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RESEARCH ON CLASSIFICATION METHOD FOR
FEATURE EVOLVABLE DATA STREAMS

ABSTRACT

In the era of big data, lots of data frequently emerge and accumulate
in the form of streams. Mining valuable information from dynamically
generated data streams has become one of the research hot. Due to the
dynamic variability of data stream, the feature space undergoes temporal
changes which are referred to as feature evolution. Traditional data
stream classification algorithms are constrained by the assumption of a
fixed feature space. Applying them to learn from feature evolvable data
streams directly may significantly impair the classification performance
and potentially hinder the learning process. Therefore, the classification
task for feature evolvable data streams presents several problems: (1)
During the course of learning, discarding and retraining the well-trained
classifiers often results in substantial resource loss. Thus, how to reuse
the historical classifier under different feature spaces is important to learn
new feature data fast; (2) There are insufficient training samples in the
new feature space to support sufficient training of new classifiers.
Therefore, how to construct and maintain an efficient classification model
to improve overall classification accuracy is critical; (3) Data streams
often come with noise pollution, class imbalance and concept drift
phenomena. How to enhance the generalization ability of classification
models to reduce the negative impact of these factors is one of the key
problems.

Therefore, the main research content of this dissertation is to
construct an adaptive classification model for feature evolvable data
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streams and address issues such as noise interference and class imbalance
in data streams. The specific research works are as follows:

(1) To enhance the adaptability to feature evolution, a feature
evolvable data streams classification method based on mapping strategy
Is proposed. This method uses the coexistence stage of new and old
features to learn the mapping matrix between different feature spaces. As
a result, the well-trained model can be projected into the new feature
space, and it avoids the poor performance of the classifier due to limited
amount of new feature data. Additionally, the fuzzy membership function
Is introduced to distinguish the noise points in the training samples and
reduce the interference of outliers on the decision boundaries. Finally, a
large number of comparative experiments are conducted to verify the
effectiveness of the proposed method.

(2) To ensure the stability of the classification model, a feature
evolvable data stream classification method based on ensemble learning
is proposed. This method employs incremental twin support vector
machines for training and updating the models. When new features
emerge, the new classifier is retrained and the old classifier is projected to
the new feature space for continued learning. Finally, to make full use of
the classification models trained in each stage, two different ensemble
strategies are proposed to combine the old classifiers and new classifiers
for prediction. The experimental results show that the proposed method
can construct an efficient and stable classification model which also has
good anti-noise ability.

(3) To tackle the class imbalance problem within data streams, an
online learning method for feature evolvable data stream with class
imbalance is provided in this dissertation, which is suitable for mining

data stream in more realistic feature evolution scenarios. Firstly, the

v
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feature space division and classifier projection were used to train the data
samples of the feature space changing at any time. Then, the cost-
sensitive minimization problem is integrated into the online optimization
objective function of the model. In order to solve the class imbalance
problem, we define a new cost-sensitive factor based on the imbalance
rate to adjust the class weight dynamically. Furthermore, the coefficient
of variation is used to identify the important features, so that the classifier
can be sparse and truncated. A large number of experimental results show
that the proposed method can learn the feature evolvable data stream
adaptively, and can deal with the class imbalance problem in the data
stream effectively.

In summary, this dissertation investigates the feature evolution
problem in data streams and integrates methods such as feature mapping,
ensemble learning and class imbalance learning. It proposes a series of
solutions for the classification task of feature evolvable data streams,
which has good academic value and promising application prospects.
KEY WORDS: data stream classification, feature evolution, class

Imbalance, ensemble learning, online learning
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AN B HRHERCEAS B, A RIRFE 2 [ 4% 346 5 4k KX S5 5, B {h e
ERRFAE B HEAT TR0, AR A B I 7 28 AR AU AN L —

(2) $m o A R ML) R ERPAE I AL P2 b 5 (R R ALE 2 () AN 7
ARAY, RORAIE 43 S0 R v 5 AL AN R 44 P 1) 0 AR, R SR B 48K ) B R
I, T R R A A IX R Sy AR Y, e G B IR B () [N B BB TR ) A
[ B AR AR

(3D REAEEE Ak B AL Hh (0 2 P18 o A 4 1 5 SR S i B AR
BBURRTT V2 AN 5 2] J7 150 7 B 50 B R RFAE 2 8], 1 ANad FH T AR Ak v A 2
MIITELR S HATS . Bk, Al SR BURR % > 705, MRS 2 A S0 2 il A
25 5 ANl A2 T v U BIURR IR -, AN T R 85 S 491 ) 218 R R DA B % 24
ST T AR SR, $ i 40 AR ()72 Ak B 7 [RRE A R OE T A B i
> Tl Fr) B ) f 2 — o

BEx; Bk R, AUREEBU) T AR BRI 7 KT VERE T, A RHIE
I SRy ). RIS ROR, ks e e mah A a K5, JF
i — A B A RAP AR AL 3 Srp AT @ R 2] o AR Bk TAE &
4500°R

(1) BFRRAAETE AL BN r)#, 2 35T Bl Sh SR ) R R T AL B I 0 2R
TPk e TR SR ORI S 8 R R O (M A R T R SRS R A AR
PSRRI AL O RRAE (K S AT 0 2RI S BT AE R B B, JE
JR EB AL Z A 0] YA S50 DR A0 S AL R AAE 2 1) 2 R] ) SR AR B K I 2k R4 1Y
R SR 22 B R AR 25 1R], AT A R0 REHT R A B (1) 7 2] o SEER S5 IR,
7V B & AR IETE AL IR 2 5], IR BT R (e A e 7

(2) S oy RBR (R g PRI R, Bt T A2 >0 (R RRAE T A B VAt 7
KITVE . ITVEE S 51 NS SR oA B 4 A 1 e AR AR SRR ) B AL
B, EHNGRS R R d: PSR AR B 208 o 38 8, RN R
S I A BB T L B 2 S IR AE 2 1 RS BB 3, o R TH 2
AR ERTRFAE A AR S R . BT, AR BT ) R AU SR RNE, &)
I FERRAT BTN o K 2SI 6 560 IF 122 7 ¥k B vt X AR E T A 50 0 1 43

7



S W YN R VAT

HEm L S AaE .

(3) BFXF A ISP I, B2 B AT SRAS 7 1 RS AR T A S it
FELA T ik o TR SR AT AL T 2O LR ALYE A B i, 7] I Ak 22 oo
TR ST AL VAL TP o B SoRE S AR AE 25 1 Rl DA 36 S AR 22 [ R
BERFIEAS TR, JERG 0 IR 0 B X BRFAE S [0, 45 5 R LA sh - B 3h Bk o
BIVNZEAS FIRF AL 22 18] R (17 2885 s AR5 R AR BBURRSR b foe /M T R R A A TR A
LA H breg Ko, AR AT 558 SOB AN U A 7, S RSB E
PR IR IEAT T 10 s R Jm R R A2 A VERE, A HTAR S AR A HY 2L
REAE, AT 70 S A M sk T Ab B . KR A H LI 2 AR W], PR Tk RE AT 2L
AL FRRFAE AL P S PR S SR R L, B R AL RE

1.4 WIHALE

EOCHANNEH N, BRI RAANEWT:

%1 &, EEMAHIR AN RS EX. BN TEIRET 4,
3 A TR ) S LA A1), R VSR R AR TR T R AR SCRIE T A 2

802 ', WEAER. AT AL R SRR BRI AL iR AT AL E
SCo PRI E A WA RAR AR & R AL AL B R 1 R OT IR AT 4R
&

% 3 F, SEIEET MU S MR IR AR R 0 2Tk . B S i i
5 WEFURER TSR SRR BOTFENENESE, R RIT A BRI 2R 8 5 R A R AL
RS IR BAR T s R SRR it Jr 2 5 45 R o

%4 5, SEMEE TN S R R oy 05k PRI IR B
FERE T AR B JEA o DATSE, 5 2 A SR A 2] 5 ) RS R ) R A
RPREE SHEMR R, R8I L SEER IR BT $E 07V A R .

% 5 &, RMIATE IR RAAEL STk H R AL
3 R 2R BRI S AT o b, RIS 2% R& B30 2531 73 A A1 ) Il L, 4
R BVEAEZE IR S TREREEAT VRN A, BRI R S B BT S A R AT O
BrFiis it

%06 F, XIROCHESL TARREAT S A, i et e TR RS 5 A
Ay FFHE— AR AR RIS
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F2E HEIH

A E PR R SRR ST, BN EEIER . RA T UL
FRAERAL I AL E 3L, FFARYE AN R AL SR RP AR AL TR R E AT 2 7, T
SRR AR RARR DL IR A& RAFAE AL, IR AT DU SAFAE 5 A )
xR B 7 TR R TT A 48

2.1 HHER

Hoda i 2 B T om R 4R BE N F B X R R F A, W oE XA
Ds={(x,y)|t=1,2,..., T}, HtFLRma), x ={f,f,..., fo}e R & —"~d,
der g, ARERFEARFEG S KAy, eY ={y, v, ¥} WHEFEY
& Hn A RIR M R & o Bl IR AEAE A P AR R AR AR AE B S A I
G, B A T A A TR S R A RO AR BT S R I, TRk E
AR

B 2.1 (BESIERS) & B R AR A AE 77 AR 1 A v IR A b Ik 5 23 20 A
P(X,y)» FAAENDARIEEE t=iMt=], 7 R(xy)=P(xy) KL, WK
BRI P AP SR

X IR A R A A BEAT A FR VTR, P(x,y) LGS P(x) 5 50
Py | x) i e, B P(X,y)=P(y| X)P(X) - AR &AL IR, Al

(1) 4 P(x,,) = P(x,)» WHNREMESER (Virtual Concept Drift), H
HAnr A 2-1 (b foR, HiBEERN S FIAREZN. SRS
ER I R SRHE S AR S A, WA A0 KA.

(2) #P(y|x_)=P(y|x), MFNESLHEZER (Real Concept Drift),
HBHR AR 2-1 (o) B, RGBT RoR (1 43 SR THNEEAS B Ja 7 AR B i
AR . TSR R AR AR S Ay KRB I G e, 3B S1 8 R R
TR

(3) #HP(x_)=P(x) HP(y|x_)=P(y|x), WHKEEGHHSER, X%
9
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SR 2] A i EE N 7 T [R] IR AR BE 23 A7 AR A

1 1
* *, * o o
® X% % * [Ralth el e o0 °]
.\**** .\*** ...//’*
® o X X N ax* * et
0T x x ¥ L AN * o /%
® . o sk ° 7 * %
... \\** ...\\* .,/ * * *
L 2P o0 ® \\** ® 0,00, ’//,‘, * ot
o o0 XXX * T %
(a) EERE T B 0 A0 (b) MBI L2 (0) A SR
K 2-1 USRS 5 HSERE I
Fig. 2-1 Virtual concept drift and real concept drift
2.2 KA T

FACFE 0 R 2 AR TR, ST adEs%s, A GEFD s
Bl B R N T 2R (28D sefliBca, (H WM ) S R 7 A0 2
AFHIFI ) o A GEBEE R 73 S BV 7] T~ ORAIE 73 ALY () BE AR R 2, T 20D
BRI P FNE L. BTk, MM RS EmiPFm s A B, FEiE
(3PP A i s B 4 T M T 2 7 A 2R 1

B, WEGIANWMRE 2-1 ProsiREFRE, TGRSR AR A
febr. Horb, TP FORIEMTNCDN IEMFEAR R, FP R R IIINN IE FE
AHHCE, TN FoR IER TN R AR R, PN SRR AR TN S e A
MHcE, B SERR o IERIREASCE A1 Num) =TP+FN , T A SERR R 12
FEABUE AT A Num =FP+TN .

x 2-1 VR VR
Table 2-1 Confusion Matrix

"/

it

e TR 2 531 -
SRR TE Tk EilguE
E% TP (HIEZ) | FN (B3 Num,
e FP (HIFZ) | TN (EAK) Num,,

BARIR AL, B EHERSR (Accuracy, ACC) PRMAEAIMERE,
B REE S WU R AE PN S BT B, AR R ST e, A
AR AT RPN SR AR . JLATME G-mean J& 5T A [B1 2 507 55 5 (1 L AA]
FIME, R R ACFE R T IE . SRR RIEFR, AP HE
Ty R AV FE AR o S8 A K & % ( Matthews Correlation

Coefficient, MCC) Hef [ WL SERR 5 TN 45 R 22 Rl AR ML, 2R 5 BIRE R
10
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FErff) TP TN. FP. FN, HARGE M TE, HBEEEZ[-1,1], e 1
WU W 7y A o0 R A R, e Z Ui p SR AR RERLZE , MCC=0 T 7y RA84E
BEATRENL 2. EIR VSR IR BARE LT

TP+TN

TP+FP+FN +TN
TP

TP +FN
(3) Fr 57 Specificity =

(1) 72K HERIZ ACC =

(2) A% Recall =

TN + FP
(4) JU#418 G —mean = \/Re call x Specificity

TPxTN —FN x FP
J(TP +FP)(TP +FN)(TN + FP)(TN + FN)

(5) HEHFER 2% MCC =

2.3 FHERIL

E X 2.2 CRHEEAD EBER T Ds h, AZAE AN AH AT 18] 5 I BHE FEAS X
Pl x,» % SRR 2 AR, BOARAE 2RI o = d, SORFAE 49 A P(x,,) = P(x,) 1
S, WRREHE R R AR IR AL .

WS S AR, R 7 BRI 2 AR A, R AR AR 4 IR A R i
) P CR B0 BT RFAIE 22 [0 1) 1 B 7 SR R AR A 3 o0 Sy DU e 189 LR A
BEAL . WA RURHAEEAL . SR AVRAE AL AR S AR AR AL o
231 IEBEIHDENK

FE E RV R IR T, BEE SRR A RREL B, B BRI R I AE R A
Hh S BCRIESE B RFA K o 3 B AR IEE AL I ] 2-2 oo BRI setg] xR x 43
AHFFIESRLE, £, fy o £y Je RIS, f,, o f | f 3R TR,
AR X WOREAEZS VRN T x, LI R A 0 R R R AR A

RS TAE R 2t , S ATEARRE4E T d, 282 AN T b — I 2 B R A1k
Y d, ,, X ERVRHIE AL E N E(2-1) Fror .

vt:d,, <d, (2-1)

11



S W YN R VAT

RHAE U _
FE A KE L
Sl Lal o [ S]]
T
| . |
fof | : |
[ ztil |
=, |
1
| . |
| : |
| |
I @ |
Y

2-2 B URHE T AL
Fig. 2-2 Incremental feature evolution

232 HTENFHERK

FEW R RURFAESE A T, R AIE 2% (] B 55 I (] i A= ek A3 A4k, R
JFE R BB AR 2, 53— 3B R AR EARE AT R IE R O B TR, SN
REAE LRI 57 B B, W AR AL an 1] 2-3 o

HEAIE _
BE A 4 AE
AR
.
L5 I SO o
[l z,
mT
______a;; _______

P 2-3 i A R AR
Fig. 2-3 Gradual feature evolution

K 2-3 o, fEMNEAEWIN (1=12,...,T,) FESDRETSH: HRER

~

fE4ES, ={f, ,,.... T,_yeR* ", fEERAELE S, ={f o mzr-ees o ye R AN

d;—m+1?
B s, ={f, ,,, f, o0 f Fe RS, Sl X, MARFIEARINLS,, S, ], S
Xe o FIRFIE IR [S,, S, 15 2 S5 T A S 1 PR A5 A0E 2 1 6 5 A TR FRRFAIE 5 4
S, BUIARFAEZS (B ELE d, —m ANV RRFIERA m AN AAERFE, X AP RFAE S

d, —d, DETHRFAE I AE TR A ), AR R AL A TP AR AR A3 [A) S, S Rp AR 4

12
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JZ d, BB TS R (2-2) s -

(2-2)

t

_JIS,.S.]1eR® t=12,...T,
[S..S,]eR=™™ =T +1....T,

233 SRTENFIERWK

FERAZRURFAE AL T, — B 200 R0 25 [ R B EH B TF AR AAE 2 6] [
TR SR RYAFAE AL XA LE T, TR RURHAE AL I 5 (0 49 A0F 2 8] 58 42 A
[, FEARFAE 25 1) A AR AR A FR) aad A o A 2 8 i 48 S 4] () RS 45 79 AR A 225 1) 3 [ 3
B

FAFVEAFEEAG N 2-4 Fos, @i, —ANMEE B t=12,...,T, N, 54
X, HIH AR 5 0s ={f, ... T, eR® pT#li & , 7£ 08 & 10 5 & i
t=T,+L... T, +n WA M S X g, X 0o X BT HTIHRFAESE S, FUBT R 42
2 =1
RAEE S o HARHEZS A S, SRFELERE d, Bl A R) A8 A0 i i 20(2-3) AT e

13

o By e £ Y RO SEFHIR, 2 EBEBI T x, ., HOHSAE 22 )

w
—h

S, e R% 1=12,..T,

S, =1[S,,S,]eR% ,t=T,+1..,T,+n
S,eR%%  t=T +n+1..,T,
d, t=12,.,T,

d,=-<d, A=T,+1...T,+n
d,—-d, ,t=T,+n+1..T,

(2-3)

RHIE

FE A 5 A

], |f/t. f41‘+1| |fﬂ2|

B Ty
il

++++++

K] 2-4 RAZTRURFAETE AL,
Fig. 2-4 Sudden feature evolution
13
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234 REDHDENK

TER A BURHE AR T, AT PR A B A5 AR RHE,  HAFIER
R E k2., KM E 2-5 Fros, B a0se s x, HRE = (5N
{f, fpes T Fe R SEBL x, VRFAE S XS ROA LS,y fy |, f FeRY?, PHSE
151 (Y RFALE 2 8] T BB 5 M TR IRFAIE T B A & AN TRRRAIE , 504 AL PO R AOE 4% [ ]
Ae & AE AN AT IO AL o BRI AR RS AR P =i it =j , MELE]
FIBARRAELERE d, 5 d AN, HoE LAn=(2-4) s -

Vi, j(i = j):3d, = d, (2-4)
REAE I
BE A RFAE
fi | | fd‘ |fdt ]| fd, |
T
T | |
z, |
n ! : |
I I !
I | !
| ! !
z, |
Ty | |
Tiio |
\J

Bl 2-5 TR 5 BURHAE T AL
Fig. 2-5 Mixed feature evolution

EARUHME, BARE 25 AT F e e & EREE T £
{f, fprns f e RS, HIX R Z MM —Fl, HIE FXP RS AR )35 46 7 50
AR B FEEDFFRIE RN, RHEE A R /R T LU B, H
a5 % (R AE VA0 1) R AT g (RD B R B AR A DL B AR T . kA, BR
REAETEAG 1) R, AR AN]SR #8538 A5 BT AN IR, A6 SCHR [S5] 7 Ay “ 1 5 1Y
FRAEIEAL BRI P HIXGREE (Doubly-Streaming) i) 8,  F453x Ff X7 £
PP ABEE SR (Trapezoidal Data Streams); Hou Z514704 i 5] B 5 SAHEHE
AL (Feature Evolvable Streams), J-7E SCRR[O]H IR AHOC TAE N Z4FE =
[~ >] (Multiple Feature Sets Learning), CHUKHE A “ RASRVEFEE L3
PR He SEIOORRURRAEAT R AR (0 I I U RR e G IO 484i8 . (Capricious Data

14
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Streams), CHUKHE U TR ATV E AL B R 7.

2AFHEREUEIBR T LKA

AT DA DY SRR AL ) R (9 2 2] O A2 4R, kT R A L AR A,
A T FIVR & TR AE S AG R ) 20 2R 7 AT B S5 51 . RV X e U7 V0 A kA
HURHIE AL BRI, B OR8] B A T AN R, Hdh i 0 A A8 S
Ptk LR 2 R g 1 07 S ANIR], AR SO EE T R AR B 5 VR 5 Y AR Ve AL A U
S TTIE IR .
241 IEBEIFHERUEIRERSE

o ) 1B RURFAE VB A I ) 5 B SR B 3 BT B T S, 7 SRR N AL
e RAFRI AT RE, SR B 1Y (R AR 2 1R], (RIS Dy 3 s ) I 4 2 R A, R 2
SR BB 24 1) B A IR L RS A B A A 7R A 8 F AN e 48

FAE AL SR S ARG, Guan ST TE LA I 28 X 45 Hh 2 2%
JEIFE I — 4B BN B R IE 0, R A A s g & 57 > 575 (Incremental
Learning in terms of Input Attributes, ILIA), ZEIEAE =1 B EME 1
H, I 2B R BN IH 7 W Z8 T A2 B iR 2, b ST IR,
SR AR 2, MR AN 5 70 RIS e N R T B A A
by fERYE 2 v, TREMEIFNZH R T, ERB 3, TEHEHN
NN JEVER B 55 A S IA A B VE R & — 3. RN E
PSR, HSCAHRMANEME B, WPRRSE I 7 M 2% 5 10K 7 P 2% &
o, TE G RRRE AR AL ) B e e I 4 I, 3 AT AR N g N T IR AR
BRIP4 . ILIA 5B RBAME NS S E AN B g & H, RH
B OB TH N1 73 R A8 (R 7 VE K& ORI ZE BE RS, B RO — T N &
YT N HT RS

Zhang SEE°MTE LR 2 o) HHAR IR MRHIEE BAHSE &, R H— ol i 5 TR
FEAF IR 2k %% S] 3 (Online Learning with Streaming Features algorithm, OLsk
for short) S HPRANARAAR, M0 IG E RURFE AR AT RF R 2 ), Hoh o 2638
FHRAE 22 SIS FH ) PA B3k (Passive-Aggressive) B R BEIT %), X T
BB AT xR b — e K9 28 w BAT T g, =sign (w, -T1,,, %) » 3K

\

15
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WO SEhRS y, Ja, R 2588 W, W13(2-5):
Wea =[w, +7,y,H, X, 7Y I1,, %] (2-5)

Horr, ¢ AR, w AELER S w, PR &5 R ST
AREARRFAELERE, (HHA R AE TR T ZAR MR A S i) bR 2, et
AT 5 RAT 55 9 HBH % IR B RHIE 18] ] e AAAE I AR LR MR B X R

EEXT OLsp SVE ML Mt HEi 5 1 1 JR B 1%, Beyazit S5024% h—Fl B
PRAEZE B2 1Y) SRR 2 AT 2 R 4 B0, B ST B T 15 7 A P AR
AR elt, DOMR S SISO, S R R A g K AME BT AL, Sk R
RS (1) 52 2% Mk DI RS AR A IR AE 25 18], 24— ANRRAE 2 52 de B o (1) 1 27 461
x, BRI, 2% LL5E A 1 07 A4 d, — o] AN\ FTBGE0Z 5 RO FBE NI 4R
WA, 43 ECHT ARSI NS RS0 R D0 2% DS S YRR AE 8 (14 B2 1 s 1 i A
RUME B SR A AN WG IR 73 2R A8 B o 207 kb 1 S AR A DU B G K )RR
N6, I HOS A T AE S BT R AR RRBLIR IS AT IR [A], AHEE T OLse 54
%, SLFN-S W Siod /& 5 bk H.15 21 58y fa] 5 1) P il Jt

ik [63] # 3 A5 P vk S 735 (the Dynamic Fast Decision Tree,
DFDT), it EAIMMEHE Hoeffding Bk f VF 3G INAFAE 25 1] . SHVE 1 b i
Hoeffding 4%, SR /5407 S5 B HEE S5 2 75 BATHURAE, a0 SR 5] i RRE 2
] F e F KBRS R N B4R AE SR Fo 35 R DURE A BOE AN B 54 X )
AMEm AT AR, Bl SR A 7 T N RS e BT SORAE BT, AT
$2 e AT PR R P DA S 007 1) 3 I e B8 PR AR A Y8 1 A

DR Ak B R A L 1 1 YRR AE VA IR, SCHR[GATHE H — o i) A 25 B R 1)
14 B RFAE 73 W) 27 2 7 VE S LA AR A, g — e i 549 x I T S SR
BAEREE f, MHEE TG MAEL 3305 > RIEFA A B SEBIHEAT ARSI
FE SN B TR YRR R I 70 K38, SRS 78 L SRR A0E 2 () 5 38 e R AE 2% 1)
b, 4G OLse BIEHIAEL: PA SEH SRS AL ZRAH S AL JE N, SR BN S H 43
Fedi: AN AR RS — BB A R AR

Liu SEOONRI R 13 A SRms 5 PA SERTSRIRARSS &, 75 PA ZB)5IE PAA
(PA Active) Rl b3 — 0BT IFEZR BN S0 B 3 & A RR AR AL R 1Y)

16
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B9 PAATs 12225 PAATs (multiclass PAATs, MPAATs) A FARA SRR T AE 25 —
DFRMZ 7 RALF . B mi— s x I ERBNEEE f, 5
FLLS S92 AL, e S qgi] 75 f0 B AL 25 30 SR SR 25 R 2 11 A iz se 9 i 1
EARRE, & AWM E 7 >0 8%, 10 )RR 4 25 1 31 1) 0B PR 25 T S ek 45 2K
Jai, AIH] OLse AT PA BEHT SRS K B8 70 806 . {H OLse BHEAN FLLS 55
EAFER R, PAATs HIEH BA AR B LR, 7 (4% S8BT A
AERITEOL T, BRIT Eh A LA x4 2] 21 RE IR S
25 b, P EREAE AL IR (0 2 HLE T OLse S92 Pl & BRI S VA AE S,
SLFN-SE2IF1 DFDT Skt Sy iy, gt — B m i R 8l 0 5 4 26k
fE. PAArs HVEPIRI FLLS HkPIE OLsr BIAIIAL LA S TEL E )% o1 4
AR, SRR RIG B AFAETE AL IR bR 25 3 R P ) AL
242 HERFHERUWEIRERSE
FERFAE A AN W AR AL B R v, A AERF A ZE S AN B S NI 15 o0, I8 A

FIREER /- RFAETH 2%, T 53— HB 0 P AEBE Ok B T R S TRAAEIE AR, ORI i A2
FRAEE AR H) 20 S8 ), SRBEAE T an i TH SERRAE 2 TR AR LA S, SR BRI S e
A5 S B8 AR RE

Hou % 5OLEL A 38 S R sk R ) — i 302 2] 777 (One-Pass Incremental and
Decremental learning approach, OPID), & IHFFIEH 3 IHRmy, A —1F4
SAEE K, I HAIPRIE R EAAAE, ZEIR VRSP B (C BrBo A
TR B (EBTBO. £ CHrE, JeRERFAETH 2k BB P R AE B A 5 BB 46
FROEAAAE I BR L, BT B AT A R AR AIE (0 H0 S I 2R i) 23 2 8 s n— B 29
W, XGRS 3R KA YT, nal(2-6) -

o , & ,
min ;H(W %)-yi| + ;H("V(S)' XYy, H

Mi”(“” %)~ (W, x) 2)
Forbr, W A\ 23 0 8 SCEE P AT RRAE AT RAAE B0 2888 R AL 4 > 0 21
EBILIREENNSE, p>0 R ENLSE. /£ ENrB, MASERDT
gt WA IR, Wis(2-7):

_l:"\_l\

(2-6)

1+

17
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minwl (0 (22), ¥o.) + Wl (1 (1), ¥y ) (2-7)

Hey, w, >0,w, >0,w, +w, =12 FHTP A0 KA OB, o RIT 258 UAE 70,
Mz, BRI AREESR PR AL

Ye S5 IOOIGE H J I Sy TN 2% B S EAT AR AE 1) e R AAE 2L, SEINTE BRAE
2 ) G ORI FH I R A PR IR 2R, e o PR A i e SIS Sk ik & R R R AIE 2
[ AN — S0Pk o RIS B H — T I RRAE o0 {5 B 465 (Encode Meta InformaTion
of features, EMIT) 3Em&, @i odmfdXy FH401E)a, SEBLA A D& HET R AL oS
)N BBt , SRR AR R BRI A . PRI, BEMHE 2R BE B AE B A3
i AL BRARAGAFAE , (EAS R Z AR AE TR A8 IR R A 3R 2

Dong ST\ FE 2 3] R B ST T SRR IEARBARE , 3t — AN B A SRtk b B
BY I, SONEAE RSB (T B MERME (D, £ T M
i, AMTHREHER R ECE S R, R IEARVERRE AT A REE CRLET A
FAERHIE)  BA P Wasserstein JHES5 &, SRERAEFAIFEA Z [ ARLLPE
KA VBB, AT Br Bk R im R ik 1 R 5 1 BE 040 i BT R 2 1) o

Peng 45198155 1& — AN BE g SEBR A B0 i 0 35— — R A WS AR AR E 1
PRI EOHE IR, IR AR 2 3 R A T AR A P M S TR AR B U 11 3 HE 2

FEMC, Jfi—#42 1 FEMC-kmeans Al FEMC-knn SRR RAFAEHAL TR 2K S
SRR A B AR AR B A 4 — R AN FRRAE A M R KR
REAESE AL, I 27 > A AP R AE AR R ) SR AR AT T AR AR FOAS 2 X T
ILRRFAE , 0BT 30 24 PR R A A AR AE 25 R4 J2 BB AR s Il vh s W T2 5
B NS, (E AT kmeans SBESRIET RIS, BOE KA knn #4702

AR TARBU T N RAHE PRI ZAE R, IR AR AR TR E
Fr. ONSEPLE BALES, OPID kbR EML SRR 5 o] & B i 55 S F AR
Z IR ARALLRE,  DASEIRME SRR 23 ) R A8 S . REFORMI®CLE FEMCIE8143
A FRFAE A5 SRR B AR AE AL, RIS FEMC S50 T 6 R AIE 8 AL Uit
BT M BIIRE, HhRE TSR TR .
243 REBHEEWBIER S K

RAZTVRAE AL B A 78 A T IRFAE 2 (], A TR AR AURHAE SR A 111
RO 5hg T2 R T £ TR 7 T | R 22 ) ) e B e Sz EDAE 7R £ 28 ) 5 5

18



S W YN R VAT

Hou 51719 YRt F 50 S RO A SR AL IR, KX PAETE BT RFIE B B0 IR E
TV 2R R 2 S/ o FESL 27 )63, 3 sUR FH 7R 2606 B2 T B R0
B AT BB, an=0(2-8) o :

W, =TT (Wi =7, VI(W, X7, V) (2-8)
v fa—bli=12, o HARWELIE K. SRR
AT, ERE R ES N, 8l A 2(2-9) s 1 f /s — 3ok 2 S NHTRE
TERNARAIE I MR FEAE FE M, W TH 2R R IE >R 3 FH TR R I 25 R 1 A A2

H A I, (b) =argmin

T

min, 32Xt M X (2-9)

M eR %24

FESEFERS BT PR AR T 58— TR AL B T 45 SR 4 & R
T MR BN AR R AR AT, AR i etk RE .

b 55 X R T AL B R 7T BOIR N, Hou 25021 iR B PR AE 25 18] AR 1L 1)
BB W AN FSOL, 1T B SE PR IR B AN [A) R AE s AN AT IS 2K, I8 4 4 H
PR ES AW, B F 5 H 3 AR 20— —F A AN AT J000 e A 5
LI TR (Prediction with Unpredictable Feature Evolution, PUFE), H:rf [H4RE
AN SR 9 2R TR 2 RIS H 3o DA AR R AN T T A AR AR SR K TR R, BV
FIF 4 Matrix ChernofflSff 5 R 11T 6} 8 & HAM A e B fE A 42, 13 BIph 4
JaH e R E WG, YA AR B 5 i R R I R BT TH S A R DL v 70 25 1
fE.

FEHE—BW T, IR R Z IS 5 AR AEIRAE, BARIE ENLHAR
A AR G5 it DRAR RS B SR 1) R, AELE 5 2 — > G p DX R A A 38 70 AAE s R Al
B3], T Hou ZEUOME A7 it & A FRAFE S AL I 2% ) (Storage-Fit Feature-
Evolvable streaming Learning, SF?EL), %1% &/ bbrZE %R, FIH R E
WBAN: FESL B B4R BB #0y ARG eR 87, AT BRI 38 P A2 4B 2
TREHAT IR . R, FPSRI— M2 =R 2 b eng, RIS E
TE T X LA IS SRR

H AR AR A G ) I 800 oo AT B AT BE AR Ak, SCER[371X FESL BEAT ¥ R fift 1k
) R, SRR b 2 3 ) e SO ARRAE 25 TR A2 A m] HEAL IR 22 ) (Feature space
and Distribution Evolvable Stream Learning, FDESL). N7t 43#)H IH4FE =S 6]+
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HIEE, RBEAE T 9K & W IH APk 2 8] 5 R A 20 1) 22 TR) B 2280, XS I — (]
R — M ERERTE— M ER, JFRit I E R &ML EDM B
2, MRS 99 AN [R) R I 2 1) 1 22 5 P2 ke i A Y V2 AL

8 FHAE G b FE R PR AT B AL ST I, AN AE 2 BT IR I A 2 BB AR Y,
A RRAR AT M3 w5 7 M RE,  Liu S8R H — o 556 T 49 20 B ks B 397 SR WS TR RRAIE
WAL %% ) Bk (Passive-Aggressive Learning with Feature Evolvable Streams,
PAFE), JLHhgl NFELL PA BETE H 70 K68, inx(2-10):

Wi =W 7, Y, X 1=1,2 (2-10)

it+1 i

Hdr, 7 =minfC, ¢(f,, y)N X3P} - 5 FESLWURFEIRJE, PAFE HAMeI 2] %
RFAE 5 T A 22 [8] FROAH LR, AP TH A AE = 1B) LA T (RS, iy LA
|F RS B 50F 35 A B BEAT R UR Ak, i i o 79 A S A5 R AT 2 TN B A e A T
D, SRR A > 25 B WCSioE BE A e 2R RCR . AR T PAFE SLVENAAE A — By
15 ERHEAT TR A 2% S 5 S8 7 1), Rk — DTy R8s tERE, Liu 19
BE— B IR RO FT,  $ AR AR ALK B AE - I AL 2] 5% (Confidence-Weighted
Learning for Feature Evolution, CWFE), &8t 51 AN E 1) H & B 1E N4k
AROW J7 9% B8 O 2] BB A0 B AB A %, S B3 s TN A2k g 5 n bR e S50
.

BN KBHE I LR FE 2 ST EES 0 A7 R R 1L 5 AL F) v 4 5000 V7 ) 7>
2 U] 75 R A AL S B AR AR R B, Lian 25 AR H BT I 78 2R IR B 22 )
(Online Learning Deeply from Data of Double Streams, OLD3S), HAZ.»E4E 2
FIAE 73383 A BT IF AR AIE 2 T) B 3L 20 7 7 ), AR 2 =) H AR HE SR 58 S
(2-11)
mini{zm. (¢)+£REC(¢>>+Z£CLF(ft,¢>} @-1)

Forb, ASSMHEEER £, 5 BRI £, SEA e S T ST A R,
ISFI L, BRI TSR IF 4 2 3 LU I S0 . OLDSS {5 4
HOMAR R LR, HLTR RIS K5, (8 T 7E A S b
SR B A T NS O AT SE R, T A B AR 34
RIS 5, R T DAL A S T 1 49 2K 58 M T B 7 2 2 2V B, s
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IR A /MU TE 28 43 S T8 R S B I T RFIE R R I 7R 22

B RAR RURFAE AL IR RIRIE T, SCHR (A7 B 1r] 30 e o () S B 2 2 ST A
[ 2k FERHE 2 (] G R B, BEJS Hou 5L 54 PUFE SEyEA SFPEL 5
2, AR AN B R 5 iR IE M RO A AR ZE A 2 BTG L, EDM 5592
UP21F DA SRS A1E 25 1) 5 M0 23 A7 TR P VB IO 1S 0L, Liu S 08153 R B — B 5 —
Ir(s BIRTHE L S SRR fE, OLD®S kPSR g 22 S My g AR 2R M 4 25 8%
RS
244 CRABSERUWHIERD X

1 T B AL 22 (8] R AR AR AN W I THAFAE S A 2%, AR
R FC AR AR RFAEARAG BB AT AT IR A, e rp oK 22 B335 b 2 S 308 P AR A1 5 )
7592, TR S B R AE 2 B AR A I 1 L o

Beyazit 5 PE H — g (6 75 26 2% >) J73% (Online Learning from Varying
Features, OLVF), SKRIUAFAELEA RN A2 FAREARIIE. B, Xk
BNRISER x, 2 SR S 43 S A8 R S 4% R B 21 BT L = RHE A A B, R
FAE 2 (8] 70 K& w, tH R B AR R, JF B d B AR 4 S22 28 A% AL E
w, =[we,we,w ] HIEE XS H bR R AN R EHOINAL Hbwe s wis w
T3 AR T RAFAE 25 18] A AL 23 18] DL ACH B R AR 23 1) - feJim 91 NSRS AT
BRI AR B R R -

He S0 th 4R e o1 SRENLECR IR 2 2 0k, AN BIK 00 521 %)
FEAEARAN, SRR AR 2 SR IR R 2 (A 2 TR ) OC 2, FH A A R AR Y Ay
i AR AR A, P o B A TR R s 3 AR AL 2 1) o ) — MR AE A T
ML RN IZRFIE S HABRF AL Z B A9 5C & s dJm A28 RPRFAE 22 18] N I ZRBE B 22
8%, ZHEBAEEER, RAAT PR G TR LA I o2 > A T H .

AR R T AR R T A IR B AN 58 4 B 1) R, SCRR[57] 7 42 HH — b B i o
2355 (Online learning in Variable feature Spaces under Incomplete Supervision,
OVSIS ), 52 i — Fh g 1 4 pi 70000 A0 B 3 48k W7 B9 22 5 86 2 0 B B0k
(Alternating Gradient Descent with Ensemble prediction and Sparse truncation,
AGDES), B EFFLAER A N 7870 A A bR Sl 508 70 e a8 I F I bR i sl
B, FFZEHEEMREE R, R AR S B0 2R E 2 W B, 52
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WA FVRME P AEAS (U BE I SRS, A F e kR ic se 45 7 i 2 800 B %
ik, R ENI N (RP-Tree) KM &L LA IR, DAIRT 25
RE .

R ZRAEE AT BB 705 TR B A R B 2R R i e, HR B B
TRA BE S AL R REAE I AL AT 0 P e R BN o SCHR[57] AN B I 28 2 11 1 JiE
M, HhIRIRA BURHEE AR A 2, B2 —Fh T i QB (1 VR & s 5 4
B AR, 0 A TR B e A B W] AR AIE A3 IR AE 42 5 21 B% (Online
learning in Variable Feature spaces with Mixed data, OVFM), %%k 14 1 &
PEAERORAL A R, MR copula BRI & AR EmulY, fEESAT &
O L) P 5 7 T 285 7% 8] H SRR AR AR SG M, T AN 5 XA AT RRAIE 11 5L 46 73 A1 B
WEHAT R . BT e N RAE R Y R, DR TE VR ARt b 3 e 3
AL ]

tbAh, —SERE T T AR B R AR R AT B AR VR B B AR A S8 A It o AT AR AR
HHE. Wu PR GF-CSF BIEANESY, TERHEEREZ AR B e H 7 4
(Latent Factor Analysis, LFA) U4PIRSZEURFAEFALEE, ST IR A BURFIE T
PR AT I PRARRAE . BT, You SEUSHE 19 2 R R EE #0712 (Multi-
source Causal Feature Selection, MSFS), EH T &M Z i 5, O£
Vs I AT 2 VR B E A L S EE S Hsh D RRAE ) 2R R A . A E S S
A EL S ARPAIE ) 2 R 1 3%

i L RTR, R TR A BYRHEBE AL IR B S TAE T, OLVE 5P, OVFM
BEVAIO0L 53 Tt T 2R I B 5 R ME B ) AR IE G R, GLSC S, AGDES
SRR S A R 4 P PRV R A SRR AT 72 A R 3L, 30 3 A 30 P AR 2 1) S LA (1)
B, XEFR RS RN INBG AT AR ERAL, i GF-CSF SEIIA
MSFS e 25 & RFAE 106 4 75 V2500 A W] T3 )V & BRI AL R AT 27 2

2.5 RE NG

T 1A 5 AR 7 A B RO AL 70 SRAZ I ST IR RS, A SC A B RR AT VR &
RT3 o AT NZASTT I RFAEAL AT A0 B 2 . B, SR
A E X, I R R R AL T AL AR AR S UM S R AL T 2, SRR, 45

FEEALI 5, SRR AT IUIRANE TR, O Ja SEWT 7T N 2 B BRIR LA
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BIE A THREGTREE DR EIER DK FE

BRIy AR, B FEN G330 42 4 25 It v 2 2 7 B A RG] A
RYBEATIRACSE B o T PR AR I V6 A i) 8 ) S B e M) P AR AAE 725 1) 22 ) PR AR ABAAZE 5
I KR FE O B g s iR DUR B 4 1 2 2K A .

LA AE T TAE K2 R RRAERI 43« 4RI Wi DL R R B b 42 55 07 v AT
FIRLR B Sk . LLAnTE 2 ) 38 S AR IR I AL BRI, Zhang A0S H (1 5%
TURHERITELR S 2] OLsy B2, X BENER BRI 73 AP FTGRHE S
P SRR, i o A A B - AN FE . MR PR IR 3 REAE b n SR ) 2R
7Y, OPID MG HHRAFAERI 43 i JAFIE (Vanished Feature). f7Aid AL
(Survived Feature) FIH¥5R4GAE (Augmented Feature), T & 45-4h f 197 2044
B SRR AR L S S LA B 0 28R BT . R TR R 2 1) 5 v AR BE
ROE N5 2K 2% S5 HAR R AE4E FEA — B I L, EA 5T EXEHTRRAE T BE I 2547
AFAEV JA B 10 BTG 325 4 2ok B« FESL SvEI7 3o 46 70 i TH AR A 2 ) f 9%
RFEFE, FEE B A LGS Bl R ARRAE A3 (8], A AT 73 S a4k 2 SR STl . 4%
TR UEZ T EAT RO R SR BREAE T2 = B 1) 5% 23 FE R 5 AT BEADL5 9 AR 0k 2 [] £
R 5C 28, 75 T W SF i B4l A7 A O 220 S SO R BE N o SCHR[51] 0 $2 Hh T
[ REAE b AR VSRR 7E 28 7 SR B, I Is P TE 2R MR A h 4 D7 VE VK SR R AR A 4
P SEMUBE RS EE H, AR T f SR AR 1) 4 SR ] BE AT ARFAE TUR LB S AME . A
I 25 FE 3 S IR R AR, B SR AR I R AN AT i G 2 B R MR S e SN
RPAESE A B, 1K R B F2 I A A iz Ak e 7 e AR AR s e 8. R,
X 5 ) Tl R 1 AR A Y L AR U Oy AR A

BT, AREAR Y Rh L T W SRS R AL AR R 2R TR . G,
SN SR R eR B LR v 2 7 s O T SE e s RS R TR A E R e A [l 1
Sk, R ILIEER R BTRE T (8 5 O RHE S B A B R &R . Ba,
AR Pl 4 o 7 SR AR R 28 BT AR S AV 4k k2 o), B Ao S B E R I45  E
B VR 2 ) AL
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3.1 [BlREIA S 53R

FERFIE AR T, R R AR ) B Be e AR 4k, anl&l 3-1 B
B, T, WERERAIWARERES, HhE B BrBt NIt
DA, X S H s A R AR AR R AR L FRR . BT, BB, D EE Bk
RO 2] B B . AR IR, R BOSGR RUARIT ARAE X R,
F U BRI S A T

DXHi=1~T,-BR, KB MBEARREA XY eRY, FrarEALI ok G5
ﬁé@%g:ﬁj; ..... ﬂjd@,ﬁ¢¢%%ﬁéﬁgmﬁﬁo

T1

@M i=T,-B+1~T, 0}, ﬁé&%%ﬁ&ﬁ%ﬁA”:“[ﬂﬂx@]dJLLBJ

\
/]

) XD 4 B ERFAE 2 ) S, B S, ={ T, B, £ f e RS, Hord, REE S
[F] S, HI4ERE

@M i=T,+1~T, I, KB BEAEREA xX? eR: , FraFEALIKE
REAEAIA] S, -

Feature Evolution

Feature Space | Feature Space 2
filf2 fa| filfa fa,
o’
_________ ;;QT""""
o
£
e o
—_""“;;;‘JI_’:; _______
33%)7.-”1
B[ T T - T
"""""""""" 0
m:(r?il
] 7
__________m_g) __________
v

3-1 RV AL B i
Fig. 3-1 Feature evolvable data stream

AR S VRS MR T A U T 2, g 3 B 1) AR A 5 A i I SR T ek
S pR AN IR R (LD QAT Y RAT R 73 S R 5 3o i R A At 2 AT T
FFUREE MR A T (20 AnAnT i S AL AP AIE 2 1) B P g SR AR, 7 PR AIE 73 KRG LI
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[7 ] 3 4, 92 VR VR 2
3.2 BT HFERRET YRR B 1E B 57 4R B

FE FIR IR AR b, B FHTBUR A SRR A B IR TV FENSL,
BT 5 I AR ZE AN AR SC ThREAS N Pl 3-2 FiTv . fEThREME: 1 b, S8+
0 S JR A SR X 49 SRR ) B RH B AR, AR5 M8 2R A SRR I B LRI04 S, I3
PEREAT RN 25, EDIRERE 2 b, (EBIILIIBEE ) S RIS, 2 [A) i Wi A R
M, A b B B ZR RO AY RS AL BT O RFAE 25 (8] FP e S . AE DD AR 3
A 2R AL Ak 4t S, (00 it 34T T

s [ ]~ [ A~ 10 ~ —
AN /\

)

|
Mt HHs
BRI v ﬁfﬁi@? b2
S N =2
K FURFE 2 7S, e o FRFE 2 [ S2
O JEEE s E e
R s A '
e FABAERM b

VIES
Y Y

I RAR ., FIFIHEREM ¥ 5y 288 HOHT K
Model € R™ B B RIE 2 7Sz Model” e R®

3-2 FENSL [1IHEZE
Fig. 3-2 The framework of FENSL
321 BENMERIZK

RV R (1), SZHORI SR s AL 5 A, ddad 5] N ORI SR e R A
s, €[0,1] KRR MG P 56, AZAE R SE) x, & T —28 y, BUE . ORI SR s B
B F T8 78 A [ S 0] fi 28 D S bR A O R2 I, FE B A R o) h il A
TER . HET 0k, RAZRAE SRR R A 688 . BRI 5l AW SR
BREL, RIS A ST s, SO RS SR ) R 1 B

e, I SR R I R B0 R R AT IR, R ECIE SR SRS (K A AT X, A
X Z FERNZEF L, nx(E-1)FR:
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I+
X, :I1 > X
+ i=1, i>0
1 |i, (3-1)
X ==Y x
I, i=1,y;<0

AR TE LB LR, 53 RS ERRE S M, s
(3-2)FrR:
r, =max{ll x, - Xl y; >0},

3-2
r =max{ll x,— Xl y, <0} (3-2)
CLIESEGI IR B s, ], Hat S ainA(3-3):
 _[Al xR )l xR .
A (I x =% M (r, +)). T =% <]l x, =%

g, A4, HT-FHESEEHMERSH, 4+4,=1, >0 N T HHL
=0. fltn, 5@ —MIERTE %, HRH Ix -X <l x-X1I, WER s 18
FEEK, AH, SRz e b B e rh o e, T 3E s 2 4 B A D 73 BL s /N 1)
s, B LR 7 V2 AT T 0 57 2 S B BOR SR J 2
FENSL Y H b 43 AN AEFAT BB T, IXRE A3 B8 1 i #0R 7T
REFEVT IR SEH, IF Hom B o5 — A8 sef,  ana(3-4)Fn:
w x+b, =0and w'x+b_=0 (3-4)
Forr(w,, b, ) AT (w_, b ) 43 50l 2 7R Dy B IE A7 2R S 4436 )P TR R A, S TIN
(PIROR SR B e 2, 15 21 i =X(3-5) F1(3-6) T 1 2R M AZ A IE A AR -
min ncllw, P +7,ll X, w, +eb [ +c,s'¢
w, b, & (3_5)
st.(-1)*(X.w, +e,b,)+& >e,,& >0
min 7¢Il W_IP + 72, X _w_+eb P +c,s]¢&,
W, b, ¢y (3-6)
st.(+1)*(X,w +eb )+&, >e, & >0
Horpe (i=1234)FRE0R T, &, & RpmMuZE, e fle, XoRidHgEsy

WA R, s o s FREBIRERE, o Ry, 25T RS, KR RE
m:%:%o EAEREIR, s o s H/h, BHE . & MM/, Bt

T ER MRS R B . T NI x, AT RAGS IR e
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Hn=(3-7):

f (x)=argmin, (3-7)

|| wTII
FH UL AT 20, e SR T AT DA RO b A 0 e 7 4540 A R 55 e AT s . 4R
7 3-1 45 H FENSL J7 3R AR

Bk 3-1 FENSL

A g XY, kg XD, 24c (1=1,2,3,4).

B s sl X P sy

1 Was e w, =[0,0,--+,0]e R ;
Ik g .

2. g X O g AR S,

3. %Uﬁﬁuu%iﬁwﬁx VN ay K

2B A

4. HRABELD: 3-2 2 STWHERE M

5. BUIALS, BIEE S, BE KM U, = MTw] b/ |;
HEATARATII:

6. R RBIA U, BT B Y D,

322 FIIFFIERRSTIERE

EEXTI R (2), FENSL J7 iR 3B p 2 v a3 77 ik U9kl & 1 AR AIE
R AAFE I DGR, X B M ORE R WU 00 R . Rk, FIH
SEIEAE U AR B REGERE M, ns(3-8) T :

min > K‘(MTxi(z)—xi(l)) (3-8)

dpxdy
MeR™= i1 B

B, ETIZBUE K € LnsG-9)Fn:

\
V

K(ii)=e = (3-9)
24 (3-8) T dit /M. 1] ) 85 1A A 2R (3- 10) T s -
M. =M,"M, (3-10)
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Hr, M M, AR 20(3-11) 47 115

T

M= > xPkx®,
(3-11)

FEAFBIANEWIS R R 5, IR A 2 50T DLEE M "w, B 2108 i Rr ik
7% (6] DA GRS FRGIGHT B RS, S0 3-2 45 HA 27 ST WU AR R (0 B0k 2R

ik 3-2 “A AT AR

BN SR X,
B LPERTRRE M. .
Lo iERERE K (i)

2. fori=T,-B+1T,-B+2,...,T, do

3. WM, =M, + XK RM, =M, + xPKxY"
4. end for

5. MR#EA(B-10)1H5H M. ;

33 XLWIRITEHERIH

FEARTIH, HARNALKAE, OFEEIRE. METEMMEESHERE.
NIRRT TTE B R, o AT DU 2H S5 o0 SR 25 SR T i S ik
331 HEKESXWRRE

NIUEA EIEA RN, e 6 NN TR Eak T e, HaREm T
ME B3R 3-1 fron. Hrb di FoREIGEER L MR A] SI4ERE, d2 R A
AR RRETRAAE 25 18] S F4EFE

*® 3-1HdlatEshig
Table 3-1 Description Of Datasets

UG S PRSI IERHASE SO AR d d>
Credit-a 653 357 296 15 10
Credit-g 1000 300 700 20 14
DNA12 940 485 464 180 125
German 1000 300 700 59 41
Kr-vs-kp 3196 1527 1669 36 25
Splice 3175 1648 1527 60 42
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T 538 i L v TR R SR G R N R B 5 — ANRRE S IR, AR R A
PRSI 5 KB — AT R KRR 25 (A o SEI0 15 B 7 AN Y B 1 S ] 4 i
T,:T,=9:1, HILFIHEB=T,.

NVEN TR VR 7 R PERE, R I TE FENSL 57 FR-TSVMBAIL)
K SCHR[AT]FR$E U 5 FESL-c. FESL-s. NOGD. ROGD-f Al ROGD-u #4T
LA

* NOGD: MKIF4HHF OGD HiAEHr I RFAIE 2 18] Fh Il R 854t

* ROGD-f: i ZRPEMUR, K B A FHRAE B 2 IHRHE, S5 H
5 3] B RYEAT T o

* ROGD-u: i Z e, B EAFRE M B 2 2 IHFHE, JFEEH
OGD 4k % 5 7 > Bl A AL AT L

* FESL-s: 4% NOGD 1 ROGD-u P /™ s A R0 H ke fiE = 18] T o 0
A7 TR

« FESL-c: @itk NOGD 1 ROGD-u PN AR Y 1) e L A 7R 3ol 3B R A1E
23 [8] R BB AT T

* FR-TSVM: MK IT A6 VI ZR B F 228 A4 AE = 18] Ao e HEAT 3000 o

« FENSL: ¥ S1 w77 oA e 45 S2 oy, MHT AROARRAE 2 18] o T 2504

%fF NOGD. ROGD-f. ROGD-u. FESL-s il FESL-c Ji%, ARIEATF

‘@,%%iﬁmn¢§ﬁq:£ﬁﬂc%&§,E*c@ﬂﬂuﬂmaﬁmﬁﬁw

R, HRSHC (1=1234) 0 RK LR, Hdc =c,c,=c,, HIE
g@ﬁ@ﬁfﬁ%ﬂ%wﬂ,%@?%ﬁ,ﬁiﬁxgﬁvmﬂ
C,(=c,=c,) . FTE LIRS @I 10 O R SLIA 3], B 10 RIMF
PIMEAS 31 e 0 T 25 2R

AR ILE 4 AL AE—AHSLir, fEome s N TR S Bk T Xt
PL SIS H AT 0 RAERR R, (R SIS, B iR -BANX] b By 56 8 78 2 g
BN LEIRE TS0 Gt R R, 55 =20 5256 /& FENSL ) fi =
PERE M. S DIALSIR0 R SH RIS, i B4 G, (1=1,2,3,4) FOR U

Xt SAE E RIS
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332 MEEHIESE XL

VEAl FENSL [ 8 PERE, ARTTTE 6 ANASIE [ Jome 5 N T84 b kAT 5k
By, BARMEFNER 3-2 Prn. WERRKIA 6 AT AEHdEES, FENSL
1E 4 MERSE M H U 2 EAR T HAh /7% FR-TSVMZE S 2 AN 4 BRI
R, Ui 7820 A A B LB R SR B A AT — AR % . 78 K 5t
UL, ROGD-f Lt ROGD-u EIAFHELF, Ui AEAR IR R AL AL 5
BT o S A 0 ] SR [ F R S R 2 R T, S EUE K &4 O
WIZRIT (O [ 2 4y e 88 I T M R S I Aa s o DRIk, D s o 2R A0 EL A AR v 1 R
E, AP L. OGD HiLMrH a5 4 & 2 IEAHOE, NOGD HIEATE
KB FTRAE 7 (8] 1 /D SRR I, oy RV RETERTA ik P 22 . 2% NOGD Il
(373 KBS 1 TR 5, FESL-c Al FESL-s Bk FRERIIAE: .

FENSL 7£ 6 A bA iR FE e an & 3-3 Brom. b “Output
class” {ENH SEARZE, “Target class” & WARZE, T 0 28 5 50 45 AF
i, ARG REE R BRI R R R . B, German Hd £ IERHE
AP T FORFEAKCR, X IERFEARE RS RN 16.6%, S AR
RO HEN 7.2%, T HHE T 40 R R T S HCERE AR T I, LL EgE R
P, FENSL R L7 e B 1% FSRFAETEE AL i) 7, LA AR e 1 92 B B R A

% 3-2 Tl ¥R 4 11 4 SR 36

Table 3-2 Classification accuracy on datasets without noise

Dataset Credit-a Credit-g DNA12 German Kr-vs-kp Splice

NOGD .6773+0324 59740258 .5091+0279 .6026+0301 .5218+0150 .5120+0088
FR-TSVM .8549+0093 .7570+0253 .8996+0150 .7156+0181 .8753+0073 .7548+0066
ROGD-f  .8506+0114 .7418+0146 .9207+0089 .7034%0137 .7508+0194 .7687+0104
ROGD-u  .8439+0178 .7392+0151 .9179+0158 .7036+0143 .7807%0227 .7611+0117
FESL-s  .8396+0164 .7386+0155 .9137+0159 .7018+0143 .7780+0217 .7607+0115
FESL-c  .8408+0173 .7392+0151 .9160+0159 .7020+0141 .7792+0228 .7607+0116
FENSL  .8564+0102 .7484+0129 .9386+0119 .7622+0086 .8690+0083 .7766+0101
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Output Class

Output Class

Output Class

Confusion Matrix

1413 370 79.2%

43.3% 11.3% 20.8%

98 1379 93.4%

3.0% 42.3% 6.6%
93.5% 78.8% 85.6%
6.5% 21.2% 14.4%

A N
Target Class
Confusion Matrix

2161 148 93.6%

45.6% 3.1% 6.4%
146 2285 94.0%
3.1% 48.2% 6.0%
93.7% 93.9% 93.8%
6.3% 6.1% 6.2%

A N
Target Class
Confusion Matrix
6774 607 91.8%
42.4% 3.8% 8.2%
1487 7112 82.7%
9.3% 44.5% 17.3%
82.0% 92.1% 86.9%
18.0% 7.9% 13.1%
N ~
Target Class

(e) Kr-vs-kp

Confusion Matrix

4 2766 523 84.1%
55.3% 10.5% 15.9%
0
0
2
o . 735 976 57.0%
3 14.7% 19.5% 43.0%
2
=5
(]
79.0% 65.1% 74.8%
21.0% 34.9% 25.2%
N N
Target Class
Confusion Matrix
4 3158 830 79.2%
63.2% 16.6% 20.8%
0
0
2
o, 359 653 64.5%
3 7.2% 13.1% 35.5%
2
=5
(]
89.8% 44.0% 76.2%
10.2% 56.0% 23.8%
~ ~
Target Class
Confusion Matrix
4 6342 2230 74.0%
40.0% 14.1% 26.0%
o
0
=
S, 1316 5982 82.0%
] 8.3% 37.7% 18.0%
2
3
(=]
82.8% 72.8% T1.7%
17.2% 27.2% 22.3%
N ~
Target Class

& 3-3 VR

Fig. 3-3 Confusion Matrix
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333 BlEEHESE LTy
NEIE FENSL B9t e 71, 76 6 NANF RS s N TR EE FoRAH 7 F
TTE B AW R R L3 3-3,

& 3-3 E kAR LRy KRR
Table 3-3 Classification accuracy on datasets with noise

Dataset Credit-a Credit-g DNA12 German Kr-vs-kp Splice

NOGD  .6773+0324 .5974+0258 .5091+0279 .602640.0301 .5218+0150 .6372+0194
FR-TSVM  .8543+0116 .7146*0144 .9019+0148 .7196#0.0172 .8791+0072 .7481+0050
ROGD-f  .8402+0180 .7102+0270 .8941+0146 .703430.0137 .7394+0168 .6448+0149
ROGD-u .8420+0171 .7258+0141 .8892+0160 .7034#0.0139 .7727+0255 .6427+0162
FESL-s  .8362+0184 .7244+0155 .8865+0172 .701240.0139 .7697+0253 .6354+0170
FESL-c  .8396+0174 .7258+0141 .8871+0160 .7016+0138 .7715%0255 .6453+0169
FENSL  .8558+0119 .7264+0138 .9072+0164 .7500+0121 .8399+0082 .7551+0104

BRFEREARHIMEA 0, 2N 0.2 MmN i ee N (0,0.2) BEHLF= . SE56
Fopt v B 5 SCHR[34] PR — 3. ATLAE H, FENSL J7iE7E 6 DM A THELE Lo
RYEREII T HAb 7 I, X W% 7 v A A 3 R 7 R AL 402 THT IR A 280k
NOGD HIPERER I 2, X2 K NIZTTERAHRE R EEE S E il DA R LS
Frllgrte el 00 58, ok, 7€ 6 MEEE TR 4 1, ROGD-f 4R
BT ROGD-u. XFHELRFRW | LR EA I H IR R s B, BAT T B T IRAIE
Oy FAGERURGE A R . RIS, A Rk FENSL 45 BRI, 7E:
PN, FENSL HUAGEELE 5 MRS BT REZ) 0.01~0.03, 7£ 2 1M ¥l4E b
SRR 0.006. X ATLABEE FENSL BfF —ERIPi A ee /1. T UL R
B, FENSL 752 5] 75 45 W 75 A5 HE S A B I A [RD A, 30095 R 10 43 Sk g A
B,

R 3-4 JRINAE ST MR 7 R U A BRI R BN R ). fE 3R 4 A3
PitE b FENSL SUE RGBT IR B A b, RUIZ AL 2] R AR T e Atox EE 5
2%, ReillsE FESL-s fl FESL-c 5i%. FE R FENSL i il ] IH 8 7L B s
MESdE FHEAT ISR, T FESL 38 ME 1H 5 2R 28 AR ), SRR 1) 42
Ko FET UL M, FENSL ££5 >3 5 A7 Mk 5 A A Ak T A0 500 I Py A 1R 26 ) 0
ML RE R HE
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K 3-43aATIIE] (D)
Table 3-4 Running time (second)
Dataset  Credit-a Creditg DNA12 German Kr-vs-kp Splice
NOGD 0.0032  0.0077 0.0197 0.0087 0.0204  0.0273
FR-TSVM 0.0034 0.0036 0.0039 0.0029 0.0075 0.0085
ROGD-f  0.0030 0.0044 0.0240 0.0089 0.0208 0.0276
ROGD-u  0.0028 0.0051 0.0196 0.0101 0.0245 0.0256
FESL-s 0.0028 0.0050 0.0188 0.0079  0.0201 0.0278
FESL-c 0.0038 0.0050 0.0181 0.0081 0.0212  0.0287
FENSL 0.0021  0.0029 0.0040 0.0029 0.0072 0.0160

334 MRS

Nt BRAE FENSL B HETE, ARTESHc), o, B & WS 0 5 1
GURMRRATER 77k, B 3-4 i 6 AN AN LERERN KUk B s, X5
WG E T E S R 45 B FENSL 5iEFR N “FENSL-without-noise”, 7F 15 18 75 %5
PE4E M FENSL J7¥EFR N “ FENSL-with-noise 7. AJ W %2 21| 75 K 22 5015 L
T, ZHIEE AR ERIELF . Bt FENSL 7ERE S /o 75 24 T 1%
R &, mOMmZE/ANT 0.08, ERETT BEME FEXT T 0K 2 Hs br B Sk 2 T DA
2. BB HRE T, FENSL 757 s FJG MRS 15 O R 1M R o 12
. EAAEERZ, £ credit-a ZdREM LA RTMERIATHMWLER: 4
C,=2°W}, M FENSL Mg EH 2 it Jom: = FENSL. X n] LS R Mk
A REME VR DB B sl o, RIS 2 B 2 A A R AR I 4R T B L 45
o g LATIR, SIS R WSO R B SE i HE T AR, fRIE FENSL 1

PR HEST o

0.860 - = FENSL-without-noise 0.800 - = FENSL-without-noise
® FENSL-with-noise 0.7%0 1 ® FENSL-with-noise
0.858 A 07607 -
0.740 4 - = = =
. 0,720 4 - . . . u
08564 . =, - 0.700 4 ° o o
g N S Boesol  °
< . . <
0.854 0.660
0.640 -
0.620 -
0.852 4 o.600 1
0.580 -
0.850 ; . . ; ; ; . . 0.560
27'3 2—" 2 1 a0 2L 2" 27 24 a5 27'3 2 2 1 a0 2L 2 27 24 a5
(] (]
(a) Credit-a (b) Credit-g
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1.000 1 = FENSL-without-noise 0.820 - = FENSL-without-noise
*  FENSL-with-noise *  FENSL-with-noise
0.980 4 0.800 4
0.960 4 0.780 4
0.940 4 - - [] ™ - 0.760 . . - -
- ]
0920 " 0740 . v
"
Gosooq T T T e e Zo0 .
L ]
0.880 4 0.700 4 ®
0.860 4 0.680 4
0.840 4 0.660 4
0.820 0.640
0.800 T T T T T T T v 0.620 T T T T T T T 1
2-3 2-1 2-| 2(] 2L 23 23 24 25 2-7 2-1 2-\ 2{] zl 22 21 24 25
Co Co
(c) DNA12 (d) German
0.980 - = FENSL-without-noise 0.860 = FENSL-without-noise
0.960 ] ® FENSL-with-noise 0.840 ] * FENSL-with-noise
0.940 4 0.820 4
0.920 - 0.800
ﬁi‘:ﬂ: 0.780 4 = . = = [ = L
D.gm ] . - . - . . 0.760 4 R . . o . . .
] 0‘840 - . . B 0.740 4
2 0.840 . . < ]
0.820 S 0.720
0.800 . 0.700 4
0.780 4 0.680 4
0.760 4 0.660
0.740 ] 0.640 4
0.720 4 0.6204
0.700 T T T T T T T v 0.600 T T T T T T T 1
2—'! 2—1 2—| 2(] 2L 23 27 24 25 2—'; 271 27\ 2(] 2[ 22 21 24 25
Co Co
(e) Kr-vs-kp (f) Splice

K 3-4 FENSL (15t 5 11 g S e 2
Fig. 3-4 Results of FENSL’s anti-noise performance

335 SEHEUBRMSHT

AR FTA T ZH ¢ (1=1,2,3,4) % FENSL AR thsgmd, Ayt
177 e s B L S Bk

3-5 WRTED MR (N THR 4 R w2808 R, A S %
¢ (1=1,2,34) T 1 B i MR 72 fe /MU AT B fe R AR B 5200, FCAE 7E V8
{29,29,20,2,22,2°,2* | iy, BILIAT 49 WBHER. HBILHT R FRSHC,
FIC % S22 RN, KB FENSL M4 FHEREA — ISR, TikE# C,
3, 75 6 AN MRS B R, dEfR &K E . 2 C) AT
(2°,2")JuE A, FENSL KZ REIARIRAERCR . C, MASALX L RE i) sl A

E AR
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0.8561
0.8559
0.8558
0.8556
0.8555
0.8553
0.8552
0.8550
0.8549
0.8547
0.8546

0.7288
0.7250
0.7212
0.7173
0.7135
0.7097
0.7059
0.7021
0.6982
0.6944
0.6906

T Acc
0.9076 P 5 T T 0.7506
0.9071 0.7459
0.9067 0.7412
0.9062 0.7364
0.9058 0.7317
0.9053 0.7270
0.9048 0.7223
0.9044 0.7176
0.9039 0.7128
0.9035 0.7081
0.9030 0.7034
0.8400 0.7554
0.8368 0.7550
0.8337 0.7545
0.8305 0.7541
0.8274 0.7536
0.8242 0.7532
0.8210 0.7527
0.8179 0.7523
0.8147 0.7519
0.8116 0.7514
0.8084 0.7510

(e) Kr-vs-kp (f) Splice

3-5 Z R
Fig. 3-5 Parameter experiment

ML LA By M, P DANIEE R A R UER R AL 3 N 4E EIEAAE 0.03~0.05
YR N, 7EAEC,ER 3 MdE4E LFEATE 0.001~0.004 FSEE N, HAEAR
7] C, B MITE Il NI BRI RN S0 FENSL YERE S22 AN A 1), G
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HR S8 M, HErRRAETHRIEFRGENSH.

3.4 KEINGE

R ZE AR H T LR SR 1 FENSL J7 vk A BB AL B . 207V o
TEEE ML AT 2 1A o S 2 K Bl OB RSB I, 92 S RSB R KA BT A vk
HORT T SRS, P S BLEOR A T 85 20 oK 2 ST ANAN RV ARAIE 2% 1) 2 4] ) e S
FEFE o 1) FH B 5 1 T LR 1T 0 S P R TR0 M T 0 5 0 2% 1 58 5 B0 3 £ A 1
[, AT A — A T 2 3 SRS TR i 5 00 HE AT 00005 ), S of b s
W IIE T % TR Rt
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PAT ETEAFIINFHEERNEEER D LXFE

A Pl 2 > OB 3o 1) % AN 43 R ERALE DUIE AR AL IO B R A I, R
2 & A A S il DI R B A i i Pk RE L% - Bagging . Boosting A
Stacking S5AF 928 ML AL RIS T AT AL I, B SRR s 2 JTE T o
L R o Fe B B AE 25 2 (15 SN SR 2 AN 2R 00 388, AEX B BB A REAT 7328
I, e 2RA% 4% B i O NI AE IR, SRR H OISR A I R AR IR UL
Al S5 R SR 0 S 45 SR BEAT B I

RPAETEEAL ) A, HTRFAE BT, ERrI R 2 R Es R RE A, T
Or IR A RGH BT, HEERCRFE SR KRR, B RAR kR BT s
SRR IZHE IR . 0k, Hou SEWTSEH R AL e 2 05 i BE T A5Gy
IR BB TS, RN 2 R8s 5 HPTUIZR I 73 28 48 AL B A 1l
Mo Liu S5ETSIRE A T4 50 2 50 BT SRS R RR AR AL 7 ST B0k, SR TR 1Y
PN T 5 IR A B BON SR 2 70 2%, DARSARARFALL 2 [R) A2 A0 0t 70 SR PE RE A
M. AL, SRR 2] AT HIORCTA B 52 2R3 5 EH I R 1 20 S8 A 1 TR A%
RE, &AL FRARFAL I A ) R ) B RO T B

£ 27 SRR AL BRI, AU BRI RN R B R Bh & & AN R 2
Gy IR AR TIN5 S, 38 T SR FH B X 73 A Y R 47 38 5 SR DL OR B S50
W [RINF, B RS R v A vl 38k S i) e 75 T30, R o0 P e ™ 2E DT 52
Wi o Ut AT AT S MR AL B i o2 28050k, BB
AU R AR SRR IR AL, AR BRI A TN I B8 4 )[R IS BRI R A T3 AR
I8 T PR SRS S DAY B P LG NIRRT AL s f)m s SOE R A5 R R O R SR
FRI S P o ) B R = > S DL AT bR 28 4L & 0 - DAL 5 Rk 35 £
PL, AT 7 AR Y RS E 1 5 & e i

4.1 Bl@tmidc 5 o4
AT TR R S 4-1: f£1~T, -BRrBL BUERAYIR B IEE
AS, s HBEANT, -B+1~TFrBuf, Hrifeabaim s, Hil, 5 S LFHIAAL

37



S W YN R VAT

Yo XFEREA B AR A (RS AL 22 18] 0 W] 4 70 9PN 0 R I SE S AR 2
NIRRT B, AT H1~T, BB B RS HEAUOR B RHE T S,
No ZEREM AR, FTUEIMER, B IS PRI A A
EAERERZ, AR ALK (Mini-Batch) AT IFBEAT I &=l 4%, &
B B B BE A R A AR g, (H TR BOGVE T T — By BUR R AL 2 T fe
AL, (A EEAN R A A A S T

FHETE AL

\j

RHIE 2 7] S1 RHIE 2 7] S2

FFAE 2 (]S T
i€

T~

I ]

RFAIE 25 (8] SURA S 3% [R] £ 1A 1 FL B0 2 Hs }3

UERS FRAE 23 A) S B Hicdfa

B 4-1 R e B iR
Fig. 4-1 Feature evolvable data stream
Nfig e B AR T R, I G R D) R L A Y, R S

= A SR ]

(1) GfafyH BRI T-HRY, B R INZREHE 1 73 SR

(2) e AR o T eV R e S A, e 0 A D S kiR e Tt
T3 AR (R R 1

(3) Grfef M RIS e, 45 B8 B ) 1RSSR R B )l 20 A A Y AT
SR T -

4.2 FHER BRI R A AR R
AATERRT LRI e 1 R ILFE J7EHERE, MBI I 5 B 5
B S SRS A7 T AT I
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421 REEEFH
HH T 2 A SR 1) R L AT DA SR v RO I R 7 S, [ I AR S e
FEE R I R R, 25 FE R EUCCHR [83] B K A F 2R A S 1] &
HL&E (Fuzzy Bounded Twin Support Vector Machine, FBTWSVM) i $ 4 i it
TGRS R
FE AR R 25 M8 75 B B U 70 2 e R, 3 Y Tl AR SR S
B BRSO SR AR, DARRAEAS [R5 4 X0 4 SR b 20 52 M 75
JZ o ILFE J735R FH A RER) S5 Ja8 52 ok SR 40 e B0 e A 2128 o R B R T H SRR
AR SRR A . 1 e B SS9 A0 4 S 54 B3 R X, A X AR R
s (@4-1) s
-
T

i=1,y;>0

+

ixi,

(4-1)

> x

— i=1,y;<0

WAL TS S Z MR, 1585 (4-2) P IR M R A R A2

max {ll x; — X, y; > 0},

X =

r+
(4-2)
r

2, B FE AR BRSOR S J 2 o 5B 5 (4-3) e -
A =X (r. +&)) L x =% >l x =X Il &y, =+1
. _ LA x =X M/ (r,+&) lx =X l<llx —X_Il &, =+1
A x == (r ) lx —X Sl x - % &y, =1
A x =X M (r +¢&)) N x =X l<llx-X_Il &, =-1
H A, A4 2HT P dsspmgEsf S8 H 4 +4,=1, >0 B %
s, =0 WISRSLEIFE B iz, Ul B2 S B AR RGeS 2 4 L A5
TR 7 S5 BE /N s, R
DR B AT ST AL ER, AT 3 A ) O AR A SRR L, RIS
NAT R RSORT SI Je 52 R B, BB B AE S (B P s SR MR 7, 38 B S [ R ) B
B BHYe, AEIE ILFE B R SCR M ENE RIS 258, Binkit
A E-4) R AN AR AT EE 1

w/x+b, =0and w' x+b_=0 (4-4)

max {ll x; - X_ll| y; <0}

(4-3)
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Ferbr(w,, b, ) A (w_, b ) 703 27 i T A7 28 SEADI ALY 3 4 T T 2R 3

AL G AR S B2 e AL PR B8, B2 ILFE B JEUR i BE X
403 (4-5) M3 (4-6) T«

min e (Il w,IP +b2) +7ll X, w, +e b IP +c,57 ¢ ws)
st.—(X_ w,+e,b)+¢&>e & >0
melr; csn(ll w_[P + bf) +il X w_+eb P +c,s/ ¢, @6
st.(X,w +eb)+&>e,,E>0

Hre Mc, ZIARSHE, c, M, RETSEL A D, b 45 R B ME,
EE NI, e,e RRMFAE, THRHn=05, FKs eR"
s.eR" PRI IESR. GUSSHEIAE BRI SR BB, TAT T AL E AR AL 1
BEVEIR IR

w, A b, s A IE RN G RAE A 3G BT T R4 A A5 S (@4-7) o
F TN R

W, X+b!

+

f (x)=argmin (4-7)

SRyl G 5 A AR RY TR I B 0% 2 AR R B A A A v AT 3
VBRI, %IRRT URSE S &3 (Shrinking Heuristic) J73%, 45 & FkEA
(AR (5 B AT BB ST, AN b — S I 50 B b o BT e 45 S B ) B /ME
min, , A KME max,_,, FFdE 2 (4-8) T F0H BIFEAR SRS

V.f(a)=-H, u, -1 (4-8)

FIWT F BB /N TEAE (min,_,, max,_,) DX TE] P R X 43 SR ) B A0 B2 I 43 2500
TR R TR Syl 1Y I R T U A 4R R AR I, NI 2 R AR Y
A TN B T R A R R 2 5

BRI S MR AL 23 18] f0 3 2880, ILFE 73R R B B 2k ek el ) 4
5 2] ) 7 ) (R RV S OC RN R R BGERE M, SEUB RS A . R A SR I
FEAIFE2IM , anal(4-9) B

Tl
min > K'(M"x® - x® )2 (4-9)

dyxdy
MeR™™ 1B

40



S W YN R VAT

Bk 4-1 ILFE

g kA XD ={(xO, vy borstmgaare s X ={((xP, xP1, y)H o, fEis
fEREA X2 ={(x, YR

it wF X P bR TG .

1. fori=1,2,...,T1 do

2. BlreA XSO

3. mEmENSC;(j=1234);

4. AR SIS S, |

5. WHMTET =((W,)',b,):

6. if i>T1-B then

7. ElCEdEREA X

8. WM, =0%% fl M, =0%%;

9. for i=T1-B+1,T:-B+2,...,T1do

0. BHOEA XS ={([xP, xPT Y ) Hi e

11 WERIERE K(,i)

12, ZETHEREEEM, =M, + xPKxDT HRHEEM, =M, + xPKxD" ;

13. end for

4. IHEBERRFEM = MM, ;

15, FHW, =(M") W, KBRS B S, ;

16.  HRHGETH 0, = (W,)",b.):

17 [FBR 27, U SESUACHE BT R GE R AR I 25005 18 T :((W&)T,BE) :

18. endif
19. end for
20. for i=T1+1,T1+2,..., T1+batch do

21 HElhEA X @,
22. [T, MEEHHARTEG, 7

+

23. end for
24. SRS 4-2 143, WA X @ ={(x2,y)}? HEATBRES T

T,+batch+1
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R (4-9)F = W AE K 520 (4-10) ks :

(Xi<2)_x<2))2

KG,i)=e 2 (4-10)
DRI, PR BRI O & (1 SR OB R e Ll M~ 405X (4-11) o -
M*=[ i xi(z)Kxi‘z)T] ( i xi(z’Kxi(l)T] (4-11)

THEARZRECERE S, v LuE (M™) " w, ¥ DR R Y 2 3% 50
BRI B, AT BT BRFEA GRS T . P 5% ILFE (1D AU AR in 52
% 4-1 PR .

422 PAMhERKRER

Kb BRI Y5 A R (R BT R AE 25 T B N, ILFE SEydsd ¥ e 5 A 5 il
A BIPIAFE P IS ES, TEXS R AE PR AN T 45 SR o AR A 28 P MO ) 4R T
P IALH G AR, R PN S R AR BEAT SL R T, PR UEAR A BE A Sy
FkRem B E .
(1) I & Tt

BB T AT R A AR, I AU A 1 VAT T
PR%%e PIANEE IS ERTOE £, A0 1, n=X(4-12) o :

\MMW+@

f,; =argmin

: i @12)

‘(W;r)T X+ 6;

f,; =argmin -
* (w2

G T 46 SRR A FE A SR BN £, A0 1, AU 4948, R (@-

13)r7s:

[5 = ‘91,i fl,i + 62,i fz,i (4'13)
Horp, 60,80, 72 AN RS TONME AN B . AR &AM 2R B — R i
SABTHE U ET A R E, Wl(4-14) s
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ai+l T ' d
o —
= A-l)+¢

BE— /MBI ¢ =0.001, HREERBERNE . REAH K IIHA
£ MG R B VERRCN ILFE-c, WNEVE 4-2 Fis.

s (Hf}
0. = A=L)*6) 412 (4-14)

B 4-2 ILFE-c

B WA X ={(XE, V)R paena HEA T AT,
4 R 1 T 1

1. while i<T, do

2. ERARBA =((W.)T,0L) M X O T RRETRMGE f
3. A XBEl = ((@1)7, (b.0) )M XD HATHAETIEE 1, ;

5. IR EICRA I BNk
6. EHKBNE,

7. end while

(2) Ik BT
R AL A S RT3 A R 2 A B O S T £ R AR T A Sk
AEo 1ZJTIEII AT IR BB A 2 0 R TERE A A R T2 RME, X i fE
REAAGFHIARIENOL, BOAEREE AR 7 4% v VERERE, B
FEAR R O FTREIZMIANE G X RTREA 7028 BRIk, $RH 55— Fhdk T F s fil
T PRI SRS, AL Pk fie DUk 73 AR T O B & 25 R 1 7K (4-15) -
p=f,,,a=182 (4-15)
i 3 (4-16) A E 3 A oK PR e P 3ot B3 5 58S s T E -

G .
Paia =5 a=12 (4-16)

RLE v,y vy, HIBCE S8 s U 2 (4-17) s
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1
Vaist = ea,i (1_ —);
A-4)+¢ (4-17)
Oin= ,u\é +(1-p)6,;,a=12
X@-17)HV, A g TR IR (4-18) s :
Vv =V Vi
_ 1 (4-18)
#=T batch—1

25 T R P PR A (0 TN SRS (R MK ILFE-s, %Ik 4-3 i

¥k 4-3 ILFE-s

%A: {Iﬂ‘“ﬁtﬁézk Xi(-Z) :{(Xf)i yl) %+batch+1 ’ ﬁ;é%% Gi ﬂl \71 .
B MR ARSI TN SE R P .

1. for t=Ti+batch+1,Ti+batch+2,...,T1+T2 do

2. AR A = (W), b)) % X TR TR f,
3. EEA%EE = (@), (b) )3 XE @ik Hes f,, ;

4. IFHETISER P
5. R HESARBIFE TR ()
6.  HEH IR,

7. endfor

43 LWRITTEER I
431 HEESKRKE

SCOe ik ok B AN F SR 10 > UCH #ds & (A $odlE £ 35 ol £
http://archive.ics.uci.edu BE4T F#), BRI SCER[ATIMH RIALBE 7%, AR
TCHE DA R AR I -

HARRUL, IR ST A — MR ARSI, A5 Bl BEATL e 0 RE R S 4
HOHE A N TS B R AE S (0] R, JRAE 5 2] 1l B8 o 38 A 152 HUAE B 40 4R I )
K, WAKATRE DA REZSE Sy F1 So BRI, RURFIEE AL A
Mo AN TEIRER MG BWE 41 Fin, Ho d RoRE G EE L0
] Sy HI4ERE, d2 37 N AR OBIBTRAAE 25 (] So I 4EFE .
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® 4L HARSERMA
Table 4-1 Detailed Description Of Datasets

/6 SR di dz
Australian 690 42 29

Credit-a 653 15 10

Credit-g 1000 20 14

Diabetes 768 8 5

DNA12 940 180 125

German 1000 59 41

Kr-vs-kp 3196 36 25
Svmguide3 1284 22 15

Magic04 19020 10 7

HTRU_2 17898 8 5

¥ FTE 5% ILFE-c. ILFE-s 5 3CHR[471F FT#e 51k FESL-c. FESL-s DLt 3
R 5% NOGD. ROGD-f Al ROGD-u, i S2i PPl A4 52 /E
e E R tERE . [FI XS HEENE ISR NXL RX-u #E47 0 E, Ho
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N ARAE SEES N LGB A SFPE, XT EEEE NOGD. ROGD-u. FESL-s DA K&
FESL-c ik &, X T HTRU_2 441 Magic04 £ &, LdiftE2
¥ C ¥ BN 200, HARKIEENSE C MIEIURE SCER4TIF IR E . BT h
BOEI 4y SR B 10 Yoy B S, RERE S RENLAT ELEAR I, mOn
LS R 10 KA RFIEARR] . SEBURMESI T, 5% (1=1234)
St KRR, Hrfc =c,e{2",2°,2%, 2"}, ¢,=c, e{2°,2",2%,2%.
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RRBEAL T NOGD £, #£ Australian. Kr-vs-kp $E%E FHERFEEE 05
i 42.0%71 33.6%:;
Bt 11.0%0L |,
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HAE SN HMME
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e

MA{E Credit-a. Credit-g. German F1 Svmguide3 ¥4 L,
RX-u EyEAE 8 ML L AXT T ROGD-u thR I 42841
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Table 4-2 Accuracy Of The Compared Algorithms On Synthetic Datasets Without Noise

Dataset Australian Credit-a Credit-g Diabetes DNA12
NOGD 0.59240.034 0.67040.040 0.59740.025 0.62340.038 0.509+40.035
NX 0.868+0.021 0.845+).028 0.72040.028 0.71040.029 0.890+0.014
ROGD-u 0.860+0.028 0.837+).022 0.73240.025 0.625+).030 0.890+0.014
RX-u 0.86940.023 0.847+.026 0.71840.030 0.7004).038 0.890+).026
FESL-c 0.850+0.030 0.824+).025 0.73240.025 0.633+).032 0.885+0.017
FESL-s 0.84240.033 0.81140.022 0.73340.023 0.623+).035 0.888+0.013
ILFE-c 0.86540.023 0.84540.027 0.71940.028 0.70740.033 0.88940.023
ILFE-s 0.86940.022 0.84740.026 0.72140.029 0.71240.033 0.894+40.020
Dataset German Kr-vs-kp Svmguide3 HTRU_2 Magic04
NOGD 0.59940.023 0.53140.018 0.61540.024 0.95240.002 0.51540.271
NX 0.71740.023 0.86740.016 0.77940.015 0.96940.004 0.75840.021
ROGD-u 0.70640.017 0.78140.016 0.77040.014 0.968+40.002 0.68340.004
RX-u 0.71540.015 0.87040.014 0.77640.017 0.97040.005 0.75740.018
FESL-c 0.70640.017 0.77940.015 0.76840.013 0.968+40.002 0.54740.289
FESL-s 0.70140.020 0.76940.022 0.77040.014 0.966+0.005 0.547+).288
ILFE-c 0.71940.013 0.869+0.014 0.77740.017 0.971+0.004 0.764#0.015
ILFE-s 0.723#40.012 0.870#0.014 0.77940.016 0.971+0.004 0.763#0.015
433 REEHIESE LEXESE
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Blo ERTEA BYEME S FH MRS b, Frst S % ) M Re A i = T FESL-c
HFESL-s, XKW ILFE-c Al ILFE-s REWS A 2 A FRAHE I Hh ¥ PR s
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Fig. 4-2 Experimental results under different proportions of label noise
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Fig. 4-3 Experimental results under different proportions of attribute noise
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BN GRI o RRVE Re AF BUIAR T, FL I DRE 2 FH 5K I 5 1R R A B 4fs
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Fig. 4-4 Experimental results with different B values

435  A[EIRY mini-batch X /)BOXTEE S2EE
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e
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AL —BEE mini-batch MG RTIHE K, (HAH 2 L SE 1G5 I 28— B i
LR, BRI E BN AT RE S B R REAE, R BRI &5 m i Y
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Fig. 4-5 Experimental results with different sizes of mini-batch
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Fig. 5-1 Class imbalanced and feature evolvable streams
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&k 5-1 OIFE

BN: BUEZHC. TSN | SRR B A AR 4 E T 0.

Wi BEHEALER W,

Yis s 2 E w, = (0,0,...,0) e RY ;

2. fort=12,....T1+T,+Tsdo

3 B AT X, € R
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5 U «—U_ O{f}; 114 Xt 2R IR\ 24 i 4 JR RFAE 25 7] U,
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=

W U T RHER P E2ME . 7 ZAbRHEZE S0 HE B
if f, €l then 114153 tH 3L SRR 23 8] R A SRR AE 45 1) R
R FO{1}:

else
10. F'« F"u{t};
11. end if

S S n n
12. X =X NF . X =X"F":
13 W, =wW,NF W =w,NFE";

14, W =W — (W OW) ;SRS X, 4R W, A SR G A ) T A
7 [A]
15. end for

16. AL 5-2 BT A
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18. end for
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me

o1
w, = argmin =[lw"-w

wy=[w™,w® w"]
l s \wS|I2 1 ni|2 _
+2||W well +2||W I +Cé& (5-7)
st.c (<&, £20
R LR EAERL R B, &56 R B H R KKT %
1, e F s NP H T, THEW(5-8)Fn:
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1 1
L(w,,&,7,68) ==l w" —wlIP+ =] w® —wIP
2 2
1
+§H WP +CE+ (L, — &) -6

XPw™ s wes wh TS SRR T LR (5-9) -
wh=w,"
W* =W, +7C Y, X;
w" =7Cy, X/
0=C-1
K (5-9) AN (5-8) T Al 5

2
L(z) =%(|| Xl + X717 )+ 7,

XFR(G-10)h S8 r FATR T, THEAS AR L(5-11):

l, }
Nl xS X"
T FE 2 1 43 A AR B S 0 ) 0 5 (5-1.2) s

: (.CY, X
S _ \psS s tot Yt M
W _Wt+m|n{Cctytx —

7= min{C

IR H xR
. (cy X"
w" = min Cctytxt”,—stztyt L
| xCI1F -+ x™l

m _ \,,m
w™ = w,

BRI ZRa R o B ZRAN P47 A BRI Dy AR T 8592 5-2 s

(5-8)

(5-9)

(5-10)

(5-11)

(5-12)

Hk 52 KAFHTAL

T ONE s 7 DR

Wi S04 W,

1.

© N oo s W N

OIS IZSBI bR ), = sign (¢ - W) + X - W) ;
R HSEAREE Y, R A (5-2) T BRI 2% £
if Y, >0 then
Num, ++;
else
Num, ++;
end if
TR A T C,
B KEwS . wh AwT

10, HEdr 4 R AE R 1) R 2ty 2688 w = [w?, w”, w™] ;

Xe ) LA AE S ] R 42 we . W R W™
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523 1REFEHRIRES

H T AR AR S AL IR IRV R AE 23 () B A 74K, o AR 7 L4 R (vl 4 J 1 LA
3T NI P REAE A IA),  [AVI A JRRFAE A () R 2 2% w, IRRAE4E B o, o AN T
WA AR R GE R AR = A RS AT RCR, SNSRI R R DL it g
TURRHE, 4Edr— MR BA R 7 i,

TR Gu 1) 43 S 2SN 7 1R 08 i — 58 LU DR B 4 R 2R BLE w, w1 S KB I e
HARMEE 0 M7E, oKl #il. SRMI7E S S sh ARHE AN, 5
REAE AT B8 X IAE > S vh, AT I 1 43 28 AR AR [ AR, HAS R T B
WX ER o FEAE AN E B WA . HUk, MRIEIRN SE i 40 28 88 o AN FRAE
fiA<i<d,”) MbrdE % s, M3 ME p,, RIER(G-13) T H L 7R RECV,

cv =2 (5-13)
L
MH CV, &y KA R E EZEVE, 58 tA R MR RO AUE k; an2X(5-14):
ﬂ:—gi— (5-14)

P

T 52K 8w ST HLB R, IR (5-15) BT

W, =min {1, p }Wt (5-15)
(w,, K,)

Hodr, Ky =[k{ ke kT AT RCE S B4R, 1ENS% B>0.
2R A B KA TR AT RN, RS E S B MR N EERAL, LAY
ki EE, BT D8 IS 552 5-3 Frr.

Bk 5-3 Wi

BA: AR EIEW, .
S R RS K W,

1. fori=12,-+,d" do

2. if ||Wt|| >B-d," then

3 HIH(5-15) M 5 77145 B W, Hr B NMRFAE AL EE

4. R W, haxt KRR B-dY e g, HAewh o, HEWS
5 W, =W ;

6 end if

7. end for
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524 BEERMSH

OIFE MBIE S P 4 BT 3 260, 55 1f 8] 52 2% FE AN R AR FE (R b . Horly,
O t RSB IRFELERE N d, , R RT3 AR MR IE4E S v d) .

FERFAERI 0B By, RRAEZS (B AL EE . 524 5 00 R AR 082 LU ARHIE S HE B
THRRFEP TR, BB B [m E 42 9 O(d,) s 7ESEBI TR B, 4 & 1)
DUFRAETF T BRI B 2 I TR B2 28 B2 O(d,) + AN AL BB B, THERAR T BURS
PRI~ InF (8] 52 2% B2 O O(L) s FE SRS T B B, X 70 S8 4 Ab B (R I [A) 5 2% 2 oy
o(d") .

Zi BRmA, RRAEAE RS OIFE MR A1 E 2% 2 8 O(d, +d") » 5 54 Jefsi
RUUSAELEE R IEEE . 341, T OIFE DATEZL )5 35 B o B a8 i AR BE g sk
Bl , MOZFETRBARE N OQ)

53 KWWt EERSHh
531 HEESXHKE

NIRUEA T TR ITIERIAA Rk, 70 7E 114> UCH Ba R BT 5258 (a4t
P 4E ¥ ] 7E http://archive.ics.uci.edu H47 T8, HA A E 6 A X F
(IR<5.0) M 5 MAFH (IR=5.0) ¥idid, LM hyperP. LUdata.
Phishing. Chesswekahe PUMMESIEMEIRS, W R EFRRAR S, b
WHBAE . BT WTRIE RS, HERETEANE RNk 5-1 .

T AR 3K 8 40 B N T BB ALAS B 5 8 00 2 R SR AR AE A I, %o
AN B S0 # A AL RS B — 8 o LU ARAE, SEIG R E N T BRARFAE L N
40%, BB T,=T,=T, & HEIRELE U3, =ANrBrh 4 R ReiE 2 8 R E A
Koy ) o5 S RFAE S 401 30%. 60%. 100%.

¥ OIFE J7i%£5 OLIDSE, OLSFPILL K OLVFEIEAT X L SLss, 30iF
OIFE TEAN IR EE AL 1 A ot 0] S 36 285 BT /0 AT i 18 . S ARIESE SR X
LA, BUES% C. IEMMGEF M ESHN I E, SR B EVELEA RO
R E, DMRIES SRR SRR . FrA BIEEIE 10 EENLE 5 S0 H x5
Bt AP HME
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#* 5-1 RSk
Table 5-1 Description of datasets
HHEE  LHBE BEHE DECEE SEEBE FAPEEIR

splice 3190 60 1527 1648 11
Credit-a 653 15 296 357 1.2
spambase 4601 57 1813 2788 15
WDBC 569 30 212 357 1.7
ionosphere 351 34 126 225 1.8
WPBC 198 34 47 151 3.2
spectrometer 531 93 45 486 10.8
arrhythmia 452 278 25 427 17.1
electricity 322 7 15 307 20.5
car_eval_4 1728 21 65 1663 25.6
hyperP 992 10 50 942 18.8
LUdata 1901 31 924 977 11
Phishing 11055 46 4898 6157 1.3
Chessweka 503 8 198 305 15

B BAT S5, w2 (Accuracy, ACC) PFEAN IR MERE,

' RE S S AT B AE AN ) L REARFIINRG 52, AH 0 AN e e, R A
HEMR AT BB PPN A B AR . JUT34{E (Geometric mean, G-mean) 2 X #H
[ 22 55 0 B ) JUART P38, TR) N5 &R AP i AE . SRR AR 3 2R E
WA, A PHETEIE R B G B R bR . S8 R4 (Matthews
correlation coefficient, MCC) #ef% e Wsifm &5 PN 45 SR 2 (B ARG, £5E
JEREFEFEFH TP TNL FP. FN, BATE R, HBMETE R [-1,1],
TR 1 R B 3 2545 70 Gt FOBT, I -1 W B o 2R ME e 2, MCC 1A
N0 M B o3 RASAEBEATRENL 732K R AR cost [EIRE & AT 43 KA 55 1)
BB bR, ] AT E AN R 200 Biris i) S 42K, cost BRI R B 70 SR B8R
HGF, T EERR RN BT R, SEERBCE D BN 2 B R 7 A E
e, =10Fc, =1. Kk, ZEiG A ACC. G-mean. MCC. #7r FALM
cost 3X VYN PEAT i b5 A 22 1 BE PP BOAR L 73 R PR BE
532 FERFHEELR EXTH g

MWL OIFE SLEX RHILE A 70 8Pk RE, 72T RRFAE AL b, R
OIFE 5 OLIDS. OLSF. OLVF JjiEit47xh bh s, st 2eas R AR 4%
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N, WF 5-2 s,
e 5-2 “PAli [PRFE AL I 55 PSR o SR g

Table 5-2 Classification performance of compared algorithms on balanced datasets

Dataset VAL R b OLVF OLSF OLIDS OIFE
G-mean 0.63740.007 0.62620.010 0.67520.007 0.689+0.008
. ACC 0.63740.007 0.62520.010 0.67520.007 0.688+0.008
splice MCC 0.27540.013 0.25140.019 0.35040.013 0.37840.016
cost 6001.400+155.948 6121.1004207.278 5394.900+136.293 4982.700+185.465
G-mean 0.65040.014 0.659+0.019 0.68440.017 0.701#0.013
. ACC 0.65240.014 0.659+0.018 0.68140.017 0.700#0.013
Credita MCC 0.30140.028 0.31740.037 0.37140.030 0.40240.027
cost 1299.100+115.129  1307.800461.535  1370.800+125.383  1229.300+476.608
G-mean 0.74740.007 0.76320.006 0.788=0.005 0.81320.005
ACC 0.76240.008 0.77420.006 0.80420.004 0.82140.004
spambase MCC 0.50040.015 0.52740.012 0.587+0.009 0.627+0.008
cost 5884.4004282.523 5822.000+198.417 4559.300+147.159 4555.600+196.051
G-mean 0.90740.008 0.88940.005 0.90540.011 0.91320.007
ACC 0.909+40.008 0.89240.005 0.90620.011 0.91320.008
WoBC MCC 0.80740.016 0.77140.011 0.80240.023 0.818+0.016
cost 324.600437.699 385.600434.581 346.800452.423 327.500442.005
G-mean 0.70420.024 0.71840.024 0.74740.021 0.760=0.021
ionosphere ACC 0.71040.020 0.74020.023 0.75620.025 0.769+0.018
MCC 0.39720.044 0.44020.047 0.4860.046 0.51240.039
cost 459.900450.129 480.200442.066 407.700+28.831 384.400440.329
G-mean 0.56640.041 0.53040.033 0.56940.021 0.58440.036
ACC 0.54940.031 0.52740.028 0.5490.017 0.568+0.034
weec MCC 0.11520.071 0.05740.057 0.120=0.037 0.14620.063
cost 257.500434.740 286.200434.292 253.900+18.063 246.70027.989

LIS IREW, fE 6 PRI E, OIFE ) G-mean. ACC Al
MCC ¥ s, fEHF 5 MRS I cost k. AHE T H ALK E, OIFE
ACC {H#25 T 0.4%~6.3%, G-mean {HIZ% T 0.6%~6.6%, MCC {HiE
1.1%~12.7%, BT EE A0 2 A AR P47, ACC {5 REMER S LT 324
MR BAAKE, OIFE At T HAhxT b A (0 R BRILE TAREAERI 43 J5 I B8 S & 2,
2 ) IR P AR R T RE T A M 4k 2R ) SE AR LA BY . 4R, OIFE 7E4RTHTI
DA FER [, ARk T —#i A2 k. HantE Splice #1 WDBC 454 I,
PR 00045 3 ACCEIN T 28, — AT B T VETE S 1l e b (R B
(K373 P S A5 B AT Re XS 4 KA A T 59— Iy R U FE B0 SR A 5 P AiE
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BB DIIRHE T, FHEIEH A0%MIRHEREHLIE &, WA A6 RE 7738 sy
M o

SRR R FE R G-mean. ACC 1 MCC P-4/ 45 AR 114 BE 28 1k i 2% 33547 %
Leartr, sralanfE 5-3. B 5-4 FIE 5-5, @it b 7E B Ui 2 S 10 1 1 B b 2%
IR ZR, Hk OIFE 1l 2R A 26 25 vy 150 HH JHE A B 0% 110 J8L FF 1] Py ik 10 R X482 v 1)
S RUERRE, YW OIFE 7E% ) P AR AE AL i b A Br i vERe it . Xt
LR IAE R Z 8L L, OIFE Mtk ReRIML T HAR 7%, TMfE ionosphere ¥
B BHTHATIIN G5 RPLEN IR, E 5 A IE L B R e A 1 AR, X E
T AR AR B SRR SRR R e . DL 5-3 (o) A, FESRBIEK
EATE 150 LAARS, BT BIAIE SRR R FIRM B AR ERE, HE
TR A B 35D HL R AR EAFAE AL, BE ALY 25 B3 B R AR AR AR
RS ALY FRUINORG FBE [ B 150 B MR A 4 7E 2R 2 o RCRAS T G b 52 PR T )1 R
S R H

URAh, BEEBRFE AN, 2K 48 RV FE AR E Tt %, R OIFE
Iy SRR B BRI IIZ AGRE 1. DL spambase ¥4 A, Bk RS A LA 5-3
(c). & 5-4 (c) F1] 5-5 (¢) A LLAKBLFRAEAE G-mean. ACC #1 MCC L
HITERE fh A AR — 5, T ESE B 1/3 A0 2/3 4k, BRI t~1500 A1 t
~3000 B, 30N B AR AE, PERe M 2o /NMER A4k S A, H
OIFE S ARURZAR T OLVF. OLSF Ml OLIDS #i%, FHi &b BT 2E5iR A &
o R AR R B AR E .

R

=3
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Z0.55 =
=0.50 —=— OLSF =0.50 E—y
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Fig. 5-3 G-mean results on balanced feature evolvable streams
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Fig. 5-4 ACC results on balanced feature evolvable streams
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Fig. 5-5 MCC results on balanced feature evolvable streams

533 LN TERFHDENR EXT LSS

NIRFAE ] OIFE [H i A BB AT MR AE v Ak [ B M RER B, E 5 A4
HAT BAT A AL BTS2 . IR, NEAE OIFE Sk i A T4l
AEBRREHU A R, B R BRI LU R “ OIFE-imb” JrikBEAT XL . %X
POV T DURH VRN SR bR S I 45 R, metR A R AR R R, Wk 5-3
TNo

B OIFE 78 5 MURE4E FiY G-mean A1 MCC {H BUS Fe 45 5, iX &0 b
& B R 08 R I R KR AE VAL 1 TR I A R A BRSO P A e . B4, A
arrhythmia 24 411, 5% OLSF [ cost H{EHK, ACC {EHtitt OIFE &t
4.4%, {HAHRN. G-mean 1 MCC 1E 73 7 F#4I% 1 10.3%41 9.9%. X—IRUH, &
72 OLSF B JCi 2 B2 10 43 FSHERA S 1T X A B S oy RO R A, R 5 A
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FET OLSF BEORIEFRTF oy FARBEAR I 2R, T AN EE 4 5 2> B Sl 1) 43 2
#EFI% . £ G-mean. MCC Al cost #1445 I, OIFE-imb [ M REAEL T
OIFE &3 T 1%, Uil OIFE HIA-FHT AL FRALH] v A b B AP o # . 1
it b [ RE BRSP4 A LRI (1) OLIDS A1 OIFE, RILAE 5 M5

% |, OIFE Bikikge
fEFEE T 0.8%~18.7%), it BH et (i AR A ke ot
W22 S RE ST

HAKMET OLIDS, G-mean fEHIEF T 0.9%~15.8%, MCC
R ] B G b B T 6 AN P Al B

K] 5-6. & 5-7 A 5-8 4 Bl EIRTE 5 NP7 AR TR AL IR 5500 2k
eI ARt 2k . M2 5-6 n] I, FEE ZdE Sl BG in, &3k OIFE fEYIZ5RHT

JAVE RE R 2P shBOR, X 1l T s o S AR B> HLR] I H

IR, {E R i e 6 PRAEIE BUIF DR FFBS 10 2R 45 R, R BRUAZ T iR 7870 R B 70

HEA T

Ran b I BRI P SRR, AT AR s A 25 0 S A R A P BB R

* 5-3 AT IRFL AL _E 1 7> EVE R

'MMe&SCM$ﬁmanmﬁmmwmemnanmef%wmewmmmeammm

PG
AETTES OLVF OLSF OLIDS OIFE-imb OIFE
Ei=g 2y
G-mean 0.550+40.014 0.61840.041 0.64740.016 0.668+0.037 0.708+0.025
ACC 0.618+0.020 0.61740.020 0.59540.014 0.63040.023 0.599+0.019
spectrometer
MCC 0.064+0.014 0.13540.046 0.17140.034 0.19540.044 0.25140.030
cost 1818.400+112.768  1878.100485.432 2040.500490.527  1853.500+139.947  2078.600494.434
G-mean 0.47740.054 0.52640.034 0.59240.029 0.56540.032 0.62940.041
ACC 0.54540.018 0.58740.022 0.489+0.037 0.51640.021 0.543+0.030
arrhythmia
MCC -0.01540.044 0.02940.029 0.10040.028 0.06340.031 0.12840.042
cost 1926.600473.828 1749.300494.975  2251.4004+174.212  2102.300493.360  2008.300+135.224
G-mean 0.51640.120 0.54440.054 0.63440.031 0.61140.050 0.648+0.046
ACC 0.51640.046 0.50640.021 0.53740.016 0.53240.018 0.55240.014
electricity
MCC 0.02040.102 0.04040.048 0.12340.031 0.10340.049 0.13640.044
cost 1497.0004125.784  1535.100458.545 1460.500453.153 1468.200458.750 1412.300442.332
G-mean 0.58440.033 0.52540.024 0.67040.015 0.61940.033 0.67940.018
ACC 0.52240.016 0.52740.013 0.53640.020 0.51340.016 0.54240.017
car_eval_4
T MCC 0.069+0.029 0.01940.018 0.14540.013 0.10340.032 0.15340.015
cost 8055.9004267.419  7889.0004208.959  7940.2004357.403  8274.2004311.848  7845.2004296.637

66



S W YN R VAT

JURT (R

Iy KRR

0.81 0.71
0.6
0.5
£, So.4t
= =
=0. S0.3f
—=— (LSF
0.2 —e— (OLVF
—v— OLIDS
0.1 —— OIFE
ol ‘ ‘ ‘ ‘ ‘ ‘ 0.0 ‘ ‘ ‘ ‘ ‘
0 100 200 300 400 500 600 0 100 200 300 400 500
Sl e/ A el e/ A
(a)  spectrometer ¥ 4 (b) arrhythmia $#54
0.70 0.70
0.60
0.60 [
0.50 F 1
0.40 [ g 0.50 -
0. 30 E
i — e =0.40
L S
0.20 [ . —e— OLVF
—v— OLIDS 0.30 —v— OLIDS
0.10 —+— OIFE ' —— OIFE
P 0.9 ‘ ‘ ‘ ‘ ‘
50 100 150 200 250 300 350 0 350 700 1050 1400 1750
el e/ A et/ A
(¢) electricity Z#E 4 (d) car_eval 4 #iHliE
] 5-6 A R AE AL IR _E 1K) G-mean 45 5L
Fig. 5-6 G-mean results on imbalanced feature evolvable streams
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Fig. 5-7 ACC results on imbalanced feature evolvable streams
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Table 5-4 Classification performance of feature evolvable streams with concept drift
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