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Abstract—We study energy-efficient decentralized coordinated beam-

forming in multi-cell multiuser multiple-input single-output system.

The problem of interest is to maximize the weighted sum energy

efficiency subject to user-specific quality of service constraints. The

original problem is iteratively approximated as a convex program

according to successive convex approximation (SCA) principle. The

convex problem at each iteration is then formulated as a general global

consensus problem, which is solved via alternating direction method of

multipliers (ADMM). This enables base stations to independently and in

parallel optimize their beamformers relying only on local channel state

information and limited backhaul information exchange. In addition to

waiting for the ADMM to converge as conventionally when solving the

approximate convex program, we propose a method where only one

ADMM iteration is performed after each SCA update step. Numerical

results illustrate the fast convergence of the proposed methods and show

that performing only one ADMM iteration per each convex problem

can significantly improve the convergence speed.

I. INTRODUCTION

To address high volume of wireless traffic and high data rate

demand, current wireless communications systems have been built

upon multi-antenna technology. Although the multi-antenna tech-

niques have been shown to provide huge spectral efficiency gains,

they are achieved at the expense of increased energy consumption.

To aim at energy savings for the future networks, energy efficiency

has become an increasingly important optimization criterion [1]–

[4]. By optimizing the ratio of the data rate and the total power

consumption (including the data independent circuit power con-

sumption), significant energy efficiency gains can be achieved over

the traditional design criteria, e.g., transmit power minimization and

sum rate maximization.

The 5G visions include network densification as an important

upcoming trend [5]. In small-cell networks, inter-cell interference

becomes a limiting performance factor which has to be accounted

for in the network optimization. One efficient concept to coordinate

interference is coordinated beamforming, where base stations (BSs)

can jointly design their data transmissions by exchanging limited

amount of control information via reliable backhaul links [6].

The energy efficiency maximization (EEmax) problems belong

to the class of fractional programs, which are highly difficult to

solve even in the case of single-cell beamforming [7]–[9]. Energy-

efficient multi-cell beamforming has been studied in some recent

works. Nguyen et al. [10] considered the problem of maximiz-

ing the minimum energy efficiency among the BSs to provide

EE fairness in a multi-cell multiuser multiple-input single-output

(MISO) system. Coordinated beamforming for network EEmax in

multi-cell multi-antenna systems was studied in [11], [12], where

the latter incorporated the data rate constraints of the users in

the optimization. To satisfy the heterogeneous energy efficiency

requirements of different cells, He et al. [13] used the weighted sum

energy efficiency as the optimization criterion. The above mentioned

works require a centralized controller which carries out all the

optimization. Distributed methods for network EEmax problem was

studied in [14], [15].

In this paper, we propose a decentralized energy-efficient coordi-

nated beamforming method for multi-cell multiuser MISO system.

On contrary to the network EEmax problem studied in [14], [15],

we aim at maximizing the weighted sum of the energy efficiencies

of the cells subject to user-specific signal-to-interference-plus-noise

ratio (SINR) constraints. This optimization criterion can potentially

satisfy heterogeneous energy efficiency requirements of different

BS types. The original problem is iteratively approximated as

a convex problem according to successive convex approximation

(SCA) principle. The convex problem at each iteration is then

formulated as a global consensus problem [16], which is solved

via alternating direction method of multipliers (ADMM). Different

to prior works, we propose a method, which can be realized in

a decentralized manner using only local channel state information

and limited scalar information exchange between the BSs, and

guarantees certain SINR level for each user.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a B-cell multiuser multiple-input single-output

downlink channel. Each base station b ∈ B = {1, . . . , B}
equipped with N antennas transmits data to a group of Kb single-

antenna users in its cell, represented by the set Kb. Each user

k ∈ K , ∪b∈BKb in the network is served only by a single

BS which is denoted by bk ∈ B, i.e., Kb ∩ Km = ∅ ∀b 6= m.

The channel (row) vector from BS b to user k is represented by

hb,k ∈ C
1×N . We adopt linear beamforming, where data symbol

sk intended for user k is multiplied with the beamforming vector

wk ∈ C
N×1 before being transmitted. Accordingly, the received



signal for user k is given by

yk = hbk,kwksk +
∑

j∈Kbk
\{k}

hbk,kwjsj

+
∑

m∈B̄bk

∑

j∈Km

hm,kwjsj + nk (1)

where B̄b = B \ {b} is the set of all BSs, excluding b, and nk ∼
CN (0, N0) is background noise with noise power spectral density

N0. The data streams are independent and have zero mean and unit

power. Considering a time-division duplex system, we assume that

BSs can perfectly estimate the channels of all the users from the

uplink pilots. Accordingly, the data rate of user k is given by

Rk(w) = W log(1 + Γk(w)) (2)

where W is the bandwidth and

Γk(w) ,
|hbk,kwk|2

Ik(w̃bk) +
∑

m∈B̄bk

Im,k(w̃m)
(3)

is the SINR of user k. In (2) and (3), w̃b is defined as the

vector stacking all the beamformers of users served by BS b, i.e.,

w̃b = {wk}k∈Kb
, and w as the vector including the beamformers

of all users in the network, i.e., w = {w̃b}b∈B. Moreover,

Ik(w̃bk) , WN0 +
∑

j∈Kbk
\{k} |hbk,kwj |2 is the intra-cell

interference-plus-noise and Im,k(w̃m) ,
∑

j∈Km
|hm,kwj |2 is

the inter-cell interference (ICI) from BS m ∈ B̄bk to user k.

B. Power Consumption Model

We adopt the power model from [17], where the power consump-

tion of each cell is modeled as

Ptot,b = 1
η
Pdata,b + PFIX +NPBS + PSYN +KbPUE (4)

where Pdata,b is the data transmit power of BS b in downlink, η ∈
[0, 1] is the power amplifier efficiency at the BS, PFIX is fixed power

consumption required for site-cooling, control signaling, backhaul

infrastructure, and baseband processors, PBS is the power per radio

frequency chain at each antenna, PSYN is the power consumed by

local oscillator and PUE is the circuit power of each user. We denote

the total circuit power as P0 , PFIX +NPBS + PSYN +KbPUE.

C. Weighted Sum Energy Efficiency Maximization

The problem of weighted sum energy efficiency maximization

with per-user SINR constraints can be written as

max
{wk}k∈K

∑

b∈B
ωb

fb(w)

gb(w̃b)
(5a)

s. t. Γk(w) ≥ Γ̄k, k ∈ K (5b)
∑

k∈Kb

||wk||22 ≤ Pb,∀b ∈ B (5c)

where ωb is the energy efficiency priority weight for BS b, fb(w) ,
∑

k∈Kb
Rk(w), gb(w̃b) , 1

η

∑

k∈Kb
||wk||22 + P0, and Γ̄k is the

target SINR. We note that the constraint in (5b) admits a second-

order cone representation as










hbk,kwk√
Γ̄k

≥
(

Ik(w̃bk) +
∑

m∈B̄bk

Im,k(w̃m)
)

1
2

(6a)

Im(hbk,kwk) = 0. (6b)

The equivalence between (5b) and (6) is due to the fact that a phase

rotation on wk will offer the same objective in (5a) and still satisfies

the power constraint in (5c). This observation has been exploited

in [18] to transform the SPmin problem into the second-order cone

program. The difficulty of the problem is now in the nonconvex

objective function (5a).

III. SUCCESSIVE CONVEX APPROXIMATION

As a first step, we can write the following equivalent transfor-

mation

max
{tb}b∈B,{wk}k∈K

W
∑

b∈B
ωbtb (7a)

s. t. tb ≤ fb(w)

gb(w̃b)
, ∀b ∈ B (7b)

(5c), (6) (7c)

which is in fact an epigraph form of (5). To lighten notations we

will drop the constant W in (7a) onwards. Next, we can further

equivalently reformulate (7) as

max
{tb,αb}b∈B ,{wk,γk}k∈K

∑

b∈B
ωbtb (8a)

s. t. gb(w̃b) ≤ α2
b

tb
,∀b ∈ B (8b)

γk ≤ Γk(w),∀k ∈ K (8c)
∑

k∈Kb

log(1 + γk) ≥ α2
b ,∀b ∈ B (8d)

(5c), (6). (8e)

The equivalence between (8) and (7) is guaranteed since all the

constraints (8b)-(8d) are active at optimality. Intuitively, the newly

introduced variables {γk}k∈K, {αb}b∈B represent the SINR of user

k and the square root of the sum data rate of cell b, respectively. It

is easy to see that the nonconvexity of (8) is due to (8b) and (8c),

and the decomposability of (8) depends on (8c) and (6a).

To address the nonconvexity of (8) we first equivalently replace

(8c) by the following inequality constraints

γk ≤ |hbk,kwk|2
βk

, ∀k ∈ K (9a)

βk ≥ Ik(w̃bk ) +
∑

m∈B̄bk

Im,k(w̃m),∀k ∈ K, (9b)

where {βk}k∈K are newly introduced variables which can be

interpreted as total interference plus noise experienced by user k.

We note that (9b) are convex constraints. At this point, we can

express the original problem (5) as

max
{tb,αb}b∈B ,{wk,γk,βk}k∈K

∑

b∈B
ωbtb (10a)

s. t. gb(w̃b) ≤ α2
b/tb,∀b ∈ B (10b)

γk ≤ |hbk,kwk|2/βk, ∀k ∈ K (10c)

(5c), (6), (8d), (9b). (10d)

We can see that all the constraint except (10b) and (10c) are convex.

We note that
α2
b

tb
and

|hbk,kwk|2

βk
are quadratic-over-linear, i.e.,

jointly convex functions of the same form and admit linear lower

approximations at point (α
(n)
b , t

(n)
b ) and (w

(n)
k , β

(n)
k ) as

α2
b

tb
≥ 2α

(n)
b

t
(n)
b

αb − (
α
(n)
b

t
(n)
b

)2tb , φ(n)(αb, tb) (11)

and



|hbk,kwk|
2

βk
≥ 2Re((w

(n)
k

)Hh
H
bk,khbk,kwk)

β
(n)
k

− (
|hbk,kw

(n)
k

|

β
(n)
k

)2βk , ψ(n)(wk, βk), (12)

respectively. Thus, we iteratively approximate the original problem

(5) as a convex program

max
{tb,αb}b∈B ,{wk,γk,βk}k∈K

∑

b∈B
ωbtb (13a)

s. t. gb(w̃b) ≤ φ(n)(αb, tb),∀b ∈ B (13b)

γk ≤ ψ(n)(wk, βk),∀k ∈ K (13c)

(5c), (6), (8d), (9b) (13d)

at iteration n of the SCA method until convergence. The conver-

gence of SCA is studied in [19] and is omitted here for brevity.

IV. DECENTRALIZED ALGORITHM

After a careful check we can see that only the constraints (6a)

and (9b) couple all the beamformers across the BSs. If all BSs are

connected with a central processing node, then (13) can be solved in

a centralized manner. However, this is not often the case in practice

and decentralized algorithms are thus always appreciated. The

focus of this section is to develop a consensus based decentralized

approach to solve (13) [16]. Toward this end we first rewrite (13)

equivalently as

max
∑

b∈B
ωbtb (14a)

s. t.
hbk,kwk√

Γ̄k

≥ (Ik(w̃bk) +
∑

m∈B̄bk

z2m,k)
1
2 ,∀k ∈ K

(14b)

βk ≥ Ik(w̃bk ) +
∑

m∈B̄bk

z2m,k,∀k ∈ K (14c)

z2b,j ≥
∑

k∈Kb

|hbk,jwk|2,∀b ∈ B, j ∈ K̄b (14d)

(5c), (6b), (8d), (13b), (13c) (14e)

where the optimization variables are

{tb, αb}b∈B, {wk, γk, βk}k∈K, {zb,j}b∈B,j∈K̄b
, and K̄b , K \ Kb

is the set of users who are not served by cell b. The newly added

variables {zb,j}b∈B,j∈K̄b
can be interpreted as the square root of

the ICI introduced by cell b to user j ∈ K̄b. For cell b we define a

local feasible set Sb as

Sb =
{

(w̃b,γb, αb, tb,βb, z̃b)
∣

∣

∑

k∈Kb

||wk||22 ≤ Pb

Im(hbk,kwk) = 0, ∀k ∈ Kb
∑

k∈Kb

log(1 + γk) ≥ α2
b

gb(w̃b) ≤ φ(n)(αb, tb)

γk ≤ ψ(n)(wk, βk),∀k ∈ Kb

hbk,kwk√
Γ̄k

≥ (Ik(w̃b) +
∑

m∈B̄bk

(z̃bm,k)
2)

1
2 ,∀k ∈ Kb

βk ≥ Ik(w̃b) +
∑

m∈B̄b

(z̃bm,k)
2,∀k ∈ Kb

(z̃bb,j)
2 ≥

∑

k∈Kb

|hb,jwk|2, ∀j ∈ K̄b

}

(15)

where γb = {γk}k∈Kb
, βb = {βk}k∈Kb

and we have replaced each

zm,k by a new variable z̃bm,k . In fact, z̃bm,k can be viewed as the

local copy of zm,k handled by cell b and z̃b ∈ R|K̄b|+Kb(B−1)

includes all the variables that are relevant to BS b, i.e., the

interference that BS b causes to the users of other cells and the

interference that other cells m ∈ B̄b cause to the users of cell b.

With the introduction of Sb we can equivalently write (14) in a

more compact form as

max
∑

b∈B
ωbtb (16a)

s. t. (w̃b,γb, αb, tb,βb, z̃b) ∈ Sb,∀b ∈ B (16b)

z̃b = zb,∀b ∈ B (16c)

where the optimization variables are {w̃b, γb, αb, tb,βb, z̃b, zb}b∈B

and a vector zb ∈ R|K̄b|+Kb(B−1) includes the corresponding

global variables that are relevant to BS b, i.e., all the elements from

{zbb,j}j∈K̄b
and {z̃bm,k}m∈B̄b,k∈Kb

with the same ordering as in z̃b.

The equality constraints in (16c) force the local copies to be equal

to the global variables. Now we note that (16) is in a form of general

global consensus problem which can be solved using ADMM [16].

Let us denote Ψb = {w̃b,γb, αb, tb,βb, z̃b}, including the local

variables associated with BS b. Furthermore, we denote

hb (Ψb) =

{

ωbtb,Ψb ∈ Sb

∞, otherwise.
(17)

The basic idea of the ADMM is to alternately update local, global

and dual variables. As a first step of the ADMM, we write the

partial augmented Lagrangian of (16) as

L({Ψb, zb,νb}∀b∈B)

=
∑

b∈B

(

hb(Ψb)− ν
T
b (z̃b − zb)− ρ

2
||z̃b − zb||22

) (18)

where {νb}b∈B are the dual variables associated with the interfer-

ence equality constraints (16c). The last term of (18) is a quadratic

penalty term with penalty parameter ρ > 0, which penalizes for

the violation of the equality constraints (16c). Due to the added

penalty terms, the ADMM is able to converge without the need of

strict convexity or finiteness of the original objective function (16).

At iteration l+ 1 of the ADMM, we can write the update steps as

Ψ
(l+1)
b = argmax

Ψb

L(Ψb, z
(l)
b ,ν

(l)
b ),∀b ∈ B (19a)

{z(l+1)
b }∀b∈B = argmax

{zb}∀b∈B

L({Ψ(l+1)
b , zb,ν

(l)
b

}

∀b∈B
) (19b)

ν
(l+1)
b = ν

(l)
b + ρ(z̃

(l+1)
b − z

(l+1)
b ),∀b ∈ B. (19c)

The steps (19a) and (19c) are completely decentralized and can be

solved independently in parallel at each BS. Updating the global

variables in (19b) requires sharing local interference terms z̃b to

the coupled BSs. Assuming that there is a dedicated backhaul link

between each BS and Kb = K, ∀b ∈ B, each BS needs to share

only 2K real scalars per link at each iteration.1 The local variables

in (19a) are updated as Ψ
(l+1)
b = Ψ

∗
b , where Ψ

∗
b is the optimal

solution of the generalized convex program

max
Ψb

hb(Ψb)− (ν
(l)
b )T (z̃b − z

(l)
b )− ρ

2
||z̃b − z

(l)
b ||22. (20)

1Note that a centralized solution would require each BS to share all the

local channel state information to a centralized controller (or to other BSs

in the cooperation set). In this case, each BS has to send BKN complex

values per link.



The global variables in (19b) can be found as z
(l+1)
b = z

∗
b , where

z
∗
b is the optimal solution of the convex program

max
{zb}b∈B

−
∑

b∈B
((ν

(l)
b )T (z̃

(l+1)
b − zb)− ρ

2
||z̃(l+1)

b − zb||22) (21)

which is separable in zb and can be solved independently after the

local copies have been exchanged. Since the problem is quadratic

and unconstrained, setting the gradient of (21) to zero gives

z∗b,j =
1

2

(

z̃
b,(l+1)
b,j + z̃

bj ,(l+1)

b,j +
1

ρ
(ν

b,(l)
b,j + ν

bj ,(l)

b,j )
)

. (22)

By substituting z
(l+1)
b to (19c), we obtain ν

bj ,(l)

b,j + ν
b,(l)
b,j = 0,

which yields z
(l+1)
b,j = z∗b,j = 1/2(z̃

b,(l+1)
b,j + z̃

bj ,(l+1)

b,j ). The

algorithm is summarized in Algorithm 1, where r
(l)
b , z̃

(l)
b − z

(l)
b

and ǫ is a small threshold. The convergence proof is omitted here

due to the lack of space. However, for each fixed SCA step, we

solve a convex problem (13) via ADMM. For convex problems, the

ADMM, i.e., steps 3-7 of Algorithm 1 is guaranteed to converge to

the optimal solution [16]. For the SCA method, the convergence

is studied in [19]. By combining the results of [16] and [19],

the convergence is guaranteed. Note that during the intermediate

iterations of the ADMM, the feasibility of the original problem (14)

is not guaranteed, because local copies of the interference terms can

differ from the global ones, and, thus, the SINR constraints may be

violated.

Algorithm 1 Proposed decentralized solution.

Initialization: Set n = 0, and generate initial points Φ
(0)
b .

1: repeat

2: n := n+ 1.

3: repeat

4: BS b,∀b ∈ B: Update local variables using (19a) and

signal local copies z̃b to the coupled BSs.

5: BS b,∀b ∈ B: Update global variables zb using (19b).

6: BS b,∀b ∈ B: Update local dual variables using (19c).

7: until ||r(l)b ||2 ≤ ǫ,∀b ∈ B
8: BS b,∀b ∈ B: Perform SCA step, i.e., update functions

ψ(n+1)(wk, βk) and φ(n+1)(αb, tb) using w
∗
k, β

∗
k and α∗

b , t
∗
b

obtained from step 4, respectively.

9: until convergence

A simplified version of Algorithm 1

In Algorithm 1, the stopping criterion of ADMM is satisfied when

||r(l)b ||2 ≤ ǫ,∀b ∈ B, where r
(l)
b , z̃

(l)
b − z

(l)
b is the residual at

BS b after the lth update and ǫ is a small positive constant. This

requires all the BS to repeat steps 4-6 several times until reaching

a predetermined accuracy. In an effort to combine SCA method

and ADMM, we discover an interesting result. That is, Algorithm

1 will also converge even if steps 4-6 are performed an arbitrary

number of times at each BS. In this paper, we illustrate this result

by performing steps 4-6 only once after each SCA update (i.e., step

8). We refer to this variant of Algorithm 1 as ‘simplified Algorithm

1’. Numerical results show that simplified Algorithm 1 can remark-

ably improve the convergence speed. However, the convergence of

simplified Algorithm 1 is not theoretically guaranteed and is very
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Fig. 1. Convergence of the proposed algorithm.

challenging to prove but we have observed its convergence in all

numerical experiments.

V. NUMERICAL RESULTS

We evaluate the performance by assuming quasistatic frequency

flat Rayleigh fading channels and consider a cluster of B = 3

circular cells, with inter-BS distance dB of 400 m. The radius of

each cell is assumed to be
dB

2
, i.e., the cell edges are overlapping

and the users are randomly dropped to the cell edges on the center

area of the three BSs. The following simulation parameters adopted

from [20] are used: W = 20 MHz, PFIX = 18 Watts, PBS =

1 Watt, PSYN = 2 Watts, ρ = 0.04, Γ̄k = Γ̄ = 0 dB, Pb =

46 dBm, η = 0.39,WN0 = -96 dBm, N = 9,Kb = K = 3.

The threshold for ADMM to stop is set to ǫ = 10−2.

Fig. 1 illustrates the convergence of Algorithm 1. We can see

that Algorithm 1 converges to the value produced by the centralized

method and the speed of convergence is fast even with quite large

number of antennas/users. Note that the during ADMM iterations,

the objective value of Algorithm 1 can be higher than that of the

centralized method, because the feasibility is not guaranteed.

VI. CONCLUSION

We have proposed the decentralized coordinated beamforming

method for weighted sum energy efficiency maximization in multi-

cell multiuser MISO system. The method is a combination of

successive convex approximation and alternating direction method

of multipliers, where each base station can independently optimize

its beamformers relying only on local channel state information and

limited backhaul information exchange. Numerical results illustrate

the fast convergence of the proposed method.
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