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BLE = 2] 50 L B AT 2 [R) 0 A (BB, e LLd T IX S8  Ai AN A2 Ak (R i ot 1)l [AT T,
XS AT AR B A, an e vt A RAF HAT BSR4 ) SR R AR T E AR AL

BT B, W R M A AR TR, BEE RVEAAA R BO AR, A
RO TR AN T 22 1) oy A AR e 2 > AR AR B P St mb B8 36 4 R AT L A .
AR UME A — BEAH R AR, ARFRNETT i a3 T3 3 B LA ) 2 50 S0k 14~O1 L 5L T8t s s L] 4
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BT BN, A R 2R AR 2 i T AN P SL A 2 (MR SC &R, S N2 P S o
RPN TR AR, BRI E T (model reuse) LA FTIX L R1TR DU Bl =24 ik 210 02 >3 . B4
5, ARSCRIE LRI R ST L], S g Rp— MR 128 5ot Bl 28 1A 8 ST LA s Kot v 10 9 A
AL, RS T [ RIS T, E R A A SRR STHESE, I HL o SRS TR R LIE s fij 1 ) (e e A
e 15 S BB ZR R TR PR B, AT T AT TR 3 D SRS AR A g ik 22 3] 88 AR SCHR Y CondorForest %3]
Bk AR %, CondorForest ik 15 Sl L B 1& N AL I BENLA, 25 Hh D S AR AR X 24
A8 PR R] S P PR, SR e SRR AR T B P AL T Y g S ) R SRR A TR 22 ST 45 BRI AR TR SR, I
I SRR P rpEAT SR, BATE A & o 2 DS s B b AT S, S0 1 AT ARk
AT 2.

ATCHG 2 N ATARA IR 2 ) AT AN T A AR S AR 55 3 " AR
ff] CondorForest 5i%, J#45 tH TR T, 55 4 B AE & RN E a4 B Seis, SiEskm A
M. R S 40, FERARR TAR M 2.

2 HExXIfE
AT M AT AR AL B B 2 > R B AN 7 TH A A G AR,
2.1 PHTUHREIEFS

FEAR 22 FLC N v, BBt sy T AN R, BT SRR S A A AN sl 784k, Hdi 43 A DRk
BB AN AR AL, TR I SR 2 S AR R PRIl ST DU N 3 A AR Ak X S R AE SCRR H R R
B (concept drift) 12, WIRTSCATIR, Wi A8 b & S oA B BN 1), IXFEI 52 ST S R AT
(. BRI, 70 AT AR A IRBE 27 > B A RS D s B8 vh L 2 e 24 i B A B . DU RIS
WHETH BN E H (sliding window) 421 J T8 (forgetting mechanism) (781314 {1777 A5 |
e NLAE AR B Y. XS TT VAN REIT 2 I 2 1 D s e N 2 A 5 2 2 i T AR
W BB VR R I TR ST HR (ensemble method) 191, 32 BARIL R 4E A& 2 MR AL
BB PR, FFARYE & MR ) SR B ASE Y PR S 2 SR . 1R T7 VAR BB 4% DWM (dynamic
weighted majority) Hy% (%19, AddExp (additive expert ensemble) %% 161 Fl Learn.NSE (learning in

non-stationary environments) &y% 17 4§

R AB AT MBS 1 SE 2 5k A, BB W S H LR [11,12), JFEET e 7T
B IREE I BRI TG WA ST AR 5 R BOGIR I 38 /T LS5 52 [15,18].

2.2 REFEH

B B R AR ROE /2 450 — A (B—L8) JRAARE A& 2 Hi AR 55 bR ic B, A B S Rk
RERS A RO F IR R B 2 AT 55 10 7 20 B B R R B B 22 SIE S5, 2T (learnware)
[ AR 75 sk 2 — 1191,

T SCRFR AR, — B B AR AR B O v O 25 1E AL (biased regularization) AR (201 A
TS, w22 TE AL BN SR AR A5 AR 0 N 3] S35 m) AL AR TE I T R g s 22 15T, DT A R AE iR A
RUP LAt R0 1 AT 45 B B 2 30— AN P R A 22 AR I R AR AE VR 2 085 21 T M, B4
AN SR 2 P B A2 B2 28] S5 ek, fdl B T AN BRR S TR B T e 2 TE WA IR AR 2K
P Ra~2T1 BARTF, Kuzborskij 45 241 il i A28 52 14 (1) 1 B 40 S 10 0 1) i 22 10 A 647 90 #)T,
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Model reuse ﬁc‘:}

1 (MKRFE]) CondorForsest BiAREE

Figure 1 (Color online) Illustration of the CondorForest algorithm

JE%ESCFIH] Rademacher 82 2% FEF) TR —354R TF T Z BT R0 BT Rt (29); Zhao 55 1261 gt —2D 5540 T
A S5 R R R BRI BE, TR BEIR 45 R EA 1 — 70 RIAR 12 70 RAL 55 Du 55 7 RATEA R
R BAR i 22 IE WAL BEAT 1 230 H7.

BT EIRTAELASL, i0A —Se AR AL 55 F A 0 90 S B A, W 4 1281 ) F A iR B ) 2
AR Segev 55 291 R PSR BEAT IR E T, Ye 55 (50 25 JBAN R RRAE 2% 0] BORC RS EE A, SR Lk
5o B AN FFDRFAE 23 8] R AOARFE R R AR W 4 Bl A0 2 AN R R A e ) AR R B, S22 7
2] i) AR R T — R B R U AR Li 4% B2 DL Ding 4% 8] J@ i B AY 8 A BOR AR
SRERE P BE PP R B R REAR A 4 [ .

3 CondorForest E%x

REEPBR PRI B IR A PERE . RIFAITTAERENE, DASGERC TH R SRS BRI, AR SE R
WAL 13435 AR HI R SRR AR R A g 73 e, o B sy SIHELR, DA T AR P 1) T 5
X PR EEE AT A LA A AR AL

A EEAN PR ) CondorForest H%. FATHESGHRIBFIEMER, RGN HEERP ML LA
- PRIEMAE L B (decision tree model reuse) Al H & MALE % (adaptive weight adjustment).

3.1 EIAELRE

TEARSCI B, Bl AR A . 7228 ¢ %1, 2E ) BRI ISREAR 2, = (2, ) € X XY
M, Hd X A Y RN JE 2 AR C 20, B2, SEVEAR IR 2 s AL i T g,
NG, BRI AR I B SEARIE v, AR HE PO AN B SEhRic A 2k LB AR A il 1 s, 8 T bR
AT AR I B, CondorForest K Ji TR AT BT HT.  [RIIE, DR 77 BOXT 40 A1 AT e HE BRI R AR,
CondorForest £X8ANME JG G817 0 ALK 2 ©. 2450 A0 AR AL ARG I 28 A6  2) AR A s 5092 ok kAT
FERITE BT, 1E58 & IRBEEE BT, CondorForest 2 i H 38 WA 1 FEATL il AR IR e Rk 58— AN I sk
IR SR AR FEAE O R Al b o5 A 8RR & R AT RSB E ] 22 I8 38—/ Nk
SRR FF N B A A

TEAR T BEHT R, CondorForest 5% — 77 THI A H 24 5T B0 B IGREA, 55— 77 TH 2 AL e vp i )7 52
I N T I ERGE, AT L e — il S, B85 ¢ W&, e Mar iR EAN M, HPas K
AR B M = {T1,... Tr), KA T X o R NE b MRSEHEEA £ =1,.. K. 04
RTEREE D = {2,y yre Hort mye AURTEERE P IREA S WK 1 R, 755 K IR
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BRI, FE ST SR Dy BIREAR RARRLEE M rh i SRS 2 2) 45 31— BB (10 D SR
Thew JFMAZHER . T RAGFTS, FEA M R SCEARA IS O, JA TR B B E S 5 b i) B
TR K, FHESETEAR N D = {(zi,v:)}7,. HAF, CondorForest 5y HARE H AR 2 15 21 i 2o
FOAR S (BIRT B A ), WA P vp BB AR Ok SR IR L EE. SRS T, AT I 200 B AU N wy,
k=1,...,K.
M EIRFREIRATAT LB H, CondorForest S48 LR BIAS B I 411
o TREMAAYE . FEARY ST, B FH 2 A BE B R AR, [R]I E AR R 2 v g SRR F
o N EE R A AERSIRY BRI, AR U7 SRR 2 AT 1 <n] SR AT RO R R R
£ CondorForest B, B340 082 RS, JATTHT B4 A G E T o SRR AT 5 7Y B )
2, ARSOR F A5 R US AR S0 291 DL F TR SRR AREAY. e Ab, FRATTR F vk B E 50 7532 1361 AT A
B IE R E R, 3.2 A 3.3 /NI A IX AN B

3.2 RRMRBER: FRMRIGEEE

TER M58 FH4), CondorForest B2 1 SE AR A5 Y 28 o %S B { B B SR A 7 1) — R R SRR
0N T. 83, Skl w7 o LA 2 TS 2 AR . LT 5, R R B 3 AT
St WE PSR T JCARTEERI D = {(i,y0) Yy, IR B BB DR Toew. T, BATN
SRR AR R SER ISR Sk 29

e, TENEEAR R EEZ AT, TATIE IS — AN B 045 T B R S R A 1290, fnfE] 2
fiw, B 2(a) A1 (b) 43 AR RJEG6 25 (A AD B AR 28 [8]. 25 08 43 R AT 45, T (A8 (6 7 5l RoR IE f 2k
SRIRES X (8], AR, T a6 2 (A0 B A5 2 8] & AN R Y, (R0 XOF — @ Bz Ak, BRIk, AT 14
E ety B A AE B A6 7 8] BN ZRA5 3 0 R SRS H B H bR 2 TR ) 27 2.

1 2(a) BT IRIG = MM S R B B, Wi IE T RN 1, FEESF RGN 0.5, IdiE
EIETT TR A N AT SN R (0,0), WIS T IG42  4t vt #, 3 GIETT TR E) 4 AT S E 530
4 (0,0), (0,1), (1,1), (1,0). SR, wEETTTEE 4 AN E 5708 (0.25,0.25), (0.25,0.75),
(0.75,0.75), (0.75,0.25). H1t, FATTAT LATG 3 J5U 4523 (AL S0 B2 A TR SR AR R & 2(a) 75 P,

TEE 2(b) EJ7 R B bR S R B B, WEAIE T EIAKN 1, MO E KT KN
0.5, %N 0.2. EHEEAKITER 4 ADNTSALE 258 (0.25,0.55), (0.25,0.75), (0.75,0.75), (0.75,0.55);
T EEK TR 4 ANTHSALE 235108 (0.25,0.25), (0.25,0.45), (0.75,0.45), (0.75,0.25). H, FATA]
DAAS 3 H A5 2 AR S0 B2 e s AR R, an &l 2(b) N7 FTs.

VERRR, JEaG 73 (AR H A 2 1] 0 R R SRR HA AR KRR 2 R AR, a6 2 [T i e S it R JR AE (J

BASMAI) AT AR Y bt — 2D A vT DAAS B E AR A ] R SRR, XA T UL HR R T R SR
TR B IR AT e k.

H1E 2(a) M (b) J8 %, 4FRA 1A S E R A R HEM B T I &/ 08 BARS MARCEE D LS
H AR [AINES I, — A BRI 20 B AR 2 8] B AR e s AR SR A v s B ak s E K E 2R 58 4. AN
IR PR R R AR, R, W AR AR, AR SRR IR B o b B bR ddlE D 5,
MGk S e B AR 2 18] () LS. DRIt JRAT 91 NWCR # A R AT BT R, AR (b 40L&, AT 5E 4 3 25
JRAG VSRR, Aok, AR SO A R 2 i A e e 0, BEALFER A e AIUS 4 AN HR A

o fREERAE: P AT BRI N IFEAAE A U E ke B 2K e 4.
o WHEHAE: B R LI, XTREAS PR A, BRI AR R, TR R A TR R R
R RN T TR R, AT U AR, RIS W b 247 BY R A5 2 i 5 S5 A ez,
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Figure 2 (Color online) Illustration of the decision tree model reuse mechanism. (a) shows the concept and decision tree
model of the source domain; (b) demonstrates those of the target domain

ANHEAT BT
3.3 BENNEIEE: FEANEEHEX

55 3.2 /N EEARG) T2 CondorForest 5% AR PE g 5 P SRR 2 5, an{ar 58 FH st D S A Y
PATC 5 24 Hl 00 27 21 49 2R 0 D S . S B B 1 — A I R SRR A A0 AT AR AR Y PR e 4 A
A7 sEfp b, X EOR LB R AR B 5 G TR KOS RO B, BURRZ A “RT B (reusability),
BEATRLE . FEA, FEVREEE 7 >0 )@ b, XM E S T 75 B R AR 4 S B, B SRR AR i A 40 2
0 S AT R TR A B T

AR 2 L () ey A FEE B (multiplicative weight update, MWU) 36370 £y DIk 4T H & N AL
HIFEE, ZHEARTZ R TAEL S 2] MRS B BT EAL. IR AT AN . o
PR SR A 2 AN RS, FRATR FHTELR 5 21 i I Hedge 0% B7~39, RO/ A B R0,

FEES ¢ W, MRS K AMERL 8 M = {Ty,..., Tk} JEBE, 53 B00E 0 kg pe A
zp = (my,y,) WIETE oy, B b P AR LU T T (20), k= 1,..., K. 85, FOEICEIRE
ARIVESERRC yo, MIMTREAMEILRE I8 52 0Ty (20), ) FHRER, H £ R x Y s R OB —HURBRAL
SRR A (RS TR T A2 (0 451 2R DK/ IN TR L, AT s BRASE R A6t 0k >4 iy 048 1 vl R, AR T A =C
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R
wf+1 _ ;Uf exp(—nl(Tx(ze), yt)) :
Dy W exp(=nl(T(xe), yi))
Hrnp > 0 N HEERAE B EERE K.

M ERBCE B 23X, RATTRT AR B4 MY (AL AR AR R A s R B, i A AT Hs b
R R (APPSR N, WIRE 2 1E A (e al FOf; B2 R F R A A B E SN K
AR P EAT VA — AR AR, (0 o B e 40 A

FIRACE R A AR R R FESE L, mERAX (1) AT, 8k MR R A AR IR
T exp(—nLy), FH Ly = 3 cq, O(Th(me), ye) FBRR k£ ETEEES BRI, Wb dr .

Rl (A ELEH, weight concentration) TEEIEH & WAUE &5 W 5, BIAR E R 4+ 3
e TEVE T - K AN S it

PRIk, 38 5 Ffed AN B 5 B0 38 AN B ] DASRAE iy SE SRR 4 w0 & AR 2, RIR] = M

G HEK, CondorForest FAARHE S 3.1 /NI HIIR O FAE BT AT, Forh A T B A4 (A
A E & A E ) ) EARRAE T IL 3.2 1 3.3 NI, ik 1 44T CondorForest HI% (1)
BARPAT IR, Hh 2 4~6 17, BOEWEIREA R PE, Hodd BB B M A i A AN A5 28Y (0 FR0I 3347 AL
M43 B & AR IS, 26 7 M 8 47, SLEIRGEAR B SShrid IR 24k, INIMA R 26 3.3 N1
LRI T L EE AL ST . B 9~13 AT REATAR AL R B, R 3.2 AN R AL B
VEAS B B R SRR .

(1)

Algorithm 1 CondorForest

Input: Data stream {(®1,v1),..., (®7,y7r)}. Update period p; model pool size K; step size n; distribution change detector
D.

Output: Predictive label 5, t =1,...,T.

1: Use the initial data to initialize a decision-tree model T1;

2: Initialize the model pool M = {T1} and weight wy = 1;

3: fort=1to T do

4: Receive the feature x¢;

5 Each model of M makes the prediction: Tg(x¢), where k =1,...,|M|;
6:  Make the prediction 7y = Lj\:/ll‘ wE Ty (x);

7 Receive the ground-truth label y;, and each model suffers ¢(Ty(x¢), y¢);
8 Update the model weight according to (1);

9 if (¢ mod p) =0 or © detects the distribution change then

10: Sample a decision tree model T according to the weight distribution;

11: Learn a new model Tpew via the decision tree model reuse, and then add it into the model pool M;
12: Update the weight as the uniform distribution;

13: end if

14: end for

4 SCIE

AN I A A T SR S AT SR, KSR Y CondorForest 53545 2 Fh /A A2 (e Bt it
SEHEATLORS, DASRAIEA SCHR S0 1A R
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BHEE. WATRA 8 Mk, Hrh s 2 N E a4, CIR500G AT SINS00G; LhA 6 A HSE
B, Luxembourg, Weather, GasSensor, Powersupply, Electricity, Covertype. 3 1 &7~ | Fifii £z £
HIEEAGER, BRREERELIR FEASH . 4R EH. CIR500G & B Z CIRCLE #iE
G 07V (AT, B JE ey 2 4, PSR SRR, s i R B B AR L A ARt AT, AL
PSRN 22 + 22 <r, H r ={3,2.5,2,2.5,3,3.5,4,3.5}, 24 AW A 500. SIN500G & K EHE &
& SINE H¥a4e U7 (A ph, Sl J@ vy 2 4, TR AN IESZ sy, JFdid A% j A BER i AL,
BRI &, BARIIE 2SN sin(zy + 0) < 2o, FoH g = 0, A0 = /60, ZEALJEHASN 500. 5256 BT F £
MR SEBAR RS SO A5 W AR s R 5 2 07, FEARECH AU 1900 B 58 /i %,
HALE M2 3 KA RMESS. TR 2H 0] L2230k [26] IR 1.

I E. CondorForest HikH, FATKAME BMIVE ok bl 7 #E ), (EF % 3.2 N5 h A4
[y 48 R e P WS A S0t PR SR EAT AT B . JRATI T B R B R R B 1000 )=, 78 SEFREUE
HAE R H RS R IR EE N 15 2 BF. IRATRHHERI R (accuracy) 1EAVFIFEFR. ASCHTHZ I
CondorForest 52 ) 3] 3 MEESH: S AL p, BIERN K, B n. R, JRATBE K
WHE A p = 100, B KN K = 25, K 1 = 0.75. HAWX H 725 B8 (8 Y H SO R 5 o
IS E T7

SHEE A, AT 4 Fhdt eIt AT xT . 8 de a2 o A Ak i s 7 > & 07, DWM
By 9101 iy e B T A A 2 E I B A L T R DU ek BE R A A . LR — SR LAY T RS
B 77 TIX (temporal inductive transfer) = R7S [40], /{%}7—3931‘}'2@E‘]ﬁi@ﬁﬁﬂéﬁﬁﬁﬁﬁjﬂ%ﬁ%m}%ﬁ,
DTEL (diversity and transfer-based ensemble learning) 5% 41 R F YL S b Ry 3k 73 25 8%, A AR Y
IE RS R AR P v AT 10 13 SRR SR AR B 1. fiJm R M ST S HI R EE 7772 CondorSVM  (handling
concept drift via model reuse) &% (6] ZAEE R L FEE R L (support vector machine, SVM) 1 A%
Gy A%, I 22 IE L AT R R EE A

IR, K 2 RORAFFIEA 8 MEEE LRI, A MEEEE L, AT T 10 &
MRIEAT, JREIR T IER DL RFRHERZE. o (o) FIRTE 95% &M IR ¢ Kde s SCF,
CondorForest HiEH BT (5F) XLk £ 2 IR, CondorForest HiEAE 5 ML (B 8
HHEs) LRSS RACHIERE, XKL T CondorForest SyEIIA RN, BLah, FATTLUE 2, FEMHAEL
B & R EHESE [, CondorForest HiERFHM T CondorSVM H k. iX&ZFN CondorSVM HFEE /2
ar e 2R M SCRF A AL, BRI TCIR AR I 5 X AR L M Bt . A2 oA 6 IS diadiE b, CondorForest
TEEF 4 NEIEE LIS T RIAITERE. £ Weather 1 GasSensor iX N 4#E£E I, CondorForest
FIR AT CondorSVM, X A Hi A& D5 Dy 1 3 A H50 40 42 ) 5040 20 A1 ARG T 35 BLACAR, 2 vl 7 M EL R
58, U HINE &R A EE T SVM 7T 0 28, ERERIE, BMET &, /£ 6 MESCHIESE E,
CondorForest I CondorSVM SyEEUE T i, LT HARMIXS L J77% (DWM, DTEL, TIX). X FPE
23R PSR B FIATLAR) DASIRAENA Bt vh B 20 A ARk, XA 1 A28 = AL A6 PR A 251

BB, N 7B A R RAEA R B S BRI, JRATHEAT B LT (robust-
ness analysis). FARME, X TR —FFEEE A E8HEE D LivEtte CHEE A fE5E4E D
bR A S BT 7 R B AR HER R LA 42 B

acc4(D)
min, acc, (D)’
Hr acea(D) NHEE A EHHRE D ERHERZ, min, acc, (D) NITEHIE (BFEEE A KAt
FeSE) EHURE D EHER RN R/ME. | B8 CAT A, e8RS D ERIMRZENTIEL A 1

T”_A(D) =

7
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*®1 FIUHAAKESRHNELRER

Table 1 Basic statistics of datasets involved in the experiments

Dataset # instance Dim # class Dataset # instance Dim # class
CIR500G 60000 3 2 GasSensor 4450 129 6
SINE500G 60000 2 2 Powersupply 29928 2 2
Luxembourg 1900 32 2 Electricity 45312 8 2
Weather 18159 8 2 Covertype 581012 54 2
*2 7E2 DIEEMEHREIESERM 6 NTEIRIES LAMRELLER
Table 2 Performance comparisons on two non-linear synthetic datasets and six real-world datasets
Dataset DWM DTEL TIX CondorSVM CondorForest
CIR500G 77.09 £0.71 e 79.03 £ 0.34 o 66.38 £ 0.85 o 68.41 £+ 0.87 79.60 £+ 1.11
SIN500G 66.99 £ 0.10 o 74.93 £ 0.34 o 62.73 £ 0.14 o 65.68 £+ 0.12 73.98 + 0.90
Luxembourg 90.42 £+ 0.55 @ 100.0 £ 0.00 90.99 £ 0.97 o 99.98 £ 0.03 100.0 + 0.00
Weather 70.83 £0.49 o 68.92 £ 0.27 o 70.21 £0.33 79.37 £ 0.26 73.65 £ 0.66
GasSensor 76.61 £+ 0.36 @ 63.82 £ 3.64 o 43.40 £ 2.88 @ 81.57 + 3.77 76.25 £ 4.38
Powersupply 72.09 £ 0.29 o 69.90 £ 0.38 o 68.34 £ 0.16 o 72.82 £+ 0.29 73.23 £ 0.91
Electricity 78.03 £ 0.17 o 81.05 £ 0.35 e 58.44 £ 0.71 e 84.73 £ 0.33 87.88 + 1.04
Covertype 7417 £ 087 o 69.43 £ 1.30 e 64.60 £ 0.89 o 89.58 £ 0.14 91.35 + 0.24

SHHEIER 1, 10 r g (D) = 1 SUARAIEE A S HRIERT 1, B ra(D) > 1, FLTER KB %08 3 76 1%
KRR Z BURAT. B, A n ANEORAE Dy, Dy, 500 A SRS B i SO e Bt
SO A1 5 SRR,

rA= ZTA(Di).
i=1

T W A8 R B ) 005 1) 2 IR R

Kl 3 J87~ T CondorForest ik HARXS LLAVELE 8 AN EHREE ST E. 7 LAE 2] Condor-
Forest B2 I AR EFRIEAERTA LR S8 — ARIN 1ASCHR W 1) SRV AE AR R A AR A i B8040 o >
{145 FRIA M. CondorSVM BIEMIMRERINEM LG, ESERENZ, CondorSVM Hik 5 A
CondorForest %/fig%%;@mﬁkigﬁ%, I3 3 AR P L a1 Ak 4 A AR A S AT (K] 1, XIE—E
P2 E_EARTIUAS Y B AL & 2 B STHESRAE 70 A AR A 7 ST 595 LA &bt ML &, TIX
FEIVERER I FEAR I N, IX W RE & R TIX SRR A AR B SJHESE, DRI o v AR f K
TECE T I A AR

SYBRRE S . AT FT CondorForest HiZ:H SN i A MERERR2M. X HIEA 3 N EH HE
24 A (update period or epoch size) p. FMZE K/ (model pool size) K LA KA K (step
size) . WATEI T 4 NESHIRE GLAEIEERIELL) WX IHIHR CondorForest FHIETEAFS
BORFE T RIRI. INE 4 vTCUE H, BEAE B3 B /NP KIX 3 NS ER L, IR KTE
NI BT RE IR Z R BRI S, IXRIL T CondorForest HyEHIFa e M, XS H AL AU,
TESZIG AT BN BT R p = 100, B E KN K = 25, 5K 5 = 0.75.
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Learning from distribution-changing data streams via decision
tree model reuse

Peng ZHAO & Zhi-Hua ZHOU"

National Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China
* Corresponding author. E-mail: zhouzh@lamda.nju.edu.cn

Abstract In many real-world applications, data are collected in the form of streams. As a result of the evolving
nature of dynamic environments, the distribution of data streams generally changes over time. Such distribution
changes hinder the application of conventional machine learning approaches because the fundamental assumption
of independent and identical distribution does not hold in these scenarios. This paper proposes an algorithm
based on the decision tree model reuse mechanism for learning from distribution-changing data streams. The
proposed algorithm is essentially an online ensemble method that maintains a model pool and updates it by
performing decision tree model reuse. The main idea is to exploit the useful knowledge in historical data to help
resist the negative effects of distribution changes. We validate the effectiveness of the proposed approach through
experiments on synthetic and real-world datasets.

Keywords machine learning, distribution change, data stream, model reuse, ensemble methods, dynamic envi-
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