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Preface

Group recommender systems (GRS) support groups of users in decision-making by
providing shared suggestions. They generate recommendations from a broad range of
alternatives that suit group members’ tastes or needs. Previous work in the field of
recommender systems has shown great contributions (e.g., systems providing shared
music recommendations for public places, systems providing shared movie
recommendations for groups). Research in the field of Computer-Supported
Cooperative Work has a long tradition of group decision support. This workshop aims
at cross-fertilising GRS and CSCW in order to tackle interesting open research
questions. These include, but are not limited to:

e  Modelling users (in particular aspects relevant for group decision making
such as personality), groups, and the decision making process

e Handling evolving group members’ needs and interests

e Supporting convergence and divergence for plurality

e Designing group recommenders that allow for user interaction, for example
balancing and mediating conversation and negotiation, allowing critiquing

e User-centred design and evaluation of group recommender systems, for
example measuring the long-term effect of group decisions on users’
satisfaction

e Explaining group recommendations

e Privacy and security issues associated with group recommenders
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Recommender systems research for a long time focused mainly on recommending to
individual users, over the last decade, there has been a substantial increase in research
into group recommenders. The wide-spread research into GRS and algorithms has led
to an increased discussion on the importance of the decision making process as well
as the relevancy and influence of the respective domain on the users’ needs and
behaviour. While group discussion and decision making has for some decades been
supported in specific CSCW and groupware applications, it is now increasingly done
via social media such as Facebook and Yammer. Furthermore, mobile devices such as
smart phones are spreading rapidly. This availability and experience with
communication and cooperation support are triggering a need for novel concepts for
flexible support of group recommendations and decisions in various domains.
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Towards Increased Utility of and Satisfaction with
Group Recommender Systems
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Abstract. Research on group recommender systems (GRS) has yielded
innovative concepts for suggesting services or products to groups of users as
well as for bringing users with similar tastes together. We have developed such
concepts for group recommender systems and a platform in the domain of
movie recommendations for groups. In this workshop we argue that putting a
stronger focus on the evolution of the group negotiation process as well as
social psychological concepts in the respective decision phase can increase the
usability of GRS.

Keywords: Group Recommender Systems; Group Negotiation Process; Social
Psychology.

1 Introduction

Since the early 2000s recommender systems actively take groups into account as a
large amount of recommended items (such as movies, music, restaurants) are
consumed in groups rather than by individual users [5, 8]. Group recommender
systems (GRS) cover all individual users’ tastes as a union in given recommendations
and aim at considering the special challenges of a group’s nature [7]. Accordingly,
GRSs provide communication and mediation support to its users [8], especially
awareness information within the group. A detailed overview on GRS concepts and
systems can be found in [2].

In general, the GRS literature offers great concepts and systems for generating and
presenting recommendations to groups. Approaches aim at including all group
members towards satisfying decisions. However, we think that new, more
sophisticated approaches can lead to a higher utility of and a greater satisfaction with
group recommender systems. Moreover, GRS also should strive for a balance
between pro-actively supporting users and reducing their effort while at the same time
not limiting their freedom.

Subsequently, we briefly outline relevant parts of our research on GRS as well as
introduce two areas that we think are valuable to focus on in further GRS research.
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2 Glances at Some of Our Research on GRS

Our research on GRS has focused on recommendations in the domain of movies. We
developed the AGReMo (Ad-hoc Group Recommendations Mobile) [1] process
model and a mobile client implementation.

AGReMo allows users to receive shared movie recommendations and to actively
participate in the process of decision-making in three phases: Preparation (i.e., group
finding and preference specification), Decision (i.e., negotiation on given
recommendation), and Action (i.e., watching the chosen movie and rating it
afterwards).

The mobile application guides the group through the process and provides valuable
background information on movies that are relevant to the group. It uses our
collaborative-filtering based group recommender platform [3].

In a user study we gained insights on the importance of guidance through the
recommendation process as well as on users’ negotiation behaviour (e.g., they tend to
explicitly exclude items that they do not want to watch together).

In a literature study on social psychological concepts [4], we matched core
concepts to well-established factors influencing satisfaction in groups to inform the
design of group recommender process models. We distilled the three most relevant
social psychological concepts: group identification, group norms, and social roles.

3 Towards Utility and Satisfaction

For the workshop on Group Recommender Systems: Concepts, Technology,
Evaluation (GroupRS) at the 21th Conference on User Modelling, Adaptation and
Personalization — UMAP 2013 we suggest a stronger focus on the evolution of the
group negotiation process as well as on social psychological concepts in the
respective decision phase.

GRS should leverage on the collected interaction data of individual users and
groups of users. From our empirical studies of group negotiations we found that the
negotiation history of a group can provide important input for the current group
discussion. The history can contain vital information on items from previous sessions
that have been reserved by the group and also of items that have been excluded
previously. Users models should include this information, which then leads to more
adequate recommendations.

GRS need to base their concepts on socio-psychological findings on behaviour in
groups, especially during group negotiations. Socio-psychological concepts are
typically very complex and not easy to integrate into GRS. Still, some have been
successfully integrated into GRS (e.g., the concept of social influence [6]). We
identified three core concepts—group identification, group norms, and social roles—
that need to be additionally integrated into GRS. Their integration creates new
challenges for developing algorithms to generate recommendations, for modelling
user interaction with the system, and for evaluating the usability of GRS.
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4 Conclusions

In this position paper, we suggested a stronger focus on the group evolution and social
psychology and we are looking forward to discuss these preliminary ideas at the
workshop. This can increase users’ confidence in the GRS, which allows on the one
hand to facilitate negotiations as well as on the other hand to stimulate users with
unprecedented recommendations.
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Abstract: Generating a sequence of music tracks recommendations to a group
of users can be addressed by balancing the users’ satisfaction for a set of rec-
ommendations (the playlist), rather than finding items that individually provide
good average satisfaction to the users. In this paper we introduce a ‘Balancing’
technique that builds a tracks’ sequence iteratively while constantly balancing
users’ satisfaction levels. In a live user study we have shown that it produces
playlist recommendations that are better than those generated by the average
preference aggregation method and comparable to those manually compiled by
the group members.

1 Introduction

Group recommender systems aim at recommending the right items to a group of peo-
ple in a specific occasion. One of the major issues is to satisfy the group as a whole,
in an appropriate way, on the basis of the individual preferences [6][2]. Especially in
the field of music the taste and preferences of individual persons are diverse and
widespread. One song can never satisfy every member of the group equally. But,
groups often listen to a sequence of music tracks, and this opens a new recommenda-
tion problem but also an opportunity for satisfying individual preferences [5]. While
one single track may not be liked by all, a sequence of recommended songs may con-
tain different subsets of items which are of relevance for the various members. To
tackle these issues we propose a sequential recommendation technique for groups
based on ‘Balancing’: it builds a tracks’ sequence iteratively while constantly balanc-
ing user satisfaction levels. We show that this approach generally outperforms a “non-
balancing” and popular technique such as ‘recommendations aggregation with aver-
age’. We have implemented Balancing in a web—based music recommender and test-
ed it in a live user study. ‘Balancing’ produces playlist recommendations that are
better than those produced by the well-known ‘Average’ preference aggregation
method and comparable to those manually generated by users.
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2 Related Work

Apart from extensive research in the field of sequential recommendations for single
user, e.g. automatic playlist generation based on track similarity [8] there has so far
been significantly less effort in the area of sequential recommendations for groups [2]
[9]. Masthoff [4] [5] has conducted a substantial amount of user studies in this do-
main. In the research with a group of people watching TV-News she observed that
people, when making group recommendations, often prefer certain group rating ag-
gregation strategies, i.e., Average, Average without Misery and Least Misery. Gener-
ally Masthoff stresses that groups care primarily about fairness within the group and
stir towards “preventing misery and starvation” [5]. Having this in mind we have
conjectured that for group recommendation tasks where the group consumes several
recommendations (e.g., in a sequence) the ‘Balancing’ strategy, which is mentioned
in the previous section, can be very promising. Baccigalupo [1] has implemented a
web radio that takes into account its listeners’ preferences and plays a sequence of
music. This music sequence is built iteratively by a Case-Based Reasoning process
that has three major steps: Retrieve, Reuse, and Revise. In the Retrieve step they ob-
tain a ranked list of songs. The list is produced from the entire collection of music
tracks removing the tracks of recently played artists. The songs in the list are ranked
according to the smoothness of the transition they would make from the previous
song in the sequence. In the Reuse step the best scoring music tracks in the candidate
list are re-ranked. In order to combine individual track ratings of each listener into a
group rating they use a method they call satisfaction-weighted aggregation. When
combining individual preferences more weight is given to the less satisfied listeners.
From a newly produced ranked list they then remove the tracks that at least one lis-
tener rated below a certain misery threshold. In the final Revise step the listeners are
given a possibility to adjust their preferences through explicit feedback. At the end of
this step the top ranked candidate is selected and added to the music sequence.

3 Music Compilation Recommendation

In this section we present our original approach to generate a sequence of music
tracks recommendations for a group of users. The technique that we propose builds a
tracks’ sequence iteratively while constantly balancing user satisfaction levels. We
hypothesized that our approach could produce recommendations that outperform the
current state of the art techniques. Moreover, we assumed that our system would be
able to compete with humans at least with respect to some aspects, such as recom-
mendation goodness and fairness. A recommendation can be considered to be good if
it satisfies each group member, and it is fair if the accumulated satisfaction level (the
overall satisfaction level as it is measured so far) of each group member is similar to
that of other group members. We have also made a hypothesis [7] that emotional
decay is of importance when calculating cumulative satisfaction. Emotional decay
describes the fading of emotions over time, which is based on the belief that user
satisfaction (or dissatisfaction) with experienced items fades over time, and that items
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that were experienced more recently contribute more to the overall user satisfaction
with a sequence of items. We have designed and developed a web application that
provides music track recommendations for groups. Music track recommendations can
be either produced by humans (other group members) or by the system. System rec-
ommendations are made in two major steps. In the first step the system makes single
user rating predictions for each group member and for each music track. Rating pre-
dictions are produced using Matrix Factorization collaborative filtering [3]. In the
second step individual recommendations are aggregated and a sequence of 10 tracks
is composed and returned as the system recommendation to the group. Aggregation is
done using one of three alternative aggregation approaches that are described below.
The first approach is using the ‘Average’ of the predicted ratings to select the items to
include in the playlist. First it computes the group score for each music track i € |
using the formula:

ZuEG r*(u' L)

score(G,i) = 1

Here r*(u, i) is the predicted rating of user u for item i, and G is a group user u be-
longs to. Then the ten tracks with the highest group score are returned as recommend-
ed playlist.

The second approach, ‘Balancing without Decay’, operates in two steps. First a
candidate set is built using average aggregation, i.e., a set of candidate tracks with
large average predicted rating is found. In the second step the sequence to be recom-
mended is built using only tracks from the candidate set. While building the sequence
we monitor the accumulated predicted satisfaction level of each user, i.e., the sum of
the predicted ratings of the tracks. Here we assume that the user-accumulated satisfac-
tion is equally influenced by all the previous tracks in the playlist. The accumulated
satisfaction function looks as follows:

Ziesr*(u' l)

I e 5]

Where u is a user, i is a track, r*(u,i) is the predicted rating for track i and user u. If u
has rated i, then the true rating is used. S is track sequence that has been built till that
moment. M is a set of |S] tracks that have the highest explicit or predicted rating for
user u in the entire collection. The set M is the set that would be recommended to the
user if he had requested an individual recommendation and it is used to normalize the
user satisfaction. In order to select a new track to be added to a partially completed
recommendation sequence we calculate for each remaining track in the candidate list
the accumulated satisfaction of each group member with the sequence that would be
produced after adding that track to the current sequence. Having done that, we calcu-
late sums of all possible differences between the group members’ satisfactions. Final-
ly, we select and add the track that has the smallest sum of satisfaction differences.
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This process is iterated, starting with a sequence of one single track (having the larg-
est average satisfaction) until a sequence of desire length (10 tracks in our experi-
ments) is obtained. This is finally recommended to the user.

The third aggregation approach is ‘Balancing with Decay’ which differs from
‘Balancing without Decay’ approach only with respect to the cumulative satisfaction
function used. In ‘Balancing with Decay’ approach user cumulative satisfaction is
calculated using the following formula:

S — .
A C S (TR

M _ .
M=k e, )

sat(u,S) =

Where S is track sequence that has been built till that moment. M is a set of |S| tracks
that have the highest explicit or predicted rating by user u in the entire collection, u is
a user, ik is a track from S, while il is a track from M. r*(u,i) is the predicted rating for
track i and user u. If u has rated i, then the true rating is used. Finally, y is a decay
parameter. The decay parameter ensures that recent tracks get more importance when
calculating user satisfaction. In order to test our hypotheses we implemented a system
that enables users to enter ratings; set playlist recommendations for groups composed
by a master user; evaluate playlist recommendations built by the system with the three
mentioned approaches and those generated by the group members. The total number
of users that have registered and left at least one music track rating in the study was
77. Users have left 5160 ratings in total with the average of 67 ratings per user. With
1068 music tracks in our dataset, this amounts to a 6% density of the ratings. When
compared to the density of standard recommender system datasets (Netflix Challenge
dataset: 1.17%; Yahoo! Music dataset: 0.04%), it can be considered as a not sparse
data set. At the beginning of the experiment it was necessary for each participant to
rate a substantial amount of music tracks. Then, participants were divided into groups,
which were composed automatically by building a group of three users as soon as
three new members registered to the system. The users were requested to make music
track sequence recommendations for their groups. In order to accomplish that task
users were able to browse the ratings of the other group members for assessing their
music preferences. Afterwards they were presented with two sequences, a system
recommendation, that was built using one of the three methods mentioned above, and
a track sequence produced by a randomly chosen group member, through a set of
questions they had to evaluate both sequences in comparison (Fig. 1). Users were not
aware of who had generated the recommendations. We provide bellow a short sum-
mary of the results since the complete results would extend the scope of this work-
shop paper, for more information the reader is referred to [7]. Testing ‘Average’ algo-
rithm against ‘Balancing’, the ‘Balancing with Decay’ method was more often pre-
ferred to human recommendations than the ‘Average’ method was. When users had to
choose playlists created with ‘Average’ in comparison to user-generated playlists,
72% selected the latter. ‘Balancing without Decay‘ gained better results with 58% of
the participants selecting user generated playlist and ‘Balancing with Decay ’ scored a
solid 62% in favor of the computed aggregation method opposed to 38% for the user
generated playlists.
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This is the last phase of the experiment, We ask you to evaluate two for music track that were made for your group. One of the
recommendations is made by one of your group members and the other by the program. The two recommendations are put in a random order.

When the take into the fact that were made for the whole group and should sufficiently satisfy each group
mamber.

Recommendation 1:

Lt Coneivieuls ook (o | | How good is this fecommended sequence for your )
Green Day Holicay pop play 9
Q2. How good is this recommended segence for you
John Mayall & The Bluesbreakers  Kokoma buos | play | | PRGOS .
Q3: To what extend does this recomimenced sequence o
Rockmafla The Big Bang pop play emmmmmmumwmm sl |
.
Linkin Park Numb pop play Qé: How good is this recommended sequence compared lo- e
the cne that you have suggested? d——'
Tom Petty | Worit Back Down ok play
b meommy 0 SegUEn
Jet Are You Gonna Be My Git  pop play
Gonzalo Rubaicaba The Hard One Jazz play
Stovie Ray Vaughan 08 - Little Wing blues  play
Steve Miller Band The Joker rock  play
Recommendation 2:
Mucdy Waters Long Distance Call blues  play Q1 How & lhia Torioie 20
: How good recommended sequence 3
Nirvana Come As You Am ook play m' - wm. R -
3 good mcommended segence for you =]
=
Police Message In A Bollle ook | play | | PRGN
Q3: To what extend does this recommended sequence
Poice s = wmmmmummu-mmm { ol
Eagles Hotal Califoria ook play n‘:rh-wudhnhmunm;:;d:WMh [ %
the cne that you have sugges!
Gorillaz Fedl Good, Inc pop play
how your recommendstion sequence
The Blues Label Leacbelly - Pig meat papa blues  play
The Dave Brubeck Quartet Three To Get Reacy jazz play
Pirk Floyd Hey You rock  play
Pink Floyd Wish You Were Here rock play

O5: Which recommended sequence would you select for your group? () sequence 1
O sequence 2

Submit

Fig. 1. Music track evaluation

So we can conclude that ‘Balancing’ can achieve better performance than ‘Average’
algorithm. Moreover, its performance is of comparable quality to humans. This is
remarkable, because we have provided users with effective tools for the construction
of group recommendations and users spent a considerable amount of time in building
these playlist recommendations. In addition to that, it should not be forgotten, that the
main purpose of recommender systems is automatizing the recommendation process.
Making recommendations is a laborious and demanding activity. This is especially
true for group recommendations, where preferences of multiple people have to be
combined. Therefore, ‘Balancing’ approach could be considered as a good alternative
for human recommendations.
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4 Future Work

We note here that sequential recommendations is an interesting research area and this
type of problems are naturally generated by decision making activities in groups. Our
long term goal is to develop computational solutions to sequential recommendation
problems even further and specifically we aim at what we call “stable groups”, i.e.,
groups that have a persistent state, which receive several recommendations at differ-
ent points in time, and therefore can be the target for sequential recommenders
Hence, our aim on a long run is to develop this approach further and specifically aim
at so called stable groups that we see as the main target for sequential recommenders
because of the nature of their composition. With stable we mean a group that stays
over a long time in the same formation, like a family, colleagues at a workplace or
groups of friends. Apart from music recommendations we plan to examine other do-
mains like collective cooking or suggesting sports activities in order to achieve a con-
scious diet and a healthy lifestyle.
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Television is becoming more and more interactive. Connected TV sets receive televi-

Group recommendation in an Hybrid Broadcast
Broadband Television context
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Abstract. This paper presents insights and learning experiences on the devel-
opment of an integrated group recommender system in the European FP7 HBB-
Next research project. The system design incorporates insights from user re-
search and evaluations, media industry players, and European HbbTV standard-
ization efforts. Important differences were found between providing content
recommendations for HbbTV and e.g. on-line purchases. The TV user experi-
ence is very "lean back", so the user interface and interaction has to be minimal-
istic. The TV broadcast schedule changes continuously, so the system has to be
continuously updated. TV is typically consumed with family or friends, so it
should support group recommendations. Furthermore, an important challenge is
the HbbTV business ecosystem, where the content originates from multiple
broadcasters and the recommendations provider may be different from the
HbbTV platform provider. The resulting system is a Java-based recommender
framework with open interfaces for content metadata provisioning, user-profile
and identity management, group recommender algorithms, and group recom-
mendation retrieval. A metadata provision system was developed, automatically
enriching EPG metadata with content metadata from open Internet sources. Us-
ers are identified via QR-code scanning and face recognition. The recommender
uses a genre-based collaborative “least misery” group-filtering algorithm. The
client side application is an HbbTV application. Whereas most requirements
could be fulfilled, further study is needed to find acceptable solutions for col-
lecting user preferences and user identification in the HbbTV context.

Keywords: Group recommendations, recommender systems, system design

I ntroduction

sion channels through broadcast, whereas additional applications, content and services

are obtained through broadband internet. Hybrid Broadcast Broadband Television
(HbbTV) [1] is a standard that enables connected TVs to automatically start the
broadcaster application that belongs to the selected TV channel. It is being imple-
mented and used in a growing number (over 10 by October 2012) of European coun-
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tries. The European FP7 HBB-Next research project [2] is developing technologies
for next-generation HbbTV. One of its research topics is multi-user content recom-
mendations in a HbbTV context. The central use case reads: “One person watches
television and retrieves a list of content recommendations. Then a second person en-
ters the room, and is also identified by the system. Subsequently, the recommendation
list changes, tailored to the taste of the two persons together.” Accordingly, the focus
of this paper is on HbbTV content recommendations to a relatively small group of
users consuming the content together.

Providing content recommendations in an HbbTV context provides many chal-
lenges. In addition to the already enormous amount of TV programs broadcasted, the
availability of online content via broadband (both live and on-demand) will further
increase the content offered on the TV. Developers of recommender systems that will
be deployed in this context face numerous challenges concerning the acquisition of
user preferences, identification of the users, the calculation of multi-user recommen-
dations and the presentation thereof. Furthermore, the business environment is chal-
lenging as there are many different players in the HbbTV business ecosystem, and
there are different, and sometimes conflicting, business interests [3]. All of these as-
pects are important challenges in the development of a viable group recommender
system for HbbTV.

2 Related wor k

Content recommender systems are well-known for books (Amazon), on-line videos
(YouTube) and movies (Netflix, TiVo). Traditionally, recommender systems are pri-
marily applied in a single-user on-line / web context and a large body of research is
available within this area [4, 5]. However, like regular TV, HbbTV content will typi-
cally be consumed by multiple users. Group recommendation is a research area that
receives a lot of attention [4, 6, 7]. Well-known group recommender systems are,
amongst others, MusixFX (music in a fithess centre) [8], PolyLens (movies) [6], In-
trigue (tourist attractions) [9] and CATS (holidays) [10].

In the TV domain, where content is typically consumed by multiple users,
group recommender research is performed as well. Yu's TV recommender “TV4M”
recommends TV programs to multiple users by merging their individual profiles [11]
using total distance minimization. However, this recommender is not deployed in a
television context, but instead runs on a PC. The challenges faced when providing
content recommendations in a TV context differ significantly from the PC/web con-
text. Whereas PC has a "lean-forward" experience with active user involvement, TV
is "lean-back" where the user is a passive consumer expecting minimal effort [12].
Furthermore, the user input for TV is (until recently) limited to the buttons on the
remote control, and there is limited space on the TV screen.

Research questions related to the TV context are addressed by the academia
as well. Vildjiounaite et al. for instance, presented a method to construct group pro-
files based on implicit feedback of individual users [13].
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3 M ethodology

As part of the HBB-Next project, a recommender system was developed as a collabo-
rative effort by its partners. During its development, four sources of feedback have
been used to improve and consolidate the design and implementation. Firstly, user
requirements were determined via a diary study on video use in 15 households [14].
Then, different user interfaces were explored using paper prototyping. Secondly, an
experiment investigating how people decide what to watch was conducted [15].
Thirdly, business aspects have been checked with service providers and broadcasters
outside the consortium in feedback workshops, providing valuable input on the distri-
bution of technical functionalities over the different business roles. Fourthly, industry
adoption has been verified by contributing proposals to European HbbTV standardi-
zation, surfacing conflicting interests on identity management between broadcasters
and consumer-electronics vendors.

4 Results & Discussion

A generic Personal Recommendation Engine Framework (PREF) was created (and
canbe obtained from the authors for free for R&D purposes), since different recom-
mender systems have so much in common and recommendation algorithm developers
like to focus on the algorithms instead of the underlying cogs and gears.

PREF F||ter|ng | | Recommendation
Framework algorithms presentatlﬂn

—| User identification |

Automated
metadata collection ]
and -enrichment

User
Profiles
I,

Content
Metadata

\\J' User preference 1
! collection |

Fig. 1. PREF framework and system components.

4.1 Group recommendation algorithms

The PREF features an internal API that enables recommender system researchers and
dewelopers to easily create (group) recommendation algorithms (see Fig. 1). To calcu-
late recommendations, generally three steps are taken:

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

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

3. Clipping — The list of candidate items is turned into the actual recommendation list.

The current recommender system implements a scalable genre based collaborative
filtering (GBCF) prediction strategy [16]. This prediction strategy is similar to item-
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based collaborative filtering, but instead of items, similar genres are calculated. This
results in a much smaller and very dense user-genre matrix, which is used to predict
an item’s utility. The group preferences are modeled by merging the profiles of the
individual users using the least misery aggregation strategy. This strategy is applied,
as it is effective for small groups [7]. A utility-based filter is applied on the list of all
candidate items. This filter removes all items with a predicted utility below a certain
threshold. To create the final list of items that are recommended to the group several
list characteristics are taken into account. All (near-)duplicate series are removed to
prevent very similar episodes of the same TV series to fill the list. This makes the
resulting list more diverse, which proves to contribute to the overall user satisfaction
[17]. When the list contains similar items, broadcasting time determines which one
remains. TV programs that are on air when the user likes to watch TV are preferred
over others.

4.2 Automated metadata collection and enrichment

As the TV schedule changes day by day, automated metadata collection is essential
for the presentation of recommendations and also if content-based filtering is used

(e.g. to improve cold start). Furthermore, extensive genre information is essential for

genre based CF. Fortunately, basic TV metadata is readily available through metadata
brokers, in some countries even enforced by law. A system was built that collects

metadata and enriches it with additional semantic metadata that is freely available via
the Internet, e.g. from DBPedia [18].

4.3 Collecting user preferences

Cdllecting user preferences is a major bottleneck for TV program recommenders.
Industry feedback taught us that users are unwilling to provide explicit content ratings
in practice since providing it through a remote control is cumbersome. Therefore, an
implicit (or hybrid) system is needed, based on the watching behavior of the users.
This system must be able to identify who is watching TV and what content they con-
sume. However, providing automated access to the user identities and clickstream
runs into major privacy issues especially in a situation where devices that collect im-
plicit feedback send this to a central location for processing. Another serious issue is
the lack of a viable business-model to broker this profile information. In order to sup-
port content recommendations to a group of visiting friends, their profile information
might need to be shared among different recommender system providers. There is
probably no business incentive to share this information [3], but as long as recom-
mender systems remain stovepipes this issue is avoided. Besides this, the collection of
implicit ratings in a group context is not straightforward either. The current imple-
mentation uses a fixed user preferences database combined with explicit feedback and
leaves the collection issue for further study.
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4.4 HbbTV recommender application towardsthe user

The recommender front-end was implemented as an HbbTV application, running in
an HbbTV browser. The user interface was kept minimalistic and clean. The user
pushes the red button on the remote control to activate the recommender. Then rec-
ommendations are requested for the identified users. The resulting recommendations
are provided in a simple grid layout as shown below, which was found the most effec-
tive based on user feedback with various mock-ups. The user interface also shows
who is watching, and for whom the recommendations are meant. Once an item is
selected, a pop-up page presents further information about the program and offers the
user various viewing/recording sharing options. The playout itself was not imple-
mented, as these are standard TV set and HbbTV functionalities.

Fig. 2. User interface for obtaining group recommendations for television

Several options for user identification have been considered and implemented. The
web default, a recurring manual login screen, was rejected as too user-unfriendly.
Instead a QR-code with an associated smart-phone app was implemented to enable
quick and reliable user identification. Users can identify themselves by scanning the
unique QR-code that is displayed in the HbbTV app (see bottom right of Fig. 2). Fur-
thermore a face and voice recognition system is integrated for an even user-friendlier
identification of a limited set of predefined users. A Kinect camera that is placed on
top of the TV provides an audio and video stream in which a predefined set of faces
and speakers are to be recognized.

User identification proved to be a contentious issue from the industry feed-
back. Whereas broadcasters need access to user identity, equipment vendors are un-
willing to provide it as they either want to keep the user identity for their own ser-
vices, or they see no business in identity management services. Also some blocking
privacy issues were identified, e.g. strict laws on the use of cookies in browsers.
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5 Conclusion & Future Work

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

Whereas most technical challenges seem solvable, conflicting requirements
have been identified between user experience and business models. There is no clear
place for an “identity provider” role in the current HbbTV ecosystem, and the collec-
tion of implicit feedback runs into both business and privacy objections.

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