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Background
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• Biomedical dataset involves unique and related modalities

Tabular data: demographic, blood pressure, …
Image data: fundus image, bone density, …
Sequential data: sleep monitoring, ECG, …

Discovery of novel molecular markers
• (Gen, protein, RNA) → Lung cancer

Development of predictive models for disease
• (Health records, medical images, wearable data) → Type 2 diabetes



Background
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• Biomedical dataset involves unique and related modalities

• Biomedical interactions may be governed by some causally-related unobserved latent variables

Heart size Heart rate variability

Heart health

X-ray Image ECG



Recent Advance 

• Large-scale model
• Exploit biomedical datasets for various tasks

• Lack interpretability could be a big issue

• Causal representation learning
• Identify latent causal structures directly from raw data

• Prior work: 
• Identify latent subspaces shared by multiple modalities

• Rely on specific assumptions about the latent variables
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Motivation

• Large-scale model
• Exploit biomedical datasets for various tasks

• Lack interpretability could be a big issue

• Causal representation learning
• Identify latent causal structures directly from raw data

• Prior work: 
• Identify latent subspaces shared by multiple modalities

• Rely on specific assumptions about the latent variables

• Theoretically, we provide identifiability guarantees for each latent component 

• Empirically, we develop a theoretically grounded estimation framework to recover the latent com-
ponents in each modality
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Problem Formulation

• A set of observations/measuremnets from 𝑀 modalities: 𝐱 ≔ [𝐱 1 , … , 𝐱 𝑀 ]

• A set of causally related latent variables underlying 𝑀 modalities: 𝐳 ≔ [𝐳 1 , … , 𝐳 𝑀 ]

• Latent causal relations: 𝑧𝑖
𝑚 ≔ 𝑔

𝑧𝑖
𝑚 Pa 𝑧𝑖

𝑚 , 𝜖𝑖
𝑚

• Data generating functions: 𝐱 𝑚 ≔ 𝑔𝐱 𝑚 (𝐳 𝑚 , 𝜼 𝑚 )
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Level 1 -- Subspace Identifiability

• The estimated latent subspace ො𝐳 𝑚  for any modality 𝑚 and its true counterpart 𝐳 𝑚  are equivalent up to 
an invertible map ℎ 𝑚 : i.e., ො𝐳 𝑚 = ℎ 𝑚 (𝐳 𝑚 )

• Information of the subspace 𝐳 𝑚  is preserved in its corresponding observation 𝐱 𝑚  and exerts sufficient 
influence on other modalities’ observations 𝐱 −𝑚
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A1: Smoothness & Invertibility + 
A2: Linear Independence

A1: Smoothness & Invertibility



Level 2 -- Component-wise Identifiability

• Further disentangle each subspace into individual components
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A1: Smoothness & Invertibility + 
A2: Linear Independence

A3: Component Identifiability Conditions



Estimation Framework 
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• Encoder-decoder framework

• Corresponding encoder-decoder for each modality

• Learnable adjacency matrix to enforce sparse causal relations

• Combination objective



Experiments: Synthetic Dataset

• Settings: 15~30 dims observations, with causally-related latent variables in each modality

• Conclusion:
• High MCC show that our method successfully recovers latent variables across all cases

• Inter-modal causal relations are accurately identified

• The identifiability improves when the sparsity increases
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Experiments: Variant MNIST
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• We manually created a variant of the MNIST dataset to encode causal relationships between modalities 

• Two different modalities: colored MNIST + fashion MNIST



Experiments: Human Phenotype
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