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» exponential *F1I0.1DIEERIN [Dickens+'12] MSEZE
» trivalency 0.1,0.01, 0.001 [Chen+'10]

» weighted AREDPZ [Kempe+'03]
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name type V| |E|

ca-HepPh collab.(u) 9,877 51,946
soc-Slashdot0922

social 82,168 870,161
web-NotreDame  |\yeh 325,729 1,469,679
wiki-Talk commu. 2,394,385 5,021,410
com-Youtube social(u) 1,134,890 5,975,248
higs-twitter social 456,626 14,855,819
soc-Pokec social 1,632,803 30,622,564
soc-LiveJournall |social 4 847 571 68,475,391
com-Orkut social(u) 3,072,441 234,370,166
twitter-2010 social 41,652,230 1,468,364,884
com-Frinedster  |social(u) 65,608,366 3,612,134,270
uk-2007-05 web 105,218,569 3,717,169,969
ameblo web 272,687,914

6,910,266,107
2
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speed-oriented | scalability-oriented
dataset | M | Gme usage | tme usage
soc-Slashdot0922 | 0.1M 0.9M <1s < 1GB 6s < 1GB
wiki-Talk 2M 5M 42s < 1GB 57s < 1GB
soc-Pokec 2M 31M 35s 1GB 224s < 1GB
soc-LiveJournal 5M 68M 95s 3GB 508s 1GB
twitter-2010 42M  1,468M | 1,763s 50GB| 11,522s 6GB
com-Friendster 66M 3,612M | 3,964s 101GB | 26,424s 8GB
uk-2007-05 105M  3,717M | 3,106s 137GB| 29,540s 11GB
ameblo 273M  6,910M — OOM | 35,761s 28GB
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slower smaller
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speed-oriented | scalability-oriented
dataset V|  |£] T=1 T=16 T=1 T=16
soc-Slashdot0922 0.1M 0.9M <1s <1s 65 2
wiki-Talk 2M 5M 42 s 12 s 57 s 22 g
soc-Pokec 2M 31TM 35s 11 s 224 s 52 s
soc-LiveJournalT 5M 68M 95 s 33 s 508 s 127 s
twitter-2010 42M  1,468M | 1,763 s 612s| 11,522s 26205
com-Friendster 66M 3,612M| 3,964s 1143s| 26424s 58445
uk-2007-05 105M  3,717M| 3,106 s 1,036s| 29540s 6,329
ameblo 273M  6,910M — _ 35,761s 7613 s
#4345 i) 5455

26



<ER

05 TYA X DfE N

G =(V,E p) AJ:TmDIST

H = (W, F,q) £3:BXELIZDST

dataset V]| |E| W] / V| » IF| / |E|
soc-Slashdot0922 0.1M 0.9M 95.2% 36.0%
wiki-Talk 2M 5M 99.8% 61.4%
soc-Pokec 2M 31M 89.0% 43.4%
soc-LiveJournall 5M 68M 92.8% 42.2%
twitter-2010 42M 1,468M 93.2% 23.5%
com-Friendster 66M 3,612M 71.2% 4.7%
uk-2007-05 105M 3,717M 97.3% 41.8%
ameblo 273M 6,910M 99.4% 79.3%
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5 >4 ANOEIR UETEE D S OHLENZ 10000 :/AE
run time
Our framework time edge
dataset Monte-Carlo w/ Monte-Carlo | reduction | reduction
soc-Slashdot0922 32s 8s 25.4% 36.0%
wiki-Talk 11s 7s 63.7% 61.4%
soc-Pokec 2,442 .3s 897.1s 36.7% 43.4%
soc-LiveJournal 5,349s 1,783s 33.3% 42 .2%
twitter-2010 106,428s 24.212s 22.8% 23.5%
com-Friendster 540,483s 18,968s 3.5% 4.7%
uk-2007-05 5,719s 1,900s 33.2% 41.8%
(ZFRBEZREIRINSERICHETE (I ERAE <0.1. JIE{48R3{%%%=0.86)
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k=100DJERES =T

run time
Our framework time
dataset D-53A w/ D-SSA reduction

soc-Slashdot0922 0.9M 141 s 79 s 56.1%
wiki-Talk 5M 522 s 155 s 29.7%
soc-Pokec 31M | 18,350s 6,216s 33.9%
soc-LiveJournal 68M OOM OOM —
twitter-2010 1,468M OOM OOM —
com-Friendster 3,612M OOM OOM —
uk-2007-05 3,717M OOM OOM —
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