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Abstract. This paper investigates multiple intelligent reflecting surface
(IRSs) assisted cell-free networks, where multiple single antenna access
points (APs) and IRSs are connected to a network controller, to serve
multiple user equipment (UEs) simultaneously. Our objective is to maxi-
mize the sum-rate of the cell-free network by jointly designing the power
allocation of APs and the passive reflecting beamforming of IRSs, while
the constraints on the maximum transmit power of each AP and the
phase of each phase shifter (PS) of IRS are satisfied. However, the prob-
lem is non-convex and challenging to solve. To this end, we propose an
efficient framework to jointly design the power allocation vectors and the
passive reflecting beamforming matrices. Particularly, we first reformu-
late the problem as a more tractable form by employing the fractional
programming methods and then decompose the transformed problem
into two subproblems. Finally, we propose an alternating iteratively (AI)
algorithm to solve the two subproblems, which is guaranteed to converge
to locally optimal solutions. Simulation results indicate that the advan-
tages of leveraging IRSs in improving the performance of the conventional
cell-free networks.

Keywords: Intelligent reflecting surface · Power allocation ·
Fractional programming · Sequential Optimization

1 Introduction

Cell-free networks comprise a large number of randomly located single-antenna
access points (APs) connected to a controller, and the controller optimizes the
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power allocation to improve the network performance [1]. Compared with the
cellular system, cell-free networks are no cells or cell boundaries and do not assign
the user equipment (UE) to the particular AP, and APs in cell-free networks serve
multiple UEs simultaneously and cooperatively. Besides, the number of APs is
larger than the number of UEs [2].

Recently, intelligent reflecting surfaces (IRSs) have emerged as a promising
technology to improve the performance of the communication system via mitigat-
ing the detrimental propagation conditions and strengthening the desired signal
powers [3]. Generally, IRSs are composed a large number of phase shifters (PSs),
each of which can reconfigure the incident signals to desired directions with sig-
nificant beamforming gains. The various IRS-assisted communication systems
have been extensively investigated, and one of the key problem is jointly design-
ing the power allocation (the active transmitting beamforming) and the passive
reflecting beamforming [4–8]. The authors in [4] studied a joint power allocation
and passive beamforming design problem to maximize the physical-layer secu-
rity. The work [5] maximized the sum-rate of the IRS-assited non-orthogonal
multiple access (NOMA) system by jointly optimizing the power allocation, pas-
sive and hybrid beamforming. The work [6] proposed an efficient algorithm based
on vector forms of the fractional programming methods [9,10], i.e., Lagrangian
dual transform (LDT) and quadratic transform (QT), and through joint opti-
mizing the active transmit beamforming and the passive reflecting beamforming
to maximize the sum-rate. The authors in [7] studied the sum-rate maximiza-
tion problem in a multi-cell scenario, and they employed the weighted minimum
mean-square error (WMMSE) [11] technique to transform the original problem
into an equivalent form and proposed a block coordinate descent (BCD) and
the majorization-minimization (MM) method based algorithm to solve it. The
authors in [8] deployed the IRS to assist the joint processing coordinated multi-
point (JP-CoMP) transmission. They studied two cases, i.e., the single UE case
and the multiple UEs case. Particularly, the authors proposed a computational
efficient MM-based algorithm to solve the problem in a single UE case and by
capitalizing on the second-order cone programming (SOCP) and semi-definite
relaxation (SDR) [12] techniques to solve the problem under multiple UEs case.

Motivated by the discussions as mentioned above, in this paper, we con-
sider maximizing the sum-rate of IRSs-assisted cell-free communication system
by jointly optimizing the power allocation of APs and the passive reflecting
beamforming of IRSs. Note that the power allocation and the beamforming are
intricately coupled, and the constant modulus constraints of IRS, the formulated
problem is non-convex and challenging to solve. As a compromise approach, we
provide an efficient framework to jointly design the power allocation and the
beamforming. We first transform the problem to an equivalent form by employ-
ing the fractional programming methods, e.g., LDT and QT, and then decom-
pose the reformulated problem into two subproblems, i.e., the power allocation
optimization and the passive reflecting beamforming optimization. Then, we
propose an alternating iteratively (AI) algorithm to solve the two subproblems.
Particularly, for the former subproblem, we reformulate it as a convex quadratic
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programming (QP) problem and propose a Lagrangian dual sub-gradient based
algorithm to obtain nearly closed-form solutions. While for the latter subprblem,
we recast it as a constant modulus constrained quadratic programming (CMC-
QP) problem, and then we propose a computational efficient sequential optimiza-
tion (SO) algorithm to solve it with locally optimal solutions in closed-forms.

Notations: Low case letters denote vectors and upper case bold letters stand
for matrices. Re {a} is the real part of a. CN (0, 1) is the distribution of a circu-
larly symmetric complex Gaussian variable with zero mean and unit variance.

Fig. 1. System model of IRSs-assisted cell-free networks.

2 System Model and Problem Formulation

In this section, as shown in Fig. 1, we investigate an IRS-assisted cell-free net-
works, where R distributed IRSs are deployed to assisted A randomly distributed
APs via connecting to a network controller for cooperatively serving K users.
We assume that each AP and each UE are equipped with single antenna, and
each IRS has N PSs.

The transmitted signal from the a-th AP is given as

xa =
K∑

k=1

√
pa,kta,k,∀a ∈ A, (1)

where ta,k ∼ CN (0, 1) represent the transmit signal from the a-th AP to the
k-th UE and pa,k denotes the transmit power from the a-th AP to the k-th UE.
Let da,k ∈ C, gr,k ∈ C

N×1, and sa,r ∈ C
N×1 denote the channels of a-th AP to

the k-th UE link, r-th IRS to the k-th UE link, and a-th AP to the r-th IRS link,
respectively. Besides, the passive reflecting beamforming of IRSs are denoted as

Θr = diag
(
ejφr,1 , ejφr,1 , · · · , ejφr,N

)
,∀r ∈ R. (2)
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The received signal at the k-th UE can be expressed as

yk =
A∑

a=1

(
da,k +

R∑

r=1

gH
r,kΘrsa,r

)
xa + nk,∀k ∈ K, (3)

where nk is the noise at the k-th UE with distribution CN (
0, σ2

k

)
. Hence, the

signal-to-interference-plus-noise ratio (SINR) at the k-th UE can be written as

γk =

∑A
a=1 pa,k

∣∣∣da,k +
∑R

r=1 gH
r,kΘrsa,r

∣∣∣
2

∑A
a=1

∑K
i�=k pa,i

∣∣∣da,k +
∑R

r=1 gH
r,kΘrsa,r

∣∣∣
2

+ σ2
k

. (4)

To facilitate expression, we define ha,k = da,k +
∑R

r=1 gH
r,kΘrsa,r, which denotes

the equivalent channel spanning from the a-th AP to the k-th UE.
In this paper, our objective is to maximize the sum-rate of the cell-free net-

work, i.e., R (p,Θ) =
∑K

k=1 log (1 + γk), by jointly designing the power alloca-
tion vector p = [p1,1, · · · , p1,K, p2,1, · · · , pA,K]T, and the passive reflecting beam-
forming matrix Θ = diag {Θ1,Θ2, · · · ,ΘR}. Therefore, the sum-rate maximiza-
tion problem can be formulated as

max
p,Θ

R (p,Θ) =
K∑

k=1

log (1 + γk) (5)

s. t.
K∑

k=1

pa,k = Pa,max,∀a ∈ A, (5a)

|Θr,n| = 1,∀r ∈ R,∀n ∈ N , (5b)

where the constraint (5a) limits the maximum transmitting power of a-th AP
and the constraint (5b) represents the constant modulus constraint of each PS
at IRSs. Since the variables p and Θ are intricately coupled, the problem is
non-convex and intractable. To this end, in the following section, we propose an
efficient framework to solve the problem.

3 Jointly Design Framework

First, we employ the fractional programming methods, i.e., LDT [10, Theo-
rem 4] and QT [10, Corollary 1], to equivalently transform the original prob-
lem to a more tractable form. By introducing auxiliary variable vectors α =
[α1, α2, · · · , αK]T and β = [β1, β2, · · · , βK]T, and according to the LDT and QT
methods, the original problem can be reformulated as

max
p,Θ,α,β

f (p,Θ, α, β)

s. t. (5a), (5b), (6)
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where f (p,Θ, α, β) is given as f (p,Θ, α, β) =
∑K

k=1 log (1 + αk) − ∑K
k=1 αk

+
∑K

k=1 2βk

√
(1 + αk)

∑A
a=1 |ha,k|2 pa,k − ∑K

k=1 |βk|2
(∑A

a=1

∑K
i=1 |ha,k|2 pa,i

+σ2
k

)
. For detailed transformation of Problem 6, the readers are referred to

[9]. Based on the fact that the objective function of the problem 6 is convex
with respect to any one of the four variables p, Θ, α, and β, while fixing the
other three, the problem can be effectively solved in an alternating optimization
manner. The solutions after the u-th iteration are denoted by (·)(u+1).

Note that α and β only appear in the objective function of Problem 6 and
do not exist in any constraints. Therefore, the optimal values of α and β can be
obtained by setting the partial derivatives of f (p,Θ, α, β) with respect to αk,∀k
and βk,∀k to be zeros, respectively. First, with fixed p, Θ, and β, we have

α
(u+1)
k =

∑A
a=1 |ha,k|2 pa,k∑A

a=1

∑K
i�=k |ha,k|2 pa,i + σ2

k

,∀k ∈ K, (7)

and then with fixed p, Θ, and α
(u+1)
k , we have

β
(u+1)
k =

√
(1 + αk)

∑A
a=1 |ha,k|2 pa,k

∑A
a=1

∑K
i�=1 |ha,k|2 pa,i + σ2

k

,∀k ∈ K. (8)

Meanwhile, with fixed Θ, and the so-obtained optimal α
(u+1)
k and β

(u+1)
k , the

objective function of Problem 6 can be reformulated as f (p,Θ, α, β) = fp (p)+
const

(
Θ, α(u+1), β(u+1)

)
, where const

(
Θ, α(u+1), β(u+1)

)
=

∑K
k=1 log (1 + αk)−∑K

k=1 αk − ∑K
k=1 |βk|2 σ2

k, which is the irrelevant constant term with respect to
p and has no impact on the optimization of p. Then, we have the following
optimization subproblem of p, which is given as

p = arg max
p

fp (p)

s. t. (5a), (9)

where fp (p) =
∑K

k=1 2βk

√
(1 + αk)

∑A
a=1 |ha,k|2 pa,k − ∑K

k=1 |βk|2 ∑A
a=1

∑K
i=1

|ha,k|2 pa,i. It can be verified that the objective function and the constraints of
Problem 9 are both convex, which yields that Problem 9 is convex and can be
solved by employing convex solver tools, e.g. CVX. Note that the dual gap of
the above problem is guaranteed to be zero, therefore, instead of relying on the
generic solver with high computational complexity, we propose a Lagrangian
dual sub-gradient based algorithm to optimize p.

The Lagrangian dual function of Problem 9 is defining as

L (p, λ) = fp (p) −
A∑

a=1

λa

( K∑

k=1

pa,k − Pa,max

)
, (10)
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where λ = [λ1, λ2, · · · , λA]T is the dual vector with λa ≥ 0,∀a ∈ A is introduced
for enforcing the maximal power in the a-th AP. The variables p and λ can
be obtained in an alternating manner. First, with fixed λq, the optimal power
allocation vector pq+1 can be optimized by solving the following sub-problem

pq+1 = arg max
p

L (p, λq) . (11)

By setting the first-order partial derivative of L (p, λq) with respect to
pa,k,∀ {A,K} to be zeros, we have

pq+1
a,k =

(1 + αk) β2
k |ha,k|2

(∑K
i=1 β2

i |ha,i|2 + λa

)2 ,∀a ∈ A,∀k ∈ K. (12)

The dual variable λ can be determined by solving the following dual optimizing
problem, which is given as

λq+1 = arg min
λ

max
p

L (
pq+1, λ

)
. (13)

By defining fa (λq
a) =

∑K
k=1 pa,k − Pa,max, which is a monotonically decreasing

function for λa ≥ 0, we propose a sub-gradient based method to update λq+1
a .

Particularly, with the fixed pq+1
a,k , the dual variable λa can be performed as follows

λq+1
a = [λq

a + τfa (λq
a)]+ ,∀a ∈ A, (14)

where τa denotes the positive step for updating λq+1
a and [x]+ = max {x, 0}.

With the number of iterations increasing, the solutions finally converge to the
locally optimal solution, and we have p(u+1) = pq∗

.
Finally, we consider to optimize the passive reflecting beamforming matrix

Θ. With the fixed p(u+1), α(u+1), and β(u+1), the corresponding subproblem for
optimizing Θr,∀r ∈ R of IRSs are given as

Θ = arg max
Θ

f
(
p(u+1),Θ, α(u+1), β(u+1)

)

s.t. (5b). (15)

By defining dk = [d1,k, d2,k, · · · , dA,k], gk =
[
gT
1,k,gT

2,k, · · · ,gT
R,k

]T
, pk =

[p1,k, p2,k, · · · , pA,k]T,

S =

⎡

⎢⎢⎢⎣

sT1,1 sT1,2 · · · sT1,R
sT2,1 sT2,2 · · · sT2,R
...

...
...

...
sTA,1 sTA,2 · · · sTA,R

⎤

⎥⎥⎥⎦

T

, (16)

we have
∑A

a=1

(
da,k +

∑R
r=1 gH

r,kΘrsa,r

) √pa,k = dk
√

pk + gH
k ΘS

√
pk.

To make above expression more tractable, we further define θ =
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[θ1,1, θ1,2, · · · , θ1,N , · · · , θR,N ]T ∈ C
RN×1, and Hk = diag (gk)S ∈ C

RN×A,
and then gH

k ΘS = θHHk. Hence, with fixed p(u+1), α(u+1), and β(u+1), we have
f

(
p(u+1), θ, α(u+1), β(u+1)

)
= fθ (θ) + const

(
p(u+1), α(u+1), β(u+1)

)
, where

fθ (θ) =
K∑

k=1

2βk

√
1 + αkRe

{
θHHk

√
pk

} −
K∑

k=1

2 |βk|2
{

θHHk

K∑

i=1

√
pi

√
pi

HdH
k

}

−
K∑

k=1

|βk|2 θHHk

K∑

i=1

√
pi

√
pi

HHH
k θ, (17)

and const
(
p(u+1), α(u+1), β(u+1)

)
is the irreverent constant term about θ. After

omitting the terms, the subproblem of optimizing θ can be expressed as

θ = arg max
θ

− θHZθ + 2Re
{
θHω

}
(18)

s.t. |θi| = 1,∀i ∈ N̂ , (18a)

where N̂ = RN , and

Z =
K∑

k=1

|βk|2 Hk

K∑

i=1

√
pi

√
pi

HHH
k ,

ω =
K∑

k=1

βk

√
1 + αkHk

√
pk − |βk|2 Hk

K∑

i=1

√
pi

√
pi

HdH
k . (19)

However, Problem 18 is a non-convex CMC-QP problem, which is still hard
to obtain the optimal solution. Note that the objective function and the constant
modulus constraints are separable with respect to θi,∀i ∈ N̂ [13], therefore, we
can decompose Problem 18 into N̂ separate subproblems and solve them one-
by-one. Particularly, we have

θHω =
N̂∑

n=1

θ∗
nωn = θ∗

i ωi +
N̂∑

n=1,n �=i

θ∗
nωn. (20)

Meanwhile, θHZθ can be expanded as

θHZθ =
N̂∑

n=1
n �=i

θHznθn + θHziθi =
N̂∑

n=1
n �=i

θ∗
i zi,nθn + θHziθi +

N̂∑

m=1
m �=n

N̂∑

p=1
p�=i

θ∗
mzm,pθp

= θ∗
i zi,iθi +

N̂∑

n=1
n �=i

(θ∗
i zi,nθn + θizn,iθ

∗
n) +

N̂∑

m=1
m �=n

N̂∑

p=1
p�=i

θ∗
mzm,pθp, (21)

where Z =
[
z1, z2, · · · , zN̂

]
and zn =

[
z1,n, z2,n, · · · , zN̂ ,n

]T
∈ C

N×1. By using
the property zi,n = z∗

n,i and basing on the fact that Z is a positive semi-definite
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matrix, we have −θHZθ+θHω+ωHθ = 2Re
{

θ∗
i ωi +

∑N̂
n=1,n �=i θ∗

nωn

}
−θ∗

i zi,iθi−
2Re

{∑N̂
n=1
n �=i

θ∗
i zi,nθn

}
− ∑N̂

m=1
m �=n

∑N̂
p=1
p�=i

θ∗
mzm,pθp. Then, f7 (θ) can be recast as

f8 (θ) =
N̂∑

i=1

2Re {θ∗
i μi} + ξ, (22)

where μi = ωi − ∑N̂
n=1
n �=i

zi,nθn and ξ = 2Re
{∑N̂

n=1,n �=i θ∗
nωn

}
−

∑N̂
m=1
m �=n

∑N̂
p=1
p�=i

θ∗
mzm,pθp − θ∗

i zi,iθi, where ξ is the irreverent constant term with

regard to θi (e.g., θ∗
i zi,iθi = zi,i |θi|2 = zi,i), which do not affect the optimal

value of θi. Therefore, we can only investigate Re {θ∗
i μi} for optimizing θi and

sequentially optimize each element while fixing the remaining N̂ − 1 elements.
Problem 18 can be equivalently transformed as

max
θi

Re {θ∗
i μi} (23)

s.t. |θi| = 1, (23a)

An equivalent expression for Problem 23 is given by

max
φi

cos (−φi + ηi) (24)

s.t. φi ∈ [0, 2π] , (24a)

where ηi and −φi are the phases of μi and θ∗
i , respectively. Consequently,

Problem 24 has a closed-form optimal solution whose phase is given by φi =
ηi,∀i ∈ N̂ . Consequently, we have

θi = ejηi ,∀i ∈ N̂ . (25)

Based on the above discussions, the procedure of sequentially optimizing θ1, θ2,
· · · , θN̂ and then repeatedly until convergence is attained. The complexity of the
sequential optimization (SO) algorithm is O (ISOR2N 2

)
, where ISO denotes the

number of iterations when the SO algorithm converges.
The proposed AI algorithm is summarized in Algorithm 1, and we have the

following lemma

Lemma 1. The proposed Algorithm 1 is guaranteed to converge to locally opti-
mal solutions.

Proof. The proof is similar to that of [14], hence it is omitted for simplicity.

4 Numerical Simulation

As follows, simulation results are provided to evaluate the performance of the
proposed alternating iteratively (AI) algorithm to evaluate its effectiveness and
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Algorithm 1. Proposed AI algorithm

Input: p
(1)
a,k, ∀ {a, k}, Θ(1); threshold ε.

1: Update α
(u+1)
k , ∀k ∈ K by using (7);

2: Update β
(u+1)
k , ∀k ∈ K by using (8);

3: Update p
(u+1)
a,k , ∀a ∈ A, ∀k ∈ K by using (12);

4: Update Θ
(u+1)
i , ∀i ∈ N̂ by using (25);

5: IF
∣
∣
∣R(u+1) − R(u)

∣
∣
∣ /R(u) ≤ υ, terminate;

Otherwise, set u = u + 1 and go to Step 1.

show the performance gains achieved by the distributed IRSs. We consider six-
APs and four-UEs are equipped with single antenna, and three-IRSs are com-
posed of 60 PSs, and APs, UEs, and IRSs are randomly distributed in a circle
with a radius of 100 m. Besides, we assumed that a uniform planar array (UPA)

at the IRS. The large-scale path loss is given as L (d) = L0+10 log
(

d
D0

)ρ

, where
L0 is the path-loss at the reference distance D0 = 1 m, d denotes the distance,
and ρ is the path loss exponent. We set the path loss exponent between APs
and UEs, between APs and IRSs, and between IRSs and UEs are ρau = 3.75,
ρai = 2.2, ρiu = 2.2, respectively, which is based on the fact that the location of
IRSs are appropriately chosen for ensuring a free-space. Meanwhile, the maxi-
mum transmit power of APs are Pa,max = 20 dBm, ∀a ∈ A and the noise power
σ2 = σ2

k = −80 dBm, ∀k ∈ K.
As shown in Fig. 2, we study the sum-rate achieved by the proposed AI algo-

rithm under the different number of PSs, e.g. N = 30 and N = 60. It is observed
that the sum-rate achieved by the AI algorithm converges to corresponding sta-
tionary point after a few iteration, which demonstrates that the proposed AI
algorithm has good convergence behaviour. Besides, the convergence speed of
“AI alg. N = 60” is slower than “AI alg. N = 30”, which indicated that the
convergence speed is sensitive to the size of IRSs.

Fig. 2. Sum-rate versus the number of iterations.
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Moreover, we introduce two baseline schemes to validate the performance of
“AI alg.”, i.e., “without IRS” and “random PSs” [4–8]. As illustrated in Fig. 3(a),
we investigate the impact of the number of PSs of IRS on the performance. It
is observed that the “AI alg.” scheme achieves a significant performance gain
compares with benchmark schemes. Besides, the “random PSs” scheme achieves
a higher sum-rate than the “without IRS” scheme, which demonstrates that
the IRS can improve the performance of the cell-free system even though the
passive reflecting beamforming of IRSs are without optimizing. As shown in
Fig. 3(b) illustrates the sum-rate achieved by the “AI alg.” scheme and bench-
mark schemes over the maximum transmit power of APs. It is observed that the
“AI alg.” scheme outperforms both the “random PSs” and the “without IRS”
scheme considerably, which also indicates the advantages of deploying IRSs into
cell-free networks.

Fig. 3. Comparison of performance.

5 Conclusion

In this paper, we proposed an efficient jointly power allocation and passive
reflecting beamforming design framework to maximize the sum-rate of the IRSs-
assisted cell-free networks. Due to the problem was non-convex, we first trans-
formed the original problem to an equivalent and tractable form, and then
decomposed the reformulated problem into two subproblems. Finally, the sub-
problems were solved in an alternating optimization manner. The proposed AI
algorithm was guaranteed to converge to locally optimal solutions. Simulation
results demonstrated that IRSs can improve the performance of the conventional
cell-free networks significantly and the proposed AI algorithm achieves consid-
erably performance gains than benchmark schemes.
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