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Abstract – As a result of the growing requirement for intelligent and adaptive resource allocation in future wireless networks, the 
growing interest in next-generation (NG) wireless networks has promoted the use of sophisticated user clustering methods within non-
orthogonal multiple access (NOMA) systems. This paper proposes a novel deep learning framework based on a Transformer encoder 
for efficient user clustering and pairing in downlink NOMA. Instead of relying on text-based tokenization, the numerical channel state 
information (CSI) is mapped into dense feature embeddings, which are processed through multi-head self-attention to learn fine-
grained inter-user relationships. This enables the model to capture interference patterns and contextual channel dependencies that 
conventional clustering approaches cannot represent. Using user distance, channel gain, SINR, and power allocation, we generated a 
synthetic dataset that meets the requirements of 3GPP TR 38.901 for use in evaluating performance in real-world fading conditions. We 
compared the performance based on a Transformer encoder approach with standard clustering methods (K-means, Balanced K-means, 
DBSCAN). The simulation results indicate that the proposed Transformer-based user clustering framework consistently outperformed 
all other clustering methods with respect to the key performance indicators of bit error rate (BER), throughput, user fairness, energy 
efficiency, and outage probability. For each of the SNR regimes, we achieved lower BERs, greater potential rate, better fairness indices, 
and less outage than the other clustering approaches. These results highlight the strong potential of Transformer-based architectures as 
scalable and intelligent solutions for NOMA user clustering and resource optimization in emerging 6G wireless networks.
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1.	 	INTRODUCTION

The rapidly evolving nature of next-generation wire-
less network technologies requires the development of 
advanced technologies that support large numbers of 

devices simultaneously connecting, enhance the avail-
able spectrum utilization, ensure user fairness, and allo-
cate resources based on intelligent systems utilized by 
the network users [1]. Power-domain non-orthogonal 
multiple access methods are being explored as a po-
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tential solution to provide these capabilities. In pow-
er-domain NOMA, multiple users can simultaneously 
share the same time or frequency resources through 
superposition coding and power-domain multiplexing 
techniques [2-4]. In downlink NOMA, users with weaker 
channel conditions are allocated higher transmit power, 
while users with stronger channels are allocated lower 
transmit power. Stronger users employ successive in-
terference cancellation (SIC) to decode and subtract the 
high-power interfering signals before retrieving their 
own data [5, 6]. This hierarchical decoding mechanism 
effectively mitigates intra-cluster interference and sig-
nificantly enhances spectral efficiency and connectivity 
across heterogeneous environments [7, 8].

The application of NOMA has expanded beyond 
physical-layer performance enhancement to support 
emerging network architectures and services, includ-
ing mobile edge computing (MEC) and integrated 
communication–computation frameworks [9]. These 
studies highlight that efficient user grouping, effective 
interference management, and adaptive resource al-
location are fundamental to realizing the full potential 
of NOMA in complex and heterogeneous network en-
vironments. To ensure user fairness in NOMA-enabled 
systems, recent studies have formulated max–min 
optimization problems [10] that aim to maximize the 
minimum task computation or service rate among us-
ers. These approaches typically involve the joint opti-
mization of offloading decisions, NOMA decoding or-
der, transmission power allocation, and time resource 
scheduling, leading to challenging mixed-integer 
and nonlinear optimization problems. Despite these 
advantages, the performance of NOMA is strongly in-
fluenced by how users are clustered and paired for re-
source sharing. Poorly selected user groups can result 
in degraded throughput, unstable SIC operation, fair-
ness imbalance and increased outage probability [11]. 

1.1.	 Related Works

Traditional pairing schemes such as fixed gain-dif-
ference pairing, distance-based grouping and random 
pairing lack adaptability to dynamic wireless environ-
ments and fail to capture multi-dimensional channel 
state information (CSI), limiting their effectiveness un-
der mobility, fading and real-world user distribution 
conditions [12-14]. To improve adaptability, several 
clustering approaches have been investigated. Classi-
cal unsupervised clustering methods such as K-means, 
hierarchical clustering and DBSCAN group users based 
on statistical similarity in distance or channel gain. K-
means provides simple partitioning but suffers from 
sensitivity to initialization and assumes spherical clus-
ter shapes. Hierarchical clustering constructs a tree 
like structure of clusters by iteratively splitting user 
groups; it often incurs high computational complex-
ity and may not scale efficiently with a large number 
of users. DBSCAN identifies clusters of arbitrary shapes 
but depends heavily on appropriate density thresholds 

and may be unstable in irregular topologies [15]. Non-
parametric mean shift clustering automatically discov-
ers cluster modes, yet its computational complexity 
increases rapidly with growing user numbers and high 
dimensional CSI, reducing its practicality for large-scale 
deployments [16, 17].

To overcome these limitations, recent works have in-
corporated deep learning (DL) into NOMA clustering 
and pairing. Convolutional neural network (CNN) based 
approaches capture spatial CSI features to guide cluster-
ing, while long short-term memory (LSTM) based models 
exploit temporal channel variations to support dynamic 
user grouping [18-21]. Although these approaches out-
perform classical clustering, their architectural constraints 
limit receptive fields in CNNs and sequential process-
ing in LSTMs, which limits their ability to capture global 
multi user interactions, which are essential for optimal 
NOMA performance. This has led to growing interest in 
deep neural networks (DNNs) and graph neural networks 
(GNNs) for user association and resource allocation. In [22], 
a DNN-driven user clustering strategy for downlink NOMA 
was proposed, showing performance gains over heuristic 
methods, but their approach requires task-specific super-
vision and retraining under changing network conditions.  
However, the proposed method relies on task-specific 
supervision and requires retraining when network condi-
tions change. Similarly, GNNs can significantly outperform 
traditional clustering methods for user grouping, beam-
forming and power allocation in hybrid NOMA networks. 
Recent research indicates that intelligent clustering tech-
niques such as graph-based methods can overcome the 
limitations of traditional NOMA pairing techniques [23, 
24]. Although graph-based models perform well for struc-
tured relational learning, the applicability of these models 
in rapidly evolving wireless environments is limited by re-
liance on predefined graph structures and high computa-
tional requirements.

Recently, transformer architectures have been suc-
cessfully applied to capture global relationships 
among high-dimensional features in various applica-
tions. Transformers employ multi-head self-attention 
to capture relationships across multiple diverse CSI 
features simultaneously, enabling the modeling of 
complex feature interactions. In addition, transformers 
process users in parallel, unlike recurrent architectures, 
which rely on sequential processing, thereby avoiding 
delays caused by waiting for prior computations before 
processing subsequent users [25-27]. 

These characteristics of transformers are therefore 
suitable for use in wireless applications such as power 
allocation with attention-driven methods, resource 
scheduling, link adaptation, channel prediction and 
6G holistic resource optimization [28]. Moreover, deci-
sion transformer frameworks introduce offline training 
with online generalization capabilities for base station 
scheduling and radio resource management. Surveys 
confirm that transformers are rapidly reshaping ma-
chine learning  driven wireless optimization owing 
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to their robustness and generalization strengths [29, 
30]. The Transformer models have also been applied 
to multi-antenna signal processing [31], beam selec-
tion [32], and channel estimation [33]. In a number of 
wireless learning tasks, these studies show that self-
attention outperforms conventional convolutional or 
recurrent networks in modeling relationships in high-
dimensional signal spaces.

However, despite these advancements, a critical 
gap remains, as no existing work provides a unified 
transformer based CSI embedding and user clustering 
framework specifically designed for downlink NOMA, 
integrating contextual CSI representations with adap-
tive clustering and intelligent user pairing. Most exist-
ing studies primarily focus on power allocation, chan-
nel prediction, or general resource optimization but 
do not exploit transformer embeddings for NOMA user 
grouping. Additionally, prior works seldom provide 
comprehensive performance evaluations that include 
BER, fairness, throughput, outage probability and en-
ergy efficiency within a single framework. Furthermore, 
they do not address interpretability via attention visu-
alization, computational complexity and practical de-
ployment feasibility.

To address these challenges, this work proposes a 
transformer encoder based CSI embedding and clus-
tering framework. The proposed approach transforms 
raw CSI into contextual embeddings, captures global 
dependencies among users through a multi-head self-
attention mechanism, and enables adaptive, similarity 
aware user pairing for NOMA systems. The proposed 
framework advances NOMA resource allocation while 
addressing long standing challenges in scalability, fair-
ness, energy efficiency and interference management.

1.2.	 Motivation and Contributions

From the existing literature, it is evident that tradi-
tional clustering algorithms and classical deep learn-
ing models are insufficient for capturing the dynamic, 
non linear and high dimensional characteristics of user 
channels in downlink NOMA systems. These limitations 
result in suboptimal user pairing, reduced SIC perfor-
mance and degraded system throughput. To address 
these challenges, this paper proposes a deep learning 
framework for clustering downlink NOMA users that 
captures contextual relationships among channel fea-
tures using window-based temporal representations. 
The key contributions of this study are detailed below.

•	 A transformer encoder based framework is pro-
posed for downlink NOMA user clustering to en-
code multi-dimensional CSI into contextual em-
beddings. The proposed transformer-based em-
bedding model is evaluated against conventional 
clustering algorithms, including K-means, DBSCAN 
and Balanced K-means. In contrast, the transformer 
encoder generates robust contextual embeddings 
that improve clustering stability, enhance interfer-

ence awareness and capture complex inter-user 
relationships.

•	 A controlled dataset was created by simulating 
user distances using the 3GPP TR 38.901 propaga-
tion models. Each user is represented using realistic 
CSI parameters, which include distance to the site, 
path loss, propagation channel gain, transmitted 
power and signal to interference plus noise ratio 
(SINR). This approach provides reliable, reproduc-
ible conditions and allows for practical propaga-
tion modeling to evaluate clustering performance.

•	 The system performance was evaluated using key 
metrics such as bit error rate, throughput, energy 
efficiency, outage probability and fairness index. 
The results consistently show that the transformer 
encoder based system achieves superior perfor-
mance and more stable SIC operation compared to 
traditional clustering techniques.

The rest of this article is organized as follows: Section 
2 presents the system model. Section 3 discusses the 
proposed architecture and clustering methods. Sec-
tion 4 discusses the simulation results. Lastly, section 5 
concludes the article.

2.	 SYSTEM MODEL

The downlink NOMA system is considered, where a 
single base station (BS) serves a set of N users denoted 
by U={u1, u2,..., uN} within a single cell. All users experi-
ence distance dependent path loss and Rayleigh fading. 
The BS utilizes power domain multiplexing to transmit 
data simultaneously to multiple users over the same 
time-frequency resources with different power levels as-
signed based on users channel conditions. At the receiv-
er side, a strong user employs successive interference 
cancellation to decode its signal, where the receiver first 
decodes and removes the high power signal intended 
for the weak user before decoding its own signal.

Let the total system bandwidth be B, while the BS 
operates under a maximum transmit power constraint 
P max. The available bandwidth is uniformly divided into 
k frequency resource blocks, each with a bandwidth of 
B/k. Likewise, the total transmission power is equally 
allocated, assigning Pmax/k to each resource block. In 
the power domain NOMA, each user experiences a 
composite channel gain and is ordered based on chan-
nel gains, where u1 experiences poor channel which is 
located farthest from the BS and u2 is relatively closer 
to the BS with a better channel, and this pattern contin-
ues up to uN , who is nearest to the BS and has the stron-
gest channel. Accordingly, the users channel gains are 
ordered such that |h1|2 < |h2|2 <⋯|hN|2 and power alloca-
tion follows P1 ≥ P2 ≥⋯≥ PN to ensure that users with 
weaker channels receive more power. The BS transmits 
a superimposed signal comprising information sym-
bols intended for each user:

(1)
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Where Pi is the power allocated to user ui, with the con-
straint ∑N

i=1 Pi ≤ Pmax and si is the information symbols 
intended for user ui. The received signal at user ui is:

(2)

hi = gi di
-α/2 ∀i∈{1,2,…,N}, gi ∼CN(0,1) is small-scale fad-

ing, di is the users distance from the BS, α is the path-
loss exponent, and ni ∼CN(0, σ2) is the additive white 
Gaussian noise (AWGN) at user ui. With SIC decoding at 
the receiver, the signal-to-interference plus noise ratio 
(SINR) at user ui is given by:

(3)

The throughput for user ui is given by:

(4)

Where B is the system bandwidth allocated to the com-
munication channel.

3.	 PROPOSED ARCHITECTURE

As the number of users increases, the network creates 
clusters before implementing NOMA. This study uses a 
synthetic CSI dataset generated following the 3rd Genera-
tion Partnership Project Technical Report (3GPP TR) 38.901 
propagation model, enabling controlled evaluation un-
der realistic fading, path loss and user mobility conditions. 
Since real CSI datasets are rarely accessible due to opera-
tor restrictions, a simulation-based dataset ensures repro-
ducibility and scalability for large NOMA deployments, 
consistent with existing literature. Fig. 1 shows the block 
diagram of the proposed architecture, which has different 
stages and gives a detailed overview of each stage.

In deep learning models, including transformer-based 
architectures, we often need to feed the system with con-
siderable data, called the training set. During the training 
phase, the model learns meaningful feature representa-
tions from the input data by minimizing a loss function 
using labeled samples. In supervised learning, the train-
ing dataset contains both input features and correspond-
ing target outputs, allowing the model to learn the map-
ping between them. The proposed method captures 
complex relationships among input features through 
its self-attention mechanism. After training, the learned 
model is evaluated using a separate test dataset to assess 
the performance of the transformer based NOMA system. 

Fig. 1. Proposed architecture block diagram

3.1.	 Training set preparation

This experiment starts with creating a dataset that 
consists of channel gains of users and transmitted 
power based on user behavior within a NOMA envi-
ronment. This dataset acts as the backbone of the en-
tire system and provides all necessary information for 
downstream tasks, such as clustering and embedding 
generation. To optimize the operation of the systems, 
we consider several metrics involved in curating the 
dataset, such as distance from the BS, channel gain, 
power allocation and SINR from the users perspective 
to develop meaningful data. 

Let the input for each user ui be represented as a 
feature vector: xi =[di, hi, Pi, γi] where di is distance, hi is 
channel gain, Pi is power allocation, and γi is SINR. All 
features are normalized to zero mean and unit variance 
prior to training.

3.2.	 Preprocessing

Preparing raw data for future analyses is the primary 
function of a dataset. The problem with raw datasets 
is that they typically have a variable scale and magni-
tude across their data features. This can create bias in 
the results of machine learning models, specifically for 
machine learning algorithms, where the distance be-
tween data points affects performance significantly. To 
solve this problem, the dataset is put through a standard 
scaler, which is a data normalization method that adjusts 
the dataset such that the mean of the dataset is equal to 
0 and the standard deviation of the dataset is equal to 1.

Mathematically, it can be expressed as: Z=(X-X  ̄̄)/σ  where 
X  ̄and σ are the mean and standard deviation of X and Z is 
the standardized data. By scaling all of the features, the 
dataset ensures that channel gain and power allocation, 
which may originally have different numerical ranges, do 
not dominate the clustering process. Thus, by training 
the model on the normalized data, the model is able to 
assign equal weight to all of the different features of the 
data, resulting in a more accurate and meaningful cluster-
ing result. Without this normalization step, features with 
larger magnitudes could significantly bias the clustering 
outcome, leading to degraded model performance.

3.3.	 Feature Embedding Layer

The proposed system directly processes numerical 
CSI and does not require tokenization, as opposed to 
the BERT based text models. A learnable feature em-
bedding (LFE) layer is introduced to transform the nor-
malized CSI input into multi-dimensional tensor fea-
tures for use by attention-based algorithms [25].

A trainable projection embedding is used to represent 
the relationship between users and their CSI properties.

(5)
where xi is the normalized feature vector, We is the em-
bedding weight matrix, be is the embedding bias, and 
ei is the embedded CSI representation.
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3.4.	 Transformer Encoder 

The Transformer encoder processes the embedded CSI 
vectors to learn users contextual relationships with their 
respective neighborhoods by modeling global depen-
dencies through multi-head self-attention [27]. Let N rep-
resent the total number of users in the system. The input 
to the encoder is represented as an embedding matrix.

where ek represents the embedded CSI vector of user k.

There are two main components present in the Trans-
former encoder layer: multi-head self-attention (MSA) 
and feed-forward network (FFN). Both components 
contain residual connections and layer normalization, 
which help stabilize training and improve the learning 
capability of the model. The self-attention computes 
the similarity between each user and all other users 
within the system, enabling the model to capture the 
level of interaction and potential interference among 
users sharing the same channel. 

The MSA approach allows the model to establish im-
portant associations among users who share similar 
channel condition characteristics or have a poor chan-
nel condition. Therefore, MSA and FFN together make 
up the fundamental parts of the Transformer encoder, 
which allows the model to identify more complicated 
relationships in the set of CSI than traditional cluster 
algorithms could identify. After MSA has processed the 
user embeddings created by the model, an element-
wise feed-forward network is applied to create high-
level representations that enhance the model’s ability 
to identify nonlinear interactions among the various 
channel characteristics. Additionally, by including re-
sidual connections, original CSI data will maintain its 
information content while incorporating the features 
learned from the user data. The encoder layers are 
stacked together to produce a final embedding for all 
of the users, which will consist of individual character-
istics and the relationships between users that were 
learned from the model.

(7)

Where hi reflects both individual CSI behavior and 
learned inter-user dependencies.

As a result, the Transformer encoder produces a struc-
tured feature space where users with similar behavior 
are naturally grouped and strong-weak distinctions be-
come more prominent. These properties significantly 
improve the performance of downstream clustering 
algorithms and enable more efficient NOMA user pair-
ing. Further, the Transformer encoder is trained using a 
contrastive reconstruction loss, defined as

Where xi denotes the input CSI feature vector and x ̂i 
represents the reconstructed output, and K is the num-

ber of training samples. This loss encourages the Trans-
former encoder to learn compact and information-pre-
serving representations suitable for clustering.

The Transformer model is trained using the Adam 
optimizer with a learning rate of 10-4 and batch size of 
128. The network consists of 4 Transformer layers, each 
with 8 attention heads and an embedding dimension 
of 128. Training is conducted for 100 epochs, and the 
validation set is used for hyperparameter tuning and 
convergence monitoring. All random seeds and initial-
ization parameters are fixed to ensure reproducibility. 
The Transformer encoder converts raw CSI into contex-
tual embeddings that capture global inter-user rela-
tionships using a self-attention mechanism. 

These embeddings provide a structured feature 
space in which conventional clustering algorithms 
such as K-Means, Balanced K-Means, and DBSCAN can 
operate more effectively. By working on the trans-
formed embedding space H instead of the raw CSI, 
clusters become more coherent, balanced, and aligned 
with strong weak pairing requirements in NOMA sys-
tems. This significantly improves throughput, fairness, 
SIC stability, and overall system performance.

3.5.	 Clustering Methods

Clustering or partitioning of users is one of the 
widely used techniques and plays a crucial role in or-
der to enhance the performance of the NOMA system. 
Among various clustering schemes, some commonly 
used traditional clustering schemes are K-means, hier-
archical clustering, and DBSCAN. Traditional clustering 
schemes often fail to achieve balanced cluster sizes, 
leading to suboptimal user pairing and reduced system 
performance. In this paper, we propose a Balanced K-
means and transformer encoder model to address this 
challenge. These schemes prioritize balanced cluster 
sizes and optimize user pairing to maximize the utili-
zation of NOMA, spectral efficiency and throughput of 
the NOMA network. 

K- means remains attractive for NOMA because of its 
low computational cost and its ability to partition us-
ers based on similarities in CSI or distance. Algorithm 
1 iteratively assigns each user to the nearest centroid 
and updates the centroid based on the cluster mem-
bers. Although K-means is popular, it has a number 
of limitations that make it less than ideal for use with 
NOMA. First, K-means clustering is highly sensitive to 
the selection of the initial centroids; it does not provide 
a mechanism for constraining the size of the clusters, 
which often leads to unbalanced clusters with less di-
versity in the power domain and poorer performance 
for SIC. Second, K-means is not well suited for irregular 
user distributions, dynamic user mobility or the pres-
ence of extreme outlier values. Even a small number of 
these extreme values can significantly change the posi-
tion of centroids, leading to unstable clustering results 
and reduced reliability of the overall system.

(8)

(6)
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Algorithm 1: K-Means Clustering 
Require: User set U={u1, u2,…, uN} with feature vectors xi 
; number of clusters m.
Ensure:user clusters C=C1, C2,…, Cm

1.	 Initialize cluster centroids μ1, μ2,…, μm randomly
2.	 Repeat
3.	 Reset all clusters: Ck ←∅ for k=1, 2,…,m
4.	 for each user ui do
5.	 Compute distance d(xi, μk) to each centroid μk

6.	 Assign ui to the closest cluster Ck with minimum 
distance

7.	 end for
8.	 for each cluster Ck do
9.	 Update centroid μk= 1/|Ck|) ∑(xi∈Ck) xi

10.	 end for
11.	 Until cluster assignments do not change
12.	 Return C

The clustering technique used by DBSCAN is based in-
stead on local density. This allows DBSCAN to discover 
clusters with arbitrary shapes and to easily identify the 
presence of outliers (noise) or user errors that affect 
clustering ability. These characteristics make it suitable 
for heterogeneous network environments such as met-
ropolitan areas where there are large numbers of users 
clustered in high-density places and small numbers of 
users in low-density areas such as cell-edge locations. 
However, DBSCAN introduces its own challenges when 
applied to NOMA systems. Its performance strongly de-
pends on two parameters, the neighborhood radius ϵ 
and the minimum number of points, making it extremely 
sensitive to variations in user density, fading conditions 
and mobility. Even small changes in these parameters 
can produce significantly different clustering outcomes, 
the formation of too many clusters, too few clusters or 
a large number of users classified as noise, resulting in 
unstable user grouping. Furthermore, the computation-
al complexity also increases rapidly with the number of 
users and dimensions of CSI, making it less suitable for 
large scale, real time base station scheduling. The de-
tailed procedure of the DBSCAN based user clustering is 
summarized in Algorithm 2.

Algorithm 2: DBSCAN Clustering 
Require: User feature vectors X={x1, x2,…, xN}; neighbor-
hood radius ϵ; minimum points MinPts
Ensure: Clusters C and noise set N

1.	 Mark all users as unvisited 
2.	 C=∅, N=∅
3.	       for each user xi do
4.	 If xi is unvisited then
5.	 Mark xi as visited
6.	             Retrieve neighbors: N∈(xi)
7.	 if | N∈(xi)| < MinPts then
8.	           Mark xi as noise; add to N

9.	          else
10.	             Create new cluster Ck

11.	             Expand cluster Ck using N∈(xi)
12.	            Add Ck  to C
13.	      end if
14.	    end if
15.	 end for
16.	 return C and N

Algorithm 3: Balanced K-Means Clustering for 
NOMA User Grouping
Require: User set U={u1, u2,…, uN} with feature vectors; 
number of clusters m.
Ensure: Balanced user clusters C1, C2,…, Cm

1.	 Initialize cluster centroids μ1, μ2,…, μm

2.	 while not converged do
3.	      Reset all clusters: Cj←∅ for j=1, 2,…,m 
4.	      for each user ui ∈U do
5.	           Compute distance d(ui, μj) to each centroid μj

6.	 Assign ui to the closest cluster Cj such that 
Cj |<⌈N/m⌉

The expand cluster step is used in DBSCAN to grow 
a cluster from an initial core point by adding all neigh-
boring points that meet the density requirement. It 
ensures that all points that are density-reachable, in-
cluding neighbors of neighbors, are included in the 
same cluster, allowing DBSCAN to detect full, arbitrarily 
shaped clusters rather than only immediate neighbors.

 Expand Cluster Procedure
Procedure Expand Cluster (xi, Neighborset, Ck)

1.	 Add xi and Ck

2.	      for each user xj Neighborset do
3.	 If xj is unvisited then
4.	 Mark xj as visited
5.	             Retrieve neighbors: N∈(xj)
6.	 if |N∈(xj)| ≥ MinPts then
7.	           Neighborset =Neighborset Ս N∈(xj)
8.	               end if
9.	    end if
10.	 if xj not in any cluster then 
11.	 Add xj and Ck

12.	 end if
13.	 end for

Balanced K-Means extends the classical K-Means algo-
rithm by enforcing cluster size constraints so that each 
cluster contains approximately an equal number of data 
points, denoted as "n" . During the assignment phase, 
each data point is allocated to its nearest centroid sub-
ject to the constraint that no cluster exceeds its capac-
ity. This ensures that users are evenly distributed among 
"m"  clusters, avoiding load imbalance that may degrade 
system performance. The implementation of the cluster-
ing method is presented in Algorithm 3.
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7.	        end for
8.	       for each cluster Cj do
9.	              Update centroid μj =(1/|Cj|) ∑u∈Cju 
10.	     end for
11.	     if no user reassignment occurs then
12.	         break
13.	     end if
14.	 end while
15.	 return: User clusters C1, C2,…,Cm.

4.	 RESULTS AND DISCUSSION

This section presents the performance evaluation of 
the proposed transformer-based user clustering and 
pairing framework in a downlink NOMA system. MAT-
LAB simula-tions were conducted for 5,000 synthetic 
users under Rayleigh fading, with the signal-to-noise 
ratio varied across a wide operational range to assess 
performance under differ-ent channel conditions. The 
dataset is divided into 70% training, 15% validation, and 
15% testing to ensure general-ization to unseen chan-
nel realizations. The trained encoder can be directly ap-
plied at the base station using real-time CSI measure-
ments, without requiring labeled data or re-training. In 
comparing the transformer encoder driven clus-tering 
method proposed herein with the three baseline clus-
tering algorithms (K-Means, DBSCAN, and Balanced K-
Means), several key performance metrics will be exam-
ined (throughput, energy efficiency, Jain's fairness index, 
outage probability and bit error rate) that together de-
scribe how well the proposed approach maintains reli-
able communica-tion, utilizes spectrum efficiently and 
distributes resources fairly among users. 

The simulation parameters and system configuration 
used for this work are presented in Table 1, with sub-
sequent sections providing in-depth comparisons for 
each of the five performance indicators.

Table 1. Parameters utilized for simulation.

S.No Parameters Range

1 Number of users 5000

2 SNR range 0 to 20 dB

3 Noise power σ2 1 (normalized)

4 Transmit power Ptotal 1Watt (normalized)

5 Path loss exponent 4

The throughput performances of all clustering tech-
niques discussed are summarized in Fig. 2. 

The transformer-based model produces the highest 
throughput rates for each SNR tested, as well as signifi-
cantly higher average throughput than any of the tradi-
tional clustering methods. The transformer-based mod-
els ability to generate optimized user groupings, along 
with consideration for interferences, resulted in signifi-
cantly improved resource utilization efficiencies and in-

creased spectral efficiencies compared with the other 
clustering approaches. Both Balanced K-means and 
DBSCAN clustering demonstrate increased throughput 
compared to traditional clustering methods by provid-
ing improved stability, while the throughput generated 
by classical K-means is significantly lower than that of 
the other methods because of its sensitivity to centroid 
initialization and its failure to form effective clusters, 
which results in less than optimal intra-cluster power 
distribution and decreased SIC decoding reliability.

Fig. 2. Throughput comparison with proposed 
method

The energy efficiency (EE) of each of the evaluated 
clustering methods is represented in Fig. 3. In essence, 
EE is defined as the amount of throughput attained di-
vided by the total power used during transmission. The 
transformer-based framework achieves the highest EE 
for all conditions of SNR. In particular, it provides ap-
proximately 20% higher EE than the K-means method 
at low and moderate SNR levels. This improvement is 
mainly due to the model’s capability to form interfer-
ence-aware clusters and perform more effective power 
allocation, which allows the transmission of a greater 
number of useful bits per unit of consumed energy. 
Balanced K-means also demonstrates competitive per-
formance because it maintains relatively balanced clus-
ter sizes and reduces unnecessary power consumption. 
In contrast, DBSCAN and conventional K-means show 
lower energy efficiency, mainly because their cluster-
ing structures are often irregular and less optimized for 
efficient power utilization.

The transformer encoder is trained in an offline stage, 
and its inference complexity increases approximately 
linearly with the number of users in each batch. During 
deployment, inference is performed at the base station 
using standard GPU or accelerator hardware. There-
fore, the computational processing associated with the 
model does not influence the transmission-side energy 
model considered in this work. As a result, the report-
ed improvements in energy efficiency originate from 
more effective cluster formation and better power al-
location, rather than from reductions in hardware-level 
power consumption.
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Fig. 3. Comparison of proposed method for EE vs SNR

Fig. 4 compares Jain’s fairness index obtained for the 
different clustering approaches, indicating how evenly 
the available network resources are distributed among 
users. The proposed model consistently achieves the 
highest fairness, with values ranging from 0.81 to 0.93, 
indicating a more balanced distribution of throughput 
and significantly reduced user starvation.

Fig. 4. Jain’s fairness index comparison of all the 
schemes

The proposed model’s fairness improvements were 
found to be statistically significant when compared 
with all baseline methods. Balanced K-means also de-
livers competitive fairness by enforcing cluster size 
constraints, while traditional K-means and DBSCAN 
show more uneven fairness due to their tendency to 
form irregular or imbalanced clusters.

Fig. 5 illustrates the BER performance of the different 
clustering methods across the entire SNR range. As ex-
pected, BER decreases for all schemes as SNR increases. 
The transformer-based clustering method proposed 
achieves the best BER at all SNR values. This improvement 
is due to the encoder's ability to learn more about the 
context associated with CSI over a longer period than the 
other methods, allowing it to create better user groupings 
that characterize potential interference and therefore al-
low for more accurate signal separation when utilizing 

SIC. Additionally, Balanced K-means produces reasonable 
BERs due to the ability to form clusters in an organized 
and controlled manner. Traditional K-means and DBSCAN 
perform less well than Balanced K-means due to their reli-
ance on initialization and density thresholding methods, 
both of which introduce uncertainty into the cluster as-
signments generated by those algorithms.

Fig. 5. BER comparison for NOMA with different 
methods

Fig. 6. Outage probability comparison for NOMA 
with different methods

Fig. 6 represents the outage probability of the evalu-
ated clustering schemes under Rayleigh fading, where 
an outage probability event is defined as a users in-
stantaneous achievable rate falling below a predefined 
threshold. The proposed method has the lowest out-
age probability of all scheme implementations, which 
indicates it has a high capability of being robust against 
fluctuations due to channel fading and interference in 
the SNR levels. 

The achieved lower outage probability is attributed 
to the use of a transformer model, which enables the 
creation of more coherent user groupings, thereby al-
lowing for greater separation of received signals and an 
increase in the reliability of power allocation. Balanced 
K-means clustering also provides a substantial gain 
over conventional clustering methods, as cluster sizes 
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are enforced to be uniform throughout all clusters, 
thereby reducing the number of overloaded clusters. 
Classical K-means and DBSCAN implementations have 
higher outage probabilities than the proposed method 
throughout all SNR levels, especially during low SNR 
levels, due to the sensitivity of the methods to initial-
ization and density parameter selection, resulting in 
poor user grouping and degraded achievable rate per-
formance. The results presented in the figure represent 
the average of multiple simulation runs and therefore 
show statistical robustness.

To ensure statistical rigor, all performance curves 
were averaged over 20 independent Monte-Carlo re-
alizations of user distributions and Rayleigh fading. 
For each performance metric, the variance across runs 
was extremely small due to the large number of users 
(5000), which results in inherently stable estimates. 
Therefore, confidence intervals largely overlapped with 
the mean curves and are omitted for clarity.

5.	 CONCLUSION

This work presented a transformer driven deep learn-
ing framework for adaptive user clustering and pairing 
in downlink NOMA systems. By employing a transform-
er encoder to generate contextual CSI embeddings, 
the proposed model effectively captures complex inter 
user relationships that traditional clustering approach-
es fail to represent. Using a 3GPP based synthetic data-
set, extensive simulations demonstrate that the trans-
former based framework significantly improves cluster-
ing stability and NOMA performance. Compared with 
K-means, balanced K-means and DBSCAN, the pro-
posed method achieved significantly lower BER, higher 
throughput, improved fairness, enhanced energy ef-
ficiency and reduced outage probability across differ-
ent SNR regimes. The results demonstrate significant 
improvements in key performance indicators, indicat-
ing that transformer-based structure can be leveraged 
for learning specific CSI relations in order to optimally 
allocate NOMA resources. These results indicate that 
transformer-based methods offer a promising direc-
tion for supporting future 6G and AI-enabled wireless 
communication systems. Future research should focus 
on examining the effectiveness of hybrid transformer/
GNN architectures while also incorporating real-world 
CSI data sets into their design and optimizing compu-
tational aspects for utilization by real-time base station 
equipment.
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