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Abstract

In the era of big data, machine learning is indispensable for data processing. Various colleges and
universities are carrying out the course of machine learning in many majors. As one of the impor-
tant contents, support vector machine algorithm is widely favored by students. But in the process
of teaching, we find that its theory is rather obscure in some aspects. After summarizing the theory
of support vector machine classification, this paper summarizes several key points’ understanding,
such as, the understanding of maximizing margin in support vector machine linear classifier mod-
el; the understanding of some knowledge points in the derivation of objective functions and con-
straints in linear classifier model; in the process of solving linear classifier model, why is the data
point corresponding to Lagrange multiplier greater than 0 support vector? Is the support vector
machine classification face unique? Then, the experimental codes of several softwares such as
MATLAB, R language and python on iris data and the understanding of relevant results are ex-
pounded. The understanding of these details and the software experiment have carried on the
thorough analysis and the fusion to the support vector machine model, which is helpful for the
preliminary exploration and in-depth study of SVM classification learning, having provided the
important reference for the broad support vector machine learner and the user.
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1. XFEENNEAREIRIELR

ABAE R EGHE (R AR, B 2 48 & A BASRICOR R, M3 2 S O VEE b i B AR R s
Guiter S BR LA R RS SR G SZ EF 1A & ML (support vector machine, SVM), H—& /L4124 > Hig
ERSCHE(], RV EEE L —, E&i@ﬁﬁﬁﬁ—ﬂiﬁ’ll‘tﬂﬁﬂ:ﬁﬁﬁtﬁ C&ZMNHT&TE
v, bedn: BUR RS 38 SO 2E, TN ARV #5855 [2] [3] [4] [5] [6]. HIREFER—K
R T LA 5T [7] [8] [9] [10], MXEe&iR A, A1t — %émwﬁﬁ#*éﬁﬂfiﬁq:

1) SVM HJERHE 4 BRI R

— R, SEMBEINLE) A R RHAT 5IN o B ENLEE— AN o TA0BAE B, HasM B 1.

2 FC T R O PRR S RS R sign B, B = (wwy)' s x=(xx,) s TERANIZ TEAL SR AE
DU P HH 2«

-b

Figure 1. Information processing of a neuron
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Figure 2. Binary classification problem

B 2. =5 KielE

1, x>0
o:sign(w]*x,+w2*x2+b):sign(WTx+b), Hrbsign(x)=40, x=0.
-1, x<0

RSEPR EARS T 2 A SRR, B B RO S B -1, = A L IR R
& Lo WA TAEPIREEAR fP AR — SF EAL e IF. IR ELARLZ, WFE 3, RFAEN
WU G 22 F P DR SR B BT AT I . e B 73 284k, =4 B 7 251 1Y
dERS A VAL, NIRRT, O 7T RS, DUN EEAE R B AR AT A .

Figure 3. Classification lines in binary classification
problem

B 3. —oXEEHSESLEL

Figure 4. The best classification line in binary
classification problem
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I R BB — M AR A g, IS AR RFEAS A AR S, IF HOR I S rho ok i e
REB PR EL, Wi BA iz ek P AOREA R 2 RO R SR, AR 2mt = MBLE 4 1)
f671%,  FIEAR Ak 73 R BE AR B B P L il IR U — A1, Boll MAEA G SCRF R, IR HId pid
HISCHF AR AR TAT T 0 R E LR, A S i 1) 0 SRl 8 BR3P 300 S5 1) R (9 P AT 2 TR Y
FRES RO, RIS 4 P p Ko KR P ZETATEAR R “ BRI " SR b p BmcRAL. B4, 15514)
A 7y KA AT DU XA«

max p
s.t. yl.(WTxl.+b)2p/2,i:1,2,~~,n 0
ToE, PIEIRK S BELT W x, +b=0; M TEAKEBE AW X, +b<-p/2, WT=AMEHESH
Wix, +b>p/2 .
FEAR A SRR 1) O R B0 R R, MR ST UG SR A AR .
max /||

2
s.t. yl.(WTxl.+b)2p/2,i=1,2,-~~,n 2)
whh, AdEHEN, L p, BIREMLME LRI T
minlWTW
2 3)

sty (W +b)21i=1,2,.n

XRMLREA, AT, T RSB S Wy +b< -1, BT MBI SAE W X +b21,
MG R S RS A B A7 ke M NZREE A I HR T e, 2 0,i = 1,2,
5 I A N
. J < T
L,(W.b,a,)= m1glmax{5W W= e, (yl. (W X; +b)—l)},

w, ;20 o1
P L, X w b K55 T 0, 3]

OL(W,b) !

— 2 =0=>W- . X. =0 4
PTG = ;%% ; )
OL(W,b)

ob

=0=> a,,=0
i=1
T, A5 )
< 1
max L, (a)=) ¢, —EZaiajyiijiTXj
i1 ]
st. Dy, =0, 0,20

i=1

WRIG i) SMO SLHEMATH (R BLRR, SRHINEA i =120, FHE@R, HEE W R, XEK
KA, KT O (YN 1SR 5 7 5 SRR IR 09 [ 3, (W7, +6) =1 ] = 03K b,
AT PRI BIRAN b NTTEBERA I RL T

f(X):io?iiniT-X+l;.
i=1
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2) SVM HJ#i AR

SERRAE R, AR 2 EAREAT R AMEA T ), H, RSN KA 0y, AR R
DO SRERE, BAMT DM R 5 RKE, NBEANEGE SUN BERSAR R & >0, (1R, X T =MAEEE S,
HIESR WX +b> 1A B WX +b>1-& 5 X F B S0 5 i, HERP WX +b<—1 #4505
W'X+b<—1+&

Figure 5. Soft margin classification problem
B 5. #iaF 55 Kl
(CEILOLEIVANE 7S UR R EitL I
min ®(W)=1/2W'W+CY &
s.t. y, (WTxl. +b) 21-¢,520,i=12,---,n

S PR AR, fOka AR B & nHE H AR R BCE AR NET, YIRS C ke JRm A
T 28 1 73 A AR AR 1) SR ARt FE AL o

3) SVM H 4% ki 31

I PR EIST @ ( X)), SEECHE MR AR R S 3 2 ), AR 2 ) B R M AN T Ay B B T
e 4 2 () AR R M T gy, AT I v S 1) LI 26 ME SVM o BB T, Wi R A] 6.

o
L ]
°
il o — o
. A A L4 L]
i °
A . °
o I A N * -
} Ala ™
A
& ala ° " °
° ST - ° P
°

Figure 6. The mapping of linearly inseparable data in two-dimensional space
to three-dimensional space to make it linearly separable

B 6. BB A SRR R Z = fE H e T 4

EIERE RIS, — RBEARMER, TIAE SVM AR AL SR AR I R (X000 48 1) R 2R o DUROSR AR I & R, 3222
W R B A AUER, e RN CT R XX R,

Y 1&.2 T
maxLD (ﬂ,)=zﬂ«i _Ezzl[ﬂ'jyiyj (Xi X/')
i=1

i=1 j=I
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i

F(X)=Yay X X +5
i=1

IMFALR—F, SR SRR A, AR T BB o(X,) o(X,)BR, FRIAE I
B LHICREMEE K (X, X)) =0(X,) o(X,), Bk K @40, S REEE, MARERy . TR, &
SINBERHOUR 35 SVM 99 T A

f(X)= nzso?l.yiK(XiT X)+b
i=1

XFHREPAREA X, TP L3, SRR AE f(X), WM HKIRE . KK K R
— R BLE A

LRIRE: K (X, X,)=X/*X,;

ZHAKES: K(X,.X,)=(o*X/*X, +b)";

1 R ) T RO K(Xi,xj)=exp(_MJ;

sigmoid 4% PR L : K(X,,Xj):tanh(o-*X[’*Xj+b) o

2. ERHFPRJL K RE TR

fE FH# AR RN T, ARZ AT, EHFEdEY, HEEERIEE AR, &
1A HVEL A RE
HEL: “HREER” 5 “IUTHEHRE” , K& SVM BRAH) Margin AFERHA?
fRRE: MK 4 t—banth, PR EL AR L, WRE 7.
Z3:wx Fw,x b = pl2
zl: wyx tw,x,#b =0
z2: wx Fw,x b = -p/2

Figure 7. Three lines and margin in binary classification problem
& 7. Z5Hh =K E %KX Margin F1FNR
TE IR R AR i SRR, 18 7 i 22 B 23 R B P REE AR s IR S, R
FAEARM P I TR RE, XA, PCRERgE, B SR, ARt B AN KL p,
BT R W 102
HL L, 22 23 R RS SRR A TAT R IR A E B RE, i p, PTEAS
FROFER; TEATZEE “TUATIRIRE " we Horh — 2 L BB 5 — SR RBE A, Lt 22 BAg
X=(x,x,), BEEBLHTEw x +w,-x,+b=—p/2, REH 23 (w x +w, x, +b—p/2=0)FEEH
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|w1 X W, x, +b— p/2| | p/2- p/2| el _P
N Wi+ w2 \/Wf+w22 Il

el f3EIRQIBAL, X B, BAAK “Margin” MREEER p, MUEEIR 2. W4, Bk

2
oS 10 2
SCBR b, BEUE UG ROk, TIAYE <RI Bk, AR K EAMOTR, KR AT
AFELAF —MEML SR B, BRSO AT IR Z I < RBIR AT . B
WL, T ML M2 BRSO bR, 22 N 23 AR

z2: 2w - x 2w, - x, +2b+p =0

z3:2w X, 42w, x, +2b—-p =0
M2, “ERBURIRE” WAL 2p. T« JLATIRIRE H&E{ PSR ER RS 7 1207 0 BRI R 1 A — A
{%i{&y

:|2w,-x,+2w2-x2+2b—p|: |—p—p| _ 2p _P
\/(ZWI Vo) Jem)lm)  Jem)+ew) 7
FrELEE “JUMTIAIRG " 2 k. AR, T KEARE, SR 7 =4t R R R,

R e KALI Margm;’:ﬁl:z%%%f:ﬁ’l R fERESE R

EAR 2 WM BB i B AR BT i @ %ﬁi Lyt r? sk A

yi(WTx.+b)2p/2§ﬁﬁyi(WTx.+b)ZlE‘]‘?
R IRACIE 7 I =R ELRITTIE D AR L p2, LBSCRLER] . EHTEAL, 1537
23w /(p/2)-x,+w, /(p/2)-x, +b/(p/2) =1
zZ1:w /(p/2)-x, +w, /(p/2)-x, +b/(p/2) =
222w /(p/2)-x, +w, [(p/2)-x, +b/(p/2) =1
B, 5
230X, + W, x, +b =1
zl:v_vl-xl-i-v_vz-x2+l;:0
220X, + Wy X, +b =—1
0, HERK
z3:w-x +w, X, +b=1
zl:w - x +w,-x, +b=0 (%)

Z2:W X +w, o x, +b=-1

W, S [ R B 7 SRR A B B AR R :”7 s ARG RAFMIAIER B A, AR 22 M 23 Ze 2 [A]
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ME%%E"" T, Vﬁﬁﬁ""%%ﬁ%,w@ﬁ%ﬁﬁﬁﬁﬂ%%ﬁ%ﬁ%%Mm@hﬁﬁ,

%Ti%%ﬁ@,mm%$ﬁx4w"m%mw,ﬁ%ﬁﬁbﬂwm%mwo
FHah, WRIRG)I, 22 A 23 PRI B S A0 R LIRS #xUﬂx+@sz?%,%%%%ﬁ
SRS A
minlWTW
2
s.t. yl.(WTXl.+b)21, i=1,2,,n
fRRESEEE
HE 3: ERMHRBRAEBR BB W ERBLUE, BRI G =(4,4,) » Itads >oxt

BLEFEA i RRSCRFRE(11]?
R A T

L, (W,b,a ) n‘llnmax{; WTW—IZ;:a,. (J’,— (WTX,. +b)—1)},

%?qﬁ%ﬂmﬁWﬁb%ﬁﬁ%)%ﬁ

max L, (W,b,a) max — WTW Za( i(WTX,.+b)—1), (6)

;20 ;20 pan

WIS X, L, AR 3, (X, +5) =120, By, (WX, +5) =1, W@ORIRAHH i W
Ve, T o B AR AR R R, St AT LA T 0 HOfi: % T4 R i

WA y, (WX, +b)=1>0, By, (WX, +b)>1, e, 20, Ul’JﬁZai(yi(WTXi+b)—1)20, N T B
i=1

KALMER, B, =0, ARME Y a(y (77X, +b)-1)=0, NTEAGREAIL. -k, 1A

XN SRRV R o, A ATRERT 0, MARSCFFAEX NI o, —EFT 05 ZR, o F T 0 A ERIEL
R, Z8b, o > 0 N RIEEE R X, B8R SRR . RS

HF 4. TR-ANVEE, BEANSRETE, G2

R PISECT T, fETETIE, AR REL. WK S FH=AKKRE, B)hsRgEs
FLk, FEORFFIISRRE L 1A PSRRI R (B R 7 Margin AR, =2k 2k — i H0& i hes:, 531K Q)
T =26 R, BRI, I R B SRR AT B (Q2) P SRR R A A 253 . e LUS TR I 32

A A A
° o- )
° o e o7 e _w
7 = o /
; = / _
> - i < o
P *T Lo o i &
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Figure 8. Non-unique case of support vector machine classification line

8. XIFEENHXELHTHE—IFR
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3757, ReLal

RN R B G). HaT LA, WS EdE, X TR, 13315 KB L] PIAE—,
BE AT B 1> FGR T AT DAANHE—, (HASEER I, IR 280 A R RESE ok — A 28T, A2
YU e A P IR DL, SRS T 75 BRI RE ™ A2 KRR A B0 R BEAT SRR

fERESE R

3. Matlab. R 3iZS A Python 7E Iris ¥#E ERYSCIE

NS AN B SR B A5 3 1 S8 45 B e SR IGE R e B LR

1) Matlab SZIR/RA5

BATIIELE, R T &SR ELZEZ M K Matlab T A libsvm [12]. XM, FFEEE 2K
JFELE matlab BT 23, A v LU .

© KRG

load fisheriris

% LAEZ B E BN T meas Fll species &, HI# =2 1504 HIRHE, J53& 150 TFAIFE

[iris_scale,ps]=mapminmax(meas',0,1); iris_scale=iris_scale'; %3 {T#3513—{k

%A species EE|, RIL=3E, FE S0 MHE, MEIEE 60%HGiEAR, HarEA MR

%S T ERMEYIEE 30 MEAR TS, Hi 20 MATINR. TEAGBEZ VISR IMRESR

Num=[randperm(50), 50+randperm(50), 100+randperm(50)];

train_data=iris_scale(Num([1:30, 51:80, 101:130]), :);

test_data=iris_scale(Num([31:50, 81:100, 131:150]), :);

labels=[ones(50,1);2*ones(50,1);3*ones(50,1)];

train_labels=labels(Num([1:30, 51:80, 101:130]));

test_labels=labels(Num([31:50, 81:100, 131:150]));

%C-SVC #1241 ¢ FIZH £ 92 4L gamma( {18 4 g) BT F[13]
[bestCVaccuracy,bestc,bestg]=SVMcgForClass(train_labels,train_data,-6,-1,-8,8,5,0.01,0.1,10)

%SVM TR Bl 25 55 X [14]
model = symtrain(train_labels, train_data, '-s0-t2-gl1-c2 -b1');
[predict_labels, accuracy,prob] = sympredict(test_labels, test_data, model,’-b 1');
@ ERFB/AE SVM AR R
2 model IXANEEAEM LG, P LAE matlab @74 & HHATE, 193] T4
model =
Parameters: [5x1 double]
nr_class: 3
totalSV: 36
rho: [3x1 double]
Label: [3x1 double]
sv_indices: [36x1 double]
ProbA: [3x1 double]
ProbB: [3x1 double]
nSV: [3x1 double]
sv_coef: [36x2 double]
SVs: [36x4 double]
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%ﬁ%%ﬁ%%%ﬁ?ﬁﬂXﬁiﬁmK@fX%ﬁ,%Eﬁﬁﬁﬁi%ﬁ%iﬁ%&&ﬁ%ﬁ%

BA¥ Ay, CLRAETIEE b o XA, =%, Wi T =AD0KBTm, B —RKME k2 m
M — N0, SR =R B — AN 2800, BB SRR =R 2 A — AN 2K, TP Aheh 172,
13, 2/3 (I =A0r K00 . A TEIR B3 ISP J B 1) R BORIATE

B, BEEMIRE LA, 7F Matlab 74 % L1347 model.rtho, A=A %: 0.0745. 0.2416.
0.0592, Xl A8 = 73 S T R 1) AH S E

HWR, eSO HAT model.sv_coef i AT AR E] 36 x 2 [ &, X2EH 36 NS Fem s a4k
) 0 B S R, A2 R R e ? RN ERATI 73 2802 172, 1/3 F12/3, B4 88— IR
BAIREAE 12 o2 e R, WA TR 1/3 B SCfrm s 28 2RI E nTREAE 172 o S0 fF
I, WAPRETE 2/3 R SCHFmE: [FIHE, B SRIREAA ITREAE 1/3 B SR E, AR RELE 2/3
HRF M E, XS RHERIEFIED, Bk e ATE— 20 ST AR B IE 728 B IR SCRE &= 1 .
Fopfth, FRATHCGEEE 2. 3 SREASCRE R B R A LA 41, 90 S FEAS B R ECH SRR 55 HT 5
EARBUE N FHEME 1, T AN, HA SRR /B HIINER .

2SRRI REEAZE 2, #IEE, H2 SFARARGZE LN, WHELE 12 81 1/3 F#Y
T E I, I B AN REUE A Y TR 2T T Ay, B

3 SREARMIPEA REUE S 2 0.2580 A1 0, JETH—NREUER 0, H 3 SFEARSZE M, Ui
B 12 702K 7SRRI, TR 1/3 AR SRR &, HAE 12 e A =T 172 432800 b
IR Ay, FOMES

41 SRR REIMEZ-0.2144 F1 2, #AEZ, WRAE L EE@WH KT sv_indices FIHTKE,
ARG BT H K, WA AL 1/2 1 2/3 XMW KEHHY 7 FFmE, H—DREE-0.2144,
PHIEAE 12 i T ke s, HXANREUER 8, WETE 172 22K f 2y 7 3Ckem&=: 8
ANREUE 2, VEBAEAE 2/3 Y T SCRERE, HO& IR SRR &

90 SHEAR, RINGERMRE—MER, HERGREE=RKN, HHNERREE-0.4835 F10, it
BIRIAE 1/3 4 1 SCReimEE, AR 2/3 A Sk, HECHEME AR, U8 TIRFEALE 1/3 X
AP R e 2 T SC R AR, XA IEE R BB S AE 2K 173 T Ay -

SEPR b, AREE SVM R ER . S0 AT I B A A% R EURT model.sv_coef H [ HE, 5t mT AR = AN 25 TH
WG K. HTXEERKL, AR —— A, B4 2 i AE =AM S k.

Table 1. The coefficients of support vector in the classification plane

F 1. XFHEAEBESKEATHRBER

FEARTS 2 3 41 90
RH1 2 0.2580 -0.2144 -0.4835
FH2 2 0 2 0

2) BT RIEFHER

RIEFH, T e1071 &, EHRML T XS libsvm I3 L.
O

#install.packages(‘e1071') #25 — U E AR & E %140
library(e1071)

inputData <- data.frame(iris[,1:4], response = as.factor(irisSSpecies))
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# A SRR E

set.seed(100) # N T EBERMTEE K

rowlndices <- 1 : nrow(inputData) # /& 1THT

sampleSize <- 0.6 * length(rowIndices) # )| Zr5 /)

#1X B R BRI AR EE IR EE 60% LI 455

trainingRows <- sample (rowlndices, sampleSize) # FENLIEHE

trainingData <- inputData[trainingRows, ] # &5

testData <- inputDatal[-trainingRows, ] # lli&£&

tuned <- tune.svm(response ~., data = trainingData, gamma = 10/(-6:-1), cost = 107(1:2))

#tune FHERMSE

summary (tuned) # & ZHI ML RIRER /N RZIEF RGN gamma T cost

# N X ME S T S EERE EEX MBI RS R E

svmfit <- svm (response ~ ., data = trainingData, kernel = "radial", cost = 10, gamma=0.1,
scale = FALSE)

table (testData$response, predict(svmfit, testData)) # TRl 45 R AISCPrss RAT L

mean(testDataSresponse != predict(svmfit, testData)) # 542t E

@ R HBRIR SVM R ZRE
7E Rstudio 74 % I-1(Console), #iA svmfit$st o] LLA B Wl N 7R

A0 I H) BATEG | AB] AT PR

12 <l — = e r'”- — PR - Lk I P

21:1 (Top Level)

Console
> svmfity]

¢ call
& type
& kernel
¢ cost

m | »

& degree
& gamma
& coefl

& nu -

FEPER L, AT DO HE TR i &N IUF R 4, KBRS SRR,

R Script

Petal Width

RSk, tniRAE B E AR B S %k rho, BPYE Console & HFAT T svmfit$rho, HifEF =4
RMAIEEE; [, AT T svmfit$coefs, FLEETSTANIRM M AL X —F A L Matlab 3245

R, XEAFLZ .
3) T python HISZIRACE

Python 5256 BLAE A 7 H A1) sklearn HYf#) svm A, sklearn.svm BEHER AL 1R 2 BORALIRA A, AL

FRR 2 svm.SVC, 'E2FET libsvm LI . .
O g

from sklearn.datasets import load_iris

from sklearn.svm import SVC

import numpy as np

import matplotlib.pyplot as plt

from sklearn.cross_validation import train_test_split
from sklearn.metrics import accuracy_score

iris = load_iris()

x = iris.data[:,0:4]
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#3557, Re4al

y =iris.target

x_train, x_test, y_train, y_test = train_test_split(x, y, random_state=1, train_size=0.6)
classifier=SVC(C=2,kernel="rbf',gamma=10,decision_function_shape='ovo') # ovr:— %] £ %M
classifier.fit(x_train,y_train) #ravel i £ (LI AEN TR ST A
train_label=a.predict(x_train)

test_label=a.predict(x_test)

print("JIIZ5%E: ",accuracy_score(y_train,train_label)) #it 5L sve 70 528 01 I 25 2 1) v R 22
print{" JIL4E: ",accuracy_score(y_testtest_label)) #iH5E sve 73 2R Al ML HLAifE R 5
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In [7]: classifier.

classifier.C
classifier.cache_size
classifier.class_weight
classifier.class_weight_
classifier.classes_
classifier.coefo
classifier.coef_
classifier.decision_function
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m >
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[ History log | IPython console
Permissions: RW  End-of-lines: CRLF  Encoding: UTF-8 Line: 1 Column: 1 Memory: 41 %
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