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We want multimodal generative models that support 

1. learn shared representations, 

2. handle missing modalities, and 

3. support cross-modal generation. 
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How to approximate the joint posterior ?q(z |X)
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Current Gaps

Product of experts (PoE): ✅  high quality, ❌  low coherence

Mixture of experts (MoE): ❌  low quality, ✅  high coherence

→ a trade-off between quality and coherence

Research Question 

Can we design a model that achieves 

both high quality and high coherence while remaining efficient?
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Aggregating experts by minimizing the discrepancy between the individual and aggregated distributions. 
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Hellinger aggregation  

a single-Gaussian approximation of Hölder pooling ( ) via moment matching,α = 0.5

μ̃ = ∫ zq(z)dz, Σ̃ = ∫ zz⊤q(z)dz − μ̃μ̃⊤

Hellinger aggregation defines a novel multimodal VAE, called HELVAE
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HELVAE MMVAE+

0.0895  
seconds/batch

0.2884  
seconds/batch

Up to 3× faster batch training

HELVAE: ✅  high coherence ✅  high quality ✅  computationally efficient 

→ an efficient yet effective model
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