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Abstract. Neural networks have been applied to the physical layer of
wireless communication systems to solve complex problems. In millimeter
wave (mmWave) massive multiple-input multiple-output (MIMO) sys-
tems, hybrid precoding has been considered as an energy-efficient tech-
nology to replace fully-digital precoding. The way of designing hybrid
precoding in mmWave massive MIMO systems by multi-layer neural
networks has not been investigated. Based on further decomposing the
baseband precoding matrix, an idea is proposed in this paper to map
hybrid precoding structure to a multi-layer neural network. Considering
the deterioration in the throughput and energy efficiency of mmWave
massive MIMO systems, the feasibility of the proposed idea is analyzed.
Moreover, a singular value decomposition (SVD) based decomposing
(SVDDE) algorithm is proposed to evaluate the feasibility of the pro-
posed idea. Simulation results indicate that there is an optimal number
of users which can minimize the performance deterioration. Moreover,
the simulation results also show that slight deterioration in the through-
put and energy efficiency of mmWave massive MIMO systems is caused
by further decomposing the baseband precoding matrix. In other words,
further decomposing the baseband precoding matrix is a feasible way to
map the hybrid precoding structure to a multi-layer neural network.
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1 Introduction

The design and optimization of the fifth generation (5G) wireless communica-
tion system become challenging, due to the expectation of satisfying the key
performance indicators (KPIs) in 5G usage scenarios, such as 100 Mbit/s user
experienced data rate, 10 Gbit/s peak data rate, 1 millisecond (ms) over-the-air
latency and 106/km2 connectivity density [1,2]. Combining the millimeter wave
(mmWave) communication and massive multiple-input multiple-output (MIMO)
technology is a feasible solution to meet the KPIs [3]. Meanwhile, the signal pro-
cessing of baseband units (BBUs) becomes more complicated in 5G base stations
(BSs) [4]. In this case, it is intractable to optimize the real-time hybrid precoding
in multi-user mmWave massive MIMO systems [5,6]. Neural networks, one of
the technologies in artificial intelligence (AI), have shown the great application
value to solve complex and intractable problems in image recognition, automatic
control and healthcare [7–9]. Therefore, it is attractive to apply neural networks
to design hybrid precoding for multi-user mmWave massive MIMO systems.

Some studies have already investigated the application of neural networks for
the physical layer of wireless communication systems. The work in [10] proposed
a procedure to predict channel characteristics of mmWave massive MIMO sys-
tems, based on convolutional neural networks. Moreover, the predicted results in
[10] showed the well matching with the real channel characteristics. In the chan-
nel estimation of mmWave massive MIMO systems, the estimation with the help
of neural networks was better than the state-of-the-art compressed sensing algo-
rithms [11]. In addition to the channel estimation, neural networks were also used
for the modulation classification of raw IQ samples, which achieved competitive
accuracy [12]. Considering the unmanageable joint optimization problem of the
coverage and capacity in mmWave massive MIMO systems, the authors in [13]
enhanced the service coverage and the spectrum efficiency by applying neural
networks to solve the joint optimization problem. Combining the distributed
massive MIMO with neural networks, more accurate results of user positioning
had been achieved [14], which paves the way for network operators to provide bet-
ter context-aware communication services. It is emerging in designing the physi-
cal layer of 5G wireless communication systems by neural networks. The work in
[15] provided a comprehensive survey of applications which uses multi-layer neu-
ral networks to solve problems in cellular networks. Based on the results in [15],
the existing studies, related to the application of neural networks in the physical
layer of cellular networks, is divided into five categories, i.e., signal detection,
modulation classification, error correction, interference alignment management
and anti-jamming. Applications of neural networks in wireless communication
systems remain to be explored.

Precoding is one of the key technologies in the physical layer of massive
MIMO systems to improve the spectrum efficiency. Considering the high cost
of radio frequency (RF) chains in mmWave band for fully-connected precod-
ing, hybrid precoding is proposed in mmWave massive MIMO systems [16].
The topology of the fully-connected phase shifter network in hybrid precod-
ing structure is similar to neural networks. To our knowledge, studies related
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to design hybrid precoding by multi-layer neural networks have not appeared in
the available literature. Inspired by this vacancy in knowledge, the objective of
this paper is proposing an idea to map the hybrid precoding structure to multi-
layer neural networks. The idea is based on the further decomposition of the
baseband precoding matrix in hybrid precoding. Furthermore, an SVD-based
decomposing (SVDDE) algorithm is proposed to evaluate the feasibility of the
proposed idea. The simulation results show that the performance deterioration
in the throughput and energy efficiency of mmWave massive MIMO systems can
be caused when the baseband precoding matrix in hybrid precoding is further
decomposed. In this case, modeling the hybrid precoding structure as multi-layer
neural networks is feasible in mmWave massive MIMO systems.

The rest of this paper is outlined as follows. Section 2 describes the system
model. In Sect. 3, an idea is proposed to map hybrid precoding to a multi-
layer neural network. Moreover, the feasibility of the proposed idea is ana-
lyzed. Section 4 provides the simulation results. Finally, conclusions are drawn
in Sect. 5.

2 System Model

As shown in Fig. 1, K single antenna users are served by the mmWave massive
MIMO system with fully-connected hybrid precoding. The BS is equipped with
NT antennas and NRF RF chains. Moreover, the values of K, NT and NRF satisfy
K ≤ NRF ≤ NT. The phase shifter network in Fig. 1 contains NTNRF phase
shifters (PSs). The baseband precoding matrix is denoted as FBB ∈ C

NRF×K

and the RF precoding matrix is denoted as FRF ∈ C
NT×NRF . The downlink

channel matrix H ∈ C
NT×K is HH = [h1, · · · ,hk, · · · ,hK ]H, where hk is the

downlink channel vector between the BS and the k-th user. The received signal
at the k-th user is given as

yk = hH
k FRFFBBs + nk, (1)

where s is K × 1 transmitted signal vector s = [s1, · · · , sk, · · · , sK ]T for K users
satisfying E

[
ssH

]
= IK , sk (k = 1, · · · ,K) is the transmitted signal for the

k-th user. nk ∼ CN (
0, σ2

n

)
is the noise received by the k-th user. FBB and FRF

satisfy ‖FRFFBB‖2F = PT where PT is the transmission power.
The Saleh-Valenzuela channel model is considered as the mmWave channel

model [17] and hk is given as

hk =

√
NTξk

L

L∑

l=1

gk
l a (θl), (2)

where L is the total number of multipath between the BS and K users. The
large-scale fading coefficient is denoted as ξk = 1

dα
k
, where α is the path loss

exponent of mmWave and dk is the distance between the BS and the k-th user
[18]. gk

l ∼ CN
(
0, σ2

g, l

)
is the complex gain of signals at the l-th multipath [19].
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Fig. 1. The mmWave massive MIMO system with fully-connected hybrid precoding
structure.

The array response vector a (θl) of the uniform linear array (ULA) in Fig. 1 is
written as

a (θl) =
1√
NT

[
1, ej 2π

λ dT sin(θl), · · · , ej(NT−1) 2π
λ dT sin(θl)

]T
, (3)

where θl is the azimuth angle of signals at the l-th multipath, λ is the wavelength
of mmWave, dT is the inter-antenna spacing.

3 The Neural Network in Hybrid Precoding

3.1 The Mapping of a Multi-Layer Neural Network

Most of the studies related to neural networks are training software-based neural
networks. Few works have been done in training hardware-based neural networks
to achieve learning [20]. In fully-connected hybrid precoding structure (Fig. 1),
the phase shifter network has similar topology to neural networks. Furthermore,
the baseband precoding processing in BBUs is described as the matrix-vector
multiplication FBBs, which is similar to the mathematic model of neural net-
works, i.e., the multiplication between weight matrices and input data vectors.
It is reasonable to map the hybrid precoding structure in Fig. 1 to a one-layer
neural network in Fig. 2a.

The essence of precoding is the signal processing between the input data
streams and antennas array. The input data streams and antennas array are
treated as the input layer and output layer, respectively, for the equivalent neural
network in Fig. 2. In Fig. 2a, the hybrid precoding structure in mmWave massive
MIMO systems is mapped to a single-hidden-layer neural network, whose weight
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Fig. 2. Hybrid precoding structure in mmWave massive MIMO system is mapped to
(a) a one-layer neural network; (b) a multi-layer neural network.
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matrices are FBB and FRF. In hybrid precoding, the digital precoding can adjust
both the amplitude and phase of signals and the RF precoding can only change
the phase of signals, which implies that the mapped neural network in Fig. 2a has
two weight matrices with different properties. There is no denying that multi-
layer neural networks commonly have better performance than one layer neural
networks. It is reasonable to map the hybrid precoding structure to a multi-
layer neural networks. More than two weight matrices are needed in mapping
the hybrid precoding structure to a multi-layer neural network. In addition to
matrices FBB and FRF, new weight matrices have to be obtained.

Hybrid precoding is proposed by decomposing fully-digital precoding into a
digital baseband precoding and an analog RF precoding. Inspired by the decom-
position of fully-digital precoding, an idea that mapping the hybrid precoding
structure to a multi-layer neural network is proposed. The baseband precoding
matrix FBB is first decomposed into two new sub-matrices. These new sub-
matrices are treated as new weight matrices for a two-layer neural network in
Fig. 2b. Different from software-based neural networks and hardware-based neu-
ral networks, the equivalent neural network in Fig. 2b is a software-hardware
hybrid neural network which consists of a software-based neural network in BBUs
and a hardware-based neural network in the phase shifter network. Software-
based neural networks have been widely implemented. In contrast, the imple-
mentation of hardware-based neural networks still has knotty technical problems.
One formidable challenge for implementations of the hardware-based neural net-
work in Fig. 2 is to achieve learning in the phase shifter network. Considering
that the software-hardware hybrid neural network has not been implemented,
we only investigate the feasibility of the proposed idea.

Considering that the proposed idea is based on further decomposing FBB, we
speculate on the feasibility of the proposed idea by using existing methods, due
to the difficulty of implementing the software-hardware hybrid neural network.
The proposed idea is feasible at the case that the performance deterioration,
caused by the decomposition of FBB, is slight in the throughput and energy effi-
ciency of mmWave massive MIMO systems. Considering a widely used approach
to decompose FBB, the decomposition algorithm should be proposed and the
impact of further decomposing FBB on the throughput and energy efficiency of
mmWave massive MIMO systems with hybrid precoding structure has to be ana-
lyzed. The throughput and energy efficiency of mmWave massive MIMO systems
is derived in the following.

The received signal-to-interference-plus-noise ratio (SINR) at the k-th user
is calculated as

SINRk =

∣
∣
∣hH

k FRFFBB, kFH
BB, kF

H
RFhk

∣
∣
∣
2

σ2
n +

K∑

i=1,i �=k

∣
∣
∣hH

k FRFFBB, iFH
BB, iF

H
RFhk

∣
∣
∣
2
, (4)
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where FBB, k is the k-th column vector of FBB. Thus, the throughput for the
BS to simultaneously serve K users is presented by

Rsum = W
K∑

k=1

log2 (1 + SINRk), (5)

where W is the bandwidth.
In Fig. 1, the mmWave massive MIMO system with hybrid precoding struc-

ture consists of power amplifiers (PAs), the phase shifter network, RF chains and
BBUs. The total power consumption of the mmWave massive MIMO system is

Ptotal = PPA + NTNRFPPS + NRFPRF + PBB, (6)

where PPA = PT
ηPA

is the power of PAs, ηPA is the efficiency of PAs [21,22]. The
power consumption of the phase shifter network is NTNRFPPS, where PPS is
the power of a single PS. The power consumption of RF chains is NRFPRF,
where PRF is the power of one RF chain. The power consumed by BBUs can be
obtained by

PBB = W
Δ

LBS
+

W

WcTc

Ω

LBS
, (7)

where the first term is the power consumption of the multiplication FBBs in pre-
coding processing, Δ is the number of floating-point operations for the multipli-
cation FBBs. The second term in (7) is the power consumption of the precoding
algorithm used in BBUs, Ω is the number of floating-point operations for the
precoding algorithm. The coherence bandwidth and coherence time of mmWave
frequency are denoted as Wc and Tc, respectively. The typical values of Wc and
Tc in mmWave massive MIMO systems are 100 MHz and 35µs, respectively
[23,24]. LBS is defined as the computation efficiency of BBUs, whose typical
value is 12.8 GFLOPS/W [25].

Based on (5) and (6), the energy efficiency of the mmWave massive MIMO
system with hybrid precoding structure is denoted as

ηEE =
Rsum

Ptotal
. (8)

3.2 The Decomposition Based on SVD

Assuming that the BS has the perfect channel state information (CSI), the near-
optimal baseband precoding matrix for maximizing the Rsum is equivalent zero-
forcing (ZF) precoding [5] which is given by

Fopt
BB = HH

eq

(
HeqHH

eq

)−1
D, (9)

where Heq = HHFopt
RF is the K × NRF equivalent downlink channel matrix

for K users, Fopt
RF is the optimal RF precoding matrix which can be writ-

ten as linear combination of a (θl), e.g., vectors a (θl) with different θl as
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columns of Fopt
RF [16]. D is a K × K diagonal matrix to normalize Fopt

BB . The
singular value decomposition (SVD) is widely used to decompose a matrix.
Accordingly, the SVD of Fopt

BB is considered as the decomposition approach
to investigate the feasibility of the proposed idea. Define the SVD of Fopt

BB as
Fopt

BB = UΣVH, where U = [u1,u2, · · · ,uK ] is a NRF × K left singular vec-
tor matrix and V = [v1,v2, · · · ,vK ] is a K × K right singular vector matrix.
Σ = diag (σ1, σ2, · · · , σK) is a K×K diagonal matrix containing the nonzero sin-
gular values of Fopt

BB in decreasing order, i.e., σ1 ≥ σ2 ≥ · · · ≥ σK . Set A = UΣ
and B = VH, Fopt

BB is rewritten as Fopt
BB = AB. Decomposing Fopt

BB into two
sub-matrices A and B, a new hidden layer is added to the equivalent neural
network which is a two-layer neural network in Fig. 2b. Moreover, both matri-
ces A ∈ C

NRF×K and B ∈ C
K×K are treated as the weight matrices for the

two-layer neural network.
Combining the mmWave communication and massive MIMO technologies

in 5G BSs complicates the real-time signal processing in BBUs. Moreover, the
number of floating-point operations in precoding processing has been increased,
which increases the power consumption of BBUs [4]. Considering that the
power consumption of BBUs has a great impact on the energy efficiency
of mmWave massive MIMO systems, the decomposition of Fopt

BB should not
increase the power consumption of BBUs, i.e., not increasing the number of
floating-point operations in hybrid precoding. The number of floating-point
operations for multiplications FBBs and ABs are Λ1 = 8NRFK − 2NRF and
Λ2 = 8

(
NRFK + K2

) − 2 (NRF + K), respectively. The additional number of
floating-point operations in hybrid precoding processing is denoted as Φ. When
Fopt

BB is decomposed into two sub-matrices A and B, Φ = Λ2 − Λ1 and Φ > 0
which indicates that the number of floating-point operations is increased. There-
fore, another two matrices C ∈ C

NRF×m and D ∈ C
m×K have to be constructed

to make Φ ≤ 0, i.e., the number of floating-point operations in the multiplica-
tion CDs is less than or equal to the number of floating-point operations in the
multiplication FBBs.

The SVD of Fopt
BB can be rewritten as

Fopt
BB = AB

=
K∑

i=1

A(i)B(i)

=
K∑

i=1

(σiui)vH
i

, (10)

where A(i) is the i-th column vector of A and B(i) is the i-th row vector of B.
Based on (10), C and D are constructed as

C = [σ1u1, σ2u2, · · · , σmum] (11)

and
D = [v1,v2, · · · ,vm]H, (12)
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where m ∈ [1,K] is the number of column and row vectors in C and D.
The number of floating-point operations for the multiplication CDs is Λ3 =
8 (NRFm + mK)−2 (NRF + m). Considering the constraint Φ ≤ 0, i.e., Λ3 ≤ Λ1,
the value of m satisfies

m ≤ NRFK

NRF + K − 1
4

. (13)

Based on (13), the value of m is smaller than K, which indicates that the multi-
plication CD is the approximation of the multiplication AB. Define the square
of the Euclidean distance ‖AB − CD‖2F as the error ‖E‖2F , which is derived as

‖E‖2F = ‖AB − CD‖2F

=

∥
∥
∥
∥
∥

K∑

i=m+1

(σiui)vH
i

∥
∥
∥
∥
∥

2

F

. (14)

Based on (14), the smaller the value of m is, the larger the error will be. Fur-
thermore, the performance deterioration in the throughput of mmWave massive
MIMO systems depends on the value of ‖E‖2F . Considering that the value of m
is a positive integer, the maximum value of m is given as

mmax =
⌊

NRFK

NRF + K − 1
4

⌋
, (15)

where �x	 is the floor function of a real number x, i.e., outputs the greatest
integer which is less than or equal to x. When m = mmax, ‖E‖2F is the smallest.
On the contrary, ‖E‖2F is the largest for m = 1. An SVD-based decomposing
(SVDDE) algorithm is proposed in the following to decompose the baseband
precoding matrix into two sub-matrices. The proposed SVDDE algorithm is
given as follows.

Algorithm 1. SVD-based decomposing (SVDDE)
Require: Fopt

BB and m
1: Give the SVD of Fopt

BB and Fopt
BB = UΣVH

2: for i = 1, · · · , m do
3: Select the i-th column vectors of ui and vi which corresponding to the i-th

singular value σi

4: Set C(i) = σiui and D(i) =vi

5: end for
6: Generate matrices C= [σ1u1, σ2u2, · · · , σmum] and D= [v1,v2, · · · ,vm]
7: return FBB = CD

‖CD‖F
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3.3 Computational Complexity Analysis

The number of floating-point operations is considered as the computational com-
plexity. One of the input in Algorithm 1 is the near-optimal baseband pre-
coding matrix Fopt

BB , which is obtained by consuming K3 + 9NRFK2 + 3NRFK
floating-point operations. The SVD, in the first step of Algorithm 1, needs
4N2

RFK +22K3 floating-point operations [26]. Moreover, the number of floating-
point operations in generating two matrices C and D is 4N2

RFK+22K3+2mNRF.
Therefore, the computational complexity of Algorithm 1 is Ω = 9NRFK2 +
3NRFK + 4N2

RFK + 23K3 + 2mNRF.
Based on the computational complexity of Algorithm 1, the computation

power of BBUs is calculated and the total power consumption of the mmWave
massive MIMO system is obtained. Therefore, the performance deterioration in
the energy efficiency of mmWave massive MIMO systems can be analyzed.

4 Simulation Results

In this section, simulation results are provided to show the impact of decompos-
ing Fopt

BB on the throughput and energy efficiency of mmWave massive MIMO
systems with hybrid precoding structure. The carrier frequency is assumed to
be 28 GHz. Moreover, there are 256 antennas and 60 RF chains in the mmWave
massive MIMO system. Other default values of parameters in the mmWave mas-
sive MIMO system are listed in Table 1.

Table 1. Simulation parameters.

Parameters Values

Bandwidth W 1 GHz

Transmission Power PT 5 W

Path loss exponent α 4.6

The number of multipath L 20

Efficiency of PAs ηPA 38%

Power of a phase shifter PPS 12 mW

Power of an RF chain PRF 57 mW

Figure 3 shows the error ‖E2‖2F with respect to the number of users, con-
sidering different numbers of RF chains. The results in Fig. 3 indicate that the
value of ‖E2‖2F first decreases with the number of users. However, there is an
inflection point, i.e., K = 20 for NRF = 50 and K = 22 for NRF = 70, where the
value of ‖E2‖2F starts increasing instead. Based on the results in Fig. 3, there is
an optimal number of users which can minimize the error. It is possible to use
multi-layer neural networks to optimize the number of RF chains to minimize
the error for different numbers of users.
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Fig. 3. Error ‖E2‖2
F with respect to the number of users.

Fig. 4. Throughput with respect to the number of users.

In Fig. 4, the throughput as a function of the number of users is illustrated
when different numbers of RF chains is considered. Moreover, the equivalent ZF
algorithm is simulated for performance comparison. The results in Fig. 4 indi-
cates that the further decomposition of the baseband precoding matrix, based
on the SVDDE algorithm, causes the performance deterioration in the through-
put of mmWave massive MIMO systems with hybrid precoding structure. Based
on the results in Fig. 4, the gap between the equivalent ZF algorithm and the
SVDDE algorithm in terms of the throughput is shrunk when the number of users
is increased. Therefore, a slight performance deterioration in the throughput of
multi-user mmWave massive MIMO systems is caused by further decomposing
the baseband precoding matrix.
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Fig. 5. Energy efficiency with respect to the number of users.

Figure 5 illustrates the energy efficiency with respect to the number of users,
considering different numbers of RF chains. Based on the results in Fig. 5, the
energy efficiency decreases with the number of users. One of two reasons for
the decreasing of the energy efficiency is ascribed to the deterioration of the
throughput in Fig. 4. Based on (7), increasing the number of users grows the
power consumption on BBUs, which is another reason for the decreasing of the
energy efficiency. The gap between the equivalent ZF algorithm and the SVDDE
algorithm in terms of the energy efficiency is narrowing with increasing the
number of users in Fig. 5. Therefore, a slight performance deterioration in the
energy efficiency of multi-user mmWave massive MIMO systems is caused by
further decomposing the baseband precoding matrix.

5 Conclusions

In this paper, an idea of further decomposing the baseband precoding matrix
is proposed to map the hybrid precoding structure in mmWave massive MIMO
systems to a multi-layer neural network. Moreover, an SVDDE algorithm is pro-
posed to evaluate the feasibility of the proposed idea. Simulation results indi-
cated that there is an optimal number of users which can minimize the perfor-
mance deterioration. The existence of the optimal number of users shows the
opportunity of applying multi-layer neural networks to design hybrid precoding.
Moreover, simulation results also show that slight performance deterioration in
the throughput and energy efficiency of mmWave massive MIMO systems is
caused by further decomposing the baseband precoding matrix of hybrid pre-
coding structure. Therefore, it is feasible to map the hybrid precoding struc-
ture of mmWave massive MIMO systems to a multi-layer neural network. For
the future study, we will investigate the design of hybrid precoding based on
software-hardware hybrid neural networks.
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