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Abstract

To improve the classification performance of smooth support vector machines, a new uniformly
smooth approximation function is introduced to replace the positive sign function. It doesn’t only
overcome the non-differentiability in the process of solving the support vector machine model, but
also is superior to other smooth functions in solving convergence rate. Based on the uniform
smooth approximation function, we design a corresponding Newton algorithm and establish the
convergence of the proposed algorithm. Finally, numerical simulation shows the superior perfor-
mance of the function in accuracy, efficiency and generalization adaptability for solving the
smooth support vector machine model.
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BEE R R AR RIR, WL ) Uk 2 2 B bk, BUONIR 2 2= # BT, 2001 4F
Lee & AJHIE %t 3 4 FIHELIOIR A B 9 B WA T sigmoid 845 BB p(x, o) 0 6240 3 0 5 1 i B L
(Support Vector Machine, SVM) [1]3ET Y4k, 32 5 RAESCHE M EHLH 51 OB I & . 30 76
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e T HAMERIE . [F4E Mangasarian 25 A B3 H T RSVM (Reduced Support Vector Machine) [3], #
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B, R ZARRAE S B B FORE T — S RS B i) R SR A BT AR 2R R (] LU, LR EARAE 1S B
AR BB Z, TERMAEE L, R —F RS g, IR R 2 1) 238 A T Wk F 76
PREVEN SSVM B (1A% 0y, I DAL T RE T S8 R S AL — AN BT T 5 77 1) o

2005 4F, 3 EP[A1EANTRH T A 2 TAOGH KA, 8 I SCHEE R AU R 1 TG 20 oK H b ek Bk AT
eI AbE, 51T PSSVM KLY, HiER] T PSSVM HIEL SSVM 11 5 A % B AT/ 2Kk Re . 2 )G 4R
H T =W aIE B AL5], NI 51 H TR S EE AL TSSVM 8L, @il 7B TSSVM BERY ik
AR AR 5256 45 7T LA TSSVM A7 B AR TS 104025200 . 2008 4, RE4 445 A[6] 5 24 T
T =W RSO GH R — AN B RSB R

BE A G MR HOE I IE 5 MBI FE e, AR LR AR G BBk B T 2, X AR TR =
Ho AXEZEND T P —BOCHEEL REBCREAIE TR E. wllk 138 m SR AR A 72 o
DU AT B, 8T — SO E T R B0 T TSR, B B TR IR B 1ol ek S
P, B HE AR I T 1% bR BOTE G S ) ALY v (R SR ARG . RN A3 I M 1) e e
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2. HBZIREEM
21 ZEEEN
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(%0 Y1) (X0 Y2 ) (X Y )}
Forbx e RYy e {-11}, AT E AR RN Tk — MERE SR > [-11], M h(x) =y,
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Vi, y;h(x)=1 )
Bk, Ak TR R YN BB R B T SO A TXRHIE X IR IR &, D
h(x):=sign(w'x, +b) @

Hew eRbeR.
B L. 2tk oy T H AR R B A G SIS (w,b) , 73
Vi, y, (W' +b)>0 (3)
BT, 2t — o0 B Ay BEAE AR 27 (A1 B — AR o3 2R k-~ 1HT, W8 T A ERRIC IR A TF . W]
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. 1m m m
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2.2. SSVM
FH 29 ) o S 1 1) ML ) iR s R RSB P e RFRATT T DI LI AT SR AR 1S 3 o, T2 4 KBRS
f(x)= sign[i yiai*((p(xi),go(x))Jr b*}

©)
= sign[zim:1 yior K (%, X)+ b*]
/\EP’
L 18 i *
b :H;[yi_;yiaj((o(xj)'(p(xi))j
4 X = (X Xy X )
% = (X Xizr X ) (1=1,2,---,m)
e=ones(m,1)
D =diag(yy, Y, Yn), A=DK(X,X")D
e (7)Y e N
miniaTAaJrCeTg
“b 2 (10)
st. D(K(X,XT)Da+eb)-e+£20,£20
XA, BRI SRR, AT A=, [FR A b%ﬁi%ﬁj‘%@l‘ﬂ?ﬁ%("(wzb)" )s
"2
TRAXE B b=—e"Da , [AIFiAATIASE &TE /N, W10 A
log 2y, Gt
n;ybnz(a a+b)+2§§ ”
st. D(K(X,XT)Da+eb)-e+£20,£20
AP LS TIN
£=(e-D(K(X,X")Da+eb))
XERADEHER. BHANREBLL), BR8N TEL AT A ]
mibn%(aTa+b2)+%H(e—D(K(X,XT)Da+eb)) i (12)
A ME—fif
é\z{ﬁ}r:(q.e,---,nﬂ
(r+)i=max{ri’0}’ri=l_Hiz’Hi=yi[Ki_l]
K AR K 5 147 WP 3) S A — e
. 1, ¢
mzlnf(z):Ez z+5||r+||§ (13)
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FIAS R BOETE e ORI BT IE 5 s K (), FIRAAEE SSVM RERY, SR s 2fT sigmoid
SRR R B 2 BRI, A 2 R HSOR 4 A oR B 555

X BPRAMEE — AT R p(r k) AL BAr, , AR S A S AL SSVM:

. 1 T
mzlnfp(z)=52T2+§(p(r,k)) p(rk) (14)
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G BRI p, (X, k) IS B AN R AT LA BE 4 10 ad A
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Figure 1. The approximation degree of smooth functions
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T4t T 42 = 0,000 I 2 B85 5 4t 8L o6 SR ) 2
iE¢u(t):yln[%e”+%e_"J, p>0 %9 p(t) = |t 19 F 5 —BORHPRIT AL

mf: 1) yln%<¢”(t)—¢(t)g0;

w, (t) FEBE S u BN RS, H u— 0, ¢, () > 4(t)
3) (¢t( )) <1, H—~~22 (¢ (t))

dt

=0,

t=0

W) BT g, (1) =y, (t )+#|n_

FA4,(0-9(0) = 0> v, ()-4(1)
O<y,(t)-g(t)<uIn2, WA

PN

y HR J:IEF‘?XJ&E/]

yln%<¢ﬂ(t)—¢(t)£0

DOI: 10.12677/0rf.2020.101010 91

B 5B


https://doi.org/10.12677/orf.2020.101010

IR, TR

yl and y2

0.010 +

0.008 +

0.006

Range

0.004

0.002 ~

0.0004 — ¥2

T T T T T T T T T
—0.0100 —0.0075 —0.0050 —0.0025 0.0000 0.0025 0.0050 0.0075 0.0100
Domain

Figure 2. The approximation degree of y1 and y2
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P EAS RIS — BOGH BT B B URPEIRLUEIE IR S B8 (), » AT HAE R E AR IR, 2T
(A R IR E AL A IR, TR 1 g (t) = [t P — B0t EL R f w, (1) M ¢, (t) A AT
FI PRI 1D R 2 -

h, ()= Ay, (1) +1- 24, (t), 2€[0,1]
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Figure 3. The approximation degree of y1 and y3
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Figure 4. The approximation degree of y1 and y4
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Figure 5. The approximation degree of y1 and y4
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- l? s K (M) 2 2=
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4. Newton-Armijo &%
Newton-Armijo k@0 T4 — AN el . KA Armijo 248 %, FFRI A AR Edi Tk if. 1da0
(13) 11 H bx R BB Py
vf(z)=z-CH'r,,
(IR p, (r) A8 1 35): G, (2)=2-CH p,(r). JEh(p,(r) & k BUEEM p, (x.K))

Hessian #iFF VG, (z) = 1+CH'A, (2)H , Hrh A (z)=diag(p}(r), p (1), p;(r)): R(A5)H H b5
B KRR

gV, (2) = 2~CH'p, (1) (1),
Hessian 41 G =V (z)=1+CHTA (z)H , Jih

Ao (2) = diag(( (1)) + P () P2 (1) (P2 (1)) + P, () 2 (1)
— % Newton-Armijo &1

B B T W7 0 d, 1782 Gyd, = —g, K73, T T Armijo — 49, (RE T H AR R TE
SO R ORI T e, SR MBI

Step 1

Initialization. Given the initial point z,, let k=0, ¢>0, parameter: C,o,H generated from the input data;
Step 2

Calculate g, . If ||g,||< ¢, stop; or turn to step 3;

Step 3

Calculate Hessian matrix G, , solve G,d, =-g, and then we get d,;
Step 4 (Armijo line search) select
A = max{l,2’1,2’2,-~-}
and let
f (z,+44d,) < f,(z)+oA9¢d,
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Step 5
Let z,,,=12 +Ad,, K=k+1, turn to step 2.

GEEARGEAN T B 5L Hessian 2505 G, , FHEAEMZRITIA, Frfi ZH TAERM AR, JFH T4
PEIRFIELL I 2, AL 6T Hessian J B 1T 508k 2 A8 13 LA T 44«

Uk Newton-Armijo Bk
K 1 B(13) i) H b ek B VE (2 )y“c‘iﬂﬁae (z), 2G,(2)=0, EkWiZIE, HT VG, (2)F
Ay(2)= d'aG(m(r) 2 (1) PL(1))
LE V2, (2) A, (2) mw(mn D) P (5P (1) (5 (1)) + P () B (1)) 28, AT At 00
AR EEACHE B PR . H AMOP BRI
Step 1
Initialization. Given the initial point z,, let k=0, ¢>0, parameter: C,o,H generated from the input data;
Step 2
Calculate g, . If |lg | < e, stop; or turn to step 3;
Step 3

Calculate Hessian matrix G, , solve G,d, =—g, and then we get d, ;
Step 4 (Armijo line search) select
Ae=max {1,222}

and let

hy (2 + 244y ) <h, (z) + o4 9(d,
E#m@ﬁ%zucz”% Ty (t)= [ p(u)du (@£ p(x) (95 LB T A, By minhy (2) (5

FALELFE G, (2)=0
Step 5
Letz, , =2z, +4d,, k=k+1,turn to step 2.

5. MELRFMELE
5.1. —BAEHFWIEK R

B SIS HdE R A H python 4a 5 FIBENLEREA T 3 Hda e, G dtFEAEIEA 1000 FEA, WHARE A
A 300 4, BAFEARA 30 MFIE, KA T iR I B i 4 REAE 23 F)_ AR 3] g R nlE] 6~9.

A LAE HAE /N USEOE 5 N 0 R B R A & RN . BT R m T, RATRA T
FABEAREE, 10 X B 0 o R 4E USPS, BATTELEGIEE T 5000 MIZRFEA, 1800 /MIMAFEAR,
ARG 160 MEFIE, 7EREFEER £ =0.001 (15 L F{F A A Newton-Armijo SR g H% R 402K
B AR B IE] S YIZRET R AN R R 5 1 s
5.2. LR

R AR AT T AT A, BRATAS B — 25 TR ED G B S BRI S5 A SRR SVM IAH G S5 18

1) —fekil, BEEGE RS HARR &L RS, KE SYM MRIRS S TELF, fE%A
REEESRIIE LR, S MBI IEIE T8 R S Re B0 2 SCRRs FEEESK, 75 0 X R e S R IE A EL
T REAF RN L LIRS S R . BE BN R AU SR B T T R T BRI IR U (1 G SEBR i)
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Figure 6. The result (1) of classification

Bl 6. mRER()

8

Figure 7. The result (2) of classification

B 7. mRERQ)

Figure 8. The result (3) of classification

B 8. SELEERE)
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Figure 9. The result (4) of classification

B9 ERERA)

Table 1. Experimental results of different solving algorithms for different smooth functions
F 1. FENXBRECKBEEANIINER

Algorithm Smooth function iterations time/s Training Test error rate lambda
error rate
v, (1) 69 6.378173 0.0089 0.0179
General b, (1) 79 7.001273 0.0056 0.0156
Newton-Armijo
algorithm p, (x.k) 34 4.912734 0.0032 0.0151 0.5
p, (x,k) 32 4721893 0.0012 0.0149 0.618
v, (t) 61 6.001282 0 0.0139
Improved 4, (1) 75 5.832902 0.0023 0.0187
Newton-Armijo
algorithm: p, (x.k) 30 4.027182 0 0.0123 05
p, (x,k) 27 3.891276 0 0.0146 0.618

R At R Bt o AEIXTT T, HALE R B RS T IRATT SR AR, AEIEILRE B SR R S
JE A MRS KT 52— AN (0 BB %

2) — ORI RR B AT DM I ZREE 1R 2 10T B i/ MEL 20 0, (R EE I 25 (1 ek 1)
WK o LTSRN LSRRI ) 7L 75 B3R — NG RAEAR G (e s B, R i iR )
T TR A PR B B ) A2 5% v () 7 B R AT 147, T PRAIEAE RS R T SRR I 0 N S KA T SR
FRARMESE, IHERESEANOCES B S BN —HER S SR F .

6. &it

ZE ERIA, SCHEEMENLRDEIE ENES, M MBS [FD T EE RS A AN R W SO B R
BIRIE, ARBHE SO A S Newton-Armijo S92 URSIGHE FE A T — Y Newton-Armijo 5yk; R
e [FIRE IS TSR0, S BN AS [F T 45 ARG B AR 0, H e B S50 s B E I iR
FEFADG, OBV IES RARIREAY, RIS R, YIZRg SUk B IEf R bk s, (FORHUIZR
I T e b 2 3. A R REEFE 198 7 A . BR# Newton-Armijo 5752 M1 BFGS-Armijo &%
Newton-PCG &5 HoAth BEAEAN [RIGE R BT T SR i SSVM ASE 7R [y S S50 R SRS 0 82 (1 Il L, A
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