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Review on Recent Method of Solving Lasso Problem

Liu Liu, Dacheng Tao

(Quantum Computation &. Intelligent Systems, Faculty of Engineering and Information Technology, University of Technology,

Sydney, Australia, 2007)

Abstract: With the increase of big data, solving Lasso problem becomes top research field. Past methods
could not satisfy the time and efficient problem under big data situation. In order to deal with difficulty of
computation and storage bringing from huge-scale and high-dimension data, this paper analyze the recent
Lasso algorithm from three aspects: one-order method, random, and parallel and distributed computa-
tion, which play an important roles in dealing with huge-scale data problem. Based on those three as-
pects, this paper introduces and analyzes the novel algorithms: gradient descent method, Alternating Di-
rection method of multipliers (ADMM) , and coordinate descent method. Gradient descent method com-
bine one-order method and Nesterov's accelerate and smoothing method; ADMM put the random algo-
rithm into the recent research; Coordinate descent make use of the character of coordinate system incor-
poration one-order method, random, and parallel and distributed computation. Moreover, this paper
makes a deep analysis and research from primal and dual objective function.
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FUGHE B b B& B 35 m— 25 5 JF B A 2 B BERY Nesterov I8 I8 7 25 8] I AN 75 25 % BB H At
fi£ 1% 5 Nesterov YW J5 RIS FE . [l , Zhang"*" 4 . Mini-batch ) J5 1% o B 2l 8 B2 A %1 4 4 A5
LAEIFATIB A R T AT OCD) (3% AR ], 24 SR 40 53 2 A X8 AL AR L B SR L — i SP-
DC Jr kSRR Z . 38 4 f i 1 S ) 335 i I ) 52 2% )2

x4 TRAEENERELR(2)
Table 4 Complexity comparison of the different algorithm (I)
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Zhang and Lin"*" O((14 x/n) log(1/e))
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