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Abstract

In recent years, the distributed training of foundation models
(FMs) has seen a surge in popularity. In particular, federated
learning enables collaborative model training among edge
clients while safeguarding the privacy of their data. However,
federated training of FMs across resource-constrained and
highly heterogeneous edge devices encounter several chal-
lenges. These include the difficulty of deploying FMs on
clients with limited computational resources and the high
computation and communication costs associated with fine-
tuning and collaborative training. To address these chal-
lenges, we propose FedCKMS, a Cluster-Aware Frame-
work with Knowledge-Aware Model Search. Specifically,
FedCKMS incorporates three key components. The first com-
ponent is multi-factor heterogeneity-aware clustering, which
groups clients based on both data distribution and resource
limitations and selects an appropriate model for each cluster.
The second component is knowledge-aware model architec-
ture search, which enables each client to identify the optimal
sub-model from the cluster model, facilitating adaptive de-
ployment that accommodates highly heterogeneous computa-
tional resources across clients. The final component is cluster-
aware knowledge transfer, which facilitates knowledge shar-
ing between clusters and the server, addressing model het-
erogeneity, and reducing communication overhead. Extensive
experiments demonstrate that FedCKMS outperforms state-
of-the-art baselines by 3-10% in accuracy.

Introduction
Recent advances in foundation models (FMs), driven by
transformers, increased computational power, and large-
scale training data, have enabled exceptional performance
across various tasks and diverse applications when fine-
tuned on specific datasets (Chernyavskiy et al. 2021; Naveed
et al. 2023; Le Scao et al. 2023). However, their development
faces challenges in some real-world scenarios owing to the
imperative of maintaining private data privacy. In order to

*These authors contributed equally.
†Corresponding author

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

solve this problem, federated learning (FL) is a feasible so-
lution, enabling decentralized clients to collaboratively train
models without sharing raw data (Chen et al. 2023; McMa-
han et al. 2017; Zhang et al. 2024; Wu et al. 2024).

While federated learning has seen successful applications,
fine-tuning FMs through cloud-edge collaborative training
still faces the following challenges due to the deployment
and training demands of FMs: a) Deploying appropriate
FMs to heterogeneous clients with varying resource ca-
pacities is challenging. Popular FMs often contain hun-
dreds of billions of parameters that require training (Brown
et al. 2020). However, the computational resources of edge
devices are limited, such as those with 2-4 GB of RAM (Li
et al. 2020). Therefore, edge clients are unable to support lo-
cal FM training. Thus, traditional federated algorithms, such
as FedAvg (McMahan et al. 2017) and its variants (Karim-
ireddy et al. 2020), are unsuitable, as they require that all
client models share the same structure as the server model.
b) Collaborative FMs training entails large computation
and communication overhead. Exchanging FM parame-
ters or gradients frequently in federated learning can result
in significant communication and computation overhead, es-
pecially with limited bandwidth (Mao et al. 2022). c) Het-
erogeneous data and resource distribution lead to im-
balanced training, slow convergence, and poor perfor-
mance. FMs raise much higher demand for the quality of
training data so that practical data and resource heterogene-
ity can have a serious impact (Sun et al. 2024).

To address these challenges, adopting different model ar-
chitectures across clients is a common approach. This in-
volves transferring knowledge from various clients or ag-
gregating different structured models into the server with-
out leaking private data (Ye et al. 2023). In previous works,
knowledge distillation (KD) and partial training (PT) are two
solutions to model heterogeneous scenarios. The goal of KD
is to use the client model (teacher model) to guide the server
model (student model) to achieve comparable performance
(Li et al. 2024). Integrating KD into FL improves model per-
formance across heterogeneous client devices (Cheng et al.
2021; Cho et al. 2022; Deng et al. 2023; Fan et al. 2024).
However, directly using KD to train the FM on the server is
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not practical. As KD is constrained by performance of the
teacher model, the terrible performance of models located
on resource-limited or data-biased clients will negatively af-
fect FM training. PT-based approaches deploy sub-models
from the server model (full model) to clients for training,
updating the server model by aggregating these trained sub-
models from clients (Wu et al. 2023b). However, regard-
less of the method used to extract sub-models, such as ran-
dom selection or rolling extraction, the sub-model structures
are still constrained by the server model. Although recent
work (Jiang et al. 2022) proposes to leverage model pruning
techniques to address resource limitations and model hetero-
geneity, this approach also faces the challenge of client mod-
els being constrained by the structure of the server model,
and the pruning ratio can significantly impact the accuracy.
Therefore, we delve into the research of heterogeneous fed-
erated learning to address the following key problem: how
can effective federated FM training be achieved across
resource-constrained and highly heterogeneous edge de-
vices, with strong data heterogeneity?

In this paper, we propose FedCKMS, which is a cluster-
based framework that utilizes a PT-based method and a KD-
based method. To be specific, FedCKMS incorporates the
following three key building blocks:
• Multi-factor heterogeneity-aware clustering (MHAC).

Initially, FedCKMS clusters clients based on data distri-
bution and computational resources and selects one client
as the leader node within each cluster based on its com-
putational capacity. A smaller FM (compared to the server
FM) will be deployed in the leader node as the base model
for this cluster. By utilizing MHAC, the challenges posed
by system heterogeneity can be effectively addressed.

• Knowledge-aware model architecture search (KA-
MAS) for intra-cluster aggregation. We design the KA-
MAS algorithm for transformer architectures inspired by
NASWOT (Mellor et al. 2021), which can search for
the optimal sub-models without any training. Different
clients obtain sub-models by searching from the cluster
base model according to their own computing resource
limitations and then aggregate the corresponding model
parts after local training. KAMAS achieves dynamic FM
deployment based on resource constraints, thereby ad-
dressing the challenge of FM deployment in resource-
limited and dynamic edge environments. In addition, to
further reduce computational overhead, our framework
applies the parameter-efficient fine-tuning (PEFT) tech-
nique Low-Rank adaptation (LoRA) (Hu et al. 2022).

• Cluster-aware knowledge transfer (CAKT) for inter-
cluster aggregation. After cluster training, domain
knowledge from different clusters is transferred to the
server using a weighted knowledge distillation approach,
which is based on the quality of each cluster’s knowledge.
Using CAKT significantly reduces communication over-
head while simultaneously addressing knowledge transfer
between different model architectures.
Our main contributions to this paper are as follows.

• We propose FedCKMS, a novel hierarchical federated
framework that supports FM partial training aggregation

and knowledge transfer to address model heterogeneity
in a resource-constrained scenario. Additionally, it effec-
tively reduces computational and communication over-
head without compromising accuracy.

• We implement a Knowledge-Aware Model Architecture
Search (KAMAS) algorithm to extract the optimal sub-
model from a FM without requiring any training, enabling
FedCKMS to fully utilize the diverse heterogeneous re-
sources across numerous edge devices.

• We implement FedCKMS and compare it against various
methods under the assumption of limited resources. Ex-
tensive experimental results show that FedCKMS outper-
forms baselines in both IID and non-IID scenarios with an
improvement in accuracy of 3-10%.

Related Work
Model Heterogeneity
To address model heterogeneity, there are two main ap-
proaches: knowledge distillation (KD) based methods and
partial training (PT) based methods.
KD-based methods. KD-based methods address model het-
erogeneity by transferring knowledge between models with-
out exchanging parameters. Nevertheless, existing meth-
ods still face several limitations. For example, FedDF (Lin
et al. 2020) heavily relies on the performance of the teacher
model, making the overall performance dependent on the
accuracy of each client model. Fed-ET (Cho et al. 2022)
proposes a dual distillation mechanism to prevent catas-
trophic forgetting, which, however, increases communica-
tion overhead. FedGen (Zhu, Hong, and Zhou 2021) intro-
duces a lightweight generator to facilitate knowledge ex-
change among clients, but it requires extensive communi-
cation and coordination, which can be challenging in prac-
tice. FedHKT (Deng et al. 2023) transfers specific knowl-
edge from clusters to the server, but it uses FedAvg (McMa-
han et al. 2017) for parameter aggregation within clusters.
This approach can lead to high communication overhead
and edge resource limitations, similar to traditional feder-
ated learning. In this paper, we introduce FedCKMS, which
significantly reduces computation and communication re-
quirements and minimizes reliance on the teacher model,
thereby mitigating the impact of data heterogeneity.
PT-based methods. PT-based methods tackle model hetero-
geneity by training sub-models that are subsets of the server
model and then aggregating these sub-models. For instance,
Federated Dropout (Wen, Jeon, and Huang 2022) and Het-
eroFL (Diao, Ding, and Tarokh 2020) apply random and spe-
cific portions of the server model, respectively, leading to
the inability to fully train the entire server model. Although
FedRolex (Alam et al. 2022) employs a rolling selection of
sub-models, it trains the whole model without prioritizing
the selection of parameters that significantly impact perfor-
mance. Furthermore, a key drawback of PT-based methods is
that the model structure deployed on the clients depends on
the server’s. In contrast, we design FedCKMS to allow base
models in different clusters to be entirely independent of the
server model, enabling heterogeneous model structures.
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Figure 1: Illustration of the effectiveness of KAMAS by
Comparison of 25%, 50% and 75% density CLIP-large mod-
els extracted by different methods.

Cluster Federated Learning
In traditional federated learning, with non-IID data on each
client, the distributed training process converges slowly and
incurs a large communication overhead. To tackle these is-
sues, clustered federated learning (CFL) emerges, which di-
vides clients into multiple clusters, and selects a represen-
tative subset of each cluster as the client model aggrega-
tor (Sattler et al. 2020; Ghosh et al. 2019; Zhang et al.
2023). There are two popular clustering methods that im-
prove the performance of FL training. The first method is
grouping distributed clients with similar data distribution
into the same cluster during static clustering (Deng et al.
2021; Huang et al. 2023). The other method is reasonably
selecting partial update clients during dynamic updating
(Wang et al. 2021; Ni and Hashemi 2023). However, these
approaches are not directly applicable in the scenario where
distributed clients collaboratively fine-tune an FM. Given
the varying sizes of FMs assigned to each cluster, edge de-
vice resources must be considered in the cluster partitioning
process, which is neglected in previous works.

Design of FedCKMS
Preliminaries
In this paper, we consider a system with heterogeneity,
where clients have varying resources and model architec-
tures. Specifically, we have K clients, which are grouped
into M clusters. Each client k has a local, private la-
beled training dataset Dk, which is defined as Dk =
{Xk,Yk}, where Xk = {xk

1 , x
k
2 , . . . , x

k
Nk} and Yk =

{yk1 , yk2 , . . . , ykNk} denote the data samples and correspond-
ing labels, respectively. Here, Nk is the total number of
samples. For KD-based knowledge transfer, we assume the
availability of an unlabeled public dataset D̂, denoted as
D̂ = {X̂}, where X̂ = {x̂,x̂2, . . . , x̂N}, which is acces-
sible to the leader node of each cluster and the cloud server.
In this highly heterogeneous system, the resources of each
client are different, denoted as R = {R1, R2, . . . , Rk}. Each
client k utilizes its private dataset to develop a local model,
represented as θk. If the client is the leader node of m-th

cluster, its model is denoted as θ(m). In addition to these
local models, there is a larger server model θ that will be
trained at the cloud server.

Overview
We design FedCKMS, an efficient and scalable fine-
tuning framework that supports heterogeneous model ag-
gregation and knowledge transfer, as illustrated in Fig-
ure 2. Firstly, Multi-factor Heterogeneity-aware Clustering
(MHAC) groups clients with similar data distribution and
comparable computational resources into a single cluster.
From each cluster, the client with the most abundant compu-
tational resources is selected as the leader node, where par-
tial parameter aggregation within the cluster is conducted.
Before training, the leader node will select an appropri-
ate FM as the representative of the cluster, based on the
available computational resources. Secondly, Knowledge-
Aware Model Architecture Search (KAMAS) is imple-
mented to perform adaptive model searches, selecting the
optimal sub-model for clients to conduct local training under
resource-constrained conditions. After the activated cluster
clients complete local training, KAMAS-Driven Aggrega-
tion (KDA) will aggregate the corresponding model param-
eters from each client. Afterwards, the knowledge is trans-
ferred to the server through the cluster’s leader node using
Cluster-Aware Knowledge Transfer (CAKT), utilizing an
unlabeled public dataset. Ultimately, via reverse knowledge
distillation, the server model’s knowledge is transferred and
merged into the leader node of the cluster, and subsequently
distributed to clients through a parameter-based method.

Multi-factor Heterogeneity-aware Clustering
In scenarios where clustering is done directly based on the
attributes of the edge devices, previous work often focuses
on data distribution because the edge models are isomorphic
(Deng et al. 2021; Wu et al. 2023a; Huang et al. 2023). In
Model-heterogeneity-aware, in addition to data distribution,
the computational power of each edge device measured by
video memory is considered.

Inspired by previous work (Xia et al. 2020), we use the
K-means algorithm to achieve the goal of clustering based
on data distribution and computational power in a concise
and fast way, and implement differential privacy to protect
the data of the edge devices from being leaked. The leader
node in each cluster is then selected based on recourse.

First, to protect data privacy on edge devices, we adopt
the method of local differential privacy, that is, each client
is required to add interference information before uploading
data. In the specific implementation, we add Laplace noise
to the data on each device:

D̃k = Dk + Laplace(0,
s

ϵ
), (1)

where s and ϵ are hyper-parameters. The data with added
noise is denoted by D̃k, which shows the distribution char-
acteristics of the data Dk without leaking the initial data.

Furthermore, with Rk denoting the video memory of the
client device, the features, D̃k and Rk are normalized and
then stitched together to form a composite feature vectorXk.
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Figure 2: The overview of FedCKMS framework. First, MHAC groups clients by data distribution and computational resources,
and selects the leader node. Second, using the KAMAS algorithm, each client in the cluster searches the optimal sub-model of
the cluster model to match its computational resource constraints. After local training, KDA will aggregate corresponding model
parameters from each client. Finally, CAKT enables inter-cluster knowledge transfer to update the server model. After each
training round, global knowledge is distilled back to the leader nodes, which then update the corresponding client parameters.

Next, we use the K-means algorithm to group Xk to obtain
M clusters. To promote balanced and effective contributions
from each cluster in the subsequent training phase, it is es-
sential to establish a lower bound on the number of clients
within each cluster. Therefore, we set a stopping condition
for multiple rounds of the K-means algorithm: stop cluster-
ing when all clusters contain at least K

2M clients. Finally, the
client with the most abundant resources in each cluster is
chosen as the leader node, where a complete and appropri-
ately suited FM is deployed.

Model Search and Partial Aggregation
Owing to the substantial heterogeneity between the clients,
even following the clustering process, there are still a num-
ber of clients whose computational resources are limited
compared to the leader node. Due to the parameter aggre-
gation approach adopted within the cluster, employing tra-
ditional federated learning algorithms such as FedAvg could
lead to a scenario where certain clients are unable to deploy
the model of the leader node. Partial training is an approach
to tackle model heterogeneity and the limitations of client-
side resources. By extracting a sub-model, the overhead as-
sociated with training is significantly reduced.

However, in extracting submodels, existing methods, such
as HeteroFL and FedRolex, select the top k% of nodes in
each layer rather than performing targeted model extraction.
Depth pruning, which removes entire layers or Transformer
blocks, can effectively reduce memory requirements while
preserving model performance as much as possible (Kim
et al. 2024). As shown in Figure 1, our experiments con-
firm that in transformers, retaining entire layers while re-
ducing the number of layers through structured pruning is

more beneficial for the potential performance of sub-model.
Therefore, clients obtain sub-models by selectively extract-
ing certain layers from the lead node model for each clus-
ter. To identify which layers are critical to sub-model per-
formance, we design Knowledge-Aware Model Architec-
ture Search (KAMAS), an algorithm based on Neural Archi-
tecture Search without Training (NASWOT) (Mellor et al.
2021) and Kullback-Leibler (KL) Divergence score.

We design two metrics that can be used to evaluate the
potential performance of a sub-model without any training.
The first is a score based on NASWOT calculations, and the
second is the KL divergence between the logits produced by
the sub-model and those of the dense model. The NASWOT
score leverages the initial activation patterns of the activation
function within an untrained network to estimate its perfor-
mance. The kernel matrix K is constructed by computing
the Hamming distances between binary codes that represent
the activation states of mini-batch data points X = {xi}ni=1.
The score, derived from the logarithm of the value of the
determinant of K, is given by

K = (NA − dH(ci, cj))
n
i,j=1, s = log |K| , (2)

where NA is the number of activation function, c is the ac-
tivation codes, and dH denotes the hamming distance. This
score quantifies the potential of untrained networks, offer-
ing an insightful correlation with the model’s accuracy once
trained. Another metric is KL divergence score, denoted as
d, can be calculated as:

d =
1

n

n∑
i=1

(
1

T

∑
p(xi) · log

(
p(xi)

q(xi)

)) 1
T

, (3)

where p is the logits of the original model, q is the logits of
the sub-model, and T is a temperature parameter. We then
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Algorithm 1: Knowledge-Aware Model Architecture Search
Input: Crossover rate pc, Mutation rate pm, Population size
Output: Sub-model structure

1: Initialize population with random sub-model structures.
2: Evaluate the fitness of each sub-model in the population.
3: for each generation do
4: Randomly select two sub-model structures from the

population, A and B.
5: Compute FA and FB , the fitness of A and B,

using Eq. 2, 3, 4
6: winner, loser ← argmax(FA,FB)
7: if random number r < pc then
8: Crossover {winner’s structure, loser’s structure}.
9: end if

10: if random number r < pm then
11: Mutation loser’s structure.
12: end if
13: Re-evaluate F of the mutated loser, using Eq. 2, 3, 4
14: Replace the loser with the mutated sub-model.
15: end for
16: return The sub-model structure with the highest fitness.

consider both the NASWOT score and the KL divergence
score to implement a simple yet effective genetic algorithm.
The fitness F of a sub-model is defined as:

F = s− d. (4)

By applying a simple genetic algorithm, we can perform
crossover or mutation operations on the models’ structures
to effectively search for the sub-model structure with the
highest fitness in the population, thereby identifying cru-
cial parameters that significantly impact accuracy, without
any additional training. The detailed algorithm is illustrated
in Algorithm 1. Assuming that computational requirements
are directly proportional to the number of model parame-
ters, KAMAS search the optimal sub-model under compu-
tational constraints. This approach ensures that the selected
parameters are the most critical to the model’s potential per-
formance, allowing for better knowledge retention. Shown
in Figure 1, the sub-model obtained through the KAMAS
search outperformed those obtained by directly selecting the
top k% layers or by random selection after training.

Within each cluster, clients select a search ratio β ∈ (0, 1]
based on their computational constraints and use the KA-
MAS algorithm to search for the optimal sub-model, en-
abling adaptive deployment. After local training, clients up-
load sub-models to the cluster’s leader node. The leader
node aggregates the corresponding layers of all uploaded
sub-model parameters, as shown in Figure 3. Once aggre-
gation is complete, the leader redistributes the parameters
to each client according to their sub-model structure. This
process is repeated in a cycle, referred to as cluster training.

Cluster-Aware Knowledge Transfer
After cluster training, the knowledge from different clus-
ters must be aggregated on the server to finalize the server
model training. Given the varying capabilities of leader

Figure 3: Illustration of KDA by using 3 devices as an ex-
ample. In KDA process, the leader node will aggregate the
corresponding layers (Transformer blocks) from the clients.

nodes across clusters, we introduce a cluster-aware knowl-
edge distillation algorithm. This algorithm assigns aggrega-
tion weights based on the accuracy of each leader node eval-
uated on its test data with n samples, ensuring that the server
model benefits the most from high-performing clusters.

wm =

∑n
i=1 I(f(θ(m);x

k
i ) = yki )∑M

m=1

(∑n
i=1 I(f(θ(m);x

k
i ) = yki )

) . (5)

Since the used public dataset is unlabeled, pseudo-labels are
generated using the cluster leader node model θ(m) for each
sample x̂i ∈ D̂ in the public dataset:

ŷm,i = argmaxc∈{1,2,···,C}f(θ(m); x̂i). (6)

Afterwards, we can adopt cross-entropy loss to update the
server model θ:

Lm
CE = wm × Ex̂∼D̂ [LCE (θ; (x̂, ŷm))] , (7)

where ŷm denotes the pseudo-labels generated by the m-th
cluster. Meanwhile, KL divergence loss can be calculate by:

Lm
KL = wm × Ex̂∼D̂

[
DKL(σ(f(θ; x̂)) ∥ σ(f(θ(m); x̂)))

]
.

(8)
Finally, the server model is finally trained by minimizing the
following loss function:

L =
M∑

m=1

(γ × Lm
CE + (1− γ)× Lm

KL) . (9)

Experimental Evaluation
Experimental Setup
Datasets Setting. We evaluate our method, FedCKMS,
using three datasets: CIFAR-10, CIFAR-100 (Krizhevsky,
Hinton et al. 2009), and Tiny-ImageNet (Le and Yang 2015).
The CIFAR-10 dataset contains 10 classes with a total of
50,000 training images, while CIFAR-100, with 100 classes,
presents a more challenging task. Tiny-ImageNet includes
200 classes, each with 500 images. For our experiments, we
randomly select about 5000 images from the training data,
remove their labels, and create an unlabeled public dataset
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Dataset IID/non-IID DS-FL FedDF FedHKT HeteroFL FedRolex FedRolex∗ FedCKMS

CIFAR-10

IID 87.46% 89.25% 89.43% 92.3% 80.1% 92.57% 91.93%
Dir(0.5) 79.13% 80.19% 88.39% 83.29% 77.09% 84.68% 89.97%
Dir(0.1) 74.08% 75.36% 81.51% 75.4% 76.92% 77.89% 86.8%
Average 80.22% 81.6% 86.44% 83.66% 78.03% 85.04% 89.56%

CIFAR-100

IID 67.29% 66.82% 66.86% 72.81% 46.94% 74.44% 71.12%
Dir(0.5) 62.42% 60.66% 66.83% 66.32% 41.41% 67.45% 69.03%
Dir(0.1) 54.74% 51.07% 57.3% 57.03% 40.24% 58.4% 61.82%
Average 61.48% 59.51% 63.66% 65.38% 42.86% 66.76% 67.32%

Tiny-Imagenet

IID 59.72% 59.02% 57.7% 59.18% 38.64% 66.12% 63.68%
Dir(0.5) 54.6% 52.16% 52.2% 56.95% 39.3% 56.52% 60.67%
Dir(0.1) 42.36% 45.98% 53.85% 51.12% 40.19% 51.88% 58.59%
Average 52.22% 52.38% 54.58% 55.75% 39.37% 58.17% 60.98%

∗: The second FedRolex experiment is in an ideal scenario where at least one client’s recourse is enough to deploy a
model exactly the same as the server’s FM.

Table 1: Test accuracy on three different datasets under different degrees of data heterogeneity

for use in knowledge distillation. We consider both IID and
non-IID data distributions. In the IID setting, data is evenly
distributed among clients in terms of both quantity and class
distribution. In the non-IID setting, we use a Dirichlet distri-
bution to allocate data across clients, with α = {0.1, 0.5}.
Models Setting. We have selected CLIP (Radford et al.
2021) as the backbone model for our experiments. To sim-
ulate system heterogeneity, we assume eight different lev-
els of computational resource constraints, denoted as C =
{C1, C2, . . . , C8}. Different versions of CLIP are chosen to
accommodate these constraints. The server model is CLIP-
2.5B (Schuhmann et al. 2022), which has 2.5 billion param-
eters. Each cluster’s leader node can choose the CLIP-base
or CLIP-large model, based on its resource limitations, with
150 million and 430 million parameters respectively.
Baselines. We compared our methods with two groups
of methods.1) KD-based FL: DS-FL (Itahara et al. 2021),
FedDF (Lin et al. 2020) and FedHKT (Deng et al. 2023). 2)
PT-based FL: HeteroFL (Diao, Ding, and Tarokh 2020), Fe-
dRolex (Alam et al. 2022). To preserve fairness, we applied
LoRA (Hu et al. 2022) to both FedCKMS and the baselines.
Implementation details. For FedCKMS, with the model
search algorithm KAMAS, we can extract sub-models with
varying sizes. The search ratio β ∈ {1.0, 0.75, 0.5, 0.25}
corresponds to searched sub-models a, b, c, and d by us-
ing KAMAS. Sub-model a retains the full original model,
while d means that only about 25% of the original model’s
parameters are preserved. Other clients within each clus-
ter can then select an appropriate sub-model of the clus-
ter’s representative model based on their individual re-
source constraints. For the baselines, DS-FL, FedDF, and
FedHKT, clients can choose between the CLIP-base and
CLIP-large models based on their resource constraints.
However, FedHKT requires homogeneous models within
each cluster, so the model selection is determined by the
most resource-constrained client in the cluster. For Het-
eroFL and FedRolex, we consider an ideal scenario where
at least one client’s model is sub-model a that matches

the server model, while the other clients choose from sub-
models b, c, and d, which correspond to 75%, 50%, and
25% of the server model’s parameters, respectively. For both
FedCKMS and all baselines, the server model is consistently
the CLIP-2.5B model.
Hyper-parameters. For both FedCKMS and the baselines,
we adopt the Adam optimizer with a learning rate of η =
0.0005 and a batch size of 8. For lora rank, we chose 64
as the standard for our experiments. We set the local train-
ing epochs to 3 and the communication rounds to 10, which
were sufficient to achieve convergence.

Performance Results and Analysis
Performance Results. We compare the performance of
FedCKMS against baseline methods, including DS-FL,
FedDF, FedHKT, HeteroFL, and FedRolex, using the
CIFAR-10, CIFAR-100, and Tiny-ImageNet datasets with
10 clients under both IID and non-IID settings. As shown
in Table 1, FedCKMS outperforms these baselines, with an
accuracy improvement of 3-10% in most scenarios. For both
FedRolex and HeteroFL, we considered an ideal scenario
where at least one client’s resources are sufficient to deploy
a model exactly the same as the server’s FM, a condition
that is difficult to achieve in real-world scenarios. In such
settings, FedCKMS may slightly underperform compared to
FedRolex. When we tested a more stringent scenario where
no client could deploy a model identical to the server’s, Fe-
dRolex’s performance declined significantly, underperform-
ing compared to FedCKMS.
Sensitivity Analysis. As shown in Table 1, under IID data
distributions, methods based on partial training generally
outperform those based on knowledge distillation. How-
ever, knowledge distillation demonstrates superior knowl-
edge transfer capabilities in non-IID settings, especially with
a Dirichlet distribution α = 0.1, which indicates signifi-
cant class imbalance across clients. FedCKMS performs ex-
ceptionally well in both IID and non-IID scenarios, closely
approaching FedRolex’s performance in the ideal IID case,
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Figure 4: Performance comparison of FedCKMS and base-
lines across different public dataset sizes

by leveraging multi-factor heterogeneity-aware clustering
with KAMAS-driven partial aggregation within clusters
and knowledge distillation across clusters. Additionally,
FedCKMS effectively utilizes clients’ resources, even under
stringent constraints on clients. Meanwhile, CAKT avoids
transmitting parameters to the server, significantly reducing
communication overhead compared to PT-based baselines.
Impact of public dataset size. To assess the effect of the
public dataset, we adjust its sample size from 3,000 to
5,000 and compare the performance of FedCKMSwith base-
line methods that also utilize a public dataset. As shown
in Figure 4, as the size of unlabeled public data increases,
FedCKMS gains more knowledge, especially on more chal-
lenging tasks like CIFAR-100. Unlike FedDF, where in-
creasing the public data size may sometimes decrease accu-
racy, FedCKMS better leverages this additional knowledge
because CAKT utilizes pseudo labels to provide more in-
formation and employs weight distillation to enable high-
performance leader nodes to share more knowledge.

Ablation Study
Effect of KAMAS for partial aggregation. To validate
the effectiveness of the KAMAS-Driven partial aggregation
within intra-cluster aggregation in FedCKMS, we compared
it with the PT-based baseline, FedRolex. For simplicity and
to clearly demonstrate its effectiveness, we use the CLIP-
large model as the server model and conducted experiments
on the CIFAR10 and CIFAR100 datasets. As shown in Ta-
ble 2, different clients select sub-models with varying pro-
portions, where a, b, c, and d represent 100%, 75%, 50%,
and 25% of the server’s sub-model, respectively. The rela-
tionship between the average search ratio and model com-
binations of all clients is detailed in the table. The results
presented in Figure 5 illustrate that aggregating sub-models
obtained through KAMAS results in higher accuracy for the
final server model compared to FedRolex, especially when
clients cannot deploy the same model as the server (i.e., the
100% model).
Effect of Cluster-Aware Knowledge Transfer. To validate
the effectiveness of CAKT, we separately evaluate its perfor-
mance by removing the weights assigned to each cluster in
the knowledge distillation process and by considering only
the KL loss from Eq. 9. As shown in Figure 6, removing
the weights from the CAKT component results in varying
degrees of accuracy degradation, as weight distillation en-
hances the contribution of better-performing teacher mod-
els, which in turn improves the accuracy of the server model.
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Figure 5: The model accuracy of FedRolex and FedCKMS
with different search ratios (β) under IID and non-IID set-
tings on the CIFAR-10 and CIFAR-100 datasets.

search ratio β Average parameters p Sub-model
0.4 p = ⌈0.4P ⌉ b-d
0.5 p = ⌈0.5P ⌉ b-c-d
0.6 p = ⌈0.6P ⌉ a-b-c-d
0.7 p = ⌈0.7P ⌉ a-b-c
0.8 p = ⌈0.8P ⌉ a-b

Table 2: Average search ratio and corresponding sub-model
combinations across all clients.
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Figure 6: Comparison of accuracy after removing weights
and cross-entropy Loss from CAKT.

Considering only the KL loss can lead to different levels of
performance decline, as adding cross-entropy loss through
the generation of pseudo-labels enhances robustness, partic-
ularly in complex tasks like CIFAR-100.

Conclusion
In this paper, we have proposed FedCKMS for federated FM
training on highly heterogeneous and resource-constrained
edge devices, in order to reduce computation and com-
munication overhead and while still maintaining satisfy-
ing model accuracy. FedCKMS leverages CAKT, a cluster-
aware weight distillation method, to significantly reduce
communication overhead and facilitates effective knowledge
transfer across different model architectures. Additionally,
KAMAS and KDA enable the adaptation of deployment for
highly resource heterogeneous clients, significantly reduc-
ing computational costs.
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