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ABSTRACT

Predicting the occurrence of links is a fundamental prokitenet-
works. In the link prediction problem we are given a snapstfiat
network and would like to infer which interactions amongsgixig
members are likely to occur in the near future or which exgsti
interactions are we missing. Although this problem has lmen
tensively studied, the challenge of how to effectively camelthe
information from the network structure with rich node andyed
attribute data remains largely open.

We develop an algorithm based &apervised Random Walks
that naturally combines the information from the networkisture
with node and edge level attributes. We achieve this by usiese
attributes to guide a random walk on the graph. We formulate a
supervised learning task where the goal is to learn a fumdtiat
assigns strengths to edges in the network such that a randtkarw
is more likely to visit the nodes to which new links will be ated
in the future. We develop an efficient training algorithm icedtly
learn the edge strength estimation function.

Our experiments on the Facebook social graph and largebeolla
oration networks show that our approach outperforms sthtbe-
art unsupervised approaches as well as approaches thaasee b
on feature extraction.

Categories and Subject DescriptorsH.2.8[Database Manage-
ment]: Database applicationsBata mining

General Terms: Algorithms; Experimentation.
Keywords: Link prediction, Social networks

1. INTRODUCTION

Large real-world networks exhibit a range of interestingpar-
ties and patterns [7, 20]. One of the recurring themes inlitigsof
research is to design models that predict and reproducentbe- e
gence of such network structures. Research then seeksetopev
models that will accurately predict the global structurehef net-
work [7, 20, 19, 6].

Many types of networks and especially social networks agkli
dynamic; they grow and change quickly through the additiohs
new edges which signify the appearance of new interactiens b
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tween the nodes of the network. Thus, studying the netwarks a
a level of individual edge creations is also interesting emsbme
respects more difficult than global network modeling. ldfgintg
the mechanisms by which such social networks evolve at the le
of individual edges is a fundamental question that is sttlwell
understood, and it forms the motivation for our work here.

We consider the classical problem of link prediction [21]erd
we are given a snapshot of a social network at tigrend we seek
to accurately predict the edges that will be added to the oritw
during the interval from time to a given future time’. More con-
cretely, we are given a large network, say Facebook, at tiarel
for each user we would like to predict what new edges (fribipty
that user will create betweenand some future timé&. The prob-
lem can be also viewed adiak recommendation problem, where
we aim to suggest to each user a list of people that the uskelg |
to create new connections to.

The processes guiding link creation are of interest fromemor
than a purely scientific point of view. The current Facebogkeam
for suggesting friends is responsible for a significanttfoacof link
creations, and adds value for Facebook users. By makingrbett
predictions, we will be able to increase the usage of thitufea
and make it more useful to Facebook members.

Challenges. The link prediction and link recommendation prob-
lems are challenging from at least two points of view. Firegl
networks are extremely sparse, i.e., nodes have connet¢tamnly
a very small fraction of all nodes in the network. For exampie
the case of Facebook a typical user is connected to aboutit00 o
of more than 500 million nodes of the network. Thus, a verycdgoo
(but unfortunately useless) way to predict edges is to ptedinew
edges since this achieves near perfect predictive accuracy Gie.
of 500 million possible predictions it makes only 100 mistsk

The second challenge is more subtle; to what extent canrtke |i
of the social network be modeled using the features intittsthe
network itself? Similarly, how do characteristics of usgxg., age,
gender, home town) interact with the creation of new edgex?- C
sider the Facebook social network, for example. There candrg
reasons exogenous to the network for two users to become con-
nected: it could be that they met at a party, and then conterte
Facebook. However, since they met at a party they are likehet
about the same age, and they also probably live in the sanre tow
Moreover, this link might also be hinted at by the structufr¢he
network: two people are more likely to meet at the same pérty i
they are “close” in the network. Such a pair of people likehsh
friends in common, and travel in similar social circles. $hde-
spite the fact that they became friends due to the exogenaus e
(i.e., a party) there are clues in their social networks which esgg
a high probability of a future friendship.

Thus the question is how do network and node features iriterac



