
IEEE Network • July/August 20211 0890-8044/21/$25.00 © 2021 IEEE

AbstrAct
Incumbent wireless technologies for futuristic 

fifth generation (5G) and beyond 5G (B5G) net-
works, such as IEEE 802.11ax (WiFi), are vital to 
provide ubiquitous ultra-reliable and low-latency 
communication services with massively connect-
ed devices. Amalgamating WiFi networks with 
5G/B5G networks has attracted strong research-
er interest over the past two decades, because 
over 70 percent of mobile data traffic is gener-
ated by WiFi devices. However, WiFi channel 
resource scarcity for 5G/B5G is becoming ever 
more critical. One current problem regarding 
channel resource allocation is channel collision 
handling due to increased user densities. Rein-
forcement learning (RL) algorithms have recently 
helped develop prominent behaviorist learning 
techniques for resource allocation in 5G/B5G 
networks. An agent optimizes its behavior in an 
RL-based algorithm based on reward and accu-
mulated value. However, densely deployed WiFi 
environments are distributed and dynamic, with 
frequent changes. Thus, relying on individual local 
estimations leads to higher error variance. There-
fore, this article proposes a federated RL-based 
channel resource allocation framework for 5G/
B5G networks, and suggests collaborating learn-
ing estimates for faster learning convergence. 
Experimental results verify that the proposed 
approach optimizes WiFi performance in terms 
of throughput by collaborative channel access 
parameter selection. This study also highlights six 
potential applications for the proposed frame-
work.

IntroductIon
Fifth generation (5G) and beyond 5G (B5G) net-
works are promising to cooperate with future 
wireless local area networks (WLANs) as their 
incumbent technologies to provide inspiring ser-
vices, such as ubiquitous ultra-reliable low-latency 
communication (URLLC) and high throughput ser-
vices. Amalgamating WLAN (WiFi) networks with 
5G/B5G networks has been an active research 
topic over the past two decades. Currently, over 
70 percent of mobile data traffic is generated by 
WLAN networks [1], and given WiFi’s favorable 
economics and high performance, it will remain 
an attractive choice for indoor and enterprise 

applications. Although cellular networks originated 
outdoors, we expect WiFi and 5G/B5G to coex-
ist both indoors and outdoors. The IEEE Working 
Group (WG) recently launched an amendment to 
IEEE 802.11 WLANs, IEEE 802.11ax high-efficiency 
WLAN (HEW), that addresses massively connect-
ed device deployment scenarios, including train 
stations, sport stadiums, shopping malls, and so 
on. The International Telecommunication Union 
Radio Communication Sector has specified that 
5G/B5G and future WiFi requirements, such as 
HEW, will potentially satisfy these requirements, 
allowing combination of environment features 
and device interactions with the environments 
to spontaneously manage channel resource allo-
cation parameters at the medium access control 
(MAC) layer. WLAN devices, also referred to as 
stations (STAs), proficiently and dynamically man-
age wireless channel resources; for example, the 
MAC layer distributed coordination function uti-
lizes a carrier sense multiple access with collision 
avoidance (CSMA/CA) mechanism to resolve col-
lision issues in the network. Station performance 
generally relies on exploiting uncertainty due to 
system heterogeneity in terms of transmitted data 
variety. Therefore, it is imperative to examine 
effective and robust resource allocation schemes 
to accomplish HEW targeted objectives. 

Reinforcement learning (RL) is the least 
demanding machine learning (ML) sub-field suit-
able for this challenge. RL is a difficult technique 
to realize, but essentially, it trains the model 
using cooperation and feedback (i.e., rewards for 
actions in an environment). Several learners per-
ceive and interpret their environment, and then 
take actions and interact with it. An agent learns 
the environment and defines which actions gener-
ate the highest rewards. Subsequently, the agent 
performs various actions within its environment 
to change the environment’s state, where each 
action generates a reward. The agent’s policy 
maps environmental situations to actions (i.e., pro-
vides decision making). Value accumulates over 
time from rewards received implementing a spe-
cific policy. The Markov decision process (MDP) 
is a probabilistic model for successive decision 
problems’ current states and actions performed 
to determine a probability distribution of prospec-
tive states. Finally, the agent’s environmental view 
maps state-action pairs to probability distributions 
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over the states, creating the environment model. 
RL is a flourishing research technique for studying 
5G/B5G system use cases, ranging from learning 
complex 5G/B5G networks with unfamiliar chan-
nel resource allocation parameters to deploying 
5G/B5G networks [2]. It was inspired by behav-
iorist learning, where learners accomplish their 
goals by interacting with their environment, and 
employs explicit learning algorithms, such as 
Q-learning (QL), to solve MDP models [3].

Estimation parameters (e.g., Q-value estimates) 
are maintained and dynamically updated in RL as 
information comes to hand during learning. Exces-
sive estimator variance during learning can be 
problematic, resulting in uneven or unstable learn-
ing, or even making effective learning impossible. 
Thus, few agents will fail to build decision poli-
cies using an RL algorithm with only local rewards 
available due to the trade-off between exploration 
and exploitation increasing error variance. 

Therefore, federated learning (FL) has recently 
emerged, training an ML algorithm on multiple 
local datasets contained in local devices without 
exchanging data samples. The general principle 
comprises training local models on local data 
samples and exchanging parameters (e.g., deep 
neural network weights) between these local 
models at some frequency to generate a glob-
al model. This article proposes a federated rein-
forcement learning (FRL) framework, extending 
FL techniques into RL models. FRL aims to learn a 
local Q-network policy for each agent by collab-
orating locally accumulated reward information 
among nearby agents, based on the assumption 
that all agents benefit from joining the federation 
in building decision policies.

reInforcement LeArnIng dIstrIbuted setup
RL includes an MDP, where an agent takes activ-
ities in a stochastic environment over a sequence 
of time steps to maximize their value function col-
lected from the environment. MDPs have been 
incorporated by many RL algorithms, such as 
Q-learning (QL) algorithms. Although QL algo-
rithms were originally developed for single-learn-
er tasks, several practical RL algorithms for 5G/
B5G resource allocations involve multiple learn-
ers operating in a distributed fashion, such as 
autonomous resource provisioning and resource 
customization [4], autonomous resource slicing 
with dueling deep Q-networks [5], and dynamic 
resource reservation with deep RL algorithms [6]. 
The distributed setup for RL incorporates a cen-
tral device, such as an access point (AP), which 
arranges learning procedures for all agents in the 
environment. Different agents intend to maximize 
accumulated reward using coordinated efforts in 
the environment. 

Similar learning models have previously been 
considered for distributed supervised learning, 
such as FL. Collaboration among distributed learn-
ers in FL involves central devices exchanging data 
with all learners in the environment by gathering 
their rewards and local perceptions. However, 
this requires a central controller and learners to 
communicate often, and such frequent communi-
cation can become expensive and increase laten-
cy for most FL applications, including cloud-edge 
artificial intelligence (AI) frameworks, becoming a 
system performance bottleneck. Thus, improved 

communication-efficient approaches are essential 
for URLLC and high-throughput services under 
5G/B5G systems.

dIstrIbuted setup of rL:  
federAted reInforcement LeArnIng

FRL, also known as collaborative RL, is one of 
the distributed setups of RL that learns the envi-
ronment across numerous decentralized devices 
without sharing their actual data. This ML tech-
nique is very different from traditional central-
ized ML techniques, where all target data must 
be uploaded to a single server. FRL empowers 
numerous agents to construct typical strong ML 
models without sharing data and information. This 
decentralized technique tends to address secu-
rity and privacy concerns by disseminating the 
information to distributed agents in the environ-
ment. FRL applications are already recognized 
by several next-generation technologies, such as 
5G/B5G, the Internet of Things (IoT), and block-
chain [5–10]. Therefore, this article extends FL 
techniques to RL models, creating an FRL model.

ArtIcLe contrIbutIons
Traditionally, WLAN CSMA/CA mechanisms use 
binary exponential backoff (BEB) to maintain a 
nearly collision-free environment. BEB uses a ran-
domly selected backoff value from a contention 
window (CW) to contend for wireless channel 
resources. Initial and maximum CW are fixed 
by standardization, and an STA exponentially 
increases initial CW size each time it encounters 
a collision (collision in the WLAN is assumed if 
transmission acknowledgment is not received) 
until it reaches maximum CW. CW size is reset to 
its initial value once a packet is transmitted suc-
cessfully. However, this blind increase/decrease 
of contention parameters degrades network per-
formance; for example, resetting CW to its ini-
tial (minimum) size causes more collisions due 
to smaller CW for a more substantial number of 
contenders. Similarly, only a few STAs contend for 
channel resources when network density is mini-
mal, and exponential CW increase for coinciden-
tal collisions causes unnecessary network delays. 
Thus, WLAN resources are drastically constrained 
due to shared channel resources, whereas appli-
cations become dynamically refined and diverse. 
An RL-based framework for channel resource 
allocation at the medium access control (MAC) 
layer in dense WLANs was proposed considering 
possible RL applications and features in WLANs 
[10]. The proposed RL-based framework utilized 
the QL algorithm to select optimal contention 
parameters for contending STAs, called an intel-
ligent QL-based resource allocation (iQRA) mech-
anism. The authors showed that iQRA optimized 
BEB performance by utilizing channel-observa-
tion-based collision probabilities. In iQRA, each 
STA manages contention parameters based on 
observed collision probability, which was iterative-
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challenge. RL is a difficult technique to realize, but essentially it trains the model using cooperation 
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ly optimized using the QL algorithm.
However, the proposed mechanism forces 

every STA to optimize its contention parameters 
based on individually observed and accumulated 
Q-values from the value function. Wireless net-
work environments are distributed and dynamic 
by nature, and change often. Thus, relying on indi-
vidual local learning models (LLMs), such as RLs, 
leads to higher error variance, particularly when 
spectrum resources are shared among a mas-
sive number of connected networks and devic-
es. Therefore, this article proposes an ML-aware 
architecture for next-generation dense WLANs 
and beyond, using an FRL model to optimize 
spectrum resource sharing. FRL is an ML tech-
nique where learners collaborate by interacting 
across multiple distributed edge devices holding 
LLMs without sharing actual data. This enables 
numerous learners to build a shared global learn-
ing model (GLM) based on their learning without 
sharing the local data, retaining critical data priva-
cy and security. The FRL model infers distributed 
complex patterns from dense deployments, ensur-
ing device minimum spectrum resource require-
ments. Therefore, we propose an FRL framework 
to optimize network contention parameters col-
lectively and cooperatively in ultra-dense WLANs, 
and discuss six potential FRL framework applica-
tions for incumbent technologies in 5G/B5G net-
works.

federAted reInforcement LeArnIng frAmework
This section describes the proposed FRL model 
for WiFi channel resource allocation.

reInforcement LeArnIng As A frAmework
In RL-based frameworks for WiFi, an STA iterative-
ly learns its action behaviors at a given time and 
maps them to prospective decisions to maximize 
reward, where the reward is a numerical response 
from the environment at a specific state. Typical-
ly, a learning STA in RL does not have any initial 
preference for actions to perform, but must dis-
cover optimal actions to achieve the best reward 
from the environment. The primary goal is to max-
imize the accumulated reward. Rewards for any 
action articulate how pleased the STA is in any 

specific state, and hence are the key motivation 
for changing the policy at any state. For example, 
the strategy of selecting low reward actions might 
be changed to choose other actions for a specific 
state in the future.

Another important RL technique is Q-value, 
that is, the aggregated reward collected over a 
long term. Reward for an action represents what 
is good in an immediate sense, whereas Q-value 
is the most important outcome when assessing 
decisions. For example, a state may reliably yield 
low reward, but have high Q-value if it is consis-
tently trailed by various states that produce high 
rewards. Thus, we generally look for actions that 
yield high Q-value rather than high reward.

One RL challenge is the trade-off between 
exploration and exploitation. An RL-enabled STA 
must learn toward actions already attempted and 
check to be convincing in making a reward to 
get a significant accumulated reward. However, 
the STA needs to try actions that have not been 
picked previously, known as exploration, to find 
higher reward actions; as well as exploiting what 
has already been explored, under the constraint 
that the ultimate goal is to acquire the maximized 
accumulated reward, known as exploitation. Fig-
ure 1 shows an RL-based framework with core 
terminologies in a WLAN environment.

IQrA mechAnIsm
The RL-based iQRA mechanism assumes backoff 
stages as an available finite set of states, where a 
learning STA changes CW size by moving forward 
and backward in the states set. An action receives 
a reward at a given time in a specific state, with 
the objective to exploit its accumulated Q-value. 
One of the main iQRA objectives is to minimize 
WLAN channel collision probability. Therefore, 
the reward given by an action taken at a specific 
time is formulated as a function of channel colli-
sion probability [11], and then the STA observes 
its current state and takes an action. This action 
moves the STA to the next state. The iQRA mech-
anism aims to find an optimal policy that exploits 
accumulated Q-value, which is updated as

Qt(st, at) = (1 – a)  Qt(st, at) + a 
  {rt(st, at) + b  maxa’Qt(s’, a’)}, (1)

that is, the Q-value Qt(st, at) is updated iteratively 
after the STA performs action at at state st, where 
a ∈ [0, 1] is a learning-rate control parameter; b 
∈ [0, 1] is the discount factor to weight instant 
reward more aggressively than future reward; rt(st, 
at) is the current reward for action at state st; rt(st, 
at) + b  maxa’Qt(s’, a’) are learning estimates rep-
resented by DQ, where maxa’Qt(s’, a’) is the best 
estimated Q-value for the future state-action pair.

Thus, a directly effects an agent’s learning, 
since a = 0 means the Q-values are never updat-
ed, and hence nothing was learned by the agent, 
whereas a = 0.9 means that learning can occur 
instantly or faster. Similarly, b models that future 
rewards are worth less than immediate rewards. 
Thus, the lower the value of beta is, the less-
er will be the worth of future rewards, and vice 
versa for higher worth. An individually estimated 
Q-value at each STA may produce a higher error 
variance due to a dynamic and/or dense WLAN 
environment, leading to more severe estimations. 

FIGURE 1. Example reinforced learning framework 
with core elements in a WLAN environment.
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Therefore, we propose collaboration of the accu-
mulated Q-value in the network with other STAs 
to reduce estimation error variance.

proposed frL modeL
We combine RL and FL techniques to formulate 
the proposed FRL model. Combining RL and FL is 
performed considering local and global learning 
phases. Figure 2 shows the proposed FRL model, 
where we assume a WLAN AP as the WLAN envi-
ronment’s centralized device. A state transition 
diagram for the proposed MDP is also included 
(Fig. 2, bottom). The MDP defines that an STA 
moves from one state to another based on the 
performed action, while returning a reward back 
to the state. The STA accumulates the collected 
reward with the reward received from the global 
learning model, which is later federated within 
the network as a global Q-value. STAs around the 
AP have LLMs (e.g., RL-based iQRA) to optimize 
channel access parameters for transmission to 
and from the AP (estimated Q-value). In this LLM, 
an STA senses the channel for observation-based 
collision probability as formulated by iQRA. Fig-
ure 3 shows that under iQRA, competing STAs 
perform a BEB procedure for channel resources 
with a random backoff value after the channel 
is sensed idle for a distributed inter-frame space 
period. Discretized time slots during the BEB pro-
cedure are observed as either idle or busy. An 
STA in a WLAN environment formulates channel 
collision probability as the sum of total busy time 
slots divided by total number of time slots [11], 

which forms the reward for the STA to accumu-
late its Q-value further from Eq. 1. Since individual 
estimated Q-value in the proposed FRL model 
may suffer from large overestimation due to error 
variances, every STA integrates its locally updated 
value in an acknowledgment (ACK) packet, that 
is, a federated ACK (FACK) message, to collab-
orate with other active STAs in the WLAN (Fig. 
3). This extra federated Q-value, referred to as 
double Q-learning (DQL) [12], is passed to the 
QL algorithm (Fig. 2), which is the GLM for the 
proposed FRL. Equation 1 shows that action 
a’ has maximum value for prospective state s’, 
depending on Qt(st,at). However, rather than 
using maxa’Qt(s’, a’) to update Q-value, FRL uses 
the globally updated value received in FACK mes-
sages. Since FRL updates federated Q-value in the 
same WLAN environment, but with a different 
set of observations, it represents a fair Q-value 
estimate for this action. Both Q-value functions 
(LLM and GLM) must learn from separate sets of 
experiences in the same environment under the 
proposed FRL framework. Thus, an STA uses both 
Q-value functions to update its optimal Q-value 
for Eq. 1,

Qt(s’, a’) = (1 – a)  Qt(s’, a’) + a 
  {rt(st, at) + b  Qt

F(st
F, at

F)}, (2)

where Qt
F(st

F, at
F) represents a federated Q-value 

from other STAs in the wireless network.

FIGURE 2. Proposed FRL framework for channel resource allocation in 5G/B5G WLANs (a state transition 
diagram of Markov decision process is also included at the bottom of the figure).
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performAnce evALuAtIon

We simulated the proposed FRL and RL-based 
channel access mechanisms using the ns-3 net-
work simulator, with an IEEE 802.11ax HEW 
model for dense WLANs. Table 1 shows some 
important simulation parameters. Figure 4a 
compares Q-value learning estimate (DQ) con-
vergence comparison between an RL (QL) and 
FRL-based (DQL) algorithm for 1000 iterations. 
FRL converges considerably faster than RL, sug-
gesting significant performance enhancement. 
Rapid convergence helps STAs learn their WLAN 
environment swiftly and hence optimize their 
resource allocations. The reason for this faster 
convergence is that the RL mechanism depends 
on an individual/local estimator (Q-value accumu-
lator), whereas the FRL mechanism depends on 
the double estimator (individual/local and feder-
ated/global). 

Figure 4b compares the proposed FRL-based 
MAC layer channel access mechanism (FiQRA) 
in terms of throughput with respect to number of 
STAs with iQRA. The proposed FRL-based mech-
anism exhibits considerably improved throughput 
compared to the RL-based scheme. Consequent-
ly, FRL is more effective at learning the wireless 
network.

substAntIAL ImpAct
Limitations and challenges posed by current ML 
frameworks are always ignored, including believ-
ing and optimization based on individual learning. 
The proposed FRL framework expands wireless 
network capabilities by implementing a distribut-
ed and coordinated spectrum resource, providing 
a more dynamic and robust technique. This opens 
new approaches beyond conventional RL-enabled 
frameworks to overcome spectrum resource shar-
ing challenges. Higher throughput verifies that 
shifting wireless networks from RL- to FRL-based 

mechanisms has potential for 5G and B5G net-
works.

potentIAL AppLIcAtIons
This section presents some potential applications 
for the proposed FRL model.

frL-bAsed IQrA mechAnIsm
Under iQRA, STAs optimize their contention 
parameters based on their individually estimat-
ed Q-value. The QL algorithm tends to perform 
poorly in dynamic and stochastic WLAN environ-
ments, mainly from substantial Q-value overes-
timation due to using maxa’Qt(s’, a’) in the QL 
algorithm. Therefore, we propose to use an FRL-
based iQRA (FiQRA) mechanism where an STA 
competing for the channel resources is expected 
to learn the WLAN environment faster than an 
STA in an iQRA mechanism, as shown in Fig, 4a. 
Faster convergence allows the FRL-based MAC 
layer channel access mechanism to choose opti-
mal channel access parameters (e.g., CW) faster 
than the iQRA mechanism.

Figure 4b shows that throughput for FRL-based 
MAC protocol is independent of the number of 
contending STAs in the WLAN. This is justified 
since system throughput depends on channel 
access parameters, such as backoff CW, and 
FiQRA optimizes CW based on federated infor-
mation from other STAs within the WLAN.

shAred InformAtIon network estImAtIon method
Performance for a WLAN environment strongly 
relies on the number of contending STAs simulta-
neously trying to access channel resources. How-
ever, the actual number of active STAs cannot 
be retrieved even in the presence of an AP. Esti-
mating the number of active devices raises many 
implications for an STA in a WLAN environment. 
The BEB CW depends on the number of STAs 
to maximize WLAN system performance [13]; 
hence, we propose to utilize FRL-based shared 
information network estimation (SINE). SINE uses 
a FACK message to collaborate an estimated 
number of STAs.

TABLE 1. MAC/PHY layer simulation parameters for 
performance evaluation.

Parameter type Value

Frequency 5 GHz

Channel bandwidth 160 MHz

Data rate (MCS11) 1201 Mb/s

Payload size 1472 bytes

Transmission range 10 m

CWmin 32

CWmax 1024

Simulation time 500 s

Propagation loss LogDistancePropagation

Mobility ConstantPositionMobility

Rate-adaptation ConstantRateWifiManager

Error-rate NistErrorRateModel

FIGURE 3. FACK collaboration method in the CSMA/CA module.
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frL At the edge

Edge computing has received considerable 
research attention due to its capacity to broad-
en cloud computing efficiencies to the network’s 
edge with low latency. Various low-latency 5G/
B5G applications utilize edge computing features, 
including autonomous driving cars, augment-
ed reality (AR), remote surveillance, and tactile 
Internet (Fig. 5). However, connected edge user 
devices have rigorous computational resource 
constraints. One approach is to utilize a cloud 
network to furnish edge devices with on-demand 
computing resources, but characteristic defer-
ral related to end-to-end communications with 
a cloud server can generate intolerable latency. 
Therefore, it is essential to utilize FRL at the edge 
(FEdge) to empower insightful applications.

Conventional RL-based frameworks use cen-
tralized learning data, which requires transferring 
information from numerous geographically dis-
tributed devices to a central device. In contrast, 
collaborative and edge deployed RL techniques, 
such as FRL, cope with environment data privacy 
challenges in RL mechanisms. FRL preserves data 
privacy in the network by avoiding centralized 
or single point learning. FEdge includes wireless 
devices within its environment and calculates the 
global learning model at the edge of the network.

frL-bAsed vehIcLe-to-everythIng communIcAtIons
Vehicle-to-everything (V2X) communication over 
5G/B5G networks is a key enabler for self-driving 
autonomous cars. V2X communication also helps 
improve transportation frameworks’ collaborative 
task handling [14]. However, autonomous ser-
vices performance in self-driving cars, including 
instant navigation, collision evasion, and collabo-
rative task handling, strongly depends on URLLC, 
with target end-to-end (E2E) latency < 1 ms. Most 
current related work focuses on improving V2X 
network expected  latency to achieve this target, 
utilizing probabilistic controls to sustain queuing 
delays at the end devices. 

However, although probabilistic control 
approaches may improve network reliability on 
shorter queue length devices, they fail to control 
exceptional actions for large queue length devices 
with low channel access probability. Therefore, a 
few end devices (vehicles) in V2X networks may 
encounter volatile delays, degrading network 
performance. The major issue with probabilistic 
methods is the lack of sufficient information sam-
ples that include rare extraordinary events [15]. In 
V2X communication, roadside units aid vehicles 
in gathering information samples over the net-
work, but this incurs additional communication 
overhead. 

As discussed above, FRL enables learning mod-
els to enable sharing of individual/local learning 
information with other devices within available 
communication overheads (e.g., FACK messag-
es). The FRL framework also does not require 
synchronization among other devices in a V2X 
network due to implementing the QL algorithm 
locally. Thus, a vehicle can learn and explore the 
environment with the help of locally available 
information even if connectivity between the vehi-

FIGURE 4. a) Q-value estimate (DQ convergence for 
FRL (DQL) and RL (QL) algorithms (n = 25); b) 
performance evaluation for the proposed FRL-
based MAC layer channel access mechanism 
with the RL-based MAC layer channel access 
mechanism in terms of throughput.

FIGURE 5. Potential FRL-based framework applications.
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cle and roadside unit(s) fail.

secure frL
One of the critical 5G/B5G challenges while ful-
filling URLLC requirements is to maintain data 
security and privacy. Traditional ML techniques 
need at least some private information to be 
analyzed at the central device to implement ML 
model training. Hence, centralized training mod-
els may cause potential security threats and pri-
vacy leakages within the network. In contrast, FL 
models for wireless networks enable trustworthy 
application scenarios for network devices. How-
ever, critical security and privacy challenges occur 
due to training data leakages. A brutal security 
attack is possible during GLM training, and user 
inference attacks can occur at any time, where 
rich semantic information may be breached at 
intermediate agents. 

We propose FRL to overcome poising and 
user inference attacks in the networks. The FRL 
model uses value-based LLM training models in 
an automated and anonymous manner for each 
device in the network. LLMs have more robust 
defenses against user inference attacks using 
locally designed learning strategies during LLM 
updates. The proposed secure FRL framework 
creates a decentralized and trustless data store to 
eliminate dependency impacts on agents in the 
conventional FL model.

frL-bAsed 5g/b5g core network
An essential improvement to the core network 
(CN) architecture is to be able to handle the 
intimidating 5G/B5G network services for URLLC 
requirements. A CN is the heart of the network 
and transmits multi-radio access in a network that 
requires seamless network-wide service experi-
ence. 3GPP [2] describes a CN architecture, 
called New Radio, to enable services transmission 
over wired/fixed networks, wireless networks, and 
converged access networks. A CN with strate-
gically located servers at the edges and cloud is 
critical to support URLLC requirements. Effective 
network control and resource management mech-
anisms are required to enhance current deployed 
converged access network performance to sup-
port URLLC requirements. 

RL has been considered previously as a prom-
ising solution to achieve intelligent and optimized 
network control and resource allocation. Howev-
er, the major issue with RL techniques is that every 
RL-enabled device must learn the optimal deci-
sion through exploration. Thus, optimal actions 
are approached at the expense of excessive 
time in performing sub-optimal actions. Selecting 
sub-optimal actions during exploration could neg-
atively affect overall performance. Therefore, we 
propose to utilize FRL to leverage RL capabilities 
and hence improve resource allocation strategies 
for 5G/B5G CN, while simultaneously achieving 
URLLC services through FRL techniques. The pro-
posed FRL-based 5G CN enables multi-access net-

works to collaborate on their LLM-based decisions 
for common (GLM-based) resource allocation 
decisions. Multiple networks share their individual 
exploration to speed up learning optimal strate-
gies, hence benefiting all participating converged 
networks.

concLusIon
The reinforcement learning (RL) behaviorist learn-
ing technique has been employed recently to 
enable machine intelligence in 5G and B5G wire-
less communication networks. RL is an emerg-
ing ML technique in numerous active 5G/B5G 
research areas. It employs explicit RL algorithms 
to learn unfamiliar wireless network environments 
and resource allocations in ultra-dense WLANs, 
for example, Q-learning to solve Markov decision 
process models. 

However, wireless networks are dynamic envi-
ronments that continuously change, and RL algo-
rithms rely on individual estimations. Excessive 
estimator variance during learning may increase 
error variance. Therefore, we propose a federated 
RL (FRL) model for ML-enabled resource alloca-
tions in ultra-dense 5G/B5G wireless networks, 
such as IEEE 802.11ax WLANs, to overcome wire-
less channel collision issues. Experimental results 
verified that the proposed FRL model was superi-
or to non-federated RL. 

We also highlight six potential applications for 
the proposed FRL model in 5G/B5G: the FiQRA 
mechanism, SINE method, FEdge, FRL-based V2X 
communication, secure FRL, and FRL-based 5G/
B5G core networks. 

Future work will implement the proposed FRL 
model for these applications and contribute to 
the research community. We encourage research-
ers from institutions and industry to consider the 
proposed FRL model for potential research and 
practical applications.
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