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Abstract: Model selection is critical to support vector learning. Previous model selection methods mainly adopt a nested two-layer
framework, where the inner layer trains the learner and the outer one conducts model selection by minimizing the estimate of the
generalization error. Breaking from this framework, this paper proposes an approach of simultaneously tuning multiple parameters of
support vector learning, which integrates model selection and learning into one optimization process. It first combines the parameters and
hyperparameters involved in support vector learning into one parameter vector. Then, using sequential unconstrained minimization
technique (SUMT), it reformulates the constrained optimization problems for support vector classification (SVC) and support vector
regression (SVR) as unconstrained optimization problems to give the simultaneous tuning model of SVC and SVR. In addition, it proves
the basic properties of the simultaneous tuning model of SVC and SVR, including the local Lipschitz continuity and the boundedness of
their level sets. Further, it develops a simultaneous tuning algorithm to iteratively solve simultaneous tuning model. Finally, it proves the
convergence of the developed algorithm based on the basic properties of the simultaneous tuning model and provides analysis on
complexity of the algorithm as compared with related approaches. The empirical evaluation on benchmark datasets shows that the

proposed simultaneous approach has lower running time complexity and exhibits similar predictive performance as existing approaches.
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Theoretical and experimental results demonstrate that the simultaneous tuning approach is a sound and efficient model selection approach
for support vector learning.

Key words: kernel method; support vector learning; model selection; parameter tuning; SUMT (sequential unconstrained minimization

technique)

1) B 2% 2] (support vector learning, i Fk SVL) & — 2 5 B (ML 3% 2 > 5 ik 3% 05 AE % T B0 E 25
T) Y11 G e 2 ) 8%, 9 I V2 A T T 8 Sl 3 G ol 007 B 5 A 20 e 3% 2 Sl R I e ) B AR i) B 6 2 3 R
A B, AR AZ R B R S Bk B I WA S B0 8 48 DA R (] Vi i) e AN Uk B 2 0 U R
T 1) K R O A 8 A A T 2 20 A% . Gaussian 156 751X P8 L T A% BR BRI B SN T 4% S 50 R 5
KILGEMAESH TE WA S BRI BUR L 2500 B 28 (hy perparameter). SCRF ] & 27 > I B AL 450 T8 2
KUY O A R 3 B 7 R T MRS g — A A AN UZ A A HE 2R BT g 2 A 2 S s R T e
G2 2 300 Z 5T W2 LA 25 L 3 f /M2 AR 22 5 TR 7188 S 40 o T 3080 BB e o A R iz 4K
R ZE AT H TS, P O 48 06 i 2 (A XUIGHIE 158 22 ) BRI A8 1R 22 SR AL UL

K 3728 R AIE A 2y HH 92 A 2 S A (0 A T A8 SR AIE (A 3t T X —— P — i (leave-one-out, fi X LOO)fiE
i 4y I 32 A AR 22 LT T 110 A0 15 AR T, 3 A8 S I (1455 700 308 36 7 vk i A ) R S B 5 M ) o
21 {1 328 110 768 2 B 1) R A AT 2 S B U 0, AN T S A R T TR T T A L T R R A SR IE AR Lin 4
AFIH BIF(Bouligand influence function)%5 H} T A KA F — P v R AT 53— T i, A T S A R AR
PR S RPN RS VA O B S I N USRS 80 i & NI R /MG R 2 I B A
TS 55— SR e P v LA 15 2 A SO ) K i (span) B e 4 ) I S CVRURE i AR B B U 24
P& BTG 1R G50y VERE T PR R 7 SR, 3 0 v v A S W Sk 0 90 2 H0H 2R 2 ) 3 T R i BB R AN 2 AL
AR R T7 ) B B T B B A HE DL AIE. 5 — T I, S R A )T AR R 1 5T
P O1P), 2 4% S i) 2 33— B HE BRI SR (4 S 2% S O(NIPS)!3L L rh 1 g REA RIS N Ay A0 8 A% 6L 1 A
BT R B S s [v) 0, 45 6 R A 1 R B 7% b B AR AT — IR 2 S 28 N 5, v AR K.

AR AR G2 BB HEGE 42 tH T — B SCRE ) 3 2% 21 (0 2 S 350 0m] i R 5 B B K S 40 R 7 54 )
5 BN GRAE R — DL A B2 rp SEE. 1 56, 20 31 B2 5 SCRF I 5 43 25 (support vector classification, fij # SVC)FISZ ¢ [
1 [A] 9 (support vector regression, i Fx SVR) 1M X ALTE 45 SVC R SVR (1) 2 S Hub T8 2R % 5
To 2R Bz /ML B R (sequential unconstrained minimization technique, fii#k SUMT)!'™ K SVC F1 SVR #5254
WIS H 2 U A R AL ) L2458 D SVC Al SVR 2 S8Rl A 5 R i e e ARG IR T 2 2 4(1A)
AR A H BRI R Lipschitz 1% 821 J HoK ARG St AR B IE Rl b 8 FH A8 RS J7 7% (variable metric
method, fAiFX VMM) ¥t 528 T [7] 1) 3 75 5% (simultaneous tuning algorithm, 8 /% STA), % &1L B AL 5 S 50
A7V R A AR U S S R B P UE B T S I R S S O AR R R A b 0 S B UE T R B A
BV WS 0 L T TR B 1 A5 B At 2 B8 O vk A

JBE S N SVC R4 1) o S DU 352 T — 6 2 ORI 2 0 1) ) i 8 0 D7 VR L) el 2 4% T g S 4
F 53 ) SIFANTE T [0, B e A5 N 20 SR ) [ R D04k i) 8 2 T SVR 2 2 4]
B 8 4 3 O A K A I T A A SE K L0 28 B AE T R AT AT R IR P, B 4 IR .
AICHES T — B SVC R B e SCAENS FIEI T SVC R SVR [R]85 7 35 i) i A P, 4l
AT (R YT SRR SR T R G LRSI 45 T — S8 % 1 SCRE M 2 2] 2 S BRI R O

1 XFBHEAEF

AT 8] 38 7 45 W) 5 4> 2 (support vector classification, & X SVC)F1 37 ¥ 1] & [F] 9 (support vector regression,
fAIFR SVR). A X iy A 25 7], )& 7 iy Hh 48030 5 A7 ARP, — 73 K r) U = {—1, 1}, [ U ) R rp VR 5 4R 7 3
T8 S=((X1,Y 1) X1y € (X ) FE T iy hREG A AN KON N2 IR 25,1y I 5 S IR AR SC % FE IR ol A Ax X
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SR M A T 0 R (.. ) SR K = 100 SR ERE E 5200
11 EHEES%

SVIC A ST o i\ 25150 00 1 06 5 S 2 2 A A L2
SHHIFTSVC 140 BT 47 f(X)—sgn[le“a:yiK(xi,x)+bj,,\EP Lagrange 7 F of SN T i
0 A 51 |

Zy,yaak(x,, X;)— Za
i (1)
s.t. Zyi . =0,0, =0,i=1,..,1

SVC RIPEA i i 23 SO BEARAE B KT8] B 73 S8 53X — 73 28 8 A AR Ak 22 18] v 2 1 w20 ) B0l ) 14
L PETT o3 I L, T SNBSSVt 2- /@%ﬂlﬁ 1]k SVC AL IE A Rom

Zy,y oo K(x,, ]) Za
2% @)
s.t. Zyi =0, =0,i=1,..,1

i=1

N 2)5 2K IIA FEE T o8BI AT, 22 2(2) (K% o8 B & B 48 10 A% o8 50, 3455 4% o B a6
AN

1
K0, X)) = K06, X)) + =9 3

Horp,C 2 WA 25,65 4 Kronecker BRI i=), 00 65=1,75 W 5;=0. [E ML 24 C W B UL & IE#% & 24
WA, &S E R ET LSRN O=(C,0,...0,) R 6, 0 WIS K R K RIELH.LL Gaussian
1 (%, %) =exp(—|| ., X; | [267) 9, & ({14% 25 ©=(C,0)".
1.2 ZFE=EEY

ST P 5 e RO AR U SVR Ak ) 8] R

min W +CY (& +&7)

st. (W-x)+b)—y, <e+&,i=L..l )
—(w-x)+by<g+&.i=1,..,l
E.E=0)i=1,..]

Forp e AU FE BB W xRS W A5 x; BB & R & g kAt A8 it
%4%!@@(4)5’]1‘?%Xﬂ%ﬁ/f§7‘3

min 72(0: a)(@; —a)R(X,X;) - Zy,(a a)+32(a +a;)
|] 1 i=1 (5)
s.t. Z(o?i -)=0,6;, = 0, = 0,i =1,...,1
Hh, &0 Lagrange 3 7, £ I & IER R 4L, [W SVC.

2 ZSHEETIRE

AF¥ SVC T SVR H [ Lagrange 31~ FUHH 2 4w & 4 I, 315 6 AR AR )L 25 ) SVC Fil SVR £ £
BRI G R B AR IMEE R (SUMTHES ) SVC F1 SVR £ 2 %5 [A] I U8 35 A5 284 1) 1 2 s .
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SR SUMT.45 5 i R A 20 A A A i)
min t(X)
st. 9;(X)=0,i=1,....,m (6)
hj(x)=0,j=1...p

28 2(6) 1 it m] 3 5 SR g — 21 T 40 A A ) ﬂgﬁﬂ:m],

min J, (X)=t(X)+— Zg(x) +rkzh( 3 (7)
k i=1

Hordrr B A S DR 7 810,386 A2 {1 ro>0,Fe =i, 0< <1}, 24 k—>oo, [l (7)) IR LA R4 30T T IR 1) SBE(6) 1) L.
2.1 SVCEZEHERIATRE
ARATHES SVC 2 23[R I R 1A (1) 1 20 4
a=(a,..a)
X =(@ ,a") eR¥!
Y = ¥)' €R ®)

;
Y :(o,...,o,YT] e R+

g
d+1

o X W AE N B A AR
HFAXE@)F e LFHER,ES SVC ﬁtmﬂﬂjz\iﬁ(z),mﬂf:
|
|121 Yi¥ia JK(Xi’Xj)_Eai ©)
st. XY =0,X=0

FIFH SUMT V“K@)i%Tﬁi%’%& r I TG 29 AR AL 10 7
min JSVC(X)_ 5 Z YiYonaK(X, X)) — Za +—(XTY) def] X (10)

i,j=1

Hrb e RN I NIeEN 1 HRITEN 0 AL H) & ./A\f((IO)jJ SVC £ Z 40 [/ 1 A R e 7 20 e X

[ I TR R A 3R (10) 42 2 48 TT TS L1 A DA 19 R0, K AR A3 B 1) X R e A il X, R IR T Lagrange & T o'
ENE S5 C AR B S5 6, ,.... 6] MR AR
2.2 SVRZSHERIFATRE

ATTHES SVR £ 58 R W 1 LT i T e A
a, =(a,...,q )T
ag =(6,....4,)"

ST T TA\T d+21+2
X=(0@ ,s,a,,05) €R

11
Y, =(0,...,0) e R%* (an
Y,=-Y,=(...) eR'
Y’~ — (YlT ,YZT,Y3T )T c Rd+2l+2
ﬂfﬂ/&ﬁ(n)ﬂiﬂfﬁxm%ﬁﬁﬁ H 5 SVR ﬁml‘cﬂi’cj/&iﬁ(S) CIEES
min fZ(a a)(@; —a)R(X,X;) - Zy,(a a)+gZ(a +a;) 1)
|] 1 i=1

st. XY =0,X =0
A SUMT 52X (12), 7745 SVR £ 5 [ I 15 B8 1 e e
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d+21+2

min JkSVR(X) :%Zl:(o?ifai)(a —a)K(X, X)) — Zy,(a a)+gZ(a +a)+—(XTY) + 1, Z 1X (13)

i,j=I i
h T RBEW S SOP M EEF SR TR L
Table 1 Table of notations
1 5%
S PIZRSE((XLYDs .. (YD) € (XX T XY 53 51 N i 1 25 7]
f TR 6 L f: >y
K HBE K =[r(x, X)L oy 3L P08 A YRR 1% b8 2

B IR R 2L

7
] BIEEKZH O =(C.0,..0,)" eRY JHH,CHIEMASH,O,....00 Wit 54K
P SVR AU S 4L
a, an, o3 Lagrange & 1 ] &
I B5 05 K1 81 { i ro>0, P =, 0<5<1 }
X 2 Z 4R N TR (A AR 1 (U 35 Lagrange & 1 [n) & AEE 4
Y~ */J umg
NS b SVC 45 SVR £ 2K IR I 3 1B (1) H b o K
ki BRHIMETT 2 Ky ) 50 1 9 5
e ne Y S Lagrange 2 1 WU 1 L Ay 4
Q... [i) I 3 45 A5 E b bR O 510 R S

3 EIFRATEERERER

AATHFF SVC Al SVR 2 ZH ] I 5 B0 32V 1 IR (S A M o, 45 90 B IR 19 )R Lipschitz
HELEE e KPS KA S XA JTOR T 43T 2 2 $50 ) I 8 5 8 28 SR A VA WS BAT S AR
3.1 IV MEARMR

8, &, &, . &,
oC’ 06,700, " oa, " e,

IS e AR (1 78 308 S0 3(10), FTSRAF VIO 135470 8

ARATH L IO N ek BIBRRERT RN A VI, (X) = [ ] 5T SVC £ %R

al, rk
o zczZ Gyt
6 1"
ae IEJ:a iy K _?f’tZI""’d (14)
DLy, 5— L L Ny
o, 24 R C oo T

K.
Horr Ki=a(xi x) s 2 HEBE K 1) ij T3, kit :%ﬁ%&%ﬁ%fuﬁﬁ&%ﬁiﬁﬁ‘%iﬁﬁ TAEF o34 0 22 50 (14)

FR ) 2 B VS BB AR 2. 15 inf{C}=1>0,sup {C}=A>0;inf{ G} =,>0,sup{ 6} =2>0. 101 F o=0, ) % o X} Iy 1 B8 %L
(IG5 R L BE inf{ o} =c>0,sup{ei}=y>0. 1 AL AL it X BT @A Dl 2 D < R 4 p=argmax kil i A

Fsost

A RE K i K oe 3 A Bk S 800 U R, A X (1) h &AM 0 B F Fap ik o A 30(15), T A
(15) I 45 3, Tk B 5 21 1.
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a - 1y n a, _Vy’
ac 2 7t ’ oc 2;72 A2 ’
a, - Iy’ r, e aJ, | 2 r, def

V ot _ ) V gp Y _ )
06, 2 2 = 06, 2 0 o2 %

def def
Z\sz_lgl[’(max-i_l] +£_Lk2:@, a‘lkgh//(l(‘max"’l]— +2_l//__r7k2=.@
Q; n ¢ Oa, 2 n v

338 1. Jy 2R &F Lipschitz & 4L (1.
def
A M = max{| Q|,...| 2 |} ,HF,0,..

V3, [<MTFd T~ L
A 3OO0 £2 R LRESEE
V3, (u+ p(v -y = W=
u-—-v

gditnR16)5ARAT)A:
Jk(U)—Jk(V)

U™
2| I (W=I (W) < L||u—v||. B B, Iy A2 S5 Llpschltz L.

VI (u+pv-u) <L
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(15)

S 05 LA R(15) 0 TAER I X e D R a5

(16)

4, FI H Lagrange " {E & BR300 TAE B u,ve D, #AFELE pe(0,1), 41145

(17

O

N R Y SRAR Dy 10 [ I R Y S A S MRS R I THE P WA B AT AR A (Xo.Fo),

Hh Xe=1",0N Wk & C=0=..=6=1 Ha=..=a=0;r, E/REH T r Y LEE.
T IR SRGR K I OO K IO ). P 51 EERIR T IO, n) 7K 447 F4k.
ST 2. JKSFEEL={X|IX,H)<I(Xo,Fo)} AT FLIK).

U B 2B (Ko, Fo) 7 N 23 3 (10), AT £3 - I(Xo,Fo)=ro(d+1). 25 S Hi [ o) 3 154K B J2 e /IME R R, M0 ro(d+1) W] & A

IO ) I B T8 2 HOBEE (1 U S [ AT 0

2.2
RIS L e ) IS (LI )
2 n v 7 A

KL, IOX, ) L FA B 5 IO )2 5% 1 X3 8206 0, IO ) I B R A R X 42—
3.2 IR BIEAMER

BT i=1,...1, inf{&} = ¢,sup{d,} = v .

¥ Xo=(1",0",0"",i1,C=6,=..

FHIE SVC B UE A 77 3, o) £3- 4 T 51 #E:

3138 3. IR ZJFH Lipschitz EELE ).

B3R 4. JKPAEL={X|I%RX,r) <IVR(Xo,ro)} AL

4 REIRETEESSHR

AR G H [R]85 R 1) SR AR S
41 B %

=O=e=1,a=...=a=0, 8, =...= 4 =0.

W T RS E A R 2%, OF 5 AT S H0R

SEMEA. O

TR

2 2 IR IS A R ) SR AR SR LA 1 AR IR T SVC HiR i), FE A RE R AR T T~ SVR.

&% 1. Simultaneous Tuning Algorithm.
Require: X,eR"!, 1y, &0, Hy=1, k=0;

1. while [|g=VI(Xi.1)|[>¢ do
2. A =argminJ (X, + 4 p,, L) ;
!
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3 pr=—Hid;

4 Kier 1 =Xt APy;

5. if k=I+d+1 then

6. Xo=Xy, k=0;

7 else

8 A=V IXKi+ 1Mk 1) = VI, 1)
9. AX =X 1—Xs
10. S=HAgy;

11. H=1/(890TAgy;
12. A=1(AX) Agy;
13. Ci= ()

14. B=aAX(AX);
15. Hy1=H+B—Cy;
16. k=k+1;

17.  endif

18. end while

19. return X =X,

[ s 38 5 290 v T T A8 )R8 J7 ¥ (variable metric method, faj B VMM)!S! ST 8 & F 10 07 20 Mk H 4R
PREL JAEZE K D IEAR L TE R T RN pe A p A B H A g Hy 305 Hessian BT 30 0T 4R 46 Ty B 40
B 150 R 2400 H b bR 5080 BEAE AR ARAE T8 X, 18 T BT 25 K A Ay, Ao 308 I 22 1 R 45 1. S8 58 X S5, 75 VT 5 Hiey 169
8,0 T R UGRS3 kB 2k R Bl S 800 & X=X,

4.2 g

AT BE 1 B IE. Vicek A1 Luksan 2347 7 VMM WSkl dn TG 20 R H b o8 5 F(x) 2 J 38
Lipschitz J% 42 (1) H KP4 {(XIf0) < f(xo) } 13 7,04 VMM J7 2 2 W8k 1) B4 HE i 1 5 B

EIE L AL RSN,

IO 5B 1~5] B 4 RHI,SVC Al SVR £ 2[RI I 115 A2 1) H A B 4000 /2 R Lipschitz 1% 227 K& 7K
SEAT PV E SCRRT 1810 3128 3.4 AT 405035 1P 5 {gi AT A0 59 A0 A7 48 AU X R — A EBRAE £ 52{0,1,2,...}
WA X, —E XA, = 3K he) = I(X o ) —E—0 13 0 € 83 (X, 5) SRR X S H b bR S0 — N 5E 5
SCHR[I81E) 51 3.6 R Ak AR 0 5047 B Ho 52 J5 060 1 B4 20 R IAE B8 K OROBAR, B4 08 Xy I HIBERL. O
4.3 EZMERTEE

A8 55 <7 R ) 2 ) (A R 38 86 7 1 T o e /A 2 A R 2 TR 40 56 B EE VR A TR EAT AR B IR B 2 e A T
FEAE SR % 5% LOO 152 22, FRR f TH 455 42 1] B S A0 span 05 T2% 003 AR 2 (0 B Rl 1 0 1, 0,3 FE 1)
T2 1 B AR R R G(a, @)1 St R B 77 10K 1 (0 SUZ A AE L an 5135 2 fros: 1 )2 e 2 4 e, Ji il i
MME G(a, @) H S Hac /N ZHM N ETE NG R a B 5w ME Y, o TWHBZ O ZRTETEAANZR
HEAT 22 U2 S 28 45, LU AR AT 51 X, o) S8/ MEL AT — ORRISK AR SVC IS ZIE R O(P), FH AL ¥y o1 5 1
A HON S, 1T S A O(SP).

&% 2. Traditional Model Selection Framework.

1. Initialize @, @°, k=0;

2. repeat

3. ai=argminG(a, 6);

4. Calculate 6. by minimizing 1, o;
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5. until Y, g is minimized

6. return o, 6

Z RN TR DR RIS X G S50 & ol S5 & e, L2 S8 F ik
St ) B ORI P T B AR IR B Hiey IOTH L AR UGEAR I TS S 2 18 O((1+d+1)%) e T — I A% o6
3,10 Gaussian 1% 81 2 0 20, 1% 2 504N B0z /R ARSI d<<I, 7 LA T 41 O((1+d+1)%)~0(1%). 4 S Ry kAR5 4,
W AL R E R O(S'IP).

5 SKWLERS5NN

AR S SR 56 UE 2 2 BRI U T SR Bk AR S T2 0 X Lk 22 2 0 1 #5725 (simultaneous  tuning
algorithm, 8] A% STA)-5 FoAth £ 3t 7 2 B0 5 J7 v A Rt 3 e 7 v s 5 #7128 G AIE(5-fold cross validation,
fai#x 5-fold CV). =12 (A1 % # (radius margin bound, &% RMB)F span 4t.

51 BIERIHIRE

SER B IE B UCT HLAS 5 >) B i \StatLog #4 PR\Delve B4 2, 1 WL 36 2. 65 A B B2 4% R 7:3 BEAL 53 )

N GREEFTNALE D T 38 G AL 1R 2w, AT SE 40 B4 10 IR N i 80 Gaussian #%.
Table 2 Datasets used in our experiments

i 4 FHIEAL FEA KL
Heart 13 270
Breast cancer 10 683
Diabetes 8 768
Titanic 103 1313
Thyroid 21 7200
A2a 123 32561
Wila 300 49 749

5.2 U

AT 2 2 BRI SR RS E T H bR ek EUE 3 BB AR RS 0 R A B A, LA B i s )
3 34 HH 1) 5 U 2 ) MK 2 B A IR AR SO I i R AE A S50 45 R n J] 1 R 2 BoR. T UK I B
IRARTREII G0, H A5 e B0 3 5290 WS 3 dee D0 2 B M ik 22 38 48 /N I TR
53 Bt

AR S X E [ B Y S T A 2 B0 Y U vk AT R AT R A RV A R R 2 A AR 4 B
(1 27 AR 58 2 SR VP AL, A% el T AT AR 3o P 1 1 24 U B BT TR SR VP ALy FH AN [ (A5 78 3ok % D7 v e DI 58 Bk
TR0 e 3 45 B Bt A0 2 5, 4R U A0 IR A b T A D0 358 2 DY A3% Bt 08 2 B 10 1k e A B 4 T ST B ML 0 )
10 DKHEAT SE 50,753 1 (0P 35 D3 158 72 Bobr vt 78 W3R 3R FH 5% b 35 P ¢ A 30 %) 52 56 &5 S MEAT 20 Mt A6 AT 6 AN $is
4 4 AT IR IR 25 %A B E AL E Wla 28R 4E b [R5 5L R span S0 0R 22 BT 5 448
SCHGAE AT RMBAR A48 H 1 /2 span FEA7E Ja 3 B /I 1) 0 HL e LA sz BRI eAR & SR F S0 1L BT 7 VR 1
BRI T 5 A SCHIE. [ I 8 735 S0 R A0% T RMB ORI span Jit. 53 A0, I A RIS 8K, 1815 B9 1
AR AR N S TR, 5 25 BRI RZ AR ) B85 59 (0 2 A T LA 2 30 1Y vk,
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Table 3 Comparison of running time and test errors of different approaches

&3 AFZEOMAY T iRIE AT I TR R 22 1 LA

Kl 4 JESTEiEE ) 5-fold CV RMB Span STA

Heart iﬁ!ﬂ;ﬁj%ﬁ(%) 15.9543.26  15.9243.18  16.13#3.11  16.02+2.35
AT I TEl(s) 160.3 12.9 12.0 11.6

Breast cancer ib!g ‘@i%%f(%) 26.04+4.74  26.84+4.71 25.59+4.18  26.64+4.15
X EIO) 237.5 16.7 133 12.9

Diabetes i')l!t&i%ﬁ(%) 23.53£1.73  23.2541.70  23.19£1.67 23.23+1.28
IZAT I A (s) 330.0 28.1 26.5 23.6

Titanic iﬂ!ﬂiﬁé Z5(%)  22.8241.02 22.88+1.23  22.50+£0.88 22.81+1.13
AT A (s) 965.0 19.1 16.5 11.9

Thyroid iﬂ{iﬁi%%(%) 4.804+2.19  4.63+2.03 4.56+1.97  4.63+1.85
AT IR (s) 1802.5 20.8 51.8 13.6

A2a iﬂﬂ}&jﬁ 75(%) 18.2442.72  16.03£3.11  15.66+3.43  15.44+3.23
IEAT B [A](s) 8151.6 126.8 115.7 56.3

Wia MARIRZE (%) 2.9740.39 2984028  2.3440.58  2.17+0.43
IZAT IN A (s) 12455.0 174.7 400.3 59.8

6 4% &
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2 SRR N TR S R AR S ) A S BRI BT T

2 2 H0 RV Ik R R AR ] A B 2 MO B 2 (N 0, TR 3 28 TR 5 R I — g e 1) B S 0
FRIRERIEZ A et < P Bl

References:

[1]  Vapnik V. The Nature of Statistical Learning Theory. 2nd ed., New York: Springer-Verlag, 2000.

[2] Ding SF, Huang HJ, Shi ZZ. Weighted smooth CHKS twin support vector machines. Ruan Jian Xue Bao/Journal of Software, 2013,
24(11):2548-2557 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/4475.htm [doi: 10.3724/SP.J.1001.2013.
04475]

[3] Guyon I, Saffari A, Dror G. Model selection: Beyond the Bayesian/frequentist divide. Journal of Machine Learning Research, 2010,
11:61-87.

[4] Duan K, Keerthi S, Poo A. Evaluation of simple performance measures for tuning SVM hyperparameters. Neurocomputing, 2003,
51:41-59. [doi: 10.1016/S0925-2312(02)00601-X]

[5] Chapelle O, Vapnik V, Bousquet O. Choosing multiple parameters for support vector machines. Machine Learning, 2002,46(1-3):
131-159. [doi: 10.1023/A:1012450327387]

[6] Xu Z, Dai M, Meng D. Fast and efficient strategies for model selection of Gaussian support vector machine. IEEE Trans. on
Systems, Man, and Cybernetics, Part B: Cybernetics, 2009,39(5):1292—-1307. [doi: 10.1109/TSMCB.2009.2015672]

[7] Liu Y, Jiang SL, Liao SZ. Efficient approximation of cross-validation for kernel methods using Bouligand influence function. In:
Xing EP, Jebara T, eds. Proc. of the 31st Int’l Conf. on Machine Learning. New York: ACM Press, 2014. 324-332.

[8] Friedrichs F, Igel C. Evolutionary tuning of multiple SVM parameters. Neurocomputing, 2005,64:107-117. [doi: 10.1016/j.neucom.
2004.11.022]

[9] Huang C, Wang C. A GA-based feature selection and parameters optimization for support vector machines. Expert Systems with
Applications, 2006,31(2):231-240. [doi: 10.1016/j.eswa.2005.09.024]

[10] Guo XC, Yang JH, Wu CG, Wang CY, Liang YC. A novel LS-SVMs hyper-parameter selection based on particle swarm
optimization. Neurocomputing, 2008,71(16):3211-3215. [doi: 10.1016/j.neucom.2008.04.027]

© PERREERSMROT  httpy/ www. jos. org. cn



Tad FAHOEEINEAHFARAT 2159

[11] Vapnik V, Chapelle O. Bounds on error expectation for support vector machines. Neural Computation, 2000,12(9):2013-2036. [doi:
10.1162/089976600300015042]

[12] LiuY, Jiang SL, Liao SZ. Eigenvalues perturbation of integral operator for kernel selection. In: He Q, Iyengar A, Nejdl W, Pei J,
Rastogi R, eds. Proc. of the 22nd ACM Int’l Conf. on Information and Knowledge Management. New York: ACM Press, 2013.
2189-2198. [doi: 10.1145/2505515.2505584]

[13] Jia L, Liao SZ, Ding LZ. Learning with uncertain kernel matrix set. Journal of Computer Science and Technology, 2010,25(4):
709-727. [doi: 10.1007/s11390-010-9359-4]

[14] McCormick G. The projective SUMT method for convex programming. Mathematics of Operations Research, 1989,14(2):203-223.
[doi: 10.1287/moor.14.2.203]

[15] Liao SZ, Jia L. Simultaneous tuning of hyperparameter and parameter for support vector machines. In: Zhou ZH, Li H, Yang Q, eds.
Proc. of the 11th Pacific-Asia Conf. on Knowledge Discovery and Data Mining. Berlin: Springer-Verlag, 2007. 162—-172. [doi:
10.1007/978-3-540-71701-0_18]

[16] Liao SZ, Ding LZ, Jia L. Simultaneous tuning of multiple parameters for support vector regression. Journal of Nanjing University
(Natural Sciences), 2009,45(5):585-592 (in Chinese with English abstract).

[17] Cortes C, Vapnik V. Support-Vector networks. Machine Learning, 1995,20(3):273-297. [doi: 10.1007/BF00994018]

[18] VlIcek J, LukSsan L. Globally convergent variable metric method for nonconvex nondifferentiable unconstrained minimization.
Journal of Optimization Theory and Applications, 2001,111(2):407-430. [doi: 10.1023/A:1011990503369]

[19] Lanckriet GRG, Cristianini N, Bartlett P. Learning the kernel matrix with semidefinite programming. Journal of Machine Learning
Research, 2004,5:27-72.

[20] Sonnenburg S, Ritsch G, Schifer C. Large scale multiple kernel learning. Journal of Machine Learning Research, 2006,7:
1531-1565.

[21] Ong C, Smola A, Williamson R. Learning the kernel with hyperkernels. Journal of Machine Learning Research, 2005,6:1043-1071.

Bt o 305 2 Tk
[2] THHEE ARG, LA IO CHKS 2825 30 H5 ) AL 854 3R,2013,24(11):2548-2557. http://www.jos.org.cn/1000-9825/
4475 htm

[16] B -rp T 37 v BT S R 1) R U 22 2 3000 ) R0 3R 9 e 0K 2 2 3R (A AR RE 2 R),2009,45(5):585-592.

T I H(1986—), T3, 4 5 ik MRS A 1
2B, CCF 4 22 5, EERF S UE00 4% 77
AP

E-mail: dinglizhong@tju.edu.cn

B (1964 —), T3 1 b H0  LAE S
Jii,CCF 4% by, 2 BRI N T8 R
JHEER, BR T S HLRL .

E-mail: szliao@tju.edu.cn

BRER(1981—), 55, /-1, 3 EEWFFT AN Bl
o ) BRI B AL TT 1.
E-mail: ljia@tju.edu.cn

© PERREERSMROT  httpy/ www. jos. org. cn



