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Research Background

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-

specific and shared factors.

Goal

• Extract semantically aligned

representations from heterogeneous

modalities such as images and text.

Information 
coexists 
across 

multiple 
views or 

modalities

After surviving the

heavenly tribulation,

Nezha and Ao Bing face

new trials.
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Methods

• Disentangle shared and modality-specific information, and enforce consistency through 

mutual supervision.

• Leverage the information bottleneck principle to promote semantic alignment and 

information complementarity across different modalities.

DCMEM



Methods

Encoder

Decoder

Variable Independence

Prior

Cross-modal Reconstruction

Shared Representation

• Mutual Supervision

• Generative Process

• Inference Process

➢ Shared Representations 

Alignment

➢ Structured Representation 

Learning

Shared Information Redundant Information

➢ Paired Loss

➢ ELBO Variational Framework

➢ Paired Setting



Methods

➢ VampPrior Anchor Prior

➢ Missing Loss

➢ ELBO Variational Framework

Encoder

Decoder

Variable Independence

Prior Anchor Prior

• Integral Form

• Monte Carlo Estimation

➢ Total Loss➢ Paired Loss

• Mutual Supervision

• Generative Process

• Inference Process

➢ Partially Missing Setting
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Generate performance

Paired Setting (MNIST–SVHN)

• Task: Cross-modal digit generation
• Metrics: FID (generation quality) and Coherence 

(generation consistency)

• DCMEM achieves higher sample quality and better cross-
modal consistency.

Partially Missing Setting (CUBICC)

• Task: Cross-modal image generation
• Metrics: FID and Coherence with varying 

proportions of observed paired data

• Achieves the best generation quality and 
coherence under all observation ratios.

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



Generate performance

Qualitative Evaluation

• 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.

• 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.

Diversity Evaluation



Classification performance

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.



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.



Representation Analysis

Shared Representation 
t-SNE Visualization

Sample-level Semantic 
Alignment Analysis

Class-level Semantic 
Alignment Analysis

Class-level Semantic Alignment 
Analysis
Objective: To examine whether different 
modalities maintain consistent semantic 
representations at the class level.
Method: Compute the distance matrix 
𝐾𝑖𝑗 conditioned on class, where the 
diagonal entries represent intra-class 
distances and the off-diagonal entries 
represent inter-class distances.

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 
from unpaired samples.
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Conclusion
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• DCMEM separates shared and modality-specific information and

enforces consistency through mutual supervision.
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02
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• 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.

04
• Experimental results show superior performance on diverse tasks,

including cross-modal generation, clustering, and classification.
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