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Abstract

Federated Learning (FL) in healthcare ensures patient privacy
by allowing hospitals to collaboratively train machine learn-
ing models while keeping sensitive medical data secure and
localized. Most existing research in FL has concentrated on
unimodal scenarios, where all healthcare institutes share the
same type of data. However, in real-world healthcare situa-
tions, some clients may have access to multiple types of data
pertaining to the same disease. Multimodal Federated Learn-
ing (MMFL) utilizes multiple modalities to build a more
powerful FL model than its unimodal counterpart. However,
the impact of missing modality in different clients, called
modality incongruity, has been greatly overlooked. This pa-
per, for the first time, analyses the impact of modality in-
congruity and reveals its connection with data heterogeneity
across participating clients. We particularly inspect whether
incongruent MMFL with unimodal and multimodal clients
is more beneficial than unimodal FL. Furthermore, we ex-
amine three potential routes of addressing this issue. Firstly,
we study the effectiveness of various self-attention mech-
anisms towards incongruity-agnostic information fusion in
MMFL. Secondly, we introduce a modality imputation net-
work (MIN) pre-trained in a multimodal client for modality
translation in unimodal clients and investigate its potential
towards mitigating the missing modality problem. Thirdly,
we introduce several client-level and server-level regulariza-
tion techniques including Modality-aware knowledge Distil-
lation (MAD) and Leave-one-out teacher (LOOT) towards
mitigating modality incongruity effects. Experiments are con-
ducted with Chest X-Ray and radiology reports under several
MMFL settings on two publicly available real-world datasets,
MIMIC-CXR and Open-I.

Introduction
Multimodal Learning (MML) (Xu, Zhu, and Clifton 2023;
Bayoudh et al. 2021) has recently emerged as a pivotal area
in machine learning research. Different modalities represent
diverse features that are sourced from diverse domains but
describe similar subjects, offering both shared and comple-
mentary information. The essence of MML lies in com-
bining predictive insights from these different modalities
to enhance model performance. Despite the effectiveness
of MML, many existing methods are constrained by their
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Figure 1: Problem overview. Only 1 out of 4 clients have
both modalities, i.e., CXR image and radiology report.

reliance on complete modalities, which is often scarce in
practice, particularly when dealing with numerous modal-
ities. Real-world multimodal data often presents inherent
challenges with missing or incomplete modalities posing
significant hurdles in the learning process (Aguilar et al.
2019; Ma et al. 2021; Jaques et al. 2017; Pham et al. 2019;
Parthasarathy and Sundaram 2020). The presence of missing
modalities within the multimodal datasets introduces com-
plexities that traditional models struggle to accommodate,
demanding specialized techniques to ensure effectiveness.

Typically, MML works focus on centralized training, re-
quiring collection and storage of multimodal data on a server
for training the models, leading to privacy concerns. The
drawbacks of centralized learning has inspired researchers
to develop and apply Federated Learning (FL) that enables
various clients to collaboratively train models without shar-
ing local data (Mammen 2021; Aledhari et al. 2020; Li et al.
2021; Zhu et al. 2021; Huang, Ye, and Du 2022; Wagner
et al. 2023; Hernandez-Cruz et al. 2024; Saha et al. 2024;
Wagner et al. 2024). Tackling modality incongruity is cru-
cial in realistic Multimodal Federated Learning (MMFL) as
presence of particular modalities across clients might vary,
leading to poor performance.

Most existing MMFL works (Xiong et al. 2022; Agb-
ley et al. 2021; Salehi et al. 2022; Qayyum et al. 2022;
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Nandi and Xhafa 2022; Chen and Li 2022; Wei 2021) as-
sume the presence of all modalities in each client. Despite
being a critical question, investigation on the impact of miss-
ing modality (Le et al. 2023; Zhao, Barnaghi, and Haddadi
2022; Chen and Zhang 2022; Yu et al. 2023) during train-
ing has been limited. Intuitively, multimodal models are ex-
pected to be more powerful than unimodal models. There-
fore, it follows that multimodal clients involved in FL should
have better performance than their unimodal versions ow-
ing to the availability of complementary information from
additional modalities. However, it is not evident how the
presence of both unimodal and multimodal clients impact
the performance of MMFL in practice. MML models are
assumed to be more robust to missing modalities owing to
possible redundancy between modalities. As a result, even
if some clients are missing modalities, the other modalities
should be able to compensate the loss. On the other hand,
multimodal integration has been observed to be vulnerable
to incomplete or missing modalities in centralized setting as
MML models possess larger input dimension than unimodal
models and the missing input dimensions may hamper the
model training. To summarise, the impact of clients missing
some modalities in MMFL is not well-known.

This is particularly crucial in low- and middle-income
countries (LMICs), where healthcare infrastructure often
faces significant challenges, including a shortage of med-
ical experts like radiologists. This shortage can lead to
gaps in the availability of comprehensive medical re-
ports, which are critical for accurate disease diagnosis.
Many healthcare facilities in these regions may have ac-
cess to imaging equipment but lack the expertise to interpret
these images and provide detailed reports. This creates a cru-
cial need for solutions that can enhance diagnostic capabil-
ities despite these limitations. MMFL with missing modal-
ity tackling scheme presents a promising research avenue
to address this challenge. Approaches for handling missing
modalities in FL can enable healthcare facilities in LMICs
to benefit from collaborative model training with institutions
that have access to more comprehensive datasets, including
both images and reports.

Through this work, we attempt to address the incongruent
MMFL issues and answer: Does an incongruent MMFL
system benefit over unified FL by leveraging the extra
modality present in multimodal clients? Another related
question is: Does the modality incongruity vary based on
client heterogeneity? These questions are particularly cru-
cial as addressing these questions can potentially help set up
a practically beneficial MMFL system among clients in real-
world healthcare scenarios. We strongly believe that this pa-
per will facilitate decision making and provide easy, feasible
solutions to alleviate the impact of modality incongruity.

In this paper, we attempt to address these critical ques-
tions related to the absence of text modality in incongru-
ent MMFL settings. However, we are aware that the inves-
tigation is task-specific and model architecture-sensitive. In
other words, varying MMFL settings, target tasks, modali-
ties, model architectures etc., can bias the results due to the
presence of multiple variables influencing the learning out-
come. Notably, there are many multimodal tasks and innu-

merable existing model architectures that could be explored
in this context. However, the objective of this work is to pri-
marily reveal different insightful aspects of MMFL by vary-
ing the presence of the primary modality in clients (text) in-
stead of varying model architectures or proving its generaliz-
ability across a large number of MML tasks. In this work, we
particularly choose a real-world multimodal problem using
Medical Vision and Text (Report) modalities. We address a
long-tailed multi-label disease classification problem (with
14 categories) from Chest X-Ray images and radiology re-
ports. In this setting, some clients possess both images and
radiology reports whereas the others possess only images as
shown in Fig. 1. Our primary contributions are:

1. To the best of our knowledge, this is the first work that in-
vestigates modality incongruity effects in heterogeneous
MMFL. We empirically determine the conditions under
which an incongruent MMFL system performs worse
than the corresponding unimodal FL system in the con-
text of non-IID data distribution. This reveals important
considerations of designing a practical MMFL system
with mixed unimodal and multimodal clients and sug-
gests plausible modifications to improve performance.

2. We first demonstrate how the variation of self-attention
masks in the multimodal client(s) vary the effectiveness
of information fusion in incongruent MMFL system.

3. We transform the incongruent MMFL problem to
pseudo-congruent MMFL by introducing a Modality
Imputation Network (MIN) in unimodal clients and
demonstrate its performance across varied MMFL set-
tings as a direct way of mitigating modality incongruity.

4. We introduce regularization schemes in unimodal and
multimodal clients to achieve a client-invariant repre-
sentation despite modality incongruity that includes the
incorporation of proximal loss (FedMultiProx), con-
trastive loss (MultiMOON), and modality-aware knowl-
edge distillation loss (MAD).

5. We also demonstrate the potential of leveraging unla-
beled data (both unimodal and multimodal) on the server
to mitigate the modality incongruity issues. For this, we
first leverage ensemble distillation (FedDF (Lin et al.
2020)) and then propose a novel client model fine-tuning
strategy called Leave-one-out teacher (LOOT).

Preliminaries and Problem Setup
Problem Formulation: We consider a multilabel clas-
sification task within MMFL setting with q multimodal
and n unimodal clients denoted as {K1,K2, ...,Kq} and
{Kq+1,Kq+2, ...,Kq+n} respectively. A sample datapoint
in the dataset Dm for a multimodal client Km along with
its label(s) is denoted as {(Xm

i , Y m)}Nm
i=1,m = 1, 2, ..., q,

where Nm denotes the number of modalities in Dm.
The dataset Du for a unimodal client Ku is denoted as
{(Xu, Y u)}, u = q + 1, ..., q + n. In this work, we only
consider two modalities (m = 2) for multimodal clients
(i.e., image and text) whereas only image for unimodal
clients. Our goal is to minimize the following loss: L(w) =
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∑q
m=1 E{(Xm

i ,Y m)}Nm
i=1 )∼Dm

[
Lm(w; {(Xm

i , Y m)}Nm
i=1)

]
+∑n

u=1 E{(Xu,Y u)}∼Du [Lu(w; (X
u, Y u))]

Datasets: We utilized the MIMIC-CXR (Johnson et al.
2019) and NIH Open-I (Demner-Fushman et al. 2016)
datasets. Although both MIMIC-CXR and Open-I consist
of chest X-ray images and report pairs, the two datasets
have different characteristics since they were collected from
separate institutions and the diagnostic information repre-
sented by the two X-ray image sets are differently dis-
tributed (See Fig. 6 and 7 of Appendix A). The MIMIC-
CXR dataset comprises 377,110 Chest X-ray images along
with their corresponding free-text reports. Our experiments
were conducted exclusively on 91,685 unique frontal view
image-report pairs. These were divided according to the of-
ficial MIMIC-CXR split (89,395 for training, 759 for val-
idation, and 1,531 for testing). The other dataset, Open-I,
includes 3,851 reports and 7,466 Chest X-ray images out of
which 3,547 frontal view image-report pairs have been used.
There are 14 disease classes in the datasets, viz., Support De-
vice, Pleural Effusion, Consolidation, Pneumothorax, Lung
Opacity, Enlarged Cardiomediastinum, Atelectasis, Others,
Cardiomegaly, Lung lesion, Edema, Fracture, Pneumonia,
Pleural other and No finding. A mild imbalance was ob-
served in MIMIC-CXR where the class ratios ranged from
13.39% (support devices) to 1.2% (pneumonia, and pleural
other). A severe imbalance was observed in Open-I with the
maximum class ratios of 28.8% (Others, and cardiomegaly)
and the minimum of 1.07% (support devices).
FL settings: We investigate the modality incongruity effects
in both IID and non-IID settings. Following previous works
(Chen and Chao 2020; Xiong et al. 2023; Saha, Mishra, and
Noble 2023; Acar et al. 2021; Li, He, and Song 2021; Xiong
et al. 2023), we use Dirichlet distributions with γ = 100 for
simulating IID client data partition and γ = 0.1, 0.5 for non-
IID partition. We evaluate the model performances primar-
ily with 4 clients under fully multimodal and unimodal set-
tings. We confine our study to only 4 clients as in most cases
this depicts a realistic number of collaborating institutions in
healthcare. Besides, it is a deliberate methodological choice.
Limiting the study to 4 clients allows for a more controlled
analysis. With a higher number of clients, the complexity
increases, potentially diluting the clarity and specificity of
insights into the individual contributions and interactions of
multimodal and unimodal clients. This focused approach en-
sures a more precise and meaningful understanding of the
dynamics at play in such FL environments. For analyzing
modality incongruent MMFL, we vary the ratio of multi-
modal and unimodal clients as 1:3 and 3:1.
Multimodal Learning settings and notations: For a given
Chest X-Ray v, we denote the flattened visual feature from
the last CNN layer as v = {v1, v2, ..., vK} and location
feature as l = {l1, l2, ..., lK} where K denotes the num-
ber of visual features. The final visual embedding is ṽi =
vi + li + sV where sV is a semantic embedding vector
for visual features. These features are projected into the
final embedding space with same dimension as language
embedding space via a fully connected layer. For the cor-
responding report, the text embedding is denoted as w =

Data Open-I MIMIC CXR Open-I MIMIC CXR
Partition AUC F1 AUC F1 AUC F1 AUC F1

M:U = 3:1 M:U = 1:3
IID 77.64 29.35 96.43 81.90 67.61 20.43 94.51 80.85
γ= 0.5 74.27 26.60 87.92 77.28 67.33 20.36 80.01 72.75
γ= 0.1 58.56 25.38 76.84 69.67 53.69 22.38 70.14 66.86

Fully multimodal (M:U = 4:0) Fully unimodal (M:U = 0:4)
IID 93.01 46.54 98.00 84.63 66.85 19.76 94.05 80.70
γ= 0.5 88.79 39.84 96.89 83.37 76.12 29.77 92.26 79.85
γ= 0.1 84.37 42.12 96.10 82.55 75.18 36.75 91.12 78.80

Table 1: MMFL Performance with varying degree of hetero-
geneity. M and U denotes multimodal and unimodal clients.

{w1, w2, ..., wN} and the corresponding positional embed-
ding as p = {p1, p2, ..., pN}. The final language features are
expressed as w̃ = wi+pi+sL, where sL is semantic embed-
ding vector for language features. The visual and language
embeddings are concatenated to form joint embedding for
feeding into the multimodal transformer in multimodal
clients as J̃ = {S, v1, v2, ..., vK , ¯SEP,w1, w2, ..., wN , E}
where the embedding length Lemb = N + K + 3. Here,
we obtain the start, separation and end tokens S, ¯SEP,E
by adding the special tokens with corresponding position
and semantic embedding. For unimodal clients, we apply
padding for the missing text embeddings. We learn uni-
fied, contextualized representation of CXR and reports us-
ing single BERT-based transformer encoder model (Kenton
and Toutanova 2019; Moon et al. 2022) and attach 14 linear
heads to the transformer to address the 14-class multilabel
classification model. More details are in Appendix B.

Modality Incongruity in MMFL
In this section, we first ask the following question:
Question: Is incongruent MMFL more beneficial than uni-
modal FL (primarily in healthcare scenario)?
For this, we start by defining how modality incongruity can
be quantified in MMFL. We particularly explore three differ-
ent settings: (a) a fully multimodal setting where all clients
have multimodal data - both Chest X-Ray (CXR) images
and radiology reports, (b) a fully unimodal setting where all
clients have unimodal data, i.e., only CXR, and (c) a mixed
unimodal-multimodal setting where some clients have both
CXR and reports while others only possess CXR. We fur-
ther vary the last setting by varying the proportion of uni-
modal and multimodal clients. We evaluate modality incon-
gruity by comparing model performance in each setting. The
higher the performance difference between (a) and (c), the
more the modality incongruity effects. If (c) performs poorer
than (b), we consider it severely modality incongruent.
Observation: We empirically conclude that incongruent
MMFL outperforms its unimodal version only under homo-
geneous setting, i.e., IID data partition. The unimodal FL
performance surpasses that of incongruent MMFL for both
multimodal client proportions under heterogeneous or non-
IID data distribution across clients.

First, we empirically validate that the model performance
of (b) improves over (a) under homogeneous setting with
Dirichlet coefficient γ = 100 in Table 1. As observed, when
3 (or 1) out of 4 clients are multimodal clients in IID set-
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Figure 2: Four self-attention schemes used: (a) Isolated (b)
Causal (c) Partially Bidirectional (d) Bidirectional.

tings, the model AUC drops respectively by 15.37 and 1.57
(or 25.40 and 3.49) below fully multimodal FL settings in
Open-I and MIMIC respectively. However, the model per-
formance is better than unimodal FL performance in all the
above cases. However, we observe that under non-IID parti-
tioning with Dirichlet coefficient γ = 0.1, 0.5, the MMFL
performance severely deteriorates and is even worse than the
unimodal settings for both the datasets. For γ = 0.1, when
only 3 (or 1) out of 4 clients possess both CXR and report,
AUC drops respectively by 16.62 and 14.28 (or 21.49 and
20.98) below fully unimodal settings in Open-I and MIMIC
respectively. This indicates that the presence of unimodal
clients adversely impacts the multimodal ones in mixed, het-
erogeneous MMFL which results in sub-optimal utilization
of the reports even where they are available. It is observed
that the impact of modality incongruity increases with in-
crease in heterogeneity. Besides, even though the model
performance decreases with decreasing proportion of multi-
modal clients, the degradation is relatively low. The replace-
ment of first multimodal client by unimodal client decreases
the performance by 25.81 and 19.26, whereas the replace-
ment of two more clients only drops the performance by an-
other 4.87 and 6.70 in Open-I and MIMIC respectively.

To address this issue, we propose and evaluate 3 different
solution pathways in the next 3 sections.

Method 1: Variation of Self-attention Masks
In this section, we investigate 4 self-attention mechanisms
(Moon et al. 2022) to facilitate the model’s learning of multi-
modal representation that is more robust to the adverse in-
fluence of unimodal clients in incongruent MMFL. Each of
these masks offers a unique way of handling the interactions
between image and text modalities, which is crucial in our
study of modality incongruity in MMFL. By experimenting
with these different masks, we gain insights into how differ-
ent levels and types of modality integration impact the learn-
ing process, especially in the presence of unimodal clients.

The self-attention mask M ∈ RLemb×Lemb is denoted as:

Mjk =

{
0, ( attention allowed )
−∞, ( attention not allowed )

j, k = 1, . . . , Lemb.

(1)
In the self attention module, each attention head can
be represented as: Attention = softmax(SA +

M)V, SA = QKT

√
dk

where Q,K, V, dk respec-
tively indicates queries, keys, values and dimension
of keys. Based on modality type, self attention ma-
trix (SA) can be expressed in terms of four subparts:
SAq,k = SASq :SEPq,Sk:SEPk

+ SASq :SEPq,W1k:ELk
+

γ = 0.5 γ = 0.1
Self Open-I MIMIC CXR Open-I MIMIC CXR
Attention AUC F1 AUC F1 score AUC F1 score AUC F1

M:U = 1:3
Isolated 67.33 20.36 80.01 72.75 53.69 22.38 70.14 66.86
Causal 68.11 25.55 82.89 73.85 54.05 22.09 72.50 67.91
parBi 70.71 25.77 84.75 76.50 54.46 22.66 75.36 68.60
Bi 70.79 25.77 85.66 77.07 57.55 19.75 76.09 68.63

M:U = 3:1
Isolated 74.27 26.60 87.92 77.28 58.56 25.38 76.84 69.67
Causal 74.48 26.97 88.89 78.32 58.86 28.06 78.73 71.08
parBi 75.38 27.77 90.05 79.88 59.43 26.30 80.10 72.75
Bi 76.76 30.99 90.20 80.76 61.84 26.11 81.13 72.42

Table 2: Performance with varying self-attention schemes

SAW1q :SEPq,Sk:SEPk
+ SAW1q :Eq,W1k:Ek

. Below we
discuss four types of self-attention and justification behind
their usage in the work. For more details, see Appendix C.
(i) Isolated Self-Attention: It restricts the interaction be-
tween image and text modalities in multimodal clients. This
is particularly important in our context, where some clients
only have one modality (CXR), and we need to understand
how much each modality can contribute on its own.
(ii) Causal Self-Attention: It introduces a controlled inter-
action between the modalities by allowing language features
to attend to both preceding words and visual features, but
prevents visual features from attending to language features.
This is especially relevant in our case as this restricts the
image embeddings to attend to the text which is missing in
some clients while allowing the text to be guided by image.
(iii) Bidirectional Self-Attention: By allowing unrestricted
interaction between the image and text modalities, the bidi-
rectional mask facilitates comprehensive context learning.
This is essential for exploring the full potential of multi-
modal learning, especially in cases where the integration of
modalities can lead to a more holistic understanding than ei-
ther modality alone.
(iii) Partially Bidirectional Self-Attention: This aims to
combine the benefits of both bidirectional and causal masks.
It allows for the integration of image features with language
features (like the bidirectional mask) while preserving the
causal nature of language (like the causal mask).

Performance analysis: The performance of various self-
attention schemes in MMFL is summarized in Table 2. As
shown in the table, all the other masks improve the per-
formance over isolated masks. Overall, Bidirectional self-
attention mask shows the best performance and outperforms
the isolated mask by around 3.27% and 4.54% for Open-I
and MIMIC respectively in terms of AUC score. The im-
provement is relatively higher with higher heterogeneity
in data partition and for lesser proportion of multimodal
clients. However, while variation of self-attention masks
show slight improvement in performance, it fails to enable
MMFL to surpass the corresponding unimodal performance.
This demonstrates that varying self-attention masks can only
act as an assisting agent to boost the MMFL performance but
not as a stand-alone factor towards achieving better perfor-
mance than unimodal FL in heterogeneous settings.
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Figure 3: Modality Imputation Network (MIN)

Method 2: Incongruent to Pseudo-congruent
Modality Imputation Network: We convert the incongru-
ent MMFL setting to pseudo-congruent MMFL by introduc-
ing a Modality Imputation Network (MIN) to generate ra-
diology reports based on CXR in the unimodal clients as
shown in Fig. 3. This imputation is performed prior to the
start of FL procedure and does not add any computational
overhead. For this, we first utilize VQ-GAN as the image
tokenizer, which is composed of an encoder, a decoder, and
a learnable codebook of fixed size. The encoder first trans-
forms the CXR image x ∈ RH×W×3 into a continuous
feature space z ∈ Rh×w×dz . Consequently, it is quantized
into a series of discrete tokens {v1, v2, ..., vh×w} by identi-
fying the nearest code embedding in the codebook through
nearest neighbor search. The decoder reconstructs the orig-
inal input from these discrete codes. This approach enables
the model to develop a concise and discrete representation
of the images. Next, we split each report in the multimodal
client into individual word tokens using a byte-level BPE to-
kenizer, and encase these tokens with specific markers. The
ultimate embeddings for the report are derived by combin-
ing the word embeddings with a sinusoidal positional em-
beddings as shown in Fig. 3.

We introduce a BERT-based cross-modal Transformer ar-
chitecture (Kenton and Toutanova 2019; Lee et al. 2023) and
train our model with a causal attention mask in the mul-
timodal client which allows the model to learn about the
radiological report in a sequence, conditioned on the CXR
images. In order to efficiently manage long-range sequences
under limited computational resources, we employ an effi-

Data Open-I MIMIC CXR
Partition BLEU-4 BLEU-4

C1 (T) C2 C3 C4 C1 (T) C2 C3 C4
γ= 0.5 0.051 0.048 0.046 0.046 0.067 0.064 0.061 0.061
γ= 0.1 0.048 0.043 0.040 0.041 0.061 0.052 0.054 0.054

AUC Recall Prec F1 AUC Recall Prec F1
M:U = 1:3

γ= 0.5 78.42 28.74 54.19 37.56 92.86 78.16 83.33 81.23
γ= 0.1 76.78 46.26 30.94 37.08 92.08 82.96 78.64 80.74

M:U = 3:1
γ= 0.5 81.24 86.68 29.49 44.01 93.45 82.31 84.74 83.68
γ= 0.1 79.61 32.48 50.00 38.67 93.36 74.25 90.09 81.30

Table 3: MMFL Performance with MIN

cient attention mechanism called Performer (Choromanski
et al. 2020). During training in a multimodal client, we con-
catenate CXR and report embeddings from the same sub-
ject as depicted in Fig. 3 and feed it into the model. The
problem is considered to be a sequence generation task and
model is trained to minimize the negative log-likelihood of
predicting the next token based on the preceding tokens.
The loss function is: L =

∑n
i=1 − logP (wi | w0:i−1) +∑m

i=1 − logP (vi | w, v0:i−1) where n = text sequence
length + 2 and m = h×w+2 as w0, wn, v0, vm are special
tokens. See Appendix B for more details. After the training
procedure is completed, we freeze the pre-trained model and
use it for generating reports in unimodal clients.

Performance analysis: Table 3 shows the report gener-
ation performance of MIN across all clients in terms of
BLEU-4 score. As the model is trained on Client 1 (C1),
we first validate its performance on the test set of the same
client (C1(T)). For the other clients (C2-C4), we test the re-
port generation performance on all local data samples. The
mean BLEU-4 scores for Open-I (MIMIC) with γ = 0.1 and
γ = 0.5 are 0.043 (0.055) and 0.048 (0.063) respectively. It
is also observed from Table 3 that MIN enables the incon-
gruent MMFL system to be more beneficial than unimodal
FL in almost all cases. Eg: For downstream classification
task with γ = 0.1, incongruent MMFL with 1 and 3 mul-
timodal clients surpass the respective unimodal FL AUC by
1.6 and 4.43 for Open-I and by 0.96 and 2.24 for MIMIC.

Method 3: Towards Modality-invariance
The heterogeneous data distribution and modality incon-
gruity lead to distributional modality gaps between the uni-
modal and multimodal clients thereby posing significant
challenges. In this section, we aim to learn modality- and
client-invariant representations to aid the information fusion
process by bridging the gap between clients. In FL context,
this can be achieved either from the client side by constrain-
ing the clients or from the server side by leveraging some
unlabeled publicly available dataset to learn generalizable
representation despite modality shift as discussed below:

Client-level solutions
Overall, we consider three primary ways of constraining or
regularizing the clients to learn modality-invariant represen-
tations. In each of the following techniques, we improve
upon the naive unimodal FL strategy by incorporating prior
knowledge regarding the presence of particular modalities in
different clients as shown in Fig.4.
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Figure 4: Client-level solutions in 3-client FL - one multimodal client (M ) and two unimodal clients (U1 and U2). (a) shows the
model-based regularization technique of FedProx (in blue) and FedMultiProx (in red). The global model G is replaced by Gu in
multimodal clients and M in unimodal clients. (b) shows the representation-based regularization technique of MOON (in blue)
and MultiMOON (in red). (c) shows the Modality-aware Knowledge Distillation technique (MAD) and MAD+. M∗, U∗

1 , U
∗
2

represent pre-trained models, i.e., the first teacher model T1. G denotes the second teacher T2 in all clients for MAD. For MAD+,
Gu denotes the second teacher model in the multimodal client and M denotes the second teacher model in the unimodal clients.

γ = 0.5 γ = 0.1
Methods Open-I MIMIC CXR Open-I MIMIC CXR Open-I MIMIC CXR Open-I MIMIC CXR
Methods AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1 AUC F1

M:U = 1:3 M:U = 3:1 M:U = 1:3 M:U = 3:1
FedAvg 67.33 20.36 80.01 72.75 74.27 26.60 87.92 77.28 53.69 22.38 70.14 66.86 58.56 25.38 76.84 69.67

Client-level solutions
FedProx 69.26 24.40 83.44 73.28 74.90 27.88 88.67 80.16 56.37 23.85 71.08 69.15 60.20 24.73 76.96 71.32
FedMultiProx 70.92 24.91 85.67 75.06 76.24 28.05 90.03 79.48 58.12 24.51 72.34 68.26 62.27 28.91 78.20 71.68
MOON 68.29 22.45 82.00 73.98 74.75 28.82 85.73 75.24 55.64 24.04 74.05 70.88 60.48 25.05 77.54 73.27
MultiMOON 70.38 24.73 83.98 72.41 76.02 29.64 88.98 77.05 57.92 25.59 76.69 70.61 61.96 29.38 80.18 74.47
MAD 73.82 26.95 84.69 75.20 78.28 29.36 89.90 76.87 60.77 26.80 77.23 72.20 64.70 28.84 81.87 74.43
MAD+ 74.39 26.74 86.92 78.65 79.05 29.96 91.34 80.23 61.80 27.49 80.83 73.18 66.62 29.18 84.43 75.02

Server-level solutions (utilizing additional data)
FedDF (I) 74.03 29.36 84.88 74.82 78.29 32.03 88.20 78.90 61.28 27.84 77.18 70.58 65.46 28.74 82.06 73.85
FedDF (T) 71.49 26.00 82.09 72.49 77.80 30.65 85.81 77.01 59.49 26.77 73.65 71.24 63.04 27.99 80.43 74.89
FedDF (I+T) 76.72 33.94 85.13 75.45 80.22 35.18 90.82 79.90 63.93 29.80 80.01 74.16 68.10 30.30 86.50 76.78
LOOT (I) 75.06 34.98 86.85 78.19 79.94 33.74 90.33 81.28 62.49 28.02 82.22 74.54 66.02 28.85 86.08 75.47
LOOT (T) 73.84 27.43 83.10 71.36 78.55 31.67 89.39 79.88 60.36 27.88 78.10 71.93 65.38 28.33 83.14 74.30
LOOT (I+T) 79.36 38.73 89.97 77.85 83.75 40.30 92.47 83.34 65.25 29.32 84.29 75.17 70.94 30.65 89.60 77.09

Table 4: MMFL Performance with client- and server-level solutions. T and I indicate the presence of Text and Image respectively

Model parameter-based regularization: This approach
incorporates a regularization term to effectively mitigate the
influence of varying local updates, as in FedProx (Li et al.
2020). Motivated by this, we introduce FedMultiProx in
this work to reduce the model diversity among unimodal and
multimodal clients originating from the variation of infor-
mation content from client to client. Rather than constrain-
ing each client model to be more aligned with the global
model, we specifically regularize the models in unimodal
client groups to match the averaged model from multimodal
client group and vice versa. This forces the model to focus
particularly on modality incongruity effects by penalizing
large deviations between the unimodal and multimodal
client(s), thereby effectively keeping the local updates in
these client groups closer to each other. Accordingly, the op-
timization objective in mth multimodal client is denoted as
minθm

t
E{(Xm

i ,Y m)}Nm
i=1∼Dm [Lm

CE(θ
m
t ; {(Xm

i , Y m)}Nm
i=1)+

λ
∥∥θmt − 1

n

∑n
u=1 θ

u
t−1

∥∥2], where θ denotes network
parameter. The objective in uth unimodal client can be de-
noted as minθu

t
E{(Xu

1 ,Y u)})∼Du [Lu
CE(θ

u
t ; {(Xu

1 , Y
u)}) +

λ
∥∥∥θut − 1

q

∑q
m=1 θ

m
t−1

∥∥∥2]. λ is a tuning hyperparameter.

Representation-based regularization: Another way
of ensuring that the local updates are closely aligned

with the representations learned by the global model is
applying contrastive learning at the representation level
or embedding space, thereby comparing and contrasting
the feature representations derived from different models
as in MOON (Li, He, and Song 2021). Since the global
model is expected to yield modality heterogeneity-agnostic
representations, the objective is to minimize the disparity
between the client representation (zkt ) and global repre-
sentation (zGt−1), while simultaneously maximizing the
disparity between the client representation at current step
(zkt ) and previous step (zkt−1). In this work, we propose
MultiMOON by replacing the global model of MOON
by averaged multimodal client model in unimodal client
group and averaged unimodal client model in multimodal
client group. For this, we individually replace zGt−1 by
zMt−1 for unimodal clients and by zUt−1 for multimodal
clients that enforces a stronger constraint that essentially
bridges the modality heterogeneity gap between unimodal
and multimodal clients. Eg: The loss in a unimodal client
can be denoted as: Lk

con(θ
k
t ; θ

k
t−1; θ

G
t−1; {Xk

i }
Nk
i=1) =

− log
exp(sim(zk

t ,z
M
t−1)/τ)

exp(sim(zk
t ,z

M
t−1)/τ)+exp(sim(zk,zk

t−1)/τ)
where

sim(·, ·) and τ denote cosine similarity function and
temperature parameter respectively.
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Consistency regularization: The inter-client modality gap
can also be addressed by applying consistency regularization
at the logit level via knowledge distillation. To this end, we
propose Modality-Aware knowledge Distillation (MAD)
exploiting the global and local knowledge. We introduce a
dual teacher model with the global model as one teacher and
a frozen local model pre-trained solely on the local client
data (unimodal or multimodal) as the other. The student net-
work is trained via guidance from the logit outputs of both
the teacher models, thereby indirectly reducing the gap be-
tween unimodal and multimodal feature representations in
a given client. For this, we minimize the KL divergence
of the student logits with respect to the logits of both the

teacher models denoted as Lk
MAD = σ

(
zkpre

)
log

σ(zk
pre)

σ(zk
t )

+

σ
(
zGt−1

)
log

σ(zG
t−1)

σ(zk
t )

where zpre denotes the locally pre-

trained model embedding and σ denotes softmax function.
Next, following our previous modifications, we propose a
variant of MAD, which we term MAD+, by replacing the
global model with averaged multimodal (or unimodal) client
model for unimodal (or multimodal) client groups. Employ-
ing knowledge distillation under this setting forces the train-
ing to focus on effective balancing of distilled knowledge
between unimodal and multimodal clients thereby achieving
better modality invariance. The loss function is: Lk

MAD+ =

σ
(
zkpre

)
log

σ(zk
pre)

σ(zk
t )

+ I{k = u}
[
σ
(
zMt−1

)
log

σ(zM
t−1)

σ(zk
t )

]
+

I{k = m}
[
σ
(
zUt−1

)
log

σ(zU
t−1)

σ(zk
t )

]
. I is indicator function.

Server-level solutions
We investigate whether the presence of some unlabeled data
on server can help us to reduce the modality gap between
unimodal and multimodal client models. For this, we partic-
ularly consider three different modality settings (only CXR,
only report, and both modalities) each for two datasets - with
and without domain gap with respect to the client data in the
server. For the latter, we utilize a subset of the same source
dataset (Open-I or MIMIC) as the clients that is not a part
of client data. For the server dataset with domain gap, we
utilize a different CXR dataset (See Appendix D).

Ensemble Distillation: We first leverage FedDF (Lin
et al. 2020) that uses ensemble distillation to train a single
student model via guidance from multiple teacher models
where each teacher represents the updated local model from
each client. The distillation is done using KL divergence by
constraining the student model to yield the same output log-
its as the average logits from the teacher models.

Leave-one-out Teacher: We propose a Leave-one-out
teacher (LOOT) model to finetune each client model in the
server by enforcing constraints in the feature representation
space targeted towards matching the embeddings of other
client models. To this end, we define a mean cosine similar-
ity matrix across all models in a mini-batch based on the em-
beddings and finetune a given client model (student model)
by maximizing the similarity of its mean embeddings with

Figure 5: Server-level solutions - LOOT vs FedDF

respect to that of the other client models (teacher models).
For given K models coming from local updates in K clients,
we leave one model (which is used as student model) and
use K − 1 other models as teacher model to bridge the gap
between the models. This is performed for all the K client
models.

Performance analysis
As shown in Table 4, FL algorithms like FedProx, MOON,
and FedDF perform slightly better than FedAvg in dealing
with modality heterogeneity. The proposed multimodal ex-
tensions, enforcing a stronger constraint, further improve the
accuracy in each case. MAD+ consistently outperforms the
other client-based methods as it leverages a locally-expert
teacher model pre-trained on its own client to provide ad-
ditional supervision on the unimodal task. The server-based
models utilizing both image and text of the additional unla-
beled data in the server performs better than others. LOOT
(T+I) consistently performs better than all other methods as
it fine-tunes each client model by trying to match the em-
beddings of other client models. It is particularly effective
as it enforces the unimodal clients to produce multimodal-
like embeddings that reduces the modality incongruity ef-
fects. Another interesting observation is that LOOT is the
only model capable of surpassing the unimodal FL perfor-
mance for both M:U=3:1 and 1:3 for γ = 0.5. However, for
γ = 0.1, while LOOT still achieves the best performance, it
cannot outperform the corresponding unimodal FL.

Conclusion
This paper investigates the issue of modality incongruity
in MMFL in the context of multilabel disease classification
from CXR and radiology reports. Our investigation is based
on better utilization of existing techniques from FL litera-
ture, adaptation of known methods from other areas as well
as introduction of novel yet intuitive MMFL methods. Our
comprehensive evaluation demonstrates that modality im-
putation is the most effective method for tackling modality
heterogeneity, closely followed by server-level finetuning of
the client models leveraging unlabeled data on server (See
Appendix D and E). Our work achieves a remarkable ad-
vancement in the area of multimodal learning with missing
modality. It addresses the pressing challenges of the scarcity
of skilled health professionals in rural regions, highlighting
the potential to improve healthcare outcomes globally.
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