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Outline

A Problem definition / Motivation
A Static & dynamic laws; generators
A Tools: CenterPiece graphs; Tensors

A Other projects (Virus propagationbay
fraud detection)

A Conclusions

MMDS 08 C. Faloutsos



% CMU SCS

Motivation

Data mining: ~ find patterns (rules, outliers)

A
A
A

0
0

0

em#1: How do real graphs look like?
em#2: How do they evolve?
em#3:. How to generate realistic graphs

TOOLS
AProbl em#4: Whmi mndod? h
A Problem#5: Track communities over time
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Problem#1: Joint work with

Dr. Deepayan Chakrabarti
(CMU/Yahoo R.L.)
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Graphs - why should we care?

Food Web of Smallmouth Bass
S ) Little Rock Lake (Cannibal)
3 ¥

1st Tropic Level
Mostly Phytoplankton 2nd Trophic Level
Many Zooplankton

Internet Map
[lumeta.com] [ Martinez 091]

The Social Structure of “Countryside™ School District

Foirts Colceed by Race Q O White
@ Black
@ Mixed/Other

Friendship Network Protein Interactions
[ Moody 0601] [genomebiology.com]

MMDS 08 C. Faloutsos 7



% CMU SCS

Graphs - why should we care?
A IR: bi-partite graphs (determs) _

o

o :

A web: hypettext graph

A ... and more:

MMDS 08 C. Faloutsos 8



% CMU SCS

Graphs - why should we care?

A network of companies & boaaf-directors
members

Abviral o mar keting
Awebl og (6bl ogb6) news

A computer network security: email/IP traffic
and anomaly detection

A...
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Problem #1- network and graph
mining

A How does the Internet look like?
A How does the web look like?

A Wh a t norimab Abéormad ?

A which patterns/laws hold?
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Graph mining

A Are real graphs random?

MMDS 08 C. Faloutsos
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Laws and patterns

A Are real graphs random?
A A: NO!
I Diameter

I In- and out degree distributions
I other (surprising) patterns
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Solution#1

A Power law in the degree distribution
[SIGCOMMO9]

Internet domains

~ att.com
log(degreey=prgeeeiimrsngzms —

-0.82

log(rank)

10 100 1000 10000
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Solution#10: EI d

Eigenvalue
100

' 'P3.Cragon” +
exp(4.3031) *x™(-0.47734) ——

Exponent = slope

E=-0.48

10 b

May 2001

1 10 100

Rank of decreasing eigenvalue

A A2: power law in the eigenvalues of the adjacenc
matrix
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Solution#10: EI d

Eigenvalue
100

' 'P3.Cragon” +
exp(4.3031) *x™(-0.47734) ——

Exponent = slope

E=-0.48

10 b

May 2001

1 10 100

Rank of decreasing eigenvalue

Al Papadimitriou, Mihail
exponent
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But:

How about graphs from other domains?

MMDS 08 C. Faloutsos
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The Peerto-Peer Topology

T Gl 10EEIND

— R LT 14

X
Kk | 13
EEELW K
Ik EX K

Ly 10
{a) Gnutella snapshot from Dec, 28, 2000 i|r=0.94)

A Count versus degree
A Number of adjacent peers follows a poviaam
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More power laws:

citation counts:giteseer.nj.nec.co®/2001)

log(count)
L Ullman
“ log(#citations)
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More power laws:
A web hit counts [w/ A. Montgomery]

(@)

~ Web Site Traffic —
, - - o)
(@)

log(count)

ebayodd
' users |
j | sites

W 1 10
Mumber of Visits Websiles

“*|og(in-degree)
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epinions.com
A who-trustswhom
count [Richardson +
100000 - | %'ﬁ{'ﬂgﬁﬁﬂ ‘ DOmingOS, KDD
| - 2001]

Count

100 ¢

10¢

== |_ trusts2000-people user

1 I I
1 10 100 1000 10000
Cut-degres

(out) degree
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Motivation

Data mining: ~ find patterns (rules, outliers)

K
A

A

0
0

0

em#1: How do real graphs look like?
em#2: How do they evolve?
em#3:. How to generate realistic graphs

TOOLS
AProbl em#4: Whmi mndod? h
A Problem#5: Track communities over time

MMDS 08
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Problem#2: Time evolution

A with Jure Leskovec y
(CMU/MLD)

A and Jon Kleinberg (Cornéil
sabb. @ CMU)
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Evolution of the Diameter

A Prior work on Power Law graphs hints
at slowly growing diameter.

I diameter ~ O(log N)
I diameter ~ O(log log N)
A What is happening in real data?

MMDS 08 C. Faloutsos
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Evolution of the Diameter

A Prior work on Power Law graphs hints

at slowly growydng diameter.
I diameter ~§1)
I diameter ~ log N)

A What is happening in real data?
A Diametershrinks over time
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Diameter i ArXiv citation graph

A Citations among ¢ diameter
physics papers

A 19927 2003

A One graph per
year

—=—Full graph
-e-Post U5 subgraph
-=4-Post '95 subgraph, no past

2]
T

Effective diameter
=]

4 1 1 1 1 1 1
16992 1994 19596 1998 2000 2002 2004

time [years]

MMDS 08 C. Faloutsos 25



% CMU SCS

Diametert 1 Aut onomo u
Syst emso

A Graph of Internet | diameter —Lnear
A One graph per ;E}f L i

day -
A 19971 2000

E%DD 3500 4000 4500 5000 5500 6000 6500

number of nodes
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Diameteri n Af f 111 at1 ol

AGraphof [dameter o
collaborations in ) \ [emPost 95 subgraph, no past
physicsi authors § | "
linked to papers 3 |

A 10 years of data & ;

|
fbez 1994 1996 1998 2000 2002

time [years]
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Diameteri i Pat ent s o

A L * diameter
Patent citation - ~Post 85 subgraph

network 301 +==:Post ‘85 subgraph, no past
A 25 years of data

Effective diameter

1%?5 1980 1985 1980 1995 2000

time [years]
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Temporal Evolution of the Graphs

AN(t) é nodes at ti me
AE(t) é edges at ti me
A Suppose that

N(t+1) = 2 * N(t)
A Q: what is your guess for

E(t+1) =2 2 * E(f)
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Temporal Evolution of the Graphs

AN(t) é nodes at ti me
AE(t) é edges at ti me
A Suppose that
N(t+1) = 2 * N(t)
A Q: what is your guess for
E(t+1) *E(1)
A A: over-doubled!
i Butobeyingthe Densi fi cati or
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DensificationT Physics Citations

A Citations among
physics papers E(t)|
A 2003:
I 29,555 papers,

352,807
citations

Number of edges
=

o F=
T —TTT T L

=

Jan 1993

+ Edges .
—=0.0113 x™¥ R?=1 0

10°= — '
10° 10° ¢

10 1
Number of nodes N (t)
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DensificationT Physics Citations

A Citations among

physics papers E(t) | Apr 2003
A 2003 ) 1{]"?‘
i 29,555 papers, ¥ | 1.69
352,807 gm
citations E |
107 r
r Jan 1993
- + Edges
. —=00113x"%R%=10
1075 - = |
10° 10°

10 1
Number of nodes N (t)
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DensificationT Physics Citations

A Citations among
physics papers E(t)|
A 2003:
I 29,555 papers,

1.69

Number of edges
=

352,807
citations | 1: tree
10°} o
F Jan 1993
[ + Edges
] —=00113x"%R*=1.0
107 — = '
107 10°

10 1
Number of nodes N (t)
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DensificationT Physics Citations

A Citations among
physics papers E(t); Apr 2003

A 2003:

i 29,555 papers, § | clique:
352,807
citations 5 |
10°
r Jan 1993
' + Edges
) —=0.0113x"R%*=10
1075 - = .
107 107

10 1
Number of nodes N (t)
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Densificationi Patent Citations

A Citations among

patents granted E( .
A 1999 8 10}
I 2.9 million nodes j 1.66
i 165million £ |
edges
A Each year is a 5 o - o002 1% R0 00|
datapoint o wmberotnoces  N(t)
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Densificationi Autonomous Systems

A Graph of
Internet

A 2000
I 6,000 nodes
I 26,000 edges
A One graph per
day

MMDS 08
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Densification1 Affiliation

Network
A Authors linked
to their E().
publications g
AZOOZ Em“- 1.15
I 60,000 nodes £
A20.,000 authors 107
A 38,000 papers ii?j;ﬂ}ﬂﬁ o
i 133,000 edges ¢ ¢ W

MNumber of nodes
N(t)
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Motivation

Data mining: ~ find patterns (rules, outliers)

A
'

A

0
0

0

em#1: How do real graphs look like?
em#2: How do they evolve?
em#3:. How to generate realistic graphs

TOOLS
AProbl em#4: Whmi mndod? h
A Problem#5: Track communities over time

MMDS 08
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Problem#3: Generation

A Given a growing graph with count of nodés
Nz, é

A Generate a realistic sequence of graphs that will
obey all the patterns
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Problem Definition

A Given a growing graph with count of nodes
N2, é

A Generate a realistic sequence of graphs that will
obey all the patterns
| Static Patterns
Power Law Degree Distribution

Power Law eigenvalue and eigenvector distribution
Small Diameter

I Dynamic Patterns
Growth Power Law
Shrinking/Stabilizing Diameters
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Problem Definition

A Given a growing graph with count of nodes
N, N, &

A Generate a realistic sequence of graphs that
will obey all the patterns

A ldea: Selfsimilarity
| Leads to power laws
I Communities within communities
G
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Kronecker Product i a Graph

QI
X5
X

L)

1{1]0

1{1]1

O[1]1
Gy

Adjacency matrix






