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Efficient Algorithm for Online Mining Closed Frequent Itemsets over Data Streams
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Abstract Mining closed frequent itemsets from data streams has been extensively studied,in which NewMoment is re-
garded as a typical algorithm, However, there is the problem of its big search space causing bad performance in time in
NewMoment. This paper presented an algorithm called A-NewMoment which ameliorates NewMoment to mine closed
frequent itemsets, Firstly, it designed a combinative data structure which uses an effective bit-victor to represent items
and an extended frequent item list to record the current closed frequent information in streams. Secondly, the new pru-
ning strategies called WSS and CSS were proposed to avoid a large number of intermediate results generated, so the
search space is reduced greatly. Finally, the pruning strategy called DNFIPS was also proposed to delete no closed fre-
quent itemsets from HTC. At the same time, it also designed a novel strategy called DNSS to efficiently and dynamically

maintain these operations that all closed frequent itemsedts are added and deleted. Theoretical analysis and experimental

results show that the proposed method is efficient,
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W ¥ 1k CFL-Stream, 8 1 LIE T INAERY DIU W A TEAE55H
YEgsh i O BB S B XA BT s
A A3 45 71T G0 A SR P A0 B TR 1 4254 5 Stream-
Close Bk A LDIUtree 7764 S 5T SE BUE , B3 Bk
F VAL A1 “FH BT AT 20 B9 AL SR W 4 /MY R S 18], 45 4B o R vp
KRR T RTE " gk HEAT PR R TN DA THT 3045 M AT O M PRSI %
Wi, SCRRL4. S IREE TR BN S HREEERGEE,
ERFASSAFAN R BEENISHEA S HE. H
F M AT T B — R ERAE R DL B R 2 , (15 R IE R
PR ARART . NewMoment 355 % Fi i i A P 51 7K
BAES T E R A S RE R B R B
PSR, M OB, B SR AR B L5
5 BB BHNES, SN SR A R E RIS
P RBERAT RIS AREREER GRS
N SR ETE N IR E, ARO0ERE T 5k B R sk
RZANERBEFPHEERAMERREREE. B2
NewMoment & ¥ FEE— 4 EE WAL %A R 8B & g, &
LR A K 38 R 55 8] RARFE R & PS5 R T ey s,
T B R TR R S BRI AR, AR SCHR N TR T
11 4E 5 3 B 1 ——A-NewMoment (an ameliorated NewMo-
ment algorithm ), % & &% it T — # 5 i) BV-DFllist (dic-
tionary frequent itemsets list with bit-vectors) ZE4i 45 ¥ &0
FRRME R KA ETE ., EEEIH B, B X mE
1T F S R B S AT HE T, R B SR -
F7 A B ST BE B K IR B P A B4R s B (R AR IR R iy
BRI —— AT RKE” 5 T YRR, Skt e A
BOK B a2 50, AT PR 68 R B, EEik
I EE, 32 2 A 4T BT B AR w7 S WA G P I B 1Y
HTC e R i B Ak P A 00 4R . R SR ‘BB R R e mg ™
S g 4P BT A & A AR I P A B IIUAR , D AV DA A5 B IR 1 4
PR, B8 R R A BRI RO

2 mEREEX

BB DS={T1, Tyo=, Tis -} H— N K/DTIRHES
BIEFEH L, o T B ah A ENES, To={L,L,,
Lo, LGi=1,2,-, p)FRHTI B, B35 0 SW(Sliding
Window) fo & BB DS ERIEH N MEFHEE, INIFR
SW YR/

EX 1 WAE 2CLEFE TODS, BB KR 2
22T, g()={tET|HEFH ¢ TIHTH =} . W g(@ R x
CISHEE, 272, [ ={ceI| T H I ESY
TEIWHE o), B F(DR TSDS A4,

EX 2 2T M SRRE R spr(x) = | g |, MR L
BN g |BREA| TIHME.

EX3 HHELLL2 FRABET R =1>E&),
CFICT RIAREDNE, 4N h{(CFD=CFI,

EX 4 THE LI EHE =z WEETRIE: subsume
(=€ Nglx) gD}

ENXD T p BHAETE CFI ENTF . & h(p)=
CFI HARFELE ACp, W A(A)=CFI.

EXN6 BEERT gen=YUi, HPY EB—HHE1-
Wik, :qY, B ERTHZIFERFE: post_set, (gen) ={j

« 230 -

€ FLiist | j & gen(\spt(D<spt(j)},

EXT7 HEERT gen=YUi, KDY B—AHURE 1
Wi Y, AT WA ERTT R « pre_set, (gen) ={j
€ FFlist|j €& gen\spt(i)>spt(5)}

3 A-NewMoment &%

AENA-TAROEREE R RE TS REE
A-NewMoment, ZEE 1~ Br Bodg e 55 — W B 2 4 icdy
WL B, B B R R RS,

1 HEEN
311 HABEHRT

SCERL6 JE IR AR R il A 18 s B R B it et Ay 3
% B MR NES  FE VR AR T RN BRI
PABRRAE R . (B2, XMy i A TR shat , 8010 B Seaft i
ZHERIM AR, RS RIS W ER IR B i
B ROCHFE TR T 4B BRI T B OGR . AR SCiR S R
B i B AR B e BB S, B AT R 5,
XEE. BT B LR ABERE BN EHIYESWE, AT
BWMEFRM, BB AR, B A 2, R o YA
S BN 1 RR B 0 TR . HE Oshet, RN
4 AT B B R R s B R & BT AL S T E B
TR, BN, SR BT O R SF R 10, B4 (T, (Bead)
(T, (dfegach)) (T, (ce)YFI Ty, (dbeac) YR 0 1 BYEE
%800 1 K345 FIH i TR AR 1 TS, e
1KY AT, BTIEBS (Th s Cedach)) , 81 1 2 %% 34 FT H 7
RN RAINER 2 FF,

F1 OGO 1 HEEIRE MR RR

Transaction Items Dictionary Bit-dictionary
T, bea abe 11001000
T, dfegach acdefgh 10111111
Ts ce ce 00101000
T, dbeac abede 11111000
Ts dfagch acdfgh 10110111
Te ace ace 10101000
Ty gaech acegh 10101011
Ts gach acgh 10100011
Ty agh agh 10000011
Tho ec ce 00101000

#2 @02 HETHFM HRMFRR

Transaction Items Dictionary Bit-dictionary
T edach acdeh 10111001
Ty dfegach acdefgh 10111111
Ty ce ce 00101000
T, dbeac abcde 11111000
Ts dfagch acdfgh 10110111
Ts ace ace 10101000
T gaech acegh 10101011
Ts gach acgh 10100011
Ty agh agh 10000011
Tho ec ce 00101000

3.1.2 BV-DFllist 4 #
HF BRI B R A B BB AR R, AR
H— A HT RS ——BV-DF Llist, HAF ST F7R
(DB B — BV-array(a array of bit-vectors of array).
DFllist(dictionary frequent item list) 1 HTC(a hash table of
closed itemsets) ZH % .




(2) DFllist i) & >3 M & 4 4~ 3); itemnane, rownum,
count I tid, itemname f{F I B 4 ; count X W1 H I 51 Z
HHE I rownum 12 R H 7E BV-array 915 9 7 B 5 tid
R EIE A RS I ES AR

(OHTC =% % FE, BF— R LML HF 1
SRR, 8 YRR T R HEF I B L 8 SRR Rk
FEMEPTA SR A AR T H 4 7R .

3.2 HEMBLHE

MR O R R B R i, BV-array 7245 T 3B R
HIFTAAZ 8 » % DFist 5 )30 B £ 18 SCReBE il /DB R AT HE
¥ SR S bl L BB AR 54 DF Llist & B A BT 1
SRR BEB R BB K P B4R , I J 36 P 4% R B9 A SR s R
KA M EIE,

TR WFVa, €& sptla)<spt(ax), W x b
zp FTAE RS A D

PEM S spt(x)) =\ gla) | ,sptla) =] gla) |

X sptx )<lspt(a)

REEH 2 M.

oo gl <<g(x)

Eﬂ:;{ﬁ 1 B"Jg%ﬁ’/l\:]:jiﬁ L2 H4J$9§~§I,

AW 2y B P RAERE D,

HEHE 1 5E X 45, SIRE -SRI SR E B K2R
HATHT B LIEMTENA SR SANRENES
FREZFEHFITENEERISHERRETE.

BIIE 170 3 1-Ti4E x ) subsume (x) € Q, W x 57
EIEE,
EE 2 1E A-NewMoment BHERBEPR, 7 1-TN4E 2 /)
subsume (x) @ @, W spt(x) =spt(x\ subsum(x)) H =\ sub-
sume(x) JIABRETEE .

HWEBR  E X 4 K subsum () & @ A1, g(subsume(2)) =g
(x).

Bl 4% 1-T04E = B subsume () B F 5 X 104 =
WEF K.

So HFF 1-TREE x MBS 5 R 2 U subsume(2) IS
R,

Bl . g(2)=g(x U subsum(x))

Cspt(a) = | g(x) | spt(x U subsum (z)) = | g(x U sub-
sume(x)) |

Sespri(a) =sprlaxU subsum(x)) (@}

RIEH B A-NewMoment £, AFERE Y, YD
subsume(x) , BAR , MAFEFETNE Y, {F18

YDz U subsume(x) (2,

B (D 532 H1, [ BRI

RO A AN R T LR SR FEENE
FEPEITENIRENBIXERERERTRTHR
I » DT SEBRAT B AR # BUAE W BKBR X R . AR TRAB
BRI Sh, B BT T “A/ YRR #E” (WSS, without
search strategy) 5 “[a) T4 B % B8 ” (CSS, continuative search
strategy) B MERKBE , I EH 3 5EF 4 AT,

EH 3 F A-NewMoment BB, M T Va2 €
IR, 2 spt(x) =spt(a) (o <x2) » B 22 Csubsume(x1)

W glz)=glxz)

ER: Ve €1, G=1,2, ), % o < <+ <
Zn s A-NewMoment 2 241 ;

spt(a ) spt(ay ) <o <spt(x,)

#Z spr(x) =spt(x:) H 21 <z, W 2 L F LT BFEE

(D zy & subsume(x;) , HEX 18, g(z)Fglx)

(2)xz Csubsume(x;)) y HENL 1 H, gz ) =g (), [B) B
B,

HEH 3 Ko, FUE o AEHTY BEBME, KL
/J\“Z_\A%#E%%”o

EHE 4 7FE£ A-NewMoment BERBEP, X Vi€ post_
set, (c)  H5 ¢ PSR ETE W 3 (cUDHAMETLE.

W cSclUi gleUDSg (o

HE X 1 FE X 28 :spr(cUD<spt(o)

Cspt(d>>s, S F (UD SRS,

HISEEE 4 A ATHN, RSB T SR A 48 L1 oK, R T %o L
Y RBAE, A2 A T RS

M A B 547, 78 BV-DFList B8R 45 20 L, #E47
EARPIR LT B B TR R A B 1 iR,

®i% 1 MingCFI-Winlnit
WA —NEMBENE OB 5K BV-array;
i HTC;
For each x, € DFllist,i=1,2,*+,n

If CheckSubsume(x;;pre_set,) ==, {. and spt(x;)>s then

subsume= (%, )/ * WEFEEEHE x; WEFHL

x €8x
If subsume=¢) then
i x, MBS ERAZ HTC
Else
1 subsume FE A9 LFFERAZ HTC 414
Endif
Search(x; ,post_set,) ;
Endif
Endfor
Procedure Search(closed_set, post_set,)
While post_set, 0 do
i=min<{(post_set,);
post_set,=post_set \i;
new_gen=closed_seti;/ * E—TEHRT
If spt(new_gen)>>s
If new_genCsubsume then
closed_set,,, =new_gen;
post_set,. =0;
For all j€ post_set, do

If (closed_set . Jj)Tsubsume then

new
closed_set,,,, =closed_set,,, Uj
Else
post_set,,==post_set,.. U]
Endif
endfor
Else
If is_dup(new_gen,pre_set,)==. {. then

closed_set,,,=new_gen

+ 231 -



post_set =0
For all j€ post_set, do
I g(new_gen)Zg(j) then

closed_set,,, =closed_set,, j

Else
post_set, . =post_set, ., U]
Endif
Endfor
HE closed_set, AR HTC H;
search(closed_set s post,.,)
Endif
Endif
Endif
Enddo

3.3 wWiEEsmE

HEARIR BT, T AT LAY 55 M R B B S 4 1 3
TR AE , SR 2 5 [ BT H O PR AR R AR AR 4k, Rk
REBETHAS R BY A 518 R RIS R A4 BT R K £ B RY
SREIE,

3.3.1 mMBpdHEFES

Mg HE S REEE I M ENE - E, MESEH
HEHEOMN, BN AN ESFNETEE 0. FWAE x
WIRE e, H LR B AR & A2 AR Ak, BR Ut , B 54 1 R 1 PR 4
EoERaEERK,

EE5 7 A-NewMoment E:H#E Y, V2 € DFIlist,
c={x; U post_set, (x;) } CCFI, % zi. count<s, M Y ¢; € ¢, ci.
count<s,

UER : R 10, U6 o FRAEMAP L.

()Y subsume(x:) € Q B}

MEN 2|8 ¢ Nax, Hspt(e)=spt(x), & spt
(2 )<s, W spt(e;)<7s,

(2) subsume(x;) € © B

HE® 3 M .x: Usubsume(x; ) "o,

sptx;) =spt(x; U subsume(x;)) 33

V¢ € c,sptc; ) <spt(x; U subsume(x;)) )

Z spt(x)<s, R 3) . A (DB spte)<s,

BT 5 ROSMHTAN, B A ) O W5k #5000 L o B S
FEMK T P B W B/ SR R BN T B P HLSE i B/
SRR, ME HTC W, iy o R A S BRI SR B
Sx/NF P RLSE B /N SR BE S BRI, 3k 4 P A S I AR AR 5
B AR Z N “ B S A S E T B B #E” (DNFIPS, dy-
namic non-frequent items pruned strategy ).

EHE6 7 A-NewMoment EE:EHBEF, Vo & Ty (T,
FHERERESD . o= {z U post_set, (z.)} CCFI, MR
T, < CCFI,

EH: V¢T3 LI PR EERRAE T,
B’~J$%E{3 ya; WEH 0.

Sex N eilgz]__sets(xi)=0 5

d

S e={x; U post_set, (x;) y CCFI
< Ty BB, X (5)48 . cCCF1.
RSP 6 1A, BRI B % Tuo 85 ¢ Ta PHIIR
AN x; 4B BTA AR E R # T ERHR R, WAL W
* 232 -

BAFMET HEWEFRE L, AR NG EREREK
fi%” (DNSS, dynamic non-search strategy) . @i b b4, #f
B HIE S AR WEE 2 iR,
8% 2 DeleTrans
5 A : BV-DFllist;
W HTC;
& (tid mod N)i 48 0;
Foreach x, € T;,i=1,2,+,p/ * T, It HH %
Updata spt(x,);
If spt(x;)=s then
M HTC HlBx x, BBTE ERT
Search(x;, post_set ) ;
Else
M HTC FHHBR s=spt(x;) fl itemname=x; T H LR F;
Endif
Endfor
3.3.2 HmHFSH
BINFEFEREREINERNOE MR, HESRIY
HEON . EFHFSFNEIMREE 1, FENEITERX
REREZL, CEERROAREREE SR ERL. &’
TET SR B RN 3 B
#i%k 3 InseTrans
| :BV-DFllist;
i HTC;
Foreach x,€ T, »i=1,2,,p/ * T HFHEE
% (tid mod N B 1;
Update spt(x;);
Endfor
Resort(DFllist) ;
Foreach x,€ T, »i=1,2,+,p/ * T, A HRESF
If spt(x;)=s then
M HTC H il x, BIBTE £ T
Search(x; , post_set,) ;
Endif
Endfor

4 EEIER

NewMoment & 3: 5 A-NewMoment & 1 #E B W 2498
B EEE R R E KRS ., BISEM H R RECh
INuwm , FEE BB B NewMoment BT E Civun + Chvan
oo+ Clin A0 B HEAT B0 TR, 15 P 200 48 7 S A i
BT B Yt ] A TCFI, Ul NewMoment 235 78 S KM R BY
BHAt e ERER

3 (o) X TCFI 6

%+F A-NewMoment B¢k , B4 iR H A ST,
FTENNE GHIFEE T _#H M SiE8, RSN
BB E] A Tsubsume; B = W R FH geni , geny» -
gen,, XS0 WL T 7 BEAT 4R )T I I iy B 1) 2 TOgeni , TO-
geny »+++, TOgen, , TH AT & K5 FEAIB A 8] TS-
gen , TSgeny -+, TSgen,, , WA B F AT HIMT RO BT IR] Fg

lg,l gen; X Tgen; +j§ gen; X Tgen; + Tsubsume

B A-NewMoment B 551, Tsunsume 1 /NF A B -Fi#F71



FI| 7 B EE 2 W ik 1a], (B e, Tsunsume A LA Z B8 A, W A-
NewMoment 8 #: R EI B 245 R .

i‘;gem X Tgen; +j§genj X Tgen, %)

i1 F A-NewMoment B 1% T BU B 5 0%, T AT A B
FRFHN XA E&ESI TRAB NI A SN F NewMo-
ment Bk P FHAT RIS FEBW AT E B8 BB #17
1R P20 A& &5 | FRA B IE 1 ey | /T TCFL IR
H# T A& RS FEA B F WAt EZ /T TCFL @ik
BRI T, (D<K (6), B, 7E 8 1 ¥ 2k By BE » A-NewMo-
ment AT 8] B 2% AR T NewMoment 5 5§ i ] & 54
B,

EFRERESIHRBEWE - NBE— A F SRR LR,
NewMoment B 8 ¥ e E WS- BIGTR B 3047807 A 5
W E RS, AR 8 F0 H#T AR FERN, &
T » AR A T B T AR A I K B 5 SR % i 7 A BB E E HTC
2% 7P RO 7 9 5T B 00 R Gk PR AR O R AR AE . FIRES A
NewMoment B BB M HTC 2 i B Br B W ER 351 8 Br 7™
A B PR AR B N AR R Y PR SR AR, B Bk #r
1, A-NewMoment B35t 8~ BRI B BT 7= 4 09 4 i F 2
THR PP HIT B4 & R F 5 057 B 48 2% 19 5T () b NewMo-
ment BN MHERIR B B P-4 05T B T AITE F&
BB BrRE R AeTE 2, B, EEARE SR E SR
i #8 , A-NewMoment B ¥k BBt 8] & 248 /£ T NewMoment
B RIERE. EEEESHBRNE MR —HES
a2, NewMoment B ¥ 5 A-NewMoment B 3 %4151
T E R A B S BRI E 25481, R RS R RN AR
BE S MRRELESTR, ERERINRNFTESFN
wd#r, A-NewMoment B & (¥ i} 8] & 24 BF t. (K F NewMo-
ment BB I R 4 EE

5 XBRHEREILE

S T VR S s ME R, BT LI 4 CPU 2k 2. 0OGHZ /Y
PentiumIV, }47£4 1GMB, #:/E £ 45 5 Windows XP 3 PC #
LT, AN LRBEFYRA CIEFHE ZE VC+H6. 0 5
BiEaT, S5 T A0SO B IBM B e AR 2R U =
L, EBRBENEESEN. TEAS SN KE, I #R
BEMEN TR, D ERESFHE, 1k K 1000 £F
&It LW Y BTA M E BB B 1000,

BB OIETEM S B IR RS BRI
B OB ST (LT RRE SN hET i D frg
PR S Bk s 1T B R (L Bk Bl shia TR ED . B
ey, RETRAREEE M ME ML, Fi&
W EhEt B T HE TR RT3 100 AN g4k i 3113 5had
B BH P IiETT A .

5.1 BEEMTERESH

SEI 4y B4 P 48 5 (T10I4D100K) | & i (T2015D100K)
8 (T30120D100K) 3 EHBE R M E L AR, X 3
EREENBR/NZIFES N 0. 1%6.0. 4% 0. 6%, AL
B, B O RTRM 10k M EE2ELF] 100k M HEE, 5
A — KB B RSF B KD, BAT R B B UE TG B ERE
EAESIB BRE S MR B, B 1, R R

RAES, fEESMERNE L, BT ER N = ) &
Bt R ER2ELKBREABE, BRngs)
BRI AL IEEA K. Fit, AE 1 F 4, A-NewMoment
BN EERE.

140 i = 50
e o ~-T1014D100K
gw] [CIomR) 7 FeloImamK] .
Emo —a- TI0120DI00K| 4 - 35 || -+~ T30120DI00K| o
L oy ¥ 30 -
o T alh
P VA |
4 . P15 -
E el -E il b
= j PP e [ et
X 40 60 80 100 20 40 60 80 100

‘Windows Size(K transactions) ‘Windows Size(K transactions)

(b) the loading time of algorithm

Window Sliding Time
{milliSecond)
OrwnoemmoSERERE!

Windows Size(K transactions)
(c) the sliding time of algorithm

B 1 A-NewMoment & 3:aMERE.

5.2 HEZKMERELER

AR SR LA 2 FrR . SRR EIE O Kb
R4 100k &4 F 247 A-NewMoment 5 NewMoment
BB, R T10110D200K i #E £, 3¢ {4 A-NewMoment 5
NewMoment B35 /N T HBEM 0. 1%35403 1% 8 HERE.

B RS A/NAER BN 3 iR, L, HOR
TRAN 10 AEEAELER 100k 5%, BB REOR
TEIAR/DM TR B BB LR SR B R AR I B R S
M B B . 21K A T10110D200K ¥ B4, 344 A-
NewMoment 55 NewMoment B E /N THFEBEN 0. 1%
HIHERE.

—=- A-NewMoment
-o-- NewMoment

Loading Time(Seconds)

casS5BREEHS

)

-~
20 10 60 80 100 20
Windows Size(K transactions)

(a) the memory of algorithm

40 60 80 100
Windows Size(K transactions)
(b) the loading time of algorithm

Window Sliding Time
(milliSecond)
EESRERELY

Windows Size(K transactions)
(c) the sliding time of algorithm

B3 AHAERERFRE ORI TR

2.8 3 38, ER — BB E T AR R EARE O
RAMBHT 845 A-NewMoment B 3k Ff 75 B 2 45 23 Ja] He
NewMoment B ¥ f 75 B 77 5 25 6] K, {H &, A-NewMoment
BRI MRIZ AT 18] 598 33217 Bt (8] &R . NewMoment B ¥
BEfTHE] . Eik, NE 2.8 3 F H , A-NewMoment Bk
5 NewMoment BHEAH Lt LU KCFE 4% 25 18] R AR 4 e e U e
SF B TR

Rz E KN . LR, WHEE 0 R R 10k, %
3l 10 M 0BT A-NewMoment 5 NewMoment B ¥,
SEB R F K B (T2015D100K) Fl 85 (T30120D100K) 2 25 ¥
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B, B/ TR h 0. 1203463 1% 3k Bl A-NewMoment

ACM SIGMOD RECORD, 2003,32(2) ;5-14

5 NewMoment B RSB AN, F 3.5 4 30, 1 (2] BeRE. S msm B a5 RSO B B s 22 (D). ;X %
FEBIIAHY) RS 6 J2 Y 31 4R 75 » A-NewMoment 3 3 H 18 (RHER: 2008
2225 [ 45 W, NewMoment 8 2 /8, 3 2 F % A-NewMoment [3] Chi,Y,Wang H, Yu P. MOMENT; maintaining closed {requent
AR T AR RS TR o e b e
# 3 Tz0ISDI00K $iRMR T i thk LosAlamitos, USA: IEEE Computer Society,2004 ;59-66
. state of support threshold (4] Jiang Nan,Gruenwald. CFl-stream: Mining closed frequent item-~
elgorithm window 0.1% 0.2% 0.5% 1.0% sets in data streams[ C] // Proc of the ACM SIGKDD Interna-
A-NewMoment ini:laigizjgon 128;63627687 2?;22 i‘gé:iz 25231133688 tional C(?nferenc.e on Knowledge Discovery and Data Mining,
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