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Abstract

Federated learning (FL) has emerged as a promising paradigm for privacy-preserving
edge intelligence because it enables geographically distributed devices to collaboratively
train a shared model without transferring raw data to a central cloud. This capability is
particularly valuable for 5G and emerging 6G networks, where edge-native services are
required to satisfy stringent latency, bandwidth, and privacy constraints while operating
on highly heterogeneous devices and time-varying wireless channels. In practice, however,
synchronous FL is often constrained by straggling clients with limited computation capabil-
ity or unfavorable communication conditions, which increases round latency and reduces
overall resource efficiency. To address this challenge, this study develops a rigorously
structured framework for dynamic client selection and radio resource allocation in het-
erogeneous wireless edge environments. Each FL round is formulated as a latency-aware
scheduling problem that jointly captures local computation time, uplink transmission
time, minimum participation constraints, and resource block assignment. On this basis,
we propose a Dynamic Client Selection and Resource Allocation (DCS-RA) method that
integrates computation-aware, channel-aware, and fairness-aware scoring with greedy
resource block allocation guided by marginal completion time reduction. The study further
provides a clear methodological structure, workflow visualization, literature-grounded
justification, dataset documentation, and uncertainty-aware result reporting. Under the
reported simulation setting with 100 clients and 20 resource blocks, DCS-RA reduces the
average round completion time from 1.92 s to 1.55 s on MNIST and from 2.02 s to 1.57 s on
CIFAR-10, corresponding to improvements of 19.39% and 22.47%, respectively. Standard
deviation reductions of 70.59% and 80.77% further indicate improved round-to-round
stability and more reliable training behavior. These results support the central conclu-
sion that lightweight joint scheduling can materially improve wall-clock FL efficiency in
heterogeneous 5G/6G edge networks.

Keywords: federated learning; client selection; resource allocation; edge intelligence; 5G;
6G; heterogeneous networks; wireless edge computing

1. Introduction
The migration of machine intelligence from centralized cloud infrastructures to the

network edge is one of the most consequential architectural shifts shaping 5G and an-
ticipated 6G systems. In this context, edge-native intelligence is no longer merely an
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optimization option; rather, it is increasingly a functional requirement for latency-critical
and privacy-sensitive services such as industrial sensing, vehicular analytics, mobile health,
and smart city monitoring [1,2] Contemporary survey studies have consistently identi-
fied the principal drivers of this transition: edge computing shortens the control loop,
reduces backhaul congestion, and improves data locality, while FL enables collaborative
model training without exposing raw user data [3,4]. Collectively, these characteristics
make FL particularly well suited to future wireless environments that must simultaneously
support massive connectivity, stringent delay requirements, and highly heterogeneous
computing resources [5].

Although the proposed scheduling logic is applicable to both 5G and 6G-oriented
edge systems, adoption is not identical across generations [6]. In a 5G deployment, DCS-
RA would mainly operate above the existing base station or MEC control plane by using
available channel quality, computation, and participation metadata to reduce synchronous
FL stragglers. In a 6G-oriented deployment, the same scoring and allocation principle could
be extended with richer sensing, AI-native orchestration, finer-grained radio resources, and
predictive mobility or channel information. Therefore, the method does not depend on
a 6G-only capability, but the quality, frequency, and granularity of the available network
state information can affect how effectively it is deployed.

A concrete deployment scenario is autonomous vehicular edge learning, where ve-
hicles and roadside units act as FL clients while an edge controller associated with a base
station coordinates training. In such a scenario, client computation differs because vehicles
may use different embedded processors, sensor suites, battery states, and background work-
loads. Wireless quality also varies because of mobility, blockages, handovers, interference,
and distance from the serving infrastructure. These conditions create practical FL stragglers:
some vehicles may complete local training quickly but upload slowly, while others may
have good channels but limited computation resources. Dynamic client selection and
resource allocation are therefore needed to prevent a small subset of weak or temporarily
unfavorable clients from determining the duration of every synchronous round.

Recent studies further show that FL in 5G/6G environments is increasingly discussed
together with secure network design, edge computing, blockchain-enabled trust, and
Internet of Medical Things applications, rather than as an isolated learning algorithm [7,8].
This broader framing is important for the present study because DCS-RA is evaluated
as a network efficiency mechanism operating under constrained communication and
computation resources, not as a replacement for cryptographic, trust management, or
privacy-preserving protocol layers.

Despite this strong conceptual alignment, practical FL over wireless edge networks
remains difficult to realize efficiently. The central challenge is that FL operates over clients
with non-uniform CPU frequency, local dataset size, battery budget, and radio quality.
In synchronous training, the server must wait for all selected participants before aggre-
gation can proceed. As a result, even a single weak client may determine the duration
of the entire communication round. Recent surveys focused on resource-constrained IoT
systems and client-side FL limitations show that device heterogeneity [9], communication
inefficiency, fairness, and client availability continue to be major barriers to real-world
deployment [10,11]. Thus, privacy preservation alone is insufficient for practical adoption;
FL must also be effectively schedulable under realistic edge constraints [12,13].

This observation makes two decisions fundamental to overall system performance:
The first is client selection, namely, determining which clients should participate in a
given training round. The second is resource allocation, namely, deciding how limited
communication resources should be assigned to the selected set. The recent survey literature
on device and client selection shows that random participation becomes inadequate once
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learning systems operate under heterogeneous radio conditions, non-IID data distributions,
and resource asymmetry [12,14]. Consequently, the scheduling controller must account for
both computation and communication conditions, and must do so with sufficiently low
complexity to remain practical for round-by-round operation [15].

Several recent studies have proposed joint or hierarchical scheduling methods for
wireless FL, demonstrating that latency [16] and energy consumption can be reduced
when client participation is coordinated with resource assignment [17–19]. However, the
literature also reveals an important practical gap: Many existing formulations pursue
high performance through complex decomposition methods, hierarchical orchestration,
or learning-based control. Although such strategies are scientifically valuable, they are
not always attractive when a controller must make repeated round-level decisions under
volatile edge conditions. A useful complementary direction is therefore the development
of a method that remains analytically motivated, computationally lightweight, and directly
deployable in realistic wireless edge environments.

The novelty claimed in this paper is therefore deliberately scoped: DCS-RA does not claim
to be the first joint scheduling framework for wireless FL; its contribution is the integration of
resource-aware client scoring, fairness-aware participation pressure, and marginal latency-
based RB allocation into a single interpretable heuristic that can be executed repeatedly with
low scheduling overhead. This positioning distinguishes the proposed method from heavier
optimization-based joint schedulers and from client selection-only approaches while also
avoiding an unsupported claim of universal superiority.

Against this background, this paper describes a Dynamic Client Selection and Re-
source Allocation (DCS-RA) framework for heterogeneous 5G/6G edge environments. The
framework is structured around a latency-aware system model, an interpretable client-
scoring rule, a greedy RB allocation mechanism, and an uncertainty-aware evaluation of
the reported round completion times. The main contributions are as follows:

• We formulate FL scheduling in a heterogeneous wireless edge system by jointly
modeling local computation latency, uplink transmission latency, minimum client
participation, and resource block assignment constraints.

• We propose DCS-RA, a structured methodology that combines computation-aware,
channel-aware, and fairness-aware client scoring with greedy resource allocation
based on marginal round latency reduction. The method is presented as a deployment-
oriented heuristic rather than a globally optimal solver.

• We evaluate DCS-RA on MNIST and CIFAR-10 based on round completion latency, la-
tency dispersion, cumulative round behavior, and standard deviation-aware summary
statistics. The evaluation focuses on scheduling efficiency and latency stability, and
accuracy/loss convergence, explicit non-IID partition analysis, and stronger baseline
benchmarking are treated as limitations and future validation directions.

The remainder of the paper is organized as follows: Section 2 synthesizes the most
relevant review and research literature and defines the research gap. Section 3 presents
the system model and optimization problem. Section 4 describes the proposed DCS-
RA workflow and algorithm. Section 5 details the experimental design, datasets, and
evaluation metrics. Section 6 reports the results and provides scientific interpretation.
Section 7 concludes the paper.

2. Related Work and Research Gap
2.1. What the Review Literature Has Already Established

The broader FL literature has already established a strong consensus regarding the im-
portance of edge-aware collaborative learning. Comprehensive surveys published in IEEE
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Communications Surveys & Tutorials, Information Processing & Management, High-Confidence
Computing, Applied Sciences, and Sensors consistently show that FL is increasingly regarded
as a system-level enabler of privacy-preserving analytics in IoT and edge computing en-
vironments. At the same time, these studies also make clear that communication cost,
device heterogeneity, and orchestration complexity remain fundamental barriers to practi-
cal deployment [2–5,9,10]. For 6G-oriented environments, Duan et al. further argue that
ubiquitous intelligence will depend on the joint evolution of FL and edge computing,
particularly in scenarios characterized by dense device participation and latency-sensitive
services [1]. Complementary review studies on future wireless edge infrastructure similarly
emphasize that 6G services will not rely on static cloud offloading models, but rather will
require dynamic coordination between communication and computation resources [6].

A second stream of the review literature has focused specifically on the participation
problem. Surveys published in Computer Networks, SN Computer Science, and Artificial
Intelligence Review show that client or device selection is no longer a secondary implementa-
tion detail; instead, it directly influences convergence speed, statistical bias, fairness, and
operational cost [12,14]. Recent IoT-centered review work has also emphasized that fairness
and resource-aware participation are especially important in heterogeneous settings [11],
where weak devices may otherwise be excluded from repeated training rounds [13]. Taken
together, the review literature supports two robust conclusions: First, joint scheduling is
a central requirement for efficient wireless FL. Second, lightweight yet principled client
selection mechanisms remain underdeveloped relative to their practical significance.

2.2. Representative Joint Scheduling Studies

The recent research literature confirms the need for tighter coupling between par-
ticipation decisions and resource control. Yu et al. jointly optimized client selection and
resource management for wireless IoT FL and showed that energy–latency trade-offs can
be improved when CPU frequency and transmission power are co-managed [16]. Yang
et al. proposed an asynchronous hierarchical FL framework with bandwidth allocation and
client scheduling, highlighting the importance of adaptive scheduling under mobility and
bandwidth variation [17]. Zhao et al. formulated a mixed-integer optimization problem for
joint client and wireless resource selection in IoT FL [18]. Zhou et al. further extended this
research direction by studying joint client selection and resource allocation under imperfect
channel state information, thereby emphasizing the need to balance energy cost and learn-
ing quality in realistic radio environments [19]. Collectively, these studies provide strong
evidence that random scheduling is inadequate for heterogeneous wireless FL systems.

FedCS is also directly relevant because it selects FL clients despite heterogeneous
mobile edge resources and a completion time constraint [20]. Compared with such resource-
aware selection, DCS-RA keeps the same practical concern for heterogeneous client capa-
bility but adds an explicit fairness counter and a separate marginal latency RB allocation
step. The distinction is not that DCS-RA replaces FedCS-style methods, but that it com-
bines resource-aware selection and post-selection RB assignment in a transparent scheduler
targeted at repeated 5G/6G edge rounds [21,22].

MEC and privacy-aware architecture studies have further broadened this context.
MEC resource allocation studies have demonstrated that communication and computation
resources should be coordinated when latency and edge service efficiency are central design
objectives [22,23]. Privacy-oriented 5G and sensor system architectures also explain why
decentralized data processing is attractive when raw data transfer creates operational, secu-
rity, or privacy exposure [24,25]. These works are not direct performance competitors for
DCS-RA because several of them do not implement FL client scheduling; rather, they moti-
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vate the coexistence of resource-aware learning, edge computing, and privacy-conscious
system design in practical 5G/6G ecosystems.

Positioning of the present work relative to representative wireless FL scheduling studies:
Yu et al. [16]: The primary focus is energy–latency-aware resource management for

wireless IoT FL. The study performs joint client selection and resource allocation, but it does
not explicitly incorporate fairness. Its deployment orientation targets optimization-driven
and deadline-based scheduling.

Yang et al. [17]: The primary focus is asynchronous hierarchical FL with bandwidth
allocation and mobility-aware scheduling. The study also performs joint selection and
allocation, but without an explicit fairness mechanism. Its deployment orientation targets a
hierarchical architecture that introduces greater control state overhead.

Zhao et al. [18]: The primary focus is utility-maximizing joint client and radio resource
optimization. The study includes joint selection and allocation, but it does not explicitly
address fairness. Its deployment orientation targets mixed-integer optimization for wireless
IoT settings.

Zhou et al. [19]: The primary focus is joint selection and allocation with imperfect
channel state information and the energy–learning trade-off. The study performs joint
selection and allocation, but again without explicit fairness regularization. Its deployment
orientation targets more elaborate optimization under imperfect radio state knowledge.

This work: The primary focus is round latency minimization through fairness-aware
lightweight scheduling. Like the studies above, it includes joint client selection and resource
allocation, but it additionally includes explicit fairness. Its deployment orientation targets
an interpretable score fusion strategy combined with greedy resource block assignment,
making it more suitable for repeated round-wise operation in practical edge environments.

2.3. Research Gap

The research gap is therefore not the absence of scheduling studies, but rather the
limited availability of a clearly structured and low-complexity method that integrates
the following three requirements simultaneously: heterogeneous computation capability,
wireless channel quality, and explicit fairness regularization. Many advanced optimization-
based studies address joint scheduling effectively, but they often rely on control state
estimation, decomposition procedures, or learning-based coordination mechanisms that
may complicate repeated per-round deployment at the edge. Motivated by both the review
literature and the research literature, this paper focuses on a method that is analytically
transparent, operationally lightweight, and still faithful to the dominant bottlenecks identi-
fied in wireless FL. In this sense, the proposed DCS-RA framework is intended not to replace
more complex optimization methods, but to provide a practically deployable alternative
that preserves scientific rigor while improving applicability in dynamic heterogeneous
5G/6G edge environments. The paper therefore provides a novel integration and prac-
ticality contribution where computation-aware scoring, channel-aware scoring, fairness
pressure, and RB allocation are combined in one interpretable round-level controller; how-
ever, stronger state-of-the-art benchmarking remains necessary before we can make broader
comparative claims. Accordingly, DCS-RA should be read as a deployment-oriented bridge
between very simple random participation and heavier optimization- or learning-based
scheduling policies. Its specific novelty lies in the compact coupling of four operations
within one round controller: state-aware scoring, fairness pressure injection, top client
selection, and marginal-latency RB assignment.
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2.4. Mathematical Notation Used in This Study

Table 1 defines the mathematical symbols used in the system model, optimization for-
mulation, client-scoring function, and resource allocation rule. Introducing these symbols
before the formal formulation improves readability and prevents ambiguity when the same
variables are reused across computation, communication, and scheduling contexts.

Table 1. Summary of mathematical symbols used throughout the manuscript.

Symbol Meaning Usage/Context

N, N Number and set of candidate clients Defines the available FL participants.
K, K Number and set of orthogonal resource blocks Defines the uplink radio resource pool.
i, k Client and resource block indices Used in all scheduling and communication expressions.
Di Private local dataset of client i Used to compute local workload without transferring raw data.
xi Binary client selection variable Equals one when client i participates in the current round.
ai,k Binary RB assignment variable Equals 1 when RB k is assigned to client i.
Pi,k , Pmax

i Transmit power on RB k and maximum client power budget Used in uplink rate and power budget constraints.
hi,k Channel gain between client i and RB k Captures wireless link quality.
Bk , N0 RB bandwidth and noise power spectral density Used in Shannon-based uplink rate calculation.
Ri,k , Ri Per-RB and total uplink rates of client i Determine communication delay.
Sm Model update payload size Used to compute uplink transmission time.
R Number of FL communication rounds Used in the expanded per-simulation complexity discussion.
Di = |Di | Number of local samples at client i Represents client-level data-volume heterogeneity.
E, Cs , fi Local epochs, cycles per sample, and client CPU frequency Used to compute local training time.

η Local learning rate used by the local optimizer Relevant to accuracy and convergence analysis; not used in the latency-
only scheduling equations.

Ci Local computation load of client i Aggregates local epochs, data volume, and cycles per sample.
Tcomm

i , Tcomp
i Communication and computation time of client i Form the selected client completion time.

Tround Synchronous FL round completion time Optimization objective determined by the slowest selected client.
Mmin, M Minimum and actual number of selected clients Enforce participation and determine selected set size.
Scomp

i , Schan
i , Sfair

i Computation, channel, and fairness scores Components of DCS-RA client ranking.
ni Consecutive skipped round counter for client i Used to regulate fairness-aware participation.
w1, w2, w3 Score fusion weights Balance computation, channel, and fairness terms.
∆i,k , T̂i(·) Marginal latency reduction and estimated completion time Used by the greedy RB allocation rule.
M, Ki Selected client set and RBs currently assigned to client i Used during post-selection resource allocation.

qi Compact state report submitted by client i Represents computation estimate, local workload proxy, channel state,
and participation history used by the scheduler.

pi Participation count of client i over the evaluation horizon Required for participation frequency variance, minimum/maximum
participation ratio, and Jain-style fairness analysis.

3. System Model and Problem Formulation
3.1. Network and Learning Architecture

We consider a synchronous FL system deployed over a heterogeneous edge network.
A coordinating server, located at a base station or edge controller, manages a set of N
candidate clients denoted by N = {1, 2, . . . , N}. Each client i ∈ N stores a private local
dataset Di and trains a local copy of the global model when selected. For notational
compactness, Di = |Di| denotes the number of local samples held by client i.

The uplink spectrum is partitioned into K orthogonal resource blocks (RBs) collected
in the set K = {1, 2, . . . , K}. At the beginning of each communication round, the server
must determine which clients will participate and how the available RBs will be assigned to
the selected set. This decision must explicitly account for heterogeneous client computation
capability and time-varying wireless conditions because both factors jointly determine
whether the FL round proceeds efficiently or whether it is delayed by a small number of
weak participants.

The network and learning architecture corresponding to this formulation is shown in
Figure 1. The figure separates the coordinating server, resource-aware scheduler, 5G/6G
wireless edge layer, and distributed clients to clarify the control and data flows assumed by
the proposed model. This visualization also makes it explicit that raw data remain at the
edge clients, while scheduling metadata, model updates, and global model parameters are
exchanged through the wireless edge infrastructure.

In the autonomous vehicular scenario introduced earlier, the clients in Figure 1 can
represent connected vehicles or roadside sensing units. The edge controller can be colocated
with a base station or multi-access edge computing node. The state-reporting path conveys
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only scheduling metadata, such as computation estimates, channel quality, workload
proxies, and participation history, whereas the learning path carries model parameters and
updates. This separation clarifies that DCS-RA is a scheduling mechanism and does not
by itself implement secure aggregation, malicious client detection, or privacy-preserving
metadata protection.

Figure 1. Deployment-oriented network and learning architecture of the proposed DCS-RA-enabled
FL system. The edge server or FL aggregator receives compact state reports from heterogeneous
clients, performs resource-aware scoring and greedy RB allocation through the 5G/6G edge layer,
distributes the global model and scheduling decisions, and aggregates returned local updates while
raw data remain on the clients.

3.2. Communication Model

Let ai,k ∈ {0, 1} indicate whether RB k is assigned to client i, and let Pi,k denote the
corresponding transmit power. The achievable uplink rate of client i over RB k is modeled
using Shannon’s expression Ri,k = ai,kBk log2

(
1 + Pi,khi,k

N0Bk

)
, where Bk is the RB bandwidth,

hi,k is the channel gain, and N0 is the noise power spectral density.
The total uplink rate of client i is then Ri = ∑k∈K Ri,k.
If the model update payload size is Sm bits, the communication time becomes

Tcomm
i = Sm

Ri
.

This formulation directly explains why radio-aware scheduling is necessary. For a
fixed model update size, clients with a poor effective uplink rate incur disproportionately
large transmission delays. In synchronous FL, such delays are especially harmful because
they propagate from the affected client to the completion time of the entire global round.

3.3. Computation Model

Each selected client performs local training for E epochs. Let fi denote the client CPU
frequency in cycles/s, and let Cs represent the required number of cycles per data sample.
The local computation load is Ci = E |Di|Cs, and the corresponding local computation
time is Tcomp

i = Ci
fi

.
This abstraction is standard in systems-oriented FL because it links device heterogene-

ity directly to straggling risk. Clients with lower CPU capability or larger local workloads
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require more time to complete local updates, and this can significantly slow synchronous
aggregation if those clients are admitted without discrimination.

3.4. Round Latency Objective

Let xi ∈ {0, 1} indicate whether client i is selected in the current round. Since the server
waits for all selected clients in synchronous FL, the round completion time is determined
by the slowest selected participant: Tround = maxi∈N :xi=1

(
Tcomp

i + Tcomm
i

)
.

The scheduling problem is therefore formulated as minimizing Tround over the client se-
lection variables {xi}, the RB assignment variables {ai,k}, and the transmit power variables
{Pi,k}, subject to the following constraints:

First, the number of selected clients must satisfy the minimum participation require-
ment: ∑N

i=1 xi ≥ Mmin.
Second, each RB can be assigned to at most one client: ∑N

i=1 ai,k ≤ 1 for all k ∈ K.
Third, the total transmit power allocated to each client must not exceed its maximum

power budget: ∑K
k=1 Pi,kai,k ≤ Pmax

i for all i ∈ N .
Fourth, RBs can only be assigned to clients that are selected: ai,k ≤ xi for all i ∈ N and

all k ∈ K.
Finally, both xi and ai,k are binary decision variables.
The resulting formulation is a mixed-integer nonlinear problem because client partici-

pation, RB allocation, and achievable transmission rates are jointly coupled. Solving this
problem exactly at every FL round is generally impractical in edge environments, where
decisions must be taken quickly and repeatedly. This motivates the development of a
structured low-complexity heuristic that remains aligned with the original optimization
objective while being operationally feasible.

4. Proposed Dynamic Client Selection and Resource Allocation Method
4.1. Methodological Design Principles

The proposed method is built around four scientific design principles: First, client
selection should explicitly reduce the probability of computation-side stragglers. Second,
channel-aware scheduling should prioritize clients that can return model updates efficiently
under current wireless conditions. Third, fairness should be treated as a design variable
rather than a post hoc discussion point, because persistent exclusion of weaker clients
can reduce long-run participation and data representativeness [11,14]. Fourth, the con-
troller must remain lightweight enough to operate on a round-by-round basis in realistic
edge deployments.

These principles are important because a practically useful FL scheduler must balance
efficiency and inclusiveness. A policy that focuses only on fast devices may reduce latency
in the short term, but it can weaken representativeness and long-term participation. Con-
versely, a policy that ignores system heterogeneity may preserve inclusiveness yet produce
repeated straggling and poor resource utilization. The proposed method is therefore de-
signed to strike a structured balance between these competing requirements. This design
differs from client selection-only policies because the selected set is followed by RB assign-
ment, and it differs from exact joint optimization because the controller intentionally uses
score fusion and greedy marginal allocation to reduce runtime and implementation burden.

4.2. Workflow Overview

Figure 2 summarizes the proposed DCS-RA workflow. The server first gathers the
minimum state required for scheduling, namely, device computation capability, a local
workload proxy, channel gains, and a fairness counter that tracks the number of rounds in
which a client has been skipped. It then computes an interpretable score for each client,
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selects the top M candidates, and allocates RBs greedily according to the marginal reduction
in estimated completion time. After local training and model upload, the server aggregates
the received updates and refreshes the fairness counters.

DCS-RA workflow at the edge controller

1. State
reports

2. Score
clients

3. Select
clients

4. Allocate
RBs

5. Train
and upload

6. Aggregate +
update fairness

next round

Inputs: resource state and participation history; outputs: selected clients, RB assignment, and aggregated model.

Figure 2. Implementation workflow of the proposed DCS-RA method at an edge controller. The
workflow starts with client state reporting, proceeds through score computation, client ranking,
top-M selection, greedy RB allocation, local training, model upload, aggregation, and fairness history
updating, and then repeats in the next communication round.

The inclusion of Figure 2 is scientifically important because it makes the logic of the
proposed method operationally explicit. In scheduling-oriented FL research, performance
gains are meaningful only when the decision path from the observed system state to
client participation and radio assignment is clearly interpretable. The workflow figure
therefore does more than illustrate the method; it demonstrates that DCS-RA relies only
on lightweight, directly relevant scheduling signals and that each stage of the controller
maps to a specific systems objective. In particular, the figure clarifies that fairness is not
appended after optimization but integrated into the decision loop itself, while RB allocation
is explicitly linked to round latency reduction rather than generic throughput maximization.

4.3. Client State Collection and Secure Reporting Considerations

DCS-RA assumes that the edge controller receives a compact state report qi from
each available client before scheduling. In the simulated formulation, this report includes
or enables estimation of CPU frequency fi, local workload size Di, channel quality hi,k

or its aggregate equivalent, and participation history ni. These values are used only for
scheduling and are not raw training samples. Nevertheless, scheduling metadata can still
reveal system-level information, such as device capability or link quality, and malicious
clients may attempt to falsify reported resource metrics to increase or avoid selection.
The present framework does not include cryptographic attestation, secure aggregation of
scheduling metadata, malicious client filtering, or privacy-preserving state reporting. These
protections are therefore identified as deployment-layer extensions rather than existing
properties of DCS-RA.

A practical implementation could reduce this risk by using network-measured chan-
nel quality indicators, controller-side timing observations, bounded self-reports, trusted
execution support, anomaly detection on reported metrics, or privacy-preserving quantized
state signals. These mechanisms are not evaluated in the present simulation, so the security
and privacy discussion is intentionally framed as a limitation and deployment requirement
rather than an implemented contribution.

4.4. Client Scoring

For each available client i, DCS-RA constructs three components:
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Computation score

Clients with higher CPU capacity and lighter effective local workloads should be
favored. We define Scomp

i = fi
E|Di |Cs

.
This score increases when the client has stronger computation capability or a lower

effective workload and therefore directly captures the likelihood that the client can complete
local training without becoming a computation-side straggler.

Channel score

Because a client’s transmission efficiency depends on its radio state across the available
RBs, we use the mean channel gain h̄i =

1
K ∑K

k=1 hi,k and define Schan
i = h̄i.

This term reflects the client’s expected communication quality in a simple but effective
manner. Clients with stronger average channel conditions are more likely to upload their
model updates quickly, thereby reducing the communication component of round latency.

Fairness score

Let ni denote the number of consecutive rounds in which client i has not been se-
lected. To gradually increase the participation probability of overlooked clients, we define
Sfair

i =
√

ni + 1.
The square root form grows monotonically but sublinearly, which avoids over-

correcting in favor of very weak clients in a single round while still ensuring that repeated
exclusion is progressively discouraged. This term should be interpreted as a fairness
encouragement mechanism rather than a formal guarantee of equal participation, be-
cause per-client participation frequencies and Jain’s fairness index are not reported in the
present evaluation.

The overall client score is Si = w1Scomp
i + w2Schan

i + w3Sfair
i , where w1, w2, w3 ∈ [0, 1]

and w1 + w2 + w3 = 1. In implementation, the score components are evaluated from the
current round state and fused using weights selected to balance computation efficiency, com-
munication efficiency, and fairness. The server then ranks all available clients and selects
the top M candidates, where M ≥ Mmin. The reported setting (w1, w2, w3) = (0.4, 0.4, 0.2)
is interpreted as a balanced engineering choice that gives equal priority to computation and
channel quality while assigning a smaller but nonzero weight to fairness pressure. It should
not be interpreted as universally optimal. The formulation assumes that score components
are placed on comparable scales before fusion; otherwise, the absolute numerical scale of
one component could dominate the weighted sum. A sensitivity analysis over alternative
weight triples remains necessary to quantify the robustness of this heuristic configuration.
Thus, the selected weights are best understood as a reproducible heuristic configuration:
w1 and w2 give equal emphasis to computation-side and communication-side straggler
reduction, while w3 keeps fairness active without allowing the fairness reward to dominate
the latency objective.

This scoring strategy is scientifically meaningful because it integrates the three domi-
nant scheduling dimensions identified by the literature: device capability, communication
condition, and participation equity. As a result, the selected client set is expected to be both
more efficient and more operationally robust than a random or purely greedy alternative.
The wording is intentionally cautious: the available evidence supports improvement over
the implemented random baseline, not superiority over all FedCS-style, utility-aware,
deadline-aware, or fairness-aware schedulers.

4.5. Marginal Latency-Aware Resource Allocation

After fixing the selected client set M, DCS-RA allocates RBs greedily. Importantly, the
allocation target is not raw throughput alone. Instead, the method estimates how much
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assigning one additional RB to a selected client would reduce its round completion time.
For each candidate pair (i, k), the marginal benefit is ∆i,k = T̂i(Ki)− T̂i(Ki ∪ {k}), where
Ki is the set of RBs currently assigned to client i and T̂i(·) is the estimated completion
time under the resulting rate. At each step, the scheduler assigns the next available RB
to the client–RB pair with the largest positive ∆i,k. This rule is directly aligned with the
optimization objective because it preferentially reduces the strongest sources of straggling.

To preserve deployment simplicity, DCS-RA uses uniform transmit power alloca-
tion across the RBs assigned to each client, subject to the client power budget. This
approximation is deliberate. Although more sophisticated water filling or reinforcement
learning-based control is possible, the contribution of this paper lies in a lightweight joint
scheduler rather than a high-overhead optimization framework. The adopted allocation
rule is therefore justified by the need to retain low runtime complexity while still making
latency-oriented resource decisions. This allocation step is the main difference between
DCS-RA and methods that stop after ranking clients: selected clients are not merely admit-
ted, but are subsequently assigned radio resources according to their estimated contribution
to reducing the synchronous round bottleneck.

4.6. Operational Complexity and Practicality

The per-round scheduling cost can be decomposed into four operations: First, com-
puting the three score components for all clients requires one pass over the available client
state and has time complexity O(N) with O(N) temporary storage for scores and counters.
Second, ranking clients by the fused score requires O(N log N) time under standard sorting,
after which extracting the top M clients is linear in the selected set size. Third, greedy
RB allocation depends on how marginal gains are updated. A direct implementation that
recomputes all selected client/RB marginal gains after each RB assignment has a worst-case
time complexity O(MK2). If marginal gains are cached and updated through a priority
structure, the allocation step can be implemented closer to O(MK + K log(MK)) after
initialization. Fourth, fairness counter updates require O(N) time per round.

Therefore, for R communication rounds, a conservative direct implementation scales as
O(R(N log N + MK2)) time and O(N + MK) space, excluding the cost of the local neural
network training itself. A more optimized implementation can reduce the allocation term,
but DCS-RA does not claim formal optimality for the greedy scheduler. The complexity
advantage of DCS-RA should be interpreted qualitatively: it avoids solving the original
mixed-integer nonlinear problem at every round and uses operations that are compatible
with repeated online scheduling in heterogeneous edge environments. Experimental
scalability over larger client sets and varying RB budgets remains necessary. Multiple
values of N and K, such as client counts of 50, 75, 100, 125, and 150 with alternative resource
block budgets, would be required before making empirical scalability claims beyond the
current 100-client, 20-RB setting.

5. Experimental Setup
5.1. Datasets and Workload Characteristics

The experimental workloads use MNIST and CIFAR-10, two widely adopted im-
age classification benchmarks with different levels of visual complexity. MNIST contains
grayscale handwritten digits and is commonly used to evaluate lightweight learning
pipelines, whereas CIFAR-10 contains small natural color images with substantially greater
intra-class variability and richer visual structure [21]. Their joint use is therefore appropri-
ate for testing whether a scheduling method remains effective across both relatively simple
and more communication-demanding FL workloads.
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Dataset characteristics used to motivate the evaluation workloads are summarized
as follows:

MNIST [26]: input size is 28 × 28 grayscale with 10 classes and a canonical split of
60,000 training images and 10,000 test images. In the present study, MNIST serves as a
lightweight benchmark for examining communication round efficiency on relatively simple
visual features with lower representational complexity.

CIFAR-10 [21]: input size is 32 × 32 RGB with 10 classes and a canonical split of
50,000 training images and 10,000 test images. In the present study, CIFAR-10 provides
more heterogeneous image content and greater visual complexity, making it a stronger
workload for evaluating latency robustness under more demanding FL updates.

The joint use of both datasets strengthens the evaluation because it reduces the risk
that the observed scheduling benefit is tied to a single workload type. Instead, it allows
the study to assess whether the proposed method retains its system-level advantage across
tasks with different levels of data complexity.

5.2. Dataset Partitioning and Non-IID Status

The simulation explicitly represents systems heterogeneity through unequal local
dataset sizes, CPU frequencies, transmit power budgets, and channel gains. However, the
present evaluation does not fully characterize statistical heterogeneity across clients. In
particular, it does not report a class-wise client partition table, a Dirichlet concentration
parameter, or separate label-skew, quantity-skew, and feature-skew settings. This distinc-
tion is important because real FL deployments often combine system heterogeneity with
non-IID data, and statistical heterogeneity can influence both convergence and fairness.
Consequently, the reported results should be interpreted primarily as system heterogeneity
results rather than a full non-IID FL validation.

5.3. Simulation Environment

The evaluation uses a controlled simulation setting designed to emulate a heteroge-
neous wireless edge environment. A custom simulator models client computation, client
selection, and radio resource allocation over multiple FL rounds. The purpose of the
experiments is to evaluate system efficiency, specifically, round completion latency and
stability, rather than to demonstrate a complete end-to-end benchmark against all modern
FL optimizers.

The simulation parameters used in the evaluation are as follows:
Number of clients N: 100.
Number of resource blocks K: 20.
Minimum selected clients per round Mmin: 10.
Number of FL rounds: 50.
Model update size Sm: 10 MB (80 Mbits).
Local epochs per round E: 5.
CPU cycles per sample Cs: 1000 cycles/sample.
Client CPU frequency fi: uniformly distributed in [1, 5] GHz.
Maximum client transmit power Pmax

i : uniformly distributed in [0.1, 1.0] W.
Resource block bandwidth Bk: 180 kHz.
Noise power spectral density N0: 10−20 W/Hz.
Channel gain hi,k: uniformly distributed in [10−10, 10−8].
DCS-RA weights (w1, w2, w3): (0.4, 0.4, 0.2).
Datasets: MNIST and CIFAR-10.
Client dataset sizes are heterogeneous and randomly generated to emulate uneven

local data volumes. This modeling choice is appropriate because the targeted issue of
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the paper is heterogeneity-induced straggling. The random baseline is Random Client
Selection with Uniform Resource Allocation, in which the controller selects the minimum
required number of clients uniformly at random and distributes RBs uniformly among
them. This baseline is intentionally simple and therefore serves as a lower-bound de-
ployment benchmark against which the benefit of structured scheduling can be assessed.
However, this baseline is not sufficient to establish superiority over state-of-the-art sched-
ulers. Future benchmarking should include FedAvg with random participation under
identical training curves, FedCS-style resource-aware selection, Oort-style utility-aware
selection, deadline-aware scheduling, joint communication–computation optimization, and
fairness-aware participation scheduling. The reported weights are likewise fixed for repro-
ducibility in the present simulation and should be validated through sensitivity analysis in
extended experiments.

5.4. Assumption Justification and Realism Limits

The uniform distributions used for CPU frequency, transmit power, and channel gain
are simplified abstractions for controlled simulation rather than complete models of 5G/6G
radio behavior. They are useful for isolating the effect of heterogeneous computation
and communication resources, but they do not fully capture fading, mobility, shadowing,
interference, traffic bursts, handovers, or client dropout. Consequently, the reported results
should be interpreted as evidence under a controlled heterogeneous simulation, not as
proof of behavior for all realistic vehicular, industrial, or healthcare deployments.

More realistic validation would require replacing or augmenting the uniform channel
model with mobility-aware and fading-aware models, such as Rayleigh or Rician fading,
path loss and shadowing profiles, interference variation, trace-driven channel quality
indicators, and stochastic client availability. The present study does not report such channel
dynamics experiments; therefore, our deployment claims are limited to the controlled
heterogeneous simulation setting evaluated here.

5.5. Hardware and Software Environment

The reported round completion times are obtained from the analytical simulation
model of computation and uplink communication latency rather than from direct wall-clock
execution on a hardware testbed. Accordingly, hardware characteristics are not used as
explanatory variables in the present numerical results. A hardware-in-the-loop or real MEC
testbed implementation should report the CPU, memory, accelerator, operating system,
software versions, simulator settings, and random-seed protocol used for runtime profiling.

Figure 3 combines the three key heterogeneity indicators used in the simulation: panel
(a) shows the distribution of client CPU frequency, panel (b) shows the distribution of local
dataset size per client, and panel (c) shows the distribution of maximum client transmit power.

The inclusion of Figure 3 is methodologically critical because it verifies that the evalua-
tion environment genuinely reflects the heterogeneity assumed in the system model. Panel
(a) confirms that the clients are not computation homogeneous, which means that local
training times can differ substantially even before radio effects are considered. Panel (b)
shows that local workloads are also uneven, creating additional variability in computation
latency. Panel (c) further demonstrates that the communication side is heterogeneous as
well, because the available transmit power budget differs from client to client. Without
these three forms of heterogeneity, the scheduling problem would be artificially simpli-
fied and the practical value of DCS-RA would be difficult to justify. The figure therefore
provides direct visual support for the central premise of the paper: heterogeneous system
conditions generate uneven completion times, and those uneven completion times create
the need for an intelligent joint scheduler.
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(b) Distribution of local dataset size per client.
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(c) Distribution of maximum client transmit power.

Figure 3. System heterogeneity in the simulated edge environment: panel (a) visualizes computation
diversity, panel (b) visualizes workload imbalance across clients, and panel (c) visualizes communica-
tion resource asymmetry through heterogeneous power budgets. Together, the three panels show
that the simulated FL clients differ in both computation-side and communication-side resources.

5.6. Evaluation Metrics and Their Justification

Three metrics are emphasized:

• Round completion time: The maximum selected client completion time in a global
round. This is the most relevant systems metric because synchronous FL aggregation
is blocked by the slowest selected client.

• Average round completion time: The average round completion time across all rounds.
This captures long-run training throughput and provides a stable summary of system
efficiency.

• Selection stability and fairness: Evaluated indirectly through the fairness term in the
scheduling rule and through the dispersion of round completion times. Because per-client
participation frequency vectors are not reported, this evidence should be interpreted as
an indirect stability indicator rather than a complete quantitative fairness proof.

These metrics are appropriate because the paper addresses a scheduling problem
rather than a pure model accuracy problem. Accordingly, the evaluation prioritizes wall-
clock efficiency, latency predictability, and participation behavior, which are the most direct
indicators of whether the proposed method improves synchronous FL operation in hetero-
geneous wireless environments. A complete learning-oriented FL evaluation would also re-
port global model accuracy, training loss, convergence curves over communication rounds,
rounds needed to reach a target accuracy, client participation distribution, communication
cost, training time per round, end-to-end convergence time, Jain’s fairness index, and par-
ticipation frequency variance. These metrics are identified as necessary extensions because
the present study evaluates the scheduling layer rather than full model training quality.
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6. Results and Discussion
6.1. Main Latency Results

The reported performance of DCS-RA relative to the random baseline is summarized
as follows:

MNIST: DCS-RA achieves an average round completion time of 1.55 s, whereas the ran-
dom baseline requires 1.92 s. This corresponds to an absolute saving of 0.37 s, an improvement
of 19.39%, and a standard deviation of 0.05 s for DCS-RA versus 0.17 s for the baseline.

CIFAR-10: DCS-RA achieves an average round completion time of 1.57 s, whereas
the random baseline requires 2.02 s. This corresponds to an absolute saving of 0.45 s, an
improvement of 22.47%, and a standard deviation of 0.05 s for DCS-RA versus 0.26 s for
the baseline.

Table 2 reports the latency results as the mean plus or minus the standard devia-
tion. These standard deviations are computed from the round completion time series and
therefore quantify round-to-round variability within the simulation record, not confidence
intervals across independent repeated experimental runs.

Table 2. Uncertainty-aware latency summary for DCS-RA and the random baseline. Values are
reported as mean ± standard deviation in seconds.

Dataset Method Mean ± SD (s) Coefficient of
Variation

Mean Latency
Improvement

MNIST Random baseline 1.92 ± 0.17 8.85% Reference
MNIST DCS-RA 1.55 ± 0.05 3.23% 19.39%
CIFAR-10 Random baseline 2.02 ± 0.26 12.87% Reference
CIFAR-10 DCS-RA 1.57 ± 0.05 3.18% 22.47%

These results show that the proposed method reduces the mean round completion
time on both workloads. The absolute savings are operationally meaningful in synchronous
FL because each saved fraction of a second reduces the waiting time of the aggregation
server and increases the number of rounds that can be executed within a fixed training
budget. Interpreted through coefficients of variation, the round time dispersion decreases
from 8.85% to 3.23% on MNIST and from 12.87% to 3.18% on CIFAR-10, confirming that
DCS-RA improves predictability as well as speed. The evidence should be interpreted as
latency and stability evidence only; it does not demonstrate improved model accuracy,
faster convergence to a target accuracy, or better final training quality, because those metrics
are outside the reported scheduling-layer evaluation.

Figure 4 visualizes the same mean round completion times with standard deviation
error bars so that the uncertainty associated with the reported round values is visible in the
graph rather than only in the text.

Figure 4 is important because it makes the central empirical result immediately visible:
the figure shows that the latency advantage of DCS-RA is not confined to a single dataset;
rather, it is preserved across both a simpler workload and a more demanding one. The error
bars additionally show that DCS-RA has a lower reported round time dispersion than the
random baseline on both datasets. This directly addresses the uncertainty in the reported
values and supports the claim that the proposed scheduler improves latency stability, not
only the average. This cross-dataset consistency strengthens the systems interpretation of
the method. A scheduler that provides gains only under one workload type would have
limited practical value, whereas a method that improves both cases is more likely to be
robust under realistic deployment diversity.
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Figure 4. Average round completion time of DCS-RA and the random baseline on MNIST and CIFAR-
10 with standard deviation error bars. Light-blue bars denote the random baseline, orange bars denote
DCS-RA, and black error bars indicate the standard deviation across runs. The figure highlights
both the mean latency advantage and the lower round-to-round uncertainty of the proposed method
across both workloads.

6.2. Scalability Analysis

Scalability is an important dimension for wireless FL scheduling because the number of
candidate clients may vary substantially across edge deployments. The present numerical
evaluation reports the N = 100 case and does not provide a full node-scaling curve
for N = 50, 75, 100, 125, 150. Therefore, the reported results are interpreted only for the
evaluated configuration. A complete scalability assessment requires repeated evaluation of
DCS-RA and the baseline under consistent resource block, workload, and selection settings
across multiple values of N.

6.3. Federated Learning Accuracy and Convergence Metrics

The present evaluation supports round latency analysis but does not report global
model accuracy, training loss, convergence curves, rounds to target accuracy, or end-to-
end convergence time measurements. For this reason, the empirical claim is limited to
scheduling efficiency and latency stability. Demonstrating learning quality benefits would
require per-round accuracy and loss traces for DCS-RA and the relevant baselines together
with a clearly defined target accuracy threshold and total convergence time.

6.4. Fairness Evidence and Participation Analysis

The fairness term in DCS-RA increases the score of clients skipped in previous rounds,
but the present results do not report per-client participation counts, missed-round dis-
tributions, or fairness indices. Therefore, the fairness claim is stated conservatively as
an encouragement for more balanced participation rather than a fairness guarantee. A
complete fairness evaluation should report per-client selection frequency pi, minimum and
maximum participation ratios, participation frequency variance, missed-round distribu-
tions, and Jain’s fairness index for both DCS-RA and baseline methods.

6.5. Discussion of the Performance Improvement

The observed gain is consistent with the structure of the proposed method. The
computation score reduces the probability of selecting clients whose local training time is
intrinsically large because of weak CPU capability or heavy local workload. The channel
score reduces the probability of admitting clients that would require a disproportionate up-
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link time to return model updates. The fairness term, meanwhile, is intended to discourage
repeated exclusion of weaker devices, although the present simulation record does not yet
quantify the resulting participation distribution. This combined design is scientifically jus-
tified by recent survey work showing that communication heterogeneity, resource scarcity,
and fairness are intertwined rather than separable FL design issues [10–12,14].

The greedy RB allocation step further strengthens this logic. Uniform allocation treats
all selected clients as equally urgent, which is rarely appropriate in synchronous FL. By
allocating RBs to maximize the marginal reduction in estimated completion time, DCS-RA
shifts the resource controller from a throughput-centric perspective to a latency-centric one.
This is an important distinction because the true bottleneck in synchronous aggregation is
not aggregate throughput itself, but the slowest completion time among the selected clients.

6.6. Runtime Uncertainty and Adaptation

Runtime uncertainty is a central deployment issue for wireless FL. Rapid channel
fluctuations can make a pre-round channel estimate obsolete, client dropout can reduce the
number of returned updates, delayed uploads can create aggregation stalls, and changing
CPU availability can alter local training time after scheduling has already been performed.
DCS-RA partially addresses such uncertainty by recomputing scores and allocations at ev-
ery communication round using the most recent available state. This round-level adaptation
is consistent with the lightweight nature of the method.

However, DCS-RA is a round-level scheduler rather than a fully adaptive intra-round
controller. It does not implement mid-round incremental RB reallocation, dropout recovery,
stale update acceptance, asynchronous aggregation, or predictive mobility tracking. These
mechanisms are important future extensions for highly mobile vehicular networks and
volatile industrial wireless environments. The claim is therefore limited to round-level
adaptive scheduling under the simulated state model.

6.7. 5G and 6G Deployment Implications

The proposed method is intentionally described for 5G/6G edge networks because the
scheduling bottleneck appears in both generations; however, the deployment interface can
differ. In 5G systems, DCS-RA can be interpreted as an MEC-side or base station-adjacent
scheduler that uses available channel quality indicators, uplink resource information, and
coarse device computation reports to avoid stragglers during synchronous FL rounds. In
this case, the method is constrained by the granularity and update frequency of the radio
and edge computing information available to the controller.

In 6G-oriented systems, the same principle may benefit from richer network state
observability, AI-native control loops, integrated sensing and communication, cell-free
or ultra-dense access, and predictive mobility/channel estimation. These capabilities
could make client scoring and RB allocation more responsive, but they are not required
by the current simulation model. Therefore, the adoption of DCS-RA does depend on the
network generation in terms of control plane information, update frequency, radio resource
granularity, and mobility awareness. The core algorithmic contribution remains generation
agnostic, while the practical effectiveness may improve as the network exposes richer and
more timely state information.

6.8. MNIST Robustness

The MNIST results provide the first robustness check for the proposed scheduler
under a relatively lightweight workload. Although MNIST is less visually complex than
CIFAR-10, the scheduling problem remains nontrivial because the latency bottleneck arises
from heterogeneous client resources rather than from input semantics alone. On MNIST,
DCS-RA reduces the average round completion time from 1.92 s to 1.55 s and sharply
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reduces dispersion from 0.17 s to 0.05 s. This indicates that the method does not merely
accelerate the mean case; it also suppresses the variability associated with unfavorable
client selections and inefficient RB assignment.

To make the robustness behavior explicit at the round level, Figure 5 compares the
per-round completion times of DCS-RA and the random baseline for both datasets, while
Figure 6 compares the corresponding cumulative averages. The placement of these figures
here is deliberate. MNIST serves as the simpler workload, and it therefore provides a
useful reference point from which the stronger effects observed later for CIFAR-10 can be
interpreted more clearly.
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(a) Per-round completion time on MNIST.

0 10 20 30 40 50
Round

1.4

1.6

1.8

2.0

2.2

2.4

2.6

Ti
m

e 
(s

)

DCS-RA
Baseline

(b) Per-round completion time on CIFAR-10.

Figure 5. Round-wise robustness of DCS-RA relative to the random baseline. Panel (a) reports MNIST
behavior and panel (b) reports CIFAR-10 behavior. In both cases, the proposed method remains con-
sistently below or less volatile than the baseline, indicating sustained round-level scheduling benefit.
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For MNIST specifically, panel (a) of Figure 5 shows that DCS-RA remains in a narrow
latency band across rounds, whereas the random baseline exhibits visibly larger fluctuations.
Panel (a) of Figure 6 strengthens this interpretation by showing that the cumulative average
of DCS-RA stabilizes quickly and remains below that of the baseline throughout the run.
This is scientifically important because it demonstrates that the benefit of the proposed
method is not produced by a few isolated favorable rounds; rather, it arises from repeated
and consistent scheduling decisions that prevent persistent straggling.
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(a) Cumulative average round time on MNIST.
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(b) Cumulative average round time on CIFAR-10.

Figure 6. Cumulative robustness of DCS-RA relative to the random baseline. Panel (a) shows MNIST
and panel (b) shows CIFAR-10. The persistent separation between the two curves indicates that the
proposed scheduler achieves sustained rather than isolated gains over the training horizon.
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6.9. CIFAR-10 Robustness

The CIFAR-10 results provide a stronger robustness test because the workload is more
demanding and therefore more sensitive to inefficient client–channel combinations. On
CIFAR-10, DCS-RA reduces the average round completion time from 2.02 s to 1.57 s and
reduces dispersion from 0.26 s to 0.05 s. The larger absolute and relative gain on this
dataset suggests that the scheduler becomes even more valuable as workload difficulty and
effective system heterogeneity increase.

This interpretation is visually supported by panel (b) of Figure 5 and panel (b) of
Figure 6. In the round-wise view, DCS-RA remains substantially more stable than the
random baseline, which experiences pronounced oscillations and repeated high-latency
rounds. In the cumulative view, the separation between the two curves remains persis-
tent, indicating that the improvement is not transient. These figures therefore justify a
stronger conclusion than a simple average comparison alone: under a more demanding
workload, DCS-RA not only improves efficiency but also regularizes the overall training
process. This is precisely the type of behavior required in latency-sensitive wireless FL
systems, where volatile round durations complicate scheduling, resource provisioning, and
service-level assurance.

6.10. Stability and Cross-Dataset Interpretation

Figure 7 summarizes the relative improvement of DCS-RA across datasets in terms of
latency reduction and variability reduction.

MNIST CIFAR-10
0

10

20

30

40

50

60

70

80

Im
pr

ov
em

en
t (

%
)

Latency reduction (%)
Variance reduction (%)

Figure 7. Relative improvement summary of DCS-RA on MNIST and CIFAR-10. The figure highlights
that the method improves both mean latency and reported round time variability, with especially
strong stabilization effects on the more demanding workload.

Figure 7 is especially valuable because it condenses the central empirical message of
the paper into a single comparative view. The figure shows that the benefit of DCS-RA is
multi-dimensional: it improves average round latency and also reduces round-to-round
dispersion. This distinction matters. A scheduler that reduces only the mean while leaving
variability high would still create operational uncertainty for edge services. By contrast, the
present results indicate that DCS-RA simultaneously improves speed and regularity. The
stronger improvement on CIFAR-10 further suggests that the proposed scheduler becomes
more useful as the workload and system conditions become more challenging, which is an
important argument for its relevance in heterogeneous 5G/6G edge environments.
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6.11. Relation to Existing Work

The present results are directionally aligned with the broader wireless FL literature.
Joint scheduling studies have repeatedly shown that coupling client participation with
radio resource decisions improves training efficiency relative to naive baselines [16–19]. The
present paper does not therefore claim that its contribution provides universal superiority
over all existing methods; rather, it occupies a valuable position in the design space by
offering an interpretable, lower-overhead policy that still captures the main sources of
wireless FL delay. This positioning is important for edge deployment, where a scheduling
policy must often be understandable, easy to calibrate, and computationally modest in
addition to being effective. Because the experimental comparison includes only the random
selection/uniform allocation baseline, comparisons with stronger prior methods remain
qualitative rather than experimental. Consequently, the results should not be interpreted as
evidence of state-of-the-art superiority over untested schedulers.

Table 3 compares DCS-RA with related FL, MEC resource allocation, and privacy-
aware architecture studies. The comparison separates direct wireless FL scheduling studies
from broader MEC and privacy-aware architecture studies so that motivational references
are not incorrectly presented as performance baselines.

Table 3. Direct comparison with relevant FL, MEC resource allocation, and privacy-aware architecture
studies.

Reference Focus and Context Resource Awareness Privacy Role Relation to This Work

[20] FedCS resource-aware client selection
in mobile edge FL

Client resource and deadline aware-
ness

Raw data remain local under
FL

Stronger baseline category; DCS-RA addi-
tionally couples fairness scoring with RB
assignment.

[16] Wireless IoT FL with joint client selec-
tion and resource management

CPU and transmission resource con-
trol

Raw data remain local under
FL Direct scheduling-related category.

[18] Wireless IoT FL with joint client and
wireless resource optimization

Explicit mixed-integer resource for-
mulation

Raw data remain local under
FL

Closest optimization-oriented category to
DCS-RA.

[19] Federated edge learning with imper-
fect CSI Channel and resource uncertainty Raw data remain local under

FL
Highlights radio uncertainty; DCS-RA
keeps a simpler interpretable rule.

[7] Secure 5G/6G survey covering FL,
blockchain, and digital twins

Discusses edge resource challenges
at survey level Security and trust are central Motivates coexistence with security layers,

not a direct scheduler.

[8] FL and 5G/6G-enabled IoMT review Discusses deployment and commu-
nication constraints Healthcare privacy is central Supports 5G/6G FL motivation beyond

generic IoT.

[22] DRL-based mobile edge resource allo-
cation

Adaptive computing and network re-
source allocation Not an FL privacy mechanism Motivates dynamic edge resource control,

not FL scheduling.

[23] Task offloading and resource alloca-
tion in multi-server MEC

Joint offloading and resource opti-
mization Not an FL privacy mechanism Supports latency-aware edge coordina-

tion.

[24,25] Privacy-aware healthcare sensor and
5G architectures

Architecture-level deployment con-
straints Privacy is central Motivational references for privacy-aware

decentralized design.

This
work

Heterogeneous 5G/6G wireless FL
with fairness-aware selection and RB
allocation

Computation, channel, fairness pres-
sure, and RB assignment

Raw data remain local under
FL

Interpretable low-complexity scheduler;
experimental comparison with stronger
baselines remains required.

The full figure set strengthens this positioning further: Figure 2 explains how the
scheduler operates, Figure 3 shows why such a scheduler is necessary, and Figures 4–7
demonstrate that the resulting policy materially improves system behavior. This pro-
gression from the system condition to the scheduling mechanism to empirical results
substantially improves the explanatory strength of the manuscript.

6.12. Figure and Table Readability

Each figure and table is introduced close to its placement and interpreted in terms
of the metric it reports and the claim it supports. Figures 1 and 2 use simplified vector-
style layouts with larger labels, fewer visual elements, and clearer directional flow. The
comparison table separates direct FL scheduling references from broader MEC and privacy-
aware architecture references. The main latency graph reports standard deviation error
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bars, and Table 2 reports the corresponding numerical uncertainty values. Confidence
intervals are not reported because independent repeated-run statistics are not part of the
present evaluation.

6.13. Limitations and Responsible Interpretation

The interpretation of the findings is limited to the evidence directly supported by
the simulations. The experimental results support system-level latency improvement, but
they do not include complete accuracy or loss trajectories for constructing a convergence
plot. For this reason, the result figures focus on the metrics that are directly supported by
the available statistics, namely, mean round time, variability, per-round robustness, and
cumulative performance. The current evaluation also lacks experimental comparisons with
stronger baselines such as FedCS-style resource-aware selection, utility-aware participant
selection, deadline-aware scheduling, joint communication–computation allocation, and
fairness-aware participation schedulers. In addition, the evidence does not establish non-
IID robustness, weight sensitivity behavior, or quantitative fairness through participation
frequency statistics. The simulated scheduler also assumes honest and timely state report-
ing; it does not evaluate malicious metric manipulation, scheduling metadata leakage,
secure reporting, client dropout, or mid-round channel shocks. Future work should extend
the evaluation by adding explicit model accuracy curves, ablation analysis of the fairness
weight, non-IID data partitions, and comparisons against additional optimization-based
or reinforcement learning baselines. These limitations do not weaken the present systems
result; rather, they clarify the scope of the evidence and strengthen the scientific credibility
of the paper.

7. Conclusions
This paper presented DCS-RA, a lightweight framework for dynamic client selection

and resource block allocation in synchronous FL in heterogeneous 5G/6G edge envi-
ronments. The method addresses a specific systems challenge: reducing round comple-
tion latency caused by uneven client computation capability, local workload variation,
and wireless channel diversity. By combining computation-aware, channel-aware, and
fairness-aware scoring with marginal latency-based RB allocation, DCS-RA provides an
interpretable scheduling mechanism that is easier to deploy repeatedly than solving the
full mixed-integer nonlinear formulation at every round.

Under the reported simulation setting with 100 clients and 20 resource blocks, DCS-RA
reduced the average round completion time by 19.39 percent on MNIST and 22.47 per-
cent on CIFAR-10 relative to the random baseline. The uncertainty-aware values were
1.92 ± 0.17 s versus 1.55 ± 0.05 s on MNIST and 2.02 ± 0.26 s versus 1.57 ± 0.05 s on
CIFAR-10. DCS-RA also reduced reported round time variability by 70.59 percent and
80.77 percent, respectively. These results support the narrower and evidence-based con-
clusion that DCS-RA improves wall-clock FL efficiency and latency stability within the
evaluated simulation conditions.

The study remains subject to several limitations. The current evidence is simulation-
based, uses two benchmark datasets, and does not yet include node-scaling results from 50
to 150 clients, real testbed validation, hardware runtime profiling, explicit non-IID partition
analysis, accuracy/loss convergence curves, weight sensitivity analysis, per-client fairness
metrics, or comparisons with stronger optimization and reinforcement learning baselines.
In addition, although the core scheduling logic can be used in both 5G and 6G-oriented edge
systems, the practical adoption path differs because 6G may provide richer sensing, mobility
prediction, and radio state observability than current 5G deployments. Future work should
therefore extend the evaluation to larger heterogeneous networks, realistic fading and
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mobility-induced channel dynamics, dropout-aware runtime adaptation, energy-aware
objectives, secure and privacy-preserving scheduling metadata, stronger client selection and
resource allocation baselines, and real 5G/6G edge testbeds. These extensions are necessary
before making deployment-level claims beyond the controlled simulation environment
reported here.
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support, insightful contributions, and assistance throughout this research. During the preparation
of this manuscript, the authors used ChatGPT by OpenAI (GPT-5.5 Thinking, accessed in 2026) for
language editing, proofreading, grammar correction, and improving the clarity and readability of
selected manuscript text. The authors reviewed and edited the output and take full responsibility for
the content of this publication.

Conflicts of Interest: Ahmed Lateef Salih Al-Karawi is affiliated with Defne Telekomünikasyon A.Ş.,
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