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Abstract—In this letter, we propose a coordinated federated
learning framework for joint optimization of multiple radio
resource management parameters in wireless networks. Like in a
traditional federated learning, each user equipment (UE) trains
a local machine learning model and shares parameters of the
local models. However, the proposed approach also involves the
communication-related aspects in the process of the federated
learning and considers mutual dependencies among optimized
variables. To this end, the UEs also share values of a new designed
local loss functions specifically tailored to capture performance
of the communication network to enable a local coordination
for capturing mutual relation between optimized parameters.
Then, base stations (BSs) leverage the received values of the new
loss functions to produce a weighted global machine learning
model. The weighting is based on the loss values so that the
models of the UEs with low loss values are prioritized, since
the low loss values indicate a proper setting of radio resource
management parameters. The simulation results demonstrate a
significant improvement from 10.6% to 18.9% and from 3.1%
to 11.2% in sum capacity and ratio of UEs satisfied with the
capacity, respectively, compared to the best performing state-of-
the-art federated learning solution.

Index Terms—Federated learning, radio resource manage-
ment, transmission power, bandwidth, coordinated learning, 6G.

I. INTRODUCTION

The combination of widely heterogeneous data and diverse
quality of service (QoS) requirements in future wireless net-
works motivate to apply an intelligent optimization of radio
resource management (RRM) [1]. Conventional centralized
machine learning-based RRM approaches rely on collecting
raw data from user equipments (UEs) at a base station (BS)
for training of machine learning models [2]. While effective in
small-scale systems, the centralized learning raises following
challenges: (i) excessive communication overhead due to the
continuous transfer of huge UEs’ data, (ii) limited scalability
as the number of UEs grows, and (iii) privacy risks associated
with sharing sensitive data [3].

A promising extension of the centralized learning is seen in
a federated learning (FL) enabling the UEs to collaboratively
learn a global machine learning model without exchanging
sensitive raw data [4]. In the FL, each UE trains a local
machine learning model using its own gathered data and
transmits only parameters of the local model to a serving
BS. The serving BS, then, aggregates the local models from
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the UEs and produces the global machine learning model,
which is subsequently shared back with the UEs for a local
inference [5]. Thus, the FL reduces communication costs and
preserves privacy [6]. However, a fundamental challenge is the
inherent heterogeneity among the UEs (e.g., different channel
conditions, computational capabilities, QoS requirements) [7].
Under such heterogeneity, the conventional aggregation of
local models can degrade performance, as even few inaccurate
or outdated local models can mislead the global model [8].

To overcome the limitations of the conventional aggregation
for FL, a weighted aggregation of the local models is intro-
duced. In [9], the authors propose a weighting of the local
models according to a local dataset size to prioritize the UEs
with more collected data. In [10], the weighting is designed so
that the UEs with a higher historical contribution impact the
global model more significantly. In [11], the authors employ
reinforcement learning at the BS to optimize the weighting.
In [12], the UEs whose updates reduce the global loss, i.e.,
the weighted average of local mean square error (MSE) losses
across all UEs, are prioritized for the aggregation.

The main limitation of existing FL for wireless networks
is consideration of only machine learning—level metrics (e.g.,
model accuracy, loss convergence) to prioritize local models
of the UEs for a global aggregation at the BS. Such metrics do
not reflect the actual communication performance, making the
global aggregation process blind to wireless conditions. More-
over, the existing FL treats individual RRM parameters inde-
pendently ignoring mutual dependencies among parameters.
Neglecting the dependencies leads to suboptimal decisions and
to a degraded network performance. To address the limitations
of existing FL, we propose a coordinated federated learning
(CFL) for RRM. The CFL incorporates communication-aware
information into global model aggregation and accounts for
the dependencies among RRM parameters.

The main contributions are summarized as follows:

e We introduce communication-driven loss functions di-
rectly reflecting wireless performance of the UEs. The
loss functions steer construction of the global model by
the BS based on the actual communication effectiveness.

o We capture natural dependencies among RRM variables
to allow coordinated optimization of multiple parameters
via the introduced loss functions exchanged mutually
among individual machine learning models.

o We demonstrate benefits of the proposed CFL on joint
optimization of transmission power and bandwidth allo-
cation by two lightweight deep neural networks (DNNs)
at each UE. The coordination between DNNss is enforced



via the developed loss functions and the aggregation of
the UEs’ local coordinated models at the BS is guided
and weighted by real wireless performance.

e We show that the CFL increases the sum capacity by
10.6%-18.9% and the ratio of UEs satisfied with expe-
rienced capacity by 3.1%-11.2% compared to the best
performing state-of-the-art FL. baseline.

II. SYSTEM MODEL AND PROBLEM FORMULATION

This section introduces network and communication mod-
els, models of DNNs for transmission power setting and
bandwidth allocation, and formulates the targeted problem.

A. Network and Communication Models

We consider a wireless network comprising N UEs and K
BSs. Without loss of generality, each UE is served by the BS
with the highest channel gain. The achievable communication
capacity of the n-th UE served by the k-th BS is:
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where B, ; is the bandwidth of the n-th UE, p, and p,
are the transmission powers of the n-th UE and of the n’'-
th UE causing interference to the n-th UE’s transmission,
respectively, gp . (gn/ k) is the channel gain between the n-
th UE (n'-th UE) and the k-th BS, o2 is the noise power,
and Z,, = {n’ # n | By N B, # 0} denotes the set of all
interfering UEs sharing the bandwidth with the n-th UE.

Cn,k = Bn i 10gy (1 +

B. Machine Learning and Federated Learning Models

To demonstrate principle of the proposed CFL, we assume
two DNNs deployed at each UE, one for the transmission
power setting (denoted as P-DNN) and another for bandwidth
allocation (B-DNN). Note that we do not present any novelty
in this part and arbitrary DNNs solving any RRM problem
can be adopted in the same way. The following subsections
describe both DNNs and conventional FL models.

1) P-DNN: The DNN for transmission power setting con-
sists of an input layer, HY fully connected hidden layers, and
an output layer, as in [13]. Let %(+; 0} ) denote the P-DNN
model with trainable parameter 92,1@ used by the n-th UE
served by the k-th BS. The input layer receives the feature
vector I 2 € R for the n-th UE containing: (i) the channel
gain g, 5 and (ii) the vector gz, = {gn'x | W' € I,} of
channel gains of interfering UEs. For the input layer (layer 0),
the activations are set as a(>F) = I” . For each hidden layer
h? = [AY KE, ..., HF] with the neurons i¥ = [2F 2 ... XP],

the pre-activation value is labeled as th’P) and we adopt a
(h.P) .
Z "), which

sigmoid pre-activation function, i.e., 1/(1 4 e~ %
introduces non-linearity enabling the DNN to model complex
functions and learn non-linear decision boundaries. Then, the
output layer provides the transmission power p, to be set
by the n-th UE. The learning of P-DNN minimizes the MSE
between the predicted and tar]%[et values via a common internal
loss function L} , = 37 3.7, (pn — Pn)?, where M is the
number of training samples, and p,, is the target value (see
P-DNN in the left part of Fig. 1 with "Conventional FL").

2) B-DNN: The DNN for bandwidth allocation consists
of an input layer, H? fully connected hidden layers, and an
output layer, as in [14]. Let F2(-; 0% ,) represents the B-DNN
model with trainable parameters 6, , used by the n-th UE
served by the k-th BS. The input to the B-DNN consists of:
(i) the channel gain g, , and (ii) the vector gz, x = {gn' i |
n’ € I,} of the channel gains of all interfering UEs. The
input vector is denoted by I 2, and the input layer activations
are initialized as a'®® = IB. For each hidden layer hB =
[T, RS, ..., HE] and each neuron i® = [z} 25, ... XP], the
sigmoid activation function 1/(1 + e‘zrgh’B)) is applied to the
pre-activation value zgh’B). The B-DNN outputs the bandwidth
Bn,k allocated to the n-th UE by the k-th BS. The learning
of B-DNN minimizes the MSE via a common internal loss
function thk, =L Zi]\il(Bn,k — B,.1)% where B, is the
target value (see B-DNN in the left part of Fig. 1).

3) Conventional Federated Learning Model: Each n-th UE
served the k-th BS maintains and learns one local machine
learning model for P-DNN and one for B-DNN with the pa-
rameters 01;7  and 9],317 «» Tespectively, see Fig. 1. After the local
learning, each UE transmits models’ parameters to the serving
BS. The serving BS performs an aggregation of the local
models from all served UEs to obtain the independent global
machine learning models 6, and ;¢ for P-DNN and B-
DNN, respectively. The aggregated global machine learning
models are then returned to the UEs for local inference.

C. Problem Formulation

To demonstrate the novel CFL for RRM, we define the
problem of the sum capacity maximization via optimization of
two key RRM parameters: transmission power and bandwidth
allocation for all UEs. The problem is formulated as:
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where p* and B* represent the optimal transmission power
and bandwidth matrices, respectively. Constraint (2a) limits
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Fig. 1. Proposed CFL and conventional FL for joint optimization of
transmission power and bandwidth (differences of the proposed CFL with
respect to the conventional CL are highlighted by green color).



the transmission power to the maximum allowed p}®*, con-
straint (2b) ensures the total bandwidth assigned to the UEs at
each BS fits the total available bandwidth B, constraint (2c)
guarantees non-negativity of the assigned bandwidth, and
constraint (2d) enforces fulfillment of the minimum required
capacity cpi, for the UEs. The joint resource management
problem (2) is inherently non-convex and NP-hard due to the
coupled decision variables and interference effects. Hence, in
the next section, we propose the CFL to solve the problem.

ITII. CFL FOR RADIO RESOURCE MANAGEMENT

In this section, we present the proposed CFL to optimize
RRM across multiple UEs, as illustrated in Fig. 1. We first
define new communication-aware loss functions for the UEs to
enable local coordination between P-DNN and B-DNN to not
only maximize the sum capacity but also to handle potential
constraint violation. Then, we describe a coordinated federated
aggregation of the UEs” models at the BS.

A. Communication-aware Loss Functions and Coordination

The design of the UE’s loss functions aims to update the
parameters of the models for P-DNN and B-DNN. Each DNN
is trained independently to allow easy light-weight training
and scalability (easy addition of other parameters in the
future). At the same time, both DNNs operate on shared
observations and are coupled through a coordinated feedback
mechanism to ensure efficient RRM. The objective of P-DNN
is not only to stay within the allowed power budget but also
to ensure that the resulting transmission power is sufficient
to reach the minimum required cp;,. To achieve this, P-DNN
uses a new communication-aware loss function that balances
following three aspects resulting from (2) and constraints: (i)
maximizing capacity, (ii) meeting requirements on Cpy;,, and
(iif) ensuring the maximum transmission power limit is met.
These aspects are integrated to the loss function as follows:

L£SP = —log (Cn ) + max (0 Cmin — Cnk C”’k>
9 len Cl’[llll
max (3)
+ max (0, pnP) 7
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where the first term encourages maximizing the capacity ¢, x
of the n-th UE served by the k-th BS based on the determined
power p,, by P-DNN, the second term penalizes the capacity
below the minimum required capacity cpin, and the third term
penalizes the transmission power exceeding the maximum
allowed power p®*.

The B-DNN predicts the optimal bandwidth Bn x for the n-
th UE served by the k-th BS by leveraging the communication-
aware loss function reflecting (2) and constraints: (i) capacity
maximization, (if) fulfillment of cy,, and (iii) ensuring the
total available system bandwidth is not exceeded. Hence, the
loss function for B-DNN is defined as:

C Cmin — €
LS8 = —log ( ) + max (0 R nk)
’ Cmin Cmin
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The first and second terms are similar to those in (3) for P-
DNN. The third term imposes a penalty if the total allocated
bandwidth at the k-th BS exceeds the available bandwidth B.

Both introduced loss functions £ g and L » generated by
P-DNN and B-DNN are locally dehvered to B DNN and P-
DNN, respectively, to keep both DNNs mutually aware of the
performance to reflect interdependence between the power and
the bandwidth. In the P-DNN and B-DNN, the loss functions
ETCLE,; and L‘CIZ are added to the conventional internal loss
functions LF  and En «» respectively, to effectively capture
the network performance in both DNNs. The constraints in
(2) are integrated into the learning process through the penalty
terms ensuring the power and bandwidth limits as well as the
minimum capacity requirements are respected.

B. Principle of Coordinated Federated Learning

This subsection describes the CFL framework for RRM
with P-DNN and B-DNN. The inference proceeds in three
iterative stages: (i) local inference at the UEs, (ii) global
aggregation of the UEs models at the BS, and (iii) retrain-
ing/inference at the UE with the global model.

1) Local Training and Inference: Each n-th UE served
by the k-th BS infers its local P-DNN and B-DNN
models on local data with the following input features
{9n ks 87, k»Pns Bn i}, where p,, B, are the targets of
transmission power and bandwidth. The local models are
updated independently by minimizing the new designed
communication-aware loss functions £5% and £55 ) using

gradient descent, i.e., Onk(tH) — 021;() CPV ETCLI;C,

and 0n & () GCB ®) _ 7BV ETCL]Z, where 77" and 7y

are the learning rates of P-DNN and B-DNN, respectively,
and ¢ is the index of the local training iteration. Like in the
conventional FL, upon completion of the local inference, each

UE transmits the updated model parameters 02’2‘“” and

OS’]Z’(HU to the k-th BS. In the proposed CFL, however,

the model parameters are determined considering also the
new communication-aware loss functions allowing to directly
reflect communication performance in the next step, i.e., in
the global aggregation of local models. Besides, in the CFL,
the UEs send also the new loss values ECP and EC  to
allow the BS to adjust the global model accordlng to the UEs
communication-related performance.

2) Global Aggregatlon and Model Distribution: At the k-
th BS, the parameters 0 ’(t) and OCB ") and the loss values
ECI,; and L’C ) are received from the UEs and are aggregated

to generate updated BS-level global models Ocpagg ) and

OgB 222" for P-DNN and B- DNN, respectively. Unlike con-
ventional aggregation schemes that prioritize UEs based on
indirect measures related to only machine learning [9]-[12],
the proposed aggregation scheme leverages the loss values to
implicitly prioritize contributions from the UEs whose local
models demonstrate superior communication performance.
Thus, in the CFL, the UEs with a lower loss values, i.e., lower
ECE,; and L‘n . get larger aggregation weights, giving their
models a hlgher impact on the global update. This integration



Algorithm 1 Proposed CFL for radio resource management.

1: for each UE do
2: Initialize model parameters 91;7 , and 927 &

3: Compute £& Pk and 6212 using (3) and ()

4: Perform local learning and obtain 6", . and 0%}2

5: end for

6: for each aggre%atlon round do

7: Transmit 6 ok and Bci to BS

8: BS determine 0¢P %8 and 0¢B ¢ using (5) and (6)
9: for each UE do

10: 05", « 0.7 and 055, «— 07

11: end for

12: end for

helps to mitigate the degradation of global performance caused
by unreliable updates due to ignoring a real impact of the local
models on communication. The aggregation for P-DNN at the
k-th BS is computed as:

1 1

OE’P’agg’(t) - Z OC,Pﬁ(t) (5)

CP “n,k )
Nk neNg En k

where N}, is the number of UEs associated with the k-th BS.
Similarly, the aggregation for B-DNN is done as:

C.B,agg,(t) 1
0% =N, 2.

neN

1
o L ©

The communication-aware weighting enables the global model
to prioritize local models with lower loss indicating that the
UE’s local RRM decisions are more effective in achieving the
overall network objectives. Upon completing the aggregation
at the BS, the updated global model parameters OC Page. 1) ang
OEB 228:() are transmitted back to the UEs.

3) Retraining/Inference at the UEs: During this stage,
the UEs perform local retraining using the updated global
models from the serving BSs so that 6" (1) = g haee(®

and OCB 8 O(k:Bagg ) The iterative process of the local
learnlng at UE, global aggregation at BSs, and retraining at
UEs continues for a predefined number of rounds or until
convergence criteria are met. Via the new communication-
aware local losses and consideration of the communication-
related aspects in the global aggregation at BSs, the CFL
enables an effective coordination of training among spatially
distributed UEs while preserving privacy by keeping training
data on the UE and sharing only model parameters with
communication-driven loss values during the aggregation.

C. Summary of Proposed CFL and Implementation Aspects

We summarize the proposed CFL in Algorithm 1. The pro-
cess begins with each UE initializing DNN models parameters
for transmission power and bandwidth allocation, i.e., Hi’k
and t9n &> respectively (line 2). The communication-aware loss
functions L',CP and EC o are computed using (3) and (4)
(line 3). Each UE then performs local learnlng to obtain the
updated parameters of the DNN models 5% ', and 6 ]2 (line 4).
For each aggregation round, the UEs send model parameters
to the BS (line 7), which computes the aggregated 6"*%¢ and

Og’B’agg using (5) and (6) (line 8). The aggregated model is
transmitted back to the UEs, and each UE replaces its local
models with the aggregated one (lines 9—11).

The proposed CFL framework aligns with emerging 6G
architectures and objectives by enabling Al integration and
distributed intelligence via lightweight machine learning mod-
els running locally at the UEs while the BS performs
communication-aware aggregation. The CFL design requires
no architectural changes and scales efficiently across dense
networks thanks to marginal signaling overhead. Relevant
6G use-cases include dense urban and cell-free massive de-
ployments, mission-critical industrial networks requiring low-
latency decisions, vehicular scenarios with high mobility, or
large-scale IoT systems demanding energy-efficiency.

Complexity of DNNs in our CFL is relatively low cor-
responding to approximately 5,770 operations per training
round and 1, 785 trainable parameters per DNN (3,570 param-
eters for two DNNs in our case). At the BS, the aggregation
of models from N UEs requires N x 3,570 operations per
aggregation round, demonstrating low computational cost and
practical deployability in 6G-oriented environments.

IV. PERFORMANCE EVALUATION

In this section, we outline the simulation scenario, machine
learning models, and competitive algorithms, followed by
discussion of simulation results.

We consider four BSs and 15 to 120 UEs randomly
distributed within an area of 1000 x 1000 m. The system
operates at carrier frequency of 2 GHz with bandwidth of
20 MHz corresponding to thermal noise of —110 dBm. The
scenario is mix of Line-of-Sight (LoS) and Non-LoS (NLoS)
conditions. For both, the path loss is modeled according to
the 3GPP outdoor-to-outdoor environment [15]. For NLoS,
an additional attenuation of 10 dB per wall is applied if the
signal is obstructed by building(s). Both P-DNN and B-DNN
consist of five hidden layers with 25, 18, 15, 12 and 5 neurons.
The batch size is set to 32, with a learning rate of 0.01. All
settings are determined through a trial-and-error process. The
code of the implemented proposal with all datasets used for
evaluation are publicly available'.

We compare performance of our Proposed CFL with: i)
state-of-the-art adaptive federated learning, where aggrega-
tion is dynamically adjusted based on each UE’s MSE [12],
and ii) basic federated learning, which is conventional FL,
where UE models aggregation is performed equally without
any weighting [2]. We evaluate the performance of the pro-
posed and baseline approaches using two metrics: i) Sum
Capacity:, i.e., the sum of communication capacities of all
UEs, and ii) Ratio of Satisfied UEs, i.e., the ratio of UEs that
meet the minimum capacity requirement.

In Fig. 2, we show sum capacity for varying number of
UEs and different values of cpi,. The sum capacity generally
increases with the number of UEs, as each additional UE

Uhttps://gitlab.fel.cvut.cz/mobile-and-wireless/codes/publications/coordinated-
federated-learning
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directly contributes to sum capacity. However, due to limited
amount of radio resources, sum capacity for a higher number
of UEs starts saturating. The gain of proposed CFL is from
11.4% to 18.9% compared to adaptive federated aggregation
and from 19.1% to 31.4% compared to basic federated learn-
ing if cmin = 6 Mbps. The performance gain is attributed
to the aggregation by CFL, which prioritizes reliable updates
with awareness of actual local learning losses leading to more
efficient RRM. The gain in sum capacity is slightly smaller
(i.e., 10.6%—-15.3% compared to adaptive and 17.5%—27.6%
compared to basic) if cpmin = 26 Mbps. The smaller gain for
a higher cp;, is due to stricter capacity requirements, which
reduce resource allocation flexibility.

Fig. 3 depicts impact of number of UEs on ratio of satisfied
UEs with the communication capacity. As number of UEs
in the system increases, satisfaction ratio decreases for all
algorithms due to limited amount of available resources. The
proposed CFL approach surpasses adaptive federated learning
and basic federated learning by 3.1% to 7.4%, and 5.4% to
11.9%, respectively, for cyi, = 6 Mbps due to same reasons
as indicated in Fig. 2. The gain of the proposal notably grows
if cmin 1s increased to 26 Mbps, i.e., proposed CFL increases
satisfaction of UEs by 8.9% to 11.2% and 13.9% to 19.1%
over adaptive and basic federated learning, respectively.

In Fig. 4, we analyze convergence of CFL and baselines.
As number of FL rounds increases, accuracy of machine
learning models improves leading to higher sum capacity.
The proposed coordinated framework converges quickly after
only 15 rounds, whereas the adaptive federated learning and
basic federated learning converge after 39 and 52 rounds,
respectively. The performance gain of the CFL is due to joint
optimization of RMM parameters, coordination between local
DNNs, and weighted aggregation that prioritizes high-quality
updates, enabling fast convergence and high sum capacity. A
similar trend is observed disregarding Cp;p.

V. CONCLUSION

In this letter, we have proposed a novel CFL framework for
joint optimization of multiple RRM parameters in the wireless
networks. The CFL employs multiple local machine learning
models at the UEs, each model handling one RRM parameter.
The local models are coordinated through a communication-
aware loss functions. The local models are aggregated at the

of UEs satisfied with the capacity (/N = 60).

60).

BS prioritizing well-performing local models based on the loss
functions, thereby accelerating convergence and enhancing
overall network performance compared to the best performing
baseline, with the sum capacity and user satisfaction improved
by 10.6%—-18.9% and 3.1%—11.2%, respectively.
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