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Abstract— In this paper, we investigate a novel uplink recon-
figurable intelligent surface (RIS) based multi-user multi-input
multi-output symbiotic radio system. It indicates that each RIS,
as an Internet-of-Things (IoT) device, enhances the primary
transmission from a nearby user to the base station (BS), and
simultaneously transmits its own information to the BS by
backscattering modulation. By embedding environmental sensors
on the RISs, the proposed system enables the IoT transmission of
locally collected environmental data to the BS while assisting the
primary communications from the users to the BS. We consider
both the case of perfect and imperfect channel state information
(CSI), and design the active beamforming at the BS and the
passive beamforming at the RISs jointly to maximize the weighted
sum-rate of both the primary and IoT transmissions. For the
perfect CSI case, we propose an algorithm based on the block
coordinate descent (BCD) method to solve the problem. We also
propose another algorithm with a similar framework to reduce
the computational complexity. For the imperfect CSI case,
an algorithm based on BCD and the online successive convex
approximation technique is proposed. Simulation results show
that the proposed system achieves significant performance gain
over a number of baseline schemes for both the perfect and
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imperfect CSI cases. Furthermore, when the channel estimation
error is small, the performance loss due to imperfect CSI is
insignificant.

Index Terms— Symbiotic radio (SR), reconfigurable intelligent
surfaces (RIS), multi-user multi-input multi-output (MU-MIMO)
system, block coordinate descent method (BCD).

I. INTRODUCTION

W ITH the development of digitalization, enhanced
devices that require increased bandwidth are increas-

ingly adopted. This trend contributes to the exponential
growth of global mobile traffic. Specifically, the Interna-
tional Telecommunication Union has estimated that the global
mobile traffic has grown in the range of 10-100 times
from 2020 to 2030 [2]. To overcome the challenges of high
throughput and super-massive access, novel wireless commu-
nication technologies with high energy and spectrum efficiency
have aroused significant attention worldwide.

Recently, reconfigurable intelligent surface (RIS), also
known as intelligent reflecting surface, has been regarded as
one of the promising solutions to address the mentioned chal-
lenges. RIS is an array of nearly passive reflecting elements,
and each element can independently draw a phase shift onto
the incident electromagnetic waves [3]. With the passive reflec-
tion components, RIS can enhance the transmission of the
other primary systems with low power consumption [4]. Due
to its advantages, RIS has attracted extensive attention [5]–
[10]. [5] introduces RIS into the downlink transmission of
a cellular network to assist multiple users. The phase-shift
matrix (i.e., passive beamforming) at the RIS is optimized
to maximize energy efficiency. [6] optimizes both the passive
beamforming at the RIS and the transmit beamforming at the
base station (BS) (i.e., active beamforming) to maximize the
received power at the user. [8] proves that the joint active
and passive beamforming is effective and crucial for achieving
better system performance. Typically, RIS has a large number
of reflection elements, which imposes a significant challenge
for online transmission. Thus [10] develops a physics-based
model and a scalable optimization framework to reduce the
complexity of reconfiguring RIS elements online.

Another emerging promising wireless technology is symbi-
otic radio (SR). In an SR system, secondary transmitters, i.e.,
backscatter devices (BDs), transmit their information to the
corresponding receivers over the radio frequency (RF) signals
received from a primary transmitter. As there is no need for a
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dedicated RF source, the power consumption of the secondary
transmission can be reduced significantly [11]. In return, the
secondary system provides multi-path diversity to the primary
system, yielding mutual benefits between the two spectrum
sharing systems. Therefore, the SR system can achieve high
energy and spectrum efficiency, making it a good candi-
date for Internet-of-Things (IoT) transmission. Many studies
have been conducted to explore the different SR applications
[12]–[15]. [12] considers a basic SR system with two different
practical setups, where a BD is applied to enhance the commu-
nication from a transmitter to a receiver and simultaneously
transmits its own information to the receiver. [13] proposes
a full-duplex SR system, where a full-duplex transmitter not
only transmits primary signals to the BDs and the receivers,
but also receives the backscatter signals from the BDs simul-
taneously. [14] develops another SR system with a full-duplex
BD, where the BD absorbs a fraction of the incident signal to
decode messages and simultaneously transmits its own mes-
sage to a receiver. [15] proposes a backscatter non-orthogonal
multiple access (NOMA) system, where a transmitter transmits
information to one far-away cellular receiver and a nearby
receiver, and the symbiotic BD simultaneously transmits its
information over the incident signals to the nearby receiver.

However, all of the symbiotic BDs involved in the above
literature are equipped with only one antenna, which cannot
provide significant performance gain due to the double fading
effect and reflection loss involved in the backscatter links.
To further exploit the potential of SR systems, the researchers
of [16] and [17] have introduced the RIS as a BD into
downlink SR systems. Unlike the above studies on RISs,
the symbiotic RISs can not only relay the incident signals
but also transmit their own information to the receivers.
Due to the large number of reflection elements deployed at
the RIS, the backscatter link can be enhanced significantly.
Thus, while the IoT transmission is enabled, the primary
communication can also achieve significant performance
gain [16]. Specifically, in [16], RIS, as an IoT device,
transmits messages to an IoT receiver (IR) by reflecting radio
and simultaneously assists the primary transmission from a
transmitter to a primary receiver (PR). [17] combines the
IR and the PR in [16] into one cooperative receiver, which
can jointly decode the primary and IoT signals. In addition,
[17] further considers a downlink scenario with multiple
receivers and RISs. Specifically, each RIS is applied to assist
the primary transmission from a transmitter to a nearby
receiver and simultaneously transmits its own messages to
the receiver. According to [16] and [17], the RIS-based SR
system not only enables the downlink transmission from
the RIS to the receiver, but also significantly enhances the
primary communication from the transmitter to the receiver.

Motivated by the above works, we propose a novel
RIS-based uplink multi-user multi-input multi-output
(MU-MIMO) SR system in this paper. As shown in Fig. 1,
it comprises a multi-antenna BS, multiple RISs, and multiple
single-antenna users. Each RIS is deployed to enhance the
communication from a nearby user to the BS. At the same
time, each RIS transmits its own information to the BS
through backscattering modulation.

The proposed RIS-based uplink MU-MIMO SR system
is of practical interest, e.g., enabling the spectrum- and
energy-efficient IoT transmissions for smart cities. Specifi-
cally, we consider that each RIS is deployed close to nearby
potential users. Besides, various environmental sensors are
embedded on the RISs, which can collect environmental data
of the surroundings, such as temperature, humidity, and noise
level. With the proposed system, such local environment
information can be transmitted to the BS and eventually
aggregated at the application server for centralized processing.
The results of data processing, such as noise monitoring,
pollution warning, and pollution warning, can in return bring
convenience to the users near the RISs.

The main contributions of this paper are summarized as
follows

• To the best of our knowledge, this is the first time
the RIS-based uplink MU-MIMO SR system has been
investigated. This system can enhance the primary com-
munication from the users to the BS and enable the
RISs to transmit their own data, e.g., the locally collected
environmental data, via IoT transmission to the BS.

• We first consider the case when all the CSI is perfectly
available at the BS. Besides, we study the joint active and
passive beamforming to maximize the weighted sum-rate
(WSR) of the primary and IoT transmissions subject to
the phase constraints at the RISs.

• The formulated problem is non-convex with many com-
plications such as coupling variables and fractional
expressions. To overcome the difficulty, we first decom-
pose the original problem into several disjoint blocks by
the fractional programming (FP) technique [18]. Then,
an algorithm based on the block coordinate descent
(BCD) method [19] is proposed.

• The proposed algorithm introduces multiple auxiliary
variables and repeatedly applies several techniques, which
leads to high complexity in each iteration. To address it,
we propose another BCD-based algorithm to reduce the
optimization complexity in each iteration.

• Furthermore, we formulate another optimization problem
that the CSI between the RISs and the users and between
the RISs and the BS are imperfect. The formulation is
more general than those in [20] and [21] as it does not
rely on the assumption of channel models.

• To solve the challenging problem of imperfect CSI,
we propose another BCD-based algorithm. The stochastic
success convex approximation (SCA) technique [22] is
applied, which is different from the conventional SCA
method used in [19], [23], and [24].

• Simulation results show that the proposed system can
achieve significant performance gain compared with dif-
ferent baseline schemes. The simulation results also
demonstrate that the proposed system incurs only mar-
ginal performance loss when the CSI error is small.

Noted that different from the above conventional works on
RIS [5]–[9], the RISs in our work transmit their information.
The introduction of the secondary transmission from the RISs
makes the passive and active beamforming more challenging



to manage the interference between them so that both systems
can mutually benefit. Unlike [16] and [17], which consider
the downlink scenarios in RIS-based SR systems, we consider
the uplink scenario. The scenario represents a more practical
implementation of an environment-monitoring application for
future smart cities. The uplink scenario has different rate
expressions from the downlink one, leading to a different
problem formulation and beamforming design. Besides, [16]
and [17] consider perfect CSI. In contrast, in this paper,
we take the channel estimation error into consideration and
formulate two different problems including both the perfect
and the imperfect CSI cases. This makes our system model
more practical in this regard. It is worth mentioning that
although both [17] and this paper adopt the BCD framework,
the specific algorithms in [17] cannot be applied for solving
the optimization problems proposed in this paper. This is
because we have to deal with both perfect and imperfect CSI
in this paper. To overcome the difficulty, we adopt completely
different algorithms to optimize W and V, utilizing techniques
such as prox-linear BCD, SCA, and Armijo search. Then we
extend the method for perfect CSI to the imperfect CSI case.

The rest of this paper is organized as follows. Section II
presents the system model of the proposed system and the
formulation of the WSR maximization problem. Section III
proposes a BCD method to solve the formulated problem
with perfect CSI. Section IV proposes another BCD method
with low complexity under the assumption of perfect CSI.
Section V extends the BCD method to the imperfect CSI case.
Section VI provides simulation results to verify the effective-
ness of the proposed algorithms. Section VII concludes the
paper.

These notations are used in this paper. The scalar, vector,
and matrix are lowercase, bold lowercase, and bold upper-
case, i.e., a, a, and A, respectively. (·)∗, (·)H, Tr (·), E(·),
∠ (·), Re(·), and Im(·) denote conjugation, conjugate trans-
pose, trace, expectation, phase, real dimension, and imaginary
dimension, respectively. CN �

μ, σ2
�

denotes the distribution
of a circularly symmetric complex Gaussian (CSCG) random
variable with mean μ and variance σ2.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

As shown in Fig. 1, we consider the uplink of a RIS-based
MU-MIMO SR communication system in which multiple
RISs are deployed to assist the transmission from users to
the BS and simultaneously act as IoT devices to transmit
their information to the BS using backscatter modulation.
We assume that each RIS serves one nearby user at a time.
Different nearby users can be served by the associated RIS in
a time division multiple address (TDMA) manner.

Specifically, M -antenna BS, K single-antenna users, and
K RISs are considered. RIS i is equipped with Ni reflection
elements (Ni > 1). For simplicity, we denote the user that is
near RIS i as user i. By inducing phase shift on the incident
signal at each reflection element and steering it to the BS,
RIS i assists the primary communication from user i to
BS, and at the same time, it also modulates its information

Fig. 1. RIS-based uplink MU-MIMO SR communication system.

onto the incident signals. Therefore, the IoT communication
between RIS i and the BS is enabled, and no dedicated RF
source at RIS i is required during this process. We consider
that each RIS is equipped with a receiving module, so it
can receive the control information of the BS to reconfigure
the reflection elements. We assume that RISs are deployed
sufficiently far away, e.g., on different streets. As a result,
the interfering links from the RISs and other far users are
very weak due to the high penetration and diffraction losses
introduced by buildings and trees along the transmission paths.
Besides, due to the double fading effect, the RIS should be
deployed near the user to achieve better system performance
[25]. As a result, the interference links of each user via the
faraway RISs will be severely attenuated. Moreover, Once
the phase-shift matrices of RISs are optimized, each RIS will
form beam pairs with the corresponding user and the BS
[25]. As an example, the beams of RIS i will point to user i
and the BS. Therefore, the backscatter link from user i to BS
via RIS i is enhanced, and the interfering links from other
faraway users are further restrained. Therefore, in this paper,
only the link between RIS i and user i is considered.

When the symbol rate of IoT signals transmitted by RISs
is lower than that of the primary signal transmitted by users,
better collaboration between the primary and IoT system can
be obtained [26], leading to better performance. Therefore,
we assume that every time RIS i transmits an IoT symbol
to the BS, Q primary symbols are transmitted from user i.
Denoting the symbol period of the user and the RIS as Ts and
Tc, respectively, we have Tc = QTs.

Denote the IoT signal of RIS i as ci. We consider
ci uses Binary phase-shift keying (BPSK) modulation, i.e.,
ci = {−1, 1}. Then the reflection matrix at RIS i
can be expressed as Ri = diag(ri1, ri2, . . . , riNi) =
ciαidiag(vi1, vi2, . . . , viNi) ∈ CNi×Ni , where rin is the
reflection coefficient of the n-th element at RIS i, vin is the
phase shift of the n-th element at RIS i, respectively, and



αi (|αi| ≤ 1) is the reflection efficiency of RIS i. For the
ease of notation, we denote the phase-shift matrix at RIS i
as Vi = αidiag(vi1, vi2, . . . , viNi) ∈ CNi×Ni . Similar to the
passive RIS designs in [27]–[29], we assume that vin = ejθin

where θin ∈ [0, 2π). In this case, the maximum amplitude and
the phase shift of the reflection coefficient rin are |αi| and 2π,
respectively.

Let fi ∈ C
M×1 denote the direct channel from user i to the

BS, hi ∈ CNi×1 denote the channel from user i to RIS i, and
Gi ∈ CNi×M denote the channel from RIS i to the BS. For the
ease of notation, and denote the backscatter channel from user
i to the BS via RIS i as bi, i.e., bi = GH

i Vihi ∈ CM×1. This
means when RIS i sends ‘+1’, it uses Vi to reflect signals when
RIS i sends ‘−1’, it uses −Vi to reflect signals. In addition,
we let si(n) denote the n-th primary signal transmitted by user
i during one symbol period of ci. It is assumed that si(n) ∼
CN (0, 1). Then the n-th uplink received signals at the BS
during a period of Tc is

y(n) =
K�

i=1

�
Pi(fi + cibi)si(n) + z, (1)

where y(n) = [y1(n), y2(n), . . . , yM (n)] ∈ C
M×1, z =

[z1, z2, . . . , zM ] ∈ CM×1, and Pi denotes the transmit power
of user i. Here, yl(n) denotes the n-th received signal at the
l-th antenna of the BS, and zl ∼ CN (0, σ2) denotes the noise
at the l-th antenna of the BS.

To decode si(n) and ci for i = 1, . . . ,K , successive inter-
ference cancellation (SIC) technique is applied. Specifically,
the BS first demodulates a set of si(n) and the corresponding
ci with the best channel condition.1 Then it cancels the
demodulated symbols from (1) and demodulates the next set of
si(n) and ci. The process will repeat until all si(n) and ci are
demodulated. Without loss of generality, we use smaller index
to denote the set of si(n) and ci with better channel condition.
It means that the set of s1(n) and c1 has the best channel
condition and will be demodulated first, whereas the set of
sK(n) and cK has the worst channel condition and they will
be demodulated last. Assuming perfect cancellation,2 when BS
decodes the set of sk(n) and ck, the intermediate signal after
receive beamforming is

yk(n) =
K�

i=k

�
PiwH

k (fi + cibi)si(n) + zk, (2)

where wk ∈ CM×1 is the receive beamforming vector for
decoding sk(n) and ck, and zk = wH

k z ∈ C. It is seen that
si(n) and ci for i < k have been demodulated and canceled.
However, in (2), sk(n) and ck are coupled together, which
makes the demodulation difficult. To address the problem,
we adopt the cooperative maximum-likelihood (ML) detector

1As a suboptimal example, we use τi =
�
�
√

Pif i

�
�2 +

�
�
√

Pibi

�
�2 to denote

the quality of channel condition of each set.
2Note that decoding error might be inevitable during the procedure of SIC

[30], thus only imperfect SIC can be performed. As the imperfect-SIC inter-
ference is a complicated function of multiple factors and the characteristics
of error propagation, it is difficult to model the impact of imperfect SIC in
our system setup [31]. Therefore we still adopt the perfect-SIC assumption
in this paper, which is similar to [12]–[17]. The result of this paper can be
viewed as the upper bound of the imperfect-SIC case.

proposed in [26], which can decode sk(n) and ck jointly to
attain better performance. The specific demodulation process
is described as follows.

According to [16], when BS jointly decodes sk(n) and ck
with the ML detector, the backscatter link can be treated as an
extra multi-path component for decoding sk(n). If ck can be
decoded perfectly, the conditional signal-to-interference-plus-
noise ratio (SINR) for sk(n) is given by

γs,k(ck) =

��√PkwH
k (fk + ckbk)

��2
K�

i=k+1

��√PiwH
k fi

��2 +
K�

i=k+1

��√PiwH
k bi

��2 + σ2
k

,

(3)

where σ2
k = E

���wH
k z

��2	 = wH
k E



zzH

�
wk = σ2�wk�2

2.
According to [11], when Q is large, the perfect decode

of ck is possible, thus the achievable rate of sk(n) can be
approximated by taking an expectation over ck, which is given
by (4). Note that if Q is small, (4) should be viewed as the
upper bound of Rs,k.

Rs,k ≈ Eck
{log2(1 + γs,k(ck))} . (4)

To decode ck, the maximal ratio combing (MRC) technique
can be adopted since ck covers Q symbol periods of the
primary signal sk(n). In this case, according to [16], when
Q� 1, the approximated SINR for ck can be expressed as

γc,k ≈ Q
��√PkwH

k bk

��2
K�

i=k+1

��√PiwH
k fi

��2 +
K�

i=k+1

��√PiwH
k bi

��2 + σ2
k

. (5)

With the MRC technique, although γc,k is increased by Q
times as shown in (5), the symbol rate of ck is decreased by
1
Q . Therefore, the achievable rate of ck can be approximated
as

Rc,k ≈ 1
Q

log2

�
1 +

1
Γ
γc,k



, (6)

where Γ is the SINR gap to capacity [32], which is introduced
to represent the capacity reduction due to the lower-order
BPSK modulation used.

Remark 1: It is seen that the received SINR of ck (5)
increases as Q increases because of spreading gain. However,
it is seen that the achievable rate of ck (6) decreases as Q
increases. Therefore, there is a trade-off between the data
rate and reliability of transmitting ck(n) when we set the
Q value. The design of Q is an interesting and complex
topic in SR systems. We refer the readers to [33] for more
insights on the selection of Q values. In [33], the authors
have derived the expression of the minimum Q that enables
the primary transmission to gain benefits from the existence
of the secondary transmission and analyzed the trade-off
between the data rate and reliability in SR for arbitrary K .

B. Frame Structure and Channel Estimation

Based on [16], we develop a new frame structure as shown
in Fig. 2 to support the RIS-based MU-MIMO SR system,



Fig. 2. The transmission frame for RIS-based MU-MIMO SR system.

where the users and RISs jointly send pilots to estimate
channels.

In the uplink training slot, each set of RIS and the user
and RIS takes turns sending pilots, and then the relevant
channels are estimated. Specifically, the combined channel
heq,k = fk + ckbk where heq,k ∈ CM×1 is first estimated
via the conventional channel estimation method and protocol
[34]. According to Remark 2, with the knowledge of heq,k, fk
and bk can also be estimated based on the IoT transmission
enabled by the SR system. Next, in order to configure the
phase-shift matrix at RIS k, the CSI between the BS and RIS
k (Gk) and that between RIS k and user k (hk) should be
estimated separately, e.g., using the techniques introduced in
[8], [35], or [36]. Note that it is hard to estimate the cascaded
channel with high accuracy because the RIS, unlike the BS
or the users, has limited signal processing capability [17].
Besides, the number of RIS elements is usually large, which
also increases the difficulty of channel estimation [8].3

In the RIS configuration slot, with the knowledge of CSI,
the received beamforming matrix W = [w1,w2, . . . ,wK ] ∈
CM×K and the phase-shift matrix V = [V1,V2, . . . ,VK ] can
be optimized jointly using the proposed algorithms. Then, each
RIS is reconfigured accordingly. After that, with the optimized
W∗ and V∗, the uplink and downlink data transmission starts.4

Remark 2: As shown in Fig. 2, we let RIS k send ‘+1’ and
‘−1’. When RIS k sends ‘+’, i.e., ck = 1, we have heq,k =
fk + bk. Similarly, when RIS k sends ‘−1’, i.e., ck = −1,
we have heq,k = fk − bk. Then, with a simple calculation,
we can obtain fk and bk separately based on the knowledge
of heq,k.

C. Problem Formulation

This paper aims to maximize the WSR of all the primary
and IoT signals by jointly designing the receive beamforming
vector at the BS and the phase-shift matrix at each RIS. Two
optimization problems are formulated, one for the case of
perfect CSI and the other for the case of imperfect CSI.

3It is worth mentioning that if we adopt only the compressed sensing
methods introduced in [35] and [36], we can still obtain the combined channels
from the estimated cascaded channels. However, as the channel estimation
time is limited, it is difficult for the compressed sensing method to estimate
the cascaded channels in high accuracy with short training pilots [37]. In this
case, the combined channels will be affected by the error in the estimated
cascaded channels or it may take a long time for channel estimation to
reach higher accuracy. Therefore, we decide to use different algorithms to
estimate the combined channels and the cascaded channels and thus assume
differences in the estimation accuracy of different channels. Based on this,
different CSI models are considered for different channels, which is shown
in Section II-C.2.

4Note that, similar to [16], in the downlink transmission slot, training pilots
are still needed to make the downlink users know the knowledge of optimized
W∗ and V∗, which are omitted in Fig. 2.

1) Perfect CSI: First, we assume that the CSI of all the
channels is perfectly known at the BS. This assumption is
similar to [5]–[9]. The result obtained under the assumption
of perfect CSI can be considered as an upper bound to the
case when such CSI information is only known imperfectly.
We have W = [w1,w2, . . . ,wK ] and V = [V1,V2, . . . ,VK ],
thus the WSR maximization problem can be formulated as

P1: max
W,V

fa(W,V) =
K�

k=1

ρs,kRs,k+
K�

k=1

ρc,kRc,k

s.t. |vkn| = 1, 1 ≤ k ≤ K, 1 ≤ n ≤ Nk, (7)

�wk�2
2 ≤ 1, 1 ≤ k ≤ K, (8)

where ρs,k and ρc,k are the weighting factors for sk(n) and
ck, respectively.

As shown in (4) and (6), fractional terms are involved in
Rs,k and Rc,k, which makes the objective function non-convex.
Besides, the coupling effect of W and V as well as the mathe-
matical operations of expectation involved in Rs,k further com-
plicate the optimization. Therefore, it is challenging to find a
global optimal solution. Besides, although P1 could be solved
by the semi-definite relaxation technique, the computational
complexity for optimizing Vk reaches O(N6

k ) [37], which is
unacceptable as Nk is usually large in reality. Therefore, our
objective is to find a low-complexity suboptimal algorithm that
can solve P1 effectively.

2) Imperfect CSI: In this case, we adopt the imperfect
CSI setup introduced in [8]. Specifically, as mentioned in
Section II-B, it is difficult to estimate the cascaded channels
separately with high accuracy. Thus the CSI of Gk and hk is
assumed to be imperfect. And the CSI of fk and bk is still
assumed to be perfect for simplifying the model.

Similar to [8], to measure the impact of channel estimation
errors of Gk and hk, we let ĥk ∈ CNk×1 and Ĝk ∈ CNk×M

denote the estimation of hk and Gk, respectively, and let
Δhk = hk − ĥk ∈ CNk×1 and ΔGk = Gk − Ĝk ∈
CNk×M denote the channel estimation errors of hk and Gk,
respectively. According to [38] and [39], the distribution of
Δĥk and ΔĜk are independent of the estimated channels
ĥk and Ĝk when minimum mean square error estimation is
applied. Therefore, Δhk and ΔGk can be modeled as the
realizations from F = {Δhk(ς),ΔGk(ς), ∀k, ∀ς}, where ς
denotes the index of random realizations.

Under the above assumption of frame structure and imper-
fect CSI model, the WSR maximization problem can be
expressed as

P2: max
V

fb(V) = Eς

�
max

W
fa(W,V; ς)

	
s.t. |vkn| = 1, 1 ≤ k ≤ K, 1 ≤ n ≤ Nk, (9)

�wk� 2
2 ≤ 1, 1 ≤ k ≤ K, ∀ς. (10)

P2 is a stochastic optimization problem with inner-layer
variable W and outer-layer variable V, and both the inner-layer
and outer-layer subproblems are non-convex with no closed-
form solutions. Specifically, in the inner optimization con-
cerning W, the objective function is non-convex and the
operation of mathematical expectation is involved. In the
outer optimization concerning V, another expectation operator



is involved in the objective function, and even worse, the
probability density function of F is usually very complicated
and has no closed-form expression. Therefore, it is challenging
to find an algorithm to solve P2.

III. BLOCK COORDINATE DESCENT METHOD WITH

PERFECT CSI

In this section, we solve P1 with the BCD method. BCD
method is widely used for minimizing a continuous function
of multiple block variables. The basic idea of BCD is to
minimize the objective function concerning one block of
variables while the other blocks are held fixed. To solve P1,
we first transform the non-convex objective function to a
form that is suitable for the BCD method based on several
different fractional programming techniques such as Lagrange
dual transformation and quadratic transformation [18]. Then
we decompose the original problem into two subproblems
with the BCD method and solve them one by one.

A. Fractional Programming

Firstly, as message ck adopts the BPSK modulation scheme,
the expectation operation involved in fa(W,V) can be replaced
with the statistical average. Next, with the Lagrangian dual
transform [18], the logarithm in fa(W,V) is eliminated, and
P1 is equivalently written as

P1-a: max
W,V,β

fr(W,V,β)

s.t. (7), (8),

where β = {βs,kj , βc,k}j=1,2,
k=1,2,...,K, is a set of auxiliary

variables, and fr(W,V,β) is given by

fr(W,V,β)

=
K�

k=1

2�
j=1

ρs,k

2
log2 (1 + βs,kj) −

K�
k=1

2�
j=1

ρs,k

2
βs,kj

+
K�

k=1

ρc,k

Q
log2 (1 + βc,k) −

K�
k=1

ρc,k

Q
βc,k

+
K�

k=1

2�
j=1

ρs,k

2
(1 + βs,kj)

��√PkwH
k (fk + c̃jbk)

��2��√PkwH
k (fk + c̃jbk)

��2 + nk

+
K�

k=1

ρc,k

Γ
(1 + βc,k)

��bH
k wk

��2
Q
Γ

��bH
k wk

��2 + nk

, (11)

where c̃1 = 1, c̃2 = −1, and nk =
�K

i=k+1

��√PiwH
k fi

��2 +�K
i=k+1

��√PiwH
k bi

��2 + σ2
k. As fr(W,V,β) is concave for

each βs,kj or βc,k, by setting ∂fr(W,V,β)
∂βc,k

= 0 or ∂fr(W,V,β)
∂βs,kj

=
0, the optimal β is:

βo =

⎧⎨
⎩
βo

c,k = Q
Γ

|∘PkwH
k bk|2

nk
,

βo
s,kj = |∘PkwH

k (fk+c̃jbk)|2
nk

.

⎫⎬
⎭

j=1,2,
k=1,2,...,K.

(12)

As discussed above, we have eliminated both the expecta-
tion and logarithm operator involved in P1 and equivalently
transformed P1 into P1-a. Next, based on the technique of
quadratic transformation [18], we will apply the BCD method
to optimize W and V successively.

B. The Optimization of W

In this subsection, the optimization of W is considered with
the given value of β and V.

It is seen that W is only involved in the last two non-convex
fractional terms of fr(W,V,β). Therefore, we apply the
quadratic transformation to deal with the fractional terms, then
the equivalent optimization problem of P1-a for given values
of β and V is written as

P1-b: max
W,ξ

fq1(W, ξ)

s.t. (8),

where ξ = {ξs,jk, ξc,k}j=1,2,
k=1,2,...,K, is another set of auxiliary

variables, and fq1(W, ξ) is given by

fql(W, ξ)

= const(β) +
K�

k=1

[−|ξc,k|2(
Q

��√PkwH
k bk

��2
Γ

+ nk)

+2Re{ξ∗c,k
�
Pkρc,k (1 + βc,k)

Γ
wH

k bk}]

+
K�

k=1

2�
j=1

[2Re{ξ∗s,kj

�
Pkρs,k (1 + βs,kj)

2
wH

k (fk + c̃jbk)}

−|ξs,kj |2(
����PkwH

k (fk + c̃jbk)
���2 + nk)]. (13)

It can be proved that P1-b is convex for each ξs,kj or ξc,k.
Thus, by setting ∂fq1(W,ξ)

∂ξc,k
= 0 and ∂fq1(W,ξ)

∂ξs,kj
= 0, the optimal

solution of ξ can be obtained as

ξo =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
ξo
c,k =

�
Pkρc,k(1+βc,k)

Γ wH
k bk

(Q/Γ)|∘PkwH
k bk|2+nk

,

ξo
s,kj =

�
Pkρs,k(1+βs,kj)

2 wH
k (fk+c̃jbk)

|∘PkwH
k (fk+c̃jbk)|2+nk

.

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

j=1,2,
k=1,2,...,K.

(14)

As P1-b is also convex for each wk, W can be obtained
with the optimal value of ξ as

wo
k =

⎧⎨
⎩

B−1
w,kaw,k, if

���B−1
w,kaw,k

��� ≤ 1

B−1
w,kaw,k/

���B−1
w,kaw,k

��� , otherwise

(15)

where aw,k =
�2

j=1 ξ
∗
s,kj

�
Pkρs,k(1+βs,kj)

2 (fk + c̃jbk) +

ξ∗c,k

�
Pkρc,k(1+βs,kj)

Γ bk, Bw,k =
�2

j=1 |ξs,kj |2[Pk(fk +

c̃jbk)(fk + c̃jbk)H + δk] + |ξc,k|2[(QPkbkbH
k

Γ ) + δk], where
δk =

�K
i=k+1 Pi(fifHi + bibH

i ) + σ2IM .
As discussed above, with the given value of β and V, the

optimal value of ξ is obtained according to (14). With the
optimal value of ξ, the optimal value of W can be obtained
according to (15). In the next subsection, we deal with the
optimization of V.

C. Successive Convex Approximation Method for V

In this subsection, V is optimized with the given value of
β and W. We apply the SCA method [19] to deal with the
non-convexity. The specific process is discussed as follows.



Similar to Section III-B, the technique of quadratic trans-
formation is applied to deal with the non-convex terms. Thus,
with the given value of β and W, P1-a is equivalently
transformed into

P1-c: max
V,ε

fq2(V, ε)

s.t. (7),

where ε = {εs,jk, εc,k}j=1,2,
k=1,2,...,K, is a new set of auxiliary

variables, and fq2(V, ε) is given by

fq2(V, ε)

= const(β) +
K�

k=1

[−|εc,k|2(
Q

��pH
kkvk

��2
Γ

+ nk)

+2Re{ε∗c,k
�
ρc,k (1 + βc,k)

Γ
pH

kkvk)}]

+
K�

k=1

2�
j=1

[2Re{ε∗s,kj

�
ρs,k (1 + βs,kj)

2
(Bkk + c̃jpH

kkvk)}

−|εs,kj |2(
��Bkk + c̃jpH

kkvk

��2 + nk)], (16)

where Bki =
√
PkwH

k fi, pH
ki =

√
αi

√
PkwH

k GH
i diag(hi),

nk =
�K

i=k+1

��pH
kivi

��2 +
�K

i=k+1 |Bki|2 + σ2
k , and vi =

[vi1, vi2, . . . , viNi ]H ∈ CNi×1 denotes the passive beamform-
ing vector at RIS i.

Similarly, by setting ∂fq2(V,ε)
∂εc,k

= 0 and ∂fq2(V,ε)
∂εs,kj

= 0, the
optimal value of ε can be obtained as

εo =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
εo
c,k =

�
ρc,k(1+βc,k)

Γ pH
kkvk

Q
Γ |pH

kkvk|2+nk

,

εo
s,kj =

�
ρs,k(1+βs,kj)

2 Bkk+c̃jp
H
kkvk

|Bkk+c̃jpH
kkvk|2+nk

.

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

j=1,2,
k=1,2,...,K.

(17)

Next, with the given value of ε, P1-c can be equivalently
transformed to

P1-c-V: min
V

−fq2(V)

s.t. (7).

Similar to [37], it is easily proved that fq2(V) can be
transformed into a much simpler form by combining the linear
terms and the quadratic terms of vk, which is given by

fq2(V) = −
K�

k=1

vH
k Ukvk +

K�
k=1

2Re{dH
k vk} + const, (18)

where

Uk =
2�

j=1

|εs,kj |2pkkpH
kk +

Q|εc,k|2pkkpH
kk

Γ

+
k−1�
i=1

pikpH
ik(|εc,i|2 +

2�
j=1

|εs,ij |2), (19)

dk =
2�

j=1

c̃j(εs,kj

�
ρs,k (1 + βs,kj)

2
pkk − |εs,kj |2Bkkpkk)

+εc,k

�
ρc,k (1 + βc,k)

Γ
pkk. (20)

It is seen that the optimization of vk is independent
of each other. Therefore, by replacing vk with θk =
[ejθk1 , ejθk2 , . . . , ejθkNk ]H ∈ CNk×1, P1-c-V can be trans-
formed to K unconstrained subproblems, and the k-th sub-
problem given by

P1-d-(k): min
θk∈CNk

fq3,k(θk),

where fq3,k(θk) Δ= (ejθk)HUke
jθk − 2Re



dH

k e
jθk

�
.

As fq3,k(θk) is still non-convex, we adopt the SCA
method [19] to optimize θk. According to Proposition
1 of [19], as fq3,k(θk) is continuously differentiable, we can
construct fq4,k(θk, θ̄k) as the approximate function of
fq3,k(θk), as long as the following conditions are satisfied:

fq4,k(θ̄k, θ̄k) = fq3,k(θ̄k), (21)

fq4,k(θk, θ̄k) ≥ fq3,k(θk), (22)

where θ̄k is the value of θk at the previous iteration.
According to (21) and (22), by applying the second-order

Taylor expansion, we can obtain an approximate func-
tion of fq3,k(θk) as fq4,k(θk, θ̄k) = fq3,k(θ̄k) +
∇fq3,k(θ̄k)H(θk−θ̄k)+ μk

2

��θk − θ̄k

��2
, where ∇fq3,k(θ̄k) =

2Re
�
−jθ̄∗

k ◦ (Ukθ̄k − dk)
	

, and the value of μk should

satisfy (22).5 With the approximate function fq4,k(θk, θ̄k),
we can formulate the surrogate problem of P1-d-(k) as

P1-e-(k): min
θk∈CNk

fq4,k(θk, θ̄k).

According to [19], we can still obtain the stationary solution
of P1-d-(k) by solving P1-e-(k). As P1-e-(k) is convex for θk,
we can obtain the update rule of θk as

θk = θ̄k − ∇fq3,k(θ̄k)
μk

. (23)

Besides, we can accelerate the convergence of the proposed
BCD method by carefully choosing a proper search step
1

μk
[8]. Specifically, we can design μk based on the Armijo

rule [41]:

fq3,k(θ̄k) − fq3,k(θk) ≥ υk
1
μk

��∇fq3,k(θ̄k)
��2

2
, (24)

where 0 < υk < 0.5, and μk = min{ 1

μj
0
}j=0,1,2,..., i.e., j =

min
j

�
1

μj
0

	
, where μ0 < 1.

D. Discussion

The proposed BCD method is summarized in Algorithm 1
and described as follows. First, W and V are initialized with
W(0) and V(0), respectively. Then they are updated iteratively.
In the t-th iteration, W(t) is updated with the values of W(t−1)

and V(t−1). While updating W(t), a set of auxiliary variables
β(t), ξ(t), and ε(t) are also updated. The set of operations for
updating β(t), ξ(t), W(t), and ε(t) is grouped into functionA

5We adopt the second-order Taylor expansion to ensure the convexity of
the surrogate function, and use constraints (21) and (22) to ensure that the
surrogate function is the global upper bound of the original function. In this
case, according to [40], the SCA method for solving P1-d-(k) is equivalent
to the Majorize-Minimization (MM) method.



as shown in Algorithm 2. With update W(t), the phase-shift
matrix for each RIS is updated one by one. Note that once
the updated value of the phase-shift matrix V(t)

k for RIS k

is obtained, the beamforming matrix W(t) is updated again.
Once all the phase-shift matrices are updated, the values of
W(t) and V(t) = [V(t)

1 ,V(t)
2 , . . . ,V(t)

K ] are fed into the (t+1)-
th iteration. Then the above-described process repeats.

Algorithm 1 BCD Method for the Perfect CSI Case

1: Initialize V(0) and W(0) to feasible values; Let t = 0;
2: repeat
3: t = t + 1;
4: [β̃

(t)
, ξ̃

(t)
, W̃

(t)
, ε̃(t)] = functionA(V(t−1), W(t−1)).

5: for k=1,2,…,K do
6: Update Uk and dk according to (19) and (20) for all k;
7: Design μ

(t)
k with Armijo rule shown in (24), and update θ

(t)
k

with (23).
8: Update V(t)

k with θ
(t)
k and let Ṽ

(t)
=

[V(t)
1 , V(t)

2 , . . . , V(t)
k , V(t−1)

k+1 , . . . , V(t−1)
K ];

9: [β̃
(t)

, ξ̃
(t)

, W̃
(t)

, ε̃(t)] = functionA(Ṽ
(t)

, W̃
(t)

).
10: end for
11: Let W(t) = W̃

(t)
, V(t) = Ṽ

(t)
.

12: until The value of function fa(W, V) in P1 converges.

Algorithm 2 [β, ξ,W, ε] = functionA(V, W̄)
1: Determine β with (12);
2: Update ξ with (14);
3: Update W with (15);
4: Update ε with (17).
5: return [β, ξ, W, ε].

We would like to discuss the convergence of Algorithm 1
first. According to [42], the BCD-based algorithm is guaran-
teed to converge if the objective function is monotonically
nondecreasing after each update. As discussed above, Algo-
rithm 1 contains Algorithm 2. As for Algorithm 2, it is
easily proved that the objective function is monotonically
nondecreasing, because the optimal value of the corresponding
optimization variable for each step can be obtained. Except for
Algorithm 2, only the line 7 in Algorithm 1 may lead to the
non-convergence, which updates θ

(t)
k from θ

(t−1)
k with (23).

Based on (21) and (22), we have:

fq3,k

�
θ

(t−1)
k

�
= fq4,k

�
θ

(t−1)
k ,θ

(t−1)
k

�

≥ fq4,k

�
θ

(t)
k ,θ

(t−1)
k

�
≥fq3,k

�
θ

(t)
k

�
. (25)

Therefore, the objective function of P1-d-(k), i.e., fq3,k(θk),
is monotonically nonincreasing with (23). Thus, when the
other θi (i 
= k) are fixed, the objective function of P1-c-V,
i.e., −fq2(V) is monotonically non-decreasing with (23).
Namely, fq2(V) is monotonically non-decreasing with (23).
It is shown that in [42], with fixed β, ξ, W, and ε, fq2(V)
is equivalent with the objective function of P1, i.e., fa(W,V).
Therefore, the objective function of P1 is monotonically
non-decreasing with (23). As discussed above, during the
process of the BCD method for the perfect CSI case, the

objective function of P1 is monotonically nondecreasing, thus
the BCD method for the perfect CSI case must converge. The
convergence for Algorithm 3 and Algorithm 4 can be proved
in a similar way.

Next, we would like to discuss the complexity of Algo-
rithm 1 and Algorithm 2. For simplicity, we assume that
Nk = N for all k, which means all RISs have the same number
of reflective elements. For Algorithm 2, the complexity of
updating the auxiliary variables β, ξ, and ε is O(2K2M +
15KM), and the complexity of updating W is O(KM3 +
21KM2+13KM). Thus, the complexity of Algorithm 2 can
be approximated as O(2K2M+KM3+21KM2). Note that in
line 7 of Algorithm 1, we use the Armijo rule to determine the
value of μk. During this process, functionA is called a number
of times implicitly. Denote the number of times it is called as
IA. With the updated μk, the complexity of updating V(t)

k is
O(3

2KN
2+3N2). Thus, the total complexity of Algorithm 1

is O(IO(3
2K

2N2+3KN2+KIA(2K2M+KM3+21KM2)).
As shown in Section VI, the proposed BCD method can

obtain significant performance gain compared to different
baseline systems. However, it has a few drawbacks. First,
in the optimization of W, the operation of matrix inversion
is required, which is of high complexity. Second, in the
optimization of V, K iterations are needed. In every such
iteration, IA times Armijo searches are required. This further
increases the complexity of Algorithm 1. To overcome these
drawbacks, we propose another algorithm for solving P1 in
Section IV, which can achieve comparable performance gain
but with much lower complexity.

IV. LOW-COMPLEXITY BCD METHOD

WITH PERFECT CSI

In this section, we develop a low-complexity BCD method
(LC-BCD) to solve P1. While the algorithm framework is
similar to that introduced in Section III, the LC-BCD method
can eliminate the operation of matrix inversion in the optimiza-
tion of W, and get rid of the inner iteration for searching μk

involved in the optimization of V. Specifically, after applying
the fractional programming techniques, the prox-linear BCD
method [43] is applied to optimize W, and the iterative
method [7] is applied to optimize V.

A. Prox-Linear BCD Method for Optimizing W

As discussed in Section III-B, with the fixed value of β
and V, P1-a is equivalently transformed to P1-b, and ξ and is
updated by (14). Therefore, with the given value of ξ, we aim
to find a low-complexity algorithm for solving the equivalent
question of P1-b, which is given by

P1-b-W: min
W

−fq1(W)

s.t. (8).

Denote g(wk) as the gradient of −fq1(W) with respect to
wk, i.e., g(wk) = −∂fq1(W)

∂wk
. With a simple deduction, we can



obtain the expression of g(wk), which is given by

g(wk)

= −2ξ∗c,k

�
Pkρc,k(1 + βs,kj)

Γ
bk

+2 |ξc,k|2 (
QPkbkbH

k

Γ
+ δk)wk

+
2�

j=1

[−2ξ∗s,kj

�
Pkρs,k(1 + βs,kj)

2
(fk + c̃jbk)

+2|ξs,kj |2(Pk (fk + c̃jbk) (fk + c̃jbk)H + δk)wk]. (26)

We find that �gk(x) − gk(z)�F ≤ Lk�x − z�F for
∀x, z ∈ CM×1, where Lk = �2|ξc,k|2(Q

ΓPkbkbH
k +

δk)+
�2

j=1 2|ξs,kj |2(Pk(fk + c̃jbk)(fk + c̃jbk)H + δk)�F .
Therefore, g(wk) is Lipschitz continuous. In this case,
with the prox-linear BCD method [43], P1-b-W can be
approximated as

P1-f: min
W

K�
k=1

(Re{g(ŵk)H(wk − ŵk)}

+
Lk

2
�wk − ŵk�2)

s.t. (8).

In P1-f, ŵk denotes the extrapolated point for wk, and ŵk =
ẇk + �k (ẇk − ẅk) [43], where ẇk is the current value of wk

and ẅk is the previous value of wk before it was updated to
ẇk. Besides, �k > 0 is the extrapolation weight for wk, and

the update rule for �k is �k = min( z−1
z̄ , 9999

10000

�
L̄k

L ), where z̄
and L̄k denote the value of z and Lk at the previous iteration.
By setting the initial value of z as zero, then z can be updated
by z = 1

2 (1 +
√

1 + 4z̄2). Finally, based on the form of P1-f,
we can obtain a simple update rule of W, which is given by

wk =
1

Lk − 2λk
(Lkŵk − ĝk) , (27)

where λk = Lk

2 − 1
2�Lkŵk − ĝk�2.

As the matrix inversion operation is eliminated, the com-
plexity for updating W with the prox-linear BCD method
is significantly reduced compared with that introduced in
Section III. Besides, as fq1(W) satisfies the Kurdyka–
Łojasiewicz property, the convergence of the prox-linear
BCD method for optimizing W can be established with
Lemma 2.8 of [43].

Next, with the given value of W, we develop a new
algorithm for optimizing V.

B. Iterative Method for Optimizing V

As discussed in Section III-C, with the fixed value of β
and W, P1-a can be equivalently transformed to P1-c, and ε
is updated according to (17). Therefore, with the given value
of ε, we aim to find a low-complexity algorithm for optimizing
V in this subsection.

According to the form of fq2(V) as shown in (18), we adopt
the iterative method introduced in [7]. We only optimize the
reflection coefficient of one element at one RIS each time

while keeping the other reflection elements unchanged. The
specific process is discussed as follows.

First, we have: vH
k Ukvk = v∗knukn,knvkn + 2Re{�Nk

j=1,j �=n v
∗
knukn,kjvkj}+

�Nk

j=1,j �=n

�Nk

i=1,i�=n v
∗
kiuki,kjvkj ,

dH
k vk = d∗knvkn +

�N
i=1,i�=n d

∗
kivki. Therefore, when we

optimize the n-th reflection coefficient at the k-th RIS, with
the other reflection elements unchanged, fq2(V) can be trans-
formed to

fq5,kn(vkn) = 2Re{v∗knA2,kn} − |vkn|2A1,kn, (28)

where A1,kn=ukn,kn, A2,kn=dkn −
Nk�

j=1,j �=n

ukn,kjvkj . As a

result, by applying the iterative method, P1-c can be divided
into

�K
k=1Nk subproblems:

P1-g-(k,n): max
vkn

fq5,kn(vkn)

s.t. (7).

When we optimize vkn, the subproblem P1-g-(k,n) is con-
vex with respect to vkn. Thus we can obtain the expression of
optimal vkn with simple deduction:

vo
kn = exp

�
arg min

ϕkn∈[0,2π]
|ϕkn − ∠A2,kn|



. (29)

C. Discussion

We summarize the proposed LC-BCD method in Algo-
rithm 3. In Algorithm 3, the complexity of updating β, ξ, and
ε is the same as Algorithm 2, which is O(2K2M +15KM).
With the updated β and ξ, the complexity of updating W
is O(21KM2 + 23KM). With the updated β and ε, the
complexity of updating V is O(3

2K
2N2 +4KN2). Therefore,

the total complexity of Algorithm 3 is O(IO(3
2K

2N2 +
4KN2 + 2K2M + 21KM2)).

It is seen that the complexity of the LC-BCD method is
much lower compared with the complexity of Algorithm 1.
Specifically, the term O(KM3) involved in the complexity of
Algorithm 1 is eliminated, which corresponds to the matrix
inversion operation. Besides, thanks to the iterative algorithm
discussed in Section IV-B, the operation for Armijo search
is eliminated and the complexity of Algorithm 3 concerning
(2K2M + 21KM2) is reduced by KIA times.

Algorithm 3 LC-BCD Method for the Perfect CSI Case
1: : Initialize W, V to feasible values.
2: repeat
3: Update β with (12);
4: Update ξ with (14);
5: Update W with (15);
6: Update ε with (17);
7: Update vkn with (29) for all k and n.
8: until the value of function fa(W, V) in P1 converges.

V. BCD METHOD WITH IMPERFECT CSI

This section extends the BCD method to address the case
with imperfect CSI and solve P2. It is easily found that P2
can be decomposed into two subproblems.



The outer-layer subproblem is given by

P2-a: min
V

fb1(V) Δ= Eς {g(V; ς)}
s.t. (9).

The inner-layer subproblem is given by

P2-b: g(V; ς) = min
W

−fa(W,V; ς)

s.t. (10).

Next, we solve P2-b to optimize W first and then solve P2-a
to optimize V.

A. The Optimization of W

Algorithm 4 [β, ξ,W, ε] = functionB(V, W̄; ς)

1: Set j = 0; W(0) = W̄.
2: repeat
3: j = j + 1.
4: Update β(j), ξ(j), W(j), and ε(j) with given V and ς .
5: until The value of fa(W,V) converges.
6: return [β(j),ξ(j),W(j), ε(j)].

In this subsection, P2-b is considered with a given V and a
fixed sample index ς .

As P1 is equivalent to P2-b with given V and ς , we apply the
BCD method introduced in Section III-B to solve P2-b, and
a corresponding stationary solution [β(ς), ξ(ς),W(ς), ε(ς)]
is obtained. The specific process of which is shown in
Algorithm 4.

Then, with the stationary solution, similar to Section III-C,
ĝ(V; ς) can be approximated as ĝ(V; ς) =

�K
k=1 vH

k Uk(ς)vk−�K
k=1 2Re{dk(ς)Hvk}+const, where Uk(ς) and dk(ς) corre-

spond to Uk and dk shown in (19) and (20). Next, similar to
P1-c-V, after dropping the irrelevant terms, P2-a can be trans-
formed to K unconstrained subproblems. The k-th subproblem
is:

P2-c-(k): min
θk

fb2(θk) Δ= Eς {ĝk(θk; ς)} ,

where ĝk(θk; ς) =
�
ejθk

�H
Uk(ς)ejθk − 2Re



dk(ς)Hejθk

�
.

As discussed above, we have obtained a stationary solu-
tion for the inner-layer problem P2-b and transformed the
outer-layer problem P2-a to P2-c-(k) by utilizing the solution
of the P2-b. Next, we aim to find a stationary solution of
P2-c-(k), and it will also be the stationary solution of P2.

B. Online SCA Method for the Optimization of V

Firstly, we apply the online version SCA method [22]
to eliminate the expectation operator involved in P2-c-(k).
Specifically, at the t-th iteration, a new set of channel samples
(ςt) is generated, and fb2(θk) can be approximated recursively
by r(t)k as follows

r
(t)
k = (1 − ωt) r

(t−1)
k + ωtĝk(θ(t−1)

k ; ςt), (30)

where r
(0)
k equals zero for all k, ωt ∈ (0, 1] denotes the

weighting factor of the current channel realization (ςt) at the

t-th iteration, and (1−ωt) denotes the weighting factor of the
previous channel realizations. The gradient of fb2(θk) is given
by

∇r(t)k = (1 − ωt)∇r(t−1)
k + ωt∇ĝk(θ(t−1)

k ; ςt), (31)

where

∇ĝk(θ(t−1)
k ; ςt)

= 2Re{−je−jθ
(t−1)
k ◦ ( Uk(ςt−1)ejθ

(t−1)
k − dk(ςt−1))}.

(32)

Besides, according to [22], the approximated
function r

(t)
k can also be expressed as r̄

(t)
k =

(1 − ωt)r
(t−1)
k +ωtĝk(θ(t−1)

k ; ςt)+(∇r(t)k )H(θ(t)
k − θ

(t−1)
k )+

τ
(t)
k

2 �θ(t)
k − θ

(t−1)
k �2. As r̄(t)k is convex for θ

(t)
k , thus we can

obtain the update rule of θ
(t)
k at the t-th iteration as

θ
(t)
k = θ

(t−1)
k − ∇r(t)k

τ
(t)
k

, (33)

where τ (t)
k can be determined by the Armijo rule similar to

(23).
The weighting factors ωt for all t can be regarded as

sequence {ωt}. According to [22], to guarantee the conver-
gence of the online SCA method, {ωt} should satisfy the
following constraints: limt→∞ ωt → 0, limt→∞

�
t ωt = ∞,

and limt→∞
�

t (ωt)
2 <∞.

Remark 3: To satisfy these constraints, similar to [8], [44],
and [45], we use the p-series as ωt in this paper. The series
converges when p > 1, and diverges when p ≤ 1. Therefore,
we set 0.5 < p ≤ 1 to ensure that the above convergence
constraints are satisfied. In the simulation, similar to [8],
we take p = 0.501 as an example.

C. Discussion

We summarize the BCD method for imperfect CSI as
Algorithm 5. It is easily found that the basic framework
of Algorithm 5 is similar to Algorithm 1 except for the
following differences: First, at the beginning of each iteration,
Algorithm 5 needs to generate new channel realizations
hk(ς) and Gk(ς). Second, while functionB involved in

Algorithm 5 requires inner-loop to output stationary solution
of P2-b, functionA involved in Algorithm 1 requires no loop
to generate the output. Third, while the update equations for
β, ξ, W, and ε involved in functionB are the same as those
in functionA, the update equations for V in Algorithm 5,
which are shown from line 7 to line 10, are different from
Algorithm 1.

Next, we discuss the complexity of Algorithm 5. As func-
tionB applies the same updated equations for β, ξ, W, and ε as
functionA, the complexity of Algorithm 4 is O(IE(2K2M+
KM3 + 21KM2)), where IE is the iteration number of the
inner-loop in functionB. Besides, the complexity of updating
V with Algorithm 5 is the same as that with Algorithm 1 [8],
which is O(3

2KN
2+3N2). Therefore, the total complexity of

Algorithm 5 is O(IO(3
2K

2N2 + 3KN2 +KIAIE(2K2M +
KM3+21KM2)). It is seen that Algorithm 5 costs IE times



complexity concerning M compared to Algorithm 1, and the
complexity for updating V remains unchanged.

Algorithm 5 BCD Method for the Imperfect CSI Case

1: Initialize V(0) and W(0) to feasible values; Let t = 0;
2: repeat
3: t = t + 1;
4: Generate new channel realizations hk(ςt) and Gk(ςt) for all

k;
5: [β̃

(t)
, ξ̃

(t)
, W̃

(t)
, ε̃(t)] = functionB(V(t−1), W(t−1); ςt).

6: for k=1, 2, …, K do
7: Update Uk(ςt) and dk(ςt) according to (19) and (20) for all

k;
8: Update ∇ĝk(θ

(t−1)
k ; ςt) with (32);

9: Update ∇r
(t)
k with (31);

10: Decide τ
(t)
k with Armijo rule, then update θ

(t)
k with (33);

11: Update V(t)
k with θ

(t)
k and let Ṽ

(t)
=

[V(t)
1 , V(t)

2 , . . . , V(t)
k , V(t−1)

k+1 , . . . , V(t−1)
K ];

12: [β̃
(t)

, ξ̃
(t)

, W̃
(t)

, ε̃(t)] = functionB(Ṽ(t), W̃
(t)

; ςt).
13: end for
14: Let W(t) = W̃

(t)
, V(t) = Ṽ

(t)
.

15: until the approximated function r
(t)
k shown in (30) converges.

VI. SIMULATIONS

A. Simulation Setup

In this section, we provide simulation results to evaluate the
proposed algorithms. Similar to [8], we consider a RIS-based
femtocell network as shown in Fig. 3. Specifically, the BS is
located at (0,0). Besides, we have 4 RISs and 4 corresponding
users (K = 4). We let Lk denote the distance between RIS k
and the BS, thus the location of the RISs can be expressed as
(L1,0), (0,L2), (−L3,0), and (0,−L4), respectively. In addition,
we assume that the BS is equipped with 16 antennas (M =
16), and all the RISs are equipped with the same number of
reflection elements, i.e., Nk = N for all k, and the same
reflection efficiency, i.e., αi = 0.8 for all i. All users are
assumed to have the same transmit power Pm, i.e., Pk =
Pm for all k. The weighting factors for Rs,k and Rc,k are
assumed to be equal. As

�K
k=1 (ρs,k + ρc,k) = 1, we have

ρs,k = ρc,k = 1
2K . The weighting sequence {ωt} for the

imperfect CSI setup is ωt = 1
t0.501 . Besides, as the typical

SINR of the IoT transmissions in the proposed system is
very small due to the multi-user interference and noise, the
discrete capacity of the BPSK signal can be approximated as
the Gaussian capacity [46]. Thus, we have Γ = 1. Similar
to [12], the period ratio Q is set as 128. The transmission
bandwidth is 180 kHz. The noise power spectral density is
−170 dBm/Hz. The path-loss factors are set according to the
3GPP propagation environment [47]. Specifically, the path loss
for Gk and hk is 22.0lgd + 35.6 dB. The path loss for fk is
36.7lgd+ 32.6 dB.

We assume that Gk and hk follow Rician fading, and
that fk follows Rayleigh fading. Besides, half-wavelength
uniform linear array (ULA) is considered at the BS and
uniform planar array (UPA) are considered at all the
RISs, and thus Gk and hk can be expressed as Gk =
LG,k(

�
νG,k

νG,k+1aN (ϑk, ok)aM (ψk)H +
�

1
νG,k+1Gk) and hk =

Lh,k(
�

νh,k

νh,k+1aN (ςk, ιk)+
�

1
νh,k+1hk), respectively. LG,k and

Lh,k denote the corresponding path-losses of Gk and hk, νG,k

and νh,k denote the Rician factors of Gk and hk. For simplicity,
we set νG,k = νh,k = 10 for all k. ϑk, ok, ψk, ςk, and ιk are the
angular parameters, and aN (ϑk, ok), aM (ψk), and aN (ςk, ιk)
denote the corresponding steering vectors of them. Gk and
hk denote the NLOS components, and they are chosen from
CN (0, 1).

In the imperfect CSI setup, fk is assumed to be perfectly
acquired. Thus only the channel variables Gk and hk need to
be estimated according to the assumption in Section II-C.2.
Similar to [8], we let x denote one of the above variables, and
x̂ denote the corresponding estimate value. We assume that the
estimation error x− x̂ follows zeros mean complex Gaussian
distribution, and all these elements have the same normalized
minimum mean square error:

κ =
E

�|x− x̂|2�
E [|x̂|2] . (34)

To better evaluate the performance of the proposed algorithms,
we introduce three baseline systems:

• Baseline 1 (Random Phase): The passive beamforming
variable V is initialized by a random value and kept
fixed under each channel realization. In this case, only
the active beamforming variable W is optimized with the
proposed algorithms.

• Baseline 2 (Without RIS): All RISs are removed from the
simulation setup, and thus the system degenerates into a
standard uplink MU-MIMO system. Then Zero-forcing
algorithm is adopted for the active beamforming
variable W.

• Baseline 3 (Relay only): All RISs are used only to
enhance the primary transmissions from the users to the
BS but not to transmit information. The joint beamform-
ing scheme proposed in [8] is adopted.

• Baseline 4 (Interference): W and V are still optimized
with the proposed algorithms, i.e., without considering
the interference links. However, the sum rates are cal-
culated with the interference. Similar to fk, we assume
that the interference links follow Rayleigh fading with
the path loss as 36.7lgd+ 32.6 dB.

B. Simulation Results

In this subsection, the locations of users and RISs are fixed
once randomly generated.6 The sum rates are obtained by aver-
aging over 1000 independent small-scale fading realizations.

Fig. 4 shows the convergence speed of different algorithms
with the transmit power Pm = −5 dBm and N = 100.
For the case of perfect CSI, it is observed that the LC-BCD
method can achieve almost the same WSR as the BCD method,
but with a slightly more number of iterations. As discussed
in Section IV-C, the complexity of the LC-BCD method in
each iteration is significantly lower than the BCD method.
Therefore, the overall complexity of the LC-BCD method is

6In this simulation, the RIS locations are (208m, 0), (0, 189m), (−211m,
0), (0, −198m), and the user locations are (195.45m, 35.29m), (−31.43m,
197.08m), (−199.66m, −24.18m), (31.05m, −196.40m).



Fig. 3. The simulation scenario for the RIS-based uplink MU-MIMO SR
system.

Fig. 4. Convergence speed: Pm = −5 dBm, N = 100.

much lower than the BCD method.7 In the case of imperfect
CSI, the proposed method can also converge even though there
are slight fluctuations. It is also seen that when κ increases,
i.e., the channel becomes more uncertain, the proposed BCD
method needs more steps to converge.

Fig. 5 illustrates the sum rate of both the primary trans-
missions from the users and the IoT transmissions from the
RISs for different algorithms concerning Pm when N = 100.
Several observations are made from the figure. Firstly, the

7Specifically, according to Section III-D and Section IV-C, the complexity
of the BCD method is O(IO1(

3
2
K2N2+3KN2+KIA(2K2M +KM3+

21KM2)), and the complexity of the LC-BCD method is O(IO2(
3
2
K2N2+

4KN2+2K2M +21KM2)). As discussed in Section VI-A as an example,
we have K = 4, M = 16, and N = 100. According to Fig. 4, IO1 ≈
60 and IO2 ≈ 100. Besides, we find that the average value of IA is 10.6.
Thus the overall complexity of the BCD method is O(1.2 × 108), and the
overall complexity of the LC-BCD method is O(4.2×107). Thus the overall
complexity of the BCD method is approximately three times that of the LC-
BCD method.

Fig. 5. Sum rate vs Pm: N = 100.

Fig. 6. Sum rate of RISs vs Pm: N = 100.

performance of all the schemes increases with the increase of
Pm, which is as expected. Secondly, the proposed algorithms
achieve significantly higher sum rates compared with Base-
line 1 and Baseline 2, which proves the effectiveness of jointly
optimizing the active and the passive beamforming. Thirdly,
the LC-BCD method achieves almost the same performance
gain as the BCD method, which proves the effectiveness
of the LC-BCD method. Fourthly, when the channel uncer-
tainty equals zero (κ = 0.0), the BCD method for the
imperfect CSI case achieves almost the same performance
as the BCD method for the perfect CSI case, which is as
expected. When the channel uncertainty is small (κ = 0.1),
the BCD method for the imperfect CSI can achieve a similar
performance gain as the perfect CSI. Besides, even when the
channel uncertainty becomes larger (κ = 0.5), the proposed
BCD method can still achieve considerable performance gain.



Fig. 7. Sum rate vs N : Pm = −5 dBm.

Fifthly, the performance of BCD assuming there is no channel
uncertainty (i.e., perfect CSI, BCD, κ = 0.1) is worse than the
BCD method considering imperfect CSI under the channel
uncertainty of κ = 0.1. It is even worse than the imperfect
CSI BCD method under the channel uncertainty of κ = 0.5.
This shows the importance of robust design and the robustness
of our proposed BCD method for the imperfect CSI case.
In addition, we can find that Baseline 4 achieves almost
the same performance as the proposed system. This means
that if the RISs are deployed far away from each other, the
interference links will have a limited effect on the system
performance. In this case, we can ignore the interference links
and this greatly simplifies the beamforming design. Lastly, it is
seen that Baseline 3 achieves a higher rate performance than
the proposed schemes in this paper. This is because RIS k
in the proposed system needs to transmit sensor information
ck, and the backscatter link may change significantly with the
change of the IoT symbol. Therefore, it is more demanding
for the proposed system in this paper to achieve the same
performance gain as Baseline 3, where the RISs only need to
enhance the primary communication.

Under the same setting as Fig. 5, Fig. 6 illustrates the sum
rate of IoT transmissions for different algorithms with respect
to Pm when N = 100. It is seen that the observations shown
in Fig. 6 are similar to Fig. 5. Besides, it is worth mentioning
that the BCD method for imperfect CSI achieves 0.1 bps/Hz
IoT transmission even when Pm = −10 dBm and � = 0.5.
This verifies that the proposed system not only enhances the
primary transmission as discussed above but also enables the
IoT transmission.

Fig. 7 and Fig. 8 illustrate the sum rate of users and RISs
and the sum rate of RISs for different algorithms, respectively,
concerning N when Pm = −5 dBm. According to Fig. 7,
we have several observations. Firstly, the performance of all
the proposed methods increases with N . This shows that
with the increase in the number of reflection elements at
RISs, more energy is reflected and the beam can be better

Fig. 8. Sum rate of RISs vs N : Pm = −5 dBm.

Fig. 9. CDF vs sum rate: Pm = −5 dBm, N = 100.

steered towards the BS. Secondly, comparing Fig. 5 and
Fig. 7, we find that the proposed methods at N = 160 and
Pm = −5 dBm achieve similar rate performance like that
at N = 100 and Pm = −3 dBm. It shows that adjusting
Pm is more effective than adjusting N . This is because,
both the direct and backscatter links are enhanced when Pm

increases, while only the backscatter links are enhanced when
N increases. As for Fig. 8, similar observations can be made.

Next, we are interested in the impact of users’ loca-
tions on the system performance. We consider that the four
users are uniformly and randomly distributed in four cir-
cles with a radius of 10m and centered at (200m,30m),
(−30m,200m), (−200m,−30m), (30m,−200m), respectively.
We consider 100 random samples of locations for each user.
Besides, under each sample of user locations, 100 channel
realizations with independent small-scale fading are further
generated. The simulation results in terms of the cumulative



Fig. 10. CDF vs sum rate of RISs: Pm = −5 dBm, N = 100.

distribution function (CDF) of the sum rate of both users
and RISs and the sum rate of RISs are illustrated in Fig. 9
and Fig. 10, respectively. It is seen that the performance
gains of all the proposed schemes are stable and consistent
with the case when the user locations are fixed. Therefore,
we can conclude that the proposed methods can achieve
stable and good performance gains compared with the baseline
schemes with a high probability even when the users’ locations
change.

VII. CONCLUSION

This paper proposes a RIS-based uplink MU-MIMO SR
system comprising multiple RISs and multiple PRs. Each RIS
is applied to enable both the enhanced primary transmission
from one nearby user and the IoT transmission from itself.
The joint design of the active and passive beamforming has
been investigated to maximize the WSR of the primary and
IoT transmissions. Besides, both the perfect and imperfect
CSI setups have been considered. For the perfect CSI setup,
a BCD-based method and a corresponding low-complexity
method have been proposed. Next, the BCD method has been
extended to the imperfect CSI setup. Simulation results have
shown that the proposed system not only enhances the primary
transmission from users to the BS compared to different
baseline systems, but also enables the IoT transmission from
the RISs to the BS. Besides, when the channel uncertainty
is small, the BCD method for the imperfect CSI setup
incurs only marginal performance loss when the CSI error
is small.
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