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Abstract: This paper proposes a support vector machine (SVM) active learning strategy based on vector cosine for the
high dimensional dataset to solve the problem that the traditional support vector machine based on active learning can
not measure the correlation degree of different samples by Euclidean distance and obtains the low generalization ability,
namely COS_SVMactive method. By measuring the information redundancy of training samples based on vector cosine on
active learning procedure, several the most valuable samples are selected and need be labeled by experts. In each samples
labeling loop, the balance of labeled data is gradually adjusted in order to achieve good generalization performance.
The experimental results demonstrate that, compared with common SVM active learning based on random sampling
(RS_SVMactive) and SVM active learning based on distance (DIS_SVMactive) methods, the proposed COS_SVMactive
method can not only improve classification accuracy, but also reduce the artificial labeling cost.
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W OB AR T 235 3 69 L@ E M (support vector machine, SVM) 77 & W T K A 69 Bk X JE & R Ak
B TR ARG AR, SR I BZNEATEORA RET —HATHELAZNIFGE
MEFF 3 (SVM active learning based on vector cosine) % #-,#k 4 COS SVMactive 7 ik, %7 ikidid £ £
HF I IR FINGERIZREZINGE PR E TR, AP AR LR £ 25 £43 809 O A
AR UH FHATA TAFE, I A B R FATE LA P 201 4 G 09 P45 B BAT R B RS AL T B3R 247
# 2 AMERE . FIEE R A, 5EGA TRAUKRA S SVM £3)5 5 7 % (SVM active learning based on ran-
dom sampling, RS SVMactive) #= 3k T ¥E & 9 SVM £ 3 5 3] 7 % (SVM active learning based on distance,

DIS SVMactive) 48t ,COS_SVMactive 7 i RALT vAFE 2 0 K45 %, T B4k

BRI

KR : X @ BAG; 2FF T @ BRI TRE A

Xikbraiig: A PR TPIS

1 915

FE VB 2 98 7 A 3SR A 3 v 38 28] £ ] A
B, F TR RLAS 1 BR ), Xof RS Y B s 11 AR
MEARICE] A Z bR AR . BRIL, Al R R A
TEFEAR ST 0 M sl MBS 1927 2 B 2 A HLAs
2GR B ST I 2 — . F 87 2] (active learning,
AL) & — PR AR AR ICFEA T2 2] 1 2 B 22 2
Tk, H O e T E a7 A 8 R AR IC A SE
ek oA T EREA, SS B KT hnid, AR JE
AWGLE 22213 353 285 i il i 2k
FRUGE AR IIMERE" . T o= ik NI RE S5 1
A Ry ST R R PR | TS 10 DR T AR
YL, I #5058 NG E IR PR ICFHEA SR TR BE S e AT
WAEREAR , J5 3 J% Eal2E S Jrik R SR . $i FER AR
EREASIRBOT X AR ], o] LUK BUA 19 £ 32~
A M (B RE 7S IR e 1 R s K00 o 3 it RS 3
SR

HETC A A T — S R F2 8l ) Tk o
Tong "' H T 31 B 1) F sl 2] ik, BIE R IR 5
T B0 P AR ICFEASE S B M AR AS A T A
10 o AFIZ 71X 55 0 BE B AURK , R X = 4K
P TR A S AN AR RORISHEF IR . Seung
NP T 2 51 2 4% 5 (query by committee) i,
POTIERE T 1 2 3 BB 2 B U
XS ARATICFEA SEATH 5 AR R F S s Dl e B i A
MMEFEASE L RKIHThRIC . %A RIRCRE
{EAFAERE R ) BB . IR Z B S A

XF AR ICAEAS B O (8 ST PR A B ik e A R
£ Nguyen 55 N H T8 82 ) 5 RS
BT BN AR AR IO REAR R 19 S8 50 43 A R R
ABNUNGRid RN GRBE AT IR il ik R4
FIr LA U5 BB U A MERE A S & Ktk A7
bR, 3545 T ARG i i 22 2T R . Lughofer!”
P TIRA W 8h2E B 207 Yol oM Rk
J5 R AT W B A 2 ) TR A LS A il Y i
o BUAE B A N EAEAS A 80 D> T % ZhsiE
RVFCHEARMRAN . ZHFEANN = B E
LIRSS A R T A S T
J7iE T ARG Bl /0 o v o A )11
FEARVEAT AL, DA 80050 IR DU AT 55 . Wang 25 ")
DRt T T Al RO ) FE B2 2] ik R A
T2 07 1 4G A0 > A R A I R AS R DU, AT A%
155 F 82 > P S AREAR YN i R B b B oA I B AR
e

SZ ¢ M) 5 AL (support vector machine, SVM) J& 32
[ 2734 Vapnik!"$& i 19— 238 F A 2 pl a2~ 7
o, A RSB SR R 4 rz kR Ty, BRIE
BN AL > G B 5T T R AR 2, an T
BRI O AR It ] e 2 00 S e oy
AT AR BRI N . P25 7E SYM R L
AT T T K TAEN S, o) =240 SVM
TS EShE ) BAESE G, DI B B o 26
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8L Fhric 5 41T SVM 432845 5 1) 24 (i R 2%
SVM - T 57 -, 368 3 33 1P 7 08 W R ffe oA s 40 A
TR, H AT, BT 805 2 1) SVM U7k B 4848 3
ARG MEAAT T VA AR B ) 1 R H

4 T it A A R AR A A R (CUNAE SCAR 4125
BEURAL BRAFGT) B ARG R T T 8h2% 2T 19 SVM U7k
K FH AR AR TR AS 21 368 - 1 A A I 8 She it f A A 1Y
e, DR BUR A M A . (YRR YR AR 5
B, A T P AR 22 ) g G TG B 8 S 25 AR AR, D
SEUI A AR PR ICHEAS 3 3B 7 Y R s JL-F- A
S5 NREUERA SN AR AS (Y B M T EAS ) OT
ARFREEHEAT IR0 B i, R A T g o) i R e
M EFEA LSS

I RHEG LT 323012 2] B9 SVM Jy ik Jo ik A sk
PHE AR 1 I, AR SCHR T — R A B T A
5% 1 SVM E 81%% 2] (SVM active learning based on
vector cosine, COS_SVMactive) WM&, 1% 7 4 X =
AERHEE L TR EAR T  , I AR
A~ ) S 38 A A R SRR AR 22 B Y 2 R AR R
JINRFAN WA A [B] A AR G R BE FOUAR AR B o X il
FEAS Z 18] 22 5 10 5 UL AN 2R A YR BE 5200, A]
DR REAS 2Z B8] 79 22 57 BE 45 I FE — S B BT R Z
T B TPk & A 2 00 2505 B SR M A
LWL FHIT N AR A, FE R UREAR T
TR R R BT A5 B 0 AH DGR B X I 2R 4R 1 1 Al
TTIREE IR T B niz A e A e SR

2 COS_SVMactive Jjj ik
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2.1 ERIEIERT I

3 H A K BT R A REAS A P RER A 4
HEA—E A M ENFEA 7L A S
S T P 04[] o i 2 TR AR A LRI A U AR 10 o

=4 Ak PR S8 AT 1 Bl o 1 e 1 W B S R A A
D YR ML S WA ZAS ) ) AR DG AR R L A T A4 2 5 e
AR, XM AR AN IE . BRI A,
PR gk JEE A PSR AS (i ) 6] e 3 B9 52 4 I A
S TE) AR AR L, i e % e A I ERE A S il e K
HATRRE

R L F1 U 535037 ChmCEA SR 5 Rk
ARAE R ARIFCHEAR x, e U BYEFREE XA

<xi,;j>
o(x)=——rx,€L (1)
SRE

Horp, x; 2 Y RTCARICHEAS S fEL w2, B

%=L om=|1) (2)

||| ||§/|| SRR ARARICREAR x, 5O bRICHA
fH x, 8L <x,x, > FoRlai x, M x, IR SEBR
b, x, R GHE AU R CARCHEA RS, B
B x A S ETE AR ICEA Y B MR, AR5 ok
PRCHEAR x, 5 x; B ARTOREE R x, 5912 4R
TCFEA SR (A DGR B o AR DX/, I AEAR
(R AE DGR BE BN, B x, 5 417 D AR IO A A 5 1Y
25 SR, DRI SR M

COS_SVMactive Jj AN % A4~ 5 6 1 8 5 /)
TR 53 245 8] B 9 AR BR e AR AS (RIS T 4328 1] B
P RARICAEAS ) x, TFRXT R c(x,) o XRERE AT %
RS 4, SOnT kG 18 B9 A5, AT RE PR IESR:
B SL, SRIGHEITAREAKT R o(x,) HILEXT{E
FEIPHES , AT m ANFEAS Cm AREA TR S 0 517
NTARE, SRIF AL
2.2 JE TR IR 4 F- By B PR g

TER DR BT bR IO A B B A 7 e
JESF- A 1, RIVER Y- T 1T RE 55— AR AR 1 v B B 3
I, 5 57— BFEA U R B RGE . SRR, AR R AR SO
P 0 A B R R R DU REAS T R AS T B T
T A P REARANEOT RE SR T 05 — AR IR
YRR AR HEA T AL B, ] S AR 5 ST BE T R R
Shy st e AT AR A BN B A

D

L



b

FEA £ BETFHERZBS RS >I F

871

MG, DL/ IR AR AN S A M 6 R R AL PR R Y
Wi, A SC A COS_SVMactive B B 78 4 YR 3B A # 23
K BEALE (- B B, IR FHIR 2 R 7 ikt
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SVM Ab S 4 W nl MR, A5 20T i 43 254
Ho MTFARME SVM 5 BLAEAE SRS A 1) A% 4
R | L[] B2 2% 3 R 24 ) 5 2% B e e, AS 38 T A
i RKEGVIRREA . & T AR SVM BILBOR 1) [n]
TSR [11-13, 17-20] R 64T 1 BARBESE (B H
P2 LI A — 5 12 AR PR BEAE AN Y, 31X 548 S
Pt 5 v 2 R 2 o SRS BE Az AR RE 5 B Y
ANFE, I SVM AR B BEROR MU ASE R AR SCHE A
PN , 5256 rh R 411 2454 FRS 3042 I 7E 100~
5000 Z i, SVM AR AR R B S8,
T SVM B B SHU e B AE SOk [21-24] 0T T 34
. ARSI SVMAR Y 43 R FH e i, % bR
BSHE.0, AET S0 E A 1000, %10k 10,
S RSP R R E S8R e BL0.5,

Table | Data sets of experiment
A RR B A
" YIgtE  haAsE .
PGS . Yk
BURUB B
Splice 5000 10 875 60
Sonar 133 90 60
Hill Valley with Noise 606 606 100
Hill Valley without Noise 606 606 100

3.1 COS_SVMactive 5L 45 &k 3 ik

e [A] S BN 2R 46 T, LU AR 4 Hill_Valley
without Noise M|, COS SVMactive Bk 524411
Wi Ff 7772 RS_SVMactive (SVM active learning based
on random sampling) 1 DIS_SVMactive (SVM active
learning based on distance ) #1735k, HTFRS_SVM-
active JTVEIBATA RATRE , R ZRAE A AR ] f4 15
BUT 10 TR F- (B AE R0 FE R, S rh AR
ISH m W30, MASE R AR 2,

Table 2 Comparison results of Hill Valley without Noise
#2 Hill_Valley without Noise I45%: b5

Ik e/ (%) BATIE] /s
RS _SVMactive 72.61 =0
DIS_SVMactive 69.97 15.687
COS_SVMactive 96.70 33.078

M 29a]LIF H,COS_SVMactive 5 RS SVM-
active \DIS_SVMactive /75 AH LU, T3 S0 E L
T 20%L) |-, DIS SVMactive J5 1% i3z 17 ] B4R
8,155 COS_SVMactive J7 M L, HArJORE A
FRAH M COS_SVMactive F k77 B T REAR L 1 1%
B, R iz i FS 1 . RS_SVMactive J7
BRI T AR (HOHAMEREAER  ME 38 7E 59.9%~
79.21% 22 [8) F 784k, 1if COS_SVMactive J7 ¥ Ui
FRaE HIRSH .

PR 25 R R B Sl I L LI 1, I s
HIXT T RS_SVMactive J1iEFRIZRKEL, X T COS_
SVMactive BiE R EL. I 1R LA 1 78
10 L8 FE T, COS_SVMactive J7 B ER 2R 34 2
TAL 4 RS_SVMactive /5%, H COS_SVMactive J7
ICRS B A RS PR A R AR B AR G T, i
5: RS_SVMactive /7L IR MAFE . X Ui COS_
SVMactive J7 ik Bl 55 1k (O FERE , REAS HE IR T £ (1)
A EEAE BN MMEFEASK I AR Al 2.

Hill Valley without Noise

100 /—'
. 90 | N -
S 80
ﬁ o /e\ ™ /B/JO/Q/Q
=
& 60 > \s_//
. |+ COS_SVMactive -=-RS_SVMactive
5 L I I I I I I I I
1 2 3 4 5 6 7 8 9 10
Fig.1 Testing accuracy of RS SVMactive &

COS_SVMactive
1 RS _SVMactive filCOS_SVMactive W #EH R

2% 3 J& 3 FJ7 L AE Hill_Valley without Noise %{
PaE b om WA AR SEIR 5 R . R 3I AT LUR
tH,COS_SVMactive /71 m {EL 10 25462 30 (1)1
R R RE ROk IR (H 2 m {80 40 B A B R %, X
A REJE TR 2 S 8UT 2= ) B L & 4 DIS
SVMactive [ m {EL I\ 10 352 40 f, 0K B A /2
SeH R EREAR, AR 2~ [, {H 5 COS_SVM-
active J7 ¥ HH LA A5 2 ; 1T RS_SVMactive J7 15 i 9k
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Table 3 Testing results of different m on Table 4 Testing results of COS_SVMactive
Hill Valley without Noise on other datasets (¢=0.5)
3 Hill_Valley_without_Noise #4 COS_SVMactive fE s b 12
B EAS ] m Al &5 0 ik 853 (¢=0.5)
Tk m_ SRR R/ (%) ) P T E
10 16 942 ESCIE S mo ‘
2 . or B /(%) fil /s
5.5
i 10 19 76.0 0.078
COS_SVMactive 10 14 96.7
20 16 9.6 Splce 20 19 76.3 0.094
10 14 59.8 30 24 79.8 0.078
RS SVMaotive 20 19 64.3 40 25 77.1 0.051
30 25 734 10 17 70.0 0.016
40 32 .2 20 8 78.9 0.031
10 17 58.6 Sonar
. . 19 202 30 8 78.9 0.063
DIS_SVMactive 18 69.7 40 11 744 0070
40 21 59.9 10 45 90.8 0.734
Hill Valley 20 45 90.1 0.555
o . e ‘ _ _

#2472 COS_SVMactive Jy ik AEHAREH S L 19 with Noise 30 39 88.0  0.491
SEERA R . 4RI LUE Y, COS_SVMactive Ji ik 10 Al %01 0.909
Eﬁjﬁ‘% Sonar iﬁ%i”%%%%gﬁ 7O%~80%Z 10 16 94.2 0.375
], 7E HAR R B AR 40 2k AR RE IS 2] 80%1X 90% LA Hill Valley 20 14 955 0.302
Lo b, NFR 4R LUE Y BREHE 45 Hill_Valley without Noise 30 14 96.7 0.523
with_Noise b, 7EH- 46 B B , Bifi 45 A A US4 m 40 16 92.6 0941

N A 47 T SZGEES = pliy s Z ¥k

BRI 3000 ) o i R R ey (SRR AR S 4 Hill Valley without Noise

IRF— 5 BER (T 30 IF) S BEw/N . 33  ih %8

THUGE B, B m AESE N, B A A I (E 396 //\

ARIEZ N TF 2] SRR SRR AR m (H K, 504 e,

2e » 51 [T N N 5 N = O’—_/‘e/

B BRI B PO, R N

HORSISE 2 0515 AT 129 PR OIZ (L PERE. R ] N
R WA SCHE S 1P 2 1 2 500 I 45 2R 10 20 30 40

m

[, AR 1 25 8 2.6 Hhou TSP B 0F
171 Mg B R B AR AR AT 1Y) Need _label 4
& BT T 52, COS_SVMactive 77 B it A0 5 2.6
Xof I 25 48 R A7 - B R . DA 4 HilL Valley
without Noise } i , 24 £=0.5 i}, &l 2 45 i T COS_
SVMactive J5 2 % 11 2542 - B 8 B 1iif 5 1 s 1)
MRREE A, IE 2 AT LI Y R I SRR T i
JE (A 235 S B 0 P T R A, a3 U P R B AN
S P T 2 SR BT S I TSR FH A SCHR
F14) ST A7 ] SR s A B A RSP (] R AT B
Mz APERE

Fig.2 Testing accuracy before and after balance adjusting
Pel 2 P-4t V56 R i D s 6

3.2 COS_SVMactive i Sk 285

& Sonar ¥4lE 4 I, £ — YA kA AR Witk
B TR AP RIS L, R 5~38 7 205
T m>410.20.30 F140 1}, COS_SVMactive J7 EETERR
Sonar [ H A A KA 4R 3R 10 R ITAS 2 14 73 24
FE

COS_SVMactive J7 i 7E £ 4l 4E Sonar |55 —K
SRR R T B Lo 2R, e H ARG 4 1
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Table 5 Testing accuracy of different m on Splice

#5  m WA I Splice 1114y Joks 1

(%)

m 1 2 3 4 5 6 7 8 9 10
10 680 680 71.8 705 735 757 757 757 76.0 76.0
20 66.7 702 734 737 763 763 763 763 763 763
30 666 703 726 744 798 798 798 79.8 79.8 79.8
40 675 721 73.6  77.1 77.1 77.1 77.1 77.1 77.1 77.1

Table 6 Testing accuracy of different m on Hill Valley with Noise

#6  m AWML Hill Valley with_Noise I-f#5) J5ki 1 (%)

m 1 2 3 4 5 6 7 8 9 10
10 502 594 687 889 888 8.9 904 90.6 90.8 90.8
20 538 781 91.1 914 914 914 91.1 913 90.1 90.1
30 581 853 8.0 8.1 873 8.0 883 88.6 888 88.0
40 588 860 83.0 883 881 89.8 88.6 88.6 8.0 8§9.1

Table 7 Testing accuracy of different m on Hill Valley without Noise

27 m WAL Hill_Valley_without_Noise |15 J5k5 ¥ (%)

m 1 2 3 4 5 6 7 8 9 10
10 60.0 815 909 941 942 942 942 942 942 942
20 672 896 91.1 959 959 959 952 952 955 955
30 700 90.8 90.8 90.8 90.8 922 959 959 96.7 96.7
40 739 904 904 903 914 91.8 91.8 91.8 931 926

Zoad—E M EARUEUE WA T B ISR .
X VL] COS_SVMactive J5 ¥ B R AT . A SC
HZ 1T COS._SVMactive J5 B AEA [l 1% AR U B AITRE
MBS HCT 5 2045 R F , COS_SVMactive J5
T 7 NG B e RSB — R e (E

4 Zdn

H AT, ZHEm L 2ok i)z 1w T 45
AN, H 5 F 82 o) BARMZE A A B 03T 50
2 ) 1 SCRE 1) A LARL AR CRIARE > W B i T M
ARGY &) DA PR RE RS T 12 26 B X
T G RR A BE B N R AT AU it g 2 E A B R DGR BE i
S EE T AR SRR B Al R, A SO T — b
BT ) i AR 5L B SCHE I AL B2 2 R, %k
TEEF2E 2 R 5 A E RO I =
HEREAAE B TUREE , T BRI IR L6 & 47 55 243 2%

5 ERA M EEARST N TR, JF7E B ER
O I R B )1 Al B A TR AR, DAl A o) 2R RS
WFHZ AR RE o FE 3 IEAE RE S s AT ] 34>
feH5 L, COS_SVMactive J5 i #HUS T B IR .
FEARNIN) TAE T, 256 52 bn i ] 8, K A SO 1
BT A% SVM F 802 2 J5 i H T RS AR 3
SCAR AP T A 52 2R A BRI
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