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ABSTRACT
Weighted sum-rate (WSR) maximization via linear beamforming is
a central problem in wireless communications. A widely adopted
approach to this problem is the WMMSE algorithm, which re-
formulates WSR maximization as an iteratively matrix-weighted
sum-MSE minimization problem. In this paper, we revisit this clas-
sic problem and propose a novel transformation that reduces WSR
maximization to a sum-regularized-MSE minimization problem.
While both formulations build upon the fundamental relation be-
tween the achievable rate and the MSE matrix, WMMSE relies on
an iterative approximation, whereas the proposed transformation
exploits an exact rate–MSE relation. Based on this formulation,
we develop an efficient algorithm, termed XMMSE, which alter-
nately updates the transmit and receive beamformers. We further
show that XMMSE admits a tighter surrogate function within the
minorization–maximization framework, thereby improving conver-
gence behavior. Numerical results further demonstrate that XMMSE
achieves superior beamforming performance compared with several
classical benchmark methods.

Index Terms— Linear beamformer, MIMO interfering broad-
cast channel, weighted MMSE, weighted sum-rate maximization,
minorization-maximization.

1. INTRODUCTION

Weighted sum-rate (WSR) maximization is a fundamental problem
in communication systems for the design of linear transmit beam-
formers. This problem is generally non-convex and NP-hard [1],
and iterative optimization algorithms are therefore commonly em-
ployed to obtain stationary solutions. In [2], an iterative algorithm
is proposed for WSR maximization in multiple-input single-output
(MISO) broadcast channels based on the uplink–downlink mean
square error (MSE) duality, where a geometric program is solved
at each iteration. An asynchronous distributed pricing algorithm
for the WSR maximization problem in MISO interference channels
was developed in [3], and it was shown that the algorithm converges
monotonically to a stationary point under certain sufficient condi-
tions. Similarly, [4] addresses WSR maximization in multiple-input
multiple-output (MIMO) interference channels by optimizing trans-
mit covariance matrices, where each receiver solves a local convex
subproblem. A common limitation of these approaches is that they
do not admit closed-form solutions at each iteration, which can
result in relatively high computational complexity.

The weighted MMSE (WMMSE) criterion was introduced for
MIMO channels in [5], where a generalized formulation was pro-
posed to enable the design of specialized linear precoders through
the adjustment of diagonal weight matrices. By exploiting the
relationship between the mean square error (MSE) and the signal-
to-interference-plus-noise ratio [6], the WMMSE algorithm for

MIMO broadcast channels was subsequently developed in [7]. That
work formulated a matrix-weighted sum-MSE minimization prob-
lem and established the connection between the optimal weights
and the MSE matrix via the Karush–Kuhn–Tucker conditions. This
line of research was further extended in [8] to MIMO interfering
broadcast channels, where the authors demonstrated the equivalence
between WSR maximization and weighted sum-MSE minimization,
and interpreted the WMMSE algorithm as an alternating minimiza-
tion procedure for solving the latter problem. Along a similar line,
the fractional programming approach proposed in [9] addresses
WSR maximization by exploiting essentially the same underlying
principles as those of the WMMSE framework [8].

In this paper, we revisit the WSR maximization problem through
a novel transformation that yields an equivalent formulation, which
can be interpreted as a sum-regularized-MSE minimization prob-
lem. Based on this formulation, we propose the XMMSE algorithm,
which alternates between updating the transmit and receive beam-
formers. Similar to WMMSE, XMMSE builds upon the relation
between the achievable rate and the MSE matrix; however, while
WMMSE relies on an iterative approximation, the proposed transfor-
mation exploits an exact rate–MSE relation. From the perspective of
the minorization–maximization (MM) framework, XMMSE admits
a tighter quadratic lower bound that more closely approximates the
WSR objective function, thereby leading to improved convergence
behavior. In numerical simulations, we compare XMMSE with ex-
isting WSR beamforming methods, including zero-forcing (ZF), reg-
ularized zero-forcing (RZF), maximum ratio transmission (MRT),
and WMMSE [7, 8]. The results show that XMMSE achieves supe-
rior beamforming performance compared with ZF, RZF, and MRT.
Moreover, XMMSE converges faster than WMMSE, with the perfor-
mance advantage becoming more pronounced as the signal-to-noise
ratio (SNR) increases.

2. SYSTEM MODEL AND PROBLEM FORMULATION

Consider a general MIMO interfering broadcast channel with K
transmitters, where the k-th transmitter communicates with a set
of Ik intended receivers over a shared spectrum, and transmissions
from different transmitters mutually interfere. The numbers of an-
tennas at transmitter k and its ik-th receiver are Mk and Nik , respec-
tively, for k = 1, . . . ,K and ik = 1, . . . , Ik. Let Vik → CMk→Dik

denote the linear beamforming matrix used by transmitter k for re-
ceiver ik, and let sik → CDik be the corresponding data vector with
Dik spatial streams. The channel from transmitter l to receiver ik is
denoted by Hik,l → CNik

→Ml . The received signal at receiver ik is

yik = Hik,kViksik︸ ︷︷ ︸
desired signal

+
∑

(l,j)↑=(k,i)

Hik,lVjlsjl + nik

︸ ︷︷ ︸
interference plus noise

. (1)
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WSR(V) =

∫ 1

0

∑

(k,i)

ωik tr

((
I+ εVH

ikH
H

ik,kF
↓1
ik

Hik,kVik

)↓1
V

H

ikH
H

ik,kF
↓1
ik

Hik,kVik

)
dε

(4.a)
=

∫ 1

0

∑

(k,i)

ωik tr

(
V

H

ikH
H

ik,kF
↓1/2
ik

(
I+ εF↓1/2

ik
Hik,kVikV

H

ikH
H

ik,kF
↓1/2
ik

)↓1
F

↓1/2
ik

Hik,kVik

)
dε

=

∫ 1

0

∑

(k,i)

ωik tr

(
V

H

ikH
H

ik,k

(
Fik + (1↑ ε)Hik,kVikV

H

ikH
H

ik,k

)↓1
Hik,kVik

)
dε

(4)

We assume that the signal covariance satisfies E
[
siks

H

ik

]
= I, and

that the additive noise nik at receiver ik follows a circularly sym-
metric complex Gaussian distribution with mean 0 and covariance
ϑ2
ikI. Let matrix !ik = V

H

ikH
H

ik,k
F

↓1
ik

Hik,kVik with Fik =∑
(l,j) ↑=(k,i) Hik,lVjlV

H

jlH
H

ik,l
+ ϑ2

ikI for i = 1, . . . , Ik and k =

1, . . . ,K. The WSR maximization problem1 is formulated as

max
V

∑

(k,i)

ωik log det (I+ !ik ) =: WSR (V)

s.t.
Ik∑

i=1

tr
(
VikV

H

ik

)
↓ Pk, k = 1, . . . ,K,

(2)

where Pk denotes the transmit power budget of transmitter k.

3. XMMSE ALGORITHM FOR WSR MAXIMIZATION

In this section, we first reformulate the WSR maximization prob-
lem (2) as a sum-regularized-MSE minimization problem. We then
propose a novel algorithm, termed XMMSE, to solve this problem.

3.1. Sum-regularized-MSE Minimization

Let Uik → CNik
→Dik denote the linear receive beamformer for re-

ceiver ik. The estimated signal is ŝik = U
H

ikyik . The MSE matrix
Eik is

Eik = E{sik ,nik}
[
(ŝik ↑ sik ) (ŝik ↑ sik )

H



= I↑U
H

ikHik,kVik ↑V
H

ikH
H

ik,kUik

+U
H

ik




∑

(l,j)

Hik,jVjlV
H

jlH
H

ik,j + ϑ2
ikI



Uik .

Then, we have the following result.

Theorem 1. The WSR maximization problem in (2) is equivalent to

the following sum-regularized-MSE minimization problem

min
V

∑

(k,i)

ωik

∫ 1

0

min
U

tr (Eik ↑ εRik ) dε

s.t.
Ik∑

i=1

tr
(
VikV

H

ik

)
↓ Pk, k = 1, . . . ,K,

(3)

where Rik = Esik

[
r̂ik r̂

H

ik

]
, and r̂ik = U

H

ikHik,kViksik repre-

sents the estimated desired signal.

1Throughout this paper, we use V and U to collectively denote
the sets of beamformers {Vik} and {Uik}, respectively.

Proof. We first introduce the following lemma.

Lemma 2. For any matrix X ↔ 0, we have

log det (I+X) =

∫ 1

0

tr

(I+ εX)↓1

X

dε.

Proof. According to the Newton-Leibniz formula, for any differen-
tiable function f (X), we have

f (X)↑ f (X0) =

∫ 1

0

↗↘Xf (X0 + ε (X↑X0)) ,X↑X0≃ dε.

Setting f (X) = log det (I+X) and X0 = 0 leads to the result.

According to Lemma 2, by letting X = !ik , it follows that

WSR(V) =
∑

(k,i)

ωik

∫ 1

0

tr

(I+ ε!ik )

↓1
!ik


dε.

Since !ik = V
H

ikH
H

ik,k
F

↓1
ik

Hik,kVik , we have (4), where (4.a)

uses the property (I+AB)↓1
A = A (I+BA)↓1.

Let Rik = U
H

ikHik,kVikV
H

ikH
H

ik,k
Uik . Note that Rik =

Esik

[
r̂ik r̂

H

ik

]
is the covariance matrix of the estimated desired sig-

nal r̂ik = U
H

ikHik,kViksik , which is ŝik with the interference and
noise components excluded. For receiver ik, minimizing the regu-
larized MSE tr (Eik ↑ εRik ) yields the closed-form solution

U
ω
ik (ε) =

(
Fik + (1↑ ε)Hik,kVikV

H

ikH
H

ik,k

)↓1
Hik,kVik ,

where 0 ↓ ε ↓ 1 is the regularization coefficient. The optimal
regularized MSE is tr


I↑V

H

ikH
H

ik,k
U

ω
ik (ε)


. Substitute Uω

ik into
the right-hand side of (4), the WSR can be reformulated as

WSR(V) =

∫ 1

0

∑

(k,i)

ωik tr
(
V

H

ikH
H

ik,kU
ω
ik (ε)

)
dε.

Hence, the problem (2) can be written as

min
V

∑

(k,i)

ωik

∫ 1

0

tr
(
I↑V

H

ikH
H

ik,kU
ω
ik (ε)

)
dε

s.t.
Ik∑

i=1

tr
(
VikV

H

ik

)
↓ Pk, k = 1, . . . ,K.

This minimization problem is equivalent to problem (3).

Unlike the WMMSE algorithm [7,8], which transforms the orig-
inal WSR maximization problem (2) into a matrix-weighted sum-
MSE minimization problem, Theorem 1 establishes an exact relation
between the achievable rate and the MSE. In the following section,
we propose an algorithm, named XMMSE, that alternates between
updating U and V to solve the sum-regularized-MSE minimization
problem in (3).
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U
opt
ik

=



(1↑ ε)Hik,kVikV
H

ikH
H

ik,k +
∑

(l,j) ↑=(k,i)

Hik,lVjlV
H

jlH
H

ik,l + ϑ2
ikI




↓1

Hik,kVik (5)

Aik = H
H

ik,kF
↓1
ik

Hik,kVikPik

∫ 1

0

(1↑ ε)

I↑ (1↑ ε)”ik (I+ (1↑ ε)”ik )

↓12 dεPH

ikV
H

ikH
H

ik,kF
↓1
ik

Hik,k

Aik,l = H
H

ik,lF
↓1
ik

Hik,kVikPik

∫ 1

0


I↑ (1↑ ε)”ik (I+ (1↑ ε)”ik )

↓12 dεPH

ikV
H

ikH
H

ik,kF
↓1
ik

Hik,l

Bik = H
H

ik,kF
↓1
ik

Hik,kVikPik

(
I↑

∫ 1

0

(1↑ ε)”ik (I+ (1↑ ε)”ik )
↓1 dε

)
P

H

ik

(6)

3.2. The XMMSE Algorithm

First, with the transmit beamformers V fixed, we solve the regularized-
MSE minimization problem to obtain the update for receive beam-
formers U in (5). Then, given U, the objective function of problem
(3) can be expressed as

∑

(k,i)

tr


V

H

ik
AikVik +

∑

(l,j) ↑=(k,i)

V
H

jlAik,lVjl ↑ 2⇐
(
B

H

ikVik

)
,

where matrices

Aik =

∫ 1

0

(1↑ ε)HH

ik,kUikU
H

ikHik,k dε,

Aik,l =

∫ 1

0

H
H

ik,lUikU
H

ikHik,l dε,

Bik =

∫ 1

0

H
H

ik,kUik dε, i = 1, . . . , Ik; k, l = 1, . . . ,K.

Let Pik”ikP
H

ik denote the eigenvalue decomposition of !ik . Ap-
plying the matrix inversion lemma, we obtain (6). For i = 1, . . . , Ik
and j, k = 1, . . . ,K, denote Pik = F

↓1
ik

Hik,kVikPik . After eval-
uating the integrals in (6), we obtain

Aik = ωikH
H

ik,k
Pikdiag


1

ϖik,nik


log(1 + ϖik,nik

)

ϖik,nik

↑ 1
1 + ϖik,nik


PH

ikHik,k,

Aik,l = ωikH
H

ik,l
Pikdiag


1

1 + ϖik,nik


PH

ikHik,l,

Bik = ωikH
H

ik,k
Pikdiag


log(1 + ϖik,nik

)

ϖik,nik


P

H

ik .

For i = 1, . . . , Ik and k = 1, . . . ,K, we further denote matrix

Aik = Aik +
∑

(l,j) ↑=(k,i)

Ajl,k. (7)

After interchanging the order of summation in the quadratic term,
the update of Vik can be decoupled across all transmitters, leading
to the following optimization problem

min
{Vik}

Ik
i=1

Ik∑

i=1

tr
(
V

H

ikAikVik ↑ 2⇐
(
B

H

ikVik

))

s.t.
Ik∑

i=1

tr
(
VikV

H

ik

)
↓ Pk,

(8)

Algorithm 1 The XMMSE Algorithm for WSR Beamforming
Input: The channel {Hik,j} and noise power ϑ2

ik .
1: Initialize t ⇒ 0 and V

(0).
2: while not convergence do
3: Update beamformers U(t+1) according to (5)
4: Update beamformers V(t+1) according to (9).
5: t ⇒ t+ 1.
6: end while

Output: Beamformers V(t).

which obtains a solution as [8]

V
opt
ik

= (Aik + µω
kI)

†
Bik , (9)

where µω
k ⇑ 0 is the optimal Lagrange multiplier. Let Qik#ikQ

H

ik

be the eigenvalue decomposition of Aik . Define Gik = B
H

ikQik ,
and express it as Gik = [gik,1, . . . ,gik,Mk ]. For k = 1, . . . ,K,
the optimal Lagrange multiplier µω

k must satisfy

µω
k = min


µk ⇑ 0 :

Ik∑

i=1

Mk∑

n=1

⇓gik,n⇓
2
2

(#ik (n, n) + µk)
2 ↓ Pk


.

We can apply a line search method to determine the optimal value µω
k

within the closed interval [0, bk], where bk =
∑Ik

i=1 ⇓Bik⇓
2
F /Pk.

The overall XMMSE algorithm is summarized in Algorithm 1. Fur-
thermore, the following result demonstrates the theoretical conver-
gence properties of the XMMSE algorithm.

Theorem 3. Any limit point V
ω

of the generated sequence by

XMMSE is a stationary point of the WSR maximization problem (2).

Remark. It is worth noting that [10] recently proposed the so-called
reduced WMMSE algorithm for the WSR maximization problem in
MIMO broadcast channels, achieving a computational complexity
that scales linearly with the number of transmit antennas. This set-
ting corresponds to a special case of the MIMO interfering broadcast
channel with a single transmitter. Consequently, similar ideas in [10]
can be incorporated into XMMSE to address this scenario.

4. COMPARISON BETWEEN XMMSE AND WMMSE

The per-iteration computational complexity of XMMSE is of the
same order as that of WMMSE in terms of the numbers of base
stations, data streams, transmit antennas, and receive antennas. In
the WMMSE algorithm [7, 8], after updating the receive beamform-
ers and the matrix weights, the resulting objective function becomes
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(d) Quadratic surrogate functions

Fig. 1. Comparison between XMMSE and WMMSE.

quadratic with respect to the transmit beamformers. It was shown
in [11] that this quadratic function serves as a lower bound of the
original WSR objective at given values of transmit beamformers
within the MM framework. Similarly, in the proposed XMMSE al-
gorithm, updating the receive beamformers also leads to a quadratic
surrogate function. More importantly, the resulting quadratic surro-
gate in XMMSE provides a tighter lower bound than that induced by
WMMSE. To illustrate this point in an abstract and intuitive way, we
consider a simple scalar example that captures the essential struc-
ture of the WSR objective function. Let x → R and define g(x) =
log


1 + x2


. Given a reference point x → R, the quadratic surro-

gate functions corresponding to XMMSE and WMMSE are given,
respectively, by

g
X
(x;x) =


1

1 + x2
↑

log

1 + x2



x2


(x↑ x)2 + l(x;x),

g
W
(x;x) =

(
1

1 + x2
↑ 1

)
(x↑ x)2 + l(x;x),

where l(x) = 2x
1+x2 (x↑ x) + g (x) denotes the first-order Taylor

approximation of g(x) at x. Since the logarithm function is concave,
we have log


1 + x2


↓ x2. Consequently, the difference between

the two quadratic surrogate functions can be expressed as

g
X
(x;x)↑ g

W
(x;x) =


1↑

log

1 + x2



x2



x↑ x

2 ⇑ 0.

Fig. 1 illustrates the difference between the two quadratic lower
bounds. As x increases, the gap between the surrogates induced by
XMMSE and WMMSE becomes larger. In particular, as shown in
Fig. 1(d), the quadratic surrogate associated with XMMSE closely
matches the second-order Taylor expansion of g(x) at x. This ob-
servation is further corroborated by the numerical results presented
in Section 5.
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Fig. 2. The performance of the WSR maximization algorithms.

5. NUMERICAL RESULTS

We conduct numerical simulations for a MIMO interference chan-
nel with Ik = 1 for k = 1, . . . ,K, where K = 4, Mk = 16,
Nik = Dik = 4, and ωik = 1 for all k. The noise powers are
identical across receivers, i.e., ϑ2

ik = ϑ2, and under a total trans-
mit power P , the SNR is defined as SNR = 10 log10(P/ϑ

2). The
simulations are conducted on a desktop computer equipped with
an Intel Xeon W CPU. All results are averaged over 1000 inde-
pendent channel realizations drawn from CN (0, 1). We compare
XMMSE with benchmark schemes including ZF, RZF, MRT, and
WMMSE [7, 8], where all iterative algorithms are initialized using
the RZF beamformer. As shown in Fig. 2(a), both XMMSE and
WMMSE achieve higher WSR than the other benchmarks, and under
the same convergence criterion they attain comparable WSR perfor-
mance. Fig. 2(b) shows the convergence behavior at SNR = 20 dB,
where XMMSE converges faster than WMMSE. The fast conver-
gence behavior of XMMSE becomes more evident at higher SNRs,
as shown in Fig. 2(c). Finally, Fig. 2(d) reports the average CPU
time with Nik = Dik = 4 and Mk varying from 8 to 32 in a fully
loaded setting (Nk = Mk/Nik ) at SNR = 20 dB, where XMMSE
consistently requires less computation time than WMMSE across all
antenna configurations.

6. CONCLUSION

In this paper, we have studied the WSR maximization problem in
MIMO interference broadcast channels. We have proposed a novel
equivalent transformation of the WSR objective, leading to a sum-
regularized-MSE minimization formulation, and have developed the
corresponding XMMSE algorithm. The advantage of XMMSE over
WMMSE has been theoretically established within the MM frame-
work. Numerical results have further demonstrated that XMMSE
achieves superior beamforming performance compared with several
classical benchmark methods.
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