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Motivation continuous distributions (o = 22 > 2)
_ Structure Learning Performance _
. . . . . = Optimality achieved by PC-tree with the optimal test plugged in N Bernoull . caussian N Nonparametric
Structure learning / causal discovery / DAG learning enjoys extensive algo-
rithmic developments. However, the statistical optimality is less understood.
One special case: Equal-variance model [3, 5, 2] Applications : 60 60 60
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More in paper!
Problem Setup " s is a smoothness parameter in the nonparametric function class
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Given a distribution family P and a dependence measure m: =757 > 20N the. nonparametrlc c.on.tmgous case s strictly larger than
the two parametric cases — intrinsic difficulty
Cl Testing aims to distinguish two hypotheses of distributions: C : :
5 8 P = Optimality results for Bernoulli an Gaussian can be extended for poly-tree
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where p € P, and r is the signal strength. A Cl test ¢ is a function of data . References
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The output is refined using orientation rules.
A poly-forest is a DAG whose skeleton has any two nodes connected by at most one path.
Markov property: p(X) = p(X1, ..., Xy) = [T, p(Xi | pag(k)).

c-strong Tree-faithfulness:
" For any two nodes connected j — k, we have m(Xy; X;| X)) > cfor £ € VU{0} \ {k,j};

® Forany wv-structure k — £ < j, we have m(Xy; X, | Xy) > c.
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