Weighted Spectra Distribution for
Comparison of Internet Topologies

No Researcher is an island!
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Overall Goal

@ How ‘similar’ are these two graphs/topologies?
@ How do we define similarity:

@ Link count,

@ Node degree distribution,

@ Cenftrality,

@ Edit distance.




Overall goal

The graphs we examine are different:

we seek to generate ‘internet like’ topologies not internet
topologies.

Determine how the distribution of clusters are different in two
graphs.

The exact location of clusters is not important.

' Given a meftric this can then be used to determine optimum
parameters of a topology generator.

Validation: it is difficult to validate a metric as this would
require a metric!
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Graph Spectra.
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Example




The weighted spectrum

The weighted spectrum is defined as:

Calculating the spectrum is very computationally expensive:
The global structure of a graph is required.
Not all the eigenvalues are required.

Just their distribution fA(A) (estimated in K bins)
Calculated using pivoting and Sylvesters Law of Inertia.




Technical development
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arge_st clusters identified by 1% eigenvector, 2" largest,

second eigenvector etc. random connections identified




Application 1: The Straw-man topology model
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Application 1: The Straw-man topology model

Network

Core
= Periphery4 o
: A 2 IIE(1—7»i) I,




Application 1: The Straw-man topology model




Application 2: topology

@ We compare 5 topology generators:

@ The Waxman model

® The 2nd Barabasi and Albert Model (BA2)

® The Generalised Linear Preference model (GLP)
@ The INET model

@ Positive Feedback Preference model (PFP)

@ To one data set for the internet at AS level:

@ The skitter data set.



Degree distribution
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Average neighbor degree
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Clustering Coefficients
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Rich Club connectivity
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Application 2: topology
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Parameter estimates

Waxman| o« = 0.08 (default= 0.15) | = 0.08 {default= —0.2)
BA p = (L2865 (default= 0.6} | g = 0.3145 {default= 0.3]

GLP p = .5972 Idn—-iqult_ [, -1:.._|-I 1' — (0. 1004 |..:1._-1--=|1_111-_ i h-ll
Inet o = (. lLll (default= 1.3)
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® Waxman model is the worst.

@ INET has too much structure but at the right point.

@ None of the models examined is capable of mimicking the spectrum of the skitter
data set.




link cost function.
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Clustering Coefficients
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Conclusions

® The metric allows identification of where in the
structure two graphs differ.

@ The metric behaves as expected and allows optimized
parameters to be estimated.

@ The raw spectrum is not sufficient fo explain the
structure in a topology.

@ Future work?

@ Questions?




