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Nowadays, many data-intensive applications like telecommunication networks, Web
service networks, power sensor network, traffic sensor network, generate large
amount of data continuously in real time. These transient data streams cannot be
modeled as persistent relations. Traditional database management systems, targeting
at persistent data, are becoming inadequate in supporting the functionalities and
requirements of modeling this new class of modern data streams.

The unique characteristic of data streams is “you only get one look™. If data streams
are simply loaded into traditional DBMS’s, some queries can not be answered. For
example, some queries having aggregate operator like AVERAGE cannot be evaluated
since it fails to see the end of the stream input. Consequently, we need a totally
different approach in the design of systems which can model the streams to take and
answer general queries. The model and the architecture of the data stream
management system need to be redesigned. Besides, continuous queries in which new
results corresponding to one query should be returned to users as new data keep on
arriving.

As the rapid and unbounded streams flood in the data stream management systems,
we are facing many new challenges, including unbounded memory requirements and
blocking in querying processing. New techniques such as approximate answering,
sliding window, batch-processing, sampling, synopses, and blocking resolving must
be developed. In the first year, we will study the data stream models in current
streaming data applications, investigate the modeling and query issues of streaming
data, and then construct a general data model of streaming data and an expandable
data stream management system (DSMS). The proposed general DSMS will handle
traditional queries, and new continuous queries efficiently with the newly designed
query processor and core streaming data extraction modules.



FLEPF

W
PG owE S AT iﬁ A A m;ﬂ—' AR G N P T B TR
He @b EEe T RRRER AR PRI ERERTHEE

B- g ey o gu)%« B FOR o APAEZ A TR R R e BRGE
FLEE IR ks d T g T g Gk ) AR S F 0 A WA #
o Apg A B Fpt o AP F & AT T
Menx EFRE e B R RE AL R FEHFTARE P "‘/%"’
AAHT R b LA RS G r Agmﬁ?n«%&’“’ P SN E e kg

TR S L AR S Y

7‘1!

RSN

o

- B FALE JRenTks (streaming environment) ¢ o FAL v e
SBAZ (AP g s AL Tk R ARG AN ) T EE

fo AR B R S VAR B R A E I R Y o Bt ARt R R EOREE AR
PFo o AR R BT R e R T 7 g U A ’F“:u,p;j{‘%ﬂ v

BB R TS EAG RS E G LG AU R R
FAbem 2o B AT d R AFEA A A D T R

/

137

2

A T DT R Z AR R E A I i iﬁg‘g AT @
Fie— TR R g- ARk F 4]

Flot o BRLTOR R B IR K LT G F AP ) ﬁiﬁﬂiiﬁ!ﬂ’ﬁ*‘u{ﬂat“
e R FAEREET At A rT e Ty s‘g—%— F kA% ) kg nE
e s TRz Bkt L2 e T ’L?’}]%_S PN LA ,fm;m'_ﬂi)a‘.f;fi -
BADTHEFIE NG IF SR A REE TR EE R AA KPP R R
LEeEAmrd e

R B

AR (5 - &) chp AT e gL ks (DSMS) kLR
(architecture) &2 FAL 8 et (modeling) o & 2 BLend & > 3533 & /87 it eh
'?#'3 R o E B AR GRAR M D JERRAT 0 X e EE R 0 MEAE MR KD
PET N BT SR o s AR E T R A TR IR D
Jf"-fkl“} P - IR AR BT R g =k 5 (General DSMS) T
VL TR A AT B h BT U At B InTRB Y "lﬁﬁmﬁ‘*i**
RPN F S AT TR wik N B S - B REDTHR
BOm I A S o e s A PR I T R ] R TR EE



gk g R AL enicER (streaming data simulation ) > 4 3% Bk SLRAGE - ) A 47
B H s ERE 14 Ao PR o

piSmﬁ@ﬂmm<i$ﬁ%$1@’ﬂﬁ%1@ﬁ%ﬁ%@%ﬁgm
AAFTHROH[EY > APRT 0E- P T AE 7A@ 4 (knowledge
discovery o i £ F| & T AL p et ¢ *ﬁ*“-ﬁ”—%—‘:f—*}a Metiziranf® a5 o
wo &b (on-line) —» %&{g P ;‘ﬁ%ﬁ:if'liéﬂ?}—%%i TFF AL NG R
& ek V47 (pattern mining) > v E A e F L A3 9: R FALE g

RSN FORLE 0 BRLE Y AEB AT EE L SR HDIIE
a,ﬁaﬁ@*ﬁﬁf4ﬂ#ﬁ’ﬁi£%%?#gw* TR WL IR W
Bons o % ot b AR P Ik AR R A BTk o § 2 AT R

d i AL gE A mﬂ;ﬂ:,{#trjc ZoRN o B GIELP 4o

TR T 045 ) B IR R (association rules ) #® E_# B R 50
('sequential patterns ) % =9 % 4% ;% (frequent patterns ) 2 ¥_3F 7% ;¢ (outliers) ;
45 - (decision tree) > 2 T o R-FE R4 & 14 (summarization) & &L
$5 & ok 4F e (characterization ) > » ¥ 1 A FrenF R T R A 47 (clustering ) >
& ﬁ H 4% #48% 4 45 (trend analysis) st 578 (prediction) % ehxt 5 o 4% & ¥
M R AT R E I Y S A PR IR kS R 4
AL o

preb o d A e G E 5 B @ hF A i 5 (high speed arrival rates)
FTHFR 2§ A2 VAR P FRE "#7 SRS W LA 1
(primitive) M3 o 5 7 HEFHR R 2470 FAT L AT RO L
F5 0 STE 2 R T H B g,éfﬁxﬂﬂﬂ“ﬂ°”%+ TORE R hgis e o
- AT EE AR DF ﬁ & & 7 (multi-dimensional data analysis) » & 2_
RELTITAHE R EE AN > LR RBHE TR AL TR -

%

LR ?i%%ﬁm aﬁgigmmﬁﬁ;ﬁ#w(mwrzﬁﬁ
—:’KJE\;{L,’ R R PR E )RR R R T R AZEREL DR
%1@%@@ impfa%w&ﬁm%%ﬁﬁrﬂf BTV =

A A AR Y ) TR E P U] o S el S R
G TORLIE S g e 2 g % 20 B e (streaming) SR B Y o

R a@m p e pans A% - EamtR]Y APEL T ZAFHE o
T — Rt % #5535 (landmark window model )~ i #+ & 55 (sliding window
model) B ¥ #07¢ (damped window model ) — & 4245 7 B 2B i * F K
B L B P RE A AN i F RS o BB R L enTOR B R iR 2 15 A PR



It

4y m-‘ﬁ.\\f‘tm

B e B A1 3z ERER g S N c SN I TFB_‘FT’ *
e s B e (change detection ) |12 %ot L A A#eh

B4 T AT R E %‘I“*m)% Bop SR RS R R R
RALe S P F i B R & hE M GRSV SRR S N

TG e e
=\
23

2R
TR o E I k2 k su2E 4 (DSMS System Architecture )

PahG tnB TR REIAEER Y F A
STREAM [19] 3+ & » 323 3 £ F 2240 - Bd » cnF 8 i g m kst o
STREAM chp 82 - BRENFTHE S F R LB F hhaEs
(extended SQL ¥ algebra) ~ i fie % & 5 + 248 ~ 317 XML & £_GUI g7 &
P R R Y ; BRI L eh Nk R Tk 4eid B AL ehis R pe
B0 A FIIFILE o vgh2 o STREAM FE20 % 25040 SQL > £33 L
+ mﬁt FEMIIE B A A T g% o ¥ ¢b 5 STREAM #-¢ B ipF A 4 g %
B ARl TEEER AR AT REEEF LAl k
o R HAWETRS S AE LA R BV BT RS G RO
¥z o Tapestry [6] & sti & & 444 7 a0 4% 4 " 4c (append- only) 1P 3 #6227 BBS
MELEFP Pl 2 0T EY R hSQLFTF R L kheid B
GRS 2 R R #‘RE 4 eh75 38 & 35 o Tribeca [20] % i &
R RER TRt o Tribeca# it XA SQL 239373 Aeiite 8 n
SEIE b o OpenCQ [17] & o2 NiagaraCQ [7] i Sip| H_ ST & 3 e e b chis
Fiap RFEA S PRERFHLEGSH N o OpenCQ @ * EH A K { AT

(incremental view maintenance ) s iFi4ei® 439 AJ2Z - @ NiagaraCQ P &_
% e (group) A (gt NE R FIL G5 PR) > R B3

£ 4 o
Tkl g sngF# (Data Stream Mining)

TP A A BFOR R SRR AT & 7 0 4% 4k 3V 45 (frequent pattern
mining) [5, 11, 12, 18, 21] ~ # & 4 7 [2,13] ~ 4 #F [9, 15, 22] ~ it {4 4 [8]
2o pl iR [1,10,11] & o At gl ARG p A AL E R
TRk KLk B B g2 by A pEda & AT BN H BN — s ot B
3B ;¢ (frequent closed patterns ) 2 & ~ #5 % #% ;% (maximal frequent patterns )

i



BRI BRSNS TR s - A —‘F% &_ Manku ¥ Motwani
[18] - # 4% 417 % — i 2 Apriori 34 [3] BAHe- AT S FREE 2
Lossy Counting » @ *73 ; SVAprion FH IR ek R R G KRV AT REER 7
AR HRNFE R 2P ERG kmﬁ»;\mf R kL ifRst s 2 ¥ o g AF
N o Lossy Countlng ® % - BEIRL L T2 ko it 2seis HE (hash tree)
PenyERE R ot Reia gt [3] R n A TR aMER RN ER Y £ - Ae it
& * F|enk ;8 3B (pattern counting) ot - Teng & 4 [21] & 41— B st
§F 5 A A e ,ﬁﬂ E fp_lf FTP-DS » & B 47§ # % cdf i Ppis £ i
FHCAE FH FR P R (TR0 - @ Lossy Counting E!Jn,'l%;ﬂ m#”% A5 2 A#H
chE AL R SR oChang 27 Lee % 4 [5] BRI 01— B 7 if * *0ifp H0A) ¢ g B
P IR F B E 0 FL0F estDec o .: estDec ¥ > & X % & — B4 e i 34K K T
T- BAcfEE S ]‘|§7K1§$_¥E’} M EJEER it > & AR B AR ET’“\".’fglp_g
E R o 4 i;wu,ﬁ, g5 I}me 7‘:-—m-é£ t 4 4 - Giannella % + [12] #&
- 113 vUHE B 4% M (FP-tree ; Frequent Pattern-tree ) [14] 5 A # g TR 4
wEE o i FP-stream > ig R B2 4 B YRS o FP-stream <G R RE ¢
FB- BRADTAE LT FP-growth j# 5 245 9 AR W DR BT
PO RRE RS R BV - BADR ST 2000 £ 2 A 2 iR R U
R B

Rt TLNRIEAR (N SRS A DA R o S U Tl
AR VR TR o NP R R i e o e B A2 w o AP R A - el
T IR TR e A H i}u{) et FLE (window ) j 2% @ 420§ ¢

- B R A (data block) Bi» # @ — B % » % ¥dg 8 -
4% T P EE (timestamp ) “Tic B Fleh d £ 2 b St chg RAgRE - (i=1, 2,
3o ) o Byt tAlY o A ¥ méﬂ‘ﬁ b N

(a) g ¢ #3) (landmark window model ; LWM) : & B H3) ¢ o
PR E AR AR B e R T B4R 0 - BRI BT D
- xﬁB?F"*%TNM» i}u‘{;ﬁu vdedk Ty=10 P4 7 97T enF 4L 8
A RFRAF AL AP E e WMIT] | k>1 % & 57 i@ #3] (WM
= Window Model ) -

(b) ## % #-3) (sliding window model 5 SWM) © # gt 3) @ » ks n
HETRIaaw B FHE 5 24 Flpt > BRI e EEE Ty
Pl B3 7 12 47 & WM[Ty—W+1DTy] » & /17 HE At 17
SR E R AT B AT 0 LB R o o
#ep w B AR B TR e TS i



(©) R % #-3] (damped window model ; DWM) @ Z gt 03] ¢ > S0 i
EBERBTHTRET LR P EF2 TR T °ii LIEAR AP,
B0 TR R A A TR WA (AR
AR Pl AT ) o
aVOnew=avgoid * p+Tn*(1—p) > H ¥ 0<p<1

a—rgti,;k;[sa;;gg_fqlfz‘gq_\g»ﬁg;::i:y@g?*igﬁﬁjéiﬁﬁ er,{""m
e r‘éﬁ*" 3+ (buffer management)o B3t o APERI T Z A kg
‘} g /rl / ‘;’k\’)?})"’ 1§

§ - fE e B E s ke 2 (First-In First Out 5 FIFO) @ 4~ #5 41
LEREBATAL P R TRAOLRPL BB AL e A AILT]hE iF
A FH > @ b B (72 \}I;K,gar - B 7% 4 (queue) -

¥ o b0 e fiAE § 440 £ L4881 (Last-In First-Out 5 LIFO) @ g+ #73)
LR 8T B BRI & AASEE TR g LA g B e
ig%ﬁ%%EVW%ﬁnwﬁﬂ%@ﬂmfhxﬁ@a%?yﬂﬁﬂ; LEY g g o
WAL e RMBSE TR D AR R HE R I kIR - B
s gp 1 (stack) -

Fo ARSI ATHETRELS f ( Small-Window First-Out ;
SWFO): “%%H A as - BREFEE » Eire Rl TR T A ) R
R R A RRILTRE G PTRT LRSS - B LR
I I“F’fF"*P\ ek A4 TR E 4 4 ’,T*‘ufx LB ERRAL AT RAE

A

[ ll‘z\»:l*i, E'E"’»:’ﬁﬂﬁﬁ ﬂﬁ_;}—\i% o

O 2 TR R e A L] S P 1 @ BT AR 2
g

a. LwWM
b. SWM In-Memory * Bounded
c. DWM Summary Main Memory

* Massive
Sequence Arrive
at Rapid rate

Data Structure Requirement

Data Streams

wawebBeueN Jeyng

* Single
Data Streams Management Streaming
System Engine Data Scan

a. FIFO Continuous w... Approximate

b. LIFO Queries w@ Answers

c. SWFO
User/Application



BT R 0 gy~ & B A5 (continuous query) 2 15 o B FALE IR
Bk e mﬁ‘:@%ﬂ’?“@g&\%‘rﬁ B e 3o TaB - e Bt B kit s
Fom FALE JRiE» KA g Ad PR Bre iRl TR F PR K
R e e AL E RS (PP AP £ = 484 FIFO - LIFO 12 2
SWFO)e 2R2is » L3 2 Fenfp* 3 o @ % 2 eng A T g2 i d] (P
Fopsd £ ZBTHRTHA CLWM - SWM & DWM) e #3858 2 § 428 i
ﬁnﬁ:ﬂgmm; FHRTPRZE T il B Rer FREMFL R

"“ﬁﬁpéjﬁxx L2 (4P 2qFE > F 1 AP EFET L KPS
;zﬂé P Eeng R PR R R B AW i F o AR
- BV R adlce MY i & TS (in-memory summary data
structure ) » T MERF IR e M PR E E R L AT R BHpaop F o X3
i * ﬁ%"f o s o AIATR Y ONFE FEI TR IT o REFLEEFY
MAERNE R AAANFEL 2 (8 BT RAPM TS S w @) mu% * o
AP AR o

B%AHE

BPw oAk E A K e

1L FRE ME TR IR ARDTE LR AP 202 B AR m?}]%
AR S L

2. AR R FORP Al (HRende §HCA] S e E R SRR E A PR
HwmBERE o

6. B & TR A (Rt AR HRand D)) &R R iR 2 R R AL
1

34

1. C.C. Aggarwal. A Framework for Diagnosing Changes in Evolving Data Streams.
In ACM SIGMOD, 2003.

2. C. C. Aggarwal, J. Han, J. Wang, and P.S. Yu. A Framework for Clustering
Evolving Data Streams. In Proc. of the 29™ VLDB conference, 2003.



10.

11.

12.

13.

14.

15.

16.

R. Agrawal and R. Srikant. Fast Algorithms for Mining Association Rules. In Conf.
of the 20™ VLDB conference, pages 487-499, 1994.

B. Babcock, S. Babu, M. Datar, R. Motwani, and J. Widom. Models and Issues in
Data Stream Systems. In Proc. of the 2002 ACM Symposium on Principles of
Database Systems (PODS 2002), ACM Press, 2002.9.

J. Chang and W. Lee. Finding Recent Frequent Itemsets Adaptively over Online
Data Streams. In Proc. of the 9™ ACM SIGKDD International Conference & Data
Mining (KDD-2003), 2003.

S. Chaudhuri and R. Motwani. On Sampling and Relational Operators. Bulletin of
the Technical Committee on Data Engineering, Vol. 22, pp. 35-40, 1999.

J. Chen, D. J. DeWitt, F. Tian, and Y. Wang. NiagraCQ: A Scalable Continuous
Query System for Internet Databases. Proc. of the 2000 ACM SIGMOD Intl. Conf.
on Management of Data, pp. 379-390, 2000.

Y. Chen, G. Dong, J. Han, B. W. Wah, and J. Wang. Multi-Dimensional Regression
Analysis of Time-Series Data Streams. In Proceedings of 2002 International
Conference on Very Large Data Bases (VLDB'02), Hong Kong, China, Aug.
2002.11.

P. Domingos and G. Hulten. Mining High-Speed Data Streams. In Proc. of the
ACM Conference on Knowledge and Data Discovery (SIGKDD), 2000.

G. Dong, J. Han, L.V.S. Lakshmanan, J. Pei, H. Wang and P.S. Yu. Online Mining
of Changes from Data Streams: Research Problems and Preliminary Results. In
Proceedings of the 2003 ACM SIGMOD Workshop on Management and
Processing of Data Streams, June 2003.

V. Ganti, J. Gehrke, and R. Ramakrishnan. Mining Data Streams under Block
Evolution. SIGKDD Exploration, 3(2):1-10, Jan. 2002.

C. Giannella, J. Han, J. Pei, X. Yan and P. S. Yu. Mining Frequent Patterns in Data
Streams at Multiple Time Granularities. In Proc. of the NSF Workshop on Next
Generation Data Mining, 2002

S. Guha, N. Mishra, R. Motwani, and L. O’Callaghan. Clustering Data Streams. In
Proc. of the Annual Symp. on Foundations of Computer Science (FOCS), 2000.

J. Han, J. Pei, and Y. Yin. Mining Frequent Patterns without Candidate Generation.
In Proc. of 2000 ACM SIGMOD, pages 1-12, 2000.

G. Hulten, L. Spencer, and P. Domingos. Mining Time-Changing Data Streams. In
Proc. of the ACM Conference on Knowledge Discovery and Data Mining
(SIGKDD), 2001.

H. F. Li and S. Y. Lee. Single-Pass Algorithms for Mining Frequency Change
Patterns with Limited Space in Evolving Append-only and Dynamic Transaction



17.

18.

19.

20.

21.

22.

Data Streams. In IEEE International Conference on e-Technology, e-Commerce
and e-Service (EEE-04), Mar. 2004.

L. Liu, C. Pu, and W. Tang. Continual Queries for Internet Scale Event-driven
Information Delivery. IEEE Trans. on Knowledge and Data Engineering, Vol. 11,
No. 4, pp. 583-590, 1999.

G. S. Manku and R. Motwani. Approximate Frequency Counts Over Data Streams.
In Proc. of the 28" VLDB conference, 2002.

Stanford Stream Data Management (STREAM) Project.
http://www-db.stanford.edu/stream

M. Sullivan. Tribeca: A Stream Database Manager for Network Traffic Analysis.
Proc. of the 1996 Intl. Conf. on Very Large Data Bases, pp. 594, 1996.

W.G. Teng, M.-S. Chen, and P. S. Yu. A Regression-Based Temporal Pattern
Mining Scheme for Data Streams. In Proc. of the 29" VLDB Conference, 2003.

H. Wang, W. Fan, P. S. Yu, and J. Han. Mining Concept-Drifting Data Streams
using Ensemble Classifiers. In ACM SIGKDD, 2003.

10



