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Abstract

In this paper, we study the nonconvex relaxation model for the sparse plus group sparse optimiza-
tion problem, in which the penalty term contains both sparse penalty and group sparse penalty. As
continuous relaxations, the folded concave penalty functions are used to relax both sparse penalty
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and group sparse penalty, which results the compound nonsmooth and nonconvex optimization
model. In order to characterize the optimality of the nonconvex relaxation problem, the direction-
al derivative and the directional stationary point are introduced, and then the characteristics of
the directional stationary points and its local optimality are analyzed. To calculate the directional
stationary points of the relaxation model, the smoothing approximation problem is constructed,
and it is proved that the stationary points of the smoothing problem converge to the directional
stationary point of the relaxation problem, which provides a theoretical guarantee for the calcula-
tion of the directional stationary point of the relaxation problem by using the smooth methods.
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