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Algorithm Based on Sliding Window for Similarity Queries over Data Stream
WANG Kao-jie’? ZHENG Xuefeng'! Song Yi-ding?

(School of Information Engineering, University of Science and Technology Beijing, Beijing 100083, China)!
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Abstract Similarity queries are fundamental part of modern data mining application. But traditional query algorithms
can not be applied on data stream, which is an unbounded sequence of data elements generated at a rapid rate. We pro-
posed a novel approach for computing similarity over multi data streams based on wavelet sliding window model. The
basic idea is to divide sliding window into equally-sized basic windows and represent the data elements of a basic window
using wavelet coefficients, then form wavelet synopses window. As a result,queries toward data streams can be conver-
ted to queries toward such wavelet synopses. This algorithm takes advantage of the merit of wavelet decomposition for

linear computing and achieves superior runtime performance. The extensive experiments verified the effectiveness of our

algorithm.

Keywords Data stream, Similarity query, Sliding window, Wavelet decomposition

1 3]

BRI S A BB — PR S BB R T K, 2 T R
B WAL AT IE RN TS IR . B TR A 3735
FRR AR R, AT BE AR S SR P L
WA B~ RETFAME OHARATH, BHE O ERER
hZ—.
H\E 0 R— AR AFESEL FERERERX—1
e 1] X ] P ) 80408 > 3 LA B8 B s 5 A Lk B TR BB A A AL
B 0 AR L B (A1 Sl 4 BT 2, A2 0 e 1) 285U Bl B e
TRIREBUR TTT A BT RS 3l 3t Bk (8] X o] B B & 5 EH e
FROMESHE O, W3 E ORI RO AR E R i 5
FERES S Top-k 224145 75 T E B BB A MBS .

NTHEWNEEE, MREIE A AR R, 7T LA R R E
B OABREHHE. R T E /NS HRERE AR
WEME . HP. D RETEEZRERXEEEX
LA AL RIS B B T Z BB,

o}

B H#8.2009-11-20 184 B#5.2010-01-20

A R — MBS R BN A, ER T 2 BB
8. MU R EHCUEE R, ¥ LK R E
i E BB S 2 A B BR R B R A AR . TR
[I1T8R Y —F B 08 R /0 88 2R B0 38 B =X BE B 0 O o SCRR
(12 DUk T/ A e B AR DL B B R AR R /NS R B
HAA/MERA, HFBUR T REFRIERERIL. XR[13]5 F
BRI T —Fb X-Tree BIBRLEHW  H— B REMR T E T/ BEH
AR AR E (] 2R BE . SCRRL 14100 6 X B i By
RS VEARAE , SR T — R R FR R A A5 Bk, A LT B R
W [ A, BETTAR B B H P R R .

A CBFFE T AR R 18] IX [6] P9 25 3008 A 1ol 2 3 1)
HETDMEZ "R AL B/ T —fETHRIE O KEHE
T M A I

HEE ORI A RE RN EAE O, EEFH
OB SHE O, sHxtE— P ERE O AREHEHIT NS
St FEREAT/ MR R AN L AUMNERER O . AR RN
TEET/NERERHE OHT.

A0 E FRHE X T RIE s B (2006BAG01A0T) ¥ B,

FEARQ72), B 4, FEFR T EH IR BRI , E-mail; ewagkj@ tom. com; B g (1951-), 5, 8+, # &, TEWFT M
HBAEF T B4 R—T (1959), 8, Bl L, RE TR, FEFRITHEESF SRS R KGR E.

» 169 -



2 ERRMEXTE

FHERR, BAHEA P HBIMR SR 1 5.
F1 FXHARSHS

i #H#

N B RKE

k EAHF 0 kAN

® ?ﬁii‘/%ﬂkd\

¢ AW EE R

di BERARE

G MREK
X,y MEAH T NBEHNRAGTF A
Ti» Ty AP R A AR A
path; NERERTEEA R e HHEF KR

By MR REEFLEE N

2.1 HER

PR R LU VR R B D BOR M B 0 R B, T
FB—TBERAEERE—IPZ0H e = (i di i) oAb &
FPAERTANRIR & A BRI ERE ¢ HEEE
BUigealinpE s

B, i 1P MEaM RN BERS, o AREa
BBl d ABAREETRKE & HEIEA R X K E
.
2.2 #@mhEn

Wehid O BHImmA R Y — TEX A B R A,
FARERFHRE A BT, T 2R B %4 ntE XN
BEMEGE R N BB,

B, EE8 1P, BEFAKXRD o REREN o M
AR B TR, ATHIEST 5IEH. HETHEERTE AN,
W E N BRI EIETE S B B s EF.

Xeurrent—e Xeurrent

CEAn NN

Sliding Window (size of @}

Xeurrent-o Xeurrent

CORARmnENNd

Stiding Window (size of @)

Xeurrent -

g00eannmnnn

Sliding Window (size of @)

H1 B R

Xeurrent

2.3 MBS

INBAHR RO TR TR R MR RS EE S
R ER AN T4 B A 247 R BB

3 SO AT AR AT IR NB MR B AR . s — A
KK N=8 BB FI 2= (2,2,0,2,3,5,4,4), LI SR /)
PR B, A RN

SR R B0, AT B 4 B[ 2,1,
4,4 WE R R B IR RK, B TRMFAGOES
8, By TR B SR MTHE B 3 A48 B SR i 22
{8, AT 3 4 A0, — 1, — 1,00, LI FK A1 15

B. MER S MEEF LKL EH SR,

ET 4 MHEEE BRITREIR. BREHRE - RKY
E11/4], UR B REREEHRERN AR —5/4,1/2,0,
0,—1,~—1,0],

WRERE—METER/DERBBR N, E 2 KRR W

* 170 -

B/ NESRIEIK, WEMNE AR H o =0,
e DFRF—ANMNERE B— AW H 4 (=0, DER
"“/l\ﬁﬁ@'i ’li (i:o,..- 3)%%4“&%&%@9@)%&0

co 1D
=0 ey G

=1 02@

B2 MEiREs

2.4 AL

R 2R 4 S 2 T S 0 P 51 2 T e B o
Fik.

ke B W, A SR FRIRK L RS B B B o

U E— N BE o0 BN BEXI N n BB R 5 F y, R
W R0 F 4R WA oAy AR AL

DG =S =) <e ey

TBSE Too Th 435K A2 R A 18] st PR L f) 0, S0 P A 3
PERAEIEE T, T P BARIIME R LR

N T,
D& =(.2T(yi—x,-)z)%<e 2
=4

(T, Ty)
BHE BATH RS BT R A SR R R B E
F s T8 925 B P9 Y BB S

3 ETRIWANBBRLTESR

ASCEE—MET NS OMEREEITE T, B
FARRETATIEZ" M EE  EEIR R4 ETER
EAH O, BTEARE O NEIEE T/ DES RS ZELE, M
MEBE/NMNERERD., FRAUNERANENEEL TR
NERE S D 3T .

B EEHWE SR, AR s/ MNEHER OWEE B,
PAREF/MEHRES DAL AN SR,

3.1 BIMEREROMEEE

BE— RS ¢ F— e X E 2, WBT L, e+
k— 1] i) X ) 3 B3R BB TR R— 151 AR 57
—ERERX R AEAE O, NTE O RS, TR R
INBESHBRFUNE REL T AT O/ MNESERERE. &4
SEERMEAEO X AR PERERHD. X TXEHEO,
REMENRG RENRBL R ZE O RBIEN/NMNEHE.
HFTPMEREF#SEA & EABIE0. YBaE0
EL AT, XoF IR A o B TR BRI A /N B 3T 1 M B - B
F/NRRREE A

HRTHHEMARIT

Hi%k 1 WaveletSlidingWindow (&, w)

B B AR DK/ 0, WEHET TR/

W DNEREFOES

D#IEA4L Buffer SRS, A TEF ST EA ST O R BN WEER
B

2) Wk WaveletWindow BARLEH, i T3 & 0 NBIRA /b
BHEHD

3) While(F #7 B BEE R T

O WHEZEERIR i = (xi,wist:)



5) ¥ E8 countOfltem fiil 1

/ /e FEE T R

6) If CountOfWaveletWindow<Cw
// WBE O AR
7) If countOfltem<Ck
WE-ZS =3

8) W e; = {xi»wi 1 YBFEZE Buffer
9 Else

//EHEAED B 2
10) Call WaveletWindow(B;)

/7% B BHRBEAT M AR /N B, FE B/ D BB
#HO W3 (B

1D INETEER L W3 (B)ZEHE WaveletWindow
12) #5128 CountOfWaveletWindow fii 1
13) %5 %5 Buffer
14) Else

//BEE AW

15 ZFEG AERANDEHEFD
16) H#88 CountOfWaveletWindow 3 1
17) HH WaveletWindow
FRE GRS AR ON/MEHREREEENT
Ei3% 2 WaveletWindow(B;)
A Bi=[zi ziva—n 1 BOE Y & ABE R
s NEE Wa
DAL BAE M coefficient Tree, Fl TH#/ME RS
DYIRALBAREEH datalndex, AT HMHE O ABBRTES], BIZK

YEIT R Bt ] B
DAL B start TimeStamp T end TimeStamp , Fl THRRE 1 B;
B 3 s () R 88 L e )

4) BATHIR/ANBEZRAL T LA R AR/ D B R AL
/BRI ER D PR TERER T

5) Fori=1,- REHEKE
6) B R i A coefficient Tree
7) ¥ co FEAER average
8)  PATE RN
9) For [=0,--,k
10 BRAB R R T A LE datalndex 7
11)  F4# start TimeStamp Fl end TimeStamp
3.2 EF/MEREROMNAUEEREE

Xt — B EITEE, BATHEMEER(T, T, T RR
RIEBI AL T, RAGRMEA, BABEEARILHE
T, T BRI EEAS O, I IS B T g A S
A,

XS E O AT RIS 3 2K

B-REO,PE-NEO W, B 0L E S
& T T R ENTEEN, BHRNEBET T..

SERE O, B EE 0 W » B 0 AR 1L B 58 4
BEED T, T, FiEEREEN.

FEEREO,MEBE —NE N W, 8 1 B A2 118 18] 5
BEE T T, Fris RN, RN HBUNET T..

XA O, TR B R B B S .
B R X s R BE B b0, {6 W 45 B B R 45 B 1R S R PO Y
=R, R (O PR

DW,.,) =D(W 3, ) +DW,, ) +D(Wy, ) (3
4k,

D(W ;. )=DC(T, ¢ startTimeStamp of Bp.)

DW,)= 5D Wsiar,)

D(W ... )=D(start TimeStamp of By * Ti)

B AR ET

BiE3 WaveSiWin(T,, T »e)
A I E) 35 B A R S et (R B L R R e TRV, L B U BE B R
i B BB SRR I B A R VS E Y R A A
D#R R E S R
DEWMFAMT T., T et EFEE NN EHESR D
3)For H—ITHOW
4) U TiZ2W garrtimestamp F B T1SW end-simestamp
5) I Th W out-simestamp / / R —AE O
6) Call calOnlyWin(T;, Tx)

//HEE—EF D DWg.)

7) Else

8) Call calFirstWin(T; s W o simestamp )
/IHEE-NED DWig)

9) Start=TRUE; End=FALSE

10) Else if Ti<W gor-timestamp
FHH Th>W ond-simestamp
1D Call calMiddleWin{W ggyr.s; s Wt )
/ATEHEE O DWW,
12) Else if Ti>W qorr-timestamp
FH B Ths<W ondsimestamp
13) Call calLastWin(W gors-timestamp » Th)
/IHERE—ANED DWiy)
14)DW 1) =DWg, )+D(W,,,i Y +DWyy)
//BERGITHE
15If D(W,,;)>>¢ 18 [E TRUE
16) Else & B] TRUE
IR =208 O BRN R B A eR % BP calOnly-
Win, calFirstWin, calLastWin, & I CEAL 9 PRI I8 .

R d7 d7 AYBIEBURER T, YA O A BB, 1
R CHR9], H
dl?:AZ b\,] 'C?,d?:—xz 6,1 'C?

ch € path, rjy € path;
m
df —di = 2 8~ X 8¢
(jy € path; ch € path;
= 2 0 (G —¢)

[jy € path;
F € puth;
i

B ERAHE 08— MERRER N EEE (1 ¢ 22)
P o BRE X O B 1E] ¢ BB ST R 5 08 £, JU)

N ‘2 . N
Dl = (g (df —diy
!

=(2C D 5 F -G} @
! ij € path;
T Epath;
P T2 O R B A R calMiddleWin, SR 3C
ER(15 M ik
D@,»=L X DGy =27 5
"é,p) €Cg
n;y;p)GCB

* 171 »



HAb, Z, YRR RAE O NOBERREFFEN. C %
ADERE, L p WRRERE O N/NERBCY AN E
KURAEZEHE.

[CEE;) _C?g)) P, if CEE;> € CB&CﬁEg) €Cy
Dty =4 [cp I if ¢ € Cobec T, € Cy
[CEZ:) ]2 ’ if CEE‘; QCB&C EE; €Cy

ME 2T LR /MNERBEET LA E—{ 54
W, ATETRS RAITRARAFENMNE RS HE 3 57
o

dy d dy dy dy ds dg dy

[ SA[iB]o 0] 1 -
H3 NEREFMEEH

RN RBE R R UL [, p B KRR, HEK
R R K R A X SR T B B T AT AR

FEMHEY DF,Y .
4 IS

AT — H SR BE X B A AT AT IR AT T
e ATEFILE, RIOLI T XEOBIFHEE, U X-
Tree trid, 4 LR A9 Bk L) WaveSliWin #7i7, B
PA Javal. 5 LB, WIAIFHE BB BB 1. 6G, N 1G.

MR APARERERENEE, BHEELE
65536 JMHHE (1980 2 1998 ), AL FAH K FHE LA E
R A TFARIEREEASR. 2048, BHEECT
UF5, RE, 6 HB) 3 MUELE.

B 4.8 5.8 6 BR T LRER.

B4 BRHEERERAH O X PMIRRT . ERE %
HATRT I BER B B O R/NEIL B L.

B 5 BrRmEEBRElsE 0 K/NNERT,. ZENE%
PATE R R A B O /NS AL BB BL .

MEHRFLLE S, T BaiE o, ZPITa RR T A 1
FIEAEEN S, B R RERFF— IS E WA ), AR L
BB FHE Y. RS, B F X-Tree B, WaveSliWin
RABRE.

B 6 BAREEREEIE O EAEH O NHWITRTE
AT ERERT A X (e AR . MBI TR B
PR ZE TR T o [ 2 v B TR PR BB R AR L, R
PR BRATITTY R, BBAEIE B BRI, JU B R HL R B
WIS FET . HB T WaveSliWin Bk, X-Tree IR X E
BFR—, KB WaveSliWin B7 8 BHEH T X-Tree.

100

WaveSliwin
8 X-Tree —>—
'g &
ey}
v f——— e
g 4
&
20
0
10

15 20 25 30
WHW D (AW D A5, BEENN024)
B4 EWETRIFER 308 0L
o 172

100 WaveSliwin ——

X-Tree >

e
} e e
00501001502(1)508003504004505«)550

FAW 0 (3 W 1 %25, B FI¥ W 1024)
B 5 ZriedE)BEA A OB

Time{msec)
&8 38 B

8

140} WaveSliwin ——
i X~Tree ——

E)

/

Time(msec)
8 8

-~
=3

2

|

1 [

00 500 1000 1500 2000 2500 3000 3500 4000 4500
EHES (hsyW o425, KRN DH512)

Bl 6 it E FE 2 AR IF O

SR/ FOCER - FATRE TR S E O R EERAE L
HEREE. BIERA TR Z” KRG, B Sl & a1
T B BRI R 2 U TSR EAE O, I A E
H BT/ DR S DR E. ARETMERE
BENE O, ST E RN [ E N BB R . L8
ERRY, BRAA REHENE ST R,

2 % x &

{1] Mayur D, Aristides G, Piotr I, et al. Maintaining stream statis-
tics over sliding windows[ C] // Proceedings of the Thirteenth
Annual ACM-SIAM Symposium on Discrete Algorithms. San
Francisco, California, Society for Industrial and Applied Mathe-
matics, 2002 635-644

[2] Lukasz G,David D,Erik D D, et al. Identifying frequent items in
sliding windows over on-line packet streams| C] // Proceedings of
the 3rd ACM SIGCOMM Conference on Internet Measurement,
Miami Beach, FL,USA, ACM, 2003:173-178

(3] Hua-Fu L, Sub-Yin L. Mining frequent itemsets over data str-
eams using efficient window sliding techniques[J]. Expert Syst.
Appl. ,2009,36(2) ; 1466-1477

(4] MEHKH, B SRR M ERABRERRITI] HE
HLEL, 2008,35(3) :1-5

[5] Rainer G, Wolfgang L. Sampling time-based sliding windows in
bounded space[ C] // Proceedings of the 2008 ACM SIGMOD In-
ternational Conference on Management of Data. Vancouver,
Canada, ACM, 2008 379-392

[6] Vladimir B, Rafail O, Carlo Z, Optimal sampling from sliding
windows[ C] // Proceedings of the twenty-eighth ACM SIG-
MOD-SIGACT-SIGART Symposium on Principles of Database
Systems, Providence, Rhode Island, USA, ACM, 2009:147-156

[7] Cheqing J, Ke Y, Lei C, et al. Sliding-window top-k queries on
uncertain streams| J . Proc. VLDB Endow. ,2008,1(1):301-312

[8] Kaushik C, Minos G, Rajeev R, et al. Approximate query pro-
cessing using wavelets[ J 1. The VLDB Journal, 2001,10(2/3).
199-223

[9] Panagiotis K, Nikos M. One-pass wavelet synopses for maxi-
mum-error metrics| C] // Proceedings of the 31st International
Conference on Very Large Data Bases, Trondheim, Norway,
VLDB Endowment, 2005:421-432

CF#% 201 7O



BFE PSOBERMME RGN, B HHE
e B3 ol R 18 R IRV R B AL (A B AR AR R T R, iR 3E L
BERSURA RS B AT T B9, BBET LU A PSO Sk,
HI,PSO KN FRVEERLE 2, EA /T4, R XEHK
IDPSO Rt B AL PSO Bk, 7E IDPSOBEPRBAT
BEEENROREEF AREREFNEXE T, &
7 PSO Bk — MU —ENHERERR (D RO EFHRTH
o7 B A B, 7T LA b3S 1 18 R AR B B R (BB
B2 B O B BG BORL T B AR 1R B . AT G A R 3B %
. 1DPSO il abh ¥ 8 AL 3 H: 4 B 0 ST ML AR st 1%
B BN, 725K 615 R B P R DL — B R X
BARFIHATE L EFBRAE, TR MR P& AT
BIEALAS B, , /R 7T Bl S TR BB AR BB R A

AICRAR IDPSO BRGE N £ 4 L HMAHAE R T 1
BASERAMATT R 810 5 B R ATE B E e 2 A0F
iR R EE A L3, = 8 TDPSO H A7 T8 R i e s s
s pfe, ERITHEMARME. E T -3 ITER BT
R—REEBRRE R IZ NIETE Steiner I8 B 4515, AR R
JEZEB/ARER PRI Steiner #,

2 % X W

[1] Hashimoto A, et al. Wire Routing by Optimizing Channal As-
signment Within Large Appertures[ C] / Proc. of 8th IEEE/
ACM Design Automation Workshop. 1971

(2] XBBH, 258, FH. BHEW Prim B R RE & VLSI gk F
BIRLAALT]. STk K523, 2006, 28(5) : 557-559

[3] HEX. “BR ETHERBK MRST B&#ABE XHH
T BELT]. B T2, 1999,29(2) : 89-95

[4] Wey Chin-Long. Efficient Rectilinear Steiner Tree Construction
with Rectangular Obstacles[C]//Proc. 5th WSEAS International
Conference on Circuits System Selectronics Control & Signal
Processign. Dallas, USA, 2006 ;: 204-208

[5] Rita M H,Bryant A J. A Spanning-Tree-based Genetic Algo-
rithm for Some Instances of the Rectilinear Steiner Problem
with Obstacles[ C] // Proceedings of the 2003 ACM Symposium
on Applied Computing, 2003:725-729

[6] Eberhart R C, Kennedy J. A New Optimizer Using Particles
Swarm Theory[ C] // Proc. 6th International Symposium on Mi-
cro Machine and Human Science. Nagoya, Japan,1995:39-43

[7] Clerc M, Kennedy J. The Particle Swarm-explosion, Stability,
and Convergence in a Multidimensional Complex Space []J].
IEEE Transactions on Evolutionary Computation, 2002, 6 (1)
58-73

[8] Hanan M. On steiner’s problem with rectilinear distancel] ]. SI-
AM Journal of Applied Mathematics,1996,14(2):255-265

[9]1 Kennedy J,Eberhart R C. A Discrete Binary Version of the Par-
ticle Swarm Optimization Algorithm[C]//Proc. of the IEEE In-
ternational Conference on Systems Man and Cybernetics, Orlan-
do, USA,1997,V:4104-4109

[10] Clerc M. Discrete Particle Swarm Optimzation illustrated by the
Traveling Salesman Problem[EB/OL]. http://www. maurice-
clerc. net,2000-02-29

(117 B30, BRE R, Bk, ST RER AEn s mEnel)]
YL BRI 5 B %], 2009, 21(8) : 1175-1181

[12] sR3C8, BRE R, —FoRA L B RS/ E RO R A 2R #0kr
FRERACT R[] BRAHFI5 A THEE, 2009,22(4) :597-604

(13] E8ER, RER. Prufer HFBHBAELT] /DEBRTEN
49,2008,29(4) ;: 687-690

[14] ko4  HEELHNE S ETRMESGHERTHRERKEZ
AT AL ]. #E 2R, 2000,12(3):32-36

(157 #tocde, BE, K@ B RARE R B m AR 5AE %
[M]. JE5 . B2 i ARt , 1998

[16] Shi Y H, Eberhart R C. A Modified Particle Swarm Optimizer
[C1/1EEE International Conference of Evolutionary Computa-
tion. Piscataway, NJ:IEEE, 1998 69-73

(L% 164 W)

[10] Kang Donghyun, Han Saeyoung, Yoo Seohee, et al. Prediction-
based Dynamic Thread Pool Scheme for Efficient Resource Us-
age[ C] // Proceedings of the 2008 IEEE 8th International Con-
ference on Computer and Information Technology Workshops.
2008:159-164

[11] Goetz B. Thread Pools Help Achieve Optimum Resource Utiliza-

tion[EB/OL]. http.//www. 900. ibm. com/developerWorks/
en/java/j-itpO730/index_eng. shtml, 2002-07

(12] gpmgse, k07, —MAARRLPLBLNTIT SR, H8
HLLRE 5i&it,2005,26(1):7-11

[13] Mercury Interactive, LoadRunner controller user ’ s guide win-
dows version8. 0 [ EB/OL]. http://www. mercury. com/us/

products/performance-center/loadrunner/

(EBE 172 7) .

[10] Dimitris S , Antonios D, Timos S. Hierarchically compressed
wavelet synopses[]]. The VLDB Journal, 2009,18(1) ; 203-231

[11] Franky Kin-Pong C, Ada Wai-chee F,Clement Y. Haar Wavelets
for Efficient Similarity Search of Time-series: With and Without
Time Warping [JJ. IEEE Trans. on Knowl. and Data Eng. ,
2003,15(3):686-705

[12] Popivanov I, Miller R J. Similarity Search Over Time-Series Data
Using Wavelets[ C] // Proceedings of the 18th International Con-
ference on Data Engineering. IEEE Computer Society, 2002,
212-216

[13] Liabotis I, Theodoulidis B, Saraaee M. Improving Similarity

Search in Time Séries Using Wavelets[ J]. International Journal
of Data Warehousing and Mining, 2006,2(2)

[14] Yingyi B,Lei C, Ada Wai-Chee F,et al. Efficient anomaly moni-
toring over moving object trajectory streams[C] // Proceedings
of the 15th ACM SIGKDD International Conference on Know-
ledge Discovery and Data Mining. Paris, France, ACM, 2009,
159-168

{157 Hao-Ping H,Ming-Syan C. Efficient range-constrained similarity
search on wavelet synopses over muitiple streams[ C] // Procee-
dings of the 15th ACM International Conference on Information
and Knowledge Management. Arlington, Virginia, USA, ACM,
2006 327-336

» 201 »



