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Abstract YouTube-like video sharing sites (VSSes) have

gained increasing popularity in recent years. Meanwhile,

Face-book-like online social networks (OSNs) have seen

their tremendous success in connecting people of common

interests. These two new generation of networked services

are now bridged in that many users of OSNs share video

contents originating from VSSes with their friends, and it

has been shown that a significant portion of views of VSS

videos are attributed to this sharing scheme of social net-

works. To understand how the video sharing behavior,

which is largely based on social relationship, impacts

users’ viewing pattern, we have conducted a long-term

measurement with RenRen and YouKu, the largest online

social network and the largest video sharing site in China,

respectively. We show that social friends have higher

common interest and their sharing behaviors provide

guidance to enhance recommended video lists. In this

paper, we take a first step toward learning OSN video sharing

patterns for video recommendation. An autoencoder model is

developed to learn the social similarity of different videos

in terms of their sharing in OSNs. We, therefore, propose a

similarity-based strategy to enhance video recommenda-

tion for YouTube-like social media. Evaluation results

demonstrate that this strategy can remarkably improve the

precision and recall of recommendations, as compared to

other widely adopted strategies without social information.

Keywords Video recommendation � Social media �
Social similarity

1 Introduction

In the past several years, the landscape of the Internet has

been largely changed. Various kinds of new applications

have emerged and attracted a lot of people. Compared with

the Internet 10 years ago, the networked services in this

Web 2.0 era [39] focus more on user experience, user

participation and interaction, and rich media such as vid-

eos, music, and photos. People are now an active part of the

new ecosystem, rather than passively receiving informa-

tion, as in the past. Optimized search engines can provide

more accurate search results, significantly facilitating the

acquisition of relevant information. Peer-to-peer systems

relieve the burden of servers and utilize the network

resources more efficiently. The scope of this paper is nar-

rowed down to two popular social media services, video

sharing and online social networks.

YouTube [11]-like video sharing sites (VSSes) are

becoming increasingly popular among Internet users in this

Web 2.0 era, thanks to the reduced cost of high speed

Internet access and the prevalence of powerful smart-

phones. In traditional live streaming and VoD (Video on

Demand) services, the videos are provided by the content
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providers and users can only watch this limited range of

videos. The emerging VSSes, represented by YouTube,

however, enable people themselves to be directors and

creators. These sites provide people a free stage to show

their own products and a platform for advertising through

embedding and sharing in other places. As such, there are

countless videos uploaded to VSSes every day. People with

any kind of personal interest can always find the videos

they like.

This new mode of video services has achieved unprec-

edented success. The latest statistics [12, 13] show that

You-Tube has reached 4 billion video views per day and 1

hour of video is uploaded per second; the traffic from

mobile devices tripled in 2011 and mobile devices con-

tribute more than 10 % of global views. The great success

of YouTube has attracted a lot of content generators to

upload their videos, partners to collaborate, and companies

to advertise commercial products.

Meanwhile, we have witnessed the emergence and

success of online social networks (OSNs), as represented

by Facebook [3] and Twitter [9]. There are over 900 mil-

lion active users for Facebook as of May 2012 [4]. Face-

book provides users a totally new platform to connect with

old friends as well as to make new friends. An important

feature of OSNs is that people can share all types of con-

tents, including articles, pictures, music and videos, to their

friends. As such, these two new generation of services have

been bridged. OSNs can provide users with popular mul-

timedia contents, and thus, users are inclined to stay longer

on social networks. This benefits OSNs almost as a free

lunch that music and videos are stored and maintained by

VSSes. On the other hand, VSSes enjoy the boost in video

views, which increases the revenue from advertisement.

The latest statistics reveal that 40 % of all YouTube views

come from Facebook [26] and Twitter is also a major

sharing platform of YouTube videos [13].

Given the numerous different genres of videos in social

media, how to discover the videos of personal interest and

recommend them to individual users is an important task.

The first solution is the video search for which users need

to input the keywords they are interested in. This is one of

the main sources of the video views [55]. Besides the video

search, recommendation systems can proactively suggest

videos that meet users’ potential interest. A good recom-

mendation system can accurately capture personal interest,

attracting users to view more videos and thus increasing the

chance to make profit through embedded commercial

advertisements.

Recommendation systems have been widely used in

E-commerce [43] such as eBay [2] and Amazon.com [1].

They provide recommendations based on personalized

information so that the recommended items are likely

to be of use to a user. A classic way of categorizing

recommendation systems is described in [20] and [41]. To

evaluate a recommendation system is the next step after its

design. There are three types of experiments that are

widely used for evaluation, namely offline experiments,

user studies, and online evaluation [47].

In our social media context, the goal of recommendation

systems is to suggest the videos that are more likely to be

viewed. Both OSNs and VSSes utilize recommendation

systems, explicitly or implicitly. For non-registered users,

VSSes list the most popular, recently added videos, and

also hot videos in each category on home pages. These are

the top ranked items according to all users’ activities.

Moreover, if the user clicks to watch one video, VSSes will

recommend the most related videos, in terms of content

classification and viewing pattern. For registered users,

personalized recommendations have been developed. For

example, YouTube delivers a set of personalized videos to

registered users based on their previous activities (watched,

favorited, liked) on the YouTube site [27]. The videos

related to the personal activities are selected and then

ranked according to a linear combination of several metrics

(video quality, user specificity and diversification). Finally,

the top ranked video candidates are listed as ‘‘Recom-

mended’’ to users.

For OSNs, Facebook has no specific recommendation

system yet and it only displays friends’ shared videos

according to the timeline, shown as ‘‘News Feed’’. If two

persons are good friends, and one of them happens to

notice the shared video of the other one, then s/he is likely

to click the sharing link. Unfortunately many a time, the

sharing information on OSNs is pushed down to the bottom

of home page by other news feed, and thus would be never

noticed. As such, an explicit recommendation system is

needed to retrieve interesting sharing information which

should consider both personal activities and friends’ rec-

ommendations. For now, there is a first step attempt by

YouTube that users can connect their social network

accounts (Google Plus [5], Facebook, and Twitter) to the

YouTube accounts. However, it just retrieves the aggre-

gated video sharing information from social networks and

simply arranges it according to the timeline, which is far

from satisfying individual users.

In this paper, we for the first time combine the mea-

surements from OSNs and VSSes together and explore the

possible gain of a video recommendation system based on

social relations. To better understand the interaction

between OSNs and VSSes, we closely cooperated with

RenRen [8], the largest OSN in China, to analyze its server

access logs. We also accordingly crawled the related data

from Youku [10], the largest VSS in China. Starting from

March 24th, 2011, both the video viewing and sharing

behaviors are recorded over three months. Based on this

measurement, we observe that social friends generally have
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higher common interest and their sharing behaviors pro-

vide guidance to enhance video recommendation. A

social circle [54] consisting of an OSN user and his/her

social friends will manifest a collective preference over a

set of videos, and thus videos’ popularity will be dis-

crepant in different social circles. We examine the video

similarity in terms of popularity distribution across social

circles and develop an autoencoder model to learn this

similarity. A customized video recommendation system is

further proposed to recommend the most similar videos

based on viewer history video lists. Based on the collected

data set, we conduct offline experiments to evaluate our

system.

The rest of this paper is organized as follows. In Sect. 2,

we give an overview of related work. In Sect. 3, we

describe our measurement methodology and present our

measurement results, which reveal the opportunity to

design a social network based video recommendation

system. In Sect. 4, we discuss how to train an autoencoder

using our data set and select an appropriate model. We

compute the video similarity based on the obtained auto-

encoder and propose an enhanced recommendation system

in Sect. 5. The system is evaluated in Sect. 6. We give

further discussion in Sect. 7 and conclude this paper in

Sect. 8.

2 Related work

The rapid development of VSSes has attracted significant

attention from research community. A lot of works [22, 23,

29] have been conducted toward understanding the prop-

erties of this new generation of application. Gill et al. [29]

analyzed the YouTube traffic and presented such charac-

teristics as usage patterns, file properties, popularity, and

transfer behavior of YouTube. Cheng et al. [23] studied the

statistics of YouTube videos and found that these videos

are significantly different from conventional streaming

videos, in terms of video length, access pattern, growth

trend, and active life span. It further showed that the links

to related videos generated by uploaders’ choices render

clear small-world characteristics, which indicates that the

videos have strong correlations with each other. Cha et al.

[22] studied the video popularity characteristics of the

YouTube videos, especially the popularity lifetime and the

relationship between requests and video age. These repre-

sentative works mainly explored the unique characteristics

of the videos in VSSes that are different from those of

traditional VoD/streaming videos.

Some other works take efforts to study the human fac-

tors in social media propagation. The human factors come

from several sources. For example, the viewing activities

lead to different popularity and life time of different

videos; the sharing behavior that users can share the videos

from VSSes on personal websites, blogs, and OSNs such as

Facebook and Twitter; the viewer response, such as fea-

turing, like/dislike and comments. The characterization of

video interactions through video responses is discussed in

[17]. The effect of the sharing behavior is explored in [24].

External links that reference the video object outside the

YouTube websites provide an important way of advertising

the videos especially at their early stage. Rad et al. [15]

studied the video propagation and popularity in YouTube

based on two types of connections, i.e., friends and fol-

lowers. Given that now a substantial portion of video views

come from online social networks, the authors in [36]

presented a detailed measurement study and analysis on

video sharing in online social network. They also devel-

oped an effective model to simulate the video propagation

process in online social networks. The authors in [52] used

YouTube as a case study to explore the impact of social

network structure on content propagation. Different from

previous works that focused on the video properties in the

stand-alone VSS environment, these works explore how

the social relations influence the video propagation and

popularity. They found that users’ interest in the video and

the duration of the interest are crucial factors to video’s

popularity. As a result, human factors play a more impor-

tant role than the video content in the video propagation in

OSNs. Besides videos, Guo et al. [31] also analyzed such

kinds of user generated content in OSNs as blog, bookmark

sharing, and question-answering, and they found that users’

posting behavior has strong daily and weekly patterns and

follows stretched exponential distributions, which is simi-

lar to the video sharing behavior.

There are many existing studies on the design of online

video recommendation system. Baluja et al. [16] presented

a novel method based on the random walks of the entire

user-video graph to provide personalized video suggestions

for users. Zhou et al. [55] studied the effect of YouTube

related video recommendation system on video views.

They found that this recommendation is the main source of

views for many YouTube videos, and it helps to improve

the diversity of video views. Hence, further enhancement

to the current recommendation system is highly desirable.

Davidson et al. [27] introduced the customized recom-

mendation system of YouTube that takes personal activity

into consideration. Park et al. [40] proposed a framework

for recommending online videos by constructing user

profiles as an aggregate of tag clouds and generating rec-

ommendations according to similar viewing patterns. Dif-

ferent from most random-walk models such as [16] and

[49], the study from Zhu et al. [56] is one of the first papers

in the machine learning literature to consider the problem

of semi-supervised classifier design for recommendation. A

cross-space affinity learning approach is proposed to
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improve movie recommendation [50], where movies of

higher user rating are recommended. Yang et al. [51]

presented an online video recommendation system based

on multimodal function and relevance feedback. The pro-

posed system can recommend videos without users’ pro-

files. The difference between these works and ours is that

they mainly focus on the recommendations in a stand-alone

environment. The social relations of users are not consid-

ered. On the contrary, we have obtained measurement data

from both video sharing site (Youku) and online social

network (RenRen). In this paper, videos’ popularity and

users’ social relationship are considered jointly for

designing a better recommendation system.

Many studies have also focused on the content recom-

mendation in social network sites. For example, Bogers

et al. [19] considered recommendation for social book-

marking websites. They just tested different fusion of

classic recommendation approaches mentioned before

without considering social relations. Said et al. [42] dis-

cussed how social relations can affect user behaviors and

similarities. They evaluated the impact of social graphs on

user similarities in movie tastes and advocated to use social

relations for recommendation. But they did not propose a

detailed recommendation system. Pessemier et al. [28]

developed a tag cloud based recommendation system for

user-generated content which exploits social relations. This

work actually considers the impact of other users in the

YouTube-like social media, while our work considered the

users in OSNs and distinguishes friends and non-friends.

The most relevant works to ours are [33, 35, 37, 38]. All

these works considered to utilize the social relations to

calculate the rating and regarded friendship as a kind of

trust. Yet, our work emphasizes the impact of social rela-

tions on the propagations and popularity of videos. Our

system recommends the similar videos in terms of the

popularity distribution across social circles. Not only to

increase the possibility that the recommended videos to be

viewed, we also want to assist the propagation of videos.

3 Measurement study

3.1 Measurement methodology

Our data set is crawled from the websites of RenRen and

Youku and also contains some proprietary information

provided by RenRen. We use six different computers to

conduct crawling and then combine the data together.

Video sharing in RenRen is based on the friend relation-

ships. Initially, some users (as initiators) share a video link

from a VSS to RenRen. This link immediately appears in

their friends’ main page as a ‘‘News Feed’’ in chronolog-

ical order. Then the friends of these initiators will probably

click the shared video link that appeared in their ‘‘News

Feed’’. A video can be further propagated only if some

viewers re-share the link. Such spreading method is also

adopted in other systems, such as Facebook and Twitter.

For each video in our data set, we get such information as

the sharing time, original URL in VSS, total shares, and

total views in RenRen. We also obtain the statistics of these

videos in Youku. Youku is selected since it contributes

almost 80 % of the total shared videos in RenRen. When a

user in RenRen starts to view a video shared by her/his

friend, a viewing record will be sent to the log server. The

format of one item of log is as follows:

stime; viewer ID; video URL; dsharer ID; osharer ID

where stime is the time when the viewer watched the video

(as specified by the video URL) shared by the direct sharer

(dsharer). This video was first shared in RenRen by the

original sharer or initiator (osharer).

In a typical day, there are over 10 million items of logs.

The data set includes over 3 million viewers from RenRen

and about 200,000 videos from Youku. It captures the

video sharing and watching behaviors among socially

related viewers. Specifically, we choose the data of one day

(March 24th, 2011) for analysis. There are 14,753,242

items of logs in total. There are 201,553 different URLs,

namely the video sources and 3,514,460 viewers. For the

ease of data processing, we use a unique number as the

video ID instead of directly using the URL. The average

video popularity (the times that a video has been viewed) is

73.2 and the average viewer activity (the number of videos

that a viewer has viewed) is 4.2. To show their distribution,

we plot the number of views per video and number of

views per viewer as a function of the rank of the video and

the viewer in Figs. 1 and 2, respectively.
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We can see that both plots have a long tail on the log–

log scale, however, they do not follow a Zipf distribution,

which should be a straight line on a log–log scale [14]. The

Pareto principle [6] that roughly 80 % of the effects come

from 20 % of the causes, which is also known as the 80–20

rule, is widely used to describe the distribution with

skewness. Previous works have shown that 10 % of the

most popular videos account for nearly 80 % of total views

in YouTube [21, 22] and 30 % of the most popular videos

contribute 80 % of total views in Youku [32]. We observe

the similar scenario in our data set yet with some differ-

ence. The top-0.5 % popular videos account more than

80 % of total views and the top-1.65 % popular videos

account for 90 % of total views. We can see that the

skewness of video popularity is much higher in OSNs than

in VSSes. For attractive videos, when someone shares them

to her/his friends, more of the friends are likely to view

them. These viewers will further share these videos again

to their own friends with a very high probability. For

unattractive videos, there are fewer direct share users and

also fewer indirect share users. This difference in propa-

gation for attractive and unattractive videos would be

accumulated through cascading along the friend links.

Hence, attractive videos receive more requests and the

unattractive videos fade out quickly after very few cascade

steps.

The skewness, however, is much lower for viewer

activity. 1.65 % of the most active viewers only account

for 36.99 % of total views. This is reasonable since for

URLs, they could be viewed by many viewers simulta-

neously all day. While most viewers watch one video at the

same time and they only spend limited time on watching

videos. Further, there is no cascading effect on viewer

activity. We can observe the huge difference in terms of

average views (73.2 per video vs. 4.2 per viewer). We can

also observe an obvious turning point that distinguishes the

popular and unpopular videos around the video rank of 100

in Fig. 1, while we cannot find such turning point in Fig. 2.

3.2 Common interest

We start from examining the videos of common interest of

different viewers. We use C ¼ fc1; c2; . . .; cmg to denote

the set of m viewers. For each viewer ci 2 C, we use Hc_i to

denote the set of the videos in her/his history video list. The

common interest of two viewers, for example c1 and c2, is

thus defined as

CIðc1; c2Þ ¼
jðHc1

\ Hc2
Þj

jðHc1
[ Hc2

Þj ð1Þ

Figure 3 presents the cumulative distribution function

(CDF) of common interest of 10,000 randomly selected

friend and non-friend viewers for one day duration. We can

see that 28 % non-friend viewers have no common interest,

and 80 % of them have watched less than 5 % videos in

common. On the other hand, less than 0.8 % friend viewers

have no common interest and only 30 % of them have

watched less than 5 % videos in common. It is easy to see

that friend viewers have higher common interest compared

with non-friend viewers.

To better understand such a feature in long-term mea-

surements, we also conduct a 90-day statistic for a number

of pairs of friend viewers and compare the results to ran-

domly selected pairs of non-friend viewers. As shown in

Fig. 4, we can see that 71 % non-friend viewers have no

common interested videos. The friend viewers, on the other

hand, often have higher common interest where only 18 %

of them never watched a common video in 90 days.

Moreover, the average common interest of friend pairs and

non-friend pairs is 7.57 and 3.02 %, respectively, in this
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figure. It is also worth noting that the common interest in

Fig. 4 is lower than that in Fig. 3. The reason is that for long-

term measurements, even a slight difference of interest can

leads to an accumulative impact on the common interest.

3.3 Social similarity of videos

Besides videos’ popularity distribution across individual

viewers, we further consider it across different social cir-

cles. A social circle will generally manifest a collective

preference over a set of videos since the friends have

common interests in videos. The relationship of videos and

their sharing information can be represented by a matrix R.

Each element Rði; jÞ ¼ k; k 2 Z indicates that the video j is

viewed by k friends of user i. This value reflects the pop-

ularity distribution in the social circle of user i. This matrix

can be inferred from our viewing/sharing logs.

For illustration, we use the data set of one day duration on

March 24, 2011 that consists of over 12 million items of logs

after deleting duplicate ones (viewers may click and watch

the same video multiple times, and this behavior is considered

as one log entry). We call this data set as raw data set. We

extract the videos’ ID and the corresponding sharing infor-

mation from the data set. We filter out the users who shared

very few videos, say less than 5); we also filter out the users

who share too many, for example more than 1,000, videos in

one day1. This results in 263,115 log entries including 1,596

share users and 11,980 videos (We call this data set DatasetA).

A visual illustration of partial R is shown in Fig. 5.

We can see clear video preferences across different

social circles in this figure. For example, the friends of user

1–500 are not interested in video 1–10. The friends of user

25–30, on the other hand, are quite interested in these

videos. These different preferences lead to diverse popu-

larity distributions of different videos. As we can see from

Fig. 5, some videos have very similar sharing popularity

distribution across all the social circles (for example, video

18 and 21). We define social similarity of two videos based

on their popularity distribution across social circles. A

general definition is

mði; jÞ ¼ 1

kdiðs1; . . .; snÞ � djðs1; . . .; snÞk1 þ D
ð2Þ

where diðjÞðs1; . . .; snÞ denotes video i(j)’s popularity dis-

tribution across social circles s1 to sn and k � k1 denotes the

L1-norm; D is a smoothness parameter that controls the

range of similarity values. When two videos are exactly

the same in terms of their social similarity, the similarity

value is 1
D (it will be infinity without D). Hence, we have

mði; jÞ 2 ½0; 1
D�; 8i; j: We can see that this social similarity

can be hardly obtained in practice for real systems due to

extremely high dimension of the raw data. The dynamic

viewers’ preference further increases the difficulty in

accurately computing the value. Fortunately, the autoen-

coder model, which performs dimensionality reduction,

offers a powerful tool to address these problems [34]; it

learns a compressed representation for the raw data (matrix

R) and extracts a low dimension set of useful features, as

will be detailed in the next section.

4 Learning model

In this section, we first give a brief introduction to auto-

encoder and discuss how to train the autoencoder using our

data set. We then evaluate autoencoder models with dif-

ferent parameter settings and select an appropiate model

for learning.
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Fig. 5 Visual illustration of R

1 The RenRen engineers are also working on the behaviors of these

highly active share users to see if they are some ‘‘OSN bots’’ on the

user clients. However, the detailed discussion of this problem is

beyond the scope of this paper.

X. Ma et al.

123



4.1 Autoencoder

Given the high dimension of the raw data which is represented

by the matrix R, it is desirable to reduce the dimension while

still preserving most of the information. Many dimension

reduction techniques have been proposed to faciliate the

classification, computation, and storage of high-dimension

data. Principle components analysis (PCA) is a simple yet

widely used approach that finds the directions of greatest

variance in the data set or the most important gradients. For

many data sets, the original data can be well approximated

using only the first few principal components so that the

dimensionality of the transformed data is reduced [7]. Auto-

encoder is a nonlinear generalization of PCA, which can give a

non-linear mapping from input space to transformed space,

while PCA can only perform a linear mappling. As such, au-

toencoders are more flexbile and have been used in many

applications, such as handwritten digits recognition [53] and

natural language processing [46]. After examining the char-

acteristics of our data set (high dimension and highly clus-

tered), we find that autoencoders can be used to measure social

similarity between videos in a low-dimension space.

Autoencoder neural networks attempt to find features of the

input set which can then be used to reconstruct the input layer

at the output layer. To obtain the input of the autoencoder, we

first normalize the relation matrix R into a set of binary video

profiles. This includes performing standardization over the

columns and then the rows of R, and thresholding the resulting

matrix at 0. We use R0 to denote the normalized matrix. We

adopt the neural network notation and refer to every video

profile (every column of R0) as an input data point v of Nv

dimensions, and every share user corresponds to the ith ele-

ment in the profile as a binary visible unit vi.

Then, we adopt a one-layer autoencoder to learn the

manifold that will be used to calculate the similarity. For

better illustration, we present the structure of an autoen-

coder with one hidden layer in Fig. 6. We can see that the

graph of autoencoder does not have any directed loops or

cycles, and thus, autoencoder is a kind of feedforward

neural network.In our scenario, the columns of the nor-

malized matrix R0 are mapped to the neurons in the input

layer. The circles labeled ‘‘?1’’ are called bias units. The

hidden layer, which is often referred to as manifold, has a

significantly lower dimension than that of the input layer.

The manifold retains most of the information of input in a

low-dimension space. We use the manifold of only one

hidden layer which is enough for our problem. The mani-

fold considered is in ð0; 1ÞNh , where Nh denotes the

dimension or the number of hidden units, and each coor-

dinate is denoted by /j 2 ð0; 1Þ. The neurons in the output

layer have the same meaning as in the input layer. The

projection from the input layer to the hidden layer and the

projection from the hidden layer to the output layer are both

given by sigmoidal transform, defined as follows, respectively:

/j ¼ r bj þ
XNv

i¼1

wijvj

 !
; 8j ¼ 1; 2; . . .Nh ð3Þ

v̂i ¼ r ci þ
XNh

j¼1

wij/i

 !
; 8i ¼ 1; 2; . . .Nv ð4Þ

where rðxÞ ¼ 1=ð1þ expð�xÞÞ is the sigmoid function, and

v̂ is the reconstruction obtained by projecting the input data v

from the input layer to the output layer. This projection is

parametrized by W 2 R
Nv�Nh ; B 2 R

Nv , and C 2 R
Nh , where

W denotes the weight parameters, and B and C denote the

bias terms. We use w, b, and c to represent the element. /j

and v̂i are also called the activation of unit j in the hidden

layer and the activation of unit i in the output layer,

respectively. Sigmoid function is selected as the activation

function in our model (there are other types of activation

function such as Gaussian function and step function). We

calculate the value of each neuron from lower layer to higher

layer and this step is called forward propagation. It is worth

noting that typically the weight parameter associated with the

connection between the units in the input layer and the units

in the hidden layer (wij in Eq. 3), is different from that

associated with the connection between the units in the

hidden layer and the units in the output layer (wij in Eq. 4).

Here, in our model, we benefit from the parameter tying

technique so that these two sets of parameters are equal. This

reduces half number of parameters and works better. The

autoencoder seeks to minimize the square reconstruction

error E(W, B, C) between v and v̂ over the entire training set

of T data points. Specifically,

EðW ;B;CÞ ¼ 1

2T

XT

t¼1

XNv

i¼1

ðv̂ðtÞi � v
ðtÞ
i Þ

2 ð5Þ

where the superscript (t) gives the index of the training

instance.

The hidden units provide an information bottleneck that

prevents the neural network from learning trivial mappings

such as the identity. If the number of hidden units, Nh, is

too small, the information content through the bottleneck is

severely limited and the reconstruction will be poor. On the

other hand, as Nh gets larger, the model incurs overfitting

and introduces some trivial features. To ensure generaliz-

ability, we apply L2 regularization to encode our preference

for the simplest competent model, as follows:

EsðW ;B;CÞ ¼ EðW ;B;CÞ þ a
2

XNv

i¼1

XNh

j¼1

w2
ij ð6Þ

where a is a small constant that trades off model simplicity

with accuracy. We perform cross validation to select the
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best setting for both a and Nh from a discrete set of options.

In particular, we train the model by minimizing

Es(W, B, C) of the train set and select the best model

based on the reconstruction error E(W, B, C) of the test set.

We optimize the reconstruction error on the training set by

running 200 iterations of l-BFGS using Mark Schmidt’s

minFunc [45]. minFunc is widely used for unconstrained

nonlinear optimization (we use sigmoid function as the

activation function which is nonlinear). The input of

the minFunc function is our autoencoder module. In the

autoencoder module, we first use the forward propagation

method to calculate the values of neurons in the output

layer and obtain the reconstruction error using Eq. 6. We

then use the backpropagation algorithm [18] to calculate

the gradients of the weight parameter and update the

weight parameter and the bias terms by taking steps

proportional to the negative of the gradients. For example,

to update W, we have:

Wnew ¼ Wold � cDW ð7Þ

Wold and Wnew are the original W and the updated W,

respectively; DW is the gradient of W at the value of

Wold; c is the learning rate, which is 0.5 in our program.

The updating of B and C follows the same method with the

same c.

This gradient descent method [30] is a very popular first-

order optimization algorithm to find a local minimum of a

function. After running minFunc, we obtain the parameters

W, B, and C that give minimum reconstruction error.

Then, we fix the parameters and evaluate the reconstruction

error on the test set for the chosen values of a and Nv.

The pseudo code of the antoencoder module is shown in

Algorithm 1. The superscript (t) represents the t-th input

data point.

We summarize the notations used for the autoencoder in

Table 1.

4.2 Model selection

We choose several typical values for a (0.0001, 0.01 and

1), and Nh from (10, 20, 50, 100, 200). For each pair of

parameter setting, we perform five trials, and in each trial,

we randomly split the data into a training set of size 10,000

and a test set of size 1,980. We then use the minFunc to

train the autoencoder using the training data set and eval-

uate the selected parameter setting through the recon-

struction accuracy of the test data set.

The model’s sensitivity to the parameters a and Nv is

shown in Figs. 7 and 8, respectively. In both figures, we

report the average value and the standard deviation as error

bars. We can see that the autoencoder yields very high

accuracies. The accuracy decreases with a while increases

with Nv. We, therefore, fix the value of a to 0.0001 and the

number of hidden units Nh to 50. We do not choose

Nh = 100 or Nh = 200 that has higher test set recon-

struction accuracy since it is highly computation intensive

yet with trivial performance gain.

5 Video recommendation enhancement

In this section, we describe how to utilize the social rela-

tions to enhance video recommendations. We first intro-

duce how to compute social similarity of videos based the

autoencoder model we have already trained. Then, we

propose a Social similarity Based Recommendation (SBR)

system to recommend similar videos.

Fig. 6 Structure of one-layer autoencoder
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5.1 Computing social similarity of videos

After selecting the model of the autoencoder, we compute

the social similarity of videos as follows. We run the

minFunc function again with more iterations to further

minimize the reconstruction error. For two different videos

i and j, we then use the obtained parameters (W, B, and C)

to re-calculate their hidden manifolds, respectively, and

compute their similarity based on the L2 distance of the

hidden manifolds, or formally

mði; jÞ ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPNh

k¼1ð/
i
k � / j

kÞ
2

q
þ D

ð8Þ

where /k
i(j) is the kth dimension of video i(j)’s hidden

manifold. The value of the smoothness parameter D is set

to be 0.1 and thus mði; jÞ 2 ½0; 10�; 8i; j.

The pseudo code to compute the video similarity is

shown in Algorithm 2. MaxIter refers to the maximum

number of iterations and its value is set to be 500 in our

program.

We obtain a similarity matrix M 2 ½0; 10�11980�11980

after computing the similarity of all the video pairs. We

choose the videos with indexes from 1,000 to 1,050 and

illustrate a snapshot of the similarity matrix in Fig. 9,

where the intensity of the squares indicates the similarity

value of the corresponding two videos. Darker square

means that the corresponding two videos have higher

similarity. We can see that there are some noticeable small

clusters, which generally include less than 10 videos in this

matrix. This observation confirms that some videos are

indeed similar in terms of the sharing among social friends.

As such, videos can be recommended according to the

similarity among them. There is also a considerable portion

of videos that are nearly different from any other video

and, thus, can be easily excluded from being recommen-

dation candidates.

5.2 Enhanced video recommendation system

To compute personalized recommendations, we find simi-

lar videos association with a viewer’s history video list. For

an arbitrary viewer, our system selects a number of videos

from her/his history video list (denoted as set H) as rec-

ommendation seeds (S ¼ fs1; s2; . . .; sNg; where N is the

number of seeds). We use remaining video list to represent

the videos that are not selected as recommendation seeds.

For each seed si, an equal number (denoted as L) of

highest-ranked videos in terms of similarity value are

chosen and we use set Vi to represent them. The chosen

videos for all seeds are merged together and for each video

we compute its average similarity over all the recommen-

dation seeds. We denote the union of these similar videos

as set V ðV ¼
SN

i¼1 ViÞ.
At last, a number (denoted as K) of highest-ranked

videos in terms of average similarity value are recom-

mended (denoted as set Z) to this viewer. In general, a

Table 1 Summary of notations in autoencoder

v Input data point, v 2 ½0; 1�Nv

T Number of input data points

v̂ Output values. v 2 ½0; 1�Nv

/ Manifold (hidden units), phi 2 ½0; 1�Nh

Nv Dimension of input/output data points

Nh Dimension of manifold (number of hidden units)

W Weight parameter

B, C Bias term

DW ;DB;DC Gradient of weight parameter and bias terms

E Reconstruction error

Es Regularized reconstruction error

a Weight decay parameter
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Fig. 7 The growth of test set accuracy as a function of the weight

decay a
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viewer may have interest in several different topics. We

can further impose constraints on the number of videos

selected for a single seed, or choose seeds with diverse

categories. We will consider this issue in future work.

Then, we compare Z with the viewer’s remaining video list

to check which recommended videos are good recom-

mendations, which will be explained in the next section.

The notations are summarized in Table 2. The pseudo code

is shown in Algorithm 3.

6 Evaluation

6.1 Evaluation data set

To obtain the evaluation data set, We first find all the

viewers who viewed the videos in DatasetA (11,980

videos in total) on March 24th, 2011. Then for each

viewer, the videos in DatasetA s/he watched on this day

compose her/his history video list. We also filter out the

inactive viewers who viewed less than 10 videos on this

day. As a result, our data set consists of 808 viewers and

their corresponding video lists and we use DatasetB to

denote it. The activity distribution of these viewers is

shown in Fig. 10. We can see that the viewer activities

have obvious discrepancy. There are a few viewers that

watched more than 50 videos and most viewers watched

less than 30 videos. We will examine the influence of

viewer activity on the performance of recommendation

systems.

6.2 Evaluation metrics

We evaluate the performance of our video recommendation

system based on two widely used metrics, precision and

recall [48]. In our video recommendation context, for an

arbitrary viewer, a good recommendation means that the

recommended video is in her/his history video list. Preci-

sion is the fraction of recommended videos that are good

recommendations; recall is the fraction of the videos in

video list that are recommended. In some occasions, recall

is also referred to as the true-positive rate. The formal

definitions of good recommendation, precision, and recall

are as follows:

fgood recommendationsg ¼ frecommended videosg
\ fviewer’s history video listg

ð9Þ

precision ¼ jfgood recommendationsgj
jfrecommended videosgj � 100 % ð10Þ
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recall ¼ jfgood recommendationsgj
jfviewer’s history video listgj � 100 % ð11Þ

A perfect precision score of 100 % means that all the

recommended videos are good recommendations. Yet, it is

possible that some videos in the viewer’s video list are not

recommended (false-negative). A perfect recall score of

100 % means that all the videos in the viewer’s video list are

recommended. Yet, it is possible that some recommended

videos are not in the viewer’s video list (false-positive).

Our strategies to evaluate the system performance are

slightly different for these two metrics. For precision, we

recommend a fixed number of videos for each viewer.

Considering that YouTube typically recommends 15 videos

for registered users, we use this as a default setting in our

system as well as in the systems for comparison. For recall,

the number of recommended videos for each viewer is

equal to the length of her/his remaining video list.

We also check the prediction coverage [25] of our SBR

system. It is the percentage of all items that are recom-

mended to users during the evaluation. Larger coverage

means that more videos can be recommended to users so

that the propagation of these videos could be assisted.

6.3 Evaluation results

We have compared the performance of our social similarity

based recommendation system with two other systems in

terms of precision and recall. One is to recommend the

most viewed videos (mostview) and another is to recom-

mend the most shared videos (mostshare). These two

methods have been widely used in the existing VSSes,

including YouTube and Youku. They are also the basic

building blocks of more advanced recommendation sys-

tems [27] . The most viewed videos and the most shared

videos are both selected from the videos in DatasetA.

6.3.1 Precision

We examine how the number of recommendation seeds

and the number of videos chosen for each seed impact the

recommendation precision. We first fix the value of N at 1,

and choose the value of L from 15, 20, and 25. Then, we fix

the value of L at 20, and change the value of N to 2 and 3.

We use w_N_L to represent our recommendation system

with the specific setting of parameters.

We run 10 times for each setting of SBR and each time

we randomly choose the recommendation seeds. Since

most-view recommends the same videos for all the viewers,

we only run it once and the same with mostshare. We

report the average precision and the standard deviation as

error bars in Fig. 11.

The results show that our SBR system significantly

outperforms the two widely used baseline solutions in

terms of the average precision. This verifies that social

relations are useful for video recommendation. It is worth

noting an appropriate setting of N and L is important to the

system performance. Intuitively, larger N and L could

provide more videos to choose for recommendation and it

would be more likely for the to-be-watched videos to be

included in the recommendation list. However, our results

show that a moderate number of video seeds, say 2, and a

moderate list size, say 20, can provide higher success. The

reason is that we only use a one day data set, and viewers’

history lists are not very large. So larger values of N and

L would incur overfitting. We also notice that the mostview

method has a much higher precision than the mostshare

because there are a lot of videos that are shared by many

people but are not as widely watched as the most viewed

videos.

We then choose the best pair of parameter settings,

N = 2 and L = 20, and plot the CDF of individual preci-

sion of all the viewers for the three methods in Fig. 12.

Again, the mostshare method is the worst and the precision

of more than 90 % of the viewers is zero. The remaining

Table 2 Summary of notations in SBR system

H Set of videos in viewer’s history video list

N Number of recommendation seeds

S ¼ fs1; s2; . . .; sNg Recommendation seeds

L Number of videos selected for each seed

Vi Set of videos selected for si

V ¼
SN

i¼1 Vi Set of videos selected for all seeds

vi Videos in V

K Number of recommended videos

Z Set of videos recommended for the viewer
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Fig. 10 Activity distribution of viewers in the evaluation data set
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two methods both successfully recommend at least one

video for about half of the viewers. Compared with the

mostview method where almost no viewer has a precision

higher than 40 %, SBR can offer a very high precision

(40–100 %) to about 10 % of the viewers.

We also conduct a one-to-one comparison of mostview

and SBR for each viewer. The statistics are shown in

Table 3. We use high to represent the viewers to whom

SBR provides higher precision and low to represent the

viewers to whom SBR provides lower precision, both

compared with mostview. The numbers of these two sets of

viewers are at the same level. We can see that for the high

viewers, SBR significantly outperforms mostview in aver-

age precision and is comparable to mostview for the low

viewers. The activity distributions of these two sets of

viewers are shown in Figs. 13 and 14, respectively. We can

see that most of the active viewers benefit from SBR, while

mostview favors the inactive viewers.

6.3.2 Recall

The experiment setting to evaluate the recall is a bit dif-

ferent. We vary the number of recommendation seeds

N from 1 to 5 and use SBR_N to represent it. The number of

videos chosen for each seed could be different for indi-

vidual viewers. For an arbitrary viewer, it is equal to the

length of her/his remaining video list divided by the

number of recommendation seeds.

As with evaluating precision, we run 10 times for each

setting of SBR and each time we randomly choose the

recommendation seeds. We report the average precision

and the standard deviation as error bars in Fig. 15. SBR

again significantly outperforms the other two systems. A

moderate number of recommendation seeds, say 3,

provides the best performance. For this setting, we plot the

CDF of individual recall of all the viewers and compare it

with mostview and mostshare in Fig. 16. SBR can offer

quite a few viewers very high recall (above 40 %), while

most viewers experience recall lower than 20 % when

mostview is used.

As for the one-to-one comparison, the statistics are

shown in Table 4. Here, high and low have the analogous

meaning as in Table 3 while based on the comparison of

recall. We can draw a similar conclusion that SBR signif-

icantly outperforms mostview in average recall for the high

viewers and is close to mostview for the low viewers. The

activity distributions of these two sets of viewers are shown

in Figs. 17 and 18, respectively. We can see that most of

the active viewers benefit from SBR, while mostview favors

the inactive viewers.

6.4 Prediction coverage

In DatasetB, there are 6,233 different videos in the selected

808 viewers’ video lists. Both the mostview and mostshare

systems recommend a very limited range of videos, say 15

in the precision experiments and no more than 2402 in the

recall experiments. As a result, a major portion of videos

have no chance to be recommended, which is not desirable

in recommendation systems. As such, we check the pre-

diction coverage of our SBR system. We also conduct each

experiment 10 times and report the average value in

Table 5. We can see that our SBR system has a good

coverage of the videos in both cases.
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Fig. 11 Comparison of precision

0 10 20 30 40 50 60 70 80 90 100
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Precision (%)

C
D

F

Mostshare
Mostview
SBR

Fig. 12 Comparison of precision CDF

2 In fact, the exact number equals the length of the longest video list,

which is 240, minus the number of recommendation seeds.
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6.5 Summary

We conducted offline experiments using the existing data

set. We compared the three recommendation systems, SBR,

mostview, and mostshare, in terms of precision and recall

on DatasetB that consists of 808 viewers’ history video

lists. SBR provides the highest average precision and

average recall, while mostshare provides the lowest. An

appropriate setting of system parameters, such as the

number of recommendation seeds and the number of vid-

eos selected for each seed, plays an important role in the

SBR system. The best setting could be different for heter-

ogeneous data sets. Through one-to-one individual com-

parison, we concluded that SBR performs much better than

mostview in best cases, and is comparable to mostview even

in worst cases. We also showed that SBR has a reasonably

good prediction coverage. These results are encouraging

and verify that social relations can benefit video

recommendations.

7 Discussion

Now, we give further discussion on the data set, leaning of

similarity, system design, and evaluation. We try to shed

light on some possible concerns as well as to point out

potential improvements for future work.

7.1 Data set

We extracted three data sets from the one-day raw data. In

the first data set, we randomly selected 10,000 friend/non-
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friend viewers to clarify that friends have more common

interests. We are more interested in the other two data sets:

DatasetA that captures the sharing patterns of 11,980 videos

across 1,596 share users and DatasetB that contains the

history video lists for 808 viewers who have viewed the

selected videos in DatasetA.

For DatasetA, a critical problem is whether the selected

share users can represent the social circles in the OSN. It is

possible that many of the share users are friends to each

other and their social circles overlap a lot. As a result, the

relation matrix R unavoidably has information redundancy,

which is verified by our autoencoder model that shows that

a low-dimension encoding incurs very small distortion for

the data set with extremely high-dimension (50 vs. 1,596).

It is possible to reduce the number of share users if we can

divide the social circle accurately. This is very useful since

it can speed up the learning of similarity matrix and may

further reduce the dimension of the manifold in the

autoencoder. To divide the social circles, we need to dive

into the relationship graph of OSN users, which is a non-

trivial task. So we use an approximation which is easy to

conduct. Another problem is that by sampling the share

users, we also lose the information for a large number of

videos (DatasetA only contains the information of 11,980

video while there are over 200,000 videos in total).

Through further examination, we find that most of the

videos that are missing in DatasetA have very low popu-

larity. In future work, we will select more share users and

thus more videos, especially the popular videos missing in

DatasetA.

For DatasetB, a major concern would be about its scale.

It only contains 808 viewers, which seems to be not

enough to evaluate the recommendation system. Yet, it is

still representative since we filter out a lot of inactive

viewers. It is reasonable to focus on those active viewers

who are more likely to be the targets of OSN/VSS mon-

etization. And for the inactive users, there will be very

limited selection for the recommendation seeds. It is a

tradeoff between user coverage and recommendation

accuracy. Further, If we have more videos in DatasetA, we

would find more active viewers who have viewed these

videos.

To increase the scale of DatasetA and DatasetB, we can

use the raw data of several days, and this can be part of our

future work.

Table 3 One to one comparison of precision

# of

viewers

Avg. precision

of mostview (%)

Avg. precision

of SBR (%)

High 252 4.07 25.55

Low 288 14.1 13.17

Table 4 One to one comparison of recall

# of

viewers

Avg. recall of

mostview (%)

Avg. recall

of SBR (%)

High 296 4.89 24.70

Low 261 16.56 13.36
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Fig. 17 Viewer activity of viewers with higher recall
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Fig. 18 Viewer activity of viewers with lower recall

Table 5 Prediction coverage

Precision Recall

Avg. number of recommended videos 3,958.7 5,332.7

Avg. prediction coverage 63.51 % 85.56 %
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7.2 Learning of similarity

For the ease of computation, we normalized the relation

matrix to a binary matrix, which would incur some dis-

tortion. We could make the value continuous between [0,1]

through shifting and scaling, but it will significantly

increase the memory overhead and also slow down the

training of the autoencoder. We will try different normal-

ization methods (e.g., using continuous value, taking log to

deal with the heavy tail problem) and other activation

functions in future work.

The dynamics of similarity is another important issue.

There are two kinds of dynamics to be considered. One is

how to compute the similarity for a new video. This

problem has been largely solved by our autoencoder model.

Recall that in the training of the autoencoder, we use a part

of videos as the training set to compute the weight

parameters in the autoencoder, and use the remaining

videos as the test set which can be regarded as new videos.

When a new video comes, we only need to obtain their

sharing distribution, add it as a new column of the relation

matrix R, and recalculate the similarity matrix using the

existing autoencoder. Yet, we will encounter the second

problem of how the similarity evolves over time. Even for

the existing videos, their popularity will change day by day

and the similarity of videos could also change. In this sit-

uation, we may need to reconstruct the autoencoder from

scratch, which is very time consuming. We will examine

this issue in our future work.

7.3 System design

First, the selection of recommendation seeds is of para-

mount importance. Viewers’ interest may change, and

everyday we have different hot topics. The most recently

viewed videos are usually selected as seeds. Further, for a

new viewer, there is no recommendation seed, which is the

well-known cold-start problem [44]; for the viewer who

has not viewed videos or even has not logged in the OSN

for a long time, the videos in her/his video list are too old to

be recommendation seeds. In both situations, we can

choose videos from her/his friends’ video lists as seeds.

Second, we selected an equal number of videos for each

recommendation seed and used the average similarity value

over all the recommendation seeds in our enhanced rec-

ommendation system. The recommendations could be

more successful if we introduce a weight for each seed.

This weight can be used to determine the number of videos

selected for each seed or to calculate the weighted average

similarity. We can obtain such weight based on the popu-

larity of the seed, especially the popularity in the viewer’s

social circle.

7.4 Comparison baseline

The baseline methods for comparison of mostview and

mostshare seem to be naive though they are widely used.

However, we are not expecting to replace the more

advanced systems, say the one used by YouTube which

suggests the most related videos. Instead, SBR can work as

a complementary component utilizing the social relations

to enhance the existing system. Furthermore, the high

prediction coverage of SBR would assist the propagation of

videos and improve the recommendation diversity. We will

work on how to combine SBR and other recommendation

systems in our future work.

8 Conclusion

In this paper, we investigated the possible gain of using

social relations to enhance video recommendation. We

developed an autoencoder learning model to quantify the

social similarity of different videos. The trace-based eval-

uation results demonstrated that our similarity-based rec-

ommendation system can remarkably improve the

precision and recall. Our work represents an initial attempt

toward this issue. We will conduct more experiments on a

larger data set to investigate its adaptation to dynamics.

More in-depth studies are expected to further examine the

interactions between OSNs and VSSes. We believe that a

better understanding of their relationship will facilitate the

design of existing video recommendation systems.
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