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Abstract

Despite the remarkable performance of deep models in med-
ical imaging, they still require source data for training, which
limits their potential in light of privacy concerns. Feder-
ated learning (FL), as a decentralized learning framework
that trains a shared model with multiple hospitals (a.k.a.,
FL clients), provides a feasible solution. However, data het-
erogeneity and resource costs hinder the deployment of
FL models, especially when using vision language models
(VLM). To address these challenges, we propose a novel
contrastive language-image pre-training (CLIP) based FL
approach for medical image classification (FedMedCLIP).
Specifically, we introduce a masked feature adaptation mod-
ule (FAM) as a communication module to reduce the commu-
nication load while freezing the CLIP encoders to reduce the
computational overhead. Furthermore, we propose a masked
multi-layer perceptron (MLP) as a private local classifier to
adapt to the client tasks. Moreover, we design an adaptive
Kullback-Leibler (KL) divergence-based distillation regular-
ization method to enable mutual learning between FAM and
MLP. Finally, we incorporate model compression to transmit
the FAM parameters while using ensemble predictions for
classification. Extensive experiments on four publicly avail-
able medical datasets demonstrate that our model provides
feasible performance (e.g., 8% higher compared to second
best baseline on ISIC2019) with reasonable resource cost
(e.g., 120× faster than FedAVG).

Code — https://github.com/AIPMLab/FedMedCLIP

Introduction
With the development of deep learning (DL) in medical
imaging, privacy concerns have hindered collaboration be-
tween organizations (Zeng et al. 2024). Federated learning
(FL) has emerged as a solution that allows decentralized
training without sacrificing patient privacy, advancing medi-
cal artificial intelligence (AI) applications while maintaining
data security (Zhu et al. 2024; Chaddad, Wu, and Desrosiers
2024; Chaddad et al. 2023). For example, in (McMahan et al.
2017), they propose a simple federated aggregation method
called FedAVG, and the experimental results show that it
provides feasible performance without accessing raw data
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from other clients. Similarly to FedAVG, in (Li et al. 2020),
they propose using a regularization term to measure the dis-
crepancies between the global and local models, thus im-
proving performance in local clients (FedProx).

However, despite advances in FL, it faces two challenges,
1) heterogeneous data between clients, and 2) communica-
tion and computational load during local training and global
aggregation (Wu, Desrosiers, and Chaddad 2024). Basically,
heterogeneous data (e.g., feature shifts) can lead to severe
performance degradation on local clients, while communi-
cation and computational costs can prohibit the implemen-
tation of FL systems in low-resource devices. This is espe-
cially important in the era of vision language models such as
contrastive language image pre-training (CLIP), which re-
quire large computational and communication loads (e.g.,
∼ 108 parameters inside) (Radford et al. 2021). This leads
to open question that “How to adapt the CLIP models effec-
tively in FL context with reasonable cost and feasible gener-
alization performance.”

Recent studies have introduced parameter efficient pre-
training (PEFT) techniques to adapt the CLIP into FL frame-
works. For example, in FedCLIP (Lu et al. 2023), they pro-
pose an adapter as a communication module while insert-
ing it after the CLIP encoders. Furthermore, they freeze
the CLIP encoder parameters to save computational over-
head. The experimental results on the multi-domain dataset
OfficeHome indicate that it achieves feasible performance
compared to FedAVG, while reducing resource costs. Sim-
ilarly, prompt learning based approaches such as promptFL
(Guo et al. 2023), FedAPT (Su et al. 2024) have demon-
strated remarkable performance for natural image classifica-
tion tasks in heterogeneous settings. Despite these advance-
ments, the key idea remains the same: Balancing utility and
model size in FL. However, none of these studies involved
experiments with medical data, where heterogeneity is com-
mon in medical imaging (e.g., modality). Furthermore, in
(Huix et al. 2024), they suggest that CLIP exhibits poor re-
call rate ∼ 50% for the classification of skin cancer, indicat-
ing that there exists a large domain gap between natural and
medical.

While vanilla CLIP underperforms in medical datasets, its
pre-trained backbone remains a valuable starting point. Mo-
tivated by previous challenges, our goal is to build a practical
adaptation framework that unlocks this potential for medi-
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cal use without full re-pretraining. Specifically, we use pre-
trained CLIP as feature extractors (the encoders are frozen),
while introducing a novel masked feature adaptation module
(FAM) as communication module. Furthermore, we propose
a masked MLP for local tasks, while keeping it local without
aggregation. To improve the prediction similarity between
FAM and MLP, we incorporate a class-wise KL based distil-
lation approach to minimize the differences between the pre-
dicted probabilities of FAM and MLP. To enrich the model
predictions, we use ensemble predictions obtained from both
FAM and MLP. In addition, we introduce model compres-
sion to decrease the communication overhead. Finally, the
FAMs are aggregated using a simple average aggregation
technique. The contributions of this paper can be summa-
rized as follows.

1. Algorithm: We propose a novel CLIP-based FL frame-
work for medical image classification tasks (FedMed-
CLIP). Specifically, we propose a masked FAM, a
masked local classifier and a class-wise KL based reg-
ularization technique to improve the performance in het-
erogeneous data setting with reasonable computational
and communication cost. Furthermore, we introduce a
model compression technique to compress the model pa-
rameters before sending them to the global server.

2. Empirical analysis: We perform extensive experiments
on four medical datasets (e.g., brain tumor, skin cancer)
to show the usefulness of the proposed approach in: (i)
robustness to heterogeneity FL, (ii) generalization abil-
ity to unseen clients, (iii) efficiency of computation and
communication procedure, (iv) adaptability with differ-
ent network architectures and (v) resilience against ad-
versarial perturbations.

Related Work
Federated learning. Federated learning serves as a funda-
mental framework for training robust models without shar-
ing raw data. For example, FedProx introduced a regulariza-
tion term to measure the discrepancies between the global
and local models, thereby improving performance in local
clients (Li et al. 2020). Similar to FedProx, the differences
between the local model of the previous round and the global
model are calculated using cosine similarities to optimize
the local models are proposed in MOON (Li, He, and Song
2021). FedFocal extended the focal loss in FL framework
to sovle the class imbalance challenge existed in medical
datasets (Dipankar, Ankur, and Sumit 2020). In addition,
FedProto focused on maximizing feature-level consistency
between local and global models to improve the overall per-
formance (Tan et al. 2022). SCAFFOLD introduced global
gradient calibration and controlled variates to correct local
optimization directions (Karimireddy et al. 2020). There are
also recent studies devoted to FL designs (Qin et al. 2023;
Yang et al. 2024; Yu et al. 2025). However, these methods
are not suitable for VLMs such as CLIP because they re-
quire a large amount of parameters to be transmitted.
CLIP. For example, FACMIC extended FedCLIP to med-
ical classification by introducing domain adaptation tech-
nique and a novel adapter as communication module (Wu,

A picture of 

a {“class”}

Im
a
g
es

T

𝑒𝐼

I

𝑎𝑡𝑡1ሚ𝐈

Client 1

Global Server

Aggregation

𝑎𝑡𝑡∗

Broadcast
Upload

Aggregate
Freeze

Fine-tune

ℒ𝑐𝑜𝑛𝑡𝑟

⑥

④
①

⑤

ሚ𝐈

MLP

ℒ𝑀𝐿𝑃

②

③

Softmax
Linear

BN,ReLU
Linear 

𝑎𝑡𝑡𝑖

BN Normalization

Softmax

×3

𝑀𝐿𝑃𝑖

𝑒T

BN,ReLU
Linear 

Figure 1: Framework of our approach. The number from 1⃝
to 6⃝ indicates the corresponding terms of Eq. (5), Eq. (6),
Eq. (7), upload, Eq. (13) and download, respectively.

Desrosiers, and Chaddad 2024). However, finding a publicly
available source domain is a challenge for real-world ap-
plications. PromptFL demonstrated the usefulness of shar-
ing prompts instead of models in the FL context (Guo et al.
2023). The experiments show that promptFL yields remark-
able performance compared to vanilla methods such as Fe-
dAVG. Furthermore, based on promptFL, FedAPT proposed
adaptive prompts for local clients (i.e., local prompts with
global prompts) for global aggregation (Su et al. 2024),
and the experimental results showed that their method pro-
vides comparable performance compared to the centralized
approach. However, their method introduces considerable
computational overhead during inference. Shi et al. pro-
posed client-side knowledge distillation and server-side fed-
erated contrastive learning guided by CLIP to address the
heterogeneity existing in local clients (Shi et al. 2024). How-
ever, they do not validate their model under the feature
shift condition (e.g., OfficeHome). In addition, FAA-CLIP
adapted the CLIP with an adapter and a domain adversarial
classifier in FL (Wu et al. 2025). Experimental results show
that it achieves feasible classification performance.

Unlike previous static methods like FACMIC that rely
on static aggregation, our approach dynamically learns both
shared and client-specific features using a masked FAM,
client-specific MLP, and class-wise KL loss to balance con-
sistency. This design jointly enhances personalization and
generalization, achieving superior performance.

Methodology
General framework. Figure 1 shows the framework of our
method. It consists of three parts: 1) local training and in-
ference, 2) model compression and decompression, and 3)
global aggregation.
Local training and inference. For feature extraction, we
use a pretrained CLIP model, comprising an image encoder
eI(·) and a text encoder eT (·) for each client Ci. For a train-
ing example xj ∈ Dtrain

i , we denote as Ij = eI(xj) ∈ RD

the D-dimensional vector of image features. For text fea-
tures, we use the standard prompt “a picture of a
{class}” as input to the text encoder to obtain the fea-
tures Tj = eT (xj) ∈ RD. To effectively adapt the CLIP
model for specific tasks, motivated by (Gao et al. 2024), we
introduce a FAM to the CLIP, denoted atti(·). This FAM
takes as input image features I and returns an attention mask
atti(I) ∈ [0, 1]D. This mask is then used to generate the
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features of the masked images Ĩ = atti(I) ⊗ I, where ⊗ is
the Hadamard product (element-wise). After obtaining im-
age and text features, the probability that an example xj be-
longs to a class c can be computed using the cosine similarity
sj,c between the image features of xj and the text features
Tc corresponding to the prompt of c:

p(Y=c |xj) =
exp(sj,c/τ)∑K

c′=1 exp(sj,c′/τ)
, with sj,c =

⟨̃Ij ,Tc⟩
∥Ĩj∥·∥Tc∥

(1)
where τ is the pre-defined softmax temperature parameter.

To reduce the computational load, the CLIP encoders are
frozen, and we introduce a masked linear layer to perform
transformation. The motivation of using masks is that a
masked FAM helps to efficiently learn sparse but dominant
feature representations across clients (Kim et al. 2024). Sup-
pose W and b are the weight matrix and bias, respectively.
First, we calculate the mean magnitude ui of each layer:

ui =
1

nin

nin∑
j=1

|Wi,j | (2)

After obtaining ui, we generate the mask as follows:

mi = S(ui − κi) =

{
1, if ui ≥ κi

0, if ui < κi
(3)

where κ is a learnable threshold, S is a sign function. Finally,
the W are masked using the masks M and each linear layer
can be formulated as follows:

Ŵ = W ⊙ (M · 1T) , y = Ŵx + (b⊙M) (4)

where x indicates the input.
Specifically, the local FAMs are trained by minimizing a

contrastive loss Lcontr that pushes the image and text fea-
tures from the same training example together and pulls
apart the non-matching ones. In practice, Lcontr is calcu-
lated on batches of size B. Following (Wu, Desrosiers, and
Chaddad 2024), let S be the B×B matrix where sj,j′ is the
cosine similarity between the image features Ĩj and Tj′ as
measured in Eq (1). We compute an image probability ma-
trix P = Softmax (S/τ) ∈ [0, 1]B×B and a text probability
matrix Q = Softmax (S⊤/τ) ∈ [0, 1]B×B . The contrastive
loss is then formulated as follows:

Lcontr = − 1

B

B∑
j=1

1

2

(
log pj,j + log qj,j

)
. (5)

Although a global model can provide robust performance,
global aggregation can reduce the client-specific features
learned by FAM, which can degrade the performance in
clients. Therefore, we propose a MLP as the local classi-
fier for all clients. Unlike traditional MLPs, the proposed
MLP replaces the linear layer with a masked linear layer,
as defined in Eq. 4. This allows the MLP to focus on task-
specific features while ensuring the sparsity of the model
structure. Specifically, the local MLP generates raw logits
Om ∈ RB×C , then it goes through a Softmax function to
output the probability matrix Pm ∈ [0, 1]B×C according

to the number of classes C using Ĩ. Then, we measure the
LMLP as follows:

LMLP = − 1

B

B∑
j=1

LCE(pj ,y) (6)

If the quality of the clients data is low, it can degrade the
performance of the local MLP. Therefore, we use the KL
divergence to let the global FAM and the local MLP learn
mutually. Specifically, we designed a class-wise KL regu-
larization for local training because applying KL without
considering class information can lead to misadaptation due
to client heterogeneity. This helps the FAM and MLP learn
class-wise information mutually (i.e., enrich the FAM with
client-specific features and vice versa) (Cui et al. 2024). Let
Pv ∈ [0, 1]B×C be the predicted similarities of the CLIP
decoder, the loss of consistency regulation (Lsim) can be
formulated as follows.

Lsim =
1

2C

(
C∑

c=1

B∑
i=1

q̂
(c)
i log

q̂
(c)
i

p̂
(c)
i

+

C∑
c=1

B∑
i=1

p̂
(c)
i log

p̂
(c)
i

q̂
(c)
i

)
(7)

where q̂
(c)
i and p̂

(c)
i are defined as:

q̂
(c)
i =

exp(s
(c)
i /T )∑B

b=1 exp(s
(c)
b /T )

, p̂
(c)
i =

exp(o
(c)
i /T )∑B

b=1 exp(o
(c)
b /T )

(8)

where T is a scale parameter. s and o are the logits from
FAM and MLP. To more precisely regularize FAM and MLP,
we design a dynamic weight parameter ϖ to balance the im-
pact of Eq. 7 as follows:

Lsim =
1

C

(
C∑

c=1

B∑
i=1

(ϖq̂
(c)
i log

q̂
(c)
i

p̂
(c)
i

+ (1−ϖ) p̂
(c)
i log

p̂
(c)
i

q̂
(c)
i

)

)
(9)

Here, we propose a training-agnositic ϖ as follows.

ϖ =
H (pv)

H (pm) +H (pv)
(10)

where H is the entropy function. By minimizing Lsim, it
can help the private model to learn from the global model,
and vice versa. This enhances their overall performance and
consistency.

Finally, each local model optimizes the following loss
function with a hyperparameter λ:

L = Lcontr + LMLP + λ · Lsim (11)

During inference, since the global model benefits more
from knowledgeable clients while the local classifier fits
more about local tasks, we propose to use ensemble predic-
tions to improve the classification ability. Basically, for each
sample, the final predicted probability pens can be measured
as:

pens = ϖ · pMLP + (1−ϖ) · pFAM (12)

Model compression and decompression. We compress the
model parameters before sending it to the global server.
Specifically, the compression pipeline converts model pa-
rameters (i.e., weights) to float16, packs metadata using net-
work byte order, serializes parameters as binary data, and
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applies zlib compression (Gailly and Adler 2004) to en-
sure storage efficiency. When local clients receive the com-
pressed model parameters, decompression is performed to
update the local model. Decompression reverses the com-
pression steps by decompressing the zlib data, parsing meta-
data in big-endian format, converting binary data to tensors,
adjusting precision from float16 to float32, and restoring pa-
rameters to the model state dictionary.

Method Client Global AVG
AS C1 C2 C3 C4 C5 C6 Cglo

CLIPzs 31.95 23.98 24.31 17.71 20.12 33.47 17.17 24.1
Individual 74.82 52.03 74.42 67.71 69.14 59.48 17.17 59.25
FedAVG 78.35 60.47 76.39 58.33 75.00 71.77 84.54 72.12

LoRA 72.10 59.45 76.50 55.21 71.29 72.18 82.26 69.86
PromptFL 74.21 48.26 76.50 62.50 76.95 69.76 84.42 70.37
CocoOp 73.94 49.13 74.77 61.46 75.59 68.35 82.63 69.41
FedCLIP 69.54 56.98 74.88 57.29 70.12 71.37 79.91 68.58
FACMIC 69.19 56.10 74.54 60.42 67.58 66.94 74.23 67.0

LP++ 67.87 27.18 68.17 59.38 74.22 57.66 77.52 61.71
FedAPT 77.15 51.09 73.80 67.65 81.70 68.60 85.43 72.21

Ours 84.45 71.92 82.69 84.31 79.00 79.40 81.01 80.4

Table 1: Accuracy (%) in ISIC2019. Bold means the best,
while Underline indicates the second best. AVG is the aver-
age value of the client accuracy and global accuracy.

Global aggregation. We use a simple average aggregation
to provide an unbiased aggregated global model. Specifi-
cally, the local clients compress their local models and then
send them to the global server, while the global server de-
compresses the models and performs aggregation, then com-
presses them again to send them back. In each communica-
tion round, each client Ci uploads its FAM parameters vatti
to the server. Thereafter, the server combines these parame-
ters into a single vector:

vattglobal =
1

N

N∑
i=1

vatti . (13)

Experiments
Datasets
ISIC2019. ISIC2019 is a skin cancer classification
dataset with various characteristics (e.g., age) (Tschandl,
Rosendahl, and Kittler 2018; Codella et al. 2018; Combalia
et al. 2019). To simulate data heterogeneous, the dataset was
divided based on the “anatomy site (AS)” metadata provided
in the original dataset, resulting in seven clients: C1 holds
the data whose AS is “anterior torso”, while C2, C3, C4,
C5, C6 and Cglo hold the data whose AS is “head or neck”,
“lower extremity”, “palms or soles”, “posterior torso”, “up-
per extremity” and “Nan”, respectively.
Brain tumor. The BraTS dataset has two classes, namely
high-grade glioma and low-grade glioma (Menze et al. 2014;
Bakas et al. 2017, 2018; Gong et al. 2024). It has 273 pa-
tients for training, while holds 70 patients for testing. Fol-
lowing (Menze et al. 2014), to simulate heterogeneous data,
the training set was divided according to the modalities, re-
sulting in four clients: C0 holds the data whose modality is
FLAIR, while C1, C2 and C3 hold the data whose modal-
ity is T1 weighted, T1 contrast enhancement (T1-CE), and

T2 weighted, respectively. Finally, the original test set (with
four modalities) is used for global testing.
Prostate cancer. Similar to BraTS, this dataset has two
classes, namely Muscle-Invasive Bladder Cancer (MIBC)
and Non-Muscle-IBC (NMIBC) (Cao et al. 2024). It is a
multi-center dataset with T2 weighted modality (C1, pa-
tients (n) =160; C2, n=48; C3, n=32; C4, n=35), with a total
of 279 patients. The acquisition equipment varies from cen-
ter to center, i.e. C1 has MAGNETOM Skyra, C2 has UMR
780, C3 has Discovery MR750w 3.0T, and C4 has MAGNE-
TOM Verio.
ICH. The RNSA ICH dataset (Flanders et al. 2020), which
contains five ICH subtypes, is used for experiments. The
same pre-processing strategies as in (Wu et al. 2023) are ap-
plied, and images with only a single hemorrhage type are se-
lected. To simulate heterogeneous data, following (Wu et al.
2023), Dirichlet distribution is used to divide the training set
to {5,10,15} clients, while the test set is used for global test-
ing. Details can be found in code link.

For each client, we divide the data into training (60%),
validation (20%) and test (20%).
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Figure 2: Test metrics on ISIC2019 (Left) and BraTS
(Right) datasets.

30
40
50
60
70
80
9010
0

30
40
50
60
70
80
9010
0

30
40
50
60
70
80
9010
0

20
30
40
50
60
70
80
9010
0

AVG

C4 (Global) C3

C2

C1

AVG

C3 (Global) C2

C1

C4

AVG

C2 (Global) C1

C4

C3

 CLIPzs  Individual  FedAVG  CocoOp 
 PromptFL  LP++  FACMIC  FedCLIP 
 LoRA  FedAPT  Ours

AVG

C1 (Global) C4

C3

C2

Figure 3: Test accuracy on Prostate dataset.

Implementation details. Pretrained ViT-B/32 provided by
OpenAI (Radford et al. 2021) is used as the CLIP backbone

26995



CLIP zs

In
div

idu
al

Fed
AVG

LoR
A

Pro
mptF

L

Coc
oO

p

Fed
CLIP

FACM
IC
LP++

Fed
APT

Our
s

0

20

40

60

80

A
cc

ur
ac

y 
(%

)

1st (Ours): 64.19
2nd AVG (LoRA): 63.14

5 Clients

CLIP zs

In
div

idu
al

Fed
AVG

LoR
A

Pro
mptF

L

Coc
oO

p

Fed
CLIP

FACM
IC
LP++

Fed
APT

Our
s

0
20
40
60
80

100

A
cc

ur
ac

y 
(%

) 10 Clients

1st AVG (Ours): 68.17
2nd AVG (LoRA): 55.16

CLIP zs

In
div

idu
al

Fed
AVG

LoR
A

Pro
mptF

L

Coc
oO

p

Fed
CLIP

FACM
IC
LP++

Fed
APT

Our
s

0
20
40
60
80

100

A
cc

ur
ac

y 
(%

) 15 Clients

1st AVG (Ours): 66.26
2nd AVG (LoRA): 64.16
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Alg. ISIC2019 BraTS Prostate ICH
Computation (min) Communication (GB)

Individual 35.03 3.52 11.72 75.74 0 0 0 0
FedAVG 95.58 28.19 98.00 84.50 7.569 3.03 10.784 7.07

LoRA 71.49 7.201 17.80 40.20 0.259 0.052 0.279 0.174
PromptFL 50.01 2.10 2.05 61.47 0.015 0.0013 0.0015 0.018
CocoOp 86.83 11.10 21.80 90.87 0.017 0.0016 0.0038 0.018
FedCLIP 52.75 3.36 5.60 59.75 0.071 0.018 0.054 0.094
FACMIC 75.11 4.64 15.48 55.36 0.094 0.0181 0.096 0.081

LP++ 13.85 0.47 4.56 15.84 0.0002 0.000002 0.000012 0.000023
FedAPT 72.495 4.23 12.01 115.30 0.037 0.0029 0.014 0.038

Ours 68.56 2.85 8.01 42.15 0.063 0.012 0.054 0.039

Table 2: Computation and communication costs for baselines and our approach.

with a batch sise of 32. We use the AdamW optimizer to
fine-tune the parameters of both the FAM and the MLP. To
provide a stable learning procedure as suggested in (Wu,
Desrosiers, and Chaddad 2024), the initial learning rate of
the FAM is set to 5 × 10−5 for Prostate and BraTS, while
5 × 10−4 for ISIC2019. For MLP, it is set to 1 × 10−3

(ISIC2019) and 1 × 10−4 (Prostate and BraTS). The λ and
T are set to 0.04 and 2 for all datasets, respectively. The
optimization process uses a weight decay of 0.02 and beta
parameters of (0.99, 0.98). The exponential learning rate
scheduler is used with a gamma of 0.97 for local training.
We set the communication round to 100 (ISIC2019) and 50
(BraTS, Prostate and ICH), while the local training epoch is
set to one. We select one vanilla FL technique (FedAVG),
and seven PEFT based federated approaches, namely Fed-
CLIP, PromptFL, CocoOp with FedAVG (Zhou et al. 2022),
LP++ with FedAVG (Huang et al. 2024), LoRA with Fe-
dAVG (rank is set to three) (Zanella and Ben Ayed 2024),
FedAPT and FACMIC. For CocoOp, only the parameters
of the prompt learner are aggregated, whereas for LP++,
only the linear probes parameters are aggregated. For non-
federated methods, the Individual without aggregation and
CLIPzs are selected. The random seed was set to 0 to elimi-
nate the impact of different seeds. All experiments are based
on the Windows 11 operating system, and feature an Intel
13900KF CPU with 128 GB of RAM and an RTX 4090
GPU. The FAM has ∼ 5× 105 parameters.
Results. Table 1, Figure 2, Figure 3, and Figure 4 show
the test accuracy (ACC) and F1 score for the ISIC2019,
BraTS, Prostate and ICH datasets. We highlight the fol-
lowing points: 1) For all medical datasets, the original pre-
trained CLIP shows poor generalization ability (e.g., 24.1%
AVG test ACC on ISIC2019), consistent with the results de-

scribed in (Huix et al. 2024). This suggests that the origi-
nal CLIP has limited domain knowledge. 2) The use of FL
techniques can improve the performance of CLIP on med-
ical datasets (e.g., using FedAVG provides 72.12% AVG
ACC on ISIC2019). However, they still face challenges such
as class imbalance, as it shows a lower F1 score (e.g. 51.
03% AVG on ISIC2019), indicating overfitting in unbal-
anced data. Furthermore, for the clients with sufficient data
(e.g., C1 in Prostate), the learned knowledge can improve
the performance of FAM and MLP in other clients (e.g.,
86.72% and 88.73% ACC in C2 and C3, client:{C1,C2,C3},
global: C4). In addition, for the clients with limited sam-
ples (e.g., C3 in Prostate), the usefulness of FAM is weak
and it will negatively degrade the feature representations,
thereby reducing the performance of local clients (e.g.,
37.5% ACC on C3 with FedCLIP). However, the proposed
approach improves performance on C3 to 75% by training
a FAM with a local MLP mutually. A similar situation can
be found for C4 in the following setting: client:{C2,C3,C4},
global: C1. 3) Considering the average performance, the pro-
posed approach yields the highest AVG metrics (e.g., 80.4%
ACC and 64.65% F1 score on ISIC2019, 90.07% ACC on
BraTS) compared to other baselines. Futhermore, FedAVG
shows large differences on ICH dataset (e.g., larger box
size in Figure 4), while PEFT methods such as FedCLIP
provide smaller discrepancies. However, these approaches
show considerable performance degradation as the number
of clients increases (e.g., ∼ 5% ACC drop with FACMIC
from 5 to 10 clients). Unlike others, our method provides
stable test metrics despite client settings (e.g., consistently
higher than 66% AVG), suggesting that the introduction
of masked MLP and KL based regularizations is a robust
solution for a large-scale client setting. 4) Regarding the
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Components Clients Global AVGLcontr LMLP Lsim Aggregation C1 C2 C3 C4 C5 C6 Cglo

✓ ✘ ✘ ✓ 74.28 63.53 78.36 58.82 72.64 74.80 81.13 71.94
✓ ✓ ✘ ✓ 84.36 69.03 84.40 75.49 77.65 77.60 80.52 78.44
✘ ✓ ✘ ✘ 81.23 64.40 80.98 81.37 76.69 72.60 17.17 67.77
✓ ✓ ✓ ✘ 81.67 69.75 82.80 84.31 80.35 76.80 17.17 70.41
✓ ✓ ✓ ✓ 84.45 71.92 82.69 84.31 79.00 79.40 81.01 80.4

Table 3: Ablations on each component in our approach. Bold represents the best.

global generalization ability, the proposed FAM yields fea-
sible ACC on ISIC2019 (81.01% ACC), while providing
lower ACC on BraTS (64.66%) compared to other PEFT
methods such as FedAPT (74.04%). This suggests that the
potential of FAM is limited where the feature shifts are con-
siderablely large (e.g., different modalities). We argue that
the pre-trained CLIP encoders has limited prior knowledge,
thus simply using a FAM on the global site leads to ∼4%
lower ACC on ISIC2019 dataset compared to prompt-based
methods such as FedAPT, while for local clients, benefited
by the MLP, it learns robust feature patterns, thus providing
the best test metric.
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Figure 5: The p-value between our model and the other base-
lines on the ISIC 2019 dataset using Wilcoxon signed-rank
test. These values are based on the test set.

Computation and communication overhead. Table 2 re-
ports the total computation time and communication cost
for the baselines and the proposed approach to achieve the
best validation metrics. For Prostate, only one client setting
is considered (client:{C1,C2,C3}, global: {C4}), while for
ICH, the results are based on 10 clients. As illustrated, Fe-
dAVG has a large computational and communication over-
head (e.g., 95.58 min, 7.569 GB on ISIC2019), while the
proposed method provides a feasible resource cost (e.g.,
120× faster than FedAVG). Furthermore, our method yields
comparable computational and communication load com-
pared to baselines such as FedAPT on ISIC2019 (68.56
min, 0.063 GB vs. 72.495 min, 0.037 GB), and FedCLIP
on BraTS (2.85 min, 0.012 GB vs. 3.36 min, 0.018 GB).
These results highlight the potential of the proposed designs
for resource-efficient FL frameworks.
Ablations on components. We validate the usefulness of
each component in the proposed approach in the ISIC2019

data set. As illustrated in Table 3, introducing LMLP im-
proves the overall performance in local clients (e.g., ∼ 7%
ACC improvement), while adding Lsim provides 1.32% av-
erage ACC improvement compared to without Lsim. We
note that for certain clients, such as C1, the use of Lsim

slightly reduces the performance (e.g., 1.21%). This sug-
gests that FAM can reduce the learned knowledge of the lo-
cal MLP in class imbalance situation. Furthermore, the use-
fulness of Lsim on the global site performance is limited
since it lacks a private local MLP (i.e., it can not provide en-
semble prediction). Overall, the use of all these components
leads to the best AVG (80.4%).
Statistical Significance Analysis. Figure 5 shows the p-
value (measured with test set, significance level equals 0.05)
between ours and other baselines on the ISIC2019 dataset
using Wilcoxon signed-rank test (Rey and Neuhäuser 2011).
As illustrated, the proposed method demonstrates signifi-
cant performance improvements over other approaches (e.g.,
p < 10−11 on C2 compared to LoRA).
Influence of T . We explored the performance on the
ISIC2019 dataset with different T values used in Eq. 8. As
illustrated in Figure 8, smaller T leads to a decrease in per-
formance (e.g., an ACC of 78.03% on C5), while larger T
such as 10 results in a lower AVG of 78.94%.
Impact of model compression. We explored the impact of
performance losses due to float 16 conversion during model
compression on ISIC2019 dataset. As shown in Figure 8, the
AVG is 80.48% without compression, slightly higher than
with compression. However, with compression, the model
size is reduced from 2.01 (FAM itself) to 1.36MB. These
results suggest that compressing the weights of the model
does not considerably impact its performance.
Sensitivity analysis. We performed experiments using dif-
ferent λ values on the ISIC2019 dataset to analyze its sen-
sitivity. Figure 6 shows the test ACC with various λ values
(λ ∈ [0.01, 0.1]). As illustrated, λ equal to 0.04 leads to
the highest overall ACC (AVG=80.4) compared to other set-
tings.
Robustness. We validate the robustness to gradient based
adversarial attacks. Specifically, we consider the fast gradi-
ent sign method (FGSM) (Goodfellow, Shlens, and Szegedy
2014) and projected gradient descent (PGD) (Madry et al.
2018) for experiments on the ISIC2019 dataset. The mag-
nitude of adversarial attacks is set to 0.1 for FGSM and
PGD. As illustrated in Figure 6, PEFT approaches such as
FedCLIP and LoRA exhibit a considerable performance de-
crease (e.g. ∼ 10% AVG under FGSM attack), while the
proposed method shows a higher AVG of 33.85%, indicat-
ing its robustness to adversarial attacks compared to PEFT
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Figure 6: Test accuracy on ISIC2019 dataset with varying backbones (Left), λ values (2-column), FGSM (3-coumn) and PGD
(Right).
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Figure 7: Reliability plot for the proposed approach (first row) and baselines (LoRA, second row; PromptFL, third row) on
ISIC2019 dataset. The clients and global are represented from the left column to the right column.

approaches. Similar situation can be found with PGD attack
(e.g., the proposed method provides ∼ 25% higher ACC on
C1 compared to LoRA).
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Figure 8: Test accuracy of the proposed method on ISIC2019
dataset with different T values (Left) and model compres-
sion (Right).

Backbones. We changed the network backbones with deep-
er/different architectures, such as ViT-L/14, ViT-H/14, Con-
vNext Large provided in OpenCLIP (Cherti et al. 2023; Il-
harco et al. 2021) and MambaOut-Base (Yu and Wang 2025)
to validate its adaptability. Figure 6 shows the test ACC with
these backbones. The proposed approach exhibits remark-
able adaptability with deeper networks such as ViT-L/14

(81.83% AVG) and MambaOut-Base (80.2% AVG).
Calibration. Figure 7 shows the reliability diagrams
(Vaicenavicius et al. 2019) on the ISIC2019 dataset for the
proposed method and baselines. As illustrated, the proposed
approach demonstrates a lower ECE value on local clients
(e.g., 1.93% on C1, 2.34% on C3 compared to LoRA (2.32%
on C1 and 4.43% on C3) and PromptFL (3.25% on C1 and
2.52% on C3). In addition, our method achieves comparable
ECE on global site (2.72%) compared to LoRA (2.20%) and
PromptFL (2.75%).

Conclusion
In this study, we explored the potential of VLMs for medical
imaging in FL and proposed a novel CLIP-based FL frame-
work. We introduced a masked FAM as the communication
module while freezing the CLIP encoders to reduce compu-
tational and communication overhead, while using masked
MLPs to adapt the local client with class-wise KL. Finally,
ensemble predictions are obtained to improve local perfor-
mance. Experimental results in skin-, brain- and prostate-
related classification tasks demonstrate the remarkable per-
formance of our approach compared to SOTA methods.
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