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Abstract—Federated Learning has emerged as a decentralized
method for training machine learning models using distributed
data sources. It ensures privacy by allowing clients to col-
laboratively learn a shared global model while keeping their
data stored locally. However, a significant challenge arises when
dealing with missing modalities in clients’ datasets, where certain
features or modalities are unavailable or incomplete, leading to
heterogeneous data distribution. Previous studies have addressed
this issue, but they fall short in addressing generalizability across
diverse, unobserved individuals. This study introduces MIFL, a
novel framework for handling modality-missing clients in Mul-
timodal Federated Learning. MIFL utilizes a unique approach,
optimizing a client’s local model with existing modalities while
incorporating absent modalities from clients. Aggregation of these
models is performed through a graph-based attentive aggregation
method, maintaining generalized characteristics by updating a
global model averaged across clients. Our experimental results
demonstrate the effectiveness of MIFL across various client con-
figurations with statistical heterogeneity, showcasing its potential
for addressing the challenge of missing modalities in Federated
Learning.

Index Terms—Federated learning, multimodal
modality missing, graph-based attentive aggregation

learning,

I. INTRODUCTION

Multimodal learning, a novel machine learning paradigm,
has surfaced as a promising approach for decision-making
using diverse input modalities. Unlike traditional methods that
rely on a specific modality (such as image, sound, or text),
multimodal learning integrates various modalities, offering
distinct perspectives on the same event. This integration results
in an enriched view, contributing to increased accuracy [1].
Multimodal learning has garnered considerable attention due
to its potential, leading to numerous proposed studies. Ini-
tially, research in this field concentrated on developing model
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architectures to address modality fusion and translation [1]-
[4]. However, these studies commonly assumed that both
training and testing data possessed complete modalities, which
is impractical. Indeed, empirical evidence has shown that, in
practice, certain data pieces often lack specific modalities [1],
[5]. In response, substantial recent efforts have been directed
toward addressing challenges associated with missing modal-
ities, which can be categorized into two groups: methods
that incorporate data imputation [6], [7] and non-imputation
mehods [8]-[10]. Concerning the first group, Zhang et al. [6]
reconstruct missing data in a modality by calculating the
average of values from similar modality samples, which does
not take into account the correlation between different modal-
ities. Zhou et al. [7] introduce a conditional generator for
brain tumor segmentation that utilizes available modalities to
generate the information for the absent ones. Regarding the
second group, solutions have been proposed so that models
can benefit from either complete samples through contrastive-
aid learning [10] or only the available missing modalities by
optimal sparse linear prediction [8] or by hypergraph-based
fusion [9]. However, all the aforementioned studies focus
on centralized learning, which entails gathering and training
all data in a single location. This centralized approach has
demonstrated several drawbacks, with the most severe being
privacy compromises [11].

To address privacy concerns, Google introduced Federated
Learning (FL) in 2017 [12], offering a novel distributed train-
ing mechanism. This approach enables clients (data owners)
to collaboratively train a model under the supervision of a
central server while keeping their data locally, effectively
mitigating privacy leakage. Federated Learning involves two
primary components: a local training process on the client side
and aggregation on the server side. In this process, clients
utilize their data to locally train the model and then transmit



its weights to the server for aggregation, creating a global
model. Early versions of Federated Learning [13]-[20] were
designed exclusively for unimodal learning, where all clients’
data shared the same modality. Recognizing the significance of
multimodal learning, subsequent studies have proposed Fed-
erated Learning mechanisms for multimodal scenarios [21]-
[23]. However, most of these solutions only address the issue
when all clients possess data with complete modalities. The
necessity for complete modalities, once deemed impractical
in centralized learning, becomes even more challenging in
the context of Federated Learning due to the heterogeneity
of clients’ data. Consequently, addressing missing modalities
in multimodal FL is a crucial challenge. Unfortunately, this
problem has not received extensive attention in the literature,
with only a few existing works tackling it. Chen et al. [24]
propose a framework for personalized FL, thereby not capable
of producing a global model generalizing over the private
testing dataset. The approach developed by Yu et al. [11]
typically demands the server possess a dataset, which is often
impractical in most FL scenarios.

This study specifically addresses the challenge of solving
the missing modality problem in multimodal FL. We focus on
scenarios where each client’s data may lack certain modalities,
and the sets of modalities held by clients are not uniform. In
Fig. 1, we illustrate an example depicting the degradation of a
FedAvg in the context of missing modalities. Specifically, we
conduct the experiment on a 12-modality dataset [25] with the
FL setting of clients possessing varying numbers of modalities:
2 to 6 modalities for the blue lines, while the red line repre-
sents clients with all 12 modalities. The significant disparities
between testing including all modalities and testing involving
only a few modalities serve as empirical data supporting the
necessity of enhancing modality-missing FL performance. The
challenge of the modality missing problem in multimodal FL
arises from two perspectives. Firstly, in the traditional FL
model, clients’ data shares the same modality, allowing the use
of a uniform model structure for all clients. However, in this
new context, each client possesses a distinct set of modalities,
or, in other words, different data types. This raises a research
question: How should we design the local model to handle data
with this varying set of modalities? Secondly, considering that
each local model of a client learns distinct knowledge from a
unique set of modalities, a crucial question arises: How can
we design an aggregation mechanism on the server side that
effectively combines models from all clients?

This study introduces a novel multimodal FL mecha-
nism named MIFL (stands for Modality-mlIssing Federated
Learning), capable of simultaneously addressing the chal-
lenges outlined above. Our approach effectively addresses
missing modalities in both training and test data. Impor-
tantly, it does not require the server to possess any data,
providing a robust and privacy-conscious solution. To tackle
the heterogeneous modality problem, we propose an extra-
modality generator, generating an additional feature for each
modality. These extra features are then employed to fill in
the corresponding missing modality, allowing synchroniza-
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Fig. 1: Performance discrepancy of FedAvg with missing
modality clients.

tion of each client’s modality set and facilitating the design
of local models for clients. Furthermore, we incorporate a
contrastive learning mechanism that aligns features generated
by partial-modality data with those from full-modality data.
This approach allows our model to enrich the information
derived from modality-missing data, thereby enhancing the
effectiveness of the multimodal FL framework.
The main contributions of the research are as follows.

o We present a novel Federated Learning mechanism de-
signed to tackle the multimodality learning problem,
adept at addressing the challenge of missing modalities
during both training and inference stages.

o To overcome the issue of modality heterogeneity on
the client side, we introduce an innovative architecture
for the local model, featuring the introduction of an
extra-modality generator. This generator plays a crucial
role in producing additional representation vectors, each
corresponding to a specific modality. These modality
representation vectors are employed to substitute for
missing modalities.

o Leveraging the contrastive learning paradigm, we design
an auxiliary loss that aligns the representation of data
lacking certain modalities with those possessing complete
modalities. This loss function enables the enrichment
of information extracted from data lacking modalities,
thereby enhancing the model’s accuracy.

e We propose a server-side aggregation mechanism de-
signed to effectively aggregate models from clients with
diverse methodologies.

The remainder of this paper is organized as follows. Sec-
tion II presents the specifics of our proposed algorithm for
multimodality-missing Federated Learning. The experimental
results are explained in Section III. Finally, the conclusion and
potential future directions are discussed in Section IV.

II. PROPOSED METHOD

In the following, we delve into the details of our proposed
method. Initially, we introduce the problem formulation and
the motivation behind our solution in Section II-A. Section
II-B offers an overview of our proposal, while Sections II-C
and II-D provide detailed information.



A. Problem Formulation and Motivation

Problem Formulation. Consider a FL system that consists
of K clients (K > 2), represented by C1, ..., Cx. We denote
by D; the training dataset of client D;, whose cardinality is
depicted by n; (¢ = 1,..., K). Let us denote by M the set of
all modalities and M; the set of modalities possessed by client
C; (M; € M). The goal of our FL. model is to determine a
global model w satisfying the following objective function:

o= ming szl (wxivl), @

i=1j
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where (X7, y7) is the j-th sample of D;, and f; (w g( ,y7
is the loss function of D);’s local model. In this work, we focus

on the classification task.

B. Overview of the Framework

We propose an innovative framework for Multimodal Fed-
erated Learning, featuring a modality-aware and generalized
client’s model combined through a graph-based aggregation
method and updated with contrastive-aid training (Figure 2).
To overcome heterogeneous clients, we propose a modality-
specific and generalized local model for each client. Its train-
ing process employs contrastive learning to enhance feature
extractor-generated representations. Additionally, an attentive
graph-based aggregation method is implemented to leverage
the similarities among clients’ datasets. Our study pioneers ef-
forts to enhance the generalization capabilities of Multimodal
Federated Learning while addressing challenges in non-IID
data settings among clients.
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Fig. 2: Overview of the proposed framework.

C. Modality-aware Local Model for Clients

Figure 3 illustrates the architecture of our proposed local
model for clients. The details of the first two elements are
described in subsections II-C1 and II-C2, while the classifier

is just a simple Fully Connected Layer. The additional infor-
mation and modality embeddings, which are outputs from the
feature extractor, are combined using the element-wise sum
operator after being generated. To create the optimal hidden
vector before inputting it into the classifier, the embeddings
from the existing modalities are joined with the embeddings
generated for the missing modalities using concatenation.

1) Feature Extractor: Let dy be the embedding dimension
outputted from each feature extractor. For a client k, given
its input dataset Dy, the output embedding h;w of sample
1 belonging to this client’s feature extractor of the existing
modality indexed by j, X ,3 i is obtained as follows:

hj; = FeatureExtractor(X},;) € R (2)

Wi j

where wy; is the weight of the client k’s feature extractor in
modality j.

2) Extra Modality Information Generator: To address the
issue of missing modalities in FL systems, most existing meth-
ods include aggregating similar modalities from all clients.
However, this technique restricts the local model’s capabilities,
limiting it to only the modalities it currently possesses. This
arrangement thereby imposes a limitation on accuracy, as
the highest degree of performance that each individual client
can achieve depends on the specific type of data it has.
Furthermore, it does not make use of the potential advantages
that could be obtained by integrating information from diverse
modalities across multiple clients.

This phenomenon has motivated our proposal to integrate
an additional information generator corresponding to each
modality. The additional information will be converted into
weight vectors and is expected to demonstrate modality gen-
eralizability across different clients. In particular, for each
modality, there are two possibilities: it can either exist or
be absent. Hence, we propose implementing a weight matrix
that can be updated and consists of two rows, where each
row represents one of the two scenarios of modality presence.
The selection of a suitable vector from two potential rows for
the additional modality data relies on the presence of each
modality in each client. The selection is specified using a
binary vector consisting of two items. If modality j exists
in the training dataset of a client, its one-hot vector will be
[1,0]; otherwise, it will be [0,1]. The first vector represents
the additional modality information in cases where the client
already has that modality, whereas the other vector can be seen
as the generative output of the missing modality.

Figure 4 demonstrates that the presence of each modality is
considered when determining which row vector in the weight
matrix will be generated as output. This is a learnable weight
matrix that will be updated during the training process of the
federated system. Each client will have M weight matrices
corresponding to M modalities. Let WW; be the weight matrix
of modality j. Specifically, if client k& possesses modality j, its
additional data for modality j is represented as hi; =[1,0] x
W; € R7; otherwise, hy; = [0,1] x W; € R
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Fig. 3: Detailed architecture of the local model.
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Fig. 4: Extra modality information generation process.

Let hy; € R% be the output of modality j’s feature
extractor for client k, the final joint embedding h, € R9#
is calculated as follows:

M=<|<w@@ﬂ<l|@>y 3)
1EMy i¢E My,

where || and @ are the concatenation and element-wise sum
operators, respectively. From this equation, we can derive that
hy € RduxM,

3) Contrastive Learning-based Local Training: This study
employs contrastive learning to enhance the alignment be-
tween uni-modal embeddings, which are representations ac-
quired by individual feature extractors, and the combined
representation derived by element-wise summation of these
uni-modal embeddings.

Denote the proposed multimodal contrastive loss by Multi-
modalCL. Consider the outputs of client k’s feature extractor
(uni-modal representations) hy;,j € M; and a mini-batch
B of size B. Let hy = {®hy;,j € M;} be the multimodal
representation obtained by applying element-wise sum on uni-
modal embeddings.

Let sim(u, v) denote the cosine similarity among vectors u
and v. Denote by

o~

sy (i,1) = exp (sz’m (h};j, hﬁc)) +exp (sim (hggjv @)) “4)

the similarity between representations hy; and H; of 2 samples
7 and [.
For _a given modality j, we define positive pairs as
h%,hfg) for y* = y' and i = 1, ..., B. The remaining pairs
are considered negative pairs. Then the described loss function
with respect to mini-batch B can be expressed as:

Skj (i, l)

1 My B
MultimodalCL(B) = ———— —log =————————
M| x |B] ZZ Zyi?gyz skj(i,1)  The dynamic multi-view graph is denoted by G, =

j=1i=1
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This multimodal contrastive loss is added when training the
client’s local model. In particular, each client k£ independently
performs local Mini-batch Gradient Descent for batch :

1 o
(B) = 7 > fi (w, X', y'). 6)
1Bl i
Then, the final loss function for mini-batch B is calculated as
follows:

L(B) = ¢(B) + aMultimodalCL(B), (7)

where « is a hyperparameter that determines the balance
between the two losses.

This client updates its model’s parameters for the mini-batch
B following the below equation, meanwhile, it considers extra
regularization term:

Wy — Wy, — an13| > (Vu L(B) + Vi ARy (W), (8)
i€B

where the multimodal relational information is achieved by
minimizing the Mean Squared Error loss between the model
and the approximation of neighborhood information Ry (wy),
which will be discussed in section II-D. 7 is the learning rate,
and A is a hyperparameter to balance global correlation and
local personalization.

D. Attentive Graph-based Client Aggregation

1) Feature Extractor and Classifier Aggregation: We pro-
pose to implement a neighborhood-attentive graph aggregation
method on the server to process the local model. This method-
ology draws inspiration from the FedMSplit architecture [24].
This aggregation strategy is specifically implemented in clas-
sifiers and feature extractors. The parameter vector at client k
is denoted by wy. The vector can be divided into the following
components:

Wk :{wki |VZ'€MIC}U{{17]€J' |V] GM}U{W}, 9)

where wy;, Wg;, and Wy are the weights of the feature ex-
tractor, additional information generator, and classifier, which
correspond to the client, respectively.

The feature extractor and classifier weights wy, shown in
Figure 2 are comprised of

W, = {wps | Vi € My} U {wy} . (10)

Following the traditional FL framework, a set of clients S;
take part in communication round ¢. To support heterogeneous
and complex multi-space interactions, the FedMSplit method
uses a two-step technique. Initially, it uses a multi-view,
attentive, and graph-based message forwarding technique to
estimate each client’s complex neighborhood information by
combining models from other clients. Following that, each
client trains their model independently using a local Stochastic
Gradient Descent on the dataset Dy,.

(V,®,E, Ay). Details of the components are as follows:



o V = {ur}eg, I8 the vertex set, each vertex vy, corre-
sponds to a client & in S; that contains a local multimodal
dataset Dy, = {(z*,y")}1*,.

e &, = {wl}res, is the node’s features, representing
the model parameters of each client at round ¢. Those
parameters are updated and change over time, so this
graph is a dynamic graph.

o & is the edge set. This graph is configured to be a fully
connected graph. However, a node’s information cannot
be transmitted completely and directedly due to the fact
that each node’s features are associated with distinct
combinations of modalities.

o Ay € RISIXISIX(M+1) represent the edge features.
An edge feature Ay ;(t) indicates the model weights
similarities between two clients and consists of multiple
dimensions (multi-view) of Euclidean distances; each di-
mension corresponds to a type of block in client models.
If client k and client / do not have the common block j,
Ag(t) = 0.

Among these components, A; and &®; change in each
communication round. Updating these terms can be performed
in sequential order. In each communication round ¢, updating
correlation A(t) fixing ®; is treated as updating edge features
based on the current node’s features (client embeddings).
Formally, for each pair of clients (k, /) and each model block
J, their relationship can be measured as € x; = Att(wy;, wi;)
using any metric or attention function Att(-,-), such as
additive attention, dot product, and multiplicative attention.
In the experiments, dot product attention is utilized for all
simulations. This aggregation can be described as follows:

(A1) Qe —
= w
N a(Akp )y

pi(lAqk(LA)k?)l;llmp wy; for Vj € My N M,

an
where ¢ (Axi) = || Ak, |l1/(1 + Mg 0 M), and N is the
number of neighbors of client k. Since all selected clients are
considered neighbors, N = S;.

2) Additional Modality Information Aggregation: Applying
the Federated Averaging (FedAvg) algorithm on the set of
M additional modality generators possessed by each client
is straightforward. However, customizing this component to
optimize individual client performance may be inconsistent
with its intended purpose, as it is intended to be generalized
across clients. Each client’s weight matrix for a specific
modality is updated by modifying only one row. This occurs
because all samples belonging to the same client have the same
combination of modalities, leading to the generation of a single
one-hot vector for each instance. In order to minimize any
possible adverse effects on the global model, the remaining
row in the weight matrix is set to zeros.

Particularly, the global model’s as well as the initial client
model’s extra information generator can be aggregated as
follows:

—agg N
w300

agg N
w305

—a 299
ey Dk ie M, (12)

n
kEeS:

where Wy, = 0 if the r-th row in the weight matrix of client
k corresponds to its missing modality 4.

At the end of the graph-based aggregation between clients,
client k£ has the updated model denoted by:

w9 = {{w;;gg V) e /\/lk} U {@wR™9 | Vie M}U {magg}} .
(13)
Then, updating model weight w!, can be viewed as updating
node features (client models) based on local datasets as
well as current edge features (client-client relationships). As
mentioned before, each client k£ performs local Mini-batch
Gradient Descent on batch B, while applying an extra term:

Z(kaE(B)+vwk)\Rk (@))7 (14)

i€B

1
Wk < W — N | B|
where Ry,(@h) = @ — W3 + e p, lhong — w23,

This term has the effect of regularizing the local model
so that it will not suffer from overfitting. Moreover, this
term gives balance to the local model when regulating the
aggregated one, which contains its attentive neighborhood
information.

3) Global Model Aggregation: In our proposed framework,
after aggregating all clients’ models together, a global model
denoted by w! is obtained as follows:

1 a
U}t = @ Z {wkgg} .

keS,

15)

Averaging the global model allows for the evaluation of several
modalities, ensuring robustness and adaptation in real-world
settings involving different data sources. The global model’s
collaborative learning approach encourages an effective and
inclusive learning process, lowering the impact of modality
disparities throughout the network.

III. EXPERIMENTS
A. Dataset

With annotations conforming to the SCP-ECG standard, the
PTB-XL dataset [25], which consists of 21,837 clinical 12-lead
electrocardiogram (ECG) recordings from 18,885 individuals,
is a substantial resource, and it is used in our experiments.
There are three distinct categories of annotations: form (sig-
nificant changes in specific ECG segments), rhythm (specific
changes in rhythm), and diag (diagnostic statements). The
dataset has 71 distinct statements, including 44 diagnostic,
12 rhythm, and 19 form statements. Four form statements,
in particular, function as diagnostic ECG statements. In ad-
dition, the diagnostic statements comprise 24 subclasses and
five coarse superclasses, organized hierarchically. The largest
publicly accessible clinical ECG dataset, this particular set
is notable for its extensive annotations and metadata, which
render it a valuable resource for training machine learning
algorithms.

In this study, the PTB-XL dataset was modified to facilitate
the process of data splitting and model evaluation. By ensuring
that each sample is assigned to an exact single label, the subset
rectifies the observation that diagnostic samples frequently



TABLE I: Data configurations

Method Full-modal FedAvg

Missing-modal FedAvg

FedAvg [ FedMSplit [ MIFL

Training data Full 12 modalities

Full 12 modalities

Experiment 1: 2-6 modalities
Experiment 2: 6-10 modalities

Combination #1: 3 modalities [3, 7, 11]

Combination #2: 5 modalities [2, 3, 7, 11, 12]

Combination #3: 5 modalities [2, 3, 7, 10, 11]

Testing data Full 12 modalities

Combination #4: 6 modalities [3, 5, 6, 10,11, 12]

Combination #5: 9 modalities [3, 4, 5, 6, 7, 8, 10, 11, 12]

Combination #6: 8 modalities [3, 5, 6, 7, 8, 9, 10, 12]

Combination #7: 10 modalities [1, 2, 3, 5, 6, 7, 8, 9, 10, 12]

pertain to only one class. This reduced dataset consists of 3963
samples, which belong to five classes. This balanced dataset
is subsequently divided into a training set and a test set in a
4:1 ratio.

B. Data Preparation

To assess the effectiveness of the proposed framework, we
partitioned the refined dataset (with 12 modalities being 12
leads) into 20 distinct clients (K = 20). Introducing a more
realistic multimodal missing setting compared to previous
studies, these clients were assigned two distinct combinations
of modality sets. We performed two experiments in which the
number of modalities for each client was (1) a random count
from 2 to 6 (Experiment with small numbers of modalities),
and (2) a random count from 6 to 10 (Experiment with
large numbers of modalities). It should be noted that each
sample is exclusive to one client, and the original dataset
comprises complete-modality samples. To establish the de-
sired conditions, some modalities are manually excluded. The
proposed framework is evaluated with seven testing scenarios
outlined in Table I. Each combination varies in both the
number and type of modalities. Each testing combination is
specifically chosen to be less likely to appear in any of the
three client settings. Determining the maximum number of
existing times involves selecting the maximum occurrences of
these testing combinations among the least-appearing modality
combinations within a client.

C. Baselines

We evaluate the effectiveness of our proposed framework,
MIFL, using FedAvg [26] and FedMSplit [24]. We also
employed FedAvg to establish an upperbound for subsequent
comparisons. Two baseline configurations utilizing FedAvg
aggregations were incorporated into the experiment process:

o Full-modal FedAvg: All clients have complete obser-
vations with full modalities. A new testing set having
the full-modal characteristics of the training set was
generated for evaluation, eliminating the need for manual
modality exclusion for each client.

o Missing-modal FedAvg: Similar to Full-modal FedAvg
in the training configuration; however, this model was
tested using the seven specified testing combinations
instead of a full-modal training set.

All the aforementioned configurations are summarized in
Table L.

D. Results

We set the number of client local training epochs £ = 3
and used the following values for the hyperparameters of
the models: number of communication rounds 7' = 500,
percentage of selected clients at each round C' = 1.0, batch
size B = 64, learning rate 7 = 0.5, embedding dimension
dg = 128, 50 early stopping rounds, and FedMSplit’s weight
regularization A = 0.01.

1) Accuracy Evaluation: Figure 5 shows the testing ac-
curacy results for seven combinations in two client settings.
It should be noted that the accuracy of Full-modal FedAvg
is 0.807, which was reached only with the full-modality
combination.

In both experiments, a recognizable trend develops, with
the gap between MIFL and FedMSplit being most noticeable
in combination #1 testing and gradually decreasing as the
number of modalities in the testing set increases. FedAvg
continually produces less accurate results due to its intrinsic
simplicity, failing to appropriately handle the diverse needs of
its clients. As the number of testing modalities increases, all
three methods approach the accuracy values of Missing-modal
FedAvg and Full-modal FedAvg, with MIFL being the most
comparable, demonstrating its superiority.

In Experiment 2, the differences reduce and become closer
to the two upper bounds, with significant variations seen in
testing combinations #1 and #2. FedAvg achieves a high level
of accuracy in most circumstances, coming quite close to the
upper bounds. The progress of MIFL, especially considering
its limited and varied number of modalities, is impressive.

MIFL regularly outperforms all other testing methods in
terms of accuracy, demonstrating greater generality in a wide
range of contexts. The proposed aggregated global model
consistently achieves the highest precision values.

As can be seen in Tables II and III, MIFL improves
from 1.64% to 48.41% when compared to the FedMSplit
baseline, which can be attributed to different training scenarios
and testing combinations. Improvements range from 6.4%
to 48.41% for six or fewer training modalities and 1.64%
to 9.81% in other training cases, demonstrating considerable
progress. This figure is more significant when comparing
MIFL and FedAvg, with an enhancement of 30.75% averaging
over all testing combinations and experiments. The biggest
improvement is 106.4%, which belongs to testing combination
#1 of Experiment 2.
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Fig. 5: Performance of different models over the communication round in Experiment 1 and Experiment 2, respectively

TABLE II: Performances of different methods in Experiment
1

TABLE IV: Ablation study

Method MIFL' w/o MIFI'J w/o Extra MIFL

Testing Model contrastive loss | Modality Generator
combination | Full-modal | Missing-modal . #1 0.499 0.695 0.748
FedAvg FedAvg FedAvg | FedMSplit MIFL #2 0.641 0.748 0.780
1 0.808 0425 0.504 0.748 Experiment 1 #3 0.701 0.752 0.782
E'y) 0.798 0.438 0.648 07780 Testing #4 0.662 0.760 0.786
3 0.801 0512 0.686 0782 combination #5 0.776 0.796 0.808
# 0.807 0.807 0.714 0.702 0.786 #6 0.757 0.791 0.810
#5 0.802 0.750 0.770 0.808 #7 0.760 0.795 0.820
#6 0.807 0.723 0.774 0.810 Average 0.685 0.762 0.791
#7 0.799 0.723 0.774 0.820 #1 0.550 0.686 0.758
Average 0.807 0.803 0.619 0.694 0.791 #2 0.700 0.700 0.798
The best results among multimodal-missing techniques are in bold. The highest accuracy scores Experiment 2 #3 0.716 0.748 0.801
with respect to each testing combination are highlighted in bold and underlined. I:)T " #4 0.656 0.730 0.790
combinagon #5 0.776 0.788 0.804
. X . #6 0.712 0.752 0.806
TABLE III: Performances of different methods in Experiment #7 0.732 0.786 0.814
2 Average 0.692 0.741 0.796

Testing Model
combination Flgi;jn;?,c;al Mlsliler:jgj&r‘jlgodal FedAvg | FedMSplit MIFL
#1 0.808 0.367 0.598 0.758
#2 0.798 0.559 0.750 0.798
#3 0.801 0.687 0.750 0.801
#4 0.807 0.807 0.707 0.680 0.790
#5 0.802 0.787 0.791 0.804
#6 0.807 0.736 0.734 0.806
#7 0.799 0.744 0.782 0.814
Average 0.807 0.803 0.655 0.726 0.796

The best results among multimodal-missing techniques are in bold. The highest accuracy scores
with respect to each testing modality are highlighted in bold and underlined.

Notably, MIFL’s performance is comparable to that of
the Full-modal FedAvg and Missing-modal FedAvg methods.
MIFL outperforms FedAvg trained with 12 modalities in terms
of accuracy, with results ranging from 92.69% to 101.6%
versus Full-modal and 92.57% to 102.6% versus Missing-
modal. The enhancement ranges demonstrate MIFL’s effective
performance in severe multimodal missing scenarios while
exceeding the projected upper bound in less difficult circum-
stances. Efficient learning of modality-missing information
enables MIFL to perform well with fewer modalities, attaining
an approximation comparable to the optimal scenario.

2) Ablation Study: The proposed model comprises two
main components: Extra Modality Generator, and Contrastive-

auxiliary loss function. Section II-B explains the reasoning
behind the design of these components.

In this section, experiments are conducted to empirically
support the hypothesis. The details of these experiments are
as follows.

o« MIFL without Contrastive loss: To assess the impact
of the multimodal contrastive-based auxiliary loss, the
contrastive loss MultimodalCL(B) is excluded from the
client’s local loss £(3), while the classification loss £(13)
and regularization term Ry (wy) are still retained.

o« MIFL without Extra Modality Generator: The Extra
Modality Generator, which was expected to demonstrate
information from absent modalities as well as learn-
ing generalizability across different clients in the global
model, is eliminated.

Table IV gives information about the accuracy of the afore-
mentioned ablation models. Apparently, the entire proposed
framework outperforms the other variants, indicating the pos-
itive influence of each architectural decision. In particular, the
full version of MIFL surpasses MIFL without contrastive loss
by an average percentage of 17.27% for Experiment 1 and
16.02% for Experiment 2. Among all testing combinations,



adding contrastive loss to client training gives an improvement
of up to 49.9%, which is higher when evaluating with smaller
numbers of modalities, therefore highlighting the advantages
of utilizing the contrastive loss in the client’s loss. When
incorporating the Extra Modality Generator into the global
model, there is a relative increase in performance from 1.51%
to 14%. Although this block is straightforward, it can nonethe-
less provide information for completely missing modalities.
This endeavor is difficult since embeddings derived from
actual samples include valuable and meaningful information.
Therefore, this enhancement is considered satisfactory given
the complexity of the challenge that this block is addressing.
Overall, the architectural proposal and the additional con-
trastive loss have irreplaceable impacts on the entire MIFL
model.

IV. CONCLUSION

In conclusion, our study introduces a novel Multimodal
Federated Learning framework designed to tackle the chal-
lenge of heterogeneous clients with missing modalities in their
datasets. By leveraging both existing and missing modalities
from other clients, our approach enhances local models, pro-
moting generalization across a potentially diverse population
of unobserved individuals. This architecture improves the
robustness and adaptability of Federated Learning in real-
world scenarios, allowing clients to effectively learn from
both local and relevant information obtained from other
clients, particularly in the presence of missing modalities.
Furthermore, the incorporation of a graph-attention-based ag-
gregation method strikes a balance between personalization
and collaboration. This technique enables clients’ models to
retain the advantages of local adaptation while benefiting from
global information exchange. Empirical results demonstrate
the superior performance of our proposed model in handling
missing modalities, providing strong evidence of its efficacy
in enhancing Multimodal Federated Learning performance.
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