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Abstract: Due to the high computational cost and space cost in computing node similarity, it is a challenge when it
comes to efficiently computing the similarity on big graphs. In this paper, the following problem will be resolved:how to fast
compute SuperSimRank similarity on massive graphs using a single PC. A threshold sieving technology and an external algo-
rithm are introduced. With the help of threshold sieving technology,our external algorithm can efficiently compute the simi-

larity on massive graphs. Experimental results demonstrate the efficiency of the computation.
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&% 1 External algorithm

Input;edge,c,A,M // M is maximum iteration

Output; SSR score // SuperSimRank Result

1 :read data from dege and achieve M| ,w| and u, then save these values in-
to files Mf,wf and uf;

2:fork =2 toM do

3:  uf,muf < obtainUniValues(edge,uf,u, c) ;

4. pwf <—obtainPartialValues( edge ,wf ,c) ;

5. Mf,wf <—obtainValues( edge , Mf, muf,pwf ,5) ;
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&3i£2 obtainUniValues

Input: edge ,uf,, c,m,//u, : proposition 1

Output ; uf , muf

1 ;e<—edge. getNextLine( ) ;

2 ;u«—uf. getNextLine( ) ;

3.while | edge. eof () &&! uf. eof() do

4. ife.a= =u. a then

5. for i«—1 to T,do

6: for j—1 to T,do

7. Ule.b,][e.b] «Uleb]led ] +cxuv/10(ea)l;
8. if buffer U is full then

9: sort the U by the e. b; and write it to a temp file

10: e<«—edge. getNextLine( ) ju«—uf. getNextLine( ) ;

11 else if e. @ <u. a then e«—edge. getNextLine( ) ;

12 else  u«—uf. getNextLine( ) ;

13 ;sorted temp files and filter small values based on e. q. (7) (8) to gen-
erate a new file uf}

14 ;while | uf. eof () do

15: u«—uf. getNextLine( ) ;

16: for i«1 to T, do

17 if u.a<u. b, then MU[u. a]le. b,] «MU[u. al[e. b,] +u.v,
18: else MU[e. b, ][u.a] «<MU[e b, ][ua]l +u v,

19. if buffer U is full then

20 sort the MU by first node and write it to a temp file

21 :merged sorted temp files to generate a new file muf;
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&% 3 obtainPartialValues

Input: edge,uwf,c

Output ; pwf

1 :e<—edge. getNextLine( ) ;

2 .u«—uf. getNextLine( ) ;

3.while | edge. eof() && | wf. eof() do

4. ife.a= =u. a then

5. for i«—1 to T,do

6: for je—1 to T,do

7. Ulub][e b ]«Ulublleb ] +csuv* ev;
8. if buffer U is full then

9: sort the U by the e. band write it to a temp file
10.; e<—edge. getNextLine( ) ; u<«—uf. getNextLine( ) ;

1. else if e. a <u. a then e<—edge. getNextLine( ) ;

12 else u«—uf. getNextLine( ) ;

13 : merged sorted temp files to generate a new file pwf;
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&Zi%4 obtainValues

Input ; edge , pwf, muf, Mf,8
Output ; wf', Mf
//obtain s, ,, and filter small values based on e. q. (5)(6)
1 ;tempf<—LA + puf
//obtain w,,, and M, :
2 .s<—tempf. getNextLine( ) ; u«—uf. getNextLine( ) ;
m<«—M(. getNextLine( )
;while ! edge. eof () || | muf. eof( )|l | Mf.eof() do
if s.a==u.a && u. a! =LONG_MAX then

temp<—s + u;s«—tempf. getNextLine( ) ;

3

4

5

6: u<—uf. getNextLine( ) ;
7. elseif s. a <u. a then temp<—s; s«—tempf. getNextLine( ) ;
8 else temp«—u; u<muf. getNextLine( ) ;

9 write temp into file wf;

10; if tempf. eof( ) then s. a«—LONG_MAX;

11:  if wf. eof() then u. a«—LONG_MAX;

12;  if m. a = =temp. a then

13 write m + temp into file Mf1 ;m«—MTf. getNextLine( ) ;
14, else if m. a <temp. a then

15. write m into file Mf1; m«Mf. getNextLine( ) ;

16: else write m into file Mf1;

17 if Mf. eof () then m. a«—LONG_MAX;

18 :delete Mf,and Mf1 is renamed Mf;
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