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An efficient approach of avoiding extensions of
duplicated graph patterns in cyclic graph mining
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Abstract

From Complicated graph structures, duplicated operations can be executed and the operations
give low efficiency. In this paper, we propose an efficient graph mining algorithm of minimizing the
extension of duplicated graph patterns in which the priorities of cyclic edges are considered. In our

approach, the cyclic edges with lower priorities are first extended and so duplicated extensions can
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be reduced. For performance test, we implement our algorithm and compare our algorithm with a
state of the art, Gaston algorithm. Finally, We show that ours outperforms Gaston algorithm.

» Keyword : Cyclic graph, duplication estimation, Subgraph mining, pattern extension
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¢ Input : database D, minmum frequency threshold f

2 Qutput = S // frequenct

3 Define : legs set L

4 Sub_Tree( treepattem T, leg |, legsset L, frequence f )

5 generat pattem T from T with |;

6 if P is duplicate pattem then retum &
7 setS=a L=

& L'=L U Exenson(l,f)

9 for( i=0; i<size of L i+

100 L'=L UJdon( I, LI, f)
11 for( =0; i<size of L5 i+
12 if ( legdlil is node refinement X

13 S=S U Sub Tree( T, legdll, L, f )
%)

15: if ( legslil is cyclic refinement

16: S =S8 U Sub Graph( T, legdll, L, f )
17: }

18}

190 reum §

}
Sub_Graph( cyclicpattem G, leg |, L, f ){
G = generate_cydliograph( G, | );
if G is duplicate pattem then retum &;
setS=9g, L =9
for( i=0; i<size of L i++)
if( legslil=cydlic & legslil<I of priority )
L'=L" UJoin(,legslil,f)
for( i=0; i<size of L's i+
S =S U CydlicGraph( G, legdll], L, f );
}
retum S,
}
Join( leg 11, leg 12, frequency f X
set I'.refinement = 12.refinement;
set I.embeddinglist =
{ (k tigraph, tinode) |
tkel1 embeddingist, 2. embeddnglist,
tkparent = tjparent %
if (I'=f) retum I' else retum ;
}
42: Extension( leg |, frequency f X
43 set candidate legs G
44 for(i=0; i<size of embedding list of | i+
45 for(j=0; j<size of all adiacent node of til' node;

5889888 BBIBHERBRIY

i+

46 if (adiacentjl is an ancestor of tk ){

47 append index k to c.embeddinglist of

48 the corresponding cycle closing leg c€C
49 Jelse {

50: append index ( k, adjacent(]], tkgraph )

51 to c.embeddinglist of

52: the corresponding node refinement leg c€G
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FreeTree( path or tree T, leg I, L, f X
if (1is not allow by Backbone Constraint ) retumn &
T = generate tree( T, | );
setS=9 L =g
L' = L' U Restrict Extension(lf); // by Backoone
Constraint
for( i=0; i<size of L5 i+
if (legdlil is leg refinement )
if( legslil < | of priority ) L' = L' U Join(legslilf;
}
for( i = from lower priority to higher priority )
if ( legslil is node refinement X
S =S U FreeTree( T, legdll, L, f )
}
if (legsli] is cyclic refinement )
S =5 U CydicGraph( T, legsll, L, f );
}
retum S

}

OycliocGraph( path or tree or cycliograph G, leg |, L, f X
G = generate_cydicgraph( G, | );
if (' Fnd_HigherPriority_SpanningTree(G) = true X
|.makelower = true;
retum &
}
setS=9 L =g
for( i=0; i<size of L i++)
if ( legslil=cydlic & legdlil<! of priority
& legslill.makelower = true; )
L' =L U Join(llegslil,:
for( i = from lower priority to higher priority ){
S =S U CydicGraph( G, legdlil, L, f );
}

retum S
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