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Reduct bfor what goo?
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Rgolarized Win Regression

S(a ; X
, y) = (x
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parameter regularization
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parameteryLass

↓↳
cramid llxc-yll +l

- in high-dimensions => leads to spaise
solution

many xi = 0 =>f ignores those
features

features not ignored ato

↳ selected

larger & fewer features selected



Why does laso give sparse solution ?
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-EtogonalMatchinaPosta
for i = 1 to b

Set Xi =

cosmay Kr,I
Set ai = argmin()r-Xj012+ <10)
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Set v = r -X
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x
;

Return a
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Normalize
firel for each column/feature

·
Standardize Xi; X

;

y ① subtract mean Fixi;
-- ② divide variance w= /Xj11=...
Y;

a 0-1 Normalization Xij + X
; =[0 , 1]

① subtract mirXig from all Yog

F & divide all Xis ba max X
go



↑oblems / Normalization

· affected be cutters
· change I data point

↳ changes normalization
.

· features may
be colinear

X+& XjI have similar correlation
u/y

"fixed" using principal components



What can we learn from sparse

X* = or amin /xa-ylle-sle
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*largest
maxIt might be most important

Y feature

↳ maybe not


