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g-norm regularizing least-square-support-vector-machine

linear classifier algorithm via iterative reweighted conjugate gradient

LIU Jian-weif, LI Hai-en, LIU Yuan, FU Jie, LUO Xiong-lin
(Research Institute of Automation, China University of Petroleum, Beijing 102249, China)

Abstract: The Lo—norm penalty least-square-support-vector-machine algorithm (LS-SVM) has been extensively stud-

ied and is probably the most widely used machine learning algorithm. The regularization parameter in LS—SVM is prede-

termined with default value ¢ = 2. Based on the iterative reweighted conjugate gradient algorithm, the g—norm regularizing

LS-SVM is proposed with 0 < g < 1, a rational number. We design a grid method to change the value of two adjustable

parameters, the regularization parameter ¢ and the order g of regularization, by performance indicators of prediction error

rate. On the selected values of ¢ and g, using the iterative reweighted conjugate gradient algorithm for solving classification

object function and finding the minimum prediction error, we can improve the feature selection and predict the error rate.

The experimental results on real datasets in different fields indicate that the prediction performance is more accurate than

Lo—norm LS-SVM, and can carry out feature selection.
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1 5|5 (Introduction)

Vapnik#i H 1) 3 RF [ S L(support vector machine,
SVM) 2y Y if = I ML #2722 5035, Rl Lo Y644
% ¥F 1) & Hl (Lo—norm support vector machine, Lo—
SVMU), 25 5 FEBI R bR 2% (x4, 1), i=1,- -+ ,m,
x; € R" y; € {—1,+1}, SVMAIHYIZRAEA K i

min J(w) = pen(w) + C i L(y;, wx;),
w i=1
FREHN R ELf (2) =sgn((w, z)+D), J (w)H'pen(w)
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i=1
Loy Bt 7 — 3F6—37 FF 1] F HL(Ly-norm least square
support vector machine, L,—LS-SVM) & SVMI[1J4E Ff,
Baij(f%ﬁ JERESVM I ANGE L A A 4y A5 U2 TR
N R TIP
min 5 356+ 2w, @
S't‘yi : [<wi7w> +b] =1 _5’“ 1= 17 , M,
A FH LA P A0SR Aok A ) st 23]
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0 y?T
y 2+1/C 1,

XH:a=[a, - a,)NHEPHIT, 2 =2z,
2V =lepn o Toyml, Yy = o yml Lo =
- 1)

Lo-LS-SVMIPJ LT Rk 3 43 AN A R RHE T 202
— R, HLAUI P S Lo—SVMAHIE. {H 2 6 i A& sk
PR AT B, 0 STV 0T e 75 R0, N6 b, 210,
B PRSI AL I 7 )5 2B —Se 4 X e /N
(RIS AR B FF 25, AT IR B 2 T A
IR T B 1 SE2R0 710 N A Hb 25 R — e 4
i fa HARZR, X PR BT 2 e AR & E S,
WA V8 X B ) [ R E 3% ¢ 1) 8L £ 3T, Lopez42
tH1-Norm SVMEEM, Lk i At 4 s HE A A H
FrReREL, S EYEE €, Lopezid it Y T# H Loy %k
X 2(2) e [ 1E AR 48t kg 6k 0 43 AR e a ) 1 WU
£ 55]
min — Z &+

wa211

1 n
Ta M

s.t.y; - [(Z arzp)e; +b=1—-¢&,i=1,---,m

k=1
KT qIuBUENLS VM, SCiik [6]H 3 g £ )

@C.SVM 7 H AR R (1) T Lo a2 i L, 1650 | w||, =
(Z lw; |14, 0 < g < 1, HAxERE 1) 28 Fw
ﬂ?%vmﬁ BN &M —v < w < v, ZRHE
i BRI R A5, A5 FH 0k e M AL SRR T SR =l

(AR )R A SCHIR [8— 121 F) S8, SCRIR (1313 T
BUL T8 FLS-SVMEL VL, F) 1 b5 HE ILS-SVMI fiF

m
> Add N2
s, =3 a;yixiv; + b, 4k ANEE—L
i=1
s; — min sy
k=1,--,m
i = ’ )
maX Sk — min sy
k=1,- k= ,m

T(Z)EPE’J Zfzfﬁ%jj Zuzfzﬁéﬂﬁllﬂ 5K (3) A

oL A 8 B, PR R A R T
(Cpis)~ T, L RARIE

mﬁmHIBqu

0 yT [0
8-t [y Q+I/C] p= [1}

XHEB =[b a]", 1 < q <2, A HIMLELA T
I 24, F+H Enrique Brito$ H FJIRMS J7 74K fif %
) @4 Kloft £ t (1 L, ¥ # 2 % SVM 2% 3]
AU Rl > 1.

AT, FVF 2 WE9TLy, Loya %50 K A 4501
SVMCHR, i A AN [FIB R Tu T At 23 R o A T
BT ST )7 W), Zhu Jide tH 55T Lo 3 pen(w) =

[lw||1 IENIAES VM, GEWS [] i S AR F 326 B A AR X 55
518 Liu Yufeng# th T 204 Lo 1Ly 75 £ Tl pen(w)
= A|wllo + (1 — A)|lw||; 1E W ALS VM) 2 5 k07
TR U AL &, BeE v iR LoYu 2k T1SVM 73 %%&ﬁﬁ
ANEESE MLy Y H 1 S VM FE 0 1 A AN 1) i) 1,
Liu Yufeng|[r] i $2 H M 9% 2 4m B & N & FE Ly, Lo 70
Hpen(w) = ||wll,(q € {1,2})FISVM 4y 5 15181,
FH T Ly 9 550 510 6 AH JC 4R AR HUEC— AN (1 R 25, Hui
Zoudt T AT A Bl AL B R AS v 1) 5 1Y
fipen(w) = Mw||; + (1 — \)||w||2 232K 5%, GE%
SEHLARFAE A iR 01,

T TR RS RARL) Ly, Lo Vs 20E
Mk 73 LA S AT AR, Su-In Leed@H Ly
Y0 H T 1E U A A (B A 57520 Zhengiu Liu $2
H T L SR I O U AR A T A A SRR
TN T E 4 2R, ﬁiﬁﬁﬁﬁjﬁxﬁﬁ—ﬁif’ﬁﬁﬁ(re
ceiver-operating characteristic, ROC) {HH £& A1 il £& '~ [
7F,“\(area under the curve, AUC)j? VLT E 1E ) @G%ﬁ

})\LJLI@KEIJTLJ%HL EﬁﬂﬂﬁJEmWaBﬁM@
Gy REFIE T RS T, T LT BB SRR XS
TP B R I I WAL LS—S VM43 2R 5 04 T 1T
I, AR 223 I S B9, AN [R) I 20 38 H T AN )
IENAER IR, JEEL, IR g T BEFITE TR %E, 0 < ¢
< 0.

AR SCHR LS -S VM 73 2R 73 v, 348 1 I AL By
IR q P R N[ 5 (1) L, Sl K sl 2
7;23% B ORI A R I 55 T R — AN ik
S5 B IE, T ] B8 AR RN DX TR) P, LA BAE
A DRI N R AV G (R G
R GIEEUEMMLLS-SVM 4588 H br i 8, kg A2
I IR AR S A T e %—ﬁﬁmm@umm&m
MALLS-SVM 73 2 85(L,~LS-SVM) ]

min — 2+7wq, 4
i3 5%+ &l @

Styz(a:sz+b):1_§l7 Z:1727 U

X0 < g < oo. R HARRH@T, 4iHlg =2
B, I Il A8 A R UE TR Lo Y5 2 TTLS-SVM, MHg=1
B, I v A8 Sk bR AE Y Ly Yo AL SLS-S VML I n) @71
0<q< 1B NEM M, g =10 8 JE 1 @, ¢ = 2
B A R FRN 1R 8, 2 R AR R T R R %
I R 2 SCRIR 25271 4 H AR SR B0sh R SR sk Al
(U AP e R W)L, ~LS-SVMIR] A n] DA v, i
ift, Tianyi ZhoutE 3Lk [28]14¢ H) T 3& T Nesterov i J&
I B (Nesterov’s method)SVM 43 50V, 4iF I B 186
B ISR T I 145 A S VM, Bt T IS VM-
Perfl?’!, Pegasos®®!, SVM-Light*UAILIBSVME2!, 1]
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DA AL GERIBRISE | B 7 TARE nl LA Ol D AT
I, [R5 LA 7 i b PERE AL STk, AL
& P B B IR R, LR MRS O A AR
el A Ve FEEAT Xl 93, 2 g A ok 32k {53 [
2025 1w, LR Hoy A7 iE U144 0 0k ;2
Bl i a2~ 2121 2 ], I 18 MIE(E. 11
5% 325 B0 D0 A L FH AR ST A (IR AX PR B S b
BELRI g AN A AR B 1) (4), I PR 45
R, BRI T VR 2 e/ A K, USRI 5y
RYERER, g fEREA ).

A AR RS SR SR RS ARI,
A
]w(k) 4 /\(k)d(k)‘qf2 ~ ‘w(kfl) + /\(kfl)d(’cfl)‘q%’

BN ke UGEACE, [w®) £ X® dR)|9=2 R S5 ke — 1
U LA |w =D 4 NGB0 g =1 | a=280 48 M 1 4
2
SRy (B) (B g
j;’wi +Ad 1~
5 foft 4 A ) AP,
j=1
R R 1 g Y B B Y 5O AR, RO SBT3,
[ S AL T i ) R
AR SCHREH ISR AT P AZ B, B A2 i R Lk
PERZIISR, B pH O B SA% R ) — N R, A
I 1 250 T 3 A [R] A%, in L RISEA% 1 8 =
J&, S EER XS — N Lk, BESEIRRIE I
P&, W20 2CSR Haw ok, S0 T iy WA 25 TG 95 A% ik
5F, DUAEIE TCIE S I33-34,
B o S TR 1 A e, N T i 11 B O AIE AN

TREDRGUE 51 B (R 5, BILAS 2% 2] BRAR oA 22
5T TR A7, T 0 i DRG] 3 )
LR IE L, HEARYER 2, Al il BT 4EH i T
TABLEE, IR B A 45 J D], SRR A il L RESE U 4ERF
AiE, RN e AT 312D B IRAEARAN B, i DR Tl B 1) 25030
A e AL, ARPEAS R RE R X R s 1 3 2
DR A PR, e AN ST SR 4.

AL F LR 50

1) 2 T g NALLS-SVM P Bt/ S5 a5
T, BV AE0 < ¢ < oo TN, AH A
BRL TSR [ e 118 I D00 9 5o K, 503 1 DU A e
ik q, 1455 SR PR 2 85 )N

2) $EH T RARL,~LS-SVMIFI P B B 55 R
WA KT Y AN AL Bt g R e R TG L BEA TR 40, A A
s B 28 A A R 3R AR R B B A oK
fidt q A e A ] 72 RN P L —LS—S VM i .

3) R P WL, I KR IR S5 I,

AN () i e /R A B b, 8 25 T A TR g )
{8, W LASSGEE o 2 4 ) FIEME A .

4) B RN ZRA3 3 AR ) S 1)K
ZHOTENZ, AT ) w7 YR
XF N FRIAEAR (R AH B AR AR 73 B AN T2 SRS R R, R
A S LEATE IR ) B ww (1) 53 AN A ZE R AE T I R REAR (1)
ARR ST A S R AL RIS, WO TR IR, RIS
S T AR A AR

5) RH L,~LS-SVMZr KB i M 51 5L R
I3 RBHE  Tr1 1 SUAREHE . Arcene JJTiE (SURAE 43 5L
4R | Sylvafy bk 7 i 28 504 4 L PIE_32 x 32 il
Yaleb_32 x 32 A B HEAT 73 2 THUIIRIRE A1k 16 4 S5
P, T8 T A3 AN ] £ 1 U S E R E ALY R g 1H.,
FREN 0 R L LS-S VM BE InfEif.

2 L,-LS-SVM432K358(L,~LS-SVM classifier)
2.1 H#PRAE(Objective function)

e MR FEA S A X, Hohm < nd X Hm
N FEBIAS B no BB YERL, & XX AT, €
R™ A —AFEW, FHN AR Dy, € {£1}, weR™,
TEAIWR L, ~LS-SVM 73 2518 H AR 80K

min f (w.5) = 3 3 Ly ofw +b) + glw]l
&)
St awll, = (3 fws]7)¥, 0 < g < o0, w; Rewly
I

BN IR R, L(-) 40 R BRI, mo 12 1) A8 o
FEREIENI S L.

L~LS-SVMIIRELEAI H bred ECh
- i e ez, €
min fi(w, &) =ming D &+ llwli,  ©
st.y(zfw+b)=1—¢&,i=1,2,---,m,
L5 G AT —— X R SR At
A, 5l N wT=[w, - w, T, V=[x, ---

@, 1), WS EITEw ZE I faith 2o e
: N
min f(w, §) = min o ;5 + qll’wllg, (7
st.yi(xfw)=1-¢&,i=1,2,--- m.
HELAGARN B IR EL, W BT 15
]_ m
min fo(w) = 5 21—y (w7w)* + ]y
)]

2.2 FLHEEREE K () KA# (Solution for conjugate
gradient step-size)

() = [l = (35 s 1), () = bt (aw),
T

wj

Sgnwj = W,
J
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50 < ¢ < coltf. JLEHY
Ok(w)
awj o
SRS () T A w5 S, 1S
8 m
= S e (@) = 1)+
clw; 1™ Q-wj, ji=1,2,---,n. (10)
EXW%—JEﬁng&%ﬁ%ﬁﬁﬁ
() 4y 35 R PR SRS o BT, A 55k
AR ffﬁsﬂmmﬂﬁmﬁmwm:
k:+1) _ 'LU A(k)
(Y- (sz -w!

k
c\ |q 2 w§ ).

T SRR VR R SR M TR RE I, Je g e
w KT wo, HIUAIEHERE LTS I d M5 TR R 17,

lw? 2| - w,. €)

w'

= Z Y(i) T (i) M —1)+

Hla®) = —gM. FESFRUIEARIN, JEHUBE VA R AUE
wFH) = q® 4 \F gk, (11)
(WNELZNE -GN EEs
min fo(w) =

1 m
5 21—y (@ (@ AMd0)))2 ¢
i=1
Ellw® 4 A® k)
q
A
lw® 4 ABg®) |a=2

B S R UGEARIT B | 4+ XK k) ja=2 () (i ] 5
k — LRI Jw® =1 4 B @lk=1]a=2 B8, Jij13

min fo(w) ~

a-u (e

i| (k=1) +)\k 1)d(k 1) |q 2’ k)+)\(k)d(k)’2

13- 12)

|'w(k D \G=1) gle— 1)|q 2

T(w® 4 ABR)))2 4

13)

E BB kRIS A R AR Y 1) B aw () R SLHERE S5 1) B (P)
O, (13 AE K]

min f£,()) ~

)\(k)

3 S0 (@D XBd®): -

2, - (2T - (w® + A® Py 4 Ejapt-1 4
q

A=D g1 a2 (8) | \(B) g2 —

5 207 () ()

2y7 (2])? - w A" —2y, - (27 - ABdW)) 4
Clap®=D g A*=D) gk=1) |a=2 (9945 (F) . \(W)g(k) 4
éW%W%- (14)
e, U S AR TSR, LERIR AR I 33 2.

X = < Jw® Y 4 BTN 345t (14)
RS
dfs(A\M)
oNR)
> (yi - (2)PA(d®)? +
=1
22 - (@)? - w®d®) 2y, (& -d)) +
1 (2w™ - d® 4 2N R L (gh)2), (15)
A 8f2()\(k)) y
/Q'\W - O, ﬁi,’; —E'r \ftﬂ‘ﬁﬁfp/{tjj
AR
i ( Td(k ) y?(m?)zw(k)d(k) _Clw(k) d(k)
= 2

v (@D ()2 + ()

(16)
2.3 F§ B3 e B B 8 AR B &Y SR fi#(Solution for

iterative reweighted conjugate gradient model)
T = S[w® ) 4 A6 DaED 2 R
(8)22 0 !
min f,(w) = %(1 Y Xw) (1-Y Xw)+erw'w,
a7

XY =diag{yi, 2, s Ym}, X =
‘TE)T’ w = (w(1)7 w(2)7 T ’w(m))T'

XA G R R B
min fo(w) = %wTGw +b'w+a, (18)

T T
(x1’$2’...7

Hp:G=YX)"(YX)+c I, b=-2YX, a=
1. TR 381714321 G IR IA S

B = 9k+1(9k+1 - gk)
i (41 = 9%)
FH A5 B LA P 2 A U
40 = _ g,
A+ = _gtn) g )
(gk+1)| gl D)
vt = gy
AR ifﬁ}#/fﬁ’h%ﬁ N W
w* ) = w®) 4 \g*

FEIRACER RO MR SEHERR L )T 1), (, ) &

T
_ gk+;gk+1 ' (19)
9% Gk

(20)

Hidp: g
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TR BILHOBE A A BELRAIE H AR p& BU{E AL
6, B (™), d®)) < 0, A — g W ARER a8 A48
R7 1), R AORUESVAAE B B 5 [ 2 8. Sk
SO R RUGEAU HARRREUE, 24 H AR et i
KT BEE T WA f® — fOD] > 7 i HIE
Bl 7 1ia) AL 27 i) 2Z W) K3 A /N T8 A P,
HIZ(g®),d®) < o}, EH AL dDAE AL R T7 T,
A, 24 2(g®, dR) > rolih, BT AT R BT
I, ﬁﬁﬁ—g“ﬁﬂf%?‘iﬁ. TEEEF ST, WEn

=le—5, o, =—m.

9
2.4  FERGLHERE BB HE I (terative algorithm of

reweighted conjugate gradient)

L-LS-SVM 4 RE R BR:

1) X BT A, 13 B (1, 11), -
(@, Y ), TEEAREE S D INGAEAREFNNAFEALE, L
S IR A M g .

2) A HLHERR B L, —LS-SVM 23 B E A I ZrAs
KEHATNG. Miitbw =1 -+ 1], t =1, ®WES
Hory = e — 5,7 = gmg — le — 5; R A (E
HBOEW 24

rw: Mwf N ICER MO, rw(i) =0; Mwlf
i ICEA O,

rw(i) = clw;]?73,

tmpl =y x X =

[f:lyz X Tia iyz X Tjo =t f:lyz X l‘i,n]T,
tmp2 =tmpl - w — 1.

3) BEFEA T IE N 2 K, gt AT 25, fEEH
[y S 56 v, AR IR B 5000, 7Rt = 1IN 89,
SEBERR D) = —gW. 1t > 1IN I S R EAR )
H s s Ui A i, 25| ) — D) < B H
P R AR A BN T B (B 5 LB VTR, T DR
g™ = tmpl™ - tmp2 + rwT - w® AR, I

BTy @d<k)?§ﬁ'ﬁ§¥$lﬁff§ﬁﬁ(z)\f€(d§k> =—g® + B -
k k
BRI ot AL AT i) By

7 T SIS D, FEHIaRA FEE T [ R FEE 7 1) 2 1) ) I £
PN 52 A T, (g™, dW)) < 7o, AR SCAEH
dWE R RITI, 242(g®), d®) > 1ol A Fd® =
— g™ N R R T 1),

4) FHFREHwEHD = w® + Ad®), I H A fw®)
AT Mg AL, VLI VR bR HE I 8 R w P) 3 —4E s
fikw /N T w TE5 KTEL | w || oo WIJT 532, BAEXT
I IRFAIE ) 5 B R 0.

5) FEMAFEASE AT SZIG, 15 20 P 2= . 1l

Tob 3 H e A P 1 D) A 2 A B0 43 A 52 0K B B
PRAA. $EH B DA RS I B 1 TR,

FE 1 AL RE L, -LS-SVM /) 2K 5
.

Procedure Iter-Reweig-ConjG

Input: pairs of samples(x1,y1), - , (Zn, Yn)
Output: w
Initialization: setc = (ones(1,18) x

2).(7413) ¢ =02:02:4
w=[1,---,1,t = 1,11 = le = 5,15 =
—m, T3 =1le—5H
for j=1 to length(c) do
for =1 to length(q) do
for =1 to 500 do
if =1 then
g®) = tmp1T - tmp2 4+ rw” - w®
4 = —gm)
else if | ) — f(*=V| > 7, then
g = tmp1T tmp2+rw”-w®
d® = —g® + B, - a1

5, — (99"
t <g(t71)’g(t71)>

computation: Z(g®, d®)
if Z(g,d™) > 7, then
d® = —g®
end if
end if
end if
update: w't! := w4+ \® . 4O
select features:
it w" < 73]|w®|| . then

wgt) =0
end if
end for
end for
end for
return w

end Iter-Reweig-ConjG
3 HIEEZRME5 T (Complexity analysis)

e ) SRR B2 SR R AR O (m?),
Hm g FEARAN B, SEBRRE Pz AT R W], K2 L3
TRUGEARS R REFEANEL. th TR I AR
A XA B e, qfH, Bk b, AL, ~LS-SVM 4y
REVEMT R IMENO(m? - s - 1), KB sFt e, g
SHOEFE, WK R 73 I B RS AT B 51 £, SERr L
MR EA 2 His 8, HFEBIR 2 4ebiss ik
TR R AT AR, s th I SR 2R S DL
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R 2RE.

R4 T 10 ML L L,—SVMIBATIN ], 22 X
G 16 B, qfELINS, 3% v I [7) i 3 LLs e, AN T A v
¥ Lo VS ELS-SVMIRIaA T I )t 7 23R L s.

£ 1 10N 3B % £ L,~SVMEEATHS [A]
Table 1 The running time results of L,—SVM on
10 datasets

B IENIME Le-LS-SVM

CELESLE ¥ Mikqg FEI /s
BebtEsdE  57x2215 4096 3.6 0.19
SRR 964026 025 1.0 0.13
WEEEAE  62x2000 025 1.2 1.15
MR 78x3750 64 4.0 1.86
PIE.0102 340x1024 2048 14 2.58
Yaleb_0102 128x1024 2048 1.2 1.45
Yaleb_ 2627 128x1024 4096 1.2 2.05
Trll 143x6424 32 3.2 1.87
Arcene  100x10000 128 2.4 5.32
Gisette  6000x5000 8 24 11.14

4 S0 45 B (Experiments)
4.1 SEITHALFE (Pretreatment)

TESEIGRS5), A K L, ~LS-SVM 73 5
N AR g hE E R SR AT T VA 1) SEBR AT I
31K H S 157 e 6 204G 4 (bladder) 45 i 8 204 4
(colon) FItk EL4 (lymphoma) Hdis 5. 155 Dt £5cdhs Aok
H Thttp://www.ihes.fr/ zinovyev/princmanif2006/, ik
&L 204 4E oK B Thitp:/llmpp.nih.gov/lymphoma/
data/rawdata/, 45 Ji7p i %4 48 % >k B Thitp://perso.
telecom-paristech.fr/ gfort/GLM/Programs.html. 5% it
T ch 2R (bladden) FEANEL 15221 5N RN 45 i Kcdis
£ (colon) FEAAL 52000 A ; ¥k U5 (lymphoma) £
P 40264 L K. P IRAEAR Y 43 2 TIFEAR
ANEOAIRAFE AR, A 0 YIZRAE A, 5% 1Dt g 254l 4
(bladder) FEAAN A 574, T JE Dk Je Ko £ T 23 A )|
SR AE A 242, MK AL A 15 25 i g B a4k
(colom)FEAANE A 624, Kl 73 14 ZrbtA46, PAAE
A164; R L9 Bk £E Qlymphoma) FE AR AN H04 9617,
RIS INGFEART2, MAFEA 244~

N T KAIE R EL R L, ~LS-SVM 43 28575 5 Lo-LS—
SVM 73 BB 73 28 P fE, B, 106 HOAN [ Ak 1) £
P £E: Tr11 3¢ A& 24 4 (http: // glaros. dtc. umn. edu/
gkhome/cluto/cluto) e 4E /N ¥ A8 245 Arcene Jit 1%
DUERE 73 SRR - SylvafR bR 78 55 28 0 B 4 (http:
/I'www.modelselect.inf.ethz.ch/)FIPIE_32 x 32/ Yaleb_
32 x 32 N\ J K (http://www.zjucadcg.cn/ dengcai/
Data/data.html) X PANSVERELT T S8 LR

TSR R AL AT P AL BE, B B X [A)[-1,1], '

SANFEA, Hohi € {1,2,--- ,m}, 5 S N R
e

-1, x < —1,
flz)=<z, —-1<z<l,
1, x>1.

KPR FEASEAT AL B IF A HT LT B HO0 FUAL BE
BTV A AL P

o) = f($)2+ 1.
255 U N BR U OSEN -V €I (P T K = RPN
42 RS KY L-LS-SVMI¥ H (Conclu-
sion and comparison to Ly—LS—SVM)
e K ¢ KA FE 0 < g < oofE 55 e Jie 2
P 4 (bladder). 45 1 5 20 ¥% 4 (colon) A1 ¥k [ i
(lymphoma)$ 4 5 _E HEAT S50 70 Ar, WL 0E WAL Fr
@A RERPERI M. K g > 4)5 70 RBORFEAR
FH TR, Has 000045 22 )20 A R0 < g < 4, BT A4
/I IRV ERAELYG ) BE A 1) 93 AT o ST 22 PR3 . X
TAEIRE A S e AR PR g, TR 2 30
—E HIRUEE, BN, RN R g S B H etk
Ul W HAETE. BEAT g IR, eI 73 2845
SR AN T ] A o 0T PN A% 2 23 A 1) TR
BB (¢, q) HAALAI RN 73 FBOR Bl K20
X A H s S R UL I 3 S0, 28 e, g HUEL AT Bl
IIRARZEIR/N. AE2 W] LA e 28, 1)
B RAN—5E & Ly, Ly, Lo FHEEGEHL

£ 2 3NEEHIEE TN LE R

Table 2 Prediction error rates of the three cancel

datasets
. IENME Ik B
B ZHic  Wikq  BREI%
J5¢ IS (bladder) 4096 3.6 13.07
4 i (colon) 0.25 1 12.95
MREYE (ymphoma) 025 1.2 472

BB M 3 SR BN, SRR AEA )
AR RN L. 0 SEBURF LI PR IR IE I (e 2 K s
Thq = 14T, LLZHq € (0, 2] HEHBEAT 404, A
A AN R el TR RO AR HUR AL (¢, g) Xt

SR T MU A4 501 7% B8 LE MU e g R
LR, X TS 7 2 i, TR 20 N, St 47
B HEHRN SR SRR ASBURF 9 o F A,
PRS2 A . SEHRIIRI c, q) A AEEHR P A5
NS>, FFEIT0A AR 21, U5 4 HY R G 4 SR
PO 27 0 £ . et PR B N T S
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5 N H 531 4%

IENAE S H ANERILBT R g IRIEL, T BAAE RN 3 22 A
FAAEIEFEN BN M REFE PR IE B i . R I0&3(a) h
X REANTR] Bt B, 24 AR PERE B 70 28 0 H RS I,
Ak 1 8 (1 3P R AL, 423 (b) A X A (7] (1 A3
5, DIFEARR G A H At 2R TR 2= 1.

& 3(a) ALK RS AFAERIFA S
Table 3(a) Select features numbers on best
classification error

4 BN IEREI% BN
JBZ R (bladder) 13.07 558
45 [ (colon) 12.95 553.13
W ELEE (lymphoma) 472 1401.6

& 3(b) RARAFAELAFR 4 KR E
Table 3(b) Classification error on best feature selection

s BDRHEIEREANE RIRE %
JEE e (bladder) 3.375 20.95
ZE 79 (colon) 7 42.19
R (lymphoma) 10.875 7.29

h T 5 b #E B Lo-LS-SVM X L, 48 ] LS—
SVMlab v1.7 #A4F: (http: //www. esat. kuleuven.be/sista/
Issvmlab/) 5 A& (1 L,~LS-SVMAlf T b4, LS-SVM
S RIE L B AR 2k 2y S5, ar KA PEREZ IE 10

EAC XA, IR PR ALIIZ SE BE S BRI AL, 3433
Kot 3 1065 A8 R 5615 3 (1 8% 58 B sig A E AL
ZHCHEINL 4 FT7R.

#A4(b)H L,~LS-SVMELVL T 8l 1% Ml g MU AE AT Lo—
LS—-SVMI%E B A (1A% 55 [ sig F 1E WAL Z B C 15 i
N, EI AR ESIGAT B S MR AT L.

AL H ) Lo-LS-SVM A% AR Lk 4325 88 1
AL H SRR RE XS LT DL H, 3 K I EREYE
FH, T BhIE g T LA 21 LY Lo—LS-SVMELIL BUREH 1)
SIS,

& A(a) 3N TR E ENCAS CAaAZ T sighdh
Table 4(a) The values of regularization parameter C
and kernel width sig on the three
real datasets

S ENRLBHC Mo sig
JBE s (bladder) 1.79 2080
#5 Wy (colon) 2.07 2369
i (lymphoma) 3.84 7325

F A(b) 3NEEHIEE N FAHRF IR
Table 4(b) Comparison of test error rates on the three
cancel datasets

H 44 LS-SVMAtisis/g  HAWEHg
JBeeseE (bladder) 16.93 13.07
2511995 (colon) 16.95 12.95
WS (lymphoma) 13.79 4.72

B ARSI 43 AR, T THIE N 2 41 S50 K
BEAT L—LS-SVMSE R 73 #1 I H45 Lo-LS-SVMAt EL
BRI LOZIE Ay F 3 () 3 20 ok DA Bl A 2 22
FERE G Trl 1 SO« =450 MEA L Arcene
ST ASOREE 73 R B I 42 | Sylvaf bk 7 76 25 7Y H i
£E . PIE_32x 32H1Yaleb_32x 32 A\ [&]. 3t Yaleb_32
X 3204 Sy N 5t Hls 28 7Y A A P A, B Y [
0~255. % EHE AL 57384 N £, B> N A759~64
SRR, BESK IR 2 1024 ME 2. ARSI 451
A AR NN, 31285k i, s 1A
NAT645K B Fy, 5524 N AT 645K I . BUbR 2518 M 1,
2R BUH 2 H 1R RE AS $ i Yaleb_0102 A Ji6: %5 45 45
U 2B 264 NRIEE 27/ NI NGB, JE1285K i
A SAE A B Yaleb_2627 A K Bt 42 [ FHAS B RE A
FARPIE_ 0102 A\ i %5 415 £, 257 Wl 45 A L~
LS-SVMIN & BRI 5 bf (1 70 K45, I T it =
Bk BC, gff. [F] I 1 ] Lo—LS—SVM* 104 %5 4% ik
FT43 ST, P25 Lo

&5 1028535 5 49 TR 45 RAwzd o 5 AT
Table 5 Prediction error rates of the ten datasets and compare with Lo—LL.S-SVM

ETE Bladi®  ESHC  EUMEERg  LeLS-SVMEHRR /%  Lo-LS-SVMAERE /%
B s 57x2215 4096 3.6 13.07 16.93
gl sdE 96x4026 0.25 1.0 12.95 16.95
MESEEDE  62%2000 0.25 1.2 472 13.79
WEIREAE  78%3750 64 4.0 10.69 14.71
PIEL0102  340x1024 2048 1.4 6.86 5.56
Yaleb-0102  128x1024 2048 12 2.60 3.30
Yaleb2627  128x1024 4096 12 6.58 5.97
Trll 143x6424 32 3.2 17.82 21.36
Arcene 100 10000 128 24 6.67 8.92
Gisette 60005000 8 2.4 9.43 11.28
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AR AP B LIS B E NI Zeh fie /SRS FF I A L 88 341

F50 104 s IS AT 100K 1) S 5 25 R, id
RESG 48 o] DI H L, ~LS-SVM T B 4E F 4k /M
B G L IR0 45 ST AR HELS-S VM) Fil
M, 145 fEPIE_ 01021 Yaleb 2627 A i $ 4% LI~
LS-SVMLt Lo-LS-SVMAH Z=. 1F B4 Hh [ L,~LS—
SVMEAREF IR 73 .

5 #5185 k¥ (Conclusion and prospect)

AR T L-LS-SVMA K28 FL BT,
L ENAC IR O HEE Lo, Ly, LoVa BN, AN
FAEY KoM HUE G i, A 73 R4 SR AE AN R (1) 1F
ML IEELIBA K T, 0 < g < colEAT 402, it 1
FAEN S Hc, g AH, 7 RUERPEAS B3 . )
IS A% ARG 2 77 TR T R, 5B T Y
WA, 7ESERES Y, GEHUAS [F s 2 4R, A
e ok A A0 5 DR 2 AR . Tl 1 SCAN K« Arcene
JFREACIRIE 2 JE R A | Sylvafk bR B 55 S8 B K e
#E . PIE_32x 321 Yaleb 32 x 32 A\ Jii [, HEAT 432K A
REIELERENERE VAT, S50 45 RAR IHR K 4 B0
RS R I ST T e Pt 23 AR AR 6, AH L Lo-LS
—SVMBEE U TERT 2 T 4.

ARSI AR, B Ttk oy 2R i v,
9" 4 th I BE N TR AULS-SVM, 2 E# T
PRI AR

S ik (References):

(1] XUEEF, 20U, B HERE. pYiBOE M SRR n R4y 28502 (). A 3)
1244k, 2012, 38(1): 76 — 87.
(LIU Jianwei, LI Shuangcheng, LUO Xionglin. Classification algo-
rithm of support vector machine via p-norm regularization [J]. Acta
Automatica Sinica, 2012, 38(1): 76 — 87.)

[2] SUYKENS J A K, VAN GESTEL T, DE BRABANTER K, et al.
Least Squares Support Vector Machines [M]. Singapore: World Sci-
entific, 2002.

[3] SUYKENS J A K, VANDEWALLE J. Least squares support vector
machine classifiers [J]. Neural Processing Letters, 1999, 9(3): 293 —
300.

[4] LOPEZ J, DORRONSORO J R. Least 1-norm SVMs: a new SVM
variant between standard and LS-SVMs [C] //Proceedings of the 18th
European Symposium on Artificial Neural Networks. Bruges, Bel-
gium, 2010, 135 — 140.

[5] LOPEZJ, DE BRABANTER J, SUYKENS J A K, et al. Sparse L-
SVMs with Lo-norm minimization [C] //Proceedings of the 19th Eu-
ropean Symposium on Artificial Neural Networks. Bruges, Belgium:
Elsevier, 2011, 189 — 194.

[6] TAN JY, ZHANG C H, DENG N Y. Cancer related gene identifi-
cation via p-norm support vector machine [C] //Proceedings of the
Fourth International Conference on Computational Systems Biology.
Suzhou, China: World Publishing Corporation, 2010: 101 — 108.

[71 BRADLEY P S, MANGASARIAN O L, STREET W N. Feature
selection via mathematical programming [J]. INFORMS Journal on
Computing, 1998, 10(2): 209 — 217.

[8] SUYKENS J A K, DE BRABANTER J, LUKAS L, et al. Weighted
least squares support vector machines: robustness and sparse approx-
imation [J]. Neurocomputing, 2002, 48(1): 85 — 105.

[9] VALYON J, HORVATH G. A weighted generalized LS-SVM [J].
Electrical Engineering and Computer Science, 2003, 47(3/4): 229
—-251.

[10] ZHOU L, LAI K K, YEN J. Credit scoring models with AUC maxi-
mizaiton based on weighted SVM [J]. International Journal of Infor-
mation Technology & Decision Making, 2009, 8(4): 677 — 696.

[11] LESKI J M. Iteratively reweighted least squares classifier and its
Lo-and L;-regularized Kernel versions [J]. Bulletin of The Polish
Academy of Sciences: Technical Sciences, 2010, 58(1): 171 — 182.

[12] SUN D, LIJ, WEI L. Credit risk evaluation: Support vector machines
with adaptive L, penalty [J]. Journal of Southeast University (En-
glish Edition), 2008, 24(S): 3 — 6.

[13] LIU J, LIJ, XU W, et al. Weighted L, adaptive least squares sup-
port vector machine classifiers-robust and sparse approximation [J].
Expert Systems with Applications, 2011, 38(3): 2253 — 2259.

[14] BRITO A E. Iterative adaptive extrapolation applied to SAR image
formation and sinusoidal recovery [D]. EI Paso: The University of
Texas, 2001.

[15] KLOFT M, BREFELD U, SONNENBURG S, et al. Efficient and
accurate L,-norm multiple kernel learning [J]. Advances in Neural
Information Processing Systems, 2009, 22(22): 997 — 1005.

[16] ZHU J, ROSSET S, HASTIE T, et al. 1-norm support vector ma-
chines [J]. Advances in Neural Information Processing Systems,
2004, 16(1): 49 — 56.

[17] LIU Y, WU Y. Variable selection via a combination of the Lo and
L, penalties [J]. Journal of Computational and Graphical Statistics,
2007, 16(4): 782 —798.

[18] LIU Y, HELEN ZHANG H, PARK C, et al. Support vector ma-
chines with adaptive L, penalties [J]. Computational Statistics &
Data Analysis, 2007, 51(12): 6380 — 6394.

[19] MARTIN S. Training support vector machines using Gilbert’s algo-
rithm [C] //Proceedings of the Fifth IEEE International Conference
on Data Mining. Houston, USA: IEEE, 2005: 306 — 313.

[20] LEE S I, LEE H, ABBEEL P, et al. Efficient L; regularized logis-
tic regression [C] //Proceedings of the 21st National Conference on
Artificial Intelligence. Menlo Park, CA: AAAI Press, 2006: 401 —
408.

[21] LIU Z, JIANG F, TIAN G, et al. Sparse logistic regression with Lp
penalty for biomarker identification [J]. Statistical Applications in
Genetics and molecular Biology, 2007, 6(1): 1 —22.

[22] BRADLEY P S, MANGASARIAN O L. Feature selection via con-
cave minimization and support vector machines [C] //Proceedings of
the 15th International Conference on Machine Learning. Madison,
USA: Morgan Kaufmann, 1998, 82 — 90.

[23] FOUCART S, LAI M J. Sparsest solutions of underdetermined lin-
ear system via L -minimization for 0 < ¢ < 1 [J]. Applied and
Computational Harmonic Analysis, 2009, 26(3): 395 —407.

[24] FAN J, LI R. Variable selection via nonconcave penalized likelihood
and its oracle properties [J]. Journal of the American Statistical As-
sociation, 2001, 96(456): 1348 — 1360.

[25] PYTLAK R. Conjugate Gradient Algorithms in Nonconvex Opti-
mization [M]. New York: Springer, 2009.



342 7om g5 N A %31 %
[26] SCHIROTZEK W. Nonsmooth Analysis [M]. New York: Springer, [35] LIU J, LI S C, LUO X. Iterative reweighted noninteger norm regu-
2007. larizing SVM for gene expression data classification [J/DB]. Compu-
[27] MISHRA S K, GIORGI G. Invexity and Optimization [M]. New York: tational and Mathematical Methods in Medicine, 2013. ID 768404.

Springer, 2008.

ZHOU T, TAO D, WU X. NESVM: a fast gradient method for sup-
port vector machines [C] //Proceedings of the Tenth IEEE Interna-
tional Conference on Data Mining. Sydney, Australia: IEEE, 2010:
679 — 688.

(28]

[29] JOACHIMS T. Training linear svms in linear time [C] //Proceed-
ings of the 12th ACM SIGKDD International Conference on Knowl-
edgeDiscovery and Data Mining. Philadelphia, USA: ACM, 2006:
217 - 226.

SHALEV-SHWARTZ S, SINGER Y, SREBRO N, et al. Pegasos: pri-
mal estimated sub-gradient solver for svm [J]. Mathematical Pro-
gramming, 2011, 127(1): 3 - 30.

JOACHIMS T. Making large-scale SVM learning practical [C] //Pro-
ceedings of Advances in Kernel Methods-Support Vector Machines.
Cambridge, USA: MIT Press, 1999: 169 — 184.

CHANG C C, LIN C J. LIBSVM: a Library for support vector ma-
chines [J]. ACM Transactions on Intelligent Systems and Technology
(TIST), 2011, 2(3): 27.

SINDHWANI V, KEERTHI S S. Large scale semi—supervised lin-
ear SVMs [C] //Proceedings of the 29th annual international ACM
SIGIR conference on Research and development in information re-
trieval. New York: ACM, 2006: 477 — 484.

SONNENBURG S, FRANC V. COFFIN: a computational framework
for linear SVMs [C] //Proceedings of the 27nd International Confer-
ence on Machine Learning. Haifa, Israel: Omnipress, 2010: 999 —
1006.

[30]

[31]

(32]

[33]

(34]

http://dx.doi.org/10.1155/2013/768404.

CHEN P C, HUANG S Y, CHEN W J, et al. A new regularized least
squares support vector regression for gene selection [J]. BMC Bioin-
formatics, 2009, 10(1): 10 — 44,

BERTSEKAS D P. Nonlinear Programming (Second edition) [M].
Belmont, England: Athena Scientific, 1999.

TP, PN, SRR RIT 7 (M. Jbnt: BREE R, 1999.
(YUAN Yaxiang, SUN Wenyu. Optimization
Method [M]. Beijing: Science Press, 1999.

(36]

[37]

[38]

Theory and

YE# BN

XIEF (1966-), B, mIWFTTGL, LA S0, Haiiroess i Al
0] AR SAL B BARRGHT . TN 54, B-mail: livjw@
cup.edu.cn;

BUER  (1988-), 4, MlATTA, HEGWETTT 1M LA 22 > A
H AL E-mail: lihaien1988@163.com;

x| 8% (1989-), L, W-LWFFTA, HATHFFOT 10 b Bl 2 2 45,
E-mail: ysht_25@sina.com;

5 5 (1988-), %, WiLWHFUAE, HRHET s 10 A ML 2% 2 45,
E-mail: linyliujw @sina.com;

THREBE  (1963-), B, #d2, WA S0, BRI oA e
s AR, E-mail: luox1@cup.edu.cn.



