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abstract

In this project, we study and compare algorithms for solving two optimization problems in model estimation.
The first problem is a least-squares problem with linear equality constraints. We show that this problem has a
closed-form solution that can be obtained by solving linear equations. The second problem has an objective
function that can be split into two parts; a quadratic loss term and an ¢;-norm regularization term. Since the ¢;-
norm regularization term is nondifferentiable, some well-known classical methods such as gradient and Newton
methods are not applicable to this problem. Moreover, the computational cost is an important factor to be
considered especially when the problem dimension is high, i.e., having ten thousands variables or more. Thus, in
this project, we study first-order methods based on the gradient of the differentiable term in the cost objective
and compare their properties. Consequently, we apply the best algorithm according to our criterion to solve the

problem of learning causal structure of brain connectivity in fMRI time series.

Keywords : convex optimization, ¢1-norm penalty function, eroup lasso regression, first-order methods
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