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Abstract—Tuning the azimuths and tilts of antennas in an
optimal way is crucial for the mmWave mobile communication
systems, nevertheless, it always yields an intractable combinato-
rial optimization problem due to the huge number of possible
antenna configurations. In this paper, we propose a scalable
reinforcement learning method to deal with this optimization
task, which decomposes and distributes the policy learning
process by exploiting the interactions among adjacent antennas
implicitly. A distributed constraint optimization technique is
introduced to coordinate the distributed learning process, which
can lead the learning towards desired directions. Experiment
results in large-scale scenarios demonstrate that our proposed
method yields significant performance improvement in terms of
signal-to-interference ratio coverage while ensuring high power
coverage.

Index Terms—Antenna orientation optimization, coordinat-
ed reinforcement learning, distributed constraint optimization,
mmWave mobile communications.

I. INTRODUCTION

As user demands persistently evolve, mobile network opera-
tors strive to improve spectral efficiency so as to accommodate
the increasing traffic requirements. Radio network optimiza-
tion serves as a crucial approach for augmenting spectral
efficiency, where the power coverage and the capacity of
the mobile network are optimized by adjusting parameters
of base stations (BSs) [1, 2]. The power coverage refers to
the area where signal is strong enough to ensure reliable
communications, while the capacity relies on the signal-to-
interference ratio (SIR) which is related to the strength of the
reference signals and the interference ones. More specifically,
the increase of transmission power may expand the power cov-
erage of a BS, however, such a power increase also introduces
more interference to the neighbouring BSs, and reduces the
system capacity. Striking a balance between the two conflicting
objectives is essential for radio network optimization.

The radio network optimization can be implemented in var-
ious ways, among which adjusting antenna orientation settings
is of vital importance [3–5]. An advantageous set of orientation
settings not only reduces zones with weak signal strength but
also alleviates interference among BSs. Moreover, adjusting
orientation settings is much more cost-effective compared to
other approaches such as constructing new BSs or installing
additional equipments.

This work was supported in part by the National Natural Science Foundation
of China under Grants 61931023 and U1936202.

The fifth generation and beyond mobile communications
introduce mmWave technology to acquire additional spectral
resources [6], which, however, brings further challenges to
the antenna orientation optimization. Specifically, mmWave
signals experience more severe fading compared to signals
in sub-6GHz bands due to the shorter wavelengths. To cope
with the deep fading, more BSs are needed to serve a given
area, which is known as network densification [7]. Moreover,
high-directional antenna is adopted to concentrate power into
a narrow beam, whose radiation pattern is more sensitive to
the azimuth compared to the wide-beam antenna in sub-6GHz
bands [8]. Therefore, antenna orientation optimization in an
mmWave system usually involves adjusting the azimuths and
the tilts of a large number of antennas.

Unfortunately, adjusting the azimuths and the tilts of an-
tennas optimally always yields an intractable combinatorial
optimization problem whose search space expands exponen-
tially with the number of antennas. Brute-force search that
may produce intuitive exact solution is computationally pro-
hibitive even for a moderate number of antennas. Recently,
reinforcement learning has merged as a promising approach
for the antenna orientation optimization due to its remarkable
adaptability across diverse network scenarios. In [9], the tilts
of antennas are adjusted separately based on independent
reinforcement learning. The limitation of this approach lies
in the static configurations of adjacent antennas during the
tuning process for a specific antenna. This overlooks the fact
that the interference varies with the configurations of the
adjacent antennas. In [10], a mean-field reinforcement learning
approach is adopted to learn the cumulative interference from
adjacent BSs, where all these BSs are treated as one virtual
entity located at the center of these BSs. Such an approxima-
tion is oversimplified and may lead to imprecise interference
estimation. In [11], a deep reinforcement learning method
is proposed to optimize the configuration of antennas. This
method is hard to implement in real-world scenarios owing to
the substantial cost of training a reliable deep neural network.

These reinforcement learning methods ignore or simplify
the interactions among antennas, which inevitably results in
suboptimal even undesired antenna orientation configurations.
Note that the interactions among antennas are always local
since signal strength diminishes with distance rapidly and
becomes negligible beyond a certain range, therefore a scalable
algorithm which exploits these interactions can potentially
achieve a good tradeoff between computational efficiency and979-8-3503-1090-0/23/$31.00 © 2023 IEEE
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optimality of antenna configurations. In this paper, we propose
a coordinated reinforcement learning method to handle the
antenna orientation optimization problem in a scalable and ef-
fective manner. The proposed method factors a decomposable
Q-function that quantifies the power coverage and the capacity
by exploiting the interactions among antennas, and distributes
the learning of policy for orientation configurations of all
antennas, which potentially scales up the learning to large-
scale scenarios. Furthermore, the proposed method employs
distributed constraint optimization techniques to coordinate
the distributed learning so as to ensure the optimality of the
learned policy. In addition, a max-sum algorithm is proposed
to work out an approximate solution to the distributed con-
straint optimization problem with slight computation over-
head. Numerical results show that our proposed methods can
produce promising configurations of antennas in large-scale
scenarios with reasonable computing load, outperforming the
state-of-the-art ones by over 9% in terms of area satisfying
both power coverage requirements and SIR coverage require-
ments.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider an urban area served by multiple BSs, each of
which containing three high-directional antennas. The set of
antennas is represented by N. For each antenna n ∈ N, its
azimuth θn and tilt ϕn are configured from predefined sets
Θn and Φn, respectively. Let θ = {θn}n∈N and ϕ = {ϕn}n∈N
denote the azimuth settings and the tilt settings of all antennas,
respectively. The target area is divided into regular hexagon
grids with side length of 5m, as shown in Fig. 1. The center
of each grid is termed as a service test point (STP) [12], and
the set of STPs is represented by K = {1,2, ...,K}.

Let pn,k(θn, ϕn) denote the power of reference signal
received by STP k ∈ K from antenna n ∈ N [13]. Note that each
STP is always associated with the antenna that provides the
strongest average reference signal strength. The valid signal
power received by k is defined as

pk(θ,ϕ) =max
n∈N

pn,k(θn, ϕn), (1)

and the SIR at k is

ρk(θ,ϕ) =
pk(θ,ϕ)

∑n∈N pn,k(θn, ϕn) − pk(θ,ϕ)
. (2)

A satisfied STP means that its received valid signal power
pk and the obtained SIR ρk are greater than the predefined
thresholds TP and TC , respectively.

The antenna orientation optimization problem is to max-
imize the proportion of the satisfied STPs. Define an index
variable xk,

xk = {
1, STP k is satisfied,

0, otherwise.
(3)

5m

Fig. 1. Illustration of network scenario.

The optimization task can be formulated as

max
x,θ,ϕ

1

K

K

∑
k=1

xk

s.t. C1 ∶ xkT
P ≤ pk(θ,ϕ) ∀k ∈ K

C2 ∶ xkT
C ≤ ρk(θ,ϕ) ∀k ∈ K

C3 ∶ xk ∈ {0,1} ∀k ∈ K
C4 ∶ θn ∈ Θn ∀n ∈ N
C5 ∶ ϕn ∈ Φn ∀n ∈ N, (4)

where x = {xk}k∈K. C1 and C2 represent the requirements of
the STPs in terms of valid signal power and SIR, respectively.

III. SCALABLE ANTENNA ORIENTATION OPTIMIZATION

A. Cooperative Markov Game Model

Observe that the orientation configuration policies of indi-
vidual antennas are interdependent due to the potential for
overlapping coverage areas, which leads to mutual interfer-
ence. We adopt a finite-horizon cooperative Markov game
(CMG) model to capture the dependence, where multiple
agents are involved and they work together to maximize
a shared reward function [14]. The CMG components are
defined accordingly:
Agent: Each antenna n ∈ N.
State: The observation history h of the target area, which is
obtained by all STPs.
Action: One possible orientation setting of the antenna, i.e.,
ψn = (θn, ϕn). The action set of agent n is represented by
Ψn = {(θn, ϕn)∣θn ∈ Θn ∧ ϕn ∈ Φn} and the action set of all
agents is Ψ = ∏n∈NΨn.
Reward: The proportion of the satisfied STPs, i.e., R =
1
K ∑k∈K xk.

A policy maps the observations of all antennas to a config-
uration ψ = {ψn}n∈N. Our aim is to find the optimal policy
that maximizes the expected reward over a finite horizon
T . Q-learning methods can work out the optimal policy
by iteratively estimating a Q-function which quantifies the
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Fig. 2. Decomposition for target area.

expected cumulative reward from obtained observations [15].
Specifically, the Q-function Q(h,ψ) is represented by the
expected reward of action ψ ∈ Ψ with observation history
h and behaving optimally from then on. The optimal policy
π can be derived by setting

π(h) = argmax
ψ

Q(h,ψ). (5)

In principle, Q(h,ψ) can be directly estimated by standard
Q-learning update rule:

Q(ht,ψt) =(1 − α)Q(ht,ψt)
+ α[Rt + γmax

ψ
Q(ht+1,ψ)], (6)

where α is the learning rate, Rt is the immediate reward of
configuring ψt, and γ is the discount factor which is set to
1 for a finite horizon. This centralized method theoretically
yields an optimal policy, but is practically infeasible since the
computation and storage overheads expand exponentially with
the number of agents. Alternatively, the agents can ignore
the actions and rewards of the other agents and simultane-
ously learn their own Q-functions solely based on their local
observations and rewards, which is known as independent
reinforcement learning. This method is distributed and can
lead to significant savings in computation and storage while
eliminating the communication overhead during learning and
execution, but the agents lack coordination in this method,
which may result in suboptimal even undesired policies.
Therefore, developing a method that simultaneously attains
scalability and optimality is imperative for effective antenna
orientation optimization.

B. Coordinated Reinforcement Learning

Note that an mmWave antenna can only cover a limit-
ed range since the signal strength diminishes rapidly with
increasing transmission distance. Therefore, we can divide
the target area into multiple subregions and evaluate each
subregion separately. When focusing on a subregion, only

Fig. 3. Factor graph.

the antennas located in or near the subregion needs to be
jointly considered, and the antennas situated far from the
subregion can be disregarded due to their negligible impact
on the subregion. The reward R can be rewritten as a sum of
local rewards,

R = ∑
l∈L
Rl, (7)

where Rl denotes the local reward of subregion l, which is
given by the proportion of the satisfied STPs in l to the total
STPs in the target area, and is only associated with the anten-
nas in or near the subregion l. For instance, the network in
Fig. 1 can be partitioned into 4 subregion, namely l1, l2, l3, l4,
as shown in Fig. 2. In this case, l1 only relies on (n1, n2, n3),
while l2 is associated with all the 6 antennas, l3 only relies
on (n4, n5, n6), and l4 is independent of the antennas. The
reward can be expressed as R = Rl1 +Rl2 +Rl3 +Rl4 .

Inspired by the structured interactions among antennas, we
present a coordinated reinforcement learning (CRL) method
to cope with the antenna orientation optimization, which
decomposes and distributes the policy learning process, and
coordinates the distributed learning process to ensure the
coverage and capacity performance. Define that antennas as-
sociated with subregion l collectively form a group l, and L
is the set of groups. The Q-function Q(h,ψ) is represented
by a sum of local Q-functions based on the groups,

Q(h,ψ) = ∑
l∈L
Ql(hl,ψl), (8)

where hl is the observation history of group l, ψl is the set of
antenna orientation configurations for group l, and Ql(hl,ψl)
is the expected reward for the agents in group l by doing
action ψl at history hl and behaving optimally from then on
with respect to maximizing Q(h,ψ). The decomposability of
Q(h,ψ) is proven in Appendix.

With the decomposition in (8), the Q-learning update rule
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can be rewritten as

∑
l∈L
Ql(htl ,ψ

t
l) =(1 − α)∑

l∈L
Ql(htl ,ψ

t
l)

+ α[∑
l∈L
Rtl + γmax

ψ
Q(ht+1,ψ)]. (9)

The discounted future reward maxψQ(ht+1,ψ) cannot be
directly expressed as the sum of local discounted future
rewards since it relies on the action that maximizes the reward
with respect to the whole area. Define that

ψ∗ = argmax
ψ

Q(ht+1,ψ), (10)

max
ψ

Q(ht+1,ψ) = Q(ht+1,ψ∗) = ∑
l∈L
Ql(ht+1l ,ψ∗l ). (11)

Subsequently, all terms in (9) can be decomposed and the
update rule for each group l is written as

Ql(htl ,ψ
t
l) =(1 − α)Ql(h

t
l ,ψ

t
l)

+ α[Rtl + γQl(h
t+1
l ,ψ∗l )]. (12)

The local contribution Ql(ht+1l ,ψ∗l ) may be lower than the
maximum value of the local Q-function maxψl

Ql(ht+1l ,ψl)
because Ql(ht+1l ,ψl) is unaware of the dependencies a-
mong groups. Distributed constraint optimization (DCOP)
techniques can be employed to compute ψ∗l , which will be
discussed later.

Using the update rule in (12), the proposed method decen-
tralizes the learning of the Q-function among groups. Assume
that each group has a representative agent which learns Ql on
behalf of the group. The representative agent can be chosen
arbitrarily from the group. The entire learning process is as
follows. During each learning episode t, the agents in group
l receive their observations and transmit the observations to
the representative agent of their group after executing actions
ψtl , and the representative agent receives the group reward Rtl .
Then the representative agent computes the next best action ψ∗l
for the updated observation history ht+1l by DCOP techniques,
and updates the local Q-function Ql using rule (12). Finally,
the action ψ∗l is distributed to the agents in l.

During execution, action selections are computed in a dis-
tributed manner since the Q-function is denoted by the local
Q-functions of the representative agents. Note that the local
Q-function Ql(hl,ψl) depends on the observation history of
l, which scales exponentially with the horizon. A fixed-size
observation window is adopted to cope with a large horizon,
which helps reduce the overhead of computing Ql(hl,ψl) by
constraining the horizon to a reasonable range.

C. Joint Action Selection by DCOP

The proposed method requires computing the optimal joint
action that maximizes the Q-function. This problem can be
formulated as a DCOP, which is defined by a set of vari-
ables ψ = {ψn}n∈N and a set of functions Q = {Ql}l∈L,
where ψn represents the action of agent n, and Ql repre-
sents the Q-function of group l [16]. The history h can
be ignored in the following discussion since it is fixed for

every computation, i.e., we can denote Ql(h,ψl) by Ql(ψl).
The goal is to find the optimal joint action ψ∗ such that
ψ∗ = argmaxψ∑Ql(ψl). This problem can be depicted as a
bipartite factor graph by generating a node for each variable
and each function, and linking a function node to a variable
node if the function relies on the variable. For instance, the
problem arising from Fig. 2 can be depicted as a factor graph
consisting of 6 variable nodes, 4 function nodes and 12 links,
as shown in Fig. 3.

Variable elimination is a standard method for obtaining the
optimal solution for DCOPs, but its computation cost increases
exponentially with the induced width of the factor graph
[17]. In this paper, we investigate the max-sum algorithm for
an approximate solution of the DCOP, which only requires
limited computation overhead and can trade off the quality
and efficiency of computing joint actions [18].

The max-sum algorithm operates directly on the factor
graph by passing messages between variable nodes and func-
tion nodes. The messages are defined as follows:
Message from variable node n to function node l:

qn→l(ψn) = ∑
g∈Fn/l

rg→n(ψn) + cn,l, (13)

where Fn is the set of function nodes which are connected
to variable node n, and cn,l is a normalizing constant that
prevents the messages from increasing infinitely in cyclic
graphs, and is chosen such that

∑
ψn∈Ψn

qn→l(ψn) = 0. (14)

Message from function node l to variable node n:

rl→n(ψn) = max
ψl/ψn

[Ql(ψl) + ∑
g∈Vl/n

qg→l(ψg)], (15)

where Vl is the set of variable nodes which are connected to
function node l, and ψl/ψn = {ψg ∣g ∈ Vl/n}. Here variable
node n denotes agent n and function node l denotes the
representative agent of group l that hosts the corresponding
local Q-function.

During the execution of the max-sum algorithm, the value
∑g∈Fn

rg→n(ψn), which is derived from incoming messages
of agent n, approximates the exact reward of action ψn with
other agents acting optimally. Therefore, the computation cost
of the max-sum algorithm can be restricted by controlling the
number of rounds of passing messages, which will trade off the
quality and efficiency of the action selection. In addition, the
max-sum algorithm is inherently distributed and scalable. The
messages scale linearly with the maximum number of actions
of each agent, and the number of messages varies linearly
with the number of agents and groups. The computational
complexity scales exponentially with the group size, which
is obviously lower than the number of agents.

IV. NUMERICAL RESULTS

Consider a 3km×3km urban area whose terrain information
and building layout are shown in Fig. 4(a) and Fig. 4(b),
respectively. The mobile communication network in the area
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Fig. 4. Map information.
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valid signal power.

consists of 103 BSs, as depicted in Fig. 4(c). The transmission
power of each antenna is 15.4dBm. Line-of-sight (LOS) and
none-line-of-sight (NLOS) cases are discussed separately as
follows:

Ln,k =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

11.85 + 47.69 lg(dn,k) + 5.83 lg (hn)
+Bk − 6.55 lg(dn,k) lg (hn) , if LOS,

16.24 + 47.69 lg(dn,k) + 5.83 lg (hn)
+Bk − 6.55 lg(dn,k) lg (hn) , if NLOS,

(16)

where dn,k denotes the distance between antenna n and STP
k, and hn denotes the height of n. The building penetration
loss Bk is given by

Bk = {
14dB, if k is indoor,

0dB, if k is outdoor.
(17)

The power threshold TP and the SIR threshold TC are
−95dBm and 0dB, respectively. The orientation setting of
each antenna is chosen from a predefined codebook so that
unnecessary explorations for similar or unpromising settings
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Fig. 6. Complementary cumulative distribution function of
signal-to-interference ratio.

are reduced, and each codebook is defined by the surround-
ing propagation environment of the corresponding BS [19,
20]. The proposed coordinated reinforcement learning (CRL)
method is compared to the state-of-the-art scalable methods,
including the independent reinforcement learning (IRL) [9]
and the mean-field reinforcement learning (MRL) [10].

Fig. 5 shows the complementary cumulative distribution
function (CCDF) of the valid signal power received by the
STPs. Observe that over 85% of the STPs receive signals that
exceed the power threshold for all the methods. It suggests
that most of the STPs can receive strong enough signals in
a densely deployed network even if the antenna orientation
settings are not optimized.

Fig. 6 shows the CCDF of SIR at STPs. The proportions
of the STPs that exceed the SIR threshold TC are 69.19%,
74.67% and 82.10%, for the IRL, the MRL and the CRL,
respectively. The CRL works out a higher proportion of the
STPs that obtain SIR exceeding TC compared to the IRL
and the MRL, since the IRL ignores the interactions among
antennas while the MRL simplifies these interactions.

The proportions of satisfied STPs of different methods are
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illustrated in Fig. 7. The proportion of the satisfied STPs is
76.27% for the CRL, which outperforms the IRL and the
MRL by over 9%. The CRL method achieves a better tradeoff
between scalability and optimality compared to the state-of-
the-art ones by exploiting the interactions among antennas.

V. CONCLUSION

In this paper, we proposed a scalable antenna orientation op-
timization method based on coordinated reinforcement learn-
ing to maximize the satisfied service test points in the target
area. The proposed method decomposes and distributes the
policy learning by exploiting the structured interactions among
antennas, and the distributed learning is coordinated through
joint antenna configuration derived from existing observations
using distributed constraint optimization techniques, thereby
ensuring the optimality of the learning. In addition, a max-
sum algorithm is used to compute the joint configuration in
practical execution so as to trade off computation efficiency
and solution quality. Numerical results show that our proposed
scheme can produce promising antenna configurations with
limited computing resources in large-scale networks, which
outperforms the state-of-the-art ones by over 9% in terms of
satisfied service test points.

APPENDIX

Proposition 1. The Q-function Q(ht,ψt) is decomposable for
any t in [0, T ], i.e.,

Q(ht,ψt) = ∑
l∈L
Ql(htl ,ψ

t
l).

Proof. The proposition holds for t = T since

Q(hT ,ψT ) = RT = ∑
l∈L
RTl = ∑

l∈L
Q(hTl ,ψ

T
l ).

Assume that the statement holds for t where 1 ≤ t ≤ T . Define
maxψQ(ht,ψ) = maxψ∑l∈LQl(h

t
l ,ψl) = ∑l∈LQl(h

t
l ,ψ

∗
l ),

then,

Q(ht−1,ψt−1) = Rt−1 + γmax
ψ

Q(ht,ψ)

= ∑
l∈L
Rt−1l + γ∑

l∈L
Ql(htl ,ψ

∗
l )

= ∑
l∈L
[Rt−1l + γQl(htl ,ψ

∗
l )]

= ∑
l∈L
Ql(ht−1l ,ψt−1l ).

◻
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