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Abstract; Since computational complexities of the existing methods such as classic GN algorithm are too costly to
cluster large-scale graphs, this paper studies sampling algorithms of large-scale graphs, and proposes a clustering-structure
representative sampling (CRS) which can effectively maintain the clustering structure of original graphs. It can produce high
quality clustering-representative nodes in samples and expand according to the corresponding expansion criteria. Then, we
propose a fast population clustering inference (PCI) method on the original graphs and deduce clustering assignments of the
population using the clustering labels of the sampled subgraph. Experiment results show that in comparison with state-of-the-
art methods, the proposed algorithm achieves better efficiency as well as clustering accuracy on large-scale graphs.
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BE (AL Pt 332 (Blondel) , FR2E R 5 (LP) |
Bigclam ™' 835 L 2 High-order™ B8 24 v, A S04
ZHBCE RFER p =0. 2, LR BSE AW 0 =3, HARXS
Bl AR 25 DUl HT BRI 20
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EES TS N R D IR BEEH D, I/NE C WRHE C, RESHu
LFR_1000 1000 20 50 200 0.1~0.6
LFR_10000 10000 40 50 200 0.1~0.6

1 PR AE M R TS ECH N AR () 3.2 BEEMIER

“4 1000 ,10000 ) , K¢ A T4 B 28 18 43 S P2, 435 ok
LFR_1000 1 LFR_10000. & &5 2% u J& M 2% & b i f
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w (B R 25 5.
3.1.2 EXN%E

B S S 05 75 18 T 2 Bt AR SNAP K
T Do) 285 2], AR S35 B A D) 45 149 HIF 5000 /> JoT 4 55 1=
P SR AT AT S0, IR AT T Ah 3 TR 2 2% B 1K
RRANVINT 3 RIS S E R RASTEMIBR, o0 it
RRAGESSFBRBBLENMRER R E TR &2
TIAL A N 45 B A e 5 BN ER 2 Fis.

2 EIAHERMEHEREE
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Orkut 297,579 | 7,809,034 3664 787 3
YouTube 12,084 29,664 3579 31 2
1
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i
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R3 AMBEFEERANREIMEPHIRER
TS Ak Precision NMI BEREE Q ] (F2)
SBSC 0. 986 0. 008 0.932 +0. 012 0. 827 +0. 019 0. 952 +0. 001 72.5
Blondel 0.913 £0. 021 0.930 £0. 018 0.794 +0. 020 0.923 +0. 001 302. 4
Amazon LP 0.780 =0. 025 0. 662 +0. 029 0. 642 +0. 035 0.791 =0. 007 63.2
Bigclam 0. 990 +0. 005 0. 930 £0. 009 0. 826 0. 010 0. 943 +0. 005 462. 4
High-order 0.923 £0. 038 0. 860 +0. 034 0.734 £0. 026 0.931 £0. 009 202. 8
SBSC 0.853 +0.023 0.921 +0. 021 0. 803 +0. 027 0.532 +0. 003 173.2
Blondel 0. 832 £0. 025 0.902 £0. 024 0.795 +0. 029 0.502 £0. 009 673.2
DBLP LP 0.452 £0. 032 0. 687 £0. 029 0.569 +0. 027 0.399 +£0. 015 132.2
Bigclam 0. 853 +0. 027 0.914 +0. 021 0.794 0. 027 0. 550 +0. 011 982.2
High-order 0. 855 +0. 043 0.920 +0. 051 0. 802 +0. 032 0. 547 £0. 009 264.2
SBSC 0.932 £0. 024 0. 953 +0. 023 0. 632 +0. 025 0. 901 +0. 005 827.6
Blondel 0.902 +0. 029 0.923 +0. 030 0.594 +0. 034 0. 883 +0.010 2532.9
LiveJournal LP 0.872 +0. 034 0. 884 +0. 032 0. 504 0. 029 0.717 0. 017 623.4
Bigclam 0. 953 +0. 023 0.932 £0. 027 0. 624 +0. 030 0.893 £0. 014 2232.2
High-order 0.892 +£0. 027 0.911 £0. 043 0.554 0. 061 0. 842 £0. 040 1332.9
SBSC 0. 823 +0. 032 0.743 0. 034 0.492 +0. 029 0. 694 +0. 006 4223.9
Blondel 0. 824 +£0. 038 0.702 £0. 040 0. 490 =0. 032 0.667 £0. 017 8529.3
Orkut LP 0. 809 +£0. 052 0. 683 +0. 061 0. 432 +0. 067 0. 346 £0. 023 4782. 4
Bigclam 0.812 =0. 029 0.740 +0. 027 0.453 +0. 023 0. 652 +0. 009 14529.2
High-order 0. 826 +0. 062 0.733 £0. 054 0. 487 0. 039 0. 659 =0. 015 6782. 4
SBSC 0.382 +£0. 042 0. 428 +0. 039 0. 432 £0. 045 0.536 £0. 022 73.3
Blondel 0.402 +0. 045 0.354 +0. 043 0.357 +0. 032 0.552 +0.018 482.2
YouTube LP 0.357 0. 076 0.243 £0. 083 0.293 £0. 073 0.336 +0. 031 89.3
Bigclam 0.408 £0. 040 0.452 +0. 039 0.452 +0. 042 0.531 £0. 025 520.3
High-order 0. 410 0. 042 0. 450 +0. 051 0. 453 +0. 056 0.532 £0. 028 127.2
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