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lI Research Background

I format Goal
Audio data Video data nrormation
coexists . .
across * Extract semantically aligned
‘ n {g‘/\ After survivin| the mUItipIe 1
E ;g%] Ty emtiy o views or representations from heterogeneous
sr W dat v "™ Text dat iti . :
mage gam o e modalities modalities such as images and text.

Challenges

Existing multimodal VAE-based models often struggle to effectively align heterogeneous
modalities.

Many of these models also lack sufficient structural constraints to clearly separate the modality-
IR
specific and shared factors.
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lI Methods
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- Disentangle shared and modality-specific information, and enforce consistency through

DCMEM mutual supervision.

- Leverage the information bottleneck principle to promote semantic alignment and
information complementarity across different modalities.




lI Methods

> Paired Setting

« Mutual Supervision szt
- Generative Process Po.w. (8,8, 25, ws) =p (L) py. (25 | ) p(ws) po (8] 25, ws)
- Inference Process o, (551‘1U51t | 3) = (o, (Zs | 3) e, (‘ws | 3)% (t | Zs)
. 4
> ELBO Variational Framework : :
Shared Representation Prior Decoder

Cross-modal Reconstruction
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logp'g?ﬂ)z (t’s)qutﬁ(Zs?ws|3) ‘-P( I ) 10 r(lb ( I ) ( ) ( | )
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Encoder Variable Independence

i log gy, (t[s) +logp (2).
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» Structured Representation i > Shared Representations
i —— > Paired Loss —m )
Learning Alignment
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Shared Information Redundant Information




lI Methods

> Partially Missing Setting

+ Mutual Supervision Szt
- Generative Process Do, (8, Zs, Ws) = Pyt (25) p(ws) po (8| 24, wy)
- Inference Process e (zs,ws|8) = qo, (25 | 8) o, (ws | 8)
v ° °
> ELBO Variational Framework » VampPrior Anchor Prior
Decoder Prior Anchor Prior
‘ ‘ ‘ « Integral Form
Po \ 8 zsews)p "ws)pu* ZS) Pyt ZS) = J P t)p . \%s t) dt
108 0.5 (8) = Epy (5. a0 1s) 108 (s | ) ( () ] 4 ( . J .( v. (% |
5. (s | 8) 4p,, (ws | s « Monte Carlo Estimation
. t _ 1 B t
Encoder Variable Independence Put (zs) = B Zi:l D, (zslui)
» Missing Loss — > Paired Loss — > Total Loss
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lI Generate performance

T T T T
0.25 0.5 0.75 1.0

SVHN->MNIST MNIST->SVHN Paired Setting (MNIST-SVHN)
® DCMEM 4 ® DCMEM [ ]
n"; : :’:::;M 08 : ::;AI:M ' . . .
Ul e o v o cwne « Task: Cross-modal digit generation
I vy L vy __ « Metrics: FID (generation quality) and Coherence
Soal o e R - PR (R viot : (generation consistency)
03 MVAE MVAE
021 02 o® ® o 0 c
cee ¢ ‘a. | * DCMEM achieves higher sample quality and better cross-
160 140 120 100 H[)x'u 60 40 20 400 300 o 200 100 modal Consi Stency'
Partially Missing Setting (CUBICC)
Caption->Image Caption->Image
Toamme o Task: Cross-modal image generation
« Metrics: FID and Coherence with varying
proportions of observed paired data
- e - Achieves the best generation quality and
S coherence under all observation ratios.

« Maintains strong cross-modal alignment with
limited paired data.



Generate performance

Qualitative Evaluation

PN THLSPP~O

MVP MMVM CMVAE MMVAE+ MEME MoPoE MMVAE MVAE

DCMEM produces visually clear and semantically accurate results that
align well with the input modality.

Compared to baseline methods, it better preserves category
information and avoids confusion or blurring in generated samples.

Diversity Evaluation
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DCMEM MVP CMVAE MMVAE+

DCMEM maintains semantic consistency while generating diverse
outputs within each category.

In contrast, MMVAE+ and CMVAE show coupled category and modality-
specific variables, and MVP exhibits limited variability.
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observed 75% of the time.

this bird has an orange bill and white body I
with white wings that have black edges.

bird is black and orange with some white, N
itis little but hes a pointy bill. - H

this is a bird with a yvellow belly and black .

back with white on its wing. i "

a while body, biack arewn, and 2 bright | | small yellow bind but the under, a black
worange beak with black tip ane features of — I i * hands, and black throat and brown,

this bird.

a medium sized bird has bright yellow and
—  hlack, and iz white beak curve shaped the
fioet.

the bird has a red breast and belly and a
small hill.

- R

this color ful bird has a white belby and
orange crown with blse wings and black
gray tarsus pointad hrown,

Images observed 50% af the time.

this hird with a grey white body back

totally red bird witha | od il
a by red bird with a lomg r i facial agrey wings,

|

this bird has wings that are grey and hasa
white belly.

thiz & a vellow bird a dark breast vellow
patch and its tip to with brown bottom .
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Captions observed 50% of the time.
H this hird has a flat pointed bill with brown
head, and white patch the rectrices of
upper its patch cheek tail light.

this colorful bird has a yellow bottom hal £
with an impressive hlack upper half,

=mall red bird, with black secondaries and a
small yellow bill and gray tarsus and feet.

this hird an white body a long gray erown,
and a long white..
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Images olserved 25% of the time.

anall dark black bird with a sharp thick . i . . this =mall bird has light brown a wings
beak. i amd the beak sits and smaller of that tip.
mssmallhlrdlshlaﬂi_andhlucwma - {his bird has a black and orange | of
purple naple, small white eves, and a - oA ~ onzs oran N
slightly curved besk. ! £, Spots omEnge.

Caphions observed 25% of the time.

amal] browwn and white bird with long pink
taraus and long brown beak.

this small brown bird & colored of leaf
<exc> dark stripes.

this bird has a white and grey breast with a

. the bird has an black crown and the red
yellow bill,

wings the flank and orange spot.
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lI Classification performance

SVHN Latent Representation ACC

0.25 0.5 0.75 L0

Observation fraction

MMNIST Latent Representation ACC

T = 3
F:—:'—':ﬁ’" A

0.25 0.5 0.75 10
Observation fraction

== DCMEM_SYHM
—i— DCMEM_MNIST
== MVP_SVHN
== MVP_MNIST
== MEME_SVHN
—db— MEME_MNIST
== MoPoF_SYHN
== MuoPoE_MMIST
—h— MVAFE_SVHN
== MVAE_MMIST
—— MMYM
== CMVYAE
MMVAE®
== MMVAE

Image Latent Representation ACC

023 04 075 [EU]
Cservation fraction

Caption Latent Representation ACC

= = =
Ln = -l

Accurascy
=
i

Cservatian frction

—h— DUMEM_Caplion
—— DCMEM_[mage
—k— MVP_Captian
== MVP _Image
—— MEME_Captioi
—d— MEME_Image
—— MaPaE_Capion
== MoPoE_lmage
—— MWVAE_Capiion
== MWVAE_lmuge
== MMYM
—k— CMVAE
MMVALE
—— MMVAE

Result Analysis

DCMEM: Achieves the best
accuracy across all observation
ratios, showing strong
robustness and stability.
MMVAE+: Performs poorly on
MNIST-SVHN, as its shared
latent space fails to capture
discriminative features.

MEME / MVP: Designed for
incomplete modalities but
accuracy drops sharply with

higher missing rates.




lI Clustering performance

DCMEM achieves consistently superior
performance across all three types of
representations.

Traditional multimodal VAEs (e.g., MVAE,
MMVAE, MoPoE) show clear limitations
in cross-modal representation
alignment.

DCMEM achieves the best performance
on most metrics, showing strong
feature alignment and discriminative

capability.

Methods SVHN Representation  MNIST Representation  Joint Representation
ACC NMI ARI ACC NMI ARI ACC NMI ARI

MVAE 279 160 13.1 79.2 655 62.6 4277 353 245
MMVAE 220 104 10.1 21.8 10.3 10.1 226 107 10.1
MoPoE 379 272 185 505 45.6 33.0 64.1 60.5 50.7
MEME 219 103 10.0 365 321 20.4 224 10,6  10.1
MMVAE+ 239 114 11.1 213 104 10.0 229 119 108
CMVAE 422 363 254 281 1509 14.5 323 195 154
MMVM 422 271 207 88.1 82.1 80.4 715 722 675
MVP 536 387 301 814 79.6 73.6 84.8 764  70.6
DCMEM 915 80.6 82.0 991 973 98.0 99.5 984 98.9
Methods Image Representation  Caption Representation  Joint Representation
ACC NMI ARI ACC NMI ARI ACC NMI ARI
MVAE 262 124 7.5 18.1 24 0.9 38.7 26.8 18.0
MMVAE 23.1 121 6.1 145 13 0.1 158 1.5 0.2
MoPoE 334 176 11.5 435 27.1 19.9 40.8 304 202
MEME 448 434 284 363 295 18.6 198 4.8 2.1
MMVAE+ 27.7 119 7.1 48.7 364 26.8 644 526 44.1
CMVAE 677 583 474 65.1 533 42.7 737 674 57.2
MMVM 589 569 445 239 94 54 66.8 67.0 555
MVP 64.1 538 41.8 485 344 26.1 61.1 556 440
DCMEM 869 774 724 69.7 522 44.2 86.3 768 71.5




lI Representation Analysis

Class-level Semantic Alignment Shared Representation Class-level Semantic Sample-level Semantic
Analysis t-SNE Visualization Alignment Analysis Alignment Analysis

Objective: To examine whether different @
modalities maintain consistent semantic

representations at the class level. . - i
Method: Compute the distance matrix =

K;; conditioned on class, where the of g2 -

diagonal entries represent intra-class 0| W

distances and the off-diagonal entries o o g = .

represent inter-class distances. T v 3 e

(a) MNIST-SVHN
(a) MNIST-SVHN (a) MNIST-SVHN

Sample-level Semantic Alignment
Analysis

Objective: To determine whether
semantically related cross-modal
samples have closer latent distributions.
Method: Compute the 2-Wasserstein
distance between all sample pairs and »
use histograms to distinguish paired e
from unpaired samples. (b) CUBICC

-0.18 = Un-Paired
Paired

0.1 0.2 0.3 0.4 0s 06
Wasserstein distance

(b) CUBICC (b) CUBICC
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lI Conclusion

« DCMEM separates shared and modality-specific information and
enforces consistency through mutual supervision.

« DCMEM leverages the information bottleneck principle to promote
compact and complementary feature encoding.

« DCMEM supports learning from both complete and partially missing
multimodal data through a valid variational objective.

Contributions |K‘

Experimental results show superior performance on diverse tasks,
including cross-modal generation, clustering, and classification.
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