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LASSO (Least Absolute Shrinkage of Selection Operators)
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 Coordinate descent (scikit-learn C{EHON T LN B)

* Majorization minimization (MM) algorithm; ISTA, FISTA
 generalized LASSO
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P(@) = o lly — Azl + M|

F(a) = 3y —2)° + Az

x* = argmin F'(x)
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Soft threshold function (¥ E BFMERSEY)
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x* = argmin F'(x)
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P(z) = 5 lly — Azl3 + Al
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F(z.z) = o lly — Azl3 + Mzl
min F'(x,z) subj.to x =z
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min F(z)  F(x) = f(z) + g(x)
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min F'(x,z) subj.to h(x,z)=0

x,z

F(x,z) = f(x) + g(2)

h(x,z)=x — z
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h(x,z) = Bx — z
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F(z,z;v) = f(z) + g(2) + v ' h(z, 2)

Si€% (penalty method)

F(@,z) = f(2) + 9(2) + 5 |h(@, 2)[3
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Tew = argmin F(z, z; v) Toow = T, Znew = 2
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ADMM for LASSO
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soft threshold function
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