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1  Introduction
Modern wireless networks face the growing challenge of optimizing limited 
resources, such as bandwidth, energy, and channel access, across an increasingly large 
and diverse set of mobile user equipments (UEs) or Internet of Things (IoT) devices. 
As the number of UEs and devices continues to rise, each with distinct service needs 
and mobility patterns, networks must balance the dual objectives of maintaining fair-
ness and minimizing interference between users. This complexity is further amplified 
by emerging technologies, such as mobile edge computing (MEC), energy harvesting 
(EH), and non-orthogonal multiple access (NOMA), which introduce new dimensions 
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to resource handling by adding computational offloading, sustainable energy use, and 
more efficient spectrum utilization.

MEC, for instance, allows UEs with limited processing power and small battery 
capacities to offload computationally demanding or time-sensitive tasks to servers 
located near the Base Station (BS). This reduces local processing delays and improves 
overall network efficiency, enabling UEs to handle more complex tasks without 
exhausting their resources. On the energy front, EH technologies offer a sustain-
able solution by harvesting ambient energy to recharge UEs’ batteries. This not only 
extends the operational time of UEs and IoT devices but also reduces dependence 
on non-renewable energy, minimizing the environmental impact of Information and 
Communication Technologies (ICT).

In terms of spectrum utilization, NOMA [1] emerges as a promising technique for 
enhancing multi-user communications by allowing simultaneous access for multi-
ple UEs in both time and bandwidth. Unlike traditional Orthogonal Multiple Access 
(OMA) methods, NOMA increases spectral efficiency by overlapping users on the 
same frequency resources, while using Successive Interference Cancellation (SIC) 
decoding to mitigate the resulting inter-user interference. Together, the aforemen-
tioned technologies present both opportunities and challenges in designing scal-
able algorithms that can handle the dynamic conditions of next-generation wireless 
networks.

Leveraging on such technological advancement, this paper tackles a joint scheduling 
and offloading problem in a NOMA system with multiple UEs served by a base station. 
The BS is equipped with a nearby MEC server and the UEs have EH capabilities. We 
consider that the UEs have tasks to be executed under strict delay constraints, either 
locally or remotely via the MEC server. Every UE is fitted with a limited-size battery, 
which can be recharged via energy harvesting. The objective of this work is to devise 
scheduling-offloading policies that execute efficiently the tasks of the UEs by minimizing 
the packet loss due to the strict delay and buffer overflow, given the available informa-
tion at each UE on the buffer, channel, and battery states.

In order to resolve this problem, we aim to use Reinforcement Learning (RL) tech-
niques that can find relevant policies by optimizing the UEs’ decisions at any given cir-
cumstance. In fact, RL can rely on a Markov Decision Process (MDP) modeling of the 
environment to learn its dynamics and produce optimal policies. However, when the 
environment becomes bigger and modeling it becomes more difficult, Deep Reinforce-
ment Learning (DRL) with the aid of Neural Networks (NNs) can be used to overcome 
such dimensionality and scalability issues, and learn to make the best decisions.

In our previous works [2, 3], the DRL methods, especially the Proximal Policy Optimi-
zation (PPO) method, [4] showed great performance in the studied scenarios with two 
UEs communicating in NOMA and considering centralized decisions. However, when 
generalizing to larger number of connected UEs in the system, two issues can arise. The 
first issue is encountered when using DRL algorithms. As the system grows larger, the 
performance of these algorithms heavily depend on the environment exploration time. 
The second issue is related to NOMA performance due to the increasing interference 
between users. Indeed, the performance can be degraded especially in the downlink 
phase with SIC decoding of the UEs, causing hence additional delay issues.
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An alternative to overcome these issues is to group the UEs into different clusters, where 
each cluster has a smaller number of UEs and can act as its own decision-maker. On one 
hand, clustering the UEs allows to effectively reduce the complexity of the optimization 
problem by distributing the learning among multiple agents (i.e., multi-agent RL (MARL)), 
improving thus the performance of DRL algorithms. On the other hand, each cluster can 
communicate on a dedicated bandwidth in the downlink, which can help reduce the inter-
user interference. Therefore, we propose a clustering process to optimize NOMA commu-
nications by grouping the dynamic UEs with different SNR levels. This clustering approach 
aims to preserve location proximity between the UEs while considering their mobility 
around the BS.

To achieve a unified scheduling-offloading policy across different clusters, we adopt fed-
erated learning (FL) [5] for the distributed training of the DRL model. This leads to the 
development of a Federated Reinforcement Learning (FedRL) framework, where each clus-
ter, represented by its local decision-making node, shares its learned models with a central 
global node at the MEC server. The global node aggregates these locally trained models by 
updating its own model with the shared weights and then broadcasts the updated model 
back to the clusters. This process continues iteratively until the model converges. We apply 
the proposed framework using the proximal policy optimization PPO algorithm, yielding a 
federated version of PPO.

The main contributions of our work are summarized in what follows: 

(1)	 We propose a joint scheduling and offloading framework in a multi-cluster network 
architecture, integrating multiple UEs served by a base station with a MEC server. 
The devised policy is able to minimize the packet loss while taking into account 
energy harvesting capabilities at the UEs, dynamic channel conditions, multi-user 
communications with NOMA, and strict delay constraints.

(2)	 To enhance the NOMA performance and manage the overall system complex-
ity, we introduce a priority-based clustering method that optimizes UE proximity 
within a polar coordinate basis. This approach accounts for the UEs’ mobility and 
their different application requirements.

(3)	 We apply the proximal policy optimization method to develop efficient decision-
making policies across clusters. Additionally, we integrate a federated learning 
approach to collaboratively learn a unified policy, reducing thus deep reinforcement 
learning complexity and improving system performance.

The remainder of this paper is organized as follows: Sect. 2 outlines some previous works 
on resource allocation with FedRL, as well as NOMA clustering techniques. Section 3 pre-
sents the system model and each UE structure, in addition to the scheduling decisions. Sec-
tion 4 details the problem formulation as an MDP and its resolution using Federated PPO, 
with a detailed description of the clustering and learning processes. Section 5 showcases 
the simulation results. Finally, Sect. 6 concludes the paper.
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2 � Related works
2.1 � Federated reinforcement learning

Regarding the existing works on resource allocation problems with FedRL, the work [6] 
presented a concurrent federated reinforcement learning scheme for resource allocation, 
where the main goal was to preserve the privacy of the edge hosts and the server. The dis-
tributed agents decide in a concurrent way while sharing their outputs and rewards, and 
not their models. The authors in [7] proposed an intelligent ultra-dense edge computing 
framework for AI and Blockchain applications. It jointly optimized resource allocation, 
application partitioning and server caching. The edge user can offload its tasks either to 
an edge server, a mobile device in proximity, or to a cloud server. To train the model, FL 
is used with DRL, where each agent’s model, located at the edge device level, is trained 
locally, and the weights are sent into the macro base station where they will be averaged 
and a new global model is broadcasted, in a similar way to our scenario. The paper [8] 
tackled the problem of vehicle-to-vehicle communications. It investigated the reuse of 
cellular channels that were already allocated to perform the communication, while not 
interrupting the existing cellular operations and avoiding collisions with other vehicle-
to-vehicle links. Federated multi-agent DRL was used to get policies that determine the 
transmission powers and the cellular channel. The double DQN with dual architecture 
was considered and the FL scheme consisted of sharing the local weights with the cen-
tral node, which broadcasts then the global averaged model to the agents. The work in 
[9] addressed challenges in ensuring high-quality healthcare in the 6 G era through the 
integration of wearable medical devices into the Internet of Medical Things (IoMT). 
Leveraging wireless body area network and MEC technologies, the study focused on 
optimizing the quality of service with ultra-reliable data transfer and processing at low 
latency and energy usage. The proposed FedeRL task offloading approach relied on the 
sharing of local weights with the central node to perform the averaging operation. Consul 
et al. [10] proposed a secured task offloading and resource allocation approach for digital 
twin-empowered UAV-assisted MEC systems using federated reinforcement learning. 
To enhance IoT device cooperation, digital twin models were employed to characterize 
system dynamics and improve decision-making. The system was modeled as a Markov 
decision process by jointly considering task completion and smart contract processing. 
Their FRL framework introduced a feature-based system decomposition to address con-
vergence issues in symmetric network environments. Chen et al. [11] addressed resource 
conflicts in UAV-enabled IoT networks by proposing a conflict hypergraph-based feder-
ated reinforcement learning framework, where resource allocation is modeled as a node 
coloring problem to reduce complexity. They also developed a TP-DDPG algorithm for 
hierarchical FL with energy harvesting clients, jointly optimizing energy management, 
resource allocation, and client scheduling. Another study in [12] addressed the challenge 
of resource conflicts in UAV-enabled IoT networks with dense deployments by propos-
ing a conflict hypergraph-based federated reinforcement learning framework. They first 
modeled the conflict relationships among IoT devices using graph theory and trans-
formed the resulting conflict graph into a conflict hypergraph to reduce computational 
complexity. The resource allocation problem was then reformulated as a node coloring 
task on this hypergraph. Finally, they developed a collaborative FRL framework combin-
ing a global network with multiple D3QN-based local networks.
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Notably, the mentioned papers perform a multi-agent RL setup. However, our contri-
bution differs from them in the dynamic aspect of the nodes. In our case, the clusters 
can have varying numbers of UEs; and thus, the local model has to accommodate for 
that change by having a generic representation of the state.

2.2 � NOMA clustering

Considering the NOMA clustering problem, the work in [13] proposed the optimal clus-
ter as a result of a joint optimization problem for global throughput maximization, and 
operation constraints for SIC decoding under power and rate constraints. The derived 
solution was compared with the channel gain-based method, and downlink NOMA per-
formance was assessed with regard to the number of users per cluster. Jingjing et al. [14] 
used K-means clustering method to cluster NOMA user in millimeter-wave systems. 
The clustering was done based on the spatial locations of the users and could accom-
modate dynamic changes in the number of the clustered users. The authors in [15] pro-
posed a system setup that distinguishes between massive machine type communications 
(mMTC) and ultra-reliable low latency communications (URLLC) devices. A NOMA 
clustering method was developed where mMTC and URLLC devices were clustered 
together to avoid grouping multiple mMTC devices together. The clustering process 
also considered intra-cluster interference, transmission power and quality-of-service 
requirements. The work in [16] designed an adaptive strategy for clustering enhanced 
mobile broadband and IoT users aiming to maximize the use of NOMA and to optimize 
the used power. In the proposed scenario, NOMA is employed selectively by comparing 
its performance to OMA. The introduced clustering and power optimization algorithm 
proved more efficient than non-adaptive multiple access techniques and other clustering 
solutions. The survey in [17] provides a comprehensive review of intelligent user cluster-
ing techniques for NOMA. It covers both machine learning and non-machine learning 
approaches, including K-means, spectral clustering, reinforcement learning, and game 
theory-based methods. These clustering techniques are analyzed for their effective-
ness in scenarios like IoT, UAVs, and RIS-enabled networks, emphasizing the trade-off 
between computational complexity and network performance. In [18], a clustered feder-
ated learning (CFL) framework empowered by NOMA is proposed to handle non-IID 
data distributions in wireless networks. Spectral clustering is employed to group users 
based on Dirichlet-distributed data profiles. The framework jointly optimizes sub-chan-
nel allocation and power control using a matching-based algorithm and KKT condi-
tions, demonstrating improvements in test accuracy, convergence, and energy efficiency 
over baseline approaches.

Analyzing the listed clustering methods, we can notice that there is no solution that 
necessitates combining spatial and channel gain-based clustering method. Therefore, a 
clustering method that considers both can maximize the performance of NOMA in the 
network, while considering the spatial proximity of the users.

In addition to clustering techniques, recent works have explored the enhancement of 
NOMA performance through integration with emerging technologies. For instance, the 
study in [19] investigated multi-user downlink NOMA systems aided by ambient back-
scatter devices. The authors derived the achievable rate regions and proposed an energy-
efficient resource allocation framework, demonstrating that ambient backscatter-aided 
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NOMA significantly outperforms conventional NOMA and OMA, especially under 
imperfect channel state information. Furthermore, in the context of task offload-
ing, Liu and Davidson [20] proposed a comprehensive resource allocation framework 
for binary computation offloading in K-user NOMA systems. By leveraging multiple-
time-slot signaling and optimizing transmission parameters under various multiple 
access schemes, their approach efficiently reduces energy consumption while respecting 
latency constraints. In another direction, Taneja et al. [21] integrated intelligent reflect-
ing surfaces (IRS) with NOMA for mobile edge computing in 6 G IIoT networks. Their 
resource control algorithm jointly optimized user association, IRS phase shifts, and clus-
tering, resulting in significant improvements in system outage probability and achiev-
able rates compared to conventional NOMA systems.

3 � System model
We consider a system model as illustrated in Fig.  1, consisting of a BS, with a nearby 
MEC server, available to NUE active UEs {UE1, · · · ,UEi, · · · ,UENUE} with EH capabili-
ties, limited-size batteries and data buffers. We separate the UEs into NC distinct clus-
ters {C1, · · · ,Ck , · · · ,CNC} to facilitate the communication and reduce the complexity 
in the decision-making. We set the maximum number of clusters to NC ≤ NC

max and the 
number of UEs per cluster Ck to NUE

min ≤ NUE
k ≤ NUE

max . Before the start of each episode 
e of transmission with T timesteps, we perform a clustering process and the UEs are dis-
tributed among the clusters based on their location, i.e., their channel gains and angles 
w.r.t. the BS. Figure  2 highlights the general system evolution through time. Abbre-
viations are listed in Table  1, while the most relevant and used variables are listed in 
Tables 2 and 3.

Table 1  List of abbreviations

Abbreviation Description

UE User equipment

MEC Mobile edge computing

NOMA Non-orthogonal multiple access

EH Energy harvesting

DRL Deep reinforcement learning

FL Federated learning

PPO Proximal policy optimization

IoT Internet of things

BS Base station

ICT Information and communication technologies

OMA Orthogonal multiple access

SIC Successive interference cancellation

MDP Markov decision process

NN Neural networks

MARL Multi-agent reinforcement learning

FedRL Federated reinforcement learning

CH Cluster head

FDMA Frequency division multiple access

SNR Signal-to-noise ratio
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Table 2  List of variables

Variable Description

NUE Total number of UEs in the system

UEi ith UE in the system

N C Number of clusters

Ck kth cluster

N C
max

Highest allowed number of clusters

N C
min

Lowest allowed number of clusters

NUE
k

Number of UEs in cluster Ck

UEik ith UE in Ck

NUE
max

Highest allowed number of UEs in a cluster

NUE
min

Lowest allowed number of UEs in a cluster

e Transmission episode index

T Number of timesteps in an episode

t Timestep index

T Timestep duration (in milliseconds)

zk The average of the statistical channel gain of all the UEs in in cluster Ck
hik Complex channel amplitude for UEik
xik Channel gain for UEik
X Total range of channel gain values

X Total range of quantized channel gain values

Xj the jth subinterval of the channel gain range X

X j the jth quantized subinterval of the channel gain range X

|X j | The number of discrete values in the subinterval

|J | Number of quantized subintervals

x
j
min

lower bound for Xj

x
j
max

upper bound for Xj

x
j
ik

quantized channel gain for UEik (lower bound)

x
j
ik

quantized channel gain for UEik (upper bound)

Wul Uplink bandwidth

Wdl Downlink bandwidth

Wdl
k

Downlink bandwidth allocated for cluster Ck

oik Offloading flag for UEik

Rul
ik

Uplink rate for UEik

Cul
ik

Uplink channel capacity for UEik

Rdl
ik

Downlink rate for UEik

I
ul,intra
ik

Intra-cluster interference for UEik (uplink)

I
dl,intra
ik

Intra-cluster interference for UEik (downlink)

I
ul,inter
ik

Inter-cluster interference expression for UEik (uplink)

Ĩ
ul,inter
ik

Inter-cluster interference estimation for UEik (uplink)

poik Offloading power for UEik
Po Maximum offloading power

N0 AWGN spectral density

pbbs
Total power of BS broadcast

δik Power allocation coefficient for UEik with NOMA in downlink

dik Data buffer vector

Sd Data buffer vector size

qik,t Number of packet that arrive in the data buffer at timestep t for UEik
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We assume that each cluster Ck has a cluster head (CH), randomly selected among 
the UEs in the cluster. At the start of each timestep t of size T  , the buffer, channel, 
and battery information of all the UEs in the cluster are shared with the CH. This 

Table 2  (continued)

Variable Description

N d
ik,t

Number of packets in the data buffer at timestep t for UEik

∇ Maximum strict delay for the packets

cdv Number of packets dropped due to delay violation

cbo Number of packets dropped due to buffer overflow

cte Number of packets lost due to a transmission error

Table 3  List of variables (continued)

Variable Description

N b Battery capacity

Se Energy unit size (Joules)

eik,t Number of energy units harvested and stored in the battery at 
timestep t for UEik

beik,t Total number of energy units in the battery at timestep t for UEik
mik,t Number of packets to execute at timestep t for UEik

Ml Maximum number of packets to execute locally

Mo Maximum number of packets to offload

Lul Size of the packet in uplink (bytes)

Ldl Size of the packet in downlink (bytes)

Eik Energy consumed by UEik (either in idle, local, or offload)

T w waiting time

CHk Cluster head of Ck
Sk State space representation for cluster Ck
dk Data buffers of the UEs in Ck
xk Quantized channel gains of the UEs in Ck
bk Battery sizes of the UEs in Ck
zk Average channel gains of the UEs in all the clusters other than Ck
Rπk Reward function for cluster Ck following policy π

π⋆
k Optimal policy for cluster Ck

wk FedRL agent weights for cluster Ck
πg Global policy for cluster Ck
wg Global agent weights

� Angle range

� Quantized angle range

θ i,e Discrete angle for UEi for episode e

w Actor network weights

w′ Critic network weights

πw(a|s) Policy estimation state s

Vw′
(s) Value function estimation state s

L
w,w′
PPO

PPO objective function

Lb
PPOa

Augmented PPO objective function

sPPOk
State representation for PPO
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information enables it to decide on the action to take by each UE. The decision is then 
broadcasted to these UEs for free.

Furthermore, at the start of the episode, the average of the statistical channel gain 
of all the UEik within a cluster Ck (denoted as zk ) is transmitted to the other clusters 
via the BS. After that, no information is shared between the clusters for the remainder 
of the episode.

NOMA communications are enabled in both the uplink and the downlink, with some 
key differences. In the uplink phase, we assume that all the UEs from all clusters can send 
simultaneously their data packets to the BS using the whole available bandwidth, and the 
SIC operation is performed globally on all UEs. Obviously, inter-cluster and intra-cluster 
interferences are present and have to be taken into consideration. At the CH level, the 
inter-cluster interference cannot be computed precisely since the only available informa-
tion about the other clusters’ UEs is their average channel gain. Therefore, we perform 
an estimation to account for this interference, and underestimating it leads to a trans-
mission error (i.e., the transmission rate will be higher than the Shannon limit). On the 
counterpart, downlink operations are done in NOMA for each cluster separately. This 
means that we apply FDMA on a cluster-basis to eliminate the inter-cluster interference 
and enhance the performance of SIC decoding. The differences in uplink and downlink 
scenarios stem from the computational advantage of the BS compared to the CH.

Buffer

BatteryBattery

Base 
Station

MEC
Server

Offloading

Data 
Arrival

Energy
Arrival

Offloading

Local 
Processing

Result Result

Buffer

Local 
Processing

Cluster

Cluster Cluster
...

...

...

... ...

Fig. 1  Multi-cluster system model with one cluster head CH for each cluster
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Fig. 2  A general view on the system evolution
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Finally, each UE can either process the data arrived at its buffer locally, or remotely 
by offloading the packets to the MEC server. The taken decision considers the packets 
delays, channel gains, and battery levels. In what follows, we detail each of the chan-
nel model, transmission model, data buffer model, and battery model. After that, we 
describe the scheduling decisions, as well as the corresponding energy equations and 
time constraints.

3.1 � Channel model

We assume that the channel between the UEs and the BS follows a block flat-fading 
channel modeling with AWGN ( N0 being the noise spectral density). For a cluster 
Ck , each UEik with i ∈ {1, · · · ,NUE

k } has a complex channel amplitude hik , and a gain 
xik = |hik |2 . We assume that the Channel State Information at the Transmitter (CSIT) 
is available at the CH level and at the BS level. Finally the channel response is con-
stant for the duration T  of a timestep t.

We further divide the channel gain range into multiple subintervals that refer to 
categorical channel gain conditions (e.g., bad SNR, mid SNR, good SNR). Each subin-
terval is bounded by a maximum and a minimum value, and each UE’s channel gain 
will vary within this subinterval for the duration of an episode before transitioning to 
a different channel gain subinterval in the next episode (Fig. 2).

Formally, we define X as the total range of channel gain values, which can take theo-
retically all the values in R+ , and Xj ∈ [xjmin, x

j
max] is the jth subinterval of the channel 

gain, with xjmin and xjmax being its lower and upper bounds, respectively. Channel gain 
variations in time within the subinterval are modeled as an i.i.d. random process fol-
lowing a truncated Rayleigh distribution with variance (σ c

j )
2 , shifted by xjmin:

with α the normalization factor to ensure an unit-integral. We quantize the values of the 
channel gain to make the space finite. For a specific UEik , a quantization function Q is 
defined that will project the UE’s channel gain xjik into a discrete space with finite values 
x
j
ik = Q(x

j
ik) . The produced quantized channel gain xjik is the lower bound in the interval 

where xjik is contained, i.e., xjik ≤ x
j
ik < x

j
ik where xjik is the upper bound of the consid-

ered interval. We use of the lower bound value to allow the transmission in a worse case 
scenario even if the used value is different (contrary to the upper bound value).

The resulted quantized global range of channel gain values is X  and the quantized 
subinterval is denoted as X j , with |X j| indicating the number of discrete values in the 
subinterval, and |J | indicating the number of subintervals. We also bound the range 
X  between two values denoted as xmin and xmax . Furthermore, we model the transi-
tion from one subinterval to another at each episode as a correlated process to simu-
late a large location change. Therefore, the probability of transitioning from quantized 
subinterval X j to X j′ when starting a new episode e + 1 for UEik is modeled as follows:

(1)p
Rayleigh
tr (C) =






C−x
j
min

α(σ c
j )

2 e

−(C−x
j
min)

2

2(σ cj )
2

if C ∈ [xjmin, x
j
max]

0 otherwise

,
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where ρX is the channel range correlation factor.

3.2 � Transmission model

For NOMA transmission in the uplink, we assume that all UEs can transmit at the same 
time using the entire available bandwidth Wul . The BS can decode all signals using SIC 
since it has full knowledge of channel conditions of all UEs. Therefore, intra-cluster as 
well an inter-cluster interference terms are present in the rate expressions in this case. 
However, in the downlink case, we use FDMA between clusters, where a bandwidth Wdl

k  
is allocated for a cluster Ck . NOMA is then performed on a cluster level, eliminating the 
inter-cluster interference.

3.2.1 � Uplink transmission

We assume that UEik which belongs to cluster Ck with i ∈ {1, · · · ,NUE
k } and 

k ∈ {1, · · · ,NC} is transmitting to the BS, i.e., offloading packets, oik = 1 ( oik = 0 indi-
cates that the UEik is not offloading). We further suppose, for simplicity of computations, 
that the UEs in the cluster are ordered from best channel gain to worst , i.e., xik ≥ xjk if 
i < j . The received signal yobs is expressed as:

where soi′k ′ is the offloaded data signal transmitted from UEi′k ′ to the BS, and oi′k ′ ∈ {1, 0} 
depending on whether or not UEi′k ′ offloads. wbs is the AWGN noise. Upon receiving yobs , 
the BS proceeds into decoding the individual signals using the SIC scheme. The process 
begins by decoding the strongest signal, i.e., the one with the best channel,1 while con-
sidering the other signals as interference. After that, the decoded signal ŝoi′k ′ is subtracted 
from the yobs and the process starts again. From that, the uplink rate for UEik is:

with

(2)p(Xik ,e+1 = X j′ |Xik ,e = X j) =
(
1− ρX

)|j′−j|

∑|J |
k=1

(
1− ρX

)|k−j| ,

(3)yobs =
NC
∑

k ′=1

NUE
k′∑

i′=1

(√

poi′k ′ · hi′k ′ · s
o
i′k ′ · oi′k ′

)

+ wbs,

(4)Rul
ik = Wul · log2

(

1+
poik · xik

I
ul,intra
ik + Ĩ

ul,inter
ik +Wul · N0

)

,

(5)I
ul,intra
ik =

NUE
k∑

i′=i+1

poi′k · xi′k · oi′k ,

1  The ordering of signals from strongest to weakest is not a necessary condition to ensure the highest NOMA spec-
tral efficiency in the uplink (contrary to the downlink case), but rather to organize the signals for SIC decoding, and to 
obtain (4).
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being the intra-cluster interference and the inter-cluster interference power estima-
tion, respectively. poik is the transmission (offloading) power of UEik , which is limited to 
a maximum value Po . zk ′ is the average of the statistical channel gain for all the UEs in 
cluster Ck ′.

Intuitively, the intra-cluster interference term considers all the signals from the offload-
ing UEs with a lower channel gain than UEik . This term is accurately computed with the 
assumption that the channel gains and decisions are known within the cluster Ck.

The inter-cluster interference, on the other hand, is an estimation of its power 
based on the information available at the cluster. It considers the maximum offloading 
power with the average of the statistical channel gain zk ′ of all clusters Ck ′ with k ′ �= k , 
if UEik channel gain is higher than zk ′ . In fact, we assume the SIC decoding order in 
uplink starts with the strongest signals and goes to the lowest, and that all UEs offload 
( oi′k ′ = 1 for k ′ ∈ {1, · · · ,NC}, i′ ∈ {1, · · · ,NUE

k ′ }).
The true capacity of the channel can only be known at the BS by estimating correctly 

the inter-cluster interference. Given the offloading powers of each UE, it is computed as 
follows:

with

Therefore, if the uplink rate Rul
ik  used by UEik to transmit its data is higher than the chan-

nel capacity Culik  , a transmission error would occur. More specifically, if the estimated 
interference power is less than the exact one, i.e., Ĩul,inter

ik < I
ul,inter
ik  , a rate mismatch 

would terminate the communication.

3.2.2 � Downlink transmission

Similar to the uplink case, we assume that the ordering of the offloading UEs in cluster Ck is 
based on their channel gains. Given that the cluster are separated from each other in band-
width (FDMA), the received signal ybik at UEik broadcasted from the BS is:

where sbi′k is the signal response of the BS to UEi′k , if it has already offloaded its data, i.e., 
oi′k = 1 . pbbs is the power of the BS broadcast, and δi′k is the allocation coefficient of the 

(6)
Ĩ
ul,inter
ik =

NC
∑

k ′ = 1
k ′ �= k

NUE
k′∑

i′=1

[
Po · zk ′ · 1

(
xik > zk ′

)]
,

(7)Culik = Wul · log2

(

1+
poik · xik

I
ul,intra
ik + I

ul,inter
ik +Wul · N0

)

,

(8)
I
ul,inter
ik =

NC
∑

k ′ = 1
k ′ �= k

NUE
k′∑

i′=1

[
poi′k ′ · xi′k ′ · oi′k ′ · 1

(
xik > xi′k ′

)]
.

(9)ybik = hik ·
NUE

k∑

i′=1

(√

δi′k · pbbs · s
b
i′k · oi′k

)

+ wik ,
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broadcast power used to perform power control. In fact, to ensure efficient decoding in 
the downlink, The BS allocates more power to UEs with weaker channel gains [22]. The 
allocation coefficient for UEik is:

SIC decoding will then start decoding the signals with more allocated power (i.e., worse 
channel gains), subtract them from the received signal, and then redo the operation for 
the next signal. Therefore, the downlink rate expression for UEik is as follows:

where Idl,intra
ik  is the downlink intra-cluster interference coming from the other UEs that 

offload and have stronger channel gains than UEik:

and

is the cluster allocated bandwidth with FDMA. Note that with more UEs in the cluster, 
more bandwidth is allocated to it.

3.3 � Data buffer model

We equip each UEik with a limited-size buffer storing the incoming tasks, which have to 
be executed within a strict delay. We model the buffer structure with a vector dik of size 
Sd . We assume that at each timestep t, qik ,t number of packets arrive in the buffer, set to 
an age of 0, whereas empty slots are set to −1 . We denote N d

ik ,t as the number of packets 
present in the buffer. These packets keep aging with each timestep until reaching a maxi-
mum delay ∇ . In this case, they are dropped due to delay violation ( cdv ). Moreover, when 
the buffer has an insufficient number of empty slots and a new batch of data packets 
arrives that exceeds the number of empty buffer slots, i.e., qik ,t > Sd −N d

ik ,t , the packets 
are dropped due to buffer overflow ( cbo ). Furthermore, we assume that the packets lost 
due to the transmission error ( cte ) are retained in the buffer for the next timestep to be 
reprocessed.2

In general, several realistic applications could be running on the UEs. Thus, to 
introduce some heterogeneity of the UEs data, we model different data arrivals qik 
for each UEik . In particular, we use the data arrival models associated with video 

(10)
δik = oik

xik ·
∑NUE

k

i′=1
oi′k
xjk

.

(11)Rdl
ik = Wdl

k · log2

(

1+
δik · pbbs · xik

I
dl,intra
ik +Wdl

k · N0

)

,

(12)I
dl,intra
ik =

i−1∑

j=1

δjk · pbbs · xik · ojk ,

(13)Wdl
k = Wdl ·

NUE
k

NUE
,

2  A similar structure to the Automatic Repeat Request (ARQ) method, with the packet counter being the same as the 
maximum delay ∇.
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streaming, gaming, and other applications that are described using statistical formu-
lations in [23]. We detail the distributions used in the sequel.

Poisson Distribution Suited for IoT applications, Poisson random distribution is 
widely used in the literature. The arrival of packets with mean µd

po follows:

Uniform Distribution According to the survey in [23], the uniform distribution models 
the packet arrival for gaming applications, as adopted in 3GPP and IEEE traffic models. 
The arrival of packets is modeled with equal probability for every value between Du,min 
and Du,max:

Lognormal Distribution Truncated lognormal distribution is used for modeling FTP 
traffic and web-browsing applications in 3GPP and IEEE traffic standards. The arrival of 
packets is modeled with mean µd

l  (we consider the variance σ 2 = 1) as follows:

The distribution is naturally suited for continuous values, which is not the case in our 
system as we consider the arrival of discrete number of packets. Therefore, we round the 
results produced by the distribution to the nearest discrete value.

Pareto Distribution For video streaming applications, the standards 3GPP and IEEE 
model their traffic following the truncated pareto distribution. The arrival of packets in 
this case is modeled with a mean µd

pa , and distribution parameters b > 0 and c > 1 as:

The arrival of packets D is bounded between 1 and c. Similar to the lognormal distribu-
tion, Pareto distribution is for continuous values as well. Therefore a rounding operation 
is necessary to ensure discrete values of packet arrivals.

In our system model, we assign randomly the distributions to each UEik at the start 
of the transmission process, resulting in clusters with different data arrivals and thus 
different requirements.

3.4 � Energy and battery model

The energy and battery model defines the structure of the battery and the process 
of energy harvesting. Each UEik has a battery with a capacity of N b energy units. 
The battery can be recharged by harvesting energy from external ambient sources. 
Each energy unit corresponds to Se Joules. We assume that for each timestep t, an 
eik ,t amount of energy units are harvested and stored in UEik ’s battery. Their arrival is 
modeled following the Poisson distribution with mean µb:

(14)p(D) = e−µd
po ·

(µd
po)

D

D! .

(15)p(D) = 1

Du,max −Du,min
.

(16)p(D) = 1√
2πD

· e
−(logD−µd

l
)

2 .

(17)p(D) = b

1− (c)−b
· 1

(D)b+1
.
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The battery level, i.e., the number of energy units in it, at timestep t is denoted as 
beik ,t ∈ [0,N b].

3.5 � Scheduling decisions

The cluster head CH is the decision center for its own cluster, and thus handles the schedul-
ing decisions for the UEs in this cluster independently from other clusters, then broadcasts 
them for free. Formally, CHk of cluster Ck , upon receiving the necessary information from 
all UEik with i ∈ {1, · · · ,NUE

k } at the start of a timestep t, outputs the scheduling deci-
sion (idle, local, or offload), as well as the number of packets mik for all these UEik as the 
following:

•	 Idle i: UEik does not process any packet, thus mik ,t = 0.
•	 Local l: UEik processes locally mik ,t packets, which cannot exceed a maximum number 

mik ,t ≤ Ml.
•	 Offload o: UEik offloads mik ,t packets to be processed remotely at the MEC server 

located near the BS. A limit of Mo is set on the number of offloaded packets 
mik ,t ≤ Mo.

3.6 � Energy equations

We compute the energy associated with each scheduling decision to determine the number 
of energy units required to perform these decisions.

•	 Idle i : UEik does not consume any energy, 

•	 Local l : UEik processes locally mik ,t with power Po per processed packet. The corre-
sponding energy is thus: 

•	 Offload o: UEik offloads mik ,t packets with power poik ,t that cannot exceed the maxi-
mum offloading power Po . We distinguish two cases:

–	 Offloading with no transmission errors (no rate mismatch): UEik sends its packets, 
awaits their execution, receives the broadcasted signal by the BS, and decodes the 
result. The corresponding consumed energy, highlighting each step, is given by: 

(18)p(E) = e−µb · (−µb)E

E ! .

(19)E i
ik ,t = 0.

(20)E l
ik ,t = mik ,t · P l · T .
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 where Lul and Ldl are the sizes of packets in bytes in the uplink and downlink, 
respectively, T w is the waiting time, pw , pr , and pd are the waiting, reception, 
and decoding powers, respectively, and ρ is the decoding efficiency factor. Note 
that the reception at UEik requires receiving all offloading UEs’ signals. Thus, the 
reception accounts for the lowest downlink rate and the highest number of pack-

ets among the UEs’ signals in the term maxi′∈[1,NUE
k ]

[
mi′k ·oi′k
Rdl

i′k

]

 , which indicates 

the reception of the signals with the slowest time. In addition, decoding UEik ’s 
signal requires the decoding of all offloading UEs’ signals with lower channel 
gains (due to the higher allocated power) in a sequential manner, following SIC 
decoding.

–	 Offloading with transmission errors (rate mismatch): We assume that UEik 
sends its packets but the timeout is exceeded due to not receiving the ARQ 
acknowledgement (in form of a response to the packet). This indicates that a 
rate mismatch has occurred. In that case, the reception and decoding parts do 
not exist anymore, yielding the following expression of the energy consumed: 

3.7 � Time constraints

Successful offloading operation occurs only when the offloading, waiting, receiving, 
and decoding processes are performed within the fixed timestep duration T  . Using 
(21), we consider the times of the different steps and formulate the inequality as:

We can obtain the optimal offloading power poik by forcing equality in the above expres-
sion and by using the explicit form of Rul

ik  in (4). Thus, we obtain:

with

(21)

Eo
ik = mik

(
Lul · poik
Rul

ik
︸ ︷︷ ︸

Transmission

+ T w · pw
︸ ︷︷ ︸

Waiting

+ max
i′∈[1,NUE

k ]

[

mi′k · oi′k
Rdl

i′k

]

· L
dl · pr
mik

︸ ︷︷ ︸

Reception

+

ρ ·
(Ldl · pd

Rdl
ik

+
NUE

k∑

j=i+1

mjk

mik
· L

dl · pd

Rdl
jk

· ojk
)

︸ ︷︷ ︸

Decoding

)

.

(22)E
o,error
ik = mik

(

Lul · poik
Rul

ik

+ T w · pw
)

.

(23)

mik

(
Lul

Rul
ik

+ T w + max
i′∈[1,NUE

k ]

[

mi′k · oi′k
Rdl

i′k

]

· L
dl

mik
+ ρ ·

(Ldl

Rdl
ik

+
NUE

k∑

j=i+1

mjk

mik
· L

dl

Rdl
jk

· ojk
))

≤ T .

(24)poik =
(

2
Lul

Wul ·ζik − 1

)

·
I
ul,intra
ik + Ĩ

ul,inter
ik +Wul · N0

xik
,
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4 � Problem formulation and resolution
Given the available scheduling choices, the objective of this work is to determine opti-
mal scheduling-offloading policies that consider the data buffer status of the UEs, their 
battery levels, and channel conditions. These policies guide the decision on whether to 
execute packet processing locally or offload it to the MEC server. To achieve this, we 
phrase the problem as a Markov Decision Process (MDP), where we define: a state space 
S representing the system’s environment, an action space A outlining feasible scheduling 
actions, and a reward function R that provides feedback on the impact of each action 
taken.3 Next, we detail each component of the MDP as it applies to our system model.

4.1 � MDP structure

•	 State Space S : Each cluster Ck has a cluster head CHk , a randomly selected UE in the 
cluster, that handles the decision-making for all the UEs. The available information 
at CHk is then the buffer, battery, and channel gain states of the cluster UEs, as well 
as the average channel gain of the other clusters. Therefore, the state representation, 
denoted as Sk , is specific for each cluster, and is defined as: 

 with dk , xk and bk being, respectively, the buffer vectors, quantized channel gains, 
and battery levels of the UEs in Ck . zk is the set of averages for the statistical chan-
nel gains for other clusters Ck ′ with k ′ ∈ {1, · · · ,N C} and k ′ �= k . We formulate each 
component with the following equations: 

 To compute the number of possibilities of the average cluster channel gains vector 
zk , we need to take into account the total number of UEs in the clusters NUE that 
can vary between NUE

min and NUE
max , the number of clusters Ck ′ �= Ck , and the number 

of channel gain subintervals |J | . Therefore, the maximum number of possible states 

(25)

ζik = T

mik
− T w − max

i′∈[1,NUE
k ]

[

mi′k · oi′k
Rdl

i′k

]

· L
dl

mik
− ρ ·

(Ldl

Rdl
ik

+
NUE

k∑

j=i+1

mjk

mik
· L

dl

Rdl
jk

· ojk
)

.

(26)Sk = {dk , xk ,bk , zk},

(27)dk = {d1k ,d2k , · · · ,dNUE
k k},

(28)xk = {x1k , x2k , · · · , xNUE
k k},

(29)bk = {be1k , be2k , · · · , beNUE
k k

},

(30)zk = {z1, · · · , zk−1, zk+1, · · · , zNC}.

3  A transition model is typically part of MDP modeling, but its definition is not necessary in this work due to the use of 
model-free RL algorithms as we will see in problem resolution.
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of zk , denoted as |Z| counts for all the possible average cluster channel gains, and is 
bounded by: 

 Subsequently, the cluster state space size is thus bounded by: 

•	 Action Space A : Each cluster has a specific action space concerning only the UEs 
of said cluster. It is denoted as Ak , and it represents the type of processing (idle, 
local or offload) as well as the number of packets m to execute. From that, we 
define ak as the index that represent the set of actions for all UEs in cluster Ck . 
ak can take values ranging from 0 to |Ak | − 1 , where |Ak | is the action space size 
bounded by: 

 where Ml and Mo are the maximum numbers of packets that can be executed 
locally or remotely, respectively. Each UEik action index aik can be extracted using a 
base changing, from the decimal to a base that corresponds to the number of avail-
able actions per UE, u = Ml +Mo + 1 : 

 The specific action for each UEik can be derived as the following:

–	 aik = 0 corresponds to the idle action, with mik = 0,
–	 0 < aik ≤ Ml corresponds to the local action with mik = aik,
–	 Ml < aik ≤ Mo corresponds to the offloading action with mik = aik −Ml.

•	 Reward Function R : For each state-action pair in a given cluster, a reward is asso-
ciated. We define the reward function Rk following a policy πk for a cluster Ck as 
the expected negative sum of the packet losses. The losses are due to delay viola-
tion cdv and buffer overflow cbo , in addition to the transmission error cte for all 
cluster UEs. The reward is expressed for an infinite horizon model with a discount 
factor γ as: 

 We aim to find the optimal policy that achieves the maximum expected reward for 
each cluster. However, with the clustering structure that we have implemented, the 
goal becomes optimizing the reward for the whole system: 

(31)|Z| ≤






NUE
max�

i=NUE
min

(|J |)i






�
NC

max−1
�

.

(32)|Sk | ≤
[

|X | · (∇ + 2)S
d · (N b + 1)

]NUE
max · |Z|.

(33)|Ak | ≤ (Ml +Mo + 1)N
UE
max ,

(34)ak
10 = a1k · · · aik · · · aNUE

k k
u.

(35)Rπ
k = − lim

T→∞
E
π






T�

t=0

γ t

NUE
k�

i=1

(cdvik ,t + cboik ,t + cteik ,t)




.
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 while for every UEik in cluster Ck , the limits on the maximum offloading power, 
energy consumed, and packets executed are set to: 

 The resulted optimal policy π⋆ achieving this is a global one, i.e., π⋆
k = π⋆

k ′ , for 
(k , k ′) ∈ {1, · · · ,NC} , that accounts for the different configurations of the clusters in 
terms of the number of UEs, their data models, and their channel gain subintervals. 
This is done using federated learning as we will explain in the next section.

4.2 � Proposed resolution

Finding the optimal policy π⋆
k  for each cluster is hard to achieve analytically, hence we 

revert to iterative methods that attempt to converge to the optimal solution. In addi-
tion, as we have a complex and large state in this problem, using model-based meth-
ods that require full knowledge of the MDP structure (including the transition function) 
becomes infeasible in practical implementation. They can take exponentially long time 
to reach the optimal policy. Therefore, we need to consider model-free RL methods that 
can learn the environment by trial-and-error.

Moreover, DRL methods that rely on NNs to produce their output can be a powerful 
tool to obtain good policies that achieve the desired performance. However, training the 
DRL agent on a large state space while considering all UEs at once makes the problem 
very difficult. This has motivated us to introduce clustering of the UEs to eventually sim-
plify the problem resolution.

In our multi-cluster setup, we require thus a multi-agent RL model, where each agent 
runs on a CH of a cluster. A cooperation process is enabled between clusters using feder-
ated learning FL, which is a learning framework for distributed models. Each model runs 
locally at the CH level using heterogeneous data different from other models (providing 
data privacy). A global model is then aggregated from all the local models at the central 
node located at the MEC server. The dynamic nature of the clusters will lead to federated 
reinforcement learning FedRL agents that learn the flexibility in the system.

In the sequel, we describe the multi-agent training procedure, the clustering model, 
and the investigated DRL algorithm, namely the proximal policy optimization (PPO).

4.2.1 � Multi‑agent training procedure

Learning policies in a multi-agent FedRL follows several steps, as illustrated in Figs. 3 
and 4. We assume that the information exchange happens in a separate bandwidth from 
the transmission one, and that the time required to do this is negligible. Each cluster 
Ck has a local FedRL agent with weights wk that produce a policy πk , while the MEC 
server has the global model with weights wg and policy πg . At the end of the training 
procedure, all the clusters must have the same global model with weights w and policy π . 
Details of each sequential step are listed below.

(36)

{
π = π⋆ s.t.,

Rπ
g = maxπ

(∑NC

k=1 R
π
k

)

,

(37)






poik ≤ Po,
Eik < beik ,

mik ≤ N d
ik
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MEC Server

Global DRL Model

Local DRL 
Agent

Local DRL 
Agent

Local DRL 
Agent

... ...

(A)

(B)

Fig. 3  Federated Reinforcement Learning Procedure. A: The local models trained with clusters information, 
and transmitted to the central node (MEC Server). B: The global model weights aggregated from the received 
local weights, and broadcasted to the nodes (CHs)

Base 
Station

Cluster

...

Fig. 4  Information sharing with the Cluster Head
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•	 First at the start of a new episode e, the UEs are grouped into NC
e  distinct clusters, 

where one cluster head CHk is selected at random to be the decision-making agent 
for all UEs in Ck . The BS transmits to CHk the average of all the UEs’ channel gains in 
other clusters, represented by the vector zk , and the new episode e starts.

•	 During the episode e, and at a timestep t, each UEik in cluster Ck with 
i ∈ {1, · · · ,NUE

C } shares with CHk its buffer vector dik ,t , its quantized channel gain 
xik ,t , and its battery level beik ,t.

•	 CHk uses the information provided at each timestep to decide on the action to take 
ak ,t using the FedRL model, and broadcast the individual action aik ,t to each UEik in 
the cluster. The reward obtained will be also shared with the cluster head. This infor-
mation sharing process is highlighted in Fig. 4.

•	 The information shared by the UEs in Ck to CHk is then used to train the local 
agent with weights wk . After a certain number of steps (e.g., after a certain number 
of timesteps or episodes), the local weights of each CH agent are sent to the MEC 
server.

•	 After receiving the local weights from the CHs, the MEC server averages the weights 
and obtains the weights of the global model as: 

•	 The MEC server broadcasts the global model weights to all CHs, and the process 
repeats until the system converges to a global solution, i.e., ∀k , w = wk , π = πk , 
invariant to different data models and numbers of UEs per cluster. Note that the re-
clustering process takes place at each episode. The learning process is illustrated in 
Fig. 3.

4.2.2 � Clustering model

The proposed clustering process deals with two conflicting issues jointly. The first 
one is the clustered UEs’ channel conditions that have to be contrasting to maximize 
NOMA spectral efficiency [13], while the second issue is the need for a spatial proxim-
ity between UEs in order to cluster them. In Fig. 5, we show an example where the UEs 
can be located. They are defined in our case by their angle w.r.t the BS. Each circle with 
a shade of blue corresponds to a quantized channel gain subinterval. The UEs channel 
gains vary along the channel range, following the truncated Rayleigh distribution within 
their assigned subintervals as explained in 3.1. Moreover, the UEs can be in the same 
channel subinterval with different angles, that determines the position of the UEs w.r.t. 
the BS.

In other words, we use the polar coordinates (r, θ) to determine the position of a UE 
in the grid, with the BS positioned in the origin. The r value refers to the channel subin-
terval, while θ refers to the angle. The polar coordinates allows the clustering of UEs 
that have different r levels and the same (or adjacent) angles θ . The resulting clusters for 
the previous example are represented in Fig. 6, where each cluster is highlighted by the 
green color.

(38)wg = 1

NC

NC
∑

k=1

wk .
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UE 

UE 

BS 

UE 

UE 

UE 

UE 

Fig. 5  Displacement of UEs in the grid around the BS, with different channel subintervals and angles

BS 

UE 

UE 

UE 

UE 

UE 

UE 

Fig. 6  Clustering the UEs following their polar coordinates
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Formally, given the set of all UEs in the grid {UE1, · · · ,UEi, · · · ,UENUE} , we quantize 
the angles space � = [0, · · · , 360] deg into discrete values (�) , to allow UEs to be in a 
finite number of angles. Thus, before a re-clustering process at the start of a new epi-
sode e + 1 , UEi from the set of all UEs is assigned discrete channel subinterval and angle 
(Xi,e+1, θ i,e+1) . It transitions from the previous episodes’ parameters (Xi,e, θ i,e) following 
(2) for the channel subinterval and (39) for the angle transition, which is similar to the 
channel one4:

with ρθ being the angle range correlation factor, meaning that the angle in epi-
sode e affects the new angle in episode e + 1 , simulating more accurately the chang-
ing UE in location. Then, the clustering algorithm produces the set of clusters 
{C1, · · · ,Ck , · · · ,CNC} , with each Ck having NUE

k  UEs ranging between NUE
min and NUE

max . 
In what follows, we describe the clustering process in details, where the steps are organ-
ized according to their priority. A verification mechanism is implemented after each step 
to verify if the produced clusters are valid, in the sense that the number of UEs per clus-
ter is bounded by the minimum and maximum values allowed, and the number of clus-
ters is less than the allowed maximum number NC

max . Once the verification is validated, 
the clustering process terminates early. 

a)	 Create as many clusters as there are UEs to allow for the merging of clusters in the 
following steps, and to make the verification step easier: 

b)	 Combine cluster Ck with Ck ′ together if the following conditions are met, with 
{k , k ′} ∈ {1, · · · ,NC}, {i, i′} ∈ {1, · · · ,NUE}:

•	 The UEs in both clusters are assigned to different channel subintervals: 

•	 The UEs in both clusters have similar or adjacent angles: 

 with ǫθ being the angle quantization step.
	  In this step, the clustering is done by choosing one high SNR UE and testing it 

against all the other UEs, starting from the low SNR UEs and going up in the SNR 
scale, i.e., average channel gain, while ordering them according to their angle dif-
ference with the selected UE.

(39)p(θi,e+1 = θℓ|θi,e = θℓ
′
) =

(
1− ρθ

)|ℓ′−ℓ|

∑|�|
k=1

(
1− ρθ

)|k−ℓ| ,

NC = NUE.

Xi  = Xi′ if i  = i′.

|θ i − θ i′ | ≤ ǫθ , ∀ {i, i′},

4  since the angles define a circle, a rollover functionality is implemented to account for adjacent angles that are in distant 
deg values.
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c)	 For every UEi that was not clustered with other UEs in the previous step, assign them 
to a cluster Ck if:

•	 The number of UEs in Ck is less than the maximum: 

•	 UEi ’s angle is equal to or less than the angle quantization step compared to every 
UEi′ in Ck : 

d)	 If UEi is not assigned to another cluster in the previous step, cluster with it another 
UEi′ that is already clustered in Ck , after satisfying the following conditions:

•	 The number of clusters after this step is less than the maximum number of clus-
ters allowed: 

•	 The number of UEs in Ck is more than the minimum: 

•	 The angle difference between the two UEs is less than the angle quantization step: 

	  If the resulting clusters are not valid after going through all the steps, the angle 
and channel subinterval reassignment step is redone to ensure coherent and valid 
clusters.

4.2.3 � Proximal policy optimization

We choose Proximal Policy Optimization (PPO) [4] as the DRL technique to train multi-
agent FedRL system on a cluster basis. Our choice is motivated by our previous works 
on smaller scale systems [2, 3] where PPO showed great learning capabilities compared 
to other RL and DRL-based algorithms. PPO is a policy gradient, actor-critic, NN-based 
reinforcement learning algorithm that produces a policy distribution, and maximizes an 
objective function to improve said policy. During training, PPO relies on a set of two 
NNs with parameters w and w′ to estimate the policy πw(a|s) , as well as the value func-
tion Vw′

(s) , given an input state s. The outputs are then used to compute the objective 
function and update the parameters of the NNs via gradient ascent. In parallel, during 
testing, only the NN that outputs the policy is necessary to navigate in the environment. 
Intuitively, the actor-critic nature of PPO relates to the generation of policy that is used 
to sample an action (actor part), in addition to the generation of a value function esti-
mation (critic part) that provide additional information on the quality of the state and 
the future rewards. This combination helps actor-critic algorithms in general, and PPO 

NUE
k < NUE

max.

|θ i − θ i′ | ≤ ǫθ , ∀ i′ ∈ {1, · · · ,NUE
k }.

NC ≤ NC
max.

NUE
k > NUE

min.

|θ i − θ i′ | ≤ ǫθ , ∀ i′ ∈ {1, · · · ,NUE
k }.
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in particular, to maximize the objective function, improve on the policy estimation and 
converge to an optimal one.

The objective function used for PPO Lw,w′
PPO is defined as follows:

where:

•	 qw = πw(a|s)
πwold (a|s) represents, for a state s and a sampled action a, a ratio between the 

policy value at the current epoch and the old policy value from the previous one. It 
measures the change that has occurred in the policy. It depends only on the parame-
ters of the actor network w.

•	 Âw′ is the advantage function, defined for a state s = st at timestep t as: 

 with a discount factor γ , and a generalized advantage estimation factor � . Âw′ meas-
ures the quality of the sampled action in terms of the reward resulting from taking 
this action, and comparing to the expected reward, i.e., the value function estima-
tion. It depends on the parameters of the critic network w′.

The product qw · Âw′ estimates the change in the policy values, indicating the quality of 
the estimation at the current timestep. To limit the value of this product and improve 
the stability of the updates, a clipping function is added to bound the result between 
1− ǫ and 1+ ǫ , with ǫ being the clipping factor. Obviously, the aim is to maximize the 
objective function:

The training procedure of PPO is comprised of multiple steps as described below: 

1.	 Given an actor network with parameters w , and a critic network with parameters w′ , 
the agent navigates the environment. Starting with a state s fed as input to PPO, the 
actor network produces a policy distribution estimation πw(a|s) , while the critic net-
work outputs the value function estimation Vw′

(s) . An action a is sampled from the 
policy distribution and executed, transitioning the agent to a new state s′ while 
receiving a reward Ra

ss′ . The tuple 
(

s, a,πwold ,Vw′
(s), s′,Ra

ss′

)

 is stored in a memory 

buffer, and the new state s′ becomes the current one.
2.	 Step 1 is repeated for multiple timesteps until filling up the memory buffer. If an epi-

sode terminates, the process restarts with a newly initialized state s. The filled mem-
ory buffer is used for evaluating the objective function and further update the set of 
weights {w,w′}.

3.	 Random mini-batches are selected from the memory buffer for training. The advan-
tage function estimations Âw′

b  and the policy ratios qwb  are computed for a certain 
mini-batch b. The resulting values help compute an augmented version of the objec-
tive function for the mini-batch, defined as follows: 

(40)L
w,w′
PPO = Ê

[

clip
(
qw , 1− ǫ, 1+ ǫ

)
Âw′]

(41)Âw′
(st) =

T−1∑

τ=t

(γ �)τ−t
(

RAτ
sτ sτ+1

+ γVw′
(sτ+1)− Vw′

(sτ )
)

,

(42)max
w,w′

L
w,w′
PPO
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 with Lw′,b
VF  being a squared error term for the value function, and Sw,b being the 

entropy loss that encourages exploration. β1 and β2 are some hyper-parameters to 
tune.

4.	 The set of weights {w,w′} is updated for the mini-batch objective function computa-
tion following the gradient ascent method, with a learning rate α : 

5.	 The random selection of mini-batches within the same batch of tuples in the mem-
ory buffer is redone for I  iterations. After that, the memory buffer is reset (marking 
the end of an epoch), and the previous steps are repeated again for several epochs 
until convergence. The output used for testing is the policy πw(a|s).

In our specific implementation of PPO, we opted for a NN architecture that shares the first 
layers between the actor and the critic networks, as it produces better results in simula-
tions. In addition, the PPO algorithm operates in a Federated way (i.e., Federated PPO), 
where all the CHs have a different local PPO model with weights wk , and FL is used to learn 
a global model with weights wg.

With the number of UEs changing after each re-clustering operation, the PPO model 
needs to accommodate this dynamic aspect in the system. More specifically, the inputs and 
outputs of the PPO’s Neural Networks (the actor and the critic networks share the first few 
layers, therefore their input is the same) have to consider the maximum size of the state 
representation and the maximum number of actions (in the actor’s output). Thus, the PPO 
input state for Ck , denoted as sPPOk  , is defined as:

where zero padding is performed on the elements from index NUE
k  to index NUE

max if 
NUE

k < NUE
max , and from index NC to index NCmax if NC < NCmax . Zero padding is per-

formed in the following way:

(43)Lb
PPOa = L

w,w′,b
PPO + β1L

w′,b
VF + β2S

w,b,

(44)w ← w + α∇wL
b
PPOa

(45)w′ ← w′ + α∇w′Lb
PPOa

(46)

sPPOk =
{
d1k , · · · ,dNUE

k k , · · · ,dNUE
maxk

,

x1k , · · · , xNUE
k k , · · · , xNUE

maxk
,

be1k , · · · , beNUE
k k

, · · · , be
NUE

maxk
,

z1, · · · , zNC , · · · , zNC
max

}
,

(47)
d
(NUE

k +1)k = d
(NUE

k +2)k = · · · = dNUE
maxk

= [−1, · · · ,−1]
︸ ︷︷ ︸

Sd

,

(48)x
(NUE

k +1)k = x
(NUE

k +2)k = · · · = xNUE
maxk

= xmin,

(49)be
(NUE

k +1)k
= be

(NUE
k +2)k

= · · · = be
NUE

maxk
= 0,
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Basically, we zero pad the remaining empty spots in the state representation with UEs 
that have no data in the buffer, the lowest channel gain, and an empty battery. For zk that 
represent information on other clusters, we fill up the spots with the maximum average 
channel gain (to avoid considering them in the interference estimation for 6).

Moreover, we can set the actor’s output πw
k (.|sk) size as:

which is the same as the maximum action space size |Ak |.

5 � Simulation results
To assess the performance of the proposed model, we simulate a system with NUE = 6 
UEs. Each UEi has a buffer of size Sd = 4 with a maximum delay ∇ = 2 on the pack-
ets that arrive, as well as EH capabilities with a battery of size N b = 3 energy units 
of Se = 1 µJoules . In addition, we choose a random data model among the models 
described in Sect. 3.3, which are Poisson distribution with mean µd

po = 0.5 , uniform dis-
tribution with Du,min = 0 and Du,max = Sd/2 , Lognormal and Pareto distributions with 
µd
l = µd

pa = 0 . We assume that the channel gain range is quantized into |J | = 3 subin-
tervals, with xmin = −5.23 dB and xmax = 6.53 dB , and |X | = 3 quantization steps for 
each subinterval X j . The angles range is similarly quantized into |�̄| = 4 discrete angles.

We cluster the UEs in at most NC ≤ NC
max = 3 clusters, with each cluster Ck having 

a number of UEs between 2 = NUE
min ≤ NUE ≤ NUE

max = 4 . The re-clustering is done 
before the start of every episode.

The cluster Ck scheduling decisions are taken by the CHk at the start of a timestep. It 
performs either local operations for UEik with a maximum of Ml = 1 packet, or offload-
ing packets to the MEC server with a maximum of Mo = 3 packets that can be offloaded 
at once.

When processing locally, the power associated with the decision is P l = 180 µW , 
whereas the maximum allowed offloading power is Po = 2 mW . In the offloading oper-
ation, UEik sends to the MEC server mik packets of size Lul = 500 bits , over a bandwidth 
of Wul = 4 MHz , and a channel noise spectral density of N0 = −87 dBm Hz . It awaits 
the execution for T w = 0.1 ms while consuming the power pw = 0.1 mW . For downlink 
transmission, the resulted packets have size Ldl = 50 bits and the BS uses a transmis-
sion power of pbbs = 1 kW . The total downlink bandwidth Wdl = 10 MHz is allocated 
partially to each cluster depending on the number of UEs in it. At the UEs, the recep-
tion power is set to pr = 3 mW and the decoding power to pd = 5 mW s. In fact, each 
UEik receives the signals from all the other UEs in the same cluster and performs SIC 
decoding to decode its signal after decoding the signal of other UEs with weaker channel 
(i.e., higher allocated power). The whole offloading operation has to be done within the 
timestep duration T = 1 ms.

To train the Federated PPO multi-agent setup, each agent has 2 NNs (actor and critic 
networks) of 4 layers, the first 2 are shared between them. The number of neurons is 128 
per layer with ReLU activation functions. The number of training epochs is the same 

(50)zNC+1 = zNC+2 = · · · = zNC
max

= zmax.

(51)|πw
k (.|sk)| = (Ml +Mo + 1)N

UE
max ,
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as the number of episodes E = 40 · 103 with each episode having T = 1024 timesteps, 
and the memory buffer size is 1024 tuples. The batch size when sampling experiences 
from the memory buffer is 64, the policy clip ǫ = 0.2 , the generalized advantage esti-
mation factor � = 0.97 , the discount factor γ = 0.99 , the learning rate α = 5 · 10−4 , and 
the number of iterations of batch sampling is I = 10 . Once an episode terminates, the 
weights are shared with the MEC server, and a re-clustering process is initiated for the 
next episode.

We compare the Federated PPO method in terms of the percentage of lost packets, as 
well as the energy consumption during an episode with some naive methods extended 
to a multi-Agent setup, that operate given the availability of energy units in the battery:

•	 Naive Offload (NO): Only offload actions, with the highest number of packets to exe-
cute.

•	 Naive Local (NL): Only local actions, with the highest number of packets to execute.
•	 Immediate Scheduling (IMM): Local or offload actions, with the highest number of 

packets to execute.
•	 Naive Random (NR): Randomly select an available action.

In Fig. 7, we show the performance of the used methods in terms of the percentage % 
of dropped packets per cluster, averaged throughout E = 1000 episodes of T = 1000 
timesteps. We can see that the Federated PPO method outperforms the other naive 
methods by achieving less values of all the types of errors that induce packets losses, i.e., 
delay violation and buffer overflow (transmission error does not cause a loss in packets, 
only a failure to execute the packets, therefore it is not included). The results illustrate 
the effectiveness of the adopted learning scheme that renders the federated PPO aware 
of the inter-cluster interference, as well as the delay, battery and channel information 
of the UEs in each cluster. Notably, the NO method performs poorly even compared to 
the NR method. This is due to the high delay violation errors that occur from the lack of 
cluster awareness, resulting thus in choosing actions that are not available. Meanwhile, 
the NL method performs better than the NO method, which subsequently indicates that 
IMM method selects local processing more often.

The energy consumption is evaluated in Fig. 8, where the number of averaged energy 
units consumed during an episode per cluster is shown. We can observe that Feder-
ated PPO achieves lower energy consumption compared to the naive methods and the 

Fig. 7  Average percentage of dropped packets for each approach
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immediate scheduler. In addition, the NO achieves less than the other naive methods 
simply because it stays idle too often. Therefore, the Federated PPO method offers good 
performance while consuming less power than the other methods.

Investigating the clustering outcomes during the testing episodes reveals that a 
NC = 3 clusters configuration with NUE = 2 UEs each occurs for 65.5% of the epi-
sodes. The second highest occurring configuration is the one with NC = 2 clusters of 
NUE = 3 UEs with 28.9% . The two other possible configurations of NC = 2 clusters 
of NUE = {2, 4} and NUE = {4, 2} UEs happen 3% and 2.6% of the testing episodes, 
respectively.

In addition, an action analysis is carried out it Figs. 9, 10 and 11, where each pie chart 
represents the percentage of actions taken during an episode (idle actions are omitted) 
for a UE in a cluster with NUE = {2, 3, 4} number of UEs, respectively. The figures show 
that the instances where intra-cluster NOMA is used increases with the number of UEs 
in the cluster.

Fig. 8  Average energy units consumed for each approach

Fig. 9  Average percentage of actions taken by each UE in NUE
= 2 clusters. Idle actions represent 63.1%

Fig. 10  Average percentage of actions taken by each UE in NUE
= 3 clusters. idle actions represent 77.1%
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6 � Conclusion
In this paper, we have tackled the scheduling and task offloading of UEs in a dynamic multi-
cluster NOMA system supported by Mobile Edge Computing, addressing key constraints 
such as strict task delay requirements, limited-size rechargeable batteries on UEs powered 
by energy harvesting, and varying channel conditions. To minimize packet loss, we have 
investigated the DRL method, Proximal Policy Optimization, with proven great generaliza-
tion abilities. We have proposed a novel clustering process to enhance NOMA downlink 
performance and reduce the complexity of the DRL model. Our approach has also included 
a FedRL framework to develop a global policy across agents in a multi-agent setup. Our 
results have demonstrated that the federated PPO policies outperform standard methods, 
showing promising scalability for more complex systems.

Future work will expand this framework to a multi-cell environment with multiple MEC 
servers, allowing for the management of inter-cell interference and more efficient resource 
allocation across clusters. Additionally, further investigation of our clustering process, 
including comparative analysis with alternative clustering algorithms in the literature, 
will be undertaken to refine cluster configuration and task scheduling dynamics. Realis-
tic considerations such as latency, signaling overhead, and computational complexity will 
also be integrated to better assess the system’s performance under practical deployment 
constraints.
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