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Explosion of Choice

p A trip to a local supermarket:
n 85 different varieties and brands of crackers.
n 285 varieties of cookies.
n 165 varieties of “juice drinks”
n 75 iced teas
n 275 varieties of cereal
n 120 different pasta sauces
n 80 different pain relievers
n 40 options for toothpaste
n 95 varieties of snacks (chips, pretzels, etc.)
n 61 varieties of sun tan oil and sunblock
n 360 types of shampoo, conditioner, gel, and mousse.
n 90 different cold remedies and decongestants.
n 230 soups, including 29 different chicken soups
n 175 different salad dressings and if none of them suited, 15 

extra-virgin olive oils and 42 vinegars and make one’s own



Choice and Well-Being

p We have more choice, more freedom, 
autonomy, and self determination

p Increased choice should improve well-being:

n added options can only make us better off: 
those who care will benefit, and those who do 
not care can always ignore the added options

p Various assessment of well-being have shown 
that increased affluence have accompanied by 
decreased well-being.



Successful Queries are the Minority

5
Source: http://www.keyworddiscovery.com/



6

Queries will disappear

Leverage multiple signals to get rid of queries



Recommender Systems
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Amazon.it
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170 engineers in Amazon are 
dedicated to the recommender system



Movie Recommendation – YouTube

9Recommendations account for about 60% of all video clicks from 
the home page.



1. Preference Elicitation

2. Predicting

3. Selecting and presenting 
the recommendations
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Classical Recommendation Model

Two types of entities: Users and Items

1. A background knowledge: 
l A set of ratings – preferences - is a map 

l r: Users x Items à [0,1] U {?}
l A set of “features” of the Users and/or Items

2. A method for predicting the r function on (user, item) 
pairs where it is unknown

3. A method for selecting the items to recommend:
l Recommend to u the item i*=arg maxiÎItems {r*(u,i)}

G. Adomavicius, A. Tuzhilin: Toward the Next Generation of Recommender
Systems: A Survey of the State-of-the-Art and Possible Extensions. IEEE 
Trans. Knowl. Data Eng. 17(6): 734-749 (2005)

r*(u, i) = Averagesu is similar to u {r(su, i)}
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Problems and Issues

p Cold Start (new user and new item) 
p Filter Bubble
p How much to personalize 
p How to contextualize 
p Learning to interact and

proactivity
p Recommendations for 

Groups
p Scalability and big data
p Privacy and security
p Diversity and serendipity
p Stream based recommendations 13



Critical Assumptions

14



Predictability

p Predictability: observing users’ behavior the 
system can build a concise algorithmic model of 
what they like

15



Stability of User Preferences

p User preferences are supposed to be rather 
stable – models are built by using historical data

16



Continuity

p User preference function is “continuous”: there 
exist a notion of item-to-item similarity such that 
similar items generate similar reactions in a user 

17
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Violation of stability and continuity

p Today I shave with an electric razor while last 
month I was shaving with a disposable razor 

p I went to sea places for the last 3 summers but 
next year I will hike in the mountains 

p I like Pustertal but I do not like Vinshgau

19
Pustertal Vinshgau



Predicting user behaviour is hard

20



Preferences
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Ratings (recommendations)

22



Likes



Likes



Pairwise Preferences
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Pairwise-Based Recsys

p System that uses pairwise preferences for eliciting user 
preferences makes users more aware of their choice 
options 

p A system variant based on pairwise preferences 
outperformed a rating-based variant in terms of 
recommendation accuracy measured by nDCG and 
precision 

p Nearest-neighbor approaches are effective, but the user-
to-user similarity must be computed with specific metrics 
(e.g. Goodman Kruskal gamma correlation)

26

• L. Blédaité, F. Ricci: Pairwise Preferences Elicitation and Exploitation for 
Conversational Collaborative Filtering. HT 2015: 231-236

• S. Kalloori, F. Ricci, M. Tkalcic: Pairwise Preferences Based Matrix Factorization 
and Nearest Neighbor Recommendation Techniques. RecSys 2016: 143-146



CP-Network
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F. Koriche, B. Zanuttini / Artificial Intelligence 174 (2010) 685–703 687

Fig. 1. The domain and CP-net of “evening dress”.

term t is maximal for a subset of variables Y ⊆ Xn if var(t) = Y . For example, the term x1x2 is maximal for {x1, x2}, but not
for {x1, x2, x3}.

2.1. Syntax of CP-nets

A conditional preference rule (CP-rule) on a variable x is an expression of the form t : p ≻ p, where p is a literal of x
and t is a term such that x /∈ var(t). Such a rule captures the statement “given that t holds, the value p is preferred to the
value p for the variable x, all other things being equal”. Borrowing the usual terminology of production rule systems, the
preference p ≻ p and the term t are respectively called the head and the body of the CP-rule t : p ≻ p.

A conditional preference table (CP-table) on a variable x with respect to a set Y ⊆ Xn \ {x} is a set of CP-rules on x that
associates at most one rule t : p ≻ p to each maximal term t for Y . The CP-table is complete if exactly one rule t : p ≻ p is
associated to each maximal term t for Y . For example, the set {x1 : x2 ≻ x2} is an incomplete CP-table on x2 with respect to
{x1}, while the extended set {x1 : x2 ≻ x2, x1 : x2 ≻ x2} is a complete CP-table on x2 with respect to {x1}.

A conditional preference network (CP-net) over Xn is a labeled digraph N in which the set var(N) of nodes is a subset of
Xn , and such that each node x ∈ var(N) is annotated with a CP-table cpt(x) on x with respect to the set par(x) of parents of
x in the graph. The variables in var(N) are called relevant, and the variables in Xn \ var(N) are called irrelevant. The CP-net
is complete if every relevant variable is annotated with a complete CP-table.

A CP-net is acyclic if its digraph is acyclic, and tree-structured if its digraph forms a forest, that is, a disjoint union of
trees. Note that a tree-structured CP-net is an acyclic preference network where each node has at most one parent.

Recall that the size of a graph is defined by the number e of its edges. By extension, we define the size |N| of a CP-net
N to be r + e, where r is the total number of rules occurring in N , and e is the number of edges in the graph of N .

These different notions are illustrated in the following examples.

Example 1. Let us consider a variant of the evening dress domain [9]. Susan is a robopsychologist who spends most of her
time at the robot manufactory. Occasionally, she is invited to evening ceremonies, but she is always late at work and must
quickly change her outfits at home before getting to the ceremony. Fortunately, her domestic robot can help her to choose,
among the available clean clothes, a combination that she would like the most. The robot does not know a priori which are
Susan’s outfit preferences, but it is equipped with a learning module that can extract these preferences by observing her
behavior and asking simple questions.

The variables standing for the different clothes are described in the left part of Fig. 1. Only three of them are relevant to
Susan’s preferences: they are associated to the jacket, pants, and shirt. Susan unconditionally prefers black to white as the
color of both the jacket (x3 ≻ x3) and the pants (x4 ≻ x4), while her preference for a red shirt versus a white one depends
on the combination of jacket and pants. Namely, a red shirt (x5) brings a touch of color if the jacket and pants are the same
color, but a white shirt (x5) appears to be more sober if they are different.

The target CP-net N is depicted on the right part of Fig. 1. N is defined on 3 relevant variables, and it is acyclic and
complete. Since it contains 2 edges and 6 rules, its size is |N| = 8.

Example 2. Let us turn to a variant of the flight reservation domain [12] using our favorite character. As a research scientist,
Susan often assists to conferences in different countries, by taking a flight from the USA. In this context, Susan’s domestic
robot can select a travel that optimizes her preference over the flight options, given the available resources at the reservation
moment. Again, the robot does not know a priori which are Susan’s preferences, but it can learn them by observing previous
flight reservations and asking few questions.

The attributes standing for the different flight options are described in the left part of Fig. 2. The relevant variables are
the ticket class, departure day, departure time, and stop-over. Susan unconditionally prefers to take a flight leaving one

Frédéric Koriche, Bruno Zanuttini: Learning conditional preference 
networks. Artif. Intell. 174(11): 685-703 (2010)



Choice Modeling
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The recommender is an agent that 
can take decision on behalf of the 
user (for the user)



Decision Making

p A decision maker DM selects a single alternative (or 
action) a∈A

p An outcome (or consequence) x∈X of the chosen action 
depends on the state of the word s∈S

p Consequence function:
𝑐: 𝐴	×𝑆	 → 𝑋

p User preferences are expressed by a value or utility 
function – desirability of outcomes: 

𝑣: 𝑋 → 	ℝ

p Goal: select the action a∈A that leads to the best outcome

29
D. Brazunas, Computational Approaches to Preference Elicitation, 
Tech Rep University of Toronto, 2006



Preferences under certainty

p The state s∈S is known – one action leads to one outcome

p Preferences over outcomes determines the optimal action 
(recommendation): 

n Rational agent selects the action with the most 
preferred outcome

p Weak preference over X ∋x, y

n Binary relation x ≽ y

n Comparability: ∀x, y∈X, x≽y ⋁ y≽x

n Transitivity: ∀x, y, z∈X, x≽y∧ y≽z ⟹ x≽z

p Weak preferences can be represented (when X is finite) 
by an ordinal value function: 𝑣: 𝑋 → 	ℝ that agrees with the 
ordering ≽, i.e.:

𝑣 𝑥 ≥ 𝑣 𝑦 ⇔ 𝑥 ≽ 𝑦
30



Example – one user - certainty

p Actions = {swim, run}
p States = Contexts = {sun, rain}
p Outcomes X = Contexts x Items = {(swim, 

sun), (swim, rain), (run, sun), (run, rain)}
p Preferences in context: 

n v(swim, sun) = 3, v(swim, rain) = 4, v(run, 
sun) = 5, v(run, rain) = 1

p Context is know
n If it is sun then recommend: run
n If it is rain then recommend: swim

31



Recommender
p If the context is know
p And we know – or we can fully predict - the preferences

of the user u over the space of outcomes X (items in 
context) - either as pairwise comparisons or as an ordinal 
function (rating): 

𝑟: 𝑈×𝐼×𝐶 → 𝑅
p Then we can predict the user choice

i*=arg maxiÎItems {r(u, i, c)}

p Unfeasible!
n We do not fully know the relevant context
n It is too hard to accurately predict the preferences in the 

current user context.
32G. Adomavicius, A. Tuzhilin: Context-Aware Recommender Systems. 

Recommender Systems Handbook 2015: 191-226



Preferences under uncertainty

p Consequences of actions are uncertain
p Lottery: <x, p, x’>, x occurs with probability p or x’ with 

probability (1-p)
p Rational decision makers are assumed to have complete 

and transitive preferences ranking ≽ over a set of 
lotteries L

p If the weak preference relation ≽ over lotteries is (1) 
complete, (2) transitive, (3) continuity, (4) independence, 
then there is an expected (or linear) utility function 
𝑢: 𝐿	 → ℝ which represents ≽
n u(l) ≥ u(l’) ⟺ l ≽ l’
n u(<l, p, l’>) = p u(l) + (1-p) u(l’), ∀l, l’∈L, p∈[0,1]
n u(l)=u(<p1, x1; … pn, xn>) = p1 u(x1) + … + pn u(xn)

33



Example – one user - uncertainty

p A = {swim, run}
p S = C = {sun, rain}
p X = C x I = {(swim, sun), (swim, rain), (run, 

sun), (run, rain)}
p Preferences: v(swim, sun) = 3, v(swim, rain) = 

4, v(run, sun) = 5, v(run, rain) = 1
p p(sun) = 0.8, p(rain)=0.2
p Choice is determined by expected utility

n v(swim) = 3 * 0.8 + 4 * 0.2 = 3.2
n v(run) = 5 * 0.8 + 1 * 0.2 = 4.2 
n Recommend: run

34



Preference Knowledge

p The system knowledge of the user preferences is 
not only incomplete but it is also largely 
inaccurate

35



Remembering

p D. Kahneman (nobel prize): what we 
remember about an experience is 
determined by (peak-end rule)
n How the experience felt when it was at its peak 

(best or worst)
n How it felt when it ended

p We rely on this summary later to remind how the 
experience felt and decide whether to have that 
experience again

p So how well do we rate or compare?
n It is doubtful that we prefer an experience to 

another very similar just because the first ended 
better.

36



Remembering the Stars?

37

Rating as function of time past after watching a 
movie. Dashed line for initially high rated 
movies, solid line for initially low rated movies. 

The movies 
were split based 
on the average 
rating in the 
first timeslot

Over time 
ratings 
regress to the 
middle of the 
scale.

D. G. F. M. Bollen, M. P. Graus, M. C. Willemsen: Remembering the stars?: effect of time 
on preference retrieval from memory. RecSys 2012: 217-220



Summing Up – so far

p Preferences are context dependent 
p It is practically impossible to know/predict 

preferences in all the potentially relevant 
contexts

p Preferences judgements acquired after the 
experience of the item are unreliable

p Preferences acquired for experiences we had 
some time ago are 
not reliable at all.

38



Irrelevant Context
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p It is hard to say what is really irrelevant



Attraction Effect

p Alternative options:
n You could get access to all our web content for 

$59, 
n A subscription to the print edition for $125, 
n Or a combined print and web subscription, 

also for $125.
p D. Ariely surveyed students about which option 

they preferred
n Predictably, nobody chose print subscription 

alone; 
n 84% opted for the combination deal, 
n and 16% for the web subscription.

40Ariely, Dan. Predictably Irrational: The Hidden Forces That Shape Our 
Decisions. New York: Harper Perennial, 2010.



Without Attraction

p Alternative options:
n You could get access to all our web content 

for $59, 
n Or a combined print and web subscription, 

also for $125.

p D. Ariely surveyed again students about which 
option they preferred
n 32% wanted the print subscription (vs 84% in 

the previous experiment)
n while 68% preferred to go web-only (vs 16% 

in the previous experiment).
41



Irrelevant context does matter

p Modeling the alternative options as context
𝑟: 𝑈×𝐼×𝐶 → 𝑅

p With the dominated option
n r(u, web, (print, print+web)) = 4
n r(u, print, (web, print+web)) = 0
n r(u, print+web, (web, print)) = 5

p Without the dominated option
n r(u, web, (print+web)) = 4
n r(u, print+web, (web)) = 3

42

Context space explodes: we must consider 
even apparently irrelevant context wen 
estimating preferences.



Preferences and Choice

p The previous example can also be explained by 
saying that
n Preferences do not completely determine user 

choice
n Users are not maximizing (expected) utility
n More complex choice models are needed

43



Choice Model

p A model of choice gives the probability of choosing
an item i from a set of choices X: p(i|X)

p If i is represented by a feature vector vi the 
multinomial logit model (MLM) state that:

𝑝 𝑖	 𝑋) = 	
exp	(𝑤@𝑣A)

∑ exp	(𝑤@𝑣C)�
C∈F

p w is a vector of weights and wTvi is the attractiveness 
of i (modelled by vi)

p wTvi = r(u,i) – assuming w is the vector modeling u
p This is a step ahead from the assumption that u will 

choose the item i that maximizes r(u,i).

44T. Osogami, Human choice and good choice, in The role and 
importance of mathematics in innovation, Springer, 2017.



Restricted Boltzmann Machine

p MLM choice model cannot explain ”attraction” 
since the ratio of p(i|X) and p(j|X) does not 
change if we remove an item k from the choice 
set X

p In a restricted Boltzmann machine the 
attractiveness of an item depends on the 
attractiveness of the other items  

45
T. Osogami, M. Otsuka: Restricted Boltzmann machines modeling 
human choice. NIPS 2014: 73-81
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Figure 2: RBM choice model

where ✓ ⌘ {W, bvis, bhid} denotes the parameters of the RBM. The probability of realizing a partic-
ular configuration of (z, h) is given by

P✓(z, h) ⌘ exp(�E✓(z, h))P
z0
P

h0 exp(�E✓(z0, h0
))

. (6)

The summation with respect to a binary vector (i.e.,
P

z0 or
P

h0 ) denotes the summation over all of
the possible binary vectors of a given length. The length of z0 is |V|, and the length of h0 is |H|.
The RBM choice model can be represented as an RBM having the structure in Figure 2. Here, the
layer of visible units is split into two parts: one for the choice set and the other for the selected item.
The corresponding binary vector is denoted by z = (v, w). Here, v is a binary vector associated
with the part for the choice set. Specifically, v has length |I|, and vX = 1 denotes that X is in the
choice set. Analogously, w has length |I|, and wA = 1 denotes that A is selected. We use T k

X to
denote the weight between a hidden unit, k, and a visible unit, X , for the choice set. We use Uk

A to
denote the weight between a hidden unit, k, and a visible unit, A, for the selected item. The bias is
zero for all of the hidden units and for all of the visible units for the choice set. The bias for a visible
unit, A, for the selected item is denoted by bA. Finally, let H = K.

The choice rate (3) of the RBM choice model can then be represented by

�(A|X ) =

X

h

exp

��E✓

��
vX , wA

�
, h
��

, (7)

where we define the binary vectors, vX , wA, such that vXi = 1 iff i 2 X and wA
j = 1 iff j = A.

Observe that the right-hand side of (7) is
X

h

exp(�E✓((v
X , wA

), h)) =

X

h

exp

 
X

X2X

X

k

T k
X hk +

X

k
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A hk + bA

!
(8)

= exp(bA)
X

h

Y

k

exp

��
T k
X + Uk

A

�
hk

�
(9)

= exp(bA)
Y

k

X

hk2{0,1}
exp

��
T k
X + Uk

A

�
hk

�
, (10)

which is equivalent to (3).

The RBM choice model assumes that one item from a choice set is selected. In the context of the
RBM, this means that wA = 1 for only one A 2 X ✓ I. Using (6), our choice probability (1) can
be represented by

p(A|X ) =

P
h P✓((vX , wA

), h)P
X2X

P
h P✓((vX , wX

), h)
. (11)

This is the conditional probability of realizing the configuration, (vX , wA
), given that the realized

configuration is either of the (vX , wX
) for X 2 X . See Appendix A.2for an extension of the RBM

choice model.

3 Flexibility of the RBM choice model

In this section, we formally study the flexibility of the RBM choice model. Recall that �(X|X ) in
(3) is modified from �MLM

(X|X ) in (2) by a factor,
1 + exp

�
T k
X + Uk

X

�
, (12)

3



System Dynamics
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Collaborative-Based Filtering
p A collection of n users U and a collection of m items I
p A n x m matrix of ratings rui , with rui = ? if user u did not 

rate item i
p Prediction for user u and item j is computed as

p Where, ru is the average rating of user u, K is a normalization 
factor such that the absolute values of wuv sum to 1, and

wuv =

(ruj − ru )(rvj − rv )
j∈Iuv

∑

(ruj − ru )
2 (rvj − rv )

2

j∈Iuv
∑j∈Iuv

∑

Pearson 
Correlation of 
users u and v

[Breese et al., 1998]

ruj
* = ru +K wuv (rvj − rv )v∈N j (u)

∑
A set of neighbours of 

u that have rated j



Preference Elicitation

p We will never have complete knowledge of 
user preferences

p Preferences and their elicitation are dynamic
p Users elicit preferences under a variety of stimuli

n The recommender
n The experienced items
n Reactions to other exposed preferences

p Is the recommender performance influenced by 
the preference elicitation process?

p Should a recommender system also (partially) 
control this process?

48



Simulating Rating Acquisition

49

[M. Elahi, F. Ricci, N. Rubens: Active learning strategies for rating elicitation 
in collaborative filtering: A system-wide perspective. ACM TIST 5(1): 13:1-
13:33 (2013)]



Active Learning Strategies
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Active Learning and Natural Acquisition

51
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Group (Micro) Dynamics

52



Group Recommendations

p Recommenders are usually designed to provide 
recommendations adapted to the preferences 
of a single user

p In many situations the recommended items are 
consumed by a group of users
n A travel with friends
n A movie to watch with 

the family during 
Christmas holidays

n Music to be played in a 
car for the passengers

53



Group Recommendation Model

p Items will be experienced by individuals together
with the other group members: the preference 
function depends on the group:

p U is the set of users, I is the set of Items, P(U) is the 
set of subsets of users (groups), E is the evaluation 
space (e.g. the ratings {?, 1, 2, 3, 4, 5}) of the rating 
function r

p In general r(u, i) ≠ r(u, i, g), for g∋u
p Users are influenced in their evaluation by the group 

composition (e.g., emotional contagion [Masthoff & 
Gatt, 2006]).

54

r :U × I ×℘(U)→ E



Effects of Groups on User Satisfaction

p Emotional Contagion
n Other users being satisfied may increase a 

user's satisfaction (and viceversa)
n Influenced by your personality and the social 

relationships with the other group members
p Conformity

n Normative influence: you want to be part of 
the group

n Informational influence: opinion changes 
because you believe the group must be right.

55



Group Recommendation Model

56

1. Acquire the individual 
preferences BEFORE

a group discussion

2. Infer the evolving user’s 
preferences DURING

a group discussion

3a. UPDATE
user’s preferences

3b. AGGREGATION Recommendation
list

new item-proposals, 
or evaluations

T. N. Nguyen and F. Ricci: Dynamic Elicitation of User Preferences in a 
Chat-Based Group Recommender System. SAC 2017



Preference updating

p Users in the group have an initial utility function

p wj
(u) are the user weights, xj

(i) are the item features
p When group members interact in a discussion 

evaluations of discussed items reveal new preference 
constraints
n I like item i more than item j: U(u,i) > U(u,j)

p Search for U(u, i, g), defined by a vector w(u)
g , that 

satisfies the constraints expressed during the group 
discussion

p Combine the two utilities linearly: s w(u) + (1-s) w(u)
g

57

𝑈 𝑢, 𝑖 = 	H 𝑤C
(I)𝑥C

(A)J

CKL

T. N. Nguyen and F. Ricci: Dynamic Elicitation of User Preferences in a 
Chat-Based Group Recommender System. SAC 2017



Simulations

p Assuming that the group has no influence on 
user preferences

58

Combining Long-term and Discussion-generated Preferences in Group Recommendations UMAP 2017, July 2017, Bratislava, Slovakia
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Figure 1: Independence Scenario - �e true group utility of the top recommended item and the group choice.
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Figure 2: Conversion Scenario - �e true group utility of the top recommended item and the group choice.

Table 3: Conversion Scenario - Comparative results of vary-
ing group sizes and varying number of proposed items t in
terms of (a) rank position of the group choice in the recom-
mended ranking of items, and (b) cosine similarity between
the top recommendation and the group choice.

stability � = 0.1 stability � = 0.5 stability � = 0.9
t group#2 group#5 group#2 group#5 group#2 group#5

R
an

k
of

gr
ou

p
ch

oi
ce

1 3.6 4.6 1 2.4 1 1.6
2 3.5 4.5 1 2.3 1 1.5
3 2.4 4.3 1 1.6 1 1.4
4 2.2 3.3 1 1.2 1 1.4
5 1.8 2.5 1 1.1 1 1.3
6 1.7 2.2 1 1 1 1.3
7 1.5 1.6 1 1 1 1.2
8 1.4 1.5 1 1 1 1.1
9 1.3 1.1 1 1 1 1
10 1 1 1 1 1 1

C
os
in
e
si
m
ila

ri
ty

1 0.97 0.95 0.98 0.97 0.98 0.98
2 0.97 0.95 0.98 0.98 0.98 0.98
3 0.97 0.96 1 1 1 0.98
4 0.98 0.96 1 1 1 0.99
5 0.98 0.96 1 1 1 0.99
6 0.98 0.98 1 1 1 0.99
7 0.99 0.98 1 1 1 0.99
8 0.99 0.99 1 1 1 1
9 0.99 0.99 1 1 1 1
10 0.99 0.99 1 1 1 1

still they are di�erent from their original one. �erefore, relying
too much on the previously acquired stable preferences (� = 0.9)
is no longer the ideal approach for the recommender. It turns
out that the recommender in this case should equally balances the
acquired long-term and session-based preferences. We suppose that
in the conversion scenario, the recommender is able to determine
the group choice more quickly than in the independence se�ing
because it is easier to come up with the �nal decision if all members
have more similar preferences.

�is assumption is further supported by the results shown in
Figure 2. When � = 0.9 the true group utility of top recommended
item and the group choice is not exactly the same as it is in the
previous scenario. But, overall we can see that as the number of
proposed items grows the true group utility of the top recommended
item converges faster to the best achievable utility. �is illustrates
that if the users have more similar preferences then, as expected,
the proposed system will learn faster their true preferences.

5.3 Anti-conformity
In contrast to the conversion scenario, in this situation we assume
that group members are likely to strengthen their di�erences when
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RS weighs more 
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p Assuming that the group induces the group 
members to differentiate their preferences
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Figure 3: Anti-conformity Scenario -�e true group utility of the top recommended item and the group choice.

meeting together. �us, � (u ) is supposed to move in the opposite
direction of the centroid of the group (� = �0.2). Our intuition
says that here it is harder for the learning process to infer the true
pro�le � (u ) , and the system should weigth more the preferences
elicited in the discussion, i.e., a small � could be be�er.

Table 4: Anti-conformity Scenario - Comparative results of
varying group sizes and varying number of proposed items
t in terms of (a) rank position of the group choice in the rec-
ommended ranking of items, and (b) cosine similarity be-
tween the top recommendation and the group choice.

stability � = 0.1 stability � = 0.5 stability � = 0.9
t group#2 group#5 group#2 group#5 group#2 group#5

R
an

k
of

gr
ou

p
ch

oi
ce

1 7 11 7.9 10.8 8.1 12
2 6.8 10.3 7.7 10.5 7.8 11.7
3 6.2 8.3 6.3 10.4 7.7 11
4 6.1 8.2 6.2 10.2 7.7 10.2
5 4.7 8.2 5.6 9.6 7.6 9.8
6 4.5 7.7 5.3 8.8 7.3 9.7
7 4.3 7.1 5 8.7 6.8 9.2
8 3.9 6.3 4.9 8.5 6.6 9.1
9 3.3 6.1 4.6 8.4 6.5 8.8
10 2.8 5.7 3.9 8.1 6.4 8.5

C
os
in
e
si
m
ila

ri
ty

1 0.91 0.89 0.89 0.88 0.87 0.85
2 0.91 0.89 0.89 0.88 0.87 0.86
3 0.92 0.90 0.92 0.89 0.88 0.86
4 0.93 0.91 0.92 0.90 0.89 0.87
5 0.93 0.91 0.93 0.90 0.89 0.87
6 0.94 0.92 0.93 0.91 0.89 0.87
7 0.94 0.93 0.93 0.91 0.90 0.88
8 0.95 0.93 0.94 0.92 0.91 0.90
9 0.95 0.93 0.94 0.92 0.91 0.90
10 0.96 0.94 0.94 0.92 0.92 0.91

As we can see in Table 4, there is a noticeable di�erence for
groups of di�erent sizes and for di�erent values of stability � . It
is not surprising that groups of larger size are harder to satisfy
than the smaller ones, especially when group members express
preferences that are more diverse. In fact, using a larger value of
� (� = 0.9 or 0.5) the system achieves worse results than those
obtained with smaller ones (� = 0.1).

Similarly, comparing the cosine similarity between the top rec-
ommendation and the group choice, the smaller value of � is now
more e�ective. It could be explained by the fact that as the user pref-
erences in the session are di�erent from those collected before the

group interaction, the system should observe more feedback during
the interaction, and the more feedback is provided, the be�er the
recommendations get. �is is demonstrated in Table 4, where the
value of ranking decreases and the similarity raises, as t increases.

Regarding the behaviour of the group utility of the top recom-
mended item, we see in Figure 3 that the convergence is still occur-
ring but at a slower rate, compared to the two previous simulations.
�e results support our intuition that in this case it is harder to
infer the true user pro�le. Additionally, in contrast to the prior sim-
ulations, the group utility of the top recommended item generated
by the lower value of � tended to converge more quickly than the
larger values of � .

6 CONCLUSIONS AND FUTURE WORK
In this paper, we have conducted a deep analysis of a group rec-
ommendation model. We have observed the quality of the group
recommendation by varying the importance given to the long-term
and the group-induced preferences. Moreover, the group-induced
preferences of the group members are simulated in three scenar-
ios: (a) independence: users’ preferences are not in�uenced by the
group, (b) conversion: users tend to change their preferences in
order to align with each other, and (c) anti-conformity: users’ pref-
erences are inclined to diverge within the group se�ing. We have
demonstrated that in the scenario (a), the model works be�er if it
weights more the long-term preferences, whereas in the scenario
(b), it is bene�cial that the recommender uses an even balance of
the importance of the two types of preferences. In the scenario (c),
using more the session-speci�c preference information helps the
recommender to faster capture the true preferences of a group. Our
experiments have also illustrated the e�ectiveness of the proposed
model in capturing correctly the changes of user’s requirements.

In the future, we plan to further investigate the role played by the
long-term and short-term preferences in group recommendations
by considering more diverse simulation conditions, such as the
presence of a dominant member in a group, and with other data sets.
Besides, it would be essential to discover which kind of behavior
users may express. We also would like to construct a dataset that
records the users’ preferences acquired before and during the group
discussion, which is still missing in the current GRS research.
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Group Dynamics

p Depending on the group context – i.e., the 
group is converging or diverging – the system 
must use a different preference model
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Lesson Learned

p Preferences are contextual, dynamic and hard 
to predict

p Predicting preferences does not suffice for 
supporting decision making with 
recommendations - choice model

p Preference dynamics is important to monitor to 
identify better preference elicitation and 
recommendation techniques

p Group recommendations is a challenging domain 
for testing new technics facing
the above mentioned issues.
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