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Abstract—In this paper, the problem of maximizing the sum
rate of mobile users in a multi-base station (BS) cooperative
millimeter-wave (mmWave) multicast communication system
is studied. In the considered model, due to the real-time
mobility of users, the users being served by a given BS and
beamforming of BSs and users are dynamic. Multiple BSs
must cooperate to serve dynamic requests of multiple mobile
users. This problem is posed as an optimization framework
whose goal is to maximize the sum rate of all mobile users
by jointly optimizing the number of users served by all BSs
and beamforming matrices of both BSs and users. To solve
this non-convex optimization problem, we first introduce a
value decomposition based reinforcement learning (VD-RL)
algorithm to determine the users to be served by each BS.
Then, we use the block diagonalization method to obtain the
fully digital transmit beamforming matrices of all BSs as well
as the receive beamforming matrices of the users. Finally, a
fast optimization algorithm is used to optimize the hybrid
beamforming matrices of both BSs and users. Simulation results
show that, the proposed algorithm can achieve up to 51% gain
in terms of the sum rate of all mobile users compared to baseline
multi-agent algorithms.

I. INTRODUCTION

Millimeter wave (mmWave) communication is a key en-
abling technology for wireless mobile communication, as
the abundant spectrum of mmWave band dramatically im-
proves data rates [1]. However, mmWave communication
with higher carrier frequency experiences higher path loss
compared to lower carrier frequency communication [2].
Massive multiple-input multiple-output (MIMO) can be em-
ployed to accurately align the beamforming of the transceiver
antennas to overcome serious path loss and improve both
spectral and energy efficiency [3]. However, the number of
radio frequency (RF) chains required for traditional fully
digital beamforming increases with the number of antennas,
resulting in high energy consumption and hardware costs.
Therefore, in mmWave systems, the widespread adoption
of effective hybrid beamforming contributes to significantly
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reducing energy consumption and hardware costs, whilst
maintaining a satisfactory signal-to-noise ratio (SNR) in
the communication link. However, optimizing hybrid beam-
forming in mmWave massive MIMO systems faces several
challenges such as the design of the constant-amplitude RF
beamforming matrices, and the joint optimization of the
coupled digital beamforming matrices and RF beamforming
matrices.

A number of works have studied the design of hybrid
beamforming for base station (BS) and users in mmWave
unicast networks. The work in [4] considered hybrid beam-
forming for mmWave MIMO communication system. The
authors in [5] jointly optimized the hybrid analog-digital
beamforming and the reconfigurable intelligent surface (RIS)
reflection matrix to minimize the sum-mean-square-error in
the RIS assisted mmWave multi-user MIMO system. In [6],
a proficient beam and channel tracking strategy was estab-
lished within a reconfigurable hybrid beamforming structure
for broadband mmWave MIMO systems. Furthermore, in [7],
a multi-user hybrid architecture was proposed for mmWave
MIMO communication systems. In [8], a novel two-timescale
analog-digital hybrid beamforming scheme was proposed for
full-duplex (FD) mmWave MIMO multiple-relay systems. In
[9], the authors studied the user association, hybrid beam-
forming, and fronthaul compression strategies for cell-free
mmWave MIMO systems. In [10], the authors focused on the
creation of beam squint-aware channel covariance-based hy-
brid beamformers for mmWave massive MIMO-orthogonal
frequency division multiplexing (OFDM) systems.

Several existing studies [11]–[15] have considered beam-
forming in mmWave multicast systems. The authors in
[11] investigated the robust hybrid beamforming architecture
for multigroup mmWave multicast transmission. Besides, in
[12], the authors studied the hybrid beamforming design
for covert multicast mmWave communications. In [13], a
low-complexity multicast beamforming design was proposed
for mmWave communications. The authors in [14] studied
energy efficient analog beamforming in mmWave single-
group multicast communication systems. Considering the



Fig. 1: The considered multigroup multicast MIMO commu-
nication system.

device-to-device (D2D) communication [15], an efficient
multicast scheduling scheme was proposed for mmWave
systems, where D2D communications in close proximity,
concurrent transmissions, and the multi-level antenna code-
book are exploited to improve multicast efficiency. However,
these works [11]–[15] only consider static users. Considering
user mobility in mmWave multicast systems will introduce
several new challenges such as dynamic BS-user associations
and user clustering, and real-time optimization of hybrid
beamforming.

The main contribution of this paper is to design a new
framework for multiple BSs to collaboratively serve multiple
mobile users. In the considered model, due to the real-time
mobility of users, the users being served by a given BS and
beamforming of BSs and users are dynamic. Multiple BSs
must cooperate to serve dynamic requests of multiple mobile
users. This problem is posed as an optimization framework
whose goal is to maximize the sum rate of all mobile users
by jointly optimizing the number of users served by all
BSs and beamforming matrices of both BSs and users. To
solve this problem, we first introduce a value decomposition
based reinforcement learning (VD-RL) algorithm to deter-
mine the users that all BSs need to serve. Then, we use
the block diagonalization (BD) method to obtain the fully
digital transmit beamforming matrices of all BSs as well
as the receive beamforming matrices of the users. Finally,
we introduce a fast optimization algorithm to optimize the
obtained transceiver beamforming matrices.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a multigroup multicast MIMO communica-
tion system where a set L of L BSs serving K mobile
users, as shown in Fig. 1. Each user moves with a certain
probability and requests the same content at different time
slots. In particular, we assume that each user will only
request one content ok from the set O of O contents and
the probability of user k requesting content ok at time t is
pC
k , while the probability that user k does not request content

ok is 1− pC
k . We can easily extend our model to a scenario

where each user requests different content at different time

slots. At time t, all users are grouped into several clusters
according to their content requests and locations. Each user
has NU antennas and SU RF chains for receiving ζ data
streams from the BS. Each BS is equipped with NB antennas
and Oζ RF chains to serve users.

1) Mobility Model: The user’s mobility is depicted by
a random walk model. Specifically, users can either re-
main at their current location or move in one of the
four directions: up, down, left, or right. A vector pkt =
[pkt,0, pkt,1, pkt,2, pkt,3, pkt,4] represents the possibility of
the movement of each user at time t, where pkt,0 represents
the possibility of user k remaining at present location at
time t, pkt,1, pkt,2, pkt,3, and pkt,4 respectively represent
the possibility of user k moving up, down, left, or right at
time t. It is assumed that user k moves at a constant speed
vk. The location coordinate of user k in BS l’s coverage
area at time t is ϕlk (t) = [ϕlkt,1, ϕlkt,2]. With the duration
of each time slot t assumed to be ∆t, user k’s location in
the coverage area of BS l at time t + 1 can be represented
by

ϕlk (t+ 1) =


[ϕlkt,1, ϕlkt,2] , probability pkt+1,0,

[ϕlkt,1, ϕlkt,2 + vk∆t] , probability pkt+1,1,
[ϕlkt,1, ϕlkt,2 − vk∆t] , probability pkt+1,2,
[ϕlkt,1 − vk∆t, ϕlkt,2] , probability pkt+1,3,
[ϕlkt,1 + vk∆t, ϕlkt,2] , probability pkt+1,4.

(1)

2) Data Rate Model: We assume that the BS-user connec-
tion vector of BS l at time t is al (t) = [al1 (t) , . . . , alK (t)]
where alk (t) ∈ {0, 1} is the index of the connection between
BS l and user k with alk (t) = 1 representing user k
is connected to BS l, otherwise, we have alk (t) = 0.
Here, each user can only connect to one BS. Hence, we
have

∑L
l=1 alk (t) ≤ 1. We also assume that the content-

user connection vector of content o at time t is yo (t) =
[yo1 (t) , . . . , yoK (t)]

T where yok (t)) ∈ {0, 1} is the index
indicating whether user k associated with BS l requests
content o at time t. yok (t) = 1 implies that user k associated
with BS l requests content o at time t, otherwise, we have
yok (t) = 0.

Since each user can request one content from O contents
in the set O, each BS l can cluster the users into at most
O groups, which depends on users’ content requests at each
time slot. Let zlo (t) ∈ {0, 1} be the index indicating whether
there are users associated with BS l requesting content o at
time t. zlo (t) = 0 implies that no users associated with BS
l request content o at time t, otherwise, we have zlo (t) = 1.
The relationship between user connection index al (t) and
zlo (t) can be given by

zlo (t) = Xal(t)yo(t)̸=0, (2)

where X represents the characteristic function. Given al (t),



the detected data of user k of BS l at time t is
ŝkl (t)

=
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where se = [se,1, . . . , se,ζ ]
T ∈ Cζ×1 represents the data

streams of content e and follows E
[
ses

H
e

]
= I , F B

b,e is
baseband transmit beamforming matrix of group e under
BS b, F R

b,e is RF transmit beamforming matrix of group e
under BS b, Hb,k (ϕlk (t)) represents the effective channel
between BS b and user k, W R

kl represents the RF receive
beamforming matrix of user k located in the coverage area
of BS l, W B

kl is baseband receive beamfoming matrix of user
k located in the coverage area of BS l, nkl (t) ∈ CNU×1

represents an additive white Gaussian noise vector of user
k. Each element of nkl (t) abides by an independent and
identically distributed complex Gaussian distribution, which
has a zero mean value and variance σ2. The available data
stream i of user k from BS l at the time t is
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where wB
kl,i represents the i-th row of matrix W B

kl, and f̄B
l,ok,i

represents to the i-th column of matrix F B
l,ok

. As detailed
in equation (4), the first term denotes the desired signal,
the second term represents the interference from different
streams, the third and fourth terms represent the interference
from other groups, and the fifth term denotes the noise. The
signal-to-interference-plus-noise ratio (SINR) for the user k
at BS l while receiving data stream i at time t is determined
as follows

ξkl,i (t) =∣∣∣∣(wB
kl,i

)H (
W R

kl,i

)H
Hl,k (ϕlk (t))F

R
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,

(5)

where Ikl,i (t) =
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∣∣∣2 is the
interference of other groups. The achievable data rate of
user k of BS l at time t is given by

ckl (t) = W

ζ∑
i=1

log2 (1 + ξkl,i (t)) , (6)

where W represents the bandwidth.
Due to the characteristics of the multicast mechanism, the

data rate for the group that includes user k at BS l is dictated
by the user with the lowest data rate, which can be given by

clo (t) = min
k∈Ul,o

{ckl (t)} . (7)

B. Problem Formulation
Next, we describe our optimization problem. The objective

is to maximize the sum rate for all multicasting groups by si-
multaneously optimizing the transmit beamforming matrices
F R
l (t), F B

l,o (t), the receive beamforming matrices W R
kl (t),

W B
kl (t), and the indicator variable alk (t) at time t. The

optimization problem can be described as follows:

max
F R

l (t),F B
l,o(t),W

R
kl(t),W

B
kl(t),alk(t)

E

(
L∑

l=1

O∑
o=1

zlo (t) clo (t)

)
(8)

s.t.
L∑

l=1

alk (t) ≤ 1,∀k, (8a)

O∑
o=1

zlo (t)
∥∥F R

l (t)F B
l,o (t)

∥∥2
F
≤ D,∀l, (8b)∣∣F R

l (i, j) (t)
∣∣ = ∣∣W R

kl (i, j) (t)
∣∣ = 1,∀i, j, (8c)

where D is the maximum transmit power of each BS.
Constraint (8a) represents each user can only connect to one
BS. The maximum transmit power limitations for all BSs
are depicted in (8b). Constraint (8c) describes the amplitude
limitations for the RF beamforming matrices of the BSs
and users. Due to the non-convex objective function (8) and
non-convex limitations (8a)-(8c), problem (8) is non-convex,
which makes it difficult to solve.

III. PROPOSED SCHEME
To effectively solve problem (8), we first introduce a VD-

RL algorithm to determine the users that all BSs need to
serve. Then, we use the BD method to obtain the fully
digital transmit beamforming matrices of all BSs as well
as the receive beamforming matrices of the users. Finally,
we introduce a fast optimization algorithm to optimize the
hybrid transmit beamforming matrices F R

l (t), F B
l,o (t) and

the receive beamforming matrices W R
kl (t), W

B
kl (t) at time

t.

A. VD-RL Algorithm.
Next, we first present the components that constitute the

VD-RL scheme. Then, we illustrate the process of utilizing
the proposed scheme to solve the problem in (8).



1) VD-RL Components: The VD-RL scheme is composed
of six essential components.

• Agent: The agents in VD-RL are the BSs that determine
user association.

• States: The state of BS l at time t can be depicted as
a vector ξlt = [ξl1t, ..., ξlkt, ..., ξlElt], where El is the
maximum user index within the coverage range of BS
l. ξlkt = [ϕlk (t), ok] represents the state of user k in
the coverage range of BS l at time t with ϕlk (t) =
[ϕlkt,1, ϕlkt,2] being the location coordinate of user k
in the coverage of BS l at time t and ok being the
content request of user k. Here, we note that, each BS
l can only observe the state ξlt within its own coverage
area at time t.

• Actions: The action of each agent is to determine which
users to serve. Hence, an action of BS l at time slot t can
be expressed as al (t) = [al1 (t) , . . . , alK (t)], where
alk (t) ∈ {0, 1} is the index of the connection between
BS l and user k with alk (t) = 1 representing user k
is connected to BS l, otherwise, we have alk (t) = 0.
Similarly, the actions of all BSs at time t is a (t) =
[a1 (t) , . . . ,aL (t)].

• Reward: The reward of each BS is used to capture the
benefit of a selected action. The reward of group o
associated with BS l at time t is clo (t), where clo (t) is
the data rate of group o associated with BS l when the
BS takes action al (t). To calculate the data rate clo (t),
we first need to solve problem (8). When the BS takes
action al (t), the optimization problem in (8) can be
simplified as

max
F R

l (t),F B
l,o(t),W

R
kl(t),W

B
kl(t)

E

(
L∑

l=1

O∑
o=1

clo (t)

)
(9)

s.t.
O∑

o=1

∥∥F R
l (t)F B

l,o (t)
∥∥2
F
≤ D,∀l, (9a)∣∣F R

l (i, j) (t)
∣∣ = ∣∣W R

kl (i, j) (t)
∣∣ = 1,∀i, j. (9b)

To optimize F R
l (t) ,F B

l,o (t) ,W
R
kl (t), and W B

kl (t), we
can use the method in our previous work [16]. Next,
we introduce the definition of total reward of all BSs.
Since each BS l can only observe its partial state ξlt
at time t and each BS is unaware of the connections
between other BSs and users, a user may be served by
multiple BSs, which is impractical. To let each user to
be served by only one BS, we add a penalty ρ < 0 to
the reward function for penalizing the scenario where
multiple BSs serving one user. Hence, the total reward
of all BSs is

r (ξt,a (t))

=

L∑
l=1

rl (ξlt,al (t))

=

L∑
l=1

∑
o∈O

[(
1− 1{∑ζ ̸=l,ζ∈L aζk(t)=0}

)
ρ+ clok (t)

]
(10)

where
∑

o∈O

[(
1− 1{∑ζ ̸=l,ζ∈L aζk(t)=0}

)
ρ+ clok (t)

]
is the reward of BS l at time t and 1{∑ζ ̸=l,ζ∈L aζk(t)=0}
is a function that indicates whether user k is connected
to other BSs. In particular, 1{∑ζ ̸=l,ζ∈L aζk(t)=0} = 0

indicates that user k is connected to other BSs, and
1{∑ζ ̸=l,ζ∈L aζk(t)=0} = 1, otherwise. From (10), we
can see that when multiple BSs serve one user, the
reward will add ρ.

• Individual Q value function: For each BS l, the in-
dividual Q value function Qϑlt

(ξlt,al (t)) is utilized
to represent the expected reward based on a specific
partial state ξlt of BS l and a chosen action al (t) at
time t. Each BS l uses a deep neural network (DNN)
with the parameter ϑlt to estimate its individual Q
value function at time t. Due to the fact that a BS can
only observe users’ states within its coverage area, it
shares its individual Q value with other BSs [17] to
estimate the global Q value function, which will be
further clarified in the next bullet.

• Global Q value function: The global Q value function,
denoted as Qtot (ξt,a (t)), is utilized to compute the
overall expected reward from all the BSs. Regarding
the proposed VD-RL scheme, it is assumed that the
global Q value for all BSs is equivalent to the sum of
each BS’s individual Q value, which can be expressed
as [18], [19]

Qtot (ξt,a (t)) =

L∑
l=1

Qϑlt
(ξlt,al (t)) (11)

The objective for all BSs is to cooperate to maximize
the overall expected reward. After training, each BS
can utilize the Q function to determine ideal BS-user
connections so as to maximize the sum rate for all
multicasting groups.

2) VD-RL Solution: At first, each agent collects local data
which contains partial states ξlt and actions al (t) at time
t. Then, each agent shares its local data with other agents
[20] for the purpose of determining its reward rl (ξlt,al (t))
and the overall reward r (ξt,a (t)) =

∑L
l=1 rl (ξlt,al (t))

for all BSs. Finally, each agent updates its individual Q
value function based on the global Q value function. The
definition for the loss function of the global Q value function
Qtot (ξt,a (t)) is as follows:

A (ϑ1t, . . . ,ϑLt) =E [Qtot (ξt,a (t))− r (ξt,a (t))

− max
a(t+1)′

Qtot

(
ξt+1,a (t+ 1)

′)
]
2

(12)

where max
a(t+1)′

Qtot

(
ξt+1,a (t+ 1)

′) is defined as the maxi-

mum global Q value for the state ξt+1. As each individual
Q value consistently rises, the global Q value exhibits a
steady growth, i.e., an action taken by an agent having
a high individual Q value also holds significant value for
the entire wireless network. Therefore, the purpose of each
BS training its individual Q value function is to optimize



TABLE I: Simulation Parameters

Parameters Values Parameters Values
L 5 K 50

NU 64 SU 4

O 5 ζ 4

ρ 2 D 50 dBm

vk 2 m/s σ2 -90 dBm

the global Q value. Each BS’s individual Q value function
Qϑlt

(ξlt,al (t)) can be updated by applying a gradient
descent approach, as described below:

ϑlt ← ϑlt − λϑlt
∇ϑlt

A (ϑ1t, . . . ,ϑLt) , (13)

where λϑlt
is the updating rate and ∇ϑlt

A (ϑ1t, . . . ,ϑLt) is
the gradient of the global Q value function, which can be
described as follows:

∇ϑlt
A (ϑ1t, . . . ,ϑLt)

= ∇ϑlt
[Qtot (ξt,a (t))− r (ξt,a (t))

− max
a(t+1)′

Qtot

(
ξt+1,a (t+ 1)

′)
]
2

= 2∆Qtot∇ϑlt
Qϑlt

(ξlt,al (t)) ,

(14)

where ∆Qtot = Qtot (ξt,a (t)) − r (ξt,a (t)) −
max

a(t+1)′
Qtot

(
ξt+1,a (t+ 1)

′).
IV. SIMULATION RESULTS AND ANALYSIS

For our simulations, we consider a scenario with five BSs
serving 50 mobile users. The coordinates of the BSs are
(50m, 50m, 10m), (200m, 800m, 10m), (400m, 500m, 10m),
(750m, 50m, 10m) and (1000, 600m, 10m), respectively. The
moving speed of each user is vk = 2 m/s and the time
duration of a time slot is ∆t = 1 s. Other parameters are
listed in Table I. For comparison purposes, we consider three
baselines, which are given as follows:

• a) VDRL-WMMSE is an algorithm in which the beam-
forming matrices of the BSs and the users are deter-
mined based on the weighted minimum mean-square
error (WMMSE) criterion [21], and the connections
between BSs and users are determined by VDRL.

• b) VDRL-Heuristic is an algorithm in which the beam-
forming matrices of the BS and the users are determined
based on a heuristic algorithm, and the connections
between BSs and users are determined by VDRL.

• c) IDRL-BD is an algorithm in which the beamforming
matrices of the BSs and the users are optimized by a BD
method, and the connections between BSs and users are
determined by independent distributed reinforcement
learning (IDRL).

Fig. 2 illustrates the convergence of the proposed scheme.
The figure indicates that around 200 iterations are needed
for the proposed algorithm to converge, thus improving
the convergence speed by up to 39.8%, 44.5%, and 71.1%
compared to VDRL-WMMSE, VDRL-Heuristic, and IDRL-
BD. The 39.8% and 44.5% gains stem from the fact that
VDRL-WMMSE and VDRL-Heuristic do not eliminate the
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Fig. 2: Value of the total rewards as the number of iterations.

1 1.5 2 2.5 3 3.5 4

Number of data streams

8

9

10

11

12

13

14

S
u
m

-r
a
te

 (
G

b
p
s
)

Proposed scheme

VDN-WMMSE

VDN-Heuristic

IDRL-BD

Fig. 3: Sum-rate versus number of data streams.

inter-group interference and the interference among multiple
streams of each user. The 71.1% gain stems from the fact that
the BSs in our method can make the decisions cooperatively
to maximize the sum rate. Fig. 2 also shows that the pro-
posed scheme can achieve 20.7%, 35.3%, and 51% gains in
terms of total reward compared to VDRL-WMMSE, VDRL-
Heuristic, and IDRL-BD. The performance improvements
of 20.7% and 35.3% are attributed to the BD method’s
capability to mitigate interference both inter-group and each
user’s multiple streams. The 51% gain stems from the fact
that the proposed algorithm optimizes the total reward of
all BSs while the IDRL-BD maximizes individual reward of
each BS and ignores the actions of other BSs.

Fig. 3 shows the relationship between the sum rate of
mobile users and the number of data streams. From Fig. 3, we
can see that the difference between the proposed algorithm
and VDRL-WMMSE, VDRL-Heuristic becomes larger with
the growth in data streams. This is because when only one
flow of data is transmitted, only inter-group interference
exists between users and the interference among multiple
streams of each user does not exist. As the number of data
streams increases, the interference among multiple streams of
each user also increases. The proposed algorithm eliminates
both inter-group and the interference among multiple streams
of each user.

Fig. 4 is a visualization of using our proposed scheme
to determine user associations. In this figure, the users that
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Fig. 4: Visualization of BS-user connentions and user grouping obtained by the proposed scheme.

request the same content are represented by the same color.
From Fig. 4(a), we can see that users who are geographically
close and request the same content have a higher probability
of being assigned to the same group of the same BS. Fig.
4(b) shows that as the users move, BS-user connections
change. From Fig. 4(c), we can also see that users who are
geographically close and request the same content may not
necessarily be assigned to the same BS. For example, in
Fig. 4(c), users 4, 5, 8, and 9 are not served by the same
BS. This is because users 4, 5, 8, and 9 have significantly
different signal reception directions.

V. CONCLUSIONS

In this paper, we have studied the problem of maximizing
the sum rate of mobile users in a multi-BS cooperative
mmWave multicast communication system. In the considered
model, due to the real-time mobility of users, multiple BSs
must cooperate to serve dynamic requests of multiple mobile
users. We have formulated the problem into an optimization
framework and have put forth VD-RL algorithm as a solu-
tion. Simulation results indicate that the proposed VD-RL
algorithm outperforms the traditional multi-agent algorithms
in terms of convergence behavior and sum rate.
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