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Abstract—Acrtificial intelligence-generated content (AIGC) has
been proposed as a solution to meet the requirements of ultra-
reliable, secure, and privacy-preserving connectivity in human dig-
ital twin (HDT) networks. In such an AIGC-enhanced HDT, con-
tents representing the true statuses of physical twins are generated
in the virtual environment for the immediate update and evolution
of the corresponding virtual twins (VTs). However, adopting a
distributed AIGC in HDT presents several challenges, including the
need for personalized VTs, data privacy concerns, and insufficient
contextual understanding. This paper introduces a multi-layer fed-
erated semantic learning framework to address these challenges,
incorporating batch learning to meet the training requirements
for semantic-channel encoders and decoders. Furthermore, we
introduce a novel user association framework to maximize the
overall system performance under shard formation constraints. We
then formulate a long-term joint optimization problem for user se-
lection over finite learning periods. A novel Lyapunov-based online
optimization strategy was proposed to mitigate the impact of time-
varying and unpredictable training conditions. Additionally, we
introduce a multi-arm bandit-based method and a context-centric
user selection approach to solve the optimization problem. The
results demonstrate that the proposed user association framework
addresses the limitations of existing approaches, thereby improving
the overall performance of the multi-shard AIGC-enhanced HDT.
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I. INTRODUCTION

HE concept of human digital twins (HDT) continues to
T receive much attention due to its ability to revolutionize
every human-centric system [1]. When adopted in healthcare,
HDT can improve the existing personalized healthcare services.
It can enhance health monitoring, predict diseases, personalize
treatments, and optimize well-being while transforming health-
care services through data-driven insights and interventions [2].
Generally, HDT aims to create a true replica of each individ-
ual or human organ (for application-specific HDT systems),
referred to as the virtual twin (VT). This VT is maintained in
a virtual environment and relies on ultra-reliable connectivity
between the physical and virtual environments. The physical
counterpart, called the physical twin (PT), interacts with the
VT in real-time to enable this seamless connection and repre-
sentation. However, achieving timely PT-VT synchronization is
challenging due to the requirement for ultra-reliable, secure, and
privacy-preserving data sharing for VT evolution. Therefore, an
innovative approach is essential for extracting data and infor-
mation in the virtual environment (without the need for frequent
PT-VT data transmissions) to support the evolution and updating
processes of VTs.

One useful approach is the incorporation of artificial
intelligence-generated content (AIGC) solutions. AIGC utilizes
advanced artificial intelligence (AI) algorithms for efficient con-
tent generation and may be adopted in HDT to generate contents
that represent the true statuses of PTs. Subsequently, the gener-
ated contents for each PT could be used to update its correspond-
ing VT. Generally, AIGC can streamline reliable content gen-
eration in virtual environments, minimizing the need for timely
synchronization between each PT-VT pair. However, adopting
AIGC in HDT presents several challenges, including concerns
about realizing the personalization requirement of each VT [3],
[4], [5], data privacy, the imperative for robust cybersecurity
measures, insufficient contextual understanding, low precision
in content generation, a lack of suitable user engagement, and
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high ambiguity in user inputs [6]. These challenges may result
in the generation of content that fails to convey the intended
meaning in the physical environment thereby contributing to
communication ineffectiveness.

To address these challenges, federated semantic learning
(FSL) [6], [7] has been identified as a practical solution. FSL
integrates a multi-user semantic communication system and fed-
erated learning (FL) to enhance the learning experience among
multiple semantic-channel encoders and decoders following a
collaborative and efficient multi-layer learning framework. This
innovative paradigm has the potential to revolutionize traditional
collaborative learning by prioritizing semantic understanding
and knowledge sharing among decentralized devices. FSL can
facilitate the training of multiple customized AIGC models
(and thus the evolution of the associating VT models) while
preserving data privacy, enabling various users or devices to
contribute valuable insights and knowledge without compro-
mising individual information. The training of multiple cus-
tomized AIGC models can be achieved through the formation
of multiple shards (i.e., clusters or groups) where each shard is
composed of multiple semantic-channel encoders and a decoder
while multiple decoders in different shards share their learning
experiences among each other to improve data reconstruction
and content generation. Such an approach can improve model
personalization and accuracy in each shard by capturing rich
contextual nuances. By promoting cross-device semantic co-
herence, a multi-layer FSL empowers a diverse network of
semantic-channel encoders and decoders to collaboratively learn
and improve without centralizing sensitive data. This pioneer-
ing technique paves the way for efficient, privacy-preserving,
and contextually aware learning across a decentralized HDT
environment.

Consider a typical HDT-driven personalized healthcare mon-
itoring application scenario, where each individual has a VT that
simulates their health status, behaviors, vital metrics, etc. We can
put each individual into different clusters based on specific char-
acteristics such as chronic conditions, history of cardiovascular
diseases, service required, etc. Thus, each customized AIGC
model within each cluster aims to generate contents specific to
its cluster, tailoring the model’s learning and predictions based
on the unique health context of its group. By using multi-shard
learning, the system can efficiently allocate resources. Each
shard will process data relevant to its specific group, ensuring
that the AIGC model does not overburden itself with irrelevant
data. This leads to faster, more accurate personalized insights
and recommendations, such as suggesting lifestyle changes,
medication adjustments, or preventative measures.

Despite this, the integration of a multi-layer FSL into AIGC-
enhanced HDT requires periodic or on-demand training (de-
pending on the application scenarios) of semantic-channel en-
coders and decoders to maintain updated customized AIGC
models and the counterpart VT models. This training is contin-
gent upon the availability of sufficient new data in the physical
environment to ensure the reliable and efficient encoding and
decoding processes executed by semantic transmitters and re-
ceivers, respectively. However, this periodic and/or on-demand
training can potentially disrupt content generation and thus
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timely PT-VT synchronizations across multiple shards, as full-
fledged semantic transmission during training in a shard may not
accurately represent real-world scenarios. To mitigate disrup-
tions while adapting to the dynamic environment, we introduce
the concept of batch learning. In batch learning, training occurs
in batches of shards to minimize the overall system disruptions,
reducing the maximum number of shards in the training phase
at any given time.

A. Motivation and Contributions

While the introduction of sharding and multi-layer FSL tech-
niques can facilitate the creation and maintenance of multiple
customized AIGC models, essential for maintaining similar but
diverse VTs, such a solution heavily relies on an optimal user
selection process. In HDT, any typical PT-VT pair requires the
support of other related PT-VT pairs to improve its VT model
accuracy and efficiency. Achieving an optimized user selec-
tion, however, is not straightforward. In a multi-shard AIGC-
enhanced HDT (MAH), an effective user selection process must
consider factors such as semantic understanding, data context,
user profiles, and preferences when assigning users to each
shard. Nonetheless, selecting suitable users to optimize content
generation in each shard proves challenging due to differences
in criteria or features required to maintain each customized
AIGC model and the inherent heterogeneity among users. One
possible solution is to implement a random selection strategy [8].
Adopting a random selection strategy however poses significant
issues given the diversity in data quality, as well as computational
and communication resources among users [9]. To address such
issues, a unilateral selection approach [8] may be adopted. This
approach focuses solely on the server’s perspective in designing
the selection strategy, often neglecting the considerations and
interests of the clients involved in the process.

In a typical MAH scenario, clients (equipped with seman-
tic transmitters) exhibit significant heterogeneity in terms of
data distribution and hardware configurations. Similarly, servers
(equipped with semantic receivers) located in edge servers have
diverse requirements based on their respective customized AIGC
models. Randomly associating clients to each server in each
shard during every learning round may not fully exploit the local
updates from heterogeneous clients, resulting in lower model
accuracy, a slower convergence rate, and inefficient content
generation for VT evolution. To address this client heterogeneity
problem, a more suitable user association algorithm' should be
developed. We hence propose a new multi-criteria and bilateral
user selection framework for MAH. To further enhance the
learning and content generation processes in each shard, we
introduce a multi-layer learning approach following the concept
of client-edge-cloud collaboration. For each shard, one semantic
receiver is grouped with multiple semantic transmitters based on
the proposed multi-criterion approach.

However, integrating a multi-criteria solution for MAH is
complicated since different temporal user association patterns

'For convenience, we use the terms user association and user selection inter-
changeably in this paper. We also used the terms user and client interchangeably.
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lead to considerably different learning performances [10], and
user association is critical in determining overall training and
system efficiency [11]. Increasing the number of clients in
each shard can enhance training accuracy, convergence stability,
and a more expansive customized AIGC model but comes at
the expense of increased training time and energy costs. This
introduces training-operations complexity, as prolonged training
time in each shard increases its hibernation period. Therefore,
we aim to select an optimal number of clients contributing to the
training process subject to the various user selection constraints
knowing that a larger number of users can potentially improve
accuracy and convergence stability while increasing the rate of
shard hibernation. This paper presents a multi-criteria solution
for MAH that intends to enhance performance while minimizing
disruptions to shard operations. The main contributions of this
paper are summarized as follows.

® We present a novel user association framework for MAH
systems, aiming to maximize the overall system perfor-
mance under shard formation constraints. Our approach
involves the development of a multi-criteria solution, con-
sidering key selected constraints: data context, intra-shard
diversity, time and energy cost, and client distributions.
These factors significantly impact the overall performance
of the proposed MAH system.

® We formulate a long-term joint optimization problem for
user selection and shard hibernation over a finite number of
learning periods, considering stochastic learning rates and
finite shard formation constraints. To address the resulting
problem, we leverage training-operation specifications to
provide a long-term performance guarantee.

e To limit the impact of the time-varying and unpre-
dictable training-operation conditions, we propose a novel
Lyapunov-based online optimization. This approach aims
to maximize the number of users in each shard to enhance
training performance while minimizing the average shard
hibernation period to improve the content generation ca-
pacity and reliability of each customized AIGC model. We
introduce a multi-arm bandit-based method and a context-
centric user selection approach to provide solutions for the
optimization problem.

e We implement a use case for the FSL-enhanced MAH
and subsequently present some results to demonstrate the
effectiveness of our proposed solutions over existing ones.

We strongly believe that the presented solution can be adopted

to improve content generation processes in various AIGC appli-
cations and systems with minimal or no modifications.

B. Organization

The remainder of this article is organized as follows. Section IT
provides a summary of related work. In Section III, we present
the system model, followed by the performance analysis and
problem formulation in Section IV. Section V delves into the
proposed algorithm designed to address the formulated problem.
Details of the considered use case and the outcomes of the
performance evaluation are discussed in Section VI. Lastly,
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TABLE I
SUMMARY OF NOTATION
Notation | Definition
K Number of semantic transmitters (i.e., clients)
E Number of edge servers
Dy; De Local dataset of client k; dataset of edge e
hy Fading coefficient
ny Independent & identically distributed Gaussian noise
9§’“) Parameter vector of client &
ay Semantic transmitter network parameter
B Semantic receiver network parameter
n Learning rate
Dy; De Number of samples in Dj; number of samples in D,
Ns, Total number of clients in shard Se
tre Shard training rate
k CPU frequency required to execute one sample of Dy,
f CPU frequency of client k
(k) Matrix representing source input data of k—th user
by, Proportion of communication resources allocated &

Section VII concludes this article. The main notations used in
this article are summarized in Table I.

II. RELATED WORK

User selection has received significant attention, particularly
in FL, given the crucial task of identifying appropriate users
or devices for participation in collaborative model training pro-
cesses. The adoption of FL in AIGC systems has been considered
to address the centralized training limitations of traditional
AIGC service [12], to enhance privacy [13], and to facilitate
edge-driven personalized customization models [14]. However,
finding a balance between the imperative for model improve-
ment and considerations such as privacy and resource constraints
ischallenging [6]. In FL, the detection of critical learning periods
has been mentioned as an important task to achieve adaptive
device selection where identifying critical learning periods is
usually integrated to enhance federated optimization methods
and detect critical learning periods. A joint client selection and
resource management solution in wireless FL for the Internet
of Things was proposed in [11] where the relationship between
training efficiency, number of selected clients and total energy
consumption were discussed.

In a related study [10], the authors formulated a stochastic
optimization problem for joint client selection and bandwidth
allocation. A bandit approach in [15] carried out client selection
based on a time-varying reward influenced by the history of pre-
vious selections. The objective of this client selection problem
is to schedule a subset of clients for training and transmission
at each given time to optimize learning performance. Clients
were managed based on their resource conditions in [16] while
a multicriteria-based optimization model that allows maximiza-
tion of the number of FL clients with sufficient resources and
time to complete the training tasks without dropout was pre-
sented in [17].
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In addition, the authors in [18] investigated the client selection
problem, considering effective participation and fairness by se-
lecting clients with the lowest failure probability. An automated
and quality-aware client selection framework for efficient FL
was proposed in [19] to evaluate the learning quality of clients
within a limited budget. Similar works, such as [20], modeled
fairness-guaranteed client selection as a Lyapunov optimization
problem, and [21] explored adaptive client selection. The pres-
ence of a single aggregation server in these FL-based selection
approaches means these solutions are not suitable in MAH where
user association between multiple clients and multiple servers
is necessary to meet the system-specific requirement.

The study presented in [22] introduced an FSL framework
designed to collaboratively train the semantic-channel encoders
across multiple devices. This collaborative training is coor-
dinated via a base station-enabled semantic-channel decoder.
Additionally, the authors in [23] delved into the exploration of
a multi-user semantic communication system specifically tai-
lored for executing object-identification tasks. Furthermore, the
work in [24], [25] discussed a task-oriented multi-user semantic
communication system for multimodal data transmission. The
presented solution involved the utilization of a deep neural
network-enabled semantic communication system to efficiently
carry out various tasks. Such solutions [24], [25] also extended
to the examination of a deep learning-based multi-user semantic
communication system, evaluating its effectiveness in transmit-
ting both single-modal and multimodal data.

Nevertheless, these works are also constrained by a single
receiver equipped with a semantic-channel decoder while none
have explored the benefits of multi-layer training to enhance
the learning experience of multiple semantic transmitters and
receivers. Furthermore, there is still a lack of identified user
association or selection mechanisms suitable for adoption in
distributed AIGC systems while existing works on AIGC have
mainly focused on the deployment of AIGC models without
addressing the necessity of regularly retraining these models to
prevent performance degradation over time.

III. SYSTEM MODEL

We consider the deployment of an FSL-enabled MAH with a
multi-layer framework following the concept of the client-edge-
cloud collaboration [26], [27], [28], [29] as shown in Fig. 1,
where multiple PTs, through their respective source users (i.e.,
clients equipped with their respective semantic transmitters),
collaborate to form a shard with the corresponding destination
user (i.e., edge server containing the semantic receiver, the
associated customized AIGC model and VT models). This facil-
itates the maintenance of an updated customized AIGC model,
essential for generating timely content needed for the evolution
of their individual VT models. Unlike traditional communication
methods which transmit raw data, leading to high bandwidth
demand, and insufficient privacy and security, semantic commu-
nication focuses on conveying the intended meaning, prioritizing
understanding and relevance over exact data fidelity. This makes
such a method suitable for MAH. The AIGC services include
the model initialization, configuration and inference [12]. As
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Fig. 1. General framework of FSL-enabled MAH.

shown in Fig. 2, the client layer consists of K semantic trans-
mitters, givenas C = {1, ..., K}, each containing its associated
semantic-channel encoder. Similarly, the edge layer includes F
edge servers, also givenas £ = {1,..., E}, each consisting of a
semantic receiver as well as its corresponding semantic-channel
decoder and semantic knowledge base (KB), which facilitates
the training and operations of the associated customized AIGC
model. At the same time, the cloud layer is made up of the cloud
server and contains the global AIGC model and KB that are
also useful in improving the learning experience at each edge
server ¢ € & via the federated multi-task learning (FML) [30].
Each participating client k£ € K has a local dataset Dy. In the
supervised learning case, Dy, defines the collection of datasets
given as a set of input-output pairs {z;, y; } 2%, where z; € R?
is a d—dimensional input feature vector and y; € R is the output
label. We know that the source input data of the £—th user can
be denoted as z(*) such that the extracted semantic symbol is
given as

sk = T (z™),Vk € K, (1)

where 7, (-) represents the semantic transmitter network with
the parameter set o(*) for the k—th source user. If the k—th
transmitter sends sy, to its paired semantic receiver network over
a wireless channel with additive noise following the traditional
task-oriented semantic communication framework, then the re-
ceived semantic feature is

S = Rﬁ(m(hk&k + nk)7Vk ek, @)

where R g () is the semantic receiver network with the pa-
rameter set ﬂ(k), hy denotes the fading coefficient, and ny ~
N(0,0%) is independent and identically distributed Gaussian
noise of variance o}.

The proposed FSL-enabled MAH framework depicted in
Fig. 1 comprises two distinct phases: training and operation. The
training phase, depicted in Fig. 2(a), utilizes a multi-layer frame-
work, where the first layer learning occurs between client-edge
nodes using the FSL, while the second layer learning between
edge-cloud nodes employs the FML.
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Fig. 2. FSL-enabled MAH framework.

A. Training Phase Modeling

While semantic and channel encoders/decoders have distinct
roles within semantic communications, they are often jointly
trained in practice. In Fig. 2, they are shown separately to
highlight that semantic encoder outputs feed channel encoders,
and channel decoder outputs feed semantic decoders. Hence,
in the training phase, multiple semantic transmitters (i.e.,
clients), each containing a semantic-channel encoder, and
a semantic receiver participate in collaborative training to
improve semantics encoding and decoding processes while
updating the associated AIGC model, as depicted in Fig. 2(a).
Eachreceiver, situated in its respective edge server, also contains
a semantic-channel decoder engineered to extract features that
optimize the evolution and content generation of its customized
AIGC model, simultaneously enhancing its decoding efficiency
and accuracy. At each communicationround ¢ € {1,2,...,T},
we may update the model parameters iteratively by taking small

steps in the direction that minimizes the loss, following the
stochastic gradient descent update rule

9&@1 =0 — Ve £8P (6, (3)

where Ht(k) = (agk), ﬂt(k’e)) is the parameter vector of user k at
time step ¢, Vg £§k) (ng)) is the gradient of the loss function
with respect to the parameter vector Ht(k), and 7 is the learning
rate, controlling the size of the update steps [31], [32].
However, it is important to note that each receiver is con-
strained by the context of its associated AIGC model and benefits
more from users with datasets containing similar contexts (e.g.,
similar distributions, features, or domain-specific characteris-
tics) since mixing highly heterogeneous data may confuse the
model and hinder its performance. As a result, we incorporate
a sharding technique, where all clients are divided into smaller,
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more manageable groups, called shards, based on multiple cri-
teria. Each shard is an independent group of multiple clients
and a server. At any round ¢, the set of shards is defined as
{S1(t),...,Sgr(t)}. The difference between the original data
) and ‘the one generated by the receiving customized AIGC
model (%) is measured using the mean squared error (MSE)
loss, as

) (09 s.0) =

NSE Dkfl

Y (9 -a), @

=0

1

k
S T,

k Se
> kek 75, Dk 1

where the parameter Ng, < K is the total number of clients
in shard S. and Tfée € {0,1} represents a client participating
indicator, obtained as

1, if client & is active in shard S,
% ={5 ®

otherwise.

In addition, each edge server collaborates with other avail-
able edge servers and the cloud server, following the FML, to
synchronize their experiences, enhancing learning across each
shard. Since FML aims to minimize the overall loss across all
servers while considering their individual tasks, we define a
global loss function £(¢) that aggregates the losses from each
server as

E%global)(agc))zz Teweﬁ,(ghe) <9§k)7se(t)) +WO£EC) (et(c)) :
ecf
(6)

where w, and w,. are weights assigned to each edge server and the
cloud server, respectively, 7. € {0, 1} indicates whether an edge

server participates in the edge-cloud training, and 9,§C) represent
the parameters of the model in the cloud server. The loss function

£8(6%)) for the cloud server can be expressed as

£9(09) = 5 X L (faou6)0)

| Deioud ‘ (2,9) €Deloud

where Dgjoud 2 Uee ¢ D, represents the dataset at the cloud
server, which is the aggregation of the recovered semantic data
of each edge server D, and fiioua(; F)t(c)) is the output of the
model on sample x of label y at the cloud server.

The gradient loss parameter V(,(k)L’Ek’Q) (975}{), Se(t)) can be
expressed, from (4), as

ke k 2
Van £ (07.5:0) = =Sy
S e
Ns, Di—1 _
S (1) ®
k=1 i=0 ‘

where Vw(k) is the partial derivative of wgk) Similarly, the

gradient for the cloud server loss can be computed from (7)
as

c c 1
Tt (1) - iy
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Z Vo Ly (fcloud(x;et(c)),y) ; ©)

(-’E’y) €Deloud

with V) Lt ( ferona(; ch)), y) representing the gradient of the
loss function concerning the output of the model at the cloud
server. The learning process of each semantic transmitter k& € C
and semantic receiver e € £ in any typical shard S, can thus be
captured respectively as

affy = af® = n(w. Vo £ (0, 5.(0))

Hwe Vo L) (e,@)) , (10)
Bl = i) - n(wewmﬁik’e) (Gﬁk)ﬁe(t))
F WV £ (aﬁc)))‘ (11)

It is found that it may not always be necessary to select the
maximum number of clients for each shard during training [10].
Thus, the shard formation should account for both statistical and
system heterogeneity. Numerous clients may contribute similar
and redundant gradient information during aggregation, failing
to accurately represent the true data distribution globally [21].
Choosing such clients can result in resource wastage and bias
the global model at the corresponding receiver towards specific
clients, resulting in global model degradation. Therefore, a user
selection approach must prioritize intra-shard diversity to choose
representative clients for each shard while adhering to resource
constraints. For each shard, the objective is to identify a diverse
subset of clients whose aggregated model updates approximate
the aggregated updates of all clients. Let the model update of
kth client be given as AG), the diversity between the model
updates of any two clients, k and j, can be computed following
the cosine similarity scoring [33] as

AOK) . AGI)

(k) Dy _=2 "=
CSAITL A0 = TaemasoT

12)

where A9F) . A9U) represents the dot product between any two
vectors AGF) and AG), and || - || signifies the euclidean norm.
From (3), the diversity score for each client can be obtained as

DS(k) =Y (1 —CS(A9R), A9<J'>)) .
oy

The diverse subset of clients may then be obtained by selecting
the clients with the highest diversity scores such that the diverse
subset of clients is defined as

Dsub = {k|DS(l€) Z di?)th,},

13)

(14)

where divyy, is a predetermined threshold value that determines
the level of diversity required for a client to be included in the
subset. By ensuring intra-shard diversity during client selection,
we can minimize redundant communication and increase the
impact of under-represented clients that contribute distinct in-
formation, thus enhancing overall learning efficiency.
Although diversity enhances learning accuracy, client selec-
tion plays a crucial role in determining the overall training
time, given variations among clients in terms of dataset size,
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available resources, channel state, and energy availability [15].
Selecting an higher parameter div,;, may lead to the straggler
problem, significantly increasing the training latency and the
overall energy consumption during training. Hence, a trade-off
exists between the number of selected clients (through divy,)
and total energy consumption.

B. Operation Phase Modeling

The objective of the training phase is to optimize features
encoding and decoding during operations: semantic transmis-
sion and content generation for the evolution of VT models.
Subsequently, in the operational phase, each transmitter extracts
semantics from its data and transmits this semantic information
to its paired receiver for feature reconstruction and content
generation, through the corresponding customized AIGC model.
More specifically, each semantic encoder, associated with a
client k € K, takes as input the local dataset Dy, and outputs
a set of important features extracted from Dj. These extracted
feature vectors are then fed into the counterpart channel en-
coder to manage the effects of channel noise and interference
in the wireless environment over the transmitted symbol. The
semantic-channel encoder operation is summarized in (1).

At the receiver side, when considering the additive white
Gaussian noise and Rayleigh fading channel, the received signal
from the client k can be represented as

X = hgsg + ng. (15)

The estimated semantic feature s, is then recovered from X}
using (2) before employing the customized AIGC model to
generate appropriate contents that capture the true states in the
physical environment.

C. Hibernation Period Modeling

Considering a typical FSL-enabled MAH system, the system
remains in the operation phase at all times, excluding training
intervals, called the hibernation period. Thus, the hibernation
period is influenced by the training rate of each shard, given as
tre. To mitigate the risk of service disruption caused by train-
ing activities, we propose implementing a partial hibernation
method, allowing only selected shards to enter the training phase
at any given time. The objective is to minimize the impact of the
time each shard spends on training on the overall availability
of the system. To achieve this, we introduce batch learning,
where training is performed in batches of shards. Batch learning
reduces the maximum number of shards actively training at
any given time by grouping shards based on their idle periods.
Only selected groups train concurrently, limiting system-wide
dependency. A scheduler coordinates group training using pre-
dicted idle periods, ensuring efficient operation. This approach
minimizes disruptions by isolating training to specific groups
of shards, allowing other shards to remain operational. Decen-
tralized scheduling and periodic updates prevent system-wide
shutdowns, maintaining overall functionality.

Generally, a higher shard training rate ¢r. € [0, 1] may lead to
more frequent updates to each node in the network, improving
the system’s overall responsiveness. However, it also increases
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the likelihood of system disruptions due to the higher training
load. This creates a tradeoff between extending hibernation
periods and maintaining timely updates to ensure node accuracy.

IV. MULTI-CRITERIA SCHEME ANALYSIS AND PROBLEM
FORMULATION

This section analyzes the proposed multi-criteria solution for
the multi-shard FSL-enabled MAH system. Subsequently, we
will delve into the optimization problem.

A. Analysis of Multi-Criteria Scheme

The proposed multi-criteria scheme relies on four key fea-
tures: context, intra-shard diversity, cost, and location. Context
measures the relevance of client data to a problem, assessed
through the domain of the associated customized AIGC model.
For any typical shard, the goal of the context criteria is to reduce
the distribution difference of each client and the target-domain
instances. Given that {2%}7% and {z§} f;l are the samples of
client k£ € K and its corresponding edge server e € £, respec-
tively, we can characterize the context using the maximum mean
discrepancy (MMD) as

1 & =
Map(k,e) = D—kZ@(xf)—D—eZ%;) ., (16)
i=1 j=1 Y

where @(+) is the feature mapping function that maps data points
into the kernel Hilbert space and || - ||; denotes the norm in the
kernel Hilbert space. Thus, for any typical shard S., we need

K
E k
TSE
k=1

where ¢y, represents the maximum degree of discrepancy re-
quired among participating clients in each shard.

Next, it is important to measure the degree of intra-shard di-
versity as selecting the maximum number of clients that satisfies
the context requirement may not always be necessary owing to
the cost constraint. At every learning round ¢, it is necessary
to identify a subset M of clients whose combined gradients
can serve as an approximation to the full gradients across all
Ns, clients subject to (14). We consider the existence of a
mapping 7 : N — M such that the gradients from client
k € N can be approximated by the gradients from a chosen
client 75 (k) € M. Let ASe = {k € N™|"n% (n) = k} de-
note the set of clients approximated by clients & € M and
*y,‘fe = |A‘,§E\. We define the approximation error at learning
period [ (which consists of 7' communication rounds) as

X e (0, s.0)
e \ pemse

1 & 1 &
k e
kaZ@(:me—e;@(mj) _Sem (D

i=1

Aerr(t) =

(18)

-S e (00.50) )|

keN

Generally, a.,, assesses the degree to which the selected subset
MSe approximate N, and its upper-bound [21] can be obtained
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as

1
At < w2

¢ keN

v (eg’”,se(t))

) (o=

Another parameter that can affect the performance of the
multi-criteria scheme is cost. Cost captures both the time and
energy consumption in the multi-layer training. This includes
the cost associated with local training (i.e., the semantic-channel
encoding) at each source user k € C of CPU frequency f, the
computation costs incurred at the edge and cloud servers, as
well as the cost of exchanging gradients between client and edge
layers, and between edge and cloud layers. Given that f* is the
number of CPU frequencies required by client & € K to execute
one sample of its Dy, the local training time cost over 7" iterations
is

v (t)) H (19)

= j%i’té (t):i§£2E£El7

Tio(k) 0,

(20)

where a*) (t) € (0,1] is the ratio of the computation resource
allocated to the local training of S, at round ¢. The corresponding
energy cost is obtained following the energy model of a com-
plementary metal-oxide-semiconductor (CMOS) circuit [34] as

Elo(k) = ﬂo(k)Pkaék)f;§7

(2D
where py, represents the effective switched capacitance coeffi-
cient of client k& depending on the chip architecture. After local
training, the gradients are sent to the edge server. The total time
and energy costs over T’ iterations are respectively given as

(22)

where pj, is the transmission power of client & and 7 . (¢)
represents the client-edge transmission rate. Similarly, the time
cost and energy cost for the learning process at the edge e € &,
given that a(e) (t) € (0,1],is theratio of its computation resource
allocated to the training related to client k in S, at iteration ¢,
which can be expressed as

(23)

e

Ees(se) - Tes(Se)peag'e) 3

where f is the number of CPU frequencies required to process
one unit of the sample, f. > fj is the CPU frequency of edge
e € £ and p, is its effective switched capacitance coefficient. At
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the cloud layer, the costs are given as
_ Z fr ZEES De(t)
Ecs = cspcfga (24)

where f£ is the number of CPU frequencies required to process
one unit of the sample ) _. D, by the cloud server, f. > fi
is the CPU frequency of the cloud server and p, is its effective
switched capacitance coefficient. Owing to the higher computa-
tional capacity at the edge and cloud layers, we can assume the
cost of downlink transmission from the edge to the client layer
as well as the edge-cloud communication cost to be negligible.
Thus, the overall time cost and energy cost over L learning
periods can be respectively obtained as
| lsu(t.)
Tke (t, l)

—;§<max< l)f(ifm )

Qe (t’ l)fk:

+max< 7e(t, D F5 Sgerc 5wt z>|> J§ Seee De(t.]) >
ect § (t, 1) fe fe
(25)
K
Eore(D) =Y ZTQ (Tl (ks D)pra®™ (1) £3+
=1 Lk=1
Ty (ke Vi 1)) +Y el ( es(Se, 1)pea (e>(l)f§’)
et
+ Tes(Dpef? } ~ (26)

The last criterion is the client distribution, which is measured
as the distance between any client and its associated edge server
during training. This criterion is closely related to the cost, as the
distance between a client and its edge server within a shard can
impact latency and energy consumption, potentially increasing
both as the client-edge distance increases. Let (|x§k> [, |y§k) b
represent the spatial location of any client k£ € K at any iteration
t, while (|z.|, |ye|) also captures the location of the associated
edge, the distance between client & € K and edge e € £ can be
expressed as

1

Bre®) = (2] = foe)® + (9™ = lye))?) ™

From this, we know that the client-edge transmission rate in (22)
can be obtained using the Shannon-Hartley formula as

(D, (1) “Pre (8) [, ()2
bk (t) Bo 2 ’
(28)
where B is the available communication bandwidth, o2 is the
channel noise power, by (t) is the proportion of communication
resources allocated to client k& € I and hy . is the channel
coefficient between client k and server e.
Using this multi-criteria scheme, user association can be reg-
ularly realized at the beginning of each communication round to
improve the learning efficiency during multi-layer training. The

27)

Tk@(t) = bk(t)Blog (1 +
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details of this multi-layer training are presented in Algorithm 1
where each user transmits its locally obtained semantic symbols
to the tagged edge server for forward propagation. Subsequently,
utilizing the gradients computed from the loss values at the
edge, the semantic-channel decoder undergoes updates through
backward propagation. These updates are followed by the ex-
change of aggregated gradients with other active edge servers
via the cloud server, aiming to enhance the learning process at
multiple edges using the FML technique. The updated gradients
are then transmitted from each edge to its corresponding clients
for updating their respective semantic-channel encoder. The
overall time complexity of Algorithm 1 can be approximated as
O(T (| M| + |E5])), where | MSe| is the number of selected
clients and |£9| is the number of participating edge servers per
each round ¢.

B. Problem Formulation

To perform shard formation using the presented multi-criteria
scheme, we describe the overall training performance in any
typical learning phase [ as

T 1 K
U (rf :Z}TZD'C
k=1

t=1 't

(29)

where 75 (t) € {7§ (1),...,7& (T))} captures the overall client
selection decisioninround ¢ € {1,..., T} with 7§ (¢) € {0,1}.
The parameter ; is a temporal factor that captures the varying
closeness of clients in each cluster following the multi-criteria
approach and is obtained as

K
N = wi (@err (1)) + w2 ( STk Mk e) + D (t)]
k=1
Tove l EO’U& l
+ T()+ T()),VUJ1+W2_1. (30)

The weights w; and w9 are designed to ensure that all criteria
have a balanced influence on the overall performance. The
smaller the parameter N;, the better the training performance.

In consideration of long-term performance and the quality
of training, the goal is to maximize the weighted sum of any
selected clients through the training performance in (29) over
L learning periods and optimize the shard hibernation period,
givenas H éi) ~ Ty (1), and the overall learning accuracy, while
meeting the long-term cluster formation constraints through
context, intra-shard diversity, cost, and location. Formally, the
problem is presented as follows:

L

Pl: max Z (ﬂU(l)(le)

b, T, MSe 7k 7 tre, fr =1

E
_(1—9) (cgfm 09,80+ treHé?> )

e=1
(31

s.t. 7e(t), 78 (t) € {0,1},Vk € K, Ve € €, (3la)
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0<tr. <1, (31b)
0<9<1, (31c)
err (1) < alh VL, (31d)
K 1 D.
ng Zfb —D—Zcb(a:; DIl < em, Ble)
k=1 i=1 ¢ j=1 H
L
li ) < TS If
LEI;C Z: ove max? (3 )
L
li ) < ESe 1
LE}IOlO Z: ()U€ max?’ (3 g)
1< FR (31h)
bmin < by (t) < 1, V4, Zbk (31i)
Tmin S T(l) S Tmaxy (31J)
where a"is the maximum threshold for the approximation
error, T4 represents the threshold for time cost and ESe.

defines the threshold for energy cost in any typical shard S.. In
addition, f,gZ,)( gives the maximum bound for client computation
capacity (i.e., the CPU frequency) while T}, and Ti,,x depict
the minimum and maximum bounds of communication round in
any learning period, respectively. We assume the presence of a
scheduler within the entire system, tasked with ensuring that all
constraints are satisfied to guarantee efficient user association.
Constraint (31a) ensures that the client selection decision is
binary, either O or 1, while Constraint (31b) guarantees that
the shard training rate remains within an acceptable range.
Constraint (31¢) balances the trade-off between overall train-
ing performance and associated costs (i.e., the loss and hi-
bernation period). Constraints (31d) and (31e) ensure that the
approximation error and the maximum degree of discrepancy,
respectively, stay within acceptable thresholds. Constraints (31f)
and (31g) ensure that the long-term constraints for both time
and energy costs are satisfied, while Constraint (31h) ensures
that the computation capacity of any client remains within the
acceptable range. Constraint (311) guarantees that the proportion
of communication resources allocated to client k& adheres to
the pre-defined limit, and Constraint (31j) ensures that the total
number of communication rounds in each learning period does
not exceed the acceptable threshold to maintain balance in P1.
A major challenge of directly solving P1 involves the exis-
tence of trade-offs between the long-term energy constraints,
bandwidth allocation decisions, and learning accuracy across
various learning rounds. While including more clients in the
present learning period (subject to intra-shard diversity and
context constraints) may enhance overall learning accuracy, it
may limit the bandwidth allocated to each client, consequently
increasing energy consumption for these clients and the hiberna-
tion time. Furthermore, an increased energy consumption in the
current period has the potential to reduce the available energy
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Algorithm 1: Multi-Layer Learning.

Input: Set of clients /C, set of edge servers &, client
participating indicator ng"e, edge server participating
indicator 7., number of rounds 7, learning rate 7).
Output: Parameter vector H(Tk), global model parameter
0 VkeK,ec & tefl,...T}
Initialize: 6" = (o, 8{*)), MS:
For each round ¢t = 0 to 7" do
For each k € M do

s(k) = 7;(k)(l'(k)),v1€' ek

Offload s(¥) over wireless channel

stk) = Rﬁ(}c) (hks(k) + nk),

Recover () using the customized AIGC model

Compute and perturb gradients Vﬁgk ) (eﬁ’“))

Update parameters Gt 1= ng)—

Nwe Voo £ (07) + weV oo £17(6,))

End For

Edge layer aggregation 0l =

t+1 —

Zk Dy 2k 7S, Dk9t+1

Edgee € E with 7, =1 ofﬂoads 0§ 41 tocloud
Cloud layer aggregation: Hf =

Z‘”“D > o TeDe 053_)1 —|—w(ﬂ(c

Broadcasts 9§ Jp toall partlclpatmg edge servers

0,5

Edge server synchronization: Ht I

Broadcasts Ht(i)I to all clients k € M5

Synchronization at client k: agi)l — Qt 1

End For

for meeting the future learning accuracy requirement. The need
to find an effective approach to solve the long-term performance
problem becomes important.

In the next section, we detail the methods adopted to solve
the long-term performance problem, presented in (31).

V. PERFORMANCE OPTIMIZATION OF THE MULTI-CRITERIA
SCHEME

To increase the possibility of finding a solution for the long-
term performance problem, we reformulate P1. We note that
incorporating the multi-layer FSL loss into P1 further increases
its complexity. Since the multi-layer FSL loss depends on the
number of communication rounds 7', we may simplify P1 by
converting the FSL loss into a constraint subject to the overall
communication round 7" < T,,.«. We can then reformulate the
problem as

L

P2: max Z (ﬁU(l) (F)

b T MSe T retre i £

- i )
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s.t. (31a) — (314), (32)

LEOF 8,1 < £ VT (1) < Tra,  (322)
where ﬁiz) represents the maximum allowable learning loss at
each learning period [. Problem P2 involves client selection and
cluster hibernation, and also presents a significant challenge due
to the absence of future information over the long-term period
L. Achieving an optimal solution necessitates comprehensive
offline data, encompassing hibernation periods and selected
clients across every training round of each learning period [
throughout the extended timeframe L. Indeed, P2 presents
a challenging scheduling problem characterized by long-term
objectives and constraints related to shard formation. Addressing
this optimization issue offline poses significant challenges due
to several factors including:

e The scheduling process is impacted by random events, such
as client availability, which are only known at the onset
of each round. Consequently, devising an offline strategy
devoid of this real-time information poses a challenge in
ensuring compliance with associated constraints.

¢ The time-coupling constraints outlined in (31f) and (31g)
present considerable difficulty when attempting to solve
them using offline methodologies.

® The scheduler must consider multiple criteria such as cost,
diversity, and location, which can only be known after
or during the actual learning process. However, decisions
must be made before the commencement of each learning
period, making it challenging to obtain the actual values of
these criteria during decision-making.

We hence adopt a Lyapunov optimization framework to trans-
form P2 into an online problem. To achieve this, we first
decompose P2 by defining two virtual queues: a hibernation
period violation queue @y and an energy deficit queue Qg
to describe how training hibernation period H é) and overall
energy cost Ey,.(l) at each learning period [ may deviate from
the long-term budget 7 and ES¢ , respectively. The dynamic

max max?
evolutions of these queues are obtained as

Qu(l+1)= maX[QH(l) + Tove(l) — %Trfaxﬂ 0]
Qe +1) =max[Qr(l) + Eowe(l) — Erflaxv 0].

Let V' > 0 denote a penalty factor set for the purpose of balanc-
ing the tradeoff between maximizing the objective and satisfying
the shard formation constraints. In every learning period [, the
aim is to solve the per-period problem given as

(33)

P3: max
by, T, MSe 7k

E
— 19) (ZtT‘eHg&)> ) (QH( ) ove( ) + QE(Z)EOUQ(Z))

(31e), (31h), (313), (32a).

JTestTe, fk

V. (ﬁU(l) ()

s.t. (3la) — (34)

However, P23 is still difficult to solve since the criteria for user
association are unknown before the commencement of the actual
learning process at each learning period. Hence, following the
concept of the contextual combinational multi-arm bandit-based
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model [35], we develop a context-enabled multi-criteria scheme
(CeM) with volatile arms and submodular rewards [36] for es-
timating the key shard formation criteria based on the historical
information and performance of each client £ € K and edge
server e € £, assumed to be available to the scheduler.

A. Context-Enabled Multi-Criteria Scheme

CeM relies on two variants of classical multi-arm bandit
(MAB) strategies: combinatorial and contextual MABs. Within
CeM, the action (arm) space operates on a combinatorial level.
This means that instead of choosing a single action, the agent
must select a combination of actions (otherwise called the
composite action). Consequently, each combination of actions
may result in a different reward. The primary objective for such
an agent is to learn the optimal combination of actions that
will maximize cumulative rewards. Additionally, these rewards
tied to specific action combinations may depend on additional
contextual information available to the agent at each decision
point. Given that each action in CeM corresponds to a client,
the algorithm aims to find the best combination of clients that
maximizes cumulative rewards.

We consider a sequential decision-making process over T’
communication rounds. For each learning period [, let the tuple
(K, S, {?95:) Yeeic, {28 ke, {€F }rex) represent the CeM prob-
lem where K is the set of arms available in any communication
round ¢, S; C 2lK] represents all possible subsets or combination

of arms in round ¢, 19,(:) is the unknown but stationary coef-
ficient vector, z) represents the known but dynamic historical
feature vectors and €¥ is the zero-mean random variable that
presents the noise. Note that the sets of arms K are time-varying,
meaning K(t), 0 < ¢ < T, may vary in different rounds. For
each arm k € K, the resulting performance can be captured
as a function of the contextual vector Z; = {2 }rcxc while
the quality (i.e., the performance or reward) of arm k, drawn
from an unknown distribution, can be expressed as 7(zF) with
expected value p(zF) = E[r(2F)]. Given that r* = {r(zF)}rex
and pi* = {11(2F) }rex are the qualities of available arms in round
t and their expected value, respectively, the objective of the
developed CeM is to select a super arm Mfe C K that maximize
the total reward.

Generally, the number of arms in any super arm Mf“ is
bounded by the maximum number M., < K such thath“* <
Mnax, Vt, while M.« is a constant across rounds 0 < ¢t < T'.
The submodular reward function u : S; — R* can be defined as
the observed reward of any super arm. Let u(r?, Mfe ) represent
the reward of selecting super arm /\/lfe. Its value is jointly
determined through the qualities of each arm {7 (2F) } xcic as well
as the relationships between arms that create sub-modularity. If
we let x represent the problem P3, then the reward function can
be modeled as x(rf, M?*) such that for any M5 C K,

max

T
t Se
e e ZE[X(rfaMt )]a
1 9

T t=1

st M| < Mipae, M3 C K, Vit (35)
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The problem in (35) can also be reformulated by decoupling it
into 7" subproblems, given as

max B[y (r', M{*)],
MSeek

st M| < Mipay, M5 C K. (36)

By relying on historical performance information, the sched-
uler is aware of the historical qualities of previously selected
arms and can use this to estimate the expected quality of its
present selection. Thus, we can slightly modify E[x (rf, M5*)]
as x(E[rt], M) = x(r!, MS<). With this, the scheduler aims
to select a super arm M$<*(Z,) that satisfies

M (Z;) = arg X(u', M) 3

max
MSe CIC; [ MSe [ < Minax
Nevertheless, maximizing a submodular function subject to a
cardinality constraint in (37) poses an NP-hard problem. Fortu-
nately, the greedy algorithm provides a polynomial-time solu-
tion and guarantees achieving at least (1 — ¢) of the optimum
value.

Definition 1: Define M5 and Mfe* as the super arm selected
by the greedy algorithm [37], [38] and the optimal super arm,
respectively. At least (1 — ¢) optimum means

X', MP) > (1= q)x(p!, M).

Definition 2: The a-regret of any algorithm up to round 7' is
defined as

(38)

oT) = (1—a) Y El(r', M) = D EN(r, My*)].

t=1 t=1
(39)
The estimation of the expected rewards follows the contextual
bandit with similarity information method [36], and is pre-
sented in Algorithm 2, where arms are categorized into distinct
groups based on their contextual information. Subsequently,
the algorithm learns the expected quality for each group of
arms under the assumption that arms sharing similar contex-
tual information exhibit similar qualities. For every context z,
the developed CeM identifies a potential arm group p, € Pr
requiring estimation of its expected quality, satisfying the con-
dition 2} € p!,.. The algorithm then examines whether there are
any p € p' = {p! }rex that have not been explored adequately,
while also collecting the arms falling within the under-explored
groups K". Depending on K", the CeM transitions into either
the exploration or exploitation phase. After selecting the set of
arms, CeM evaluates the qualities exhibited by the chosen arms,
subsequently updating both the estimated quality and the count
for each group in p;. The overall complexity of Algorithm 2 per
iteration relies on the complexity of exploration and exploitation,
which depends on the number of observed contexts in the current
iteration | K|, |K*| and M pax. This can be expressed as O(| K| -
|Pr| + Mumax - (|K] 4+ |K*])). For T' < oo iterations, the total
time complexity is O(T'(:|K| - [Pr| + Mmax - (K| + [K“]))).
As T — oo, the complexity becomes increasingly unmanage-
able. However, in practical systems, 7" is expected to remain
finite.
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Algorithm 2: Context-Enabled Multi-Criteria Scheme.

Input: 7', contextual information space, exploration
parameter E,(,t).
Initialization: Context information space partition Pr ;
counter ¢f, = 0 ; estimated context-specific qualities
f(p) =0,Vp € Pr.
Fort=1,...,T do
Observe K with its corresponding contexts
Zy = {2} brex
Find group p; = {p} }rexV2F € pl;p} € Prik € K
Check for under-explored groups
Pri{pePrl3kek,zkepd <EY}
and the associated arm set K* = {k € K|p, € P4}.
Exploration:
Py A {):
If |[K"| > Mpax:
Create Mfe by randomly selecting M.« arms
from K"
Else: Create M%< by selecting |K*| arms in K* and
other Myax — |K¥| arms: k;
Vk; = arg MAXy e fien Mo, }
A(r}, {kap I UMff1)7 i=1,. . M — [KY]
Exploration:
Else: Create Mf‘“‘ by selecting M .x arms: k;
Vki = argmax; e\ yse A(r7, {ki} M),
i=1,..., Mmnax
For cach k € M% do:
Observe g, o
Update #(p}) « “Ch)eltre
Update cf* < f* +1

For each communication round ¢ € {1,...,T}, we can
transform P3 using the presented MAB-based solution. To
do this, we first observe that the performance of the user
association framework as well as its associated hibernation time
is associated with the computation parameter of each client fy,
the running state parameters by, T§e and 7., and the multi-criteria

features: diversity, location and context. Given 2 £
{z},..., 25} C R?, we thus define the feature parameter 2 =

[£i(8): Dk (£), b (8),78 (8),7 (£), Gerr (£) D (8), My p (K )]

and 19,(:) = [M‘S Towe(1), Egve(1)]. If the parameters defined
in 2F are estimated based on the dynamic historical data, we can
obtain predicted values for the unknown parameters. Clearly, as
the available historical information accumulates, the scheduling
approach is expected to achieve improved accuracy. With this,

P3 can be transformed to

P4: max
b, T\ MSe 7k e tre, fi

V. (ﬁU(l) (mF)

E
—(1-9) (Z treH§?> ) —(Qu()Tope(l) + Qu(1) Ege (1))

st (31b) — (31e), (31h), (314), (32a). (40)
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Algorithm 3: Context-Centric User Selection Algorithm
(CUSA).
Input: Qp(0) = 0,Qg(0) =0
Initialize: MY, , = Myp(k,e) € [0,1]
Selection priority: Sort k£ € K in ascending order based
on

My
Mse = {k : Myp = 0}, MS = M5e, M = { M5}
For k = |M3°| + 1to K do

Update M« |J{k}

Solve P5 and obtain

D (M), T (MSe), tri (M), f (M)
If (U (7f) — (1= 9)(XE, tr.HY)) < 0 then
Stop Iteration ‘
Else
Update M = M U { M}

End If
End For
Obtain MS* = arg max ys. c g W* (M)
Return b (MSe*), T*(MSe*), tri(MSe*), fi (M)

Next, we provide a solution to the problem P4.

B. Context-Centric User Selection Algorithm

The problem P4 can be solved as a mixed-integer problem
although the solution is still very complicated. To solve P4,
we present CUSA, a context-centric user selection algorithm as
shown in Algorithm 3, where clients k& € K are incrementally
associated with an edge e € £, based on the context parameter
My p(k,e), to form the corresponding shard. For simplicity,
we consider that the shard members remain fixed during every
learning phase. We refer to M, p (k, €) as the selection priority
since M;p(k, e) represents the level of significance of client
data k to edge e. Let the initial super arm be /\/l‘ge containing
clients with My p(k, e) = 0. Clients with My, p(k,e) > 0 are
sorted in ascending order and are added to M following the
sorted order. Given that A} (B) is the optimal value of A for a
given super arm B, for each selected super arm, P4 is formulated
as

T
P5: Viid— E D
bkﬂq,lg‘);fk ( N, r
keMSe

E
~(1-9) (Z treH§1>> ) ~(Qu)Trre()+Qr (1) Egne(1))
e=1

st (31b) — (31e), (31h), (314), (32a). (41)

As shown in Algorithm 3, CUSA outputs optimal values for
bi, T, tre and f;, for MS<* after solving P5. Generally, sorting
k € K based on M}, , has a time complexity of O(KlogK)
while the total complexity for the iterative update is K — [M5¢].
In the worst case, where M contains all possible subsets 2K the
overall complexity of the CUSA algorithm can be approximated
as O(KlogK) + (K — [IM3¢]) + 0(25).
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VI. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
multi-criteria and multi-shard user selection framework in the
MAH-enabled environment. As a use case and proof of concept,
we designed and implemented a multi-layer user selection archi-
tecture and incorporated the proposed CeM-CUSA solution. To
establish an MAH-enabled environment, we initiated the inte-
gration of AIGC into the virtual environment by encoding input
data into tensors and aligning such with the requirements of the
generation model. Subsequently, a fine-tuned GPT-2 model was
employed to generate content that accurately reflects the states
of PT in the physical environment. To ensure the desired balance
of randomness, creativity, and coherence in the generated out-
puts, generative Al hyperparameters such as temperature, top-,
and top-p were carefully adjusted. The resulting tensors were
then decoded into high-quality predictive text, facilitating the
maintenance and continuous evolution of VTs. The proposed
multi-layer user selection scheme analyzes the collaborative
effects of multi-source and multi-destination users with diverse
datasets and requirements on the overall performance of MAH.
To demonstrate the performance improvements of the proposed
user selection approach, we also implemented three existing
solutions as benchmarks for comparison:

® Traditional Approach (Random Selection Strategy): The

random selection strategy is a traditional communication
protocol for a multi-source, single-destination mechanism.
Clients (i.e., multiple users) are placed into different shards
following a random selection strategy to meet the destina-
tion (receiver) requirements.

® Unilateral Selection Strategy: This approach creates shards

based solely on the receiver’s needs, focusing on optimiz-
ing information parsing and understanding efficiency at the
receiving side.

® Greedy Algorithm-based Strategy: This framework uses a

greedy algorithm [37], centering on marginal gains in the
sharding process to optimize the selection of information
elements. This enhances the synergistic effect of informa-
tion within the shard.

A. Implementation Settings

We implemented the FSL-enabled MAH following the ap-
proach discussed in [6]. To incorporate the proposed user selec-
tion strategy, we leveraged a publicly available dementia patient
health dataset’ containing 10,000 entries with eight different
features. The dataset was divided into two parts: half for model
training and the other half as client samples. For simplifying
the simulation, we deployed three edge servers and one cloud
server. Using the cosine similarity method, clients were initially
divided into six pre-groups following Algorithm 2. The most
compatible client group for each edge server was then selected
using P4 as the reward function. During the execution phase,
the initially selected groups were sorted by MMD values, and
client distribution was continuously adjusted using P5, as the

2[Online]. Available: https://www.kaggle.com/datasets/kaggler2412/
dementia-patient-health-and-prescriptions-dataset
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TABLE II
SIMULATION PARAMETERS

Parameter | Value Parameter | Value
B 1MHz Dh.e [1,100] km
T 20 L (1,10]
n 0.01 Dy, (2,10]
D. [10,20] || fu [2,3.5] GHz
fe 10GHz fe 20GHz

k 1cycles < 2cycles

c 4 cycles adl. 3
Cth 1 w1, w2 0.5
a®,a® 0,1 % 05
0 0.5 tre [0,1]
Phs Pe 10727F || Ak, A {0, 1}

reward function, to optimize model performance while meeting
the dynamic changes requirement in the environment and client
needs. This sharding process was repeated at the end of each
learning cycle until 10 cycles were completed.

In the initial phase of the model development, we imple-
mented a variational autoencoder (VAE) to facilitate data com-
pilation and augmentation. The VAE consists of an encoder and
adecoder. The encoder, using fully connected layers with ReLU
activation functions, maps input data to the latent space’s mean
and log variance. The decoder then reconstructs the original
data from samples drawn from the latent space using a sam-
pling layer and fully connected layers with linear activation
functions. Following this, we integrated the BERT model [39]
as the primary tool for semantic communication, utilizing its
pre-trained features for a deep semantic understanding of texts.
The feature vectors generated by the BERT model were fed
into a hybrid neural network that includes densely connected
layers, batch normalization, and ReLU activation functions, with
residual connections to prevent information loss in deeper layers.
Finally, the processed data served as inputs to the GPT-2 model,
which was fine-tuned to enhance the diversity and quality of
text generation through adjustments in temperature settings and
top-k filtering. This setup allowed GPT-2 to produce text that is
not only creative and relevant but also of high textual quality.

For the evaluation, we integrated an online learning mech-
anism into the training process to maintain objectivity in as-
sessment. The online learning mechanism allows the model to
continuously adapt to new data and update its parameters in
real-time, enhancing the model’s adaptability and long-term per-
formance in dynamic environments. For illustration, the values
of various parameters were selected following [6], [30] and are
presented in Table II for completeness.

B. Evaluation Results

Following the presented implementation settings, we first
focus on investigating the performance of the proposed solutions
using accuracy and loss as performance metrics. To demon-
strate performance improvement during testing, we incorpo-
rate the normalized performance metric (NPM) — a method
that ensures fair comparison, eliminates scale differences, and
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provides meaningful, consistent insights across diverse datasets
and models. NPM maps the mean absolute error (MAE) to a
consistent range, where 1 indicates nearly perfect predictions
and 0 denotes extremely poor performance. By inverting the
normalized MAE, the NPM effectively measures performance,
with higher NPM values indicating performance closer to the
ideal state. This method simplifies the assessment of the model’s
effectiveness in reducing prediction errors, making high NPM
values intuitively represent superior predictive performance.
As presented in Fig. 3, all user selection strategies demon-
strated significant accuracy improvements with learning period
L. Although the Greedy algorithm achieved faster convergence,
CeM-CUSA achieved a superior accuracy level, highlighting its
exceptional performance in continuous learning and adapting
to new updates in the physical environment. Similarly, the
proposed CeM-CUSA strategy experienced the smallest loss,
as shown in Fig. 4, consistently demonstrating its performance
improvements over other schemes.

Next, we assessed the sharding (i.e., clustering) efficiency
of the considered user selection strategies using average MMD,
approximation error, and proximity, as presented in Fig. 5. MMD
measures the disparity in the sample sets between each client
shard and the corresponding server, helping to ascertain shard
balance. The approximation error compares the discrepancy
between the data within the selected client shard and the overall
client data, determining whether the group data effectively rep-
resents the entire client dataset. Average proximity measures the
similarity of client data within groups, where a high degree of
similarity typically indicates greater efficiency in the sharding
process and potential for effective training processes. The results
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in Fig. 5 demonstrate that the proposed solution achieved the best
performance levels across the selected parameters for sharding
efficiency measurement. The CeM-CUSA strategy proves its
effectiveness in ensuring the balance of sample sets between
clients and servers, as well as maintaining high similarity within
client groups.

Furthermore, we investigate the performance variations of the
CeM-CUSA strategy under different configurations, using sat-
isfaction scores — a metric that captures the overall performance
from users’ perspective — as the primary evaluation criterion.
Fig. 6 illustrates the impact of performance weight and signal-
to-noise ratio (SNR) on satisfaction scores. The results show
that as SNR and performance weight increase, the satisfaction
scores also exhibit an upward trend. It is worth noting that,
even under worst-case conditions with an SNR of —10 dB, if
clients prioritize improved performance, the satisfaction scores
can still reach approximately 0.6. This demonstrates that with
the CeM-CUSA strategy, appropriately adjusting performance
priorities can effectively ensure client satisfaction even in poor
network conditions.

To emphasize the superiority of the CeM-CUSA strategy
under various network conditions, we carried out a compre-
hensive evaluation using bandwidth and CPU frequency, as
shown in Figs. 7 and 8. While overall performance increases
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with CPU frequency, as shown in Fig. 7, the CeM-CUSA strat-
egy consistently outperforms other solutions as CPU frequency
rises. This performance advantage is attributed to the two-stage
sharding optimization mechanism of the CeM-CUSA strategy,
which enhances data transmission and processing efficiency,
particularly during high-frequency operations. Although the
Greedy Algorithm and the unilateral selection strategy also show
performance improvements, the performance gap between these
methods and the CeM-CUSA strategy widens at higher frequen-
cies. This highlights the high adaptability and superior efficiency
of the CeM-CUSA strategy in handling high-load communi-
cation tasks. Similar observations are noted in Fig. 8, where
increasing bandwidth leads to improved overall performance of
the CeM-CUSA strategy. Performance convergence is observed
as bandwidth approaches 7 MHz, further demonstrating the
strategy’s effectiveness.

Additionally, we analyze the performance of the considered
selection strategies using time and energy costs. As demon-
strated in Fig. 9, the proposed CeM-CUSA strategy achieves
a time cost similar to the Greedy Algorithm-based strategy,
with marginal outperformance. The unilateral selection strategy
exhibits a lower time cost because it focuses solely on server
demands, thereby selecting client groups that are closer in prox-
imity and have higher transmission rates and CPU frequencies.
A similar observation is made in Fig. 10, where overall energy
costisinvestigated. As expected, the unilateral selection strategy
shows remarkable performance in terms of time and energy
efficiencies, as the number of clients per shard is relatively
small. This reduction in client numbers limits the diversity and
quantity of data available during model training, which is a
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noticeable disadvantage for data-driven learning models. This is
more evident when compared with the CeM-CUSA and Greedy
Algorithm-based strategies presented in Figs. 3 and 4.

Although the unilateral selection strategy offers distinct ad-
vantages in terms of time and energy efficiencies, its effective-
ness in achieving optimal model performance and generalization
is constrained. This trade-off underscores the need for better
selection strategies that effectively consider both the efficacy of
model training and efficiency to establish a performance balance
in MAH.

1) Benefits of the Multi-Layer Framework: Next, we evaluate
the advantages of the proposed multi-layer framework and com-
pare its performance with the traditional client-server scheme
as presented in Fig. 11. As expected, the multi-layer framework
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outperforms the existing approach in terms of accuracy when
implemented in MAH. This improvement is attributed to the
limited data distribution in traditional client-server schemes
and the lack of learning knowledge transfer across multiple
shards, a key advantage of the introduced multi-layer framework.
The knowledge transfer feature in the multi-layer framework,
facilitated during edge-cloud training, enhances model accuracy
in MAH by enabling each shard to learn from the experiences of
its neighboring shards, improving performance in the process.

2) Evaluation Under non-iid Datasets: Finally, we evaluate
the performance of the proposed user selection scheme under
non-independent and identically distributed (non-iid) dataset
conditions. To create a non-iid dataset, we introduce data het-
erogeneity by randomly assigning users partial subsets of input
features (feature distribution skew) and varying the number of
samples allocated to each user (quantity skew).

Using the newly generated non-iid datasets, we rerun the
simulation and demonstrate the obtained results for accuracy
and overall performance in Figs. 12 and 13, respectively. While
the system experiences performance degradation compared
to scenarios with iid datasets, Fig. 12 demonstrates that the
proposed solution outperforms existing methods in terms
of accuracy, measured as a normalized performance metric.
Similarly, Fig. 13 illustrates a superior overall performance
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of the MAH. These findings highlight that the proposed user
selection framework is an effective solution for MAH and other
related AIGC-enabled systems even under non-iid scenarios.

VII. CONCLUSION

In this paper, we have addressed the critical challenges asso-
ciated with MAH. Our proposed multi-criteria and multi-shard
framework, as well as the innovative CeM-CUSA strategy,
provide effective solutions to ensure ultra-reliable, secure, and
privacy-preserving connectivity between PTs and VTs, without
compromising accuracy and overall cost requirements. By in-
corporating batch learning for semantic-channel encoders and
decoders, our framework meets both periodic and on-demand
training needs, significantly enhancing synchronization between
PTs and VTs.

Through comprehensive evaluations, we have demonstrated
the superior performance of the CeM-CUSA strategy under
various network conditions and configurations. Our results
have shown that CeM-CUSA outperformed traditional methods
like the Greedy Algorithm and unilateral selection strategy in
terms of accuracy, loss, and sharding efficiency. The two-stage
sharding optimization mechanism of CeM-CUSA effectively
balanced sample sets, maintained high similarity within client
groups, and enhanced data transmission and processing effi-
ciency. CeM-CUSA has also proved to be adaptable and ro-
bust under different SNR and bandwidth conditions, achieving
substantial client satisfaction even in challenging scenarios.
Additionally, CeM-CUSA balanced training efficacy and effi-
ciency, ensuring optimal model performance and generalization.
These advancements offer a robust solution for MAH, enabling
seamless and accurate PT-VT synchronization.

While the proposed solution is effective, it may experience
performance degradation as training time increases. In the fu-
ture, we will expand this framework to obtain solutions that
can maintain moderate computation complexity even as training
time increases.
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