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Abstract

In medical knowledge systems, federated learning provides a promising paradigm
for collaborative knowledge extraction while preserving data privacy. How-
ever, inherent heterogeneity in medical information—stemming from variations
in disease distribution, imaging protocols, and patient demographics—severely
degrades the performance of traditional federated frameworks. To address this
challenge, we propose FedCKD), a knowledge-driven federated framework tai-
lored for heterogeneous medical information systems. FedCKD introduces three
key innovations: (1) a label-driven knowledge clustering mechanism that parti-
tions medical nodes based on disease-specific knowledge representations, ensuring
intra-cluster semantic consistency; (2) a two-stage adaptive aggregation strategy
for knowledge-oriented model fusion within each cluster, balancing local special-
ization and cluster-level consistency; (3) a cross-cluster knowledge distillation
protocol that enables privacy-preserving transfer of complementary knowledge
across specialized medical domains via weighted teacher ensembles. By simulating
interoperability in distributed medical systems, FedCKD achieves cross-domain
knowledge integration while respecting statistical heterogeneity. Comprehensive
experiments on multiple datasets demonstrate that FedCKD significantly out-
performs state-of-the-art methods, establishing it as an effective solution for



knowledge extraction and integration in privacy-sensitive, heterogeneous medical
ecosystems.

Keywords: Federated Learning, Medical Information Systems, Knowledge
Distillation, Data Heterogeneity, Knowledge Clustering

1 Introduction

Deep learning models in medical imaging have demonstrated remarkable efficacy
in diagnostic knowledge extraction, driving significant advancements in healthcare
information systems. Sheller et al.’s multi institutional brain tumor segmentation
framework verifies the feasibility and superiority of federated learning in heteroge-
neous medical images|1].However, their reliance on large-scale, high-quality annotated
datasets presents substantial challenges in real-world medical settings. Stringent pri-
vacy regulations (e.g., HIPAA, GDPR) and the high cost of expert annotations restrict
data centralization, leading to pronounced heterogeneity in both data distribution and
knowledge representation across healthcare institutions [1, 2].In addition, Xu et al.
made a systematic review of the privacy and security challenges of federal learning in
the medical scenario, providing more practical guidance for regulatory compliance[3].
This fragmentation hinders the development of unified diagnostic knowledge mod-
els, as each institution accumulates specialized expertise in its focus areas—such as
oncology, cardiology, or pulmonology—with limited cross-domain knowledge coverage.

Federated learning (FL) has emerged as a privacy-preserving paradigm for collab-
orative knowledge extraction in distributed environments. By enabling local model
updates to be aggregated without raw data sharing, FL. addresses privacy concerns
while fostering collaborative knowledge building. However, medical FL faces unique
challenges from non-IID knowledge distributions, which arise from variations in dis-
ease prevalence, imaging protocols, and patient demographics [4, 5]. For instance, a
pulmonary hospital’s dataset dominated by lung nodule images differs drastically from
a cardiovascular center’s collection of echocardiograms, making global model aggrega-
tion via traditional methods prone to knowledge drift and performance degradation
[6].

This heterogeneity manifests in three core challenges for medical knowledge systems:

e Statistical Heterogeneity: Divergent knowledge distributions across institutions
cause model drift and suboptimal convergence in knowledge extraction|2].

¢ Knowledge Isolation: Specialized clinical knowledge remains siloed, preventing
cross-institutional expertise sharing and knowledge integration.

® Personalization Gaps: A one-size-fits-all global model cannot adapt to the unique
diagnostic knowledge needs of specialized institutions.



1.1 Advanced Federated Learning Paradigms

Recent research has developed specialized FL frameworks to address these challenges,
which can be categorized into four main strands with distinct knowledge management
approaches:

Classical Federated Learning.

Early FL approaches like Fed Avg [7] and FedProx [8] form global knowledge models by
averaging local updates. FedAvg, the canonical FL algorithm, iteratively aggregates
weighted model parameters from all clients to form a global model, assuming knowl-
edge homogeneity. FedProx introduces a proximal term to regularize local updates,
mitigating the impact of slight distribution shifts. However, both methods fail to
account for severe label distribution shifts in medical knowledge systems, leading
to model drift when aggregating updates from institutions with skewed disease dis-
tributions.In order to solve the problem of global update deviation, SCAFFOLD
uses control variables to correct local updates|[9]; FedNova alleviates the unbalanced
computing load by unifying and normalizing the local gradient step size[10].

Personalized Federated Learning.

Personalization techniques aim to balance global knowledge generalization with local
knowledge adaptation. FedALA [11] introduces an adaptive local aggregation mech-
anism that weights updates based on each institution’s knowledge characteristics,
using an attention mechanism to prioritize task-relevant features. Meta-learning-based
approaches like pFedMe [12] optimize model initialization to facilitate rapid local
adaptation, learning a global meta-model that can be fine-tuned efficiently for spe-
cific institutions.Another idea is to add a personalization layer to the global model.
FedPer implements personalization by fixing the global layer and only updating the
local layer[13] ; Ditto adopts dual model mutual learning, and multi model paral-
lel optimization of global and personalized goals[14]. While these methods excel in
local accuracy, they often neglect cross-institutional knowledge sharing, leading to
fragmented knowledge landscapes where complementary diagnostic insights remain
untapped.

Clustered Federated Learning.

Cluster-based FL groups institutions with similar knowledge distributions to enhance
intra-cluster collaboration. FedClusterNet [15] employs an attention-guided mecha-
nism to weight cluster contributions, first deriving semantic representations of each
client’s knowledge vector and then using K-means to form homogeneous clusters.
Within each cluster, models are aggregated to preserve domain-specific knowledge, sig-
nificantly improving intra-cluster performance.IFCA proposes to automatically form
clusters according to model deviation degree, and jointly optimize the model in the
cluster[16]; Sattler et al. enhanced inter cluster robustness in non IID settings to
resist malicious node interference[17|. However, these methods often lack mechanisms



for inter-cluster knowledge transfer, leading to isolated knowledge silos that hinder
cross-domain diagnostic capabilities.

Federated Knowledge D:istillation.

Knowledge distillation techniques enable privacy-preserving knowledge transfer via
soft predictions. FedHKD [18] introduces a hierarchical distillation strategy, first trans-
ferring knowledge within clusters to reinforce shared features and then across clusters
to promote complementary knowledge exchange. It uses a teacher-student framework
where cluster-level models act as teachers to guide students in other clusters, using
a combination of logit-based and feature-based distillation losses.FedMD implements
soft label distillation through public proxy data, supporting heterogeneous model
structure[19]; FedGKT will migrate the student teacher paradigm to the client server
scenario to achieve efficient knowledge transfer[20]. Despite these advances, existing
methods often overlook cluster-specific knowledge nuances in multi-disease scenar-
ios, applying uniform distillation strategies that fail to capture specialized diagnostic
patterns.

1.2 Our Approach and Contributions

Motivated by the limitations of existing methods, we propose FedCKD (Federated
Cross-Cluster Knowledge Distillation), a hierarchical FL framework for heterogeneous
medical knowledge systems, featuring:

® Label-Driven Knowledge Clustering: Grouping institutions by disease label
distributions to form semantically coherent knowledge clusters, using K-means on
label distribution vectors to ensure intra-cluster knowledge similarity.

e Two-Phase Adaptive Aggregation: Dynamically fusing local and cluster models
through a two-step process: first aggregating intra-cluster knowledge to capture
specialized features, then integrating global knowledge to maintain generalization.

® Cross-Cluster Knowledge Distillation: Enabling privacy-preserving transfer of
complementary knowledge across clusters via a weighted teacher ensemble, combin-
ing logit-based distillation with feature alignment to preserve both global patterns
and local nuances.

Our contributions include a novel knowledge clustering mechanism aligned with clin-
ical knowledge domains, an adaptive aggregation strategy balancing specialization
and generalization, and a hierarchical distillation protocol. Experiments validate
that FedCKD achieves significant accuracy improvements over state-of-the-art meth-
ods in extreme non-IID settings, with performance gains verified through rigorous
comparative analysis.

2 Motivation and Application Scenario

In contemporary healthcare knowledge ecosystems, hospitals function as specialized
knowledge nodes, each generating copious data in core domains—such as oncology,



cardiology, or pulmonology—while retaining a smaller volume of out-of-domain cases.
This results in highly non-IID distributions of medical imaging knowledge across insti-
tutions [1, 2, 5]. Centralizing these sensitive images in a single repository is neither
operationally feasible nor compliant with regulations (e.g., HIPAA, GDPR) [3, 21].
Consequently, two critical challenges emerge:

1. Performance degradation under non-IID knowledge distribution. Aggre-
gating model updates from institutions with divergent pathological focuses leads
to knowledge parameter drift, slow convergence, and reduced diagnostic accuracy
compared to locally optimized models [6, 22]. For example, a global model trained
on a mix of oncology and cardiology data may underperform on both domains
due to conflicting optimization directions, as the model struggles to balance the
specialized features of each disease category.

2. Lack of personalized cross-domain knowledge adaptation. A single global
model cannot be finely tuned to each institution’s specialty nor effectively leverage
complementary imaging features from other domains [12, 23, 24|. This limitation
restricts its ability to diagnose complex cases that require integrating knowledge
from multiple specialties, such as a patient with both cardiovascular and pul-
monary complications, where insights from both domains are essential for accurate
diagnosis.

These challenges underscore the need for a federated knowledge computing framework
that:

® Preserves patient privacy by maintaining data locality under regulatory constraints
[1, 21], ensuring that sensitive medical data remains within each institution’s
infrastructure.

e Adapts to each institution’s local disease knowledge distribution through adaptive
aggregation [11, 23|, enabling the framework to learn specialized diagnostic patterns
while maintaining some level of global consistency.

® Enables privacy-preserving knowledge sharing across specialty clusters to leverage
complementary expertise without exposing raw data, allowing institutions to benefit
from each other’s specialized knowledge while protecting patient confidentiality.

Motivated by these needs, we developed FedCKD to cluster institutions by disease-
label knowledge distributions, perform adaptive intra-cluster knowledge aggregation,
and apply cross-cluster knowledge distillation—thereby achieving both local knowl-
edge specialization and global knowledge generalization with full data privacy
preservation.

3 Methodology

3.1 Framework Overview

In a federated healthcare knowledge system comprising N hospitals, each institu-
tion acts as a knowledge node holding sensitive and heterogeneous medical imaging



data. To collaboratively enhance diagnostic knowledge extraction while preserving
privacy, we propose FedCKD (Federated Cross-Cluster Knowledge Distillation). As
illustrated in Figure 1, this framework integrates three core components: knowledge-
node clustering, two-phase adaptive knowledge aggregation, and cross-
cluster knowledge distillation. These components work in tandem to address
knowledge heterogeneity and enable efficient knowledge transfer in distributed medical
information systems.
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Fig. 1: Overview of the FedCKD framework: (1) Clustering knowledge nodes by
disease label distributions; (2) Intra-cluster knowledge aggregation via TPAA; (3)
Cross-cluster knowledge distillation (CCKD); (4) Global knowledge model aggrega-
tion.
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3.2 Knowledge-node Clustering Based on Label Distributions

Hospitals typically accumulate imaging data dominated by specific disease categories,
leading to distinct knowledge profiles. To align local knowledge characteristics with
collaborative learning objectives, we cluster hospitals into groups with similar label
distributions.

For each hospital i, its disease label distribution is represented as a knowledge vector
v, € RX, where K denotes the number of disease categories. The elements of v;
represent the proportion of each disease category in the hospital’s dataset. Using these
vectors, we apply K-means clustering to partition hospitals into K knowledge clusters
C1,Ca,...,Cx by minimizing:

; (1)

where pg(;) is the centroid of the cluster assigned to hospital 7. This clustering step
groups institutions with similar diagnostic knowledge focuses, ensuring that knowledge



sharing and aggregation within each cluster are more targeted and effective for the
specific disease categories dominant in that cluster.

3.3 Two-Phase Adaptive Knowledge Aggregation

Direct global aggregation of knowledge models often overlooks heterogeneity in local
knowledge distributions. To address this, we propose a two-phase adaptive aggregation
(TPAA) strategy that integrates cluster-level and global-level knowledge, as depicted
in Figure 2 (left: intra-cluster aggregation; right: global integration).

3.3.1 Cluster-Level Knowledge Aggregation

Within each knowledge cluster Cy, we aggregate local models to capture shared diag-

nostic knowledge specific to the cluster’s dominant disease categories. For any hospital
((k,i),t—1)

intra is computed as:

i € Cg, the intra-cluster aggregated knowledge model ©

(-1
okit-1) _ 2jeci,iziDil - ©;
intra Zjeck i |D]|

(2)

where |D;| denotes the size of the dataset at hospital j. To balance cluster-level knowl-

edge with local relevance, we adaptively fuse the hospital’s previous model @gtil)
with the intra-cluster model via:

6! = ALA_Intra (0(,0((E)*7V), (3)
where ALA Intra(a,b) = a-a+ (1 — «) - b defines the adaptive fusion function. The
weight o = exp(—Sim(v;, i) quantifies the similarity between the hospital’s knowl-
edge vector v; and cluster centroid p,; (using cosine similarity), ensuring hospitals
near the centroid prioritize the intra-cluster model, while peripheral nodes retain more
local knowledge.

3.3.2 Global-Level Knowledge Integration

Following intra-cluster aggregation, the central server broadcasts the global knowledge
model ©(=1 to all nodes. Each hospital then adaptively fuses its intra-cluster model
©! with the global model:

6! = ALA_Global (éf., @<H>) , (4)
where ALA_Global(a, b) = 8-a+(1—8)-b with 8 = Perf(0!) /(Perf(6!)+Perf(©¢~1)),

Here, Perf(-) denotes the validation accuracy on a local held-out set, ensuring weights
align with model performance across clusters.
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Fig. 2: Workflow of Two-Phase Adaptive Knowledge Aggregation (TPAA): (1) Intra-
cluster fusion via ALA Intra; (2) Global integration via ALA Global.

3.4 Cross-Cluster Knowledge Distillation

While clustering enhances intra-cluster collaboration, it may isolate inter-cluster
knowledge. We address this via cross-cluster knowledge distillation (CCKD), enabling
transfer of complementary features across clusters (Figure 3).

3.4.1 Cluster Knowledge Model Generation

At the end of each training round, the server aggregates intra-cluster fused models to
generate a cluster-level knowledge model for Cy:

G(k),t . ZiECk |D1| : 65 (5)
cluster — Z |D| ’
1€Ck 7

where (:jf is the intra-cluster fused model of hospital i (from Eq. 3), capturing collective
diagnostic patterns of the cluster’s dominant diseases.

3.4.2 Inter-Cluster Knowledge Distillation

Each cluster model @fﬁ;er acts as a student, learning from models of other clusters
(k

{Ggl)l’stter | 5 # k} (teachers). Using distillation samples Ddis)till (5

2 ik Wiy " Py

Dtk Wty ©

Pteacher =

@(j)vt

(k) 5 (k)
custer Paierin) denotes teacher j’s accuracy on Dy, -

where w;, = Acc( ;

The student learns via a hybrid distillation loss:

Laistil = A1 - 7—2 : KL(ps || pteacher) + A2 ||¢S - d)teacher”Qv (7)

where 7 = 3 (temperature), A\; = 0.5, Ay = 0.5 (hyperparameters validated in Sec.
4.3), ¢s/Pteacher are intermediate features, ensuring both output probabilities and
feature representations are transferred.



3.4.3 Global Knowledge Model Update

Post-distillation, the global model is updated by aggregating enhanced cluster models:

k)
Zlfc(zl |Cl€| @Eluster
K
Zk:l |Ck|

incorporating intra-cluster specialization and cross-cluster complementarity. This
model is broadcast to all nodes for the next iteration, completing the cycle.

o' = ) (8)
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Fig. 3: Workflow of Cross-Cluster Knowledge Distillation (CCKD): (1) Cluster model
generation; (2) Teacher ensemble; (3) Knowledge transfer via distillation loss.

4 Experiments

4.1 Experimental Setup

We evaluate the effectiveness of the proposed FedCKD in highly heterogeneous medical
imaging scenarios and compare it against several baseline federated learning methods.
These include conventional approaches such as FedAvg [7] and FedProx [8], as well
as personalized methods like Per-FedAvg (23], FedRep [25], pFedMe [12], Ditto [1],
Fed AMP [22], FedPHP [26], FedFomo [27], APPLE [24], PartialFed [28], FedCAC [29],
and FedALA [11]. This comparison highlights the advantages of FedCKD in han-
dling heterogeneous knowledge representations, protecting privacy, and enhancing
personalized diagnostic performance.

We focus on computer vision tasks using MNIST, CIFAR-10, CIFAR-100, and
Tiny-ImageNet datasets (100,000 images over 200 classes). To study the impact of
neural network architectures on knowledge extraction, we test two backbones on
Tiny-ImageNet: a 4-layer CNN and ResNet-18.

All experiments are performed on a uniform GPU server environment to ensure fair
comparisons. The local training batch size is fixed at 10, and each client performs one
step of SGD per round. Learning rates are 0.005 for the 4-layer CNN, 0.1 for MNIST
tasks, and 0.1 for ResNet-18. There are 1000 global iterations with 20 clients, and all
clients participate in each round (p = 1), consistent with FedALA [11].

To simulate Non-IID scenarios, we use two data partitioning strategies. The pathologi-
cal heterogeneous setting assigns each client 2-10 nonoverlapping classes (for MNIST,



CIFAR-10, and CIFAR-100), creating fragmented knowledge distributions. The practi-
cal heterogeneous setting uses a Dirichlet distribution, Dir(/3), with 5 = 0.1 to simulate
extreme heterogeneity [30].

For evaluation, we report the best global model accuracy on the test set for con-
ventional methods, while for personalized methods, the average accuracy across all
local test sets is computed. Each client reserves 25% of its data for testing, with 75%
for training. Hyperparameters for FedCKD are kept identical to baseline methods to
ensure fairness. Further, we analyze the impact of key parameters (e.g., temperature
coefficient, cluster count, and distillation sample size) and conduct ablation studies
to assess the contributions of each module.

4.2 Performance Comparison and Analysis
4.2.1 Experimental Evaluation on Medical Dataset: Kvasir

To assess the practical applicability of our method in medical knowledge systems,
we conducted experiments on the Kvasir dataset, a widely used endoscopic image
collection for gastrointestinal disease classification[31]. The dataset exhibits a high
degree of heterogeneity, making it suitable for evaluating federated learning methods
under non-IID knowledge distribution settings.

As illustrated in Figure 4, FedCKD consistently outperforms existing baselines,
including FedAvg, FedProx, Ditto, and SCAFFOLD, in terms of test accuracy and
convergence stability. Notably,FedCKD achieves near-optimal accuracy within the
first 100 communication rounds and maintains performance above 90% throughout
the training process. In contrast, methods like SCAFFOLD struggle in highly skewed
data scenarios, with performance fluctuating around 60%.

These results further validate the effectiveness of our proposed cross-cluster distillation
and intra-group aggregation mechanisms in handling real-world non-IID distribu-
tions, particularly in medical image analysis tasks where knowledge extraction from
heterogeneous data sources is critical.

4.2.2 Experimental Evaluation on Medical Dataset: ISIC

To further evaluate the robustness and generalizability of FedCKD in real-world medi-
cal scenarios, we conducted additional experiments on the ISIC 2018 dataset, a widely
adopted dermoscopic image collection for skin lesion classification [32]. The dataset
contains diverse lesion categories, such as melanoma, nevus, and basal cell carcinoma,
presenting significant inter-class visual heterogeneity.

Following the same experimental configuration as in the Kvasir setting, we simulate
non-IID conditions by partitioning data across clients based on lesion types, ensuring
each client receives only a subset of classes. This setup mimics real-world deployment
where dermatology centers may specialize in diagnosing specific lesion types.

As illustrated in Figure 5, FedCKD exhibits a clear advantage over other base-
line methods, including FedAvg, FedProx, Ditto, and SCAFFOLD. It demonstrates
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Fig. 4: Accuracy Comparison on Kvasir-0.1 under Non-IID Setting: FedCKD demon-
strates superior convergence speed and stable knowledge extraction performance
compared to baseline methods.

consistently faster convergence and higher final test accuracy. Notably, FedCKD sur-
passes 70% accuracy within the first 200 communication rounds, while other methods
converge more slowly and plateau at lower levels, particularly under severe data imbal-
ance. These results reaffirm the efficacy of FedCKD’s hierarchical aggregation and
cross-cluster distillation mechanisms in managing skewed data distributions across
heterogeneous medical clients.

4.2.3 Heterogeneous Setting

In both pathological and practical heterogeneous settings, knowledge distributions
among service nodes (hospitals) are highly fragmented, either due to disease-specific
categories or imbalanced local data. In the pathological heterogeneity scenario, nodes
are partitioned into mutually exclusive category groups—each node holds only a few
disease categories—severely undermining the generalization of the global knowledge
model. Existing methods like Fed ALA [11] focus on adaptive aggregation at the client
level but primarily adjust locally without effective cross-node knowledge collaboration.

In contrast, FedCKD combines intra-group aggregation and cross-cluster service
knowledge distillation. Intra-cluster aggregation reinforces learning of dominant dis-
ease features within each cluster, while cross-cluster distillation enables clusters to
share complementary knowledge features without exposing raw images. As shown in
Table 1, FedCKD consistently outperforms other methods on MNIST, CIFAR-10,
CIFAR-100 (pathological partitioning) and on CIFAR-10, CIFAR-100, Tiny-ImageNet
(Dirichlet @ = 0.1), demonstrating superior robustness in knowledge extraction under
extreme heterogeneity.
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Fig. 5: Accuracy Comparison on ISIC-0.1 under Non-IID Setting: FedCKD consis-
tently outperforms baseline methods such as FedAvg, FedProx, Ditto, and SCAF-
FOLD in convergence speed and final accuracy, demonstrating robustness against
severe label distribution shift in skin lesion classification.

Table 1: Global Accuracy (%) under Pathological and Practical Heterogeneity

Method ‘ Pathological ‘ Practical (o =0.1)
| MNIST CIFAR-10 CIFAR-100 | CIFAR-10 CIFAR-100 Tiny-ImageNet

FedAvg 97.90 55.45 25.28 59.22 31.88 19.43
FedAmp | 99.72 90.12 63.68 88.65 47.59 27.89
FedProx 98.04 55.18 25.18 59.18 31.95 19.39
PerAvg 99.60 88.94 55.93 87.80 44.23 25.02
MOON 96.69 56.33 35.65 59.50 34.58 30.43
Ditto 99.79 91.28 67.20 90.49 52.77 32.36
APPLE 99.70 90.36 65.97 89.87 53.52 35.01
FedALA | 99.86 91.29 65.96 90.20 55.56 40.51
FedCAC | 99.77 89.04 66.49 89.43 47.52 33.95
FedCKD | 99.89  92.39 68.86 91.76 56.93 44.01

4.2.4 Local Accuracy in Pathological /Practical Heterogeneity

Table 2 reports the peak local accuracy of each method under both pathological
partitioning and practical Dirichlet heterogeneity (o = 0.1). FedCKD achieves the best
performance in both scenarios across all benchmarks, demonstrating its robustness
and adaptability to highly skewed knowledge distributions.

Under the pathological split, on MNIST FedCKD attains 99.89% accuracy, slightly
improving over FedCAC (99.77%) and FedALA (99.86%). On CIFAR-10, the gap

12



is more pronounced: FedCKD reaches 92.39%, outperforming FedCAC (91.80%),
APPLE (90.36%), and MOON (56.63%). For CIFAR-100 the advantage is again clear,
with FedCKD at 68.86%, compared to FedCAC’s 66.49% and FedALA’s 65.96%.

In the practical Dirichlet setting (aw = 0.1), FedCKD similarly leads: achieving 91.76%
on CIFAR-10 (next best FedCAC 89.43%), 56.93% on CIFAR-100 (next best FedCAC
47.62%), and 44.01% on Tiny-ImageNet (next best FedCAC 33.95%). Notably, on the
hardest benchmark, Tiny-ImageNet, FedCKD’s 44.01% represents a more than 10-
point improvement over APPLE (30.51%) and a full 10% gain over FedAvg (19.43%).

These results confirm that the combination of disease-profile clustering, intra-cluster
aggregation and cross-cluster knowledge distillation in FedCKD effectively mitigates
severe non-IID effects, yielding significant accuracy gains in knowledge extraction
under both extreme and realistic heterogeneity.

Table 2: Local Accuracy (%) under Pathological and Practical Heterogeneity

Methods | Pathological ‘ Practical (o = 0.1)
| MNIST CIFAR-10 CIFAR-100 | CIFAR-10 CIFAR-100 Tiny-ImageNet

FedAvg 97.90 55.45 25.28 59.22 31.88 19.43
FedAmp | 99.72 90.12 63.68 88.65 47.59 27.89
FedProx | 98.04 55.18 25.18 59.18 31.95 19.39
PerAvg 99.60 88.94 55.93 87.80 44.23 25.02
MOON 96.69 56.33 35.65 59.50 34.58 30.43
Ditto 99.79 91.28 67.20 90.49 52.77 32.36
APPLE 99.70 90.36 65.97 89.87 53.52 35.01
FedALA | 99.86 91.29 65.96 90.20 55.56 40.51
FedCAC | 99.77 89.04 66.49 89.43 47.52 33.95
FedCKD | 99.89  92.39 68.86 91.76 56.93 44.01

4.2.5 Heterogeneity Analysis

To evaluate the performance of various federated learning methods under different
levels of knowledge heterogeneity, we conducted experiments on the Tiny-ImageNet
dataset using the Dirichlet distribution parameter 5. When £ is small (e.g., 5 = 0.01),
the knowledge distribution among clients exhibits high heterogeneity, causing most
personalized federated learning methods to outperform traditional approaches due to
enhanced local adaptation. However, some methods that overly focus on personaliza-
tion and neglect the importance of global shared knowledge experience performance
degradation when the heterogeneity decreases to a moderate level (e.g., § = 0.5),
where traditional methods like FedAvg yield more stable results. In contrast, Fed-
CKD consistently demonstrates superior performance across the full spectrum of
heterogeneity, from highly heterogeneous to moderately heterogeneous knowledge
distributions. This underscores the effectiveness of its clustering strategy and cross-
cluster distillation mechanism in balancing local knowledge personalization with global
knowledge sharing.
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4.2.6 Scalability Analysis

To assess the robustness of federated learning methods in large-scale knowledge sys-
tems, we increased the number of clients from 50 to 100 while keeping the total dataset
size constant. This configuration introduces a significant small-sample challenge, as the
amount of data available to each client decreases. While most personalized federated
learning methods experience noticeable declines in accuracy as the number of clients
increases, FedCKD exhibits exceptional scalability, with its performance degrading by
less than 1%. This robustness is primarily attributed to its cross-cluster knowledge
distillation mechanism, which successfully integrates global feature sharing with local
adaptation. Consequently, FedCKD maintains strong generalization and robustness
even in scenarios with sparse data and high heterogeneity. The detailed results for
heterogeneity and scalability are summarized in Table 3, where FedCKD consistently
achieves the best performance across all settings.

Table 3: Performance comparison of federated learning methods

Methods Heterogeneity (Tiny-ImageNet) Scalability (CIFAR-100)

Dir(0.01) Dir(0.5) 50 Clients 100 Clients
FedAvg 15.70 21.14 31.90 31.95
FedProx 15.66 21.22 31.94 31.97
FedAvg-C 49.88 16.21 49.82 47.90
FedProx-C 49.84 16.36 49.79 48.02
Per-FedAvg  39.39 16.36 44.31 36.07
FedRep 55.43 16.74 47.41 44.61
pFedMe 41.45 17.48 48.36 46.45
Ditto 50.62 18.98 54.22 52.89
FedAMP 48.42 12.48 44.39 40.43
FedPHP 48.63 21.09 52.44 49.70
FedFomo 46.36 11.59 42.56 38.91
APPLE 48.04 24.28 55.06 52.81
PartialFed 49.38 24.20 48.95 39.31
FedALA 55.75 27.85 55.61 54.68
FedCAC 50.84 25.39 50.72 49.85
FedCKD 57.81 28.87 58.30 57.68

4.3 Effect of Hyperparameters

4.3.1 Distillation Temperature T

To evaluate the impact of distillation temperature on knowledge transfer accuracy, we
conducted experiments on the CIFAR-100 dataset. As shown in Figure 6a, increasing
T from 1 to 3 led to a steady improvement in accuracy, from 65.32% to 68.05%. This
improvement can be attributed to the smoothing effect of higher temperatures, which
enhances the student’s ability to learn inter-cluster knowledge relationships from the
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teacher’s outputs. However, further increases in T to 4, 5, and 6 resulted in declin-
ing accuracy, suggesting that excessively high temperatures reduce the discriminative
power of the teacher’s output distribution. Based on these findings, we adopt T = 3
as the optimal distillation temperature for subsequent experiments.

4.3.2 Number of Clusters K

We analyzed the effect of varying the number of clusters K on the CIFAR-100 dataset.
As shown in Figure 6b, increasing K from 2 to 4 improved accuracy, with the highest
accuracy of 68.55% observed at K = 4. This indicates that increasing K up to a
moderate value improves intra-cluster similarity, thereby enhancing the quality of
knowledge distillation. However, further increasing K to 5 or 6 reduced accuracy, likely
due to insufficient data in each cluster for effective knowledge extraction. Therefore,
we set K = 4 as the default value for clustering in subsequent experiments.

4.3.3 Feature Loss Weight A

To investigate the effect of the feature loss weight A on knowledge transfer, we con-
ducted experiments on the CIFAR-10 dataset. As shown in Figure 6¢c, increasing A
from 0.5 to 0.6 improved accuracy from 91.08% to 91.88%, with the peak performance
at A = 0.6. This suggests that a moderate weighting of the feature alignment loss
enables the student model to better capture the teacher’s knowledge representations.
However, further increases in A to 0.7 and above caused minor fluctuations and failed
to surpass the performance at A = 0.6, likely due to reduced adaptability to local
knowledge features. Consequently, we select A = 0.6 as the optimal weight for feature
loss in our experiments.

(a) Accuracy vs. distillation (b) Accuracy vs. number of (c) Accuracy vs. feature loss
temperature 7. Optimal at clusters K. Best at K = 4. weight A. Optimal at A = 0.6.
T=3.

Fig. 6: Effects of hyperparameters on knowledge extraction accuracy: (a) distillation
temperature, (b) cluster number, and (c) feature loss weight.

4.4 Ablation Study

To quantify the contributions of clustering and cross-cluster knowledge distillation,
we perform ablation experiments on four datasets (MNIST, CIFAR-10, CIFAR-100,
Tiny-ImageNet), evaluating both global and local model accuracy under four configu-
rations: Base (no clustering or distillation), Clustering Only (only client-side label
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clustering), Clustering + Distillation* (clustering plus distillation, without aggre-
gating the distilled cluster models into a global model; distilled models sent directly
to clients), and Clustering + Distillation (clustering plus distillation, with the
distilled cluster models first aggregated into a global model and then distributed to
clients).

Table 4: Global Model Accuracy (%) on Four Datasets

Configuration MNIST CIFAR-10 CIFAR-100 Tiny-ImageNet
Base 99.86 90.27 55.85 40.54
+ Clustering Only 99.88 91.18 56.55 43.68
+ Clustering + Distillation*  98.35 82.76 30.82 28.68
+ Clustering + Distillation 99.90 91.55 56.95 44.02

Table 5: Local Model Accuracy (%) on Four Datasets

Configuration MNIST CIFAR-10 CIFAR-100 Tiny-ImageNet
Base 99.81 91.10 55.98 40.33
+ Clustering Only 99.84 91.77 56.83 43.49
+ Clustering + Distillation*  98.03 82.76 30.76 28.35
+ Clustering + Distillation 99.88 91.93 57.29 44.08

The ablation results in Tables 4 and 5 reveal two main insights. First, client-side
clustering yields immediate gains in both global and local accuracy, especially on chal-
lenging benchmarks (e.g., +3.14% globally and +3.16% locally on Tiny-ImageNet),
confirming that intra-cluster aggregation mitigates statistical heterogeneity in knowl-
edge representation. Second, adding cross-cluster distillation and aggregating the
distilled models further boosts accuracy (up to +0.37-1.34 points globally and
+0.16-0.78 points locally), demonstrating the value of inter-cluster knowledge shar-
ing. Overall, the combination of adaptive clustering and distillation forms a robust
framework for both knowledge personalization and generalization under non-I1ID data
distributions.

5 Conclusion

The comprehensive experiments demonstrate that FedCKD consistently outperforms
both conventional and state-of-the-art personalized federated learning methods across
diverse non-IID scenarios and datasets. In extreme pathological and practical het-
erogeneity settings, FedCKD’s combination of client-side clustering and cross-cluster
distillation yields substantial gains in both global and local accuracy for knowledge
extraction tasks. The ablation study further confirms that clustering alone already
mitigates statistical heterogeneity by adapting aggregation to label distributions, while
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the addition of distillation—especially when the distilled cluster models are aggre-
gated into a global model—provides complementary knowledge sharing that refines
performance even further.

FedCKD addresses the critical challenges in federated medical knowledge systems
by: (1) effectively handling non-IID knowledge distributions through label-driven
clustering; (2) balancing local specialization with global generalization through two-
phase adaptive aggregation; and (3) enabling privacy-preserving knowledge transfer
across specialized medical domains via cross-cluster distillation. These capabilities
make FedCKD particularly well-suited for knowledge-intensive applications in health-
care information systems, where both privacy preservation and knowledge integration
across heterogeneous data sources are paramount.

Future work will focus on expanding the framework to adapt to the evolution of
dynamic knowledge in medical systems, where disease patterns and institutional mod-
els may change over time. In addition, we plan to explore more sophisticated data
heterogeneous types to enhance the adaptability of this method to various medical
scenarios, which is a key requirement for clinical application of the medical federated
learning system.
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