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Abstract

Federated learning makes it possible for different devices to work together to train a model
without needing to share the original data, which is why it is useful for smart traffic systems.
However, static client-selection policies fail under the dynamic, non-11D, and energy-limited
conditions typical of urban traffic environments. This paper proposes a federated meta-
Bayesian reinforcement learning framework that integrates Bayesian meta-learning with re-
inforcement scheduling to adaptively select clients in traffic intelligence applications. The
system updates hierarchical priors from distributed traffic data streams and optimizes client
participation policies using a multi-objective reward function balancing prediction accu-
racy, energy efficiency, and latency constraints. In our traffic-adapted experimental setup
using non-IID Fashion-MNIST (F-MNIST) data (simulating heterogeneous traffic patterns
with two shards per client), The proposed framework achieves a mean accuracy of 0.84
with an 80% reduction in resource costs compared to conventional federated learning. The
method provides an adaptive, energy-efficient, and self-optimizing client scheduling mech-
anism specifically designed for real-time federated traffic monitoring systems.

Keywords: Federated learning, Meta-Bayesian optimization, Reinforcement learning, Client
scheduling, Traffic intelligence, Energy efficiency.

1. INTRODUCTION

The Internet of Things (IoT) enables continuous, real-time connectivity between heterogeneous
devices [1-3]. Atthe same time, unmanned aerial vehicles (UAVs) and other aerial platforms receive
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specialized communication and control support from low-altitude intelligent networks (LAIN) [4,
5], On the other hand, Vehicle-to-Everything (V2X) technologies establish cooperative connectivity
between infrastructure and vehicles across the road ecosystem [6—9]. The substantial convergence
of these three pillars is speeding up the shift of urban transportation toward an air—ground, inte-
grated, intelligent monitoring paradigm [10, 11]. According to this paradigm, the basis of smart-city
infrastructure for the monitoring and analysis of traffic movement is a cooperative sensing fabric
composed of unmanned ground vehicles (UGVs) and unmanned aerial vehicles (UAVs), which
offers multimodal data collection and three-dimensional coverage [12—14].

On each section of the road, UGVs and UAVs equipped with deep learning models that have already
been trained are often deployed [15, 16]. While UGVs equipped with onboard sensors track fine-
grained, microscopic indicators—Ilike queue lengths and vehicle speeds—in real time, UAV's capture
macroscopic conditions from above, such as incident detection and congestion patterns over an
area. These systems use coordinated air-ground operations to offer a vast, multi-layered monitoring
network [17-19].

Intelligent traffic monitoring aims to improve network efficiency, reduce crash risk, and provide
quick, accurate information for emergency response and operational control [20]. To accomplish
this goal, multidimensional sensing and low-latency situational inference must be combined. In fact,
UGVs give high-resolution, close-range observations at critical nodes; UAVs provide rapid, wide-
area reconnaissance of global traffic patterns; and edge computing combined with federated learning
enables collaborative processing at the network edge. Together, these components enable data-
driven decisions for personalized route guidance, accelerated incident response, and ideal signal
timing [21].

The bandwidth that results from clients sending raw sensing data to a centralized server for training
can overload wireless airwaves and pose serious privacy issues [22, 23]. Sensitive information, such
as regional flow trends and accident distributions, may unintentionally be disclosed by operational
road data. Additionally, prolonged high-volume transmission significantly raises mobile platforms’
(like UAVs’) energy demand, hastening battery depletion [24]. Device endurance deteriorates under
high workloads, and in severe situations, monitoring may stop, endangering long-term stability and
uninterrupted functioning.

In light of this, adaptive client scheduling under non-IID, time-varying situations, and stringent
energy/latency budgets is the main problem. Conventional selection rules (or static Bayesian pre-
dictors) are myopic and deteriorate as conditions change. Clients vary in terms of data distribu-
tions, mobility, channels, and residual batteries, and these parameters drift over hours and regions.
We address this by proposing a Meta-Bayesian Reinforcement Learning (MBRLFLI) scheduler
that (i) learns an energy-aware, long-horizon participation policy with reward and (ii) uses hier-
archical Bayesian meta-learning with task-conditioned priors updated online to deliver calibrated,
uncertainty-aware estimates of each client’s marginal contribution. The main innovation of the
suggested method for IoT traffic intelligence is the self-learning, air-ground federated scheduler
that is produced by combining predictive Bayesian optimization with policy reinforcement. This
scheduler explicitly respects energy and delay restrictions while adapting to regime changes.

Federated learning (FL) addresses these issues by implementing model updates on-device and send-
ing just parameter deltas rather than raw data, providing a bandwidth-efficient and privacy-preserving
substitute for centralized training [25, 26]. Sensitive information never leaves the source in this
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paradigm, reducing the danger of leakage and significantly reducing backhaul usage—a benefit
that becomes crucial in the presence of enormous, regularly updated traffic data streams [27, 28].
FL enhances end-to-end communication efficiency in dense urban deployments by reducing up-
link payloads and localizing computing, which conforms to the limitations of air-ground sensing
platforms.

However, significant variation in sensing modalities, energy constraints, and link circumstances
must be addressed for real-world FL over UAVs and UGVs. Which clients train when is crucial
to overall performance because unrestricted involvement can weaken learning benefits, waste en-
ergy, and undermine convergence. Device-side costs (energy, storage, and opportunity costs) also
influence participation, thus clients do not voluntarily enroll in training and frequently need to be
motivated [29-31]. The model owner cannot directly monitor the private expenses or data quality
of each client, therefore creating a fair and efficient incentive system is a challenging task[32].

To address these gaps, we propose an air—ground cooperative Meta-Bayesian Reinforcement Learn-
ing (MBRLFLI) framework that unifies hierarchical Bayesian meta-learning with an energy-aware
client-scheduling policy. On the prediction side, we replace static Bayesian scoring with a hierar-
chical, task-conditioned Gaussian-process (GP) meta-learner that is updated online to track regime
shifts (e.g., time-of-day or region changes), yielding calibrated, uncertainty-aware estimates of each
client’s marginal contribution. On the decision side, a reinforcement learning (RL) agent selects the
participation set by maximizing a long-horizon reward that explicitly trades off model improvement,
energy, and delay. This unified design is well matched to urban traffic monitoring, where UAVs
offer wide-area aerial context and UGVs provide high-resolution ground details: the meta-Bayesian
layer anticipates which devices are most complementary under non-IID, time-varying conditions,
while the RL policy schedules them to meet energy/latency budgets. The learnt contribution signals
can be used with an optional, differentiated incentive layer to provide priority to high-quality data
sources, guaranteeing incentive effectiveness without compromising privacy. These components
work together to create a flexible, self-learning scheduler that maximizes the use of scarce energy
and communication resources while minimizing non-IID effects and preserving high model perfor-
mance.

By adapting to non-IID, time-varying traffic regimes, explicitly balancing accuracy, energy, and
delay, and combining with incentive mechanisms to encourage honest, cost-conscious participation,
this design turns client selection from static heuristics into a self-learning, incentive-ready scheduler
that enhances training quality, system energy efficiency, and the efficacy of urban traffic monitoring.

This work introduces a self-learning scheduler for federated traffic intelligence that unifies Bayesian
meta-learning with reinforcement policies. Our main contributions are:

1. Air-ground integrated FL with adaptive scheduling. We introduce a federated framework
tailored to UAV/UGYV collaboration that adapts to non-1ID, time-varying traffic regimes while
respecting device energy and latency constraints.

2. Hierarchical Bayesian meta-learning for contribution prediction. We develop a task-
conditioned, online-updated Bayesian predictor (e.g., GP with hyperpriors) that provides cali-
brated mean/uncertainty estimates of each client’s marginal utility, enabling rapid re-adaptation
under regime shifts.
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3. Energy-aware reinforcement client selection. We design a long-horizon RL policy that
selects client cohorts by maximizing

r = A¢c Aaccuracy — Ag energy — Ap delay,

explicitly trading off model improvement, energy consumption, and latency; the Bayesian
posteriors serve as informative state signals.

This paper shows a single design that puts together a step-by-step guess of Bayesian input along
with a reinforcement learning planner that knows about energy and delays. Even though these parts
have been looked at on their own, how they work together, where guesses from the past directly
help pick clients and new results change step-by-step starting points, has not been shown in past
research about federated learning. This working together makes a scheduling method that changes
on its own and is made for traffic watching with UAV/UGV.

2. RELATED WORK

Client selection is pivotal to federated learning efficiency. Asad et al. (2021) [33], proposed a
joint communication—computation resource allocation scheme that minimizes end-to-end training
cost, improving resource utilization and lowering overall overhead. Qu et al. (2022) [34], intro-
duced an online strategy based on Contextual Combinatorial Multi-Armed Bandits (CC-MAB) to
select clients under budget constraints; by exploiting contextual features, their method makes more
accurate choices in dynamic settings, achieving higher training performance and reduced regret.

Even with these improvements, some ways of choosing things increase gains but greatly increase
the difficulty of calculations, which can make servers work harder and slower. In smart traffic
watching, where main servers must deal with lots of fast-moving data and make quick choices,
complex selection methods do not work well. This points out the need for a way that is both easy to
use and works well, sticking to firm rules about delays and calculation limits while keeping a high
standard of selection.

Older work in Federated Learning usually deals with rewards as not related to picking clients.
Yet UAVs and UGVs behave as rational, self-interested agents and generally will not contribute
resources without adequate compensation [35]. Contract-theoretic designs (e.g., Chen et al. (2024)
[36], via Lagrange multipliers) and reputation-driven schemes (e.g., Xie et al.’s blockchain-enabled
BCFR [37])—as well as hybrids combining contracts and reputation for UAV participation in FL
[35, 38]—have been explored. However, these mechanisms are typically engineered independently
of the selection policy, and the added incentive layer can introduce nontrivial computational over-
head. In contrast, our proposal is incentive-ready: the meta-Bayesian contribution estimates feed
directly into policy learning and can be used to drive differentiated rewards without bolting on a
costly, separate optimization stage. The FLI framework in [39] introduced a Bayesian incentive
model that improved energy efficiency but lacked adaptability. This study advances this design by
embedding meta-Bayesian reasoning and reinforcement learning (RL) into the scheduling process,
producing a self-adaptive system that learns client reliability and resource cost online.

However, in the existing studies, client selection and incentive design are largely treated as disjoint
problems, often relying on static heuristics or high-complexity optimizers that struggle under non-
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IID, time-varying conditions and tight latency/energy budgets. While incentive schemes are usually
added after the fact, adding complexity without increasing adaptability, selection rules seldom
ever introduce calibrated uncertainty about client utility into the decision loop. Furthermore, the
majority of approaches optimize round-level, short-term goals rather than a long-horizon utility that
simultaneously accounts for accuracy, energy, and delay. Our proposal fills these gaps by combin-
ing a energy-aware reinforcement scheduler that maximizes a long-term reward with hierarchical
meta-Bayesian contribution prediction, which is updated live to account for regime transitions.
rdenotesthedif ferencebetweendg energyandAdp delay. With the help of contribution posteriors,
this unified, self-learning design naturally accommodates various incentives, produces lightweight,
uncertainty-aware selection, and preserves real-time responsiveness in air-ground traffic monitor-
ing.
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Figure 1: Schematic Scenario and Federated learning with RL flowcharts

2.1 Literature Comparison

To show where our new MBRLFLI setup fits with other federated learning setups, we give a general
comparison to common methods like FedAvg, FedProx, q-FFL, and FLI. FedAvg and FedProx
mainly work on making the system better and keeping things stable when the data is different,
while g-FFL tries to be fair by changing how much each user affects the results. But these ways
don’t directly think about power limits, guessing how sure we are, or changing the plan as needed.
FLIL on the other hand, uses a special system to encourage users that has something to do with
picking users, but it doesn’t use learning to improve, keep things safe, or learn from different levels
of data. So, the MBRLFLI system does more than typical data mixing, using various prediction
depths along with a power and time-aware strategy. Since computer power is limited and this study
focuses on planning instead of data combination methods, we will compare our approach to others
later.

There are some standard methods in the area of federated learning that mainly focus on maintaining
similar results or equal treatment, such as FedAvg, FedProx, and q-FFL. These ways give us im-
portant starting points to understand how models change with different data but don’t have ways to
think about energy use or schedule clients based on how sure we are. The FLI system has a way to
encourage clients based on how much they help, which has something to do with picking clients, but
it doesn’t have smart learning or ways to learn in a step-by-step manner. TABLE 1, gives a simple
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Table 1: Qualitative comparison between representative federated learning methods.

Method Primary Focus Handles Non-IID Data Client Scheduling or  Energy/Delay
Selection Awareness
FedAvg Model aggregation Limited robustness on  Noexplicitscheduling  No
highly skewed data
FedProx Robust aggregation  Improved stability under ~ No explicit scheduling  No
with proximal term heterogeneity
q-FFL Fairness-oriented Balances client contribu- ~ No explicit schedul- No
training tions ing; focuses on fair-
ness
FLI Bayesian incentive- Handles heterogeneity  Partial scheduling via  Limited
based  contribution  through scoring incentives
scoring
MBRLFLI RL-based  adaptive  Explicitly models het- Yes — RL-driven, Yes — energy and delay
(Proposed) scheduling with  erogeneity via hierarchi-  constraint-aware integrated
Bayesian uncertainty cal GPs scheduling

breakdown of the differences between these common ways and shows how our MBRLFLI system
makes things better by adding step-by-step Gaussian-process modeling with a scheduler that knows
about energy and delay using reinforcement learning.

Because of computer limits and this study’s concentration on how clients are scheduled, not on
combining rules, actually comparing all these ways will happen later. The descriptive look presented
now puts MBRLFLI in the larger FL writing and makes clear its job as a scheduling-focused
structure that helps, instead of swaps out, current combining math tools.

3. SYSTEM MODEL

Several phases, including real-time data gathering, data processing, and anomaly reporting, should
be included in a comprehensive urban traffic monitoring scenario [40].

3.1 Scenario Overview

In the suggested configuration, each road section is registered and uniquely indexed in the city’s
intelligent traffic management system. Each area’s flying and driving inspection tools have deep
learning systems already set up that examine live incident updates and traffic using local processing
power [41]. Driving tools travel set paths, constantly collecting info and images with built-in
cameras and sensors. They figure out small details like how fast cars are going on average, how
long people are waiting, and traffic jams in specific spots, along with spotting issues like accidents,
car troubles, and when roads are blocked. To make this view from the ground better, flying tools
often fly above roads, intersections, and main streets to offer full coverage and give a general sense
of the situation across a large area.

When the system detects an abnormal condition, it immediately starts an event-reporting pipeline
that notifies the traffic control center in a systematic manner. Each alert contains the route number,
timestamp, geolocation data, and event category (e.g., congestion, crash, or closure). The intelligent
transportation system (ITS) integrates these signals with historical patterns and live data to develop
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a response plan. When there is severe congestion, the system can rebalance flows by modifying
the timing of surrounding signals (e.g., extending green phases). In order to minimize network-
wide disturbance in the event of a crash, the emergency protocol sends out traffic police and rescue
personnel while providing navigation services with dynamic detours. An overview of this air—
ground monitoring scenario is depicted in FIGURE 1a.

During operation, clients continuously accumulate fresh imagery; because traffic conditions vary
by roadway, these streams are inherently non-IID, causing a single global model to underperform
uniformly across all segments [42]. To boost accuracy and adaptability, once a client’s local dataset
surpasses a preset threshold, the device triggers on-device training to incrementally refine its pre-
trained model, improving fit to current road patterns and rare events [43]. In our proposal, these
local updates are further governed by meta-Bayesian [44, 45] contribution estimates and an energy-
aware RL scheduler, ensuring that adaptation occurs where it yields the greatest accuracy gain per
unit energy and within latency constraints.

3.2 Modeling Foundations

This research uses common ways of thinking about how long communication takes, how much
processing is needed, and how much power is used, to stay in line with what others have already
found. The new part of our method is how we put these typical ideas into the tiered Bayesian meta-
learner and then use them to make organized reinforcement-learning situations. This process allows
for changing the schedule as things shift in a non-uniform way and as device limits change.

3.3 Federated Learning Model

Directly sharing raw monitoring data across roads risks privacy leakage and excessive wireless load.
We therefore adopt a federated learning (FL) architecture in which UAVs/UGVs train locally and
transmit only model updates. To align with the proposed meta-Bayesian reinforcement design, the
framework is organized into two vertically coupled layers:

(1) Traffic Monitoring Client Layer

UAVs and UGVs on each road segment continuously acquire multimodal imagery for flow esti-
mation and anomaly detection using a pre-trained model. As new data accumulate and resources
permit, devices trigger local fine-tuning to better match current conditions. Let C; denote a selected
client with dataset D; of size D;. For classification, the local cross-entropy objective is

1 &

Fi(8:) = =5 > yjlog(s)) + (1= yplog(1-5)]. (1)
1 i=1

<,

where §; is the model output for sample j and y; its label. Stochastic gradient descent (SGD) runs
for L local epochs to obtain updated parameters 010;3 and the parameter delta

AG;, = 01 - 65 ©)
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(i1) Central Server & MBRLFLI Scheduler Layer

At the start of round ¢, the server broadcasts the current global model Oflob and gathers lightweight
client metadata (e.g., sample counts, recent loss, battery state, channel quality). A hierarchical meta-
Bayesian predictor (e.g., GP with hyperpriors) is updated online to produce calibrated posteriors
for each candidate’s marginal contribution, yielding mean/uncertainty signals {(u; ¢, 0i)}. These
signals, together with energy/link states, form the input to an energy-aware reinforcement learning
policy r that selects a cohort S; of size K under energy/latency budgets by maximizing the long-
horizon reward

r; = Ac Aaccuracy, — Agenergy, — Ap delay,. 3)

Selected clients perform local training and return {A6; ; };cs, over wireless uplinks.

Communication To support parallel, contention-free uploads from multiple roads, the system
uses orthogonal frequency-division multiple access (OFDMA) [46], allocating subchannels to clients
in S; to reduce interference and latency during model-update transmission.

Aggregation and Update Upon reception, the server aggregates client deltas to form

W= ) A 05D = 08"+ w,, )

t+1
ieS;
where A > 0 is an aggregation weight. The round concludes with (optional) differentiated incentives
that can be computed directly from the meta-Bayesian contribution posteriors to encourage high-
impact participation without accessing raw data.

Termination Rounds repeat until a stopping rule is met, e.g., |F (0;41)—F (Ot)| < gfor atolerance
€ > 0, or a preset budget/round limit is reached. Throughout training, the hierarchical priors and the
RL policy co-evolve: selections generate new evidence to refine the priors, while updated posteriors
improve future scheduling. This closed-loop MBRLFLI process yields adaptive, uncertainty-aware
client selection that explicitly balances accuracy, energy, and delay in air—ground traffic monitoring.
The federated learning process with incentives and RL scheduler is shown in FIGURE 1b.

3.4 Adapted Communication Model

We employ an OFDMA uplink with N orthogonal subchannels (N > K) of bandwidth W. To keep
focus on scheduling and learning, we retain an additive Gaussian white noise (AWGN) abstraction
(it has been commonly used in prior FL studies (e.g., [47, 48]) for rate calculation, while allowing
the scheduler to ingest stochastic link indicators (e.g., recent SNR samples, outage flags) as state
variables. For client Cy in round ¢, the achievable rate on its assigned subchannel is

L TN
r:p(t) = WlogQ(l + M), 5)
g
with payload s, (1), delay 7,” (1) = 5,”(¢)/r,*(¢), and uplink energy
EZF™M(0) = pP(0) 7 @) (6)

MBRLFLI integration. The meta-Bayesian layer provides calibrated contribution posteriors
(Mk.t» Ok.r), While the RL policy uses (uk,, 0k,r) together with measured communication costs

4717



https://www.oajaiml.com/ | December 2025 Mohammed Ibrahim Altwijri and Ahmed A. A. Gad-Elrab

(Eso™ (1), 7,P (1)) when forming the state s, and deciding the cohort S,. Safety filters enforce per-
round latency and energy caps during action selection.

3.5 Adapted Computation Model

Local training on Cy for L epochs over Dy (¢) samples at CPU frequency f () incurs

Cl° Di(1)

o) @

1
() =

EPN 1) = kCY D) f2(1) ®)

where CZC is cycles-per-sample and « the effective switching capacitance. Devices expose lightweight
compute telemetry (e.g., fr(¢) limits, battery state), which the policy maps to expected compute
costs (L T]Sal(l‘), L E,Ccal(t)). The meta-Bayesian predictor conditions on such features (and task
context like time-of-day/region) to refine contribution estimates under drift, enabling cost-informed
yet uncertainty-aware selection.

3.6 Optimization Problem Formulation

Given round ¢ cohort S; (with |S;| = K), the per-client totals are

() = LT (1) + 7P (1), ©)

Ex(r) = LEP (1) + ES°™ (). (10

Let Yx(¢) denote the (latent) marginal improvement from including Cy in round ¢. The meta-
Bayesian layer produces an online-updated posterior p (Y (¢) | features) summarized by mean/uncertainty
(Mk.t» Ok,r). We maximize long-horizon performance with an energy-/delay-aware reward:

1 = AcAAce, — AEZEk(t) ~ Apmax (1), (11)
keS; '

subject to per-round safety constraints

Ek([) < Emax, Tk([) < Tmax> Vk € St’ (12)
[S:] = K.

RL policy. The scheduler learns a policy 7(S; | s;) over combinatorial actions using the state

st = { Gtk o) BP0, 10, BP0, 70,

battery/channel/meta} E (13)

A projection layer enforces (12) during selection. This yields a closed-loop system: selections
provide new observations to update hierarchical priors; refined posteriors improve subsequent deci-
sions, ensuring adaptation to non-IID drift while explicitly balancing accuracy, energy, and latency.
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To obtain a round-wise solvable program, we introduce binary decision variables
xrr €4{0,1}, xx, =1 & client Cy is selected in round ¢,

and treat {Yx (1), Ex(t), 71 ()} as known per-round signals (e.g., predicted contribution from the
meta-Bayesian layer and measured/specified costs). The linear (mixed-integer) program reads:

T N
(P1-LP) max ZZYk(z)xk,, (14)
R e g
N
st. Zxk,, =K, Vt=1,....T, (15)
k=1
Ek([) < Emax + Mg (1_xk,t), Vk,t, (16)
Tk(t) < Tmax+MT (1_xk,t)a Vk,l, (17)
xee €{0,1},  Vk,t. (18)

Here, (14) maximizes the cumulative contribution, (15) enforces a cohort of size K each round, and
(16)—(17) activate energy and latency limits only when a client is selected (xx ; = 1). The constants
ME and M are sufficiently large “big-M" values that render the constraints inactive when xg , = 0.

Remarks (MBRLFLI compatibility). In our proposal, Y (#) can be set to the meta-Bayesian pos-
terior mean (optionally risk-adjusted), while E (7) and 7% (#) come from the communication/computation
models. Solving (P1-LP) yields a deterministic top-K cohort under per-client budgets; the RL policy
can be viewed as learning a fast, online approximation to this selection under uncertainty and drift.

Compared with static, round-myopic selection, this MBRLFLI formulation: (i) learns to predict
contribution under regime shifts via hierarchical priors, (ii) optimizes long-term utility with explicit
energy/latency penalties, and (iii) preserves practicality by using measurable comm/compute signals
and safety filters for real-time operation on UAV/UGYV fleets.

4. PROPOSED FRAMEWORK: META-BAYESIAN RL FOR ADAPTIVE
CLIENT SCHEDULING

This section presents the complete framework of our Meta-Bayesian Reinforcement Learning (MBRLFLI)
scheduler for federated traffic intelligence. The design unifies (i) a hierarchical Bayesian contri-
bution predictor that adapts online to non-IID regime shifts with (ii) an energy-aware RL policy

that selects client cohorts under explicit energy/latency constraints.

4.1 Overview and Design Goals

Air—ground traffic monitoring exhibits non-stationary data (region/time-of-day/incident regimes),
heterogeneous devices (UAV/UGYV), and strict energy/latency budgets. Our goals are:

1. Adaptivity: track distribution drift via hierarchical priors and task conditioning.

2. Resource-awareness: schedule clients with explicit energy/delay penalties.
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3. Uncertainty usage: propagate predictive uncertainty into decisions.

4. Real-time feasibility: ensure light per-round overhead with safety filters.

Because we have limited room, the paper does not have a picture showing the process flow. Instead,
we give a written description, step by step, of the whole process, which includes getting data, using
Bayesian updating, scheduling with RL, predicting safety, and combining things, to explain all the
methods we used.

4.2 Two-Layer Architecture

Client layer (UAV/UGY). Devices perform on-device inference/learning, expose lightweight teleme-
try (battery state, CPU cap, SNR), and, when selected, run L local epochs to produce model deltas
AG; ;.

Server layer (MBRLFLI scheduler). Each round ¢: (i) update hierarchical priors and compute
contribution posteriors (u; ¢, 0, ); (il) form the RL state from Bayesian signals and comm/compute
costs; (iii) select the cohort S;; (iv) aggregate updates and refresh the global model.

4.3 Meta-Bayesian Contribution Predictor

We model the marginal contribution Y;(t) (e.g., expected loss reduction if client i participates at
round ¢) as a task-conditioned stochastic process. Let x; ; denote client/task features (region, time
window, data size, last-round loss, battery, SNR, etc.). A hierarchical Gaussian-process (HGP) prior

Yl([) | T~ gP(mT(x)’ kT(x’xl))7 (19)
(me, k) | ¢ ~ HyperPrior(¢), (20)

shares information across tasks 7 (e.g., region/time) via hyperparameters ¢. Online variational
updates yield per-candidate posteriors

P(Yi(t) | Z)l:t) ~ (Ui, Tiy)s 21

where y; , summarizes predicted utility and o, captures epistemic uncertainty. These summaries
enter the policy as risk-aware signals (e.g., upper/lower confidence scores ; ; +[50;.;).

The way of organizing Gaussian-process models in levels is chosen because it easily catches changes
that depend on the situation, like those that come from different areas, times in the day, or ways
of sensing. Even though thoroughly checking if it always works or how much it might fail is not
something we will do here, these leveled GPs have well-known math qualities—Ilike smooth results,
managing differences, and sharing info across tasks—that show they are good for changing client-
scheduling jobs.

4.4 RL Policy and Constraint Handling

The P1-LP setup shows the best possible goal for picking customers in a set way when considering
power use and delays. The learning-based planner works as a helpful way to estimate this goal while
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running. Its safety feature makes sure the same limits from P1-LP are followed, keeping the ideas
consistent between the plan and how decisions are actually made.

4.5 Energy-Aware RL Scheduling

We define the per-round state s, by concatenating Bayesian signals and measurable costs:

st= {0, B0, 10, B0, 75 (0),

N
battery; (), SNR;(¢), region/time context} - 22)

where, a; is a subset S; of size K (combinatorial).

So, the reward trades-off bettween accuracy, energy, and delay is defined as follows:

re = AcAAcc; — /IEZE,-(t) - /lDIiIé%XT,'(l‘). (23)
t

i€eS;
Also, the safety system shows possible actions within the allowed group:

Ei(t)SEmax, Ti(t)STmax, Vies,, |Sf| =K. (24)

4.6 Learning Loop and Closed-Form Interfaces

Communication and computation costs follow the standard models:

up
SEP (1)

up ’
r. (1)

up .
rl}lp(,) = W10g2(1 + L)zh’(t)) T;Jp(t) =
a

(25)
E{°™ (1) = piP (077 (1), (26)
CY°D; (1)
cal _ i
T7(t) = O
Ef(t) = kCY°Di (1) f2(1), (27)
7(t) = Lt (1) + 17°(1),  Ei(1) = LE™ (1) + ES™ (). (28)

These values are used for both the Bayesian qualities and the RL situation, making sure choices
are made with cost-informed. Algorithm 1 shows the MBRLFLI Scheduling per FL Round. In this
Algorithm, the HGP_U pdate function uses gradual changes to statistical guesses to refresh layered
Gaussian-process predictions using new info about the users. The Proj F tool makes sure things
are doable by putting any possible action onto the list of user choices that fit within energy rules,
time limits, and unchanging group size. These parts make sure planning stays steady and follows
rules.
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Algorithm 1 MBRLFLI Scheduling per FL Round

Inputs: global model Gtgk’b, candidate set C;, priors (¢;), budgets (Emax, Tmax)
Observe features x; , and costs (EC°™ (1), 7, (1), E€ (1), 7%)(1)) fori € C,
Meta-Bayes update: posterior (u; ¢, 0; ) < HGP_Update(¢;, D¢, Xir)
Form state s; from {(u; ;, 0y )} and cost telemetry

Sample provisional cohort S; ~ 7(- | s;) (actor)

Safety projection: S; «— Projgc(gt; Enax, Tmax, K)

Broadcast Btgh)b to S;; clients run L local epochs and return {A0; ;};es,
Aggregate: w, = A Y5, A0; ;; update Htgiolb = Htgbb + w;
Compute reward r, via (23); update critic/actor using (s;, S¢, ¢, Si+1)
Append new outcomes to Dy.,; update hyperparameters ¢,

R A A AT

._
4

4.7 Complexity and Deployment

Per round, MBRLFLI adds (i) incremental HGP updates on compact features and (ii) a forward
pass of the actor/critic with a safety projection. These are lightweight relative to model train-
ing/communication and scale linearly with the number of candidates. The framework supports
asynchronous participation and naturally integrates with OFDMA scheduling.

4.8 Incentive-Ready Interface

Because the meta-Bayesian layer outputs calibrated contribution posteriors, differentiated incentives
can be computed directly from (u; ¢, 0; ;) (e.g., risk-adjusted payments) without accessing raw data
or solving a separate heavy optimization. This preserves privacy while encouraging high-impact
participation.

S. EXPERIMENTS AND RESULT ANALYSIS

This section evaluates the proposed Meta-Bayesian Reinforcement Learning (MBRLFLI) client
scheduling framework using the Fashion-MNIST (F-MNIST) dataset [49]. The F-MNIST dataset
offers diverse image categories such as apparel and footwear, making it appropriate for simulating
non-IID data distributions encountered in real-world federated traffic intelligence scenarios. Dif-
ferent parts of roads might have different problems, traffic jams, or traffic behaviors. We can split
up customers using labels to copy this variety well.

Our method uses 80% of the data to train models locally on each customer’s device and 20% to
check the main model. We test our new MB-RL method against regular federated learning methods
to see how much better it is in accuracy, scheduling, and cost. The data shows MB-RL makes the
model work better when things change, power is limited, and data is different by learning how to
pick customers wisely. The meta-Bayesian layer makes scheduling much more stable by using past
data about how well things worked.
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5.1 Experimental Rationale

The goal of the tests is to see what the scheduling system does with different types of changing
data, not to recreate images of real traffic. This explains why Fashion-MNIST is only used to
create varied data groups, which is a standard practice in studies about federated optimization and
scheduling. The scheduler uses details like predicted uncertainty, loss values, energy consumption,
and communication delays, rather than picture content, so using this test data is still acceptable. At
a later time, actual traffic data will be implemented.

The way the test is set up uses a fairly big system to see how well the proposed scheduler works
using data that changes in ways we can easily understand and with not much available to use. This
is close to the ways things are normally done in studies that look at federated scheduling. More
thorough testing will be done later to more clearly show that the system can handle bigger loads.

5.2 Experimental Setup

We trained a multi-layer perceptron (MLP) model with two hidden layers using the Fashion-MNIST
dataset. The collection was spread out unevenly to copy differences in data between users. The
method of giving each user two unique parts of the collection was utilized for dividing the data,
just like in a previous study [S0]. In particular, we separated the entire dataset into 200 equal-
sized shards, each of which comprised data samples from a single label, after sorting it by class
labels. Next, two shards were assigned at random to each client. This reduced label diversity while
guaranteeing that each client had the same dataset size.

One hundred UAV clients were part of the federated learning environment. Five clients were chosen
for training in each communication round. This restriction on choices helps keep communication
overhead and energy use under check. TABLE 2, provides a summary of all simulation parameters,
including system setting and model training. The parameter a,, stands for the adjustment amount
that comes from the FLI system. In this work, it keeps the effect of contribution guesses steady on
calculations involving incentives and stops sudden changes in how rewards work.

Table 2: Experimental Configuration

Parameter Name Value

Dataset MNIST (non-1ID, 2 shards/client)
Clients 100

Model MLP (128,256)

Rounds 400

Local Training Epochs 3

Learning Rate 0.005

Batch Size 64

Incentive Budget R4 20,000

Pakcet size for calculating comm. Time and Energy | [64, 512]

Contribution Adjustment Coefficient 8 0.01

ar, € (0,1) 0.75

Ac, Ag, and Ap 0.8,0.1, and 0.1

Framework PyTorch + SimPy

Baseline FLI[39]

Metrics Accuracy, Loss, Energy, Delay, Cost
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To guarantee steady convergence throughout training, we employed a learning rate of 0.005. Every
chosen client used three epochs every round to train its local model. This figure provided a trade-
off between model accuracy and processing load. The amount of samples per gradient update was
regulated by the batch size; larger batches increased speed but may have an impact on generalization.
To limit the overall amount of rewards given to clients in each round, an incentive budget was
established. The way incentive payouts were influenced by client performance was controlled by the
Contribution Adjustment Factor. In order to replicate actual or hypothetical network conditions that
impact model upload costs, communication time and energy characteristics were also incorporated.
We conducted comparative studies with the baseline approach FLI [39], to evaluate the effectiveness
of our suggested scheme.

5.3 Baseline Selection Justification

This research looks at how well the system changes customer scheduling instead of comparing
different ways to combine things. The FLI way is picked as the main thing to measure against
because it has similar ideas about using data and rewards, which fits with what we are trying to do.
Ways like FedAvg, FedProx, and q-FFL mostly deal with how to combine information, so they do
not really test how good the scheduling is. We plan to include them in more tests later on.

5.4 Results and Discussion

- FLI + FU —
MBRLFUI “5L~ MBRLFL | | —— MBRLFU
08
2.00 1

IF e R
4 ‘w
A WWW«*

200 EY 100 150 200
Round Round

%
(a) Accuracy vs. Round (b) Post-training loss vs. round. (c) Accuracy vs. incentive cost.

Figure 2: Comparison of the accuracy, loss, and cost characteristics of the MBRLFLI and FLI models.

FIGURE 2a, sevaluates the training accuracy of the FLI and MBRLFLI algorithms on the non-
IID F-MNIST dataset over 400 federated learning cycles. The baseline FLI model [39], exhibits
minimal generalization under diverse clients, rising progressively until approximately round 60,
then stabilizing between 0.60 and 0.70 accuracy. MBRLFLI, on the other hand, climbs more sharply
in the early rounds, topping 0.80 accuracy by round 50 and continuing to converge steadily above
0.85 after round 100. Smaller changes in later stages show that the rules were better adjusted
and that learning happened evenly for different types of customers. This trend shows that using
a mix of general learning with reward-based planning makes things come together more quickly
and dependably than just using basic general learning.

FIGURE 2b, shows the loss after training for MBRLFLI and FLI [39], across 400 times the federated
process was completed. The FLI comparison group constantly loses value even after lots of training,
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but stays above 1.0, showing it takes longer to balance out and has more mistakes. On the other
hand, MBRLFLI drops more quickly and steadily, going under 0.5 after the first 100 times and
staying stable after that. This steady drop reveals how the model can change which clients are
picked by using meta-Bayesian changes and reinforcement learning, leading to quicker balance and
better optimization. The obvious gap between the two lines proves MBRLFLI works better than the
comparison in getting to a lower stable loss and balancing out faster.

FIGURE 2c, shows how the total cost of incentives relates to how well the training works for both
FLI[39], and MBRLFLI. The standard FLI gets better at training as the incentive cost goes up, but
then it stops improving at 0.65, which means using incentives to make the model better does not
work very well. On the other hand, MBRLFLI trains with over 0.85 accuracy while still costing
much less in total. This study makes clear that the meta-Bayesian reinforcement setup gives out
rewards in a better way by picking clients who help the learning improve more. The big jump in
training quality without much cost shows that MBRLFLI can give a better balance between cost and
training quality compared to how FLI used to work, all while keeping an eye on both performance
and how well the money is spent.

12{ % FU
MBRLFLI

MBRLFLI

round " o
(a) Average delay vs. round. (b) Average energy vs. round.

Figure 3: MBRLFLI and FLI models’ performances in terms of energy and delay metrics.

FIGURE 3a, shows how long each communication step took on average for FLI and MBRLFLI over
400 steps. Both ways have times that change because of different internet connections from clients
and time spent computing, but MBRLFLI usually has a little less waiting time for most steps. By us-
ing smarter ways to pick clients with better internet speed and steadier response times, MBRLFLI’s
ability to adjust using reinforcement learning makes the wait times less variable. Compared to FLI,
which sometimes has really long wait times, MBRLFLI keeps the waiting time steadier without
losing correctness. This means communication works better and different client setups are handled
better in the federated setting.

FIGURE 3b, exhibits the average energy consumed during 400 training rounds for FLI and MBRLFLI.
Similar fluctuations are observed between the two algorithms, which are linked to changes in client
device usage and communication expenses during each cycle. MBRLFLI consistently maintains a
lower average energy usage than FLI, indicating greater energy efficiency under changing consumer
conditions. MBRLFLI’s adaptive reinforcement policy is responsible for this advancement, as
it selects clients based on both expected learning benefit and energy cost. By taking this into
account, MBRLFLI offers a more favorable balance between computational efficiency and model
performance, making it ideally suited to energy-conscious federated learning in real-life situations.
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Figure 4: Final 50-round comparison for energy, delay, accuracy, and mean cost.

FIGURE 4, compares the performance of FLI and MBRLFLI across four metrics, averaged over
the last 50 training rounds using the F-MNIST dataset. With a mean accuracy of 0.8447 compared
to FLI which was 0.7009, MBRLFLI’s classification accuracy is enhanced by 20.5%. In terms
of energy efficiency, MBRLFLI uses less energy on average: 0.2853 versus 0.2936 for FLI. Fur-
thermore, MBRLFLI has a lower average latency (0.5888) than FLI (0.5977), suggesting better
responsiveness. Most significantly, under MBRLFLI, the mean cost drops by more than 80% from
14.7550 under FLI to 2.9219. These results indicate that MBRLFLI is more suitable for resource-
constrained federated learning contexts because to its superior performance in terms of accuracy,
energy usage, latency, and total cost.
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Figure 5: Mean cost per interval: MBRLFLI consistently reduces cost by ~80%.

FIGURE 5, compares FLI and MBRLFLI performance over grouped training rounds using four
metrics: energy, delay, accuracy, and cost. In every round range, MBRLFLI performs better than
FLI in terms of accuracy; it starts at 0.624 in the early rounds and reaches 0.845 by the end of the
range, whereas FLI only reaches a top of 0.732. Overall, MBRLFLI results in slightly lower energy
and delay values, suggesting modest but consistent gains in resource efficiency. Cost reduction is
significant at all points, with FLI being between 14.39 and 15.57 and MBRLFLI remaining between
2.92 and 3.14. However, the former value remains unchanged. The regular margins indicate that
MBRLFLI offers long-term improvements in precision and effectiveness.

Table 3: Final 50-Round Performance Summary

Metric FLI[3S] | MBRLFLI | Improvement
Mean Accuracy 0.7009 0.8447 +20.5%
Mean Loss 1.12 0.56 -50.0%
Avg Delay 0.5977 0.5888 -1.5%
Avg Energy 0.2936 0.2853 -2.8%
Mean Cost 14.755 2.922 -80.2%
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In TABLE 3, the proposed MBRLFLI scheme and the basic FLI approach after 50 rounds are
presented. According to the data, MBRLFLI performs exceptionally well, with an average accuracy
increase of 20.5% and an overall loss reduction of 501%. This results in improved model learning
and a stable state of equilibrium when things are not consistent. The amount of time taken remains
roughly the same, but it tends to improve by 1.5%, indicating that the RL tool does not cause
any slowdown. MBRLFLI reduces power consumption, resulting in an average saving of 2.8%
because it selects clients that are resourceful. MBRLFLI’s biggest change is in the overall cost,
but it still manages to save 80.2% by planning ahead and deciding on power limits. The proposed
setup significantly improves the accuracy of things and the efficiency of resources compared to the
standard method, as evidenced by the data.

6. LIMITATIONS

The limitations of this work will determine how we proceed in the future. How will that be achieved?
While the process of cutting out parts and examining their effects is informative, this one requires
minimal computer processing power due to the need for multiple training setups. Therefore, it is
not included. The writing explains the roles of the different parts, including their special layer that
uses past knowledge, their system that learns from rewards and their safe mechanism, all of which
are intended to be fully tested later by cutting them off.

The system that organizes tasks uses data points such as device power usage, processing require-
ments, expected errors, and signal time to facilitate its use with diverse data collections. While this
setup can be used for any data collection, future studies must consider testing the system with real
time and location data from transportation.

Because we had limits on computer power, all tests are shown as results from just one try. Even
though this way is good enough to show how the scheduling acts and what the results tend to be,
later studies will use many tries to look at changes and check if the results are real.

In the end, the review has just one standard model (FLI), picked because it is like the suggested
model in basic ways. In the future, tests that use more standard federated learning models will be
added to make the proof stronger.

7. CONCLUSION

In this paper a meta-Bayesian reinforcement framework for adaptive client scheduling in federated
traffic intelligence called MBRLFLI was presented. By combining predictive uncertainty modeling
and reinforcement optimization, MBRLFLI improves the accuracy—cost ratio. The MNIST results
show a significant improvement over FLI. Both cross-domain transfer and asynchronous scheduling
are used. In future work, we will study the performance of using real traffic datasets. In the Future
Work, the evaluation on real traffic datasets, integration of temporal traffic models, multi-UAV
coordination, and asynchronous federated scheduling will be studied.
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