las ral}d.g

rn|JL>| 9 rn){.w 6|M| L,

)é &9‘; M" C}.’a ;‘).‘>‘ )Q.L:...c aQ 40‘).9‘.: oty )LI-M.A-’L) 9 6@19 uL..Q 9..4& c“s?v.ll.o LSD-L?..M wl.?v.u‘
20 00Simgh o 511y o puf 059y G g ooyl it slols MagYais slaasil
Hlas e (o295 05> (nl jo Ll calo raasie | a5 A

rabiee@sharif.edu : Jes! «iy i rio oBiils code Sl gac « am, Lo joes> S BT @
haratizadeh@ut.ac.ir : Jues! <yl 05 olKiils cole wla guac wolj Sl ble xSs BT o
b.akbari@modares.ac.ir : Lol « o 00 cos 3 olfiils cole Sla gae (5,51 olygs x5 BT o

R PR 00)51 60% CJJQ A_JLA.‘))} Cowgus

o ilaa
https://coinlab.ut.ac.ir/ « )l 5 oKisls Sledbl 5 (5 5 gunslS sloasiis sliiulo;l wge

mostafa_salehi@ut.ac.ir : Jo!


mailto:mostafa_salehi@ut.ac.ir

SOl Tk olgie
aYair gleasiis o 8IS aws sla g, 5loslanul b b (ooien

Lol o
olygs oS JLtsls 5 oo Sl gias o o ibaas

https://coinlab.ut.ac.ir/ « )| 45 olKisls Sledbl 5 (6 5 guralS slaasiis sfisle;] uwge

TYV ST g i cimsh 5558 5 pole utils (om0 LS 5305, « o 518 & oot 0]

mostafa_salehi@ut.ac.ir : Jues! w,ol  YYAZAYYAA scoli ol e AVYYEYAVY ol on ol

US>

Ao it (SOOI slaaSed (lgiear (23ly Lo Slaptun Sl ()leas 59,5 Joo Sl 059 5l
a8 Caslausszse 5l Glacgarme Jold o bl )l slaasid 5 g sloasds «oloiz! sloaSid (gzran
T s 5 S ol 51 el gzl sl axsly Jobs 5o (S50 b asily o 055655 Slbls | G,k
@B P, (SHU & a8 oud sleriny b low cnl plnil sl o3l ey, ol o955 Slodg Coenl
g5y anelr az gl WS o eoliiul (gl glad G 0 SIS lee S plasil I a5 Sl Saned (saren
1585 cal ST bl b Ul oo L5 den coo,l5 5 Sy ceslazsle dilanie 35 4 |,
eloizl slaasied )l 4 Cangd slening ol 4 VB slpiiny (Sap alexl lie slaoje>
loaSds (ol Ngh oo Joo aVaizr laSlis Ojygo 4 dox Al (6l @SST > 0,08 0,8
oy o3liisl sy a5 la o S o @) 55 (gl Y MLl S s cslaYipgy0 Sledll opdle
e aml G silwosle age aSl Sl Y slime el Jdoar caiload (b 4SS laasis
S35 5t ookl Colils a5 wapo o a5l syl colpiin b 45 Wsd e gAY e SleMb] 28, e
B ol ol o o S b cslite anns cilizes gloasy (ol wdbazals |, a¥aiz o 4V gloasis
S Glp Yo sladaSil 4o sgge sl o ledbl g sael Cawsds sladad | e S 0dg
0378 ) e slby, JSie (Jas cnl o rizen WS eoliul lime oY o ST glavisy
D5y 5 00 @) (Gt D30y« oy 0 ] gloe,S (T 5l Sledbl a5 ol 5l el
2335 o0 Sty daaSl sl s (ul o oS (6l (S oy Ca
rgils gbaely

Gaos (650 (b o Yo gleasl S5 G,LN)L 8IS A



Title:
Graph Embedding in Multilayer Networks
Abstract:

Nowadays, many real-world systems are being modeled as information networks. Each network
consists set of entities that can interact with each other through various communications.
Extracting information from these networks and analyzing them is of particular importance.
Graphs like social networks, biological networks, and communication networks are abundantly
found in many different real-world applications. Various methods have been proposed to perform
these analyses. Recently, methods like graph embedding, which uses the representation of graph
nodes in vector space, have attracted the attention of the research community. Moreover, many
new networks are modeled as multilayer networks. These types of networks provide some inter-
layer information in addition to intra-layer information. The models designed for use on single-
layer networks cause oversimplification and loss of inter-layer information, due to the separate
analysis of each layer of the network. Therefore, newer models were introduced for use in multi-
layer networks. One of the applications of graph embedding is to predict potential and future edges
or connections that do not currently exist in the graph. Today, we are witnessing the increasing
progress of the need to link prediction in various fields, such as medicine, product
recommendation, and offering friends to social network users. To do so, various methods have
been introduced, both in the field of single-layer and multilayer networks, but the existing methods
have problems such as high time complexity, on the other hand, they do not provide a suitable
solution for using networks where information about the characteristics of their nodes is not
available. In this project, we present a framework that can more optimally solve the problem of the
unavailability of node features, generate different embedding for different layers, then by utilizing
these embeddings besides inter-layer information, try to predict future links in every layer.

Keywords:

Graph Embedding, Graph Representation Learning, Multilayer Networks, Link Prediction, Deep
Learning
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