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Abstract Video recommendation is an important tool to
help people access interesting videos. In this paper, we
propose a universal scheme to integrate rich information for
personalized video recommendation. Our approach regards
video recommendation as a ranking task. First, it generates
multiple ranking lists by exploring different information
sources. In particular, one novel source user’s relationship
strength is inferred through the online social network and
applied to recommend videos. Second, based on multiple
ranking lists, a multi-task rank aggregation approach is
proposed to integrate these ranking lists to generate a final
result for video recommendation. It is shown that our
scheme is flexible that can easily incorporate other methods
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by adding their generated ranking lists into our multi-task
rank aggregation approach. We conduct experiments on a
large dataset with 76 users and more than 11,000 videos.
The experimental results demonstrate the feasibility and
effectiveness of our approach.
Keywords Video recommendation  Rich information 
Online social network  Multi-task rank aggregation

1 Introduction
With the rapid advances in storage devices, networks, and
compression techniques, video data from different domains
are growing at an explosive rate. For example, the most
popular video sharing site, YouTube,1 hosts over
150,000,000 videos [10]. Bewildered by the vast quantity
of videos, users often wish to find some interesting video
contents. Therefore, automatic video recommendation
becomes highly desired to tackle this information-overload
problem by presenting a list of potentially interesting videos to the users.
Several efforts have been dedicated to video recommendation by exploring different information sources. For
example, the recommendation services on commercial
video websites, such as YouTube, Yahoo! Video,2 and
Bing Videos,3 are usually built based on the textual
information of videos or users’ profiles (only for registered
users) [31]. Generally, the typical video recommendation
approaches either analyze the interest relationship of users
by mining the viewing history [3, 8, 19, 20, 32] or utilize
1
2
3

http://www.youtube.com.
http://video.yahoo.com.
http://www.bing.com/videos/browse.
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the users’ profile [28]. There lacks a unified scheme that is
able to integrate multiple information sources for video
recommendation.
In this paper, we propose a personalized video recommendation scheme by integrating rich information.
Figure 1 demonstrates the schematic illustration of the
approach. In our approach, we regard video recommendation as a ranking task, i.e., to rank interesting videos as high
as possible for a specific user. The approach first independently explores a variety of information sources, such
as users’ profile, user’ viewing history and the video title,
tags, etc., to generate multiple ranking lists of recommended videos. Then a multi-task rank aggregation
approach is proposed to fuse these ranking lists to generate
the final recommended videos. In particular, we propose to
recommend videos based on user’s social relationship,
where the relationship strengths between users are inferred
through online social network. We summarize the main
contributions of this paper as follows:
1.

2.

3.

To the best of our knowledge, this is the first work that
integrates rich information for video recommendation.
We not only provide a solution but also analyze the
effectiveness of different information sources for video
recommendation.
It is the first work that comprehensively investigates
social network in video recommendation. We utilize
not only the relationships between users but also their
strengths in different activity domains.
We propose a multi-task rank aggregation algorithm that
is able to accomplish user-adaptive rank aggregation.

Part of the approach has been published in our previous
papers [48, 49]. Compared with the works in [48, 49], we
have three enhancements: (1) we have added the investigation of social network with relationship strength analysis; (2) we have added popularity-based ranking; and (3)
more discussion and analyzes are provided.
The rest of this paper is organized as follows: In Sect. 2, we
briefly review the related work on video recommendation.

Fig. 1 The schematic
illustration of the proposed
video recommendation scheme
that explores multiple
information sources

Section 3 introduces the generation of ranking lists with
multiple information sources. In Sect. 4, we propose the multitask rank algorithm. Experiments are provided in Sect. 5.
Finally, we conclude the paper in Sect. 6.

2 Related work
Research on video recommendation mainly focuses on
three typical approaches, namely, collaborative filtering
(CF), content-based filtering (CBF), and hybrid filtering
(HF) that combines the aforementioned two approaches in
a single framework [1].
The CF approaches compare a user’s ratings of videos
with those of hundreds of others, find people who share
similar preferences, and then recommend videos that are
interesting for those people with similar preferences [34].
For example, Setten et al. [37] proposed to use different
social filtering methods to predict user interest based on other
users’ information and designed a combination of prediction
techniques. Hill et al. [17] designed an email interface to
collect data on a virtual community functions (i.e. person,
item, rating, correlation among persons) from Oct. 1993 to
May 1994. Then, given a user, the system recommends
unseen videos rated by a group of similar persons. Baluja
et al. [3] built a user-video graph which represents the coview information among different users and its recommendation is performed by a graph propagation in which the label
of each note is obtained from its neighbors.
CF is probably the most successful technique in the
design of video recommendation systems [16]. But the
technology has several well-known limitations. The performance of CF is strongly limited by the sparsity of data
as a result of the following: (1) the huge number of videos
far beyond user’s ability to evaluate even a small fraction
of them; and (2) users do not have the initiative to rate the
viewed videos [35]. Meanwhile, the problems of recommending videos to a new user (called new user problem) as
well as recommending the videos that have not been rated
(called new item problem) cannot be ignored also.
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To overcome the shortage of the CF approach, CBF was
proposed to recommend videos based on user’s viewing
history. For example, Mei et al. [30, 32] presented a novel
contextual video recommendation system called VideoReach based on multimodal content relevance and user
feedback. An online video was represented by different
modalities (i.e., visual and audio track, as well as text
words). The recommended videos are relevant to current
viewing in terms of multimodal relevance. Irie et al. [24]
introduced degree-of-edit (DoE) ranking to estimate how
much a consumer-generated video (CGV) is edited as a
ranking measure for CGV recommendation. Although the
CBF approaches are quite effective for uniquely characterizing each user with rich information and able to avoid
the new item problem, they neglect the fact that different
users may share similar interest.
Several HF approaches have been proposed to address
the above limitations by integrating the CF and CBF [1].
For example, Burke [4] employed a mixture model which
conducts the recommendation based on a linear combination from the content-based prediction and collaborative
prediction. In [33], Öztürk and Kesim Cicekli proposed a
hybrid video recommendation systems based on a graph
algorithm called Adsorption, which is a collaborative filtering algorithm to make recommendation based on users’
relationship. Although these models have significant
advantages over the early recommendation approaches, the
performance is unstable on different problems, and it is
also difficult to choose a right hybridization strategy for the
problem at hand.
Besides the approaches mentioned earlier, it is widely
accepted that social network is a useful tool to recommend
items. For example, Jebrin and Williams [26] proposed a
new approach to make recommendations based on leaders’
credibility in ‘‘Follow the Leader’’ model as Top-N recommender by incorporating social network information
into user-based collaborative filtering. In [34], the proposed
video recommender can construct a per-user profile as an
aggregation of tag clouds of videos viewed by the user and
then suggest videos based on the viewing patterns of
similar users who were identified according to a similarity
function over the users’ profiles in online social network.
Aiming at modeling recommender systems more accurately and realistically, Ma et al. [29] proposed a novel
probabilistic factor analysis framework over social network, which naturally fused the users’ tastes and their
trusted friends’ favors together. In this framework, they
coined the term ‘‘Social Trust Ensemble’’ to represent the
formulation of the social trust restrictions on the recommender systems.
Different from the above efforts, the approach proposed
in this work is a flexible scheme and can easily integrate
different methods and information sources. In fact, we can

generate multiple ranking lists based on different methods
and information sources and then employ the multi-task
ranking approach to integrate all the ranking lists.

3 Ranking list generation with rich information
As mentioned earlier, our proposed approach integrates
multiple ranking lists with a multi-task method. In this
section, we introduce the ranking lists generated by
exploring different information [13, 14]. Here we organize
them according to the involved user-related information
sources, including profile, viewing history, social network,
and user-contributed data. In addition, we also generate
ranking lists based on collaborative filtering, the most
widely applied recommendation approach.
3.1 Profile-based ranking
We download each user’s profile information from the
Facebook4 website, including education background,
occupation, philosophy, location, interests, etc. An example of the user’s profile information is shown in Table 1.
Since we can collect the text information of each video, we
can generate 3 ranking lists based on user’s interests,
location, and other information, respectively. Here, the
textual information of video includes video’s title,
description, tags and category, etc. We represent each
video vo as a set of words W o and the profile information of
each user uk as a set of words W uk . The textual similarity
between video vo and user uk is calculated as:


X
1
NGDðwo ;wuk Þ
Sp ðvo ;uk Þ ¼
exp 
jW o jjW uk j w 2W ;w 2W
r
o

o

uk

uk

ð1Þ
where r is a scaling parameter, and NGD(wo, wuk ) is the
normalized Google distance [7] between the word wo and
wuk . Google distance is a semantic measure derived from
the number of hits returned by the Google search engine for
a given set of keywords [7]. Specifically, the normalized
Google distance between two search words wo and word
wuk is defined as
NGDðwo ;wuk Þ ¼

maxflogf ðwo Þ;logf ðwuk Þg  logf ðwo ;wuk Þ
logM  minflogf ðwo Þ;logf ðwuk Þg
ð2Þ

where M is the total number of web pages searched by
Google, f(wo) and f(wu_k) are the numbers of web pages by
searching the word wo and wuk , respectively, and f(wo, wuk )
is the number of web pages that both wo and wuk appear.
4

http://www.facebook.com.
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Table 1 The profile
information of an exemplary
user

Profile item

Information

Basic Information
Current city

Singapore, Singapore

Hometown

Tangshan, Hebei, China

Gender

Male

Languages

English, Chinese

Education and work
High school

CheZhouShan High School ’98

College/University

Beihang University ’08

Employer

CECT

Philosophy
Religion

Other

Political views

Communist Party of China

Arts and entertainment
Music

Ren’e Liu, Michael Jackson, John Denver

Books
Movies

Rich Dad Poor Dad, Harry Potter, Bible
Avatar, The Bounty Hunter, Death At A Funeral

Television

CNN, BBC World News, Doug

Activities and interests
Activities

Jogging, cooking

Interests

Programming, traveling, singing

Sports

Basketball, tennis, swimming, football, cricket, badminton

3.2 History-based ranking
The viewing history information is the list of videos that
have been accessed by a user in the past. It reflects the
video interests by user; thus we recommend videos
according to user’s video viewing history. Here we consider three types of viewing history: recent history (i.e., the
most recent video viewed by the user), short-term history
(the videos viewed on that day), and long-term history (all
the past history). For each type of viewing history, we
generate 2 ranking lists based on text-based video similarity and visual content-based video similarity, respectively. As a result, we generate 6 ranking lists based on the
user’s history information.
Text-based video similarity As described in Sect. 3.1, the
text information of each video includes title, description,
tags and category, etc. Here we adopt Bag of Words (BoW)
model to represent the text information [23, 42, 45]. The
text-based video similarity between vh and vo is calculated
as follows:


m X
n
X
1
NGDðwhs ; wot Þ
exp 
St ðvh ; vo Þ ¼
jW h jjW o j s¼1 t¼1
r
ð3Þ
where r is a scaling parameter, and W h ¼ ½wh1 ; wh2 ;
. . .; whm  is the BoW representation of the text information
for h-th video, and the W o ¼ ½wo1 ; wo2 ; . . .; won  is the BoW
representation of the text information for o-th video,
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NGD(whs, wot) is the normalized Google distance [7]
between the words whs and wot.
Content-based video similarity To estimate the visual
similarity of two videos, we first segment each video into
shots and extract a representative key-frame from each shot.
We then extract 428-dimensional global visual features for
each key frame [18, 47], including 225-D block-wise color
moments generated from a 5-by-5 fixed partition of the
image [46], 128-D wavelet texture [45], and 75-D edge
direction histogram [38, 40–42]. Then the visual similarity
between two videos is calculated by averaging the similarities of all key-frame pairs across the two videos [39]:
Sv ðvh ; vo Þ ¼

X
1
ð1  cosðxi ; xj ÞÞ
jvh jjvo j xi 2vh ;xj 2vo

ð4Þ

where xi ; xj are key frames in vh and vo, respectively,
|vh|, |vo| represent the key-frame numbers contained in the
corresponding videos, and cosðxi ; xj Þ is the cosine distance
between these two key-frames [41].
3.3 Social network-based ranking
Many recommendation algorithms, such as collaborative
filtering, are built by mining the interest relationship of a
large number of users [1, 8, 22]. But in fact, a user usually
has closer interests with his/her friends than unknown
people. For example, when a user wants to choose a movie,
it is natural for him/her to turn to friends for suggestions.
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Moreover, friends may share interests in different domains
such as sport, diet, shopping, etc. This domain information
is quite useful for video recommendation. For example,
when a user is interested in sport videos, his/her friends with
the same interests in the domain ‘‘sport’’ are more useful to
recommend videos than the other friends. Currently, with
the rapid advances of social network, it is possible to collect
information on a user’s friends as well as explore their video
viewing histories. In this work, we investigate to explore
social network for video recommendation.
Our approach is as follows: given a user, we denote V i as
the video set that has been viewed by his/her i-th friend. We
integrate all the videos viewed by the friends into a video set
S S S
V, i.e., V ¼ V 1 V 2    V r , where r is the number of
the friends. We then generate ranking lists with two methods. For the first method, we set the ranking score 1 to
videos in V and the score 0 to all the other videos. Since we
can set V i to either the recent one, short-term history, or
long-term history of the i-th friend, we can obtain 3 ranking
lists with this method. Note that these ranking lists are
actually not stable as there are only two scores, 0 and 1, for
the videos. But it is not a problem for generating the final
recommendation list since our rank aggregation, which will
be introduced in the next section, is a score-based fusion
approach. However, this method neglects the relationship
strength in online social network. For the second method,
we still put the videos in V on top of the ranking list, but the
score is determined by the relationship strength in online
social network between the user and his/her friends in the
specific activity domain which the video v belongs to.
Given the activity domain set A ¼ fA1 ; A2 ; . . .; AL g, we
assign each video vh to one of the activity domains Al before
estimating the relationship strength. Based on the observation
on our video dataset, we select the top six popular activity
domains ‘‘diet’’, ‘‘entertainment’’, ‘‘shopping’’, ‘‘sports’’,
‘‘work’’, ‘‘tourism’’, in addition to the domain ‘‘others’’. We
represent each video vh as a set of words W h (see Sect. 3.1),
and the relatedness degree Rd(vh, Al) between the video vh
and the activity domain Al is calculated as


X
NGDðwh ; Al Þ
Rdðvh ; Al Þ ¼
tfh  exp 
ð5Þ
r
w 2W
h

h

where r is a scaling parameter, tfh is the normalized frequency of the word wh in W h , and NGD(wh, Al) is the
normalized Google distance [7] between wh and the domain
name Al. For each video vh, the domain Al with the highest
relatedness degree is assigned only if Rd(vh, Al) is larger
than a threshold; otherwise, this video belongs to ‘‘others’’.
To estimate the relationship strengths in online social
network between different users in each activity domain,
we build a graphical model (described in Fig. 2) based on
two observations:

1.

2.

For two users ui and uj, given a specific activity
domain Al, the relationship strength T(i,j)
in this domain
l
is determined by S(i,j), the profile similarity between
these two users.
The relationship strength T(i,j)
between ui and uj in
l
activity domain Al impacts their interaction activities
in this activity domain (denoted as D(i,j)
l ).

Furthermore, to increase the accuracy of the graphical
model, we introduce an auxiliary variable Z(i,j)
for each
l
D(i,j)
.
The
detailed
descriptions
of
these
variables
in
Fig. 2
l
are as follows:
–

ðijÞ

ðijÞ

ðijÞ

Sði;jÞ ¼ ðs1 ; s2 ; . . .; sP Þ is the similarity vector
between the users ui and uj, where P is the number of
attributes in the profile. For the p-th attribute fp with
discrete values, we set s(ij)
p = 1 if ui and uj have the
same values on fp, and s(ij)
p = 0 otherwise. On the other
hand, if the values on fp are continuous, s(ij)
is
p
determined according to:
jfpi  fpj j

sðijÞ
p ¼ 1

max

1  k1 ;k2  K

–
–

ð6Þ

jfpk1  fpk2 j

where fip represents the value of user ui on the p-th
attribute.
T(ij)
p is the relationship strength between users ui and uj
in activity domain Al.
D(ij)
is the strength of interaction activities between
l
users ui and uj in activity domain Al. We measure it
based on their related documents in this activity
domain, which is calculated as
ðijÞ

Dl

¼

N
X

Rdðdn ; Al Þ  udin  udjn

ð7Þ

n¼1

S (ij )

T1 ( i j )

T 2( i j )

...

T L( i j )

D 1( i j )

D 2( i j )

...

D L( i j )

Z 1( i j )

Z 2( i j )

...

Z L( i j )

Fig. 2 Graphical model for estimating the relationship strength in a
set of activity domains
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–

where dn is a textual document of the interaction
activity (such as messages, news feed, comment, etc. in
Facebook), and udin is an indictor to represent whether
the user i is related to the interaction activity n. Here,
we set udin = 1 once the interactive activity n is
sponsored or responded by the user i, otherwise, we set
udin = 0. Rd(dn, Al) represents the relatedness degree
between the document dn and activity domain Al,
which can be calculated according to Eq. (5).
Z(ij)
is an auxiliary variable. We set Z(ij)
to 1 in our
l
l
experiment.

As illustrated in Fig. 2, our graphical model represents
the likely causal relationships among all the variables by
modeling their conditional dependencies. Based on these
dependencies, the joint distribution decomposes as follows:
ðijÞ

ðijÞ

ðijÞ

ðijÞ

ðijÞ

ðijÞ

PðT1 ; . . .; TL ; D1 ; . . .; DL jSðijÞ ; Z1 ; . . .; ZL Þ
¼

L
Y

ðijÞ

ðijÞ

ðijÞ

ðijÞ

PðTl jSðijÞ ÞPðDl jTl ; Zl Þ

ð8Þ

l¼1

In this work, we adopt the widely used Gaussian
distribution [15] to model the conditional probabilities
ðijÞ

(ij)
(ij)
PðTl jSðijÞ Þ and P(D(ij)
l | Tl , Zl ), which are expressed as

ðijÞ

PðTl jSðijÞ Þ ¼ N ðwTl SðijÞ ; vÞ
ðijÞ

ðijÞ

ðijÞ

ðijÞ

PðDl jTl ; Zl Þ ¼ N ðal Tl

ðijÞ

þ bl Zl ; vÞ

ð9Þ

where wl is a P-dimensional weight vector to be estimated,
al, bl are two coefficients, and v is the variance in Gaussian
model, which is configured to be 0.5 in our experiments. To
avoid over-fitting, we put L2 regularizes on parameters wl
and al, bl, which can be regarded as Gaussian priors:
k1

T

Pðwl Þ _ e 2 wl wl
k2

2

2

Pðal ; bl Þ _ e 2 ðal þbl Þ

ð10Þ
ðijÞ

ðijÞ

Among all the variables, SðijÞ ; Dl ; Zl are all visible,
and wl ; al ; bl are to-be-learned parameters. Given the
samples of the user pairs P ¼ U  U, the joint probability
is expressed according to Eqs. (8–10):

Table 2 User-contributed data
for a video that reflects its
interestingness

PðPjwl ; al ; bl ÞPðwl ÞPðal ; bl Þ

l¼1

¼

L Y
Y

ðijÞ

k1

k2

T

2

2

 e 2 wl wl e 2 ðal þbl Þ

ð11Þ

Since the joint probabilities of L activity domains in
Eq. (11) are independent, we can divide Eq. (11) into L
independent joint probabilities and infer the solution for
each activity domain separately. In our implementation, we
use a gradient-based method [21] to optimize it over the
parameters wTl ; al ; bl , and variable T(ij)
l . Due to the limited
space, the detailed implementation is not presented here.
Given a user uk, for each video vh viewed by the user ut,
the recommendation score R(uk, vh) is determined by the
relationship strength T(tk)
between ut and uk on the special
l
activity domain Al, which the video vh belongs to:
ðtkÞ

Rðuk ; vh Þ ¼ Tl

lðvh ; Al Þ

ð12Þ

where l(vh, Al) is an indicator to represent whether the
video vh belongs to the activity domain Al. The assignment
of vh to an activity domain could be referred in Eq. (5).
3.4 Popularity-based ranking
In addition to the video’s intrinsic information such as title,
tags, category and visual characteristic, there usually exist
several data contributed by users that can reflect a video’s
popularity, such as the time of views, and the count of
comments. Here, we consider four types of users’ contributed data: total views, favorites, rating, and comment
count. These data can be collected from most websites.
Table 2 lists the data for an example video. We generate
four ranking lists based on these data. For each type of
data, we generate one ranking list based on its value
directly. For ‘‘Rating’’, the ranking list is generated based

7,838,561

Comment count

ðijÞ

l¼1 ði;jÞ2P

Total views

Dislikes

ðijÞ

 Pðwl ÞPðal ; bl Þ
L Y
Y
ðijÞ 2
ðijÞ
ðijÞ
ðijÞ 2
1
T ðijÞ
1
_
e2vðwl S Tl Þ e2vðal Tl þbl Zl Dl Þ

Value

Rating
Likes

ðijÞ

PðDl jZl ; Tl ; al ; bl ÞPðTl jSðijÞ ; wl Þ

l¼1 ði;jÞ2P

Data item

Favorites
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L
Y

76,058

Description
The number of views
The number of times added as favorite
videos by different users

114,028

The positive rating by viewers

2,917

The negative rating by viewers

42,551

The number of comments by viewers
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v1
u1

...

vh

...

vH

...

x1 h

xk 1

xk h

xk H

...

uk

uK

xK h

(a)

(b)

(c)

Fig. 3 a The user-item matrix. b User-based collaborative filtering. c Item-based collaborative filtering

on the number of ‘‘Likes’’ minus the number of ‘‘Dislikes’’.
Therefore, we generate 4 popularity-based ranking lists.
3.5 Collaborative filtering-based ranking
Collaborative filtering is the most widely adopted approach
for video recommendation. It is usually accomplished by
mining a user-item matrix (Fig. 3a). For K users and H
videos, each element xk,h = r indicates that user uk rated
video vh by r, where r 2 ½0; . . .; 1.
The user-item matrix can be decomposed into row
vectors:
X ¼ ½u1 ; . . .; uK T ;

uk ¼ ½xk;1 ; . . .; xk;H ;

k ¼ 1; . . .; K
ð13Þ

Each row vector uTk corresponds to a user and represents
the particular user’s video ratings. As discussed below, this
decomposition leads to user-based collaborative filtering.
Alternatively, the matrix can also be represented by its
column vectors:
X ¼ ½v1 ; . . .; vH ;

vh ¼ ½x1;h ; . . .; xK;h T ;

h ¼ 1; . . .; H
ð14Þ

where each column vector vh corresponds to a specific
video’s rating by all K users. This representation leads to
the item-based recommendation approach.
User-based collaborative filtering User-based collaborative filtering approach first finds the ‘‘peers’’ who have
the similar tastes with uk (e.g., rated the same videos
similarly), and then recommends the videos that are most
liked by those ‘‘peers’’. As illustrated in Fig. 3b, each
‘‘peer’’ (row vector) is represented as a rating vector, where
each element is a rating score on a video. The similarity

between two ‘‘peers’’ is calculated by measuring the cosine
distance between these two vectors. We then select the
top-N ‘‘peers’’ and recommends the videos they like to the
user uk.
Item-based collaborative filtering Item-based approach
uses a similar strategy to measure the similarity between
videos instead of users. As illustrated in Fig. 3c, the
unknown rating of a test video vh by a test user uk can be
predicted by averaging the ratings of other similar videos
rated by him/her. Again, each video (column vector) is
sorted and re-indexed according to its similarity towards
the test video in the user-item matrix, and rating from more
similar videos are weighted stronger [8, 36]. In this paper,
we adopt the cosine measure to estimate the item similarity. Like the top-N similar users (‘‘peer’’), a set of top-N
similar videos toward vh are selected.
In this paper, we regard the rating value xk,h as an
indicator. Here, xk,h = 1 means that user uk has viewed
video vh before, and xk,h = 0 otherwise.
We employ the aforementioned two methods, i.e., userbased collaborative filtering and item-based collaborative
filtering, to generate two ranking lists and integrate them
into our approach.

4 Multi-task rank aggregation
After generating multiple video ranking lists using different information sources, our next task is to aggregate these
video lists into an optimized video list such that the top
items can be recommended to users. It can be formulated as
a rank aggregation problem. Rank aggregation methods
usually can be categorized into two approaches, namely,
the rank-based approach [9] and score-based approach
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[27]. Here we adopt the score-based approach, i.e., we fuse
ranking lists according to the ranking scores of each video
instead of their ranking positions. Instead of linearly
combining the search results, we propose a novel ranking
approach, called ‘‘multi-task ranking SVM’’, to simultaneously learn models for multiple users such that the correlation of the users can be explored [2, 6, 11]. In our
approach, the multi-task SVM algorithm is employed to
explore the correlations among multiple ranking lists, and
the ranking SVM algorithm [5, 44] is used to focus on the
ranks among samples. Compared with the typical SVM,
which uses a set of feature vectors as well as samples’
labels to learn a classifier, the ranking SVM uses the difference between two feature vectors as well as the ranking
order to learn a ranking classifier. When two samples are
provided to the ranking SVM algorithm, the classifier can
predict which sample has a higher rank.
We first introduce several notations. Let v represent a
vector of the video v, where each element of v is a score
value of this video in a ranking list. We denote vi  vj and
ðvi ; vj Þ 2 R, if a video vi is ranked higher than a video vj in
an order R. Otherwise, we denote ðvi ; vj Þ 62 R. We assume
for simplicity that R has a strict order, which means that,
for all pair vi and vj in R, we have either vi  vj or vi vj .
Let R be the optimal ranking of video in which the video
is ordered perfectly according to the user’s preference. A
training set for multi-task ranking SVM is a set of partial
orders R R, which are the total number of pairwise
orderings. The target of the multi-task ranking SVM is to
learn a function fk that satisfies fk ðvi Þ [ fk ðvj Þ for all pairs
of ðvi ; vj Þ 2 R given the k-th user. For simplicity, we
assume fk ðvÞ ¼ wk  v. We assume that for every user, all
wk can be defined:
wk ¼ w0 þ Dwk

ð15Þ

where w0 can be viewed as a common part of all users and
Dwk indicates the distinct difference of the k-th user. The
vectors Dwk are usually enforced to be small, i.e., we
assume that the tasks are related in a way that the true
models are all close to some model w0 . We then estimate
all Dwk as well as w0 simultaneously. To this end, we solve
the following optimization problem, which is analogous to
SVM [11]:
min

nk
K X
X

nki þ k1

k¼1 i¼1

K
X

jjDwk jj2 þ k2 jjw0 jj2

k¼1
ð1Þ

ð2Þ

s.t. ðw0 þ Dwk Þðvki  vki Þ

1  nki nki

ð16Þ

0

In the aforementioned equation, nk denotes the number
ð1Þ

ð2Þ

of training sample pairs for the k-th user, ðvki ; vki Þ refers
to the k-th training pair for the i-th user, k1 and k2 are the
positive regularization parameters, and the nki are slack
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variables that measure the error of the final models wk . We
can see that, actually the formulation poses a regularization
constraint on the ‘‘common part’’ w0 and control how much
the solutions wk differ from each other by controlling the
size of the Dwk . If either k1 or k2 is set to 0, the problem
degrades to the conventional ranking SVM algorithm. The
difference is that, if k1 = 0, the formulation is to learn a
global ranking SVM with all training data; if k2 = 0, the
formulation is to learn a ranking SVM for each user
independently with the training data for this specific user.
It can be derived that the optimal solution to the optimization problem is
m
T X
ð1Þ
ð2Þ
Dwk ¼
aik ðvik  vik Þ
ð17Þ
2k1 i¼1
K
k1 X
Dwk
Kk2 k¼1

w0 ¼

ð18Þ

where aik is the nonnegative Lagrange multipliers. The dual
formulation for the above problem is:
(
m X
K X
m X
K
1X
ð1Þ
ð2Þ ð1Þ
ð2Þ
max 
ais ajk Ksk ðvis  vis ; vjk  vjk Þ
aik
2 i¼1 s¼1 j¼1 k¼1
)
m X
K
X
þ
ait
i¼1 k¼1

s.t. 0  aik  T=2k1

ð19Þ

where

Ksk ðy; zÞ :¼


k1
þ dsk y  z;
Kk2

s; k ¼ 1; . . .; T

ð20Þ

Accordingly, we can obtain the optimal w0 and Dwk . By
performing rank aggregation with the weight vector
w0 þ Dwk , we can obtain the final ranking list for
recommendation.

5 Experiments
5.1 Experimental settings
We conduct experiments on 76 participants with their
permissions to download their information on Facebook
[12] and YouTube. Online social networks such as Facebook allow users to interact and share content using social
links. Take the most popular interaction activity ‘‘comment’’ for example, on Facebook; a user’s friends can post
comments to the user’s wall and these comments appear on
the user’s wall and can be seen by others who visit
the user’s profile. So, on Facebook, we downloaded the
profiles of these 76 users (including education background,
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occupation, philosophy, location, interests, etc.), as well as
the interaction activities (such as messages, news feed and
comments) for each user between Sep. 2010 and Oct. 2010.
Totally, there are about 76,000 interaction activities. On
Youtube, we collected the viewed videos by each user in a
one-month period (from Dec. 2010 to Jan. 2011). The
videos and their associated information, including title,
description, tags, category and popularity, were collected.
As a result, we collected 11,400 videos in total (150 videos/
user). Figure 4 shows a set of video examples downloaded
from YouTube.
For the interaction activities from Facebook, we randomly divided it into two parts: the training set that containied about 38,000 interaction activities and the testing
dataset that included 38,000 interaction activities. The
training set is used to learn the parameters in the graph
model, and the testing set is used to evaluate the performance of our graph model on users’ relationship strength.
For YouTube videos dataset, we split the viewed videos
into two parts for each user: the training set (5,664 videos),
including all the videos, viewed in the first two weeks by
each user, and the testing set (5,736 videos) containing all
the videos, viewed in the next two weeks. For the training
set, we further divided it into two parts: the first part
consists the videos viewed in the first week (2,756 videos)
and the second part consists the videos viewed in the
second week (2,908 videos). For the first part in the

training set, we take it as a viewing history since the
History-Based Ranking needs history information to conduct video recommendation. For the second part, we use it
to train all ranking lists as well as learn a multi-task
ranking SVM model. The testing set is used to evaluate the
performance of video recommendation.
To evaluate the performance, on Facebook dataset, we
adopt a manual labeling procedure to generate ground
truth. We ask 76 users to label the relationship strengths.
For each user, we provide a list of his friends and an
activity domain, and then the user labels his relationship
strengths with each of his friends on the scale of ‘‘strong’’,
‘‘normal’’, ‘‘weak’’. When two users label a different
relationship strength between them, we will ask them to
relabel this relationship strength. After that, we obtain
39,900 relationship strengths on all the domains. On
YouTube video dataset, for each user, we simply take the
relevant videos for recommendation as those videos have
been viewed before by that user. All the other videos are
taken as negative samples. It is worth noting that this setting could make the performance underestimated, as the
users may also be interested in the other unseen videos.
However, it is sufficient to compare the performance
among different algorithms.
For performance evaluation metric, we adopt the normalized discounted cumulative gain (NDCG) [25]. Given
the ranking list v1 ; . . .; vk , NDCG@k is calculated by

Fig. 4 Several examples of the 11,400 videos used in our experiments
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NDCG@k ¼

k
1X
2tðiÞ  1
Z i¼1 logð1 þ iÞ

ð21Þ

where t(i) is the function that represents the reward given to
the video at position i, and Z is a normalization term
derived from the top k videos of a perfect ranking. We set
t(i) = 1 if the i-th result is relevant, 0 otherwise.
5.2 Experimental results
5.2.1 Evaluation on social network based video
recommendation
In this experiment, we evaluate the performance of social
network-based ranking on video recommendation. The
parameters of our graph-based method in Sect. 3.3 are set
by the 5-fold cross-validation on the training set of Facebook dataset, where we set the scaling parameter r = 0.5
(see Eq. 5) and k1 = k2 = 1 (see Eq. 10).
In the first experiment, we evaluate the effectiveness of
our graph-based approach on relationship strength estimation. We compare our approach against the Linear Combination Approach (LCA), where the relationship strength
between two users in a specific activity domain is calculated by the linear combination of two sources: the profile
similarity of these two users and the interaction activity
strength between these two users in that domain. The fuse
weights in LCA approach is determined by the 5-fold
cross-validation on the training set of Facebook dataset.
Figure 5 shows the performance comparison results. We
can see that for each activity domain, our approach which
attempts to represent the intrinsic causality of social
interaction activities via statistical dependencies outperforms the linear combination method, in which the relationship strength on a specific activity domain is calculated
as the linear combination of two users’ profile similarity

Fig. 5 The performance comparison between our approach and the
LCA on various activity domains
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and the interaction activity strength in that domain. This
demonstrates the effectiveness and feasibility of our
approach. The performance difference is significantly large
in the ‘‘sports’’ domain. One possible reason is that
‘‘sports’’ domain contains some representative words such
as ‘‘basketball’’, ‘‘swimming’’, and ‘‘jogging’’, to ensure a
high classification accuracy on interaction activities, and
thus the relationship strength estimation is more accurate.
In the second experiment, we evaluate the utility of our
social network-based ranking approach using or without
using activity domain. For the approach without using
activity domain, we use our graph model to infer user’s
relationship strength without discriminating the activity
domains. This unique relationship strength between two
users is used to recommend videos.
Table 3 illustrates the comparison results measured by
average NDCG@10. From the results, we can see that our
approach using activity domain outperforms that without
using activity domain. The activity domain is quite useful
source to recommend videos. For example, when two users
ui, uj share interest on the domain sport, the sport videos
from uj are better items to be recommended to ui, as
compared with the other videos from uj.
5.2.2 Evaluation on multiple information sources
In this experiment, we compare our approach that integrates all the information sources to the approaches that
only use one or a part of the information sources. The
parameters are set as follows: for the User Information
approach (UI) and the History-Based approach (H), we
empirically set the scaling parameters r = 0.5 in Eqs. (1)
and (3). The parameters of the social network-based
ranking are set by the 5-fold cross-validation on the
training set of Facebook dataset. We use our Multi-Task
Rank Aggregation to combine multiple ranking lists, where
we set the parameters k1 = 1 and k2 = 3 (see Eq. 16) by
the 5-fold cross-validation on the second part of the
training set.
Table 4 illustrates the comparison results measured by
average NDCG@10. From the results, we draw the following conclusions: First, the text-based recommendation
consistently achieves a better performance than the visual
content-based recommendation and the popularity-based
recommendation. Second, comparing the results on history
information, recommendation based on recent viewing
history performs better than that on short-term history and
long-term history. This is because many users’ interests are
temporally continuous and thus the recently viewed videos
are usually closer to users’ interests. Third, among the two
approaches based on online social network, the one
leveraging the relationship strengths has much better
results than the other one which only uses the binary
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Table 3 The utility of activity domain in social network-based
ranking methods, where R, S, and L indicate the approaches using the
recent videos, short-term history videos and long-term history videos,
respectively
R

S

L

SN-based ranking without using activity domain

0.22

0.25

0.24

SN-based ranking using activity domain

0.26

0.31

0.27

relationship. This is because the approach based on binary
relationship treats the relationships among all users as
equal and neglects an important fact that the close friends
may be a more reliable source than the acquaintances in
video recommendation. Fourth, the more the information
sources are integrated, the higher the performance is
achieved. Thus our approach integrating all the information
sources achieves the best performance.
5.2.3 Evaluation on multi-task rank aggregation
In this experiment we compare our multi-task rank aggregation approach with the following two methods for rank
aggregation:

1.
2.

Learning a global rank aggregation model for all users,
i.e., the weighting vectors of all users are identical.
Learning a specific rank aggregation model for each
user, i.e., w0 is removed in Eq. 2.

We denote our approach and these two methods as
‘‘Multi-Task’’, ‘‘Global’’ and ‘‘Local’’, respectively. These
two methods both use Ranking SVM, and the only difference is that, the first one learns a model for all users and the
second one learns a model for each individual user. As
mentioned in Sect. 4, these two methods can also be
regarded as setting k1 and k2 to 0, respectively. For these
two methods, the parameters of Ranking SVM are tuned by
the 5-fold cross-validation on the second part of the
training set.
These three methods are used to fuse the 21 ranking lists
introduced in Sect. 3. Figure 6 illustrates the comparison of
average NDCG at different depths. We can see that our
approach consistently outperforms the other two methods.
Figure 7 illustrates the detailed NDCG@10 results for the
76 users. We can see that for most users our approach
achieves the best results. It is worth noting that, by
adopting the multi-task rank aggregation approach, we
partially address the problem of recommendation videos

Table 4 The comparison of
exploring different information
sources for video
recommendation (for the history
type, R, S and L indicate the
recent video, short-term history
and long-term history,
respectively)
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users with empirical justification. Besides, we will explore
automatic methods for determining activity domains that
will be used in the social network-based ranking.

Fig. 6 The performance variation of different ranking strategies in
different depth
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