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Solve Challenge 1:


Lack of Training Instances
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Solve Challenge 2:


Information Distribution 
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Solve Challenge 3:


Cold Start Problem
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Anchor Links across Networks



Data Setsanchor links based upon the ranking scores of the classifier.
Our solution is motivated by the stable marriage problem [8]
in mathematics.

We first use a toy example in Figure 2 to illustrate the
main idea of our solution. Suppose in Figure 2(a) we are
given the ranking scores from the classifiers. We can see in
Figure 2(b) that link prediction methods with a fixed thresh-
old may not be able to predict well, because the predicted
links do not satisfy the constraint of one-to-one relationship.
Thus one user account in the source network can be linked
with multiple accounts in the target network. In Figure 2(c),
weighted maximium matching methods can find a set of links
with maximum sum of weights. However, it is worth noting
that the input scores are uncalibrated, so maximum weight
matching may not be a good solution for anchor link predic-
tion problems. The input scores only indicate the ranking of
di↵erent user pairs, i.e., the preference relationship among
di↵erent user pairs.

Here we say ‘node x prefers node y over node z’, if the
score of pair (x, y) is larger than the score of pair (x, z). For
example, in Figure 2(c), the weight of pair a, i.e., Score(a) =
0.8, is larger than Score(c) = 0.6. It shows that user u

s
1

(the
first user in the source network) prefers u

t
1

over u

t
2

. The
problem with the prediction result in Figure 2(c) is that,
the pair (us

1

, u

t
1

) should be more likely to be an anchor link
due to the following reasons: (1) u

s
1

prefers u

t
1

over u

t
2

; (2)
u

t
1

also prefers u

s
1

over u

s
2

.
Definition (Blocking Pair): A pair (us

i , u
t
j) is a blocking

pair i↵ u

s
i and u

t
j both prefer each other over their current

assignments respectively in the predicted set of anchor links
A0.
Definition (Stable Matching): An inferred anchor link set
A0 is stable if there is no blocking pair.

We propose to formulate the anchor link prediction prob-
lem as a stable matching problem between user accounts in
source network and accounts in target network. Assume that
we have two sets of unlabeled user accounts, i.e., Us = {u

s
i }i

in source network and U t = {u

t
j}j in target network. Each

u

s
i has a ranking list or preference list P (us

i ) over all the user
accounts in target network (ut

j 2 U t) based upon the input
scores of di↵erent pairs. For example, in Figure 2(a), the
preference list of node u

s
1

is P (us
1

) = (ut
1

> u

t
2

), indicating
that node u

t
1

is preferred by u

s
1

over u

t
2

. The preference list
of node u

s
2

is also P (us
2

) = (ut
1

> u

t
2

). Similarly, we also
build a preference list for each user account in the target
network. In Figure 2(a), P (ut

1

) = P (ut
2

) = (us
1

> u

s
2

).
The proposed Mna method for anchor link prediction is

shown in Algorithm 1. In each iteration, we first randomly
select a free user account u

s
i from the source network. Then

we get the most prefered user node u

t
j by u

s
i in its preference

list P (us
i ). We then remove u

t
j from the preference list, i.e.,

P (us
i ) = P (us

i ) � u

t
j .

If u

t
j is also a free account, we add the pair of accounts

(us
i , u

t
j) into the current solution set A0. Otherwise, u

t
j is

already occupied with u

s
p in A0. We then examine the pref-

erence of u

t
j . If u

t
j also prefers u

s
i over u

s
p, it means that the

pair (us
i , u

t
j) is a blocking pair. We remove the blocking pair

by replacing the pair (us
p, u

t
j) in the solution set A0 with the

pair (us
i , u

t
j). Otherwise, if u

t
j prefers u

s
p over u

s
i , we start

the next iteration to reach out the next free node in the
source network. The algorithm stops when all the users in
the source network are occupied, or all the preference lists
of free accounts in the source network are empty.

Table 2: Properties of the Heterogeneous Social
Networks

network

property Twitter Foursquare

# node
user 5,223 5,392
tweet/tip 9,490,707 48,756
location 297,182 38,921

# link
friend/follow 164,920 31,312
write 9,490,707 48,756
locate 615,515 48,756

4. EXPERIMENTS

4.1 Data Preparation
In order to evaluate the performance of the proposed ap-

proach for anchor link prediction, we tested our algorithm on
two real-world social networks as summarized in Table 2. We
chose Twitter and Foursquare as our data sources because
public tweets and Foursquare tips can be easily collected by
their APIs.

1) Foursquare: the first network we crawled is the Foursquare
website, a representative location-based social network
(LBSN). We collected a dataset consisting of 5,392
users and 94,187 tips. For each tip, the location data
(latitude and longitude) as well as the timestamp are
available. Moreover, Foursquare network also provides
data about whether one user is following or a friend
of another user. These links can indicate the social
relationship among the users.

2) Twitter: The second network we crawled is Twitter,
an online social microblogging network. We collected
5,223 users and 9,490,707 tweets. In Twitter network,
all tweets include time data, and some tweets include
location data. In total, we have 615,515 tweets with
location data (latitude and longitude), which is about
6.5% of all the tweets we collected.

In order to conduct experiments, we pre-process these raw
data to obtain the ground-truth of users’ anchor links. In
Foursquare network, we can collect some users’ Twitter IDs
in their account pages. We use these information to build the
ground-truth of anchor links between user accounts across
the two networks. If a Foursquare user has shown his/her
Twitter ID in the website, we treat it as an anchor link
between this user’s Foursquare account and Twitter account.

4.2 Comparative Methods
In order to study the e↵ectiveness of the proposed ap-

proach, we compare our method with eight baseline meth-
ods, which are commonly used baselines including both su-
pervised and unsupervised link prediction approaches. The
compared methods are summarized as follows:

• Multi-Network Anchoring(Mna): the proposed method
in this paper. Mna can explicitly exploit four types of
information from both networks to infer anchor links,
i.e., social, spatial, temporal and text data. In ad-
dition, Mna incorporates the one-to-one constraint in
the inference process. We argue that by combining the
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Comparison Methods
• Supervised Methods

• Source
• SCAN
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• Unsupervised 
Methods

• CN: Common Neighbor
• JC: Jaccard Coefficient
• AA: Adamic/Adar



Evaluation Methods

• AUC
• Accuracy
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Summary

• Social link prediction for new users
• Problem Studied

• Novelty
• within-network information transfer
• information distribution difference
• cross aligned network information 

transfer
• cold start problem
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