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Content

p Recommender systems

p Fundamental challenges

p Modelling:

n Groups of users with similar behaviours

n Groups of users with conflicting
behaviours

p Recommendations for single users and for 
groups of users
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1. Preference and behaviour elicitation

2. Preference 
or behaviour
prediction3. Selecting and presenting 

the recommendations
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Training data Test data

Hotel Rating Data

user hotel context rating
U1 H301 Business 4
U1 H303 Family 5
U1 H289 Family 1
U2 H303 Business 4
U2 H304 Business 3
U2 H677 Business 5
U3 H289 Business 1
U3 H304 Family 2
U4 H302 Business 1
U4 H304 Family 5
U4 H677 Business 5
U4 H289 Business 4

user hotel context rating
U1 H301 Family ?
U1 H302 Family ?
U5 H289 Family ?
U2 H301 Business ?
U2 H289 Family ?
U6 H677 Family ?
U3 H301 Business ?
U3 H677 Family ?
U6 H302 Family ?
U4 H302 Family ?
U4 H678 Business ?
U4 H302 Business ?



Context Aware RSs Algorithms

p Reduction-based Approach, 2005
p Exact and Generalized Pre Filtering, 2009
p Item Splitting, 2009
p Tensor Factorization, 2010
p User Splitting, 2011
p Context-aware Matrix Factorization, 2011
p Factorization Machines, 2011
p Differential Context Relaxation, 2012
p Differential Context Weighting, 2013
p UI splitting, 2014
p Similarity-Based Context Modelling, 2015
p Convolutional Matrix factorization, 2016
p Contextual bandit, 2018
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Problems and Issues

p Learning user preferences is an ill-posed 
problem – we must add a bias – which bias?

p The application domain should influence the 
prediction, the selection and the presentation 
methods

p Preferences are unstable – they evolve

p The system will never have “enough” user 
behaviour/preference data, i.e., in all possible 
contextual conditions.
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Knowledge Incompleteness in Tourism

p The system knowledge of the user will be always 
incomplete:
n what the users has already visited
n what the user likes and dislikes
n when the user will actually visit a place
n with whom will visit the place
n how long the user will stay
n special needs and wants for that visit
n how the user chose and what 

are her biases.
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Cold Start

p The system is always in a cold start situation
n Data is not enough to generate reliable 

predictions of user preferences or behaviour
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Strategies

p Understatement: Reduce the user expectation 
for “intelligent” recommendations

p Explanation: Produce recommendations that 
have clear motivations

p Do not personalise: Do not try to predict what 
the user will like or do when lacking enough user 
data

p Interactive: Build 
conversational systems 
– cooperatively revise an 
initial set of 
recommendations 
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Grouping People and Groups of People

p We have recently addressed these problems with 
techniques that make use of groups:

1. Group travellers with observable similar 
behaviour and optimize the recommendation 
for them – not a purely individual 
recommendations.

2. Help groups of travellers to discuss 
alternative options and come up with a choice 
they may be happy for.
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Behaviour and Recommendation

p Behaviour learning (individual and group) and 
recommendation should be decoupled

p The learned behavioural model, e.g., what 
points of interest a user is likely to visit may 
produce uninteresting recommendations

p Recommendation should come from expert 
knowledge and optimization of the underlying 
criteria the determine the behaviours.



Behavioral Model Learning

p Learning user behaviour, but suggest to deviate 
from the usual behaviour
n The user is predicted to take a coffee at 8:00 

at Walter Bar
p The system suggests to get coffee at Rosy 

Bar – it is cheaper and better
n The user is showing competitiveness in his 

group – rejecting proposals of other members
p The system suggests options and 

emphasizes their matching 
with the competitive user 
preferences. 
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Grouping Travellers Together

19



Clustering Users’ Visit Trajectories

p One visit to Florence:
n Pitti Palace; Boboli Garden; Uffizi Museum

p Extract important 
keywords and combine 
them into a document 
visit

p Cluster visit documents 
p Each cluster models

a group of similar 
behaviours
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5 Clusters in Florence

21

1663 geo-localized temporally ordered trajectories of users’ POI-
visits, recorded via GPS sensors in the historic centre of Florence 
(Italy) 



Observe and Infer
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Learning the Behavioural model

p Markov Decision Process model
n States are visits in a contextual situation
n Actions are decisions to visit a POI
n Transition probabilities

p Problem
n What is the reward

that users in a cluster seem to try to optimize? 
n What is their decision making policy? 

p Solved by Inverse Reinforcement Learning 23
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Clustering Users’ POIs Visit Trajectories for Next-POI Recommendation 11

Table 2: Evaluation results
Top-5 Top-10

Metric CBR CBHR kNN CBR CBHR kNN
Reward 0.8791 0.7788 0.4204 0.8304 0.7695 0.3863
Precision 0.0834 0.0514 0.1518 0.0751 0.0464 0.1285
Novelty 0.0002 0.1878 0.0000 0.0503 0.2640 0.0000
Dissimilarity 0.8923 0.8706 0.8578 0.8901 0.8694 0.8693

Fig. 4: Observed user trajectory (top); top-3 POI visit actions recommendations
generated by CBR, CBHR and kNN techniques; user preference model (right)

to other state of the art clustering approaches in tourism, are more specific and
are computed relying on behavioural data rather than set a priori, e.g., by clas-
sifying users in prototypical tourist types. Then, the proposed method learns
cluster specific behaviour and preference models by applying Inverse Reinforce-
ment Learning.

The produced clusters have been analysed and the performance of two novel
recommendation strategies built on top of the learnt behavioural model have
been compared to a kNN based recommender. The learnt behavioural model
explains (clustered) users’ preferences by identifying the relative contribution to
the reward given by the various features that describe the POIs and the visit
context. Recommendations of next POI-visits maximises the reward the user
gains while discovering relevant, novel and non-popular POIs. In comparison,
the here studied kNN baseline has better precision, but, inferior reward and
novelty.

Further research should examine more closely how the proposed method can
exploit spatial features (e.g., streets width and density) of the POI-visit trajec-
tories. It is conjectured that these features may influence user’s decision-making
and therefore must be considered in the user behaviour model and the generated
recommendations.

Generating Recommendations

p Recommend to a user what is learned to be 
optimal for all the users in the cluster is observed 
to belong to – based on the current user 
behaviour
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Support Groups
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Conversational Group Recommender

26

40 | Building a Chat-based Group Recommender System

(a) Group chats (b) Group chats with proposed items

Fig. 4.2 Group discussion

We note that when a user proposes an item to the group discussion, the system automat-
ically considers it to be the best choice of the user unless (s)he explicitly gives a different

evaluation. As part of the interaction, any member is also free to decide not to evaluate any
of the discussed items. A summary comparison panel, which aggregates and compares the

members’ dislike, like and best choice evaluations, is always shown on top of the screen in
order to keep the group members aware of the others’ preferences. The panel is updated

automatically when a new preference is expressed or when changes in the preferences are
made by any group member. In general, the group members are able to perform as many

interaction cycles as they desire, where a cycle is defined as a POI proposal made by one
group member, followed by possible feedback given by the others.

During the course of the group discussion, the system can generate, upon the request of a

user, novel group recommendations, in addition to POIs already proposed. This function of-
fers the user a possibility to explore alternative options as new proposals (Figure 4.3a). The

recommended items for the group are augmented with explanations that provide a rationale
for the system recommendations. The system, can, for example, refer to the item features

that might draw the attention of the group members. By monitoring users’ evaluations given



Observe and Infer

p Real time update of the user preference model 
by observing the liked/disliked items

n If a user often likes restaurant with 
“vegetarian food” we may infer a preference 
for “vegetarian”

p In absence of additional information assume 
users in the group have similar preferences

p Individual preference models can 
be aggregated to generate a 
group preference model and rank 
items.

27



Recommendations
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4.1 Application Scenario | 41

(a) Group recommendations (b) Choice suggestions

Fig. 4.3 Group decision making support

in a chat session, the system continuously updates all the group members’ preference mod-
els that are implemented with utility functions, and that are initialized before the discussion

starts by considering the users’ group-independent ratings for POIs. The number of group
members’ actions is also taken into account. Specifically, the more items a user rates, the

higher the importance weight the user will have in the preference aggregation step of the
recommendation computation. The details of the recommendation model that is used to

suggest new candidate items from the entire item set are presented in the next section.
When facing difficulties in arriving at a final decision, any user can activate the choice

suggestion function (Figure 4.3b). The system then ranks the discussed items to provide a
choice suggestion. In principle, the items proposed in the group discussion can be ranked
by the recommendation model, and yet, as in the primitive version, the system computes

an accumulated score for each item, which is based on the item evaluations given by all
the group members. Each item receives plus 2 and plus 1 for best choice and like feedback

respectively, and minus 1 for a dislike evaluation. The ranking list and explanations are
constructed with respect to this score. After several interaction cycles, wherein POIs are



Simulating Conflict Resolution Styles
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6.4 Results | 89
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(b) MMD

Fig. 6.8 MIL and MMD of groups with diverse interests but similar conflict resolution styles

Compete and Avoid are uncooperative
Accomodate and collaborate are cooperative



Conversational Adaptation Recipe

p Inferring also behavioural characteristics, s.a., 
user conflict resolution style and adapting 
recommendations

n Es.1: If a ”competitive” type is detected then 
the recommender/mediator actively proposes 
options, instead of the other group members.

n Es. 2: If an “unassertive” type 
user is detected then the 
recommender suggests 
items that he would not propose.
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Lesson Learned

p Preferences are contextual, dynamic and hard 
to predict

p Useful recommendations may be generated by 
deviating from the precited behavior

p Individual recommendation may be generated by 
assuming that groups of similar user are 
driven by a hidden utility function

p Decision making in groups could be facilitated 
by predicting the group members’ behaviors.
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