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Problem Formulation Architecture and Objective

Consider the following distribution:

The posterior is approximated via:

Loss Function:

• A novel sequential disentanglement model for extracting static and dynamic factors.

• Our approach supports complex dynamics, mitigates information leakage, and

simplifies training.

• SOTA quantitative and qualitative results on challenging benchmarks in comparison

to recent strong baselines.
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Challenges

Standard Benchmarks

Dynamic Generation Static and Dynamic Swap

MUG Dynamic t-SNE Air Quality Static t-SNE

Information Leakage
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Mode Collapse

Hyper-parameter Tuning

Domain-Dependent Data Augmentation
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