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In this work, we consider a multiple input multiple-output system with large-scale antenna array which creates unintended
multiuser interference and increases the power consumption due to the large number of radio frequency (RF) chains. The
antenna selective symbol level precoding design is developed by minimizing the symbol error rate (SER) with limits of available
RF chains. The ℓ0 -norm constrained nonconvex problem can be approximated as ℓ1 -minimization, which is further solved by
alternating direction method of multipliers (ADMM) approach. The basic ADMM scheme is mapped into iterative construction
process where the optimum solution is obtained by taking deep learning network as building block. Moreover, because that the
standard ADMM algorithm is sensitive to the selection of hyperparameters, we further introduce the back propagation process
to train the parameters. Simulation results show that the proposed deep learning ADMM scheme can achieve signiﬁcantly low
SER performance with small activated subset of transmit antennas.

1. Introduction
With the severe spectrum shortage in conventional cellular
network, the large-scale antenna system in the millimeterwave (mmWave) bands has been considered as a potential
solution to meet the constantly growing demand by the users
for higher data rate. The mmWave systems are capable of
accommodating a large number of half-wavelength-based
antennas while maintaining a compact form factor. Highgain multiple-input-and-multiple-output (MIMO) beamformers are advocated to compensate for their substantial path
loss. There are many challenges regarding the implementation of conventional fully digital beamforming in large-scale
antenna systems, such as complexity, energy consumption,
and cost [1, 2]. Therefore, hybrid beamforming structures
and symbol-level precoding (SLP) with limits of radio
frequency (RF) chains are developed as alternative choices.
Hybrid beamforming that is comprised of a linear network
of variable phase shifters in the RF domain, has typically been
combined with baseband digital beamforming. For the multiuser downlink mmWave communication system, the interuser interference is suppressed by zero-forcing- (ZF-) based

hybrid beamforming algorithms [3, 4] and regularized ZF
hybrid beamforming [5, 6]. The sum-rate maximization is
addressed in [7], where the analog beamformer is optimized
via alternating optimization approach. The maximization of
the minimum total transmit rate with optimal power allocation is further developed via low-complexity path-following
algorithms [8]. However, the limitation on the number of RF
chains makes the designs of hybrid beamforming considerable
challenging due to the unit-modulus constraints imposed on
the analog beamformers. Unless the number of users is less
than half the number of RF chains, a highly nonconvex design
problems could result in computational intractability [9].
On the other hand, the SLP has been developed by tracking the interference symbol-by-symbol and turning the
induced interference into constructive interference [10]. With
the knowledge of data and channel state information (CSI),
the early work on SLP focuses on the adaptation on linear
precoding method, such as ZF-SLP beamformer [11, 12], signal-to-interference-and-noise ratio (SINR)-SLP [13–15], and
minimum mean square error (MMSE)-SLP [16]. Recently,
the SLP schemes have been widely combined with optimizations to achieve further performance improvements [17–19].
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There are additional studies on constructive precoding including per-antenna power constraint [20], noise-robust SLP [21],
symbol error rate (SER) minimization [22], and nonlinear
channels [23]. Note that the implementation of existing techniques is usually based on standard optimization tools with
high computational complexity. Considering the limited computational capabilities of communication systems, their implementation is infeasible, especially in the large-scale antenna
array systems. In order to reduce the power consumption of
digital RF chains, the SLP technique assisted with antenna selection (AS-SLP) is designed via the orthogonal matching pursuit
(OMP) [24] and coordinated descent (CD) algorithms [25].
In this work, we consider mmWave communication
system with the large-scale antenna array in which only a subset of transmit antennas is activated. In order to reduce the
power consumption of RF chains, the proposed AS-SLP design
is developed to minimize the achievable SER by using a subset
of activated transmit antennas. The underlying combinatorial
optimization problem is further transferred into a regularized
ℓ1 -norm form. The optimum solution is achieved via alternating direction method of multipliers (ADMM) algorithm. However, the improper regularization parameters of the ℓ1 -norm
optimization may degrade the SER performance, and the speciﬁcation of the hyperparameters is a challenge. To overcome
this diﬃculty, a deep architecture dubbed as ADMM-Net is
introduced to link the iterative algorithm to the deep learning
architecture. The hyperparameters become learnable and are
optimized via back propagation by minimizing the corresponding loss function using the gradient algorithm. The main
contributions of this work can be summarized as follows.
(i) The SLP design is developed to jointly select the
optimum subset of RF chains and minimize the
SER between the desired and received symbols over
large-scale MIMO system. Instead of using exhaustive research, the optimization problem is approximated as a regularized ℓ1 -norm constrained
problem and further solved by ADMM algorithm
(ii) Diﬀerent from the traditional iteration-based or
optimization-based algorithms, the ADMM process
is mapped into a deep ADMM-Net with the data ﬂow
graph, in which the nth iteration corresponds to the n
-stage data ﬂow and three types of operations are
mapped into three types of nodes. Under this structure, the proposed ADMM-Net is unfold without
any extreme learning machine. The optimum solution
can be iteratively recovered by constructive blocks
(iii) The back propagation process with the standard
gradient-based optimizer is introduced to overcome
the diﬃculty in determining the hyperparameters.
The corresponding hyperparameters are learnt from
back propagation by minimizing the gradient of the
loss function. Assisted with back propagation, the
proposed ADMM-Net can further improve the
SER performance
(iv) The mean square error (MSE) and SER performance
of the proposed ADMM-Net algorithm are com-

pared with the state-of-the-art AS-SLP algorithms.
Simulation results demonstrate that the proposed
ADMM-Net scheme can reduce the achievable
MSE and SER considerably and consume the low
transmit power with optimum subset of transmit
antennas
The remainder of the paper is organized as follows. Section 2 presents the AS-SLP model and formulates the optimization problem. Section 3 presents the detail of proposed
ADMM-Net. The training procedure based on back propagation is established in Section 4. Simulation results are discussed in Section 5. Finally, Section 6 concludes the paper.
Notations: Matrices and vectors are typefaced using
slanted bold uppercase and lowercase letters, respectively. I
is an identity matrix. ℂm×n is used to describe the complex
space of m × n matrices, and CN ðm, ΣÞ denotes a complex
Gaussian distribution with mean m and covariance Σ. For a
vector like a, kaki=1,2 are the Euclidean distance.

2. System Model and Problem Formulation
In this work, we consider a downlink multiuser MIMO system
in which the base station (BS) equipped with N t transmit
antennas communicates K user terminals with single antenna.
Considering high cost and power consumption of RF components, each transmission only activates a subset of M t transmit
antennas (N t ≥ M t ). The active transmit antennas are selected
by switches that connect with the available RF chains. A
~ ∈ ℂK×N t is considered [26], such as
mmWave channel H
~=
H

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ L
 t t
NtNr
〠 αl ar ðϕrl , θrl ÞaH
t ϕl , θl ,
L l=1

ð1Þ

where L is the total number of transmission paths and αl is
the complex gain of the lth path of i.i.d. CN ð0, 1Þ. The varrðtÞ
rðtÞ
iables ϕl ∈ ½0, 2π and θl ∈ ½0, 2π are the azimuth angles
of arrival and departure (AoAs/AoDs) of lth path of the
receiver or transmitter, respectively. The variables ar ðϕrl , θrl Þ
and at ðϕtl , θtl Þ are the antenna array response vectors at the
transmitter and receiver, respectively. The receive signal
can be equivalently rewritten as
~x + n
~,
~y = H~

ð2Þ

~ is the additive white Gaussian noise (AWGN) noise
with n
followed a circularly symmetric complex Gaussian distribution, CN ð0, σ2n IÞ. In this work, we adopt the SLP scheme
in which the precoded transmitted signal ~x ∈ ℂN t ×1 is
designed on a symbol-by-symbol basis as a function of the
instantaneous CSI, that is,


~ ,
~x = P ~s, H

ð3Þ

where ~s ∈ ℂN r ×1 is the intended symbols drawn from prespeciﬁed constellation; the operation P is the SLP conventional
scheme.
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Suppose the intended symbol ~sk is the receive constellation point, the upper-bound of SER can be further expressed
as [27]
!
gi
d − 2d̂ ii
SER ≲ 〠 2 Q
,
2σ
i N

3. ADMM-Net for SLP Model
ð4Þ

where gi is the number of minimum distance neighbors of
Ð −ðv2 /2Þ
e
dv, and the
the intended symbol, QðuÞ = ð1/2πÞ ∞
u
constant d denotes as the minimum distance between two
closest neighboring constellation points. Moreover, d̂ ii is
the distance between the intended symbol ~sk and noiseless
~H ~x − ~s j.
~s k , that is, d̂ ii ≜ jb
~s k − ~sk j = jh
received symbol b
k
k
Because of the decreasing property of Q-function, the SER is
determined by the distance d̂ ii .Considering the hardware complexity of large antenna array systems, we strive to activate a
subset of transmit antennas and minimize the achievable
SER by minimizing the average Euclidean distance between
the received signal by each user and the desired information
symbols, that is,
min kHx −
x

pﬃﬃﬃ 2
γsk2 ,

ð5aÞ
ð5bÞ

s:t:kxk0 = M t ,
where γ is the transmit signal-to-noise ratio (SNR), and
"
x=

Rf~xg

#

If~xg

 
~
R H
H=
 
~
I H
"

"
,s=

Rf~sg

#

If~sg

 #
~
−I H
  :
~
R H

,

ð6Þ

pﬃﬃﬃ H 
−1
βHeff Heff HH
s,
eff

3.1. ADMM Solver. Due to the ℓ0 -norm constraint, the optimization problem is NP-hard, which can be reformulated,
and the optimum solution can be obtained by the recent
developed algorithms, such as OMP and CD algorithms. In
this work, the ℓ1 -norm regularization is introduced as one
of the eﬀective approaches to jointly optimize multiple variables, that is,
min kHx −
x

pﬃﬃﬃ 2
γsk2 + λkxk1 ,

ð7Þ

ð8Þ

where Heff is the eﬀective channel matrix. It is acquired from H
after replacing the rest of its N t − M t columns which correspond to the zero elements of x with null N r × 1 vectors.
! HowNt
ever, with N t available antenna, there are
possible
Mt
subsets of M t activated antenna. The straightforward exhaustive
search method becomes computationally ineﬃcient for the
large-scale antenna array system, which motivates us to develop

ð9Þ

where k·k1 is the ℓ1 -norm as convex surrogate of ℓ0 -norm,
and the parameter λ > 0 controls the trade-oﬀ between noise
sensitivity and signal sparsity. The augmented Lagrangian
method (9) can be bring robustness compared with dual
ascent method to achieve convergence even if the underlying
problem is not strictly convex. However, the augmented
Lagrangian cannot be separately minimized over the variables. Therefore, the ADMM algorithm that blends the
decomposability of dual ascent with the superior convergence properties of the method of multipliers is introduced
to solve this problem. By introducing an intermediate variable z ∈ ℝN t ×1 as bridge parameter to establish consensus
among x, the problem (9) can be reformulated as
min kHx −
x

pﬃﬃﬃ 2
γsk2 + λkzk1 ,

s:t:z = x:

Note that the ℓ0 -norm constraint determines the number of
activated transmit antenna; therefore, the optimum solution
x∗ works as antenna selection implicitly. However, the aforementioned optimization problem is NP hard due to the nonconvexity of the ℓ0-norm constraint. A straightforward
approach would compute the precoding vector for every possible M t combinations by minimizing the objective function (5a).
Once the optimum subset of activated transmit antennas is
determined, the optimum precoded signal x∗ can be designed
based on conventional SLP schemes, such as ZF algorithm.
x∗ =

an eﬃcient approach that can determine the optimum M t
activated antennas with low complexity.

ð10Þ

The corresponding augmented Lagrangian function over x
and z can be written as
Lðx, z, αÞ = kHx −

ρ
pﬃﬃﬃ 2
γsk2 + λkzk1 + kx − zk22 − hα, x − zi,
2
ð11Þ

where α ∈ ℝN t ×1 is a dual variable and ρ > 0 is a positive penalty parameters. Let β = α/ρ as the scaled form of dual variable, the ADMM algorithm alternately optimizes fx, z, αg
by solving the following subproblems, such as
8



2
 ðnÞ pﬃﬃﬃ 2 ρ  ðnÞ
ðnÞ
>
ðn+1Þ
ðnÞ 
>
x
x
=
argmin
Hx
−
γ
s
+
+
β
−
z



,
>
>
2
2
2
>
x
>
>
<




2
ρ

 
zðn+1Þ = argmin xðnÞ + βðnÞ − zðnÞ  + λzðnÞ  ,
>
2
2
1
>
z
>
>
>

>
>
: βðn+1Þ ← βðnÞ + η xðn+1Þ − zðn+1Þ ,
ð12Þ
where n denotes the nth iteration and η is an update parameter for the Lagrangian multiplier. The variables x and z are
iteratively updated in alternative directions to complete joint
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Figure 1: The data ﬂow graph of ADMM-net. There are three types of layers in the nth stage, including multiplier update layer (MðnÞ ),
nonlinear transform layer (ZðnÞ ), and reconstruction layer (XðnÞ ).

8
w − τ, w > τ,
>
<
S ðw, τÞ = w + τ, w<−τ,
>
:
0, otherwise,

minimization, and the dual variable β is updated according
to x and z.
3.2. Deep ADMM-Net Architecture. Based on the iterations in
ADMM solver, we map the standard ADMM iterative process (13) into a deep ADMM-Net with a data ﬂow graph,
which is comprised of the nodes and the connecting lines
shown in Figure 1. More speciﬁcally, the nth iteration of
the ADMM algorithm corresponds to the data ﬂow in the n
th stage which are connected by solid lines. Three types of
operations are mapped into three types of nodes, that is,
reconstruction layer XðnÞ , nonlinear transform layer ZðnÞ ,
and multiplier update layer MðnÞ . Each layer is discussed as
follows.
3.2.1. Reconstruction Layer XðnÞ . This layer reconstructs the
symbol-level precoder x in (12). Given zðn−1Þ and βðn−1Þ from
previous layers in stage n − 1, the output of this layer is
deﬁned as

xðnÞ = 2HT H + ρðnÞ I

−1 h

in which the soft-threshold function controls the sparsity of
the output by adjusting the variable. The data ﬂow of this
layer in the nth stage are from two previous layers XðnÞ and
Mðn−1Þ . Based on (12), given XðnÞ and Mðn−1Þ , λ and ρ, the
nonlinear transform layer ZðnÞ is deﬁned as
z = S x + β,

8
λðnÞ
ðnÞ
>
>
> z i − ðnÞ ,
>
>
ρ
>
>
>
>
<
ðnÞ
z i = 0,
>
>
>
>
>
>
>
λðnÞ
>
>
: z ði nÞ +
,
ρðnÞ

ð13Þ


xð1Þ = 2HT H + ρð1Þ I

−1 


pﬃﬃﬃ
2 γHT s :

ð14Þ

3.2.2. Nonlinear Transform Layer ZðnÞ . This layer performs
the nonlinear transform via the shrinkage function Sðw, τÞ,
that is,

λ
,
ρ

ð16Þ

that is,


i
pﬃﬃﬃ
2 γHT s + ρðnÞ zðn−1Þ − βðn−1Þ ,

where s is the initialize input and ρðnÞ is the learnable penalty
parameter in the nth stage. The output xðn+1Þ of this layer is
the input for subsequent multiplier update layer MðnÞ and
nonlinear transform layer ZðnÞ in the nth stage. Note that,
for the ﬁrst stage, the reconstruction layer Xð1Þ is deﬁned
based on the inputs channel gain matrix H and the signal
symbol vector s, that is,

ð15Þ

ðnÞ

zi >
ðnÞ

zi

ðnÞ

λðnÞ
,
ρðnÞ
≤

z i <−

λðnÞ
,
ρðnÞ

ð17Þ

λðnÞ
,
ρðnÞ

ðnÞ

where z i is the ith elements of zðnÞ . Each element of zðnÞ is
compared with λðnÞ /ρðnÞ in sequence. Hence, the number of
nonzero elements of variable z is depended on the value of
λ/ρ.
3.2.3. Multiplier Update Layer MðnÞ . This layer performs
an update process of the joint dual variables of x and z.
Given the inputs βðn−1Þ , xðnÞ , and zðnÞ , the output of this
layer ðMðnÞ Þ in the nth stage is deﬁned as

βðnÞ = βðn−1Þ + ηðnÞ xðnÞ − zðnÞ ,

ð18Þ

where ηðnÞ is the learnable parameters in the nth stage.
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(c) Reconstruction layer

Figure 2: Data ﬂows of three types of layers in network. The solid arrow is the data ﬂow in forward paths, and the dashed arrow is the data
ﬂow in backward paths when computing gradients in back propagation.

3.2.4. Network Parameters. The deep ADMM-Net architecture is designed to update the hyperparameters, such as ρðnÞ
in the reconstruction layer, λðnÞ , ρðnÞ in the nonlinear transform layer, and ηðnÞ in the multiplier update layer. All of these
parameters are taken as the weights of the neural network to
be learned.

channel matrix. Hence, the normalized mean square error
(NMSE) between the intended symbol and estimated symbol
is chosen as the loss function. Given series of training data,
the loss between the network output and intended transmitted signal vector can be deﬁned as
EðΘÞ =

4. Network Training
In the conventional ADMM solver, the parameter set Θ =
ðiÞ

ðiÞ

N
, ηðiÞ gi=1

are initialized randomly or determined
fλ , ρ
empirically, where n = 1, 2, ⋯, N are indexes for each stage.
The diﬀerent initializations would aﬀect the accuracy of
recovered transmitted signal vector x̂ and the achievable
objective function in (9). The network training is introduced
in which the hyperparameters become learnable variables
because of back propagation with the gradient-based algorithm. In the training phase, we ﬁrst sample a set of channel
matrix. Each element of H is generated by applying (1). The
noise variance was randomly sampled based on SNR requirement. Suppose the generated training data set is Ω = fðHðkÞ
, sðkÞ , xðkÞ Þ, k = 1, 2, ⋯, N s g, where N s is the number of
samples, xðkÞ is the kth transmitted signal vector, and sðkÞ is
the kth observed symbol vector. After determining the loss
function, the training data is employed to optimize for the
parameter set Θ which is randomly initialized at the beginning of algorithm. In the testing phase, suppose the new
observed signal s and its corresponding channel matrix H
are known, we feed the trained ADMM-Net with learned
hyperparameters to obtain the optimum x. More details are
presented as follows.
4.1. Loss Function. In this work, the AS-SLP design is
obtained based on the knowledge of intended symbol and

1
kĤxðΘÞ − sk22
〠
,
jΩj ðH,sÞ∈Ω
ksk22

ð19Þ

where x̂ðΘÞ is the estimated transmitted signal vector as the
network output, and it is obtained based on parameter set
Θ and data set Ω. The parameters of deep ADMM-Net can
be learned by minimizing the loss EðΘÞ using gradientbased algorithm L-BFGS [28].
4.2. Back Propagation. To compute the gradients of loss, the
parameter set is updated via back propagation. The data of
the nth stage are ﬂowed by the order of XðnÞ , ZðnÞ , and MðnÞ
in the forward paths, and we compute the gradients in an
inverse order in the backward paths. For the nth stage, the
gradients computation for each layer are brieﬂy introduced
as follows.
4.2.1. Multiplier Update Layer MðnÞ . Figure 2 shows that this
layer has three inputs, that is, βðn−1Þ , zðnÞ , and xðnÞ . Its output
βðnÞ computes βðn+1Þ , zðn+1Þ , and xðn+1Þ in next layers. The
parameter of this layer is ηðnÞ , and the gradient of the loss
with respect to this parameter can be computed as
∂E
∂E ∂βðnÞ
∂E 
=
= ðnÞT xðnÞ − zðnÞ ,
n
n
n
ð
Þ
ð
ÞT
ð
Þ
∂η
∂η
∂β
∂β

ð20Þ

where ∂E/ð∂βðnÞT Þ = ð∂E/ð∂βðn+1ÞT ÞÞðð∂βðn+1Þ Þ/ð∂βðnÞ ÞÞ + ð∂
E/ð∂zðn+1ÞT ÞÞðð∂zðn+1Þ Þ/∂βðnÞ Þ + ð∂E/ð∂xðn+1ÞT ÞÞðð∂xðn+1Þ Þ/ð∂
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Figure 3: Convergence rate versus iteration number.

βðnÞ ÞÞ is the summation of gradients along three dashed red
arrows. The gradients of the loss with respect to three inputs
βðn−1Þ , zðnÞ , and xðnÞ in this layer can be presented as
∂E
∂βðn−1Þ

=

∂E

∂βðnÞ

∂βðnÞT ∂βðn−1Þ

=

∂E
∂βðnÞT

∂λ
,

∂E
∂E
∂E
= ηðnÞ ðnÞT = − ðnÞ :
n
ð
Þ
∂x
∂z
∂β

∂λðnÞ

=

∂E ∂zðnÞ ∂E
∂E ∂zðnÞ
,
=
,
∂zðnÞT ∂λðnÞ ∂ρðnÞ ∂zðnÞT ∂ρðnÞ

ðnÞ

ð21aÞ

λðnÞ
,
ρðnÞ

ðnÞ

zi >
ðnÞ

zi

λðnÞ
,
ρðnÞ

≤

ðnÞ

z i <−

ð23Þ

λðnÞ
:
ρðnÞ

ðnÞ

ð21bÞ

4.2.2. Nonlinear Transform Layer ZðnÞ . Figure 2 shows that
the nonlinear transform layer has two inputs βðn−1Þ and xðnÞ
with two parameters λðnÞ and ρðnÞ . The gradient of the loss
with respect to two parameters can be computed as
∂E

ðnÞ

∂z i

8
1
>
>
> − ðnÞ
>
>
ρ
>
>
>
>
<
= 0
>
>
>
>
>
>
>
1
>
>
:
ρðnÞ

ð22Þ

where
ð∂E/∂zðnÞT Þ = ð∂E/ð∂βðnÞT ÞÞð∂βðnÞ /∂zðnÞ Þ + ð∂E/ð∂
ðn+1ÞT
ÞÞð∂xðn+1Þ /∂zðnÞ Þ, ∂zðnÞ /∂λðnÞ , and ∂zðnÞ /∂ρðnÞ are
x
ðnÞ
calculated by following method. Let zi be the ith element
of zðnÞ , it yields

Similarly, the term ∂z j /∂ρðnÞ can be illustrated as

ðnÞ

∂z j

∂ρðnÞ

8
1
>
>
>
2
>
ð
>
ρ nÞ
>
>
>
>
>
<
= 0
>
>
>
>
>
>
>
>
1
>
>
: − ðnÞ 2
ρ

ðnÞ

zi >
ðnÞ

zi

ðnÞ

λðnÞ
,
ρðnÞ
≤

z i <−

λðnÞ
,
ρðnÞ

ð24Þ

λðnÞ
:
ρðnÞ

The gradients of the loss with respect to two inputs βðn−1Þ and
xðnÞ in this layer are
∂E
ðn−1Þ

∂β

=

∂E ∂zðnÞ
,
∂zðnÞT ∂βðn−1Þ

ð25aÞ
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Figure 4: MSE performance versus SNR with N t = 16 transmit antennas, M t = 4 activated antennas and 4-QAM.

0.24
0.22
0.2
0.18

MSE

0.16
0.14
0.12
0.1
0.08
0.06
0.04
2

3

4

Mt (Nt = 16)
OMP[24]
CD[25]

ADMM(12)
ADMM-Net

Figure 5: MSE performance versus number of activated antennas with N t = 16 transmit antennas and 4-QAM under SNR = 10dB.

Wireless Communications and Mobile Computing

SER

8

0

1

2

3

4

5

6

7

8

9

10

SNR/dB
ZF-random[29]

CD[25]
OMP[24]

Figure 6: SER performance versus SNR with diﬀerent number of transmit antennas and activated antennas and 4-QAM.

∂E
∂E ∂zðnÞ
=
:
∂xðnÞ ∂zðnÞT ∂xðn−1Þ

ð25bÞ

4.2.3. Reconstruction Layer XðnÞ . In Figure 2, the reconstruction layer contains two inputs βðn−1Þ and zðn−1Þ and one
−1
parameters ρðnÞ . Let Q = ð2HT H + ρðnÞ IÞ , the gradient of
the loss with respect to this parameter can be computed as
n
h

io
∂E
∂E
,
= ðnÞT Q zðn−1Þ − βðn−1Þ − Q HT s + ρ zðn−1Þ − βðn−1Þ
n
ð
Þ
∂ρ
∂x

ð26Þ
where
∂E/ð∂xðnÞT Þ = ð∂E/ð∂βðnÞT ÞÞð∂βðnÞ /∂xðnÞ Þ + ð∂E/ð∂
ðnÞT
ðnÞ
z ÞÞð∂z /∂xðnÞ Þ. The gradients of the loss with respect to
the inputs βðn−1Þ and zðn−1Þ in this layer can be written as
∂E
∂E
∂E
= ρðnÞ Q ðnÞ = − ðn−1Þ :
∂zðn−1Þ
∂x
∂β

ð27Þ

5. Simulation
In this work, we consider the massive MIMO system over
mmWave channel which includes a single BS and multiple

user terminals. For each channel matrix realization, it is
rðtÞ
rðtÞ
assumed that L = 10, ϕl and θl are both uniform randomly selected from the interval ½0, 2π. The 4-order quadrature amplitude modulation (4-QAM) is considered. The
proposed AS-SLP design via deep ADMM-Net with back
propagation (abbr. as ADMM-Net) is compared with the
AS-SLP design via basic ADMM solver (abbr. as ADMM)
(12), the AS-SLP design via OMP (abbr. as OMP), the ASSLP design via CD (abbr. as CD), and the ZF SLP with
random antenna selection (abbr. as ZF-random) [29]. Note
that all the SLP schemes are designed by ZF method once
the sparse pattern of x is determined. In the ADMM algorithm, without speciﬁed indication, the initialized hyperparameters are set as itermax = 100, λ = 1:5, ρ = 3, η = 1, and
ε = 10−4 , respectively.
Figure 3 illustrates the convergence performance of
ADMM, ADMM-Net, and CD algorithms with N t = 32
transmit antennas and M t = 8 activated antennas under
SNR= 10dB. The group of solid curves and dash curves were
initialized with the parameters λ = 1:5 and λ = 1:0, respectively. The achievable objective function in (5a) is deﬁned
as the average Euclidean distance between the received sympﬃﬃﬃ
bols and the desired symbols, that is kHx − γsk22 . Given the
same input parameter set Θ, the objective function via the
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Figure 7: SER performance versus number of activated antennas with N t = 16 transmit antennas and 4-QAM under SNR = 8dB.

proposed deep ADMM-Net algorithm converges to the lowest value. Because of back propagation process, the learnable
hyperparameters provide the improvement on the objective
function. On the other hand, the convergence speed of CD
algorithm is faster than that of ADMM framework. However,
the CD algorithm is sensitive to the parameter initializations,
compared with the proposed ADMM-Net which is more
stable.
Figures 4 and 5 demonstrate the MSE performance with
N t = 16 transmit antennas and diﬀerent number of activated
antennas. The MSE between the intended transmitted signal
and the estimated objective is deﬁned as
MSE =

1
kx − x̂k22 :
Nt

ð28Þ

As we expected, the MSE value decreases with increasing
SNR (as shown in Figure 4). Because of the ℓ0 -norm constraint, the OMP algorithm achieves higher MSE than that
obtained by the ADMM algorithm in the low SNR regime.
By learning the hyperparameters, the ADMM-Net algorithm
achieves the lowest MSE among the ADMM, CD, and OMP
algorithms over all SNR domains. Moreover, Figure 5 shows
that when the number of activated antennas increases, the
MSE under SNR = 10dB obtained by all algorithms becomes
larger, which indicates that the sparse signal is in favor of the
AS-SLP design.
Figure 6 presents the performance of average SER of
ADMM-Net, ADMM, CD, OMP, and ZF-random algorithms with N t = 16 and M t = 4 and 4-QAM modulation.
The proposed ADMM-Net algorithm can achieve the lowest

SER among the ADMM, ZF-random, CD, and OMP algorithms in all SNR domains. The improvement of ADMMNet comes from the learnable hyperparameters trained via
back propagation. Moreover, under the same number of
available transmit antennas N t = 16, the more transmit
antenna is activated, the better performance can be achieved
in high SNR regime. Furthermore, under the same number of
activated antennas M t = 4, the ADMM framework with N t
= 32 transmit antennas can obtain lower SER than that with
N t = 16, because of the high degree-of-freedom for antenna
selection.
Figure 7 demonstrates the average SER performance versus number of activated transmit antennas under N t = 16
and 4-QAM under SNR = 8dB. It explores the eﬀect of the
diﬀerent number of activated transmit antennas M t on average SER performance. Generally, the achievable SER is
reduced with the increased M t by most for aforementioned
algorithms, except the ZF-random approach. It is because
that the probability of selecting the improper activated subset
by the ZF-random approach would increase as M t increases.
Moreover, because of the back propagation process, the
ADMM-Net scheme can provide the lowest SER among all
other algorithms with diﬀerent settings on N t and M t .

6. Conclusion
In this work, we develop the AS-SLP design to reduce the
power consumption of the RF chains by jointly minimizing
the achievable SER and the number of activated transmit
antennas. In the SLP scheme, the optimization problem is
formulated as the minimization of the average Euclidean
distance between the received symbols and desired symbols
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with the constraint on the number of activated transmit
antennas. Due to the nonconvex ℓ0 -norm constraint, the
underlying optimization problem is further transferred into
the regularized ℓ1 -norm problem and solved via ADMM
algorithm eﬀectively. By taking the deep learning network
as building block, the conventional ADMM process is
mapped into the iteratively constructive process which is
compose of the reconstruction layer, nonlinear transform
layer, and multiplier update layer. Furthermore, considering
the eﬀect of parameters initialization on SER performance,
the hyperparameters are learned from the ADMM-Net via
back propagation. Simulation results demonstrate that the
proposed deep ADMM-Net scheme can achieve the considerably low MSE performance and reduce the SER signiﬁcantly with low power consumption of RF chains.

Data Availability
All experiments of our work were conducted in MATLAB
(2017b) and all parameters setting and results of data were
presented in the simulation part of the paper, so the data
were not additionally provided.
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