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Abstract—This paper investigates the design of receive beam-
forming for a networked control system that shares its uplink
with conventional communication users. A set of sensors observe
independent dynamical processes and transmit state estimates to
a multi-antenna receiver, which applies a common beamform-
ing vector before forwarding the processed information to the
corresponding controllers. Concurrently, multiple communication
users transmit over the same uplink and are decoded through
the same receive beamformer. The main objective is to design
control and beamforming policies that jointly minimize the overall
control cost while satisfying the quality-of-service requirements
of the coexisting users. We formulate this problem as a joint
optimization problem, and analytically characterize the structures
of the optimal control and the one-step look-ahead beamforming
policies. We further propose a practical two-stage beamforming
optimization algorithm for real-time implementation.

Index Terms—Multi-antennas receivers, beamforming, Kalman
filtering, networked control systems, optimal policies, semantic
communication.

I. INTRODUCTION

Next-generation wireless networks are evolving to support
diverse objectives that extend beyond conventional data trans-
mission. In particular, in networked control systems (NCSs),
wireless communication links are integral to closing feedback
loops between sensors, controllers, and actuators, where the
reliability and latency of transmissions directly affect overall
control performance. At the same time, conventional mo-
bile users can still share the same spectral and infrastruc-
tural resources, leading to interference and competition for
communication capacity. This coexistence of heterogeneous
objectives calls for designing physical-layer strategies that
reconcile the quality-of-service (QoS) demands of control
systems with those of communication users. Recent advances
in goal-oriented communication advocate strategies that trans-
mit only the most significant portions of data with respect
to downstream tasks [1, 2]. For NCSs, this hinges on the
prompt and accurate delivery of valuable sensory information
to controllers [3, 4]. This work contributes to this line of
research by investigating how goal-oriented service guarantees
for control systems can be achieved without compromising
data-centric guarantees for conventional users in coexisting
wireless control and communication networks.

In recent years, substantial progress has been made to un-
derstanding the interplay between control and communication.
Foundational studies established the stability limits of Kalman

filtering and linear quadratic Gaussian (LQG) control over
channels subject to packet-drop, delay, and fading [5–7]. This
has motivated cross-layer designs that co-optimize control
and communication parameters such as power, scheduling,
and coding variables to minimize control-centric metrics like
estimation error and control cost [8, 9]. With the emergence of
dense wireless networks, several works have addressed coex-
istence scenarios, where control system links exist in parallel
with conventional user links. These include uplink schedulers
for URLLC/eMBB coexistence in 5G systems [10], NOMA-
based interference management [11], and LQG-aware resource
allocation under reliability guarantees [9]. Researchers have
also begun exploring beamforming designs explicitly tailored
to control performance. For instance, transmit beamforming
and reconfigurable intelligent surface (RIS) have been opti-
mized to favor critical control links over non-critical ones
[12–14]. However, these studies typically assume orthogonal
scheduling or neglect the interference.

A. Contributions and Outline

In this paper, we develop a theoretical framework for
beamforming for networks where control systems coexist with
conventional users. We consider an uplink scenario where
multiple sensors transmit state estimates of physical processes
alongside conventional users to a multi-antenna receiver that
uses a common beamformer. This shared receive strategy
intrinsically couples control performance with communication
performance, as the beamformer must manage interference
across both types of traffic. We formulate this problem as a
joint optimization problem that minimizes an aggregate linear-
quadratic-regulator (LQR) cost for the control systems while
satisfying signal-to-interference-and-noise ratio (SINR) con-
straints of the conventional users. To the best of our knowledge,
this is the first work that explicitly optimizes beamforming for
both control and communication objectives in a shared multi-
user uplink setting. The remainder of the paper is organized as
follows. Section II presents the system model and formulates
the problem of interest. In Section III, we derive the optimal
control and the beamforming policies. Section IV presents
numerical results to illustrate the performance of the proposed
methods. Finally, Section V concludes the paper.
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Fig. 1: A networked control system that shares its uplink with conventional communication users: (a) The control loop of the
kth dynamical process; (b) The links between K sensors, K controllers, N users, and the receiver.

B. Notation

For the rest of the paper, the sets of real numbers, non-
negative integer numbers, and complex numbers are denoted
by R, N, and C, respectively. For x, y ∈ N and x ≤ y, the
set N[x,y] denotes {z ∈ N|x ≤ z ≤ y}. For matrices X and
Y , the relations X � 0 and Y � 0 denote that X and Y are
positive definite and positive semi-definite, respectively. The
expected value and the covariance of a random variable x are
denoted by E[x] and cov[x], respectively. The superscripts T
and H denote transpose a matrix and Hermitian transpose of
a complex matrix, respectively.

II. PROBLEM STATEMENT

This section presents the system model and formulates the
problem of interest. We first describe the dynamics of the
networked control system and the wireless communication
links, followed by the mathematical formulation of the op-
timization problem that captures the trade-off between control
performance and user requirements.

A. System Model
We consider a multi-user networked system consisting of

K sensors, K controllers and N users. A multi-antenna
receiver equipped with M antennas collects the uplink signals
transmitted by both the sensors and the users and forwards
the processed information to the corresponding controllers.
The time t is discrete, and the time horizon T is finite. In
this networked system, the kth controller is responsible for
regulating the behavior of its corresponding dynamical process,
whose evolution is described as

xk,t+1 = Akxk,t +Bkak,t + dk,t, (1)
for k ∈ N[1,K] and t ∈ N[0,T ], where xk,t ∈ Rn is the
state of the kth dynamical process at time t, ak,t ∈ Rm is
the control action of the kth controller at time t, and dk,t
is an i.i.d. Gaussian noise with zero mean and covariance
Dk � 0, Ak ∈ Rn×n and Bk ∈ Rn×m are the state and input
matrices of the kth dynamical process. We assume that xk,0 is
a Gaussian vector with mean mk,0 and covariance Mk,0 � 0.

At each time t, the kth sensor measures a noisy output of the
corresponding dynamical process, which is modeled as

yk,t = Ckxk,t + ek,t, (2)
for k ∈ N[1,K] and t ∈ N[0,T ], where yk,t ∈ Rp is the output of
the kth dynamical process at time t, ek,t is an i.i.d. Gaussian
noise with zero mean and covariance Ek � 0, and Ck ∈ Rp×n
is the output matrix of the kth dynamical process.

At each time t, the kth sensor transmits its MMSE state
estimate x̂sk,t to the receiver over a fading wireless link. In
parallel, the users transmit their data to the same receiver.
The receiver applies a single receive beamformer wt ∈ CM
to decode the superposed uplink signals. At the kth controller,
the estimate x̂sk,t is correctly decoded with probability 1− εk
and discarded with probability εk, where εk depends on the
instantaneous SINR induced by wt. Let hsk,t ∈ CM denote
the link between the kth sensor to the receiver at time t,
and huj,t ∈ CM denote the link between the jth user and
the receiver at time t. The receiver employs a single common
combining vector wt for all simultaneously transmitted sensor
and user signals. The received signal is

rt =

K∑
k=1

wt
Hhsk,tzk,t +

N∑
j=1

wt
Hhuj,tsj,t + wt

Hnt, (3)

for t ∈ N[0,T ], where rt is the received signal at time t, zk,t
is the signal transmitted by the kth sensor, sj,t is the signal
transmitted by the jth user, and nt is an i.i.d. Gaussian noise
with zero mean and variance N0 � 0. The noise power at
the receiver after beamforming, wtHnt is given by N0, as
‖wHnt‖2 = 1. Let psl denote the transmit power of the sensor
signal x̂sl,t, and puj is the transmit power of the user signal sj,t.
The SINR of the kth controller SINRc

k,t and that of the kth
user SINRu

k,t can be obtained accordingly at each time t.

B. Optimization Problem

In this system, the decision variables are the beamforming
w and the control actions uk,t. We represent a beamforming
policy by W = {wt}T−1t=0 and a control policy by A =
{a1,t, . . . , aK,t}T−1t=0 . Our aim is to design beamforming and
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control policies that jointly optimize the following optimization
problem:

min.
W,A

E

[ T∑
t=0

K∑
k=1

xTk,tΩ
x
kxk,t+

T−1∑
t=0

K∑
k=1

aTk,tΩ
a
kak,t

]
, (4)

s.t. ‖wt‖2 = 1, t ∈ N[0,T−1] (5)

SINRu
j,t ≥ γuj,th, j ∈ N[1:N ], t ∈ N[0,T−1], (6)

where Ωxk � 0 and Ωak � 0 are weighting matrices associated
with the kth dynamical process, and γuk,th is an SINR threshold
that must be satisfied for each user.

Remark 1. The cost function in (4) is the standard LQR cost,
serving as a benchmark for control performance. This cost
function should be minimized jointly by the beamformer and
the controllers. The weighting matrices Ωxk and Ωak encode pri-
orities across processes and trade-offs between state deviation
and control effort within each process.

III. MAIN RESULTS

This section presents the derivations, reductions, and result-
ing algorithms. We first derive the optimal control law and
thereby reduce the joint design to a beamforming problem.
We then characterize an optimal beamforming formulation and
introduce two tractable solution: a one-step look-ahead policy
and a two-stage instantaneous optimization scheme.

A. Optimal Control Policy

At each time t, the kth sensor sends its current MMSE
estimate x̂sk,t to the kth controller. Define the decode–success
indicator δk,t ∈ {0, 1}, where δk,t = 1 if the message is
correctly decoded at the kth controller and δk,t = 0 otherwise.
This event depends on the receive beamformer wt applied
at the multi-antenna receiver; equivalently, the packet error
probability is εk(wt) , Pr[δk,t = 0 | wt]. We define the
information sets available to sensors and controllers as follows:

Isk,t =
{
yk,t′ , ak,t′′

∣∣t′ ∈ N[0,t, t
′′ ∈ N[0,t−1]

}
, (7)

Ick,t =
{
δk,t′ x̂

s
k,t′ , ak,t′′

∣∣t′ ∈ N[0,t, t
′′ ∈ N[0,t−1]

}
. (8)

Accordingly, we can define the following state estimates and
error covariances at the kth sensor and the kth controller at
time t as

x̂sk,t = x̂sk,(t|t) = E
[
xk,t | Isk,t

]
,

x̂ck,t = x̂ck,(t|t) = E
[
xk,t | Ick,t

]
,

Q̂sk,t = Q̂sk,(t|t) = cov
[
xk,t | Isk,t

]
,

Q̂ck,t = Q̂ck,(t|t) = cov
[
xk,t | Ick,t

]
,

and the following prior variables as
x̂sk,(t|t−1) = E

[
xk,t | Isk,t−1

]
,

x̂ck,(t−1|t−1) = E
[
xk,t | Ick,t−1

]
,

Q̂sk,(t|t−1) = cov
[
xk,t | Isk,t−1

]
,

Q̂ck,(t−1|t−1) = cov
[
xk,t | Ick,t−1

]
.

By the separation principle, estimation and control can
be designed independently. Hence, the optimal control input
depends only on the estimated state, i.e.,

a?k,t = ∆k,tx̂
c
k,t, (9)

with exception a?k,T = 0, where
x̂ck,t = δk,tx̂

s
k,t +

(
1− δk,t

)
Akx̂

c
k,t−1, (10)

∆k,t = −
(
BTk Sk,t+1Bk + Ωak

)−1
BTk Sk,t+1Ak, (11)

and Sk,t is a solution of the Riccati equation
Sk,t = ATk Sk,t+1Ak + Ωxk −ATk Sk,t+1Bk

×
(
BTk Sk,t+1Bk + Ωak

)−1
BTk Sk,t+1Ak, (12)

with initial condition ST,t = Ωxk .

B. Reduced Beamforming Problem
Following the derivation in [5], replacing a?k,t into the cost

function in 4, the cost function can be expressed as∑K

k=1
tr
(
Sk,0Q̂

c
k,0

)
+
∑T−1

t=0

K∑
k=1

tr
(
Sk,t+1Dk

)
+
∑T−1

t=0

K∑
k=1

tr
(
Lk,t E[Q̂ck,t]

)
, (13)

where the first term is independent for the decision variables.,
and can be discarded. Note that Q̂ck,t can be written, depending
on whether the controller has correctly decoded the transmitted
message at time k or not, as

Q̂ck,t =

{
AkQ̄

c
k,t−1A

T
k +Dk if δk,t = 0

Q̂sk,t if δk,t = 1,

where Q̄ck,t = E[Qck,t] and

Lk,t = ATkRk,t+1Ak + Ωxk −Rk,t, (14)

Q̂sk,t=
((
Ak,t−1Q̂

s
k,t−1A

T
k,t−1+Dk

)−1
+CTk,tE

−1
k Ck,t

)−1
. (15)

Using this equation, we find
Q̄ck,t = f

(
Q̄ck,t−1, εk(wt)

)
= Q̂sk,t

(
1− εk(wt)

)
+
(
AkQ̄

c
k,t−1A

T
k +Dk

)
εk(wt),

We can then define Gk,t that captures the impact of the
decoding error probability on the Q̄ck,t as:

Gk,t =
(
AkQ̄

c
k,t−1A

T
k +Dk − Q̂sk,t

)
with (15) being the error covariance equation of the Kalman
filter. As a result, one can show that the beamforming vector
must satisfy the following optimization problem:

min.
wt

∑T−1

t=0

∑K

k=1
tr
(
Lk,tQ̄

c
k,t

)
, (16)

s.t. ‖wt‖2 = 1, (17)

SINRu
j (t) ≥ γj,th, j ∈ N[1,N ], t ∈ N[0,T−1]. (18)

C. Optimal Beamforming Policy

With the information available at the receiver being

Irt =
{
δl,t′ , wt′ , h

s
l,t′′ , h

u
j,t′′ , Icl,t

∣∣t′ ∈ N[0,t−1],

t′′ ∈ N[0,t], l ∈ N[1,K], j ∈ N[1,N ]

}
. (19)
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Given this information, the receiver can compute Q̄ck,t−1 at
time t by using (15). The value function associated with
the reduced optimization problem from the perspective of the
receiver is expressed as

Vt
(
{Q̄ck,t−1}Kk=1

)
= min
wt,...,wT

T∑
τ=t

K∑
k=1

tr
(
Lk,τ Q̄

c
k,τ

)
. (20)

The following theorem provides a general procedure for ob-
taining the optimal receive beamforming.

Theorem 1. The optimal beamforming policy W ? is given by

w?t = argmin
wt

{ K∑
k=1

tr
(
Lk,tQ̄

c
k,t, εk(wt

))
+ Vt+1

(
{Q̄ck,t})

}
.

(21)

Remark 2. The derived beamforming policy demonstrates
that the receiver optimally balances the trade-off between
minimizing control cost and maintaining user QoS. The beam-
former implicitly prioritizes those with greater influence on
the closed-loop control performance, while simultaneously
managing interference toward communication users to sat-
isfy their SINR constraints. This results in a beamforming
strategy that dynamically adapts to both control-critical and
communication-driven demands. Furthermore, the policy relies
on solving the value function defined in (20) through backward
time recursion, which adds complexity of the beamforming
optimization.D. Efficient Suboptimal Beamforming Solutions

We propose a simple suboptimal method based on one-step
lookahead policy, and a two-step instantaneous optimization
framework that can be solved respectively using convex tools.
Note that the SINR at the kth controller and ith user are written
respectively as:

γsk,t =
psk‖wtHhsk,t‖2∑K

l 6=k pl‖wtHhsl,t‖2 +
∑N
i=1 p

u
i

∣∣wHt hui,t∣∣2+N0

(22)

γuj,t =
puj ‖wtHhuj,t‖2∑N

i6=j p
u
i ‖wtHhui,t‖2 +

∑K
l=1 p

s
l

∣∣wHt hsl,t∣∣2+N0

. (23)

In the remaining of this section, we assume for convenience
that the transmit power of the sensors and users is normalized
to 1, that is psk = puk = 1. We also consider that the sensors
have limited processing power/capacity and do not have access
to the instantaneous channel state information (CSI) and hence
they transmit at a fixed power (power control is not possible
in this case). Let Rk be the bit rate at which the signal is
transmitted by the kth sensor and user. The relation between
the bit rate, error probability and SINR can be expressed using
the finite blocklength capacity framework in [15]. The error
probability can be approximated at each time by

εk(wt) ≈ Q

 √
r

log2(e)

log2(1 + γk)−Rk√
1− 1

(1+γk)2

 , (24)

where the interference is treated as gaussian noise, r is the
number of channel uses used to transmit the finite length
codewords x̂sl (t) and Q−1(.) is the inverse of Q(x) =

1√
2π

∫∞
x
e−v

2/2dv. according to one-step lookahead policy, By
adopting (24) in the above optimization problem, it can be
formulated as a constrained optimization problem

min.
wt

K∑
k=1

tr
(
Lk,tGk,t

)
Q

 √
r

log2(e)

log2(1 + γsk,t)−Rk√
1− 1

(1+γs
k,t)

2

 ,

s.t. ‖wt‖2 = 1,

‖wtHhsk,t‖2∑K
l 6=k ‖wtHhsl,t‖2 +

∑N
i=1

∣∣wHt hui,t∣∣2 +N0

≥ γsk,t,∀k,

‖wtHhuj,t‖2∑N
i6=j ‖wtHhui,t‖2 +

∑K
l=1

∣∣wHt hsl,t∣∣2 +N0

≥ γuj,t,∀j.

This problem is equivalent to

min.
wt

K∑
k=1

tr
(
Lk,tGk,t

)
Q

 √
r

log2(e)

log2(1 + γsk,t −Rk)√
1− 1

(1+γs
k,t)

2

 ,

s.t. ‖wt‖2 = 1,

‖wtHhsk,t‖2 ≥ γsk,t
( K∑
l 6=k

‖wtHhsl,t‖2 +

N∑
i=1

∣∣wHt hui,t∣∣2 +N0

)
,

‖wtHhuj,t‖2 ≥ γuj,t
( N∑
i6=j

‖wtHhui,t‖2 +

K∑
l=1

∣∣wHt hsl,t∣∣2 +N0

)
.

Note that the last two constraints are nonconvex. A local
optimum can be reached by using the Lagrangian technique.
Let λk the Lagrange multiplier corresponding to the first
constraint for each k sensor and µi the Lagrangian multiplier
corresponding to the second constraint for each user. The
Lagrangian problem becomes

min
wt

K∑
k=1

tr
(
Lk,tGk,t

)
·Q

 √
r

log2(e)
·

log2(1 + γsk,t)−Rk√
1− 1

(1+γs
k,t)

2


+ λkγ

s
k,t

( K∑
l=1
l 6=k

‖wtHhl,t‖2 +

N∑
j=1

|wtHhuj,t|2 +N0

− ‖wt
Hhk,t‖2

γsk,t

)
+

N∑
j=1

µjγ
u
j,t

( N∑
i=1,i6=j

‖wHt hui,t‖2

+
∑K

l=1
|wHt hsl,t|2 +N0 −

‖wHt huj,t‖2

γuj,t

)
,

s.t. ‖wt‖2 = 1,

We refer to the alternating optimization approach to solve the
aforementioned problem, which consists of fixing γk ∀k and
optimizing over w and then fixing w and optimizing γk for
all k and so on. We denote by (P1) the resulting optimization
over γsk,t for all k for given w and (P2) the optimization over
w given γsk,t. With (P1):

min.
γs
k,t

∑K

k=1
tr
(
Lk,tGk,t

)
Q

 √
r

log2(e)

log2(1 + γsk,t −Rk)√
1− 1

(1+γs
k,t)

2


+λkγ

s
k,t

( K∑
l=1,l 6=k

‖wtHhsl,t‖2+

N∑
j=1

∣∣wHt huj,t∣∣2+N0−
‖wtHhsk,t‖2

γsk,t

)
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The subproblem (P1) over γsk,t is nonconvex but since the
objective is differentiable and unconstrained, we can solve it
using a gradient-based method solvers. Also the subproblem
over w (P2):

min.
wt

K∑
k=1

λkγ
s
k,t

( K∑
l=1,l 6=k

‖wtHhl,t‖2 +

N∑
j=1

∣∣wHt huj,t∣∣2
− ‖wt

Hhk,t‖2

γsk,t

]
+

N∑
j=1

µiγ
u
j,t( N∑

i=1,l 6=j

‖wtHhui,t‖2 +

K∑
l=1

∣∣wHt hsl,t∣∣2 − ‖wtHhuj,t‖2γuj,t

)
s.t. ‖wt‖2 = 1,

This can be solved optimally by minimizing a standard
Rayleigh quotient problem. Let Hs

l,t = hsl,th
sH
l,t, H

u
j,t =

huj,th
uH
j,t , Wt = wtw

H
t , and

Λk,t = γsk,t

( K∑
l=1,l 6=k

Hs
l,t +

N∑
j=1

Hu
j,t −Hs

k,t

)
, (25)

Γi,t = γuk,t

( K∑
j=1,l 6=i

Hu
j,t +

K∑
l=1

Hs
l,t −Hu

i,t

)
. (26)

Define Λt =
∑
k λkΛk,t and Γt =

∑
i µiΓi,t. Then, (P3) is

equivalent to
min.
wt

wHt (Λt + Γt)wt, (27)

s.t. wHt wt = 1, (28)
which has an optimal solution λmin(Λt + Γt), i.e., the mini-
mum eigenvalue. Accordingly, the overall receive beamforming
solution can be summarized in Algorithm 1.

Algorithm 1: Beamforming Alternating Optimization

1 repeat
2 for t = 0 to T − 1 do
3 Step 1: Alternating Optimization;
4 repeat
5 (a) Solve P1 for a given w to obtain {γsk,t}

using gradient-based solvers;
6 (b) Solve for w given {γsk,t} minimizing the

Rayleigh quotient in (27);
7 until inner convergence or max inner iterations;
8 end
9 Step 2: Update the Lagrange Multipliers;

10 Update:
λ

j+1,t
k =

(
λ

j,t
k + ε

j(
γ
s
k,t(

K∑
l6=k

‖wH
hl,t‖2 +

N∑
m=1

∣∣wH
h
u
m,t

∣∣2)
− ‖wH

hk,t‖2
))+

,

µ
j+1,t
i =

(
µ

j,t
i + ε

j(
γ
u
i,t(

N∑
m6=i

‖wH
h
u
m,t‖

2
+

K∑
l=1

∣∣wH
h
s
l,t

∣∣2)
− ‖wH

h
u
i,t‖

2))+
,11

where εj is the step size at iteration j;
12 Increment j = j + 1;
13 until convergence or max iterations met;

(a) Comparison of Beamforming policies

(b) Proposed policy under varying number of users.

Fig. 2: Total cost-to-come for (a) different beamforming poli-
cies and (b) proposed policy’s scalability with user interference

IV. NUMERICAL RESULTS

We consider a networked control system composed of
K = 12 sensor-controller pairs, coexisting with N = 5 uplink
communication users. The receiver is equipped with a uniform
linear array (ULA) of M = 16 antennas. The sensors are
placed in the first quadrant at distances uniformly drawn from
5 to 20 meters, while the users are placed between 25 and
60 meters. We assume a Rician fading model for all wireless
links. Each dynamic process is scalar, i.e., xk ∈ R, with
state coefficients Ak ∈ {0.5, 3}. All other control parameters
Bk, Ck, Mk,0, Dk, Ek, Lk, Nk in addition to the weighting
coefficients Ωxk , Ωak are set to 1. The time horizon T = 30
time slots. We compare the performance of the proposed joint
NCS-communication optimization policy against a random
beamforming strategy and weighted minimum mean square
error (WMMSE)-based beamformer designed to maximize the
sum-rate [16] obtained by solving the following problem:

min
‖w‖2=1,{uj},{qj}

K+N∑
j=1

qj ·MSEj − log2(qj),

where MSEj is the mean squared error for the jth symbol,
the weight qj = 1/MSEj and uj ∈ C is the equalizer
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for each transmitted symbol j which is solved with a three
block alternating optimization. To evaluate the effect of user-
side interference on control performance, we also simulate a
reduced setup with K = 2 to highlight the system’s sensitivity
in the shared uplink. The total cost to come is defined in 13
and plotted in Fig. 2 for different settings. In Fig.2.(a), under
a fixed number of uplink users, The proposed joint control-
communication beamforming achieves the best overall perfor-
mance, outperforming both the sum-rate-maximizing WMMSE
beamformer and the random beamformer. While the WMMSE
design focuses on maximizing the throughput, it overlooks the
control system’s requirements, leading to higher control cost.
In contrast, our approach explicitly balances communication
reliability and control performance, resulting in significantly
lower total cost. The random beamformer, performs the worst.
In Fig.2.(b), As the number of users increases , the control
system experiences a gradual degradation in performance due
to elevated interference on the shared beamforming vector
as the total cost rises notably with user count which shows
the fundamental trade-off between scalability in user support
and control system performance. These results highlight the
advantage of goal-oriented beamforming in networked control
systems operating under shared spectrum conditions

V. CONCLUSION
In this paper, we proposed a receive beamforming strat-

egy for joint wireless control and communication networks.
The beamformer is optimized to minimize control cost while
satisfying SINR constraints for the users. Using a one-step
lookahead policy and alternating optimization, our method sig-
nificantly outperforms baseline policies, ensuring both control
stability and user QoS. These results highlight the potential
of spatial filtering at the receiver to support reliable control-
communication coexistence in shared wireless networks.
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[2] D. Gündüz, Z. Qin, I. Estella Aguerri, H. S. Dhillon,
Z. Yang, A. Yener, K. K. Wong, and C.-B. Chae, “Beyond
transmitting bits: Context, semantics, and task-oriented
communications,” IEEE Journal on Selected Areas in
Communications, vol. 41, no. 1, pp. 1–4, 2023.

[3] T. Soleymani, J. S. Baras, and S. Hirche, “Value of
information in feedback control: Quantification,” IEEE
Trans. on Automatic Control, vol. 67, no. 7, pp. 3730–
3737, 2022.

[4] T. Soleymani, J. S. Baras, S. Hirche, and K. H. Johans-
son, “Value of information in feedback control: Global
optimality,” IEEE Trans. on Automatic Control, vol. 68,
no. 6, pp. 3641–3647, 2023.

[5] L. Schenato, B. Sinopoli, M. Franceschetti, K. Poolla,
and S. S. Sastry, “Foundations of control and estimation
over lossy networks,” Proceedings of the IEEE, vol. 95,
no. 1, pp. 163–187, 2007.

[6] B. Sinopoli, L. Schenato, M. Franceschetti, K. Poolla,
M. I. Jordan, and S. S. Sastry, “Kalman filtering with
intermittent observations,” IEEE Trans. on Automatic
Control, vol. 49, no. 9, pp. 1453–1464, 2004.

[7] V. Gupta, D. Spanos, B. Hassibi, and R. Murray, “On
LQG control across a stochastic packet-dropping link,”
in Proc. American Control Conference, pp. 360–365 vol.
1, 2005.

[8] C. Lei, W. Feng, J. Wang, S. Jin, and N. Ge, “Control-
oriented power allocation for integrated satellite-UAV
networks,” IEEE Wireless Communications Letters,
vol. 12, no. 5, pp. 883–887, 2023.

[9] M. Zheng, L. Zhang, and W. Liang, “Joint probabilis-
tic scheduling and resource allocation for wireless net-
worked control systems,” IEEE/CAA Journal of Automat-
ica Sinica, vol. 12, no. 1, pp. 258–260, 2025.

[10] P. Popovski, K. F. Trillingsgaard, O. Simeone, and
G. Durisi, “5G wireless network slicing for eMBB,
URLLC, and mMTC: A communication-theoretic view,”
IEEE Access, vol. 6, pp. 55765–55779, 2018.

[11] X. Xu, Q. Chen, H. Jiang, and J. Huang, “Millimeter-
Wave NR-U and WiGig coexistence: Joint user grouping,
beam coordination, and power control,” IEEE Trans. on
Wireless Communications, vol. 21, no. 4, pp. 2352–2367,
2022.

[12] M. Assaad and T. Soleymani, “Goal-oriented communi-
cation for networked control assisted by reconfigurable
meta-surfaces,” in Proc. IEEE Intl. Workshop on Sig-
nal Processing Advances in Wireless Communications,
pp. 751–755, 2024.

[13] M. Dabouz, M. Assaad, M. Di Renzo, and T. Soleymani,
“RIS-aided networked control systems: A goal-oriented
phase shift optimization approach,” in Proc. IEEE Intl.
Conference on Communications, pp. 1568–1573, 2025.

[14] Q. Wang, H. Zhang, X. Liang, L. Ge, B. Bian, and
L. Li, “Control-oriented beamforming design for satellite
Internet of Things systems,” in IEEE Wireless Communi-
cations and Networking Conference, pp. 1–6, 2024.

[15] Y. Polyanskiy, H. V. Poor, and S. Verdu, “Channel coding
rate in the finite blocklength regime,” IEEE Trans. on
Information Theory, vol. 56, no. 5, pp. 2307–2359, 2010.

[16] Q. Shi, M. Razaviyayn, Z.-Q. Luo, and C. He, “An
iteratively weighted mmse approach to distributed sum-
utility maximization for a MIMO interfering broadcast
channel,” IEEE Trans. on Signal Processing, vol. 59,
no. 9, pp. 4331–4340, 2011.

Nineteen International Workshop on Selected Topics in Mobile and Wireless Computing - 2026

196


