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Abstract—In this paper, we propose an efficient model training scheme, named Group-based Hierarchical Split Learning (GHSL),
which can accelerate the artificial intelligence (Al) training process in edge networks in a “first-sequential-then-parallel” manner.
Specifically, the proposed scheme hierarchically splits an Al model into a user-side and server-side model, while dividing a number of
users into multiple groups. Users in each group train user-side models with the interaction of the shared server-side model
sequentially; different groups perform the above training process parallelly; the Al models of each group are aggregated into a global
model. We also carry out the convergence analysis for the proposed scheme over non-independent and identically distributed data,
which reveals that the convergence rate depends on user grouping. Furthermore, we propose a data-driven two-stage user grouping
algorithm to minimize the overall training delay, taking user resource heterogeneity and the black-box training process into account.
The proposed algorithm first utilizes the Gaussian process regression approach to determine the number of groups, and then employs
the coalition game theory to determine the optimal user grouping decision. Comprehensive simulation results demonstrate that the
proposed scheme can reduce training delay, user-side computational workload, and communication overhead by up to 19%, 53%, and

54%, respectively, comparing to state-of-the-art benchmarks.

Index Terms—Hierarchical split learning, convergence analysis, user grouping.

1 INTRODUCTION

Fuelled by powerful computing servers and well-curated
datasets, artificial intelligence (AI) techniques have facil-
itated a number of applications across a wide range of
fields, such as facial recognition, speech recognition, and au-
tonomous driving [1]-[5]. Supporting these applications re-
quires training Al models on large user datasets. While cen-
tralizing data collection consumes significant bandwidth,
slows down training, and raises privacy issues [6]-[8]. To
enable training with vast amounts of private data in edge
networks, edge Al, e.g., federated learning (FL), is a poten-
tial paradigm. FL allows Al models to be trained locally on
multiple users [9]], which still encounters several issues in
mobile edge networks due to the limited computing and
communication capabilities of users. With the increase of
the data size of the state-of-the-art Al modelsﬂ uploading
the model from mobile users to the edge server results in
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1. The data sizes of AlexNet and VGG16 are more than 200 MB and
500 MB, respectively [10], [11].

significant transmission delay [12]. Training large Al models
also poses significant computation workloads on resource-
limited mobile users [13].

Split learning (SL) is an emerging paradigm that can
effectively reduce the user-side computational workload
as compared to FL. Generally, SL partitions the whole Al
model into the user-side model (i.e., the first few layers)
running on the user and server-side model (i.e., the last
few layers) running on the edge server. In the SL process,
the user first trains the user-side model based on the local
data and then transmits the intermediate results to the edge
server to complete the forward propagation (FP) phase.
Next, in the backward propagation (BP) phase, the edge
server updates the parameters of the server-side model and
returns the corresponding gradients to the user, thus updat-
ing the user-side model. The above process continues until
the model is converged. Since only a part of the Al model
is trained at the device, the user-side computation workload
is reduced compared with the whole Al model training in
FL. In addition, small-volume smashed data and user-side
models are transmitted, such that communication overhead
is reduced compared with whole Al model transmission in
FL. In SL, all users interact with the server in a sequential
manner to complete the training process, such that the train-
ing delay is the sum of all users’” individual training delays.
Hence, the SL scheme suffers from significant training delay
for a large number of users.

Recent works have explored several novel schemes to
accelerate SL by leveraging parallel mechanisms. Thapa
et al. parallelized the training process of multiple user-
side and server-side models to reduce training delay [14].
Wu et al. accelerated model training by dividing users
into multiple clusters and parallelizing user-side models



within each cluster [15]. While the existing works focus
on reducing the AI model training delay, the edge server
still needs to store a number of server-side models for each
individual user, which may exhaust storage resources on the
server. Parallelization schemes need to reduce the number
of server-side models and efficiently handle smashed data
from multiple users to improve training efficiency. Hence,
an efficient model training scheme should consider resource
constraints in edge networks and accommodate a large
number of users.

In this paper, we propose an efficient model train-
ing scheme, named Group-based Hierarchical SL (GHSL),
which partitions users into groups and parallelizes the
training process in each group to reduce training delay
and communication overhead. Different from the existing
SL schemes, the proposed scheme does not require storing
server-side models for each user and is not constrained by
the number of smashed data. Specifically, the scheme first
divides users into multiple groups, each group collabora-
tively trained by a server-side model, employing a “first-
sequential-then-paralle]” manner. Sequential training entails
that each user in each group sequentially trains their user-
side model using local data, while the server trains its
server-side model using the corresponding smashed data
from the users. After each user updates its model, it passes
the updated user-side model on to the next user for fur-
ther training, ensuring a sequential training pattern within
each group. Parallel training involves multiple groups and
server-side models conducting concurrent training. Once all
users complete training, the latest user-side models from
each group and their corresponding server-side models
are aggregated into a global model for the next round of
training. By leveraging parallel training to reduce per-round
training delay and sequential training to reduce the number
of training rounds, the proposed scheme effectively reduces
the overall training delay.

In addition, we theoretically derive the convergence
upper bound of the proposed scheme over non-independent
and identically distributed (non-IID) data. Analytical re-
sults reveal that the convergence rate depends on data
heterogeneity and the number of users, which highlights
the importance of user grouping to effectively implement
the GHSL scheme. Furthermore, we formulate an overall
training delay minimization problem by optimizing user
grouping. To solve the problem, we propose a data-driven
two-stage user grouping algorithm to address the black-
box nature of the optimization problem. In the first stage,
a Gaussian regression process (GRP)-based algorithm is
proposed to determine the number of groups. In the second
stage, the coalition game theory is utilized to determine the
optimal grouping decision taking user heterogeneity into
account. Extensive simulation results demonstrate that the
proposed scheme outperforms state-of-the-art benchmarks,
reducing the overall training delay by up to 19%, user-side
computational workload by up to 53%, and communication
overhead by up to 54%.

The main contributions of this paper are summarized as
follows:

1) We propose the GHSL scheme to speed up Al
model training in edge networks by leveraging par-
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allel training across groups and sequential training
within each group.

2) We analyze the convergence rate of the GHSL over
non-IID data, which depends on the user grouping
strategy.

3) We develop a data-driven user grouping algorithm
to minimize the overall training delay, considering
heterogeneous user resources and black-box train-
ing processes.

The remainder of this paper is organized as follows.
Section 2 provides a review on the related works. Sections 3
and 4 introduce the considered scenario and the proposed
GHSL scheme, respectively. Section 5 presents theoretical
convergence analysis of the proposed scheme. In Section 6,
we analyze training delay and present the problem formu-
lation. Section 7 proposes the two-stage user grouping al-
gorithm. Section 8 showcases the simulation results. Finally,
Section 9 concludes the paper.

2 RELATED WORK

The SL is an emerging paradigm in distributed learning that
has garnered significant attention and research interest in
recent years. In the pioneering study, Gupta et al. introduce
the concept of SL, detailing the Al model training along with
an SL variant [16]. Subsequently, Gao et al. present detailed
comparative analysis between SL and FL, evaluating their
performance across both IID and non-IID data distribution.
The results show that SL has a faster convergence rate
than FL [17]. The work in [18] investigates SL’s advantage,
i.e., it can lessen the user-side computational workload by
dividing the AI model and collectively training. The study
concludes that SL is suitable for scenarios with a large num-
ber of users, while FL is more appropriate for situations with
moderate user scale and smaller models. Recent research in
the field has been directed towards improving the overall
efficiency and reducing the training delay of SL. This is
achieved by enhancing both communication and computing
efficiencies. Several studies have been focusing on reducing
communication overhead by minimizing the volume of data
transmitted in each training epoch [19]-[21]. Specifically,
Gao et al. utilize a combination of image and radio fre-
quency signals to enhance the accuracy of millimeter-wave
power prediction, thereby reducing communication costs
and enhancing the efficiency of multimodal SL [21]]. The
strategies are devised to optimize the frequency of model
parameter transmission in [22]-[24], aiming to further cut
down communication overhead. Chen et al. propose a loss-
based asynchronous training scheme to minimize the com-
munication overhead of SL in [24]. In this scheme, while
the server-side model is trained as usual, the user-side
model updates only when the difference in loss compared
to the last update exceeds a predefined threshold. Moreover,
several studies explore enhancing SL’s computing efficiency
by optimizing local computation and inference processes on
users [25]-[27]. Enhancing the computing speed of user-side
models locally (both training and inference time) is another
approach to improve training efficiency. For example, Pham
et al. advocate for the binarization of local SL layers in [27],
aiming to achieve faster computation and reduce memory
usage. Additionally, Samikwa et al. propose an innovative
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Fig. 1: Considered scenario.

network architecture coupled with horizontal DNN parti-
tioning in [28], aiming to speed up the inference process.
These works speed up SL by reducing communication over-
head or improving computation efficiency, but still suffer
from long training delay with a large number of users [29].

Recently, several hybrid schemes have been proposed to
enhance SL performance. Implementing distributed model
training in edge networks, FL and SL each confront unique
challenges. FL struggles with the necessity of training
complete models on each user’s device, imposing heavy
computational workload; SL is limited by the sequential
training manner, resulting in significant training delay in
the scenarios with a large number of users. The integration
of FL and SL presents a compelling solution, potentially
maximizing their respective benefits while mitigating their
individual drawbacks. Recent research highlighted in [15],
[30]-[32], has concentrated on combining the strengths of
FL and SL to improve the training performance by integrat-
ing FL's ability for parallel updates across multiple users
with SL’s reduced computing demands on user devices.
Liu et al. propose a hybrid scheme that enables users to
dynamically choose between FL and SL based on their
computing capabilities and network conditions in [30]. This
scheme demonstrates superior learning accuracy compared
to FL alone, and the reduction in communication overhead
in comparison to SL. Further hybridization efforts aim to
enhance SL’s performance by infusing it with FL's collabo-
rative mechanisms. For instance, Wu et al. propose a CPSL
framework that divides users into groups, wherein multiple
user-side models within a group are trained parallelly based
on local data, and different groups engage in sequential
training with a single server-side model [15]. Yin ef al.
present a different scheme that allows for parallel training of
two SL processes simultaneously [31]. This scheme enables
each user to start training a new user-side model training
immediately after one training round ends, which aims to
reduce the training delay. Finally, Xu et al. enhance the
Al model training speed by parallelizing the training of
multiple user-side and server-side models in [32], where
each user collaborates exclusively with a corresponding
server-side model for synchronized training. These works
accelerate SL through parallel training or pipeline training.

Different from these hybrid schemes, the proposed
scheme involves partitioning users into groups. In each
group, users perform sequential training and share a server-

TABLE 1
SUMMARY OF NOTATIONS
Notation Description
ol ..ab . FPand BP computation workloads for user-side model

F

A @5 .,  FPand BP computation workloads for server-side model

Bm,n Batch size of user n in group m
B Transmission bandwidth
D, The dataset size of user n
NsyNu Learning rates of server-side and user-side models
fs CPU frequency of the server
fm, n CPU frequency of the user n in group m
R(") Training round function
) Covariance function in GPR
L Lipschitz constant parameter
l Length scale of kernel function parameter
L (") Global loss function
Lom,n (4) Local loss function for user n in group m
Vimn(-) Gradient of the output layer
T(-) Total training delay in each round
N The set of users
m(+) Mean function in GPR
M The number of groups
P,,,Ps Transmission power of the user and server
Qs,Qy Smashed data and cut layer gradient size for user
Qmon User-side model parameter size of user n in group m
o Output variance of kernel function parameter
W o () User-side model of user n in group m
Wi () Sever-side model of user n in group m
w (1) Aggregated user-side model in group m
w, (1) Aggregated server-side model in group m

side model. Across these groups, training is in parallel. We
further provide convergence analysis under non-IID data.
To further reduce overall delay, we develop a data-driven
two-stage user grouping algorithm to determine the number
of groups and optimal grouping strategies.

3 CONSIDERED SCENARIO

In this paper, we consider a typical edge network scenario,
as shown in Fig. [I] The scenario is composed of the users
and an edge server, which can be described as follows.

¢ Users: Mobile devices possess their local data and
computing capabilities but are constrained by computation
power. They can train partial DNN models, i.e., user-side
model.

e Edge Server: A wireless access point (AP) is equipped
with an edge server. The AP has high computing capability
and can collect network information, such as communi-
cation link conditions. Another function of the AP is to
perform model aggregation, including server-side and user-
side model aggregation. Instead of deploying a separate
aggregation server, the edge server handles model aggrega-
tion due to its low computational overhead, which can also
avoid communication overhead for transmitting server-side
models to an additional aggregation server.

The set of user is denoted by V' = {1,2,..., N}, where
N represents the number of users. Each user n € N has its
own dataset {(X,1,Yn.1) - -+ (Xn,D, > Yn,D,, ) }, where D, is
the size of the dataset, and {x,,1,...,X, D, } represent the
raw data and {y 1, .., Yn,D, } are the corresponding labels.
The total amount of data from all users is D = >\ D,,.
Users have their computing capabilities and can train user-
side models based on the input data. The user-side model



T UserSide
Model Sequential

training

)

User 3 EE % E Ed
1 1 ge Server
| ggg < : Server-Side | Ap .

Model 1 N
Server-Side Model
Aggregation

s Dn
wh(t+1)= W, ()
mem

iUscrlg@ ;

' : ! :
§ User Y ::@> Server-Side
' Q 1 Model M

User-Side Model
Aggregation

~ D,
wh(t+1) =Y B Wi ()
meM

(a) Proposed GHSL

User-Side
Model

User 1 @Q

User 2 \
i

User ( Q

((é))

Server-Side
Model

(b) Vanilla SL

Fig. 2: (a) In the GHSL scheme, users within each group are trained sequentially, and the groups are trained parallelly; (b)

in the vanilla SL scheme, users are trained sequentially.

for each user n is defined as wj.. The AP acts as an
edge server with superior computing power compared to
users and possesses access to network information, such
as communication link conditions. In the context of SL,
the AP trains a server-side model using the intermediate
parameters uploaded by users. The server-side model is
defined as w*. The whole trained model is represented by

w={w" w’}. (1)

A summary of important notations in this paper is given in
Table

In the GHSL scheme, individual users employ SL to
collaboratively train a shared model. Each user n € N
trains their user-side model w} based on their local dataset.
Simultaneously, the server trains the server-side model w;,
using the intermediate outputs uploaded by users. The goal
of the system is to jointly optimize the user-side and server-
side models to minimize the global loss function:

1
L(w) = N Z Ln(wy, wy), ()
neN

where the L, (-, -) is the loss function for user n.

In the vanilla SL scheme, user-side models are trained
sequentially, with each user training its model one after
another, as shown in Fig. Pb| Once a user completes its
training, the user-side model parameters are then passed
on to the next user for further training. Each training round
continues until all users have finished training. However,
SL’s sequential training manner results in significant train-
ing delay, particularly when there are a large number of
users [33]]. To address this issue, we propose a novel group-
based scheme that aims to speed up the model training
process.

4 PRropPOSED GHSL SCHEME

In this section, we propose a GHSL scheme designed to
expedite the training process, as depicted in Fig. The
comprehensive scheme of the GHSL is detailed in Alg.
To reduce the overall delay in the training process, we first
partition users into multiple groups that are parallel-trained.
Let M represent the total number of groups within the set

M, where the set of users in group m is denoted by N,,, and
the last user in group m is denoted as N,,. The proposed
scheme consists of three steps: model distribution, model
training, and model aggregation. The details are as follows.

1) Model Distribution: Model distribution refers to broad-
casting the user-side model to users at the beginning of
each training round. Specifically, the AP collects the channel
conditions and computing capabilities of the users, then
partitions them into different groups based on Alg. [2[ and
Alg. 3Bl The DNN model is subsequently split into user-
side and server-side components. Finally, the initial user-
side model is transmitted to the first user in each group
through a wireless communication link, initiating the train-
ing process for the current round. For the n-th user in the
m-th group, let wy;,  (t) and w3, () represent the initial
models on the user side and the server side, respectively,
where t € T = {1,...,T} denotes the sequence of training
rounds. In each training round, the cut layer of the user
remains unchanged.

2) Model Training: Model training involves model exe-
cution, model updating, and model sharing, which is to
complete the SL process.

2.1) Model Execution: During the training process, data
sampling, user-side model’s FP, and server-side model’s FP
are necessary. Specifically, the mini-batch data for user n
in group m during the t-th training round is denoted by
by (t). It is extracted from the local data dataset as the
input for FP during model training. Then, the user executes
the FP phase of model training, inputs the sampled data into
the user-side model wy;, ,(t), and obtains the smashed data
of the cut layer. For example,

Sm,’ﬂ(t) = hl (bm,n(t%W?n,n(t)) Y vn 6 Nm7 (3)

where hy () is a function that maps the input layer to
the cut layer. Specifically, h; () can be certain layers in a
DNN model, such as activation layers, pooling layers, or
convolution layers, among others. The s,, ,,(t) is obtained
after several neural network layer operations and computa-
tions, and it will subsequently be uploaded to the AP. After
receiving the smashed data from the user, the AP will input
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Algorithm 1 Group-Based Hierarchical Split Learning
(GHSL) Scheme.

Input: B, ns, 7y, M,and N;

Output: w*;

for training round t = 1,2,...,T do

> Model Distribution

AP collects the computing capabilities and channel con-
ditions of all the users, and then partitions users into
M groups;

AP broadcasts the latest user-side model to the first users
in the group m;

for each group in parallel do

> Model Training

for each user do

> Model Execution

User draws a mini-batch of data samples by, ,,(t);

User executes user-side model w¥, , (t) and ob-
tain smashed data s, ,,(1); '

User transmits smashed data to the AP using
wireless link ;

AP receives smashed data and executes the
server-side model wy, ., (t);

> Model Updating

AP updates the server-side model based on (5);

AP transmits the smashed data’s gradient to cor-
responding users;

User update the user-side model based on (6);

> Model Sharing

User sends the latest user-side model to the next
user ;

end
The last user N in each group sends the latest user-
side model to the AP;

end

> Model Aggregation

AP aggregates server-side models and user-side models
into new models based on (8) and (9).

end

it into the server-side model and continue with the FP phase,
ie.,

Tn(t) = ha (Spon(t), winn(t)) , Vn e Np,. 4)

Once (3) and (@) are complete, the BP process is finished.
2.2) Model Updating: Updates are required for both the
server-side and the user-side models, which aim to mini-
mize the whole model. Specifically, the AP can compute the
loss based on the prediction result r,,, ,,(t) and ground-truth
labels. Then, the AP computes the loss function gradient
of the output layer VL, (w3, ,(t)) and that of the cut
layer VL, (W, . (t)), where L, ,, (-) represents the local
loss function of user n in group m. The former is used to
update the server-side model in the AP, while the latter is
transmitted to the user for subsequent updating of the user-
side model. The model update procedure finalizes the BP for
both server-side and user-side model training, which can be
executed using methods such as stochastic gradient descent,

as delineated below:

an,n(t) = wfn,n—l(t) - nSVLm,ﬂ (an,n—l(t))ﬂ (5)
and
W;U;z,n(t) = WZm,n—l(t) - nUVLm,ﬂ (Wum,n—l(t))ﬂ (6)

where 75 and 7, are the learning rates for the server-side
model and user-side model update, respectively.

2.3) Model Sharing: The model sharing stage involves
transferring the user-side model from the current user to the
next one within the group to continue the training process,
which is given by

W;Ln,,n+1(t) — W?nﬂr,(t)? vn € A/m \ {Nm}7 me M (7)

The users sequentially perform the training process until
the last user. Finally, the last user sends the latest user-side
model to the AP.

3) Model Aggregation: Model aggregation is performed
at the AP, where the well-trained user-side and server-side
models are aggregated into the whole model. The model
aggregation stage occurs at the AP and takes place after
all users within each group have completed training user-
side models and sent them to the AP. This stage involves
both server-side model aggregation and user-side model
aggregation by using the FedAVG algorithm [34], i.e.,

D,,
an(t + 1) = Z T‘Wm,,Nm (t)v (8)
meM
and
u Dm u
meM

where D, = ZQ’;& D,.,Vm € M. After that, the aggre-
gated server-side model and user-side model are adopted
as the initial model in the next training round. The training
process will continue until a satisfactory level of accuracy is
reached.

5 CONVERGENCE ANALYSIS

In this section, the convergence of the proposed GHSL
scheme is analyzed. For the tractability of converge analysis,
key assumptions are given as follows [31].

Assumption 1 (¢-Smoothness): The local loss function Ly, ,(-)
of user n in group m is {-smooth with a Lipschitz constant ¢, i.e.,

Lm,n(WQ) < Lm,n (Wl) + <vLm,n (Wl)a Wo — W1>

¢ (10)
+ §||W2 — w1, Vwi, wa.

Assumption 2 (u-strong convexity): The global loss function
satisies a -strong convex condition with yu > 0, i.e.,

L(Wg) Z L(Wl) + <VL(W1),W2 - W1>

(1)
+ g”wl —wa|?, Vwi, wa.

Assumption 3 (Bounded gradient norm): The expected squared

norm of the stochastic gradients for each user is bounded, i.e.,

E|VLpn(w)|? < G?% Vn € Ny, Yw. (12)



where G represents the upper bound of the expected squared norm
of the stochastic gradients.

Assumption 4 (Bounded Divergence): The divergences of the
local loss function and global loss functions are bounded as by

— V(W) ||” < €2, Vn e N.

(13)
where € is also employed to quantify the degree of non-IID
data [35].

n=1

Lemma 1: During t-th training round, once the training of the
n-th user in the m-th group is completed, the expected difference
between their model parameter Wy, ,,(t) and the global parameter
W, (t) satisfies the following inequality

2,22
b

E (Wi (8) = Wi (1)]7) < P

where 1 represents the learning rate and Wy, , () =

(14)
(W Wil

Proof: The proof of this Lemma 1 is provided in the Ap-
pendix. O

Lemma 2: The difference between the average parameter of user
n and user n — 1 can be expressed as
N
) .

_ _ 2
E (10,0 (t) = Won,n1 (0]
Proof: The proof of this Lemma 2 is provided in the Ap-

M
= ’[’]2E
pendix. O

>

m=1

Dy,
f VL’I’I’LJL (Wm,nfl (t)

Lemma 3: The inner product between VL(W,,,—1(t)) and
Winn(t) — Wi n—1(t) is bounded as

E (<VL(Wm,n—l(t))a Wm,n(t) - W7n,n—1(t)>)

M 2
<PpPm-12E - T (|3 D '
=6 (n ) € 9 D m,n(wm,n—l( ))

m=1

_ gE <||VL(V7Vm,nfl(t))||2) : (16)

Proof: The proof of this Lemma 3 is provided in the Ap-
pendix. O

Lemma 4: Let w* denote the optimal parameter. For any param-
eter vector w, there exists a constant y1 > 0 such that the squared
gradient of the loss function is at least twice the discrepancy

between the loss and the optimal loss, i.e.,
IVL(w)[|* > 2u(L(w) — L(w*)). 17)

Proof: The proof of this Lemma 4 is provided in the Ap-
pendix. O

Theorem 1: The convergence bound for the proposed GHSL
scheme after T' training rounds is as follows.

E[L(w(T)) — L(w*)] < (1 = nu) V" E[L(w(0)) — L(w")]
T N

A A=)V (1= pu)" (PP (N —n)*e
t=1 n=1

+(n*t —n)MG?/2),

(18)

6

where E (L(w(T'))) denotes the expected loss of the trained model
after T iterations, and L(w™) represents the optimal loss.

Proof: Given Assumption 1, the following inequality holds.

E[L(Wm,n(t))] < E[<VL(Wm,nfl(t))va,n(t) - Wm,nfl(t»
+ L(Wm,n—l(t)) + §||Wm,n(t) - Wm,n—l(t)H2]-
(19)

By applying Lemma 2 and Lemma 3, (I9) can be deduced
as

E[L (Wi n(1))] < B (L(Wom, 01 () + 47 G0 (n — 1)
M
Dy,
= IVEE it (O = 5 | 3 F VLo (W1 (1)

M

D

m=1

D

¢, m
+ 577 TVLm,n(Wm,nfl(t))

— LIV a1 (D))

- nM(L(V_Vm,nfl(t)) - L(W*»)

( Wmn 1
E
+ 627’]2(77, _ 1)262

Y (L(Wmn1(t))
4

L Dy,
7 vLﬂ’L,n (Wmmfl (t))

2p n M D 2
+ 2 N Z meme(Wm,n—l(t))
m=1
+ 020 (n — 1)%€2.

(20)
where (a) is based on Lemma 4. Particularly, when WT_” >
0and n > 1/¢, E(L(w}) — L(w*)) adheres to the subse-
quent relation:

u)(L Winn—1(t)) = L(W*))) + Pn?(n — 1)%¢
2
L ”E( —VLmn(wmn L®) )
< E[(1 — nu)(L(Wmn—1(t)) — L(W*))] 4+ 21 (n — 1)%¢?
+$MG2.

(1)
Utilizing a recursive approach, we deduce the disparity
between the model parameters obtained upon training N
users within each group during round ¢ and the optimal
parameters as follows:

E (L(W(t)) — L(w"))
< (1= n)VE ((L(W,1(t)) — L(w*)))
+ > (1= )" (EQUQ(N n)2e® + ”252 i 2) o)

IN
_

+

2



Upon completing T' rounds, we have
E(L(W(T)) = L(w"))

< (1= nu)¥TE (L(W(0)) — L(w"))
T N

23
F W) (1 (P - P
t=1 n=1
+* = n)MG?/2)
Hence, Theorem 1 is proved. O

Remark 1: According to Theorem 1, we can conclude that
the increase in training rounds leads to the convergence of
the proposed GHSL scheme. Additionally, the convergence
performance is influenced by user grouping and user data
heterogeneity. Specifically, a larger number of groups and
a high level of non-IID data result in a large value on the
right side term in (I8). This enlarges the gap between the
global loss and the expected optimal loss, leading to a slow
convergence rate.

Remark 2: The number of groups causes a trade-off
between the number of training rounds and the per-round
training delay. With a fixed number of users, increasing the
number of groups reduces per-round training delay, which
is contrary to its effect on the number of training rounds due
to model aggregation. Additionally, with hierarchical user
resources, different grouping strategies impact the delay of
a single training round due to the straggler effect, where the
delay of each training round is equal to the longest delay
within a group. Therefore, group decisions are necessary.

6 TRAINING DELAY ANALYSIS AND PROBLEM
FORMULATION

This section introduces the decision variables, analyzes the
per-round training delay in the GHSL scheme, and proposes
a problem focused on minimizing the overall training delay.
In the training process of GHSL, the following decision
variables should be determined.

* Group Number Decision: The number of groups M
remains constant throughout the training process. It is de-
termined at the beginning of the training and based on
historical training data. Subsequently, M is treated as a
variable subject to the constraint

1<M<N, MezZ" (24)

where N represents the total number of users. This con-
straint ensures that the number of groups does not surpass
the number of users. When M = 1, the GHSL scheme
defaults to the conventional SL scheme, characterized by
a single server-side model where all users participate in
sequential training within the same group.

e User Grouping Decision: In each training round, user
grouping is determined based on channel conditions and
computing capabilities. The decision is a binary matrix,
denoted as A € RV*M where each element Qn,m adheres
to the constraint:

an,m € {0,1}, VneN,me M, (25)

and
Z anm =1, VYneN.

meM

(26)
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where a,,,, = 1 indicates that device n is associated to
group m; @y, = 0, otherwise.

6.1 Training Delay Analysis

The delay of each training round is determined by the FP,
BP, and the communication process between the user and
the server. The specific details are as follows.

1) Forward Propagation Delay: The delay induced by FP
training comprises two main components: the delay origi-
nating from the user-side model’s FP and the delay from
the server-side model’s FP. Let ol , represent the user-
side model’s FP computation workload in floating point
operations (FLOPs) based on the cut layer and 8., , denote
the batch size of user n in group m. The FP training delay
for each user per round can be expressed as

F
F  _ Brmnma
e fmmc

where ¢ denotes the number of FLOPs per cycle for each
user, and f,,, , represents the local computing speed mea-
sured in cycles per second for each user’s FP phase. Similar
to the user’s FP phase, ol represents the server-side
model’s FP computation workload, which varies depending
on the layer from the cut layer to the output layer. Without
loss of generality, we assume that the AP evenly allocates
the computing frequency to the server-side model. The
average computing frequency of the server allocated to user
nis given by fom = Bmal,, /T, (s, Ym € M, where ¢,
denotes the number of FLOPs cycles for the server and fs ,
is the central processing unit capability of the server-side
model m. The number of the server-side model is equal to
the number of groups. Consequently, we can determine the
time cost of server FP training as follows:

, Vn € Ny, m e M. 27)

F
F Bmmas,m
T Gofsm

2) Backward Propagation Delay: Similarly, the training
delay associated with the BP process comprises two com-
ponents: the delay incurred by the server-side models and
the delay experienced by the user-side models. We represent
the workloads in the server-side and user-side model BP
processes as agm and a?m, respectively. Consequently, the

BP delay on the server can be articulated as follows:

, Vn e Ny, m e M. (28)

B Bm,nagm
TP = , Vn € Ny, m e M.

om = T (29)
’ Cs fs,m
The BP delay in each user can be represented as:
B
m nam n
Tg’n:ﬂ —2 Vn e Ny, me M. (30)

fm,nc

3) Communication Latency: The communication delay of
the proposed scheme arises from three interdependent pro-
cesses: (i) The AP broadcasts the partitioned user-side model
to the first user in each group via downlink transmission.
(ii) During training, each user transmits smashed data to
the AP for forward propagation and subsequently receives
gradients at the cut layer through backward propagation.
(iif) Upon completing local training, each user sequentially
forwards its updated user-side model parameters to the next



user within the group. After all intra-group users complete
their training cycles, the final user uploads the latest model
to the AP for global aggregation.

Phase (i): Initial Downlink Model Distribution. At the
beginning of each training round, the AP broadcasts the
user-side model to the first user within each group. Let
Qu,m, Vm € M represent the data size in bits of the user-
side model, where the size depends on the cut layer. We
define the downlink signal-to-noise ratio (SNR) as 7,. Con-
sequently, the transmission rate from the AP to the user can
be represented as R, = Blog, (1 +~s), and the AP-user
link transmission delay can be estimated by T f = Qum/Rs.

Phase (ii): Forward-Backward Propagation Exchange.
During the collaborative training process with the AP, each
user transmits the smashed data generated by the user-
side model to the AP. Subsequently, the AP returns the
gradients of the cut layer post-training. Let {2, and €,
represent the data sizes of the smashed data and the gra-
dients, respectively. The response latency are represented as
T =SQs/Rm,nand T4, , = Qg4/Rm,n.

Phase (iii): Updated User-Side Model Deliver. Upon
completing the training, each user delivers the updated
user-side model to the subsequent user, with the transmis-
sion rate for each user denoted by

Rm,n == Bm,n 1Og2 (1 + ’Ym,n) 5 Vn € Nm,y m € M. (31)

where B, , denotes the bandwidth resources allocated to
each group, with the sum of allocations for all groups,
Zme am Bmn = B. It should be noted that the scenario
employs time division duplexing, thereby allowing the as-
sumption of identical AP-to-user and user-to-user channel
conditions due to channel reciprocity. Accordingly, the la-
tency for user-to-user transmission of the user-side model is
denoted as qun = Qun/Rm n. where Q,, ,, represent the
well-trained user-side model for user n € N,,.

4) Overall Training Delay: In each training round, the AP
distributes the initial user-side model to the first user in
each group. Subsequently, within each group, every user
sequentially interacts with the AP to complete both the
forward and backward propagation processes, which entails
the transmission of smashed data and the gradients of the
cut layer. Furthermore, the well-trained user-side model is
passed on to the next user. It is important to note that the
final user in each group is responsible for transferring the
last user-side model back to the AP for model aggregation.
Hence, we derive that the total training delay for m group
is represented by

N?Yl
T (A M) = (T + T + T+ TE 4 T
n=1
TG+ T ) +TC, ¥m e M.
(32)
The delay in each training round can be represented as

T(A, M) = max T (A, M). (33)
The overall training delay is influenced not only by the
delay of each training round but also by the total number
of training rounds. We define the total training delay as
D(A, M) = T(A, M)R(A, M), where R(-) represents the
function for the total number of training rounds.

6.2 Problem Formulation

To jointly design the edge network and the GSFL scheme,
we propose an optimization problem that aims to minimize
the total training delay by identifying the optimal group
number decision and user grouping decision, which can be
expressed as

P:min D (A, M)
A M
st ([@24),([25),and (6),

where M is the number of groups in the GHSL scheme,
and N is the total number of users. Constraint ensures
that the number of groups remains within a feasible range,
preventing M from exceeding the total number of users.
Constraint defines A as a binary matrix where each
user is assigned to a single group. Additionally, constraint
([26) guarantees that each user is exclusively associated with
only one group.

This problem is a binary optimization problem that
requires a hierarchical decision process, where the number
of groups is determined first, followed by the optimization
of the user grouping strategy. Solving this problem presents
two major challenges. The first challenge arises from the
black-box nature of the objective function. The relationship
between Al model accuracy and system parameters lacks
a closed-form expression, making it infeasible to apply
traditional gradient-based optimization methods. Without
an explicit mathematical form, direct optimization is im-
practical, and the relationship between training parameters
and model accuracy needs to be explored through patterns
observed in empirical training data. The second challenge
arises from the 0-1 binary nature of the optimization prob-
lem. The objective function is unknown and may be non-
convex, making it difficult to find an optimal solution.
Additionally, group capacity constraints limit the number
of users per group, further increasing the complexity of the
binary optimization process.

(34)

7 Two-STAGE USER GROUPING ALGORITHM

In this section, we propose a two-stage user grouping algo-
rithm, using a Gaussian process regression (GPR)-based al-
gorithm to determine the number of groups and a coalition
game-based algorithm to identify the optimal user grouping
decision.

7.1 First Stage: GPR-Based Group Optimization Algo-
rithm

In this paper, we utilize the observational dataset obtained
from GHSL and GPR to train a predictive model for the
function of training rounds. GPR is a probabilistic regression
technique predicated on the assumption that data points
conform to a multivariate Gaussian distribution. It utilizes
the posterior function to predict the outputs of unknown
data points, as shown in Alg. 2] We also propose a GPR-
based grouping algorithm, as shown in Alg. 3, to identify
the optimal number of user groups. This is achieved by es-
timating the number of training rounds and calculating the
delay per round, with the aim of determining the number
of groups that minimize overall training delay.



1) Collect Dataset: In the prediction model, we first define
the input and output variables. The input variables are the
number of users N and the number of group partitions M,
which are both integers and have specific constraints. The
output variable is the number of training rounds R, which
can be obtained from the GHSL scheme. Therefore, our goal
is to establish a mapping relationship f : (N,M) — H,
which is learned and predicted through the training round
prediction model. To establish the prediction model, we con-
sider an observation dataset D = {(N;, M;, R;)}!_,, where
I is the total number of data points. Each data point consists
of an input pair (N;, M;) = z; and the corresponding output
R;. Based on these observations, we can construct a GPR
model to estimate the function H(z;) = f(z;) +¢, where € is
the noise term added to the observations, usually assumed
to be Gaussian noise. When collecting observational data,
the system lacks information on resource heterogeneity.
Therefore, we assume the users are homogeneous, and each
group has identical users.

The GPR-based user grouping algorithm primarily en-
compasses the following stages:

2) Define Prior Function: we assume that the function
H (z;) is a Gaussian process, which means that for any set of
inputs z;, the output of the function H(z;) follows a Gaus-
sian distribution. The H(z;) is a prior function capturing the
data distribution before observing any actual data, which
can be defined as

H{(z;) ~ GP(m(zi), k(zi, 2;)).

where GP denotes a Gaussian process, m(z;) is the mean
function typically assumed to be zero, and k(z;,z;) is the
covariance function.

3) Compute Covariance Matrix: The kernel function deter-
mines the similarity between any two points in the input
space. The covariance matrix K is calculated by

k(z1,21) k(z1,2¢)

(35)

K = (36)

k(z¢,21) k(z¢,2¢)

In the proposed algorithm, the kernel function is defined as
a radial basis function (RBF), also known as the Gaussian
kernel, which can be given by

k(zi,z]—) = 0’2 exp (7% ((Nz - Nj)2 + (MZ - MJ)2)) s
(37)
where the kernel function parameters o and [, denoting
output variance and length scale, respectively, are encap-
sulated in the parameter set §. This relationship can be
expressed as § = {0?,l}. These parameters need to be
estimated from the observation dataset to optimize the
kernel function. In prediction model training, our goal is
to learn the parameters of the kernel function and to make
predictions for unknown points z* based on the observed
training data. Training the GPR model aims to maximize the
log-likelihood function, which is usually achieved through

iterative optimization algorithms, such as gradient ascent.
4) Optimize Kernel Function: With the prior and kernel
defined, the next step in GPR training involves optimizing
the kernel parameters. This optimization is achieved by
maximizing the log-likelihood function with the observed

Algorithm 2 Gaussian Process Regression Algorithm.

1: Input: Training dataset D = {(N;, M;, T;)}._,, the ker-
nel function, learning rate ¢;

2: Output: Predictive model H(N, M);

3: Initialize: Define a Gaussian process GP and initialize
kernel function parameters 6;

4: Construct covariance matrix K for the training input
based on the kernel function ;

5: Calculate the log-likelihood function in with the
observed data under the GP prior;

6: Calculate the gradient of L with respect to the kernel
function parameters ¢;

7: Update kernel function parameters 6 iteratively using
gradient descent until convergence:

0 =0+ aVyL;

8: Calculate the posterior distribution for new input point
z* based on and (#2);

9: Output the posterior mean p* and variance (c*)? of the
predictive function H(N, M);

data and the prior function. The log-likelihood function
serves as an indicator of the model’s efficacy, with a given
set of kernel parameters, in explaining the observed training
data. It is formulated as

L= —% log (K + o21|) — %yT(K +02I) ty — élog 2,
(38)
where y represents the target values of the training data, o2
is the variance of the noise term, and I is the identity matrix.
Maximizing this function allows us to fine-tune the kernel
parameters to best fit the training data.

To maximize the likelihood function, the proposed algo-
rithm employs a method, such as gradient ascent, to identify
the optimal kernel parameters. In each iteration, the update
of parameters can be achieved by calculating the gradient
of the likelihood function with respect to the parameters.
In the gradient ascent algorithm, the parameter update rule
can be represented as

0 =0+ ¢VoL, (39)

Where § represents the parameters of the kernel function, ¢
is the learning rate, and V¢ L is the gradient of the likelihood
function with respect to the parameter 0.

5) Calculate Posterior Function: Upon determining the
optimal parameters, the next step involves computing the
posterior function. This function characterizes the condi-
tional distribution of the output R* for new inputs z*, con-
tingent upon the training dataset D. The posterior function
is formulated as

P (H(z")|D) ~ N (1", (c")?). (40)

The mean p* and variance (0*)? of the posterior distribution
are computed using the optimized kernel parameters, the
training data inputs Z = {(N;, M;)}!_;, and outputs y =
{R;}!_,. The mean of the posterior function is defined as

p* =k(z,2)" (K+021) 'y, 1)



Algorithm 3 Optimal Group Number Determination Algo-
rithm.

1: Input: User count NV and group decision A* ;
2: Output: Optimal group number M*;
3: Initialize: Initialize an empty list Tio1 to store total
training delay for different group numbers;
4: form=1,...,Ndo
5. Determine the number of training rounds H(m, N)
for user count N and group number m using Algo-
rithm 2’s predictive function;
6:  Calculate per-round computation delay T(A*, N) for
user count N and group number m using (33);
7. Compute total training delay T'(A*, M) x H(m, N);
8. Append T'(A*, M) x H(m, N) to Tiotal;
9: end for
10: Find the minimum value in Tio and its corresponding
group number M™*.

The posterior variance (0*)2, which quantifies the uncer-
tainty in the predictions at new input points, can be ex-
pressed as

(0%)? = k(z*,2") — k(z*,Z)" (K +021)  k(z*,Z). (42)

Computational Complexity Analysis: The computa-
tional complexity of the Alg.[2]is critically analyzed, focus-
ing on its two most computationally intensive operations:
the construction of the covariance matrix and its inversion.
The construction of the covariance matrix, K, is executed
by evaluating a kernel function across all pairs of training
points, yielding a complexity of O(I?), where I represents
the total number of training data points [36]. The pre-
dominant computational demand arises during the matrix
inversion step and is integral to both the log-likelihood
computation and parameter updating process. This opera-
tion exhibits a computational complexity of O(I?), utilizing
standard numerical techniques such as lower-upper decom-
position. Given the algorithm iterates over G iterations,
the overall training phase complexity scales as O(GI?).
During the prediction phase, calculating the posterior mean
and variance for a new input involves operations with
the pre-computed inverse covariance matrix, maintaining a
complexity of O(I?).

Based on Alg. 2} the predicted number of training rounds
can be deduced given the number of users and groups.
Furthermore, the training delay for each round is calculable
via (3). By iterating over all possible scenarios for M, the
optimal group number M* that minimizes the total delay,
as defined in #3), can be identified. The entire procedure is
outlined in Alg.

-1

7.2 Second Stage: Coalition Game-Based User Group-
ing Strategy Algorithm

The user grouping sub-problem aims to determine the opti-
mal user grouping decision, expressed mathematically as

D (A, M~)

Py : min
A M~

(43)
s.t. and (26).
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where D (A, M™*) represents the total training delay under
the optimal number of groups M*. The optimization vari-
ables are the binary user grouping decisions, dependent on
users’ computing capabilities and channel conditions, thus
making this sub-problem a binary optimization problem
with group capacity constraints. To effectively tackle this
issue, we develop a user grouping algorithm grounded in
coalition game theory. The most important aspect of the
coalition game setting is the formation of coalitions. Specif-
ically, each user has different preferences over potential
coalitions and adopts the preference relation to compare any
two collections of coalitions. In this regard, we present the
following definition of preference relation.

* Preference Order: For any user n € N,,, the preference
order >, is defined as a complete, transitive, and reflexive
binary relation over the set of all partitions that user n can
possibly form.

In the user grouping algorithm, users can choose to join
or leave a coalition based on their preference order. Specif-
ically, a user will opt to join a coalition that it prefers over
others. For any user n € N,,, considering two partitions Uy,
and Uy, of the grouping strategy A, U,, =, Uy, indicates
that user n prefers being part of coalition U, over U, .
This does not account for scenarios where user n holds
equal preference for U,,, and U,, . The preference operation
U =, U’ is defined as

U, =n Uy & R(Upm) + R(Upr \1) > R((Up \ 1) +R(Upyr).

(44)
This definition implies that user n prefers membership in
coalition U,, over U,, , provided that such a strategy de-
creases the overall training delay. Users will execute strategy
switches based on their preference order in accordance with
the switching rules defined below.

e Switch Operation: Given a partition A =
{th,Us,...,Ur+} of the wuser group strategy, if
a user n € N, performs a switch from U,
to U, where U, # Uy, the current partition

A is modified to a new partition A’ such that
Al = (AN AUy, Uy 1) U {U \ {0}, U U {0}

The system is initialized with any random coalition
partition A = {Uy,Us, ... ,Un+}. For each user n € N, it
is assumed that the current coalition is U,,,, where U,,, C A.
We then randomly select another coalition {/,,,» and assume
the preference U,,» >, U, is satisfied, meaning a switch
from U, to U,,, will occur, updating the current coalition
partition to the new partition A’ as defined. The switch
operation is executed only if the preference relation defined
in is met. In this mechanism, every user n ¢ N
can leave its current coalition and join another, provided
that the new coalition is strictly preferred according to the
definition in (#4). Additionally, the user grouping strategy
must significantly decrease the overall training delay in the
new coalition. Generally, the proposed coalition formation
game aims to find a coalition structure that maximizes total
utility rather than individual player payoffs.

Based on the switch rule defined previously, we develop
a coalition formation algorithm for user grouping, as de-
tailed in AlgH4] In the proposed algorithm, users execute
switch operations until reaching a Nash equilibrium par-
tition. The proposed algorithm is described as follows:



Algorithm 4 Coalition Game-Based User Grouping Algo-
rithm.

1: Input: Device computing capabilities, channel condi-
tions, and optimal number of groups M*;

2: Output: User grouping decision A*;

3: Initialization: Randomly select a feasible coalition par-
tition Ag of the user set N,,, and initialize A = A,
k=0,and P = 0;

4: repeat

5.  Increase k = k + 1;

6:  Selecta user n € N,, by a predetermined permutation

and identify its current coalition U,,, € A;
7. Randomly select another coalition U, € A, ensuring

um’ 7é unL;
8:  if Preference relation U, =, U,, is satisfied then
9: User n leaves its current coalition U,,, and joins U, ;
10: Update A according to switch rule by

11 U« {Z;[ \ AU, U } } U AU\ {1}, U U {n}};
12: Reset P = 0;

13:  else
14: Increase P = P + 1;
15:  end if

16: until A converges to a Nash equilibrium partition A*.

1) The algorithm is activated by selecting a random
coalition partition, which is then designated as the
current partition U. The iteration counter and the
counter for consecutive unsuccessful switch oper-
ations, denoted by iter and num, respectively, are
both reset to zero.

2) User n is randomly selected based on a predeter-
mined permutation. The user n then selects an alter-
nate coalition U,,,» distinct from its current coalition
Uy, Following this, it calculates the utilities for both
coalitions, culminating in a decision on whether to
switch.

3) If user n satisfies the preference relation defined in
, it notifies the affected coalitions of the switch,
prompting an update to the current coalition parti-
tion.

4) To enhance the convergence rate and minimize
the algorithm’s complexity, the algorithm leverages
the count of consecutive unsuccessful switch op-
erations, num. This count is reset to zero follow-
ing a successful operation. If not, it increments by
one. The proposed algorithm terminates when num
reaches ten times the number of users, at which
point the algorithm converges to the final Nash
equilibrium.

Theorem 2: Regardless of the initial alliance partition A, Alg.
converges to a final partition A*, consisting of multiple disjoint
alliances.

Proof: In our proposed algorithm, the number of users
is finite, and the number of groups can be determined
to be fixed through Alg. 3. Thus, the maximum number
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of partitions that Alg. 4 can form is M*. Based on the
preference relationships in (44), and the switching rules
defined in Definition 4, each user can autonomously decide
its potential coalitions, aiming to improve system utility by
selecting a new partition. Moreover, for a given set of users
N, the number of partitions is a Bell number. As each
switching operation creates a new partition, and the number
of partitions is finite, Alg. E] ensures convergence to the final
Nash equilibrium A*.

Computational Complexity Analysis: The complexity
of Alg. [] primarily depends on the frequency of coalition
switching operations. In each iteration, randomly selected
user equipment assesses its preferences for its current and
potential coalitions and computes the total benefits these
coalitions offer, which is the total training delay under the
GHSL scheme. If users prefer the potential coalition, they
will switch from their current one to the new one. Each
iteration involves the selection of only one user, preventing
multiple operations. If K denotes the number of iterations,
then the computational complexity of Alg.[dis O(K).

8 PERFORMANCE EVALUATION
8.1 Simulation Setting

In this simulation, we utilize three datasets for image clas-
sification [37]: GTSRB, with over 50,000 images in 43 traffic
sign categories; F-MNIST, a collection of 70,000 grayscale
images across 10 fashion-related classes; and CIFAR-10,
comprising 60,000 color images in 10 varied categories in-
cluding animals and vehicles. For non-IID settings, we im-
plement the Dirichlet distribution for data allocation to fol-
low the non-IId characteristics of data, reflecting the diver-
sity of data collected by various devices. Specifically, we em-
ployed the method described in [38], [39] to synthesize data
for non-identical clients. Each client draws data from each
category, denoted by ¢;, where the vector ¢ = (q1, ¢z, -.-, ¢)
follows a Dirichlet distribution, i.e., ¢ ~ Dir(Q2;p). Here, p
represents the categories of the data, and €25 is a parameter
controlling the uniformity across clients. This parameter
ranges from 0, where each client randomly holds only one
category, to infinity, approximating an i.i.d. scenario where
all clients can access all categories. For principal simulation
parameters, refer to Table

Our simulation evaluation includes three models: a 27-
layer convolutional neural network (CNN) comprising 7
fully connected layers and 20 convolutional layers. The
seventh convolutional layer is designated as the cut layer.
The user-side model, including these 7 convolutional lay-
ers, occupies 0.074MB and requires 19.92MFlops for FP
and 39.84 MFlops for BP. The server-side model occupies
22.315MB, with forward and backward propagations re-
quiring 118.23 MFlops and 236.46 MFlops, respectively. Ad-
ditionally, the sizes of the smashed data and the gradients
at the cut layer are 0.064 MB and 0.064 MB, respectively.
The other two models evaluated are ResNetl8 and LeNET,
with user-side model sizes of 0.0071 MB and 0.0054 MB, and
server-side sizes of 42.618 MB and 1MB, respectively. The
CNN model is the default configuration for our simulations
unless specified otherwise.

We compare the proposed scheme with the following
three benchmarks:



TABLE 2
SIMULATION PARAMETERS.
Parameter Value
CPU capability of the user, fs 2GHz
CPU capability of the edge server, f;,(n) 100GHz
Batch size 128
Number of users, N 30
Bandwidth, B 30 MHz
SNR 17dB
User-side model learning rate, 1, 0.01
Server-side model learning rate, ns 0.01
Dirichlet coefficient, €21 0.5
TABLE 3
Al MODEL PARAMETERS
Architecture # Parameters # Layers Comp. (MFlops)
LeNet [15] 4.3 million 12 91
CNN [15] 5.8 million 27 138
ResNetl8 [40] 11.2 million 18 560

1) Centralized Learning (CL): We train all the data
on a complete model, which achieves the highest
accuracy that can be reached by all benchmarks and
the proposed GHSL scheme.

2) SL [16]: Users are trained sequentially. Each user
locally trains the user-side model and interacts with
a server to train the server-side model. The latest
user-side model is then passed to the next user.

3) Split Federated Learning (SFL) [32]: Multiple users
are trained in parallel. Upon the completion of each
training round, all user-side and server-side models
are aggregated.

4) Group-based Parallel Split Learning (CPSL) [15]:
In the CPSL scheme, users are organized into mul-
tiple groups. Within each group, users simultane-
ously train several user-side models and update a
shared server-side model. Across groups, the train-
ing is sequential.

8.2 Simulation Results
8.2.1 Training Performance of the GHSL Scheme

1) Accuracy Performance: Fig. [Ba] and Fig. Bb] show the ac-
curacy performance of the global model with the number of
training rounds in both IID and non-IID settings. The results
indicate that the accuracy performance of the GHSL scheme
is comparable to that of SL and centralized learning (CL),
mainly due to the sequential training by the users within
the group. However, GHSL requires more training rounds
to achieve the same accuracy, which is due to the model
aggregation process. Furthermore, it is observed a decrease
in the accuracy of the CPSL scheme, which might be due to
information loss caused by concatenating compressed data
into a matrix.

2) Delay Performance: The total training delay is the prod-
uct of the number of training rounds and per-round training
delay. Fig. [fa] and Fig. [4b] display the assessment of total
training delay for various schemes. Under both IID and non-
IID settings, the proposed GHSL scheme consistently out-
performs the baseline in accelerating model training delay.
Specifically, the training delay for the GHSL, SFL, CPSL, and
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Fig. 3: Accuracy performance of CNN on the GTSRB dataset
varies with each training round.
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Fig. 4: Accuracy performance of CNN on the GTSRB dataset
varies with each training delay.

SL schemes are about 1,782 seconds, 2,110 seconds, 2,502
seconds, and 3,402 seconds under non-IID data, respectively.
This variation is attributed to the difficulty CPSL faces in
converging with larger batch sizes, while SFL is influenced
by an increase in the number of training rounds due to the
aggregation of multiple server-side models. Additionally,
the per-round training delay for GHSL, CPSL, SFL, and
SL are 29.7 seconds, 20.1 seconds, 27.8 seconds, and 75.6
seconds, respectively. Table 4 presents the performance of
the proposed GHSL scheme across various datasets and
models. Simulation results indicate that the GHSL scheme
achieves the required accuracy more rapidly than other
benchmarks on the MNIST dataset with the LeNet model,
a finding also replicated in simulations using the CIFAR-
10 dataset with the ResNet model. The results confirm
the robustness of the proposed scheme. Particularly, when
compared with CPSL and SFL, GHSL can reduce up to 3.4
times the delay consumption to reach the required accuracy
of 96% on the MNIST dataset under a non-IID setting.
When compared with SFL, GHSL can reduce up to 2.9 times
delay consumption to reach the required accuracy of 80%
on CIFAR-10 under the non-IID setting.

3) System Owverhead: Table 4 illustrates that the GHSL
training incurs lower system overhead, including reduced
total communication costs and user computing require-
ments. GHSL benefits from excellent convergence due to its
sequential training within groups, resulting in minimal sys-
tem cost compared to other hybrid benchmarks. However,
compared to the vanilla SL scheme, GHSL incurs higher
communication costs and computational workloads due to
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TABLE 4
PERFORMANCE COMPARISON OF THE PROPOSED SCHEME AND BENCHMARKS

11D non-I1D
Delay Comp. Comm. Delay Comp. Comm.
Dataset Scheme  #Round (seconds) (GFlops)  (GB) #Round (seconds) (GFlops)  (GB)
SL 21 850.5 (2.5%) 1.06 1.44 26 1053.0 (2.8%) 1.31 1.79
MNIST SFL 96 895.4 (2.6%) 4.84 6.70 138 1287.1 (3.4x%) 6.96 9.63
with LeNet CPSL 44 647.3 (1.9%) 2.22 3.07 58 853.2 (2.2x) 2.92 4.05
GHSL 25 340.7 (1.0x) 1.26 1.72 28 381.6 (1.0x) 1.41 1.93
SL 93 2.78 ><104(2.7><) 654.95 90.11 128 3.83 ><104(3.2><) 901.44 124.03
CIFAR-10 SFL 403 3.25 x10* (3.1x) 2838.13 393.87 562 4.53 x10* (3.7x) 3957.89 549.27
with ResNet18 CPSL 174 2.06 ><104(2.O><) 1225.40 170.06 196 2.32 ><104(1.9><) 1380.33 191.56
GHSL 109 1.03 x10%4(1.0x) 767.63 105.77 128 1.21 x104(1.0x)  901.43 124.20
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Fig. 5: The impact of the non-IID level.
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Fig. 6: Train delay performance for a large number of users
(N = 100).

increased training rounds prompted by model aggregation,
though these costs remain within acceptable limits.

4) Impact of Data Distribution: We explore the training
performance under non-IID settings. As shown in Fig.
simulation results demonstrate that the proposed GHSL
scheme consistently achieves the minimum training delay
across varying degrees of non-IID data distribution, thereby
proving the scheme’s robustness. Moreover, compared to
the CPSL scheme, our scheme exhibits significantly greater
performance gains under highly non-IID. For instance, as
the Dirichlet coefficient decreases from 10 to 0.5, the gain in-
creases by 30%. This is because the proposed scheme avoids
concatenating smashed data. When the data distribution
varies significantly, large input sizes can degrade training

Fig. 7: Training delay performance under different amount
of bandwidth and computing resource.

performance.

5) Impact of User Number: We further analyze training
performance under scenarios involving a large number of
users in Fig. [f] Specifically, we evaluate the performance
of three hybrid schemes with 100 users. The simulation
results indicate that the proposed GHSL scheme maintains
the lowest training delay. Additionally, GHSL exhibits a
significant delay performance improvement over SFL as the
number of users increases, achieving approximately a 70%
reduction. This improvement is attributed to the increasing
number of server-side models associated with a larger user
base, which typically complicates model convergence in
SFL. Our proposed scheme, along with the CPSL scheme,
features a grouped, parallel design that effectively addresses
the challenges posed by large-scale user environments.

6) Impact of Network Resource: We assess the impact of
resource heterogeneity on training performance, as depicted
in Fig. 7a and Fig. 7b, which respectively show training de-
lay variations with changes in system bandwidth and server
computing resources. Although these system resources do
not directly affect the training process, they influence com-
munication and computation delay, necessitating theoretical
calculations of latency for each round. In the results, the
proposed GHSL scheme demonstrates superior capability
in adapting to changes in system resources, consistently
maintaining the shortest training delay. Furthermore, the
benefits of the GHSL scheme increase under resource con-
straints: delay decreased by an average of 30% with a system
bandwidth of 40 MHz and by 34% with a bandwidth of 5
MHz, compared to SFL. Similar outcomes were observed
with variations in server computing power. As Table 4
shows, reaching specified test accuracy requires increased
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Fig. 8: Performance of the proposed GPR-based group optimization algorithm and coalition game-based user grouping

strategy algorithm.

communication overhead and computation Flops, leading
to greater training delay when system resources are limited.
Compared to SFL and CPSL, SL performs better when
available resources are limited because each user exclusively
utilizes channel bandwidth and server computing resources
in the SL scheme.

8.2.2 Performance of User Grouping Algorithm

1) Prediction Performance of GPR: In Fig. we conducted
simulations to validate the proposed estimation methods for
the function of training rounds. We collect 25 datasets from
the GHSL scheme to fit the training rounds function. The
result illustrates that the red dots represent actual training
round values for given numbers of users and groups, with
a fitted surface passing through these points. Given optimal
kernel parameters, the comparison between predicted and
actual values shows that the estimation error rate is less
than 5%.

Kernel parameter settings influence predictions made
via Gaussian process regression, prompting us to assess
the impact of various kernel settings on mean error values.
Specifically, Gaussian process regression aims to maximize
the likelihood function to identify optimal kernel parame-
ters. Therefore, the boundaries of these parameters affect the
fitting outcomes. We explored how mean error varies with
changes in the RBF kernel by setting different boundary
ranges for the constant kernel. In Fig. 8a, the results indicate
that defining constant kernel (o) within the range of 0.001
to 10 significantly reduces prediction errors, and the mean
error rate is below 5% when the RBF parameter is 10.

2) Delay Performance of the Grouping Algorithm: A com-
parison of the proposed coalition game-based grouping
algorithm with two other benchmarks is presented in Fig.
8c. The first benchmark is a heuristic user grouping algo-
rithm, where users are grouped based on their computing
capabilities, grouping those with similar capacities together.
The second benchmark is that users are randomly divided.
In the simulations, the computing capabilities of users and
the SNR of received signals are set to follow a normal
distribution, with mean values of 2 GHz and 15 dB, and
standard deviations of 0.5 GHz and 5 dB respectively. The
simulation results demonstrate that the proposed grouping
algorithm significantly reduces the training delay per round
compared to the benchmarks. Specifically, it reduces delay
by an average of 45% compared to the heuristic algorithm

and 25% compared to the random algorithm. This is because
the proposed user grouping algorithm mitigates the strag-
gler effect between the groups under hierarchical system
resources.

Figure [8d| shows the training delay performance of the
proposed scheme and user grouping algorithm. It can be
seen that the training delay with the proposed scheme is
about 1,750 seconds, which is 45% lower than the 2,542
seconds by combining the GHSL scheme with the heuristic
grouping algorithm, and 24% lower than the 2,169 seconds
with the random grouping algorithm. These results indicate
that the combination of the two designs effectively reduces
the overall training delay.

9 CONCLUSION

In this paper, we have proposed a novel GHSL scheme
to expedite SL in edge networks. The proposed scheme
partitions the users into multiple groups and trains users in
each group sequentially while groups are trained parallelly.
This can expedite the training process. In addition, we have
conducted a convergence analysis of the GHSL scheme,
illustrating that the user grouping decision impacts the
convergence rate. Moreover, we have designed a two-stage
algorithm to identify the group number and then make
the optimal user grouping decision, thereby minimizing the
overall training delay. Simulation results have demonstrated
that the proposed scheme outperforms the benchmarks in
terms of training delay. The proposed scheme is suitable
for edge networks with limited spectrum resources and
mobile devices with constrained computing resources due
to low communication overhead and user-side computa-
tional workload. For the future work, we will investigate
the impact of user mobility on the performance of the GHSL
scheme.
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