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ABSTRACT

Federated Reinforcement Learning (FRL) provides a useful basis for distributed policy learning in Edge-loT sys-
tems, where clients interact with local environments without transferring raw operational data to a central server.
Yet aggregation becomes difficult when clients operate under different transition dynamics, workloads, resource
capacities, communication conditions, and operational constraints. In these settings, local policy updates may
not differ only in magnitude or direction; they may also differ in stability, reliability, resource support, and oper-
ational feasibility. Conventional averaging is therefore limited, since it does not distinguish stable and feasible
updates from unstable or constraint-violating ones. This paper examines aggregation stability and feasibility-
sensitive aggregation in FRL for Edge-loT systems. It reviews and synthesizes related literature across four
connected streams: heterogeneous Federated Learning, FRL-based edge decision-making, constrained and
safe Reinforcement Learning, and adaptive or reliability-aware aggregation. The reviewed studies are analyzed
through six dimensions: learning paradigm, type of heterogeneity, role of policy learning, treatment of operational
constraints, aggregation strategy, and whether local feasibility signals influence global aggregation weights. The
analysis indicates that existing studies provide valuable foundations, but they usually treat heterogeneity, con-
straint handling, and aggregation adaptation as separate concerns. The paper identifies a need for aggregation
mechanisms that jointly account for update stability, update reliability, resource availability, and constraint fea-
sibility. It positions aggregation as adaptive client influence regulation rather than passive averaging in future
Edge-loT FRL systems.
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1. INTRODUCTION

concerns [3, 4]. Reinforcement Learning (RL) is well
suited to such environments because many Edge-loT

Edge IoT systems have become an important computing
paradigm for latency-sensitive and resource-constrained
applications, where sensing devices, mobile users, gate-
ways, and edge servers cooperate to process data closer
to their source. Such systems commonly support task of-
floading, computation scheduling, bandwidth allocation,
energy management, queue control, and service-level
optimization under dynamic network and workload condi-
tions [1, 2]. Recent applied work also reflects the grow-
ing relevance of the Internet of Things (IoT) and deep
learning in practical monitoring systems, where latency,
scalability, and reliability remain important deployment

problems require sequential decisions rather than one-
shot predictions. In task offloading or resource alloca-
tion, a current action may affect the future delay, energy
consumption, queue evolution, and service quality. How-
ever, centralized RL is often difficult to deploy at scale
because interaction data are distributed across clients,
communication resources are limited, and devices may
operate under privacy, energy, and intermittent connec-
tivity constraints [1, 2, 5]. Recent local research has
also highlighted the role of deep reinforcement learning
in intelligent cybersecurity strategies, further support-
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ing the relevance of RL-based decision-making in dy-
namic and security-sensitive computing environments [6]
. Federated Learning (FL) addresses this limitation by
allowing distributed clients to train collaboratively with-
out transferring raw local data to a central server [7, 8].
Federated Reinforcement Learning (FRL) extends this
principle to policy learning: clients interact with local
environments, update local policies, and share policy
parameters or updates for aggregation. This makes FRL
relevant to Edge-loT systems that require distributed
decision-making while preserving local operational data
[5, 9]. Despite this potential, aggregation in FRL is more
difficult than that in conventional supervised FL. In su-
pervised FL, local updates are primarily shaped by lo-
cal data distributions and learning objectives. In FRL,
local policy updates are generated through sequential
environmental interactions and are affected by transi-
tion dynamics, reward feedback, exploration behavior,
workload variation, resource availability, and operational
constraints. As a result, clients initialized from the same
global policy may still produce substantially different up-
dates when their environments respond differently to the
same actions [5, 9]. This problem becomes more crit-
ical in heterogeneous Edge-loT systems. Clients may
differ in terms of their computational capacity, bandwidth
availability, residual energy, queue pressure, workload in-
tensity, participation reliability, and service requirements.
They may also experience non-IID transition dynamics,
where the same state-action pair leads to different next
states, delays, energy costs, or service outcomes across
clients. Under such conditions, static aggregation may
combine updates that are unstable, directionally con-
flicting, resource-limited, or associated with operational
constraint violations [9, 10]. Existing studies provide
useful foundations, but they do not address this prob-
lem as a single aggregation issue. Heterogeneity-aware
FL explains client drift and convergence degradation un-
der non-IID and system heterogeneity [8]. FRL studies
have shown the value of distributed policy learning for
edge and multi-agent decision-making [9]. Constrained
and safe RL offer tools for learning under operational
requirements [11]. Adaptive aggregation methods also
move beyond static averaging by adjusting client influ-
ence according to reliability, fairness, robustness, and
update quality [12]. What remains less developed is the
connection among these directions: how local instability,
resource pressure, and feasibility violations should affect
a client’s influence on global FRL aggregation. Therefore,
the central concern of this review is the separation be-
tween local feasibility and global aggregation influence. A
client may satisfy the formal structure of local constraint-
aware learning but still produce updates during periods
of unstable workload, low energy, weak connectivity, or
repeated SLA violations. If such updates are aggregated
without considering their feasibility, constraint-violating
behaviors can still be propagated into the global policy. In

Edge-loT FRL, reward improvement alone is insufficient;
the global policy must also remain stable and opera-
tionally feasible [9, 11, 12]. This study uses a review and
research-positioning approach to examine stability-aware
and feasibility-sensitive aggregation in FRL for Edge-loT
systems. This review focuses on four connected bodies
of work: heterogeneous FL and client drift, FRL for edge
decision-making, constrained and safe RL, and adaptive
or reliability-aware aggregation. The main position of
this study is that aggregation in Edge-loT FRL should
be treated as client influence regulation, not as a pas-
sive averaging step. Under this view, local updates are
assessed according to update stability, update reliabil-
ity, resource availability, and constraint feasibility before
shaping the global policy. The contributions of this study
are fivefold. First, it reviews the foundations of aggrega-
tion instability in heterogeneous Edge-loT FRL, focusing
on client drift, non-IID transition dynamics, resource het-
erogeneity, and policy-update divergence. Second, it
clarifies why local constraint handling is insufficient when
feasibility signals remain disconnected from the aggre-
gation weights. Third, it synthesizes adaptive, reliability-
aware, and resource-aware aggregation mechanisms
and discusses their limitations in FRL-specific dynamics.
Fourth, it identifies the need for aggregation mechanisms
that jointly consider update stability, reliability, resource
availability, and constraint feasibility. Fifth, it positions
adaptive client influence regulation as a future direction
for deployment-aware FRL in heterogeneous Edge-loT
systems. The contributions of this study are conceptual
and analytical rather than algorithmic or experimental.
To provide an early conceptual view of the review fo-
cus, Figure 1 summarizes how heterogeneous edge loT
clients generate local policy updates under different tran-
sition dynamics, resource conditions, and operational
constraints. The figure illustrates the main flow consid-
ered in this study: local environment interaction, local
policy update generation, client evaluation through sta-
bility, reliability, resource availability, and constraint fea-
sibility indicators, adaptive aggregation weighting, and
global policy formation. It also highlights the central gap
addressed by this review: local feasibility signals should
not remain isolated at the client level but should inform
the global aggregation influence.

The remainder of this paper is organized as follows.
Section 2 describes the background and methods of
the review. Section 3 reviews Federated Learning and
aggregation under heterogeneity, while Section 4 dis-
cusses Federated Reinforcement Learning for Edge-loT
systems. Section 5 analyzes aggregation instability un-
der non-1ID transition dynamics, and Section 6 discusses
constraint-aware Reinforcement Learning and feasibility
requirements. Section 7 reviews adaptive, reliability-
aware, and resource-aware aggregation mechanisms.
Section 8 presents the comparative taxonomy and re-
search gap positioning. Section 9 provides an illustrative
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Figure 1. Conceptual flowchart of stability-aware and feasibility-sensitive aggregation in Edge-loT FRL

Edge-loT task-offloading case study. Section 10 outlines
open challenges and future research directions. Finally,
Section 11 concludes the paper.

2. BACKGROUND AND METHOD OF RE-
VIEW

This study uses a narrative and research-positioning re-
view approach. It does not attempt to offer a bibliometric
survey or an exhaustive mapping of all studies on Fed-
erated Learning, Reinforcement Learning, or Edge-loT.
The focus is narrower: the aggregation problem that
appears when FRL is deployed in heterogeneous Edge-
loT environments. This choice was deliberate because
the purpose of this study was to identify and clarify an
emerging research gap rather than to measure publica-
tion trends. To clarify the review boundaries, the litera-
ture search focused on peer-reviewed journal articles,
conference papers, scholarly surveys, and foundational
books related to Federated Learning, Federated Rein-
forcement Learning, Edge-1oT, constrained or safe Rein-
forcement Learning, and adaptive aggregation. The main
sources considered included IEEE Xplore, ScienceDi-
rect, SpringerLink, ACM Digital Library, MDPI, PMLR,
arXiv for recent preprint developments, and the Sana’a
University Journal of Applied Sciences and Technology.
The representative search terms included “Federated
Reinforcement Learning,” “Edge-loT,” “Mobile Edge Com-
puting,” “adaptive aggregation,” “client drift,” “non-IID tran-
sition dynamics,” “constrained reinforcement learning,”
“safe reinforcement learning,” “resource-aware federated
learning,” and “federated multi-agent reinforcement learn-
ing.” Foundational works and recent studies available
up to 2026 were considered, with priority given to stud-
ies directly related to aggregation behavior, policy learn-

” ”

ing, operational constraints and Edge-loT deployment
conditions. The reviewed literature is grouped into four
connected streams: The first concerns heterogeneous
Federated Learning, including static aggregation, non-
IID data, system heterogeneity, and client drift [7, 8, 10].
The second is Federated Reinforcement Learning, where
clients learn policies through local environment interac-
tion and submit policy updates to a shared global model
[9]. Together, these streams explain why aggregation
becomes more complex when federated learning moves
from supervised model training to distributed policy learn-
ing. The third stream concerns constrained and safe
Reinforcement Learning, where policies are optimized
under operational or safety-related requirements, such
as delay, energy use, queue stability, and service-level
constraints [11]. The fourth concerns adaptive, reliability-
aware, and resource-aware aggregation mechanisms,
which adjust client influence using indicators such as
update quality, reliability, fairness, and resource condi-
tions [12]. These streams are particularly relevant to
Edge-loT FRL because local policy updates may differ
not only in learning quality but also in their operational
feasibility. Studies were included when they addressed
at least one of the following aspects: aggregation under
heterogeneous FL, FRL or federated multi-agent policy
learning, constrained RL, adaptive or reliability-aware
aggregation, and edge loT or mobile edge computing
environments. Priority was given to foundational stud-
ies, high-impact surveys, and recent publications from
reputable journals and conferences. Works were not
emphasized when they dealt with general machine learn-
ing, generic loT applications, or security topics without
a direct connection to federated learning, reinforcement
learning, aggregation behavior, or Edge-loT decision
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making. Because this paper is a narrative and research-
positioning review rather than a systematic review, no
formal bibliometric counting or PRISMA-style screening
flow was applied. Instead, the selection emphasized
conceptual relevance to the central aggregation prob-
lem: whether local update stability, reliability, resource
status, and feasibility signals can influence global client
weighting in Edge-loT FRL. The selected studies were
examined qualitatively using six comparison dimensions:
learning paradigm, type of heterogeneity, role of policy
learning, treatment of operational constraints, aggrega-
tion strategy, and whether local feasibility signals affect
the global aggregation weights. These dimensions were
selected because they directly reflect the paper’s central
question: whether current research provides a way for
updating stability, reliability, resource availability, and con-
straint feasibility to jointly regulate client influence during
FRL aggregation. Accordingly, this review should be
read as a research gap synthesis rather than a new algo-
rithmic proposal or experimental study. It examines why
static and single-criterion aggregation may be insufficient
for heterogeneous Edge-loT FRL and why future aggre-
gation mechanisms need to combine learning-oriented
indicators with deployment-oriented feasibility signals be-
fore assigning client influence in global policy formation.

3. FEDERATED LEARNING AND AGGRE-
GATION UNDER HETEROGENEITY

Federated Learning (FL) allows distributed clients to train
a shared model without sending raw local data to a cen-
tral server. In the classical setting, the server sends a
global model to participating clients, who update it lo-
cally, and the server aggregates their submitted updates
into a new global model. Federated Averaging (FedAvg)
remains the standard reference point for this process,
where aggregation is typically based on uniform or data-
size-based weighting [7, 8]. The effectiveness of static
aggregation depends on the compatibility of local up-
dates. In practical distributed systems, clients rarely op-
erate under the same conditions. Their data distributions,
computational capacities, bandwidths, energy availabil-
ities, and participation patterns may vary substantially.
Such statistical and system heterogeneities can lead
to client drift, slower convergence, and higher update
variance during global training [8, 10]. Heterogeneity-
aware FL methods have shown that aggregation stability
is not a secondary implementation detail. For example,
FedProx limits excessive local divergence by adding a
proximal term to the local objective, whereas drift-control
methods attempt to reduce inconsistent update direc-
tions under non-11D data [10]. These studies show that
conventional averaging becomes less reliable when local
updates are produced under heterogeneous conditions.
However, most heterogeneity-aware FL methods are de-
signed for supervised or prediction-based learning. In

these settings, local updates are computed using fixed
datasets and supervised objectives. This assumption
becomes weaker in Federated Reinforcement Learning,
where updates are generated through interactions with
local environments. In FRL, divergence may arise not
only from data heterogeneity but also from transition dy-
namics, reward feedback, exploration behavior, resource
conditions, and operational constraints [5, 9]. Thus, het-
erogeneous FL provides an important starting point for
understanding FRL aggregation instability, but it does
not fully address this issue. Edge loT FRL requires ag-
gregation mechanisms that evaluate whether local policy
updates are stable, reliable, resource-supported, and
feasible before assigning them global influence. There-
fore, the problem extends beyond data-driven client drift
toward stability-aware and feasibility-sensitive client influ-
ence regulation.

4. FEDERATED REINFORCEMENT
LEARNING FOR EDGE-IOT SYSTEMS

Federated Reinforcement Learning (FRL) extends the
federated learning idea from distributed model training to
distributed policy learning. Each client interacts with its
own environment, collects trajectories, updates a local
policy, and shares policy parameters or updates with the
federated server. The aim is to support collaborative pol-
icy learning while keeping raw interaction data local [5,
9]. This setting is well aligned with Edge-loT applications,
in which many decisions are sequential rather than static.
Task offloading, computation scheduling, bandwidth allo-
cation, energy management, and queue control involve
actions whose effects may appear later through delays,
energy consumption, queue evolution, or service-level
satisfaction. FRL can therefore support distributed edge
intelligence when centralized RL is constrained by com-
munication cost, privacy concerns, scalability, or limited
resources [1, 2, 9]. The difficulty is that FRL changes the
meaning of “local update.” In supervised FL, an update
mainly reflects a local dataset and loss function. In FRL,
it also reflects how the local environment responds to
actions. Transition dynamics, rewards, exploration, work-
load variation, and operational constraints can shape the
direction and magnitude of policy updates. Two clients
may start from the same global policy and still return
incompatible updates if their environments respond dif-
ferently to similar actions [5, 9]. In Edge-loT systems,
this issue is exacerbated by partial participation and re-
source heterogeneity. Clients may drop out or participate
irregularly because of limited battery, weak connectivity,
mobility issues, or heavy local workloads. Consequently,
the global policy may be shaped by a changing sub-
set of updates, some of which may be stale, unstable,
resource-limited, or associated with constraint violations
[8, 10]. Therefore, aggregation in Edge-loT FRL should
be treated as a methodological problem, not as a di-
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rect transfer of supervised FL averaging. The server
needs to combine local policy updates while also as-
sessing whether these updates are stable, directionally
reliable, resource-supported, and feasible under oper-
ational constraints. This view motivates the discussion
of non-IID transition dynamics and feasibility-sensitive
aggregations.

5. AGGREGATION INSTABILITY UNDER
NON-IID TRANSITION DYNAMICS

Aggregation instability in FRL appears when the server
combines policy updates generated under heteroge-
neous and only partially compatible environmental dy-
namics. In supervised FL, non-IIDness usually refers to
differences in the local data distributions. In FRL, het-
erogeneity also occurs in the transition behavior of local
environments because clients learn through state-action
interactions rather than by optimizing fixed datasets [5,
9]. Non-IID transition dynamics can be expressed as
differences in client-specific transition functions. For two
clients and , the same state-action pair may lead to dif-
ferent next-state distributions:

Pi(s' | s,a) # Pi(s' | s,a) (1)
In Edge-loT systems, such differences may result from
unequal bandwidth, workload arrival rates, CPU capac-
ity, residual energy, queue congestion, wireless chan-
nel quality, mobility, or local service requirements [1,
2]. This type of heterogeneity directly affects the policy
updates. A client with stable resources and a moder-
ate workload may produce a smooth update, whereas
a client facing bursty arrivals, weak connectivity, low en-
ergy, or queue congestion may produce a noisy or highly
reactive update. Because the RL updates are policy-
dependent, a local policy can also change the future data
it observes through its own actions. This feedback loop
can amplify the divergence across clients [5, 9]. There-
fore, aggregation instability may appear as oscillatory
convergence, high update variance, conflicting update
directions, or inconsistent policy performance across
clients. In Edge-loT FRL, such instability should also
be interpreted through deployment indicators, including
delay violations, energy overuse, queue instability, and
SLA degradation. A policy that improves the average
reward but repeatedly violates operational constraints
is not necessarily suitable for deployment [2, 11]. This
implies that static weighting or participation-based av-
eraging is too limited for heterogeneous Edge-loT FRL.
The server requires aggregation-relevant signals that
describe whether each client update is stable across
rounds, directionally reliable, resource-supported, and
feasible under local constraints. This is the basis for the
feasibility-sensitive client influence regulation.

6. CONSTRAINT-AWARE REINFORCE-

MENT LEARNING AND FEASIBILITY
REQUIREMENTS

Constraint-aware Reinforcement Learning is necessary
when reward maximization does not fully describe the
quality of a policy. In Edge-loT systems, a policy may
improve the average reward while still violating delay lim-
its, consuming excessive energy, increasing queue con-
gestion, or failing to satisfy service-level requirements.
Constrained Markov Decision Processes formalize this
reward—cost trade-off, whereas safe policy optimization
methods provide tools for improving policies under op-
erational or safety constraints [13, 14]. In FRL, con-
straint handling is more complicated because feasibility
is not uniform across the clients. One edge client may
be mainly latency-constrained, another may be limited
by residual energy, and another may suffer from queue
instability or SLA violations. Recent safe RL literature
also shows that constraint formulations vary considerably
across application domains, which means that feasibility
assumptions must be stated clearly when policies are
learned and evaluated under operational requirements
[15]. The difficulty is that local constraint-aware learn-
ing does not automatically make aggregation feasibility
aware. A client may train with constraints in its local
objective, but its update can still be produced during tem-
porary violations, unstable workload conditions or poor
resource availability. If the server aggregates that update
without considering their feasibility context, the resulting
global policy may still inherit the influence of constraint-
violating behavior. This distinction is central to the argu-
ment presented in this study. Local constraint handling
determines whether a client can learn a feasible policy in
its environment. Feasibility-sensitive aggregation asks a
different question: how much influence should the client’s
update have on the global policy? From this perspective,
delay compliance, energy budget satisfaction, queue sta-
bility, and SLA fulfillment are not only evaluation metrics,
but also potential aggregation signals. In heterogeneous
Edge-loT FRL, feasibility information can help the server
distinguish between updates that are useful for learning
and those that are suitable for deployment. Stable and
feasible clients may be assigned a stronger influence,
whereas updates associated with repeated violations or
unstable operating conditions may be attenuated. This
provides a conceptual basis for coupling local constraint
feasibility with global client influence regulation.

7. ADAPTIVE, RELIABILITY-AWARE,

AND RESOURCE-AWARE AGGREGA-
TION MECHANISMS

Adaptive aggregation has become an important re-
sponse to heterogeneity in Federated Learning. Un-
like static averaging, which usually relies on uniform or
data-size-based weights, adaptive methods attempt to
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regulate client influence using additional indicators, such
as update quality, reliability, fairness, contribution history,
or robustness. This reflects a broader view of aggrega-
tion: it is not only a parameter-combination step but also
a way to control how heterogeneous clients shape global
learning [12, 16]. Reliability-aware aggregation focuses
on whether a client update is dependable enough to in-
fluence the global model. Reliability may be reflected
in update consistency, directional agreement, local per-
formance, communication dependability or contribution
stability across rounds. This is especially relevant in
mobile edge and resource-constrained environments,
where client availability, communication quality, and re-
source status may change from one round to another
[17]. Resource-aware aggregation shifts attention to
the conditions under which the updates are produced.
Edge and loT clients may differ in terms of CPU capacity,
bandwidth, memory, residual energy, queue pressure,
and participation reliability. These differences affect local
training quality and communication timeliness; therefore,
resource-aware FL methods often consider device ca-
pability and network conditions during client selection
or aggregation weighting [18, 19]. However, these ag-
gregation mechanisms remain only partially sufficient
for heterogeneous Edge-loT FRL. Many of these were
designed for supervised FL, where updates are derived
from local datasets and loss functions. In FRL, an up-
date is shaped by environmental interaction, transition
dynamics, reward feedback, exploration behavior, and
constraint satisfaction. Indicators such as local loss,
contribution history, or communication reliability, there-
fore, capture only part of the update’s deployment rel-
evance. Second, reliability does not necessarily imply
feasibility. A client update may be directionally consistent
or numerically reliable, while still being associated with
delay violations, energy overuse, queue instability, or
SLA degradation. Therefore, for Edge-loT FRL, aggre-
gation should combine learning-oriented indicators with
deployment-oriented feasibility signals rather than rely-
ing on reliability, resources, or local performance alone.
These limitations motivate a multi-criteria view of data
aggregation. Future Edge-loT FRL mechanisms should
evaluate client updates using update stability, reliability,
resource availability, and constraint feasibility. The aim is
not to exclude all difficult clients or to assign equal influ-
ence to all participants but to regulate client influence so
that unstable or infeasible updates are attenuated while
useful diversity is preserved in federated policy learning.

8. COMPARATIVE TAXONOMY AND RE-
SEARCH GAP POSITIONING

The reviewed literature shows that aggregation stability
and feasibility-sensitive aggregation in Edge-loT FRL sit
at the intersection of several research areas. Heteroge-
neous FL explains why client drift and update variances

degrade global learning. FRL explains why policy up-
dates are more environment-dependent than supervised
FL updates. Constrained RL clarifies why operational
feasibility cannot be reduced to reward maximization.
Adaptive aggregation shows that client influence need
not be static. However, these streams are still only par-
tially connected when the problem is viewed from the per-
spective of Edge-loT FRL aggregation [8, 9, 13]. Table 1
summarizes these research streams and their limitations
for Edge-loT FRL. The purpose of this taxonomy is not to
separate the fields rigidly but to show how each stream
contributes one part of the problem while leaving some
aspects unresolved. In particular, none of the streams
alone provides a complete view of how update stabil-
ity, update reliability, resource availability, and constraint
feasibility should jointly affect the aggregation influence.

The taxonomy suggests that the gap is not caused
by the absence of relevant research but by the way the
relevant pieces remain disconnected. Conventional and
heterogeneity-aware FL explain the risks of static aggre-
gation under non-IID and system heterogeneity. FRL ex-
tends collaborative learning to policy optimization but of-
ten inherits aggregation assumptions from supervised FL.
Constrained RL supports feasibility-aware policy learn-
ing; however, its feasibility signals are usually treated
locally. Adaptive aggregation improves client weighting
but often relies on limited criteria rather than a com-
bined learning-and-deployment view [10-12]. Table 2
presents representative studies rather than an exhaus-
tive list. The studies are arranged to help the reader
follow the development from FL foundations, to FRL, con-
strained learning, adaptive aggregation, resource-aware
FL, and recent FRL extensions. This organization is
intended to clarify how each study contributes to the liter-
ature and why the specific problem of feasibility-sensitive
aggregation in Edge-loT FRL remains open.

The comparison shows that existing studies provide
valuable but incomplete information. FL methods estab-
lish averaging and drift-control principles, FRL studies
extend collaborative learning to policy optimization, con-
strained RL provides formal feasibility modeling, and
adaptive aggregation introduces non-static client weight-
ing. A unified aggregation mechanism in which update
stability, update reliability, resource availability, and con-
straint feasibility jointly determine client influence in het-
erogeneous Edge-loT FRL [9, 12, 23] is still missing.

Table 3 translates the comparative discussion into
focused research-gap positioning. It identifies the limi-
tations that are most relevant to Edge-loT FRL and con-
nects each limitation to the required research direction.

Overall, the main gap is not simply the lack of FL,
FRL, constrained RL, or adaptive aggregation techniques
in the literature. This gap lies in the absence of an
aggregation-oriented perspective that evaluates local
policy updates according to both learning behavior and
deployment feasibility. In heterogeneous Edge-loT FRL,

©2026 JAST

Sana’a University Journal of Applied Sciences and Technology 2421


https://journals.su.edu.ye/index.php/jast
https://journals.su.edu.ye/index.php/jast

‘ Majid A. Aslan et al.

Table 1. Comparative Taxonomy of Related Research Streams

Research Stream Main Focus Limitation for Edge-loT FRL

Conventional Federated Distributed model training without sharing raw local Does not address policy learning or

Learning data. non-1ID transition dynamics.

Heterogeneity-Aware Reducing client drift and convergence degradation Mainly designed for supervised or

Federated Learning under non-IID and systems heterogeneity. prediction-oriented FL rather than
FRL.

Federated Reinforcement Distributed policy learning through local environment Aggregation stability is not always

Learning interaction and federated policy aggregation. treated as a central methodological
objective.

Constrained and Safe Policy learning under operational, safety, or Feasibility is usually handled at the

Reinforcement Learning resource-related constraints. local policy level, not as a direct
aggregation signal.

Adaptive and Adjusting client influence according to reliability, Often lacks direct feasibility-sensitive

Reliability-Aware fairness, robustness, or update quality. aggregation for FRL under Edge-loT

Aggregation heterogeneity.

Resource-Aware Edge Learning under communication, computation, energy,  Often does not model FRL-specific

Federated Learning and participation limitations. transition dynamics or policy
feasibility.

Stability-Aware and Regulating client influence under heterogeneous An emerging research direction that

Feasibility-Sensitive FRL Edge-loT FRL using learning- and requires deeper methodological

deployment-oriented indicators. development.

aggregation should therefore move beyond passive av-
eraging toward stability-aware and feasibility-sensitive
client-influence regulation.

9. ILLUSTRATIVE CASE STUDY: EDGE-

I0T TASK OFFLOADING UNDER HET-
EROGENEOUS CLIENT CONDITIONS

To make the identified gap more concrete, this section
uses task offloading as an illustrative edge loT scenario.
The aim is not to report experimental results but to show
how heterogeneity can affect local policy updates and,
in turn, global aggregation behavior. Task offloading
is a useful example because each decision must bal-
ance the delay, energy consumption, queue behavior,
and service-level requirements under changing work-
load and resource conditions [1, 2]. In this scenario,
each client learns a local policy to decide whether a
task should be processed locally, offloaded to an edge
server, or scheduled under resource constraints. The
local state may include the queue length, CPU avail-
ability, bandwidth condition, residual energy, task size,
and latency requirement. Although clients participate in
the same FRL process, they may experience different
transition dynamics and reward—cost trade-offs [9, 22].
Static aggregation may obscure these differences. An
update produced under a bursty workload, low residual
energy, weak connectivity, or repeated SLA violations
may influence the global policy in the same way as an
update produced under stable and resource-supported
conditions. This is precisely where feasibility-sensitive
aggregation becomes relevant: the aggregation weight
should reflect not only whether a client participated, but
also the stability and feasibility of the update it produces.

To further clarify the idea of client influence regula-

tion, Table 5 provides a simple hypothetical numerical
example. The values were normalized between 0 and
1, where higher values indicated better update stability,
update reliability, resource availability, or constraint fea-
sibility. The example is not intended as an experimental
result but as an illustrative explanation of how feasibility-
sensitive aggregation may reduce the influence of clients
associated with higher delays or SLA violations. Let the
client score be computed as:

_ Stability; 4 Reliability; + Resource; 4 Feasibility;

Score; 1

)
Then, the aggregation weight of client iis normalized as:
Score;

Weight; = ———
o Y, Score;

3)
where Nis the total number of participating clients in the
aggregation round.

In this illustrative trace, the client with repeated SLA
violations is not removed from the aggregation, but its
influence is reduced from an equal-weighting baseline
of 0.25 to 0.15. In contrast, the stable client receives
a stronger influence because its update is more stable,
reliable, resource-supported and feasible. This example
shows how feasibility-sensitive aggregation can attenu-
ate constraint-violating updates while preserving partic-
ipation diversity. This scenario illustrates why uniform
or data-size-based weighting is limited in Edge-loT FRL.
A client may generate many local interactions but still
produce an unstable or infeasible update if its environ-
ment is under severe resource pressure or if there is
repeated constraint violation. Conversely, clients with
fewer interactions may provide more stable and feasi-
ble updates. Therefore, aggregation should account for
update stability, update reliability, resource availability,
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Table 2. Comparative Summary of Representative Studies

Study

Research Focus

Aggregation / Stability
Aspect

Constraint / Resource
Aspect

Key Limitation for
Edge-loT FRL

McMahan et al. [7] Federated Learning /

Kairouz et al. [8]

Qi et al. [9]

Li et al. [10]

Achiam et al. [11]

He et al. [12]

Altman [13]

Huang et al. [15]

Mughal et al. [17]

Karimireddy et al.
[18]

Zhuo et al. [19]

Chen et al. [20]

Jin et al. [21]

Sagar et al. [22]

Jing et al. [23]

FedAvg

FL foundations and
open problems

FRL techniques and
applications

Heterogeneity-aware
FL / FedProx

Constrained policy
optimization

Adaptive aggregation
in FL

CMDP foundation

Reliable and fair FL
for MEC

Adaptive FL for
resource-constrained
loT

Client drift mitigation /
SCAFFOLD

Early FRL formulation
FRL for MEC task
offloading

Constrained FRL

Adaptive FRL for
hierarchical loT

Federated multi-agent
RL survey

Introduced
communication-efficient
averaging of client updates.

Discusses heterogeneity,
scalability, communication,
robustness, and open FL
challenges.

Identifies aggregation as a
challenge in distributed policy
learning.

Reduces local divergence
under heterogeneous
federated optimization.
Not designed for federated
aggregation.

Adjusts aggregation weights
adaptively using an RL-based
perspective.

Not an aggregation method.

Considers reliability-aware
and fairness-oriented client
contribution.

Addresses adaptive learning
and edge intelligence for
resource-constrained
devices.

Uses control variates to
reduce client drift under
non-lID data.

Enables collaborative policy
learning across distributed
agents.

Applies federated policy
learning to edge
decision-making.

Connects distributed policy
learning with constrained
decision-making.

Applies FRL to resource
allocation and task
scheduling.

Reviews distributed
multi-agent policy learning
methods and challenges.

Does not explicitly
model operational
resources or feasibility.

Addresses systems
heterogeneity broadly.

Discusses FRL
applications, but not
feasibility-coupled
aggregation.

Considers statistical and
systems heterogeneity.

Supports safe policy
improvement under cost
constraints.

Not primarily designed
around Edge-loT
constraints.

Provides formal
reward—cost modeling
for constrained
decision-making.
Related to
resource-constrained
MEC environments.
Considers resource
limitations in loT
environments.

Does not model
Edge-loT operational
constraints.

Limited treatment of
Edge-loT resources and
constraints.

Considers task
offloading and resource
allocation objectives.
Explicitly considers
constraints in distributed
RL.

Relevant to hierarchical
loT resource
management.

Discusses
heterogeneous agents
and application contexts.

Static aggregation; not
designed for policy
learning or transition
heterogeneity.
Survey-level treatment;
does not provide
FRL-specific aggregation.

Does not provide a
unified stability- and
feasibility-sensitive
aggregation mechanism.
Designed for supervised
FL, not sequential policy
learning.

Does not regulate client
influence in distributed
FRL.

Focuses on FL rather
than FRL with transition
dynamics and feasibility
signals.

Supports local feasibility
modeling but not
federated aggregation.

Does not jointly model
FRL update stability and
constraint feasibility.
Does not focus on FRL
policy-update feasibility.

Does not address FRL
transition dynamics or
feasibility-sensitive
aggregation.
Aggregation remains
relatively conventional.

Aggregation stability
under non-1ID transition
dynamics is not central.
Feasibility is not fully
transformed into a direct
aggregation-weighting
signal.

Does not explicitly
formulate aggregation as
feasibility-sensitive client
influence regulation.
Survey-level contribution;
does not provide a
specific Edge-loT
feasibility-sensitive
aggregation rule.

and constraint feasibility. The broader implication is that
resource and feasibility conditions should not remain iso-

lated from local policy learning. They should also inform

10. OPEN CHALLENGES AND FUTURE
RESEARCH DIRECTIONS

how much influence each client has during global policy
formation. This supports a more stable, interpretable,
and deployment-aware view of FRL in heterogeneous
edge loT systems.

The review and comparative analysis suggest that
stability-aware and feasibility-sensitive aggregation re-
mains an emerging direction in Edge-loT FRL. Heteroge-
neous FL, FRL, constrained RL, and adaptive aggrega-
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Table 3. Research Gap Positioning

Gap Area

Current Limitation

Required Research Direction

Static Aggregation

FRL Heterogeneity

Local Constraint
Handling
Single-Criterion
Weighting

Reward-Centric
Evaluation

Limited Interpretability

Deployment Gap

Uniform or data-size-based aggregation ignores
update quality, update stability, and operational
feasibility.

Many FRL methods do not fully account for
non-IID transition dynamics, reward
heterogeneity, and environment-dependent policy
updates.

Constraints are often handled only during local
policy learning or reward design.

Reliability-only, resource-only, or feasibility-only
weighting may capture only one aspect of client
contribution quality.

Average reward may hide oscillatory
convergence, high update variance, cross-client
inconsistency, and operational violations.

Aggregation weights may be difficult to explain
when they are based on opaque or single-source
indicators.

Simulation metrics may not fully reflect real
Edge-loT resource constraints, partial

Develop adaptive aggregation mechanisms that
regulate client influence according to
contribution quality.

Develop aggregation-aware treatment of
transition, reward, and environment
heterogeneity in FRL.

Propagate local feasibility signals into
aggregation weight computation.

Use multi-criteria aggregation based on update
stability, update reliability, resource availability,
and constraint feasibility.

Evaluate reward together with convergence
smoothness, update variance, constraint
violations, SLA satisfaction, scalability, and
communication cost.

Use component-based client evaluation to make
aggregation behavior more interpretable.

Use trace-driven simulation, digital-twin
environments, or real testbed validation where

participation, and operational feasibility.

possible.

Table 4. lllustrative Edge-loT Task Offloading Scenario under Heterogeneous Client Conditions

Client Condition Local Operating

Context

Possible Update Behavior

Aggregation Implication

Stable Resources Moderate workload,
sufficient CPU capacity,
stable bandwidth, and
acceptable residual

energy.

Low Residual
Energy

Limited battery level and
reduced ability to perform
local computation or
frequent communication.

Rapid task arrivals,
temporary queue
congestion, and variable
workload pressure.

Bursty Workload

Weak
Connectivity

Unstable wireless link,
delayed communication,
or intermittent
participation during
federated rounds.

Frequent delay, energy,
queue, or SLA-related
violations during local
policy execution.

Constraint
Violations

Produces a relatively stable and
reliable policy update.

May bias the local policy toward
energy-saving or aggressive
offloading behavior.

May produce a noisy or highly
reactive policy update.

May produce stale, delayed,
incomplete, or weakly
representative updates.

May generate updates that
improve local reward but remain
operationally infeasible.

May receive stronger aggregation
influence if the update remains aligned
with the global learning direction.

Aggregation weight should consider
energy status, communication capability,
and participation reliability.

Aggregation influence should be reduced
when update instability or queue violation
is high.

Aggregation should account for
communication reliability, update
freshness, and possible staleness.

Constraint feasibility should directly
influence aggregation weight
computation.

tion each provide part of the foundation, but they are not
yet fully integrated into deployment-aware aggregation
mechanisms for heterogeneous policy learning [9, 12,
23].

10.1. STABILITY-AWARE AGGREGATION UN-
DER NON-IID TRANSITION DYNAMICS

The first challenge is to make non-IID transition dynam-
ics visible to the aggregation process. Future methods
need indicators that capture whether local policy updates
are temporally stable and directionally consistent across

communication rounds. Without such indicators, global
training may suffer from oscillatory convergence, high
update variance, and unstable behavior caused by in-
compatible client environments [9, 23].

10.2. CONSTRAINT-TO-AGGREGATION Cou-
PLING

The second challenge is the weak connection between
local feasibility and aggregation influence. Delay com-
pliance, energy budget satisfaction, queue stability, and
SLA fulfillment are often used as local metrics, but they
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Table 5. Hypothetical Numerical Trace for Feasibility-Sensitive Client Influence Regulation

Client Update Update Resource Constraint Client Score Normalized
Condition Stability Reliability Availability Feasibility Weight
Stable 0.90 0.88 0.86 0.96 0.90 0.35
resources

Moderate 0.78 0.76 0.73 0.70 0.74 0.29
delay

pressure

Bursty 0.62 0.66 0.58 0.42 0.57 0.22
workload

Repeated SLA 0.55 0.50 0.35 0.15 0.39 0.15
violations

rarely regulate how strongly a client update shapes the
global policy. Therefore, future FRL methods should
propagate feasibility signals to the aggregation layer [13,
14, 21].

10.3. MuLTI-CRITERIA CLIENT EVALUATION

Single-criterion weighting is unlikely to be reliable in
heterogeneous Edge-loT FRL systems. Reliability-only,
resource-only, or feasibility-only weighting may improve
one dimension while ignoring another. A more robust ap-
proach is to evaluate clients using multiple indicators, in-
cluding update stability, update reliability, resource avail-
ability, and constraint feasibility [12, 15, 17].

10.4. RESOURCE-AWARE AND ENERGY-

AwaRE FRL

Resource variability is unavoidable in practical Edge-
loT systems. Clients may face limited energy, variable
bandwidth, intermittent connectivity, dropouts, or delayed
updates. Therefore, stability-aware aggregation needs to
be extended to asynchronous or semi-synchronous FRL,
where clients may participate irregularly or submit stale
updates under changing resource conditions [17, 22].

10.5. PRIVACY-PRESERVING INDICATOR RE-
PORTING

Feasibility-sensitive aggregation may require clients to
report additional information on stability, reliability, re-
sources, and constraint satisfaction. These indicators
can improve aggregation decisions, but they may also
reveal the operational patterns. Future work should ex-
amine secure aggregation, privacy-preserving metric re-
porting, compression, and quantization so that additional
indicators do not create excessive communication or
privacy costs [7].

10.6. BENCHMARKING AND DEPLOYMENT
VALIDATION

Finally, the field requires stronger evaluation protocols.
Many Edge-loT FRL studies still rely on simplified simula-

tion settings that may not capture workload heterogeneity,
transition dynamics, resource constraints, partial partici-
pation, or feasibility requirements. Trace-driven simula-
tions, digital twin environments, and real testbeds would
make evaluations more reproducible and deployment-
relevant [1, 2, 23]. Future work may also investigate
the use of metaheuristic and swarm-intelligence opti-
mization methods, such as Particle Swarm Optimization
(PS0O), to tune the parameters of multi-criteria aggre-
gation in Edge-loT FRL. In sensor-driven loT systems,
PSO has been used to optimize control parameters by
exploiting sensor feedback, such as in PID-PSO-based
smart-irrigation systems. By analogy, PSO or related op-
timization methods can be explored to adjust the relative
importance of update stability, update reliability, resource
availability, and constraint feasibility when computing ag-
gregation weights. However, such optimization should be
evaluated carefully under FRL-specific requirements, in-
cluding convergence stability, communication overhead,
privacy of reported indicators, and satisfaction of oper-
ational constraints. [24] These challenges point to the
same conclusion: Edge loT FRL requires aggregation
methods that are both learning- and deployment-aware.
Static or single-indicator aggregation is unlikely to be
sufficient when clients differ in their dynamics, resources,
and feasibility. The next step is to design mechanisms
that regulate client influence while remaining scalable,
interpretable, privacy-aware and experimentally repro-
ducible.

11. CONCLUSION

This study examined stability-aware and feasibility-
sensitive aggregation in federated reinforcement learning
for edge loT systems. The review was motivated by a
specific limitation in current FRL research: aggregation
is often treated as a routine model-combination step, al-
though local policy updates in Edge-loT environments
are shaped by heterogeneous transition dynamics, work-
load, resource conditions, communication reliability, and
operational constraints. The reviewed literature shows
that several research streams contribute to this problem,
but none of them fully resolve it alone. Heterogeneity-
aware FL explains why client drift and system diversity
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Table 6. Open Challenges and Future Research Directions

Open Challenge

Research Need

Expected Benefit

Non-IID Transition
Dynamics

Constraint-to-
Aggregation Coupling

Multi-Criteria Client
Evaluation

Resource and
Participation Variability

Privacy of Client
Indicators

Benchmarking and
Validation

Develop stability-aware aggregation metrics for
policy updates generated under heterogeneous
transition dynamics.

Use local feasibility signals as direct aggregation
indicators, including delay, energy, queue, and
SLA compliance.

Combine update stability, update reliability,
resource availability, and constraint feasibility in
client evaluation.

Support asynchronous, semi-synchronous, and
staleness-aware FRL under variable resources
and partial participation.

Develop secure, compressed, or
privacy-preserving reporting of stability, reliability,
resource, and feasibility indicators.

Use trace-driven simulation, digital-twin
environments, and real testbeds for

Smoother global policy learning and lower
update variance.

Lower influence of constraint-violating updates
on the global policy.

More balanced, interpretable, and
deployment-aware aggregation.

Better scalability and robustness under realistic
Edge-loT conditions.

Safer deployment with reduced privacy risk and
lower communication overhead.

More reproducible, realistic, and

deployment-relevant validation.

heterogeneous Edge-loT FRL evaluation.

can destabilize global learning. The FRL extends col-
laboration to distributed policy optimization. Constrained
and safe RL provides formal tools for feasibility-aware
policy learning. Adaptive aggregation improves static
averaging. However, these streams do not fully explain
how local instability, resource pressure, and constraint vi-
olations should affect global client influence in Edge-loT
FRL. The main gap identified in this study is the weak
coupling between local feasibility and global aggrega-
tion. In many existing approaches, constraints such as
delay, energy consumption, queue stability, and SLA sat-
isfaction are handled mainly through local policy learning
or reward designs. When these signals remain outside
the aggregation process, unstable, resource-limited, or
constraint-violating updates may influence the global pol-
icy. Therefore, future Edge-loT FRL systems should treat
aggregation as adaptive client influence regulation rather
than passive averaging. Local updates must be eval-
uated using both learning-oriented indicators, such as
update stability and update reliability, and deployment-
oriented indicators, such as resource availability and con-
straint feasibility. This direction can support more stable,
interpretable, scalable, and deployment-aware federated
policy learning under heterogeneous edge loT conditions.
As this study is a review and research-positioning study,
it does not claim experimental quantitative improvements
over existing FRL aggregation methods. However, the
comparative analysis indicates that future stability-aware
and feasibility-sensitive aggregation mechanisms should
be evaluated quantitatively against representative base-
lines, such as FedAvg, reliability-only adaptive aggrega-
tion, resource-only aggregation, and constraint-aware
local policy learning without aggregation-level feasibility
coupling. Relevant comparison metrics may include con-
vergence smoothness, update variance, delay violation
rate, energy constraint violation rate, queue stability, SLA
satisfaction, communication overhead, and normalized

client-weight distribution. These metrics can help de-
termine whether multi-criteria client influence regulation
provides measurable improvements in both learning sta-
bility and deployment feasibility under heterogeneous
Edge-loT conditions.
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