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Local Validity Based Selective Ensemble of Decision Trees

YU Yang (001221154)

(Department of Computer Science and Technology, Nanjing University, Nanjing 210093, China)

Abstract:

Ensemble learning can significantly improve the generalization ability of learning systems
through training a finite number of neural networks and then combing their results. Recently, a new
ensemble learning approach named selective ensemble has been proposed, which can further
improve learning system’s performance through ensembling many instead of all the base learners at
hand. In this paper, the problem of selective ensemble has been investigated. Through ensembling
base learners from local instance space, a novel local validity based selective ensemble approach
name LOVSEN has been proposed. LOVSEN employs k-nearest neighbor algorithm to determine
the local validity of base learners and then ensembles appropriate base learners for unseen instances.
Experiments show that LOVSEN can stably generate ensemble of decision trees with better

generalization ability.
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1. 58

BL#$2%>] (Machine Learning) PRSI 20 10AR B, T HEh1R m RS
PEREMIMLEI BT . Hlas2E i M TR e MR MR E 2. &2, OB,
B PR EAE . BEAE AU R R, BLs 2 ) Al 20 AR 10 N H S0 s )iz
JOR) N R AU S AR5 B TR BN RS2 W, TR R AT AT M4
LR AR MR ABERE R SL R R A P WSS R, Bk, 458, L
2 STHRRENE 18 A R B R,

B 27 > A% o o) U A ART A0 SN BT 24027 ) o AR ARIC (label) 45 5E IANIR]
TE, HEREC DR HLAS 2% ST HESL.

o Wi %> (Supervised Learning): %55 — RANIZAEA (training samples/instances),
PR FEARSA BT FRad,  Blniihsid B IX AN EEASK B — AN A ) — OW
W 27 210 H 2 POX Leaii A bRl AR A 27 ) 31— SRR, LLan B AT 2 i) At x
PESERMA R, I HAARE B REAI,  BESS IE A FOHTAEAS AR .

o AEMAE%>] (Unsupervised Learning): 45 5€ — RANBETATARIC I VZREEAR, #2110
112 BB AT X B A T PR S S5, B G A ) SR ARG Do

o BRfK2%23] (Reinforcement Learning): MYNZEFEARLEH 22 3] HPIRAS BT A TGS, 1X
WEREAW A HiG bl RS T RIMT HRAEE REURET (rewards),
LIRS R =IO T TR

o Z/rf2%>] (Multi-Instance Learning): YIZkFEAB AL AL (bag), WZFEALELS
— RAN B, BN AL — A bR IE R 1E A (positive) Fl1 S £U (negative),
A P R A E IR A AR

AR T B2 5] . 1988 4E, Kearns FI Valiant? V5 T 55 2% 5] 58 5 2% 3] 44
(AN I . G SR> 22 T o) SR RENS 7 AL RS T (R 2 2 %, XA 27 2 SR FR A 5
2IE, MR A1) 2 ) 28 HOR S IF TRENUE I, 820X A2 ) a2 9957 ) i o B
SR S AT S A PR I AR, SR SR A T SRR T VA R R 59 5 S AR BRI
24, BT LALUB D AR SRAFAR e (RS B2

Schapire®"! 3 i Yot — AN ST SEVE (GR35 44 1 Boosting 5%, #3E MEHu ]
IR AEHEAT THUEWT. 1990 4F Hansen M1 Salamon'™! $2 ! T #2441 (neural network
ensemble), —MIAAIX AL 28 4L B ARCUR , T AR B2 A AN I 28 BE R R 4R, Ot
PARAERE 2 1o NS RKE, FEIEARMH “4ERi2%>]” (Ensemble learning) X472 Hl,
SEpR L ESA R 2 A F S TR TAE, HIEERE S RAELIE.

fai B i, AR 2 A — AN I R — A ) 2%, PR b o) BRI R R AT T
WAESS o R BRAMAZE SIS AR BOT 20, H AT s 2 7716 R BURT B A AR 27 ) #s vT LI
AT T, DASAMRS: ) 88 HBR AT N ZRIN 7. BFT RN, Bty )2 Bz Ak he /s



IR R —

PAAE AR A% 21 777, 1 Bagging®, AdaBoost!™, ¥ Frilll 2510 TG 2% =) S #RHEAT 41
J§o AT EGT R IR, BTN 27 2] 3 e — T o0 BEAT R0 P, R 15 3 S 47 1
ALRE ) o XA AR R (Selective Ensemble) .

SO TEFEPE L AT TS, S R O AS T Jeg 11 Jmi 3 e TR EA T 20 A, AR A
XA R AR (0] B R AR ST s AT ARG, i # T LovseEN (LOcal Validity based
Selective ENsemble) 5%, HAKIME, LM, 74—t % >J %5, LOVSEN FJH k i
AoRAbTE IR o) A B AT DL, S H N IRAREACIS, e AR i B A
27 ) AL AR

ASJGBER /AL 5 A AR Rl ) Sk, fRIb ARl b, BB = RO TR
B > 5k LovsEN, Bt g5 RAESE DU I . 28 Tu iy i & 400,

2. ]

KFARG IR 22 S i, 25 R AR (attribute/feature set) A=1{4,,4,,...4,} Fl—A%
MP, 6 A MM N LR mPHE N ANFEA, B— U4 FE AL
S, ={(X;s 7))o Ky i)} o FEHFHOS I (X, v) o X, BN —NFEAR, 2 x, bsid, em—
RAENMREL y, = FO) PRI X AT x, |, x,,0x, 10 BT EIEE 4 X
o ERHUE . X T 02K (classification) [, y, BT MEHEEES (1,2,....C}, £E
AT RERAE DI XTI (regression) [, y, & —MEEL

)R AN A (PSR B, XA I AL R AN R S 1
ivE, OAE F o M HUBREAR X I, 2% 2] SK 4 X AMREA TN 5 = £(x) CEMERSHD.
KHL, WA IR FINGAEARLE S, , BRFE 0 MPIIFEA, fESEhrm T, T lgreA
KOEAT B PR DL S A G IR 2 T R N, f 5 f 2 S Ar
W2

SR S T IR SRAE R EVNGR m A8, £ 10 M HUBTREARN, k4
AN BRAERHAT IO, PR AR, 9,1 o SR R AR ik, B A 22 B35 5 (majority
voting), J7AEHEITIINZE R 5

F ISR PAF O, SO AR R (X, X, T SR AE Bk
R D=2 X.(x)/m o 42N a) X, BRE>0.5, BILLBENUE LT by XFFAT
Bizj, X, WOt X, X )Yy MREESEED. X, #4m TR, sl
1380 p=y o BARIESERR LICVEWE S AN, WI2E ) 88 2 A BT, H XA E W
bR T AR AT S SRz A RE D) I 4 AN ISR R RS R, JF HA ) AR AT
e 2 50,

Krogh F1 Vedelsby ™ LA[R] 7127 >] %8 [ 45 il G 0 B (R AR 12 ST Iz AR 22 A 5, XA
AR T R B FIFERE S T n A28, AR R ZE H(DFTR.



E=E-A4 (1)
Horh, E by n A% BRI ZE I IBCT38, A R n A% S 2 ARR T 38 B i 2 16
BOVH) . E fron 2 X 3 A 1R 2, A FRs ik sz S) gt 7 (A 22 5 . XA R T 22
SRAF U R O 75 2 FRAR AN A7 2 S8 IR DR 22 IR 1 N o > A A) () 22 e

2.1 ZRFEA R

HRTBIFIC T Lt T Vi Sy S 5005, S e PR R [ 0 e e 3R )
2 %S . FIHE Dietterich™ X% 57 A= WU 4 KT A 4.

2.1.1 XMYNFHERRRIDSY

Al FH I — S 1 7 VE N JFR BUNERAE AL T 72 AR AN B R N SRR E A, AEREAS BT i I 25
FEALGE EASNZRE — A2 2048 I PRI 82 o) SRR AR RO B S il . AFE B AT RN, —
Loy S S N GRFEA AR AR BBURE, Iy b phe i gs . B2 ), IIZRBEr AR
o FEUCFE IR IIAAL, XA ) EIERRON AR W25 2 Bk T Sy A — Sk,
IR TN AN S0 22 21 85 RAT RIS, Bl k G548, ek, XA ARy AR
(P27 ) 5. FETREARBEIRSTE UM TR, AT E 12 S AR I RO, o Ao i 5
ENEAAHEBAER . X 2R ok 35 4 19 Bagging il Boosting

Table 1.  a) The Bagging algorithm. b) The AdaBoost algorithm.
Input: training set S, learning algorithm Input: training set S of size m, learning algorithm L,
L, iterations / iterations /
Output: ensemble leaner L Output: ensemble leaner Lg
Process: Process:
[1] fori=1tol [1] fori=1tol
[2]  S;=bootstrap sample from S [2]  normalize the weights so that the total weight is m
[3] L; = train a leaner on S; via L [3] S; = sample from S according to weight distribution
[4] end for [4] L;=train a leaner on S; via L
[5] L,= argytgaxm%:yl [5] e = %nws’ :;m#y’ weight(x,)
[6] Bi=eil (1-e)
[7] weight(x;)=weight(x;)- f; , for all x; where L(x;)=y;
[8] end for
[9] L, =argmax log(1/ )
V¥ il (x)=y

Breiman & 1 (1) Bagging J7 481 T Wi 193880 J7 i, Table 1a)45 i T Bagging ({48
A . Mgk N A2 4%, Bagging MIRIGUIZRFEALE T =4 N ASE I ZRFEARLE . JR G
AT m ADFEAR, BASBFEAGI I IR FEAE AT m RIS 5 A i a] =S Hl - A



(bootstrap sampling!™) o Fi = (4G — AN BIREA S VI 56 T IRIAREASE 63.2%MFEA .
Bagging 1 I 7 51 P ¥ $E 55 UMD 22 B 45 SR A 0 2 e o Clemen! (i) 5256 1 I
a7 R 7 A IR 1) B 461k - Bagging S nl AT IEE, BASHIZAREAR S /T LT 42,
AN ) S AT LU AT I R

Boosting 11 N N7 ) e FE P A1, A2 ) AR ST I 7 > 4 TIOIEE R FI e E
<. Freund M Schapire! M Eg hih % Ji# tHt AdaBoost (Adaptive Boost) #3%, Table 1b)45H T
AdaBoost FIEMARASHIE . 55 @ ANF D8 L 0N SR i 5 SR A A S 2 REOBUELff o 1
FROA p,(x) ATHEE = 2L R L )5, & b R4 p, (x) I RUGAFEASE E R R R e,
PN AR AT p,, () T2 i+ 1 AN 800 SR B fm, a2 ) 28 BB R . B
X 2K 2 FAE B Bt o o, BN ST AR IAUE HH XA 5 2] S AR IR e AR LIRS
JEPRTE . — R, R OB AU R

DIAEIFST R I, Bagging M1 AdaBoost “F-Y#B AT L B2 2] 2% o Gk 192 AL RE ),
AdaBoost 1t 2 15 0L T BEAE3K1T L Bagging B RS AL, SRMIE— 241500 T AdaBoost I
SIFET AN 24, T Bagging W e LL AR & LA T- 5 A2 ) 4 o

2.1.2 XN BHEERE

A PR IX— S (0 g R R N R AR REA TR OR P AEAN R KRR AR SR AT I AN T
127285 o MWFEARS B A EER, XM TAEARIIPEA 722 0 L AR AE 2 g 38
BARKET LA 0 He T g PRV K 4% 55 3 1 s PERCR K $%

B Je P 5 R A P e A e M P ORI AT S MR o — SR FEAEAR SRR A
(O Pk Loy I ZRoF ) 3, A SEAE A U L 1 2 20 8 Z T AT BN RIS . Tumer AT Oz
XEFRE PR RERISI, ST AT R I AN SO A S o R RSO, ik
52 MR SR B ER oy S Ak, AR L8 R PR B S T R R A5 S0 o e Jm i o ] st
SR DU 22 B 2 R D SR i i i

FT SR MERCR LRSS ] BER B PR AL, 3 MK L4 5 B IS B Rk
2 RS . Bryll 25 APIR SE3dd /) R FE A, RIS A 10 BB mo R
Jsdn E VA BEA LA m AN EVE, X PR R T R RN A Sl fedn s T
TARIEFASLERE E foe i )5 2 2 S ARl AR BRT LM 17 822, th m] DUE AL SR (1
SR R s

2.1.3 X4 AR S RIE)

BB T A S T L R RE AR LE P REAR B AR SR R AE AR N AL, FERLIE I Z2e S
7o

Dietterich 25 APk 7 —FhF) 210 5 it Zm i (ECOC) i 7 . T VISR 4E 530 N
By XE i D INGEERENLE R — W sl g, Y — {0,1}, FEINZEEF IR — DAY (X,,5,)
PIARIC v, 500 g, (1)) o RJGAERF— M INZREE B —AN 2530 88 TS, 25 IREAS x, X
FEEBL, B YN THEY|veY, g () =g (Lx)} PR FRIH E—25, Prfys ) s



SEoeHUE, WOREUR 2 M AR . XA E R USRI R A REA e Sl g, A
o)A LT N AER K N ARSI K L, L0 BT A N N
PERF Ko T Y s — B2 bR id A n] L iR AU 4 [ g, g 1T R NV EEERE) 7
YT ANRRFEA, 193] N A ) 88 0050 A ) 7 W R0t N5 W] R 2 f )
AR ICAE D B B 4 H . ECOC 4R B G- N ke T2 7 VA R ade 8, R A 2R A8 H 24 5
T, A5 2A 0 2 ) T 10 Y P 0 K, D i A 22 20 4 1A i 2 8] R AR DG R )y, X AT BA A
PIEUFIAERUR . ECOC 1 JE BRI T-Im s A 85 1 78, X2 HVE L FRT error-correcting
(R SCHRIOTIA S EG W] ECOC Xt C4.5 Hl BP #1428 9 444 (¥ 4 il T LATE 22 20850 ) J0 1= 3R 4545
R

Breiman /e S5 R AN R, SHREA RS (PR 5) [FIRE e AR L A2 R o SCHR[4]
FRSEEL T RSN s — PO REARRIE T (X, v,) T v SIS T s S P E R FERE A
AL ARERN N I FE A K P o EE B B AR 2 F T RREARR I IS BRI 7 o S230 45 2R
KW, XM T VR AL U AR B2 AL BE 1 T Bagging 5 AdaBoost 2 [7]

2.1.4 XFEE 3] 8% P ERHLAIKIPES)

S VAR NS P SOt AR 2] 24 N AL 38 1R 258l o

Kolen % NP82 T WA X BP L8 485 (K50, 45 58 M2 AR T 461, BP
ST BRI B A R (45 5. it Parmanto 25 N P8ep S i ML 5 BEAS 128 I 4% (KA A 11
KIRTFZ AN ZE T IR ML, BRI RS AR 22T Bagging .

C4.5 Ml ] LURZE S M IR . C4.5 Sidide pese — 45 mUFT A6 FH (0 &l 23 Jg vk i
BT AT JeE i R4S B 25 (information gain ratio) HEf7, EH(EHIKFKJETE. Dietterich %5
NN a5 ks IHEA B i — i oy IR VR R B LR — %4 skl 4y . thik T LB
D EZOENE Pt '

PL b DUAhSEm& v LA H 404 . Schapire®™ 41" ECOC HT- AdaBoost, 7/ AdaBoost.OC
B, HAE 5 B 24K AdaBoost M2 S . Ricei 25 APHE ECOC 15 J8 PEk 45 £t
K, WHUS T BIF IR

22 At ARB#EIAK?

TS 2 2 B AT 27 ) ds A AT, SERn] DA 2 B i 0K o (H XA BAR AR A AR B S
AR, DRI R R S AEAE 2K H . Dietterich™ 75 B2 AN W] BE (14 £ 15 0 W 4 R 5T 10
AN (Fig. 1 EWHEIL TX =R . 1) S imeE:  —S80E, flin c4.5, il
BRI Z 0, ATLLEITES Hbr. (H2 h RSN MTIR, X HFriaRIE R Rgis ) —
TERGIE, DRy ST R 2 STt H bR st L REIA ) — @ RO . AR T X 2
AMEILRE AN 227 2 25RV2Y, D RN E S8R N, B PRI HbR. 2) TSR
H bt TSSO PRAME”, 81 4 4R A VIR RE A I /N RS 2 NP-hard i 52,



DRttty 2 P e e NS iR . DA S IS RS HAR A e . 3) Ron . — Ly
HHL R E AT RERAN, B Hbs, BI04 B AR MA T RER 2 HAr (5
XU CA.5. BP 10 (S S5 SO0 AN A (] AR AT T B0 o X S S A N m] BEAS 2L
FRARIE, ST R TR0, 2R, LUk A0S 2 U e S
W, FEAR AR ISR E A R B ARRE . B H AT 1k, AR 2 A R R 2 4 AT
Rt RG] T ARZ I KT ) L

@H kH

of

Statistical Computational Representational

Fig. 1. Three fundamental reasons why an ensemble may works better than a signle learner.

2.3 EBEMERL

HT T B S 4% T AR S TT DA sy SRRz A BE J0» PRI 9838 1140 F ek e 4
A8 o IR P A SRR IR 2 2 4% Fo 1T Zhou %5 APPUIEE F 68081 L M3 Hh 112 2] 2% 1
FERIE I A2 ) 88 TR PR e R “ IR 2220408, NI 2 i B I BRI

SCRR[BOIN A FZ AR ZEREAT T 0 Mo 68 N AN ) SR i) B 1, BAIRNAAT 5532647 53
B, E12):

E:ZZCU/Nz ()

Cy 3L T 585 i AT AR 5550 A2 ST B IR b, 03T 2, 3o gk X WP (RIBRAL
C, = [ dxp (L, () =y, (L, (%) = »,) (3)

() E ()AANEL, AR 257 ) gl 22 500K, AR — T DL, 24
PiAi g 2358 FE, Cyme, BIURANZESIESI0IZAIRZE, NI E=e, UiWIERMBEA R TR .
T3 AR, T A ) s AR R E I YU R BN, C=0, 13 E=0, NI
RORIE B B o

H1(2) 2R DUE S “IRET” 27 I8 45 0TI TR SR & AN ) ds (HZ iRz
N ED, WA, W EAFEEE ORI A2 RIXA S 9 N HERS
A B TR AR A RE
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@QN-1)Y.>.C,<2N*> C, + N’E,
i=1 j=1
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SCHR[3OTH R 73 AL ST R HEAT I 70 b, WAG 2 1AM “IRI 7 S 0 g A

AHAERA I B R AR AL ARSI B 8 BOE — MBUE W = {w, wy ...

TFREE IR AC IR ZEN -

E= iZWiW,-Cy

i=l j=l1

SCHR[39]HHE 7 S e A wer (1 R5A 5

)

(6)

IR, AESE PR T A A TSR PR REZE AR, AEFHEEE C R IRE— SooiRaEIL,

I CAEAE R MR AREE, AREERARE . Prel©) AN AR AT,

PRI, SCRR[39TH R T 50— P 7 ik it A il e SR wer 1T LUE AR 2 — ML)
R, IR SCHR[39148 T 38t 7k (genetic algorithm)! 75K -4 wr (R B, BT GASEN

(Genetic Algorithm based Selective ENsemble) #7%:, Table 2 #iid | GASEN 5k,

SCHR[39]MI L4 K W], GASEN 7L B H A1 73 R AT 55 LIz AL e ) # 9k T Bagging A1
AdaBoost. CHR[39]9F GASEN. Bagging. AdaBoost 7EiX 264 AT bias-variance 53 fi#

it K GASEN ) -4 bias F variance #3K T Bagging A1 AdaBoost.

AR RE A, 76 OR300 o, AEASRAIEIIZ T 20 AMRNZ 211 g B2 )
. ili GASEN HLJF FUSEIT T ARD I JLASHERTHE M. AHEIESE%, GASEN 72 10 AMECHidk |
TN T 371 LR, A 5KIH, GASEN 15 10 M4 PRI T 710 4.

Table 2. The GASEN algorithm.

Input: training set S, validation set V, learning algorithm L, iterations /, threshold A
Output: ensemble leaner Lg

Process:

[—

[1] fori=1to/
[2 S; = bootstrap sample from §
[3

[4

[

S

]
]
] L; = train a leaner on S; via L
] end for

] w*™ = the evolved best weight vector via GA given fitness function f(w) = l/ E! ,where E.
is the estimated generalization error of the ensemble corresponding to the w on the validation
set V'

[6] L, =argmax z 1 for classification OR L, =Avg z L,(x) for regression

YEY W L (x)=y WS4




3. LOVSEN &

3.1 At EZALRES

G S8 Lo AR E AT LE SR (7)k
E=Y [ dpO0l(L;(x)~,) (7)

Hor Ay WFEAREYE 4 PINERURTESR, 400 4 PREEEIESE, y o x AN IFRIL,
POOVIFEATIBEAR AL, 1() A (8): 1 pA KL

X’ for regression
1 = = 8
) {0 x=0 for classification ®)
I x#0
GASEN JITifti), il A3 e e i) Le A7) b e )y, 43 50(9) 2
EOSN =3 [ axpOOI (LY (0 - 3,) ©)
As Ac

MAERE R SR It B FEA A 18] D 4y B n DA BIIX IR {D,,Ds,....D, ) »
B D=UD;. MIfi, (7)x AT LLAE 3 5 4

E= X [0 (Le )= 5+ 3 [ dxpOI (L (0= 3,) (10)

N, BRBAER X D; b, BT TR TR AR AR A L, WX 2
AR ZEN -

E=2 [ dxpOOI(LE™ 00— 3,) +...+ ) [ dpOrE? " 0=, (1)

[ 1] E < EOSN
[iERA] H(OO)X o1&, 173

JOASEN _ ; J‘ dxp()I(L2 (X) = y,) + ...+ ; I dxp(X) (L (X) - y,) (12)

T L R D, AR,
Y [axpOOILE (0~ ) < Y [dxp(OILT (%)~ 3,) > BPAFE] B < B
O

VA 210 W VTS N B 7 N o LT 19 P s 71 7/ B i 9 R 3 8 7 N o S e o T b )
PEALBE SR Rz AL RE T o JF HARE UG, R0 () 7 XUt %, 2 ALRE o . B2, (019



FERMAE, EB 1 ORI 2 7 X 2 (IR, 7555 7 DX RS I e AR iz AL
RE I BAT AR

3.2 LOVSEN

AT IAT S5, Peth T BT R AT v iR 4R 5% LOVSEN. Table 3
R T LovsEN Hikie IZFIEAEH kTR T R ik A AL

Table 3. The LOVSEN algorithm. selword[i] means the ith bit of selword. F is a filter defined as equation (13) or(14).

Input: training set S, learning algorithm L, iterations 7, threshold 4, filter F, neighbors &
Output: ensemble leaner Lgx for unknown sample X

Training Process:

—

[ train / learners on bootstrap sample from S via L
[2] S :=sequence of trained learners {L,L,,...,L;}
[3

4

[

5

]
]
] for each sample (X;,y;) in S %pverify learners on each sample
] forj:=1to/
] if L;(X;) equals to F(S.,A,(X;:,y:)),

then set the jth bit of X;.word to 1,

else set the jth bit of X;.word to 0
[6] end for
[71 end for
Prediction Process:
given unknown sample X

Sy« = k nearest neighbors of X in S, i.e. Sy :=={X,, ,X X }

m my 2 N,

] selword := 1
] fori:=1tok %select learners
12]  selword :=selword AND x,, .word
] end for
] if selword = 0, then selword :=1  %when none of learner is selected, all learners

will be used.

[15] L;, =argmax Z selword[i/] ~ %majority voting

VeV L(x)=y

HARKUL, LovseN S35 A IZRFIF vy A~ i B -

NGB, 1 5e AT B IRE (bootstrap) J732:77 42 N ANAS A (I 58 740 il A2 ik
NAN )8, HABTHS, =[L,,....Ly1" o XINGFEARLE S P MEA X, M E—N
FERF I, Rl xoworde RJG, FERF—ADIGREEA x; EXTTE 2 S 88T 00 0E, 45 j 4
S ) ARAE X BT ERAN, K x.word HIEE AL 1. I, BIEE j AN ) S8 AE X BP0 AS
PRI, B xword 5 j AL 0o W2 U, X.word id3% T 7E X; LTI I Aff 0 L6 2 3] 2%



TEFUMBY B, et — DA x B, i x EIGFEAT R £ 34
Sk = X, X, 00X, b0 BEselword ARFIX & AR T REATHL AL AND I S E5R, a2 it
selword 105 T ABLEALE Sy, FABTHMIIEAATI 2% S 2% o B, AT selword KW [FIX 2627 3] 244 B,
BEHRT X FEAT TR o X5 BeAT 27 2SI ARAE Sy EABIMEFAIRITE DL, B selword =0, XA H T 7
(Ry27 ) SR dEAT AR A, B selword =1 X4 H 1K) 2% 2] 2 HEAT AFDNS 22 B S A D 4R UK B
WRBEE IR, IBENLEEL

LOVSEN SVETEA n ANAMIFE IFEA R INZREE -, 00 & TR, FEA S a4 k) o3 1 £
EXEA[n-k+1,CF].

TERSHHE P AEAE M, S DUNGRREAS x; AR 25 e, Xword 5%
IR BEANFREAE X, EF IEAf 0 2 ) s, T P AE R K27 ) 35 Db atl, A7 b B |k i Ak
ML, 7E LOVSEN 1, SIACIEREF S, x Ax(%,3) = §» o A B, (xp) it
A, it P O IEJE REARR L. ik, 48 E x.word B, FLEAE ST LX) F(S,,4,(X;,¥,))
(fE, AHIRIRT X.word FRIEE 7 B4 1, AIUBEA 00 LU AT BN AT 1E A% 1 o 5L

y support(S,,X) < A
F(S,.A,(X,)) = ' (13)
vote(S,,X) support(S,,X)> 1
y confidence(S,,X) < A
F(S,, 4, (X)) = ' (14)
vote(S,,X) confidence(S,,X) >

o, vote(Sp,X)BREUA Sy 27 STERTFEA x AN 2 B E S 3 support(S1,x) 4 i
&5 F 5 AN 22 B SR &5 AR R ) 2 SIS A0 A 5 s I Ee s R4 ) SR 2 A 2
B, MR 2E IR TIREE,  confidence(Sy,X) A3 SEAE e imi IR TS I S . £ F
THIPRT S, 00T 3K P s I bR B34 T LU

4.1 EHRE

AATREZE AL A R S E ) LOVSEN FE XTI LovsEN 5 IARE LM LL LA
J¢ LOVSEN 5 GASEN {E4E I 2] S LRttt o SER L C4.5 wh S M o spps24
SIRRUATHER, W ANERAE T 20 AN . SR R WekaP TSR BN, SEEG
AT C4.5 s 2 AE Weka HSZHLI J48 o &k UTARSVAAET T HVDMP D41 8 U
PERI I EE 5, HVDM (K35 X as) Bk

HVDM(x.) = [ d2(x,.5,) (15)

Hep, d2¢) Hae)e X:

-10 -



vdm, (x,y) ifa is nominal
a= 2 e (16)
(x,=»,) if a is linear
vdm,, () BRSO 1 e S P T B
N, N,
d , — a,x,c _ a,y,c 17
vdm, (x, y) CZ:; —NM —Na,y a7

Heb, N, RS a NEMERER x FEANEG N, S INZRERS ¢ K58 o atk
(A x PIFEAAL.

S 43 S E SUSE AR AR R B A LT . NGB AE 5.2 Tirp g BUSEEE
AT T 20 A UCT HLas 2 > 8l b (3 4 . B A b bR T A7 ek Jm A PR AR
Table 4 S T 4F I EHREE I S50 FEARANENFEALER) 101 A BVEKFEALER 3196 A
8, AT AS% BRI A A KR AE[0,500) 78 Bl T, AT 40% 05 4 IR A1 [500,1000) 76 H 1,
A 15% 5 EIREARZCRLE 1000 L. o, 8 NMEIREN B ELL B, 4 M
BB A SRR M, He SR B iR A E . B AR B AN SO 4 43 60
AN RAIBH N 2 ANF) 19 AMANEE, 90% Kk 4 128 I 5 H AE[2, 7170

Table 4. Parameters of data sets.

Attributes
Dataset Size Class
Total nominal continuous

anneal 898 38 32 6 6
autos 159 25 10 15 7
balance-scale 625 4 3
breast-cancer 277 0 2
breast-w 683 9 0 9 2
credit-a 653 15 6 2
credit-g 1000 20 13 7 2
diabetes 768 8 0 8 2
glass 214 9 7
heart-c 296 13 5
ionosphere 351 34 0 34 2
kr-vs-kp 3196 36 36 0 2
lymph 148 18 15 3 4
segment 2310 19 0 19 7
sonar 208 60 0 60 2

soybean 562 35 35 0 19
vehicle 846 18 0 18 4
vote 232 16 16 0 2
vowel 990 13 3 10 11
700 101 17 16 1 7

“11 -



Table 5 %1/ T4} LOVSEN HVEBA RS HICE MR RS . HhEslh k 240L 5k
FHREBAT AR R, SRR T 3 A S WRMEE: EAT IR A AR IE R AL, SRR
SR T AME AL E BRI AT (13) 304 A 1 R RS HT (14) XA IR IE R B = R . 7
T (13) R (14) A A IE RN, BIE A #85h 0.7,

Table 5. Notations of LOVSEN algorithm with different parameters.

do not use filter function employ equation (13) employ equation (14)
k=3 LOVSEN(0)-3 LOVSEN(1)-3 LOVSEN(2)-3
k=5 LOVSEN(0)-5 LOVSEN(1)-5 LOVSEN(2)-5

AN, SO AR R DL AR HEZE IR H T 10 IR 10 548 X B E (10-Fold Cross
Validation) .

4.2 FIE R BN HIERIE

N AN R AR L R BN SR R i, ARSI 1 20 DA TR SR . & ERSEL
HI = ANE 4P B RS A0 R REA AL, 3L 450 AMFEA, 20 NEER AP AN RIS
S AR AT R, 38 I 3 1E 25 0 A R ARHEZE R P AEAN TR I Bt e o B 22 (1 3 498 A - 45
FONKIA T AN LR, TRRASERE S . 5 1 DN EIREN Fig. 2a)Ji7x, SR REW YL b
PHE. BEAE MRS RN, 5 20 MR Fig. 2b)FR, &SR AT IR RIVR T, AELLKI 4>
Fto

d\

e

Fig. 2. a) Dataset 1 with lowest overlap noise. b) Dataset 20 with highest overlap noise.

Fig. 3 LLBE T2 k=3 I, =FHlCE (1) LOVSEN Skl A0 s e 355 35 1 (6 L (ke =5 INHf1)
RIHMAEO . Hrb, 7Ef— A4S ER—R IR, =MidE MRS T
MR 20 AN 4% WA/, RIAERT S AN L, SAidE LT 3cE 2200 40
BRI s A AR I R B0 A S G R 3 o Tt LR A M (1385 K, LovsEN(1)-3 5 LovSEN(0)-3
(25 BEABAT G K o SRS IE B BE i B — 2 ER, JF B LovsEN(1)-3 4T e ) dae ik,
LOVSEN(2)-3 {XZ »
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SRIMAEEL SRR b, A I S R AC I % . Table 6 41 T LOVSEN H%1
NFPECEE UCT a4 LRI, DRI & E 0wl EEREa g L, 258%
FEBEH 0.05 FIOE XU ¢ K5 56: (pairwise two-tailed ¢ test), 7E k =3 [11—4, LOVSEN(0)-3 7E
10 MRS (50%) B BEMmH, LovseEN()-3 fE 7 MEHESE (35%) EHBEMmH,
LOVSEN(2)-3 1 6 MEH4E (30%) A WEMH: 78 k=541, LOvSEN(0)-5 7t 8 ™Mk
itk (40%) A B EMH, LovsEN(1)-5 7E 7 M4 (35%) L B # M, LOVSEN(2)-5
16 5 MR (25%) A BERA. H 46, Table 6 H EHE Bor, 78 k=3 41+, LOVSEN(2)-3
(R BEA T LOVSEN(0)-3 Fll LOVSEN(1)-3 i) (/b il Hobim 22 1)) 18 k=5 4l h A TR
FERIILG:, Rl i A ] (14) XA B B R R BN BRE

0.35
—&— LOVSEN(0)-3
—8— LOVSEN(1)-3
028 [H—a— LOVSEN(2)-3
L 0.21
s
S
5 0.14
0.07
0.00

1 234567 8 910111213141516171819 20
dataset with increasing overlap noise

Fig. 3. Error ratios of Lovsen with different filters. The x-values are the datasets, increasing with noise.

4.3 LOVSEN 5 HAhE LR e

T LT sE5e A5 LOVSEN(2)-3 Fl LOVSEN(2)-5 B hae, R eS oA~ 148
P . Bagging™. AdaBoost M1, GASEN-bUU#EAT L. Bagging. AdaBoost.M1 14 [
Weka 15281, Bagging, GASEN-b. LOVSEN(2)-3 Fl LOVSEN(2)-5 MIEEMANEEHS BN 20,
AdaBoost.M1 15 KRN SN 20, HAFHERHE (resampling) J7¥%. X T 8— 44k
(K5 — kL%, Bagging. GASEN-b. LOVSEN(2)-3 F1 LOVSEN(2)-5 #d F Il ZRbs (K AH [H] 1)
20 AN J48 YT o

BAPEIEAE 20 A UCKH 4k FalbAT 175256 . Table 7 41 13X 6 VAR £ 4L L
(RIAZ SRR (R S5 R R R AR HE 22 . Table 8 A1) T LOVSEN(R) P R fic B by Fo A 550025 L AL 1)
KRS ¢ KL56 145 5, R 1) “win” R LOVSEN()7E 0.05 [ L LT IHe 52,
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“tie” IRTLRFEZN, “loss” LK LOVSEN(Q)TE 0.05 B R Tidh T H e 5%, Table 8
His a7 XX 20 IREEER AT SRR IR I EE R, SRR FAIIAI U, S8 30 1 I P
SEm AL, a5 RN 0 I PR S AT
Table 6. Error of Lovsen algorithms with different settings, obtained with 10 times 10-fold cross validation, grouped

by the value of k. Each data is shown in the form of “mean-errortstandard-deviation”. The best one(s) of each group

of each row is shown in bold style.

Dataset ~ LOVSEN(0)-3 LOVSEN(1)-3 LOVSEN(@)-3 | LOVSEN(0)-5 LOVSEN(1)-5 LOVSEN(2)-5
anneal .0053+.00130 .0116+.00088 .0105+.00114 | .0049+.00143 .0110+.00060 .0100+.00141
autos 1464+.01214  .1504+.01263 .1463+.01214 | .1469+.01219 .1490+.01001 .1469+.01219
balance-scale .2068+.00757 .2079+.00807 .2073£.00741 | .1861+.00610 .1867+.00529 .1863+.00594
breast-cancer .2861+.01766 .2641+.01196 .2842+.01838 | .2826+.01167 .2680+.01101 .2847+.01369
breast-w  .0393+.00452 .0354+.00357 .0357+.00392 | .0384+.00355 .0349+.00278 .0348+.00254
credit-a .1461+.00958 .1285%.00665 .1309+.00624 | .1467+.00840 .1298+.00682 .1328+.00651
credit-g 2621+.00945 .2563%.00747 .2595+.00873 | .2667+.00780 .2607+.00756 .2647+.00774
diabetes 2623+.00878 .2456%.00815 .2596+.00840 | .2695+.00848 .2547+.00962 .2665+.00796
glass 2762+.01381  .2836+.01438 .2776+.01446 | .2784+.02203 .2868+.01890 .2793+.02249
heart-c 2122+.01273 .2020+.01793 .2050+.01780 | .2152+.01165 .1988+.01999 .2039+.01891
ionosphere  .0711+.00474 .0726+.00692 .0703+.00503 | .0714+.00583 .0729+.00803 .0694+.00685
kr-vs-kp .0061+.00101 .0070£.00058 .0068+.00043 | .0058+.00072 .0068+.00064 .0065+.00050
lymph 1721+.02037  .1805+.01814  .1727+.02015 | .1875+.02255 .1934+.02198 .1854+.02547
segment .0240+.00154 .0257+£.00150 .0252+.00165 | .0251+.00138 .0268+.00193 .0261+.00165
sonar 1681+.01942  .1714+.02191  .1680+.01941 | .1817+.01325 .1816+.01716 .1816+.01324
soybean .0787+.00648 .0783£.00566 .0788+.00607 | .0725+.00398 .0766+.00597 .0753+.00496
vehicle 2647+.00571  .2665+£.00592 .2649+.00535 | .2665+.01142 .2673+£.01023 .2666+.01095

vote .0389+.00325 .0312+.00171 .0320+.00283 | .0407+.00223 .0316+.00208 .0324+.00294
vowel .0486+.00470 .0506+.00446 .0485+.00470 | .0640+.00666 .0670+.00658 .0640+.00665
Z00 .0595+.01267 .0649+.01255 .0621+.01158 | .0604+.00987 .0658+.01022 .0630+.00902

5 748 MLk, LovseENQ)MIMFH I E N/ 17 M4 (85%) L (anneal, autos,
balance-scale, breast-w, credit-a, credit-g, glass, heart-c, ionosphere, kr-vs-kp, lymph, segment, sonar,
soybean, vehicle, vowel, zoo) ‘i F LT 148, 1EIAh 3 ML (15%) | (breast-cancer, diabetes,
vote) WAL 2. o iR g; 3o LOvSEN(2) 100.00% 4L T 148

55 Bagging #H Lt , LOVSEN(2)-3 £ 10 4™ (4 42 (50% ) _I- (anneal, autos, ionosphere, kr-vs-kp,
lymph, segment, sonar, vehicle, vowel, zoo) I #LT Bagging, £ 6 ML (30%) L

(balance-scale, breast-cancer, credit-g, diabetes, heart-c, vote) ‘i3 T~ Bagging, [A]HJ7EHAth 4
NEHEEE (20%) I (breast-w, credit-a, glass, soybean) ¥ A . # X Jill; LOVSEN(2)-5 7E 10 /™
B4k (50%) L (anneal, autos, ionosphere, kr-vs-kp, lymph, segment, sonar, soybean, vowel, zoo)
BEMT Bagging, 7F 6 M4 (30%)_I-(balance-scale, breast-cancer, credit-g, diabetes, heart-c,
vote) T Bagging, [FIIN7EIAN 4 NS (20%) [ (breast-w, credit-a, glass, vehicle)
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B BEX . FF9 K 45 R LOVSEN(2) 54.55%[11 T Bagging.

Table 7. Errors of each algorithm, obtained with 10 times of 10-fold cross validation. Each data is shown in the form

of “mean-errortstandard-deviation”.

Dataset J48 Bagging AdaBoostM1 GASEN-b LOVSEN(Q)-3 LOVSEN(2)-5
anneal .0171£.00316 .0146+.00268 .0033+.00071 .0136+.00225 .0105+.00114 .0100+.00141
autos .3024+.01747 .2151+.01088 .1210+.01988 .1903+.01640 .1463+.01214 .1469+.01219
balance-scale .2216+.01059 .1523+.00478 .2212+.00701 .1547+.00558 .2073+.00741 .1863+.00594
breast-cancer .2787+.01626 .2574+.01540 .3108+.02178 .2660+.01601 .2842+.01838 .2847+.01369
breast-w  .0540+.00470 .0359+.00208 .0328+.00297 .0380+.00417 .0357+.00392 .0348+.00254
credit-a  .1424+.00527 .1321+.00428 .1412+.00597 .1341+.00816 .1309+.00624 .1328+.00651
credit-g ~ .2804+.00443 .2492+.00608 .2742+.01142 .2570+.00952 .2595+.00873 .2647+.00774
diabetes  .2620+.01242 .2377+.01012 .2670+.01327 .2368+.00741 .2596+.00840 .2665+.00796
glass .3485+.03479 .2822+.01345 .2371+.01405 .2792+.02092 .2776+.01446 .2793+.02249
heart-c ~ .2317+.01689 .1840+.00863 .1979+.01695 .1860+.01599 .2050+.01780 .2039+.01891
ionosphere .1047+.01353 .0738+.00680 .0585+.00383 .0801+.00956 .0703+.00503 .0694+.00685
kr-vs-kp  .0092+.00083 .0074+.00047 .0037+.00036 .0064+.00073 .0068+.00043 .0065+.00050
lymph .2464+.02458 .2141+.01757 .1715+.01761 .2042+.01577 .1727+.02015 .1854+.02547
segment  .0437+.00297 .0322+.00181 .0176+.00157 .0312+.00183 .0252+.00165 .0261+.00165
sonar .2990+.01429 .2330+.01742 .1892+.01517 .2265+.01889 .1680+.01941 .1816+.01324
soybean  .0980+.00737 .0808+.00383 .0718+.00438 .0826+.00776 .0788+.00607 .0753+.00496
vehicle  .2995+.01035 .2692+.00689 .2346+.01007 .2675+.01223 .2649+.00535 .2666+.01095
vote .0316+.00185 .0303+.00034 .0446+.00684 .0372+.00445 .0320+.00283 .0324+.00294
vowel 2742+.01217 .1273+£.00798 .0521+.00501 .1309+.00729 .0485+.00470 .0640+.00665
Z00 .0913+.01650 .0759+.01364 .0510+.00877 .0645+.01307 .0621+.01158 .0630+.00902

5 AdaBoost.M1 i, LOVSEN(2)-3 7 8 M 4i#i54E (40% ) |- (balance-scale, breast-cancer,
credit-a, credit-g, diabetes, sonar, vote, vowel) &L T AdaBoostM1, 7E 10 M4 (50%)
- (anneal, autos, breast-w, glass, ionosphere, kr-vs-kp, segment, soybean, vehicle, zoo) .3 T
AdaBoost.M1, [AJES7EHAD 2 M (10%) L Cheart-c, lymph) %A W3 X s LOVSEN(2)-5
£ 5 NS (25%) LI (balance-scale, breast-cancer, credit-a, credit-g, vote) i35 17T
AdaBoost. M1, 1F 12 442 (60% ) _I-(anneal, autos, breast-w, glass, ionosphere, kr-vs-kp, lymph,
segment, soybean, vehicle, vowel, zoo) 3T AdaBoost.M1, [A]Hf7E A 3 MEHEEE (15%)
I+ (diabetes, heart-c, lymph, sonar) %A 2 EX . 5% 455N LOVSEN(2)-3 18.55%(1)
T AdaBoost. M1, LOVSEN(2)-5 85.65%[11i#h T AdaBoost.M1.

5 GaseN-b HLL, LovsEN(2)-3 76 10 MNMHlE4E (50%) I (anneal, autos, breast-w,
ionosphere, lymph, segment, sonar, soybean, vote, vowel) ‘&M T GASEN-b, 7 5 M4hi4E

(25%) _I= (balance-scale, breast-cancer, diabetes, heart-c, kr-vs-kp) ‘i T GASEN-b, [F]H]
7 HAh 5 AN EHE 42 (25%) L (eredit-a, credit-g, glass, vehicle, zoo) ¥ i3 X Jill; LOVSEN(2)-5
7E 10 MEHEEE(50%) I (anneal, autos, breast-w, ionosphere, lymph, segment, sonar, soybean, vote,
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voweD it F T GASEN-b, 7E 5 M4 (25%) I (balance-scale, breast-cancer, credit-g, diabetes,
heart-c) 231 T GASEN-b, [RII7EHA 5 AN R4 (25%) | (credit-a, glass, kr-vs-kp, vehicle,
z00) WA WEX . FFTRE4E RN LOVSEN(2) 69.82% (1T GASEN-b.

Table 8. The win/tie/loss table comparing the performance of LOVSEN and other algorithms, obtained with pairwise

s

two-tailed ¢ test given o=.05. “win” means the performance of LOVSEN is significant better, “tie” means the

performance is statistically equal, while “/oss” means the performance of LOVSEN is significant worse.

LOVSEN(2)-3 LOVSEN(2)-5
Dataset
J48  Bagging AdaBoost.M1 GASEN-b J48  Bagging AdaBoost.M1 GASEN-b

anneal win win loss win win win loss win
autos win win loss win win win loss win
balance-scale ~ win loss win loss win loss win loss
breast-cancer  tie loss win loss tie loss win loss
breast-w win tie loss win win tie loss win

credit-a win tie win tie win tie win tie
credit-g win loss win tie win loss win loss
diabetes tie loss win loss tie loss tie loss

glass win tie loss tie win tie loss tie
heart-c win loss tie loss win loss tie loss
ionosphere  win win loss win win win loss win

kr-vs-kp win win loss loss win win loss tie
lymph win win tie win win win loss win
segment win win loss win win win loss win
sonar win win win win win win tie win
soybean win tie loss win win win loss win

vehicle win win loss tie win tie loss tie
vote tie loss win win tie loss win win
vowel win win win win win win loss win

Z00 win win loss tie win win loss tie
win/tie/loss  17/3/0  10/4/6 8/2/10 10/5/5 17/3/0  10/4/6 5/3/12 10/5/5
sign test .0000 4545 .8145 3018 .0000 4545 .1435 3018

M Table 8 Hu]LIfGH, LOVSENQR)EEMT J48, fE— M FALT Bagging #
GASEN-b, Jf Hifb+ AdaBoostMl1. {HJE, AdaBoostM1 HIRIATRE, 7 2 PMNEHHELE
(breast-cancer, vote) I, AdaBoost.M1 .3 T 148, 1fi[AII LOVSEN(2)7E AT A £k 4 b 4K
AT 148, X iW] LOVSEN(2)EL AdaBoost. M1 S A25E . MG Table 7 % MHIEAE 20 4L
PEtE EIER R, Fig. 4 70 %R LOVSEN(2)-3 LOVSEN(2)-5 5 H/> 148 wfih . Bagging.
AdaBoostM1. GASEN-b [ LLAL. Hirr, Zll53 54 FiA~ J48 Yesfi . Bagging. AdaBoost.M1.
GASEN-b (PR, Bl LOVSEN(2)-3 Fl LOVSEN(2)-5 MR, B¥h milide A £oR
LOVSENQ)EAL, FEA7 BT R ISR 55 88 LovSENQ)E AR = T 5L g5k, WK
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R DL E A Y, 5 J48. Bagging. GASEN-b AEL, LOVSENQ)A EARMAIRE, 1
AdaBoost M1 5 LovsENQ) T fEA 24 . 3 H., LOVSEN(QR)H BRI & 2 8] () b o Y k=3
Al k=5 X PRV EE %A 1H LOVSENQ) I AE =8 i 2 A8 4k

0.40 0.30
0.35 1 025 |
030 20
oo o—
= 025 | & 020
S 2
g 020 o 0.15 |
g 01> 5 0.10 |
0.10 O LOVSEN(2)-3 ) O LOVSEN(2)-3
OLOVSEN(2)-5 © 0.05 OLOVSEN(2)-5
0.05
0.00 0.00
0 0.1 02 03 04 0 0.1 0.2 0.3
a) LOVSEN(2) v.s. J48 b) LOVSEN(2) v.s. Bagging
0.35 0.3
S 030 a 025 |
2 025 | T
3 oo/ ® 5 02|
A 0.20 | <
= S 0.15 |
< 0.15 | <
G — B
g 0.10 O LOVSEN(2)-3 2 0.1 © LOVSEN(2)-3
£ 005 | OLOVSEN(2)-5 ® 0.05 OLOVSEN(2)-5
q) .
0.00 0
0 0.07 0.14 0.21 0.28 0.35 0 0.1 0.2 0.3
¢) LOVSEN(2) v.s. AdaBoost.M1 d) LOVSEN(2) v.s. GASEN-b

Fig. 4. Comparison of errors of LOVSEN and other algorithms. The errors are normalized by error of J48.

4.4 FEPERBLR LLEL

LR VL GASEN-b HIl LOVSEN #R% AT i FH A 1) 27 ) 28 34T 4E . Table 9 471
TR 10 YR 10 4588 EGIEAF 1)) GASEN-b.  LOVSEN(2)-3 Fll LOVSEN(2)-5 (K82 .
Forp, RN AR L R RLAR . LE A A2 (80%) |1, GASEN-b [IRIELE /N, 165
A 4 N EESE B (20%), LOVSEN(R)-5 R IR/ o 7 BHERIIU2, GASEN-b R IRAFEFEH
AR SE 2] 4%, T LOVSEN 5 SERAF T A AMAS: 2] 4%, BRI, GASEN-b 152 FRi AR 4G 24 /)N
T LOVSEN. Table 9 It LA ¥ FURFEREAT TN, AN [R5 P35 A8 FH (A A2 ST 250 H
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Table 9. Comparison of ensemble sizes. Least size of each dataset is shown in bold style.

Dataset GASEN-b  LOVSEN(2)-3 LOVSEN(2)-5
anneal 8.54 19.59 19.44
autos 9.74 12.16 10.10
balance-scale 9.76 13.14 12.21
breast-cancer 7.80 12.45 12.25
breast-w 8.13 18.77 18.26
credit-a 7.42 16.24 15.16
credit-g 9.82 11.76 9.67
diabetes 9.52 11.60 9.65
glass 8.71 11.47 10.09
heart-c 9.18 13.52 11.93
ionosphere 7.42 17.81 16.62
kr-vs-kp 7.76 19.73 19.62
lymph 8.67 13.22 11.87
segment 9.73 18.68 18.13
sonar 10.92 12.45 9.84
soybean 8.33 17.87 17.32
vehicle 11.95 11.28 9.38
vote 7.83 19.62 19.40
vowel 13.33 12.28 9.42
Z00 11.67 18.11 17.52
1.10
1.00 |
\n
S 090 | A
(Nl A
S
> 0.80 |
Q
= A
5 070 |
8 A Gasen-b
0.60 O Lovsen(2)-3
OLovsen(2)-5
0.50 ‘ ‘

0 02 04 06 038 1 1.2

size ratio
Fig. 5. Size ratio of ensembles compared with accuracy of J48.

AR, WEAE RN R AL LI RBORIA R 2% S 28 RS B I, LOVSEN A A
AR SRR — MK K. Fig. 5 Bon TS8R E S GASEN-b.
LOVSEN(2)-3 Fl LOVSEN(2)-5 AR MM LA (RIER L/ BN 22 2] 48 S0 R R 1
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DO ], LOVsEN [ PIMINC E AR W 5 AR ST I P A RS E GOEEE R &R e X — 3
Z AT LI LOVSEN HE I LR Sems A AR . LOVSEN EFEARLETT i LRI T5 (127 3
A M5 ) A 02 R R BO AT N, B2 ) SR RS B i, R R I F5 1K 4 2] 3
W2, RN ECR .

M T GASEN, ARG AAE KL 0.4 3 0.7 2 10], XU GASEN 7EAMAZE > 3%
R 5 22 e L2 A B 1 LR ()4, mT DA LG B ot aze £ H 2D AN o7 ) 28K 3R A 1R
UFIZ AL R RE

d da

5. &4

AT Zhou %5 NP H IR BEMESERUEAR, B AT R SIZ A RE D IR, 42
H T PR R PR 71 LOVSEN. LOVSEN FEXTHARFEAEAT TN, AR 4 FEAR )
A, BHASIEPEE TGN F B L J4.8 YRAWAE N E2 ) B 0 £ W, LovsEN
HATBOS M A e I B RE TR BE -
LOVSEN S3AT AN S AT B sE . —AEIRBE ks 58 SR AR DS Tl o A 5K
KrrP EEH T k=3 Rl k=5 PARPICE, S5 R WX W Ff e B0t S B AR S . (H 2 A RAIE
FAMR) &AM A SATERIE W 5 DS ECERIE R F, ARSI BB T RIS IE PR AL
FHANE A I oA 0 SR IR 50
PR JLAN I I B N AR A P
1) LovseN {{H] 7 HVDM K & B AU 8] (K1 o A A FC A Sl A B 2 s
SRR RER T, 9t SDMPILRAE FIREACAE (manifold) _LffHE g e 809, 21
RE NS AT S50 S VA 1 - 4R T AR R AR
2) AT HARSERGE MAIE R L DLRARIE BB I B 250 A M RS 4
PRI
3)  HEUEREANRE S AR P N ZRFEAIN A8 & IR0 a5 4 i il 1 4
PR SR R T A o R A7 AE R FE Ty 2, BIIAE & D4R LR At
AIEMR” RS 3 4
4)  EAAFAE AR RERAL T, B SR A AT R 23

B -

TR 10 T ) RS e R R VR SRR A . LR L T AR R L DA BORE S — 2 ) 7
fIFR1E, LOVSEN 1 AR s T+ 5 2. LS 5 > 4L K BBR Wl ASTITE 5. A
A LRiETEL.
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