%29 %% 6 HE R A AR Vol. 29 No. 6
2012 %6 A Application Research of Computers Jun. 2012

ETMHRESVMBAKAEMEZREST L FIE
T %, ERER

(JFAIZEXKRYF a. AL FE; bt EHFER, 79 510006)

i E: IO THRAARGN R AR BEEE 2, ERNARESLARCAHM Y BA 2 fd
SRR AT RPN A ET AL LES SR BN GREIROGETE, Ak, B —FATREF RS
89 Heik SVM Zr ik AR eds B Fik sT s W G AR R T RE 5 2%, A A AR ER LM H AL, £3
KRBV RBHAZEATR THBAARAENE S —F A AATREN SVM kiR Ezs£E, @l X
HBAEREARZT L FHTIL, ik SVM F R AR ARV L2 EREFNHEAT  BRREBERERA TS £ E
84 25 B 18] VAR R e KE KRG TR B ), BB, A Rt B R RTIR T, o KR AR AR T R SR 45 W) T 89 AL
B SVM 7k, R EEHRE SVM FikBIF o ke 520 mieeg R ek, A2 T L B KR 44
2] H 84 Ak

KR IR KABEARAESE; WHES; RESVM; 2£%5; s X EHE

hESHE: TP393 XERFRERG: A XEHS: 1001-3695(2012)06-2301-05

doi:10.3969/j. issn. 1001-3695.2012. 06. 080

Large-scale network traffic classification with fast support vector machine method

WANG Tao*, CHENG Liang-lun"
(a. Faculty of Automation, b. Faculty of Computer, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: SVM has been applied for network traffic classification preliminarily because of its high classification accuracy, sta-
bility and generalization. However, scaling up SVM to large-scale network traffic classification is still an open problem because
of the high computation complexity as well as long training and prediction time. This paper proposed a bit-reduction based fast
SVM. Firstly, it applied the bit-reduction algorithm to reduce the cardinality of the samples by weighting representative exam-
ples, and reduced the scale of training dataset with minimum loss of initial sample information. Then it developed SVM trained
on weighted samples. The experiment results of large-scale network traffic classification show that bit-reduction SVM produces
a significant reduction in the time required for both classifier training and prediction of unknown samples with minimum loss in
accuracy. Meanwhile, its results in more accurate classifiers than random sampling based SVM when the dataset are not over-
compressed. This method scales up SVM to large-scale network traffic classification with retaining the stability and generaliza-
tion performance of SVM.
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AR REA I A S MEA RO, R LA B0 R 2 e AR AE/VEEA
TEOL T I3 JMERT R AL E M RN GAEAREE LT,
SVM J5 ¥ 5 PR AN 28 DL I3y 7 v AR HC 3 W HLAT 0 19 2
RUER AR

ARG SYM J5 kA B TR A S REAC R 2 B2 G B
B/ Pk RERS A AT T REA 0 A 17 DL 45 4 a5, (L2 06
DA R S B I 9 RS 1o 28 30 7 87 oK o X2 Pl - 7
RIS B 38 LR B 22 o 24 19 245 3L 1) 2
PR ATAIIMG RS IE S A5 278, O 1 3RA% S AF 9 2>
KVERE, 77 BRI A G0 T RRAE A 1 R AR I 55y
et XA B3 Ao (8 N 5 Sl I L S RS A7 2 (] B e
AR DL SRR AR 0 KME LA AR ZE ORI A R LAAS SCRIF 500
G SVM J5 350 AE VN R B IS AR I BAT TR A R B iy AR
TN L5 R A F0000 3k J3E 18 (1) 7™ S ke B, HAH S R IR 2 O
() e Sy SRR 1) R, T SR ] o 800 30 6 5 R A
i UE .

D SVM J7 i Xk R RS #2702 IR ALK BE ), AR 3C
Pt — P T FO AR e 45 19 B SVM J7 i, /I BRSVM ( bit-re-
duction SVM) , il A7 RO R SVM J5 35 73 28 i Il 25 A SR AR i
WS %078 B SR R 40 SR I R AR S AT Ak
B R TR BRI REA R G N ) — 128, O i A
HA RS B AGHAEAE TR R D ISR AR AR5 S A i 42
NAAEA A ] o 2, R T A 9 SVM RE I ZRIR
RIPRAR . TERFEALN LT i 5 )5t SVM 33k 2
R AE A L, BRSVM J5 A 1 RAIE 73 JS ME R /N i B AR 1)
I, ELA PR A 432K 8 1 ok 5 A T 3o 3

1 ETHNRFINRESXFARIK

H T, R ABLAS 5 S ki T i o 28 52 B ok ik 22 14 56
0, FEAREA B 5 B T IR R E 5k
1.1 BHEBNSREINRESE

Roughan 25 A 145 14 4fi B K-34] ( K-nearest neighbors) 2%
PEH 0534 (linear discriminant analysis, LDA ) | — ¥ 3] 5170 #r
(quadratic discriminant analysis, QDA) ML #8527 > J5 % 34T P 2%
WA NS IR T A 2R GRE IR GERR IR
TSR EARAE (8] — U8 H LR A 24500 K I SRR,
[E) e 47 38 SOATEPFAN 23 26 05 50 SR, SRS 2 R Ui Wi
Ty Rl TR N TS BB (I N, 43 ORI L BT

Moore % X\ ] AA Wi (90 3 DL 47 (naive Bayes,NB)
Blaeg S Jr ik BEAT i 20 28 5 R TR o AR B BRI A
AR AR AL A ST R R 0 o3, SR S B 0 A S
46 P28 i B R AEARME R 2 E IR A, PRI L R ER R A 2
65% o PRI, Auld 45 A" ik — 2 SR RS G 3 45 7 5
XPRAIEAE G EA T A 0, O A 38 BEAG T XA 2R DL - J4ir 7 3k ok
177 Bk, oy R U RIS B i, 158 95% DA B SRTITARNER DL
M-S e —RME e A S HUG T s MO SR SRR A S Bt 32 )
A7, SR SE PR R AR R A A 1A 5N GR AR, K
AN DTy i TC AR S B PR RE AR e 1 o

EFSANTHREIET G4, 5 Jee o B A MBI 4%
TR THERHE LB AN boosting 3451 Jy 14 1 F it a2 5
Mo SCHSEHREERIEN], C4. 5 Fr2ee I 20 e B 3 v, vE

R AR, RIS N BIA C4. 5 desfe i 5 i ok AL
PP AR R, 3205 R I 800 46 vh i A5 B e g 7
IR I 732 A5 Y R B A A 52 IR H R 45 AR A Y
32K BRI T ARG 45 RA R W, 5 DU 5 AR B, A1)
CA.5 PUSRMPR AL BT 702 R) RIUTE 3 6 Aa e 1k I A i
IR E A TR SRR 7 ¥ A g R R A 2 ) I A A 2 2R 3 v 1)
28

RN 25 N1 35 o — o L F S ) LAY R 4 0 0k
27 B AR e A28 1 KUK Jie /MK (structural risk: mini-
mization , SRM ) Jit U4 35t #5424 1) R 46y — ¢ S0 1R) AL,
A RAFH o BUE R AR E Mo SR, SR 4R SVM Jy ¥ 76 I I
RFEASE I AT I3 B 0 T35 2% B v g ) L
1.2 THENHREINRESE

Zander 22 A\ LT autoclass 7N} 48 7 0EAT G
e > 4325, 1% 0 Bl ] EM (expectation maximaization ) J5°
BN h A B AR R JF LA ik e oy 2K 2% o [
I, A9 50 T DA [ 18 190 208 0 T WSO R A9 O o R B UE 3% 7 Bk A
B ARAS I A ST I UER 2Ry 86. 5% o SR, I 5 1% T 3k
—BAFFE AT 5 A SR 2R 5 4 LR BU 22 ] B R G R

Erman % A 51 A EM S5 oAb BRI SR 2 AL, 38
115 Bayes (194328 J7 IEHEAT LOAE, BRAT T E A HERA 1Y 43 25 45
o MBI BT RICERIIIGFEA , K BA & IH 2
P50 25 i P R RE DT, (HLIBE IS D 125 75 B T AR 04 > SR 28 Y i
FHZSAY T H RS A S 2 iof [ 3 6 4, T B R I T
ARl

AL B A S T B U 40 2R DT TR AE R R MR
AP R I, B RN R AN IR AR ALY K,
FEor JUERR A | 732 38 28530 A LA 34 2 52 bl 45
oo BT U, AT BRSVM Jr e R B 5t hh SVM 8817326
FesE Mk S Z A PERR 1 [RI I , mT A R b i ok O % KA it
I RERETT o

2 BRSVM &%

2.1 R SVM &k

AR SVM 7k 0 SR A (9 — 040 2 )
R, SVM Jr kA B = 50 40 28 0] R i) 32 2 AR R . F- 3R
e R TS S U R T L | Y e NN N By e e N R
5325, HIHR SR 5 8 A SR Bl R W B s X TR A
A3 (R 3 5k AR 2 P Al I S (2% R K00 AR 4E 25 [l i A [] B
WIS 3] — A~ B GEARFAE 25 1], DA ITRE AN ] 4 o) RO v 4 v e 4y
R A3 E] A, SRS AE AT A5 ) o SR B R R d R. SVM iy ALk
ST

BWINGRIFEATTAN x, (i =1, ,n) , XL A HA RS A
yiel+1, =11 Hip, +1 5 -1 ERPEEIIRE, mgEss
(I RAR R we 2 b =0, Hrp, wigikm K i, 5@
HIESE, b/ || w| R P mE &, B4, 7 —REHR
AR, BRI AS & & 5, SVM 2404k B AT 267 i i e —
AN B 2R S A () R A AR TR, T

- 1 n
minimize : - | 2 +CY ¢
i

subject to:y; { (W+ o(x;)) +bf =1 -¢;
&E=0 i=1,2,--.n (1)
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Horp R C R Fe 5 10 5 40, 52 FR b R 43 i 64 o0 A
AAESTREBE PR, SEBRAE 45 o B A 5 B0 02 % B 22 Il i 3
. A#(1) 151 A Lagrange 3¢ ¥ )& , W] 15 31 4 {5 45 44 [a] 8
L/{1l

mavimize %o =55, oy K, 1)
subject to l_ilyiai =0
O<sq,<C i=1,2,-,n (2)

Hr o RAETRIAE B H 3 T T LATERA , 78 11 SO0 ) 8007 foe
A 45 o AR O, B AT I PRI SRR AR T A 5 A S
ST B XSGR A RO Ry S ] . SVMLGi 3 — A>3 2
AIARZR MR BRI @ (o ) R 308 H T 06 R i 245 1] RS 39 — 1B 1Y)
FAERRAE A 16, 5 S K (o, 0x) = () '@ () WA BREL, R
G R A A [ AT R AT A5 28] v A 2 () o R o BURE AS 1 B
T o XAEAS 2 4R BB

fCx) =sign{ S yiaK(x, - x) ~b} (3)
Forb £ 5 B IE S UL AR AR A9 2531
2.2 BRSVM &%

SVM J7 ik il 1T I im RS HE 1 43 26 8%, AEN T KA A
HHE B I HA I 2R 5 T B S B o A B2 BT R AR
SVM BVE YN 25 5 T 28 B BB 9%, A SCAR S — R R FAEA 1L
FREZEY BRSVM Jr ik, AT K IE SR m SVM I 255 T i) 2k B2,
FERIE R 3 JERG I . O S XA A B AT LU AT
AEALPR, AR J5 R A S B 1 B LN SR 43 26 88, B R
W
2.2.1 wHES%

O s 4 T A T T AR ESdiE 0 % ( data resolution )
FESCHRL 13 ]t BUARS IR HOR F T TR C (SRR H
%o HILERESE T SVM ik Einififb L R 5 R G
=B

B B T DA AR AR AT S 28 1) 3 3, B
A REAR R B AS 1 Se 2l B LA R, A0 S FRAE (E TR X
EL0,1]. RS, R T S re =5 LR R4 e b il 2 R A
BRI ER A — O R AR S W RRE(E , T
FrEAE

I(v) =int(Z xv) (4)
i Z R AREAL 5 B RFAEAEL L 5 int (k) 3R (5] e (28 5k
BBAF 1(0) X5 0TI5S00 HU R R 40 AP 3R .

FE LR AR R IR b B R 4 1 LR, U R 4 i

AT RN A

I(v)'«I(v) >>b (5)
Hk>>b K EEE G b A7, 4558 —A> m 4ERFIE AR A
X ), B R RAR R AT RN N T(x,) = (1
(CPDRNICTORNIN (CTR DR

REBIREHEATLE W R A5 1(x) " W AT R
A BAMR I(x)  REAREAF—AREE A F,A ke
AARESM B AR . I XM REEA PE TSRS
SRIREA Sl g it W IR ISR 4E mean , 7ETH 51 (1 f
FHREAFEAE A IR (E (ot s, o5, ) o BB J 7 [l — 28531 L
HATAR] 1Cx;) "B A REAS R AE (R 24 {E mean A, W A
FHANE . A R RS8P BEAR P (H O R S A 37

x; = (2, %5, 00

TRIEARE B, FIE R A PEEF L 0(n”) b, n FEA R
o ASCHFING A R PAE AL R G L B sl e
% (universal hashing) , AR IRBE AT ] O (2n)  XHEAERIR
FEEE L IMARFEA G IR A i . W3R 1 sy —4ERE AR KL
W (s ) B ECRR RS AR, Horby, AURAEA T TR 28501

Kl YRS LU T A0 A B

i J?!l ﬁfT é(#;ﬁé 2 ﬁlt(t#*)m* <% Wﬁ B
o Z =1000 DRRAL > Y
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2.2.2 KESVM F %

Gt LW EZE IS R IR REARUR (v, v) BE WEANE
{H W HRFREARCE (5, )"0 RRSEAREA x (AT .,
MFEF (1) AR SVM B3L Al R 0 ARy 29 4441 —
WARAL 1R

minimize;% Twi?+ Cé}ﬁifi
subject to:y; { (W+ o(x;)) +bf =1 -¢;
£=0 i=1,2,.n (6)

o 4R 501 R 2 (6) BIAT 3278 2 T X8
B

n non
maximize ¥ o; ——= 3 ¥ o;059,;,K(x; %)
=1 S

€1
= 2

subject to iilyiai =0
0=, <B;C _i=1,2,--~,n (7)
XFHE(2) 5 (5) TR BL B AREARCE R 40U, H2E
RIS I H IR T o BIBRE 264 FA P ids o DRI, e 200 5t
R SVM I i R 30 FA PR EAT T SR B, BE TS Py 1
SRR AR , AR SO LAV J5s SVM 5 BRSVM B T

KA R I PERE o

3 ZBWEHMH

3.1 SLIGHE

IR Moore S N AESCHK[S T v T 119 9 56 4 46
RV PRIE SVM J7 i b F T i 70 R A Rk . R Rk
8 H AT B 2% 11 B AL LA 29 1 000 44 fF 58
NGNS NGRS % WNISt Fu s 8 P/ ViU R @ WD N T
MG IR MR . SRR 24 h R4 TR BT
Rt K , T e e i T e K, Moore 55 AR B> B A
RE T AORAEEE , JRAE T 24 h 10 AN 1] BE P A S50 5
o [, Moore 2 A AE A4 3 52 90 Ko S F, HLk it SCoe 4
1) TCP BRSO A A R R AR o S8R A TCP PR SCE J2 4t LA
SERE(Y TCP = AR FIF IR 5 TCP = Y4 45 5y TCP Yhslin
o AR P — S R B A O REAE I
TFEARE 24 668 A, PLRCHR 5 1AL it 4l ad A T2, /]
LA, WWW e 40 R BARM N 2 frs o
3.2 MEHIESK

7 Moore 55 NRYBFFEH, X 4 5% 4% R I T 249 A 1k
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FRAES A AT 100 22100 P i 2 28 e e L o2 f T 5K
TESEBR M8 FREE Y, B T I 5 B R, X 4 W 45 I R #E A T
8 B AR 2 R DU AT Bk . il 2 SR i 2K, s
INUNERAT SRR S TA A TT 48 B 0 20 R0, SR LR 5 3K
BOFEARERIEN 32 TUFER R 5 45 i, 3R 3 R
TEIX 32 WURFAE S5 S — TG B T Ja 1 p R 280 . oAk 31
TR 45 I GETHRRAE E 243 N 1 =25 s a) 3 B AH DG HRAE
R4 5 W28 b 5 40 LA B A DG ST HRAAE , EZAHEHT I &
I 53 LB G ] B 3% A A S ERG b) 3 4 R/ AR G R
1, BP4E 5 28 0t A 2K BEAR G TR, E B FE T
RIET AR /NG B DL RS ) R 36 S I K
/NG S s o) 4 2H I E] (8] B AH SCFRAE , RI$E 5 2% 3
PP TR DG B GETHRAE , 32 A0 45 Yk A 47 82 BF (], T 1) ¢ 326 4
R /NG R K B R DL G ) & 364 i ok i
NPT RE IR . B R A DG RRIE 25 5 52 31 I 45 1 2E 0k 00
FAREIA , AEAE— R Tt RB A A5 A5 DX 43 A [ 174 D9 8% 1y o
F2  Moore_SubSet S5 4 MENL

S J3E IS4 WEE HA %
WWwW HTTP | HTTPS 18 211 73.8
Mail Imap ,POP2/3 SMTP 4 146 16.8
Attack  Internet worm and virus attacks 122 0.49
P2pP KaZaA BitTorrent ,GnuTella 339 1.37
Database  Postgres ,sqlnet Oracle ,ingres 238 0.96
Bulk FTP-data 1319 5.35
Services X11 ,DNS ldap \ntp 206 0.84
Multimedia ~ Windows Media Player Real 87 0.35
Total - - 24 668 - -

3.3 MEHEFHEMERITMKEE

FEXIIE—HLAS 7~ o e ds AR R A8 PP 70 SRR
HIREASE AP 2 (m) U RE T, FEOCHEAE AR X AR AR A
TOMAERGAR . LA—A> m JCU 5 43 28 [R)8 y fi], fR v 7 i 4R
HAETE N ZR IR FEAS, 43518 T m Rl 2% 0 TSR, 15 585 L
PITAE &

TP( true positive) : SEFRISHL R i FIFEA 9% 325 25 TE 1
JERIREAKL, K TP

FN(false negative) : SEPRZEHINy i MIFEA gl 73 2K 45 2R )
I HAERIREAEL 12 R FN,;

FP(false positive) : SEBR RN AE @ PIAEA YL 7 F A% 1R A
KRR BIREAKL DK FP;,

BT UL S, T4 PN o S e M 1 = TR
b, RIZEUER 2R (accuracy) \ZEA] {5 B (precision ) LI S AR HETR
K (overall accuracy) FIHHE I (A(8) ~ (10)) Sk

(i) =4 TP; (8
accuracy i) = i~ TPi +FN'. )
cion(i) = 7. = —_TEi 9
preusl()n(l) I TPi +FPI. ( )
S P,
overall_accuracy = OA = mL (10)
> TP, + FN;
i=1

TEIX = A FEER 20 28 2 B B AR ME R RN ), B
S 13 A8 TE B O AR A B AR AR B L il 26 a1
BFRFIRIE § A A T B 28 2 TE A T R REAR P o5 19 EE

B, 28 i B9 AT R BE SRR FEAR FIE N i FEIREAR P Sy i
RESFEAPT SR LLB o SRHERT R S R]F S M T 73 A8 %) 5.
AR R R T BE T o

#3 WEHMESE

Number Abbreviation  Description

1 duration Connection duration
Total number of packets in both forward and back-

2 total _pkts L
ward direction
Total number of bytes in both forward and backward

3 total_bytes A :

’ direction

4 fwd_pkts Total number of packets in forward direction

5 fwd_bytes Total number of bytes in forward direction

6 fwd_pkt_max Maximum forward packet size

7 fwd_pkt_min  Minimum forward packet size

8 fwd_pkt_avg  Average forward packet size

9 fwd_pkt_var  Standard deviation of forward packet size

10 bwd_pkts Total number of packets in backward direction

11 bwd_bytes  Total number of bytes in backward direction

12 bwd_pkt_max Maximum backward packet size

13 bwd_pkt_min  Minimum backward packet size

14 bwd_pkt_avg  Average backward packet size

15 bwd_pkt_var  Standard deviation of backward packet size

16 fwd_iat_max Maximum forward inter-arrival time

17 fwd_iat_min ~ Minimum forward inter-arrival time

18 fwd_iat_avg  Average forward inter-arrival time

19 fwd_iat_var  Standard deviation of forward inter-arrival time

20 bwd_iat_max Maximum backward inter-arrival time

21 bwd_iat_min  Minimum backward inter-arrival time

22 bwd_iat_avg  Average backward inter-arrival time

23 bwd_iat_var  Standard deviation of backward inter-arrival time

24 fwd_push_pkts Total number of Push packets in forward direction

25 bwd_push_pkts Total number of Push packets in backward direction

26 fwd_urg_pkts  Total number of Urgent packets in forward direction
Total number of Urgent packets in backward direc-

27 bwd_urg_pkts |
tion

28 fwd_syn_pkts Total r{umhﬁr of packets with the SYN flag in for-
ward direction

29 fwd_fin_pkis Tfnal Anumber of packets with the FIN flag in forward
direction

30 buwd_syn_pks Total n}lmbfer of packets with the SYN flag in back-
ward direction

31 buwd_fin_pkts Total n‘umb'er of packets with the FIN flag in back-
ward direction

32 flow_class Class of flow

3.4 SrHEAERELEE M

ASCRIF LIBSVM. T R4 S Bk 1y BRSVM 57 3%
SLER ERE T ALY C-SVC B3k i BE LA SVM 3835
et , ZEBUS T SRR TACE ) SVM Bk . B Fh ARk
PEPRAR I HAZ BRAL k (x,y) =exp( —y | x =y || 7) A FEBLM L5
FREA YRR MWL, AR 302 BE LIBSVM B i FH S0, )
TR R R IEAT E TR F € =512 A% S 4 (kernel pa-
rameter)y =0.03125, T HEJR LG SVM Jrik 5 BRSVM Jy ik
R R Ir SR BE D REAS 2 570 3 LL 943 ), Forh 70% myREA
YE N Z85E ,30% WIREAAE i iR | 84 S =3, BT 4408
VER LB SE R . T4 SCBE Windows XP R 48 T 58, CPU
Intel Core2 Duo E7500, N4%2 GB,

FIXF BRSVM B35 b i LU Re TR 46 3 AR, A SC92 6 48— B
Z =1000, HUILHFEAEAE b =5 I, BRSVM 554k SVM 52
BT B o S B PR REXT L AnR 4.5 s, ATIL 76 b =5 B, &3
o Re EE 4 A 3, YN E AR R H0 e A ol oy IR AR A B i 1 51. 2%
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oy RARUIZRIT T 37.3 s 40k 11.7 s, {H BRSVM J7ik A%
PRIFAMER A (96. 12% ) 5 )54 SVM Jr5 ik (96. 24% ) A1 LLIF:

K BFEAT.
4 BRSVM 5JElE SVM 2 P 2650 kb
Classifier/ % WWW  MAIL ATT P2p DB FTP(20)
SVM 99.6 96.5 0 39.9 9.6 97.5
BRSVM
99.6 96.4 1.9 39.8 11.5 97
b=5
Classifier Compression
MUL SER OA Train time/s
/% ratio
SVM 38.8 90.2  96.24 1.0 37.3
BRSVM
bes 33.3 91.6  96.12 0.512 11.7
h =

#5 BRSVM S5l SVM Bk AT {50 1L

Classifier /% WWW MAIL ATT P2P DB  FTP(20) MUL SER

SVM 97.9 91.5 0 64.8 63.3 96.8 55.3 98.7
BRSVM
b=5

B2 AN [ FE AR L 4 (6 50, E e BRSVM. 5 Bl AL
FES UG SVM BA R 732 PERE , W38 6 PR Al L, RIVEETE 1L
FEIEAR KO 0 B, 280 R A BEA SR A — 7 e B A 4 el
(EAFLEEH 0.952) , 3F HI PR BEARER R AT AL . 12
FURRIEAG LK b (B 1 ~5 I, B b {E3E 0, I ZRpe A Ko A
WrZivek (TR Ll 0. 913 [ %) 0. 512) , BRSVM J5 i 7p K4 {4
HERA AR IR R AF B0 7K F-, I 50 & A S 6] 1] A W87 405
(H137.3 s 4030 11,7 s) o [RIA, £6 4 R (9 I 25 4R Fs 4 L
 BEA LIPSO AT R AR A RO 2548 R HT s AR SVM D5 3%
(1973 S B AR ER AR T BRSVM 5k X J& [ BRSVM R
FEAR R 07 15  TEA8 N ZRAR HUBE 14 [R] i B O B 0 B
ACKEAR L TR A B AL A A 14 75325 DUPRE 38 23 I b A B4 2%
B, WU R A B ) ) I 25 % 1 R R AS £ 8, DT i
PRI AR R L BRSVM AR, BRULZ b, Bl 2 FEA SR
AR, LSRR 1 S5t ) 22, (A S8 O AR AR T

98.1 90.9 50 59.1 91.7 96.5 55 97.8

i ) L A DB
# 6 BRSVM SEENUHUREM G SVM FkPEREXT L
ey Vi IES FEA lE il B
JEAR{ER MR EGERSIE] s 1] RAE
SVM 1.0 96.24% - - 37.3s 3.78s - -
0 0.952  96.19%  0.43s 35.6s 3.75s  96.05%
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2 0.877  96.20%  0.49s 30.6s 3.52s  95.16%
3 0.795  96.15%  0.48s 22.5s 3.15s 93.97%
4 0.663  96.11%  0.48s 15.8s 2.94s  92.76%
5 0.512  96.12%  0.47s 11.7s 2.72s  91.82%
6 0.323  83.41%  0.36s 7.3s 1.88s  87.54%
7 0.117  68.57%  0.36s 4.1s 1125 79.22%
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