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Abstract

Multimodal federated learning in real-world settings often encounters incomplete
and heterogeneous data across clients. This results in misaligned local feature
representations that limit the effectiveness of model aggregation. Unlike prior
work that assumes either differing modality sets without missing input features or a
shared modality set with missing features across clients, we consider a more general
and realistic setting where each client observes a different subset of modalities
and might also have missing input features within each modality. To address the
resulting misalignment in learned representations, we propose a new federated
learning framework featuring locally adaptive representations based on learnable
client-side embedding controls that encode each client’s data-missing patterns.

These embeddings serve as reconfiguration signals that align the globally aggre-
gated representation with each client’s local context, enabling more effective use of
shared information. Furthermore, the embedding controls can be algorithmically
aggregated across clients with similar data-missing patterns to enhance the robust-
ness of reconfiguration signals in adapting the global representation. Empirical
results on multiple federated multimodal benchmarks with diverse data-missing
patterns across clients demonstrate the efficacy of the proposed method, achieving
up to 36.45% performance improvement under severe data incompleteness. The
method is also supported by a theoretical analysis with an explicit performance
bound that matches our empirical observations. Our source codes are provided at
https://github.com/nmduonggg/PEPSY

1 Introduction

Due to the rapid advances in 10T technologies [4} 23] and growing concerns over privacy pro-
tection [52], there are now numerous emerging multimodal federated learning (MMFL) scenar-
ios in which clients observe different subsets of input modalities and must collaborate to train
a common model without sharing data. These scenarios introduce two interrelated data-missing
events: (1) clients may have access to only a subset of feature modalities [8,45]] (e.g., one device
collects audio while another collects physiological signals), and (2) inputs within each modality
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may be partially missing due to sensor failures or intermittent recor@4g39]. These chal-
lenges fundamentally disrupt the implicit assumption of traditional federated learning (FL) meth-
ods [38,122,121,166,167,32,51,/31,/11,/40,[37,116, 50,161, 58, 141], which presume that all local models

are trained on a common set of feature modalities.

Challenge.When local models are optimized over different feature subsets, they tend to map inputs
into incompatible representation spaces. Aggregating such models without proper alignment risks
collapsing informative representations into entangled or degraded ones, ultimately reducing global
performance. This problem is further exacerbated by heterogeneous data-missing patterns across
clients, both in terms of available modalities and partial input observat#ths§] (see Fig. 1). These
compounded patterns are common in real-world applications such as wearable health monitoring,
distributed environmental sensing, and smart infrastructure, where data collection is increasingly
decentralized and sensor failures occur more frequent. Effectively addressing both missing modalities
and missing features is essential for enabling next-generation distributed computing infrastructures,
where learning must operate over heterogeneous, fragmented, and privacy-preserved data sources.

Limitation of Prior Work. Despite growing interest in multimodal and federated learning, most
existing work focuses on idealized settings where all clients observe the same set of modalities.
As a result, the general MMFL setting, where both events of data-missing occur, remains largely
unaddressed. Existing approaches can be grouped into the following directions:

First, several efforts extend FL to multimodal inputs by designing universal represent&ns |

60, 6, 43, 46|, but they assume all clients observe the same modalities, ignoring modality het-
erogeneity. Second, centralized data imputation methods, including heuristic impusi6][

neural imputation 9, 57, 18, 14, 12, 19|, deterministic reconstruction using available modali-

ties [63, 7, 47, 36, 20, 44, 39|, and generative approachels’] 25, 2, 62, 30, 29|, require access

to all data-missing patterns to ensure consistent imputation, and thus cannot be applied to fed-
erated settings. Third, it is also possible to leverage pre-trained multimodal foundation models
(FMs) [12, 19, 1, 5, 48, 59, 33] to provide consistent data imputation, but in many scienti ¢ domains
such as healthcare, there is no FM that spans all feature modalities. Most recently, a few recent
FL-speci ¢ works [B, 45, 64, 39] begin to investigate these data-missing challenges in isolation. How-
ever, when both modalities and input features are missing, these methods fail to achieve satisfactory
performance (see Section 4).

Fundamental Gap. In hindsight, what remains missing in these approaches is a mechanism to
capture and communicate how each client's local view of the data is shaped by its speci c patterns of
missing information. Since the server cannot observe the training data, it lacks the context needed to
align or recon gure representations for any particular client. Conversely, each client is only aware of
its own data-missing context and cannot fully interpret or adapt the aggregated representation to its
local setting. This reveals the need to learn a shareable data-missing pro le for each client, which
summarizes the characteristics of its local data-missing patterns, providing more speci c instructions
to recon gure the shared model towards local data contexts.

Solution Vision. The above reasoning motivates the following key insight and hypothesis. It is
possible to learn and internalize speci c traits in each client's data-missing pro le into a set of
embedding controls which can be used to recon gure the shared model towards the local context. In
this view, embeddings with similar content can also be aggregated which enables collaboration among
clients with similar data-missing pro les. This design enables each client to adapt the shared model to
its own incomplete data view, without requiring data sharing or retraining, providing a robust solution
to multimodal federated learning with missing data.

Technical Contributions. To substantiate the above vision, we have made the following contributions:

1. We develop a new multimodal federated learning framewBE&R S)with a client-side design that
encodes the characteristic traits of each client's feature modalities, data speci cs, and data-missing
patterns into a set of local embedding controls. These local embeddings are communicated to the
server, where they can be aligned and aggregated to capture commonalities across clients with similar
data-missing pro les. The aggregated embeddings then serve as instructions to recon gure the shared
representation in a manner that is adaptive to each client's local context (Section 2).

2. We develop a rigorous theoretical analysis which establishes a direct bound on the expected perfor-
mance ofPEPSver random patterns of missing data in terms of the training loss, demonstrating its
stable performance and highlight the effectiveness of the proposed method (Section 3).



Figure 1: From left to right:(a) Performance comparison showing that FedAvg degrades rapidly with increasing
missing data, while our framewofREPSYemains robust(b) lllustration of two types of data-missing events in
MMFL systems: (1) missing modalities and (2) missing input featy@sZonceptual illustration highlighting

the key distinction between our approach and prior work (see Section 2).

3. We evaluate the performance of our proposed framework against existing baselines through
extensive experiments on the PTBX&3 and SleepEDFZ4] datasets. The results show that our
method consistently outperforms existing baselines across numerous multi-modal data missing
scenarios, establishing new SOTA performance in multimodal federated learning (Section 4).

2 Multimodal Federated Learning (MMFL) with Missing Data

2.1 Problem Formulation and Method Overview

Standard Problem Formulation. In a MMFL system, there ané clients, each with a local dataset
Dy consisting ofDj multimodal observationé ;Y 4), wherex 4 denotes the input instance and
y 4 represents the corresponding label. Each instagamay miss some modalities, represented by a
missing seSy M , whereM is the full set of modalities. The goal is to learn a global model

by minimizing the following loss function:

1 X
=argmin_~ ()i with (), L f(Dw; ) ; 1)
k=1
wheref (Dy; ) denotes multimodal prediction model with paramtereover dataseDy, and
L f(Dg; ) is an average loss of over dataseDy. Following [8, 45, 64, 39], can be decom-
posed into two main modules: feature extractgiand post-processing head (including fusion and
prediction) ,. Accordingly,f can be expressed &§Dy; ), f, fo(Dk; e); p ; Wherefe()
denotes the feature extractor &y ) represents the post-processing head.

Recon gured Problem Formulation. As each clientin MMFL only observes its own data-missing
local view, the representations it produces are potentially biased. Based on this, we introduce a
so-calleddata-missing pro le , with embedding controls.e., , f g, ,torecon gure these
biases into data-complete features. This resulf{Dy; ;) as arecon gured version of original
prediction model,

f(Dk; )  fp fe(Dks e r(Dx; ) p ¥

where denotes set concatenation, ari@y; ) represents a so-calleelevance functiothat returns
relevant embeddings for eagly 2 D . Intuitively, this relevance function captures missing pattern
information needed to recon gure instancedip, which can be learned by rewriting Eg. 1 as:

L o]
;= argmini W) owd ) ©))
' k=1
where, «( ;) , L f(Dx; ;) anduk( ;) , R r(Dg;) : 4)

whereR estimates relevance between each instandggimnd its embeddings selected bfy).
Intuitively, minimizing “x( ; ) leads to neural componentsthat extract data-missing features,
which are recon gured by for predictions. Conversely, maximizing( ; ) enables to adaptto
local context, effectively distilling missing patterns.

Method Overview. An overview of our proposal is in Fig. 2a. FormalREPSYperates over
multiple communication rounds, each consisting of client-side training and server-side aggregation.



(a) Overall Work ow. PEPSYhas two stages(tb) Client Design. Each clientd extracts modality- and
client training and server aggregation. After loagdta-speci c featuresy™, w ™), then@ queries the data-
training, client parameters are sent to the servemtissing pro le  to formw ™ as the missing-pattern fea-
perform aggregation, which includes FedA&g[ ture. @ Finally, w™s recon gures (v ™% w™) into data-
and probabilistic synchronization. complete features for downstream tasks.

Figure 2: Overview of the overall server-client work ow d®?EPSYnd its client design.

On the client side, each clie@ extracts information from its local dataset, potentially with some
modalities missing, an@® leverages the extracted information to select relevant embeddings from

for each instance 4, thereby@® constructing data-complete representations. Further details are
provided in Sections 2.2.1 and 2.2.2, respectively. To ensure nal representations are faithfully
data-complete, we enforce these features to be comparable with full-modality features before fusion
and prediction (see Section 2.2.3). On the server side, due to variable size of data-missing pro le
per client, we treat the data-missing pro le aggregation as a non-parametric clustering problem, as
presented in Section 2.3This process repeats fdrrounds until convergence.

2.2 Client Design

This section explains how clients learn the data-missing pro le and use it to recon gure biases caused
by limited local data views. An overview of the client design is shown in Fig. 2b.

2.2.1 Data-Missing Representations

Intuitions. In the presence of missing modalities, the information within a multimodal instance
can be decomposed into three components: modality-speci ¢ (distinguishing different modalities);
data-speci ¢ (capturing the integrity of the individual instance); and missing-pattern information
(distinguishing different missing patterns). Based on this decomposition, we extract these components
to construct a comprehensive data-missing pro le for each client.

Formally, given an instanceq = fXq;8 2 MnS ggwe rst construct (1)modality-speci ¢
features‘wg}o"g and (2)data-speci c featurest w i°g. The former are represented by learnable
embedding$V mod = fw{“o“g{'\f'l to ensure data invariance and are shared across all instances, i.e.,
wg}od = wm°d (8d). The latter are constructed by mapping and normalizing each observed modality
Xgi (Bi 2Mn'S ¢) to corresponding representations, denoteld asFor missing modalities, we use

a common averaging approach [54, 28] to reconstruct their features, resulting in the formulation:

1 X

M IS dl e,

wd®, 1(i2Saha +1 12Sq hg 5)

wherel depicts an indicator function. To ensure the feature reconstruction in Eq. 5 are truly data-
speci ¢, we introduce a data-speci ¢ loss that regularizes the features from the same instance's

°Other neural components can be aggregated effectively using FedAvg [38]



available modalities to be closer than those from different instances:
>
exp(faifg )

(6)

Las(Xd; Sd) » log p o = S
|J 2S¢ dy;d,6dy klgslel(z%Sdz exp(ﬁdlkl ﬁdzkz)

wherefgy represents th&-normalized feature dfig. Intuitively, minimizing L 4s ensuresh;
preserves instance identity across modalities while reducing the impact of missing pSiterns
thereby improving prediction consistency and stability. This is justi ed by the theorem in Section 3.

Remark. While wg}"d encodes modality-speci ¢ information and}i® captures data-speci ¢ details

in uenced by the missing patter8y (Eq. 5), together they comprehensively represent the data-
missing information ik 4. This combined information can be distilled into the data-missing pro le,
allowing future clients leverage similar data views to handle their local context.

2.2.2 Embedding Controls Selection

Intuition. Since data-missing features re ect the client's local missing patterns, learning data-missing
pro les requires interaction between these features and embedding controls. We model this interaction
as a query-key matching process that selects the most relevant embeddings for each instance to distill
and recon gure, formulating the nal data-complete features. Details are below.

Given data-missing representatiqus]°% wls); i 2 M , fromx 4, we allow it to select the relevant
embeddings from for recon guration. The relevance between each modalifyand a particular
embedding control , (p=1::: ), denoted as(Xgi; ,),is de ned as follows:

(Xai; p) . € a(xa);k( p) ; (7)

wheree( ; ) depicts the cosine similaritg(xqi) , MLPY([wT°d wns]) fully captures data-missing
information fromx 4. Herek () is an identity function to distill the original information directly from
Xqto ,allowing accurate recon guration from,, without distortion. To prevent the model from
distributing data-missing information iy too broadly and diluting learned data-missing pro le, we
only allow relevant embedding controls selected for each instance, wifh  j. To enforce this,
we introduce a regularization term:
oI X
R, (Xdi;Vv); (8)
d i v2 di

where g is the set of the most relevant embeddings for each modatity within the client's

local data-missing pro le. This regularizer encourages each instance to focus on a small, relevant
subset of embedding controls, promoting more precise relevance assessment and better distillation.
We use the averaged embedding to represent the whole selecteg s&sulting in missing-pattern
representatiow 'S, The nal representation is then formedwasg; = [w°d wilis ws),

2.2.3 Recon guration Regularization and Modality Fusion

Recon guration Regularization. By leveraging the missing pro le, we form the nal representation

wg by concatenating three types of informatief°d; wls andwI's. To ensure the nal represen-

tation faithfully re ects the full-modality information of instanoey, we introduce a contrastive

lossL ¢ as a recon guration signal. This loss encourages the projected representiagjooisw g;

from the same instancey to be close (similar to Eqg. 6). Intuitively, this regularization guides

the data-missing embeddings to reshape representations into data-complete forms, hence ensuring
effective recon guration signals. Note théty; ; 8i 2 M , are used solely for regularization.

Modality Fusion. Sincew g provides a high-level representation of the original feature, we leverage
the similarity amond W 4 g as attention weights to fugev 4 g together and form a so-calletdoss-
modal representatiohty; g: Finally, we combine the cross-modal representatigrand the original
representationvy to obtain the nal representatiocy; of instancexq: cgi = 4i€gi + (1

di)Wgi, Where g is computed by a learnable functisffwg €4i]), with denoting element-
wise concatenation. The resulting representatigns then passed to the prediction head, ensuring
that it captures both the completeness of the data and enriched cross-modal contextual information.

IMLP denotes a linear projector



Training Objective. After producing nal prediction using a prediction head, the client model is
evaluated by a task-speci c loss functibr,s . Overall, the training objective for the local model
iSL, Liusk + (Lgs+ Lyo) R; where and are weighting coef cients that control the
contributions ofL 45 , L ¢, and the relevancR, respectively.

2.3 Server Aggregation

While traditional server aggregation algorithn®8][ can aggregate common neural components
among clients, it struggles with our data-missing pro les due to alignment issues. Local data-
missing pro les are learned in arbitrary orders across clients, leading to misalignment where identical
embedding positions may represent different data-missing patterns. Consequently, directly merging
these representations can produce suboptimal results. To overcome this, we frame data-missing
pro le alignment as a clustering task that groups embeddings from diverse client views into a global
pro le. Since each client may select a different number of embeddings within its data-missing pro le

, this becomes a non-parametric clustering probl8& 34, 27]. This study adopts PFPTB§] as the
pro le aggregation method, enabling the number of clusters to adapt dynamically to data complexity,
or missingness level in our context. Each client re nes the global pro le using its private data,
producing locally augmented controllers whose size and complexity re ect the client's missingness
level. Using PFPT's non-parametric nature, the server clusters similar controllers and updates the
global pro le to re ect the missingness complexity of the whole system, which is then shared with
clients for the next training round. This process all®E&EPSYo align missingness pro les across
clients and effectively handle heterogeneous data-missing patterns (see Section 4 for details).

3 Theoretical Analysis

Ideally, we expect the model's predictions to remain robust even in the absence of certain modalities.
In this section, we present a theoretical analysis of the convergence behavior of our model's output
for a given instance& under two conditions: when all modalities are available and when some are
missing. Speci cally, we demonstrate that our training objectives are designed to minimize the
discrepancy between these two prediction outcomes.

Theorem 3.1 Letx 2 D be an arbitrary instance with a missing modality patt&n M , where
M denotes the full set of modalities. Suppggeandy; represent the model's outputs at test time
whenx is missing modalities is, and when all modalities are present, respectively.E,et denote
the expectation over all instancgsand all possible missing patteri® Then, if the client model is
-Lipschitz continuous, the distance betwggrandy; can be bounded by the empirical training
loss as follows:
s I
Ex.;s .[Lgs(X;.S)] +10g — _JMJ 2 .
(M sj)? (M s))?

Ecslyx Yl O S 9)

Observation 1. Theoretical analysis shows that the expected deviation caused by missing modality
patternsS is controlled by our proposed lossss, which is directly minimized during training.
ReducingL 4s lowers the model's dependency on missing data, tightening the theoretical error bound
and ensuring stable, reliable predictions despite incomplete inputs. Thus, our loss design both
mitigates the impact of missing modalities and improves generalization across diverse test conditions.

Observation 2. In the ideal case where tge solution is optimal, iBs[Lgs(x; S)] = 0, the
right-hand side of Eq. 9 simpliest® jSj logM2 log(M jSj )2 .WhenS!; ,i.e., all
modalities are available, both sides of the bound converge to zero GS expected. In the worst-case
scenario, whergSj = jMj 1, the right-hand side becomé&s (jMj 1) 2logjM] , depending

only on the Lipschitz constant. This aligns with the intuition that 45( ; ) minimizes modality
discrepancies within a shared embedding space but does not constrain the model's global behavior,
leaving the remaining deviation governed by the smoothness of the learned function, as re ected in

Overall, the stability oPEPSYo varying missing patterns depends on three factors: the alignment
quality of data-speci c featured s( ; )), the number of missing modalitigS(j), and the smoothness

of the learned model, characterized by the Lipschitz constaritheorem 3.1 supporBEPSY
effectiveness in federated learning, which matches our empirical observation.



Table 1: Performance of baselines on the PTBXL and EDF datasets under various missing patterns in train and
test sets, for both 11D and Non-IID scenarios. The best and second-best results are highligbtddena and
blue, respectively.

Dataset | Pm\Ps | Method | o I Non-lID
| | | o2 0.4 0.6 0.8 10 | o2 0.4 0.6 0.8 10
FedProx[31] 7343+0.38 73.64+101 7142+1.18 71.37+250 69.93+463401+3.66 51.15+530 50.06+1222 54.89+154 4417+131
MIFL[45] 73.52+1.45 70.95 +1.90 7141+1.46 56.66+22.68 69.99+ 3.060.99 +2.38 47.16 +3.16 49.39+1.75 51.37 + 2.55 50.78 + 4.76
0.2 FedIinMM64] 69.78+5.16 69.27+321 66.16+3.01 6549+£225 6545+2.784.17+6.82 40.48+10.87 41.23+11.34 40.52+11.20 40.31+10.70
) FedMSplit [8] | 54.84 +22.31 53.63+21.72 52.12+2155 5250+21.52 55.84+132275+356 4258+6.07 41.62+6.06 40.27+3.09 39.39+1.66
FedMAQ9] 7856+0.47 77.30£0.81 76.25+0.49 7549+107 7470+(.838.26+4.81 5855+302 5498+7.74 50.94+125 4838x0.59

PTBXL |

PEPSY 78.81+£0.72 77.43+0.88 76.75+147 76.13+025 7541+(82145+039 69.70+2.08 66.92+2.83 6826+256 6675532
FedProx[31] 72.76+0.57 7024+1.61 68.77+230 6524+494 33.79% }3@8.43 +125 42.08+0.53 3417+3.14 27.32+167 29.97+131

MIFL[45] 69.90+1.14 6536+2.12 5544+6.44 50.61+14.99 3539+6.90426+3.87 37.75+12.67 32.67+8.82 28.12+6.03 29.67+2.54
0.8 | FedinMM64] 63.10+£2.77 61.92+1.53 60.36+£0.16 56.95+213 35.31+1B3.88.81+17.45 46411499 4295+12.72 4237+1221 36.70+14.23
) FedMSplit [8] | 54.77 +20.66 49.56 + 18.20 45.82+16.29 43.97+1587 23.91+2H.03+2.09 4451+0.77 38.25+4.49 29.91+6.11 28.33+2.26
FedMAQ39] 74.25+048 73.06+0.65 70.36+0.75 67.17+298 41.51+¢.683.05+041 51.03£3.19 36.95+0.18 45.90+4.45 43.29+1.54

‘ ‘ PEPSY 76.25+0.77 75.96 + 1.82 76.42+0.98 75.08 + 1.65 45.07tq263.011395 65.40+1.01 69.19+0.16 60.40+7.11 53.07 + 2.66

FedProx[31] 44.08+0.59 4354+0.62 43.99+057 3565+12.22 34.02+143658+13.80 44.61+0.63 44.02+0.30 3225+11.94 44.27+0.34
MIFL[45] 44.19+0.73 4427+0.96 43.15+0.83 4332+219 4354+(22317+1.76 4335+£226 44.05+035 32.74+1573 44.42+0.33
0.2 | FedinMM64] 40.39+0.14 40.39+0.09 4024+0.11 40.33+0.12 40.37+(.240.99+0.98 40.73£0.57 40.46+0.24 40.87+0.94 40.43+0.26
b FedMSplit [8] | 41.91+2.31 36.47+11.44 43.09+220 43.77+147 41.42+2.802.95+1.37 33.98+1443 42.88+1.15 26.08+1354 43.43+1.11
FedMAQ39] 39.00+12.45 40.43+10.29 41.85+7.58 43581547 43.01+1.3860+1232 39.44+9.62 41.04+6.87 4313466 43.96+1.80
PEPSY 48.76 +5.41 49.37 +£4.43 48.70 + 4.03 49.27 +3.30 46.87 + 2454.841332 50.28 +4.11 54.50+0.14 51.07+5.24 53.35+6.13
FedProx[31] 41.49+3.69 31.15+1157 33.73+4.92 19.72+6.91 3353+14.283.87+0.44 2434+14.02 3456+13.11 34561299 34.17+11.53
MIFL[45] 4451+045 4225+1.67 42.99+0.91 41.07 £0.61 42.40+1.683.42+1.41 43.83+0.90 43.01+0.99 42.99 +1.00 42.40+0.70
FedInMM64] 40.31+0.13 40.29+0.11 40.26+0.14 40.25+0.02 40.22+(.040.84+0.77 40.81+£0.79 40.50+0.37 40.31+0.14 40.36+0.22
FedMSplit [8] | 41.44+3.16 32.99+1322 4221+142 36.64+6.21 43.02+(.486.71+10.75 42.75+1.64 3354+1370 41.87+194 43.38+0.50
FedMAQ39] 43.77+1.52 42,54 +2.39 41.51+0.73 41.80+2.14 26.33+1.426.01+£0.98 45.73+0.99 45.66 £ 0.49 46.22+0.84 34.21+8.87

| | PEPSY 54.02+1.41 49.02+0.38 4923+147 5278+449 46.91+370895+2.14 5152+0.60 50.97+ .44  50.96+1.99  46.07 +0.02

EDF |

0.8

4 Empirical Evaluation

4.1 Experimental Settings

Dataset and Missing Modality Simulation. Our approach is evaluated on two datasets: PTB33] [

(12 modalities) and Sleep-EDB4] (5 modalities). Each dataset is split into 80% for training and 20%
for testing, with the former distributed acrdssclients in both IID and Non-IID settings. Following
[39], we de ne ps as the ratio of samples with missing modalities, ardas the ratio of missing
modalities within those sampkesThemissing degreés then de ned ap,,  ps, representing the
overall proportion of instances with missing modalities. Using these de nitions, we simulate modality
missing patterns by constructing a binary matr{Py ), where (Dy)"™1 2 f 0; 1g indicates whether

modalitym is missing (0) or available (1) for sampleThe incomplete datasB = Dy (Dk),
where denotes element-wise multiplication, is then used for the experiments. Details for modality
missing patterns simulation is presented in Appendix B.

Baselines and Evaluation Metrics. We comparePEPSYwith ve baselines: FedProx [31],
FedMSplit [8], MIFL[45], FediInMM64], andFedMA39]. FedProx disregards missing modali-
ties,FedMSplit andMIFLfocus on modality-missing event, whikedinMMandFedMA@ddress
feature-missing events. These baselines provide a comprehensive benchmark for evaluating our
method. We use accuracy on the server's dataset as a performance metric for the whole system.
Implementation details are provided in Appendix C.

4.2 Performance under Similar Missing Statistics between Training and Testing

Results under the 11D setting. Table 1 shows thaREPSonsistently outperforms other methods in
most experimental scenarios with varying missing statistics in 11D settings. For the PTBXL dataset,
when the missing degree is low (e.gm = 0:2), the differences are minimal, with all methods
achieving similar accuracy. However, as the missing degree increasege.g.0:8), PEPSY
maintains a signi cant advantage, outperforming other methods. This trend is even more pronounced
in the EDF dataset, wheREPS$urpasses the baselines by up to 11.67% in all missing scenarios.
While most methods experience substantial performance dP&i3SYemains robust, achieving the
highest accuracy in 40/40 cases. This is because the data-missing pro le provides an informative
recon guration signal that reprograms feature construction for more robust predictions.

Results under the Non-IID setting.In the complex Non-11D setting? EPS¥again outperforms all
other methods, as shown in Table 1. On the PTBXL dat&de®SurpasseEedMA@nd other
approaches by nearly 15.83% in slightly missing scenapgs< 0:2), maintaining its advantage
even as missing patterns become more extreme, with 64.69% accufgecy@t= 0:8=0:8. On

2A tuple (pm ; ps) is calledmissing statistic



Table 2: Performance of baselines under various missing
statistics, where the missing statistics of the clients and server
aredifferent

| Testing missing statistic{ pm =ps)
‘ 0.2/0.2 0.4/0.4 0.6/0.6 0.8/0.8 1.0/0.4 0.6/1.0 0.8/1.0
FedProx[31] | 70.24% 57.75% 38.84% 34.68% 66.46% 29.89% 25.85%

‘ Method

S| MIFL[45] 75.79% 73.27% 72.38% 65.32% 73.64% 63.05% 46.15%
S| FedinMMe4] | 77.18% 73.90% 68.98% 55.86% 72.63% 51.70% 38.97%
3 | S| FedWSplit [8] | 70.24% 57.76% 38.84% 34.68% 66.46% 20.89% 25.85%
f FedMAQ39] | 79.07% 79.45% 77.30% 73.39% 77.30% 74.02% 63.68%
| | PEPSY | 79.07% 79.19% 7957% 77.55% 78.31% 77.93% 76.78% Figure 3: Impact of alignment loss on
FedProx[31] | 77.05% 75.66% 74.02% 66.84% 74.40% 69.61% 54-15"5t)erformance deviation.
MIFL[45] 73.77% 74.02% 72.38% 66.58% 73.90% 70.62% 62.559

FednMM64] | 44.77% 4430% 42.120% 42.25% 4401% 3506% 31szdable 3: Ablation studies on different aggre-
FedMSplit [8] | 77.05% 75.66% 74.02% 66.84% 74.40% 69.61% 59.14% _ &
FedVIAGRS] | 75.91% 76.55% 76.04% 72.51% 75.79% 73.01% 69.90% Jation methods.

PEPSY | 77.68% 75.66% 77.18% 75.91% 75.91% 74.40% 74.15%

FedProx[31] | 36.57% 33.42% 31.15% 34.43% 36.19% 27.49% 26.61%
MIFL[45] 38.71% 35.81% 31.90% 34.93% 41.11% 27.49% 28.75%
FedinMM64] | 53.47% 50.06% 45.02% 39.34% 54.86% 44.52% 36.70% 0.2
FedMSplit [8] | 36.57% 33.42% 31.15% 34.43% 36.19% 27.49% 26.61%
FedMA@39] 59.27% 59.02% 60.40% 59.77% 59.02% 53.85% 44.64%

1.0/0.5

pm\ps| Method | 0.2 0.4 0.6 0.8 1.0

FedAvg 63.02% 64.19% 65.44% 59.01% 56.75%
FedProx 71.24% 69.48%  68.85% 59.77%  62.55%
SynFedProx | 69.86% 61.29% 71.63% 68.10%  62.29%

| PEPSY | 70.12% 72.64% 69.11% 71.88% 71.12%

Training missing statistics (pm

0.5/1.0

FedAvg 68.60% 64.94% 58.64% 58.13% 41.74%
| | PEPSY |61.41% 62.17% 60.91% 61.29% 61.67% 59.52% 58.76% FedProx 65450 62.04% 5830% 5826%  45.78%
SynFedProx | 71.25% 50.57% 65.83% 65.20% 58.51%
% . . ‘ PEPSY ‘ 70.87% 69.23% 68.47% 68.98% 58.76%
All experimental results reported in Tab. 2 and Tab. 3 are FedAvg | 60.86% 67.09%  6254% 61.03%
conducted under the IID setting. The best and second-besto | 5oFix, ., | tatew tros s 2o
results are highlighted ibold redand blue, respectively. | PEPSY | 7125% 67.21% 68.60% 50.14%

the EDF dataseREPS$imilarly outperforms=edMA®y a signi cant gap and retains its lead in
challenging scenarios. Across both datadeER S¥onsistently maintains superior performance as

the degree of missingness increases, highlighting its robustness to data heterogeneity and diverse
missing patterns in federated contexts.

4.3 Performance under Different Missing Statistics between Training and Testing

We evaluated the effectiveness of our proposal by conducting more experiments with varying missing
statistics between clients and servers in the |ID setting. Table 2 showBHER& Yutperforms other
methods across different missing statistics. When clients have no missingdata € 0:0=0:0),
PEPSYichieves the highest accuracy in most testing missing scenarios, surpassing other baselines
by an average of 3.45%. This trend continues with high client missing natesp{ = 1:0=0:5),
demonstrating robustness to extreme missing patterns. In the challenging inter-client missing scenario
(pm=ps = 0:5=1:0), PEPSYutperforms competitors by up to 14%, highlightingPS" ability to

maintain consistent performance across diverse and complex client-server missing patterns.

4.4 Ablation Studies

Impact of Server Aggregation Algorithms. We conduct an ablation study on server aggregation
methods to assess the effectiveness of probabilistic alignment (denosah)as our proposed
framework (see Tab. 3). Denoting probabilistic synchronizatioByas we compardé-edAvg[38],
FedProx [31], and their probabilistic alignment variang&/nFedAvg(which is used inPEPSY
andSynFedProx The results show that combinigdAvgand Syn signi cantly improves both
performance and robustnessH&P S Ysurpassing others and persists at higher missing rates. This is
because the probabilistic synchronization mitigates inconsistent modality patterns, while skewed data
distributions have less impact in this setting, then can be handl&&t¥vg These results highlight

the effectiveness of server aggregatiorP&P S¥across diverse missing patterns.

Impact of Alignment Loss. Fig. 3 illustrates the effect of alignment loss BEPSS performance by

varying the alignment weight. The model is trained in a full-modality scenpgiefs = 0:0=0:0) and

tested on both full-modalitypg, =ps = 0:0=0:0) and extreme-missing scenarigs,Eps = 0:8=1:0).

We assess the performance gap between these scenarios to evaluate the impact of alignment loss. As
expected, increasing the alignment weight reduces the performance gap in both 11D and Non-11D
settings, demonstrating the contrastive regularizer's effectiveness in instance-aware alignment and
improving model robustness. Importantly, these results support the theoretical bound outlined in 3.

Impact of Data-Missing Pro le. To demonstrate the effectiveness of our proposed data-missing
pro le in handling data-missing events, we comp&EPSYvith its variant,PEPSY-NBNo Pro le),
where the data-missing pro le is excluded, across various missing statistics. As shown in Fig. 5a,



Figure 4: Modality representations of different methods under multiple missing scenarios. We train and provide
t-SNE 2D visualizations of modality representations constructed by three methods, including our proposal, in
differentpm =ps settings. All experiments are conducted on EDF dataset, nonlID setting.

(a) Impact of control pool(b) Visualization of global control embeddings after 500 training iterations under
on proposal's performancdifferent missing scenarios. The reduced distance between consecutive iterations
under different missindgndicates convergence, while the variation shows that the embeddings capture differ-
scenarios. ent aspects from each client.

Figure 5: Ablation studies on our proposed data-missing pro le.

incorporating missing pro le consistently enhand@sSPS¥ performance in all test cases, with

signi cant gains as the number of modalities missed increase. This is because more missing modalities
causes greater variation data-missing patterns across clients, making the shared data-missing pro le
essential to recon gure those variability.

Data-Missing Pro le Diversity and Convergence. To analyze the behavior of the learned data-
missing pro le, we visualize the 2D t-SNE embeddings of global pro le for the PTBXL dataset
over 500 communication rounds under different missing settings (see Fig. 5b). The centroids of the
embeddings, computed every 25 iterations, are marked by stars, with their update trajectory shown
by a dashed red spline curve. As training progresses, the distance between successive centroids
decreases, indicating convergence. Additionally, the spread of the embeddings gradually expands
relative to their centroid, re ecting their adaptation to the diverse missing patterns across clients,
suggesting that these embeddings are effectively optimized to handle varying client's local context.



Modality Alignment Analysis. Fig. 4 compares modality alignment among our propd2eBSsyY

and two baselinefedProx and FedMACrepresenting a standard FL method and the next-best
performer in most experiments. Ba#tedProx andFedMA@ail to align modalities, re ecting their
dependence on speci ¢ data-missing patteri®dProx lacks an alignment mechanism, while
FedMAdiscards modality-speci ¢ cues. In contraBEPS)yguided by a shareable data-missing
pro le, reduces sensitivity to missing patterns and achieves clear modality alignment after training.
More experimental results can be found in Appendix F.

5 Related Works

Multimodal Learning and Missing Modalities. Multimodal learning has gained attention for its
potential to improve knowledge in centralized settings, particularly in the medical domain, where
combining modalities is crucial for diagnostic accuradyd3, 13, 55]. However, most methods
assume full modality availability, which is often not the case in real-world scenarios with missing
modalities. To address this, several approaches have been proposed: ZharGgediadl Zhou et

al. [69] use heuristic and statistical imputation, while neural imputation mettd[ 18, 14, 12]

learn imputation models before inference. Pretrained foundation maddI$9, 1, 5, 48, 59, 33, 10]

can be leveraged to transfer knowledge to imputation embeddings, and generative techniques such
as VAEs, GANs, or diffusion modeld7¥, 25, 9, 57, 2, 18, 62, 14, 30, 29] can build new imputation
models. However, both approaches have clear limitations: the rst requires large public datasets,
often unavailable in sensitive domains like healthcare, while the second requires full-modality data at
the outset. Other work$B, 7, 47, 36, 20, 44, 54] rely on available modalities to extract or reconstruct
missing representations by decomposing each modality into modality- and data-speci c features.

Multimodal Federated Learning. Driven by growing concerns over data privacy, security and
transfer ineffectiveness, federated learning (R3g][ a collaborative learning paradigm is introduced

to allow multiple devices to train a shared model while keeping their local data private. This approach
preserves privacy and reduces data transfer overl32a81, 31, 15, 11, 40, 26, 35, 61] have, however,

mostly focused on uni-modal data (e.g., image or text) while the rapid advancement of mobile phones
and Internet of Things (loT) deviced,[23] has increasingly led to the collection of multimodal
datasets. Therefore, prior work&3 60, 42, 56] have extensively explored multimodal federated
learning (MMFL), ranging from modality fusion to feature construction to enable richer and more
comprehensive representations, which in turn enhances model performance and robustness. This new
multimodal data paradigm has motivated a growing body of research on MMFL.

Tackling Missing in Multimodal Federated Learning. A key challenge in MMFL is inconsistent
learning progress across clients due to heterogeneous modality combinations, arising from modality
missing (inter-client missing) and input feature missing (intra-client missuig)39]. Modality
missing occurs when clients have different modality combinations, each dataset remaining com-
plete @2, 45, 56], while input feature missing re ects the absence of speci ¢ modalities within an
individual client's dataset, mimicking real-world scenarid8,[39]. Initial efforts [8, 45] focused on
modality missing, and recent approaches such as FedInéAahd FedMAC B9 have addressed

input feature missing but failed when both data-missing events occur, limiting their applications. This
highlights the need for solutions that effectively manage these data-missing events in multimodal
federated learning, ensuring stable and robust solution under different levels of heterogeneity.

6 Conclusion

This paper presents a novel solution to the challenge of missing modalities in multimodal federated
learning. We proposPEPSYa method that captures each client's local data-missing view in a
data-missing pro le. This pro le is then used to recon gure data-missing biased representations
to be faithfully data-complete. On the server side, these pro les are aggregated probabilistically
into a global data-missing pro le for the entire system, allowing collaboration among clients with
similar data views. Theoretical analysis con riREPS' stability across diverse missing modality
scenarios, while empirical results demonstrate that it outperforms existing methods by up to 36.45%
in addressing missing modalities in heterogeneous settftg§BSYhus offers a exible and stable
solution for complex federated systems, with strong potential for real-world applications.
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A Broader Statement of Impact

This research addresses the challenge of heterogeneous missing data in multimodal federated learning.
Our novel design and theoretical analysis help bridge gaps between incomplete multimodal clients
in fragmented systems by effectively handling diverse missing data patterns. This enables practical
applications in privacy-sensitive multimodal settings with highly incomplete data. While the potential
real-world use of our methods could raise ethical concerns, these are indirect and unpredictable
consequences beyond the scope of this work. Our experiments rely solely on publicly available
datasets, and no ethical issues arise from our evaluation process.

B Missing Modality Simulation

This section details how we simulate missing modality in a comprehensive and controllable way.
Following [39], we de ne two types of ratio in missing modality, denotedomgasandp,, . First, ps,
namely sample ratio, is the ratio of samples with missing modalities over a given dataset. $gcond,

is modality ratio, and used as the ratio of missing modalities within those samples. For simplicity, a
pair of (om , ps) can be callednissing statisticssince it re ects statisitcs of modality missing in both
detailed and overall views (see Fig. 6. Théssing degreés then de ned ap,,  ps, representing

the overall proportion of instances with missing modalities. These missing statistic can remodel the
an arbitrary datas€ via a missing matrix:

2 3
bt M
(D) = § Dot Z; (10)
by i b

wherebyy, 2 f 0; 1g indicates whether modality is missing (0) or available (1) for theb- th sample.

Here,jMj is the cardinality oM , andjDj is the number of samples. The incomplete datBsean
be obtained by multiplyind® by the missing matrix:

Ri = [Xars i Xgpmy | [owas o0 bugm I (11)

where represents element-wise multiplication. Examples of incomplete datasets are shown in
Fig. 6. In this work, we apply the samp,{=p;) pairs for all clients in our experiments.

C Implementation Details

Dataset Preparation. All baselines use data from the PTBXL and EDF datasets. The PTBXL
dataset contains 3,963 clinical samples across ve classes. Each sample includes 12 modalities,
corresponding to electrocardiogram (ECG) recordings, and is labeled with a single class. Details can
be found in f5]. The EDF dataset consists of 197 full-night polysomnographic (PSG) recordings
with ve key modalities (excluding rectal temperature and biomarkers). Each recording is segmented
into multiple sleep stages, including Wake and stages S1-S4. For this work, we relabel S1 and S2
as N1 and N2, and merge S3 and S4 into N3, resulting in a 5-class classi cation pr@dlem/g
segment all sleep recordings into individual signals, each representing a sleep pattern, creating a
uni ed dataset of 8,755 signals. This uni ed dataset is used for all experiments. Both datasets are
divided into training and testing sets with ratio 80/20. The testing are used for evaluation on the server
side, while the training sets are split to all clients following IID or NonlID settings. For NonlID
setting, we use Dirichlet distribution with = 0:5 to distribute training data points. All modalities in

this work are signal-based modality.

Hyperparmeter Settings. All methods in this work use an Inception Network as the modality
encoder, following 45]. Experiments are run on an A6000 GPU with 48GB of memory. For
classi cation, we use Cross Entropy Loss fogsk . The embedding dimension is setGo= 128.
There ar&K = 32 clients in total, with 10 clients randomly selected to participate in each training
round. Each selected client trains the modelEor 3 epochs per round. Optimization is done using
Stochastic Gradient Descent (SGIP]. Communication with the server occurs ovier= 1000
rounds. Both the alignment contrastive weight &énd the relevance regularization weighy are

set to 0.1 for all experiments. Howeverijs increased to 0.2 whem, 2 f 0:8; 1:0g, corresponding
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Figure 6: Examples of incomplete dataséiswith varying missing statisticppf, =ps). By controlling these
missing statistics, we create diverse evaluation scenarios that re ect real-world conditions.

Table 4: Hyperparameter setting for all baselines andPEPSY

Dataset| Method m Batch  Communication Eps. in Contrastive Optimizer Total Sampled
P Size Round ') Local Training E) Weight () & Learning Rate Clients K) Clients
FedProx 0.2 32 1000 3 0.1 |r.SOG|81 32 10
MIFL oy
PTBXL | FedinMM | 0.4 32 1000 3 0.1 .SGD 32 10
- Ir: 0.01
FedMSplit SGD
FedMAC | 0.6 32 1000 3 0.1 . 32 10
Ir: 0.01
PEPSY SGD
0.8 32 1000 3 0.2 I 0.01 32 10
SGD
1.0 32 1000 3 0.2 Ir 0.01 32 10
FedProx 0.2 | 128 500 3 0.1 IrS%[;. 32 10
MIFL SGD
EDF FedinMM | 0.4 | 128 500 3 0.1 . 32 10
- I 0.1
FedMSplit sSGD
FedMAC | 0.6 | 128 500 3 0.1 . 32 10
Ir:0.1
PEPSY SGD
0.8 | 128 500 3 0.2 . 32 10
Ir:0.1
SGD
1.0 | 128 500 3 0.2 " 01 32 10

to extreme missing modality scenarios that require stronger alignment. Detailed hyperparameter
settings are listed in Tab. 4. Unless otherwise speci ed, we use the original con gurations from the
referenced papers.

D Theorem Proof

D.1 Theorem Setup

This section provides the initial setup for our proof for Theorem 3.1. From now on, we remove the
subscript indicating instance index in our notation for simplicity. Following notations in Section 1,
our proposed method described in Section 2 can be expressed as composition of two internal
functions:g = f, fwighy = f, ffe(xi)gdy . Heref,() andfe() are post-process head and
feature extractor, respectively. In specifc( ) takes each modality; as input and generates a
modality representatiow; (as shown in Section 2) by concatenating three types of information
including modality-speci ¢ (%), data-speci ¢ w!"%) and missing-patterny(™s) features, i.e.,

wi =[wmod  wins weom n addition, to make the proof easy to follow, we denloteandu as
extraction for present modalities and imputation for missing modalities, respectively, as described in
Section 2.2.1, leading to follow-up notation of modality representationandw; (u). To clarify, if

the notatiorh; is used for missing modality, i.6.2 S, it means thah; here is the "true" feature if

that modality presents. We use this notation in our proof from now on.
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Assumption D.1 The post-processing heég is Lipschitz continuous with respect to the input vector
X, i.e., there exists a constabt> 0 such that for alix;y 2 R", the following condition holds:

Kfp(xi) fo(xj)k Lkx; xjk;

wheref, : R" ! R™ is the post-processing heak, k denotes the chosen norm (here thenorm),
andL is a Lipschitz constant.

Assumption D.2 During test time, all parameters of the proposed framework are bounded. Speci -
cally, for any weight matribA, we have:

A KAk L

wherek k denotes thé;-norm and , and , are positive constants that bound the spectral norm
of A. This assumption similarly applies to the output representations that are transformed by the
learned weight matrices.

In Assumption D.1, we assume that the neural network used as the post-processing head in our
proposed design is Lipschitz continuous. This assumption is widely accepted in the machine learning
community due to its relevance in ensuring stable and smooth behavior of the model.

Assumption D.2 states that the learned parameters of the network are bounded during test time. This
assumption is reasonable and holds true in most real-world scenarios, where the model parameters
are deterministic and constrained within known ranges during inference. Such bounds are typically
enforced either through explicit regularization during training or through implicit constraints imposed

by the training process itself (e.g., gradient clipping or weight normalization). Therefore, this
assumption is not only theoretically sound but also consistent with common practices in machine
learning.

Remark D.3 (Bounded Extracted Representations) In our data-speci c representation extraction,
each output featurl; of modalityi is normalized to zero mean and unit variance (via Batch Normal-
ization layer), followed by a learned scaling)(and shift () parameters. When Assumption D.2
holds, wehave k k * and k k * and derive:

khik=k h;i+ k k k khik+ k k: (12)

whgreh; is batch-normalizedh;. Since the normalized term has unit variance, its norm is bounded

by  C, whereC is the feature dimension. Hence,

.p

max( pE *:0) k hik C+ *; (13)

Let , max( pf *;0)and * +p6+ *, Eq. 13 shows thdth; k is bounded within

a deterministic range. Consequently, the imputation feature derived by taking average of available
modalities is bounded for the same reason.

D.2 Theoretical Analysis in Simple Case

In this section, we rst investigate the behaviorPEPSYh a simple case of missing modality before
further generalization. Let consider the deviations of our proposal when feeding full-modality input

kyS y,k (14)
1
= J§J W]_(U) W1 rwl(u)fp(Wl)"' + Wimj (U) Wi erMj (U)fp(Wij )
(16)
1 R
) iSj wi(u) Wi 1w wfp(wi) 17
i=1
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Here, we use rst-order Taylor approximatigj times to transform Eq, 15 to Eq. 16. Singg ) is
L -Lipschitz (see Assumption D.1), Eq 17 can be transformed as:

kyS' yik (18)
i
L kwi(u) wik (19)
i=1
i
L kwmed y wen  wmod  pyoweonk (20)
i=1
i

=L 0 (u h;) argmaxe qw™® u); , argmax e q(w™ h); , (21)

i=1 p p

wherew; (u) is the imputed representation for modalifyobtained using the imputation data-speci ¢
featureu'®, andw; is the original modality feature. Here, we represent the query-key matching
function argmaxe(q(w M  w"); p) @s an approximate attention selecting the with the

P
highest weight, by using softmax functiorf ; ) , softmax(e(q(); ). For simplicity, we use-
as a Lipschitz constant of this approximated similarity function. Considering individual modality
componenkw; (u)  w;k, these lead to the following derivations:

kwi(u) wik (22)
n x o]
0 (u hy wied wd hi;o o (23)
p=1
X
ku hik+ wid u; wid hi; o, ko ke (24)
p=1
X
ku hik+~ ku hikk pk (25)
p=1
1+~ maq * ) ku hik (26)
q P
kuk? + khik? 2uh;: (27)

where =1+~ max +p) and +p denotes upperbound of embedding controls, which is xed in
P
test time. Taking the summation over glive obtain:

Yo

kwi(u)  wik (28)
i=1

i q

kuk? + khik? 2uh> (29)

=1

o ) 1,

X 1 W 2 W

o MISE ST

Here,u represents the imputed data-speci c representation, computed as the mean of corresponding
features from the available modalities (see Section 2.2.1). This justi es the transformation from
Eq. 29 to Eq. 30. Based on Remark D.3, we have:

Yo
kwi(u)  wik (31)
i=1
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»® 2 2 K

[N

S 11V I ST T T S ——— hih? (32)

. IMj s MISTH g
el > K 3

2 >
=1 M JSj i=isj+1
i 2 K 3

2 >
i1 M jSj i=isj+1
S 1 K R :
o MIISE MIST s

S 2 X , N 3

S 3°% 2hjh; (36)
MUISH L g

Here, the bound okw; (u) w;k highlights how the interaction terms betwedgnandh; contribute
to the overall norm. Furthermore, the right-handed side of 36 is non-negative showing the validity of
this transformation. If we further substitute Eq. 36 in Eq. 19, we obtain an intermediate inequality:
s . -
s . 2 ¥ W ,
Mpis) L L a
j=iSj+1

[N

where we restate? 2L without loss of generalization since botrandL are constant.

D.3 Theoretical Analysis Generalization

In this section, we extend the bound in Eq. 37, originally derived assuming thiSjrehodalities out
of M are missing. The current bound assumes the missing modalities are ti®) irsorder. We
generalize this to the case where any suBseM  of sizejSj is missing. To do this, we generalize
bound in Eq. 37 over missing modality setand over all instances of an arbitrary datd3et

D.3.1 Generalize over Missing Modality Set.

GivenM is the set of all modalities, with cardinalifylj , we de neS M as a subset representing
the missing modalities, with cardinality {$j. For each missing modality2 S, we de ne a random
variableZ g as follows: X

zs= (3% 2hjh); (38)
j2s
a—
The expected value of Z 5, averaged over all possible missing sub&sts then computed as the
following equation:
E Zs = —w— Zg (39)
IS] sj sm s
S — X% X

>
iNj SM i2s jas
where j}"'sjj denotes the number of ways to chogSgelements fronM . To derive Eq.40 from
Eq. 39, we apply the Jensen's inequality due to the concavity of square root function.

P P
Observation. The term ¢, i2s  jas (3 2 2h;h{) means that we are summing over all

subsetS M of xed size]|Sj. For each subset, we sum over all ordered p@ijs) wherei 2 S
andj 2 S. For a xed pair(i;j ) withi 6 j, the number of subse&that includel and excludeg
depends only onandj . In other words, onceandj are xed, the remainingSj 1 elements o
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must be chosen from the remainifMj 2 elements (echudihgandj ), giving exactly j}v'sjj 12
subsets. Therefore, each tefn? 2h; h{) appears precisely}\"slj 12 times in the sum. This lets

us rewrite the original triple sum as a double sum over all ordered @girswith i 6 j, multiplied

by the constant) 2, simplifying into:
X X X W 2
372 2hh7)= J.S'. 32 2nh7): (41)
SM i2S jas iz = 1o
i6i
Substituting Eta. 41 into Eq. 40, we obtain:
Eis Z5 (42)
\
i B iy
1 M 2 . .
L J_SJ_ S @ ) 43)
i6i
\
_ i isitgmi jsj ) i XX e wa
M GST DGM s D, i
i6i
A
_uomjgsp KRR
- W_ - 3 Zhlhj) (45)
i=1 j=1
i6i
S v B
_ IMj |Sj u . .
= wan o b @ 2hih>): (46)
i=1 j=1
i6i

We now boHnd the expiectation of Eqg. 37 over all possible missing modality pat&yas follows:

. 1 _
Bs ky® vk = gy Yoy (47)
iSj SM
s _________ 2 0 1 %3
2iGj2 X X X
JSJ 1 + 2 >
M S s M 87 @ @7 nh)A S g
o) iSj SM i2S j2s
s
T .
M jsi Tt TS
S S }Lﬁ U
2' '2 . . . .
IS] iMj jSj U 2 o s
M iSi M GMj Dt i € 2hihy") (50)
j6i
s Y
ZijZ H Ml Nl +2 >,
R L (51)
i=1 j=1
J:A

In summary, in this section, we derive an upper bound for the expected outcome deviation in missing-
and full-modality scenarios over the missing scena\@sa(s:

ho P aep UK

s Y MM Df

3% 2hh}) (52)
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D.3.2 Generalize over Instances

This section describes how we generalize the bound in Eg. 52 to batch- or dataset-level. Furthermore,

we reveal the connection between our theoretical bound and the training loss function that we propose,
indicating the effectiveness of training loss in our proposal. To address this, we start by considering

the mean difference over a dataBetvith cardinalityjDj:

%

. s :

1 R 2jgj2 1 RUX K

o, Y Y iMi (iMj  1)jDj

3% 2hghy) (53)
d =1 j=1

V
p T~ - - u i j } j } j
bj jsj pRXX

P
DI MM 1) gy o e

in which Eq. 53 is transformed to Eq. 54 by using triangle inequality. To avoid confusion, we analyze
the right-hand term separately, as it plays a central role in the transformation procelsg. detote
the >-normalized feature, i.efig = hgi =khg; k.

32  2hghy) (54)

YOI M i ) §
3% 2hghy) (55)
d=1 i=1 j=1
i6i
2)’?!’ Mo -2 R
B— 2Mahy) (56)
d i=1j=1
i6i
3DjiMj (Mj 1) *?
)'E)j ylj 'ylj . + 2 + 2
+2 2 Mafg +log jDj(IDj 1iMj 2 —+ —; (57)
d=1 i=1 j=1
i6i
X S +2
5DjM] (Mj 1) *P+2 2 Maifg +log jDj(IDj  1iMj 2 — (58)
dii;j 6i
5DjiMj (Mj 1) *?
X N +
+2 2 Mgy +1og jDj(IDj  1)iMj *exp( (—)?) (59)
d;i;j 6i
5DjiMj (Mj 1) *?
, X . i jei Wi Wi .
+2 log exp(qi T4 ) + log exp( (—)9) (60)
d;i;j 6i d1 d2§X1 k1 k2
o X exp(ai My )
5DjM] (Mj 1) "2+2 ° 09 b P P : (61)
diiij 6i d 5h6d, ki k) exp( (—)3?)
o X exp(ai My )
5DjiM] (iMj 1) *Z+2 ? log p— PP, P > (62)
diij 6i 4 dp6ds ki ko ©XP(Mayk; My, )
5DjiMj (iMj 1) *2+2  *DiL as(Xdi}) (63)
whereL 4s( ; ) is de ned in Section 2.2.1). Substitute Eq. 63 into Eq. 54, we have:
\'A
. u 5 .
1 )@I . o 2 )@J
—  Es kyy, VK JSJP 5%+ Las(Xd:3) (64)

ioj ., DM} (Mj 1),
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We now investigate how the presence of missing modalities impacts the bound, and consequently, the
effectiveness of our approach. Assume each instagc@D has a missing s&y with the same
cardinalityjSj,i.e.,S M ; jSqj = jSj 8d. Hence,

R X exp(Mai T,
Las(Xq;;) = log p 5P P jM]P(Pdequ ) = (65)
d=1 dii;j 6i dy d,6d; dy dy exp(ﬁdlklﬁdzkz)
X s RIjel KR S
= logexp( Mgifg) +log exp(fa, k, My, k,) (66)
d;i;j 61 d; d»6di ki ko
P N PP Py P >
LetA1 , g6 Naflg andA; e T exp(fg,k, Mg,i,), we now
further expand each term as follows:
ConsiderA:
¥oi Wi .
A= Mai g (67)
d ij 6i
_MGM D G sj isi R R (68)
- T — [P —— P i
(Mj jSj isiiMi (Mi 1) | ., d
_ M GM ) GMj S YS! (Mj__ 2)! R 69
(M jSj )iS] iMj ! (si DM gs) DY d
MG Dy 1w 2 RX 70)
(M JSi)iSi g IS 1, o
_MigM o RXox
RUISE Sk Taiflg (D

d i2S4j2S4

P
Under missing modality scenarios, i.84 6 ;,Ngi;8i 2 Sy is approximated aW j2s Mg .
In other words, we can express Eq. 71 as:

( ) X X #
iVj (M) 1 >
LM jsi o isi d i254j2S4 e "
o " i #
MM n  REXOX 1 X 73)
VI ISTIST >y s, jas, MIIST e, 0
MiGM D RXX X
%Esd h—dkh-(;i (74)
(iMj jSi )3jS] ) d 125425, k2S
Mi (M 1) RX X >
(Mj jSj )2 > d j2Sq k2Sg4 e "
(76)
ConsiderA;:
oI yoi Wi K >
Ao = exp(ﬁd1k1ﬁd2k2) (77)
d1 d2 k1 k2
® M h x N X .
= exp(a; k, h-dzi ks exp(Ma,k, M,i,) (78)
di;d26d; ki szSdz izzsdz
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b3 ( X hx S
= exp(ﬁd1j 1 h-dzi 2) +

i
exp(ﬁd1j 1 I>iZziz)

d1§d2§d1 jlzsdl jZZSdz izzsdz )
X hx . .
+ exp(ﬁd1i 1 I?]'dzj 2) + exp(ﬁd1i1 ﬁdziz) (79)
ilzsdl jZZ'SdZ i225d2
¥ ( X X . X .
= exp(ﬁdlj 1 ﬁdzj 2) + exp(ﬁdlj 1 ﬁdziz)
di;d28d1 1254, j22S4, j1254, 12254, )
X X § X .
+ exp(fa,i, Mg,j,) * exp(Ma,i, Mg,i,) (80)
ilzsdljZ%dZ i128d1i228d2
¥ X S 1 X
= exp(a,j, Mg,j,) + exp ﬁdljlW My,
di;d28dy  j1254, j1254q, j2284q,
j2284, i22Sq,
L exXpl My M)
TYTEETVYEEE d1j1 d2j2
i12Sq, Mj 18] j12S4q,
j2254, )
Cep LT (81)
+ expﬁ dij1Md,j, 81
i112S4, (M 3si) §1254; j22Sq,
1,254,
¥ ( X s o 1 X
= exp(ﬁd1ilﬁdzjz)+ iSj exp h—1:11]1% ﬁdz]z
Gsd | . S
1;d26d1 1254, j1254q, j22S4,
j22S4,
X 1 >
+ JS] . exD(w_ Mayj, Ma,i,)
i2254, 11254, )
P4 1 X X >
+ ]S] eXp(W . - ﬁdlj 1 ﬁdzj 2) (82)
j1284, j22S4,

Observation. Exponential is a convex function, hence we apply Jensen's inequality to the followings:

P

iQi2 1 R 1
LS exp(gusi—yz  jazsa, ManisMay,)  gusi e

j2254,
>

..P
2. 18] j,as,, eXp(ﬁle’lejjslj 12254, Mdaj)

3. jsj" ex(%P Mo, 05 ) o —
181 Les,, EXPGTS; 1284, MdijiNa,j,) s

MjjS]

P .
ir2s4, €XP(Ma,j, Mg,j,)

j2254,

>
j12S 4, exp(ﬁdlilﬁdzjz)
iZQSdZ

P .
i125 4, ©XP(Mayj: M,j,)

j2254,
which derive Eq. 82 into:
h Qi Qi i e X
iS] iSj 2 >

A, 1+2—"1 o exp(fa,j,Mgy,j,) (83)

Mj jSj Mj jSj dyid26 1 125 4,

i2284,
s XX exp(a.i. i) (84)

M7 7S] Pl T

d1;d26d1 1254,
i2254,
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iMi 2 W X S
ﬁ exp(ﬁdli 1ﬁdzj2)
dl;d2§ dljlz‘sdl

j2284,

Substitute Eq. 71 and 85 into Eq. 66, we have:
¥oi
Las(Xds3)
d=1 "
iMj (M 1) RX X
(iMj jsj )2 >

#
ﬁdkﬁd
d j2S,k2Sq
X iMj 2 R X

+ |Og e
diij 6i Mj ]S di;d26d1j1254,

. j2284,

Mi M 1) XX
VISR Sq dkld

(Mj s ) d j2sgkesq
g iMi 2 B X
S Mj
+ M M 1 lo —
iMj (jMj ) g M iSi

d d1;d26d1 1284,
j22S4,

iMi gMj ) ¥ X X
% log expfak g
M J5) d j2S 4 k2Sy
h T ¥oi X i
M 2
LU exp(h—dlj 1 h—dzj 2)
d1§dz§d1j125d1
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E Complexity Analysis
E.1 Analysis

We start by introducing the time complexity of traditional FL algorithms, sudhestAvg FedProx
as a baseline to analyze the time complexityP&PSYLet:

* d: feature extractor size

« : number of embedding controls in local data-missing pro le.

e m:

* dp: embedding control dimensionality.

* dy: key vector dimensionality

» . number of embedding controls selected per query (small constant)

» E: local epochs

» B: batch size

* ni: local data size

« M : number of optimization iterations of PFPT-based clustering

Table 5: Comparison of Time and Communication Complexity of PEPSY and traditional FL

Component Traditional FL PEPSY

Local Computation OE % d O & E[(d+m dp)+  dg]
Client Communication | O(d) O(d+ pdy)

Server Aggregation O(Kd) O(Kd + MK 2p?d?3)

Traditional FL. Each client updates its local parameters dweterations, with batch size &

using a model of sizé. This cost:Tieca = O(E T d) Subsequently, the modal parameters

of all clients are sent to the server costiigem = O(d) On the server side, all parameterskof

clients are combined, typically using variants of weighted average leading to aggregation time cost:
Tserver = O(K d)

PEPSY Modi cation. In PEPSYthe added cost comes from each client's data-missing pro le and
the PFPT-based clustering [58]. The time complexities are as follows:

Embedding Controls SelectioBach client computes a key vectp® R per batch, compares it

with  controls, and selects topeontrols. If done once per batch, this addlsy- p dq per round.

The selected controls are injected into the model and used during both forward and backward passes.
This adds gradient updates with caxtd+  d,). OverE 7 steps, the total local computation

costis:Tocr = O = E [(d+ m dy)+  di]

Communication CosClients also send thepwith p selected control embeddings (a subset of
data-missing pro le), adding to the model upload cdgbm = O(d+ p dy)

Server Aggregation and Clusterinlylodel aggregation stays &(Kd), but PFPT adds overhead
from bi-level optimization (oveM iterations) and Hungarian matching. Clustering d¥er points
add more time complexity to the coStenes= O(Kd + MK 3p*d3)

Discussion. While reducing the cost associated with the data-missing pro le is nontrivial, the
computational cost of the PFPT-based clustering algorithm can be optimized. If we x the model
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Table 6: Empirical computational overhead of baselines and proposal comparison.

Method Computation Metric 0.2/0.2 0.2/0.4 0.2/0.6 0.2/0.8 0.2/1.0
Training time perround (s) 50.21  50.43 50.41 49.8 49.77
FedProx | Inference time (s) 3.56 3.57 3.6 3.74 3.59

GPU for training (GB) 2.72 2.72 2.72 2.72 2.72
Training time perround (s) 94.11  94.04 93.92 92,98 93.34
MIFL Inference time (s) 411 4.12 4.13 4.1 4.16
GPU for training (GB) 3.26 3.26 3.26 3.26 3.26
Training time per round (s) 100.23 97.71  97.95 99.28 96.44
FedInMM | Inference time (s) 4.89 4.86 4.83 4.95 4.89
GPU for training (GB) 2.55 2.55 2.55 2.55 2.55
Training time per round (s) 86.34 86.63 86.56 86.67 86.18
FedMSplit | Inference time (s) 3.59 3.58 3.6 3.6 3.6
GPU for training (GB) 3.21 3.21 3.21 3.21 3.21
Training time perround (s) 51.77 51.11 51.07 51.19 51.21
FedMAC | Inference time (S) 4.56 4.98 4.69 4.69 4.88
GPU for training (GB) 1.99 1.99 1.99 1.99 1.99
Training time per round (s) 141.12 153.95 137.66 140.12 146.48
PEPSY Inference time (s) 4.69 4.99 4.9 4.73 4.87
GPU for training (GB) 2.61 2.63 2.15 2.86 2.8

architecture and instead adopt a standard federated learning (FL) approach on the server side, the
clustering step is removed, and the total server cost bec@fied + K d ), where each client
sends its full data-missing pro le of size

E.2 Empirical Overhead

As shown in Table 6, we compared the computational overhead of PEPSY with existing baselines in
differentpy, =ps scenarios and found that the additional cost in PEPSY is primarily incurred during
training, regardless of the missingness scenario. This aligns with the time complexity analysis,
as the PFPT-based clustering algorithm requires more time for clustering. In contrast, PEPSY's
inference time and GPU usage remain comparable to other methods, while still delivering superior
performance. This is because the data-missing pro le is relatively small compared to the model size,
adding minimal overhead to each forward pass.

E.3 Recommended Solution

To improve PEPSY's computational ef ciency to match that of traditional FL, we can tune the PFPT
clustering cost to stay within this bound. Speci cally, by sett@@VK 3p%d3) = O(K d ;). We
can solve foip to determine the number of selected controls each client needs to send. Assuming

q___
M, K, andd, are xed system parameters, this yielgs= O 2 MR, In practice, this can be

implemented by having each client transmit only the papeost frequently selected controls from its
pro le.
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Table 7: Impact of topp most frequently selected controls from each client's pro le on overall performance.
Experiments are conducted on EDF datasets.

Method | Overall Accuracy (%)
FedProx 43.24
MIFL 43.18
FedInMM 40.56
FedMSplit 45.18
FedMAC 49.8
PEPSYp=5) 50.77
PEPSYp = 10) 50.45
PEPSYp = 20) 51.51
PEPSYno limit) 56.36

As can be seen from Table 7, our method still outperforms the baselines substantially evgnisvhen
reduced to match the cost BédAvg This is run on the EDF dataset, witk2=0:2 missingness, and
for each client, we only takp most selected embedding controls to sent to the server.

F Additional Experimental Results

F.1 Additional Comparison with Baselines

Extensive Missing Scenarios Analysisln addition to the results in the main text, we conducted
further experiments comparing the performanc@BPSYour method) with baselines under more
varied missing modality scenarios. Speci cally, we expanded the valugg ahdps to include 0.4,
0.6, and 1.0, covering a range from 0.2 to 1.0. The results are shown in Tab. 8 and Tab. 10.

As can be seen in these tabl&EPSYonsistently outperforms all baselines across all testing
scenarios. For the PTBXL dataset (see Tab. 8), the performance gap is small (3% - 4%) when the
missing degree is low, e.gpy, = 0:2. However, as the missing degree increases (g.g~5 0:8

andp, = 1:0), PEPSYnaintains a clear advantage over other methods in both 11D and NonlID
settings, with a signi cant gap of approximatd%in accuracy. Similarly, for the EDF dataset,
PEPSYutperforms baselines by a signi cant margin - up to nearly 10% - across additional missing
modality scenarios. This demonstrates the effectiveness and robustness of our approach to missing
modalities in federated learning systems, regardless of data heterogeneity.

Table 8: Performance of baselines on the PTBXL dataset under various missing patterns in train and test sets,
for both 11D and Non-IID scenarios. The best and second-best results are highligtiteld ired and blue,
respectively. We use a hyphen (-) to dermmte=ps = 1:0=1:0, indicating that all modalities are missing and
these cases are excluded from evaluation.

pmips | Method | Iip | NonlID
\ |02 0.4 0.6 08 10| 02 0.4 0.6 08 10
FedProx | 71.63% 63.81% 6557% 64.69% 45.760647.79% 4527% 39.97% 33.67% 37.58%
MIFL 7137% 65.95% 66.46% 45.02% 53.8552.50% 30.22% 37.33% 38.08%  37.20%
04 | FednMM | 6961% 6835% 64.69% 6343% 64.19M6343% 66.33% 6220% 6L66% 59.52%
4 | FedViSplit | 70.62% 62.93% 60.28% 60.66% 38.97%63.97% 48.17% 43.17% 46.27% 34.30%
FedMAC | 75.79% 74.02% 73.52% 73.64% 67.8469.48% 52.21% 45.65% 43.76%  47.41%
| PEPSY | 78.44% 77.55% 76.04% 7629% 71.37% 71.12% 71.12% 68.10% 70.87% 70.62%
FedProx | 72.38% 69.74% 65.07% 63.18% 47.410644.01% 38.08% 37.45% 28.75% 29.00%
MIFL 70.99% 67.59% 55.61% 49.81% 2547%56.75% 43.76% 43.00% 35.69%  25.60%
06 | FediMM | 67.21% 6179% 50.14% 58.26% 25.60M62.42% 59.14% 49.56% 56.36%  49.43%
© | Fedvisplit | 69.10% 63.81% 51.45% 40.48% 37.07040.73% 47.29% 38.71% 35.43%  26.48%
FedMAC | 75.28% 74.02% 73.52% 73.64% 56.75U5145% 50.44% 50.068% 27.87%  46.15%
| PEPSY | 7655% 74.53% 74.15% 74.15% 57.63% 70.87% 69.23% 68.47% 68.98% 58.76%
FedProx | 75.03% 72.63% 68.73% 5851% - | 61.03% 5L57% 42.62% 33.29% -
MIFL 73520 7137% 66.09% 47.54% - | 59.64% 50.44% 39.60% 33.67% -
Lo | FedinMM | 6280% 6242% 5397% 49.68% - | 50.02% 54.85% 5006% 4186% -
0 | Fedvisplit | 72.13% 68.10% 66.46% 54.48% - | 57.25% 52.08% 45.02% 33.92% -
FedMAC | 75.16% 74.40% 72.38% 69.74% - | 50.52% 4451% 51.32% 41.74% -

PEPSY | 76.04% 77.05% 75.03% 72.76% - | 71.25% 67.21% 68.60% 59.14%
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Figure 7: Modality representations of different methods under multiple missing scenarios. We train and provide
t-SNE 2D visualizations of modality representations constructed by three methods, including our proposal, in
differentpm =ps settings. All experiments are conducted on EDF dataset, nonlID setting.

Table 9: Ablation studies on crucial components of PEPSY under different missing statjsticgs(). We
report top-1 accuracy across multiple experiments on the EDF dataset, in NonlID setting.

Method | 0.8/0.2 0.8/0.4 0.8/0.6 0.8/0.8 0.8/1.0
PEPSY-N% 46.49% 47.92% 52.42% 52.08% 43.98%

PEPSY-NR 43.30% 43.47% 43.47% 43.58% 19.97%
PEPSY 51.80% 51.06% 55.05% 52.25% 46.09%

Modality Alignment Analysis. Fig. 7 compares modality alignment of our propo&&PS¥vand

two other baselines, namehedProx andFedMAGwhich correspond to traditional FL method and
second-best approach in most evaluation experiments. Intuitively, to achieve high performance
regardless of available modalities, an optimal solution should align modalities well in a representation
space, which hence discards reliance on present modalities. As can be seen frorr&iRrox and
FedMAG@il to align different modalities, indicating their strong dependence on different available
modality sets. This is becausedProx does not have a mechanism for modality alignment, while
FedMAdiscards modality-speci ¢ information. In contrast, our propoB&PSYntegrates both
modality- and data-speci ¢ information, which are futher recon gured by a shareable data-missing
pro le leading to less reliance on modalities. The gures show how all modalities are aligned after
PEPSY training, highlighting effectiveness of the proposal under missing modality scenarios.

F.2 Additional Ablation Studies
In this section, we conduct additional ablation studies on two crucial components in our design: data-

missing pro le, along with the relevance loss term, and modality fusion, along with the recon guration
regularization. Correspondingly, we introduce two variantBBPSYnamelyPEPSY-NmNo Pro le)
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