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Abstract. Nowadays, technology allows for a better understanding of user
needs through system design (recommender system) methodologies that posi-
tion the individual at the center of all his actions. In this paper we start by re-
viewing the state of the art in both individual and group recommender systems
technologies. On this ground we cluster the main characteristics of recommend-
er systems with respect to the tasks they perform, the methods they employ and
the issues they address. The other theoretical part we rely on is derived from so-
cial choice theory and voting. The main objective of this paper is to highlight
the role of voting in group recommender systems, more precisely discussing
several voting methods together with their characteristics. Our main contribu-
tions focus on: reviewing the state of the art literature related to voting in GRS,
proposing an innovative and transparent voting mechanism and highlighting the
current development of our music recommender system, GroupFun.

Keywords: Behavior, Social choice, Game Theory, Group Decision Making,
Incentives, Preference Aggregation, Recommender Systems, Voting.

1 Introduction

Online recommendation technology, for instance, offers the possibility of understand-
ing users’ preferences after just a few clicks. In addition, the interaction of various
online services can offer a more precise user decision model and propose products
that might interest him. Another dimension explored in recommender systems in re-
cent years is the use of social resources to elicit users’ preferences and reduce indi-
vidual effort. Thus, individuals can benefit from excellent recommendations through
their network or group of friends. The ubiquitous nature of recommender systems in
online commerce websites suggest this new approach helping users make effective
decisions, filtering information and allowing companies to increase their revenue
through product promotion by targeting an entire group rather than a single, isolated
individual.

A (individual) recommender system is a system which, through an information filter-
ing technique, attempts to recommend information items - e.g.: music, movies, TV pro-
grams, videos on demand, books, news, images, web pages, research papers etc.) which
are likely to be of interest to a single user. In individual recommender systems the
more effort a user puts in stating his preferences the more accurate recommendations
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he will obtain. The challenges associated with recommender systems focus on the lack
of data: they need a lot of information to effectively make recommendations. Further-
more, recommender systems are “biased towards the old and have difficulty showing
new”: the issue of changing data. Also, users’ preferences change over time. This
change cannot be very precisely measured and predicted.

In group recommender systems (GRS) the challenges are a lot more complex: e.g.
users do not need to interact with the system more and still obtain group-satisfying
recommendations. Their preferences need to be understood by the recommender fol-
lowing social rules. Also, users need to have an incentive for stating their preferences
truthfully for the entire group. Research in the game theory field provides mechan-
isms for truthful preference elicitation. Recommender systems, on the other hand,
have been used for solving social choice issues such as: information adaptation, prefe-
rence aggregation and automated negotiation. They offer the potential for substantial-
ly improving preference aggregation and elicitation.

Understanding group recommenders issues relate to the interaction between the
system and the users. However, applications of game theoretic methods to group re-
commenders are still an open research area. The development of such theoretical con-
sideration and applications is a research priority for the social group recommender
systems and human computer interaction research fields. Findings in this field are
related to truthful preference elicitation, recommendation understanding and user
adoption.

The significance of the current article is two folded: on the one hand we discuss
theoretical concepts grounded in game theory such as incentives for truthful prefe-
rence elicitation and voting strategies for influencing a group decision, and, on the
other, we showcase on implementation of a truthful voting scheme implemented in
our Facebook application. In GroupFun, users can contribute music to their group and
rate each other’s songs while seeing others’ ratings. Through this design we can
measure the extent to which some users are more individualistic trying to get their
songs voted to the top of the playlist whereas others are more group oriented, giving
“fair” ratings. The results mentioned in this paper have an impact in dynamic online
environments when users vote (and change their votes) numerous times. Instead of
competing for the desired outcome we shown how a probabilistic voting scheme can
help users state their preferences truthfully. Using a simple algorithm we have defined
an incentive-compatible scheme in which scores are interpreted as probabilities.

2 Recommender Systems and User Preferences

The way an individual recommender system works is that typically it compares a user
profile to some reference characteristics, and tries to predict the 'rating' that a user
would give to an item they had not yet considered based on these characteristics
which may belong to the information item (the content-based approach) or the user's
social environment (the collaborative filtering approach) (McCarthy et al. 1998).

A group recommender system is a recommender system aimed at generating a set
of recommendations that will satisfy a group of users, with potentially competing
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interests. The challenges associated with this simple statement deal with: considering
how to record and combine the preferences of many different users as they engage in
simultaneous recommendation dialogs (Jameson, 2004).

Recommender systems are widely extended in most online applications and plat-
forms. They help users reach the items they want instead of searching them online by
finding out which might be of interest to the user. Social networks can be of help in
the sense that one’s friends can decide which items may be recommended for some-
one else through means of sharing the same interests. Furthermore expertise can be
both useful and not: sometimes the experts’ approvals do not reach the mass. From an
economic point of view 2/3 of Netflix rented movies are due to recommendations,
38% of Google News clicks are due to recommendations and 35% of Amazon’s sales
are due to them also (Adomavicius et al. 2010). On the internet everything can be
recommended under the generic name of “item”: music, books, news, advertisements,
cloths, programming code, friends, cafes, restaurants, etcSocial Choice Theory

Social choice theory is a theoretical framework for measuring individual interests
or welfares as an aggregate towards collective decision (Chevaleyre et al. 2007). So-
cial choice theory and decision-making theory are strongly connected. Much ad-
vancement in both fields contributes to the success of the other field: social choice
deals with evaluation of methods for collective decision-making while decision mak-
ing helps putting decisions into practice for maximizing social welfare. When extend-
ing individual decision-making or set of preferences to a group or collective decision
making process one needs to take into account far more preference levels and intensi-
ties related to the field of choice in order to maximize a common welfare state, payoff
or satisfaction function (Gruenfeld 2006, Hastie and Kameda 2005).

The main challenges discussed in the social choice literature are related to: social
filtering, group formation, strategy-proofness, unconditional privacy, satisfaction
measurement (Masthoff 2005, Masthoff 2006), coalition formation, recommendation
collaboration and negotiation (Chevaleyre et al. 2007).

Jameson (2004) explores the challenges for group recommender systems while
finding the response to four novel research issues: “What benefits and drawbacks can
member preference specification have, and how can it be supported by the recom-
mender system?”, “How can the aggregation procedure effectively discourage mani-
pulative preference specification?”, “How can relevant information about suitability
for individual members be presented effectively?” and “How can the system support
the process of arriving at a final decision when members cannot engage in
face—to—face discussion?”

Jennings et al. (2001) examine the space of negotiation opportunities for autonom-
ous agents with the purpose of defining automated negotiation prospects, methods and
challenges Negotiation is presented as the best method for management and resource
sharing in a multi-agent environment. It also evaluates negotiation key techniques and
presents some major challenges for future automated negotiation research. The gener-
al negotiation framework is modeled on the basis of agreements and proposals. The
space between negotiation acceptance (agreement) and refusal opens the discussion
for efficiency and effectiveness.
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3 Voting in Recommender Systems

Recommender systems have emerged in the mid-1990s when forecasting theories and
information retrieval algorithms have linked this domain with social choice modeling.
The most basic formulation of a recommender system is that of aggregating a set of
user preferences — which can be either implicit or explicit — into a common social
welfare function which would maximize the satisfaction of all users. For online appli-
cations especially voting is one of the most common used ways for users to manifest
their preferences. Ratings can come after users’ interaction with the system or by
interpreting his/her preferences as extract of personal data. Once votes are submitted
the recommender system should come up with solution corresponding to the highest
scored items. The difficulties encountered by such a system are numerous: the number
of users, their preferences, cold start or initial recommendation, complex interpreta-
tion of preferences, utility statements, fact and desirability, etc. Voting difficulties
relate back to: number of votes, user interaction, voting scale, which items to be dis-
played first, voting estimation for non-voted items, voting differences in interpretation
across users, lack of an absolute framework, etc.

In recommender systems utility is typically represented through users’ votes or
ratings. The central problem of voting in recommender systems is connecting rated
items with unrated ones. Through their nature, group recommendation systems aim
at recommending items that are most relevant for the common interest of a group
of users. In most cases voting mechanisms assume that users rate all (or some)
items in order to identify the item (or a group if items) that suits the preferences of
all group members. This represents a very strong assumption since it is mostly
desirable that users should do the least of effort while expecting that the recom-
mender system will know their common preferences. So the above assumption
proves as not being feasible in sparse rating scenarios which are very common in
the field of recommender systems. Compared with other decision mechanisms such
as negotiations, coalitions and actions, voting is a very common and easy frame-
work for helping users reach a common output. It becomes desirable to determine
the winning item(s) while using a minimal set of the group members’ ratings, un-
der certain assumptions of the voting mechanism of the recommender system. Vot-
ing can be a very computationally costly mechanism thus yielding the need for
effectiveness. Heuristic algorithms prove to be extremely useful in scenarios de-
pending on user interest and their effort: minimizing the number of user required
ratings, for instance.

4 GROUPFUN

GroupFun is a Facebook application available at the address http://apps.facebook.
com/groupfun/ and hosted at EPFL.



416 G. Popescu

fyGroupFun

Hello George Popescu!

| Home | My list My friends Party list

The GroupFun Guru suggests the following for Laurentiu, Cristian, George and others

1 @ centIhave a magic by 03 PPV
George Popescu PPV
Laurentiu Dascilu PPV

2 @ Moondance by Mafitwist PPV
Laurentiu Dascalu e

3 @ Gunman (original mix) &y 187 Lockdow POV
Laurentiu Dasc3lu PPV
George Popescu e e

4 g It's Real (Feat. Shola Phillip &y 1871 ockdown EESTEALESTES)
George Popescu PPV
Laurentiu Dascalu P

5 g The Don by 187 Lockdown PP
George Popescu P99

=

Fig. 1. "Party list" tab in GroupFun

4.1 Home

The “Home” page contains the visual identify of the GroupFun and three playlists:
Top 8 GroupFun, Christmas and Lausanne Party. Three entities are samples of what
GroupFun can have as output, as shown above.

42 My List

Users can create their own playlist from a number of 10.000 songs. After the playlist
is created, the user can rate the songs, as in the figure 2. The music player, soundma-
nager, can help the user to take the right decisions. The user can edit his/her playlist
and add/remove songs from the playlist.

4.3 My Friends

The user can invite his/her friends to use the application and check their activity: they
accepted or not the invitation and what are their music preferences. In the implemen-
tation, we used the standard Facebook request fb:multi-friend-selector, customized
with 6 maximum invitations and 5 friends per column. The activity of user's friends is
available, in case that he/she wants to check their music preferences. This feature
increases the interaction within a group of friends, as some users can rate the songs
already rated in the system. A preview is available in the figures below.
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4.4 My Scrobbler

Using the Last.fm music recommender system called “Audioscrobbler”, we imported
users data into GroupFun by taking advantage of the profile of each user's musical
taste after recording details of the songs the user listens to, either from Internet radio
stations, or the user's computer or many portable music devices. This information is
transferred to Last.fm's database (“scrobbled”) and then scrobbled again into Group-
Fun. The profile data is then displayed on the user's profile page.

4.5  Party List

Users can express their preference related to the songs from the event playlist. For the
“Party list” page, we implemented two recommendation algorithms and the output is a
common playlist, based on the preferences of all the users.

5 Voting Mechanism

The motivation of this research was to find a preference elicitation and aggregation
method for a group deciding on a joint outcome. Two criteria are important for devel-
oping this method: it must maximize the group satisfaction, and it must encourage
users to state their preferences truthfully so that group satisfaction actually corres-
ponds to satisfaction of user preferences. This problem is a general instance of social
choice and often modeled as a voting problem. We let A be the set of all users and S
the set of all possible outcomes that can be rated. In a group music recommendation
setting, the outcomes are songs si to be selected in a joint playlist. We let each user aj
submit a numerical vote score(si,aj) for each song si that reflects its preference for
that song. These votes are given as ratings, for example 4 out of 5 stars, and norma-
lized so that the scores given by each user sum to 1. We then assign a joint score to
each song that is computed as the sum of the scores given by the individual users:

score(si)= Zaje , score(si, aj) (1

To choose the songs to be included in a playlist of length k, a deterministic method is
to choose the k songs with the highest joint rating. This is a generalized plurality rule.
However, this method is not truthful: consider a user who very much likes a song X
that is certainly not liked by anyone else, but also has a second best song Y that many
others like. This user has no interest to give a high vote for X, since X will never
make it into the k songs with the highest joint score. Instead, she should give a
stronger vote to Y, which actually has a chance to make it into the selection. In fact, a
famous result in game theory, the Gibbard-Satterthwaite theorem, shows that there
does not exist a truthful deterministic voting method. However, we note that this theo-
rem does not apply to non-deterministic methods where the choice includes a random
element. Consider for example the random dictator rule: we randomly pick one of the
users with equal probability, and let this user decide the next song to be chosen. Once
chosen, the user knows that her choice will be included, so she will report it truthfully
even if it is not very popular among other users.
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5.1 Voting Algorithm

As a method for choosing a joint playlist, we thus propose a method we call the prob-
abilistic weighted sum (PWS) that is equivalent to the random dictator rule: we itera-
tively choose each of the k songs randomly according to the probability distribution:

.\ — score(si)
p(Sl)_ /zsiesscore(si) (2)

To illustrate how PWS works, we consider the following example. In the table
below, userl, user2, and user 3 represent group members. The score distribution for
each of the candidates is displayed in the respective row, and the joint scores are
shown below.

Table 1. An example of three users and 6 candidates using PWS

Userl Song 1: 0.1 | Song?2:0.3 | Song3:0.2 | Song4:0.1 | Song5:0.1 | Song 6:0.2
User2 Song 1: _ | Song?2:0.1 | Song3:__ | Song4:__ | Song5:0.4 | Song 6:0.5
User3 Song 1: 0.4 | Song2:0.2 | Song3:__ | Song4:0.2 | Song5:__ | Song6:0.2
Total score | Song 1: 0.5 | Song 2:0.6 | Song3:0.2 | Song4:0.3 | Song5:0.5 | Song 6:0.9

For a playlist of size 2, the plurality rule would always choose songs 6 and 2, and
User3, who prefers song 1, would have no interest to vote for that song. After norma-
lizing the total scores by the sum of the scores, we obtain the following probability
distribution for the set of outcomes.

| Probability | Song 1:0.16 | Song2:0.2 | Song3:0.1 | Song4:0.06 | Song5:0.16 | Song6:0.3 |

It would choose the playlist by choosing one song after another using this probabilis-
tic distribution. Compared to other social choice based algorithms, PWS is incentive
compatible. That is, it is to the best interest of the individual to reveal his/her prefe-
rences truthfully. It is in fact equivalent to a random dictator method, where the dicta-
tor will choose a song randomly with the probabilities given by its degree of prefe-
rence — a reasonable method since nobody wants to hear the same song over and over
again. This is because the probability of a song si to be chosen can be written as:

| 1
p(sy=3C0rel)/ = ZajEAmscore(Si, @) 3)

or, in other words, the probability of choosing user aj times the normalized score that
user aj has given to song si. And indeed, User3’s preference for song 1 yields a signif-
icant probability that this song will be included in the playlist.

Advantages of PWS Compared with Other Methods

e Users are free to choose as many or as few songs as they like
e Users can easily rate each song and the system will turn it to utility score
e Ratings are updated permanently
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e The algorithm is computationally simple
e Incentive-compatible truthful property is observed

Disadvantages

e Difficult to quantify rating differences between distinct users. The weights given
by each user cannot be compared with the ones given by another.

e Self-selection effect: most popular songs will receive most votes (not ideal if long
tail distribution is desired).

5.2 Evaluation

More than 100 users have tested our system during various pilot tests and experiments
organized by uploading and rating music in a small group. Here we report only the
results concerning the role of the probabilistic weighted sum algorithm in music rec-
ommendation. We planned and carried out an experiment in which 24 individuals
evaluated 4 algorithms under the name of Algl (Deterministic Weighted Sum), Alg2
(Probabilistic Weighted Sum), Alg3 (Least Misery) and Alg4 (Probabilistic selection).

The results highlighted in the chart and table below together with users comments
and inputs are very fruitful for our development of the probabilistic weighted sum
algorithm. With colored lines are presented all of the users’ ratings (due to space con-
cerns we include only 8 users’ ratings) and with a dashed black line the average of all
results (16 recordings). We notice a favorable trend for the first two algorithms. The
least misery one is less preferred in general by all members compared with the first
two whereas the random or probabilistic selection received the least scores.

The last row in the table shows that the average scores for PWS and DWS are very
close: 3.625 for the first one and 3.875 for the second one. Given the fact that in our

Evaluation of 4 algorithms

Fig. 2. Evaluation of algorithms

5
g 4
3 4
2
1 Userl
Iam satisfied with | |am satisfied with | | am satisfied with | 1am satisfied with
the songs the songs the songs the songs User2
recommendedto | recommendedto | recommended to recommended to e | | 521 3
me by: [Algl] me by: [Alg2] me by: [Alg3] me by: [Algd]
— | 5erd
—|)zerl 4 5 3 3
— | 5Er 2 3 3 a 2 —| ] 5215
User3 4 3 2 1 = Useré
m— | sard 3 5 3 1 User?
———User5 5 3 a 3 Users
s | 52T 3 3 3 3
...... Average
User? 4 5 2 1
User8 3 4 3 4
""" Average 3.625 3.875 3 2.25



420 G. Popescu

experiment users did not have the time to experience the advantages of PWS in many
voting sessions we find this result very encouraging for future research. Moreover, we
note that none of the users gave a score lower than 3 (out of 5) for PWS and DWS.
Other 2 algorithms received very low ratings. Out of the reasons mentioned by our
users favoring PWS we report: serendipitious and non-popular music recommenda-
tions, transparent information of other members’ ratings and discovery effects.

6 Conclusions and Future Work

Recommender systems have known significant improvement in the past years. Many
of them have been due to voting protocols and the fact that the system could under-
stand better users’ preferences. The work proposed in this paper is strongly con-
nected to dynamic online environments in which users vote and change their votes
numerous times. Instead of competing for the desired outcome we have shown how a
probabilistic voting scheme can help users state their preferences truthfully. Using a
simple algorithm we have defined an incentive-compatible scheme in which scores
are interpreted as probabilities. The static and the dynamic cases further contributed to
measuring user preference for the deterministic case.

This advances previous work carried on for understanding the voting mechanism
as well as its dynamics and user choice. Users are free to state their preferences indi-
vidually as well as modify them according to some group dynamics factor and inter-
mediate common decision. In real-life examples the two cases presented are very
frequently encountered and numerous applications stated in the beginning denote the
need for adaptive group recommender systems. GroupFun is one of these systems
designed for users to spend the least amount of time stating their preferences and be
able to reach the common music playlist goal.

Future work will consider best ways for allowing group members to interactively
achieve common outcomes that they are willing to consume. By studying user interac-
tion in a group recommender system we will be able to match group dynamics with
music preferences and group satisfaction for a set of events. Fairness is another study
point worth investigating in the evaluation. Furthermore we plan to deduct what inspi-
rational process produces user motivation for deciding upon a specific playlist.
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