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Abstract

Federated learning enables multiple medical institutions to
train a global model without sharing data, yet feature hetero-
geneity from diverse scanners or protocols remains a major
challenge. Many existing works attempt to address this is-
sue by leveraging model representations (e.g., mean feature
vectors) to correct local training; however, they often face
two key limitations: 1) Incomplete Contextual Representa-
tion Learning: Current approaches primarily focus on final-
layer features, overlooking critical multi-level cues and thus
diluting essential context for accurate segmentation. 2) Lay-
erwise Style Bias Accumulation: Although utilizing repre-
sentations can partially align global features, these methods
neglect domain-specific biases within intermediate layers, al-
lowing style discrepancies to build up and reduce model ro-
bustness. To address these challenges, we propose FedBCS
to bridge feature representation gaps via domain-invariant
contextual prototypes alignment. Specifically, we introduce a
frequency-domain adaptive style recalibration into prototype
construction that not only decouples content-style representa-
tions but also learns optimal style parameters, enabling more
robust domain-invariant prototypes. Furthermore, we design
a context-aware dual-level prototype alignment method that
extracts domain-invariant prototypes from different layers of
both encoder and decoder and fuses them with contextual in-
formation for finer-grained representation alignment. Exten-
sive experiments on two public datasets demonstrate that our
method exhibits remarkable performance.

Code — https://github.com/zxy1234321/FedBCS

1 Introduction
Medical image segmentation is crucial for computer-assisted
diagnosis, and most deep learning-based techniques require
large amounts of data for effective training (Wang et al.
2024b; Zhao et al. 2024d,c). However, sharing such data
among hospitals is often restricted by privacy concerns and
regulatory constraints. Federated learning has emerged as a
promising strategy for multi-site collaborative training of a
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Figure 1: Problem illustration of existing methods under
domain skew setting. The top row highlights two major
challenges—incomplete contextual representation learn-
ing and layerwise style bias accumulation.

global model without compromising patient privacy. A foun-
dational method in this domain, FedAvg (McMahan et al.
2017), aggregates model parameters from different clients
to form a global model, which is then redistributed to each
client for further training. Despite these advances, data het-
erogeneity remains a significant challenge in real-world sce-
narios (Huang et al. 2024; Zhao et al. 2024a). Datasets from
different medical sites are often non-IID due to variations
in scanners and imaging protocols, leading to different fea-
ture distributions across clients (Jiang, Wang, and Dou 2022;
Wang et al. 2025; Zhao et al. 2024b; Zhuang et al. 2025).
This diversity can hinder model convergence, reduce gener-
alization capabilities, and result in suboptimal performance.

To address data heterogeneity, researchers use model rep-
resentations to correct local training and improve general-
ization, employing mean feature vectors for privacy (Li, He,
and Song 2021; Li et al. 2020). Subsequent work then intro-
duces prototypes (class-specific mean feature vectors) and
federated prototype learning, where client prototypes min-
imize distances to global or same-class prototypes while
maximizing separation from different-class ones (Tan et al.
2022; Huang et al. 2023b). Many researchers have also in-
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troduced specialized strategies to further improve training in
these settings. For example, one method clusters client fea-
tures to generate multiple prototypes per domain instead of
a single average, and refines feature-level distance by ele-
vating it to an α power, addressing unequal learning due to
domain diversity (Wang et al. 2024a). Another study lever-
ages Gaussian Mixture Models to generate prototypes and
soft predictions, then weights these outputs based on both
quality and quantity (Zhang, Shan, and Han 2024).

In federated learning across multiple medical institutions,
variations in scanning protocols, staining methods, and pa-
tient populations often amplify feature distribution differ-
ences (Jiang et al. 2023; Chen et al. 2024; Li et al. 2025).
Despite recent advances, many existing approaches still de-
pend on a single-layer or simplified representation, making it
challenging to fully capture the multi-scale contextual com-
plexities and style variations in medical image segmentation,
where distribution shifts can be more pronounced. We group
these limitations into two key challenges and highlight them
in Figure 1:

Layerwise Style Bias Accumulation:
Style discrepancies from different medical pro-

tocols accumulate through intermediate layers, de-
grading cross-domain feature alignment. Many ex-
isting methods only normalize style at input level or
align final-layer features (Huang et al. 2023b), leaving
intermediate-layer style biases unaddressed and hin-
dering model generalization.

Incomplete Contextual Representation Learning:
Single-layer feature alignment fails to capture

the complete semantic hierarchy needed for medi-
cal image segmentation. While lower layers encode
crucial local details and higher layers capture abstract
structures (Li et al. 2023), relying solely on final-layer
representations leads to incomplete semantic under-
standing and compromised performance (Sung et al.
2024).

Considering these issues, we propose a novel method
called FedBCS, specifically designed for feature hetero-
geneous federated medical image segmentation. For Lay-
erwise Style Bias Accumulation challenge, we propose
a Frequency-domain Style Recalibration (FSR) module,
specifically designed for constructing domain-invariant pro-
totypes in federated learning. We explore methods for de-
coupling and recalibrating domain-specific style variations
during federation by learning adaptive style parameters from
cross-client feature representations. Given that style varia-
tions propagate through network layers and affect prototype
quality differently, the FSR module modulates feature styles
in the frequency domain for robust prototype construction.
First, we decompose intermediate features into content and
style components via Fourier Transform, where phase spec-
tra preserve semantic content while amplitude spectra en-
code style information (Lee, Bae, and Kim 2023; Chen et al.
2021). Building on this, we introduce learnable style pa-
rameters to adaptively recalibrate the normalized amplitude

during federation, enabling optimal style modulation while
maintaining semantic consistency. This strategy effectively
eliminates domain-specific style biases while ensuring ro-
bust prototype construction across different domains.

Once robust domain-invariant prototypes are con-
structed, effectively leveraging multi-level semantic in-
formation becomes crucial for accurate feature align-
ment. Building upon these domain-invariant prototypes, we
further address the challenge of Incomplete Contextual
Representation Learning. Current methods typically con-
struct prototypes from single-layer features, leading to in-
complete semantic representations. To tackle this limitation,
we propose a context-aware dual-level prototype alignment
(CDPA) strategy that leverages both encoder and decoder
features. Specifically, we extract domain-invariant proto-
types from multiple network layers and design a hierarchical
fusion mechanism to integrate multi-scale contextual infor-
mation. This approach enables more comprehensive seman-
tic alignment by capturing both low-level details and high-
level semantic patterns, ultimately achieving finer-grained
feature representation. Our main contributions are summa-
rized below.

• Revealing Federated Learning Limitations in Hetero-
geneous FL. We identify two critical limitations in Het-
erogeneous federated medical segmentation: layerwise
style bias accumulation and incomplete contextual rep-
resentation learning, which significantly impact cross-
client feature alignment.

• Novel Federated Prototype Learning Framework.
We propose FedBCS that integrates frequency-domain
style recalibration for robust prototype construction with
context-aware dual-level alignment to achieve compre-
hensive semantic representation learning.

• Theoretical and Empirical Validation. We provide the-
oretical convergence guarantees and demonstrate supe-
rior empirical performance through extensive experi-
ments on two medical segmentation tasks.

2 Related Work
2.1 Data Heterogeneous Federated Learning
Federated learning (FL) provides a privacy-preserving
framework for collaborative model training without data
centralization (Konečnỳ et al. 2016). The foundational
method FedAvg (McMahan et al. 2017) iteratively builds
a global model by aggregating locally trained parameters.
While effective in homogeneous settings, FedAvg often
struggles with data heterogeneity, which frequently arises
in medical contexts where varying imaging protocols, stain-
ing methods, or patient populations lead to significant di-
vergence across institutions (Wang, Jin, and Wang 2022).
Based on FedAvg, numerous methods have attempted to ad-
dress the data heterogeneity problem from different perspec-
tives (Huang et al. 2024). Some approaches focus on training
a single global model, aiming to refine the global parame-
ters for improved cross-domain performance (Huang et al.
2023b; Huang, Ye, and Du 2022; Ma et al. 2025), while oth-
ers emphasize fairness, ensuring balanced outcomes across
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heterogeneous clients. Among these, individual/group fair-
ness (Ezzeldin et al. 2023), collaboration fairness (Jiang
et al. 2023), and performance fairness (Chen, Huang, and
Ye 2024; Li et al. 2021a) are three widely studied notions.
Meanwhile, personalization methods (Li et al. 2021b; Huang
et al. 2023a) learn individualized models tailored to each
client’s domain, and domain generalization approaches (Liu
et al. 2021; Zhang et al. 2023) seek robust performance on
unseen distributions. In this paper, we address the challenge
of data heterogeneity across different medical institutions
and concentrate on training a single global model that can
robustly perform across these diverse domains.

2.2 Model Representation Alignment in
Federated Learning

In Federated Learning (FL), many methods rely on model
representations to enhance local training in heterogeneous
data settings (Wan, Huang, and Ye 2024; Liao et al. 2024;
Ye et al. 2023). However, sharing raw features can pose
privacy concerns. To address this, mean feature vectors are
used to retain essential information while minimizing data
leakage. Mean feature vectors computed from same-class
samples are called prototypes. MOON (Li, He, and Song
2021) and FedProx (Li et al. 2020) utilize contrastive learn-
ing to maximize the agreement between local and global
model mean feature vectors, thereby aligning local repre-
sentations with the global model. FedProto (Tan et al. 2022)
enhances the alignment of client-side training by minimiz-
ing the distance between client-side class prototypes and
global class prototypes. However, by emphasizing single-
domain performance under label skew, these approaches of-
ten neglect domain shift, thereby limiting their generaliza-
tion across diverse domains. Thus, many methods adopt
prototype-based approaches to address domain skew. For
instance, FPL (Huang et al. 2023b) employs server-side,
cluster-based prototypes combined with contrastive learning
to align same-class representations. However, it relies on a
single representation for each client, leading to limited rep-
resentational capacity and causing unequal learning in het-
erogeneous domains. By contrast, FedContrast-GPA (Zhou
and Zheng 2023) and FedPLVM (Wang et al. 2024a) clus-
ter features on the client side to produce multiple prototypes
per class, mitigating the drawbacks of single-representation
strategies. FedGMKD (Zhang, Shan, and Han 2024), on
the other hand, generates prototypes using Gaussian Mix-
ture Models. Despite their effectiveness, these methods rely
solely on final-layer encoder features and overlook the in-
fluence of domain-specific style differences on feature rep-
resentations. In this work, we focus on finer-grained feature
alignment and explicitly handling style-induced variations
to enhance federated segmentation across diverse medical
domains.

3 Methodology
3.1 Preliminaries
Following typical Federated Learning setup (McMahan et al.
2017; Li et al. 2020), we assume there are M clients. Each
client m holds a private dataset {(xi, yi)}Nm

i=1, where Nm

denotes the size of client m’s local dataset. The objective of
federated learning is to minimize the weighted average of
local objectives:

min
ω

F (ω) =

M∑
m=1

wm

(
1

Nm

Nm∑
i=1

L
(
xi, yi;ω

))
, (1)

where wm is the weight of client m, and L(xi, yi;ω) is the
loss for data point (xi, yi) under model parameters ω. Each
client updates its model locally and sends the updates to a
central server for aggregation.
Data Heterogeneity. In federated medical image segmen-
tation, while the label distribution P (y) remains consistent
across clients, the feature distribution P (x | y) varies due to
different scanning devices and protocols, leading to signifi-
cant feature heterogeneity across medical institutions.

We adopt a standard segmentation network architecture
shared across all clients, consisting of an encoder Fenc :
X → Z that maps an input image x to a d-dimensional fea-
ture map zenc = Fenc(x) ∈ Rd, and a decoder Fdec : Z →
O that produces a segmentation mask odec = Fdec(zenc) ∈
Rc, where c denotes the number of classes.

3.2 Frequency-domain Style Recalibration for
Prototype Construction

Federated prototype learning. Recent federated learning
approaches leverage class prototypes alongside network
weights for cross-client knowledge sharing. A class proto-
type represents the mean feature representation of that class
on each client:

pcm =
1

|Nc
m|

∑
xi∈Nc

m

F m
enc (xi), (2)

where F m
enc(·) represents client m’s local encoder (architec-

turally identical across clients but with parameters synchro-
nized only during FedAvg rounds), and N c

m denotes the set
of pixels/patches labeled as class c on that client. The server
aggregates these local prototypes to guide subsequent lo-
cal training phases, enabling efficient cross-client semantic
alignment while maintaining privacy and minimizing com-
munication costs.
Motivation. Existing prototype-based methods assume fea-
tures from the same class follow similar distributions across
clients, suggesting simple averaging should suffice for pro-
totype construction. However, in medical imaging, diverse
scanning protocols introduce significant style variations that
propagate through network layers, manifesting in the ampli-
tude spectra of feature representations. When constructing
prototypes through direct feature averaging, this leads to:

Layerwise Style Bias Accumulation: Style discrepancies
compound through intermediate layers, causing features of
the same anatomical structure to appear increasingly differ-
ent across institutions and undermining the effectiveness of
prototype learning.

To establish reliable semantic anchors for cross-client fea-
ture alignment, prototypes must be constructed from style-
invariant features. A promising direction is to leverage fre-
quency domain analysis, where content and style informa-
tion separate into phase and amplitude components, en-
abling effective style-invariant prototype construction.
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Figure 2: Architecture illustration of FedBCS. To address layerwise style bias accumulation, we implement frequency-domain
style recalibration during local prototype construction. To capture complete contextual representations, we extract and align
multi-level prototypes from both encoder and decoder pathways. These prototypes are aggregated at the server to derive global
prototypes for guiding local training. Zoom in for details.

Style-invariant Prototype Generation. To address the
aforementioned challenges in prototype-based federated
learning for medical image segmentation, we propose
Frequency-domain Style Recalibration that removes
domain-specific style variations while preserving semantic
information during prototype construction. Our key insight
is that style and content information naturally separate in
the frequency domain, allowing for targeted style modula-
tion before prototype generation. Given the encoder feature
map zenc ∈ RC×H×W , conventional prototype-based
methods construct class-specific prototypes through direct
averaging:

pcm =
1

|Nc
m|

∑
xi∈Nc

m

Fenc(xi), (3)

where N c
m denotes samples of class c in client m’s local

dataset, and Fenc(·) represents the encoder network that ex-
tracts feature representations. However, these prototypes di-
rectly inherit domain-specific style variations from differ-
ent medical institutions, compromising their effectiveness as
semantic anchors for cross-client feature alignment. To ad-
dress this limitation, we introduce FSR that processes fea-
tures in the frequency domain before prototype construction.
Specifically, given a feature map zenc, we first decompose it
into amplitude and phase components via 2D Fourier trans-
form:

Z(α, β) =
1

HW

H−1∑
h=0

W−1∑
w=0

z(h,w) exp

(
−i2π

(
αh

H
+

βw

W

))
,

(4)
where the amplitude spectrum χ and phase spectrum γ are

computed as:
χ(α, β) =

√
R(α, β)2 + I(α, β)2,

γ(α, β) = arctan

(
I(α, β)
R(α, β)

)
.

(5)

The amplitude spectrum encodes style information while
the phase spectrum preserves semantic content. To achieve
adaptive style control, we introduce learnable parameters
that balance normalized and original style information:

λnorm
s , λorg

s = σ(Ws[GAP(χnorm);GAP(χ)]), (6)
where GAP denotes global average pooling, Ws are learn-
able weights, and χnorm is the instance-normalized am-
plitude. The style-recalibrated features are then obtained
through inverse Fourier transform:

ẑenc = IFT (λnorm
s χnorm + λorg

s χ, γ) . (7)
By applying FSR to the encoder features before averag-

ing, we construct style-invariant prototypes that better pre-
serve class-specific semantic information:

p̂cm =
1

|Nc
m|

∑
xi∈Nc

m

ẑenc, (8)

where ẑenc is the style-recalibrated feature obtained through
our FSR module. Compared to conventional prototypes that
directly inherit domain-specific styles, our FSR-based proto-
types better capture the underlying semantic representations
while being more robust to cross-domain variations.

3.3 Context-aware Dual-Level Prototype
Alignment

Motivation. While our FSR module effectively addresses
style variations, existing prototype-based methods (Tan et al.
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2022; Huang et al. 2023b) typically only utilize final-layer
features for prototype construction and alignment. This
single-layer approach overlooks the rich hierarchical infor-
mation distributed across network layers, where both local
details and global structures are crucial for medical image
segmentation. When constructing prototypes for cross-client
alignment, this leads to:

Incomplete Contextual Representation Learning: Single-
layer feature alignment fails to capture the complete seman-
tic hierarchy needed for medical image segmentation, where
both fine-grained tissue details and global anatomical struc-
tures must be precisely delineated.

This motivates our development of a context-aware proto-
type alignment strategy that specifically addresses the multi-
scale nature of medical image segmentation.
Multi-level Feature Integration. Building upon our FSR
module, which generates style-invariant features ẑenc
through frequency-domain recalibration, we now extend
prototype construction to multiple network layers. Given
the encoder-decoder architecture with K layers, for layer
k ∈ {1, . . . ,K}, we compute class-specific prototypes from
the style-recalibrated features:

pk,cenc =

∑
v∈ẑkenc

v I[g(v) = c]

|Nc| , pk,cdec =

∑
v∈ẑk

dec
v I[g(v) = c]

|Nc| ,

(9)
where g(v) maps the feature vector to its ground-truth class
label, and I[·] is the indicator function. The resulting layer-
wise prototypes are denoted as P k

enc = {pk,1enc, . . . , p
k,c
enc} and

P k
dec = {pk,1dec, . . . , p

k,c
dec}.

In medical image segmentation, different network lay-
ers capture complementary anatomical information. Shal-
low layers encode local tissue textures and edge patterns
crucial for precise boundary delineation, while deeper lay-
ers represent high-level anatomical structures and spatial re-
lationships between organs. To effectively combine these
multi-scale features, we design a hierarchical fusion strat-
egy. Specifically, we concatenate shallow-layer prototypes
with deeper ones:

P̂ k
enc = Concat(P k

enc, P
k+1
enc ), (10)

This design allows high-level semantic guidance to enhance
local feature discrimination - for instance, knowing the over-
all organ shape (deep features) helps better determine tissue
boundaries (shallow features) in ambiguous regions.

To mitigate communication overhead while preserving
multi-scale information, we introduce a lightweight fusion
module F : P̂ → Q that adaptively integrates features
across layers:

Qenc = F (P̂enc), Qdec = F (P̂dec), (11)
The fusion module learns to emphasize the most discrimina-
tive features at each scale through 1×1 convolutions, result-
ing in compact yet comprehensive prototypes for each client
m:

Qm
enc = {qm,1

enc , . . . , q
m,c
enc }, Qm

dec = {qm,1
dec , . . . , q

m,c
dec }. (12)

Server-side Prototype Alignment. In federated medical
image segmentation, different institutions may focus on dif-
ferent anatomical regions or pathological conditions, leading
to varied feature distributions. To achieve consistent cross-

client alignment while preserving privacy, we introduce a
clustering-based alignment strategy. Using FINCH (Sarfraz,
Sharma, and Stiefelhagen 2019), we group similar proto-
types from different clients:

Cluster
(
{qm,c

enc }Mm=1

)
−→ {qm,c

enc }Sm=1 ∈ RS×d

Cluster
(
{qm,c

dec }
M
m=1

)
−→ {qm,c

dec }
S
m=1 ∈ RS×d.

(13)

To stabilize optimization, we further compute mean pro-
totypes for each class:

q̄cenc =
1

S

∑
qc∈Qc

enc

qc, q̄cdec =
1

S

∑
qc∈Qc

dec

qc, (14)

where S denotes the number of clusters.
Learning Objectives. For effective feature alignment, we
design a dual-stream learning objective. Given a medi-
cal image sample (xi, yi), we extract feature embeddings
ei = {eienc, eidec}. The contrastive term encourages align-
ment with same-class prototypes while maintaining separa-
tion from different anatomical regions:

Lcontra = − log

∑
q∈Qc e

Sim(ei,q)∑
q∈Qc eSim(ei,q) +

∑
q∈Qc′ eSim(ei,q)

, (15)

where Qc contains class-specific prototypes and Qc′ con-
tains prototypes from other classes.

To ensure consistent feature learning across institutions,
we introduce a mean prototype consistency regularization:

Lconsis =

d∑
v=1

((
ei,venc − q̄c,venc

)2
+
(
ei,vdec − q̄c,vdec

)2)
. (16)

The final loss combines our multi-level prototype loss
(LMP = Lcontra + Lconsis) with the standard Dice loss:

Ltotal = LMP + Ldice. (17)

3.4 Convergence Analysis

We establish the theoretical foundations of our method under
the following standard assumptions.
Assumption 1 (Lipschitz Smoothness of Loss Functions):
The loss function F(Θe) for any client e satisfies Lsm-
smoothness, implying its gradient exhibits Lipschitz conti-
nuity with a positive constant Lsm. Mathematically, the fol-
lowing inequality holds:

F (Θ) =
1

N

∑
(x,y)

[
Ldice(x, y; Θ) + Lcontra(x, y; Θ)

+ Lconsis(x, y; Θ)
]
.

(18)

Assumption 2 (Unbiased Stochastic Gradients with
Bounded Dispersion): Each client e computes stochastic
gradients that are unbiased estimators of the global gradient,
with their variance constrained by σ2:

E[ge] = ∇F ,E∥ge −∇F∥2 ≤ σ2. (19)
Assumption 3 (Bounded Prototype Norm): The uploaded
encoder/decoder prototypes pkdec from each client satisfy
|pkdec| ≤ G, where G > 0 is a predefined constant ensur-
ing stable optimization.
Assumption 4 (Lipschitz Continuity of InfoNCE Loss):
For unit-norm anchor vectors, the InfoNCE loss Lcontra with
respect to the positive sample r satisfies the Lipschitz gradi-
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ent condition: ∣∣∣∣∂Lcontra

∂r

∣∣∣∣ ≤ 1

τ
. (20)

Theorem 1 (One-Round Convergence Bound). Under As-
sumptions 1-4, for any client participating in the Federated
Learning process, the expected objective function after each
communication round satisfies:

E
[
Ft+1

]
≤ Ft − α(η)

E−1∑
e=0

∥∇F(Θe)∥2

+
Lsmη2E

2
σ2 + λc

EηG

τ
.

(21)

This result establishes an upper bound on the expected ob-
jective function after each communication round, with con-
vergence guaranteed under proper choice of η and λc:

ηe′ <
2(
∑e′

e=0 ∥∇F(Θe)∥2 − λcEG
τ )

Lsm(
∑e′

e=0 ∥∇F(Θe)∥2 + Eσ2)
, (22)

where e′ = 1/2, 1, . . . , E − 1, and

λt <
τ∥∇F(Θe)∥2

EG
. (23)

Theorem 2 (Non-convex convergence rate). Under As-
sumptions 1-4, and ∆ = F0 − F∗ where F∗ refers to the
local optimum. For an arbitrary client, given any ϵ > 0, after

T =
2∆

Eϵ(2η − Lsmη2)− Eη(Lsmησ2 + 2λcG
τ )

(24)

communication rounds, we have
1

TE

T−1∑
t=0

E−1∑
e=0

E[∥∇F(Θe)∥2] < ϵ, (25)

if

η <
2(ϵ− λcG

τ )

Lsm(ϵ+ σ2)
and λc <

τϵ

G
. (26)

The result shows that with proper hyperparameters (η, λc),
the expected norm of gradients can be bounded within any
given precision level ϵ > 0. Please refer to the appendix
for detailed evidence and analysis.

4 Experiments
4.1 Experiment Settings
Datasets. We evaluate methods on two segmentation tasks.

• Histology nuclei segmentation: We assembled four pub-
lic datasets (TCIA (Hou et al. 2020), CRC (Awan et al.
2017), KIRC (Irshad et al. 2014), TNBC (Naylor et al.
2018)) for binary segmentation of cell nuclei in histology
images.

• Prostate MRI segmentation: We used a multi-site dataset
from (Liu et al. 2020), which comprises six sources from
three public datasets (Lemaı̂tre et al. 2015; Litjens et al.
2014; Nicholas et al. 2015) for binary segmentation of the
prostate.

We treat each data source as a separate client. Due to vari-
ations in pathological staining and MRI scanning protocols,
images from each client differ visually, yet they maintain
a consistent label distribution. The example cases in each
domain are presented in Fig. 1. Following (Wang et al.
2023; Liu et al. 2020), we adopt the same preprocessing

(a) (b)

Figure 3: Performance analysis. (a) Convergence compar-
ison of differentmethods across communication rounds. (b)
Effectiveness of FSR in addressing layerwise style bias com-
pared to input-level normalization. See details in section 4.2.

methods and data splits, and directly evaluate the results on
the test sets. For more dataset details, please refer to Ap-
pendix. For both segmentation tasks, we use commonly used
UNet (Ronneberger, Fischer, and Brox 2015).
Comparison Methods. We compare our method against
several SOTA federated learning approaches designed to
construct a shared global model, including FedAvg (McMa-
han et al. 2017), FedProx (Li et al. 2020), MOON
(Li, He, and Song 2021), FedProto (Tan et al. 2022),
HarmoFL (Jiang, Wang, and Dou 2022), FPL (Huang
et al. 2023b), FedContrast (Zhou and Zheng 2023), Fed-
PLVM (Wang et al. 2024a) and FedUV (Son et al. 2024).
Implementation Details. All approaches are implemented
under identical configurations, using 400 communication
rounds and 1 local epoch. For histology nuclei segmenta-
tion, we adopt the SGD optimizer with a learning rate of
0.01, while for prostate MRI segmentation we use the Adam
optimizer with a learning rate of 1e-4. The optimizer param-
eters are set with a weight decay of 1e-4, and the training
batch size is 6.
Evaluation Metric. Following (Wang et al. 2023), we adopt
the widely used Dice score as the evaluation metric for both
segmentation tasks. Our evaluation focuses solely on the
foreground Dice score. To ensure reproducibility, we fix the
random seed for all experiments.

4.2 Diagnostic Analysis
Hyper-parameter Study. Figure 4 illustrates the impact
of hyperparameter τ (eq. (20)) on performance. For histol-
ogy nuclei segmentation, optimal performance is achieved
at τ=0.005, while for prostate MRI segmentation the best re-
sults occur at τ=0.4. The results, depicted in Fig. 4, demon-
strate that our method consistently surpasses the second-
place method across a range of temperatures (refer to Tab. 1).
Ablation Study. To comprehensively analyze the effective-
ness of the two components, we conducted an ablation study
on both datasets, as shown in Table 2. The quantitative
findings confirm that each component individually enhances
performance, and their combined application leads to the op-
timal outcomes.
Communication Cost Analysis. We compare our method’s
communication overhead with other federated prototype ap-
proaches in Tab. 3 (prostate MRI segmentation) and Fig. 4
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Histology nuclei segmentation Prostate MRI segmentation
Methods

TCIA CRC KIRC TNBC AVG △ BIDMC HK HCRUDB RUNMC BMC UCL AVG △

FedAvg [ASTAT17] 72.92 73.74 73.60 57.72 69.50 - 68.81 79.86 86.85 80.39 82.23 74.90 78.80 -

FedProx [arXiv20] 72.53 74.00 74.07 55.60 69.00 -0.50 68.44 82.06 86.01 80.38 81.53 70.44 78.10 -0.70

MOON [CVPR21] 72.66 73.81 73.53 57.25 69.30 -0.20 70.76 84.39 85.89 81.32 82.86 71.51 79.50 +0.70

FedProto [AAAI22] 71.66 71.79 73.31 56.22 68.20 -1.30 67.06 79.30 85.06 78.99 80.97 71.22 77.10 -1.70

HarmoFL [AAAI22] 76.77 76.02 74.72 60.09 71.90 +2.40 79.66 80.81 87.88 78.34 83.51 76.70 81.20 +2.40

FPL [CVPR23] 74.02 75.12 73.36 64.16 71.66 +2.16 67.01 83.96 83.08 80.51 80.82 69.14 77.40 -1.40

FedContrast [MICCAI23] 75.98 73.69 72.86 59.38 70.50 +1.00 65.43 83.87 83.73 80.20 79.74 66.29 76.50 -2.30

FedPLVM [NeurIPS24] 73.46 75.58 72.23 62.60 71.00 +1.50 67.41 80.70 84.73 79.59 81.28 71.17 77.50 -1.30

FedUV [CVPR24] 72.71 74.74 73.01 59.48 70.00 +0.50 72.40 82.12 86.04 78.56 82.23 69.59 78.50 -0.30

FedBCS 76.21 78.70 74.42 67.00 74.10 +4.60 77.56 84.56 87.22 83.31 85.01 77.93 82.60 +3.80

Table 1: Comparison with the SOTA methods on Histology nuclei segmentation and Prostate MRI segmentation tasks. AVG
denotes average accuracy calculated on all domains. Best in bold and second with underline. These notes are the same to others.

Histology nuclei segmentationCDPA FSR TCIA CRC KIRC TNBC AVG
72.92 73.74 73.60 57.72 69.50

✓ 75.77 73.92 73.74 65.38 72.20
✓ 74.80 76.45 74.65 63.14 72.30

✓ ✓ 76.21 78.70 74.42 67.00 74.10
Prostate MRI segmentationCDPA FSR BIDMC HK HCRUDB RUNMC BMC UCL AVG

68.81 79.86 86.85 80.39 82.23 74.90 78.80
✓ 72.73 86.46 88.54 83.94 83.78 75.82 81.90

✓ 74.53 83.58 86.59 79.29 82.33 74.13 80.10
✓ ✓ 77.56 84.56 87.22 83.31 85.01 77.93 82.60

Table 2: Ablation study of key components of our method in
Histology nuclei segmentation and Prostate MRI segmenta-
tion task. Please see section 4.2 for details.

Avg # of Prototypes UploadedMethods BIDMC HK HCRUDB RUNMC BMC UCL AVG

FedProto 2.00 2.00 2.00 2.00 2.00 2.00 77.10
FPL 2.00 2.00 2.00 2.00 2.00 2.00 77.40

FedContrast 9.00 9.00 9.00 9.00 9.00 9.00 76.50
FedPLVM 212.10 128.44 365.09 323.39 306.84 140.14 77.50
FedBCS 4.00 4.00 4.00 4.00 4.00 4.00 82.60

Table 3: Comparison of communication costs with other fed-
erated prototype learning methods in prostate MRI segmen-
tation task. Avg # of prototypes uploaded denotes the aver-
age number of prototypes each client sends to the server per
training epoch.

(a). As shown in Fig. 4(a), our method achieves better per-
formance while maintaining stable convergence. In terms
of communication efficiency (Tab. 3), FedProto (Tan et al.
2022) and FPL (Huang et al. 2023b) generate two prototypes
by averaging each class’s features, while FedContrast (Zhou
and Zheng 2023) and FedPLVM (Wang et al. 2024a) re-
quire more prototypes due to local clustering. Although our
method leverages multi-level features to address incomplete
contextual representation, we maintain efficiency by upload-
ing only two prototypes per class. The results demonstrate
that our approach achieves superior segmentation perfor-

(a) (b)

Figure 4: Analysis of FedBCS with different temperature
(eq. (20)). “Base” denotes FedAvg.

mance without substantial communication overhead.
Effectiveness of FSR in Addressing Style Bias. Figure 3
(b) compares our FSR method with input-level amplitude
normalization based on FedAvg, evaluated on the Histol-
ogy nuclei segmentation dataset with pronounced style dif-
ferences. Instance normalization was consistently applied in
all experiments. The results demonstrate that FSR, by ad-
dressing style bias accumulation across layers, achieves bet-
ter performance than methods that only handle style varia-
tions at the input level.

4.3 Comparison to State-of-the-Arts
As evidenced by the comparative analysis in Table 1, our
framework demonstrates significant improvements over ex-
isting approaches, validating FedBCS’s enhanced cross-
domain generalization capability. Furthermore, the commu-
nication efficiency benchmarks in Table 3 reveal that Fed-
BCS maintains superior segmentation performance while in-
curring only marginal communication overhead.

5 Conclusion
In this paper, we addressed two critical challenges in feder-
ated medical image segmentation: layerwise style bias ac-
cumulation and incomplete contextual learning. Our solu-
tion comprises frequency-domain style recalibration to ad-
dress style variations, and context-aware dual-level proto-
type alignment to capture comprehensive semantics. Exper-
iments on two datasets demonstrate improved performance.
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