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Abstract: Owing to the inherent central information processing and resource management ability, the cloud radio
access network (C-RAN) is a promising network structure for an intelligent and simplified sixth-generation (6G)
wireless network. Nevertheless, to further enhance the capacity and coverage, more radio remote heads (RRHs) as
well as high-fidelity and low-latency fronthaul links are required, which may lead to high implementation cost. To
address this issue, we propose to exploit the intelligent reflecting surface (IRS) as an alternative way to enhance
the C-RAN, which is a low-cost and energy-efficient option. Specifically, we consider the uplink transmission where
multi-antenna users communicate with the baseband unit (BBU) pool through multi-antenna RRHs and multiple
IRSs are deployed between the users and RRHs. RRHs can conduct either point-to-point (P2P) compression or
Wyner-Ziv coding to compress the received signals, which are then forwarded to the BBU pool through fronthaul
links. We investigate the joint design and optimization of user transmit beamformers, IRS passive beamformers,
and fronthaul compression noise covariance matrices to maximize the uplink sum rate subject to fronthaul capacity
constraints under P2P compression and Wyner-Ziv coding. By exploiting the Arimoto-Blahut algorithm and semi-
definite relaxation (SDR), we propose a successive convex approximation approach to solve non-convex problems,
and two iterative algorithms corresponding to P2P compression and Wyner-Ziv coding are provided. Numerical
results verify the performance gain brought about by deploying IRS in C-RAN and the superiority of the proposed
joint design.
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1 Introduction

With the development of artificial intelligence
(AI), Internet of Things (IoT), mobile Internet,
and industrial Internet, to provide diversified wire-
less network services to the whole society, it is
necessary to build a cross-scenario, cross-business,
reconfigurable, powerful, extremely intelligent,
and extremely simplified wireless network, which
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integrates communication, computing, caching, and
control (the 4Cs) with AI. With this aim, the con-
cept of “intellicise” wireless network (Zhang P et al.,
2022) has been proposed, among which the cloud ra-
dio access network (C-RAN) is one of the potential
candidate network structures (Peng et al., 2020). In
a C-RAN, the baseband processing function of con-
ventional base stations is backward migrated into a
baseband unit (BBU) pool, and radio remote heads
(RRHs) are deployed close to users. Therefore, joint
signal processing and flexible resource management
can be inherently achieved in a C-RAN. Neverthe-
less, high-speed fronthaul links are required to con-
nect RRHs and the BBU pool, which leads to high
implementation cost and complexity for dense de-
ployment of RRHs (Pizzinat et al., 2015). Therefore,
a more cost-effective way to improve the capacity and
coverage of C-RAN is required in the face of increase
of access equipment and data traffic.

To tackle this issue, we propose to exploit the
recently emerging intelligent reflecting surface (IRS)
technology to enhance the C-RAN. An IRS con-
sists of a large number of reflection elements, with
which controllable phase shifts can be imposed on
the impinging waves (Wu and Zhang, 2020). Aided
by this, the IRS can generate the desired reflec-
tion beams and create favorable propagation con-
ditions. Since the IRS is basically a passive device
and solely requires a low-rate control link, it pro-
vides an energy-efficient and cost-effective way to
enhance the C-RAN. Recently, a lot of works have
studied the IRS-assisted wireless communication sys-
tems, e.g., multiple-input multiple-output (MIMO)
systems (Wu and Zhang, 2018; Guo et al., 2019), si-
multaneous wireless information and power transfer
(SWIPT) (Pan et al., 2020), two-way communica-
tion systems (Zhang Y et al., 2020), non-orthogonal
multiple access (NOMA) (Zeng et al., 2021), and
multi-cell systems (Hua et al., 2021). For IRS-
assisted millimeter-wave (mmWave) communication,
Zhu et al. (2020) verified the system performance
improvement based on stochastic geometry analy-
sis. A low-complexity channel information acquisi-
tion method for IRS-assisted mmWave communica-
tion systems was proposed in Cui and Yin (2019).

1.1 Related works

One of the main concerns in C-RAN is the
capacity-limited fronthaul link between the BBU

pool and RRHs, and there are a lot of works consid-
ering fronthaul compression optimization to improve
the system performance. Del Coso and Simoens
(2009) investigated distributed fronthaul compres-
sion based on Wyner-Ziv coding at RRHs and op-
timized the compression noise covariance matrix in
a gradient approach. In Park et al. (2013b), op-
timization of the per-RRH compression noise co-
variance matrix was proposed. Zhou YH and Yu
(2014) considered both point-to-point (P2P) com-
pression and Wyner-Ziv coding at RRHs, and then
they optimized the corresponding quantization noise
covariance matrices to maximize the uplink sum rate.
For both uplink and downlink transmission, the dis-
tributed fronthaul compression techniques were sur-
veyed by Park et al. (2014), and the design frame-
works were proposed. In the C-RAN scheme in
which users and RRHs are equipped with multiple
antennas, the user/RRH beamforming and fronthaul
compression can be jointly designed to further im-
prove the system performance. Zhou YH and Yu
(2016) jointly optimized the user transmit beam-
forming and fronthaul compression for a C-RAN up-
link using the weight minimum-mean-square-error
(WMMSE) approach and the successive convex ap-
proximation (SCA) approach, and thereafter pro-
posed a low-complexity design under a high signal-
to-quantization-noise ratio (SQNR). For the C-RAN
downlink, Park et al. (2013a) considered multivari-
ate compression across RRHs and proposed to jointly
optimize RRH beamforming and fronthaul compres-
sion, wherein a robust design with respect to imper-
fect channel state information (CSI) was also con-
sidered. For the C-RAN with wireless fronthauling,
the beamforming corresponding to the fronthaul link
(i.e., RRH beamforming for uplink and BBU pool
beamforming for downlink) should also be taken into
consideration. The joint design for uplink transmis-
sion was considered in Park et al. (2017a) and Najafi
et al. (2019), and the design for downlink has been
assessed by Park et al. (2016, 2017b).

Up to now, there have been limited works de-
voted to IRS-assisted C-RAN or cell-free networks.
Recently, Huang et al. (2021) proposed a distributed
design framework to jointly optimize the transmit
beamformer and IRS passive beamformer to maxi-
mize the weighted sum rate. An IRS-aided wideband
cell-free network was considered by Zhang ZJ and
Dai (2021), where a joint design was investigated to
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maximize the system capacity. Nevertheless, limited
fronthaul capacity and fronthaul compression opti-
mization were not addressed in the above works. For
the C-RAN with wired fronthaul, Yu et al. (2020) ex-
ploited the IRS to improve the accuracy of over-the-
air computation. Similarly, Weinberger et al. (2021)
investigated methods to obtain the full benefit from
the cooperation of rate splitting and IRS techniques
to improve the energy efficiency of C-RAN. In addi-
tion, Zhang Y et al. (2021) considered the deploy-
ment of a single IRS on the wireless fronthaul in a
C-RAN and jointly optimized transmit beamform-
ing, IRS passive beamforming, and fronthaul com-
pression using a WMMSE-SCA approach.

1.2 Contributions

The main contributions of this paper are sum-
marized as follows:

1. We consider IRS-assisted C-RAN uplink
transmission, wherein multiple IRSs are deployed
between multi-antenna users and RRHs. RRHs con-
duct P2P compression or Wyner-Ziv coding to com-
press the received uplink signals. We investigate the
joint design of user transmit beamforming, IRS pas-
sive beamforming, and fronthaul compression under
the two compression schemes, with the goal of max-
imizing the uplink sum rate. To the best of our
knowledge, the above joint design has not been in-
vestigated in the literature.

2. The design problem is non-convex, wherein
the transmit beamformers, passive beamformers,
and fronthaul compression noise covariance matrices
are coupled. By exploiting the Arimoto-Blahut al-
gorithm (Blahut, 1972) and semi-definite relaxation
(SDR), we propose two iterative algorithms based on
SCA for the cases of P2P compression and Wyner-
Ziv coding, respectively. Moreover, inspired by the
results in the conventional C-RAN (Zhou YH and
Yu, 2016), we modify the proposed algorithms for
high SQNR regime, to reduce the computational
complexity.

Note that the design of IRS passive beamform-
ing is coupled with that of fronthaul compression
through the fronthaul constraints. Therefore, the
joint design investigated in this paper is not a triv-
ial extension of the aforementioned works in con-
ventional C-RAN. Besides, we consider Wyner-Ziv
coding with joint decompression instead of sequen-
tial decompression as in previous works (Park et al.,

2014; Zhou YH and Yu, 2016; Zhang Y et al., 2021),
which is more general and leads to different fron-
thaul constraints. In particular, we propose a novel
approach based on the Arimoto-Blahut algorithm to
treat the non-convex problem.

Notations used throughout the paper are as fol-
lows: For a matrix A, |A|, tr(A), AT, and AH de-
note the determinant, trace, transpose, and conju-
gate transpose of A, respectively. Symbol diag(A)

denotes a column vector formed with the diagonals of
A. For an index set S, unless otherwise specified, AS
denotes the matrix with elements Ai whose indices
i ∈ S and diag

({Ai}i∈S
)

denotes the block diagonal
matrix formed with Ai on the diagonal where i ∈ S.
A�B denotes the Hadamard product of A and B.
I denotes the identity matrix. E[·] stands for the ex-
pectation. Let K = {1, 2, . . . ,K}, L = {1, 2, . . . , L},
and M = {1, 2, . . . ,M}.

2 System model

We consider the uplink transmission of a
C-RAN, where K multi-antenna users communicate
with the BBU pool through L RRHs, as depicted in
Fig. 1. Each user and each RRH are equipped with
NU and NR antennas, respectively. M IRSs are de-
ployed to aid the communication between the users
and RRHs, each of which has NI reflection elements.
For simplicity, we assume global CSI at the BBU
pool. Note that the CSI acquisition for the IRS link
has been widely discussed (Cui and Yin, 2019; Wang
et al., 2020).

...
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RRH 1

RRH L

CL

C2
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RRH 2
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...
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...

Fig. 1 System model

On the access link, user k (k ∈ K) transmits the
signal to the RRHs, which is given by the following
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expression:
xk = Fksk, (1)

where sk ∈ C
d is the data symbol vector with co-

variance matrix INU and Fk ∈ C
NU×d is the user

transmit beamformer subject to the power constraint
tr
(
FkF

H
k

) ≤ Pk. Then, the signal received by RRH
l (l ∈ L) can be expressed as follows:

yl =

K∑

k=1

Hk,lxk +

K∑

k=1

M∑

m=1

Gl,mΘmHk,R,mxk + nl

=

K∑

k=1

Hk,lFksk +

K∑

k=1

Gl,MΘHk,R,MFksk + nl

= (HK,l +Gl,MΘHK,R,M)FKsK + nl,

(2)

where Hk,l ∈ C
NR×NU , Gl,m ∈ C

NR×NI , and
Hk,R,m ∈ C

NI×NU represent the channel matri-
ces between user k and RRH l, between IRS m
and RRH l, and between user k and IRS m, re-
spectively. HK,l = [H1,l,H2,l, ...,HK,l] repre-
sents the channel matrix between each user and
RRH l, Gl,M = [Gl,1,Gl,2...,Gl,M ] represents the
channel matrix between each IRS and RRH l,
Hk,R,M = [HT

k,R,1,H
T
k,R,2, ...,H

T
k,R,M ]T denotes the

channel matrix between user k and each IRS, and
HK,R,M = [H1,R,M,H2,R,M, ...,HK,R,M] denotes
the channel matrix between each user and each IRS.
Θm = diag(θm,1, θm,2, ..., θm,NI) represents the pas-
sive beamformer of IRS m (we assume that the IRS
can adjust only the phase shift, i.e., |θm,n| = 1),
Θ = diag({Θm}m∈M), FK = diag({Fk}k∈K), and
sK = [sT1 , s

T
2 , ..., s

T
K ]T. Finally, nl ∼ CN (0, σ2I) is

the additive white Gaussian noise. In the system,
each IRS is deployed near an RRH, and the distance
between two arbitrary IRSs is quite large. Therefore,
the double reflection among the IRSs is ignored due
to the large path-loss.

RRH l compresses its received signals and then
transmits the quantization bits to the BBU pool
through a wired fronthaul link with limited capac-
ity. By adopting the Gaussian test channel model,
the compressed signal recovered by the BBU pool
can be expressed as follows (Park et al., 2014):

ŷl = yl + ql, (3)

where ql ∼ CN (0,Ωl) represents the quantization
noise for RRH l and Ωl denotes its covariance matrix
which is determined by the corresponding quantiza-
tion codebook.

3 Joint design of beamforming and
fronthaul compression under P2P
compression

In this section we investigate the joint design
of user transmit beamformers, IRS passive beam-
formers, and fronthaul compression when each RRH
conducts P2P compression, aiming to maximize the
system uplink sum rate.

3.1 Problem formulation

From Eqs. (1) and (3), the achievable uplink
sum rate of the considered C-RAN is given by

Rsum =I(sK; ŷL)

= log2
∣
∣VLFKFKV H

L + σ2I +ΩL
∣
∣

− log2
∣∣σ2I +ΩL

∣∣ , (4)

where I(·; ·) represents the mutual information,
ŷL = [ŷT

1 , ŷ
T
2 , ..., ŷ

T
L ]

T, VL = HL + GLΘHK,R,M,
HL = [HT

K,1,H
T
K,2, ...,H

T
K,L]

T denotes the direct
link channel matrix between all users and all RRHs,
GL = [GT

1,M,GT
2,M, ...,GT

L,M]T denotes the chan-
nel matrix between all IRSs and all RRHs, and
ΩL = diag({Ωl}l∈L).

The compression rate at each RRH should not
exceed the fronthaul link capacity. Under P2P com-
pression, the corresponding fronthaul constraints are
given by the following expression (Park et al., 2014):

I(yl; ŷl) ≤ Cl, ∀l ∈ L, (5)

where Cl represents the fronthaul capacity from
RRH l to the BBU pool. According to Eqs. (2)
and (3), the random variables in the mutual infor-
mation term on the left jointly follow the Gaussian
distribution. Let Vl = HK,l+Gl,MΘHK,R,M. Con-
straint (5) can be expressed as

log2
∣
∣VlFKFKV H

l + σ2I +Ωl

∣
∣− log2 |Ωl| ≤ Cl.

(6)

With the goal of maximizing the uplink sum rate
in Eq. (4) under the fronthaul constraint (6) under
P2P compression, we jointly optimize the transmit
beamformers of users, the passive beamformers, and
the quantization noise covariance matrices for fron-
thaul compression. The problem is formulated as
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follows:

max
Fk,Θ,Ωl

(
log2 |VLFKFH

KV H
L + σ2I +ΩL|

− log2 |σ2I +ΩL|
)

s.t.

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

log2 |VlFKFH
KV H

l +σ2I+Ωl|−log2 |Ωl| ≤ Cl,

tr(FkF
H
k ) ≤ Pk, ∀k ∈ K,

Ωl � 0, ∀l ∈ L,
|θm,n| = 1, ∀m,n.

(7)

It is non-trivial to find the optimal solution to
the above problem, due to the fact that the objec-
tive function, the fronthaul constraints, and the con-
straint |θm,n| = 1 are not convex. In the follow-
ing subsection, we adopt the SCA approach (Scutari
et al., 2014) to make the problem tractable.

3.2 SCA approach

First, for the objective in problem (7), we exploit
the Arimoto-Blahut algorithm, which is given by the
following lemma:
Lemma 1 (Cover and Thomas, 2006) For a chan-
nel with input s, output y, and transition probability
p(y|s), the mutual information I(s; y) with an arbi-
trary input probability distribution p(s) is given by
the following expression:

I(s; y) = max
q(s|y)

E

[
log2

(
q(s|y)
p(s)

)]
, (8)

where the expectation takes all possible s and y

generated from the probability distribution p(s) and
p(y|s), respectively. The optimal q◦(s|y) is the pos-
terior probability:

q◦(s|y) = p(s)p(y|s)
p(y)

Δ
= p(s|y). (9)

Note that the sum rate in Eq. (4) is derived
from I(sK; ŷL), where the input probability distri-
bution p(sK) is CN (0, I) and the channel transition
probability p(ŷL|sK) is from Eqs. (2) and (3). Then,
according to Lemma 1, the sum rate (Eq. (4)) can be
rewritten as

Rsum = max
q(sK|ŷL)

E

[
log2

q(sK|ŷL)
p(sK)

]
, (10)

where the optimal q∗(sK|ŷL) for Eq. (10) is the
posterior probability p(sK|ŷL). According to The-
orem 10.3 in Sengijpta (1995), p(sK|ŷL) follows the

complex Gaussian distribution CN (W ∗ŷL,Σ∗) with

W ∗=FH
KV H

L
(
VLFKFH

KV H
L + σ2I +ΩL

)−1
(11)

and
Σ∗ = I −W ∗VLFK, (12)

and the sum rate can be expressed as follows:

Rsum = max
W ,Σ

E

[
log2

(CN (WŷL,Σ)

CN (0, I)

)]
. (13)

Using the Arimoto-Blahut algorithm, the for-
mula of the achievable sum rate is transformed into
an expectation term, with which this non-convex ob-
jective function can be transformed into a convex
form, as will be discussed later. Then we tackle
constraint (6) in problem (7). First, we state the
following lemma:
Lemma 2 (Zhou YH and Yu, 2016) For positive
definite Hermitian matrices Γ ,E ∈ C

L×L, we have

log2 |Γ | ≤ log2 |E|+ tr(E−1Γ )− L, (14)

with equality if and only if Γ = E.
Then, we rewrite constraint (6) as follows:

log2 |Γl| − log2 |Ωl| ≤ Cl, (15)

where Γl = VlFKFH
KV H

l + σ2I +Ωl. According to
Lemma 2, the first term on the left-hand side (LHS)
is upper-bounded by

log2 |Γl| ≤ log2 |El|+ tr(E−1
l Γl)−NR (16)

for El � 0. The equality is achieved by

E∗
l = Γl. (17)

With this, we approximate constraint (6) by the
following constraint:

log2 |El|+ tr(E−1
l Γl)−NR − log2 |Ωl| ≤ Cl. (18)

With Eq. (13) and inequality (18), we reformu-
late the original problem (7) as follows:

max
El,W ,Σ,Fk,Θ,Ωl

E

[
log2

(CN (WŷL,Σ)

CN (0, I)

)]

s.t.

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

log2 |El|+ tr(E−1
l Γl)−NR − log2 |Ωl| ≤ Cl,

tr(FkF
H
k ) ≤ Pk, ∀k ∈ K,

Ωl � 0, ∀l ∈ L,
|θm,n| = 1, ∀m,n.

(19)
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Remark 1 According to inequality (16), any
feasible solution to problem (19) satisfying con-
straint (18) also satisfies constraint (6) for prob-
lem (7). Therefore, it is also feasible for the original
problem.

With the above problem reformulation, we can
tackle the original problem (7) using SCA as fol-
lows: In each iteration, we first update the auxiliary
variables El, W , and Σ, under fixed Fk, Θ, and
Ωl. Obviously, the optimal W and Σ are given
by Eqs. (11) and (12), respectively. El is updated
according to Eq. (17). Then, we optimize Fk, Θ,
and Ωl by solving problem (19). The convergence is
discussed in Section 4.

3.3 Alternative optimization

In this subsection, we solve problem (19) by an
alternative approach. The expectation term in the
objective can be evaluated as follows:

− E

[
log2

(CN (WŷL,Σ)

CN (0, I)

)]

=E[(sK −WŷL)HΣ−1(sK −WŷL)]

−KNU + log2 |Σ|
=tr

(
WHΣ−1W (VLFKFH

KV H
L + σ2I +ΩL)

)

− 2Re
{
tr
(
FH
KV H

L WHΣ−1
)}

+ tr(Σ−1)−KNU + log2 |Σ|.
(20)

We optimize beamformer Fk under fixed Θ

and Ωl. Then problem (19) becomes the following
subproblem:

min
Fk

(
tr
(
WHΣ−1WVLFKFH

KV H
L
)

− 2Re
{
tr
(
FH
KV H

L WHΣ−1
)})

s.t.

{
log2 |El|+ tr(E−1

l Γl)−NR − log2 |Ωl| ≤ Cl,

tr(FkF
H
k ) ≤ Pk, ∀k ∈ K.

(21)

It can be verified that the above problem is con-
vex. Therefore, it can be efficiently solved with some
standard optimization tools such as CVX (Grant and
Boyd, 2014).

Next we optimize Θ and Ωl under fixed Fk.
The corresponding subproblem with respect to prob-

lem (19) is given by

min
Θ,Ωl

(
tr
(
WHΣ−1W (VLFKFH

KV H
L + σ2I +ΩL)

)

− 2Re
{
tr
(
FH
KV H

L WHΣ−1
)})

s.t.

⎧
⎪⎪⎨

⎪⎪⎩

log2 |El|+ tr(E−1
l Γl)−NR − log2 |Ωl| ≤ Cl,

Ωl � 0, ∀l ∈ L,
|θm,n| = 1, ∀m,n.

(22)

Problem (22) is still non-convex due to the con-
straint |θm,n| = 1. To tackle it, first, the objective
function can be rewritten as follows:

tr
(
WHΣ−1W (VLFKFH

KV H
L + σ2I +ΩL)

)

− 2Re
{
tr
(
FH
KV H

L WHΣ−1
)}

= tr
(
ΘHGH

LW
HΣ−1WGLΘHK,R,MFKFH

KHH
K,R,M

)

+ 2Re
{
tr
(
ΘHGH

LW
HΣ−1WHLFKFH

KHH
K,R,M

)}

− 2Re
{
tr
(
ΘHGH

LW
HΣ−1FH

KHH
K,R,M

)}

+ tr
(
WHΣ−1WΩL

)

+ tr
(
WHΣ−1W (HLFKFH

KHH
L + σ2I)

)

− 2Re
{
tr
(
FH
KHH

LW
HΣ−1

)}

(a)
= θ̂H(A�BT)θ̂ + 2Re

{
tr
(
θ̂Hz1

)}
+ J1

(b)
= tr

(
ΨΘ̄

)
+ tr

(
WHΣ−1WΩL

)
+ J1,

(23)
where in (a), we have the following notations:
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

θ̂ = diag(Θ),

A = GH
LW

HΣ−1WGL,

B = HK,R,MFKFH
KHH

K,R,M,

z1 = diag
(
GH

LW
HΣ−1WHLFKFH

KHH
K,R,M

−GH
LW

HΣ−1FH
KHH

K,R,M
)
,

J1 = tr
(
WHΣ−1W (HLFKFH

KHH
L + σ2I)

)

−2Re
{
tr(FH

KHH
L WHΣ−1)

}
,

and in (b), we have
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

θ̄ =
[
θ̂T, 1

]T
,

Θ̄ = θ̄θ̄H,

Ψ =

(
A�BT

zH
1

z1
0

)
.
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Similarly, we can rewrite constraint (18) in prob-
lem (19) as follows:

tr(ΥlΘ̄) + tr(E−1
l Ωl)− log2 |Ωl|+ J2,l ≤ Cl,

(24)
where
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Υl =

(
Al �BT

zH
2,l

z2,l
0

)
,

Al = GH
l,ME−1

l Gl,M,

z2,l = diag
(
GH

l,ME−1
l HK,lFKFH

KHH
K,R,M

)
,

J2,l = tr
(
E−1

l (σ2I +HK,lFKFH
KHH

K,l)
)

+ log2 |El| −NR.

The derivation is given in Appendix A.
According to Eq. (23) and inequality (24), the

optimization problem (22) becomes

min
Θ̄,Ωl

(
tr
(
ΨΘ̄

)
+ tr

(
WHΣ−1WΩL

)
+ J1

)

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

tr
(
ΥlΘ̄

)
+ tr

(
E−1

l Ωl

)− log2 |Ωl|+ J2,l ≤ Cl,

rank(Θ̄) = 1,

Θ̄ � 0,

|Θ̄i,i| = 1, ∀i,
Ωl � 0, ∀l ∈ L.

(25)

We apply SDR by relaxing the rank-one con-
straint on Θ̄, and the resulting problem now becomes
convex. Thus, it can be effectively solved by stan-
dard convex optimization tools such as CVX. Note
that the obtained Θ̄ may not be exactly of rank-
one in general. We apply the efficient randomiza-
tion techniques given in Sidiropoulos et al. (2006) to
generate suboptimal candidates and choose the one
achieving the minimum objective function.

To this end, we summarize the proposed SCA
algorithm for P2P compression (SCA-P2P) (Algo-
rithm 1).

4 Joint design of beamforming and
fronthaul compression under Wyner-
Ziv coding

In this section we focus on the joint design
of beamforming and fronthaul compression under
Wyner-Ziv compression. Note that under the P2P

Algorithm 1 Successive convex approximation for
point-to-point compression (SCA-P2P)
1: Initialize Fk, Θ, and Ωl feasible for problem (7).
2: Update W , Σ, and El using Eqs. (11), (12), and (17),

respectively.
3: Update Fk by solving the convex problem (21).
4: Solve problem (25). Update (Θ,Ωl) if the objective

decreases.
5: Repeat steps 2–4 until convergence.

compression discussed in Section 3, the BBU pool
processes the compressed signals from each RRH in-
dividually. Since the received signals at different
RRHs are statistically dependent, RRHs can per-
form more efficient compression (Park et al., 2014)
by exploiting this dependency via Wyner-Ziv cod-
ing. The BBU pool jointly recovers the compressed
signals from all RRHs, whereby the signal dependen-
cies are used as side information. The corresponding
fronthaul constraints are given by the following ex-
pression (Zhou YH and Yu, 2016):

I(yS ; ŷS |ŷS̄) ≤
∑

l∈S
Cl, ∀S ⊆ L, (26)

where S̄ is the complement set of S. Similar to the
case of P2P compression, one can evaluate the mu-
tual information term on the left and rewrite con-
straint (26) as follows:

log2
∣
∣VLFKFKV H

L + σ2I +ΩL
∣
∣− log2 |ΩS |

− log2
∣
∣VS̄FKFKV H

S̄ + σ2I +ΩS̄
∣
∣ ≤ CS ,

(27)

where

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

VS̄ = HK,S̄ +GS̄,MΘHK,R,M,

ΩS̄ = diag({Ωl}l∈S̄),

CS =
∑

l∈S
Cl.

With the goal of maximizing the uplink sum
rate in Eq. (4) under the fronthaul constraint (27)
for Wyner-Ziv coding, the problem is formulated as
follows:

max
Fk,Θ,ΩL

(
log2

∣
∣VLFKFH

KV H
L + σ2I +ΩL

∣
∣

− log2
∣
∣σ2I +ΩL

∣
∣
)
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s.t.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

log2
∣
∣VLFKFH

KV H
L + σ2I +ΩL

∣
∣

− log2
∣
∣VS̄FKFH

KV H
S̄ + σ2I +ΩS̄

∣
∣

− log2 |ΩS | ≤ CS , ∀S,
tr
(
FkF

H
k

) ≤ Pk, ∀k ∈ K,

|θm,n| = 1, ∀m,n,

Ωl � 0, ∀l ∈ L.
(28)

Again, problem (28) is non-convex and we adopt
the SCA to tackle it. Nevertheless, note that the
fronthaul constraint (27) for Wyner-Ziv coding can-
not be treated in the same way as that for P2P com-
pression, i.e., using solely Lemma 2.

4.1 SCA method

The objective function of problem (28) can be
handled similarly as in Section 3. In the following,
we focus on the fronthaul constraint (27). First, we
rewrite inequality (27) as follows:

log2 |ΓL| − log |ΩS | − log2
∣
∣σ2I +ΩS̄

∣
∣

− log2

∣
∣∣
∣
∣
VS̄FKFH

KV H
S̄ + σ2I +ΩS̄

σ2I +ΩS̄

∣
∣∣
∣
∣
≤ CS ,

(29)

where ΓL = VLFKFH
KV H

L +σ2I+ΩL. The first term
on the LHS is similar to inequality (15). Therefore,
according to Lemma 2, we have

log2 |ΓL| ≤ log2 |EL|+ tr(E−1
L ΓL)− LNR (30)

for EL � 0. The equality is achieved by

E∗
L = ΓL. (31)

The last log-term on the LHS of inequality (29)
is equivalent to the mutual information I (sK; ŷS̄),
where sK and ŷS̄ follow joint Gaussian distribution
according to Eqs. (1) and (3). By adopting Lemma 1,
we have

log2

∣
∣
∣
∣
∣
VS̄FKFH

KV H
S̄ + σ2I +ΩS̄

σ2I +ΩS̄

∣
∣
∣
∣
∣

≥ E

[
log2

(CN (WS̄ ŷS̄ ,ΣS̄)
CN (0, I)

)]
,

(32)

where equality is achieved by

W ∗̄
S = FH

KV H
S̄
(
VS̄FKFH

KV H
S̄ + σ2I +ΩS̄

)−1
(33)

and
Σ∗̄

S = I −W ∗̄
SVS̄FK. (34)

According to inequalities (30) and (32), we can
approximate constraint (29) as

log2 |EL|+tr(E−1
L ΓL)−E

[
log2

(CN (WS̄ ŷS̄ ,ΣS̄)
CN (0, I)

)]

− log2 |ΩS | − log2
∣
∣σ2I +ΩS̄

∣
∣− LNR ≤ CS .

(35)
Now, with Eq. (20) and inequality (35), we re-

formulate the original problem (28) as follows:

min
W ,Σ,Fk,Θ,ΩL
EL,WS̄ ,ΣS̄

(
tr
(
WHΣ−1W (VLFKFH

KV H
L

+σ2I +ΩL)
)− 2Re

{
tr
(
FH
KV H

L WHΣ−1
)}

− tr(Σ−1)−KNU + log2 |Σ|
)

s.t.

⎧
⎪⎪⎨

⎪⎪⎩

inequality (35), ∀S,
|θm,n| = 1, ∀m,n,

Ωl � 0, ∀l ∈ L.
(36)

Similar to the P2P compression case, according
to inequalities (30) and (32), any feasible solution to
problem (36) is also feasible for the original prob-
lem (28). Based on this, we still use SCA to solve
problem (28) as follows: In each iteration, we first
update the auxiliary variables EL, W , Σ, WS̄ , and
ΣS̄ , under fixed Fk, Θ, and ΩL. Obviously, the
optimal W and Σ are given by Eqs. (11) and (12),
respectively. On the other hand, EL, WS̄ , and ΣS̄
are updated according to Eqs. (31), (33), and (34),
respectively. After updating and fixing the auxiliary
variables, we optimize Fk, Θ, and ΩL by solving
problem (36).

4.2 Alternative optimization

We solve problem (36) in an alternative man-
ner. First, the expectation term on the LHS of
constraint (35) of problem (36) can be evaluated as
follows:

− E

[
log2

(CN (WS̄ ŷS̄ ,ΣS̄)
CN (0, I)

)]

=tr
(
WH

S̄ Σ−1
S̄ WS̄(VS̄FKFH

KV H
S̄ + σ2I +ΩS̄)

)

− 2Re
{
tr
(
FH
KV H

S̄ WH
S̄ Σ−1

S̄
)}

+ tr
(
Σ−1

S̄
)−KNU + log2 |ΣS̄ |. (37)
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We optimize beamformer Fk under fixed Θ and
ΩL. Then, problem (36) becomes the following
subproblem:

min
Fk

(
tr
(
WHΣ−1WVLFKFH

KV H
L
)

− 2Re
{
tr
(
FH
KV H

L WHΣ−1
)})

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

tr
(
WH

S̄ Σ−1
S̄ WS̄VS̄FKFH

KV H
S̄
)

−2Re
{
tr
(
FH
KV H

S̄ WH
S̄ Σ−1

S̄
)}

+tr
(
E−1

L VLFKFH
KV H

L
)
+ J3 ≤ CS ,

tr
(
FkF

H
k

) ≤ Pk,

(38)

where

J3 = log2 |EL|+ tr(E−1
L (σ2I +ΩL))− LNR

+ tr(WH
S̄ Σ−1

S̄ WS̄(σ
2I +ΩS̄))

+ tr(Σ−1
S̄ )−KNU + log2 |ΣS̄ |

− log2 |σ2I +ΩS̄ | − log2 |ΩS | .
Problem (38) is a convex problem, so it can be

solved by CVX modeling.
Next, we optimize Θ and ΩL under fixed Fk.

The subproblem is given by

min
Θ,ΩL

(
tr
(
WHΣ−1W (VLFKFH

KV H
L + σ2I +ΩL)

)

− 2Re
{
tr
(
FH
KV H

L WHΣ−1
)})

s.t.

⎧
⎪⎨

⎪⎩

inequality (35), ∀S,
Ωl � 0, ∀l ∈ L,
|θm,n| = 1, ∀m,n.

(39)

Constraint |θm,n| = 1 is non-convex. To
tackle it, first, the objective function is rewritten
as Eq. (23). Then, constraint (35) in problem (39)
can be rewritten as follows:

tr
(
ΥS̄Θ̄

)
+ tr

(
E−1

L ΩL
)
+ tr

(
WH

S̄ Σ−1
S̄ WS̄ΩS̄

)

− log2 |σ2I +ΩS̄ | − log2 |ΩS |+ J3,S̄ ≤ CS ,
(40)

where

ΥS̄ =

(
AS̄ �BT

zH
2,S̄

z2,S̄
0

)
,

AS̄ =GH
LE

−1
L GL +GH

S̄,MWH
S̄ Σ−1

S̄ WS̄GS̄,M,

z2,S̄ = diag
(
GH

LE
−1
L HLFKFH

KHH
K,R,M

−GH
S̄,MWH

S̄ Σ−1
S̄ FH

KHH
K,R,M

+GH
S̄,MWH

S̄ Σ−1
S̄ WS̄HK,S̄FKFH

KHH
K,R,M

)
,

J3,S̄ = log2 |EL|+ log2 |ΣS̄ | − LNR + tr(Σ−1
S̄ )

+ tr
(
E−1

L (σ2I +HLFKFH
KHH

L )
)

− 2Re
{
tr
(
FH
KHH

K,S̄W
H
S̄ Σ−1

S̄
)}

−KNU

+ tr
(
WH

S̄ Σ−1
S̄ WS̄(σ

2I +HK,S̄FKFH
KHH

K,S̄)
)
.

The detailed derivation can be found in Appendix B.
According to Eq. (23) and inequality (40), the

optimization problem (39) becomes

min
Θ̄,ΩL

(
tr
(
ΨΘ̄

)
+ tr

(
WHΣ−1WΩL

)
+ J1

)

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

inequality (40), ∀S,
rank(Θ̄) = 1,

Θ̄ � 0,

|Θ̄i,i| = 1, ∀i,
Ωl � 0, ∀l ∈ L.

(41)

Problem (41) has a similar structure to prob-
lem (25). We also exploit SDR to solve the problem.
We summarize the proposed SCA-based iterative op-
timization algorithm under Wyner-Ziv coding (SCA-
WZ) (Algorithm 2).

Algorithm 2 Successive convex approximation for
Wyner-Ziv coding (SCA-WZ)
1: Initialize Fk, Θ, and ΩL feasible for problem (28).
2: Update W , Σ, EL, WS̄ , and ΣS̄ using Eqs. (11), (12),

(31), (33), and (34), respectively.
3: Update Fk by solving the convex problem (38).
4: Solve problem (41). Update (Θ,ΩL) if the objective

decreases.
5: Repeat steps 2–4 until convergence.

Remark 2 In this study, we consider the joint
design of user transmit beamformers, IRS passive
beamformers, and fronthaul compression assuming
perfect CSI knowledge. With the CSI error, one
approach is to add a “safety region” on the feasible
region as shown in Najafi et al. (2019). Explicitly,
we can multiply a constant b, which is smaller than
“1” on the right-hand side of the first constraint in
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problems (7) and (28) (i.e., inequalities (6) and (27)).
Then, the proposed algorithms can still be used with-
out modification. Another approach is to calculate
the expectation of the system’s sum rate and fron-
thaul compression rate over all possible CSI errors
(Zhou G et al., 2020). Then, the resulting problem
is different from that considered in this study.

4.3 Simplified design under high SQNR

In Zhou YH and Yu (2016), it was shown that
for a C-RAN uplink in high SQNR, i.e., in the case of
a large fronthaul capacity, the quantization noise co-
variance matrices at RRHs are nearly optimal when
proportional to the background noise covariance ma-
trices, i.e., Ω∗

l ≈ βlI for RRH l, where βl > 0 is
chosen to satisfy the fronthaul constraint. Although
it was proved for P2P compression and Wyner-Ziv
coding with sequential decompression, it is straight-
forward to extend to the case of Wyner-Ziv coding
with joint decompression considered in this work.
Therefore, we propose an efficient scheme under high
SQNR for both Wyner-Ziv coding and P2P compres-
sion. Explicitly, we set Ωl = βlI and then jointly
optimize Fk, Θ, and βl, wherein the non-convex ob-
jective function and constraints can be treated in
the same way as before. Since we optimize the scalar
βl instead of the whole covariance matrix Ωl, the
computational complexity can be reduced. More-
over, such Ωl can be achieved by low complexity per-
antenna signal quantization at each RRH in practice.

4.4 Convergence and complexity analysis

In this subsection, we discuss the convergence of
the proposed SCA-P2P algorithm and SCA-WZ al-
gorithm, as well as their computational complexities.
In the following paragraphs, we take SCA-WZ as an
example for detailed discussion, and the computa-
tional complexity for SCA-P2P is similar to that for
SCA-WZ.

It can be shown that the SCA-WZ algorithm
yields a non-decreasing sequence of objective val-
ues for problem (19). Therefore, the algorithm is
guaranteed to converge. Explicitly, consider the
tth iteration. We define W (t), Σ(t), E

(t)
L , W

(t)

S̄ ,
Σ

(t)

S̄ , F
(t)
k , Θ(t), and Ω

(t)
L as the solution to prob-

lem (36) in the tth iteration. Herein, the value of
the objective function in problem (36) is denoted as
ε
(
W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ ,F
(t)
k ,Θ(t),Ω

(t)
L
)
.

In step 2, updating {W (t),Σ(t)} by Eqs. (11)
and (12) results in a non-decreasing objective value.
On the other hand, updating the auxiliary variable
according to Eqs. (31), (33), and (34) does not affect
the objective. Hence, we have

ε
(
W (t−1),Σ(t−1),E

(t−1)
L ,W

(t−1)

S̄ ,Σ
(t−1)

S̄ ,

F
(t−1)
k ,Θ(t−1),Ω

(t−1)
L

)

≤ ε
(
W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ ,

F
(t−1)
k ,Θ(t−1),Ω

(t−1)
L

)
.

(42)

For step 3, note that according to inequali-
ties (30) and (32), {F (t−1)

k } is still feasible for prob-
lem (36) with {W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ } updated
in step 2. Since problem (38) is convex, updating
{F (t−1)

k } to the optimal solution makes the objec-
tive value non-decreasing. Hence, we also have

ε
(
W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ ,F
(t−1)
k ,Θ(t−1),Ω

(t−1)
L

)

≤ ε
(
W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ ,F
(t)
k ,Θ(t−1),Ω

(t−1)
L

)
.

(43)

Finally, in step 4, since SDR is applied, we solely
obtain a suboptimal solution to problem (41). There-
fore, we check whether the obtained {Θ(t),Ω

(t)
L } de-

creases the objective value compared with that ob-
tained by the solution in the last iteration. There-
fore, we have

ε
(
W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ , F
(t)
k ,Θ(t−1),Ω

(t−1)
L

)

≤ ε
(
W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ ,F
(t)
k ,Θ(t),Ω

(t)
L

)
.

(44)

Base on the above, we can obtain

ε
(
W (t−1),Σ(t−1),E

(t−1)
L ,W

(t−1)

S̄ ,Σ
(t−1)

S̄ ,

F
(t−1)
k ,Θ(t−1),Ω

(t−1)
L

)

≤ ε
(
W (t),Σ(t),E

(t)
L ,W

(t)

S̄ ,Σ
(t)

S̄ ,F
(t)
k ,Θ(t),Ω

(t)
L
)
.

(45)
According to inequality (45), the value of the

objective function keeps increasing in each iteration.
As for the stop condition of the algorithm, we set a
small constant Δ as the threshold of precision. Let
the value of the objective function in the tth iteration
be ε(t). Then, the stop condition of the algorithm is∣
∣ε(t) − ε(t−1)

∣
∣ ≤ Δ.
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The computational complexity of the SCA-WZ
algorithm is dominated by steps 3 and 4, which in-
volve solving problems (38) and (41). In each it-
eration, by using the interior point method (Potra
and Wright, 2000), problem (38) can be efficiently
solved by the polynomial in the problem size given
by KNUd, and the size of problem (41) is given by
(MNI)

2 +LN2
R (Zhou YH and Yu, 2016). The over-

all complexity of the SCA-WZ algorithm is given
as the product of the number of iterations and the
above complexity. The complexity of SCA-P2P can
be similarly analyzed; it is of the same order as that
of SCA-WZ.

5 Numerical results

5.1 Simulation setup

In the simulation, we consider a C-RAN with
four users, two IRSs, and two RRHs. The positions
of the two RRHs are (−30, 100, 15) m and (30, 100,
15) m, and the two IRSs are located at (−40, 80,
15) m and (40, 80, 15) m. The users are randomly
distributed within a circle centered at the origin with
a radius of 30 m, and the height is 1 m. For the chan-
nels between the users and RRHs, between the users
and IRSs, and between the IRSs and RRHs, we ap-
ply the Rician fading model with limited numbers
of propagation paths (Kim et al., 2021). For exam-
ple, the uplink channel between user k and RRH l is
modeled as

Hk,l =

√

u0

(
dU,R

d0

)−αU,R

·
√
NUNR

·
(√

KU,R

KU,R + 1
ηU,R,0aRRH(ν

r
k,l,0, ξ

r
k,l,0)

· aH
user(ν

t
k,l,0, ξ

t
k,l,0)

+

√
1

KU,R + 1

1
√
GU,R

GU,R∑

g=1

(
ηU,R,g

· aRRH(ν
r
k,l,g, ξ

r
k,l,g) · aH

user(ν
t
k,l,g, ξ

t
k,l,g)

)
)

,

(46)

where u0 is the path-loss at distance d0, and dU,R

and αU,R denote the distance and path-loss exponent
between the user and RRH, respectively. The Rician
K-factor is denoted by KU,R, and GU,R is the total

number of non-line-of-sight (NLoS) paths. For the
gth path, ηU,R,g ∼ CN (0, 1) is the complex path gain.
The array response vector at the RRH, i,e., aRRH(·),
is given by

aRRH(ν
r
k,l,g , ξ

r
k,l,g) =

1√
NR

[
1, ..., ej(NRv−1)νr

k,l,g

]T

⊗
[
1, ..., ej(NRh−1)ξrk,l,g

]T
,

(47)
where νrk,l,g = π sin(ϑr

k,l,g) and ξrk,l,g =

π sin(ϕr
k,l,g) cos(ϑ

r
k,l,g), and ϑr

k,l,g and ϕr
k,l,g are the

vertical and horizontal angles of arrival (AoAs), re-
spectively. NRv and NRh denote the numbers of
vertical and horizontal antennas at the RRH, re-
spectively. The term auser(ν

t
k,l,g, ξ

t
k,l,g) is similar

to Eq. (47), where νtk,l,g and ξtk,l,g can be obtained
by the vertical and horizontal angles of departure
(AoDs) ϑt

k,l,g and ϕt
k,l,g , respectively.

In the simulation, we set the path-loss u0 to
−30 dB when the reference distance d0=1 m. The
path-loss exponents αU,R, αU,I, and αI,R are set
to 3.6, 2.2, and 2.2, respectively. For small-scale
fading, we set the Rician factors as KU,I=10 dB,
KI,R=10 dB, and KU,R=0 dB (we assume that there
is no LoS path for the direct links between users
and RRHs). The numbers of NLoS paths are set
as GU,I=10, GI,R=4, and GU,R=10, where the ver-
tical and horizontal AoAs (AoDs) of each NLoS
path are assumed to be uniformly distributed within
[−π/4,π/4] and [−π/2,π/2], respectively. Each user
or RRH is equipped with a uniform linear array, and
each IRS is a uniform planar array. The transmit
power of each user is set as Pk=10 dBm. Finally, the
Gaussian noise variance is set to −87 dBm, and the
stop condition threshold is set as Δ = 10−2.

5.2 Simulation results

First, we verify the convergence of the pro-
posed algorithms under different numbers of reflec-
tion elements per IRS (Fig. 2), wherein “WZ-simp”
and “P2P-simp” denote the low-complexity schemes
designed for the high SQNR regime where we set
Ωl = βlI. It can be observed that the uplink sum
rate gradually increases as the number of iterations
rises, and that all the proposed algorithms converge
in all cases and have good convergence performance.
Comparing the convergence speeds for the schemes
with the number of reflection elements as 30 and 70,
it can be found that more iterations are required with
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a larger number of reflection elements. Moreover, it
is shown that the iteration numbers of the simpli-
fied algorithms for high SQNR, i.e., “WZ-simp” and
“P2P-simp,” are smaller than those of “SCA-WZ”
and “SCA-P2P,” respectively.

Fig. 3 plots the average achieved uplink sum
rate of the proposed algorithms versus the num-
ber of reflection elements per IRS. For both Wyner-
Ziv coding and P2P compression, we also simulate
the following cases: (1) “b bits”: in practice, the
phase of the IRS cannot be continuous; therefore,
the IRS phase shift takes 2b discrete values, i.e.,

θm,n = {1, ej2π2b , ..., ej (2
b−1)2π

2b }. In this case the op-
timized IRS phase shifts obtained by the SCA-WZ
and SCA-P2P algorithms are projected to the near-
est discrete values, and Ωl is scaled to meet the fron-
thaul constraints. (2) “Random”: IRS phase shifts
are uniformly distributed within [0, 2π), while only
Fk and Ωl are optimized. (3) “No IRS”: the IRS is
removed while Fk and Ωl are optimized. In Fig. 3, it
can be observed that for both Wyner-Ziv coding and
P2P compression, the achieved sum rate increases
along with the increase of NI. It shows that deploy-
ing IRSs can enhance the system performance, es-
pecially with the proposed optimization algorithms,
compared with the “no IRS” case. Furthermore, the
restriction for the discrete IRS phase shift to 2 bits
solely brings limited rate loss. Finally, Wyner-Ziv
coding generally outperforms P2P compression, in
accordance with the literature.
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Next, we investigate the performance of the pro-
posed algorithms under different numbers of RRH
antennas but fixed numbers of user antennas and
IRS elements. It can be seen from Fig. 4 that the
uplink sum rate increases along with the increase
of the number of RRH antennas. This verifies the
receiving array gain brought about by the two multi-
antenna RRHs. Similar to Fig. 3, the proposed algo-
rithms SCA-WZ and SCA-P2P still outperform all
the benchmark schemes under all numbers of RRH
antennas.

Fig. 5 plots the average uplink sum rate achieved
by the proposed algorithms for Wyner-Ziv coding
and P2P compression as well as the low-complexity
schemes for high SQNR, wherein the user transmit
power is set as Pk = 10 dBm and each IRS has 50
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reflection elements. As the sum fronthaul capacity
increases, the rate loss of “WZ-simp” and “P2P-simp”
becomes smaller. This validates the premise that
setting the quantization covariance matrix propor-
tional to the identity matrix is nearly optimal under
high SQNR. It can also be observed that “SCA-WZ”
and “WZ-simp” always outperform “SCA-P2P” and
“P2P-simp,” respectively, as the fronthaul capacity
increases.

Finally, we simulate the system’s sum rate
achieved by the proposed algorithms and the bench-
marks under different numbers of IRSs (the number
of reflection units for each IRS reflection unit is set
to 30). In the simulation, we consider a C-RAN with
four users and two RRHs. The positions of the two
RRHs are (−30, 100, 15) m and (30, 100, 15) m, and
the users are randomly distributed within a circle
centered at the origin with a radius of 30 m, and the
height is 1 m. The locations of IRSs are: A(−40,
80, 15) m, B(40, 80, 15) m, C(−40, 80, 20) m, and
D(40, 80, 20) m.

The simulation results are shown in Table 1. It
can be observed that the uplink sum rate increases
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Fig. 5 Average sum rate versus the sum fronthaul
capacity (Pk =10 dBm, NI =50, NR = 4, NU = 2)

Table 1 Average sum rate versus the number of IRSs

Algorithm
Average sum rate (bit/(s·Hz))

1 IRS 2 IRSs 3 IRSs 4 IRSs

SCA-WZ 4.462 4.949 5.424 5.785
WZ, random 3.836 3.836 3.900 3.934
SCA-P2P 3.966 4.500 4.849 5.180
P2P, random 3.682 3.704 3.751 3.771

The average sum rates are 3.835 and 3.673 bits/(s·Hz) for WZ
and P2P, respectively, when there is no IRS. Active IRSs for
each case: 1 IRS: A; 2 IRSs: A and B; 3 IRSs: A, B, and C;
4 IRSs: A, B, C, and D. Simulation setting: Pk=10 dBm,
Cl=5 bits/(s·Hz), NR=4, NU=2, NI=30

with the increase of the number of IRSs, and that
the proposed algorithms still outperform the corre-
sponding benchmarks. Therefore, the uplink sum
rate can be improved by increasing the number of
IRSs or the number of reflection elements per IRS.
This also verifies that deploying IRSs can enhance
the performance of the system.

6 Conclusions

In this paper, we have studied a joint design of
user transmit beamforming, IRS passive beamform-
ing, and fronthual compression for multi-IRS-aided
C-RAN uplink under P2P compression and Wyner-
Ziv coding compression, aiming at maximizing the
uplink sum rate. We have used the Arimoto-Blahut
algorithm and an SDR to handle the non-convex ob-
jective function and constraints. Then a successive
approximation and optimization approach has been
proposed. Based on the approach two iterative op-
timization algorithms for P2P and WZ have been
given. Numerical results have verified that deploy-
ing IRSs can considerably improve the C-RAN up-
link sum rate with the proposed optimization algo-
rithms.

As for the network energy consumption for up-
link transmission, in this work, we have considered
solely the transmit power. In practice, the energy
consumed by RRHs, IRSs, and fronthauls for data
processing and system operation should also be con-
sidered. Therefore, the joint design of beamforming
and fronthaul compression to improve the network
energy efficiency can be a possible extension of the
current work.
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Appendix A: Derivation of inequal-
ity (24)

In the following, we present the derivation from
expressions (18) to (24). First, the left-hand side of
inequality (18) can be evaluated as follows:

log2 |El|+ tr
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l
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(A1)
where in (a), we have the following notations:

θ̂ = diag(Θ),

B = HK,R,MFKFH
KHH

K,R,M,

Al = GH
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and in (b), we have
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Then, we can obtain inequality (24).

Appendix B: Derivation of inequal-
ity (40)

In the following, we present the detailed deriva-
tion of inequality (40). First, we rewrite the sec-
ond term on the left-hand side of inequality (35) as
follows:
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(B1)
Then the expectation term can be evaluated as
follows:
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to Eqs. (B1) and (B2), we can rewrite the left-hand
side of inequality (35) as follows:
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