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Abstract—Reconfigurable intelligent surfaces (RISs) have been
proposed as a promising technology for future wireless com-
munication systems to achieve both high spectral and energy
efficiency. In this paper, we investigate a RIS-assisted downlink
multi-cell communication system, where the RIS is deployed at
the cell edges to serve the users in blind spots, with only statistical
channel state information (CSI) being available. Under these
assumptions, we investigate the optimization of beamforming
at the BSs and phase shift at the RIS to maximize the ap-
proximated ergodic weighted sum spectral efficiency (WSSE).
The complex circle manifold based algorithm is proposed to
obtain the sub-optimal phase shift matrix while the statistical
maximum ratio transmission (MRT) is applied to design the sub-
optimal beamforming vectors. Our simulation results show that
the approximate ergodic spectral efficiency expression is very
close to the exact Monte-Carlo simulation, whilst the robustness
of the ergodic WSSE is verified.

Index Terms—Multi-cell, RIS, statistical CSI, weighted sum
spectral efficiency maximization.

I. INTRODUCTION

The massive multiple-input multiple-output (MIMO) tech-
nology is considered to be one of the most effective technolo-
gies to improve the network throughput of wireless communi-
cation systems [1], [2]. However, the large number of antennas
entails deployment site and power consumption challenges.
Besides, to achieve high coverage, careful deployment of
active relays or small cells is required, which will further in-
crease the system hardware and energy consumption. Recently,
RISs have been proposed as new technological platform to deal
with the above-mentioned issues. These surfaces consist of a
high number of passive reconfigurable reflection units and can
change the phase of the incident signals independently [3]–
[5]. By adaptively adjusting the reflection coefficient, a RIS
can manipulate the electromagnetic wavefronts and steer them
towards desired directions [6].

These advantages have triggered research in different appli-
cation domains, such as, physical layer security [7], unmanned
aerial vehicle (UAV) communication systems [8], multi-cell
downlink systems [9], among others. In the above mentioned
works, instantaneous CSI is assumed to be available at both the
base station (BS) and RIS. However, accurate instantaneous
CSI might be very difficult to obtain in high-mobility scenarios
and/or with a large number of RIS elements. An alternative
way is to utilize statistical CSI [10], [11], which changes
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relatively slowly compared to instantaneous CSI [12], and can
be obtained more accurately. A two-timescale beamforming
optimization scheme was proposed in [10], [11], where the
RIS phase shift matrix was optimized based on statistical CSI,
while the beamforming vectors were designed by exploiting
instantaneous CSI with the optimized RIS phase shifts.

Motivated by the above discussion, in this paper, we in-
vestigate downlink multi-cell systems with a RIS located at
the cell-edge to help serving the users in blind spots. To
reduce the overhead of instantaneous CSI acquisition, only
statistical CSI is assumed to be available. We consider the
optimization of the beamforming vectors at the BSs and the
RIS phase shift matrix in order to maximize the approximated
WSSE. A sub-optimal algorithm is proposed to maximize the
approximated ergodic WSSE, in which the phase shift matrix
of the RIS is obtained through a complex circle manifold
(CCM) based algorithm and the beamforming vectors of the
BSs are obtained through statistical MRT. Our simulation
results show that the approximate ergodic spectral efficiency
expression is very close to the Monte-Carlo simulation, whilst
the robustness of the ergodic WSSE is verified.

II. SYSTEM MODEL

We consider a RIS-assisted multi-cell downlink transmis-
sion system. It consists of K cells, and a single RIS is
deployed at the cell-edge among those cells. The RIS is a
uniform planar array (UPA) containing N = Nh × Nv re-
flecting units, where Nh and Nv are the numbers of reflecting
units in the horizontal and vertical domain, respectively. The
BS of each cell deploys a uniform linear array (ULA) with
M elements. Each cell contains a single-antenna user whose
direct links to the the BSs are obstructed and are assisted by
the RIS. We assume that each BS only serves its own user, and
only has statistical CSI of its own user. The RIS is controlled
by a central controller, which can have the statistical CSI of the
BS-to-RIS links and RIS-to-user links in its covered region.

The received signal of the user in cell k (for the simplicity
of representation, we refer to the user in cell k as user k
henceforth) can be expressed as

yk =
√
pkρkςkh

H
k ΦHkwksk + nk

+
∑K

j=1,j ̸=k

√
pjρjςkh

H
k ΦHjwjsj , (1)



where ρk and ςk denote the large-scale fading coefficients of
the link from BS k to the RIS and of the link from the RIS
to user k, sk represents the data symbol for user k satisfying
E
{
|sk|2

}
= 1, E {x} represents the expectation of random

vector x, nk ∼ CN
(
0, σ2

k

)
is the complex Gaussian noise,

Φ = diag {ϕ1, ϕ2, . . . , ϕN} represents the diagonal phase shift
matrix of the RIS with ϕn = ejθn [10], wk ∈ CM×1 is the
beamforming vector of BS k to user k satisfying ∥wk∥2 = 1,
pk is the transmit power of user k satisfying pk ⩽ Pk,max,
where Pk,max is the power budget of BS k, Hk ∈ CN×M and
hk ∈ CN×1 are the channel matrices of the BS k to RIS link
and RIS to user k link, respectively.

In this paper, we consider uncorrelated Rician fading. Thus,
the channel matrices can be modeled as [10]

Hk =
√
αk/ (αk + 1)H̄k +

√
1/ (αk + 1)H̃k, (2)

hk =
√

βk/ (βk + 1)h̄k +
√

1/ (βk + 1)h̃k, (3)

where αk is the Rician factor of the BS k to RIS link, βk is
the Rician factor of the RIS to user k link, h̃k and H̃k are
random matrices with independent and identically distributed
(i.i.d) zero mean and unit variance complex Gaussian ele-
ments. Moreover, H̄k and h̄k represent the line-of-sight (LoS)
components modeled as

H̄k = aN
(
φAoA
k , θAoA

k

)
bH
M

(
ϖk

)
, (4)

h̄k = aN
(
φAoD
k , θAoD

k

)
, (5)

with

aN (φ, θ) =
[
1, . . . , ej2π(Nv−1)

dR
λc

sin(φ)
]H

⊗
[
1, . . . , ej2π(Nh−1)

dR
λc

cos(φ) sin(θ)
]H

, (6)

bM (ϖ) =
[
1, ej2π

dB
λc

sin(ϖ), . . . , ej2π
dB
λc

(M−1) sin(ϖ)
]H
, (7)

where θAoA
k and φAoA

k denote the azimuth and elevation angle-
of-arrival (AoA) at the RIS from BS k, θAoD

k and φAoD
k

are the azimuth and elevation angle-of-departure (AoD) from
the RIS towards user k, ϖk represents the AoD from BS
k to the RIS, λc is the carrier wavelength, ⊗ denotes the
Kronecker product, dR and dB represent the distance between
the adjacent reflecting elements at the RIS and the distance
between the adjacent antennas at the BSs, respectively.

Thus, the SINR of user k can be written as

SINRk =
pkρkςk|hH

k ΦHkwk|
2∑K

j=1,j ̸=k pjρjςk|hH
k ΦHjwj |

2
+ σ2

k

, (8)

where (x)
H represents the conjugate-transpose of x. The

ergodic spectral efficiency of user k can therefore be written
as

Rk = E{log (1 + SINRk)}. (9)

Due to the absence of closed-form analytical expression of
(9), it is quite difficult to optimize the beamforming vectors
and phase shift matrix based on the WSSE criterion. In the
following section, we try to solve this joint optimization
problem based on a approximation of the ergodic spectral

efficiency.

III. JOINT BS AND RIS OPTIMIZATION

In this section, we first obtain a closed-form approximation
of the ergodic user spectral efficiency, and then try to max-
imize this closed-form approximation instead of the original
expression (9).

A. Problem Formulation

Based on the analysis in [13], the ergodic spectral efficiency
of user k can be approximated as

Rk ≈ R̂k = log
(
1 + SINRk

)
, (10)

where SINRk is given on the top of next page, ∥x∥ represent
the Euclidean norm, Aj,k ≜ ρjςk

(βk+1)(αj+1)βkαj , Bj,k ≜
ρjςkN(βk+1)
(βk+1)(αj+1) and Cj,k ≜ ρjςkαj

(βk+1)(αj+1) .

With the above closed-form approximation R̂k, we then
convert the original optimization problem to the following
approximated ergodic WSSE maximization problem:

(P1) max
{wk},Φ,{pk}

∑K

k=1
γkR̂k, (12a)

s.t. pk ⩽ Pk,max, k ∈ K, (12b)
|ϕn| = 1, n ∈ N, (12c)

∥wk∥2 = 1, k ∈ K. (12d)

where γk is the weight of user k.
Note that, (P1) is a non-convex optimization problem due

to the non-concavity of the objective function and the unit
modulus constraints. In the next sections, we will propose
effective algorithms to solve (P1).

B. Beamforming Vector Design

Let us consider the design of beamforming vectors {wk}
and the transmit power {pk} firstly. In this paper, we focus on
a non-cooperative multi-cell system, in which each BS only
needs statistical CSI of its own user, in order to minimize the
burden of information exchange between BSs and to simplify
the design. For the cell-edge users, the signals from other BSs
are regarded as unknown interference at their own BS. In this
case, each BS only needs to design the beamforming vector
and transmission power to maximize the useful signal at its
own user, i.e., the numerator of (11). Thus, the problem (P1)
can be decomposed into K independent problems as follows,
with k = 1, . . . ,K ,

(P1-1) max
wk,pk

ẑk, (13a)

s.t. ∥wk∥2 = 1, (13b)
pk ⩽ Pk,max, (13c)

where

ẑk ≜ pkAk,k

∣∣h̄H
k ΦH̄kwk

∣∣2 + pkBk,k∥wk∥2

+ pkCk,k

∥∥H̄kwk

∥∥2. (14)



SINRk =
pkAk,k|h̄H

k ΦH̄kwk|
2
+ pkBk,k∥wk∥2 + pkCk,k∥H̄kwk∥

2∑K
j=1,j ̸=k pj

(
Aj,k|h̄H

k ΦH̄jwj |
2
+Bj,k∥wj∥2 + Cj,k∥H̄jwk∥

2)
+ σ2

k

. (11)

Since the objective function of (P1-1) is increasing with
respect to pk, the optimal value of pk is

popt
k = Pk,max. (15)

Moreover, with the obtained pk, (P1-1) can be transformed to

(P1-2) max
wk

pkAk,k

∣∣h̄H
k ΦH̄kwk

∣∣2+pkCk,k

∥∥H̄kwk

∥∥2, (16a)

s.t. ∥wk∥2 = 1. (16b)

From (4)-(7), the objective function of (P1-2) can be rewritten
as (17), which is on the top of next page. It can be obtained
that the optimal value of wk that maximizes (17) is wopt

k =
bM (ϖk)e

jθ/
√
M, where θ can be any possible angle within

(0, 2π]. Without loss of generality, we set θ = 0, i.e.,

wopt
k = bM (ϖk)/

√
M. (18)

Thus, the approximated ergodic spectral efficiency can be
rewritten as

R̂k = log

(
1 +

ηHAkη + ck
ηHBkη + dk + σ2

k

)
, (19)

where

ηH ≜ [ϕ1, ϕ2, . . . , ϕN ] , (20)

Ak ≜ pkρkςkMαkβk

(αk + 1) (βk + 1)
diag

{
h̄H
k

}
aN

(
φAoA
k , θAoA

k

)
× aHN

(
φAoA
k , θAoA

k

)
diag

{
h̄k

}
, (21)

Bk ≜
K∑

j=1,j ̸=k

(
pjρjςkMαjβk

(αj + 1) (βk + 1)
diag

{
h̄H
k

}
×aN

(
φAoA
j , θAoA

j

)
aHN

(
φAoA
j , θAoA

j

)
diag

{
h̄k

})
,

(22)

ck ≜ pkρkςkN

(αk + 1) (βk + 1)
(βk +Mαk + 1) , (23)

dk ≜
K∑

j=1,j ̸=k

pjρjςkN (βk +Mαj + 1)

(αj + 1) (βk + 1)
. (24)

Then, the remaining problem is the phase shift matrix design
for the RIS, which will be considered in the following sub-
section.

C. Phase Shift Design

With the beamforming vectors and transmission powers ob-
tained in the above subsection, in this subsection, we propose
two algorithms to obtain the phase shift of RIS maximizing
the approximated ergodic WSSE.

1) FP joint CCM-based algorithm: With the designed
beamforming vectors and transmission powers in (15) and
(18), the problem (P1) degenerates to the following problem

(P1-3) max
η

K∑
k=1

γk log

(
1 +

ηHAkη + ck
ηHBkη + dk + σ2

k

)
, (25a)

s.t. |ϕn| = 1, n = 1, ..., N. (25b)

Let us define the objective function in (P1-3) as

f (η) ≜
∑K

k=1
γk log

(
1 +

ηHAkη + ck
ηHBkη + dk + σ2

k

)
. (26)

By introducing an auxiliary q ∈ CK×1, we can convert f (η)
to

fCF (q,η) ≜
K∑

k=1

(γk log (1 + qk)− γkqk)

+

K∑
k=1

γk (1 + qk)
(
ηHAkη + ck

)
ηH (Ak +Bk)η + ck + dk + σ2

k

, (27)

where qk is the k-th element of q. Note that, when q reaches
its optimal value that maximizes (27), which is

qopt
k =

ηHAkη + ck
ηHBkη + dk + σ2

k

, (28)

the function fCF (q,η) equals f (η). Thus, the problem (P1-
3) is equivalent to

(P1-4) max
q,η

fCF (q,η) , (29a)

s.t. |ϕn| = 1, n = 1, ..., N, (29b)

which can be solved by alternatively optimizing q and η.
The optimal q under given η can be obtained by (28). The
optimization of η under a given q can be obtained as

(P1-5) max
η

K∑
k=1

γk (1 + qk)
(
ηHAkη + ck

)
ηH (Ak +Bk)η + ck + dk + σ2

k

, (30a)

s.t. |ϕn| = 1, n = 1, ..., N. (30b)

Define

Fk ≜ Ak +Bk +
ck + dk + σ2

k

N
IN , (31)

Uk ≜ γk (1 + qk)
(
Ak +

ck
N

IN

)
. (32)

Note that Uk is a positive-definite Hermitian matrix, which
admits the following decomposition

Uk = EH
k Ek, (33)

where Ek ∈ CN×N is an invertible matrix. Then, (P1-5) can
be further converted to

(P1-6) max
η

∑K

k=1

ηHEH
k Ekη

ηHFkη
, (34a)



pkAk,k

∣∣h̄H
k ΦH̄kwk

∣∣2 + pkCk,k

∥∥H̄kwk

∥∥2 = pkCk,k

∥∥aN (
φAoA
k , θAoA

k

)∥∥2 ∣∣bH
M (ϖk)wk

∣∣2
+ pkAk,k

∣∣aHN (
φAoD
k , θAoD

k

)
ΦaN

(
φAoA
k , θAoA

k

)∣∣2 ∣∣bH
M (ϖk)wk

∣∣2 . (17)

s.t. |ϕn| = 1, n = 1, ..., N. (34b)

Using the quadratic transform [14], (P1-6) can be further
converted to the following problem

(P1-7) min
η,{yk}

∑K

k=1
−2Re

{
yH
k Ekη

}
+ yH

k ykη
HFkη,

(35a)
s.t. |ϕn| = 1, n = 1, ..., N. (35b)

Thus, (P1-6) can be solved by alternatively optimizing η and
{yk} in (P1-7). It can be obtained that the optimal value of
the auxiliary vectors {yk} under a given η in (P1-7) is

yopt
k =

Ekη

ηHFkη
. (36)

Then, let us consider the optimization of η in (P1-7) under
given {yk}. For the sake of simplicity, we define the objective
function of (P1-7) under a given {yk} as

J (η) ≜
∑K

k=1
−2Re

{
yH
k Ekη

}
+ yH

k yk

(
ηHFkη

)
. (37)

The problem of optimizing η under a given {yk} therefore
becomes:

(P1-8) min
η

J (η) , (38a)

s.t. |ϕn| = 1, n = 1, ..., N. (38b)

The searching space in problem (P1-8) can be regarded as the
product of N complex circles, which is a sub-manifold of CN

given by

SN ≜
{
x ∈ CN×1 : |xl| = 1, l = 1, 2, . . . , N

}
, (39)

where xl is the l-th element of vector x. The problem (P1-8)
is a convex problem on the manifold space defined in (39),
and can be solved by the manifold optimization algorithm [7],
the main steps of which in the t-th iteration are as follows:

(1) Gradient in Euclidean Space: We first need to obtain the
search direction, and the most common search direction for a
minimization problem is the direction opposite to the gradient
of J (ηt), which is given by

∇J
(
ηt
)
= 2yH

k ykFkη − 2EH
k yk, (40)

where ηt denotes the results of the t-th iteration, while ∇f (x)
denotes the gradient vector of function f (x).

(2) Riemannian gradient: Since the feasible region is on the
manifold space, we need to find the corresponding Riemannian
gradient, which is the projection of ∇J (ηt) given by [15]

P∇Jη

(
ηt
)
= ∇Jη

(
ηt
)
−Re

{
∇Jη

(
ηt
)∗ ⊙ ηt

}
⊙ηt, (41)

where Re{x} denotes the real part of x, while ⊙ is the

Hadamard product.
(3) Determine the next point η̄t+1:

η̄t+1 = ηt − τcP∇Jη

(
ηt
)
, (42)

where τc is the Armijo-Goldstein step size.
(4) Retract η̄t+1 to satisfy the unit modulus constraints: In

general, the elements of η̄t+1 may not satisfy the unit module
constraint. Thus, we have to retract η̄t+1 into manifold SM ,
i.e.,

ηt+1 = units
(
η̄t+1

)
, (43)

The details of the FP joint CCM-based algorithm are
summarized in Algorithm 1.

Convergence and complexity analysis: From problem (P1-
3) to (P1-8), the convergence has been verified in [14], while
the algorithm to solve the problem (P1-8) is a gradient method
with a step size determined by the Armijo-Goldstein rule,
which is guaranteed to converge to a stationary point [15,
Theorem 4.3.1]. Since the original optimization problem is
a non-convex problem, the proposed algorithm will converge
at least to a local optimal solution. Then, we analyze the
complexity of the proposed FP joint CCM-based algorithm.
The complexity of computing {qoptk } and {yopt

k } is given by
O
(
N2

)
and O

(
N3

)
, respectively. The complexity of the man-

ifold optimization algorithm is given by O
(
N3

)
[15]. Thus,

the total complexity of the FP joint CCM based algorithm is
given by O

(
N3

)
.

2) CCM-based algorithm: Note that the FP joint CCM-
based algorithm needs to exploit two auxiliary variables, i.e.,
q and {yk}, which causes alternate optimization and increases
the number of iterations. To reduce the complexity, we propose
a CCM-based algorithm to directly solve (P1-3). The phase
shift matrix obtained by the CCM-based algorithm is sub-
optimal. In exchange, the CCM-based algorithm can avoid
calculating q and {yk}, in order to reduce the algorithmic
complexity.

To apply the CCM-based algorithm to (P1-3), we first
convert it to the following problem

(P1-9) min
η

h (η) , (44a)

s.t. |ϕn| = 1, n = 1, ..., N, (44b)

where h (η) = −f (η) with f (η) defined in (26). The gradient
of function h (η) is given by (45), which is on the top of the
next page. Then, we can apply the CCM-based algorithm to
(P1-9) to obtain the phase shift matrix, which is composed of
four main steps, similar to the algorithm described in (40)-
(43). The details of the CCM-based algorithm are presented
in the Algorithm 2.

Convergence and complexity analysis: Compared with the



∇h (η) = −
K∑

k=1

2γkAkη

ηHBkη + dk + σ2
k + ηHAkη + ck

+

K∑
k=1

2γk
(
ηHAkη + ck

)
Bkη

(ηHBkη + dk + σ2
k + ηHAkη + ck) (ηHBkη + dk + σ2

k)
. (45)

Algorithm 1 FP joint CCM-Based Algorithm for Solving (P1)

1: Obtain {pk} and {wk} exploiting (15) and (18), respec-
tively;

2: Initialize r = 0, Φ0;
3: repeat
4: Compute {qopt

k } using (28);
5: Obtain {yopt

k } utilizing (36);
6: Initialize t = 0, η0 = Φ

r;
7: repeat
8: Compute ∇J (ηt) using (40);
9: Obtain P∇Jη (ηt) utilizing (41);

10: Calculate η̄t+1 via (42);
11: Compute ηt+1 exploiting (43);
12: Update t = t+ 1;
13: until The objective function converges
14: Update r = r + 1;
15: Update Φr = diag

{
ηt
}

;
16: until The objective function converges
17: Obtain Φopt = Φr.

Algorithm 2 CCM Based Algorithm for Solving (P1)

1: Obtain {pk} and {wk} exploiting (15) and (18), respec-
tively;

2: Initialize t = 0, η0;
3: repeat
4: Compute ∇h (ηt) using (45);
5: Obtain P∇hη (ηt) utilizing (41);
6: Calculate η̄t+1 via (42);
7: Compute ηt+1 exploiting (43);
8: Update t = t+ 1;
9: until The objective function converges

10: Obtain Φopt = diag
{
ηt
}

.

FP joint CCM-based algorithm, the CCM-based algorithm can
avoid calculating the auxiliary variables q and {yk}. Now,
the CCM-based algorithm only needs a step size satisfying
the Armijio-Goldstein rule with the complexity of O

(
N3

)
,

and the Armijio-Goldstein rule ensures that the CCM-based
algorithm converges [15].

IV. NUMERICAL RESULTS

In this section, numerical results are given to evaluate the
performance of these proposed design algorithms, as compared
to the following schemes:

1) Random Beamforming: The beamforming vectors are
randomly set to satisfy (12d), while the phase shift
profile of the RIS is optimized exploiting the CCM-based
algorithm.

2) Random Phase: The phase shift profile of the RIS is set to
a random matrix satisfying (12c), while the beamforming
vectors are obtained by the algorithm proposed in Section
III-B.

In all simulations, we consider a two-cell downlink trans-
mission system with a single RIS located at the cell-edge as
shown in Fig. 1. The serving user in cell k is randomly located
at the cell-edge within a circle with radius rk, the distance
between the center of this circle and the RIS is dIUk , and the
distance between the BS k and the RIS is dBI

k . In this paper,
we set dBI

1 = dBI
2 = 200 m, r1 = r2 = 5 m, dIU1 ∼ U (15, 20)

m, and dIU2 ∼ U (15, 20) m, where x ∼ U (a, b) represents
that x follows the uniform distribution between a and b. During
each user drop, the user is randomly deployed in the circle.
The large-scale fading path loss model for ρk and ςk in (1)

is given by ρ=10
PL0
10

(
d
d0

)−α̃

, where PL0 is the path-loss at
the reference distance d0, d is the link distance, α̃ is the path-
loss exponent. In our simulations, we set PL0 = −30 dB and
d0 = 1 m. The path-loss exponents of the BS-RIS link and
the RIS-user link are set to α̃BI = 2.5 and α̃IU = 3. For
all results, we assume that the noise level of the users is the
same, i.e., σ2

k = −90 dBm. We set M = 8, Pk,max = Pmax,
αk = α = 7 dB, βk = β = 13 dB, γk = 1, k ∈ K. All the
results are averaged over 500 user drops.
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d

1
r

2
r

1

IU
d

2

IU
d

Fig. 1. The simulated two-cell RIS-assisted downlink transmission scenario.

In Fig. 2, we compare the approximated ergodic WSSE of
these two proposed algorithms with the Monte-Carlo simula-
tion results obtained by (9). In this figure, we set N = 100.
It can be observed that the approximated performance of each
proposed algorithm is almost the same with its correspond-
ing Monte-Carlo simulation result, which validates that it is
reasonable to obtain the beamforming vectors, transmission
powers, and phase shift matrix based on the proposed approx-
imation. Moreover, the performances of the FP joint CCM-
based algorithm and CCM-based algorithm are nearly similar;
this implies that the latter achieves good performance with
lower complexity.

Figure 3 shows the ergodic WSSE versus the power budget
Pmax at each BS. The system parameters of this simulation
are the same with the parameters in Fig. 2. From Fig. 3,
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it can be observed that the ergodic WSSEs achieved by all
schemes increase with the transmit power. The FP joint CCM-
based and CCM-based algorithms have similar performance
across the transmit power budget regime, and both of them
are significantly better than the other schemes. However, the
CCM-based algorithm involves no alternating optimization,
while the FP joint CCM-based algorithm needs an alternating
optimization, thus the complexity of the former is relatively
lower.

Figure 4 compares the ergodic WSSE performances of
various algorithms versus the number of reflection elements
N . In this simulation, we set Pmax = 27 dBm. From this
figure, we can observe that the ergodic WSSEs of all these
algorithms increase as N increases. We can also see that
the ergodic WSSE performance of the proposed CCM-based
algorithm is almost the same as the FP joint CCM-based
algorithm, and both of them significantly outperform the other
schemes. Summarizing, Figs. 3 and 4 verify the robustness of
our proposed algorithms.

V. CONCLUSION

We investigated a downlink RIS-assisted multi-cell system
exploiting only statistical CSI. Under the condition of non-
cooperative multi-cell systems, we determined the sub-optimal
beamforming vectors based on an ergodic spectral efficiency
approximation. New FP joint CCM-based and CCM-based
algorithms were proposed to maximize the approximated
WSSE, so as to effectively improve the system throughput.
In the simulations, we verified the accuracy of the derived
closed-form ergodic spectral efficiency approximation and the
effectiveness and robustness of the proposed algorithms.
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