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ABSTRACT

learning [10, 17] have also been proposed. In the first approach,
common patterns in users’ behaviour logs (users’ choices) are identified and a predictive model of the next user choice is learnt. In
the second one, recommendations are generated by exploiting an
optimal choice model (policy) that is learnt from the utility (reward)
the users receive from their choices. A common feature of both
approaches is that the recommended items are the predicted next
choices of the target user. Moreover, the first approach can only
suggest items that have been already observed, i.e., it suffers from
the new item problem, whereas the second one assumes that the
system knows the utility the user gets from her actions, while in
practice users rarely provide explicit feedback (e.g., ratings). One
major drawback of these techniques is that they tend to generate
recommendations that lack novelty and that therefore tend to be
not interesting for the user [19].
In order to overcome the above mentioned problems we propose a recommendation technique that harnesses a generalised
user behavioural model that is built by observing a group of users
(cluster) “similar” to the target one. Moreover, we decouple user
behaviour learning from recommendation generation. We propose
this approach as a general solution for generating non-trivial recommendations that focus on the suggestion of novel and relevant
items for the target user. We show that the proposed approach
provides recommendations that, in our application scenario, allow
tourists to maximise their estimated reward (utility) by visiting
the suggested POIs, rather than those actually visited (which are
normally used as ground truth for testing a RS). Here we assume
that the reward a user obtains by visiting a sequence of POIs, which
is called a “trajectory”, is the sum of the rewards for the POIs belonging to the trajectory and it is estimated by learning the reward
function of the similar users group.
The paper is structured as follows. Firstly, we describe our original formalisation of the recommendation problem and the dataset
that we have used to test our approach. Then, the two main components of the user behaviour model are presented: the clustering of
users in tourist types and the user’s action-selection policy learned
via Inverse Reinforcement Learning. Afterwards, we detail two
recommendation strategies, the compared baseline recommendation methods, the considered evaluation metrics, the experiment
procedure and finally the empirical results.

Recommender Systems (RSs) are commonly used in web applications to support users in finding items of their interest. In this paper
we propose a novel RS approach that supports human decision making by leveraging data acquired in the physical world. We consider
a scenario in which users’ choices to visit points of interests (POIs)
are tracked and used to generate recommendations for not yet
visited POIs. We propose a novel approach to user behaviour modelling that is based on Inverse Reinforcement Learning (IRL). Two
recommendation strategies based on the proposed behaviour model
are also proposed; they generate recommendations that differ from
the common approach based on user next action prediction. Our
experimental analysis shows that the proposed approach outperforms state of the art models in terms of the overall utility the user
gains by following the provided recommendations and the novelty
of the recommended items.
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1

INTRODUCTION AND STATE OF THE ART

Recommender Systems (RSs) are software tools that support user
decision making by identifying personalised and relevant items
[16]. Since users’ preferences and choices are affected by contextual factors (e.g., being in a group or the items consumed before)
context-aware RSs (CARSs) have been introduced [1]. Moreover, in
order to leverage the knowledge of the specific order in which the
user consumes items, pattern-discovery [5, 9, 14] and reinforcement
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2 PROPOSED APPROACH
2.1 Dataset
We have assessed the validity of the proposed recommendation
approach on a dataset consisting of 575 geo-localized temporally
ordered trajectories of users’ POI-visits, recorded via GPS sensors
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Inverse Reinforcement Learning (IRL). IRL algorithms can reconstruct the reward function r and the optimal action-selection
policy π ∗ of a user u from the set of her observed trajectories. We
assume (as in [13]) that r is a linear function, r (s) = ϕ(s) · θ , of
the state s feature vector ϕ(s) and the user utility vector θ , which
models the unknown user preference for the state features. IRL algorithms derive the user’s action-selection policy from the learned
reward function r by assuming that users act in order to maximise
the reward.
In our application the vector ϕ(s) is binary and represents the
presence/absence of the following attributes: weather fw , where
w ∈ {clear, partly cloudy, mostly cloudy}; temperature ft , where t ∈
{cold,warm}; daytime fd , where d ∈ {morning, afternoon, evening};
POI category fc , where c ∈ {museum, monument,. . . , palace}; historic period fh , where h ∈ {century 3,. . . , century 20}; related person
fr , where r ∈ {Brunellschi,. . . ,Vasari}. Finally, we consider a qualitative measure of the distance travelled by the user from the previous
state-visit to the current state-visit fd , where d ∈ {close, far}. In
total we have 114 Boolean features (F = 114), 105 representing the
POI (P = 105) and 9 representing the context (C = 9). Since actions
in A represent POIs and a state vector combines a POI with context
features we also define ϕ(a) as the feature vector part describing
the POI.
We use a specific IRL algorithm called Maximum Log-likelihood
(MLIRL) [2]. MLIRL combines many positive features of other IRL
models [12, 15, 20]: it assumes a prior knowledge of the user preference vector to estimate an initial reward function that is then
adjusted by looking for a maximum likelihood model that can justify observed trajectories; it optimizes user behaviour via a gradient
method and assumes that each user randomizes the action selection
process at the level of individual choices.

in the historic centre of Florence (Italy)[11]. We added to the POIvisits data describing the POIs itself and the context of the visits.
In fact, we collected an hourly weather summary (e.g., cloudy),
temperature (e.g., cold) and daytime (e.g., evening) for each POIvisit in a trajectory by querying a weather service1 . Moreover, we
identified for each POI its category (e.g., monument), the historical
period (i.e., century) and one historical person related to the POI. In
the 204 POIs appearing in the trajectories we identified 12 different
POI categories, 17 historical periods and 76 historical persons.

2.2

Problem Modeling

Markov Decision Process Model. We model the tourist trajectory generation task as a finite Markov Decision Process (MDP).
A MDP is defined by a tuple (S, A,T , r , γ ). S is a finite set of states
and in our scenario a state represents the visit to a POI in a specific
context (weather, temperature and day). For instance, a tourist that
visits Florence can be at the Battistero (POI) in a cloudy, cold morning (context). A is a finite set of actions, which in our application
represent the decision to move to a POI (so they match one-to-one
to the POIs). T is a finite set of probabilities T (s ′ |s, a), to make a
transition from state s to s ′ when action a is performed. For example, a user that visits Battistero in a cloudy morning (state s 1 )
and wants to visit the Uffizi Gallery (action a 1 ) in the afternoon
can arrive to the desired POI with either a cloudy sky (state s 2 ) or
a clear sky (state s 3 ) with transition probabilities T (s 2 , a 1 |s 1 ) = 0.5
and T (s 3 , a 1 |s1) = 0.5. The function r : S → R models the reward a
user obtains from visiting a state. This function is supposed to be
unknown and must be learnt, i.e., we take the restrictive assumption
that we do not know the utility the user receives from visiting a POI
(the user is not supposed to reveal it). But, we assume that if the
user visited a POI and not another (nearby) one, then she believes
that the first POI gives her a larger utility/reward than the second.
Finally, γ ∈ [0, 1] is used to discount future rewards with respect to
immediate ones.
We denote with ζu a user u trajectory, which is a temporally
ordered list of states (POI-visits). For instance, ζu1 = (s 10 , s 5 , s 15 )
represent a user u 1 trajectory starting from state s 10 , moving to
s 5 and ending to s 15 . With Z we represent the set of all the observed users’ trajectories. Given a MDP, our goal is to find a policy
π ∗ : S → A that maximises the cumulative reward that the decision maker obtains by acting according to π ∗ (optimal policy).
The value of taking a specific action a in state s under the policy
Í
π , is computed as Q π (s, a) = Es,a, π [ k∞=0 γ k r (sk )], i.e., it is the
expected discounted cumulative reward obtained from a in state
s and then following the policy π . The optimal policy π ∗ dictates
to a user in state s to perform the action that maximizes Q. The
problem of computing the optimal policy for a MDP is solved by
Reinforcement Learning algorithms [18].
As we mentioned earlier, in a RS application the reward obtained
by a user when visiting a state (i.e., the r function) is usually unknown because users scarcely provide feedback. Therefore, we are
interested in determining the reward function r from the bare observations of the decision maker transitions from state to state; this
problem is solved by Inverse Reinforcement Learning (IRL).

Generalised User Behaviour. In our application scenario, as it
often happens, there are not many visits trajectories per user. Actually, we have only one trajectory per user. Therefore, we propose
to group users’ trajectories with a clustering technique and then
to learn a “general” user behavioural model common for all the
users/trajectories in a cluster. The additional advantage of this approach is to minimize the impact of suboptimal behaviour that could
influence some trajectories. By applying MLIRL on each cluster of
trajectories we therefore learn cluster specific reward functions and
behaviour models of the users in each cluster. This is the optimal
policy that dictates for each state the best action (next POI visit)
the users in a cluster should take in order to maximise their reward.
Clustering the trajectories is implemented with Non Negative
Matrix Factorization (NMF) [8]. NMF groups trajectories according
to a common semantic structure that can explain the resulting clusters. NMF extracts topics, i.e., lists of words, that describe groups
of documents. Hence, in order to apply NMF, we built a documentlike representation of a user trajectory that is based on its features
(terms) associated to its states. By considering all the trajectories
(in the set Z ) we produced a corpus of documents. We denote with
D the tf-idf matrix representation of the obtained corpus. Columns
in D represents specific terms and rows corresponds to trajectories.
The matrix D has size |Z | × F . NMF approximates the matrix D with
the product of two non-negative matrices W (of size F × K) and H
(of size |Z | × K). The matrix H identifies which topics (columns)

1 https://darksky.net

403

Harnessing a Generalised User Behaviour Model
for Next-POI Recommendation

RecSys ’18, October 2–7, 2018, Vancouver, BC, Canada

Table 1: Top 10 terms in the five topics extracted from the
trajectory data set and number of trajectories assigned to
each topic (cluster).
#Term
1
2
3
4
5
6
7
8
9
10
#Traj.

Topic 1
cold
afternoon
cloudy
monument
century 14
century 15
Brunelleschi
century 16
square
Giotto
270

Topic 2
morning
cold
cloudy
monument
century 16
square
Vasari
15
century 19
building
177

Topic 3
warm
afternoon
cloudy
monument
century 14
century 16
century 15
palace
building
Vasari
277

Topic 4
clear
cold
monument
warm
century 15
morning
afternoon
century 14
evening
Donatello
114

understood to like arts because she mostly visits museums, and an
exhibition is estimated to be an optimal choice for her group, then
the system could recommend it to her.

3 EVALUATION
3.1 Baseline Recommendation Methods

Topic 5
evening
cloudy
cold
warm
monument
century 16
church
Giambologna
14
century 19
131

We compare our recommendation approach with two baseline methods. The first one is a kNN based approach that does not distinguish
between user behaviour learning and recommendation generation
[5, 6]. kNN takes the currently observed target user trajectory
as input and seeks for other user trajectories in the data (train)
that contains the same actions found in the target user trajectory.
Then, the next-action recommendation is selected among those
contained in the most similar trajectories in the (train) data. More
specifically, the similarity of trajectories is computed as the cosine
similarity of the current target user trajectory and the trajectories
in the train data. For the computation of action recommendations,
a scoring function is employed: given a target user trajectory ζ ,
its set of neighbour trajectories N ζ and the similarity function
c(ζ 1 , ζ 2 ) of trajectories ζ 1 and ζ 2 , the score of a target action a is:
Í
score(a, ζ ) = ζn ∈Ns c(ζ , ζn )1ζn (a). With 1ζn we denote the indicator function that evaluates to 1 if the POI selected by action a
appears in the neighbour trajectory ζn (0 otherwise). The selected
actions are those with the highest scores.
The second baseline recommendation method is Adaptive Linear
Mapping Model (ALMM) [3]. It predicts the next POI visit of a user
given her current trajectory by exploiting POIs content features.
The model exploits the users’ trajectories to build a POI-to-POI
tensor matrix, where the user is the third dimension. In order to
learn the missing POI-to-POI transition probabilities the algorithm
factorizes this tensor by exploiting POI content information. Recommended next visit actions are those with the highest predicted
probabilities given the current last visited POI of the user.

are more relevant for each user trajectory (row), and using it we
assigned a trajectory to the topics that in its corresponding row
have values larger than 0.5 (similarly to [7]). Hence, each topic
defines a cluster of trajectories. Moreover, a topic, can be described
by its top terms, i.e., those with the largest values in the corresponding row in W . In Table 1 are reported the top-10 terms per
extracted topic (cluster) and the number of trajectories per cluster.
Five topics/clusters have been determined by conducting a stability
analysis on our data set, as suggested in [4].
Recommendations. We now propose two recommendation strategies that suggest relevant next-visit actions. Given the observed
POI-visits trajectory of a user, and the general user behavioural
model of the cluster the user belongs to, these strategies suggest
viable next POI-visit actions for the user.
Cluster Behaviour Based Recommendations (CBR). The first
strategy can be used when few observations, e.g., only the current
sequence of actions performed by the user, are available. In this
case, the general user behaviour of the cluster the user belongs to
is used to suggest the optimal action this user should take after the
last visited POI. The optimal action is the action with the highest
Q value in the user current state. We note that this strategy can
recommend novel visit actions that the group generalised behaviour
evaluates as optimal on the base of the features of the suggested
POI.
Cluster Behaviour Hybrid Recommendations (CBHR). When
more visit actions observations for a user are available, recommendations can be generated by combining the group generalised user
behaviour (as it is used in the previous strategy) with a user specific preference model based only on the user observed visits. In
order to do that we compute two scores. The first one RG (s, a)
is the normalised Q(s, a) (dividing Q(s, a) by the maximum of Q
on A). The second score, Ru (s, a), is obtained as follows. The user
u specific preference model is represented by a vector αu of 105
Boolean features, equal to the number of features describing the
POIs. The entries in this vector count the corresponding features
that are true in the POIs present in the user u trajectory. Then the
vector αu is normalised so that the sum of its entries is 1; the user
specific score is Ru (s, a) = αu · ϕ(a). Finally, recommended visit
actions are ranked according to the sum of the scores described
earlier: R(s, a) = Ru (s, a) + RG (s, a). For instance, if a commuter is

3.2

Evaluation Metrics

We have identified a set of evaluation metrics that assess different
properties of the RS and can help to better estimate the user’s
satisfaction for the recommended items. In fact, this cannot be
estimated only with the precision to predict the test POIs actually
visited by the user. We denote Recu,s a list of recommendations
for the user u in state s, and ao the observed (next) POI-visit (test
item). The binary feature vector describing the POI corresponding
to action a is denoted with ϕ(a), similarly to the feature vector that
represents a state.
Reward. This metric measures the average increase in reward
the recommended actions give compared to the observed one:
Í
reward(Recu,s , ao ) = ( a ∈Recu,s Q(s, a) − Q(s, ao ))/|Recu,s |.
Dissimilarity. Let ϕ f (a) be the f feature of a (ranging in [0, 1]);
this metric measures how much the recommendations are dissimilar
from the observed visit:
Í
ÍP |ϕ f (a)−ϕ f (ao ) |
dissimilarity(Recu,s , ao ) =

a ∈Recu,s

f =1

P

|Recu,s |

Novelty. This metric estimates how unpopular are the recommended visit actions and ranges in [0, 1]. A POI is assumed to be
unpopular if its visits count is lower than the median of this variable
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Table 2: Evaluation results

in the training set. Let U be the set of unpopular POIs and 1U (a) its
indicator function (it evaluates to 1 if a ∈ U and Í
0 otherwise), the
1U (a)

u,s
.
novelty is defined as follows: novelty(Recu,s ) =
|Recu,s |
Precision. Let obsu be the set of observed POI-visit actions in the
user u trajectory (test set). The indicator function 1obsu (a) returns
1 if a ∈ obsu and 0 otherwise. Precision is computed as follows:
Í
precision(Recu,s ) = ( a ∈Recu, s 1obsu (a))/|Recu,s |.
a∈Rec

3.3

Experimental Strategy

Initially, for each cluster, 80% of the trajectories were assigned to the
train set and the remaining 20% to the test set. Then, for each cluster,
the train set data was used to learn the generalised user behaviour
model for that cluster. Afterwards, in order to compute and evaluate
recommendations, the trajectories in the test set were split in two
parts: the initial 70% of each trajectory was considered as observed
by the system and used to generate next action recommendations,
while the remaining part (30%) was actually used as test part in
order to asses the evaluation metrics. The baseline RS methods
(kNN and ALMM) do not use clustering, hence they were trained
on all the trajectories in the train set (the union of the clusters’
train sets) and the test set trajectories were split in observed and
test parts as before. All the models hyper-parameters have been
selected via 5-fold cross validation.

4

Models

CBR

CBHR

kNN

ALMM

Reward@1
Dissimilarity@1
Precision@1
Novelty@1

0.395
0.859
0.086
0.267

0.223
0.841
0.046
0.271

-0.437
0.839
0.135
0.000

-0.874
0.831
0.046
0.040

Reward@5
Dissimilarity@5
Precision@5
Novelty@5

0.319
0.873
0.021
0.487

0.193
0.814
0.043
0.376

-0.809
0.851
0.069
0.000

-0.821
0.832
0.034
0.216

would make anyway. In fact, in terms of precision, kNN outperforms
the other RS approaches.
Conversely, a significant benefit brought by the proposed clustering approach is the larger novelty of the recommendations, in
comparison to the novelty of the baseline methods. In fact, both CBR
and CBHR recommend items that are estimated to be appropriate
for the users according to their features, hence, they can generalise
the recommendations by considering as appropriate POIs that possess the features of the POIs visited by the user. This, ultimately,
make possible for these methods to recommend totally new items.
Consider that, for instance, two different items with the same features, have also the same probability to be suggested. The other
approaches, instead are strongly biased by the popularity of specific
items. This holds also for ALMM. In fact, even though it exploits
item features, it strongly depends on the observed frequencies of
consumption of items.

RESULTS

The results of the experimental procedure are shown in Table 2.
The evaluation metrics have been computed for the top-1 and top-5
next-POI visit recommendations2 . For the RS strategies proposed
in this paper we show the average of the average results obtained
in the clusters. This allows us to better compare them with the
baseline approaches.
By comparing the next-POI actions recommendations and the
true (next) action of the users (test) in terms of reward, the proposed
strategies (CBR and CBHR) generate recommendations that allow
users to obtain larger rewards. This suggests that these recommendations can be of large interest for users (as we will show next). The
motivation of the poor performance of the baselines can be related
to the fact that both models are myopically targeted to predict the
next action taken by the user, which may be suboptimal.
In terms of recommendations dissimilarity, interestingly, all the
recommendation approaches score equally high. Taken together,
i.e., the observed reward and recommendations dissimilarity, one
can make some conjectures about the user perceived quality of the
recommendations. Namely, the proposed approaches suggest POI
visits that are both different from what the user would anyway do,
hence they are informative, and maximise users’ satisfaction (reward). Conversely, even though baseline recommendation methods
lead to comparable results in terms of recommendations dissimilarity, they suggest POI visits that give to the users rewards smaller
than what the users obtain from the POIs they actually visited (test
set).
Considering now the precision of the recommendation methods,
the experimental results confirm what we stated in the Introduction,
namely, that kNN tends to recommend the POI visits that the user

5

CONCLUSION

Motivated by the task of supporting tourists in finding interesting
and relevant POIs to visit we have introduced a novel recommendation approach that is based on a general user behaviour model.
The model is learnt relying on the knowledge of a set of trajectories formed by sequences of POI visits in physical areas. These
trajectories are clustered and taken as input for solving an Inverse
Reinforcement Learning problem which determines, for each cluster, the reward function and the optimal POI selection policy. The
learnt behavioural model explains the preferences of the users belonging to a cluster by identifying the relative contribution to the
reward given by the various features that describe the POIs and
the context. The proposed recommendation strategies adapt the
next visit-action recommendations to the learned model, and maximise the reward the user gains while discovering relevant, novel
and non-popular POIs. We evaluated the method with an off-line
experiment using real world data about tourist visits in the historic
centre of Florence (Italy).
Further research needs to examine more closely how contextual
and temporal aspects, e.g., crowdedness of POIs, can be considered
in the user behaviour model in order to better tailor the recommendations. Moreover, a user study aimed at comparing predicted with
actual user satisfaction is in order.
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