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ABSTRACT posed on obtaining user private data and the availablemser i
Online propagation of videos has suraed up to an unpardliel formation in one single platform is limited, which deteates
bropag 9 P P She notorious “cold-start” problem. On the other hand, many

level. Most personalized video recommendation methods are oo )
' : . network users create and maintain multiple accounts adross
based on single-platform user modeling, which suffer from

data sparsity and cold-start issues. In this paper, we-intr ifferent web2.0 platforms. User’s behaviors on differelatp

duce cross-latform user modeling as a solution b smartﬁorms reflect the user’s preference from different prospest
P 9 y nd jointly contribute to in-depth user understanding.réhe

aggregating user information from different platforms. -Un fore, cross-platform user modeling by aggregating user in-

like traditional recommendation methods where sufficient u . . .
. o . . . formation from different platforms will address the col@us
er information is assumed available in the target platfaiis, S o
challenge in single platform and result in improved person-

proposed method works well when there is little knowledge_,. . . .
s . : .~ alized services [5]. For example, for an inactive user about
about users’ interests in the target platform. While coasid o . . :
. . A whom we knows little in YouTube, if we recognized his/her
ing the difference of user behaviors in different platforms C . . . -
: - : explicit interest in Beckham from claimed profile or activi-
one hand, we enrich user profile in the target platformwithre_;” . .
. o . ties in other platforms, we can confidently recommend Beck-
lated information in the auxiliary platform. On the othenlda ) . . .
; : . ) S ham’s new game videos to him/her in YouTube.
we transfer the collaborative relationship defined in bérav 0 bstacle | latf deling is th
from the auxiliary platform to the target platform. Cardyul . .tf‘e 0 fs acle !ntc(rjoss-p atform 1:se.r mo E.mr? IS the ?c-
designed experiments have demonstrated the effectivehessd|!SItION OF associaled user accounts, 1.€., which accoun
the proposed method. one platform and which in another platform correspond to
_ _ ~ the same user. Fortunately, many users are willing to peovid
Index Terms— Personalized video recommendation,their separate accounts in different platforms, when tegis

cross-platform user modeling ing into social network sites or using social media account
management tools (e.g. FriendFegd For example, many
1. INTRODUCTION Google+ users share the URL links of their accounts on Y-

ouTube, Flickr, Twitter, etc. at their homepages. The infor

With the arising of Web2.0, online propagation of User GenJnation aggregation is a trend with the further developmént o
erated Content (UGC) has surged up to an unparalleled leveocial media, which makes the data of user account associa-
leading to the arrival of big data age. For example, the mogion easily available. This trend enables cross-platfoseru
popular online video sharing website YouTdpaosts almost Mmodeling and provides opportunities to advanced apptinati
2 billion videos and in every minute, there are still morertha S-
60 hours of new videos being uploaded to the site [1]. The In this paper, we address the personalized video recom-
tremendous data makes the exploration and discovery of ne®endation problem by introducing cross-platform user mod-
or interesting sources a daunting task. Therefore, personeling. We use YouTube as the target platform where to perfor-
ized service (e.g. search, subscription and recommemjatio m the recommendation task, and Googfeas the auxiliary
plays a more and more important role in tackling the problenplatform where user information is transferred. Two strate
of information overload. gies are designed to strengthen the understanding of user in
Personalized service is based on user modeling, which réerest in the target platform: one is profile enrichment died t
quires abundant data to understand user interest exactly. C other is collaborative relationship transfer. In briebfie en-
rently, most of the user modeling strategies are based on §chment is to directly enrich user profile using their retht
ingle platform [2][3][4]. However, many restrictions an@-

2 http://ffriendfeed.com/.
1 http://www.youtube.com/. 8 http://plus.google.com/.



Table 1. Registration info. of a typical user in both platforms
YouTube Google+
Tagline Blogger at TechCrunch.
Has too many phones.
Introduction Blogger at TechCrunch
Bragging rights It's not polite to brag

Google Plus Account
Registra-

Social
behavior

tion info.

Shared
sources

H

( e | "VRelationshipn r’ éﬂ Recent activity 2012-05-19 Occupation Blogger
enrichment ‘ ‘ transfer Registration 2008-04-27 Employment
_ Country American TechCrunch
e | 2011 t
recommen- S Blogger, L1 - presen
Registra- \ Interaction dation ReadWriteWeb
tioninfo. / with videos ‘ ; Blogger, 2008 - 2011
VA Gender Female

YouTube Account

Fig. 1. The framework of our proposed approach. Table 2. User behaviors in YouTube and Google+

YouTube Google+
- L - . Upload videos Release multi-modal sources
profile information in the auxiliary platform. Collaboregi Favorite videos Reshare multi-modal sourcels
relationship transfer is to transfer the behavior simjacf Comment on channels or videgs  Comment on posts

users from the auxiliary platform to the target platform.eTh

overall user modeling is based on aggregation of the erdiche

profile and transferred relationship. The framework issilu

trated in Fig. 1. The inputs include user profiles in Google+er. From Aug 2012 to October 2012, 71,613 Google+ user
and YouTube, and the output is the generated video reconrofiles are collected, which contains 17,212 YouTube links

mendation list. According to the aforementioned two strateRemoving the invalid links, we obtained 6,292 YouTube user

gies, the framework contains three components, namely throfiles finally. For this user set, the registration andvatgti
social relationship transfer, the user profile enrichmertt a information in both platforms were downloaded to construct

the video recommendation. our experimental dataset.
To summarize, the main contributions of this paper are as The registration information of a typical user in both
follows. Google+ and YouTube is displayed in Table 1. We can see

(1) We propose to tackle the personalized video recomthat the registration information in YouTube is very sparse
mendation problem by cross-platform user modeling. Datavhile it's very abundant in Google+. This is reasonable by
sparsity and cold-start issues are well addressed. realizing the differences between social network and multi

(2) Two strategies regarding enriching profile and transmedia application platforms; social network is an intei@act
ferring relationship are designed. User information fréra t platform where users communicate with each other actively
auxiliary platform is effectively transferred to the tatrgéat-  and are keen to share what they like with their friends, where
form. users would like to introduce themselves in detail; whild-mu

(3) We conduct experiments on a crawled real-worldtimedia application platform is content-centric and masrm
cross-platform dataset, where promising results arebdai s do not bother to enrich their personal profiles. This phe-
The improvement is significant especially for inactive 8ser nomenon further strengthens the necessity of cross-patfo

in the target platform. user modeling. We also summarize the typical behaviors in
Google+ and YouTube in Table 2, which shows that users fo-
2 DATA COLLECTION cusonvideos in YouTube while in Google+ users are involved

in much richer multi-modal sources (article, photo, video)

In our experiments the users who have accounts in both The overlap of user profiles across different platforms is
Google Plus and YouTube were studied. We started fromparticularly interesting in the context of cross-platfoaser
Google+ profile of which about one fourth contains URL link modeling. The more differently a user behaves in different
of user’'s YouTube account. For these users, we can cravplatforms, the smaller overlap of the user profiles will be le
their YouTube profiles and other information. To collect the[6]. Fig. 2 shows the overlap of tag-based profiles of the-indi
data, we randomly selected a user who has more than 1®8@ual user between Google+ and YouTube platforms. In fact,
friends as the seed and extend the dataset by identifying usdor less than 20% of the users, their profiles have an oveflap o
who had commented the activities shared or released by theore than 20%. The overlap of user profiles is small. In other
seed user. The identified users are then set as the new seeords, user profile in Google+ platform only reflects a smal-
users and the crawling process is iteratively conductethi$n | part of the user characteristics in YouTube platform. This
way, the crawled users maintain weak relations to one anotlobservation indicates that it's not applicable to aggregaer



model user similarity. To represent the registration infar
Google+ and YouTube tion of a user. We collect all the tags in registration infarm

tion and build a tag space (dimensién The tags of a user
80% | are converted into a feature vector by the traditional TID
method. The usdy; can be represented by a veckgre R,
The normalized linear kernel to measure the user similaity
40% |- denoted as:

100%

60%
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20% xij
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Fig. 2. Overlap of user profiles across platforms. 3.1.2. User similarity by comments

1)

The interaction between a user and activities reflects tae us
profiles in different platforms directly, which has to be @on Preference. If two users have similar tagging behaviots, it
in an integrated way. very likely that they have similar interests. Therefore,ale
so model user similarity by their comments on activities. We
first collect all the comments for each user, and then repre-
sent them via the bag-of-word model. User similadify is
modeled in the same way as Eq. 1.

3. CROSS-SYSTEM USER MODELING

3.1. Social relation transfer

We assume that users who have similar profiles in Google§ 13 U imilarity b fivit
are very likely to have similar profiles in YouTube, so we = ~"~" Ser simiiarity by common activities

transfer the collaborative relationship in Google+ to Yab#. Google+ users often release and share videos, photos &nd art
Furthermore, we want to find out the information elements irgjes. If two users share many common sources, they could be
Google+which reflect the characteristics of users in YoTub regarded to have similar interests. Meanwhile, we take the d
so we model the user similarity in Google+ from differen- jfferent modalities of sources into consideration andkfiat
t perspectives and give different weights to them. Aftet thagn|y certain sources are closely related to the user predere
we pick up a dense subset of users in YouTube and take thg, videos; hence we model user similarity by videos, photos
similarity of users in the subset as supervision to obtain thand articles separately. A simplified way is to count the num-
weights. ber of the common sources as the kernel value. However, the
Users on social network are associated with heterogeyross of sources on Google+ is so tremendous that two users
neous data. The challenge is how to effectively combine'athes;may have no common sharing even if they have similar in-
data to model user similarity. Note that we can compute Usegrests. Therefore, we extract the tags associated witie the
similarity under different modalities [7], which is analmgs  sources and adopt the bag-of-word model to represent each
to a kernel function in the kernel machines. This inspire®us ser in specific domains, i.e., video, photo and article. And

adopt the multiple kernel learning (MKL) scheme [8] to inte- then the similarityX3~® is measured by cosine similarity as
grate the multiple modalities, which is regarded as one®f thgq, 1.

principle way to combine heterogeneous data sources. There

fore, we adopt the state-of-the-art MKL algorithm to weight ) o )

each modality [9]. 3.1.4. Optimal combination of multiple kernels
We first discuss how to measure the similarity of Google+I

by defining a variety of kernel functiof& '} on dif- : A s

;Jserst y galiti ¢ Gooale+ data. We th ta k tions to measure user similarity in different modalitiesowN

erleln Mo atl 'eﬁ 0 (iOQdet ata. th N te.n plreserzj.a t.er\ive will find the optimal way to combine these modalities. As

net ehatlrmr;g e(I:t' l”;lQllie N | ett)-:‘rr?lrI]Ie € otp;]|m}? COTT'"'B Ict) we want to obtain the user similarity in YouTube, we will give

welghts of multiple kernels by Toflowing the Bemet-1arge higher weights to the modalities that can reflect user charac

Alignment (KTA) principle [10][9]. A series of candidate k-

ernel functions on different modalities for measurin S teristics in YouTube. In practice, linear combination ifeef
o 9 tive and robust; hence we will determine a linear combimatio
ilarity of Google+ users are presented as follows.

of multiple kernels to fuse all modalities to measure user si
ilarity, parameterized by a weight vectpre R™Vx:

n the previous subsections, we define various kernel func-

3.1.1. User similarity by registration information

Y
Since registration information is abundant in Google+ and i K (ui,uji0) = zk: oK (us, ) )
adequate for user understanding, we take it as a modality to v ot ¢ v



whereK “ is the kernel defined under théh view of the user-  local descriptors of Scale-Invariant Feature TransfortR TP
s, andN, is the number of modalities. for each image [12] [13]. All these descriptors are quatize
One straightforward method is to manually set the weightinto d, groups by a K-means clustering process. Given an
s of different modalities, which however highly relies ondo image, we assign each of its SIFT descriptors to a nearest
main knowledge and cannot get the optimal combination. Irtluster. Then each image is converted into a fixed length of
this section, we present a kernel-based learning technaque feature vectox € R9x, whered, is the size of visual vocab-
find the optimal combination of multiple kernels by followgin  ulary. Theith component of this vector counts the frequency
the principle of KTA [10][9]. of SIFT descriptor assigned to cluster i. For all key frames,
As our goal is to model user similarity in YouTube from we get the maximum values at each position and obtain the
Google+, we select a dense subset of users (they have sufiiRal visual profile of a user. For each user, the profile is rep-
cient interaction behaviors with videos) from YouTube withresented as
size (V,) and take user similarity in the subset as known o
relationship. Specifically, given the target mathix(Y & u; == {07, 0y} (6)
RN«xNu) 'we adopt the kernel alignment [10] to measure the . _ . _ _
quality of kernel K with respect to the target matrix Y. Note Where©x is the text profile andy, is the visual profile of
that the kernel matrices need be centered [9] before kerndl€ User.
alignment and the step is as follows.
3.2.2. User profile enrichment

Nu Ny Ny
K = Kij — NL Z Kij — NL Z Kij + % Z K;; (3) Asanalyzedin Section 2, the tag-clouds in different platfo
"i=1 "oj=1 U g i=1 s are not accordant. The rough aggregation of all user infor-
mation across different platforms is not applicable. Howev
LetK,Y € RY«*Nu pe two kernel matrices. Then the er, many users tend to present themselves and illustraite the
alignment betweeK andY is defined by backgrounds and hobbies when they register in a new plat-
form. Registration information strongly indicates useefpr
E[trKY] (4) erence and could be considered as area-irrelevant. Theyrefo
E[trKKE[trYY] these information can be utilized to enrich user profile. Bs o
served, users are more likely to introduce themselves iiasoc
network platforms than social media application platform-
s; hence it's applicable to take user registration inforomat
from Google+ to enrich their profiles in YouTube. Besides,
there are abundant behaviors of user interacting with multi
modal sources in Google+, but only the behaviors that users
interact (share or reshare) with videos could directly otfle
whereb is the vectortrKY, ..., trKN<Y]T andM is the user preferencesin YouTube._ Thus we extract these belsavior
matrix [M] = tr KKK, for k, 1 € Ny. of users from Google+ to enrich their profiles in YouTube.

p(K,Y) =

Given the target graph represented by mattjxve max-
imize the alignmenp overK to solve the kernel. The matrix
Y is observed from the YouTube platform. The solutiopof
of the optimization problem is given by [9]

©* = arg ming” My — 20" b (5)

3.2. User profiling 4. EXPERIMENTS AND ANALYSIS

3.2.1. User profile in YouTube 4.1. Experimental settings

Generally speaking, the registration information of users As mentioned in Section 2, we obtained 6,292 users who have
very useful to analyze their preferences. Besides, users’ aboth Google+ and YouTube profiles. The videos uploaded,
tive actions (like “upload” , “favor” or “add to playList) o  favored or added into playList from Sep 2012 to Oct 2012 by
videos strongly indicate their attentions and prefereraes these users are taken as the test data. Specially, we tlahk th
well. Therefore, the users’ profiles could be built up by ex-it's nonsense to conduct experiments on users who have too
tracting the tags and categories associated with thosesidesmall or too many test videos. Therefore we select the users
as well as the registration information. However, the tags a whose test videos is between 8 to 1,000 and obtain 1,022 users
notated by web users contain plenty of noises such as meafinally. We aggregate the test videos of these users as test
ingless words or typos. To tackle this issue, we utilize Word collection and the total number of the test videos is 15,169.
Net to filter out the noises and only keep noun tags which arén our experiment, for a target user, we get a score for each
the least noisy representations for users’ interests ifyba.  video by the similarity with the user, and then we rank these
For the representation of visual feature, we adopt the Svideos according to the scores and generate a personalized
patial Pyramid Matching (SPM) model [11]. Specifically, we ranking list for the target user and examine whether theodgde
first obtain the key frame for each video, then we extract thén user’s test data are ranked at top positions. Each video



is represented by its tags, category and description udig T
measure. Additionally, we also utilize SIFT feature andmdo
the BoW model to represent visual information of the videos.

Table 3. The linear parameters by KTA
[ Kernel | 1 | 2 | 3 ] 4 ] 5 |

. . . A . Name | Registration| Comment| Video | Photo | Article
Given a videov, its profile isv := {T,V}, whereT is the Weight 0,266 0125 | 0204 0.020 | 0.385
text profile andV is the visual profile.

As we focus on solving the cold-start and sparsity issues, msl mSs2 ms3 msa
the user profiles on YouTube are eliminated in our experi- 005

ments. In order to evaluate the performance, we test the s- =
trategies as follows:
(1) Recommend only by YouTube Profile (S1)
Given a usety, for each videa, the score is

Average F-socre @
© o o
o o o
N w S

o
=)
=

p(v | u) = Arp(T [ ©1) + Avp(V | Ov) (7 o
1 2 3 4 5 6 7 8 9 10
(2) Recommend by Profile Enrichment (S2) k
p(v | u) = Ar(p(T | O7) +p(T | O1)) + Avp(V | Oy) (8) Fig. 3. The performance of different strategies.

where©r is the user profile in Google+ platform.

(3) Recommend by YouTube Profile with Collaborative registration information are more useful to model user simi

larity in YouTube, while the shared photos and the comments

Transfer (S3) )
are less effective.
p(v | u) =Aas(Arp(T | O1) + Avp(V | Ov)) In our experiments, we first tuned the values in [0,1] with
- interval of 0.1 and got the optimal range within [0.9,1]. Tihe
> K (u,uy)p(T | ©7F) : g

+ (1= ) Ap == T we change the interval to 0.01 and tuned again in [0.9,1] to

> K (u,uy) (9)  obtain the final optimal values., = 0.95, Ar = 0.98 and

J

S K (u,uy)p(V | [sY) ) Ay = 0.02. The comparison of average F-score at differ-

+ Ay =2 ’KJ v ent depths by different strategies is illustrated in Fig. 18.
Ej (u, uj) shows that the strategy that enrich user profile with part of

. Lo . Google+ information has the best performance, while cellab
wherek (u, u;) is the similarity between andu; in Google* ; avive transfer has little effect. In order to ascertairettier
platform. . . ) . _this phenomenonis due to the collaborative relationshipstr

(4) Recommend by Profile Enrichment with C0""J‘bor"mveferred is from a different platform, we have designed anothe
Transfer (S4). experiment. Firstly, we select a dense subset with 601 user-
s from YouTube and conduct a experiment on these users.

=Ac¢ T T ’ . . .. .
p(v | 4) =Aa(Ar(p(T [ O7) +p(T [ O7)) + Avp(V [ Ov)) )0 4ien we use collaborative relationship in YouTube direc

L — A >, K (u,uy)p(T | ©F,67,) ly instead of utilizing user similarity in Google+. The rétsu
+ (1= Aa)(Or >, K(u,uy) is displayed in Fig. 4, where S5 denotes the strategy ‘Pro-
; file Enrichment with Collaborative relationship in YouTupe
K Ve
oy 25 K (u, ug)p(V | V)) which also achieves inferior performance than profile énric
> K(u, uy) ment (S2). Two conclusions are made from the results: 1) pro-

(20) file enrichment contributes much to the improvement of rec-
ommendation performance; 2) collaborative filtering isfuse
In the previous formulationgy(T | ©¢) andp(V | ©y)  when user profile in the target platform is very sparse.
are computed by cosine similarity (see Eq. 1). The perfor- As analyzed in Section 2, user behaviors differ from plat-
mance assessment measure is F-score. form to platform. Therefore, we assume that it's not feasibl
In order to obtain the linear weights of kernels (see Eq. 5)to directly aggregate all profiles of a user across platforms
we select 131 dense users in YouTube and adopt the bag-affe have designed a experiment to validate this hypothesis.
word model to represent each user. And then we employ th@/e combine all the information in Google+ and YouTube for
cosine similarity to measure the user similarity. each user and obtain the compounded “Global Profile” for
each of them. And then the video recommendation list is
generated based on this profile. The performance is shown
in Fig. 5. We can see that the performance by global profile is
The learnt weights of the kernels are presented in Table 3nuch worse than that by YouTube profile enriched with only
From this table we can see that the shared articles and tlertain information in Google+ (S2), which is consisterttwi

4.2. Experimental result and analysis
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