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Online Kernel Selection with Local Regret

ZHANG Xiao LIAO Shi-Zhong
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Abstract  Online kernel selection is critical to online kernel methods, which dynamically selects
the optimal kernel for online kernel learning at each round. In contrast to offline kernel selection,
online kernel selection requires a sublinear regret guarantee while selecting the kernel and updating
the hypothesis in a one-pass over the input data. However, existing online kernel selection methods
suffer from low efficiencies due to the quadratic overall time complexity and linear space complexity
with respect to the square root rounds, and do not enjoy the optimal regret bound. To address
these issues, we present a novel online kernel selection method with local regret, which is in a
sublinear time complexity with respect to the logarithm of rounds and a constant space complexity
and enjoys the optimal sublinear regret bound for a specific objective function. We first define the
local regret on the buffer under a fixed budget, and propose the online kernel selection criterion
using the local regret, called LRC, which bounds the expected risk of the hypothesis sequence.
Then, we apply the proposed LRC to online kernel selection and formulate the new online kernel
selection method including two steps at each round: budget maintenance and criterion computation.
For the budget maintenance step, we define the coherence to measure the correlation between the
new example and the arrived examples in the buffer, which is equivalent to measure the correlation
between the newly arrived basis function and the existing basis functions in the reproducing kernel
Hilbert space. To restrict the size of the buffer to a small and fixed budget, we design the novel

inserting strategy using the newly defined coherence and the reservoir sampling strategy, and
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propose the removal strategy according to the weights of the hypothesis sequence. For the criterion
computation step, we present the efficient incremental updating strategy of the proposed LRC by
revising the cumulative loss of the hypothesis sequence at each round. Finally, we propose an
efficient online kernel selection algorithm that updates the hypothesis using the online gradient
descent method and compensates the weight corresponding to the surrogate instance, which is in a
logarithmic overall time complexity with respect to the number of rounds and a linear maintenance
time complexity with respect to the budget at each round. We prove that the proposed online
kernel selection method enjoys a logarithmic regret bound with respect to the logarithm of
rounds, which is optimal for strongly convex objective function, while the existing regret bounds
for online kernel selection are the square root of the number of rounds. In contrast to the existing
regret analysis for online kernel selection within the expert advice framework, our proof of the
sublinear regret bound of online kernel selection is more general and concise using the averaged
gradient error and the surrogate hypothesis space. Experimental results demonstrate that the
proposed online kernel selection algorithm significantly improves the efficiency of online kernel

selection while retaining comparable accuracy of online kernel learning to the state-of-the-art
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online kernel selection algorithms, and is robust to the initial optimal kernels.

Keywords

maintenance

1 5]

i3

WA FRPE T BB T 78 19 B2 A A ZR A1 4R 25 [
(Reproducing Kernel Hilbert Space, RKHS), & #
J5 vk BASWE T 5 52 bR W T 00 O B 28 L) B R A T
FEJ7 R R XU A A T A L A0 & -3 A SR R
(k-fold Cross Validation, KCV)M Fl1 8 — %8 X6 1F
(Leave-One-Out cross-validation, LOO)Y | 267
ERIGZ R, BB ESMRE R EDY. /M
999 RS A e R RT s Sy — bR T AL R T
i, X Se e b A e B R S ) A B R B R OR L £ i
(1B A 4 Rademacher & 2% BE- | 2 12 ] i 5t
(radius-margin bound) %%, {H £ 3 H it FL 19 & /b
[7) R0 1) SR fife 5 R AR L e R AR A% 55 0 — 2 ST
TR ) G R WAL R TT I A AR AR 5% (Kernel
Target Alignment, KTA)YS F1 f o> 4k 1% % 5%
(centered KTA). %2677 1 B AT & T REA B K- J7
AT AL A

CAMTELRE 7 Ir ik TR R —2K
ST T YE AP AR AT BIR 1 R A 2 R 4R ] AR e 0
BT Ty — 28 I I R A B TR R M 2
[1) U 2 A Ry 2R 2 T [R) JBE, G ol B Ik A R B B T B
77 % (Fourier online Gradient Descent, FouGD)!'"",

online learning; kernel methods; online kernel selection; regret analysis; budget

XTIk R e A B B A W S A B
IITELRAZ 7 > J7 15 K 22 56 I B8 2 i s 5 0 vk ok
B B S 0 b A% eR B PR AT AR A ) L s
FouGD Ml KTA £ & {H 3% P J7 ¥ A GE PR IE 15 26 1%
2 2) JE Ll (one-pass) [, B A B E Wi+ & %
Ho ke = BIS ORAE. G ) 1 5 045 8 2R AT 7E L A% ik
PERAELANZ 7 ) 1 .

Z ML) B RO AN ] TR
FEA =N, B AR TR ERT
FEA MU 28 /0 J7 1 I 8] 52 2% B2 A RE AR IE AE £k 7
2T S R 2R R R R T 1 T S U
803 N 2R A 3 4 AR T O =X B0 aE — A RE R
Waws I R o ST N S R €S Y vk = R A
HAT B A0 R i B[] 25 A7 A5 B 1 R A0 A L T
B ERANZ IR TT I U 2 K.

AR TR BRI TS 32 2 1) 2 K.
Yang 58 NV R T AEL AU AZE B )7 2 (Online
Kernel Selection, OKS) . % J7 ¥ K L 19 A A4~ i
A 385 BUAHL o I 7E H W30 B S 491 I 4l 12 (B e 4%
I A% AR GRAEZRAZ T £ 07 125 4 0] 5 7 3 i 3 ) 1
BT RIS ECR LK, BA X T RS 80 m
R[] A % FE , o 50 A A 30 A6 B BE T [ Uy 125 56 T ol
B BOS B R A 5 Mg B E N A R I R ik
P — R A7 007 ¥, Chen 48 AU 4R W9 [ 8 I K



14 ik

BeaF . H T AR e O 18 A%k % 63

75 % (Online Kernel Learning via Gradient Decent,
OKL-GD)¥ B S B i 51 A B2 o) i 72 o, 5F
I P TE 2 B BE T B O 1k R B 0 A% 2 B0 AT SR i
B 0] A 5T 2 N B B 450 2 Sk g O A% AT
P BT A% 0k 5 07 ¥R TR R B OC T IRl A B
P 118 725 [a] 52 2% B8 0705 i I 18] &2 2% B L O 7 12
AR b A% A2 1. A RIS R UE 7 T, OKL-GD H
A WSO 19 R B = X 5 M 7 B e s 3
gy

BEX X 28 0]l , 25 W AL A e PR R HE R, 7 Ak
filt b4 ) — b e T R S M A TR AR R T 1 I
B I T A 2% b X TR S M 4 LA
FEE 32 0 ) B8 bR B e 9 - K B R 1
A AT S RO B R 2 S U IR
SRS FNTEL M LT B O i B0t B W 1 ) 1 i
TE SN Ve PRI L IR 5305 AU X A% 328 5 o ) k47 5K
T [0 HO B ST O LS R ST A I (R) A2 2
SR TR LR, SCH IR T T $2 i 7R A% ik
7 0 A ROPE I 3R WTZ O 1 N OB T 0 IR R
V. A fE th R T I S C A TR & i ik £
Tk B L 1.

R 1 ERBEEFENL

WMEZRE  =EERE ERA MR
S EDRFS 05 2443 Rl i
A5 ik R R Ak Jik

2 TWEIR

AN 45 AT UL AR 2R~ > YA G 2 X

AS={(xy)} L SXXWRREE T A
FEAS AR B L Hvh s &y A5 TR) L VoK i s )
X, € XNLH],y, € YRIRZE. X T Zor K, ¥ &
R, Y={—1,1}. & XM KRB (: Y X Y>R. MK
B XX X R, H XN P A 4% A 2R A8 25 )
(Reproducing Kernel Hilbert Space, RKHS) JH,=

span{x (+,x) . x€ X}, XL LS, & L& N
MEMIEEBEESG K ={(k:.i€[N]).iE[T]=
{1’2’...”1“}.

G325 ) 0 7 e 2 2 HE SR LB 1 1.

Bk L RN IE L MR,
WA (x)
ﬁﬁtﬂ H {5/1};1;1

1. #ikfeB fi=0
2. FOR t=1,2,-,T

3 HWom sl x € X

4. TOMFRLE 3 =sgn(f, (x,))

5 W LR E v €Y

6 KR 0 () 3D

7. IF ¢(fi(x,)53,))>0

8 BB LA (xsy0))
9 ENDIF

10. ENDFOR

TEF 2w, JG i (regret) U T fEL = 2 7
YRR, N 45 S R e X

EX VUMD 452 s o K o
BreCe, o). B 78 4 2 ) J7 % AfS 3R & 7 9
{(fo:fr€He[T]) MAKRTRE f€HBEMR

T T
R (Ts I=D0CF,(x) 530 — D2 0Cf(x) 03, s
=1 r=1

AR TFAB B2 [ H A5
R (T H) =max R (T /).

ST
T T
Rmﬂﬂﬂ=2ﬂﬁuﬂwﬂ—%?2ﬂﬂmhw.
=1 -tr=1
XFFALE T AR BTREA 7 51 MM 23 B H . 4
T
%%@&f:ggzaﬂnuyxﬁﬁﬁ%ﬁﬁ
t=1

T
ng(T,H):Z[Z(f,(x,),y,)*é(f”(x,),y,)],
t=1

JETELR 2 2 T LA B A BGSF 51 (19 SRR R 15 foe
B £ BRIk Z 2. 47

R (T H)=0(T),
MIFRI%AE L5 > J5 3k BAT W AR 1 ) 1 5t B i B
& B GEIII R (T HO BT 0L LRIE T IEL
W RrN K B3 RS 4Y iR

3 HELBREETE

AT So g SCHE TR S i Y 7R A 8 5
V[ s SR T 25 HH 2 T2 U] 1) 7R 2R s PR AE 2.

DL ISR ¢ S B Z e X Y,
By |V [ =B Hil 2 lim B,/t=0. 2 oh X 1 52 4]

(oo

N xeV, HARZE N v, WE ¢ [o] 5 i {5 B2 =5 8] &
2V

F, =spani{x(*,x) | xEV,}TH,.
IS

v () =[x, %) k(x,X,) 500
550 A IR RR A
f.(H)=(a” .y, ()YEF,,

9K(x9f15[ ):ITa



64 i

Bl

¥ 1 2019 4

Hrr o A1)

(1) — T

1R GE Y J5 M AE A AR e 91 B0 IRl 25 8] A
T BB HEAT AN, 1 AE % vl DX R R R R S T F
H AR BCHEAT AN 5 A ¢ Il R AR e T
Rivee (15 F,) 1=
}]Aﬁ@myrwy D UCfGED .

TV, © X €V,

Jay I e ) Jay 1 R A A B AE T 5T < S A R
R REAR R 3 2% vh XV, s PR IR L T AE Y
BRI 8] F, S Dt A i3 5 (6] H Y 5 25 ).
HETSE SCHE T SR A IS A9 A% 8 £ E DU (Local
Regret Criterion, LRCYU1F .
1

) @ .,

w W] 2wy

C () =

DV [R50

t+1 eV,
LRC "] B AR 9018 2% o X o 52 451 b ) Jis g
171 B RO AR 2 b DX 2 DR IR . LRC
A TR0 2% i DX ) ORI i 58 LR AT B9 o K R R
4 T 2R Chinge loss) BER . W LRC R K
! > =3 oy ()],

t+1 ~
Y€V

Hop 2 o>0 . [o ] =xs B Le ], =0.
TS K= (k1 € [NJ) R F LRC B
M R R AR

k, =argminC"” (k).
kEK

FF LRC BIFERAZ L PR HEZL TLIE 1.

AR5

FELRTRI |«

l

>

C” ()=

TS LR HENTH5

LN

BB B

B 1 7o FAE AL

XEFE e AR R M REA (x, v R
S Cx) sy ) AR O UPRAT TR T 1 25 3R,

(1) T DR 4. N T 53 O 415 5 Wk A4 3 O o
Gith X V..

(2) WEN TR 5. TF 53 3 5 50 I 5 10 4% 3k % of
W BRI A K

(3) B B . TE BT AR5 18] A, o B B

4 ETLRCHELZIERIEETIE

AAT g AT LRC IR AL R PR R 1S 5 054
A 35 T AR SR (LRC B3 515 R0 A LR B
JEE N B D 8 BB B R
4.1 FERFFRE

TR FR SRS 15 e AL 1 B 2 BUA B R 22 o
X, AR A B B, <<B. 2% vp X B 5 g FH & 7K it >R
¥ (Reservoir Sampling , RS) 5 Wg L1018 222 wh X 11y
PR/ T 005 D) 0 i S 481 o L 3 22 i IX o
0 T LT AR AR A 08 905 DR R A BMP

(Budget Maintenance Process)

Pr[F,Zl]Zmin{[E,l} (D

Horp . D=1 FRTES « B4 78 1] BMP.

BMP 40,35 X6 52451 14 945 i 01 080 3% 74 1> 20 3R

(1) S0 . A0 % Ccoherence) " £ 15 5 1)
M AL A B T2 B 0 L R AR 3 e A8 S
ISR ms X TS24 x, o 7 SCAHFPEUR .

7, = max |k(x,.X,) |.
xJGV[
HTE o 85— M A
T i:max‘ <IC(' ax,)’K(' 93?])> ‘ ’
x/EV,

PTG B E f (o) € For R BE 107 10 5k
kCoax DFZE WX FAIFE (e X)) Z [ A A S M
TR AR T — B, UL B i i e Co e D IR S
M T4 E M T S8 w0 R0 2 DL AT
PE A
T =
) S X, A B 22 oh X A
V.=V, Ul{x}.

(2) LB . 5 520 x, i A B 52 o X e, ) 326

PEGE i XV, A B /N 1Y) S A1)
) ‘ s

r,—argmin \ w;
ielB,]

K LB
Vit :17,\{-’7,-, }.

4.2 LRC it Eite

98 i AR AL B B LRC HE 47 38 500 0. e
S+ 1 G G b IX AR AL,

A P X BN F IR (B, <<B) B L) x, 1
ECH I B0 G2 op DX, Al R I R 0 (i)
Yoo FEIE] b — U BB L 0 LRC 587 R



14 ik

BeaF . H T AR e O 18 A%k % 65

V()=
ﬁEB,HC“) )+ o (1) s yii1) s
SR BT S EI B (B — B) ., 920 &, M
b K PR SEBUR 0Cf, (6, D45, O E
RS v M B3 0 LRC B33 A
C V()=
1
Bt
0 () sy .
4.3 ETHEZKBETRAENRIEEN
XFFAE &A% 2 > W AE 2686 2 R % (Online
Gradient Descent, OGD) FERMG U H 45 K%K -

[ .
L= Zé<f<x,>,y,>+%|\f||;% (2)
t=1

Forb.a g IEMAE S 4.
TESR ¢ Bl G e F N iRk Z )5 AR R BE =S ]
H. /MU H bz & 50

L= G 3+

TR A BB U T
Frr (== f, ()= 77, 0Cf,(x) 3 »
Horpp, 2R % AWK, H
VLD ey =0 Cfr(xD v )m (o X)),
H () =(0" sy CO) A H AT

(t+1)  « = _
E w,-t /ng(',x,’)*

Y€V

A=7,20 D) 0 ke’ Cox) =0 (f(x) 300 (+ox).

(BB SR 0 D LR S < 22 b IXORLARE R ik
FIWUA B,<<B;Znh X HEC LB W B = B.
T B<<B WHE. & x, MAE T Zh X,

1

(B, C” ) —¢(f, (X, )s5, )+

+1

W4 %, =, I ER AL
(1+1):J_7],é (f(x,)vy,)y i:B,+1 (3)
1a—p 00 i #B,.,
R XA s AR
D, = (X, €V, |y, =)
e 4 A 3 S 451
X, ‘=argmax|x, (x,.X;) | (4)
¥, €D,
HEH 0T
LD — (lfrll/l)cuf’)*?y% (f(x)Hy)si=s, .
l A=9Dw"” 17,

T E B =B M. R b X koA, )
P x AR x5BT 4 A AL A

<r+1>:j_77rél(f(xz)vy,)v i:rl
¢ =700, ity
A DU () R e £ 5241 %, FF AR 4k =X (5) R B BT AL

il
=
o

(6)

=]

5 EigaH

A g7 LRC LS R4, JF 45 1 58 T LRC
(R 7E 26 % 27 > B I Mg A

B FEAR (x o y) IR X X Y F 1 4 R 43 A HL &
M ST R 43 A = AR L B R S B R R AL A 1 X
Y SkFaw, £ B XS R m

Rew (H=EL/(F(XD,Y)].

Cesa-Bianchi & A"V 430 b T 78 £k 2 ) vh 1932 161k
JReEth THES A% = T Wiz A B3 i Sesk 21 e iy
i 1 F1 Hoeffding- Azuma A2 AT 8401 7F 2 1.

EE L EMEREO<r<¢.MUEL 16
IR

2 2
D1 Ree (f)=CY GO+E I35 In—.
t+1

B iefE

GEH 1 B LRC J& 28 v X B35 7 51 1) °F- 3
HAEE RS 19 L. A, LRC /MBS i | 2 3 28 R
W f5e /N s LRC A 015 118 BT #8018 188 7 1) 0 2 XL
B ) — IR 2B Ak 1T

SRR AR PR R A T 4
R P A 25 S o BIVAE [E] A5 ) dee A A% v RE S [R). Sk L
[l A8 BT AE A RKHS o] 8 2 0078 R, 76 26 4%
TEFR LI R UE 75 22 6T X A8 4k 1) RKHS #1743 47
T LA R A A ) L R AL A FTRE HE B RKHS
(AR BB 38 25 1) L » 5 UE 1 T 488 Y 1) 7 R A e 3%
TEAE H v R AT AZ R B 0I5 BT PT DA 30 2 11
S A AR BRI 2S [) M B v A% e NI I S8 6
HIGIHE 1 45 . Minh™ 387 7 8 W7 4% 175 5 1) RKHS
(P I 25 1 T RS [m) g 7 A% % g 1) RKHS 2 [ 119 42
B RVEE B 51 1 i Sclk[ 22 e B 3

123,

518 1. A WCR!HAES. & %k & iz 4R
G K=k 1€[N]} 95@@[3@*2%@%/5\%{01 202 5"
O';V}-/?"\

Omin = TN {7} } » Opex = Max {o; } »
1<i<N 1<i<N

MW ERSECN 0= o AR B B 25 (0] M A5
K;?izlﬁzv"'aNﬂ‘|I€;(' . X) HHE§09,E\:EP

2 4 7%
Omin Omin
Omax Omax




66 i

Bl

¥ 1 2019 4

DS O =2 R L T S B 7 o= B T % SR ol el oA
bR CTE AR AR I 25 ) H: TP RO AL X 3R W 4 (]
AR REE MR E TH: X Vxe W, f
k(o sx) € He i € (N1 B & A 19 18 3% T 76 1
RKHS ¥ & FH: fEH: BTG W #r 2E&
(. % T H AR MR A (ki €[N HFE
4 365 W5 2 2k A

max{ [ (o) o ) =0
(R E  23 [8] M BRI AT 280 0 )5 g 0 #, an &2
Tt 2 A% o R ) AR B AR 5 5 ) A e R B i 22 0
X} i i RKHS.

R UEB 3T LRC MI7ERAZ 2 T W 5. &
ARG ¢ |8l | TG PR R O 5 ] R B i i TR
T

fiaCO=U=9,2 fiC)Fngy,6Cix)
WAL X A, BB 5 B AT AT AT E AL

EE 2. EESO PR RECh A TR KR
PRE . HE N « . 2 7 H B BRI B
k28 o X JG TR AT R ﬁiﬂéﬁmiﬁ%ﬂ%ﬁ%ﬂ%&

—A,.

WRENE | w, = A/7, |+, F1
jZ/)u A4
Sk, s

A fo €[TR (3 ~ (5 RIak (6) 72 A i1 B 7
G BK =1/ G A5 My =y, i [k x) [ =2,
WA 40 F AR 4 5

1 T
E&fzﬂﬁxﬁ)*ﬁxfﬂ)}i
t=1

QAU+ 2)*[In(T) +1]

+2UE,
oAT

L,

(BT—BB.,...) BB,
T «/2((9*/1)"‘7(9.

IE. o 3 FEIE Ve B EE R 2= A
%1 M AEE . A BMP H x BA 8 A £ 2%
D DU p AR T A A T A
IE.| M, | s = | 17,71A, [ M,
=| 77717],y, (e, x,
<V200—pm.
55 2 R L I8 H BMP H. x, 80 A $1) 2% wh X
(B S x, FESS ¢ ELA VR IR 2% vh X A £
LE e e = 0 (L=, 208C 0%, [,
=0]p 'w” A—p2) |
<0G—1)<6r.

y M

E=

[In(T)+1]

) =& X)) |,

55 3 MEIE . % ORI A BMP R 16 6. i T 7
yi=y B [k(x;ox) [ =Z, 0] 15
IE, x| cos = v200— 2.
G LB IR E W BLE, |, 109 B3

B Box \ 1 1=
BLIE | 1= (1= ) 1E, D s
B Bm’AX

t

B
2Nl e (172 )T D s

=(1—- )zw 2+

0= ol

%X¥wﬁﬁﬁﬁﬁﬁﬂ/U§wa%Lmﬁﬂ
GBI R4 1 E WA R BLE)<E. 54 h

)2(0;1

BRLO TP B 1 45 S R R/ B2 IR,
Hi SCRRLL0 T rb i gL 3 w0 b AH T PE S R0 10 1)

HA T 25 WS AT LA 18
1=(B—Dy’/(A—(B—=2)w

HA) 3T (UL 2R 14 #H ¢ (Approximate Linear Dependency,

ALD) Z 0 ST s B 3% A0 T 7 25 1 2 ALD &4

(3800 A5 PF. i SCHRL23 TR 438 3 T 0 4 B e 11y

FEAEAE 2 98 BOE WA, 0 T ALD 5 14 4 366 19 22

XA T B AN Bl =OUn(T). i T4

ﬂﬂ?%ﬁﬁﬂlﬁ FAIE B2 i B LT I 9 AR
PEZ&F 2 ALD ZAFRY 5870 4610 BOUE B 2 i

m:oun(T)).

¥ Bo =OUnCT)OAAEH 2 7] 4153 OUn(T))
M 5. A Y S R A% RN IR B T R 4R
A% 3 B 2t AR SR SIOPE 1 T 5k 2= X g S e i 8l
RIHT. Yang & AN 14 35 F UM A & 14 7E
LR E RS OGO EHS. ik, Br
MAERZEE T L S CA MAEREERFE LML,
HAHEEN OUn(T) G A Hiz s 50T 158
Iy E R R BRI B R B IR S SR A

MFRER S HEN LR AR IEE h Y
InCTY/T [7l By H 5 B #H 56 19 30 BI 0], 4 B =

OUn(T)) %€ E i

InT
TB[— V20— + V20— +0]-

T O=1,01182 ,>Z+ /2(1 —2Z)—0.5 Ik
18 T T DA A 3 B R i g A

2w X v S A S5 A A g AR A A A R 2 ) K
JIN ol R 15 2 5/ IN ) S A1 2 SO A v ) SIS,y B 2



14 ik

(RE R T L e B IBUME 3 BB S 352 2% | E o | e
FNE: |, | cosce BB X TN E, o, | ot s BRI g2 7T
DA B4 /N B BE AR 22 s T T | E, e, | e » BN
e 53 G EUGE wh X1 T A 3R 8 G 1o 7 5 T Bk 2
X, KA [l | B T8 U0 B0 22, 75 4/ 1 B
JEAR 25, X FH SRR /N o BEREAR T 22 0P X
R AR T LRC R 3 i U mT 3k A
TR T 6 L T IR S
RN ot X T S5 s e TR0 328 185 (05 101 ]
()31 5.

g5 b BT 4R I E 2R A% Ve B O R ) BIE AR IE
AL 35 195 7 T < 53 [ 5 2% 3 3% o O 30 2 XU g
CREBIL 1) 5 5 2% 2% 0 45 0 {150 15 0 T 44 31 W0 2% 1k 19
JE MR GE B 2). 5 86 B 2% AR T 7 38 Y A 1
LR T AR AL RKHS S A1 341

6 HEEHZEREX

AT LRC WL B k.

B R BB TE S () oy ) RE UG B2 Ol
jO, v, fi(x)>1
1=y 0

LA RAEZ By, f, (e, ) <1 NUASLRE FH AN 5 9 55
R 1) £

V' Cf(x) s y) =

b

c0(1+l) :(1*77,})60“) .
FF LRC 19 78 2 B 1k £ 8 15 (OKS-LRO) |1y
HRid R WA 2.

&k 2. OKS-LRC.

A Ax) L EERES K TS BT S .
NRE Y )

(30

1. Wk 0" =0, XV, =
2. FOR t=1,2,+,T

3. HE v (x)=[k(x, %),
4 £ (x) =<0 sy (x,))

we(x, %, )]

5 i y, =sgn( £, (x,))

6. IF y.f,(x)<<1

7. IF B,<<B

8 4 x mAZE X

9 ELSE

10. WAA SR 434 Pr(=1)=DB/t 33 I WAH
11. # =1,V =BMPV,,x,)

12. ENDIF

13. G o X L U s A%

k =argminC" (x)
cEK

B . TR T I M 4 2 67
14. N TE LR AR E T o'
15.  ELSE
16 o " =0—pD0®
17.  ENDIF
18. ENDFOR
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EREC IR N OUn(T) B). X F Wi AR F 5K 0% , 45
WIS T T A T M B IR 52 24 B O(B) s X4 F LRC
P B R VR BT A I R 52 4% S O(BIND
Horpr N A%k 45 A I AL, R I, 7 4 A% 3 0 U
MR OR R T B 8] G O T TG 2 M A B E) AR O
FE g5 BT MG S . 1153 LRC B A 5 4% B 2

OUn(T)B*N) ,
MOAMAELAZ B EE T MG ENITEE %R
BER OCT?). 454 LRC F1 OGD J7 ¥k #E 47 % % 55
B SR 2 78 T 1014 5 (0 I ) 52 2 B h
O(TB+1n(T)B*N).

tF A LRC B, % ZEE X N A 3 4% 43
SIAERE SR vp X v B AN 92 1 45 2% i L LRC B it
TRz M I8 O(BN).

LWERS D

AT AEARMERCE B | S50 30 0E BT 48t 1 AR 2%
YeBR B OKS-LRC (94 501,
7.1 KWIEE

SCIG IR 4 #% Intel Core 17 4~ A PC #1, E 4
3.60GHz, NfF 16 GB, Bk sc R R 3.3.2. 52
5 b i £ 45 O LIBSVM 11 — 4 ZE 804k 427 0
KDDCUPY99 ## 4£ ©, 1 F 7 2k 2% 2 S A X 43
SR AT A L PRI R A B o AR A 1 1T R A A
AR & — D ER S AT I 2R, W3k 2.

®2 IREBESRHA

GRS FEAKL FRIEAL
german 1000 24
svmguide3 1284 21
madelon 2600 500
spambase 4601 57
mushrooms 8124 112
a%a 418842 123
wT7a 49749 300
w8a 64700 300
cod-rna 331152 8
KDDCUP99 1131571 127

@ http://kdd. ics. uci. edu/databases/kddcup99/kddcup99.

html
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We formulate a novel budget maintenance strategy for buffer
updating under a fixed budget, which is suitable for incremental
computation of online kernel selection criterion in linear time
complexity with respect to the budget at each updating step.
The hypothesis updating is not just a direct application of
stochastic gradient descent, we use the surrogate examples to
compensate the selected model after the replacement of the
arrived examples is conducted when the budget is reached.
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the initial kernel.
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