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Goal-Oriented Interference Coordination in 6G
In-Factory Subnetworks

Daniel Abode, Member, IEEE, Pedro Maia de Sant Ana, Member, IEEE, Ramoni Adeogun, Senior Member,
IEEE, Alexander Artemenko, Member, IEEE, Gilberto Berardinelli, Senior Member, IEEE

Abstract—Subnetworks are expected to enhance wireless per-
vasiveness for critical applications such as wireless control of
plants, however, they are interference-limited due to their extreme
density. This paper proposes a goal-oriented joint power and
multiple sub-bands allocation policy for interference coordination
in 6G in-factory subnetworks. Current methods for interference
coordination in subnetworks only focus on optimizing communi-
cation metrics, such as the block error rate, without considering
the goal of the controlled plants. This oversight often leads to
inefficient allocation of the limited radio resources. To address
this, we devise a novel decentralized inter-subnetwork interfer-
ence coordination policy optimized using a Bayesian framework
to ensure the long-term stability of the subnetwork-controlled
plants. Our results show that the proposed decentralized method
can support more than twice the density of subnetwork-controlled
plants compared to centralized schemes that aim to minimize
the block error rate while reducing execution complexity signif-
icantly.

Index Terms—6G, subnetworks, interference coordination,
wireless control, Bayesian optimization, transmit power control,
channel allocation.

I. INTRODUCTION

HE vision of Industry 4.0 and beyond involves smart

factories enabled by cognitive, autonomous, flexible, and
reconfigurable production entities. Connectivity is crucial for
realizing this vision, as the production entities are equipped
with various sensors, controllers, and actuators that share infor-
mation for their functionalities [1]. The inflexibility and high
cost of deploying wired connections have increased the interest
in adopting wireless technology for communication between
the sensors, controllers and actuators in production systems.
To take advantage of the market opportunity, the wireless com-
munity continues to push boundaries for improved reliability,
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capacity, and reduced latency [2]. 5G radio technology has
introduced support for high data rates and mission-critical
services such as ultra-reliable low latency communication
(URLLC) for controlling vehicles or industrial machinery.
However, it is already apparent that 5G has limitations in
meeting the stringent latency and reliability requirements of
near real-time industrial automation at the field level such as
motion control [3].

The limitations of 5G motivate research toward the next
wireless generation, 6G, expected to expand wireless capa-
bilities to support critical services [4]. The 6G “network of
network” vision [4] integrates subnetworks at the edge to
enhance wireless pervasiveness, providing extremely reliable
local wireless service inside entities like vehicles, humans,
robots and the like [5]-[7]. These subnetworks will offload
local communication needs from the central 6G/5G network,
while the central network may manage the subnetworks within
its coverage area for improved spectral efficiency. From initial
studies, high mutual interference between subnetworks has
been identified as a major limitation to the capacity of sub-
networks deployment [6], [7]. Previous solutions to managing
interference in cellular systems may not be applicable because
of the extreme density, mobility and large scale of subnet-
works. For instance, in the case of in-factory subnetworks,
many industrial modules carrying subnetworks may be close
together on the factory floor. To enable subnetworks towards
6G, developing novel and effective methods to manage inter-
subnetwork interference is crucial. In [8]-[11], heuristic and
data-driven methods for sub-band allocation and power control
have been studied to mitigate inter-subnetwork interference.
In sub-band allocation, the available bandwidth is divided
into a finite number of sub-bands, which are then optimally
reused among the subnetworks. The power control problem
involves optimizing the transmit power of the transmitters in
the subnetworks to maximize the network’s spectral efficiency.

Existing works on interference coordination for in-factory
subnetworks focus on optimizing wireless communication
metrics such as spectral efficiency and block error rate (BLER)
[8]-[11]. However, such approaches often overlook the specific
characteristics of the underlying control system, whose goal
is to maintain the stability of the plant. Recent studies show
that control systems may require highly reliable wireless
communication in some state conditions and tolerate looser
communication requirements in others, while still achieving
their goal [12]-[17]. For example, a wirelessly controlled
mobile robot navigating a complex trajectory may require
a high-speed and highly reliable control loop to maintain
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Fig. 1: In-factory subnetworks supporting closed-loop control of their associ-
ated plants at the field level. The parent network is responsible for centralized
radio resource allocation. However, the subnetworks may autonomously
manage interference in a decentralized configuration.
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stability. In contrast, during simpler tasks, such as traversing
a straight, clutter-free path, the communication system can
operate under looser reliability requirements. These variations
underscore the need for a co-design approach that aligns
the wireless communication objectives with the specific goals
of the control system. In interference-limited environments,
such as dense subnetworks, ignoring this interaction can lead
to over-provisioning and misallocation of the available radio
resources. For instance, pursuing overly stringent wireless
performance metrics can result in unnecessary interference,
degrading the performance of neighboring subnetworks.

This paper takes a novel approach to tackling inter-
subnetwork interference in subnetwork-controlled plants by
exploring the interplay between the dynamics of these systems
and the constraints of limited radio resources. We propose
a novel decentralized transmit power and sub-band alloca-
tion protocol inspired by recent advances in goal-oriented
Radio Resource Management (RRM). Our findings demon-
strate the significant practical benefits of a co-design frame-
work in managing inter-subnetwork interference within dense
subnetwork-controlled plants compared to traditional control-
agnostic methods.

A. Review of Related Works

1) Wireless Network Control Systems: Traditionally, wire-
less network control systems (WNCS) have been implemented
with ad-hoc technologies such as WiFi [18] and more recently
cellular technologies, prominently 5G private network [3]. A
major challenge is how the WiFi access point (AP), or the
5G private network may schedule transmission and serve the
large number of devices in the WNCS. The current scheduling
protocols utilized in WiFi and 5G are limited for WNCS
due to the decoupling of wireless network scheduler design
from the dynamic objective of control systems [13]. Recent
works have shed light on the inefficiencies in the current

standardized scheduling protocols and have proposed goal-
oriented scheduling algorithms that consider the dynamics of
the controlled system. The authors in [13] examined a multi-
user setting of multiple plants served by a single base station.
They propose a joint network and control scheduler to allocate
frequency resources to plants to maximize overall control
system stability. Their proposed method supported twice the
number of plants compared to traditional algorithms such as
round robin with the same radio resources. Likewise, the
authors in [19] proposed a control-optimal wireless resource
scheduling algorithm and demonstrated its robust scalability
to an increasing number of devices compared to an optimal
packet error rate scheduler. The authors in [16] established
a linear relationship between the stability of the controlled
system and the average age of state information. This was
utilized to optimize the inter-arrival rate of state information
and code length reducing the joint control and communication
cost. The study by [14] explored power control for multiple
plants organized in a multicellular architecture. They intro-
duced a reinforcement learning algorithm that significantly
reduced control costs compared to methods optimizing for
radio metrics. Collectively, the results from [12]-[16] and
other related studies underscore the potential of integrating
the dynamics of controlled systems into RRM for WNCS.

2) Interference Mitigation in 6G In-X Subnetworks: The
RRM challenges in subnetworks-enabled WNCS differ from
the architecture mentioned above, where the main RRM chal-
lenge involves scheduling multiple plants and devices to a
central factory network. In 6G subnetwork control systems
illustrated in Figure 1, where a subnetwork consists of wireless
sensors, actuators and an AP colocated with the controller, two
interference problems abound. One is intra-subnetwork inter-
ference resolved by scheduling the sensors and actuators in the
subnetwork on orthogonal radio resource slots similar to the
problem in [13], [19]. The most crucial is the inter-subnetwork
interference as multiple subnetworks operate simultaneously
on shared radio resources.

The primary focus for inter-subnetwork interference miti-
gation has been to develop sub-band allocation and transmit
power control solutions with lower execution costs. Execution
costs include the time and frequency resources needed to
obtain channel information, and the algorithm computation
complexity. The interference management algorithm must be
quick to adapt to the continuously changing channel conditions
due to the mobility and varying density of subnetworks. This
fast adaptability is crucial as subnetworks are expected to
facilitate deterministic and sub-millisecond latency communi-
cation within entities [7]. The authors in [10] proposed three
distributed methods for dynamically selecting channels in sub-
networks including the nearest neighbour conflict avoidance
(NNCA). In NNCA, subnetworks sense the channels occupied
by K — 1 neighbours and select an available unoccupied
channel. They showed that NNCA performs similarly to
the centralized graph colouring benchmark, achieving better
spectral efficiency than the other distributed methods, albeit
with higher sensing and signalling costs. The problem of
joint power and sub-band allocation was studied using rein-
forcement learning in [9], [20]. In [9], the authors proposed
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a multi-agent reinforcement learning scheme to dynamically
adapt the selection of transmit power levels and sub-bands
based on measured received signal strength indicators on
the channels. The authors in [20] proposed a multi-agent
Q learning algorithm that realized better performance and
was more robust to sensing interval and switching delay
than the greedy algorithm. In [21], the authors proposed a
link adaptation scheme to reduce the transmit power used
in subnetworks while transferring the unused time-frequency
resources in non-congested cells to congested cells. The
authors in [22] proposed a hybrid approach, such that the
interference management may be centralized or decentralized
depending on the quality of the backhaul link to the parent
network, the density of the subnetworks, and the local sensing
capacity of the subnetworks. In [11], the authors proposed
a centralized sequential iterative sub-band allocation (SISA)
scheme that minimizes the sum of interference to signal ratio
and demonstrated its effective performance in achieving a
lower BLER than the decentralized benchmark algorithm.
It has been shown that centralized interference management
algorithms in which the parent 6G/5SG network manages the
inter-subnetwork interference are more efficient, however, they
incur more cost of signalling between the subnetworks and the
parent network [11], [23].

It is important to note the following limitations of current
interference mitigation techniques in 6G in-X subnetworks
which motivates this study.

o While centralized approaches, such as SISA, offer sig-
nificant improvements in maximizing the reliability of
subnetworks compared to decentralized schemes, they
come with significant execution costs. These methods
rely on information about the mutual inter-subnetwork
interference channel, which is difficult to obtain in prac-
tice considering the constantly changing channel due to
subnetwork mobility and traffic.

o In the sub-band allocation problem, it is of particular
interest that subnetworks requiring more radio resources
may utilize more than one sub-band. However, prior stud-
ies are generally limited to single sub-band allocation.

o Although most studies refer to in-factory use cases of
subnetworks for wireless control of plants, they do not
consider the dynamics of the underlying controlled plants.
Meanwhile, as previously stated, considering the dynamic
response of the underlying applications has been identi-
fied as a promising approach to efficiently managing radio
resources [12]-[16].

In response to the limitations of previous research on mit-
igating inter-subnetwork interference, particularly for subnet-
work controlled systems, our study in [24] conducted an initial
investigation into control-aware transmit power control for in-
factory subnetworks. We proposed the control-aware channel-
independent (CICA) transmit power control that eliminates the
need for costly sensing and signalling of radio information.
We show that CICA performs better than control-agnostic
methods that require accurate channel information for power
control decisions to maximize spectral efficiency. However,
power control alone may not be sufficient for effectively

managing interference between subnetworks, especially in
densely deployed subnetworks that support plants with strict
communication requirements. Hence, this study proposes a
general problem formulation and a novel decentralized solu-
tion for joint transmit power and multiple sub-bands allocation
to effectively manage interference in the dense deployment of
the subnetworks for control systems.

B. Major Contributions

Our major contributions are as follows:

1) We formulate the inter-subnetwork interference coordi-
nation problem as a joint power and multiple sub-bands
allocation scheme that minimizes the finite horizon
control costs for the subnetwork-controlled plants, with-
out the need for cumbersome mutual inter-subnetwork
interference channel measurement.

2) We propose a decentralized inter-subnetwork interfer-
ence coordination solution that consists of a logistic
function for transmit power allocation and a piece-
wise constant function for multi sub-bands allocation
that can be easily implemented with low computation
complexity. We further propose a Bayesian optimization
framework using a multi-objective tree-structured parzen
estimator to optimize the trainable parameters of the
logistic function and the piece-wise constant function.

3) We conduct extensive simulation experiments to justify
the efficient performance and scalability of the proposed
solution compared to traditional centralized benchmark
algorithms that are designed to minimize the BLER.

C. Structure of the paper

The rest of the paper is organized as follows. We present
some preliminary knowledge in Section II. Section III details
the model of the subnetwork-controlled system. We discuss
our problem formulation and solution in Section IV. The
simulation experiment assumption and results discussion are
detailed in Sections V and VI respectively. We noted the
limitations of the current study and proposed directions for
future study in section VII. Finally, we conclude in Section
VIII and discuss some considerations for future works.

II. PRELIMINARIES
A. Control System

A control plant can be modelled with a state space equation,
with rate of change of state x = Ax + Bu + w [13], [25],
where x € R is the state space vector with ¢ variables. u =
—k(X — Xgesiea) € R” is the linear feedback control vector
of r variables with a gain of k € R7*" and Xgesireq 1S @ Vector
of desired state. w € R? is the system disturbance modelled
as Gaussian noise with covariance 3 € R?*? and mean of
zero. A € R7%? jg the system state matrix that dictates how
the state vector of the system changes from time ¢ to ¢ + 1
when u = 0. B € R?7*" indicates how the state of the system
changes from ¢ to ¢ 4+ 1 when control action u is applied. We
assume that even with no action, x — oo as t — oo, i.e. A
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is unstable. We assume Xgesired = 0, resulting in the system
dynamics
x=(A-Bk)x+w (1)

Note that in a discrete form x = (x(*+4) — x(*))/dt, where
dt is the sampling interval. The feedback control gains k
is generally optimally predesigned [13], [26], for example,
using a well-known technique such as the Linear Quadratic
Regulator [25]. The linear quadratic regulator is defined to find
the optimal control policy that minimizes a weighted quadratic
cost of the plant states and the control action over an infinite
horizon. The weighted quadratic cost x(*) at time ¢, referred
to as the instantaneous LQR cost, is expressed as

W = x07Qx® 4 4 Ru® ?)

T3]

where “x” denotes the transpose. And

X = / xWat, 3)
0

is the infinite horizon LQR cost. We refer interested readers
to [25] for a detailed explanation of the Linear Quadratic
Regulator. The LQR cost is a measure of the stability of the
plant, i.e. the higher the LQR cost the less stable the plant.

We define a measure of the control cost over a finite horizon
as the average of the instantaneous LQR cost over a finite
horizon 1" as [13]

lT—l
V= — @, 4
X T;x (4)

In this paper, we call Y, the finite horizon control cost and
X, the instantaneous control cost. The goal of a subnetwork-
controlled plant is to minimise this control cost, which cap-
tures how effectively the system maintains its states within
acceptable bounds and minimises energy or actuation effort,
as in the two components of (2) [13]. The control cost
can sufficiently describe the performance of a goal-oriented
subnetwork-controlled plant because it directly quantifies how
well the system achieves its control objectives within the
constraints of the wireless communication network.

Remark 1: Some works consider the co-design of the control
law u and wireless resource allocation, generally referred to
as joint communication and control co-design such as in [12],
[15], [27]. However, the scope of this study is to manage
the interference in large-scale deployment of subnetworks to
achieve the minimum operation cost given a pre-designed
control law, similar to the works in [13], [14], [26].

B. Communication Model

To model the communication error in this study, we adopted
the BLER model from the finite-blocklength information
theory in [28] popularly used to model error probability in
URLLC designed to support ultra-reliable transmission of
small packets within a latency constraint. Given the signal-to-
interference-plus-noise ratio (SINR), 7, of a channel block
k with bandwidth By, and a transmit latency constraint of
7, the number of channel uses, II, is defined as the number
of instances a communication channel is utilized to transmit

information. Specifically, each symbol transmission constitutes
one channel use, and for a bandwidth-limited system, the
number of channel uses is given by II = 2B;7 [28]. For
the transmission of a packet of b = D + D’ bits, where D is
the payload and D’ is the metadata, the block error probability
for a 1/2 code rate is approximated by [28]:

Hlogy (14 y) —b+ élogzl_[) 5)

ex(IL 1, 0) = Q ( aeh

where
_ Ve (vk +2)

20y + 1)2
is the channel dispersion. If we consider joint encoding of the
data and metadata, the probability of successful reception is
(1 - Ek(H7'yk7 b))

The successful reception indicator of data on channel block
k in sub-band [ denoted as IP; ; is then

True,
Py, =
False,

V (k) log3 e (6)

ife<1— €]€(H,’Y,b)
otherwise,

)

where € ~ U(0,1) is sampled from a standard uniform dis-
tribution. In subnetworks, the available bandwidth is divided
into K channel blocks while the channels are grouped in
L sub-bands. Each subnetwork can operate on L < L sub-
bands, dividing the payload into L x K bits. To complete the
transmission error model, we define a boolean variable P for
the successful reception of data transmitted over the operating
sub-bands as

P True, if Py, Vk={1,2,....,K}, 1={1,2,...,L}
N False, otherwise,
®)
which emphasizes that the transmitted data is successfully
received if all the data transmitted over the channel blocks
in the sub-bands are successfully delivered.

C. Bayesian Optimization using Multi-objective Tree Struc-
tured Parzen Estimator

Bayesian optimization (BO) is a machine learning approach
used to solve optimization problems of the form [29]
minimize

f(y)
yeA &)

sequentially, where the set A is defined as the feasible region
for the optimization problem in (9), encompassing all possible
values of y that satisfy the constraints of the system. BO
is often called sequential model-based optimization (SMBO)
because of its sequential approach to solving optimization
problem. It is particularly useful when the function f(y) is
expensive to evaluate, especially in cases where the gradient
and structure are unavailable. Also, the function may be non-
linear and non-convex. In essence, f(y) is treated as a black
box [29]. It has been suggested that SMBO has specific prop-
erties that make it a practical machine-learning optimization
algorithm for RRM [30]. It offers rapid convergence and safer
exploration compared to reinforcement learning. In addition,
it naturally allows embedding prior expert knowledge in the
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optimisation process [30]. A detailed tutorial on Bayesian
optimization for RRM, with a case study of open loop power
control configuration, is presented in [30].

The following steps summarise the Bayesian opti-
mization of f(y). First, an initial set of S hyperpa-
rameter configurations yi,y2,...,ys is randomly gen-
erated to evaluate f(y). This results in a dataset of
{y1,£(y1)), (y2,f(y2)), ..., (ys,f(ys))}. The next step in-
volves fitting a probabilistic model (surrogate model) to the
observed data. The most commonly used probabilistic models
in the literature are Gaussian Processes (GP), Random Forests
(RF), and Tree-Parzen Estimators (TPE) [31]. Subsequently, an
acquisition function determines the next set of configurations
to be evaluated. In a single objective problem, the common
acquisition function includes Expected Improvement, Proba-
bility of Improvement, or Confidence Bound [29]. However, in
multiple objective problems, it is common to use the Expected
Hyper-Volume Improvement (EHVI) [32]. The next step is
the evaluation process, in which the objective is assessed with
the new observations. Finally, in the update step, the dataset
is updated with the new data and the probabilistic model is
updated accordingly. The steps from acquisition to update
are repeated until a stopping criterion, such as the maximum
number of evaluations or convergence condition is met.

In this work, the optimization variables involve sub-band
selection, which is discrete, and transmit power selection,
which can be continuous. Therefore, we consider using Tree-
Parzen estimators, which are more suitable when the op-
timization variables must be sampled from a combination
of continuous and discrete spaces [33]. Also, we consider
multiple objectives, since different sets of parameters may be
needed depending on whether we are interested in improving
the average performance, the worst-case performance, or a
tradeoff between both. In multi-objective problem f(y) =
{f1(y), f2(y),...,fv(y)}, where V is the number of objec-
tives. In the following, we discuss the Multi-objective Tree-
Parzen Estimator (MOTPE) BO method employed in this
study.

As described in Algorithm 1, MOTPE takes a set of S ob-
servations, {(y1,f(y1)), (y2,f(y2)),...,(ys,f(ys)}. Then
these observations are split into good observations and bad
observations. In practice, a specific quantile value ~ is chosen
and the observations are sorted and split given the chosen
quantile [31]. Two probability density functions {(y) and g(y)
are used to model p(y | f(y)) as in [34]

U(y)
g(y)

if y € Good observations

p(y [ £(y)) = { (10)

if y € Bad observations,

l(y) and g(y) are density functions estimated using Parzen
Estimators, also known as kernel density estimator (KDE)
[35].

In [34], the authors presented the performance of MOTPE
over different standard benchmark Bayesian optimization
tasks, and they showed that 0.05 <~ < (0.2 were reasonable
values for most of the considered optimization problems.
The complete MOTPE algorithm is presented in Algorithm

Algorithm 1: Bayesian optimization using MOTPE

Input: O = {(y®,f(yD)) |i=1,2,...,8},7,C,v;
// Observations, Number of
iterations, candidates per
iteration, quantile

for t < 1 to 7 do

2 (O1,04) < SPLIT_OBSERVATIONS(O,~);

3 Construct I(y), g(y) from Oy, Oy;

// Sample C candidates for y

4| Cly) =y ~iy)le=1,....Ch

// Approximate best candidate

5 y' ¢ arg maxyec(y) %;

6 | O« O0U{ly,fy")}

—

7 return the set of non-dominated solutions in O;

Controller/AP:
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Fig. 2: Illustration of the In-factory subnetwork control system model depict-
ing the TDD frame structure for the periodic traffic, and the shared frequency-
time resource grid with L sub-bands, where each sub-band consists of K
channels.

1. Generally, in one iteration, the observations are split and
the I(y), g(y) are constructed as in lines 2,3 in Algorithm
1 following (10). Some candidate values of y are sampled
from the good observation distribution {(y), then the value
of y that maximizes the expected hyper-volume improvement
(EHVI) which can be approximated as I(y)/g(y) (denoted as
y’) is selected and added to the observation set. At the end of
the iterations, the set of values of y in the observation set that
achieves the best performance for the objectives f(y), referred
to as the set of non-dominated solutions is selected. Since
f(y) are multi-objective, it is possible that y that minimizes
one objective may not minimize the other objective. In any
way, selecting the actual value of y from the non-dominated
set used in the system would depend on what objectives or
combination of objectives is more important for the system.
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III. IN-FACTORY SUBNETWORK CONTROL SYSTEM
MODEL

The In-factory subnetwork control system consists of N
subnetworks each supporting the closed-loop control of their
associated plants as shown in Figure 1. We assume each
subnetwork carries a controller with AP capability supporting
one or more plants. Figure 2 shows the radio resource grid
structure shared by the N subnetworks, the uplink (UL)
and downlink (DL) data communication between the sensor,
actuator of the plant and the AP/controller in a subnetwork.
The available bandwidth is divided into L sub-bands, and
one sub-band consists of K channels. The operation time
is divided into frames. The UL and DL transmission units
are arranged in subframes in a time division duplex (TDD)
manner, and the transmit data is divided across the channels
in the operating sub-band or sub-bands of the subnetwork.
In the literature, the transmission time for UL, 75, and DL,
Tpr are generally specified as sub-milliseconds for closed-
loop control applications [6], [11]. Each plant has sensors
that collect observations about the states x of the plants
and transmit them wirelessly UL to the AP/controller in the
subnetwork. The controller processes the received plants’ state
in 7p,p0c (sec) and wirelessly transmits the control signal DL
to the actuator. However, since the subnetwork is operating on
limited radio resources shared with many other subnetworks,
the wireless channel for both the UL and DL are imperfect due
to noise and interference and may be subjected to unsuccessful
transmission as deduced from (5). This transmission error
probability depends on the SINR (7%), channel use (II),
and latency constraint (7). In this paper, we assume that
undelivered packets are not re-transmitted.

A. The SINR Model

To complete the communication model, we must model
the SINR for both the UL and the DL. For simplification,
we assume that the sensors are collocated with a single
wireless transceiver, and the actuator also has a single wireless
transceiver. Hence in the following model of the SINR, the
subnetwork consists of two devices, the UL device (sensor)
and the DL device (actuator). In addition, we assume that
the UL and DL are time-synchronized across all subnet-
works, hence UL transmission does not interfere with a DL
transmission. The power received by the AP in subnetwork
n € {1,2,...,N} due to UL transmission from the sensor
with transmit power pg,)k,z,UL over a channel % in sub-band

. . (1)
[ characterized by complex small-scale fading gain hn, ke LUL>

and large scale fading pff)k Ly 1n time ¢ is given as

(t) _ @ (t) 2 (1)
p k1, UL = pn,k,z,UL|hn,k,l,UL| P k,1,UL"

1D
The received interference power at subnetwork n due to a sen-
sor in subnetwork n’ € ./\/T(f,)cl c {1,2,..., N} transmitting
simultaneously with power pff/) ..uL over the same channel is
given as

(t) _ @) (t) 2 (t)
qn/,n,k,l,UL - pn’,k:,l,UL|hn’,n,k,l,UL| pn’,n,k,l,UL' (12)

Where /\/;(Lt,,)C ; is the set of subnetworks with UL devices
operating on channel block & in subband [ at the same time ¢
as subnetwork n. We can then model the UL SINR as

t
(t) qr(z,)k,l,UL

Y,k UL = )
9 tAS) 2
> SR
n/e./\/',(fyLJ

) (13)

where o2 is the thermal noise power. The DL SINR 'yr(f)k I DL

of the link between the AP in subnetwork n and the actuator
can be modelled similarly.

B. The Communication-Control Model

Given the SINR, qr(f,)‘n’ k,l,UL> of the UL communication
from the sensor to the controller, the probability of successful
reception of the sensor data can be determined using the com-
munication model described in (8). This probability, denoted
as [Py, quantifies the reliability of UL communication. If the
UL transmission succeeds, the controller computes and trans-
mits a new control action to the actuator. The corresponding
probability of successful reception of the control data, Ppy,
can also be derived by (8) using Fyv(Lt,)k,l,DL

However, when either the sensor-to-controller (UL) or
controller-to-actuator (DL) communication fails, the actuator
operates based on an estimated control action, i = —kX. Here,
X represents the last known state of the plant, and —kX is
assumed to be the most recent successfully transmitted control
signal. This fallback mechanism ensures the continuity of the
control process, albeit with reduced performance compared to
the fully closed-loop operation. To model this behavior, we
define the plant dynamics as a switched system supported by
the subnetwork, governed by the following equations:

closed-loop: if Py N Pp, (14)

. J(A-Bk)x+w,
B open-loop: otherwise.

(A —BK)X + W,

Here, N denotes the logical AND operation, indicating that
the closed-loop operation is achieved only when both UL and
DL transmissions succeed. In contrast, the open-loop mode is
used when either or both communication links fail. Essentially,
in the closed-loop mode, the plant operates with the most
recent state feedback x, enabling precise control based on
real-time data. In the open-loop mode, the system relies on the
estimated state X, which inherently introduces a lag and may
lead to performance degradation due to outdated information.

The communication-control model highlights the interplay
between communication reliability and control performance.
The probabilities [Py, and Py are critical parameters that de-
termine the likelihood of the plant achieving closed-loop oper-
ation. As these probabilities decrease due to inter-subnetwork
interference, the system increasingly operates in open-loop
mode, which may lead to instability or suboptimal perfor-
mance.

IV. DYNAMIC INTERFERENCE COORDINATION FOR
IN-FACTORY SUBNETWORK CONTROL SYTEMS

In this section, we will describe the problem formulation
and our proposed solution for control-aware decentralized in-
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terference coordination (CADIC) in the In-factory subnetwork
control system. We introduce a decentralized approach, allow-
ing each subnetwork to select radio resources dynamically,
depending on the stability condition of the controlled plant,
using a centrally trained policy.

A. Control-Aware Interference Coordination

We consider a joint transmit power and sub-band selection
problem. The subnetwork n must select a transmit power level,
psf ) as a function gp(-) of the instantaneous control cost of
the plant. In addition, the subnetwork n must select one or
more sub-bands denoted with the variable sgf ) e BL using
the function gs(-) of the instantaneous control cost and the
received signal strength indicator (RSSI) measured on each
subband, i.e. the sensed cumulative interference plus noise
on the sub-bands. sgf ) is a boolean vector with a length
equal to the number of sub-bands, L. In the vector, the
selected sub-bands are represented as 1s and the unselected
sub-bands as 0s. For example, if L = 3, a subnetwork with
st = [1,0,0] operates on the first sub-band. Our objective
is to select pg,t ) and sg,t ) that minimizes the finite horizon
control cost X, Vn € {1,2,...,N}. However, defining an
objective for each subnetwork would lead to NV objectives and
will require solving the optimization problem every time N
changes, which is not scalable. Hence, we define an arbitrary
function to combine the objectives of all the subnetworks,
f{xn ¥n e {1,2,...,N}}). Where f(-) could be a single
objective, such as the mean of {x, Vn € {1,2,...,N}}, or
multiple objectives such as the mean and the maximum of
{Xn Vn € {1,2,...,N}}. The proposed problem formulation
is then defined as follows

mi(gim(i)ze f{xn ¥ne{1,2,...,N}}) (15a)
Py 58Sy
subject to
P = g, (xP), (15b)
0 Spgf) < Pmax, (15¢)
0 = g0 (W01 I 10,0 ) . 150)
sl € {0,1} fori=1,2,...,L, (15¢)
L
1<y s <L (15f)
=0

The objective (15) is to optimize the selection of subnetwork
transmit power and operating sub-bands to achieve the goal of
the subnetwork-controlled plant, which is to minimize the long
term control costs. Constraints (15b) and (15d) establish that
the power allocation decision and the sub-band selection deci-
sion are functions of the instantaneous control cost. Constraints
(15e) and (15f) imply that the subnetwork may select one
or more sub-bands, where the sub-band selected is indicated
by 1 and the unselected sub-band is indicated by 0 in the
sub-band selection vector s,,. The transmit power decision is
also constrained by a maximum allowable transmit power per
subnetwork as in (15¢). Note that the transmit power decision
is the total per transmission, hence it is equally split over
all the operating sub-bands. In addition, as noted in (15d),

the sub-band decision also depends on IT(LT%VUL, the cumulative

interference plus noise for all sub-band | € {1,2,...,L}
measured at subnetwork n at time ¢. It is the sum of

(t) _ (t) 2
Lol = Z Qn/ mi oL 0

n’ ENth,L,l

(16)

the denominator term in (13) over all the channels k£ in the
sub-band, i.e.
K
® (t)
In,l,UL - In,k,l,UL
k=1

a7

Note that the interference is measured only in the UL, hence
in the following we generally omit the subscript UL. We focus
on the interference measured in the UL phase rather than the
DL phase. This is because radio resource optimization is more
critical for the UL, which is more prone to communication
errors. Essentially, the UL data is typically larger than the
DL data, as it carries sensor data which are generally larger
than control data in the DL [13]. Additionally, only a subset
of subnetworks that successfully complete UL communication
will need to initiate DL communication, resulting in less
interference in the DL. Likewise, as it is already established
that the decisions are per subnetwork and per time unit, we
have also omitted the subscript n, and (¢) for conciseness.
Next, we discuss the model for the transmit power function
and sub-band selection functions.

1) Transmit power function p = gp(x): First, we consider
the power control subproblem, where p = g, (). Apparently,
from (13), increasing the transmit power of a subnetwork has
the potential to increase the SINR for a constant interference
term. Increased SINR has a positive impact on closing the
control loop according to (5), hence it is intuitive that g(x)
should grow as y increases. However, g(x) must satisfy the
transmit power constraint in (15c). Specifically, we desire a
function such that g(x) — Pmaz 88 X — 00, and g(x) — 0
as x — —oo. Hence, to model g(x), we consider a function
that grows as  increases while having a supremum at D4,
Examples of functions that exhibit these desired properties are
logistic functions with a supremum of p,,,, and piecewise
linear functions clipped at p,,q.. For instance, the piecewise
linear function is used in open loop power control (OLPC)
[36] to model the transmit power as a linear function of the
path loss clipped at maximum transmit power. However, in
this study we consider the parameterized logistic function [37]
with a supremum of p,,q, given as

Pmax
1+ eXp(fk'o(X — kl)) '

With a fixed piuqq, the model (18) has two learnable param-
eters ko, k1 that can be adjusted to set the response of the
function to x. kg is referred to as the logistic growth rate,
which determines the steepness of the function, while k; is
the x value where g¢,(x;ko, k1) = 0.5 X ppyqs. Compared
to a piecewise linear function with clipping, the logistic
function offers high versatility, allowing it to model non-linear
relationships and the minimum transmit power more effec-
tively by tuning only two parameters. Moreover, the logistic
function can be parameterised to shape like the piecewise

gp(X: ko, k1) = (18)
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linear function but with better smoothness, providing a more
refined control.

2) Sub-band selection function gs(-): Intuitively, a subnet-
work should select the sub-band where it experiences the least
interference, this would achieve the best SINR according to
(13) which generally implies a lower block error probability
(5). Likewise, a subnetwork may select more than one sub-
band if a single sub-band is insufficient to guarantee lower
block error probability to ensure the successful closed-loop
control required to drive the plant to a low control cost. When
operating on multiple sub-bands, the data size per channel
is reduced, which has a positive impact on lowering the
block error probability (5). Note we assume the data is split
equally over multiple sub-bands and individually encoded per
sub-band. To model gs g) we consider two functions. First,
a function gRL(Ift),Iét ,...,Ig)) that ranks the sub-bands
using the cumulative interference. We define the rank of sub-
band [ by subnetwork n at time ¢ as its index in the ordered
set of the measured interference plus noise on the sub-band
averaged over time, i.e.,

t— t—1
() _ IS~ I~ I~
Rank; —argsortl{tZI ZI "”’?;IL

Hence,

gre (1D 1010y = (Rank” Vi€ 1,2,...,L} (19)

It is important to note that the sub-band rankings are based
on the long-term average of interference measurements for
each sub-band. This approach helps avoid the ‘ping-pong’
effect that might arise from using instantaneous interference

power.

The second part of gs(+) is a function that returns the number
of sub-bands L that are to be used by the subnetwork given
X- We denote this function as g7 (). Since gz () can only be
discrete and 1 < g7 (x) < L as emphasized by (15e), (15f),
a suitable function is a parameterized non-negative piece-
wise constant function, also called the step function [38]. A
parameterized non-negative piecewise constant function is a
function that takes constant values over specific intervals that
can be parameterized and is always greater than or equal to
zero. We can describe gj () as a parameterized non-negative
piecewise constant as

1, if0<y< 2,
2, if 2; < x < 2,
(20)

gr(x: 21,22, .., 20—1) =

L, if z;, 1 < x < o0.

We then have learnable parameters 21, 29, . .., 21 —1, Which are
the pairwise disjoint intervals that determine when the number
of sub-bands should increase or decrease. The pairwise disjoint
intervals must be carefully learnt, since for example if 25 is set
to a y value that is too low, many subnetworks may operate
on two sub-bands, and the SINR may be diminished due to
interference. Now, putting together the components of s =

Js (X,Il(t),lét)7...,Ig);zl,227...,zL,1), we have

z 21
0, forl ¢ grp(1 1” o I I @D

1forl € gro(I, 1", .. 11 : L),

s[l] = )
Where gRL(Ift)Jét), LT ))[1 L] is a subset of the first L
values of the set in (19). As evident in (21), the rationale
of the proposed sub-band selection function, gs(-) is that
the subnetwork will always use the sub-bands with lower
interference based on rank of the sub-bands (19) (i.e., in a
greedy-like approach), but the number of sub-bands is selected
according to (20).

Finally, we can now redefine our joint power and sub-
band allocation problem. Given our trainable models p =
gp(X: ko, k1), s = gs (X,Il(t) Iét), 21,%2,...,21—1 ) with
trainable parameters kg, k1 and z1, 29, -+ , 21,1, We complete
our problem formulation by rewriting (15) as

minimize f{xnVne{l,2,...,N}}), (22a)
ko, k1, 21,22, -+ ,zL-1

subject to
P = gp(X; ko, k1), (22b)
s = gs (XJF), Ig(t)7 o ,Ig); 21,29, ... ,ZL,l) . (22¢)
As earlier noted, the selection of kg, k1 and 21, 22, -+ , 21,1

is non-trivial, as, for example, wrong values may encourage
the subnetwork to greedily transmit with maximum power or
transmit on all sub-bands even though the associated plant is
stable, hence causing high interference and diminishing the
overall system performance. Next, in section IV-B, we present
a Bayesian optimization approach to tune the parameters kg, k1
and zq, 29, -+ ,21_1 in (22).

Remark 2: In this work, we use the estimate of the instan-
taneous control cost to measure the control plant’s stability.
However, an estimate of the plant’s state was used in some
other literature on control-aware RRM such as in [14]. Also,
Age of Information (Aol) or a counter from the last successful
transmission is used in [13], [19]. In any way, our methodology
can generalize to any of this by substituting the instantaneous
control cost for any alternative measure that characterizes the
stability of the control system.

B. Proposed Solution using Bayesian Optimization

To solve for the parameters in (22), we consider applying
the Bayesian optimization using the MOTPE described in
section II-C. The BO method is an effective optimization
approach for this problem as it allows the integration of expert
knowledge into the process. For instance, we can clearly define
the search space for the tunable parameters, establish the
dependencies between them, and initialize the optimization
variables with promising values. To apply BO, we formulate
f{xn ¥n e {1,2,...,N}}) as two objectives, the mean of
Xn ¥V 1, fu({Xn V n}) and the maximum, frnax({Xn V n}).
We also define the set of search spaces Ko C Rt, K; C RT,
Zy CRL, . Zy cRE ..., Zpy Cc RE, | for the
parameters kg, ki, z1, 22, ..., 21—1 respectively. Such that
ko € Ky C R+, ki € K1 C RJr, 7z € Zp C R;kl’
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29 € Zoy C Rizl, ee. , ZL—1 € Zp_1 C R;FZL72. Note
the dependency between the search spaces denoted as Ri*,
this means, for example, the search space Zy C R;l starts
from the value of variable z;. TPE has been identified as the
preferred variant of BO methods in handling such dependency
between search spaces, or tree-structured search spaces [35],
further motivating our choice of the algorithm. Hence (22) is
reformulated as
minimize

ko € Ko,

k1 € Ky,

z1 € Z1,

z2 € Za,

f/L({f(n V' n}), foma({Xn ¥V n})

(23)

zp-1 € Zr-1

(22b), (22¢).

We consider multiple objectives since we are interested in
designing the joint sub-bands and power allocation algorithm
to optimize the average performance of all the plants and/or to
account for the worst case. Note that we can directly make an
analogy between (23) and (9) such that the array of parameters
is mapped as y « [ko, k1 and 21, 22, -+ , z—1] and the array
of objectives is £(y) < [f.({Xn V n}) , fmax({Xn ¥V n})].

1) CADIC parameter tuning: The optimization procedure
to tune the parameters of CADIC is shown in Algorithm
2. The first step is to collect observations as in lines 2 to
12 of the algorithm. In practice, these observations can be
gathered centrally from the beginning of an experimental or
simulation model of subnetwork-controlled plants. That is,
for one observation, values of kg, k1, 21, 22, ..., 21,1 Which
make up y are randomly selected from their respective search
spaces Ko, K1,721,Z5,...,Z1_1. Based on this value, the
transmit power function and sub-band allocation function
gs(+) are determined and used by the subnetworks to run
the plants over E episodes and T time steps to collect the
finite horizon control cost. The MOTPE algorithm starts with
these observations and over several trials 7 search for the
suitable parameters {y’ <+ [ko,k1,21,22, - ,2r—1]'} that
satisfy the objectives as described in Algorithm 1 as a set
of non-dominated solutions in O called the Pareto front. As a
multiobjective problem, the non-dominated solution contains
parameter choices that satisfy either or both objectives. In
this paper, we selected the parameters set that minimizes both
objectives.

2) CADIC execution: As the tuning of the CADIC
parameters is  centralized, the selected parameters
[ko, k1,21, 22,...,21,—1] are signaled to the subnetwork
AP from a CADIC parameter tuning server after the tuning
phase. These parameters are then used for the joint transmit
power and sub-bands selection during the runtime of the
subnetwork-controlled plants. At the start of the runtime
phase, each subnetwork randomly selects an initial operating
sub-band. This random selection ensures a balanced allocation
of initial sub-bands across subnetworks. The subnetwork AP
is tasked with executing the CADIC policy throughout the
runtime to manage transmit power and select sub-bands at

subject to

Algorithm 2: CADIC Parameter Tuning using MOTPE

BO

Imput: O={}, S, T, E, T,C, v ;
// Observations, number of
startup trials, finite horizon,
episodes, number of iterations,
number of candidates per
iteration, quantile

1forb<1...5do

// Randomly pick parameters

2 y(b) — [k’o,k‘l,zl,ZQ,...,ZL_l](b)

3 Xn < {}; // Initialize a set for the

finite horizon control cost

4 fore<1...FE do

Initialize random deployment and start

subnetwork control systems

6 fort<1...7 do

7 X

Vn; // Compute instantaneous
control cost using (3)
:gh(xg%km7kﬂ Vn; // Compute
transmit power

0

s P

Js (Xglt)a I»,(yj)la oo 717(5,)[,’ 21y ZL*I) vn
// Compute sub-bands
10 Enable transmission and update plant states
using (14)
11 )ng) Vn // Compute finite-horizon
B control cost using (4)
2 | £(y) < [ful{Xn Y1}) . foax({Xn V1 })]
// Compute objectives
13 O+ 0uU((y® f(y®)); // Update
L observation
4 fort+1...7 do
15 Compute Bayesian optimization as in lines 3 to 7

in Algorithm 1, computing objectives using lines
L 4 to 12 above
Output: y' < [ko, k1,21, 22,...,20-1] 3
minimizes the objectives

// That

each transmission time interval. The subnetwork AP performs
the following steps to execute CADIC during runtime:

1) Transmit power selection: The AP estimates the stability
condition or instantaneous control cost of its associated
plant, denoted as x. Using x and the tuned parameters kg
and k1, the AP applies the transmit power policy defined
in (18) to determine the operating transmit power.

2) Sub-band ranking: The AP continuously monitors the
received signal strength across sub-bands. It ranks the
sub-bands dynamically using the ranking function spec-
ified in (19).

3) Sub-band Allocation: Based on the ranked sub-bands,
the tuned parameters 21, 2, - -- , 21, —1, and the estimate
of x, the AP determines the operating sub-band(s) for
the current transmission interval using (20) and (21).
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4) Schedule transmission: The AP schedules UL trans-
missions for the sensors within the subnetwork, and
the DL transmission to the actuators. It communicates
the transmission slots in the time-sub-band(s) grid and
specifies the transmit power for the transmissions.

In summary, the subnetwork AP autonomously executes
the CADIC policy using locally available information, such
as x, received signal strengths on the sub-bands, and the
tuned parameter set [ko, ki, 21,22, -+ ,2r—1]". This decen-
tralized approach makes CADIC easy to implement within
subnetwork-controlled plants.

It is important to distinguish between the CADIC param-
eters tuning phase and the execution phase. The parameters
tuning phase is centralized as indicated in the objective (22)
and described by Algorithm 2. It can be done offline at
the central network using a well-calibrated simulator of the
subnetwork-controlled plants or during an experimental start-
up phase for the plants. During the tuning phase, the BO
runs Algorithm 2, which returns the best values of the kg,k;
and z;,4 = 1,--- , L parameters. In the execution phase, these
parameters are then used at each subnetwork independently,
i.e. in a fully decentralized manner to select transmit power
and operational sub-bands using equations (22b) and (22c).

V. SIMULATION SETTINGS

In this section, we will discuss the simulation assumptions
of the subnetwork-controlled plants, including the channel
propagation, radio, control plants model and the Bayesian
optimization parameters. Table I summarises the simulation
parameters. The simulation environment was implemented
using the Python programming language.

A. Deployment Settings

We consider a Monte Carlo simulation with several
episodes, each lasting for 1000 time steps, where each step
is 1 ms. At the start of each episode, N subnetworks are
randomly deployed in a factory area of 30 x 30 m?. Each
subnetwork has a radius of 2 m and supports the closed-
loop control of an associated plant (either Plant 1 or Plant 2)
with dynamics as specified in (14). We assume the plant has
a sensor (UL device) and an actuator (DL device) randomly
positioned within the subnetwork area with the AP/controller
at the centre. Next, we discuss the channel model, radio
parameters, parameters of the control plants and the Bayesian
optimization.

1) Channel model and radio parameters: The In-factory
subnetwork scenario is similar to an Industrial Internet of
Things (IIoT) scenario where the base station (BS) and user
terminal (UT) antennas are clutter-embedded as they are
installed within the plants. We adopt the 3GPP TR 38.901
IIoT channel model [39], [40], including the line-of-sight
(LOS) and non-line-of-sight (NLOS) models for a sparse-
clutter low-antenna (SL) scenario. Sparse clutter characterizes
an environment with large-sized clutters [40]. The link path-
loss PL is specified using the alpha-beta-gamma (ABG) model
[40]. The LOS probability is calculated as a function of the
link distance d, clutter size ds, and clutter density r as in

TABLE I: Simulation parameters

Parameter Value

InF-S Deployment

Factory area, L x L 30mx 30 m
Number of subnetworks, N 15

Subnetwork radius, R 2 m
Num of devices per subnet-

2
work, J
Sensor to controller min dis- lm
tance
Mobility model RRWP
Velocity 3 m/s

Channel model and radio parameters

SL clutter density, r, clutter

. 0.35, 10 m
size, ds

Shadowing standard devia- 4 57
tion, LOS, NLOS >
Correlation distance, dc 10 m
I;Iammum transmit power, 0 dBm
Center frequency, f 10 GHz
Subcarrier spacing SCS 480 KHz

Number of sub-bands 3

. 3 channel blocks
Sub-band size (36 SCs ~ 17.3MHz)
Noise figure, NF 10 dB
Sensor data size 64 bytes
Control signal data size 32 bytes
Code rate 12
Frame length 1 ms
UL, DL latency 0.1 ms, 0.1 ms
Traffic Periodic
. . Plant 1 - 1 ms, Plant 2 -
Interarrival Time
3 ms

Control Plants Parameters

mi1 0 0 0
Plant 1: A, B 00 —1.4 0 1.90
00 0 1f° 0
lo 0 168 0 —28.57
mi1 0 0 0
Plant 2: A, B 00 —1.4 0 1.90
00 0 1f° 0
lo 0 84 o0 —14.29
) nmo o o
Cost matrices Q, R: 010 0 O 01
o0 10 o |[01]
lo o 0 100

the 3GPP InF model [40]. The large-scale fading, p in dB,
is the sum of the link’s PL (dB) and shadowing (dB). We
employ the spatially correlated shadowing model used in [20],
[41]. The small-scale fading h ~ CA/(0,1) is assumed to be
Rayleigh-distributed. The time correlation of h is described
by Jake’s Doppler model [42], with the subnetworks moving
randomly using a restricted random waypoint model (RRWM)
at a speed of 3 m/s. We assumed that OFDM is used for
the transmissions in the subnetwork and the UL and DL
air latency is set to 0.1 ms. We consider a relatively large
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subcarrier spacing of 480 KHz similar to previous works on
subnetworks [6], [11] to support the sub-millisecond latency.
The sensor data is set to 64 bytes which is within the range
of low-end sensors in industrial applications [43], [44], and
the control signal is set to 32 bytes. We assume a code rate
of 1/2 and a frame length of 1 ms with the transmission
error calculated as in (5). We consider 3 sub-bands, each
consisting of 3 channel blocks. We assume periodic traffic
of inter-arrival time set to either 1 ms or 3 ms depending
on whether the associated plant is an isochronous application
or non-isochronous application [43]. The control cycle for
isochronous applications is specified to be between 0.1 ms
and 2 ms while non-isochronous applications require 3 ms to
20 ms cycle time [43]. The choice of traffic type, data sizes
and inter-arrival time are also aligned with the experimental
[IoT data traffic analysis for unit test cells reported in [44].
2) Control plants: We consider 2 different types of control
plants with nonlinear dynamics [13]. A subnetwork may be
associated with either of the plant types. The plants demand
quick control cycles to maintain stability [45]. The response of
the plants to periodic inter-arrival time is shown in Figure 3.
Plant 1 is an isochronous plant which requires periodic updates
of less than 2 ms [43]. Plant 2 is a non-isochronous plant which
requires periodic updates of less than 4 ms [43]. The plants
have four state variables, hence x € R? initialized from a
uniform distribution #/(—0.2,0.2)%. The action variable, u €
R!. The parameters of the control plants are given in Table I.

200
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Plant 2, Interarrival time = 2ms
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Fig. 3: Analysis of the response of plant 1 and plant 2 to different inter-arrival
times for perfect channel condition. Plant 2 requires a periodic closed-loop
control at least every 4 ms, while Plant 1 requires periodic closed-loop control
at least every 2ms to maintain a low control cost over a finite horizon.

3) Bayesian optimization configurations: We implement
the training Algorithm 1 using the Optuna optimization frame-
work [46], with 400 trials, and & = 100 startup trials,
and C = 24. The quantile ~ is automatically calculated
and fine-tuned in the Optuna framework. The objectives are
collected from a simulation of subnetwork control systems
considering E = 20 episodes, finite horizon 1000 time steps.

We set Ky = [0,1] and K7 = (0,100], Z; = (k1,200] and
Zs = (21,300] for the parameter search space, where [a, b]
denotes a continuous closed interval including a and b, while,
(a,b] denotes a continuous half-closed interval not including
a but including b.

B. Benchmarks

We compared our proposed scheme, CADIC to the follow-
ing benchmarks:

o Ideal Scenario (Ideal) - In the ideal scenario, we assume
that the BLER is always 0, which implies that communi-
cation is always successful. This shows the upper bound
for the control performance given the system dynamics,
the random noise in the sensor observation and the cost
matrix.

o SISA - A centralized sub-band selection sequential algo-
rithm proposed in [11]. It is an iterative algorithm that
minimizes the sum of the interference-to-signal power
ratio. For its operation, each subnetwork must measure
the channel gain of the interference link from all other
subnetworks over all sub-bands, and report to a central
entity that computes SISA. The central entity reports the
allocated sub-band back to the subnetworks. We consider
periodic allocation at every 10 time steps which we
numerically confirmed to be sufficient. Note that the
channel gain information is collected from the UL phase.

o SISA with Power Control (SISA+PC) - This is a central-
ized method that consists of two steps. In the first step,
the subnetworks are allocated sub-band using SISA. In
the second step, transmit power control is performed for
the subnetworks in the same sub-band to maximize a fair
single objective function of rate for all subnetworks using
sequential least square quadratic programming. For this,
we consider the product of the rate as the fairness metric.
Like SISA, this algorithm is performed every 10 time
steps.

o Sequential Greedy Distributed Sub-band Selection (Seq
Greedy) - This is a distributed sub-band selection algo-
rithm, proposed in [47]. Each subnetwork selects the sub-
band with the lowest aggregated interference according
to a predefined order. Subnetworks that have already
selected a sub-band transmit a reference signal on that
sub-band, which is then measured by the next subnetwork
in line to make its selection. To adapt to dynamic channel
conditions caused by the random mobility of the subnet-
works, we perform periodic execution of the algorithm
every 10 time steps.

e« Random Sub-band Allocation (Random) - Each subnet-
work randomly selects a sub-band at every time step with
a fixed maximum transmit power.

o Fixed power, All sub-bands (FP) - The subnetworks
operate over all the sub-bands using a maximum transmit
power set to 0 dBm.

VI. MAIN RESULTS AND DISCUSSION

In this section, we first discuss how CADIC coordinates
inter-subnetwork interference. Afterwards, we compare the
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performance of the algorithm to the benchmark algorithms in
terms of the finite horizon control cost, and the BLER. Finally,
we analyze their scalability to different subnetwork densities in
terms of the consistency in control performance, the execution
complexity, and the sensitivity of the trained CADIC policy.
To analyze the performance of the algorithms, we generally
consider a Monte Carlo simulation of 9000 episodes and
N = 15 subnetworks.
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Fig. 4: CADIC Policy for transmit power control and sub-band allocation.
(a) Transmit power as a logistic function of instantaneous control cost, and
parameters ko = 0.49 and k; = 16. (b) Number of sub-bands to be selected
as a piecewise step function of the instantaneous control cost with parameters
z1 = 100 and z2 = 186.
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Fig. 5: Explanation of CADIC operation for a randomly selected plant
wirelessly controlled by subnetwork. CADIC reduces the transmit power
and number of operating sub-bands when the plant is more stable (low
instantaneous control cost), and increases the transmit power and/or the
number of sub-bands when the plant is less stable.

A. Description of Interference Coordination using CADIC

Tuning the parameters of CADIC using Algorithm 2 con-
sidering the default simulation settings resulted in the values
ko = 0.49, k1 = 16, z; = 100 and z9 = 186 which minimizes
both objectives in (23). Figure 4 (a) and (b) show the transmit
power and number of sub-bands as a logistic function and
a step function of the plant’s instantaneous control costs
respectively. As illustrated in Figure 4 (a), the subnetwork
associated with the plant with a low instantaneous control cost

generally operates on low transmit power, the transmit power
increases for a higher instantaneous control cost, reaching
the maximum transmit power around an instantaneous control
cost of 20. Similarly, Figure 4 (b) shows that subnetworks
associated with plants with low instantaneous control costs
operate on only a 1 sub-band, however, the number of sub-
bands to be used increases step-wise as the instantaneous
control cost increases.

To analyze the operations of CADIC, we consider an
example of a subnetwork-controlled plant in Figure 5 showing
the first 200 ms. As evident in the figure, the plant starts
from a stable state and can operate on an open loop for
almost 30 ms. In the stable condition i.e. low instantaneous
control cost, the BLER is high, because the CADIC algorithm
assigned low transmit power to the associated subnetwork
in this regime, hence the plant causes negligible interference
to its neighbouring plants, which may be unstable and can
benefit from the low interference. On the other hand, when
the instantaneous control cost increases, the transmit power
in the subnetwork increases simultaneously, and to cope with
worsening control cost, the subnetwork selects more sub-bands
momentarily to achieve an extremely low BLER guaranteeing
the successful closed-loop control of the associated plant back
to stable regime. In general, we can observe that multiple
sub-bands are selected seldom only when the plant is in a
critical condition, and then the subnetwork switches back to
one sub-band with high transmit power as the plant recovers.
Also, the transmit power is more sensitive to granular changes
in the instantaneous control cost in the lower control cost
regime. Consequently, in the long term, the finite horizon
control cost is minimized. The operation of CADIC inherently
promotes fairness in a distributed systems of subnetwork-
controlled plants. It dynamically adjusts the allocation of
radio resources by reducing the share allocated to subnetwork-
controlled plants that have already achieved stability. This
reduction minimizes interference and, in turn, increases the
resources available to subnetwork-controlled plants that are
unstable. In this way, it ensures a goal-oriented and fair
utilization of the limited radio resources, balancing system
stability and efficient reuse of the radio resource.

B. Performance Comparison for Finite Horizon Control Cost
and BLER

Figure 6 shows the Complementary Cumulative Distribution
Functions (CCDF) of the finite horizon control cost and the
BLER. Our proposed CADIC algorithm demonstrates perfor-
mance comparable to the Ideal case up to the 99.9th percentile,
as illustrated in Figure 6(a). Moreover, CADIC consistently
outperforms the decentralized sub-band selection scheme (Seq
Greedy) and the centralized schemes (SISA and SISA+PC),
which are optimized specifically to minimize the BLER.
However, the benefits of optimizing for BLER are evident
when comparing Seq Greedy, SISA, and SISA+PC to the un-
optimized approaches of Random sub-band allocation scheme
and FP. Seq Greedy, SISA, and SISA+PC generally achieve
better BLER performance and reduced control costs than Ran-
dom and FP. Furthermore, the centralized schemes (SISA and
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Fig. 6: Control metric performance vs radio-metric performance for N = 15 subnetworks (a) CCDF of the finite horizon control cost. (b) CCDF of the BLER.

SISA+PC) outperform the decentralized Seq Greedy approach,
not only in minimizing BLER but also in achieving superior
finite-horizon control cost performance.

However, a notable conflict between the radio-metric BLER
and the controlled plants’ stability is observed when we
compare SISA, and SISA+PC to CADIC. While CADIC
outperforms SISA in the control metric, it generally performs
worse than SISA and SISA+PC in BLER metrics. However,
this conflict can be demystified considering that; (1) The
BLER statistics are collected at every transmission instance
and generally favour algorithms like SISA that minimize the
BLER to ensure the periodic successful transmission of the
sensor observation and the control signal. (2) As seen in Figure
5, CADIC generally allocate low radio resources (transmit
power and sub-bands) to subnetworks associated with stable
plants, leading to high BLER in the stable regimes. We
can decide that subnetworks allocated low transmit power
should rather not transmit. Given this, we devise CADIC
(Modified), where subnetworks allocated transmit power less
than —25dBm are forced to not transmit, hence this further
reduces interference. As seen in the Control cost performance
CADIC (Modified) achieves a better performance than CADIC
(Proposed) in the lower CCDF percentiles, with a slight loss
in the upper percentile of the CCDF curve, and it equally
achieves better BLER than CADIC (Proposed).

This result challenges the assumption that the RRM al-
gorithm achieving the best BLER curve is inherently the
most effective way to ensure quality of service for wire-
less applications, such as the wireless closed-loop control
of plants. While minimizing BLER can enhance periodic
successful transmissions, it often leads to overprovisioning of
radio resources, thereby limiting the number of subnetwork-
controlled plants that can be reliably supported with finite
radio resources. In contrast, the goal-oriented approach of
CADIC focuses on making more radio resources available
and ensures reliable communication for goal-relevant trans-
missions. By dynamically reducing radio resource allocation
for stable subnetwork-controlled plants and reallocating those
resources to subnetwork-controlled plants on the verge of
instability, CADIC enables more efficient spatial reuse of

limited radio resources, as demonstrated by its ability to
achieve lower control costs with high reliability.

The idea of the CADIC (Proposed) or CADIC (modified)
also helps to save transmit power compared to the other
schemes that strive to ensure successful periodic transmission.
For example, in the case of CADIC (Modified), we numeri-
cally identified that transmissions only occur 60% of the time
compared to SISA.

It is also important to note why the BLER DL is generally
equal to or lower than UL. This is because the control signal
data for the DL is 2x smaller than the sensor data for
UL. In addition, the SINR for DL is either close or much
better than the UL because of the following reasons. (1)
Subnetworks are short in range, both the UL and DL channels
experience relatively the same desired link channel gain. (2)
DL interference may be less since the DL transmission is only
scheduled if the controller receives the UL packet successfully,
hence only a subset of the subnetworks that transmitted UL
may interfere in the DL phase. Hence, the transmit power
and sub-band allocation decision using the information of
the desired link and interference links of the UL device is
sufficient for the DL device in the subnetwork.

C. Scalability Analysis

We consider scalability analysis for the different algorithms
by analyzing finite-horizon control cost for different densities
of subnetworks deployment. We also analyzed the execution
complexity and the sensitivity of the trained parameters in the
case of CADIC to the various changes in density.

1) Control performance for different subnetwork density:
One of the important criteria for an inter-subnetwork inter-
ference management algorithm is how well it can maintain a
good performance when the number of subnetworks changes.
In Figure 7, we compare the 99.9% and 99% control cost
for N = 10, N = 15 and N = 20 subnetworks in the
fixed factory area. As seen in the Figure, CADIC uses the
same parameters from the training conducted in settings of
15 subnetworks, yet it generally maintains a reliably low
control cost similar to the ideal scenario for all the densities
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Fig. 7: 99%, 99.9% Finite horizon control cost for different deployment
density N = 10, 15, 20 achieved by the different algorithms (Note CADIC-
P is the same as CADIC (Proposed) and CADIC-M is the same as CADIC
(Modified).

including the 99.9% percentile up to N = 20 subnetworks.
However, SISA and SISA-PC already failed to maintain a low
control cost, especially in the higher percentile of 99.9% for
N = 15 and N = 20. Similarly, Seq Greedy also failed
to maintain a low control cost at higher percentile as the
density of the subnetwork deployment increases. This result
highlights the efficiency of CADIC in increasing the number
of subnetwork-controlled plants that can be sustained with
the same amount of radio resources compared to SISA and
SISA-PC. In Table II, we examine the scenario where the
subnetwork density differs between the training and testing
settings. It is important to analyze how sensitive the trained
parameters of CADIC are to such changes. In addition to
our initial setup of 15 subnetworks, we consider a less dense
scenario of 10 subnetworks and a more dense scenario of
20 subnetworks, both in the training and execution phases.
The 99.9% finite-horizon control cost results of the trained
parameters for the different densities are shown in Table II.
For the analysis, we consider parameters that minimize the
mean finite-horizon control costs across all plants. While there
appear some changes in the trained parameters for the different
training configurations, it is interesting to see that the 99.9%
performance is relatively the same even though the training
and execution densities are different.

In addition, we analyze the balance in the distribution of
operating sub-band selection. In a highly dense scenario of
20 subnetworks, we observed a relatively balanced sub-band
selection. The difference between the most and least used sub-
bands was less than 3%, indicating that the CADIC approach
maintains statistical balance in sub-band selection even in very
dense deployment.

2) Execution Complexity Analysis: The execution complex-
ity of the interference coordination algorithm can be analyzed
in terms of the number of radio-sensing operations required
by the subnetwork to obtain the information needed by the

TABLE II: 99.9% finite-horizon control cost for different densities of
subnetworks in training and execution phases, and the trained parameters
ko, k1,21, z2.

Execution N

10 15 20
Parameters 0.4, 20, | 0.49, 16, | 0.66, 14,
96, 146 | 100, 186 | 130, 246
10 17.00 17.60 18.10
Train N 15 17.04 17.64 20.74
20 17.60 17.00 18.00

interference coordination algorithm, the number of radio mes-
sages that must be exchanged between the subnetwork and a
centralized interference manager in the case of the centralized
schemes and finally the asymptotic runtime complexity in
executing the algorithm. While Random and FP may not incur
any cost, it is expected that the optimized algorithm including
CADIC, Seq Greedy, SISA, and SISA+PC would incur some
execution complexity.

In terms of the number of radio-sensing operations, CADIC
only requires sensing the cumulative interference on L sub-
bands, hence the cost of L radio-sensing operations. This
approach is similar to Seq Greedy, where the subnetwork
must sense the cumulative interference across the L sub-bands.
However, since Seq Greedy operates in a predefined round-
robin order, each subnetwork must wait for its turn, resulting
in a radio-sensing cost that grows linearly with N. On the
other hand, the centralized approach of SISA and SISA+PC
require that each of the subnetworks senses the interference
on each mutual interfering link and for each sub-band, hence
each subnetwork would incur a cost L(N — 1) number of
radio sensing operations to measure the interference on the
mutual interfering channel from its N — 1 neighbours for
the L sub-bands, accumulating a cost of NL(N — 1) for all
subnetworks. Hence, SISA and SISA+PC incur a radio-sensing
cost that grows quadratically with the number of subnetworks,
while Seq Greedy experiences a linear growth in radio-sensing
cost. In contrast, CADIC achieves the least radio-sensing cost,
independent of the number of subnetworks.

For SISA or SISA+PC, the subnetworks must also signal the
measured interference on all sub-bands from all neighbours,
including the channel gain on their desired links to the central
entity. The total number of signalling messages is LNZ.
Also, the central entity would be required to signal the sub-
band decision back to the subnetworks which will cost N
signalling messages, hence a total of LN? 4+ N signalling
messages. Hence, SISA would incur signalling costs that
grow quadratically as the number of subnetworks. In Seq
Greedy, each subnetwork must transmit a reference signal
on its selected sub-band until the last subnetwork in the
sequential order finalizes its sub-band selection, resulting in
a total of N signaling messages. On the other hand, CADIC
is decentralized at the subnetwork level, hence it incurs no
signalling cost for execution.

For the asymptotic computation complexity, CADIC being
decentralized only incurs O(1) computation cost, similar to
Seq Greedy concerning the growing number of subnetworks.
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On the other hand, SISA is an iterative algorithm and it is said
to converge in about 10 iterations [11]. One iteration requires
operations in an inner loop of the number of subnetworks,
hence the number of computations in this inner loop grows
linearly as the number of subnetworks, hence an asymptotic
computation cost of O(NV).

This execution analysis sheds more light on the low com-
plexity of CADIC compared to SISA, SISA+PC and Seq
Greedy in terms of execution, further elaborating on the
efficacy of CADIC for managing inter-subnetwork interference
in large-scale deployment of subnetwork-controlled systems.

VII. FUTURE WORK

This study focused on subnetworks supporting closed-loop
control applications; however, in-factory subnetworks may
serve diverse applications, such as data gathering and col-
laborative system. Future research could explore developing
goal-oriented RRM approaches tailored to these varied appli-
cations, addressing their unique requirements, dynamics and
constraints. While we applied BO to tune the parameters
of CADIC in this study, BO can become computationally
expensive as the number of tunable parameters increases,
such as in scenarios with a larger number of sub-bands. To
address this limitation, future studies could explore the use
of online learning algorithms, such as reinforcement learning,
as an alternative to offline BO for parameter tuning. Cur-
rently, we assume that sub-packets are uniformly distributed
across the operating sub-bands and that transmit power is
evenly divided among them. Future work could investigate
more flexible sub-packet distribution and power allocation
strategies, where different operating sub-bands are assigned
varying transmit power levels to optimize performance under
diverse interference conditions. Furthermore, a comprehensive
theoretical analysis of the trade-offs between code length,
interference, and error probability is needed. Such analysis
could also include the development of closed-form mod-
els to quantify the impact of inter-subnetwork interference,
available radio resources, and subnetwork-controlled plant
performance, deriving theoretical limits and optimal RRM
configurations. To further enhance the subnetworks’ capacity
for supporting closed-loop control applications with higher
reliability, a hybrid approach could be explored. This would
involve combining the decentralized CADIC algorithm with
intermittent centralized interference coordination mechanisms.
Additionally, beyond optimizing communication parameters
alone, future research could investigate joint optimization of
both communication and control parameters. For example,
optimizing control parameters such as the sampling interval
alongside radio resource selection.

VIII. CONCLUSION

In this paper, we investigated the inter-subnetwork inter-
ference mitigation problem in dense subnetworks deployed
for closed-loop control of plants in the factory. We propose
a decentralized goal-oriented joint power and sub-band al-
location policy CADIC that exploits the information of the
states of the wireless controlled plants to manage interference

between the subnetworks and minimize the long-term control
cost. We proposed a Bayesian optimization procedure based
on a tree-structured Parzen estimator to learn the parameters
of the policy. We showed that CADIC can support a factor
of x2 the density of subnetwork-controlled plants with high
reliability compared to the conventional inter-cell interference
management approach that aims to minimize the BLER. In
addition, CADIC has low complexity and can be executed
quickly to cope with the changes in channel conditions due
to the mobility of the subnetworks and the changing radio
resource needs of the subnetwork-controlled plants. As wire-
less concepts begin to dive into more challenging applications
like wireless control of manufacturing plants, and with the
advent of application-specific short-range cells such as subnet-
works, this paper highlights the importance of exploring the
knowledge of the underlying control application in managing
interference between wireless cells to meet application goals
with high reliability. Directions for future research were also
identified.
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