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Abstract—In this paper, we propose a novel cooperative-
enabled communication and learning optimization (CCLO)
scheme to resolve the delay-trajectory-accuracy trilemma for
non-independent and identically distributed (non-IID) data miti-
gation in UAV-assisted federated learning (FL) for IoT networks.
Specifically, we design a tri-modular framework that syner-
gizes dynamic blocklength allocation, energy-aware trajectory
planning, and reliability-driven weight adaptation. We derive
a convex reformulation of the error probability minimization
problem by exploiting temporal coupling between UAV mobility
and blocklength allocation, enabling real-time adaptation to
channel dynamics via the golden section algorithm. Then, we
develop a successive convex approximation (SCA)-based trajec-
tory optimizer with novel convex relaxations to address non-
convex collision avoidance and energy constraints. By introducing
auxiliary distance variables, we decouple spatial and spectral re-
source dependencies, achieving Pareto-optimal paths that balance
flight energy and latency. We investigate decentralized weight
coordination through a block-coordinate Gauss-Seidel algorithm,
dynamically aligning aggregation weights with channel success
probabilities and local model divergence metrics to counteract
stochastic packet losses. The closed-loop interaction among tra-
jectory planning, blocklength allocation, and weight adaptation
together ensures FL convergence while mitigating non-IID data
skew and resource constraints. Simulation results demonstrate
that the CCLO scheme significantly reduces communication delay
and improves model accuracy by 18.9% compared to bench-
marks. It also maintains robust convergence under time-varying
wireless channels and diverse device distributions, validating its
efficacy in harmonizing the trilemma for UAV-cooperative FL-
IoT systems.

I. INTRODUCTION

HE widespread deployment of Internet of things (IoT)

devices has led to the increased adoption of federated
learning (FL), which allows collaborative model training to be
performed while data privacy is preserved [1]-[3]. However,
data heterogeneity across IoT devices is observed to degrade
model convergence and accuracy. This non-independent and
identically distributed (non-1ID) characteristic of data is often
associated with model overfitting and inconsistencies in the
FL global model performance [4], [S]. Recent studies suggest
using unmanned aerial vehicles (UAVs) as mobile relays to
address these issues in FL deployment, with their spatial mo-
bility aiding in data diversity and improving communication
and learning efficiency by adapting to real-time conditions [1],
[6]. While UAV-assisted FL offers promise, cooperating UAVs
with ground devices introduces complex tradeoffs among com-
munication delay, trajectory energy costs, and model accuracy.

The interdependence of these variables—where minimizing
delay increases energy consumption, while trajectory adjust-
ments impact channel states and aggregation weights—Ileads
to a high-dimensional, non-stationary optimization landscape
requiring joint convex reformulation and distributed coordina-
tion. Existing works often address subsets of this issue: for
instance, [7] optimizes UAV paths to minimize latency but
overlooks energy constraints, while [8] balances energy and
accuracy but assumes static channels.

However, resolving this trilemma necessitates addressing
three interconnected challenges rooted in the interdependence
of mobility, channel dynamics, and distributed coordination.
The first challenge lies in time-varying channel-state coupling,
where optimal blocklength allocation must adapt to dynamic
channel conditions induced by UAV mobility and fading
effects. Traditional methods for latency reduction in UAV-
assisted networks predominantly rely on static resource alloca-
tion strategies, such as fixed power distribution or bandwidth
partitioning, which often fail to adapt to dynamic channel
conditions. In addition, conventional blocklength allocation
methods, which were designed for quasi-static channels, are
not efficient for the rapid signal-to-interference-plus-noise
ratio (SINR) variations that are caused by UAV movement.
These variations can be observed when Doppler effects in-
terfere with channel estimation or when line-of-sight (LoS)
connections are repeatedly interrupted, resulting in inconsis-
tent packet transmission [9]. To overcome these limitations,
real-time blocklength adaptation mechanisms are essential to
ensure communication reliability for FL updates, bridging the
gap between theoretical channel capacity and practical UAV-
assisted FL deployment.

The second challenge arises from the energy-delay-accuracy
trilemma under non-convex mobility constraints. The op-
timization of UAV trajectories requires balancing multiple
objectives: flight energy consumption must be minimized,
communication latency must be reduced, and data diversity
must be maximized to address non-IID data distributions [10].
Dynamic path adjustments are implemented to balance spatial
data coverage and energy efficiency. More aggressive flight
paths provide better data representation but consume more
battery power, while more conservative routes are observed to
increase transmission delays and potentially introduce model
bias [11], [12]. Moreover, to address non-IID data distribution,
UAVs must be deployed across diverse device clusters for
balanced local dataset representation. However, these extended
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coverage paths are associated with increased energy con-
sumption and communication delays. Prior works like [13]
employ deep reinforcement learning (DRL) for energy-aware
path planning but ignore latency-accuracy interdependencies.
Thus, it is necessary to produce a holistic approach to jointly
optimize trajectories with energy budgets, channel dynamics,
and FL convergence thresholds.

The third challenge involves the stochastic correlation be-
tween aggregation weights and communication reliability in
distributed UAV-assisted networks. FL performance depends
on both data quality (local model accuracy) and update
delivery reliability. For instance, UAV mobility combined
with dynamic interference patterns can result in unpredictable
reduced data reliability, hence causing significant discrepan-
cies between local updates and the aggregated global model.
Biased weighting schemes—such as those ignoring packet loss
rates [14] —amplify model divergence, while decentralized
coordination without synchronization risks update staleness
[15]. The FedProx method [16] incorporates a proximal term
to limit divergence in heterogeneous environments. Control
variates are utilized by the SCAFFOLD method [17] to
reduce client drift. Additionally, local updates are normalized
by the FedNova method [18] to address gradient staleness
and objective inconsistency issues. Although these approaches
significantly improve convergence rates with non-IID data
and irregular participation patterns, they operate under the
assumption of flawless data transmission and consequently
remain susceptible to packet loss in wireless networks. Novel
mechanisms are required to dynamically adjust weights based
on real-time channel states and model utility, ensuring robust
aggregation in presence of intermittent connectivity.

In this paper, we focus on resolving the intertwined chal-
lenges of communication delay, UAV trajectory, and FL. model
accuracy in UAV-assisted FL for IoT networks. We propose a
cooperative-enabled communication and learning optimization
(CCLO) scheme, which is a tri-modular framework that syner-
gizes dynamic blocklength allocation, energy-aware trajectory
planning, and reliability-driven weight adaptation. The three
modules exchange parameters accordingly: the dynamic block-
length optimization module feeds channel-adaptive block-
lengths to the UAV trajectory optimization module, which
uses these to compute energy-minimal paths. The resulting
reliability metrics and communication error rate are then
relayed to the local update weight adjustment module, which
dynamically tunes aggregation weights based on both link
reliability and local model divergence metrics. This closed-
loop interaction ensures FL convergence while balancing non-
IID mitigation. The primary contributions are threefold.

« First, we investigate the temporal coupling between UAV
mobility and blocklength allocation, deriving a convex
reformulation of the error probability minimization prob-
lem. By exploiting the concavity of the composite func-
tion and leveraging the golden section algorithm, we
achieve real-time blocklength adaptation that reduces the
retransmission overhead.

e Second, we develop a successive convex approximation
(SCA)-based trajectory optimizer with novel convex re-
laxations for non-convex collision/energy constraints. By

introducing auxiliary distance variables, we decouple spa-
tial and spectral resource dependencies, enabling Pareto-
optimal trajectories that reduce energy consumption while
maintaining pre-determined thresholds.

o Third, we investigate decentralized weight coordination,
where dual variables are computed via bisection to en-
force reliability-aware aggregation. This mechanism re-
duces model divergence under stochastic packet losses by
aligning weights with both channel success probabilities
and data quality metrics.

II. LITERATURE REVIEW

Various schemes have been investigated to address the
challenges of cooperation-based communication and learning
optimization in UAV-assisted networks. While existing works
provide valuable insights into individual aspects of these prob-
lems, critical gaps remain in addressing the inherent interde-
pendencies among channel-state variations, energy constraints,
and model aggregation complexity.

Recent advancements in adaptive blocklength optimization
have demonstrated promising approaches to mitigate latency
in UAV-assisted networks. Cheng et al. proposed an adaptive
blocklength optimization framework using proximal ADMM
and deep Q-learning to balance transmission and queuing
delays, minimizing latency in wireless communication [19].
An achievable rate formula for finite blocklength transmission
was introduced for maximizing weighted sum rate, energy
efficiency, and user fairness in uRLLC systems [20]. Liu et
al. formulated a joint optimization problem for UAV-assisted
transmission, optimizing UAV power and trajectory to maxi-
mize secrecy rate while addressing covert communication con-
straints using alternating optimization and SCA [25]. Although
adaptive transmission strategies offer significant improvements
in terms of blocklength optimization, they generally rely on
idealized assumptions, such as perfect CSI estimation and pre-
dictable UAV mobility. In highly dynamic environments, such
as those involving rapidly changing interference conditions,
these solutions often struggle to maintain reliability.

Trajectory optimization to minimize communication latency
often leads to conflicts with energy consumption and FL con-
vergence requirements, especially when the UAV must make
aggressive trajectory adjustments to improve data distribution.
Studies [21] have proposed genetic algorithm (GA) and suc-
cessive convex approximation (SCA) methods for UAV trajec-
tory planning, addressing data collection, obstacle avoidance,
and energy constraints. However, the non-convex nature of
UAV mobility complicates optimization, as minimizing latency
often conflicts with energy and FL convergence deadlines.
Qin et al. [22] tackled energy-efficient trajectory optimization
using Lyapunov optimization, but aggressive adjustments can
deplete UAV battery resources and exacerbate non-convexity,
leading to inefficient resource utilization.

Beyond physical layer and mobility challenges, the in-
herent data heterogeneity in UAV-assisted FL systems intro-
duces fundamental barriers to reliable model convergence.
Algorithm-centric non-IID mitigation approaches such as
FedProx, SCAFFOLD, and FedNova [16]-[18] reshape the
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TABLE 1. Comparative positioning of representative prior works versus the proposed CCLO framework.

Category / Representative Work | Traj. | Rate Adapt. | Res. Alloc. | R-C | Non-IID | M-Domain | BL Explicit | RW
Adaptive blocklength & latency (e.g., [19], [20]) - v (0] NR - - v -
UAV path / energy optimization (e.g., [21], [22]) v - (6] NR - - - -
Non-IID FL algorithms (e.g., [16]-[18]) - - - NR v - - -
Reliability / packet-loss aware FL (e.g., [23], [24]) - (0] - (6] - - (0] (0]
CCLO (this work) v v o V'(closed loop) | v/ (RW) v v v

Note: v'= explicitly addressed; — = not addressed; O = indirectly / partially addressed; FB = finite-blocklength considered; NR = addressed without explicit
reliability—convergence coupling; RW = reliability-aware weighting; M-Domain = Joint Multi-Domain (Traj+BL+Weight); R-C = Reliability-Convergence

Coupling.

optimization dynamics via proximal regularization, control
variates, or normalized updates. Specifically, Li et al, extended
FedAvg by adding a proximal term to stabilize training and
improve convergence in heterogeneous federated networks
[16]. Karimireddy et al. introduced control variates to mitigate
client drift, enhancing convergence speed under non-IID data
distributions [17]. Wang et al. proposed normalized update
aggregation to fairly combine client updates despite varying
local computation and data heterogeneity [18]. However, the
challenge remains in balancing both data quality and commu-
nication reliability, as biased weight adjustments can destabi-
lize FL convergence, leading to inconsistent model updates
across UAVs and devices. Distributed systems that operate
without centralized synchronization often suffer from delays,
hindering real-time model improvements and convergence.
Research on reliability-aware and packet-loss mitigation in
FL [23], [24] systematically analyzes how stochastic trans-
mission failures and device unavailability affect convergence
performance. Xiang et al. [23] modeled packet loss proba-
bilities in FL over unreliable mobile edge networks, linking
them to convergence performance. Balasubramanian et al. [24]
addressed reliability-aware federated learning by incorporat-
ing probabilistic participation and fault-tolerant scheduling
mechanisms in time-sensitive networks, analyzing the effect
of stochastic node failures on convergence. These studies
introduce probabilistic participation models and establish con-
nections between reliability metrics and scheduling protocols.
However, these approaches focus on scheduling mechanisms
rather than developing comprehensive bounds based on finite-
blocklength, which could enable continuous joint optimization
of both communication parameters and aggregation strategies.

While significant progress has been made in blocklength
optimization, UAV trajectory planning, and distributed model
aggregation, these approaches remain limited when imple-
mented in the dynamic environments of UAV-enabled com-
munication systems. Questions remain open regarding time-
varying channel-state relationships, the balance between en-
ergy, delay, and accuracy requirements, and the statistical pat-
terns in distributed federated learning environments. Through
these investigations, explicit trade-offs between latency, en-
ergy consumption, link reliability, and statistical drift can be
established, enabling the networking layer to directly influence
learning dynamics in these systems. In this paper, our target is
to optimize communication efficiency, ensure reliable model
convergence, and balance resource allocation while consider-
ing the dynamic and unpredictable nature of the system. Please
refer to Table I for comparison details among the existing

works and the proposed CCLO scheme.

III. SYSTEM MODEL
A. Network Model

As shown in Fig. 1, the network is composed of three key
components: a base station (BS), M IoT devices and N UAVs.
Denote by D the IoT devices subset and U the UAVs subset,
collectively forming the disjoint set S,y £ DU U, where the
number of elements in Say is ¢(San) = M + N. The BS is
equipped with a central server (CS) c, which is responsible
for aggregating model updates and refining global model
parameters during the federated learning process. Additionally,
the BS incorporates a laser-based energy harvesting system
1, which wirelessly powers the UAVs. Note that downlink
transmissions from the BS are assumed to be error-free due
to its high transmission power. IoT devices are equipped with
sensors and data acquisition systems to gather diverse types
of data from their environments. FL local model training
is performed by the devices using the collected data. The
UAVs collect and process data from their flight trajectory,
updating their own model parameters. These UAV-updated
parameters are shared with the paired IoT devices. UAVs act as
cooperative nodes between IoT devices and the BS, bridging
the communication gap in scenarios where direct device-
to-server (D2S) communication is unreliable. They facilitate
device-to-UAV (D2U) and UAV-to-server (U2S) transmissions,
overcoming connection challenges.

In the FL process, IoT devices, the BS, and UAVs collabo-
rate to exchange and refine model parameters, constructing a
globally optimized model. When link quality deteriorates due
to factors like distance or interference, the UAV is deployed as
a cooperative node to ensure reliable communication. Denote
by {(i,7) € P|1 <i < M,1 < j < N}, the cooperative pair
between IoT device ¢ and UAV j. In such cases, IoT devices
transmit only local information and model updates to the UAV,
which then adjusts its trajectory to optimize the FL process
and transmission performance. The UAV also shares updated
model parameters, derived from its trajectory data, with the
paired IoT devices to enhance overall efficiency.

B. Communication Model

In a three-dimensional (3D) Cartesian coordinate system,
IoT device i is positioned at pi, = (z{,yi,,0), representing
its location on the horizontal plane with zero elevation. The
laser transmitter is situated at p! = (!, 3!,0), while the CS,
which performs model aggregation and parameter updates,
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Fig. 1. Network Model.
is located at p¢ = (2,4, 0). These positions establish the
spatial layout of the network, enabling precise modeling of
communication links, power transfer mechanisms, and col-
laborative interactions within the system. At the time instant
t € {1,...,T}, the UAV j operates at a fixed altitude
H > 0 and executes horizontal movement within the network.
Denote the UAV trajectory position projected on the horizontal
plane as quay[t] = [2la[t], Yav[t], H]T € R3*1, where ziqy[t]
and yi,y[t] represent its horizontal coordinates at time ¢, and
H remains constant to ensure stable flight dynamics and
predictable communication patterns. The UAV’s trajectory is
characterized by its initial position (x{ay[0], 4tav[0], H) and
final position (@i [T, yiav|T], H). These positions are crucial
for optimizing the UAV’s flight path to maximize communi-
cation reliability, reduce latency, and enhance the efficiency of
the overall federated learning process. The distance between
the UAV j and the laser transmitter at time ¢ is dil [t] =
(|latav[t] — PY|> + H?)Y/2. Similarly, the distance between
the UAV j and the CS at time ¢ is d[t] = (||qlut] —
p¢||? + H?)'/2. The velocity of UAV j at time ¢ is defined
as: ||VﬂaV[t]” = (|‘qi]1av[t + 1] - qflav[tm)/Altmv’ Where Altlav
represents the time duration during which the UAV changes its
position. The UAV’s velocity is constrained by its maximum
allowable velocity, Vinax, such that: [|[viw[t]]] < Vinax. The
model parameters generated by loT devices and UAVs are
encapsulated in data packets of size Ly bits, with their
transmission required to be completed within the maximum
allowable duration, denoted as 7,,,, seconds. The total block-
length is Mo = B XT1nax, Where B is the wireless bandwidth.
The expression ensures that the transmission adheres to the
timing constraints of the network. The packet error rate (PER),
€, is a critical metric that quantifies the likelihood of unsuc-
cessful data delivery due to channel impairments which can

=Q(n2,/ m) (logy (1 +7 — £4))),
where [ denotes the blocklength, ~y is the signal-to-noise ratio
(SNR) at the receiver, and Q(-) is the Gaussian Q-function.

The Q-function, Q(a) = \/%I:O e’t2/2dt, measures the

Local Model

Global Model

be calculated as €(7,1)

tail probability of a standard normal distribution [26], [27].
Additionally, T'(y) = 1 — (1+ v)~2 is used to model the
wireless communication channel variability, accounting for the
relationship between SNR and the blocklength.

The communication between an IoT device ¢ and an UAV j
at time ¢ is modeled as a Bernoulli random variable 73" (t),

where <pD§U( ) = 1 indicates a successful transmission, and
@p30(t) = 0 represents a failed transmission. The proba-

bility of a successful transmission at time ¢ is denoted by
P (o1 102011) = 1= e (5 [£], 122U[f]), where 1291
spec1ﬁes the blocklength allocated to the D2U link at time ¢
and ; ;[t] is the SNR for the communication link between
IoT device i and UAV j. Here, v; ;[t] = pP3"[t]hi [t], where
p?zU[] represents the transmission power allocated to the
D2U link, and h; ;[t] is the channel gain depending on the
distance between IoT device ¢ and UAV j, as well as the
altitude of the UAV. If the UAV lies outside the IoT device’s
communication range, we have P;'7(-) = 0. Specifically, in
scenarios involving UAVs, the wireless channel is influenced
by both LoS and non-line-of-sight (NLoS) conditions, as well
as dynamic environmental factors, which can be defined as

hi;[t] = 50. ceMlawltl-pal (1)
— Piol* + H?

| qﬂav [t]

where the exponential term e Al captures additional
attenuation over longer distances due to NLoS effects and
environmental factors, By is the channel power gain at a
reference distance dy = 1 meter, |qluw[t] — PL,| is the
horizontal distance between the 10T device ¢ and the UAV
J at time ¢, x is the environmental attenuation factor which
accounts for signal degradation due to NLoS conditions,
obstacles, or atmospheric absorption. Note that, by tuning
K, the model can adapt to varying wireless environmental
conditions. Assume that the success probability for the U2D
transmission is equivalent to that of the corresponding D2U
link, such that P;"(-) = P}’{(-). Denote by ¢; c(t) a Bernoulli
random variable, where chZC(t) = 1 indicates a successful
transmission with @Uzc(t) = 0 for failure communication
between UAV j and CS at time t. The success probability
is given by P3¢ (v;,c[t], [72C[t]), where v, c[t] = pfc[tlhj c[t],
pyic[] is the transmission power for U2C communication.
For notational simplicity, we use P;'; to represent the success

probability P (v; ;[2], 172V []). whlle P denotes the success
probability P;“g (j,elt]; 1 }inc[ t]) fora dlrect U2C transmission.

The energy consumed by UAV j for communication at time
t comprises the energy for U2D communication and U2C
communication, which can be expressed as

. 1
Eri[] = ) Py ¢ i [t AP
(,i)EP My
1
+77 Py tGtIAC, Ve {l,....T}, ()
7,C

where 7);; and 7); . represent the RF chain efficiency, p§3P[t]
and pUZC[ | are the transmission power for U2D and U2C com-
munication, AY?P and AY2C denote the transmission duration
for U2D and U2C communication, while (;,[t] and (; c[t]

capture the environmental effects influencing communication
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energy consumption, such as atmospheric attenuation, channel
fading, and interference. To incorporate environmental vari-
ability, ¢; ;[t] and ¢ c[t] can be explicitly defined as
1 1

el = i O
where g;;[t] and g; c[t] represents the atmospheric attenua-
tion factor, which depends on conditions such as humidity,
temperature, and air pressure.

3)

In addition to communication energy, the UAVs expend
significant energy for propulsion, which depends on their
velocity during flight as well as environmental factors. The
energy required for propulsion at time ¢ is formulated as:

Er! 1] =r |[vig []]” + Aa llas [1]]1?
+ Ao llw[t]]? Ve {1,....T}, (4)

where a;[t] is the UAV’s acceleration vector capturing the
energy required for speed changes or maneuvering, wlt] is
the wind vector accounting for the impact of environmental
wind resistance, k = 0.5, A; with p,, denoting the total mass
of the UAV including its payload, and A; being the time slot
duration, A, and \,, are proportionality constants reflecting the
energy consumption contributions from acceleration and wind
resistance, respectively. The total energy consumption of a
UAV j is the sum of its communication and propulsion energy,
expressed as Er§[t] = Erj[t] + Er;[t}, vt € {1,...,T}. For
the laser transmitter, it is assumed to operate with a constant
transmit power denoted by p' > 0. The UAV is modeled
to harvest energy from the laser transmitter’s link, ensuring
continuous power supply during its operation. The received
power at the UAV at time ¢ is

Ar-Q; —di!
Salt] = At el ()
(5+ali1a0)
where ¢ € {1,...,T}, S is the initial diameter of the laser

beam at the transmitter, {2, denotes the optical efficiency
of the combined laser-based harvesting system 1 and UAV
4, A0 is the angular spread of the laser beam (measured in
radians), Ar corresponds to the area of the collection lens
at the UAV receiver, « is the attenuation coefficient of the
medium (measured in m~1), dail [t] is the distance between 1
and j at time ¢. Specifically, the term Ar - (S + di\[t]A0) 2
reflects the geometric spread of the laser beam as a function
of the distance dﬂjalv[t], capturing the relationship between
laser intensity and beam divergence. To model the UAV’s
energy harvesting, a constant efficiency factor wg; € (0,1) is
introduced, representing the fraction of received laser energy
converted into usable electrical energy. The harvested laser
energy at time ¢ is

Er;-1 [t] = wErR;l[t] |
N At (wErAer,l)ple_adﬂ;vl [t]
= , 2
(5 +alh[a0)

The attenuation coefficient « is assumed to be negligible
(a < 1075 m™') under clear-air optical transmission with
a link distance dJ[t] < 1 km. In this regime, e—odinltl ~
1 —di} [t], resulting in < 0.5% attenuation. Therefore, the

. Vte{l,...,T}. (6

dominant factor influencing R? ,[t] and Er;-’ [t] is the geometric
term (S + di\[t]A0)~2, which characterizes the inverse-
square law of beam divergence. Since the angular spread
A0 is typically very small, and the laser’s transmit power
p! is relatively high, the decline in harvested energy Er;‘ [t]
as the distance dﬂ;}v [t] increases occurs at a much slower rate
compared to RF energy harvesting scenarios. To ensure that
the UAV j maintains sufficient battery levels, the following
laser energy harvesting constraints are imposed:

T T
Cer < Erf™ 4 Z Erl[t] — Z Er§[t] < Erj, (7)

t=1 t=1
where Erijnit € [Cer,Erj] is the initial state of charge, Er;

represents the UAV’s energy capacity, denoting the maximum
storage capability of its battery. It is assumed that the UAV
is fully charged at the start of its mission. Denote by (g a
minimum energy threshold that must be maintained through-
out the flight to ensure the UAV has sufficient reserves for
emergencies. This constraint accounts for the balance between
the harvested energy Er? [t] and the energy consumed during
operation Er{[t].

To streamline the analysis and simplify the formulation of
the energy harvesting constraint, an auxiliary variable bj™ [t]
is introduced to enable a generalized representation of energy
harvesting that is independent of the specific UAV trajectory,
satisfying the conditions b3™[t] > |aqiw[t] — P'||* + H?,
where bi"*[t] is the squared distance between the UAV and
the laser transmitter at time ¢. Using this auxiliary variable,
the cumulative harvested energy up to time 7' is expressed as:

FS* (b3™) =Er!'[1]
_ ET: Ay (wgArQ )ple bl
(S + /b (] A)?

Similarly, to streamline the notation for the energy consump-
tion, another auxiliary variable G;“(qﬁa\,) = 23:1 Er} t].

®)

t=1

C. Federated Learning Model

In the FL network, each network node m € S.pu’, is
associated with a local dataset D,,. Denote by ¢(D,,) the
number of elements in D,,. The loss incurred by a model
parameter vector v,,, € R*€ on a data sample s,,, is denoted
as [ (Vm, Sm), where £ specifies the dimension of the model
parameters. The local loss function at network node m is

formulated as:

1
£m ('Um§Dm) = 7~

D) > fnmsm), )

Sm €Dy

representing the average loss over the dataset D,,,. The primary
objective of FL is to minimize the global loss function by
determining the optimal parameter vector v* € R'*€. The

ITo refer to an arbitrary network node without committing to its type, we
use the generic index m € S,y drawn from the union set Sy £ D U C.
This convention is used to represent FL data transmission between any two
nodes through ordered pairs (m,n), where m # mn. Specifically, not both
nodes are IoT devices, =(m € D A n € D). For link-level quantities, we
denote a successful transmission from m to n at time ¢ as @m n (t), with
the corresponding probability P7.¢,. In contrast, when discussing a specific
communication link, we use ¢ to refer to IoT devices and j to refer to UAVs.
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global loss function is defined as the average of the local loss
functions across all devices:
c(San)

X .
v}, £ argmin———— E L (Vm; D) .
1)
el

’UGRIXKC a

(10)

In this work, the FL process operates in two main stages: local
training on devices and global aggregation at the central server.

1) Local Training Phase: Each device m refines its lo-
cal model parameters by minimizing its local loss function
Ly (Vm; D). The local parameter updates are performed
iteratively over maximum K steps. Devices rely on stochastic
gradient approximations g,,(v,,). At the k-th local iteration,
the %)arameters of device m are updated with v(t k1)
vmk (t, k)), where 'u,(n o) is the local model pa-
rameters of node m at time ¢t of the k-th iteration, and (;
is the learning rate at time t. In the considered scenarios,
the learning rate, (;, must adapt to additional factors such as
device heterogeneity, communication variability, and resource
constraints, as

G = c(San) . ) » (b
Ve S B (g, (02— pi2) + A
where (y is the initial learning rate, A is a small
positive Constant used to prevent division by zero,

[C(sa“) Z Sett) (|| g (vl (R 12)]1/2 accounts for the magni-
tude of gradients across all devices, introducing adaptiv-
ity to the learning rate based on the gradient variabil-
ity. In FL, devices often have non-1ID data, causing sig-
niﬁcant gradient variability We introduce the term p, =
c(sﬂn) Z au) [lgm (v,,tL k))H to adress this, which is the mean
gradient magnitude across all devices. This modification ac-
counts for the gradient variance, which reflects data hetero-
geneity across devices. A higher variance results in a lower
learning rate to ensure stable convergence. In addition, energy
constraints are another critical consideration for edge devices
in federated learning. The term Er,,, is the available energy at
device m and Erp,x is the maximum energy budget across
all devices. Thus, Eq. (11) ensures that the learning rate
dynamically adjusts to device-level variability, communica-
tion constraints, and energy availability, enabling robust and
efficient federated learning in real-world environments. Note
that at the beginning of each communication round, the global
model v(®) is broadcast by the central server to all devices. The
local models are initialized using the global model, such that
vﬁf{o) = v(®), Devices then perform K local iterations based on
their data, resulting in updated local parameters v,(f;K , which
are subsequently transmitted back to the central server.

2) Global Aggregation Phase: Following the local training
phase, the CS aggregates the updated parameters received
from all devices to compute the global model for the next
communication round. The aggregation is typically performed
using a weighted averaging scheme, where the contribution
of each device depends on the size of its local dataset. A
generalized global model at time ¢ + 1 can be expressed as
1 c(San)

Z C(Dm) oK)
¢(San) = 2B yp, ) "

D = (12)

where Z '“‘“ ¢(D,,) is the total number of data samples
across all dev1ces. This aggregation ensures that devices with
larger datasets have a proportionally higher impact on the
global model, maintaining fairness in the federated learning
process. The IoT devices and UAVs engage in bidirectional
local cooperative updates through D2U and U2D communi-
cation. This mechanism ensures that local updates are refined
collaboratively at both the IoT device and UAV levels before
contributing to the global model, thereby enhancing robustness
even under unreliable communication conditions. After com-
pleting K local training iterations, each node m € S,; com-
putes the local update Av’F!, which represents the difference
between its locally trained model parameters and the global
model parameters received at the beginning of the round.
Since environmental factors such as non-IID data distributions,
communication reliability, and energy constraints vary across
devices, the local update is

1 Er,,
A/Ufrjl :? Z |:( Er Ct)VLm (v(t D7rz)
+B4H) (vSf,’K) — o], (13)

where the term VL, ( ) m) is a modified gradient
descent step, that the gradient is scaled by the learning rate
(¢ and the energy adjustmnt factor E”” , and Bm is a com-

munication reliability factor, 'u(t K) v(f) is a regularization
term addressing gradient divergence that ensures that the local
model remains aligned with the global model, preventing
divergence in heterogeneous environments. The success of
a transmission from node m € S, to node n € S, is
modeled as ¢y, (t), where not two nodes are IoT devices
-(m € DAn € D). And we set ¢, »(t) = 1 if m = n.
Following the completion of bidirectional transmissions, each
node m aggregates the updates that it receives from other
nodes n. The aggregated update for node m is:

> tnm()mnAvl,
nE€San

where 1., ,, represents the weight assigned by node m to the
update received from node n. These weights ensure that the
aggregated update reflects the contributions of all connected
nodes, taking into account their relative importance or relia-
bility. By aggregating updates from other nodes, each node m
enhances the quality of its local model refinement, even in the
presence of limited connectivity or transmission failures. The
CS aggregates updates from all network nodes and refreshes
the global model using a weighted sum:

(14)

1
(®) — =1 4 =
vV =wv + D(m Avl, (15)
B, 2 Dt
¢(Dm)-Erm

is a normalized

where D(m) = ZC(Sa“)C(D )ZC(Siﬂl)

contribution weight for device m 'in the global aggregation
process, which accounts for both the dataset’s contribution and
the energy metric for the device, ¢, ¢(f) = 1 indicates a suc-
cessful transmission from node m to the CS, and ¢, (t) =0
indicates a failure transmission. In FL systems with UAV
cooperative communication, the reliability of both D2U and
U2S links can vary significantly, leading to potential biases
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in the global aggregation process. Uneven communication
success rates between devices or UAVs introduce discrepancies
in the contributions to the global model, which can compro-
mise fairness. To mitigate this bias and ensure fairness, the
global aggregation must remain unbiased. Suppose that the
local models of all devices converge to an optimal global
model v*. Let p1 = (P5'%,)mes,, be the success probability
from node m to the server c, which specializes to P35y
for D2C link when m = 4 and P35S for U2C link when
m = j. Likewise, p2 £ (P}, ) nes,, denotes the success
probability between any two nodes, where ~(m € DAn € D),
specializing to P3¢ for D2U and P75 for U2D. Further
set (P30S, )m.neSan,m=n = 1 to reflect that self-transmission
always succeeds with probability 1. Let ¥ 2 (¥, 1) m.neS.
denote the weights assigned to the aggregated updates from
devices and UAVs. And we set ¢, , = 1, if m = n.

Lemma 1. For every m € San and t > 0,a sufficient
condition for unbiased aggregation is that the weights 1, p
satisfy the following:

[ Cnc®)@mn(t)bmn] (16)
n€San
7P§:L1Cc¢m,c + Z vauﬁPf,Lan¢m,n =1

nESan

Proof. We aim to ensure that the expected contribution of
device m to the global model remains unbiased, which can
be expressed as:

E [Z7zesall<pn,c (ﬂ‘pm,n(t)wm,nA'U;l | A’U;‘n} Avfn (a7
¢(San) ~ ¢(San)’

Since the random variables ¢, (t) and ¢, ,,(t) are statisti-
cally independent of Av! . the expectation simplifies to:

Z @n,c(t)<}97n,n(t)¢m,'rL

nESan
For this equality to hold, the sum of the expected weights
and communication success probabilities must satisfy the
unbiased aggregation condition, thereby substituting the sucess

probability and reducing to:

Pi;lzfclbm,c + Z Piyl:‘ccp;licnwmn = ]-»

nESan
which confirms that the weights v, , must be carefully
designed to balance the influence of direct and cooperative
transmissions, ensuring that devices with different communi-
cation reliabilities contribute fairly to the global model. This
unbiased aggregation guarantees that the federated learning
system remains robust and fair despite uneven communication
success rates. O

Avttt, (18)

19)

To establish the theoretical foundation of the considered FL
system, we introduce the following assumptions:

Assumption 1: The local loss functions L,,(v) are L-
smooth, meaning their gradients satisfy Lipschitz con-
tinuity ||VL,,(v) — VL, (v")]| < Ljjv — o'||, for all
v, v € R"™¥ and m € San, where L is the smoothness
constant.

Assumption 2: The stochastic gradients gy, (v), for all m €
San and v € RJXK, computed by each device are
unbiased estimators of the true gradients with a bounded
variance, which holds that E[g,,(v)] = VL, (v) and
the variance of the stochastic gradients is bounded by
a constant 92 such that E[||g,,(v) — VL, (v)]]?] < 92

Assumption 3: The local loss functions £,,(v) are assumed
to be pu-strongly convex. For every device m € S,y and
for all v,v’ € R'™X, the following inequality holds
(VL (v) = VL, (v),v —v') > pllv — v'|%, where
> 0 is the strong convexity constant.

Assumption 4: The weights ,, ,, for all m,n € San,
assigned to the updates from neighboring devices are non-
negative, which satisfy i, ,, > 0.

Lemma 2. For every t > to, the upper bound of E|lv(t+1) —
v*||? can be expressed as:

(t+1) .« <(t0K+ 1) 2
Bl — o) <R -] (20)
(K—1)? K
+Bl tK+1 +B2(p15p25‘1l) tK+1
K-1
+ B3 (p1,p2, ¥) WK+
where:
QLQZ (pl,pg,‘I’) 1 4C(Sa11)

1), |3
1)

BlaBQ (p17p2a‘I})’ and B3 (plap27‘Il) are

L
to £ max{—,4 S —
{M ( /,LQC(Sau)2 K ,u2 K

and the terms

defined as:
16092
B2 " 12 22
! HQC(San) ¢ ( )
32092
82 (pl’p27\11)é 722(13171)2"1’) (23)
p2c (San)
256192
Bs (p1,p2, ¥) = L’e(1+ ————Z (p1,p2,¥)), (24)
& (Sall)
and Z (p1,p2, ¥) is given by:
Z (p1,p2, ¥) (25)
£ Z P?}fg (1 - P?Lug) Psuc Psucwm nq/}n k
m,n,kESan
Y PP, (1P R,
m,nESan
+ Z Psuc Zug (Em,k _ suc suc ) wm kwk -
m,k€San
Proof. Please refer to Appendix AZ. O

Based on Lemma 2, the expected distance between the
global model v**1) and the optimal global model v* is
predominantly influenced by the term Z(pp,p2, ¥). This
term reflects the combined effects of the transmission success
probabilities of D2U, U2S, and D2S links, as well as the
local update weights W. Specifically, Z(p1, p2, ¥) quantifies
how communication reliability and weight allocations impact
the aggregation process and convergence performance. In this

2The node k is chosen from all nodes except m and n, denoted as k €
San \ {m, n}. No pair among them are both IoT devices, denoted as [{z €
{m,n,k}:z € D}| <1
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context, the D2C success probabilities P}C are assumed to
be fixed and known, while for simplicity, the U2D success
probabilities are considered equivalent to the D2U success
probabilities P3'; . In addition, Z(p1,p2, ¥) represents the
only term in the classical FedAvg bound that cannot be di-
rectly controlled. This quantity increases when communication
links exhibit unreliability or when weights U are significantly
imbalanced. Conversely, it is reduced when communication-
layer optimization improves either factor. The convergence
gap can be proportionally decreased with each percentage
improvement in end-to-end success probability.

The objective is to minimize Z (py, p2, ¥)? to tighten the
upper bound of the distance described in Eq. (20), which
aims to improve the performance of the global aggregation
process by reducing the variance introduced by communica-
tion reliability and aggregation weights. Achieving this goal
requires optimizing the transmission probabilities P3"; and
Pj'c . as well as the local update weights ¥, for each node.
Since the successful transmission probabilities for both D2U
and U2C links are influenced by blocklength allocation and
UAV trajectory, these parameters must also be optimized. To
address these dependencies, we define IV*C £ (I;)jcu as
the blocklengths for U2C links, IP2V £ (I; ;);ep jeu as the
blocklengths for D2U links, b** £ (b )jeu as auxiliary
variables, and quay = (Qflav ) jeu as the UAV trajectory across
all communication rounds. For time instant ¢ € {1,...,T}, the
optimization problem can be formally expressed as minimizing
Z (p1,p2, ¥) by jointly optimizing 1Y2¢ P2V q,, , ¥, and
transmission powers p; . and p; ;, which can be expressed as

min Z v
lUZC,lDZU,quav,b““x,\I’ (p17 p27 )

st Cer SEOMHFY (B5) — G (al,, ) < Erj, (26a)

8] — p°||° + H? < 52 [2), (26b)
(| [t + 1] = Al [1]]| < VinaxAs, (26¢)
oy (1 =alat,  alo[T) =alil (26d)
P2V + 1297) < M, V(i j) € P, (26¢)
€iglt] S a5, €elt] < €%, Y(i,4) € P, (2610
Pt >0, pyaCl] >0, VY(i,j)€P, (269)
PRV, 152 ez, V(i,j) € P, (26h)
DOPSC P =1, b >0, (26i)
jeU

j€eU,i €D, (i,j) c P. (269)

The constraints are designed to ensure energy efficiency,
trajectory feasibility, communication reliability, and resource
allocation within the system. The energy constraints enforce
that the residual energy (g of a UAV at any time t lies

3The objective Z(p1,p2,¥) is written with generic node indices
m,n,k € S, to aggregate connection—probability and weighting effects
over all possible node interactions, whereas the constraints are expressed
with 7 € D and ] € U because they bind type-specific physical vari-

ables—trajectory gy, energy and motion limits, blocklengths lDQU7 lygc,
powers pszzU’ pUzC and error budgets €; ;, €; c—that only make sense for

the correspondmg network node. This is consistent since each generic index
is realized as a concrete type when evaluated, and the probability terms PS“C
inside Z are functions of those constrained variables, specializing to 1:’Sui for
D2U, PS“C for U2D and P for arbitrary nodes to server.

within an acceptable range defined by the auxiliary energy
function Er; + F}"(0%™) — G{"(duay ) < Erj, for each UAV
J € U. The trajectory constraints ensure that the position of
the UAV qla[t] lies within a feasible range relative to the
center position p¢, bounded by ||qay [t]—p¢||>+H? < g™ [¢].
Furthermore, the UAV’s maximum velocity is constrained by
llQtay [t + 1] — dlay [t]]] < VinaxA:¢, ensuring that the UAV
adheres to its physical motion limitations. The UAV’s initial
and final positions are fixed, denoted by qilay [1] = qlil
and qlay [T] = qﬂ;ff, respectively. Communication constraints
guarantee that the allocated uplink IY?C and downlink IP?Y
blocklengths do not exceed the total system blocklength
budget, [P?V[t] + IY2°[t] < My , for any device-UAV pair
(i,5) € ’P Packet error probabilities are bounded to ensure
communication reliability, with €; ;[t] < € and €;c[t] <
€je*. Transmission powers for both D2U p; ;[t] and U2C
Dj.c[t] links must remain non-negative, with p; ;[t] > 0 and
Pj.c[t] > 0. Blocklength variables [?V[t] and [Y2€[t] are con-
strained to integer values to reflect practical communication
system constraints. Finally, the aggregation weight constraints
ensure unbiased global model updates. These weights, v; ;,
must satisfy > jeu P Piy ¢, = 1 and must remain non-
negative, ¢ ; > 0, for all deV1ces 1 € D. This guarantees that
the aggregation process accounts for stochastic communication
success probabilities and preserves fairness across all devices
in the federated learning system.

IV. THE PROPOSED CCLO SCHEME

The proposed CCLO scheme is developed to optimize the
FL in UAV-assisted systems by integrating three blocks: dy-
namic blocklength optimization, UAV trajectory optimization
and local update weight adjustment. First, we focus on deter-
mining the optimal communication blocklengths based on the
device position constraints and specific energy requirements,
which ensures efficient and reliable data transmission with
minimal latency. Second, in the UAV trajectory optimization
block, we optimize the UAV’s movement to reduce trans-
mission distances and maximize coverage for devices. The
IID properties of local data can be impoved, facilitating the
faster convergence of the global model. Third, the local model
updates are fine-tuned by dynamically adjusting the weights
according to communication reliability and the quality of
local data collected by each device. Specifically, by leveraging
UAVs for data collection and sharing, the scheme ensures that
local models from different devices become more aligned, ac-
celerating the global model’s convergence. The UAV facilitates
the process of augmenting the IID properties between local
datasets by actively collecting data from multiple devices and
sharing it in a coordinated manner.

Thus, the proposed CCLO scheme decomposes the non-
convex problem Eq. (26) into three iterative subproblems.
The first subproblem focuses on optimizing the time-varying
blocklengths IP2Y and IY2C, to maximize communication
reliability and minimize latency in both the D2U and U2C
communication phases. Next, UAV trajectory optimization
optimizes the UAV trajectories quay, to ensure efficient spatial
coverage and reduce communication distance, enhancing both
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Fig. 2. Overview of the CCLO Scheme.
transmission efficiency and energy utilization. Lastly, the local
update weight adjustment optimizes the local update weights
¥ to meet the unbiasedness constraint specified in condition
Eq. (261), ensuring fair aggregation of model updates across all
devices in the network. Throughout these iterative optimization
steps, the transmission powers p; 7V [t] and pJ2€[t], (i, j) €
P, for D2U and U2C communication links are treated as fixed
parameters, simplifying the structure and allowing for efficient
refinement. This decomposition approach not only addresses
the non-convex nature of the problem but also provides a
systematic framework that optimizes key components of the
network, ensuring robust and reliable performance for feder-
ated learning in UAV-assisted systems.

A. Blocklength Optimization

Suppose P, = P35, for Vm,n € Sui. The Eq. (26)
exhibits a separability property with respect to the communi-
cation success probabilities P}'C and PR°, for n € U and

m € D, allowing the third term in the objective function of
Eq. (26) to be reformulated as

Z PsuCPsug suc (1 Pjukc) wi,kwk,h (27)
i€D,kESan
where —(: € D A k € D). Using the property
PUCP (L-P) < PUCPI (1-PRPY) for
P;“f: ,PS“C € (0,1), we extend the upper bound and
reformulate Eq. (26) as follows:
3 sucpsuc suc suc
lugnlgzu Z Pj’c Pi:j ( P P ) wﬂ 4 (28)
quﬂ\/:baux ZGD
+2 Z Z PsuCPsuc buc¢27jwj i
keDieD
+ Z PsucPsuC Psuc d’] 1’1/}27]7
i€D
s.t. (26a) — (26h).

The three terms in the objective function demonstrate a
monotonically decreasing behavior with respect to P3c and
P within the interval [0.5,1]. In scenarios where high
communication reliability is required, it is expected that both
Pjc and P77 will exceed 0.5, ensuring stable and effective
communication across the system. Given this relationship, the

optimization process aims to minimize the error probabilities
€.c and ¢; ; for each communication link. The total packet
error rate ¢;[t] for the D2U and U2C transmission at time
t for each device-UAV pair (i,j) € P can be expressed as
gj[t] = € ;[t]+(1 — € ;[t]) €;,c[t]. Given that the likelihood of
simultaneous transmission errors, represented by €; ;[t]e; c[t],
approaches zero, this term becomes negligible. Therefore, the
total packet error rate simplifies to €;[t] = ¢ ;[t] + €;.c[t].
The objective is to determine the optimal time-varying block-
lengths ZDZU [t] and l}{gc [t] for each device-UAV pair and
UAV-CS palr. For this optimization, the transmission powers
pi;[t] and p; c[t], as well as the UAV’s trajectory qiay [t], are
treated as fixed parameters. It is important to note that the
blocklength variables are inherently integers, making the prob-
lem non-convex. To simplify, we relax the integer constraint
by assuming that /23" [t] and I2C[t] are continuous variables.
With this relaxatlon the problem in Eq. (28) is reformulated
for each UAV j e U as:

ZEJ
s.t. zRgU[ ] >0,

(26e) — (26f).
By adjusting the blocklengths PV[¢] and 172C[t], the scheme
optimizes the efficiency of data transmission, laying the foun-
dation for subsequent UAV trajectory optimization and local
update weight adjustment.

To establish the convexity of the objective function in
problem Eq. (29), we note that ¢; ;[t] and €;c[t] exhibit
analogous analytical structures, thereby permitting a focused
convexity analysis on a representative term such as €; ¢[t]. For
an arbitrary iteration time instant ¢, we define the composite
function f(IY3C[t]) = f(v}lt] 12 [t]). The first component
of the objective function is formulated as:

lUZC lD2U (29)
J,c 7]

u2C
I >0, vte{l,...,T},

ejelt] = H(f (5 [t]))
=H (B — m) . (0
where A % and By = logy(1 + 7j.[t]) are

time-dependent constants independent of leC[] To assess

convexity, we derive the second-order derivative of 1930t -
O f (1) B _Al (3L + BulYCt])
27U2C - :
el 4,/ 1Y2C[H))5

Given the positivity of l;{ic[t],Al,Bl, and L, the second
derivative is unambiguously negative, confirming the concavity
of f(IF:C[t]). Since H(a) is a convex and nonincreasing
function for a > 0, the composition H(f (l;{zcc [t])) inherits
convexity through the concavity of f(I52°[t]). This result
follows from the general principle that the composition of a
convex nonincreasing function with a concave function yields
a convex function, thereby solidifying the convexity of €; ¢ [t]
and, by structural analogy, €; ;[t].

To rigorously establish the convex optimization properties of
Eq. (29), we extend the analytical framework through system-
atic notation alignment and enhanced mathematical exposition.

€1V
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Following the convexity confirmation of ¢; . [t] derived earlier,
the structural equivalence between ¢; ;[t] and €; c[t] permits
analogous convexity-preserving operations. Specifically, the
composite function H(f (ZPfU[t])) governing ¢; ;[t] inherits
convexity through identical derivative analysis, given that
1P2V[t] maintains positivity constraints equivalent to [52°[t].
Consequently, the aggregated objective function €; [t ]—i—eZ ;1]
preserves convexity through linear combination of convex
components, while all operational constraints in Eq. (29) main-
tain their inherent convex characteristics. The critical reformu-
lation of constraint Eq. (26a-26f) is achieved through inverse
derivation of the minimum distance requirements for U2C and
D2U links. By resolving the inequality H(f(IJ2€[t])) < efax

j,c
for [Y2€[t], we derive the explicit lower bounds:

max\/41n 2A L+2( max)2 + (emaX)Q

el > Lt =

- 21n(2)2A2
+E’ Vte{l,...,T}, (32)
max 4111 2A2L+2 max 2 + e;nax 2
ZPZU[t] > Lg[t] \/ (2 ) ( 5] )
g 21n(2)2 A2
+ oA vie{l,...,T}, (33)
In(2)

where Ay = characterizes the D2U link adaptation

VAXCTIO))
parameter. This transformation rigorously demonstrates that

constraint (26a) becomes operationally redundant, as the de-
rived lower bounds L%[t] and L5[t] inherently enforce stricter
spatial constraints than the original formulation. The convex
program therefore reduces to optimizing over these analyti-
cally derived distance floors while maintaining all convexity
guarantees essential for gradient-based solution techniques.

To address the convex optimization challenges inherent in
problem Eq. (29), we first emphasize the temporal dependency
of its constraints, which necessitates per-round optimization
over the discrete time horizon ¢t € {1,...,T}. The refor-
mulated equivalent problem for each communication round
reduces to:

lI_)ZU%I]nlII}zc[ 1] €ij [t} + 6j7c[t] (34)
K3 K J,c
st P2V 18) + 1291) < Mo,

501 = L), 52O = Lift).

Critical analysis of the objective function’s monotonicity
reveals that its first derivative remains negative across the
feasible domain, indicating an inverse relationship between
blocklength allocation and error probability. Consequently,
the Pareto-optimal solution resides at the constraint boundary
defined by Eq. (34), enabling the substitution [52°[t] = Mot —
lEfU[] This parametric reduction transforms the bivariate
optimization into a univariate problem with [P?V[¢] as the sole
decision variable, bounded above by U?[t] = M, — L5[t]. The

10
composite objective function thus becomes:
fobi (ZP,JZUH], Zqos)
= H (f (17711)) + H (f (Mior = 1277[1]))
+ A= - Eqos - (max (0, & — Euchievea))”, (35)

QoS penalty term

where H(-) preserves the convexity properties established in
prior analysis, Zqos € [0,1] is a normalized QoS compliance
factor that penalizes deviations from target QoS thresholds,
&m 1s the predefined QoS threshold, &,chieveq 1S the empirically
measured QoS performance, and Az is a regularization param-
eter that balances entropy maximization and QoS adherence.
To efficiently solve this constrained unimodal optimization, we
implement the golden section algorithm-a robust derivative-
free method particularly suited for integer-variable optimiza-
tion in resource allocation scenarios. As detailed in Alg. 1, this
approach iteratively narrows the search interval [L%[t], UP[t]]
through proportional partitioning, achieving superlinear con-
vergence while maintaining computational tractability. The
method’s inherent stability and minimal function evaluation
requirements make it ideally suited for real-time implemen-
tation in UAV-assisted networks, where [P?U[t] and [Y2Ct]
represent discrete channel resource blocks subject to dynamic
QoS constraints. Specifically, Alg. 1 outlines an iterative op-
timization algorithm designed to jointly optimize blocklength
assignments and UAV trajectories to enhance communication
efficiency while ensuring robustness. The algorithm begins
by initializing parameters and iteratively refines blocklengths
using a modified golden-section search method within nested
loops. For each time step, it dynamically adjusts intervals
based on computed error rates, balancing quality of service
metrics and auxiliary parameters. Post-blocklength optimiza-
tion, it updates UAV trajectories through a system of equa-
tions to ensure alignment with communication objectives. A
secondary while-loop integrates robust gradient ascent for
trajectory refinement, with adjustments driven by auxiliary
matrices and exponential decay functions to evaluate trajectory
quality. Final convergence checks ensure summative block-
length constraints and error thresholds are met, culminating in
an optimized solution that balances spectral efficiency, error
margins, and UAV positioning.

B. UAV Trajectory Optimization

To rigorously address the non-convex trajectory
optimization challenge in the secondary subproblem,
we focus on optimizing UAV positional vectors quay [t]
while maintaining fixed resource allocation parameters

{1P2V[t], 152C1t], pP3V [t], pYC[t] }. The reformulated problem

T
Quav ’baux Z

s.t. (26a), (26¢), (26d), (26f).
The intrinsic non-convexity stems from both the composite
Eq. (26) objective function and constraint, which involves
coupled spatial-temporal relationships between UAV positions

becomes:

(36)
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Algorithm 1 Joint Blocklength and Trajectory Optimization
I §,F
Input: Ll{v Lg, M, 6?"]@"7 6;{13)(7 Qlav, Gy » Vinaws
blocklength limitation Lmt., ,, LmtZ,,
trajectory limitation Lmty,;, Vi € U, Vi € D,
auxiliary parameters Zqos, &ins Sachieveds
max iterations Kpay.

Output: [Y2C [P2U o .

J,c 2 Yi,g \
1: Initialize: 10, p°, i, H(-), ¢ = 155 (=1, k=1,
Va = Vn(')aj = 00,

1 _ 1 T )
Va=7 Zt:l €5,c[t]s )
1 _ EQos (Max (0,&m —Eachieved ) T
thaj =&Xp{~ T P

2: while ¢ < Ky and (V5 — Vi~ ' > Lty or [V —
VET| > Limtyy) do

traj

€j.c

3 fort=1,...,T do

4 a:Ll{[t!, b= My — Lb[t]

5: c=b-— b;a), d:a—|—%b*Ta)

6: while |c — d| > Lmt?, do

7 if fobj (C, EQOS) < fobj (d, EQOS) then

8 Narrow interval towards minimum b < d
9: else

10: a<c

11: end if

12: Update ¢, d using ¢

13: end while

14: tmp_“) — HT“

15: 122V argmin fop, (tmp_(9))

16: Resource conservation 1}{30 — Moy — 1779

17:  end for

18: qﬂ;ﬁ“ < solve Eq. (40)
19:  Convergence Check:
200 VA LS e [l

21 tha;rl (_ exp(_EQ(,S(max(o,?h*&-uchicvcd))2 Z?:l gj,c)
22 L+ (+1

23: end while

24: Final Constraints Verification:

250 0 30, 1520 <130, e then

26:  Return 152,12V il

27: else

28:  Throw "Infeasible: Constraints not met."

29: end if

and channel conditions. To mitigate this, we introduce convex-
relaxed distance variables dP?V[t] > ||l [1]— qly [I* + H?
and dY2C[t] > || qla [t] — w]|? + H?, where equality holds at
optimality due to the error probability’s monotonic relationship
with propagation distance. Through rigorous convex analysis,
we establish that the error components

Aijlt]
By (5 1]) = BB ozl + st

Z7J
B, (dVC[8)) = H(B, o[f)(logy(1 + 2<ly _ ¢

i(djc [t]) = H(Bjc[t] (log,( +dUZC[t])7 j.c[t]));
J,C
(38)

maintain concave profiles with respect to their distance vari-
ables, where A, j[t] = pi;[t]Go, Bij[t] = In(2),/1P7V[1],
and C;;[t] = L/lEsz[t]. Employing SCA algorithm, we

) = Cijlt]), 37

construct a surrogate objective function through first-order

Taylor expansions at reference points (dP2V [t], dY2C[¢]) :
6y elt] = By (@2V0) + Ol (@2 - V)
Jeltl = Hi,g % g HP2U .7 0]
ol 1dp]
OF;
eB @+ e @y - ),
L0

(39
This expansion provides a tight upper bound €; c[t] < &; c[t],
enabling convex reformulation of the original problem. For
constraint Eq. (26a), we systematically address its dual man-

ifestations through directional convex relaxations. The upper-
bounding formulation is (g, — Er; +G§* (qﬂav) < F;“A (bf;-ux)
using SCA at reference point b3™ : FS*(b3") > F§*(b3™) +
VES(b3) T (b2 — §2%). In addition, we have lower-
bounding formulation as F;“(b?”x) < _G;”(qﬂav ) With SCA
at reference trajectory Qﬂav as GS*(qhay ) > G§"(Qoav ) +
VG (Glav ) " (Qlav — Gtlay ). The complete convexified prob-

lem becomes:
1 X
7D Gelt]
t=1

legday [t] = wl® + H? < dJEC[e], V2,5,

min
tuV ) b;ux El
D2U ,U2C
di 270 d] c

B (40)
d?2V[1] < Ai U
i.J HOIEpry
2Cw [+ —5 56— _ 1
Ajclt]
U2c i
W < ———
oCieltlt—5, i~ _ 4
(26b), (26¢), (26d), (26f).
Transmission powers pP3U[t] and pya[t] are maintained as

fixed parameters derived from their theoretical lower bounds:
2(61,3/‘471,9'[’5])4‘371,]["’] —1

PPav[t) > a0 : (41)
©,J
9(€ej.e/Ajelth+Bjelt]l _ 1
pyeclt] > s : 42)
j,c

where Ai,j [t] = log(2), /ZE]ZU[t], Bi,j [t} = L/l?fU[t],
Ajelt] = log(2),/1V2C[t], and Bjc[t] = L/IY2C°[t]. This
formulation guarantees feasibility while enabling efficient op-
timization through iterative convex programming techniques.

C. Local Update Weights Optimization

To rigorously address the non-convex optimization chal-
lenges in problem Eq. (26), we leverage our derived
error probabilities €;. and ¢;; corresponding to PJ'c
and PyF, respectively. The core optimization task in-
volves tuning the coordination matrix W to minimize
the upper-bounded variance metric while satisfying the
critical resource normalization constraint in Eq. (26i).

Recognizing the non-convexity induced by the bilinear

suc suc suc suc
term Zm,kesm. PrPhm (E{myk} - Pm,kPk,m) Y ke Wk,ms
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where =(m € D Ak € D), we employ the arithmetic-
= (wnt k + wz,’rn)
to construct a convex surrogate Z (\If) Let ¥, =
(V1,ms - - s e(sy ),m)” denote the m-th column of the co-
ordination matrix. Exploiting the column-wise separability of
(44), we implement a block-coordinate Gauss-Seidel algorithm
with asynchronous updates. For the ¢’-th iteration, the update
rule for column m follows:

‘Il%/"'l) _ 57(12’-%1)(1\;%#1) +(1- 57(5’-&-1))\1;%/)’

(¢+1)

where the activation indicator &y, implements cyclic coor-
dinate selection modulo ¢ (S, ). The column-wise optimiza-
tion subproblem is:

arg mln Z psie psue

n,c-m n
Yo nE€San
E : § : (5 )
PbuC 1 _ PsuC )Pi;llcn PSuC ’ll)n 'm’l/)
kesau\{m n} nE€San
E NI NI
Jr Pm 'I'LP’I’I ,C
nESan

sty

nESan
|{Var € {m,n,k} : Var € D}| < 1.
(er)

geometric mean inequality ¥y, kVk.m <

(43)

1 _ Psuc Psuc

n,c mn) n,m

+ 2

PbuC PbuC

mn-n 7’") n,m

SuC psuc _
Pn ch n'(/Jn,m - 1’

The closed-form solution, Wy, derived via Lagrangian
duality with non-negativity constralnts, can be expressed as
Eq. 45 The dual variable ),, is computed via bisection
over Eq. 46. This structured approach guarantees monotonic
improvement of the convex surrogate objective while main-
taining feasibility through projection operations, ultimately
converging to a stationary point of the original non-convex
problem.

D. Discussion

The proposed scheme effectively mitigates non-IID issues
through UAV cooperation by orchestrating dynamic data col-
lection and transmission strategies. By optimizing UAV trajec-
tories, the system actively reduces spatial data heterogeneity
by prioritizing coverage of devices with underrepresented data
patterns. For instance, UAVs adjust their flight paths to ensure
balanced data acquisition from dispersed devices, which aligns

Algorithm 2 UAV-Cooperative Federated Learning
Input: Sai, Quav > Py Phes Zqos > T Cer s
Output: v™ and ¥;
1: Initialize: v9 < 0, P1 < Pi};cc, P2 — PsuC
2. fort=0,1,..., 7 — 1 do
3:  Broadcast v’ to each device in Sy
4:  for each device m,n € Sy and —-(m € D An € D)
do

5 50« vl 0«0

6: while / < K do

7. pbtl ,U(t £) — Cigm (v(t £)

. ‘I,”Zeﬂ) SHDFUFD (1 5Dy g0
9: {+—(+1

10 end while

11: Calculate Avif! < Eq. (13)

12: Transmit v}! to each device in Sy
13: if ¢ n(t+1) =1 then

14: Receive Avlt!

15: Calculate v5H! «+ Eq. (14)

16: end if

17: Upload At for aggregation

18: end for

19:  if Receive Avlt! from device m € Sy then

20: Ome(t+1)1
21:  else

22: Omec(t+1)«0
23:  end if

2. wir! « Eq. (15)
25: end for

local data distributions closer to the global dataset’s statisti-
cal properties. This spatial coordination directly reduces the
Kullback-Leibler divergence KL(D,,||Dgiobai) between indi-
vidual IoT devices’ data and the aggregated global model.
Moreover, the scheme employs adaptive resource alloca-
tion, where blocklength parameters are dynamically optimized
based on device locations and channel conditions to minimize
transmission errors. This ensures high-quality data uplink from
remote devices, preventing their exclusion from the training
process. Third, combined with client-weighting mechanisms,
updates from devices with higher data reliability (lower error
rates €;) and better IID properties are prioritized during model
aggregation. Based on the convex optimization framework for
transmission reliability and UAV trajectory control, we derive

+
_2(1_Psuc )Zkeja“ szcnw(l )_._)\
m SuC suc
= 2[(1—Pye P V4P (B ny /PR, —P, )] ;AP PRCPES, € (0,1),
‘I’% ) = (45)
1 suc psuc  __
E"ESau Lipsue psue =1}’ if Pn ch no 1,
0, otherwise.
2 1 PQUC P§UC PSUC E P?UC _ PSUC
0, max [( n,ct m, n) m, guc {m,n}/ m,n n,m)] +2(1— P:ii:) Z suc w(é ) (46)
pue P (0,1 P cPmn S
k#m
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Communication Rounds

Fig. 3. Test accuracy over communication
rounds under the IID data.

the convergence inequality

E [Em (vm; Dm)] — L ('U;kn; Dm)
o} Cs ZC(Sau) S -
S e - - < = Bconv . Ahgn 2 (47)
T c(San)VT ©)

where S,,, is the local-global distribution discrepancy for
device m,

Sm = ]E;cNDm [KL (Der“Dglobal )]
+ ||v£m (’Um; Dm) - VE (’U; DglObal)HQ ) (48)

which is the sum of the divergence measuring statistical
distribution mismatch and the gradient misalignment captur-
ing optimization direction conflicts. Term C; is the baseline
convergence constant which reflects deterministic factors in-
dependent of data heterogeneity, derived from initial model di-
vergence and optimization step size, Co is the non-1ID penalty
coefficient which embodies the amplification effect of data
heterogeneity on the convergence rate. The function Align(-)
quantifies the feature alignment efficacy between local client
models and the global model, implemented through gradient
or feature space regularization. Specifically, for client ¢ with
model parameters v,,, it enforces consistency by minimizing
deviations in feature representations:

— Fr|?, (49)

where Frgopa and Fry,, denote feature extractors of the global
and local models, respectively. This regularization penalizes
client-specific feature distribution shifts caused by non-IID
data. Considering Eq. 47 only if Beonv Scales inversely with
data heterogeneity Z *‘” S, it can be proved that the
proposed scheme mltlgates non-IID issues and accelerates
global model convergence. When Zc (San) Sy, increases, Seony
scales inversely ensuring clients with large Sy (high diver-

gence from global data distribution) contribute less to a%gre—
Cs ZC(Sall

C(Sall)f ’
smaller B counteracts high S,,, lowering residual error

terms and accelerating convergence toward the global opti-
mum. To rigorously prove that the parameter Beony Scales
inversely with data heterogeneity Z a” Sm, we analyze the
interplay between the convergence bound and the proposed
mitigation mechanisms. The convergence inequality requires
the mitigation gain term Seony Align(-) to counteract the Non-

Align (v,,) = Eyop,, |Freioba

gation. In addition, in the convergence bound

Communication Rounds

Fig. 4. Training loss over communication
rounds under the IID data.

Communication Rounds

Fig. 5. Test accuracy over communication
rounds under the Non-IID data.

c(Sann)
CSaVT Assuming the alignment effective

ness Align(-) o< = (a property of layer-wise feature
map regularization in federated learning), substituting this
relationship into the inequality yields Beony W
For large T, this simplifies to SBeony = O (1/max,, Sp),
demonstrating the inverse proportionality. In addition, please
refer to Appendix C for more details about the convergence
sketch of the proposed tri-modular block-coordinate scheme.

IID penalty

V. PERFORMANCE EVALUATION

In this section, we present the simulation results to evaluate
the performance of the proposed FL scheme. The FL system
consists of M = 10 devices and N = 5 UAVs, randomly
distributed within a 1000 m x 1000 m area, with a CS located
at the center to facilitate communication. All UAVs operate at a
fixed altitude of H = 100 m, while the laser transmitter used
for powering the UAVs is positioned at p! = [500, 700]m
The packet size is Ly = 130 bits, with a total of 600
communication rounds, each lasting A; = 4 seconds. The
UAVs have a maximum velocity of Vi,.x = 25 m/s and a
mass of u, = 15 kg . To ensure continuous operation, the
UAVs utilize a laser-powered energy harvesting system, with
a laser beam spread of A = 3.4 x 10~° radians, an initial
beam diameter of S = 0.1 m, a medium attenuation coefficient
of o = 107% m, and a laser transmit power of p' = 500 W.
The energy storage capacity of UAV j is constrained between
Cer = 103 J and Er; = 10° J, with an RF chain efficiency
of n = 1. The packet error rate requirements are set to
€mn = 1075 for D2U communication and €, = 1076 for
U2S transmissions to the CS.

The simulations are conducted using PyTorch-GPU 2.1.0
with Python 3.9 on a system featuring a 2.50 GHz Intel
Core i5-10300H CPU, 16 GB of RAM, and an NVIDIA
GTX 1650Ti GPU. A fully connected neural network is
implemented for MNIST [28] classification, consisting of two
dense layers followed by ReLU activations. The first layer
includes 512 neurons, the second has 256 neurons, and the
output layer, with 10 neurons, represents digit classes (0-9)
using Softmax for class probability predictions. The model is
trained using stochastic gradient descent (SGD) with a learning
rate of 0.01, a batch size of 64, and cross-entropy loss to
evaluate classification accuracy.
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Figure 3 and 4 show the test accuracy and training loss,
respectively, over communication rounds under an i.i.d. data
distribution, while Fig. 5 and Fig. 6 show the corresponding
results under a non-i.i.d. data distribution. In both scenarios,
the proposed scheme demonstrates superior performance com-
pared to FedAvg - with packet error, achieving significantly
higher accuracy and lower training loss. Its performance
closely approaches that of FedAvg - no packet error, which
assumes ideal, error-free communication, highlighting the pro-
posed scheme’s ability to mitigate the effects of packet errors
effectively. In contrast, FedAvg - with packet error shows the
poorest performance, with consistently lower accuracy and
higher, unstable training loss throughout the training process.
These results validate the robustness of the proposed scheme
in handling communication errors and maintaining reliable
federated learning performance.

Figure 7 and 8 show the test accuracy and training loss
for three strategies: Proposed, Fixed Blocklength Allocation,
and Fixed UAV Trajectory under a non-i.i.d. data distribution.
The proposed scheme achieves the highest test accuracy and
lowest training loss, demonstrating the effectiveness of jointly
optimizing blocklength allocation, power, and UAV trajectory.
Fixed Blocklength Allocation outperforms Fixed UAV Tra-
jectory but is limited by its inability to dynamically adjust
blocklengths. The Fixed UAV Trajectory strategy performs the
worst due to its failure to optimize UAV positions, resulting
in higher error rates and less stable training. These results
highlight the importance of optimizing both UAV trajectory
and communication resources for robust FL performance.

Statistical significance is assessed across the IID and non-
IID experiments by reporting 95% confidence intervals (Cls)
as shaded bands in Fig. 3-Fig. 6 and Fig. 7-Fig. 8. In the
stable convergence regime (after approximately 200 rounds),
the CI bands of CCLO are separated from those of the error-
prone or non-adaptive baselines: in Fig. 3 and Fig. 5, the
lower bound of CCLO’s 95% ClI is positioned above the upper
bound of FedAvg-with-error for most rounds, indicating that
the observed accuracy improvements are unlikely to result
from run-to-run randomness; similarly, in Fig. 4 and Fig.
6, CCLO’s 95% CI is positioned below the corresponding
baseline loss Cls after convergence, supporting that the loss
reductions are statistically meaningful. Additionally, CCLO’s
CI bands become narrow in the stable region across these
figures, suggesting low variance and stable convergence across
independent runs, including under non-IID heterogeneity.
For the ablation comparisons, Fig. 7 and Fig. 8 show that
CCLO’s performance advantages over fixed-trajectory and
fixed-blocklength strategies are supported by non-overlapping
95% CIs in the stable region, confirming that the gains from
joint reliability-and-coordination design are robust rather than
incidental.

Figure 9 shows the test accuracy after 600 communication
rounds for four FL strategies—Proposed, Fixed Blocklength
Allocation, Fixed UAV Trajectory, and FedAvg—under vary-
ing PERs in a non-i.i.d. data setting. The proposed scheme
consistently outperforms the others, achieving 92.27% ac-
curacy at a PER of 0.05, compared to 90.54% for Fixed
Blocklength Allocation, 87.72% for Fixed UAV Trajectory,

and 91.04% for FedAvg. Even at a higher PER of 0.3, the
proposed scheme maintains 89.35% accuracy, while Fixed
Blocklength Allocation, Fixed UAV Trajectory, and FedAvg
drop to 86.53%, 80.00%, and 77.45%, respectively. This high-
lights the effectiveness of joint optimization of blocklength,
power allocation, and UAV trajectory in mitigating transmis-
sion errors, as opposed to the less adaptive Fixed Blocklength
Allocation and the less robust Fixed UAV Trajectory and
FedAvg strategies. These results emphasize the importance of
joint optimization for robust FL performance in challenging
IIoT conditions with non-i.i.d. data.

Figure 10 shows test accuracy at 600 communication rounds
under varying blocklengths for three FL strategies: Proposed,
Fixed Blocklength Allocation, and Fixed UAV Trajectory, in
a non-i.i.d. data setting. As blocklengths increase from 250
to 450, all strategies improve, with the proposed scheme
achieving 90.86% accuracy, outperforming Fixed Trajectory
86.79% and Fixed Blocklength Allocation 75.02%. These
results highlight the importance of jointly optimizing block-
length, power allocation, and UAV trajectory for enhanced FL
performance.

Figure 11 shows that increasing the number of UAVs
accelerates convergence and lowers the final training loss.
With five UAVs, the training loss decreases to around 0.021
after 600 communication rounds, compared to approximately
0.106 with one UAV. Training loss trends for three UAVs
(0.074) and seven UAVs (0.1421) align with their respective
test accuracy results, confirming that additional UAV's improve
the stability and efficiency of training by mitigating unreliable
communication. However, the diminishing returns beyond five
UAVs suggest an optimal balance between performance im-
provements and costs.

Figures 12—15 demonstrate that the proposed CCLO frame-
work consistently outperforms a broad set of representative
baselines, including FedAvg, FedProx, SCAFFOLD, MOON,
AHCS [29] and FedPKR [30], across both MNIST and CI-
FARI10 datasets. CCLO achieves 3-5% higher test accuracy
and reduces the number of required communication rounds by
approximately 8—12% compared with existing methods. The
results indicate that the joint optimization of communication
reliability and computation allocation in CCLO effectively
minimizes the residual convergence term Z(p1, p2, ¥), lead-
ing to faster early-stage convergence and more stable long-
term accuracy.

Figure 16 and 17 show that CCLO maintains competitive
performance under increasing non-IID severity (smaller Bony)
for both MNIST and CIFAR-10, outperforming FedAvg with
packet errors and remaining on par with advanced baselines.
To address the concerns regarding non-IID data distributions,
data heterogeneity is quantified using the Dirichlet distribution
parameter [, with smaller S values indicating higher levels
of non-1ID severity. MNIST dataset is utilized as a baseline
benchmark, while CIFAR-10, characterized by greater intra-
class variability, is employed to represent more complex
scenarios. The evaluation results demonstrate that CCLO
maintains robust performance as [ decreases, consistently
outperforming FedAvg in packet error conditions and achiev-
ing comparable accuracy relative to established baselines in-
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Fig. 7. Test accuracy over communication
rounds for different FL schemes.
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cluding AHCS and FedPKR. These findings validate CCLO’s
resilience across diverse heterogeneous data distributions.

VI. CONCLUSION

In this paper, we have presented a CCLO scheme aimed
at addressing the intertwined challenges of delay, trajectory
energy consumption, and model accuracy in UAV-assisted FL
systems designed for Industrial IoT applications. Specifically,
we designed a tri-modular approach encompassing dynamic
blocklength allocation, energy-efficient trajectory planning,
and reliability-aware weighting mechanisms. This integrated

MNIST among different schemes.
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Fig. 8. Training loss over communication
rounds for different FL schemes.
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on FL performance, while simultaneously ensuring robust
communication reliability and effective resource utilization.

Through extensive simulations, we demonstrated that the
proposed CCLO framework not only reduces communica-
tion delay and decreases energy expenditure along UAV

framework seeks to mitigate the impact of non-IID data
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flight paths but also enhances the accuracy of the feder-
ated learning model by an average of 18.9% when bench-
marked against conventional methodologies. We expect this
work can further promote research interests in the delay-
trajectory-accuracy trilemma optimization, whose significance
will grow in UAV-cooperative FL-IoT systems as novel ap-
plications demand stringent balance among latency, energy,
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CIFAR-10 among different schemes.

and model fidelity. Due to the escalating requirements of
IoT deployments, next-generation UAV-assisted networks must
evolve from static, single-objective designs to proactive, multi-
dimensional frameworks that concurrently optimize delay
bounds, trajectory efficiency, and learning accuracy. Achieving
isolated performance targets is no longer sufficient; instead,
harmonizing conflicting constraints has become imperative.
For future work, we aim to investigate the tradeoff between
network density, UAV mobility complexity, and the trilemma
balance, particularly under ultra-dense IoT deployments with
heterogeneous device distributions.
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