
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2026

FEDSUMUP: SECURE FEDERATED LEARNING WITH-
OUT CLIENT-SIDE TRAINING FOR RESOURCE-
CONSTRAINED EDGE DEVICES

Anonymous authors
Paper under double-blind review

ABSTRACT

Horizontal Federated Learning (HFL) enables multiple clients with private data
to collaboratively train a global model without sharing their local data. As a re-
search branch of HFL, Federated Data Condensation with Distribution Matching
(FDCDM) introduces a novel collaborative paradigm where clients upload small
synthetic datasets instead of gradients and parameters. FDCDM faces two key
challenges: privacy leakage risk, where synthetic data may leak the privacy of real
data; and high computational cost on the client side, which limits the deployment
capability of FDCDM on resource-constrained devices. To address these chal-
lenges, we propose FedSumUp, an improved FDCDM method. The core designs
of FedSumUp include: generating initial data templates based on a Variational
Autoencoder (VAE); and migrating the entire synthetic data optimization process
to the server side, requiring clients only to upload distilled synthetic data and the
mean of raw data features without exposing the original data itself. Experimen-
tal results on multiple real-world datasets demonstrate that FedSumUp achieves
notable advantages in the following aspects: drastically reducing the visual simi-
larity between synthetic and real data, and effectively resisting membership infer-
ence attacks; significantly lowering client-side computational overhead, making
it deployable on edge devices. FedSumUp is the first work to systematically an-
alyze privacy risks in FDCDM from the perspective of data similarity, providing
a new direction for building efficient and privacy-preserving federated learning
frameworks.

1 INTRODUCTION

Horizontal Federated Learning (HFL) enables collaborative model training on private data, with sig-
nificant applications in sensitive domains(Yang et al., 2020). A promising communication-efficient
paradigm within HFL is Federated Data Condensation with Distribution Matching (FDCDM), where
clients synthesize and upload a small dataset instead of model updates(Xiong et al., 2023; Holland
et al., 2024). However, our work identifies two critical, unaddressed challenges that prevent the
practical deployment of existing FDCDM methods.

First, despite the goal of preserving privacy, prior works fail to systematically analyze the visual
and semantic similarity between the synthetic data they generate and the users’ real data. Our
research demonstrates that this oversight leads to significant sample-level privacy leakage, making
clients vulnerable to Membership Inference Attacks (MIA)(Carlini et al., 2022). Second, the process
of generating representative synthetic data requires complex optimization on the client’s device,
imposing a high computational burden that limits feasibility on resource-constrained hardware.

To overcome these limitations, we propose FedSumUp, a novel FDCDM framework designed for
security and efficiency. The core workflow of our method is illustrated in Figure 1. FedSumUp in-
troduces a client-training-free paradigm by leveraging a Variational Autoencoder (VAE) to generate
privacy-preserving initial data templates and uniquely migrating the entire expensive data optimiza-
tion process to the server.

Our Contributions We are the first to systematically analyze and demonstrate the visual privacy
risks in FDCDM, revealing a critical trade-off between privacy and utility in existing methods; we
propose FedSumUp, the first client-training-free FDCDM framework that drastically reduces client-
side computational overhead by over 90% compared to methods like FedSD2C, making it practical
for edge devices; and we show through extensive experiments that FedSumUp achieves a superior
balance of utility, privacy, and efficiency, outperforming baselines in both privacy protection and
robustness in challenging non-IID settings.
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Figure 1: Our proposed FedSumUp method can securely generate a synthetic dataset and conduct
most of the computations on the server side. It is used to achieve privacy-preserving federated
learning training. Moreover, due to the advantage of ”no need for client-side training”, it enhances
clients’ willingness to participate in federated learning.

2 RELATED WORK

Dataset Distillation in Federated learning Dataset Distillation (DD) was initially presented in
the work of(Wang et al., 2018). Its main objective is to extract the knowledge from datasets and
encapsulate it into synthetic data, all the while ensuring that the model trained on this synthetic
data maintains a comparable performance to that trained on the original dataset. In the early stages,
dataset distillation methods were framed as a bi-level optimization problem(Yu et al., 2023). In this
setup, the outer loop focuses on optimizing the synthetic data. This optimization can be achieved
through various approaches, such as gradient matching(Zhao et al., 2020; Cazenavette et al., 2022;
Yu et al., 2024), distribution matching(Zhao & Bilen, 2023; Wang et al., 2022), and performance
matching(Wang et al., 2018). Meanwhile, the inner loop is responsible for incrementally training a
model using the synthetic data. Given the limitations of computational resources, single-level opti-
mization methods grounded in kernel ridge regression(Nguyen et al., 2020; 2021) were put forward.
These methods aim to break down the bi-level optimization process, thus reducing the overall train-
ing cost. On relatively simple datasets like CIFAR10, these methods have shown performance levels
comparable to their bi-level counterparts. They have also found applications in Federated Learning
(FL), where they are used to tackle problems such as communication bottlenecks(Xiong et al., 2023;
Holland et al., 2024), data heterogeneity(Pi et al., 2023; Liu et al., 2022; Zhang et al., 2023), and
one-shot FL scenarios(Song et al., 2023; Zhou et al., 2020). Nonetheless, these existing methods
demand a substantial amount of computational resources. This makes them unfeasible for use on
edge devices in FL, which typically have limited computing power.

Federated Dataset Condensation with Distribution Matching Dataset Condensation with Distri-
bution Matching (DCDM)(Zhao & Bilen, 2023) is a research branch of DD. DCDM optimizes the
synthetic data by minimizing the Maximum Mean Discrepancy (MMD) between the synthetic data
and the original data. Research(Dong et al., 2022) theoretically demonstrated DCDM’s advantages
in terms of privacy preservation. Later, FedDM(Xiong et al., 2023) extended the DCDM method
from the centralized machine learning setting to HFL, while CollabDM(Holland et al., 2024) and
FedSD2C(Zhang et al., 2024) are variants of FedDM designed for One-Shot Federated Learning.
And VFDC(Gao et al., 2024) uses this algorithm in Vertical Federated Learning (VFL).However,
the study(Zhang et al., 2022) raised concerns regarding the claims made in(Dong et al., 2022),
pointing out flaws in the supposed privacy advantages of DCDM. In fact, upon close inspection
of the experiments in(Dong et al., 2022), one can observe that the authors used random noise as
the initialization template for synthetic data when evaluating similarity between real and synthetic
datasets. However, in the utility evaluation, they switched to using real data as the initialization tem-
plate. This inconsistent setup misleads readers into believing that DCDM simultaneously achieves
superior performance in both privacy and utility. Our research demonstrates that this is not the case.
Specifically, initializing synthetic data with real images inherently leaks visual privacy information,
whereas using random noise for initialization results in significant utility loss.

3 PRELIMINARIES

3.1 MEMBERSHIP AND VISUAL PRIVACY

Membership Inference Attack(MIA) aims to acquire information about the member samples used
for training. MIA can be categorized into three types: those based on Logits scores, those based on
labels, and white-box attacks (Li & Zhang, 2025).
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In this paper, we introduce an evaluation of FedSumUp’s privacy protection level using MIA based
on shadow models and inference models (Shokri et al., 2017), which involves two steps: First, the
attacker trains shadow models using their own shadow samples (samples similar in type to the real
samples) and then trains an inference model based on the outputs of these shadow samples on the
shadow model and their membership status. The trained inference model is then used to infer the
membership status of target samples held by the attacker.

Additionally, in addition to the MIA mentioned above, our measure of privacy protection also takes
into account the visual privacy of synthetic samples. In the study (Dong et al., 2022), ”visual pri-
vacy” is used to refer to the assessment of similarity between synthetic and real data. In that work,
researchers employed L2 distance and LPIPS (Learned Perceptual Image Patch Similarity) to mea-
sure this similarity. In addition to quantitative metrics, visual privacy can be subjectively assessed
by human observation. Visual privacy and MIA are interconnected; our experiments show that the
leakage of visual privacy from synthetic samples can directly aid attackers in performing MIA.

3.2 THREAT MODEL

Drawing from the analysis of the aforementioned attack techniques, we define our threat model as
follows:
Adversarial Objective The primary goal of the adversary is to determine whether a specific data
sample was included in the training set. More precisely, given a target sample x, the attacker attempts
to ascertain whether x ∈ T , where T denotes the original training dataset.

Adversarial Knowledge We consider a semi-honest server as the adversary. While the server does
not have direct access to the clients’ private training data T , it possesses full knowledge of the global
model parameters and can monitor all communications between the server and client devices. This
includes exchanged model updates in frameworks like FedAvg or FedProx, as well as any synthetic
data generated during procedures such as those in FedDM.

Adversarial Capability The attacker is assumed to have substantial computational resources and
access to auxiliary data that closely resembles the distribution of the original dataset T . This enables
the adversary to construct shadow models and perform visual comparisons or similarity analyses on
generated outputs.

3.3 VISUAL PRIVACY LEAKAGE IN THE ”REAL-DATA MODE”

In the process of applying the
DCDM method from machine
learning to federated learning,
many studies(Xiong et al., 2023;
Holland et al., 2024) continue
to adopt the pattern design from
DCDM, namely the real-data mode
and random mode — where real
data or random noise is used as
the initial template for generating
synthetic data. Each client synthe-
sizes ipc pieces of synthetic data
for each class of data.
However, our experimental results
indicate that the real-data mode
can lead to visual privacy leakage.
The explanation for each hyperpa-
rameter in Table 1 is provided in
Appendix A.5.
We conducted a visual privacy
analysis of the synthetic images
generated by DCDM. Table 1
shows the visual results of syn-
thetic data generated for the same
class by one client using real data
as initial synthetic data template.

Table 1: Visual privacy analysis of DCDM on the CIFAR10
dataset, showing synthetic results for the ”dog” class under
different settings.

Epochs
Rs 1 0.10 0.01
|T | 1 10 100 10 100 1000 100 1000
ipc 1 10 100 1 10 100 1 10

10

i 1 4 7 10 13 16 19 22

S0

T0

TL2
|L2| 0.0 0.0 0.0 38.54 8.12 0.25 41.44 8.05

100

i 2 5 8 11 14 17 20 23

S0

T0

TL2
|L2| 0.0 0.0 0.0 54.54 21.28 1.90 56.45 21.49

1000

i 3 6 9 12 15 18 21 24

S0

T0

TL2
|L2| 0.0 0.0 0.0 66.66 26.27 4.82 68.79 26.58

Below Table 1, we provide explanations for each parameter used in the experiments. Based on our
experiments, we have the following observations:

3
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1. According to experiments 1-9, it is observed that when the quantity of synthetic images
equals that of real images, regardless of the number of epoch iterations performed, the syn-
thetic images completely match the actual data templates of the real images. In scenarios
where ipc is equal to or close to |T | (e.g. ipc= |T | = 10), which is common in Non-
IID settings within federated learning, the synthetic data uploaded by clients approximates
their real data as long as ipc is approximately equal to |T |. This approximation violates the
principle of preserving privacy in federated learning. In the process of applying the DCDM
method to HFL, it is understandable to continue using the IPC design. In DCDM, ipc was
designed as a hyperparameter because ipc is much smaller than |T |. However, when trans-
ferring this design from machine learning to federated learning, it is easy to overlook that
the ratio between ipc and |T | has shifted, leading to potential privacy breaches. Our work
identifies and verifies this subtle loophole.

2. Based on experiments 11, 14, and 17, we observe that under the condition of Rs = 0.1,
different values of ipc lead to different visual privacy outcomes. Specifically, keeping Rs
constant, generating 1 image at a time results in better visual privacy compared to generat-
ing 10 or 100 images at a time.

3. The findings from experiments 12 and 21 reveal that, even when the L2 distance between
synthetic images and their corresponding template images is significantly large, the tem-
plate images remain the closest to the synthetic images compared to other real images. This
observation suggests that synthetic images preserve certain characteristics of the original
template images. Under edge computing conditions, where the computational power of
client devices is limited and restricts the number of synthesis iteration epochs, if a server
acts as a semi-honest attacker with access to an initial template sample used for generat-
ing synthetic data, it could perform MIA without the need to train shadow models. In this
scenario, the server could rely solely on the L2 distance and visual inspection to execute
such attacks. These results also highlight that using real data as templates for synthetic data
generation is inadequate for ensuring privacy protection.

3.4 UTILITY LOSS IN THE ”RANDOM MODE”

Using random noise images as initial templates,
DCDM in federated learning leads to low train-
ing accuracy and non-convergence issues. Our
experiments have demonstrated this point, as
shown in Table 2 and Figure 2, which illustrate
performance across various dimensions when
using random noise versus real data as the ini-
tial template for the generation of synthetic data
within FedDM(Xiong et al., 2023). The basic
experimental parameters are also annotated.
It can be observed that employing random noise
as the initial template achieves slightly bet-
ter privacy protection measured by MIA com-
pared to using real data. However, its per-
formance across other dimensions is inferior.
As discussed previously, utilizing real data as
the initial template poses visual privacy con-
cerns. Naturally, this prompts us to seek a novel
method for generating the initial template for
synthetic data.

4 METHODOLOGY

To address the challenges of privacy leakage and
high computational costs in FDCDM, we pro-
pose FedSumUp, a novel framework that elim-
inates the need for client-side training. As il-
lustrated in Figure 1, our approach migrates
the entire data synthesis and optimization pro-
cess to the server, requiring clients to only up-
load lightweight, privacy-preserving data sum-
maries.

Table 2: Performance and Configuration of Fed-
erated Learning Experiment

(a) Experimental Performance

Metric Random Template Real Template
ACC 0.3833 0.4495

MIA ACC 0.4747 0.5055
Client Time (s) 3000 1300

(b) Experimental Configuration

FL Algorithm Dataset Number of Clients
FedDM CIFAR10 10
Model Batch Size Dirichlet α

Convnet 256 0.30
Rounds Learning Rate IPC

Early Stopping 0.01 5
Synth LR Synth Epochs Server Epochs

1 200 50

Figure 2: Test accuracy in different communi-
cation rounds

4
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4.1 OUR INNOVATIONS

FedSumUp is not a simple integration of existing methods but a systematic restructuring aimed at
addressing the unresolved privacy-utility-efficiency trilemma in Federated Data Condensation with
Distribution Matching (FDCDM). Building upon the research foundations of CollabDM(Holland
et al., 2024) and FedSD2C(Zhang et al., 2024), we propose three fundamental innovations:

Theoretical Innovation We are the first to systematically reveal the risk of visual privacy leakage
in FDCDM, demonstrating that synthetic data generated through real-data templates exhibits a high
degree of visual similarity to the original data.

Framework Innovation We propose a client-training-free paradigm by migrating the entire syn-
thetic data optimization process to the server side. Clients only need to upload lightweight summary
information (VAE latent codes and mean feature vectors), reducing client-side computational load
by 90% compared to FedSD2C.

Algorithmic Innovation We design a two-phase server-side optimization process, Optimizing VAE
latent codes through Maximum Mean Discrepancy (MMD) loss to align the feature distributions of
synthetic and real data; Performing refined optimization on pixel-level synthetic data to enhance
model utility.

4.2 THE FEDSUMUP FRAMEWORK

Our framework consists of two main components: a lightweight client-side process for generating
data summaries and a server-side process for data condensation and global model training.

Client-Side Summary Generation Instead of performing costly local training, each client ex-
ecutes a simple, one-pass procedure. Given its local data, a client uses a pre-trained Variational
Autoencoder (VAE) to encode a small batch of images into compact latent codes. Simultaneously,
it calculates the mean of the feature embeddings for these images using the current global model.
Finally, the client transmits only these latent codes and the mean feature vectors to the server. This
process avoids sharing raw data or gradients, significantly reducing both privacy risks and computa-
tional load.

Algorithm 1 FedSumUp Client Algorithm (Per-Round)

Require:
1: TrainSet: Class-partitioned training data, TrainSet[c] for class c;
2: Model: Client-side local ML model;
3: VAE: Variational autoencoder for data encoding;
4: x: Random set from TrainSet[c];
5: y: Labels of x;
6: ipc: Number of samples in x, ipc = |x|;
7: Round: Current round number;
8: GlobalModel: Server-sent global model.
9: if Round == 1 then

10: Model← RandomInitialize(Model)
11: else
12: Model← GlobalModel
13: end if

▷ Data Processing:
14: for all c ∈ Classes do
15: x← RandomSelection(TrainSet[c], ipc)
16: y ← GetLabels(x)
17: cTensor← encode(VAE, x)
18: Fd ← embed(Model, x)
19: MeanOfFeature← 1

|Fd|
∑

Fd

20: CoreTensor← CoreTensor ∪ {cTensor}
21: MeanOfFeatures← MeanOfFeatures ∪ {MeanOfFeature}
22: Labels← Labels ∪ {y}
23: end for

▷ Data Transmission:
24: Send {CoreTensor,Labels,MeanOfFeatures} to server

Server-Side Data Condensation and Global Training The server receives the compact sum-
maries from all participating clients. It then performs a two-phase optimization process to generate

5
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a small, high-fidelity synthetic dataset. In the first phase, it optimizes the latent codes to align the
feature distribution of the decoded data with the mean feature vectors provided by the clients. In the
second phase, it directly optimizes the pixel values of the decoded images for further refinement.
Once this high-quality synthetic dataset is generated and aggregated, it is used to train the global
model for the next round.
Algorithm 2 FedSumUp Server Algorithm (Per-Round)

Require:
Model: Server-side machine learning model;
VAE: A variational autoencoder used for data encoding;
ηc: Learning rate for updating zi;
Si: A set of condensed data for clienti;
S: A set that accumulates condensed data from all clients;
Y : Labels for S;
MF : Mean of features extracted from the original client data;
Fi: Features of the generated samples using the global model;
E1: Epochs to optimize zi;
E2: Epochs optimizing Si after decoding.

▷ Merge and Data Condensation Process:
1: for all clienti ∈ clients do
2: MFi ← MeanOfFeatures from clienti
3: zi ← CoreTensor from clienti
4: yi ← Labels from clienti

▷ (Phase 1): Optimize latent code zi
5: for epoch = 0 to E1 do
6: Si ← decode(VAE, zi)
7: Fi ← embed(Model, Si)

8: L =
∥∥∥MFi − 1

|Fi|
∑

Fi

∥∥∥2
9: zi ← zi − ηc∇ziL

10: end for
▷ (Phase 2): Decode and optimize sample Si

11: Si ← decode(VAE, zi)
12: for epoch = 0 to E2 do
13: Fi ← embed(Model, Si)

14: L =
∥∥∥MFi − 1

|Fi|
∑

Fi

∥∥∥2
15: Si ← Si − ηc∇SiL
16: end for
17: S append Si
18: Y append yi
19: end for
20: Train Model using {S, Y }
21: Send updated Model to all clients

The detailed step-by-step breakdown of both client and server algorithms are provided in Ap-
pendix A.1.

5 EXPERIMENT

The parameters used in this experimental section are as follows:

Federated Learning (FL) Algorithms: Six FL algorithms are compared, categorized into three
types: model parameter uploading methods FedAvg (McMahan et al., 2017), FedProx (Li et al.,
2020); federated data condensation methods FedDM (Xiong et al., 2023), FedSD2C (Zhang et al.,
2024), CollabDM (Holland et al., 2024); and methods for resource-constrained devices CollabDM
(Holland et al., 2024).
Datasets: Three commonly adopted datasets are utilized: CIFAR10, MNIST, and FashionMNIST.

Experimental Setup: A total of 10 clients participate in the federated learning process by default.
The experiments are conducted using the ConvNet architecture, with each client employing a batch
size of 256 during training. Data heterogeneity among clients is controlled by a Dirichlet distri-
bution with α = 0.5, indicating moderate non-IID (non-independent and identically distributed)
characteristics. The server-side learning rate for training the global model is set to 0.01.

6
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Training Termination: The number of communication rounds is determined by an early stopping
mechanism. For multi-round algorithms, training is terminated if the global model’s accuracy im-
proves by less than 1 percent compared to the previous round, ensuring efficient resource utilization
for constrained clients.
Evaluation Metrics: Accuracy (ACC) and Membership Inference Attack Accuracy (MIA ACC) are
reported with four decimal places, while total client training time is presented with two significant
figures.

Special Configurations: FedDM and CollabDM use real data as synthesis templates. In the pro-
posed method, the number of images per class (ipc) is set to 300 by default, and the number of
optimization steps for synthesizing data is set to 200.

More detailed experimental configurations can be found in the default settings of the submitted
source code repository. We analyzed the sensitivity of key hyperparameters, including IPC, E1, and
E2, to validate our model’s stability. The full analysis is provided in Appendix A.2.

5.1 BASELINES

Our proposed method, FedSumUp, demonstrates superior performance across multiple datasets,
including MNIST, FashionMNIST, and CIFAR10, compared to other baseline approaches.

Table 3: Baselines

Dataset Method ACC MIA ACC Client Time(s) Visual Privacy Leakage
FedAvg 0.9847 0.6508 2000 -
FedProx 0.9794 0.6473 2700 -
FedDM 0.9864 0.6416 240 True

MNIST FedSD2C 0.9886 0.5355 3100 False
CollabDM 0.9439 0.6337 280 True

FedSumUp(Ours) 0.9883 0.5076 190 False
FedAvg 0.8954 0.6349 2000 -
FedProx 0.8891 0.6388 2100 -
FedDM 0.8676 0.6337 240 True

FashionMNIST FedSD2C 0.872 0.4764 3300 False
CollabDM 0.8420 0.5607 300 True

FedSumUp(Ours) 0.8541 0.4543 240 False
FedAvg 0.6311 0.58 3400 -
FedProx 0.6026 0.568 3000 -
FedDM 0.5911 0.5488 330 True

CIFAR10 FedSD2C 0.5927 0.5223 2500 False
CollabDM 0.3876 0.4421 280 True

FedSumUp(Ours) 0.5621 0.5138 280 False

The results, summarized in Table 3, highlight FedSumUp’s advantages. On all datasets, our method
achieves a balance of utility, privacy, and efficiency. Notably, on MNIST, FedSumUp reduces
client-side time to just 190s (a 10x improvement over FedAvg) and lowers MIA ACC to a near-
random 0.5076, demonstrating strong privacy preservation with competitive model accuracy. While
FedSD2C achieves comparable privacy and utility, our approach is over 15x more efficient on the
client-side.

5.2 SYNTHETIC DATA VISUALIZATION

In this section, we present a comprehensive visualization of the synthetic data generated by Fed-
SumUp, aiming to provide both global and local insights into how the synthetic samples relate to the
original client data. This helps us understand not only the overall distributional alignment between
real and synthetic data but also the fine-grained structural differences that are critical for privacy
preservation.

Figure 3 presents a UMAP projection of the original and synthetic data from the FashionMNIST
dataset. In sub-figure (a), which corresponds to the initial stage where only the latent space is opti-
mized, we observe a noticeable discrepancy between the distributions of the original and synthetic
data. This indicates that the synthetic samples have not yet closely aligned with the structure of the
true data.
However, in sub-figure (b), after further optimizing both the latent representations and the decoded
pixel values, the synthetic data becomes more tightly clustered around the original data points,
showing improved alignment in terms of global distribution and class-wise clustering patterns. This
demonstrates the effectiveness of our multi-stage optimization strategy in enhancing the realism of
synthetic data while preserving semantic consistency.

7
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Figure 3: UMAP visualization for FashionMNIST. The semi-transparent circles represent the distri-
bution of original data, and the opaque pentagrams represent the distribution of synthetic data. (a)
shows the data distribution after optimizing only the latent space, and (b) shows the distribution after
further optimizing both the latent space and the decoded pixel values.

While the UMAP plot offers a macro-level view of the data distribution, it does not reveal how
individual synthetic samples compare to their original counterparts at the image level. To address
this, we conduct a fine-grained visual comparison in Table 4, focusing on several representative
classes from the FashionMNIST dataset.
In this experiment, S0 represents synthetic data, T0 denotes the original data corresponding to the
synthetic data, and Tv signifies the intermediate process data obtained after encoding the original
data, optimizing it, and then decoding. Further optimization of S0 is performed using Tv . TL2 refers
to the data with the smallest L2 distance from S0 among all similar data.

The purpose of presenting this table is to demonstrate that when the server receives synthetic data
generated by the FedSumUp algorithm, it cannot accurately determine whether its own samples are
included in the synthetic data using the methods mentioned earlier. This effectively resists member-
ship inference attacks (MIA) conducted by the server through visual privacy.

Table 4: synthetic and original data visualization for FashionMNIST

Class T0 Tv TL2 S0 Class T0 Tv TL2 S0

0 5
10.46 5.48 7.05 L2 14.38 7.40 13.71 L2

1 6
13.64 6.76 11.90 L2 8.44 5.86 8.27 L2

2 7
13.35 6.67 9.79 L2 11.85 7.81 11.00 L2

3 8
10.65 6.65 9.65 L2 14.11 7.68 12.00 L2

4 9
9.76 6.19 9.65 L2 10.61 5.51 8.74 L2

Additionally, this table intuitively explains why FedSumUp can resist MIA based on training shadow
models. The principle of MIA is to judge whether a sample was used for training based on abnor-
mal outputs from the trained model. In other words, for a data sample Di, its personalized features
(i.e., features not present in other data of the same category as Di) assist attackers in conducting
MIA. From the four images in class 8, we can observe that the personalized patterns in the center
of the handbag (patterns not possessed by all bags) are eliminated after the FedSumUp synthetic
data process. This indicates that the FedSumUp process helps remove personalized features of the
data while retaining common features beneficial for image recognition among similar data. Conse-
quently, it achieves significant enhancement in privacy protection against MIA with minimal loss of
utility.

This theory also explains why FedSumUp exhibits a greater decline in utility performance compared
to FedAvg on CIFAR10 relative to MNIST and FashionMNIST. Since CIFAR10 is more complex
than MNIST and FashionMNIST, during the VAE encoding, optimization, and decoding processes in

8
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FedSumUp, not only are the personalized features that leak privacy removed, but also some common
features of the data are eliminated.

5.3 NON-IID STUDY

Table 5: Performance comparison of different methods under varying Non-IID settings on the
CIFAR-10 dataset.

alpha Method ACC MIA ACC Client Time(s) Visual Privacy Leakage
FedProx 0.0994 0.4697 470 -

0.01 FedDM 0.4809 0.525 65 True
FedSumUp(Ours) 0.5401 0.499 130 False

FedProx 0.2794 0.4825 1500 -
0.1 FedDM 0.5331 0.5383 200 True

FedSumUp(Ours) 0.5289 0.5071 130 False
FedProx 0.6083 0.5732 2900 -

0.3 FedDM 0.5959 0.5586 320 True
FedSumUp(Ours) 0.581 0.5093 260 False

FedProx 0.6026 0.568 3800 -
0.5 FedDM 0.5911 0.5488 330 True

FedSumUp(Ours) 0.5621 0.5138 280 False
FedProx 0.6571 0.5884 3300 -

1 FedDM 0.6339 0.5714 250 True
FedSumUp(Ours) 0.5883 0.5213 370 False

The performance under varying degrees of non-IID data is shown in Table 5. Our method, Fed-
SumUp, demonstrates superior robustness in challenging scenarios. For example, in the extreme
non-IID setting (α = 0.01), FedSumUp’s accuracy of 0.5401 significantly surpasses both FedProx
(0.0994) and FedDM (0.4809). Furthermore, it consistently maintains low MIA ACC across all
settings, preserving client privacy. In terms of efficiency, FedSumUp strikes an excellent balance,
avoiding the prohibitive computational costs incurred by methods like FedProx in heterogeneous
environments (e.g., 3800s at α = 0.5).

5.4 ADDITIONAL EXPERIMENTS

Ablation Study To validate our key design choices, we conducted a comprehensive ablation study.
The results demonstrate that migrating the optimization process to the server-side is the most critical
factor for reducing client-side computation, achieving a 90% time reduction with minimal impact
on model accuracy. The detailed step-by-step analysis is presented in Appendix A.3.

Scalability We also verified our method’s scalability with up to 100 clients. FedSumUp consis-
tently maintained superior efficiency and privacy protection as the number of clients grew, outper-
forming baselines like FedAvg and FedDM in balancing these metrics. Detailed scalability results
are available in Appendix A.4.

6 CONCLUSION AND FUTURE WORKS

We introduced FedSumUp, a novel client-zero-training framework for FDCDM that resolves the
critical privacy-utility dilemma in prior works. By migrating optimization to the server, FedSumUp
protects user privacy and drastically reduces client computation while maintaining high utility and
non-IID robustness. Future work will explore more advanced privacy attacks and the design of
personalized VAEs, as well as promote the application of FedSumUp in text processing tasks and
large model domains. We also advocate for the systematic evaluation of data similarity in all fu-
ture synthetic-data-based FL research.Our future directions include exploring more attack methods
to evaluate privacy preservation in federated data condensation, training personalized VAEs with
improved privacy-utility trade-off objectives, and encouraging systematic evaluation of synthetic-
real data similarity in synthetic-data-based federated learning; additionally, we highlight two guid-
ing principles for federated data condensation: shifting computation to the server under resource
constraints and enabling user-defined privacy with provider-defined utility to balance privacy and
performance.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Nicholas Carlini, Steve Chien, Milad Nasr, Shuang Song, Andreas Terzis, and Florian Tramer. Mem-
bership inference attacks from first principles. In 2022 IEEE symposium on security and privacy
(SP), pp. 1897–1914. IEEE, 2022.

George Cazenavette, Tongzhou Wang, Antonio Torralba, Alexei A Efros, and Jun-Yan Zhu. Dataset
distillation by matching training trajectories. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pp. 4750–4759, 2022.

Tian Dong, Bo Zhao, and Lingjuan Lyu. Privacy for free: How does dataset condensation help
privacy? In International Conference on Machine Learning, pp. 5378–5396. PMLR, 2022.

Dashan Gao, Canhui Wu, Xiaojin Zhang, Xin Yao, and Qiang Yang. Secure dataset condensation
for privacy-preserving and efficient vertical federated learning. In Joint European Conference on
Machine Learning and Knowledge Discovery in Databases, pp. 212–229. Springer, 2024.

William Holland, Chandra Thapa, Sarah Ali Siddiqui, Wei Shao, and Seyit Camtepe. One-shot
collaborative data distillation. arXiv preprint arXiv:2408.02266, 2024.

Tian Li, Anit Kumar Sahu, Manzil Zaheer, Maziar Sanjabi, Ameet Talwalkar, and Virginia Smith.
Federated optimization in heterogeneous networks. Proceedings of Machine learning and sys-
tems, 2:429–450, 2020.

Zheng Li and Yang Zhang. Advancing membership inference attacks: The present and the future.
Security and Safety, 4:2024017, 2025.

Ping Liu, Xin Yu, and Joey Tianyi Zhou. Meta knowledge condensation for federated learning.
arXiv preprint arXiv:2209.14851, 2022.

Brendan McMahan, Eider Moore, Daniel Ramage, Seth Hampson, and Blaise Aguera y Arcas.
Communication-efficient learning of deep networks from decentralized data. In Artificial intelli-
gence and statistics, pp. 1273–1282. PMLR, 2017.

Timothy Nguyen, Zhourong Chen, and Jaehoon Lee. Dataset meta-learning from kernel ridge-
regression. arXiv preprint arXiv:2011.00050, 2020.

Timothy Nguyen, Roman Novak, Lechao Xiao, and Jaehoon Lee. Dataset distillation with infinitely
wide convolutional networks. Advances in Neural Information Processing Systems, 34:5186–
5198, 2021.

Renjie Pi, Weizhong Zhang, Yueqi Xie, Jiahui Gao, Xiaoyu Wang, Sunghun Kim, and Qifeng
Chen. Dynafed: Tackling client data heterogeneity with global dynamics. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 12177–12186, 2023.

Reza Shokri, Marco Stronati, Congzheng Song, and Vitaly Shmatikov. Membership inference at-
tacks against machine learning models. In 2017 IEEE symposium on security and privacy (SP),
pp. 3–18. IEEE, 2017.

Rui Song, Dai Liu, Dave Zhenyu Chen, Andreas Festag, Carsten Trinitis, Martin Schulz, and Alois
Knoll. Federated learning via decentralized dataset distillation in resource-constrained edge envi-
ronments. In 2023 International Joint Conference on Neural Networks (IJCNN), pp. 1–10. IEEE,
2023.

Kai Wang, Bo Zhao, Xiangyu Peng, Zheng Zhu, Shuo Yang, Shuo Wang, Guan Huang, Hakan
Bilen, Xinchao Wang, and Yang You. Cafe: Learning to condense dataset by aligning features.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
12196–12205, 2022.

Tongzhou Wang, Jun-Yan Zhu, Antonio Torralba, and Alexei A Efros. Dataset distillation. arXiv
preprint arXiv:1811.10959, 2018.

Yuanhao Xiong, Ruochen Wang, Minhao Cheng, Felix Yu, and Cho-Jui Hsieh. Feddm: Itera-
tive distribution matching for communication-efficient federated learning. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 16323–16332, 2023.

Qiang Yang, Yang Liu, Yong Cheng, Yan Kang, Tianjian Chen, and Han Yu. Horizontal Fed-
erated Learning, pp. 49–67. Springer International Publishing, Cham, 2020. ISBN 978-3-
031-01585-4. doi: 10.1007/978-3-031-01585-4 4. URL https://doi.org/10.1007/
978-3-031-01585-4_4.

10

https://doi.org/10.1007/978-3-031-01585-4_4
https://doi.org/10.1007/978-3-031-01585-4_4


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Ruonan Yu, Songhua Liu, and Xinchao Wang. Dataset distillation: A comprehensive review. IEEE
transactions on pattern analysis and machine intelligence, 46(1):150–170, 2023.

Ruonan Yu, Songhua Liu, Jingwen Ye, and Xinchao Wang. Teddy: Efficient large-scale dataset
distillation via taylor-approximated matching. In European Conference on Computer Vision, pp.
1–17. Springer, 2024.

Jie Zhang, Xiaohua Qi, and Bo Zhao. Federated generative learning with foundation models. arXiv
preprint arXiv:2306.16064, 2023.

Junyuan Zhang, Songhua Liu, and Xinchao Wang. One-shot federated learning via synthetic
distiller-distillate communication. arXiv preprint arXiv:2412.05186, 2024.

Xiaojin Zhang, Hanlin Gu, Lixin Fan, Kai Chen, and Qiang Yang. No free lunch theorem for security
and utility in federated learning. ACM Transactions on Intelligent Systems and Technology, 14
(1):1–35, 2022.

Bo Zhao and Hakan Bilen. Dataset condensation with distribution matching. In Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer Vision, pp. 6514–6523, 2023.

Bo Zhao, Konda Reddy Mopuri, and Hakan Bilen. Dataset condensation with gradient matching.
arXiv preprint arXiv:2006.05929, 2020.

Yanlin Zhou, George Pu, Xiyao Ma, Xiaolin Li, and Dapeng Wu. Distilled one-shot federated
learning. arXiv preprint arXiv:2009.07999, 2020.

A APPENDIX

A.1 DETAILED ALGORITHMS AND METHODOLOGY

Model Initialization or Update In the first round, the client initializes its local model randomly.
In subsequent rounds, it receives and adopts the updated global model from the server.

Class-wise Data Processing For each class c, a subset x of size ipc is randomly sampled from
TrainSet[c] with corresponding labels y. The samples x are encoded via a Variational Autoencoder
(VAE) into compact latent representations stored in cTensor. The original samples x are passed
through the local model, and feature embeddings are extracted using the embed function; the
average feature vector per class is computed and stored in MeanOfFeatures. True labels y are
collected directly.

Aggregation Encoded tensors, averaged features, and labels are aggregated into three lists:
CoreTensor, MeanOfFeatures, and Labels, respectively.

Data Transmission After processing all classes, the client sends the aggregated data {CoreTensor,
Labels, MeanOfFeatures} to the central server. No raw data, gradients, or model parameters are
transmitted, enhancing privacy and reducing bandwidth consumption.

Data Condensation Process (per client) For each client clienti, the server retrieves its feature
mean MF , core tensor zi, and labels yi. In Phase 1, the latent code zi is optimized over E1 epochs
by minimizing the discrepancy between the original feature mean MF and the average feature rep-
resentation of decoded samples:

L =

∥∥∥∥MFi −
1

|Fi|
∑

Fi

∥∥∥∥2
where Fi is obtained by embedding the decoded samples Si = decode(VAE, zi) through the global
model. The latent code is updated via gradient descent:

zi ← zi − ηc∇ziL

In Phase 2, after decoding zi into Si, the synthesized samples are refined over E2 epochs using the
same loss function, optimizing the pixel space directly:

Si ← Si − ηc∇SiL
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Aggregation After refining each client’s latent code and generating synthetic samples Si, the
server aggregates all samples into a unified dataset S and their corresponding labels into Y .

Global Model Training The global model is trained on the aggregated condensed dataset {S, Y },
distilling knowledge from all clients without accessing private data. After training, the updated
global model is broadcast back to clients for the next communication round.

A.2 HYPERPARAMETER ANALYSIS

In this section, we analyze the impact of three key hyperparameters—IPC (Images Per Class), E1
(VAE encoding optimization rounds), and E2 (synthetic data optimization rounds)—on model per-
formance using the CIFAR10 dataset. The goal is to clarify how these parameters affect accuracy,
privacy risk (measured by membership inference attack accuracy, MIA ACC), and computational
cost on the client side.

A.2.1 IPC (IMAGES PER CLASS)
IPC refers to the number of synthetic images
generated per class per client. As shown in
Figure 4, increasing IPC generally leads to
improved model accuracy (ACC). This is ex-
pected, as more synthetic samples provide
richer information for model training, en-
hancing generalization ability. On the other
hand, the MIA ACC remains relatively stable
across different IPC values, indicating that
changes in IPC do not significantly affect the
privacy leakage risk. However, a higher IPC
value increases the client-side computation
time due to the larger volume of data that
needs to be processed and optimized.

Figure 4: Impact of IPC on ACC, MIA ACC, and
client-side processing time.

A.2.2 E1 (VAE ENCODING OPTIMIZATION ROUNDS)
E1 denotes the number of optimization iter-
ations applied during the encoding phase of
the variational autoencoder for synthetic data
generation. As illustrated in Figure 5, ex-
perimental results indicate that both accuracy
and membership inference attack accuracy
fluctuate with changes in E1 values. Cer-
tain E1 values can achieve optimal accuracy
(e.g., E1=450), which suggests that moderate
encoding optimization can improve the qual-
ity of latent representations, thus benefiting
downstream learning tasks. Similarly, mem-
bership inference attack accuracy also varies
with E1, indicating that the encoding opti-
mization process impacts privacy protection.

Figure 5: Impact of E1 on ACC and MIA ACC.

A.2.3 E2 (SYNTHETIC DATA OPTIMIZATION ROUNDS)

E2 indicates the number of optimization it-
erations directly applied to the synthetic data
after decoding from the variational autoen-
coder. As depicted in Figure 6, our exper-
iments show that both accuracy and mem-
bership inference attack accuracy fluctuate
with E2. Accuracy reaches a local maximum
when E2 is 150, whereas privacy leakage risk
peaks at E2=400.

Figure 6: Impact of E2 on ACC and MIA ACC.
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A.3 ABLATION STUDY

To validate the effectiveness of each improvement in FedSumUp, we start from the original method
FedSD2C and progressively introduce different modules. We compare their performance on the
CIFAR-10 dataset. Through this series of ablation experiments, we analyze the impact of each
key component on model accuracy (ACC), privacy risk measured by membership inference attack
accuracy (MIA ACC), and client-side computational cost (Client Time).

1. Original FedSD2C Method
As a baseline, FedSD2C performs local training on clients and uses soft labels with KL
divergence loss for knowledge distillation. Synthetic data generation relies on core sam-
ple selection, Fourier perturbation mechanism, and latent space optimization of the VAE
encoder on the client side.

2. Remove Client Training + Use Hard Labels + Replace KL Loss with Cross-Entropy
(CancelTrain)
We first removed the local model training process on the client side, replaced soft labels
with hard labels, and substituted the KL divergence loss used during server-side training
with cross-entropy loss. This change reduced client-side computation but led to a drop in
overall accuracy (from 0.5927 to 0.4934), indicating that local training still has some value.

3. Random Selection Instead of Core Set Selection (RandomSet)
Replacing the importance-based core sample selection strategy with random sampling re-
sulted in improved performance (ACC = 0.5157). This suggests that the core sample selec-
tion has little effect on synthetic data quality.

4. Remove Fourier Perturbation (NoFourier)
Removing the Fourier noise perturbation mechanism slightly increased model accuracy
(ACC = 0.5181), while decreasing MIA accuracy. This indicates that the perturbation
affects model learning to some extent but helps reduce privacy leakage risk.

5. Move Synthetic Data Optimization to Server Side (ServerSideOpt)
Transferring the originally client-side synthetic data optimization to the server side signifi-
cantly reduced client-side runtime (down to only 85s), without sacrificing model accuracy
(ACC = 0.5187).

6. Add Direct Optimization in Image Space (ImageOpt)
Building upon latent space optimization in the VAE, we added direct pixel-level optimiza-
tion on the decoded image space, which further improved synthetic data quality while main-
taining stable model performance.

7. Multi-Round Synthetic Data Optimization (Final Version: FedSumUp)
Finally, based on all the above improvements, we extended single-round synthetic data
optimization into a multi-round iterative framework, forming the complete FedSumUp
method. It achieves a high accuracy of 0.5621, maintains low privacy risk (MIA ACC =
0.5138), and keeps client-side time at a relatively low level (280s).

This ablation study demonstrates that FedSumUp is formed through systematic improvements over
FedSD2C. These enhancements include removing client-side training, adopting hard labels and
cross-entropy loss, using random sample selection, eliminating Fourier perturbation, centralizing
optimization tasks on the server, introducing image-space optimization, and applying multi-round
synthesis strategies. As a result, FedSumUp emerges as a new federated learning approach that
balances client efficiency, strong model accuracy, and robust privacy protection.

Table 6: Performance comparison of different variants of FedSD2C on CIFAR-10, including accu-
racy (ACC), membership inference attack accuracy (MIA ACC), and client-side execution time in
seconds.

Progress ACC MIA ACC Client Time(s)
FedSD2C 0.5927 0.5223 3100

CancelTrain 0.4934 0.5103 2700
RandomSet 0.5157 0.5176 2700
NoFourier 0.5181 0.5076 2700

ServerSideOpt 0.5187 0.5088 85
ImageOpt 0.5137 0.5107 90

MultiRounds(FedSumUp) 0.5621 0.5138 280
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A.4 SCALABILITY STUDY

In this experiment, we evaluated the performance of three methods (FedAvg, FedDM, and Fed-
SumUp) under different numbers of clients, focusing on three key metrics: model accuracy (ACC),
privacy protection level (Privacy Score), and average training time per client (Client Time). The
experiments were conducted with varying numbers of clients: 1, 10, 30, 50, and 100, to study the
scalability of the algorithms under different system loads.

Table 7: Complete scalability study results.

No. of Clients Method ACC MIA ACC Client Time(s) Visual Privacy Leakage
FedAvg 0.7934 0.6839 1000 -

1 FedDM 0.4773 0.5216 40 Ture
FedSumUp(Ours) 0.5286 0.5114 150 False

FedAvg 0.6334 0.5794 3400 -
10 FedDM 0.5911 0.5488 320 Ture

FedSumUp(Ours) 0.5621 0.5138 280 False
FedAvg 0.525 0.545 1500 -

30 FedDM 0.6854 0.5932 1000 Ture
FedSumUp(Ours) 0.5929 0.5232 440 False

FedAvg 0.5984 0.5703 2500 -
50 FedDM 0.7114 0.6202 1800 Ture

FedSumUp(Ours) 0.5814 0.5173 560 False
FedAvg 0.6091 0.5761 4300 -

100 FedDM 0.731 0.6395 2300 Ture
FedSumUp(Ours) 0.5771 0.5241 730 False

From the results, it can be observed that as the number of clients increases, FedAvg exhibits sig-
nificant fluctuations in accuracy and a notable increase in client training time, indicating potential
performance bottlenecks in large-scale deployments. FedDM performs well in terms of accuracy,
achieving the highest ACC value with a larger number of clients. However, its Privacy Score is
relatively high, implying weaker privacy protection. Moreover, the client training time of FedDM
is significantly higher than that of FedSumUp. Additionally, as previously discussed, FedDM suf-
fers from visual privacy leakage in realistic settings, which poses a critical drawback in terms of
privacy preservation. In contrast, our proposed method, FedSumUp, significantly outperforms the
other two methods in terms of Client Time while maintaining a low Privacy Score, demonstrating
its advantage in balancing efficiency and privacy protection. Although the accuracy of FedSumUp
is slightly lower than that of FedDM, its overall comprehensive performance makes it more suitable
for deployment in real-world large-scale distributed environments.

A.5 EXPLANATION OF HYPERPARAMETERS FOR TABLE 1

Table 8: Explanation of hyperparameters used in the visual privacy analysis (Table 1).

Parameter Explanation
i Experiment ID
Epoches How many steps the optimizer iterates over the dataset to synthesize im-

ages
Rs The proportion of synthesized images relative to real images
T The set of real images used for synthesizing images, with all images in

T belonging to the same category
|T | The size of the set T
ipc Synthesized Image per Class (IPC), defined as ipc = |T |×Rs, indicating

the number of synthesized images generated for each class.
S0 The synthesized image with index 0, referring to the first synthesized

image in the sequence
T0 The real image used as a template to synthesize S0
TL2 The image within T that is closest to S0 in terms of L2 distance
|L2| Measures the L2 distance between TL2 and S0

A.6 VAE MODEL GENERALITY AND PRE-TRAINING

To clarify the nature of the Variational Autoencoder (VAE) used in the FedSumUp framework, we
address a potential question regarding its implementation and dataset dependency.

Question: Is the VAE model used in FedSumUp specifically trained or fine-tuned on the down-
stream task datasets (e.g., CIFAR10, MNIST)? Does using this VAE introduce additional training
overhead on the client side or require knowledge of the client’s data distribution beforehand?

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Answer: No. The VAE employed in our framework is a general-purpose, pre-trained model that
is entirely independent of the specific datasets used in our federated learning experiments. We use a
single, fixed VAE that was trained beforehand on a large-scale, public image dataset, and its weights
remain frozen throughout all experiments.

This design is a deliberate and critical aspect of FedSumUp for two primary reasons:

• Alignment with Zero Client-Side Training: Our core contribution is to eliminate the
training burden on client devices. Requiring clients to train or fine-tune a VAE would
contradict this principle. By providing a ready-to-use, pre-trained VAE, we ensure the
client-side process remains lightweight, involving only a simple one-pass encoding.

• Enhanced Privacy and Generality: Training a VAE on specific client data could inadver-
tently cause it to memorize features of that private data, creating a potential privacy risk.
Using a universal, pre-trained VAE avoids this issue. It acts as a common, public feature
transformation tool that does not depend on any single client’s data distribution, thereby
strengthening the privacy-preserving nature of our framework.

In summary, the VAE functions as a universal data encoder and decoder. Its parameters are not part
of the federated learning updates and are not adapted to any specific dataset, which reinforces the
efficiency, security, and scalability of our proposed method.

A.7 STATEMENT ON THE USE OF LARGE LANGUAGE MODELS (LLMS)

In compliance with the ICLR 2026 policy, we report the use of Large Language Models (LLMs) as
assistive tools in the preparation of this paper. The specific roles of the LLM are detailed below:

• Manuscript Polishing and Refinement: The LLM was employed to improve the overall
quality of the writing. This included correcting grammatical errors, rephrasing sentences
for better clarity and flow, and ensuring consistent terminology throughout the document.
It served as an advanced grammar and style checker.

• Algorithm Code Implementation: The LLM was used to assist in the practical imple-
mentation of our proposed algorithms. Its functions included generating boilerplate code
for data handling, translating high-level pseudocode into Python snippets, and offering sug-
gestions for debugging specific, isolated code segments.

We emphasize that all text and code generated by the LLM were critically reviewed, verified, and
extensively revised by the authors to ensure scientific accuracy, correctness, and originality. The
authors retain full responsibility for all content presented in this paper.
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