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ABSTRACT

Social networks nowadays have become an important form
of communication in which users can post their current status
or share their lives by mobile phones or the Web. In this pa-
per, we develop an effective and efficient model to estimate
continuous tie strength between users for friend recommen-
dation with the heterogeneous data from social media com-
munity. We categorize those multimodal data into two class-
es: interaction data (e.g., comments, marking favorite photos)
and similarity data(e.g., common friends, groups, tags, geo,
visual). We propose to use asymmetric relationship in the in-
teraction data for tie strength estimation instead of using the
conventional symmetric ones. Furthermore, by exploring the
behavior of users in a social media community, we find that
the tie strength between users can be approximately modeled
as a linear function of their social connections. Based on this
observation, we propose an effective and highly efficient user
specific linear model for the tie strength estimation. The ex-
periments on a popular social network show promising results
and demonstrate the effectiveness of our proposed method.

Index Terms— Multimedia, Friend prediction

1. INTRODUCTION

With the concept of WEB 2.0 becoming popular in late 2004,
many famous social networks appeared successively. Social
networks have made it simple for people to communicate with
others and have become an online community for internet
users. The community members share common interests and
can experience an alternative lifestyle by browsing posts of
others. This kind of online community attracts more atten-
tions of netizens and their members do at an ever-growing
rate. In fact, researchers find that there is a tendency that more
friends will bring more logins [1]. So in social networks, an
effective and efficient friend recommendation system really
plays an important role among thousands of social network
applications.
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Many studies about social networks are conducted on
Flickr-a popular online photo sharing community. Users
of Flickr can build their contact lists and browse posts of
their friends. While scanning the photos, users can make
comments and mark the photos as favorite. To make user-
s with common interests communicate conveniently, user-
s can build or join interest groups in Flickr. Since Flickr
is a photo-sharing network, the photos are the mainly post-
s. The photos usually contain rich information such as geo-
information, user-annotated tags and visual-information. So
Flickr contains rich information, and it arouses the interest of
researchers to study such a famous social network.

A concept describing the relationship between users in so-
cial networks is the tie strength [2]. To understand the tie
strength between users, researchers analyzed the social net-
works data and summarized some basic rules which are help-
ful for understanding the behavior of users [3], [4], [5], [6].
Mislove et al. [3] studied the link formation processes and
found that a user tend to create and receive links in propor-
tion to their outdegree and indegree. Schifanella et al. [4]
found users with similar topical interests are more likely to be
friends. Zwol [5] found that views on photos is closely linked
with geographic distribution. Lerman and Jones [6] showed
that social browsing through the photo streams of contacts is
one of the primary methods by which users find new images
on Flickr. Those efforts provide the basis for the latter re-
search. Meanwhile researchers also tried to combine the rich
data from Flickr to model their recommend tasks. Yu et al. [7]
tried to combine visuals and tags to build a group recommen-
dation model. Phan et al. [8] combined tags and favorite pho-
tos of users to model the tie strength between users. Yao et
al. used visual similarity and geo similarity for characterizing
user relationship [9].

There are two forms to build the tie strength: binary tie
strength and continuous tie strength. Most of the previous
work has focused on social networks with binary relational
ties (e.g., friends or not). A binary relational tie provides
only an inaccurate indication of the relationship. Recently,
Zhuang et al. [10] studied a continuous tie strength model us-
ing MKL [11] method which combined seven heterogeneous



data from Flickr. A two-stages learning method was used to
tackle the data to build kernels into a holistic similarity space
and learn a weight vector to combine the different kernels.
Such a linear combination of various tie strength can be used
to describe the probability of two users to be friends.

The method proposed in [10] assumed that all the Flickr
users share the same behavior mode and the relationship be-
tween users is symmetric. However, in fact different users
should have different behavior modes. For example, popular
users usually have more followers and make posts more fre-
quently than ordinary users. Also, Flickr is an asymmetric
network. It allows a user to follow updates from other user-
s who are in his/her contact list but do not follow him/her.
So applying such a fixed behavior mode and the symmetric
relationship will ignore some information.

In this paper, we propose two useful kernels inspired by
the efforts of former researchers.The two kernels well de-
scribe the unsymmetrical relationship in Flickr. Furthermore
we study a user specific linear model for friend recommenda-
tion in Flickr. We separate those data into two classes : in-
teraction data (e.g., comments, marking favorite photos) and
similarity data(e.g., common friends, groups, tags, geo, visu-
al). They separately describe the symmetric and asymmetric
relationships. By exploring the behavior mode of users, we
assume that the tie strength is a linear function of the interac-
tion/similarity approximately. Therefore we propose an effec-
tive and efficient linear model for the tie strength estimation.
To capture the unique behavior model of different users, our
tie strength model is query specific.

In summary, this paper makes the following contributions:

e We analyze the heterogeneous data and find two useful

asymmetric kernels to capture the asymmetric social re-
lationship. Those asymmetric kernels largely boost the
friend recommendation accuracy.

e We assume that the tie strength between users is
approximately a linear function of their interac-
tion/similarity. It inspires that we can build a simple
linear model for tie strength estimation.

e Instead of learning a universal model which is applied
for all users, we propose to build a user specific model
for different users to reflect their own behavior.

The rest of the paper is organized as follows. Section 2 in-
troduces our kernels and user specific linear model for friend
recommendation. Section 3 presents the experiment results,
followed by the conclusion in Section 4.

2. FRIEND RECOMMENDATION WITH USER
SPECIFIC LINEAR MODEL

In this section, we will first analyze the multimodal social
media data and then present our user specific linear model for
friend recommendation. We conduct our analysis on Flickr
and use the heterogeneous data such as comments, marking

photos, common friends, groups, tags, geographic distribu-
tion, visual information and contact lists.

2.1. Interaction and similarity Features

In this subsection we describe two kinds of interaction fea-
tures which are comments and marking photos data from
Flickr. We also extract some similarity features in this part.
To pretreat these similarity features, we follow the method
in [10].

e Users’ interaction by comments

It seems like users have a trend to browse photos of their
friends and make comments [6]. First we use breadth-first
search manner to get 5000 users and extract the complete
comments information from the profiles. For a user u;, we
count the the number of comments from his friends and non-
friends, and then we count the numbers of friends and non-
friends who make comments. We find that the average num-
ber for comments of a user from the friends is 5.06 times as
that of a user from the non-friends.

In the directed relation graph of the 5000 users, there are
37318 edges. We find that there is mutual communication on
30.03% of the edges, but in fact there is one-way communi-
cation on 50.34% of the edges. If we only use the mutual
comments, we’ll miss amounts of information. Thus if a user
u; makes comments on photos belong to u; frequently, we
can guess that u; has put u; in his contact list. It should be
noted that the number of comments that u; has made on u;
does not equal to the number of comments that «; has made
on u;. So we define that the interaction of w; to u; is the
number of comments which u; makes on u;

K*(ui,uj) = #comments u; makes on u;
e Users’ interaction by marking photos

As mentioned above, users tend to browse their friends’
photos. Another behavior between users is marking photos
as favorite. We find that the frequency that a user marks the
photos of his friends is 3.12 times more than his non-friends.
So if u; always marks u;s photos, we may guess that u; has
put u; in his contact list. The interaction of u; to w; is the
number of photos of u; which u; marks as favorite:

K2 (ug, u;) = #photos of uj which u; marks as favorite

e Users’ similarity by common friends

Using common friends number to recommend friends is
the most popular method which most social networking web-
sites apply. The similarity between u; and w; is the number
of friends both belong to u; and to u;:

K3(ui,uj) = #friends u; and u; both have

When i = j, the kernel value is the number of friends u; has
e Users’ similarity by common interest groups

If two users have many common groups, they may be-
come friends. The similarity between u; and u; is the number
of groups both u; and u; join in:

K*(ug, uj) = F#groups u; and u; both join in



When ¢ = j, the kernel value is the number of groups u; joins
in.
e Users’ similarity by common tags

We adopt the bag-of-word model to compute the similari-
ty of users. We use traditional tf-idf method to get the weight
of tags and use a tag vector z; to represent the tag information
of u;. We adopt the normalized linear kernel to measure the
similarity between u; and u;:

Ko (ui,ug) = 2] 25/ (/2] 20\ /2] 25)

e Users’ similarity by geo-information
If two users have been to many same places, they may
have some similarity.

K°(u;,uj) = #places u; and u; both have been
When ¢ = j , the kernel value is the number of places u; has
been.

e Users’ similarity by visual features

Like the method we use to get the similarity of tags, we
adopt the bag-of-(visual) word (BoW) model. First we get the
SIFT for each photos and quantize them into d, groups by a
K-means clustering process. Thus a photo can be assigned to
a visual vector z € R% . We use an average visual vector to
present a user’s visual features.

1 n;
Vi=— E T,
N k=1

n; is the number of photos belong to u;. So the similarity
between u; and u; can be given by a Gaussian kernel:

VII)

K7(ui,uj) = exp(— Vi
o

For K' andK?, we divide the elements in each row by the
maximum value in the row. For K3 toK ", we normalize them
as

K(i,j)
K(4,7)

ey

2.2. The relationship between users’ tie strength and
their interaction/similarity

In Flickr, every user has his/her own contact list which con-
tains all the users who he/she adds as friends.

Y (ug, uj) = 1if u;inthe friendlist of u;
"7 0 otherwise

To understand the distribution of each kernel, we analyze
the relationship between users’ tie strength and their inter-
action/similarity degrees. We use the conception of friend
recommendation precision to estimate the probability of two
users to be friends. For an arbitrary kernel K (") and a us-
er uy, if the iteration/similarity value between wu; and uy, is
s € [0,1],i.e., K (u;,u;) = s, the probability that uy, to be

u;s friend, i.e., the tie strength T between u; and uy, , can

be defined as
T (uy,8) = P(y(uj, up) = 1K (uj,ug) = s)
TP,(“

] 2
TP( )+ FP)

where TPJ.(Q is the number that u/;s friends whose interac-

tion/similarity is above s under kernel K (9. FP( " is the
number that qu non-friends whose 1nteract10n/51m11ar1ty is
above s under kernel K (. Eqn.(2) means that if we assume
uy, is u;’s friend, all other users whose interaction/similarity
with u; is larger than s should also have the same probability
to be u;’s friends. Therefore, we can use the friend recom-
mendation precision to estimate the tie strength 7) (u;, 5).

For user u;, by exploring all other users in I/, we can get
a series 7% (u;, s) with s varying from O to 1 under Kernel
K®). We quantify s with interval 0.05 and plot 7" (u;, s) as
aT-s curve. Figure 1 shows two users’ T — s curves under K3,
From this figure we can observe that the 7" is approximately a
linear function of s . To further confirm this observation, we
get the statistic 7' — s over all users,

@y, ) /U] 3)

Figure 2 shows the 7' — s curves under 7 kernels and all 7
curves can be approximately fitted by a linear model.
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Fig. 1. Two users T-s curve under common friends kernel.

2.3. User Specific Linear Model for Friend Recommen-
dation

Based on the phenomenon shown in Fig.2, we can assume
that the tie strength between users is approximately a linear
function of their similarity for all 7 kernels. In other words, if
we know the similarity between two users, we can directly de-
rive their tie strength, i.e., the probability that those two users
could be friends, from the linear model. The next problem is
to derive a linear model for each of the 7 kernels. The straight-
forward way is to approximate the linear function on training
set via the regression algorithms, such as least-squares linear
regression and super vector regression. The linear models de-
rived in such way reflect the statistical behaviors of all users.
As aforementioned, beyond the common social behavior, dif-
ferent users also have their specific behavior which cannot be
captured by the average model. Therefore, instead of learning
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Fig. 2. The T-s (Tie strength vs. similarity/interaction) curve over 7 kernels. It shows that the tie strength between users is approximately a

linear function of their similarity/interaction.

a universal model for all users, we propose to estimate the us-
er specific model to reflect their own behaviors. For a user u;,
we assume his/her tie strength vs. similarity/interaction with
other users can be modeled via a linear model,

80 (g un) = a; KO (ug,up) + ;0 @)

where ¢(?) (uj,uy) is the objective tie strength between users
u; and an arbitrary ug. a;¥ and bj(i) are the parameters
of the linear model for user u; under the i-th Kernel. Fig.1
shows the tie-strength vs. similarity/interaction curves of one
user under K ) kernel.

To estimate the parameters aj(i) and bj(i) in the linear
model, we propose an efficient and effective method. For
the intercept bj(i), it is defined as the tie strength when
K@ (uj,uy) = 0. For the slope a;(*), we first derive the
average similarity/interaction between u; and his/her friends,

EI:LJ),l - Zukeu K(l) (u]? uk) * Y('LL]7 uk)/nfj‘?’l

1= Hunlu € WY (wy,w) = 1K (g, ur) # 0}

where n( 9 7,1 is the number of users which satisfy a) are friend-
s of u; and b) have non-zero similarity/interaction with ;.
Similarly, we can get the average similarity/interaction be-

tween u; and his/her non-friends,
@) _ (@) (4. -
0= 20, e KO g w) # (1= Y (g, )}

O o = Huklux € U Y (uj,ur) = 0, K (uj, up) # 0}
where 1’ )0 is the number of users which satisfy a) are not
friends of u; and b) have non-zero similarity/interaction with
Uyj.

The slope a(l)

of s ()1ands£)0,1e

is defined as the gradient around the middle

(.Z) J (S) J ( ) (5)

J 5

7( (1) _|_S(1) )

where 5 = w0

The reasons why we define slope a;l) in this way are two-
fold. First, the t-s curve is not smooth especially when s is
extremely big or small which corresponds to users are most-
ly friends and non-friends respectively. Therefore, we adopt
the gradient around a middle s value - 5 to get a more sta-
ble model. Second, compared with conventional regression
algorithms, the proposed estimation algorithm is highly ef-
W

S) 0 (Z)( ) and t(z)(O). The high efficiency guarantees that
our proposed user specific model can be applied for online
applications on social networks.

For each user, after getting the linear models for each of
the 7 kernels, we have to combine them together to derive the
final tie strength. Here we adopt two combination ways. The
first one is the linear comblnatlon with equal weights.

R1(uj,ug) =z Z T(uj, sg))) (6)

where s( D= g (uj, ur)

As aforementloned, we category the heterogeneous data
into two categories, i.e., the interaction kernels ( K Land K2
) and similarity kernels (K3 to K7 ). In the second combi-
nation, we first equally combine the kernels within the same
category.

ficient since we only need to know four values, i.e., s

1 2

RI(uj,uk) = 527;:1 T(u],sé)) (7)
el (i)

Rs(uj,up) = 2 s T(uj,s;,") (8)

Then the final tie strength is derived according to the follow-
ing formulation



Table 1. The statistics of the collected Flick data
#user | #group #tag #contact

5000 | 101408 | 117680 | 37318
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Fig. 3. The average accuracy of Top-7 friend recommendation by
using asymmetric and symmetric kernels.

eRr(ujur) o pRs(uj,ur)

€))

Ro(uj, ur) = eltr(uj,ue) 4 oRs(uj,uk)
This combination will give a better balance between the tie
strength estimated from interaction kernels and similarity k-
ernels. Only when interaction and similarity tie strength are
both high, the final tie strength will be tight.

3. EXPERIMENT

We evaluated the proposed model on the same data set as [10]
comprised of multimodal information of 16346 users from
Flickr. We also start from a random user as seed and ex-
pand the crawling according to its friend list in a breadth-first
search manner. We stopped at 5000 users. Extracting the pro-
file of the 5000 users, we can build the kernels mentioned in
section 2.1. Table 1 shows some basic statistics of the com-
ponent we build.

3.1. Comparison of asymmetric and symmetric kernels
In this section, we evaluate the friend recommendation by us-

ing the asymmetric kernels and make a comparison with the

symmetric kernels [10].

We first randomly choose 4000 users for training purpose
and the rest 1000 users to be the candidates in the testing pro-
cess. In [10], the method of normalizing a kernel is dividing
each row with the maximal value at that row and then making
it symmetry by computing K = (K + K7T)/2. We follow
the same method to pretreat our kernels, then use MKL [11]
to combine the seven kernels. Given a test user with 1000
candidates, we sort the values in a descending order and ex-
tract the top users as recommended friends. The top-7 friend
recommendation results are plotted in Figure 3. As shown
in Figure 3, the blue bars are the kernels mentioned in [10],
and the red ones are ours. Obviously our kernels get a better
performance on both single and combined multiple kernels.

Figure 3(a) shows a 20% growth at Top-1 recommenda-
tion since we use the asymmetric comment kernel. Anoth-
er visible improvement is the favorite kernel in Figure 3(b).
Asymmetric favorite kernel makes Top-1 recommendation in-
creased by almost 50% and gets a similar accuracy with the
comment kernel we proposed. These two asymmetric kernels
really perform an extreme high prediction ability to extrac-
t friends from numerous candidates. The good results show
that the comments are the most frequently way for users to
convey kindness to others. Compare the results of different
treatment methods on comments kernel, directed comments
instead of mutual comments are more general in social net-
works and contain more information that we cannot ignore.
Figure 3(c) is the MKL result of 7 kernels. Since we use the
same method as [10] for the rest 5 kernels, the only differ-
ence is that we change from the two symmetric kernels to two
asymmetric kernels. MKL is well integrated of the heteroge-
neous data and performs the best than every single kernel.

Combine the observation of comment kernel and favorite
kernel, we may guess that the directed communication in so-
cial networks will present more relationship and users have a
trend to browse their friends’ photos or posts and then make
feedbacks.

3.2. User specific friend recommendation
We evaluate the performance of our user specific model ap-

proach presented in section 2.4. We use all the kernels that
presented in section 2.2. and make a comparison with MKL
using the same kernels. As what we did in section 3.1, we
use 4000 users for training, but differently we normalize K
to K7 using Eqn.(1). Also given a test user with 1000 candi-
dates, we sort the values in a descending order and extract the
top users as recommended friends. In fact, the contact kernel
Y is really sparse. So it sometimes appears that in the training
process for a user u;, there is no u;’s friend in the kernel Y.
Consequently, in the testing process, once u;’s friend appear,
we cannot find him. To avoid this case happen, we choose
the users who have at least n friends in the training process.
In the testing process, we give these users 1000 candidates to
find their friends.

Firstly, we compare our R2 model with the MKL method
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Fig. 4. Average accuracy of top-1 friend recommendation with dif-
ferent testing users.

proposed in [10], We present the Top-1 friend recommenda-
tion with different testing users by changing n. The result
is plotted in Figure 4. As shown in Figure 4, our R2 model
yields a better performance than MKL. Moreover by the in-
crease in n, the difference between two models gets larger.
This indicates that users have their specific behavior modes.
More information between users can help build more preci-
sion behavior modes for users. Figure 5 shows that when
n = 8 the average accuracy of top-7 friend recommendation
under our Ry combination model and MKL model. Our mod-
el efficient extracts the friend relationship. Since our contact
kernel Y is really sparse, users have not many friends in the
testing process. So when m gets bigger, the difference of ac-
curacy between R2 model and MKL gets smaller.
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Fig. 6. Average accuracy of top-7 friend recommendation by R1

and R2 combination of our model.

Then we make comparison between our R; and Ry com-
bination models. We set n to be 8 and then get Figure 6. Our

R5 model works better than our R; model. Only interaction
and similarity tie strength are both get the high scores, the Ry
final tie strength will get a high score. This makes the predic-
tion more accurate.

4. CONCLUSION

Instead of using a fixed form to calculate the continuous tie
strength with the method of MKL, this paper studies a user
specific model for the friend recommendation task combining
the rich heterogeneous data. Our key ideas are threefold: 1)
separating the multiple data sources into two classes which
are interactions and similarities. 2) employing a relatively
simple linear model under the concept of precision to eval-
uate tie strength within each single kernel. 3) using a normal-
ized exponent combination method to tackle the interaction
and similarity kernels. Evaluated on a real-world dataset, our
method achieves promising results. We hope this work could
call for more attention to the social strength modeling in the
community with a user-specific way.
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