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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/myeongkyunk One-shot federated learning (FL) has emerged as a promising solution in scenarios where multiple communica-
ang/E-FedISCA tion rounds are not practical. Though previous methods using knowledge distillation (KD) with synthetic images
Keywords: have shown promising results in transferring clients’ knowledge to the global model on one-shot FL, overfitting
Client model adaptation and extensive computations still persist. To tackle these issues, we propose a novel one-shot FL framework
Image synthesis that generates pseudo intermediate samples using mixup, which incorporates synthesized images with diverse
Knowledge distillation types of structure noise. This approach (i) enhances the diversity of training samples, preventing overfitting
Noise and providing informative visual clues for effective training and (ii) allows for the reuse of synthesized images,
One-shot federated learning reducing computational resources and improving overall training efficiency. To mitigate domain disparity
introduced by noise, we design noise-adapted client models by updating batch normalization statistics on
noise to enhance KD. With these in place, the training process involves iteratively updating the global model
through KD with both the original and noise-adapted client models using pseudo-generated images. Extensive
evaluations on five small-sized and three regular-sized medical image classification datasets demonstrate the

superiority of our approach over previous methods.
1. Introduction Frequent model transfers significantly increase both communication
costs and training time, and ultimately limiting the practicality of FL.
Though the accuracy of machine learning is influenced by the size Furthermore, (b) when access to a dataset is restricted to a limited
of the dataset, the difficulty in centralizing data poses challenges in period due to privacy regulations or storage constraints, client models
robust model training (Kang et al., 2023c). Federated learning (FL) has can no longer be trained, making FL infeasible. In addition, (c) frequent
emerged as a solution to facilitate collaborative model training while communication in poor network infrastructure increases the risk of
maintaining data privacy compliance (Li et al., 2020b; Yang et al, interception by attackers, making it necessary to reduce communication

2021). However, FL methods often require multiple communication
rounds during training, limiting their applicability in extreme scenarios
where (a) communication is prohibitively expensive, (b) model transfer
is infeasible, and (c) minimizing the risk of attack is crucial (Kairouz
et al., 2021; Zhang et al., 2022). Consider a scenario where (a) patient
data is stored on an isolated local server secured with firewalls and
network segmentation (Eichelberg et al., 2020), and accessible only
within a closed offline network. In such cases, collaborators need to
copy the trained client model to another server with external network
access so that the model can be transferred to the central server.
Alternatively, researchers may need to visit hospitals to train the client
models onsite and then transfer them to the central server in person.

rounds to minimize security risks (Park et al., 2021; Chen et al.,
2024). To overcome these limitations, one-shot FL serves as a viable
solution. One-shot FL (Zhang et al., 2022) enables collaborative model
training through a single communication round, thereby addressing
the aforementioned challenges by: (a) reducing communication costs,
(b) enabling legacy model integration, and (c) minimizing the risk of
attacks.

While FL can handle client heterogeneity through multiple commu-
nication rounds (Kang et al., 2024), it remains challenging in one-shot
scenarios, leading to low-accuracy global models. To address this,
previous one-shot FL methods use generated images and knowledge
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distillation (KD) (Hinton et al., 2015) to transfer knowledge from
multiple client models for global model training (Zhang et al., 2022).
However, the limited diversity of these generated images often results
in overfitting, a significant drawback for one-shot FL in practice. To
tackle this issue, Zhang et al. (2022) and Micaelli and Storkey (2019)
propose an approach to enhance the transferability of client models by
generating diverse natural images near the decision boundary. How-
ever, the decision boundaries in medical data often tend to be more
complex compared to natural images, limiting the applicability of exist-
ing one-shot FL methods in medical data. Particularly, our preliminary
work (Kang et al., 2023a) demonstrated that the feature distribution in
medical data is more complex than in natural images, a finding further
supported by Konz et al. (2022) and Konz and Mazurowski (2024).
Konz et al. (2022) conducted extensive experiments demonstrating that
learning the intrinsic dimension (Pope et al., 2021) of medical images is
more challenging than for natural images and requires larger datasets
for training, even though medical data being represented in a lower-
dimensional space. Therefore, in the medical domain, it is crucial to
capture the features of samples with ambiguous distributions, as even
small changes in data distribution can result in label shifts, also referred
to as higher label sharpness in a dataset (Konz and Mazurowski, 2024).
In this context, though ambiguous and unrealistic generated images
may perform sufficiently in one-shot FL with natural images, they could
fail in medical image analysis.

In this paper, we propose a one-shot FL method to avoid global
model overfitting by utilizing synthesized images ranging from random
noise to realistic images. Unlike the previous one-shot FL methods
that select the best image as a training source for KD, we stored all
intermediate samples generated during image synthesis and used them
for training. Additionally, we designed noise-adapted client models em-
ploying adaptive batch normalization (AdaBN) (Li et al., 2018), which
enhances the KD signal for random noise. With these methodologies, we
trained a global model through KD using both the original and noise-
adapted client models with all synthetic images as a training source.
The preliminary work was introduced at a conference (Kang et al.,
2023a), but it faced a significant computational challenge for image
synthesis (see Fig. 5), limiting the practical applicability of one-shot
FL.

To address this, we synthesize images only once and then reuse
them as a training source for KD rather than performing image synthesis
multiple times. Since reusing a limited number of synthesized images
may not be sufficient to solve the overfitting problem, we employ both
structure noise (Baradad Jurjo et al., 2021) and mixup (Zhang et al.,
2018) to enhance the diversity of the synthesized images and ensure
that images possess properties of the target medical task. Note that
reusing synthesized images by leveraging structured noise and mixup
distinguishes this approach from our preliminary work (Kang et al.,
2023a), significantly reducing computational resources. Furthermore,
combining structure noise and mixup leads to better visual represen-
tations, ultimately enhancing model accuracy. Specifically, structural
noise, which has demonstrated effectiveness in visual representation
learning (Baradad Jurjo et al., 2021; Kataoka et al., 2020), can serve
as an informative source for training, thereby reducing computational
costs. However, due to style and semantic differences between natural
and medical images (Morra et al., 2021; Konz et al., 2022), structural
noise is limited in its applicability for datasets with significant dif-
ferences in style, e.g., X-ray. Empirical experiments will demonstrate
that incorporating even a small number of synthesized images through
mixup significantly improves accuracy (see Table 2). This implies that
synthesized images that possess properties of the target medical task
play a crucial role in medical one-shot FL. In summary, this approach
not only reduces computational resources but also contributes to di-
verse and valuable image synthesis, leading to a model with higher
accuracy.

In the training process, we first gather client models on the central
server, where each client model is trained on its own dataset. Next,
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we synthesize images from random noise once and store intermediate
samples in memory that exhibit a loss lower than a certain threshold.
We then generate pseudo images by adjusting the noise level of mixup
using synthesized images and structure noise. Additionally, we design
noise-adapted client models using AdaBN, enhancing the KD signal for
structure noise. Finally, we train a global model through KD with both
the original and noise-adapted client models using pseudo-generated
images, repeating this process until the global model converges. In
summary, the contributions of our work are as follows:

» We introduce a novel one-shot FL approach that utilizes synthetic
images and structure noise with client model adaptation. This
enables effective knowledge transfer from client models to the
global model, preventing overfitting and providing a wide range
of synthetic images containing informative visual clues.

We propose an efficient one-shot FL by leveraging mixup and
structure noise. This optimization significantly reduces computa-
tional resources while enhancing the diversity of the synthesized
images, leading to improved model accuracy.

We evaluate our method in multi-shot and natural image set-
tings to highlight its effectiveness in diverse settings and demon-
strate its efficiency by comparing the computation speed to other
methods.

2. Related work
2.1. One-shot FL

Federated Learning (FL) is a distributed learning paradigm that
trains a global model without sharing private data (Lu et al., 2022;
Kim et al., 2024). To address privacy concerns and reduce communica-
tion costs, one-shot FL has emerged as a promising solution, enabling
global model training with a single communication round. Due to the
challenges of one-shot FL, prior methods have used public data. Guha
et al. (2019) propose a one-shot FL method that trains support vector
machines (SVMs) using unlabeled proxy data, while Li et al. (2020a) ex-
tend PATE (Private Aggregation of Teacher Ensembles) (Papernot et al.,
2017) for one-shot FL by utilizing an unlabeled dataset for training.
Apart from that, Zhou et al. (2020) uses dataset distillation, and Dennis
et al. (2021) shares additional information for training. However, these
assumptions may not hold in many real-world scenarios, limiting the
applicability of these methods. Recently, Zhang et al. (2022) proposed
DENSE, an approach for one-shot FL that transfers knowledge from
an ensemble of client models using KD and generated images. DENSE
aims to enhance the transferability of client models by generating
diverse natural images near the decision boundary. However, DENSE
is not appropriate for one-shot FL in the medical domain, due to the
complexity of decision boundaries in medical data (Konz et al., 2022;
Chikontwe et al., 2021). In contrast, we utilize synthesized images
ranging from noise to realistic images rather than using a generator
to diversify image generation. This prevents overfitting while enabling
effective KD in one-shot FL settings.

2.2. Data-free KD

Knowledge distillation (KD) (Hinton et al., 2015) transfers knowl-
edge from a teacher model to a student model by minimizing the
Kullback-Leibler divergence between the student and teacher predic-
tions (Yang et al., 2023b; Wang et al., 2023; Xie et al., 2023). However,
this approach may not be applicable when images are not available
during training. To address this limitation, data-free KD methods have
been proposed, which involve generating images and using them as a
training source for KD. DAFL (Chen et al., 2019) employs a generator
with a teacher model as a discriminator to build a training dataset.
ZSKT (Micaelli and Storkey, 2019) synthesizes images that exhibit
a mismatch between the student and teacher models, enhancing the
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Fig. 1. Illustration of our proposed method. W, denotes a client model with respect to data D, and W denotes a global model. W* denotes original client models and W denotes
noise-adapted client models. % denotes random noise and 4 indicates noise level. N’ denotes diverse types of structure noise (Baradad Jurjo et al., 2021) and mixup generates a
pseudo input with the corresponding noise level A. For FedISCA, % is optimized to exhibit properties similar to all D, datasets using losses L.y, Lgy, and Ly, . Subsequently, all
synthesized images serve as the training source for KD during the global model training (depicted by the blue dashed arrow). For E-FedISCA, we select the synthesized images
that exhibit a lower loss (L,) than a specified threshold (L,,). We then generate pseudo intermediate samples by applying mixup with structure noise N’ and synthesized images.
These pseudo intermediate samples are utilized for global model training (depicted by the red dashed arrow).

robustness of the trained student model. An alternative approach to
image synthesis involves optimizing RGB pixels to construct a training
dataset. DeepDream (Mordvintsev et al., 2015) synthesizes images
corresponding to specific labels using cross-entropy and regularization
losses. To improve image synthesis quality, Deeplnversion (Yin et al.,
2020) additionally minimizes feature statistics in batch normalization
(BN) layers, enforcing feature similarity from low to high levels. Al-
though these data-free methods have been applied to various settings,
they have not been explicitly proposed for one-shot FL scenarios.
Furthermore, our approach differs from these methods which choose
the best image as the training source for KD. Instead, we utilize all
intermediate synthesized images to prevent overfitting. While Raikwar
and Mishra (2022) introduced a method for KD using random noise
as a training source, it requires real images during training and needs
multiple iterative updates to BN layer statistics. In contrast, our one-
shot FL method does not necessitate real images during training and is
more suitable for real-world settings.

3. Method

We introduce a novel one-shot FL, which leverages KD and synthe-
sized images. We first offer the backgrounds of the key components
of our method, including federated learning, knowledge distillation,
image synthesis, and model adaptation. Subsequently, we describe our
proposed method: (i) a method that uses synthesized images ranging
from noise to realistic images with client model adaptation (FedISCA)
and (ii) an efficient method that uses mixup and structure noise for
improving training efficiency (E-FedISCA).

3.1. Backgrounds

3.1.1. Federated learning

Federated learning (FL) aims to train a global model W¢ that
represents all K datasets D = {D,, ..., D, } without sharing each client
data D,. Formally,

K
. 1
we = LWS) = — Y L (W?), 1
arg min L(W*) Kkz—l (V) €]

where L(-) represents the loss for the global model and L, (-) represents
the loss on the kth client model. However, one-shot FL is restricted to
training a global model with a single communication round, indicating
that K client models W¢ = {W¢, ..., ch} with respect to data D, are
only available during the global model training. Since the accuracy of
previous FL methods, such as federated averaging (McMahan et al.,

2017), heavily relies on multiple communication rounds, a single trans-
mission of parameters significantly degrades the accuracy of the global
model (= % Y W). To address this issue, recent methods (Zhang
et al., 2022) employ KD (Hinton et al., 2015) to facilitate the transfer
of knowledge from client models W€ to the global model W%. In the
following section, details regarding KD are described.

3.1.2. Knowledge distillation

Knowledge distillation (KD) is a method that transfers knowledge
from a teacher model (i.e., a model trained with more parameters and
data) to a student model. As stated in Hinton et al. (2015), soft targets,
which are the smoothed class probability distributions produced by the
teacher model, provide richer information compared to hard labels,
enabling more effective KD. Soft targets corresponding to the ith class
can be estimated using the softmax function as follows:

exp(z;/T)
Y, exp(z;/T)’
where z; is the logit for the ith class of a model. T denotes the
temperature hyper-parameter, which controls the smoothness of the
probability distribution; increasing T results in a smoother probability
distribution.

In FL, our goal is to train a global model representing K datasets;
therefore, averaging the logits of client models W* (i.e., ensembling)
is set as the teacher model, while the global model W is set as the
student model. Formally, the logits of the teacher model z¢ are defined
as:

p(z;, T) = (2)

Nﬁ

]
x| =
M=

g, 3
k

where z denotes the logits of the kth client model W, ie, zp =
WeE, and the notation for the ith class is omitted to avoid confusion.
Given the client models (i.e., teacher model) W¢ and the corresponding
ensemble of logits z¢, along with the global model (i.e., student model)

W and the corresponding logits z%, KD is defined as follows:

1

Lgp(z°,2%) = KL(p(z", T), p(z*,T)), 4

where K L(-) represents the Kullback-Leibler divergence between the
two probability distributions. Through KD, knowledge is transferred
from the client models W€ to the global model W¢, enabling W¢ to
represent all K datasets. However, the restricted access to the datasets
D poses a challenge in applying KD to one-shot FL. Therefore, prior
works (Zhang et al., 2022; Chen et al., 2019; Yin et al., 2020) employ
synthesized images % as a training source for KD instead of using
real images from D. Details regarding the image synthesis process are
described in the following section.
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3.1.3. Image synthesis

Given a N(0, 1) initialized image ¥ € R"*W*C where H, W, and
C represent the height, width, and number of channels, we optimize
the RGB pixels of % with a specific label y using client models W*¢ by
minimizing the following:

Ly, y; W¢) =

R . R ()
LepGys WO+ Agny Lgn & W) + Apy Ly (X5 W),

where L. is the cross-entropy loss, Lgy is the batch normalization
(BN) loss, and Ly, is the total variation loss (Mahendran and Vedaldi,
2015). To balance the losses, hyper-parameters Azy and Ay, are used.
The cross-entropy loss ensures that the synthesized image % corresponds
to the label y by employing the client models, i.e., % > C EWE ), ),
while the total variation loss encourages consistency in the image
synthesis process. The BN loss enforces feature similarity from low to
high levels by minimizing the distance between the statistics of feature
maps. This ensures that £ and the real images in dataset D are similar
at all levels, resulting in high-quality image synthesis. The BN loss is
formulated as follows:

K
Lpy(®) = % D X Uk = sl + llog (2 = o1, O]
k=11
where y (%) and ail(fc) denote the batch-wise mean and variance
corresponding to the /th BN layer of the kth client model W} for %,
while 4, and ‘71%,1 are the stored statistics of the /th BN layer of the
trained client model W, respectively. Note that the synthesized image
% can be used as an alternative input to the dataset D for KD, facilitating
the transfer of knowledge from the client models W*¢ to the global
model W&. The following section describes model adaptation, which
mitigates the detrimental impact of visual differences in samples (Kang
et al., 2023b), enhancing the effectiveness of our approach.

3.1.4. Model adaptation

Model adaptation mitigates prediction degradation caused by do-
main discrepancies. Employing adaptive batch normalization (AdaBN)
can resolve domain discrepancies by developing an adapted model (Li
et al.,, 2018). AdaBN facilitates the model’s adaptation to the target
domain by updating the stored mean y,, and variance o2, statistics

k!
of the /th BN layer of the kth client model W, as follows:

My = @y + (1= py (R, of, = acy, + (1 — 0o (%), )

where « represents the momentum, and g, (%) and ‘713,1(’%) denote the
batch-wise mean and variance for the /th BN layer of the kth client
model W) for a target domain image %. The assumption underlying
model adaptation is that domain-specific knowledge is stored in the
BN statistics, while label-related knowledge is stored in the model
weights. By adjusting the BN statistics, the adapted model enhances its
predictions for samples from different domains. This contributes to an
overall improvement in KD and ensures that the client model becomes
better equipped to handle samples from various domains.

3.2. FedISCA: Federated learning using image synthesis and client model
adaptation

Despite the restricted access to dataset D, KD with the ensemble of
logits z¢ from the client models W and synthesized images % enables
the training of a global model W¢ that represents all K datasets.
However, overfitting remains a major challenge in one-shot FL. To
address this issue, we adopt a diverse range of samples, including
random noise N'(0, 1) and D’s characteristic synthetic images, for global
model training. Though this contributes to preventing overfitting, vi-
sual differences between random noise AN'(0,1) and samples from D
can result in poor model predictions, negatively impacting the training
process. To mitigate this problem, we introduce noise-adapted client
models, which compensate for KD signals for random noise through
model adaptation.

Medical Image Analysis 105 (2025) 103714

Fig. 2. Samples of structure noise (Baradad Jurjo et al., 2021) that used to generate
a pseudo intermediate samples.

The training processes are illustrated in Fig. 1 and Algorithm 1. Ini-
tially, we gather trained client models W¢ on the central server. Next,
we synthesize N (0, 1) initialized images % to possess the characteristics
of D by optimizing Eq. (5) for S steps. During image synthesis, we
store all intermediate samples sequentially in memory. Following, the
stored samples ranging from N'(0,1) to D are used to update the BN
statistics of W€ using Eq. (7) for .S steps. The updated BN statistics
4 and 62 are applied to prepare noise-adapted client models denoted
as We¢. Lastly, we train W¢ using both W*¢ and W¢ with KD for .S
steps. The robust training of the global model while avoiding negative
impacts from random noise N'(0, 1) is defined as:

L(2%,25,28,2) = ALk p(2°, 28) + (1 — D)Ly (25, 29), C))

where A denotes the noise level, defined as 1 — s/S for the sth step,
and z# indicates the logits of the global model W¢ for %, i.e., W&(%).
Additionally, 2¢ and z¢ indicate the ensemble logits of the noise-adapted
client models W¢ and the client models W¢ for %, respectively. To
clarify, random noise helps avoid overfitting, while noise-adapted client
models improve the KD signal for random noise, thereby enhancing
the robustness of global model training. Once (1) Client Training is
completed, the processes (2) Image Synthesis, (3) Noise Adaptation, and
(4) Global Model Training are repeated until the global model W$
converges.

3.3. E-FedISCA: Efficient federated learning using image synthesis and
client model adaptation

FedISCA has demonstrated the ability to train a robust global model,
but its computational demands during training limit its widespread
use in real-world applications. Among the FedISCA training processes,
image synthesis requires the most computational resources (see Fig.
5) thus reusing the synthesized images significantly reduces overall
computations and enhances training efficiency. To accomplish this,
we propose a new learning framework that leverages pseudo input,
incorporating diverse types of structure noise ' € N’ (Baradad Jurjo
et al., 2021) (see Fig. 2) and mixup (Zhang et al., 2018). Formally, mixup
with % and &’ is defined as:

mixup(®, %, ) = 1% + (1 - D)%, 9)

where 1 denotes a noise level. This allows us to generate pseudo
intermediate samples that range from N’ to D by adjusting 4 using
mixup. In contrast to FedISCA, which synthesizes all training samples
using Eq. (7), our approach first synthesizes a set of % that exhibits
the characteristics of D. We then generate pseudo inputs by applying
mixup to % and %’ with the corresponding noise level 4, and use these
generated pseudo inputs for global model training.

The overall training processes are illustrated in Fig. 1 and Algorithm
2. First, we gather trained client models on the central server. Next,
we synthesize % to possess the characteristics of D by optimizing
Eq. (5) for S steps. During image synthesis, n intermediate samples that
exhibit lower loss (L) than a threshold (L,,) are stored in memory.
Subsequently, we employ mixup to generate pseudo inputs ranging
from random noise N’ to D, and adjust the BN statistics 4 and o>
for the noise-adapted client models W¢. Finally, we train W¢ using
Eq. (8) for S steps by feeding the generated pseudo images as a training
source for KD. Unlike FedISCA, this approach completes the (1) Client
Training and (2) Image Synthesis stages first, and then iteratively repeats
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Diabetic ISIC
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Fig. 3. Sample images of the dataset used in this work. Blood, Derma, Oct, Path, and Tissue are small-sized (28 x 28) datasets and RSNA, Diabetic, and ISIC are regular-sized

(224 x 224) datasets.

Algorithm 1 Training process of FedISCA.

Algorithm 2 Training process of E-FedISCA.

1: Input: K client models W = {W}, ..., W} with corresponding , and o7
(for simplicity, we omit the index of the BN layers /), a global model W¢,
a step .S, a learning rate of image synthesis #,, a learning rate of KD 7,, a
momentum a.

2 W e W, i« p,6% « o

3: while until convergence do

4: Initialize a batch of random noise % and arbitrary labels y.
5: memory « [ ]

6: for s=1,---,S5 do

7: X< %—nVL(X,y; W°)

8: memory.append(X)

9: end for

10: for s=1,--,5 do

11: X < memory[S — s]

12: for k=1,---,K do

13: = afy + (1 —a)pu (%), 6',% — a&f +(1- a)o‘i(fc)
14: end for

15: end for

16: for s=1,--,5 do

17: X, A < memory[s],1 —s/S

18: 2« %zfﬂ WER), 26« %zfﬂ WER), 28« WER)
19: We — W& -, VL, (2, 2°, 25, A)

20: end for

21: end while
22: Output: Trained global model Ws.

the (3) Noise Adaptation and (4) Global Model Training steps until
the global model W converges. This approach significantly improves
computational efficiency compared to the original FedISCA, as it only
requires a single image synthesis process for global model training.
Additionally, the use of N’ allows for generating a wider range of
samples compared to those optimized from N (0, 1), leading to a more
robust global model training. Also, utilizing N results in using various
samples containing informative clues to learn visual representation,
ultimately attaining a high-accuracy model.

4. Experiments

In this section, we provide details regarding the datasets and the ex-
perimental scenarios used in our experiments. Additionally, we describe
the implementation details and the methods used for comparisons.

4.1. Datasets

We conducted experiments on eight medical image classification
datasets, as shown in Fig. 3. The datasets consist of five small-sized
(28 x 28) datasets from MedMNIST (Yang et al., 2023a) (i.e., Blood,
Derma, Oct, Path, and Tissue) and three regular-sized (224 x 224)
datasets, including RSNA (RSNA, 2018), Diabetic (EyePACS, 2015), and
ISIC (Codella et al., 2018; Tschandl et al., 2018; Combalia et al., 2019).
We refer to the 224 x 224 resolution image as regular-sized since it
is commonly used for general image analysis and distinguish it from
small-sized due to differences in models, training settings, and resulting
outcomes. Here are the details of each dataset:

» Blood: A dataset with 17,092 blood cell microscope images
for classifying eight different types of cells (e.g., neutrophils,
eosinophils). The dataset is split into 13,671 samples for the

1: Input: K client models W* = (We, . WS with corresponding y, and
o7, a global model W%, a step S, a learning rate of image synthesis #,,
a learning rate of KD 5,, a momentum a, structure noise N’, a threshold
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2 W e W« p,6% <o

3: memory « [ ]

4: Initialize a batch of random noise % and arbitrary labels y.
5: for s=1,--,5 do

6: X< %-nVL,Gy W)

7: if L, < L,, then

8: memory.append(X)

9: end if

10: end for

11: while until convergence do

12: for s=1,---,S5 do

13: % « random. choice(memory)

14: %' « random.choice(N")

15: Aes/S

16: X < mixup(%, %', 2)

17: for k=1,---,K do

18: e < afy + (1 =) (%), Ai — a&i +(1- a)o’i(}”c)
19: end for

20: end for

21: for s=1,--,5 do

22: X « random. choice(memory)

23: %' « random.choice(WN")

24: Ae=1-5/S

25: X« mixup(%,%', )

26: 2 %2,’;1 WeR), 2« % SK WER), 28— WER)
27: We — W& —n, VL, (5, 2¢, 25, 4)

28: end for
29: end while
30: Output: Trained global model Ws.

train and validation sets, and 3421 samples for the test set. We
used pre-processed samples from MedMNIST (Yang et al., 2023a),
where the central square region of the image was cropped and
resized to 28 x 28.

Derma: A dataset with 10,015 dermatoscopic images for classify-
ing seven different diseases. The dataset is split into 8010 samples
for the train and validation sets, and 2005 samples for the test
set. We used pre-processed samples from MedMNIST (Yang et al.,
2023a), where the original images were resized to 28 x 28.

Oct: A dataset with 109,309 optical coherence tomography (OCT)
images for classifying four different diseases. The dataset is split
into 108,309 samples for the train and validation sets, and 1000
samples for the test set. We used pre-processed samples from
MedMNIST (Yang et al., 2023a), where the original images were
cropped to the length of the short edge from the center and
resized to 28 x 28.

Path: A dataset with 107,180 images for classifying nine types of
tissues. The dataset is split into 100,000 samples for the train and
validation sets, and 7180 samples for the test set. We used pre-
processed samples from MedMNIST (Yang et al., 2023a), where
the non-overlapping patches of histology slides were resized to
28 x 28.

Tissue: A dataset with 236,386 kidney cortex microscope images
for classifying eight tissue specimens. The dataset is split into
189,106 samples for the train and validation sets, and 47,280
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samples for the test set. We used pre-processed samples from
MedMNIST (Yang et al., 2023a), where 32 x 32 x 7 images were
projected as gray-scale images by taking the maximum pixel value
of the last dimension (i.e., 7), and resized to 28 x 28.

RSNA: A dataset with 27,340 chest X-ray images for binary
classification (normal and abnormal) (RSNA, 2018). The dataset
is split into 24,348 samples for the train and validation sets, and
2992 samples for the test set. We resized the images to 224 x 224
for pre-processing.

Diabetic: A dataset with 88,696 retina images for classifying
five disease classifications (EyePACS, 2015). The dataset is split
into 35,120 samples for the train and validation sets, and 53,576
samples for the test set. We resized the images to 224 x 224 for
pre-processing.

ISIC: A dataset with 23,247 dermoscopy images for classifying
eight different melanoma. The dataset is split into 18,597 samples
for the train and validation sets, and 4650 samples for the test
set. The images were resized to 224 x 224 for pre-processing.
Note that this dataset is based on ISIC2019 (Codella et al., 2018),
HAM (Tschandl et al., 2018), and BCN20000 (Combalia et al.,
2019), and it provides image acquisition information for each
sample.

In the FL scenario, the datasets are partitioned into multiple clients,
with each client using a non-overlapping subset of the data for training.
The partitioning can be done as follows: Independent and Identically
Distributed (IID) clients, where each client has a uniform label distri-
bution, or Dirichlet (Yurochkin et al., 2019) distributed clients, where
each client has a different label distribution, causing difficulties in FL
training. Adjusting the a parameter in Dirichlet allows for updating
the severity of the label distribution, with a lower « resulting in more
diverse label distributions among clients. The non-overlapping subsets
for each client are split into 90% for the train set and 10% for the
validation set. To prevent data leakage, we use the official test data
splits provided by the source dataset (Yang et al., 2023a; EyePACS,
2015; Codella et al., 2018; Tschandl et al., 2018; Combalia et al., 2019).

For the ISIC dataset, image acquisition information is available for
each sample. To create more realistic FL scenarios, we divide each
client’s samples using the predefined setting (Ogier du Terrail et al.,
2022). We denote this modified dataset as ISIC’, where each client has
a different image acquisition system. Note that although ISIC' has no
label distribution shift among clients, the difference in imaging acqui-
sition results in style differences between clients, posing a challenge in
FL.

4.2. Experimental scenarios

We conducted experiments to evaluate various aspects of our pro-
posed method. The following scenarios were explored:

+ Comparison against previous one-shot FL methods: We used
the Blood, Derma, Oct, Path, Tissue, RSNA, Diabetic, and ISIC
datasets with IID clients. Additionally, we conducted experiments
on the ISIC’ dataset, which represents an FL scenario with differ-
ent image acquisition systems between clients. For comparison,
we employed three one-shot FL methods: FedAvg (McMahan
et al.,, 2017) with a single communication round, DAFL (Chen
et al., 2019), and DENSE (Zhang et al., 2022). We also reported
the upper bound accuracy of FedAvg with 100 communications.
Ablation studies: We used the Blood, Derma, Oct, Path, Tissue,
RSNA, Diabetic, ISIC, and ISIC’ datasets with IID clients. We con-
ducted ablation studies to evaluate the contributions of different
components to the final accuracy. Specifically, we evaluated the
accuracy with (a) image synthesis (w/ IS), (b) noise (w/ N),
(c¢) image synthesis and noise (w/ IS&N'), (d) noise and noise
adaptation (w/ N &Ada), and compared them against (e) our
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method (w/ IS&AN &Ada). Note that noise images are required for
noise adaptation; therefore, we excluded “image synthesis and
noise adaptation” from the ablation studies. Notably, although
we used the same components for the ablation studies, there
exist differences between FedISCA and E-FedISCA. Specifically,
in FedISCA, the use of (a) image synthesis is identical to Deep-
Inversion (Yin et al., 2020) in the one-shot FL scenario, where we
leverage the best synthesized images (samples with the lowest L)
for training. On the other hand, in E-FedISCA, (a) image synthesis
differs from FedISCA as it employs n synthesized samples from a
single image synthesis process. Furthermore, the ablation on (b)
noise, the difference between FedISCA and E-FedISCA lies in their
use of different noise for training. Specifically, FedISCA employs
intermediate samples for training, while N (Baradad Jurjo et al.,
2021) is used for E-FedISCA.

Experiments on non-IID data heterogeneity: We used the
Blood, Derma, Oct, Path, and Tissue datasets with Dirichlet dis-
tributed clients on « = 0.6 and « = 0.3.

Experiments on model heterogeneity: We used the Blood,
Derma, Oct, Path, and Tissue datasets with IID, Dirichlet (a« = 0.6),
and Dirichlet (« = 0.3) distributed clients. For model hetero-
geneity, different client models, including ResNet18 (He et al.,
2016), ResNet34 (He et al.,, 2016), WRN-16-2 (Zagoruyko and
Komodakis, 2016), VGG16 (with BN) (Simonyan and Zisserman,
2014), and VGG8 (with BN) (Simonyan and Zisserman, 2014),
were used. For comparison methods, we used DAFL (Chen et al.,
2019) and DENSE (Zhang et al., 2022) as the methods are capable
of training a global model in scenarios with model heterogeneity.
Quantitative analysis on computation speed: To analyze the
training efficiency, we measured the computation speed of image
synthesis, noise adaptation, and global model training. To calcu-
late the time required for each training process, we recorded the
time before and after each operation within each mini-batch step,
reporting the average speed over 100 runs. These measurements
were performed using a small-sized dataset, with evaluations
conducted on an RTX A5000 GPU. For a fair comparison with
FedISCA, the time spent on the Image Synthesis in E-FedISCA
was divided by the number of Image Synthesis performed in
FedISCA. Since the training was conducted over 100 epochs in
the small-sized dataset experiment, the final computation speed
was calculated by dividing the total result by 100.

Experiments on multi-shot: We used the Blood, Derma, Oct,
Path, Tissue, RSNA, Diabetic, ISIC, and ISIC' datasets with IID
clients. The number of shots was increased from 1 to 30, and
we evaluated the highest accuracy of our method and the highest
accuracy of the upper bound (i.e., FedAvg with 100 communica-
tions). In the multi-shot experiment, we again transmit the trained
global model to the client and we retrain each client model using
their respective datasets. Afterward, we train the global model
using the updated client models and report the accuracy.
Experiments on larger clients: We used the Blood, Oct, Path,
and Tissue datasets with IID clients. The number of clients was
increased to 20, and we verified whether our method achieves
similar accuracy compared to results on smaller(=5) clients.
Impact on natural dataset: We used the Cifarl0 dataset with
Dirichlet distributed clients on « = 0.5, « = 0.3, and « = 0.1.
We compared our method against three one-shot FL methods:
FedAvg (McMahan et al.,, 2017) with a single communication
round, DAFL (Chen et al., 2019), and DENSE (Zhang et al., 2022),
to evaluate whether our method performs well on natural data.

4.3. Implementation details

We adopted ResNet18 (He et al., 2016) as the base model for our
experiments and set the number of clients to five by default. On small-
sized datasets, we reported the accuracy of the global model on the test
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Table 1
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Classification accuracy on eight datasets. The first and second sub-rows show the accuracy of upper bounds and the previous one-shot FL methods. For regular-sized datasets,
balanced accuracy was used as the metric. Bold indicates the best accuracy among one-shot FL methods.

Blood Derma Oct Path Tissue RSNA Diabetic ISIC IS1C’
FedAvg (McMahan et al., 2017) 93.51 74.61 75.60 84.54 63.64 88.16 49.04 62.88 57.15
FedAvg(1) 13.74 66.88 25.00 5.86 32.07 78.65 35.60 38.05 18.08
DAFL (Chen et al.,, 2019) 7.13 66.43 25.00 7.63 11.55 50.55 22.63 14.51 18.37
DENSE (Zhang et al., 2022) 39.37 66.93 33.80 21.89 21.35 55.06 23.51 13.69 16.46
FedISCA 87.99 70.12 70.20 84.18 61.90 85.34 40.08 48.39 22.47
E-FedISCA 87.31 71.47 71.30 79.48 57.96 85.46 41.32 51.17 27.01
Table 2

Classification accuracy of ablation studies on eight datasets. w/ indicates “with” and IS indicates image synthesis. N indicates noise (N'(0, 1) for FedISCA and N’ for E-FedISCA)
and Ada indicates noise adaptation.

I N Ada Blood Derma Oct Path Tissue RSNA Diabetic 1SIC Is1C’
(a) FedISCA w/ (Yin et al., 2020) v 87.02 68.73 60.20 77.90 57.86 50.61 28.30 25.61 14.80
(b) FedISCA w/ v 7.13 11.12 35.80 4.72 7.13 50.00 20.02 12.50 12.52
(@] FedISCA w/ v v 81.61 68.33 70.30 82.08 59.34 81.56 40.91 47.21 21.72
(d) FedISCA w/ v v 9.09 66.88 25.20 24.69 23.70 50.00 20.07 12.50 11.29
(e) FedISCA v v v 87.99 70.12 70.20 84.18 61.90 85.34 40.08 48.39 22.47
(@ E-FedISCA w/ v 85.56 68.28 57.70 77.45 55.90 62.88 29.74 32.83 18.73
b) E-FedISCA w/ v 78.40 69.63 63.60 59.67 46.03 50.00 39.84 35.88 26.74
(© E-FedISCA w/ v v 83.66 70.72 68.20 77.26 55.54 85.37 39.38 50.66 26.72
(@ E-FedISCA w/ v v 26.22 66.88 25.00 17.17 32.07 79.87 22.56 16.18 13.12
(e) E-FedISCA v v v 87.31 71.47 71.30 79.48 57.96 85.46 41.32 51.17 27.01

data, while on regular-sized datasets, we used the balanced accuracy
of the global model on the test data, following the approach used
in Ogier du Terrail et al. (2022). The client models were trained for
100 epochs using the SGD optimizer with an initial learning rate of
le—3 and a batch size of 128. For FedISCA image synthesis, we used the
Adam optimizer with a learning rate of Se—2 for 100 epochs. We used
500 and 1000 synthesis steps (S) for small- and regular-sized datasets,
respectively, with a batch size of 256 for small-sized datasets and 50 for
regular-sized datasets. Following Yin et al. (2020), the hyperparameters
Ary = 0.000025 and Azy = 10 were used for image synthesis, with
a KD temperature of T = 20 and momentum a = 0.9. For E-FedISCA
image synthesis, we followed the settings of FedISCA but with some
differences. We performed image synthesis before global model training
with 1000 and 2000 synthesis steps (.5) for small- and regular-sized
datasets, respectively. The batch size used was 256 for small-sized
datasets and 96 for regular-sized datasets. During image synthesis, we
stored n intermediate samples in memory that showed lower loss (L)
than a threshold value L,, = 50. We empirically set a threshold of
50 that converged and yielded high-quality image synthesis. However,
since we store the latest synthesized sample in case we fail to collect
memory with a size n, the lower threshold value by itself does not signif-
icantly affect the final results (for simplicity, this part is omitted from
Algorithm 2). To generate pseudo intermediate samples, we employed
StyleGAN-Oriented structure noise (Baradad Jurjo et al., 2021), which
obtained the best accuracy in the ImageNet-100 experiment. However,
since structure noise is proposed for regular-sized image training thus
we resized the images to 28 x 28 as a pre-processing for small-sized
experiments.

For fair comparison, we followed the original implementations of
each comparison method and matched all training/parameter settings.
All one-shot FL approaches used client models with same trained pa-
rameters for global model aggregation. For DAFL, an ensemble of client
models was used as the teacher model with KD used for global model
training, following the approach in Zhang et al. (2022), Lin et al. (2020)
and Zhang et al. (2020). For client model training on regular-sized
datasets, we initialize the model to an ImageNet pre-trained model.

5. Results
5.1. Comparison against previous one-shot FL methods

Table 1 shows the accuracy on five small- and four regular-sized
datasets. FedISCA achieves improved accuracy than the compared

methods on both small- and regular-sized datasets. However, DAFL and
DENSE perform poorly on medical data, showing significant accuracy
gaps compared to the upper bound, i.e., FedAvg. Additionally, though
FedAvg reports higher accuracy for multiple communication rounds,
it shows significantly lower accuracy for single communication (Fe-
dAvg(1)). The accuracy decrease varies across datasets; for example, on
the Path dataset, accuracy decreases significantly, whereas the Derma
dataset showed a minor decrease in accuracy. To explain the observed
differences, we analyzed the variance in client model parameters. The
comparison shows that models with higher variance (e.g., Path IID =
36.10) tend to have lower accuracy, while models with lower variance
(e.g., Derma IID = 0.01) achieve higher accuracy. Furthermore, in
regular-sized dataset experiments where ImageNet pre-trained param-
eters are used for initialization, FedAvg(1) shows a relatively smaller
accuracy drop due to its potential for facilitating knowledge sharing
among clients. These findings suggest a correlation between client
model variance and the accuracy of FedAvg(1).

In Fig. 4, we show the synthesized images of E-FedISCA, DAFL (Chen
et al, 2019), and DENSE (Zhang et al.,, 2022) for eight datasets.
FedISCA generates more realistic images compared to the competitors.
Note that both DAFL and DENSE aim to generate diverse images dis-
tributed near the decision boundary, resulting in the synthesis of images
that are visually distinct from real data. Qualitatively, the synthesized
images in their papers are similar to those shown in Fig. 4, indicating
that we synthesized the images as intended by those methods. Although
this strategy effectively generates informative samples and improves
accuracy on natural images, our experiments show that it even un-
derperforms FedAvg(1), suggesting the assumption does not hold in
medical images.

Furthermore, E-FedISCA demonstrates competitive accuracy com-
pared to FedICSA on Blood, Path, and Tissue datasets and outperforms
FedISCA on Derma, Oct, RSNA, Diabetic, ISIC, and ISIC' datasets.
This highlights the viability of E-FedISCA in one-shot FL with reduced
computational overhead. Notably, E-FedISCA achieves the best accu-
racy on all regular-sized datasets, indicating that noise input capturing
certain structural properties of real data (as verified on ImageNet)
encourages robust global model training, leading to high accuracy.
However, E-FedISCA obtains lower accuracy compared to FedISCA on
small-sized datasets. This could be attributed to the loss of structure
noise (Baradad Jurjo et al., 2021) when resizing the image to 28 x 28
during pre-processing.
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Table 3
Classification accuracy on five datasets with different heterogeneity levels.
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Dirichlet (a = 0.6)

Dirichlet (a = 0.3)

Blood Derma Oct Path Tissue Blood Derma Oct Path Tissue
FedAvg (McMahan et al., 2017) 93.60 72.72 76.50 81.48 55.61 87.49 69.88 73.50 77.52 53.26
FedAvg(1) 18.24 66.88 25.00 5.86 32.07 16.92 10.97 25.00 5.86 32.07
DAFL (Chen et al., 2019) 7.13 66.88 34.40 14.97 39.15 7.13 13.62 25.00 18.64 45.00
DENSE (Zhang et al., 2022) 34.52 67.78 39.40 30.31 9.47 30.78 12.77 25.80 19.87 9.33
FedISCA 82.90 69.83 68.60 82.92 53.04 46.59 15.91 60.50 79.25 51.00
E-FedISCA 83.10 69.68 66.20 78.51 52.87 45.86 16.96 61.60 73.40 48.45
FedISCA w/ IS (Yin et al., 2020) 80.62 69.58 60.30 75.54 49.06 45.69 13.87 49.20 70.53 46.73
Table 4
Classification accuracy on five datasets with model heterogeneity.
11D Dirichlet (« = 0.6) Dirichlet (a =0.3)
Blood Derma Oct Path Tissue Blood Derma  Oct Path Tissue Blood Derma  Oct Path Tissue
DAFL (Chen et al., 2019) 7.13 65.69 25.00 15.72 35.66 7.13 67.23 37.10 28.15 39.54 7.13 13.47 45.30 29.68 19.54
DENSE (Zhang et al., 2022) 46.86 66.88 44.00 33.08 38.28 23.47 67.93 40.70 28.68 36.70 34.67 13.42 44.00 39.37 38.37
FedISCA 87.96 71.17 70.00 83.02 61.74 73.43 69.23 64.80 82.73 51.95 44.20 16.61 62.00 72.26 43.80
E-FedISCA 88.31 71.72 71.00 80.04 58.96 72.76 69.23 64.60 80.84 52.04 47.18 16.01 58.90 72.17 43.19
FedISCA w/ IS (Yin et al,, 2020)  87.55 69.93 51.20 74.05 57.90 68.78 68.93 61.00 72.79 46.91 43.85 15.61 51.50 64.65 39.89
Blood Derma Oct Path Tissue Diabetic

Fig. 4. The synthesized images of (a) E-FedISCA, (b) DAFL (Chen et al.,

2019), and (c) DENSE (Zhang et al.,

RSNA

2022) on eight datasets. We do not show the synthesized image of

FedISCA as it is identical to E-FedISCA. Overall, E-FedISCA synthesizes more realistic images.

5.2. Ablation studies

We present the ablation results for FedISCA in Table 2. In the
medical field, generating realistic images is crucial for one-shot FL, as
the accuracy of w/ N and w/ N &Ada is significantly lower than w/
IS and w/ IS&N'. This validates the necessity of image synthesis during
one-shot FL. Additionally, using Ada along with N (i.e., w/ N &Ada)
yields lower accuracy, as visual gaps between N'(0,1) and D cannot
be addressed via noise-adapted client models, suggesting that image
synthesis is essential for successful KD. Except for Blood and Derma,
w/ IS&N achieves higher accuracy compared to w/ IS. This indicates
that intermediate samples encourage robust global model training and
lead to higher accuracy than training with the best images alone. On the
contrary, the accuracy of FedISCA (w/ IS&N &Ada) suggests that noise-
adapted client models compensate for the negative effects of random
noise, resulting in the best accuracy across all datasets. Overall, the
experimental results support the idea that these components play an
essential role in medical one-shot FL.

For E-FedISCA, the ablation results in Table 2 similarly highlight the
importance of generating realistic images. The accuracy of w/ N and
N'&Ada is lower than that of w/ IS and IS&AN on small-sized datasets
and the RSNA dataset. However, since w/ IS in E-FedISCA only uses
n(=500) samples from a single image synthesis, this approach may lead
to overfitting, resulting in lower accuracy on Diabetic, ISIC, and ISIC'
datasets (see w/ N). Notably, w/ N in E-FedISCA performs better than
w/ N in FedISCA for all cases. This indicates that the structure noise
N is more beneficial than random noise A for one-shot FL. Moreover,
on regular-sized datasets including Diabetic, ISIC, and ISIC', w/ N

outperforms w/ IS, suggesting that N/ provides more information than
using n samples from a single image synthesis.

Regarding mixup with structure noise and synthesized images, using
both results in higher (or similar) accuracy compared to using them
separately, except on the Blood dataset. Particularly, the failure of w/
N on RSNA is addressed when synthesized images are used, indicating
that an image possessing the properties of D is crucial for successful
one-shot FL. In contrast, the ablations in w/ N’&Ada on RSNA achieve
higher accuracy compared to w/ N’, while other datasets show a
degraded accuracy compared to w/ N due to the possibility of label-
related knowledge of client models being forgotten. This observation
suggests that noise-adapted clients not only mitigate the negative im-
pact of noise but also resolve domain gaps between D and N, resulting
in higher accuracy. Finally, the accuracy of E-FedISCA (w/ IS&N &Ada)
demonstrates that the proposed three components are vital for efficient
and robust global model training. Even with a single image synthesis
and using it with structure noise for KD, E-FedISCA achieves higher
accuracy than FedISCA on regular-sized datasets. Overall, the ablation
studies support that our design choices are suitable for efficient one-
shot FL and provide insights into the role of each component in
contributing to success.

5.3. Experiments on non-IID data heterogeneity

Table 3 presents the accuracy of five datasets with different levels
of data heterogeneity. FedISCA and E-FedISCA outperform all previous
one-shot FL methods across all datasets, regardless of the level of
heterogeneity. Notably, due to the challenges presented by non-IID
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Fig. 5. Computation speed of DeepInversion (FedISCA w/ Yin et al., 2020), FedISCA,
and E-FedISCA. E-FedISCA requires the lowest computational resources than the
competitors.

scenarios (e.g., Dirichlet with & = 0.3), the upper bound reports reduced
accuracy compared to the IID setting. Similar to IID scenarios, DAFL,
DENSE, and FedAvg with single communication (FedAvg(1)) yield poor
results, indicating that their assumptions also fail in non-IID data het-
erogeneity scenarios. However, when realistic synthesized images are
used for KD (see FedISCA w/ IS Yin et al., 2020), the accuracy improves
significantly, resulting in small differences in accuracy between the
upper bound. The gaps in accuracy further decrease when employing
our proposed modules, resulting in the best accuracy across all non-
IID scenarios. Moreover, E-FedISCA shows competitive or even higher
accuracy in non-IID data heterogeneity settings. These experimental
results suggest that the effectiveness of our method has been verified
in non-IID data heterogeneity problems.

5.4. Experiments on model heterogeneity

Table 4 presents the accuracy of a global model trained on client
models with model heterogeneity. FedISCA achieves the best accuracy
among all previous one-shot FL methods, demonstrating the effec-
tiveness of our method in one-shot FL with diverse types of model
architectures. On the other hand, previous approaches consistently
yield low accuracy across all comparisons, highlighting their inade-
quacy in handling the challenges posed by model heterogeneity. More-
over, the experimental results suggest that our approach performs well
in challenging scenarios where both model and data heterogeneity
are exhibited. Additionally, E-FedISCA obtains similar or even outper-
forms the accuracy of FedISCA on model heterogeneity, demonstrating
the validity and robustness of our approach to diverse heterogeneity
scenarios.

5.5. Quantitative analysis on computation speed

In Fig. 5, we present the computation speed for each component
of our method. E-FedISCA demonstrates the fastest speed compared to
FedISCA and Deeplnversion (Yin et al., 2020). Clearly, this is due to
the reuse of synthesized images, which significantly reduces the overall
computational overhead. Additionally, though FedISCA and E-FedISCA
necessitate additional computation resources for noise-adapted client
models than Deeplnversion, E-FedISCA still remains the most effi-
cient approach. In summary, E-FedISCA enables training with minimal
computation resources, enhancing the applicability of one-shot FL.

5.6. Experiments on multi-shot

Fig. 6 shows the accuracy of our method on eight datasets in the
multi-shot FL scenario. Overall, our method exhibits improved accuracy
across all datasets as the number of shots increases. Notably, in 5-shot
scenarios, our approach outperforms the upper bound (FedAvg (McMa-
han et al., 2017), as represented by the blue dashed line), except on
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Table 5
Classification accuracy of 20 clients on five datasets with IID clients.
Blood Derma Oct Path Tissue
FedISCA (5 clients) 87.99 70.12 70.20 84.18 61.90
FedISCA (20 clients) 78.31 69.23 67.20 84.57 56.93
E-FedISCA (5 clients) 87.31 71.47 71.30 79.48 57.96
E-FedISCA (20 clients) 79.07 69.18 64.50 81.45 54.62

E-FedISCA (20 clients) 2-shot 86.23 69.48 69.80 83.19 58.57

Table 6
Classification accuracy on Cifar10 datasets with different Dirichlet a.
a=05 a=03 a=0.1
FedAvg(1) 43.67 27.72 23.93
DAFL (Chen et al., 2019) 58.59 53.89 47.34
DENSE (Zhang et al., 2022) 62.19 59.76 50.26
FedISCA 71.39 65.30 54.55
E-FedISCA 67.94 60.94 50.90

the Diabetic and ISIC' datasets. Furthermore, increasing the number
of shots to 12 demonstrates that our method obtains the upper bound
on the ISIC' dataset. This suggests that increases in the number of
shots result in achieving accuracy comparable to the upper bound for
challenging datasets. The orange dashed line represents the highest
accuracy achieved by E-FedISCA when the number of shots is increased
to 30. Our method converges faster, as the increased number of shots
confirms that the highest accuracy is achieved in the early training
stages, highlighting its superior training efficiency. However, though
we increase the number of shots to 30 on Diabetic dataset, our method
achieves competitive accuracy with a marginal gap compared to the
accuracy of FedAvg. The development of a more efficient multi-shot FL
method is reserved for future research.

5.7. Experiments on larger clients

Table 5 presents the accuracy on five datasets with 20 clients.
Due to the increased number of clients, both FedISCA and E-FedISCA
achieved lower accuracy compared to the experiments with five clients.
However, the challenges posed by a larger number of clients can be
alleviated in the 2-shot scenario. The results of the 2-shot setting
demonstrate competitive accuracy compared to the one-shot settings
with five clients. These experimental results confirm that our method
is capable of training a robust global model regardless of the number
of clients and maintains its effectiveness in larger client scenarios.

5.8. Impact on natural dataset

Table 6 shows the accuracy of the Cifarl0 dataset with different
levels of heterogeneity. Compared to the state-of-the-art one-shot FL
method (DENSE Zhang et al., 2022) on natural images, FedISCA ex-
hibits a significant improvement in accuracy, achieving the highest
accuracy among all settings. Furthermore, although E-FedISCA shows a
slightly decreased accuracy compared to FedISCA, it still outperforms
DENSE and ranks second in terms of accuracy. Notably, the accuracy
gap between our method and previous methods is more significant
in the medical dataset than in the natural dataset (see Table 1). As
stated in Konz et al. (2022), medical data is crucial for capturing a few,
difficult-to-learn features, indicating that synthesized images should
meet these criteria for high accuracy. However, as shown in Fig. 4,
previous methods generated images that are visually distinct from real
data (e.g., ambiguous or unrealistic), resulting in the failure of one-shot
FL on medical data. The experimental results suggest that our method
not only performs exceptionally well in the medical domain but also
exhibits strong accuracy in the natural image domain, highlighting the
effectiveness of our approach across diverse domains.
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Fig. 6. Classification accuracy in multi-shot FL scenarios on eight datasets. (a) shows the accuracy for the zoomed-in early phase, while (b) shows the accuracy for the entire
phase across 100 shots. Orange solid line indicates the accuracy of E-FedISCA and orange dashed line indicates the highest accuracy of E-FedISCA across 30 shots. Blue solid line
indicates the accuracy of FedAvg and blue dashed line indicates the highest accuracy of FedAvg across 100 shots. The X-axis represents the number of shots in FL, while the

Y-axis represents the highest accuracy achieved with that number of shots.

5.9. Limitations

Through experiments, we confirmed that our method achieves
higher accuracy compared to the baseline methods. Furthermore, as
presented in Section 5.6, E-FedISCA surpasses the upper bound of
FedAvg with fewer communication rounds, overcoming its limitations
and demonstrating its superiority. However, some challenges remain
unresolved, and further research is required to address them in the fu-
ture. In Section 5.3, although our method demonstrates higher accuracy
compared to the baselines, its accuracy decreases when heterogeneity
becomes more severe, i.e., from Dirichlet (« = 0.6) to Dirichlet (o = 0.3).
Since the accuracy degradation in FedAvg is relatively small under con-
ditions of severe heterogeneity, developing an algorithm that robustly
trains models under severe heterogeneity will enhance the applicability
of one-shot FL. As discussed in Sections 5.6 and 5.7, the development of
an efficient multi-shot FL. method and training with a larger number of
clients remain for future research. Since accuracy degradation arises
from parameter drift between client models, leveraging foundation
models with fewer client parameter updates (e.g., by using adapters)
and applying novel fine-tuning approaches that consider future global
model aggregation is expected to address these challenges.

Lastly, as state in Bujotzek et al. (2024), once the FL infrastructure
is established, communication costs will no longer pose a bottleneck in
FL, which limits the contribution of the proposed method. However,
scenarios necessitating a one-shot FL are often encountered. First,
setting up a secure FL infrastructure may not be feasible for small-
and mid-scale hospitals due to limited budgets. In such cases, employ-
ing one-shot FL can reduce infrastructure costs and provide a viable
solution for allowing more hospitals to participate in FL. Secondly,
even large-scale hospitals often face challenges in establishing an FL
infrastructure due to stringent cybersecurity requirements (Eichelberg
et al., 2020). In environments where privacy is critical and any form
of data sharing over external networks is highly restricted, such as
when data is stored on an isolated local server, significant investment
is required to establish the hardware infrastructure necessary for secure
external network connections. Reducing communication frequency can
effectively support model training in these constrained network envi-
ronments. Additionally, reducing model transmission and improving
efficiency (Park et al., 2021; Chen et al., 2024) are critical challenges
in FL, as noted by Kairouz et al. (2021). Our method addresses this by
achieving converged accuracy with a low number of communication
rounds, surpassing the upper bound, thus demonstrating its efficiency.
Consequently, one-shot FL still serves as a viable solution in such cases.

6. Conclusion
We present a novel one-shot FL framework that uses synthetic- and

noise-images with KD. First, we demonstrate that random noise signif-
icantly reduces the risk of overfitting, resulting in robust global model
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training. Next, by employing mixup and structure noise, we generate
diverse intermediate samples, effectively reducing computational re-
sources and enhancing training efficiency. Additionally, noise-adapted
client models improve the KD signal for noise, resulting in higher
accuracy in the trained models. Finally, through extensive experiments
on eight medical datasets, we validate that our method outperforms
state-of-the-art one-shot FL methods, demonstrating its effectiveness
and superiority.
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