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Self-similar transformations:

ié‘f N The ensemble is self-similar with

b "‘f:‘; respect to T when any subgraph

| . -’.;: belongs to the original ensemble

& 3 .| but with transformed parameters
g B ?‘;’\ ; -1'._1
3 &Y

G r({e}) = GUar) N
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Models: type | (The Config

1) Assign each node a hidden variable K distributed as

p(k) = (y — D} k™7

2) connect two nodes with hidden variables K and x/with

probability ‘

r(k, k") = f(urk’) Flx) =

f) =1
f(0)=0

r(k, k) ~ ukk'

K. Anand, G. Bianconi, and S. Severini, Phys. Rev. E 83, 036109 (2011)

with this choice the net
is maximally random

1
1+ 1/x

canonical version of the
configuration model. K

is the expected degree

of the node
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Metabolism and a bipartite
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Typical growing network models are self-similar by
construction under a transformation that selects
nodes older than a certain age

network

atg

network at
time t+1

but are designed to have a constant average
degree within self-similar subgraphs
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N\’
node j appearing at time i withm,; = my (— new
connections (0 < n < 1) t
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the node connects to randomly chosen existing
nodes

if n = O the network has an exponential degree distribution

if n > 0 the degree distribution is power law with exponent y = 1 + 1/7

The ensemble is self-similar with a transformed average degree
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Simulation results:
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Self-similarity is observed in many real networks and model
ensembles

It provides a minimalistic proof of the absence of percolation
threshold in a very large number of network models

The proof can be applied to any phase transition where the
threshold is a monotonous function of the average degree
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