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SVMIF2{ERELMNTELL, LAL, BEMREICIK, 395X

LEIZRETEZ ISR ERERSE N, E5T80 7

» RF|MAAEX, one vs. one & one vs. rest (one vs. all &
HLVI) THS,

= Onevs. one: N-95RIZ5H 489 HEZ n(n-1)/2 BD2H5
AEREICERT D,

= Onevs. rest: HBITRLEEYDETDISRIZHITE295

ZAME(2HTn @) IZEHRTS

FBEATS e1071 ® svm TIE, FOLSISEHIN TS,
For multiclass-classification with k levels, k >2, libsvm uses the ‘one-against-one’-approach, in
which k(k-1)/2 binary classifiers are trained; the appropriate class is found by a voting scheme.

#RAZ SVM: F&D

= DRI SMBITEE separating hyperplane.
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(1) Zay,;=0

2) TRTD ¢, 122F: 0<q,<C

RIZEITSH SVM

= svm Z&E /v —TIZIE e1071, kernlab, klaR, svmpath 72 E A
%, LB, http://www.jstatsoft.org/v15/i09/paper 1Z8%Y
= 5EE, 1071 D svm ZANTH 5,

> 1ibrary(e1071)
ERShtzvr—Y class #A—FHTYT
setwd("D:/R/Sample")
# banknote [FAIEINLOEALS
banknote <- read.csv ("09banknote.csv", header=TRUE)
head(banknote)
Length Left Right Bottom Top Diagonal Y
214.8 131.0 131.1 9.0 9.7 141.0 0

VVVYV

-

B

# svm ORLMELENS, "formula” THEZS

# svm( banknote[,-length(banknote)], banknote[length(banknote)] ) THd&kLY
# HDTA—BLIEETILEHY,

# BT BT (ERLTED. ThIZRE) type="C" LIEETS

# kernel="linear" &9 %.kernel [ZDVTIERME,

banknote.svm <- svm( Y ~ ., banknote, kernel="Tinear", type='C' )

( cm <- table( banknote$y, predict(banknote.svm) ) )

B

VVVVVVY

> ( accuracy <- sum(diag(cm))/sum(cm) )

[1] 0.995

>

> # RIEDN,

> # BEFHELNEL, 10-fold cross validation THARTHELA. ThIEZREELELS

>

> # COMERTHEWV-XFRBAT—FTHLTHELS

>

> xy<-read.csv("optdigits.tra.csv", header=F)

> tt<-read.csv("optdigits.tes.csv", header=F)

>

> # formulaTidad, I7 /LIS THERES EHREL LS,

> # cost /$FA—EIF, "C: BYEI—DUDI—FAIERT /544" THD

> ocr.svm <- svm(xy[,-65], xy[,65], kernel="Tinear", type="C", cost=1)
BEAvE—T:

In svm.default(xy[, -65], xy[, 65], kernel = "linear", type = "C",
variable(s) ‘vl’ and ‘v40’ constant. Cannot scale data.

>

> ( cm <- table( tt[,65], predict(ocr.svm,tt[,-65]) ) )

EBEAvE—UF, SEIDBE . VIEVAON L TRICIETH S (RIF0ITHE-TULND) f-dIcitiEh
1= B BB OEETEAL, "scale" BV TH R EN DO S ES T, T—2DERLEDE
ETHD, COZDDEMEE FFITFH(TRMIE) EASAEL,

AHDRE

 iris T—4% SVM TH#7 (Species® F T 5 K512%F
BILTHEKS

Tibrary(e1071)
#iris #EABLI1ZTE
#

data(iris)
# BHAEH~SD( head(iris) TTF—4&ERBANLLY)
names (iris)

s "RIZHFHSVM" THWV=XFRHET —2IHL T,
cost #ZE X THRERL. BEZLLELTT LY, 1065,
0.1f5ELTTEL AIZIE. ROKSIZEZTTELY,
100000,1000,...,1,0.1,0.01,...,0.000001

s ZFLT."YIRNT—SU" DRSARRD CxEaLRE
HT.ERLTTEY,




