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Survey of frequent pattern mining over data streams
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Abstract: Advanced applications such as fraud detection and trend learnizfg\lead to the development of frequent pattern
mining over data streams. Data stream mining has to face more problems than,sfatic data mining like spatio-temporal constraint
and combinatorial explosion of itemsets. In the paper, the existing frféquent pattern mining algorithms over data streams were
reviewed, and some classical algorithms and some newest algorithms were analyzed. According to the completeness of pattern
set, frequent patterns of data stream could be divided into_'complete patterns and compressed patterns. Compressed patterns
include closed frequent patterns, maximal frequent pdtterns, top-k frequent patterns and combinations of them. Between them,
only closed frequent patterns are losslessly comptessed. And constrained frequent pattern mining was used to narrow the result
set obtained, satisfying the user’s demand more. Algorithms based on sliding window model and time decay model were used to
better handle recent transactions which occupy an important position in data stream mining. Moreover, two of the common
algorithms, sequential pattern mining and high utility pattern mining algorithms were introduced. At last, further research
direction of frequent pattern mining over data streams were discussed.

Key words: data siream; data stream mining; frequent pattern mining; sequential pattern mining; high utility pattern
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1 {a,b} 3 {b,c,d, f} 5 {a,c, f}
2 {ay/ &y dYe! 4 {a,b,c,d}
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Tab. 2 Pattern sets
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Tab. 5 Comparison of different patterns
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Tab. 6 Features of frequent pattern mining algorithms

Hik wo T 7k BRI
Lossy-Counting  landmark N lossy counting CoFPs
estDec damped Y prefix tree CoFPs
estDec + damped Y prefix tree MFPs
Moment sliding N FP-growth CFPs
NewMoment sliding N FP-growth CFPs
TMoment sliding N prefix tree CFPs
MSW sliding Y prefix tree CoFPs
SWP-tree sliding Y prefix tree CoFPs
CloStream sliding N Closed Table CFPs
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FEAMFHWEREEH ORIy — WK EESIER L#T
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Fos, BT e HEEBHRR K BIEA WK (B FH
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Window Model, SWM) , #z1E DEEIUFEFEE SWM 5 A48
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B | new’ — new | NESKYWHILE O, MEL(b) Fim.HH
A EN AN RS E O TR AR RE O AR
EE5HIAMEEBAR, BRE OWRDMASBER,

N N
—
Trew-va1 Toew  Tnow-nel Tnewennl Tew Tuew'
(a) AEFRTF 55 Toew (b) AFRHE G T
1 BER/NE S D i3l
Fig. 1 Moving the fixed size sliding window

PAR AR E R4 T 25 AR e s 8 O S il 43 8 1 A
b, S AEEBNKAE D, MY RED, RRAEH
FR/N N B 2 R T W28 sl 3 RAG s B2 72, Hop
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BRSH, AN EEIN +1 new’ — new| o 2(¢) Fm REMS
BN, WEE O SBBR T, BO R NI ZE N,

N /:—fN E
Tew-n1 .

N Thien Triew-ws1 Tew Tuew
(a) AR 55 Toow (b) FEHE S EA T AL IE S Toew

N
Tiew-vr1  Thew-wa Toew Tnow
(c) AR TR I AL B 55 T
B2 RAERESHE DY R
Fig. 2 Expanding and shrinking of variable-size sliding window
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A SNE O RN 2RI, AL [R] 32 ik A
Wi A 2 RRIT, 8 X B TR B BT AT R 4R
SEERY R N1, FIMoTS 4 3k {32 T bt (5] B A 98 30
OB B E RN TRES W RIS 0 #fT 4,
O R/ Z R R AR LR, VSW BpslY 4R
R A OMNE S E A 2 MEER R A ER R, oK
NEEP IR SR R E DR E, YA TRA,E
Y TR, T4 & An i, %1 W48, CCFPM & Bt i
FIAI e O R IREAR R i A G B, & DS
¥R B S R .
3.2 mEAE

REFERMEEAZRBBEENE N E SR THENE
FVEERANE . SR, — BB [ R BE TR A R B
IS R R R, I SRR R A FR (R
AR EME I — M A3, B2 — M REE R E
W 2 25 T 7 AR SRS E M v, BIRFARNE &
EHEEANERENE, ZEABENEZOEERE THIEE,
BEE=RREFEIE BEE GTEEH, BMIERE
EREFHITENARE TR EESERNERGERES
AR BEERE FENELBRERTERAE TR ESR
EEEP R HASEUE, E D K/ADN B/D RS T
HE AL A A ESE, LALLM REERE
FEREB R HFENERT IR,

41l MSW ( Mining Sliding Window ) 22 (%7 2. {# FH [ % & 3
& AR RIFIRT B R RS IR SR T T i & B AN 2
B —, BRBEERA—MENE OR SW-ree F2iE R T
B, RN o X A 45 M B A, 25 Bk 17 50 A s =X
PIEMB, BB e R R AR A R B 4%
AR E, HH IR X B A B4 50 R ES5 1
B, B¥k SWP-Tree ™ fif FIR] A5 W 3T 1 & BUBAR F B4R
B, N TR B, (5 AR R B R K 2
[HE T4 A BT — P BB 3 R 4 il R
BT B4 (AL HR 8 & . DFPMiner 253 12 38 B 7
PHERFERR, ©aIAHEE RN, P ST
W RRBCT AR AR M LR AT, D& AR
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7 F PR, PFP-growth HL3L1) M T 424 30 45 A o a2 o
TR SR B AR T 1A, Sl i T A AR
BRI AR S B DA R BB R, IncSpam 357 (1 I i
TRV (A B (R TR IR 28 & B AT 4 o2 B 3l T 111 A o (3
FOER, BT R 68 TR SR s A D AR
2, T LA B () R P 77 I #E . A-Hoount B 351 SR b 18] 3
AR AR A AU, Eoh e TR T 0.98 ~ 1 Y
FEH RS R THEE IR I B E, AT R B
AR, TDMCS 533 R A R0 A2 S8 R o e 1 PR &
SREA, RN — P ETTRIN T Ik, 7T LS B R e AN 2R
SR MEREIHIBREERES . TwMinSwap H LU M
REBIT R IR I top-k BB IXB BRI
PR , 0 AR R I (B AR e I se AR S 42
BT, TN TRRERERZO, 1,

®T BRFE
Tab. 7 Decay methods
Bk HEHATf SRR
MSW Y (0=-6)/017 <f<1 fon™h
SWP-Tree N T 0-2)/0]° <f<1 frewri
DFPMiner 0<f<l 2 Fewr—ti)
PFP-growth 0<f<l flewr™
IncSpam bi,b <1,k > 1 for™
A-HCount 0.98 < f<1 Sfleurti
TwMinSwap 0<f<l1 Sflewr™
TOMCS = ("VT(0-0) /017 + 1) /2 S

4 HpgmlEk

BHRTE P AR R T R B LA 1B & P
}3 (Sequential Patterns, SPs) ™~ HF EMEAE LB RF
O ZRI04E s B S 3K ( High Utility Patterns, HUPs) ™~
AT RIEA & O 8 3080 T4 B (SubGraphs
Patterns, SGPs) ™™ FF & B LA/ B8 T BS54 A
Wi(EPisode, EP) ™", I T & BLELE M9 (event) ; ISR EAR
. (INFrequent Patterns, INFPs) ™" | B2 B 4 B4 B8 0% f T
£ HE ST B3R ( Probabilistic Frequent Patterns, PFPs) !
TR E IR A B/ D R A B/ MER S BT
EIISE DR R B, s IR Z b 2
TSR EN , AR Z A0 AT TRER G R IT WNERE
RS REEE =T X5, AR INR 8 Fim. SFXEARE
BB T LAHZ 48 A RIS AR, R S BB R R
M, AR EBNAFIELFRBREL,

*8 HEXMWEXEH
Tab. 8 Differences of patterns

5o T/HERF  S/RENEME T/ ESE

FPs N Y N
INFPs N Y N
PFPs N Y N
SPs Y Y N
HUPs N N N
SGPs Y Y Y
EP Y Y Y

4.1 FIER

5032 (Sequential Patterns, SPs) 3546 H T & 3T 51 50
TR &b HBRBCNME T 0 5 BB I 4R R 51, 3 B 45
WL TFI R AFIER, RRNFIEIZRERR
prefixSpan! | X 5k T Bt B FTRT BN S5 M IO B S 4
EAMBHE, B LR SE RN, 3 H T L
RETRERE

HIRR PRI RIS R SR AN T ERRE —2
MEGERY . I SuPMiner 8 37 #2538 2 30 7 R B 19 SPs.
ZEENMNZHERAR - K EHRREEBHFEH
PBuilder 7 ifi 1740 ¥, SuPMiner B :{# i T, W45/ #7177
1R 3%Ei4E . BFSPMiner 8 3£ R W S8 OIS BB W
B SPs, ZELFEREE T, WEWTFIERRER. ZEER
B EE R E S F MR, BT AR E 7, B
MAHUSP' S5 AR B8 3 O B R SPs. B EL A — MR
K MAS-tree M E5 M08 T REMARRFE R MEH—NT
HE BB U 5 38T MAS-tree, S [FIBTIR TR MILHRE &
R B RS
4.2 BHBEER

B R (High Utility Patterns, HUPs) 548 Al T & 31
FEHIRESTHAMET AP LEENTSETE., 8
SER R BT LS A FTE S A SR B . SR
RABWOF B8 H T LU A — M B A B B i

B ) HUPs B8 3 2 B BX, Bk TWUS 1
BRI IEURE AP EBUER . B A G
TS, LI RS ISR iR i, B
HFEREZ —-RHFEEZRAMBIBE L RERELE.
HOARR IS8 HUPs B9 3 £ B R — B B, % ¥k SHU-
Growth ' {f FI ¥ 388 L1 R 4538 HUPs, 24 7 7% 4 8/ 45
PEEE A AN IR VH A, B B T &5 9 72 i HUPs,
LIHUP 23 i B 2T ist BR 45 F0 3548 HUPs, ETF list
MRV ERKB T —M R T Rk A EEEN
R A LA S E F RS R AT R REES,
TR B B EAR . Vert_top_k_DS'™ B3k I ¥8 3 81
PR RIZ IR BRI T 1 top-k HUPs, A RAE— R,
B AR vk 4 B8k P SUHT O S e 454 iList
FHETRNE L, BX MW TE & BRI TESRR
Bio HAUPM B3 F 28 87 0 35487 39 HUPs, % B
{6 R ZEIAT 1 R B 245 P g HUPs, 8 Fit 81 R F R B8
ZERFENRAGE R, REREAN N EE AN
(DAT) %54 F1 28 % % A List (TUL) SR 42 S 42598 %%, Choi
251691 18 K 45 Twitter BRI FIUPs , F 4600057 2435
B, B EERESE O AR B SR P RS,
T B EEE R/ N . BT R T TP W25 #4 AR 2%
FEEA PR R B EES, MO EEL, 7B T
BETEE,
4.3 Hfstaz

HIER P IR EE AR A T RBEAEE P HHA o E
SR, B RBUR R BRI 7 'Y, Hemalatha
LS8 4 BT B/ N AR A AR S B0 PR ST AR
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% MIP-DS, ZEERIZIWEIER R/ R BEHER, ©E
SEISHRIE ShE O P BB AR R, TR TR IR S T v 3R
AR JET SRR E , T i AT LR R AT AR I A B
#, Duong &' 32 B B3 045 S BB W (R0 & Sl i)
AR R EE R, XA R R TR AR &S,
FFH B2AE 5505 . — A AR ISR BT T 3 UMl Bl A 42
55 —REAFAFETRARLHTHERGFS. ZHEE
A PESEAE FAE AR AR B o 2 o B PR BR, AT #2908 o TR R 48
MRRER .

N S8 B T P R B AT B S R R B
XA TR B R/DZREE MR/ DMEERSH, Cuzzocrea
S AR E SRS PR B — B, X
BB A UF B 45 M SRR i, SR SR
R, 1% R B PRIMoS 1 FITE 3h
FIRR RS2 48 AN 2 SR O P A AR, B T
— P FE 48 W SR 45 M A 2R A R PRIT, 3R A B KK 1)
T Ok R BCE (G B, TR 0O IR R E
PFIMoS i FIME R L REE M T r ok i B R R BT
A, 34 AT AR AR B ] o

S H—FHAEK

AR mIZ I P SRR R R T T 2
BET —EH LR BRAAN T ENAFEEANRZAL, X
FBFFE R T HE— B HIBFRTTH

1) RMEEAR R XS RERRE R, K EE
RETRARER L 5K R/ TR BE B B R A 3 17
BUH S, QT4 S e P R R AR =, B
KHBER R AT e 48 EE AL B b il i e 2 F
R R I -5 AR AR BT B 78 iy Ok ) 5 K ] R AR A B
S R EFEH, PR,

2) FEFRSen; AR SRR R T LATUARY , & IR [ 4 58
TEARFIX & P B XIS T REE T B, BIR B K B
W, 7T UL RN S R O R E R TR, BE
B AR bR SCZ IR 2 2 P 2 — M e RIS R T30
MEER ML, EREMRESWN S, MEERN TR
eI TR, A AR B, Anfe BB 4 b o3 Arax 38
BEEBR AR EFEH SR,

3) ETHRAWSETENR . BHER TS TR
X BBURG & KRB ITIRE B RS, R A]
ALBREAR TR G R EARZRAE RN, Fi, IZH#A
R S ERAA X o R, W LU A R A R EUR
%, BETHEANS LR L RA TSN ERE, I+ H ol LR
IR R BRARME I B R . VT DAHE— 25 X B TR e 7 26
FHEHATHIS

4) HTEMNB, IRERE TEHARGIHENSITTE
REMBIERAE, XRRBEERRERNFITES
BT AR R R R R R R BRI AR
R EGRSEHRRIAE,
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