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i SVM DR

= SVM [&Vapnik OfEEHIFEZER/ M SEFENT= [3]
s SVM [£1992F M COLT THF 41 7= (Boser, Guyon and Vapnik)[1]
= SVM [FRECE R, FESHFRHOBEN B, o1

= SVMIF1.1% DT RRRY. ChlE. FAYIZE>Fz=a—F LRk

7—% (LeNet 4) LRILLB LN THST=.
« B%: [2]MSection 5.11. [3]ddiscussion

s SVM [EETIE A—RIVEDORKRLGHIERLGTEINTINS

w SED BRIV (BEH, kernel) DEKIELLDEH DD T TENDTE

[1] B.E. Boser et a/. A Training Algorithm for Optimal Margin Classifiers. Proceedings of the Fifth Annual Workshop on
Computational Learning Theory 5 144-152, Pittsburgh, 1992.

[2] L. Bottou et a/. Comparison of classifier methods: a case study in handwritten digit recognition. Proceedings of the 12th
IAPR International Conference on Pattern Recognition, vol. 2, pp. 77-82.

[3] V. Vapnik. The Nature of Statistical Learning Theory. 2" edition, Springer, 1999.
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w-X,+b<-1+¢ if y=-1
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o & IIDERYDERTHD
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choErMECREeE
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o 1k 8
= COHIFFERE L REREO R I
Maximize W(a)= Z;:ai —%[Zja,ajyiiji ‘X
subjectto C> ¢, 20, > ay, =0
s WIE w= ijl a, v x,
n ChIE BB RIREGIE S EZ2UTH S ELIE.

%012 C EVWSERMPHSETHD
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» SYMIE2MEHRELATELL, LHL, REREICIE. 395X
LEIZHEET2EISRADEMERZN, E5925M?
= RFRAAAEIL, one vs. one & one vs. rest (one vs. all &

HV3) THS,
= One vs. one: N-Y3XIZH$EY HMEZE n(n-1)/2 BD255
AEREICERT B,

s Onevs. rest: HBVSREFEYDETDISRIZHTE205
ZAMRE(2ET n @) ICE#]RTS

ABFEATS el071 O svm TlE, FTOLIITEMN TS,
For multiclass-classification with & 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

= DAL, DBEBFE separating hyperplane.

» RVEERIRT —ARNYR—IRIE—L05; ThOLRBFEEER
HB.

. 2REEMBEERITE. EOA X YR RIA—TEBEOSTSoTa
FY 0, [SHISTEHEHND.

» HEAEONARBICEVTUREITEN T, IIHET —2R(E. RO
hIZLMENGLY:

RO&G a)..ay EREHE:

&AL Q@) =Zq, - ‘/zZEa,ayy,@, 8L
(1) Sap,=0

2) TRTD o, 122F 0, C

f%) = oy xTx )+ b

RICEIFTSH SVM

= svm EET /w7 —I1Z(E e1071, kernlab, klaR, svmpath ZzE A
%, tLEIE. http://www.jstatsoft.org/v15/i09/paper IZ&HY
= 5EE, 1071 D svm ZANTH 5,

> 1ibrary(el071)
BERSN=\wr—2 class #0—FHTY
setwd("D:/R/Sample™)
# banknote [FHENLOZEMALS
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
B
# svm OBLMBAFENS, "formula" THES
# svm( banknote[,-Tlength(banknote)], banknote[length(banknote)] ) THdkiv
# DINFGA—FLIEERTILEHY,
# AT RIS (ERLTES ThITRE) type="C" LIEETS
# kernel="linear" &9 %.kernel [ZDVTIFRME,
banknote.svm <- svm( Y ~ ., banknote, kernel="Tinear", type='C' )
( cm <- table( banknote$y, predict(banknote.svm) ) )
B

VvV

-

VVVVVVY

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

[1]1 0.995

>

> # RIEDN,

> # BFEAELIAL, 10-fold cross validation THNTHEWAL ThEREIELES

>

> # COMERTHBWXFRBAT S THLTHELS

>

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

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

>

> # formulaTIFL<. I7 AV ISTHEMESEIEL LS.

> # cost /NFA—EF, "C: BYEI—CUDI—RATERT/I(5A—4" THD

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

In svm.default(xy[, -65], xy[, 651, kernel = "linear", type = "C",
variable(s) ‘vl’ and ‘v40’ constant. Cannot scale data.

>

> ( cm <- table( tt[,65], predict(ocr.svm,tt[,-651) ) )

&A=, SEDHE . VIEVAN L TRLETHS (RIF0IZAHETD) oIS HEh
T FEBOELETRAL, "scale" LBV THHIEN LMD LS, T—2DERLFHNE
EHTHD. COZDDREMEE FHITE(TRMZY) ERSAEL,

AHDRB

w iris T—%% SVM TH#7 (Speciesx FT5&512F
BILTH&KS

Tibrary(e1071)
#iris £EABEITE
#

data(iris)
# BHAEHD( head(iris) TTF—4ERBANLLY)
names (iris)

= "RIZEIFBSVM" TRWE-XFRHT—2IZHLT.
cost #ZEZ THRERL. FBEZLELTTSILY, 1065,
0.1fBEELTTEN, BIZIE, RO ESITEZTTEL,
100000,1000,...,1,0.1,0.01,...,0.000001

s ZLT."YIRI—2U" DASARERD CEELHE
HT.EBLTTIL,




