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Sieci Erdosa-Rényi
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Macierz potaczen Cik

P P O

O
O O Lk O
, Ok O

A
Inne opcje: wagi, graf skierowany
Wada: zliczanie macierzy

o — B+ O

>¥>F—***T et
#%w+#

NTNTIE ST
1
e
RTINS BT ST S

_[__]_e__‘_‘_l_‘_‘_‘_é>"—‘l‘—;._‘_l_‘_‘_'_'_:=

[dla drzew N=17, #=48629;
S. Piec e a, IMPC 2005]



Wspotczynnik klasteryzacji C

Niech wierzchotek i o stopniu k; ma L; wigzar miedzy swoimi sgsiadami.
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Srednica grafu

»,Najdtuzsza z nakrétszych sciezek”, gdzie najkrotsza sciezka
d(i,j) = najmniejsza ilos¢ wigzan miedzy wierzchotkami j,j

,Srednia z najkrétszych $ciezek”
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Ingreasing randomness
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Watts + Strogatz, Nature 393 (6684) 409 (1998)
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phase transition (like in physics!)

Percentage of nodes in largest component

Diameter of largest component (not to scale)

cs.wellesley.edu/~cs249B/lecture/02.28.08.ER_WS.CS249B.pdf



Sieci rosnace
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Exponential

Scale-free

eksponencjalne  bezskalowe*
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*Dotaczanie z preferencjg = dotaczanie do wierzchotkow

z p-stwem proporcjonalnym do ich stopnia



SIEC N # d C y
aktorzy 45x10™M4 | 251076 3.48 0.78 2.3
www Altavista 2x10M9 | 2x10M10 | 16.18 - 2.1/2.7

Wspotautorzy — mat * 25x1074 | 50x10™M 7.57 0.34 -
Wspotautorzy - fiz 5x107"4 | 25x10M | 6.19 0.56 -

Rozmowy telefoniczne 47x1076 | 8x1077 - - 2.1
Lancuchy pokarmowe w wodzie 92 997 1.9 0.087 -

Oddzialywania biatek 2115 2240 6.8 0.071 2.4

Kontakty seksualne 2810 - - - 3.2

Stowa w zdaniach 46x10M | 17x1076 - 0.44 2.7

M E J Newman, SIAM Review 45, 167 (2003); arxiv.org/abs/cond-mat/0303516
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Struktura sieci — spotecznosci

Fortunato, Phys. Rep. 486 (2010) 75
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F1G. 3: Network of co-occurrence of words in Reuters
newswire stories for October 17, 2001, The widths of the
edges indicate their weights and the colors of the vertices in-
dicate the communities found by the algorithm described in
the text.

Newman, PRE 70 (2004) 56131



Struktura sieci — spotecznosci
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F1G. 2 Community structure in the network of sixteen rhesus
monkeys studied by Sade [29]. Squares and circles represent
male and female monkeys respectively and the node labels are
the same as those used by the original researcher. (a) Den-
drogram produced by the algorithm of ['.37]. which ignores the
weights on the edges. (b) Dendrogram for the algorithm de-
scribed here, which takes the weights into account.



Asortatywnosc¢ stopnia
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network tvpe size i | assortativity » | error ap | 1

. physics coauthorship undirected 52909 [.363 0002

biology coanthorship nundirected | 5200251 0.127 0,000

mathematics coauthorship | undirected 253339 0.120 0.002
social £ flm actor collaborations undirected 119913 (.20 0002
company directors undirected 7673 0.276 (.00

student relationships undirected 573 —0.029 0.037

. email address books directed [KERatal 0092 0,004

[ power grid undirected 4947 — 0005 THE!

, [nternet undirected 10697 —0.189 0.002
technological ¢y 110 Wide Web directed 269 504 —0.067 0.0002
L soltware dependencies directed A 162 —0.016 LLE20

. protein interactions nundirected 2115 — . 156 0.010

metabolic network undirected 765 —0.240 0.007

bhiological ¢ neural networlk directed AT — 1,226 0016
marine food web directed | 34 —0.263 0.037

\ freshwater [ood web directed a2 —).320 (1.051

Newman, PRE 67, 026126 (2003)
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Grafy dwudzielne




SiECi regu Ia rne — kazdy wezet ma te samg liczbe sgsiadow

Graf w petni potaczony

Drzewo Cayleya






Graf krawedziowy — konstrukcja
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Wybrane problemy badane w zespole (obecnie ZUZ), dotyczace sieci
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Modelowanie rownowagi Heidera w sieciach (PG,PGronek,KK, IJMPC ‘05)
Efekty pamieci w sieciach rosngcych (KM ea, Phys A ‘05)

Statystyki lawin w sieciach rosngcych (KM ea, PRL ‘05; Phys A ‘07)

Faza szkta spinowego w sieciach Archimedesa (MJK, KM ea, PRB ‘05)

Nowa metoda badania struktury klastrowej sieci (MJK, PRE ‘08, CPC ‘10)
Skutki szumu bezskalowego w sieci kwadratowej Isinga (DS, KK, JStatM ‘08)
Modelowanie wspodtpracy w sieci (PG, KK, Phys A ‘09)

Widma lawin w sieciach bezskalowych (JTomkowicz, KK, PRE ‘10)

Struktura graféw krawedziowych (MJK, AM-K,KK, CPC’10, Phys A ‘11)

. Model gtosowania na sieciach Kagome i in. (KM, Phys A ‘11)

. Faza szkta spinowego w sieciach jednorodnych (AM-K, doktorat ‘11)
. Model komunikacji i mediéw (KM, PGronek, KK, JASSS’11)

. Nowa metoda kompresiji sieci stanéw (MJK, Phys A ‘11, PRE ‘127?)
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Why social networks are different from other types of networks

In this paper we have argued that social and non-social networks
differ in two important ways. First, they show distinctly different
patterns of correlation between the degrees of adjacent vertices,
with degrees being positively correlated (assortative mixing) in
most social networks and negatively correlated (disassortative
mixing) in most non-social networks. Second, social networks
show high levels of clustering or network transitivity, whereas
clustering in many non-social networks is no higher than one
would expect on the basis of pure chance, given the observed
degree distribution.

We have shown that both of these differences can be explained by
the same hypothesis, that social networks are divided into
communities, and non-social networks are not.

MEJ Newman, J Park, PRE 68 (2003) 036122 19



Role of line graphs here

In the model proposed here, a social
network is the line graph of an initial
network of families, communities, interest
groups, school classes and small companies.
These groups play the role of nodes, and
individuals are represented by links between
these nodes.

[M J Krawczyk et al, Phys A 2011]




1. assign numbers to the elements of
Algorithm the connectivity matrix above the diagonal.
Make the matrix symmetric.
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2. If i,j are in the same row or column, then
the element ({(i,j) of the transformed matrix is 1
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Degree distribution P(k)

Erdos-Rényi networks
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The degree distribution of a line graph
on a scale-free network

P(k)._

0.01 |

0.001 |
0.0001

1e-05 |

1e-06

<k>=6,16

24



Clustering coefficient in line graphs
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Line graphs - assortativity

4 r

> nP(n)> mP(m)> rP(r)(N+m=2)8, ..

<k'(k)>=- an(n)zmﬁ(m)zrP(r)5k,m+r_z

A. Manka-Krason et al, APPB Proc Suppl 3 (2010) 259



Assortativity <k’(k)>

Erdos-Rényi networks
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exponential networks
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Assortativity of a line graph on a scale-free network

<k’(k)>
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An average over 100 samples of line graphs, constructed for 100 scale-free networks



LivelJournal

LiveJournal is a remarkably popular platform for personal blog
management, populated with over 8 million blogs and over 1
million of communities. LiveJournal was among the first of such LiVEJOURNAL
platforms available online and it still remains one of the most

active and popular. Its users manage personal blogs where they

share their daily experiences, political views or discuss news

events. Users can also comment on posts of other users.

We defined the network nodes to correspond to personal blogs. Directional links
connecting these nodes represent the record that a particular user (owning one
blog) monitors another blog (owned by another user).

M J Krawczyk et al, arXiv:1010.2460
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Fig. 2. The degree distribution of the social network of LiveJournal. _
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Fig. 6. The degree distribution for the reconstructed network.
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[M.E.J.Newman, SIAM R’evie
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