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A IN—RHETE [Lasso]
FHA A X = (X;) € RV,
p (UGE) > n (F v TLE).
HONRT PV B* € RP: JiY 0 EROMBAT 1 d ] (A/5— ),
ETNV: Y =XB*+E.

R 1 P
<« argmin = || X8 - Y3 -
6 BgeRpmnll B=YIE+ XY |Bl-

=1

Optimal




Z/IN—XHETE [Lasso]
FHA AT X = (X;) € R,
p ({Xﬁ) > n (“j’\/7°)l/§&).
HORZ ML B* € RP: X O BERZ OB 03720 d ff] (A78—R).

ETN: Y =XB"+¢€.

B« argmmfIIXB Y3+ A wa

j=1

Theorem (Lasso DULH L — b (Bickel et al., 2009, Zhang, 2009))

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

R1-0T
dlo 1)
||ﬁ B ”2 < c4o8P/9) g(p/ )

SMIRTERE C Th, 7277 log(p) TUARINT Z 2\, FEMARE d HE
fic 1.



— B IEETILAD L EEAHEDE A

Ly IEHIAE
6(—argmm—2€(y,, x;' B) + An Z'ﬁf

Ly, IEHIME (BTEIDO#FZESIE. Ridge regression I ZHIZEHEEN D) ¢

B(—argmm;ZEy,,  B) 4+ An 262

BERP



glmnet T [; IER{E

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

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

p

1
ﬂ(—argmm;Zf Vis X +)\nZ(0“5j‘+§(1_O‘)BJZ)'

BERP j=1

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

Oé:]._>L1 JtEEU“::



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)

3 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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2N A — LB

A=)V & ZANLADTE D THRODEHH U 72\,
HIRIS OB AIZRTE R 720D, ZEA—ILE—DDRZ ML x & LTEHLEL.

Bag of words: 5L U 72 BLEE DA &M R 72X 27 b,

K ELFRDE BGE OB T XTI

BAGEBAD 721 DIRTCIZ 0 B 7= D EIRICIZR D R, HASFEMILTIE 100 IR
TIEY 5.

“please” O HBLAHE
“credit” O HBISHE

“money” é)ﬁfﬁﬁﬁ)ﬁ

4 [a]1Z UCI Machine Learning Repository @ Spam e-mail database % .
Z AU 57 IRIT & IRTTIHR W /.



L R— hERE=[OE

@ Ridge [HJ7# T k-fold CV 2179 282 EH . AN Y e R (KELL),
X € R™9 (GRBHZE), N (EHIEEE), k (k-fold CV) T, HAIX 1%
(y —xTB)}) »cvza7.

Q@ HBHEH ANV FHEXFRMT — 2T, EAMLT X — & & HRIEE
OERE T I 7128 L. ZOB, YV TINVEEWS DNREZTAT, ThoH
DI 7ERERESE L. REHPIREEZ 2R S EME AT A —2EY
YITNVEBIHEIF LT E S B LT 0B 5 ?

@ LDOF—RIZXHIZCV AaT 2EREEE X, LiblineR Tld cross=k & &
{Z&Tkfold CVAITHELNS.
cvscore <- LiblineaR(..., cross = 10)

@ HATHKRDOH DT —X%2HD, THETHBTHN U ZTHEZ AW TR
B & BRI, SR, BRGNS S BIRER, —BIEREE T LR Y,
A SWEEE E THIT 5MEZR SR ATERY. 4E, #HRTHD
Iip o B VT H DR, HOTLRL TWIEXE D23 3 1
5.
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LiR— b DIREAE

o FASEIZ A —)UIZ THEH.

o I T [T =R nHILR—b] BHEL, RDY—Ra2—F&
FEREAFLDODEVER-NEEMDOZ L.

o KA LFHREELEENTHET L L.

o LE— MEAZIZHRETHRVA, pdf REOET7 7 1 Mz L HE— k&
DUTHMT7 7 ANV UTEMNTEZENEE LW (2RI tex DN
FEMRD T EEHIRL £T).

o fRHMAMR IXGH M AL £ .

XMHHEXLTHRVWTTD, TIERIIEEETT.

iR =

http://wuw.is.titech.ac.jp/ “s-taiji/lecture/dataanalysis/dataanalysis.html
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