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Abstract. This paper presents insights and learning expegigemn the devel-
opment of an integrated group recommender systeheifturopean FP7 HBB-
Next research project. The system design incorpsratsights from user re-
search and evaluations, media industry playersEamdpean HbbTV standard-
ization efforts. Important differences were founetvteen providing content
recommendations for HbbTV and e.g. on-line purcha3be TV user experi-
ence is very "lean back", so the user interfaceiatedaction has to be minimal-
istic. The TV broadcast schedule changes contilyoss the system has to be
continuously updated. TV is typically consumed widmily or friends, so it
should support group recommendations. Furthernarémportant challenge is
the HbbTV business ecosystem, where the contegtnates from multiple
broadcasters and the recommendations provider readifferent from the
HbbTV platform provider. The resulting system iSava-based recommender
framework with open interfaces for content metaghatavisioning, user-profile
and identity management, group recommender algosittand group recom-
mendation retrieval. A metadata provision systera developed, automatically
enriching EPG metadata with content metadata frpendnternet sources. Us-
ers are identified via QR-code scanning and facegmition. The recommender
uses a genre-based collaborative “least miserylghfdtering algorithm. The
client side application is an HbbTV application. ¥#as most requirements
could be fulfilled, further study is needed to findceptable solutions for col-
lecting user preferences and user identificatiothénHbbTV context.
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1 Introduction

Television is becoming more and more interactiveni@ected TV sets receive televi-
sion channels through broadcast, whereas additapmications, content and services
are obtained through broadband internet. HybridaBoast Broadband Television
(HbbTV) [1] is a standard that enables connecteds T& automatically start the
broadcaster application that belongs to the selet¥ channel. It is being imple-
mented and used in a growing number (over 10 bpliget2012) of European coun-



tries. The European FP7 HBB-Next research proj2kig developing technologies
for next-generation HbbTV. One of its research ¢efs multi-user content recom-
mendations in a HbbTV context. The central use caads: “One person watches
television and retrieves a list of content recomdagions. Then a second person en-
ters the room, and is also identified by the systeabsequently, the recommendation
list changes, tailored to the taste of the two @esgogether.” Accordingly, the focus
of this paper is on HbbTV content recommendatians trelatively small group of
users consuming the content together.

Providing content recommendations in an HbbTV canpeovides many chal-
lenges. In addition to the already enormous amotifitv programs broadcasted, the
availability of online content via broadband (bditte and on-demand) will further
increase the content offered on the TV. Developérecommender systems that will
be deployed in this context face numerous challermmcerning the acquisition of
user preferences, identification of the users,ctdeulation of multi-user recommen-
dations and the presentation thereof. Furtherntbeepusiness environment is chal-
lenging as there are many different players inHbdTV business ecosystem, and
there are different, and sometimes conflicting,itess interests [3]. All of these as-
pects are important challenges in the developmét dable group recommender
system for HbbTV.

2 Related wor k

Content recommender systems are well-known for 8g@knazon), on-line videos
(YouTube) and movies (Netflix, TiVo). TraditionaJlyecommender systems are pri-
marily applied in a single-user on-line / web camtand a large body of research is
available within this area [4, 5]. However, likegtgar TV, HbbTV content will typi-
cally be consumed by multiple users. Group recontlagon is a research area that
receives a lot of attention [4, 6, 7]. Well-knownogp recommender systems are,
amongst others, MusixFX (music in a fithess cenfi8§) PolyLens (movies) [6], In-
trigue (tourist attractions) [9] and CATS (holiday$0].

In the TV domain, where content is typically consarby multiple users,
group recommender research is performed as wels YV recommender “TV4M”
recommends TV programs to multiple users by mergedr individual profiles [11]
using total distance minimization. However, thisaemender is not deployed in a
television context, but instead runs on a PC. Thadlenges faced when providing
content recommendations in a TV context differ Bigantly from the PC/web con-
text. Whereas PC has a "lean-forward" experientlk agtive user involvement, TV
is "lean-back" where the user is a passive conswxpecting minimal effort [12].
Furthermore, the user input for TV is (until redgniimited to the buttons on the
remote control, and there is limited space on tMes@reen.

Research questions related to the TV context adeeaded by the academia
as well. Vildjiounaite et al. for instance, presghts method to construct group pro-
files based on implicit feedback of individual us§t3].



3 M ethodology

As part of the HBB-Next project, a recommender esystvas developed as a collabo-
rative effort by its partners. During its developrmefour sources of feedback have
been used to improve and consolidate the designirapttmentation. Firstly, user
requirements were determined via a diary studyidaosuse in 15 households [14].
Then, different user interfaces were explored ugiager prototyping. Secondly, an
experiment investigating how people decide whatwatch was conducted [15].
Thirdly, business aspects have been checked witliceeproviders and broadcasters
outside the consortium in feedback workshops, pliogi valuable input on the distri-
bution of technical functionalities over the diéet business roles. Fourthly, industry
adoption has been verified by contributing prop®s$al European HbbTV standardi-
zation, surfacing conflicting interests on identihanagement between broadcasters
and consumer-electronics vendors.

4 Results & Discussion

A generic Personal Recommendation Engine FrameWPREF) was created (and
can be obtained from the authors for free for R&Dpwses), since different recom-
mender systems have so much in common and reconati@malgorithm developers
like to focus on the algorithms instead of the utyileg cogs and gears.
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Fig. 1. PREF framework and system components.

4.1 Group recommendation algorithms

The PREF features an internal API that enablesmewender system researchers and
developers to easily create (group) recommendafigorithms (see Fig. 1). To calcu-
late recommendations, generally three steps aemtak

1. Prediction — The ratings of a user or group witspet to a list of candidate items
are predicted.

2. Filter — All items that are not relevant to the gpoor user, regardless the predicted
rating, are removed from the list of candidate gem

3. Clipping — The list of candidate items is turnetbithe actual recommendation list.

The current recommender system implements a seal@aire based collaborative
filtering (GBCF) prediction strategy [16]. This plietion strategy is similar to item-



based collaborative filtering, but instead of itemisnilar genres are calculated. This
results in a much smaller and very dense user-geatex, which is used to predict
an item’s utility. The group preferences are modiddg merging the profiles of the
individual users using the least misery aggregastoategy. This strategy is applied,
as it is effective for small groups [7]. A utilityased filter is applied on the list of all
candidate items. This filter removes all items watlpredicted utility below a certain
threshold. To create the final list of items thet eecommended to the group several
list characteristics are taken into account. ABgn)duplicate series are removed to
prevent very similar episodes of the same TV senefll the list. This makes the
resulting list more diverse, which proves to cdnite to the overall user satisfaction
[17]. When the list contains similar items, broastogy time determines which one
remains. TV programs that are on air when the lises to watch TV are preferred
over others.

4.2 Automated metadata collection and enrichment

As the TV schedule changes day by day, automatdddama collection is essential
for the presentation of recommendations and alsmiiftent-based filtering is used
(e.g. to improve cold start). Furthermore, exteagienre information is essential for
genre based CF. Fortunately, basic TV metadatedily available through metadata
brokers, in some countries even enforced by lavsystem was built that collects
metadata and enriches it with additional semangtanata that is freely available via
the Internet, e.g. from DBPedia [18].

4.3 Collecting user preferences

Collecting user preferences is a major bottlenemk T program recommenders.
Industry feedback taught us that users are ungitiinprovide explicit content ratings
in practice since providing it through a remotetcoinis cumbersome. Therefore, an
implicit (or hybrid) system is needed, based onlaching behavior of the users.
This system must be able to identify who is watghltv and what content they con-
sume. However, providing automated access to tee identities and clickstream
runs into major privacy issues especially in aaittn where devices that collect im-
plicit feedback send this to a central location fioocessing. Another serious issue is
the lack of a viable business-model to broker phifile information. In order to sup-
port content recommendations to a group of visifignds, their profile information
might need to be shared among different recommesg&tem providers. There is
probably no business incentive to share this infdiom [3], but as long as recom-
mender systems remain stovepipes this issue isl@doBesides this, the collection of
implicit ratings in a group context is not straifgitvard either. The current imple-
mentation uses a fixed user preferences databaseimad with explicit feedback and
leaves the collection issue for further study.



4.4 HbbTV recommender application towardsthe user

The recommender front-end was implemented as armWapplication, running in
an HbbTV browser. The user interface was kept mafistic and clean. The user
pushes the red button on the remote control twatetithe recommender. Then rec-
ommendations are requested for the identified ugérs resulting recommendations
are provided in a simple grid layout as shown belhich was found the most effec-
tive based on user feedback with various mock-lijp& user interface also shows
who is watching, and for whom the recommendatiors raeant. Once an item is
selected, a pop-up page presents further informatimut the program and offers the
user various viewing/recording sharing options. Fhayout itself was not imple-
mented, as these are standard TV set and HbbT Viduiadities.

Fig. 2. User interface for obtaining group recommendatfongelevision

Several options for user identification have beenswered and implemented. The
web default, a recurring manual login screen, wgscted as too user-unfriendly.
Instead a QR-code with an associated smart-phopenag implemented to enable
quick and reliable user identification. Users cdentify themselves by scanning the
unique QR-code that is displayed in the HbbTV agse (bottom right of Fig. 2). Fur-
thermore a face and voice recognition system egnatted for an even user-friendlier
identification of a limited set of predefined usefsKinect camera that is placed on
top of the TV provides an audio and video streanwliich a predefined set of faces
and speakers are to be recognized.

User identification proved to be a contentiousiésfrom the industry feed-
back. Whereas broadcasters need access to usétyidequipment vendors are un-
willing to provide it as they either want to kedpetuser identity for their own ser-
vices, or they see no business in identity manageservices. Also some blocking
privacy issues were identified, e.g. strict lawsloa use of cookies in browsers.



5 Conclusion & Future Work

In this paper, we have presented a group recommeagdtm for the HbbTV context,
including solutions for user identification, autaeh metadata enrichment, group
recommender algorithms and user interaction. Tlséegy was developed with active
involvement of end users, players in the mediastrguand European standardization.

Whereas most technical challenges seem solvabidliatimg requirements
have been identified between user experience asuhdas models. There is no clear
place for an “identity provider” role in the curtadbbTV ecosystem, and the collec-
tion of implicit feedback runs into both businessl grivacy objections.

Future work will focus on how to use implicit feexdlix derived from observed
group behavior in the dynamic home context. Howsdibe “real group preference”
relate to the least-misery aggregate of preferehte® should the system explain the
recommendations (“reasoning”), given the limitaticof the TV environment? How
can the system shield the user’s privacy to thadigs, including co-watching friends
and family? And most importantly, what is the besis for group recommendations
for TV programs?
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