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COORDINATED SMALL MACHINE LEARNING MODELS
FOR INTELLIGENT RADIO RESOURCE MANAGEMENT
IN 6G AND BEYOND

Zdenek Becvar

ABSTRACT

In this paper, we first review evolution of radio
resource management in mobile networks from tradi-
tional statistical and numerical methods towards
machine learning (ML) and artificial intelligence (Al)
driven approaches. We discuss these methods espe-
cially from perspective of joint optimization of multi-
ple radio resource management parameters and
settings. However, an application of ML in a common
way, i.e., each ML model dealing with one radio
resource management parameter, leads to an accu-
mulation of natural inaccuracies due to sub-optimality
of individual stand-alone models. Multiple radio
resource management parameters can also be han-
dled via big Al models or multi-task learning (MTL)
consisting in a large model with multiple outputs,
each corresponding to one resource management
parameter. Nevertheless, the big Al models and MTL
require large datasets for training and, like common
ML models, struggle to capture mutual relations and
dependencies among individual optimized param-
eters. Thus, we outline an approach for joint optimi-
zation of multiple radio resource management
parameters consisting in a coordination of dedi-
cated but tightly integrated small ML models. The
coordination of the small ML models is facilitated
via mutually exchanged feedback tailored to reflect
network performance and allowing to capture
mutual dependencies among the optimized radio
resource management parameters. We demonstrate
benefits of the coordinated small ML models against
state-of-the-art concepts in terms of increased net
work performance and stable training.

|. INTRODUCTION

Future mobile networks are supposed to handle com-
munication demands that substantially vary in time
and space, as these demands originate from hetero-
geneous devices exploiting new services and applica-
tions. These “time-space” varying demands introduce
new challenges for radio resource management and
communication control, making traditional optimiza-
tion approaches inefficient or obsolete [1]. For
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example, even simple scheduling of radio resources
becomes of prohibitive complexity if hundreds or
thousands of devices communicate with a base sta-
tion (BS) offering a high number of channels, espe-
cially in mmWaves or terahertz spectrum, where a
wide band is available. This is due to the fact that
scheduling complexity is proportional to the num-
bers of devices and channels. Still, scheduling is just
one of many radio resource management algo-
rithms carried out simultaneously or sequentially by
the BS, including power allocation and power con-
trol, channel allocation, interference mitigation,
beam selection and alignment, multiple-input-
multiple-output (MIMO) management, modulation
and coding scheme selection, or mobility manage-
ment processes, to name a few. Hence, the
demands on computation resources for the radio
resource management increase dramatically with a
dense deployment of BSs and devices, as expected
in the future mobile networks.

To efficiently handle the radio resource manage-
ment in the 6G and beyond networks, solutions
based on machine learning (ML) are envisioned to
replace traditional algorithms. The ML allows to
reduce complexity and to find a solution even for
large and complex problems, while reaching close-to-
optimum performance [2]. One of the key benefits
of ML is its relatively fast reaction and ability to pro-
vide immediate output for the radio resource man-
agement once the training process is completed
[1]. Moreover, ML can solve radio resource man-
agement problems even if exact mathematical
models or connections among features of the net-
work cannot be analytically derived [3]. Albeit vari-
ous ML techniques are proven to efficiently handle
particular radio resource management tasks and
learn related models with a relatively high accuracy,
the solutions for individual radio resource manage-
ment problems are usually designed as standalone
blocks not mutually interconnected with others.

A simple juxtaposition of various stand-alone ML
models handling individual radio resource manage-
ment variables without proper consideration of their
mutual relations leads to an accumulation of inaccu-
racies of individual learned models. Hence, global
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FIG. 1. Evolution of radio resource management in mobile networks from traditional optimization towards ML/Al-based approaches.

outputs are naturally affected by possibly large learn-

ing errors [4].

Another option for ML-based radio resource man-
agement in future networks is to merge multiple ML
models into one big artificial intelligence (Al) model
determining multiple radio resource management
parameters at once [5]. However, the big Al models
may also struggle with correct capturing of mutual
relations among optimized parameters. Moreover,
the big Al models require a very complex, large, and
hard-to-train model and may suffer from limited scal-
ability. Performance of the big Al models can be
improved by a multi-task learning (MTL), which sepa-
rates one large model into shared layers extracting
global aspects and features and task-specific layers
adjusting the details related to individual optimized
radio resource management parameters [6]. Still,
even the MTL is large and not able to fully capture
mutual dependencies among optimized parameters
and suffers from limited scalability.

In this paper, we seek solutions to the above fun-
damental limitations and we demonstrate efficiency
of the approach based on multiple small ML models
working together in a coordinated way. The coordi-
nation is facilitated via feedback, which is derived
with respect to the targeted objective (e.g., maximi-
zation of throughput) and constraints (e.g., comply-
ing with the maximum transmission power), and is
exchanged among the ML models. The coordination
of small and easy to train ML models allows to cap-
ture inter-dependencies among optimized parame-
ters and facilitates fast adaptation of the trained
models to changes in the optimized radio resource
management parameters. The contributions of this
paper are as follows.

« First, we review approaches for radio resource
management in wireless networks with focus on
modern ML/Al-based solutions and we identify
limitations of these approaches.

« Second, we outline a concept of the coordinated
learning for mutual interaction of small ML mod-
els, where individual ML models solve specific
radio resource management problems and inter-
act locally with each other via feedback towards
coordinated Al-based radio resource manage-
ment with awareness of decisions taken by other
small ML models.

« Third, we illustrate the principle of the coordina-
tion on an example of sum capacity maximization
problem, commonly addressed in the mobile net-
works. We demonstrate a superior performance
of the coordinated small ML models compared to
traditional optimization as well as state-of-the-art
ML/Albased solutions.

« Last, we provide an overview of key future
research directions and open research challenges
enabling full integration of radio resource man-
agement based on the small coordinated ML
models to 6G and beyond networks.

II. FROM TRADITIONAL OPTIMIZATION OF RADIO
RESOURCE MANAGEMENT TO
Al-DRIVEN APPROACHES

The radio resource management covers a large set of
various problems, including power and channel allo-
cation, interference mitigation, beamforming, alloca-
tion of resources for communication and sensing,
etc. All these problems should be managed and
orchestrated together towards efficient usage of
radio resources. In this section, we review an evolu-
tion of radio resource management from traditional
optimization techniques progressively superseded by
simple stand-alone ML approaches and later by more
advanced and sophisticated ML-based solutions, rep-
resented by the big Al models and MTL (see Fig. 1).
We also identify potential limitations of individual
solutions.

A. TRADITIONAL OPTIMIZATION

Traditional optimization approaches based on statisti-
cal and numerical methods or iterative algorithms
have been used for decades to manage radio resour-
ces in mobile networks. However, such techniques
are close to their limits in terms of scalability and appli-
cability to dynamic and large-scale networks with
realtime control, as expected in 6G. In such net-
works, traditional optimization commonly suffers
from high complexity and/or long convergence time
leading to a performance degradation [1].

B. COMMON STAND-ALONE AND DISTRIBUTED ML MoDELS

To overcome limitations of the traditional radio
resource management solutions, diverse machine
learning approaches have been proposed and even
considered for standardization of future 6G mobile
networks [7]. Once properly trained, the ML model
provides a relatively fast response with complexity
often significantly lower than the traditional optimiza-
tion methods [1]. The works considering ML, how-
ever, commonly adopt single stand-alone ML model
to solve the optimization of a single radio resource
management parameter. The stand-alone ML models
can also be implemented in a distributed way [8]. The
distributed ML models deployed at different tiers in
the network (e.g., at the BS and at a centralized con-
troller) cooperate together, but still each solves just
one radio resource management problem.

There are few works, where two or few tasks of the
radio resource management are handled together, for
example, [9]. However, in these works, ML is either
applied only to one problem while the second prob-
lem is solved in a traditional way or all problems are
managed by isolated ML-based algorithms.

The ML models implemented in common as well
as distributed way naturally provide sub-optimal out-
puts, since ML is just an approximation of the optimal
solution. Thus, if the output of one model is used by
another model as an input to solve jointly multiple
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FIG. 2. General concept of intelligent radio resource management with coordination among small ML models. Individual blocks solving stand-alone radio resource
management problems by small ML models are fed with inputs represented by common network information (e.g.. channel qualities, requirements of
devices/users on communication, or buffer status). Output of the blocks is represented by settings various radio parameters (e.g, resource allocation, power

allocation, or beamforming).

radio resource management problems, the inaccu-
rate output of the first model can mislead decisions
taken by the second model. Then, the natural error of
the second model is further emphasized by the inac-
curate inputs provided by the first model [4]. This lim-
its applicability of common stand-alone ML models to
solve joint radio resource management for multiple
parameters together.

C. BiG Al MoDELS AND MuLTi-TASK LEARNING

A need for joint learning-based approach handling
multiple radio resource management problems is
stressed in [10], where the authors outline a high-
level solution and open challenges for Al-based radio
resource management in 6G. To this end, the big Al
models and MTL are introduced as an emerging
research concepts to manage radio resources in an
intelligent way [5].

The big Al models are represented by one large
model typically with many inputs and outputs cover-
ing multiple parameters of radio resource manage-
ment. The big Al models allow to set multiple
parameters in one shot, thus, provide an interesting
way to deal with radio resource management in 6G
and beyond mobile networks.

However, the big Al models are limited in follow-
ing aspects: i) inability to properly capture mutual rela-
tions and inter-dependencies among radio resource
management parameters (e.g., transmission power
allocation impacts channel allocation and interfer-
ence mitigation), ii) very large size of the big Al mod-
els makes training difficult, and iii) limited scalability
and extendability with new parameters of the radio
resource management, since inclusion of a new
parameter naturally requires retraining of whole
model.

Performance of the big Al models can be
improved via MTL, which combines shared training
of aspects common for all optimized parameters with
parameter-specific training into one large model. In
MTL, an initial shared part of the model captures joint
knowledge for all outputs while the later task-specific
part forks the learning towards specifics of individual
outputs. Even though MTL allows an efficient joint
training of multiple outputs, still, MTL does not prop-
erly handle interdependencies and mutual impact
among optimized outputs, since the tasks-specific

parts are independent. Moreover, like the big Al mod-
els, also MTL models are naturally large and suffer
from scalability.

|Il. COORDINATED SMALL ML MODELS

In this section, we describe solution that suppresses
limitations of state-of-the-art ML/Al solutions via small
ML models solving individually each radio resource
management problem and interacting with other
small models in a coordinated way. We first provide
motivation for the coordination of small ML models
and outline a general concept of the coordination.
Then, we illustrate the application and benefits of the
concept on an example of practical radio resource
management problem.

A. Morivarion FoR COORDINATED SwALL ML MopLs
Existing state-of-the-art approaches for radio resource
management in the 6G and beyond networks suffer
from limited mutual awareness and scalability, as sum-
marized in Section Il. Thus, we outline an approach,
where small ML models, each solving one isolated
radio resource management problem, are integrated
together to work in a coordinated way. The main
challenge in such integrated solution is to deal with a
propagation of natural errors of individual ML models
and amplification of these prediction errors by other
models, leading to a performance degradation, as
explained in Section II-B. To avoid such degradation,
a coordination of decisions taken by the ML models
for individual parameters is necessary to inform other
models about potential sub-optimality in their outputs.

Thus, we outline an intelligent joint radio resource
management via interconnection of small, easy-to-
train, and easy-to-deploy, ML models solving individ-
ual radio resource management problems in a coor-
dinated way with a low complexity. The coordination
facilitates an efficient interaction among models
towards Al-based control of future mobile networks.

B. GENERAL PRINCIPLE OF COORDINATED
SMALL ML MobELs

The overall idea of the coordinated small ML models
is presented in Fig. 2. The communication is con-
trolled via Al-based radio resource management
blocks, deployed at each BS, which includes a set of
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ML models. Each ML model is designed to solve one
specific radio resource management problem (e.g.,
power allocation, channel allocation, interference
mitigation, or beamforming) and trained indepen-
dently of other models to reduce training complex-
ity and ensure scalability. Naturally, as in common
mobile networks, setting of one radio resource
management parameter influences also other radio
resource management parameters. For example,
allocating a specific transmission power for individ-
ual devices at individual channels impacts channel
allocation, beamforming, and interference mitiga-
tion. To capture such interdependencies, we intro-
duce a local coordination among the ML models
during inference so that the models in one BS can
mutually exchange feedback on performance
allowing individual models to adjust their behavior
according to actions taken by other models and to
consider potential inaccuracies in outputs of other
models.

The coordination among ML models is facilitated
via a feedback, which is implemented as a loss func-
tion allowing modification of the parameters (e.g.,
weights and biases for neural networks) of the other
models in the same BS. The loss function is derived
from the overall network performance considering
targeted optimization objective and constraints, as
we show on a case study in the next subsection. Thus,
each ML model generates feedback that is shared
with other ML models and is used to update their
parameters during inference. The feedback loss func-
tion from other models is added to the internal loss
function of other ML model(s) and, then, applied in
the same way as the internal loss function to modify
own model’s parameters. For example, the feedback
loss functions derived in power allocation, channel
allocation, and interference mitigation ML models are
added to the internal loss function of the beamform-
ing ML model to update parameters (weights and
biases) of the beamforming ML model.

The coordinated small ML models allow easy
training with small datasets only for each optimized
radio resource management parameter. Besides,
since each ML model deals with only one parameter,
the size and complexity of each model remain the
same as for the stand-alone ML models and are much
smaller compared to the big Al models and MTL.
Thus, the developed concept enables a fast reaction
to changes in dynamic scenarios, making the solution
suitable not only for traditional sub-6 GHz bands, but
even for high frequencies, such as mmWaves or tera-
hertz bands, where channel quality can change rap-
idly. Moreover, at a marginal computational cost and
no signaling overhead or latency related to the local
application of the feedback to individual ML models,
the coordinated small ML models allow mutual
awareness of decisions taken by individual models
and capture relations among optimized parameters.

C. Cast Stuy OF COORDINATED SMALL ML MODELS

We demonstrate usefulness of the coordinated small
ML models on a problem with the objective of maxi-
mizing downlink sum capacity of devices. To this end,
we assume a common mobile network with devices
communicating either with the BS (cellular devices)

between the D2D and cellular devices is considered.
The sum capacity of all devices is maximized via follow-
ing variables: i) transmission power allocation for indi-
vidual devices p = {p1,p2, ... ,pn}, where N is the
number of all devices including C cellular devices
and D D2D devices, i) bandwidth allocation
b ={by,b,,...,by} for individual cellular and D2D
devices, and iii) decision on reuse of cellular channels
by D2D devices. The reuse is determined by the binary
variable = {01 1,... ,acp} so that acy = 1 indicates
that the channel assigned to the cellular device
ce{1,...,C} is reused by the D2D device
de{1,...,D}. We consider following constraints: i)
transmission power of all devices is limited to a maxi-
mum  transmission power, i) a maximum available
bandwidth cannot be exceeded, and iii) all devices
receive at least a minimum required capacity to pre-
serve fairness.

Since our scope is to demonstrate efficiency of
the coordination, we do not develop new solutions
for transmission power allocation, bandwidth alloca-
tion, and channel reuse. Instead, we adopt existing
solutions based on deep neural networks (DNN) for
power allocation [11], bandwidth allocation [12], and
channel reuse [13]. In the existing works, each ML
model is typically deployed in the BS with no interac-
tion among the models.

In our concept, the small ML models are trained
independently of each other and coordinate their
decisions with other small ML models in the same BS
during inference to maximize the sum capacity of all
devices. The coordination is facilitated via external
loss functions exchanged iteratively among all small
ML models for power allocation, bandwidth alloca-
tion, and channel reuse, see Fig. 3. The loss functions
reflect the network status (actual sum capacity of
devices) and fulfillment of all constraints in the optimi-
zation problem (maximum transmission power, maxi-
mum available bandwidth, and minimum required
capacity). More specifically, the loss functions indi-
cate relative network performance, in our case given
by ratio between sum capacity and minimum capac-
ity required by the devices. Fulfillment of constraints
is included via a negative contribution to the loss func-
tion in case of the constraint violation with indication
of a relative significance of the violation. For example,
if the determined transmission power is above the
maximum allowed power, the loss function includes
a negative contribution. The exact value of the nega-
tive contribution is proportional to the ratio between
the power for which the limit is exceeded and the
limit itself. Note that mathematical formulations and
details of the loss functions are beyond scope of this
paper, but are available in [14] and at public GitLab'
in codes.

The loss function generated by the channel reuse
DNN (Loss CR) is used by the power allocation and
bandwidth allocation DNNs in the same BS to modify
internal parameters (weights and biases) of all hidden
layers, as indicated in Fig. 3. Analogically, the loss
function generated by the power allocation DNN
(Loss PA) serves to modify parameters of DNNs for
channel reuse and bandwidth allocation. Finally, the
loss function generated by the bandwidth allocation
(Loss BA) is applied to control DNNs for power allo-

or directly with each other by means of device-to-
device (D2D) communication [3]. The BS allocates
orthogonal channels to the cellular devices. To ensure
efficient use of radio resources, D2D communication
reuses channels of cellular devices, hence, interference

! Codes and datasets for
performance evaluation are
available at https://
gitlab.fel.cvut.cz/mobile-and-
wireless/codes/publications/
coordinated-small-ai-models

cation and channel reuse.

D. PERFORMANCE EVALUATION

We consider an urban area with a size of 1000x
1000 m with four BSs serving 60 randomly dropped
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FIG. 3. Example of coordination of three ML models: /) DNN for transmission power allocation (PA), i) DNN for bandwidth allocation (BA), and i) DNN for
channel reuse (CR) of cellular devices by D2D devices. All DNNSs in radio resource management block of one BS exchange loss functions derived from network

status (sum capacity) and fulfillment of constraints on maximum allocated power, bandwidth, and minimum capacity of devices. Right part of figure shows

example of deployment in the studied scenario.

cellular devices. The urban area includes eight ran-

domly deployed buildings with random length and

width ranging from 50 to 150 meters [3], see Fig. 3,

right part. In the same area, 10-90 D2D devices are

randomly distributed so that the maximum distance

between the D2D transmitter and receiver is 50

meters. The maximum transmission power for each

device is 23 dBm in line with 3GPP standards for

mobile networks. The carrier frequency is set to 2

GHz and the maximum available bandwidth is 20

MHz with thermal noise of =174 dBm/Hz. The pres-

ence of buildings implies a mixed line-ofssight (LoS)

and non-LoS (NLoS) path loss model. In the case of

LoS, the path loss is modeled in line with the 3GPP

outdoor-to-outdoor environment specified in [4]. The

communication channel interrupted by building(s) in

NLoS is a subject to additional attenuation of 10 dB

per wall [3]. Like in practical deployments, the serving

BS for each device is the one offering the maximum

channel quality to the device.

The DNNs for power allocation, bandwidth allo-
cation, and channel reuse are composed of three hid-
den layers with 60, 30, and 20 neurons in their
respective layers. All hidden layers employ the sig-
moid activation function due to its smooth and
bound nonlinear mapping, which stabilizes the learn-
ing process. The training as well as inference assume
inputs in a form of received signal level from each
device to its serving BS without any preprocessing or
normalization. Only small number of inputs and out-
puts for training lead to a very small dataset (dozens
of kB in our case"). Al DNNs are trained using Adam
optimizer with a maximum number of epochs equal
to 500. The batch size is set to 32, and the learning
rate is 0.01. These settings are determined by a trial-
and-error approach.

We compare the proposed coordinated learning-
based solution (denoted as Coordinated small ML
models) with following competitive and state-of-the-
art algorithms:

o Multi-task learning (MTL) - the channel reuse,
power allocation, and bandwidth allocation are
solved by single large DNN with shared and task-
specific layers and with three outputs [6].

« Big Al model - the channel reuse, power alloca-
tion, and bandwidth allocation are solved by

===~ 30 cellular devices
= 180 cellular devices
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o)

= 1600 S
0 1400 3
N .
+ 1200

—

£ 1000

=2
§ 800 %

2 600 Ao | —o—MTL

‘C ~—— Big Al models

g 400 it Slanfﬂ_»alone ML rnc§els

[ —8— Traditional optimization

(&}

E

=1
(]

10 20 30 40 50 60 70 80 90
Number of D2D devices [-]

FIG. 4. Impact of number of D2D devices on sum capacity
of all devices for 30 and 180 cellular devices, minimum
required capacity is [4 Mbps.

single big Al model represented by a large DNN

with three outputs, as suggested in [5].

. Stand-alone ML models - power allocation [11],
bandwidth allocation [12], and channel reuse
[13], are handled independently using three dedi-
cated DNNs without any coordination.

« Traditional optimization - state-of-the-art non-ML/
Al solution for channel reuse and bandwidth allo-
cation based on K-means clustering and binary
search algorithm for power allocation, as pro-
posed in [15].

We evaluate performance via sum capacity of all
cellular and D2D devices.

Note that all performance evaluation codes and
datasets are publicly available at GitLab'.

Fig. 4 demonstrates the sum capacity of all devices
increases with the number of deployed D2D pairs.
This trend is expected, since the more D2D devices
in the scenario, the more opportunities for channel
reuse arise. Nevertheless, at a certain number of D2D
devices (in our case approximately at 80), the sum
capacity starts saturating, as the number of efficient
opportunities for reuse is no longer increasing due to
interference among the devices reusing the same
resources and the power allocation cannot help to
mitigate such interference anymore.
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The concept of coordinated small ML models
outperforms traditional as well as ML/Al-based
approaches. The gain in the sum capacity introduced
by the proposal compared to MTL and big Al models
ranges between 4% and 18% and between 6% and
30%, respectively. Even larger gains (from 10% to
42% and from 26% to 79%) are observed compared
to stand-alone ML without coordination and tradi-
tional optimization, respectively. The gains of the pro-
posal increase with the number of D2D as well as
cellular devices. The gains are introduced by the abil-
ity of the proposed coordination to reflect mutual
dependencies among optimized radio resource man-
agement problems.

In Fig. 5, an impact of the minimum required
capacity of D2D pairs on the sum capacity is depicted.
First, the sum capacity is almost constant and decreases
only marginally with increasing minimum required
capacity. Then, once the requirements of the devices
exceed a capability of the network (at about 14 Mbps),
more rapid decrease in the sum capacity is observed
for all solutions due to limited network resources. This
trend is more visible for higher number of cellular devi-
ces, as more resources are consumed by higher num-
ber of devices. The results presented in Fig. 5 confirm
findings from the previous figure and demonstrate that
the proposed coordination of small ML models outper-
forms MTL, big Al models, ML without coordination,
and traditional optimization by 4%-17%, 8%-30%,
14%-40%, and 26%-71%, respectively. Again, gains
increase with the number of cellular devices.

Fig. 6 shows convergence of the coordinated
small ML models and competitive solutions. For the
coordinated small ML models, the convergence is
represented by the number of episodes so that one
episode equals to one round of loss functions
exchanges among all small ML models. The sum
capacity of the proposal never drops below the
capacity reached by any other solution. The big Al
model exhibits more significant fluctuations com-
pared to the coordinated small ML models, MTL, and
ML models without coordination, since the big Al
model handles a large number of ML parameters
(weights and biases) leading to a more complex learn-
ing process. Still, the big Al models quickly overcome
the fluctuation and stabilizes between 125 and 175
episodes, similarly as all other ML-based solutions
except MTL, which converges bit faster due to shared
and task-specific layers.
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FIG. 6. Evolution of sum capacity over training episodes for
50 D2D and 30 and 180 cellular devices, minimum
required capacity is 14 Mbps.

IV. FUTURE DIRECTIONS AND QPEN
RESEARCH CHALLENGES TOWARDS 6G
AND BEYOND

The results presented in previous section demon-
strate that the coordination of small ML models
allows an efficient adoption of ML for compre-
hensive radio resource management in the 6G
and beyond mobile networks delivering an out-
standing performance. Still, the concept of coor-
dinated small ML models opens following future
research directions and challenges that should be
addressed:

« Optimization of coordination among individual ML
models - designing specific feedback with prioriti-
zation of individual contributions to the feedback
and multiple dimensions reflecting various
requirements, objectives, and constraints of indi-
vidual ML models has potential to further
improve performance.

« Enhancement to mobility - detailed analysis and
optimization of the feedback for mobility is neces-
sary to mitigate an impact of mobility and fast fad-
ing on the coordination. Besides, the optimization
of mobility-related aspects (such as handover)
should be jointly solved with other radio resource
management aspects.

« Reliability and robustness - problem of reliability
and robustness of decisions made by the coordi-
nated small ML models, especially under unfore-
seen circumstances, should be investigated.

« Optimized training of ML models to reduce energy
consumption - another challenge is to find light-
weight approaches to train the small ML models
with limited realistic and imperfect datasets.

« Exploration of coordinated small ML models for
various applications - potential extension and
application of coordinated small ML models for
various emerging 6G use-cases and applications,
including integrated/joint communications, sens-
ing, and navigation, or communication of robots
and autonomous systems, should be further
investigated.

« Realworld testing and optimization - experiments
in realworld with realistic training and testing
samples are required to validate all ideas and/or
allow to fine tune the solutions to fit realworld
conditions.

BAuthorlzed licensed use limited to: CZECH TECHNICAL UNIVERSITY. Downloaded on August 12,2026 at 07:5?&% %C ‘rom&)l%l%])](plore. Restrictions ﬁpQHQ()

Ireiess unications e ontl



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

V. CONCLUSION

In this paper, we have reviewed the evolution of
methods for radio resource management in the
mobile networks. We have further outlined coordi-
nated learning for collaboration of small ML models
solving various dependent radio resource manage-
ment problems. Then, we have shown that the coordi-
nated small ML models excel in performance
compared to traditional and ML/Al-based approaches
and surpass these in sum capacity by few dozens of
percent. The performance improvement demon-
strates potentials of the coordinated small ML models
for radio resource management in the future mobile
networks. To facilitate the coordinated small ML mod-
els in practice, we have also summarized major chal-
lenges to be tackled to enable fully Al-driven radio
resource management in 6G and beyond networks
based on the coordinated small ML models.
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