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Abstract This paper provides a survey of the study in frequent subgraph mining, brings forward a classification of fre-
quent subgraph mining, reviews and analyses some typical algorithms, conclude the general steps on finding frequent
subgraphs in graph database and the methods which can be applied to the corresponding steps, views some future direc-

tions in frequent subgraph mining.
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1 5%

RN B e R B Agrawal A F 1993 SE4R A9,
RETEFZBBIRE, Bk meE 2 @ XK REn., 5%
© EBMREARM KBRS RENRT T KRB, BT
B FB FHESE ¥y B 338 (nonrstructure) B S, MBFST RSB E T
R T2 45 H3 & (semi-structure) F3E #1445 Hy B (struc-
ture) ¥ 3B MM .

EREHET EFETRMNOES S, IndbE a4 . ol
LR AREHDT AR, B, HETERAREFE
EEEEMRRERERSHEN, B TEMOBIBISHE LS
HAK, HRATESEIBEN—-IRRAIRCLARK
MBRRGE, AT FERISHOE BB, 8T EhiH
B Z TR P, NFELE TR, E S FETFRISHM R T
HEBAEYERND TEW, U RS X MR B SR,
S BRENN KL,

Akihiro Inokuchi % AR ¥ Apriori 35 848 5 FABISA
ETFASEPD F IR TESEENFETFRISEOEE, &
RO ERNEWEDY, BiE, XS EARY T H FP-
growth FUAE R AR T B R0, R REFHIS N
B TRELRE. Hk,FEHITAR, I Jun Huan 2 AR
T FFSM® &3 T FP-growth BHEME S, B85 %X THE
EREEBATH -SNERE.

2 FBRTFEEENEHERES

2.1 EEEEEERR

ﬁﬁiﬂ@ :& V(@ ={n » W 9 ) !EE G E‘J]ﬁﬁ%%v
EG={es=C(vv) v,y €VDISVXV,,~HE G B/
£E5 , EREES LVGO)={b) ]| VueV(®}, A

ORIRBMEBEF 5 AP XS (60102011)FF8). EMM WM LIPN4E, TERRFELESEELE. R

WL RN,

REERE LEEG)={b(a) | Ve CEB )}, MIFRICE R LA
#RHA G=VGR,EG),L(VBR)),L(EG)).

BWAYIEE GD={G1,G2,*,G,} » HP G=V(G),E
(G),LWV(G)), LEWG))),

ST F IS (frequent subgraph Mining) : i & #§ A
EPEGD={Gi|i=0, 1,-,n}, BE— P B/PXFFERE
min-sup, € : MR FE ¢ 5G: FRRH, A o(g,GH=1,
3] 0(g16-‘)=013(316D)=G§®0(gy6i) 1#”% 3(gyGD)>
min-"sup, fll g B— MK FHE. BEFESEREENS
ABARERRUFTARETHE,

2.2 WEKFEEZEISH%

BIAHRETESHEBARBRATHE:

(DR ABARFER A RH1T4 28 . 40 transaction F
large graph BFh3SAY, transaction K454 BT 4b 2E 69 48 A B3
ERGIFZERRN, BAETERLSILTEILETTA
i large graph BISIRAT b BB ABBERT L RA -1 K
B, XM KESSRTEAIHA.

@)% R A RO RRE#TE: 40T E (sup-
port) , 3% ¥ B8 {& fF , MDL (minimum description length),
ST B RS IR DL T R A A S R v BR A W R A B
R, KA MEREE T XN MDL BT E UUES
WANBGREMBERERN, —BRAAR vlue(s,g)=dl
(/AU +dI(g| N KitH, Kb s RFE, g BWATE
FE,dI(@) RABABIEE ¢ MFHS Al di(g| DR RB g P
B B s 693540 R — A TR BRS040 BTE B % (0 70
25 6] ; I - BAS RIS IR CARR B B /N R B LW
RER/NEEERGERN. CARE—LERYE, XERR
BAAT.

(DFHBITE LA ETFRHERRTIE: 2 H—BT

HER. T B 8%
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H.Z28THE. B3 TEH.MFEH. TFEHS, #8 TFERHE,
BEE G.GsWRIMT &4 V(G)CV(G),E(GH)C E(G),
HAY u,v€EV(Gs),(u,v) EE (Gs),&(u, v) EEWG), M| Gs
BGRESTHE.

BUTHETFEISHEMSEZE ETHNIHEIE T,
RATUEEBENTBAN TR TR A FREH, $XTH
ot BT NDYEEL Y 32y NG ok RSz i

3 M%TEREEEHEE

SCERAR I 453 I Bk o A PO Fh 2 S ¥ . Apriori B3 A
FPgrowth ¥, HMETFTESHAZLREETXAMER
B, 8 F FP-growth HEMN B R ER T Apriori Bk, Bt
FP-growth W EME TEERPBA T EWNEA, TH
SHINFX AR B,

3.1 Apriori SGZEEHRFRISHEBAEE

Apriori WL R B T generation- and- test AR . k- %
FEATER +1-T4,1848 downward closure property £
BN 2+1 FEAEM— 2 TERIEN, W 2+1 F
£— BRI ER) HATIEL AR e+ BikE, it 8
EEATEBANRE TESFBPELMEY. T X H
BIARERPINEINE.

B Apriori BEATHETFEHENNE AGMK
B ML BETE transaction T A BB FE hISI I R B
NEIRERMRNEFRENFTAREESTHE,

AGMEBFHASEESRERE,FABBESEER
RERXANEER code. HF—TETMLUAENBEERR
R R T HE—H R — B, B min(code) 78 2K B RO ME—
SR HESERE , DORE AT L i B BT T B R AT

DIRIE apriori WM B, y AW METMAENI WS
£. 2588 XY, ¢ FRFEPEINTATEORER
EE—E—1 TEH X, NREE, WK X.,Y: F code X
BIENE - RERF. A RBETFHE Zo =X, +Y,, K
B SREN— NSRBI e+ FE Zivs .

2) 484 apriori £/ : MR Zi1 B9 & FERFH —TMRIEH
R LA Zi th—E IR EH R ATV

DI EEE FEN T RERE R L EE T E 58 A %38
FEh R E R FERIRMAKN XK. B T FERHRE— NP [E
B, e HE TN FEER, AGM 3| A T min(code) 3 HE
—RiR— 1 E, AT RS — MR FEAZRE.

AGM BB BB e 8, LB IR SGE i &R, T A3
WM FARETHE, BN FRAUBEEREITERER
5, FEREEN AGMEL REL TENEHAN RS FER
F 2—1 FE, R & RAS, XWEMKEE, 3 il
BREM—AN DA EBRETFENSTEFZTNR 1
FHE, EWENEERS, bDRERESHERAWE 1 &
HFEMHA  TERSHREAEYN. WHEENEETFEN
ARE, BERERBRNBETAMBEERITRGEEFED
TRE. SREATXKBHARFSEA cpu AT E, R
EHREKEANFETHE, JITREAE. Bk, FSG %0
X AGM B #1778, RAMNR SR EN— &4, AR
BRBEM— TS FIR T B EFEAE, EHHEET
BB SR BN SR B T — S UL TS G AT R B AGM
AR . T AcGM J ¥k R A — R il &4 3%F AGM K
AT 7 Sk, M A BB AT IS % 3 [3],

3.2 FP-growth $%

FP-growth S5k i) T2 B AE020 B = A SR 4 MO 3R
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FE4E3] — B BB FP-tree 7, Jf FP-tree 72450 A S BE
58  REXERR =L B ESE. gSpan WHEU 1 FFSM K
¥R FP-growth BAEARE TEESHE P RBN R, &1
FREETE transaction M ABIBE M A MEEE T
B, FTEHFEarAXrmaE.

3.2.1 gSpan ¥# mini Code: & X BT IR BE R
HE, ANTIE B —1R DFS Tree, R EBIE < kB ZE, N
RGBT R R T — NS, # 5 DFS Code, £ /&Y
DFS Code Z fa] 3 f FF T FF HEFF . 53X B 8 BT & DFS
Code #47HEFE , 38 i /i DFS Code M —RIRX N, X
A8 /I¥) DFS Code ##R5 mini Code,

Zs a4 . 5 B 9 mini Code 2y — 125 @4 B0 ¥ &5, XX
PRATRAHEY BI04 BN FRENZS SHBETF,
Bl—A ¥ R BARE T R 2 8 R R BN HE A Y . X R
RERT—RsEm. WREZSEAMNIFERETFY R
WERE R T —BURETER. .

Occurrence; {1 TH ¢ 5 AZEBETEGC RATH
FIWE R, N G BFRH g B9 occurrence,

WpEA RN,

DI ETA I R 45 A I i A A B3 e
B, 3 LUR A E A IR FHE.

D= BETE: X k¥ FEL mini Code ) DFS
Tree #FITRABET R, BREBN—%&4. BB k+1 RET
B, Zh kiR SRS RN TR,

BYRL AR A1 B FE AR mini Code B, M
AN ZERITTRK, MEE TFE SRR

OEBRETR F FETFENIFENNER, BEICR &
BT EMEFA occurrence, XK,k +1 Bk FEMLIFE
AT LGB & S5 % FEIMBTA occurrence SET R4 BT
BB,

YRR BARFE . YR AFENO A FHABERE . B
HZsh WA BB EE B , S50 A BB R

ERENELBENT .

Subgraph_Mining(GS, S, s)
. if st =min(s)
. return ;
S<SU{s};
. generate all s’ potential children with one edge growth;
. Enumerate(s);
for each c,c is s’child do
if(support==min—sup)

. sub§;;ﬁ_ Mining(GS, S, s);

ZEEAEEREETENE R, B TRAT B BREY
R B AR BB B . K AW T IR BIE FEM A, &
FHAA T B 3 H B M B SR A T X occurrence 1T
TMARMBASGEEH#THE, #4aT AREEQHEBERE
BRI, B, F AR ASEEE, W RMRMRE.

3.2.2 A F gSpan 69 5% AT B4R H & CloseG-
raph ETFENFEATEESEREA A ZH . FET AGM
B, ET gSpan W, XEGHMAHF—TET gSpan
W3 955 ) FE S M = —CloseGraph WU,

b B (closed graph) {2 E B g, MABABIEE R AFE
BGCHEBCRs WHEBR HCHIBESET g, WA ¢ KN
A,

WEH FEISH: RIEEBAKEE R FTA XFE
ANFRANZIFELAFE.,

Equivalent Occurrence: B H g, B g =g ., 1(g, D)
BT g ERABEED PAATERMARNTA BN
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®,L(g,8" D) TR g ERMABIEED b AH FERKXER
KA ENEE, R 1(g,.D)=L(g.g',D) . B 4. g 5¢g
BF Equivalent Occurrence %%,

FEH 1(early termination) MREE g’ =g.e,D FRH
ANEHRE, (g, D)= L(g, g’ . D), 0B YV h, gCTh, g Th, 1
(g:D)= L(g ke . DIE 1(g, D)= L(g,hne D), B4
AR ¢/ #70 R. MABESN g ST HManY B,

CloseGraph W 35 gSpan WM BHER—B M, REE
AT BB AT RN T — R0 44, FIMTE R 1 AR, I
BRI WA g #GTV B ARERN ¢ AT B A KT
&

HELBEIT.

CloseGraph(s, p, D, min_sup,S)

Input; A DFS code s, its parent p, a graph database D and min__sup.

Output: the closed frequent graph set S.

: if s#%min(s), then

retum,

sif 3¢ g = 2pOre’ and g'<<g; and I(gp, D)= L(gp» g’ »D) and

&p is not a failure case of early termination then

: returns

: set C to $3

: scan D once , find every edge e such that s can be extended to fre-

quent sO; e into C;

; detect any possible failure of early termination in s;

s gnot sOe€C, support(s)= support (s, e) then insert s into
3

9; remove s<>, e from C which cannot be right-most extended from s;

10: sort C in DFS lexicographic order;

11; for each s{; e in C do

12; call CloseGraph(s{; e,s,D,min_sup,S);

13. return;

BB RET gSpan B, ERF gSpan HFTEH A,
BRE{URAESHEIR LN FE N, B I RE W, gSpan & .

3.2.3 FFSM f:3 CAM. A4S #EEKRRE, R
M EET AEBIEMEFEHSEEENT =AM EEXT A
£, %880 695 SIFR BB code, mini(code) Fr K B
canonical code, 8 [ B9 4F #= 45 B #% 2 B 19 CAM (Canonical
Adjacency matrix)

CAM Tree: HEZ ¥ S AEH CAM Tree (IR% S, ¥ H
B CAMECHR BT S, BN F AR ELT S L2 —44.

AR,

DB FFSM-Join A BRE FE  MEWMRE A ®
CAM HBE—TEAEE 2 44, MFHE A inner 258,
HFRFRA outer 2R, FFSM-Join R4 L SRETHE A F BAF
RERHAR, RAARRMN T RHATEH AR b+1 BETF
E ,ﬁﬁlbﬁﬁﬁﬂT=

join case 1;: both A and B are inner matrices
l;if f;ﬁk then
2.join (A,B)={C} where C is a mXm matrix and
{a o 0<id,j<m
Ghi= b;,; otherwise

0o ~) DU G BN

3: else
4; join(A,B)=¢
5: end if
join case 2; A is an inner matrix and B is an outer matrix
join(A,B)={C} where C is a nXn matrix and
o {a. i 0<i,j<m
"7 4, otherwise
join case 3:both A and B are outer matrices
1:let matrix D be a (m+1) (m+1) matrix where (case 3b)
a 0<isj<om
e 0 i=m+1l,j=m
by i=mt+1,j=m+1
2; if (fFkAamm=bmm) then
3:C is mXm matrix where (case 3a)
{a.., 0<i,j<<m,iFn A j7k
€T \b,; otherwise
4.join (A, B) {C,D}
5:else
6: join(A,B)={(D}
7; end if

2)FFSM-Join =4 5% F R A BRIES S R 558
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t, B 26 B % Al FFSM-Extension # — 2 7= 4 & % F &,
FFSM-Extension HESRBEM—BA . HEOEENT.

input:a nX n adjacency matrix A

output;a set S of adjacency matrices B(with size (n+1)) s.t. AisB
‘s maximal proper submatrix.

1. if (A is an outer cency matrix) then

2. for (ny,e) € EVX’E

3; create an nXn matrlx Bst

a;,j 0<i,j<n
4, b, =<0 i=n+1,0<j<n
¢ T e i=nt+l,j=n
m  i=ntl,j=nt+l
5 S+SU({B}
6 end for
7: else
8: S‘-¢
9. end if

3) 38 33 FFSM-Join #l FFSM-Extension & #l 7 &, 8E48
R RO TEYE. BB EREETRULNEELE T
P (1 4 55 B A & suboptimal JB 3 69 3Y Bk /Mg % T
B .

DBMABEEP. 5 - HETEHAEA TERMBELRENHT
£ B, ¥R} embedding set, k+1 2k FEG SRR, ATLLE
i 39# embedding set 378, A EH M B M AARIEE,
MR E T IR B E .

FFSM 0980 BN T -

FFSM-Explore

Input ; U, a suboptimal CAM list and W, a set of frequent connected
subgraphs CAMs
Output; set W contains CAMs of all frequent subgraphs searched so

ar.

: for X€P do

if(X. isCAM) then
WWU {X},C—¢
forY €P do

C«CUFFSM-Join(X,Y)

end for
C<«CUFFSM-Extension(X,Y)
remove CAM(s) from C that is either infrequent or not sub-
optimal

9: FFSM-Explore(C, W)

10 endif

11: end for

FFSM B 538 38 5 Y. canonical code ME—AR1RE, % T
HETH TFERWEE, A FFSM-Join I FFSM-Exten-
sion &y BBETE, 38T ML MBI B R R RBERLE T
B . 7EiFE XN, R X embedding set 471,88 T
HHE A EEFRE,

3.3 Hfb¥x

3.3.1 AFEAHEYREBELE: BEFRISEERE
BB TRKNE, BRETENFETFHEREEFA
ERE, XENB—MEXSHIRCEPESREE LT, TRH
RIS M (R N free tree) B9 EE FreeTreeMiner'®) , 3
B A BAEE

DEERE AR DO . RERX PO ENRY A
IERERNBE - THA BB —BRERHETFN. RER
BT EFMERR—EEFH., SdU EHNMER 8
— M EFEHERE N —REFEROM.

2RI TS A BEREE PR E TR E R MR TR
BEARETH., K BFENT 855, AERBH R BE
AT AEARIE N T B A . BYGEMMRA T REHT
¥ RRAEETH.

3K T A= TTA MR L T4, FreeTreeMiner HEHW
i A SR, BT R BE T RES BRITE S
WY R AR AR H B R IR F# B — 4 extension ta-
ble ¥, ;33333 extension table FF i 4, S BT A SR K 0
Y BRARGY R, RGHEETR.

00 =2 O U Wb (2 BN =t oy
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FreeTreeMiner Wik R AT BB B RO KRG, H@H
JH extension table iCR ¥ B L R W ¥ Bih 0 X K BE, B
BITRTFWEE L B8 TS MA3E .

3.3.2 AN E SaSHEMEBBIENG large
graph UG K FERIEEAS, ZRBEABRE A AR ETH,
B— P AMRHAE. ZREMEATER . HE MHAY
{EFE# 4T summarize; R/, ZEIEHWMET B PICRT +-HETF
BRFRAAY B, SR A XL BARTY B BLT
B FEMFE, BT SeuS WER R HEXTBERIBERT
48, MRX summarize /5 M BIBFEA TSN, Btz M
RAWMGAHH, ZHAERATHEELNEHE,

SUBDUE® 2 —fh#F MDL ERHAHHEE:. TR
A LA F transaction BUIBEE , th 7] LA F large graph R ¥
EBE, ZRERAT RO, §ESABBERTHA,
BHSABIBEFRTHEMHSE; RE . BIEBAR matcheost
(g )<<APHEERITALFE g BETA instance; 7
& BT A instance FEE— 1~ RBf MDL B K, H K F4H
EENTFRENGR BE, EHHHEETEMN, X LESR
BEREM— %4, BEX W65t #8. SUBDUE BE#%R
MDL 43 &, 3+ 7 LI#R 48 background knowledge %5110 %
MDL #)3+38 5 5= #4580, AT W] AR 15 b R 2 32 F () i
LRSI RAR L AR F T M X R AR, thindt & Abr
X R P E X R A 5 E LR RN RS,

3.3.3 large graph M ¥ F M EH & large graph
RESETFEISHEAES transaction G EFREERAEZE
IR LEAFER, EERBALE large graph WISHA L AR A
BiEER—KKHE, MARBIFES/NEWRE . Bk, 8%
FEE B, AR transaction RSB LR, RERE T
SR BAAFRRWER, IREREIN—K, TREE
XA KE &L A ST E R, R R BRE T E MR,

i Michihiro % A £ ) HSIGRAM #1 VSIGRAM %
TR R RIS M ) large graph B4 A B8 FE 09 BT A 4R
EFHE., ZRERTEETERRAREN, 2R TR—1
E 8 A E-FE RN ZERER overlap RIS, BEKE T IFE
BETFRRARNHNY:., HSIGRAM B AR BT 8%
RYAR

3.3.4 34¥k Akihiro Inokuchi AR Y THESE A
AREAXEEPEREFARESSFEMAORE, 50
BAERTT LS X([4]. BF —&HE, 0 SPIN 35 2%t
FFSM 33847 T8, AREHBEEN n M FERE, &
ERTUSH (7], BRI ARBAY, b in TR &AM
B FEISHEAE, AP 8 XAREIEHAESSE .

4 BRTREZEEZEGEARSH

BETFRIEMESHF MRS —BEERETHE,
TRIRBRETENXHE. ERE—RS. TERER
B RBRETE, FEFETTANBRE FE B -BoRE
B FEERRE, 7 ERERRE— NP &8, B s m
BREER L FERWEE.

M EEFT SRR B U R A 5 B L B 4, ]
BALETENEE FRESEREZNTESRE URENS
BT LR bR O B AT R

(D ME—#5R R —4 B (Canonical code) : M — 7R —HE
a] LA 7 B R M ) B, AT R LA S (B B T o 7 &,
FRGEHE % FE B RFE . AT LR Bk —
7R — 8 . DFS Code, 4P 825E K% . Tree code symbols, %%k
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B T 3 th B 7 B Ab » 5 AT AR P 3L A 9 O B ke xof B ik A —
iR, ERAAHFEXNESTHER RETFES. XEA#T
H—iR R T EISEN - BRRENS R,

(2) ot PR PR A s ke 180 Lo A\ 38048 FE 35 %ot 7 PRl TR Mg )
BHTHE N kR TFERHEGE. XMERRTEH.

O BEEFE, TURBANTFE : 8KEN—ATR
FOMRELSIA—RERE &KL BREN—%4 . B WHH
B BIA—FAM—MHHTA; REIAT &4, % FEF
BIPATAATERE . BHSRERMAR TSRS FE 5
R, TLRAU T LR

* level-wise search ;s S H WM EAFHR £—1 FHE
B kFEL, AR ] FE, BASKEEHTRTAN - THE
REXAMRN L —1 FH, EH R E, X8
1 FERGMA—EERABIEEPFE. BHETEECR
A

CRLF B R R U AERSHNAE S,

 RERAF . ZHEE LT B K gSpan FH B F
ALES.

* inductive logic programming ;% 4 & L BE S /N
ABIREE.

(5 Xt A B AR 38 7 BRI 1T B S - TR R (T Fh 2B VT
oA TTRBEETE, THARETFENIHERELK
B BEREE , I R st a) , B O % A R AR T B AT
Wi. AUTILHFERATYE.:

R ETFEPE -1 FERIEREES. WX L F
Et—E RIAEBEN, ATLABT B,

» In5R & FE AR Canonical Code, RIANiZ FERTT
A, ATLIR A,

« ATEL R B S A BB B 5 % T A KBkl
FHERY BRI ERHFE, MRERHERPAECTXIHEN
ATy R, AT LABY 4.

O EIFE R EETFREIFORIEERAT Ca-
nonical code EME—IFRI—MEE , KEIFE EZFEK Ca-
nonical Code i[5 89 B 694~ By . o b St 8 A B8 e st
FERLREH, T LUK T fHE .

» embedding list (eD) : X} F RE MR E, FFHEHA
FEEFEAZBAMFAAENRES. XTERATHE.F
A SRR R A B RZTFENENRS UL ZTEEX
BEGHMNE. XHFEHEEREER BRESARE
Rz, AE A KRB ARIERE.

» recomputed embedding: X FE FHRAZBE FHE
BYARLE MRS, B R L B & SR T E AR E R T
¥ir+1 RETFENIRE, IBRGKAEREANRS, AH
BRTEHRAME, B B RS 211 FER R
B, \TiRe T 2 RaHEEE, R— M RARN T E. T
FAdAb B K RIBIE B, (HREEA IS —F .

Z5RE AT TETENRE FEIEENAEHM
WP RN A, BRI EOIRC LB8 T RS,
BN AR - LRAREF. AXEEANBTET Apriori
BAR A FP-growth B MM F RSN S, I3 AW 5
HETHENG. BALFAETERSEN S0 —BL T
e 3::l:0) 2 i

RABMHFENNERS, AT HRRER, HERELE

(TH#H4dw)
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KEEARFE AT E R B E S E, BRII%ET
VIETHE—-&FE LB —FHHE. E0BEARBERE
A, A SR A AT AR B A A AL HE SR OB SRR % A
BaERLAERF EHE. BRBMNEEREEERTR
i #) SUBDUE L, 5 1§t —2& R & ; £ large graph B R F
PHAGERMBEERELE D, BT EEH LR T transaction
BIBAR R, B LT large graph BB RN A E FREEE
BN R UE— T EENRITHE; BELEF P SR
WEE -ARE.LER, R E, e RS, B EaEE
KR ER A o % 1 B S 4 ST R R S s Im B R
HistmBENZREELNWRUWE—NEENHTH
S R AT M b %,

2% X ®

1 Inokuchi A,Washio T,Motoda H. An apriori-based algorithm for
mining frequent substructures from graph data. In; Proc. of the
4th European Conf. on Principles and Practice of Data Mining and
Knowledge Discovery ( PKDD-2000), 2000.Proc. of the 8th
ACM SIGKDD intl. conf. on Knowledge discovery and data min-
ing. ACM press, 2002. 13~23

2 Inokuchi A, Washio T, Motoda H. Applying the Apriori-based
Graph Mining Method to Mutagenesis Data Analysis. Journal of
Computer Aided Chemistry, 2001,2:87-~92

3 Inokuchi A, Nishimura T K, Motoda H. A Fast Algorithm for
Mining Frequent Connected Subgraph IBM Research. Tokyo Re-
search Laboratory, 2002

4  Inokuchi A,Motoda T H. Complette Mining of Frequent Patterns
from Graphs: Mining Graph Data. In: Machine Learning,
2003. 321~354

5 Han Jia-Wei, Pet Jian, Yan Xi-Feng. From Sequential Pattern
Mining to Structured Pattern Mining: A Pattern-Growth Ap-
proach. Journal of Computer Science and Technology, 2004, 19
(3):257

6 Han Jia-Wei, Wang Jianyong , Lu Ying. Petre Tzvetkov. Minging
Top-K Frequent Closed Patterns without Minimum Support. ht-
tp: // 140.116. 247. 141/~ tsengsm/COURSE/DM/Paper/DM-
PAPER-LIST-04. HTM

7  Huan Jun, Wang Wei, Prins Jan, Yang Jiong. SPIN: Mining Maxi-
mal Frequent Subgraphs from Graph Databases: [UNC Technical
Report TR04-018]. 2004

8 Huan Jun, Wang Wei, Prins Jan, Effictent Mining of Frequent

10

11

12

13

14

15

16

17

18

19

20

21

22

D 000 http:/Awww.cquip. coml’%

Subgraph in the presence of Isomorphims. In: Proc. of 2003 IEEE
Intl. Conf. on Data Mining (ICDM03),2003

Holder 1., Cook D, Djoko S. Substructure discovery in the SUB-
DUE system. In:Proc. of the Workshop on Knowledge Discovery
in Databases, 1994. 169~180

Kuramochi M, Karypis G. Frequent Subugraph discovery. In:
Proc. 2001 Int. Conf. Data Mining (ICDM*01), San Jose, CS,
Nov. 2001. 313~320

Koyuturk M, Grama A, Szpankowski W. An Efficient Algorithm
for Detecting Frequent Subgraphs in Biological Networks Bioln-
formatics Suppl. In: 12th Intl, Conf. Intelligent Systems Molecular
Biology (ISMB04) vol. 20, pp. i200a~i207

Kuramochi M. George Karypis. Finding Frequent Patterns in a
Large Sparse Graph. In; Proc. of the 2004 SIAM Data Mining
Conf. 2004

Agrawal R, Imielinski T, Swami A. Mining association rules be-
tween sets of items in large databases. In Proc. of the 1993 ACM
SIGMOD Intl. Conf. on Management of Data, P. Buneman and S.

Jajodia, Eds. Washington, D.C., USA: ACM Press, 1993. 207
~216

Ghazizadeh S,Chawathe S. SeuS: Structure Extraction using Sum-
maries. In: Proc. of the 5th Intl. Conf. on Discovery Science, 2002
Asai T, Abe K, et al. Efficient SubStructure Discovery from [.arge
Semi-structured Data. In SIAM SDM02, April 2002

Ruckert U, Kramer S. Frequent Free Tree Discovery in Graph Da-
ta , https: // portal. acm. org /poplogin. cfm? dl = ACM&.coll =
GUIDE&.comp—id = 968018& want_ href = delivery% 2Ecfm%
3Fid% 3D968018% 26type% 3Dpdf&CFID =
33435631 & CFTOKEN=519350 &td=1102493452296

Yan Xifeng, Han Jiawei. CloseGraph: Mining Closed Frequent
Graph Patters. In; Proc. of the ninth ACM SIGKDD Intl. Conf. on
Knowledge Discovery and Data Mining. ACM Press, Aug. 2003.

286~295

Yan Xifeng, Han Jiawei. gspan: Graph-based substructure pattern
mining; [ Technical Report UTUCDCS- R-2002-2296 ]. Depart-
ment of Computer Science, University of Illinois at Urbana-
Champaign, 2002

%%iﬁs%#ﬁﬁsﬁ?ﬁﬂ‘yﬁé%dﬂﬁ? . é?‘ﬁﬁﬁj*ﬂ FP-Tree
RIS B N B SO 3 . K F 23], 2004, 15 (8): 1198~
1207

=5, BRNE. R . ETRAMFEATESERS . EEXE
K2R, 2004,39(3):385~389

BT, DR, RN, R RS . BT KRN Web 1
BRRISHE . iHRNBIR SRR, July 2003,40(7): 1095~1103

EHF ET,HEE . FP-growth FH: ML F EHR . 1R
BLTB SR, Sep. 2004. 174~176

. . TEeg B O® OB % & AR OB
vl'i@f-#m#? ThE B X B B B WA E R B L
REHE: GF B O OB %) & = i

1974 = 1 A84HD

FEAHMPEXBEAEE 1328 BRBAS: 400013

Hi%: (023) 63500828 E-mail;: jsjkx@swic. ac. cn
B4t . www. jsikx. com

EREE0H (AT ¥ K BHK
2005 48 10 A 25 B H AR T @y A
ISSN 1002— 137X BT & R
CN50—1075/TP ERHB: BHS
MRE 3 K1 HB %78 R LA A
Efr: 25.008 EHIMEH: 5FET BETH: B K %Tﬁ Hl[im iﬂlﬁ g
L iT M 4&: & H b1 I &
UEALG 7868 B ReT: HEEREHNSBAT LR 399 58
EE. BRI B4 EE: 6210—MO

[



http://www.cqvip.com

