Network models
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GGenerative models of networks

e Can we have mathematical models that describe how a network
“came into existence”?

 They may help us understand network formation processes
e Can be used to forecast interesting measures, such as:
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Observed measures of real social networks

» Average degree is small: O((log n)")

* Degree distribution is a power law: O(k2)
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(Effective) diameter I1s small: O((log n)»
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Random graph ensembles




The Erdos-Rényi (ER) model, version 1

 G(n, m) model:

e nNIs the number of nodes
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The Erdos-Rényi (ER) model, version 2

 G(n, p) model:

e nNis the number of nodes
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The evolution of G(n,p)

o e #H0e o°
..‘G}'?O,(ﬁboz)‘ ARy
o e®

".'v". ®e ..oo




Properties of G(n,p)

v Expected average degree: E[c] = p(n-1)

Reasonable, as long as pis (say) O((log n)/n)

X Degree distribution is Poisson: px = cke~</ k!
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The Watts-Strogatz “small-world” model

 Can we model large transitivity (clustering coefficient)
and small average distances?

1. Start with a ring lattice with n nodes and degree ¢



The Watts-Strogatz “small-world” model

2. Rewire randomly each edge with probabillity p



Regular Small-world

Increasing randomness



The Watts-Strogatz “small-world” model

* | (p) = average path length

 C(p) = clustering coefficient



The Barabasi-Albert Evolving Network model
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The Barabasi-Albert Evolving Network model

1. Nodes are created inorder: 1,2, ..., n

2. When node Jjis created, it will link to K previous
nodes:

* the probability that it links to node /s
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The

Barabasi-Albert

-volving Network model




Another rich-get-richer model:
the Copying model

1. Nodes are created inorder: 1,2, ..., n

2. When node J Is created:

A. With prob. p, node j links to a node / < j uniformly
at random




Copying model: equivalent description

1. Nodes are created inorder: 1,2, ..., n
2. When node | Iis created:

A. With prob. p, node jlinks to a node / < juniformly at
random
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