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Abstract

Federated learning (FL) has shown success in collaboratively
training a model among decentralized data resources with-
out directly sharing privacy-sensitive training data. Despite
recent advances, non-IID (non-independent and identically
distributed) data poses an inevitable challenge that hinders
the use of FL. In this work, we address the issue of non-IID
histopathological images with feature distribution shifts from
an intuitive perspective that has only received limited atten-
tion. Specifically, we address this issue from the perspective
of data distribution by solely adjusting the data distributions
of all clients. Building on the success of diffusion models
in fitting data distributions and leveraging stain separation
to extract the pivotal features that are closely related to the
non-IID properties of histopathological images, we propose
a Federated Stain Distribution Alignment (FedSDA) method.
FedSDA aligns the stain distribution of each client with a tar-
get distribution in an FL framework to mitigate distribution
shifts among clients. Furthermore, considering that training
diffusion models on raw data in FL has been shown to be sus-
ceptible to privacy leakage risks, we circumvent this problem
while still effectively achieving alignment. Extensive experi-
mental results show that FedSDA is not only effective in im-
proving baselines that focus on mitigating disparities across
clients’ model updates but also outperforms baselines that ad-
dress the non-IID data issues from the perspective of data dis-
tribution. We show that FedSDA provides valuable and prac-
tical insights for the computational pathology community.

Extended version — https://github.com/cctsai831/FedSDA

Introduction
Background
In recent years, advances in machine learning (ML) have
significantly improved the performance of computer-aided
diagnosis (CAD) systems (Chan, Hadjiiski, and Samala
2020; Maleki, Raahemi, and Nasiri 2023; Majumdar, Pra-
manik, and Sarkar 2023; Tsai, Chen, and Lu 2025; Raswa,
Lu, and Wang 2025), which aid clinicians in analyzing medi-
cal images (e.g., histopathological images) and making more
accurate and efficient decisions. Histopathological images
play an indispensable role in the CAD of cancerous dis-
eases (Mosquera-Lopez et al. 2015; Sun et al. 2020; Chen

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

(a) Inter-client feature distribution shifts

(b) Mitigating distribution shifts via stain
alignment

Figure 1: Illustration of two scenarios in FL. A model is col-
laboratively trained on histopathological images from mul-
tiple medical centers in a federated learning setting.

et al. 2017). However, due to noise, missing values, rarity
of certain diseases, cost issues, and privacy concerns, the
available data in a single medical center for training an ML
model is often limited, thereby affecting the performance of
the trained model. To enhance the potential of data-driven
ML models, collecting data from multiple medical centers
is an intuitive and practical approach to increase the volume
of data available for training models. However, the sensi-
tive nature of medical images hinders the adoption of this
approach.

To address this challenge and facilitate training, feder-
ated learning (FL) (McMahan et al. 2017), an emerging
collaborative training framework that enables training on
decentralized data from multiple medical centers without
directly sharing sensitive training data, demonstrates great
promise in addressing this hindrance. Despite the success
of FL in histopathological image analysis (Lu et al. 2022;
Adnan et al. 2022), non-IID (non-independent and identi-
cally distributed) data among clients still significantly deteri-
orates the performance of FL systems (Kairouz et al. 2021).
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This issue is particularly prevalent in FL settings that in-
volve training models on histopathological image data from
multiple medical centers (Bándi et al. 2019), as depicted in
Fig. 1a. Therefore, this issue warrants urgent attention. In
this work, we focus on non-IID data with feature distribu-
tion shifts (unless otherwise specified, non-IID data and dis-
tribution shifts refer to non-IID histopathological image data
and feature distribution shifts, respectively) (Li et al. 2021;
Zhou and Konukoglu 2023; Qu et al. 2022) rather than on
non-IID data with label distribution shifts (Deng, Luo, and
Chen 2023; Wu et al. 2023).

Here is a commonly encountered example in a real med-
ical center setting. Consider a model trained on data from
one medical center to detect cancerous lesions in histopatho-
logical images. However, when deployed in another medi-
cal center, the model struggles due to differences in stain-
ing protocols and image acquisition scanners, which cause
substantial chromatic variations across histopathological im-
ages (Gupta et al. 2020; Tellez et al. 2019). Even within the
same medical center, it is common for a scanner of a dif-
ferent brand to be purchased, which can cause the model to
not perform well in the histopathological images produced
by the new scanner. This poses a significant challenge that
hinders AI models from being portable and widely adopted
in practical use.

Motivation
Existing works primarily address non-IID data issues in FL
from the following two perspectives: (i) Optimization (Li
et al. 2020; Acar et al. 2021; Gao et al. 2022; Qu et al. 2022;
Fan et al. 2024; Dai et al. 2023; Karimireddy et al. 2020) and
(ii) Normalization (Li et al. 2021; Zhang et al. 2023; Kang
et al. 2024; Wagner et al. 2022; Shen et al. 2022). Despite
these efforts, little attention has been paid to addressing non-
IID data issues in FL solely from the perspective of data dis-
tribution (i.e., adjusting the data distributions of all clients to
mitigate non-IID data issues, as depicted in Fig. 1b). Among
the limited works in this direction, CCST (Chen et al. 2023)
is the one specifically proposed to address non-IID data is-
sues in FL by aligning each client’s data distribution with
those of all the other.

However, we have observed that CCST (Chen et al. 2023)
cannot preserve the structural information of histopatholog-
ical images well, as shown in Figs. 17 and 18 (in the Ap-
pendix). This motivates us to design a better method that
minimizes the loss of structural information. Since the core
issue of non-IID data lies in stain variations, a promising ap-
proach is to separate histopathological images into the part
containing stain-related information and the part containing
structural information and to modify only the stain-related
part while keeping the structural part unchanged. To achieve
such separation, we adopt stain separation (Vahadane et al.
2016). Then, we adjust the distributions of the stain matrices
to align the data distributions with each other, thereby ad-
dressing the non-IID data issues. However, in FL, stain sepa-
ration (Vahadane et al. 2016) cannot reconstruct histopatho-
logical images for alignment without access to the stains
from the other clients. To address this issue, we adopt a
diffusion model (Ho, Jain, and Abbeel 2020) trained using

FedAvg (McMahan et al. 2017) to fit the data distribution
collectively formed by all clients (i.e., target distribution).
Although this approach can achieve the goal, recent stud-
ies (Zhu et al. 2025; Gan, Miao, and Yang 2024) have shown
that training diffusion models on raw data via FedAvg car-
ries a high risk of privacy leakage. For example, communi-
cated gradients have been shown to leak private data under
certain training configurations (Zhu, Liu, and Han 2019).
Moreover, FedMIA (Zhu et al. 2025) can effectively de-
termine whether a specific data sample belongs to the pri-
vate dataset. However, among these threats, DataSteal (Gan,
Miao, and Yang 2024) is a method specifically designed for
diffusion models trained via federated learning and demon-
strates superior attack performance. To mitigate these pri-
vacy risks, we train the diffusion model on stain matrices
rather than raw data.

With all these concerns adequately addressed, we pro-
pose Federated Stain Distribution Alignment (FedSDA),
a method that aligns the stain distributions of all clients
in an FL system with each other, as depicted in Fig. 1b.
It is noteworthy that FedSDA shares a similar goal with
normalization-based methods (Jiang, Wang, and Dou 2022;
Li et al. 2021). However, FedSDA has the advantage of be-
ing aware of the structure of histopathological images and
the stain distribution of data, but normalization-based meth-
ods do not pay special attention to these aspects. Further-
more, FedSDA does not require additional processing dur-
ing testing, whereas normalization-based methods do.

Contributions
Our contributions are summarized as follows:
• We propose a federated stain distribution alignment

method that mitigates feature distribution shifts using a
diffusion model trained via federated learning, enabling
each client to access the stains of all the other clients.

• The proposed method circumvents the need to train the
diffusion model on raw data while still effectively achiev-
ing alignment, as direct training on raw data in FL has
been shown to be susceptible to privacy leakage risks.

• Extensive experimental comparisons demonstrate that
the proposed method not only improves the classification
performance of the baselines (Li et al. 2020; Qu et al.
2022; Fan et al. 2024) that focus on mitigating dispari-
ties across clients’ model updates but also outperforms
those (Chen et al. 2023; Jiang, Wang, and Dou 2022;
Zhou and Konukoglu 2023) that address non-IID data is-
sues from the perspective of data distribution.

Related Work
Federated Learning
FedAvg (McMahan et al. 2017) is a seminal work in FL and
can be regarded as the foundation of all subsequent works.

Optimization Perspective The methods reviewed here
share a similar design rationale to address non-IID data is-
sues by mitigating disparities among updates. FedProx (Li
et al. 2020) incorporates a proximal term into the loss func-
tion during local training to reduce the discrepancy between
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local and global models. SCAFFORD (Karimireddy et al.
2020) corrects local updates by estimating the difference
between global and local update directions. FedDyn (Acar
et al. 2021) dynamically updates each client’s regularizer
in each round to align the local solution with the solu-
tion of the global loss function in the limit. FedDC (Gao
et al. 2022) introduces an auxiliary variable in local train-
ing to track the gap between local and global models. Fed-
SAM (Qu et al. 2022) leverages the Sharpness Aware Min-
imization (SAM) (Foret et al. 2020) local optimizer to en-
hance local learning generalization. To further improve Fed-
SAM (Qu et al. 2022), FedLESAM (Fan et al. 2024) lo-
cally estimates the global perturbation direction on the client
side by computing the difference between global models re-
ceived in the previous active round and the current round.
FedGAMMA (Dai et al. 2023) incorporates FedSAM (Qu
et al. 2022) with the correction technique proposed by
SCAFFORD (Karimireddy et al. 2020) to mitigate dispar-
ities across all client updates.

Normalization Perspective In contrast, the methods re-
viewed here employ various normalization techniques to
mitigate distribution shifts. However, these normalization
techniques often induce the data to conform to a single fea-
ture rather than retaining the original distribution of the data
(e.g., in Figs. 17 and 18 in the Appendix, the images in the
bottom row are normalized to a similar stain, whereas those
in the second row from the top exhibit more diverse stains).
This highlights the fundamental difference between the pro-
posed method and normalization-based methods. FedBN (Li
et al. 2021), built on FedAvg (McMahan et al. 2017), uses
batch normalization (BN) layers (Ioffe 2015) locally and
excludes the parameters of the BN layers from aggrega-
tion on the central server. Zhang et al. study the role of
layer normalization (LN) (Ba 2016) on non-IID data with
label distribution shifts in FL, and their results verify that
applying normalization to the feature from a classifier is
the essence of LN, which improves classification perfor-
mance under extreme label distribution shifts. FedNN (Kang
et al. 2024) uses weight normalization (WN) (Salimans and
Kingma 2016) and adaptive group normalization (AGN) to
mitigate variations in model weights and features, respec-
tively, in concept drift data (i.e., feature distribution shifts).
Finally, HarmoFL (Jiang, Wang, and Dou 2022) employs
SAM (Foret et al. 2020) and amplitude normalization to mit-
igate local and global drift, respectively.

Distribution Shifts
Non-IID data poses a significant issue in FL, also known
as distribution shifts (Gao et al. 2023; Tsai et al. 2024;
Zhang et al. 2021; Koh et al. 2021; Raswa, Lu, and Wang
2025), where gaps exist among data distributions. Many pre-
vious works (Gao et al. 2023; Tsai et al. 2024; Nie et al.
2022; Tsai, Chen, and Lu 2025; Hoffman et al. 2018) have
been proposed to address this issue from the perspective
of domain adaptation using generative models. Specifically,
they adapt data from one dataset (i.e., target domain) to
match the distribution of another dataset (i.e., source do-
main). CyCADA (Hoffman et al. 2018), based on Cycle-

GAN (Zhu et al. 2017), adapts data by translating between
domains, guided by a specific discriminatively trained task.
DiffPure (Nie et al. 2022) uses diffusion models (Ho, Jain,
and Abbeel 2020) to purify adversarial images (Goodfel-
low, Shlens, and Szegedy 2014) (i.e., images from target do-
main), generating purified images that closely follow the dis-
tribution of clean images (i.e., images from source domain).
DDA (Gao et al. 2023) also uses diffusion models (Ho, Jain,
and Abbeel 2020) to adapt images from a target domain
(or possibly multiple target domains) to a source domain
without significantly losing class information, considering
the distance between the reference and noisy images after
applying a low-pass filter. GDA (Tsai et al. 2024) refines
DDA (Gao et al. 2023) by adopting the structural guidance,
which is defined by a marginal entropy loss derived from the
classifier, along with style and content preservation losses.
TT-SaD (Tsai, Chen, and Lu 2025) adapts the stains of
histopathological images using diffusion models (Ho, Jain,
and Abbeel 2020). In addition to these domain adaptation
methods that are not designed for FL, Chen et al. propose
CCST (Chen et al. 2023), which solely adjusts the data dis-
tributions of all clients by augmenting the data in each client
through cross-client style transfer based on adaptive instance
normalization (AdaIN) (Huang and Belongie 2017) for fed-
erated domain generalization.

Preliminaries
Notations
In an FL system of K clients, the i-th client, denoted by Ci,
only has access to histopathological images Xi = {xi,j}ni

j=1

and the corresponding labels Yi = {yi,j}ni
j=1, and they con-

stitute a dataset Di = {(xi,j ,yi,j)}ni
j=1, where ni denotes

the number of data in Ci, for i ∈ {1, 2, · · · ,K}. In addition,
the data distribution of Ci is denoted by Pi, and all data pairs
(xi,yi) ∈ Di are drawn from Pi, i.e., (xi,yi) ∼ Pi. Finally,
let E, log(·), ∥ · ∥F , ∥ · ∥1, ∥ · ∥2, x(:, i), and exp (·) denote
the expectation, the element-wise logarithmic function, the
Frobenius norm, the ℓ1 norm, the ℓ2 norm, the i-th column of
x, and the element-wise exponential function, respectively.
We will frequently omit subscripts for simplicity.

Problem Formulation
The goal of FL is to train a model fθ, parameterized by θ, on
decentralized data without directly sharing privacy-sensitive
training data. Specifically, the objective can be formulated
as follows (McMahan et al. 2017; Jiang et al. 2021):

argmin
θ

1

K

K∑
i=1

E(x,y)∈Di
[ℓ (fθ(x),y)] , (1)

where ℓ denotes a task-dependent loss function, e.g., cross-
entropy loss for a classification task.

In this work, we consider solving Eq. (1) under inter-
client feature distribution shifts (Tan et al. 2024), which are
defined as follows:

Pi(x|y) ̸= Pj(x|y) for all i ̸= j. (2)
This scenario is prevalent in histopathological image analy-
sis (Wilm et al. 2023), as depicted in Fig. 1a.
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Figure 2: Illustration of stain separation. Given an H&E-
stained histopathological image x, we can decompose it into
a stain matrix w of size 3 × 2 and a stain density map h of
size 2×N , where r represents the number of stains (in this
case, r = 2). Each wij represents an element of w.

Stain Separation
Stain separation (Vahadane et al. 2016), as depicted in Fig. 2,
aims to decompose a histopathological image x ∈ Rm×N ,
where m = 3 denotes the RGB channels and N is the num-
ber of pixels in x, into a stain matrix, denoted by w ∈
Rm×r, and the corresponding stain density map, denoted by
h ∈ Rr×N , so that x can be reconstructed by w and h. Note
that the columns of w and the rows of h represent the chro-
matic basis of each stain and the concentration of each stain,
respectively. For more details on stain separation, please re-
fer to (Vahadane et al. 2016).

Stain separation is formulated as the following optimiza-
tion problem:

argmin
w,h

1

2

∥∥∥∥− log
x

I0
−wh

∥∥∥∥2
F

+ λ ∥h∥1 (3)

s.t. w,h ≥ 0 and ∥w(:, i)∥22 = 1 ∀i,

where λ is a regularization parameter that balances the reg-
ularization and loss terms, and I0 is the illuminating light
intensity of an image (typically 255 for 8-bit images). This
optimization problem is solved iteratively by optimizing one
set of parameters (e.g., w) while keeping the other (i.e., h)
fixed. After obtaining the stain matrix w and the stain den-
sity map h of a histopathological image x, the reconstructed
image x̂ is computed as:

x̂ = I0 exp (−wh). (4)

For clarity, we denote Eq. (3) and Eq. (4) as S and R, re-
spectively, which leads to the following two expressions:

{w,h} = S(x) and x̂ = R(w,h). (5)

Diffusion Models
Diffusion models (Ho, Jain, and Abbeel 2020) are known
to fit a given data distribution, denoted by q(x0), so that the
generated data belong to q(x0), and consist of two processes
(i.e., the forward and reverse processes). Given x0 ∼ q(x0),
the forward process gradually adds Gaussian noise to x0 to
produce latent samples x1,x2, . . . ,xT , where T is a prede-
fined constant, via

q(xt|xt−1) := N
(
xt;
√

1− βtxt−1, βtI
)
, (6)

where {βt}Tt=1 is a variance schedule, N denotes a Gaussian
distribution, and I denotes the identity matrix. Conversely,
the reverse process is formulated as:

pθ(xt−1|xt) := N

(
xt−1;

xt√
αt

− βtϵθ(xt, t)√
αt(1− ᾱt)

, βtI

)
,

(7)
where αt := 1 − βt, ᾱt :=

∏t
s=1 αs, and ϵθ is a neural

network parameterized by θ. Finally, to train a conditional
diffusion model, we optimize the following problem:

min
θ

Et,x0,c,ϵ ∥ϵ− ϵθ(xt, t, c)∥22 , (8)

where t is the timestep, c is the condition, and ϵ ∼ N (0, I).

Method
Overview of FedSDA
To mitigate the issues defined in Eq. (2), FedSDA, which is
proposed to align the stain distributions of all clients with a
target distribution, consists of two steps: (i) Target distribu-
tion fitting and (ii) Stain alignment. The first step is to use
a diffusion model to fit the stain distribution formed collec-
tively by all clients (i.e., target distribution). This diffusion
model provides each client with access to the stain matri-
ces of the other clients, which is a necessary component for
the second step. With the diffusion model, the second step
can be applied to histopathological images of each client,
thereby achieving the goal of addressing the non-IID data
issues. We provide the workflow of FedSDA in Fig. 3.

Target Distribution Fitting
FedSDA requires a generative model to generate the stain
matrices of the other clients for the second step of FedSDA
(i.e., stain alignment). Due to the recent success of diffusion
models in generating synthetic data and modeling complex
distributions (Kotelnikov et al. 2023; Dhariwal and Nichol
2021; Ho et al. 2022), we adopt a diffusion model as the
generative model for FedSDA.

Here, we introduce the diffusion model adopted in
FedSDA. Since the model is trained on low-dimensional
data, we adopt a single-layer transformer model as the back-
bone of the diffusion model, denoted by G. This lightweight
network architecture ensures that the additional overhead is
minimal. This model takes the timestep t, the condition c,
and the noisy input wt as inputs, and estimates the noise
added to wt. Since the noisy data wt fed into G is a stain
matrix with added noise rather than a sequence of tokens, it
is necessary to adjust the way wt is processed by G. Specifi-
cally, we need to determine how wt is represented as tokens,
as G treats all inputs, including t, c, and wt, as tokens. Intu-
itively, we treat each element of wt as a token and concate-
nate (t, c) with the tokens of wt to form the input of G, as
depicted in Fig. 4.

To train a diffusion model on stain matrices from all
clients without directly sharing them, we follow the previ-
ous works (Huang et al. 2024; Tun et al. 2023; Vora et al.
2024; de Goede, Cox, and Decouchant 2024) and adopt Fe-
dAvg (McMahan et al. 2017). Specifically, in each commu-
nication round, each client downloads the diffusion model
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Figure 3: Workflow of our FedSDA method

Figure 4: Illustration of how wt is fed into G.

weights from the central server, then trains the model locally,
and finally uploads the local weights to the central server for
aggregation. We provide the pseudocode in Algorithm 1 (in
the Appendix) for this training process. Note that the diffu-
sion model we train is conditional, meaning that each stain
matrix requires a condition c to form an input for G. For
client Ci, we use its index i as the condition c for the cor-
responding stain matrices. For ease of reference, we denote
the stain matrix generated under a given condition c as G(c).
The condition used here determines the client to which the
stain matrices belong and corresponds to the client index.
Therefore, to generate the stain matrices belonging to client
Ci, we apply G(i).

Stain Alignment
In the first step of FedSDA, the central server ends up with a
conditional diffusion model G, trained on the stain matrices
from all clients in an FL system. This diffusion model G is
used in the second step of FedSDA to sample stain matrices
belonging to other clients for stain alignment. With access
to other clients’ stain matrices, we can align the data dis-
tribution of client Ci with some distribution P̂ (ideally, it is
the data distribution considering all clients’ data as a whole),
i.e., Pi(x|y) ≈ P̂(x|y). As a result of aligning through all
clients, we can obtain the following results for clients Ci and
Cj :

Pi(x|y) ≈ Pj(x|y) for all i ̸= j, (9)

which mitigates the non-IID characteristic of data across dif-
ferent clients. Note that the reason we can achieve Eq. (9)

is that we have identified stain as the essential factor that
causes feature distribution shifts. Therefore, reducing stain
distribution shifts can achieve Eq. (9).

Specifically, the diffusion model G is downloaded by all
clients from the central server. Since all clients follow the
same procedure (denoted by A hereafter) to achieve Eq. (9),
we present the procedure A for a given client Ci as an ex-
ample for simplicity, and the same procedure applies to all
other clients. We provide the pseudocode in Algorithm 2 (in
the Appendix).

Given a dataset Di of client Ci, due to the label-free na-
ture of FedSDA, A only requires the input dataset Xi to
obtain an aligned dataset X̂i, i.e., X̂i = A(Xi). To bal-
ance the stains from each client in X̂i, we randomly par-
tition Xi into K (i.e., the number of clients) subsets as
Xi = {Xi,1,Xi,2, · · · ,Xi,K}, and each subset contains the
same number of samples (denoted by n = ni/K). For
each subset indexed by j (1 ≤ j ≤ K), we use S (in
Eq. (5)) to obtain the corresponding stain density maps (de-
noted by {hi,j,k}nk=1 hereafter) from the input data (de-
noted by {xi,j,k}nk=1 hereafter) by applying S (xi,j,k) for
each k, where Xi,j = {xi,j,k}nk=1. Then, R (in Eq. (5))
is applied to reconstruct a dataset with the stain of client
Cj . Specifically, for each k ∈ {1, 2, · · · , n}, the recon-
structed x̂i,j,k is obtained by R (G(j),hi,j,k), i.e., x̂i,j,k =
R (G(j),hi,j,k). Thus, we obtain the reconstructed dataset
X̂i,j = {x̂i,j,k}nk=1, and further obtain the aligned dataset

X̂i =
{
X̂i,1, X̂i,2, · · · , X̂i,K

}
.

So far, we have introduced the procedure of stain align-
ment (i.e., A). After all clients have applied A to their
datasets, a tumor classifier can be trained in the FL system
(i.e., the third step in Fig. 3).

Experiments
Experimental Settings
Datasets We evaluated our proposed method on three
datasets, including Mitos & Atypia 14 (MA14) (Roux 2014),
CAMELYON17 (C17) (Bándi et al. 2019), and AGGC22
(A22) (Huo et al. 2024). Each dataset contains whole-slide
images (WSIs) stained with hematoxylin and eosin (H&E)
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Building Block Hidden size #Heads #Params FD

MLP 32 – 4.7K 18.91
Transformer 32 8 13.2K 0.40

Table 1: Configuration details of diffusion models with dif-
ferent types of building blocks, and comparison of their FD
scores. Note that both models have a single layer.

dyes, so the number of stains is 2. Since we focus on patch-
level classification in this work, we followed (Guo et al.
2019) to extract histopathological image patches from each
WSI. For more detailed information on each dataset, please
refer to Table 4, 5, and 6 (in the Appendix). In addition, we
provide a few sample images of each dataset in Figs. 8, 9,
and 10 (in the Appendix).

Baselines We adopted FedAvg (McMahan et al. 2017),
FedProx (Li et al. 2020), FedSAM (Qu et al. 2022), FedLE-
SAM (Fan et al. 2024), and FedFA (Zhou and Konukoglu
2023) as baselines to evaluate performance before and after
applying FedSDA. Additionally, we compared the perfor-
mance with CCST (Chen et al. 2023) and the amplitude nor-
malization in HarmoFL (Jiang, Wang, and Dou 2022) (de-
noted by amp-norm), since these methods address non-IID
data issues solely from the data distribution perspective, sim-
ilar to FedSDA. For a clearer understanding of amp-norm,
please refer to the pseudocode in Algorithm 3 (in the Ap-
pendix).

Evaluation Metrics Due to the class-imbalanced nature
of the A22 dataset, we evaluated tumor classification perfor-
mance using the area under the receiver operating charac-
teristic curve (AUROC) (Hanley and McNeil 1982) and the
area under the precision-recall curve (AUPRC) (Boyd, Eng,
and Page 2013). For the class-balanced C17 dataset, we used
AUROC only. On the other hand, following (Tsai, Chen, and
Lu 2025; Zingman et al. 2024), we adopted the Structural
Similarity Index (SSIM) (Wang et al. 2004), Wasserstein
Distance (WD) (Ramdas, Garcı́a Trillos, and Cuturi 2017),
Fréchet Inception Distance (FID) (Heusel et al. 2017), and
Kernel Inception Distance (KID) (Bińkowski et al. 2018)
to assess image quality. SSIM measured the loss of struc-
tural information, which is important for tumor classifica-
tion. WD computed the discrepancy between two images
in terms of chromatic appearance and was adopted because
stains are a pivotal factor in color variations in histopatho-
logical images. Both FID and KID (an improved version of
FID) were adopted to measure the distance between two data
distributions.

Implementation Details Each domain in a dataset is con-
sidered a client, where each domain refers to a subset with
similar stains from the same hospital. We trained the diffu-
sion model used in FedSDA with 3 communication rounds,
300 local epochs, a batch size of 65,536, and AdamW opti-
mizer (Loshchilov 2017) with a weight decay of 3e−2 and
a learning rate of 2e−4. We provide the configuration of
the single-layer transformer model that we used in Table 1.
For tumor classification, we adopted DenseNet-121 (Huang

Method C17 A22

AUROC↑ AUROC↑ AUPRC↑

FedAvg 90.97 78.99 46.60
w/ FedSDA 93.84 90.38 64.20

FedProx 90.80 79.82 45.71
w/ FedSDA 93.89 90.44 64.89

FedSAM 90.87 82.17 48.21
w/ FedSDA 93.04 92.09 67.45

FedLESAM 90.17 79.42 44.39
w/ FedSDA 92.68 90.20 64.34

FedFA 92.31 82.62 48.45
w/ FedSDA 94.92 91.79 66.86

Table 2: Results of tumor classification before and after ap-
plying FedSDA.

et al. 2017) as the classifier due to its wide adoption for
histopathological images. We trained classifiers on the C17
and A22 datasets with 100 communication rounds, one lo-
cal epoch, a batch size of 128, cross-entropy loss, and SGD
optimizer with a learning rate of 1e−3. We implemented all
the methods using PyTorch and conducted the experiments
on an NVIDIA Tesla V100 GPU.

Main Results
Evaluation of Tumor Classification First, we applied
FedSDA to the five baselines (i.e., FedAvg (McMahan
et al. 2017), FedProx (Li et al. 2020), FedSAM (Qu et al.
2022), FedLESAM (Fan et al. 2024), and FedFA (Zhou and
Konukoglu 2023)) to verify whether the performance can
be improved with the use of FedSDA. Table 2 demonstrates
that incorporating FedSDA yields a significant performance
improvement across the baselines. Note that FedAvg com-
bined with FedSDA can outperform the other four base-
lines by a significant margin. Additionally, Fig. 5 depicts
the convergence curves corresponding to the results in Ta-
ble 2 and demonstrates that incorporating FedSDA enables
convergence not only to a more optimal solution but also at
a faster rate. Second, the results of different modules em-

Figure 5: Test AUC vs. communication rounds on the A22
dataset before and after applying FedSDA.
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Method C17 A22 MA14 & C17 & A22

AUROC↑ AUROC↑ AUPRC↑ SSIM↑ FID↓ KID↓ WD↓

FedAvg 90.97 78.99 46.60 1.0000 55.092 0.1986 0.0013
w/ CCST 71.89 80.09 38.43 0.2462 20.777 0.0599 0.0007
w/ amp-norm 77.49 77.01 42.83 0.9731 54.774 0.1956 0.0012
w/ FedSDA 93.84 90.38 64.20 0.9969 40.311 0.1365 0.0009

Table 3: Comparison of tumor classification and image quality (averaged over three datasets, i.e., MA14, C17, and A22) across
different modules embedded in FedAvg.

bedded in FedAvg (McMahan et al. 2017) are compared in
Table 3, and it can be observed that FedSDA significantly
outperforms the other modules, regardless of whether the
dataset is imbalanced.

Evaluation of Image Quality Table 3 also shows a com-
parison of image quality across different embedded mod-
ules. It can be observed that FedSDA outperforms both the
baseline without FedSDA and the one using amp-norm. We
also observe that CCST (Chen et al. 2023) outperforms
FedSDA in terms of FID, KID, and WD; however, it loses
significantly more structural information, as indicated by a
drop in SSIM to 0.2462, which substantially compromises
its effectiveness for tumor classification. This is clearly ev-
idenced in Table 3. Finally, we visualize histopathological
images before and after applying FedSDA in Fig. 6. Af-
ter applying FedSDA, the low-dimensional features of each
client’s data tend to be distributed more similarly than be-
fore. Additional visualization results are provided in the Ap-
pendix. Specifically, we include visualizations of the stain
matrices (Figs. 14, 15, and 16 in the Appendix), comprising
both those decomposed from the histopathological images
of each client and those generated by the diffusion model.

Ablation Study on Diffusion Model in FedSDA
The ablation studies conducted here are measured and com-
pared in terms of the Fréchet Distance (FD) between two
sets of stain matrices.

Communication Rounds vs. Local Epochs To examine
the effect of the number of local epochs on communica-
tion rounds, we set the number of local epochs as 1, 2, 3,
4, 100, 200, and 300, and recorded the corresponding num-

Figure 6: Visualizations of the C17 dataset before and after
applying FedSDA by t-SNE. Please refer to Figs. 11, 12,
and 13 (in the Appendix) for detailed results on all datasets.

Figure 7: Frèchet distance vs. communication rounds under
different numbers of local epochs on the C17 dataset.

ber of communication rounds required for convergence. As
shown in Fig. 7, many more communication rounds are re-
quired for convergence when using fewer local epochs (i.e.,
1 – 4). However, training converges with an FD of 0.40 and a
WD of 0.07 in only 3 communication rounds when the num-
ber of local epochs was set to 300. This observation suggests
that increasing the number of local epochs can significantly
reduce communication costs while maintaining model per-
formance.

Network Architecture With the number of communica-
tion rounds and local epochs set to 3 and 300, respectively,
we compared the performance of a single-layer transformer
model with a single-layer MLP model. As shown in Table 1,
a much more lightweight network architecture with MLP
as the main building block significantly deteriorates perfor-
mance.

Conclusion
In this paper, we propose FedSDA to address the challenge
of non-IID histopathological images with feature distribu-
tion shifts in a federated environment. By leveraging stain
separation and fitting a target distribution using a diffu-
sion model without directly training on raw data, FedSDA
mitigates stain distribution shifts across clients while pre-
venting raw data from being directly exposed to the risks
of leakage in a federated environment. Extensive experi-
ments show that FedSDA not only improves the perfor-
mance of optimization-based methods but also outperforms
distribution-based methods. This work highlights the poten-
tial of focusing on data-centric solutions within FL, partic-
ularly for applications involving complex, non-IID medical
image datasets.
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