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Abstract—The densification of wireless networks in 6G intro-
duces severe co-channel interference, making traditional cen-
tralised radio resource allocation (RRA) schemes ineffective.
This issue is particularly challenging in cell-free architectures,
where dense deployments of user equipment (UE) and dis-
tributed access points (APs) demand scalable, interference-
aware, and latency-efficient solutions. To address this, we pro-
pose a novel two-stage distributed RRA framework that employs
deep learning for dynamic frequency band (FB) assignment. In
the first stage, a fully connected autoencoder extracts latent
representations of the UEs’ spatial distribution. These latent
representations are then clustered using silhouette-optimised K-
Means, which adaptively determines the number of clusters. The
resulting cluster heads are selected to serve as UE-based virtual
base stations (UE-VBSs). A novel "in–out" spectrum reuse policy
is then applied to assign FBs based on cluster proximity to the
central base station. In the second stage, extracted link and
cluster features (such as SINR, data rate, and UE location) are
used to train a generative adversarial network (GAN)-based
classifier that predicts optimal FB allocations. This two-stage
approach enables an efficient, scalable and interference-aware
solution making it well-suited for real time RRA allocation in
ultra-dense, cell-free 6G environments. Simulation results show
that our K-Means–GAN pipeline achieves 89% FB assignment
accuracy and minimizes residual interference to 1.10× 10−7 W,
outperforming deep clustering (DTC, DCN) and alternative
classifiers (MLP, Wide & Deep, Random Forest) across multiple
network sizes.

Index Terms—6G networks, cell-free communication, dis-
tributed radio resource allocation, deep clustering, machine
learning, classification models, scalable wireless networks.

I. INTRODUCTION

Dense deployments push today’s cellular infrastructure
to its limits. As even more access points (APs) and
user equipment (UEs) contend for the same narrow fre-
quency slices, co-channel interference increases and legacy
resource-allocation heuristics struggle to keep pace. The strain
is most acute within the flagship 5G service classes. Massive
Machine-Type Communications (mMTC) must simultane-
ously accommodate tens of thousands of battery-powered IoT
devices per square kilometre, however the resulting signalling
overhead and random-access collisions significantly increase
latency and energy consumption [1]. Moreover, in enhanced
Mobile Broadband (eMBB), the push for fibre-like data
rates collides with aggressive spectrum reuse. As a result,
neighbouring cells causing inter-cell interference (and not
just thermal noise) become the primary throughput bottle-
neck once layouts turn ultra-dense [2]. To overcome the

limitations of cell-bound architectures, the emerging 6G
paradigms favours for cell-free (user-centric) networks in
which swarms of distributed APs act collectively as a coherent
single large-scale antenna array. By eliminating hard cell
borders and orchestrating joint transmission and reception
over a lightweight fronthaul mesh, cell-free massive-MIMO
architectures promise near-uniform service quality, effective
interference suppression, and significantly reduced power
consumption on the user-side, even under extreme UE densi-
ties [3]. Realising these gains, however, demands intelligent
spectrum-reuse strategies that sense spatial load fluctuations
and adapt to spatial load dynamics, learn fast, and scale with-
out the latency overhead of centralised handover procedures.

The present study addresses these demands through a
two-stage distributed RRA learning framework that cou-
ples latent-space representation learning with K-means clus-
tering in the first stage and a GAN-based supervised classifier
in the second, enabling interference-aware frequency band
(FB) allocation. In the first stage, a fully connected au-
toencoder compresses high-dimensional UE snapshots into a
compact latent manifold. The latent vectors are then clustered
using vanilla k-Means, which outperforms deep clustering
alternatives (DTC, DCN) across power efficiency, throughput
and cluster quality. The number of clusters is not fixed be-
forehand. Instead, it is determined adaptively by maximising
clustering validity indices, including the Silhouette score,
Davies–Bouldin index and Calinski–Harabasz index criteria.

Once the clusters are formed, an “in–out” spectrum reuse
policy is employed, where exclusive frequency bands are first
allocated to the cluster heads, and then those same bands
are reused at the spatially most isolated edges of the net-
work. This strategic reuse significantly reduces intra-cluster
interference. In the second stage, the resulting descriptors
(such as UE coordinates, distance to the AP, instantaneous
SINR, estimated data rate and a cluster label) are fed into
a grid-tuned generative-adversarial-network (GAN) clas-
sifier. This model attains 89% FB assignment accuracy, a
4% gain over an MLP (achieving 85%) and 3% gain over a
Wide & Deep (achieving 86%) network, while maintaining
a training time below 85 s. The GAN also produces the
lowest residual interference (1.10× 10−7 W), confirming that
higher assignment accuracy translates into a cleaner radio
environment. Comprehensive simulations confirms that the
revised K-Means → GAN pipeline boosts spectral effi-
ciency, reduces aggregate transmit power and scales grace-ISBN 978-3-903176-72-0 © 2025 IFIP
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fully with device density, which are capabilities essential
for the distributed, fronthaul-lean operation envisioned in
next-generation cell-free 6G Networks.

The main contributions of this work are as follows:
• Proposes a novel two-stage framework, combining clus-

tering and classification for radio resource allocation in
6G cell-free networks.

• Introduces an adaptive interference-aware clustering ap-
proach, using K-Means and deep clustering methods to
group UEs and select cluster heads (i.e, the UE-VBSs)
based on spatial characteristics.

• Trains a GAN-based classifier that outperforms other
baseline models in predicting optimal frequency bands
allocations for UEs.

• Designs a novel in–out frequency reuse strategy to min-
imize interference within clusters and enhance spectral
efficiency.

The remainder of the paper is organized as follows. Sec-
tion II provides background information regarding the RRA
and the ML approaches employed in this study. Section III
describes the system architecture of our proposed 6G cell-free
network, outlining the roles of Free Cells Access Points (APs)
and UE. In Section IV, we present our integrated methodol-
ogy, including the generation of synthetic datasets, clustering
techniques, feature extraction, and the design and training
of the classification models used for predicting optimal FB
allocations. Section V evaluates and compares the efficiency
of the investigated approaches under scenarios with varying
device densities. Finally, Section VI concludes the paper
by summarizing our key findings and discussing potential
directions for future research.

II. BACKGROUND WORK

Cell-free communication eliminates traditional cell bound-
aries by deploying a large number of distributed access points
(APs) that coherently serve all user equipment (UEs) without
cell-centric handovers. Unlike conventional cellular networks,
where each UE is typically linked to a single base station,
in cell-free systems each UE can be served cooperatively by
multiple APs, thereby providing uniform service quality while
mitigating inter-cell interference [4], [5].

To further enhance flexibility and resource management,
the concept of User Equipment as Virtual Base Stations
(UE-VBS) [6] leverages the UEs of the end-users to act
as local coordinating points—providing caching, relaying,
and resource-allocation functions, thereby reducing latency
and backhaul load [7]. After clustering the UEs based on
their spatial characteristics, one UE per cluster is selected
as the cluster head and designated as a UE-VBS. Notably,
the UE-VBS concept extends the role of UEs from passive
terminals to active network nodes, enabling scalable and
dynamic fronthaul-less operation in 6G deployments.

Below, we provide background information regarding the
RRA and the ML approaches employed in this study. RRA
refers to the process of assigning available radio spectrum,
time-slots, and transmission power among UEs to optimize
network throughput, fairness, and energy efficiency [8]. An
interesting work regarding DRRA that is using the DAI
framework along with Federated Learning in 6G networks,
which also achieves high accuracy, is at [9].

A. Background on the Cluster Approaches

Effective resource allocation is paramount in modern wire-
less communications, especially in dense networks such as
those found in 5G/6G mMTC and eMBB scenarios and
emerging 6G cell-free architectures. This section reviews the
primary methods employed in our framework, describing each
approach in dedicated subsections. We detail the various
clustering techniques, their formulations, and the associated
FB assignment strategies that are used to mitigate interference
and optimize system performance.

1) Enhanced K-Means (vanilla K-Means)
K-means iteratively refines cluster assignments and cen-

troids to minimise within-cluster variance. Its simplicity and
linear scalability make it well suited for partitioning static
feature vectors, though susceptibility to local minima and
sensitivity to initialisation remain practical concerns [10],
[11]. Given a data matrix X = [x1, . . . ,xn] ∈ Rd×n and
a prescribed number of clusters K, the K-means objective is

min
{µk}K

k=1, {rik}
J =

n∑
i=1

K∑
k=1

rik ∥xi − µk∥22,

where rik ∈ {0, 1} encodes the assignment of point i to
centroid k with

∑
k rik = 1, and µk ∈ Rd is the k-th centroid.

Lloyd’s algorithm alternates between an assignment step,
rik ← 1

(
k = argminj∥xi − µj∥22

)
, and a centroid-update

step, µk ←
∑

i rikxi∑
i rik

, monotonically decreasing J until local
convergence, although finding the global optimum is NP-hard
[10].

After projecting each input xi into its d-dimensional latent
representation zi = fθ(xi), we cluster the set {zi}Ni=1

with vanilla K-means. Centroids are initialised with the
K-means++ heuristic to reduce the probability of poor local
optima [12]. The procedure iterates assignment and update
steps until the relative decrease in objective falls below 10−4.
The number of clusters K is chosen by the elbow criterion
[13] and corroborated with silhouette analysis [14]. In the
proposed apporach, the clustering procedure is repeated ten
times with different random seeds, and the solution yielding
the lowest objective value is retained.

2) Deep Temporal Clustering (DTC)
DTC integrates a temporal autoencoder with a differen-

tiable clustering layer. Joint optimization of reconstruction
and KL-based clustering losses preserves temporal structure
in the latent space while encouraging separation among
sequence-level centroids, producing coherent and discrimina-
tive clusters for multivariate time-series data [15]. Consider n
length-T multivariate time series {x(i)

1:T }ni=1. A temporal au-
toencoder (Eθ, Dϕ) yields latent sequences z(i)1:T = Eθ(x

(i)
1:T ).

With learnable centroids ck ∈ Rm×T and a temporal distance
d(·, ·), soft assignments are computed by a Student kernel

qik =

(
1 + d(z

(i)
1:T , ck)/α

)−α+1
2∑K

j=1

(
1 + d(z

(i)
1:T , cj)/α

)−α+1
2

,

then sharpened via pik = q2ik
/∑K

j=1 q
2
ij . The end-to-end loss

L =
∑
i,t

∥x(i)
t −Dϕ(z

(i)
t )∥22 + λ

∑
i,k

pik log
pik
qik
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balances reconstruction fidelity and KL-divergence clustering,
letting gradient descent jointly tune network weights and
centroids [15].

3) Deep Clustering Network (DCN)
DCN extends basic autoencoding by embedding an explicit

K-means distortion term in the training objective. The alter-
nating scheme simultaneously reconstructs inputs and sculpts
the latent manifold into well-separated, centroid-friendly re-
gions, giving more stable assignments and efficient infer-
ence compared with post-hoc clustering [16]. DCN learns
an encoder–decoder pair (fθ, gϕ) that maps xi 7→ zi =
fθ(xi) ∈ Rm while forcing the codes to form K tight spher-
ical clusters. With latent centroids µk and hard assignment
si = argmink∥zi − µk∥22, the objective

min
θ,ϕ,{µk}

n∑
i=1

∥xi − gϕ(zi)∥22 + γ

n∑
i=1

∥zi − µsi∥22

alternates between stochastic-gradient updates of (θ, ϕ) and
closed-form centroid updates, yielding an embedding space
explicitly shaped for K-means [16].

B. Background on the Classification Approaches

Beyond clustering, our framework relies on supervised models
to label devices or resource blocks once coarse structure
has been inferred. The methods span generative-adversarial
learning, hybrid linear–nonlinear predictors, classical bag-
ging ensembles, and a plain multilayer perceptron used as
a baseline. Each technique is summarized below with its
mathematical formulation and key training objective.

1) GAN Dense Classifier
A GAN-based dense classifier augments a feed-forward

discriminator Dθd : Rd → [0, 1]C+1 with a generator
Gθg : Rℓ → Rd that synthesizes pseudo-samples. Let
y ∈ {1, . . . , C} denote the true class and C + 1 the fake
label. The discriminator minimises

LD = −E(x,y)∼pdata

[
logDy(x)

]
−Ez∼pz

[
logDC+1

(
Gθg (z)

)]
,

while the generator minimises the feature-matching objective

LG =
∥∥Ex∼pdataψ(x)− Ez∼pzψ

(
Gθg (z)

)∥∥2
2
,

where ψ(·) is the penultimate dense layer of Dθd that em-
beds inputs into Rm. Alternating stochastic-gradient updates
of (θd, θg) enlarge the effective training set and regularise
Dθd , giving improved generalisation in data-sparse wireless
scenarios [17].

2) Wide & Deep Neural Network
The Wide & Deep model combines a linear “memorisa-

tion” component with a multilayer perceptron that captures
higher-order interactions [18]. Given raw features x ∈ Rd and
learned nonlinear features ϕ(x) = fθ(x) ∈ Rm produced by
L hidden layers,

p(y=c |x) = σ
(
w⊤

c x+ v⊤
c ϕ(x) + bc

)
,

with class-specific weights (wc,vc, bc). The parameters
of both branches are trained jointly by minimising the
cross-entropy

L = −
n∑

i=1

C∑
c=1

1(yi=c) log p(yi=c |xi).

The wide term memorises sparse manual crosses (e.g., CQI
× location bin), whereas the deep term generalises to unseen
feature combinations, an asset in non-stationary radio envi-
ronments.

3) Baseline Multilayer Perceptron
The MLP is a standard feed-forward network with L hidden

layers. For input x, activations are

h(0) = x, h(ℓ) = σ
(
W(ℓ)h(ℓ−1) + b(ℓ)

)
, ℓ = 1, . . . , L,

and the softmax output

p(y=c |x) =
exp

(
u⊤
c h

(L) + ac
)∑C

j=1 exp
(
u⊤
j h

(L) + aj
) .

Training minimises the same cross-entropy as above by
back-propagation [19]. Although lacking the specialised struc-
ture of the other models, this MLP provides a competitive
baseline and a sanity check for gains brought by more
elaborate architectures.

4) Random Forest Ensemble
A random forest constructs T decision trees {ht}Tt=1, each

trained on a bootstrap sample and split using a random subset
of features [20]. The ensemble prediction is the majority vote

ŷ = argmax
c

1

T

T∑
t=1

1
(
ht(x) = c

)
.

Bagging reduces variance, and random feature selection
decorrelates trees, yielding strong out-of-the-box accuracy
and robustness to heterogeneous feature scales commonly
encountered in radio-access measurements.

III. SYSTEM DESCRIPTION

Figure 1 depicts a flexible, cell-free network in which a
distributed layer of Free-Cells access points (APs) coop-
erates under a central unit. Each UE that is selected to
become AP can deliver extended services and even behave
as user-equipment virtual base stations (UE-VBSs [21])—for
example, by caching content—so the same hardware both
relays data and, when needed, serves end users’ storage and
computation demands. Before frequency-band (FB) assign-
ment, the system clusters UEs to clustered UEs and UE-VBSs
according to their locations and connectivity characteristics,
revealing natural groupings and allowing the network to
choose the most suitable subset of APs for every cluster.
These localized clusters enable targeted interference control
and resource management.

Next, a machine-learning classifier, whose hyperparameters
are exhaustively tuned, uses features from the clustering stage
to predict the optimal FB for each UE-VBS, thereby further
suppressing interference and boosting spectral efficiency. By
fusing AP selection through clustering with ML-driven FB
allocation, the framework delivers the dynamic, distributed
resource management that emerging cell-free and 6G de-
ployments require, sustaining high data rates and low power
consumption while remaining inherently scalable [5], [22],
[23].

IV. METHODOLOGY

This section details the experimental methodology used in
this study. It outlines the data generation process, the con-
struction of feature sets, the clustering and classification
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Fig. 1: The Distributed Radio Resource Allocation System.

model architectures, and the procedures followed for training,
optimization, and performance evaluation.

A. Data Generation for the Dataset

A simulation algorithm is employed to generate the dataset.
UEs with integrated agent functionalities are randomly po-
sitioned within a defined area representing a cell-free 6G
network. Our methodology uses a clustering process to group
them based on their spatial distributions after the UEs are
deployed. The device closest to the cluster centroid is selected
from each resulting cluster to serve as a Free Cells Access
Point (AP) or User Equipment as Virtual Base Station (UE-
VBS1). These selected UE-VBS devices function as local
coordinators for resource management within their clusters.

A dynamic FB allocation algorithm is executed once the
clusters and their corresponding UE-VBS (Free Cells APs) are
determined. This algorithm leverages the spatial information
by calculating the distances between each UE and its assigned
UE-VBS, as well as the distances between the UE-VBS and
a centralised coordinating unit (e.g., WiFi AP, Base Station)
acting as gateway. The key objective is to allocate FBs in such
a way that each cluster receives a unique set of frequency
bands, which minimizes interference and maximizes resource
utilisation across the network. The pseudocode in Algorithm 1
summarizes the RRA procedure:

In summary, data generation in our methodology involves
creating a realistic simulation of a distributed cell-free 6G
network by: i) Randomly positioning UEs within a defined
area; ii) Employing clustering algorithms to group UEs; iii)
Selecting as Free Cells APs (UE-VBS) the devices closest
to the cluster centroids; and iv) Dynamically allocating fre-
quency bands based on distance criteria to ensure efficient
resource utilisation and minimal interference.

B. Features & Descriptions

Table I presents the principal attributes extracted during
simulation and clustering that feed the machine-learning
models that will assign to UE a frequency band (FB). Each
feature stems either from the UE’s spatial coordinates or
from network-performance metrics gathered while assigning
frequency bands. Specifically, the dataset records the UE’s
location, its distance to the chosen cluster head (i.e., the device

1UE-VBS is an extension of the AP, it provides additional services such
as caching and content sharing

Algorithm 1 Radio Resource Allocation Algorithm

Require: List of UEs with integrated agent functionalities,
Clustering results (including cluster centroids and se-
lected UE-VBS), Distance information

Ensure: Allocation of underlay FBs (reused) to each UE and
overlay FB (no to be reused) to UE-VBS

1: Select UE-VBS: Based on clustering outcomes, select as
UE-VBS the device closest to the centroid in each cluster
and assign an overlay FB.

2: Compute Distances: Calculate distances between each
UE and its respective UE-VBS, and between each UE-
VBS and the centralised coordinating unit.

3: Initialize FB List: Create a list of available (reused)
underlay FBs.

4: for each UE in the network do
5: if there are available (reused) underlay FBs then
6: Directly assign an unused underlay FB to the UE.
7: else
8: Compute the distance from the UE to its corre-

sponding UE-VBS.
9: Assign a FB based on this distance and the priority

of the UE-VBS.
10: end if
11: end for
12: Output: FB allocation for each UE.

nearest the cluster centroid acting as the Free Cells Access
Point, or UE-VBS), the calculated SINR (in dB), the predicted
data rate, and the cluster label assigned in the clustering stage.

TABLE I: Features and descriptions for model training.
Feature Description
X Position Denotes the horizontal spatial coordinate of the UE within the simu-

lated deployment area. This value helps model spatial distribution and
user mobility patterns.

Y Position Represents the vertical spatial coordinate of the UE, used alongside
the X position to calculate relative distances and coverage zones in
the 2D simulation space.

Distance to Cluster Head Measures the straight-line (Euclidean) distance from the UE to its
respective cluster head, which is determined as the node closest to the
geometric centre of the cluster. This metric is critical for evaluating
connectivity efficiency and signal degradation.

SINR (dB) The Signal-to-Interference-plus-Noise Ratio in decibels. It quantifies
the quality of the received signal by comparing the power of the
desired signal to the combined power of interference (from other UEs
using the same frequency) and background noise.

Data Rate (Mbps) Refers to the estimated transmission rate achievable by the UE,
typically computed based on the allocated bandwidth and the cor-
responding SINR value using standard channel capacity formulas.

Cluster Indicates the cluster identifier assigned to the UE during the clustering
phase. This label signifies which group the UE belongs to for localized
resource coordination and allocation.

C. Architecture of Clustering and Classification Approaches

1) Architecture of the Clustering Approaches
The first stage of the framework is tasked with un-

covering latent topological structure in the UE deploy-
ment so that radio resources can be coordinated on a
per-cluster basis. Three algorithms of escalating model com-
plexity are explored—namely, the centroid-based K-Means,
the sequence-aware Deep Temporal Clustering (DTC), and
the representation-learning Deep Clustering Network (DCN).
Together these cover the continuum from purely geometric
grouping to fully data-driven, end-to-end training.

a) K-Means Clustering Architecture
K-Means remains a competitive baseline for spatial par-

titioning because it is parameter-free, deterministic under
k-means++, and scales linearly with the number of UEs [10],
[24]. In each iteration the following are repeated:
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• Initialisation: K centroids are seeded to maximise
inter-centroid distance, mitigating the local-minimum
problem inherent in random starts.

• Assignment: A UE xi is labelled with the index
of its nearest centroid in Euclidean distance, ci =
argmink ∥xi − µk∥2.

• Update: The centroid is relocated to the arithmetic
mean of its members, µk = 1

|Ck|
∑

i∈Ck
xi, thereby

minimising the within-cluster sum of squares (WCSS).
The cycle is repeated until the fractional reduction in WCSS
falls below 10−4. To balance granularity against interference
over-segmentation, K is selected from the range 1. . .10 by
maximising the silhouette coefficient, ensuring well-separated
yet cohesive UE groups.

b) Deep Temporal Clustering (DTC)
DTC targets deployments in which the spatial footprint

alone is insufficient to reveal meaningful clusters, for exam-
ple when UEs are quasi-static but experience heterogeneous
temporal fading profiles [25]. Its pipeline is as follows:

• Input representation: Each UE contributes a short
SINR trace of length T = 64 samples, capturing fast
fading and intermittent blockage events in sub-6-GHz
bands.

• Encoder: Two bidirectional LSTM layers (128 and 64
hidden units) digest the sequence into a compact code
zi ∈ R64. The use of recurrent gates enables the model
to retain long-term interference context while remaining
parameter-efficient.

• Clustering Layer: A set of trainable centroids {µj} is
maintained; soft assignment is realised by a Student’s-t
kernel qij ∝ (1 + ∥zi − µj∥22)−1, which is heavy-tailed
and thus more tolerant to outliers than a Gaussian kernel.

• Optimisation: Every five epochs the target distribution
pij = q2ij/

∑
l qil is recomputed, and the encoder is

updated by minimising KL(P∥Q). A secondary recon-
struction loss on the input sequence enforces temporal
fidelity. The dual objective steers the latent space to be
both information-preserving and cluster-friendly.

Model selection is again conducted with a silhouette sweep
over K, yielding a data-adaptive number of clusters without
manual tuning.

c) Deep Clustering Network (DCN)
DCN generalises the concept of fitting a Gaussian mixture

model in an unknown feature space by learning that feature
space jointly with the cluster centroids [26]. Its architecture
is composed of:

• Encoder–Decoder Backbone: Five dense layers pro-
gressively compress the 2-D coordinates into a 10-D
manifold, while a mirrored decoder reconstructs the
input. Layer sizes follow a geometric progression (1024
→ 512 → 256 → 128 → 10) to maintain a smooth
information bottleneck.

• Latent K-Means Block: After each mini-batch a closed
-form centroid update is performed in the latent space,
µk ← 1

|Ck|
∑

i∈Ck
zi. The additional loss term λ·∥zi −

µci∥22 (λ = 0.1) explicitly shapes the embedding to
favour spherical, well-separated clusters.

• Training Regime: Fifty epochs of auto-encoder
pre-training align the reconstruction and latent objec-
tives, followed by fifty epochs of joint optimisation with

momentum SGD (learning rate 0.01), resulting in a stable
convergence profile even under highly non-Gaussian UE
layouts.

The trio, K-Means, DTC, and DCN, provides a flexi-
ble toolkit: K-Means for lightweight, geometry-dominated
scenes; DTC for temporal diversity; and DCN for sophisti-
cated, non-linear spatial manifolds. roids can be interchanged
without adjusting the downstream FB allocator.

2) Architecture of the Classification Approaches
Given the cluster index and local link attributes, the second

stage predicts a discrete frequency band (FB) allocation. The
input vector f concatenates coordinates, distance to the cluster
head, instantaneous SINR, Shannon spectral efficiency, and
one-hot cluster membership, resulting in a 70-dimensional
feature space. Four classifiers encapsulate different modelling
philosophies.

a) GAN Dense Classifier
Borrowing the discriminator topology of the

Auxiliary-Classifier GAN [27], the network comprises:

• Two to three fully connected layers of 256–512 ReLU
neurons equipped with batch normalisation and 20–30 %
dropout for regularisation.

• A softmax head producing posterior probabilities over
the NFB frequency bands.

• Training with sparse cross-entropy under the Adam
optimiser (lr = 10−3, β1 = 0.9) for up to 20 epochs;
the model is early-stopped when the validation loss fails
to improve for three consecutive epochs.

Although no generator is used at inference, the
discriminator-style design retains the GAN’s capacity
for class-specific feature separation.

b) Wide & Deep Neural Network
The Wide–Deep paradigm jointly learns low-degree feature

interactions and higher-order patterns [28].

• Wide component: A single linear layer acts on raw
spatial coordinates and SINR, directly memorising rare
but predictive feature crosses.

• Deep component: A three-layer tower (256–128–64
units, ReLU activations, 30 % dropout) captures
non-linear interactions among cluster dummies and rate
estimates.

• Fusion and output: The logits from both streams are
concatenated and passed to a final softmax layer. The
model is optimised with AdaGrad (lr = 0.01), which
suits the sparse–dense hybrid input.

c) Baseline Multilayer Perceptron
A standard multilayer perceptron serves as a lower-bound

reference [29].

• Architecture: Two or three hidden layers, each with
256–512 ReLU units followed by 25 % dropout.

• Optimisation: Trained with Adam using a learning rate
of 10−3.

• Performance: Despite its simplicity, a well-tuned MLP
can achieve competitive accuracy when rich feature
engineering is available.

d) Random Forest Ensemble
Random Forest supplies a non-parametric, interpretable

baseline [30]:

IFIP Networking 2025 - Limassol, Cyprus - 26-30 May 2025

360



• An ensemble of 200 decision trees is grown to full depth
on bootstrap samples, each split considering a random√
d feature subset.

• Class probability estimates are obtained by averaging
the soft-class counts across trees, with optional class
weighting to mitigate label imbalance.

Collectively, these classifiers expose a rich accu-
racy–interpretability–latency design space, ensuring that the
FB allocation layer can be tuned to the operational constraints
of any target network.

D. Overall Methodology, Optimization and Validation

Our methodology integrates two main stages, that is, cluster-
ing and classification, to achieve dynamic and interference-
aware radio resource allocation in dense, cell-free 6G net-
works. The process involves generating synthetic UE po-
sitions, clustering them to select optimal cell-free Access
Points (APs) (to become, in a later stage, UE-VBS), extracting
features from clustering and interference analysis, and finally
training classification models to predict optimal FB alloca-
tions. This section details the overall workflow, including the
optimization and validation procedures.

Algorithm 2 Clustering Evaluation & Best Method Selection

Require: Synthetic UE positions for various network sizes
(e.g., 100, 200, . . . , 1000 UEs)

1: for each network size in {100, 200, . . . , 1000} do
2: for each clustering method in {K-Means, DTC, DCN}

do
3: Apply the clustering method to obtain cluster

labels and centroids.
4: Identify the UEs nearest to each centroid and

designate them as Access Points (APs) or UE-VBS.
5: Process clusters and assign frequency bands (FBs)

and compute performance metrics:
• Assign non-reused FBs (overlay FB) to the APs (one

per cluster).
• For each remaining UE in the cluster:

– Identify the furthest AP from the current cluster’s
AP, based on inter-AP distance.

– From the furthest cluster, select the UE that is
furthest from its AP.

– If this UE has an assigned FB, reuse that FB for
the current UE (underlay FB).

– If not, assign an available underlay FB that has not
yet been reused.

• After FB assignments, compute:
– Clustering quality metrics: Silhouette Score,

Davies-Bouldin Index, Calinski-Harabasz Index.
– Network performance metrics: Average data rate,

Total power consumption.
6: end for
7: Select the clustering method with the highest average

data rate and lowest total power consumption.
8: end for
9: return The best clustering method and corresponding

metrics for each network size.

a) Stage 1: Clustering and Free Cells AP Selection
Synthetic data is generated to simulate the spatial positions

of UE for varying network sizes (ranging, for example, from
100 to 1000 UEs). Multiple clustering algorithms are then
applied to this data:

1) Clustering Methods:
• K-Means: Clusters (partitions) UE positions by min-

imizing within-cluster variance.
• DEC: Uses a fully-connected autoencoder to learn

latent representations and then refines clustering via
a dedicated clustering layer.

• DTC (Deep Temporal Clustering): Extracts temporal
features and clusters in latent space using a temporal
autoencoder.

• DCN (Deep Clustering Network): Jointly minimizes
reconstruction and clustering loss.

2) Optimization: For each clustering algorithm, the num-
ber of clusters is varied (e.g., in a specified range),
and performance metrics, such as the silhouette score,
Davies-Bouldin index, and Calinski-Harabasz index, are
computed to evaluate clustering quality. These metrics,
along with interference measurements (e.g., SINR and
data rates), are used to select the best clustering method
for each network size.

Algorithm 2 benchmarks three clustering schemes, K-
Means, DTC, and DCN, across growing network sizes while
embedding an interference-aware frequency-reuse policy. For
each scenario it quantifies clustering quality and network-level
KPIs, then selects the scheme that maximises average data
rate and minimises total power consumption, delivering the
most spectrally- and energy-efficient topology.

b) Stage 2: Classification Model Training and Selection
Features are then extracted from the clustering outcomes

and interference analysis. The extracted features include:
• Spatial Coordinates: The X and Y positions of each

device.
• Distance to the Cluster Head: The Euclidean distance

from each device to its corresponding cluster head (or
Free Cells AP), which reflects the proximity of the device
to the cluster’s representative.

• SINR (in dB): The Signal-to-Interference-plus-Noise
Ratio computed from the interference measurements is
critical for assessing the link quality.

• Estimated Data Rate (in Mbps): The data rate esti-
mated based on the computed SINR and available system
bandwidth.

• Raw Cluster Label: The discrete cluster identifier ob-
tained directly from the clustering algorithm.

• One-Hot Encoded Cluster Labels: A binary (one-hot)
encoding of the cluster labels to capture categorical
membership information in a format suitable for clas-
sification.

These features serve as input to the classification models
that predict the optimal FB allocation for each UE. The
classification module includes several models:

• GAN Dense Classifier: A discriminator-style
feed-forward network with two–three Dense (ReLU)
layers, batch normalisation, 20–30% dropout, and a
softmax head that outputs multi-class FB probabilities.
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• Wide & Deep Neural Network: A hybrid architecture
that concatenates a linear “wide” layer (memorising
sparse feature crosses) with a three-layer deep tower
(256–128–64 ReLU units, 30% dropout) before a soft-
max FB output.

• MLP: A standard multilayer perceptron comprising
two–three Dense (ReLU) layers, 25% dropout for reg-
ularisation, and a softmax output for multi-class FB
prediction.

• RF: A random-forest ensemble of 200 fully grown
decision trees, each trained on bootstrap samples and
random feature subsets, whose averaged votes provide
FB class probabilities.

Algorithm 3 summarizes the classification model training
and selection process.

Algorithm 3 Classification Model Training and Selection

Require: Feature set extracted from clustering and interfer-
ence analysis, with corresponding FB labels.

1: Split the dataset into training (80%) and testing (20%)
sets.

2: for each classification model in {GAN, Wide & Deep
NN, MLP, and RF} do

3: Perform hyperparameter tuning using GridSearchCV
with k-fold cross-validation.

4: Evaluate each candidate model on the validation set.
5: end for
6: Select the model with the best validation performance

(lowest loss or highest accuracy).
7: return The best classification model and its optimised

hyperparameters.

For the four candidate predictors, such as GAN Dense
classifier, Wide & Deep network, vanilla MLP and
Random-Forest (RF), we carry out a GridSearchCV sweep
with two-fold cross-validation on an 80:20 train–test split,
using z-score–normalised synthetic features. Tuned hyper-
parameters include the number of hidden layers, neurons,
dropout rate, batch size, and learning rate for the three neural
networks, and tree count, maximum depth, and class weight-
ing for RF. The grid search selects the configuration that max-
imises fold-level validation accuracy; that model is then re-
trained on the full training fold and evaluated on the hold-out
set. Test-set accuracy (after merging single-sample classes),
together with auxiliary metrics, is compared across the four
approaches to identify the most reliable frequency-band allo-
cator.

1) Overall Evaluation and Model Selection
The evaluation process integrates performance outcomes

from both the clustering and classification stages, ensuring
optimal FB allocation and resource management. The process
is organized as follows:

1) Clustering Evaluation: For each network size and clus-
tering method, clustering performance is quantified using
the silhouette score, Davies-Bouldin index, Calinski-
Harabasz index, and interference-related metrics (such as
average interference, sum rate, total power consumption),
as well as the execution time. The best clustering method
is selected based on its overall performance—typically

the one that yields the highest average data rate and low-
est power consumption while maintaining high cluster
quality. The centroids from the best clustering method
are used to identify Free Cells APs (i.e., the devices
closest to the cluster centroids).

2) Frequency Band Assignment and Metrics Compu-
tation: The selected clustering output is processed to
assign FBs to the UEs. An interference-aware FB al-
location algorithm is applied, computing distance-based
interference metrics, SINR, and estimated data rates for
the UEs.

3) Feature Extraction: A comprehensive feature set is
extracted from the clustering and interference analysis
stages. These features include spatial coordinates, dis-
tance to the selected cluster head (Free Cells AP), SINR
(in dB), estimated data rate (in Mbps), and encoded
cluster labels. This feature set forms the dataset for the
classification stage.

4) Classification Model Training: Multiple classification
models are trained using the extracted feature set. With
GridSearchCV and k-fold cross-validation, hyperparam-
eter optimization is performed to rigorously explore the
parameter space and ensure robust model training.

5) Model Evaluation and Selection: The performance of
each classifier is evaluated based on validation accuracy.
The classifier with the highest validation accuracy is
selected to predict optimal FB allocation, using the
outputs from the best clustering approach as input data.

6) Integrated Model Selection: The final system is chosen
based on the best clustering method (for grouping UE
based on their positions and selecting APs/ UE-VBS)
and the best-performing classifier (for predicting FB
allocation). This combined approach ensures optimised
resource allocation across various network sizes and
operating conditions.

The integrated evaluation framework enables dynamic se-
lection of the best clustering method and, subsequently,
the best classification model. By rigorously optimizing and
validating each stage using appropriate metrics, the frame-
work ensures optimal FB allocation, maximizing aggregate
data rates while minimizing interference in dense wireless
networks. In our experiments, as network sizes scale from
100 to 1000 UEs, the framework dynamically adapts to select
the clustering method that yields the best interference and
data rate performance (K-Means). Concurrently, the most
accurate classifier (which in this case is GAN) is optimised
to predict FB allocation with high accuracy, ensuring robust
resource management in dense wireless environments. This
integrated approach—comprising clustering, feature extrac-
tion, model optimization, and rigorous validation—provides
a comprehensive solution for dynamic FB allocation in 6G
cell-free networks, maximizing data rates while minimizing
interference.

V. PERFORMANCE ANALYSIS

In our framework, we evaluate both the clustering stage
and the classification stage using a variety of performance
metrics. These metrics not only allow us to compare different
clustering methods but also to assess the predictive accuracy
of the classification models for FB allocation.
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A. Simulation Parameters

The simulation parameters used to evaluate our framework are
designed to emulate realistic network conditions. Specifically,
the training dataset comprises 1,000 samples. The system
operates over 500 frequency bands at a carrier frequency
of 2.4 GHz, with each band having a 20 MHz bandwidth.
The number of user equipments (UEs) ranges from 100 to
1000, enabling evaluation under varying load scenarios.

B. Evaluation of Clustering Approaches in a Cell-Free Sce-
nario

This section presents the evaluation of different clustering
techniques within a simulated cell-free 6G network. It in-
troduces the metrics used to assess both clustering quality
and network performance, and compares the effectiveness
of several algorithms, namely K-Means, DTC, and DCN, in
terms of energy efficiency, data throughput, and clustering
quality.

1) Evaluation Metrics for Clustering
Clustering quality is evaluated using both network-level and

statistical metrics to reflect spatial structure and communica-
tion performance.

• Network Metrics: These include the total power con-
sumption, calculated as

∑N
i=1 Pi, where N is the number

of user equipments (UEs) and Pi is the power used by
the i-th UE. Additionally, the sum rate is computed as∑N

i=1Ri, where Ri denotes the data rate of UE i. These
metrics assess energy efficiency and overall network
throughput [22].

• Calinski-Harabasz Index (CH): This index measures
the ratio of between-cluster to within-cluster variance
using CH = trace(BK)

trace(WK) ·
N−K
K−1 , where BK and WK are

the between- and within-cluster dispersion matrices, N is
the total number of data points, and K is the number of
clusters. Higher values indicate better cluster separation
[31].

• Davies-Bouldin Index (DB): This evaluates average
cluster similarity as DB = 1

K

∑K
i=1 maxj ̸=i

(
σi+σj

d(ci,cj)

)
,

where σi is the average distance of members in cluster i
from its centroid ci, and d(ci, cj) is the distance between
the centroids of clusters i and j. Lower DB values
indicate more compact and distinct clusters [32].

• Silhouette Score: This score quantifies how well a
data point fits within its assigned cluster. It is defined
as s = b−a

max(a,b) , where a is the average distance to
other points in the same cluster (intra-cluster), and b is
the minimum average distance to points in the nearest
neighboring cluster (inter-cluster). A score closer to 1
suggests better-defined clusters [33].

2) Clustering and AP Selection Results
Table II presents the performance comparison of the

evaluated clustering approaches for a network compris-
ing 1000 UEs. The metrics are organized as follows:
total_power_consumption and total_sum_rate; followed by
calinski_harabasz_index, davies_bouldin_index, and silhou-
ette_score, which collectively assess clustering quality in
terms of compactness, separation, and cohesion.

A detailed analysis of Table II reveals that K-Means
delivers superior performance across all key metrics when
compared to deep learning-based clustering approaches such

as DTC and DCN in the cell-free scenario with 1000 UEs.
Starting with total_power_consumption, K-Means shows a
remarkably low value of 9.81×109 W, which is several orders
of magnitude lower than the 6.50 × 1011 W observed for
both DTC and DCN. This indicates a significant advantage
in terms of energy efficiency. In terms of total_sum_rate,
K-Means again leads with a throughput of 68390.78 bps,
which is substantially higher than the rates achieved by DTC
(18073.40 bps) and DCN (19990.10 bps). This demonstrates
K-Means’ ability to support more efficient data delivery in
dense wireless environments.

Examining the clustering quality metrics, K-Means
achieves the highest calinski_harabasz_index value at
1050.48, indicating well-separated and dense clusters. Its
davies_bouldin_index is also the lowest at 0.7554, suggesting
that the clusters are distinct with minimal overlap. Lastly, K-
Means secures the highest silhouette_score of 0.4193, reflect-
ing strong intra-cluster cohesion and inter-cluster separation.
Taken together, these results demonstrate that K-Means not
only minimizes power usage and maximizes data throughput
but also forms high-quality clusters. These advantages make
it highly suitable for cell-free network deployments. Similar
findings are reported in recent studies, such as [34], which
highlight the continued relevance and effectiveness of conven-
tional clustering techniques when properly adapted to wireless
network settings.

C. Evaluation of Classification Approaches

In this section, we evaluate the performance of the classifiers
in terms of classification accuracy and execution time for
hyperparameter tuning.

1) Evaluation Metrics for Classification
To assess the effectiveness of the classifiers used in predict-

ing frequency band (FB) allocations from UE-based features,
we adopt two primary evaluation metrics:

• Accuracy: This metric quantifies the proportion of cor-
rectly predicted FB labels out of all predictions, com-
puted as

Accuracy =
Number of Correct Predictions
Total Number of Predictions

.

Accuracy serves as the main performance metric, es-
pecially when class distribution is relatively balanced.
For comprehensive evaluation, additional metrics such
as precision, recall, and F1-score can be incorporated in
future extensions [35], [36].

• Execution Time: This refers to the duration required
to perform the complete training and hyper-parameter
optimization using GridSearchCV. It is calculated as
Texec = tend − tstart, where tstart and tend denote the
time markers before and after model tuning, respectively.
Execution time is particularly critical in real-time or
latency-sensitive environments where deployment speed
and computational cost are important [37].

• Average Residual Interference: After each classifier
completes frequency-band assignment, the remaining ag-
gregate interference power observed in the system is
sampled and averaged:

Iavg =
1

N

N∑
i=1

Ii,
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TABLE II: Performance Comparison of Clustering Approaches for 1000 UEs

num_ues approach total_power_consumption (W) total_sum_rate (bps) calinski_harabasz_index davies_bouldin_index silhouette_score
1000 K-Means 9.81× 109 68390.78 1050.48 0.7554 0.4193
1000 DTC 6.50× 1011 18073.40 546.87 1.2362 0.3374
1000 DCN 6.50× 1011 19990.10 434.05 1.4564 0.2502

where Ii is the measured interference during the ith

evaluation period and N is the total number of periods.
Lower Iavg indicates better spatial–spectral separation
and a cleaner radio environment, which directly im-
proves link SINR and overall network capacity. In-
cluding this metric enables a holistic assessment that
couples classification accuracy with its tangible impact
on radio-frequency performance.

These metrics are reported for the examined classification
algorithms. All classifiers undergo hyperparameter tuning
with 2-fold cross-validation to ensure robust performance
across varying class distributions.
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Fig. 2: Accuracy vs. Approach.

2) Classification Results

The experimental results clearly show that the GAN attains
the highest classification accuracy at 89 %, closely followed
by the Wide & Deep NN (86%) and the MLP (85%). The
Random Forest model records the lowest accuracy (74.5%),
rendering it less attractive for accuracy-critical use cases
but still acceptable for scenarios with relaxed performance
requirements (Fig. 2).

Figure 3 highlights the trade-off between runtime and ac-
curacy. The Random Forest finishes hyper-parameter tuning
in only ∼ 9 s, making it the fastest model by an order
of magnitude. In contrast, the MLP, Wide & Deep NN,
and GAN Classifier require between 73 s and 83 s, a
consequence of multiple back-propagation passes and larger
parameter counts. Thus, deployment choice should weigh the
latency budget against the accuracy target: Random Forest for
ultra-fast, low-resource settings; GAN or Wide & Deep NN
when maximum accuracy justifies longer processing time.
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Fig. 3: Training and execution time for each classification
approach.

After frequency-band allocation, the GAN Classifier leaves
the lowest average residual interference at 1.10 × 10−7 W,
closely followed by the Wide & Deep NN with 1.20×10−7 W.
The MLP exhibits a slightly higher value of 1.25× 10−7 W.
Despite its speed, the Random Forest model produces the
highest residual interference at 1.45 × 10−7 W, which could
degrade overall network SINR in dense deployments. These
figures confirm that classifiers with higher accuracy not only
select the correct frequency band more often but also translate
directly into a cleaner radio environment.

Overall, the GAN Classifier offers the best joint (accu-
racy, interference) performance, whereas Random Forest is
the clear choice when execution speed outweighs stringent
accuracy and radio cleanliness requirements.

VI. CONCLUSION AND FUTURE WORK

This paper introduced a novel two-stage distributed radio
resource allocation framework for 6G cell-free communica-
tion networks, integrating unsupervised clustering with deep-
learning-based frequency band (FB) prediction. The first
stage leveraged K-Means, DEC, DCN, and DTC clustering
methods to spatially partition user equipment (UE) into
interference-aware clusters, with cluster heads (i.e., selected
UE-VBSs) acting as local coordinators. K-Means consistently
outperformed deep clustering approaches in terms of energy
efficiency, sum rate, and cluster quality metrics, especially
at high UE densities. In the second stage, we employed
supervised classifiers—including GAN-based, Wide & Deep,
MLP, and Random Forest models—to predict optimal FB
assignments based on features extracted from clustering
and network conditions. The GAN classifier achieved the
highest FB-assignment accuracy (89%) and lowest residual
interference (1.10 × 10−7 W), demonstrating its suitability
for latency-sensitive and interference-constrained 6G environ-
ments. Overall, our integrated K-Means → GAN pipeline
provided scalable, energy-efficient, and interference-resilient
resource allocation in ultra-dense deployments, validated by
extensive simulations over varying UE densities.
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Future work will extend this framework in several direc-
tions. First, we plan to incorporate mobility models and time-
varying channel conditions to assess real-time adaptability
under dynamic network scenarios. Second, we aim to ex-
plore reinforcement learning techniques to continuously refine
FB allocation policies based on observed network feedback.
Third, federated learning will be investigated to preserve data
privacy while enabling distributed model training across UE-
VBS nodes. Finally, we will prototype the framework in a
testbed environment using software-defined radios (SDRs)
and edge-computing platforms to assess practical feasibility
and deployment overhead in real-world 6G settings.
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