Core Contributions

Motivating Example in ML for Health

Anti-causal domain generalization: Leveraging unlabeled data

Sorawit (James) Saengkyongamt, Juan L. Gamella, Andrew C. Millert, Jonas Peters#*, Nicolai Meinshausent and Christina Heinze-Deml? tApple, tETH Zirich

Anti-causal Learning

Empirical Results: Causal Chamber (Light Tunnel)

- Semi-supervised domain generalization.

We formalize anti-causal domain generalization in a semi-supervised setting. PhyS|oIog|caI state (Y) Health sensors (X) //%//
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