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Motivation

Method Part (1): Variational Posterior of Incomplete Multi-view

Learning for More Complete Information

Method: Overview

Method Part (2): A New Informational Prior for Better Consistency

Experiments
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Research Interests:

• Generative Modeling

• Multimodal Learning
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Three datasets are selected for displayingMultimodal VAEs with Inter-view Correspondences

• MVShapeNet: Capturing Detailed Information

From Various Angles

• Our method clearly infers more accurate details in 

missing views, such as the placement of table legs at 

different angles, changes in light and shadow, and 

hollowed-out armrests on chairs. 

• MoE-based methods: Limited in effectively 

aggregating information

• PoE-based methods: Struggle with precision 

miscalibration of each view

• MVTCAE: Penalizes latent information not inferred 

from other views, retaining only highly correlated 

details, but struggles with consistency when views 

are missing.

• MVP (Ours): Consistently balances high semantic 

coherence with diverse background styles.

• PolyMNIST: Preserving Consistent Semantics Across Diverse Styles

• Clustering

• Compared with eight 

incomplete multi-view 

learning methods.

• Missing rate

𝜂 = {0.1,0.3,0.5,0.7}

• Our method 

consistently achieved 

the best (bold red) or 

second-best (bold blue) 

performance across 

different missing ratios 

and datasets

𝑍𝑣
(𝑙) - Superscript: target view

- Subscript: source view

I. Joint posterior

II. Generative process：Each view 𝑥(𝑛) is reconstructed using the latent variable 𝑧∗
(𝑛)

 (represent the 𝑛-

th view) and a consensus variable 𝜔𝑛

III. ELBO: Reconstruction loss and two regularization terms for the latent space

• Inter-view correspondences:

𝑓𝑙𝑣 ·; 𝛼𝑙𝑣 from 𝑣-th view to 𝑙-th view, ∀ 𝑙 ≠ 𝑣

• Multi-View latent variable set:

• Operations of a set:

① Permutation: Variables with the same superscript 
𝑙 should represent similar information about the 𝑙-
th view, regardless of how they are derived.

⟹ Permutation-invariance

② Partition: Group variables by views

Single-view Partition (Columns)

Complete-view Partition (Rows) Consensus latent variable 𝜔

Cyclic Permutation

Better establishment of

Inter-view correspondences

Intra-Consistency

More Complete Information

Figure Source: Huh et al., ICML 2024
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Multimodal VAEs with Inter-view

Correspondences in the Latent Space

Invariant relationships

between views

Convergence

of multi-view

representations

Inter-view

Correspondences

①
②

Multimodal VAEs

• Distributional Modeling,

• Robustness, …

Inter-View Translatability

Consensus Concentration 

• A cyclic permutation is a way of rotating 

the elements in a set so that they all shift 

positions in a cycle and return to their 

original spots after a full round.
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