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Abstract: Batch implementations of standard support vector machine (SVM) are inefficient on an online setting because they must be
retrained from scratch every time the training set is modified (i.e., adding or removing some data samples). To solve this problem,
Cauwenberghs and Poggio propose an incremental and decremental support vector classification algorithm (C&P algorithm). This paper
proves the feasibility and finite convergence of the C&P algorithm through theoretical analysis. The feasibility ensures that each
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N e 1) B AR

E B G T 1 o b o S 1) S L B0 A R g e oA S R 1) S L S92 BR AT A0 T U B, T SN X
i ARV S ) LSRR S T UE I A ALt R DAE B 9 b v SR ) AL ARV ) A B WS Sk

W (@M, o, a0, (9M, g™, gl (WL WL WL a5 Sk 38 B s v S 3 i B LA I O 4 e i
PR 3 A FEAL Ak T B E L A H FAE MRS (@l e, ) B (g, g1, g, ) AT PR A1 LR K
B[] O Y (1) KKT 444

1% (@), (gl FIWIY g1 2 3 A TG PR PR 41, b 5 21 6 FR AT A7 AWIKI=WIR WK< 35 2 (WD) i 25—
LA 2608 )31 e, 5 A A WUV 25 M AN 2030 [ A S, T30 5 S0 5 i 4 S (R 45
$ A PR A T LA (WY 310 — A4 B 30 0 (o) A () 2 45 BR 30, AT T LA R 0 (@, o,
coat My (G, gt gl Ty KR 5 HE 4 R 5| B S, A S I AE Ael > 0 B Agl) = 7G> 0, B4 (ol al,.. el )
TG, gL, gLy S 1 A7 R AR 3 49 0 51

ROk M (@ el ol ) (9, 012, oY) AN K I R S KKT 4Pk, g 2 ol <C 36 1.
0L < 0, T 35K 15 240 0 390 VR 4 508 0 1 R RS SR TR R 1 (@, el ) A (gl 0l 0l ) M
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SUB 1] 6 IV (1) KKT 454 O
4 £

AILHTF MATLAB SEIL T 38 & bR v 32 K 17 S W15 ¥ (incremental support vector machine, &8 ISVM) Al
Yok 20 b v 2 35 ) s WL 5790 (decremental  support vector machine, & A7 DSVM). 5256 /% w47 M 5 45 BR s Sk
3R H ) LGSR BAE T WE, X e g5 iSRG 1) IU LSRR AR Ss AN N %:2) FRFE QIR AAFAE AR BE;3)
2R FE 10 AR Ss MM ) —MFEAR t 5 75 BIE R t Ao R H O )L 3R & 4E:4)
ISVM Hl DSVM 1EA B2 A RESCSCEAR N 7] 288 ) S5 DA

JT A S5 E 3.2GHz, Pentium-4, 0 1GB )N A7 F1 MATLAB7.5 ¥ & HUNLEF BT 3R 1 450 TESg
I 4 A ARSI S R P OX S840 B2 T LA hitp://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/3f:#3).
YT T 3 R R, 40 50 e P (linean) B K(xi, %) =(Xi»X;); 25 il 3 (polynomial) 1% K (xi,x;)=({Xi,x;)+1)%, 2L
Hh,d=2; 5 W (Gaussian) % K(xi,x))=exp(||xi—x;||*/20%), 5 *1,06=0.707.

Table 1 Benchmark datasets used in the experiments

RL I AR RO AR

LR EAS IR IPNGN JE AR
Sonar 208 60
Tonosphere 351 34
Diabetes 768 8
Breast cancer 683 10

4.1 Sonar¥iifE

Sonar ZUHE 4 04T 45 2 X ISR B 4 Ja [ fa7 30 [1] 1 75 4
et & B 60 MESEUE)E P 208 AT FE A

T ULWIAE ISVM Rl DSVM 24 3 A G M 8 Ss AR as . JEBE Q4748 1 R B LUK 1) i 45 5 F )
R SsHIMAFE ) —MFEA t 5,6 BEE I Pt A R IF O ) 2SRy ) T AR, 5256 43 il 7 s =
4 50,100,150,200 FIFERL_E, 2352238 200 ¥k ISVM A1 DSVM 2% 2] SR 45 B IAE T EiR 458 18 1 38 1
ISVM Fll DSVM 7EA [ Y SR B8 /NG B 1134035 AR 80 B8 45 SR 90 F T S0 1 A IR MRSl e 30 2 00
P T B S sl

F

IR R AR R (B A T S AR [PT FS h 5 1%

il

—sa— Linear-ISVM
—8— Polynomial-ISVM
—&— Gaussian-ISVM
—& — Linear-DSVM

—& —Polynomial-DSVM
—& — Gaussian-DSVM

Average number of iterations
(=] —_ (i8] w E W (=)} ~N o0

46 I 86 I 1‘20 | léO | 2(;0
Size of training set
Fig.1 Average numbers of iterations on Sonar dataset
1 Sonar ##fs 4 bR IEARKEL
4.2 lonosphere#iz
Tonosphere #i ARWCHEK 0 16 AN Bl R 2k (A 28 9 11 o 2 5t 85080 6 H b e ok 19 R A el 7 3
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Pt AR B U (U R R T R U BT R RZ S KD R XA B R B 34 N SR JE P
351 A SEBIFEAR.

S 3 7R 4 80,160,240,320 (A 430523 200 X ISVM F DSVM 27 =), A4S S8 F T
ISR UG R Ss AN HBE QUETEIHIRE LI A S Fe i # AR Ss BTN H)— M FEA t
Jo EBEA M P A S R I B O AR 4R 8 2 UL T ISVM 1 DSVM 75 A [ I SR80 K/
T LT P38 1k A E B 45 R SGE T B A BR e Sl

35

—a— Linear-ISVM
0 g Polynomial-ISVM
25 —g— Gaussian-ISVM

—& — Linear-DSVM

20l —B- Polynomial-DSVM
—& — Gaussian-DSVM
15

10

Average number of iterations

Size of training set
Fig.2 Average numbers of iterations on Ionosphere dataset

Kl 2 TIonosphere ##i4E b I¥ 34 EL
4.3 Diabetes##

Diabetes 2% 21 % KU EEHEEEA T RE O BiE B ZE8dmE d 768 A7 AL 2 i &
P R, FE 1,268 AN B2 W Ry B PRI, T 53 500 A% 12 W7 D I BB PR B0 SR A 8 AMRRAE, e 6 AMRRTE
S PN PRSI £ 3 A M, TR R 1 2 AN S AR RN M 2R B O A R

S 53 S 7E B ok 170,340,510,680 (¥ LAl 33 2434 200 YK ISVM A1 DSVM 2% 2) IR 45 R UE T
TRE R A ES M ESE Ss AN FERE QFETEIAR B DA K A S Fr m 5 Ss I ) —ANFEA t
Ja AR R D NS S B O 23 Hr 1) =42 6] 3 Ui W] T ISVM A DSVM 78 A 8] Y R £ o/
DL 1S S8 2K IR B BN 45 S50 UE T W R ARk A RS Sl

120 [ —&— Linear-ISVM

—&— Polynomial-ISVM
100 | —&— Gaussian-ISVM
—& — Linear-DSVM

80 | —B —Polynomial-DSVM 74
—¢ — Gaussian-DSVM,/%

60 + g

40 |

20t

Average number of iterations

. Py &

0 100 200 300 400 500 600 700

Size of training set

Fig.3 Average numbers of iterations on Diabetes dataset

3 Diabetes £l 4R L1V ISk
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4.4 Breast cancer#iE

Breast cancer 23 52K H Wolberg 1 -1 1 115 P95 451, D51 1 5030 s W 17 973 ) 1) 1 10 56 5 1 B Z B S L
A 10 MUEIE ) 683 S SEBIFEA.

S8y S TEHHE E 4 150,300,450,600 HIEEA F, 230 543K 200 X ISVM F1 DSVM 27 > A 45 R 56 E T
TG STRF AR Ss AN N 25 30 B QA7 TR 5E B ) 3 S e ) E 4R So BT M (B ) —/MEEA t )5 70 SR 46 1 1
Bt A R I A SR 4 B 4 38 T ISVM AT DSVM ZEAS [R] I ZR s K NG Bl 1 (1 3 3%
ARURE BT 45 U UF T S0 BRSSO [ o B2 v A 1 AR LA S T el Sl

140 1 e~ Lincar-ISVM

120 | —8— Polynomial-ISVM
—4#— Gaussian-ISVM
100 | —& —Linear-DSVM

—& —Polynomial-DSVM %
80| —& — Gaussian-DSVM , %>~°

60 -

401

Average number of iterations

20 f

=iy

0 100 200 300 400 500 600 700

Size of training set

Fig.4 Average numbers of iterations on Breast cancer dataset

K 4 Breast cancer F#i4E I AP 341540 B

C&P SIkE PO £l 0t 18 e ORI B XS R 1) LS A B Al oh . 2 IRAE S (AP R fEZk
SRS P N TS O T O AZ A, A SO EBON e T T C&P SR AT MRS
A B S, D o S B B0 T B S T I 4 2R D0 A TiA R C&P SIETTRE T 6 A Ik il T A%

ARSI T AT C&P SE BT DAY & 2 ARIE T KKT 54 4511 A9 SRR [ LSk, il [m] )5 52 R
1 e L 1 0 R gt VR ™)L o S 1o e AL P R )L ] SR i AR A B A VR POV

AR SC 8 11 1 ORI ek e 2 HE SR 1) S LSV (C &P B3R ) A7 — A B 15 TR e, B AR 8 5 AN AT — A A
AN B TR B TT 10 F AR, SEAE SE B v S RE PR AT 2 AR R I 1A B TR F 23 [P B AR 1Y AE
HE— P 1 AR Ap A BRI T 45 AT I et 10 5 S, O b — 20 (A1 B8 S O T A7 1k DA AT BRSe S
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