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Min-cut® s

m.n: & of vertices, edges, respectively.
Race by many “giant” researchers in theory !
Ford and Fulkerson’56 O(mn2) < ORDAINFH !

— e == — e e s e e = 4

Even and Tarjan’75 O(nm!) < TuringE=2EH

Karzanov and Timofeev’86 O(n3) <« BI 7%k

Hao and Orlin’92 O(nm log(n2/m)) Deterministic

Nagamochi and Ibaraki’92 Omm+n%log n) Deterministic

Karger’94 O (mn?%>) (Randomize, Monte Carlo) J.ACM
Karger and Stein’96 O(n2 log? m) (Randomize, Monte Carlo)
Karger’99 O(m log3 n) (Randomize, Monte Carlo) J. ACM
KK and Thorup(STOC’15) O(m log5n) Deterministic ! J.ACM
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Vertex Ranking Measure

GO 8[@ PageRank

Vifreb Images EBooks MNews Apps More - Search tools

About 32,100,000 results (0 46 seconds)
Important

PageRank - Wikipedia, the free encyclopedia
enwikipedia.orgiwiki/PageRank ~ Wilipedia
PageRank is an algorithm used by Google Search to rank websites in their search engine
results. PageRank was named after Larry Page, one of the founders of .

PageRank Checker - Instantly Check Google PageRank!

checkpagerank nst/ «

CheckPageRanlk.net is the original and most used pagerank checker worldwide . Check
Google PageRank and other SEO statistics for freel

Check PageRanlk - What is PageRank? - SEO Reporting - PageRank Blog

How Google Finds Your Needle in the Web's Haystack

weaw ams. orgisamplings!. fcarc-pageran... ~ American Wathematical Society

by D Austin - Related articles

Google's PageRank algorithm assesses the importance of web pages without human
evaluation of the content. In fact, Google feels that the value of its service is .

¢ I

Computing
PageRank

for large web
graphs 1s very
1mportant for
web search
engine!
(Google etc)
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Our Contribution

¢ A fast and accurate algorithm for real-world
networks

¢ 1 2000 \

1800 m Proposed

1600 m Power
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