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Abstract—Through conducting equivalent model training with-
in the paradigm of edge intelligence, the Digital Twin Edge
Networks (DITEN) have been widely employed in the Industrial
Internet-of-Things (IIoT) to facilitate the cost-effective execu-
tion without the operational disruption. However, due to the
insufficient consideration of heterogeneity in computing and
communication capabilities of distinct industrial terminals in the
Digital Twin (DT) model training, the existing approaches of
DT construction/update have unbalanced model training cost
and loss in the whole life cycle of DT model, hindering the
abilities of quick responding to complex and dynamic produc-
tions and ensuring the data consistency of virtual-real space.
To address this issue, we define a global loss minimization
problem with constraint, and propose an original approach
of semi-asynchronous federated learning, named EDT-SaFL, as
a promising solution. Considering the collaborative utilization
of heterogeneous resources, and the contribution of local data
quantity and quality to the global model update, the EDT-
SaFL consists of three important operations, Terminal Selection
for Model Training, Self-Adaptation of Local Training Iterations,
and Semi-asynchronous Global Aggregation. With the analysis
of convergence, complexity and communication overhead, the
experiments have evidently demonstrated the superiority of EDT-
SaFL on the datasets of CIFAR-10 and Industrial-Equipment.

Index Terms—Industrial Internet-of-Things, Digital Twin,
Edge Intelligence, Semi-Asynchronous Federated Learning.

I. INTRODUCTION

ADDRESSING the intelligent manufacturing needs and
avoiding the critical time and resource consumptions

caused by traditional trial-and-error methods, as well as the
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unpredictable risks arisen by operational disruption, the Digital
Twin (DT) as a popular technology has been widely employed
in the Industrial Internet-of-Things (IIoT) owing to the inher-
ent advantages in virtual-real collaboration [1–4]. Neverthe-
less, as a typical deterministic network, the IIoT has a strict
requirement of service response delay during the interaction
between DT models and physical systems. With the advantage
of low-latency service, the edge computing can provide a
strong support for the DT implementation in complex IIoT
scenarios, addressing the extremely high requirements of real-
time and high-reliability data processing [5, 6]. Therefore,
with the combination of advantages inherent in DT and edge
computing, the Digital Twin Edge Networks (DITEN) as a
research hotspot have attracted extensive attention from both
academia and industry, being widely employed in the IIoT
scenarios including product design, fault diagnosis, decision
support, and predictive maintenance [7–9].

In the DITEN for IIoT, to improve the overall service per-
formance, the DT construction/update as an involved operation
is of paramount importance, which should employ appropriate
modeling methods to accurately map the practical physical
scenarios in terms of the deep understanding of characteristics
and behaviors of the industrial systems. However, there are
still no standard definition, unified framework, or implemen-
tation approach for DT construction/update [10, 11]. As a
popularity, the physical-principle based modeling method is
incompetent in guaranteeing the accuracy and reliability of DT
model, while the data-driven modeling method can achieve
higher precision and more intelligent DT model through
artificial intelligence technologies, e.g., machine learning, data
mining and deep learning [12, 13]. The machine learning
techniques can realize the DT model training and prediction
on a large amount of data, and improve the efficiency and
accuracy while ensuring the DT reliability. The data mining
techniques can automatically discover the data association and
the hidden rules in the DT, providing the accurate prediction
and decision support. The deep learning techniques can enable
higher levels of data abstraction and autonomous decision-
making [14, 15].

In complex and dynamic intelligent manufacturing scenar-
ios, the industrial systems often consist of subsystems with
multiple variables and interrelated factors [16]. The construct-
ed DT models should accurately represent the corresponding
multi-dimensional physical characteristics including geometry,

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2025.3595117

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Universitaetsbibliothek der TU Wien. Downloaded on August 06,2025 at 09:37:42 UTC from IEEE Xplore.  Restrictions apply. 



2

physics, behavior and rules, and be constantly updated in real-
time to maintain the data consistency of virtual-real space.
Therefore, with the ability of necessitating the model train-
ing based on physical data, the data-driven method is more
applicable for the DT construction/update in the DITEN for
IIoT [17]. Nevertheless, with the data-driven method, given
the limited number of model parameters on edge servers, the
heterogeneous industrial terminals with a large amount of local
data are necessitated to participate in the DT model training
to provide the abundant local trained model parameters, while
addressing the distinct and strict requirements on privacy,
delay and accuracy in intelligent manufacturing scenarios [18].
Therefore, with the advantages of protecting data privacy,
reducing communication cost, improving model quality, and
conducting multi-party cooperation, the federated learning
(FL) is an appropriate option to aggregate a global DT model
through training local models [19, 20].

Before the global model update, the synchronous FL re-
quires the edge parameter server to wait for all terminals
completing the local updates, in which, it is unnecessary to ex-
ecute the frequent local model transmission, but would impose
a great increase in waiting delay while updating the global
model [21–24]. To reduce the waiting delay of global update
and improve the global model performance, the asynchronous
FL also has garnered significant interest. Although the asyn-
chronous FL can mitigate the waiting delays of transmitting
local model parameters while conducting the global update,
the aggregation of global model in a completely asynchronous
manner might lead to the obsolescence of some local models,
reducing the accuracy of the global model. Meanwhile, the
frequent transmission of local model parameters is necessary
in the asynchronous FL, which would cause the substantial
communication overhead [25–29].
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Fig. 1. Influence of the heterogeneity on DT model training cost and loss.

With the advantages of FL, acknowledging the aforemen-
tioned solutions are efficient in specific scenarios of DT con-
struction/update, however, the critical heterogeneity in com-
puting and communication capacities on the distinct industrial
terminals participating in the DT model training, has not
been fully addressed in either the synchronous FL or the
asynchronous FL [30]. As shown in Fig. 1, in a DITEN for
industrial scenario, due to the heterogeneity, the industrial
terminals have different local training delays. With the syn-

chronous FL, the global update in each training episode needs
to wait for the moronic terminals, also known as straggler
terminals, completing the local training, which would lead
to the lag-effect imposing the negative impact on the global
model. Although the asynchronous FL does not require the
long waiting delay, the global model is updated frequently. As
a result, compared to the latest global model, the local models
trained at the moronic terminals would be outdated, leading
to the obsolescence negatively influencing the global model as
well. Therefore, the heterogeneity has a crucial impact on the
insufficient balance on DT model training cost and loss due
to the lag-effect and obsolescence, and the DT can neither
effectively address the IIoT service requirements with strict
response delay nor ensure the data consistency.

With this motivation, addressing the heterogeneity of in-
dustrial terminals, we investigate an approach of semi-
asynchronous FL for DT construction/update in the DITEN for
IIoT. To improve the balance of training cost and loss for the
DT construction/update in the whole life cycle of DT model,
the optimization objective is defined as minimizing the training
loss of the global model with the constraint of maximum ac-
ceptable global training delay, and then, through combining the
advantages of both synchronous FL and asynchronous FL, and
mitigating the lag-effect inherent in the synchronous FL and
the obsolescence issue in the asynchronous FL, we propose
a new approach of semi-asynchronous FL, named EDT-SaFL,
to offer a promising solution. The main contributions of this
paper are summarized as follows.

• To effectively coordinate the heterogeneity for achieving
the efficient utilization of heterogeneous computing and
communication resources on training industrial terminals,
a semi-asynchronous global update mode is designed
with the definition of staleness. In which, a theorem
is presented and proven to deduce the number of syn-
chronous/asynchronous updates in a training episode,
on the basis, the model parameters transmission delay,
and the global aggregation delay are derived. Further,
the global optimization is formulated as a minimization
problem with constraint.

• For selecting the appropriate industrial terminals to par-
ticipate in the DT model training, the Terminal Selec-
tion for Model Training is designed in the EDT-SaFL,
in which, the Upper Confidence Bound (UCB) based
optimistic estimation strategy is developed to determine
the distinct capability of heterogeneous terminals, the
Gradient Norm Value (GNV) indicating the importance
of local data for global model update and convergence is
also defined, and the weighted sum of terminal capability
and GNV is used to provide the decision basis.

• With the selected terminals, for adaptively adjusting the
number of local training iterations to alleviate both lag-
effect and obsolescence of local models on the training
accuracy in the global aggregation, and balance the model
training cost and loss, the Self-Adaptation of Local
Training Iterations is designed in the EDT-SaFL, where
the number of local training iterations on a training termi-
nal is adapted to the heterogeneity of inherent computing
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power, the local data volume and quality.
• With local trained model parameters, for alleviating the

problem of lag-effect and obsolescence while conducting
the global aggregation, the Semi-asynchronous Global
Aggregation is designed, in which, the staleness is in-
troduced to modify the local trained model parameters
for mitigating the inconsistency between the local model
parameters and the global ones, and with the stated semi-
asynchronous global update mode, the weighted method
is employed to aggregate the global model parameters
mapping in the DT layer to form the global DT model.

The rest of this paper is organized as follows. In Section
II, the schema of EDT-SaFL is presented, and the semi-
asynchronous global update mode is elaborately designed. In
Section III, the deduced delays caused in a training episode,
and the optimization problem of global loss minimization with
constraint are formulated. In Section IV, the proposed EDT-
SaFL is thoroughly presented. In Section V, the convergence,
complexity and communication overhead of EDT-SaFL are
analyzed. In Section VI, the experimental results and compar-
ative analysis are discussed. Finally, we summarize this paper
and discuss future research issues in Section VII.

II. SCHEMA

For the DT construction/update in the considered DITEN
for IIoT, there are |<| heterogeneous industrial terminals, < =
{r1, r2, ..., r|<|}. To address the heterogeneity of industrial
terminals participating in the DT model training, as shown in
Fig. 2, a semi-asynchronous FL based solution, named EDT-
SaFL, is proposed to balance the training cost and loss in the
whole life cycle of DT model, in which, the involved symbols
and the corresponding explanations are summarized in Table I.

TABLE I
INVOLVED SYMBOLS AND EXPLANATIONS.

Symbols Explanations
<N The set of terminals selected for the local training, {r1, ..., ri, ..., rN}
<a The set of selected terminals conducting the asynchronous global update
<s The set of selected terminals conducting the synchronous global update
η The learning rate
λ0 The initial training iterations assigned to each selected terminal
Di The local data volume on ri
|w| The data volume of trained model parameters
F (wk) The loss function of global model parameters wk in the (k − 1)-th episode
fi(w

k
i ) The loss function of local model parameters wki on ri

gk−1i The gradient of fi(wk−1i )
ψg The global model version number
ψli The local model version number on ri
θi The difference between ψg and ψli, named staleness
s(θi) The inconsistency between the local model and the global model
ψ The predefined threshold for staleness
T k The total time cost in the k-th training episode

T LTk , T TRk , T AGGk

The local training delay, the model parameters transmission delay
and the global aggregation delay in the k-th training episode

T LTk,i The local training delay on ri
Tmax The maximal acceptable global training time cost
λi The local training iterations obtained by Self-Adaptation of Local Training Iterations
Ci The computing power of ri
ci The number of CPU cycles required to train a data sample on ri
vi The data transmission rate on ri
n The number of synchronous updates
cu The number of CPU cycles required to aggregate one unit of data
Ce The computing power of the edge server

βτi
A binary variable representing whether ri is selected for the local
model training in the τ -th episode

ĉki The UCB-based computing power of ri
c̃ki The relative computing power of ri
∆k
i The confidence radius of UCB

v̂ki The UCB-based communication capability of ri
ṽki The relative communication capability of ri

In each training episode, the global model parameters w at
the edge server are firstly distributed to N superior industrial

terminals selected by the Terminal Selection for Model
Training, that is, <N ⊂ <. On the selected terminal, ri
(ri ∈ <N ) iteratively trains w with the local private data
based on the iterations determined by the Self-Adaptation
of Local Training Iterations. After the local training, the
local model parameters are sent back to the edge server,
and the global model parameters are updated by the Semi-
asynchronous Global Aggregation. With the updated global
model parameters, the decision-making of global aggregation
is finally made in the DT layer to form the global DT model.

Fig. 2. Semi-asynchronous FL based solution.

In the solution, to address the issues of lag-effect and
obsolescence caused by the heterogeneity of industrial termi-
nals, a global model version number ψg at the edge server,
a local model version number ψli on ri, and the difference
between ψg and ψli, θi = ψg − ψli, named the staleness, are
introduced. In the k-th training episode, assuming that <a and
<s respectively are the set of selected terminals conducting the
asynchronous global update and conducting the synchronous
global update, after the local training on ri, the local trained
model parameters will be immediately uploaded to the edge
server, and θi will be checked with the predefined threshold
ψ. Accordingly, the edge server will conduct the global update
with the semi-asynchronous mode stated as follows.

• If θi < ψ, with the asynchronous global update, the
global model parameters would be immediately updated
with the local ones uploaded from ri, and the global
model version number would be updated to ψg ← ψg+1.
During the process, ri → <a, and the other selected ter-
minals, rj ∈ <N−<a−<s, still perform the local model
training with the previous global model parameters.

• If θi ≥ ψ, to cooperate with ri for completing the
synchronous update, the other selected terminals, rj\i ∈
<N − <a − <s, whose training iterations have not been
ended, would temporarily suspend the local training and
upload the local model parameters to the edge server.
After completely receiving the local model parameters
from ri and rj , the global model parameters would
be updated with the synchronous global update, and
ψg ← ψg + 1, ri → <s. Then, the updated global
model parameters would be distributed to those sus-
pended terminals, restarting the local training to finish

This article has been accepted for publication in IEEE Transactions on Mobile Computing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMC.2025.3595117

© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Universitaetsbibliothek der TU Wien. Downloaded on August 06,2025 at 09:37:42 UTC from IEEE Xplore.  Restrictions apply. 



4

Fig. 3. An illustration of conducting a training episode.

the preset training iterations. Correspondingly, the local
model version number on the suspended terminal would
be updated to ψlj ← ψg .

Notedly, within the executive process of the global update
determined by the checked staleness, those certain factors, e.g.,
real-time connectivity quality, would influence the process.
However, to ensure the robustness, stability and reliability
of the overall operation of the designed semi-asynchronous
global update mode, the determination should not be arbitrarily
changed with the operating environment. In fact, in the de-
signed Terminal Selection for Model Training, the complete
evaluation of the heterogeneity in computing and communica-
tion capacities on industrial terminals also can overcome the
immediate changes in the operating environment.

For clearly understanding the operation process of designed
semi-asynchronous global update mode, we give an illustration
shown in Fig. 3. For the sake of simplicity, ψ = 1. Meanwhile,
to ensure full discussions of all possible global updates and
full capture of the complete flow of solution, it is necessary
to configure sufficient number of terminals in the illustration,
and the number of terminals is set to 5. In the k-th training
episode, with the Terminal Selection for Model Training,
r2, r4 and r5 are selected for the local model training. To
alleviate both lag-effect and obsolescence of local models on
the training accuracy, the Self-Adaptation of Local Training
Iterations is adopted to determine the local training iterations
of selected terminals. Initially, ψg = 0 and ψli = 0, and the
global model parameters w1 are sent to the selected terminals
with the distribution delay TTRk,0 . On the superior r2, the local
model parameters wk2 are first obtained and uploaded to the
edge server. With the semi-asynchronous mode, on the edge
server, through checking θ2 = ψg − ψl2, that is θ2 = 0 and
θ2 < ψ, the global model parameters would be updated to w2

with an asynchronous global update, and ψg ← 1, r2 → <a.
Along with r4 finishing the local training, the local model

parameters wk4 are uploaded to the edge server. Similarly,
through checking θ4 = ψ, a synchronous global update would
be conducted. In this process, the training r5 would temporar-
ily suspend the local training and upload the local model
parameters to the edge server. After completely receiving the
local model parameters from r4 and the suspended terminal
r5, the global model parameters would be updated to w3,
and ψg ← 2, r4 → <s. Next, with the distribution delay
TTRk,syn = TTRk,0 , w3 would be distributed to r5 for restarting
the local training to finish the preset training iterations, and
ψl5 ← 2.

After receiving the local trained model parameters wk5 on
the edge server, θ5 < ψ is checked, and the global model
parameters are updated to w4 using the asynchronous global
update as the last one, ψg ← 3, r5 → <a. As soon as
the final global model parameters are obtained through all
selected terminals completing the local training, the k-th
training episode is completely conducted. To begin the next
training episode, k ← k + 1, ψg ← 0, ψli ← 0 and θi ← 0.

III. FORMULATION

As the stated semi-asynchronous global update mode, Tk
as the total time cost in the k-th episode that consists of the
local training delay T LTk , the model parameters transmission
delay T TRk , and the global aggregation delay T AGGk , that is,
Tk = T LTk + T TRk + T AGGk . The specific definitions of T LTk ,
T TRk and T AGGk are stated as follows.

1) Local Training Delay: Given the local training iterations
on the selected terminals, the distinct terminals would have
different local training delays. Since the selected terminals
perform the local training in a parallel manner, the local
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training in the k-th episode is completely finished only if
all selected terminals have finished the distinct local training
iterations, and the time cost, T LTk , would be the maximum in
the local training delays of selected terminals.

For ri, to assume that Ci and ci respectively denote the
computing power of ri and the number of CPU cycles required
to train a data sample on ri. The local training delay on ri
therefore can be defined as TLTk,i = λi·Di·ci

Ci , where λi is the
local training iterations obtained by Self-Adaptation of Local
Training Iterations, and Di is the local data volume on ri.
Therefore, T LTk can be defined as

T LTk = max

{
TLTk,i =

λi ·Di · ci
Ci

|ri ∈ <N
}
. (1)

2) Model Parameters Transmission Delay: For transmitting
the trained local model parameters to the edge server, the
Orthogonal Frequency-Division Multiple Access (OFDMA)
technology is employed to minimize the channel interference
among ri (ri ∈ <N ), with which, ri is assigned a distinct
sub-channel ensuring the equal bandwidth. With the Shan-
non formula, the data transmission rate can be defined as
vi = B · log2

(
1 + Pi·|gi|2

N0

)
, where B is the sub-channel

bandwidth, Pi is the uplink transmission power, gi is the
channel gain between ri and the edge server, and N0 is the
Gaussian noise power. In a training episode shown in Fig. 3,
the communication delays include the delay of distributing the
initial global model parameters to the selected terminals, the
delay of distributing the updated global model parameters to
the suspended terminals after a synchronous update, and the
transmission delay of trained local model parameters. Since
the data volume of model parameters is denoted as |w|, both
transmission delay and distribution delay can be defined as
|w|/vi.

In the k-th training episode, after completing the local
training on ri, it will upload the trained local model parameters
to the edge server that would trigger a global update with the
stated semi-asynchronous mode. Therefore, the total number
of global update is N . To deduce the model parameters
transmission delay and the global aggregation delay, it is
necessary to derive the number of synchronous/asynchronous
updates, and Theorem 1 is introduced here.

Theorem 1: In a training episode, if there are N terminals
selected for the local model training, with the predefined ψ,
there would be bN/(ψ + 1)c synchronous updates, and there
would be N − bN/(ψ + 1)c asynchronous updates.

Proof : Before the ϕ-th global update, assuming that the set
of selected terminals finishing the local training is <ϕ−1. With
the stated semi-asynchronous mode, if the ϕ-th global update
is synchronous, after the update, there is ψg = ϕ, and for the
suspended terminal ri (ri ∈ <N − <ϕ), there is ψli = ϕ. On
this basis, in the next ψ updates, the model version difference
on the selected terminals triggering the global update would be
always less than ψ, and the triggered global updates are always
conducted in an asynchronous manner. After the (ϕ + ψ)-
th update, there is ψg = ϕ + ψ, and for the terminal rj
(rj ∈ <N − <ϕ+ψ), there is still ψlj = ϕ. Therefore, at the
start of the next update, for the selected terminal triggering
this update, the model version difference would be equal to

ψ, and a synchronous update would be triggered. Accordingly,
we can come to a conclusion that there are ψ asynchronous
updates between any two synchronous updates, that is, if
there are n synchronous updates in a training episode, there
would be (n − 1) · ψ asynchronous updates. Additionally,
with the stated semi-asynchronous mode and the predefined
threshold ψ, there would be ψ asynchronous updates before the
first synchronous update, and a synchronous update would be
performed after every ψ+1 updates, that is, if ϕ%(ψ+1) = 0,
a synchronous update would be performed, otherwise, an
asynchronous update would be performed.

To sum up, in a training episode that the N selected
terminals conduct N global updates, if there are n synchronous
updates, there are ψ+(n−1)·ψ = n·ψ asynchronous updates,
and there is

n+ n · ψ ≤ N → n = bN/(ψ + 1)c . (2)

�
With the stated semi-asynchronous mode and Theorem 1,

the transmission delays involved in a synchronous update
consist of the upload delay of the local model parameters
on the suspended terminals and the delay of distributing the
updated global model parameters to the suspended terminals.
Therefore, for the n synchronous updates, the transmission
delays can be defined as bN/(ψ + 1)c · 2|w|vi .

Additionally, we would find that, if N%(ψ + 1) = 0, that
is, the remainder of N over ψ+ 1 is 0, the last global update
triggered by the selected terminal finally completing the local
training is a synchronous one, and T TRk should consist of the
distribution delay of initial global model parameters |w|vi and
bN/(ψ + 1)c · 2|w|vi . Otherwise, if N%(ψ + 1) 6= 0, the last
triggered global update is an asynchronous one, which should
consider the upload delay of local model parameters again.
Therefore, T TRk can be defined as

T TRk =


bN/(ψ + 1)c · 2|w|

vi
+
|w|
vi
, N%(ψ + 1) = 0,

bN/(ψ + 1)c · 2|w|
vi

+ 2 · |w|
vi
, N%(ψ + 1) 6= 0.

(3)
3) Global Aggregation Delay: To assume that the number

of CPU cycles required to aggregate one unit of data is cu,
and the computing power of the edge server is Ce. With the
stated semi-asynchronous mode, being similar to the defini-
tion of T TRk , T AGGk should be only the global aggregation
delay caused by the synchronous updates in the condition of
N%(ψ + 1) = 0, which is defined as

T SY Nk =

n∑
m=1

(N −m · ψ − (m− 1)) · |w| · cu
Ce

, (4)

in which, in terms of Theorem 1, since there are m · ψ
asynchronous updates and (m − 1) synchronous updates be-
fore the m-th synchronous update, N −m · ψ − (m− 1) is
the number of selected terminals participating in the m-th
synchronous update.

If N%(ψ + 1) 6= 0, T AGGk also considers the aggregation
delay of the last asynchronous update represented by |w|·cuCe .
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Therefore, T AGGk is defined as

T AGGk =

 T SY Nk +
|w| · cu
Ce

, N%(ψ + 1) 6= 0,

T SY Nk , N%(ψ + 1) = 0.

(5)

With the solution, to balance the training cost and loss for
the DT construction/update in a training episode, addressing
the collaborative and efficient utilization of heterogeneous
computing and communication resources, we introduce a loss
function F

(
wk
)

to measure the model training cost and loss,
which is defined as

F
(
wk
)

=

N∑
i=1

(
Di

D
· fi
(
wki
))
,

fi
(
wki
)

=
1

Di
·
Di∑
j=1

fi
(
wki , xij , yij

)
,

(6)

where, as a logistic regression model [31], fi
(
wki
)

is the loss
function of local model parameters wki in the data sample
(xij , yij), and D =

∑N
i=1Di is the total data volume of

all selected terminals. Accordingly, to minimize the global
training loss with the constraint of maximum acceptable global
training time cost in the whole life cycle of DT model, the
optimization objective of this solution is defined as

P1 : min

K∑
k=1

F
(
wk
)

s.t.
K∑
k=1

Tk ≤ Tmax,

(7)

where Tmax is the maximal acceptable global training time
cost and K is the total training episodes.

IV. SOLUTION

The EDT-SaFL consists of the three following important
operations, and the details are shown in Algorithm 1.

A. Terminal Selection for Model Training

Given the heterogeneity of industrial terminals in the con-
sidered scenarios and the data distribution across terminals is
Non-Independent and Identically Distributed (Non-IID), the
terminal selection for model training is an important factor
affecting the DT model construction/update. Therefore, a ter-
minal selection strategy is proposed as an essential component
executed in each training episode, which should dynamically
select terminals to participate in the model training. Terminals
that have greater positive impact on global updates, would
have higher possibility of being selected, improving training
efficiency and convergence speed. In general, for the terminal
selection in the Non-IID context, since the communication
capability related to Pi affects the speed of data synchroniza-
tion and the efficiency of global updates, terminals with high
transmission power are more suitable for transmitting local
model parameters, and since the computing power of terminal
Ci determines the ability to efficiently process local data,
terminals with strong computing power are more suitable for

Algorithm 1 Semi-Asynchronous Federated Learning
1: Initialize w1, ψ, λ0;
2: for k = 1, 2, · · · ,K do
3: ψg = 0, ϕ = 0;
4: for i = 1, 2, · · · , |<| do
5: Calculate ĉki , v̂

k
i , and δki using Eq. 8, Eq. 9,

Eq. 10 and Eq. 11;
6: Calculate ϑki with Eq. 12;
7: Set ψli = 0;
8: end for
9: <N ← ∅,<a ← ∅,<s ← ∅;

10: /* Terminal Selection for Model Training */
11: Select the Top-N terminals with ϑki to form <N ;
12: /* Self-Adaptation of Local Training Iterations */
13: for ri ∈ <N do
14: Calculate λi;
15: Distribute (wk, k, ψli, λi) to ri;
16: end for
17: /* Semi-asynchronous Global Aggregation */
18: /* Terminal side: */
19: for ri ∈ <N −<a −<s do
20: Train the local model with λi;
21: Calculate ḡki with Eq. 14;
22: Update wki with Eq. 15;
23: Calculate s (θi) = 1

1+e−θi
;

24: Update wki,new with Eq. 16;
25: /* With the proven Theorem 1 that a synchronous

update would be performed after every ψ + 1 updates. */
26: if ϕ%(ψ + 1)! = 0 then
27: /* Asynchronous update: */
28: Calculate fi

(
wki,new

)
with Eq. 6;

29: Upload (wki,new, fi(w
k
i,new), ψli);

30: else
31: /* Synchronous update: */
32: Upload (wki,new, fi(w

k
i,new), ψli);

33: Suspend the local training;
34: for rj\i ∈ <N −<a −<s do
35: Upload (wkj , fj(w

k
j ), ψlj);

36: end for
37: Restart the local training with wk+1;
38: end if
39: end for
40: /* Edge Server side: */
41: for ri ∈ <N −<a −<s do
42: if θi < ψ then
43: Update to wk+1 with an asynchronous mode;
44: ψg ← ψg + 1, ϕ = ϕ+ 1, ri → <a;
45: end if
46: if θi ≥ ψ then
47: Update to wk+1 with a synchronous mode;
48: ψg ← ψg + 1, ϕ = ϕ+ 1, ri → <s;
49: Update ψli = ψg for suspended terminals;
50: Distribute (wk+1, ψli) to suspended terminals;
51: end if
52: end for
53: Calculate F (wk) with Eq. 6;
54: end for
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handling complex data. Therefore, it is necessary to model the
computing/communication capability of each terminal here.

• The computing power of ri is defined as the ratio of
the training data volume to the training delay T traini in a
training episode, that is, Ci = λi·Di

T traini
, where the processed

data volume related to the training iterations and the local
data volume can be defined as λi ·Di.

• The communication capability of ri is defined as the ratio
of the transmitted data volume of local model parameters
Dparam.
i to the time cost T trans.i required for the data

transmission in a training episode, that is, vi =
Dparam.i

T trans.i
.

In the complex and changeable industrial scenarios, to
dynamically adapt to the changes in terminal performance,
the UCB-based optimistic estimation strategy is adopted to
conduct the terminal selection for model training [32].

In the k-th training episode, the UCB-based computing
power of ri is defined as the sum of the relative computing
power and the confidence radius of UCB [33], ĉki = c̃ki + ∆k

i ,

c̃ki =


Ci ·
∑(k−1)
τ=1 βτi

k − 1
, ri ∈ <k−1N

Ci · (k − 1) · (1−
∑(k−1)
τ=1 βτi
k − 1

), ri /∈ <k−1N

(8)

is the relative computing power of ri. In which,
∑(k−1)
τ=1 βτi

is the frequency of ri selected for the local model training
in the previous (k − 1) episodes, βτi is a binary variable
representing whether ri is selected for the local model training
in the τ -th episode, <k−1N is the set of terminals selected for
the local model training in the (k − 1)-th episode, and ∆k

i is
the confidence radius of UCB, which is defined as

∆k
i =


√
N · lnZk−1∑k−1

τ=1 β
τ
i

, ri ∈ <k−1N ,

∆k−1
i , ri /∈ <k−1N ,

(9)

where Zk−1 is the sum of frequencies of the terminals selected
both in the (k − 1)-th episode and in the previous (k − 1)

episodes, that is, Zk−1 =
∑N
i=1

∑(k−1)
τ=1 βτi and ri ∈ <k−1N .

Similarly, the UCB-based communication capability of ri
is defined as v̂ki = ṽki + ∆k

i , where

ṽki =


vi ·
∑(k−1)
τ=1 βτi

k − 1
, ri ∈ <k−1N

vi · (k − 1) · (1−
∑(k−1)
τ=1 βτi
k − 1

), ri /∈ <k−1N

(10)

is the relative communication capability of ri.
Additionally, given the local data of heterogeneous terminals

is Non-IID, the local data quality would affect the stability and
reliability of the global model update to some extent, and the
poor data quality would lead to a large gradient fluctuation
of the trained model, influencing the model convergence [34].
Meanwhile, the execution efficiency of heterogeneous termi-
nals would also affect the stability and reliability of the model
update, and if the execution efficiency is low, the training
instability and unreliability would be increased. That is, the
local model trained with the local data that has significant

gradient can effectively promote the global model convergence
and aggregation. Accordingly, in the k-th training episode, the
GNV of the trained local model that indicates the importance
of local data on the (k − 1)-th model training [35], is also
adopted to conduct the terminal selection for model training,
which is defined as

δki = ||gk−1i ||2, gk−1i = ∇fi
(
wk−1i

)
, (11)

where fi
(
wk−1i

)
is the loss function of ri.

Accordingly, through defining the ratio as

ϑki =
ρcom · ĉki + ρcomm · v̂ki + ρgnv · δki∑|<|

i=1

(
ρcom · ĉki + ρcomm · v̂ki + ρgnv · δki

) , (12)

where ρcom, ρcomm and ρgnv respectively are the weights
of computing power, communication capability and GNV, the
terminals with Top-N ratios would be selected for the local
model training.

B. Self-Adaptation of Local Training Iterations
The heterogeneous computing powers of selected terminals

result in imbalanced training cost under the same training in-
tensity. Therefore, to alleviate both lag-effect and obsolescence
of local model on the global update and balance the model
training cost, it is necessary to adaptively adjust the number
of local training iterations on the selected terminal. Since the
training capacity of a selected terminal is proportional to the
computing power, the self-adaptation rules can be defined as
follows. In the k-th episode, if the computing power of the se-
lected terminal exceeds the average c̄k =

∑N
i=1 Ci
N , the terminal

should be assigned more training iterations. Conversely, the
training iterations should be reduced on the selected terminals
whose computing powers are below the average. Additionally,
the local data volume and quality on the selected terminal also
impose an important influence on the local model training,
which further affects the global model update. Therefore, the
selected terminals with more local data and better data quality
would be assigned more training iterations. Here, in terms of
the definition of GNV shown in Eq. 11, the impact of local
data quality on the model training also can be indicated by
the GNV.

Accordingly, the optimization of local training iterations is
guided by the computing power of terminal, the local data
volume, and the GNV. To ensure superior performance and
balance the local computation load, the self-adaptation local
training iterations on ri can be defined as

λi = λ0 ·
(
Ci
c̄k

)
·

(
Di∑

ri∈<N Di

)
·
(
ξ · δki

)
, (13)

where λ0 is the initial training iterations assigned to each
selected terminal in the first episode. For avoiding the obso-
lescence and lag-effect, both Di∑

ri∈<N
Di

and ξ (ξ ∈ (0, 1]) are
adopted to balance the difference of the local training iterations
assigned on different selected terminals.

C. Semi-asynchronous Global Aggregation
Although the existing proposals attempt to address termi-

nal heterogeneity through adaptive aggregation or staleness
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reduction, the factor, e.g., staleness or local data volume, is
individually considered, overlooking the critical influence of
data quality on model aggregation. Moreover, in the considered
dynamic IIoT environments, the varied data distribution and
terminal conditions also have significant effect on the effi-
ciency of existing proposals. Therefore, to effectively address
the lag-effect inherent in the synchronous FL and the obso-
lescence issue in the asynchronous FL, a semi-asynchronous
global aggregation mechanism is designed by comprehensively
considering local gradient, staleness, and local data volume,
achieving high-quality global updates.

Specifically, in the k-th episode, after the local model train-
ing on each selected terminal, to mitigate fluctuations of global
model parameters caused by the heterogeneity in training
iterations, ensuring stability and effectiveness of global model
update, the average local gradient on ri defined as

ḡki =

∑λi
λ=1∇fi

(
wk,λi

)
λi

, (14)

is used to obtain the local model parameters,

wki = wk−1i − ηḡki , (15)

where wk−1i is the local model parameters in the (k − 1)-th
episode, wk,λi is the local model parameters obtained in the
λ-th iteration, and η is the learning rate.

Furthermore, to mitigate the difference between the local
model parameters and the global ones caused by the local
model obsolescence and lag-effect, with the staleness, the local
model parameters are also modified as

wki,new = s (θi) · wk +
(

1− s(θi)
)
· wki , (16)

where wk is the global model parameters in the (k − 1)-
th episode, and s (θi) is the inconsistency between the local
model and the global model, which is defined as

s (θi) =
1

1 + e−θi
, s (θi) ∈ [0, 1] . (17)

With the modified local model parameters, in the stated
semi-asynchronous global update mode, the weighted method
is employed to aggregate the global model parameters as

wk+1 =

N∑
i=1

(
Di∑N
i=1Di

· wki,new

)
. (18)

Through mapping the aggregated global model parameters
in the DT layer, the global DT model would be formed as

DT k+1 = Q
(
w(k+1), D(k+1), S(k+1), DT k, CN (k+1)

)
,

(19)
where D(k+1) is the operating data from the physical entity,
e.g., the operating status of the equipment in the production
line, S(k+1) is the operating state of the virtual entity, DT k

is the DT model data in the (k− 1)-th episode, and CN (k+1)

indicates the association between the physical entity and the
virtual entity.

With the solution, to ensure the accurate DT construc-
tion/update, it is worth noting that the unselected terminals also
must transmit the operating state into the DT layer to maintain

the data consistency of virtual-real space. Additionally, for the
convenience of implementation and maintenance of EDT-SaFL
addressing the real-world IIoT service requirements, we can
design the three important operations in a modular way and
conduct well-defined interfaces to achieve the coordination.

V. EVALUATION

To demonstrate the efficiency of EDT-SaFL, the conver-
gence, complexity and communication overhead are theoreti-
cally analyzed.

A. Convergence
For Non-IID data in the considered scenarios, the defined

global loss function F
(
wk
)

might not strictly satisfy L-
smooth and µ-strongly convex [36]. Therefore, we assume that
F (w∗) is the optimum of F

(
wk
)
, on ri, with the weakened

L-smooth, there is

F (wki ) ≤ F (wk−1i ) +
〈
∇F (wk−1i ), wki − wk−1i

〉
+
L

2
||wki − wk−1i ||2 + ε, (20)

where ε is an error term accounting for local variations in
gradients. With the stated wki = wk−1i − ηḡki , the difference
between the local training loss F (wki ) and the optimal global
loss F (w∗) is represented as

Li(k) = F (wki )− F (w∗)

≤ F (wk−1i ) + η ·
〈
∇F (wk−1i ),−ḡki

〉
+
L · η2

2

∥∥ḡki ∥∥2 + ε− F (w∗)

≤ F (wk−1i )− 1

2 · L
∥∥∇F (wk−1i )

∥∥2
+
L · η2

2

∥∥∥∥ḡki − 1

L · η
∇F (wk−1i )

∥∥∥∥2 + ε− F (w∗).

(21)

To weak the assumption of µ-strongly convex and hold
for a broader class of functions, the Polyak-Lojasiewicz (PL)
condition is introduced. With the PL, there is∥∥∇F (wk−1i )

∥∥2 ≥ 2µ ·
(
F (wk−1i )− F (w∗)

)
. (22)

Due to the critical heterogeneity in computing and commu-
nication capacities on the distinct industrial terminals partic-
ipating in the DT model training, it is difficult to obtain the
complete optimal global loss while using the FL. Therefore,
an upper bound of permitted error denoted as Γ is introduced
to achieve the approximate optimal global loss of F (w∗), and
the difference can be further defined as

Li(k) ≤
(

1− µ

L

)
·
(
F (wk−1i )− F (w∗)

)
+
Lη2C

2
+ ε+ Γ,

(23)
where ||ḡki − 1

Lη∇F
(
wk−1i

)
||2 ≤ C, and C is the upper bound

of the norm.
With the definition in Eq. 16 and the PL condition, there is

F (wk−1i,new) ≤ s(θi) · F (wk−1) + (1− s(θi)) · F (wk−1i ),
(24)
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and with the definition in Eq. 18, the difference between the
global loss and the optimal global loss is defined as

G (k) = F
(
wk
)
− F (w∗)

= F

(
N∑
i=1

(
Di∑N
i=1Di

· wk−1i,new

))
− F (w∗)

≤
N∑
i=1

(
Di∑N
i=1Di

·

(
s(θi) · F (wk−1)

+(1− s(θi)) · F (wk−1i )

))
− F (w∗).

(25)
With F (w∗) =

∑N
i=1

(
Di∑N
i=1Di

· F (w∗)
)

, there is

N∑
i=1

(
Di∑N
i=1Di

·

(
s(θi) · F (wk−1)

+(1− s(θi)) · F (wk−1i )

))
− F (w∗)

=

N∑
i=1

(
Di∑N
i=1Di

·

(
s(θi) · F (wk−1)− F (w∗)

+(1− s(θi)) · F (wk−1i )

))

=

N∑
i=1

(
Di∑N
i=1Di

(
s(θi)

(
F (wk−1)− F (w∗)

)
+ (1− s(θi))

(
F (wk−1i )− F (w∗)

) )) .
(26)

Iteratively using Eq. 21 to deduce F (wk−1i ) until k = 1,
and with Eq. 23, G(1) ·

(
1− µ

L

)k−1
+ L2η2C

2(L−µ) + ε+ Γ can be
obtained. Assuming that φi = Di∑N

i=1Di
, the difference G(k)

can be further less than or equal to
N∑
i=1

(
φi

( (
1− s(θi)

)(
G(1)

(
1− µ

L

)k−1
+ κ
)

+s(θi)G(k − 1)

))
≤ mk ·

(
(1− s(θ)) · (G(1) · ζ + κ) + s(θ) ·G(k − 1)

)
,

(27)
where mk =

∑N
i=1 φi, ζ =

(
1− µ

L

)k−1
, κ = L2η2C

2(L−µ) + ε+ Γ,
and there is(

1− s (θ)
)
·
(
G (1) · ζ + κ

)
+ s (θ) ·G (k − 1)

= max
ri∈<N

{(
1− s (θi)

)
·
(
G (1) · ζ + κ

)
+ s (θi) ·G (k − 1)

}.
(28)

Since s (θi) ∈ [0, 1], the aforementioned analysis has been
shown to demonstrate the convergence of this solution.

B. Complexity and Communication Overhead
Considering the parallelism in a training episode, with the

stated Tk = T LTk +T TRk +T AGGk , the global time complexity
is O(Tk) = O(T LTk + T TRk + T AGGk ). With K as the total
training episodes, the total global time complexity can be
defined as O(Ttotal) = O

(∑K
k=1 Tk

)
. Due to the introduced

constraint
∑K
k=1 Tk ≤ Tmax, O(Ttotal) ≤ Tmax is acceptable.

As aforementioned, in a training episode, the total commu-
nication overhead of EDT-SaFL consists of the communica-
tion overhead of distributing initial global model parameters
Ogcomm, that of conducting asynchronous updates Oacomm, and
that of conducting synchronous updates Oscomm. Assuming
that the communication overhead of transmitting one unit of
data is ot, with the data volume of model parameters |w|, there
is Ogcomm = ot · |w|.

For an asynchronous update, the communication overhead is
caused by uploading the trained local model parameters, denot-
ed as ot · |w|. Based on Theorem 1, for the N −bN/(ψ + 1)c
asynchronous updates in a training episode, there is

Oacomm =
(
N − bN/(ψ + 1)c

)
· ot · |w|. (29)

For a synchronous update, e.g., the m-th synchronous
update, the communication overhead should consist of the
(N −mψ − (m− 1)) · ot · |w| caused by uploading the
trained local model parameters, and the (N −m(ψ + 1)) · ot ·
|w| caused by distributing updated global model parameters
to the suspended terminals, where, based on Theorem 1,
(N −mψ − (m− 1)) is the number of terminals participating
in this synchronous update, and (N −m(ψ + 1)) is the num-
ber of suspended terminals. Therefore, for the bN/(ψ + 1)c
synchronous updates in a training episode, there is

Oscomm =

bN/(ψ+1)c∑
m=1

((
N −mψ − (m− 1)

)
· ot · |w|

)

+

bN/(ψ+1)c∑
m=1

((
N −m(ψ + 1)

)
· ot · |w|

)
.

(30)
To sum up, with K as the total training episodes, the

total communication overhead of EDT-SaFL can be defined
as Ototal = K · (Ogcomm +Oacomm +Oscomm).

VI. EXPERIMENTS

A. Experiment Setting

To comprehensively evaluate the performance of EDT-
SaFL, on the server: Intel(R) Xeon(R) Silver 4210R CPU
at 2.40GHz, and 64 GB of RAM, the experiments were
programmed using Python 3.9.0 executed on a Ubuntu 18.04.6
LTS operating system. The two datasets used in the experi-
ments, CIFAR-10 and Industrial-Equipment from Kaggle, have
distinct data characteristics. Specifically, the CIFAR-10 dataset
consists of 60,000 images of size 32 × 32 × 3, divided into
10 classes. The Industrial-Equipment dataset contains 6,890
images of size 100 × 100 × 3, classified into 2 categories.
In the experimental prototype of the DITEN for IIoT, there
are an edge server and |<| = 20 heterogeneous industrial
terminals. The major experimental parameters are configured
in Table II. To address the heterogeneity of industrial termi-
nals, and the complex communication conditions in the real
industrial scenarios, the ranges of computing and communica-
tion capacities of distinct industrial terminals are configured
with the performance of common industrial devices, and the
maximal acceptable global training time is configured as
Tmax = 1800s. Since the local data on terminals is Non-IID,
all the data samples are randomly partitioned into subsets with
a Dirichlet distribution, each terminal is assigned a different
number of training samples, and the learning rate η defined as
0.3/(k+1) is dynamically decreasing with the training episode
k for achieving the stable convergence [37].
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TABLE II
CONFIGURATION OF EXPERIMENTAL PARAMETERS.

Param. Val. Param. Val.
K 40 buffer_size 32
η 0.3/(k+1) λ0 5
Tmax 1800 s N0 −174 dBm/Hz
ρgnv 0.6 ρcom, ρcomm 0.2

B 2 MHz hi 2 dBi
Pi [0.1,0.5] W Ci [2,5] GHz

B. Performance of EDT-SaFL

To mitigate the impact of outdated models and ensure the
effective training, it is necessary to determine appropriate ψ
to enhance the adaptability of EDT-SaFL to the environment.

In the CIFAR-10, with the degree of Non-IID is 0.5, the
performance verification in accuracy and loss with different ψ
is shown in Fig. 4. In terms of the stated semi-asynchronous
mode, if the value of ψ is low, the staleness would be smaller,
that is, the local trained model parameters could more accu-
rately indicate the evolutionary direction of the current global
model parameters, and the performance of updated global
model could be improved better. Therefore, the achieved
performance of low ψ is higher while the global training time
reaching the defined Tmax, e.g., ψ = 1 and ψ = 2. However,
in the condition of low ψ, the synchronous update would be
performed more frequently, causing more resources consump-
tion. Therefore, with the constraint of Tmax, to balance the
achieved performance and the resources consumption, ψ = 2
is more reasonable to satisfy the requirements of low-latency
and high-reliability in the industrial scenarios.

In the Industrial-Equipment containing less data samples,
with the degree of Non-IID is 0.5, the performance verification
in accuracy and loss with different ψ is shown in Fig. 5. Due
to the relatively small data volume, the performance shows
obvious fluctuation with different ψ. With low ψ, similarly,
the achieved performance is relatively higher, e.g., ψ = 1
and ψ = 2. However, if ψ = 1, in terms of the stated
semi-asynchronous mode, the synchronous update would be
performed more frequently, and the local training on the
other training terminals would be frequently interrupted while
conducting the global updates, that is, the other training termi-
nals have relatively limited training effectiveness, frequently
synchronizing the insufficient local model parameters would
negatively affect the performance of the global model, and the
performance of ψ = 1 shows obvious instability in the process
of convergence. Therefore, with the constraint of Tmax, to
achieve the stable performance, ψ = 2 is more reasonable to
satisfy the requirements of low-latency and high-reliability.

To effectively verify the performance of EDT-SaFL, the
six algorithms, FedAsync [38], FedAvg [39], Synchronous
FL(SA), Asynchronous FL(SA), HSA_FL(adaptive) [33] and
HSA_FL(fixed) [33], are selected for comparisons. With the
native FL framework, both FedAsync and FedAvg consist of
the two operations, e.g., randomly selecting terminals for mod-
el training and fixing the local training iterations. With distinct
global aggregation methods, as variations of the EDT-SaFL,
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Fig. 4. Performance with different ψ in the CIFAR-10.

both Synchronous FL(SA) and Asynchronous FL(SA) consist
of the two operations, the terminal Selection for model training
and self-Adaptation of local training iterations designed in
the EDT-SaFL. It is worth noting that, to achieve the optimal
performance in both HSA_FL(adaptive) and HSA_FL(fixed),
being different from the parameter configurations for the EDT-
SaFL, the received proportion of the local model while initi-
ating the global update is set to 0.5 in the HSA_FL(adaptive),
and the training time in each episode is fixed to 100s in the
HSA_FL(fixed).

In the CIFAR-10, with ψ = 2, the performance verification
in accuracy and loss along with the variation of the configured
degree of Non-IID is shown in Fig. 6. With the Non-IID,
the data imbalance across terminals significantly impacts the
model performance, leading to slow convergence and low
accuracy. As shown in Fig. 6(a), with the increase of the
degree of Non-IID, the accuracies show downward trend-
s. Through comprehensively incorporating computing power,
communication capability, data volume, and data quality in
the three key operations of EDT-SaFL, the negative effects
of data heterogeneity could be mitigated to some extent.
However, the inherent data imbalance in Non-IID remains a
significant challenge to achieve higher accuracy. Due to the
weak capability in tackling the data heterogeneity, the achieved
accuracies in the comparative methods are lower than that of
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Fig. 5. Performance with different ψ in the Industrial-Equipment.

EDT-SaFL.
On the other hand, in the considered DITEN for IIoT, while

using both HSA_FL(adaptive) and HSA_FL(fixed), due to no
consideration of the GNV in the terminal selection and the
sole consideration of the heterogeneous computing powers of
industrial terminals for adaptively adjusting the local training
iterations, the achieved performance is generally inferior to
the other comparison algorithms. While using the classical
FedAvg and FedAsync, although both random selection and
fixed local training iterations are used, the two algorithms
still have better adaptability to the considered scenarios than
both HSA_FL (adaptive) and HSA_FL (fixed). However, both
random selection and fixed local training iterations might
result in the negative affect on the FL flexibility, obtaining
the sub-optimal local training results on the selected terminals.
Additionally, since the adopted method of average aggregation
fails to fully consider the positive contributions of selected
terminals on the global update, some ineffective local updates
might be aggregated into the global model.

In contrast, through prioritizing the Terminal Selection for
Model Training and the Self-Adaptation of Local Training
Iterations to address the unbalanced distribution of resources
and data, there is a significant improvement on the perfor-
mance achieved by EDT-SaFL and the two algorithms using
SA. However, with the inherent global update mode in the
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Fig. 6. Performance with different degrees of Non-IID in the CIFAR-10.

native FL framework, due to the noise introduced in the asyn-
chronous updates, the accuracy of the Asynchronous FL(SA) is
overall lower than that of the Synchronous FL(SA), and due to
the lower update frequency, the accuracy of the Synchronous
FL(SA) is also not the best among the comparison algorithms.
With the proposed semi-asynchronous mode, the EDT-SaFL
leverages the partial asynchrony to reduce the waiting delay
of global update, the moderate increase of update frequency
to achieve faster convergence, and the partial synchronization
to reduce the instability caused by the asynchronous updates,
enabling the accuracy to be stabilized faster. Therefore, the
accuracy achieved by EDT-SaFL is overall superior to that of
the other comparison algorithms. Similarly, the achieved loss
also shows a faster reduction and the stability retention with
fewer training episodes.

In the Industrial-Equipment, with ψ = 2, the performance
verification in accuracy and loss along with the variation
of the configured degree of Non-IID is shown in Fig. 7.
Due to the relatively small data volume, while using both
HSA_FL(adaptive) and HSA_FL(fixed), the adopted schemes
would significantly decrease the achieved accuracy with the
high degree of Non-IID. Similarly, the noise introduced in
the asynchronous updates is relatively more serious, resulting
in the relatively sharp fluctuations in the performance of
FedAsync and Asynchronous FL(SA). In the synchronous FL,
e.g., FedAvg and Synchronous FL(SA), since it is necessary
to wait for all terminals completing the local training while
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Fig. 7. Performance with different degrees of Non-IID in the Industrial-
Equipment.

conducting the global update, the achieved performance is
relatively steady with the low degree of Non-IID, but, along
with the increase of the degree of Non-IID, the performance
shows the dramatic fluctuation. With the Terminal Selection
for Model Training, the Self-Adaptation of Local Training
Iterations and the Semi-asynchronous Global Aggregation
integrating the strengths of both synchronization and asyn-
chronism, the performance of EDT-SaFL is still the superior.

With the degree of Non-IID is 0.5 and ψ = 2, to eval-
uate the performance of EDT-SaFL along with the varying
number of terminals, the accuracies at convergence in the two
datasets are shown in Fig. 8. In both HSA_FL(adaptive) and
HSA_FL(fixed), the terminal selection mainly depends on the
distinct performance of heterogeneous terminals, which might
focus on choosing the terminals with strong computing power
and communication capability, ignoring the terminals with
high-quality data. Meanwhile, determining the number of local
training iterations only by the computing power would also
lead to the excessive local training on the terminals with strong
computing power, which might cause the global model overly
dependents on the data from powerful terminals, ignoring
the valuable data of other terminals. In both FedAvg and
FedAsync adopting the random terminal selection, different
terminals all have a certain probability of being selected in
each training episode, the training data contributing to the
global model would be more widely distributed. Therefore, the

achieved accuracies at convergence of FedAvg and FedAsync
are better than that of HSA_FL(adaptive) and HSA_FL(fixed).
Due to the adopted Terminal Selection for Model Training
and Self-Adaptation of Local Training Iterations in Syn-
chronous FL(SA), Asynchronous FL(SA) and EDT-SaFL, the
terminal capacities, and the data quantity and quality are
fully considered, addressing the unbalanced distribution of
resources and data, the achieved accuracies at convergence
are better than that of the former four algorithms. Especially,
with the proposed semi-asynchronous mode leveraging the
advantages of both synchronization and asynchronism to en-
hance the efficiency of global update while maintaining the
consistency, the accuracy at convergence achieved by EDT-
SaFL is improved more evidently.
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Fig. 8. Accuracy at convergence with different number of terminals.

To evaluate the convergence of EDT-SaFL, with the de-
gree of Non-IID is 0.5 and ψ = 2, training episodes of
achieving the predefined accuracy thresholds in CIFAR-10
and Industrial-Equipment are shown in Fig. 9. It is worth
noting that, with low thresholds, e.g., 0.64 for CIFAR-10
and 0.79 for Industrial-Equipment, there is relatively little
difference in convergence among the algorithms. With high-
er thresholds, since some algorithms exhibit clear benefits
while handling challenging high-precision requirements, the
difference in convergence is relatively significant. Due to
the lack of consideration for the heterogeneity of terminal-
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s and local data, and the failure of fully leveraging the
advantages of both synchronous and asynchronous updates,
FedAsync, FedAvg, HSA_FL(adaptive) and HSA_FL(fixed)
have slower convergence, requiring more training episodes
to achieve the thresholds. In contrast, through prioritizing
terminals with high-quality data, strong computing power
and communication capability to avoid ineffective updates,
dynamically adjusting the number of local training iterations
with terminal capabilities and data quality, and combining the
benefits of synchronous and asynchronous updates, the EDT-
SaFL could mitigate the lag-effect in synchronous updates
and the staleness in asynchronous updates to achieve the
superior convergence, which needs less training episodes while
achieving the predefined accuracy thresholds.

EDT-SaFL
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Fig. 9. Training episodes of achieving the predefined accuracy thresholds.

In time-varying IIoT scenarios, terminal dropout or commu-
nication failures might occur due to some unexpected factors.
Therefore, through randomly selecting a proportion of termi-
nals participated in the local training as dropped terminals in
each episode, the potential impact on global model updates has
been discussed. With the degree of Non-IID is 0.5 and ψ = 2,
accuracies against different dropping ratios in both datasets
are shown in Fig. 10. With the CIFAR-10, the accuracy of
EDT-SaFL decreases with the increasing dropping ratio, which
indicates that the dropped terminals have noticeable effect on
the efficiency of EDT-SaFL, and from the indirect perspective,
the superiority of terminal selection strategy in the EDT-SaFL
can be demonstrated. Despite the decrease in accuracy, the
overall convergence still can remain stable, demonstrating the
adaptability of EDT-SaFL to real IIoT environments. With
the Industrial-Equipment, the EDT-SaFL also can effectively
tackle the influence of dropout on accuracy through Terminal
Selection for Model Training and the Semi-asynchronous
Global Aggregation, achieving the competitive performance
in different dropping ratios. Notably, given the smaller size
and Non-IID data nature in the Industrial-Equipment, when
the dropping ratio is 0.1, the high-quality data and efficient
training from the remaining terminals can effectively compen-
sate for the absence of dropped terminals, which enhances the
performance of EDT-SaFL on the contrary, further demonstrat-
ing the adaptability to dynamic IIoT environments.
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Fig. 10. Accuracies against different dropping ratios.

C. Evaluation of Terminal Selection for Model Training

In the two datasets, with the degree of Non-IID is 0.5 and
ψ = 2, the variation of accuracy achieved by EDT-SaFL
through adopting different terminal selection ratios is shown
in Fig. 11, in which, the accuracies achieved with different
terminal selection ratios are compared to select the optimal
terminal selection ratio.

With the CIFAR-10 in Fig. 11(a), the accuracy achieved
with the terminal selection ratio of 0.3 is relatively poor,
which indicates that a smaller number of selected terminals
would result in insufficient data for the global model update,
adversely affecting the model accuracy. If the selection ra-
tio is 1.0, with the introduced significant computation and
communication overheads, the terminals with low-quality data
or sub-optimal training results would introduce unnecessary
noise into the global model update, also adversely affecting the
model accuracy with the decreased convergence and stability.
Comparatively, if the selection ratio is 0.5 or 0.7, the achieved
accuracy is the superior due to the better balance on computa-
tion/communication overheads and synchronous/asynchronous
influences. Especially, the accuracy of selection ratio 0.5
is always ahead in the convergence process. Therefore, the
selection ratio of 0.5 is taken as the optimal one in the CIFAR-
10. With the Industrial-Equipment having less data samples in
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Fig. 11. Accuracy with different terminal selection strategies.

Fig. 11(b), if the low selection ratio is adopted, e.g., 0.3 and
0.5, that is, only a small number of terminals are selected
in each training episode, which is difficult to fully learn the
diversity of features in the dataset with less data samples,
resulting in the significant fluctuation in the accuracy. If the
selection ratio is 1.0, the low-quality data and training on
some terminals would adversely affect the model accuracy.
Therefore, from Fig. 11(b), the selection ratio of 0.7 would be
taken as the optimal one through comprehensively considering
the performance, stability and training cost.

With the aforementioned experimental analysis, a multi-
criteria quantification method for determining the optimal ter-
minal selection ratio can be adopted to enhance the robustness
of EDT-SaFL. Through comprehensively considering the four
critical metrics, training accuracy and loss, convergence, and
stability, a discrete set of candidate ratios, e.g., {0.3, 0.5,
0.7, 1.0}, can be systematically evaluated. Specifically, each
evaluation metric can be normalized to [0, 1] to ensure the
scale consistency, and with a weighted sum, a composite score
for each candidate ratio will be generated. The one achieving
the highest score will be selected as the optimal terminal
selection ratio for the EDT-SaFL, to enable the optimal balance
between performance and cost.

Furthermore, with the optimal terminal selection ratio, the

variations of accuracy achieved by the three comparative
strategies, e.g., Semi-SynFed [35], Semi-asynchronous [40]
and Random selection [41], are also depicted in Fig. 11.
In the Semi-SynFed, the terminal selection is conducted on
the terminal capacities and the GNV in the last layer of the
network, failing to fully consider the impact of local data
on the model effectiveness. In the Semi-asynchronous, the
terminal selection is conducted on the terminal capacities and
the local data volume, ignoring the impact of local data quality
on the model effectiveness. Therefore, the achieved accuracies
of the two algorithms are relatively poor. With the CIFAR-
10 providing sufficient data samples, the Random selection
is superior to a certain extent. However, with the Industrial-
Equipment providing less data samples, the Random selection
might ignore those terminals with more and higher quality
data, negatively impacting the effectiveness of global model
update. For the Terminal Selection for Model Training in
the EDT-SaFL, through introducing the UCB-based optimistic
estimation strategy to determine the distinct terminal capability
and the GNV indicating the importance of local data for
global model update and convergence, it could select more
suitable terminals for the local model training, resulting in
better training accuracy and stability.

D. Evaluation of Self-Adaptation of Local Training Iterations

In the two datasets, the performance of Self-Adaptation of
Local Training Iterations with ψ = 2 under different degrees
of Non-IID is verified in Fig. 12. Integrated the proposed Ter-
minal Selection for Model Training and Semi-asynchronous
Global Aggregation in the EDT-SaFL, the three strategies,
Fixed local training iterations with λ0, Semi-synchronous [42]
and HSA_FL [33], are selected for comparisons.

Along with the variation of degree of Non-IID, with the
CIFAR-10 providing sufficient data samples, the achieved
accuracies of four algorithms are relatively stable. However,
with the Industrial-Equipment providing less data samples, the
achieved accuracies show obvious fluctuations. Due to the
lack of flexibility, the Fixed local training iterations might
result in the negative affect, obtaining the sub-optimal local
training results on the selected terminals. Moreover, in both
Semi-synchronous and HSA_FL, the corresponding methods
are adopted to adaptively adjust the local training iterations.
For the Semi-synchronous, the global training time in each
episode is configured with the product of the local training
time consumed by the selected terminal with the weakest
computing power and λ0. With the configured global training
time, the local training iterations on the selected terminals
would be unbalanced due to the heterogeneity of computing
power, negatively impacting the training accuracy. For the
HSA_FL, although the local training iterations on the selected
terminal are determined by the distinct computing power,
the local data quantity and quality are not comprehensively
considered. Therefore, under the change of Non-IID, the
selected comparative algorithms are limited by the defect of
adopted local training iterations strategies.

In contrast, for the EDT-SaFL, through defining the self-
adaptation rules in terms of the relationship between the
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Fig. 12. Accuracy with different local training iterations under the change
of non-IID.

training capacity and the inherent computing power, and
considering the local data quantity and quality on the training
efficiency, the local training iterations could be adaptively
adjusted on the selected terminal, improving the efficiency
of resource utilization and further enhancing the local train-
ing efficiency. Due to less data samples in the Industrial-
Equipment and the significant impact of local data that is
Non-IID, the achieved accuracy also shows a fluctuation.
Nevertheless, the EDT-SaFL also significantly outperforms the
comparative strategies, fully demonstrating the adaptability of
Self-Adaptation of Local Training Iterations in EDT-SaFL
under different degrees of Non-IID.

VII. CONCLUSION

To address the DT construction/update in the DITEN for
IIoT, through considering the heterogeneity of industrial ter-
minals in the DT model training, an optimization problem of
global loss minimization with constraint has been formulated
to balance the training cost and loss in the whole life cycle
of DT model. With this problem, a new approach of semi-
asynchronous FL, named EDT-SaFL, has been proposed to
offer a promising solution. To qualitatively and quantitatively
evaluate the effectiveness of EDT-SaFL, the convergence has
been demonstrated, the complexity and communication over-
head have been analyzed, and the superior performance also

has been verified based on the experimental results conducted
on the datasets of CIFAR-10 and Industrial-Equipment.

With the constructed DT models, through comprehensively
considering the uncertainty of resource demand, the finiteness
of multi-domain edge resources, and the time variability
of decision execution, we will further explore the mapping
association between DT models and edge nodes, and the
elastic adaptation between multi-domain edge resources and
diversified DT services, to further improve the overall service
performance of the DITEN for IIoT.
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