
Dual-Latent Generative Causal 
Structure Learning with Causal 
Annealing

Objective : To learn Causal structure in the 
presence of unobserved confounders with 
non-linear causal relationships without 
previously  known causal graphs.

Key Contributions

VAE with dual latent spaces (𝑍𝑑𝑖𝑟𝑒𝑐𝑡𝑒𝑑 , 𝑍𝑏𝑖𝑑𝑖𝑟𝑒𝑐𝑡𝑒𝑑) Capturing directed, and bidirected dependencies using ADMG via 
trainable adjacency matrices 𝐴𝐷, 𝐴𝐵.

Causally aware objective: A causality-aware loss that enforces  acyclicity, bow-free structure, and sparsity–entropy 
balance for meaningful, interpretable edges. 

Causal annealing: Introduced a novel training strategy that delays causal constraints via a transition epoch, named 
it as causal transition epoch to improve stable structure learning.
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Dual-Latent Generative Causal Structure Learning with Causal Annealing: Outcome

FC (Fork Collider) data ER 4, 6, 4
ADMG: (Acyclic Directed Mixed Graph)

Causal Structure Learning 

Impact of Causal Annealing
Causal Inference

FC data



Dual-Latent Generative Causal Structure Learning with Causal Annealing: 
Conclusion
Dual-latent VAE with trainable directed (W₁) and bidirected (W₂) adjacency matrices

Supports ADMG-based structure learning

Learns directed causal effects + latent confounded bidirected influences

Capability absent in prior VAE-based causal models

Causal mixed-graph loss for unified directed–bidirected learning
Causal annealing strategy for stable and progressive structure enforcement

Ablation studies:

❑ Mixed-graph loss is essential

❑ Causal annealing improves robustness and accuracy

Performance: competitive or improved vs. established baselines
Real-data validity: learned structure improves causal inference (e.g., IHDP)

Future work:

❑ Exploring annealing schedules (CTE variants)

❑ Hyperparameter sensitivity analysis

❑ Compare thresholding strategies
❑ Analyze coexistence of directed & bidirected edges in complex graphs Soma Bandyopadhyay 
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