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Abstract
Federated Learning (FL) is increasingly adopted in edge computing
scenarios, where a large number of heterogeneous clients operate
under constrained or sufficient resources. The iterative training
process of FL incurs considerable computation and communication
overhead, which is unfriendly for resource-constrained devices.
One-shot FL is a promising approach to addressing communication
issues inherent in conventional FL, and model-heterogeneous FL
solves the problem of diverse computing resources across clients.
However, existing methods face challenges in effectively manag-
ing model-heterogeneous one-shot FL, often leading to unsatisfac-
tory global model performance or reliance on auxiliary datasets.
To address these challenges, we propose a novel FL framework
named FedMHO, which leverages deep classification models on
resource-sufficient clients and lightweight generative models on
resource-constrained devices. On the server side, FedMHO involves
a two-stage process that includes data generation and knowledge fu-
sion. Furthermore, we introduce FedMHO-MD and FedMHO-SD to
mitigate the knowledge-forgetting problem during the knowledge
fusion stage, and an unsupervised data optimization solution to im-
prove the quality of synthetic samples. Comprehensive experiments
demonstrate the effectiveness of our methods, as they outperform
state-of-the-art baselines in various experimental setups.

CCS Concepts
•Computingmethodologies→Distributed computingmethod-
ologies; Artificial intelligence; Distributed artificial intelli-
gence.
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federated learning, model heterogeneity, one-shot learning, re-
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1 Introduction
Federated Learning (FL) has emerged as a promising paradigm
for training machine learning models across distributed devices
without sharing raw data [32]. Despite impressive theoretical and
experimental advancements, practical implementation of FL is con-
fronted with challenges [9, 21, 51]. A considerable challenge is the
necessity for multiple communication rounds among several clients
and a central server, which can be both costly and intolerable due to
associated time and energy constraints [44, 47]. Moreover, frequent
communication poses a high risk of privacy attacks [31], such as a
man-in-the-middle attack [40] or the potential for reconstructing
training data from gradients [49]. To address issues associated with
communication and security in conventional FL, the concept of
one-shot FL has been introduced [11], which aims to obtain an
acceptable global model within a single communication round.

Another challenge in real-world FL scenarios, such as those in
healthcare [1], recommendation systems [28], and financial ser-
vices [54], is the heterogeneity of clients’ computing resources [46].
For example, a naive solution to develop a health monitoring model
via FL involves weighted averaging of the parameters of local mod-
els trained on each user’s smartphone, smartwatch, or smart wrist-
band. Smartphones generally possess 4GB-16GB of RAM, whereas
the Xiaomi Smart Wristband 8 has 1.4MB of RAM, and the Amazfit
Band 7 has 8MB of RAM. This heterogeneity in client computing
resources is common in FL applications [42]. Existing FL frame-
works typically require clients to deploy homogeneous local models.
However, employing uniformly small models prevents clients with
abundant computing resources from utilizing their computational
potential [4]. Conversely, deploying uniformly large models ex-
cludes clients with limited computing resources from participating
in the FL process, thereby preventing the global model from acquir-
ing knowledge from these resource-constrained clients. Therefore,
deploying homogeneous models can harm the performance of the
final global model. A prevalent method for effectively addressing
computing heterogeneity is deploying heterogeneous models on

5686

https://orcid.org/0000-0003-0336-0522
https://orcid.org/0009-0003-1651-7784
https://orcid.org/0009-0009-0976-9397
https://orcid.org/0000-0002-5693-8933
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/XXXXXX.XXXXXX
https://doi.org/10.1145/XXXXXX.XXXXXX


WWW ’26, April 13–17, 2026, Dubai, United Arab Emirates. Dezhong Yao, Tongtong Liu, Yuexin Shi, and Zhiqiang Xu

Private Data

Heterogeneous Local Models

Global Model

Figure 1: The heterogeneous one-shot Federated Learning
(FL) framework. The clients with varying computing capabil-
ities deploy heterogeneous local models. Each client commu-
nicates with the central server only once. After fully training
their local models on private data, clients send these models
to the server, where they are aggregated into a global model.

different clients that align with their respective computing capa-
bilities [48]. Therefore, for FL scenarios that include a mixture of
resource-sufficient clients and resource-constrained clients, as il-
lustrated in Figure 1, studying model-heterogeneous one-shot FL
becomes critical.

The existing one-shot FL methods [15, 52] still face various chal-
lenges in model heterogeneity scenarios. DOSFL [56] adopts dataset
distillation [43] on each client. However, sending distilled data to the
central server introduces additional communication costs, which
goes against the original intention of addressing the communication
bottleneck in one-shot FL. Some other methods [11, 26] leverage
knowledge distillation [16] to aggregate local models with auxiliary
public data. However, the performance of these methods depends
on the auxiliary data size and the domain similarity between aux-
iliary data and local data [38]. Several data-free methods [15, 52]
have been proposed to address these issues. DENSE [52] and Co-
Boosting [8] train an additional generator on the server side to
generate auxiliary data that resembles the local data distribution.
However, the efficacy of this generator heavily depends on the
local model used for its training. If clients with limited computing
resources deploy lightweight local models, and these local models
exhibit restricted performance, the generator’s performance will
suffer, thereby hindering the final global model from achieving
high performance. FEDCVAE [15] deploys generative models on
all participating clients, and the global model on the server side is
trained from scratch using the synthetic samples generated by these
generators. Nevertheless, using synthetic samples to convey local
data information is not as effective as directly using local model
parameters. A more detailed explanation is provided in Section 3.

In this paper, we propose a novel method, FedMHO1, to address
the challenge of Model-Heterogeneous One-shot Federated Learn-
ing. Our method involves deploying deep classification models on
resource-sufficient clients while utilizing lightweight generative
models on resource-constrained clients. To validate the effective-
ness of our method, we adopt Conditional Variational Autoencoders
(CVAE) [36] as the generative models. More complex generators can
be employed for more complex tasks. During global model train-
ing, FedMHO introduces a two-stage process encompassing data

1The source code is available at https://github.com/YXShi2000/FedMHO.

generation and knowledge fusion. In the data generation stage, the
decoders received from clients generate synthetic samples based on
local label distribution. To improve the fidelity of the synthetic sam-
ples, we employ an unsupervised data optimization solution. In the
subsequent knowledge fusion stage, the global model is initialized
by the average parameters of the local classification models and
then updated based on the synthetic samples generated in the data
generation stage. Furthermore, during the global model training,
we propose two solutions named FedMHO-MD and FedMHO-SD
to prevent the forgetting of knowledge from classification mod-
els. In FedMHO-MD, the local classification models act as multiple
teachermodels to distill the global model. FedMHO-SD involves self-
distillation, wherein the initialized global model acts as a teacher
model to distill the global model.

Our main contributions are summarized as follows. (1) We pro-
pose FedMHO, a one-shot FL framework designed for heteroge-
neous clients. This framework deploys classification models on
computing resource-sufficient clients and lightweight generative
models on computing resource-constrained clients. (2) We propose
an unsupervised data processing solution to optimize the quality of
synthetic samples, consequently improving the performance of the
final global model. (3) To address the knowledge-forgetting problem
during the training of the global model, we propose two effective
strategies: FedMHO-MD and FedMHO-SD. (4) Compared to the
optimal baseline, the average accuracies of FedMHO, FedMHO-MD,
and FedMHO-SD are improved by 5.17%, 8.35%, and 8.25%, respec-
tively, demonstrating the effectiveness of the proposed methods.

2 Related Work
2.1 One-shot Federated Learning
One-shot FL aims to aggregate client information into a global
model within a single communication round. Guha et al. [11] first
proposed One-shot FL with two methods: bagging local models or
ensemble distillation using public data. FedOV [15] applies open-set
voting [33, 55] to mitigate label skew in bagging, though such strate-
gies add inference overhead on clients. FedKT [26] uses knowledge
distillation with auxiliary public data, while DOSFL [56] achieves
data-free One-shot FL by having clients distill local datasets for
server training. DENSE trains a server-side generator from local
models to create synthetic data for distillation, and Co-Boosting [8]
further enhances performance by optimizing both data and en-
semble integration. However, these two-stage approaches cause
information loss in both classifier and generator training. To reduce
this, FedSD2C [53] directly synthesizes and shares samples from lo-
cal data, though it is only feasible on large high-resolution datasets.
Heinbaugh et al. [15] propose FEDCVAE-ENS and FEDCVAE-KD,
which deploy client-side generative models to generate data for
global training. Still, the above data-free methods overlook that
one-shot FL typically involves model heterogeneity.

2.2 Model-Heterogeneous Federated Learning
To achieve model heterogeneity, some methods extract hetero-
geneous sub-models from the global model to use as local mod-
els. For example, Federated Dropout [3] randomly extracts sub-
models using Dropout [37]. HeteroFL [10], FjORD [18], and Fed-
DSE [41] extract static sub-models from the global model, while
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Figure 2: Top-1 test accuracy (%) on the EMNIST dataset.

FedRolex [2] and Split-Mix [17] extract dynamic sub-models. These
partial training-based methods require each local model to be a
sub-model of the global server model, preventing their deployment
in FL scenarios involving completely different model structures.
Knowledge distillation-based methods do not have the limitations
of partial training-based methods and are more suitable for FL
scenarios with diverse models. FedMD [25] uses transfer learning
to pretrain local models on large-scale public datasets, then fine-
tunes them on local datasets. FedGKT [13] uses Split Learning [12]
with the global model as a downstream model of local models.
FedDF [29], DS-FL [20], and Fed-ET [6] utilize unlabeled auxiliary
data to transfer knowledge from local models to the global model.

3 Motivation
Current FL algorithms do not adequately address the challenge of
one-shot FL with heterogeneous models. Model-heterogeneous FL
algorithms can be broadly categorized into partial training-based
methods and knowledge distillation-based methods. However, par-
tial training-based methods are essentially not applicable to
one-shot scenarios, and knowledge distillation-based meth-
ods introduce erroneous information thatmisleads the global
model.

Partial training-basedmethods assign heterogeneous sub-models
to clients, either by randomly dropping out parameters from the
global model or extracting them based on specific rules. Since one-
shot FL involves only a single round of communication, and the local
model parameters are typically fractions (e.g., 1

2 ,
1
4 ,

1
8 ) of the global

model, most of the parameters of the global model are updated by
the local data from only a subset of clients. This constraint leads to
poor performance of the aggregated global model, and no existing
work successfully combines partial training with one-shot FL.

Knowledge distillation-based methods employ the local models
as multiple teachers and utilize an auxiliary dataset to train the
global model via knowledge distillation, which proves effective
in one-shot scenarios [34]. This auxiliary dataset can be sourced
from a public dataset, such as FedDF, or by training an additional
generator like DENSE or Co-Boosting. However, the lightweight
local models of FedDF, DENSE or Co-Boosting often underperform
and provide inaccurate logits (i.e., soft labels) during training of
the global model or generator [5], which subsequently degrade
the performance of the final global model. Figure 2 presents the
experimental results on the EMNIST dataset. The experimental
setup is the same as in Section 5. Here, ‘small’/‘large’ refers to
the aggregation of either lightweight small local models or deep
large local models, respectively. Notably, when only the deep large
models are used, the global model performance slightly improves

compared to using all local models, even though data from the
deployed lightweight small models is not aggregated. This indicates
lightweight small models provide negative gain.

FEDCVAE deploys generative models on all clients to generate
synthetic samples for training the global model. Figure 2 demon-
strates that FEDCVAE has a significantly better performance com-
pared to FedDF, DENSE and Co-Boosting. This improvement arises
because, while lightweight generative models may produce low-
quality samples, such as blurred contours (refer to Figure 9 in the
Appendix), they do not introduce erroneous logits like poorly per-
forming classification models do.

Nonetheless, synthetic samples cannot fully match the quality
of the raw data. To maximize the use of real data and minimize
erroneous information from low-performance models, we propose
deploying deep classification models on clients with sufficient com-
puting resources and lightweight generative models on clients with
limited computing resources. During aggregation, the classifica-
tion models directly average the parameters to initialize the global
model, and then the global model is further trained by the synthe-
sized samples. The effectiveness of our proposed method can also
be demonstrated in Figure 9.

4 Methodology
4.1 Preliminaries
4.1.1 Conditional Variational Autoencoder. CVAE is a variation of
Variational Autoencoder (VAE) [22] that incorporates conditional
information into VAE. Specifically, a VAE learns a latent space rep-
resentation of input data through an encoder-decoder architecture.
In CVAE, this latent space is conditioned on additional informa-
tion, such as class labels, enabling controlled generation based on
specific conditions. Formally, let x denote the input data, c denote
the conditional information, 𝜙 denotes the encoder network, and 𝜃
denotes the decoder network, respectively. A CVAE uses 𝜙 to model
the approximate posterior distribution 𝑞𝜙 (z|x, c) over latent vari-
ables z, and uses 𝜃 to model the generative distribution 𝑝𝜃 (x|z, c)
for reconstructing the input data.

4.1.2 Knowledge Distillation. Knowledge distillation aims to mini-
mize the discrepancy between logits output from the teacher model
and the student model on the same data. The discrepancy can
be measured by the Kullback–Leibler divergence [23] KL[·] as
min
𝑊𝑆

KL𝑥∈𝐷 [ℎ(𝑊𝑇 ;𝑥) | |ℎ(𝑊𝑆 ;𝑥)], where𝑊𝑇 denotes teacher model,

𝑊𝑆 denotes student model, 𝐷 denotes the data used for knowledge
distillation, and ℎ(∗;𝑥) denotes the output logits of input data 𝑥 .
4.1.3 Problem Definition. We consider a one-shot FL setup with
an 𝑁𝑐 -class classification task, where 𝐾 clients are connected to a
central server. We define the set of clients as {𝐾} = {{𝐾𝐶 }, {𝐾𝐺 }},
where {𝐾𝐶 } denotes the clients that develop classification models,
and {𝐾𝐺 } denotes clients that develop generative models. Each
client 𝑘 ∈ {𝐾} holds a local model 𝑤𝑘 and local training data
D𝑘 . Specifically, a computing resource-sufficient client 𝑘 holds a
local classification model {𝑤𝑘 | 𝑘 ∈ {𝐾𝐶 }}, while a computing
resource-constrained client 𝑘 holds a lightweight generative model
{𝑤𝑘 | 𝑘 ∈ {𝐾𝐺 }} with an encoder𝑤𝜙

𝑘
and a decode𝑤𝜃

𝑘
. We aim to

join resource-constrained clients in FL training and train a well-
performing global model𝑤 with resource-sufficient clients.
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Figure 3: An overview of FedMHO. Resource-sufficient clients train deep classification models, and resource-constrained clients
train lightweight generative models. The global model is initialized by averaging local classification models. Synthetic samples
are generated to train the global model. To solve the knowledge-forgetting problem, FedMHO-MD employs classification
models as teachers to distill the global model, while FedMHO-SD utilizes the initialized global model as a teacher to distill the
global model.

Algorithm 1 The FedMHOs Algorithm
1: Input: Number of categories 𝑁𝑐 , local model𝑤𝑘 , local training

epoch 𝐸𝑘 , global training epoch 𝐸𝑔 , set of local classification
model {𝐾𝐶 }, set of generative model decoder {𝐾𝐺 }.

2: Output: The final global model𝑤 .
3: /* Client Side */
4: for each E = 1 · · · 𝐸𝑘 do
5: Train𝑤𝑘 on D𝑘 with (2) (𝑘 ∈ {𝐾𝐶 }) or (3) (𝑘 ∈ {𝐾𝐺 }).
6: end for
7: return updated𝑤𝑘 (𝑘 ∈ {𝐾𝐶 }) or updated𝑤𝜃𝑘 (𝑘 ∈ {𝐾𝐺 }).
8: /* Server Side */
9: Initialize global model𝑤0 with (4).
10: Initialize an empty set for generate samples D𝑠 .
11: for 𝑛𝑐 = 1 · · ·𝑁𝑐 do
12: Generate samples belonging to category 𝑛𝑐 using decoder

{𝑤𝜃
𝑘
| 𝑘 ∈ {𝐾𝐺 }}.

13: Optimize synthetic samples via K-means and add to D𝑠 .
14: end for
15: for E = 1 · · · 𝐸𝑔 do
16: Train global model𝑤 on D𝑠 with (7).
17: end for
18: return final global model𝑤 .

4.2 Overall Algorithm
Figure 3 illustrates the overall framework of FedMHO. Specifically,
resource-sufficient clients deploy deep classification models, and
resource-constrained clients deploy lightweight CVAEs. Each client
fully trains its respective local model during the local training phase.
Afterwards, clients with classification models send their complete
models to the central server, and clients utilizing CVAEs send the
CVAE decoders and the local label distributions to the central server.
The server-side training process consists of data generation and
knowledge fusion. In the data generation stage, each local CVAE

decoder generates synthetic samples based on its local label distri-
bution. These samples are then refined through an unsupervised
quality enhancement process. In the knowledge fusion stage, the
local classification models initialize the global model by aggregat-
ing their parameters. The global model is then updated with the
synthetic samples. To mitigate knowledge-forgetting during the
global model training, we employ FedMHO-MD and FedMHO-SD.
The specific training details are provided below. The complete algo-
rithmic representation of our methods is provided in Algorithm 1.
4.2.1 Local Training. The clients train their local models on their
respective local data for 𝐸𝑘 epochs. During each training epoch,
each local model weight𝑤𝑘 is updated as

𝑤𝑘 :=𝑤𝑘 − 𝜂 · ∇L𝑘 (𝑤𝑘 ;𝑏𝑙 ), (1)

where 𝜂 denotes the learning rate, 𝑏𝑙 denotes the mini-batch from
local data D𝑘 , 𝐿𝑘 denotes the training loss function of local model
𝑘 , and ∇L𝑘 (·) denotes the partial derivative of L𝑘 (·) with respect
to its parameter 𝑤𝑘 . For the classification models, L𝑘 (𝑤𝑘 ;𝑏𝑙 ) is
defined as the cross-entropy loss

L𝑘 (𝑤𝑘 ;𝑏𝑙 ) = −
∑︁ |𝑏𝑙 |

𝑖=1
𝑦𝑖 log(𝑦𝑖 ), (2)

where |𝑏𝑙 | denotes the size of the mini-batch 𝑏𝑙 , 𝑦𝑖 and 𝑦𝑖 represent
the ground truth and predicted probability of sample 𝑖 , respectively.
For the CVAE models, L𝑘 (𝑤𝑘 ;𝑏𝑙 ) is the sum of the reconstruction
loss Lrecon and the KL divergence loss LKL (𝑤𝑘 ;𝑏𝑙 ), defined as

L𝑘 (𝑤𝑘 ;𝑏𝑙 ) = Lrecon (𝑤𝑘 ;𝑏𝑙 ) + LKL (𝑤𝑘 ;𝑏𝑙 ), (3)

with

Lrecon (𝑤𝑘 ;𝑏𝑙 ) =
1
|𝑏𝑙 |

∑︁ |𝑏𝑙 |
𝑖=1

E𝑞
𝑤
𝜙

𝑘

(z |𝑥𝑖 ,c𝑖 )
[
log 𝑝

𝑤𝜃
𝑘
(𝑥𝑖 |z, c𝑖 )

]
,

LKL (𝑤𝑘 ;𝑏𝑙 ) = − 1
|𝑏𝑙 |

∑︁ |𝑏𝑙 |
𝑖=1

KL
(
𝑞
𝑤
𝜙

𝑘

(z|𝑥𝑖 , c𝑖 ) | |𝑝 (z|c𝑖 )
)
,

where 𝑥𝑖 denotes sample 𝑖 in mini-batch 𝑏𝑙 , c𝑖 denotes the condi-
tional information of sample 𝑖 , that is, the ground truth of 𝑥𝑖 . The
term 𝑞

𝑤
𝜙

𝑘

(z|𝑥𝑖 , c𝑖 ) refers to the approximate posterior distribution
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of local model 𝑘 , and the term 𝑝
𝑤𝜃
𝑘
(𝑥𝑖 |z, c𝑖 ) refers to the generative

distribution of local model 𝑘 . The term 𝑝 (z|c𝑖 ) refers to the prior
distribution, which is typically assumed to follow a standard Gauss-
ian distribution z ∼ N(0, 1). The reconstruction loss measures the
difference between the generated samples and the input samples,
and the KL divergence loss ensures that the distribution of the latent
space of the synthetic samples approaches the prior distribution z.
4.2.2 Data Generation. During the data generation stage, the server
utilizes the received local decoders and local label distributions
to generate synthetic samples D𝑠 . Specifically, for each decoder
𝜃𝑘 ∈ {𝐾𝐺 }, we sample 𝑥 ∈ D𝑠 according to client 𝑘’s local la-
bel distribution, formally expressed as 𝑥𝑖 ∼ 𝑝𝜃𝑘 (𝑥𝑖 |z, c𝑖 ), where
z ∼ N(0, 1), c𝑖 is the label of 𝑥𝑖 , and 𝑝𝜃𝑘 (𝑥 |z, c𝑖 ) represents the con-
ditional probability distribution defined by the client 𝑘’s decoder
𝜃𝑘 . The synthetic samples are subsequently used in knowledge fu-
sion sessions. As the generators are lightweight and the local data
partitions often exhibit varying degrees of Non-IID, the generated
samples may incorporate a certain level of noise. To enhance the
quality of these samples, we introduce an unsupervised solution,
which is detailed in Section 4.4.

4.2.3 Knowledge Fusion. During the knowledge fusion stage, the
global model is initialized by the local classification models as

𝑤0 =
1

|{𝐾𝐶 }|
∑︁

𝑘∈{𝐾𝐶 }
𝑤𝑘 , (4)

where {𝐾𝐶 } represents the set of local classification models, and
|{𝐾𝐶 }| denotes the number of elements in {𝐾𝐶 }. This initialization
enables the global model to incorporate knowledge from these lo-
cal models. Compared with random parameter initialization, this
informed initialization allows the global model to achieve superior
performance in fewer training rounds. We specifically use 𝑤0 to
denote the initial state of the global model, while 𝑤 refers to its
later states. To additionally obtain knowledge from the clients de-
ploying generative models, we train the global model using the
synthetic samples generated during the data generation stage. The
training loss function L𝐶𝐸 (𝑤 ;𝑏𝑠 ) of the global model is defined as
L𝐶𝐸 (𝑤 ;𝑏𝑠 ) = −∑ |𝑏𝑠 |

𝑖=1 𝑦𝑖 log(𝑦𝑖 ), where 𝑏𝑠 denotes the mini-batch
of synthetic samples from D𝑠 .

4.3 The Knowledge-Forgetting Problem
During the fusion of the clients’ knowledge from the generative
models, the global model may forget the knowledge learned from
the classification models, as depicted in Figure 4. We define this
phenomenon as the knowledge-forgetting problem. We propose
two methods to alleviate this problem: FedMHO-MD and FedMHO-
SD. In FedMHO-MD, we use local classification models as multiple

Table 1: Diverse local models used in different methods.

Model FedAvg, FedDF,
DENSE, Co-Boosting FEDCVAE FedMHOs

Large VGG-9 CVAE-large VGG-9
Small CNN CVAE-small CVAE-small

teacher models to distill their knowledge into the global model. The
corresponding loss function LKL (𝑤 ;𝑏𝑠 ) is defined as

LKL (𝑤 ;𝑏𝑠 ) = KL
©­«

1
|{𝐾𝐶 }|

∑︁
𝑘∈{𝐾𝐶 }

ℎ𝑘 (𝑤𝑘 , 𝑏𝑠 )
ª®¬ | |ℎ(𝑤,𝑏𝑠 )

 , (5)

where ℎ𝑘 (𝑤𝑘 , 𝑏𝑠 ) and ℎ(𝑤,𝑏𝑠 ) denote the output logits of samples
in the mini-batch 𝑏𝑠 through local model𝑤𝑘 and global model𝑤 ,
respectively. In FedMHO-SD, we use the initialized global model
𝑤0 as the teacher model to self-distill the global model. The corre-
sponding loss function LKL (𝑤 ;𝑏𝑠 ) is defined as

LKL (𝑤 ;𝑏𝑠 ) = KL [ℎ𝑘 (𝑤0, 𝑏𝑠 ) | |ℎ(𝑤,𝑏𝑠 )] . (6)

where ℎ𝑘 (𝑤0, 𝑏𝑠 ) denotes the output logits of samples in the mini-
batch 𝑏𝑠 through the initialized global model𝑤0. Overall, the com-
plete loss function L𝑔 for training the global model is defined as:

L𝑔 (𝑤 ;𝑏𝑠 ) = 𝜆LCE (𝑤 ;𝑏𝑠 ) + (1 − 𝜆)LKL (𝑤 ;𝑏𝑠 ), (7)

where 𝜆 ∈ [0, 1] denotes the trade-off parameter between LCE and
LKL. In our experiments, we observe that the values of the two loss
functions are of similar magnitude, thus, we set 𝜆 = 0.5 by default.

4.4 Unsupervised Data Optimization
We observe that a lightweight CVAE occasionally generates samples
that exhibit label confusion. For example, when the decoder receives
an input conditioned on label 2 for generating synthetic samples,
the model might produce samples with labels 1 or 3 instead. While
such instances of mislabeling are infrequent, they introduce noise
into the training data of the global model. To enhance the quality
of synthetic samples and improve the global model, we propose
an unsupervised data optimization strategy based on the K-means
algorithm [30].

Specifically, for synthetic samples corresponding to a specific
class𝑛𝑐 ∈ 𝑁𝑐 , we use the flattened pixel values as features and apply
K-means clustering to group these samples into one cluster. The
feature dimension 𝐹 is determined by the number of pixels in the
image. For example, for an image of size 10 × 10 pixels, the feature
dimension 𝐹 is 100. After clustering, we obtain the cluster center
𝐶𝑐 corresponding to each category 𝑛𝑐 . Subsequently, we selectively
retain the samples closest to each category’s cluster center. By
default, we set the ratio of the number of remaining samples to the
number of original samples, denoted as R𝑡ℎ , to 80%. The results
of the ablation experiments on R𝑡ℎ are shown in Section 5.3.6. A
detailed algorithmic description is provided in Appendix A.2.
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Table 2: FLOPs of various models with batch size set to 1.

Model MNIST & FMNIST SVHN EMNIST

VGG-9 126.47M 145.48M 126.47M
CNN 467.23K 4.00M 3.96M

CVAE-large 152.67M 201.76M 152.67M
CVAE-small 408.06K 2.08M 1.06M

5 Experiments
5.1 Experimental Setup
5.1.1 Datasets. Following FEDCVAE [15], we evaluate our meth-
ods on four widely used datasets: MNIST [24], Fashion-MNIST [45]
(abbreviated as FMNIST), SVHN [50] and EMNIST [7]. To simulate
statistical heterogeneity, we employ the Dirichlet distribution as
in [19], which is denoted as 𝐷𝑖𝑟 (𝛼). Smaller values of 𝛼 correspond
to greater heterogeneity among clients’ local data partitions. We
set 𝛼 = {0.5, 0.3, 0.1} by default.
5.1.2 Methods. Under the constraint of a single communication
round (one-shot FL), regularization-based methods such as Fed-
Prox [27] and FedGen [57] are not directly applicable. Given the
data-free nature of our proposed methods, we compare our pro-
posed FedMHO and its two variants, FedMHO-MD and FedMHO-
SD, against three state-of-the-art data-free one-shot FL baselines:
DENSE [52], Co-Boosting [8], and FEDCVAE [15], as well as two
widely-used baselines: FedAvg [32] and FedDF [29]. Detailed de-
scriptions, variant choices, and naming conventions are provided
in Appendix A.3.1. To ensure a fair comparison under the heteroge-
neous one-shot setting, we restrict FedAvg and FedDF to a single
communication round and report the voting outcome of model
prototypes as the experimental result.
5.1.3 Models. To simulate model-heterogeneous scenarios, we em-
ploy two distinct local model prototypes. For the models with more
parameters, we utilize VGG-9 and CVAE-large, while for the models
with less parameters, we employ CNN and CVAE-small. This selec-
tion is designed to reflect the computing power disparities typical
in real-world applications, such as those between smartphones and
wristbands. Table 1 provides a summary of the specific local models
used by each method, and Table 2 details the FLOPs for each local
model with a batch size of 1. To demonstrate the efficiency and
feasibility of our proposed FedMHOs in resource-constrained envi-
ronments, our methods consistently train the local models that have
the lowest FLOPs. In our evaluation, we report the global model’s
Top-1 test accuracy in the form of mean ± standard deviation,
ensuring the reliability of the results.
5.1.4 Configurations. We follow the FL setup in FEDCVAE [15]
with 10 clients. By default, five clients deploy classification models
and the remaining five deploy generative models. For generator-
based methods, we produce 6,000 synthetic samples each for MNIST,
FMNIST, and SVHN, and 12,000 synthetic samples for EMNIST. The
detailed hyperparameter settings are provided in Appendix A.3.3
and Table 7.
5.2 Performance Comparison
We present a comprehensive comparison of our proposed FedMHOs
with the baselines in Table 3. The results demonstrate that our meth-
ods outperform the baselines across various datasets and data par-
titions, with FedMHO-MD and FedMHO-SD consistently achieving

the top two rankings in Top-1 test accuracy. Specifically, FedMHO-
MD and FedMHO-SD achieve the highest Top-1 test accuracy in 6
out of 12 experiments, respectively. Under the 𝐷𝑖𝑟 (0.5) local data
partition, FedMHO-MD or FedMHO-SD achieves superior results
compared to the best-performing baseline. The improvements are
3.06%, 5.44%, 7.23%, and 6.12% on the MNIST, Fashion, SVHN, and
EMNIST datasets, respectively.

Even in the absence of the loss function LKD, which mitigates
the knowledge-forgetting problem of the global model, FedMHO
generally outperforms other baselines, except when training on
the MNIST and Fashion datasets with the 𝐷𝑖𝑟 (0.1) local data par-
tition. We attribute this to the pronounced knowledge deviation
between generative and classification local models trained on highly
heterogeneous local data. This deviation intensifies the effect of
knowledge-forgetting when the global model is trained on syn-
thetic samples. While the best-performing baseline, FEDCVAE, out-
performs FedMHO under highly non-IID local data partitions, it
fails to surpass FedMHO-MD or FedMHO-SD. Additionally, since
FedMHOs’ global models are well initialized, FedMHOs converge
faster than the baselines during global model training, as shown in
Figure 5. Overall, our experimental results demonstrate the effec-
tiveness and robustness of our proposed FedMHOs, highlighting
their potential for real-world applications.

5.3 Ablation Study
5.3.1 Contribution of LKD. As mentioned in Section 4.2.3, we em-
ploy the loss functionLKD to mitigate knowledge-forgetting during
global model training. Table 3 illustrates that both FedMHO-MD
and FedMHO-SD can benefit from LKD, thereby improving the
global model’s Top-1 test accuracy. To further substantiate the ne-
cessity of LKD, we extend the training epochs of the global model
to 100 rounds. The variation of Top-1 test accuracy throughout the
training process is depicted in Figure 6. As shown in the figure, in
the absence of LKD, the global model learns new knowledge from
the synthetic data but forgets the original knowledge obtained from
aggregating the classification models. This finding underscores the
importance of addressing knowledge-forgetting.

5.3.2 Contribution of Unsupervised Data Optimization. To demon-
strate the impact of the unsupervised data optimization, we present
the experimental results obtained without employing this technique
in Table 4. As our methods preserve 80% of the generated data by
default when utilizing unsupervised data optimization, the global
model training on the MNIST/FMNIST/SVHN/EMNIST datasets
utilizes 4,800/4,800/4,800/96,000 synthetic samples, respectively. To
ensure a fair comparison, we set an equivalent number of synthetic
samples when excluding unsupervised data optimization. A com-
parison between Table 4 and Table 3 indicates that the integration
of unsupervised data optimization consistently enhances the global
model performance. For example, when the local data partition
follows a 𝐷𝑖𝑟 (0.1) distribution, FedMHO-SD’s Top-1 test accuracy
exhibits improvements of 1.22%, 4.23%, 0.71%, and 0.60% on MNIST,
FMNIST, SVHN, and EMNIST, respectively.

5.3.3 Number of Local Epochs. We vary the number of local epochs
of VGG-9 to {10, 50, 200, 400} and plot the resulting Top-1 test
accuracy of the global model in Figure 7. When the number of
local training epochs is less than 50, increasing the number of
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Table 3: Top-1 test accuracy (%) comparison under various datasets and data partitions. Bold denotes the best result, and
underline denotes the second best result.

Dataset Partition FedAvg FedDF DENSE Co-Boosting FEDCVAE FedMHO FedMHO-MD FedMHO-SD

MNIST
𝐷𝑖𝑟 (0.5) 85.91±0.57 88.73±1.29 90.51±2.39 91.42±1.44 92.61±0.25 93.45±0.65 95.71±0.68 95.67±0.47
𝐷𝑖𝑟 (0.3) 74.57±0.73 78.46±0.91 86.12±1.01 89.27±0.48 91.37±0.65 92.43±0.42 93.98±0.69 94.25±0.18
𝐷𝑖𝑟 (0.1) 49.12±2.99 62.58±4.50 73.76±1.72 81.30±0.54 89.73±0.40 88.48±0.99 91.22±0.56 91.55±0.27

Fashion
𝐷𝑖𝑟 (0.5) 60.24±1.47 65.66±1.36 72.29±2.63 72.98±1.61 69.11±1.35 75.30±0.62 77.27±0.48 77.73±0.59
𝐷𝑖𝑟 (0.3) 47.36±0.21 59.21±2.20 68.14±0.97 69.50±0.64 68.39±0.49 72.36±0.92 75.69±0.93 76.45±0.53
𝐷𝑖𝑟 (0.1) 30.37±0.79 42.21±2.80 56.12±3.94 61.73±1.36 64.01±2.47 62.14±1.45 71.04±0.50 69.65±0.99

SVHN
𝐷𝑖𝑟 (0.5) 60.73±1.91 72.23±1.32 77.61±1.44 77.84±0.42 67.66±0.46 82.27±0.89 85.16±0.73 84.60±0.71
𝐷𝑖𝑟 (0.3) 50.97±3.21 70.77±1.05 71.98±1.87 74.35±1.08 66.23±0.42 80.13±0.72 84.02±0.46 83.11±0.06
𝐷𝑖𝑟 (0.1) 37.91±3.94 55.39±2.68 57.31±1.37 63.22±0.71 64.41±0.19 77.46±0.54 81.09±0.56 80.53±0.30

EMNIST
𝐷𝑖𝑟 (0.5) 61.65±1.50 64.52±1.40 68.13±0.48 68.90±0.28 72.33±1.23 75.73±0.45 78.45±0.27 77.79±0.45
𝐷𝑖𝑟 (0.3) 57.37±1.49 62.08±0.52 63.54±0.66 66.16±0.37 69.07±0.72 72.63±0.36 74.81±0.56 75.36±0.51
𝐷𝑖𝑟 (0.1) 39.69±3.18 45.09±2.52 49.07±1.45 58.74±0.72 66.26±1.21 70.85±0.85 73.23±0.86 73.44±0.78
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(c) 𝐷𝑖𝑟 (0.1)
Figure 5: Global training epochs to reach target Top-1 test accuracy on the EMNIST dataset.
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(b) 𝐷𝑖𝑟 (0.3)

0 20 40 60 80 100
# of Global Training Epoch

68

70

72

74

76

To
p-

1 
Te

st
 A

cc
ur

ac
y 

(%
)

FedMHO FedMHO-MD FedMHO-SD

(c) 𝐷𝑖𝑟 (0.1)
Figure 6: Top-1 test accuracy (%) curve of FedMHOs on the EMNIST dataset.
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(c) 𝐷𝑖𝑟 (0.1)
Figure 7: Top-1 test accuracy (%) of FedMHOs on the EMNIST dataset under various numbers of local epoch of classification
models.

epochs improves the performance of the local classification model,
providing a strong initialization for the global model and enhancing
its final accuracy. However, when the local epochs exceed 50 rounds,
the performance of the global model stabilizes, indicating that the

local VGG-9 models are fully trained. Our method is insensitive to
the number of local training epochs.

5.3.4 Number of Synthetic Samples. We vary the number of syn-
thetic samples to {2,000, 6,000, 12,000, 24,000} and present the
experimental results in Figure 8. We observe that as the number of
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Table 4: Top-1 test accuracy (%) of FedMHO-MD, FedMHO-SD
without utilizing unsupervised data optimization.

Dataset Partition FedMHO-MD FedMHO-SD

MNIST
𝐷𝑖𝑟 (0.5) 94.45±0.42 94.70±0.38
𝐷𝑖𝑟 (0.3) 92.33±0.23 93.17±0.32
𝐷𝑖𝑟 (0.1) 90.66±0.31 90.33±0.86

FMNIST
𝐷𝑖𝑟 (0.5) 74.56±1.02 75.11±1.93
𝐷𝑖𝑟 (0.3) 73.15±0.52 74.12±2.40
𝐷𝑖𝑟 (0.1) 65.13±0.91 65.42±3.68

SVHN
𝐷𝑖𝑟 (0.5) 84.63±0.72 84.11±0.93
𝐷𝑖𝑟 (0.3) 83.23±1.09 82.54±0.32
𝐷𝑖𝑟 (0.1) 80.27±0.86 79.82±1.15

EMNIST
𝐷𝑖𝑟 (0.5) 76.79±0.18 76.86±0.33
𝐷𝑖𝑟 (0.3) 74.33±0.68 74.89±0.47
𝐷𝑖𝑟 (0.1) 72.81±0.40 72.84±0.51
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(a) FedMHO-MD, 𝐷𝑖𝑟 (0.5)
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(b) FedMHO-SD, 𝐷𝑖𝑟 (0.5)
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(c) FedMHO-MD, 𝐷𝑖𝑟 (0.3)
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(d) FedMHO-SD, 𝐷𝑖𝑟 (0.3)
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(e) FedMHO-MD, 𝐷𝑖𝑟 (0.1)
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(f) FedMHO-SD, 𝐷𝑖𝑟 (0.1)
Figure 8: Top-1 test accuracy (%) of FedMHO-MD and
FedMHO-SD under various number of synthetic samples.

synthetic samples increases, the Top-1 test accuracy of the global
model improves accordingly. However, the degree of improvement
becomes less pronounced once the number of synthetic samples
surpasses 6,000.

5.3.5 Number of Clients. We vary the number of clients 𝐾 from
the default 10 to {6, 12, 20} while maintaining an equal number
of clients deploying the large model and the small model, with
each being 𝐾

2 . We conduct experiments on the EMNIST dataset and
present the results in Table 5. Compared to the two state-of-the-art
baseline methods DENSE, Co-Boosting and FEDCVAE, our pro-
posed FedMHO-MD and FedMHO-SD maintain their effectiveness
with varying numbers of participating clients.

5.3.6 Ratio of Data Optimization. In Section 5.3.2, we discuss the
contribution of unsupervised data optimization. By default, the

Table 5: Top-1 test accuracy (%) when training EMNIST on
𝐷𝑖𝑟 (0.5) data partition with various numbers of clients 𝐾 .

Method 𝐾 = 6 𝐾 = 12 𝐾 = 20

DENSE 72.96±0.25 67.88±0.45 65.73±0.69
Co-Boosting 73.50±0.38 68.05±0.24 65.46±0.48
FEDCVAE 75.29±0.54 72.65±0.52 71.24±0.83
FedMHO 76.03±0.28 75.23±0.52 74.01±0.65

FedMHO-MD 78.69±0.15 78.16±0.30 76.55±0.56
FedMHO-SD 78.12±0.21 77.45±0.14 75.94±0.38

Table 6: Top-1 test accuracy (%) of FedMHO, FedMHO-MD,
FedMHO-SD on EMNIST with various R𝑡ℎ .

Method Partition R𝑡ℎ = 40% R𝑡ℎ = 60% R𝑡ℎ = 90%

FedMHO-MD
𝐷𝑖𝑟 (0.5) 77.58±0.55 78.04±0.44 78.12±0.34
𝐷𝑖𝑟 (0.3) 74.37±0.83 74.60±0.64 74.78±0.47
𝐷𝑖𝑟 (0.1) 72.99±0.95 73.20±0.67 73.15±0.31

FedMHO-SD
𝐷𝑖𝑟 (0.5) 77.29±0.62 77.41±0.30 77.75±0.26
𝐷𝑖𝑟 (0.3) 75.06±0.52 75.14±0.56 75.12±0.38
𝐷𝑖𝑟 (0.1) 73.06±0.61 73.11±0.54 73.29±0.62

ratio of remaining samples to original samples R𝑡ℎ is set to 80%.
To investigate the impact of R𝑡ℎ on the experimental results, we
conduct experiments on the EMNIST dataset. We fix the number
of synthetic data at 12,000 and vary the value of R𝑡ℎ between 40%,
60%, and 80%. The experimental results are presented in Table 6.
Comparing the results with Table 3 (where R𝑡ℎ is set to 80%) and
Table 4 (which lacks unsupervised data optimization), we find that
our default setting of 80% is optimal. Setting R𝑡ℎ within the range
of 60%-90% has little impact on our proposed FedMHO-MD and
FedMHO-SD, demonstrating the robustness of our methods.

6 Conclusion
In this paper, we propose a novel one-shot FLmethod called FedMHO,
which aims to enhance the performance of the global model when
trainingwith clients deploying localmodels of varying sizes. FedMHO
involves a data generation stage and a knowledge fusion stage to
aggregate deep classification models and lightweight generative
models. Moreover, we provide an unsupervised data solution to im-
prove the quality of synthetic samples and propose two strategies,
FedMHO-MD and FedMHO-SD, to mitigate knowledge forgetting.
Extensive experiments conducted across various settings validate
the efficacy of our method. Overall, FedMHO is the most practical
framework currently available for conducting data-free one-shot
FL for computing resource-constrained clients. A promising future
direction is to explore potential privacy attacks in one-shot FL.
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A Appendix
A.1 Detailed Related Work Discussion
We compare our proposed FedMHO with three state-of-the-art
baselines: DENSE [52], Co-Boosting [8], and FEDCVAE [15]. DENSE
and Co-Boosting, like vanilla FL, deploy classification models on
clients. In contrast, FEDCVAE deploys CVAEs, sending decoders
and label distributions to the server to generate synthetic samples
for global training. FedMHO differs from FEDCVAE in three ways:
(1) it uses classifiers on resource-rich clients instead of CVAEs; (2)
it starts global training from a pre-trained model, not from scratch;
and (3) it tackles knowledge forgetting with two variants, FedMHO-
MD and FedMHO-SD.

A.2 The Unsupervised Data Optimization
Algorithm

We provide the algorithm description of our proposed unsupervised
data optimization in Algorithm 2.

A.3 Supplementary Experiments
A.3.1 Detailed Baseline Methods Description. A brief introduction
to the baseline methods is provided below.

• FedAvg [32] is a foundational FL method that learns a global
model by simply averaging the parameters of local models.

• FedDF [29] employs auxiliary public datasets on the server
side to ensemble distill the knowledge of the local models
into the global model.

• DENSE [52] leverages local models to train a generator on the
server side, and after generating synthetic data, it aggregates
the local models similarly to FedDF.

• Co-Boosting [8] is an extension of DENSE. In each round of
server-side training, it assigns different weights to the local
model based on the feedback of the global model, thereby
training more effective generators and improving the global
model.

• FEDCVAE [15] trains generative models on each client and
uses the synthetic data to train the global model.

FEDCVAE-KD and FEDCVAE-ENS are both proposed in [15]. In
our experiments, we focus on FEDCVAE-ENS since it consistently
outperforms FEDCVAE-KD as reported in [15]. For brevity, we
denote FEDCVAE-ENS as FEDCVAE throughout the paper. We use
FedMHO to represent the scenariowhere the knowledge-forgetting
issue is not explicitly addressed during global model training. We
further define FedMHO-MD and FedMHO-SD as two variants that
incorporate distinct strategies tomitigate knowledge-forgetting. For
simplicity, we refer to the set {FedMHO, FedMHO-MD, FedMHO-
SD} as FedMHOs in the main text and tables. To ensure a fair
comparison under the heterogeneous one-shot setting, we restrict
both FedAvg and FedDF to a single communication round. Since
the server cannot perform iterative aggregation in this setting, we
report the voting outcome of model prototypes as the experimental
result.

A.3.2 Detailed Datasets Description. A brief introduction to these
datasets is provided below.

• The MNIST dataset comprises a total of 70,000 samples, di-
vided into 60,000 training samples and 10,000 testing samples.
All images are single-channel grayscale with a resolution of
28×28 pixels, spanning 10 distinct categories that represent
digits from 0 to 9.

• The FMNIST dataset is designed as a replacement for MNIST,
maintaining the same sample size and image dimensions
as MNIST but introducing a different set of 10 categories.
These categories represent various types of clothing items,
providing a more challenging classification task than the
original MNIST.

• The EMNIST dataset, specifically using the ’balanced’ split,
extends the complexity by offering 47 distinct categories.
It includes a total of 131,600 samples, divided into 112,800
training samples and 18,800 testing samples. This dataset

Algorithm 2 The Unsupervised Data Optimization Algorithm
1: Input: Number of categories 𝑁𝑐 , synthetic samples D𝑠 , the

ratio of the number of remaining samples to the number of
original samples R𝑡ℎ , feature dimension 𝐹 .

2: Output: Optimized synthetic sample D𝑠 .
3: for 𝑛𝑐 = 1 · · ·𝑁𝑐 in parallel do
4: Select the synthetic samples with the label 𝑛𝑐 to form the

dataset D𝑐
𝑠 .

5: Cluster D𝑐
𝑠 into one category using the K-means algorithm

and get the cluster center 𝐶𝑐 .
6: for each sample 𝑖 ∈ D𝑐

𝑠 in parallel do
7: /* Calculate the Euclidean Distance */

8: 𝐷𝑖𝑠𝑖 =

√︃∑
𝑓 ∈𝐹 (𝑖 𝑓 −𝐶

𝑓
𝑐 )2.

9: end for
10: Filter out the (1 − R𝑡ℎ) × |D𝑐

𝑠 | samples with the largest 𝐷𝑖𝑠𝑖
and update D𝑠 .

11: end for
12: return Optimized D𝑠 .
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(a) MNIST (b) FMNIST

(c) SVHN (d) EMNIST

Figure 9: Visualization of synthetic data on MNIST, FMNIST,
SVHN, and EMNIST, respectively. Five synthetic samples are
present for each category.

Table 7: Detailed hyperparameter settings utilized in experi-
ments. ‘LR’ is short for ‘Learning Rate’.

Hyperparameter MNISTFMNISTSVHNEMNIST

Batch Size 64
Local Epoch (VGG-9) 200
Local Epoch (CVAE) 30 40 40 50

Local Optimizer (VGG-9) SGD
Local LR (VGG-9) 5𝑒-3 5𝑒-3 5𝑒-3 1𝑒-3

Momentum (VGG-9) 0.9
Local optimizer (CVAE) Adam

Local LR (CVAE) 5𝑒-2 5𝑒-2 1𝑒-3 3𝑒-3
Global Epoch 10 20 20 30

Global Optimizer Adam
Global LR 1𝑒-5 5𝑒-4 5𝑒-5 5𝑒-5

Number of Synthetic Data 6,000 6,000 6,000 12,000

is particularly valuable for evaluating models on a broader
range of handwritten characters, encompassing digits, up-
percase letters, and lowercase letters.

• The SVHN dataset is designed for tasks involving real-world
image data. It consists of 99,289 samples, with 73,257 desig-
nated for training and 26,032 for testing. Each sample is a
32×32 color image, categorized into 10 classes representing
digits from 0 to 9. This dataset is notable for its variability
in terms of image quality and background noise, making it a
robust benchmark in more challenging scenarios.

A.3.3 Detailed Hyperparameter Settings. For training local classi-
fication models, we utilize the SGD optimizer with a momentum
of 0.9 and a learning rate of 5𝑒-3, training for 200 local epochs. For
local generative models, we use the Adam optimizer with varying
learning rates specific to each dataset: 5𝑒-2 for MNIST, 5𝑒-2 for FM-
NIST, 1𝑒-3 for SVHN, and 3𝑒-3 for EMNIST, with training conducted
over 30, 40, 40, and 50 local epochs, respectively. When training the
global model, we use the Adam optimizer with a learning rate of
1𝑒-5, 5𝑒-4, 5𝑒-5, and 5𝑒-5 for MNIST, FMNIST, SVHN, and EMNIST,
respectively. The detailed hyperparameter settings are provided in
Table 7.

A.3.4 Homogeneous Local Model. To verify the effectiveness and
practicality of our methods, we use the homogeneous large models
listed in Table 1 to train the baselinemethods, with the experimental
results presented in Table 8. We observe that replacing small models
with large models improves the Top-1 test accuracy of the baselines.
Among these methods, FEDCVAE achieves the best performance
across various datasets when𝐷𝑖𝑟 (𝛼) is set to 0.1. This improvement
is due to each client’s local data largely contains only a subset of
categories. This configuration facilitates the local training of a large
generative model that generates high-quality synthetic data.

Despite half of the clients in our methods utilizing small lo-
cal generative models, our proposed FedMHO-MD and FedMHO-
SD achieve comparable or superior performance to the baselines
that exclusively employ large local models. For example, when the
client data distribution follows 𝐷𝑖𝑟 (0.5) partition, FedMHO-MD
achieves the highest Top-1 test accuracy on the MNIST dataset,
while FedMHO-SD achieves the highest accuracy on the SVHN
dataset. Both methods achieve the second-highest Top-1 test accu-
racy on the Fashion and EMNIST datasets, with differences of only
3.09% and 2.68% compared to the Co-Boosting method, which is also
trained with the large model. Therefore, we conclude that our meth-
ods enable resource-constrained clients to participate in FL training
and help achieve a high-performing global model. Considering that
real-world FL scenarios often involve model heterogeneity, our
method demonstrates significant practicality.

A.3.5 Visualization of Synthetic Samples. We present the visualiza-
tion of synthetic samples generated by our methods in Figure 9. Due
to the use of a lightweight CVAE, the contours of the generated im-
ages appear somewhat blurred compared to real data. However, the
category information is generally accurate, and there is noticeable
diversity among samples within the same category.

A.3.6 Extensions for Various Classification Models. To further vali-
date the efficacy of our methods, we adopt a wider range of clas-
sification model prototypes for FL training. Within this context,
smaller models are kept constant, and large models encompass
EfficientNet-V2 [39], ResNet-50 [14], MobileNet-V2 [35], and VGG-
9. Each model prototype is deployed on two clients. The local opti-
mizer for classification models adopts Adam with a learning rate
of 5𝑒-4. Other configurations remain constant. The experimental
results on the EMNIST dataset are detailed in Table 9. The Top-1
test accuracies of our proposed FedMHO-MD and FedMHO-SD
consistently outperform other baseline methods.

A.4 Discussion
The experimental results presented in Section 5 provide significant
insights into the performance of our proposed FedMHOs. Overall,
FedMHO-MD and FedMHO-SD exhibit the highest Top-1 test accu-
racy and the fastest global model convergence speed across various
datasets and data partitions. This demonstrates the effectiveness
and efficiency of our methods in tackling the challenges associated
with heterogeneous one-shot FL. In our experiments, we deploy
lightweight generative or classification models for validation on
relatively simple datasets. For more challenging datasets, more com-
plex local models can be adopted to train local data and thereby
achieve a satisfactory global model after aggregation.
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Table 8: Top-1 test accuracy (%) of FedAvg, FedDF, DENSE, Co-Boosting, and FEDCVAE when training with homogeneous large
local models, and Top-1 test accuracy (%) of FedMHO-MD and FedMHO-SD when training with heterogeneous local models as
in Table 3.

Dataset Partition FedAvg FedDF DENSE Co-Boosting FEDCVAE FedMHO-MD FedMHO-SD

MNIST
𝐷𝑖𝑟 (0.5) 88.44±1.08 91.13±0.25 93.56±0.74 93.61±0.72 94.14±0.61 95.71±0.68 95.67±0.47
𝐷𝑖𝑟 (0.3) 79.96±1.67 86.00±0.64 91.63±0.44 91.95±0.37 93.72±0.35 93.98±0.69 94.25±0.18
𝐷𝑖𝑟 (0.1) 56.67±2.38 78.06±1.01 74.99±0.29 82.34±0.42 93.01±0.63 91.22±0.56 91.55±0.27

Fashion
𝐷𝑖𝑟 (0.5) 67.13±1.43 68.63±0.78 80.59±1.34 80.82±0.71 76.18±0.54 77.27±0.48 77.73±0.59
𝐷𝑖𝑟 (0.3) 54.16±1.22 62.70±1.31 67.18±1.69 69.11±0.86 74.90±0.72 75.69±0.93 76.45±0.53
𝐷𝑖𝑟 (0.1) 38.39±1.85 51.10±1.98 49.26±0.84 55.60±0.76 74.11±1.46 71.04±0.50 69.65±0.99

SVHN
𝐷𝑖𝑟 (0.5) 64.14±0.87 75.33±0.97 79.99±0.53 79.56±0.44 85.02±0.45 85.16±0.73 84.60±0.71
𝐷𝑖𝑟 (0.3) 56.62±1.75 73.04±0.80 73.69±0.77 74.08±0.51 83.82±0.60 84.02±0.46 83.11±0.06
𝐷𝑖𝑟 (0.1) 45.89±2.34 59.72±1.25 65.16±1.60 69.24±0.64 83.71±0.49 81.09±0.56 80.53±0.30

EMNIST
𝐷𝑖𝑟 (0.5) 68.55±1.46 71.07±0.90 80.84±1.16 81.13±0.65 77.67±0.78 78.45±0.27 77.79±0.45
𝐷𝑖𝑟 (0.3) 62.03±0.71 66.81±1.11 75.45±1.93 75.96±0.85 76.48±0.34 74.81±0.56 75.36±0.51
𝐷𝑖𝑟 (0.1) 44.16±0.56 49.13±1.07 64.98±2.68 68.39±1.06 74.55±0.14 73.23±0.86 73.44±0.78

Table 9: Top-1 test accuracy (%) comparison on EMNIST
dataset under various classification models.

Method 𝐷𝑖𝑟 (0.5) 𝐷𝑖𝑟 (0.3) 𝐷𝑖𝑟 (0.1)
FedAvg 62.38±2.03 50.71±2.43 33.07±1.57
FedDF 68.49±0.84 61.65±0.91 48.98±1.68
DENSE 72.57±0.36 70.53±0.72 55.76±1.35

Co-Boosting 72.81±0.48 71.14±0.53 58.23±0.69
FEDCVAE 73.12±1.12 68.38±1.55 66.03±2.34
FedMHO 78.16±0.50 72.19±1.47 62.04±1.73

FedMHO-MD 79.89±0.55 75.76±1.17 68.22±1.35
FedMHO-SD 80.38±0.24 75.44±0.98 67.19±1.08

Furthermore, in evaluating the advantages of FedMHO-MD ver-
sus FedMHO-SD for end users, the comprehensive experimental
results from Section 5 indicate that both methods perform compa-
rably. If server-side training overhead is a concern, FedMHO-SD
emerges as a more advantageous option. Compared to FedMHO-
MD, FedMHO-SD reduces inference requirementswhen using knowl-
edge distillation to mitigate the knowledge-forgetting problem.
However, the server-side overhead in FL scenarios is usually control-
lable. Therefore, we propose both FedMHO-MD and FedMHO-SD
as state-of-the-art algorithms for heterogeneous one-shot FL.
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