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Customized Federated Learning for Multi-Source
Decentralized Medical Image Classification

Jeffry Wicaksana, Zenggiang Yan, Xin Yang, Yang Liu, Lixin Fan, and Kwang-Ting Cheng, Fellow, IEEE

Abstract— The performance of deep networks for medi-
cal image analysis is often constrained by limited medical
data, which is privacy-sensitive. Federated learning (FL)
alleviates the constraint by allowing different institutions
to collaboratively train a federated model without sharing
data. However, the federated model is often suboptimal with
respect to the characteristics of each client’s local data.
Instead of training a single global model, we propose Cus-
tomized FL (CusFL), for which each client iteratively trains
a client-specific/private model based on a federated global
model aggregated from all private models trained in the
immediate previous iteration. Two overarching strategies
employed by CusFL lead to its superior performance: 1)
the federated model is mainly for feature alignment and
thus only consists of feature extraction layers; 2) the fed-
erated feature extractor is used to guide the training of
each private model. In that way, CusFL allows each client
to selectively learn useful knowledge from the federated
model to improve its personalized model. We evaluated
CusFL on multi-source medical image datasets for the
identification of clinically significant prostate cancer and
the classification of skin lesions.

Index Terms— Federated learning, personalization, can-
cer diagnosis, skin cancer diagnosis

[. INTRODUCTION

EDERATED learning (FL) [1] allows multiple parties to
collaboratively learn a federated model without data shar-
ing. FL’s privacy-preserving property encourages collaboration
among different medical institutions to build a more gener-
alized and accurate deep learning model for medical image
analysis [2], [3]. In FL, each participating client downloads
the federated model’s parameters from a trusted server and
updates them locally using its private data. Then, the local
parameters updated from each client are aggregated to update
the federated model. This process repeats until convergence.
The federated model, typically trained using federated aver-
aging (FedAvg) [1], is in principle optimized for the average
participants. For clients whose data distributions are different
from the average, the federated model’s performance might be
inferior to the locally learned (LL) models (namely the models
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trained using the local data without any collaboration) [22]. In
practice, this could impair the clients’ desire to participate in
the federation. Such a scenario is prevalent for FL’s application
to medical image analysis as inter-client variations [4], [5] are
common due to variations in the data acquisition protocols,
scanners, or calibration settings at different institutions. Instead
of addressing the inter-client variations using a single federated
model [25]-[27], which is restrictive, it is possible to train a
personalized model for each client under a personalized FL
(PFL) [6] framework.

Some PFL approaches require access to a public dataset
with relevant tasks to perform knowledge transfer [7]-[9]
which might not be feasible for medical data. In other PFL
approaches, each client ends up with a personalized model
which is a mixture of a federated and a private model, either
in the output [10] or the parameter [11] space. As each client’s
personalized model contains a shared federated component,
it may not be fully optimized for its local data. The shared
federated component, trained with FL, targeting to optimize a
shared model, would benefit those clients whose data shares
similar distributions, while might be even detrimental to some
other clients. Due to inter-client variations [4], [5], the fed-
erated component on clients whose data distributions deviate
can hardly be beneficial or may even be detrimental [22].

We propose Customized FL (CusFL), a personalized fed-
erated learning (PFL) framework, where the availability of a
public dataset and the intricate mixture between the feder-
ated model and the private models are not required. CusFL
iteratively trains each client’s personalized model instead of
locally adapting [31] the federated model to each client’s
data post federated training, e.g. with fine-tuning, to avoid
catastrophic forgetting. The main idea behind CusFL is that
each client should train a fully customized model for itself
through federated learning. With CusFL, each client trains
a shared federated feature extractor and a fully personalized
model, composed of both a feature extractor and a classifier.
Unlike the typical FL training process, each client’s personal-
ized model’s parameters are never replaced by the federated
model’s parameters. Instead, each client’s personalized model
learns from its peers through feature alignment, analogous
to knowledge-distillation (KD) in the feature space, with the
federated feature extractor. The personalized classifier at each
client guides the feature alignment to learn only the useful
feature representations for its data distribution [14], [20].



The key contributions of our work are:

1) A new PFL framework: CusFL maps KD in the feature
space for feature alignment between the federated model
and each client-specific personalized model to effectively
assist each client in training a fully customized model
while selectively learning the useful knowledge from its
peers.

2) The first PFL framework for medical image data: the
effectiveness of the proposed CusFL framework is val-
idated on two distinct tasks: (1) the identification of
clinically significant prostate cancer [15]-[17] and (2) the
classification of skin lesions [18].

3) Comprehensive analysis and comparison with the existing
approaches: we demonstrate how CusFL manages to
outperform existing frameworks.

4) The first attempt to combine PFL approaches with domain
adaptation approaches: to evaluate the influence of inter-
client variations, we integrate domain adaptation tech-
niques for further performance improvement of PFL.

The paper is organized as follows. Existing approaches are
summarized and discussed in Section [lIl Section [[II] presents
details of the proposed CusFL framework. In Section we
evaluate the effectiveness of the proposed CusFL framework
through experiments followed by extensive comparison exper-
iments. We provide various ablation studies in Section |V|and
conclude the paper with Section

[I. RELATED WORK

There are two streams of approaches to handle inter-client
variations in the federated setting: with a single federated
model (i.e. classical federated learning) [25]-[27] and with
multiple PFL models [10], [11], [21].

A. Classical Federated Learning

The aim is to train a single federated model that is capable of
handling inter-client variations. In medical image analysis, the
target distributions between medical institutions may be highly
different and thus a single model may not be sufficient [13].
FedProx [27], SCAFFOLD [25]. and MOON [26] attempted
to address the variations by regularizing the local updates
from each client with the federated model’s parameters, among
which MOON has been demonstrated as the most effective
approach.

MOON: The underlying assumptions behind the design of
MOON are: 1) a federated model extracts better representa-
tions compared to a locally learned model of each client, and
2) the local parameters updated from each client would worsen
the learned representations. Therefore, MOON introduces a
contrastive loss during the local update phase such that the
representations learned are close to those of the federated
model and far from those of the previous locally-updated
model.

However, the assumption that the local parameters updated
from each client would worsen the learned representations may
not be always true. For such cases, pushing the learned features
away from the previous locally-learned model’s features could
negatively impact the model performance for some clients.

B. Personalized Federated Learning

PFL can be roughly divided into three categories [6]:
user clustering [21], data interpolation [7]-[9], and model
interpolation [10], [11]. User clustering and data interpolation
approaches require additional private information sharing from
each client which may not be an option for medical imaging
scenarios. Model interpolation approaches combine models
trained through FL and local learning for client-specific in-
ference.

Typically, personalized models are trained through either
locally adapting the federated model [13], [31] or optimiz-
ing the locally-learned client-specific models by referring
to the federated model iteratively [10]-[12], [28]-[30]. The
local adaptation techniques focus on customizing the trained
federated model to each local client through post-federated
training, analogous to transfer learning [32]-[34]. Instead
of post-training, pFedMe [28], AL2SGD+ [29], and IAPGD
[30] minimized the chance of counting on outliers during
training using the mean-regularized approach. Specifically,
they regularized the parameters of each client’s personalized
model to those of the global federated model. However, results
have shown that these approaches may not necessarily lead to
performance improvement. In addition, these approaches were
only validated on multinomial logistic regression models and
two-layer DNN models, and there is no evidence that they
would be applicable to deep learning models.

We focus on iterative approaches, where the shared feder-
ated model and individual client’s private model are mixed ei-
ther in the output space [10] or the parameter space [11], [12].
We highlight two representative approaches in this category:
mixture-of-experts (MoE) [10] and SplitNN [11] in detail.

MOoE: MoE utilized FL to train a shared federated model
C¢ and a unique private model C; for each participating client
as shown in Fig. [T} For inference, the predictions of the two
models of each client ¢ are ensembled using a learnable weight
function o;(z) € [0, 1], defined as

9i = a;i(7)Cq(z) + (1 — ai(z))Ci(2). (1)

Ideally, C¢ is tasked to handle data with common charac-
teristics across different clients, while C; is responsible for
data in which the characteristics are unique to the client.
Unfortunately, in practice, the gating function «; may not be
ideal and could be misleading. For instance, «;; may decide to
trust C'¢ more when performing prediction on data containing
characteristics unique to the client.

SplitNN: SplitNN partitioned a network sequentially into
private local layers and shared federated layers. One variant
is to designate the first few layers as the private component
and the rest of the network as the federated component,
illustrated in the middle part of Fig. [Il Unlike personalized
models trained using MoE where it is possible to trust only
the private model, personalized models trained using SplitNN
must use the shared federated layers due to its sequential
nature. Therefore, the resulting personalized models also share
the same limitation with the single-model approaches when
attempting to address inter-client variations.
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Fig. 1: Ilustration of different PFL frameworks. Split Learning (SplitNN): each client has its private feature extractor followed by a federated
task-specific head. Mixture of Experts(MoE): each client has its private model and a gating function as well as a shared federated model.
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Fig. 2: Ilustration of CusFL. Two-stage updates are employed during each training iteration: personalized model update (left) and federated
model update (right). The federated model, which is responsible only for feature extraction, consists of a task head and a projection head.

The personalized model is trained by referring to the federated model.

I1l. FRAMEWORK

In CusFL, each client first splits its network into two
sequential blocks: a feature extractor and a task-specific head.
Feature alignment is enforced at the output of the feature
extractor block. Each client will then train its personalized
network iteratively in two steps, personalized and federated
model updates respectively, as depicted in Fig. 2} More details
are presented in the following.

A. Network Splitting

We split a deep network as a sequential block of a feature
extractor f(.) and a task-specific head h(.). To facilitate better
feature alignment, we project Z to a lower-dimensional space
using a 2-layer multi-layer-perceptron (MLP) ¢(.). The output
dimension of the projection head is set to 128 in this paper.

The split layer selection and the design of g(.) are hyperpa-
rameters that can be tuned, depending on the network archi-

tecture and the application of interest. More details regarding
the importance of g(.) are presented in Section

As illustrated in the left part of Fig. [2] the personalized
model of each client i’s consists of a feature extractor fy;, a
projection head gy;, and a task-specific head hy;, while the
federated model consists of only a f¢ and a ge.

B. Personalized Model Update

Each client ¢ updates its personalized model, for which
two key components are required: the client’s private data D;
and the latest federated model f¢ + g¢. Before optimizing its
personalized model, each client should first download the latest
federated model parameters from the server.

In addition to the task-specific loss L'®** i.e. cross-entropy
for classification, we add a similarity loss L*"™ to incorporate
relevant peers’ collective knowledge from the federated model
to the client’s personalized model. Minimizing L5 allows fg;
to learn a different set of potentially useful features [20] from



fe for its task from fe. In this stage, fc and g are frozen
as the goal is to help each client’s personalized model learn
useful features from the federated model, not the other way
around.

The purpose of minimizing L!*** is to ensure that the client-
specific model receive sufficient supervision for the task. L!®**
is deployed to optimize fp; and hy; since the inference at each
client 4 relies only on fy; and hg;, ie. Yy = hoi(fo:(X)).
In this study, we use cross-entropy loss (CE) as Ltg‘“"’ for
classification, defined as

1
Lttlz_sk _
’ |D;l

S CE(hei(fai(2))y). @)

(z,y)€D;
As discussed above, the similarity loss is minimized to
leverage the knowledge from the federated feature extractor
to guide the local feature extractor, defined as
sim _ 1 S oi- < ge(fe(@)), goi(foi(x)) >
o 1Dl Sop, Noe(fe(@))llz-Ngei(foi(a))l2

Then, the overall loss function for local model update in
CusFL is defined as

fie = MLEE + ALy, )

3)

where A\; and A5 tuning hyper-parameters. In our experiments,
we empirically find that dynamically adjusting the relative
importance to maintain M Ltesk = X\oL5"™ leads to the
best results. The effect of tuning these hyper-parameters is
described in section [V-Dl

C. Federated Model Update

After personalized model update, each client sends its
updated parameters of f(.) and g(.), i.e. A6; from client i,
to the server to update f: and ge. The server then deploys
a standard FL algorithm, namely FedAvg [1] to update the
federated model according to

1 N
5<—§+N;Mk’ (5)

where N is the total number of clients. In practice, the
federated model can be updated using a wide range of existing
aggregation techniques.

D. Key Differences from Existing Approaches

Compared to existing PFL approaches, CusFL differs in
how each client’s personalized model benefits from the shared
federated model. More specifically:

1) MoE [10]: model mixing in the output space is syn-
onymous with ensembling. The federated model might
generate incorrect predictions for some clients whose data
distributions significantly deviate from the average. For
such cases, it is better to rely more on each client’s private
model for prediction.

2) SplitNN [11]: in SplitNN, proper alignment between the
federated model and each client’s private model is crucial
to ensure the effectiveness of each client’s personalized
model. Little parameter-level misalignment between the

private and the federated models can lead to significant
output divergence, impairing the personalized model’s
performance.

3) CusFL: CusFL utilizes feature alignment rather than a
simple mixture of the federated and each client’s private
model in the output space (MoE [10]) or the parameter
space (SplitNN [11]). Feature alignment is less restrictive
than model mixing because it is implemented only as a
regularization term. Therefore, it does not pursue exact
parameter-level alignment like SplitNN nor compatible
output-level alignment like MoE, which may not be pos-
sible to achieve. Each client in CusFL can then effectively
capture more useful features from the federated model.
With a better set of features, better client-customized,
tasks-specific layers can be learned, leading to a better
performing model for each client.

Compared to MOON [26], the differences lie in the number
of resulting models, i.e. single vs. multiple, and the anchors
used for training the feature extractor. The strong assumption
that the local model updates would worsen the quality of
learned representations has to be valid for MOON to work
because the contrastive loss aims to push the learned fea-
tures away from the features extracted from the previous
local model. Comparatively, CusFL is designed by taking
into account that each client may have a different set of
optimal features for its data distribution. Moreover, the role
of the federated model in CusFL is less restrictive compared
to MOON since it only serves as guidance and is never
used to directly replace the client-specific feature extractor.
As a result, each client can own a client-customized model
instead of conforming to the average data distribution. For
comparison, an ablation study to compare the effectiveness of
the contrastive loss in MOON and the similarity loss in CusFL

is presented in Section

V. EVALUATION
A. Dataset and Preprocessing

We conducted case studies on two different multi-source
medical applications: 1) clinically significant (CS) prostate
cancer (PCa) classification and 2) malignant pigmented skin
lesion classification. Here, we adopted multi-source datasets
because they simulate realistic data silos between medical
institutions. The consequences of data silos are as follows:

1) Variations in patients’ characteristics: given geologically
separate medical image datasets, patients’ physical and
physiological attributes might differ which potentially
translates to varying symptoms for the same diseases.

2) Variations in data characteristics: different tools and
methods used to acquire medical imaging data would
affect the image characteristics and may create systematic
variations across different datasets.

3) Variations in data amount: different datasets may contain
varying amounts of data which affects the bias of the
learned federated model.

CS PCa Classification: Accurate and timely identification
of patients with CS PCa, i.e. patients whose Gleason scores
are equal to or greater than 7, can significantly increase the



TABLE |: Statistics of the CS PCa dataset

# P
Site # Patients | # Images M
# CS PCa
LocalPCa 135 825 47
278
PROSTATEx 188 1273 1041
232

TABLE Il: Statistics of the HAM10000 dataset

# Beni

Site Source # Patients | # Images &

# Malignant

Rosendahl | rosendahl 1552 2259 1326
933
modern 1695 3363 2440
923
Vidir old 278 439 376
72
molemax 3954 3954 3228

survival rate. We perform CS PCa classification based on
apparent diffusion coefficient (ADC) images.

Two different image sources including a publicly avail-
able dataset PROSTATEX [15]-[17] and a privately collected
dataset LocalPCa were used for evaluation. Specifically, we
selected 188 patients’ data, consisting of 64 CS PCa and
124 non-CS PCa patients, from PROSTATEx and used 135
patients’ data from LocalPCa, consisting of 65 CS PCa and
70 nonCS PCa patients, all based on the quality of pixel-wise
annotations by our experts. Statistics of the CS PCa dataset
are presented in Table [T}

The augmentation methods utilized in [22] were adopted to
balance the ratio between CS PCa and non-CS PCa training
images, including random non-rigid image deformation and
random flip.

Malignant pigmented skin lesion classification: The
publicly-available HAM10000 dataset [18], collected from
four different sources located at two different sites was
used for evaluation. Statistics of the dataset are presented in
Table Following the class descriptions in HAM10000,
we grouped the skin images categorized as actinic keratoses
(akiec), melanoma (mel), and basal cell carcinoma (bcc) into
the malignant class, and the skin images categorized as benign
keratosis (bkl), dermatofibroma (df), melanocytic nevi (nv),
and vascular skin lesions (vasc) into the benign class.

As skin lesion images are naturally captured from differ-
ent views, with varying magnifications, and using different
cameras, no additional image augmentation was adopted to
validate the performance of different approaches under severe
inter-client variations, i.e. Vidir-old has only 439 images in
total while the other clients have around 3,000 images, and
almost 99% of the images in Vidir-molemax are benign.

B. Evaluation Metrics

We evaluated the models’ performance using the balanced
classification accuracy (ACC) with a prediction threshold of
0.5, and the area under a curve (AUC).

C. Implementation Details

In our experiments, the federated training, performed using
synchronous FL, is simulated on a single machine. The fed-
erated model update is performed after one training round.
We also include centralized learning to provide a baseline
performance when data sharing is feasible.

1) Network Architectures: Two network architectures are
used for the two different studies:

1) The custom network in [22] for CS PCa classification.
The network is composed of 4x convolutional-pooling
blocks followed by 2x residual convolution blocks and
fully connected layers. We split the network into a feature
extractor and a task-specific head at the output of the 3"?
convolutional-pooling block.

2) Resnetl8 [24] for malignant pigmented skin lesion classi-
fication. Resnet18 is composed of 18 convolution layers.
We split the network at the output of the 9** convolution
layer, i.e. at the output of the 3"¢ convolution blocks.

Both SplitNN and CusFL follow the same network splitting
way (as described above).

2) Optimization: All the networks were implemented within
PyTorch and were trained for 200 rounds using ADAM
optimizer with a learning rate of le-3 and a batch size of
32. By default, FedAvg [1] was selected as the aggregation
function for federation.

D. Experiment Setup

The experiment settings with 2, 4, 8, 16, 32, and 64 clients

on the two application drivers are as follows:

1) CS PCa classification. We maintained the original split
based on the data sources, i.e. LocalPCa and PROSTATEXx
for the 2-client setting. For the 4-, 8-, 16-, and 32-client
settings, we randomly split the training set of the two
data sources into 2, 4, 8, and 16 subsets respectively.
For CS PCa classification, the 64-client setting was not
implemented due to the limited data size.

2) Skin lesion classification. For the 2-client setting, we
split the HAM10K [18] dataset according to the hospital
sources, i.e. Vidir and Rosendahl. For the 4-client setting,
we divided the data according to the original data sources.
For the 8-, 16-, 32-, and 64-client settings, we randomly
split the training set of each of the four data sources into
2, 4, 8, and 16 subsets respectively.

We conducted 5-fold validation by randomly splitting each
data source according to 80%/20% train-test split for each fold.
To gain a better insight into different learning frameworks,
evaluations were performed from two aspects: the private
testing aspect and the public testing aspect. For private testing,
we evaluated each client’s model on the original test set
of the corresponding data source, namely the training set
and the testing set coming from the same source. In this
way, we can estimate how much benefit each client receives
from the federation. For public testing, all clients’ models
were evaluated on the evaluation set consisting of the test
sets coming from all data sources. Through this, we can
assess how well each model performs on unseen data (i.e.
generalizability).



TABLE Ill: Comparison results of locally-learned models for CS PCa classification. The results are averaged from 5-fold validation and the

standard deviations are reported in brackets.

LL Metrics Cl C2 C3 C4 C5 Co6 C7 C8
. ACC(%) | 85.1(4.1) | 57.3(4.8)

2 clients
AUC(%) | 90.4(4.7) | 62.8(1.4)

4 clients ACC(%) | 81.2(5.2) | 55.6(5.4) | 84.7(24) | 61.3(7.4)
AUC(%) | 89.6(5.2) | 55.3(2.6) | 90.2(0.3) | 61.3(7.6)

8 clients ACC(%) | 67.6(6.7) | 52.3(0.6) | 76.6(4.2) | 58.3(9.9) | 83.0(5.8) | 52.0(0.9) | 81.0(6.5) | 61.2(12)
AUC(%) | 72.1(8.6) | 52.8(3.9) | 84.2(5.0) 62.6(11) 88.4(6.3) | 51.9(1.6) | 86.7(5.7) | 65.3(14)

TABLE IV: Comparison results (i.e. Avg. ACC) of learning frameworks for CS PCa classification under different settings: “private” represents
private testing (i.e., testing on each client’s data) and “public” is public testing (i.e., testing on the same collection of testing data from all
clients). The standard deviations are reported in brackets and the best results are shown in bold.

Avg. ACC (%)
Frameworks 2 Clients 4 Clients 8 Clients 16 Clients 32 Clients
private ‘ public private ‘ public private ‘ public private ‘ public private ‘ public

CL 88.7(2.6) 89.2(3.9) 90.5(4.9) 91.2(3.4) 89.1(2.1)
LL 71.2(1.1) | 71.8(24) | 70.8(1.7) | 70.3(1.2) | 66.5(1.9) | 66.9(3.1) | 63.92.0) | 63.3(1.2) | 61.0(1.5) | 61.7(1.4)
FL [1] 85.8(7.3) | 74.4(6.0) | 83.5(6.3) | 73.9(5.2) | 84.2(8.1) | 73.03.1) | 78.0(4.8) | 66.3(5.8) | 72.8(6.9) | 66.3(5.0)
MOON [26] | 86.5(3.5) | 77.1(2.4) | 85.6(4.1) | 74.3(6.9) | 84.5(4.2) | 74.7(4.4) | 79.08.5) | 69.9(7.0) | 72.1(1.5) | 69.5(8.0)
MoE [10] 86.0(5.4) | 75.02.1) | 88.0(1.7) | 73.6(2.1) | 84.2(4.4) | 73.42.0) | 77.7(5.0) | 68.3(5.1) | 72.3(2.9) | 65.0(9.0)
SplitNN [11] | 79.0(5.3) | 71.0(4.6) | 77.4(10) | 71.5(3.1) | 70.3(9.4) | 73.93.0) | 69.0(5.8) | 69.0(5.8) | 72.6(3.7) | 62.3(4.0)
CusFL (ours) | 87.5(3.0) | 80.5(3.7) | 88.3(3.1) | 78.4(1.8) | 86.1(1.6) | 75.2(2.0) | 80.8(2.2) | 70.0(1.0) | 73.8(1.5) | 66.2(0.9)

TABLE V: Comparison results (i.e. Avg. AUC) of learning frameworks for CS PCa classification under different settings: “private” represents
private testing (i.e., testing on each client’s data) and “public” is public testing (i.e., testing on the same collection of testing data from all
clients). The standard deviations are reported in brackets and the best results are shown in bold.

Avg. AUC (%)
Frameworks 2 Clients 4 Clients 8 Clients 16 Clients 32 Clients
private ‘ public private ‘ public private ‘ public private ‘ public private ‘ public

CL 96.2(1.9) 95.5(3.1) 94.9(5.4) 93.7(3.5) 91.2(2.1)
LL 76.6(5.7) | 74.3(24) | 74.2(2.8) | 73.3(2.0) | 70.5(0.3) | 72.3(4.5) | 70.4(2.8) | 69.2(1.5) | 61.1(1.3) | 68.9(1.3)
FL [1] 90.5(6.5) | 86.8(1.7) | 91.3(3.7) | 83.9(9.2) | 91.3(3.1) | 82.2(8.3) | 88.8(5.1) | 76.0(2.4) | 81.4(3.5) | 70.2(1.6)
MOON [26] | 95.0(2.0) | 87.7(1.0) | 87.9(7.9) | 83.1(9.2) | 88.0(4.2) | 80.3(4.2) | 86.6(3.6) | 74.4(3.4) | 81.2(29) | 71.2(6.5)
MoE [10] 94.0(2.8) | 83.8(2.2) | 94.2(0.9) | 84.4(2.5) | 91.0(1.6) | 82.8(3.8) | 84.6(1.8) | 77.3(1.7) | 82.3(1.4) | 72.7(2.8)
SplitNN [11] | 87.4(3.5) | 84.7(7.6) | 87.6(4.4) | 84.2(7.2) | 86.9(4.5) | 80.2(5.3) | 84.4(9.6) | 75.6(8.4) | 80.7(5.5) | 72.0(1.7)
CusFL (ours) | 95.6(0.9) | 88.7(2.2) | 94.9(1.4) | 88.5(1.4) | 92.9(0.9) | 84.3(1.6) | 87.2(1.7) | 78.6(1.7) | 82.9(0.2) | 73.4(0.4)

E. Study on CS PCa Classification

We assigned data from LocalPCa to the odd clients and
PROSTATEx to the even clients. To better understand the
characteristics of data on each client, we first evaluate the
performance of the locally-learned models as summarized in
Table The performance gaps between the odd clients and
the even clients reflect the quality discrepancy between the
two image sources, which commonly exists in clinical practice.
With more clients and thus the amount of each client’s local
training data reduced, it becomes more difficult to train a
high-quality local model. As a result, the average accuracy
of C1 drops from 85.1% under the 2-client setting to 67.6%
under the 8-client setting. Similar performance degradation
can be observed for the 4-client setting. The increase in the
standard deviations further validates this point. In addition,
the model performances of different clients vary dramatically
which becomes even more obvious with the increasing number

of clients. In the 8-client setting, the maximum ACC gap is
31% while the corresponding AUC gap is 35.6%.

Comparison results of learning frameworks on Avg. ACC
and Avg. AUC under different settings are presented in
Tables and [V] respectively. In addition to LL and FL,
centralized learning (CL) is implemented as a potential upper
bound of FL frameworks for comparison. Comparing CL to
LL, we find significant performance gaps, e.g. Avg. ACC from
71.2% to 88.7% and Avg. AUC from 76.6% to 96.2% under
the 2-client setting. The observation that the performance
gaps between LL and CL increase when the number of
clients increases signifies the importance of privacy-preserving
collaboration through FL.

According to Tables [[V|and |V| FL frameworks consistently
outperform LL under all settings. Comparing the results of
different FL frameworks on private testing and public testing,
we observe considerable performance gaps. One interesting



TABLE VI: Comparison results of locally-learned models for skin lesion classification. The results are averaged from 5-fold validation and

the standard deviations are reported in brackets.

LL Metrics Cl C2 C3 C4 ‘ C5 Co6 (oy) C8
. ACC(%) | 74.8(0.9) | 76.9(0.6)

2 clients
AUC(%) | 82.0(0.5) | 86.8(0.4)

4 clients ACC(%) | 74.8(0.9) | 64.3(2.1) | 52.2(0.8) | 53.5(1.6)
AUC(%) | 82.0(0.5) | 72.8(6.4) | 54.7(4.5) | 62.5(3.2)

8 clients ACC(%) | 72.1(2.1) | 69.3(0.8) | 65.5(0.9) | 67.5(1.1) | 56.9(5.8) | 58.6(4.5) | 55.9(4.8) | 76.6(6.4)
AUC(%) | 80.3(1.2) | 77.3(1.1) | 76.4(2.4) | 76.3(0.9) | 68.9(2.4) | 62.3(3.6) | 88.6(5.7) | 90.9(5.2)

observation is that better performance on public testing does
not necessarily lead to better performance on private testing,
especially when the number of clients is relatively large. It
demonstrates the need and value of PFL to improve individual
clients’ performance.

Next, we analyze the performances of different learning
frameworks starting from the 2-client setting. In terms of
private testing, MOON outperforms other PFL approaches in
both Avg. ACC and Avg. AUC, validating its effectiveness in
extracting useful information from each client for federation.
Comparatively, data heterogeneity makes it counterproductive
to pursue parameter-level alignment in SplitNN, degrading its
performance. As output-level alignment is less sensitive to
data heterogeneity, MoE performs better than FL and SplitNN
but slightly worse than MOON. Compared to the above PFL
approaches, CusFL achieves the best performance by training
a fully personalized model for each client through feature-level
alignment with the federated model.

The impact of inter-client variations is more apparent in
public testing. In general, the performance gains compared to
LL are much lower than those on private testing. In some
cases, SplitNN even fails to outperform LL, highlighting the
shortcoming of parameter-level alignment in alleviating inter-
client variations. With an increasing number of clients, the
inter-client variation problem becomes more severe. As a
result, considerable performance degradation incurs for all
learning frameworks. It should be pointed out that though
MOON performs better than CusFL in public testing under
the 32-client setting, its private testing performance is worse.
It is due to that CusFL is designed primarily to target for
private testing (i.e. personalization) while MOON is primarily
for public testing (i.e. generalization). In general, CusFL stably
outperforms other learning frameworks under all settings,
validating its effectiveness.

F. Study on Malignant Pigmented skin lesion
Classification

For 8-, 16-, 32-, and 64-client settings, we split the 4 original
data sources: Rosendahl, Vidir-modern, Vidir-old, and Vidir-
molemax into 2, 4, 8, and 16 subsets respectively.

Quantitative results of LL under different settings are sum-
marized in Table [VIl The images of Vidir-old are digitized
analog images with greater noise while Vidir-molemax has a
severe class imbalance problem. As a result, the performances
of those clients corresponding to the above two sources are
much worse than others. Taking into account the standard

deviations, client performances vary significantly under the 8-
client setting, indicating large inter-client data variations in
both quantity and quality.

Quantitative results of different learning frameworks on
Avg. ACC and Avg. AUC are summarized in Tables
and respectively. For private testing, FL. has the worst
performance, even lower than LL, mainly due to the more
severe inter-client variation problem in skin lesion classifica-
tion compared to that in CS PCa classification. Consequently,
training a single federated model may not be a winning
strategy. For public testing, FL outperforms LL, which is
consistent with the intuition that the federated model by FL
should be more generalizable compared to the locally-learned
models, especially with the existence of inter-client variations
among the test sets in public testing. Under the 2-client setting,
all learning frameworks outperform FL on private testing,
while only CusFL achieves a better performance on public
testing. It validates the effectiveness of feature alignment in
CusFL compared to parameter aggregation in FL. With an
increasing number of clients, SplitNN, MoE, and MOON
gradually outperform FL, showing the limitations of FL in
alleviating inter-client variations. For public testing, greater
inter-client variations further degrade the performances of
various federated approaches, making them quite similar.

Under all settings, CusFL stably outperforms other learning
frameworks, highlighting the advantages of training a fully
personalized model for each client in FL. In addition, CusFL
manages to strike a better balance between the federated model
and each client’s personalized model, leading to lower standard
deviations when the number of clients is high (i.e. 16-client,
32-client, and 64-client settings).

V. DiscUssSION

We conducted a series of ablation studies to gain a better
understanding of CusFL.

A. Similarity Loss

We compare the average performances of the personalized
models trained using the CusFL framework based on the
proposed similarity loss in and the model contrastive loss
used in MOON [26]. According to the quantitative results
in Table pushing the extracted features away from the
previous local model’s features, i.e. using a model contrastive
loss, is detrimental and leads to lower average performance.



TABLE VIl: Comparison results (i.e. Avg. ACC) of learning frameworks for skin lesion classification under different settings: “private”
represents private testing (i.e., testing on each client’s data) and “public” is public testing (i.e., testing on the same collection of testing data
from all clients). The standard deviations are reported in brackets and the best results are shown in bold.

Avg. ACC (%)
Frameworks 2 Clients 4 Clients 8 Clients 16 Clients 32 Clients 64 Clients
private { public private { public private { public private { public private { public private { public

CL 83.9(1.4) 82.7(2.9) 82.3(2.9) 82.6(2.7) 81.4(3.6) 81.5(2.5)
LL 77.3(1.2) | 67.9(0.8) | 72.0(1.6) | 56.9(0.8) | 65.3(0.9) | 55.5(1.2) | 62.2(0.9) | 52.9(0.4) | 58.6(0.5) | 51.9(0.2) | 56.9(0.2) | 51.1(0.4)
FL [1] 73.2(1.1) | 76.6(1.8) | 57.3(1.7) | 60.5(3.0) | 57.1(1.7) | 59.8(2.0) | 57.2(2.1) | 57.4(3.0) | 54.8(1.5) | 54.4(1.7) | 55.5(2.8) | 54.0(1.0)
MOON [26] | 76.7(1.6) | 72.4(0.7) | 70.5(1.3) | 61.0(1.3) | 67.8(1.6) | 59.1(1.8) | 63.5(1.1) | 56.02.0) | 59.4(1.6) | 53.2(1.7) | 55.0(0.6) | 51.9(0.4)
MoE [10] 76.2(0.9) | 69.5(1.3) | 75.0(2.8) | 62.1(2.5) | 69.4(2.2) | 58.4(2.2) | 69.6(3.6) | 55.2(0.8) | 68.0(1.7) | 54.6(2.3) | 68.0(0.8) | 54.9(1.4)
SplitNN [11] | 75.8(0.4) | 70.0(1.0) | 68.4(1.5) | 57.7(1.5) | 66.1(1.1) | 54.6(1.0) | 64.3(0.8) | 52.0(1.2) | 62.0(1.0) | 50.2(0.3) | 62.7(0.7) | 50.2(0.2)
CusFL (ours) | 79.1(1.2) | 77.7(1.4) | 81.03.0) | 64.4(1.2) | 76.6(2.3) | 62.8(2.0) | 73.8(0.8) | 60.7(0.8) | 70.0(1.0) | 59.6(0.3) | 68.6(0.6) | 60.4(0.9)

TABLE VIIl: Comparison results (i.e. Avg. AUC) of learning frameworks for skin lesion classification under different settings: “private”
represents private testing (i.e., testing on each client’s data) and “public” is public testing (i.e., testing on the same collection of data from
all clients). The standard deviations are reported in brackets and the best results are shown in bold.

Avg. AUC (%)
Frameworks 2 Clients 4 Clients 8 Clients 16 Clients 32 Clients 64 Clients
private ‘ public private ‘ public private ‘ public private ‘ public private ‘ public private ‘ public

Cl 89.6(3.2) 86.2(5.0) 85.8(2.5) 86.4(6.8) 87.2(7.9) 88.6(6.4)
LL 86.8(0.4) | 76.0(0.8) | 80.9(1.3) | 62.0(2.3) | 77.6(1.3) | 59.7(1.4) | 71.8(1.0) | 55.1(1.6) | 68.7(1.2) | 53.8(0.8) | 65.9(0.6) | 52.6(0.8)
FL [1] 84.2(2.3) | 81.6(2.7) | 70.8(3.2) | 73.5(3.1) | 70.1(2.9) | 70.2(2.6) | 68.6(4.9) | 65.3(1.5) | 68.1(2.3) | 63.8(0.6) | 65.9(3.2) | 62.8(1.2)
MOON [26] | 86.8(0.4) | 80.6(2.1) | 81.6(1.5) | 69.3(1.7) | 77.7(0.4) | 66.1(1.6) | 74.7(1.4) | 66.2(4.1) | 69.5(0.3) | 63.2(3.1) | 63.5(1.6) | 60.4(2.8)
MoE [10] 86.5(2.6) | 79.8(2.8) | 80.7(1.2) | 68.1(3.7) | 74.7(2.5) | 65.2(4.4) | 73.73.7) | 60.8(1.6) | 71.5(1.7) | 61.6(1.7) | 72.7(1.7) | 63.4(1.8)
SplitNN [11] | 86.5(0.5) | 77.8(1.7) | 75.3(2.5) | 62.4(1.8) | 71.8(1.6) | 61.6(1.5) | 69.6(0.8) | 56.1(1.4) | 66.6(1.2) | 57.5(2.8) | 65.4(0.8) | 58.2(1.5)
CusFL (ours) | 87.7(0.4) | 80.9(0.6) | 86.1(1.0) | 74.0(1.7) | 84.2(1.1) | 70.7(0.2) | 80.7(0.2) | 68.3(0.8) | 78.2(0.2) | 67.6(0.4) | 76.0(0.2) | 66.7(0.4)

TABLE IX: Performance comparison (i.e. Avg. ACC and Avg. AUC)
of the CusFL framework with the proposed similarity loss vs. the
model contrastive loss in MOON [26].

TABLE X: Performance comparison (i.e. Avg. ACC and Avg. AUC)
of the CusFL framework when the federated model (FM) is frozen
vs. non-frozen during training of the personalized local update phase.

Classification Task Classification Task
CusFL CS PCa Skin Lesion CusFL CS PCa Skin Lesion
ACC (%) AUC (%) | ACC (%) AUC (%) ACC (%) AUC (%) | ACC (%) AUC (%)
contrastive loss 87.92 91.12 77.41 86.74 non-frozen FM 87.52 92.55 80.50 87.33
Lsm 90.37 92.59 81.34 87.86 frozen FM 90.37 92.59 81.34 87.86
CS PCa Skin Lesion
A 1 on the quantitative results, using the projection layers stably
improves the performance of the personalized models trained
¢~ ACC —8—AUC - @+ ACC--®:- AUC by CusFL (regardless of the projection dimensions) as it allows
. 100 each client to retain its client-customized information at the
s —— " o . output of the personalized feature extractor, fy;. One of the
qg 90 P o — —  o— - < repercussions qf promoFing similarit.y between the fe.de.rat.ed
s features and client-specific features is the need to minimize
g 80 5 > ® o ° ~ . client-specific features if the other clients do not have them. As
,g? the projection layers extract the client-independent information
70 for feature alignment while leaving the useful client-specific
No 4 8 16 32 64 128 information intact in its features, greater model performance

Projection Dimension can be obtained with the projection layers.

Fig. 3: The average ACC and AUC of the models learned using
CusFL with varying projection dimensions for CS PCa classification
and skin lesion classification.

C. Does Freezing the Federated Model Helps Training in
the Personalized Model Update Phase?

The performance of the personalized models learned
through CusFL, as shown in Table m would be better if
we freeze the federated feature extractor during the training
of the personalized model update phase. The reasons behind
this are as follows:

B. The Importance of Projection Layer

To validate the effectiveness of feature projection, we con-
duct additional experiments on the same backbone with and

without using the projection layers as stated in Fig. [3] Based 1) It is harder to match moving targets than frozen targets.
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Fig. 4: Testing accuracy curves of different learning frameworks for CS PCa (Row 1) and skin lesion (Row 2) classification under 2-client,

4-client, and 8-client settings.

TABLE Xl: Performance comparison (i.e. Avg. ACC and Avg. AUC)
of the CusFL framework with a varying weight ratio r across clients.

Classification Task
r CS PCa Skin Lesion
ACC (%) AUC (%) | ACC (%) AUC (%)
0 86.17 90.99 78.95 86.63
0.3 85.49 92.55 80.88 87.62
0.4 87.71 91.51 81.02 87.01
0.5 90.37 92.59 81.34 87.86
0.6 88.01 92.02 79.52 86.88
0.7 87.86 92.76 78.96 87.68

2) Jointly training the federated model and the private model
would force the federated feature extractor to match
the client-customized feature extractor. Consequently, the
learning process puts more emphasis on the local data,
and largely ignores the training data from other clients,
making it more similar to local learning.

D. How Do \; and )\, Affect CusFL?

According to the definition of the joint loss L¢“* in (@),
A1 determines the importance of the task-specific loss such as
cross-entropy loss, while A, indicates the degree of influence
of the federated model. Here, we study the effect of how the
ratio between A\ Lt*** and \o L*™ affects the performance of
the learned models. As the ranges of L!*** and L™ might be
different, we dynamically adjust the value of Ay to maintain
the weight ratio r = \y L5"™ /L°“* during training. Specially,
setting Ao to O implies that each client will train its model
locally, without any interaction from its peers.

According to the results in Table [XI for both CS PCa
and skin lesion classifications, setting r = 0.5 strikes the
best balance between the client-specific task loss L'®** and
the feature alignment loss with the federated model L™,
demonstrated by the highest Avg. ACC across clients. In
practice, not all participating clients need to use the same
value of r during training. For instance, clients whose data
distributions are different from the average may find it better
to rely more on their local data rather than the federated
model. Then, these clients can independently select a smaller
r without impacting the training of other clients’ personalized
models.

E. How Does CusFL Converge Compared to Other
Methods?

We follow the comparison method in [1] to gain a better
understanding of CusFL’s convergence compared to other
methods. For both CS PCa and skin lesion classification, we
plot the average test accuracy curves and the average training
loss curves of different learning frameworks under 2-, 4-, and
8-client settings. Considering that the targeted convergence set
by MOON is —log(0.5) instead of 0, we further modify the
training loss curves of MOON as l,00n = lmoon + 109(0.5)
for fair comparison.

As shown in Fig. i} CusFL’s average testing accuracy is
higher than other frameworks on both application drivers. In
Fig. {] the testing accuracy curves of other learning frame-
works vary considerably due to data limitations for CS PCa
classification. The trend is consistent across 2-, 4- and 8-client
settings. The corresponding curves on skin lesion classification
are more stable as shown in Fig. {f] due to the availability of
more training data. Under all settings, the results show that FL



2 clients 4 clients 8 clients
o— L
- FL
—— MOON
2 2 A s SPLIT
2 10 S < R - pclll?sEF
2 2 e A e :
on oy 107 )
.8 £ g 1w
.8 R .8
< < <
S e S
= = = m
107 T T T T T T T T T T T T T T T T T T
0 25 50 ) 100 125 150 175 200 0 5 50 s 100 125 150 175 200 0 5 50 s 100 125 150 175 200
Training rounds Training rounds Training rounds
3x107 2x107
2x107?
2x107?
w w 172
w 172} 172}
S S 10 S
2 2 S
on ) )
= 07 =) =
g B g
.8 .8 sx10-2 £
= < 6x107 S 6x1072
- -2 — —
& ex10 an W &
- sPLIT W, AA‘1|
4x102 4x1071 __ moE (AP 4x1072
CUSFL '
3x107 3x10-2

0 2 S 75 100 15 150 175 200 0 5 %

Training rounds

Training rounds

75 100 15 150 175 200 0 2 S 75 100 15 150 175 200

Training rounds

Fig. 5: Training loss curves of different learning frameworks for CS PCa (Row 1) and skin lesion (Row 2) classification under 2-client,

4-client, and 8-client settings. The loss is presented in log scale.

TABLE Xll: Comparison results (i.e. Avg. ACC) of learning frameworks coupled with the variation-aware module to reduce inter-client
variations [22] for CS PCa classification under different settings: “private” represents private testing (i.e., testing on each client’s data) and
“public” is public testing (i.e., testing on the same collection of testing data from all clients). The standard deviations are reported in brackets

and the best results are shown in bold.

Avg. ACC(%)
Frameworks (VA) 2 Clients 4 Clients 8 Clients 16 Clients 32 Clients
private public private public private public private public private public

FL [1] 86.6(4.0) | 81.4(1.9) | 83.7(3.9) | 80.3(4.2) | 85.1(4.2) | 79.4(2.6) | 80.7(2.5) | 73.1(2.6) | 81.3(3.6) | 70.8(4.2)
MOON [26] 90.2(3.4) | 82.3(5.8) | 90.3(1.3) | 81.2(2.2) | 90.2(2.4) | 80.3(1.2) | 84.1(2.8) | 76.2(3.5) | 82.4(3.5) | 71.0(3.4)
MoE [10] 89.5(1.2) | 82.5(3.6) | 89.8(1.9) | 80.4(3.8) | 90.3(1.4) | 80.1(1.7) | 82.3(1.7) | 76.9(2.0) | 83.3(1.6) | 70.9(5.8)
SplitNN [11] 85.6(3.2) | 78.7(1.2) | 88.0(2.7) | 77.8(4.7) | 87.3(5.8) | 77.7(4.9) | 81.6(3.4) | 75.2(4.9) | 81.8(2.4) | 68.7(4.9)
CusFL (ours) 90.6(5.0) | 83.7(2.1) | 90.8(4.3) | 81.8(2.0) | 91.0(1.0) | 79.5(1.3) | 85.4(2.1) | 77.2(0.8) | 84.0(0.1) | 71.5(1.0)

performs the worst, as a result of high inter-client variations.
MOON helps reduce the impact of inter-client variations,
achieving greater testing accuracy while CusFL outperforms
all other approaches.

The training loss curves of CusFL converge faster than
those of the other learning frameworks for both CS PCa and
skin lesion classification, as shown in Fig. @ In contrast, the
convergence performance of FL varies dramatically on the two
application drivers. For CS PCa classification, FL. converges
better than other learning frameworks under 2- and 4-client set-
tings. When the number of clients increases, MOON gradually
outperforms FL, leading to faster convergence. It is because
more clients would incur greater inter-client variations, and
thus would degrade FL’s convergence performance. As shown
in Fig. [3] the training loss curves of all learning frameworks
on skin lesion classification are smoother than those curves
on CS PCa classification, reflecting the fact of this dataset’s
higher data quantity and quality. For this case, the inter-client
variation problem is the dominating issue for FL. As a result,
FL performs the worst. One interesting observation is that

MOON performs worse than most approaches, highlighting
the limitations of single-model-based federated approaches.

The above analysis shows that CusFL achieves the best
convergence compared to other frameworks. It validates exper-
imentally the effectiveness of feature alignment in CusFL on
extracting useful features from the federation and alleviating
inter-client variations.

F. Can We Combine PFL with Domain Adaptation?

We further assess the benefits of CusFL coupled with
domain adaptation techniques on CS PCa classification. Here,
the variation-aware (VA) module in [22] was introduced for
variation reduction, as it can be used as a plug-n-play module
without changing network architectures.

Quantitative results of different learning frameworks with
VA are summarized in Tables. and respectively.
Compared to the results in Tables. [[V]and [V] alleviating inter-
client variations effectively improves the performances of all
learning frameworks, resulting in 0.8%-7% increase in Avg.
ACC and 0.3%-8.7% increase in Avg. AUC. The improvement



TABLE XllIl: Comparison results (i.e. Avg. AUC) of learning frameworks coupled with the variation-aware module to reduce inter-client
variations [22] for CS PCa classification under different settings: “private” represents private testing (i.e., testing on each client’s data) and
“public” is public testing (i.e., testing on the same collection of testing data from all clients). The standard deviations are reported in brackets

and the best results are shown in bold.

Avg. AUC(%)
Frameworks (VA) 2 Clients 4 Clients 8 Clients 16 Clients 32 Clients
private public private public private public private public private public
FL [1] 92.9(4.3) | 88.7(0.9) | 90.9(2.6) | 88.1(2.4) | 90.9(2.0) | 87.3(2.1) | 86.3(6.7) | 83.1(2.6) | 84.3(8.6) | 78.9(5.6)
MOON [26] 95.3(1.2) | 90.1(5.2) | 94.7(1.7) | 89.2(2.6) | 94.6(1.2) | 88.1(2.0) | 91.4(2.6) | 83.2(3.4) | 86.7(1.8) | 79.7(2.1)
MoE [10] 94.5(1.0) | 88.9(2.5) | 94.0(1.0) | 89.3(1.7) | 95.0(1.0) | 88.2(6.7) | 91.6(0.8) | 83.8(5.9) | 89.4(2.4) | 79.0(5.8)
SplitNN [11] 92.2(3.4) | 86.909.2) | 94.5(1.6) | 87.2(3.6) | 93.2(4.5) | 85.6(3.0) | 91.4(2.4) | 84.2(2.7) | 86.4(2.3) | 75.0(1.2)
CusFL (ours) 96.0(0.8) | 90.9(2.4) | 96.7(1.1) | 90.1(2.5) | 95.6(0.7) | 87.5(0.8) | 92.5(1.2) | 84.4(1.0) | 88.0(0.5) | 80.6(1.1)
CS PCa Classification Skin Lesion Classification TABLE XIV: Performance comparison (i.e. Avg. ACC (%) and Avg.
75% 75% AUC (%)) of FedAvg and CusFL frameworks with and without local
adaptation, e.g., fine-tuning (FT) [31]. The standard deviations are
70% 70% reported in brackets and the best results are shown in bold.
AUC ACC AUC ACC
Classification Task
6% 65% Methods CS PCa(32 clients) Skin Lesion(64 clients)
ACC (%) AUC (%) | ACC (%) AUC (%)
60% 60% FedAvg[1] 72.8(6.9) 81.4(35) | 555(28) 65.9(3.2)
2 4 8 16 32 2 4 8 16 32 e FedAvg[1+FT[31] | 73.5(7.0) 82.5(4.4) | 56.1(3.0)  66.3(3.4)
Number of Clients Number of Clients CusFL 73.8(1.5) 82.9(0.2) 68.6(0.6) 76.0(0.2)
Fig. 6: The range and average ACC (%) and AUC (%) of the models CusFLA+FT([31] 742(1.7)  83.2(04) | 69.3(1.2)  76.4(1.3)

learned by CusFL through 5-fold validation with the varying number
of participating clients. The amount of data at each client is kept the
same for this set of experiments.

is more apparent under the 32-client setting, which exhibits
the most severe inter-client variation problem. The more the
clients, the greater the inter-client variations and the more
performance gains achieved by introducing VA.

Compared to the experimental results without VA, similar
performance trends among different learning frameworks are
observed. MOON outperforms FL as it attempts to further
minimize the inter-client variations. MoE achieves a compa-
rable performance with MOON as it implicitly handles inter-
client variations by utilizing both the federated model and each
client’s local model. For private testing, SplitNN outperforms
FL in both Avg. ACC and Avg. AUC under 4-, 8-, 16-, and
32-client settings, showing the value of variation reduction to
ensure the efficiency of parameter-level alignment. However,
for public testing, FL has a better performance than SplitNN,
highlighting the limitation of parameter-level alignment in
generalization.

CusFL achieves the best overall performance compared to
other learning frameworks. Though MOON’s can perform
better than CusFL on certain clients for public testing, the
performance gaps are quite limited. It should be noticed that
MOON is designed to optimize a global federated model for
all clients (i.e. primarily targeting for public testing) while
CusFL is to optimize a personalized model for each client (i.e.
primarily targeting for private testing). The above experimental
results, with and without VA, validate that leveraging public
knowledge through feature-level alignment with the federated
model for personalization is beneficial.

G. Can We Further Adapt CusFL Locally?

We utilized local adaptation techniques [31] to observe if the
personalized models trained through FedAvg [1] and CusFL
can be further adapted to local clients’ data distributions.
Therefore, additional experiments were conducted to evaluate
local adaptation based on each client’s private testing set
through 5-fold validation using the largest number of clients,
i.e. 32 clients for CS PCa classification and 64 clients for skin
lesion classification.

As stated in Table local adaptation through fine-tuning
(FT) [31] consistently improves the Avg. ACC (%) and Avg.
AUC (%) performance of both FedAvg and CusFL. However,
each client has to undergo another 100 training rounds on
top of the 200 training rounds conducted through federated
training. More importantly, both Avg. ACC (%) and Avg. AUC
(%) of the adapted federated model through FedAvg are lower
than those achieved by vanilla CusFL without local adaptation.
According to our experiments, the main challenge of local
adaptation is to ensure that the resulting federated model(s) can
quickly adapt to each client’s local data distribution without
overfitting. With proper design, introducing FT as a post-
processing step can be beneficial for CusFL as stated in

Table

H. Does Increasing Amount of Training Data Help
CusFL?

In Sections IV.F. and IV.G., we conducted various exper-
iments by fixing the total amount of effective training data.
Specifically, the total amount of training data used in the
2-client and 32-client settings are kept the same. To better
validate the effectiveness of CusFL, we designed another set



of experiments by progressively increasing the amount of
training data. The dataset is first split into 32 clients and 64
clients for CS PCa and malignant skin lesion classification
respectively. Then, we sampled subsets of the clients and used
them for training. In this way, the total amount of training data
gradually increases with the increasing number of participating
clients. To better validate the generalization capability, 5-fold
evaluation was conducted on the public testing set.

As shown in Fig. [f] as the effective number of federated
training data increases due to the increasing number of partici-
pating clients (since each client has a fixed amount of training
data), the average performance in terms of both ACC (%)
and AUC (%) steadily increases. For instance, the average
accuracy of CusFL learned with 32 clients is higher than that
with 2 clients (i.e. 66% > 62%) for CS PCa classification.
Similarly, for skin lesion classification, the average accuracy
of CusFL learned with 64 clients is higher than that with 2
clients (i.e. 60% > 58%). Through validation, CusFL is proven
to be more useful when having access to a larger set of training
data. It further indicates that collaboration with other clients
is beneficial especially when each client only has a limited

VI. CONCLUSION

Personalization techniques are promising to handle inter-
client variations compared to a single model approach due to
its less restrictive nature. CusFL is a personalization technique
that enables each client to leverage collective knowledge from
its peers via federated learning to learn a fully customized
client-optimized model. It introduces a new paradigm that
utilizes the federated model only as a guide for feature
alignment. In this way, each client can extract useful features
from the federated model while avoiding negative influence
from irrelevant model parameters. Extensive experiments on
case studies of CS PCa classification and malignant skin lesion
classification demonstrate the superiority of CusFL compared
to other personalization frameworks and standard FL. Us-
ing CusFL, each client can train a personalized model with
positive performance gains compared to its locally-learned
model, which is important to incentivize clients into joining
the federation. As the CusFL framework is not tied to any
specific network architecture, we believe that it can be applied
broadly for other applications. We also show that the proposed
CusFL can be combined with domain adaptation techniques
for handling inter-client variations in the federated setting,
leading to better overall performance.
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