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Ensemble classification model for distributed drifted data streams

YIN Chunyong , ZHANG Guojie
(School of Computer and Software, Nanjing University of Information Science and Technology, Nanjing Jiangsu 210044, China)

Abstract: Aiming at the problem of low classification accuracy in big data environment, an ensemble classification
model for distributed data streams was proposed. Firstly, the microcluster mode was used to reduce the amount of data
transmitted from local nodes to the central nodes, so as to reduce the communication cost. Secondly, the training samples of
the global classifier were generated by using the sample reconstruction algorithm. Finally, an ensemble classification model
for drift data streams was proposed, which adopted the weighted combination strategy of dynamic classifiers and steady
classifiers, and the mixed labeling strategy was used to label the most representative instances to update the ensemble
model. Experiments on two virtual datasets and two real datasets showed that the model suffered less fluctuation from concept
drift compared with two distributed mining models DS-means and BDS-ensemble, and had higher accuracy than Online
Active Learning Ensemble model (OALEnsemble) , with the accuracy on four datasets improved by 1.58.0.97.0. 77 and
1. 91 percentage points respectively. Although the memory consumption of this model was slightly higher than those of BDS-
ensemble and DS-means models, this model was able to improve the classification performance at a lower memory cost.

Therefore, the model is suitable for the classification of big data with distributed and mobility characteristics, such as

network monitoring and banking business system.
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Fig. 1 Ensemble learning framework
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A LS IR B0 RO Ui P VR AR E 70 8 AR 2T, T 0 H
PTG ASCE ] AdaBoost 532 3K N7 — M (B L4y
Fetwo BRI BX MR IR BB e S
IR R R P AT e R ) o B S R AR H
FIRGE B P RS —HE  #R2 n, (HETRE S R A, 3h 2
BETr 2 de AT BETSE YN e, T 108 2o 58 9 80 8 114 0 0t < 97
A o 27 A BRI R P, B T S R
M, M,, -, M, 5 m BRG] . 5 3hE
Bt m e, KR K C,, Cp ML AIE, Hitn - 2
BASFE N RAS MR R R B o fERE B, SE sk FEpR
LT BRI A pRiC R e, BT R 18 4 F055 05 3
Fi7s o

P OE S

fRicy,

K4 REPRCHRIE
Fig. 4 Mixed labeling strategy
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N MRS 5 43 B2 B (R0, ; BE DL SRS B o5
W true BUF false,

Dy, —BARRE R

2) oy, —HEAE RIS S

3)  margin(x) = P(y,lx) = P(y,l%)

4)  if margin(x) < 6,,:

5) return true

6) else:

7) R — BN e [0, 1]
8) ifo<o:

9) return true

10) else:

11) return false

AN IR L E TR B n AN B 3 2 U I
53  FAA L  , — BB i S U B e M, BT
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A FRURE R S R 3 A T Bl A5 O S B A AL
TRV I v R (1 3 0 KA R R 2 A7, B RIS A
AR ABJE B AL He A 2 TE — Bt 1] N 7 AR T %, R gl
AHET AR IR 2R I 18] AR T R . T TR A A 2R
IR TR SEAR P IR A, JEHR o, Fllw, 7350 275 g 2 2
Fedn MBh SIS AL

w, =w, =1/2 (12)
1 1 .
wdi—a(l—m); L—l,2,---,n—l (13)

M C12)F13) AT LA Y, w I AR FEAE . ShaSHESy
AR, HACE AR, TEZR AR B ) 5 EE NGk 4 T o

Fika TELRENFT .

W BRI RS C, TRE RN RN C, B 5L 1
x;, AR e M N R B 4R DRI S, 3h AR o e e 2R
Hn;

i MR E,

1)  use AdaBoost algorithm to create £E(C,,, C,, ==+, C,,) from D
2) deploy E into S
3) fori=1lton:

4 A =[]

5) forj = 1 to size(M,):

6) labeling = A FRCHNE (x, 0, o)
7) if labeling == true:

8) request for true label of x;

9) C, = update(x,)

10) A.append (x))

1) endif

12) endfor

13) create C,; with A;

14) endfor

15) update E = weight(C,, C,) from formula (12),(13)

16) back to 3) (i from n+1 to =)

17) ifC,, ., is created:

18) Cp =CpsCpp=Cro e, €y = Cyy iy

BIE AP E T — W XA FRAF RO B T bRic i 512
1), X TR P e (8 AN S, A TR S b i SR R
AN AR (5 6)AT)  ARic i i S AT LIS R e 73 25 i
HEATHE (55 9 4T) ARG A G wh X Avh R Ja i A h i
T L B — A~ B A3 28 8 (5 13)47) .

AR USR] LA S50 G S BN T 43 S AN E A 1 )
RS BE S TSRS AT, R 1Y 2543 25 48 7T BB JC 1k I8 R A, DA

By A, R, A SO AR E B KTl A

abandonment J5 7%,

abandonment J5 75 4 AE FH 2 M 5 42 R A%3 80 wp i B 9 B2
Boordedn ARSI T AT IR 2E ME 0, TR T B A
SRS AR T RE AR 2 0 B 43 2R AR I B KA IR A, 2
Vb, AR RS AR TN EGA R 0, T2 5
PR PR, X R S0 T, A A T 3 45 1 1 PR o1
P HARIEATISR , LA/ D 5 S HE S o0 S 25 SR g i), LA
WS,

x5 FREHIEE abandonment 7k,

BN B S 1, R E R e O R AR R IREL 05

W RNEAE,

1) fori=1ton:

2) C.error = 0

% 41 5
3) endfor
4)  while data stream comes
5) get I from data stream
6) fori=1ton:
7) if E.predict(I) # C ;.predict(I):
8) C.error + +
9) endif
10) if C.error = 0:
11) E=FE-{C}
12) endif
13) endfor

TS R 2D AT IR AL T A B AR R IR R
0,56 T)~TDAT , AN HANFRE 53 2525 10 T00I 285 S AN 4 5 53
FEERA— B, BE S S TR RS 15, N — W R, 2
FERUCEGE S LR 0, 4 00 JE 8 S M X A 55940 25408 o
3.4 HEEZRESW

DB A 2 B o AR IR — > S48 4 B[] 2 Tk, DI AR
FE 53 2ER I S E H & Ns, bRl — A 5261 4 B TR) 02 7L, 45
— AN S T — R A A g B B )2 TU,, — DB e bk
FRig i S5 L R o, BHEER I RN N, IS 2 A 38—~ 5 B
) B (] S Ns#Ti + Nd*a*TL*Ti + Nd*o*TL*n*TU, {0 %
P S RBCH N BB AAR SO 4 R AR ko 2R AR
1 B 8] 52 2% JE & O [ NINd* (Ns*Ti + Nd*a*TL*Ti + Nd*a* TL*
n*TU) 1,295 T O(N ).

2) 7S A 4B AR BB PR KINE N, B H i
B PR e n, AR RS SE 08 T 25 R Si, IR A4 AR
JIT T 1928 (8] & O (n*Nd*Si)

4 LI 5 RAn AT

AR SO B SR SR R OB 45 1 50 WA SCHE H (% EDD
F57 (Ensemble model for Distributed Drift data streams ) F 4 %%
PE LB B R — B % 7, INFE 16 GB 1 PC, ffi JT] VM
Workstation 76— 5 EHL L 4 & B, Hbh =4 B 80
A SRR A, — AR AT A, DA R0 4 A1 U 05
TEREA JR T A A R B A8 2k 43 BT 7 15 (Massive Online
Analysis, MOA ) SRAHUEE 3 0077 A5 IF S 3R %

4.1 HBESEMER

ARSI FFAE 4 BG4 LT SEA | Radial Basis
Function (RBF) . NSL-KDD F1 MNIST, H:t' SEA H1 RBF %52
i MOA B4l i 7= A= 7% A2 G B, NSL-KDD A1 MNIST J2& B SZ 44
PEEE .

SEA %4 55— Fh o2 A5 MU S IR A v 4, A = e bk
WA (R R P a8 R R A E M. 2RSS
B IR GEATERS TR 3 10° RIS 7x 1072 4k

RBF #5088 5 & — Al A sCME SRS B i 4 , 2 BUm 4
A AR T A R — B B B O A B D S R B BR S
BB E o SR BEDLIE B — > ot A AR AR, MR 5 1)
P A5 B 3 T A AE SR | A A X 7 A AR R 7 A A
AR ARSI (8 ] RBF AR s A il i B SR 20 28 7
55 1. 5x10° . 5x10°F1 7. 5x10° 4™ LA Ak 2z A= i A RS

NSL-KDD /& X KDDCup99 #§ 4l 4 (1) i i#F , KDDCup99 J&
5 [ 4 ZEABEHOL IO ) B WA AU , ph M R S 2 MR ik
SR (AN Ay N 2R SE T PN 4 € T SR P € S X S U ATl
ST B R) e 270, 5 224 B S 4 48 A ARSI A A RO 4
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A 5Sx10°4 LA F AN ZGRSEB A1 A~ T8 PR 2 A 28501« 1E 5 R
i o NSL-KDD J2& KDDCup99 %4 4 ) 5 R AF Wi As | fige ok 7
SRS P IS BIR Y i In] B, ) I NSL-KDD 23 B 1 YN ZR 8 Al it
LI ITATIE St P I ZRAE AR (09 SE R, SEh s gh
BN T Z AL I FB 43, I T SE 0 A, 2R Fi i 42
AR ST 125 973 122 544, JRMEBCRAAS

MNIST & —>F 58 i , A7 6x10* NI ZRkEA A 1x10*
A MERREAR A FEAS JE— > 28428 (2 F A T 5 507 0~9 HY
B

A SCHE H ) 3 A B R B 2 1 B &
it 2 0 PR GE W TE IR B A H AR R B ) — A2 R 4y
Fdh, B, 2R 43 S 45 DR RPN BB (1 i i B 4R
B s BRUILZ AN BB RE 4 12 72 v B N AT RE KA i
PEMHE AR o AR SCH X HE AR B R DS-means™ |, BDS-ensemble ™
F1 OALEnsemble'® : DS-means F1 BDS-ensemble F1 7 3 5 71 —
FE B H R A8 A P W R A JE S AR 2R
OALEnsemble 2 F Fil P BB I Fr) AL A V588 B3040 3t 42 1 9 S
B, A] DL S ARSI AR A 2T LA
4.2 SEEE

ASCHE Y EDD AU = A B S H R
TR B L FE A3 DS 2R B0 n DA BB R e M e A
Bomo R T HEBDSEOERAEE A S AR
G3 TR X ORI ST 140 AU 32, $ 2 A EE FE 1
T AES R, BT B HER AR 10 s B4 R H(E
ARZHCT BER R R 1~3 TR

F1 AEASHLTHEREILR

Tab. 1 Comparison of accuracy under different L

Bfi: %

unit: %

pAE/TE S [=10 L=20 L=30 L=40 L=50 L=60

SEA 86.25 85.95 86.26 86.18 86.25 86.21
RBF 56.75 91.25 91.22  90.95 90.98 90.82
NSL-KDD  87.45 87.27 87.16 87.36 87.48 87.18
MNIST 91.24 90.78 91.13 90.57 90.65 90.76

R2 AESE THEREILE B %

Tab. 2 Comparison of accuracy under different n~ unit: %

Bnse n=5 n=10  n=20 n=30  n=40 n=50

SEA 85.90 86.10 86.30 86.25 86.28 86.25
RBF 90.15 90.95 91.25 91.28 91.25 91.28
NSL-KDD  87.13 87.25 87.68 87.40 87.28 87.35
MNIST 90.15 90.58 91.36 90.85 90.72  90.88

R3 TESEm THEBREILE BN %

Tab. 3  Comparison of accuracy under different m  unit: %

B g m=25 m=30 m=35 m=40 m=45 m=50

SEA 79.20 84.34 86.48 86.25 86.33 86.35
RBF 80.50 87.45 91.20 91.17 90.89 91.30
NSL-KDD  76.98 84.45 87.25 87.36 87.30 87.20
MNIST 90.58 90.77 91.43 91.21 91.33 91.28

P28 1 AT, DU B 4B 1 B fE L S 805 8 NS 10,20,
10110, 24 L3 e ARG A, MET RAR LR B i, o 10> 4
SR RS F R ) LSRR BT k. R AR
RBF B9 525, 24 L=10 B, 3 2 i R0 I%, BRI )& RBF
HA 2042850 K BT B KRB B I N 10 B, & R EURE K
BT A2 0% A 97 i 2B 284515, R 2 Al

3RS Hn Al m BB AL 3 ) /2 20 F1 35, A SR IS 5L
P e FE R (AR 1
4.3 XFEEXIE

AT ST IR 2R HE S 1 R MR R A AT FE AR
B 43 5 % EDD | DS-means . BDS-ensemble 1 OALEnsemble,
Horpr, X5 T SEA H RBF $UHIE 4R T, 92 I 6 2 2 i 0 3 i
FTJ& 10 000 4™ 52451 (- 2 1z 2%, NSL-KDD 1 MNTST 2 il J
1000 4™ 52451 1) - 35 4 ff 258 (PR Sy 33 V9 1 0040 482 0 3 572 497 48
Ao N, 7E SEA B b5 2 x 107 A4 SE 0 S E MR %
SR 1.9 x 10° AN S F 55 2.1 x 10 4> S 4] (1% - 35 F500 71 6
o 59 T A5 PR B 2 BICHE U S 001 3 22 B SR R R
AR O

WE 5 (a) i, EDD 45 7Y 5 oAl = Fidss BUAH B, M6 2R
— L AR, WITF R B, 25 2B ) v i R A 22 R (E
F DS-means F11 BDS-ensemble A~ BE &b FHE & 15 £L K04 7, A
BEL7E 3 x 10° F1 8 x 107 AL AL, 33 I /4> A5 TR 7 A7 381) 58 A 52
R RZ M 3K, IF HAE# S R a9k & , 1fii EDD #l OALEnsemble
T i 8% T o 2 728 5% 0T M BT 52 D8 () fEAff 2%, EL EDD 7R %%
RUER R &5 T OALEnsemble.

WE 5(b) s, 76 RBE B4l 4 I, & A 1 73 S P fig
AR A2, 45 91 J& EDD #l OALEnsemble, 17 725 125 7% %} i3 7 4~
TR (1) 5 M AN RS, AL 2 5% T 72 3 I V5 A% 04 O 1 At 1 e
FERUR U, MEON L & B8 T . B I, EDD #5280 14 A
4, DS-means B 7Y (1 14 BB de 25, 32 22 DR R X A B
P FT5 R T M K-means ISHRL , TR AR B A 7 S A0UR 1
1 2z .

ik 5Ce) U, i NSL-KDD B8] 19 i ot b i %
G, T LA SO0 RS BEAN 23 52 B3, 45 A ASE TR ) T o
B 2T S AR — MR/ XA 38 2l , A SO ) EDD A5 AR
AR o SN E REER AR E — MR = KT

WE 5 (d) Fros , 78T 5 807 4 MNIST S50 T LU
DS-means 1 BDSEnsemble 19 7 8 5 45 {1 1 HLI% sh s B4k,
1M EDD F1 OALEnsemble A% 3% 2 8 & %5/, 1 HAS SCHE Y
EDD 3 2R HER 404 %5 T OALEnsemble .
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Fig. 5 Comparison of real-time accuracy on different datasets
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BT LA SE 5 7R 1 4 BERIAE 4 Bl 4R 1 SCn i
FARACTEOL B B E T 10 MG A, 2 I BRI S
R A RE AT IR, T R SE IR H B 1A AR i R
(PR ERR AR SRR 4 s o iR 4T LA A SR
9 EDD A5 58 AT 5 ) B A i 5, 25 B AN NS
SRk B IR SRR MERG R EDD AR R AL T HAth =X LA
B HRA S BB T . BRItz A, oA SRR 2 R E
LT AR RO B2 f1% - 457 [ L, T TR ) 552 30 v 2 283 B AR SC
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Tab. 4 Comparison of average accuracy on different datasets uint: %

g EDD DS-means  BDS-ensemble OALEnsemble
SEA 85.53 78. 65 80. 58 83.95
RBF 91.25 83.85 85.54 90. 28
NSL-KDD 87.32 80. 24 85.39 86. 55
MNIST 91.35 82.32 85.23 89. 44

e 6 iR, Bl 25 A HI S 45 s 8] 8 38, PN A TS FE R T
H4IM , DS-means INAETEAER D, T2 R K-means REEN
T 5, 2 (R A2 2% B AR, L 7 T 0 AR 4 VB2 A8 A i i), DS-
means 1 BDS-ensemble #5551 iy 58 2 2 J6] F [ HJE 2%
52, T EDD R R A7 SR 52 AL /IN , I HL A SE B VA R A R
F, A SCHL R B 5 TR AT, 5 OALEnsemble £ LL
EDD P A7 FEBEAIG , H FL7E A B 46 1 or 2t pe AR A+
OALEnsemble, FEREIEAIET , 110 431 U EE I, A
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Fig. 6 Memory consumption varying with time
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