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Abstract. Nowadays online group activities are emerging, as individuals share 
their preferences, collaborate, discover and interact with their friends and fami-
ly. Group recommender systems (GRS) use various social resources to make 
recommendations of items or activities that users are most likely to consume or 
agree upon. Thus, aggregating preference and recommending a common set of 
items for a group has become a challenging topic in online systems providing 
group suggestions and social websites. This issue is mainly concerned with  
the following three subjects: eliciting individual users’ preferences, suggesting 
the maximized overall satisfaction outcome for all users and ensuring that the  
aggregation mechanism is resistant to individual users’ manipulation. Further-
more, both individual and group preferences change over time. In order to track 
all of these changes GRS need to benefit from user interaction. This paper aims 
to present an innovative algorithm, which adapts to individual preference  
dynamics for group and social recommender systems. Individuals choose their 
desired items with the purpose of maximizing the entire group’s satisfaction.  

1 General Framework 

1.1 Notations 

A = set of n agents (individuals, users, persons, etc.)  

 ,Aai ∈ ni ≤≤∀1  (1) 

S = set of all possible items k (alternatives, e.g.: songs)  

 ,Ss j ∈ mj ≤≤∀1  (2) 

),( ij asscore = score that each agent gives to selected items 

 }5,4,3,2,1,0{),( ∈ij asscore )( ij als ∈∀  (3) 

),( ij asu = individual utility and corresponds the score given by each agent 

 ),(),( ijij asscoreasu = Aaals iij ∈∀∈∀ ),(  (4) 
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)( ial = list of items of agent ia  

 },0),(|{)( ≠= ijji asscoresal ni ≤≤∀1  (5) 

iai NN = = set of neighbors of agent ia , given a trust relationship between agents 

 { },),(| jiji aaraN ↔∃= nji ≤≤∀ ,1  (6) 

jiaaij TT = = level of direct trust between agents ia  and ja   

 ,NTij ∈ nji ≤≤∀ ,1  (7) 

ijT
~

 = level of indirect trust between agents ia  and ja   

 ,
~

NTij ∈ nji ≤≤∀ ,1  (8) 

k = length of the final list of items to be elected 

 ,)(
1


≤≤
<<

ni
ialk  (9) 

1.2 Computation 

The motivation of this research is to find a preference elicitation and aggregation 
method for a group deciding on a common outcome. The method should adapt to the 
dynamics of the group in terms of preference change, interaction and trust. Two crite-
ria are important for developing it: it must maximize the group satisfaction, and it 
must encourage users to state their preferences truthfully.  

This problem is a general instance of social choice and often modeled as a voting 
problem. We let A be the set of all agents and S the set of all possible outcomes that 

can be rated. In a group music recommendation setting, the outcomes are songs sj  to 

be selected in a common playlist. Each individual ai  submits a numerical vote 

score(sj, ai )  for each song sj . This represents the preference intensity or utility for 
the respective song.  
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Thus each person estimates self-utility and submits the respective score for each song. 
Votes are given as ratings, e.g.: 2 out of 5. The voting weight is chosen as a 5-steps 
Likert scale and represents: 1=”Strongly dislike it”, 5=”Strongly like it”. We normal-
ize them so that the scores given by each agent sum to 1. Then, we assign a joint score 
to each song that is computed as the sum of the scores given by the each individual:  
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As such songs’ scores are stored and can be listed according in a descending order, 
for instance. To choose the songs to be included in a playlist of length k, a determinis-
tic method that satisfies montonicity is to choose the k songs with the highest joint 
rating. This is a generalized plurality rule. However, this method is not truthful.  

2 Proposed Voting Algorithm 

As a method for choosing a joint playlist, based on the previous discussions, we pro-
pose a method we call the probabilistic weighted sum (PWS). PWS is equivalent to 
the random dictator rule: we iteratively choose each of the k songs randomly:  
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The algorithm will choose the playlist by selecting one song after another using this 
probabilistic distribution. Compared with other social choice based algorithms, PWS 
is incentive compatible. That is, it is to the best interest of the individual to reveal 
his/her preferences truthfully. It is in fact equivalent to a random dictator method, 
where the dictator will choose a song randomly with the probabilities given by its 
degree of preference – a reasonable method since nobody wants to hear the same song 

over and over again. The probability of a song js
 to be chosen can be written as:  
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In other words, the probability for song js  to be selected is the probability of choos-

ing user ia  multiplied by the normalized score that user ia  has given to song js .  

3 Individual Preference Elicitation 

The figure below shows the steps followed by each user and the system from rating 
generation to recommendation. First the users choose their songs. Then they rate 
those songs corresponding to their utilities. The algorithm normalizes the scores into 
probabilities as explained above and displays a song list based on these probabilities. 
 

 

Fig. 1. The steps of the PWS algorithm 
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The recommendation list of songs favors diversity. Even though users will not get 
to have their most favorite songs selected, but with a certain probability, the more 
they interact with the system, the higher the chances will be to their preferences will 
arrive in the top k. Till this point we have considered only individual interactions with 
the system, i.e. individual rating. Each user gives personal scores to each of the songs, 

),( ij asscore  which represent numbers from 1 to 5 (ratings).  

4 Group Preference Elicitation 

We now consider trust between users and define a framework for modeling trust  
relationships. Suppose users share their songs with other users. If one song is selected 

by the others then the level of direct trust ijT , between the two users will increase.  

For any song js we have the following score updating rule: 

 =
j

jj

N
Nj asscoresscore ),(:)(  (14) 

for all neighbors who rated the same song.   

 { },),(| jiji aasongaN ↔∃= nji ≤≤∀ ,1  (15) 

In other words, there exists at least one song rated by both users, not necessary with 
the same score.  

 { },)()(| Θ≠∩= jiji alalaN nji ≤≤∀ ,1  (16) 

iN is the set of all trusted neighbors for user ia . Until now we considered only direct 

trust between users.  
Indirect trust can be computed by taking into account the interaction among  

users. We consider the case in which users critique the preferences of others. Suppose 

that each user has already created an individual playlist. For each songs in )( iak the 
current user ia  has submitted his/her ratings. Now users can check other users’ playl-
ists and can submit their critiques in the form of “like” / “dislike”.  

 }1,0,1{),( −∈ij ascritique  (17) 
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The total direct trust for user 
ia  is the sum of all direct trust between all neighboring 

agents and the current user. We compute this as counting the number of times each 

other user rated same songs thus adding 1 to the overall direct trust for user ia . 
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Finally, we normalize this direct trust score to 1 allowing a comparison between the 
levels of direct trust among all users.  
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We do a similar computation for indirect trust. For both direct and indirect trust we 

compute )( iatrust  the trustworthiness score to an agent ia , the sum between the direct 
and indirect trust for all neighbors.  

 ),(
~

)()( iii aTaTatrust += ni ≤≤∀1  (21) 

Users are sorted by their trust coefficient. They are interested in proposing interesting 
songs and capture the direct and indirect trust of other users. In this way the GRS with 
the probabilistic weighted sum algorithm increases the group’s welfare by giving 
higher probabilities to songs which “worth” being included in the final top k playlist.  

5 Related Work 

Addressing the problem of social choice with a general voting mechanism, Brandt and 
Sandholm (2005) consider the most general case of voting in which the users’  
rankings of alternatives are mapped to a collective ranking of alternatives by a social 
welfare functional. Such approach was investigated by: Hastie and Kameda (2005), 
Herlocker et. al (2004) and Ricci (2009). As an example, CATS is a synchronous 
collaborative recommender system, which helps a maximum of 4 users to reach a 
common ski destination using the DiamondTouch tabletop (McCarthy et. al, 2006). 
TV show experiments revealed important decision making consequences for the im-
pact of scores and recommendations a recommender systems presents to its users 
(Adomavicius et. al, 2010).  
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