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Outline

ÅProblem definition / Motivation

ÅStatic & dynamic laws; generators

ÅTools: CenterPiece graphs; Tensors

ÅOther projects (Virus propagation, e-bay 

fraud detection)

ÅConclusions
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Motivation

Data mining: ~ find patterns (rules, outliers)

ÅProblem#1: How do real graphs look like?

ÅProblem#2: How do they evolve?

ÅProblem#3: How to generate realistic graphs

TOOLS

ÅProblem#4: Who is the ómaster-mindô?

ÅProblem#5: Track communities over time



CMU SCS

MMDS 08 C. Faloutsos 6

Problem#1: Joint work with

Dr. Deepayan Chakrabarti 

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

Internet Map 

[lumeta.com]

Food Web 

[Martinez ô91]

Protein Interactions 

[genomebiology.com]

Friendship Network 

[Moody ô01]
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Graphs - why should we care?

ÅIR: bi-partite graphs (doc-terms)

Åweb: hyper-text graph

Å... and more:

D1

DN

T1

TM

... ...
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Graphs - why should we care?

Ånetwork of companies & board-of-directors 

members

Åóviralô marketing

Åweb-log (óblogô) news propagation

Åcomputer network security: email/IP traffic 

and anomaly detection

Å....
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Problem #1 - network and graph 

mining

ÅHow does the Internet look like?

ÅHow does the web look like?

ÅWhat is ónormalô/óabnormalô?

Åwhich patterns/laws hold?
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Graph mining

ÅAre real graphs random?



CMU SCS

MMDS 08 C. Faloutsos 12

Laws and patterns

ÅAre real graphs random?

ÅA: NO!!

ïDiameter

ïin- and out- degree distributions

ïother (surprising) patterns
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Solution#1

ÅPower law in the degree distribution 

[SIGCOMM99]

log(rank)

log(degree)

-0.82

internet domains

att.com

ibm.com
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Solution#1ô: Eigen Exponent E

ÅA2: power law in the eigenvalues of the adjacency 
matrix

E = -0.48

Exponent = slope

Eigenvalue

Rank of decreasing eigenvalue

May 2001
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Solution#1ô: Eigen Exponent E

Å[Papadimitriou, Mihail, ô02]: slope is İ of rank 
exponent

E = -0.48

Exponent = slope

Eigenvalue

Rank of decreasing eigenvalue

May 2001
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But:

How about graphs from other domains?
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The Peer-to-Peer Topology

ÅCount versus degree 

ÅNumber of adjacent peers follows a power-law

[Jovanovic+]
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More power laws:

citation counts: (citeseer.nj.nec.com6/2001)

log(#citations)

log(count)

Ullman
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More power laws:

Åweb hit counts [w/ A. Montgomery]

Web Site Traffic

log(in-degree)

log(count)

Zipf

users
sites

``ebayôô
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epinions.com

Åwho-trusts-whom 

[Richardson + 

Domingos, KDD 

2001]

(out) degree

count

trusts-2000-people user
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Motivation

Data mining: ~ find patterns (rules, outliers)

ÅProblem#1: How do real graphs look like?

ÅProblem#2: How do they evolve?

ÅProblem#3: How to generate realistic graphs

TOOLS

ÅProblem#4: Who is the ómaster-mindô?

ÅProblem#5: Track communities over time
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Problem#2: Time evolution

Åwith Jure Leskovec 

(CMU/MLD)

Å and Jon Kleinberg (Cornell ï

sabb. @ CMU)
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Evolution of the Diameter

ÅPrior work on Power Law graphs hints 

at slowly growing diameter:

ïdiameter ~ O(log N)

ïdiameter ~ O(log log N)

ÅWhat is happening in real data?
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Evolution of the Diameter

ÅPrior work on Power Law graphs hints 

at slowly growing diameter:

ïdiameter ~ O(log N)

ïdiameter ~ O(log log N)

ÅWhat is happening in real data?

ÅDiametershrinks over time
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Diameter ïArXiv citation graph

ÅCitations among 

physics papers   

Å1992 ï2003

ÅOne graph per 

year

time [years]

diameter
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Diameter ïñAutonomous 

Systemsò

ÅGraph of Internet

ÅOne graph per 

day 

Å1997 ï2000

number of nodes

diameter
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Diameter ïñAffiliation Networkò

ÅGraph of 

collaborations in 

physics ïauthors 

linked to papers

Å10 years of data

time [years]

diameter
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Diameter ïñPatentsò

ÅPatent citation 

network

Å25 years of data

time [years]

diameter
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Temporal Evolution of the Graphs

ÅN(t) é nodes at time t

ÅE(t) é edges at time t

ÅSuppose that

N(t+1) = 2 * N(t)

ÅQ: what is your guess for 

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

ÅN(t) é nodes at time t

ÅE(t) é edges at time t

ÅSuppose that

N(t+1) = 2 * N(t)

ÅQ: what is your guess for 

E(t+1) =? 2 * E(t)

ÅA: over-doubled!

ïBut obeying the ̀ `Densification Power Lawôô
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Densification ïPhysics Citations

ÅCitations among 
physics papers 

Å2003:

ï29,555 papers, 
352,807 
citations

N(t)

E(t)

??
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Densification ïPhysics Citations

ÅCitations among 
physics papers 

Å2003:

ï29,555 papers, 
352,807 
citations

N(t)

E(t)

1.69
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Densification ïPhysics Citations

ÅCitations among 
physics papers 

Å2003:

ï29,555 papers, 
352,807 
citations

N(t)

E(t)

1.69

1: tree
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Densification ïPhysics Citations

ÅCitations among 
physics papers 

Å2003:

ï29,555 papers, 
352,807 
citations

N(t)

E(t)

1.69clique: 2
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Densification ïPatent Citations

ÅCitations among 

patents granted

Å1999

ï2.9 million nodes

ï16.5 million 

edges

ÅEach year is a 

datapoint N(t)

E(t)

1.66
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Densification ïAutonomous Systems

ÅGraph of 

Internet

Å2000

ï6,000 nodes

ï26,000 edges

ÅOne graph per 

day

N(t)

E(t)

1.18
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Densification ïAffiliation 

Network

ÅAuthors linked 

to their 

publications

Å2002

ï60,000 nodes

Å20,000 authors

Å38,000 papers

ï133,000 edges
N(t)

E(t)

1.15
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Motivation

Data mining: ~ find patterns (rules, outliers)

ÅProblem#1: How do real graphs look like?

ÅProblem#2: How do they evolve?

ÅProblem#3: How to generate realistic graphs

TOOLS

ÅProblem#4: Who is the ómaster-mindô?

ÅProblem#5: Track communities over time
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Problem#3: Generation

ÅGiven a growing graph with count of nodes N1, 

N2, é

ÅGenerate a realistic sequence of graphs that will 

obey all the patterns
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Problem Definition

ÅGiven a growing graph with count of nodes N1, 
N2, é

ÅGenerate a realistic sequence of graphs that will 
obey all the patterns 

ïStatic Patterns

Power Law Degree Distribution

Power Law eigenvalue and eigenvector distribution

Small Diameter

ïDynamic Patterns

Growth Power Law

Shrinking/Stabilizing Diameters



CMU SCS

MMDS 08 C. Faloutsos 41

Problem Definition

ÅGiven a growing graph with count of nodes 

N1, N2, é

ÅGenerate a realistic sequence of graphs that 

will obey all the patterns

ÅIdea: Self-similarity

ïLeads to power laws

ïCommunities within communities

ïé
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Kronecker Product ïa Graph

Intermediate stage

Adjacency matrix




