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Abstract: "If one only performs experiments involving passive observations, in general there are multiple causal structures that can explain the same
set of distributions over the observed variables. In this case, we say that these causal structures are observationally equivalent. In this work, we
explore all the known techniques for proving observational equivalence or inequivalence, as well as some original ones.

Even if the existing rules are not enough to achieve the full classification of the causal structures with four observed variables, our results get close
to such classification and show that admitting inequality constraintsis a generic feature among structures with four observed variables.”
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mDAGs

R.J. Evans: Graphs for Margins of
Bayesian Networks (2016)
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Case of 3 observed nodes
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To find such equivalence classes, do we need to
know all compatible distributions?
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Rules to prove observational
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Rules to prove observational
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Errata in the video: the steering/Bayesian updating argument in
general can only show dominance, not equivalence
pa(A) C pa(B)

I
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Corrected proof:
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Generalization: Strong Face Splitting
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Applying the Rules
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Solved by d-separation

|

P such that:
e Violates Bell Inequality
e Cl=no-signalling
[
Classical explanations for P are

AL A1 ‘ S all fine-tuned
) | \
BLS|T
e ‘ C.J. Wood and R.W. Spekkens: The lesson of causal discovery

\/ algorithms for quantum correlations (2012)

Pirsa: 23040108 Page 60/63



A Solved by d-separation
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