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Concept Drift Adaptive Method Based on Active-Passive Incremental Ensemble

QI Xiao-Bo"? CHEN Jia-Ming' SHI Ying"** QI Hui"? GUO Hu-Sheng® WANG Wen-Jian*

Abstract A data stream refers to a set of data sequences that arrive continuously over time. Due to various influ-
encing factors, the data distribution may change in an unpredictable manner over time during the continuous gener-
ation of data streams, a phenomenon known as concept drift. After the drift occurs, the current model needs to re-
spond promptly to the real-time distributional changes in the data stream and handle different types of concept
drift efficiently, in order to avoid the degradation of the model generalization performance. Aiming at this problem,
we propose a concept drift adaptation method based on the active-passive incremental ensemble (CDAM-APIE).
Firstly, CDAM-APIE uses the online incremental ensemble strategy to construct a passive ensemble model, which
makes real-time predictions on new samples to dynamically update the weights of the base model. It is beneficial for
quickly responding to instantaneous changes in data distribution and enhancing the model’s ability to adapt to
concept drift. On this basis, an active basis model is constructed with incremental learning and concept drift detec-
tion techniques to improve the robustness of the model under steady data stream states and the generalization per-
formance after drift. The experimental results show that CDAM-APIE can respond to concept drift promptly and
effectively improve the generalization performance of the model.
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Table 1  Datasets used in experiment
Bl A KA BRI () R Al R (K)
Hyperplane 10 2 100 W - -
Sea 3 2 100 A 3 25, 50, 75
Sea-re 3 2 100 HE 3 25, 50, 75
LED-gradual 24 10 100 Az 3 25, 50, 75
LED-abrupt 24 10 100 A 1 50
RBFblips 20 4 100 AR 3 25, 50, 75
Tree 30 10 100 RAR 3 25, 50, 75
Sine 4 2 100 Ei~) 3 25, 50, 75
KDDcup99 41 23 494 - - -
Electricity 6 2 45 - - -
Covertype 54 7 581 - - -
Weather 9 3 95 — - -
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3) W EZ (Recovery speed under accuracy)®

VPR AR B R A B VA% S SRS FE AR E
BRI PR, E (I
RSA = Step- (1 —raccy) (14)

Horp, RSA FoRIRE A, Step Rl NIEFE 1
PSR T 5 ZEI (825 8L, race, R8s e —
AN TR) T R ARSI R JEE . AR SRR e B dl SR A2 6
Ja B SN G A AR B R 24 T I [R] 4 5 A2 75 D ML BK
Ry A TR A A DA R S5 — A B8] A ARG E AR
A /N B, T i O s, e (st (15)

Fis:

|racc; — racc;—1| < Thr H

|racciy1 — racey| < Thr (15)

Horb, Thr 2R BE. BT HREA R HE 5 B
WEANAN A, K BB 1 B 9 %% 3 AR AR WS SO ) S i
K AR I E N b = R brdE 2z, Wik (16) Fros:
T

Thr = % t:zl(racct_,_l —racey) + 30 (16)

Hr, o RonbrifE 2. RSA {HBR/NRBIBIAL 1Pk 2
4) B (Robustness) ! & PEAN 15 T £ e P
REFY B 24505, BefS(E — ER A BRI i)z 4k
PERE, 0~ 5 SN RS 20 A AN [ B0 ) B i
Bk A RIS D ERE T U

Auce-a(D)

min Aacc—all (D)

HHr, A a(D) FRoRHZE A EHHGE D LRI
SEHF RS I, min Aweean(D) BREHIE D LHTA
SR BB/ NP SERTAG L. SR A R E et
NEE AETE RS R EEIE A, fikE N
S, B (R

ROBA(D) = (17)

N
ROBA =Y _ ROB(D;) (18)

i=1
ROB BASBRR WL A KBRS PEIE LT
3.4 SLWEREDH

A AEAE CDAM-APIE (K45 83008 . W&
RS R A G T N R e 0 DA B () R e P, AN
BAORG T PR 2, it T Bl SUR DL & 2 30
JEAE S5 5 T AT 38  HT.

3.4.1 HEENEEITMH

AN 5 A AR A BE 5 1 ST 24 S R R AT
WHEZ W 2 Fros. MERH T LR F|, CDAM-APIE
FRRG T e, “FPEIHER 58 1, ATNN. Oza Bagging
A DWM EBEH 5, OOB. AWE fil AC_OE Lb%
$2iE. CDAM-APIE 7875 K 34 30 45 A 28 Fl 32 )
FERRIE, 78 PR A A B T IR R A
FE, TEBE I R AR TS S RE RS A 0T S BoR L
oA, e m B A ) R B, CDAM-APIE 7K
ZHCERAE R T HAh 77, 5P HE4
AR TR L, PSR FETE 12 N R % -
S E L 1.3%. 1 RBFDblips 44 |, CDAM-
APIE 5 ATNN #l AC_ OE HiEMZERK, B NiZ
F¥u e HBENLAR ) 2R R 20 AE A, 7E LIBSVM &L
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Table 2

Average real-time accuracy of different methods on each dataset

Hihite AWE Oza Bagging DWM OOB AC _OE ATNN CDAM-APIE (4£30)
Hyperplane 0.8882 (4) 0.8758 (5) 0.9029 (2) 0.8223 (6) 0.8966 (3) 0.8195 (7) 0.9088 (1)
Sea 0.8335 (3) 0.8159 (4) 0.8410 (2) 0.7754 (7) 0.8027 (5) 0.7871 (6) 0.8432 (1)
Sea-te 0.8564 (4) 0.8596 (2) 0.8581 (3) 0.8030 (7) 0.8055 (6) 0.8166 (5) 0.8605 (1)
LED-gradual 0.6055 (4) 0.5979 (5) 0.5022 (7) 0.6163 (3) 0.5054 (6) 0.6282 (2) 0.6330 (1)
LED-abrupt 0.5944 (5) 0.6075 (3) 0.4918 (7) 0.5948 (4) 0.5178 (6) 0.6147 (2) 0.6240 (1)
RBFblips 0.8208 (5) 0.8852 (3) 0.7861 (6) 0.7811 (7) 0.9316 (2) 0.9855 (1) 0.8309 (4)
Tree 0.3630 (7) 0.4982 (6) 0.6449 (3) 0.6938 (2) 0.5480 (5) 0.6300 (4) 0.8072 (1)
Sine 0.9331 (4) 0.7489 (7) 0.9363 (3) 0.8595 (6) 0.9155 (5) 0.9381 (1) 0.9374 (2)
KDDcup99 0.9796 (4) 0.9920 (2) 0.9793 (5) 0.9913 (3) 0.9446 (7) 0.9589 (6) 0.9926 (1)
Electricity 0.7678 (7) 0.7928 (5) 0.8153 (3) 0.8110 (4) 0.7919 (6) 0.8912 (1) 0.8300 (2)
Covertype 0.2288 (7) 0.8735 (2) 0.8135 (4) 0.8052 (5) 0.7813 (6) 0.9362 (1) 0.8400 (3)
Weather 0.8893 (7) 0.9952 (2) 0.9941 (3) 0.9862 (4) 0.9069 (6) 0.9616 (5) 0.9956 (1)

T4 5.1 3.8 4.0 4.8 5.3 3.4 1.6

TE: 185 W B RR S I ERHER 20K, I TR SR Rl — R 4 L4 7R i gl R

MR R . BT Covertype dE 82804 70 A iR HLyk
N, fEZEIESE L, CDAM-APIE B % F Oza
Bagging. H4h, ATNN DU Z8 X 25 58 K I 32 7 e
7E RBFblips. Electricity. Covertype. Sine £
R T ARG AR R 2] U7 RS R, CDAM-
APIE 7] LLA RGE B AN [F) 2R B R A%, (H 2 X
TEHE A R B B, - 2RI R W IR T, X
F B T B VR LR T & i A T R AR 1)
FERRY T S AR R P R

ANFETIERE & B R B R WK 5 pr
7~ MEF AT LAE 3, CDAM-APIE 7£ Hyperplane.
Sea. Weather £ 5 FR& AL T HAh 777%, 7£ LED-
gradual. LED-abrupt. Tree (4% MR B3, 7F
RBFblips. Covertype. Electricity Z#H4E L% Oza
Bagging. AC_OE. ATNN J7iElg 2. SAckul, &
R CDAM-APIE 7E T #dl 48 HR MR LT

ANFTTVEAE & e 4R B SEI RS B2 &l 6 pr
N TERE A HdE4E I, CDAM-APIE 1S kg 2
B At 75 VA RDRS 5 5 s HLE A % . /£ RBFblips. Elec-
tricity. Covertype. Sine #(#54E [, ATNN /£ K%
K 1) 4R = T CDAM-APIE Al A 85 5l 7 25, X
5 21 TR R 2% 1 9 K RO RE I A1 22 03 S I B
S KAEMSERE, Ira 7L SN )
B TP, {5 CDAM-APIE 7 K 2 3 i Lk oA
TIE AR E « KEEE T PR B B/ BT A S SR

S R, CDAM-APIE 76045 i F A0k
B TR IRIFE S IR, R SER R G
I A T O A, RS R MR AU, HeR A
PR 2 >0 0 S N AR A BT B A PR o N M

B8, FRORUE T 1L AR e 1.

TEVERE A BT, AU FHAE S 50K 5575 7 Frie-
dman-test?? F1 Bonferroni-Dunn Ui X} T 5
VRSN AT Bt 4 B LSS IE H 22

Friedman-test AJ EAXS il 5 vk B PR RE L 25 13
TR, xR E R K (7) MO7ER N (12) A
Hllde, & v NS A IR MRS LRk,
MEE 5 AN TR RRANSE- 358

1
o J
RJ_N;Ti

TR Ho 1BE B J7iE P REAH [F]. 7E LT
£F, Y KM N Z4%KE, Friedman-test St i1HE
TRMNE—HHE K - 1A HBE (K- 1)(N -1)
1 F A6k

(19)

(N*l)sz
TF = ~57 > -~
N(K—l)—TXz
20
12N KR2 K(K +1)° (20)
XETRE ) | &Y 1
Jj=1

ot EAR g HE B R e B E K (o) T
F 20 A B S8, B 48 A8 & Hy, Ras & 7%
WFRFIAFAE B 22 57 RIANR vtk R A 3 %2
. R, R FWE Ho, ITA ITIERITERETC I B
ZE 5.

X IR AN [R] 5 325 1~ 85 S B R B HEAT SRR
%, 115153 Friedman-test Gt it = 5.774 6,
ERZEKF o = 0.05 WTELLT, F 20l FHEN 7205
= 2.239, A4 TR Hy, RYIPITE TIEVEREAT
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Table 3 Recovery speed of different methods
ERAL Bk AWE Oza Bagging DWM 00B AC_OE ATNN CDAM-APIE (AX)
Sea 0.48 0.52 0.46 0.53 0.76 0.56 0.46
LED-gradual 1.15 1.20 0.72 1.09 1.33 1.12 1.16
25 k RBFblips 0.29 0.38 0.28 0.37 0.17 0.07 0.15
Tree 3.60 1.77 1.39 0.89 1.29 1.33 0.58
SEHIHEL 4.8 5.8 2.8 3.8 5.0 3.5 2.3
Sea 0.20 0.53 0.19 1.17 0.45 0.36 0.17
LED-gradual 0.58 0.57 0.63 0.58 0.61 0.54 0.53
LED-abrupt 1.63 1.36 1.35 1.36 1.28 1.66 1.47
0k RBFblips 0.86 0.36 1.26 1.17 0.52 0.04 0.87
Tree 0.89 1.55 1.60 1.16 1.44 1.56 0.89
4 3.6 3.8 5.0 4.6 3.8 4.0 2.6
Sea 0.52 0.44 0.33 0.61 0.47 0.20 0.33
LED-gradual 1.09 0.44 0.51 1.06 1.23 0.99 0.47
75 k RBFblips 0.11 0.13 0.24 0.19 0.07 0.02 0.08
Tree 2.20 1.74 1.04 2.62 1.44 1.18 0.76
4 5.5 3.8 3.5 6.3 4.5 2.3 2.0

FRIEAR T HoAth 7% 2 A, FoAd Ay md B R 2R 8
¥ HAb 7. T CDAM-APIE i i 52 40 #
SRR A B AR Y | AR R 8 PR 3 T (1)
P oA, AH A A Ak B — G B R BB /N B B 4R
1 ety 2 el s N I e BRI ol @ ol 1]
R, 5 S AR (1) B 4, M3 08 SRS
3.4.3 HERESHEMTME

GV RPN B R S Y G AR AR, B8 R
AN 1T MITIRAE 12 MR B E T, &5
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Table 4  Analysis of ablation effect APIE 78 K 2880 E P2 R A S 2 X
Ko g SRR WA LA CDAM-APIE £ HT CDAM-APIE X H &2 2] 51, A 808
Hyperplane  0.8603 0.8904 0.8716 0.9088 zgé T Zi [4] iﬁf&ﬁﬁxﬂﬂ%ﬂ’l‘iﬁg g /%2[]@_
Sea 0.8118 0.8315 0.8333 0.8432 WX E@1éx1¢*i‘7ﬁ%§3\*ﬁjifm, Ejﬁ% k 135(]
Sea-re 0.8554 0.8505 0.8517 0.8605 i%ﬁjjﬂ, ipigiﬁrj-ﬂ%gﬁg ‘%‘%*iyﬁﬁifﬂth%ﬂ}ﬁﬁ%
LED-gradual 0.5859 0.626 6 0.6217 0.6330 E@%%‘ i—/l k E:X'faiid\ EH‘, *ﬁ@m‘ﬁé&%%ﬁﬁ%
LED-abrupt  0.6057 0.6154 0.6197 0.6240 J:%I)Hh iiﬁ% , 'fgﬁi ﬁlé ’?E ﬁ} f@jz ,f/t i” F,ﬁﬁ ﬁ*}% %J: )
RBFblips 0.8430 0.7825 0.8097 0.8309 i—,l k EX{Ei—sz(HTJ‘, *ﬁ@ﬁjﬁ%iﬁﬁﬁ%tﬁfﬂ%ﬂi
T.I"CC 0.4902 0.7873 0.7917 0.8072 15&%%%&?&%L%%f%7\1$ i——’l k‘ _ 100 Hﬂ" E"'L‘_E@*jﬁs
She bR T A FEWEAT T e, (FLE bR 20N, 2 B B A
KDDcup99  0.9904 0.9786 0.9922 0.9926 %Ej?‘?’; % &l‘ Iﬂﬁﬁ?ﬁﬁ%m H/‘] %ﬁﬁ%fﬁ_‘
Electricity 0.7828 0.8117 0.8092 0.8300 Eﬁj’\j k= 100’ %T*ﬁ@iﬁ%i']’i%u@? [:[jlgz‘, E&zlij
Covertype 0.8247 0.8178 0.8246 0.8400 N N v _
Weather 0.9953 0.9771 0.9929 0.9956 ﬁ?%ﬂi;&ﬁ%m k = 100.

APIE #4708, 3R 4 JBIR T A FEHE4E T 2% 77 v
[1~F 2 Sy R 2. R H AT LA H CDAM-APIE
7EF% RBFblips LLAMK) 11 AN s 46 e R I i
f£. £ RBFblips $# 4 b AR 250 5 I 4 v E A2
DRy LB RS 1T A7 7E S B PE AR AR TS VEAEIE A 5 B
BE. S 45 58 0 X W CDAM-APIE ¥ 4% 5 J5 i3
5 R85 456 A RO DL A ERE
3.4.5  SEERMITM

A% CDAM-APIE 7EAS A [ 52 204 5.0 k
AR E IR ZE B NP sem /S AT 4. £ 5
J&7R T CDAM-APIE TEA[FRZH0T (1)1 32 SEI A

M 5 BTLLE H, BEE B HIH 0 H I P A I i,
K5 RE e TG PR a4 BT, XA T B ke AL
H I RAGE B BN B S E AR I P, REL
BT I 25 SN 1 S Y K DAAE s ki RE R PR AE
H. T I, B AR B e, 1SR ek
S A SRS . FEAH R B N R 2 B R
B = 0.95 B ¥ 35 SEI)RG BE B b, DRI, AR SR B
HEIRE 3 =0.95.

4 LERIB

WA T HRE X ARy 8 SR N T S
A RO, HIGvE Ak i N B R, AR
P CDAM-APIE 7k, ZhEE LSRR T

%5 CDAM-APIE fEARFSHCR H°1 1 5L s
Table 5  Average real-time accuracy of CDAM-APIE under different parameters
[f6] 7 H R BT ke
50 100 150
WEZRE B WEFIRE 8 WEZLRE B
0.80 0.85 0.90 0.95 0.80 0.85 0.90 0.95 0.80 0.85 0.90 0.95

Hyperplane 0.9005 0.9020 0.9046 0.9076 0.9050 0.9062 0.9076 0.9088 0.9087 0.9099 0.9106 0.9113
Sea 0.8388 0.8400 0.8413 0.8420 0.8417 0.8423 0.8430 0.8432 0.8431 0.8432 0.8431 0.8427
Sea-re 0.8573 0.8584 0.8591 0.8600 0.8596 0.8599 0.8603 0.8605 0.8604 0.8607 0.8609 0.8606
LED-gradual 0.6309 0.6313 0.6317 0.6320 0.6314 0.6319 0.6328 0.6330 0.6348 0.6353 0.6358 0.636 2
LED-abrupt 0.6220 0.6223 0.6230 0.6234 0.6229 0.6233 0.6237 0.6240 0.6228 0.6235 0.6241 0.6243
RBFblips 0.8366 0.8369 0.8378 0.8368 0.8308 0.8314 0.8312 0.8309 0.8503 0.8503 0.8505 0.8500
Tree 0.8073 0.8079 0.8086 0.8089 0.8066 0.8068 0.8071 0.8072 0.7960 0.796 1 0.796 3 0.7970
Sine 0.9372 0.9372 0.9372 0.9372 0.9371 0.9373 0.9371 0.9374 0.9378 0.9379 0.9381 0.9381
KDDcup99 0.9922 0.9922 0.9922 0.9922 0.9922 0.9922 0.9924 0.9926 0.9931 0.9931 0.9931 0.9932
Electricity 0.8548 0.8515 0.8482 0.8416 0.8401 0.8385 0.8358 0.8300 0.8205 0.8205 0.8207 0.8204
Covertype 0.8569 0.8543 0.8510 0.8460 0.8455 0.8444 0.8426 0.8400 0.8451 0.8448 0.8441 0.8415
Weather 0.9946 0.9945 0.9947 0.9956 0.9956 0.9957 0.9956 0.9956 0.9951 0.9952 0.9952 0.9953

bR 0.121 0 0.120 8 0.1210
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