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Development of Recursive LASSO and Its Design Method

Kaneda, Yasuaki

1,400,000

L1
L1

For L1 regularized linear regression problem, we show that a regularization
parameter of the problem is related to a second moment of measurement noise and propose a systematic
desi?n method of the parameter using the relation. Moreover, we derive an approximated solution of the
problem, which can be solved analytically and recursively. Numerical simulations demonstrate

effectiveness of the proposed methods.
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