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| ntr oduction

 How do real networks look like?
 Any ‘laws’/patterns they obey?
 How to handle huge graphs?

ALLADIN 2003 C. Faloutsos



School of Computer Science
Carnegie Melon

Problem #1 - network and
graph mining
e How doesthe Internet look like?

e How doestheweb look like?

 What constitutes a‘normal’ social
network?

e What isthe ‘market value' of a
customer?

* |nafood web, which gene/species
affects the others the most?

ALLADIN 2003 C. Faloutsos



School of Computer Science
Carnegie Melon

Problem#1: Patterns

Given agraph:

L
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e WhicC
defeno

N node to market-to /
/[ Iimmunize first?

e Aret

nere un-natural sub-

graphs? (criminals’ rings or
terrorist cells)?

e HOwW

do peer-to-peer (P2P)

networks evolve?
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Problem #2: Scalability

 How to handle huge graphs (>>10**5 nodes)
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Solutions

* Problem#l - patterns. New tools. power
laws, self-ssmilarity and ‘fractals work,
where traditional assumptions fail

e Problem#2 - scalability: Approximations
In detall:
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Problem #1 - topology

How does the Internet look I1ke? Any rules?

A: sdf-smilarity and
power-laws!
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Solution#1.:

o Al: Power law in the degree distribution
[SIGCOMM99]
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Solution#1’': Eigen Exponent E

Eigenvalue
100

' 'P3.0regon” +
expl4.3031) *x*™-0.47734) ——

Exponent = slope
E=-0.48

10 b

May 2001

1 10 100

Rank of decreasing eigenvalue

o A2 power law in the eigenvalues of the adjacency
matrix

ALLADIN 2003 C. Faloutsos 11



School of Computer Science
Carnegie Melon

Solution#1’': Eigen Exponent E

Eigenvalue

I ——

T
—
B Y

~_

Rank of decreasing eigenvalue

Explanation [Mihail & Papadimitriou, 2002]
E=R/2 (')
(because, in aforest of ‘stars', A, ~ sqrt(degree) )
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Solution#1'': Hop Exponent H

* A3: neighborhood function N(h) = number of pairs
within h hops or less - power law, too!

_ _ Hopexp. =1
log(#pairs) Internet Py ~
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2.8 ‘hop’ expohent
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But:

e Q1: How about graphs from other domains?
e Q2: How about temporal evolution?
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Q1. Morepower laws:

citation counts:. (citeseer.nj.nec.com 6/2001)
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Q1. Morepower laws:
e web hit counts [w/ A. Montgomery]

- Web Site Traffic
log(count)

Coum of Websioe
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Q1: The Peer-to-Peer Topology

T plrlim Ly
a4 HBE

] [Jovanovic+]
'

{a) Gnutella snapshot from Dec, 28, 2000 (|r{=0.94)

e Frequency versus degree

* Number of adjacent peersfollows a power-law
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Q1: More Power laws

* Also hold for other web graphs [Barabasi+],
[Broder+], with additional ‘rules (bi-partite
cores follow power laws)
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