. mathematics

Article

Communication-Computation Co-Optimized Federated Learning
for Efficient Large-Model Embedding Training

Yingying Luo 23, Xi Jin #*, Changqing Xia 2(, Chi Xu 12

check for
updates

Academic Editor: Jinfeng Xu

Received: 5 November 2025
Revised: 19 November 2025
Accepted: 27 November 2025
Published: 3 December 2025

Citation: Luo,Y,;Jin, X,; Xia, C.; Xu,
C.; Sun, Y. Communication-
Computation Co-Optimized
Federated Learning for Efficient
Large-Model Embedding Training.
Mathematics 2025,13,3871. https://
doi.org/10.3390/math13233871

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

and Yiming Sun 2

Key Laboratory of Networked Control Systems, Chinese Academy of Sciences, Shenyang 110016, China;
luoyingying@sia.cn (Y.L.)

Shenyang Institute of Automation, Chinese Academy of Sciences, Shenyang 110016, China

University of Chinese Academy of Sciences, Beijing 100049, China

School of Computer Science and Engineering, Northeastern University, Shenyang 110819, China

*  Correspondence: jinxi@neu.edu.cn

W N

Abstract

With the rapid development of the Industrial Internet of Things (IloT) and intelligent manu-
facturing, massive amounts of heterogeneous and non-independent, identically distributed
(non-IID) data are continuously generated in industrial environments. Large models have
demonstrated strong generalization and transfer capabilities, offering new possibilities
for predictive maintenance, anomaly detection, and intelligent decision-making in IloT
scenarios. However, the deployment of such models in industrial environments faces
challenges due to resource constraints in communication and computation. To address
this problem, this paper proposes a collaborative optimization framework that integrates
client-side feature learning, a hierarchical client-edge—cloud federated aggregation, and
network-computing resource scheduling for efficient large-model embedding training.
A parameter search method based on the Kepler Optimization Algorithm (PSKOA) is
introduced to jointly optimize the three interdependent dimensions: client-side model
structure parameter, federated aggregation parameters, and scheduling strategy. Evalu-
ations demonstrate that the proposed method significantly reduces model loss by 41.7%
and shortens training time by 13.4% compared to the traditional Genetic Algorithm-based
method. Additionally, the proposed method achieves 12.5% lower model loss and 3.1%
faster training time compared to the Particle Swarm Optimization-based method. These
results highlight that the proposed method effectively enhances both training efficiency
and convergence performance by jointly optimizing communication, computation, and
model structure, making it a practical and scalable solution for large-model embedding
training in resource-constrained IIoT environments.

Keywords: large-model embedding training; federated learning; scheduling; client-edge—
cloud; ITIoT

MSC: 68T20

1. Introduction

With the increasing penetration of IloT and smart manufacturing, massive heteroge-
neous data are being continuously generated at high frequency and over long durations.
These data exhibit significant non-IID characteristics due to differences across factories, pro-
duction lines, and regions [1]. Besides, the data carry rich and comprehensive information,
enabling models to achieve accurate cognition and reasoning in complex industrial scenarios.
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In recent years, breakthroughs in large-model pretraining techniques have given rise
to models with unprecedented capabilities [2]. These models demonstrate strong general-
ization and transferability, particularly in understanding and decision support tasks [3,4].
In the context of IIoT, this implies that tasks traditionally requiring experienced engineers to
manually compare and diagnose can now be automated or semi-automated by leveraging
large models” perception and natural language understanding. For example, in predictive
maintenance, a model analyzes anomalous keywords in equipment logs, thereby achiev-
ing precise fault diagnosis and early warning [5]. This not only improves maintenance
efficiency but also reduces production downtime losses, facilitating the transition from
reactive maintenance to proactive closed-loop optimization in industrial production.

Nevertheless, deploying large models directly in IIoT environments remains chal-
lenging. The emergent capabilities of large models primarily stem from learning and
generalizing from vast training corpora. Although inference requires only a small amount
of data to deliver accurate results, training demands substantial computational power and
memory to handle large-scale datasets, which exceeds the capacity of resource-constrained
clients [6]. Furthermore, uploading raw data such as high-resolution video and high-
frequency time-series signals directly to the cloud for centralized processing would result
in excessive uplink bandwidth overhead and uncertain queuing delays, potentially caus-
ing intolerable latency in production processes. Therefore, how to harness the cognitive
power of large models under constrained network-computing resources has become a key
scientific and engineering challenge in advancing smart manufacturing.

To address the challenge of large model training in IIoT, a promising approach is
to perform feature learning at the clients. Even devices with constrained resources can
efficiently join the training process at low cost [7,8]. Meanwhile, the cloud server aggregates
the parameters from distributed devices to perform a comprehensive global analysis. This
distributed training paradigm resembles Federated Learning (FL), wherein participating
devices train models locally using private data and upload only model parameters to an
aggregator, which then coordinates global updates [9]. Such a mechanism reduces raw data
transmission, thereby reducing network load.

However, directly applying conventional FL to large models in IIoT remains inade-
quate. The transmission of parameters in large models still imposes a heavy communication
load [10], while the significant heterogeneity in device computing capacity makes it diffi-
cult for efficient training. Existing studies often focus on improving either communication
or computation efficiency of FL to achieve efficient training [11], but rarely address the
scenario where both network-computing resources are simultaneously constrained.

Under the dual constraints of network-computing resources, this paper formulates
the problem as a multi-objective optimization problem. This problem is then decoupled
into three interdependent dimensions to achieve the co-optimization of computation and
communication performance.

The contributions of this paper are as follows:

*  To enable efficient large-model embedding training in IloT, we adopt a client-edge-
cloud hierarchical architecture that jointly considers limited network-computing re-
sources. The system’s communication and computation performance is formulated
as a constrained multi-objective optimization problem, which is decoupled into three
levels: client-side feature learning, federated aggregation, and network-computing
resource scheduling.

¢  We further customize a swarm intelligence-inspired Kepler Optimization Algorithm
(KOA) to jointly optimize client-side model parameters, aggregation strategies, and
network—computing scheduling strategy. The improved KOA incorporates a process-
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information storage table to significantly reduce repetitive computations and employs a
priority-uniqueness mapping mechanism to preserve the uniqueness of priority assignments.

*  Extensive evaluations demonstrate that the proposed method achieves lower model
loss and shorter training time compared with existing approaches, validating its
effectiveness in balancing training efficiency and model accuracy under constrained
network—computing resources.

The rest of the paper is organized as follows: Section 2 reviews related work. Section 3
describes the FL-based system and models our multi-objective optimization problem.
Section 4 introduces our algorithms. Section 5 shows evaluation results. Section 6 concludes
this paper.

2. Related Work
2.1. lIoT and Large Models

The Industrial Internet of Things (IloT) has become a key driver of intelligent manu-
facturing, integrating sensing, communication, and computation across distributed work-
shops [12]. Through large-scale deployment of sensors, controllers, and industrial gateways,
IIoT enables real-time monitoring, predictive maintenance, and adaptive control. The col-
lected data, including vibration, image, and temperature signals, are often high-frequency,
heterogeneous, and non-1ID, which poses significant challenges for intelligent analytics
and decision-making [13].

Traditional fault diagnosis relied heavily on expert knowledge, which limited scalabil-
ity and robustness. With the development of artificial intelligence, large models have shown
powerful representation capabilities for complex industrial data. Pretrained large models
have achieved remarkable performance in fault detection, quality inspection, and process
optimization [14,15], providing a foundation for data-driven manufacturing. However,
their immense parameter scale and computation demands make them difficult to deploy
on resource-constrained IIoT [16].

To overcome these limitations, edge intelligence has emerged as a promising paradigm
that integrates Al computation into edge infrastructure, reducing communication costs [17]. By
processing data closer to its source, it minimizes latency and improves the overall efficiency
of industrial intelligent applications. Despite these advances, deploying large models in IIoT
remains challenging due to the coexistence of limited computation resources and unstable
communication bandwidth [18]. Therefore, this paper focuses on collaborative optimization
that jointly considers computation and communication to enable reliable industrial intelligence.

2.2. Federated Learning in IIoT

Federated Learning (FL) provides a natural fit for IloT, as it allows data to remain
local while enabling distributed training, thereby protecting privacy and improving effi-
ciency [19]. Compared with centralized approaches, FL shows clear advantages in handling
heterogeneous data, resource-constrained devices, and limited bandwidth [20]. Recent
surveys highlight key challenges, including heterogeneous data modeling, device adapt-
ability, and communication optimization, while also reporting successful applications in
automotive, robotics, agriculture, energy, and healthcare [21].

Integration of FL with edge computing has also attracted attention. For instance, Liu
et al. proposed a software-defined Al-oriented edge framework for the IIoT, incorporating
a time series-based device selection and offloading method in federated learning, which
reduced training time by 30-50% and energy consumption by 35-55% compared to random
selection [22]. With the growing adoption of edge computing, end-edge-cloud collaboration
has become a dominant paradigm, enabling real-time monitoring and fault diagnosis
closer to the data source [23,24]. Dynamic resource allocation, cross-layer scheduling, and
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federated reinforcement learning have been identified as key strategies to further enhance
system performance [25].

Nevertheless, most existing work in FL for IIoT focuses either on improving commu-
nication [26] or computation efficiency [27]. The co-optimization of communication and
computation under simultaneous resource constraints has received little attention, a gap
this paper aims to address.

3. System Model and Problem Statement
3.1. System Architecture

We consider a three-layer (client-edge-cloud) architecture for large-model embedding
training in IIoT environments. In this architecture, clients are responsible for local feature
learning; edge servers handle local aggregation and regional parameter updates, while
the cloud server performs global aggregation and determines the scheduling strategy
for limited network-computing resources. This architecture is designed to maximize the
utility of the distributed computing resources and enhance communication efficiency under
limited bandwidth, thereby achieving an effective co-optimization for computation and
communication performance.

As illustrated in Figure 1, the system comprises three layers: cloud, edge, and client.
These layers are interconnected via wired links between the cloud and edge, and wireless
connections between the edge and clients. The architecture includes one cloud server,
m edge servers, and multiple clients. Formally, the set of edge servers is denoted as
M = {Mi,M;,..., My}, each associated with a dedicated set of clients. These clients,
deployed across workshops and production lines, continuously generate industrial data
streams. Due to their limited computational capacity, clients cannot train the full large
model. As a result, their task is focused on feature learning. Subsequently, they upload the
learned model parameters rather than raw data to their associated edge server, thereby
alleviating bandwidth load.
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Figure 1. A client-edge-cloud architecture of FL-based IIoT.

Each edge server M; manages its client set N; = {Nj1,Njp,...} and coordinates
the hierarchical training workflow. As illustrated in Figure 1, the global model is first
initialized at the cloud and distributed to all clients through their corresponding edge
servers. In Step 1, each client performs local feature learning for K2 iterations using private
data. Upon completion, the updated model parameters are uploaded to the edge server
in Step 2. After collecting the updates from scheduled clients, the edge server conducts



Mathematics 2025, 13, 3871

50f19

local aggregation in Step 3 and redistributes the aggregated parameters to its clients in
Step 4, completing one client-edge interaction round. This process repeats for K1 rounds.
Once K1 client-edge rounds are completed, the edge server uploads its aggregated model
parameters to the cloud for global aggregation (Step 3’ and Step 3”). The cloud then
broadcasts the updated global model back to all edge servers, which further forward it to
their clients (Step 3”"). This completes one global aggregation round. The entire hierarchical
training procedure continues for K global rounds. This hierarchical parameter exchange
mechanism is illustrated in Figure 2.

€-- K1 . <« cloud
=*--rounds "> server
&%
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Figure 2. The relationship of updating round in the client-edge-cloud architecture.

The cloud server, functioning as the global decision-maker, possesses substantial computa-
tion and storage resources. Its primary responsibilities include aggregating model parameters
from the edge servers and determining the optimal network-computing resource scheduling
strategy, which is subsequently disseminated to the edge servers and clients.

In this system, communication and computation are tightly coupled. The wireless uplink is
constrained by a maximum system capacity Q, limiting the number of simultaneous data streams.
For the downlink, the broadcast mechanism inherently avoids link contention, introducing only
a fixed delay that can be incorporated into the edge servers’ computation time.

Furthermore, the heterogeneous computational capabilities of clients, edge servers,
and the cloud server result in varying computing times, denoted as Tyient, Teage, and
Te1oud, respectively. T, also accounts for differences in the model structures across
clients. Critically, the gap between computation and communication times is not significant
enough to render the latter negligible. The communication time between a client N;; and
its edge server M, is denoted as T; ;. To simulate different wireless conditions, we assign
varying values to the wireless capacity. The communication time is then set based on
realistic magnitudes observed in practical network-computing environments.

3.2. Problem Statement

In the FL framework for network-computing co-optimization, the primary objective is
to achieve efficient feature learning. However, heterogeneity in device computing capacities
and bandwidth constraints poses significant challenges. Improper configuration of system
parameters can consequently slow down the global model’s convergence rate or even
degrade its final performance. Therefore, it is crucial to jointly optimize both computation
and communication performance.

The overall system performance is determined by two closely intertwined factors
described in Section 4. First, model accuracy is influenced by the client-side model structure
parameters and federated aggregation parameters. Second, the total training time is affected
by the scheduling strategy and the same set of aggregation parameters

It is important to note that increasing federated aggregation parameters (e.g., K, K1,
K2) to improve model accuracy inevitably increases either the computational workload
or the number of communication rounds, thus extending the overall training duration.
Similarly, increasing the complexity of the model structure to boost accuracy results in
longer computation times. Additionally, an improper Priority parameter can degrade the
aggregation process at edge servers. As a result, the system must jointly optimize multiple
interdependent parameters, including the model structure parameter «, the federated
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aggregation parameters K, K1, and K2, and the network-computing scheduling parameter
Priority, creating a multi-objective optimization problem.
Based on this formulation, the optimization objective of the system is defined
as follows:
min(wr X T + wjyes X 108S) (1)

where

T_total = f(Priority, K, K1, K2, Q),
loss = f(a, K, K1, K2).

where T denotes the normalized overall training time derived from the original value
T_total, and loss represents the global model’s training loss. The computation procedures
for T_total and loss are provided in Section 4. The weighting coefficients wr and wj,ss adjust
the trade-off between communication efficiency and learning accuracy, where assigning
a larger weight to one term emphasizes the importance of optimizing that aspect of the
system’s performance. Consequently, the overall training effectiveness is jointly determined
by the client-side model structure parameter «, the federated aggregation parameters K,
K1, and K2, as well as the network-computing scheduling priority parameter Priority.

To ensure fairness and comparability, the total training time T_fotal is transformed
into a normalized value T through the following exponential scaling:

T =1—exp(—1 x T_total) )

where 7 is a constant scaling factor. This transformation bounds T within the interval [0, 1),
aligning its magnitude with the typical range of model loss values and preventing the time
term from dominating the optimization objective solely due to scale differences.

Moreover, this weighted objective formulation enables flexible system optimization
under different operational priorities. When wr is assigned a larger value, the optimizer
tends to favor configurations that reduce communication and scheduling delays, even
at the cost of slightly higher loss. Conversely, increasing wj,s; encourages the search to
prioritize model accuracy, potentially tolerating longer training durations. This adjustable
balance allows the framework to adapt to diverse industrial scenarios where either rapid
convergence or high predictive quality may be preferred.

Furthermore, the scheduling must satisfy the communication constraint, ensuring
that the number of simultaneous data flows, which corresponds to the number of clients
transmitting data, does not exceed the maximum wireless network capacity Q in each
round. Additionally, the heterogeneous computational capabilities of the devices result in
varying computation times, which directly influence the overall training efficiency.

4. Algorithm Design

Building on the system architecture and problem statement described in Section 3, this
section proposes a communication and computation co-optimization method that adopts
a parameter search method based on the Kepler Optimization Algorithm (PSKOA). The
optimization is conducted across three key dimensions:

¢ K, K1, K2: These parameters govern the federated learning process across the client-
edge-cloud hierarchy. They control the number of local iterations and aggrega-
tion rounds, which are critical for balancing model performance with communica-
tion overhead.
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*  Priority: This parameter governs the sequence of client-side parameter transmis-
sion. An optimal priority scheme mitigates bottlenecks under bandwidth constraints,
thereby reducing the total training time and improving resource utilization.

*  a: This parameter defines the complexity of the feature learning model on each client.
Optimizing a enables resource-constrained clients to achieve accurate training while
adhering to their computational limits.

The three parameter sets are inherently coupled, K, K1, K2 and « jointly determine the
model accuracy, while K, K1, K2 and Priority collectively govern the training time. This
strong interdependence gives rise to a complex and non-convex solution space for the
multi-objective optimization problem.

To address this problem, we employ the Kepler Optimization Algorithm (KOA),
a swarm intelligence method inspired by orbital mechanics. KOA conceptualizes the
search process as a dynamic solar system, where the Sun represents the current best
solution, and planets symbolize candidate solutions. Guided by gravitational forces, the
planets iteratively adjust their trajectories to approach the Sun. This mechanism effectively
balances global exploration with local exploitation, making KOA particularly suitable for
our complex multi-objective optimization problem.

4.1. Encoding and Decoding of Solutions

In the optimization process, each planet corresponds to a candidate solution repre-
sented by a set of system configuration parameters. The position vector of a planet encodes
these parameters and is initialized as follows:

pl=pl

i low

+ rﬂnd[orl} X (P{lp — P]

low

i=1,2,..., Aqents_n,
), { s ©)

i=1,2,... dim,

where P; = [K, K1, K2, Priority, a] denotes the position vector of the i-th planet in the dim-

dimensional search space; P/ and Pflp represent the lower and upper bounds of the j-th

decision variable, respectivl:olv}\;, and randy 1) is a uniformly distributed random number
within [0, 1], ensuring that all planets are evenly initialized within the feasible solution
space; Agents_n denotes the total number of planets maintained in the search process of
the algorithm.

The gravitational mechanism that governs planetary motion is used to simulate the
search dynamics of candidate solutions. In physics, the Sun’s gravitational force keeps the
planets in elliptical orbits; without this force, the planets would travel in a straight line
toward infinity [28]. Similarly, in PSKOA, the best performing solution, referred to as the
Sun, generates a gravitational pull that influences all other candidate solutions (planets),
guiding them toward the most promising regions of the search space. Each planet has its
own gravitational strength, proportional to its fitness value, and its trajectory is influenced
by the attraction from the Sun.

After initialization, each candidate solution is decoded into a specific system configu-
ration and evaluated based on two optimization objectives: total training time (T_total)
and model loss (loss). The candidate solution with the best fitness is designated as the
Sun. During subsequent iterations, the motion of all other planets is governed by the
gravitational force exerted by the Sun. The attraction force of the Sun Ps and any planet P;
is defined as:

Fai(r) = e x p(e) x Ly @
Ri +¢
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where Mps and Mpl. denote the normalized masses of Ps and P;, respectively. These
quantities are obtained by normalizing the original masses Mp, and Mp, as defined in
Equations (6) and (7). In this formulation, the function Fhd(-) corresponds to the objective
function in this paper. ¢; is the eccentricity of the planet’s orbit, a value between 0 and 1,
introduced to endow KOA with a stochastic characteristic; y is a gravitational constant that
decays exponentially over time; € is a small positive constant to prevent division by zero; 14
is a value in the range [0, 1), introducing stochastic perturbations to enhance exploration.

R;(t) measures the Euclidean distance between the current system configuration P;
and the best-performing configuration Ps in the search space.

dim . . 2
Ri(t) = 1Ps(t) = P(t)l2 = | Y- (PL(H = P/()) " )
j=1
In this work, the Euclidean distance corresponds to the sum of the L2 norms com-
puted across all parameter dimensions between the current configuration and the current
optimal configuration, capturing how far a candidate solution deviates from the optimum.
The normalized value R; is then obtained by scaling R;(t) into the range [0, 1], enabling
consistent comparison across different optimization iterations.
The masses of the Sun and each planet i at iteration ¢t are computed directly from their
fitness values using the objective function Fhd(-) in Equation (12), as follows:

Fhdg(t) — worst(t)

P TS (Fhdy (1) — worst (1))
B Fhd;(t) — worst(t)
b= Agents_n : (7)
Yho1  (Fhd(t) — worst(t))
where

Fhds(t) =S t) = i Fhd,(t), 8
s(t) = Sun_score(t) e, k(t) (8)
worst(t) = max Fhd,(t). )

ke{1,2,...,Agents_n}

Here, 7 is a random number between 0 and 1, used to diversify the mass distribution
among planets. Fhd denotes the function used to evaluate the fitness of each planet as
shown in Equation (12), and Sun_score represents the best fitness value, corresponding to
the fitness of the Sun.

Under the gravitational force Fg defined in Equation (4), the position update for each
planet P; is governed by the following kinematic mechanism:

Pi(t+1) = Bi(t) + f x Vi(t) + (Fgi(t) + [r3]) x U x (Ps(t) — Pi(t)) (10)

where P;(t + 1) is the new position of planet i at time  + 1; f is a random sign factor with
equal probability of being +1 or —1, employed to randomly reverse the search direction
and thus promote exploratory behavior; V;(t) is the velocity of planet i required to reach
the new position; Fg;(t) is the gravitational force of planet i at time ¢; U is a binary mask
vector that selectively activates specific dimensions for update; |r3] is the absolute value of
a random variable drawn from a standard normal distribution, injecting Gaussian noise
to mitigate premature convergence; Ps(t) denotes the position of the Sun obtained up to
iteration t.

Overall, the Kepler Optimization Algorithm (KOA) is used to optimize the system
configuration parameters. Each planet represents a candidate solution and is first ran-
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domly initialized within the search space (Equation (3)). The fitness of each planet is then
evaluated using the weighted objective function(Equation (12)), from which its mass and
the inter-planet distances are computed (Equations (7) and (5)). Based on these values,
the gravitational force acting on each planet is obtained (Equation (4)), and the planet’s
position is updated accordingly, considering gravitational forces and orbital mechanics
(Equation (10)). This update follows Newton’s laws of motion and Kepler’s laws of plane-
tary motion. This procedure repeats until the maximum search rounds T,y is met, and
the planet with the best fitness is selected as the optimal system configuration. Through
this iterative process, KOA effectively explores the coupled parameter space and identifies
configurations that balance training accuracy and time.

In this work, the parameter Priority in P; defines the execution order of clients. The
presence of duplicate values in Priority would introduce ambiguity into the scheduling
sequence. Although uniqueness is guaranteed during initialization, duplicate values may
arise in the search process. To address this issue, we adopt a mapping scheme in Algorithm 1
to ensure that any duplicate values are transformed into unique ones. The specific mapping
rules are outlined as follows:

(1) When traversing the Priority vector, the first occurrence of a value is retained. Any
subsequent duplicate is flagged for replacement.

(2) Each duplicate entry Priority[i] is replaced by a value selected from the set of unused
integers R. The replacement value is determined by:

Priorityli] < R[Priority[i] mod ] (11)

where r denotes the number of elements in the unused set R.
(3) After replacement, the set R is updated by removing the assigned value, thereby
maintaining the uniqueness of all entries in Priority.

Algorithm 1 Parameters Search based on KOA

Require: the number of planets Agents_n,
the maximum search rounds Ty,
the initialized position of any planet i P;
Ensure: the optimal solution Sun Pg,
the best fitness value Sun_score

1: PL_Fit = Fhd(P;) for each planet i
2: Sun_score(0) < min(PL_Fit)

3: Ps(0) < Plargmin(PL_Fit)]

4: while t < T,y do

5 foreachi € [0, Agents_n) do

6: P_new; «+ P;

7: PL_Fitl = Fhd(P_new;)

& if PL_Fitl < PL_Fit[i] then
9 PL_Fit[i] = PL_Fitl

10: P; = P_new;

11: if PL_Fit[i] < Sun_score then
12: Sun_score(t) = PL_Fit][i]
13: Ps(t) = P;

14: end if

15: end if

16:  end for
17: end while
18: return Pg, Sun_score
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4.2. Parameters Search

The parameter search method based on the Kepler Optimization Algorithm (PSKOA)
is presented in Algorithm 1. In each iteration, the fitness of the current best solution (Sun),
denoted Sun_score, evaluates overall system performance. This fitness is computed using
the weighted function in Equation (12), which combines two metrics: model loss (loss) and
total training time (T_total), computed by Algorithm 2 and Algorithm 3, respectively.

Fhd(P;) = wr X T + wjyss X loss (12)

where, wr and wj, are weights that balance the system’s preference for communication
efficiency (minimizing time) against computation accuracy (minimizing loss). This formu-
lation achieves the joint optimization of both objectives, and the configuration yielding the
minimum Sun_score is selected as the optimal solution.

Algorithm 2 Federated Learning Computing

Require: M]-, M, Nj,i/ N]-, K, K1,K2, «
Ensure: Global model average loss loss
1: for global_epoch = 1to K do
Distribute global model to clients as initialized /updated local models
3 for M; € Mdo
4 for local_epoch =1 to K1 do
5 for N]',l' € N] do
6: Client N;; trains local model for K2 iterations using local data
7
8
9

end for
Edge server M; aggregates parameters from connected clients
Edge server M; redistributes updated parameters to clients
10: end for
11:  end for
12 Cloud server updates global model
13:  Calculate global model average loss loss
14: end for
15: return loss

Given a specific set of configuration parameters (Priority, K1,K2,K3, a), the corre-
sponding loss and T_total are first obtained, and then the overall fitness value is derived
accordingly. This fitness value serves as the optimization criterion that guides plane-
tary position updates in KOA, enabling the algorithm to iteratively converge toward the
optimal configuration.

The process of planetary position updating is described in Algorithm 1. First, all
candidate planets are initialized and evaluated, and the best one is selected as the Sun (Lines
1-3). The algorithm then enters the iterative phase, where each planet updates its position
based on KOA's orbital mechanics model and subsequently undergoes re-evaluation (Lines
4-7). The fitness of the updated position P_new; (Line 7) is calculated by decoding it into
a system configuration, computing the loss and T metrics using Algorithms 2 and 3, and
then applying Equation (12) to obtain the final fitness value. If any updated planet achieves
a fitness superior to that of the current Sun, it replaces the latter as the new global best
solution (Lines 8-13). This iterative search continues until the maximum search rounds
Tinax is met, after which the algorithm returns the optimal configuration (Sun) and its
corresponding fitness value (Sun_score).
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Algorithm 3 Federated Learning Scheduling

Require: Scheduling strategy Priority
Federated aggregation parameters K, K1, K2
Computation time: Tejient, Tedges Teioud
Communication time between client and edge server: T; ;
Wireless communication maximum capacity Q
Maximum scheduling time TIME
Ensure: Total model training time T_total
1: Initialize states of clients, edge servers, and cloud server
2t 0
3: while t < TIME do

4 fork=1toKdo
5: Schedule clients based on Priority and Q
6: forkl =1to K1do
7: Clients compute: K2 local iterations taking time Tj;,,,; each iteration
8: Clients communicate with edge servers: time T; ;
9: Edge servers aggregate: time Ty,
10: end for
11: Cloud server aggregates: time T,,,4
12 end for
13 t«t+1
14:  if scheduling completes then
15: break
16:  end if

17: end while
18: T_total <t
19: return T total

It is important to highlight that each parameter update in the algorithm necessitates a

full re-evaluation of the candidate solution, which introduces considerable computational

overhead, even for small changes. However, the performance of FL remains largely un-
affected when the parameter combination (K, K1, K2, ) stays the same. To address this
inefficiency, we introduce a query table in line 7 of Algorithm 1, which stores previously

evaluated parameter combinations along with their corresponding loss values. When

evaluating a new candidate solution, the algorithm first checks the table for an existing

match. If a match is found, the precomputed loss value is used directly; if no match exists,

the loss is computed using Algorithm 2 and the result is then added to the table. This

approach effectively eliminates redundant computations, optimizing the overall process.

The loss loss is calculated as described in Algorithm 2. Firstly, clients receive the

initialized global model (Line 2) and conduct local training for K2 iterations on their local

datasets. Upon completing local training, they conduct client-edge interactions for K1

rounds (Lines 4-10). Finally, a global aggregation is performed at the cloud server (Line 12).

The resulting global average loss, denoted as loss, serves as the metric for evaluating the

client-side model’s performance throughout the training process.

Unlike the traditional two-layer FL architecture, this paper introduces an additional

layer of edge servers, which aggregate the connected clients and transmit the aggregated

model parameters to the cloud server.

Accordingly, the computational complexity of the process is O(K x (K1 +agg(-)) x
(K2 x clients x tra(-) + agg(-))), which can be denoted as O(n* x tra(-)). Here, agg(-)
denotes the aggregation time at the edge or cloud server, and tra(-) represents the client-

side training time for one iteration. When calculating the loss loss using Algorithm 2,

maintaining the storage table for loss values significantly reduces the overall computational

cost by avoiding redundant tra(-) operations.
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Algorithm 3 calculates the total training time T_total under the communication con-
straint Q. The procedure begins with device initialization (Line 1). Each client then performs
local computation for K2 iterations, consuming a local computation time of T,j;,,; per it-
eration. According to the scheduling order determined by Priority, clients communicate
with their corresponding edge servers, where each communication takes a duration of
T;; (Lines 5-8). Subsequently, the edge servers perform aggregation, requiring a time of
Tedge (Line 9). After completing K1 rounds of client-edge interactions, global aggregation
is carried out at the cloud server (Line 11), which consumes T,;,,,;. When the number of
global updates reaches K, the scheduling process terminates, and the algorithm returns the
total time consumed by the entire training process, denoted as T_total.

In this scheduling process, FL involves three-layer communication with a time com-
plexity of O(K x K1 x K2). Moreover, in Algorithm 3, each client is required to commu-
nicate. Therefore, the overall time complexity is O(K x K1 x K2 x clients), which can be
denoted as O(n*).

Through this design, the PSKOA algorithm effectively searches multidimensional
parameter space (Priority, K1, K2, K3, «), with its fitness function integrating both commu-
nication and computation objectives.

5. Performance Evaluation

This section evaluates the proposed PSKOA method in comparison with traditional
parameter search approaches based on Genetic Algorithm (PSGA) and Particle Swarm
Optimization (PSO). The evaluation is conducted from three perspectives: (1) Overall
system performance, measured by the weighted indicator Sun_score, which integrates
both communication (T_total) and computation (loss) performance; (2) Communication
performance, measured by Sun_T_total, representing the training time of the current opti-
mal solution and reflecting the efficiency of synchronization and data transmission among
client-edge—cloud devices; and (3) Computation performance, measured by Sun_loss, rep-
resenting the final model loss associated with the optimal configuration and indicating the
quality of the trained model. We conduct a series of evaluations under different system
resource configurations to compare PSKOA with benchmark algorithms and validate its
effectiveness in IloT environments.

5.1. Experimental Setup

In the evaluation, we simulate a client-edge-cloud architecture consisting of 15 clients,
3 edge servers, and 1 cloud server. Preliminary evolutions showed that setting the global
aggregation rounds K = 100 enables stable convergence, with the global model loss
reaching a consistently low level. Figure 3a,b illustrate the loss trajectories under different
K values when K1 = 12 and K1 = 16. Although increasing K generally reduces the loss,
the improvement becomes marginal once K exceeds 100. Specifically, the curves for K = 200
and K = 300 show little additional gain compared with K = 100 while incurring significantly
higher communication cost. Therefore, K = 100 is selected as a balanced choice between
convergence performance and communication overhead, and we subsequently fix K at this
value while optimizing the client local training rounds K2 and edge aggregation rounds K1.

We utilize a Recurrent Neural Network (RNN) as the base model and train it on
the AWE dataset [29], a vibration signal dataset containing 23,436 labeled samples. Each
sample represents a vibration signal segment annotated with equipment health status (e.g.,
“Fault-4 mm” or “Normal”). To evaluate the effectiveness of PSKOA in joint communication
and computation optimization, we compare it against six baseline methods, including
variants based on KOA, GA, and PSO, as summarized below:
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¢  Parameter search based on Kepler Optimization Algorithm (PSKOAd): This algorithm
employs KOA to jointly optimize all parameters, including K1, K2, Priority, and «,
explicitly balancing model accuracy and training time.

*  Parameter search based on Kepler Optimization Algorithm with given Priority
(PSKOAg): This variant uses KOA to optimize K1, K2, and « under a fixed Priority,
disregarding communication scheduling.

¢  Parameter search based on Genetic Algorithm (PSGAd): GA is employed to optimize
all parameters, including K1, K2, Priority, and &, balancing model accuracy and
training time.

¢ Parameter search based on Genetic Algorithm with given Priority (PSGAg): GA
optimizes K1, K2, and « under a fixed scheduling Priority.

*  Parameter search based on Particle Swarm Optimization (PSOd): PSO is used to jointly
optimize all parameters, including K1, K2, Priority, and «, balancing accuracy and
training time.

*  Parameter search based on Particle Swarm Optimization with given Priority (PSOg):
PSO optimizes K1, K2, and « under a fixed Priority.

All six methods aim to optimize key parameters to balance model performance and
training efficiency. The simulations are implemented in Python 3.10 on a machine equipped
with an NVIDIA GeForce RTX 3080 GPU.

K_K1_16
, K K1 12 R _K1_
K200 —— K300 K200 — K300
1.6 1.6
—K50 ——K100 —K50 —— K100
1.2 1.2
a a
o o
- 038 - 0.8
0.4 0.4
0 0 = —
0 50 100 150 200 250 300 0 50 100 150 200 250 300
global round global round
(a) K1 =12 (b) K1 = 16

Figure 3. Training loss under different global aggregation rounds K for (a) K1 = 12 and (b) K1 = 16.

5.2. Simulation

The simulation evaluates the proposed PSKOA method under different system con-
figurations, focusing on three key factors: the weighting between loss and T_total in
the Sun_score, the search range of client-edge interaction rounds K1, and the network
communication capacity Q.

5.2.1. Weighting of loss and T_total

In the first set of evolutions, the weights of training loss (loss) and total training time
(T_total) are set to 0.6 and 0.4, respectively. The search range for K1 is defined as (8,22),
and the network communication capacity is fixed at Q = 5.

Figure 4a shows how the Sun_score evolves with the number of search rounds. All six
methods gradually improve system performance as the search progresses, with PSKOAd
consistently achieving the lowest Sun_score (around 0.5), indicating superior optimization
capability. This advantage arises from KOA’s mechanism of generating new candidate solutions
around the current Sun, which helps avoid premature convergence. In comparison, PSO
performs slightly worse, and GA is more prone to getting trapped in suboptimal solutions.
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Furthermore, Figure 4b depicts the client-side loss trajectories under each method’s
optimal configuration. PSKOAd demonstrates superior convergence, reaching a loss of
0.07 in just 21,389 time units. This outperforms PSGAd (0.12 loss in 24,688 units) and PSOd
(0.8 loss in 22,069 units), representing a 41.7% loss reduction and 13.4% faster training than
PSGAd, and 12.5% lower loss with 3.1% shorter time than PSOd. These results confirm
that optimizing the Priority parameter enhances performance by improving client-edge
communication efficiency. As similar trends were observed in other settings, subsequent
analyses omit these curves for brevity.

client_loss
s 2 =
un_score
1 = L‘\\ —PSKOAd —— PSKOAg
0.9 —— PSKOAd ---- PSKOAg 16 W PSGAd PSGAg
PSGAd PSGAg Wy ——pPsod ——PsOg
08 —Psod  ---- PSOg nl2
(%]
k=]
0.8
04 s Mg ‘
RS ity b [
0
0.4 0 5000 10,000 15,000 20,000 25,000
0 10 20 30 40 50 60 .
search round time
(a) (b)
Figure 4. (a) Relationship between Sun_score and the number of search rounds when the weight
ratio of loss to T_total is set to 0.6:0.4. (b) Variation in client-side loss over time after applying the
optimal solutions obtained by different methods under the same weight setting (0.6:0.4).

Figure 5a,b present the evolution of Sun_loss and Sun_T _total, respectively, under the
weight configuration (w,ss = 0.6, wy = 0.4). As shown in Figure 5a, PSKOAd achieves the
lowest training loss throughout the search process, demonstrating its strong optimization
capability. In contrast, PSGAg yields the highest Sun_loss, while the two PSO-based
methods (PSOd and PSOg) maintain moderate performance, converging faster than the
GA-based variants but remaining inferior to PSKOAd.

Sun_loss Sun_T_total
0.8 80,000
0.7 —— PSKOAd ---- PSKOAg 70,000 ——PSKOAd  ==--- PSKOAg
06 PSGAd PSGAg PSGAd PSGAg
0.5 — PSOd  ----PSOg __ 60,000 ——pPSOd~ ----- PSOg
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@ (b)

Figure 5. When the weight ratio of loss to T_total is set to 0.6:0.4. (a) Relationship between

Sun_loss and the number of search rounds. (b) Relationship between Sun_T_total and the number of
search rounds.

In terms of training time, Figure 5b shows that PSKOAd converges to approximately
2000 time units, achieving the best performance among all algorithms. Both PSO variants
converge more quickly than their GA counterparts, but still require a longer duration than
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PSKOAJ. PSGAg again performs the worst, taking substantially more time to converge.
This inferior performance is primarily attributed to its fixed Priority, which prevents
effective adjustment of network—computing resource allocation during optimization.

Overall, the results indicate that system performance in industrial FL hinges on
a proper balance between training loss and training time. By jointly optimizing com-
munication and computation parameters, the proposed PSKOA method achieves faster
convergence and higher model accuracy, demonstrating superior efficiency under IloT
resource constraints.

When the weights are set to 0.8 for loss and 0.2 for T_total, with K1 € (8,22) and Q =5,
the relationship between Sun_score and the number of search rounds is shown in Figure 6a.
Three algorithms ultimately converge to the same optimal Sun_score of about 0.53, with
PSKOAG reaching this point the fastest, in only 11 rounds. The PSO-based methods (PSOd
and PSOg) also approach this optimum but at a slower pace, reflecting KOA’s stronger
global search ability and its effective use of Priority optimization. Figure 6b shows the
results when the weight ratio is changed to 0.9 for loss and 0.1 for T_total. As expected, the
Sun_score of all six methods decreases as the search progresses. Within the first 20 rounds,
PSKOAd and PSKOAg converge to a Sun_score of approximately 0.4, whereas the GA-
based methods (PSGAd and PSGAg) remain near 0.5. The PSO algorithms again show
moderate performance, better than GA but consistently inferior to KOA. These comparisons
collectively demonstrate that KOA achieves a more effective balance between exploration
and exploitation than both GA and PSO, resulting in faster and more stable convergence.

Sun_score Sun_score
1 1
0.9 —— PSKOAd ---- PSKOAg 0.9 — PSKOAd ---- PSKOAg
PSGAd PSGAg PSGAd PSGAg
0.8 ——psod ----PsSOg 0.8 —— PSOd  ---- PSOg
g o
0 0.7 o 0.7
Q Q
wn %)
0.6 fegismsemm—mm 0.6
— A >
0.5
0.4
0 10 20 30 40 50 60 0 10 20 30 40 50 60
search round search round

(a) (b)

Figure 6. (a) Relationship between Sun_score and the number of search rounds when the weight ratio
of loss to T_total is 0.8:0.2. (b) Relationship between Sun_score and the number of search rounds
when the weight ratio of loss to T_total is 0.9:0.1.

5.2.2. Parameter Search Scope

Figure 7 illustrates the relationship between Sun_score and the number of search
rounds, with weights settings of 0.6 for loss and 0.4 for T_total, K1 € (12,26), and Q = 5.

It is noteworthy that the value range of K1 directly affects the optimization process.
As illustrated in Figure 7, when K1 is searched within the interval (12, 26), the Sun_score
curves of all approaches, including PSKOA, PSGA, and the PSO-based baselines (PSOd and
PSOg), show a clear performance degradation compared with the case where K1 ranges
in (8, 22). Although PSKOAJ still achieves the best solution among all algorithms, its
Sun_score increases noticeably in the larger search range, indicating that an excessively
large K1 leads to suboptimal system behavior. Therefore, selecting an appropriate K1
interval is crucial for achieving better overall performance.



Mathematics 2025, 13, 3871

16 of 19

1 Sun_score
—— PSKOAd ---- PSKOAg

0.9 PSGAd PSGAg

08 [l —Psod  ----PSOg
] A
5 N
Q07 | % NS
“ \ remeepmeee——— \

0.6 X

0.5

04

0 10 20 30 40 50 60

search round

Figure 7. Relationship between Sun_score and the number of search rounds for K1 ranging in (12, 26).

5.2.3. Communication Capacity

Figure 8a presents the relationship between Sun_score and the number of search
rounds when the network communication capacity is constrained to Q = 3, with the loss
weight set to 0.6, the time weight set to 0.4, and the search range of K1 defined as (8, 22). Un-
der this setting, PSKOAg converges the fastest within approximately 5 search rounds, yet
the resulting solution is inferior. In contrast, PSKOAd requires around 18-19 search rounds
to converge but achieves the lowest Sun_score among all approaches. The PSO-based vari-
ants (PSOd and PSOg) also exhibit slower improvement and stabilize at higher Sun_score
values. Compared with the case of Q = 5, all algorithms produce larger Sun_score val-
ues when Q = 3, indicating performance degradation. This trend demonstrates that
limited communication capacity prolongs the training process and reduces the overall
system performance.

Figure 8b illustrates the case when the communication capacity is increased to Q =7,
with the same weight settings (wj,ss = 0.6, wr = 0.4) and K1 € (8, 22). PSKOA achieves a
Sun_score close to 0.5, substantially lower than the approximately 0.6 achieved by PSGA.
PSGAg becomes trapped in a local optimum, while PSKOA continues improving through-
out the search. These results confirm that KOA more effectively leverages increased
communication resources to achieve superior optimization performance.

Sun_score 1 Sun_score
1
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Figure 8. (a) Relationship between Sun_score and the number of search rounds when network
communication capacity Q = 3. (b) Relationship between Sun_score and the number of search
rounds when network communication capacity Q = 7.

By explicitly incorporating both network-computing latency, the proposed method
more faithfully reflects the constraints of real industrial environments, thereby enhancing
its practical relevance and deployment feasibility. Moreover, extensive evolutions under
diverse system configurations and resource conditions demonstrate that the method re-
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mains consistently effective and robust across a wide range of application scenarios, further
underscoring its suitability for real-world IloT systems.

6. Conclusions

This paper presented a collaborative optimization framework for efficient large model
embedding training under constrained network—-computing resources in IloT environ-
ments. The proposed framework integrates client-side feature learning, hierarchical
client-edge—cloud federated aggregation, and network-computing resource scheduling
into a unified multi-objective optimization problem. To effectively solve this problem, we
propose a parameter search method based on the Kepler Optimization Algorithm (PSKOA),
which extends the original KOA with a process information storage mechanism to reduce
redundant computation.

Extensive evaluations demonstrate that PSKOA consistently outperforms existing
baseline methods. In particular, PSKOAd achieves approximately 41.7% lower model
loss and 13.4% shorter training time than PSGAd, while also improving model accuracy
by about 12.5% and reducing training time by 3.1% compared with PSOd. These results
confirm that jointly optimizing model structure parameters, federated aggregation parame-
ters, and scheduling priority substantially improves training efficiency and convergence
performance. The consistent trends observed across different resource settings further
validate the robustness and practicality of the proposed framework. Future work will
explore extending PSKOA to heterogeneous multi-modal federated learning, as well as
developing adaptive and intelligent scheduling mechanisms capable of handling dynamic
network conditions and evolving resource constraints.
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Nomenclature

M the set of edge servers

M; one edge server

N; the client set connected with edge server M;

N;; one client connected with edge server M;

Q the system maximum capacity of wireless communication
Teliont the computing time in clients

Tedge the computing time in edge servers

Teioud the computing time in the cloud server
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T; the communication time between the client N;; and the edge server M;
K2 the round of iterations performed by clients using local data
K1 the round of client-edge interaction within a global model update cycle
K the round of global model updating
« the client model structure parameter
Priority  the network-computing resource scheduling strategy
Ps the position of the Sun
P the position of any planet i
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