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Salehi. S. M., Pouyan. A. A. “A Fast Algorithm for Community Detection Based on
Clique Percolation in Social Networks”. The First International Conference on Signal

Processing & Intelligent Systems (SP1S2015).

Salehi. S. M., Pouyan. A. A. “Detecting Overlapping Communities in Social Networks
with Deep Learning”, International Journal of Engineering (IJE). Accepted
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AE = AutoEncoder

APL = Average Path Length

BBN = Bayesian Belief Networks

BIGCLAM = CLuster Affiliation Model for BIG Networks
CC = Clustering Coefficient

CD = Community Detection

CIS = Connected Iterative Scan

CNM = Clauset, Newman, and Moore

CONGA = Cluster Overlap Newman Girvan Algorithm
COPRA = Community Overlap PRopagation Algorithm
CPM = Clique Percolation Method

CPMd = directed Clique Percolation Method

CPMw = weighted Clique Percolation Method
DEMON = Democratic Estimate of the Modular Organization of a Network
DL =Deep Learning

DOCS = Detecting Overlapping Community Structure
DSE = Dense Subgraph Extraction

EAGLE = agglomerativE hierarchicAl clusterinG based on maximaL cliquE
FOCS = Fast Overlapped Community Search

GCE = Greedy Clique Expansion

GCC = Giant Connected Component

GF = Graph Factorization

GN = Girvan and Newman

GraRep = Graph Representation

HLC = Hierarchical Link Clustering

HOPE = High-Order Proximity preserved Embedding
LC = Link Communities

LFM = Lancichinetti and Fortunato Method

LFR = Lancichinetti, Furtonato, and Radicchi

LMC = Lumped Markov Chains

LPA = Label Propagation Algorithm

MMSB = Mixed membership stochastic blockmodels

MOSES = Model-based Overlapping Seed ExpanSion
NISE = Neighborhood-Inflated Seed Expansion

NMF = Non-negative Matrix Factorization

NMI = Normalized Mutual Information

ODF = Out Degree Fraction

ONMI = Overlapping Normalized Mutual Information
OSLOM = Order Statistics Local Optimization Method
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OSN = Online Social Network

PCO = Probabilistic CO-occurrence

PMI = Pointwise Mutual Information

PPMI = Positive Pointwise Mutual Information
PPR = Personalized PageRank

RAK = Raghavan, Albert, and Kumara

SAE = Stacked AutoEncoder

SB = Stochastic Blockmodels

SCP = Sequential Clique Percolation

SDNE = Structural Deep Network Embedding
SN = Social Network

SNA = Social Network Analysis

SNAP = Stanford Network Analysis Project
SLPA = Speaker-Listener Propagation Algorithm
SVM = Support Vector Machine

TPR = Triangle Participation Ratio

UEOC = Unfold and Extract Overlapping Communities
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' Community Detection (CD)
" Overlapping

" Interaction

" Node

> Edge



—

gl ge 485l 50 Coole g iz Ko 5l eo S ples

(3925 pae b 9929) Canl Comdg 90 l)ls Ladd o5 90 (b Jb ¥

il oo GSy Sl 5 (59 shils ol ples Y

(il ) oS LY 08 Lo sline 4 Y 0,5 L) 0,8 bls ) aieas gz 9 o Jl ¥

) g oadsg ooy coaSds SIS g 0 Slas il el wad S8 olys 5l S yp g
2 bl g beoys ol slasd a5 ol ) 0l wles oSl Slaslre by Sz Gl

- Y

[¥] olosar! asuis G 31 Jbo )Y St

@ aS Sl ool (gle (slad 5 Lo jo W el slbnl Eels o glaieni> 35lw Slaels



slcaliz 5,8 o )Ll 'wlas y  claiz] slaaSii? @ olg oo 3)lae (pl o S asls 51 (S lgie
ol 51 ool o lns o3l aSLwl b oo o |, LT 51 03538050, oolizal doaSids ol sasie
nools UL s o [T ato o ez 5 i (slis Blbli )l 4 |y sloe (Ll (sloaSis
3l 3l oo calises Dbl |l g la swgo) b J4 g (oyludl) oo ,3 ol j olaws 1 Lo as leaslls ol 4o
oy g2 06 NS 2l o eins lie] 6,510,8) Slellbl a3l b onds el censl (aog S
Sl el ool slosig; 4 S g 50all5 sl 51 ool wiejls (o a5 (ol

sl

i dzxsrs 4 V-

Al 1,5 o5ladl (Lzals) Liali8l desl jo oS aiten Thg slaaSll 5l sols g9 Solas slaaSis
-V S Gillae 09d oo Joe Bolal sl yusio b (a8 sla JU Bi>) was sla JU olx! 5l il
(ool b e Bne) Jlazol i ol oG b aaSs onl 5o o8 53 e JU sbul JLezo oY
290 Ol

OO e e300 yets Jb o ol sln 1) Jliol (nl polie @Sl 4 waz slae 5 (ubadlsl
B S ololy a8 o nhe e b D) (loj 9 (P92se slal Bix L) Lol sbml ogos
bl (e lsie 450500 a5l 6 s JLd, ax g8 (6l (0l 00,15« Solal s ¢ Jlai]
9059 8o, 5 L Jolao b, oyl ;o a5 0,5 oLl glosl> b sy bahs aSil 4 lg5 o lasSls
s Sl ailole oo 5 ylo Lo Jb aoj95 doaSiiss ol o axiwd o JL b Jolee loool> b oyallas
3l o 5 4y faie slo Jb slass 1 Sileo b Sloss Sglas 0,5 2 4 o sl b slass a5 Liss

(V- S G o)

' Online Social Networks (OSN)
¥ Dynamic Networks
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— Typical node

Number of Nodes

Number of Links
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' Scale-Free Networks
" Power Law Distribution
¥ Degree Exponent
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' Rich gets richer.

¥ Preferential Networks

" George Kingsley Zipf

¥ Rank

5 Small World

* Six Degrees of Separation
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Name ' Type Nodes | Edges | Description

ego-Facebook Undirected 4,039 88,234 Social circles from Facebook (anonymized)
ego-Gplus Directed 107,614 13,673.453 | Social circles from Google+

ego-Twitter Directed 81,306 1,768.149 | Social circles from Twitter

soc-Epinions1 Directed 75,879 508,837 Who-trusts-whom network of Epinions.com
soc-LiveJournall | Directed 4847571 | 68,993,773 | LiveJournal online social network

soc-Pokec Directed 1,632,803 | 30,622,564 | Pokec online social network
soc-Slashdot0811 | Directed 77,360 905,468 Slashdot social network from November 2008
soc-Slashdot0922 | Directed 82,168 948 464 Slashdot social network from February 2009
wiki-Vote Directed 7.115 103,689 Wikipedia who-votes-on-whom network
wiki-RfA Directed, Signed | 10,835 159,388 Wikipedia Requests for Adminship (with text)

.« Networks with ground-truth communities

| Nodes | Edges | Communities |
com- Undiredezq, 3997.962 | 34,681,189 287512 LiveJournal online social
LiveJournal Communities network
com- Undlrec1e.q 65,608,366 | 1.806,067,135 | 957.154 Friendster online social
Friendster Communities network
comOrkut | Undirected, 3072441 | 117,185,083 | 6,288,363 Ol oolne sociat
Communities network

com-Youtube | Undirected, 1134890 | 2,987,624 8385 Youtube online social
Communities network

comDpLp | Undirected, 37080 | 1049866 | 13477 DEED taliosalion
Communities network

com-Amazon | Undirected, 334863 | 925872 151,037 Amazon product
Communities network
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Dataset n m Kavg Kmax m minc  maxc Om O Layer Configuration
Benchl 250 731 5 50 01 10 25 2 0.1  250-128-64-32

Bench2 500 1413 5 50 01 20 100 2 0.1  500-128-64-32

Bench3 1000 7685 10 50 01 20 100 2 0.1  1000-512-256-128-64
Bench4 2000 15488 10 100 01 25 250 3 0.2  2000-512-256-128-64
Bench5 5000 37769 15 250 02 50 500 4 0.3  5000-1024-512-256-128-64
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Proposed  Proposed

CONGA COPRA SLPA GCE LC Deepwalk (a=0.95) (@=0.975)

Benchl 0.3213 0.3622 0.3757 0.2841 0.3092 0.4219 0.4710 0.5118
Bench2  0.3185 0.3370 0.3510 0.2380 0.2738 0.3772 0.4043 0.4297
Bench3  0.2957 0.3149 0.3278 0.2147 0.2409 0.3408 0.3721 0.3818
Bench4  0.2753 0.2792 0.2792 0.1975 0.2140 0.3087 0.3514 0.3379
Bench5 0.2314 0.2514 0.2541 0.1712 0.1946 0.2749 0.3109 0.3049
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Proposed  Proposed

CONGA COPRA SLPA GCE LC Deepwalk (@=0.95) (@=0.975)
Benchl 0.3818 0.4417 04713 03619 03118 0.4629 0.5012 0.5369
Bench2  0.2823 0.3742 0.3921 0.3654 0.2673 0.3376 0.4090 0.4229
Bench3  0.2492 0.2944 0.2783 0.2504 0.2138 0.2887 0.3239 0.3498
Bench4  0.1793 0.2286 0.2438 0.2141 0.1782 0.2381 0.2612 0.2779
Bench5  0.1627 0.1940 0.2073 0.1807 0.1437 0.2028 0.2340 0.2395

Uil Hlmo v axgi b b cpol g LS 120 Jgu

Proposed  Proposed

CONGA COPRA SLPA GCE LC Deepwalk (a=0.95) (a=0.975)

Advogato 0.1302 0.1275 0.1548 0.1184 0.1033 0.1670 0.1594 0.1562
Hamsterster  0.1608 0.1543 0.1705 0.1449 0.1501 0.1836 0.1973 0.2028
Virgili 0.1758 0.1743 0.1810 0.1538 0.1594 0.1877 0.2190 0.2274
Benchl 0.2789 0.2865 0.3105 0.2419 0.2377 0.3019 0.3217 0.3245
Bench2 0.2566 0.2597 0.2873 0.2187 0.2041 0.2791 0.3025 0.3092
Bench3 0.2271 0.2289 0.2547 0.1940 0.1897 0.2492 0.2691 0.2751
Bench4 0.1625 0.1586 0.1749 0.1307 0.1248 0.1704 0.2036 0.2004
Bench5 0.1294 0.1160 0.1672 0.1037 0.0973 0.1662 0.1893 0.1854
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Proposed  Proposed

CONGA COPRA SLPA GCE LC Deepwalk (\Z0'05"  (0=0.975)

Advogato 0.0834 0.1408 0.0702 0.2148 0.2931 0.0997 0.0541 0.0510
Hamsterster ~ 0.0507 0.1003 0.0615 0.1229 0.1309 0.0626 0.0692 0.0630
Virgili 0.0459 0.0992 0.0603 0.1107 0.1194 0.0578 0.0254 0.0237
Benchl 0.0094 0.0251 0.0142 0.0297 0.0309 0.0114 0.0069 0.0051
Bench2 0.0186 0.0493 0.0280 0.0587 0.0601 0.0338 0.0120 0.0093
Bench3 0.0457 0.0784 0.0457  0.0945 0.0938 0.0502 0.0314 0.0278
Bench4 0.0676 0.1055 0.0530 0.1395 0.1487 0.0760 0.0480 0.0489
Bench5 0.0910 0.1602 0.0886 0.2309 0.2411 0.1033 0.0527 0.0554
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Abstract

The increasing attractiveness and capabilities of cyberspace and the
widespread use of personal electronic devices have made the Internet
environment the mainstay backbone of many interactions between people and
businesses. A great deal of interest in online social networks is a clear sample
in this regard. The equivalent graph of these networks has a high volume of
data due to a large number of nodes (humans) and edges (friendships and
relationships between individuals or groups), so the processing of information
on these large and complex networks requires efficient methods. Community
detection, as one of the most essential branches of social network analysis,
extracts and categorizes information of a network by identifying its
constituent components. The applications of Community detection in the
various sciences have led to the development of numerous methods with
different aims and approaches. In the simplest case, the community detection
- that is strongly related to the type of network and how to study it - can be
considered as clustering or partitioning problem. However, with the
increasing size and volume of information available in networks, membership
of nodes in two or more communities seems inevitable. A set of algorithms
that assign each node just to a single community ignores the overlap of nodes
in them and eliminates an amount of information.

In this thesis, we present a novel method for overlapping community
detection. We have used an improved version of node representation and
graph embedding, improved node Embedding (modeling input information to
deep learning network), as well as using computational components of deep
learning such as stacked Autoencoders. According to performance evaluation
criteria in overlapping social networks, the proposed method works better
than the present ones. Apart from this, the proposed method has a moderate
time complexity compared to most existing methods, due to the use of deep
learning technics, it can wuse powerful processors to accelerate its
computations, maintains a large number of proximity measures, and
ultimately reflects the local and global structure of graph nodes in detected
communities.

Keywords: Social network analysis, Community Detection, Overlapping, Deep Learning,
Graph Representation, Graph Embedding
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