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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 [34], we define two types of ratio in missing modality, denoted as ps and p,,. First, ps,
namely sample ratio, is the ratio of samples with missing modalities over a given dataset. Second, p,,
is modality ratio, and used as the ratio of missing modalities within those samples. For simplicity, a
pair of (p,,, ps) can be called missing statistics, since it reflects statisitcs of modality missing in both
detailed and overall views (see Fig.[5] The missing degree is then defined as p,,, X ps, representing
the overall proportion of instances with missing modalities. These missing statistic can remodel the
an arbitrary dataset D via a missing matrix:

M

.. oM
oD)=1|: 1|, (10)

1 | M|

bl - bl

where by, € {0, 1} indicates whether modality mn is missing (0) or available (1) for the d - th sample.

Here, | M| is the cardinality of M, and |D| is the number of samples. The incomplete dataset D can
be obtained by multiplying D by the missing matrix:

T = [2a1, ., Taag] © [bat, - - -5 baaqg ], (11)
where © represents element-wise multiplication. Examples of incomplete datasets are shown in
Fig.|5| In this work, we apply the same (p,,, /ps) 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 five classes. Each sample includes 12 modalities,
corresponding to electrocardiogram (ECG) recordings, and is labeled with a single class. Details can
be found in [39]. The EDF dataset consists of 197 full-night polysomnographic (PSG) recordings
with five 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 classification problem [20]. We
segment all sleep recordings into individual signals, each representing a sleep pattern, creating a
unified dataset of 8,755 signals. This unified 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 NonlIID
setting, we use Dirichlet distribution with o = 0.5 to distribute training data points.

Hyperparmeter Settings. All methods in this work use an Inception Network as the modality
encoder, following [39]. Experiments are run on an A6000 GPU with 48GB of memory. For
classification, we use Cross Entropy Loss for L;,s;. The embedding dimension is set to C' = 128.
There are K = 32 clients in total, with 10 clients randomly selected to participate in each training
round. Each selected client trains the model for £ = 3 epochs per round. Optimization is done using
Stochastic Gradient Descent (SGD) [42]. Communication with the server occurs over 7' = 1000
rounds. Both the alignment contrastive weight (\) and the relevance regularization weight (7)) are
set to 0.1 for all experiments. However, A is increased to 0.2 when p,,, € {0.8,1.0}, corresponding
to extreme missing modality scenarios that require stronger alignment. Detailed hyperparameter
settings are listed in Tab.[d] Unless otherwise specified, we use the original configurations from the
referenced papers.
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Figure 5: Examples of incomplete datasets D with varying missing statistics (p.. /ps). By controlling these
missing statistics, we create diverse evaluation scenarios that reflect real-world conditions.

Table 4: Hyperparameter setting for all baselines and our PEPSY

Dataset Method Batch Communication Eps. in Contrastive Optimizer Total Sampled
atase ctho P Size Round (T)  Local Training () Weight (\) & Learning Rate  Clients (K)  Clients
FedProx | 02 | 32 1000 3 0.1 | ?GOI()H 32 10
MIFL o
SGD
PTBXL | FedInMM | 04 | 32 1000 3 0.1 X 32 10
; Ir: 0.01
FedMSplit SGD
FedMAC | 06 | 32 1000 3 0.1 X 32 10
PEPSY Ir: 0.01
08 | 32 1000 3 0.2 SGD 32 10
: . Ir: 0.01
SGD
10 | 32 1000 3 0.2 & 0.01 32 10
FedProx | 02 | 128 500 3 0.1 San 0 10
r: 0.1
MIFL SGD
EDF | FedInMM | 04 | 128 500 3 0.1 i 32 10
; Ir: 0.1
FedMSplit SGD
FedMAC | 0.6 | 128 500 3 0.1 e 32 10
r: 0.1
PEPSY SGD
08 | 128 500 3 0.2 o 32 10
r: 0.1
10 | 128 500 3 02 SGD kY 10
Ir: 0.1

D Theorem Proof

D.1 Theorem Setup

This section provides the initial setup for our proof for Theorem [3.I] From now on, we remove the
subscript indicating instance index in our notation for simplicity. Following notations in Section [I]
our proposed method described in Section [2] can be expressed as composition of two internal
functions: § = fp({wi}ifll) = fr({ fe(mz)}y:vtll) Here, f,(-) and f.(-) are post-process head and
feature extractor, respectively. In specific, f.(-) takes each modality x; as input and generates a
modality representation w; (as shown in Section [Z) by concatenating three types of information
including modality-specific (w°?), data-specific (w™) and missing-pattern (w) features, i.e.,
w; = [w" o w™ 0w, In addition, to make the proof easy to follow, we denote h; and u 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 representations w; and w;(w). To clarify, if
the notation h; is used for missing modality, i.e., ¢ € S, it means that h; here is the "true" feature if
that modality presents. We use this notation in our proof from now on.

Assumption D.1 The post-processing head f,, is Lipschitz continuous with respect to the input vector
x, i.e., there exists a constant L > 0 such that for all x,y € R", the following condition holds:

[fp(zi) = fop(®5)l] < Lll@: — ]|,
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where f, : R™ — R™ is the post-processing head, || - || denotes the chosen norm (here the {y-norm),
and L is a Lipschitz constant.

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

ex <[4l < €,

where || - || denotes the ly-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.I] 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 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-specific representation extraction,
each output feature h; of modality i is normalized to zero mean and unit variance (via Batch Normal-
ization layer), followed by a learned scaling (vy) and shift (B) parameters. When Assumption[D.2]
holds, we have €5, < ||| < ef and e <[|B] < 65 and derive:

1Rill = llvhi + BI < llv] - il + 118]l- (12)

where h; is batch-normalized h;. Since the normalized term has unit variance, its norm is bounded
by \/C, where C is the feature dimension. Hence,

VC —¢f, 0) < b < VT +ef, (13)

max(e,

Lete s = max(e;\/a - eg, 0) and e% = e;“\@ + e}', Egq. shows that ||h;|| 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 first investigate the behavior of PEPSY in a simple case of missing modality before
further generalization. Let consider the deviations of our proposal when feeding full-modality input

and one missing the first | S| out of M modalities, i.e., Sy = {1,...,|S|} as follows:
HyS - y(B” (14)
=t s ) < g (102 (15)
1

B H|3| (le(u) = 01|V, ) fp(wn) + -+ g (w) = wpag HVwM<u>fp(w|M|)> H

(16)
S|

|3|§:H““ — Wi | Vi, () fp (wi) (17)

Here, we use first-order Taylor approximation |S| times to transform Eq, [15]to Eq.[16] Since f,,(-) is
L-Lipschitz (see Assumption [D.T), Eq[I7]can be transformed as:

Iy — 4’| (18)
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|M]

<L) wi(u) — w| (19)
M|
< LZ ” [,wrinod ocwuo ,wcon} _ [w;nod o h;o ,w;_:on] ” (20)

|M|

= L; HO o(u—h;)o arglgax(e(q( w™ o), ¢p)) _ arng:aX(e(q(med ),y )H @1

952 where w; () is the imputed representation for modality ¢, obtained using the imputation data-specific

953 feature u'™, and w; is the original modality feature. Here, we represent the query-key matching

954 function argmax e(q(w™ o wi™), 1,) as an approximate attention selecting the 1), with the
p

o5 highest weight, by using softmax function o(-,-) £ softmax(e(q(-), ). For simplicity, we use &

956 as a Lipschitz constant of this approximated similarity function. Considering individual modality

957 component ||w;(u) — w;||, these lead to the following derivations:

[wi(u) — w;ll (22)
~oo @-he {Y fo(wrtous,) oM ony,) 0w} @
p=1
< u—hill + ) flo(wiou,,) — o (wi*™ o hi,4p,)|| © 14, (24)
p=1
<lu—hill +6 Y [lu— hl| x ||, (25)
p=1
< (14 grmax(e], )l — hi (26)
< /Il + [hi))2 - 2un] @7)

958 where y =1+ 57'nllbax(ej[;p) and e;/fp denotes upperbound of embedding controls, which is fixed in
P

959 test time. Taking the summation over all 7, we obtain:

[S]
> wi(u) — wl| (28)
=1
[S|
03 Vil + [ha])? — 2uh] (29)
2 3
[S| 1 M| M|
.
SO D IR R |M| S Al 6o
i=1 j=|S|+1 ] |S|+1

960 Here, u represents the imputed data-specific representation, computed as the mean of corresponding
96t features from the available modalities (see Section [2.2.T)). This justifies the transformation from
962 Eq.[29]to Eq.[30} Based on Remark[D.3] we have:

|S]
D llwi(w) —wi| 31)
i=1

|M]

2 2 2 T
< S — - * hjh; . 32
<1 3 (aaar M= 1S03 + 5~ per ey 52 ) ()
H M| 1
gpz<3e;§ o > hhT> (33)
i=1 M= 18] I_l j=IS|+1
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| M|

N

2 T
gMZ(se;ﬁ |M|7| > hjh, > (34)
i=1 j=|8|+1
S 1 M| ) 1 M L
<pu ( 3et 2hhj> (35)
— \ M| -S| 2 35— M| =S| .72 !
i J=101+1 J=18]+1

M 3
+2 BT
|M‘ Z( > 3675—2h]hi) (36)
i=1 N j=|S|+1
Here, the bound on ||w;(u) — w; || highlights how the interaction terms between h; and h; 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.[I9] we obtain an intermediate inequality:

SR
lyS — | < |M‘ Z( D 32, —2h; hT> (37)
=1 *j=IS|+1

where we restate ;12 «— 2L without loss of generalization since both 1 and L are constant.

D.3 Theoretical Analysis Generalization

In this section, we extend the bound in Eq.|37| originally derived assuming the first |S| modalities out
of M are missing. The current bound assumes the missing modalities are the first | S| in order. We
generalize this to the case where any subset S C M of size |S| is missing. To do this, we generalize
bound in Eq.[37] over missing modality set S, and over all instances of an arbitrary dataset D.

D.3.1 Generalize over Missing Modality Set.

, we define S C M as a subset representing
the missing modalities, with cardinality of |S|. For each missing modality 7 € S, we define a random
variable Z§ as follows:

s =) (355 = 2h;h)), (38)
J¢s
The expected value of / Z fg, averaged over all possible missing subsets S, is then computed as the
following equation:

E{\/;S} 51 \M\ )IPIRTES 59

\5| SCM ieS

\/5| e Z ZZ (3¢2, —2h;h;) (40)

\N| SCM €S j¢S

where (‘ljgl“) denotes the number of ways to choose |S| elements from M. To derive Eq{40| from

Eq.[39] we apply the Jensen’s inequality due to the concavity of square root function.

Observation. The term } g v > ics D j¢s (36,2\{ 5 — 2h; h;) means that we are summing over all
subsets S C M of fixed size |S|. For each subset, we sum over all ordered pairs (7, j) where i € S
and j ¢ S. For a fixed pair (¢, j) with ¢ # j, the number of subsets S that include i and exclude j
depends only on i and j. In other words, once ¢ and j are fixed, the remaining |S| — 1 elements of S

must be chosen from the remaining | M| — 2 elements (excluding 7 and j5), giving exactly (‘M‘_Q)

|S|—1
Ilj\;‘ ‘:12) times in the sum. This lets
us rewrite the original triple sum as a double sum over all ordered pairs (¢, j) with ¢ # j, multiplied

by the constant ( N f) simplifying into:

subsets. Therefore, each term (363 5 — 2h; h,) appears precisely (

|M] M|

SN Beti—2mp ) =N <|/‘\;||_ 1> — 2h;h]). 1)
SCM €S j¢S i=1 Jj;ﬁi
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988

Substituting Eq. [4T]into Eq. 40| we obtain:

s {\/Zq (“2)
[M] |M]
1 |M‘ +2 T
SNIEIGE) 23 (1) i - 2han) @)
\S| i= 1] 1
|M] |M]
_ | ISt - sy (M|~ 2)1 -
=TI TS DM ST T & 20~ k)
J#i
[M] [M]
M S
B |/\|/1|| = ZZ 5 = 2h;h}) 45)
=1 1
T
[M] |M]
M-8 I
e ;;36 2hjh;). (46)
J#i

989 We now bound the expectation of Eq.[37|over all possible missing modality patterns (S) as follows:

990
991

992

993
994
995

Es [ly* - ol

Z(T > Hy -y H 7
5 SCM
12| S|? 1 YT ol
< (36+B —h;h;) (48)
M| — S| ‘S|(|\/:§/[\|) SCM |ies \jgs k ’
PSP i
7 49
\M| |S| \/t >
[M] [IM]
12| S|2 M| —|S| +2 T
(3¢l 5 — 2h;h, 50
M| —[S]\ IM](IM] —1) 2; N | ()
J#i
[M] M|
I 2 T
<\ =T | 2 25 —2hih). ey
i=1 j=1
J#i

In summary, in this section, we derive an upper bound for the expected outcome deviation in missing-
and full-modality scenarios over the missing scenarios (S) as:

sy < [ S
s [Iv* =9I <\ i =

D.3.2 Generalize over Instances

|M] M|

ZZ (3¢X5 — 2h;h))

1=1 j=1
J#i

(52)

This section describes how we generalize the bound in Eq.[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

26



996 the mean difference over a dataset D with cardinality |D|:

|D| . 2IS]2 D] | IM] M|
< hl
l ZEs[IIymd ymdl] <\ Toiu o OEDIE] Z Z:?ZI (3¢X5 — 2hgihy)  (53)

J#i

D] M| |M]

Diys) .
< 3e¢2 ., — 2h il 54
DA\ 2 2 20 ~ haky) 69

d=11i=1 j#i

997 in which Eq.[53]is transformed to Eq.[54] by using triangle inequality. To avoid confusion, we analyze
998 the right-hand term separately, as it plays a central role in the transformation process. Let hq; denote
999 the lo-normalized feature, i.e., hag; = hai/||haill-

D] M| [M]

SN SN 36t s - 2haihyy) (55)

d=1i=1 j=1
J#i
[D| | M| |M] +§ T
<IN 367 k) £
[3

dzljl'y

J#i
2
< 3[D|IM|(M] - Del
[D] |IM] |M]| €+§ 6+§
#2033 5°5 ((~ Akl +los (YD~ DIMP) - T4+ 23) 7
d=1i=1 j=1 €8 €yp
J#i
e
<BDIMI(M| ~ D + 262 3 (= hashy; +1og (IDI(D] ~ DIMP) — 25)  (58)
dijti €yp
< 5[DIIMI(M] - D)el]
#2630 (R + o (1DI(P] ~ DIAME exp- (jZ) ) 59)
di,j#i v

< 5|D|M|(IM] = 1)eZ 5
DI D MM

+
+ 26,;52 ( log exp(hdzhd] + log Z Z Z Z exp(— )) (60)
dyi,j#i “18

di daFx1 k1 ko

exp(h fl ;
< 5DIM(IM| = 1)el] + 25 —log ——— ij & M‘;fl) — (61)
d,i g Dods Ddptdy Dok Ohen eXp(*(f)z))
v
ex }Nl Zil :
< 5IDIM(IM] — D)l + 2] ~log — > fj def) — (62)
dyi,j#i Z Zdz;ﬁdl Zkl Zk’g exp(hdlklhdgk‘g)
< 5|D||M|(IM| = 1)eZ; + 26 5| D| Las(xa, 0) (63)
1000 where Lgs(-,-) is defined in Section[2.2.1). Substitute Eq. [63|into Eq.[54} we have:
7| @ ., 22 7|
E < ulS|y | 5er Las(@g, 64
ooy 2 B I | < wiSly 53 + i 2 L) 6

1001 We now investigate how the presence of missing modalities impacts the bound, and consequently, the
1002 effectiveness of our approach. Assume each instance &, € D has a missing set S; with the same
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1003 cardinality |S|, i.e., S C M, |Sy4| = |S| Vd. Hence,
|D| roT
exp(haihy;)
> Las(@al) = 3 —lop S m gy ————— 65)
= dyirj#i Dody Ddprtdy 2dy Dy EXP(Rdiki Pgyp,)
D] D] [M]IM|

Z log exp( hd,hdj +log<z Z ZZGXP hdlklhd2k2)> (66)

dyi,j#1 dy do#dy k1 ko

D| D M| M
1004 Let A} 2 Dodii i hdlhdj and Ay £ Zl | Zldzlédl Z‘ | l lexp(hdlklthkQ), we now
1005 further expand each term as follows:

1006 Consider A;:

D] M| o
=> Y —haihy 67
d i,j#i
D] M|
_ IM(M] = 1) (IM] = [S]IS|
‘Wuwmwm4§§fma (68)
D] M|
_ MM = 1) (M| —[SDYSI! (M| — )
SUMICISS TME (ST DM ST 2 2 ~hahy (69
D] [M]
IMWPD10M4> "
N aih, (70)
(M= ISDIST (%M \ Is] -1 %:; i
|D|
IMI(M]
WHM&&ZZZhwﬂ )
d ZEdegsd

. . . . . . . . 1 7
1007 Under missing modality scenarios, i.e., Sq # 0, h,h;, V1 € &, is approximated as TMI=T3] ngsd hg;.
1008 In other words, we can express Eq.[71] as:

|D|
IMI(M] -
A Ed —haihy (72)
LT M- 18)) |S\ s %:ng e
MM =D %ZZ S 73)
= (o JssTE S g MIIS] g T
|D|
MM -
_—Ed Fraihy (74)
(1M - IST2Is] ;2%% e

_ ID|
e [ £ 5] .

d j¢Sak¢Sa
(76)

1009 Consider Ay:

|D| D] IM]|M]

A =3 3"3°3 exp(han, Fogyy) (77)
di do ki ko

D] M|
- T - T
> Z[ > explhaiiha,,) + ) eXP(hdlklhdm)} (78)
dy,do#dy k1 §2¢Sa, i2€S4,
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1011

1012

1013

1014

|D]
Z { Z { Z eXp(ﬁdljlﬁ;j2)+ Z eXp(ﬁdljlﬁ;ll—ziz)}

dy,do#dy \ j1¢Sa; j2%Sa, i2€84,
T . T
+ Z |: Z exp(hdlilhd2j2)+ Z exp(hdlilhdzig)}} (79)
ilesdl j2¢3d2 izESdQ
d - T T
SD SR iD SESIRUHRESD b LI
di,de#d1 \ j1¢Sa; j2¢Sa, J1¢8a; 12€8ay
~ ~T - -
F Y Y enlhanhn)+ S Y eXP(hdlilh(LiQ)} (50)
11€8ay j2¢Sa, 11€8q, 12€8a,
|D ~ T
- X { > et + 3 e (ran g O Fa)
dy,do#dy \ j1¢8a, J1¢Sa, J 2¢Sa,
j2¢8d2 i2€$d2
+ Z eXp |M| Z hdl]lhd2J2
i1€8q, 31¢5d

J2¢Sd2

* 3 e 2% hd“lhdz”} o

i1€8q, J1€8a, j2¢Sa,
Zzesdz
|D| ~ T B
= Z { Z eXp(hd1j1 h’dr_;jz) + |S| Z exp (h'dljl |M| Z hd2]2
dy,do#dy \ j1¢Sa, J1¢Sa, J 2¢Sd,
j2¢sd2
+ ‘S| Z GXp ‘M| Z hdl]lh’dzjz
J2¢Say J1¢3d1
9 1 ~ ~T
+ S| exp(m Z Z ha,jiha,j,) (82)
J1¢Say J2¢Sa,

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

- IS)? eXP((|M| EDE D ir#Sa, hdl]lhd2j2) (|M| EDE Zmésd eXp(hdl]lhdgjg)

J2¢8a, Jj2
~T
- S| ZJ ¢S4, eXP(hdm |M| 1S] Zhesdz ha,j,) < |M\ 1S] Z]légdl exp(hdmhdﬁ?)
i2¢Sa,
- - S ~ ~T
3. |S‘ ngQSdZ eXp(m Zj1¢8d1 hdljl h;lrgjg) < Wj\& Ej1¢5d1 exp(hdLh hdzjz)
J2#Sd,
which derive Eq.[82]into:
A<[1+2 151 +( 151 ] lzD: 3" exp(hayha,;,) (83)
X
2= DTS M= 1 Pl R
dy,d27#dy j1 ¢S,
j2¢5d2
S| |D]
(g t) XX el ®4)
dy,d27#dy j1 ¢S,
j2¢5d2
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D

M 2
< (|./\/l|| | ) Z Z exp h’d1]1h’d2j2)

dy,d2#d1 §1¢Sa,
J2 ¢Sd2

1015 Substitute Eq.[71]and [85]into Eq.[66] we have:
|D|

Z ‘cds(wda (b)

d=1
M|(IM el
v £ vl

d j¢Sak¢Sa
|D|

5[, £, 8 bashen

d,i,j#i dy,d2#dy j1¢Sa,
]2¢Sd2
|D|
< MM
< o= o |~ 5 3 e
d j¢Sq k¢Sa

D]

|

ID|
+ MM - Zlog[(v\/{"M' D> Zexphdmhdmﬂ

dy,da#dy j1 ¢S,
J2 ¢Sd2

|D]
M|(IM -~
S 2 3 [t
J#Sa k¢Sa
|D

+ log [(IMllM ) Z Z exp hdljlhd2j2>:|

dy,da2#dy 1 ¢Sd1
J2¢Sd2

|D] s
< IMI(M| - 1) { l exp hathy
s E Es, | — E E log
(‘M| |S|) J¢Sa k¢Sq Z‘Dldz;ﬁdl Z]l%sd exp(hdulhdzjz)
J2#Sa,

22 1Og<|/\/t|/\/ll|$|)2”

J¢Sa k¢Sa

|D|
MM = 1) : 2
< Es, [ Lgs(xg, S, —|8])“1
< M= ()7 2| B |Contera S0 | (1M1 = 181 o8 (117
1016 Substitute Eq.[01]in Eq.[97] we have:
|D|
1
W ;ES |:ywd y:cd||:|
26 |D|
<
S 535+ A=) 2 S
|D|
2 1 ) KE
< u|S|4 | 5el —&—7— Es, |Las(za, S +2e 2log —i——
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E Additional Experimental Results

E.1 Additional Comparison with Baselines

Extensive Main Results. We evaluate the performance of PEPSY in comparison to baseline methods
through an extensive set of experiments conducted on both PTBXL and EDF datasets. The results,
reported in Tab.[6] demonstrates that PEPSY consistently outperform baselines in all tested scenarios
with different missing modality settings. Notably, a similar observation that PEPSY remains stable
when the missing degree increases, e.g., p,, = 0.2 to p,,, = 0.8, while the other drop significantly,
can be seen from the reported results. The second-best methods vary across testing scenarios but
are most frequently FedMAC. Interestingly, the standard deviation of all methods when dealing with
data heterogeneity (in NonlID setting) are higher than those of IID setting, indicating the impact
of data heterogeneity on federated performance. To summarize, the extended results highlights the
superiority of our proposal against baseline approaches in varying missing scenarios, along with its
stability when missing degree raises.

Extensive Missing Scenarios Analysis. In addition to the results in the main text, we conducted
further experiments comparing the performance of PEPSY (our method) with baselines under more
varied missing modality scenarios. Specifically, we expanded the values of p,,, and p; to include 0.4,
0.6, and 1.0, covering a range from 0.2 to 1.0. The results are shown in Tab. E] and Tab. B}

As can be seen in these tables, PEPSY consistently outperforms all baselines across all testing
scenarios. For the PTBXL dataset (see Tab.[7), the performance gap is small (3% - 4%) when the
missing degree is low, e.g., p,, = 0.2. However, as the missing degree increases (e.g., p, = 0.8
and p,, = 1.0), PEPSY maintains a clear advantage over other methods in both IID and NonIID
settings, with a significant gap of approximate 11% in accuracy. Similarly, for the EDF dataset,
PEPSY outperforms baselines by a significant 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.

Modality Alignment Analysis. Fig.[6]compares modality alignment of our proposed PEPSY and
two other baselines, namely FedProx and FedMAC, which 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 from Fig.[f] FedProx and
FedMAC fail to align different modalities, indicating their strong dependence on different available
modality sets. This is because FedProx does not have a mechanism for modality alignment, while
FedMAC discards modality-specific information. In contrast, our proposed PEPSY integrates both
modality- and data-specific information, which are futher reconfigured by a shareable data-missing
profile leading to less reliance on modalities. The figures show how all modalities are aligned after
PEPSY’s training, highlighting effectiveness of the proposal under missing modality scenarios.

E.2 Additional Ablation Studies

In this section, we conduct additional ablation studies on two crucial components in our design: data-
missing profile, along with the relevance loss term, and modality fusion, along with the reconfiguration
regularization. Correspondingly, we introduce two variants of PEPSY, namely PEPSY-NP (No Profile)
and PEPSY-NR (No Reconfiguration). To evaluate their contributions in our proposal, we analyse
both quantiative and qualitative results.

Quantitative Results. Tab. [5] shows impacts of different components on the final components.
First, when we remove data-missing profile (see PEPSY-NP variant), the performance drops from
0.2% to 4%, indicating the importance data-missing profile to stablize output performance. In this
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Figure 6: 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
different p,,, /ps settings. All experiments are conducted on EDF dataset, nonlID setting.

Table 5: Ablation studies on crucial components of PEPSY under different missing statistics (pm /ps). 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-NP | 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%

variant, the reconfiguration supervision signal, a contrastive alignment - based loss, is preserved,
hence ensuring modalities are aligned, which are eventually similar to modality fusion in previous
works [46, [34]]. On the other hand, omitting reconfiguration signal and modality fusion, which results
in PEPSY-NR variant, worsen final performance by a larger margin, up to more than 26%. This is
because without the reconfiguration signal, the data-missing profile lacks guidance to reconfigure
the biased information generated from raw data into complete ones, hence failing to handle missing
modalities efficiently. In summary, both components are crucial in our design to ensure robust and
stable performance in multimodal federated learning.

Qualitative Results. We further visualize representations that each PEPSY variant constructs for an
individual modality under different missing scenarios, given the same trained backbone. In particular,
each variant is trained on a specific missing statistic p,, /ps = 0.8/0.8 in NonlID setting and tested on
handcrafted missing tests, including: Miss 1 (modality 1 is missed); Miss 1, 4; Missing 1, 4, 5; Miss
1, 3, 4, 5; Full modality. Intuitively, a representation constructed for modality 1 should remain closely
aligned across all tests. As can be seen in Fig.[7} while two ablated variants PEPSY-NP and PEPSY-NR
fail to ensure this stability, our proposed PEPSY can construct closely aligned representations in
all settings, highlighting its stable feature construction. This is because our data-missing profile
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Figure 7: Stability of modality representations under different missing modality scenarios. Ideally, a modality’s
representation should remain stable regardless of which other modalities are missing. This stability is not
achieved when either the data-missing profile is removed (-NP version) or the reconfiguration signal is omitted
(-NR version) from our proposed PEPSY.

Table 6: Performance of baselines on the PTBXL and EDF datasets under various missing patterns in train and
test sets, for both IID and Non-IID scenarios. The best and second-best results are highlighted in bold red and
blue, respectively. Results are based on more runs than those reported in Tab. El

Dataset ‘ P\Ds ‘ Method ‘ b ‘ Non-IID
| | |7 02 04 0.6 0.8 0 | 02 04 0.6 0.8 10
FedProx 73.43 £0.38 73.64 £ 1.01 71.42+1.18 71.37 £2.50 69.93 £4.61 54.01 +3.66 51.15+£530  50.06+ 1222  54.89 +1.54 44.17 £ 1.31
MIFL 7352+145  7095+1.90 T141£146 56.66+22.68 69.99+3.05 | 50.99+238 47.16+3.16 4939+1.75 51.37+2.55 50.78 £ 4.76
02 FedInMM [56] 69.78 £5.16  69.27 +3.21 66.16 +3.01 6549225  6545+2.70 | 34.17+6.82 4048+10.87 41.23+11.34 40.52+11.20 40.31+10.70
- FedMSplit 7] | 54.84+2231 53.63+21.72 52122155 5250+21.52 55841322 | 42.75+£3.56 42.58+6.07 41.62+£6.06 40.27 +3.09
FedMAC [34] 7856 £047  77.30+0.81 7625+£049 7549107 7470+0.83 | 58.26+4.81 58. 02 5498+£7.74 5094125
PTBXL ‘ ‘ PEPSY ‘ 7881£0.72 77.43+0.88 76.75+147 76.13+0.25 75.41+0.82 ‘ 71.45+£0.39  69.70 £2.08  66.92+2.83  68.26 £2.56
FedProx [27] 7276 £0.57 7024 +1.61 68.77+2.30  6524+494 33.79+339 | 4843+125 42.08+053 34.17+3.14 2732+1.67 29.97+1.31
MIFL [39] 6990+ 1.14  6536+2.12 5544+6.44 50.61+1499 3539+6.90 | 4426+387 37.75+£12.67 32.67+882 28.12+6.03 29.67 £2.54
08 FedInMM [56] 63.10£277  61.92+1.53  60.36+0.16 56.95+2.13 3531+13.56 | 4981 +£17.45 46.41+1499 4295+12.72 42.37+1221 36.70 +14.23
: FedMSplit 5477 £20.66 49.56 +18.20 458241629 4397+15.87 2391+2.18 | 51.03£2.09 4451077 3825+449 2991+6.11 28.33 £2.26
FedMAC [34] 74.25 £0.48 73.06 £ 0.65 70.36 +0.75 67.17 £2.98 41.51 £6.64 53.05+0.41 51.03 £3.19 36.95+0.18 45.90 + 4.45 4329 +1.54
‘ ‘ PEPSY ‘ 76.25 £ 0.77 75.96 £ 1.82 76.42 £ 0.98 75.08 + 1.65 45.07 £0.26 ‘ 63.01 £3.95 65.40 £ 1.01 69.19 £ 0.16 60.40 £7.11 53.07 + 2.66
FedProx [27] 44.08£0.59  4354+0.62 43.99+057 3565+12.22 34.02+14.46 | 3458 £13.80 44.61+£0.63  44.02+030 3225+11.94 4427034
MIFL [39] 44.19+0.73  4427+096  43.15+0.83  4332+£2.19 4354+027 | 43.17+1.76  4335+£226 44.05+035 32.74+1573 4442+0.33
02 FedInMM [56] 40.39+0.14  4039+0.09  40.24+0.11 40.33+£0.12  40.37+0.21 40.99+098  40.73+0.57 4046+0.24  40.87+0.94 4043026
: FedMSplit 41.91+231 3647+11.44 43.09+220 4377+147 41.42+280 | 4295+1.37 3398+1443 42.83+1.15 26.08+13.54 4343+1.11
FedMAC 39.00 £ 1245 4043+1029 41.85+7.58 43.58 +£5.47 43.01+1.39 | 38.60+12.32 39.44+9.62 41.04 +6.87 43.13 £4.66 43.96 +1.80
EDF ‘ ‘ PEPSY ‘ 48.76 + 5.41 49.37 £4.43 48.70 £ 4.03 49.27 £ 3.30 46.87 £ 2.46 ‘ 54.84 +£3.32 50.28 £ 4.11 54.50 £ 0.14 51.07 £5.24 53.35+6.13
FedProx 271 41.4943.69 31.15+11.57 33.73+4.92 19.72£691  33.53+14.10 | 43.87+£044 243421402 3456+13.11 3456+12.99 34.17+11.53
MIFL 44.51+045  4225+1.67 42.99+091 41.07 £0.61 4240+ 1.65 | 4342+ 1.41 43.83+0.90 43.01£099 4299+1.00 4240+£0.70
08 FedInMM [56] 40.31£0.13  40.29£0.11 4026 £0.14  4025+0.02  40.22+0.01 40.84+£0.77 4081+0.79 40.50+£0.37 4031£0.14 4036 +0.22
: FedMSplit [7] | 41.44+3.16 32.99+1322 4221+142 36.64+6.21 43.02£047 | 35.71+10.75 42.75+£1.64 3354+13.70 41.87+1.94 4338+£0.50
FedMAC [34] 43.77+1.52  4254+239  4151+0.73 4180£2.14 2633+147 | 46.01£098 4573+0.99 4566+049 4622+0.84 3421887

| | PEPSY

5402+ 141  49.02+038 4923+147 52.78+449  46.91+3.70 | 48.95+2.14 51.52£0.60  50.97+.44  50.96+1.99  46.07 0.02

effectively distills data-missing information from raw data, which are used later for reconfiguration.
These visualizations further emphasize completeness of our design.

F Limitations

Although PEPSY outperforms prior methods in handling heterogeneous data-missing patterns in mul-
timodal federated learning, it may face challenges when downstream task domains vary significantly.
Large domain shifts can create distinct, domain-specific missing data profiles that require more train-
able embeddings for effective adaptation. A key open question is whether we can quantify these shifts
and bound the number of embeddings needed for reconfiguration—an issue beyond this work’s scope
but important for future research, especially in federated settings with clients operating in diverse
domains and missing data patterns. Moreover, this study relies on training models from scratch and
does not leverage pretrained foundation models. Future efforts could explore incorporating pretrained
encoders to build shareable missing data profiles, improving representation learning efficiency and
effectiveness.
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Table 7: Performance of baselines on the PTBXL dataset under various missing patterns in train and test sets,
for both IID and Non-IID scenarios. The best and second-best results are highlighted in bold red and blue,
respectively. We use a hyphen (-) to denote p,, /ps = 1.0/1.0, indicating that all modalities are missing and
these cases are excluded from evaluation.

pmips | Method | i) \ NonIID
\ |02 0.4 0.6 0.8 10 | 02 0.4 0.6 0.8 1.0
FedProx | 71.63% 63.81% 6557% 64.69% 4576% | 47.79% 4527% 39.97% 33.67% 37.58%
MIFL 71.37% 6595% 66.46% 45.02% 53.85% | 52.59% 39.22% 3733% 38.08% 37.20%
04 | FedImMM | 6961% 6835% 64.69% 6343% 64.19% | 6343% 6633% 6229% 61.66%  59.52%
* | FeaMsplit | 70.62% 6293% 60.28% 60.66% 38.97% | 53.97% 48.17% 43.17% 4627% 34.30%
FedMAC 7579%  T4.02% 73.52% 73.64% 67.84% | 69.48% 5221% 45.65% 43.76% 41.41%
| PEPSY | 78.44% 77.55% 76.04% 76.29% 71.37% | T1.12% 7TL.12% 68.10% 70.87% 70.62%
FedProx | 72.38% 69.74% 6507% 63.18% 47.41% | 44.01% 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 | FedImMM | 6721% 6179% 59.14% 5826% 25.60% | 6242% 59.14% 49.56% 56.36%  49.43%
© | FeaMSplit | 69.10% 63.81% 51.45% 4048% 37.07% | 40.73% 47.29% 38.71% 35.43%  26.48%
FedMAC 75.28% T402% 13.52% T73.64% 56.75% | 51.45% 50.44% 50.06% 27.87%  46.15%
| PEPSY | 76.55% 74.53% 74.15% 74.15% 57.63% | 710.87% 69.23% 68.47% 68.98% 58.76%
FedProx | 75.03% 72.63% 68.73% 58.51% - 61.03% 51.57% 42.62% 33.29% -
MIFL 73.52% 71.37%  66.09%  47.54% - 59.64%  50.44% 39.60%  33.67% -
Lo | FedImMi | 6280% 6242% 5397% 49.68% - 59.02% 54.85%  50.06%  41.86% -
¥ | Fedusplit | 72.13% 68.10% 66.46% 54.48% - 57.25% 52.08% 45.02% 33.92% -
FedMAC 75.16% 7440% 7238%  69.74% - 59.52% 4451% 51.32% 41.74% -
| PEPSY | 76.04% 77.05% 75.03% 72.76% - | 7125% 6721% 68.60% 59.14% -

Table 8: Performance of baselines on the EDF dataset under various missing patterns in train and test sets,
for both IID and Non-IID scenarios. The best and second-best results are highlighted in bold red and blue,
respectively. We use a hyphen (=) to denote p,, /ps = 1.0/1.0, indicating that all modalities are missing and
these cases are excluded from evaluation.

pmips | Method | 1D \ NonlIID
\ | 02 0.4 0.6 0.8 10 | 02 0.4 0.6 0.8 1.0
FedProx | 44.38% 44.25% 43.70% 44.95% 43.07% | 45.00% 44.55% 44.61% 44.55% 44.72%
MIFL 4335% 44.72% 43.72% 44.89% 44.66% | 44.61% 44.67% 4472% 4449% 40.27%
04 | FedInMM | 4050% 4050% 40.67% 40.56% 40.90% | 40.62% 4238% 40.50% 40.45%  41.19%
: FedMSplit | 44.95% 45.10% 44.61% 44.61% 44.67% | 44.43% 4438% 44.61% 44.10% 4421%
FedMAC 50.49% 48.26% 48.09% 50.03% 41.93% | 49.80% 46.49% 46.66% 44.72% 46.83%
| PEPSY | 55.68% 5533% 54.54% 5545% 4991% | 58.02% 52.54% 49.80% 48.32% 51.97%
FedProx 3491% 34.23% 33.14% 29.89% 42.61% | 4124% 42.50% 42.56% 43.18% 40.45%
MIFL 4432% 42.84% 43.98% 44.78% 44.61% | 45.18% 44.38% 4438% 44.10% 44.27%
06 | FedInMM | 4067% 40.44% 40.56% 40.62% 40.45% | 4147% 41.7% 40.73% 40.62%  40.67%
: FedMSplit | 44.38% 44.55% 44.61% 44.44% 4347% | 44.15% 44.55% 44.15% 4227% 43.53%
FedMAC 50.99% 49.40% 48.66% 4820% 16.71% | 47.80% 47.46% 4558% 43.64% 38.62%
| PEPSY | 51.28% 50.54% 50.26% 50.60% 44.66% | 48.66% 51.12% 49.67% 51.85% 45.07%
FedProx 36.22% 35.14% 33.89% 31.72% - 4438% 44.67% 44.44%  43.75% -
MIFL 4256% 4290% 41.19% 41.47% - 44.15% 43.75% 4427% 4421% -
o | FedInMd | 4045% 40.56% 40.50%  40.22% - 4056% 4039% 40.38%  40.27% -
: FedMSplit | 43.47% 4347% 42.56%  41.42% - 4244% 4398% 4370% 44.89% -
FedMAC 4022%  40.45% 40.96% 38.11% - 4722% 46.83% 46.44%  46.15% -
| PEPSY | 54.93% 5248% 48.49% 4541% - | 50.09% 48.26% 49.67% 49.96% -
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