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What can we learn?
Equivalence classes

Graphs which entail the same conditional independencies
for all interventions

Interventional
Markov-equivalence class
Hauser & Bühlmann 2012

Graphs which entail the same conditional independenciesMarkov-equivalence class
Pearl 1989

Graphs which entail the same conditional independencies
and marginal shifts

I-equivalence class
Gamella et al. 2022*

Work in progress*
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and targets*

Graphs of sparsest 
distribution-equivalent

models

*assumption I is implicitly satisfied: we only consider interventions on the variance
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Discussion

Likelihood offers increased power over CI tests at small sample sizes

GnIES performs similar to GIES without assumption of known targets

We need better datasets to validate causal discovery algorithms!
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