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Abstract. In this paper, we study a new problem of instant social graph search,
which aims to find a sub graph that closely connects two and more pdrsans
social network. This is a natural requirement in our real daily life, ashWho

can be my referrals for applying for a job position?”. In this paper, avenfilly
define the problem and present a series of approximate algorithms @thayv
problem: Path, Influence, and Diversity. To evaluate the social gsaptch re-
sults, we have developed two prototype systems, which are online availadble
have attracted thousands of users. In terms of both user’s viewing tichtha
number of user clicks, we demonstrate that the three algorithms can cagitlii
outperform (+34.56%-+131.37%) the baseline algorithm.

1 Introduction

With the big success of many large-scale online social ndds{e.g., Facebook, Ren-
Ren, MySpace, Ning, and Twitter) and the rapid growth of thebite social networks
(e.g., FourSquare, Data.net, Strands), there has beegeaitarrease in the people’s
social friends especially online social network friendbeTonline social network is
becoming one of the most important ties between peoplely dfg and virtual web
space. For example, Facebook, which is the most-visitedsithe web, contains more
than 600,000,000 unique visitors(users) since Jan 201irsEoare, a location-based
mobile social network, has attracted 6 million registerselra by the end of 2010. There
is little doubt that most of our friends are online now.

In such a case, one important requirement in the social mktisdo find the con-
nections (also called associations) among persons [14¢/vitas many direct applica-
tions. For example, to find referral people for applying fgok position [9]. Indeed,
LinkedIn has a very important function, which allows usersée how far (how many
degrees) you are from another user and allow users to wdtemmendation to a friend.
In particular, interesting questions arise: “Who are thedgmederrals for me to apply
for the PhD program of a university?”, “What are my relatiapsto the Turing Award
winner, Prof. John Hopcroft?”, and “Who are the experts ornctdpand how to con-
nect him/her?”. For all the questions, the answers shoulgtoened in real time. The
general problem is referred to as instant social graph keBtease note that the con-
nection between people might be directed, e.g., via a cosstiip; or indirected, e.g.,
the friend’s friend.

* The work is supported by the Natural Science Foundation of China (N 3073) and Chi-
nese National Key Foundation Research (No. 60933013, No. 60@358 special fund for
Fast Sharing of Science Paper in Net Era by CSTD.
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(a) Coauthor network (b) Alumni network of a university

Fig.1: Two examples of instant social graph search in a ¢tmautetwork and a uni-
versity alumni networkThe left figure shows the social graph between two computer science
experts: “Philip Yu” and “John Hopcroft” in the coauthor network. Tlight figure shows the
social graph between “Andrew Yao” (Turing Award winner) and “Xéhaan Wang” (Vice Pres-
ident of a company) in the alumni network.

Motivating Example. To clearly motivate this problem, Figure 1 gives exampleisof
stant social graph search on a coauthor network and an ahetwork of a university.
The figure 1(a) shows the social graph between two expertsmpater science: “Philip
Yu” and “John Hopcroft” and the figure 1(b) plots the sociagn between one faculty
“Andrew Yao” (Turing Award winner) and one alumnus “Xiao@muwang” (Vice Pres-
ident of a company) discovered from the alumni network. &a figure 1(b) different
colored links indicate different types of relationshipsr Example, in the left figure,
yellow-colored link indicates advisee relationship, edered link indicates advisor
relationship, and green-colored link indicates coautktationship. While in the right
figure, the types of relationships include: advisor, cales classmate, high-school
alumni, friendship, etc. “Pictures Worth a Thousand Wordfgé can see such a social
graph is very helpful to understand the social connectioorappersons. With such a
graph, we can easily find trusted referrals for connectingragn (e.g., an expert), who
are very likely to give a help because they are friends of yioeinds.

The problem is non-trivial. One fundamental challenge i o effectively select
and generate the social graph between (or among) persacga iiinne. It is well-known
that any two persons in the world are connected in six stefesagr [13]. This means
that almost any persons in the world are within your six-degocial circle. At the same
time, this also implies that for any two persons, the numifesomnections between
them would be huge. Obviously it is infeasible to displaythé connections between
persons in a social graph. Our preliminary study shows thenaa graph consists of
more than 50 nodes, the user will have difficulties in undeming the meaning of the
graph, and quickly lose interest to the graph (with less ingwime).

Challenges and Contributions.In this work, we try to conduct a systematic investiga-
tion of the problem ofnstant social network searciihe problem poses a set of unique
challenges:
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— GoodnessHow to quantify the goodness of a sub network among people@ifsp
cally, given a grapldz and a query consisting of multiple person nodes in the graph,
how to find a “good” subgraph @ that contains the query nodes.

— Diversity.How to diversify the returned graph so that it captures thele/epectrum
of the connections among the queried persons? It is wideljzesl that diversity
is a key factor to address the uncertainty in an informatieed1, 21].

— Efficiency.How to return the queried graphs instantly? As real socialiorks are
getting larger with millions or billions of nodes, it is nesary to design an efficient
algorithm which can return the queried social graphs inl{#yseconds.

To address the above challenges, we first precisely definprttdem and then
propose an efficient algorithm to solve the problem. We #&nrthcorporate the topic
diversity into the objective function and propose an enkdmdiversity algorithm. We
have developed two prototype systems, one is for a coautttaronk and the other is
for a university alumni network, both of which are online iéafale and has attracted
thousands of users. We evaluate the performance of the ggdmdgorithms in terms
of user viewing time and number of user clicks. Experimengallts on one-month
query log show that the proposed algorithms can signifiganitperform (+34.56%-
+131.37% in terms of viewing time) the alternative basedilgprithm. We also find that
the Diversity algorithm achieves the best performance. ©&geriments also validate
the efficiency of the presented algorithms, which can retiversearch results for most
queries in 2 seconds.

2 Problem Definition

In this section, we first give several necessary definitiortsthen present the problem
formulation.

A social network is modeled as an undirected graph= (V, E,U, W), where
V represents a set of users, C V x V represents a set of social relationships be-
tween usersy; € U represents the importance (or activity) of usgrandw;; € W
represents the closenesses between gsand user;. Given a query of: persons
q = {vg1,- -+, vgr}, the goal is to find a set of usefs, C V to closely connect the
queried users iy, by considering thémportanceof nodes, theclosenes®f relation-
ships, and theonnectedneds the query users. In different networks, the three cateri
can be instantiated in different ways. For example, in a twawnetwork, importance
can be defined as the number of papers published by the awththve(total number
of citations of the author, or simply the value of H-index)[#hile the relationship’s
closeness can be defined as the number of coauthored papersillly, we can define
the social graph search problem as follows:

Definition 1. Social Graph SearchGiven a social networlG = (V, E,U, W) and

a queryg = {vg1,---,vq} Of k persons, the goal of social graph search is to find a
subgraphG, of G, such that (17, contains the queried persons, i.&vg1, - -, vgr } C

Vg, (2) nodes in the subgraph, are closely connected, and (3) the number of nodes in
the returned graph is less than a threshold, i|&,| < M.
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In the definition, we explicitly constrain the number of pers in the returned social
graph asM (condition (3)). This constraint is necessary for coningiithe size of the
returned subgraph; otherwise, algorithm would trivialiyurn the whole social graph.
Now the problem is how to satisfy the second constraint: sda¢he subgraply, are
closely connected, more specifically, how to quantify thermxtness of a graph. To
make things simple, we define the connectness as the numbelatibnships among
the selected nodes in the gra@f. Another challenge is how to diversify the selected
nodes in the graph. In Section 3 we will introduce how we achtbese two goals and
find the trade-off balance between them.

Several relevant research efforts [2] has been made sodaevér, our problem ad-
dressed in this paper is very different from existing worte. Example, [2] proposes the
notion of semantic association and has investigated hoartk the semantic associa-
tions based on the information gain. However, associaganch is different from social
graph search. The former is to find association paths to abmwe persons, while our
goal is to find a social graph to connect multiple persons. @oblem can be viewed
as a generalized problem of the association search. Faiatsl. [5] also study how
to efficiently discover a connection subgraph between nodagraph. However, they
do not consider the importance of nodes and weight of relakiips together, and they
do not give an objective method to evaluate the discoverbdraph. Our work aims at
satisfying both of the two goals: relevance and diversitzi& and Gionis [15] study a
community-search problem, which has an objective simdayur work. However, the
algorithm cannot be scaled up to handle networks of millimitsodes in real time.

3 Algorithms

The problem of social graph search as we defined in SectioNR-isard, which can be
proved by a reduction to the Dominating Set Problem. In thidien, we will introduce
three algorithms to obtain approximate solutions of thebfmm, respectively called
Path, Influence, and Diversity. For easy explanation, wesicen only two persons in

the query, i.e.q = {vq1,v42}-

3.1 Basic ldeas

There are two basic objectives we want to achieve in the kgaph search problem.
The first is to find important nodes and the second is to find sidld&t could closely
connect the queried nodes. In general, the connectivel gpajsh between usey,; and
vq2 Can be decomposed into multiple paths between them [8].€Tdrer our first idea
is to cast the problem as shortest associations finding. rdotwpto the weighted im-
portancew;; between users, we can find the shortest association patlede@ny two
users using dynamic programming, and then find the top-kiestopaths by relaxing
the search condition. This algorithm is calleath It is efficient and easy to implement.
However, the algorithm does not consider the importanc@dérs and also the possible
redundant information (i.e., the same nodes and edgesgbatdifferent paths.

We therefore propose an influence maximization based éhgoricalledinfluence
The idea is to cast the problem as that of influence maxinoirdfiO], whose goal is to
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Input: G, number of selected pathésbound to shortest path
Output: S,

Initialize S = @;

Initialize D = inf;

Use Dijkastra algorithm to calculate the shortest path

fori=1toD + 6 do

create a queue@;

enqueue source ap;

mark source;

while Q is not emptydo

dequeue an item fror® into V;

foreach edgee incident onv in Graphdo
let w be the other end af;

if w is not markedthen
markw;
engueueav ontoQ);
end
end

end

end

Set all the marked node on the pathdn
Outputs;

Algorithm 1: Path algorithm.

find a small set of nodes in a social network that maximize pinead of influence under
certain models. To further consider the diversity, we psgpan enhanced algorithm
calledDiversity. The basic assumption is that each user may focus on diffasprects
(topics). Without considering the diversity, the resultgraph may be dominated by a
major topic (e.g., a resultant graph from the alumni netwoay be dominated by one’s
classmates). The new algorithm incorporates the topianmdtion into an objective
function, thus the selection strategy achieves a tradéetdfiieen the influence of the
selected nodes and the diversity of all topics over the tasugraph.

3.2 ThePath Algorithm

A straightforward method to deal with the instant socialpjraearch problem is to
find the shortest paths between two persons and then usepbosmns appearing in
the paths to construct the social graph. We called this ivesalgorithm as Path. More
specifically, we take the negative weightv;; of each edge;; € E inthe networkG as
its distance. By using a (heap-based) Dijkastra algoritnge can obtain the shortest
path from all nodes to a target node in the network, with a derity of O(nlog(n)).
Then we use a depth-first (or width-first) search to find nbariest pathes by bounding
the length (distance) of the path within a factor (i€.(1 + §)) of the shortest path.
The algorithm is summarized in Algorithm 1.

Limitations. The Path algorithm does not consider the correlation (dependeney) b
tween two paths, thus it is very likely to choose two “redumtigaths (i.e., paths
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Input: G, number of selected pathés
Output: S,

Initialize S = &;
Initialize R = 20000;
fori=1tokdo
foreachvertexv € V\S do
Sy = 0;
for j =1to Rdo
| sv+ = |RanCas(S U {v})|;
end
Sv = $u/R;
end
S = SU{argmazycv\s{su}};

end
OutputsS;

Algorithm 2 : Influence algorithm.

sharing a number of common nodes). Actually, in our data se@lysis shows that in
many cases, the top 10 shortest paths only have one or twds)alifference. Another
limitation of the algorithm is that it does not consider thgpbrtance of each node.

3.3 Thelnfluence Algorithm

Our second idea is to cast the social graph search probldmtad influence maximiza-
tion [10], whose goal is to find a small set of nodes in a soaivork that maximize
the spread of influence under certain models.

In order to achieve this, we first translate the social netvirio an influence graph
where each node indicates a path between the queried nbtes.daths have a com-
mon node, we create an edge between the corresponding mottessinfluence graph
and the weight of the edge is the number of common nodes ofvthpdths. It is easy to
know that the new influence graph is a connected graph anditbeamploy a greedy
algorithm [3] to select the nodes in the new graph (i.e., paththe original graph).
The algorithm is based on the Monte Carlo random procesantt iteratively and in
each round, the algorithm selects one vertex into the sslesitS such that this vertex
together with the current sét maximizes an influence score. Equivalently, this means
that the vertex selected in rourids the one that maximizes the incremental score of
influence. To do so, for each vertexhat is not inS, the influence spread &f U v is
estimated withR repeated simulations of random process. The algorithmesgmted
in Algorithm 2.

Limitations. The Influencealgorithm considers the network information, and it can
avoid redundant nodes (nodes are close with each other imahsferred graph), by
adopting a degree discount method [3]. However, it does oosider the diversity
problem. In some extreme cases, one major aspect (topicdorajnate the resultant
graph. This leads us to propose Diersityalgorithm.
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3.4 TheDiversity Algorithm

On a social network, each user may have interest (or experis multiple different
topics. When the user searches for social graphs betweeretworns, he is not only in-
terested in the network that closely connects the two pserdmrt also interested in how
the two persons are connected on different aspects. Foipdeawhen the user searches
for the social graph between two professors respectively flata mining and theory.
The user might be interested in knowing how the two profesbaoild collaborations in
different fields.

Hence, we augment the social network model with topic regmadion, i.e.G =
(V,E,U,W, R), wherer; € Ris avector denoting the topic distribution of each user
with each element;; representing the probability of usey's interest (or expertise) on
topic j. Please note that the diversity problem can be also defingonre other ways.
For example, we can consider different social ties and tlpsat the returned social
graph contain diverse social ties. According to the deénitithe social graph search
problem with diversity can be re-defined as to find a small subsusers tatatistically
represent the topic distribution of the social graph betwtbe queried persons.

The proposediversity algorithm is based on two principles that are used to select
representative users in our physical social netwsskiecdochdin which a specific
instance stands for the general case) medonymy(in which a specific concept stands
for another related or broader concept) [12]. Thus one prokik how to define the
topic-based representative degree between users. Withgsudf generality, we define
the representative degree of usgonv; for topic z according to the similarity between
two persons on the topic, i.e.,

Tep(’Ui, Vg, Z) = mz;i'rjz' (1)

Therefore, our objective is to select a $£bf persons who can best represent all
the other persons in the social graph on all topics, forma#iycan define the following
objective function:

O(S) = maxyes Z Z rep(vs, v;, 2) 2
z w;eV\S

Maximizing the representative degree on all topics is obsiyp NP-hard. Some
trade-offs should be considered as we may need to choose Issmeepresentative
nodes on some topics to increase the total representatyealen all topics. We give
a greedy heuristic algorithm. Each time we traverse all hatd persons in the social
graph and find the individual that most increases the reptatee functionO(S). To
increase in representative function achieved by addingsope; < V, we only need
to consider the topics that can mainly contribute tor(;, > 0) and allv;’s neighbors
(we sayv; is v;'s neighbor ifrep(v;, v, z) > 0 for somev; € V\S). The algorithm is
summarized in Algorithm 3:

4 Experimental Results

For evaluation, we have deploy the presented algorithmsarsystems: a social graph
search in Arnetminéi{19] and an alumni network system.

! http://arnetminer.org
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Input: G, number of selected pathés
Output: selected users;
S =0;
while | S| < k do
mazr = —1;
foreachwv; ¢ S do
foreachr;, > 0do
foreachv; € G thatrep(v;,v;,z) > 0do
|  Compute the increment @ (S U v;) — O(S) on topicz;
end
Compute the total increment;
end
if increment > max then
| v =wv;;Updatemax;
end
end
S=5uU{v}
UpdateO(S).

end
ReturnsS;

Algorithm 3: Diversity algorithm.

4.1 Experiment Setup

Data SetsWe perform our experiments on the two systems which contertdifferent
data sets: coauthor network and alumni social network.

— Coauthor network. In the coauthor network, we focus on sagithe coauthor so-
cial graph, which consists of 1,483,246 authors and 478&%3coauthor relation-
ships. We also employ a time-dependent factor graph mo@eP[3 to discover the
advisor-advisee relationships from the coauthor netwdhle social graph search
function has been integrated into academic analysis anthgngystem for a few
months, and attracted tens of thousands of accesses.

— Alumni social network. In the alumni social network, we igtigate the alumni net-
work from a university, which is comprised of 17,381 studegrtaduated from its
Computer Science department and all faculty members ofdusity. The network
contains 2,113,345 relationships of different types (eajleague, advisor-advisee,
classmate, high-school alumni, etc.).

Evaluation Measures.To evaluate the proposed method, we consider two aspects:
user’s average viewing time and the average number of clidker’s viewing time
stands for how long a user will stay on the returned socigblyr&taying for a long
time implies that the user may be more interested in thetrésamh that with a shorter
time. We also design a user interactive mechanism, whidwalthe user to expand a
person’s detailed social information when she/he is iistetin knowing more about
the person or to remove the node from the returned graph wieghesthink the node is
irrelevant. For each query, we randomly select one of thpgwed three algorithms to
generate and return the social graph to the user. We recenstr behaviors (viewing
time and #clicks) on the returned social graph. We also coenttee three algorithms
with a baseline algorithm, which randomly selects nodesftioe candidate nodes.
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Fig. 2: Performance on the two networks (Coauthor and Alymni

4.2 Accuracy Performance

As all the comparison methods require the number of usec®sacand log, we set up
the two systems from early 2011. We use the log of four morteg¢h - June, 2011)
in the coauthor system (consisting of 57,494 queries) aadoi of one month (April,
2011) in the alumni system (consisting of 4,305 queries)udysthe performance of
different algorithms.Figure 2 shows the results on the ttamunetwork data and alumni
network data.

Effect of user clicking. Figure 2(a) shows the probability of a user clicking a nodaén
social graph. Expand indicates that the user clicks to sae detailed person’s social
circle, while Remove indicates that the user clicks to reenaperson from the social
graph. We see that all the presented four algorithms atimach higher click ratio than
the Random algorithm. An interesting phenomenon is thatadviéhe Path algorithm
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Fig. 3: Viewing time of the number of displayed nodes.

attracts the largest number of user clicks; however, thexeaso a large number of
users click to remove person nodes from the social graphchwiniplies that there
are not only many “interesting” nodes in social graph retdrby the Path algorithm,
but also many “irrelevant” nodes. To quantify this, we defar®ther measurement
called Expand/Remove ratio as ratio of the number of “Expatidks divided by the
number of “Remove” clicks. Figure 2(b) shows the result op&xd/Remove ratio by
the comparison algorithms. It can be seen that the Diveadifgrithm has the largest
ratio, while the Random and the Path algorithm have lowénsat

Effect of user viewing time. Figure 2(c) shows the average viewing time of a user
on the returned social graph by applying the different atgors. It can be seen again
that the Diversity algorithm results in the longest viewiige, which confirms the
findings from Figure 2(b). On average, the presented thrgeritims can gain an
73.69%-84.13% increase in terms of the number of (Expandjs;land an increase
from 34.56%-131.37% in terms of viewing time compared wth baseline (Random)
algorithm. In particular, the Diversity algorithm achiswhe best performance from the
perspective of both Expand/Remove ratio and viewing time.

4.3 Analysis and Discussions.

To obtain deeper understanding of the results, we perfoenfilfowing analysis.

Effect of the number of displayed nodesWe conduct an experiment to see the effect
of the number of the displayed nodes. We use the users’ avérag of display different
nodes to overall performance. The curves of coauthor amdraloetwork look almost
the same. As an example, Figure 3 shows the users spend tidifesant nods. This
suggests that about twenty nodes are good display property.

Error analysis. We conduct an error analysis on the results of our approaelobserve
two major types of source of errors.

— Missing data. Sometimes the data is missing because thiged&tdoes not contain
all the coauthor (alumni) relations. For example, therdlamasands of papers every
year and many different of alumni relations, the databasmatacontain all the
relations. Thus, the social graph might not also generateetbult every time.

— Name ambiguity. In the coauthor network, there might be iséyeersons with the
same name. This lead to mistake relationships betweenmzerso
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5 Related work

Social graph is an important problem in social network asialyTang et al. [18] study
the problem of topic-level social network search, whichsimfind who are the most
influential users [17] in a network on a specific topic and hbe influential users
connect with each other. In this section, we review the eellavork on connectivity
subgraphs and diversity.

Connectivity Subgraphs.Social graph search is to find a connectivity subgraph among
queried users. Faloutsos et al.[5] also address that pnoillee main point of that paper
is to develop measures based on electrical-current flowsoafrpity between nodes of
the graph that depend on the global graph structure. Ane trermany ideas, such as
Koren et al. [11] refined the proximity measures using théomadf cycle-free effective
conductance. The main difference between our approach laowk aesearch is that
we define users’ influence of each person to others and consieealiversity of the
subgraph.

Diversity. Diversity is well-recognized as highly property in manyalatining tasks,
which is very useful to address uncertainty about the infdiom need given a query.
One of the most representative works is on expertise sesuich,as Agrawal et al. [1]
and Gollapudi et al. [6]. There are also some works which Hagased on diversity
result in recommendation. For example, Ziegler et al. [RBire recently, Tong et al.
propose a new approach for diversity of graph search [214.difference of our work
from existing lies in that we consider the diversity in theukant social graphs.

The work is also related to the social relationship miningy. €&ample, Tang et al.
[20] propose a learning framework based on partially ladbé&detor graphs for inferring
the types of social relationships in different networksagat al. [16] further study the
problem of inferring social ties across heterogeneousorésvHowever, these method-
ologies do not consider the network search problem.

6 Conclusions

In this paper, we study a novel problem of instant social lyregarch, which aims to
find a subgraph of representative users to closely conneajuéried persons. We for-
mally define this problem and present three algorithms teestbie problem. We have
developed two systems to validate the effectiveness araegftiy of the presented al-
gorithms. We have deployed the algorithms in two real systean academic mining
system and an alumni network system. In terms of both usevam time and number
of clicks, we found that the presented algorithms signifigaoutperform (+34.56%-
+131.37% in terms of viewing time) the baseline method. \8e &und that the Diver-
sity algorithm can achieve the best performance. The ptedetgorithms are efficient,
and can perform most social graph searches in 2 seconds.

Detecting the personalized social graph represents a rsganeh direction in social
network analysis. As further work, it is interesting to stutbw user’s feedback can be
used to improve the search performance (e.g., interactaming).
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