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Abstract In this paper, we investigate duplex mode selection and transceiver design for cell-free massive

multiple-input multiple-output (MIMO) with network-assisted full duplexing (NAFD), where the remote

antenna units (RAUs) simultaneously serve both uplink and downlink users on the same time-frequency

resource, and the joint transmission and reception are done at the central processing unit. We consider

that each antenna can operate in three modes, i.e., uplink reception, downlink transmission and sleep. In

particular, we model the problem as a mixed-integer optimization problem to maximize the aggregated spec-

tral efficiency (SE) of downlinks and uplinks, where the quality-of-service constraints and power budget

constraints are considered. Since the uplinks and downlinks are highly coupled, to address the design prob-

lem, we resolve the combinatorial problem by a series of nonconvex-convex approximate methods, such as

equivalent formulations, iterative success convex approximations, and binary relaxations. In particular, a

two-stage strategy is proposed to solve the optimization problem. In the first stage, we fix the mode selection

vectors and then obtain the optimal transceivers with such a fairness strategy. In the second stage, with the

transceiver parameters obtained from the first stage, we further optimize the duplex mode of each antenna.

The algorithms of the two stages will alternately run in several loops until convergence. Numerical results

indicate that the proposed solution can obtain SE performance that is close to the optimal exhaustive search

solution and yields a higher SE gain compared with the traditional fixed-mode duplex scheme.

Keywords cell-free massive MIMO, network-assisted full duplexing, mode selection, success convex ap-

proximations, spectral efficiency.
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1 Introduction

A dramatic increase in mobile devices and the high data-rate transmission in upcoming communication
requires innovative technologies that make maximal use of spectrum resources. To improve network
throughput, advanced techniques such as multiple-input multiple-output (MIMO) antennas and coordi-
nated multipoint (CoMP) processes have been implemented in traditional wireless communication sys-
tems [1,2], where the user equipment and the base station (BS) operate in half-duplex transmission mode,
such as time division duplex (TDD) and frequency division duplex (FDD), on a given frequency channel.
To utilize radio resources more flexibly, flexible duplex techniques including dynamic TDD and flexible
FDD have been supported by the fifth generation (5G) new radio as a key feature.
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1.1 Related work

In the last decade, a powerful full-duplex technology, called co-frequency co-time full duplexing (CCFD),
has been the focus of considerable attention by researchers [3–5]. By enabling simultaneous signal trans-
mission and reception on the same time-frequency resource, theoretically, CCFD can double the spectral
efficiency (SE) when compared with half-duplex [6–8]. However, in practical cellular systems with the
CCFD BS, even when the self-interference of each CCFD BS could be suppressed to a very low level,
the network performance is still limited by cross-link interference (CLI), that is, the interference from
the transmitting antennas of one CCFD BS to the receiving antennas of another CCFD BS, and the
interference from an uplink user to a downlink user.

Recently, a novel spatial domain duplexing has been proposed in [9], where one half-duplex BS serves
a downlink user and another half-duplex BS serves an uplink user on the same time-frequency resources.
Considering the channel hardening effect of large-scale distributed antennas, Refs. [10, 11] proposed a
bidirectional dynamic network, which can also be considered as a spatial domain duplexing.

However, CLI is still a main challenge for CCFD networks and the spatial domain duplex techniques
proposed in [9–11] as well as the flexible duplex of 5G new radio. To mitigate the negative effects of CLI,
we should consider a new network architecture. Recently, cell-free massive MIMO has been an emerging
technique to further improve the SE of wireless communication systems. From the aspect of the physical
layer, cell-free massive MIMO can be considered as a single-cell large-scale distributed antenna system
with joint processing [12]. From the aspect of network architecture, centralized networking makes cell-free
massive MIMO have the capability of interference suppression.

The performance of CCFD cell-free massive MIMO systems was analyzed in [13], where the conclu-
sion shows that the main limitation of the CCFD cell-free massive MIMO systems is the residual self-
interference. In [14], a heap-based pilot assignment for CCFD cell-free massive MIMO with zero-forcing
was investigated. Then, to achieve higher spectral and energy efficiencies, the authors in [15] proposed
a jointly optimizing power control, remote antenna unit (RAU)-user association and RAU selection in a
CCFD cell-free massive MIMO network. In [16,17], to unified implementation of CCFD, flexible duplex,
and CCFD cell-free massive MIMO, a network-assisted full duplex (NAFD) was proposed to mitigate
the effect of CLI under cell-free architecture. Figure 1 shows a schematic diagram of the NAFD based
on a cell-free massive MIMO. The uplink and downlink are simultaneously performed on the same time-
frequency resource. Each RAU is connected to the central processing unit via a fronthaul link. The RAUs
could be either with CCFD or half duplex. For the CCFD RAU, the transmit-receive self-interference of
the RAU can be eliminated in the analog domain [18]. Therefore, we can treat the CCFD RAU as two
RAUs, one for uplink reception and the other for downlink transmission. For NAFD, the downlink-to-
uplink interference (including interferences between CCFD RAUs and interference between half-duplex
RAUs) can be eliminated in the digital domain. Because the user terminal is usually unable to per-
form interference cancellation, uplink-to-downlink interference remains in the NAFD system. In [16],
joint uplink-downlink user scheduling and user pairing has been proposed to reduce uplink-to-downlink
interference.

With NAFD, one can choose the operating mode of uplink and downlink antennas dynamically adjusted
as required to optimize the performance of the system. However, it is challenging work, as the uplink
and downlink are highly coupled. Most of the existing studies on flexible duplex technologies assume the
operating mode of uplink and downlink antennas is already given [19–21]. Nevertheless, some studies in
the literature address antenna mode selection [15,22,23]. In [22], the authors proposed a transmit-receive
antenna pair selection scheme for bidirectional CCFD communications, where each node is equipped
with two antennas, used for transmission or reception. The work in [15] considers a half-array antenna
mode selection and two-phase transmission, where the transmission time block is split into two phases,
and uplink/downlink transmission modes can be independently selected by the two half-arrays of the
antennas at the CCFD-enabled BS. In [23], the authors consider the problem of splitting uplink and
downlink antennas of a BS in a CCFD cellular communication system, where the problem was modeled
as a binary nonlinear optimization problem to minimize the sum of the mean squared error of the received
data signals.

1.2 Motivations and contributions

Different from the previous studies, we aim to optimize duplex mode selection and transceiver design to
maximize the SE of downlink users and uplink users under power and quality-of-service (QoS) constraints
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in the NAFD scheme. Although the related studies in [16,17] studied an NAFD cell-free network, however,
how to optimize the duplex mode is not considered, and the duplex mode is supposed to already be given.
When the total number of antennas is limited, the traditional fixed mode duplex (such as CCFD and
the bidirectional dynamic network) can effectively reduce the negative impact of CLI. However, as the
number of RAUs or antennas per RAU increases, compared with flexible-mode duplex, the traditional
fixed-mode duplex has a limited impact on CLI reduction. The reason behind is that, when the duplex
mode is fixed, we have to try to reduce the CLI by optimizing the uplink power, downlink beamforming,
and uplink receive. However, if the downlink/uplink channels or cross link channels are poor, there is a
bottleneck in optimization. But for a flexible-mode duplex scheme, the CLI can be further reduced by
flexibly changing the duplex mode of RAUs.

In summary, duplex mode selection supports the RAUs in finding better channel conditions and en-
abling the flexible transmission, which can significantly reduce the harmful effects of CLI and is benefit
for achieving better system performance.

Hence, we optimize duplex mode selection for the NAFD scheme to further mitigate the negative
effects of CLI and improve the sum of the SE of the downlink and uplink. In particular, we assume
each antenna in the system can operate in three modes, i.e., uplink reception, downlink transmission
and sleep, and introduce the integer assignment matrices to model the operational mode of antennas.
As a result, the joint duplex mode selection, downlink beamforming design, uplink receiver design, and
power control problem belong to the difficult class of mixed-integer nonconvex problems, where both
types of binary and continuous variables, i.e., integer assignment matrices, transceivers vectors, and
uplink power variables, are coupled with each other in the users’ rate functions. To handle the highly
coupled problem, we relax the binary constraints to logarithmic penalty functions and propose a two-
stage strategy. Furthermore, as the continuous variables are still highly coupled together in each strategy,
a series of nonconvex-convex approximate methods, such as equivalent formulations and iterative success
convex approximations (SCAs) are used to decouple the variables. To our best knowledge, it is the first
attempt to optimize duplex mode selection and transceiver design in cell-free massive MIMO with NAFD.

The contributions of this paper are summarized as follows:

• We study the SE maximization problem in NAFD under the constraints of QoS requirements of
users, the operation mode of antennas and the transmit power of RAUs/users. This problem is practical
but not yet investigated in the existing studies.

• A two-stage strategy of mode selection and transceiver design method is proposed to solve the SE
maximization problem. Specifically, in the first stage, we fix the mode selection vectors and set each
element of the vector as 0.5; then, we can obtain the optimal transceivers with such a fair strategy. In the
second stage, with the transceivers obtained from the first stage, we further optimize the duplex mode
selection. The algorithms of the two stages will be alternately run in several loops until convergence.

• To solve each subproblem of the two-stage optimization strategy, we propose two algorithms, where
each has a series of nonconvex-convex approximate methods, such as equivalent formulations, iterative
SCAs, and binary relaxations. Numerical results show that the proposed algorithm greatly improves the
system performance over the conventional approaches, and it has fast convergence.

The remainder of this paper is organized as follows. Section 2 presents the channel mode and prob-
lem formulation. Then, we propose duplex mode selection and transceiver design algorithm for cell-free
massive MIMO with NAFD in Section 3. In Section 4, the proposed algorithms of the two-stage opti-
mization strategy are presented. The performance of the proposed algorithms is evaluated by simulations
in Section 5. Finally, Section 6 summarizes the paper.

Notation. Throughout this paper, scalars are represented by lower-case letters (e.g., i), matrices are
represented by upper-case bold letters (e.g., H), and vectors are represented by lower-case bold letters
(e.g., v). The matrix inverse, conjugate transpose and lp-norm of a vector are denoted (.)−1, (.)H, and
|.|p respectively. CM×N is used to denote the set of complex M × N matrices. The complex Gaussian
distribution is represented by CN (., .). Calligraphy letters are used to denote sets.

2 System model and problem formulation

2.1 Signal model

In this paper, we will investigate an NAFD network incorporating X RAUs equipped with M antennas,
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Figure 1 (Color online) Duplex mode selection of a cell-free with NAFD.

K single antenna downlink users and J single antenna uplink users, as shown in Figure 1, where IUI is
the inter-user interference between downlink users and uplink users. In the figure, each uplink antenna
in an RAU is subject to self-interference from the transmitting antennas of the RAU, and mutual-
interference from the transmitting antennas of the other RAUs. Each antenna for RAUs in NAFD can
operate in three modes, i.e., uplink reception, downlink transmission, and sleep. Theoretically, the hybrid
duplex RAU could be considered as one transmitting RAU (T-RAU) and one receiving RAU (R-RAU).
Therefore, we unify the self-interference and mutual-interference as inter-RAU interference (IRI). We let
K = {1, . . . ,K}, J = {1, . . . , J}, and X = {1, . . . , X} represent the sets of downlink user indices, uplink
user indices, and RAU indices, respectively. We initialize the mode of all the antennas and set each RAU
as both a T-RAU and an R-RAU virtually.

For downlink, we assume that the RAUs employ linear transmit beamforming wD,k = [wT
D,1,k, . . . ,

wT
D,X,k]

T ∈ CMX×1 to precode the data symbol sD,k ∼ CN (0, 1) and cooperatively serve downlink user
k. Then, the received signal at downlink user k can be expressed as

yD,k =gH
D,kwD,ksD,k +

∑

k′ 6=k,k′∈K

gH
D,kwD,k′sD,k′ +

∑

j∈J

gIUI,j,k

√

PU,jsU,j + nD,k, (1)

where
gD,k = [gT

D,1,k, g
T
D,2,k, . . . , g

T
D,X,k]

T ∈ C
MX×1

is the channel vector between all T-RAUs and downlink user k, sU,j ∼ CN (0, 1) represents the information
signal sent for uplink user j, nD,k indicates the additive white Gaussian noise at the downlink user k
satisfying nD,k ∼ CN (0, σ2

D,k), gIUI,j,k denotes the channel coefficient from uplink user j to downlink user
k, and PU,j is the transmit power of uplink user j.

Denote GIRI,x′ ∈ CM×MX as the channel matrix from all T-RAUs to R-RAU x′, i.e., the IRI channel
from all T-RAUs to R-RAU x′. The baseband received signal at R-RAU x′ is

yU,x′ =
∑

j∈J

gU,j,x′

√

PU,jsU,j +
∑

k∈K

gIRI,x′wD,ksD,k + nU,x′ , (2)

where the vector gU,j,x′ ∈ CM×1 denotes the channel from uplink user j to R-RAU x′, nU,x′ ∼
CN (0, σ2

U,x′IM ) is the additive white Gaussian noise at R-RAU x′. The RAUs is assumed to collect
the received signal yU,x′ and forward the signals to the central processing unit. Then, the received signal
by central processing unit is given by

yU =
∑

j∈J

gU,j

√

PU,jsU,j +
∑

k∈K

GIRIwD,ksD,k + nU, (3)
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where
gU,j = [gT

U,j,1, g
T
U,j,2, . . . , g

T
U,j,X ]T ∈ C

MX×1,

GIRI = [GT
IRI,1,G

T
IRI,2, . . . ,G

T
IRI,X ]T ∈ C

MX×MX ,

and
nU = [nT

U,1,n
T
U,2, . . . ,n

T
U,X ]T ∈ C

MX×1.

In practice, we assume the channel state information (CSI) between R-RAUs and T-RAUs (allGIRI,x,x′)
is imperfect due to the channel estimation errors. Specifically, we model the inter-RAU channel gIRI,x,x′

as

GIRI,x,x′ = ĜIRI,x,x′ + G̃IRI,x,x′,

where ĜIRI,x,x′ denotes the estimated channel and G̃IRI,x,x′ denotes the channel estimation error. It

is assumed that the elements of G̃IRI,x,x′ follow a independent identically distributed (i.i.d.) Gaussian
distribution, i.e.,

vec(G̃IRI,x,x′) ∼ CN (0, δ2IRI,x,x′IM2),

where IM2 denotes anM2×M2 identity matrix, and δ2IRI,x,x′ denotes the residual error gain; for simplicity.

We further assume δ2IRI,x,x′ = δ2IRI, ∀x, x′.
Due to the channel estimation errors, the received signal at the central processing unit can be modeled

as follows:
ŷU =

∑

j∈J

gU,j

√

PU,jsU,j +
∑

k∈K

G̃IRIwD,ksD,k + nU, (4)

where
G̃IRI = [G̃T

IRI,1, G̃
T
IRI,2, . . . , G̃

T
IRI,X ]T,

and we can further obtain the covariance matrix of IRI between R-RAU x′ and T-RAU x as

E[G̃IRI,x,x′wD,x,kw
H
D,x,kG̃

H
IRI,x,x′] = δ2IRI‖wD,x,k‖2IM . (5)

2.2 Signal model of NAFD with duplex mode selection

As illustrated in Figure 1, M antennas at the RAUs may transmit and receive, however, the direction
in receive mode or transmit mode needs to be selected. To determine which mode each antenna should
operate in, we define two binary assignment vectors, qD,x, qU,x′ ∈ {0, 1}M×1, for the transmit mode
and receive mode, respectively, such that qD,x,m(qU,x′,m′) is equal to 1 if antenna m(m′) is operating in
transmit mode (receive mode). Furthermore, if both qD,x,m and qU,x,m are equal to 0, the antenna m is
set to sleep mode. Then, we have qD = [qD,1, qD,2, . . . , qD,X ] ∈ {0, 1}MX×1, qU = [qU,1, qU,2, . . . , qU,X ] ∈
{0, 1}MX×1. To further clarify the relationship of assignment between qD and qU, we transform the
assignment vectors into diagonal assignment matrices, such that QD = diag(qD) and QU = diag(qU).

Then, the effective received signal of ȳD,k and the detected received signal ȳU,j can be rewritten in a
compact form as

ȳU,j = ūH
U,jŷU = ūH

U,j

∑

j∈J

gU,j

√

PU,jsU,j + ūH
U,j

∑

k∈K

GIRIw̄D,ksD,k + ūH
U,jnU, (6a)

ȳD,k = gH
D,kw̄D,ksD,k +

∑

k′ 6=k,k∈K

hH
D,kw̄D,k′sD,k′ +

∑

j∈J

gIUI,j,k

√

PU,jsU,j + nD,k, (6b)

where
w̄D,k = QDwD,k = [w̄T

D,1,k, . . . , w̄
T
D,X,k]

T ∈ C
MX×1

represents the effective beamforming vector and

ūU,j = QUuU,j = [ūT
U,1,j , ū

T
U,2,j , . . . , ū

T
U,X,j]

T ∈ C
MX×1

represents the effective receiver vector, uU,j is the corresponding receiver vector.
It is clear that the value of the effective received signal of downlink user k depends on the effective

beamforming design of the downlink. When qD,x,m = 1, the corresponding w̄D,x,m,k = wD,x,m,k, which
means that the antenna m is set to transmit mode; in contrast, the corresponding ūU,x,m,j = uU,x,m,j,
which means that the antenna m is set to receive mode.
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Then, we can write the signal-to-interference-plus-noise ratios (SINR) of downlink user k as

rD,k =
|gH

D,kw̄D,k|2
γD,k

, (7)

where
γD,k =

∑

k′ 6=k,k′∈K

|gH
D,kw̄D,k′ |2 +

∑

j∈J

PU,j|gIUI,j,k|2+σ2
D,k. (8)

As we can see, by optimizing the downlink beamforming vectors for T-RAUs and the transmission
power of uplink users, the NAFD system can reduce the interference from uplink users and further
improve the downlink performance.

Then, the SINR for each uplink user j can be expressed as

rU,j =
PU,j|ūH

U,jgU,j |2
γU,j

, (9)

where

γU,j =
∑

j′ 6=j,j′∈J

PU,j′ |ūH
U,jgU,j′ |2 +

∑

x′∈X

σ2
U,x′‖ūU,x′,j‖2 +

∑

k∈K

‖w̄D,k‖2δ2IRI‖ūU,j‖2 (10)

is the power of interference-plus-noise for the uplink user j,

2.3 Problem formulation

We aim to jointly optimize {PU,j,uU,j,x′ ,wD,k, qD,x,m, qU,x′,m′}∀k, x, x′, j to maximize the SE problem
under power and QoS constraints. Mathematically, the design problem is

max
{qD,qU,wD,k,uU,j ,PU,j}

∑

k∈K

ln(1 + rD,k) +
∑

j∈J

ln(1 + rU,j) =
∑

k∈K

RD,k +
∑

j∈J

RU,j (11a)

s.t.
∑

k∈K

‖QD,xwD,x,k‖2 6 PD,x, ∀x, (11b)

pU,j 6 PU,j , ∀j, (11c)

qD,x,m, qU,x′,m′ ∈ {0, 1}, ∀x, x′,m,m′, (11d)

qD,x,m + qU,x,m ∈ {0, 1}, ∀x,m, (11e)

rD,k > rD,min,k, ∀k, (11f)

rU,j > rU,min,j , ∀j, (11g)

where PD,x, PU,j , (11b), and (11c) are the power consumption budget for T-RAU x, uplink user j and
power constraints for T-RAU x, uplink user j, respectively. Eqs. (11f) and (11g) are the QoS constraints
for downlink user k and uplink user j, respectively. The conditions (11d) and (11e) impose that binary
assignment vectors qD,x,m and qU,x′,m′ of each antenna should be either 0 or 1. Moreover, when the both
qD,x,m and qU,x′,m are equal to zero, the antenna operates in sleep mode.

3 Duplex mode selection and transceiver design

Note that the optimization problem (11) is a mixed-integer problem and is NP-hard [24]. Since there is
a finite set of possible solutions, one can simply search all solutions, i.e., perform an exhaustive search
solution (EXH). However, if we do so, we might have to perform up to O(3MX) optimization subproblems
to find the optimal solution. Hence, as an alternative solution to the combinatorial problem (11), we
relax the binary variable qD, qU ∈ {0, 1} by a linear constraint as qD, qU ∈ [0, 1] in order to find a
low-complexity formulation. In practice, we regularize the objective function with a penalty term as
in [25–28], and obtain an approximate solution with a regularization term for (11) as

max
{qD,qU,wD,k,uU,j ,PU,j}

∑

k∈K

RD,k +
∑

j∈J

RU,j − f(qD,x,m, qU,x′,m′) (12a)
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s.t. 0 6 qD,x,m 6 1, ∀x,m, (12b)

0 6 qU,x′,m′ 6 1, ∀x′,m′, (12c)

0 6 qD,x,m + qU,x,m 6 1, ∀x,m, (12d)

(11b), (11c), (11f), (11g), (12e)

where f(qD,x,m, qU,x′,m′) is a penalty function to encouraging discrete-value solutions (i.e., 0 and 1) for
qD,x,m and qU,x′,m′ . Due to the above relax operation, the binary outcome for the solution of qD,x,m and
qU,x′,m′ cannot be guaranteed; therefore, Eq. (12) can only be considered as an approximate problem
for (11) but not an equivalent formulation. After solving (12) with the discrete-value penalty function, if
qD,x,m, qU,x′,m′ ∈ {0, 1}, the solution of (12) is straightforwardly a feasible solution of (11). Furthermore,
if qD,x,m, qU,x′,m′ /∈ {0, 1}, the feasible point for (11) can be found by setting the conditions as follows:

qD,x,m, qU,x′,m′ =

{

1, qD,x,m, qU,x′,m′ > ϕ,

0, otherwise,
(13)

where ϕ is a predefined threshold. Thus, the solution found by solving (12) can be used to obtain a
feasible point for the original problem (11).

The method to promote the binary solution for variables qD,x,m and qU,x′,m′ is the well-known sparsity-
inducing penalty function proposed in [26, 29], as given by

f (qD,x,m, qU,x′,m′) =
∑

x∈X

∑

m∈MD,x

(log (qD,x,m + ε) + log ((1− qD,x,m) + ε))

+
∑

x′∈X

∑

m′∈MU,x′

(log (qU,x′,m′ + ε) + log ((1− qU,x′,m′) + ε)), (14)

where ε > 0, MD,x, and MU,x′ are small positive constants used to limit the dynamic range of the log
function, the sets of antennas for T-RAU x and the sets of antennas for R-RAU x′, respectively. The use
of the log in (14) is justified by the fact that, when qU,x,m, qD,x′,m′ = {0, 1}, we can obtain [25]

qD,x,m (1− qD,x,m) = 0, qU,x′,m′ (1− qU,x′,m′) = 0. (15)

Furthermore, the logarithmic penalty function in (14) is used to smooth (15) in order to obtain an exact
penalty optimization approach for the original mixed-integer programming problem [29].

Although problem (11) can be approximated by problem (12), the solution is still not easy to obtain
because theQD,wD,k,QU, and uU,j are tightly coupled in both the objective function and the constraints.

To solve the coupled problem, we propose an iterative SCA-based algorithm. The main idea of the
proposed algorithm is that in stage I, when fixing the qD,x and qU,x′ and setting qD,x,m = qU,x′,m′ = 0.5,
∀x, x′,m,m′, we can find optimal transceivers by solving the original problem (12) with the SCA method.
Then, in stage II, when fixing the transceivers obtained from stage I, we can obtain the operation mode
of RAUs.

The main reason can be summarized as follows. In stage I, since qD,x,m and qU,x′,m′ are both set to 0.5,
the transceivers that we obtained are based on a fairness strategy, i.e., the SE gains obtained are mainly
dependent on the CSI; if the downlink CSI gain between the antenna m and downlink users is better than
the uplink CSI gain between the antenna m and uplink users, then the SE gains of the downlink will have
the greatest probability of being higher than those of the uplink. As a result, the downlink transmitting
antenna m should be more effective than the uplink receiving antenna m. Furthermore, in stage II, when
the transceivers are fixed, the result of mode selection mainly relies on the SE gains obtained by users.
That is, if the SE gains obtained by downlink users will be more effective than those of uplink users,
the antenna m should operate in the downlink mode; in contrast, the antenna m should operate in the
uplink mode. Furthermore, if the SE gains obtained by downlink/uplink users will be no than zero, the
antenna m should operate in sleep mode.

To summarize, based on the above analysis, we propose the overall mode selection and transceiver
design algorithm as shown in Algorithm 1.
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Algorithm 1 Duplex mode selection and transceiver design algorithm

Input: Initialization: q
(0)
D , q

(0)
U , w

(0)
D,k

, u
(0)
U,j

, P
(0)
U,j

.

Set q
(0)
D , q

(0)
U → {0.5}MX×1, loop → 0.

1: repeat

2: Fix Q
(n)
D , Q

(n)
U , solve problem (12) and obtain optimal transceivers w

†

D,k
, u†

U,j
, P †

U,j
by Algorithm 2 in Subsection 4.1;

3: Update w
(n)
D,k

→ w
†

D,k
; u

(n)
U,j

→ u
†
U,j

; P
(n)
U,j

→ P †
U,j

;

4: Fix w
(n)
D,k

, u
(n)
U,j

, P
(n)
U,j

, solve problem (12) and obtain the result of duplex mode selection {Q†
D,Q†

U} by Algorithm 3 in

Subsection 4.2;

5: Update Q
(n+1)
D → Q

†

D; Q
(n+1)
U → Q

†

U;

6: until convergence;

7: return the optimal solutions {P †
U,j

,W †

D,k
,u†

U,j
,Q†

D,Q†
U}.

4 Two-stage optimization strategy for duplex mode selection and transceiver
design

In this section, we provide a two-stage optimization strategy for duplex mode selection and transceiver

design of problem (12). Specifically, in stage I, we set q
(0)
D,x,m, q

(0)
U,x′,m′ → 0.5, ∀x, x′,m,m′ and optimize the

downlink beamforming, uplink receiver, and uplink transceiver. In stage II, by fixing {wD,k,uU,j , PU,j}
obtained in stage I, we optimize the duplex mode selection.

4.1 Stage I: solution for problem (12) with fixed duplex mode.

It is obvious that if the qD,x and qU,x′ are fixed, the problem (12) can be rewritten as

max
{wD,k,uU,j ,PU,j}

∑

k∈K

RD,k +
∑

j∈J

RU,j − f(q
(0)
D,x,m, q

(0)
U,x′,m′)

s.t. (11b), (11c), (11f), (11g),

(16)

with qD = q
(0)
D and qU = q

(0)
U .

We can find that problem (16) is a nonconvex problem due to the nonconvex object and the constraints
(11f) and (11g). In what follows, we show how to address the complicated nonconvex object and the
constraints (11f) and (11g) of problem (16) in order.

To proceed, motivated by [30], we can obtain the following inequalities:

ln

(

1+
|b|2
a

)

>Z(a, b, a(n), b(n))=ln

(

1+
|b(n)|2
a(n)

)

− |b(n)|2
a(n)

+2
Re{b(n)b}

a(n)
− |b(n)|2(|b|2+a)

a(n)(a(n)+|b(n)|2) , (17a)

bHAb

a
> Z̄(a, b, a(n), b(n),A) =

2ℜ{(b(n))HAb}
a(n)

− (b(n))HAb(n)a

(a(n))
2 , (17b)

bHAb > Ẑ(b, b(n),A) = (b(n))HAb(n) + 2ℜ{(b(n))HA(b− b(n))}, (17c)

where a > 0, b > 0, ln(1 + |b(n)|2

a(n) )− |b(n)|2

a(n) < 0.
Let us treat the nonconcave object of (16) first. As observed in [31], by introducing a set of auxiliary

variables {λD,k}, Eq. (7) can be approximated by

rD,k >
λ2
D,k

γD,k
, (18)

where

|gH
D,kQ

(0)
D wD,k|2 > λ2

D,k (19)

with the linear constraint as

λD,k > 0. (20)

As a result, given a feasible point (w
(n)
D,k, P

(n)
U,j , λ

(n)
D,k), RD,k is lower-bounded by

ln(1 + rD,k) > Z(γD,k, λD,k, γ
(n)
D,k, λ

(n)
D,k), (21)
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and nonconvex constraint (19) can be transformed into

Ẑ(Q
(0)
D wD,k,Q

(0)
D w

(n)
D,k,GD,k) > λ2

D,k, (22)

where GD,k = gD,kg
H
D,k. Note that to arrive at (22), we have used the equality |cHd|2 = dHCd, where

C = ccH. Further, we have the constraint (22) according to (17c).
Then, we try to address (9) in the objective function. Since the variables in (9) are highly coupled, we

first approximate (9) with the SCA method. By introducing a series of variables {αD}, {tDU,j}, {ηU,j,j′},
{βU,j}, we can obtain

∑

k∈K

‖Q(0)
D wD,k‖2 6 αD, (23a)

αD‖Q(0)
U uU,j‖2 6 t2DU,j, (23b)

PU,j′ |uH
U,jQ

(0)
U gU,j′ |2 6 η2U,j,j′ , (23c)

PU,j |uH
U,jQ

(0)
U gU,j|2 > β2

U,j . (23d)

It is obvious that constraint (23a) is a convex second-order cone (SOC) constraint. However, constraints
(23b)–(23d) are nonconvex. Further resorting to the constraints (23b)–(23d), we can obtain

‖Q(0)
U uU,j‖2 6

t2DU,j

αD
, (24a)

|uH
U,jQ

(0)
U gU,j′ |2 6

η2U,j,j′

PU,j′
, (24b)

|uH
U,jQ

(0)
U gU,j |2 >

β2
U,j

PU,j
. (24c)

We can see that all the inequations in (24) are still nonconvex. By applying (17b) and (17c), Eq. (24)
can be bounded by

‖Q(0)
U uU,j‖2 6 Z̄

(

αD, tDU,j , α
(n)
D , t

(n)
DU,j , 1

)

, (25a)

|uH
U,jQ

(0)
U gU,j′ |2 6 Z̄

(

PU,j′ , ηU,j,j′ , P
(n)
U,j′ , η

(n)
U,j,j′ , 1

)

, (25b)

Ẑ
(

uU,j ,u
(n)
U,j , gU,j

)

>
β2
U,j

PU,j
. (25c)

As a result, Eq. (9) can be approximated by

r̄U,j >
β2
U,j

γ̄U,j

(26)

with the linear constraint as
βU,j > 0, (27)

and where
γ̄U,j = η2U,j,j′ + δ2IRIt

2
DU,j +

∑

x′∈X

σ2
U,x′‖Q(0)

U uU,j‖2. (28)

Then, at a feasible point (η
(n)
U,j,j′ , β

(n)
U,j , t

(n)
DU,j), it can be shown in a manner similar to (22) that

ln(1 + r̄U,j) > Z(γ̄U,j , βU,j, γ̄
(n)
U,j , β

(n)
U,j). (29)

By now, we have approximated the nonconvex item
∑

k∈K RD,k +
∑

j∈J RU,j in the objective function
by the convex lower bound

F (RD,k, RU,j) =
∑

k∈K

Z(γD,k, λD,k, γ
(n)
D,k, λ

(n)
D,k) +

∑

j∈J

Z(γ̄U,j , βU,j , γ̄
(n)
U,j, β

(n)
U,j). (30)
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Next, in a similar manner to (17c), the constraint (11f) can be approximated by

Ẑ(Q
(0)
D wD,k,Q

(0)
D w

(n)
D,k,GD,k) > rD,min,k





∑

k′ 6=k,k∈K

|gH
D,kQ

(0)
D wD,k′ |2 +

∑

j∈J

PU,j|hIUI,j,k|2+σ2
D,k



 . (31)

To derive (31), we have used the fact that constraint (11f) can be rewrote as

|gH
D,kQ

(0)
D wD,k|2 > rD,min,k





∑

k′ 6=k,k∈K

|gH
D,kQ

(0)
D wD,k′ |2 +

∑

j∈J

PU,j |hIUI,j,k|2+σ2
D,k



 .

Then, we can obtain the constraint (31) according to (17c).
Finally, according to the above approximation, i.e., the inequations (23a) and (25a)–(25c), the con-

straint (11g) can be approximated by the following SOC convex constraint:

‖zU,j‖2 6 βU,j , (32)

where

zU,j =
√
rU,min,j [δIRItDU,1, . . . , δIRItDU,j, . . . , δIRItDU,J , ηU,j,1, . . . , ηU,j,j−1, ηU,j,j+1, . . . , ηU,j,J ,

σU,1vec(ũU,j,1), . . . , σU,Xvec (ũU,j,X)] ,

ũU,j,x′ = Q
(0)
U,x′uU,j,x′ .

To summarize, given q
(n)
D,x and q

(n)
U,x′ , the nonconvex object and the constraints (11f) and (11g) can be

approximated by the convex constraints (20), (22), (27), (29), (31), (32), (23a), and (25a)–(25c). As a
result, problem (16) can be approximated by the following convex problem:

max
{wD,k,uU,j ,PU,j}

F (RD,k, RU,j)

s.t. (11b), (11c), (20), (22), (27), (29), (31), (32), (23a), (25a), (25b), (25c).
(33)

Since problem (33) is a convex problem, it can be globally solved by CVX [32] or interior-point meth-

ods [33]. The SCA method-based algorithm to solve problem (16) with fixed q
(n)
D,x and q

(n)
U,x′ is summarized

in Algorithm 2.

Algorithm 2 Solution to problem (16) with SCA-based algorithm

Input: Initialization: Q
(0)
D , Q

(0)
U , w

(0)
D,k

, u
(0)
U,j

, P
(0)
U,j

.

1: repeat

2: Solve (33) with fixed duplex mode Q
(n)
D → Q

(0)
D , Q

(n)
U → Q

(0)
U , and denote the optimal solutions as (w†

D,k
,u†

U,j
, P †

U,j
);

3: Update w
(n)
D,k

→ w
†

D,k
, u

(n)
U,j

→ u
†

U,j
, P

(n)
U,j

→ P †

U,j
;

4: Set n → n + 1;

5: until convergence;

6: return the optimal solutions (w†

D,k
,u†

U,j
, P †

U,j
).

4.2 Stage II: solution for problem (12) with fixed transceivers

When the transceivers are fixed, the problem (12) becomes

max
{qD,qU}

∑

k∈K

RD,k +
∑

j∈J

RU,j − f (qD,x,m, qU,x′,m′)

s.t. (11b), (11c), (11f), (11g), (12b), (12c), (12d),

(34)

with wD,k = w
(0)
D,k, uU,j = u

(0)
U,j , and PU,j = P

(0)
U,j .

Similar to (22), RD,k can be lower-bounded by

ln(1 + rD,k) > Z(γD,k, λ̄D,k, γ
(n)
D,k, λ̄

(n)
D,k) (35)
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with the linear constraint as

λ̄D,k > 0, (36)

and convex constraint as

Ẑ(QDw
(0)
D,k,Q

(n)
D w

(0)
D,k,GD,k) > λ̄2

D,k, (37)

where λ̄D,k is a newly introduced variable.

Next, similar to (23a), by introducing a series of variables {ᾱD}, {t̄DU,j}, Eq. (9) can be approximated
by

P
(0)
U,j|(u

(0)
U,j)

HQUgU,j |2 > β̄2
U,j , (38a)

∑

k∈K

‖QDw
(0)
D,k‖2 6 ᾱD, (38b)

ᾱD‖QUu
(0)
U,j‖2 6 t̄2DU,j . (38c)

Further, (38a) and (38c) can be approximated as

P
(0)
U,jẐ

(

(u
(0)
U,j)

HQU, (u
(0)
U,j)

HQ
(n)
U ,GU,j

)

> β̄2
U,j , (39a)

‖QUu
(0)
U,j‖2 6 Z̄(ᾱD, t̄DU,j , ᾱ

(n)
D , t̄

(n)
DU,j), (39b)

where GU,j = gU,jg
H
U,j .

Then, the lower bound of (9) can be expressed as

r̃U,j >
β̄2
U,j

γ̃U,j

(40)

with the linear constraint as

β̄U,j > 0, (41)

and where

γ̃U,j = P
(0)
U,j′ |(u

(0)
U,j)

HQUgU,j′ |2 + δ2IRIt̄
2
DU,j +

∑

x′∈X

σ2
U,x′‖QUu

(0)
U,j‖2, (42)

and γ̃U,j is a newly introduced variable.

Additionally, similar to (29), the lower bound of RU,j is

ln(1 + r̃U,j) > Z(γ̃U,j , β̄U,j, γ̃
(n)
U,j , β̄

(n)
U,j). (43)

Further, we can approximate the nonconvex item
∑

k∈K RD,k +
∑

j∈J RU,j in the objective function
by the convex lower bound

F̄ (RD,k, RU,j) =
∑

k∈K

Z(γD,k, λ̄D,k, γ
(n)
D,k, λ̄

(n)
D,k) +

∑

j∈J

Z(γ̃U,j , β̄U,j , γ̃
(n)
U,j, β̄

(n)
U,j). (44)

Moreover, we observe that given ε, the function f(qD,x,m, qU,x′,m′) in the objective function is concave,
and the objective can be considered as a difference of the concave function. Therefore, we linearize the
logarithmic penalty function by its first-order Taylor approximation as

f̃(qD,x,m, qU,x′,m′ , q
(n)
D,x,m, q

(n)
U,x′,m′)

= f(q
(n)
D,x,m, q

(n)
U,x′,m′) +

∑

x∈X

∑

m∈Xm

(

1

q
(n)
D,x,m + ε

− 1

(1− q
(n)
D,x,m) + ε

)

(qD,x,m − q
(n)
D,x,m)

+
∑

x′∈X

∑

m′∈Xm′

(

1

q
(n)
U,x′,m′ + ε

− 1

(1− q
(n)
U,x′,m′) + ε

)

(qU,x′,m′ − q
(n)
U,x′,m′). (45)
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Since the function f(qD,x,m, qU,x′,m′) is concave, the first-order Taylor approximation function (45)
should be served as its upper bound. Furthermore, F̄ (RD,k, RU,j) is the lower bound of function
∑

k∈K RD,k +
∑

j∈J RU,j . To summarize, the lower bound of the objective function is

∑

k∈K

RD,k +
∑

j∈J

RU,j − f(qD,x,m, qU,x′,m′) > F̄ (RD,k, RU,j)− f̃(qD,x,m, qU,x′,m′ , q
(n)
D,x,m, q

(n)
U,x′,m′). (46)

In the following, we address the QoS constraints (11f) and (11g) in (34). By following a similar
methodology as (31) and (32), the two constraints can be approximated by

Ẑ(QDw
(0)
D,k,Q

(n)
D w

(0)
D,k, gD,k) > rD,min,k





∑

k′ 6=k,k∈K

|gH
D,kQDw

(0)
D,k′ |2 +

∑

j∈J

P
(0)
U,j |hIUI,j,k|2+σ2

D,k



 , (47a)

∑

k∈K

‖QDw
(0)
D,k‖2 6 ᾱD, (47b)

‖QUu
(0)
U,j‖2 6 Z̄(ᾱD, t̄DU,j, ᾱ

(n)
D , t̄

(n)
DU,j), (47c)

‖z̃U,j‖2 6 β̄U,j, (47d)

where

z̄U,j =
√
rU,min,j

[

δIRIt̄DU,1, . . . , δIRIt̄DU,j , . . . , δIRIt̄DU,J

√

P
(0)
U,1ℜ

(

(u
(0)
U,j)

HQUgU,1

)

, . . . ,

√

P
(0)
U,j−1ℜ

(

(u
(0)
U,j)

HQUgU,j−1

)

,

√

P
(0)
U,j+1ℜ

(

(u
(0)
U,j)

HQUgU,j+1

)

, . . . ,
√

P
(0)
U,Jℜ

(

(u
(0)
U,j)

HQUgU,J

)

, vec(ũU,j,1)σU,1, . . . , vec(ũU,j,X)σU,X

]

, (48)

and

ũU,j,x′ = Q
(0)
U,x′uU,j,x′ . (49)

Then, given P
(n)
U,j , u

(n)
U,j , and w

(n)
D,k, the nonconvex objective and the constraints (11f) and (11g) can

be approximated by the convex constraints (46) and (47a)–(47d). As a result, problem (14) can be
approximated by the following convex problem:

max
{qD,qU}

F̄ (RD,k, RU,j)− f̃(qD,x,m, qU,x′,m′ , q
(n)
D,x,m, q

(n)
U,x′,m′)

s.t. (12b), (12c), (12d), (11b), (11c), (36), (37), (41),

(39a), (39b), (47a), (47b), (47c), (47d).

(50)

The SCA method-based algorithm to solve problem (34) with fixed {wD,k,uU,j, PU,j} is summarized
in Algorithm 3.

Algorithm 3 Solution to problem (34) with SCA-based algorithm

Input: Initialization: Q
(0)
D , Q

(0)
U , w

(0)
D,k

, u
(0)
U,j

, P
(0)
U,j

.

1: repeat

2: Solve (50) with fixed transmitters w
(n)
D,k

→ w
(0)
D,k

, u
(n)
U,j

→ u
(0)
U,j

, P
(n)
U,j

→ P
(0)
U,j

, and denote the optimal solutions as (Q†
D,Q†

U);

3: Update Q
(n+1)
D → Q

†
D, Q

(n+1)
U → Q

†
U;

4: Set n → n + 1;

5: until convergence;

6: return the optimal solutions (Q†

D,Q†

U).

4.3 Overall complexity to solve problem (12)

Since the subproblems (33) and (50) only contains quadratic constraints and linear constraints, and the
the quadratic constraints can be further transformed into SOC constraints, the proposed algorithm of
solving problem (12) has a low complexity. In particular, subproblem (33) has KXM +J + k+J2 scalar
variables and 7J + 3K + X + 1 constraints, subproblem (50) has 2XM + 3J + K + 1 scalar variables
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Table 1 Simulation parameters

Parameter Value

Radius 60 m

Power constraint for RAU/User 1 W/0.1 W

Number of downlink users/uplink users 4/4

Path loss 128.1 + 37.6log10(d)

Lognormal shadowing/Rayleigh fading 8 dB/0 dB

Noise power (σ2
U,z = σ2

D,k = σ2) −70 dBm
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Figure 2 (Color online) The convergence behavior of SE performance versus iteration/loop for ∆ = −10/10/30 dB, M = 3/4/8.

(a) The convergence behavior of SE versus iteration; (b) the convergence behavior of SE versus loop.

and 6XM + X + 5J + 2K + 1 constraints. Hence, the proposed Algorithm 1 takes a polynomial time
complexity O(Vcom), where Vcom = (7J + 3K + X + 1)2.5(KXM + J + k + J2)2 + (7J + 3K + X +
1)3.5 + (6XM + X + 5J + 2K + 1)2.5(2XM + 3J + K + 1)2 + (6XM + X + 5J + 2K + 1)3.5 [34, 35].
Supposing the two subproblems run at most Ttot loops, then the overall complexity of solving problem
(12) is at most O(VcomTtot). With the same spirit, the complexity of EXH, exhaustive search solution is
O(3MX((7J + 3K +X + 1)2.5(KXM + J + k+ J2)2 + (7J + 3K +X + 1)3.5)). Due to the fact that the
number of RAUs in cell-free massive MIMO is very large, the complexity of EXH is obvious far higher
than the proposed algorithm.

5 Numerical results

In this section, some numerical examples are evaluated to show the performance of the proposed algo-
rithms under different system settings. We consider a cell-free massive MIMO system in a circular area
with the detailed simulation parameters listed in Table 1. For simplicity, we model the residual interfer-
ence power between T-RAU x and R-RAU x′ as δIRI,x,x′ = ∆IRI,x,x′σ2 = ∆σ2, where ∆IRI,x,x′ = ∆, ∀x, x′

represents the ratio of the channel estimation error.

Figure 2 shows the convergence behavior of Algorithms 1–3 for problem (12). It can be observed
that the proposed Algorithms 1–3 converge roughly within 2–4 loops, 5–12 iterations, and 1–2 iterations,
respectively.

Then, SE versus channel estimation error is given in Figure 3. A general observation is that the
proposed algorithm maintains a high average sum SE and is close to the optimal EXH for different IRI
cancellation capabilities. Moreover, the spectral efficiencies of the two schemes are close to each other
when ∆ > −5 dB, and the gap slightly increases when ∆ > −5 dB. This behavior is explained by the
possibility of a better chance to find the mode condition to overcome the impact of IRI in EXH when ∆
is large. Furthermore, as expected, when ∆ 6 15 dB, the proposed algorithm achieves the highest SE,
followed by greedy algorithm (Greedy), cloud radio access network (C-RAN) CCFD and TDD scheme,
and random algorithm (Random) obtain the lowest SE. Specifically, as shown in Figure 3, the gap between
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Figure 3 (Color online) The SE versus IRI for RD,min,k =

RU,min,j = 0.1 bps/Hz, M = 2.

Figure 4 (Color online) The SE versus the number of RAUs

for RD,min,k = RU,min,j = 1 bps/Hz, ∆ = 10 dB.

the proposed algorithm and C-RAN CCFD is obvious when ∆ > −5 dB, for example, when ∆ reduces
to 15 and −20 dB, the total SE gap of the two schemes is 14.04 and 5.31 bps/Hz, respectively. Also,
as we can see, C-RAN CCFD has a close SE performance to Greedy, and the average gap between the
two schemes is about 4.6 bps/Hz. It is interesting that the SE of Random is close to C-RAN CCFD
when ∆ > 10 dB, and the gap of the two schemes becomes higher when ∆ 6 15 dB. As a result, we
can conclude that the proposed algorithm can achieve better performance gains than the C-RAN CCFD,
greedy algorithm and random algorithm, especially when the IRI is not suppressed well. Notice that
although the SE of the proposed algorithm and the EXH is lower than the TDD scheme when ∆ is high.
However, the proposed scheme and the other duplex mode schemes consider both uplink and downlink
QoS constraints simultaneously. This is practical because low latency is one of the major parameters for
5G or beyond 5G wireless cellular systems. Hence, the TDD strategy is not considered in the proposed
algorithm and the other duplex mode schemes.

Next, Figure 4 shows the SE versus the number of RAUs, where ∆ = 10 dB. We observe that the SE
of all algorithms rapidly increases with the increase in the number of RAUs. Specifically, when the total
number of RAUs is less than 6, the proposed algorithm achieves the best SE performance, while the TDD
scheme achieves better SE performance than the C-RAN CCFD scheme. When the total number of RAUs
is larger than 6, the best SE performance is also achieved by the proposed algorithm, followed by the C-
RAN CCFD scheme, and the worst SE performance achieved by the TDD scheme. Furthermore, the gap
between the proposed algorithm and the TDD scheme decreases when increasing the number of RAUs.
For example, the gap increases from approximately 5.40 bps/Hz when using 4 RAUs, to approximately
8.55 bps/Hz when using 20 RAUs. The reason is that when the IRI is 10 dB and the total number of
RAU is less than 6, the system does not have enough freedom to overcome the negative impact of high
IRI. On the contrary, the deployment of a large number of RAU can provide users with a closer access
distance, which further helps to provide more dimensions to design appropriate transceivers to overcome
IRI. Hence, we can conclude that the increased number of RAUs can help to suppress the IRI in CCFD
and NAFD schemes.

Figure 5 demonstrates the SE performance comparison between the proposed mode selection, C-RAN
CCFD and TDD scheme versus the number of antennas for each RAU. From the plot, we can observe that
the proposed mode selection algorithm outperforms the C-RAN CCFD and TDD counterparts. When
M 6 5, the best performance is achieved by the proposed mode selection algorithm, followed by the
TDD scheme, and the C-RAN CCFD scheme yields the worst SE performance. However, when M > 5,
the SE performance order of the three schemes is the proposed mode selection algorithm, the C-RAN
CCFD scheme and the TDD scheme. Hence, we can find that the proposed mode selection scheme has a
better performance than the TDD scheme and the C-RAN CCFD scheme. In addition, it can be observed
that the increased number of antennas for each RAU can produce a great benefit for the C-RAN CCFD
scheme to reduce the negative impact of IRI, especially when IRI is serious. Furthermore, we also notice
that the gap between the proposed mode selection scheme and the C-RAN CCFD scheme decreases with



Xia X J, et al. Sci China Inf Sci August 2021 Vol. 64 182311:15

2          3         4         5          6          7         8          9        10

M

20

25

30

35

40

45

50

S
p
ec

tr
al

 e
ff

ic
ie

n
cy

 (
b
p
s/

H
z)

Mode selection

C-RAN CCFD

TDD

4                     8                     12                   16                    20

The number of RAUs

0

5

10

15

20

25

30

T
h
e 

n
u
m

b
er

 o
f 

an
te

n
n
as

 f
o
r 

ea
ch

 m
o
d
e

Downlink

Uplink

Sleep

Figure 5 (Color online) The SE versus the number of an-

tennas for each RAU with RD,min,k = RU,min,j = 1 bps/Hz,

∆ = 10 dB.

Figure 6 (Color online) The number of antennas for each

mode versus the number of RAUs.

the increase in the number of antennas, while the gap between the proposed mode selection scheme and
the TDD scheme increases. For example, the gap between the proposed mode selection scheme and the
C-RAN CCFD scheme decreases from approximately 16 bps/Hz when using 2 antennas to approximately
3.05 bps/Hz when using 10 antennas, while the gap between the latter two schemes is 5.3 and 6.79 bps/Hz,
respectively. Intuitively, this is true because when the number of antennas increased, the IRI reaches
saturation or increases a little due to the power constraint for downlink beamforming. Hence, the effect
of IRI becomes less when the number of antennas increases. This behavior implies that when compared
with the C-RAN CCFD scheme, the role of mode selection is small when the number of antennas is large,
and conversely when compared with the TDD scheme.

In Figure 6, we illustrate the number of antennas for each mode versus the number of RAUs. As we
can see, the number of transmitting antennas and receiving antennas increased with the growing number
of antennas, and the number of sleep antennas decreased. Specifically, the number of receiving antennas
increased faster than transmitting antennas; for example, when X = 4, the number of transmitting
antennas and receiving antennas is 4 and 2.3, respectively, and the number of antennas increased to 14
and 25.7 when X = 20. Intuitively, this is true because when the number of RAUs increases, the IRI
becomes serious. To mitigate IRI and improve the SE, the system needs more antennas to operate in
uplink mode and downlink mode. Furthermore, the transmission power transmitted by uplink users is
much less than that of RAUs. Hence, more antennas to detect the uplink signal is an effective method to
improve the uplink SE and the total SE. As a result, in order to maximize the total SE, the system needs
a massive number of receiving antennas to detect the uplink signals and slightly increases the number of
transmitting antennas to reduce the IRI. At the same time, when the number of total antennas increases,
the system needs fewer sleep antennas. This is benefit by the joint optimize of the transceivers. In
addition, we can conclude that the more degree of freedom for RAUs, the fewer sleep antennas will be.

6 Conclusion

In this paper, we consider the fundamental problem of duplex mode selection for a cell-free massive MIMO
with NAFD. Specifically, our objective was to maximize the SE of downlink and uplink users, where the
QoS constraints and power budget constraints are considered. To handle the highly coupled problem,
we have proposed a two-stage duplex mode selection and transceiver design algorithm. Specifically, in
the first stage, we set each element of the mode selection vectors as 0.5 and optimize the transceivers.
In the second stage, with the transceivers obtained from the first stage, we further optimize the duplex
mode selection. Simulation results have demonstrated that the proposed solution can obtain a close
performance to the optimal EXH and a better performance than the C-RAN CCFD scheme. We also
have shown that, compared with the C-RAN CCFD scheme, the more serious the IRI, the higher the SE
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gains that will be obtained by the proposed mode selection algorithm.
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