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Confidence-weighted Learning for Feature Evolution

LIU Yan-Fang™?, LI Wen-Bin*, GAO Yang*

!(State Key Laboratory for Novel Software Technology (Nanjing University), Nanjing 210023, China)
?(College of Mathematics and Information Engineering, Longyan University, Longyan 364012, China)

Abstract: Compared with traditional online learning for fixed features, feature evolvable learning usually assumes that features would not
vanish or appear in an arbitrary way, while the old features and new features gathered by the hardware devices will disappear and emerge
at the same time along with the devices exchanging simultaneously. However, the existing feature evolvable algorithms merely utilize the
first-order information of data streams, regardless of the second-order information which explores the correlations between features and
significantly improves the classification performance. A confidence-weighted learning for feature evolution (CWFE) algorithm is
proposed to solve the aforementioned problem. First, second-order confidence-weighted learning for data streams is introduced to update
the prediction model. Next, in order to benefit the learned model, linear mapping during the overlap period is learned to recover the old
features. Then, the existing model is updated with the recovered old features, and at the same time, a new predictive model is learned with
the new features. Furthermore, two ensemble methods are introduced to utilize these two models. Finally, empirical studies show superior
performance over state-of-the-art feature evolvable algorithms.
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2 BAT KSR PE. o R AR E 47 1] (evolvable feature space)™, ‘& f4AIE 2% i) nJ LA REE I ) (14 4%
TS AY, B LA A AR ARE I 22 0] 9 2K 17 397 PR AR AE 2 ) s B 00 G A 25 R 456 v 0 28 T S O AR B0 1 A i 3, A
A TR 8 DR [ (¥ B A 5 6 B — ANREAE, FR TR A IR A A5 T B, 5 2 T 1 A S 8 7 8 2 A 11 A J
A, D)5 T A SR A Xt L PR R AIE (I AREAIE ) 2 TR 2R, T 24 7 A T 2 e 2 PR AR A G ARAAE ) 2 [ H R

AT R FH T AREAE 245 T 10 7 5k 500 R0 2% X3 (0 RO RE 2R R 2 e i 22 1) 5 I FRR O 22 ) 2 TR ) 0% R A 520K
FE EAGRR AR S AR AR R B AN AT R e, HARRRAE 23 [ Ak 2 94T — A TH R AERURREAE [7] 1 77
TERI TSI BB T IXAMB Y, R AL 2% =) 577 (feature evolvable streaming learning, FESL)® ] 74k #6
J% F [ (online gradient descent, OGD)M sk 5 37 [FE5 1k f B 00 LT iF (O BSS 780 [RJ N, 7 T B B B 2 ) — AN 28
PEWRSRF, FH TR AIE 20 IR0 AR ARe 08 R 1 B2 IFRE AL 308 17 0 7 A0 2% ] 40k 882 A8 ) 8 B T TR AE 27 > (R 2
SRS, 4 BEOHTE IO IR S TR ABT AR TR A0 g P AN SR, BN T M R B i 4 FESL (99 T4, Hou 25 B!
FEASBEEE B B K B 00, 4 THAEAE RO AE 2% 3 — AN R A AR P me it B W S L, SRk
B — BRIV 59 SRR L A2 K, o] LLAS 21 L S AN SE AR AR 24 5L T 4 (9 s 2, B AR B Bl vk 2% ) R Bk
R BRI 1) 3 Mk B AN il K 222 (5L 70 A 2 s P AR A DAy RS 700 5 3 (16 7 0%, A A R AR 43 SR 4R I B A
I3 RV RN REAR I IR SR T 56 TG, 2T B 3 - = BN IR R AE 386 4 3 2% 2] (passive-aggressive learning with feature
evolvable streams, PAFE)™iz 7 2k 4% 21- 33l (online passive-aggressive, PA)CIELVER T H 8. [HERE 2R 1] 1)
BEAL, [N, F 5B B BN 3 T WK S IHRRAE (R S, 2% 5 T IHRR HE B8R A (¥ S5, LA R F T A o
X BAS RBEAT A0An b, R I OD0 BRARE L ( e SICRN B AR A (P . RV I SRR AV A 2 3] BT ER TR AN 1
JebEfe, HIX SO EOR F (K2 5 T — B 5 B I e 26 2% 30 7 VR D TN B AL, i A 5 5 7 I T A 4 3 A )
(2 2] 26, 0o bk a2 52 B PR .

R EG L B, AR SCER T — PREAE B A 9 B A - DA & 3 5% (confidence-weighted learning for
feature evolution, CWFE). %51 K H AL T W5 S5 K 7 45 2 > 75 10K S BT IH R E 22 [ (¥ P s 78, JLv,
BT IS BRI EAE S T — R R, 2% 2] T SR BCE 2 R B A R A R
RSB, 22 T WBHRFIE S IHRFAE I e e WU, #2 R0k, 78 AT BrRRAE 2 M 1 00 T, 2k i >R e 2
(FRF A, 30 11 4k 02 B3 TH R 2 ) 1S L2 >0 (RS R R0 B A e 4kt R P 48 1 9 oK i 4 44k 488 53 £ LA
TR L AE SR (PR AR IR, DA T 4 iR AE 245 1R TR AE 23 TR0 ) (1 43 2R Pk . B, SR IRiE 7 B3 SV 19 43 250k
BEAL T2 TP A2 4 2 S D v IR AR i Ak 2 )

ARSCE 1 AR S 2 X 7 VRN 2 REARAE 25 TR) IR O A, 35 2 54 AR E 4% ) 1) L AR A R
AARTR. B 3 4TI IR AR SC BT L PR REAE S AR 1 A - AL o) B CWIFE, (S B B T AR R, 28 4
Nt CWFE RS20 45 B, S0AF T FTH S0 T O 3L T — I AE 2 2% X 7 VR MR R AL 2 S) B0, 28 5 1
BEEARSCTAR, JREE ARSI AS e Z A4 T — 25 T AR,

1 HExXIE

AT AR S LA 2% X P ANIE 7 A 0G0 AR 2% ) R 2 FEALRRAE 2% ).
11 E&%S

1542 > (online learning) ™SVt — il kb B K IR0 H0H 42 A 55 HOML 8% 2% ST R, T LA S IR ek 1 o) A
TR R AT B MR T T, R v T (R MR A B L IR 4 2 2] B S 20 14D 50 4E4X Rosenblatt £ ! 1R G 2%
(perceptron) Sk, B FIAELR LR MRSy KL, B AR MR YRR L TT 4 10 IR L A7 AE (5 £ 2k 4 SRS T
G — W AN k. AR B s HRAT I — B vk OGDM, AR MR REACTE AN BRIE, JEX 4R
TR HEAT — VOBRJS T B 5 . PAIVEL L S8 3 — AN 45 240 S (0 Ak ) SR AT A0 B, A 45 1) 3 K R A 7Y
JRUAT B AT 2 BT (KRR, [N RAIE T 24 BREAS B 1 B K1) K. Pegasos $19%1 OGD Jivk Al 74
TSR RS KA ORI IE T 0, 35500 SYM AL IR, AR, T ERMELF I LB E &2
W 2 $CH T (R 7 1) IR A W, A L A - A (confidence-weighted, CW)™ s 15 1 T 4
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RGN pe R - T 28 2 e R™ WM an A, e TAS S S BASIE . AR0T0, B A5 - By i
SR AR R T A B B R HEAT B T, AT RE 4 5 SO0 R R O (R Bl AL TR, BUE A IS Y OE b
(adaptive regularization of weights, AROW)MUVi ik 5 Y i i 11 7 B S 408 2k M1 A 5 71 S e o S04 7T 4 5
5. 1ER S — Pk )7 %8, BB (S BE AN (soft confidence-weighted, SCW)WE1 4 7S 5] S 461 43 i 1 33 S 32 .
1.2 ZHEUEE=E

VB h 22 FEARSRRAE 2% 18] 1R — 0 AR OE 225 D (10 AR5 R 39T R 0 22 1) S 0 T B TH R iE 45 TRl 90 2. 4R T,
22 3] B () IFBE DK [ o TF e AE (9 15 2 0 4 200, IR 2 A BB i — PR 2. B T 20 FILH IBRFE S [ A 2
R RL, R BHT IHRIE S (A A A — B IR S I B, B I A )3 (WA AE 25 7], Hou 8 A2 H T FESL %
RIS Lju s A3 T PAFE AU SR, 33 1 ol 8 | i T 2 o S B 8 o AN A A (1 A B A . A S
i B H, AR A AR R S TV TN, D, 7E2EAS RGP (R — I BB 28 0 A% s, th TR 15 12 25 ) [
(IR B AR, 8 e 5 o (R PR . R ARSI o T . B2 AT ) O B N e, UL
fIE FT BE 4 B B 0T TH R AE B BV K. DRk, H S AT T R AAE AR 5 TN & 3] (prediction with
unpredictable feature evolution, PUFE)™ i 4l % 77 [] (frequent directions, FD)H: A LA 1977 23k Vi 5446 [ 1947
) ek, T 5 B BOE A IH R AE 25 18] vh ] U85 1 R AE SR 4> EL 0 R REAE. TR, s o A AR 8 R AR AR R
BodE A, 7E TS M B ) BT IH R AE 2 ] 2 (R P B SRR BOAS T AT AR, R IR R 4 AR AK 2% 3 (feature and
distribution evolving stream learning, FDESL)$ M8, 1 17—l 45 195 /AN AN [ 44 1 2 1] 19 A8 S5 1 e 3 R e i 1
S A 20 1) A () B 5 B R A 2 TR P O 2 M B 72 5. SRR 2% () B 9 AR BT, Hou &8 A3 H i i
R Y AL 5 T O, R PR R B VB (R RSk, B M AR (RARAE) T 2%, 99— SR IE AR IDAEAE, [ I
(IR E H B, RIHE IH R A AN A7 A B B B, ARSI 1) 77 7 SRR, KT b S 25 1), — 3 44 o R 3ot ook 2
>] 549 (one-pass incremental and decremental learning, OPID)* it T — AN AAT “ -9 e ” XUk 1535k Al
FAR W54 TR RS AE o 1R 0. Dong 45 AT Xof 384 8 R Jgf kAR A 2 11 L1 17— of o 80011 6 & 358 1 2% 2] (online
evolving metric learning, EML)PO5E 3, 124503k 0 ik 45 45715 119 Wasserstein B 2 o &b PRI AL FOARAE. MR A 46 26
T SCASCRY ) JE B, Zhang 25 A3 T —FBR T4 4E 2% ) (trapezoidal feature space)2 R 2 O R AIE
R R, B AEA T L, B 2R A IR IE 22 A 3 T — AN FEAS IO BT AT R AR, 25 T JUARAE 10 2E 2k 2% )
(online learning with streaming features, OLsg) 24 &7 £k ol 501~ 3 50 2 51 75 1 ARG i e B4 AR LA T8 B BE
AFORFAE W BR T B AT 2% ). AR, A B E S B R E B AL S 8], 6028 B SR AE Y 3 A
T VR O 9 A 2 T, R (R TR AR 2 R, e AT AR A A T P R, DRI L T s Ak
FRAERE— B B R AR A3 1A 230 b 9F HHUAS T AN 1 S 0 46 1

CVF R AE 27 ) 7 KA 5 1) A2 EL A A0 ) EL I o 4R i 2 (R) (R . 3 JLAR IR 9 T AE & A TTIa X 2 F
PREAE 25 R BEAT R 902 20, ©A 1 2 REARAREAE 2 0] 2% 3] J7 122380 2 SR PR 48 Oy 1 B4 () — B o 4 2 50 T A 3.

2 RHE=(E

Ay D5 A BRAR A SCIT AT 1) JE B A, BATSEA A — 2575, (2 y,) B8 t 21300 R S %5
)N R e, b, i=1,2, Sy FORIHFHEA W), S BRI M, H x* eRY £ HAT d EMFEA,
yee{—1,+ 12 FXE R (IARAE; Ty R7s IHRFAIE 25 0] N RIREASEG To 9B ik 23 8] 1 AOREA KL B 27 B IH R AL (7]
IR A I T B B B ASSC R BT AT A 2 LA 8 B B AR A ), [ 1 45 T AR AR HE 2 )
N A B P R R, b TR B, IHARAE SR Sy T R A, Bl S N IAEAR x> e R, JFEE
Br Sy FHITELRY, fETE SR B B N BLYY, THRFAEZE 0] Sy MR U5 i), R 3RAG T — LAk 2% 1] S, F Y
FEAS X e R, W% CUBMRFAE A 0] S N IITRIBLAL; 76 T W BEA, BURKFIES 0] S 2%, Sy R TII AR 2Y
R, R BEVT R HTRR IR 18] S R HIFEA, JFXE S A IS R IEAT 508, AESEBR NI b, I R)BE Ty AT, 23 b
BUOK, AN WBL B AR, WEME KRR T S HRIBALIZr] LA AT, Bk, fERHRES 0 S,
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TEOUT, FRATH I T, I 0] Be A R AE A SR BB B,

EARERMAE, £ To MR BN, JBURKFAEZE H) Sy M PR 6 T Brf Ak 1) S, N FIFEAS S Al AT,
XTI B2 o B RO B AN o B — R 2. DRIk, R A E S B B A R I 2 R S [ A 3 A
TR FERER T L IR AL 2 )P S DA B T AR A 2 ] F AR

B ALRFAE 2% 1)
HETE S5
H T, — If": B
e "":': B4l xﬁ""
i B
| x5 =
52
rn
T, —
r:lr,

BEL PRANREAE 205 TR 0 1 s A 98 2508 1) s 13

3 FHEEAMER-MNFEIAXRIT

TEATT, FATE S H W R4 2 S PR R AT AR ST, K, 2 ) E S B Gt R i IH
FRAEZS 0]y B g, A8 FUATBNREAE 25 () S MG o R, 4k 53T IR R0 24 S i 28, IR 5| N Ph A i 7 v,
3.1 HWAEHEIT

RN 3 AN THE SR B 25 T 100 b o 3500050 — 2 2 5 (BB £ 2 i U 2R 5 R RO AT R/
% 3 1R B ”EZHJB’J&;K_LTFE#EL/Fkﬁj: TR A R BB 5 20 i I S SE A8 A ) sl AR AR 1 R R S 41
BRI R e Fe e . AR UL, AR tA, BRI BIRE AR X M BLSEARZE S y BN, FRATTK SRR A DUA R e
LE35 t AT B2 BN R, LR PR AT e v K A . o, BUR RO Ap™x,, y)=max(0, Lwaxt).
VUS4 13 1 U4k AROWISY) H A b i mT LA Ay R T 5t

L Z) =D (N (i ) I N (s Z 1)) + AL o (1% V) + X E X, 1)

Ferft, D (M, DM g1, Zi1)) 2 KLU, JIRZSOR IR A 22, 4, (' %, y) = (max{0,1—- i X })? A
%f&wj% A, =0 PHIESEL T R W, R PORIIEET, 8 fepx RBERG TAY, H
A=A _5’ o, 20, ZEAR(Q) P, KL B BRI R 0 R

detx, 1] 1

Dy W Z2) | N (41, 2 1)) == IOg(d .= +-Tr(ZC 2)“‘ (ﬂt-l u'z —1(lut1 u) - *d 2

o, d 2 1)l e £
2 Afy y)>0 I, FRATHE LR P04 ST
o BT RME

(. y)
_ + 2% t 3
o=y XI5 Xty (3)

o HUBTEEMI
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T
2 =2~ er_lXt X2y 4)
Xe 2 X +y

3.2 EEBM AL LIRSS

W L PR AE T BON, R BERMC B R 1L 22 18] S At WLSEAN B THHRAIE 2 18] Sy v A s S Hdii, A
T C AR T IR AE 25 R 22 B RBE R, O 7 AR 3 a2 BB, 4k 208 BUR I T, £ BB B
W% ] T B AE AN IF AR AR PEU R R @ R > R, Bl o(x2) =MTx2, ZEIMTH] S M B R 5L S, v
O R, SRRk I fry LA 5t

argmin Y2 o I1x () [P =argmin 30X - MTx | ©)
ot MR PE U B () RSO, R T T LA B AR, BT
M* = (ZEH,BH Xlsz (th2 )T )71 (z:’lle,BJrl Xlsz (X151 )T ) (6)

DIk, 75 Ty BN, 22 IRFAEZSIA]) Sy N IR R g o, DACAETE BB BE B N, 27 DT IFAFAIE PR 2 Ak ik
S R ARV WA 1.

B3 1 ASEAE N S MU (s 5, ) M PERU o

© wiE:  0=0, 2 o=1, =0.1;

PLREA: x* e R ;
T = X B R PEAR B R yie{-1, +1};
SRR 2(F, ¥,) = max(0,1- ol X) 5
ARG EH ¥ m
HAR@)EH B,
if t>T,-B
F 2 20(5) 2 > 2t i if o;
end

@EeOO®Oe O e O e

end
3.3 FMEM A ECWFE-cAICWFE-s

15 To WFIRVBE A, B MCBR R 25 (8] Sy (s R I ZRBT B g, [R] B ) P 6 1k S ke P 52 TH ARG AE %
(] () K e, 30E T 20k 20 ST 2 BB R gy, RV SN P b AR j 7 05 2L 4 00 (CWF E-c) it 24 T e 18 Tl
(CWFE-s)B U4 oy i ol i A5 700 () F30 000 1 o

(1) AAT CWFE-c:7E T, i[RI B, %7 IR AL (48 £ BCE 3 Tl & RE T B G AR L
TRHEAT 00, HL 3 P o BT (R A o LA f] i & (0 S B 2 a0 @y 20 R T IS TR AE 28 ¢ IR 2 (R A o
M2 A A AL 4

p=ay iafy tag i, ¢ )
T,y 2 THASE TR FREMAEL, ¢ A2 5% 204 YO0 AL ASL 110 B3 o F i s
B, =— =12 ®
Vl,'[ + VZ,I

o, v, =ae Y Hyp = [8(In2)/T, . % T4 & T CWFE-c [f BLoAFe W51 2.
Bk 2. KRR IE] Sy B ALA PO B CWFE-c.
@© Wate: aq =ay =1/2, n=8(IN2)/T,, g, =0, X,; =1, y=0.1;
@ WHHIEL L 138 (1w, 2) Mo,
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® fort=T,+1, ..., T1+T,
@  PHEA: x2 e RY;
® WA T T, = g Le(X?), T, = X2
®  HA@)IHHEHESTOE p, JFERAEARE LR vie{-1, +1};
@ TSI 45 250 APy Yo
%Qﬁ(&%%ﬂﬂﬁ aip Aot
©) ARG ARK(), 70 H (e 210 T (121, 224);
end
16 T N BN, BEE BRI ) S, iR 1) R, 7R BB B B A 4% 2) I Ze ME RS ok A T 5, JJIH
TERILE T, i) 0] BN I SR I 25 AR 1 ke i 2 AT 0k, I ON B8 2 AN i V2 24 i e A Tl
(2) YurEmALTIN CWFE-s: 7E T, W [H) B Py 8 ik A 1) 43 A1 ke ik PR FE A R I S B AT Tl 7% 2
B
U, =—l o1 )
' a'l,t—l + aZ,t—l
Horp, BUE a S HTW T pros:
a, =§4 +(1=0),, =12 (10)
Hr, 5:T21—1' Vg =8 22,2, A = v vy, HX) = —xInx— (L-X) In(L— x) A& 75 xe(0,1) F HIAG i 3,

Hyp=\8/T,(2In2+ (T, ~DH (T, —1))) . W47 5 0 70 CWFE-s ()L 44 3 £ WL A i 3.
Bk 3. FRAEAEIA] Sy 924 AT B AR UM B Y CWFE-s.
© Witk ay =a,; =1/2, n=8/T,(2IN2+ (T, ~DH /T, -1))), g7, =0, Z,5, =1, y=0.1;
TS L, 133 (myr,, Z07) Mo,
for t=T,+1, ..., T+ T,
BREA: x2 e R%;
SR IR BRI £, = s (X2), fop = p, X2 ;
R AR (PRI (g, 5, 0), I p=fi o
PR RE AR BLIARSE vee{—1, +1}, TFEBERIRR: Apy V)
A (L0) B HBLE agy, any

Hﬂﬁiﬁ(g’)*u/&fﬁ(@, ﬁ}%UE%ﬁ(ﬂl t Zl,t)jFu(ﬂZ, t 22,0);
end

4 KWIRITIER SR

SIS R R T 8 AN i E s 4E (hitp://www.lamda.nju.edu.cn/code_FESL.ashx)x 2 &k HE47 6 HLwF 5T,
PEARAE HLEER 1.

CICIONSRONGNCEOR®

R 1 SRRV
Mt #BEA #RIEEIN S, #HES S,

Australian 690 42 29
Credit-a 653 15 10
Credit-g 1000 20 14
Diabetes 768 8 5
German 1000 59 41
Kr-vs-kp 3196 36 25

Splice 3175 60 42

Svmguide3 1284 22 15
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41 WEEEENSEIRE
A i H L CWFE-c. CWFE-s FILit B a5 1) 3 AN 5k NCW. RCW-u. RCW-f #EAT XS L, (R
53T — S B R E s e 3 s vk FESLIVRT PAFEUEEAT 0 bk, JLrfr, s Ll iy i 1) B g B AT 3R 45 B4 1 2%

H /o

(1) 5040 P T I ) Bt

NOGDP!, NCW: 4353t OGD. AROW X A 4% ] S, ik 47 458 75 5 7

NPA-dU): 3 ik PA Xt S, BEATHEA B8, ANJF) - NOGD. NCW [y, 3 i 7 s i B £5 1) 1F 4 iE 208
AL AR, 38 T T 2 B A T FRE TR0 S B TR A T M AR A

ROGD-uPl, RPA-ul™, RCW-u: 3 isf il FH T 8 [ B 2% ST IO M i, TS, o I B8 e ik 52 1H i 242 1)
Sy K, BETT4KLE 4y 5 OGD. PA. AROW K HH 37 I 4 4E 4% 1) Sy T2 B R BT

ROGD-f, RPA-f1, RCW-f: #EWTHFAEZ5 0] S, F, T332 I IFREAE 4% 1] Sy 6257 31 FR9 IF R 254 i T ol
PR IR HAREAE 2% ) o (0 250, 1SS R A B 3

FESL-c®), FESL-s®, PAFE-c”l, PAFE-sIl, CWFE-c. CWFE-s: 43 ¥ 37 |H 45 41 2% 6] v [ 45578 NOGD
F1 ROGD-u. NPA-d ll RPA-u. NCW A1 RCW-u #E47 21 & T -c A113% 4% 24 10 fe e T -s.

N T AUEEE A R, SCHCRA 2 BV ARIE: 432K B (accuracy) FH F-measure, 45 &R 10 K
MSTBAT AR, RN, Fra S S i IR AR I () B Ty RO AE I [ B T 8 B FEARS — 2, HE
FrBCr R NRCE D 100 J34h, ASCHTHREEP B S HC y =01, 2R PHT 5 R A B B A R W
FESLI 5K (1 1 2 A1 PAFEI il 2 %0 1 1 R S SR v 10 2 500 8 R 5 — 3L
4.2 FERSH

K24 H TN LAVLAER 1 B4 11 Accuracy Fil F-measure 451

K2 PR LLHIRAE 8 A& e S B PR B R REXT L

Bk Australian Credit-a Credit-g Diabetes
i Accuracy  F-measure | Accuracy F-measure | Accuracy F-measure | Accuracy F-measure
NOGD 767 791 811 .827 .659 401 .650 .006
NPA-d 771 792 797 .808 .620 .364 597 .329
NCW (ours) ®.864 ®.872 ®.854 ©.856 ©.750 ©.487 ® 678 © 401
ROGD-u .849 .863 .826 ®.861 733 ®.444 .650 .067
RPA-u .849 .861 .855 .859 727 .336 .669 .341
RCW-u (ours) ®.855 ®.867 ©.856 .858 ® 737 ®.444 ®.679 ©.400
ROGD-f .809 ©.835 784 .809 ®.716 .302 .650 .023
RPA-f e 811 .834 ©.803 ® 817 .704 .028 .652 137
RCW-f (ours) 784 799 716 736 712 © 410 ° 677 ©.383
FESL-c .849 .863 .854 ©.860 733 444 .649 .040
FESL-s .849 .863 .854 ©.860 733 444 .648 .066
PAFE-c .849 .861 ®.855 .858 727 .336 .668 .343
PAFE-s .849 .861 ®.855 .858 727 .336 .667 .343
CWFE-c (ours) ®.368 ® 876 ®.855 .857 749 AT7 ®.678 .399
CWEFE-s (ours) .865 873 .854 .856 ®.750 ®.485 ®.678 ®.401
s German Kr-vs-kp Splice Svmguide3
§ Accuracy  F-measure | Accuracy F-measure | Accuracy F-measure | Accuracy F-measure
NOGD .684 .293 .612 572 .568 .581 .680 .326
NPA-d .653 427 .660 .646 573 .589 .648 .305
NCW (ours) ®.758 ® 531 ©.908 ©.902 ®.768 ®.773 ©.808 * 501
ROGD-u .700 .000 678 574 .612 .631 779 .345
RPA-u .705 .236 732 707 .604 .624 .780 .373
RCW-u (ours) e 711 0316 ©.743 722 ®.616 ®.632 ®.792 ® 448
ROGD-f .700 .000 .564 173 .567 .526 ° 748 114
RPA-f ®.705 .136 .654 ®.624 ©.569 512 741 .032
RCW-f (ours) .697 0 311 ®.670 .622 .561 ® 547 738 ©.360
FESL-c .700 .002 .678 575 .612 .631 779 .346
FESL-s .703 .130 .666 .588 .612 .631 778 .345
PAFE-c .705 .236 731 707 .604 .624 .780 .373
PAFE-s .705 .236 731 707 .604 .624 .780 .373
CWFE-c (ours) e 758 515 .907 ©.902 ®.768 773 .807 493
CWEFE-s (ours) ®.758 ® 522 ©.908 ®.902 ®.768 ®.773 ®.808 ® 501
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K2, Hebric B W ks PRI (R 5 0L, ARSI 1807 v rh B e R 45 A8

TR 2 IR G — NP, BIAR T ik Rt b, AR SCRT# 5 % CWFE-c Fll CWFE-s ) Accuracy 45 51
Do HoAfb T LGSR EE, JUHRTE Kr-vs-kp #0488 b, BT 5% CWFE Z3Jill L FESL 1 PAFE it} 0.23, 0.17 /MG
JE 5 7F Splice #u4E I, FT4R447: CWFE H FESL I PAFE 1) Accuracy &= tH 0.16 224 T 78 HoAl3cd 4
BT 3210 Accuracy 45 I H 0.05 DL IXANIRS Uil T AERR AR A 2% 2] b, SET I AE gk 2% 3] vk it
TR A9 B0 0 0 M R B0 T o6 T B e 42 2 ) O VR (R R TI0 . [RJ IS, A D 48 R VR IR A AR R, NCW
I RCW-u 763K 2 IIHT A S N 11 Accuracy 45 SR 348 F NOGD, NPA-d f1 ROGD-u, RPA-u 4554, JLH
J& NCW 7E Kr-vs-kp [ 45 5 Lk NOGD #1 NPA-d 73] i th 0.29, 0.24 ARG HE s, 78 Australian, Credit-g, German,
Splice fil Svmguide3 %5 5 AN 4rdli 4k L, ¥ 0.07 DAL FORSBE . RCW-u 7& 8 ¥4 L Accuracy &5 5114
b ROGD-u, RPA-u &t 0.01 7647, FRSGIE T 36T 5 2k 2% 3] 7 VR JEAT I 380 57 (X0 e FE S A0 27 30 10 o e ik
BB — B AE 422 ) 5 i SE R SR AT W AR T, 58 3 AN IS L& R R T — M RIS AR ST
Hik RCW-f 76 8 MR AR |, R 2 MEIRAE B4 s T ROGD-f, RPA-f. 1X—ZS B0 A 1% i & IHREAE 2%
SRS RN GEAT ST, e T T P HT R 0k 2 1) P 52 0 TR AOE 2 ) 5. 3w e 11 Jst BT T LIS &5 D R

F—MAEL =07, T N INAEL I INEE B RS TR E 2 M8 R, 54h, CWFE 1)
F-measure £5 Bk T 7E Credit-a 854 b FESL X T 0.003 AMRGHE AT, fEHAh 7 AN & 3w T FESL M
PAFE ik, IXAFR RS UE T AR SCHT$2 1 3T B I RR AR I8 A0 2% 20 5 ik LUk T — B (R RR A 3 A 2% 20 T R
T

K IGM T AN LR PR AR B AR 8 N AR BB AT I AR 3T LU Y, BT EE
(RREAE A2 ) Jy vk FESL AN PAFE (13847 I MK SO ], 170 A S48 1R 56 T~ A S IR ARe i 38 A 2% 2] Dy v
CWFE 13247 B M) B i T FESL F1 PAFE [¥IZ AT B W)L IXOR BRI 4 5T 5 B IR AR S A0 2 o VA TR 280 5
FEAE I EAS R RS R, DRI B A8 e (1 I [ B %

# 3 PN CEETE 8 AN A OB 4 L s AT i 1) (ms)
Sk Australian ~ Credit-a  Credit-g  Diabetes German  Kr-vs-kp  Splice  Svmguide3
FESL-c 3.4 2.8 5.3 3.4 5.3 15.1 16.3 5.5
FESL-s 7.1 6.1 11.4 7.8 10.7 31.8 32.8 12.1
PAFE-c 3.4 2.5 4.7 4.0 5.7 15.3 17.8 5.6
PAFE-s 7.7 6.5 10.2 8.4 12.2 33.7 34.3 12.2
CWEFE-c (ours) 9.7 5.7 10.0 6.5 23.0 38.2 68.4 13.0
CWEFE-s (ours) 13.4 8.9 15.2 10.2 28.1 54.2 84.3 19.8

B IUER 2 A NTING B, ILAS TR 8 NEUR AR BT BB R iE A, el 2
PR, 4655 CIH %1, ZARRAE L, .t ERCTFI BRI, W7 = W)Y 7 . R, P8 SRR T

N 2 (s 25 Rk E, ATE BL P s .

(1) NCW X Shricfihk, A Sdn%E L, B SORFEASE RN, 75 2B T 4.
KA T+l o, T+ T IR, B BEE ROk 2, 2t RE ok iy

(2) RCW-u & B Shric gk, R B aE b2 NEE@ES (AT NCW, FREHBA RN
B, R RCW-uf L, ..., Ty EREZS (1) S, R et Tk, BrbAAE I £ W & 50 a1 Ff vk i A
SRR L MRS T, T RCW-u #h£7E Credit-g #¥i4E Fopilak LJhms £ F K, &
Diabetes 1 Splice H:ACPEIAAL. 3§ HIFI H B B B 1 IHRFIE B A — 5@ & nT4E 1Y, WIBEE
WEBARIE 2, IR R RE NIRRT, M 23 BRI RE;

(38) RCW-f & NS kricith4k, 76 Credit-a Il German ##idE b2k B R B Sl gk AP ROR A, 758
Diabetes, Kr-vs-kp 1 Splice ##54E b 2 FEURAS, 76 Australian, Credit-g 1 Svmguide3 (44 | &
TS X R AT, B RCW-F 2 IHRFAE 4% ST Y 5 B e AE 2 ) o [ 5 AN, S SR 2 1)
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B R AT REM R 2SR, bEE B2 MR EHE, ©aRMSTEE
(4) ARG JTE CWFE-c 417 22 TE bR I i £ A1 CWFE-s a7 51 B8l b ic (1) il 2k 2 55T NCW A1 RCW-u
HIAE R, BRI e TP 38 B R & ik b
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B2 3B L TR s AE 8 AN B 4 b1 P 88 BB R A
5 RESRE

ASCH UKL T B R B AL 2 ) THE S I B AR AR S (R R, JF 3R T — P T B AR - I A AiE
WAL 2] SEVE(CWFRE). BAS -7 /2 4 BRI T B (5 B RIAE 42 21 70k, e i b AU B8 T —
B A B RS SO, R I T B AR TR OGRS N RE. [RIIN, H IHAREAE  R] 2 A B
P 0 A5 R O 24 P T SRR AR B S oy, ARDRE T — B T VR R AR A 2 ), PEREAS 3 TR W] R Y
FeTh R T I R 2 i 2] U5 R T DOGRAHE R O T R e, HACSIGE E R AR, (HE N R I R
B, AR e RCR AT, AP IN A R 2 AP BE DTS M RO, B D5 A B A KR LR AS o I I
U, AR TR BEAN 52 W0 5 SN (R 0T, AT SO B D R K I R SR 2R SR, O T ) v A ) R AL
AT, RBAT R 2 RO A
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