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Abstract
Although Split Federated Learning (SFL) effectively en-
ables knowledge sharing among resource-constrained clients,
it suffers from low training performance due to the ne-
glect of data heterogeneity and catastrophic forgetting prob-
lems. To address these issues, we propose a novel SFL ap-
proach named MultiSFL, which adopts i) an effective multi-
model aggregation mechanism to alleviate gradient diver-
gence caused by heterogeneous data and ii) a novel knowl-
edge replay strategy to deal with the catastrophic forgetting
problem. MultiSFL adopts two servers (i.e., the fed server
and main server) to maintain multiple branch models for lo-
cal training and an aggregated master model for knowledge
sharing among branch models. To mitigate catastrophic for-
getting, the main server of MultiSFL selects multiple assistant
devices for knowledge replay according to the training data
distribution of each full branch model. Experimental results
obtained from various non-IID and IID scenarios demonstrate
that MultiSFL significantly outperforms conventional SFL
methods by up to a 23.25% test accuracy improvement.

Introduction
Due to the merits of knowledge sharing among devices with-
out compromising their data privacy, Federated Learning
(FL) (McMahan et al. 2017; Li et al. 2023a; Wu et al. 2023b;
Huang et al. 2024; Qi et al. 2024) becomes increasingly
popular in the design of Artificial Intelligence of Things
(AIoT) systems (Hu et al. 2023a; Wang et al. 2024a; Zhang
et al. 2020). However, existing FL methods often suffer from
the problem of low training performance when deployed in
large-scale AIoT applications. This is mainly because the
varying capabilities (e.g., memory, computing power) of het-
erogeneous AIoT devices may inevitably result in limited
sizes of their hosting Deep Neural Network (DNN) mod-
els. According to the Wooden Bucket Theory, when deal-
ing with resource-constrained AIoT devices, the weakest de-
vice determines the overall FL training performance. To ad-
dress this issue, Split Federated Learning (SFL) (Thapa et al.
2022) has been investigated to accommodate various large-
scale AIoT applications by enabling the co-training of large
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models across heterogeneous devices and cloud servers. Un-
like conventional FL methods, SFL divides each participat-
ing DNN model into two parts, i.e., the client-side portion
and the server-side portion, and places them on two cloud
servers, i.e., the fed server and the main server, respectively.
By decoupling the training efforts of client-side portions
and server-side portions, the resource requirements imposed
on clients are greatly alleviated. Meanwhile, by synchroniz-
ing the training between the client-side portions and server-
side portions based on local data features, the test accuracy
degradation caused by the trained models is negligible.

Although SFL is good at dealing with resource-
constrained scenarios, it still suffers from the problem of
❶ data heterogeneity and ❷ catastrophic forgetting (Shao
and Feng 2022). Specifically, due to the non-Independent
and Identically Distributed (non-IID) (Sattler et al. 2020; Qi
et al. 2023; Huang et al. 2023; Wu et al. 2023a) data among
AIoT devices, SFL suffers from the “gradient divergence”
problem (Karimireddy et al. 2020), which results in perfor-
mance degradation of global models. Meanwhile, since the
server only selects partial clients for model training in each
SFL round, models tend to forget what they have learned in
previous SFL training rounds, causing the notorious catas-
trophic forgetting problem (Shao and Feng 2022). To allevi-
ate the impacts of such problems, various FL variants resort
to knowledge distillation (Zhu, Hong, and Zhou 2021; Lin
et al. 2020; Meng et al. 2024; Wang et al. 2023), client se-
lection (Chen et al. 2020), global control variable (Li et al.
2020a; Karimireddy et al. 2020; Wang et al. 2024b) or multi-
model paradigm (Hu et al. 2024c, 2023b, 2024b; Gao et al.
2024) mechanisms to mitigate the performance degradation
problem caused by non-IID data, while many of them adopt
model correction (Luo et al. 2023) and data augmentation
(Xu et al. 2022) strategies to solve the catastrophic forgetting
problem. However, most of them assume that the local train-
ing is performed based on a whole model, strongly limits
their usage in SFL. Therefore, how to address the gradient
divergence and catastrophic forgetting problems is becom-
ing an urgent issue for SFL.

As a state-of-the-art FL training paradigm, the Multi-
Model-based FL (MMFL) (Hu et al. 2024c, 2023b) is
promising in dealing with the gradient divergence problem
by adopting multiple homogeneous branch models rather
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Figure 1: A motivating example of SFL.

than using a single global model for local training. Specif-
ically, each branch model selects the least similar model
as the collaborative model for aggregation. To alleviate the
gradient divergence, the collaborative model is assigned a
relatively low weight for aggregation. In addition, for each
branch model, despite the fact that the distribution of data
from each device is non-IID, the overall data distribution
gradually converges towards balance through continuous
training. Intuitively, inspired by multi-model-based FL, the
main server and the fed server can maintain multiple por-
tions and assign an index to match the corresponding server-
side and client-side portions to achieve training of mul-
tiple branch models. Although the multi-model-based FL
paradigm effectively alleviates the data heterogeneity prob-
lem, it still encounters the catastrophic forgetting problem.
Figure 1(a) presents an example of the training process of a
branch model. As shown in Figure 1(a), in non-IID scenar-
ios, the branch model forgets the knowledge learned by D1

after two training rounds and both D2 and D3 lack the data
of the second category, inevitably resulting in a degradation
of the branch model classification performance for the sec-
ond category. Unlike conventional FL, in SFL, although the
main server cannot access the full model, it can access train-
ing data labels, which can be used to identify which cate-
gories of knowledge are missing for each branch model. In-
tuitively, as shown in Figure 1(b), to alleviate catastrophic
forgetting, the cloud server can request inactivated clients to
upload a small number of missing category features to help
train the specific server-side portion.

Inspired by the above example, we propose a new SFL ap-
proach named MultiSFL based on the MMFL-style training
coupled with a novel knowledge-replay mechanism, which
can effectively address the gradient divergence and catas-
trophic forgetting problems. Unlike existing SFL methods,
MultiSFL uses the fed server and main server to maintain
the server- and client-side portions of multiple branch mod-
els for SFL training. To achieve knowledge sharing among
such branch models, each server aggregates all the models
to generate a master model and aggregates the master model
with each branch model, where the master model is assigned
a small aggregation weight. To address catastrophic forget-
ting, the main server selects inactivated clients as assistant
clients according to their data distributions, and requests

sampling features from these assistant clients for the joint
training of server-side branch models. To improve training
performance and save communication overhead, our method
adaptively adjusts the sampling proportion based on the crit-
ical learning period. This paper makes the following three
major contributions:
• We design a novel MMFL-based SFL framework, which

resorts to the random traversals of branch models to alle-
viate the gradient divergence problem.

• We propose an adaptive knowledge replay strategy that
explores the most contributing knowledge for branch
models to alleviate catastrophic forgetting.

• Comprehensive experiments on various well-known
datasets and models show the superiority of MultiSFL
over state-of-the-art (SOTA) FL methods for both IID
and non-IID scenarios.

Preliminaries and Related Work
Split Federated Learning (SFL) (Thapa et al. 2022) com-
bines the advantages of FL and Split Learning (SL). In SFL,
the complete model is divided into two parts: the client-side
model portion and the server-side model portion. Each client
communicates with the main server and the fed server. In
each SFL round, clients interact with the main server in par-
allel to execute the SL process. Subsequently, clients send
their updated client-side portion to the fed server for aggre-
gation. The fed server aggregates all client models and syn-
chronizes the aggregated model with all clients. However,
similar to FL, SFL still experiences the problem of low in-
ference accuracy. The objective of SFL is to minimize the
loss function over the collection of training data at N clients,
i.e.,

min
w

F (w) =
N∑

k=1

|Dk|
|D|

Fk(w), (1)

where w = wc⊕ws is the combination of client-side model
wc and server-side model ws, N is the number of clients
that participate in local training, Dk is the dataset of the kth

client, Fk(w) =
1

|Dk|
∑

j∈Dk
fj(w) is the loss empirical ob-

jective over the data samples at client k.
Catastrophic Forgetting occurs specifically when the

neural network is trained sequentially on multiple tasks. In
this case, the optimal parameters for the current task might
perform poorly on the objectives of previous tasks. Many
algorithms in FL have been proposed to alleviate the forget-
ting issue. GradMA (Luo et al. 2023) uses historical gradient
information on both the device and server sides and corrects
the global gradient through quadratic planning, effectively
improving the accuracy of the global model. FedReg (Xu
et al. 2022) reduces knowledge forgetting by using gener-
ated pseudo data to regularize local training parameters and
suppress potential conflicts with knowledge in local data in-
troduced by pseudo data by using perturbed data. However,
such methods cannot be applied to SFL due to the stringent
requirements of the complete model. To our best knowledge,
MultiSFL represents the first innovative approach that em-
ploys multi-model training and knowledge replay in SFL to
enhance both model accuracy and training stability.
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Figure 2: Framework and workflow of our approach.

Our MultiSFL Approach
Overview
Figure 2 illustrates the framework and workflow of our ap-
proach. Similarly to conventional SFL, MultiSFL consists
of two servers (i.e., the fed server and the main server)
and multiple AIoT devices. In MultiSFL, the full model is
divided into two portions, i.e., the client-side portion and
the server-side portion. As shown in Figure 2, to address
the gradient divergence problem caused by non-IID data,
MultiSFL adopts multiple branch models for local train-
ing. To achieve multi-model-based FL training, the fed-sever
maintains a client-side portion repository to store client-side
branch models, and the main server maintains a server-side
portion repository to store server-side branch models. Note
that a server-side and client-side portion corresponding to a
branch model are assigned the same index in their reposi-
tories. To enable knowledge sharing among branch models,
each server maintains a master model, which is aggregated
by all the branch models in their repository.

To alleviate catastrophic forgetting, in each SFL training
round, the main server calculates a score vector for each
branch model, where the number of elements of the vec-
tor is equal to the number of classification categories. The
value of each element is calculated according to the accumu-
lated training data distribution, where the more recent train-
ing data distribution has a greater impact on the score vec-
tor calculation. The main server selects multiple inactivated
clients as assistant clients and requests features of specific
categories from assistant clients according to the score vec-
tors to assist in the training of the server-side branch models.

As shown in Figure 2, the workflow of the training process

for each intermediate model in MultiSFL includes eleven
steps as follows: Step 1 (Model Dispatching): The fed
server randomly selects n clients as main clients and dis-
patches the client-side branch models to main clients for
local training. Step 2 (Feature Uploading): Each main
client uses its data to perform the forward propagation pro-
cess and uploads the output features of its client-side branch
model to the main server. Step 3 (Score Vector Calcula-
tion): For each branch model, the main server calculates a
score vector according to its current and historical training
data distribution. Step 4 (Knowledge Request): Then the
main server randomly selects k inactivated clients as assis-
tant clients, dispatches a calculated score vector to an assis-
tant client, and requests the fed server to dispatch client-side
branch models to the corresponding assistant clients. Step 5
(Knowledge Extraction): Assistant clients select samples
from their data according to the received score vector and
use the selected samples to perform forward propagation.
Then, they upload the output features to the main server.
Note that if the main server does not collect enough fea-
tures, it will repeat Steps 4-5 to request more knowledge.
Step 6 (Knowledge Replay): The main server inputs the
features collected from the main and assistant clients to-
gether into the corresponding server-side branch models for
the forward propagation process and calculates the losses.
Step 7 (Server Model Backward): The main server per-
forms the backward propagation process to update the corre-
sponding server-side branch models and obtains the gradient
of the features uploaded by the main clients. Step 8 (Gra-
dients Dispatching): The main server sends the gradient to
the corresponding main client. Step 9 (Client Model Back-
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ward): Each main client updates the client-side portion with
the received gradient. Step 10 (Model Uploading): Each
main client uploads its client-side portion to the fed server.
Step 11 (Model Repository Updating): The fed server ag-
gregates all client-side branch models to generate a new
client-side master model and then updates each client-side
branch model by aggregating it with the client-side master
model. Similarly, the main server aggregates all the server-
side branch models to generate a new server-side master
model and then updates each server-side branch model by
aggregating it with the new server-side master model.

Please note that during MultiSFL training, a client needs
to send the labels, features, and sample quantities from
clients to the server, which is exactly the same way as SFL.
In other words, our approach is as secure as the conventional
SFL, since it does not require clients to send additional data.

Implementation

Algorithm 1 details the implementation of our MultiSFL ap-
proach. Assume that there are n activated clients as the main
clients participating in each SFL communication round.
Line 1 initializes the client-side branch model repository Wc

and its corresponding server-side branch model repository
Ws. Line 2 initializes the model cumulative data distribution
and sampling proportion. Lines 3-25 present the overall SFL
training process. In line 4, we randomly select n clients as
the main clients for local training. Lines 7-22 present the co-
operative training process of each client-side branch model
and its corresponding server-side model. In line 7, the main
client S[i] uses its local data to propagate forward and gain
the intermediate feature fc. Line 8 indicates that the main
server updates the data distribution of wsi

r . In line 9, the main
server calculates the score vector svi based on the historical
data distribution. In line 10, the main server calculates the
number of data to sample qi for each data class based on
svi. Lines 11-17 present the process of sampling features.
Firstly, the main server initializes the total sample supply l′

and the total sampled feature fh (Line 11). The main server
randomly selects an idle client deva that can satisfy or par-
tially satisfy the current knowledge request as an assistant
client, and the fed server sends the client-side model wci

r to
deva (Line 13). After receiving the wci

r , deva samples its
local data and sends the feature of the sampled data using
wci

r according to the current knowledge request qi− l′ (Line
14). After receiving the feature fa, the main server updates
the total sample supply l′ the total sampled feature fh (Lines
15-16). In line 18, the main server puts fc and fh together
to get fs. In lines 19-20, the main server uses fs to update
the server-side branch model, and the main server sends the
gradient of fc back to the client S[i], allowing the client S[i]
to update the client-side branch model wci

r . Line 22 indi-
cates that the fed server adjusts the sample proportion for the
next round. In line 23, the fed server and the main server ag-
gregate all client-side branch models and server-side branch
models, respectively, to update wc

r+1 and ws
r+1. In lines 24-

26, the fed server and the main server perform aggregation
between the models in the model repositories and the global
model and update the model repositories.

Algorithm 1: Our MultiSFL approach
Input: i) R, maximum number of rounds; ii) C, client set;
Output: wg , the global model
MultiSFL(R,C) begin
1: (Wc,Ws)←([wc1

0 , wc2
0 , ..., wcn

0 ], [ws1
0 , ws2

0 , ..., wsn
0 ])

2: (L, p0)←([L1,L2,...,Ln], 0.01)
3: for r← 0, 1, . . ., R-1 do
4: S ←Randomly select n devices from C
5: /* parallel for */
6: for i← 1, 2, . . ., n do
7: (fc, lS[i])← wci

r (DS[i])
8: Li[r]← lS[i]

9: svi ←SVCaculate(Li)
10: qi ←KnowledgeRequest(svi, pr)
11: (l′, fh)← (Zero(qi), {});
12: while l′ < qi do
13: deva ←Randomly select a device from C − S
14: (fa, la)←KnowledgeExtr(wci

r ,Ddeva ,qi − l′)
15: l′ ← l′ + la
16: fh ← fh ⊕ fa
17: end while
18: fs ← fc ⊕ fh
19: y ← wsi

r (fs)

20: (wsi
r , wci

r )← (wsi
r − η∇(ℓ(y)), wci

r − η∇( ∂ℓ(y)
∂fc

))

21: end for
22: pr+1 ← FGN(r)−FGN(r−1)

FGN(r−1)
× pr

23: (wc
r+1, w

s
r+1)← (

∑n
i=1

w
ci
r+1

n
,
∑n

i=1

w
si
r+1

n
)

24: for i← 1, 2, . . ., n do
25: (wci

r+1, w
si
r+1)← (

w
ci
r+1+αwc

r+1

1+α
,
w

si
r+1+αws

r+1

1+α
)

26: (Wc[i],Ws[i])← (wci
r+1, w

si
r+1)

27: end for
28: end for
29: wg ← wc

R ⊕ ws
R

30: Return wg

Knowledge Replay Strategy
To solve catastrophic forgetting, MultiSFL adopts a knowl-
edge replay strategy, which requests inactivated clients to
upload features of categories that are less distributed in re-
cent training data for each full branch model and uses these
features to train the corresponding server-side branch mod-
els. As shown in Algorithm 1, our knowledge replay strategy
consists of three key processes, i.e., score vector calculation,
knowledge request, and knowledge extraction.

Score Vector Calculation (SVCalculate(·)). This pro-
cess evaluates the knowledge of each category learned
by full branch model wi, where the number of elements
in the vector equals the number of categories, and the
model trained by more data of a specific category is as-
signed a larger score value for the corresponding category.
To mitigate catastrophic forgetting, current training data is
weighted more heavily for score vector calculation, while
historical data is weighted less. For each branch model wi

r,
we calculate the score value svi as follows:

svi =

∑r
j=0 γ

r−jLi[j]∑r
j=0 γ

r−j
, (2)

where γ is the decay factor smaller than 0, and lj is the local
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data distribution of wi
r in the r-th round of training. Note that

since our approach performs knowledge replay only on the
server-side branch model wsi , there is no need to consider
knowledge replay when calculating svi.

Knowledge Request (KnowledgeRequest(·)). This pro-
cess calculates the number of data samples of each category
that need to be selected to replay knowledge according to the
score vector. We first calculate the average score value of the
score vector. The main server prefers to select the data of a
category when its corresponding score value is larger than
the average score. For each data category c, we calculate its
priority value prioric as follows:

prioric = max(0,mean(svi)− svi[c]). (3)

Note that the less accumulated data of data class c, the higher
its priority. Using the priority values, we calculate the num-
ber of sampling data for the data category c as follows:

qic =
|Di| × pr × prioric∑

c prior
i
c

, (4)

where pr is the sampling proportion of round r, and |Di| is
the local data size of the main client selected for model wi

r.
Knowledge Extraction (KnowledgeExtr(·)). After re-

ceiving wci
r , the assistant client randomly selects its local

data for forward propagation according to the calculated
number of sampling data and uploads the intermediate fea-
tures to the main server. In addition, MultiSFL repeats the
knowledge extraction process until the request calculated by
the Knowledge Request process is fulfilled. Please note that
the communication overhead caused by transmitting inter-
mediate features in SFL is much greater than that caused by
the transmitting model. Therefore, the additional communi-
cation overhead caused by sending the model to assistant
clients is negligible.

Adaptive Adjustment of Sampling Proportion
In our knowledge replay strategy, the sampling proportion
pr is a key parameter that significantly affects the perfor-
mance of MultiSFL. Specifically, with an increasing sam-
pling proportion pr, the main server requests more data to
train the server-side branch model, which can substantially
improve the accuracy of each branch model, especially in
non-IID scenarios. However, a larger value of pr inevitably
results in a significant increase in communication overhead.
To balance the accuracy of the model and communication
overhead, we propose a dynamic sampling proportion ad-
justment mechanism. Previous work (Yan, Wang, and Li
2022) observed that when the curvature of the loss land-
scape at a particular point w is large, model training is in
a Critical Learning Period (CLP) (Yan, Wang, and Li 2022).
Inspired by this observation, we prefer to select more data in
the CLP and select fewer data at rather training rounds. We
use the Federated Gradient Norm (FGN) to approximate the
curvature of the loss landscape at a particular point w dur-
ing training (Yan et al. 2023). The FGN of round r can be
defined as follows:

FGN(r) =

∑n
i=1 −η

∥∥g(wi
r, ξ)

∥∥2
n

, (5)

where g(wi
r, ξ) denotes the gradient of the loss function

evaluated on ξ. Based on FGN, we adjust the sampling pro-
portion pt+1 for the next round as follows:

pr+1 =
FGN(r)− FGN(r − 1)

FGN(r − 1)
× pr. (6)

Convergence Analysis
Similarly to (Luo et al. 2023; Li et al. 2020b; Ma et al. 2021),
our analysis relies on the following assumptions:
Assumption 1. fi is L-smooth satisfying fi(w) ≤ fi(w

′)+
(w−w′)T∇fi(w

′)+L
2 ||w−w′||22, where i ∈ {1, 2, · · · , N}.

Assumption 2. fi is µ-convex satisfying fi(w) ≥ fi(w
′) +

(w−w′)T∇fi(w
′)+ µ

2 ||w−w′||22, where i ∈ {1, 2, · · · , N}
and µ ≥ 0.

Assumption 3. The variance of stochastic gradients is
upper bounded by σ2 and the expectation of squared
norm of stochastic gradients is upper bounded by G2, i.e.,
E||∇fi(w; ξ) − ∇fi(w)||2 ≤ σ2, E||∇fi(w; ξ)||2 ≤ G2,
where ξ is a data batch of the ith client in the tth SFL round.

According to our aggregation strategy, we have:
Lemma 1. Let wi

r = αvir + (1 − α)vr, α ∈ [0, 1], and
wr =

∑N
i=1 w

i
r. We have

||wr − w⋆||2 ≤ 1

N

N∑
i=1

||wi
r − w⋆||2 ≤ 1

N

N∑
i=1

||vir − w⋆||2,

where w⋆ is the optimal parameters for the global loss func-
tion F (·).
Theorem 1. Assume that the server performs model aggre-
gation after E rounds of SGD,i.e., E rounds of SGD are per-
formed in each SFL round, and the whole training consists
of r rounds. Let t = r × E be the current number of SGD
rounds, and ηt =

2
µ(t+λ) be the learning rate. We have:

E[F (wt)]− F ⋆ ≤ L

2µ(t+ λ)

[
4B

µ
+

µ(λ+ 1)

2
∆1

]
, (7)

where B = 10LΓ + 4(E − 1)2G2.

Experimental Results
To evaluate the effectiveness of our approach, we imple-
mented MultiSFL using the PyTorch framework (Paszke
et al. 2019) and conducted a comparative analysis with
classical FL, i.e., FedAvg (McMahan et al. 2017) and
SFL (Thapa et al. 2022). Since no relevant work in the SFL
field has been published at top conferences, we modified
three FL baseline methods aimed at solving data heterogene-
ity (i.e., FedNTD (Lee et al. 2022), FedExP (Jhunjhunwala
et al. 2023), and FedMut (Hu et al. 2024a)) to achieve their
SFL versions for a fair comparison. For all methods, we
adopted an SGD optimizer with a fixed learning rate of 0.01
and a momentum of 0.5 and set the batch size to 50. For our
method, we set α to 0.1 and γ to 0.5. All experimental re-
sults were obtained from an Ubuntu workstation equipped
with an Intel i9 CPU, 64GB of memory, and an NVIDIA
RTX 4090 GPU.
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Model Dataset Hetero.
Settings

Test Accuracy (%)
FedAvg SFL FedMut FedNTD FedExP MultiSFL (Ours)

MobileNetV2

CIFAR-10

β = 0.1 41.20± 3.34 40.74± 3.72 38.05± 3.60 50.92± 2.83 35.63± 3.10 64.45 ± 0.33
β = 0.3 58.58± 2.20 54.57± 2.51 51.48± 1.35 64.45± 1.19 53.32± 2.37 69.23 ± 0.56
β = 0.5 59.41± 0.83 58.69± 0.88 61.89± 0.51 62.98± 0.47 55.87± 0.80 70.44 ± 0.53

IID 64.75± 0.11 63.80± 0.18 66.54± 0.15 66.99± 0.28 62.09± 0.09 75.87 ± 0.16

CIFAR-100

β = 0.1 31.38± 0.97 31.07± 1.28 35.18± 1.07 36.53± 0.30 33.18± 1.49 45.66 ± 0.27
β = 0.3 39.63± 0.60 39.37± 0.55 39.03± 0.57 43.85± 0.49 40.66± 1.15 45.36 ± 0.61
β = 0.5 38.85± 0.30 40.26± 0.60 41.55± 0.42 42.65± 0.28 33.18± 1.49 46.34 ± 0.67

IID 42.17± 0.11 40.63± 0.22 44.32± 0.21 42.57± 0.17 41.70± 0.23 52.53 ± 0.13
FEMNIST - 81.34± 0.40 80.92± 0.35 81.64± 0.45 81.32± 0.14 80.65± 0.47 82.63 ± 0.28

ResNet18

CIFAR-10

β = 0.1 48.01± 2.73 45.08± 3.64 53.84± 3.49 51.17± 2.27 47.31± 2.86 66.72 ± 0.48
β = 0.3 59.99± 0.37 60.13± 1.01 67.46± 0.23 62.83± 0.26 59.93± 0.33 69.69 ± 0.20
β = 0.5 62.70± 0.33 63.00± 0.34 67.84± 0.76 64.96± 0.24 62.80± 0.24 70.54 ± 0.21

IID 64.79± 0.14 64.51± 0.22 70.59± 0.11 69.10± 0.13 64.36± 0.13 73.20 ± 0.11

CIFAR-100

β = 0.1 35.23± 0.37 35.71± 0.52 36.77± 0.33 41.46± 0.59 35.81± 0.57 47.17 ± 0.19
β = 0.3 41.24± 0.19 41.30± 0.22 45.80± 0.24 47.31± 0.18 41.54± 0.22 52.00 ± 0.13
β = 0.5 42.82± 0.19 43.08± 0.13 45.90± 0.45 48.74± 0.15 42.59± 0.24 54.17 ± 0.15

IID 43.01± 0.19 43.10± 0.22 48.01± 0.09 49.91± 0.85 43.10± 0.15 56.06 ± 0.16
FEMNIST - 83.01± 0.33 83.40± 0.24 83.33± 0.29 84.18± 0.18 83.23± 0.25 84.58 ± 0.17

VGG16

CIFAR-10

β = 0.1 66.26± 4.55 65.86± 2.87 65.86± 2.52 64.95± 0.68 67.47± 4.52 78.33 ± 0.68
β = 0.3 77.23± 0.26 78.83± 0.13 79.78± 0.15 78.32± 0.75 77.69± 0.22 82.03 ± 0.08
β = 0.5 78.47± 0.09 80.35± 0.12 80.91± 0.15 80.14± 0.41 79.57± 0.28 82.94 ± 0.09

IID 79.92± 0.07 81.90± 0.06 81.78± 0.13 82.36± 0.11 80.30± 0.03 84.12 ± 0.08

CIFAR-100

β = 0.1 47.70± 1.63 50.41± 0.50 50.20± 0.43 49.81± 0.81 49.13± 0.84 53.14 ± 0.30
β = 0.3 53.93± 0.44 56.95± 0.18 57.08± 0.38 57.62± 0.23 54.78± 0.69 60.15 ± 0.32
β = 0.5 55.00± 0.59 57.52± 0.62 57.85± 0.44 59.24± 0.35 56.42± 0.40 61.23 ± 0.19

IID 57.26± 0.07 60.10± 0.14 58.10± 0.39 62.19± 0.08 58.02± 0.10 66.05 ± 0.18
FEMNIST - 82.24± 0.57 84.35± 0.29 83.58± 0.30 83.56± 0.42 71.06± 1.03 84.86 ± 0.25

DenseNet161 TinyImageNet

β = 0.01 21.64± 0.34 21.59± 0.47 20.06± 0.35 21.86± 0.20 20.83± 0.31 34.86 ± 0.21
β = 0.05 33.65± 0.42 33.64± 0.33 31.56± 0.43 33.61± 0.27 29.93± 0.38 39.32 ± 0.21
β = 0.1 35.71± 0.27 36.17± 0.26 33.92± 0.42 35.93± 0.17 32.25± 0.17 40.52 ± 0.15

IID 38.53± 0.11 39.61± 0.18 36.80± 0.17 37.52± 0.08 34.27± 0.14 43.00 ± 0.11

Table 1: Comparison of test accuracy.
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Figure 3: Comparison of communication overhead on
CIFAR-10 using VGG-16.

Experimental Settings
We compared MultiSFL with all baselines on four well-
known datasets, i.e., CIFAR-10, CIFAR-100 (Krizhevsky
2009), FEMNIST (Caldas et al. 2018), and TinyIma-
geNet (Deng et al. 2009). To mimic the non-IID distribu-
tions of device data for CIFAR-10, CIFAR-100, and Tiny-

ImageNet, we employed the Dirichlet distribution Dir(β)
(Hsu, Qi, and Brown 2019), where the smaller values of
β indicate greater data heterogeneity. Note that since the
dataset FEMNIST itself is naturally non-IID distributed, we
did not apply the Dirichlet distribution to the FEMNIST
dataset. To show the pervasiveness of our approach, we con-
sidered four widely used DNN models, i.e., MobileNetV2
(Sandler et al. 2018), ResNet-18 (He et al. 2016), VGG-16
(Simonyan and Zisserman 2014) and DenseNet-161 (Huang
et al. 2017), which have different structures and depths. We
simulated 100 clients and assumed that only 10% of devices
(i.e., n = 10) were selected as main clients in the local train-
ing of one FL communication round.

Performance Comparison
Comparison of Communication Overhead. Figure 3 com-
pares the learning trends of all baselines, where the hori-
zontal axes denote communication overhead along the train-
ing processes. We can observe that although MultiSFL in-
curs additional communication overhead caused by sam-
pling features and assistant client models, our approach still
achieves the highest accuracy for the same communication
overhead. Meanwhile, we can find that the learning curves
of our method become much more stable than other methods
when β decreases, meaning higher data heterogeneity.

Comparison of Accuracy. Table 1 compares the test ac-
curacy between MultiSFL and all the baselines in different
settings involving different models, datasets, and data dis-
tributions. From this table, we can see that MultiSFL al-

919



ways achieves the best performance in all cases. Especially
for the combination of the CIFAR-10 dataset and the Mo-
bileNetV2 model, MultiSFL outperforms SFL by 23.71%
when β = 0.1. We can observe that as β decreases, the
test accuracy gap of all baselines between IID and non-IID
cases increases significantly. In other words, although other
baselines have improved compared to FedAvg and SFL, they
suffer the same degree of accuracy degradation as SFL and
FedAvg in non-IID scenarios. Since our approach effec-
tively mitigates the problem of catastrophic forgetting, such
gaps are much smaller than those obtained by other base-
line methods. In other words, MultiSFL leads to the smallest
accuracy degradation between IID and non-IID scenarios,
showing its superiority in robustness against various non-
IID data distributions.

Ablation Study
To demonstrate the effectiveness of our proposed mecha-
nisms in MultiSFL, we investigated two variants of Mult-
iSFL: i) Conf1 without considering knowledge replay; and
ii) Conf2 with both knowledge replay and fixed feature sam-
pling proportion. Note that Conf2 has the same overall fea-
ture sampling proportion as MultiSFL, and Conf1, Conf2,
and MultiSFL have the same total communication overhead.
We conducted experiments on CIFAR-10 using the ResNet-
18 model considering non-IID and IID settings. Based on
the results of Figure 4, we can find that MultiSFL can al-
ways achieve the highest test accuracy, demonstrating the
effectiveness of our proposed mechanisms.
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Figure 4: Learning curves for different configurations.

From Figure 4, we can find that compared with Conf1,
both Conf2 and MultiSFL based on knowledge replay can
achieve more stable learning curves and better test accuracy.
Things become even more significant when dealing with
scenarios with higher heterogeneity, revealing the effective-
ness of our proposed knowledge replay method. Compared
with Conf2, our proposed sampling proportion adaptive ad-

justment strategy speeds up the training process of Mult-
iSFL, achieving slightly better inference performance and
demonstrating the effectiveness of our proposed adaptive ad-
justment of sampling proportion.

Discussions
Time Complexity. Assume that a complete model has w
parameters and the training dataset contains various data
with c types. Moreover, assume that there are m clients in
total, and in each communication round, n of them are se-
lected as the main clients to participate in the local training.
Please note that, in our approach, the additional overhead
is mainly caused by two operations, i.e., Adaptive Adjust-
ment of Sampling Proportion (AASP) and Knowledge Re-
play Strategy (KRS), and the time complexity of AASP is
O(w). As shown in Algorithm 1, we can figure out that the
time complexity of KRS is O(n(c+cm)). Note that since the
time cost of the model training on the server is much higher
than that of AASP and KRS, the additional time cost caused
by our approach is negligible.

Limitations. In our method, the segmentation positions
are the same for all models. In other words, our approach
cannot work on heterogeneous models (Jia et al. 2024; Chen
et al. 2024). In the future, we will explore a strategy to adap-
tively adjust the splitting position of the model to acceler-
ate model training and improve global model accuracy. In
addition, security and robustness properties, e.g., backdoor
attack (Yang et al. 2023) and fairness (Li et al. 2023b,c), are
still interesting topics for future work.

Conclusion
This paper proposed a novel SFL framework named Mul-
tiSFL, aiming to address the notorious catastrophic forget-
ting problem when dealing with non-IID scenarios. By con-
tinuously conducting local training on clients without being
interrupted by the global model for aggregation, the training
process of models in MultiSFL approximately traverses all
the client data, thus mitigating the impact of non-IID dis-
tributions of client data. Meanwhile, by applying our pro-
posed sampling strategy for assistant clients and knowledge
replay mechanism, the overall training process of MultiSFL
can be accelerated, and the underlying catastrophic forget-
ting symptom can be greatly suppressed. In addition to the
theoretical convergence analysis of MultiSFL, we conducted
comprehensive experiments to demonstrate the superiority
of MultiSFL in improving the overall test accuracy.
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