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AN — ZHERE [Lasso]

THA U175 X = (X;) € R™%P.
p (IX7T) > n (V¥ TNE).
HDANZ ML * e RP: XD EROMMBD 722727 d flJ (ZA3—2R).

EFL: Y =XB+E.

R 1 P
— argmin —|| X8 - Y| E ;
B ﬁge]RPI n [XB=YI2+ A = 1Bjl-

'/' Optimal




AN — AHERE [Lasso]

FHAL VAT X = (X;) € RO<P,
p (R7T) > n (#/7)1@5{)
s T B* € RP: FE¥ D BERDMEBA =27 d fl (A/8—2).

ETN: Y =XB*+E.

B« argmm*IIXﬂ Y[3+ A, Zlﬁ,

Jj=1

Theorem (Lasso DYXH L — I (Bickel et al., 2009, Zhang, 2009))

T YA V175 h Restricted eigenvalue condition Bickel et al. (2009) 7>
max;j | X;| <1 %L, /A X E[e™] < e” 7 /2 (Vr > 0) &5, 1

£1-6T
||ﬁ B*”Z < Cd|0g(P/5)

SIRTERE C Th, 7277 log(p) TUAEINT Z 2\, FEMAKE d H%
fic 1.
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Ly J—_E,E\U’ft
ﬁ(—argmlanE(y,, x;' B) + An Z'ﬁf

BERP

Ly IEAME (FT[E D23 0E. Ridge regression I ZNIZEHEN D) :

B(—argmlanZy,, x;' B)+ An 262

BERP



glmnet T L; IEAIfk

glmnet(x, v,..., alpha = 1)

alpha (77 4V b 1) CTIEAMKIEZ Ly & L, D THH%E

p

ﬂ(—argmlanE (yisX; +)\nZ(0“5j‘+%(1_O‘)BJZ)'

BERP j=1

ZD o D% alpha THEE. (Z 1% Elasticnet 1EHI{L & IEY)

Oz:]._>L1 JtEEU“::



LiblineR T L; 1EHI{L

LiblineaR(x,y, type=6)

type CTIEALOFERH L v AR ERE. T 7 4V M type=0.

@ 0 - L2-regularized logistic regression

@ 1 - L2-regularized L2-loss support vector classification (dual)

2 - L2-regularized L2-loss support vector classification (primal)

3 - L2-regularized L1-loss support vector classification (dual)

4 - multi-class support vector classification by Crammer and Singer
5 - L1-regularized L2-loss support vector classification

6 - L1-regularized logistic regression

7 - L2-regularized logistic regression (dual)

% LiblineaR XA HRE U D3 2 72\,



library(glmnet)
library(lars)

data(diabetes) #BE/RIKET — &, FEEIRFMEE. lars T —VIZA>TW5.
lasso <- glmnet(diabetes$x, diabetes$y)

plot(lasso)
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P AVAS Sl

A=)V % ZANLDTE D Ti\WH 2 AL 72\,
HIB A ORI TR B 7280, ZA—NE—DDRZ ML x 2 ULTELEWV.

Bag of words: {3 U 7z BEGEDSHE 2 i X7z X2 b b,

HEFADE BEEDHE TG,

HAEERD 720 DIRGEIT 72 B T2 O EIRITIZ 72 D X3\, HARSFEALEE Tl 100 X
TTIEY Z.

“please” D HBISHE
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i = [m H

@ Ridge [FJ# T k-fold CV 25479 288 &2 FHIF. ANITY e R" ([KEEE),
X € R4 (BIAZE), A (EAMEER), k (k-fold CV) T, HIld %
(y=x"R2) DV zay. #=#L, 9175V 2H0EDTIEEL, HE
BOFENS CVAIATOFAEETHATI—T 1 VI T5Z L.

Q@ FEH/REFBAMNZHWZFHEXFAMRT — 2T, EHHLST A —& LHFIKEE
DOEREZ I 7128 L. ZOE, YV TV EEVWL DONEZTAT, TS
DII7kEREEST L. REQHAGEZERT 5 EA{L ST A — XY
VINEITHKIEL TE S EAL T WD N ?

@ LOF—RIZX5IZCV AaT2ELMEEE L. LiblineR Tld cross=k & &
{ Z&Tkfold CVAIATHESND.
cvscore <- LiblineaR(..., cross = 10)

@ HAMVHKRDOH 2T —RIZBWT, RN _FEUAD ZNF THEETHNL
= FEE TR L. BRI, ERMA SEl, —biReE T
v, EHMEAT ERBERZR Y, RN FEDAOBHE R S WEL S 2 T
BT 2MERSCRATHERY. 28, #ETHELA» B2z THH
b, F7z, RUNZREEUAOFEEHCTE, MRB/NFEN—F
(A SDDEKRT) Bh-725EEZ0E®UTH V. AHTLELTW
MUEZ D FAME B2 5.
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LR — b DR HIL

o FASEIZ A — LT THEH.

o AT T [F—REMHE nBILAR—b] WL, ROY—ZAa—Fk
#%%itbtv% F%%H@’t

o Lo MRS T S R, pdf 5O 7 VI LA b 2l
HDUTHMN 7 7 ANV UTEMNTEZEAEE LW (THEIIT tex DN
FAEMADI L EWRL ET).

o fRIANUIGEFBFRALE % T,

KHKIZLUTHRWTTD, aUERIEETT.
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http://www.is.titech.ac.jp/"s-taiji/lecture/dataanalysis/dataanalysis.html



P. J. Bickel, Y. Ritov, and A. B. Tsybakov. Simultaneous analysis of Lasso and
Dantzig selector. The Annals of Statistics, 37(4):1705-1732, 2009.

T. Zhang. Some sharp performance bounds for least squares regression with /
regularization. The Annals of Statistics, 37(5):2109-2144, 2009.



