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Hladanie komunit v sietach



Pristup |

> Kliky
> Jadra

Pristup Il

» komunita bez presnej definicie, priblizne: vela hran medzi
sebou, malo s inymi komunitami

> funkcie napriklad cluster_walktrap,
cluster_leading_eigenvector a pod.

Teraz

P vysvetlime si, ¢o je modularita a ako suvisi s meranim kvality
zhlukovania vrcholov do komunit

» ukazeme si optimalizaciu modularity a par dalSich algoritmov

» zhrnieme si pracu s komunitami - obrazky, vypocet modularity,
moznost volby poctu komunit






Definicia

| 2

>

Pracujeme s neorientovanymi sietami, ak st vazené - vacsia
vaha znamena silnejSiu vazbu medzi vrcholmi

Odvodenie spravime pre nevazené siete, ozn. A = matica
susednosti, m = pocet hran

Inituitivne: modularita bude (pocet hran vramci komunit)
minus (oCakavany pocet hran vramci komunit) a budeme ju
maximalizovat

Treba upresnit, ¢o znamend ocakavany pocet (teda na zaklade
akého modelu ide o ofakavany pocet)

Nech Pj je pravd., Ze vznikne hrana medzi vrcholmi i a j
Definujme modularitu ako

2m Z[Au u]5 gngj)

kde g; je komunita, do ktorej patri vrchol i a 0(x,y) je 1 pre x =y
a inak 0. Optimalne zhlukovanie ju bude maximalizovat.



Model Erdésa a Rényiho

» Volba tohto modelu by znamenala, Ze P;; = p (konstanta).
P LepsSie: oCakavany pocet hran sa rovna pozorovanému poctu
> Karate - napr. instruktor nema vysoky stupen “iba ndhodou”




Lepsia volba

» Oznacme k; = degree; stupen vrchola f

» Ocakavany stupen kazdého vrchola sa bude rovnat
pozorovanému stupnu:

> Py = ki
J
» P ma tvar

» Dostaneme



Vypocet v R-ku

» Funkcia modularity
Da sa pouzit:

» pre vystup z algoritmov hladania komunit
> pre nas vektor zo zaradenim vrcholov (¢islo komunity, kam
patri)

data(kite)
com <- cluster_walktrap(kite)
modularity (com)

com.vektor <- c(rep(1, 7), rep(2, 3))
modularity(kite, com.vektor)

Cvicenie: Zobrazte komunity pre com.vektor - nakreslite siet a
vrcholy odliSte farebne podla komunity. Je toto rozumné delenie
vrcholov do komunit? Ako sa to prejavi na modularite?



Vypocet v R-ku

Iny postup pre vlastné komunity - vytvorime objekt typu
communities (a pracujeme s nim dalej ako s vystupom z napriklad
cluster_walktrap):

com2 <- make_clusters(kite, membership = com.vektor)
class(com2)

## [1] "communities"

Potom napr. plot(com2, kite)



Vyznacenie skupiny vrcholov v R-ku

Moze byt niekedy uzito¢né - nevyznacujeme priamo komunity, ale
chceme zvyraznit niektoré vrcholy

plot(kite, mark.groups = list(V(kite) [c("A", "C", "D", "F"
V(klte) [C(IIBII, HDII’ an’ “E”:
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Optimalizacia modularity

» Metdda cluster_optimal priamo optimalizuje modularitu

» V rozumnom case zbehne len pre mensie siete

» Preco: riesi sa tloha celociselného linedrneho programovania,
polet premennych je radu n? (n je polet vrcholov siete),
premenné st Xj; vyjadrujice, i st vrcholy i a j v tom istom
zhluku (hodnota 1) alebo nie (hodnota 0)



Optimalizacia modularity

Z pdvodného ¢lanku U. Brandes et al.: On Finding Graph
Clusterings with Maximum Modularity:

The problem of maximizing modularity can be cast into a very simple and in-
tuitive integer linear program (ILP). Given a graph G = (V,E) with n :=
|V| nodes, we define n? decision variables X, € {0,1}, one for every pair of
nodes u,v € V. The key idea is that these variables can be interpreted as an
equivalence relation (over V') and thus form a clustering. In order to ensure
consistency, we need the following constraints, which guarantee

reflexivity Vu: X,,, =1,

symmetry ¥V u,v: Xyp = Xoy , and

Ny + X —2- X <1
transitivity ¥V u,v,w: § Xy + Xy —2- Xpp <1
Xvw +Xu'u.' -2 'X'u.v g 1

The objective function of modularity then becomes

1 deg(u) deg(v)

g 2 (e TEGED )
(u,p)eV?2

1 Lif (u,v) € E

0 . otherwise

with E,, = {



Optimalizacia modularity: priklad

library(igraphdata)

data(karate)

komunity <- cluster_optimal(karate)
plot (komunity, karate)




Motivacia pre tvorbu inych algoritmov

» Potrebujeme zhlukovanie aj pre vacsie (aj pre velmi velké) siete

» Optimalizacia modularity nema vzdy “idedlne” vlastnosti -
pozrime sa na priklady z citovaného ¢lanku:

» Priklad 1: priddme jeden vrchol a vyrazne to zmeni zhlukovanie
(a navyse vrchol, ktorému sa nezmenia susedia, je po novom
zaradeny do iného zhluku)

» Priklad 2: neintuitivny vysledok

» Priklad 3: Ak vytvorime siet z dvoch identickych komponentov,
vysledné zhlukovanie nemusi zodpovedat zhlukovaniu kazdého z
komponentov samostatne

> MobZeme chciet zadat vlastny pocet zhlukov
(cluster_optimal to neumozriuje)



Motivacia - priklad 1

Non-Locality. At a first view, modularity -
seems to be a local quality measure. Recalling
Equation (IJ), each cluster contributes sepa- A %ﬂ

. . OO OO
rately. However, the example presented in Fig-
ures and exhibit a typical non-local (a)
behavior. In these figures, clusters are rep-
resented by colors. By adding an additional
node connected to the leftmost node, the op-
timal clustering is altered completely. Accord-
ing to Lemma[Z]the additional node has to be clustered together with the leftmost
node. This leads to a shift of the leftmost white node from the white cluster to
the black cluster, although locally its neighborhood structure has not changed.

Fig. 1. Non-local behavior. Clus-
ters are represented by colors.



Motivacia - priklad 2

Sensitivity to Satellites. A clique with leaves 1s a graph of 2n nodes that consists
of a clique K, and n leaf nodes of degree one, such that each node of the clique
is connected to exactly one leaf node. For a clique, the trivial clustering with
k = 1 has maximum modularity. For a clique with leaves, however, the optimal
clustering changes to k = n clusters, in which each cluster consists of a connected
pair of leaf and clique nodes.




Motivacia - priklad 3

scaling behavior of modularity. By simply doubling

the graph presented in Figure m the optimal clus-

tering is altered completely. While in Figure we () (b)

obtain three clusters each consisting of the minor Ko,

the clustering with maximum modularity of the graph Fig. 2. Scaling behavior.
m Figure consists of two clusters, each being a Clustering by colors.
graph equal to the one in Figure '

Scaling Behavior. Figures and [2(b)| display the O T Dﬁ






Walktrap algoritmus

» walk - prechadzka, trap - pasca
» pri ndhodnej prechadzke po vrcholoch siete by sme mali zostat
s velkou pravdepodobnost v tej istej komunite

> v R-ku cluster_walktrap



Walktrap - priklad

komunity <- cluster_walktrap(karate)
plot(komunity , karate)




Walktrap - nas pocet zhlukov

nase_rozdelenie_3
nase_rozdelenie_3

# [1]1 22223

Takze napriklad:

plot(karate,
vertex.color
vertex.shape

<- cut_at(komunity, no = 3) # chceme tri

3

3211322211321212111

c("blue", "green") [nase_rozdelenie_3],
c("square", "circle") [V(karate)$
Faction])



t zhlukov

- nas poce

Walktrap



Walktrap - nas pocet zhlukov

Porovnajme modularitu:

for (i in 2:6){
nase_rozdelenie <- cut_at(komunity, i)
print (modularity(karate, nase_rozdelenie))

}

## [1] 0.3714661
## [1] 0.3990796
## [1] 0.4111604
## [1] 0.398833

## [1] 0.3908613



Label propagation algoritmus



Label propagation algoritmus

> label - nalepka, znacka, propagation - Sirenie

» vrcholy dostan(i znacky a potom sa znacky menia tak, aby mal
vrchol takd znacku ako vacsina jeho susedov

> v R-ku: cluster_label_prop



Label propagation - priklad

komunity <- cluster_label_prop(karate)
plot(komunity , karate)




Label propagation - vlastny pocet zhlukov

Poclet zhlukov sa v tomto pripade neda zadat:

> nase_rozdelenie_3 <- cut_at{komunity, no = 3)
Error in cut_at(komunity, no = 3) :
Mot a hierarchical communitity structure






DalSie algoritmy

» Si aj dalSie algoritmy:

> cluster_|

cluster_edge_betweenness ”
cluster_fast_greedy

cluster_infomap

cluster_label_prop
cluster_leading_eigen

cluster_louvain

cluster_optimal

cluster_spinglass w

» Niektoré umoznuji vlastny pocet zhlukov, niektoré nie

P V literatdre stale vznikajd nové algoritmy



Namet na projekt: Zhlukovanie na zaklade
vlastného vektora



Algoritmus M. E. J. Newmana

M. E. J. Newman: Finding community structure in networks using
the eigenvectors of matrices. Phys. Rev. E 74, 036104 (2006)

https://arxiv.org/abs/physics/0605087
Podla kapitoly 4.A vysvetlite:

» ako stvisia vlastné hodnoty a vektory (a akej matice) s
modularitou

» ako z vlastného vektora (a akého) ziskat rozdelenie vrcholov do
dvoch komunit

V R-ku

» funkcia cluster_leading_eigen pokracuje dalSich delenim
(neobmedzuje sa na dve komunity)

» naprogramujte delenie do dvoch komunit podla algoritmu z
clanku

P spravte ilustracny priklad z nasledujicich slajdov, potom
zaujimavi aplikaciu, porovnanie s inymi algoritmami a pod.


https://arxiv.org/abs/physics/0605087

Priklad

Absolitna hodnota vlastného vektora hovori o tom, “ako silno™ patri
vrchol do svojej komunity.

set.seed(111)
g <- sample_pa(n=20, directed = FALSE, power=0.5)
g <- add_edges(g, c(1,5, 17,5, 6,4, 6,11,
6,8, 12,15, 9, 4))
lay <- layout.fruchterman.reingold(g)
plot(g, layout=lay, vertex.size=10)

» Rozdelte vrcholy do dvoch komunit podla vlastného vektora

» Vyznalte v grafe farebne komunity (farbou vrcholov alebo
obrysmi pomocou mark.groups)

» Velkost vrcholov nech je Gimerna absolitnej hodnote prvku
vlastného vektora (teda velké vrcholy budi “silne zviazané” so
svojou komunitou)
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