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Abstract

Federated learning enables edge devices to collaboratively train models in
edge—cloud environments without sharing raw sensor data. In practical edge
deployments, however, devices often have access to different subsets of modalities
due to hardware heterogeneity, varying sensing conditions, or temporary sensor
failures. Such modality heterogeneity makes conventional federated aggregation
unreliable, as parameters learned from different modality evidence may not be
directly comparable. Meanwhile, this setting also raises privacy concerns, since
image, depth, and signal data may reveal sensitive user or environmental informa-
tion. To address these challenges, we propose FedHyperM, a privacy-preserving
federated multimodal learning framework for edge devices. FedHyperM performs
hypergraph-based multimodal prediction by treating modality-specific features
as nodes and adaptively constructing hyperedges to capture high-order corre-
lations among multimodal features. On the cloud server, FedHyperM further
introduces modality-sensitive aggregation (MSA), which uses the minimum edit
distance (MinED) between available modality names to weight uploaded hyper-
graph learning parameters during aggregation. Experiments on the UR-FALL
dataset under different modality existence rate (MER) settings demonstrate that



FedHyperM consistently outperforms representative federated multimodal base-
lines, including FedAvg, FedCor, FedProx, AutoFed, and FedInMM. Compared
with the five baselines, FedHyperM improves average accuracy by 3.64% to
22.33% and average Fl-score by 2.91% to 26.82%.

Keywords: Edge intelligence, Federated multimodal learning, Modality heterogeneity,
Hypergraph learning

1 Introduction

Over the past decade, rapid advances in Internet of Things (IoT) technologies have
led to the proliferation of edge devices, including smart sensors and mobile phones,
which continuously generate massive volumes of data across diverse application
domains [1, 2]. At the same time, deep learning (DL) models have become essential
for many edge-deployed applications, such as face recognition [3-5], mobile health
monitoring [6], smart homes [7] and industrial fault diagnosis [8, 9], where large-scale
training data are often required to achieve satisfactory performance. Edge computing
(EC) has therefore emerged as a promising paradigm for integrating IoT with artificial
intelligence by moving computational resources closer to data sources, thereby sub-
stantially reducing communication overhead compared with conventional cloud-centric
architectures [10]. Nevertheless, effectively exploiting the abundant data produced in
edge environments to improve DL model performance, while simultaneously preserving
data privacy, remains a fundamental challenge for EC systems [11, 12].

Federated learning (FL) provides an effective paradigm for enabling collaborative
model training in EC systems without requiring raw data to be centralized [13, 14].
In a typical FL workflow, each edge device trains a local model on its private
dataset and transmits only model updates to a cloud server, where the received
updates are aggregated to produce a shared global model. By retaining raw data
locally, FL helps mitigate privacy risks while leveraging distributed data resources
to optimize DL models. Existing studies have investigated various aspects of FL,
including communication-efficient aggregation [13], optimization under non-I1ID data
distributions [14], and resource-aware device selection [15].

However, these methods remain insufficient for practical edge scenarios, where
edge devices are often equipped with heterogeneous sensors and thus observe dif-
ferent combinations of modalities. For example, emergency response scenarios, such
as earthquakes or floods, may require the joint analysis of on-site images or videos,
social media reports, and audio distress signals [16]. In contrast, hospital edge envi-
ronments typically rely on distinct modality combinations, such as text-based medical
records and CT images [17]. Such modality heterogeneity leads local models to learn
from different sources of evidence, making their uploaded parameters difficult to com-
pare directly, even when the models are optimized for the same task. Consequently,
conventional aggregation strategies, which typically assume a shared input space
or compatible model updates, may introduce aggregation noise by indiscriminately
combining parameters learned from inconsistent modality information [18, 19].



To address these challenges, we propose FedHyperM, a collaborative federated
multimodal learning framework for edge devices under modality heterogeneity. Fed-
HyperM first initializes a multimodal feature extractor locally on each edge device
and freezes the extractor during collaborative learning. It then performs hypergraph-
based multimodal prediction by treating modality-specific features as nodes and
adaptively constructing hyperedges to capture high-order correlations among multi-
modal features. After local training, each edge device uploads its hypergraph learning
parameters and available modality names to the cloud server. The server then applies
a modality-sensitive aggregation (MSA) mechanism, where minimum edit distance
(MinED) is used as an aggregation weight measure.

The main contributions of this work are:

e We propose FedHyperM, a novel collaborative framework to facilitate federated
multimodal learning across edge devices under modality heterogeneity.

® We design a hypergraph-based multimodal prediction module and an MSA mecha-
nism to capture high-order correlations among multimodal features and aggregate
hypergraph learning parameters according to MinED-based aggregation weights.

® We conduct extensive experiments on the UR-FALL dataset under different modal-
ity existing rate (MER) settings and compare FedHyperM with five baselines.
Experimental results show that FedHyperM consistently improves accuracy and
F1l-score, and ablation studies verify the effectiveness of hypergraph and MSA.

2 Related Work

Federated Learning for Edge Devices. FL is widely used to train models across
distributed edge devices without collecting raw data on a cloud server. FedAvg [13]
defines the standard procedure: each edge device trains a local model and the server
aggregates uploaded model parameters. Many later methods improve this procedure
under heterogeneous edge conditions. FedProx [14] adds a proximal term to reduce the
drift of local models under non-IID data. FedCor [15] selects informative edge devices
to accelerate convergence. Other studies improve aggregation or topology design in
edge environments [20, 21]. These studies improve FL under data, optimization, or
system heterogeneity, but they usually assume that uploaded parameters are learned
from comparable input spaces.

Multimodal FL extends this setting by allowing each edge device to learn from
multiple sensing modalities. FedAvg-2 [22] study multimodal FL on IoT data, and Fed-
Multimodal [23] provides a benchmark for missing modalities, missing labels, and noisy
labels. AutoFed [24] addresses multimodal heterogeneity through modality imputation.
These methods improve multimodal FL through data completion, device selection,
or feature weighting. However, they rarely consider the aggregation of hypergraph
learning parameters uploaded by edge devices with different available modality sets.
Modality Heterogeneity and Incomplete Modalities. Modality heterogeneity
means that different edge devices may own different modality sets. This prob-
lem is related to incomplete-modality learning, where some modalities are absent



during training or inference. In federated settings, FedMSplit [25] uses correlation-
adaptive multi-task learning across multimodal split networks. FedMBridge [26] learns
bridgeable representations for edge devices with different modality types, while Fed-
InMM [27] uses dynamic modality weighting for incomplete modalities. These studies
show that modality absence affects both local training and global aggregation. How-
ever, many of them treat missing modalities as information to be reconstructed or
aligned. Therefore, it is important to study federated multimodal learning methods
that can directly operate with different available modality sets on edge devices.
Hypergraph Modeling for Multimodal Collaboration. Hypergraph learning
has been widely studied for representing data relations that go beyond pairwise depen-
dencies. By using hyperedges to associate groups of nodes, hypergraphs can encode
group-level relations among features or samples [28, 29]. In multimodal prediction, such
group-level relations describe cross-modal correlations among modality-specific fea-
tures, such as image, depth, and signal features. Representative methods have explored
this idea in different settings. VCHM [30] modeling constructs sparse hypergraph rela-
tions for visual classification. FedRel [20] learns spatial-temporal graph relevance in
federated environments. STHL [31] exploits spatial-temporal data for physiological
signal recognition. LFH [32] further learns hypergraph structures from heterogeneous
data. These studies support adaptive hypergraph construction over modality-specific
features, but they do not address the aggregation of hypergraph learning parameters
across edge devices with heterogeneous modality availability.

3 Preliminaries

3.1 Hypergraph Learning

A hypergraph is defined as G = {V, £, W}, where V = {vy, ..., v, } denotes the node set
and & = {ey, ...,emn} denotes the hyperedge set, with n and m being the numbers of
nodes and hyperedges, respectively. Each hyperedge e € £ connects a subset of nodes
inV,ie, e={v;,..,v;} CV. The diagonal matrix YW € R™*™ specifies the weights of
the hyperedges, with diag(W) = [w(ey1),...,w(epr)]. The relationship between nodes
and hyperedges is usually represented by incidence matrix H € R™*™, with entries
are continuous value in [0, 1]. If node v; is incident to hyperedge e;, then H(v;,e;) > 0;
otherwise, H(v;,e;) = 0. The value H(v;,e;) can be interpreted as the importance of
node v; to hyperedge e;. Based on this formulation, the degree of each node v; € V
and the degree of each hyperedge e; € € are defined as follows:

d(v;) = ) w(e) x H(vj,e) (1)

ec&
d(e;) = Z H(v, e;) (2)
veV

3.2 Problem Definition

As illustrated in Figure 1, we consider an edge-cloud system consisting of a central
server and a set of edge devices, denoted by C = {¢;}V,, where N is the the total
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Fig. 1: The overview of our proposed framework.

number of devices. Each device owns a local dataset with heterogeneous modalities,
denoted by X = {X"}Me | where X™ € RP*4m represents the raw data of modality
m, and D denotes the size of local dataset. Each edge device host a local model 6, € O,
which incorporates a feature extractor and a predictor, defined as 6. = {6%,02}.

The edge devices collaboratively aim to enhance the performance of the on-device
models {0.}cec through collaborative learning, while while preserving the privacy of
local dataset. The overall objective function to be minimized over the collaborative
learning process is defined as:

min ﬁ({91,...,GN};{XM...,XN}) (3)

{ec}cec

Here, we consider multimodal heterogeneity across edge devices, denoted by Ji,j €
[1,...,N],M; # M;, where M, represents the number of modalities available on edge
device i.

4 Methodology

Figure 1 illustrates an overview of the FedHyperM architecture. We elaborate on
the proposed framework in this section by formulating the three key processes of
FedHyperM: (1) extracting high-quality modality-specific features from multimodal
raw data; (2) adaptively constructing hypergraphs over multimodal features on the



edge side to capture high-order correlations through hypergraph learning; and (3)
applying a modality-sensitive aggregation (MSA) mechanism on the server side to
mitigate performance degradation caused by multimodal heterogeneity.

4.1 Initialization of Multimodal Feature Extractor

As illustrated in the part (A) of Fig 1, each edge device first pre-trains the fea-
ture extractor on its local dataset, defined as fi,;(0; X). The multimodal feature
extractor can be implemented as a set of modality-specific encoders, denoted by
0¢ = {E™}mem, where M represents the set of modalities. Specifically, BERT [33] is
used to the text modality, CLIP [34] for the image modality, LSTM [35] for the signal
modality, and BEATS [36] for the audio modality. The multimodal feature extraction
process can be defined as: R

X = fe(Xc; 95) (4)
X, = {)N(zn}meM € RMelxdm denotes the extracted high-quality multimodal features,
where M represents the set of modalities available on edge device ¢, and d,, denotes
the unified feature embedding dimension. Notably, the feature extractor is executed
locally on each edge device. It is first pre-trained on the local multimodal dataset
before collaborative learning and then frozen during the collaborative learning process.

4.2 Hypergraph-based Mulitimodal Prediction

Adaptive Hypergraph Construction over Multimodal Features The special
structure of hyperedges enables hypergraphs to capture high-order data relation-
ships [31]. Since multimodal features X do not naturally contain explicit nodes, we
treat each modality-specific feature as a node on each edge device. By grouping nodes
with shared attributes or strong relationships into a single hyperedge, hypergraphs can
effectively capture local group-level information among nodes [20]. Therefore, iden-
tifying related nodes for different hyperedges is essential for hyperedge construction.
To facilitate this process, we define two types of nodes: anchor nodes and associated
nodes. A anchor node 0, € V serves as an anchor for hyperedge construction and
dynamically connects to a set of associated nodes S{#.} to form a hyperedge. The set
of associated nodes S(¥) is united with the anchor node v. to represent a complete
data relation within a hyperedge.

To effectively uncover potential high-order relationships across modalities, we
propose a dynamic learning process that constructs a hypergraph over multimodal
features. Specifically, for each anchor node ©. € V, which represents a modality, the
hyperedge e(v.) € £ is generated by reconstructing the anchor node 9. and connect-
ing it with candidate associated nodes S(9.) = {0.|0. € V, 0. # 0.} that representing
other modalities. This process can be mathematically formulated as follows:

l(i]C) = H')EC(UC) ’ ap(i]C) - 9% : XL(S(UC))HZ (5)
where || - ||2 represents the 2 norm of the vector. X.(9.) and X.(S(¢.)) denote the

node feature matrices of the anchor node v. and the candidate associated node set,
respectively. 6,(v;) € R4mxd denotes a learnable projection matrix specific to the



generation of the hyperedge e(9.) € £. 0, € RMeI=1 represents the trainable recon-

struction coefficient vector for a specific spatial hyperedge, where each element 60, (9.)
denotes the learned reconstruction coefficient of the node o, € S(%.). Based on 6,
the hyperedge corresponding to the anchor node v. is constructed by selecting can-
didate associated nodes S(9.) = {v.|v. € S(v.),0s,(0.) > 0} whose reconstruction
coeflicient are positive. In contrast, unselected nodes with a reconstruction coefficients
below zero are connected by dotted lines.

The reconstruction error I(v.) measure the deviation of the reconstruction of the
anchor node. In practice, we impose both /1 norm and (2 norm on 6,, simultaneously
to balance the number of selected associated nodes and control the impact of outliers
that may lead to non-smooth results [30, 37]. Overall, the loss of the hypergraph
generation process is defined as:

Lr=> (i) +abs,

veY

1+ B0, [|2 (6)

| - [|]2 denotes the I1 norm of a vector. & and § are hyperparameters that trade off
{1 norm and [2 norm regularization terms of the coefficient vector 6, . The overall
hypergraph construction process is defined as fhgc()E ).

Hypergraph Learning for Prediction Let H represents incidence relations between

hyperedges and nodes, with entries defined as follows:

1 Ve = Ve
H(vc, er (vc)) = s, (ve) Ve € €(De),ve # €F (D) (7)
0 otherwise

The embedding of hyperedges is aggregated by node features as follows:

> voey H(ve, e (0e)) % X (v.)

Ee(v.)) = > w.cy Hve, € (0c))

(8)

After that, we employ a multi-head attention mechanism to better capture corre-
lations across nodes in the generated hypergraph, where hyperedges associated with
each anchor node are used to update the anchor node embedding. The hyperedge
associated with node 9, is represented as £(0.). Fig 1 part (B) illustrates the update
process for a anchor node v, with two associated hyperedges e (0.) and ex(0..): we first
compute the multi-head attention between v, and e;(?.), and then use the normalized
attention score as the weight of e;(9.). The calculation involves Eq 9 to Eq 13.

Q" (0c) = O%(h) - X(ic) 9)

where the dimension of X (4.) is R?, and ©%(h) € R#*d denotes the trainable matrix
on the h-th attention head, h € [1, P]. P is the number of attention heads. The anchor
node is projected to generate the h-th query vector Qh(i)e) by ©4(h). Similarly, we



also generate key vector Kh(vc) based on hyerpedge e;(?.) as:
K" (e1(ve) = ©F(h) - Eex(0e) (10)

The dimension of ©F(h) is R#*%. The attention value of h-th head between v, and
e1(0.) are derived as follows:

1

A (e, e1(00)) = (Q" () - ©2(h) - K" (e(0c))) 7 (11)

The attention matrix ©%(h) € R¥*# represent the learnable correlation information
across multimodalities. Moreover, since since large magnitudes of K and ) can sub-
stantially increase the attention scores and eventually cause gradient explosion [38],
we divide the attention scores by v/d to stabilize the training process.

Following this, the calculated attention score Ah(i)c, e1(0.)) dynamically quantifies
the importance of hyperedge e; (0. to the anchor node v, under the h-h attention head.
The weight of hyperedge e; (9. is obtained as follows:

wg(UCael 0e)) = H Ucael (0c)) (12)
h€e(l,P)

|| represents concatenation, and the dimension of weight vector wg (., e1(9.)) is RY,
stacked by attention score on each head. To obtain the final weight vector for each
hyperedge, we aggregate the weight values from all related hyperedges and apply the
softmax function as follows:

Wy (e, €) = Softmax (W (Vc, €))) (13)
Ve€&(ve)

where wy (0, €) € RE*IEW | with elements are normalized among all hyeredges per
head. The attentive aggregation of head h for node ¥, is calculated as follows:

o) = Y (wy (ie,e) x K" (e)) (14)

e€&(ve)

wg (e, €) denotes the scalar entry of h-head in the weight vector wg (¥, €) of hyperedge

e, and the dimension of o(i.)O"(0,) is R¥. After concatenating all P heads, the
updated node embedding of v, is obtained through a shallow multi-layer perceptron
(MLP), denoted by:

OY (i) = MLP( || )o" () (15)

hell,P]
We average the node embedding of all nodes Of to read-out the graph representation
05 € R<. The loss function used by each edge device during local training is defined

as follows:
L=~L,+ (1 —~)CE(MLP(0Y,Ib)) (16)



The MLP maps the graph representation to the label space, while the cross-entropy
loss (CE) measures the discrepancy between the predicted and ground-truth labels b.
v is a weight hyperparameter to trade off the effects of reconstruction loss and the
loss of supervised local training. The overall hypergraph learning process is defined as

fhgl(gde:g)-

4.3 Modality-sensitive Aggregation

upon completion of on-device local training, each edge device uploads its hypergraph
learning parameters, 62 = {©%, ©F} together with the sequence of available modality
names, M., to the server. To mitigate performance degradation caused by divergence
across on-device modalities [39], we propose an MSA process based on minimum edit
distance (MinED) [40], which serves as an aggregation weight measure to identify
informative model parameters from neighboring edge devices. A larger sum of pairwise
MinED scores among neighboring edge devices indicates greater modality diversity.
The normalized model parameter aggregation for edge device ¢ is then computed as
follows:
_ MinED(M;, Mg)

Y ece MinED(Me, M)
We assign aggregation weight matrix w, to each edge device , ¢ € C and aggregate the
uploaded model parameters accordingly. This process is defined as fi,sq ({08 }cec)

we(€) (17)

4.4 Overall Training Process

The overall collaborative training process of FedHyperM is described in Algorithm 1.
The workflow of FedHyperM proceeds as follows:

1. At the beginning of the collaborative learning process, the multimodal feature
extractors are initialized on each edge device.

2. In the t-th communication round, each device encodes multimodal features, performs
hypergraph-based multimodal prediction, and then uploads the parameters learned
during hypergraph training to the server.

3. The server aggregates the uploaded parameters using a modality-sensitive aggrega-
tion mechanism and then distributes the updated parameters to each device.

4. Each device receives the aggregated parameters from the server and updates its local
hypergraph learning model accordingly.

5 Experimental Designs

5.1 Research Questions

In this section, we conduct extensive experiments to evaluate the effectiveness of
our proposed framework from different perspectives. We aim to answer the following
research questions:

® RQ1: How does our proposed FedHyperM perform in terms of model performance
compared to the five baselines?



Algorithm 1 FedHyperM

Input: The number of device N, the number of communication round 7', the set of
local dataset across devices X, and the set of local models across edge devices {6.}

1: The multimodal feature extractor at each edge device is initialized as fini(05; X.).
2. for each round t € [1,2,...,T] do
3: // Edge device side.
4 for cach device ¢ € C (in parallel) do
5: X(t)  fo(Xe;05(t)) > Multimodal feature extraction
6 The hypergraph is dynamically constructed from the multimodal features

. using Ge(t) < frge(X (1))

7: Hypergraph learning for prediction is performed using f1,4:(G.(¢); 02(t))
8: upload 62(t) to the server

9: end for

10: // Server side.

11: Assign aggregation weights by Eq.17 > Modality-sensitive model aggregation
12: Update 05(?) by fmsa({{og}ce(f})

13: Distribute 62(t) to each edge device ¢

14: // Edge device side.

15: for each device ¢ € C (in parallel) do
16: Update 62(t + 1)) by 62(t)
17: end for

18: end for

Name H Setup
Loss function Cross entropy loss
Optimiser Adam [41]
Learning rate 1.5e-3
Dropout rate 0.3
Weight initialiser Xavier [42]
Communication round 150
Graph readout func 2 linear layers, 1 output layer

Table 1: Shared parameter setup in FedHyperM.

® RQ2: What is the impact of key hyperparameters 8 and « on the FedHyperM
performance?

¢ RQ3: How do different components, such as and affect the performance of
FedHyperM?

5.2 Experimental Setup

We assume an edge-cloud environment comprising one cloud server and E = 3 edge
devices.

1) Dataset: To evaluate the proposed framework, we conduct experiments on the
UR-FALL dataset [5], which comprises 11,544 samples extracted from 70 RGB-depth
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video sequences. Each sample includes three modalities and is annotated for three-class
fall detection: not lying, lying on the ground, and transitional poses.

2) Data Partition: In our work, we simulate modality heterogeneity by assuming
that the availability of each modality n € N follows an independent Bernoulli distribu-
tion Bernoulli(py,) [39]. Here, we use the modality existing rate (MER), py, to denote
the probability that an edge device possesses modality n. Specifically, as p — 0, the
variance in modality availability across edge devices increases. The local datasets for
both the cloud server and edge devices are uniformly sampled from the global dataset.
Each local dataset contains 2000 samples, of which 80% are used for training on both
the devices and the server [20].

3) Training Settings: The shared parameter settings during the training process
are summarized in Table 1. We adopt Adam [41] as the optimizer with a learning rate
of 1.5 x 1073 for all trainable components, and set the dropout rate to 0.3 [20]. An
LSTM is used to extract features from signal data, while ResNet50 is applied to image
data [22]. The models are trained collaboratively for 150 communication rounds with
a batch size of 16 for both training and testing [21]. All parameters are initialized
using Xavier initialization [42].

To emulate the edge-cloud environment, we leverage Python’s multiprocessing
package!, assigning each edge device, including the server, to an individual process.
This allows edge devices to conduct local training and transmit updated model param-
eters independently across communication rounds, while the server coordinates and
aggregates these updates at each round.

4) Baselines: We compare our framework with five state-of-the-art baselines.

e FedAvg [13] is the first and one of the most widely adopted FL methods. In
each training round, edge devices send their locally updated model parameters
to a central server, which aggregates them by averaging to form a global model
that is then redistributed for the next round of local training.

e FedCor [15] adopts a correlation-based device selection strategy for hetero-
geneous FL. It formulates the objective of accelerating convergence as an
optimization problem that maximizes the expected posterior loss reduction
among edge devices using a Gaussian process.

e FedProx [14] incorporates a proximal term into the local training loss among
edge devices to constrain the divergence between local and global models,
thereby aim to mitigate performance degradation caused by system and data
heterogeneity.

e AutoFed [24] employs an autoencoder-based data imputation method to handle
missing modalities. The autoencoder is pre-trained and remains fixed during the
training process of AutoFed.

¢ FedInMM [27] utilize a dynamic weight map to rescale modality features and
formulate different contributions of these features among edge devices.

5) Performance Metrics:

1[Online]. Available: https://docs.python.org/3.8/library /multiprocessing.html
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UR-FALL

MER Method Avg. Acc B.Acc W.Acc Avg.F1 B.F1 W.F1
FedAvg 0.608 0.694 0.555 0.614 0.669 0.527

FedCor 0.655 0.716 0.604 0.634 0.671 0.587

=05 FedProx 0.623 0.689 0.584 0.578 0.673 0.528
’ AutoFed 0.652 0.712 0.608 0.658 0.693 0.625
FedInMM | 0.715 0.729 0.674 0.702 0.721 0.677

Ours 0.741 0.753 0.732 0.733 0.747 0.710

FedAvg 0.627 0.692 0.575 0.629 0.674 0.583

FedCor 0.664 0.685 0.613 0.657 0.699 0.594

p=0.7 FedProx 0.640 0.677 0.598 0.631 0.685 0.596
’ AutoFed 0.688 0.742 0.654 0.694 0.737 0.651
FedInMM | 0.729 0.737 0.701 0.724 0.742 0.705

Ours 0.767 0.776 0.754 0.758 0.771 0.739

FedAvg 0.706 0.741 0.678 0.710 0.737 0.687

FedCor 0.714 0.749 0.692 0.697 0.731 0.666

p=0.8 FedProx 0.726 0.741 0.699 0.730 0.748 0.712
’ AutoFed 0.742 0.759 0.728 0.751 0.759 0.734
FedInMM | 0.758 0.767 0.741 0.756 0.768 0.748

Ours 0.787 0.794 0.782 0.778 0.785 0.771

Table 2: Results on UR-FALL for performance evaluation.

e Average Accuracy (Avg. Acc) measures the mean test accuracy across all
models on the edge devices.

® Best Accuracy (B. Acc) reports the hightest test accuracy achieved by any
model across the edge devices.

® Worst Accuracy (W. Acc) records the lowest test accuracy among all models
on the edge devices.

e Average F1 (Avg. F1) denotes the average test F1 score across all edge models.

® Best Accuracy (B. F1) represents the highest F1 achieved by any edge models.

® Worst Accuracy (W. F1) records the minimum F1 across all edge models.

6 Results and Disscussion

6.1 Overall Performance Analysis and Discussion (RQ1)

Under modality-heterogeneous settings, we simulate different modality missing rates
by setting the modality existing rate p to 0.5, 0.7, and 0.8. We evaluate the proposed
method on the UR-FALL dataset and compare it with FedAvg, FedCor, FedProx,
AutoFed, and FedInMM. The results are reported in Table 2. As shown in the table,
FedHyperM consistently achieves the best performance across all modality availability
settings and evaluation metrics, demonstrating its robustness under modality-missing
conditions. Specifically, when p = 0.5, our method achieves 0.741 Avg. Acc, 0.753
B. Acc, 0.732 W. Acc, 0.733 Avg. F1, 0.747 B. F1, and 0.710 W. F1, outperforming
the strongest baseline FedInMM by 3.64%, 3.29%, 8.61%, 4.42%, 3.61%, and 4.87%),
respectively. When the modality availability increases to p = 0.7, our method further
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Fig. 2: The impact of @ on FedHyperM for various .

improves the performance to 0.767 Avg. Acc and 0.739 W. F1, with relative gains
of 5.21% and 4.82% over FedInMM. Under p = 0.8, our method still maintains clear
advantages, achieving 0.787 Avg. Acc, 0.794 B. Acc, and 0.771 W. F1.

Across all modality heterogeneity levels and all five baselines, FedHyperM achieves
average relative improvements of 12.37% in Avg. Acc, 7.36% in B. Acc, 17.58% in W.
Acc, 12.12% in Avg. F1, 7.71% in B. F1, and 16.43% in W. F1. Compared with all
baselines across different modality heterogeneity levels, our method brings consistent
improvements of 3.64% to 22.33% in Avg. Acc, 3.29% to 14.62% in B. Acc, 5.53%
to 31.89% in W. Acc, 2.91% to 26.82% in Avg. F1, 2.21% to 14.39% in B. F1, and
3.07% to 34.72% in W. F1. These results indicate that the proposed method can effec-
tively exploit multimodal information under heterogeneous modality availability and
achieve stable performance improvements over existing multimodal federated learning
baselines.

6.2 Sensitivity Analysis (RQ2)

In this section, we investigate the sensitivity of FedHyperM to two key hyperparame-
ters, i.e., & and (3, on the UR-FALL dataset, as shown in Fig 2 and Fig 3. Specifically,
Fig 2 reports the impact of a under different values of 3, while Fig 3 further analyzes
the influence of 8 when « is fixed to different settings. We evaluate the performance
using average accuracy and average Fl-score. As illustrated in Fig 2, when £ is fixed
at 0.4, 0.5, and 0.6, both average accuracy and average F1l-score first increase as «
grows from 0.1 to 0.3, and then gradually decrease when « further increases to 0.5.
This indicates that a small & may underemphasize the 11 norm regularization of the
reconstruction vector limiting the effectiveness of FedHyperM in capturing useful het-
erogeneous information. In contrast, an overly large a may introduce excessive bias
toward this factor, which weakens the balance among different components and slightly
degrades the final performance. The best results are generally achieved when a = 0.3,
where FedHyperM obtains the highest average accuracy and average F1l-score under
different § settings. In addition, 8 = 0.5 consistently yields better performance than
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Method Avg. Acc B.Acc W. Acc Avg. F1 B.F1 W.F1
Ours 0.787 0.794 0.782 0.778 0.785 0.771
-w/o HyperG 0.738 0.754 0.717 0.744 0.761 0.735
-w/o MSA 0.721 0.739 0.706 0.718 0.738 0.695

Table 3: Ablation Study Results of FedHyperM on the UR-FALL Dataset.

B8 = 0.4 and B = 0.6, suggesting that a moderate 8 value is more suitable for the
UR-FALL dataset.

Fig 3 further presents the effect of 8 when « is set to 0.2, 0.3, and 0.4. A similar
trend can be observed: the performance improves as 3 increases from 0.3 to 0.5, but
declines when [ continues to increase to 0.7. When f is too small, FedHyperM may
insufficiently consider the impact of 12 norm regularization of the reconstruction vector,
leading to suboptimal model aggregation and representation learning. However, when
[ becomes too large, the model may overemphasize this factor and become less robust
to modality and data heterogeneity. Among all tested settings, 5 = 0.5 achieves the
best overall performance. Moreover, a = 0.3 consistently outperforms a = 0.2 and
a = 0.4 across most 3 values.

Overall, the results in Fig 2 and Fig 3 demonstrate that FedHyperM is relatively
stable within a reasonable range of hyperparameter settings, while the best perfor-
mance is obtained around o = 0.3 and 3 = 0.5. Therefore, we adopt a = 0.3 and
B = 0.5 as the default configuration in our experiments.

6.3 Ablation Study (RQ3)

To evaluate the contribution of each core component in FedHyperM, we conduct an
ablation study on the UR-FALL dataset, and the results are reported in Table 3.
Specifically, we design two variants of FedHyperM. The first variant, FedHyperM
w/o HyperG, removes the hypergraph learning module and directly concatenate the
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multimodal features into an MLP for prediction. The second variant, FedHyperM
w/o MSA, replaces the proposed modality-sensitive aggregation strategy with simple
average aggregation.

As shown in Table 3, the complete FedHyperM consistently achieves the best
performance across all evaluation metrics. Compared with FedHyperM w/o HyperG,
FedHyperM improves Avg. Acc, B. Acc, W. Acc, Avg. F1, B. F1, and W. F1 from
0.738, 0.754, 0.717, 0.744, 0.761, and 0.735 to 0.787, 0.794, 0.782, 0.778, 0.785,
and 0.771, respectively. This corresponds to relative gains of 6.64%, 5.31%, 9.07%,
4.57%, 3.15%, and 4.90%. These results indicate that the hypergraph learning module
can effectively capture high-order correlations among multimodal features. In addi-
tion, removing the proposed MSA mechanism leads to more significant performance
degradation. Compared with FedHyperM w/o MSA, FedHyperM achieves improve-
ments of 9.15%, 7.44%, 10.76%, 8.36%, 6.37%, and 10.94% on Avg. Acc, B. Acc, W.
Acc, Avg. F1, B. F1, and W. F1, respectively. This demonstrates that simple aver-
age aggregation is insufficient under modality-heterogeneous settings, since it ignores
the modality-specific contribution of different edge models. By contrast, the pro-
posed MSA mechanism assigns more appropriate aggregation weights according to
modality-related information, thereby improving model robustness and generalization.

Overall, the ablation results verify the effectiveness of both HyperG and MSA.
The performance drop caused by removing either component confirms that high-order
multimodal relation modeling and modality-aware aggregation are both essential for
FedHyperM under heterogeneous multimodal federated learning scenarios.

7 Conclusion

In this paper, we proposed FedHyperM, a federated multimodal learning frame-
work for edge devices under modality heterogeneity. FedHyperM constructs adaptive
hypergraphs on local devices to capture high-order correlations among available
modalities and introduces a modality-sensitive aggregation mechanism to reduce
aggregation noise caused by different modality combinations. Experiments on the
UR-FALL dataset show that FedHyperM consistently outperforms representative
baselines, including FedAvg, FedCor, FedProx, AutoFed, and FedInMM, under differ-
ent modality existing rates. Sensitivity and ablation studies further verify the stability
of FedHyperM and the effectiveness of its key components. These results demonstrate
that FedHyperM can effectively improve federated multimodal learning performance
while preserving local data privacy in heterogeneous edge environments.
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Appendix: Figure Title and Legend

Figure 1: The overview of FedHyperM. framework.

FedHyperM consists of three key processes for multimodal edge—server collabo-
rative learning. First, multimodal raw data collected from edge devices are encoded
into high-quality modality-specific representations using dedicated feature extractors,
enabling each modality to preserve its discriminative semantic information. Second,
on the edge side, FedHyperM adaptively constructs hypergraphs over the extracted
multimodal features, where hyperedges model high-order correlations among samples
and modalities. Hypergraph learning is then performed to enhance feature interaction
and improve local model representation under heterogeneous multimodal conditions.
Third, on the server side, a modality-sensitive aggregation (MSA) mechanism is
applied to dynamically adjust the contribution of each edge model according to
its modality characteristics, thereby alleviating performance degradation caused by
multimodal heterogeneity and improving global model robustness.

Figure 2: The impact of & on FedHyperM for various (.

(a) The line chart illustrates the effect of o on average accuracy under different
values of 8 on the UR-FALL dataset, showing that the optimal setting of « is 0.3; (b)
The results present the influence of o on average F1 under different 8 values on the
UR-FALL dataset, demonstrating that o = 0.3 achieves the best performance.
Figure 3: The impact of 8 on FedHyperM for various «.

(a) The line chart illustrates the effect of 8 on average accuracy under different
values of @ on the UR-FALL dataset, showing that the optimal setting of 5 is 0.5; (b)
The results present the influence of S on average F1 under different @ values on the
UR-FALL dataset, demonstrating that 8 = 0.5 achieves the best performance.
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