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Abstract—This paper introduces a new interference-aware
user association (UA) scheme for a multi-base station (BS) wire-
less network in which intelligent reflecting surfaces (IRSs) are
leveraged to improve each multi-antenna BS’s coverage region
and mitigate the vulnerability to non-line of sight paths. We
aim to maximize the total network downlink achievable rate by
jointly optimizing the reflective phase shifters at IRSs while asso-
ciating mobile users (MUs) to BSs, which is an intractable non-
convex problem. An alternating optimization-based algorithm
based on solving two sub-problems, i.e., one for UA and one
for reflective phase shift optimization, is proposed to tackle the
non-convex problem. The proposed algorithm optimizes phase
shifters at IRS through fractional programming techniques, and
the UA is solved by successive convex approximation (SCA).
Simulation results show that the proposed algorithm significantly
improves the total network achievable rate compared to heuristic
methods, e.g., matching game.

Index Terms—Intelligent reflecting surfaces, user association,
phase optimization, successive convex approximation, fractional
programming.

I. INTRODUCTION

With the fast development in advanced technologies such as
ultra-dense networks (UDN), massive MIMO, and mmWave
communications, the spectrum efficiency in wireless networks
has been improved in the last few decades. However, network
energy consumption and hardware costs are still big issues
when it comes to implementation. On the other hand, in high
frequencies, it is hard to build active massive MIMO arrays,
and channels at these frequencies are sparse. Therefore,
research for implementing low hardware cost spectral and
energy efficient technologies is vital for green 5G and beyond
wireless networks [1]. Intelligent reflecting surfaces (IRS) are
a revolutionary and transformative technology for achieving
spectrum and energy efficient wireless communication cost
effectively by reconfiguring the wireless propagation environ-
ment [2]. Each IRS consists of many low-cost passive arrays
reflecting the incident signal by adjusting the phase shifters
independently. Therefore, the desired wireless transmission is
provided by this collaboration among the reflected signals. By
adjusting the passive arrays’ phase shifts, the reflected signals
can be added coherently and constructively to the desired
signal at the desired receiver, and SINR is improved. It is
notable that since IRS can be a passive array, its operation is
entirely different from other active arrays like relays. Only the
ambient signals are reflected by a passive array in IRS, which
does not consume any additional power. Furthermore, both

direct path and reflected path carry the same information, and
therefore they are added coherently [3], [4]. An active amplify
and forward (AF) relay operates in the half-duplex mode,
which is not spectral efficient, while an IRS operates in full-
duplex mode. On the other hand, applying IRS has some other
advantages, such as it can be easily installed on the wall and
ceiling. Therefore, by installing IRSs in the line of sight (LoS)
with the base station (BS), the signal strength in the vicinity
of IRSs is improved significantly. IRS’s advantages make
new technology for wireless cellular networks, especially in
indoor environments with dense mobile users (MUs) such as
shopping malls, stadiums, and airports [5].

The user association in IRS-aided multi-cell systems is a
relatively new topic studied in a few papers [6]–[9]. In the
study in [6], the zero-forcing (ZF) receiver was leveraged to
suppress the interference of the other users, and the problem
of sum rate maximization with minimum rate guarantee
quality-of-service (QoS) constraints is studied. It is worth
noting that since the ZF receiver is employed, the impact
of the interference is suppressed, and the only signal-to-noise
ratio is used at the users’ achievable rate expression. In [7],
the problem of jointly optimizing the reflective phase shift
at the IRS, BS transmit power, decoding order, and subchan-
nel assignment in non-orthogonal multiple access (NOMA)
network is studied. However, the proposed algorithm in this
work suffers from high computational complexity and de-
pends largely on accurate channel state information (CSI).
Besides, the many-to-one matching method is leveraged to
associate the users to the BSs. The authors in [8] derived
the average signal-to-interference-plus-noise-ratio (SINR) in
a multi-IRS and multi-BS network where all the channels’
responses follow the Rayleigh fading model. Then, the joint
optimization problem of IRS-user association and BS power
allocation is studied and solved by alternating optimization
(AO). It should be noted that due to the IRS deployment
location, usually a line-of-sight (LoS) channel between the
serving BS and the IRS exists. Thus, the channel distributions
do not necessarily follow the Rayleigh fading model. In
addition, investigating the BS-user association problem with
arbitrary channel response models is of significant importance
to assess the network upper-bound performance. Also, the
impact of the IRS in the multi-cell networks as well as user
association by leveraging optimization-based methods has not
been studied before. However, considering IRS in a multi-



cell scenario, the channels’ reconfiguration provided by the
IRSs can affect the user association algorithms. The channels
involved by IRSs are cascaded and related to the IRSs’ phase
shifters and hence can lead to the coupling of the IRSs’
phase shifters and user association. Therefore, joint phase
optimization and user association algorithm for enhancing the
performance of the multi-cell networks is required [10], [11].

This paper studies joint phase optimization at IRS and the
user association optimization problem in IRS-assisted multi-
cell networks. Our previous work maximized network spectral
efficiency by optimizing the user association with a matching
game in an IRS-assisted millimeter-wave cellular network
[12]. Unlike the previous work, this paper considers phase
optimization to enhance system performance further and pro-
vides a more comprehensive analysis of the performance of
IRS. In this paper, a new interference-aware user association
scheme for multi-cell networks is proposed in which IRSs are
utilized to improve the coverage region, cell edge problem and
mitigate vulnerability to N-LoS paths. Each MU is assigned
with a BS by optimizing the user association considering the
BS’s load constraints. Simultaneously, an IRS is utilized at
each cell to reflect the transmitted signal from the BS to its as-
signed MUs. We aim to maximize the sum rate of the network
under the constraints of phase shifters at IRS and association
constraints by joint optimization. Due to the non-convexity
and complexity of the problem, we utilize the alternating op-
timization algorithm. Specifically, the phase shifters at the IRS
are optimized based on the fractional programming method
and reformulated as a quadratically constrained quadratic
program (QCQP). Also, the user association problem is solved
through successive convex programming. Simulation results
have shown the effectiveness of the proposed algorithm.

The rest of the paper is organized as follows: The following
section presents the system model, and the optimization
problem is formulated. In Sec. III, we present our proposed
alternating optimization problem. Simulation results are de-
scribed in Sec. IV, and the conclusion is drawn in Sec. V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model
We consider an IRS-assisted cellular network, as shown in

Fig. 1, where several multi-antenna BSs serve several single-
antenna MUs with the help of several IRSs (e.g., on the
wall). Such a cellular network can be employed for indoor
applications with a high density of users, e.g., shopping malls,
stadiums, and exhibition centers [13]. A downlink MISO
cellular network with � BSs with " antennas and  MUs
is considered. Also, each BS is associated with one IRS with
# phase shifters. The sets of BSs and MUs are denoted by
J = {1, ..., �} and K = {1, ...,  }, respectively. Full channel
state information (CSI) is considered at BSs. We also define
Q 9 as the Activation Set, which represents the set of active
MUs served by BS 9 . The transmitted signal from BS 9 is
given by

x 9 =
∑
:∈Q 9

f :, 9 B: , (1)

Control link

IRS

ௗ

BS


Fig. 1. IRS assisted cellular network.

where B: is an independent and identically distributed (i.i.d.)
random variable with zero mean and unit variance denoted
as data stream for MU : and f :, 9 ∈ �"×1 is a beamformer
vector designed for each MU : by BS 9 . Maximum ratio
transmission (MRT) precoding for each serving MU : with
power √? 9 at 9 th BS with fMRT

:, 9 =
√
? 9

h:, 9

| |h:, 9 | | is considered.
As shown in Fig. 1, we consider multi user cellular network
involves � BSs such that BS 9 , 9 ∈ J , is assigned to IRS 9

with # reflecting passive elements. These IRSs are installed
to assist BS/MU communication. Each IRS can adjust the
phase shifts of its reflecting passive elements dynamically.
The received signal at MU : can be expressed as

H: =
∑
9∈J

h∗:, 9x 9 + I: , (2)

where h:, 9 ∈ �"×1 represents the channel vector between
BS 9 and MU : and I: is the white Gaussian noise at
MU : such that I: ∼ �# (0, #0). The operations [·]) , [·]∗
denote the transpose and conjugate transpose, respectively.
It is noteworthy that here, h:, 9 is a concatenation of three
components: BS-IRS link (M 9 ∈ �"×# ), IRS reflecting
link with phase shifts (hA:, 9 ∈ �#×1), and BS-MU direct
link (h3:, 9 ∈ �"×1). Let ) 9 = [\ 9 ,1, \ 9 ,2, . . . , \ 9 ,# ]) and
� 9 = diag(\ 9 ,1, \ 9 ,2, . . . , \ 9 ,# ) be the diagonal phase-shift
matrix where \ 9 ,= is reflection coefficient on the combined
incident signal, respectively (= = {1, 2, . . . , #}, 9 ∈ J ).
Therefore, h:, 9 is as

h:, 9 = M 9� 9hA:, 9 + h3:, 9 , (3)

The received signal at MU : can be expressed as

H: =

Desired signal︷       ︸︸       ︷
h∗:, 9 f :, 9 B: (4)

+ h∗:, 9
∑
8∈Q 9

8≠:

f 8, 9 B8

︸             ︷︷             ︸
Intra-cell interference

+
∑
I∈J
I≠ 9

∑
8∈QI

h∗:,I f 8,IB8

︸                  ︷︷                  ︸
Inter-cell interference

+ I:︸︷︷︸
Noise

,



where the first term is the desired received signal from BS
9 , the second term is the interference due to the transmitted
signal from BS 9 intended for the other MUs served by
BS 9 , the third term represents the interference sent by the
other BSs (I ≠ 9) for serving MUs associated with them,
and the last term is the received noise at MU : . As shown
in (4), the activation sets Q 9 and QI affect the interference
terms. Therefore, the network interference depends on the
network user association. During a transmission, when MU
: is connected to BS 9 , considering the received SINR at
MU : , its instantaneous rate is given by

':, 9 = log2 (1 + SINR: )

= log2

©«
1 +

h∗:, 9 f :, 9 f
∗
:, 9h:, 9∑

I∈J

∑
8∈QI ,8≠:

08,Ih
∗
:,I f 8,I f

∗
8,Ih:,I + #0

ª®®®®¬
,

(5)

where the binary association variable 0:, 9 is defined as

0:, 9 =


1, if MU : is associated with BS 9 ,

0. o.w.
(6)

The association variables should satisfy the following condi-
tions

C1:
∑
9∈J

0:, 9 = 1, ∀: ∈ K (7)

C2:
∑
:∈K

0:, 9 ≤ ", ∀ 9 ∈ J (8)

where the constraint C1 reflects that each MU must be
connected to one and only one BS in each transmission. Also,
the second constraint C2 shows the resource allocation in the
network such that the number of MUs served by each BS
cannot exceed the number of antennas on that BS to avoid
queuing and congestion at the BSs.

B. Problem Formulation
By defining the instantaneous rate vector of the network

as r , (A1, A2, . . . , A: ), where A: =
∑
9∈J 0:, 9':, 9 , we aim

to find the optimized association variables, and phase shift
matrices which maximizes the network total achievable rate.
First, let us denote a = {0:, 9 |∀ 9 ∈ J ,∀: ∈ K} as the set of
the association variables for all users to the base stations, and
� = {� 9 |∀ 9 ∈ J} as the set of all reflective phase matrices of
all IRSs in the network. The optimization problem framework
for each transmission is expressed as

P1: max
a,�

* (r) =
∑
:∈K

∑
9∈J

0:, 9':, 9 (9)

s.t. C1:
∑
9∈J

0:, 9 = 1, ∀: ∈ K,

C2:
∑
:∈K

0:, 9 ≤ ", ∀ 9 ∈ J ,

C3: 0:, 9 ∈ {0, 1}, ∀: ∈ K, 9 ∈ J ,
C4:

��\ 9 ,=��2 ≤ 1, ∀= ∈ {1, . . . , #}, 9 ∈ J .

where C1 and C2 are defined earlier in (7) and (8) guarantee
that each BS can serve all its associated MUs simultaneously,
and thus scheduling is not required. C3 relates to the binary
nature of user association variables and C4 represents the
bounds on the phase shifts of the elements at the IRSs. The
optimization problem in (9) is highly non-convex MINLP
known to be NP-hard. Due to their combinatorial structure and
the potential presence of multiple local maxima in the search
space, these MINLP problems are typically challenging to be
solved. The following section will address the optimization
problem in (9) by an alternating descent method, which aims
to improve the iterative solution.

III. PROPOSED ALTERNATING OPTIMIZATION

In this section, we exploit alternating optimization algo-
rithms to optimize a and �. For given �, the successive
convex approximation method is applied to optimize a. Then,
for given a, we apply the Lagrangian dual transform to
decouple the objective, and optimize � based on the fractional
programming method.

A. User Association Optimization

For a given fixed �, the user association optimization
problem is reformulated as

max
a

* (r) (10)

s.t. C1, C2, C3.

Since the optimization problem in (10) is neither convex nor
concave, it is challenging to solve analytically. Thus, we
resort to transform the problem to a tractable optimization
framework based on successive convex approximation (SCA).
At first, we deal with the binary nature of user association
variables, i.e., a. It can be proved that 0:, 9 ∈ {0, 1}, is
equivalent to 02

:, 9
= 0:, 9 . However, this equality constraint

is still non-linear. Therefore, by adding a penalty term to the
utility function in (10) to enforce 02

:, 9
= 0:, 9 , the binary

binary constraints can be relaxed to 0:, 9 ∈ [0, 1]. This leads
to the following optimization problem:

max
a

F1 (a) , * (r) +

Regulation term︷                         ︸︸                         ︷
_

∑
:∈K

∑
9∈J

(
02
:, 9 − 0:, 9

)
s.t. C1, C2,

C5: 0:, 9 ∈ [0, 1], : ∈ K, 9 ∈ J . (11)

where the regulation term is considered to force the optimiza-
tion results to binary solution for 0:, 9 . For _ >> 0, the relaxed
problem results will be equivalent to the main problem (10).

To solve the optimization problem in (11), the SCA method
is applied. Since the constraints C1, C2, and C5 are affine and
convex, only a lower bound for the objective function must



be computed to apply the SCA method. First, notice that the
objective function in (10), is expressed as

* (r) =
∑
:∈K

∑
9∈J

0:, 9 log2

(
1 +

0:, 9=:, 9

3:

)
(12)

=
∑
:∈K

∑
9∈J

0:, 9 log2

(
1 +

0:, 9

1:, 9

)
,

where =:, 9 , 3: , and 1:, 9 are as follows

=:, 9 = h∗:, 9 f :, 9 f
∗
:, 9h:, 9 , (13)

3: =

(
�∑
I=1

 ∑
8=1,8≠:

08,Ih
∗
:,I f 8,I f

∗
8,Ih:,I

)
+ #0, (14)

1:, 9 =
3:

=:, 9
, (15)

Since 5 (G, H) = G log2

(
1 + G

H

)
are jointly convex in G and

H, * (r) will be convex. Therefore, * (r) admits its first-order
approximation at the point 0 (;)

:, 9
as a lower bound. In addition,

the regulation term in (11) is a summation of quadratic
functions in terms of the association variables which is also
convex. Therefore, the lower bound of F1 is approximated as
given in (16) on top of the next page. The following convex
problem is a global bound maximization for (11) as

P1.1: max
a

F̃ (;)1 (a)
s.t. C1, C2, C5. (17)

It can be readily proved that P1.1 is a linear optimization
problem that can be solved by various linear programming
techniques such as the interior point method. The objective
F̃ (;)1 (a) in P1.1 is a global lower bound of the objective
F1 (a) in (11). Therefore, the nonconvex problem in (11)
can be replaced by its global lower bound maximization
problem in P1.1. A series of convex problems of P1.1 must
be solved and repeated until the convergence for alternating
optimization framework. With initial feasible point a(0) , the
proposed algorithm converges to a solution of problem (10)
after a finite number of iterations.

B. Phase Shift Optimization

In the second sub-problem, we optimize � in (9) given
fixed association variables a. At first, Lagrangian Dual Trans-
form (LDT) is applied to tackle logarithm in objective func-
tion of P1 [14]. Then, for given association variables a, the
problem in (9) is written as

max
�,0

�1 (�, 0) (18)

s.t. C4:
��\ 9 ,=��2 ≤ 1, ∀= = 1, . . . , #; 9 ∈ J ,

The new utility function is defined by

�1 (�, 0) =
∑
9∈J

∑
:∈Q 9

(
log2 (1 + c: ) − c: +

(1 + c: )SINR:
1 + SINR:

)
,

where 0 = [c1, c2, . . . , c ], and c: is auxilary variable for
decoding SINR: . For fixed �, the optimal value for c: is

easily found as copt
:

= SINR: . Thus, by substituting c
opt
:

in
(18), the optimization of � is reduced to

max
�

*2 (�)

s.t. C4, (19)

where *2 (�) is given by

*2 (�) =
∑
9∈J

∑
:∈Q 9

c̃: |h∗:, 9 f :, 9 |2∑
I∈J

∑
8∈QI
|h∗:,I f 8,I |2 + #0

(20)

=
∑
9∈J

∑
:∈Q 9

c̃: | (h∗A:, 9�
∗
9M
∗
9 + h∗3:, 9 ) f :, 9 |

2∑
I∈J

∑
8∈QI
| (h∗A:,I�

∗
IM
∗
I + h∗3:,I ) f 8,I |2 + #0

,

and c̃: = (1 + c: ). By defining l 8,:, 9 ,
diag(h∗A:, 9 )M

∗
9 f 8, 9 , l 8,:, 9 ∈ C#×1, >8,:, 9 = h∗3:, 9 f 8, 9 , and

| (h∗A:, 9�
∗
9M
∗
9 +h∗3:, 9 ) f :, 9 |

2 = |>8,:, 9 +)∗9diag(h∗A:, 9 )M
∗
9 f 8, 9 |2 =

|>8,:, 9 + )∗9 l 8,:, 9 |2, (20) is equivalently reformulated to a new
function of ) 9

*3 () 9 ) =
∑
9∈J

∑
:∈Q 9

c̃: |>:,:, 9 + )∗9 l:,:, 9 |2∑
I∈J

∑
8∈QI

|>8,:,I + )∗I l 8,:,I |2 + #0
. (21)

Since (21) is a fractional programming in terms of ) 9 , ∀ 9 ∈
J , it can be translated to the following equation based on the
quadratic transform [14]

*30 () 9 , &) =
�∑
9=1

[ ∑
:∈Q 9

2
√
c̃:<(n∗:, 9)

∗
9 l:,:, 9 + n∗:, 9>:,:, 9 )

−
∑
:∈Q 9

|n:, 9 |2
©«
∑
I∈J

∑
8∈QI

|>8,:,I + )∗I l 8,:,I |2 + #0
ª®¬
]
, (22)

where & = {n:, 9 |∀:, 9} are auxilary variables. Therefore, the
optimization problem is formulated as

max
) 9 ,&

*30 () 9 , n)

s.t. C4, (23)

such that n:, 9 and ) 9 are optimized alternatively. The optimal
n:, 9 for given ) 9 is obtained by setting m*30 () 9 , n:, 9 )

mn:, 9
= 0, i.e.,

n
opt
:, 9

=

√
c̃: (>:,:, 9 + )∗9 l:,:, 9 )∑

I∈J
∑
8∈QI
|>8,:,I + )∗I l 8,:,I |2 + #0

. (24)

Given the optimal nopt
:, 9

, the optimization problem for ) 9 is
represented as:

max
) 9

*4 () 9 ) =
�∑
9=1

(
−)∗9H 9) 9 + 2<()∗9T 9 )

)
(25)

s.t.
��\ 9 ,=��2 ≤ 1, ∀= = 1, . . . , #; 9 ∈ J ,



F̃ (;)1 (a) ,
∑
:∈K

∑
9∈J

0
(;)
:, 9

log2
©«1 +

0
(;)
:, 9

1
(;)
:, 9

ª®¬ +
(
log2

©«1 +
0
(;)
:, 9

1
(;)
:, 9

ª®¬ +
0
(;)
:, 9/1 (;):, 9

1 + 0 (;):, 9/1 (;):, 9

) (
0:, 9 − 0 (;):, 9

)
+

©«
−

(
0
(;)
:, 9/1 (;):, 9

)2

1 + 0 (;):, 9/1 (;):, 9

ª®®¬
(
1:, 9 − 1 (;):, 9

)
+ _

( (
0
(;)
:, 9

2
− 0 (;)

:, 9

)
+

(
20 (;)
:, 9
− 1

) (
0:, 9 − 0 (;):, 9

) )
. (16)

where <(·) denotes the real part of a complex number and

HI ,
�∑
9=1

∑
:∈Q 9

|n:, 9 |2
∑
8∈QI

l 8,:,I l
∗
8,:,I ,

T 9 ,
∑
:∈Q 9

√
c̃:n

∗
:, 9 l:,:, 9 −

�∑
I=1

∑
8∈QI

|n8,I |2
∑
:∈Q 9

>∗:,8, 9 l:,8, 9 .

Since l 8,:,I l
∗
8,:,I for all 8, :, I are positive definite matrices,

H 9 is a positive definite matrice and *4 () 9 ) is a quadratic
concave function of ) 9 . Therefore, the problem is QCQP and
the non-convexity of the problem is only by the constraints.
These non-convex constraints can be substituted by convex
quadratic constraints as

)∗9 e=e
∗
=) 9 ≤ 1, ∀= = 1, . . . , #; 9 ∈ J , (26)

where e= ∈ R#×1 is an elementary vector with a one at the
=Cℎ position. Therefore, the convex QCQP becomes as

P1.2: max
) 9

�∑
9=1

(
−)∗9H 9) 9 + 2<()∗9T 9 )

)
(27)

s.t. )∗9 e=e
∗
=) 9 ≤ 1, ∀= = 1, . . . , #; 9 ∈ J ,

which is solved by CVX [15]. The proposed alternating
optimization method is summarized in Algorithm 1.

IV. SIMULATION RESULTS

In this section, the effect of the IRS and performance
of the proposed joint user association-phase optimization in
the downlink cellular network are evaluated. We consider a
cellular network with 5 BSs (� = 5), 5 IRSs (each IRS is
associated with one BS), and 25 MUs ( = 25) while each BS
can serve 5 MUs simultaneously. Each BS is equipped with a
8×8 UPA of antennas, and each IRS is equipped with 10×10
arrays. Noise power spectral density is −174dBm/Hz, and all
BSs transmit with equal power % 9 . BSs are located at specific
locations, IRSs are located randomly around BSs, and MUs
are distributed randomly in a region size of 250m × 250m.
For the IRS to be useful, an LoS path between each BS and
its corresponding IRS is considered. To evaluate the proposed
scheme, we compare our proposed algorithm with three algo-
rithms: 1) DA-MG+PPO: uses Deferred Acceptance-Matching
Game (DA-MG) method [16], [17] for user association, and
the proposed phase optimization (PPO) is applied at the IRS,
2) RP+PUA: uses random phase (RP) at the IRS and the
proposed user association (PUA), and 3) Without IRS + PUA:

Algorithm 1: Proposed iterative algorithm to optimize
the user association and reflective phase matrix at IRSs

1 Set 88 ←− 0, ; ←− 0, 8̂ ←− 0;
2 Set ) 9 such that )∗9 e=e

∗
=) 9 ≤ 1,∀(=, 9),

0
(0)
:, 9

= 1
 �
,∀: ∈ K; 9 ∈ J ;

3 while convergence not met and 88 < �>DC do
4 while convergence not met and ; < ! do
5 Solve convex program P1.1 in (17) to find aopt;
6 Set a(;+1) := aopt;
7 Set ; ←− ; + 1;
8 end
9 while convergence not met and 8̂ < �8= do

10 Compute copt
:

= SINR: , ∀:;
11 Compute nopt

:, 9
, ∀:, 9 from (24);

12 Solve convex program P1.2 in (27) to find
optimal solution ) 9 ∀ 9 ;

13 Set 8̂ ←− 8̂ + 1;
14 end
15 set 88 ←− 88 + 1;
16 end
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Fig. 2. Network spectral efficiency in a cellular network.

uses the only direct link between BSs and MUs and the
proposed user association (PUA).

Fig. 2 compares the network spectral efficiency (SE) based
on the sum-rate under different settings of transmit power. As
shown in the figure, our proposed joint user association-phase
optimization scheme outperforms due to better phase arrays
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at the IRSs and user association gain. Moreover, network
interference is adapted to the user association. As shown in the
figure, IRS is mostly useful and a higher sum-rate is provided
when the IRS is applied in the cellular network.

Fig. 3 shows the effect of the IRS array size (#) on the
network spectral efficiency. It can be seen that by increasing
the size of IRS arrays, spectral efficiency in all algorithms
except Without IRS + PUA increases. Moreover, when the
number of phase shifters is sufficiently large, the effect of
using IRS is significant due to providing more reflected links.
Also, the proposed algorithm outperforms other compared
algorithms mainly due to the joint optimization of user
association and phase shifters at IRSs.

Fig. 4 shows the impact of the number of MUs ( ) on the
SE of the network. We can observe that all four schemes
ascend as K increases within a specific range because of
providing higher utilization of network resources. However,
due to limited power resources in the BSs, the SE cannot
be infinitely improved by increasing K. Moreover, benefiting
from the optimal gain brought by the PPO at IRS and the
effective PUA algorithm, our proposed algorithm achieves
higher performance than the others. As shown in Fig. 4, when
 = 60, our proposed algorithm can improve the performance
compared with DA-MG+PPO algorithm, RP+PUA algorithm,
and Without IRS + PUA algorithm by 19%, 24%, and 110%.

V. CONCLUSION

In this paper, we considered an IRS assisted multi-cell net-
work and formulated the problem of joint user association and

reflective phase shift optimization to investigate the impact of
IRS in improving the total achievable rate. Since the formu-
lated problem is intractable to solve, an iterative method based
on alternating optimization technique has been proposed by
utilizing fractional programming for phase shift optimization
and successive convex programming to determine association
variables. Extensive simulation results demonstrated that the
proposed joint optimization algorithm achieves a higher total
achievable rate and outperforms the conventional association
schemes, e.g., matching game significantly.
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