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Networks, a ubiquitous structure in the Real World Our model step by step

A network is a structure which consists of a set of nodes and a set of edges between

these nodes. Wi
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This structure can be found everywhere in the real world

Comparison with other methods

Most existing network models that capture real-world properties are mathematically
intractable, meaning they are so complex that it is impossible to perform essential cal-
culations, simulate graphs, or fit them to real data. We capture extreme sparsity and
power-law while maintaining analytical tractability.
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Understanding real-world networks can help us understand social network dynamics, Analytically Tractable, v X vV

predict the spread of information (or disinformation), model complex biological interactions,
or analyse the resilience of critical infrastructure.

The specificities of a real-world network We can easily sample from our model and verify that it exhibits real-world behavior.

In a simple network with N nodes the maximum number of edges is N2. Yet, in most

real-world networks we observe far fewer connections, that’s what we call sparsity. ef
e "
101 __ Dense 10 1 KONECT e
—— Sparse + SNAP Q o e ‘
. Extremely Sparse | N2 ‘ L
o) o)
E 1021 E 1012 - ® &
31010- 31010- @O
5 S 108 4 +
g ‘é :
=] =]
= =

106 -

10%
104

102 107 10* 10° 10° 107 108 102 103 10* 10° 10° 107 108
Number of Nodes (log scale) Number of Nodes (log scale)

108 100 Y

—— mGG (a=1)

—=— GG (a=0.5)
BA

=
S}
P

(e) Number of edges as a function of the number of (f) Number of edges as a function of the number of nodes for all the 107;
nodes for a dense network, a sparse network and an  networks present in the SNAP database and the KONECT database.
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"Real-world networks exhibit other unique properties, such as a power-law degree distri-
bution or the small-world property.

Our model (mGG) " _7
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1. A person i enters a room at a random time 6,. _ , S
: : : . T Figure 1: Number of edges as a function of the number of nodes (left) and degree distribution (right) for
2. This person is assigned a random personality type S; and a random sociability our model, GG model and BA model.

W, depending on the value of S,.
3. This person attempts to connect with everyone already in the room. The success
of the link creation depends on the sociability of both people involved in the link.

Wi
. | Assume that we observe a graph G, which we assume was sampled from a mGG graph
| | N 1 - 1 ac
0 1 0. model. We aim to infer the sociability parameter 1W; of each node and the global parameters
S P — - I of the mGG model.
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The network at time ¢ consists of all people in the room at time ¢ who are involved in at .
. . n . . . 1076 10-%
least one relationship. A careful choice of the distribution of the S; and the 1V, leads \
to the desired network properties. 107 | | | 107 _ | N
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