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Problem setting The ACI Algorithm Theoretical analysis
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variable X. (covariates) on. the response variable Y ' P o P o ancestor causal structure is identifiable, which leads to the
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interventions (causal discovery with both observational * Part 2: Structure Inference.
and interventional data) and estimate the causal effects by Back-door criterion Experiments
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. Main difference between ours and previous methods: md criterion reversely Experimental process: Simulation
In real tasks, it is hard to observe full variables under 1. Orient undirect edges of R R 400 - :
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 How to use the interventional data:

 Part 3: Intervention Variable Selection.
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* An active intervention strategy to identify causal effects:
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