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Many staƟsƟcal learning problems involving sparsity and other structural constraints can be 
formulated as mixed-integer convex opƟmizaƟon problems involving indicator variables and 
constraints on these indicators. As moƟvaƟon, the first part of this talk will focus on the 
problem of learning directed acyclic graphs (DAGs) from conƟnuous observaƟonal data, also 
known as the causal discovery problem. Current state-of-the-art structure learning methods 
for this problem face significant limitaƟons: (i) they lack opƟmality guarantees and oŌen 
yield subopƟmal soluƟons; (ii) they rely on the restricƟve assumpƟon of homoscedasƟc 
noise. To address these shortcomings, we propose a computaƟonally efficient mixed-integer 
programming framework. Numerical experiments demonstrate that our method 
outperforms exisƟng algorithms and is robust to noise heteroscedasƟcity. 

In the second part of the talk, we address the challenge of weak conƟnuous relaxaƟons 
inherent in natural mixed-integer convex formulaƟons for such structured learning 
problems, which hinder the performance of branch-and-bound-based solvers. We develop 
novel methods to strengthen these formulaƟons by deriving a convex hull descripƟon of the 
associated mixed-integer set in an extended space. Notably, this approach reduces the 
convexificaƟon of these problems to the characterizaƟon of a polyhedral set in the extended 
formulaƟon. Our new theoreƟcal framework unifies several previously established results 
and provides a foundaƟon for applying polyhedral methods to strengthen the formulaƟons 
of such mixed-integer nonlinear sets. 

 


