h International[Conferencelon i ¥ E ~ ?
4t WebJResearnch , ' GR9% <9 L
April 25-26, 2018; Tehran, IRAN ; , -

Ul)f!! xol)qli APV Cuingaas)l 19 0

Link Prediction on Social Networks Based on Deep Learning

! Mohammad Mehdi Keikha, “Maseud Rahgozar

1PhD Candidate, University of Tehran, Tehran, Iran
Mehdi.keikha@ut.ac.ir

! Faculty member, University of Sistan and Baluchestan, Zahedan, Iran

2 Associate Professor, University of Tehran, Tehran, Iran
rahgozar@ut.ac.ir

Abstract

Link prediction on social networks is one of the issues that has attracted many researchers in recent years. In this
problem, missing and future links are predicted by using existing links inthe. One of the newest approaches to this
problem is the use of deep learning to extract the vector of the features of each.node and then find missing and future
links. This paper presents a method for learning the vector representation of network nodes based on the information of
the nodes adjacent to each node in the social network and the various links present on the network. The results show
that the proposed method provides good results for link prediction in comparison with other methods.
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Algorithm 1: CARE (G, w, d, u, 1)

Input:
Graph G (V, E)
Window length w
Representation size d
Number of random walks per node p
Random walk max length 1
Output:
Matrix of node representations f € Ojv| x d
1: Com = ModularityMaximization(G)
2: sample f from Ojv| x d
3: while (i <)
4: s =shuffle (V)
5: foreachviesdo
6: W, = CommunityawareRW ( G, vi, Com, 1)
7 SkipGram (f, W, , w)
8 end for
9: end while
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