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Abstract Multi-relational data mining can be categorized into graph-based and logic-based according to their represen-
tation, We talk about the relationship between graph-based data mining and graph-based relational learning. An over-
view on different methods for graph-based data mining is given. We mainly discuss graph-based relational learning algo-
rithm Subdue, including its advantage and disadvantage. To solves the disadvantages of Subdue, we propose ESubdue,
which improve the subgraph isomorphism computation and reduces the times for subgraph isomorphism. Experimental

results on both real and synthetic datasets indicate that the improved algorithm is much more efficient than the original

one. Finally we conclude the paper and talk about the future work.
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R AENFFRUSTTH A L L ART R 7 I B A 35K

ETHEWEZE T BN R, 2 EfiZ#E2
WM EFE . 52X A Subdue RS, B AR/
£ & (minimum description length, MDL) f# J& M +¥ & — A>T
MW ESBE. /7 MDL i ARFRTEE - FHEHE
Subdue FIHEEZWE LN EEARH. E—REEEIDHK
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R—EWE LR~ EE, 8RR MDL R U884 &
LIRS AR AW, ERABERERE L, B0
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RIS L RIS AT ] . RN A S R[],

Subdue B UG —Fh 45 SR ICEME N —Fh T 450, X
BRI R AR . RITRALBH —BEBEE, BEE
NFEAFPEE R E MinLim 380 X8, XX HRER
BERRIC BRSNS B b — M kS C A,
M 5 T 3 o B R A R 3, Xt 4R 1 Subdue i3
fretiE]. Bk 1 R T Ut E BB % ESubdue,

&% 1 ESubdue(GD, BeamWidth, Limit, MinLim)

N :GD: B BIE4E ; BeamWidth SR T
Limit: /715 BT H 295K
MinLim: $712 t SR B B/ ME 5
Bl KB BTFEN
@%JJII“{& ParentList, ChildList, BestList = Null; ProcessedSubs =

@Hfﬁ W GD, K& —FMFRig i IR
@11’ (Fric E Bk $ > MinLim )

@R X MO E W L BIE ST T450 8 T 45838 A ParentList;
®while (ProcessedSubs< = Limit and ParentList not empty)

® do
vs‘rihile (ParentList is not empty)
o
Parent= RemoveHead (ParentList);
U.F)fﬁﬁffl"ﬁ Parent *B‘Jﬁl/\&t%
BY RN TEMSHED Child 5H9;
for each Child

AL NI RS R IEH Child,
## Child in ChildList in order by value;
if BeamWidth <{=Length (ChildList)
then destroy the substructure;
ProcessedSubs—++;
return discovered best substructures;
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Windows 2000 server,
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% RERBIE A YN T AL R X 4 = e AR
HEEY) . Mutagenesis BUEHEIA ki EF R TIHL,
BRI BRI EF B R R AT R

43513247 ESubdue #1 Subdue 7E 138 N IEHI, BB B %
WA T8 . B4h, #8 ESubdue F1 Subdue. FSG. gSpan
FEZEAE AR T s TR AT Rt 8 FSG AT gSpan B4
RAE 100 M SR =4k 1956 M F &M, MR IHRFF PN TX
MESTEELSRAILAMAEEMER. X1 E8/R7T FSG,
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Ol 2886688000
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FEINA B TR FES R B RRE R EE . BAR ESub-
due kb Subdue IZ1Ti}[EIHER TR % (AR B M THE &
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— R TOR TR, XU R RATERB TIHEZ—.
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A T 884E ESubdue ()32 47 B+ 8] 2 75 Bl 2 5088 & 19 K/
LMK, RATR A Subdue $2 4L FISR 7= £ 28, 2517
#4145 500,1000,1500 F1 2000 424 % py E Big 4k .

A2 BEFARXDGBESE EGEITHE

BEHEE FSG gSpan Subdue ESubdue
500 734 61 51 418
1000 815 107 139 102
1500 882 182 169 154
2000 1112 249 696 314

2 P AR BR Subdue HIETTH AR LM T
HR LEEE R B AR A2 17 i A 2R3 1<, ESubdue E
Subdue 32 T8 18] B B 920> , ESubdue FY32 178 8] 24 1 2
WA BRI /NI K. (B2, ESubdue I 21T R E]{)
% T FSG il gSpan, BATAT AR B 52 8 19 7 B 7= £ # ok
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BB A, BT LABAT I R AR B LR . 40, BIZERER I SE
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2 % X W

1 Ketkar N S, Holder L B, Cook D J. Comparison of graph-based
and logic-based multi-relational data mining, SIGKDD Explora-
tions, 2005, 7(2)

2 Quinlan J R. Learning logical definitions from relations, Machine
Learning, 1990, 5.:239~266

3  Muggleton S. Inverse entailment and progol. New Generation
Compute, 1995, 13(3-4) ;245~286

4  Blockeel H,Raedt L D. Top-down induction of first-order logical
decision trees. Artif. Intell. , 1998, 101(1-2).:285~297

5 Dehaspe L, Toivonen H. Discovery of frequent datalog patterns.
Data Min. Knowl. Discov. , 1999, 3(1):7~36

6 Ngo L, Haddawy P. Answering queries form context sensitive
probabilistic knowledge bases. Theoretical Computer Science,
1997, 171(1-2); 147~177

7  Kuramochi M, Karypis G. An efficient algorithm for discovering
frequent subgraphs. IEEE Trans Knowl Data Eng, 2004, 16(9):
1038~1051

8 Yan X,Han J. gSpan: Graph-based substructure pattern mining.
In ICDM, 2002, 721~724

9 Cook DJ,Holder L B. Graph-based Data Mining. IEEE Trans on
Intelligent Systems, 2000, 15(2):32~41

10 Matsuda T, Horiuchi T, Motoda H, et al. Extension of graph -
based induction for general graph structured data. In: PAKDD,
2000, 420~431

11 Kondor R I, Lafferty ] D. Diffusion kernels on graphs and other
discrete input spaces. In:ICML, 2002, 315~322

12 Inokuchi A, Washio T,Motoda H. An apriori based algorithm for
mining frequent substructures from graph data. In;PKDD, 2000.
13~23

+ 163


http://www.cqvip.com

