance between system perfor-
mance and search load. In summary, our proposed strat-
egy offers valuable insights into optimally and efficiently
configuring antenna angle settings for practical mmWave
communication systems.

The remainder of this paper is organized as follows. In
Section II, we give system model and optimization task. In
Section III, the CB-MCTS scheme is illustrated in detail.
Section IV provides numerical results and discussions. Section
V concludes this paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider an urban area served by a set B = {1,---, B} of
base stations. Each base station of the network contains three
directional antennas. The set of antennas is represented by A,
where |A| = 3B. For each antenna a € A, its azimuth 6, can be
adjusted within [0°,360°) and its downtilt ¢, can be adjusted
within [-90°,90°]. Let € = {0,},., and ¢ = {¢a} ., denote
the azimuth set and downtilt set of all antennas, respectively.
The target area is divided into 5m x 5m square grids [32], as
shown in Fig. 1. The center of each grid is termed as a traffic
demand point (TDP) and the set of TDPs is represented by U.

Let P, , denote the power of reference signal received by
TDP u € U from antenna a € A, which is given as follows:

Pa,u :PT+Ga,u+Gu_La,uv (l)
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Fig. 1. Illustration of the network scenario.

where PT is the transmit power, G, is the antenna transmit
gain, G, is the mobile terminal gain, and L, is the path
loss between a and u. In addition, the radiation pattern of the
antenna is shown in Fig. 2. The transmit gain G, ,, varies with
the angle between the relative direction of v and the main lobe
direction of a. For given a and u, the relative direction of u
is fixed, while the main lobe direction of a can be determined
by 0, and ¢,. Therefore, G, . and P, , are functions of 6,
and ¢,, respectively.

Note that each TDP is always associated with the antenna
that provides the strongest average reference signal. The valid
signal power received by u is defined as

Pu(07¢) :IE&XPa,u(9m¢a)a (2

and the signal-to-interference ratio (SIR) at u can be expressed
as

P.(6,9)
ZaeA Pa,u(oav ¢a) - Pu(gv ¢)
The power coverage, which refers to the ratio of the TDPs

with maximum signal strength exceeding a certain threshold
TP to the total number of TDPs, is calculated by

Luev 1(Pu(0, @) > T7)
U] ’

pu(07 ¢) = 3)

7’ (0, ¢) = “)
where |U]| is the cardinality of the set U, 1(z) is an indicator
denoted by

®)

1 , if = is true,
]l(x)—{ 0 , otherwise.

The capacity coverage 1, which refers to the ratio of the TDPs
with SIR exceeding a certain threshold 7 to the total number
of TDPs, is expressed as

Suer 1(pul(8,9) > T°)
E

n°(0,¢) = (6)

The aim is to provide both high n” and high 7 in the target
area by adjusting 6 and ¢. Therefore, a new indicator called
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Fig. 2. Radiation pattern of the antenna.

valid coverage ratio is introduced as the metric of network
performance, which is defined as

Sy min(1(Pu(6.9) > %), 1(pu(6,#) > T%)

U]

(N
The proposed indicator is designed to monitor the tradeoff
between signal strength and SIR, which represents the ratio
of TDPs whose signal quality meet the demand. More specif-
ically, the signal received by TDP u is considered to meet the
requirement only if both the signal strength P, (6, ¢) and SIR
pu(0, @) are above the thresholds, 7% and T, respectively.

The optimization problem can be formulated as follows:
max

n°(8, )
st 0, €{0°5°10° ...,355°} VaeA
bo €{-90°,-89°,-88°,...,90°} Vaehd, (8)

n(6,¢) =

where the angle range of azimuths is discretized into 5°
intervals and the angle range of downtilts is discretized into
1° intervals. The azimuth and downtilt configuration combi-
nations for antenna a is T', = {(0,¢%)}2,, where D is the
number of combinations, i.e., 72 x 181 in this case.

III. CODEBOOK BASED RNO SCHEME

The optimization task (8) defines a combinatorial opti-
mization problem which is intractable even for medium-
sized number of antennas. Specifically, for a single antenna,
72 x 181 angle settings need to be considered to find out the
optimal one. The number of configuration combinations for
30 antennas is up to (72 x 181)3° and cannot be enumerated
even with huge computing resources.

We propose a codebook based antenna configuration scheme
to handle this problem efficiently. First, we present a codebook
generation algorithm to select a set of candidate angle settings
for each antenna and constitute the codebook. Next, we
propose a Monte Carlo tree search based antenna configuration
method, where the azimuths and downtilts of antennas are
optimized based on the predefined codebooks.

© 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/f)ublications/r_ights/index.html for more information.

Authorized licensed use limited to: Nanjing University. Downloaded on May 05,2023 at 05:04:31 UTC from IEEE Xpl

ore. Restrictions apply.



This article has been accepted for publication in IEEE Transactions on Vehicular Technology. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TVT.2023.3259435

A. Codebook Generation

As mentioned above, the number of feasible azimuth and
downtilt configuration combinations for each antenna is D =
72 x 181 in our case, which is redundant in the process of
massive antenna configuration and requires considerably high
search overhead. Given that minor changes in the azimuth
or downtilt have negligible effects on the radiation pattern, a
feasible solution to reduce the searching complexity is to select
some promising angle settings for each individual antenna.
These angle settings constitute a codebook which is then
leveraged to guide the configuration of massive antennas.

Due to the effect of the surrounding environment includ-
ing terrain and buildings, identical angle settings may yield
divergent power coverage outcomes for distinct antennas.
Therefore, a site-specific codebook design scheme should be
conducted to generate a unique codebook for each antenna.
In other words, instead of constructing a general codebook
for all antennas, each antenna is given its own specifically
designed codebook, where the elements are determined based
on the surrounding propagation environment of the antenna.
Note that the antennas in a BS share a common codebook
since their surroundings are the same.

The procedure of constructing a codebook for an antenna is
as follows. Consider antenna a with a set of all feasible angle
settings T', = {(6%, ¢! )}2,. Without loss of generality, let C
denote the matrix that indicates the discrepancies between the
elements of I'y. The element ¢; ; in C, which represents the
discrepancy of power coverage between the two angle settings
(08, 0L) and (67, 4%), is defined as

2 Zue(L(Paw(05, 80) > T7) © 1(Pau(63, 03) > T7))

,J |U|
)
where @ is the exclusive-or operator, i.e.,
)0, ifx=y,
TOY= { 1 , otherwise. (10)

To select typical angle settings for the codebook, it is es-
sential to maximize the disparity in power coverage among
these settings. Hence, the optimization objective in codebook
generation is given by

D D
max ' Cx = Z Z Ci j T
T i=1j=1
s.t. ele=K

xe{0,1}7, (11)
where x; € {0,1} is a decision variable for each angle setting
(x; = 1 if the i-th angle setting is included in the codebook,
and z; = 0 if is not), C is a D x D symmetric matrix,
e is a D-dimensional all one vector, K is the predefined
size of codebook. It is worth noting that the coverage of
each setting is relatively extensive although the objective
in (11) is to maximize the coverage discrepancy, since the
difference between two settings with small coverage range is
usually smaller than the difference between settings with large
coverage.
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Observe that (11) is a linearly constraint binary quadratic
programming (BQP) problem, which is known to be a non-
deterministic polynomial-time hard problem [33]. Branch-and-
bound (B&B) is an extension of brute-force and is typically
used to find out the optimal solution for the BQP problem.
A B&B procedure usually performs two main tasks namely
branching and bounding [34]. The branching step divides the
solution space into two or more subspaces to be investigated
in the subsequent iteration and dynamically generates a search
tree. The bounding step finds the upper bound for the subspace
and compares it to the current best solution. If the upper bound
of a subspace is lower than the best solution obtained so
far, the whole subspace is discarded. Otherwise it is checked
whether a leaf node is reached, and if so, the best solution is
updated if the value of this solution is greater than the current
best one. This procedure terminates until all the subspaces are
visited or discarded.

One key of the B&B procedure is to obtain a tight upper
bound for each subspace so that it can be decided whether
to explore this subspace or not. However, the matrix C' in
(11) is not semi-definite since its diagonal elements equal
to 0, which makes the objective function non-convex. As a
result, the upper bound is hard to obtain by linear program-
ming relaxation. Semi-definite relaxation (SDR) is an efficient
approximation technique for host of non-convex optimization
problems, which relaxes the original problem to a semi-definite
programming problem so that polynomial methods can be
utilized to solve it [35]. In this work, the SDR technology
is embedded in the B&B procedure to solve the codebook
generation problem.

Several transforms for (11) are formulated before SDR to
make the upper bound tight. Define z = 2x — e, the problem
(11) can be reformulated by

1
max Z(ZTC’z +2z7Ce+e"Ce)
z

s.t. e'z2=2K-D
ze{-1,1}", (12)
which is equal to the following optimization problem
max z'Cz
st. 2T'Cyz=4K -2D
Ze{-1,1}P*, (13)

- [z . ) - -
where Z = ( O), and the symmetric matrices C' and C|y are

z

represented by
- 1]eTce eTC ~ 0 e’
C_4[Ce C’:|7 CO_[e 0|

The equivalence between (12) and (13) can be easily proved

as follows: On one hand, if z* is optimal in (12), then

and ( *) are both feasible in (13) with the same objective

value. On the other hand, if (22) is optimal in (13), then zpz*

is feasible in (12) with the same objective value. Thus, (12)
and (13) share the same optimal objective value. O
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A crucial step to derive an SDR is to observe that
1Cz=(z"Cz) =Tx(Czz"),
21Cyz=Tr(27Cy2) = Tr(Cozz").

By introducing a new variable Z=%%" and noticing that Z
is a rank one symmetric positive semi-definite matrix whose

diagonal elements are all 1, we obtain the following equivalent
formulation of (13):

max T (CZ)
st. Tr(CyZ)=4K -2D
Tr(E;Z)=1 Vie{l,2,..,D}

~ T
Z=7
Z>0
Rank(Z) =1, (14)

where E; is a (D + 1) x (D + 1) matrix comprised of all
zero entries, except for a distinct value of 1 located at (4,4).
The only difficult constraint in (14) is the rank one constraint,
which is non-convex. Thus, we may drop it to obtain a relaxed
version:

Tr(CZ)

max
Z
st. Tr(CoZ) = 4K - 2D
Te(E;Z)=1 Vie{l,2,..,D}
Z-7Z"

Z>0. 15)

The problem (15) is known as an SDR of (14).
For the optimization problem of a subspace with some
elements of x fixed, the formulation can be written by

max z'Czx
s.t. efz=K
XT; =4q; Viel
xe{0,1}7, (16)

where I is the index set of fixed elements in @, and ¢; is a
constant with a value of 0 or 1. The corresponding SDR of
(16) is expressed as

max T(CZ)
Z
st. Tr(CoZ)=4K -2D
T (E;Z)=1 Vie{l,2,..,D}
Ziv1je1 = (2¢: -1)(2¢; - 1) Vi, jel
z-7"

Z>0. a7)

This problem can be solved by using existing software such
as MATLAB with the convex optimization toolbox CVX [36].
Therefore, the upper bound of a subspace can be calculated
according to (17).

Algorithm 1 Bound initialization

1: Initialization: Codebook size K,

x=0.
2: for k=1: K do
3 if £ ==1 then
4 i* < argmax; Y. yeu L (Pa,u(Pa,i) > TP)
50 else
6 i* < argmax;(z +e;)TC(x +e;)
7:  end if
80 X< T+ep
9: end for

10: return x

Algorithm 2 DFS(x,i,z*,V"™)

1: if |x|; > K then
2 return xz*,V*
3: end if

4: for x; =0:1 do
5. if i == D then
6
7
8
9

if z’Cx > V* then

< x
V*<zTCx
end if

10:  else
11: V <« value of (17) using CVX
12: if V < V™ then
13: return z*,V*
14: else
15: x*,V* <« DFS(x,i+1,x*,V*)
16: end if
17:  end if
18: end for

19: return x*,V*

With the above bounding strategy, the B&B procedure to
constitute the codebook for antenna a € A is then designed as
follows:

Bound initialization: Before performing the branching strate-
gy, an initial bound should be determined to guide the discard.
Therefore, we propose a heuristic algorithm to obtain an initial
solution for the B&B algorithm, which gives a tight upper
bound. The heuristic algorithm is based on greedy strategy.
At the beginning, the codebook is set to empty and the
corresponding x is a D-dimensional zero vector. Then, the
antenna setting with the largest coverage ratio is put into the
codebook, while the corresponding element of x is changed
to 1. Subsequently, the setting that differs the most from those
in the codebook is iteratively put into the codebook until
the predefined size is reached. The vector x is iteratively
updated at the same time. When the initialization process
has been completed, the latest version of x is the initialized
codebook we need. The detailed procedure of initialization is
illustrated in Algorithm 1. Note that e; in the algorithm is
a D-dimensional vector where the i-th element is 1 and the
other elements are O.

Codebook generation: The codebook generation procedure
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Algorithm 3 Codebook generation

1: Initialization: Root node ng,
The codebook ¥, = @.

x* < Bound initialization
V* <2l Cx*
x*,V* « DFS(x,1,2*,V™)
for i=1:D do

if 7 ==1 then

U, <« U, u{(0],0])}

end if
end for
return VU,

R A T ol

._
4

is performed based on a depth-first search tree. Specifically,
the initial solution x* is obtained through Algorithm 1 and
the initialized bound V* is calculated by z*T Ca*. It starts
from the root node where no element in x is determined. Two
branches originate from the root node: In the first branch,
z1 = 1, signifying that the first antenna setting in set I'y is
put into the codebook; whereas, in the second branch, x; = 0,
indicating that the first setting is not selected. The upper
bound of each branch is calculated by solving the SDR of
the corresponding optimization problem. If the obtained upper
bound is lower than the initial bound V¥, the corresponding
branch is discarded and all the children branches of it are also
removed. If the obtained upper bound is higher than V*, the
corresponding branch is chosen to proceed in the next layer.
This procedure is recursively executed by the depth first search
(DFES) function illustrated in Algorithm 2. The value of z* and
V* are updated when reaching a leaf node where all elements
of x are determined and &’ C'z > V*. It terminates until all the
nodes are visited or discarded. Ultimately, the optimal solution
x* is obtained, and the codebook ¥, is constituted. The whole
codebook generation procedure is summarized in Algorithm 3.

B. Antenna Configuration

The number of candidate settings for each antenna is
reduced from D to K with the help of the obtained code-
books. Consequently, the number of setting combinations for
all antennas becomes K |A‘, which is considerably less than
DAl However, finding the optimal configuration for massive
antennas from these candidate settings still requires a high
searching overhead if exhaustive search is adopted.

Reinforcement learning methods have demonstrated excep-
tional ability in handling Markov decision process (MDP)
[37]. Fortunately, the configuration of antennas can also be
formulated as an MDP, which provides a significant oppor-
tunity to solve it using RL methods. To convert the antenna
configuration problem to an MDP, we define the agent, state,
action and reward accordingly:

Agent: Each antenna in set A is treated as an agent.

Action: Each action corresponds to one possible configuration
of an antenna based on its codebook.

State: The state is defined as the signal power distribution and
the SIR distribution in the target area, which is measured by
all TDPs.
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Fig. 3. Search tree for RNO.

Reward: The reward is the valid coverage ratio n® of the
network calculated by (7).

The MDP derived from the antenna configuration problem
is formed as a tree search process where the antennas are
configured successively, as shown in Fig. 3. The antenna to be
configured at step j is represented by a;, and the state with
antennas {ai,as,...,aj_1} already configured is represented
by s;. Note that s; refers to the initial state where no antennas
have been configured. For each step j, antenna a; can take K
available actions based on the corresponding codebook V.
Given the current state s;, action v; is selected by a; from
WU,,, which leads to a new state s;,1. Then it is the turn
of the next antenna a;.1 to choose its action. When all the
antennas have been configured step by step, the reward 1 can
be worked out with the action trajectory L = [¢1, %2, ..., Yja)].
Clearly, the trajectory with the largest reward is the optimal
antenna configuration we want to find.

Enumerating all trajectories in the search tree is infeasible
in practical scenarios, however, the exploration can be more
efficient if the branches with lower rewards are visited as few
as possible. The Monte Carlo tree search (MCTS) provides a
promising procedure to evaluate the rewards of branches in an
efficient way. It usually consists of the following four steps:
Selection: The selection starts at the root node, and the child
nodes are selected successively according to a predefined
selection policy until a node with unexplored branches is
reached.

Expansion: One random child node is expanded from the
node chosen in the selection step. A statistic set containing
the estimated reward and the number of visits of the child
node is initialized according to the feasible actions.
Simulation: Simulation is executed to evaluate the reward of
the node initialized in the expansion step. Monte Carlo method
can implement such a simulation, which determines the reward
repeatedly through random samplings.

Backup: The reward obtained in the simulation step is backed
up through the tree to update the statistic set of the branch with
regard to its corresponding ancestor nodes.

The MCTS is utilized to iteratively optimize the azimuths
and downtilts of all antennas with the guidance of the gen-
erated antenna setting codebooks, which is called codebook
based MCTS (CB-MCTS). Denote {Q(s,%), V(s,¢)} as the
statistic set of the branch (s,), where s is the current state,
1 is the action, Q(s,1)) is the evaluation reward and V (s,))
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Fig. 4. Monte Carlo tree search Procedure.

is the visit count. The algorithm proceeds by iterating over the
above mentioned four phases (in Fig. 4).

The selection step begins at the root node s;, and finishes
when reaching a node s;, with unexplored branches in step l..
At each step [ < I, an action 1, is chosen from the codebook
W,,, expressed as

wl = argmaX(Q(Shw) + U(Sla 1/}))3

E“l

(18)

where )(s,1)) is the evaluation reward indicating the instance
reward for current state and action, while U (s, 1)) denotes the
upper confidence bound [38], which is given by

\/Zzp’e\llal V(Slaw,)
L+ V(si,9) 7

where ¢ is a parameter determining the preference on ex-
ploration and V'(s,) is the number of times the action v
has been visited so far. The term U(s;,%) here balances
between exploiting the antenna configuration that looks cur-
rently the best and the exploration of currently suboptimal
configurations, so as to avoid missing good alternatives due
to early evaluation errors. It can be seen that the selection
policy proposed in (18) prefers the action with low visit count
V(s1,%) in the early stage of exploration, but asymptotically
tends to select the action with high estimated value Q(s;, )
when more evaluations are executed.

If the node is not fully expanded, the expansion step is
performed to obtain a successor state s;_, which is determined
by the previous state and the randomly chosen action t);_. The
statistic set of branch (s;,, ;) is initialized to

{Q(Slevwle) =0, V(Sle’ wle) = O}

Obviously, Q(s;,,1, ) requires to be estimated as accurate as
possible so that a good decision can be made in the selection
step.

U(si, ) = 19)
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In the simulation step, the reward R of (s;,,;, ), which
refers to the valid coverage ratio 1n® worked out through
(81,41, ), is obtained by Monte Carlo method. Specifically,
for those antennas that need to be configured after step I,
actions are selected at random until reaching a leaf node.
Multiple simulations are executed in parallel, meanwhile, the
valid coverage ratio n° of each simulation is calculated and R
values for the maximal n® of these simulated configurations.

After finishing the simulation step, the reward R will be
backed up to the previous branches. In each step [ <[, R is
fed back to (s;,%;) and the statistic set of the corresponding
branch is updated as follows:

V (s, ) =V (s, ) + 1,
Q(Sla 7/11) = maX(Q(Shwl)a R)

(20)
2

The iteration is running over selection, expansion, simula-
tion and backup steps until reaching a predefined computa-
tional budge, such as the maximum number of iterations Y in
our case. When the computational budge is reached, the search
will be halted and the antenna configuration v;, for the root
state sy, is determined based on the policy 7 (tp|sp), which
is expressed as:

V(Sh, d]h)‘r
Zusgem(an) Vs )7

7(Unlsn) = (22)

where 7 denotes a temperature parameter that controls the
level of exploration, 1)y, is the available antenna configuration
in codebook M (sy). Then the child node corresponding to
(sn,1y,) becomes the new root node, and the subtree below
this node is retained along with its statistic set. This process
terminates until one of the leaf node becomes the root node
[39]. By this time, all the antennas have been configured and
[WF, 05, s wl’fm] denotes the final antenna configuration. The
CB-MCTS procedure is summarized in Algorithm 4.
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(a) Terrain information.

(b) Building layout.

(c) BS locations and heights.

Fig. 5. Map information.

Algorithm 4 Codebook based Monte Carlo tree search

1: Initialization: root node sj.

2: Counter h < 1

3: for h=1:|A| do

4 fory=1:Y do

5: S; < Sp

6 while all children of s; are visited do
7 Select 1; using (18)

8: Update s; < child of s; with v

9: end while
10: Expand s; by a random ;
11: Q(s1,%1) =0,V (s1,41) =0
12: R « simulation outcome of (s, ;)
13: do
14: V(Sl,wl) <« V(Sl,wl) +1
15: Q(s1,v1) < max(Q(s1,¥1), R)
16: 1) < action connecting s; and its parent
17: s; < parent of s;
18: while s; # s),

19:  end for

20:  Generate policy 7(1|sy) using (22)
21: < w(Ylsn)

22: Sh+l < (Sh,d);)

23 h<h+1

24: end for

25: return [wf,ib;w-ﬂ/f@ﬂ

I'V. NUMERICAL RESULTS

Consider a 1kmx1km urban area whose terrain information
and building layout are shown in Fig. 5(a) and Fig. 5(b),
respectively. The network in this area is composed of 17 BSs,
whose locations and heights are depicted in Fig. 5(c). The
transmit power PT is set to 15.4dBm, and the mobile terminal
gain G, is set to 0dBm.

We adopt the COST 231 model [40] as the path loss model
to validate our proposed method. Line-of-sight (LOS) and
none-line-of-sight (NLOS) cases are separately considered.
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Fig. 6. Building layout and codebook of different antennas.

The path loss can be calculated by

11.85 +47.691g(da,u) +5.831g (ha)

+ B, —6.551g(ds)1g (R , if LOS,

Lo = u g(da,u)lg (ha) 23)

16.24 +47.691g(dy ) + 5.831g (hy)

+ B, -6.551g(da,u)lg (he) , if NLOS,
where d, . denotes the distance between antenna a and TDP
u, and h, denotes the height of a. The building penetration
loss B, is simplified as a discrete variable, given by

14dB,
“ | 0dB,

if u is indoor,
e (24
if u is outdoor.

The building layouts and the corresponding codebooks for
antenna 1 and 2 are depicted in Fig. 6. It is noteworthy that the
codebook of antenna 1 significantly differs from that of an-
tenna 2, primarily attributed to the distinct spatial distributions
of buildings surrounding the two antennas. Consequently, the
specifically designed codebook captures the characteristics of
the propagation environment in the vicinity of the respective
antenna. Also, only typical angle settings are retained while
analogous ones are eliminated.
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Fig. 7. Complementary cumulative distribution of maximum
signal strength.
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Fig. 8. Complementary cumulative distribution of SIR.

Fig. 7 shows the complementary cumulative distribution
function (CCDF) of the maximum signal strength received at
TDPs under different codebook sizes. The power threshold
TP is set to —95dBm and the SIR threshold 7 is set to
0dB. Observe that when the codebook size is set to 70,
the proportion of TDPs with signal strength exceeding the
threshold is about 96%. Even when the codebook size is 3,
more than 85% of the TDPs can meet the power threshold. It
suggests that most of the TDPs can receive strong enough
signal in a densely deployed network scenario even if the
antenna parameters of BSs are not optimized.

Similarly, the CCDF of SIR under different codebook sizes
is shown in Fig. 8. The power threshold 7% is —95dBm and
the SIR threshold 7 is 0dB. As depicted in Fig. 8, 90.47%
of the TDPs can meet 7°¢ with codebook size 70, on the
contrast, the ratio is only 68.66% for codebook size 3. As the
codebook size expands, it encompasses an increased number
of candidate antenna configurations, thereby enhancing the
likelihood of containing an advantageous antenna configu-
ration. It is observed that the two curves corresponding to
codebook size of 30 and 70 are close to each other. This
arises since the elements in the codebook are adequate enough

. © 2023 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/f)ublications/r_ights/index.html for more information.
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Fig. 10. Valid coverage ratio under different power thresholds
and SIR thresholds.

for the antenna configuration once the size of the codebook
surpasses a threshold. In this case, the discrepancy between
different antenna configurations in the codebook is too small
to cause a significant difference in capacity coverage. Thus,
it is unnecessary to set the size of the codebook too large
considering the search cost.

Fig. 9 shows the valid coverage ratio as a function of SIR
threshold 7° under different codebook sizes, where the power
threshold 77 is fixed at —95dBm. When the SIR threshold
is 0dB and the codebook size is 70, the CB-MCTS scheme
achieves a valid coverage ratio of 86.71%. More specifically,
the valid coverage ratio is positively correlated with the
SIR distribution, which results in the consist trend of the
corresponding curves in Fig. 8 and Fig. 9.

Fig. 10 shows the valid coverage ratio under different power
thresholds and SIR thresholds, where the size of codebook
is 70. We can see that when the SIR threshold T°¢ is fixed,
the valid coverage ratio decreases as the power threshold
TP increases. Similarly, when the power threshold 77 is
fixed, the valid coverage ratio decreases as the SIR threshold
T° increases. Besides, observe that the curve of higher SIR
threshold declines slower than that of the lower one. This can
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be explained as follows: Under the same power threshold 77,
the TDPs which meet higher SIR threshold 7 are more likely
to have higher received signal strength. Therefore, when the
power threshold T increases, for those TDPs meeting the high
T°, the number of TDPs becoming invalid is smaller than that
of the TDPs meeting the low 7. Consequently, the higher the
SIR threshold, the slower the curve declines.

Further, the detailed performance of the CB-MCTS in terms
of the distribution of maximum signal strength and SIR under
different codebook sizes are shown in Fig. 11(a)-(c) show that
the size of codebook has little influence on the power coverage,
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since the demand on signal strength is easy to meet as long as
the BSs are dense enough. Observe that most TDPs with poor
signal strength are located inside buildings, which enlightens
us to deploy additional network support devices indoors to
meet the coverage requires. Contrast to the maximum signal
strength distribution, the SIR distribution is more likely to
be affected by the codebook size especially when the size is
small, which can be seen from Fig. 11(d)-(f). It is because
the small number of candidate configurations restricts the
flexibility of antenna patterns, which leads to a high probability
of interference between antennas.
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The coverage ratio of our proposed scheme CB-MCTS
is compared with the following ones: the fuzzy Q-learning
(FQL) [27], the mean field based Q-learning (MQL) [28] and
the MCTS [30]. The performance of different methods are
illustrated in Fig. 12. The codebook size of the CB-MCTS is
70. The blue bar refers to the power coverage ratio, the red bar
refers to the capacity coverage ratio, and the orange bar refers
to the valid coverage ratio. The CB-MCTS scheme performs
better than FQL and MQL since the latter two algorithms
address only one antenna without considering the interference
between adjacent antennas. On the other hand, ineffective
configurations are not filtered before exploration for the MCTS
method, resulting in a performance loss as compared to the
CB-MCTS. Last, we compare the CPU time of the algorithms
in Fig. 13. The computational overhead of the CB-MCTS is
about 30% of that of the MCTS due to the introduction of
codebooks. From Fig. 12 and Fig. 13, we can conclude that
the CB-MCTS achieves a good tradeoff between the valid
coverage and the computational complexity.

V. CONCLUSION

In this paper, we proposed a codebook-based antenna angle
optimization scheme for mmWave mobile communication
systems, aiming to enhance system throughput and power
coverage. We designed a set of candidate azimuth and downtilt
configurations, referred to as the codebook, for each antenna
based on its surrounding propagation environment, thereby
avoiding unnecessary exploration of poorly performing and
similar antenna configurations. Subsequently, we introduced a
Monte Carlo tree search method to iteratively optimize the az-
imuths and downtilts of all antennas, guided by the generated
codebooks. Numerical results demonstrate that our proposed
scheme can produce promising antenna configurations with
limited computing resources, making it suitable for large-scale
networks.
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