4 51 %45 5 W) [T O |/ SRS | A N N = 14 Vol. 51 No. 5
2019 4F 10 H Journal of Nanjing University of Aeronautics &. Astronautics Oct. 2019

DOI:10. 16356/j. 1005-2615. 2019. 05. 005

ETRRENZEHAUEE

EHE KP4 EKEF
(LA K2 5 f SRR B WAL B T S5 S BU A T 2 0% (72, 071002)

WE: FPHFIRNTHEIMAEENORE, —BREAT, VHRELBMFXEN, FLL RS ERNEZLES T
SHE, W TEFHAELS AGENHE AREG ) RN EREANERN, BT BREFHRESEFA, 258
TATREBGERNKACT X, B AT EKREBEBEFHEIHROZ 0, A AR EFHILGREEL BT R
Bl &g M AP AR Rk, KRG, KA T —# 3N 231 3R 6 2 # & & HL(Support vector machine, SVM ) 4 16 # #
BEAT R AR A 7 £ R RO AU T R AT R RS T R E . AT Lt s
T AP S, KR IE R 6 kA AR AR T PR E A > KRR

KEW  KRHM BROAL; LB @ a0 - TR L £ R0

FESES:TP391 XEKFRERD A XEHES:1005-2615(2019)05-0609-09

Zeroth Order Optimization Algorithm Based on Undersampling

LU Shuxia, ZHANG Luohuan, CAI Lianxiang
(College of Mathematics and Information Science, Hebei University, Hebei Province Key Laboratory of Machine Learning and

Computational Intelligence, Baoding, 071002, China)

Abstract: In recent years, imbalanced learning has attracted the attention of many researchers. In general,
minority classes are more noteworthy, and the cost of misclassification is much higher than that of majority
classes. Because of the imbalanced distribution of imbalanced data, the standard classification algorithms will
be difficult to apply. In order to solve the problem of imbalanced data classification, a zeroth - order
optimization algorithm based on under-sampling is presented. Firstly, in order to reduce the influence of
imbalanced data distribution, two different sampling strategies are adopted for data sets with different
imbalanced ratios. Then, an SVM (Support vector machine) model with margin mean term is used for
classification, and a zeroth-order stochastic gradient descent algorithm with reduced variance is used to solve
the problem. At the same time, the accuracy of the algorithm is improved. A comparative experiment is
carried out on imbalanced data, and the experimental results show that the proposed method effectively
improves the classification effect of imbalanced data.
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SO LIS A o DRI, SR G 0 T R AR
W, e AT S 4l A [ 28 1) i) 1 4 bE, X B v SR Y
SRR CEHZE,

H A, A 3 A - 2O 73 288 ) 78 ) O 15 32 203
Sy 3R R 2 T A 2 DL AR A
B 22 A O R A e 2 B AR AT R
FAE VLD SR DB AR AT R RS S G
Tl 7 2 % B R AT T Ak B DA K B A4 0 A A X
A RO o X T AR P RS B L R R Y T
F BRI B AT e, LR A R a2 2
BORFEARWSZ o B UL AR P 5 o R ny Bk
A2 KA [ 2 30 A 451 3 AN [ 48 5 2 B0 AR i
JRAE W BT R FPR M E S VU R FE A
T i AR e B A S AR AR R T 1
SR A BN Y 45 (] B TR 5 O VA T — R a2
B TR E O . SCER[THE I T — R T
KR FEFI Real Adaboost 414 19 FH 3 - #5 B s 7
FHFRESE . 1ESCRR[SIH A4 T —Fh 2 THIE 48 K
RAESZRER AL, I HAR g5 T — PR R B T
FoR o SCHRIOMR T —F LA P SR AR 1 b 282 99 2% AR
RSP R AR EAR G R T IR A A A

it RS A Bk, A BT R AR SR SR
FET VR BT 5 b A B ) B 5 OB Y A
LR [ 0 A i 2 18] 04 T8 AE RO B 91 4, e R B
14 Bt AL 3k SR PR e B AL A T D B R AR
Az BT BRI o 33X bk BEALPE RO, R S T B
A o 53— Fh A DB REA 1 fie i AR A A g [R]
17 2 VR A 19 & 2 B0 2 R 5 15 (Synthetic
minority oversampling technique, SMOTE)", & #&
— B LA DL AR LG i XU B % R
B ABFEA Y o3 A RE A, By T AE UM S R H
H T ORGSR AR SRR Ty 2 s A TR
HRCHE 4328, DU HIE TR R B s 4

Bif B R R AR — e TR R AR T 1%, B X
ZHOCEFEGFEATHENL I, o TR o . (H
TEX A7 e BERE B, B TR R, 5 &
HEAHREFEEON LR, Bl A . Q
AL T — RO AR SR AR 7 35 (Weighted under-
sampling, WU) , B ¥ A H 19 KN HEATRAE /N T
AR AR A BE ML, (0 EASE T R e A
fEdk . JET WUREMEA, A T —F e A
[F] 2 ~F- 7 b 25 H0 B B SR A T vk o IR kG 2o
THEAEAS (30 43 28 1 T 1Y JUART R 2 2R A7 AL R
SR FE ) RS AT I AR AR AU T ORI A R, B 1Y
FEA ST TR/NACE . JF B, B AR IE 8 4
A B R /NG R PR AR A T X TR LA
T 10 O ECHE 5 0 2 M AR B T BN 1 i A A A

B T8 T 10 B 48 25 08 T R E R A
TAF B RIREG .

QA A ST AR A 2R AR AL, — R AR P o
2] U B R ) R FEA SO i T — Al A
[F1) % 12 {1 39 19 2 4 ) B MLAE AL o 1995 4F , Vapnik
SUE R T SVM M B AL BUAHTE T
e RACEE 2R 09 S5 /N 8] B, O B0A 5 I8 208U o
A5 B2 W, 5 BOW T AR 18 808 o EROR 822 )
B 4 A W e 28 45 B B 2 G Y R, S
Hgl AT IR B 3 M T SVM B R R AR T
SVM L e K B2 1 45 1, IRk — 20 f v 1 BT AL Y
ZALRE ST o

Pegasos "5 i J& — B i F Y BEHLA AL 5%
B AR X G A 18] A SR it a7 P RS R A R
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RERD M LASK S 80 ok #E 475K S %07 2 o ik
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JEE A T ok 3 LB BE B 2 B 00 AL SR S BERL S
2% ¥ /)N B 1 (Stochastic variance reduced gradient,
SVRG )P 75 i g R BEAT 7455 4 i T —Fh
A J7 22 W/ 1 % B A6 J5 1k (Zeroth order opti-
mization method with variance reduction, ZOVR),
Bl R - 5 0 & R, SCRR[20 88 ) T —Fh 5 20
MGG WA O3 22 N B9 B BE AL TV A AR08/
TRGITH .

XFF A% G i) SVM 73 28 503 75 AE F i 400
T HERY AN R 45 Y — kT JORAE AN /N T
I B 4k 535 (Zeroth order optimization meth-
od based on under sampling and variance reduced,
U-ZOVR) o MR LA T35 H R
TR
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BEDL R R AL B IE AR R, X BT A AR
TG 7 A ) 110 SR 23R, 3k IR 18 T 3B - i A 4
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K P, 4 T 3T LA R AL YRR AR DT
o MR A LG Y RN, 4 S AR SR T Uk
A7 H AR T 10 B9 R SR AR 533 1(Under-sampling 1,
U1) LA R HE -1 L @ T 10 19 KSR A B3 2(Under-
sampling 2, U2),

SCHYRY PR RR R FE TS 1, R AR 2RO A
F SVM - 18 (14 LA B 25, 6 2 B RE A Sk AT
TR SRR B 28 30T, B, BIDSR R 3R
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Mo, R, HKbry, €{—1,1},d WFEARLGER ,i=
1,2, ne ZEE(RI)HEERNEH n,, DECE
(IEZFEARAN B no FRHERT SVM E L

min (1/2) |w|” + 2. 3¢ (1)

st y(w'a, +b6)=1—£6,6=0 i=1,2,,n
KA BESISE & AR 5. AT AT, 24
RFEA S SVM V- 1Y LT B ES y i AR
y=|w'z+b|/|wl (2)
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B a0 TR AR T 10 A9 UL 503, WK P A
ZREREAR G Jy m A AT F OB, B A O
B AR 0% T FEA 55388 - T 5 K (R B R S d
[i) g 2 1) 25 1 Bk DA DXl i) A%, 1A 0
0= (Ymax — Yui)/m (3)
AN TR = DX 38 N R AS B A R/ INASTA] B B
AL B JUT 1 DX P B R A T A A R, 3 1Y)
- DX R AR AT B A /0N A B DXl o R
AWAEMME . X T 28EHLK (=
1,2, m),n NEBOERFEARNBHEAR 2, I FLE
RIERAE R o, BT AN

0., =1—([y,/6]—1)/m (4)
AE - i L AR T 10 19 SR ARG UL i O AR
wr.
Hik1 UIR

A BIEES ={(x.y0),(x2,y2), - (2,.3.) }

oo R B S ={(2Ly") (xy),
(z',y")}

(1) #a AL e A FEAR B DB n, ZHEEEARA
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(2)forj=1,2,-+,n,

(3) it =0 (2) , 3155 ZHCRFEA 2, 3 F T Y
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(4) end
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(7) MRS 1Y o, B 285 m A7
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(8) end

(9) MR Hi SR A R HEAT RAE i th 45 5 T A DB
REEARB RS, S Al B FEA s>
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(4) end
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(8) end
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B o g, B (5) B 5 T 3k - R 42
Vi = I v R NS L R RIS e
B 7B A B AR R BE o A o HOR TR IR
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AR T RAE T B e P LR SR AT A 2K
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T —Fhafi A O 2208 19 Z 00 A O 125 0 AT SR i
127 15 2R T oR HE 0 6 B2 AT A 3T, H AR R 8K (5)
TE S FEA A 2R B 6 BE Ak 1T 5E SN

VF (w)=(u,/(20))(F (w + pu,)— F (w —
pu)) (6)
O s, 2 L BR AT b AR BRI 5 23 A A2 SR o 4E
M, p— MR T ORISR, ERN0.1. N T I
D7 ZE BRI A8 B RE A T A4 A8 TE 350K 98N T
25 H 0 EANEE IR T TR R S w A

et E v=(1/s) ZVF ); £ N JZ 1 35 it

AT BIL 5 A B AN BE AR AE w, Ab RS B AR B B
VE, (w,) Uk R TE w, 4k 1) A B A B B VEF (w,).
16 1E I R BE Al 1y
VE, (w,)— VF, (w,)+ 0 (7)
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SR BEAE TE 0T, 5 T 07 22 W/ B B LA S i
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K g HERKSE p=1/(k+ 1),

256 BT U BE B AL KR A 7 i, 4
FRERHEMEEF N AL (UZOVR) IR .

Hik3 LM UZOVRHE .

BN RFESRS T WA E TS RN, 40K PREL
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i swy

(1) WG AL w,, TR A 5 B D
(2)fort=1,2,---,T
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(5) HEABET—(1/s) SIVF, (w,)

6) w,=w,

(7) fork=1,2,--- , K—1

(8) WK 9, =1/(k+ 1)

) Bl L6 BB A AR AS ol 3 =0 (6) TH 5 B
ANFEAS 1B BE Al T

(10)  F #H we=wi— 9(VE, (w,)—

F.(w)+wv)

(11) end

(12) w, = w,

(13) end

2.2 ETFRRENELEZENRLEE
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K(x,2' )= <g0(x),g0(x )> = exp( —”x-x'”z/az)
(9)

() R AEAS A i 2 % bR B R G o 45
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£

wZEa,ga(X,-):Xa (10)
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4) a,=a,
(5) HELBEI—(1/s) SVF (a)
6 a,— a,

(6)

(7) for k=1,2,--- K—1

(8) WAL K g, =1/(k+ 1)
)

9 BEHIL 2L B RE A J o 5 (6) TR B
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B4 RIFLIERN UZOVR Bk, T E AL
P55k 3AH AL, 2 AR5 B 4 S A 2 A 38 - 7
AP EAE B H T RAE @, Ak BT A RE AR S0 A B L TE
PG 28 T S AE @, Ak Bl AL 6 B B R AR
DL RAE e, Ab 1 B AL 6 BRI BN REAS BB B . FE 2
PRI, 3 DU e — AT B 45 Ay e A i
RYESE O

3 XBWELERSN

ARATGY A ARy o B 1SS X S5 Hh BT A
B8 DA BB 06 0 M RE D AN 48 AR HE AT A 21 5 A5 5B 2 38
S A T B ULZOVR 583 SVM DL K &
2 MWMOTE"" (% K B XF b 52 56 ; SVM 532 il
MWMOTE 532 34 5% 2 Bir Bl AL A6 BE T B 14 7 v
AT R, HEFBEEHF AN w,o =w,—
7. VF, (w,); UIZOVR W R I HE A J7 22 080/ 19 % By
D7k AT R M . AR 3Ty, 4 U2ZOVR H ik
5SVME ¥ MWMOTE & 7EH5 B b 10X e 52
BB AT 2T L S SVM A L MW-
MOTE 5k 7212 47 i 8] 1 /0 B S5 . r s B ik
¥k F matlab i 5 44 5 , U4 4 matlab2017b , 715
MLAE & R R IR T 45 15-4590 4h B 2% | 3.3 GHz,
8 GBI
3.1 HBEESHERITNIRAE

FE 16 N[l AR T Aliy AR £ 1 U SCH2 Y
J5 (D) BT KEEL M35, Hih 84 %k
P AR AP AT 10,88 T 10, 45 BT .

TEAN bR X T 40 MR B PR B R,
FACKE BE & — B o0 248 (R PE A o ) (0 A58 T
AV B o R R L] 35 480 3500 BE AT VP4
BE RT3 2 25 IR R I

F VR VA R P A5 LA 14 (G-mean) (9 & X

®1 HEE
Tab.1 Dataset

Dataset Unbalanced ) )
number Dataset ratio Number Dimension
1 Wisconsin 1.86 683 9
2 Pima 1.87 768 8
3 Vehiclel 2.90 846 18
4 Newthyroid 5.14 215 5
5 Segment0 6.02 2 308 19
6 Yeast3 8.10 1484 8
7 Pageblocks0 8.79 5472 10
8 VowelO 9.98 988 13
9 Lled7digit0 10.97 443 7
10 ShuttlecO 13.87 1829 9
11 Pageblocks1 15.86 472 10
12 Yeastd 28.1 1484 8
13 Wine-red4 29.17 1599 11
14 Wine-white3 44 900 11
15 Shuttle2 66.67 3316 9
16 Poker8 85.88 1477 10
*x2 BRBEER
Tab.2 Confusion matrix
Class Predict positive Predict
class negative class
True positive class TP FN
True negative class FP TN
. TP TN
(’mean_/TP+FN TN (1P

R S AT BT I SR 45 SR LT
2E SUBGAIE , U5 YR 45 S B (EAVE b fe 4 45 5
3.2 HZEZUIZOVRETF G-mean B3 bL L I8

it UIZOVRE 5 SVM . MWMOTE 8 ¥
FF G-mean BURE BEXT L0 . BT R 24 AT
8 AR AR - o B s %, 5k UIZOVR 56 51
SVM Jr L e MWMOTE J5 B 64T T % H 525
2R M B I K B R A B 1 S 06 45 R A R
S AEL MR LR A R AEER A 4 F
T 3R 445 T U0 ok B2 RTINS0 BE 1 AT 26
B 53 o B A 2,

3, RAMLE LR LLEH, UIZOVR
BB IR A Y T SVM Bk If 1 K £ 5L
P ERT MWMOTE & k. X% 3, #4098
Yok Rl LR B 3R AR M Bk AR i T AR
PERE X2 5B EAR S RN, 5HE
T *.

X LGB 1 6 R B i A 2 AT DL #
XTI B, UIZOVR T 4k 18 1 /5 K (E M
67.44% , e IR {H M 53.81% ; MWMOTE % 2 i fir
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%3 UIZOVR #1 SVM, MWMOTE £ 1% & 3% #5 & % bt
Tab.3 Accuracy comparison experiments of linear algo-
rithm between UIZOVR and SVM and MW -

MOTE

Dataset . Linear Linear Linear
number Gmean SVM UlZOVR MWMOTE

Train 43.49 67.44 55.91

! Test 38.53 64.71 53.16

Train 51.06 53.81 50.34

? Test 50.38 52.47 49.07

Train 54.14 58.69 57.39

: Test 52.84 54.29 54.08

Train 56.33 59.36 63.30

! Test 50.44 52.80 62.07

- Train 43.10 57.72 53.57

Test 39.44 57.19 54.21

Train 23.24 60.13 63.77

6 Test 18.27 57.14 61.22

Train 53.95 61.56 56.34

! Test 51.11 59.41 54.71

Train 52.31 65.62 55.32

¢ Test 50.21 62.72 54.80

%4 UIZOVRIMSVM,MWMOTE e £ M &5 B Xttt
Tab.4 Accuracy comparison experiments of nonlinear

algorithm between UIZOVR and SVM and MW -

MOTE
Dataset . Kernel Kernel Kernel
number Grmean UIZOVR  SVM MWMOTE
Train 71.07 82.42 73.57
! Test 69.04 81.55 70.55
Train 63.36 89.46 85.18
- Test 57.9 86.88 83.42
) Train 61.05 64.34 61.71
’ Test 60.21 62.11 60.83
Train 77.85 79.77 73.18
y Test 71.61 76.55 73.05
i Train 84.83 86.57 85.58
7 Test 84.67 85.54 85.27
Train 62.52 71.08 66.64
: Test 60.78 67.50 67.24
Train 60.91 72.61 62.87
! Test 60.75 72.45 61.99
Train 67.89 93.02 65.16
¢ Test 65.99 91.87 65.80

{EL 5390 49.07 %, 63.77 % ;£ 48 SVM B 4k I {H 4>
WA 56.33%,23.24% o B I, A EE T Bh B K
8 SVM Bk, 8 UIZOVR B R Fa & HAH 1L
THEMWMOTE, Hfa & thIf R w5t d. W

100

80
60

—— Kerne] UIZOVR
—— Kernel MWMOTE
—— Kernel SVM

—=— Linear UIZOVR
—— Linear MWMOTE
_‘_I L1Ilealr SVIWI 1 1 - J

1 2 3 4 5 6 7 8
Dataset number

U1ZOVR 5 SVM,MWMOTE (Il 25§ J8 3 1e
Comparison of train accuracy between U1ZOVR
and SVM and MWMOTE

G-mean

40f

20

0

1
Fig. 1

100
80
60 |

G-mean

—=—Kernel U1ZOV]
——Kernel MWMOTE
——Kemmel SVM
20 | —=—Linear UIZOVR
——Linear MWMOTE
—LinegrSVM,
1 2 3 4 5 6 7 8
Dataset number
K2 UIZOVR 5 SVM,MWMOTE A4l 28 5 % Lt
Fig.2 Comparison of test accuracy between UIZOVR and

SVM and MWMOTE

40

0

FAEL M B L T R B v DL R B, 3 Fh AR Lk
SRS AR, R 08 DR AP AL AR g L JF HLR
P ULIZOVRAH L T H A 2 40 A PERB 2 vy o dEL ot
K 2 7R AT 31 Lk 4548 .
3.3 HiEU2ZOVR E T G-mean B X bk L I8

BT R2ME A & AR T M Lk B
U2ZOVR # ¥ 5144 SVM . MWMOTE #4717 %}
PO A2 o 2t Bk i IO B R 250K B 1) 2 56
SRR S A ARR M RIL I A RO %6,
Pl 3R E] 4 43 531 kg B T 3% 5 RN 3R 6 1 I oK B2 T
A TR AL

F5,ROAMT 6 FATEIEE T G-mean (1 525
g0 R U2ZOVR B o 8RB B AR F SVM 5
% MWMOTE 84k X 55 W] 151 U2ZOVR
P AR L g S B, R 3, R AR
25 R LUF B 6 R 2R84 L3R ARkt E
T S50 A5 R B W TR M B I 7E Page-
blocks B 4R I, Al e PR 550 1 119 52 50 45 AR T 46
PR

XF LG 3 iy 6 Fp A, T LLE B SVM Bk
TE B3R 4 Pageblocks1, ShuttlecO L &% Wine-white3
FHEEBRRIER;MWMOTE, U2ZOVR &3V
TE ¥ 5 42 Pageblocks1 [ i 8l K, 1 78 At 5k 9%
£ & B 3k U2ZOVR W % 2 I8 B b 5 2 MW -
MOTE /v, 3833 Ph 43 Br , 76 & JE - i L 208
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%5 U2ZOVR #1 SVM, MWMOTE % 14 & i 5 & 3¢ tt 100
M, 80
Tab.5 Accuracy comparison experiments of f linear al- g 60
gorithm between U2ZOVR and SVM and MW - g 40 —— Kernel U2ZOVR=
MOTE R
20 —e—Linear U2ZOVR
Dataset Linear Linear Linear :jﬁgﬁg&v\}\c{MOTE
G-mean 0 > L > > !
number SVM U2Z0VR MWMOTE 9 10 11 12 13 14 15 16
Train  54.89 63.37 64.12 Dataset number -
9 F3 U2ZOVR Y5 SVM,MWMOTE W illl 545 B %] L
Test 58.62 60.93 60.98 ) ) ) ]
- Fig. 3 Comparison of train accuracy between U2ZOVR
Train 70.89 72.02 68.11
10 and SVM and MWMOTE
Test 60.55 61.30 58.32
Train 53.37 81.39 65.30
11 100
Test 56.96 79.27 64.65
80
Train 16.44 60.45 65.72
12 g 60
Test 8.51 53.35 59.86 e
H . —K 1 U2ZOVR—
. Train  41.85 57.89 55.53 o 40 ] ggg{g%MOTE
Test  36.89 56.91 54.04 20 e U320VR
——Linear MWMOTE
u Train  51.29 56.25 55.74 0 : ; , ——Lincar SV} .
Test  42.49 53.93 53.16 » 0 L B L 1 I
Dataset number
15 ramd4d2l 6717 0996 14 U2ZOVR 5 SVM,MWSMOTE [l i K i X L
Test 85.90 61.83 96.09 Fig.4 Comparison of test accuracy between U2ZOVR and
16 Train 41.37 53.77 52.40 SVM and MWMOTE
Test 40.72 52.86 51.40

%6 U2ZOVR #1 SVM,MWMOTE 3F £ i & ;5 ¥ B 3¢ bt
bSAY

Tab.6 Accuracy comparison experiments of nonlinear

algorithm between U2ZOVR and SVM and MW -

MOTE

Dataset Kernel Kernel Kernel
number Gmean SVM U2Z0VR MWMOTE

Train 65.06 75.35 66.35

? Test 61.60 74.54 64.86

Train 73.58 81.47 76.64

10 Test 67.28 79.78 75.14

Train 35.60 52.92 39.60

1 Test 33.96 50.03 40.59

Train 62.78 83.87 75.60

k2 Test 59.30 82.96 74.94

Train 61.96 79.64 74.59

b Test 60.16 78.98 74.85

Train 78.92 83.85 83.58

1 Test 76.17 83.31 76.23

Train 73.82 86.94 80.78

1o Test 71.67 85.96 79.29

Train 72.99 88.28 83.76

16 Test 70.23 86.35 84.14

£ b TAE S SVM 35 8, U2ZOVR i fig
g eI B R RE B ETE S MW
MOTE B M I, 23 U2Z0OVR 2K 45 EE T

SMOTE, B2 % % MWMOTE i 8 % P g A 5
% U2ZOVR, FE A 15 218 R T
3.4 BFEIPEREXTLL LI

TEAT 4 UIZOVR B3 \U2Z0VR &

S5 SVM Bk MWMOTE 357 Mz

FTEFIE] A X FE SR 08 . A2 A7 s 8] 4 45 Y1 25 Bisf ] A
K i i Ta] |, 52 56 235 5 34 5% ) o4t 28 SCH R i B A
VB e 85 0L B B o B (s) o B UIZOVR
THAERIER T, RIP 4 L U2ZOVR L
SRR, FKI0OP A,

TE LRSI 25 b B T R E LAk 58
IRAEFTA W SE 50 8is 4 b HB s 17 i ) B 4 L A%

%7 UIZOVR 1 SVM, MWMOTE £ 1% & 3% Bt 18 3¢ bk
SLI6

Tab.7 Time comparison experiments of linear algorithm

between UIZOVR and SVM and MWMOTE S

Dataset Linear Linear Linear
number SVM UlZOVR MWMOTE
1 0.45 0.27 1.20
2 0.43 0.23 1.14
3 0.78 0.26 1.85
4 0.21 0.20 0.48
5 1.73 0.33 5.24
6 0.68 0.27 1.92
7 2.01 0.43 19.32
8 0.70 0.24 1.34
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Tab.8 Time comparison experiments of nonlinear algo-
rithm between UIZOVR and SVM and MW -

MOTE S
Dataset Kernel Kernel Kernel
number SVM UlZOVR MWMOTE

1 30.86 8.92 40.16
2 41.09 19.41 108.51
3 50.79 16.18 115.71
4 1.69 0.58 2.19
5 402.35 108.79 722.78
6 167.02 29.15 567.87
7 2 327.38 574.82 5790.80
8 70.19 12.90 190.53

%9 U2ZOVR 7 SVM, MWMOTE £ {4 & 3% At 18 Xt bt
Tab.9 Time comparison experiments of linear algorithm
between U2ZOVR and SVM and MWMOTE S

Dataset Linear Linear Linear
number SVM U2ZOVR MWMOTE
9 0.28 0.23 0.62
10 0.86 0.28 1.51
11 0.40 0.24 0.71
12 0.71 0.25 1.31
13 0.91 0.26 1.62
14 0.58 0.23 1.07
15 1.34 0.25 1.89
16 0.80 0.24 1.44

10 U2ZOVR #1 SVM, MWMOTE 3k £ % Bt & 3¢ bt
Tab.10 Time comparison experiments of nonlinear algo-

rithm between U2ZOVR and SVM and MW -

MOTE S
Dataset Kernel Kernel Kernel
number SVM U2Z0OVR MWMOTE

9 5.48 0.76 24.39
10 262.42 23.99 392.57
11 14.24 0.87 25.17
12 170.89 1.14 367.75
13 198.39 1.24 436.26
14 60.10 0.72 140.15
15 848.08 1.31 1039.33
16 170.76 0.78 4431.43

G SVM 53 L X MWMOTE 85 /0 . 3 H.,
X AR X AR S . e, TR
F6 43 16 W R T R FE 19 2 B 00 A B3R T DL D R
IR AR T B T

X U1ZOVR 5 U2ZOVR 83z 47 i 1], A] A
KB U2ZOVR iz A7 I 8] 8 82 A0 T T 5 6k
UlZOVR, FEAE MR LRl . filan, 7
A A BOAE [R] 09 R P 4 Yeast3, Yeastd I, B FhIE 2R
PR BB AT I ] Sy 29.15, 1,14, XS i T8 B
U2ZOVR AL X} BE 55 88 - T 383 1) 22 B A (B
i DB FEAR 1015 19 Z A AT R A T
L UIZOVR X W XF fr A5 1 2 B 2R M AR R 47 R
FECRAEJEREA R 22 58K, 3 T IR R s
FTEF Y 25 5

1E26 10 7, AR 4L U2ZOVR 78 504 4 Shut-
tlecO I A3z 17 i [0) B & 22 Lb 7 Hoe o 4 %
KX IR T B U2ZOVR AL R B - T 45
T 22 B RE A (B S D B AR 10 A5 1 24K
FREA) HEAT R FE M A o DL B s 4 ShuttlecO,
Shuttle2 iy il , B ATHY S AE A A B 5 51 1829,
3316, D ERAEAR AN 123,49, XF 10 fi5 1 /0%
RFEARIEFTRFES , B4R ShuttlecO [ R A 4R FE AR
(AN BB 2 F Shuttle2, R H iz 47 s ] K

e Ja R RE UL RN U2 Wi ] &2 4% B i1 7
AT B LA AT A W AAS R AR 1
B IS TR 52 2% BE Ry X d+ny+ Co Horp d o Bodi 42
M LER  n, S ZBORFEARANEL, C W B L 21
PRACHD HEAT 11530, AT B3k 2 0 I 8] 52 A% B ey X
d+10 X n,+Co Hrh n B2 8RR 0, 2
DEEEFEARANE, C R W RS T, 7T LUAAR
TR B0 (4 I ] 52 2 2 1 5 A0 A 1 2 B FE AR
B DBEFEARN B S B R

T, A SCFE B0 2 1 5 56 v 18 AR o D B
FREAR 10 F5 19 ZHCEREA . BT DL, 76 A7 [ /9 R F
b T 10 B R 5 bt F oy > 10 X n,, B
1A IS 0] 2 2% BE 8 T 08005 25 ] 02, 76 A1 [R) (%) 3 - i
FEAR T 10 A 84l 4 b, B T 1045 09 n, KT 2508
MIREA AN B, A 3E 7Y 78U R i 5 B, Bk
2 11 S 56 U N P IE A 3 T o W AR
1 DB B A E

4 & &

Bt TR AR P LAY B 4R L B i T R TR
FER B DAL 05 o 38 a0 AR R A X B
PEAT TUAL R, LA KA (I AR R o 5| A 8] B 3 {100
HI 5583 1 AR S 23 A1 08 23 26 49 5 0 5 A A 5 28 T
ANE SR T % N T REHLIR AR AR 7 A i O 25
FE 16 A~ AN [ AR i He Kods 58 B se e 4 R 3R 0
ZITIEAE R Z G 0T A B9 73 K 4528 JF Bl
LA 255l o ARG 3 5 4, B2 s WAL B3
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