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Abstract

The scarcity of data in the medical field brings challenges to
collaborative training in medical vision-language pre-training
(VLP) across different clients Thus, collaborative training
in medical VLP faces two significant challenges: First, the
medical data requires privacy and therefore cannot be di-
rectly shared across different clients. Second, medical data
distribution across institutes is typically heterogeneous, hin-
dering local model alignment and representation capabilities.
To simultaneously overcome these two challenges, we pro-
pose a framework called personalized model selector with
fused multimodal information (PMS-FM). The contribution
of PMS-FM is two-fold: 1) PMS-FM uses embeddings to rep-
resent information in different formats, allowing for the fu-
sion of multimodal data. 2) PMS-FM adapts to personalized
data distributions by training multiple models. A model selec-
tor then identifies and selects the best-performing model for
each individual client. Extensive experiments with multiple
real-world medical datasets demonstrate the superb perfor-
mance of PMS-FM over existing federated learning methods
on different zero-shot classification tasks.

Introduction
Due to the rapid advancement of vision-language mod-
els (Vaswani et al. 2017; Devlin et al. 2018), the self-
supervised pre-training of large models has made significant
strides in improving the representation of medical images
and texts. Not only has this development enhanced the accu-
racy and efficiency of models in handling complex medical
data, but it has also propelled advancements in areas such
as medical text comprehension (Zhang et al. 2024). By in-
tegrating information from both image and text modalities,
these models are better equipped to capture subtle details
in medical images and understand the specialized terminol-
ogy and complex contexts found in medical texts, thereby
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Figure 1: The challenges of collaborative training in med-
ical vision-language pre-training: 1) Due to the privacy of
medical data, training samples cannot be directly shared
across different clients. 2) The different specifications of ex-
amination equipments and biases from radiologists across
clients have resulted in varying representations and distri-
butions of medical images and reports, leading to data het-
erogeneity across different clients. To deal with these two
challenges, we proposed personalized model selector with
fused multimodal information (PMS-FM) based on person-
alized federated learning scheme.

playing an vital role in medical research and clinical appli-
cations (Dalmaz, Yurt, and Çukur 2022; Braman et al. 2021).

In the medical field, the scarcity of data often presents sig-
nificant challenges for developing robust pre-training mod-
els (Panayides et al. 2020). To address this issue, col-
laborative training across different medical institutes has
become essential (Mammen 2021). This (Chang et al.
2018) approach involves training models across heteroge-
neous clients, where each medical institute possesses non-
identically distributed data (Mammen 2021; Zhang et al.
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2021). By leveraging diverse data from multiple sources,
this collaborative scheme enhances the generalization and
performance of pre-training models, allowing them to bet-
ter adapt to varying patient populations and clinical environ-
ments. However, this collaborative training approach faces
two primary challenges: 1) Due to the privacy concerns sur-
rounding medical data, training samples cannot be directly
shared among different clients. 2) The use of varying exam-
ination equipment and the involvement of different radiolo-
gists across clients have led to differing representations and
distributions of medical images and reports, resulting in data
heterogeneity among clients. To solve these issues, we intro-
duce the personalized federated learning scheme for medical
VLP, as personalized federated learning can achieve privacy
through local training and federated aggregation while ad-
dressing heterogeneous data by using a model selector.

There has been considerable progress in the field of per-
sonalized federated learning. For instance, (Zhang et al.
2023b) introduced FedALA, a method that adaptively ag-
gregates global and local models to enhance client-specific
performance. Similarly, (Xu et al. 2022) proposed FedSM,
which integrates a global model, personalized models, and a
model selector to better align unseen data with the most ap-
propriate model. In another advancement, (Lee et al. 2024)
presented FedL2P, which enables each participating node to
locally fine-tune the model, adapting it to its unique data
distribution without sharing data. However, these person-
alized federated learning methods are primarily designed
for vision-only tasks, and may not effectively address the
challenges of vision-language alignment. This limitation can
lead to poor model selector performance and thus result in
global model performance degradation.

In this work, we propose Personalized Model Selector
with Fused Multimodal information (PMS-FM) framework
designed to mitigate the impact of data heterogeneity in
federated learning. In PMS-FM framework, we proposed a
Triple-Embedding Model Selector that integrates three types
of embedding from text and image, including image-level vi-
sion embedding, paragraph-level text embedding and word-
level text embedding, addressing the multimodal deficien-
cies present in traditional model selectors. By integrating
various levels of fusion modules represented by these em-
beddings, we aim to resolve the issue of multimodal align-
ment in the model selection process. Additionally, to en-
hance the precision of text representation, we propose a text
fusion module that integrates different levels of text repre-
sentations, enabling more effective alignment with the vi-
sual module. Our approach aims to bridge the generaliza-
tion gap between centralized training and federated learning
by enhancing feature integration across different modalities
through feature fusion and embedding-based methods. In-
stead of developing a universal model to accommodate the
diverse data distributions of all clients, we focus on creat-
ing tailored models that align closely with individual data
distributions.

Experiments demonstrate that PMS-FM framework ex-
hibits superior performance and advantages over existing
federated learning methods on different zero-shot clas-
sification tasks, such as Chexpert (Irvin et al. 2019),

MIMIC (Johnson et al. 2019), NIH Chest X-Ray (Wang
et al. 2017), candid-ptx (Feng et al. 2021), RSNA (Shih et al.
2019) and COVID (Rahman et al. 2021).

Our contributions are summarized as follows:

• We propose a multimodal personalized federated learn-
ing framework named PMS-FM, which effectively ad-
dresses the multimodal alignment and data heterogeneity
in federated vision-language pre-training.

• We proposed a triple-embedding model selector designed
to enhance the representation of multimodal data. By in-
tegrating multi-level embeddings, diverse data represen-
tations could be better aligned and processed.

• To validate the effectiveness of our PMS-FM frame-
work, we conducted ablation studies and compared our
approach with different federated learning methods on
multiple datasets, demonstrating its superiority in vision-
language pre-training.

Related Works
Medical Vision Language Pre-training
In recent years, visual-language pre-training (VLP) has
shown immense potential in medical image analysis. By
leveraging supervision from radiology reports, VLP effec-
tively learns visual representations, thereby enhancing the
analysis and interpretation of complex image data. UnI-
CLAM (Liu, Zhan, and Wu 2021) adopted a unified dual-
stream pre-training structure with a gradually soft-parameter
sharing strategy, this method helps to align image-text rep-
resentations in the same space, enhancing the model’s abil-
ity to interpret and answer medical questions based on ra-
diology images. UniMedI (He et al. 2023) effectively in-
tegrated different modalities of medical images within a
common semantic space, significantly enhancing the perfor-
mance of downstream tasks by leveraging diagnostic reports
as a bridge. KoBo (Chen et al. 2023) successfully integrated
clinical knowledge into medical contrastive vision-language
pre-training, addressing semantic overlap and shifting chal-
lenges.IMITATE (Liu et al. 2023) addressed alignment
challenges in medical vision-language pre-training through
hierarchical alignment and clinical-informed contrastive
loss. KAD (Zhang et al. 2023c)introduced a knowledge-
enhanced vision-language pre-training approach, it first
trains a knowledge encoder based on a medical knowl-
edge graph, embedding definitions and relationships be-
tween medical concepts.

Compared to previous methods, our approach introduces
a personalized federated learning framework and enables
joint pre-training with medical data from different medical
institutes while ensuring privacy protection.

Personalized Federated Learning
Federated Learning(FL) is a decentralized machine learn-
ing approach where multiple clients collaboratively train a
shared model while keeping their data localized. The sem-
inal work (McMahan et al. 2017) introduced the concept
of FedAvg, which aggregates locally trained models into a
global model without direct data exchange.
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Unlike traditional FL approaches that assume that a sin-
gle global model can reflect the distilled knowledge from
all clients, personalization in FL addresses the heterogene-
ity of data and labels across clients. PFLM (Marfoq et al.
2022) presented a novel approach to personalized federated
learning that leverages local memorization to improve model
performance in heterogeneous data environments. Similarly,
FedPC (Silva, Tambwekar, and Gombolay 2022) addressed
this issue by incorporating both personal and context em-
beddings, termed “preference embeddings”, which allowed
models to personalize outputs effectively without backprop-
agation. Gpfl (Zhang et al. 2023a) proposed a federated
learning framework that achieves the dual goals of collab-
orative learning and personalization by incorporating both
global and personalized feature information.

Previous Personalized Federated Learning methods typi-
cally address single-modal data problems, such as datasets
containing only image data like CIFAR-10 (Krizhevsky,
Hinton et al. 2009) and MNIST (LeCun et al. 1998). To
tackle the challenge of multi-modal data alignment, we in-
troduce a triple-embedding model selector to fully leverage
multi-modal data to achieve personalized model selection.

Preliminaries
Medical Vision-Language Pre-training
Specifically for medical applications of Vision-Language
Pre-training (VLP), MedCLIP (Wang et al. 2022b) was in-
troduced to utilize unpaired image-text data from chest radi-
ology. MedCLIP incorporates a label extraction technique,
the ChexPert labeler, to assign unique labels to each image-
report pair. These labels are then used in contrastive learn-
ing to calculate similarity, allowing theoretically any mis-
matched image and text to be included in the training pro-
cess. We selected MedCLIP as the backbone network for
medical vision-language pretraining, as it can make the most
out of the limited images and reports in medical datasets, al-
lowing the pretraining model to be more comprehensively
trained.

MedCLIP consists of several key components: a knowl-
edge extraction module for constructing the semantic sim-
ilarity matrix, vision and text encoders for generating em-
beddings, and a semantic matching loss function for train-
ing the entire model. Initially, MedCLIP generates semantic
embeddings, denoted as eimg and etxt, where eimg repre-
sents the embeddings for all images in the training batch, and
etxt corresponds to the text embeddings. Rather than defin-
ing positive pairs by searching for equivalent embeddings,
MedCLIP introduces a new equation, Eq. (1), to capture the
medical semantic similarity.

s =
e⊤img · etxt

∥eimg∥ · ∥etxt∥
(1)

The semantic similarity is then integrated into contrastive
training, with the contrastive loss defined in Eq. (2). Specif-
ically, the i-th image is encoded into an image embedding
vi, and the j-th report into a text embedding tj . The func-
tion sim represents the cosine similarity between the two
vectors, and τ is the temperature parameter.

ŷij = − log

(
exp(sim(vi, tj)/τ)∑N
k=1 exp(sim(vi, tk)/τ)

)
(2)

Consequently the semantic matching loss is hence the
cross entropy between the logits and soft labels as

LMedCLIP = − 1

N

N∑
i=1

N∑
j=1

yij log ŷij (3)

SoftPull in Federated Learning
Traditional federated learning typically utilizes the FedAvg
algorithm, which trains a global model, denoted as wg , on
the server through a weighted averaging approach. Given
clients 1, 2, 3, . . . , k, with corresponding local models w1,
w2, w3, . . . , wk, the weighted aggregation formula used in
each iteration is defined by Eq. (4).

wg =
K∑

k=1

nk

N
wk (4)

In tackling the novel personalized federated learning op-
timization problem, the study (Xu et al. 2022) presents an
innovative technique termed SoftPull. The desired person-
alized optimum wp,k is an interpolation between the local
optimum of the client k and other clients’ personalized op-
tima. This technique streamlines the issue by replacing the
globally optimal local model w∗

k with the model trained lo-
cally in Eq. (5), with the parameter λ ranging from 0 to 1:

wp,k ← λwp,k + (1− λ)
1

K − 1

K∑
k′=1
k′ ̸=k

wp,k′ (5)

Method
PMS-FM Framework
As shown in Figure 2, our proposed personalized model se-
lector with fused multimodal information (PMS-FM) frame-
work can be divided into 5 steps. The training stage of Med-
ical VLP is involved in the first three steps while the infer-
ence stage includes step 4 and step 5.

Step 1 Initialization and Send: Following the standard
federated learning operation, the parameters are initialized
in the server. For our Medical VLP task, the global image en-
coder EI

g , global text encoder ET
g , global triple-embedding

model selector SMS
g , and global text fusion module MTF

g
are initialized in the server, and sent to the selected clients
for local training.

Step 2 Local Training: In client k, image pairs and re-
port pairs are used to train local image encoder EI

k and local
text encoder ET

k respectively, to obtain the local image em-
beddings ei and report embeddings er. Following Eq. (1),
Eq. (2) and Eq. (3), the loss of Medical Contrastive Learn-
ing LMedCLIP is calculated using image embeddings ei and
report embeddings er.

The image pairs, report pairs and the tokens (disease
labels) are processed through the local triple-embedding
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Figure 2: Pipeline of Triple-Embedding Personalized Federated Learning Framework. During the training phase, the server and
clients respectively train to obtain the global model and local models. Steps 1 to 3 represent the training process of personalized
federated learning, while Steps 4 to 5 illustrate the inference process for downstream tasks using a model selector.

model selector SMS
k (details are in the next subsection), to

obtain the predicted model index yc. The cross-entropy loss
LCS is calculated using predict model index yc and ground-
truth client index k. The loss function is as follows:

LCS = − 1

N

N∑
i=1

yi log(ŷi) + Lemb (6)

where Lemb is the embedding loss defined in Eq. 10.
During the local training, the local image encoder EI

k and
local text encoder ET

k are fully fine-tuned and the model
selector is partially fine-tuned.

Step 3 Aggregation and Resend: The updated local im-
age encoder, local text encoder, local model selector and lo-
cal text fusion module are sent back to the server. The global
parameters are updated using SoftPull resending strategy (
see Eq. (5)). These parameters are resent to the selected
clients in the next round. Step 2 and Step 3 are repeated for
T rounds.

Step 4 Client Selection: Before starting the inference,
the image, manually-designed template and the tokens

are passed through the aggregated global triple-embedding
model selector SMS

g to generate the confidence distribution
of different models dc.

If the element with highest confidence dc[t] is higher than
the predefined threshold πms, local modules (i.e. EI

k , ET
k ,

and MTF
k ) are selected from candidate pool. Otherwise,

global modules are selected for Step 5.
Step 5 Similarity Calculation: The image, template, and

tokens are processed through their respective encoders to ob-
tain image, template, and token embeddings. The text fusion
module then combines the template and token embeddings
into a fused text embedding.The final similarity score is cal-
culated using the image embedding ei and fused text em-
bedding ef . The similarity formula expressed as

CosSim =
ei · ef
∥ei∥∥ef∥

(7)

Triple-Embedding Model Selector
As depicted in Figure 3, the Triple-Embedding Model Selec-
tor has three inputs: image input, report input and token in-
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Figure 3: Overview of Triple-Embedding Model Selector.
Given both image input, report input and token input, the
model select can predict the model index, which is finally
used in step 4 in the inference phase.

put. Through frozen image encoder, frozen text encoder and
frozen language embedding, corresponding embeddings im-
age embedding ei, report embedding er, token embedding
et are extracted from these three inputs.

To obtain better textual representations, token embedding
et and the report embedding er passed through the text fu-
sion module MTF

k to generate the fusion embedding ef . As
shown in Figure 3, the text fusion module MTF

k is consist of
an Attention block and then a fully connected layer hϕ and
the Fusion Module.

In text fusion module MTF
k , the attention module is de-

fined as:

Attention(Q,K, V ) = softmax
(
QK⊤
√
dk

)
V (8)

Where the query Q , key K and value V are obtained by
projecting the et using their respective projection matrices.

To fully utilize the information represented by the two
embeddings, The fused text embedding ef after the fusion
module is defined as:

ef = λa · er + λb · ea (9)

where λa and λb are pre-defined parameters.er is the report
embedding and ea is the augmented token embedding after
attention block and fully connected layer hϕ.

In addition, to better map the token embedding and report
embedding in text fusion module, we proposed the embed-
ding loss Lemb defined as:

Lemb =
1

N

n∑
i=1

(
etarget − ea)

2 (10)

where etarget represents the fused text embedding ef and
ea represents augment token embedding.

Next, image embedding ei and fused text embedding ef
are the inputs of Cross-modal Feature Fusion Model. The
Cross-modal Feature Fusion Model is implemented in 2
ways: 1) MLP and 2) Cross Attention (see Eq. 8). In the
MLP method, we concatenate both the fused text embedding
ef and image embedding ei and pass through several fully
connected layers. In the cross-attention method, the query Q
is obtained by projecting the text features ef using a projec-
tion matrix, and the key K and value V are obtained by pro-
jecting the image embedding ei using their respective pro-
jection matrices.

Finally, the output features of the Cross-modal Feature
Fusion Model passed through the fully connected layer hπ
and a softmax layer to obtain the classification probabilities
of the selected model index.

Experiments
Dataset
CheXpert (Irvin et al. 2019) is a large dataset of chest X-
rays created by Stanford University, featuring 224,316 im-
ages from 65,240 patients. It includes labels for 14 common
thoracic diseases, which were automatically extracted from
radiology reports. The dataset is widely used for developing
and evaluating machine learning models in medical imaging.

MIMIC-CXR (Johnson et al. 2019) is a large publicly avail-
able dataset of chest X-rays and radiology reports. It in-
cludes over 377,000 images from more than 227,000 imag-
ing studies conducted on over 65,000 patients at the Beth
Israel Deaconess Medical Center. The dataset is valuable for
developing and evaluating machine learning models in med-
ical imaging and natural language processing, as it provides
both the images and corresponding free-text reports.
NIH Chest X-Ray (Wang et al. 2017) is comprised of
112,120 X-ray images with disease labels from 30,805
unique patients. To create these labels, the authors used Nat-
ural Language Processing to text-mine disease classifica-
tions from the associated radiological reports. The labels
are expected to be more than 0.9 accurate and suitable for
weakly-supervised learning.
CANDID-PTX (Feng et al. 2021) is a dataset of 19,237
anonymized adult chest X-rays from Dunedin Hospital, New
Zealand, collected between 2010 and 2020. The images,
in 1024 × 1024 pixel DICOM format, come with free-
text reports and were manually annotated for pneumothorax,
acute rib fractures, and chest tubes by RANZCR radiology
trainees and radiologists. Segmentation annotations are pro-
vided in run-length-encoded format, with metadata includ-
ing patient indices and acquisition dates to preserve tempo-
ral relationships.
The RSNA Pneumonia (Shih et al. 2019) contains over
30,000 chest X-rays, annotated by radiologists for pneumo-
nia, lung opacity, and other abnormalities. It includes bound-
ing boxes around areas of interest and was released for a
competition by the Radiological Society of North America
(RSNA) to advance machine learning in medical imaging.
COVIDx (Rahman et al. 2021) is a chest X-ray dataset de-
signed for developing AI models to detect COVID-19. It in-
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Method Backbone Chexpert MIMIC NIH Candid Mean
Centralized MedClip 0.630(0.022) 0.541(0.014) 0.572(0.033) 0.525(0.042) 0.567(0.028)
FedAvg (McMahan et al. 2017) MedClip 0.524(0.013) 0.525(0.045) 0.539(0.033) 0.491(0.042) 0.520(0.032)
FedProx (Li et al. 2020) MedClip 0.401(0.033) 0.408(0.045) 0.396(0.056) 0.279(0.043) 0.371(0.047)
FedMOON (Li, He, and Song 2021) MedClip 0.583(0.024) 0.506(0.038) 0.568(0.026) 0.505(0.051) 0.541(0.035)
FedSM (Xu et al. 2022) MedClip 0.596(0.015) 0.517(0.026) 0.541(0.028) 0.497(0.072) 0.538(0.036)
FedFed (Yang et al. 2024) MedClip 0.615(0.022) 0.520(0.032) 0.547(0.057) 0.502(0.043) 0.546(0.041)
PMS-FM (Our) MedClip 0.667(0.022) 0.532(0.037) 0.575(0.035) 0.512(0.033) 0.571(0.031)
FedAvg (McMahan et al. 2017) MGCA 0.602(0.031) 0.519(0.072) 0.535(0.052) 0.484(0.083) 0.535(0.061)
PMS-FM (Our) MGCA 0.658(0.051) 0.539(0.063) 0.569(0.032) 0.516(0.053) 0.570(0.049)

Table 1: Results of zero-shot image classification tasks on local datasets. We take an additional prompt ensemble version of
each method. We take the mean and standard deviation (STD) of accuracy (ACC) in different federated learning frameworks
across various datasets. Best scores across a dataset are in bold.

Method Backbone RSNA COVID Mean
Centralized MedClip 0.815(0.031) 0.821(0.054) 0.818(0.043)
FedAvg (McMahan et al. 2017) MedClip 0.805(0.051) 0.794(0.056) 0.800(0.054)
FedProx (Li et al. 2020) MedClip 0.642(0.064) 0.587(0.043) 0.615(0.054)
FedMOON (Li, He, and Song 2021) MedClip 0.812(0.046) 0.802(0.062) 0.807(0.054)
FedSM (Xu et al. 2022) MedClip 0.803(0.036) 0.805(0.037) 0.804(0.037)
FedFed (Yang et al. 2024) MedClip 0.807(0.061) 0.804(0.057) 0.806(0.059)
PMS-FM (Our) MedClip 0.822(0.033) 0.811(0.025) 0.817(0.029)
FedAvg (McMahan et al. 2017) MGCA 0.803(0.053) 0.813(0.024) 0.808(0.039)
PMS-FM (Our) MGCA 0.809(0.022) 0.820(0.051) 0.815(0.037)

Table 2: Results of zero-shot image classification tasks on external datasets.We take an additional prompt ensemble version of
each method. We take the mean and standard deviation (STD) of accuracy (ACC) in different federated learning frameworks
across various datasets. Best scores across a dataset are in bold.

Method C 1 C 2 C 3 C 4 Mean
Global Model 0.553 0.531 0.572 0.514 0.543
C 1 Local 0.685 0.514 0.564 0.484 0.562
C 2 Local 0.381 0.535 0.482 0.271 0.417
C 3 Local 0.578 0.525 0.569 0.392 0.516
C 4 Local 0.549 0.491 0.480 0.471 0.498
PMS-FM(Our) 0.645 0.545 0.586 0.542 0.579

Table 3: The results of the personalized models and the
global model on medical image classification are as follows:
“C k Local” refers to the personalized model trained on the
data of client k, while the “Global Model” represents the
model obtained through FedAvg. “C k” indicates the testing
on the dataset of client k.

cludes labeled images for COVID-19, viral pneumonia, and
normal cases, compiled from various sources to support re-
search in improving diagnostic accuracy.

Experimental Setup
We use MedCLIP(Wang et al. 2022b) as the backbone of our
model, with BioClinicalBERT (Lee et al. 2020) serving as
the text encoder and Swin Transformer as the image encoder.
Both encoders are based on the Transformer architecture.

We use the MIMIC-CXR (Johnson et al. 2019), CheX-

pert (Irvin et al. 2019), NIH Chest X-Ray (Wang et al. 2017),
and CANDID-PTX (Feng et al. 2021) datasets for pretrain-
ing. Since CheXpert and NIH Chest X-Ray datasets do not
include text reports, we address the lack of textual data by
employing methods such as label-based report retrieval and
medical LLM (Lee et al. 2023) report generation. We held
2000 samples out for evaluation from these datasets. All im-
ages are padded to a square shape and then scaled to 224 ×
224. To avoid excessively long medical reports, we enforce a
token length limit of 77. This helps eliminate unnecessary or
redundant semantics within the tokens, allowing us to better
align the embeddings of the text and images. We set up four
clients, each maintaining independent data. The sizes of the
training datasets are 223,415, 270,791, 47,209, and 16,564
image-text pairs, respectively. We use AdamW (Loshchilov
and Hutter 2017) as the optimizer with a weight decay of 1e-
4. The initial learning rate is set to 2e-5, and the model inter-
polation parameter λ is set to 0.65 following a cosine learn-
ing rate schedule. In the fusion model of the model selector,
we experimented with multiple sets of values for λa and λb

ranging from 0 to 1, ultimately selecting the set that pro-
duced the best results. The model is trained for 100 epochs
with a batch size of 48. The training was conducted on two
4060Ti GPUs, with a minimum required GPU memory of
16GB.
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Performance Comparison
Table 1 and Table 2 presents the performance of different
federated learning methods on zero-shot image classifica-
tion tasks across six datasets after pretraining with medical
vision-language models. To demonstrate the superiority of
our method, we compared it with various traditional fed-
erated learning methods such as FedProx (Li et al. 2020),
FedMoon (Li, He, and Song 2021), and FedSM (Xu et al.
2022). As shown in Table 1 and Table 2, our method gener-
ally achieves better results in zero-shot image classification
across different datasets.

To validate our approach’s generalization, we used multi-
modal backbones like MGCA (Wang et al. 2022a) and Fe-
dAvg as a baseline. Integrating our method improved VLP
models across all datasets by enabling personalized mod-
els tailored to specific datasets. Through model selection,
we addressed data heterogeneity, enhancing robustness and
generalization.

Table 3 presents the zero-shot performance of both
the global and personalized models across different client
datasets. Upon comparison, it is evident that the personal-
ized models achieve higher accuracy on local data for each
client. This indicates that the personalized models, trained
using model interpolation, are better suited to the local data
distribution, resulting in superior performance. While per-
sonalized models often underperform on non-local data, our
federated learning method outperforms the global model
across all datasets and even surpasses personalized models
in some cases. This is due to the multi-embeddings enhanc-
ing multimodal alignment and the model selector ensuring
optimal model choice.

Ablation Study

E T Fusion Strategy Mean
✓ SA 0.614

✓ SA 0.622
✓ ✓ CA 0.626
✓ MLP 0.608

✓ MLP 0.625
✓ ✓ MLP 0.635

Table 4: Ablation Study of cross-level text fusion module
in the inference stage. MLP, SA and CA denote Multilayer
Perceptron, Self-Attention and Cross-Attention. E and T re-
spectively represent whether enhanced embeddings are used
during the inference phase and in the model selector.

To evaluate the impact of different modules on the down-
stream task performance in Multimodal Personalized Feder-
ated Learning, we conducted ablation studies, as shown in
Table 4. In the table, E indicates whether enhanced embed-
ding is added during the inference phase, T denotes whether
the model selector incorporates the generated embedding
based on the token and Fusion Strategy refers to the strategy
employed by the model selector during multimodal fusion.
We tested the average accuracy of zero-shot medical im-
age classification across four datasets under different mod-

ule configurations. The experiments demonstrate that each
module contributes to some improvement in performance.
Notably, the combination of both the E and T modules under
the strategy Multilayer Perceptron (MLP) yielded the best
results for the task.

Embedding Fusion Accuracy
I P W MLP CA MS Mean
✓ 0.543 0.601
✓ ✓ ✓ 0.725 0.621
✓ ✓ ✓ 0.815 0.629
✓ ✓ ✓ ✓ 0.743 0.627
✓ ✓ ✓ ✓ 0.835 0.635

Table 5: Ablation Study on different embedding and fu-
sion methods on Triple-Embedding model selector. I, P
and W represent image-level vision embedding, paragraph-
level text embedding and word-level text embedding, re-
spectively. MS means the accuracy of the Triple-Embedding
model selector.

As shown in Table 5, we also conducted ablation experi-
ments to validate the capabilities of the model selector. To
demonstrate the necessity of multimodal fusion, we per-
formed experiments under both multimodal feature fusion
and single-modal settings. Additionally, to assess the im-
pact of the triple embedding on the model selector’s per-
formance, we included this variable in our tests. Overall, we
measured the accuracy of the model selector in choosing the
optimal model under different module conditions. I, P and W
represent the image-level vision embedding, paragraph-level
text embedding and word-level text embedding while MLP
and CA denote different fusion strategies. The results show
that the highest accuracy was achieved with triple embed-
ding and MLP multimodal fusion, while single-modal input
(Medical Image) was far less effective than multimodal in-
puts.

Conclusion
In this paper, we present a novel Multimodal Personal-
ized Federated Learning Framework designed to address the
challenges of data heterogeneity and multimodal alignment.
Our approach introduces a method for personalized fed-
erated learning specifically tailored for medical language-
vision pre-training models. By employing model interpola-
tion, we train local models on the client side and a global
model on the server side, which effectively mitigates client
drift when handling diverse data distributions. During the
zero-shot inference phase, we further enhance model selec-
tion by introducing a triple-embedding model selector. This
component identifies the most suitable local model based on
the input image and text. The model selector generates three
distinct types of embeddings, each tailored to different dis-
eases, and ensures multimodal data alignment by integrating
these embeddings through a multimodal fusion block. We
validated our framework through ablation studies and com-
parisons with other federated learning methods, showing its
superior generalization and accuracy.
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