
SCIENCE CHINA
Information Sciences

April 2026, Vol. 69, Iss. 4, 142302:1–142302:16

https://doi.org/10.1007/s11432-025-4666-y

c© Science China Press 2026 info.scichina.com link.springer.com

. RESEARCH PAPER .

Beam-structured precoding for network massive MIMO
systems via Hamiltonian-based optimization

Wen-Jie ZHU1,2, Yuxuan ZHANG1,2, Ziyu XIANG1,2, Ding SHI2, Li YOU1,2 & Xiqi GAO1,2*

1National Mobile Communications Research Laboratory, Southeast University, Nanjing 210096, China
2Purple Mountain Laboratories, Nanjing 211100, China

Received 8 May 2025/Revised 19 August 2025/Accepted 4 November 2025/Published online 2 March 2026

Abstract Massive multiple-input multiple-output (MIMO) has received widespread recognition for its substantially improved spectral

efficiency, and it remains a fundamental technology in future wireless communication networks. Its extension to network massive MIMO

enables joint transmission across base stations (BSs), but also introduces significant challenges due to the high dimension of the channel

matrices and the associated optimization variables. Our work investigates the precoder design by leveraging beam-structured precoding

under a Hamiltonian-based framework. We begin by introducing a beam-based channel model and formulating the precoder design

problem in the beam domain. Then we show that the optimal beam-domain precoder for each user terminal (UT) only occupies beams

corresponding to its non-zero beam-domain channel elements, a design referred to as beam-structured precoding, which results in a lower-

dimensional optimization problem. The corresponding problem is handled using a Hamiltonian system, where the objective function is

interpreted as potential energy, transforming the optimization problem into a physical system’s energy minimization task. The system’s

dynamical equations are then solved numerically with a RATTLE integrator, providing a principled approach to explore the solution

space, with reduced computational complexity and favorable performance. Through simulation results, we verify the effectiveness of our

method by demonstrating notable complexity savings while maintaining high performance.
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1 Introduction

The significant impact of massive multiple-input multiple-output (MIMO) technology has reshaped modern wireless
networks. By deploying large-scale antennas at base stations (BSs), massive MIMO enables dense user connectivity
through spatial multiplexing, offering substantial gains in spectral and energy efficiency [1, 2]. Massive MIMO has
become fundamental in addressing the growing demand for ultra-high data rates [3]. To further improve overall
system performance, network massive MIMO has attracted increasing attention, where the BSs jointly transmit
data through coordinated signal processing. Unlike traditional independent BS operation, which results in severe
inter-cell interference, network massive MIMO coordinates antennas from all the BSs as a unified virtual array [4].
Such coordination exploits spatial multiplexing gains to constructively combine desired signals while suppressing
interference. As a result, inter-cell interference is transformed into a controllable resource [5,6], unlocking additional
degrees of freedom and enhancing spectral efficiency and link reliability, particularly for cell-edge users [7, 8].

As the demand for higher data rates and better efficiency increases, achieving high spectral efficiency in network
massive MIMO systems has become a primary design challenge. This requires solving large-scale optimization
problems that balance the enhancement of desired signals with the suppression of inter-cell interference, for which
sum-rate maximization serves as a key objective [9]. The weighted sum mean-squared-error (WMMSE) framework
has become one of the most widely used approaches for tackling this optimization problem, and has demonstrated
effectiveness in various scenarios [10–13]. However, its extension to massive MIMO systems is often limited by com-
putational complexity and slow convergence, especially as network size increases [14–16]. Future wireless networks
are expected to operate at higher frequencies while also supporting a growing number of BS antennas and served
users. In such scenarios, leveraging the inherent sparsity of the channel becomes a promising direction for designing
efficient precoding strategies, as it can reduce the effective dimension of the optimization problem.
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Despite this reduction in the dimension, the resulting precoding optimization problem remains high-dimensional
and non-convex, posing significant challenges for efficient solution. Hamiltonian-based optimization provides a pow-
erful approach to tackling such problems effectively. By interpreting the objective function as the system’s potential
energy, it transforms the optimization task into a minimum energy problem within a dynamical framework. The
optimization process is guided by the system’s dynamical equations, which describe how the system evolves, ulti-
mately converging to an optimal configuration [17,18]. Unlike traditional methods, Hamiltonian-based optimization
does not rely on initial values for the solution [19]. This robustness stems from the introduction of a kinetic term,
which provides inertia to the system, enabling it to move smoothly through the search space. As a result, the
system can traverse regions with small gradients, reducing the likelihood of premature convergence to local minima
and improving its ability to escape suboptimal solutions, even when starting from less favorable initial points. To
solve the system’s dynamical equations and obtain the optimal solution, numerical methods are employed. These
methods provide discrete updates, effectively guiding the optimization process toward the optimum [20–22]. The
authors of [23] demonstrated that in the iterative precoding process based on minorize-maximization, the Hamilto-
nian framework can effectively eliminate the computational burden of high-dimensional matrix inversion. However,
the full potential of Hamiltonian-based optimization for solving precoding problems, especially in large-scale and
complex network settings, remains to be further investigated.

In this paper, we propose a beam-structured precoder design approach for network massive MIMO systems using
Hamiltonian-based optimization. The main contributions of this paper are summarized as follows.

• A beam-based channel model is formulated to capture the spatial characteristics of network massive MIMO
systems. Based on this model, the precoder design problem is reformulated in the beam domain. It is further
demonstrated that, for each UT, the optimal beam-domain precoder can focus on the beams corresponding to the
non-zero elements of its own beam-domain channel, resulting in a beam-structured precoding (BSP) that exploits
the sparsity to reduce the optimization dimension.

• To solve the resulting BSP problem, we adopt a Hamiltonian-based optimization approach, modeling the
optimization process as a dynamical system whose motion equations guide the solution trajectory. The evolution
of the system is computed with a numerical integrator, which ensures stable convergence behavior and effective
progression toward a well-optimized precoder.

• Simulation results validate that the proposed BSP approach achieves comparable sum-rate performance to
spatial-domain precoding, while significantly reducing computational complexity and maintaining its effectiveness
under finite antenna settings.

The rest of this paper is organized as follows. Section 2 introduces the beam-based channel model for network
massive MIMO systems. In Section 3, we demonstrate how the optimal sum-rate maximizing precoder can be
derived in the beam domain, which leads to the BSP design. Building on this formulation, Section 4 presents
a Hamiltonian-based approach to solving the BSP problem, where the system’s dynamical equations guide the
optimization process. Section 5 presents simulation results, followed by the conclusion in Section 6.

We use the following notations throughout the paper. Vectors and matrices are, respectively, defined as bold
lowercase and uppercase letters. Superscripts (·)∗, (·)T and (·)H stand for conjugate, transpose and conjugate
transpose, respectively. IM represents the size-M identity matrix; 0M×N denotes the M × N all-zero matrix.
̄ =

√
−1. CM×N means the M ×N -dimensional complex vector space. The notation , is used for definitions. Let

CN (µ, σ2) denote the circular symmetric complex Gaussian distribution with mean µ and standard deviation σ.
Let [A]m,n and [A]m,: denote the (m,n)-th entry and the m-th row of matrix A, where the element indices start
from 1. [a]m and [a]B denote m-th element and elements with index set B of vector a, respectively. |B| denotes the
cardinality of set B. [B]n represents the n-th number of B in ascending order, counted from 1. bdiag(A1, . . . ,An)
means a block diagonal matrix with A1, . . . ,An on the diagonal. E{·} evaluates the ensemble expectation of the
input parameter. The derivative with respect to time is described via the dot notation as d

dta = ȧ. ⊙ and ⊗
denote the Hadamard and Kronecker product operators, respectively. Let ‖a‖ denote the 2-norm of vector a. The
cardinality of set B is defined as |B|.

2 System model

Consider the problem of downlink transmission within a network massive MIMO system. The system comprises K
single-antenna user terminals (UTs) and L BSs, each equipped with an M -antenna uniform linear array (ULA).
Throughout the paper, we use k, u to indicate the user index and use ℓ, r for the BS index. The BSs jointly transmit
the signals to users, where user data and instantaneous channel state information (CSI), assumed to be known at
the BSs, are shared globally via high-speed and error-free backhauls. The overall system configuration is illustrated
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Figure 1 (Color online) Illustration of a downlink network massive MIMO system.

in Figure 1.
For a given direction with the azimuth and elevation angles of departure (AoDs) defined as φaz and φel, the

directional cosine is Ω , sinφaz cosφel. With a half-wavelength antenna spacing, the steering vector pointing
towards Ω is [24]

v(Ω) =
1√
M

[

1, e−̄πΩ, . . . , e−̄π(M−1)Ω
]T ∈ C

M×1. (1)

Suppose that there are Pk,ℓ physical paths from the ℓ-th BS to the k-th user, and the p-th path has a complex-valued
coefficient of αk,ℓ,p. The channel frequency response between the ℓ-th BS and the k-th user is

hk,ℓ =
√
M

Pk,ℓ
∑

p=1

αk,ℓ,pv(Ωk,ℓ,p). (2)

In the physical channel model (2), the AoD corresponding to each path is arbitrary, resulting in infinitely many
possible directional cosines Ωk,ℓ,p. Thus, it is difficult to capture the precise coefficient and directional cosine [25].
To counter this, we divide the domain D = {Ω|Ω ∈ (−1, 1]} of the directional cosine into disjoint subjects as

D =
⋃N

n=1 Λn. With uniform division, each subset is written as Λn =
[2(n−1)−N

N , 2n−NN

)

, whereN = FM , and F > 1

is defined as the fine factor. The directional cosines in set Λn are approximated by Ωn = 2(n−1)−N
N , which tends

to be asymptotically accurate with an infinitely large number of divided subsets. Let Pk,ℓ = {Ωk,ℓ,1, . . . ,Ωk,ℓ,Pk,ℓ
}

denote the path parameter set from the ℓ-th BS to the k-th user. With the sampled steering vectors pointing
towards Ωn, ∀n, the channel in (2) can be approximated by a beam-based channel model [26, 27] as

hk,ℓ =
N
∑

n=1

h̃k,ℓ,nv(Ωn), (3)

where h̃k,ℓ,n =
√
M
∑

Ωk,ℓ,p∈Pk,ℓ∩Λn
αk,ℓ,p is the beam-domain channel coefficient. Define the beam matrix that

consists of sampled steering vectors as

V = [v(Ω1), . . . ,v(ΩN )] ∈ C
M×N . (4)
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Then, the beam-based channel model in (3) can be rewritten in a compact form as

hk,ℓ = Vh̃k,ℓ, (5)

where h̃k,ℓ ∈ CN×1 is the beam-domain channel vector, expressed as

h̃k,ℓ =
[

h̃k,ℓ,1, . . . , h̃k,ℓ,N
]T
. (6)

The beam matrix V in (4) incorporates a fine factor F to control the number of sampled steering vectors. The
conventional discrete Fourier transform (DFT)-based channel model corresponds to the case F = 1. When F > 1,
the angular domain is sampled more densely, resulting in improved spatial resolution [25, 28]. Increasing the fine
factor mitigates the dispersive effect presented in the DFT-based channel model, thereby better preserving the
sparsity in the beam domain [29]. Therefore, an appropriate choice of fine factor provides a favorable trade-off
between complexity and accuracy.

The received signal yk of the k-th UT is expressed as

yk =
∑

ℓ

hH
k,ℓpk,ℓdk +

∑

ℓ

∑

u6=k

hH
k,ℓpu,ℓdu + nk, (7)

where pk,ℓ ∈ CM×1 is the precoding vector for the k-th user from the ℓ-th BS, satisfying power budget constraint
∑

ℓ p
H
k,ℓpk,ℓ 6 Pℓ, dk with Ed

{

dkd
∗
k

}

= 1 is the data stream intended for the k-th user, jointly transmitted by the

BSs, and nk ∼ CN (0, σ2) is the circularly symmetric complex Gaussian noise. Define the collective precoding vector

for the k-th user as the concatenation of precoding vectors from all the BSs, given by pk =
[

pT
k,1, . . . ,p

T
k,L

]T ∈ CML.
Similarly, stacking the downlink channel vectors from all the BSs to the k-th user yields the collective channel vector
hk = [hT

k,1, . . . ,h
T
k,L]

T ∈ CML. Then, the received signal in (7) can be rewritten as

yk = hH
k pkdk +

∑

u6=k

hH
k pudu + nk. (8)

Considering the sparsity of the massive MIMO channel, we pick out the non-zero elements, whose indices constitute
the set Nk,ℓ = {n|[h̃k,ℓ]n 6= 0} in ascending order, with cardinality Nk,ℓ = |Nk,ℓ|. For each BS, define the set
comprising indices of non-zero elements of all the users in ascending order as Nℓ =

⋃

k Nk,ℓ, whose cardinality is

N̂ℓ = |Nℓ|. Define the number of non-zero beams from all the BSs as N̂ =
∑

ℓ N̂ℓ. Thus, the collective channel
vectors {hk} can be expressed in the form of the beam-based channel model as

hk = V̂ĥk, ∀k, (9)

where

V̂ = bdiag(V̂1, . . . , V̂L) ∈ C
ML×N̂ , (10)

V̂ℓ = [V]:,Nℓ
∈ C

M×N̂ℓ , ∀ℓ, (11)

ĥk = [ĥT
k,1, . . . , ĥ

T
k,L]

T ∈ C
N̂×1, ∀k, (12)

ĥk,ℓ = [h̃k,ℓ]Nℓ
∈ C

N̂ℓ×1, ∀k, ℓ. (13)

Focusing on non-zero beams, these definitions enable the design of a more efficient beam-domain precoding strategy,
which will be further developed in Section 3.

3 Precoder design in the beam domain

This section begins with the formulation of the precoder design problem in network massive MIMO transmission.
Then we show that the sum-rate maximizing precoder can be obtained by designing it in the beam domain under
the beam-based channel model. Furthermore, we show that the optimal beam-domain precoder for each user only
needs to focus on the beams corresponding to the non-zero elements of its own beam-domain channel. This leads
to a structured precoding approach, referred to as BSP, which effectively exploits the channel sparsity to reduce
the dimension of the precoding problem.
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3.1 Problem formulation

We assume that the instantaneous CSI of all associated users is available at the BSs, while each UT has access to
its own instantaneous CSI and the covariance rk of the aggregate interference-plus-noise n′k =

∑

u6=k h
H
k pudu + nk.

Under such assumption, when the UT treats n′k as Gaussian noise, the achievable rate of the k-th user is given
by [30]

Rk = log

(

1 +
pH
k hkh

H
k pk

σ2 +
∑

u6=k p
H
uhkhH

k pu

)

. (14)

Our task is to find a precoding strategy to maximize the sum-rate with per-BS power constraints, formulated as
the following optimization problem:

P1 : max
{pk}Kk=1

∑

k

Rk,

s.t.
∑

k

pH
k Dℓpk 6 Pℓ, ∀ℓ, (15)

where Dℓ ∈ RML×ML is a block-diagonal selection matrix with the ℓ-th diagonal block being IM and others being
0M×M .

Solving P1 is inherently difficult because of the high-dimensional nature of the system, the non-convexity of the
objective function, and the coupled per-BS power constraints. These factors complicate the search for an optimal
solution and increase the computational complexity, making it essential to develop efficient precoding strategies to
address these issues.

3.2 Beam-structured precoding

We first establish that the spatial-domain precoders pk, ∀k lie in the range space of V̄ = IL ⊗ V ∈ CML×NL, as
stated in the following theorem.

Theorem 1. For any pk ∈ RML×1, there exists a qk ∈ CNL×1 such that

pk = V̄qk. (16)

Proof. As defined in (4), the M ×N (M 6 N) matrix V is of Vandermonde type with distinct generating points,
and therefore is full row rank, i.e., rank(V) = M . Thus, rank(V̄) = rank(IL) rank(V) = LM , and V̄ is also full
row rank. By the result that any full row rank matrix A admits a solution to p = Aq for every p [31], the claim
follows.

Substituting (16) into (14), the sum-rate maximization problem P1 can be reformulated as

P2 : max
{qk}Kk=1

∑

k

log

(

1 +
qH
k V̄

Hhkh
H
k V̄qk

σ2 +
∑

u6=k q
H
u V̄

HhkhH
k V̄qu

)

,

s.t.
∑

k

qH
k V̄

HDℓV̄qk 6 Pℓ, ∀ℓ. (17)

For P2, which optimizes over {qk}, we derive the following theorem, stating that each user needs to focus on only
the beams corresponding to the non-zero elements of its own beam-domain channel vector.

Theorem 2. When M → ∞ and Nk,ℓ ∩ Nu,ℓ = ∅, ∀ℓ, k 6= u, problem P2 admits an optimal solution {q⋆
k}

satisfying
[q⋆

k](ℓ−1)N+n = 0, forn /∈ Nk,ℓ, ∀k, ℓ. (18)

Proof. For the ℓ-th BS, removing from each stationary point p⋆
k,ℓ, ∀k, the components lying in the null space of

the channel matrix HH
ℓ = [h1,ℓ, . . . ,hK,ℓ]

H leads to the notion of a positive stationary point p̂k,ℓ, which resides in
the column space of Hℓ. Since these null-space components contribute no useful signal power but only increase the
total transmit power, it is sufficient to consider positive stationary points without loss of generality. Consequently,
any positive stationary point that lies in the column space of the channel matrix can be represented by new variables
{x⋆

k,ℓ ∈ CK×1} as
p̂k,ℓ = Hℓx

⋆
k,ℓ, ∀k, ℓ, (19)

and the original problem can be reformulated with stationary points equivalent to those in the original formu-
lation [32, Theorem 2]. Furthermore, since the channel matrix can be decomposed as Hℓ = V̂ℓĤℓ, where
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Ĥℓ = [ĥ1,ℓ, . . . , ĥK,ℓ], we define the intermediate variable q̂⋆
k,ℓ = Ĥℓx

⋆
k,ℓ ∈ CN̂ℓ×1. Substituting this definition

into (19) yields p̂k,ℓ = V̂ℓĤℓx
⋆
k,ℓ = V̂ℓq̂

⋆
k,ℓ, ∀k, ℓ, or equivalently, in the aggregated form

p̂k = V̂q̂⋆
k, ∀k, (20)

where q̂⋆
k =

[

(q̂⋆
k,1)

T, . . . , (q̂⋆
k,L)

T
]T

. Eq. (20) has the same structure as (16), except that here q̂⋆
k lies in the

subspace corresponding to the union of non-zero beam index sets of all users. With (9) and (20), solving P2 is
equivalent to solving the following problem with optimization variables {q̂k}:

P3 : max
{q̂k}Kk=1

∑

k

log

(

1 +
q̂H
k V̂

HV̂ĥkĥ
H
k V̂

HV̂q̂k

σ2 +
∑

u6=k q̂
H
u V̂

HV̂ĥkĥH
k V̂

HV̂q̂u

)

,

s.t.
∑

k

q̂H
k V̂

HDℓV̂q̂k 6 Pℓ, ∀ℓ. (21)

The element of V̂HV̂ can be obtained from the corresponding entries of VHV:

[

VHV
]

i,j
= v(Ωi)

Hv(Ωj) =
1

M
e−̄(M−1)π(i−j)/N · sin(Mπ(i− j)/N)

sin(π(i− j)/N)
, (22)

which is a Dirichlet kernel that decays as |i − j| increases. As M → ∞, this kernel asymptotically approaches a

Dirac delta function. Since V̂ consists of the columns of V corresponding to the union of the non-zero supports
in all users’ beam-domain channel vectors, and the number of users is finite, the selected columns are typically
well-separated in terms of their indices. As a result, when the number of BS antennas grows sufficiently large, the
inner product between different columns of V̂ vanishes asymptotically, and we have limM→∞ V̂HV̂ = IN̂ . Thus,
when M → ∞, P3 is equivalent to

P4 : max
{q̂k}Kk=1

∑

k

log

(

1 +
q̂H
k ĥkĥ

H
k q̂k

σ2 +
∑

u6=k q̂
H
u ĥkĥH

k q̂u

)

,

s.t.
∑

k

q̂H
k D̂ℓq̂k 6 Pℓ, ∀ℓ, (23)

where D̂ℓ ∈ RN̂×N̂ is a block-diagonal selection matrix with the ℓ-th diagonal block being IN̂ℓ
and others being

0N̂r×N̂r
, ∀r 6= ℓ.

Define a mask vector mu ∈ CN̂×1 as

[mu]∑ℓ−1
r=0 N̂r+n =

{

1, [Nℓ]n ∈ Nk,ℓ,

0, else.
(24)

For a specific user u, let q̂′u = q̂⋆
u ⊙mu, and q̂′k = q̂⋆

k, ∀k 6= u, where q̂⋆
k, ∀k are the optimal solutions to P4. Since

(q̂′u)
HD̂ℓq̂

′
u 6 (q̂⋆

u)
HD̂ℓq̂

⋆
u, the constructed precoding vectors {q̂′k} satisfy the power constraint

∑

k(q̂
′
k)

HD̂ℓq̂
′
k 6 Pℓ.

According to the definition of the optimal solution, we have
∑

k

Rk(q̂
′
1, . . . , q̂

′
K) 6

∑

k

Rk(q̂
⋆
1, . . . , q̂

⋆
K). (25)

On the other hand, under the assumption that Nk,ℓ ∩ Nu,ℓ = ∅, ∀ℓ, k 6= u, we have (q̂′u)
Hĥkĥ

H
k q̂
′
u 6 (q̂⋆

u)
Hĥkĥ

H
k q̂

⋆
u,

∀k 6= u and (q̂′k)
Hĥkĥ

H
k q̂
′
k = (q̂⋆

k)
Hĥkĥ

H
k q̂

⋆
k, ∀k 6= u. Thus,

Rk(q̂
′
1, . . . , q̂

′
K) > Rk(q̂

⋆
1, . . . , q̂

⋆
K), ∀k 6= u. (26)

For user u, we have (q̂′k)
Hĥuĥ

H
u q̂
′
k = (q̂⋆

k)
Hĥuĥ

H
u q̂

⋆
k, ∀k 6= u and (q̂′u)

Hĥuĥ
H
u q̂
′
u = (q̂⋆

u)
Hĥuĥ

H
u q̂

⋆
u. Thus,

Ru(q̂
′
1, . . . , q̂

′
K) = Ru(q̂

⋆
1, . . . , q̂

⋆
K). (27)

Eqs. (26) and (27) together yield

∑

k

Rk(q̂
′
1, . . . , q̂

′
K) >

∑

k

Rk(q̂
⋆
1, . . . , q̂

⋆
K). (28)
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By combining (25) with (28), we obtain

∑

k

Rk(q̂
′
1, . . . , q̂

′
K) =

∑

k

Rk(q̂
⋆
1, . . . , q̂

⋆
K). (29)

Thus, it suffices to focus on the elements in {q̂⋆
u} corresponding to the non-zero beams of each user’s channel vector,

which means [q̂⋆
k]∑ℓ−1

r=1 N̂r+n = 0, for [Nℓ]n /∈ Nk,ℓ, ∀k, ℓ and is in accordance with (18). This completes the proof of

Theorem 2.

Under the asymptotic condition M → ∞, the disjoint-support condition Nk,ℓ ∩Nu,ℓ = ∅, ∀ℓ, k 6= u in Theorem 2
serves as a sufficient condition that enables a lower-dimensional characterization of the solution space. In large-scale
systems, the angular resolution in the beam domain becomes increasingly fine as the number of antennas grows
and the fine factor F > 1 is applied, thereby narrowing each beam’s spatial coverage and reducing the overlap
of support sets. Moreover, user scheduling strategies in wireless systems often prioritize spatially separable users,
which naturally promotes disjoint or near-disjoint supports in the beam domain.

For each user, the number of non-zero beams from all the BSs is Ňk =
∑

ℓNk,ℓ, ∀k. According to Theorem 2,
the optimal precoder for each user only needs to involve its own non-zero beams, thereby reducing the dimension
of interest to

∑

k Ňk. Thus, the precoding structure in (16) becomes

pk = V̄Φkuk, ∀k, (30)

where uk ∈ CŇk×1 is constructed by extracting from qk the components corresponding to the non-zero positions
of its beam-domain channel vector, and {Φk ∈ RNL×Ňk} are the non-zero beam indicating matrices, mapping the
lower-dimensional non-zero elements to the NL-dimensional beam spaces as

Φk = bdiag(Φk,1, . . . ,Φk,L), ∀k, (31)

[Φk,ℓ]m,n =

{

1, m = [Nk,ℓ]n, n = 1, . . . , Nk,ℓ,

0, else.
(32)

We refer to this design as beam-structured precoding, since the spatial-domain precoder is structured as the product
of a beam matrix V̄ and the compact beam-domain precoding vector uk that is restricted to non-zero beams via
the beam indicating matrices {Φk}. Similarly, with V̄ and {Φk}, Eq. (9) can be rewritten as

hk = V̄Φkgk, ∀k, (33)

where {gk ∈ CŇk×1} are the compact beam-domain channel vectors derived by extracting all the non-zero beams
as

gk = [[h̃k,1]
T
Nk,1

, . . . , [h̃k,L]
T
Nk,L

]T, ∀k. (34)

The rate of the k-th user in (14) can be rewritten as

Rk = log

(

1 +
uH
k Bk,kgkg

H
k Bk,kuk

σ2 +
∑

u6=k u
H
uBu,kgkgH

k Bk,uuu

)

, (35)

where Bk,u = ΦT
k V̄

HV̄Φu ∈ CŇk×Ňu . Thus, the beam-domain precoding problem can be formulated as

P5 : max
{uk}Kk=1

∑

k

log

(

1 +
uH
k Bk,kgkg

H
k Bk,kuk

σ2 +
∑

u6=k u
H
uBu,kgkgH

k Bk,uuu

)

,

s.t.
∑

k

uH
k Bk,kĎk,ℓuk 6 Pℓ, ∀ℓ, (36)

where Ďk,ℓ ∈ RŇk×Ňk is a block diagonal matrix with the ℓ-th diagonal block being INk,ℓ
and others being 0Nk,r×Nk,r

.

As a result of the reformulation in P5, the dimension of the optimization space becomes Ň =
∑

k

∑

ℓNk,ℓ. In our
simulation setting, the average of Nk,ℓ is approximately 0.2M . Compared to the original problem, the computational
complexity can be significantly reduced.
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4 Precoder design with Hamiltonian-based optimization

In this section, we tackle problem P5 through a Hamiltonian system, which offers a physics-inspired framework
for optimization. In this setting, the objective function f(u) = −∑k Rk is taken as the potential energy, while

the collective compact beam-domain precoding vector for all UTs u =
[

uT
1 , . . . ,u

T
K

]T ∈ CŇ×1 is referred to as the
generalized coordinate [18,33]. This formulation models the optimization process through an energy-based dynam-
ical system, where the system evolves according to a set of governing equations derived from physical principles.
The underlying energy structure helps the system explore the solution space, naturally guiding u toward a state
that minimizes the objective function [34]. While the original Hamiltonian system conserves energy, we incorporate
a dissipative mechanism to allow energy decay, thereby promoting convergence to a steady-state solution [35, 36].
These dynamics are numerically solved using an integrator that provides discrete updates, thereby driving the
optimization process forward [21, 22].

4.1 Hamiltonian-based optimization

The optimization problem can be expressed in the form of

P6 : min
u

f(u),

s.t. ψ(u) 6 0, (37)

where ψ(u) : CŇ → R
L is the vector of constraint functions, expressed as

ψ(u) =
[

∑

k

uH
k Bk,kĎk,1uk − P1, . . . ,

∑

k

uH
k Bk,kĎk,Luk − PL

]T

. (38)

The unconstrained Hamiltonian, which corresponds to the system’s total energy, is calculated as the sum of
kinetic and potential energies [37, 38],

H(u,n) = T (n) + f(u), (39)

where n = Mu̇ is the momentum characterized by a mass matrix M that is positive definite1), and T (n) =
1
2 u̇

HMu̇ = 1
2n

HM−1n is the kinetic energy. The pair (u,n) is called phase space coordinates. In the Hamiltonian
system, the phase space represents the state of the system, with the kinetic term capturing its dynamic behavior
and governing how the system transitions from one state to another [34]. When applied to optimization problems,
the system’s state evolves analogously in the phase space, where the kinetic term helps guide the search process
effectively toward the optimal solution within the optimization space.

To incorporate constraints, define a total Hamiltonian by adding constraint terms with Lagrange multipliers to
the original Hamiltonian as follows [39]:

Htotal = H(u,n) +ψ(u)Tλ, (40)

where λ = [λ1, . . . , λL]
T are the Lagrangian multipliers. According to complementary slackness ψ(u)Tλ = 0, a

constraint is only active on the boundary of the feasible region, while being typically inactive within the region [40].
Specifically, when an inequality constraint is inactive (e.g., ψℓ(u) < 0), the corresponding Lagrangian multiplier λℓ
is zero, and the system is effectively unconstrained with respect to this inequality. When this inequality constraint
becomes active (λℓ 6= 0), it acts as an equality constraint, meaning ψℓ(u) = 0. Thus, these inequality constraints
behave as equality constraints, with an “active/inactive” switch indicating whether they participate in the system
dynamics or not [41].

The dynamics of the system under these constraints are described by the Hamilton’s equations u̇ = ∂Htotal/∂n, ṅ =
−∂Htotal/∂u [38, 41], yielding the following differential-algebraic system of equations (DAE) [42]:

u̇ =
∂H
∂n

, (41a)

ṅ = −∂H
∂u

− J(u)Tλ, (41b)

ψ(u)Tλ = 0, λ > 0, (41c)

1) For any positive-definite mass matrix M, we can apply a linear transformation u = M−1/2û,n = M1/2n̂, and re-define the objective and

constraint functions as f(u) = f̂(M1/2u),ψ = ψ̂(M1/2u). Under this change of coordinates, the system is equivalent to a Hamiltonian system

with the identity mass matrix I.
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where J(u) = [∇ψ1(u), . . . ,∇ψL(u)]
T is the L × Ň Jacobian matrix of the constraints at point u. These equa-

tions drive the system’s dynamics, guiding its evolution while maintaining feasibility under the given constraints.
Differentiating the constraint twice yields

0 = J(u)
∂H
∂n

,

0 =
∂

∂u

(

J(u)
∂H
∂n

)∂H
∂n

− J(u)
∂2H
∂n2

(∂H
∂u

+ J(u)Tλ
)

, (42)

from which we can calculate λ.
The differentiation of H with respect to time can be written as

Ḣ =
∂H
∂n

ṅ+
∂H
∂u

u̇+ {H,H} =
∂H
∂n

(

− ∂H
∂u

− J(u)Tλ
)

+
∂H
∂u

∂H
∂n

= −∂H
∂n

J(u)Tλ, (43)

where {A,B} is the Poisson bracket of the two dynamical variables, defined as
∑

i

(

∂A
∂ui

∂B
∂ni

− ∂A
∂ni

∂B
∂ui

)

[43]. Ac-

cording to the complementary slackness, the differentiation in (43) vanishes, which means the Hamiltonian H is
constant along solutions. Trajectories of such a conservative system oscillate on the level sets in phase space, rather
than converging to a single solution [35, 36].

To reach the minimum of f , we incorporate a dissipation term that gradually reduces the system’s total energy,
driving the system towards a level set corresponding to a low energy and aligned with the system’s optimum. The
dissipative force can usually be expressed by adding a damping term −γn associated with the momentum n, where
γ > 0 is the damping coefficient, reflecting the rate of energy loss. The modified Hamiltonian equations become [36]

u̇ =
∂H
∂n

, (44a)

ṅ = −∂H
∂u

− J(u)Tλ− γn, (44b)

ψ(u)Tλ = 0, λ > 0. (44c)

The dissipative Hamiltonian system is designed so that the total energy decreases over time, causing the system
state to evolve toward a lower energy configuration. Since the objective function f(u) = −∑k Rk is embedded
as the potential energy, this energy dissipation naturally drives the system toward a minimizer of the objective.
Solving the dissipative Hamiltonian DAE (44) yields a trajectory (u(t),n(t)) that asymptotically converges to a
stationary point (u⋆,0), where u⋆ minimizes the objective function.

4.2 Numerical solution with the RATTLE scheme

In a Hamiltonian system, the gradient of the potential energy, which is the same as the gradient of the objective
function, reflects the direction and magnitude of the system’s state changes. Together with the gradients of the
constraints, they provide the evolution information under the constraint conditions, ensuring that the system
converges correctly towards the optimal solution. Therefore, before using the numerical integrator to solve (44), we
first define the gradients of the optimization objective and constraint functions.

Theorem 3. The gradient of the objective function f(u) is given as ∇f(u) = (∇f(u1), . . . ,∇f(uK)), with

∇f(uk) = −r̂−1k Ck,kuk −
∑

u6=k

(r̂−1u − r−1u )Cu,kuk, (45)

where rk = σ2 +
∑

u6=k u
H
uCk,uuu, r̂k = rk +uH

k Ck,kuk, and Ck,u = Bu,kgkg
H
k Bk,u ∈ CŇu×Ňu . The gradient of the

ℓ-th constraint function ψℓ(u) =
∑

k u
H
k Bk,kĎk,ℓuk − Pℓ is calculated as

∇ψℓ(u) = B̌ℓu, (46)

where B̌ℓ = bdiag(B1,1Ďk,1, . . . ,BK,KĎk,L) ∈ CŇ×Ň .

Proof. The gradient of f(u) with respect to uk can be calculated as

∇f(uk) = −∂Rk

∂u∗k
−
∑

u6=k

∂Ru

∂u∗k
. (47)
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Rewrite (35) as

Rk = log(1 + r−1k uH
k Ck,kuk) = log

(

σ2 +
∑

u

uH
uCk,uuu

)

− log



σ2 +
∑

u6=k

uH
uCk,uuu



 . (48)

Thus, ∂Rk

∂u∗

k
and ∂Ru

∂u∗

k
(u 6= k) can be calculated, respectively, as

∂Rk

∂u∗k
= r̂−1k Ck,kuk, (49)

∂Ru

∂u∗k
= (r̂−1u − r−1u )Cu,kuk, ∀u 6= k. (50)

Thus, we have

∇f(uk) = −r̂−1k Ck,kuk −
∑

u6=k

(r̂−1u − r−1u )Cu,kuk. (51)

For the constraint function ψℓ(u) =
∑

k u
H
k Bk,kĎk,ℓuk − Pℓ, we have

∇ψℓ(uk) =
∂ψℓ(u)

∂u∗k
= Bk,kĎk,ℓuk. (52)

Thus, the gradient of ψℓ(u) can be constituted as

∇ψℓ(u) =









B1,1Ď1,ℓu1

...

BK,KĎK,ℓuK









= B̌ℓu. (53)

This completes the proof of Theorem 3.
With the gradient of the constraint functions, the Jacobian matrix can be derived as

[J]ℓ,:(u) = ∇Tψℓ(u) = (B̌ℓu)
T. (54)

Substituting the expression of J(u) into (42), we derive the expression of λ. Specifically, the partial derivatives of
H are ∂H

∂n = 1
2M

−1n, and ∂H
∂u = ∇f(u). Thus, Eq. (42) can be rewritten as

1

2
(J(u)M−1J(u)T)λ =

1

4
b− 1

2
J(u)M−1∇f(u), (55)

where b = [nTM−1B̌1M
−1n, . . . ,nTM−1B̌LM

−1n]T. The multipliers can be calculated as

λ = (2J(u)M−1J(u)T)−1(b− 2J(u)M−1∇f(u)). (56)

Note that the Lagrangian multipliers corresponding to inactive constraints should be zero. For each BS, if its
power constraint is inactive, i.e., ψℓ(u) < 0, we set the associated multiplier λℓ to zero to strictly adhere to the
complementary slackness condition.

To solve the dissipative Hamiltonian equations (44), we turn to the RATTLE integrator, a well-known method for
solving this DAE by integrating the system’s dynamics while enforcing rigid constraints at each time step [21, 22].
The RATTLE integrator preserves the structure of the continuous-time dissipative dynamics, enabling the discrete-
time solution to faithfully follow the energy decay trajectory of the system [44]. As the integration proceeds, the
total energy of the system gradually decreases due to dissipation, and the trajectory asymptotically converges to
a steady state, which corresponds to a local minimizer of the objective function f(u). We employ the dissipative
leapfrog symmetric second-order RATTLE method, whose update equations are given by [36]

n(d+1/2) = e−γh/2n(d) − h

2

(∂H(u(d))

∂u
+ J(u(d))Tλ(d)

)

, (57a)

u(d+1) = u(d) + h
∂H(n(d+1/2))

∂n
, (57b)

n(d+1) = e−γh/2
(

n(d+1/2) − h

2

(∂H(u(d+1))

∂u
+ J(u(d+1))Tµ(d)

))

, (57c)



Zhu W-J, et al. Sci China Inf Sci April 2026, Vol. 69, Iss. 4, 142302:11

where h is the step size for the time discretization, λ(d) and µ(d) are calculated according to the constraints.

Algorithm 1 summarizes the solution to the linear BSP problem under the Hamiltonian framework, where the
RATTLE integrator in (57) is employed to compute the system dynamics. Owing to the intrinsic dissipative
structure of the Hamiltonian system, the total energy monotonically decreases over time, driving the system toward
a steady state that corresponds to a minimizer of the optimization problem P6. The RATTLE integrator preserves
this energy-decaying behavior at the discrete level, ensuring that the numerical trajectory faithfully follows the
continuous-time convergence path [38].

Algorithm 1 BSP-hamiltonian design with a dissipative second order RATTLE integrator.

Input: Initialized precoder u(0) and momentum n(0), and accuracy ǫ.

1: Set d = 0;

2: repeat

3: n(d+1/2) ← e−γh/2n(d) − h
2 (∇f(u(d)) + J(u(d))Tλ(d));

4: u(d+1) ← u(d) + h
2 M

−1n(d+1/2);

5: Compute ∇f(u(d+1)), J(u(d+1)) and λ(d+1) according to (45), (54) and (56), respectively;

6: µ(d+1) ← (J(u(d+1))M−1J(u(d+1))T)−1( 2
hJ(u(d+1))M−1n(d+1/2) − J(u(d+1))M−1∇f(u(d+1)));

7: n(d+1) ← e−γh/2(n(d+1/2) − h
2 (∇f(u(d+1)) + J(u(d+1))Tµ(d)));

8: Set d← d+ 1, and calculate R
(d)
k , ∀k according to (35);

9: until |
∑

kR
(d)
k −

∑
kR

(d−1)
k | 6 ǫ.

4.3 Computational complexity

We analyze the computational complexity in two aspects: design complexity, which refers to the cost of computing
the precoding vectors uk, ∀k, and implementation complexity, which corresponds to the cost of generating the
transmitted signal based on the designed precoders.

(1) Design complexity: The BSP via Hamiltonian-based optimization Algorithm 1 utilizes a single-layer nu-
merical scheme to iteratively advance the solution in discrete time. At each iteration, the computational complexity
of Algorithm 1 comes mainly from computing ∇f(u) as (45), which involves calculating r̂k = σ2+

∑

u u
H
uCk,uuu, ∀k,

as well as evaluating the gradient ∇f(u) itself. Notably, the value of Ck,u depends only on the propagation environ-
ment, and therefore should be computed once and reused in each iteration. Furthermore,Ck,u is treated symbolically
as the outer product of two vectors, (Bu,kgk)(Bu,kgk)

H, throughout the calculation of ∇f(u), rather than explicitly
formed as a matrix. For notational convenience, let Navg = 1

KL

∑

k

∑

ℓNk,ℓ denote the average number of non-zero
beams across all BS-UT pairs. Thus, the computational complexity of the algorithm is O(Niter×3K2LNavg), where
Niter denotes the total iterations.

We compare our algorithm with the widely used WMMSE method, which has been extended for joint process-
ing/transmission (JP/JT) in [45, Algorithm 1] and [11, Algorithms 1–3]. In typical network massive MIMO systems
where ML > K, the complexity of the WMMSE algorithm can be expressed as O(NW

out(K
3 + 3K2ML)), where

NW
out represents the total outer iterations required by the WMMSE procedure. Owing to the sparse nature of the

channel (i.e., Navg < M), and the fact that the BSP via Hamiltonian-based optimization does not involve the cubic
term K3, its per-iteration complexity is strictly lower than that of WMMSE. Regarding the iteration count, the
WMMSE method requires a greater number of iterations as the system scales up [15, 46], whereas Algorithm 1
achieves convergence with fewer iterations, which will be validated by the simulation results in Section 5.

(2) Implementation complexity: To obtain the transmitted signal x = V̄
∑

k Φkukdk, we decompose the
processing across the BSs and generate each BS’s signal as xℓ = V

∑

k Φkuk,ℓdk, ∀ℓ, where uk,ℓ ∈ CNk,ℓ forms
part of the compact beam-domain precoding vector uk = [uT

k,1, . . . ,u
T
k,L]

T, ∀k. We first calculate the beam-domain
transmitted signal as sℓ =

∑

k Φkuk,ℓdk, ∀ℓ, which has complexity O(KLNavg). Next, each xℓ = Vsℓ is obtained
efficiently by applying an N -point fast Fourier transform (FFT) to sℓ, with a complexity of O(N log2N) per BS.
Thus, the total implementation complexity of BSP is O(KLNavg + LN log2N).

For comparison, generating x =
∑

k pkdk directly from spatial-domain precoders pk, ∀k incurs a complexity of
O(KLM). While BSP introduces an additional O(LN log2N) due to FFT, this is relatively negligible. In sparse
scenarios of massive MIMO systems, since Navg < M , the dominant implementation complexity term O(KLNavg)
of BSP is smaller than that of the spatial-domain precoding method, which is O(KLM).

(3) Overall complexity: Combining the design and implementation phases, the overall computational com-
plexity of the BSP via Hamiltonian-based optimization is given by O(3NiterK

2LNavg+KLNavg+LN log2N). This
total complexity is significantly lower than that of conventional spatial-domain approaches.
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Figure 2 (Color online) The layout of a network massive MIMO system.

5 Simulation results

In this section, we evaluate the performance of the BSP via Hamiltonian-based optimization in the network massive
MIMO system. Using the widely-recognized QuaDRiGa model [47], the channel coefficients are obtained under
the “3GPP 38.901 UMa NLOS” scenario. The network consists of L = 3 BSs, each with M = 512 “3gpp-3d”
antennas spaced at half-wavelength intervals, and K = 256 users each with a single antenna. The center frequency
is set at 10 GHz. As depicted in Figure 2, the BSs are located at coordinates (0, 300

√
3), (−450,−150

√
3), and

(450,−150
√
3), and the users are distributed uniformly in a circle of radius 360

√
3m. The BSs are elevated at

25 m, while the users are at 1.5 m height. The noise power is set to σ2 = 1, while different signal-to-noise ratios
(SNRs) are obtained with the varying power budgets Pℓ = σ2SNR. The fine factor is set as F = 2 (unless otherwise
stated), which is sufficient to provide good performance [28]. Both of the iterative algorithms are initialized with
the maximum ratio transmission (MRT) approach (unless otherwise stated). In this section, Algorithm 1 employs
a damping coefficient γ = 0.4, identity mass matrix M = I (unless otherwise stated), and the step size follows an

adaptive scheme as h(d+1) = ( r
δ(d)

)θ/2h(d) [48, 49], where δ(d) = ‖h(d)

2 (∇f(u(d)) − ∇f(u(d+1)))‖, h(0) = 0.07, r = 2
and θ = 0.1.

We first conduct statistical analysis over 100 runs to examine the ratio of the number of non-zero beams per user
Ňk, to the total number of base station antennas ML under different fine factors F . As shown in Figure 3, the
results reveal the sparsity of the beam domain. Moreover, compared to the case of F = 1, where the average ratio
is approximately 0.3, the sparsity is further enhanced when F > 2, with the mean value dropping to 0.2. However,
the additional gain from increasing F beyond 2 is marginal, making F = 2 a balanced choice.

Figure 4 illustrates the impact of the fine factor F on the sum-rate performance across different SNR levels.
When comparing F = 1 with higher values, a significant performance improvement is observed, particularly in the
high-SNR regime. This demonstrates the effectiveness of a large F in enhancing system performance. However,
when comparing between F = 2 and 3, the sum-rate improvements become marginal, as highlighted in the zoomed-
in inset. This indicates that while a larger value of F yields better performance, further increasing the fine factor
yields diminishing returns. Therefore, selecting F = 2 in the numerical simulations of this study is a reasonable
choice.

Figure 5 depicts the sum-rate performance of the BSP via Hamiltonian-based optimization in Algorithm 1, labeled
as “BSP-Hamiltonian (Converged)”, compared with several representative precoding schemes: the spatial-domain
“WMMSE” precoder based on Algorithms 1–3 in [11], evaluated both with full convergence and under a complexity-
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Figure 3 (Color online) Probability density function of the ratio

between the number of non-zero beams Ňk and total BS antennas

ML under different fine factors.

Figure 4 (Color online) Sum-rate with different fine factors.

Figure 5 (Color online) Sum-rate of different precoding methods. Figure 6 (Color online) Convergence trajectories of BSP-

Hamiltonian with different initializations, compared with WMMSE,

when SNR = 20 dB.

matched setting where the total design complexity is aligned with BSP-Hamiltonian for fair comparison; the “BLN-
PGP” scheme from [50], a recent learning-based precoder derived from unfolding the parallel gradient projection
(PGP) algorithm; the “Normalized RZF” method built upon the regularized zero-forcing (RZF) precoding approach
proposed in [51], where the centralized precoding directions are computed from the aggregate channel across all
BSs, and each BS’s precoding vectors are individually normalized to satisfy the local per-BS power constraint; and
the “DFT Codebook-Based” method from [52], where each BS selects its precoders from a DFT codebook. As
expected, the sum-rate increases monotonically with SNR for all of the methods. Among them, the performance
obtained by BSP via Hamiltonian-based optimization is closely matched to that of the WMMSE precoder when
both are iterated to convergence, validating the effectiveness of BSP. Under matched computational complexity,
the BSP method also outperforms WMMSE by a noticeable margin at high SNR. The BLN-PGP method exhibits
competitive performance in the low-to-medium SNR range, but degrades at high SNR due to the less effective
interference suppression under dense user scenarios. The normalized RZF method provides moderate performance
by mitigating interference, yet its effectiveness is limited by the lack of direct sum-rate optimization. The DFT
codebook-based method suffers from coarse beam quantization and rigid structure, resulting in the lowest sum-rate
among all methods.

To evaluate how the BSP-Hamiltonian method performs under different initializations, Figure 6 presents its
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Figure 7 (Color online) Convergence trajectories of BSP-

Hamiltonian with different mass matrices M when SNR = 20dB.

Figure 8 (Color online) Sum-rate performance comparison under

different numbers of antennas M .

convergence behavior under MRT initialization, uniform initialization, and random initialization, evaluated at
SNR = 20 dB. Among the three settings, the MRT initialization requires fewer iterations to reach convergence.
Nevertheless, all settings converge within approximately 200 iterations to achieve comparable sum-rate performance,
indicating low sensitivity to initialization in terms of final performance [19]. In contrast, the WMMSE algorithm
requires significantly more iterations to stabilize (more than 800). These results demonstrate the convergence
efficiency and initialization resilience of the Hamiltonian-based method.

Figure 7 evaluates the impact of the mass matrixM on the convergence behavior. In order to avoid the prohibitive
computational cost for large-dimensional matrix inversions, the approach proposed in [53] is adopted, where M is
set as the diagonal of the Hessian HHess. To further alleviate the computational burden, in addition to per-iteration
updates of the diagonal entries, a less frequent update interval is adopted, where the diagonal entries of the Hessian
are updated every 5 iterations. As shown in the figure, both diagonal Hessian-based cases can accelerate the
convergence compared to the identity matrix scheme, while maintaining comparable final sum-rate performance.
Moreover, updating the diagonal less frequently still achieves similar convergence behavior, making it a favorable
trade-off in practice.

Figure 8 illustrates the sum-rate performance of the BSP compared with the WMMSE method under different
numbers of BS antennasM . As observed, the beam-structured approach achieves performance close to the WMMSE
solution across a wide range of antenna array sizes, confirming its effectiveness even when M is finite. Notably,
while the absolute gap between the two schemes grows mildly due to the overall increase in sum-rate, the relative
gap monotonically decreases. These results demonstrate that the proposed beam-structured design remains highly
competitive in practical systems with finite antennas.

Figure 9 compares the design and implementation complexity of BSP-Hamiltonian and WMMSE under differ-
ent numbers of users. As shown in Figure 9(a), BSP-Hamiltonian consistently exhibits lower design complex-
ity than WMMSE. This is due to the exploitation of the beam-domain channel sparsity, which reduces BSP-
Hamiltonian’s per-iteration complexity, while Hamiltonian-based optimization further reduces the iteration count,
making BSP-Hamiltonian more efficient overall. In terms of implementation complexity, as shown in Figure 9(b),
BSP-Hamiltonian also maintains a clear advantage over WMMSE. These results highlight the scalability of BSP-
Hamiltonian, especially in large-scale systems.

6 Conclusion

In this paper, we proposed a beam-structured precoder design using Hamiltonian-based optimization for network
massive MIMO systems. By introducing a beam-based channel model and reformulating the precoder design
problem in the beam domain, we demonstrated that the optimal beam-domain precoder of each user can focus
on beams corresponding to its own non-zero beam-domain channel elements, thereby reducing the optimization
dimension. The resulting problem was handled using a Hamiltonian system, whose dynamical equations efficiently
guide the optimization process with stable convergence. Simulation results showed that the proposed BSP achieves
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Figure 9 (Color online) Complexity comparison between BSP-Hamiltonian and WMMSE algorithms under different numbers of users.

(a) Design complexity; (b) implementation complexity.

a comparable sum-rate performance to the spatial-domain WMMSE precoding, while significantly reducing the
computational and implementation complexity. For instance, under the simulation setup with M = 512, K = 256,
and L = 3, at 20 dB SNR, our approach attains 97.86% of WMMSE’s sum-rate with only 2.31% of its complexity.
These results validate the practicality and efficiency of the proposed method in finite-dimensional settings.
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