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Linear SCMs — a common choice for benchmarking

@ causal structure discovery algorithms
1 2
Problem: easy to game by exploiting increasing
variance along the causal order
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Standardized SCMSs
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Our Solution



Internally-Standardized SCMs

Algorithm 1 Sampling from an 1ISCM
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Standardized SCM
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Results



Linear Gaussian stand. SCMs Are Partially [dentitiable

Theorem 3 (Partial identifiability of standardized linear SCMs with forest DAGs). Let x° be modeled
by a standardzzed linear S CM 1) with forest DAG G, additive noise of equal variances Var|e;] = o2,

w; ]\ > 1 for all i € pa(5)) Then, given p(x®) and the partially directed graph G representing

the V. , We can identi a but at most one edge of the true DAG G in each undirected connected




[ Inear Gaussian iISCMs Are Not Identifiable

Theorem 4 (Nonidentifiability of linear Gaussian iSCMs with forest DAGSs). Let X be modeled
by a linear iSCM (1) with forest DAG G and additive Gaussian noise of equal variances Var|e;|.
Then, for every DAG G’ in the MEC of G, there exists a linear iSCM with DAG G’ that has the same

observational distribution as X, the same noise variances, and the same weights on the corresponding
edges in the MEC.
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Numerical Results
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Summary

We propose a simple modification of SCMs that stabilizes the data-generating process
and thereby removes exploitable covariance artifacts.

In the paper you will find:

. theoretical analysis of linear iISCMs
. empirical verification of R? — sortability properties

- benchmark of popular causal discovery methods (linear + nonlinear)
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