
 

Abstract:                                                                                                                                                                                           
The goal of causal discovery is to learn causal structure from data. We consider two open questions in causal 
discovery: i) can we design fast optimization algorithms that yield provably optimal models? and ii) how do we 
measure and control for false discoveries? 
 
In the first part of the talk, I will describe our work on designing fast and optimal algorithms for causal discovery. 
Existing algorithms either do not provide optimality guarantees or are computationally challenging to solve, 
especially for moderately sized models. We consider an L0 penalized maximum likelihood estimator for this 
problem, which is known to have favorable statistical properties but is intractable to solve. We propose a new 
coordinate descent algorithm to approximate this estimator. Our algorithm is fast to compute. Furthermore, 
we prove that despite the non-convexity of the loss function, as the sample size tends to infinity, the objective 
value of the coordinate descent solution converges to the optimal objective value of the L0 penalized maximum 
likelihood estimator. Finite-sample statistical consistency guarantees are also established. 
 
In the second part of the talk, I will describe our work on quantifying and controlling for false positive error in 
complex model spaces, with causal discovery being a prominent example. In model selection problems such as 
variable selection and graph estimation, models are characterized by an underlying Boolean structure such as 
the presence or absence of a variable or an edge.  Therefore, false positive error or false negative error can be 
conveniently specified as the number of variables/edges that are incorrectly included or excluded in an 
estimated model. However, in many modern data analysis tasks—such as causal discovery, clustering, ranking, 
and others—the underlying decision space is not naturally characterized by a Boolean logical structure, which 
leads to difficulties in defining and controlling false positive error. We present a generic approach to endow a 
collection of models with a partial order structure, which facilitates systematic approaches for defining natural 
generalizations of false positive error and methodologies for controlling this error. 
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