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Abstract—As the sixth-generation (6G) networks evolve toward
a deep integration of communication and computation (ICC),
they face challenges of inherent interference and resource compe-
tition between heterogeneous services. To address this issue, this
article investigates an uplink ICC system enhanced by a stacked
intelligent metasurface (SIM), where SIM’s unique multilayer
structure transforms the wireless channel into a controllable,
task-oriented medium. The system is designed to support the
coexistence of over-the-air computation (AirComp) tasks, which
require high-precision results, and traditional tasks that demand
high-quality communication. To this end, we formulate a joint
optimization framework aiming to minimize the total mean
squared error (mse) of all computation tasks while strictly guar-
anteeing the communication quality of service (QoS). To solve
the highly nonconvex problem of synergistically designing the
system resources, we propose an efficient alternating optimization
(AO) algorithm. Simulation results demonstrate that the proposed
algorithm not only converges rapidly but also achieves up to a
95.2% reduction in total computation mse compared to an ICC
system without SIM, while also significantly outperforming other
benchmark schemes, validating the great potential of SIM in
proactively managing multiservice conflicts and enabling efficient
ICC.

Index Terms—Integrated communication and computation,
interference management, multiservice conflicts, sixth-generation
(6G), stacked intelligent metasurface (SIM).

I. INTRODUCTION

THE evolution toward sixth-generation (6G) wireless net-
works is driven by the need to support a burgeoning
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ecosystem of distributed intelligent applications, which
requires moving beyond the traditional role of networks as
simple data conduits [1]. Emerging paradigms such as fed-
erated learning (FL), real-time rendering for the metaverse,
and collaborative decision-making in autonomous vehicle net-
works demand not only massive connectivity but also ultralow
latency computation and ultrahigh reliability communication
[2], [3]. Meeting these demands necessitates a fundamental
paradigm shift, mandating a deep integration of communica-
tion and computation (ICC) in 6G wireless networks.

In this context, the conventional transmit and then compute
approach, where vast amounts of raw data are first transmitted
over limited radio resources to a central node for subsequent
processing, has become one of the key bottlenecks that restricts
the development of the wireless networks [4]. In particular,
such sequential method introduces excessive latency and suf-
fers from low spectral efficiency, rendering it unsuitable for
the real-time demands of future intelligent services [5]. To
address this issue, a prominent technique called over-the-air
computation (AirComp) has emerged to achieve low-latency
and high-accuracy computation in future wireless networks
[6]. AirComp ingeniously leverages the waveform superpo-
sition property inherent in the multiple-access channel to
directly compute functions of distributed data during uplink
transmission [7]. By enabling concurrent transmission from
multiple devices, the wireless channel itself becomes a shared
analog computer, where the received signal at the base station
(BS) naturally represents an aggregated result, such as the sum
or average of sensor readings [8]. This computing-over-the-air
paradigm not only offers a highly efficient one-shot solution
for latency-critical tasks, such as large-scale data fusion and
gradient aggregation in FL [9], [10], but also fundamentally
transforms the communication process into a powerful compu-
tational resource, thereby significantly enhancing the spectral
efficiency of the wireless network [11].

Despite the promising prospects of AirComp, the prac-
tical implementation of the ICC in 6G wireless networks
faces a fundamental challenge that heterogeneous services
with different requirements need to coexist within the same
resource-constrained environment [12], [13]. On one hand,
the successful execution of AirComp is highly contingent
on signal precision, demanding the constructive alignment
of multiple waveforms for accurate aggregation, and any
other interference directly translates into computation error
[14]. On the other hand, conventional communication tasks
demand signal isolation, requiring strict quality of service
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(QoS) guarantees to ensure reliable data decoding [15]. The
concurrent operation of these services, one pursuing signal
aggregation and the other signal separation, inevitably leads
to intense mutual interference and resource competition [16].

To address this complex interference landscape, reconfig-
urable intelligent surfaces (RIS) have arisen as a powerful
paradigm for proactively reshaping the wireless propagation
environment [17]. In conventional communication-centric sys-
tems, a single-layer RIS, composed of numerous passive
reflecting elements, has demonstrated considerable success in
various applications [18]. By intelligently manipulating the
phase of incident waves, it can enhance the signal quality
for a target user, create spatial nulls to mitigate co-channel
interference, or even enable secure transmissions by directing
signals away from eavesdroppers [19], [20], [21]. However, the
efficacy of a conventional RIS is constrained by several inher-
ent limitations, which become particularly pronounced in the
sophisticated multi-service scenarios of 6G wireless networks.
First, its performance is often hampered by the double-fading
effect, where the signal suffers significant path loss on both
the transmitter-RIS and RIS-receiver links [22]. Second and
significantly, its operation is akin to a single and smart
mirror, which possesses limited degrees of freedom (DoFs)
for wave manipulation [23]. This fundamentally restricts its
ability to perform the nuanced, multiobjective channel shaping
required by ICC. Specifically, a single-layer RIS may lack
the capability to simultaneously create a highly correlated
channel for the high-precision data aggregation of AirComp
tasks while also generating an interference-free channel for the
high-reliability data transmission of communication tasks [24].
The conflicting channel requirements, one demanding con-
structive signal alignment, and the other demanding destructive
interference, often exceed the signal manipulation capacity of
a single reflection [25]. Therefore, while beneficial for simpler
interference scenarios, the conventional RIS architecture falls
short of providing a robust solution for the deep-seated conflict
in ICC systems.

Building on this architecture, the stacked intelligent meta-
surface (SIM) has recently been recognized as a more powerful
paradigm for achieving sophisticated electromagnetic wave
control [26]. Unlike a conventional single-layer RIS, a SIM is
composed of several metasurface layers arranged in sequence,
forming a 3-D structure capable of performing complex signal
processing tasks in the electromagnetic domain [27]. Through
successive modulation of the transmitted waves, the SIM
can realize various functions such as spatial filtering, sig-
nal focusing, and multiple beam formation. This structure
provides a much larger number of controllable parameters,
which enables more precise manipulation of electromagnetic
propagation [28]. Particularly, the high-dimensional solution
space offered by the SIM is essential for resolving the core
conflict in ICC systems. Although employing a static phase
configuration within a coherence block, the massive DoFs
inherent in the multi-layer architecture allow the SIM to
accommodate disparate channel requirements simultaneously.
By performing sophisticated wave-domain processing, the SIM
can distinguish users based on their propagation paths, effec-
tively constructing a task-oriented medium that constructively

aligns signals for AirComp while concurrently establishing
spatially isolated channels for communication, thus balancing
computational accuracy and communication reliability.

A. Related Works and Motivation

The concept of the SIM has recently gained significant
attention as a promising evolution from conventional single-
layer RIS, offering substantially enhanced capabilities for
wave manipulation in wireless communication systems. Initial
pioneering works have primarily focused on leveraging SIM
to improve the performance of various communication-centric
systems. For instance, the authors in [29] investigated a
SIM-assisted multi-user multiple-input single-output (MISO)
system, demonstrating that the additional DoFs from the
multi-layer architecture significantly enlarge the achievable
rate region. Following this line, other studies have explored
maximizing energy efficiency by jointly designing transmit
power and phase shifts [30], and enhancing physical layer
security by utilizing SIM’s precise beamforming to create
dedicated null spaces [31]. This trend is also expanding to
other emerging 6G communication paradigms. For example,
in non-terrestrial networks (NTNs), the work in [32] proposed
deploying SIMs on low-Earth orbit satellites for wave-domain
beamforming to reduce processing load. Similarly, authors in
[33] investigated SIMs as holographic multiple-input multiple-
output (MIMO)-aided access points to enhance uplink spectral
efficiency in cell-free massive MIMO systems. Even in novel
modalities like semantic communications, SIMs are modeled
as electromagnetic neural networks (EMNNs) to perform the
semantic inference using propagation waves as computing
carriers [34].

While the aforementioned works demonstrate SIM’s utility
primarily in homogeneous tasks, they have largely overlooked
the more complex challenge of managing heterogeneous mul-
tiservice coexistence in 6G wireless networks. Indeed, recent
research has begun to leverage SIM to manage this multiser-
vice integration, with notable progress in emerging paradigms
such as integrated sensing and communication (ISAC). For
instance, Niu et al. [35] investigated the application of SIM for
ISAC systems, demonstrating its potential to jointly manage
heterogeneous beams. Complementarily, the work in [36]
focused on the practical resource allocation challenges within
such frameworks, proposing a joint optimization of power allo-
cation and discrete phase shifts for SIM-aided ISAC systems.

However, despite this progress in ISAC, the deep integration
of ICC, particularly in the challenging uplink, remains substan-
tially unexplored. This specific scenario exacerbates the inher-
ent computation-communication conflict, where AirComp’s
need for constructive signal aggregation directly collides with
the demand for strict signal isolation to protect communication
QoS. Therefore, this article is motivated to bridge this gap. We
noticed that the enhanced DoFs offered by the SIM’s multi-
layer architecture can transform the wireless channel from a
source of conflict into a controllable, task-oriented medium.
This unique capability is essential for the challenging uplink
ICC scenario, as it allows for the management of conflicting
heterogeneous service requirements. Thus, we aim to develop
a holistic framework that leverages this capability to strike a
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Fig. 1. Framework of SIM-enhanced uplink ICC.

balance between computational accuracy and communication
reliability, thereby enhancing overall ICC system performance.

B. Contributions

In this article, we propose a novel framework for a
SIM-enhanced uplink ICC system, designed to reconcile the
conflicting requirements of high-precision AirComp and high-
quality communication over the limited radio resource. The
main contributions of this article are threefold as follows.

1) We propose a SIM-enhanced uplink ICC framework
to resolve the inherent conflict between heterogeneous
services. This framework leverages the SIM’s unique
multilayer structure to proactively reconfigure the prop-
agation environment, which allows for the simultaneous
creation of highly correlated channels beneficial for
AirComp tasks and interference-free channels required
for communication tasks.

2) We formulate a joint optimization problem to achieve the
performance tradeoff between computation and commu-
nication under the same resource block. The problem
aims to minimize the total computation mean squared
error (mse) for all AirComp tasks while guaranteeing
the QoS requirements for all communication tasks.

3) We develop an efficient iterative algorithm based on
the alternating optimization (AO) framework to solve
the formulated nonconvex optimization problem. The
proposed algorithm tackles the challenge of highly cou-
pled optimization variables by decomposing the original
problem into three tractable subproblems, namely BS
receiver design, transmit power allocation, and SIM
phase shift optimization, which are then solved itera-
tively to find a high-quality solution.

C. Organization and Notations

The rest of this article is outlined as follows. Section II
describes the system model for the SIM-enhanced uplink ICC
network, detailing the end-to-end channel propagation and
signal model. Section III formulates the joint optimization
problem to minimize the total computation mse subject to
a set of communication QoS constraints, and then develops

an efficient AO algorithm to solve it. Section IV provides
extensive simulation results to validate the effectiveness of the
proposed algorithm and investigate the impact of key system
parameters on performance. Finally, Section V concludes the
article.

Notations: In this article, bold uppercase letters and bold
lowercase letters denote matrices and column vectors, respec-
tively. Calligraphic letters, e.g., K, are used to denote sets. For
a matrix A, its transpose, conjugate, conjugate transpose, and
inverse are denoted by AT , A∗, AH , and A−1, respectively.
For a vector a, ‖a‖ represents its Euclidean (L2) norm. For
a complex number z, |z| and Re{z} denote its modulus and
real part. E{·} denotes the statistical expectation. ∇ denotes the
gradient operator. diag(a) represents a diagonal matrix with the
elements of vector a on its main diagonal. CN (µ,C) denotes
a complex normal distribution with mean µ and covariance
matrix C. The sets of m × n-dimensional real and complex
matrices are denoted by Rm×n and Cm×n.

II. SYSTEM MODEL

Let us consider a SIM-enhanced uplink ICC system, which
consists of an N-antenna BS equipped with a uniform planar
array (UPA) and K single-antenna user equipments (UEs),
as illustrated in Fig. 1. Let K , {1, . . .,K} denote the set
of all UEs. The system is designed to support two concur-
rent tasks, namely high-reliability communication tasks and
high-accuracy AirComp tasks. Based on the distinct service
requirements, the set K is partitioned into two disjoint subsets,
the communication UE set and the computation UE set,
denoted by KD and KC , respectively, such that KD ∪KC = K
and KD ∩ KC = ∅. Specifically, the communication UE set
includes KD = |KD| communication UEs, with each UE i ∈ KD

transmitting an individual data symbol di intended for reliable
decoding. The computation UE set consists of KC = |KC |

computation UEs, where each UE k ∈ KC transmits a locally
preprocessed signal sk as part of J independent AirComp tasks.
For the jth Aircomp task, let KC, j ⊆ KC denote the subset of
computation UEs involved. Note that all transmitted symbols,
{di} and {sk}, are assumed to be mutually independent with
zero mean and unit variance.

These uplink signals are concurrently received at the BS,
which is equipped with a SIM that enables advanced wavefront

Authorized licensed use limited to: Hangzhou Normal University. Downloaded on April 20,2026 at 02:28:51 UTC from IEEE Xplore.  Restrictions apply. 



CHEN et al.: SIM ENHANCED INTEGRATED COMMUNICATION AND COMPUTATION 14445

manipulation. In particular, SIM is assumed to feature a multi-
layer architecture of L cascaded metasurfaces, each populated
by M independently controllable meta-atoms, with the sets of
layer and meta-atom indices denoted by L = {1, . . ., L} and
M = {1, . . .,M}, respectively. It is worth noting that although
the BS employs a single set of SIM phase shifts, the massive
number of meta-atoms (L × M) provides sufficient DoFs to
manipulate electromagnetic waves in the spatial domain. This
allows the SIM to perform high-resolution spatial filtering,
simultaneously creating constructive beams for AirComp UEs
and nulling beams for communication UEs at their respective
distinct spatial angles. By optimizing the phase shifts of these
meta-atoms via a smart controller, the BS can meticulously
reshape the propagation environment, thereby facilitating the
harmonious coexistence of communication and computation
services. Having established the system architecture, we now
detail the end-to-end channel propagation and formulate the
resulting received signal model.

A. Channel Model

In general, the uplink signal from the kth UE to the BS
travels through three cascaded propagation paths, namely from
the UE to the first layer of the SIM, across the SIM layers,
and then from the last layer to the BS. First, we consider
the channel between the kth UE to the SIM front surface,
denoted by hSIM

k ∈ CM×1, which is assumed to follow a
Rayleigh fading distribution, i.e., hSIM

k ∼ CN (0, βkR). Here,
βk represents the path loss, and the semi-positive definite
matrix R denotes the spatial correlation among the meta-
atoms on the first layer. Under the assumption of isotropic
scattering with uniformly distributed multipath components,
the elements of this spatial correlation matrix can be expressed
as [R]m,m′ = sinc((2Dm,m′ )/λ), where Dm,m′ is the spatial
separation between the mth and m′th meta-atoms and λ is the
wavelength [37].

Next, we define the transmission channel matrix from the
lth layer to the (l + 1)th layer of SIM as Wl ∈ C

M×M , where
l ∈ L and l ≤ L − 1. According to the Rayleigh–Sommerfeld
diffraction theory [39], the transmission coefficient from the
mth meta-atom of the lth layer to the m′th meta-atom of the
(l + 1)th layer is defined as

[Wl]m′,m =
At cos χm,m′

l

Dm,m′
l

 
1

2πDm,m′
l

− j
1
λ

!
e j

2πDm,m′
l
λ (1)

where At is the meta-atom area, χm,m′
l is the propagation angle,

and Dm,m′
l is the propagation distance. Furthermore, for the

case of l = L, the transmission channel matrix from the last
layer of SIM to the BS antenna array as WL ∈ C

N×M , whose
elements [WL]n,m can be similarly obtained by using (1).

Managed by a smart controller, each meta-atom in the SIM
offers an independently tunable phase shift. To facilitate the
overall system design, the complete set of L × M phase
shifts is aggregated into a single vector θ = [θ1,1, . . ., θL,M]T ∈

RLM×1, where θl,m ∈ (0, 2π] denotes the phase shift of the mth
meta-atom on the lth layer. In this context, the diagonal phase
control matrix for the lth layer of SIM can be represented by

Θl = diag(e jθl,1 , . . ., e jθl,M ) ∈ CM×M . Consequently, the wave-
domain beamforming matrix at the BS enhanced by SIM can
be expressed in the cascaded form as

G (θ) = WLΘLWL−1 · · ·Θ2W1Θ1 ∈ C
N×M . (2)

By combining the three cascaded propagation paths, the equiv-
alent end-to-end channel vector from the kth UE to the BS is
given by

hk (θ) = G (θ) hSIM
k ∈ CN×1. (3)

B. Signal Model

During the transmission phase, each UE sends its signal,
with pi and pk denoting the transmit power for communication
UEs and computation UEs, respectively. Then the received
signal y ∈ CN×1 at the BS is given by

y =
X
i∈KD

√
pi hi (θ) di„ ƒ‚ …

Communication Signal

+
X
k∈KC

√
pk hk (θ) sk„ ƒ‚ …

Computation Signal

+n (4)

where n is the additive white gaussian noise (AWGN) vector,
following a complex Gaussian distribution n ∼ CN (0, σ2IN),
with σ2 representing the noise variance.

Based on the received signal y, we now select the perfor-
mance metrics for evaluating computation and communication
tasks, respectively. For the jth AirComp task, the desired
target function signal is denoted by S target

j =
P

k∈KC, j
sk by

aggregating signals from a computation UE subset KC, j. To
recover the desired target function, BS employs a linear
computation combining vector zcomp, j ∈ C

N×1 to obtain an
estimate of the target function, i.e., Ŝ j = zH

comp, jy. In this
context, the performance metric of the jth AirComp task can
be measured by the mse between the S target

j and Ŝ j, which is
given by

mse j = E

�ˇ̌̌
S target

j − Ŝ j

ˇ̌̌2�
=
X

k∈KC, j

ˇ̌√
pkzH

comp, jhk (θ) − 1
ˇ̌2

+
X

k′∈KC\KC, j

pk′
ˇ̌
zH

comp, jhk′ (θ)
ˇ̌2

+
X
i∈KD

pi
ˇ̌
zH

comp, jhi (θ)
ˇ̌2
+ σ2



zcomp, j


2
. (5)

Concurrently, for the communication tasks, the BS must reli-
ably decode the data streams transmitted by communication
UEs. To this end, it employs a dedicated communication
decoding vector zdata,i ∈ C

N×1 for each communication UE
i ∈ KD. Applying this vector to the received signal y yields
the estimated data symbol d̂i for the ith communication UE,
which can be explicitly written as

d̂i = zH
data,iy

=
√

pizH
data,ihi (θ) di„ ƒ‚ …

Desired Signal

+
X

i′∈KD,i′,i

√
pi′zH

data,ihi′ (θ) di′„ ƒ‚ …
Intra-service Interference

+
X
k∈KC

√
pkzH

data,ihk (θ) sk„ ƒ‚ …
Inter-service Interference

+ zH
data,in„ƒ‚…
Noise

(6)
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where the four terms on the right side of the equation represent
the desired signal from UE i, the intraservice interference from
other communication UEs in KD, the interservice interference
from all computation UEs in KC , and the processed additive
noise, respectively. Based on this signal decomposition, we
adopt a commonly used SINR as the performance metric
of communication tasks to guarantee communication QoS.
Specifically, the SINR for the ith communication UE is given
by (7), as shown at the bottom of the page.

III. JOINT OPTIMIZATION DESIGN

As can be observed from the computation mse in (5)
and communication SINR in (7), the performance of both
communication and computation tasks are determined by the
phase shifts of SIM θ, the transmit power pk, the computation
combining vectors zcomp, j, and communication decoding vec-
tors zdata,i. To jointly design the SIM-enhanced ICC system,
we aim to minimize the total computation mse while satisfying
the communication QoS requirements, which is formulated as
the following optimization problem:

min
θ,{pk}

{zcomp, j},{zdata,i}

msetotal
�
θ, {pk} ,

˚
zcomp, j

	�
(8a)

s.t. SINRi
�
θ, zdata,i, {pk}

�
≥ Γi ∀i ∈ KD (8b)

0 ≤ pk ≤ Pk,max ∀k ∈ K (8c)
θl,m ∈ [0, 2π) ∀l ∈ L,m ∈M (8d)

where msetotal =
PJ

j=1 mse j is the total computation mse, Γi

is the threshold value of SINRi, and constraint (8c) caps each
UE’s transmit power at Pk,max.

It is observed that the formulated problem (8) is a highly
nonconvex optimization problem, primarily due to the intri-
cate coupling between the receive beamforming variables and
the SIM phase shifts with unit-modulus constraints. Directly
seeking the global optimal solution for such high-dimensional
nonconvex problems is computationally prohibitive. Con-
versely, traditional heuristic approaches, such as Zero-Forcing
beamforming with random phase shifts or noniterative separate
design schemes, optimize variables independently without
iterative refinement. These methods often fail to capture the
mutual dependencies, leading to unsatisfactory system perfor-
mance. To strike a balance between computational tractability
and optimization quality, we propose an efficient AO algo-
rithm. This framework decomposes the intractable original
problem into three tractable subproblems, i.e., BS receiver
design, transmit power allocation, and SIM phase shift config-
uration. By solving these subproblems in an iterative manner,
the AO algorithm progressively refines the solution and is
guaranteed to converge to a stationary point within the feasible
region, representing a high-quality suboptimal solution with
polynomial complexity.

A. BS Receiver Design

First, we design the BS receiver vector {zcomp, j} and
{zdata,i} while keeping the SIM phase shifts θ and trans-
mit powers {pk} fixed. Since the two BS receivers
are independent of each other, they can be considered
separately.

For the computation combining vector zcomp, j, the subprob-
lem aims to minimize the mse of the jth AirComp task, which
is defined as

min
zcomp, j

mse j = E

�ˇ̌̌
S target

j − zH
comp, jy

ˇ̌̌2�
. (9)

By expanding the squared term, the msej can be rewritten as
the following quadratic form:

mse j = zH
comp, jE

�
yyH� zcomp, j

− 2Re
n
zH

comp, jE
h
y
�

S target
j

�∗io
+ E

�ˇ̌̌
S target

j

ˇ̌̌2�
. (10)

To simplify the notation, we define the covariance matrix of
the received signal as Ŷ = E[yyH] and the cross correlation
vector as ŷ j = E[y(S target

j )∗]. The expression (10) then becomes
mse j = zH

comp, jŶzcomp, j − 2Re{zH
comp, jŷ j} + E[|S target

j |2]. Since
problem (9) is an unconstrained convex quadratic program-
ming problem, we compute the complex gradient of the mse
with respect to z∗comp, j and set it to zero, i.e.,

∂mse j

∂z∗comp, j
= Ŷzcomp, j − ŷ j = 0. (11)

By solving this linear equation, we obtain the optimal min-
imum mean square error (mmse) computation combining
vector in closed form as follows:

zopt
comp, j = Ŷ−1ŷ j (12)

where Ŷ =
P

k∈K pkhk(θ)hH
k (θ) + σ2IN and ŷ j =P

k∈KC, j

√
pk hk(θ).

Next, for any given communication UE i ∈ KD, its
decoding vector zdata,i only appears in the SINR constraint.
To provide the largest possible feasible region for the
subsequent two subproblems, an effective strategy is to
design the receiver to maximize its own performance met-
ric. Therefore, we aim to find the zdata,i that maximizes
the SINR for UE i. This subproblem can be formulated
as

max
zdata,i

SINRi =
pi
ˇ̌
zH

data,ihi (θ)
ˇ̌2P

k∈K,k,i pk
ˇ̌
zH

data,ihk (θ)
ˇ̌2
+ σ2



zdata,i


2 . (13)

To facilitate the derivation, we can express the SINR in a
more compact quadratic form. Specifically, we define the
desired signal’s covariance matrix as Cdes

i = pihi(θ)hH
i (θ)

and the interference-plus-noise covariance matrix as Cipn
i =

SINRi =
pi
ˇ̌
zH

data,ihi (θ)
ˇ̌2P

i′∈KD,i′,i pi′
ˇ̌
zH

data,ihi′ (θ)
ˇ̌2
+
P

k∈KC
pk
ˇ̌
zH

data,ihk (θ)
ˇ̌2
+ σ2



zdata,i


2 ∀i ∈ KD (7)
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P
k∈K,k,i pkhk(θ)hH

k (θ) + σ2IN . The problem in (13) is then
equivalent to

max
zdata,i

zH
data,iC

des
i zdata,i

zH
data,iC

ipn
i zdata,i

. (14)

It is seen that Problem (14) is a well-known generalized
Rayleigh quotient problem [40], whose solution can be
obtained by finding the maximum generalized eigenvalue λmax
of the matrix pair (Cdes

i ,Cipn
i ). The vector zdata,i that achieves

this maximum is the corresponding generalized eigenvector,
which is the solution to the generalized eigenvalue problem
Cdes

i zdata,i = λmaxCipn
i zdata,i. Given that Cdes

i is a rank-one
matrix, we can substitute its definition into the eigenvector
equation

pihi (θ) hH
i (θ) zdata,i = λmaxCipn

i zdata,i. (15)

Since pihH
i (θ)zdata,i is a scalar value, (15) reveals that the

vector Cipn
i zdata,i must be collinear with the channel vector

hi(θ). Consequently, the optimal decoding vector zdata,i that
maximizes the SINR must be proportional to (Cipn

i )−1hi(θ),
which can be expressed as

zopt
data,i ∝

�
Cipn

i

�−1
hi (θ) . (16)

It is noteworthy that this receiver structure, which maximizes
the SINR, is formally identical to the well-known mmse
receiver

zopt
data,i =

0@ X
k∈K,k,i

pkhk (θ) hH
k (θ) + σ2IN

1A−1

hi (θ) . (17)

Specifically, the mmse receiver’s optimal strategy of first sup-
pressing interference and then matching the desired signal’s
channel is precisely the linear process that maximizes the
SINR. Thus, adopting the mmse structure is the ideal approach
that simultaneously satisfies both critical performance criteria
of minimizing estimation error and maximizing signal quality.

B. Transmit Power Allocation

Next, we consider the subproblem for transmit power allo-
cation while the other variables kept fixed. For clarity, we first
rewrite the objective function and constraints of the original
problem as explicit functions of the power variables {pk}.
Based on (5), the total mse can be rewritten as

msetotal =

JX
j=1

0@X
k∈K

pkPA
j,k − 2

X
k∈KC, j

√
pkPB

j,k + PC
j,k

1A (18)

where PA
j,k = |zH

comp, jhk |
2, PB

j,k = Re{zH
comp, jhk}, and PC

j,k
are power-independent constants. Meanwhile, the SINR con-
straints in (8b) can be rearranged into linear inequalities
(19b) with respect to power and then the subproblem can be
formulated as

min
{pk}

JX
j=1

0@X
k∈K

pkPA
j,k − 2

X
k∈KC, j

√
pkPB

j,k

1A (19a)

s.t. (8c)

pi
ˇ̌
zH

data,ihi
ˇ̌2
− Γi

X
k,i

pk
ˇ̌
zH

data,ihk
ˇ̌2

≥ Γiσ
2


zdata,i



2
∀i ∈ KD, k ∈ K. (19b)

Although problem (19) is a convex optimization problem, the
non-linear square root terms in its objective function render
it a non-standard form, requiring reformulation before it can
be solved efficiently. To address this, we employ a standard
convex reformulation technique to cast the problem into an
equivalent second-order cone programming (SOCP) form.
Specifically, we introduce a set of auxiliary variables {qk}, and
relax the implicit equality qk =

√
pk into the following convex

inequality constraint:

q2
k ≤ pk, qk ≥ 0 ∀k ∈ K. (20)

The equivalence of this reformulation is established by the
following theorem.

Theorem 1: For the optimization problem (19) with the
additional constraints in (20), any optimal solution {p∗k, q

∗
k}

must satisfy the equality (q∗k)2 = p∗k for all k ∈ K.
Proof: We prove Theorem 1 by contradiction. Assume that

for the optimal solution {p∗k, q
∗
k}, there exists an index k′ ∈ KC, j

for some task j such that (q∗k′ )
2 < p∗k′ . Then, let us construct

a new feasible solution by setting qnew
k′ = q∗k′ + ε while

keeping all other variables unchanged, where ε > 0 is a
sufficiently small value such that (qnew

k′ )2 ≤ p∗k′ . Since the
receiver is designed to align with the channel, we generally
have PB

j,k′ = Re{zH
comp, jhk′ } > 0. This implies that the objective

function in (19a), which contains the term −2
P

k∈KC, j
qkPB

j,k′ ,
is a monotonically decreasing function with respect to qk′ .
Therefore, increasing q∗k′ to qnew

k′ will strictly decrease the
objective value. This contradicts the initial assumption that
{p∗k, q

∗
k} is the optimal solution. Thus, the equality (q∗k)2 = p∗k

must hold for all k at the optimal point. �
With the above transformation, the power optimization sub-

problem can be finally expressed into the following standard
SOCP form:

min
{pk},{qk}

JX
j=1

0@X
k∈K

pkPA
j,k − 2

X
k∈KC, j

qkPB
j,k

1A
s.t. (8c), (19b), (20). (21)

This problem is a standard convex optimization problem,
as it features a linear objective function, linear inequality
constraints, and second-order cone constraints. Therefore, it
can be efficiently solved by convex optimization toolboxes
such as CVX.

C. SIM Phase Shift Configuration

Finally, with the BS receivers and transmit powers fixed, we
address the subproblem for optimizing the SIM phase shifts
θ. This problem is highly non-convex due to the unit-modulus
constraint on each phase shift and the intricate coupling of
variables within the cascaded channel matrix. To tackle this
high-dimensional challenge, we employ a block coordinate
descent (BCD) framework, which decomposes the joint opti-
mization into L more tractable, layer-wise subproblems.
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Specifically, we sequentially optimize the M phase shifts
of one layer at a time, while keeping the phase shifts of
all other layers fixed. Now, focusing on the subproblem for
the lth layer, we represent its phase shifts by the vector
vl = [vl,1, . . ., vl,M]T ∈ CM×1, where vl,m = e jθl,m . To express the
end-to-end channel as an explicit function of vl [28], we define
the forward propagation matrix Fl and backward propagation
matrix Bl as follows:

Fl ,

(
Wl−1Θl−1 · · ·W1Θ1, if l , 1
IM , if l = 1

(22a)

Bl ,

(
WLΘL · · ·Wl+1Θl+1Wl, if l , L
WL, if l = L.

(22b)

Then, by exploiting the fact that the phase shift matrices
{Θ j} j∈L, j,l are treated as constants in this BCD framework,
the end-to-end channel vector can be linearly expressed as

hl
k = Hk,lvl (23)

where Hk,l , Bldiag(FlhSIM
k ) denotes the effective channel

matrix from the kth UE to the BS relative to layer l. Substi-
tuting this linear channel model, the optimization subproblem
for layer l is formulated as

min
vl

fmse (vl) (24a)

s.t. SINRi (vl) ≥ Γi ∀i ∈ KD (24b)ˇ̌
vl,m
ˇ̌

= 1 ∀m ∈M (24c)

where fmse(vl) =
PJ

j=1 mse j(vl), and mse j(vl) is obtained by
substituting the linear channel model (23) into the original
msej expression in (5). However, problem (24) is still difficult
to solve due to the non-convex objective in (24a) and the
nonconvex constraints in (24b). To this end, we adopt the suc-
cessive convex approximation (SCA) strategy to approximate
the nonconvex functions with simpler, convex ones at each
iteration point v(t)

l .
Now, we start by addressing the nonconvex objective func-

tion fmse(vl). Since it is a nonconvex quadratic function of
vl, we can linearize it via a first-order Taylor expansion at
the iteration point v(t)

l . Consequently, minimizing the resulting
approximation is equivalent to solving

min
vl

Re
˚
vH

l cl
	

(25)

where cl , ∇v∗l fmse(v(t)
l ) is the complex gradient of the

objective, which can be readily derived from (5), (23), and
(24) as

cl =

JX
j=1

 X
k∈K

pkHH
k,lzcomp, jzH

comp, jHk,lv(t)
l

−
X

k∈KC, j

√
pk HH

k,lzcomp, j

1A . (26)

Following the same approximation strategy, we handle the
nonconvex SINR constraint (24b). By cross-multiplication and
rearranging the terms, it can be equivalently transformed into
the following nonconvex quadratic constraint:

gi (vl) , vH
l Ui,lvl − ΓivH

l Vi,lvl − Γiσ
2


zdata,i



2
≥ 0 (27)

where Ui,l = pi(HH
i,lzdata,i)(zH

data,iHi,l) and Vi,l =P
k,i,k∈K pk(HH

k,lzdata,i)(zH
data,iHk,l). Similarly, we adopt SCA

technology to the nonconcave function gi(vl) at v(t)
l and then

obtain the transformed SINR constraint as

gi

�
v(t)

l

�
+ 2Re

��
vl − v(t)

l

�H
di,l

�
≥ 0 (28)

where di,l , ∇v∗l gi(v(t)
l ) = (Ui,l−ΓiVi,l)v(t)

l is the gradient of the
function gi(vl) with respect to vl.

Finally, by replacing the original objective and constraints
with their convex surrogates, the subproblem for SIM phase
shift configuration can be rewritten as the following convex
subproblem:

min
vl

Re
˚
vH

l cl
	

(29a)

s.t. (28)ˇ̌
vl,m
ˇ̌
≤ 1 ∀m ∈M. (29b)

We note that the relaxation to |vl,m| ≤ 1 in (29b) is not
guaranteed to be tight due to the presence of the SINR
constraints (28). Therefore, after obtaining the solution v∗l to
the relaxed subproblem (29), we employ a projection operation
to map this solution back to the feasible set of the original
problem (24), thus ensuring the unit-modulus constraint is
strictly satisfied. Specifically, the phase shifts for the (t + 1)th
iteration are updated by normalizing the solution as follows:

v(t+1)
l,m =

v∗l,mˇ̌
v∗l,m
ˇ̌ ∀m ∈M. (30)

After performing the projection step in (30), the BCD frame-
work proceeds to the next layer.

Algorithm 1 Joint Design of SIM-Enhanced ICC System
Input: N,M, L, J,KC ,KD, σ

2, {Γi}, {Pk,max}.
Output: θ, {pk}, {zcomp, j}, {zdata,i}.

1: Initialize θ(0), {p(0)
k }, and iteration index t = 0;

2: repeat
3: Compute {z(t+1)

comp, j} and {z(t+1)
data,i } using (12) and (17) with

θ(t), {p(t)
k };

4: Obtain {p(t+1)
k } by solving problem (21) via CVX;

5: for l = 1 to L do
6: Update v(t+1)

l by solving the SCA subproblem (29)
via CVX;

7: Project v(t+1)
l onto the unit modulus set using (30);

8: end for
9: Update t = t + 1;

10: until convergence

In summary, by alternately optimizing the three subprob-
lems for the receiver vectors at the BS, the transmit power
at the UEs and the phase shifts at the SIM, we devise an
effective AO algorithm. This procedure guarantees that the
objective value monotonically decreases with each iteration,
ensuring the algorithm ultimately converges to a stationary
point. The joint design of SIM-enhanced ICC system is
formally described as Algorithm 1.
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TABLE I
SIMULATION PARAMETERS

1) Complexity Analysis: The computational complexity of
the proposed AO algorithm arises from the three subprob-
lems solved within each iteration. Among them, the transmit
power optimization subproblem (21) is a standard SOCP.
The dimension of its optimization variables is 2K, which is
typically much smaller than the number of BS antennas N
and the number of metasurface elements M. Consequently,
the complexity of this step is considered negligible. There-
fore, the total computational complexity per AO iteration is
dominated by the BS receiver update and the SIM phase shift
optimization. First, updating the mmse BS receivers involves
computing the matrix inversions in (12) and (17). Since this is
performed for all J computation tasks and KD communication
UEs, the complexity for this step is O((J + KD)N3). Second,
the optimization of the SIM phase shifts, which represents
the primary computational bottleneck, is handled via a layer-
wise SCA approach. For each of the L layers, the convex
subproblem (29) is solved. The complexity of solving this
problem using an interior-point method is dominated by the
number of optimization variables, M, resulting in a complexity
of approximately O(M3.5) per SCA iteration. Denoting Isca
as the number of inner-loop iterations required for the SCA
algorithm to converge for one layer, the total complexity for
this stage is O(L · IscaM3.5). Combining these two dominant
components, the total complexity per AO iteration can be
expressed as O((J + KD)N3 + L · IscaM3.5).

Remark: The feasibility of real-time implementation relies
on the relationship between the algorithm’s execution time and
the channel coherence time. The complexity analysis indicates
that the proposed algorithm involves polynomial complexity,
primarily dominated by matrix inversions and multiplications
in each iteration. With modern high-performance computing
hardware, e.g., FPGAs or GPUs, the execution time per
coherence block can be reduced to the millisecond level.
Given that SIM-based ICC systems typically operate in low-
mobility scenarios, e.g., smart home or factory monitoring,
with relatively long channel coherence times, the proposed
joint optimization framework is feasible for practical real-time
deployment.

IV. SIMULATION RESULTS

In this section, we provide a series of simulation results
to verify the effectiveness of the proposed AO algorithm.
Unless otherwise stated, the default simulation parameters are
as shown in Table I. In our simulation, K UEs are randomly
distributed within a circular area with a 300-m radius
centered around the BS. The large-scale path loss is modeled
as PLdB = 128.1 + 37.6 log10(d), where d is the distance in

Fig. 2. Convergence behavior of the proposed Algorithm 1.

Fig. 3. Total computation mse versus maximum transmit power for schemes
with and without SIM.

kilometers [38]. Additionally, the wavelength is λ = c/ f0,
where the speed of light is c = 3 × 108 m/s and the center
frequency is f0 = 28 × 109 Hz. The thickness of the SIM is
TSIM = 5λ, the distance between each layer is dLayer = TSIM/L,
and the size of each meta-atom is dx = dy = λ/2, with an
area of At = dxdy = λ2/4 [26]. All results are averaged over
100 independent random channel realizations.

A. Evaluation of Computation and Communication
Performance

First, we illustrate the convergence of total computation mse
for Algorithm 1 under different maximum transmit powers in
Fig. 2. We can observe that the total mse drops sharply within
the first three iterations and reaches a stable convergence
point after approximately six iterations. This indicates that
the proposed AO algorithm exhibits excellent convergence
performance, making it suitable for deployment in practical
systems.

To verify the fundamental benefits of the proposed frame-
work, Fig. 3 compares the performance of the SIM-enhanced
scheme against a “Without SIM” benchmark, where the SIM
is removed and optimization is performed only over the UE
transmit powers and BS receivers. We can observe the follow-
ing two general trends. First, the total computation mse for all
schemes decreases as Pmax increases. This is because a larger
power budget provides the optimization algorithm with greater
flexibility to suppress interference and enhance the desired
signal strength for AirComp. Second, the mse increases as
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Fig. 4. Total computation mse versus SINR threshold for different schemes.

Fig. 5. Total computation mse versus the number of computation UEs and
communication UEs.

the SINR threshold Γ becomes more stringent, which clearly
illustrates the inherent computation-communication conflict.
Against this backdrop, the fundamental advantage of our
proposal is clearly validated. The SIM-enhanced scheme sig-
nificantly outperforms the “Without SIM” benchmark across
all tested power levels and QoS constraints. Quantitatively, the
proposed SIM-enhanced scheme achieves a computation error
reduction of up to 95.2% compared to the benchmark. This
substantial performance gain confirms our core motivation,
showing the SIM’s enhanced DoF are essential for managing
the inherent computation-communication conflict, particularly
when facing strict communication QoS demands.

Next, Fig. 4 compares the performance of Algorithm 1
against several benchmark schemes, i.e., a Fixed-Power AO
scheme by adopting pi = Pmax, a ZF-AO scheme utilizing a
Zero-Forcing receiver, and a Random Phase AO scheme with
random phase shift configuration. The results clearly show that
our proposed Algorithm 1 consistently achieves the lowest
computation mse across all SINR thresholds, demonstrating
the significant advantages of jointly optimizing all variables.
Notably, the large performance gap between the proposed
algorithm and the Random Phase AO scheme validates the
necessity of active phase shift optimization.

Having established the algorithm’s superiority, we now
evaluate its performance in the core scenario of managing
coexisting services. As shown in Fig. 5, we evaluate the
system performance under varying service loads. It is observed
that the cost of admitting different types of users is highly
nonuniform. Increasing KC results in a predictable growth
in mse, primarily driven by the aggregation of noise power
from more devices. Conversely, the introduction of additional

Fig. 6. Test accuracy versus communication rounds for the FL task under
different schemes.

KD imposes a severe penalty on computation performance.
This phenomenon can be intuitively explained by the resource
contention mechanism, where AirComp tasks share the same
time-frequency resources via non-orthogonal transmission, uti-
lizing the channel for functional computation. Communication
tasks, however, impose strict SINR thresholds that act as
hard constraints. Satisfying these constraints requires the SIM
to prioritize interference mitigation over computation signal
alignment, effectively depleting the available aperture gain
and configuration flexibility. Thus, the steep slope along the
KD axis underscores that the system’s capacity is effectively
strictly limited by the communication load, validating the
necessity of our proposed joint optimization to navigate this
critical tradeoff.

To understand how system design can mitigate these perfor-
mance tradeoffs, we then investigate the impact of the SIM’s
key architectural parameters. Fig. 6 demonstrates the impact
of the number of SIM layers L and the number of elements
per layer M. It can be observed that increasing the number of
M can greatly enhance system performance. This is because
more elements provide higher spatial resolution, allowing the
algorithm to reshape the wavefront with greater precision.
Notably, the performance curves exhibit a saturation point or
even a slight degradation around L = 6, which stems from a
fundamental tradeoff between wave-domain beamforming gain
and severe path loss. While adding layers initially introduces
more DoFs to precisely shape the wavefront, it inevitably
extends the signal propagation path through the stacked
structure. According to the Rayleigh–Sommerfeld diffraction
theory modeled in (1), the signal suffers from multiplicative
attenuation as it traverses each layer. Beyond L = 6, the
accumulated inter-layer path loss begins to overshadow the
marginal beamforming gains offered by the additional layers.
Consequently, a physical ceiling is reached where increasing L
no longer improves the effective SNR, indicating that simply
stacking more metasurfaces does not monotonically translate
to better performance.

Building on this, Fig. 7 further investigates the joint impact
of the number of meta-atoms per SIM layer M and the number
of BS antennas N on the total computation mse. The results
reveal a clear trend that the computation mse decreases as
either M or N increases. This is because a larger M provides
finer-grained control over the wireless channel, enhancing the
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TABLE II
HANDWRITTEN-DIGIT IDENTIFICATION RESULTS UNDER DIFFERENT SCHEMES ON IID MNIST DATASET

Fig. 7. Total computation mse versus the number of elements per layer and
BS antennas.

Fig. 8. Total computation mse versus the number of BS antennas and total
UEs.

SIM’s ability to suppress interference. Similarly, a larger N
offers greater spatial multiplexing and interference nulling
capabilities at the BS receiver. The combination of large-scale
metasurfaces at the SIM and a massive MIMO array at the BS
provides substantial DoFs, leading to a significant reduction
in computation errors and showcasing a powerful synergy for
future ICC systems.

Finally, Fig. 8 explores the relationship between system
scale and performance, plotting the total computation mse
against the number of BS antennas N and the total number
of UEs K. The bar chart clearly visualizes that for a fixed
number of UEs, increasing the number of antennas at the BS
consistently lowers the computation mse, which is attributed to
the enhanced spatial resolution for interference management.
Conversely, for a fixed number of BS antennas, the mse
grows as more UEs are involved in the system, highlighting
the challenge of managing escalating multiuser interference.
This result demonstrates a fundamental system design tradeoff

that supporting a larger terminal capacity with acceptable
computation accuracy requires a corresponding increase in the
BS antenna array size.

B. FL Case Study

To further validate the practical efficacy of the pro-
posed SIM-enhanced ICC framework in supporting practical

Fig. 9. Test accuracy versus communication rounds for FL task.

applications, we conduct a case study on FL for handwritten
digit recognition. Specifically, we utilize the MNIST dataset
to train a convolutional neural network (CNN) in a distributed
manner. The AirComp technique is employed for global model
aggregation, where the computation mse minimized by our
proposed algorithm directly translates to the aggregation noise
added to the model updates. Crucially, this experiment is
conducted under the premise of strictly guaranteeing the SINR
requirements for all communication UEs. This setup allows us
to verify that the proposed SIM-enhanced scheme can effec-
tively minimize computation errors and achieve high inference
accuracy while simultaneously safeguarding communication
reliability, thereby validating its capability in managing the
inherent conflict between heterogeneous services.

Fig. 9 illustrates the test accuracy versus the number of
communication rounds of FL task under different schemes. It
is observed that the proposed SIM-enhanced scheme achieves
a learning curve that closely approximates the ideal case,
rapidly converging to a high accuracy of approximately 95%.
In contrast, the benchmark schemes without SIM or utiliz-
ing random phases suffer from significant aggregation noise
induced by their higher computation mse, leading to slower
convergence rates and unstable fluctuating accuracy. This
result confirms that by proactively managing interference and
reducing computation errors, the SIM-enhanced system can
effectively satisfy the high-accuracy QoS requirements for
ubiquitous AI applications.

Furthermore, to provide a more intuitive visualization of
the impact of communication quality on FL tasks, Table II
presents the identification results of specific handwritten digits
under different schemes. As shown in the table, the proposed
algorithm successfully recognizes all sample digits, including
those with ambiguous writing styles. Conversely, other two
schemes exhibit varying degrees of misclassification. For
instance, the digit “2” is misclassified as “3” or “8” due to the
noise corruption in the model weights. These visual examples
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strongly underscore that the proposed SIM-enhanced scheme
effectively resolves the inherent resource conflict, achieving
superior computation accuracy while strictly guaranteeing the
high-quality communication.

V. CONCLUSION

In this article, we designed a SIM-enhanced ICC framework
for uplink systems, tackling the joint optimization of BS
receivers, transmit power, and SIM phase shifts via an efficient
AO algorithm. The proposed algorithm not only exhibits rapid
convergence, confirming its practical feasibility for dynamic
environments, but also demonstrates superior performance
over the benchmarks. This highlights the critical benefit of
holistically optimizing the active and passive components to
adeptly manage multiservice interference, thereby significantly
reducing computation mse while ensuring the communication
QoS. Furthermore, the results further substantiate that SIMs
can effectively transform the wireless environment into a
controllable, task-oriented resource, paving the way for the
sophisticated ICC in future 6G wireless networks.
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