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Abstract

In recent years, sparse optimization has received great research and attention in the least squares,
compressed sensing, especially in statistical logistic regression models. Logistic regression is a
classic classification method, which is widely used in data mining, machine learning, and bioin-
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formatics. Now we study the sparse logistic regression problem with I, norm constraints. In order
to solve such problems, the accelerated split augmentation Lagrangian method (ASALM) is pro-
posed. First, we use variable splitting to transform the sparse logistic regression problem into an
optimization problem with an equality constraint and a cardinality constraint. Next, Nesterov’s
acceleration technology is used in the split augmented Lagrangian method (SALM) to improve the
global convergence of the algorithm. Then, an unconstrained convex optimization problem and a
quadratic optimization problem with cardinality constraints are alternately solved in the algo-
rithm iteration; at the same time, the convergence of ASALM is proved. Finally, numerical experi-
ments demonstrate the effectiveness and feasibility of ASALM, and prove that the convergence
speed of ASALM is faster than SALM.
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Table 1. Comparison of two algorithms based on simulated data
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R Bk ERRHR CPU ¥ [e/#p Bir R E
SALM 61 5.3689 191.77
n =500, m =500

ASALM 38 4.2988 191.77
SALM 67 11.4928 328.06

n =500, m = 1000
ASALM 42 9.5626 328.07
SALM 51 28.1707 225.47

n =1000, m = 1000
ASALM 41 18.2236 225.49
SALM 72 42.0699 381.58

n =1000, m = 1500
ASALM 44 37.2547 381.59
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